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OUTLINE

- Repetition
- Generative Adversarial Networks
- Other adversarial methods
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AUTOENCODERS

- An autoencoder f consist of an encoder g and an decoder h
- The encoder maps the input = to some representation z Input

g(x) =2

- We often call this representation z for the code or the latent vector
- The decoder maps this representation z to some output &

9(z) =2

- We want to train the encoder and decoder such that
Decoder

f(@) = higa) = i ~
Output

- Commonly used for compression, feature extraction and
de-noising
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DE-NOISING AUTOENCODER — MNIST EXAMPLE
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VARIATIONAL AUTOENCODERS

- Avariational autoencoder is designed to have a

continuous latent space w

- This makes them ideal for random sampling and
interpolation

- It achieve this by forcing the encoder g to generate
Gaussian representations, z ~ N (i, 0?)

. . iz
- More precisely, for one input, the encoder generates a
mean p and a variance o? \

- We sample then sample a zero-mean, unit-variance
Gaussian z ~ N(0,1)

- Construct the input z to the decoder from this Decoder

2= p+ 20>
Output

N
P

- With this, z is sampled from ¢ = N (i, 0?)



INTUITION

- This is a stochastic sampling

- That is, we can sample different z from the same set of
(n,0?)
- The intuition is that the decoder “learns” that for a given
input z:
- the point z is important for reconstruction
- but also a neighbourhood of z

- In this way, we have smoothed the latent space, at least
locally A

- In the previous lecture, we learnt ways to achieve this



VAE EXAMPLE: RECONSTRUCTION




VAE EXAMPLE: GENERATION OF NEW SIGNALS

- Sample a random latent vector z from N(0, 1)
- Decode z




VAE EXAMPLE: INTERPOLATION BETWEEN SAMPLES

- We generate a signal c that is an interpolation between two signals a and b
- We can do this by a linear interpolation between the means
ey, = (1 - wk):u'a + Wy

where the different interpolation weights can be

k
n+1’

wg = k=1,....n



VAE EXAMPLE: INTERPOLATION BETWEEN SAMPLES
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GENERATIVE MODELLING



INTRODUCTION

- We have training samples from an unknown distribution pgata

- We want a model that can draw samples from some distribution pyedel
* Pmodel Should be an estimate of pgata

- A model that can sample from this pmede IS termed a generative model

- For brevity, we will refer to the distributions as pg = paata, aNd Py = Pmodel-



OVERVIEW OF GENERATIVE MODELS

- Some models explicitly estimates p,,

- Some models implicitly estimates p,, by only drawing samples from it
- Some models is able to do both

- VAE explicitly approximates p,,

- GAN only samples from p,,’

TThere are GAN variants that are able to do both



DIFFERENT APPROACHES TO GENERATE SAMPLES FROM A DISTRIBUTION

- In the maximum likelihood case, we often have an explicit distribution py(x), and for
some fixed, observed data {x;}.",, we find the parameters #* that maximizes the
likelihood .

0" = ; 1
argm@axilj[lpg(xz) (1)

- In the implicit case, we have a data distribution py and some generator distribution
Dy

- The random variable Z ~ p, are transformed via some function to X ~ p,,

- This parametric function f(x;6) can be a neural network, and the parameters 6 are
adjusted such that the model distribution is close to the data distribution p,,, = pa.



MOTIVATION: WHY STUDY GENERATIVE MODELLING

- Analyse our ability to represent and manipulate high-dimensional distributions (e.g.
images)

- Can be used as a tool in reinforcement learning
- Can be used in semi-supervised learning where labelled data is scarce

- Sampling of realistic examples from some high-dimensional distribution can have
many applications



APPLICATION — PREDICTING THE NEXT FRAME

- A model is trained to predict the next frame in a video sequence

- There exists many possible modes (high probability events)

- A standard mean-square error model tends to predict some average of the possible
futures

- A GAN model is able to select one of the possible futures, which results in a more
sharp prediction

Ground Truth MSE Adversarial

Figure 4: Source: [Goodfellow, 2016)



APPLICATION — IMAGE SUPER RESOLUTION

- Generating high-resolution images from low-resolution inputs
- GANSs tend to produce perceptually pleasing and sharp results

bicubic SRResNet SRGAN

(21.59dB/0.6423) (23.44dB/0.7777)

-

e

Figure 5: Source: [Goodfellow, 2016]



APPLICATION — IMAGE INPAINTING

Figure 6: Source: [Demir and Unal, 2018]



APPLICATION — CREATE ART

Figure 7: Source: [Elgammal et al,, 2017]
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APPLICATION — IMAGE TO IMAGE TRAN

Ground truth Output
Labels to Street Scene

Figure 8: Source: [Goodfellow, 2016]

21



GENERATIVE ADVERSARIAL NETWORKS



OUTLINE

- General introduction
- Cost functions

- Challenges

- Tips and tricks

Figure 9: Source: https://deephunt.in/the-gan-z00-79597dc8c347
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https://deephunt.in/the-gan-zoo-79597dc8c347

GENERAL INTRODUCTION

- Introduced by lan Goodfellow et al. in 2014 [Goodfellow et al., 2014]

- General idea from game theory

- Analogy
- Counterfeiter creating fake money
- Police trying to distinguish fake money from real money
- The better the counterfeiter gets, the better the police gets
- The better the police gets, the better the counterfeiter gets

- Yann LeCun dubbed adversarial training the most interesting idea in ML the last 10
years

24



COMPONENTS

- A generator function that tries to create real-looking examples
- A discriminator function that tries to distinguish real from fake examples

- Functions are updated in a feedback loop, making each better at its task

| [P

Real images

Dlscrlmlnator

_ ! —> Real or fake?

Generator

> |58
Random noise

25



COMPONENTS

- The discriminator is a function
D:xw D(xz;0p)

mapping input x to D(x;6p) with parameters 6p
- The generator is a function

G:z— G(z;0¢)

mapping input z to G(z; ) with parameters 6
- The discriminator has an associated loss Jp(0p,0¢), depending on both 6p and ¢,
but can only control 6p
- The generator has an associated loss Jg(0p, 0¢), depending on both 8p and 6, but
can only control 65
- The optimal solution (0%,,0%) is a Nash equilibrium where
- 05 is a local minimum of Jp w.rt. 6p
- 0¢ is a local minimum of Jg w.rt. ¢

26



THE GENERATOR

- The generator is a differentiable function

- The input z is a random vector sampled from some simple prior distribution p,

- The output = = G(z) is then sampled from p,,

- The most common form of G is some kind of generative neural network

- If we have GAN trained on data from p4, we can use the generator to sample from p,,
© Pm = Pd

- With this, samples from the generator will look like the training data

Random noise




THE DISCRIMINATOR

- The discriminator is a standard classification network

- Trained to differentiate between real and fake (generated) images
- Outputs a single number in [0, 1]

- D(z) =0 — D believes z is fake
- D(z) =1 — D believes z is real

Discriminator

. ! —> Real or fake?

Lo
-

28



THE TRAINING PROCESS

- At each update step, one mini-batch z of real images, and one mini-batch z of latent
vectors are drawn

- zis fed through G, producing G(z)

- D(x) is compared with D(G(z))

- f¢ is updated using gradients from Jg

- fp is updated using gradients from .Jp

- The discriminator and generator are updated in tandem using some regular
optimization routine (SGD, Adam, etc.)

- Some flexibility with regards to updating one more often than the other

sl

N

Figure 10: Source: [Goodfellow et al., 2014]
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THE TRAINING PROCESS

h

N

Figure 11: Source: [Goodfellow et al, 2014]

- Black arrows illustrate the mapping z — G(z)

- Black probability density is the data distribution py

- Blue probability density is the discriminator distribution

- Green probability density is the generative distribution p,,

- The generative distribution distinguishes between real and generated data

- From (a) to (d): The generative distribution (green) is guided towards high probable
areas of the discriminative distribution (blue)

- The process terminates when the discriminative distribution becomes constant (is
no longer able to distinguish real from fake) "



THE DISCRIMINATOR COST FUNCTION

- The generator, G, and discriminator, D, are two distinct networks with distinct cost
functions

- The cost functions are optimized separately
- The discriminator cost function is given by

Jp(0p,0c) = —Eyp,llog D(x;0p)] — E.p, [log(l — D(G(2;0c);0p))]
= —Eazpyllog D(2;6p)] — Exnp,, [log(1 — D(z;0p))]

- With discrete samples, over one mini-batch {z;} and {z;}, this becomes

m

Tp(00,06) =~ " [log(D(:0p)) + log(1 — D(G{z:06):0p))]
i=1

- Binary classification with sigmoid cross entropy where
- Real images are given label 0
- Generated (fake) images are given label 1

3



THE GENERATOR COST FUNCTION

- Could in principle use the negative discriminator cost

Ja(0p,bc) =—Jp(0p,0c)

- The generator is not dependent on pg, S0 the loss becomes
«(0p,0c) = Zlog (1 — D(G(zi;66);0p))

- The generator is trained to minimize the probability that the discriminator classifies
its generated examples as fake

- Could then summarize the entire training process as a zero-sum game
(0p,0¢) = argminmax V(6p, 0¢)
0c  0p
with the value function V(D,G) = —Jp(0p, 0c)

- Rephrasing of the discriminator cost: Find a discriminator that maximizes the
probability of assigning the correct label to real and fake examples

32



THEORETICAL INSIGHTS

- This is generator objective formulation has some problems that we will come back to
later

- Itis a view that has convenient theoretical properties

- Before we return to a more useful generator loss, we are going to analyse this result
- Qutline:

- KL-divergence vs. JS-divergence
- A closer look at the discriminator cost function
- Consequences

33



COMPARISON OF DISTRIBUTIONS — KL DIVERGENCE

- We are comparing the distributions px and ¢x over some
discrete random variable X

- The Kullbach-Leibler (KL) divergence is given by

X
Dk r(px|lax) pr px(2)
qx (z)
- This is an asymmetric distance metric, meaning that, in

general

px # qx — Drr(px|lax) # Drr(ax||px)

P=N(0.0,1.0)
4=AT1.0,1.5)

(a) Two unequal distributions as a function of «
. .

— Dru(plla)(x)
— Dlalp)(x)

(b) KL-divergence kernel as a function of o 34



COMPARISON OF DISTRIBUTIONS — JS DIVERGENCE

- Let px and gx be as above, and let their mixture be

1
gx = g(PX +qx)

. The Jensen_Shannon (JS) divergence iS then giVen by (a) Two unequal distributions as a function of «

— Dible)
— Dislalln)(x)

1 1
Djs(px|lgx) = §DKL(pX||gX) + §DKL(CIX||9X)

- This is a symmetrized and smoothed version of the KL
divergence

(b) JS-divergence kernel as a function of 35



COMPARISON OF DISTRIBUTIONS

- In these figure, the KL-divergences and JS-divergences are computed for a range of
distribution comparisons
- The reference distribution is p = A/(0.0,1.0)
- The comparison distributions is ¢ = A (u, o?) with, simultaneously
- wranging from —1.0 to 1.0
- o2 ranging from 0.5 to 1.5

— M-100.5) — Dalple) — Distrle)
o — AM0.0,1.0) — Dralally) — Disalln)
— MLO,15)

1o 05 00 o5 10

(a) Range of normal distributions (b) KL-divergence of range (c) Js-divergence of range
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OPTIMAL DISCRIMINATOR LOSS

- What value of D(z) is maximizing the value function?

V(D,G) = —Jp(0p,0c)

_ /pd(x) log(D(x,00)) + pm(z) log(1 — D(x, ) dz

- /m 7(D,G)(z) dw

where V(D, G)(z) is the integrand.
- From variational calculus, we have that (the functional derivative is)
dV(D,G) dV(D,G)
dD(z) dD(x)

_ [pd(x)mlm,jzx) _pm(x)lnll()l—lD(I)}
1 [pd(x) pm(2) }

T Ini0 |D(z) 1-D(z)




OPTIMAL DISCRIMINATOR LOSS

- Equating the derivative with zero yields the optimal discriminator value

0= dV(D,G)
- dD(x)
_ L [pa(z)  pm()
In10 | D*(x) 11— D*(x)

pd(x) + pm ()

- Moreover, when the generator is working optimally p,, = pq, and therefore

D*(z) = %

38



OPTIMAL DISCRIMINATOR LOSS

- Inserting the optimal generator G*(z), and discriminator D*(z) = 3, back into the
value function, we get

1 1
V(D*,G*) = /pd(x) log§ + pm () logidx

= log% Ux pa(z) + pm(z) dz

21 L
= 0og —
&9

= —2log?2

- To be clear: this is the value of the discriminator loss when using the discriminator
that minimizes the loss, and the generator that samples from the (approximate) data
distribution

39



OPTIMAL DISCRIMINATOR LOSS AND RELATION TO JENSEN SHANNON DIVERGENCE

- If we analyze the JS divergence

Dys(px|lax) = % clpx|l5 (PX +ax)) + %DKL(QXH%(PX +4x))
- % ( z) log(2 idpm)dx + /w P () log(2pdﬁ_mpm)dx>
:% (og2—|— () log +pm dz+log2+/zpm(x)logpdﬁ_mpm dx)
= % (2 log 2 + (x)log D*(x) dz + /mpm(x) log(1 — D*(x))dx)
_ % (2log2 + V(D*,G))

40



OPTIMAL DISCRIMINATOR LOSS AND RELATION TO JENSEN SHANNON DIVERGENCE

- From the result on the previous slide, we get an expression for the discriminator loss
with an optimal discriminator

V(D*,G) = 2D js(pallpm) — 2log2

- From this we see that minimizing the value function given an optimal discriminator
is equivalent to optimizing the JS-divergence
- Also note that the optimal generator gives pg = p,,, and therefore V(D*, G*)

4



THE GENERATOR COST FUNCTION

- In the discriminator, we are minimizing the cross-entropy between the target
distribution and the generated distribution

- It has strong gradients when the classifier is wrong
- The gradients saturates when the classifier is right, but this is not as important

- For the generator objective, we have found a candidate with convenient theoretical
interpretations

- Unfit in practice: When the discriminator successfully rejects generated examples
with high confidence, the gradients of the generator loss vanishes

- We must find a generator loss that does not saturate at unwanted places

42



THE GENERATOR COST FUNCTION

- For the generator cost, we propose the following
Ja(0p,0c) = —E.p, log D(G(2;0c);0p)

_ _i Zlog D(G(Zi;HG);eD)
m =1

- With this, the generator maximizes the log-probability of the discriminator being
mistaken (assigning label 1 to the generated examples)

- Contrast this with the previous minimax game where we the generator minimizes the

log-probability of the discriminator being correct (assigning label 0 to the generated
examples)

- Both the generator and the discriminator now have strong gradients when they are
“losing the game”

43



THE GENERATOR COST FUNCTION

5 \ T T I
0
—~ _5 B
)
=4
“1OH —  Minimax
_15 | — Non-saturating heuristic |
— Maximum likelihood cost
_20 | | 1 1
0.0 0.2 0.4 0.6 0.8 1.0

D(G(2))

Figure 15: Graph of the gradient cost w.rt. discriminator classification. Source: [Goodfellow, 2016]
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COST FUNCTIONS OVERVIEW

- Minimizing the discriminative cost

m

Jp(0p,0c) = f% > " llog(D(xi;0p)) + log(1 — D(G(2:; 0c:)

=1

“pushes” D(x) to 1 (real class) and D(G(z)) to 0 (fake
class)

- Minimizing the generative cost
1 m
=——) log(D(G(z;
Ja(9p,0c) m 2 0g(D(G(zi;0c)0p))

“pushes” D(G(z)) to 1 (real class)

Figure 16: Graph of f(z) = — log

45



GAN ADVANTAGES

- Tend to produce sharper examples than other generative models
- The reason was thought to be the relationship to the JS-divergence
- This view is not supported now

- It is not entirely clear why GANs tend to produce sharper images

46



GAN CHALLENGES

- Convergence
- Performance evaluation

- Discrete output

47



NON-CONVERGENCE OF GAN

- Achieving convergence is in general difficult

- The solutions tends to oscillate

- This is connected to that one try to achieve an equilibrium in stead of a plain
optimization

- The major problem is connected to what is called mode collapse

48



MODE-COLLAPSE

- A peak in the probability density is called a mode

- Real-world data tends to be multi-model

- This means that similar examples are clustered in separate locations

- The data probability distribution will have peaks (modes) at these locations

- Mode-collapse is the phenomenon where the generator tends to generate very
similar examples

- These similar examples originates from roughly the same location in the model
distribution

- This location has high probability in the data distribution.

49



MODE-COLLAPSE — EXAMPLE

- Suppose we have a dataset with two modes, around A and B

- You want the GAN to generate examples estimating the training data, from both A
and B

- Mode collapse can be described as follows

1.
2.

The generator produces examples close to A which “fools” the discriminator

The discriminator classifies « from B as real with high probability, z from A are classified
50/50 as real or fake

The generator is then driven to produce examples from B

The discriminator counters, and classifies examples x from A as real and examples from
B real or fake with 50% probability

This cycle then repeats from 1.

PJA A
' A B e

50



MODE-COLLAPSE — EXAMPLE

- Some rationale can be that when the generator should be the solution to
minmax V (D, G)
9(; 0D

there seems to be difficult to guarantee that it is not the solution to
maxmin V (D, G)
0p g

which would explain the mode collapse
- Partial mode collapse is more common than complete mode collapse
- Generated images then tend to have the same colors, or some of the same features
- See the figure below for another example

Target

Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k

Figure 18: Mode collapse on data of a mixture of gaussians. Source: [Metz et al, 2016]
51



PERFORMANCE EVALUATION

- Results from generative models can be hard to quantify and evaluate
- Often, in terms of images, perceptual similarity is important

- Other generative models may have an explicit objective function

- GANSs lack this, which makes it even harder

- [Salimans et al,, 2016] discusses this:

- Human evaluation using Amazon Mechanical Turk
- Subjective
- Work intensive
- Overly pessimistic when thought
- Automatic evaluation using a classifier to produce conditional distributions p(y|x)
- Examples with a clear class should have p(y|z) with low entropy
- A generative model should produce varied results: [ p(y|z = g(z)) dz should have high
entropy

52



GAN TRICKS AND ADVICE

- We will present some useful tricks for GAN
- Some are related to preventing the mode collapse problem
- See [Salimans et al,, 2016] and [Goodfellow, 2016] for a more thorough discussion
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MINIBATCH DISCRIMINATION

- The discriminator in a standard GAN compares single examples

- The idea is to aid this comparison with information from the whole mini-batch of
real and generated examples

- The rationale is that the discriminator can detect if one example is unusually similar
to other generated examples

- This technique is shown to work quite well

54



FEATURE MATCHING

- This is related to the minibatch discrimination
- Also attempts addressing the mode-collapse problem by increasing diversity

- Extends (or replaces) the discriminator loss with a comparison of intermediate
features from both the real and generated data

- In stead of explicitly discriminating on the output, we also discriminate on hidden
layers

55



TRAIN WITH LABELS

- If you have a labeled training set, use the labels

- If you have K classes, add the fake data as class K + 1

- The discriminator now tries to classify examples as one of K + 1 classes
- This improves the perceptual quality of generated examples

- This technique can be used in semi-supervised learning

56



ONE-SIDED LABEL SMOOTHING

- Neural network classifiers tend to classify with too high confidence

- We can encourage the discriminator to produce more soft predictions
- Set the true label for the real samples to be 0.9 in stead of 1

- This penalizes models producing too large logits on real samples

- Important to not smooth the generated sample label



BATCH NORM

- Batch normalization in GAN is, in general, very useful
- Batch normalization is not ideal for small batch sizes as the mean and variance

varies too much between batches
- This is problematic for GANs as these fluctuations can dominate over the latent

variable z in the generator (see figure below)
- Reference batch norm and virtual batch norm can aid this [Goodfellow, 2016]

Figure 19: GAN on ImageNet. Source: [Goodfellow, 2016]
58



DECENT LOOKING EXAMPLES

Figure 20: GAN on ImageNet. Source: [Goodfellow, 2016] 50



PROBLEMS WITH COUNTING

Figure 21: GAN on ImageNet. Source: [Goodfellow, 2016] 60



PROBLEMS WITH 3D (ONE OF THESE ARE REAL)

Figure 22: GAN on ImageNet. Source: [Goodfellow, 2016]
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PROBLEMS WITH ANATOMY AND STRUCTURE

Figure 23: GAN on ImageNet. Source: [Goodfellow, 2016] 62



NOTABLE GAN VARIANTS




DCGAN

- GANs have gained a lot of interest

- For an impression of the amount of models, take a look at this post:
https://deephunt.in/the-gan-z00-79597dc8c347
- We are only going to look briefly at two architectures:

- DCGAN
- WGAN

- Both have been selected because of their generality and popularity

64


https://deephunt.in/the-gan-zoo-79597dc8c347

DCGAN

- Unsupervised Representation Learning with Deep Convolutional Generative
Adversarial Networks [Radford et al., 2016]

- Wants to learn good intermediate image representations from unlabeled data
- VAEs and standard GANs produces generates blurry images

- GANs are difficult to train and can generate non-sensical results

- DCGAN enables the coupling of CNNs with GANs

65



DCGAN — INTRODUCED CHANGES

- Uses techniques from the (then) resent lessons learned

- Replaces deterministic spatial pooling operations (such as maxpool) with learned
spatial up- and down-sampling
- strided convolutions for the discriminator
- fractionally strided convolutions (transposed convolutions) for the generator

- Elimination of dense layers on top of the convolutional layers at the end of the
networks

- Use batch-normalization between layers in both the generator and discriminator
- Use RelLU activation in the generator (except in the output layer, which uses tanh)

- Use leaky RelU activation in the discriminator

66



DCGAN — ARCHITECTURE

Fw

100z =)

Project and reshape

CONV 3 64

Figure 24: DCGAN generator architecture. Source: [Radford et al., 2016]
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DCGAN — TRAINING DETAILS

- Image values are scaled to [—1, 1]

- Adam optimizer with momentum 0.5
- Learning rate of 2 x 1074

- Mini-batch size of 128

- Initialize weights from a zero-mean normal distribution with standard deviation 0.02

68



DCGAN — RESULTS
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Figure 25: Bedroom interpolation
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DCGAN — RESULTS
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WGAN — WASSERSTEIN GENERATIVE ADVERSARIAL NETWORK

- Introduced in 2017, [Arjovsky et al., 2017]
- Claims to solve, or reduce many of the problems with training GANs
- Is based on the Wasserstein distribution similarity metric

- Has become quite popular with > 500 citations and > 1700 github stars in little over
a year

- Itis quite technical, so we will only look at the wasserstein distance

7



WASSERSTEIN DISTANCE

- Also known as Earth Mover Distance

- Intuitively easy to grasp

- Quite complicated to derive, compute, and fully understand

- We will only concern ourself with the intuition

- For more details, | refer to https://vincentherrmann.github.io/blog/wasserstein/,

- The figures for this section are from the above resource


https://vincentherrmann.github.io/blog/wasserstein/

WASSERSTEIN DISTANCE

- It measures the smallest amount of “work” that needs to be done in order to
transform one distribution to the other.

- Let our distributions be P, and P,

P, By



WASSERSTEIN DISTANCE

- Let v(x, y) be the difference between
P.(x) and Py(y)

- The Wasserstein distance is then

W (P, Pp) = inf > [z = yll7(,y)

- Here T contains all “valid” v (details are
not important here)

- inf means infimum and can be thought
of as the greatest lower bound

L:&i..ﬁ_jlz..




WGAN — MOTIVATING EXAMPLE

0.0 02 04 06

Figure 28: Two point distributions

100 07
06
o8
°, os
06 -
3 Foa
Z 03
02
02
o1
00, 00,
~10

Figure 29: Wasserstein distance (left) and JS-divergence (right) when the above two distributions come closer, overlap, and then move away from each other again. Source:
[Arjovsky et al, 2017]



ADVERSARIAL DOMAIN ADAPTATION




INTRODUCTION

- Generalization of results on training to the real world is crucial for a useful method
- This can be hard enough when training and test comes from the same distribution

- Even worse when the train and test data comes from different distributions, known
as domain shift or dataset bias

- Domain adaptation methods addresses this problem
- Adversarial domain adaptation methods uses principles from GANs

- In essence, they try to train models that are invariant to the dataset domain by
trying to fool a discriminator that tries to classify domains
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CASE STUDY: ADVERSARIAL DISCRIMINATIVE DOMAIN ADAPTION

- There are several approaches to this problem
- Notable works are e.g.

- Gradient reversal [Ganin et al., 2016]
- Domain confusion [Tzeng et al., 2015]
- CoGAN [Liu and Tuzel, 2016]

- The adversarial discriminative domain adaption (ADDA) is illustrated because of its
simplicity and performance

78



ADDA: OVERVIEW

- We have labeled data (x5, ys) for the source domain

- The target domain data, ¥, is unlabeled

- We are going to learn a source mapping M : x5 — ¥,

- We are also going to learn a target mapping M; : z; — y;

- The target mapping should be invariant to the domain difference between the
source and the target

- We are going to use a discriminator with an associated loss to learn this domain
invariance

79



ADDA: EXAMPLE MAPPINGS

- For the source mapping M,, we can use a standard classification network with
cross-entropy loss

- The target mapping M; is equal to M, except for the classifier part, but with
separate and independent parameters

- The parameters of M, are initialized with the parameters of a trained M,

- M, is fixed when M, is trained

source images
+ labels

class
label

Classifier
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ADDA: DISCRIMINATOR

- The discriminator D should classify outputs of these networks as either originating
from the source or the target domain

- This is a similar situation as with regular GANs, and the loss is
Jp (M, M) = —E; [log D(M;(z5))] — Eq [log(1 — D(My(z4)))]

- The discriminator wants to maximize the probability that it predicts the correct
domain

- The target mapping should produce examples that maximizes the probability of
being classified as coming from the source

- We therefore chose the generator loss from GANs
JM(Msa Mt) = _Et [lOgD(Mt(.Tt))]

- E4 is the expectation over examples in d € {source, target}
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ADDA: DISCRIMINATOR

source images

~

1 S~s
| Source |
i CNN ! o
L-oT *é domain
target images E label
2
Target a
CNN
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ADDA: TESTING

- We now have a classifier that can classify examples from features
- We also have a base mapping M; that should generate domain-invariant features

- We reuse those parts in the testing

target image ~._ ;'"':
| “‘N I 1
' Target ' | £ 1 class
1 —
7 pCa s B
'O :
I
s 1
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