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Question

How to use the online anime image to make the computer generate
Indistinguishable anime avatar?

http://qgiita.com/mattya/items/e5bfe5e04b9d2f0bbd47



http://qiita.com/mattya/items/e5bfe5e04b9d2f0bbd47

Solution

Naturally, we think of using machine learning to let the machine learn to draw.

The general methods of machine learning can't achieve results, so some people
have designed a new network architecture for this.

In 2014,lan J. Goodfellow et al. proposed a new framework for estimating
generative models via an adversarial process, whiGénigative Adversarial

NetworksT GANE .
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https://www.saluzi.com/t/google- ai/2702C

http://mattya.github.io/chainer- DCGAN/



https://www.saluzi.com/t/google-ai/27020

Symbolization
GAN

GeneratolG DiscriminatorD

fake currency
Real or fake

%»f’,&

‘ .
) mix
Banknote raw materials

team of counterfeiters currency

real currency

A D learns to determine whether a currency is from the fake currency or the real currency.

A G try to produce fake currency and use it without detection.
A Competition in this game drives both teams to improve their methods until the counterfeits are indistiguishable from

genuine articles.



In other words, D and G play the following typtayer minimax game with value functidh
(G,D):
H}_iﬂ Hlfl?;"':{ IF{D‘ {‘:j — EI“—'PdHtH[I] [ng D{,I“J'I] + EI”P;:’-’: []'thﬁ[]' o D{!{—:[z)j}

P, andP,, represent the distribution of the sampl¥g)and real data, respectively.
So this minimax game has a global optimumHpr P, .

For G fixed, the optimal discriminatdD is

_ pc!f:rf:{:r'} 'Q’@ (d)) T[Fﬁ ((b) T[FDZ W T8fake
B P.:mmfir} + Pglfdf} EQ,@ ((b) T[Ffj ((J‘O) T[FDZ W p8l'ea|

Dg(x)



collapse mode

In 2016,lan J. Goodfellow et al. find thatone of the main failure modes for
GAN is for the generator to collapse to a parameter setting where it always emits th
same point. ----“Improved Techniques for Training GANs”

When collapse to a single mode is imminent, the gradient of the discriminator
may point in similar directions for many similar points.

Because the discriminator processes each example independently, there is no
coordination between its gradients, and thus no mechanism to tell the outputs of the
generator to become more dissimilar to each other.

Instead, all outputs race toward a single point that the discriminator currently
believes is highly realistic.



In 2016,Martin Arjovsky et al. pushed a set of formula theorem$Towards
Principled Methods for Training Generative Adversarial Networks" to theoretically
analyze the problem of the original GAN.

Review

In the original GAN, the discriminator should minimize the following loss function, and divide
the real sample into positive examples, and generate samples into negative examples.

E..p[logD(x)] — E,.p [log(l — D(x))] (1)
For generator, the Ioss function is

B, p [log(l — D(x))] (2)

or E.._p,[~log D(x)] (3)



Problem 1: The training Is unstable.

In one words: Why do updates get worse as the discriminator gets better?

First, we can get from Equation 1 what the optimal discriminator D should be when the
generator was fixed. For a specific sample, it may come from the real distribution or from the
generated distribution, and its contribution to the loss function of Equation 1 is

—F(x)log D{x) — F,lx) lu,f_*_;[l - H[.r}]

Let derivatives foD(x) be 0, we get
P (x) Fylx)

"Dl T 1= Do)

Simplified, the optimal discriminator D is

. P.x)
D r) = —
. Folx)+ Fylxr) (4)




When the discriminator is optimal, what does the generator's loss
function become?

Add a term that does not depend on the generator to Equation 2, making it

E,.p [lu,f_*_; D[.I'}] —+ E!.ﬁ_;al_[lus_*_;[l — U[.r}}]
Obtained by formula 4,

3 "ll ' '.II
E!.ﬁ_,rz: 1[1{.‘; - - ]r1 llh Ty —+ E!._”r:;_ ll},’_’; - - jr;u “J o gllﬂ.‘,_ﬂ (5)
"7 5|Plx) + Fylx)] " [ Prlx) + Fylx)]

In addition, we introduced Kullbaekeibler (KL) divergence and Jens&mannon (JS)

divergence, .
KLP||P) =E;on 1“2];_:-

Pi+P, 1 Pi+P,

T E) R 1 - f 2 b - i Fl
J““!|1r||1r_1}=jhﬂ|1r|| _J J'+EJF‘;L|JF_J|| 2

Formula 5 be,

2J5(F.||F,;) — 2log 2



When the discriminator is optimal, we can equalize the loss function of
the generator to minimize the JS divergence between Pr and Pg.

What is the JS divergence? There are only four cases for X,

Plr)=0B Blx) =0 > JS=0
Plr) 0B Blx) £0

Pix) =0B Pyx) #0 > JS=log2
Pilx) #0BE Pylx) =0 > JS=log2

The pointxis located in the portion wheRe andP, overlap.

In fact, The only way this can happen is if the distributions are not continuous, or they have
disjoint supports. Because their supports lie on low dimensional manifolds.



Lemma 1. Let g : Z2 — X be a function composed by affine transformations and pointwise nonlin-
earities, which can either be rectifiers, leaky rectifiers, or smooth strictly increasing functions (such
as the sigmoid, tanh, sofiplus, etc). Then, g(Z) is contained in a countable union of manifolds of
dimension at most dim Z. Therefore, if the dimension of Z is less than the one of X, g(Z) will be a
set of measure 0in X.

When the support &, andP, is a lowdimensional manifold in a higtimensional space, the
probability that the measure of the overlap paFtr(ztndPg IsOis 1.

In mathematics, enanifoldis a topological space that locally resembles Euclidean space near
each point. More precisely, each point of atimensional manifold has a neighbourhood that is
homeomorphic to the Euclidean space of dimension n. In this more precise terminology, a manifold i
referred to as an-manifold.

Onedimensional manifolds includeesandcircles Two-dimensional manifolds are also called
surfaces. Examples include thieing thesphergand theorus which can all be embedded (formed
without seltintersections) in three dimensional real space.

In mathematical analysis,;acasure@n a set is a systematic way to assign a number to each
suitable subset of that set, intuitively interpreted as its size. In this sense, a measure is a
generalization of the conceptsiefgih areg andvolume



In the case of GANS is defined via sampling from a simple prigr (q) (for example, 10@limensional),
and then applying a functicfo© .., so the support d?, has to be contained g(Z). If the dimensionality of
Zis less than the dimension offor example, a picturg:t ¢ 14096d i mensi onal ), thRen it
to be continuous. This is because in most cg&@will be contained in a union of low dimensional manifolds,
and therefore have measure 0.in

Randomly select two curves in tvddmensional space, they are likely to have cross points, but its length is
0. The threadimensional space is similar, take two surfaces randomly, they are more likely to exist cross lines,
but the area is 0.

When the discriminator is optimal, we can equalize the loss function of the generator to minimize the JS
divergence betwee, andP,. However, their JS divergence is constagp, which eventually causes the
generator's gradient to be approximatefnd the gradient to disappear.



@
Gradient of the generator with the original cost

— After 1 epoch
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First, we trained a DCGAN for 1, 10 and 25 epochs. Then, with the generator fixed we train a
discriminator from scratch and measure the gradients with the original cost function. We see the
gradient norms decay quickly, in the best case 5 orders of magnitude after 4000 discriminator iterations.
Note the logarithmic scale.



Problem 2: collapse mode.

We have
E.p log D (x)] + E,p, [log(l — D*(x))] = 2J5(F,||F,) — 2log 2

We transform the KL divergence into a form containing D:

KL(F,||F)=E,.p,[log

= E,.p, log[l — D*(x)] — Esp, log D" ()

Therefore,

L0SG;= | E,.p,[~log D*(z)]|= KL(P,)||F.) — E,.p, log[l — D" (x)]
E P ||ﬂ.r + I::I ]_[].r:. I::I E _||'1- []_[].l’:l [.I':']



A Case1lf0 (@ 0 (&), thenxis a point with higher probability of coming from the data than being a
generated sample. This iIs the core of the phenome
are large regions with high valuestof but small or zero values in. It is important to note that when
0 (@ Tbutd (@) © T, the integrand inside the KL grows quickly to infinity, meaning that this cost
function assigns an extremely high cost to a gen:c

A Case2If 0 (0 0 (¢, then x has low probability of being a data point, but high probability of being
generated by our model. This iIs the case when we
In this case, whet (&) © mtand0 (&) 1T, we see that the value inside the KL goe, tmeaning that this
cost function will pay extremely low cost for generating fake looking samples.

Clearly, if we would minimize) {0 @ ) instead, the weighting of these errors would be reversed,
meaning that this cost function would pay a high cost for generating not plausibly looking pictures.



Wasserstein distance

The EarthMover (EM) distance or Wasserstelin

W(E, Py) = _ inf Ez gy | 12 —yll ] (6)
vEIl(Fr,Fg) 77
whereb (» hr ) denotes the set of all joint distributign&@d) whose marginals are
respectively> and~ . Intuitively, [ (6ft)i ndi cates how much fimasso r
to y in order to transform the distributions into the distributiom . The EM distance then is the
Acosto of the optimal transport pl an.



Compared JS, the advantage of the EM distance.

The fact that the EM distance is continuous and differentiable a.e. means that we can (and shoul
train the critic till optimality. The argument is simple, the more we train the critic, the more reliable
gradient of the Wasserstein we get, which is actually useful by the fact that Wasserstein is
differentiable almost everywhere.

For the JS, as the discriminator gets better the gradients get more reliable but the true gradient ic
0 since the JS is locally saturated and we get vanishing gradients.



Wasserstein GAN (WGAN)

In 2017 ,Martin Arjovsky et al. provided a comprehensive theoretical analysis of how the
Earth Mover (EM) distance behaves in comparison to popular probability distances and divergences
used in the context of learning distributions. And they also defined a form of GAN called
WassersteHGAN that minimizes a reasonable and efficient approximation of the EM distance.

Author pointed to the fact thd@t(~ h~ ) might have nicer properties when optimized than

*~ I~ ). However, the infimum in formula 6 is highly intractable. On the other hand, the
KantorovichRubinstein duality tells us that

W(P,.Ps) = sup E,p.[f(x)] — Eyor, /(@)
| flle <1

where the supremum is over all th&ipschitz functions'@,.° 1.



Lipschitz continuity

In mathematical analysisjpschitz continuityis a strong form of uniform continuity for
functions. Intuitively, a Lipschitz continuous function is limited in how fast it can change: there exists
a real number such that, for every pair of points on the graph of this function, the absolute value of
the slope of the line connecting them is not greater than this real number; the smallest such bound is

called the Lipschitz constant of the function (or modulus of uniform continuity). For instance, every
function that has bounded first derivatives is Lipschitz.

In particular, a reabalued functiof: R Y R is called Lipschit z
positive real constad such that, for all real x1 and x2,

|.f'|:-l"_ ) — .f'[-l'f :'| < JF‘L-|-1"_ — -f'2|

Any suchK is referred to as aipschitz constanfior the functiorf. The smallest constant is
sometimes callethe (best) Lipschitz constant



Compared the original GAN, WGAN has only changed four points:

AThe last layer of the discriminator remowgmoid
AThe | oss of the generator lagnd discri

AEach updated the parameters of the discriminator, their values are truncated to no
more than a fixed constant(called clippingd to satisfy the condition df-

Lipschitz function.)

ADo not use momentuinased optimization algorithms (includingomentunmand
Adarm), recommendrMSProp SGD.



Improved Training of Wasserstein GANS

The WGAN makes progress toward stable training of GANs, but can still generage vy
samples or fail to converge in some settimdartin Arjovsky et al.  finded that these problems are
often due to the use of weight clipping in WGAN to enforce a Lipschitz constraint on the critic,
which can lead to pathological behavior.

In 2017 ,Martin Arjovsky et al. proposed an alternative to clipping weights: penalize the
norm of gradient of the critic with respect to its input (cagedient penalty) on “Improved
Techniques for Training GANs”.



(left) Gradient norms of deep WGAN critics during training on toy datasets either explode or vanish when
using weight clipping, but not when using a gradient penalty. (right)Weight clipping (top) pushes weights
towards two values (the extremes of the clipping range), unlike gradient penalty (bottom).



