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Lecture #10 – Deep Generative Models
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Today’s Lecture

• Discriminative vs. generative models

• Image synthesis

• Representation learning

• Data translation

• Applications in computational photography

Disclaimer: The material and slides for this lecture were borrowed from 
—Bill Freeman, Antonio Torralba and Phillip Isola’s MIT 6.869 class
—Philip Isola and Stefanie Jegelka’s MIT 6.S898 class
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• Deep nets transform datapoints, 
layer by layer

• Each layer is a different 
representation of the data
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Deep nets are data transformers
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Representation learning: 
mapping data to abstract representations
(analysis)
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Generative modeling: 
mapping abstract representations to data 
(synthesis)

Generative modeling vs Representation 
learning
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Generative Modeling
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Generative Modeling

• Goal: Learn some underlying hidden structure of the training samples 
to generate novel samples from same data distribution
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Generative Modeling
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Assumptions on     :
• tractable sampling

P

Training examples Model samples
15



Generative Modeling
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Assumptions on     :
• tractable sampling
• tractable likelihood function
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Image synthesis
[Images: https://ganbreeder.app/]
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Generate Images

[Deep Belief Nets, Hinton, Osindero, Teh, 2006] 18



Generate Images

[VAE, Kingma and Welling, 2013] 19



Generate Images

[GAN, Goodfellow et al. 2014]
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Generate Images

[DCGAN, Radford, Metz, Chintala 2015]
21



Generate Images

[DCGAN, Radford, Metz, Chintala 2015] 22



Generate Images

[CycleGAN: Zhu, Park, Isola & Efros, 2017] 23



Generate Images

[BigGAN, Brock, Donahue, Simonyan, 2018] 24



Generate Images

[StyleGAN, Karras, Laine, Aila, 2018] 25



Generate Video

DVD-GAN: Adversarial Video Generation on Complex Datasets, Clark, 
Donahue, Simonyan, 2019
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[Anders Scheil]

Procedural graphics
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Generator

Image synthesis from “noise”
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dependency on the input label y. This yields a procedure for making data sampled as:

z ⇠ p(z) (29.1)

x̂ = g(z) (29.2)

Corresponds to this
graphical model:

z
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We call this an unconditional generative model because it is model of the unconditional
distribution p(x). Generally we will refer to unconditional generative models simply as
“generative models” and use the term conditional generative model for a model of any
conditional distribution p(x|y). Conditional generative models will be the focus of Chapter
32; in the present chapter we will restrict our attention to unconditional models.

Why bother with (unconditional) generative models, which make up random synthetic
data? At first this may seem a silly goal. Why should we care to make up images from
scratch? One reason is content creation; we will see other reasons later, but content creation
is a good starting point. Suppose we are making a video game and we want to automatically
generate a bunch of exciting levels for the player the explore. We would like a procedure
for making up new levels from scratch. Such procedural graphics have been successfully
used to generate random landscapes for game levels [?]. Suppose we want to add a river
to a landscape. We need to decide what path the river should take. A simple program for
generating the path could be “walk an increment forward, flip a coin to decide whether to
turn left or right, repeat.” Here is that program in pseudocode:

Algorithm 4: Generative model of images of rivers

1 Input: Random vector of coin flips z = [z0, . . . , zN ] with each zi 2 {0, 1}
2 Output: Picture of a river
3 start drawing at origin with heading = 90�

4 for i = 1, . . . , N do
5 extend line 1 unit in current heading direction

6 if zi == 1 then
7 rotate heading 10�

to the right

8 else
9 rotate heading 10�

to the left

Here are a few rivers this program draws:

This program relies on a sequence of random coin flips to generate the path of the river.
In other words, the program took a sequence of flips as input, and converted this “noise”
to a image of the path of the river. It’s exactly the same idea as we described above for
generating images of fish, just this time the generator is a program that makes rivers:

This generator was written by hand. Next we will see generative models that learn the
program that synthesizes data.

29.1 Learning generative models

29.1.1 Data generators

What if our model just
memorizes all the

training examples and
generates random draws
from this memory? This

section focuses on the
goal of producing “fake”
data that looks like the

training data, and,
indeed, memorized

training samples would
satisfy that goal. A

second, and sometimes
overlooked, property of a
good generative model is

that it be a simple, or
“smooth”, function, so

that it generalizes to
producing fake samples

that interpolate and
extrapolate beyond the
exact training data. A

generative model that can
only regurgitate the

training data is overfit in
the same way as a

classifier that memorizes
the training data is

overfit. In both cases, the
true modeling goal is to

both fit the training data
and to do so with a

function that generalizes.

z ⇠ Bernoulli(0.5)
<latexit sha1_base64="qsxb1z1qL5bx+RG9Hqg0mqdzXIQ=">AAACEHicbVA9SwNBEN3zM8avqKXNYhC1CXeiaBliYxnBfEAuhL3NXLK4t3fszonxyE+w8a/YWChia2nnv3HzUajxwcDjvRlm5gWJFAZd98uZm19YXFrOreRX19Y3Ngtb23UTp5pDjccy1s2AGZBCQQ0FSmgmGlgUSGgENxcjv3EL2ohYXeMggXbEekqEgjO0Uqdw4EcM+0GY3Q+pb0REfYQ7RMwqoFWcSimGh27p9KhTKLoldww6S7wpKZIpqp3Cp9+NeRqBQi6ZMS3PTbCdMY2CSxjm/dRAwvgN60HLUsUiMO1s/NCQ7lulS8NY21JIx+rPiYxFxgyiwHaOzjd/vZH4n9dKMTxvZ0IlKYLik0VhKinGdJQO7QoNHOXAEsa1sLdS3meacbQZ5m0I3t+XZ0n9uOS5Je/qpFiuTOPIkV2yRw6JR85ImVySKqkRTh7IE3khr86j8+y8Oe+T1jlnOrNDfsH5+AaeTpzn</latexit><latexit sha1_base64="qsxb1z1qL5bx+RG9Hqg0mqdzXIQ=">AAACEHicbVA9SwNBEN3zM8avqKXNYhC1CXeiaBliYxnBfEAuhL3NXLK4t3fszonxyE+w8a/YWChia2nnv3HzUajxwcDjvRlm5gWJFAZd98uZm19YXFrOreRX19Y3Ngtb23UTp5pDjccy1s2AGZBCQQ0FSmgmGlgUSGgENxcjv3EL2ohYXeMggXbEekqEgjO0Uqdw4EcM+0GY3Q+pb0REfYQ7RMwqoFWcSimGh27p9KhTKLoldww6S7wpKZIpqp3Cp9+NeRqBQi6ZMS3PTbCdMY2CSxjm/dRAwvgN60HLUsUiMO1s/NCQ7lulS8NY21JIx+rPiYxFxgyiwHaOzjd/vZH4n9dKMTxvZ0IlKYLik0VhKinGdJQO7QoNHOXAEsa1sLdS3meacbQZ5m0I3t+XZ0n9uOS5Je/qpFiuTOPIkV2yRw6JR85ImVySKqkRTh7IE3khr86j8+y8Oe+T1jlnOrNDfsH5+AaeTpzn</latexit><latexit sha1_base64="qsxb1z1qL5bx+RG9Hqg0mqdzXIQ=">AAACEHicbVA9SwNBEN3zM8avqKXNYhC1CXeiaBliYxnBfEAuhL3NXLK4t3fszonxyE+w8a/YWChia2nnv3HzUajxwcDjvRlm5gWJFAZd98uZm19YXFrOreRX19Y3Ngtb23UTp5pDjccy1s2AGZBCQQ0FSmgmGlgUSGgENxcjv3EL2ohYXeMggXbEekqEgjO0Uqdw4EcM+0GY3Q+pb0REfYQ7RMwqoFWcSimGh27p9KhTKLoldww6S7wpKZIpqp3Cp9+NeRqBQi6ZMS3PTbCdMY2CSxjm/dRAwvgN60HLUsUiMO1s/NCQ7lulS8NY21JIx+rPiYxFxgyiwHaOzjd/vZH4n9dKMTxvZ0IlKYLik0VhKinGdJQO7QoNHOXAEsa1sLdS3meacbQZ5m0I3t+XZ0n9uOS5Je/qpFiuTOPIkV2yRw6JR85ImVySKqkRTh7IE3khr86j8+y8Oe+T1jlnOrNDfsH5+AaeTpzn</latexit><latexit sha1_base64="qsxb1z1qL5bx+RG9Hqg0mqdzXIQ=">AAACEHicbVA9SwNBEN3zM8avqKXNYhC1CXeiaBliYxnBfEAuhL3NXLK4t3fszonxyE+w8a/YWChia2nnv3HzUajxwcDjvRlm5gWJFAZd98uZm19YXFrOreRX19Y3Ngtb23UTp5pDjccy1s2AGZBCQQ0FSmgmGlgUSGgENxcjv3EL2ohYXeMggXbEekqEgjO0Uqdw4EcM+0GY3Q+pb0REfYQ7RMwqoFWcSimGh27p9KhTKLoldww6S7wpKZIpqp3Cp9+NeRqBQi6ZMS3PTbCdMY2CSxjm/dRAwvgN60HLUsUiMO1s/NCQ7lulS8NY21JIx+rPiYxFxgyiwHaOzjd/vZH4n9dKMTxvZ0IlKYLik0VhKinGdJQO7QoNHOXAEsa1sLdS3meacbQZ5m0I3t+XZ0n9uOS5Je/qpFiuTOPIkV2yRw6JR85ImVySKqkRTh7IE3khr86j8+y8Oe+T1jlnOrNDfsH5+AaeTpzn</latexit>
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“noise” “latent variables”

Concept #1: noise is latent variables



What’s the goal of generative modeling?

• Make synthetic data that “looks like” real data. 

• How to measure “looks like”?

• The main answer in deep generative models is: “has high probability 
under a density model fit to real data.”
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What’s the goal of generative modeling?

The goal is not to replicate the training data but to make new data 
that is realistic (captures the essential properties of real data)

(A model that memorizes the training data is overfit in exactly the same sense as a classifier 
can be overfit)
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[figs modified from: http://introtodeeplearning.com/materials/2019_6S191_L4.pdf]

latent variables

Learning a generative model

34

Input samples Generated samples

http://introtodeeplearning.com/materials/2019_6S191_L4.pdf


Normalized distribution
( some models output 
  unormalized energy functions )

Learning a density model

35[figs modified from: http://introtodeeplearning.com/materials/2019_6S191_L4.pdf]

http://introtodeeplearning.com/materials/2019_6S191_L4.pdf


fig from [Goodfellow, 2016]

Max likelihood objective

Closed form optimum:

Considering only Gaussian fits

Case study #1: Fitting a Gaussian to data
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“max likelihood”

Case study #1: Fitting a Gaussian to data
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SGD

Deep net

Usually max likelihood

Case study #2: learning a deep generative 
model
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SGD

Deep net

Usually max likelihood

Models that provide a sampler but no density are called implicit generative models 39

Case study #2: learning a deep generative 
model



Learning data generator
Two approaches:

1. Direct approach: learn a function that generates 
data directly

2. Indirect approach: learn a function that scores 
data; generate data by finding points that score 
highly under this function

40

Learning data generators

Two approaches: 

1. Direct approach: learn a function that generates 
data directly 

2. Indirect approach: learn a function that scores 
data; generate data by finding points that score 
highly under this function

G : Z ! X
<latexit sha1_base64="wsHdqG7haO6BmZhRjAGBB1WB93Y="></latexit><latexit sha1_base64="wsHdqG7haO6BmZhRjAGBB1WB93Y="></latexit><latexit sha1_base64="wsHdqG7haO6BmZhRjAGBB1WB93Y="></latexit><latexit sha1_base64="wsHdqG7haO6BmZhRjAGBB1WB93Y="></latexit>

E : X ! R
<latexit sha1_base64="MEwz6JbL2KfnX8a0dSh72946GGQ=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6XgqiQiKK6KIrisYh/QhDKZTtqhk5kwM1FKyBe48VfcuFDErWt3/o2TNgttPXDhcM693HtPEDOqtON8W6Wl5ZXVtfJ6ZWNza3vH3t1rK5FITFpYMCG7AVKEUU5ammpGurEkKAoY6QTjy9zv3BOpqOB3ehITP0JDTkOKkTZS365dnUMvQnqEEUu7GfQkHY40klI8zPQgSG+zvl116s4UcJG4BamCAs2+/eUNBE4iwjVmSKme68TaT5HUFDOSVbxEkRjhMRqSnqEcRUT56fSdDNaMMoChkKa4hlP190SKIqUmUWA68wvVvJeL/3m9RIdnfkp5nGjC8WxRmDCoBcyzgQMqCdZsYgjCkppbIR4hibA2CVZMCO78y4ukfVx3nbp7c1JtXBRxlMEBOARHwAWnoAGuQRO0AAaP4Bm8gjfryXqx3q2PWWvJKmb2wR9Ynz86fpw7</latexit><latexit sha1_base64="n/2Njd20Z5VwD6u6Cscy/+hbmtc=">AAACM3icjVDLSgMxFM3UV62vUZdugqXgqsyIoLgqiuBSxT6gM5RMmmlDM8mQZJQyzBf4NS7c+BnuxI2IW//BTDsLbV14IHA4515uzgliRpV2nFertLC4tLxSXq2srW9sbtnbOy0lEolJEwsmZCdAijDKSVNTzUgnlgRFASPtYHSe++07IhUV/FaPY+JHaMBpSDHSRurZtYtT6EVIDzFiaSeDnqSDoUZSivupHgTpTdazq07dmQDOE7cgVVDgf+M9+8XrC5xEhGvMkFJd14m1nyKpKWYkq3iJIjHCIzQgXUM5iojy00nmDNaM0oehkOZxDSfqz40URUqNo8BM5jHUrJeLf3ndRIcnfkp5nGjC8fRQmDCoBcwLhH0qCdZsbAjCkpq/QjxEEmFtaq6Y6O5s0HnSOqy7Tt29Pqo2zorOymAP7IMD4IJj0ACX4Ao0AQYP4BE8g3fryXqzPqzP6WjJKnZ2wS9YX9+kBqO0</latexit><latexit sha1_base64="n/2Njd20Z5VwD6u6Cscy/+hbmtc=">AAACM3icjVDLSgMxFM3UV62vUZdugqXgqsyIoLgqiuBSxT6gM5RMmmlDM8mQZJQyzBf4NS7c+BnuxI2IW//BTDsLbV14IHA4515uzgliRpV2nFertLC4tLxSXq2srW9sbtnbOy0lEolJEwsmZCdAijDKSVNTzUgnlgRFASPtYHSe++07IhUV/FaPY+JHaMBpSDHSRurZtYtT6EVIDzFiaSeDnqSDoUZSivupHgTpTdazq07dmQDOE7cgVVDgf+M9+8XrC5xEhGvMkFJd14m1nyKpKWYkq3iJIjHCIzQgXUM5iojy00nmDNaM0oehkOZxDSfqz40URUqNo8BM5jHUrJeLf3ndRIcnfkp5nGjC8fRQmDCoBcwLhH0qCdZsbAjCkpq/QjxEEmFtaq6Y6O5s0HnSOqy7Tt29Pqo2zorOymAP7IMD4IJj0ACX4Ao0AQYP4BE8g3fryXqzPqzP6WjJKnZ2wS9YX9+kBqO0</latexit><latexit sha1_base64="n/2Njd20Z5VwD6u6Cscy/+hbmtc=">AAACM3icjVDLSgMxFM3UV62vUZdugqXgqsyIoLgqiuBSxT6gM5RMmmlDM8mQZJQyzBf4NS7c+BnuxI2IW//BTDsLbV14IHA4515uzgliRpV2nFertLC4tLxSXq2srW9sbtnbOy0lEolJEwsmZCdAijDKSVNTzUgnlgRFASPtYHSe++07IhUV/FaPY+JHaMBpSDHSRurZtYtT6EVIDzFiaSeDnqSDoUZSivupHgTpTdazq07dmQDOE7cgVVDgf+M9+8XrC5xEhGvMkFJd14m1nyKpKWYkq3iJIjHCIzQgXUM5iojy00nmDNaM0oehkOZxDSfqz40URUqNo8BM5jHUrJeLf3ndRIcnfkp5nGjC8fRQmDCoBcwLhH0qCdZsbAjCkpq/QjxEEmFtaq6Y6O5s0HnSOqy7Tt29Pqo2zorOymAP7IMD4IJj0ACX4Ao0AQYP4BE8g3fryXqzPqzP6WjJKnZ2wS9YX9+kBqO0</latexit>

confusingly, sometimes called an “implicit generative model”
confusingly, sometimes called an “implicit generative model” 



Direct approach
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!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

T
ra
in
in
g

<latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit>

Data
<latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit><latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit><latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit><latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit>

{x(i)}Ni=1
<latexit sha1_base64="DCAzwf9sRXIA8qaxe6afYJX3Xe4=">AAACBXicbVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElFewDmjRMppN26GQSZiZiGbJx46+4caGIW//BnX/jpM1CWw9cOJxzL/feEySUCGnb38bC4tLyympprby+sbm1be7stkSccoSbKKYx7wRQYEoYbkoiKe4kHMMooLgdjK5yv32PuSAxu5PjBHsRHDASEgSllnzzwFVuBOUwCNVD1lNVcpy5ma/IhZP1bnyzYtfsCax54hSkAgo0fPPL7ccojTCTiEIhuo6dSE9BLgmiOCu7qcAJRCM4wF1NGYyw8NTki8w60krfCmOui0lrov6eUDASYhwFujO/WMx6ufif101leO4pwpJUYoami8KUWjK28kisPuEYSTrWBCJO9K0WGkIOkdTBlXUIzuzL86R1UnPsmnN7WqlfFnGUwD44BFXggDNQB9egAZoAgUfwDF7Bm/FkvBjvxse0dcEoZvbAHxifP5irmJs=</latexit><latexit sha1_base64="wrMxYQjuhLlYwob/znrn/i6iT/0=">AAACKnicjVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElCvYBTRom00k7dDIJMxOxDNn4NS7c+CvdSHHrhzhps9DWhQcGDufcy51zgoQSIW17Yiwtr6yurZc2yptb2zu75t5+U8QpR7iBYhrzdgAFpoThhiSS4nbCMYwCilvB8Cb3W0+YCxKzRzlKsBfBPiMhQVBqyTePXOVGUA6CUD1nXVUlp5mb+YpcOVn3zjcrds2ewlokTkEqoMD/xn1z7PZilEaYSUShEB3HTqSnIJcEUZyV3VTgBKIh7OOOpgxGWHhqGjWzTrTSs8KY68ekNVV/bigYCTGKAj2ZxxLzXi7+5XVSGV56irAklZih2aEwpZaMrbw3q0c4RpKONIGIE/1XCw0gh0jqdss6ujMfdJE0z2qOXXMeziv166KzEjgEx6AKHHAB6uAW3IMGQOAFvIJ38GG8GWNjYnzORpeMYucA/ILx9Q2HyKAU</latexit><latexit sha1_base64="wrMxYQjuhLlYwob/znrn/i6iT/0=">AAACKnicjVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElCvYBTRom00k7dDIJMxOxDNn4NS7c+CvdSHHrhzhps9DWhQcGDufcy51zgoQSIW17Yiwtr6yurZc2yptb2zu75t5+U8QpR7iBYhrzdgAFpoThhiSS4nbCMYwCilvB8Cb3W0+YCxKzRzlKsBfBPiMhQVBqyTePXOVGUA6CUD1nXVUlp5mb+YpcOVn3zjcrds2ewlokTkEqoMD/xn1z7PZilEaYSUShEB3HTqSnIJcEUZyV3VTgBKIh7OOOpgxGWHhqGjWzTrTSs8KY68ekNVV/bigYCTGKAj2ZxxLzXi7+5XVSGV56irAklZih2aEwpZaMrbw3q0c4RpKONIGIE/1XCw0gh0jqdss6ujMfdJE0z2qOXXMeziv166KzEjgEx6AKHHAB6uAW3IMGQOAFvIJ38GG8GWNjYnzORpeMYucA/ILx9Q2HyKAU</latexit><latexit sha1_base64="wrMxYQjuhLlYwob/znrn/i6iT/0=">AAACKnicjVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElCvYBTRom00k7dDIJMxOxDNn4NS7c+CvdSHHrhzhps9DWhQcGDufcy51zgoQSIW17Yiwtr6yurZc2yptb2zu75t5+U8QpR7iBYhrzdgAFpoThhiSS4nbCMYwCilvB8Cb3W0+YCxKzRzlKsBfBPiMhQVBqyTePXOVGUA6CUD1nXVUlp5mb+YpcOVn3zjcrds2ewlokTkEqoMD/xn1z7PZilEaYSUShEB3HTqSnIJcEUZyV3VTgBKIh7OOOpgxGWHhqGjWzTrTSs8KY68ekNVV/bigYCTGKAj2ZxxLzXi7+5XVSGV56irAklZih2aEwpZaMrbw3q0c4RpKONIGIE/1XCw0gh0jqdss6ujMfdJE0z2qOXXMeziv166KzEjgEx6AKHHAB6uAW3IMGQOAFvIJ38GG8GWNjYnzORpeMYucA/ILx9Q2HyKAU</latexit>

Generator
<latexit sha1_base64="+ygNeZf0Ui+mp4LU44Bne3Gfue4=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYMWWkYwH5IcYW8zlyzZ3Tt294QQ8itsLBSx9efY+W/cJFdo4oOBx3szzMyLUsGN9f1vb219Y3Nru7BT3N3bPzgsHR03TZJphg2WiES3I2pQcIUNy63AdqqRykhgKxrdzPzWE2rDE/VgxymGkg4Ujzmj1kmPt6hQU5voXqnsV/w5yCoJclKGHPVe6avbT1gmUVkmqDGdwE9tOKHaciZwWuxmBlPKRnSAHUcVlWjCyfzgKTl3Sp/EiXalLJmrvycmVBozlpHrlNQOzbI3E//zOpmNr8IJV2lmUbHFojgTxCZk9j3pc43MirEjlGnubiVsSDVl1mVUdCEEyy+vkma1EviV4L5arl3ncRTgFM7gAgK4hBrcQR0awEDCM7zCm6e9F+/d+1i0rnn5zAn8gff5A+5RkHk=</latexit><latexit sha1_base64="VQz2xQ23tCTltjl8Ej1XQoCkWHk=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgYttFQwD0mWMDu5mwyZxzIzK4QlX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BMlnBnr+19eYWV1bX2juFna2t7Z3SvvHzSNSjWFBlVc6XZEDHAmoWGZ5dBONBARcWhFo8up33oAbZiSd3acQCjIQLKYUWKddH8FEjSxSvfKFb/qz4CXSZCTCsrxv3iv/NntK5oKkJZyYkwn8BMbZkRbRjlMSt3UQELoiAyg46gkAkyYza6a4BOn9HGstHvS4pn6cyIjwpixiFxSEDs0i95U/MvrpDY+DzMmk9SCpPNFccqxVXhaEe4zDdTysSOEaub+iumQaEKtK7LkTg8WD10mzVo18KvBba1Sv8g7K6IjdIxOUYDOUB1doxvUQBQJ9Iie0av35L14b977PFrw8plD9AvexzfMEJfy</latexit><latexit sha1_base64="VQz2xQ23tCTltjl8Ej1XQoCkWHk=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgYttFQwD0mWMDu5mwyZxzIzK4QlX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BMlnBnr+19eYWV1bX2juFna2t7Z3SvvHzSNSjWFBlVc6XZEDHAmoWGZ5dBONBARcWhFo8up33oAbZiSd3acQCjIQLKYUWKddH8FEjSxSvfKFb/qz4CXSZCTCsrxv3iv/NntK5oKkJZyYkwn8BMbZkRbRjlMSt3UQELoiAyg46gkAkyYza6a4BOn9HGstHvS4pn6cyIjwpixiFxSEDs0i95U/MvrpDY+DzMmk9SCpPNFccqxVXhaEe4zDdTysSOEaub+iumQaEKtK7LkTg8WD10mzVo18KvBba1Sv8g7K6IjdIxOUYDOUB1doxvUQBQJ9Iie0av35L14b977PFrw8plD9AvexzfMEJfy</latexit><latexit sha1_base64="VQz2xQ23tCTltjl8Ej1XQoCkWHk=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgYttFQwD0mWMDu5mwyZxzIzK4QlX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BMlnBnr+19eYWV1bX2juFna2t7Z3SvvHzSNSjWFBlVc6XZEDHAmoWGZ5dBONBARcWhFo8up33oAbZiSd3acQCjIQLKYUWKddH8FEjSxSvfKFb/qz4CXSZCTCsrxv3iv/NntK5oKkJZyYkwn8BMbZkRbRjlMSt3UQELoiAyg46gkAkyYza6a4BOn9HGstHvS4pn6cyIjwpixiFxSEDs0i95U/MvrpDY+DzMmk9SCpPNFccqxVXhaEe4zDdTysSOEaub+iumQaEKtK7LkTg8WD10mzVo18KvBba1Sv8g7K6IjdIxOUYDOUB1doxvUQBQJ9Iie0av35L14b977PFrw8plD9AvexzfMEJfy</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

S
am

p
li
n
g

<latexit sha1_base64="njAQj444Og2vP6pxJWF5hHmGmMk=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvsJUt2987dOSGE/AkbC0Vs/Tt2/hs3yRWa+GDg8d4MM/OiVAqLvv/tra1vbG5tF3aKu3v7B4elo+OmTTLDeIMlMjHtiFouheYNFCh5OzWcqkjyVjS6mfmtJ26sSPQDjlMeKjrQIhaMopPa91S5LXrQK5X9ij8HWSVBTsqQo94rfXX7CcsU18gktbYT+CmGE2pQMMmnxW5meUrZiA54x1FNFbfhZH7vlJw7pU/ixLjSSObq74kJVdaOVeQ6FcWhXfZm4n9eJ8P4KpwInWbINVssijNJMCGz50lfGM5Qjh2hzAh3K2FDaihDF1HRhRAsv7xKmtVK4FeCu2q5dp3HUYBTOIMLCOASanALdWgAAwnP8Apv3qP34r17H4vWNS+fOYE/8D5/ACLVkAM=</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit>

Samples
<latexit sha1_base64="wSVC4q4VP7DHwCNZV+LBgXJo4No=">AAAB7nicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxoPiA5wt5mkizZvVt294Rw5EfYWChi6++x89+4Sa7QxAcDj/dmmJkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1wyZLRKI7ETUoeIxNy63AjtJIZSSwHU1u5377CbXhSfxopwpDSUcxH3JGrZPaD1QqgaZfrvhVfwGyToKcVCBHo1/+6g0SlkqMLRPUmG7gKxtmVFvOBM5KvdSgomxCR9h1NKYSTZgtzp2RC6cMyDDRrmJLFurviYxKY6Yycp2S2rFZ9ebif143tcPrMOOxSi3GbLlomApiEzL/nQy4RmbF1BHKNHe3EjammjLrEiq5EILVl9dJq1YN/GpwX6vUb/I4inAG53AJAVxBHe6gAU1gMIFneIU3T3kv3rv3sWwtePnMKfyB9/kDYGaPkw==</latexit><latexit sha1_base64="OKI79BdQPRKUdXJ13SCGByup+Ts=">AAACE3icjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJs5O7yZCZ2WVmVgghH2Fh46/YiNja2Pk3TpItNLHwwMDhnHO5c0+UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkwzrLNEJLoVUYOCK6xbbgW2Uo1URgKb0fBq6jcfUBueqHs7SjGUtK94zBm1TmreUZkKNN1S2a/4M5BlEuSkDDn+F++WPju9hGUSlWWCGtMO/NSGY6otZwInxU5mMKVsSPvYdlRRiSYcz26akFOn9EicaPeUJTP158SYSmNGMnJJSe3ALHpT8S+vndn4IhxzlWYWFZsvijNBbEKmBZEe18isGDlCmebur4QNqKbMuhqL7vRg8dBl0qhWAr8S3FbLtcu8swIcwwmcQQDnUINruIE6MBjCIzzDq/fkvXhv3vs8uuLlM0fwC97HNx+Blww=</latexit><latexit sha1_base64="OKI79BdQPRKUdXJ13SCGByup+Ts=">AAACE3icjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJs5O7yZCZ2WVmVgghH2Fh46/YiNja2Pk3TpItNLHwwMDhnHO5c0+UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkwzrLNEJLoVUYOCK6xbbgW2Uo1URgKb0fBq6jcfUBueqHs7SjGUtK94zBm1TmreUZkKNN1S2a/4M5BlEuSkDDn+F++WPju9hGUSlWWCGtMO/NSGY6otZwInxU5mMKVsSPvYdlRRiSYcz26akFOn9EicaPeUJTP158SYSmNGMnJJSe3ALHpT8S+vndn4IhxzlWYWFZsvijNBbEKmBZEe18isGDlCmebur4QNqKbMuhqL7vRg8dBl0qhWAr8S3FbLtcu8swIcwwmcQQDnUINruIE6MBjCIzzDq/fkvXhv3vs8uuLlM0fwC97HNx+Blww=</latexit><latexit sha1_base64="OKI79BdQPRKUdXJ13SCGByup+Ts=">AAACE3icjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJs5O7yZCZ2WVmVgghH2Fh46/YiNja2Pk3TpItNLHwwMDhnHO5c0+UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkwzrLNEJLoVUYOCK6xbbgW2Uo1URgKb0fBq6jcfUBueqHs7SjGUtK94zBm1TmreUZkKNN1S2a/4M5BlEuSkDDn+F++WPju9hGUSlWWCGtMO/NSGY6otZwInxU5mMKVsSPvYdlRRiSYcz26akFOn9EicaPeUJTP158SYSmNGMnJJSe3ALHpT8S+vndn4IhxzlWYWFZsvijNBbEKmBZEe18isGDlCmebur4QNqKbMuhqL7vRg8dBl0qhWAr8S3FbLtcu8swIcwwmcQQDnUINruIE6MBjCIzzDq/fkvXhv3vs8uuLlM0fwC97HNx+Blww=</latexit>

{x̂(i)}Ni=1
<latexit sha1_base64="dk/AfYJFDBso4br68mG1kMKzR/s=">AAACC3icbVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElFewDmjRMppN26OTBzEQsQ/Zu/BU3LhRx6w+482+ctFlo64ELh3Pu5d57/IRRIS3r21haXlldWy9tlDe3tnd2zb39tohTjkkLxyzmXR8JwmhEWpJKRroJJyj0Gen446vc79wTLmgc3clJQtwQDSMaUIykljyz4ihnhKRyQiRHfqAesqyvavQ4czJP0Qs76994ZtWqW1PARWIXpAoKND3zyxnEOA1JJDFDQvRsK5GuQlxSzEhWdlJBEoTHaEh6mkYoJMJV018yeKSVAQxiriuScKr+nlAoFGIS+rozP1nMe7n4n9dLZXDuKholqSQRni0KUgZlDPNg4IBygiWbaIIwp/pWiEeIIyx1fGUdgj3/8iJpn9Rtq27fnlYbl0UcJXAIKqAGbHAGGuAaNEELYPAInsEreDOejBfj3fiYtS4ZxcwB+APj8wepQJto</latexit><latexit sha1_base64="jSCUDDJsbpNDNzR7LxLezXr0RLI=">AAACMHicjVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElCvYBTRom00k7dPJgZiKWIXu/xoUb/8OVLkTc+hVO2iy0deGBgcM593LnHD9hVEjLejMWFpeWV1ZLa+X1jc2tbXNntyXilGPSxDGLecdHgjAakaakkpFOwgkKfUba/ugi99t3hAsaR7dynBA3RIOIBhQjqSXPrDjKGSKpnBDJoR+o+yzrqRo9zJzMU/TMznpXnlm16tYEcJ7YBamCAv8b98wXpx/jNCSRxAwJ0bWtRLoKcUkxI1nZSQVJEB6hAelqGqGQCFdNAmfwQCt9GMRcv0jCifpzQ6FQiHHo68k8l5j1cvEvr5vK4NRVNEpSSSI8PRSkDMoY5u3BPuUESzbWBGFO9V8hHiKOsNQdl3V0ezboPGkd1W2rbt8cVxvnRWclsA8qoAZscAIa4BJcgybA4AE8gmfwbjwZr8aH8TkdXTCKnT3wC8bXN/gwouE=</latexit><latexit sha1_base64="jSCUDDJsbpNDNzR7LxLezXr0RLI=">AAACMHicjVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElCvYBTRom00k7dPJgZiKWIXu/xoUb/8OVLkTc+hVO2iy0deGBgcM593LnHD9hVEjLejMWFpeWV1ZLa+X1jc2tbXNntyXilGPSxDGLecdHgjAakaakkpFOwgkKfUba/ugi99t3hAsaR7dynBA3RIOIBhQjqSXPrDjKGSKpnBDJoR+o+yzrqRo9zJzMU/TMznpXnlm16tYEcJ7YBamCAv8b98wXpx/jNCSRxAwJ0bWtRLoKcUkxI1nZSQVJEB6hAelqGqGQCFdNAmfwQCt9GMRcv0jCifpzQ6FQiHHo68k8l5j1cvEvr5vK4NRVNEpSSSI8PRSkDMoY5u3BPuUESzbWBGFO9V8hHiKOsNQdl3V0ezboPGkd1W2rbt8cVxvnRWclsA8qoAZscAIa4BJcgybA4AE8gmfwbjwZr8aH8TkdXTCKnT3wC8bXN/gwouE=</latexit><latexit sha1_base64="jSCUDDJsbpNDNzR7LxLezXr0RLI=">AAACMHicjVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElCvYBTRom00k7dPJgZiKWIXu/xoUb/8OVLkTc+hVO2iy0deGBgcM593LnHD9hVEjLejMWFpeWV1ZLa+X1jc2tbXNntyXilGPSxDGLecdHgjAakaakkpFOwgkKfUba/ugi99t3hAsaR7dynBA3RIOIBhQjqSXPrDjKGSKpnBDJoR+o+yzrqRo9zJzMU/TMznpXnlm16tYEcJ7YBamCAv8b98wXpx/jNCSRxAwJ0bWtRLoKcUkxI1nZSQVJEB6hAelqGqGQCFdNAmfwQCt9GMRcv0jCifpzQ6FQiHHo68k8l5j1cvEvr5vK4NRVNEpSSSI8PRSkDMoY5u3BPuUESzbWBGFO9V8hHiKOsNQdl3V0ezboPGkd1W2rbt8cVxvnRWclsA8qoAZscAIa4BJcgybA4AE8gmfwbjwZr8aH8TkdXTCKnT3wC8bXN/gwouE=</latexit>

Generator
<latexit sha1_base64="+ygNeZf0Ui+mp4LU44Bne3Gfue4=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYMWWkYwH5IcYW8zlyzZ3Tt294QQ8itsLBSx9efY+W/cJFdo4oOBx3szzMyLUsGN9f1vb219Y3Nru7BT3N3bPzgsHR03TZJphg2WiES3I2pQcIUNy63AdqqRykhgKxrdzPzWE2rDE/VgxymGkg4Ujzmj1kmPt6hQU5voXqnsV/w5yCoJclKGHPVe6avbT1gmUVkmqDGdwE9tOKHaciZwWuxmBlPKRnSAHUcVlWjCyfzgKTl3Sp/EiXalLJmrvycmVBozlpHrlNQOzbI3E//zOpmNr8IJV2lmUbHFojgTxCZk9j3pc43MirEjlGnubiVsSDVl1mVUdCEEyy+vkma1EviV4L5arl3ncRTgFM7gAgK4hBrcQR0awEDCM7zCm6e9F+/d+1i0rnn5zAn8gff5A+5RkHk=</latexit><latexit sha1_base64="VQz2xQ23tCTltjl8Ej1XQoCkWHk=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgYttFQwD0mWMDu5mwyZxzIzK4QlX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BMlnBnr+19eYWV1bX2juFna2t7Z3SvvHzSNSjWFBlVc6XZEDHAmoWGZ5dBONBARcWhFo8up33oAbZiSd3acQCjIQLKYUWKddH8FEjSxSvfKFb/qz4CXSZCTCsrxv3iv/NntK5oKkJZyYkwn8BMbZkRbRjlMSt3UQELoiAyg46gkAkyYza6a4BOn9HGstHvS4pn6cyIjwpixiFxSEDs0i95U/MvrpDY+DzMmk9SCpPNFccqxVXhaEe4zDdTysSOEaub+iumQaEKtK7LkTg8WD10mzVo18KvBba1Sv8g7K6IjdIxOUYDOUB1doxvUQBQJ9Iie0av35L14b977PFrw8plD9AvexzfMEJfy</latexit><latexit sha1_base64="VQz2xQ23tCTltjl8Ej1XQoCkWHk=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgYttFQwD0mWMDu5mwyZxzIzK4QlX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BMlnBnr+19eYWV1bX2juFna2t7Z3SvvHzSNSjWFBlVc6XZEDHAmoWGZ5dBONBARcWhFo8up33oAbZiSd3acQCjIQLKYUWKddH8FEjSxSvfKFb/qz4CXSZCTCsrxv3iv/NntK5oKkJZyYkwn8BMbZkRbRjlMSt3UQELoiAyg46gkAkyYza6a4BOn9HGstHvS4pn6cyIjwpixiFxSEDs0i95U/MvrpDY+DzMmk9SCpPNFccqxVXhaEe4zDdTysSOEaub+iumQaEKtK7LkTg8WD10mzVo18KvBba1Sv8g7K6IjdIxOUYDOUB1doxvUQBQJ9Iie0av35L14b977PFrw8plD9AvexzfMEJfy</latexit><latexit sha1_base64="VQz2xQ23tCTltjl8Ej1XQoCkWHk=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgYttFQwD0mWMDu5mwyZxzIzK4QlX2Fh46/YiNgKdv6Nk2QLTSw8MHA451zu3BMlnBnr+19eYWV1bX2juFna2t7Z3SvvHzSNSjWFBlVc6XZEDHAmoWGZ5dBONBARcWhFo8up33oAbZiSd3acQCjIQLKYUWKddH8FEjSxSvfKFb/qz4CXSZCTCsrxv3iv/NntK5oKkJZyYkwn8BMbZkRbRjlMSt3UQELoiAyg46gkAkyYza6a4BOn9HGstHvS4pn6cyIjwpixiFxSEDs0i95U/MvrpDY+DzMmk9SCpPNFccqxVXhaEe4zDdTysSOEaub+iumQaEKtK7LkTg8WD10mzVo18KvBba1Sv8g7K6IjdIxOUYDOUB1doxvUQBQJ9Iie0av35L14b977PFrw8plD9AvexzfMEJfy</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit> !

<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Direct Approach
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!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

T
ra
in
in
g

<latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit>

Data
<latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit><latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit><latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit><latexit sha1_base64="3/OWiD301SHwhO604bDP4nISd+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l60WNRDx4r2A9oQ5lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IBbcWNf9dkobm1vbO+Xdyt7+weFR9fikY6JEU9amkYh0L0DDBFesbbkVrBdrhjIQrBtMb3O/+8S04ZF6tLOY+RLHioecos2lO7Q4rNbcursAWSdeQWpQoDWsfg1GEU0kU5YKNKbvubH1U9SWU8HmlUFiWIx0imPWz6hCyYyfLm6dk4tMGZEw0lkpSxbq74kUpTEzGWSdEu3ErHq5+J/XT2x47adcxYllii4XhYkgNiL542TENaNWzDKCVPPsVkInqJHaLJ5KFoK3+vI66TTqnlv3Hhq15k0RRxnO4BwuwYMraMI9tKANFCbwDK/w5kjnxXl3PpatJaeYOYU/cD5/AN1zjho=</latexit>

{x(i)}Ni=1
<latexit sha1_base64="DCAzwf9sRXIA8qaxe6afYJX3Xe4=">AAACBXicbVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElFewDmjRMppN26GQSZiZiGbJx46+4caGIW//BnX/jpM1CWw9cOJxzL/feEySUCGnb38bC4tLyympprby+sbm1be7stkSccoSbKKYx7wRQYEoYbkoiKe4kHMMooLgdjK5yv32PuSAxu5PjBHsRHDASEgSllnzzwFVuBOUwCNVD1lNVcpy5ma/IhZP1bnyzYtfsCax54hSkAgo0fPPL7ccojTCTiEIhuo6dSE9BLgmiOCu7qcAJRCM4wF1NGYyw8NTki8w60krfCmOui0lrov6eUDASYhwFujO/WMx6ufif101leO4pwpJUYoami8KUWjK28kisPuEYSTrWBCJO9K0WGkIOkdTBlXUIzuzL86R1UnPsmnN7WqlfFnGUwD44BFXggDNQB9egAZoAgUfwDF7Bm/FkvBjvxse0dcEoZvbAHxifP5irmJs=</latexit><latexit sha1_base64="wrMxYQjuhLlYwob/znrn/i6iT/0=">AAACKnicjVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElCvYBTRom00k7dDIJMxOxDNn4NS7c+CvdSHHrhzhps9DWhQcGDufcy51zgoQSIW17Yiwtr6yurZc2yptb2zu75t5+U8QpR7iBYhrzdgAFpoThhiSS4nbCMYwCilvB8Cb3W0+YCxKzRzlKsBfBPiMhQVBqyTePXOVGUA6CUD1nXVUlp5mb+YpcOVn3zjcrds2ewlokTkEqoMD/xn1z7PZilEaYSUShEB3HTqSnIJcEUZyV3VTgBKIh7OOOpgxGWHhqGjWzTrTSs8KY68ekNVV/bigYCTGKAj2ZxxLzXi7+5XVSGV56irAklZih2aEwpZaMrbw3q0c4RpKONIGIE/1XCw0gh0jqdss6ujMfdJE0z2qOXXMeziv166KzEjgEx6AKHHAB6uAW3IMGQOAFvIJ38GG8GWNjYnzORpeMYucA/ILx9Q2HyKAU</latexit><latexit sha1_base64="wrMxYQjuhLlYwob/znrn/i6iT/0=">AAACKnicjVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElCvYBTRom00k7dDIJMxOxDNn4NS7c+CvdSHHrhzhps9DWhQcGDufcy51zgoQSIW17Yiwtr6yurZc2yptb2zu75t5+U8QpR7iBYhrzdgAFpoThhiSS4nbCMYwCilvB8Cb3W0+YCxKzRzlKsBfBPiMhQVBqyTePXOVGUA6CUD1nXVUlp5mb+YpcOVn3zjcrds2ewlokTkEqoMD/xn1z7PZilEaYSUShEB3HTqSnIJcEUZyV3VTgBKIh7OOOpgxGWHhqGjWzTrTSs8KY68ekNVV/bigYCTGKAj2ZxxLzXi7+5XVSGV56irAklZih2aEwpZaMrbw3q0c4RpKONIGIE/1XCw0gh0jqdss6ujMfdJE0z2qOXXMeziv166KzEjgEx6AKHHAB6uAW3IMGQOAFvIJ38GG8GWNjYnzORpeMYucA/ILx9Q2HyKAU</latexit><latexit sha1_base64="wrMxYQjuhLlYwob/znrn/i6iT/0=">AAACKnicjVDLSsNAFJ34rPUVdamLYBHqpiQi6EYounElCvYBTRom00k7dDIJMxOxDNn4NS7c+CvdSHHrhzhps9DWhQcGDufcy51zgoQSIW17Yiwtr6yurZc2yptb2zu75t5+U8QpR7iBYhrzdgAFpoThhiSS4nbCMYwCilvB8Cb3W0+YCxKzRzlKsBfBPiMhQVBqyTePXOVGUA6CUD1nXVUlp5mb+YpcOVn3zjcrds2ewlokTkEqoMD/xn1z7PZilEaYSUShEB3HTqSnIJcEUZyV3VTgBKIh7OOOpgxGWHhqGjWzTrTSs8KY68ekNVV/bigYCTGKAj2ZxxLzXi7+5XVSGV56irAklZih2aEwpZaMrbw3q0c4RpKONIGIE/1XCw0gh0jqdss6ujMfdJE0z2qOXXMeziv166KzEjgEx6AKHHAB6uAW3IMGQOAFvIJ38GG8GWNjYnzORpeMYucA/ILx9Q2HyKAU</latexit>

Scoring function
<latexit sha1_base64="mT6Fbd38TJMCVx0kUhHlahagKL0=">AAAB+XicbVBNSwMxEJ34WevXqkcvwSJ4Kru96LHoxWNF+wHtUrJptg3NJkuSLZSl/8SLB0W8+k+8+W9M2z1o64OBx3szzMyLUsGN9f1vtLG5tb2zW9or7x8cHh17J6ctozJNWZMqoXQnIoYJLlnTcitYJ9WMJJFg7Wh8N/fbE6YNV/LJTlMWJmQoecwpsU7qe94jVZrLIY4zSZdSxa/6C+B1EhSkAgUafe+rN1A0S5i0VBBjuoGf2jAn2nIq2KzcywxLCR2TIes6KknCTJgvLp/hS6cMcKy0K2nxQv09kZPEmGkSuc6E2JFZ9ebif143s/FNmHOZZpZJulwUZwJbhecx4AHXjFoxdYRQzd2tmI6IJtS6sMouhGD15XXSqlUDvxo81Cr12yKOEpzDBVxBANdQh3toQBMoTOAZXuEN5egFvaOPZesGKmbO4A/Q5w+i4pOk</latexit><latexit sha1_base64="yBCHIrMNT8Z7GI8gJvBi4YzpEvo=">AAACHnicjVDLSgMxFL1TX7W+Rl26CRbBVZnpRpdFNy4V7QPaoWTSTBuaSYYkUyhD/8SFG3/FjYjgSv/GdDoLbV14IHA451xu7gkTzrTxvC+ntLa+sblV3q7s7O7tH7iHRy0tU0Vok0guVSfEmnImaNMww2knURTHIaftcHw999sTqjST4sFMExrEeChYxAg2Vuq77j2RiokhilJBFlLVq3k50CrxC1KFAv+L992P3kCSNKbCEI617vpeYoIMK8MIp7NKL9U0wWSMh7RrqcAx1UGWnzdDZ1YZoEgq+4RBufpzIsOx1tM4tMkYm5Fe9ubiX143NdFlkDGRpIYKslgUpRwZieZdoQFTlBg+tQQTxexfERlhhYmxjVbs6f7yoaukVa/5Xs2/q1cbV0VnZTiBUzgHHy6gATdwC00gMIFHeIZX58l5cd6c90W05BQzx/ALzuc36iObHQ==</latexit><latexit sha1_base64="yBCHIrMNT8Z7GI8gJvBi4YzpEvo=">AAACHnicjVDLSgMxFL1TX7W+Rl26CRbBVZnpRpdFNy4V7QPaoWTSTBuaSYYkUyhD/8SFG3/FjYjgSv/GdDoLbV14IHA451xu7gkTzrTxvC+ntLa+sblV3q7s7O7tH7iHRy0tU0Vok0guVSfEmnImaNMww2knURTHIaftcHw999sTqjST4sFMExrEeChYxAg2Vuq77j2RiokhilJBFlLVq3k50CrxC1KFAv+L992P3kCSNKbCEI617vpeYoIMK8MIp7NKL9U0wWSMh7RrqcAx1UGWnzdDZ1YZoEgq+4RBufpzIsOx1tM4tMkYm5Fe9ubiX143NdFlkDGRpIYKslgUpRwZieZdoQFTlBg+tQQTxexfERlhhYmxjVbs6f7yoaukVa/5Xs2/q1cbV0VnZTiBUzgHHy6gATdwC00gMIFHeIZX58l5cd6c90W05BQzx/ALzuc36iObHQ==</latexit><latexit sha1_base64="yBCHIrMNT8Z7GI8gJvBi4YzpEvo=">AAACHnicjVDLSgMxFL1TX7W+Rl26CRbBVZnpRpdFNy4V7QPaoWTSTBuaSYYkUyhD/8SFG3/FjYjgSv/GdDoLbV14IHA451xu7gkTzrTxvC+ntLa+sblV3q7s7O7tH7iHRy0tU0Vok0guVSfEmnImaNMww2knURTHIaftcHw999sTqjST4sFMExrEeChYxAg2Vuq77j2RiokhilJBFlLVq3k50CrxC1KFAv+L992P3kCSNKbCEI617vpeYoIMK8MIp7NKL9U0wWSMh7RrqcAx1UGWnzdDZ1YZoEgq+4RBufpzIsOx1tM4tMkYm5Fe9ubiX143NdFlkDGRpIYKslgUpRwZieZdoQFTlBg+tQQTxexfERlhhYmxjVbs6f7yoaukVa/5Xs2/q1cbV0VnZTiBUzgHHy6gATdwC00gMIFHeIZX58l5cd6c90W05BQzx/ALzuc36iObHQ==</latexit>

e.g., likelihood, energy, 
“score function”

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

S
am

p
li
n
g

<latexit sha1_base64="njAQj444Og2vP6pxJWF5hHmGmMk=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvsJUt2987dOSGE/AkbC0Vs/Tt2/hs3yRWa+GDg8d4MM/OiVAqLvv/tra1vbG5tF3aKu3v7B4elo+OmTTLDeIMlMjHtiFouheYNFCh5OzWcqkjyVjS6mfmtJ26sSPQDjlMeKjrQIhaMopPa91S5LXrQK5X9ij8HWSVBTsqQo94rfXX7CcsU18gktbYT+CmGE2pQMMmnxW5meUrZiA54x1FNFbfhZH7vlJw7pU/ixLjSSObq74kJVdaOVeQ6FcWhXfZm4n9eJ8P4KpwInWbINVssijNJMCGz50lfGM5Qjh2hzAh3K2FDaihDF1HRhRAsv7xKmtVK4FeCu2q5dp3HUYBTOIMLCOASanALdWgAAwnP8Apv3qP34r17H4vWNS+fOYE/8D5/ACLVkAM=</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit>

Samples
<latexit sha1_base64="wSVC4q4VP7DHwCNZV+LBgXJo4No=">AAAB7nicbVA9SwNBEJ2LXzF+RS1tFoNgFe7SaBm0sYxoPiA5wt5mkizZvVt294Rw5EfYWChi6++x89+4Sa7QxAcDj/dmmJkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1wyZLRKI7ETUoeIxNy63AjtJIZSSwHU1u5377CbXhSfxopwpDSUcxH3JGrZPaD1QqgaZfrvhVfwGyToKcVCBHo1/+6g0SlkqMLRPUmG7gKxtmVFvOBM5KvdSgomxCR9h1NKYSTZgtzp2RC6cMyDDRrmJLFurviYxKY6Yycp2S2rFZ9ebif143tcPrMOOxSi3GbLlomApiEzL/nQy4RmbF1BHKNHe3EjammjLrEiq5EILVl9dJq1YN/GpwX6vUb/I4inAG53AJAVxBHe6gAU1gMIFneIU3T3kv3rv3sWwtePnMKfyB9/kDYGaPkw==</latexit><latexit sha1_base64="OKI79BdQPRKUdXJ13SCGByup+Ts=">AAACE3icjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJs5O7yZCZ2WVmVgghH2Fh46/YiNja2Pk3TpItNLHwwMDhnHO5c0+UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkwzrLNEJLoVUYOCK6xbbgW2Uo1URgKb0fBq6jcfUBueqHs7SjGUtK94zBm1TmreUZkKNN1S2a/4M5BlEuSkDDn+F++WPju9hGUSlWWCGtMO/NSGY6otZwInxU5mMKVsSPvYdlRRiSYcz26akFOn9EicaPeUJTP158SYSmNGMnJJSe3ALHpT8S+vndn4IhxzlWYWFZsvijNBbEKmBZEe18isGDlCmebur4QNqKbMuhqL7vRg8dBl0qhWAr8S3FbLtcu8swIcwwmcQQDnUINruIE6MBjCIzzDq/fkvXhv3vs8uuLlM0fwC97HNx+Blww=</latexit><latexit sha1_base64="OKI79BdQPRKUdXJ13SCGByup+Ts=">AAACE3icjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJs5O7yZCZ2WVmVgghH2Fh46/YiNja2Pk3TpItNLHwwMDhnHO5c0+UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkwzrLNEJLoVUYOCK6xbbgW2Uo1URgKb0fBq6jcfUBueqHs7SjGUtK94zBm1TmreUZkKNN1S2a/4M5BlEuSkDDn+F++WPju9hGUSlWWCGtMO/NSGY6otZwInxU5mMKVsSPvYdlRRiSYcz26akFOn9EicaPeUJTP158SYSmNGMnJJSe3ALHpT8S+vndn4IhxzlWYWFZsvijNBbEKmBZEe18isGDlCmebur4QNqKbMuhqL7vRg8dBl0qhWAr8S3FbLtcu8swIcwwmcQQDnUINruIE6MBjCIzzDq/fkvXhv3vs8uuLlM0fwC97HNx+Blww=</latexit><latexit sha1_base64="OKI79BdQPRKUdXJ13SCGByup+Ts=">AAACE3icjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJs5O7yZCZ2WVmVgghH2Fh46/YiNja2Pk3TpItNLHwwMDhnHO5c0+UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkwzrLNEJLoVUYOCK6xbbgW2Uo1URgKb0fBq6jcfUBueqHs7SjGUtK94zBm1TmreUZkKNN1S2a/4M5BlEuSkDDn+F++WPju9hGUSlWWCGtMO/NSGY6otZwInxU5mMKVsSPvYdlRRiSYcz26akFOn9EicaPeUJTP158SYSmNGMnJJSe3ALHpT8S+vndn4IhxzlWYWFZsvijNBbEKmBZEe18isGDlCmebur4QNqKbMuhqL7vRg8dBl0qhWAr8S3FbLtcu8swIcwwmcQQDnUINruIE6MBjCIzzDq/fkvXhv3vs8uuLlM0fwC97HNx+Blww=</latexit>

{x̂(i)}Ni=1
<latexit sha1_base64="dk/AfYJFDBso4br68mG1kMKzR/s=">AAACC3icbVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElFewDmjRMppN26OTBzEQsQ/Zu/BU3LhRx6w+482+ctFlo64ELh3Pu5d57/IRRIS3r21haXlldWy9tlDe3tnd2zb39tohTjkkLxyzmXR8JwmhEWpJKRroJJyj0Gen446vc79wTLmgc3clJQtwQDSMaUIykljyz4ihnhKRyQiRHfqAesqyvavQ4czJP0Qs76994ZtWqW1PARWIXpAoKND3zyxnEOA1JJDFDQvRsK5GuQlxSzEhWdlJBEoTHaEh6mkYoJMJV018yeKSVAQxiriuScKr+nlAoFGIS+rozP1nMe7n4n9dLZXDuKholqSQRni0KUgZlDPNg4IBygiWbaIIwp/pWiEeIIyx1fGUdgj3/8iJpn9Rtq27fnlYbl0UcJXAIKqAGbHAGGuAaNEELYPAInsEreDOejBfj3fiYtS4ZxcwB+APj8wepQJto</latexit><latexit sha1_base64="jSCUDDJsbpNDNzR7LxLezXr0RLI=">AAACMHicjVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElCvYBTRom00k7dPJgZiKWIXu/xoUb/8OVLkTc+hVO2iy0deGBgcM593LnHD9hVEjLejMWFpeWV1ZLa+X1jc2tbXNntyXilGPSxDGLecdHgjAakaakkpFOwgkKfUba/ugi99t3hAsaR7dynBA3RIOIBhQjqSXPrDjKGSKpnBDJoR+o+yzrqRo9zJzMU/TMznpXnlm16tYEcJ7YBamCAv8b98wXpx/jNCSRxAwJ0bWtRLoKcUkxI1nZSQVJEB6hAelqGqGQCFdNAmfwQCt9GMRcv0jCifpzQ6FQiHHo68k8l5j1cvEvr5vK4NRVNEpSSSI8PRSkDMoY5u3BPuUESzbWBGFO9V8hHiKOsNQdl3V0ezboPGkd1W2rbt8cVxvnRWclsA8qoAZscAIa4BJcgybA4AE8gmfwbjwZr8aH8TkdXTCKnT3wC8bXN/gwouE=</latexit><latexit sha1_base64="jSCUDDJsbpNDNzR7LxLezXr0RLI=">AAACMHicjVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElCvYBTRom00k7dPJgZiKWIXu/xoUb/8OVLkTc+hVO2iy0deGBgcM593LnHD9hVEjLejMWFpeWV1ZLa+X1jc2tbXNntyXilGPSxDGLecdHgjAakaakkpFOwgkKfUba/ugi99t3hAsaR7dynBA3RIOIBhQjqSXPrDjKGSKpnBDJoR+o+yzrqRo9zJzMU/TMznpXnlm16tYEcJ7YBamCAv8b98wXpx/jNCSRxAwJ0bWtRLoKcUkxI1nZSQVJEB6hAelqGqGQCFdNAmfwQCt9GMRcv0jCifpzQ6FQiHHo68k8l5j1cvEvr5vK4NRVNEpSSSI8PRSkDMoY5u3BPuUESzbWBGFO9V8hHiKOsNQdl3V0ezboPGkd1W2rbt8cVxvnRWclsA8qoAZscAIa4BJcgybA4AE8gmfwbjwZr8aH8TkdXTCKnT3wC8bXN/gwouE=</latexit><latexit sha1_base64="jSCUDDJsbpNDNzR7LxLezXr0RLI=">AAACMHicjVDLSsNAFJ34rPUVdelmaBHqpiQi6EYounElCvYBTRom00k7dPJgZiKWIXu/xoUb/8OVLkTc+hVO2iy0deGBgcM593LnHD9hVEjLejMWFpeWV1ZLa+X1jc2tbXNntyXilGPSxDGLecdHgjAakaakkpFOwgkKfUba/ugi99t3hAsaR7dynBA3RIOIBhQjqSXPrDjKGSKpnBDJoR+o+yzrqRo9zJzMU/TMznpXnlm16tYEcJ7YBamCAv8b98wXpx/jNCSRxAwJ0bWtRLoKcUkxI1nZSQVJEB6hAelqGqGQCFdNAmfwQCt9GMRcv0jCifpzQ6FQiHHo68k8l5j1cvEvr5vK4NRVNEpSSSI8PRSkDMoY5u3BPuUESzbWBGFO9V8hHiKOsNQdl3V0ezboPGkd1W2rbt8cVxvnRWclsA8qoAZscAIa4BJcgybA4AE8gmfwbjwZr8aH8TkdXTCKnT3wC8bXN/gwouE=</latexit>

Sampling algorithm 
(e.g., MCMC)

e.g., likelihood, energy, 
“score function”
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Concept #2: you can represent the data generating 
process directly or indireclty



Autoregressive models
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Autoregressive models

Once upon a___ time

Once ___ a time Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

Upon

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>



!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

,
,
,
,

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

T
ra
in
in
g

<latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit>

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>

xn
<latexit sha1_base64="NEqcSgvVdiYNMT3e3vfZTfnIuzA=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWTSTBuaSYYko5Zh/sONC0Xc+i/u/Bsz7Sy09UDgcM693JMTxJxp47rfTmlldW19o7xZ2dre2d2r7h+0tUwUoS0iuVTdAGvKmaAtwwyn3VhRHAWcdoLJde53HqjSTIo7M42pH+GRYCEj2Fjpvh9hMw7C9CkbpCIbVGtu3Z0BLROvIDUo0BxUv/pDSZKICkM41rrnubHxU6wMI5xmlX6iaYzJBI9oz1KBI6r9dJY6QydWGaJQKvuEQTP190aKI62nUWAn85R60cvF/7xeYsJLP2UiTgwVZH4oTDgyEuUVoCFTlBg+tQQTxWxWRMZYYWJsURVbgrf45WXSPqt7bt27Pa81roo6ynAEx3AKHlxAA26gCS0goOAZXuHNeXRenHfnYz5acoqdQ/gD5/MHU2aTCQ==</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit>

Once upon a time

There and back again

The slow brown fox

To be or not to be

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

S
am

p
li
n
g

<latexit sha1_base64="njAQj444Og2vP6pxJWF5hHmGmMk=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvsJUt2987dOSGE/AkbC0Vs/Tt2/hs3yRWa+GDg8d4MM/OiVAqLvv/tra1vbG5tF3aKu3v7B4elo+OmTTLDeIMlMjHtiFouheYNFCh5OzWcqkjyVjS6mfmtJ26sSPQDjlMeKjrQIhaMopPa91S5LXrQK5X9ij8HWSVBTsqQo94rfXX7CcsU18gktbYT+CmGE2pQMMmnxW5meUrZiA54x1FNFbfhZH7vlJw7pU/ixLjSSObq74kJVdaOVeQ6FcWhXfZm4n9eJ8P4KpwInWbINVssijNJMCGz50lfGM5Qjh2hzAh3K2FDaihDF1HRhRAsv7xKmtVK4FeCu2q5dp3HUYBTOIMLCOASanALdWgAAwnP8Apv3qP34r17H4vWNS+fOYE/8D5/ACLVkAM=</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit>

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>

x̂n
<latexit sha1_base64="tuZYpdb5xpUrPFc3v9Np5ovJ474=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1gEVyURQZdFNy4r2FZoQplMJ+3QySTMTMQagr/ixoUibv0Pd/6NkzYLbT0wcDjnXu6ZEyScKe0431ZlaXllda26XtvY3NresXf3OipOJaFtEvNY3gVYUc4EbWumOb1LJMVRwGk3GF8VfveeSsVicasnCfUjPBQsZARrI/XtA2+EdeZFWI+CMHvI834m8r5ddxrOFGiRuCWpQ4lW3/7yBjFJIyo04Vipnusk2s+w1Ixwmte8VNEEkzEe0p6hAkdU+dk0fY6OjTJAYSzNExpN1d8bGY6UmkSBmSxiqnmvEP/zeqkOL/yMiSTVVJDZoTDlSMeoqAINmKRE84khmEhmsiIywhITbQqrmRLc+S8vks5pw3Ua7s1ZvXlZ1lGFQziCE3DhHJpwDS1oA4FHeIZXeLOerBfr3fqYjVascmcf/sD6/AG3E5YH</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit>

Colorless green ideas sleep furiously

… …
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Autoregressive probability models
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method is perhaps the most common.
So we can model the probability of each subsequent pixel given the preceding pixels.

To generate an image we can sample a value for the first pixel, then the second given the
first, then the third given the first and second, and so forth. But is this a valid model of
p(X) = p(x1, . . . ,xn), the probability distribution of the full set of pixels? Does this way of
sequential sampling draw a valid sample from p(X)? It turns out it does, according tothe
chain rule of probability. This rule allows us to factorize any joint distribution into a
product of conditionals as follows:

As a notational
convenience, we define
here that
p(xi|x1, . . . ,xi�1) =
p(x1) when i = 1.

p(X) = p(xn|x1, . . . ,xn�1)p(xn�1|x1, . . . ,xn�2) . . . p(x2|x1)p(x1) (29.36)

p(X) =
nY

i=1

p(xi|x1, . . . ,xi�1) (29.37)

This factorization demonstrates that sampling from such a model can be indeed done in
sequence because all the conditional distributions are independent of each other, and we just
take a product over all of them. This sampling method is also called ancestral sampling
(sample your ancestors first, then each next “generation” given the preceding generation).

To train an autogressive a model, you just need to extract supervised pairs of desired
input-output behavior, as usual. For an autoregressive model of pixels, that means extracting
sequences of pixels x1, . . . ,xn�1 and corresponding observed next pixel xn. These can be
extracted by traversing images in raster order. The full training and testing setup looks like
this:

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit> <latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

,
,
,
,

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

S
am

p
li
n
g

<latexit sha1_base64="njAQj444Og2vP6pxJWF5hHmGmMk=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvsJUt2987dOSGE/AkbC0Vs/Tt2/hs3yRWa+GDg8d4MM/OiVAqLvv/tra1vbG5tF3aKu3v7B4elo+OmTTLDeIMlMjHtiFouheYNFCh5OzWcqkjyVjS6mfmtJ26sSPQDjlMeKjrQIhaMopPa91S5LXrQK5X9ij8HWSVBTsqQo94rfXX7CcsU18gktbYT+CmGE2pQMMmnxW5meUrZiA54x1FNFbfhZH7vlJw7pU/ixLjSSObq74kJVdaOVeQ6FcWhXfZm4n9eJ8P4KpwInWbINVssijNJMCGz50lfGM5Qjh2hzAh3K2FDaihDF1HRhRAsv7xKmtVK4FeCu2q5dp3HUYBTOIMLCOASanALdWgAAwnP8Apv3qP34r17H4vWNS+fOYE/8D5/ACLVkAM=</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit>

T
ra

in
in

g
<latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit>

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>

xn
<latexit sha1_base64="NEqcSgvVdiYNMT3e3vfZTfnIuzA=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWTSTBuaSYYko5Zh/sONC0Xc+i/u/Bsz7Sy09UDgcM693JMTxJxp47rfTmlldW19o7xZ2dre2d2r7h+0tUwUoS0iuVTdAGvKmaAtwwyn3VhRHAWcdoLJde53HqjSTIo7M42pH+GRYCEj2Fjpvh9hMw7C9CkbpCIbVGtu3Z0BLROvIDUo0BxUv/pDSZKICkM41rrnubHxU6wMI5xmlX6iaYzJBI9oz1KBI6r9dJY6QydWGaJQKvuEQTP190aKI62nUWAn85R60cvF/7xeYsJLP2UiTgwVZH4oTDgyEuUVoCFTlBg+tQQTxWxWRMZYYWJsURVbgrf45WXSPqt7bt27Pa81roo6ynAEx3AKHlxAA26gCS0goOAZXuHNeXRenHfnYz5acoqdQ/gD5/MHU2aTCQ==</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>
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Training e�ciency trick: When training autoregressive models, the naive way to set up
the training batches is to take as input a sequence x1, . . . ,x4, then predict x̂5, compare the
prediction to the ground truth x5, and backprob the loss. It turns out there is a much more
e�cient way to do it: typically, to predict x̂5, the autoregressive model had to also predict
x̂1, . . . , x̂4 – this is the case, for example, if the autoregressive model is an RNN, where the
hidden state has to be updated sequentially and, after you have computed the sequence of
hidden states, making predictions for each item in the sequence requires very little compute
(maybe a linear layer and a softmax). In these cases, it’s much more e�cient to compare
each prediction x̂1, . . . , x̂5 to the ground truth and backprop all five losses.

Autogressive models give us an explicit density function, Equation 29.37. To sample
from this density we can use ancestral sampling, which refers to sampling the first pixel
from p(x1), then, conditioned on this pixel, sample the second from p(x2|x1) an so forth.
Since each of these densities is a categorical distribution, sampling is easy: one option is to
partition a unit line segment into regions of length equal to the categorical probabilities and
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method is perhaps the most common.
So we can model the probability of each subsequent pixel given the preceding pixels.

To generate an image we can sample a value for the first pixel, then the second given the
first, then the third given the first and second, and so forth. But is this a valid model of
p(X) = p(x1, . . . ,xn), the probability distribution of the full set of pixels? Does this way of
sequential sampling draw a valid sample from p(X)? It turns out it does, according tothe
chain rule of probability. This rule allows us to factorize any joint distribution into a
product of conditionals as follows:

As a notational
convenience, we define
here that
p(xi|x1, . . . ,xi�1) =
p(x1) when i = 1.

p(X) = p(xn|x1, . . . ,xn�1)p(xn�1|x1, . . . ,xn�2) . . . p(x2|x1)p(x1) (29.36)

p(X) =
nY

i=1

p(xi|x1, . . . ,xi�1) (29.37)

This factorization demonstrates that sampling from such a model can be indeed done in
sequence because all the conditional distributions are independent of each other, and we just
take a product over all of them. This sampling method is also called ancestral sampling
(sample your ancestors first, then each next “generation” given the preceding generation).

To train an autogressive a model, you just need to extract supervised pairs of desired
input-output behavior, as usual. For an autoregressive model of pixels, that means extracting
sequences of pixels x1, . . . ,xn�1 and corresponding observed next pixel xn. These can be
extracted by traversing images in raster order. The full training and testing setup looks like
this:
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,
,
,
,

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

S
am

p
li
n
g

<latexit sha1_base64="njAQj444Og2vP6pxJWF5hHmGmMk=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2lhHNByRH2NvsJUt2987dOSGE/AkbC0Vs/Tt2/hs3yRWa+GDg8d4MM/OiVAqLvv/tra1vbG5tF3aKu3v7B4elo+OmTTLDeIMlMjHtiFouheYNFCh5OzWcqkjyVjS6mfmtJ26sSPQDjlMeKjrQIhaMopPa91S5LXrQK5X9ij8HWSVBTsqQo94rfXX7CcsU18gktbYT+CmGE2pQMMmnxW5meUrZiA54x1FNFbfhZH7vlJw7pU/ixLjSSObq74kJVdaOVeQ6FcWhXfZm4n9eJ8P4KpwInWbINVssijNJMCGz50lfGM5Qjh2hzAh3K2FDaihDF1HRhRAsv7xKmtVK4FeCu2q5dp3HUYBTOIMLCOASanALdWgAAwnP8Apv3qP34r17H4vWNS+fOYE/8D5/ACLVkAM=</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit><latexit sha1_base64="Aj9KcFM1SaOsijOddBZodfEW3RA=">AAACFHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbS0XzgGQJdyezyZCZ2WVmVgghP2Fh46/YiNha2Pk3TpItNLHwwMDhnHu5c06UCm6s7395K6tr6xubha3i9s7u3n7p4LBhkkxTVqeJSHQrQsMEV6xuuRWslWqGMhKsGQ2vpn7zgWnDE3VvRykLJfYVjzlF66TWHUp3RfW7pbJf8WcgyyTISRly/G+8W/rs9BKaSaYsFWhMO/BTG45RW04FmxQ7mWEp0iH2WdtRhZKZcDwLNSGnTumRONHuKUtm6s+NMUpjRjJykxLtwCx6U/Evr53Z+CIcc5Vmlik6PxRngtiETBsiPa4ZtWLkCFLN3V8JHaBGal2PRRc9WAy6TBrVSuBXgttquXaZd1aAYziBMwjgHGpwDTdQBwoCHuEZXr0n78V7897noytevnMEv+B9fAPwxJd8</latexit>

T
ra

in
in

g
<latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit><latexit sha1_base64="TRc/X31uf+rkNQ2GCCLPpvHdBuU=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe7SmDJoYxkhX5AcYW+zlyzZ2zt354Rw5E/YWChi69+x89+4Sa7QxAcDj/dmmJkXJFIYdN1vp7C1vbO7V9wvHRweHZ+UT886Jk41420Wy1j3Amq4FIq3UaDkvURzGgWSd4Pp3cLvPnFtRKxaOEu4H9GxEqFgFK3Ua2kqlFDjYbniVt0lyCbxclKBHM1h+WswilkacYVMUmP6npugn1GNgkk+Lw1SwxPKpnTM+5YqGnHjZ8t75+TKKiMSxtqWQrJUf09kNDJmFgW2M6I4MeveQvzP66cY1v1MqCRFrthqUZhKgjFZPE9GQnOGcmYJZVrYWwmbUE0Z2ohKNgRv/eVN0qlVPbfqPdQqjds8jiJcwCVcgwc30IB7aEIbGEh4hld4cx6dF+fd+Vi1Fpx85hz+wPn8ASR0kAQ=</latexit>

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

Predictor
<latexit sha1_base64="+R+U7dKldTVrW+2u01d5L703cDY=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKezmosegF48RzEOSJczOziZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFKWfG+v63V9rY3NreKe9W9vYPDo+qxycdozJNaJsornQvwoZyJmnbMstpL9UUi4jTbjS5nfvdJ6oNU/LBTlMaCjySLGEEWyc9tjSNGbFKD6s1v+4vgNZJUJAaFGgNq1+DWJFMUGkJx8b0Az+1YY61ZYTTWWWQGZpiMsEj2ndUYkFNmC8OnqELp8QoUdqVtGih/p7IsTBmKiLXKbAdm1VvLv7n9TObXIc5k2lmqSTLRUnGkVVo/j2KmabE8qkjmGjmbkVkjDUm1mVUcSEEqy+vk06jHvj14L5Ra94UcZThDM7hEgK4gibcQQvaQEDAM7zCm6e9F+/d+1i2lrxi5hT+wPv8AfYvkH4=</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit><latexit sha1_base64="t8odHEcuZ7FPmmH/Qa/KBYIQVJQ=">AAACFXicjVC7SgNBFJ2NrxhfUUubwSBYhd00WgZtLCOYhyRLmJ2dTYbMY5m5K4SQr7Cw8VdsRGwFO//GSbKFJhYeGDiccy537olSwS34/pdXWFvf2Nwqbpd2dvf2D8qHRy2rM0NZk2qhTScilgmuWBM4CNZJDSMyEqwdja5nfvuBGcu1uoNxykJJBoonnBJw0n3DsJhT0KZfrvhVfw68SoKcVFCO/8X75c9erGkmmQIqiLXdwE8hnBADnAo2LfUyy1JCR2TAuo4qIpkNJ/OrpvjMKTFOtHFPAZ6rPycmRFo7lpFLSgJDu+zNxL+8bgbJZTjhKs2AKbpYlGQCg8azinDMDaMgxo4Qarj7K6ZDYggFV2TJnR4sH7pKWrVq4FeD21qlfpV3VkQn6BSdowBdoDq6QQ3URBRJ9Iie0av35L14b977Ilrw8plj9AvexzfUp5f3</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>

xn
<latexit sha1_base64="NEqcSgvVdiYNMT3e3vfZTfnIuzA=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWTSTBuaSYYko5Zh/sONC0Xc+i/u/Bsz7Sy09UDgcM693JMTxJxp47rfTmlldW19o7xZ2dre2d2r7h+0tUwUoS0iuVTdAGvKmaAtwwyn3VhRHAWcdoLJde53HqjSTIo7M42pH+GRYCEj2Fjpvh9hMw7C9CkbpCIbVGtu3Z0BLROvIDUo0BxUv/pDSZKICkM41rrnubHxU6wMI5xmlX6iaYzJBI9oz1KBI6r9dJY6QydWGaJQKvuEQTP190aKI62nUWAn85R60cvF/7xeYsJLP2UiTgwVZH4oTDgyEuUVoCFTlBg+tQQTxWxWRMZYYWJsURVbgrf45WXSPqt7bt27Pa81roo6ynAEx3AKHlxAA26gCS0goOAZXuHNeXRenHfnYz5acoqdQ/gD5/MHU2aTCQ==</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>

x̂n
<latexit sha1_base64="tuZYpdb5xpUrPFc3v9Np5ovJ474=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1gEVyURQZdFNy4r2FZoQplMJ+3QySTMTMQagr/ixoUibv0Pd/6NkzYLbT0wcDjnXu6ZEyScKe0431ZlaXllda26XtvY3NresXf3OipOJaFtEvNY3gVYUc4EbWumOb1LJMVRwGk3GF8VfveeSsVicasnCfUjPBQsZARrI/XtA2+EdeZFWI+CMHvI834m8r5ddxrOFGiRuCWpQ4lW3/7yBjFJIyo04Vipnusk2s+w1Ixwmte8VNEEkzEe0p6hAkdU+dk0fY6OjTJAYSzNExpN1d8bGY6UmkSBmSxiqnmvEP/zeqkOL/yMiSTVVJDZoTDlSMeoqAINmKRE84khmEhmsiIywhITbQqrmRLc+S8vks5pw3Ua7s1ZvXlZ1lGFQziCE3DhHJpwDS1oA4FHeIZXeLOerBfr3fqYjVascmcf/sD6/AG3E5YH</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit>

Training e�ciency trick: When training autoregressive models, the naive way to set up
the training batches is to take as input a sequence x1, . . . ,x4, then predict x̂5, compare the
prediction to the ground truth x5, and backprob the loss. It turns out there is a much more
e�cient way to do it: typically, to predict x̂5, the autoregressive model had to also predict
x̂1, . . . , x̂4 – this is the case, for example, if the autoregressive model is an RNN, where the
hidden state has to be updated sequentially and, after you have computed the sequence of
hidden states, making predictions for each item in the sequence requires very little compute
(maybe a linear layer and a softmax). In these cases, it’s much more e�cient to compare
each prediction x̂1, . . . , x̂5 to the ground truth and backprop all five losses.

Autogressive models give us an explicit density function, Equation 29.37. To sample
from this density we can use ancestral sampling, which refers to sampling the first pixel
from p(x1), then, conditioned on this pixel, sample the second from p(x2|x1) an so forth.
Since each of these densities is a categorical distribution, sampling is easy: one option is to
partition a unit line segment into regions of length equal to the categorical probabilities and

Autoregressive probability model

p(Once upon a time)
<latexit sha1_base64="fRmRqzXqGNpFtULbyoCl9DycOCk=">AAACBXicbVA9SwNBEN2LXzF+nVpqsRiE2IQ7EbQM2tgZwXxAEsLeZpIs2ds7dufEcKSx8a/YWChi63+w89+4+Sg08cHA470ZZuYFsRQGPe/bySwtr6yuZddzG5tb2zvu7l7VRInmUOGRjHQ9YAakUFBBgRLqsQYWBhJqweBq7NfuQRsRqTscxtAKWU+JruAMrdR2D+NCE+EBEdMbxYEmcaQooyhCGJ203bxX9Cagi8SfkTyZodx2v5qdiCchKOSSGdPwvRhbKdMouIRRrpkYiBkfsB40LFUsBNNKJ1+M6LFVOrQbaVsK6UT9PZGy0JhhGNjOkGHfzHtj8T+vkWD3opUKFScIik8XdRNJMaLjSGhHaOAoh5YwroW9lfI+04yjDS5nQ/DnX14k1dOi7xX927N86XIWR5YckCNSID45JyVyTcqkQjh5JM/klbw5T86L8+58TFszzmxmn/yB8/kDAm6YPA==</latexit><latexit sha1_base64="VlMx5vZFUOdcrIOjyhxkxus9wHc=">AAACKnicjVC7SgNBFJ2NrxhfUUstBoMQm7ArgpZBGzsVzAOSEGYnN8mQ2dll5q4YljR+jYWNv5JGgq0f4iTZQhMLDwwczjmXO/f4kRQGXXfiZFZW19Y3spu5re2d3b38/kHVhLHmUOGhDHXdZwakUFBBgRLqkQYW+BJq/uBm6teeQBsRqkccRtAKWE+JruAMrdTOH0fFJsIzIiZ3igONo1BRRlEEMDpr5wtuyZ2BLhMvJQWS4n/xdn7c7IQ8DkAhl8yYhudG2EqYRsEljHLN2EDE+ID1oGGpYgGYVjI7dURPrdKh3VDbp5DO1J8TCQuMGQa+TQYM+2bRm4p/eY0Yu1etRKgoRlB8vqgbS4ohnfZGO0IDRzm0hHEt7F8p7zPNONp2c/Z0b/HQZVI9L3luyXu4KJSv086y5IickCLxyCUpk1tyTyqEkxfySt7Jh/PmjJ2J8zmPZpx05pD8gvP1DePBn7U=</latexit><latexit sha1_base64="VlMx5vZFUOdcrIOjyhxkxus9wHc=">AAACKnicjVC7SgNBFJ2NrxhfUUstBoMQm7ArgpZBGzsVzAOSEGYnN8mQ2dll5q4YljR+jYWNv5JGgq0f4iTZQhMLDwwczjmXO/f4kRQGXXfiZFZW19Y3spu5re2d3b38/kHVhLHmUOGhDHXdZwakUFBBgRLqkQYW+BJq/uBm6teeQBsRqkccRtAKWE+JruAMrdTOH0fFJsIzIiZ3igONo1BRRlEEMDpr5wtuyZ2BLhMvJQWS4n/xdn7c7IQ8DkAhl8yYhudG2EqYRsEljHLN2EDE+ID1oGGpYgGYVjI7dURPrdKh3VDbp5DO1J8TCQuMGQa+TQYM+2bRm4p/eY0Yu1etRKgoRlB8vqgbS4ohnfZGO0IDRzm0hHEt7F8p7zPNONp2c/Z0b/HQZVI9L3luyXu4KJSv086y5IickCLxyCUpk1tyTyqEkxfySt7Jh/PmjJ2J8zmPZpx05pD8gvP1DePBn7U=</latexit><latexit sha1_base64="VlMx5vZFUOdcrIOjyhxkxus9wHc=">AAACKnicjVC7SgNBFJ2NrxhfUUstBoMQm7ArgpZBGzsVzAOSEGYnN8mQ2dll5q4YljR+jYWNv5JGgq0f4iTZQhMLDwwczjmXO/f4kRQGXXfiZFZW19Y3spu5re2d3b38/kHVhLHmUOGhDHXdZwakUFBBgRLqkQYW+BJq/uBm6teeQBsRqkccRtAKWE+JruAMrdTOH0fFJsIzIiZ3igONo1BRRlEEMDpr5wtuyZ2BLhMvJQWS4n/xdn7c7IQ8DkAhl8yYhudG2EqYRsEljHLN2EDE+ID1oGGpYgGYVjI7dURPrdKh3VDbp5DO1J8TCQuMGQa+TQYM+2bRm4p/eY0Yu1etRKgoRlB8vqgbS4ohnfZGO0IDRzm0hHEt7F8p7zPNONp2c/Z0b/HQZVI9L3luyXu4KJSv086y5IickCLxyCUpk1tyTyqEkxfySt7Jh/PmjJ2J8zmPZpx05pD8gvP1DePBn7U=</latexit>

(<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

p(Once)
<latexit sha1_base64="qKIE0zaRNBikuKVrauzkG5g8LCI=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQLyURQY9FL96sYD+gDWWznbRLN5uwOymW0H/ixYMiXv0n3vw3btsctPXBwOO9GWbmBYngGl332yqsrW9sbhW3Szu7e/sH9uFRU8epYtBgsYhVO6AaBJfQQI4C2okCGgUCWsHodua3xqA0j+UjThLwIzqQPOSMopF6tp1UughPiJjdSwbT855ddqvuHM4q8XJSJjnqPfur249ZGoFEJqjWHc9N0M+oQs4ETEvdVENC2YgOoGOopBFoP5tfPnXOjNJ3wliZkujM1d8TGY20nkSB6YwoDvWyNxP/8zophtd+xmWSIki2WBSmwsHYmcXg9LkChmJiCGWKm1sdNqSKMjRhlUwI3vLLq6R5UfXcqvdwWa7d5HEUyQk5JRXikStSI3ekThqEkTF5Jq/kzcqsF+vd+li0Fqx85pj8gfX5A4YDk5I=</latexit><latexit sha1_base64="m8ENYnuhpUkUaCD7oQTcGaUEdds=">AAACHnicjVBNS8NAFNzUr1q/oh69BItQLyURQY9FL95UsK3QhrLZvrRLN5uw+1Isof/Egxf/ihcRwZP+G7dtDtp6cGBhmJnH2zdBIrhG1/2yCkvLK6trxfXSxubW9o69u9fQcaoY1FksYnUfUA2CS6gjRwH3iQIaBQKaweBy4jeHoDSP5R2OEvAj2pM85IyikTq2nVTaCA+ImF1LBuPjjl12q+4UziLxclImOf4X79gf7W7M0ggkMkG1bnlugn5GFXImYFxqpxoSyga0By1DJY1A+9n0vLFzZJSuE8bKPInOVP05kdFI61EUmGREsa/nvYn4l9dKMTz3My6TFEGy2aIwFQ7GzqQrp8sVMBQjQyhT3PzVYX2qKEPTaMmc7s0fukgaJ1XPrXq3p+XaRd5ZkRyQQ1IhHjkjNXJFbkidMDIkj+SZvFpP1ov1Zr3PogUrn9knv2B9fgPKYJsL</latexit><latexit sha1_base64="m8ENYnuhpUkUaCD7oQTcGaUEdds=">AAACHnicjVBNS8NAFNzUr1q/oh69BItQLyURQY9FL95UsK3QhrLZvrRLN5uw+1Isof/Egxf/ihcRwZP+G7dtDtp6cGBhmJnH2zdBIrhG1/2yCkvLK6trxfXSxubW9o69u9fQcaoY1FksYnUfUA2CS6gjRwH3iQIaBQKaweBy4jeHoDSP5R2OEvAj2pM85IyikTq2nVTaCA+ImF1LBuPjjl12q+4UziLxclImOf4X79gf7W7M0ggkMkG1bnlugn5GFXImYFxqpxoSyga0By1DJY1A+9n0vLFzZJSuE8bKPInOVP05kdFI61EUmGREsa/nvYn4l9dKMTz3My6TFEGy2aIwFQ7GzqQrp8sVMBQjQyhT3PzVYX2qKEPTaMmc7s0fukgaJ1XPrXq3p+XaRd5ZkRyQQ1IhHjkjNXJFbkidMDIkj+SZvFpP1ov1Zr3PogUrn9knv2B9fgPKYJsL</latexit><latexit sha1_base64="m8ENYnuhpUkUaCD7oQTcGaUEdds=">AAACHnicjVBNS8NAFNzUr1q/oh69BItQLyURQY9FL95UsK3QhrLZvrRLN5uw+1Isof/Egxf/ihcRwZP+G7dtDtp6cGBhmJnH2zdBIrhG1/2yCkvLK6trxfXSxubW9o69u9fQcaoY1FksYnUfUA2CS6gjRwH3iQIaBQKaweBy4jeHoDSP5R2OEvAj2pM85IyikTq2nVTaCA+ImF1LBuPjjl12q+4UziLxclImOf4X79gf7W7M0ggkMkG1bnlugn5GFXImYFxqpxoSyga0By1DJY1A+9n0vLFzZJSuE8bKPInOVP05kdFI61EUmGREsa/nvYn4l9dKMTz3My6TFEGy2aIwFQ7GzqQrp8sVMBQjQyhT3PzVYX2qKEPTaMmc7s0fukgaJ1XPrXq3p+XaRd5ZkRyQQ1IhHjkjNXJFbkidMDIkj+SZvFpP1ov1Zr3PogUrn9knv2B9fgPKYJsL</latexit> (<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

p(upon|Once)
<latexit sha1_base64="WTUCiTqssYNf/3eLx0hIZP7BPlQ=">AAACCXicbVA9SwNBEN3zM8avqKXNYhBiE+5E0DJoY2cE8wFJCHubSbJkb+/YnRPDmdbGv2JjoYit/8DOf+MmOUETHwy8fW+GnXl+JIVB1/1yFhaXlldWM2vZ9Y3Nre3czm7VhLHmUOGhDHXdZwakUFBBgRLqkQYW+BJq/uBi7NduQRsRqhscRtAKWE+JruAMrdTO0ajQRLhDxCSOQjWi9/TnfaU4jI7aubxbdCeg88RLSZ6kKLdzn81OyOMAFHLJjGl4boSthGkUXMIo24wNRIwPWA8alioWgGklk0tG9NAqHdoNtS2FdKL+nkhYYMww8G1nwLBvZr2x+J/XiLF71kqEimIExacfdWNJMaTjWGhHaOAoh5YwroXdlfI+04yjDS9rQ/BmT54n1eOi5xa965N86TyNI0P2yQEpEI+ckhK5JGVSIZw8kCfyQl6dR+fZeXPep60LTjqzR/7A+fgGSoqasQ==</latexit><latexit sha1_base64="PwluxOF10yJwxCXR52QaE+WigRE=">AAACLnicjVDLSgMxFM34rPVVdekmWIS6KTMi6LLoxp0K9gFtKZn0tg3NZIbkjljGbv0aF278EReCiLj1M0zbEbR14YHAyTn3kpzjR1IYdN1XZ25+YXFpObOSXV1b39jMbW1XTBhrDmUeylDXfGZACgVlFCihFmlggS+h6vfPRn71BrQRobrGQQTNgHWV6AjO0EqtHI0KDYRbREziKFRDeke/7xeKw/Cglcu7RXcMOku8lORJiv+Nt3LPjXbI4wAUcsmMqXtuhM2EaRRcwjDbiA1EjPdZF+qWKhaAaSbjuEO6b5U27YTaHoV0rP7cSFhgzCDw7WTAsGemvZH4l1ePsXPSTISKYgTFJw91YkkxpKPuaFto4CgHljCuhf0r5T2mGUfbcNZG96aDzpLKYdFzi97VUb50mnaWIbtkjxSIR45JiZyTS1ImnNyTB/JE3pxH58V5dz4mo3NOurNDfsH5/AKBoaIq</latexit><latexit sha1_base64="PwluxOF10yJwxCXR52QaE+WigRE=">AAACLnicjVDLSgMxFM34rPVVdekmWIS6KTMi6LLoxp0K9gFtKZn0tg3NZIbkjljGbv0aF278EReCiLj1M0zbEbR14YHAyTn3kpzjR1IYdN1XZ25+YXFpObOSXV1b39jMbW1XTBhrDmUeylDXfGZACgVlFCihFmlggS+h6vfPRn71BrQRobrGQQTNgHWV6AjO0EqtHI0KDYRbREziKFRDeke/7xeKw/Cglcu7RXcMOku8lORJiv+Nt3LPjXbI4wAUcsmMqXtuhM2EaRRcwjDbiA1EjPdZF+qWKhaAaSbjuEO6b5U27YTaHoV0rP7cSFhgzCDw7WTAsGemvZH4l1ePsXPSTISKYgTFJw91YkkxpKPuaFto4CgHljCuhf0r5T2mGUfbcNZG96aDzpLKYdFzi97VUb50mnaWIbtkjxSIR45JiZyTS1ImnNyTB/JE3pxH58V5dz4mo3NOurNDfsH5/AKBoaIq</latexit><latexit sha1_base64="PwluxOF10yJwxCXR52QaE+WigRE=">AAACLnicjVDLSgMxFM34rPVVdekmWIS6KTMi6LLoxp0K9gFtKZn0tg3NZIbkjljGbv0aF278EReCiLj1M0zbEbR14YHAyTn3kpzjR1IYdN1XZ25+YXFpObOSXV1b39jMbW1XTBhrDmUeylDXfGZACgVlFCihFmlggS+h6vfPRn71BrQRobrGQQTNgHWV6AjO0EqtHI0KDYRbREziKFRDeke/7xeKw/Cglcu7RXcMOku8lORJiv+Nt3LPjXbI4wAUcsmMqXtuhM2EaRRcwjDbiA1EjPdZF+qWKhaAaSbjuEO6b5U27YTaHoV0rP7cSFhgzCDw7WTAsGemvZH4l1ePsXPSTISKYgTFJw91YkkxpKPuaFto4CgHljCuhf0r5T2mGUfbcNZG96aDzpLKYdFzi97VUb50mnaWIbtkjxSIR45JiZyTS1ImnNyTB/JE3pxH58V5dz4mo3NOurNDfsH5/AKBoaIq</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

p(a|Once, upon)
<latexit sha1_base64="QN2OpWkqGip5cJZlvWetol10ZWk=">AAACFXicbVDLSgNBEJyN7/iKevQyGIQIIeyKoMegF28qmAckIcxOOjpkdnaZ6RXDuj/hxV/x4kERr4I3/8bJQ9HEgoHqqm56uvxICoOu++lkZmbn5hcWl7LLK6tr67mNzaoJY82hwkMZ6rrPDEihoIICJdQjDSzwJdT83snAr92ANiJUl9iPoBWwKyW6gjO0UjtXjApNhFtETFhK7+h3caY4pMWfMo5Cle61c3m35A5Bp4k3Jnkyxnk799HshDwOQCGXzJiG50bYSphGwSWk2WZsIGK8x66gYaliAZhWMrwqpbtW6dBuqO1TSIfq74mEBcb0A992BgyvzaQ3EP/zGjF2j1qJUFGMoPhoUTeWFEM6iIh2hAaOsm8J41rYv1J+zTTjaIPM2hC8yZOnSXW/5Lkl7+IgXz4ex7FItskOKRCPHJIyOSXnpEI4uSeP5Jm8OA/Ok/PqvI1aM854Zov8gfP+Bc7xn9c=</latexit><latexit sha1_base64="zbVWaL3Be2/OFzMjfSbr+sFcBok=">AAACOnicjVDLSgNBEJyNrxhfUY9eBoOgIGFXBD0GvXhTwUQhWcLspFeHzM4uM71iWPcn/BoPXvwFb169iHj1A5w8FF8HGwaqq6rpqQ4SKQy67qNTGBufmJwqTpdmZufmF8qLSw0Tp5pDnccy1mcBMyCFgjoKlHCWaGBRIOE06O739dNL0EbE6gR7CfgRO1ciFJyhpdrlzWS9hXCFiBnL6TX9aA4Vh3zzs02TWOUb7XLFrbqDor+BNwIVMqr/2dvlh1Yn5mkECrlkxjQ9N0E/YxoFl5CXWqmBhPEuO4emhYpFYPxsED2na5bp0DDW9imkA/brRMYiY3pRYJ0RwwvzU+uTf2nNFMNdPxMqSREUHy4KU0kxpv070o7QwFH2LGBcC/tXyi+YZhzttUs2uvcz6G/Q2Kp6btU73q7U9kY3K5IVskrWiUd2SI0ckCNSJ5zckFtyT56dO+fJeXFeh9aCM5pZJt/KeXsHtPmnUA==</latexit><latexit sha1_base64="zbVWaL3Be2/OFzMjfSbr+sFcBok=">AAACOnicjVDLSgNBEJyNrxhfUY9eBoOgIGFXBD0GvXhTwUQhWcLspFeHzM4uM71iWPcn/BoPXvwFb169iHj1A5w8FF8HGwaqq6rpqQ4SKQy67qNTGBufmJwqTpdmZufmF8qLSw0Tp5pDnccy1mcBMyCFgjoKlHCWaGBRIOE06O739dNL0EbE6gR7CfgRO1ciFJyhpdrlzWS9hXCFiBnL6TX9aA4Vh3zzs02TWOUb7XLFrbqDor+BNwIVMqr/2dvlh1Yn5mkECrlkxjQ9N0E/YxoFl5CXWqmBhPEuO4emhYpFYPxsED2na5bp0DDW9imkA/brRMYiY3pRYJ0RwwvzU+uTf2nNFMNdPxMqSREUHy4KU0kxpv070o7QwFH2LGBcC/tXyi+YZhzttUs2uvcz6G/Q2Kp6btU73q7U9kY3K5IVskrWiUd2SI0ckCNSJ5zckFtyT56dO+fJeXFeh9aCM5pZJt/KeXsHtPmnUA==</latexit><latexit sha1_base64="zbVWaL3Be2/OFzMjfSbr+sFcBok=">AAACOnicjVDLSgNBEJyNrxhfUY9eBoOgIGFXBD0GvXhTwUQhWcLspFeHzM4uM71iWPcn/BoPXvwFb169iHj1A5w8FF8HGwaqq6rpqQ4SKQy67qNTGBufmJwqTpdmZufmF8qLSw0Tp5pDnccy1mcBMyCFgjoKlHCWaGBRIOE06O739dNL0EbE6gR7CfgRO1ciFJyhpdrlzWS9hXCFiBnL6TX9aA4Vh3zzs02TWOUb7XLFrbqDor+BNwIVMqr/2dvlh1Yn5mkECrlkxjQ9N0E/YxoFl5CXWqmBhPEuO4emhYpFYPxsED2na5bp0DDW9imkA/brRMYiY3pRYJ0RwwvzU+uTf2nNFMNdPxMqSREUHy4KU0kxpv070o7QwFH2LGBcC/tXyi+YZhzttUs2uvcz6G/Q2Kp6btU73q7U9kY3K5IVskrWiUd2SI0ckCNSJ5zckFtyT56dO+fJeXFeh9aCM5pZJt/KeXsHtPmnUA==</latexit>

(

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit><latexit sha1_base64="6OZsRXZb9l4oZkzeMOaKbNhciVU=">AAACE3icjVA9SwNBFHwXv2L8ilraLAbBKtyJoGWIjaWCSYTkCHubd5cle3vH7p4QjvwICxv/io2IrY2d/8ZNcoUmFg4sDDPzePsmSAXXxnW/nNLK6tr6RnmzsrW9s7tX3T9o6yRTDFssEYm6D6hGwSW2DDcC71OFNA4EdoLR1dTvPKDSPJF3ZpyiH9NI8pAzaqzU6TV5FPXyfrXm1t0ZyDLxClKDAv+L96ufvUHCshilYYJq3fXc1Pg5VYYzgZNKL9OYUjaiEXYtlTRG7eezmybkxCoDEibKPmnITP05kdNY63Ec2GRMzVAvelPxL6+bmfDSz7lMM4OSzReFmSAmIdOCyIArZEaMLaFMcftXwoZUUWZsjRV7urd46DJpn9U9t+7dntcazaKzMhzBMZyCBxfQgGu4gRYwGMEjPMOr8+S8OG/O+zxacoqZQ/gF5+Mb216W5Q==</latexit>

p(time|Once, upon, a)
<latexit sha1_base64="sITh+jH6eXnGQB73fkeshfsYip4=">AAACJHicbVDJSgNBEO1xjXGLevTSGAQFCTMiKHgJevFmBLNAEkJPp2Ka9PQM3TViGOdjvPgrXjy44MGL32JnUeJS0PCWKqrr+ZEUBl333Zmanpmdm88sZBeXlldWc2vrFRPGmkOZhzLUNZ8ZkEJBGQVKqEUaWOBLqPq904FfvQZtRKgusR9BM2BXSnQEZ2ilVu442mkg3CBigiKAlN7SL36uOKR73zSOQjVBWbrbyuXdgjss+hd4Y5An4yq1ci+NdsjjABRyyYype26EzYRpFFxCmm3EBiLGe+wK6hYqFoBpJsMjU7ptlTbthNo+hXSoTk4kLDCmH/i2M2DYNb+9gfifV4+xc9RMhIpiBMVHizqxpBjSQWK0LTRwlH0LGNfC/pXyLtOMo801a0Pwfp/8F1T2C55b8C4O8sWTcRwZskm2yA7xyCEpkjNSImXCyR15IE/k2bl3Hp1X523UOuWMZzbIj3I+PgFG3qZp</latexit><latexit sha1_base64="64dStjxOuQ4p2QROC/VZ2KI22uQ=">AAACSXicjVBNSwMxEM3W7/pV9eglWAQFKbsiKHgpevGmgrWFdinZdNaGZrNLMiuWdX+Mv8aDF/Hmz/Ai4sm0VvHr4IPAe29mmMwLEikMuu6jUxgbn5icmp4pzs7NLyyWlpbPTZxqDjUey1g3AmZACgU1FCihkWhgUSChHvQOB/X6JWgjYnWG/QT8iF0oEQrO0Frt0n6y0UK4QsQMRQQ5vaYf+lhxyLc+ZZrE6otk+Wa7VHYr7hD0N/FGpExG+F97u/TQ6sQ8jUAhl8yYpucm6GdMo+AS8mIrNZAw3mMX0LRUsQiMnw2TyOm6dTo0jLV9CunQ/TqRsciYfhTYzohh1/ysDcy/as0Uwz0/EypJERR/XxSmkmJMB7HSjtDAUfYtYVwL+1fKu0wzjjb8oj3d+3nob3K+XfHcine6U64ejDKbJqtkjWwQj+ySKjkiJ6RGOLkht+SePDt3zpPz4ry+txac0cwK+YbC2BsLjqzj</latexit><latexit sha1_base64="64dStjxOuQ4p2QROC/VZ2KI22uQ=">AAACSXicjVBNSwMxEM3W7/pV9eglWAQFKbsiKHgpevGmgrWFdinZdNaGZrNLMiuWdX+Mv8aDF/Hmz/Ai4sm0VvHr4IPAe29mmMwLEikMuu6jUxgbn5icmp4pzs7NLyyWlpbPTZxqDjUey1g3AmZACgU1FCihkWhgUSChHvQOB/X6JWgjYnWG/QT8iF0oEQrO0Frt0n6y0UK4QsQMRQQ5vaYf+lhxyLc+ZZrE6otk+Wa7VHYr7hD0N/FGpExG+F97u/TQ6sQ8jUAhl8yYpucm6GdMo+AS8mIrNZAw3mMX0LRUsQiMnw2TyOm6dTo0jLV9CunQ/TqRsciYfhTYzohh1/ysDcy/as0Uwz0/EypJERR/XxSmkmJMB7HSjtDAUfYtYVwL+1fKu0wzjjb8oj3d+3nob3K+XfHcine6U64ejDKbJqtkjWwQj+ySKjkiJ6RGOLkht+SePDt3zpPz4ry+txac0cwK+YbC2BsLjqzj</latexit><latexit sha1_base64="64dStjxOuQ4p2QROC/VZ2KI22uQ=">AAACSXicjVBNSwMxEM3W7/pV9eglWAQFKbsiKHgpevGmgrWFdinZdNaGZrNLMiuWdX+Mv8aDF/Hmz/Ai4sm0VvHr4IPAe29mmMwLEikMuu6jUxgbn5icmp4pzs7NLyyWlpbPTZxqDjUey1g3AmZACgU1FCihkWhgUSChHvQOB/X6JWgjYnWG/QT8iF0oEQrO0Frt0n6y0UK4QsQMRQQ5vaYf+lhxyLc+ZZrE6otk+Wa7VHYr7hD0N/FGpExG+F97u/TQ6sQ8jUAhl8yYpucm6GdMo+AS8mIrNZAw3mMX0LRUsQiMnw2TyOm6dTo0jLV9CunQ/TqRsciYfhTYzohh1/ysDcy/as0Uwz0/EypJERR/XxSmkmJMB7HSjtDAUfYtYVwL+1fKu0wzjjb8oj3d+3nob3K+XfHcine6U64ejDKbJqtkjWwQj+ySKjkiJ6RGOLkht+SePDt3zpPz4ry+txac0cwK+YbC2BsLjqzj</latexit>
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Modeling a sequence of words

p(time|Once, upon, a)
<latexit sha1_base64="sITh+jH6eXnGQB73fkeshfsYip4=">AAACJHicbVDJSgNBEO1xjXGLevTSGAQFCTMiKHgJevFmBLNAEkJPp2Ka9PQM3TViGOdjvPgrXjy44MGL32JnUeJS0PCWKqrr+ZEUBl333Zmanpmdm88sZBeXlldWc2vrFRPGmkOZhzLUNZ8ZkEJBGQVKqEUaWOBLqPq904FfvQZtRKgusR9BM2BXSnQEZ2ilVu442mkg3CBigiKAlN7SL36uOKR73zSOQjVBWbrbyuXdgjss+hd4Y5An4yq1ci+NdsjjABRyyYype26EzYRpFFxCmm3EBiLGe+wK6hYqFoBpJsMjU7ptlTbthNo+hXSoTk4kLDCmH/i2M2DYNb+9gfifV4+xc9RMhIpiBMVHizqxpBjSQWK0LTRwlH0LGNfC/pXyLtOMo801a0Pwfp/8F1T2C55b8C4O8sWTcRwZskm2yA7xyCEpkjNSImXCyR15IE/k2bl3Hp1X523UOuWMZzbIj3I+PgFG3qZp</latexit><latexit sha1_base64="64dStjxOuQ4p2QROC/VZ2KI22uQ=">AAACSXicjVBNSwMxEM3W7/pV9eglWAQFKbsiKHgpevGmgrWFdinZdNaGZrNLMiuWdX+Mv8aDF/Hmz/Ai4sm0VvHr4IPAe29mmMwLEikMuu6jUxgbn5icmp4pzs7NLyyWlpbPTZxqDjUey1g3AmZACgU1FCihkWhgUSChHvQOB/X6JWgjYnWG/QT8iF0oEQrO0Frt0n6y0UK4QsQMRQQ5vaYf+lhxyLc+ZZrE6otk+Wa7VHYr7hD0N/FGpExG+F97u/TQ6sQ8jUAhl8yYpucm6GdMo+AS8mIrNZAw3mMX0LRUsQiMnw2TyOm6dTo0jLV9CunQ/TqRsciYfhTYzohh1/ysDcy/as0Uwz0/EypJERR/XxSmkmJMB7HSjtDAUfYtYVwL+1fKu0wzjjb8oj3d+3nob3K+XfHcine6U64ejDKbJqtkjWwQj+ySKjkiJ6RGOLkht+SePDt3zpPz4ry+txac0cwK+YbC2BsLjqzj</latexit><latexit sha1_base64="64dStjxOuQ4p2QROC/VZ2KI22uQ=">AAACSXicjVBNSwMxEM3W7/pV9eglWAQFKbsiKHgpevGmgrWFdinZdNaGZrNLMiuWdX+Mv8aDF/Hmz/Ai4sm0VvHr4IPAe29mmMwLEikMuu6jUxgbn5icmp4pzs7NLyyWlpbPTZxqDjUey1g3AmZACgU1FCihkWhgUSChHvQOB/X6JWgjYnWG/QT8iF0oEQrO0Frt0n6y0UK4QsQMRQQ5vaYf+lhxyLc+ZZrE6otk+Wa7VHYr7hD0N/FGpExG+F97u/TQ6sQ8jUAhl8yYpucm6GdMo+AS8mIrNZAw3mMX0LRUsQiMnw2TyOm6dTo0jLV9CunQ/TqRsciYfhTYzohh1/ysDcy/as0Uwz0/EypJERR/XxSmkmJMB7HSjtDAUfYtYVwL+1fKu0wzjjb8oj3d+3nob3K+XfHcine6U64ejDKbJqtkjWwQj+ySKjkiJ6RGOLkht+SePDt3zpPz4ry+txac0cwK+YbC2BsLjqzj</latexit><latexit sha1_base64="64dStjxOuQ4p2QROC/VZ2KI22uQ=">AAACSXicjVBNSwMxEM3W7/pV9eglWAQFKbsiKHgpevGmgrWFdinZdNaGZrNLMiuWdX+Mv8aDF/Hmz/Ai4sm0VvHr4IPAe29mmMwLEikMuu6jUxgbn5icmp4pzs7NLyyWlpbPTZxqDjUey1g3AmZACgU1FCihkWhgUSChHvQOB/X6JWgjYnWG/QT8iF0oEQrO0Frt0n6y0UK4QsQMRQQ5vaYf+lhxyLc+ZZrE6otk+Wa7VHYr7hD0N/FGpExG+F97u/TQ6sQ8jUAhl8yYpucm6GdMo+AS8mIrNZAw3mMX0LRUsQiMnw2TyOm6dTo0jLV9CunQ/TqRsciYfhTYzohh1/ysDcy/as0Uwz0/EypJERR/XxSmkmJMB7HSjtDAUfYtYVwL+1fKu0wzjjb8oj3d+3nob3K+XfHcine6U64ejDKbJqtkjWwQj+ySKjkiJ6RGOLkht+SePDt3zpPz4ry+txac0cwK+YbC2BsLjqzj</latexit>

How to model ?

Just treat it as a next word classifier!

Once upon a
<latexit sha1_base64="KPYfjTf2+9g6Yq1GJv1hA2yevss=">AAAB/XicbVDLSgNBEJyNrxhf8XHzMhgET2FXBD0GvXgzgnlAsoTZSScZMju7zPSKcQn+ihcPinj1P7z5N06SPWhiQUNR1U13VxBLYdB1v53c0vLK6lp+vbCxubW9U9zdq5so0RxqPJKRbgbMgBQKaihQQjPWwMJAQiMYXk38xj1oIyJ1h6MY/JD1legJztBKneJBG+EBEdMbxYEmcaQoG3eKJbfsTkEXiZeREslQ7RS/2t2IJyEo5JIZ0/LcGP2UaRRcwrjQTgzEjA9ZH1qWKhaC8dPp9WN6bJUu7UXalkI6VX9PpCw0ZhQGtjNkODDz3kT8z2sl2LvwU6HiBEHx2aJeIilGdBIF7QoNHOXIEsa1sLdSPmCacbSBFWwI3vzLi6R+Wvbcsnd7VqpcZnHkySE5IifEI+ekQq5JldQIJ4/kmbySN+fJeXHenY9Za87JZvbJHzifP7K2lVw=</latexit><latexit sha1_base64="XEwpCnfSvA6ic30Ww1rUoqJOqJ0=">AAACInicjVC7SgNBFJ2Nrxhf66OzGQyCVdgVQcugjZ0K5gHJEmYnN8mQ2dll5q4Yl/yLhY2/YiNqJfgxTh6FJhYeGDiccy537gkTKQx63qeTW1hcWl7JrxbW1jc2t9ztnaqJU82hwmMZ63rIDEihoIICJdQTDSwKJdTC/sXIr92BNiJWtzhIIIhYV4mO4Ayt1HL3mgj3iJhdKQ40TWJF2bDlFr2SNwadJ/6UFMkU/4u33PdmO+ZpBAq5ZMY0fC/BIGMaBZcwLDRTAwnjfdaFhqWKRWCCbHzikB5apU07sbZPIR2rPycyFhkziEKbjBj2zKw3Ev/yGil2zoJMqCRFUHyyqJNKijEd9UXbQgNHObCEcS3sXynvMc042lYL9nR/9tB5Uj0u+V7Jvzkpls+nneXJPjkgR8Qnp6RMLsk1qRBOHsgjeSavzpPz4rw5H5NozpnO7JJfcL6+ATQgnNU=</latexit><latexit sha1_base64="XEwpCnfSvA6ic30Ww1rUoqJOqJ0=">AAACInicjVC7SgNBFJ2Nrxhf66OzGQyCVdgVQcugjZ0K5gHJEmYnN8mQ2dll5q4Yl/yLhY2/YiNqJfgxTh6FJhYeGDiccy537gkTKQx63qeTW1hcWl7JrxbW1jc2t9ztnaqJU82hwmMZ63rIDEihoIICJdQTDSwKJdTC/sXIr92BNiJWtzhIIIhYV4mO4Ayt1HL3mgj3iJhdKQ40TWJF2bDlFr2SNwadJ/6UFMkU/4u33PdmO+ZpBAq5ZMY0fC/BIGMaBZcwLDRTAwnjfdaFhqWKRWCCbHzikB5apU07sbZPIR2rPycyFhkziEKbjBj2zKw3Ev/yGil2zoJMqCRFUHyyqJNKijEd9UXbQgNHObCEcS3sXynvMc042lYL9nR/9tB5Uj0u+V7Jvzkpls+nneXJPjkgR8Qnp6RMLsk1qRBOHsgjeSavzpPz4rw5H5NozpnO7JJfcL6+ATQgnNU=</latexit><latexit sha1_base64="XEwpCnfSvA6ic30Ww1rUoqJOqJ0=">AAACInicjVC7SgNBFJ2Nrxhf66OzGQyCVdgVQcugjZ0K5gHJEmYnN8mQ2dll5q4Yl/yLhY2/YiNqJfgxTh6FJhYeGDiccy537gkTKQx63qeTW1hcWl7JrxbW1jc2t9ztnaqJU82hwmMZ63rIDEihoIICJdQTDSwKJdTC/sXIr92BNiJWtzhIIIhYV4mO4Ayt1HL3mgj3iJhdKQ40TWJF2bDlFr2SNwadJ/6UFMkU/4u33PdmO+ZpBAq5ZMY0fC/BIGMaBZcwLDRTAwnjfdaFhqWKRWCCbHzikB5apU07sbZPIR2rPycyFhkziEKbjBj2zKw3Ev/yGil2zoJMqCRFUHyyqJNKijEd9UXbQgNHObCEcS3sXynvMc042lYL9nR/9tB5Uj0u+V7Jvzkpls+nneXJPjkgR8Qnp6RMLsk1qRBOHsgjeSavzpPz4rw5H5NozpnO7JJfcL6+ATQgnNU=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

day

elephant

time

0 1
…

year

How to model

Just treat it as a next word classfier!



Autoregressive model of pixels
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f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

Autoregressive model of pixels
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Prediction

0

Ground truth label

…
0 1

…

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

Loss

0

�
<latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit><latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit><latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit><latexit sha1_base64="efCHYzZUrrW5FJbsCkY/M8lzlGQ=">AAACP3icfZDPSgMxEMaz/rf+rR69LFZBRMquCHos6sGLqGCt0C0ym05rMJssyaxYlj6DV30cH8Mn8CZevZnWClrFgcCPb74kM1+cSmEpCJ69kdGx8YnJqenCzOzc/MJicenC6sxwrHIttbmMwaIUCqskSOJlahCSWGItvjno9Wu3aKzQ6pw6KTYSaCvREhzISdVINzVdLZaCctAv/zeEAyixQZ1eFb21qKl5lqAiLsHaehik1MjBkOASu4Uos5gCv4E21h0qSNA28v60XX/dKU2/pY07ivy++v1GDom1nSR2zgTo2g73euJfvXpGrb1GLlSaESr++VErkz5pv7e63xQGOcmOA+BGuFl9fg0GOLmACoXoEN0yBo/dwycpGiBtNvMITDuBu65brh1t9eg/o1BfRkcu13A4xd9wsV0Og3J4tlOq7A8SnmIrbJVtsJDtsgo7YqesyjgT7J49sEfvyXvxXr23T+uIN7izzH6U9/4BJ7WvgQ==</latexit>

xn
<latexit sha1_base64="NEqcSgvVdiYNMT3e3vfZTfnIuzA=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWTSTBuaSYYko5Zh/sONC0Xc+i/u/Bsz7Sy09UDgcM693JMTxJxp47rfTmlldW19o7xZ2dre2d2r7h+0tUwUoS0iuVTdAGvKmaAtwwyn3VhRHAWcdoLJde53HqjSTIo7M42pH+GRYCEj2Fjpvh9hMw7C9CkbpCIbVGtu3Z0BLROvIDUo0BxUv/pDSZKICkM41rrnubHxU6wMI5xmlX6iaYzJBI9oz1KBI6r9dJY6QydWGaJQKvuEQTP190aKI62nUWAn85R60cvF/7xeYsJLP2UiTgwVZH4oTDgyEuUVoCFTlBg+tQQTxWxWRMZYYWJsURVbgrf45WXSPqt7bt27Pa81roo6ynAEx3AKHlxAA26gCS0goOAZXuHNeXRenHfnYz5acoqdQ/gD5/MHU2aTCQ==</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit><latexit sha1_base64="IYTkgzSO0wB0ZCxojdc1faITPZE=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg1NMkOSEcsw/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pwg5kwb1/1ySkvLK6tr5fXKxubW9k51d6+lo0QR2iQRj1QnwJpyJmnTMMNpJ1YUi4DTdjC+zP32PVWaRfLWTGLqCzyULGQEGyvd9QQ2oyBMH7J+KrN+tebW3SnQIvEKUoMC/xvvVz96g4gkgkpDONa667mx8VOsDCOcZpVeommMyRgPaddSiQXVfjqNlqEjqwxQGCn7pEFT9edGioXWExHYyTyKnvdy8S+vm5jw3E+ZjBNDJZkdChOOTITyntCAKUoMn1iCiWL2r4iMsMLE2DYrNro3H3SRtE7qnlv3bk5rjYuiszIcwCEcgwdn0IAruIYmEFDwCM/w6jw5L86b8z4bLTnFzj78gvP5DYkqmoI=</latexit>

x1, . . . ,xn�1
<latexit sha1_base64="znjXy0+k6Y6LgLBlKwLGl2a8VrY=">AAACEXicbVC7TsMwFHXKq5RXgJHFokLqAFWCkGCsYGEsEn1ITRQ5jtNadZzIdhBVlF9g4VdYGECIlY2Nv8FpM5SWI1k+Oude3XuPnzAqlWX9GJWV1bX1jepmbWt7Z3fP3D/oyjgVmHRwzGLR95EkjHLSUVQx0k8EQZHPSM8f3xR+74EISWN+ryYJcSM05DSkGCkteWbDiZAa+WH2mHuZnZ9ChwWxkvqf0/mZnXtm3WpaU8BlYpekDkq0PfPbCWKcRoQrzJCUA9tKlJshoShmJK85qSQJwmM0JANNOYqIdLPpRTk80UoAw1joxxWcqvMdGYqknES+riz2lIteIf7nDVIVXrkZ5UmqCMezQWHKoIphEQ8MqCBYsYkmCAuqd4V4hATCSodY0yHYiycvk+5507aa9t1FvXVdxlEFR+AYNIANLkEL3II26AAMnsALeAPvxrPxanwYn7PSilH2HII/ML5+AZwFnXw=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit><latexit sha1_base64="4azmvVdzS4TRwLXAxwNO+gJO+b8=">AAACNnicjVC9TsMwGHTKXyl/AUYWiwqpA1QJQoKxgoURJPojNVHkOE5r1XEi20FUUV6Bp2Fg4SXYWFgQYuURcNoMpWXgkyyf7u6TfecnjEplWW9GZWl5ZXWtul7b2Nza3jF39zoyTgUmbRyzWPR8JAmjnLQVVYz0EkFQ5DPS9UdXhd69J0LSmN+pcULcCA04DSlGSlOe2XAipIZ+mD3kXmbnx9BhQaykvmd4fmLnnlm3mtZk4CKwS1AH5fzP7pmvThDjNCJcYYak7NtWotwMCUUxI3nNSSVJEB6hAelryFFEpJtNYufwSDMBDGOhD1dwws5uZCiSchz52lmEkfNaQf6l9VMVXrgZ5UmqCMfTh8KUQRXDokMYUEGwYmMNEBZU/xXiIRIIK910TUe354Mugs5p07aa9u1ZvXVZdlYFB+AQNIANzkELXIMb0AYYPIIn8AI+jGfj3fg0vqbWilHu7INfY3z/ADAapPU=</latexit>

x̂n
<latexit sha1_base64="tuZYpdb5xpUrPFc3v9Np5ovJ474=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1gEVyURQZdFNy4r2FZoQplMJ+3QySTMTMQagr/ixoUibv0Pd/6NkzYLbT0wcDjnXu6ZEyScKe0431ZlaXllda26XtvY3NresXf3OipOJaFtEvNY3gVYUc4EbWumOb1LJMVRwGk3GF8VfveeSsVicasnCfUjPBQsZARrI/XtA2+EdeZFWI+CMHvI834m8r5ddxrOFGiRuCWpQ4lW3/7yBjFJIyo04Vipnusk2s+w1Ixwmte8VNEEkzEe0p6hAkdU+dk0fY6OjTJAYSzNExpN1d8bGY6UmkSBmSxiqnmvEP/zeqkOL/yMiSTVVJDZoTDlSMeoqAINmKRE84khmEhmsiIywhITbQqrmRLc+S8vks5pw3Ua7s1ZvXlZ1lGFQziCE3DhHJpwDS1oA4FHeIZXeLOerBfr3fqYjVascmcf/sD6/AG3E5YH</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit><latexit sha1_base64="8QdJDkrA1hgbV1FJgIs/iQLR9cI=">AAACInicjVDLSsNAFL3xWesrPnZuBovgqiQi6LLoxqWCfUBTwmQ6aYdOJmFmItaQf3Hhxl9xI+pK8GOctFlo68IDA4dz7uXOOUHCmdKO82ktLC4tr6xW1qrrG5tb2/bObkvFqSS0SWIey06AFeVM0KZmmtNOIimOAk7bweiy8Nt3VCoWi1s9TmgvwgPBQkawNpJv73tDrDMvwnoYhNl9nvuZyH275tSdCdA8cUtSgxL/G/ftd68fkzSiQhOOleq6TqJ7GZaaEU7zqpcqmmAywgPaNVTgiKpeNomYoyOj9FEYS/OERhP150aGI6XGUWAmiyxq1ivEv7xuqsPzXsZEkmoqyPRQmHKkY1T0hfpMUqL52BBMJDN/RWSIJSbatFo10d3ZoPOkdVJ3nbp7c1prXJSdVeAADuEYXDiDBlzBNTSBwAM8wjO8Wk/Wi/VmfUxHF6xyZw9+wfr6BlE0nYA=</latexit>

f : X ! R256
<latexit sha1_base64="XeG/aTuckCjkqyUmYrKyXSYqY5Q=">AAACFHicbVDLSsNAFJ34rPUVdelmsAiCUJLiC1dFNy6r2Ac0sUymk3boZCbMTJQS8hFu/BU3LhRx68Kdf+Ok7UJbD1w4nHMv994TxIwq7Tjf1tz8wuLScmGluLq2vrFpb203lEgkJnUsmJCtACnCKCd1TTUjrVgSFAWMNIPBZe4374lUVPBbPYyJH6EepyHFSBupYx+G59CLkO5jxNJWBj1Je32NpBQPYz0I0pvsLq0cn2Qdu+SUnRHgLHEnpAQmqHXsL68rcBIRrjFDSrVdJ9Z+iqSmmJGs6CWKxAgPUI+0DeUoIspPR09lcN8oXRgKaYprOFJ/T6QoUmoYBaYzv1NNe7n4n9dOdHjmp5THiSYcjxeFCYNawDwh2KWSYM2GhiAsqbkV4j6SCGuTY9GE4E6/PEsalbLrlN3ro1L1YhJHAeyCPXAAXHAKquAK1EAdYPAInsEreLOerBfr3foYt85Zk5kd8AfW5w+gAJ6L</latexit><latexit sha1_base64="Oy6KLwJbOeE/Eyrr86gcYoZCGdQ=">AAACOXicjVDLSgMxFM34rPU16tJNsAiCUGaKL1wV3bhUsQ/ojCWTZtrQTDIkGaUM8xF+jQs3foM7l25E3PoDZtoutHXhgcDhnHu5OSeIGVXacV6tmdm5+YXFwlJxeWV1bd3e2KwrkUhMalgwIZsBUoRRTmqaakaasSQoChhpBP3z3G/cEamo4Dd6EBM/Ql1OQ4qRNlLb3g9PoRch3cOIpc0MepJ2expJKe5HehCk19ltWjk8ytp2ySk7Q8Bp4o5JCYzxv/G2/eJ1BE4iwjVmSKmW68TaT5HUFDOSFb1EkRjhPuqSlqEcRUT56TB5BneN0oGhkOZxDYfqz40URUoNosBM5mHUpJeLf3mtRIcnfkp5nGjC8ehQmDCoBcxrhB0qCdZsYAjCkpq/QtxDEmFtyi6a6O5k0GlSr5Rdp+xeHZSqZ+POCmAb7IA94IJjUAUX4BLUAAYP4BE8g3fryXqzPqzP0eiMNd7ZAr9gfX0DV1mmBA==</latexit><latexit sha1_base64="Oy6KLwJbOeE/Eyrr86gcYoZCGdQ=">AAACOXicjVDLSgMxFM34rPU16tJNsAiCUGaKL1wV3bhUsQ/ojCWTZtrQTDIkGaUM8xF+jQs3foM7l25E3PoDZtoutHXhgcDhnHu5OSeIGVXacV6tmdm5+YXFwlJxeWV1bd3e2KwrkUhMalgwIZsBUoRRTmqaakaasSQoChhpBP3z3G/cEamo4Dd6EBM/Ql1OQ4qRNlLb3g9PoRch3cOIpc0MepJ2expJKe5HehCk19ltWjk8ytp2ySk7Q8Bp4o5JCYzxv/G2/eJ1BE4iwjVmSKmW68TaT5HUFDOSFb1EkRjhPuqSlqEcRUT56TB5BneN0oGhkOZxDYfqz40URUoNosBM5mHUpJeLf3mtRIcnfkp5nGjC8ehQmDCoBcxrhB0qCdZsYAjCkpq/QtxDEmFtyi6a6O5k0GlSr5Rdp+xeHZSqZ+POCmAb7IA94IJjUAUX4BLUAAYP4BE8g3fryXqzPqzP0eiMNd7ZAr9gfX0DV1mmBA==</latexit><latexit sha1_base64="Oy6KLwJbOeE/Eyrr86gcYoZCGdQ=">AAACOXicjVDLSgMxFM34rPU16tJNsAiCUGaKL1wV3bhUsQ/ojCWTZtrQTDIkGaUM8xF+jQs3foM7l25E3PoDZtoutHXhgcDhnHu5OSeIGVXacV6tmdm5+YXFwlJxeWV1bd3e2KwrkUhMalgwIZsBUoRRTmqaakaasSQoChhpBP3z3G/cEamo4Dd6EBM/Ql1OQ4qRNlLb3g9PoRch3cOIpc0MepJ2expJKe5HehCk19ltWjk8ytp2ySk7Q8Bp4o5JCYzxv/G2/eJ1BE4iwjVmSKmW68TaT5HUFDOSFb1EkRjhPuqSlqEcRUT56TB5BneN0oGhkOZxDYfqz40URUoNosBM5mHUpJeLf3mtRIcnfkp5nGjC8ehQmDCoBcxrhB0qCdZsYAjCkpq/QtxDEmFtyi6a6O5k0GlSr5Rdp+xeHZSqZ+POCmAb7IA94IJjUAUX4BLUAAYP4BE8g3fryXqzPqzP0eiMNd7ZAr9gfX0DV1mmBA==</latexit>

H(xn, x̂n) = �
256X

k=1

xnk log x̂nk

<latexit sha1_base64="Z0Tieu24L38EPzo+LbO0LwJ4DAs="></latexit><latexit sha1_base64="sS1LZJlc0PhzNEX7bnkZpmyi7qU="></latexit><latexit sha1_base64="sS1LZJlc0PhzNEX7bnkZpmyi7qU="></latexit><latexit sha1_base64="sS1LZJlc0PhzNEX7bnkZpmyi7qU="></latexit>

- log prob LossProb1
<latexit sha1_base64="SewSXpMSbbFZwBdSTgiis61GRk4=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbTbt2swm7EyGE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST25nfeeLaiFg9YJZwP6IjJULBKFqp3RcqxGxQrbl1dw6ySryC1KBAc1D96g9jlkZcIZPUmJ7nJujnVKNgkk8r/dTwhLIJHfGepYpG3Pj5/NopObPKkISxtqWQzNXfEzmNjMmiwHZGFMdm2ZuJ/3m9FMNrPxcqSZErtlgUppJgTGavk6HQnKHMLKFMC3srYWOqKUMbUMWG4C2/vEraF3XPrXv3l7XGTRFHGU7gFM7BgytowB00oQUMHuEZXuHNiZ0X5935WLSWnGLmGP7A+fwBwi+PPA==</latexit><latexit sha1_base64="z3MPlMVKwDt6VXp5+ofTHIRoWpw=">AAACEnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmAckSZiezyZjZ2WXmrrAs+QcLG3/FRsTWys6/cZJsoYmFBwYO55zLnXuCRAqDrvvlLC2vrK6tlzbKm1vbO7uVvf2miVPNeIPFMtbtgBouheINFCh5O9GcRoHkrWB0NfFbD1wbEas7zBLuR3SgRCgYRSs1u0KFmPUqVbfmTkEWiVeQKhT4X7xX+ez2Y5ZGXCGT1JiO5ybo51SjYJKPy93U8ISyER3wjqWKRtz4+fSkMTm2Sp+EsbZPIZmqPydyGhmTRYFNRhSHZt6biH95nRTDCz8XKkmRKzZbFKaSYEwm/ZC+0JyhzCyhTAv7V8KGVFOGtsWyPd2bP3SRNE9rnlvzbs+q9cuisxIcwhGcgAfnUIdruIEGMLiHR3iGV+fJeXHenPdZdMkpZg7gF5yPb3W6lrU=</latexit><latexit sha1_base64="z3MPlMVKwDt6VXp5+ofTHIRoWpw=">AAACEnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmAckSZiezyZjZ2WXmrrAs+QcLG3/FRsTWys6/cZJsoYmFBwYO55zLnXuCRAqDrvvlLC2vrK6tlzbKm1vbO7uVvf2miVPNeIPFMtbtgBouheINFCh5O9GcRoHkrWB0NfFbD1wbEas7zBLuR3SgRCgYRSs1u0KFmPUqVbfmTkEWiVeQKhT4X7xX+ez2Y5ZGXCGT1JiO5ybo51SjYJKPy93U8ISyER3wjqWKRtz4+fSkMTm2Sp+EsbZPIZmqPydyGhmTRYFNRhSHZt6biH95nRTDCz8XKkmRKzZbFKaSYEwm/ZC+0JyhzCyhTAv7V8KGVFOGtsWyPd2bP3SRNE9rnlvzbs+q9cuisxIcwhGcgAfnUIdruIEGMLiHR3iGV+fJeXHenPdZdMkpZg7gF5yPb3W6lrU=</latexit><latexit sha1_base64="z3MPlMVKwDt6VXp5+ofTHIRoWpw=">AAACEnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmAckSZiezyZjZ2WXmrrAs+QcLG3/FRsTWys6/cZJsoYmFBwYO55zLnXuCRAqDrvvlLC2vrK6tlzbKm1vbO7uVvf2miVPNeIPFMtbtgBouheINFCh5O9GcRoHkrWB0NfFbD1wbEas7zBLuR3SgRCgYRSs1u0KFmPUqVbfmTkEWiVeQKhT4X7xX+ez2Y5ZGXCGT1JiO5ybo51SjYJKPy93U8ISyER3wjqWKRtz4+fSkMTm2Sp+EsbZPIZmqPydyGhmTRYFNRhSHZt6biH95nRTDCz8XKkmRKzZbFKaSYEwm/ZC+0JyhzCyhTAv7V8KGVFOGtsWyPd2bP3SRNE9rnlvzbs+q9cuisxIcwhGcgAfnUIdruIEGMLiHR3iGV+fJeXHenPdZdMkpZg7gF5yPb3W6lrU=</latexit>

Prediction Ground truth label Loss



50[Wavenet, https://www.deepmind.com/blog/wavenet-a-generative-model-for-raw-audio/] 



51["MaskGIT", Chang et al. 2022]
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Diffusion models

53[Image from Nichol & Dhariwal 2021] 

Diffusion models

Corrupting the input

Corrupting the input

[Image from Nichol & Dhariwal 2021]

Diffusion models

Corrupting the input

Corrupting the input

[Image from Nichol & Dhariwal 2021]

Corrupting the input

Corrupting the input
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Diffusion models

Denoising

z ⇠ N (0, 1)
<latexit sha1_base64="Q5j0fTVC6MOV4DamGV04zF8qadc=">AAACCXicbVDLSgMxFM3UV62vUZdugkWoIGVGBF0W3biSCvYBnaFk0kwbmmSGJCPUYbZu/BU3LhRx6x+482/MtLPQ1gOBk3Pu5d57gphRpR3n2yotLa+srpXXKxubW9s79u5eW0WJxKSFIxbJboAUYVSQlqaakW4sCeIBI51gfJX7nXsiFY3EnZ7ExOdoKGhIMdJG6tvQ40iPgjB9yKCnKJ/9MWLpTVZzTtzjvl116s4UcJG4BamCAs2+/eUNIpxwIjRmSKme68TaT5HUFDOSVbxEkRjhMRqSnqECcaL8dHpJBo+MMoBhJM0TGk7V3x0p4kpNeGAq8z3VvJeL/3m9RIcXfkpFnGgi8GxQmDCoI5jHAgdUEqzZxBCEJTW7QjxCEmFtwquYENz5kxdJ+7TuOnX39qzauCziKIMDcAhqwAXnoAGuQRO0AAaP4Bm8gjfryXqx3q2PWWnJKnr2wR9Ynz9UDplq</latexit><latexit sha1_base64="oAvJaeFcE5DSVt3ioe3nk5Z8hiU=">AAACLnicjVDNS8MwHE3n15xfVY9egkOYIKMVQY9DL55EwX3AWkaapVtYkpYkFWbp1b/Ggxf/EQ+CiHj1zzDdetDNgw8CL+/9fiTvBTGjSjvOm1VaWFxaXimvVtbWNza37O2dlooSiUkTRyySnQApwqggTU01I51YEsQDRtrB6CL323dEKhqJWz2Oic/RQNCQYqSN1LOhx5EeBmF6n0FPUT69Y8TSq6zmHLmHPbvq1J0J4DxxC1IFBf433rNfvH6EE06Exgwp1XWdWPspkppiRrKKlygSIzxCA9I1VCBOlJ9O4mbwwCh9GEbSHKHhRP25kSKu1JgHZjIPo2a9XPzL6yY6PPNTKuJEE4GnD4UJgzqCeXewTyXBmo0NQVhS81eIh0girE3DFRPdnQ06T1rHddepuzcn1cZ50VkZ7IF9UAMuOAUNcAmuQRNg8AAewTN4t56sV+vD+pyOlqxiZxf8gvX1DVvioOM=</latexit><latexit sha1_base64="oAvJaeFcE5DSVt3ioe3nk5Z8hiU=">AAACLnicjVDNS8MwHE3n15xfVY9egkOYIKMVQY9DL55EwX3AWkaapVtYkpYkFWbp1b/Ggxf/EQ+CiHj1zzDdetDNgw8CL+/9fiTvBTGjSjvOm1VaWFxaXimvVtbWNza37O2dlooSiUkTRyySnQApwqggTU01I51YEsQDRtrB6CL323dEKhqJWz2Oic/RQNCQYqSN1LOhx5EeBmF6n0FPUT69Y8TSq6zmHLmHPbvq1J0J4DxxC1IFBf433rNfvH6EE06Exgwp1XWdWPspkppiRrKKlygSIzxCA9I1VCBOlJ9O4mbwwCh9GEbSHKHhRP25kSKu1JgHZjIPo2a9XPzL6yY6PPNTKuJEE4GnD4UJgzqCeXewTyXBmo0NQVhS81eIh0girE3DFRPdnQ06T1rHddepuzcn1cZ50VkZ7IF9UAMuOAUNcAmuQRNg8AAewTN4t56sV+vD+pyOlqxiZxf8gvX1DVvioOM=</latexit><latexit sha1_base64="oAvJaeFcE5DSVt3ioe3nk5Z8hiU=">AAACLnicjVDNS8MwHE3n15xfVY9egkOYIKMVQY9DL55EwX3AWkaapVtYkpYkFWbp1b/Ggxf/EQ+CiHj1zzDdetDNgw8CL+/9fiTvBTGjSjvOm1VaWFxaXimvVtbWNza37O2dlooSiUkTRyySnQApwqggTU01I51YEsQDRtrB6CL323dEKhqJWz2Oic/RQNCQYqSN1LOhx5EeBmF6n0FPUT69Y8TSq6zmHLmHPbvq1J0J4DxxC1IFBf433rNfvH6EE06Exgwp1XWdWPspkppiRrKKlygSIzxCA9I1VCBOlJ9O4mbwwCh9GEbSHKHhRP25kSKu1JgHZjIPo2a9XPzL6yY6PPNTKuJEE4GnD4UJgzqCeXewTyXBmo0NQVhS81eIh0girE3DFRPdnQ06T1rHddepuzcn1cZ50VkZ7IF9UAMuOAUNcAmuQRNg8AAewTN4t56sV+vD+pyOlqxiZxf8gvX1DVvioOM=</latexit>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit>

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

xt
<latexit sha1_base64="tqp8HINTOCY5HpdD7wQQimie6bw=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0GOKjW3Lo7B1klXkFqUKA5qH75w5ilEVfIJDWm57kJ9jOqUTDJZxU/NTyhbEJHvGepohE3/WyeeUbOrDIkYaztU0jm6u+NjEbGTKPATuYZzbKXi/95vRTD634mVJIiV2xxKEwlwZjkBZCh0JyhnFpCmRY2K2FjqilDW1PFluAtf3mVtC/qnlv37i9rjZuijjKcwCmcgwdX0IA7aEILGCTwDK/w5qTOi/PufCxGS06xcwx/4Hz+AI/skgM=</latexit><latexit sha1_base64="fGNYmb6voEyOlKNIeifR8jYBYyI=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbTbt0swm7L2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIpDDoul9OaWV1bX2jvFnZ2t7Z3avuH7RMnGrGmyyWsX4IqOFSKN5EgZI/JJrTKJC8HYyuc7/9yLURsbrHccL9iA6UCAWjaKVuN6I4DMLsadLDXrXm1t0ZyDLxClKDAv8b71Wn3X7M0ogrZJIa0/HcBP2MahRM8kmlmxqeUDaiA96xVNGIGz+bBZuQE6v0SRhr+xSSmfpzI6ORMeMosJN5ELPo5eJfXifF8NLPhEpS5IrND4WpJBiTvCXSF5ozlGNLKNPC/pWwIdWUoe2yYqN7i0GXSeus7rl17+681rgqOivDERzDKXhwAQ24gVtoAoMEnuEV3p0X5835cD7noyWn2DmEX3Cm36JsmXw=</latexit><latexit sha1_base64="fGNYmb6voEyOlKNIeifR8jYBYyI=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbTbt0swm7L2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIpDDoul9OaWV1bX2jvFnZ2t7Z3avuH7RMnGrGmyyWsX4IqOFSKN5EgZI/JJrTKJC8HYyuc7/9yLURsbrHccL9iA6UCAWjaKVuN6I4DMLsadLDXrXm1t0ZyDLxClKDAv8b71Wn3X7M0ogrZJIa0/HcBP2MahRM8kmlmxqeUDaiA96xVNGIGz+bBZuQE6v0SRhr+xSSmfpzI6ORMeMosJN5ELPo5eJfXifF8NLPhEpS5IrND4WpJBiTvCXSF5ozlGNLKNPC/pWwIdWUoe2yYqN7i0GXSeus7rl17+681rgqOivDERzDKXhwAQ24gVtoAoMEnuEV3p0X5835cD7noyWn2DmEX3Cm36JsmXw=</latexit><latexit sha1_base64="fGNYmb6voEyOlKNIeifR8jYBYyI=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbTbt0swm7L2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIpDDoul9OaWV1bX2jvFnZ2t7Z3avuH7RMnGrGmyyWsX4IqOFSKN5EgZI/JJrTKJC8HYyuc7/9yLURsbrHccL9iA6UCAWjaKVuN6I4DMLsadLDXrXm1t0ZyDLxClKDAv8b71Wn3X7M0ogrZJIa0/HcBP2MahRM8kmlmxqeUDaiA96xVNGIGz+bBZuQE6v0SRhr+xSSmfpzI6ORMeMosJN5ELPo5eJfXifF8NLPhEpS5IrND4WpJBiTvCXSF5ozlGNLKNPC/pWwIdWUoe2yYqN7i0GXSeus7rl17+681rgqOivDERzDKXhwAQ24gVtoAoMEnuEV3p0X5835cD7noyWn2DmEX3Cm36JsmXw=</latexit>

xt�1
<latexit sha1_base64="8zbuOoW9K4MHgyR0X+Kp9MB01ks=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgxpKIoMuiG5cV7APaECbTSTt0Mgkzk2IJ+RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tipr6xubW9Xt2s7u3v6BfXjUUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wuSv87pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2lPuZvnBz3647DWcOtErcktShRMu3vwbDmKQRFZpwrFTfdRLtZVhqRjjNa4NU0QSTCR7RvqECR1R52Tx5js6MMkRhLM0TGs3V3xsZjpSaRYGZLHKqZa8Q//P6qQ5vvIyJJNVUkMWhMOVIx6ioAQ2ZpETzmSGYSGayIjLGEhNtyqqZEtzlL6+SzmXDdRruw1W9eVvWUYUTOIVzcOEamnAPLWgDgSk8wyu8WZn1Yr1bH4vRilXuHMMfWJ8/uICTsg==</latexit><latexit sha1_base64="8RfInLeg+zC4V0ObxftH5LUHS4o=">AAACHnicjVBNS8NAFNzUr1q/oh69LBbBiyURQY9FLx4VbCu0IWy2m3bpZhN2X4ol5J948OJf8SIieNJ/46bNQVsPDiwMM+/xdiZIBNfgOF9WZWl5ZXWtul7b2Nza3rF399o6ThVlLRqLWN0HRDPBJWsBB8HuE8VIFAjWCUZXhd8ZM6V5LO9gkjAvIgPJQ04JGMm37V5EYBiE2UPuZ3Di5r5ddxrOFHiRuCWpoxL/G/ftj14/pmnEJFBBtO66TgJeRhRwKlhe66WaJYSOyIB1DZUkYtrLpvFyfGSUPg5jZZ4EPFV/bmQk0noSBWayCKPnvUL8y+umEF54GZdJCkzS2aEwFRhiXHSF+1wxCmJiCKGKm79iOiSKUDCN1kx0dz7oImmfNlyn4d6e1ZuXZWdVdIAO0TFy0Tlqomt0g1qIojF6RM/o1XqyXqw36302WrHKnX30C9bnNwGMmys=</latexit><latexit sha1_base64="8RfInLeg+zC4V0ObxftH5LUHS4o=">AAACHnicjVBNS8NAFNzUr1q/oh69LBbBiyURQY9FLx4VbCu0IWy2m3bpZhN2X4ol5J948OJf8SIieNJ/46bNQVsPDiwMM+/xdiZIBNfgOF9WZWl5ZXWtul7b2Nza3rF399o6ThVlLRqLWN0HRDPBJWsBB8HuE8VIFAjWCUZXhd8ZM6V5LO9gkjAvIgPJQ04JGMm37V5EYBiE2UPuZ3Di5r5ddxrOFHiRuCWpoxL/G/ftj14/pmnEJFBBtO66TgJeRhRwKlhe66WaJYSOyIB1DZUkYtrLpvFyfGSUPg5jZZ4EPFV/bmQk0noSBWayCKPnvUL8y+umEF54GZdJCkzS2aEwFRhiXHSF+1wxCmJiCKGKm79iOiSKUDCN1kx0dz7oImmfNlyn4d6e1ZuXZWdVdIAO0TFy0Tlqomt0g1qIojF6RM/o1XqyXqw36302WrHKnX30C9bnNwGMmys=</latexit><latexit sha1_base64="8RfInLeg+zC4V0ObxftH5LUHS4o=">AAACHnicjVBNS8NAFNzUr1q/oh69LBbBiyURQY9FLx4VbCu0IWy2m3bpZhN2X4ol5J948OJf8SIieNJ/46bNQVsPDiwMM+/xdiZIBNfgOF9WZWl5ZXWtul7b2Nza3rF399o6ThVlLRqLWN0HRDPBJWsBB8HuE8VIFAjWCUZXhd8ZM6V5LO9gkjAvIgPJQ04JGMm37V5EYBiE2UPuZ3Di5r5ddxrOFHiRuCWpoxL/G/ftj14/pmnEJFBBtO66TgJeRhRwKlhe66WaJYSOyIB1DZUkYtrLpvFyfGSUPg5jZZ4EPFV/bmQk0noSBWayCKPnvUL8y+umEF54GZdJCkzS2aEwFRhiXHSF+1wxCmJiCKGKm79iOiSKUDCN1kx0dz7oImmfNlyn4d6e1ZuXZWdVdIAO0TFy0Tlqomt0g1qIojF6RM/o1XqyXqw36302WrHKnX30C9bnNwGMmys=</latexit>

Denoising
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Diffusion models

Denoising

z ⇠ N (0, 1)
<latexit sha1_base64="Q5j0fTVC6MOV4DamGV04zF8qadc=">AAACCXicbVDLSgMxFM3UV62vUZdugkWoIGVGBF0W3biSCvYBnaFk0kwbmmSGJCPUYbZu/BU3LhRx6x+482/MtLPQ1gOBk3Pu5d57gphRpR3n2yotLa+srpXXKxubW9s79u5eW0WJxKSFIxbJboAUYVSQlqaakW4sCeIBI51gfJX7nXsiFY3EnZ7ExOdoKGhIMdJG6tvQ40iPgjB9yKCnKJ/9MWLpTVZzTtzjvl116s4UcJG4BamCAs2+/eUNIpxwIjRmSKme68TaT5HUFDOSVbxEkRjhMRqSnqECcaL8dHpJBo+MMoBhJM0TGk7V3x0p4kpNeGAq8z3VvJeL/3m9RIcXfkpFnGgi8GxQmDCoI5jHAgdUEqzZxBCEJTW7QjxCEmFtwquYENz5kxdJ+7TuOnX39qzauCziKIMDcAhqwAXnoAGuQRO0AAaP4Bm8gjfryXqx3q2PWWnJKnr2wR9Ynz9UDplq</latexit><latexit sha1_base64="oAvJaeFcE5DSVt3ioe3nk5Z8hiU=">AAACLnicjVDNS8MwHE3n15xfVY9egkOYIKMVQY9DL55EwX3AWkaapVtYkpYkFWbp1b/Ggxf/EQ+CiHj1zzDdetDNgw8CL+/9fiTvBTGjSjvOm1VaWFxaXimvVtbWNza37O2dlooSiUkTRyySnQApwqggTU01I51YEsQDRtrB6CL323dEKhqJWz2Oic/RQNCQYqSN1LOhx5EeBmF6n0FPUT69Y8TSq6zmHLmHPbvq1J0J4DxxC1IFBf433rNfvH6EE06Exgwp1XWdWPspkppiRrKKlygSIzxCA9I1VCBOlJ9O4mbwwCh9GEbSHKHhRP25kSKu1JgHZjIPo2a9XPzL6yY6PPNTKuJEE4GnD4UJgzqCeXewTyXBmo0NQVhS81eIh0girE3DFRPdnQ06T1rHddepuzcn1cZ50VkZ7IF9UAMuOAUNcAmuQRNg8AAewTN4t56sV+vD+pyOlqxiZxf8gvX1DVvioOM=</latexit><latexit sha1_base64="oAvJaeFcE5DSVt3ioe3nk5Z8hiU=">AAACLnicjVDNS8MwHE3n15xfVY9egkOYIKMVQY9DL55EwX3AWkaapVtYkpYkFWbp1b/Ggxf/EQ+CiHj1zzDdetDNgw8CL+/9fiTvBTGjSjvOm1VaWFxaXimvVtbWNza37O2dlooSiUkTRyySnQApwqggTU01I51YEsQDRtrB6CL323dEKhqJWz2Oic/RQNCQYqSN1LOhx5EeBmF6n0FPUT69Y8TSq6zmHLmHPbvq1J0J4DxxC1IFBf433rNfvH6EE06Exgwp1XWdWPspkppiRrKKlygSIzxCA9I1VCBOlJ9O4mbwwCh9GEbSHKHhRP25kSKu1JgHZjIPo2a9XPzL6yY6PPNTKuJEE4GnD4UJgzqCeXewTyXBmo0NQVhS81eIh0girE3DFRPdnQ06T1rHddepuzcn1cZ50VkZ7IF9UAMuOAUNcAmuQRNg8AAewTN4t56sV+vD+pyOlqxiZxf8gvX1DVvioOM=</latexit><latexit sha1_base64="oAvJaeFcE5DSVt3ioe3nk5Z8hiU=">AAACLnicjVDNS8MwHE3n15xfVY9egkOYIKMVQY9DL55EwX3AWkaapVtYkpYkFWbp1b/Ggxf/EQ+CiHj1zzDdetDNgw8CL+/9fiTvBTGjSjvOm1VaWFxaXimvVtbWNza37O2dlooSiUkTRyySnQApwqggTU01I51YEsQDRtrB6CL323dEKhqJWz2Oic/RQNCQYqSN1LOhx5EeBmF6n0FPUT69Y8TSq6zmHLmHPbvq1J0J4DxxC1IFBf433rNfvH6EE06Exgwp1XWdWPspkppiRrKKlygSIzxCA9I1VCBOlJ9O4mbwwCh9GEbSHKHhRP25kSKu1JgHZjIPo2a9XPzL6yY6PPNTKuJEE4GnD4UJgzqCeXewTyXBmo0NQVhS81eIh0girE3DFRPdnQ06T1rHddepuzcn1cZ50VkZ7IF9UAMuOAUNcAmuQRNg8AAewTN4t56sV+vD+pyOlqxiZxf8gvX1DVvioOM=</latexit>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit>

argmin
f2F

NX

i=1

L(f(xt),xt�1)
<latexit sha1_base64="wC6rnbRLLvDZm9AdoBjp+bvJB/A="></latexit><latexit sha1_base64="c7K9yggEVCYaOAN4KhDUUWW5pp0="></latexit><latexit sha1_base64="c7K9yggEVCYaOAN4KhDUUWW5pp0="></latexit><latexit sha1_base64="c7K9yggEVCYaOAN4KhDUUWW5pp0="></latexit>

Converts generative modeling into a bunch 
of supervised prediction problems

Training data

n o
,

n o
,

n o
,

…

xt
<latexit sha1_base64="tqp8HINTOCY5HpdD7wQQimie6bw=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0GOKjW3Lo7B1klXkFqUKA5qH75w5ilEVfIJDWm57kJ9jOqUTDJZxU/NTyhbEJHvGepohE3/WyeeUbOrDIkYaztU0jm6u+NjEbGTKPATuYZzbKXi/95vRTD634mVJIiV2xxKEwlwZjkBZCh0JyhnFpCmRY2K2FjqilDW1PFluAtf3mVtC/qnlv37i9rjZuijjKcwCmcgwdX0IA7aEILGCTwDK/w5qTOi/PufCxGS06xcwx/4Hz+AI/skgM=</latexit><latexit sha1_base64="fGNYmb6voEyOlKNIeifR8jYBYyI=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbTbt0swm7L2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIpDDoul9OaWV1bX2jvFnZ2t7Z3avuH7RMnGrGmyyWsX4IqOFSKN5EgZI/JJrTKJC8HYyuc7/9yLURsbrHccL9iA6UCAWjaKVuN6I4DMLsadLDXrXm1t0ZyDLxClKDAv8b71Wn3X7M0ogrZJIa0/HcBP2MahRM8kmlmxqeUDaiA96xVNGIGz+bBZuQE6v0SRhr+xSSmfpzI6ORMeMosJN5ELPo5eJfXifF8NLPhEpS5IrND4WpJBiTvCXSF5ozlGNLKNPC/pWwIdWUoe2yYqN7i0GXSeus7rl17+681rgqOivDERzDKXhwAQ24gVtoAoMEnuEV3p0X5835cD7noyWn2DmEX3Cm36JsmXw=</latexit><latexit sha1_base64="fGNYmb6voEyOlKNIeifR8jYBYyI=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbTbt0swm7L2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIpDDoul9OaWV1bX2jvFnZ2t7Z3avuH7RMnGrGmyyWsX4IqOFSKN5EgZI/JJrTKJC8HYyuc7/9yLURsbrHccL9iA6UCAWjaKVuN6I4DMLsadLDXrXm1t0ZyDLxClKDAv8b71Wn3X7M0ogrZJIa0/HcBP2MahRM8kmlmxqeUDaiA96xVNGIGz+bBZuQE6v0SRhr+xSSmfpzI6ORMeMosJN5ELPo5eJfXifF8NLPhEpS5IrND4WpJBiTvCXSF5ozlGNLKNPC/pWwIdWUoe2yYqN7i0GXSeus7rl17+681rgqOivDERzDKXhwAQ24gVtoAoMEnuEV3p0X5835cD7noyWn2DmEX3Cm36JsmXw=</latexit><latexit sha1_base64="fGNYmb6voEyOlKNIeifR8jYBYyI=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbTbt0swm7L2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIpDDoul9OaWV1bX2jvFnZ2t7Z3avuH7RMnGrGmyyWsX4IqOFSKN5EgZI/JJrTKJC8HYyuc7/9yLURsbrHccL9iA6UCAWjaKVuN6I4DMLsadLDXrXm1t0ZyDLxClKDAv8b71Wn3X7M0ogrZJIa0/HcBP2MahRM8kmlmxqeUDaiA96xVNGIGz+bBZuQE6v0SRhr+xSSmfpzI6ORMeMosJN5ELPo5eJfXifF8NLPhEpS5IrND4WpJBiTvCXSF5ozlGNLKNPC/pWwIdWUoe2yYqN7i0GXSeus7rl17+681rgqOivDERzDKXhwAQ24gVtoAoMEnuEV3p0X5835cD7noyWn2DmEX3Cm36JsmXw=</latexit>

xt�1
<latexit sha1_base64="8zbuOoW9K4MHgyR0X+Kp9MB01ks=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgxpKIoMuiG5cV7APaECbTSTt0Mgkzk2IJ+RM3LhRx65+482+ctFlo64GBwzn3cs+cIOFMacf5tipr6xubW9Xt2s7u3v6BfXjUUXEqCW2TmMeyF2BFORO0rZnmtJdIiqOA024wuSv87pRKxWLxqGcJ9SI8EixkBGsj+bY9iLAeB2H2lPuZvnBz3647DWcOtErcktShRMu3vwbDmKQRFZpwrFTfdRLtZVhqRjjNa4NU0QSTCR7RvqECR1R52Tx5js6MMkRhLM0TGs3V3xsZjpSaRYGZLHKqZa8Q//P6qQ5vvIyJJNVUkMWhMOVIx6ioAQ2ZpETzmSGYSGayIjLGEhNtyqqZEtzlL6+SzmXDdRruw1W9eVvWUYUTOIVzcOEamnAPLWgDgSk8wyu8WZn1Yr1bH4vRilXuHMMfWJ8/uICTsg==</latexit><latexit sha1_base64="8RfInLeg+zC4V0ObxftH5LUHS4o=">AAACHnicjVBNS8NAFNzUr1q/oh69LBbBiyURQY9FLx4VbCu0IWy2m3bpZhN2X4ol5J948OJf8SIieNJ/46bNQVsPDiwMM+/xdiZIBNfgOF9WZWl5ZXWtul7b2Nza3rF399o6ThVlLRqLWN0HRDPBJWsBB8HuE8VIFAjWCUZXhd8ZM6V5LO9gkjAvIgPJQ04JGMm37V5EYBiE2UPuZ3Di5r5ddxrOFHiRuCWpoxL/G/ftj14/pmnEJFBBtO66TgJeRhRwKlhe66WaJYSOyIB1DZUkYtrLpvFyfGSUPg5jZZ4EPFV/bmQk0noSBWayCKPnvUL8y+umEF54GZdJCkzS2aEwFRhiXHSF+1wxCmJiCKGKm79iOiSKUDCN1kx0dz7oImmfNlyn4d6e1ZuXZWdVdIAO0TFy0Tlqomt0g1qIojF6RM/o1XqyXqw36302WrHKnX30C9bnNwGMmys=</latexit><latexit sha1_base64="8RfInLeg+zC4V0ObxftH5LUHS4o=">AAACHnicjVBNS8NAFNzUr1q/oh69LBbBiyURQY9FLx4VbCu0IWy2m3bpZhN2X4ol5J948OJf8SIieNJ/46bNQVsPDiwMM+/xdiZIBNfgOF9WZWl5ZXWtul7b2Nza3rF399o6ThVlLRqLWN0HRDPBJWsBB8HuE8VIFAjWCUZXhd8ZM6V5LO9gkjAvIgPJQ04JGMm37V5EYBiE2UPuZ3Di5r5ddxrOFHiRuCWpoxL/G/ftj14/pmnEJFBBtO66TgJeRhRwKlhe66WaJYSOyIB1DZUkYtrLpvFyfGSUPg5jZZ4EPFV/bmQk0noSBWayCKPnvUL8y+umEF54GZdJCkzS2aEwFRhiXHSF+1wxCmJiCKGKm79iOiSKUDCN1kx0dz7oImmfNlyn4d6e1ZuXZWdVdIAO0TFy0Tlqomt0g1qIojF6RM/o1XqyXqw36302WrHKnX30C9bnNwGMmys=</latexit><latexit sha1_base64="8RfInLeg+zC4V0ObxftH5LUHS4o=">AAACHnicjVBNS8NAFNzUr1q/oh69LBbBiyURQY9FLx4VbCu0IWy2m3bpZhN2X4ol5J948OJf8SIieNJ/46bNQVsPDiwMM+/xdiZIBNfgOF9WZWl5ZXWtul7b2Nza3rF399o6ThVlLRqLWN0HRDPBJWsBB8HuE8VIFAjWCUZXhd8ZM6V5LO9gkjAvIgPJQ04JGMm37V5EYBiE2UPuZ3Di5r5ddxrOFHiRuCWpoxL/G/ftj14/pmnEJFBBtO66TgJeRhRwKlhe66WaJYSOyIB1DZUkYtrLpvFyfGSUPg5jZZ4EPFV/bmQk0noSBWayCKPnvUL8y+umEF54GZdJCkzS2aEwFRhiXHSF+1wxCmJiCKGKm79iOiSKUDCN1kx0dz7oImmfNlyn4d6e1ZuXZWdVdIAO0TFy0Tlqomt0g1qIojF6RM/o1XqyXqw36302WrHKnX30C9bnNwGMmys=</latexit>

Denoising

Training data

Converts generative modeling into a bunch 
of supervised prediction problems
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Concept #3: A common strategy is to turn 
generative modeling into a sequence of 

supervised learning problems
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Homework 5
6.S898 Deep Learning

Fall 2022

(b) (1 pt) What do you notice changes with increasing � and why does this happen?

Diffusion Models (16pt)

A diffusion process works by sequentially adding noise to a given input x0 for T timesteps.
As T approaches infinity, this process results in noise drawn from a zero-mean isotropic
Gaussian at xT . This process is depicted in Figure 3. The random variable xt conditioned
on xt�1 is distributed according to q(xt|xt�1) with the following form

q(xt|xt�1) = N (
p
↵t xt�1, �tI) where ↵t = 1� �t (3)

Figure 3: The directed graphical model for the diffusion process

Our goal is to learn a function p✓(xt�1|xt) = N (µ✓,⌃✓) that that removes the noise added
when sampling from q(xt|xt�1). While q(xt�1|xt) is not well defined, q(xt�1|xt, x0) is, and it
can be represented in closed form as follows.

q(xt�1|xt, x0) = N (µ̃(xt, x0), �̃tI) (4)

�̃t =
1� ↵̄t�1

1� ↵̄t
· �t (5)

µ̃(xt, x0) =

p
↵t(1� ↵̄t�1)

1� ↵̄t
· xt +

p
↵̄t�1�t

1� ↵̄t
· x0 (6)

where ↵t = 1 � �t and ↵̄t =
Qt

s=1 ↵s. See [Ho et al., 2020] for details. Our goal is to
minimize DKL(q(xt�1|xt, x0) k p✓(xt�1|xt)), and we can do so by minimizing the difference
between µ̃(xt, x0) and µ✓(xt).

8. (2pt) Adding two Gaussian random variables results in another Gaussian random
variable. Using this property, derive a closed form representation of the form N (·, ·)
for the Gaussian distribution of the random variable q(xt|x0) in terms of ↵̄t, xt, and
x0. Show how you arrived at your answer.

3

Gaussian diffusion models

[Image from Ho, Jain, Abbeel, 2020]

learn this

which inverts this

f✓(xt)
<latexit sha1_base64="bFNExPLyHlpyR8JsKm+2wQg/IGY=">AAACA3icbVDLSsNAFJ34rPUVdaebwSLUTUlE0GXRjcsK9gFNCJPppB06eTBzI5YQcOOvuHGhiFt/wp1/46TNQlsPXDiccy/33uMngiuwrG9jaXlldW29slHd3Nre2TX39jsqTiVlbRqLWPZ8opjgEWsDB8F6iWQk9AXr+uPrwu/eM6l4HN3BJGFuSIYRDzgloCXPPAy8zIERA5LXnZDAyA+yh9zLID/1zJrVsKbAi8QuSQ2VaHnmlzOIaRqyCKggSvVtKwE3IxI4FSyvOqliCaFjMmR9TSMSMuVm0x9yfKKVAQ5iqSsCPFV/T2QkVGoS+rqzOFPNe4X4n9dPIbh0Mx4lKbCIzhYFqcAQ4yIQPOCSURATTQiVXN+K6YhIQkHHVtUh2PMvL5LOWcO2Gvbtea15VcZRQUfoGNWRjS5QE92gFmojih7RM3pFb8aT8WK8Gx+z1iWjnDlAf2B8/gDCQZg4</latexit><latexit sha1_base64="LQOOr29wcRYNAabY3gezo1CEfSM=">AAACKHicjVBNS8NAFNzUr1q/ot70EixCvZREBD0WvXhUsK3QhLDZbtqlm03YfRFLCPhrPHjxr4gg0qu/xE2bg7YeHFgYZt7j7UyQcKbAtidGZWl5ZXWtul7b2Nza3jF39zoqTiWhbRLzWN4HWFHOBG0DA07vE0lxFHDaDUZXhd99oFKxWNzBOKFehAeChYxg0JJvHoR+5sKQAs4bboRhGITZY+5nkJ/4Zt1u2lNYi8QpSR2V+N+4b767/ZikERVAOFaq59gJeBmWwAinec1NFU0wGeEB7WkqcESVl02D5taxVvpWGEv9BFhT9edGhiOlxlGgJ4ssat4rxL+8XgrhhZcxkaRABZkdClNuQWwVrVl9JikBPtYEE8n0Xy0yxBIT0N3WdHRnPugi6Zw2Hbvp3J7VW5dlZ1V0iI5QAznoHLXQNbpBbUTQE3pGr+jDeDHejE9jMhutGOXOPvoF4+sbpamfsQ==</latexit><latexit sha1_base64="LQOOr29wcRYNAabY3gezo1CEfSM=">AAACKHicjVBNS8NAFNzUr1q/ot70EixCvZREBD0WvXhUsK3QhLDZbtqlm03YfRFLCPhrPHjxr4gg0qu/xE2bg7YeHFgYZt7j7UyQcKbAtidGZWl5ZXWtul7b2Nza3jF39zoqTiWhbRLzWN4HWFHOBG0DA07vE0lxFHDaDUZXhd99oFKxWNzBOKFehAeChYxg0JJvHoR+5sKQAs4bboRhGITZY+5nkJ/4Zt1u2lNYi8QpSR2V+N+4b767/ZikERVAOFaq59gJeBmWwAinec1NFU0wGeEB7WkqcESVl02D5taxVvpWGEv9BFhT9edGhiOlxlGgJ4ssat4rxL+8XgrhhZcxkaRABZkdClNuQWwVrVl9JikBPtYEE8n0Xy0yxBIT0N3WdHRnPugi6Zw2Hbvp3J7VW5dlZ1V0iI5QAznoHLXQNbpBbUTQE3pGr+jDeDHejE9jMhutGOXOPvoF4+sbpamfsQ==</latexit><latexit sha1_base64="LQOOr29wcRYNAabY3gezo1CEfSM=">AAACKHicjVBNS8NAFNzUr1q/ot70EixCvZREBD0WvXhUsK3QhLDZbtqlm03YfRFLCPhrPHjxr4gg0qu/xE2bg7YeHFgYZt7j7UyQcKbAtidGZWl5ZXWtul7b2Nza3jF39zoqTiWhbRLzWN4HWFHOBG0DA07vE0lxFHDaDUZXhd99oFKxWNzBOKFehAeChYxg0JJvHoR+5sKQAs4bboRhGITZY+5nkJ/4Zt1u2lNYi8QpSR2V+N+4b767/ZikERVAOFaq59gJeBmWwAinec1NFU0wGeEB7WkqcESVl02D5taxVvpWGEv9BFhT9edGhiOlxlGgJ4ssat4rxL+8XgrhhZcxkaRABZkdClNuQWwVrVl9JikBPtYEE8n0Xy0yxBIT0N3WdHRnPugi6Zw2Hbvp3J7VW5dlZ1V0iI5QAznoHLXQNbpBbUTQE3pGr+jDeDHejE9jMhutGOXOPvoF4+sbpamfsQ==</latexit>

Reverse process: 

xt�1 ⇠ N (µ, c)
<latexit sha1_base64="j+CofCDo3TVQ/nIkN+5eig0iekQ=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0VoQUsigi6LblxJBfuAJoTJdNIOnUnCzEQsId/gxl9x40IRt67c+TdO2iy09cCFwzn3cu89fsyoVJb1bZSWlldW18rrlY3Nre0dc3evI6NEYNLGEYtEz0eSMBqStqKKkV4sCOI+I11/fJX73XsiJI3COzWJicvRMKQBxUhpyTPrDkdq5AfpQ+al6sTOoCMph1MVI5beZDWHJ8cQ1z2zajWsKeAisQtSBQVanvnlDCKccBIqzJCUfduKlZsioShmJKs4iSQxwmM0JH1NQ8SJdNPpSxk80soABpHQFSo4VX9PpIhLOeG+7sxPlfNeLv7n9RMVXLgpDeNEkRDPFgUJgyqCeT5wQAXBik00QVhQfSvEIyQQVjrFig7Bnn95kXROG7bVsG/Pqs3LIo4yOACHoAZscA6a4Bq0QBtg8AiewSt4M56MF+Pd+Ji1loxiZh/8gfH5A3gZnUs=</latexit><latexit sha1_base64="uaWEbP4rosGJgS/hamkbMla8pCE=">AAACN3icjVDLSsNAFJ3UV62vqEs3g0VoQUsigi6LblyJgn1AE8JkOmmHziRhZiKWkG/wa1y48SPcuXIj4tY/cNJmoa0LDwwczrmXO+f4MaNSWdarUVpYXFpeKa9W1tY3NrfM7Z22jBKBSQtHLBJdH0nCaEhaiipGurEgiPuMdPzRRe537oiQNApv1TgmLkeDkAYUI6Ulz6w7HKmhH6T3mZeqIzuDjqQcTlSMWHqV1RyeHEJc98yq1bAmgPPELkgVFPjfuGe+OP0IJ5yECjMkZc+2YuWmSCiKGckqTiJJjPAIDUhP0xBxIt10kjuDB1rpwyAS+oUKTtSfGyniUo65ryfzPHLWy8W/vF6igjM3pWGcKBLi6aEgYVBFMC8R9qkgWLGxJggLqv8K8RAJhJWuuqKj27NB50n7uGFbDfvmpNo8Lzorgz2wD2rABqegCS7BNWgBDB7AI3gG78aT8WZ8GJ/T0ZJR7OyCXzC+vgEDzKTE</latexit><latexit sha1_base64="uaWEbP4rosGJgS/hamkbMla8pCE=">AAACN3icjVDLSsNAFJ3UV62vqEs3g0VoQUsigi6LblyJgn1AE8JkOmmHziRhZiKWkG/wa1y48SPcuXIj4tY/cNJmoa0LDwwczrmXO+f4MaNSWdarUVpYXFpeKa9W1tY3NrfM7Z22jBKBSQtHLBJdH0nCaEhaiipGurEgiPuMdPzRRe537oiQNApv1TgmLkeDkAYUI6Ulz6w7HKmhH6T3mZeqIzuDjqQcTlSMWHqV1RyeHEJc98yq1bAmgPPELkgVFPjfuGe+OP0IJ5yECjMkZc+2YuWmSCiKGckqTiJJjPAIDUhP0xBxIt10kjuDB1rpwyAS+oUKTtSfGyniUo65ryfzPHLWy8W/vF6igjM3pWGcKBLi6aEgYVBFMC8R9qkgWLGxJggLqv8K8RAJhJWuuqKj27NB50n7uGFbDfvmpNo8Lzorgz2wD2rABqegCS7BNWgBDB7AI3gG78aT8WZ8GJ/T0ZJR7OyCXzC+vgEDzKTE</latexit><latexit sha1_base64="uaWEbP4rosGJgS/hamkbMla8pCE=">AAACN3icjVDLSsNAFJ3UV62vqEs3g0VoQUsigi6LblyJgn1AE8JkOmmHziRhZiKWkG/wa1y48SPcuXIj4tY/cNJmoa0LDwwczrmXO+f4MaNSWdarUVpYXFpeKa9W1tY3NrfM7Z22jBKBSQtHLBJdH0nCaEhaiipGurEgiPuMdPzRRe537oiQNApv1TgmLkeDkAYUI6Ulz6w7HKmhH6T3mZeqIzuDjqQcTlSMWHqV1RyeHEJc98yq1bAmgPPELkgVFPjfuGe+OP0IJ5yECjMkZc+2YuWmSCiKGckqTiJJjPAIDUhP0xBxIt10kjuDB1rpwyAS+oUKTtSfGyniUo65ryfzPHLWy8W/vF6igjM3pWGcKBLi6aEgYVBFMC8R9qkgWLGxJggLqv8K8RAJhJWuuqKj27NB50n7uGFbDfvmpNo8Lzorgz2wD2rABqegCS7BNWgBDB7AI3gG78aT8WZ8GJ/T0ZJR7OyCXzC+vgEDzKTE</latexit>

µ = f✓(xt)
<latexit sha1_base64="c4DmePecfz4cSrDxjeG/+cJ7YjU=">AAACCnicbVDLSsNAFJ3UV62vqEs3o0Wom5KIoBuh6MZlBfuApoTJdNIOnTyYuRFLyNqNv+LGhSJu/QJ3/o2TNgttPXDhcM693HuPFwuuwLK+jdLS8srqWnm9srG5tb1j7u61VZRIylo0EpHsekQxwUPWAg6CdWPJSOAJ1vHG17nfuWdS8Si8g0nM+gEZhtznlICWXPPQCRJ8iX03dWDEgGQ1JyAw8vz0IXNTyE4qrlm16tYUeJHYBamiAk3X/HIGEU0CFgIVRKmebcXQT4kETgXLKk6iWEzomAxZT9OQBEz10+krGT7WygD7kdQVAp6qvydSEig1CTzdmd+p5r1c/M/rJeBf9FMexgmwkM4W+YnAEOE8FzzgklEQE00IlVzfiumISEJBp5eHYM+/vEjap3Xbqtu3Z9XGVRFHGR2gI1RDNjpHDXSDmqiFKHpEz+gVvRlPxovxbnzMWktGMbOP/sD4/AG0TJpD</latexit><latexit sha1_base64="XmthFV++cI5vgFmThB83vLiNeRw=">AAACL3icjVDLSsNAFJ3UV62vqEs3o0Wom5KIoBuh6Malgn1AU8JkOmmHziRh5kYsIWu/xoUbP8SNCCJu/QuTNgttXXhg4HDOudy5x4sE12BZb0ZpYXFpeaW8Wllb39jcMrd3WjqMFWVNGopQdTyimeABawIHwTqRYkR6grW90WXut++Y0jwMbmEcsZ4kg4D7nBLIJNfcd2SMz7HvJg4MGZC05kgCQ89P7lM3gfSo4ppVq25NgOeJXZAqKvC/uGu+OP2QxpIFQAXRumtbEfQSooBTwdKKE2sWEToiA9bNaEAk071kcm+KDzOlj/1QZS8APFF/TiREaj2WXpbMj9GzXi7+5XVj8M96CQ+iGFhAp4v8WGAIcV4e7nPFKIhxRghVPPsrpkOiCIWs4rwpe/bQedI6rttW3b45qTYuis7KaA8doBqy0SlqoCt0jZqIogf0iJ7Ru/FkvBofxuc0WjKKmV30C8bXN9owobw=</latexit><latexit sha1_base64="XmthFV++cI5vgFmThB83vLiNeRw=">AAACL3icjVDLSsNAFJ3UV62vqEs3o0Wom5KIoBuh6Malgn1AU8JkOmmHziRh5kYsIWu/xoUbP8SNCCJu/QuTNgttXXhg4HDOudy5x4sE12BZb0ZpYXFpeaW8Wllb39jcMrd3WjqMFWVNGopQdTyimeABawIHwTqRYkR6grW90WXut++Y0jwMbmEcsZ4kg4D7nBLIJNfcd2SMz7HvJg4MGZC05kgCQ89P7lM3gfSo4ppVq25NgOeJXZAqKvC/uGu+OP2QxpIFQAXRumtbEfQSooBTwdKKE2sWEToiA9bNaEAk071kcm+KDzOlj/1QZS8APFF/TiREaj2WXpbMj9GzXi7+5XVj8M96CQ+iGFhAp4v8WGAIcV4e7nPFKIhxRghVPPsrpkOiCIWs4rwpe/bQedI6rttW3b45qTYuis7KaA8doBqy0SlqoCt0jZqIogf0iJ7Ru/FkvBofxuc0WjKKmV30C8bXN9owobw=</latexit><latexit sha1_base64="XmthFV++cI5vgFmThB83vLiNeRw=">AAACL3icjVDLSsNAFJ3UV62vqEs3o0Wom5KIoBuh6Malgn1AU8JkOmmHziRh5kYsIWu/xoUbP8SNCCJu/QuTNgttXXhg4HDOudy5x4sE12BZb0ZpYXFpeaW8Wllb39jcMrd3WjqMFWVNGopQdTyimeABawIHwTqRYkR6grW90WXut++Y0jwMbmEcsZ4kg4D7nBLIJNfcd2SMz7HvJg4MGZC05kgCQ89P7lM3gfSo4ppVq25NgOeJXZAqKvC/uGu+OP2QxpIFQAXRumtbEfQSooBTwdKKE2sWEToiA9bNaEAk071kcm+KDzOlj/1QZS8APFF/TiREaj2WXpbMj9GzXi7+5XVj8M96CQ+iGFhAp4v8WGAIcV4e7nPFKIhxRghVPPsrpkOiCIWs4rwpe/bQedI6rttW3b45qTYuis7KaA8doBqy0SlqoCt0jZqIogf0iJ7Ru/FkvBofxuc0WjKKmV30C8bXN9owobw=</latexit>

Foward process: 

✏ ⇠ N (0, b)
<latexit sha1_base64="5q68p8XbcGeR35BgmfdXKnDlCUU=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhahgpREBF0W3biSCvYBTSiT6bQdOo8wMxFK6NKNv+LGhSJu/QR3/o2TNgttPXDhcM693HtPFDOqjed9O4Wl5ZXVteJ6aWNza3vH3d1rapkoTBpYMqnaEdKEUUEahhpG2rEiiEeMtKLRdea3HojSVIp7M45JyNFA0D7FyFip6x4GJNaUSQEDTTkMODJDjFh6O6l4pzA66bplr+pNAReJn5MyyFHvul9BT+KEE2EwQ1p3fC82YYqUoZiRSSlINIkRHqEB6VgqECc6TKePTOCxVXqwL5UtYeBU/T2RIq71mEe2MztUz3uZ+J/XSUz/MkypiBNDBJ4t6icMGgmzVGCPKoING1uCsKL2VoiHSCFsbHYlG4I///IiaZ5Vfa/q352Xa1d5HEVwAI5ABfjgAtTADaiDBsDgETyDV/DmPDkvzrvzMWstOPnMPvgD5/MHNpeYxw==</latexit><latexit sha1_base64="5TZ7JbGXnnPwyki+CGhFdukk5Ho=">AAACLXicjVDLSgMxFM3UV62vUZcuDBahgpQZEXRZdONKFOwDOkPJpGkbmseQZIQydOnXuHDjlwguFHHrb5hpZ6GtCw8EDufcy805UcyoNp735hQWFpeWV4qrpbX1jc0td3unoWWiMKljyaRqRUgTRgWpG2oYacWKIB4x0oyGl5nfvCdKUynuzCgmIUd9QXsUI2OljrsfkFhTJgUMNOUw4MgMMGLp9bjiHcPoqOOWvao3AZwnfk7KIMf/xjvuS9CVOOFEGMyQ1m3fi02YImUoZmRcChJNYoSHqE/algrEiQ7TSdoxPLRKF/aksk8YOFF/bqSIaz3ikZ3M0uhZLxP/8tqJ6Z2HKRVxYojA00O9hEEjYVYd7FJFsGEjSxBW1P4V4gFSCBtbcMlG92eDzpPGSdX3qv7tabl2kXdWBHvgAFSAD85ADVyBG1AHGDyAR/AM3p0n59X5cD6nowUn39kFv+B8fQMoKaBA</latexit><latexit sha1_base64="5TZ7JbGXnnPwyki+CGhFdukk5Ho=">AAACLXicjVDLSgMxFM3UV62vUZcuDBahgpQZEXRZdONKFOwDOkPJpGkbmseQZIQydOnXuHDjlwguFHHrb5hpZ6GtCw8EDufcy805UcyoNp735hQWFpeWV4qrpbX1jc0td3unoWWiMKljyaRqRUgTRgWpG2oYacWKIB4x0oyGl5nfvCdKUynuzCgmIUd9QXsUI2OljrsfkFhTJgUMNOUw4MgMMGLp9bjiHcPoqOOWvao3AZwnfk7KIMf/xjvuS9CVOOFEGMyQ1m3fi02YImUoZmRcChJNYoSHqE/algrEiQ7TSdoxPLRKF/aksk8YOFF/bqSIaz3ikZ3M0uhZLxP/8tqJ6Z2HKRVxYojA00O9hEEjYVYd7FJFsGEjSxBW1P4V4gFSCBtbcMlG92eDzpPGSdX3qv7tabl2kXdWBHvgAFSAD85ADVyBG1AHGDyAR/AM3p0n59X5cD6nowUn39kFv+B8fQMoKaBA</latexit><latexit sha1_base64="5TZ7JbGXnnPwyki+CGhFdukk5Ho=">AAACLXicjVDLSgMxFM3UV62vUZcuDBahgpQZEXRZdONKFOwDOkPJpGkbmseQZIQydOnXuHDjlwguFHHrb5hpZ6GtCw8EDufcy805UcyoNp735hQWFpeWV4qrpbX1jc0td3unoWWiMKljyaRqRUgTRgWpG2oYacWKIB4x0oyGl5nfvCdKUynuzCgmIUd9QXsUI2OljrsfkFhTJgUMNOUw4MgMMGLp9bjiHcPoqOOWvao3AZwnfk7KIMf/xjvuS9CVOOFEGMyQ1m3fi02YImUoZmRcChJNYoSHqE/algrEiQ7TSdoxPLRKF/aksk8YOFF/bqSIaz3ikZ3M0uhZLxP/8tqJ6Z2HKRVxYojA00O9hEEjYVYd7FJFsGEjSxBW1P4V4gFSCBtbcMlG92eDzpPGSdX3qv7tabl2kXdWBHvgAFSAD85ADVyBG1AHGDyAR/AM3p0n59X5cD6nowUn39kFv+B8fQMoKaBA</latexit>

xt = axt�1 + ✏
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a, b, and c are hyperparameters 
(see Ho, Jain, Abbeel for one 
way to set them)

a, b, and c are hyperparameters 
(see Ho, Jain, Abbeel for one 
way to set them)

learn this

which inverts this
Forward process:

Reverse process:
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(b) (1 pt) What do you notice changes with increasing � and why does this happen?

Diffusion Models (16pt)

A diffusion process works by sequentially adding noise to a given input x0 for T timesteps.
As T approaches infinity, this process results in noise drawn from a zero-mean isotropic
Gaussian at xT . This process is depicted in Figure 3. The random variable xt conditioned
on xt�1 is distributed according to q(xt|xt�1) with the following form

q(xt|xt�1) = N (
p
↵t xt�1, �tI) where ↵t = 1� �t (3)

Figure 3: The directed graphical model for the diffusion process

Our goal is to learn a function p✓(xt�1|xt) = N (µ✓,⌃✓) that that removes the noise added
when sampling from q(xt|xt�1). While q(xt�1|xt) is not well defined, q(xt�1|xt, x0) is, and it
can be represented in closed form as follows.

q(xt�1|xt, x0) = N (µ̃(xt, x0), �̃tI) (4)

�̃t =
1� ↵̄t�1

1� ↵̄t
· �t (5)

µ̃(xt, x0) =

p
↵t(1� ↵̄t�1)

1� ↵̄t
· xt +

p
↵̄t�1�t

1� ↵̄t
· x0 (6)

where ↵t = 1 � �t and ↵̄t =
Qt

s=1 ↵s. See [Ho et al., 2020] for details. Our goal is to
minimize DKL(q(xt�1|xt, x0) k p✓(xt�1|xt)), and we can do so by minimizing the difference
between µ̃(xt, x0) and µ✓(xt).

8. (2pt) Adding two Gaussian random variables results in another Gaussian random
variable. Using this property, derive a closed form representation of the form N (·, ·)
for the Gaussian distribution of the random variable q(xt|x0) in terms of ↵̄t, xt, and
x0. Show how you arrived at your answer.

3

Gaussian diffusion models

Foward process: 

[Image from Ho, Jain, Abbeel, 2020]

learn this

which inverts this

Reverse process: 
a, b, and c are hyperparameters 
(see Ho, Jain, Abbeel for one 
way to set them)

p✓(xt�1|xt) = N (f✓(xt), c)
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q(xt|xt�1) = N (axt�1, b)
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a, b, and c are hyperparameters 
(see Ho, Jain, Abbeel for one 
way to set them)

learn this

which inverts this
Forward process:

Reverse process:



Prior distribution Target distribution

Deep generative models are distribution 
transformers

59



Gaussian noise Synthesized 
image

60

Deep generative models are distribution 
transformers



Gaussian noise Synthesized 
image

61

Deep generative models are distribution 
transformers



Gaussian noise Synthesized 
image

Generative Adversarial Networks (GANs)

62



Generator

[Goodfellow et al., 2014]

G tries to synthesize fake images that fool D

D tries to identify the fakes

Discriminator

real or fake?
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fake (0.9)

real (0.1)

64[Goodfellow et al., 2014]



G tries to synthesize fake images that fool D:

real or fake?

65[Goodfellow et al., 2014]



G tries to synthesize fake images that fool the best D:

real or fake?

66[Goodfellow et al., 2014]



• Training: iterate between training D and G with backprop.

• Global optimum when G reproduces data distribution.

G tries to synthesize fake images that fool D

D tries to identify the fakes

real or fake?

Training

67[Goodfellow et al., 2014]



GAN Training: Minimax Game

min
✓

max
!

Ex⇠pdata [logD!(x)] + Ez⇠pz [log (1�D!(G✓(z)))]

Real data Noise vector used to 
generate data

(Goodfellow 2016)

Minimax Game

-Equilibrium is a saddle point of the discriminator loss 
-Resembles Jensen-Shannon divergence 
-Generator minimizes the log-probability of the discriminator 
being correct

BRIEF ARTICLE

THE AUTHOR

Maximum likelihood

✓⇤ = argmax
✓

Ex⇠pdata log pmodel(x | ✓)

Fully-visible belief net

pmodel(x) = pmodel(x1)
nY

i=2

pmodel(xi | x1, . . . , xi�1)

Change of variables

y = g(x) ) px(x) = py(g(x))

����det
✓
@g(x)

@x

◆����

Variational bound

log p(x) � log p(x)�DKL (q(z)kp(z | x))(1)

=Ez⇠q log p(x, z) +H(q)(2)

Boltzmann Machines

p(x) =
1

Z
exp (�E(x, z))(3)

Z =
X

x

X

z

exp (�E(x, z))(4)

Generator equation
x = G(z;✓(G))

Minimax

J
(D) = �1

2
Ex⇠pdata logD(x)� 1

2
Ez log (1�D (G(z)))(5)

J
(G) = �J

(D)(6)

1

(Goodfellow 2016)

Non-Saturating Game

BRIEF ARTICLE

THE AUTHOR

Maximum likelihood

✓⇤ = argmax
✓

Ex⇠pdata log pmodel(x | ✓)

Fully-visible belief net

pmodel(x) = pmodel(x1)
nY

i=2

pmodel(xi | x1, . . . , xi�1)

Change of variables

y = g(x) ) px(x) = py(g(x))

����det
✓
@g(x)

@x

◆����

Variational bound

log p(x) � log p(x)�DKL (q(z)kp(z | x))(1)

=Ez⇠q log p(x, z) +H(q)(2)

Boltzmann Machines

p(x) =
1

Z
exp (�E(x, z))(3)

Z =
X

x

X

z

exp (�E(x, z))(4)

Generator equation
x = G(z;✓(G))

Minimax

J
(D) = �1

2
Ex⇠pdata logD(x)� 1

2
Ez log (1�D (G(z)))(5)

J
(G) = �J

(D)(6)

Non-saturating

J
(D) = �1

2
Ex⇠pdata logD(x)� 1

2
Ez log (1�D (G(z)))(7)

J
(G) = �1

2
Ez logD (G(z))(8)

1

-Equilibrium no longer describable with a single loss 
-Generator maximizes the log-probability of the discriminator 
being mistaken 
-Heuristically motivated; generator can still learn even when 
discriminator successfully rejects all generator samples

(Goodfellow et al., 2014)

Cross-entropy 
loss for binary 
classification

Generator maximizes the log-probability 
of the discriminator being mistaken 

• Equilibrium of the game
• Minimizes the Jensen-Shannon divergence 68
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Boltzmann Machines

p(x) =
1

Z
exp (�E(x, z))(3)
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2
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2
Ez log (1�D (G(z)))(5)

J
(G) = �J

(D)(6)

1

(Goodfellow 2016)

Non-Saturating Game

BRIEF ARTICLE

THE AUTHOR

Maximum likelihood

✓⇤ = argmax
✓

Ex⇠pdata log pmodel(x | ✓)

Fully-visible belief net

pmodel(x) = pmodel(x1)
nY

i=2

pmodel(xi | x1, . . . , xi�1)

Change of variables

y = g(x) ) px(x) = py(g(x))

����det
✓
@g(x)

@x

◆����

Variational bound

log p(x) � log p(x)�DKL (q(z)kp(z | x))(1)

=Ez⇠q log p(x, z) +H(q)(2)

Boltzmann Machines

p(x) =
1

Z
exp (�E(x, z))(3)

Z =
X

x

X

z

exp (�E(x, z))(4)

Generator equation
x = G(z;✓(G))

Minimax

J
(D) = �1
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Ex⇠pdata logD(x)� 1
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Ez log (1�D (G(z)))(5)

J
(G) = �J

(D)(6)

Non-saturating

J
(D) = �1

2
Ex⇠pdata logD(x)� 1

2
Ez log (1�D (G(z)))(7)

J
(G) = �1

2
Ez logD (G(z))(8)

1

-Equilibrium no longer describable with a single loss 
-Generator maximizes the log-probability of the discriminator 
being mistaken 
-Heuristically motivated; generator can still learn even when 
discriminator successfully rejects all generator samples

(Goodfellow et al., 2014)

Cross-entropy 
loss for binary 
classification

Generator maximizes the log-probability 
of the discriminator being mistaken 

• Equilibrium of the game
• Minimizes the Jensen-Shannon divergence

Important question is 
“Does this converge??”

69



Training Procedure

Source: Alec Radford

Generating 1D points

(Goodfellow et al., 2014)

Generating images

Source: OpenAI blog
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Training Procedure
•Use SGD on two minibatches simultaneously: 

§A minibatch of training examples 

§A minibatch of generated samples 

(Goodfellow et al., 2014)

. . .

(a) (b) (c) (d)

Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) px from those of the generative distribution pg (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of x. The upward arrows show how the mapping x = G(z) imposes the non-uniform distribution pg on
transformed samples. G contracts in regions of high density and expands in regions of low density of pg . (a)
Consider an adversarial pair near convergence: pg is similar to pdata and D is a partially accurate classifier.
(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D⇤(x) =

pdata(x)
pdata(x)+pg(x) . (c) After an update to G, gradient of D has guided G(z) to flow to regions that are more likely
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Early Results

a) b)

c) d)

Figure 2: Visualization of samples from the model. Rightmost column shows the nearest training example of
the neighboring sample, in order to demonstrate that the model has not memorized the training set. Samples
are fair random draws, not cherry-picked. Unlike most other visualizations of deep generative models, these
images show actual samples from the model distributions, not conditional means given samples of hidden units.
Moreover, these samples are uncorrelated because the sampling process does not depend on Markov chain
mixing. a) MNIST b) TFD c) CIFAR-10 (fully connected model) d) CIFAR-10 (convolutional discriminator
and “deconvolutional” generator)

Figure 3: Digits obtained by linearly interpolating between coordinates in z space of the full model.

1. A conditional generative model p(x | c) can be obtained by adding c as input to both G and D.
2. Learned approximate inference can be performed by training an auxiliary network to predict z

given x. This is similar to the inference net trained by the wake-sleep algorithm [15] but with
the advantage that the inference net may be trained for a fixed generator net after the generator
net has finished training.

3. One can approximately model all conditionals p(xS | x 6S) where S is a subset of the indices
of x by training a family of conditional models that share parameters. Essentially, one can use
adversarial nets to implement a stochastic extension of the deterministic MP-DBM [10].

4. Semi-supervised learning: features from the discriminator or inference net could improve perfor-
mance of classifiers when limited labeled data is available.

5. Efficiency improvements: training could be accelerated greatly by devising better methods for
coordinating G and D or determining better distributions to sample z from during training.

This paper has demonstrated the viability of the adversarial modeling framework, suggesting that
these research directions could prove useful.
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MNIST samples TFD samples

CIFAR10 samples CIFAR10 samples
(fully-connected model) (convolutional discriminator, 

deconvolutional generator)

(Goodfellow et al., 2014)

• The generator uses 
a mixture of rectifier 
linear activations 
and/or sigmoid 
activations
• The discriminator 

net used maxout 
activations. 
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Deep Convolutional GANs (DCGAN)

• No fully connected layers

• Batch Normalization 
(Ioffe and Szegedy, 2015)

• Leaky Rectifier in D

• Use Adam (Kingma and Ba, 2015)

• Tweak Adam hyperparameters a bit 
(lr=0.0002, b1=0.5)

• Idea: Tricks to make GAN training more stable
(Radford et al., 2015)
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DCGAN for LSUN Bedrooms (Radford et al., 2015)
64×64 pixels 
~3M images
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Walking 
over the 
latent space

77

(Radford et al., 2015)

• Interpolation 
suggests 
non-overfitting 
behavior
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Walking over the latent space
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(Radford et al., 2015)
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Vector Space Arithmetic
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(Radford et al., 2015)
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Vector Space Arithmetic
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Progressive GANs(Karras et al., 2018)
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CelebA-HQ
random interpolations

Progressive GANs (Karras et al., 2018)
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Samples from BigGAN
[Brock et al. 2018]
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StyleGANs (Karras et al., 2019)

• An architecture motivated by the 
style transfer networks

• allows unsupervised separation of 
high-level attributes and stochastic 
variation in the generated images 
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Figure 1. While a traditional generator [30] feeds the latent code
though the input layer only, we first map the input to an in-
termediate latent space W , which then controls the generator
through adaptive instance normalization (AdaIN) at each convo-
lution layer. Gaussian noise is added after each convolution, be-
fore evaluating the nonlinearity. Here “A” stands for a learned
affine transform, and “B” applies learned per-channel scaling fac-
tors to the noise input. The mapping network f consists of 8 lay-
ers and the synthesis network g consists of 18 layers — two for
each resolution (42 � 10242). The output of the last layer is con-
verted to RGB using a separate 1⇥ 1 convolution, similar to Kar-
ras et al. [30]. Our generator has a total of 26.2M trainable param-
eters, compared to 23.1M in the traditional generator.

spaces to 512, and the mapping f is implemented using
an 8-layer MLP, a decision we will analyze in Section 4.1.
Learned affine transformations then specialize w to styles
y = (ys,yb) that control adaptive instance normalization
(AdaIN) [27, 17, 21, 16] operations after each convolution
layer of the synthesis network g. The AdaIN operation is
defined as

AdaIN(xi,y) = ys,i
xi � µ(xi)

�(xi)
+ yb,i, (1)

where each feature map xi is normalized separately, and
then scaled and biased using the corresponding scalar com-
ponents from style y. Thus the dimensionality of y is twice
the number of feature maps on that layer.

Comparing our approach to style transfer, we compute
the spatially invariant style y from vector w instead of an
example image. We choose to reuse the word “style” for
y because similar network architectures are already used
for feedforward style transfer [27], unsupervised image-to-
image translation [28], and domain mixtures [23]. Com-
pared to more general feature transforms [38, 57], AdaIN is
particularly well suited for our purposes due to its efficiency
and compact representation.

Method CelebA-HQ FFHQ
A Baseline Progressive GAN [30] 7.79 8.04
B + Tuning (incl. bilinear up/down) 6.11 5.25
C + Add mapping and styles 5.34 4.85
D + Remove traditional input 5.07 4.88
E + Add noise inputs 5.06 4.42
F + Mixing regularization 5.17 4.40

Table 1. Fréchet inception distance (FID) for various generator de-
signs (lower is better). In this paper we calculate the FIDs using
50,000 images drawn randomly from the training set, and report
the lowest distance encountered over the course of training.

Finally, we provide our generator with a direct means
to generate stochastic detail by introducing explicit noise
inputs. These are single-channel images consisting of un-
correlated Gaussian noise, and we feed a dedicated noise
image to each layer of the synthesis network. The noise
image is broadcasted to all feature maps using learned per-
feature scaling factors and then added to the output of the
corresponding convolution, as illustrated in Figure 1b. The
implications of adding the noise inputs are discussed in Sec-
tions 3.2 and 3.3.

2.1. Quality of generated images
Before studying the properties of our generator, we

demonstrate experimentally that the redesign does not com-
promise image quality but, in fact, improves it considerably.
Table 1 gives Fréchet inception distances (FID) [25] for var-
ious generator architectures in CELEBA-HQ [30] and our
new FFHQ dataset (Appendix A). Results for other datasets
are given in Appendix E. Our baseline configuration (A)
is the Progressive GAN setup of Karras et al. [30], from
which we inherit the networks and all hyperparameters ex-
cept where stated otherwise. We first switch to an improved
baseline (B) by using bilinear up/downsampling operations
[64], longer training, and tuned hyperparameters. A de-
tailed description of training setups and hyperparameters is
included in Appendix C. We then improve this new base-
line further by adding the mapping network and AdaIN op-
erations (C), and make a surprising observation that the net-
work no longer benefits from feeding the latent code into the
first convolution layer. We therefore simplify the architec-
ture by removing the traditional input layer and starting the
image synthesis from a learned 4⇥ 4⇥ 512 constant tensor
(D). We find it quite remarkable that the synthesis network
is able to produce meaningful results even though it receives
input only through the styles that control the AdaIN opera-
tions.

Finally, we introduce the noise inputs (E) that improve
the results further, as well as novel mixing regularization (F)
that decorrelates neighboring styles and enables more fine-
grained control over the generated imagery (Section 3.1).

We evaluate our methods using two different loss func-
tions: for CELEBA-HQ we rely on WGAN-GP [24],

2
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StyleGANs
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(Karras et al., 2018)

Figure 2. Uncurated set of images produced by our style-based
generator (config F) with the FFHQ dataset. Here we used a varia-
tion of the truncation trick [40, 5, 32] with  = 0.7 for resolutions
42 � 322. Please see the accompanying video for more results.

while FFHQ uses WGAN-GP for configuration A and non-
saturating loss [21] with R1 regularization [42, 49, 13] for
configurations B–F. We found these choices to give the best
results. Our contributions do not modify the loss function.

We observe that the style-based generator (E) improves
FIDs quite significantly over the traditional generator (B),
almost 20%, corroborating the large-scale ImageNet mea-
surements made in parallel work [6, 5]. Figure 2 shows an
uncurated set of novel images generated from the FFHQ
dataset using our generator. As confirmed by the FIDs,
the average quality is high, and even accessories such
as eyeglasses and hats get successfully synthesized. For
this figure, we avoided sampling from the extreme regions
of W using the so-called truncation trick [40, 5, 32] —
Appendix B details how the trick can be performed in W
instead of Z . Note that our generator allows applying the
truncation selectively to low resolutions only, so that high-
resolution details are not affected.

All FIDs in this paper are computed without the trun-
cation trick, and we only use it for illustrative purposes in
Figure 2 and the video. All images are generated in 1024

2

resolution.

2.2. Prior art
Much of the work on GAN architectures has focused on

improving the discriminator by, e.g., using multiple dis-
criminators [17, 45], multiresolution discrimination [58,
53], or self-attention [61]. The work on generator side has
mostly focused on the exact distribution in the input latent
space [5] or shaping the input latent space via Gaussian
mixture models [4], clustering [46], or encouraging convex-
ity [50].

Recent conditional generators feed the class identifier
through a separate embedding network to a large number
of layers in the generator [44], while the latent is still pro-
vided though the input layer. A few authors have considered
feeding parts of the latent code to multiple generator layers
[9, 5]. In parallel work, Chen et al. [6] “self modulate” the
generator using AdaINs, similarly to our work, but do not
consider an intermediate latent space or noise inputs.

3. Properties of the style-based generator
Our generator architecture makes it possible to control

the image synthesis via scale-specific modifications to the
styles. We can view the mapping network and affine trans-
formations as a way to draw samples for each style from a
learned distribution, and the synthesis network as a way to
generate a novel image based on a collection of styles. The
effects of each style are localized in the network, i.e., modi-
fying a specific subset of the styles can be expected to affect
only certain aspects of the image.

To see the reason for this localization, let us consider
how the AdaIN operation (Eq. 1) first normalizes each chan-
nel to zero mean and unit variance, and only then applies
scales and biases based on the style. The new per-channel
statistics, as dictated by the style, modify the relative impor-
tance of features for the subsequent convolution operation,
but they do not depend on the original statistics because of
the normalization. Thus each style controls only one convo-
lution before being overridden by the next AdaIN operation.

3.1. Style mixing
To further encourage the styles to localize, we employ

mixing regularization, where a given percentage of images
are generated using two random latent codes instead of one
during training. When generating such an image, we sim-
ply switch from one latent code to another — an operation
we refer to as style mixing — at a randomly selected point
in the synthesis network. To be specific, we run two latent
codes z1, z2 through the mapping network, and have the
corresponding w1,w2 control the styles so that w1 applies
before the crossover point and w2 after it. This regular-
ization technique prevents the network from assuming that
adjacent styles are correlated.

Table 2 shows how enabling mixing regularization dur-
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Figure 3. Visualizing the effect of styles in the generator by having the styles produced by one latent code (source) override a subset of the
styles of another one (destination). Overriding the styles of layers corresponding to coarse spatial resolutions (42 – 82), high-level aspects
such as pose, general hair style, face shape, and eyeglasses get copied from the source, while all colors (eyes, hair, lighting) and finer facial
features of the destination are retained. If we instead copy the styles of middle layers (162 – 322), we inherit smaller scale facial features,
hair style, eyes open/closed from the source, while the pose, general face shape, and eyeglasses from the destination are preserved. Finally,
copying the styles corresponding to fine resolutions (642 – 10242) brings mainly the color scheme and microstructure from the source.
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Latent space
(Gaussian)

Data space
(Natural image manifold)

[BigGAN, Brock et al. 2018]
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image spacelatent space

Generative models organize the manifold 
of natural images
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Projecting images into GAN latent space

88iGAN. Zhu et al. 2016; GAN Inversion: A Survey. Xia et al. 2021 

Projecting images into GAN latent space

E G
Latent 
Space

w* = arg min
w

Limg(x, G(w)) + λLlatent(w, E(x))

iGAN. Zhu et al. 2016; GAN Inversion: A Survey. Xia et al. 2021
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Representation learning: 
mapping data to abstract representations
(analysis)
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Generative modeling: 
mapping abstract representations to data 
(synthesis)

Generative modeling vs Representation 
learning
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<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

Data space Representation space

Encoder

pdata
<latexit sha1_base64="gXmKTRZKwpHynAnPmd9+wUiDvV4=">AAAB+nicbVBNS8NAEN34WetXqkcvi0XwVBIR9Fj04rGC/YA2hM1m0y7dbMLuRC0xP8WLB0W8+ku8+W/ctjlo64OBx3szzMwLUsE1OM63tbK6tr6xWdmqbu/s7u3btYOOTjJFWZsmIlG9gGgmuGRt4CBYL1WMxIFg3WB8PfW790xpnsg7mKTMi8lQ8ohTAkby7Vrq5wNgjwCQhwRIUfh23Wk4M+Bl4pakjkq0fPtrECY0i5kEKojWfddJwcuJAk4FK6qDTLOU0DEZsr6hksRMe/ns9AKfGCXEUaJMScAz9fdETmKtJ3FgOmMCI73oTcX/vH4G0aWXc5lmwCSdL4oygSHB0xxwyBWjICaGEKq4uRXTEVGEgkmrakJwF19eJp2zhus03NvzevOqjKOCjtAxOkUuukBNdINaqI0oekDP6BW9WU/Wi/VufcxbV6xy5hD9gfX5A2MZlLc=</latexit><latexit sha1_base64="Yj6mbwkBToVjEYDK9eaNvC06Nxw=">AAACH3icjVDLSsNAFJ34rPWV6tLNYBFclUQEXRbduFSwD2hDmEwm7dDJJMzcqCXkU1y48VfciIi7/o3TNgttXXhg4HDOudy5J0gF1+A4E2tldW19Y7OyVd3e2d3bt2sHbZ1kirIWTUSiugHRTHDJWsBBsG6qGIkDwTrB6Hrqdx6Y0jyR9zBOmReTgeQRpwSM5Nu11M/7wJ4AIA8JkKLw7brTcGbAy8QtSR2V+F/ct7/6YUKzmEmggmjdc50UvJwo4FSwotrPNEsJHZEB6xkqScy0l8/uK/CJUUIcJco8CXim/pzISaz1OA5MMiYw1IveVPzL62UQXXo5l2kGTNL5oigTGBI8LQuHXDEKYmwIoYqbv2I6JIpQMJVWzenu4qHLpH3WcJ2Ge3deb16VnVXQETpGp8hFF6iJbtAtaiGKHtEzekXv1ov1Zn1Yn/PoilXOHKJfsCbf0IKcMA==</latexit><latexit sha1_base64="Yj6mbwkBToVjEYDK9eaNvC06Nxw=">AAACH3icjVDLSsNAFJ34rPWV6tLNYBFclUQEXRbduFSwD2hDmEwm7dDJJMzcqCXkU1y48VfciIi7/o3TNgttXXhg4HDOudy5J0gF1+A4E2tldW19Y7OyVd3e2d3bt2sHbZ1kirIWTUSiugHRTHDJWsBBsG6qGIkDwTrB6Hrqdx6Y0jyR9zBOmReTgeQRpwSM5Nu11M/7wJ4AIA8JkKLw7brTcGbAy8QtSR2V+F/ct7/6YUKzmEmggmjdc50UvJwo4FSwotrPNEsJHZEB6xkqScy0l8/uK/CJUUIcJco8CXim/pzISaz1OA5MMiYw1IveVPzL62UQXXo5l2kGTNL5oigTGBI8LQuHXDEKYmwIoYqbv2I6JIpQMJVWzenu4qHLpH3WcJ2Ge3deb16VnVXQETpGp8hFF6iJbtAtaiGKHtEzekXv1ov1Zn1Yn/PoilXOHKJfsCbf0IKcMA==</latexit><latexit sha1_base64="Yj6mbwkBToVjEYDK9eaNvC06Nxw=">AAACH3icjVDLSsNAFJ34rPWV6tLNYBFclUQEXRbduFSwD2hDmEwm7dDJJMzcqCXkU1y48VfciIi7/o3TNgttXXhg4HDOudy5J0gF1+A4E2tldW19Y7OyVd3e2d3bt2sHbZ1kirIWTUSiugHRTHDJWsBBsG6qGIkDwTrB6Hrqdx6Y0jyR9zBOmReTgeQRpwSM5Nu11M/7wJ4AIA8JkKLw7brTcGbAy8QtSR2V+F/ct7/6YUKzmEmggmjdc50UvJwo4FSwotrPNEsJHZEB6xkqScy0l8/uK/CJUUIcJco8CXim/pzISaz1OA5MMiYw1IveVPzL62UQXXo5l2kGTNL5oigTGBI8LQuHXDEKYmwIoYqbv2I6JIpQMJVWzenu4qHLpH3WcJ2Ge3deb16VnVXQETpGp8hFF6iJbtAtaiGKHtEzekXv1ov1Zn1Yn/PoilXOHKJfsCbf0IKcMA==</latexit>

Representation learning

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit><latexit sha1_base64="6Ti+/2yet3GYo8fKSUbiWGmAzwM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqhP1yxa26c5BV4uWkAjn+F++XP3uDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfza+ZkjOrDEgYK/ukIXP150RGI60nUWCTETUjvezNxL+8bmrCKz/jMkkNSrZYFKaCmJjMqiEDrpAZMbGEMsXtXwkbUUWZsQWW7One8qGrpHVR9dyq17is1K/zzopwAqdwDh7UoA63cAdNYIDwCM/w6jw5L86b876IFpx85hh+wfn4Bi8jlGM=</latexit>

Representation space

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit>z

<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

Data space

Generator

pz
<latexit sha1_base64="v6C7OMy5S8qrdCPD/O7yQwVvJ10=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cV7APasWTSTBuayYQko9Rh/sONC0Xc+i/u/Bsz7Sy09UDgcM693JMTSM60cd1vp7Syura+Ud6sbG3v7O5V9w/aOk4UoS0S81h1A6wpZ4K2DDOcdqWiOAo47QST69zvPFClWSzuzFRSP8IjwUJGsLHSvRyk/QibcRCmT1k2qNbcujsDWiZeQWpQoDmofvWHMUkiKgzhWOue50rjp1gZRjjNKv1EU4nJBI9oz1KBI6r9dJY6QydWGaIwVvYJg2bq740UR1pPo8BO5hH1opeL/3m9xISXfsqETAwVZH4oTDgyMcorQEOmKDF8agkmitmsiIyxwsTYoiq2BG/xy8ukfVb33Lp3e15rXBV1lOEIjuEUPLiABtxAE1pAQMEzvMKb8+i8OO/Ox3y05BQ7h/AHzucPWayTDQ==</latexit><latexit sha1_base64="vgFMGiEvtaV2T21eMerCrexRksc=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg3NZEKSEeow/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pxAcqaN6345paXlldW18nplY3Nre6e6u9fScaIIbZKYx6oTYE05E7RpmOG0IxXFUcBpOxhf5n77nirNYnFrJpL6ER4KFjKCjZXuZD/tRdiMgjB9yLJ+tebW3SnQIvEKUoMC/xvvVz96g5gkERWGcKx113Ol8VOsDCOcZpVeoqnEZIyHtGupwBHVfjqNlqEjqwxQGCv7hEFT9edGiiOtJ1FgJ/Mcet7Lxb+8bmLCcz9lQiaGCjI7FCYcmRjlPaEBU5QYPrEEE8XsXxEZYYWJsW1WbHRvPugiaZ3UPbfu3ZzWGhdFZ2U4gEM4Bg/OoAFXcA1NIKDgEZ7h1XlyXpw35302WnKKnX34BefzG5AEmoY=</latexit><latexit sha1_base64="vgFMGiEvtaV2T21eMerCrexRksc=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg3NZEKSEeow/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pxAcqaN6345paXlldW18nplY3Nre6e6u9fScaIIbZKYx6oTYE05E7RpmOG0IxXFUcBpOxhf5n77nirNYnFrJpL6ER4KFjKCjZXuZD/tRdiMgjB9yLJ+tebW3SnQIvEKUoMC/xvvVz96g5gkERWGcKx113Ol8VOsDCOcZpVeoqnEZIyHtGupwBHVfjqNlqEjqwxQGCv7hEFT9edGiiOtJ1FgJ/Mcet7Lxb+8bmLCcz9lQiaGCjI7FCYcmRjlPaEBU5QYPrEEE8XsXxEZYYWJsW1WbHRvPugiaZ3UPbfu3ZzWGhdFZ2U4gEM4Bg/OoAFXcA1NIKDgEZ7h1XlyXpw35302WnKKnX34BefzG5AEmoY=</latexit><latexit sha1_base64="vgFMGiEvtaV2T21eMerCrexRksc=">AAACGnicjVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuiG5cK9gHtWDJppg3NZEKSEeow/+HCjb/iRsSduPFvzLSz0NaFBwKHc+7l5pxAcqaN6345paXlldW18nplY3Nre6e6u9fScaIIbZKYx6oTYE05E7RpmOG0IxXFUcBpOxhf5n77nirNYnFrJpL6ER4KFjKCjZXuZD/tRdiMgjB9yLJ+tebW3SnQIvEKUoMC/xvvVz96g5gkERWGcKx113Ol8VOsDCOcZpVeoqnEZIyHtGupwBHVfjqNlqEjqwxQGCv7hEFT9edGiiOtJ1FgJ/Mcet7Lxb+8bmLCcz9lQiaGCjI7FCYcmRjlPaEBU5QYPrEEE8XsXxEZYYWJsW1WbHRvPugiaZ3UPbfu3ZzWGhdFZ2U4gEM4Bg/OoAFXcA1NIKDgEZ7h1XlyXpw35302WnKKnX34BefzG5AEmoY=</latexit>

Generative modeling

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>
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DecoderEncoder
x

<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit> x̂
<latexit sha1_base64="KgiSwXGkVcPbkiL3wocyH5M9oWw=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclUQEXRbduKxgH9CEMplO2qGTBzM3xRL6J25cKOLWP3Hn3zhps9DWAwOHc+7lnjlBKoVGx/m21tY3Nre2KzvV3b39g0P76Litk0wx3mKJTFQ3oJpLEfMWCpS8mypOo0DyTjC+K/zOhCstkvgRpyn3IzqMRSgYRSP1bdsbUcy9iOIoCPOn2axv15y6MwdZJW5JalCi2be/vEHCsojHyCTVuuc6Kfo5VSiY5LOql2meUjamQ94zNKYR134+Tz4j50YZkDBR5sVI5urvjZxGWk+jwEwWEfWyV4j/eb0Mwxs/F3GaIY/Z4lCYSYIJKWogA6E4Qzk1hDIlTFbCRlRRhqasqinBXf7yKmlf1l2n7j5c1Rq3ZR0VOIUzuAAXrqEB99CEFjCYwDO8wpuVWy/Wu/WxGF2zyp0T+APr8wdWBZQa</latexit><latexit sha1_base64="jaEVlR97XRH/bgn5qqoD74gu0y4=">AAACHnicjVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxqWCfUATymQ6aYdOJmFmUiwhf+LCjb/iRkRwpX/jpM1CWxceGDiccy93zgkSzpR2nC+rsrK6tr5R3axtbe/s7tn7B20Vp5LQFol5LLsBVpQzQVuaaU67iaQ4CjjtBOPrwu9MqFQsFvd6mlA/wkPBQkawNlLftr0R1pkXYT0Kwuwhz/t23Wk4M6Bl4pakDiX+N963P7xBTNKICk04VqrnOon2Myw1I5zmNS9VNMFkjIe0Z6jAEVV+NouXoxOjDFAYS/OERjP150aGI6WmUWAmixxq0SvEv7xeqsNLP2MiSTUVZH4oTDnSMSq6QgMmKdF8aggmkpm/IjLCEhNtGq2Z6O5i0GXSPmu4TsO9O683r8rOqnAEx3AKLlxAE27gFlpAYAKP8Ayv1pP1Yr1Z7/PRilXuHMIvWJ/frgqbkw==</latexit><latexit sha1_base64="jaEVlR97XRH/bgn5qqoD74gu0y4=">AAACHnicjVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxqWCfUATymQ6aYdOJmFmUiwhf+LCjb/iRkRwpX/jpM1CWxceGDiccy93zgkSzpR2nC+rsrK6tr5R3axtbe/s7tn7B20Vp5LQFol5LLsBVpQzQVuaaU67iaQ4CjjtBOPrwu9MqFQsFvd6mlA/wkPBQkawNlLftr0R1pkXYT0Kwuwhz/t23Wk4M6Bl4pakDiX+N963P7xBTNKICk04VqrnOon2Myw1I5zmNS9VNMFkjIe0Z6jAEVV+NouXoxOjDFAYS/OERjP150aGI6WmUWAmixxq0SvEv7xeqsNLP2MiSTUVZH4oTDnSMSq6QgMmKdF8aggmkpm/IjLCEhNtGq2Z6O5i0GXSPmu4TsO9O683r8rOqnAEx3AKLlxAE27gFlpAYAKP8Ayv1pP1Yr1Z7/PRilXuHMIvWJ/frgqbkw==</latexit><latexit sha1_base64="jaEVlR97XRH/bgn5qqoD74gu0y4=">AAACHnicjVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxqWCfUATymQ6aYdOJmFmUiwhf+LCjb/iRkRwpX/jpM1CWxceGDiccy93zgkSzpR2nC+rsrK6tr5R3axtbe/s7tn7B20Vp5LQFol5LLsBVpQzQVuaaU67iaQ4CjjtBOPrwu9MqFQsFvd6mlA/wkPBQkawNlLftr0R1pkXYT0Kwuwhz/t23Wk4M6Bl4pakDiX+N963P7xBTNKICk04VqrnOon2Myw1I5zmNS9VNMFkjIe0Z6jAEVV+NouXoxOjDFAYS/OERjP150aGI6WmUWAmixxq0SvEv7xeqsNLP2MiSTUVZH4oTDnSMSq6QgMmKdF8aggmkpm/IjLCEhNtGq2Z6O5i0GXSPmu4TsO9O683r8rOqnAEx3AKLlxAE27gFlpAYAKP8Ayv1pP1Yr1Z7/PRilXuHMIvWJ/frgqbkw==</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

Decoder

A
u
to
en

co
d
er

<latexit sha1_base64="UAIAfTF0aiawbLgD5Y6viKTrA/U=">AAAB8nicbVDLSsNAFJ3UV62vqks3wSK4Kkk3uqy6cVnBPqANZTK5aYdOZsLMjVBCP8ONC0Xc+jXu/BunbRbaemDgcM69zD0nTAU36HnfTmljc2t7p7xb2ds/ODyqHp90jMo0gzZTQuleSA0ILqGNHAX0Ug00CQV0w8nd3O8+gTZcyUecphAkdCR5zBlFK/VvMlQgmYpAD6s1r+4t4K4TvyA1UqA1rH4NIsWyBCQyQY3p+16KQU41ciZgVhlkBlLKJnQEfUslTcAE+eLkmXthlciNlbZPortQf2/kNDFmmoR2MqE4NqveXPzP62cYXwc5l2mGNtjyozgTLip3nt+NuAaGYmoJZZrbW102ppoytC1VbAn+auR10mnUfa/uPzRqzduijjI5I+fkkvjkijTJPWmRNmFEkWfySt4cdF6cd+djOVpyip1T8gfO5w9+sZFf</latexit><latexit sha1_base64="NSZC29LpdF+vKN3rzXYH94bEGjY=">AAACF3icjVC7TsMwFL3hWcqrwMgSUSExVUkXGAssjCDRh5RGlePctlYdO7IdpCrqZzCw8CssCLHCxt/gthmgZeBIlo7OuVfX50QpZ9p43pezsrq2vrFZ2ipv7+zu7VcODltaZopik0ouVSciGjkT2DTMcOykCkkScWxHo+up335ApZkU92acYpiQgWB9RomxUnCZGYmCyhhVr1L1at4M7jLxC1KFAv8b71U+u7GkWYLCUE60DnwvNWFOlGGU46TczTSmhI7IAANLBUlQh/ks18Q9tUrs9qWyTxh3pv7cyEmi9TiJ7GRCzFAvelPxLy/ITP8izJlIM2PTzw/1M+4a6U5LcmOmkBo+toRQxexfXTokilBjqyzb6P5i0GXSqtd8r+bf1auNq6KzEhzDCZyBD+fQgBu4hSZQkPAIz/DqPDkvzpvzPh9dcYqdI/gF5+MbexSY2A==</latexit><latexit sha1_base64="NSZC29LpdF+vKN3rzXYH94bEGjY=">AAACF3icjVC7TsMwFL3hWcqrwMgSUSExVUkXGAssjCDRh5RGlePctlYdO7IdpCrqZzCw8CssCLHCxt/gthmgZeBIlo7OuVfX50QpZ9p43pezsrq2vrFZ2ipv7+zu7VcODltaZopik0ouVSciGjkT2DTMcOykCkkScWxHo+up335ApZkU92acYpiQgWB9RomxUnCZGYmCyhhVr1L1at4M7jLxC1KFAv8b71U+u7GkWYLCUE60DnwvNWFOlGGU46TczTSmhI7IAANLBUlQh/ks18Q9tUrs9qWyTxh3pv7cyEmi9TiJ7GRCzFAvelPxLy/ITP8izJlIM2PTzw/1M+4a6U5LcmOmkBo+toRQxexfXTokilBjqyzb6P5i0GXSqtd8r+bf1auNq6KzEhzDCZyBD+fQgBu4hSZQkPAIz/DqPDkvzpvzPh9dcYqdI/gF5+MbexSY2A==</latexit><latexit sha1_base64="NSZC29LpdF+vKN3rzXYH94bEGjY=">AAACF3icjVC7TsMwFL3hWcqrwMgSUSExVUkXGAssjCDRh5RGlePctlYdO7IdpCrqZzCw8CssCLHCxt/gthmgZeBIlo7OuVfX50QpZ9p43pezsrq2vrFZ2ipv7+zu7VcODltaZopik0ouVSciGjkT2DTMcOykCkkScWxHo+up335ApZkU92acYpiQgWB9RomxUnCZGYmCyhhVr1L1at4M7jLxC1KFAv8b71U+u7GkWYLCUE60DnwvNWFOlGGU46TczTSmhI7IAANLBUlQh/ks18Q9tUrs9qWyTxh3pv7cyEmi9TiJ7GRCzFAvelPxLy/ITP8izJlIM2PTzw/1M+4a6U5LcmOmkBo+toRQxexfXTokilBjqyzb6P5i0GXSqtd8r+bf1auNq6KzEhzDCZyBD+fQgBu4hSZQkPAIz/DqPDkvzpvzPh9dcYqdI/gF5+MbexSY2A==</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

z ⇠ pz
<latexit sha1_base64="tZlDwX3BeDeQoBGap3F4kLP5j7I=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhbBVUlE0GXRjcsK9gFNCJPppB06MwkzE6GGLN34K25cKOLWT3Dn3zhpA2rrgQuHc+7l3nvChFGlHefLqiwtr6yuVddrG5tb2zv27l5HxanEpI1jFsteiBRhVJC2ppqRXiIJ4iEj3XB8VfjdOyIVjcWtniTE52goaEQx0kYK7EOPIz0Ko+w+h56iHCZB9iPltcCuOw1nCrhI3JLUQYlWYH96gxinnAiNGVKq7zqJ9jMkNcWM5DUvVSRBeIyGpG+oQJwoP5s+ksNjowxgFEtTQsOp+nsiQ1ypCQ9NZ3GjmvcK8T+vn+rows+oSFJNBJ4tilIGdQyLVOCASoI1mxiCsKTmVohHSCKsTXZFCO78y4ukc9pwnYZ7c1ZvXpZxVMEBOAInwAXnoAmuQQu0AQYP4Am8gFfr0Xq23qz3WWvFKmf2wR9YH987zZoX</latexit><latexit sha1_base64="+HQXdqYetK9jOQ7B9FG7GbnAmPU=">AAACLXicjVDLSsNAFJ3UV62vqEsXDhbBVUlE0GXRjUsF+4AmhMl00g6dmYSZiVBDln6NCzd+ieBCEbf+hpM2oLYuPDBwOOdc7twTJowq7TivVmVhcWl5pbpaW1vf2Nyyt3faKk4lJi0cs1h2Q6QIo4K0NNWMdBNJEA8Z6YSji8Lv3BKpaCxu9DghPkcDQSOKkTZSYO97HOlhGGV3OfQU5TAJsm8prwV23Wk4E8B54pakDkr8Lx7Yz14/xiknQmOGlOq5TqL9DElNMSN5zUsVSRAeoQHpGSoQJ8rPJtfm8NAofRjF0jyh4UT9OZEhrtSYhyZZHKJmvUL8y+ulOjrzMyqSVBOBp4uilEEdw6I62KeSYM3GhiAsqfkrxEMkEdam4KIpd/bQedI+brhOw70+qTfPy86qYA8cgCPgglPQBJfgCrQABvfgATyBN+vRerHerY9ptGKVM7vgF6zPL13voZA=</latexit><latexit sha1_base64="+HQXdqYetK9jOQ7B9FG7GbnAmPU=">AAACLXicjVDLSsNAFJ3UV62vqEsXDhbBVUlE0GXRjUsF+4AmhMl00g6dmYSZiVBDln6NCzd+ieBCEbf+hpM2oLYuPDBwOOdc7twTJowq7TivVmVhcWl5pbpaW1vf2Nyyt3faKk4lJi0cs1h2Q6QIo4K0NNWMdBNJEA8Z6YSji8Lv3BKpaCxu9DghPkcDQSOKkTZSYO97HOlhGGV3OfQU5TAJsm8prwV23Wk4E8B54pakDkr8Lx7Yz14/xiknQmOGlOq5TqL9DElNMSN5zUsVSRAeoQHpGSoQJ8rPJtfm8NAofRjF0jyh4UT9OZEhrtSYhyZZHKJmvUL8y+ulOjrzMyqSVBOBp4uilEEdw6I62KeSYM3GhiAsqfkrxEMkEdam4KIpd/bQedI+brhOw70+qTfPy86qYA8cgCPgglPQBJfgCrQABvfgATyBN+vRerHerY9ptGKVM7vgF6zPL13voZA=</latexit><latexit sha1_base64="+HQXdqYetK9jOQ7B9FG7GbnAmPU=">AAACLXicjVDLSsNAFJ3UV62vqEsXDhbBVUlE0GXRjUsF+4AmhMl00g6dmYSZiVBDln6NCzd+ieBCEbf+hpM2oLYuPDBwOOdc7twTJowq7TivVmVhcWl5pbpaW1vf2Nyyt3faKk4lJi0cs1h2Q6QIo4K0NNWMdBNJEA8Z6YSji8Lv3BKpaCxu9DghPkcDQSOKkTZSYO97HOlhGGV3OfQU5TAJsm8prwV23Wk4E8B54pakDkr8Lx7Yz14/xiknQmOGlOq5TqL9DElNMSN5zUsVSRAeoQHpGSoQJ8rPJtfm8NAofRjF0jyh4UT9OZEhrtSYhyZZHKJmvUL8y+ulOjrzMyqSVBOBp4uilEEdw6I62KeSYM3GhiAsqfkrxEMkEdam4KIpd/bQedI+brhOw70+qTfPy86qYA8cgCPgglPQBJfgCrQABvfgATyBN+vRerHerY9ptGKVM7vgF6zPL13voZA=</latexit>

+
<latexit sha1_base64="Bp+HT0LgZs2AVO34jjezU/cBhnM=">AAAB8XicbVBNSwMxEJ34WetX1aOXYBE8lV0R9FjUg8cK9gPbpWTTbBuaTZYkaylL/4UXD4p49d9489+YtnvQ1gcDj/dmmJkXJoIb63nfaGV1bX1js7BV3N7Z3dsvHRw2jEo1ZXWqhNKtkBgmuGR1y61grUQzEoeCNcPhzdRvPjFtuJIPdpywICZ9ySNOiXXSY+dWjSTRWo26pbJX8WbAy8TPSRly1Lqlr05P0TRm0lJBjGn7XmKDjGjLqWCTYic1LCF0SPqs7agkMTNBNrt4gk+d0sOR0q6kxTP190RGYmPGceg6Y2IHZtGbiv957dRGV0HGZZJaJul8UZQKbBWevo97XDNqxdgRQjV3t2I6IJpQ60IquhD8xZeXSeO84nsV//6iXL3O4yjAMZzAGfhwCVW4gxrUgYKEZ3iFN2TQC3pHH/PWFZTPHMEfoM8fzYyQ/Q==</latexit><latexit sha1_base64="2os7QNQGYFMLSl9UqNwiXOzX6Yg=">AAACFnicjVBNSwMxFHxbv2r9qnr0EiyCp7Irgh6LevCo4LbFdinZNNuGZpMlyVrK0n/hwYt/xYuIV/HmvzFt96CtBwcCw8w8Xt6ECWfauO6XU1haXlldK66XNja3tnfKu3t1LVNFqE8kl6oZYk05E9Q3zHDaTBTFcchpIxxcTvzGA1WaSXFnRgkNYtwTLGIEGyvdt6/kUGCl5LBTrrhVdwq0SLycVCDH/+Kd8me7K0kaU2EIx1q3PDcxQYaVYYTTcamdappgMsA92rJU4JjqIJueNUZHVumiSCr7hEFT9edEhmOtR3FokzE2fT3vTcS/vFZqovMgYyJJDRVktihKOTISTTpCXaYoMXxkCSaK2b8i0scKE2ObLNnTvflDF0n9pOq5Ve/2tFK7yDsrwgEcwjF4cAY1uIYb8IGAgEd4hlfnyXlx3pz3WbTg5DP78AvOxze8yJh2</latexit><latexit sha1_base64="2os7QNQGYFMLSl9UqNwiXOzX6Yg=">AAACFnicjVBNSwMxFHxbv2r9qnr0EiyCp7Irgh6LevCo4LbFdinZNNuGZpMlyVrK0n/hwYt/xYuIV/HmvzFt96CtBwcCw8w8Xt6ECWfauO6XU1haXlldK66XNja3tnfKu3t1LVNFqE8kl6oZYk05E9Q3zHDaTBTFcchpIxxcTvzGA1WaSXFnRgkNYtwTLGIEGyvdt6/kUGCl5LBTrrhVdwq0SLycVCDH/+Kd8me7K0kaU2EIx1q3PDcxQYaVYYTTcamdappgMsA92rJU4JjqIJueNUZHVumiSCr7hEFT9edEhmOtR3FokzE2fT3vTcS/vFZqovMgYyJJDRVktihKOTISTTpCXaYoMXxkCSaK2b8i0scKE2ObLNnTvflDF0n9pOq5Ve/2tFK7yDsrwgEcwjF4cAY1uIYb8IGAgEd4hlfnyXlx3pz3WbTg5DP78AvOxze8yJh2</latexit><latexit sha1_base64="2os7QNQGYFMLSl9UqNwiXOzX6Yg=">AAACFnicjVBNSwMxFHxbv2r9qnr0EiyCp7Irgh6LevCo4LbFdinZNNuGZpMlyVrK0n/hwYt/xYuIV/HmvzFt96CtBwcCw8w8Xt6ECWfauO6XU1haXlldK66XNja3tnfKu3t1LVNFqE8kl6oZYk05E9Q3zHDaTBTFcchpIxxcTvzGA1WaSXFnRgkNYtwTLGIEGyvdt6/kUGCl5LBTrrhVdwq0SLycVCDH/+Kd8me7K0kaU2EIx1q3PDcxQYaVYYTTcamdappgMsA92rJU4JjqIJueNUZHVumiSCr7hEFT9edEhmOtR3FokzE2fT3vTcS/vFZqovMgYyJJDRVktihKOTISTTpCXaYoMXxkCSaK2b8i0scKE2ObLNnTvflDF0n9pOq5Ve/2tFK7yDsrwgEcwjF4cAY1uIYb8IGAgEd4hlfnyXlx3pz3WbTg5DP78AvOxze8yJh2</latexit>

G
en

er
at
iv
e
m
od

el
<latexit sha1_base64="VbnVswXhWkF6r9GXgwRLTMp+oyU=">AAAB+XicbVC7SgNBFJ31GeNr1dJmMAhWYTeNlkELLSOYByRLmJ29SYbMY5mZDYQlf2JjoYitf2Ln3zhJttDEAxfOnHMvc++JU86MDYJvb2Nza3tnt7RX3j84PDr2T05bRmWaQpMqrnQnJgY4k9C0zHLopBqIiDm04/Hd3G9PQBum5JOdphAJMpRswCixTur7/j1I0O4xASxUArzvV4JqsABeJ2FBKqhAo+9/9RJFMwHSUk6M6YZBaqOcaMsoh1m5lxlICR2TIXQdlUSAifLF5jN86ZQED5R2JS1eqL8nciKMmYrYdQpiR2bVm4v/ed3MDm6inMk0syDp8qNBxrFVeB4DTpgGavnUEUI1c7tiOiKaUOvCKrsQwtWT10mrVg2DavhYq9RvizhK6BxdoCsUomtURw+ogZqIogl6Rq/ozcu9F+/d+1i2bnjFzBn6A+/zB3JOk4Q=</latexit><latexit sha1_base64="NUiHIJKLxtD/EtnSeYfd5cYhmI8=">AAACHnicjVDLSgMxFM3UV62vUZdugkVwVWa60WXRhS4V7APaoWQyd9rQJDMkmUIZ+icu3PgrbkQEV/o3pu0stHXhgcDJOfeSnBOmnGnjeV9OaW19Y3OrvF3Z2d3bP3APj1o6yRSFJk14ojoh0cCZhKZhhkMnVUBEyKEdjq5nfnsMSrNEPphJCoEgA8liRomxUt91b0CCspcxYJFEwPtu1at5c+BV4hekigr8b7zvfvSihGYCpKGcaN31vdQEOVGGUQ7TSi/TkBI6IgPoWiqJAB3k83hTfGaVCMeJskcaPFd/buREaD0RoZ0UxAz1sjcT//K6mYkvg5zJNDMg6eKhOOPYJHjWFY6YAmr4xBJCFbN/xXRIFKHGNlqx0f3loKukVa/5Xs2/r1cbV0VnZXSCTtE58tEFaqBbdIeaiKIxekTP6NV5cl6cN+d9MVpyip1j9AvO5ze075r9</latexit><latexit sha1_base64="NUiHIJKLxtD/EtnSeYfd5cYhmI8=">AAACHnicjVDLSgMxFM3UV62vUZdugkVwVWa60WXRhS4V7APaoWQyd9rQJDMkmUIZ+icu3PgrbkQEV/o3pu0stHXhgcDJOfeSnBOmnGnjeV9OaW19Y3OrvF3Z2d3bP3APj1o6yRSFJk14ojoh0cCZhKZhhkMnVUBEyKEdjq5nfnsMSrNEPphJCoEgA8liRomxUt91b0CCspcxYJFEwPtu1at5c+BV4hekigr8b7zvfvSihGYCpKGcaN31vdQEOVGGUQ7TSi/TkBI6IgPoWiqJAB3k83hTfGaVCMeJskcaPFd/buREaD0RoZ0UxAz1sjcT//K6mYkvg5zJNDMg6eKhOOPYJHjWFY6YAmr4xBJCFbN/xXRIFKHGNlqx0f3loKukVa/5Xs2/r1cbV0VnZXSCTtE58tEFaqBbdIeaiKIxekTP6NV5cl6cN+d9MVpyip1j9AvO5ze075r9</latexit><latexit sha1_base64="NUiHIJKLxtD/EtnSeYfd5cYhmI8=">AAACHnicjVDLSgMxFM3UV62vUZdugkVwVWa60WXRhS4V7APaoWQyd9rQJDMkmUIZ+icu3PgrbkQEV/o3pu0stHXhgcDJOfeSnBOmnGnjeV9OaW19Y3OrvF3Z2d3bP3APj1o6yRSFJk14ojoh0cCZhKZhhkMnVUBEyKEdjq5nfnsMSrNEPphJCoEgA8liRomxUt91b0CCspcxYJFEwPtu1at5c+BV4hekigr8b7zvfvSihGYCpKGcaN31vdQEOVGGUQ7TSi/TkBI6IgPoWiqJAB3k83hTfGaVCMeJskcaPFd/buREaD0RoZ0UxAz1sjcT//K6mYkvg5zJNDMg6eKhOOPYJHjWFY6YAmr4xBJCFbN/xXRIFKHGNlqx0f3loKukVa/5Xs2/r1cbV0VnZXSCTtE58tEFaqBbdIeaiKIxekTP6NV5cl6cN+d9MVpyip1j9AvO5ze075r9</latexit>

...
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Autoencoder → Generative model
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Prior distribution Target distribution

[Kingma & Welling, 2014; Rezende, Mohamed, Wierstra 2014]
Variational Autoencoder (VAE)
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Target distribution

Mixture of Gaussians
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Target distributionPrior distribution

Density model:

Sampling:

[Kingma & Welling, 2014; Rezende, Mohamed, Wierstra 2014]
Variational Autoencoder (VAE)
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Variational Autoencoder (VAE)
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Current model of 
target distributionPrior distribution

In order to optimize our 
model, we need to measure 
the likelihood it assigns to 
each datapoint x
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Current model of 
target distributionPrior distribution

In order to optimize our 
model, we need to measure 
the likelihood it assigns to 
each datapoint x
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Current model of 
target distributionPrior distribution

If only we knew z*, we 
wouldn’t need the integral…
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Autoencoder!
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Classical Autoencoder
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Variational Autoencoder
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Variational Autoencoder
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Gaussian VAEs 2013

107

Gaussian VAEs 2013

Sample z ⇠ N (0, I) and compute y�(z)

[Alec Radford]

2

Sample and compute

Gaussian VAEs 2013

Sample z ⇠ N (0, I) and compute y�(z)

[Alec Radford]

2

[Alec Radford]



Vector Quantized VAEs (VQ-VAE) 2019

108

VQ-VAE-2, Razavi et al., NeurIPS 2019



Vector Quantized VAEs (VQ-VAE) 2019

109

VQ-VAE-2, Razavi et al., NeurIPS 2019



Data 
Translation
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Semantic segmentation

[Long et al. 2015, …]

Edge detection

[Xie et al. 2015, …]

[Reed et al. 2014, …]

Text-to-image

“this small bird has a pink 

breast and crown…”

Future frame prediction

[Mathieu et al. 2016, …]

Data translation problems (“structured prediction”)

111



Input Deep net output
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Generator
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G tries to synthesize fake images that fool D

D tries to identify the fakes

Generator Discriminator

real or fake?

114



fake (0.9)

real (0.1)

115



G tries to synthesize fake images that fool D:

real or fake?
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G tries to synthesize fake images that fool the best D:

real or fake?

117



Loss Function

G’s perspective: D is a loss function.

Rather than being hand-designed, it is learned and
highly structured.
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real or fake?
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real!
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real or fake pair ?
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real or fake pair ?
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fake pair

123



real pair
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real or fake pair ?
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Training Details: Loss function
Conditional GAN 
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Training Details: Loss function
Conditional GAN 

Stable training + fast convergence
[c.f. Pathak et al. CVPR 2016]

-
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Input Unstructured prediction (L1)
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Structured Prediction (cGAN)Input
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Input Output Groundtruth

Data from
[maps.google.com]

130

http://maps.google.com/


Input Output Groundtruth

Data from [maps.google.com]

131

http://maps.google.com/


#edges2cats [Chris Hesse]
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Ivy Tasi @ivymyt

Vitaly Vidmirov @vvid
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CycleGAN: Pix2Pix w/o input-output pairs

135(Zhu et al. 2017)Slide Credit: Taesung Park and Jun-Yan Zhu
135



Paired data

Slide Credit: Taesung Park and Jun-Yan Zhu 136



Unpaired dataPaired data

Slide Credit: Taesung Park and Jun-Yan Zhu 137



real or fake pair ?

Slide Credit: Taesung Park and Jun-Yan Zhu 138



real or fake pair ?

No input-output pairs!
Slide Credit: Taesung Park and Jun-Yan Zhu 139



real or fake?

Usually loss functions check if output matches a target instance

GAN loss checks if output is part of an admissible set

Slide Credit: Taesung Park and Jun-Yan Zhu 140



Real!

Slide Credit: Jun-Yan Zhu 141



Real too!

Nothing to force output to correspond to input

Slide Credit: Taesung Park and Jun-Yan Zhu 142



[Zhu et al. 2017], [Yi et al. 2017], [Kim et al. 2017]

Cycle-Consistent Adversarial Networks

Slide Credit: Taesung Park and Jun-Yan Zhu 143



Cycle-Consistent Adversarial Networks

Slide Credit: Taesung Park and Jun-Yan Zhu 144



Cycle Consistency Loss

Slide Credit: Taesung Park and Jun-Yan Zhu 145



Cycle Consistency Loss

Slide Credit: Taesung Park and Jun-Yan Zhu 146



Slide Credit: Taesung Park and Jun-Yan Zhu 147



Cezanne Ukiyo-eMonetInput Van Gogh

Slide Credit: Taesung Park and Jun-Yan Zhu 148



Monet's paintings → photos

Slide Credit: Taesung Park and Jun-Yan Zhu 149



Monet's paintings → photos

Slide Credit: Taesung Park and Jun-Yan Zhu 150



Leveraging pretrained 
models for efficient 

data translation
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Representations 
(encoders)

Models 
(decoders)

Deep learning

The point of deep learning is to enable learning with little data

152



Foundation models

[Blind Orion Searching for the Rising Sun by Nicolas Poussin, 1658]

“If I have seen further 
it is by standing on the 
shoulders of Giants” 
— Newton

https://arxiv.org/pdf/2108.07258.pdf[Bommasani et al. 2021]
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1. Learn foundation model 
encoders and decoders
for each domain

CLIP StyleGAN

GPT-3 SimCLR
BERT

2. Plug them together to 
translate between 
modalities (may require 
finetuning)

Image caption

154



Tons of data

Learn foundation models

Learner

CLIP GPT

AlexNet SimCLR

BERT

DALL-E

VQGANStyleGANBigGAN

SimCLR

WaveNet

Use/adapt foundations 
to solve new problems

Little or no data

Adaptor

App

155



[Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdfCLIP

156

[https://openai.com/blog/clip/]

https://openai.com/blog/clip/


[Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

2. Adaptor:
Linear classifer
on top of image 
encodings

CLIP

157

[https://openai.com/blog/clip/]

https://openai.com/blog/clip/


[Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

2. Adaptor:
Just ask

CLIP

[https://evjang.com/2021/10/23/generalization.html]

158

[https://openai.com/blog/clip/]

https://evjang.com/2021/10/23/generalization.html
https://openai.com/blog/clip/


[https://openai.com/blog/clip/]

[Radford et al., 2021] https://arxiv.org/pdf/2103.00020.pdf

2. Adaptor: 
Just ask

CLIP

[https://evjang.com/2021/10/23/generalization.html]

159

https://openai.com/blog/clip/
https://evjang.com/2021/10/23/generalization.html


“A sketch of a banana”

“A photo of a banana”

New capabilities by just asking

160



"What is the answer to the 
ultimate question of life, the 
universe, and everything?”

To maximize 
this

INPUT:

OUTPUT:

Image
Generator

Optimize this

Code: https://colab.research.google.com/drive/1_4PQqzM_0KKytCzWtn-ZPi4cCa5bwK2F?usp=sharing

New capabilities by plugging pretrained 
models together: CLIP+GAN

161



Tons of data

Learn foundation models

Learner

CLIP GPT

AlexNet SimCLR

BERT

DALL-E

VQGANStyleGANBigGAN

SimCLR

WaveNet

Use/adapt foundations 
to solve new problems

Little or no data

Adaptor

VQGAN CLIP

Text-to-image

162



DALL-E

Image 
Decoder

“A wide-eyed cat on 
the lookout for food”

INPUT:

Latent space 
Transformer

[Ramesh et al. 2021] https://arxiv.org/pdf/2102.12092.pdf https://openai.com/blog/dall-e/
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“An illustration of a 
baby daikon radish in 
a tutu walking a dog” 

Image 
Decoder

OUTPUT:

Latent space 
Transformer

INPUT:

Text-to-image translation

164



165

New capabilities by just asking: product design



New capabilities by just asking: image 
translation
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DALL-E [Ramesh et al. 2021] https://arxiv.org/pdf/2102.12092.pdf https://openai.com/blog/dall-e/
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DALL-E 2

170



DALL-E 2

171

[Ramesh et al. 2022] https://cdn.openai.com/papers/dall-e-2.pdf

“An illustration of a 
baby daikon radish in 
a tutu walking a dog” 

OUTPUT:

etext
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Diffusion 
model

INPUT:

DALL-E 2

Text 
encoder

[Ramesh et al. 2022] https://cdn.openai.com/papers/dall-e-2.pdf



Latent diffusion

172

[Rombach*, Blattman* et al. 2022] https://arxiv.org/abs/2112.10752
Latent diffusion [Rombach*, Blattman* et al. 2022] https://arxiv.org/abs/2112.10752



Latent diffusion

173

[Rombach*, Blattman* et al. 2022] https://arxiv.org/abs/2112.10752Latent diffusion [Rombach*, Blattman* et al. 2022] https://arxiv.org/abs/2112.10752

VQGAN over 
x Diffusion model over z

Conditioning 
on y



Stable Diffusion
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[Rombach*, Blattman* et al. 2022] https://arxiv.org/abs/2112.10752

Stable Diffusion Applications: Twitter Mega Thread 
https://twitter.com/daniel_eckler/status/1572210382944538624

slide adapted from Roni Sengupta
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IMAGEN [Saharia∗, Chan∗, Saxena† et al. 2022] https://arxiv.org/pdf/2205.11487.pdf



IMAGEN Video

176

[Ho et al., “Imagen Video”, 2022]

A british shorthair 
jumping over a coach

A teddy bear 
running in New York City

A swarm of bees
flying around their hive

https://arxiv.org/abs/2210.02303



Generating Videos from Text - Sora
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A stylish woman walks down a Tokyo street filled with warm glowing neon and animated city signage. She wears 
a black leather jacket, a long red dress, and black boots, and carries a black purse. She wears sunglasses and red 
lipstick. She walks confidently and casually. The street is damp and reflective, creating a mirror effect of the 
colorful lights. Many pedestrians walk about.



Generating Videos from Text - Sora
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A young man at his 20s is sitting on a piece of cloud in the sky, reading a book.



Generating Videos from Text - Sora
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The camera directly faces colorful buildings in burano italy. An adorable dalmation looks through a window on a 
building on the ground floor. Many people are walking and cycling along the canal streets in front of the buildings.



Applications in 
Computational 
Photography

180



Image-to-Image Translation

• Learning to map images from one domain into another

• A general framework for both low and high-level image processing 

181

Translator image image 

domain A domain B



Super-resolution

• Input:    low-res image
Output: high-res image

182

Translator image image 

C. Ledig, L. Theis, F. Huszár, J. Caballero, A. Cunningham, A. Acosta, A. Aitken, A. Tejani, J. Totz, Z. Wang, W. Shi. Photo-Realistic Single Image Super-Resolution
Using a Generative Adversarial Network. CVPR 2017.



Colorization

• Input:    black & white image
Output: color image

183

Translator image image 

Jason Antic. DeOldify: A Deep Learning based project for colorizing and restoring old images. 2018



Input Output Input Output Input Output

Data from [Russakovsky et al. 2015]

BW → Color

Slide Credit: Philip Isola 184



Day to Night

185

• Input:    day image
Output: night image

Translator image image 

Figure 3: Street scene image translation results. For each pair, left is input and right is the translated image.

Input
Old Eng.

Sheep Dog Husky
German

Shepherd Corgi Input Husky Corgi

Figure 4: Dog breed translation results.
Input Cheetah LeopardTigerLionCougar InputLeopard

Figure 5: Cat species translation results.
Input +Blond Hair +Eyeglasses +Goatee +Smiling Input +Blond Hair +Eyeglasses +Goatee +Smiling

Figure 6: Attribute-based face translation results.

7

Figure 3: Street scene image translation results. For each pair, left is input and right is the translated image.

Input
Old Eng.

Sheep Dog Husky
German

Shepherd Corgi Input Husky Corgi

Figure 4: Dog breed translation results.
Input Cheetah LeopardTigerLionCougar InputLeopard

Figure 5: Cat species translation results.
Input +Blond Hair +Eyeglasses +Goatee +Smiling Input +Blond Hair +Eyeglasses +Goatee +Smiling

Figure 6: Attribute-based face translation results.

7

Ming-Yu Liu, Thomas Breuel, Jan Kautz. Unsupervised Image-to-Image Translation Networks. NIPS 2017.



Photo Style Transfer

186Fujun Luan, Sylvain Paris, Eli Shechtman, Kavita Bala. Deep Photo Style Transfer. CVPR 2017.

• Input:    input image 
          + target style image
Output: synthesized image

image image 

Target style
   image   t
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Semantic Image Synthesis
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• Input:    input layout 
Output: synthesized image

synthesized
image 

T.-C. Wang, M.-Y. Liu, J.-Y. Zhu, A. Tao, J. Kautz, B. Catanzaro. High-Resolution Image Synthesis and Semantic Manipulation with Conditional GANs. CVPR 2018.
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Rather than penalizing if output image 
looks fake, penalize if each overlapping 
patch in output looks fake 

[Li & Wand 2016]
[Shrivastava et al. 2017]

[Isola et al. 2017]

Shrinking the capacity: Patch Discriminator

• Faster, fewer parameters
• More supervised observations
• Applies to arbitrarily large images

Slide Credit: Philip Isola
Slide Credit: Philip Isola
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Input 1x1 Discriminator

Data from [Tylecek, 2013]

Labels → Facades
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Input 16x16 Discriminator

Data from [Tylecek, 2013]

Labels → Facades
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Input 70x70 Discriminator

Data from [Tylecek, 2013]

Labels → Facades
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Input Full image Discriminator

Data from [Tylecek, 2013]

Labels → Facades
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• Input:    input layout 
          + target style image
Output: synthesized image
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 layout 
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Figure 1: Our model allows user control over both semantic and style as synthesizing an image. The semantic (e.g., the
existence of a tree) is controlled via a label map (the top row), while the style is controlled via the reference style image (the
leftmost column). Please visit our website for interactive image synthesis demos.

Abstract

We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
demonstrate the advantage of the proposed method over ex-
isting approaches, regarding both visual fidelity and align-
ment with input layouts. Finally, our model allows user
control over both semantic and style. Code is available at

⇤Taesung Park contributed to the work during his NVIDIA internship.

https://github.com/NVlabs/SPADE.

1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best
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We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
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https://github.com/NVlabs/SPADE.

1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best
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We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
demonstrate the advantage of the proposed method over ex-
isting approaches, regarding both visual fidelity and align-
ment with input layouts. Finally, our model allows user
control over both semantic and style. Code is available at

⇤Taesung Park contributed to the work during his NVIDIA internship.
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1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best

1

ar
X

iv
:1

90
3.

07
29

1v
2 

 [c
s.C

V
]  

5 
N

ov
 2

01
9

Taesung Park, Ming-Yu Liu, Ting-Chun Wang, Jun-Yan Zhu. Semantic Image Synthesis with Spatially-Adaptive Normalization. CVPR 2020.



Semantic Image Editing
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• Input: input image 
          (+ semantic layout)
          + target attribute
Output: manipulated image

manipulated
image 

Target scene
attribute(s) t
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Semantic Image Synthesis (SPADE)
• Image generation conditioned on semantic layouts

(Park et al., 2019)
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Figure 1: Our model allows user control over both semantic and style as synthesizing an image. The semantic (e.g., the
existence of a tree) is controlled via a label map (the top row), while the style is controlled via the reference style image (the
leftmost column). Please visit our website for interactive image synthesis demos.

Abstract

We propose spatially-adaptive normalization, a simple
but effective layer for synthesizing photorealistic images
given an input semantic layout. Previous methods directly
feed the semantic layout as input to the deep network, which
is then processed through stacks of convolution, normaliza-
tion, and nonlinearity layers. We show that this is subop-
timal as the normalization layers tend to “wash away” se-
mantic information. To address the issue, we propose using
the input layout for modulating the activations in normal-
ization layers through a spatially-adaptive, learned trans-
formation. Experiments on several challenging datasets
demonstrate the advantage of the proposed method over ex-
isting approaches, regarding both visual fidelity and align-
ment with input layouts. Finally, our model allows user
control over both semantic and style. Code is available at

⇤Taesung Park contributed to the work during his NVIDIA internship.

https://github.com/NVlabs/SPADE.

1. Introduction
Conditional image synthesis refers to the task of gen-

erating photorealistic images conditioning on certain in-
put data. Seminal work computes the output image by
stitching pieces from a single image (e.g., Image Analo-
gies [16]) or using an image collection [7, 14, 23, 30, 35].
Recent methods directly learn the mapping using neural net-
works [3, 6, 22, 47, 48, 54, 55, 56]. The latter methods are
faster and require no external database of images.

We are interested in a specific form of conditional im-
age synthesis, which is converting a semantic segmentation
mask to a photorealistic image. This form has a wide range
of applications such as content generation and image edit-
ing [6, 22, 48]. We refer to this form as semantic image
synthesis. In this paper, we show that the conventional net-
work architecture [22, 48], which is built by stacking con-
volutional, normalization, and nonlinearity layers, is at best
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Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]
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Fig. 2. Overview of the proposed a�ribute manipulation framework. Given an input image and its semantic layout, we first resize and center crop the layout
to 512 ⇥ 512 pixels and feed it to our scene generation network. A�er obtaining the scene synthesized according to the target transient a�ributes, we transfer
the look of the hallucinated style back to the original input image.

can be easily automated by a scene parsing model. Once an arti�cial
scene with desired properties is generated, we then transfer the look
of the hallucinated image to the original input image to achieve
attribute manipulation in a photorealistic manner.
Since our approach depends on a learning-based strategy, it re-

quires a richly annotated training dataset. In Section 3.1, we describe
our own dataset, named ALS18K, which we have created for this
purpose. In Section 3.2, we present the architectural details of our
attribute and layout conditioned scene generation network and the
methodologies employed for e�ectively training our network. Fi-
nally, in Section 3.3, we discuss the photo style transfer method that
we utilize to transfer the appearance of generated images to the
input image. We will make our code and dataset publicly available
on the project website.

3.1 The ALS18K Dataset
For our dataset, we pick and annotate images from two popular
scene datasets, namely ADE20K [Zhou et al. 2017] and Transient
Attributes [La�ont et al. 2014], for the reasons which will become
clear shortly.
ADE20K [Zhou et al. 2017] includes 22, 210 images from a di-

verse set of indoor and outdoor scenes which are densely annotated
with object and stu� instances from 150 classes. However, it does
not include any information about transient attributes. Transient
Attributes [La�ont et al. 2014] contains 8, 571 outdoor scene im-
ages captured by 101 webcams in which the images of the same
scene can exhibit high variance in appearance due to variations
in atmospheric conditions caused by weather, time of day, season.
The images in this dataset are annotated with 40 transient scene
attributes, e.g. sunrise/sunset, cloudy, foggy, autumn, winter, but
this time it lacks semantic layout labels.
To establish a richly annotated, large-scale dataset of outdoor

images with both transient attribute and layout labels, we further
operate on these two datasets as follows. First, from ADE20K, we

manually pick the 9,201 images corresponding to outdoor scenes,
which contain nature and urban scenery pictures. For these im-
ages, we need to obtain transient attribute annotations. To do so,
we conduct initial attribute predictions using the pretrained model
from [Baltenberger et al. 2016] and then manually verify the pre-
dictions. From Transient Attributes, we select all the 8,571 images.
To get the layouts, we �rst run the semantic segmentation model
by Zhao et al. [2017], the winner of the MIT Scene Parsing Challenge
2016, and assuming that each webcam image of the same scene has
the same semantic layout, we manually select the best semantic
layout prediction for each scene and use those predictions as the
ground truth layout for the related images.

In total, we collect 17,772 outdoor images (9,201 from ADE20K +
8,571 from Transient Attributes), with 150 semantic categories and
40 transient attributes. Following the train-val split from ADE20K,
8,363 out of the 9,201 images are assigned to the training set, the
other 838 testing; for the Transient Attributes dataset, 500 randomly
selected images are held out for testing. In total, we have 16,434
training examples and 1,338 testing images. More samples of our
annotations are presented in the supplementary materials. Lastly,
we resize the height of all images to 512 pixels and apply center-
cropping to obtain 512 ⇥ 512 images.

3.2 Scene Generation
In this section, we �rst give a brief technical summary of GANs
and conditional GANs (CGANs), which provides the foundation for
our scene generation network (SGN). We then present architectural
details of our SGN model, followed by the two strategies applied for
improving the training process. All the implementation details are
included in the Supplementary Materials.

3.2.1 Generative Adversarial Networks. Generative Adversarial
Networks (GANs) [Goodfellow et al. 2014] have been designed as a
two-player min-max game where a discriminator network D learns

, Vol. 1, No. 1, Article . Publication date: May 2019.



197Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



prediction

night

198Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



prediction

sunset

prediction

199Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



snow

prediction

200Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



winter

prediction

201Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



Spring and clouds

prediction

202Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



Moist, rain and fog

prediction

203Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



flowers

prediction

204Manipulating Attributes of Natural Scenes via Hallucination [Karacan et al., 2020]



 3 

is acquired under multiple different tissue contrasts (e.g., T1- 
and T2-weighted images). Inspired by the recent success of 
adversarial networks, here we employed conditional GANs to 
synthesize MR images of a target contrast given as input an 
alternate contrast. For a comprehensive solution, we considered 

two distinct scenarios for multi-contrast MR image synthesis. 
First, we assumed that the images of the source and target 
contrasts are perfectly registered. For this scenario, we propose 
pGAN that incorporates a pixel-wise loss into the objective 
function as inspired by the pix2pix architecture [49]:  
 

            (4) 

 
where ,2% is the pixel-wise L1 loss function. Since the 
generator ' was observed to ignore the latent variable in pGAN, 
the latent variable was removed from the model.  

Recent studies suggest that incorporation of a perceptual loss 
during network training can yield visually more realistic results 
in computer vision tasks. Unlike loss functions based on pixel-
wise differences, perceptual loss relies on differences in higher 
feature representations that are often extracted from networks 
pre-trained for more generic tasks [25]. A commonly used 
network is VGG-net trained on the ImageNet [56] dataset for 
object classification. Here, following [25], we extracted feature 
maps right before the second max-pooling operation of VGG16 
pre-trained on ImageNet. The resulting loss function can be 
written as: 
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where  3 is the set of feature maps extracted from VGG16.  

To synthesize each cross-section # from ! we also leveraged 
correlated information across neighboring cross-sections by 
conditioning the networks not only on ! but also on the 
neighboring cross-sections of !. By incorporating the 
neighboring cross-sections (3), (4) and (5) become: 
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consisting of ? consecutive cross-sections ranging from −85&; 
to 85&;, with the cross section ! in the middle, and ,ABCD-./75 
and ,2%75 are the corresponding adversarial and pixel-wise loss 
functions. This yields the following aggregate loss function:  
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where ,E-./ is the complete loss function, F controls the 
relative weighing of the pixel-wise loss and FEGHA controls the 
relative weighing of the perceptual loss. 
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Fig. 1.  The pGAN method is based on a conditional adversarial network with 
a generator G, a pre-trained VGG16 network V, and a discriminator D. Given 
an input image in a source contrast (e.g., T1-weighted), G learns to generate 
the image of the same anatomy in a target contrast (e.g., T2-weighted). 
Meanwhile, D learns to discriminate between synthetic (e.g., T1-G(T1)) and 
real (e.g., T1-T2) pairs of multi-contrast images. Both subnetworks are trained 
simultaneously, where G aims to minimize a pixel-wise, a perceptual and an 
adversarial loss function, and D tries to maximize the adversarial loss function. 
 

 
Fig. 2.  The cGAN method is based on a conditional adversarial network with 
two generators (GT1, GT2) and two discriminators (DT1, DT2). Given a T1-
weighted image, GT2 learns to generate the respective T2-weighted image of 
the same anatomy that is indiscriminable from real T2-weighted images of 
other anatomies, whereas DT2 learns to discriminate between synthetic and real 
T2-weighted images. Similarly, GT1 learns to generate realistic a T1-weighted 
image of an anatomy given the respective T2-weighted image, whereas DT1 
learns to discriminate between synthetic and real T1-weighted images. Since 
the discriminators do not compare target images of the same anatomy, a pixel-
wise loss cannot be used. Instead, a cycle-consistency loss is utilized to ensure 
that the trained generators enable reliable recovery of the source image from 
the generated target image. 
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http://github.com/icon-lab/mrirecon. Replica was based on a 
MATLAB implementation, and a Keras implementation [68] of 
Multimodal with the Theano backend [69] was used. 

III. RESULTS 

A. Comparison of GAN-based models 
We first evaluated the proposed models on T1- and T2-

weighted images from the MIDAS and IXI datasets. We 
considered two cases for T2 synthesis (a. T1→T2#, b. T1#→T2, 
where # denotes the registered image), and two cases for T1 
synthesis (c. T2→T1#, d. T2#→T1). Table I lists PSNR and SSIM 
for pGAN, cGANreg trained on registered data, and cGANunreg 
trained on unregistered data in the MIDAS dataset. We find that 
pGAN outperforms cGANunreg and cGANreg in all cases 
(p<0.05). Representative results for T1→T2# are displayed in 
Fig. 3a and T2#→T1 are displayed in Supp. Fig. Ia, respectively. 
pGAN yields higher synthesis quality compared to cGANreg. 
Although cGANunreg was trained on unregistered images, it can 
faithfully capture fine-grained structure in the synthesized 
contrast. Overall, both pGAN and cGAN yield synthetic images 
of remarkable visual similarity to the reference. Supp. Tables II 
and III (k=1) lists PSNR and SSIM across test images for T2 
and T1 synthesis with both directions of registration in the IXI 
dataset. Note that there is substantial mismatch between the 
voxel dimensions of the source and target contrasts in the IXI 
dataset, so cGANunreg must map between the spatial sampling 
grids of the source and the target. Since this yielded suboptimal 
performance, measurements for cGANunreg are not reported. 
Overall, similar to the MIDAS dataset, we observed that pGAN 
outperforms the competing methods (p<0.05). On average, 
across the two datasets, pGAN achieves 1.42dB higher PSNR 
and 1.92% higher SSIM compared to cGAN.  These 
improvements can be attributed to pixel-wise and perceptual 
losses compared to cycle-consistency loss on paired images.  

In MR images, neighboring voxels can show structural 
correlations, so we reasoned that synthesis quality can be 
improved by pooling information across cross sections. To 
examine this issue, we trained multi cross-section pGAN (k=3, 
5, 7), cGANreg and cGANunreg models (k=3; see Methods) on 
the MIDAS and IXI datasets. PSNR and SSIM measurements 
for pGAN are listed in Supp. Table II, and those for cGAN are 
listed in Supp. Table III. For pGAN, multi cross-section models 
yield enhanced synthesis quality in all cases. Overall, k=3 offers 
optimal or near-optimal performance while maintaining 
relatively low model complexity, so k=3 was considered 
thereafter for pGAN. The results are more variable for cGAN, 
with the multi-cross section model yielding a modest 
improvement only in some cases. To minimize model 
complexity, k=1 was considered for cGAN.  

Table II compares PSNR and SSIM of multi cross-section 
pGAN and cGAN models for T2 and T1 synthesis in the MIDAS 
dataset. Representative results for T1→T2# are shown in Fig. 3b 
and T2#→T1 are shown in Supp. Fig. Ib. Among multi cross-
section models, pGAN outperforms alternatives in PSNR and 
SSIM (p<0.05), except for SSIM in T2#→T1. Moreover, 
compared to the single cross-section pGAN, the multi cross-
section pGAN improves PSNR and SSIM values. These 
measurements are also affirmed by improvements in visual 

quality for the multi cross-section model in Fig. 3 and Supp. 
Fig. I. In contrast, the benefits are less clear for cGAN. Note 
that, unlike pGAN that works on paired images, the 
discriminators in cGAN work on unpaired images from the 
source and target domains. In turn, this can render incorporation 
of correlated information across cross sections less effective. 
Supp. Tables II and III compare PSNR and SSIM of multi cross-

 
Fig. 3.  The proposed approach was demonstrated for synthesis of T2-weighted 
images from T1-weighted images in the MIDAS dataset. Synthesis was 
performed with pGAN, cGAN trained on registered images (cGANreg), and 
cGAN trained on unregistered images (cGANunreg). For pGAN and cGANreg, 
training was performed using T2-weighted images registered onto T1-weighted 
images (T1→T2#). Synthesis results for (a) the single cross-section, and (b) 
multi cross-section models are shown along with the true target image 
(reference) and the source image (source). Zoomed-in portions of the images 
are also displayed. While both pGAN and cGAN yield synthetic images of 
striking visual similarity to the reference, pGAN is the top performer. Synthesis 
quality is improved as information across neighboring cross sections is 
incorporated, particularly for the pGAN method. 

TABLE I 
QUALITY OF SYNTHESIS IN THE MIDAS DATASET  

SINGLE CROSS-SECTION MODELS  

 
cGANunreg cGANreg pGAN 

SSIM PSNR SSIM PSNR SSIM PSNR 

T1 ® T2# 
0.829 
±0.017 

23.66 
±0.632 

0.895 
±0.014 

26.56 
±0.432 

0.920 
±0.014 

28.79 
±0.580 

T1# ® T2 
0.823 
±0.021 

23.85 
±0.420 

0.854 
±0.024 

25.47 
±0.556 

0.876 
±0.028 

27.07 
±0.618 

T2 ® T1# 
0.826 
±0.015 

23.20 
±0.503 

0.892 
±0.017 

26.53 
±1.169 

0.912 
±0.017 

27.81 
±1.424 

T2# ® T1 
0.821 
±0.021 

22.56 
±1.008 

0.863 
±0.022 

26.15 
±0.974 

0.883 
±0.023 

27.31 
±0.983 

T1# is registered onto the respective T2 image; and T2# is registered onto the 
respective T1 image; and ® indicates the direction of synthesis. PSNR and 
SSIM measurements are reported as mean±std across test images. Boldface 
marks the model with the highest performance. 

 
TABLE II 

QUALITY OF SYNTHESIS IN THE MIDAS DATASET  
MULTI CROSS-SECTION MODELS (K=3) 

 
cGANunreg cGANreg pGAN 

SSIM PSNR SSIM PSNR SSIM PSNR 

T1 ® T2# 
0.829 
±0.016 

23.65 
±0.650 

0.895 
±0.014 

26.62 
±0.489 

0.926 
±0.014 

29.34 
±0.592 

T1# ® T2 
0.797 
±0.027 

23.37 
±0.604 

0.862 
±0.022 

25.83 
±0.384 

0.883 
±0.027 

27.49 
±0.643 

T2 ® T1# 
0.824 
±0.015 

24.00 
±0.628 

0.900 
±0.017 

27.04 
±1.238 

0.920 
±0.016 

28.16 
±1.303 

T2# ® T1 
0.805 
±0.021 

23.55 
±0.782 

0.864 
±0.022 

26.44 
±0.871 

0.887 
±0.023 

27.42 
±1.127 

Boldface marks the model with the highest performance. 
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is acquired under multiple different tissue contrasts (e.g., T1- 
and T2-weighted images). Inspired by the recent success of 
adversarial networks, here we employed conditional GANs to 
synthesize MR images of a target contrast given as input an 
alternate contrast. For a comprehensive solution, we considered 

two distinct scenarios for multi-contrast MR image synthesis. 
First, we assumed that the images of the source and target 
contrasts are perfectly registered. For this scenario, we propose 
pGAN that incorporates a pixel-wise loss into the objective 
function as inspired by the pix2pix architecture [49]:  
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object classification. Here, following [25], we extracted feature 
maps right before the second max-pooling operation of VGG16 
pre-trained on ImageNet. The resulting loss function can be 
written as: 
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neighboring cross-sections (3), (4) and (5) become: 
 

 (6) 

 
 (7) 

 
 (8) 

 
where 45 = [!789:;, … , !7&, !7%, !, !7%, !7&, … , !>89:;] is a vector 

consisting of ? consecutive cross-sections ranging from −85&; 
to 85&;, with the cross section ! in the middle, and ,ABCD-./75 
and ,2%75 are the corresponding adversarial and pixel-wise loss 
functions. This yields the following aggregate loss function:  
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where ,E-./ is the complete loss function, F controls the 
relative weighing of the pixel-wise loss and FEGHA controls the 
relative weighing of the perceptual loss. 
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Fig. 1.  The pGAN method is based on a conditional adversarial network with 
a generator G, a pre-trained VGG16 network V, and a discriminator D. Given 
an input image in a source contrast (e.g., T1-weighted), G learns to generate 
the image of the same anatomy in a target contrast (e.g., T2-weighted). 
Meanwhile, D learns to discriminate between synthetic (e.g., T1-G(T1)) and 
real (e.g., T1-T2) pairs of multi-contrast images. Both subnetworks are trained 
simultaneously, where G aims to minimize a pixel-wise, a perceptual and an 
adversarial loss function, and D tries to maximize the adversarial loss function. 
 

 
Fig. 2.  The cGAN method is based on a conditional adversarial network with 
two generators (GT1, GT2) and two discriminators (DT1, DT2). Given a T1-
weighted image, GT2 learns to generate the respective T2-weighted image of 
the same anatomy that is indiscriminable from real T2-weighted images of 
other anatomies, whereas DT2 learns to discriminate between synthetic and real 
T2-weighted images. Similarly, GT1 learns to generate realistic a T1-weighted 
image of an anatomy given the respective T2-weighted image, whereas DT1 
learns to discriminate between synthetic and real T1-weighted images. Since 
the discriminators do not compare target images of the same anatomy, a pixel-
wise loss cannot be used. Instead, a cycle-consistency loss is utilized to ensure 
that the trained generators enable reliable recovery of the source image from 
the generated target image. 
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Fig. 1. The generator (G) in mustGAN consists of K one-to-one streams and a many-to-one stream, followed by an adaptively positioned fusion block, and

a joint network for finaly recovery. One-to-one streams generate the unique feature maps of each source image independently, whereas the many-to-one

stream generates the shared feature map across source images. The fusion block fuses the feature maps generated in the fusion layer by concatenation.

Lastly, the joint network synthesizes the target image from these fused feature maps. Note that the architecture of the joint network varies depending on

the position of the fusion that is categorized under three titles: early fusion (1), intermediate fusion (2) and late fusion (3).

where s is either GK+1(X) or y. The loss function for the (K+1)th

stream is given as:

LK+1 = � EXy
h
(DK+1 (X, y) � 1)2

i
� EX

h
DK+1 (X,GK+1 (X))2

i

+ EXy
h���
���y �GK+1 (X)

���
���
1

i

(12)
GK+1 learns to predict y given x1, x2, . . . , xK concatenated at the
input level, and DK+1 learns to discriminate between dyK+1 and
y.

3.1.3. Joint Network
Once the K + 1 streams are trained, source images are

propageted separately through the streams up to the fusion
block ( f ) at the ith layer. f concatenates the feature maps
generated at the ith layer of the one-to-one and many-to-one
streams. A joint network (J) is then trained to recover the target
image from the fused feature maps. The precise architecture
of J varies depending on the position of f , considered in three
types here: early, intermediate, and late fusion.

Early Fusion: Early fusion occurs when f is within the

encoder (i.e., 0 < i < ne). The feature maps generated by the
mth one-to-one stream (gi

m) and by the many-to-one stream
(gi

K+1) at the ith layer are formulated as:

gi
m = em(xm|i)

gi
K+1 = eK+1(X|i)

These feature maps are concatenated by f yielding the fused
feature maps (gi

f ):

gi
f = f (gi

1, g
i
2, . . . , g

i
K , g

i
K+1) (13)

J receives as input these fused maps to recover the target image.
Thus, architecture of J for early fusion is as follows:

by = J(gi
F) = dJ(rJ(eJ(gi

f |i))) (14)

Intermediate Fusion: Intermediate fusion occurs when f is
within the residual block (i.e., ne  i < ne+nr). In this case, the
feature maps generated by the mth one-to-one stream (gi

m) and
the many-to-one stream (gi

K+1) are formulated as:

gi
m = rm(em(xm)|i)

gi
K+1 = rK+1(eK+1(X)|i)

8 Mahmut Yurt et al. /Medical Image Analysis (2020)

Fig. 3. The proposed method was demonstrated on healthy subjects from the IXI dataset for two synthesis tasks: a) T1-weighted image synthesis from

T2- and PD-weighted images, b) PD-weighted image synthesis from T1- and T2-weighted images. Synthesized images from mustGAN, pGAN, pGANmany,

MM-GAN, and Multimodal are shown along with the ground truth target image. Due to synergistic use of information captured by one-to-one and many-

to-one streams, mustGAN improves synthesis accuracy in many regions that are recovered suboptimally in competing methods (marked with arrows or

circles in zoom-in displays). Overall, mustGAN yields less noisy depiction of tissues and sharper depiction of tissue boundaries.

were utilized in all evaluations thereafter unless otherwise is
stated.

Here, we observed that the optimal position of the fusion
block varies between the datasets. In IXI, synthesis quality is
enhanced by performing the fusion within the decoder, where
the fused feature maps have larger width and height and so they
reflect a high-resolution representation. On the other hand, in
ISLES, synthesis quality is enhanced by performing the fusion
within the residual block, where the fused feature maps have
smaller size, reflecting a relatively lower-resolution represen-
tation. It should also be noted that the IXI dataset contains
high-quality, high-SNR images, so fusion at the decoder might
help better recover fine structural details. In contrast, the ISLES
dataset mostly contains images of relatively moderate quality,
so fusing at the residual block might help better recover global
structural information.

4.2. Demonstrations Against One-to-one and Many-to-one
Mappings

We then performed experiments to demonstrate potential dif-
ferences in feature maps learned in one-to-one versus many-to-
one mappings. Three synthesis tasks were considered in the
IXI dataset (T2, PD ! T1; T1, PD ! T2; T1, T2 ! PD) and
in the ISLES dataset (T2, FLAIR ! T1; T1, FLAIR ! T2;
T1, T2! FLAIR). Representative feature maps generated in the

one-to-one and many-to-one mappings are displayed along with
the source and ground truth target images in Fig. 2 and in Supp.
Fig. 3. The feature maps indicate that one-to-one mappings
sensitively capture detailed features that are uniquely present
in the given source, whereas many-to-one mapping pools infor-
mation across shared features that are jointly present in multiple
sources.

To assess benefits of pooling complementary information
from unique and shared feature maps, we compared pGAN,
pGANmany and mustGAN models. Comparisons in terms of
PSNR measured across cross-sections in the test sets are dis-
played in Supp. Fig. 4-6 for IXI, and in Fig. 5 and Supp.
Fig. 7,8 for ISLES. On average, pGANmany outperforms pGAN
for 81.98% of test samples in IXI and for 63.14% in ISLES;
whereas pGAN outperforms pGANmany for 18.02% in IXI and
for 36.86% in ISLES. This finding demonstrates that not only
shared but also unique features can be critical for success-
ful synthesis of the target contrast. In comparison, mustGAN
outperforms both competing methods, with higher PSNR than
pGAN for 92.20% of test samples in IXI and for 87.19% in
ISLES, and with higher PSNR than pGANmany for 88.26% in
IXI and for 81.94% in ISLES. Taken together, these results in-
dicate that aggregation of information from unique and shared
feature maps helps significantly improve model performance.
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Single Image Super-Resolution

• Key idea: Combine content loss with adversarial loss

(Ledig et al., CVPR 2016)

bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4⇥ upscaling]

perceptual difference between the super-resolved and orig-
inal image means that the recovered image is not photo-
realistic as defined by Ferwerda [16].

In this work we propose a super-resolution generative
adversarial network (SRGAN) for which we employ a
deep residual network (ResNet) with skip-connection and
diverge from MSE as the sole optimization target. Different
from previous works, we define a novel perceptual loss us-
ing high-level feature maps of the VGG network [49, 33, 5]
combined with a discriminator that encourages solutions
perceptually hard to distinguish from the HR reference
images. An example photo-realistic image that was super-
resolved with a 4⇥ upscaling factor is shown in Figure 1.

1.1. Related work

1.1.1 Image super-resolution

Recent overview articles on image SR include Nasrollahi
and Moeslund [43] or Yang et al. [61]. Here we will focus
on single image super-resolution (SISR) and will not further
discuss approaches that recover HR images from multiple
images [4, 15].

Prediction-based methods were among the first methods
to tackle SISR. While these filtering approaches, e.g. linear,
bicubic or Lanczos [14] filtering, can be very fast, they
oversimplify the SISR problem and usually yield solutions
with overly smooth textures. Methods that put particularly
focus on edge-preservation have been proposed [1, 39].

More powerful approaches aim to establish a complex
mapping between low- and high-resolution image informa-
tion and usually rely on training data. Many methods that
are based on example-pairs rely on LR training patches for

which the corresponding HR counterparts are known. Early
work was presented by Freeman et al. [18, 17]. Related ap-
proaches to the SR problem originate in compressed sensing
[62, 12, 69]. In Glasner et al. [21] the authors exploit patch
redundancies across scales within the image to drive the SR.
This paradigm of self-similarity is also employed in Huang
et al. [31], where self dictionaries are extended by further
allowing for small transformations and shape variations. Gu
et al. [25] proposed a convolutional sparse coding approach
that improves consistency by processing the whole image
rather than overlapping patches.

To reconstruct realistic texture detail while avoiding
edge artifacts, Tai et al. [52] combine an edge-directed SR
algorithm based on a gradient profile prior [50] with the
benefits of learning-based detail synthesis. Zhang et al. [70]
propose a multi-scale dictionary to capture redundancies of
similar image patches at different scales. To super-resolve
landmark images, Yue et al. [67] retrieve correlating HR
images with similar content from the web and propose a
structure-aware matching criterion for alignment.

Neighborhood embedding approaches upsample a LR
image patch by finding similar LR training patches in a low
dimensional manifold and combining their corresponding
HR patches for reconstruction [54, 55]. In Kim and Kwon
[35] the authors emphasize the tendency of neighborhood
approaches to overfit and formulate a more general map of
example pairs using kernel ridge regression. The regression
problem can also be solved with Gaussian process regres-
sion [27], trees [46] or Random Forests [47]. In Dai et al.
[6] a multitude of patch-specific regressors is learned and
the most appropriate regressors selected during testing.

Recently convolutional neural network (CNN) based SR

bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) (21.15dB/0.6868)

Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4⇥ upscaling]

perceptual difference between the super-resolved and orig-
inal image means that the recovered image is not photo-
realistic as defined by Ferwerda [16].

In this work we propose a super-resolution generative
adversarial network (SRGAN) for which we employ a
deep residual network (ResNet) with skip-connection and
diverge from MSE as the sole optimization target. Different
from previous works, we define a novel perceptual loss us-
ing high-level feature maps of the VGG network [49, 33, 5]
combined with a discriminator that encourages solutions
perceptually hard to distinguish from the HR reference
images. An example photo-realistic image that was super-
resolved with a 4⇥ upscaling factor is shown in Figure 1.

1.1. Related work

1.1.1 Image super-resolution

Recent overview articles on image SR include Nasrollahi
and Moeslund [43] or Yang et al. [61]. Here we will focus
on single image super-resolution (SISR) and will not further
discuss approaches that recover HR images from multiple
images [4, 15].

Prediction-based methods were among the first methods
to tackle SISR. While these filtering approaches, e.g. linear,
bicubic or Lanczos [14] filtering, can be very fast, they
oversimplify the SISR problem and usually yield solutions
with overly smooth textures. Methods that put particularly
focus on edge-preservation have been proposed [1, 39].

More powerful approaches aim to establish a complex
mapping between low- and high-resolution image informa-
tion and usually rely on training data. Many methods that
are based on example-pairs rely on LR training patches for

which the corresponding HR counterparts are known. Early
work was presented by Freeman et al. [18, 17]. Related ap-
proaches to the SR problem originate in compressed sensing
[62, 12, 69]. In Glasner et al. [21] the authors exploit patch
redundancies across scales within the image to drive the SR.
This paradigm of self-similarity is also employed in Huang
et al. [31], where self dictionaries are extended by further
allowing for small transformations and shape variations. Gu
et al. [25] proposed a convolutional sparse coding approach
that improves consistency by processing the whole image
rather than overlapping patches.

To reconstruct realistic texture detail while avoiding
edge artifacts, Tai et al. [52] combine an edge-directed SR
algorithm based on a gradient profile prior [50] with the
benefits of learning-based detail synthesis. Zhang et al. [70]
propose a multi-scale dictionary to capture redundancies of
similar image patches at different scales. To super-resolve
landmark images, Yue et al. [67] retrieve correlating HR
images with similar content from the web and propose a
structure-aware matching criterion for alignment.

Neighborhood embedding approaches upsample a LR
image patch by finding similar LR training patches in a low
dimensional manifold and combining their corresponding
HR patches for reconstruction [54, 55]. In Kim and Kwon
[35] the authors emphasize the tendency of neighborhood
approaches to overfit and formulate a more general map of
example pairs using kernel ridge regression. The regression
problem can also be solved with Gaussian process regres-
sion [27], trees [46] or Random Forests [47]. In Dai et al.
[6] a multitude of patch-specific regressors is learned and
the most appropriate regressors selected during testing.

Recently convolutional neural network (CNN) based SR
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• non-uniform motion blur from a single blurry image. 

• Key idea: Use multiscale CNNs to restore sharp images 
in an end-to-end manner 

• can be interpreted as a kind of image to image translation

• An additional adversarial loss 

noise is also randomly sampled from Gaussian distribution,
N(0, (2/255)2). Then, value outside [0, 1] is clipped. Fi-
nally, 0.5 is subtracted to set input and output value range
zero-centered, having range [-0.5, 0.5].

In optimizing the network parameters, we trained the
model in a combination of two losses, multi-scale content
loss and adversarial loss.

Multi-scale content loss

Basically, the coarse-to-fine approach desires that every in-
termediate output becomes the sharp image of the corre-
sponding scale. Thus, we train our network so that inter-
mediate outputs should form a Gaussian pyramid of sharp
images. MSE criterion is applied to every level of pyramids.
Hence, the loss function is defined as follows:

Lcont =
1

2K

K
∑

k=1

1

ckwkhk
∥Lk − Sk∥

2, (4)

where Lk, Sk denote the model output and ground truth im-
age at scale level k, respectively. The loss at each scale is
normalized by the number of channels ck, width wk, and
the height hk (i.e. the total number of elements).

Adversarial loss

Recently, adversarial networks are reported to generate
sharp realistic images [9, 4, 24]. Following the architec-
ture introduced in [24], we build discriminator as in Ta-
ble 1. Discriminator takes the output of the finest scale or
the ground truth sharp image as input and classifies if it is
deblurred image or sharp image.

The adversarial loss is defined as follows.

Ladv = E
S∼psharp(S)

[logD(S)]+

E
B∼pblurry(B)

[log(1−D(G(B)))], (5)

where G and D denote the generator, that is our multi-
scale deblurring network in Fig. 4 and the discriminator
(classifier), respectively. When training, G tries to minimize
the adversarial loss while D tries to maximize it.

Finally, by combining the multi-scale content loss and
adversarial loss, the generator network and discriminator
network is jointly trained. Thus, our final loss term is

Ltotal = Lcont + λ× Ladv, (6)

where the weight constant λ = 1× 10−4.

We used ADAM [18] optimizer with a mini-batch size
2 for training. The learning rate is adaptively tuned begin-
ning from 5 × 10−5. After 3 × 105 iterations, the learning

# Layer Weight dimension Stride

1 conv 32× 3× 5× 5 2

2 conv 64× 32× 5× 5 1

3 conv 64× 64× 5× 5 2

4 conv 128× 64× 5× 5 1

5 conv 128× 128× 5× 5 4

6 conv 256× 128× 5× 5 1

7 conv 256× 256× 5× 5 4

8 conv 512× 256× 5× 5 1

9 conv 512× 512× 4× 4 4

10 fc 512× 1× 1× 1 -

11 sigmoid - -

Table 1. Model parameters of the discriminator. Every convolution

layers are activated with LeakyReLU layer.

rate is decreased to 1/10 of the previous learning rate. Total
training takes 9× 105 iterations to converge.

4. Experimental Results

We implemented our model with torch7 library. All the
following experiments were performed in a desktop with i7-
6700K CPU and NVIDIA GTX Titan X (Maxwell) GPU.

4.1. GOPRO Dataset

We evaluate the performance of our model in the pro-
posed GOPRO dataset. Our test dataset consists of 1111
pairs, which is approximately 1/3 of the total dataset. We
compare the results with those of the state-of-the-art meth-
ods [15, 26] in both qualitative and quantitative ways. Our
results show significant improvement in terms of image
quality. Some deblurring results are shown in Fig. 5. We no-
tice from the results of Sun et al. [26], deblurring is not suc-
cessful on the regions where blurs are nonlinearly shaped or
located at the boundary of motion. Kim and Lee [15]’s re-
sults also fail in cases where strong edges are not found. In
contrast, our results are free from those kernel-estimation
related problems. Table 2, shows the quantitative evalua-
tion results of the competing methods and ours with differ-
ent scale level k in terms of PSNR, SSIM over the test data.
Also, the runtime is compared. We observe that our system
with K = 2 produces the best results in terms of both PSNR
and SSIM, while K = 3 is the fastest.

4.2. Köhler Dataset

Köhler dataset [19] consists of 4 latent images and 12
differently blurred images for each of them. The blurs are
caused by replaying recorded 6D camera motion, assum-
ing linear CRF. We report the quantitative results on this

noise is also randomly sampled from Gaussian distribution,
N(0, (2/255)2). Then, value outside [0, 1] is clipped. Fi-
nally, 0.5 is subtracted to set input and output value range
zero-centered, having range [-0.5, 0.5].
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where Lk, Sk denote the model output and ground truth im-
age at scale level k, respectively. The loss at each scale is
normalized by the number of channels ck, width wk, and
the height hk (i.e. the total number of elements).

Adversarial loss

Recently, adversarial networks are reported to generate
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ture introduced in [24], we build discriminator as in Ta-
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scale deblurring network in Fig. 4 and the discriminator
(classifier), respectively. When training, G tries to minimize
the adversarial loss while D tries to maximize it.

Finally, by combining the multi-scale content loss and
adversarial loss, the generator network and discriminator
network is jointly trained. Thus, our final loss term is

Ltotal = Lcont + λ× Ladv, (6)

where the weight constant λ = 1× 10−4.

We used ADAM [18] optimizer with a mini-batch size
2 for training. The learning rate is adaptively tuned begin-
ning from 5 × 10−5. After 3 × 105 iterations, the learning
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9 conv 512× 512× 4× 4 4
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Table 1. Model parameters of the discriminator. Every convolution

layers are activated with LeakyReLU layer.

rate is decreased to 1/10 of the previous learning rate. Total
training takes 9× 105 iterations to converge.

4. Experimental Results

We implemented our model with torch7 library. All the
following experiments were performed in a desktop with i7-
6700K CPU and NVIDIA GTX Titan X (Maxwell) GPU.

4.1. GOPRO Dataset

We evaluate the performance of our model in the pro-
posed GOPRO dataset. Our test dataset consists of 1111
pairs, which is approximately 1/3 of the total dataset. We
compare the results with those of the state-of-the-art meth-
ods [15, 26] in both qualitative and quantitative ways. Our
results show significant improvement in terms of image
quality. Some deblurring results are shown in Fig. 5. We no-
tice from the results of Sun et al. [26], deblurring is not suc-
cessful on the regions where blurs are nonlinearly shaped or
located at the boundary of motion. Kim and Lee [15]’s re-
sults also fail in cases where strong edges are not found. In
contrast, our results are free from those kernel-estimation
related problems. Table 2, shows the quantitative evalua-
tion results of the competing methods and ours with differ-
ent scale level k in terms of PSNR, SSIM over the test data.
Also, the runtime is compared. We observe that our system
with K = 2 produces the best results in terms of both PSNR
and SSIM, while K = 3 is the fastest.

4.2. Köhler Dataset

Köhler dataset [19] consists of 4 latent images and 12
differently blurred images for each of them. The blurs are
caused by replaying recorded 6D camera motion, assum-
ing linear CRF. We report the quantitative results on this
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(a) (b) (c)

Figure 2. (a) Ground truth sharp image. (b) Blurry image generated by convolving a uniform blur kernel. (c) Blurry image by averaging

sharp frames. In this case, blur is mostly caused by person motion, leaving the background as it is. The blur kernel is non-uniform, complex

shaped. However, when the blurry image is synthesized by convolution with a uniform kernel, the background also gets blurred as if blur

was caused by camera shake. To model dynamic scene blur, our kernel-free method is required.

3. Proposed Method

In our model, finer scale image deblurring is aided by
coarser scale features. To exploit coarse and middle level
information while preserving fine level information at the
same time, input and output to our network take the form of
Gaussian pyramids. Note that most of other coarse-to-fine
networks take a single image as input and output.

3.1. Model Architecture

In addition to the multi-scale architecture, we employ a
slightly modified version of residual network structure [12]
as a building block of our model. Using residual network
structure enables deeper architecture compared to a plain
CNN. Also, as blurry and sharp image pairs are similar in
values, it is efficient to let parameters learn the difference
only. We found that removing the rectified linear unit af-
ter the shortcut connection of the original residual building
block boosts the convergence speed at training time. We de-
note the modified building block as ResBlock. The original
and our modified building block are compared in Fig. 3.

By stacking enough number of convolution layers with
ResBlocks, the receptive field at each scale is expanded.
Details are described in the following paragraphs. For sake
of consistency, we define scale levels in the order of de-
creasing resolution (i.e. level 1 for finest scale). Unless
denoted otherwise, we use total K = 3 scales. At training
time, we set the resolution of the input and output Gaussian
pyramid patches to be {256 × 256, 128 × 128, 64 × 64}.
The scale ratio between consecutive scales is 0.5. For all
convolution layers, we set the filter size to be 5× 5. As our
model is fully convolutional, at test time, the patch size may
vary as the GPU memory allows. The overall architecture
is shown in Fig. 4.

INPUT

CONV

ReLU

CONV

OUTPUT

INPUT

CONV

ReLU

CONV

OUTPUT

BN

BN

(b)(a)

ReLU

Figure 3. (a) Original residual network building block. (b) Mod-

ified building block of our network. We did not use batch nor-

malization layers since we trained model with mini-batch of size

2, which is smaller than usual for batch normalization. We found

removing rectified linear unit just before the block output is bene-

ficial in terms of performance empirically.
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Figure 4. Multi-scale network architecture. Bk , Lk, Sk denote blurry and latent, and ground truth sharp images, respectively. Subscript

k denotes k-th scale level in the Gaussian pyramid, which is downsampled to 1/2k scale. Our model takes a blurry image pyramid as the

input and outputs an estimated latent image pyramid. Every intermediate scale output is trained to be sharp. At test time, original scale

image is chosen as the final result.

Coarsest level network

At the front of the network locates the coarsest level net-
work. The first convolution layer transforms 1/4 resolu-
tion, 64 × 64 size image into 64 feature maps. Then, 19
ResBlocks are stacked followed by last convolution layer
that transforms the feature map into input dimension. Every
convolution layer preserves resolution with zero padding. In
total, there are 40 convolution layers. The number of con-
volution layers at each scale level is determined so that total
model should have 120 convolution layers. Thus, the coars-
est level network has receptive field large enough to cover
the whole patch. At the end of the stage, the coarsest level
latent sharp image is generated. Moreover, information
from the coarsest level output is delivered to the next stage
where finer scale network is. To convert a coarsest output
to fit the input size of the next finer scale, the output patch
passes an upconvolution [22] layer, while other multi-scale
methods use reshaping [8] or upsampling [4, 6, 23]. Since
the sharp and blurry patches share low-frequency informa-
tion, learning suitable feature with upconvolution helps to
remove redundancy. In our experiment, using upconvolu-
tion showed better performance than upsampling. Then, the
upconvolution feature is concatenated with the finer scale
blurry patch as an input.

Finer level network

Finer level networks basically have the same structure as in
the coarsest level network. However, the first convolution
layer takes the sharp feature from the previous stage as well
as its own blurry input image, in a concatenated form. Every
convolution filter size is 5 × 5 with the same number of
feature maps as in the coarsest level. Except for the last
finest scale, there is an upconvolution layer before the next
stage. At the finest scale, the original resolution sharp image
is restored.

3.2. Training

Our model is trained on the proposed GOPRO dataset.
Among 3214 pairs, 2103 pairs were used for training and
remainings were used for the test. To prevent our network
from overfitting, several data augmentation techniques are
involved. In terms of geometric transformations, patches
are randomly flipped horizontally and vertically, rotated by
90 degrees. For color, RGB channels are randomly per-
muted. To take image degradations into account, satura-
tion in HSV colorspace is multiplied by a random num-
ber within [0.5, 1.5]. Also, Gaussian random noise is
added to blurry images. To make our network be robust
against different strengths of noise, standard deviation of

ResBlock

Image Deblurring
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(a) (b) (c)

Figure 1. (a) Input blurry image. (b) Result of Sun et al. [26]. (c) Our deblurring result. Our results show clear object boundaries without

artifacts.

Therefore, all the existing methods still have many prob-
lems before they could be generalized and used in practice.
These are mainly due to the use of simple and unrealis-
tic blur kernel models. Thus, to solve those problems, in
this work, we propose a novel end-to-end deep learning ap-
proach for dynamic scene deblurring.

First, we propose a multi-scale CNN that directly re-
stores latent images without assuming any restricted blur
kernel model. Especially, the multi-scale architecture is
designed to mimic conventional coarse-to-fine optimization
methods. Unlike other approaches, our method does not es-
timate explicit blur kernels. Accordingly, our method is free
from artifacts that arise from kernel estimation errors. Sec-
ond, we train the proposed model with a multi-scale loss
that is appropriate for coarse-to-fine architecture that en-
hances convergence greatly. In addition, we further improve
the results by employing adversarial loss [9]. Third, we pro-
pose a new realistic blurry image dataset with ground truth
sharp images. To obtain kernel model-free dataset for train-
ing, we employ the dataset acquisition method introduced
in [17]. As the blurring process can be modeled by the in-
tegration of sharp images during shutter time [17, 21, 16],
we captured a sequence of sharp frames of a dynamic scene
with a high-speed camera and averaged them to generate a
blurry image by considering gamma correction.

By training with the proposed dataset and adding proper
augmentation, our model can handle general local blur ker-
nel implicitly. As the loss term optimizes the result to
resemble the ground truth, it even restores occluded re-
gions where blur kernel is extremely complex as shown in
Fig. 1. We trained our model with millions of pairs of image
patches and achieved significant improvements in dynamic
scene deblurring. Extensive experimental results demon-
strate that the performance of the proposed method is far

superior to those of the state-of-the-art dynamic scene de-
blurring methods in both qualitative and quantitative evalu-
ations.

1.1. Related Works

There are several approaches that employed CNNs for
deblurring [29, 26, 25, 1].

Xu et al. [29] proposed an image deconvolution CNN to
deblur a blurry image in a non-blind setting. They built a
network based on the separable kernel property that the (in-
verse) blur kernel can be decomposed into a small number
of significant filters. Additionally, they incorporated the de-
noising network [7] to reduce visual artifacts such as noise
and color saturation by concatenating the module at the end
of their proposed network.

On the other hand, Schuler et al. [25] proposed a blind
deblurring method with CNN. Their proposed network
mimics conventional optimization-based deblurring meth-
ods and iterates the feature extraction, kernel estimation,
and the latent image estimation steps in a coarse-to-fine
manner. To obtain pairs of sharp and blurry images for net-
work training, they generated uniform blur kernels using a
Gaussian process and synthesized lots of blurry images by
convolving them to the sharp images collected from the Im-
ageNet dataset [3]. However, they reported performance
limits for large blurs due to their suboptimal architecture.

Similarly to the work of Couzinie-Devy et al. [2], Sun
et al. [26] proposed a sequential deblurring approach. First,
they generated pairs of blurry and sharp patches with 73
candidate blur kernels. Next, they trained classification
CNN to measure the likelihood of a specific blur kernel of
a local patch. And then smoothly varying blur kernel is ob-
tained by optimizing an energy model that is composed of
the CNN likelihoods and smoothness priors. Final latent

Blurred images Sun et al., CVPR 2015 Nah et al., CVPR 2017
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• non-uniform motion blur from a single blurry image. 

• Key idea: Use a conditional GAN and content loss

Figure 2: GoPro images [25] processed by DeblurGAN. Blurred – left, DeblurGAN – center, ground truth sharp – right.

We make three contributions. First, we propose a loss
and architecture which obtain state-of-the art results in mo-
tion deblurring, while being 5x faster than the fastest com-
petitor. Second, we present a method based on random
trajectories for generating a dataset for motion deblurring
training in an automated fashion from the set of sharp im-
age. We show that combining it with an existing dataset
for motion deblurring learning improves results compared
to training on real-world images only. Finally, we present a
novel dataset and method for evaluation of deblurring algo-
rithms based on how they improve object detection results.

2. Related work

2.1. Image Deblurring

The common formulation of non-uniform blur model is
the following:

IB = k(M) ⇤ IS +N, (1)

where IB is a blurred image, k(M) are unknown blur ker-
nels determined by motion field M . IS is the sharp latent
image, ⇤ denotes the convolution, N is an additive noise.
The family of deblurring problems is divided into two types:
blind and non-blind deblurring. Early work [37] mostly fo-
cused on non-blind deblurring, making an assumption that

the blur kernels k(M) are known. Most rely on the classi-
cal Lucy-Richardson algorithm, Wiener or Tikhonov filter
to perform the deconvolution operation and obtain IS esti-
mate. Commonly the blur function is unknown, and blind
deblurring algorithms estimate both latent sharp image IS

and blur kernels k(M). Finding a blur function for each
pixel is an ill-posed problem, and most of the existing algo-
rithms rely on heuristics, image statistics and assumptions
on the sources of the blur. Those family of methods ad-
dresses the blur caused by camera shake by considering blur
to be uniform across the image. Firstly, the camera motion
is estimated in terms of the induced blur kernel, and then
the effect is reversed by performing a deconvolution oper-
ation. Starting with the success of Fergus et al. [8], many
methods [44][42][28][3] has been developed over the last
ten years. Some of the methods are based on an iterative ap-
proach [8] [44], which improve the estimate of the motion
kernel and sharp image on each iteration by using paramet-
ric prior models. However, the running time, as well as the
stopping criterion, is a significant problem for those kinds
of algorithms. Others use assumptions of a local linearity
of a blur function and simple heuristics to quickly estimate
the unknown kernel. These methods are fast but work well
on a small subset of images.

Recently, Whyte et al. [40] developed a novel algorithm

Blurred images Groundtruth Predicted

cGAN learns a mapping from observed image x and ran-
dom noise vector z, to y : G : x, z ! y. Isola et al.
also put a condition on the discriminator and use U-net
architecture [31] for generator and Markovian discrimina-
tor which allows achieving perceptually superior results on
many tasks, including synthesizing photos from label maps,
reconstructing objects from edge maps, and colorizing im-
ages.

3. The proposed method

The goal is to recover sharp image IS given only a
blurred image IB as an input, so no information about the
blur kernel is provided. Debluring is done by the trained
CNN G✓G , to which we refer as the Generator. For each
IB it estimates corresponding IS image. In addition, during
the training phase, we introduce critic the network D✓D and
train both networks in an adversarial manner.

3.1. Loss function

We formulate the loss function as a combination of con-
tent and adversarial loss:

L = LGAN| {z }
adv loss

+ � · LX| {z }
content loss| {z }

total loss

(5)

where the � equals to 100 in all experiments. Unlike Isola et

al. [16] we do not condition the discriminator as we do not
need to penalize mismatch between the input and output.
Adversarial loss Most of the papers related to conditional
GANs, use vanilla GAN objective as the loss [20][25] func-
tion. Recently [47] provides an alternative way of using
least aquare GAN [23] which is more stable and generates
higher quality results. We use WGAN-GP [11] as the critic
function, which is shown to be robust to the choice of gen-
erator architecture [2]. Our premilinary experiments with
different architectures confirmed that findings and we are
able to use architecture much lighter than ResNet152 [25],
see next subsection. The loss is calculated as the following:

LGAN =
NX

n=1

�D✓D (G✓G(I
B)) (6)

DeblurGAN trained without GAN component converges,
but produces smooth and blurry images.

Content loss. Two classical choices for ”content” loss
function are L1 or MAE loss, L2 or MSE loss on raw pix-
els. Using those functions as sole optimization target leads
to the blurry artifacts on generated images due to the pixel-
wise average of possible solutions in the pixel space [20].
Instead, we adopted recently proposed Perceptual loss [17].
Perceptual loss is a simple L2-loss, but based on the differ-
ence of the generated and target image CNN feature maps.
It is defined as following:

Figure 4: DeblurGAN training. The generator network
takes the blurred image as input and produces the estimate
of the sharp image. The critic network takes the restored
and sharp images and outputs a distance between them. The
total loss consists of the WGAN loss from critic and the per-
ceptual loss [17]. The perceptual loss is the difference be-
tween the VGG-19 [34] conv3.3 feature maps of the sharp
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need to penalize mismatch between the input and output.
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Figure 3: DeblurGAN generator architecture. DeblurGAN contains two strided convolution blocks with stride 1
2 , nine resid-

ual blocks [13] and two transposed convolution blocks. Each ResBlock consists of a convolution layer, instance normalization
layer, and ReLU activation.

for non-uniform blind deblurring based on a parametrized
geometric model of the blurring process in terms of the
rotational velocity of the camera during exposure. Simi-
larly Gupta et al. [12] made an assumption that the blur is
caused only by 3D camera movement. With the success
of deep learning, over the last few years, there appeared
some approaches based on convolutional neural networks
(CNNs). Sun et al. [36] use CNN to estimate blur ker-
nel, Chakrabarti [6] predicts complex Fourier coefficients
of motion kernel to perform non-blind deblurring in Fourier
space whereas Gong [9] use fully convolutional network to
move for motion flow estimation. All of these approaches
use CNN to estimate the unknown blur function. Recently,
a kernel-free end-to-end approaches by Noorozi [27] and
Nah [25] that uses multi-scale CNN to directly deblur the
image. Ramakrishnan et al. [29] use the combination of
pix2pix framework [16] and densely connected convolu-
tional networks [15] to perform blind kernel-free image
deblurring. Such methods are able to deal with different
sources of the blur.

2.2. Generative adversarial networks

The idea of generative adversarial networks, introduced
by Goodfellow et al. [10], is to define a game between two
competing networks: the discriminator and the generator.
The generator receives noise as an input and generates a
sample. A discriminator receives a real and generated sam-
ple and is trying to distinguish between them. The goal of
the generator is to fool the discriminator by generating per-
ceptually convincing samples that can not be distinguished
from the real one. The game between the generator G and
discriminator D is the minimax objective:

min
G

max
D

E
xvPr

[log(D(x))] + E
x̃vPg

[log(1�D(x̃))] (2)

where Pr is the data distribution and Pg is the model dis-
tribution, defined by x̃ = G(z), z v P (z), the input z

is a sample from a simple noise distribution. GANs are
known for its ability to generate samples of good percep-
tual quality, however, training of vanilla version suffer from

many problems such as mode collapse, vanishing gradi-
ents etc, as described in [33]. Minimizing the value func-
tion in GAN is equal to minimizing the Jensen-Shannon di-
vergence between the data and model distributions on x.
Arjovsky et al. [2] discuss the difficulties in GAN train-
ing caused by JS divergence approximation and propose
to use the Earth-Mover (also called Wasserstein-1) distance
W (q, p). The value function for WGAN is constructed us-
ing Kantorovich-Rubinstein duality [39]:

min
G

max
D2D

E
xvPr

[D(x)]� E
x̃vPg

[D(x̃)] (3)

where D is the set of 1�Lipschitz functions and Pg is once
again the model distribution The idea here is that critic value
approximates K ·W (Pr, P✓), where K is a Lipschitz con-
stant and W (Pr, P✓) is a Wasserstein distance. In this set-
ting, a discriminator network is called critic and it approx-
imates the distance between the samples. To enforce Lips-
chitz constraint in WGAN Arjovsky et al. add weight clip-
ping to [�c, c]. Gulrajani et al. [11] propose to add a gradi-
ent penalty term instead:

� E
x̃vPx̃

[(krx̃D(x̃)k2 � 1)2] (4)

to the value function as an alternative way to enforce the
Lipschitz constraint. This approach is robust to the choice
of generator architecture and requires almost no hyperpa-
rameter tuning. This is crucial for image deblurring as it al-
lows to use novel lightweight neural network architectures
in contrast to standard Deep ResNet architectures, previ-
ously used for image deblurring [25].

2.3. Conditional adversarial networks

Generative Adversarial Networks have been applied to
different image-to-image translation problems, such as su-
per resolution [20], style transfer [22], product photo gen-
eration [5] and others. Isola et al. [16] provides a detailed
overview of those approaches and present conditional GAN
architecture also known as pix2pix. Unlike vanilla GAN,
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Figure 7: Results on the GoPro test dataset. From left to right: blurred photo, Nah et al. [25], DeblurGAN.

Figure 8: Results on the Kohler dataset. From left to right: blurred photo, Nah et al. [25], DeblurGAN.

different datasets. The first model to which we re-
fer as DeblurGANWILD was trained on a random crops
of size 256x256 from 1000 GoPro training dataset im-

ages [25] downscaled by a factor of two. The second one
DeblurGANSynth was trained on 256x256 patches from MS
COCO dataset blurred by method, presented in previous

Blurred images Nah et al., CVPR 2017 Kupyn et al., CVPR 2018
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Figure 8: Results on the Kohler dataset. From left to right: blurred photo, Nah et al. [25], DeblurGAN.
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Generator (G)
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Fake
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Fig. 1. Illustration of our proposed dual adversarial framework. The solid lines denote
the forward process, and the dotted lines mark the gradient interaction between the
denoiser and generator during the backword.

From the Bayesian perspective, most of the traditional denoising methods
can be interpreted within the Maximum A Posteriori (MAP) framework, i.e.,
maxx p(x|y) / p(y|x)p(x), which involves one likelihood term p(y|x) and one
prior term p(x). Under this framework, there are two methodologies that have
been considered. The first attempts to model the likelihood term with proper
distributions, e.g., Gaussian, Laplacian, MoG [33, 55, 59] and MoEP [10], which
represents di↵erent understandings for the noise generation mechanism, while
the second mainly focuses on exploiting better image priors, such as total vari-
ation [40], non-local similarity [8], low-rankness [15, 17, 47, 53] and sparsity [31,
52, 58]. Despite better interpretability led by Bayesian framework, these MAP-
based methods are still limited by the manual assumptions on the noise and
image priors, which may largely deviate from the real images.

In recent years, deep learning (DL)-based methods have achieved impressive
success in image denoising task [4, 56, 57]. However, as is well known, training
a deep denoiser requires large amount of clean-noisy image pairs, which are
time-consuming and expensive to collect. To address this issue, several noise
generation5 approaches were proposed to simulate more clean-noisy image pairs
to facilitate the training of deep denoisers. The main idea behind them is to
unfold the in-camera processing pipelines [7,19], or directly learn the distribution
p(y) as in [11,25] using generative adversarial network (GAN) [16]. However, the

5 The phrase “noise generation” indicates the generation process of noisy image from
clean image throughout this paper.

(Yue et al., ECCV 2020)
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(a) Real (b) CBDNet (c) ULRD (d) GRDN (e) DANet

Fig. 3. Illustration of one typical generated noisy images (1st row) by di↵erent methods
and their corresponding noise (2nd row) and variance map (3rd row) estimated by
Eq. (11). The first column represents the real ones in SIDD validation set.

5.2 Results on SIDD Benchmark

In this part, SIDD [1] benchmark is employed to evaluate the denoising per-
formance and generation quality of our proposed method. The full SIDD data
set contains about 24000 clean-noisy image pairs as training data, and the rest
6000 image pairs are held as the benchmark for testing. For fast training and
evaluation, one medium training set (320 image pairs) and validation set (40
image pairs) are also provided, but the testing results can only be obtained by
submission. We trained DANet and DANet+ on the medium version training
set, and evaluated on the validation and testing sets.
Noise Generation: The generator G in DANet is mainly used to synthesize
the corresponding noisy image given any clean one. As introduced in Sec. 4, two
metrics PGap and AKLD are designed to assess the generated noisy image. Based
on these two metrics, we compared DANet with three recent methods, including
CBDNet [19], ULRD [7] and GRDN [25]. CBDNet and ULRD both attempted
to generate noisy images by simulating the in-camera processing pipelines, while
GRDN directly learned the noise distribution using GAN [16].

Table 1 lists the PGap values of di↵erent methods on SIDD validation set.
For the calculation of PGap, SIDD validation set is regarded as the testing set T
in Eq. (9). Obviously, DANet achieves the best performance. Figure 2 displays
the PSNR curves of di↵erent denoisers trained on the real training set or only the

Generated Noisy Images



Image Denoising

219(Yue et al., ECCV 2020)

Denoising results

DANet for noise removal and generation 11

Table 2. The PSNR and SSIM results of di↵erent methods on SIDD validation and
testing sets. The best results are highlighted in bold.

Datasets Metrics
Methods

CBM3D WNNM DnCNN CBDNet RIDNet VDN DANet DANet+

Testing
PSNR" 25.65 25.78 23.66 33.28 - 39.26 39.25 39.43
SSIM" 0.685 0.809 0.583 0.868 - 0.955 0.955 0.956

Validation
PSNR" 25.29 26.31 38.56 38.68 38.71 39.29 39.30 39.47
SSIM" 0.412 0.524 0.910 0.909 0.913 0.911 0.916 0.918

(a): Noisy

(f ): CBDNet

(d): WNNM

(i): DANet

(e): DnCNN

(j): DANet+

(b): GroundTruth

(g): RIDNet

(c): BM3D

(h): VDN

Fig. 4. One typical denoising example in the SIDD validation dataset.

synthetic training sets generated by di↵erent methods, which gives an intuitive
illustration for PGap. It can be seen that all the methods tend to gradually
overfit to their own synthetic training set, especially for CBDNet. However,
DANet performs not only more stably but also better than other methods.

The average AKLD results calculated on all the images of SIDD validation set
are also listed in Table 1. The smallest AKLD of DANet indicates that it learns
a better implicit distribution to approximate the true distribution p(y|x). Fig. 3
illustrates one typical example of the real and synthetic noisy images generated
by di↵erent methods, which provides an intuitive visualization for the AKLD
metric. In summary, DANet outperforms other methods both in quantization
and visualization, even though some of them make use of additional metadata.
Noise Removal: To verify the e↵ectiveness of our proposed method on real-
world denoising task, we compared it with several state-of-the-art methods, in-
cluding CBM3D [14], WNNM [17], DnCNN [57], CBDNet [19], RIDNet [4] and
VDN [56]. Table 2 lists the PSNR and SSIM results of di↵erent methods on SIDD
validation and testing sets. It should be noted that the results on testing sets
are cited from o�cial website7, but the results on validation set are calculated
by ourself. For fair comparison, we retrained DnCNN and CBDNet on SIDD
training set. From Table 2, it is easily observed that: 1) deep learning methods

7
https://www.eecs.yorku.ca/~kamel/sidd/benchmark.php
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Fig. 2. Illustration of the proposed framework. Our framework is composed of two main networks: the generator G and the discriminator D. As illustrated,
the three input LDR images Li (i 2 {1, 2, 3}) are fed into the generator network G to produce the output HDR image. G consists of the encoding blocks
(i.e., the blue cubes) that extract features from the LDR images, the merging blocks (i.e., the light purple cubes) that align the LDR features, and the decoding
blocks (i.e., the green cubes) that restore the aggregated features to larger scales. It produces two HDR images Ĥ1 and Ĥ2 for supervision with L1 loss,
while Ĥ2 represents the output HDR image. On the other hand, the discriminator network D is employed to discriminate between the generated images and
the ground-truth via an adversarial loss.

by the blue cubes from the top to bottom of Fig. 2), which
help extract visual features in 1st, 2nd, and 3rd scales from one
input Xi. Formally, we denote the encoding blocks of different
scales as F

e
j,i, j, i = {1, 2, 3}, where i refers to the index of

the input X and j refers to the index of the network scale.
Each encoding block is a two-layer residual structure without
the pooling layers, followed by a convolutional layer with a
3 ⇥ 3 kernel size and stride 2 for downsampling the feature
maps (shown as red arrows in Fig. 2). Hence, the encoded
features at the j-th scale for Xi, denoted as Ej,i, is computed
by sequentially passing Xi through the encoding blocks from
the top scale (i.e., j = 1) to the bottom scale (i.e., j = 3) as:

E1,i = F
e
1,i(Xi),

E2,i = F
e
2,i(F

down(F e
1,i(Xi))),

E3,i = F
e
3,i(F

down(F e
2,i(F

down(F e
1,i(Xi))))), (3)

where F
down(·) is implemented as a convolutional layer with

stride 2.
Reference-aligned feature fusion. After extracting the

features from the input LDR images, we fuse the features of
different scales using the proposed merging blocks as shown in
Fig. 2, which also help align the image content in the feature
domain with a residual structure. In particular, the encoded
features from three encoding blocks of the same scale are
concatenated and transformed by a merging block, i.e., Fm

j

(j = {1, 2, 3}), as:

Mj = F
m
j ({Ej,1 � Ej,2 � Ej,3},Ej,2), (4)

where Mj is the merged features of the j
th scale. � de-

notes the concatenation operator. Hence, {Ej,1 �Ej,2 �Ej,3}
represents the concatenation of the encoded features from
multiple exposures in the j

th scale. In each merging block,
we introduce a reference-based residual structure. According
to Eq. 4, there is an additional input Ej,2 (i.e., the encoded

features from the reference image) to the merging block F
m
j .

Ej,2 is directly fed to the end of the merging block to form
a residual structure. The purpose of this design is to enforce
the alignment of the encoded features by utilizing the features
from the three LDR images to compensate the features from
the reference image (i.e., Ej,2). In essence, the features from
the low and high exposures will be adapted to those of the
median exposure (i.e., the reference image) to mitigate the
misalignment problem. Represented by light purple cubes
in Fig. 2, each merging block is composed of four dilated
convolutional layers with 3⇥3 kernel size and a dilated factor
of 2 to transform the concatenated features and allow Ej,2 to
skip-connect to the end of the block.

Deep HDR supervision. To further eliminate the artifacts
in order to obtain high-fidelity results, we propose a deep
HDR supervision scheme. Compared with prior deep supervi-
sion structures [16]–[18], [34], we upsample the intermediate
merged features and concatenate them with those in the upper
scales to produce the HDR images at the original spatial
dimension using a series of decoding blocks. With the ag-
gregated cross-scale features and the skip-connected encoded
features from the reference image involved in the decoders, as
demonstrated in the ablation study in Section IV-D, the deep
supervision can further enforce the alignment of the merged
features and thus our network is able to produce better quality
HDR images.

Specifically, at the j
th scale, we concatenate the features

from the reference image (i.e., Ej,2), the merged features Mj

computed by Eq. 4, and the upsampled features of the lower
scale F

up(Mj+1) into feature maps with rich information.
Note that Ej,2, Mj and F

up(Mj+1) have all been aligned
with the features from the reference image.

Recall that in the traditional encoder-decoder architecture
(e.g., [34]), the encoded features of the deepest scale will be
fed to the decoding blocks and upsampled sequentially. To
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TABLE I
COMPARISON WITH THE STATE-OF-THE-ART METHODS. THE BEST

PERFORMANCE VALUES ARE INDICATED IN BOLDED. † INDICATES THAT
THE RESULTS ARE FROM [12] AND [14]. (ALL THESE RESULTS ARE THE

HIGHER THE BETTER.)

Method PSNRµ PSNRL SSIMµ SSIML HDR-VDP-2

Sen et al. [15]† 40.800 38.110 0.9808 0.9721 59.38
Hu et al. [38]† 35.790 30.760 0.9717 0.9503 57.05

Kalantari et al. [11] 42.670 41.232 0.9888 0.9846 65.05
DeepHDR [12]† 41.650 40.880 0.9860 0.9858 64.90
AHDRNet [13] 43.631 41.143 0.9900 0.9702 64.61

NHDRRNet [14]† 42.414 - 0.9887 - 61.21
Ours 43.922 41.572 0.9905 0.9865 65.45

1500⇥1000 resolution. Specifically, we sample patches of size
512 ⇥ 512 from the training set for training. To augment the
training set, we randomly crop the training images and apply
random rotation/flipping on the patches. The learning rate of
our network is 10�4 initially, decays to 10�5 after 114,300
iterations, and then drops to 10�6 after 706,400 iterations. We
train our model with a batch size of 2 for 1,215,000 iterations
in total using the Adam solver, and the entire training process
takes around a week. During inference, our model takes on
average 0.29s and 8,833 MB memory to process a set of LDR
images at 1440⇥ 960 resolution.

C. Comparison with the State-of-the-Arts
To evaluate our model, we compare it with the state-of-the-

art HDR methods on the test images in the HDR dataset [11].
The state-of-the-art methods used for comparison include two
patch-based methods, Sen et al. [15] and Hu et al. [38],
and four deep-learning-based methods, Kalantari et al. [11],
DeepHDR [12], AHDRNet [13], and NHDRRNet [14]. Note
that Kalantari et al. [11] apply optical flow to align the input
images in the preprocessing stage. DeepHDR [12] requires the
background of the input images to be aligned by homography
transformation, while AHDRNet [13] and our method do not
need to align the input images in the preprocessing stage.

Table I shows the results of the experiment. Note that the
quantitative results for Sen et al. [15], Hu et al. [38], and
DeepHDR [12] are from [12]; those for NHDRRNet [14]
are from [14]. On the other hand, we re-train the models
from [11] and [13] and report the collected results. This
is because we find that their reported results are slightly
lower than the results that we obtain in running their models.
Nevertheless, we can see that our method outperforms all the
comparison methods on all metrics. Our top-performing results
in the terms of PSNRL and PSNRµ implies the generation
capability of our proposed method in the HDR domain and
the tonemapping domain. Compared with the latest works
[13], [14] that introduce attention schemes to relieve the LDR
misalignment problem, their results in the terms of SSIMµ and
SSIML are not on par with those of our approach, indicating
that their models cannot consistently preserve the structural
information of produced HDR images as ours. In addition, our
results also demonstrate a healthy margin over other baselines
on HDR-VDP-2 for the produced HDR image quality.

We also show several example scenarios with dynamic
objects or camera motions from public datasets for visual
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Fig. 3. An example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 4. Another example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 5. An example from another dataset [35] (which does not provide ground-
truth images). We qualitatively compare two sets of patches cropped from the
tonemapped HDR images generated by the state-of-the-art methods.
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TABLE I
COMPARISON WITH THE STATE-OF-THE-ART METHODS. THE BEST

PERFORMANCE VALUES ARE INDICATED IN BOLDED. † INDICATES THAT
THE RESULTS ARE FROM [12] AND [14]. (ALL THESE RESULTS ARE THE

HIGHER THE BETTER.)

Method PSNRµ PSNRL SSIMµ SSIML HDR-VDP-2

Sen et al. [15]† 40.800 38.110 0.9808 0.9721 59.38
Hu et al. [38]† 35.790 30.760 0.9717 0.9503 57.05

Kalantari et al. [11] 42.670 41.232 0.9888 0.9846 65.05
DeepHDR [12]† 41.650 40.880 0.9860 0.9858 64.90
AHDRNet [13] 43.631 41.143 0.9900 0.9702 64.61

NHDRRNet [14]† 42.414 - 0.9887 - 61.21
Ours 43.922 41.572 0.9905 0.9865 65.45

1500⇥1000 resolution. Specifically, we sample patches of size
512 ⇥ 512 from the training set for training. To augment the
training set, we randomly crop the training images and apply
random rotation/flipping on the patches. The learning rate of
our network is 10�4 initially, decays to 10�5 after 114,300
iterations, and then drops to 10�6 after 706,400 iterations. We
train our model with a batch size of 2 for 1,215,000 iterations
in total using the Adam solver, and the entire training process
takes around a week. During inference, our model takes on
average 0.29s and 8,833 MB memory to process a set of LDR
images at 1440⇥ 960 resolution.

C. Comparison with the State-of-the-Arts
To evaluate our model, we compare it with the state-of-the-

art HDR methods on the test images in the HDR dataset [11].
The state-of-the-art methods used for comparison include two
patch-based methods, Sen et al. [15] and Hu et al. [38],
and four deep-learning-based methods, Kalantari et al. [11],
DeepHDR [12], AHDRNet [13], and NHDRRNet [14]. Note
that Kalantari et al. [11] apply optical flow to align the input
images in the preprocessing stage. DeepHDR [12] requires the
background of the input images to be aligned by homography
transformation, while AHDRNet [13] and our method do not
need to align the input images in the preprocessing stage.

Table I shows the results of the experiment. Note that the
quantitative results for Sen et al. [15], Hu et al. [38], and
DeepHDR [12] are from [12]; those for NHDRRNet [14]
are from [14]. On the other hand, we re-train the models
from [11] and [13] and report the collected results. This
is because we find that their reported results are slightly
lower than the results that we obtain in running their models.
Nevertheless, we can see that our method outperforms all the
comparison methods on all metrics. Our top-performing results
in the terms of PSNRL and PSNRµ implies the generation
capability of our proposed method in the HDR domain and
the tonemapping domain. Compared with the latest works
[13], [14] that introduce attention schemes to relieve the LDR
misalignment problem, their results in the terms of SSIMµ and
SSIML are not on par with those of our approach, indicating
that their models cannot consistently preserve the structural
information of produced HDR images as ours. In addition, our
results also demonstrate a healthy margin over other baselines
on HDR-VDP-2 for the produced HDR image quality.

We also show several example scenarios with dynamic
objects or camera motions from public datasets for visual
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Fig. 3. An example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 4. Another example from the dataset [11]. We compare a set of patches
cropped from the tonemapped HDR images generated by the state-of-the-art
methods. The blue arrows highlight the differences among the results of the
comparison methods.
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Fig. 5. An example from another dataset [35] (which does not provide ground-
truth images). We qualitatively compare two sets of patches cropped from the
tonemapped HDR images generated by the state-of-the-art methods.
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• Key idea: Use the StyleGAN2 framework to project old photos into the 
space of modern high-resolution photos for enhancing their quality.

(Luo et al., SIGGRAPH Asia 2021)
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Input Ours DeOldify InstColorization Zhang Zhang (FFHQ)
Figure 8. Comparisons of our approach to a pipeline built from published techniques for restoring, colorizing, and enlarging antique images.
We evaluated four prior colorization algorithms, detailed in the paper, all of which fail to achieve the same realistic skin appearance and
overall image quality as our approach. Top to bottom: Dorothy Hodgkin (1947), Henry Ford (1928), and Niels Bohr (1922).
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Figure 9. Our approach can struggle to render uncommon image
features such as certain (facial) hairstyles, accessories, and cloth-
ing. Extremely poor image quality or severely compressed inten-
sity gamuts may limit the quality of the result. From left to right:
Alexander Grapham Bell (1904), Dowager Cixi (1903), Alexandre
Dumas (1855) and Grace Hopper (1906 - 1992).

7. Conclusion

We introduced time-travel rephotography, an image syn-
thesis technique that simulates rephotographing famous
subjects from the past using a modern high-resolution cam-
era based on a black-and-white reference photo. Our basic
approach is to project this reference image into the space
of modern high-resolution images represented by the Style-
GAN2 generative model [33]. This is accomplished through
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Figure 10. Wrong gender or ethnicity in sibling prediction can
sometimes affect the result. Changing to a different sibling with
the correct gender and ethnicity helps to alleviate this issue. Left:
Martin Luther King Jr. (1964). Right: Edith Cowan (1900).

a constrained optimization over latent style codes that is
guided by a novel reconstruction loss that simulates the
unique properties of old film and cameras. We also intro-
duce a sibling network that generates an image for recover-
ing colors and local details in the result. Improving on ap-
plying a sequence of state-of-the-art techniques for image
restoration, colorization, and super-resolution, our unified
approach is able to render strikingly realistic and immedi-
ately recognizable images of historical figures.
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Results of a SR3 model (64×64 → 512×512), trained on FFHQ, and applied to images outside of 
the training set.
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enforcing local realism and avoids bluriness introduced by
relying solely on pixel-space losses such as L2 or L1 objec-
tives.

More precisely, given an image x 2 RH⇥W⇥3 in RGB
space, the encoder E encodes x into a latent representa-
tion z = E(x), and the decoder D reconstructs the im-
age from the latent, giving x̃ = D(z) = D(E(x)), where
z 2 Rh⇥w⇥c. Importantly, the encoder downsamples the
image by a factor f = H/h = W/w, and we investigate
different downsampling factors f = 2m, with m 2 N.

In order to avoid arbitrarily high-variance latent spaces,
we experiment with two different kinds of regularizations.
The first variant, KL-reg., imposes a slight KL-penalty to-
wards a standard normal on the learned latent, similar to a
VAE [42, 64], whereas VQ-reg. uses a vector quantization
layer [90] within the decoder. This model can be interpreted
as a VQGAN [21] but with the quantization layer absorbed
by the decoder. Because our subsequent DM is designed
to work with the two-dimensional structure of our learned
latent space z = E(x), we can use relatively mild compres-
sion rates and achieve very good reconstructions. This is
in contrast to previous works [21, 61], which relied on an
arbitrary 1D ordering of the learned space z to model its
distribution autoregressively and thereby ignored much of
the inherent structure of z. Hence, our compression model
preserves details of x better (see Tab. 1). The full objective
and training details can be found in the supplement.

3.2. Latent Diffusion Models

Diffusion Models [77] are probabilistic models designed to
learn a data distribution p(x) by gradually denoising a nor-
mally distributed variable, which corresponds to learning
the reverse process of a fixed Markov Chain of length T .
For image synthesis, the most successful models [14,27,67]
rely on a reweighted variant of the variational lower bound
on p(x), which mirrors denoising score-matching [80].
These models can be interpreted as an equally weighted
sequence of denoising autoencoders ✏✓(xt, t); t = 1 . . . T ,
which are trained to predict a denoised variant of their input
xt, where xt is a noisy version of the input x. The corre-
sponding objective can be simplified to (Sec. A)

LDM = Ex,✏⇠N (0,1),t

h
k✏� ✏✓(xt, t)k22

i
, (1)

with t uniformly sampled from {1, . . . , T}.
Generative Modeling of Latent Representations With
our trained perceptual compression models consisting of E
and D, we now have access to an efficient, low-dimensional
latent space in which high-frequency, imperceptible details
are abstracted away. Compared to the high-dimensional
pixel space, this space is more suitable for likelihood-based
generative models, as they can now (i) focus on the impor-
tant, semantic bits of the data and (ii) train in a lower di-
mensional, computationally much more efficient space.

Semantic 
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Figure 3. We condition LDMs either via concatenation or by a
more general cross-attention mechanism. See Sec. 3.3

Unlike previous work that relied on autoregressive,
attention-based transformer models in a highly compressed,
discrete latent space [21, 61, 96], we can take advantage of
image-specific inductive biases that our model offers. This
includes the ability to build the underlying UNet primar-
ily from 2D convolutional layers, and further focusing the
objective on the perceptually most relevant bits using the
reweighted bound, which now reads

LLDM := EE(x),✏⇠N (0,1),t

h
k✏� ✏✓(zt, t)k22

i
. (2)

The neural backbone ✏✓(�, t) of our model is realized as a
time-conditional UNet [66]. Since the forward process is
fixed, zt can be efficiently obtained from E during training,
and samples from p(z) can be decoded to image space with
a single pass through D.

3.3. Conditioning Mechanisms

Similar to other types of generative models [51, 78],
diffusion models are in principle capable of modeling
conditional distributions of the form p(z|y). This can
be implemented with a conditional denoising autoencoder
✏✓(zt, t, y) and paves the way to controlling the synthesis
process through inputs y such as text [63], semantic maps
[29, 55] or other image-to-image translation tasks [30].

In the context of image synthesis, however, combining
the generative power of DMs with other types of condition-
ings beyond class-labels [14] or blurred variants of the input
image [67] is so far an under-explored area of research.

We turn DMs into more flexible conditional image gener-
ators by augmenting their underlying UNet backbone with
the cross-attention mechanism [91], which is effective for
learning attention-based models of various input modali-
ties [31,32]. To pre-process y from various modalities (such
as language prompts) we introduce a domain specific en-
coder ⌧✓ that projects y to an intermediate representation
⌧✓(y) 2 RM⇥d⌧ , which is then mapped to the intermediate
layers of the UNet via a cross-attention layer implementing
Attention(Q,K, V ) = softmax

⇣
QK

T
p
d

⌘
· V , with

Q = W
(i)
Q

· 'i(zt), K = W
(i)
K

· ⌧✓(y), V = W
(i)
V

· ⌧✓(y).

4

Autoencoder with KL or VQ regularization

[Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022] 
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40-50% masked All samples

Method FID # LPIPS # FID # LPIPS #
LDM-4 (ours, big, w/ ft) 9.39 0.246± 0.042 1.50 0.137± 0.080
LDM-4 (ours, big, w/o ft) 12.89 0.257± 0.047 2.40 0.142± 0.085
LDM-4 (ours, w/ attn) 11.87 0.257± 0.042 2.15 0.144± 0.084
LDM-4 (ours, w/o attn) 12.60 0.259± 0.041 2.37 0.145± 0.084

LaMa [83]† 12.31 0.243± 0.038 2.23 0.134± 0.080
LaMa [83] 12.0 0.24 2.21 0.14
CoModGAN [100] 10.4 0.26 1.82 0.15
RegionWise [47] 21.3 0.27 4.75 0.15
DeepFill v2 [97] 22.1 0.28 5.20 0.16
EdgeConnect [53] 30.5 0.28 8.37 0.16

Table 6. Comparison of inpainting performance on 30k crops of
size 512⇥ 512 from test images of Places [101]. The column 40-
50% reports metrics computed over hard examples where 40-50%
of the image region have to be inpainted. †recomputed on our test
set, since the original test set used in [83] was not available.

input GT LaMa [83] LDM #1 LDM #2 LDM #3

Figure 11. Qualitative results on image inpainting as in Tab. 6.

a bottleneck for tasks that require fine-grained accuracy in
pixel space. We assume that our superresolution models
(Sec. 4.4) are already somewhat limited in this respect.
Societal Impact Generative models for media like im-
agery are a double-edged sword: On the one hand, they
enable various creative applications, and in particular ap-
proaches like ours that reduce the cost of training and in-
ference have the potential to facilitate access to this tech-
nology and democratize its exploration. On the other hand,
it also means that it becomes easier to create and dissemi-
nate manipulated data or spread misinformation and spam.
In particular, the deliberate manipulation of images (“deep
fakes”) is a common problem in this context, and women in
particular are disproportionately affected by it [12, 22].

Moreover, deep learning modules tend to reproduce
or exacerbate biases that are already present in the data
[20,34,85]. While diffusion models achieve better coverage
of the data distribution than e.g. GAN-based approaches,
the extent to which our two-stage approach that combines
adversarial training and a likelihood-based objective mis-
represents the data remains an important research question.

For a more detailed discussion of the ethical considera-
tions of deep generative models, see e.g. [12].

6. Conclusion

We have presented latent diffusion models, a simple and
efficient way to significantly improve both the training and
sampling efficiency of denoising diffusion models with-
out degrading their quality. Based on this and our cross-

input result

Figure 12. Qualitative results on object removal with our big, w/
ft inpainting model. For more results, see Fig. 22.

attention conditioning mechanism, our experiments could
demonstrate favorable results compared to state-of-the-art
methods across a wide range of conditional image synthesis
tasks without task-specific architectures.

This work has been supported by the German Research Foundation
(DFG) project 421703927 and the German Federal Ministry for Economic
Affairs and Energy within the project ’KI-Absicherung - Safe AI for auto-
mated driving’.
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”a portrait of a cyberpunk rabbit, trending on artstation”

”A sunset over a mountain, oil on canvas”

”A sunset over a mountain, vector image”

[“LDM”, Rombach et al., 2022] 
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• Input: input image 
          + target description
Output: manipulated image

manipulated
image 

Target description t
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CLIPInverter
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• CLIPAdapter: Finds and follows semantic paths in latent space for 
initial image edits.
• CLIPRemapper: Refines edits by aligning the latent code with text 

prompt embeddings.



CLIPAdapter
• Extract feature maps from the image.

• Modulate these features with CLIP 
text embeddings.

• Input modulated features into the 
encoder to produce residual latents.
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We will show that this 
improves editability!
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CLIPRemapper
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CLIPRemapper
• CLIPAdapter provides residual 

latents.

• Remapper calculates 
corrections using text prompts.

• Combines residuals with 
corrections to input into 
the generator for final image 
output.
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This further improves 
editing accuracy!



Target: This person has mustache
240
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Target: A cat with ginger hair
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Target: This bird has wings that are 
      blue and has a white belly



172:10 • A. C. Baykal et al.

Fig. 5. Qualitative manipulation results. We show sample text-guided manipulation results on human faces (left), cat images (middle), and bird images
(right). Our approach successfully makes local semantic edits based on the target descriptions while keeping the generated outputs faithful to the input
images. The images displayed on the left side are the inversion results obtained with the e4e encoder.

Fig. 6. More qualitative results. We provide example manipulation results
where we apply various compositions of several facial attributes as target
descriptions.

In Figure 9, we provide some qualitative results for such image-
based manipulations performed by our proposed approach. We ob-
serve that although no further training is done by considering ref-
erence images instead of target description, our model achieves a
good performance on transferring the appearance of the provided
reference images to the input images.

We refer readers to the supplementary material for more manip-
ulation results.

4.5 Qualitative Comparisons to Other Text-guided
Manipulation Methods

We compare our approach with various existing methods, in-
cluding TediGAN [Xia et al. 2021a], StyleCLIP [Patashnik et al.
2021], StyleMC [Kocasari et al. 2021], and HairCLIP [Wei et al.
2022]. For StyleCLIP, we use the latent optimization-based model
StyleCLIP-LO, and for TediGAN, we use the CLIP-based optimiza-
tion approach (TediGAN-B). In all of our experiments, we use the
public implementations provided by the authors. For HairCLIP, we
slightly modify its neural architecture and train it accordingly. In
the original paper, they do consider different conditioning vectors
for the mapper modules encoding hairstyle and hair color as they
refer to details from different scales. Since, we focus on a generic
text-guided manipulation process where it is hard to separate the
textual terms into fine-, mid-, and high-level attributes, we let the
embedding of the whole target description suggested by CLIP text
encoder to condition the mappers equally. All of these approaches
use StyleGAN2 as a frozen generator and utilize the CLIP embed-
ding to measure the image and text similarity.

In Figure 10, we provide some qualitative comparisons between
our method and the baselines on a number of human face images.
As can be seen from the figure, our approach gives more accurate
edits as compared to the existing methods, especially for captions
that describe multiple attribute manipulations. For instance, for the

ACM Transactions on Graphics, Vol. 42, No. 5, Article 172. Publication date: August 2023.

Original Smiling Smiling+Chubby Smiling+Chubby+Beard
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Target: He wears necktie. He has bushy eyebrows, mouth 
        slightly open, bags under eyes, big nose, and 
        high cheekbones. He is smiling.

Original TediGAN-B CLIPInverter (Ours)

244Xia et al. TediGAN: Text-Guided Diverse Face Image Generation and Manipulation. CVPR 2021.



Target: He wears necktie. He has bushy eyebrows, mouth 
        slightly open, bags under eyes, big nose, and 
        high cheekbones. He is smiling.

Original StyleCLIP-LO CLIPInverter (Ours)

245Patashnik et al. StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery. ICCV 2021.



Target: He wears necktie. He has bushy eyebrows, mouth 
        slightly open, bags under eyes, big nose, and 
        high cheekbones. He is smiling.

Original StyleCLIP-LO CLIPInverter (Ours)

246Patashnik et al. StyleCLIP: Text-Driven Manipulation of StyleGAN Imagery. ICCV 2021.



Target: He wears necktie. He has bushy eyebrows, mouth 
        slightly open, bags under eyes, big nose, and 
        high cheekbones. He is smiling.

Original StyleMC CLIPInverter (Ours)

247Kocasari et al. StyleMC: Multi-Channel Based Fast Text-Guided Image Generation and Manipulation. WACV 2022.



Target: He wears necktie. He has bushy eyebrows, mouth 
        slightly open, bags under eyes, big nose, and 
        high cheekbones. He is smiling.

Original HairCLIP CLIPInverter (Ours)

248Wei et al. HairCLIP: Design your hair by text and reference image. CVPR 2022.



Limitations
• Directional CLIP loss may unintentionally alter gender representation.
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Wavy HairOriginal



Limitations
• Directional CLIP loss may unintentionally alter gender representation.

• Adding a specific pronoun to the target text description helps prevent this.
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Wavy HairOriginal She has wavy hair



HyperGAN-CLIP

251

A Unified Framework for Domain Adaptation, 
Image Synthesis and Manipulation



HyperGAN-CLIP
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source target result

Domain Adaptation Results



Domain Adaptation Results

Source Target StyleGAN-NADA Adaptation-SCR Mind-the-Gap HyperDomainNet DynaGAN Ours



Reference-Guided Synthesis Results

255

source target result



Reference-Guided Synthesis Results
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Source Target BlendGAN TargetCLIP-
O

TargetCLIP-
E

MimicBrush Ours



Text-Guided Image Manipulation Results
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“Elsa from Frozen”



Text-Guided Image Manipulation Results
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“Surprised”

“The person is wearing heavy makeup, lipstick. She has wavy hair, rosy cheeks, and pointy nose.”

TediGAN-B StyleCLIP-LOStyleCLIP-GD HairCLIP DeltaEdit CLIPInverter DiffusionCLIP PnP InstrPix2Pix Ours



Audio-Guided Image Synthesis

🔊

generated
image 

input audio   t
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SonicDiffusion – Training
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SonicDiffusion – Training

Audio Projector
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SonicDiffusion – Training
Gated Cross-Attention
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SonicDiffusion – Inference



Image Generation
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Image Editing
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Image Editing
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Image Editing



Instruction-Based Object Removal
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• Input: input image 
          + instruction
Output: inpainted image

inpainted
image 

Instruction t
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Training Data Generation for GQA-Inpaint
(a) Selecting an object from the scene graph:

woman
(1061257)

right of

woman
(5681)

boat
(3798627)

right of

(b) Extracting segmentation mask:

woman
(1061257)

boat
(3798627)

woman
(5681)

(c) Removing object from the image:

(d) Generating textual prompt:

An image from GQA 
dataset and its scene graph

instance
segmentation

image 
inpainting

“remove the woman at the right of the boat”

Training Inst-Inpaint for Instructional Image Inpainting
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Text prompt: “remove the woman at the right of the boat”
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Latent Diffusion Model

Inst-Inpaint – Dataset Generation 
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Training Data Generation for GQA-Inpaint
(a) Selecting an object from the scene graph:

woman
(1061257)

right of

woman
(5681)

boat
(3798627)

right of

(b) Extracting segmentation mask:

woman
(1061257)

boat
(3798627)

woman
(5681)

(c) Removing object from the image:

(d) Generating textual prompt:

An image from GQA 
dataset and its scene graph

instance
segmentation

image 
inpainting

“remove the woman at the right of the boat”

Training Inst-Inpaint for Instructional Image Inpainting

⨉T steps

Fo
rw

ar
d 

D
iff

us
io

n

En
co

de
r

D
ec

od
er

Text prompt: “remove the woman at the right of the boat”

En
co

de
r

Target

Source

Target

+

C
ro

ss
-

A
tte

nt
io

n

Q
KV

⨉(T-1) steps

B
ac

kw
ar

d 
D

iff
us

io
n

Latent Diffusion Model

Inst-Inpaint – Model Training
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Instruction-Based Object Removal
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Instruction-Based Object Removal

272

remove the gray kite at the left remove the street light at the left remove the man at the right of the man

remove the red car at the left of the tall ladder remove the colorful train at the right remove the boat at the right of the small boat



Instruction-Based Object Removal

273

8

Source InstPix2Pix X-Decoder CLIPSeg Ours Source InstPix2Pix X-Decoder CLIPSeg Ours

✁ Remove the gray kite ✁ Remove the street light at the left

✁ Remove the surfing girl on the blue surfboard ✁ Remove the boy at the left

✁ Remove the boy ✁ Remove the airplane at the left

✁ Remove the television at the center ✁ Remove the man

✁ Remove the pillow at the right ✁ Remove the red chair at the center

Fig. 9: Qualitative results of our approach and the competing methods on GQA-Inpaint dataset. Other methods sometimes
struggle to detect the correct object and to erase the object completely. On the other hand, ours achieve significantly better
results.

Methods FID → CLIP CLIP CLIP ↑
Dist. ↑ Acc. ↑ Acc. (top 5)

X-Decoder [53] 6.360 72.2 62.6 41.5
InstPix2Pix [6] 9.972 56.8 33.5 11.8
CLIPSeg [28] 8.048 71.7 57.4 33.5
Inst-Inpaint (Ours) 5.679 76.0 77.4 57.3

TABLE 2: Quantitative results of our method and competing
methods on GQA-Inpaint dataset.

prediction to change after performing the object removal
operation as suggested by the instruction. We mainly look
at the Top1 and Top5 predictions. If the predicted class based
on the source image is not in the Top1 and Top5 predictions
of the inpainted image, that scenario is considered a success.
We report the percentage of successes.
RelSim. We additionally use the relational similarity score
proposed by GeNeVa [11] which is commonly used on
CLEVR dataset. This metric compares the arrangement of
objects qualitatively via an object detector and localizer. We
use the object detector released by GeNeVa fine-tuned on
CLEVR dataset. The detector constructs the scene graphs of
inpainted and ground-truth images. The metric computes
how many of the ground-truth relations are present in the
inpainted image. We use this score for our evaluations on
CLEVR following the previous works [50]. However, we

find that this evaluation method is difficult to be used
on real images because it requires highly effective object
detectors. For our experiments on GQA-Inpaint, we use the
CLIP-based measures explained below.

5.4 Experimental Analysis

Results on GQA-Inpaint Dataset. We provide the quantita-
tive and qualitative results on GQA-Inpaint dataset in Table
2 and Fig. 9, respectively. We achieve better FID and CLIP
scores than X-Decoder, InstPix2Pix, and CLIPSeg as given
in Table 2. As seen in Fig. 9, InstPix2Pix struggles to achieve
the inpainting in many examples. In the first one, instead
of removing the gray kite, the model makes the image more
gray. In some examples, it successfully erases the objects and
in some, it does not remove the objects at all or remove them
partially. Instruct X-decoder struggles to find the correct
object to remove and does not perform any editing in many
examples such as the first row-second example. In the first
example, it correctly finds the object to be removed but
generates artifacts in the final inpainted image. Moreover,
it sometimes does output interesting results. For example,
in many examples, the removed area is filled with an object
from the category such as removing the television, boy, and
man examples even though the model is instructed to fill
the inpainted area in regard to the background. ClipSeg
also performs and fails similarly to X-Decoder. That be-
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Source Attn. Map Output Attn. Map Output Source Attn. Map Output Attn. Map Output

Â Remove {the flying kite at the right} {the man at the center} Â Remove {the boy at the left } {the colorful kite at the center }

Â Remove {the person at the center } {the pole at the center } Â Remove {the bird at the center} {the bird at the left}

Â Remove {the square plate on the table} {the small glass at the right} Â Remove {the boat at the left } {the white boat at the right }

Â Remove {the cow at the left} {the large cow at the right} Â Remove {the white bird at the right} {the flying bird at the center}

Fig. 10: Additional instruction-based image inpainting results on the GQA-Inpaint dataset along with the average cross-
attention maps of our method. For the same input image, we show two different inpainting results and their attention
maps based on two different instructions.

havior leads to poor performance for Instruct X-Decoder
and ClipSeg in terms of CLIP Score. When an object is
not edited or replaced with the same category, the CLIP
score is negatively impacted. On the other hand, when no
edit is applied to the image as in many examples of X-
Decoder and ClipSeg, that brings an advantage for the FID
score. However, our method still achieves a better FID score
than other methods and that is because the inpaintings do
not result in artifacts, unlike the competing methods. Our
Inst-Inpaint model successfully erases objects in challenging
scenarios.

Analysis. We visualize the average cross-attention masks
in Fig. 10 for samples of GQA-Inpaint images. We plot the
pixels the prompt attends to. Because ours is a removal task,
we find the attention masks to focus on the objects that will
be erased. As shown in Fig. 10, for the same source image,
our model can erase different objects based on the prompts
and we see that attention maps focus on those objects that
we want to remove.

Next, we analyze the accuracy of attention maps in terms
of their segmentation of the prompted object. In our method,
we do not explicitly predict masks but inpaint objects in
an end-to-end framework. However, to erase an object, the
network needs to detect the pixels to be erased implicitly
and we see in Fig. 10 that attention maps detect where the
objects that we want to erase are. We would like to compare
the accuracy of these detections with other methods that
predict masks based on prompts such as CLIPSeg [28] and
X-Decoder [52]. To analyze that, we train a simple UNet
that takes attention maps and predicts a mask. The UNet
only takes the attention maps, it does not take prompts or
image features as inputs. This UNet is trained separately

CLIPSeg [28] X-Decoder [52] Inst-Inpaint (Ours)
40.6 48.7 53.1

TABLE 3: Segmentation scores mIoU of mask predictions
on GQA-Inpaint datasets. Our method does not explicitly
detect a semantic map. We train a simple network that
operates on our attention maps to evaluate the accuracy of
detections.

with the sole purpose of analyzing the mask predictions
of a pretrained Inst-Inpaint. The attention maps are resized
to 32 ⇥ 32 resolution from 16x16, 8x8, and 4x4 resolutions
by using nearest-neighbor interpolation. We simply concate-
nate attention maps from all time-frames which brings a
channel of 1280 inputs. The network has 4 downsampling
and 4 upsampling residual block layers with channels going
as {32, 64, 96, 128, 128, 96, 64, 32}. In the end, we have a
bilinear upsampling layer which brings the resolution to
256 ⇥ 256. This is a very simple set-up as we expect the
attention maps to already generate well-defined predictions.
We compare the mask accuracies in Table 3. Our method
achieves better scores than ClipSeg and X-Decoder.

We visualize the mask predictions in Fig. 11 of X-
Decoder, ClipSeg, and ours that come from the UNet model
which takes the attention maps as inputs. Our model is
better at predicting the correct masks as was also expected
based on the inpainting results. Note that, we set the U-
Net to work on 32 ⇥ 32 resolution and only add a bilinear
upsampling in the end, better scores with higher details on
the mask can be obtained with a more powerful decoder.
We set the segmentation network simple for our analysis.
Comparisons with GAN-based models on CLEVR Dataset.



360° Panoramic Image Generation

GENERATION PROMPT: 
The image depicts a nighttime scene of a European town square. The square is paved with dark, glossy tiles that reflect the lights from the surrounding buildings and street lamps. 
The buildings are multi-storied and painted in various pastel colors, including shades of pink, yellow, and green. The architecture is traditional, with shuttered windows and balconies 
adorned with plants and flowers. In the center of the square, there is a fountain with water spouting from its top, surrounded by benches for people to sit and enjoy the view. The 
square is illuminated by several street lamps that cast a warm glow on the surroundings. There are also some bicycles parked along the edges of the square. The sky above is dark, 
indicating that it is nighttime. The overall atmosphere of the scene is peaceful and serene, with no people visible in the image.
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• Omnidirectional images (360° images) are becoming more and more 
popular

• Applications in virtual reality, robotics, and surveillance

• A new form of visual data



Challenges in 360° Vision
• Spherical distortion

• Limited training data 

• Input size (+4K 
images/videos)
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FoV Projec'on  



Representing Omnidirectional Images 
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örneklenmekte ve bu yerel görüntüler ayrı ayrı bir evrişimsel sinir ağına girdi olarak verilmektedir. İlk yaklaşımda 
hesaplanan düzlemsel görüntüde izdüşüm sırasında bozulmalar yaşandığı için evrişim katmanındaki filtreler komşuluk 
ilişkilerini tam doğru biçimde kodlayamamakta ve bu çıktının kalitesini olumsuz yönde etkileyebilmektedir. İkinci 
yaklaşım bu negatif yönü barındırmıyor olsa da örneklenen her görüm penceresi (viewport) için işlem gerektirdiği için 
yavaştır ve bu açıdan 360° videolara uygulanması pratikte pek tercih edilmemektedir. Projemizde bu iki popüler 
yaklaşıma alternatif olarak çok kısa bir zaman önce geliştirilen ve evrişim operatörünü küresel bir yapıda tanımlayan 
özelleşmiş evrişimsel sinir ağlarından (Su ve Grauman, 2017b, 2019; Cohen vd., 2018; Coors vd., 2018) faydalanılması 
planlanmaktadır. Bu modelin detayları yöntem bölümünde anlatılacaktır. 
 

 
Şekil 1. Derin evrişimsel ağları 360° görüntülere/videolara uygulamak için izlenen temel yaklaşımlar ((Maugey vd. 
2017) ile (Su ve Grauman, 2017b)'den uyarlanmıştır). 
 
360° Videolarda Belirginlik Kestirimi 
Yukarıda belirttiğimiz üzere literatürde bizim amaçladığımız gibi insanların 360° videolarda baktıkları noktaları (eye 
fixations) bulmaya çalışan belirginlik modelleri sayıca çok fazla olmasa da mevcuttur (Fan vd., 2017; Cheng vd., 2018; 
Lebreton vd., 2018; Nguyen vd., 2018; Qiao vd., 2020; Xu vd., 2018b; Zhang vd., 2018b). Bu çalışmaların büyük bir 
çoğunluğu model bakımından çok fazla yenilik içermemekte ve daha çok sıradan görüntüler için önerilmiş modelleri 
kendi amaçları doğrultusunda basit biçimlerde uyarlamaktadırlar. Ayrıca, bu çalışmaların tümünde araştırmacılar hem 
gerçekleştirdikleri analizlerinde hem de geliştirdikleri modellerde hiçbir şekilde ses bilgisinden faydalanmamaktadır. 
Halbuki daha önce değinildiği üzere, çevremizdeki ses kaynaklarının görsel dikkatimizi yönlendirdiği deneysel bazı 
çalışmalarda incelenmiştir (van der Burg vd., 2008; Coutrot vd., 2012; Song vd., 2013; Min vd., 2014). Bu noktada 
eklememiz gerekir ki görsel işitsel bilgiyi birlikte işleyen modeller son dönemde temeli farklı kiplere dayanan (grounded) 
derin öznitelikler öğrenmekte başarıyla kullanılmıştır (Arandjelovic ve Zisserman, 2017; Owens ve Efros 2018; Wan 
vd., 2019). Bunun dışında, az sayıda çalışma görsel dikkati modellemede ek olarak ses bilgisini kullanma yoluna 
gitmiştir (Evangelopoulos vd. 2013; Coutrot ve Guyader, 2014) ancak bu çalışmalar, sıradan videolara yoğunlaştıkları 
için tek kanallı veya stereo ses bilgisini kullanmışlardır. Projemizde ele alacağımız şekilde uzamsal ses bilgisini görsel 
belirginlik kestiriminde kullanan bir çalışma literatürde henüz bulunmamaktadır ve ilk olarak tarafımızca araştırılacaktır. 
 
Projemiz kapsamında inceleyeceğimiz 360° videolarda görsel işitsel belirginlik kestirimine en yakın çalışma yukarıda 
da belirttiğimiz üzere Coutrot ve Guyader (2014) tarafından gerçekleştirilmiştir. Bu çalışmada yazarlar sıradan videolar 
üzerinde çalışmış olsalar da ses bilgisinden faydalanan bir hesaplamalı dikkat modelin insanların dinamik sahnelerde 
baktıkları bölgeler ile daha uyumlu olduğunu göstermişlerdir. Ancak detaya inecek olursak, bu çalışmada sadece 
konuşan insanların bulunduğu sahneleri içeren videolar incelenmiştir. Bu nedenle, ses kipinden gelen ipuçları anlamsal 
açıdan pek farklılık göstermemekte ve bu bağlamda kullanılan anlamsal ses bilgisi insan sesi ile sınırlıdır. Ayrıca, bu 
çalışmada esas alınan ses ipuçları 360° uzamsal ses kaynağı yerine stereo ses kaynağı ile sınırlıdır zira videolar 360° 
değil yaygın 2 boyutlu (2B) görüntülerin karelerinden oluşmaktadır. Bir diğer ilgili çalışmada, Fearghail vd. (2018) SG 
filmlerinde etkileşimli hikâye anlatımı bağlamında izleyicilerin dikkatini yönlendirmeye uzamsal sesin önemli bir etkisi 
olduğunu göstermişlerdir. Özetle, ister 2B ister 360° videolarda, çoğulortam verisi üzerinde gerçekleştirilen analizlerde 
sesin konumunun önemli olabileceğini gösteren pek çok gözlem bulunmaktadır. Bu nedenle, 360° videolarda uzamsal 
işitsel ve görsel ipuçlarının çok yönlü işlenmesi insan algısının doğru biçimde modellenmesi için önemlidir. 
 
Proje konumuzu asıl olarak ilgilendiren uzamsal sesle çekilen 360° videolar (ör. VR cihazlarında oynatılan 360° 
çoğulortam içeriği) üzerine literatürde çok sınırlı sayıda veri kümesi vardır. Bunun temel nedeni, uzamsal ses 
mikrofonlarının 360° video kayıtlarında hala nadiren kullanılmasıdır (Morgado vd., 2018). Örneğin, Morgado vd. (2018) 
ve Rana vd. (2019) gerçekleştirdikleri çalışmalarda uzamsal ses bilgisini mevcut çözümlerde ambisonik teknolojisini 
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of an individual subject [24], [27], [43], [46]. The saliency
prediction works can be roughly categorized into heuristic
approaches and data-driven approaches.

1) Heuristic approaches: The heuristic approaches uti-
lize the handcraft features for modelling attention on 360°
video/image. Figure 1 shows an general framework of saliency
approaches on 360° video/image. The heuristic approaches can
be traced back to the year of 2008. In 2008, Bogdanova et al.

[47], [48] proposed predicting saliency maps on 360° image
through three stages: sphere processing, feature extraction
and saliency map generation. First, [48] developed several
data processing methods on the sphere, including filtering,
Gaussian and Gabor pyramid, up-sampling and normaliza-
tion on the sphere. These processing methods constituted
the foundation of the spherical visual attention models, and
even inspired the recent study on the spherical convolutional
network [49]. Second, [48] followed the multi-scale center-
surround mechanism [50] of 2D image to extract the attention-
related features, and adapted these features to the sphere of
360° image. That is, 7 features of 3 types were extracted: 1
intensity feature, 2 chromatic features and 4 local orientation
features. Corresponding to the extracted features, 7 spherical
conspicuity maps are obtained, and then 3 cue conspicuity
maps of intensity, chroma and orientation were calculated
from the spherical conspicuity maps. Finally, the saliency map
was generated by fusing 3 cue conspicuity maps together
after normalization. Afterwards, Bogdanova et al. proposed a
saliency prediction approach [51] for 360° video. In addition to
the static saliency map [48], they further proposed calculating
the motion saliency maps for 360° video. To be specific, [48]
first proposed block matching and motion pyramid calculation
methods on the sphere, and then yielded the spherical motion
conspicuity maps in the motion magnitude and phase. These
conspicuity maps are fused to obtain the motion saliency map
of each 360° video frame. Finally, the dynamic saliency maps
are obtained by fusing the static and motion saliency maps.
Unfortunately, there had no practical HMD being released at
that time, and thus it was impossible to collect HM and EM
data of subjects. As a result, quantitative evaluation was not
included in [47], [48], [51].

Recently, HM and EM data can be easily collected, and
thus there have emerged many saliency prediction approaches
for 360° video/image. Since saliency prediction approaches
have been highly developed for 2D image and video [52], it is
intuitive to adapt 2D saliency approaches for 360° video/image
via making some modification. However, the adaption of 2D
saliency approaches in 360° video/image may suffer from
geometric distortion and border artifacts, caused by sphere-to-
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of an individual subject [24], [27], [43], [46]. The saliency
prediction works can be roughly categorized into heuristic
approaches and data-driven approaches.

1) Heuristic approaches: The heuristic approaches uti-
lize the handcraft features for modelling attention on 360°
video/image. Figure 1 shows an general framework of saliency
approaches on 360° video/image. The heuristic approaches can
be traced back to the year of 2008. In 2008, Bogdanova et al.

[47], [48] proposed predicting saliency maps on 360° image
through three stages: sphere processing, feature extraction
and saliency map generation. First, [48] developed several
data processing methods on the sphere, including filtering,
Gaussian and Gabor pyramid, up-sampling and normaliza-
tion on the sphere. These processing methods constituted
the foundation of the spherical visual attention models, and
even inspired the recent study on the spherical convolutional
network [49]. Second, [48] followed the multi-scale center-
surround mechanism [50] of 2D image to extract the attention-
related features, and adapted these features to the sphere of
360° image. That is, 7 features of 3 types were extracted: 1
intensity feature, 2 chromatic features and 4 local orientation
features. Corresponding to the extracted features, 7 spherical
conspicuity maps are obtained, and then 3 cue conspicuity
maps of intensity, chroma and orientation were calculated
from the spherical conspicuity maps. Finally, the saliency map
was generated by fusing 3 cue conspicuity maps together
after normalization. Afterwards, Bogdanova et al. proposed a
saliency prediction approach [51] for 360° video. In addition to
the static saliency map [48], they further proposed calculating
the motion saliency maps for 360° video. To be specific, [48]
first proposed block matching and motion pyramid calculation
methods on the sphere, and then yielded the spherical motion
conspicuity maps in the motion magnitude and phase. These
conspicuity maps are fused to obtain the motion saliency map
of each 360° video frame. Finally, the dynamic saliency maps
are obtained by fusing the static and motion saliency maps.
Unfortunately, there had no practical HMD being released at
that time, and thus it was impossible to collect HM and EM
data of subjects. As a result, quantitative evaluation was not
included in [47], [48], [51].

Recently, HM and EM data can be easily collected, and
thus there have emerged many saliency prediction approaches
for 360° video/image. Since saliency prediction approaches
have been highly developed for 2D image and video [52], it is
intuitive to adapt 2D saliency approaches for 360° video/image
via making some modification. However, the adaption of 2D
saliency approaches in 360° video/image may suffer from
geometric distortion and border artifacts, caused by sphere-to-
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örneklenmekte ve bu yerel görüntüler ayrı ayrı bir evrişimsel sinir ağına girdi olarak verilmektedir. İlk yaklaşımda 
hesaplanan düzlemsel görüntüde izdüşüm sırasında bozulmalar yaşandığı için evrişim katmanındaki filtreler komşuluk 
ilişkilerini tam doğru biçimde kodlayamamakta ve bu çıktının kalitesini olumsuz yönde etkileyebilmektedir. İkinci 
yaklaşım bu negatif yönü barındırmıyor olsa da örneklenen her görüm penceresi (viewport) için işlem gerektirdiği için 
yavaştır ve bu açıdan 360° videolara uygulanması pratikte pek tercih edilmemektedir. Projemizde bu iki popüler 
yaklaşıma alternatif olarak çok kısa bir zaman önce geliştirilen ve evrişim operatörünü küresel bir yapıda tanımlayan 
özelleşmiş evrişimsel sinir ağlarından (Su ve Grauman, 2017b, 2019; Cohen vd., 2018; Coors vd., 2018) faydalanılması 
planlanmaktadır. Bu modelin detayları yöntem bölümünde anlatılacaktır. 
 

 
Şekil 1. Derin evrişimsel ağları 360° görüntülere/videolara uygulamak için izlenen temel yaklaşımlar ((Maugey vd. 
2017) ile (Su ve Grauman, 2017b)'den uyarlanmıştır). 
 
360° Videolarda Belirginlik Kestirimi 
Yukarıda belirttiğimiz üzere literatürde bizim amaçladığımız gibi insanların 360° videolarda baktıkları noktaları (eye 
fixations) bulmaya çalışan belirginlik modelleri sayıca çok fazla olmasa da mevcuttur (Fan vd., 2017; Cheng vd., 2018; 
Lebreton vd., 2018; Nguyen vd., 2018; Qiao vd., 2020; Xu vd., 2018b; Zhang vd., 2018b). Bu çalışmaların büyük bir 
çoğunluğu model bakımından çok fazla yenilik içermemekte ve daha çok sıradan görüntüler için önerilmiş modelleri 
kendi amaçları doğrultusunda basit biçimlerde uyarlamaktadırlar. Ayrıca, bu çalışmaların tümünde araştırmacılar hem 
gerçekleştirdikleri analizlerinde hem de geliştirdikleri modellerde hiçbir şekilde ses bilgisinden faydalanmamaktadır. 
Halbuki daha önce değinildiği üzere, çevremizdeki ses kaynaklarının görsel dikkatimizi yönlendirdiği deneysel bazı 
çalışmalarda incelenmiştir (van der Burg vd., 2008; Coutrot vd., 2012; Song vd., 2013; Min vd., 2014). Bu noktada 
eklememiz gerekir ki görsel işitsel bilgiyi birlikte işleyen modeller son dönemde temeli farklı kiplere dayanan (grounded) 
derin öznitelikler öğrenmekte başarıyla kullanılmıştır (Arandjelovic ve Zisserman, 2017; Owens ve Efros 2018; Wan 
vd., 2019). Bunun dışında, az sayıda çalışma görsel dikkati modellemede ek olarak ses bilgisini kullanma yoluna 
gitmiştir (Evangelopoulos vd. 2013; Coutrot ve Guyader, 2014) ancak bu çalışmalar, sıradan videolara yoğunlaştıkları 
için tek kanallı veya stereo ses bilgisini kullanmışlardır. Projemizde ele alacağımız şekilde uzamsal ses bilgisini görsel 
belirginlik kestiriminde kullanan bir çalışma literatürde henüz bulunmamaktadır ve ilk olarak tarafımızca araştırılacaktır. 
 
Projemiz kapsamında inceleyeceğimiz 360° videolarda görsel işitsel belirginlik kestirimine en yakın çalışma yukarıda 
da belirttiğimiz üzere Coutrot ve Guyader (2014) tarafından gerçekleştirilmiştir. Bu çalışmada yazarlar sıradan videolar 
üzerinde çalışmış olsalar da ses bilgisinden faydalanan bir hesaplamalı dikkat modelin insanların dinamik sahnelerde 
baktıkları bölgeler ile daha uyumlu olduğunu göstermişlerdir. Ancak detaya inecek olursak, bu çalışmada sadece 
konuşan insanların bulunduğu sahneleri içeren videolar incelenmiştir. Bu nedenle, ses kipinden gelen ipuçları anlamsal 
açıdan pek farklılık göstermemekte ve bu bağlamda kullanılan anlamsal ses bilgisi insan sesi ile sınırlıdır. Ayrıca, bu 
çalışmada esas alınan ses ipuçları 360° uzamsal ses kaynağı yerine stereo ses kaynağı ile sınırlıdır zira videolar 360° 
değil yaygın 2 boyutlu (2B) görüntülerin karelerinden oluşmaktadır. Bir diğer ilgili çalışmada, Fearghail vd. (2018) SG 
filmlerinde etkileşimli hikâye anlatımı bağlamında izleyicilerin dikkatini yönlendirmeye uzamsal sesin önemli bir etkisi 
olduğunu göstermişlerdir. Özetle, ister 2B ister 360° videolarda, çoğulortam verisi üzerinde gerçekleştirilen analizlerde 
sesin konumunun önemli olabileceğini gösteren pek çok gözlem bulunmaktadır. Bu nedenle, 360° videolarda uzamsal 
işitsel ve görsel ipuçlarının çok yönlü işlenmesi insan algısının doğru biçimde modellenmesi için önemlidir. 
 
Proje konumuzu asıl olarak ilgilendiren uzamsal sesle çekilen 360° videolar (ör. VR cihazlarında oynatılan 360° 
çoğulortam içeriği) üzerine literatürde çok sınırlı sayıda veri kümesi vardır. Bunun temel nedeni, uzamsal ses 
mikrofonlarının 360° video kayıtlarında hala nadiren kullanılmasıdır (Morgado vd., 2018). Örneğin, Morgado vd. (2018) 
ve Rana vd. (2019) gerçekleştirdikleri çalışmalarda uzamsal ses bilgisini mevcut çözümlerde ambisonik teknolojisini 
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Fig. 2. Examples of several types of projection for 360° video/image.

of an individual subject [24], [27], [43], [46]. The saliency
prediction works can be roughly categorized into heuristic
approaches and data-driven approaches.

1) Heuristic approaches: The heuristic approaches uti-
lize the handcraft features for modelling attention on 360°
video/image. Figure 1 shows an general framework of saliency
approaches on 360° video/image. The heuristic approaches can
be traced back to the year of 2008. In 2008, Bogdanova et al.

[47], [48] proposed predicting saliency maps on 360° image
through three stages: sphere processing, feature extraction
and saliency map generation. First, [48] developed several
data processing methods on the sphere, including filtering,
Gaussian and Gabor pyramid, up-sampling and normaliza-
tion on the sphere. These processing methods constituted
the foundation of the spherical visual attention models, and
even inspired the recent study on the spherical convolutional
network [49]. Second, [48] followed the multi-scale center-
surround mechanism [50] of 2D image to extract the attention-
related features, and adapted these features to the sphere of
360° image. That is, 7 features of 3 types were extracted: 1
intensity feature, 2 chromatic features and 4 local orientation
features. Corresponding to the extracted features, 7 spherical
conspicuity maps are obtained, and then 3 cue conspicuity
maps of intensity, chroma and orientation were calculated
from the spherical conspicuity maps. Finally, the saliency map
was generated by fusing 3 cue conspicuity maps together
after normalization. Afterwards, Bogdanova et al. proposed a
saliency prediction approach [51] for 360° video. In addition to
the static saliency map [48], they further proposed calculating
the motion saliency maps for 360° video. To be specific, [48]
first proposed block matching and motion pyramid calculation
methods on the sphere, and then yielded the spherical motion
conspicuity maps in the motion magnitude and phase. These
conspicuity maps are fused to obtain the motion saliency map
of each 360° video frame. Finally, the dynamic saliency maps
are obtained by fusing the static and motion saliency maps.
Unfortunately, there had no practical HMD being released at
that time, and thus it was impossible to collect HM and EM
data of subjects. As a result, quantitative evaluation was not
included in [47], [48], [51].

Recently, HM and EM data can be easily collected, and
thus there have emerged many saliency prediction approaches
for 360° video/image. Since saliency prediction approaches
have been highly developed for 2D image and video [52], it is
intuitive to adapt 2D saliency approaches for 360° video/image
via making some modification. However, the adaption of 2D
saliency approaches in 360° video/image may suffer from
geometric distortion and border artifacts, caused by sphere-to-
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of an individual subject [24], [27], [43], [46]. The saliency
prediction works can be roughly categorized into heuristic
approaches and data-driven approaches.

1) Heuristic approaches: The heuristic approaches uti-
lize the handcraft features for modelling attention on 360°
video/image. Figure 1 shows an general framework of saliency
approaches on 360° video/image. The heuristic approaches can
be traced back to the year of 2008. In 2008, Bogdanova et al.

[47], [48] proposed predicting saliency maps on 360° image
through three stages: sphere processing, feature extraction
and saliency map generation. First, [48] developed several
data processing methods on the sphere, including filtering,
Gaussian and Gabor pyramid, up-sampling and normaliza-
tion on the sphere. These processing methods constituted
the foundation of the spherical visual attention models, and
even inspired the recent study on the spherical convolutional
network [49]. Second, [48] followed the multi-scale center-
surround mechanism [50] of 2D image to extract the attention-
related features, and adapted these features to the sphere of
360° image. That is, 7 features of 3 types were extracted: 1
intensity feature, 2 chromatic features and 4 local orientation
features. Corresponding to the extracted features, 7 spherical
conspicuity maps are obtained, and then 3 cue conspicuity
maps of intensity, chroma and orientation were calculated
from the spherical conspicuity maps. Finally, the saliency map
was generated by fusing 3 cue conspicuity maps together
after normalization. Afterwards, Bogdanova et al. proposed a
saliency prediction approach [51] for 360° video. In addition to
the static saliency map [48], they further proposed calculating
the motion saliency maps for 360° video. To be specific, [48]
first proposed block matching and motion pyramid calculation
methods on the sphere, and then yielded the spherical motion
conspicuity maps in the motion magnitude and phase. These
conspicuity maps are fused to obtain the motion saliency map
of each 360° video frame. Finally, the dynamic saliency maps
are obtained by fusing the static and motion saliency maps.
Unfortunately, there had no practical HMD being released at
that time, and thus it was impossible to collect HM and EM
data of subjects. As a result, quantitative evaluation was not
included in [47], [48], [51].

Recently, HM and EM data can be easily collected, and
thus there have emerged many saliency prediction approaches
for 360° video/image. Since saliency prediction approaches
have been highly developed for 2D image and video [52], it is
intuitive to adapt 2D saliency approaches for 360° video/image
via making some modification. However, the adaption of 2D
saliency approaches in 360° video/image may suffer from
geometric distortion and border artifacts, caused by sphere-to-
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TanDiT Training Pipeline

• Convert 360° panoramas into a grid of tangent-plane crops (gnomonic projection).

• Arrange overlapping crops adjacently for spatial consistency.

• Use dense captions to enrich scene context.

• Train with a latent-space denoising diffusion objective.
282



TanDiT Inference Pipeline

• Generate a grid of tangent-plane views conditioned on the text prompt.

• Upscale the views and reproject them into an intermediate equirectangular panorama.

• Add mild latent noise and refine the panorama using a pre-trained DiT model conditioned on the 
same prompt.

• Output a high-quality, high-resolution 360° image.
283
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360° Panorama Generation

GENERATION PROMPT: 
The panoramic image depicts a modern, open-plan living space that seamlessly integrates the kitchen, dining area, and living room. The kitchen features sleek white cabinetry with 
black countertops, complemented by a large island in the center of the room. Above the island, there are three pendant lights with a metallic finish, casting a warm glow over the 
space. The backsplash is made of dark tiles, providing a striking contrast to the white cabinets. Adjacent to the kitchen is the dining area, which includes a rectangular table 
surrounded by four chairs. The table is set with a few plates and cutlery, suggesting a meal might be about to take place or has just concluded. A large window with a wooden frame 
allows natural light to flood into the room, enhancing the overall brightness of the space. The living room area is furnished with a large, L-shaped sectional sofa in a dark gray color. 
The sofa is adorned with several throw pillows in shades of yellow and white, adding a pop of color to the otherwise neutral palette. In front of the sofa, there is a low coffee table 
with a glass top, upon which rests a few decorative items. The walls of the living room are painted in a light beige color, creating a warm and inviting atmosphere. The flooring 
throughout the space is composed of large, light-colored tiles that reflect the ample natural light, contributing to the room's airy feel. The ceiling is high, with recessed lighting 
installed to provide additional illumination when needed. In the background, there is a hallway leading to other parts of the house, with a door on the right side. The hallway is lined 
with a few framed pictures and a small console table against the wall. The overall design of the space is contemporary, with clean lines and a minimalist aesthetic.



285

360° Panoramic Image Generation

GENERATION PROMPT: 
Rolling hills, a red barn, grazing cows, and sunflowers swaying in the breeze. The sun sets low behind the trees, casting golden light over everything. 

STYLE: 
Papercraft Diorama
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Figure 4. Qualitative comparisons. ERP-based methods (StitchDiffusion, Diffusion360) exhibit polar distortions and seam artifacts,
while PanFusion and UniPano loses fine detail. MultiDiffusion produces only perspective wide-image panoramas. TanDiT generates
globally coherent spherical images with sharper details and robust pole/seam consistency, even on challenging out-of-domain prompts
(e.g., fireworks).

Figure 5. Style generalization with TanDiT. TanDiT adapts to diverse stylistic prompts (cinematic, papercraft, minecraft, watercolor and
ink, pixel art, low polygon) while preserving spherical fidelity and spatial coherence.

distortions near the poles and visible seams at the left–right396

boundary. TanDiT, by generating tangent-plane views and397

applying ERP-conditioned refinement, yields globally co-398

herent spherical images with consistent texture, lighting,399

and structure across the full field of view. The fireworks 400

example in Fig. 4 highlights TanDiT’s robustness in an 401

out-of-domain setting: while other models lose fine details 402

and continuity, our approach preserves structure and real- 403
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Qualitative Comparisons
• ERP-based 

methods, 
StitchDiffusion, 
Diffusion360, 
show polar 
distortions and 
seam artifacts.

• PanFusion and 
UniPano lack fine 
detail.

• TanDiT generates 
globally coherent 
spherical images 
with sharper 
details and 
pole/seam 
consistency.
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Figure 4. Qualitative comparisons. ERP-based methods (StitchDiffusion, Diffusion360) exhibit polar distortions and seam artifacts,
while PanFusion and UniPano loses fine detail. MultiDiffusion produces only perspective wide-image panoramas. TanDiT generates
globally coherent spherical images with sharper details and robust pole/seam consistency, even on challenging out-of-domain prompts
(e.g., fireworks).

Figure 5. Style generalization with TanDiT. TanDiT adapts to diverse stylistic prompts (cinematic, papercraft, minecraft, watercolor and
ink, pixel art, low polygon) while preserving spherical fidelity and spatial coherence.

distortions near the poles and visible seams at the left–right396

boundary. TanDiT, by generating tangent-plane views and397

applying ERP-conditioned refinement, yields globally co-398

herent spherical images with consistent texture, lighting,399

and structure across the full field of view. The fireworks 400

example in Fig. 4 highlights TanDiT’s robustness in an 401

out-of-domain setting: while other models lose fine details 402

and continuity, our approach preserves structure and real- 403

7

Qualitative Comparisons
• ERP-based 

methods,  
StitchDiffusion, 
Diffusion360, 
show polar 
distortions and 
seam artifacts.

• PanFusion and 
UniPano lack fine 
detail.

• TanDiT generates 
globally coherent 
spherical images 
with sharper 
details and pole 
consistency.

We ran a user study with 30 participants viewing 33 
rotating 360° image pairs, and TanDiT was chosen 
as the more realistic option in most comparisons.



Next Lecture: 
Visual Quality Assessment
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