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Practical Problem

» Problem Setting: “Image-to-Image Translation” (Pix2pix,
2017)

» Solution: Image Manipulation = Sparse Reconstruction +
Multi-Scale Post-Processing

» Pros: Transferability and training data efficiency.
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Math Formulation
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» Conjugation A= o 1o Boy, pis a fixed Edge Detector
> Well-definedness: Is ¢ an invertible diffeomorphism?
» Sparsity of A/

> o LN — M, o Hy) == {x€ M|p(x) = y},Vy € M not
unique!



Math Formulation
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» Conjugation A= o 1o Boy, pis a fixed Edge Detector

» Well-definedness: Is ¢ an invertible diffeomorphism?

» Sparsity of A/

> o LN — M, o7 (y) == {x € M|p(x) = y},Vy € M not
unique!

Surrogate solution: GAN, a Data-driven approach.
G:= g;*\l N — M

st. G= argminG—/ log Lp(G(x))dm(x)+AE(x )y, || G(X) =¥l 12
? (x)is real
G(x)is rea



Blueprint

Lv Field Particle Motion

| Image Canvas Q Pixel (x1, x2) Active Cont. v € L2([0,1]; Q)
Il Image Sp L%(Q,R3) Image u u(t, x) € L2([0,1]; L2(Q,R3))
Il Conv. Neural Net Inner Features ug(x) € L2(Q, R

1l Parameter Space ©  Linear filters 0 Deep Learning 0;

IV Dual Param Sp W GAN Discrimw Deep Metric Learn Lp,, (-)
V  Evaluation Measures Metric u+ D(u) e.g. Pre-training FID

Table: Hierarchy of Dynamics
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Figure: Homogeneous Filter on Patches



Dynamics of Points, Lines, Images

» Motion of points on images / Active Contor (Peyré, Cohen et
al. 2011 MAL) ~ € ([0, 1]; R?)

1 1
o(y) = - /0 V)51 + A /0 141+ l5l1de

Take =0, W= U+ A, 7 is solved with the zero level set of
's asymptotic limit

d Vi
Ve ||div
a?e = IVl ( uww)

momentum Te = ”3 8” = 1(Noether)

» Image morphing (Trouvé et al. 2005) u € L2([0,1]; L?(Q2, R?))

o(u) = inf //Lm[vv]+ ~Adxdt

z=u+Vuv




Dynamics of Network Layers

Sparse Reconstruction Multi-Scale Reconstruction
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Figure: ResNet sturcture
Figure: U-net (Olaf et al. 2015) (Shaham et al. 2019)

Xnt1 = Encodery(xp) Xn—1 = X! +Decoder,(x,+2z,_1)

yn = Encoders(xw) Learn-by-scale: Input/Output

Yn—1 = Decoder,([xn, yn]) at arbitrary scale

Back-propagation ‘ Neural Image Perception ‘




Dynamics of Scale Space

Upsampling: Xn = m(Xn)

Refinement: Xn = Xp—1+ Ga(Xp—1+2,), n=0,...,N
Initialization: xo = Go(zo)

G(z) = Gp(z,-..,2zN)
= Go(ZO)—i—Gl(Go(Zo)—{—Zl)—I—'--
——r
2
L

+Gn(Gn-1(: - G1(Go(20) + z1) - - - +2n-1) +2N)-

A
=XN-2

Y
=XN—-1



Dynamics of GAN Parameters |

Fix discriminator D: a (learned) metric of the image being “fake”.
®p(G) = Eynp,y,[log D(y)] + Exwrllog(1 — D(G(x)))]

» Dynamics (Training / Optimization / Fixed-point Method)

» y~ Dygata, x ~ N(0,1), G = f{y|x) (“"Sampling via Inverse
transform F~1" / Importance Sampling / Change of variable /
Bayesian Prior / Radon-Nikodym...)

« - pydata(y )
D) = Pydata(y) + Pc(y)

%/ \gﬁ (Picture from Goodfellow 2014)




Dynamics of GAN Parameters |

Fix discriminator D: a (learned) metric of the image being “fake”.

®p(G) = Eyop, ., [10€ D (¥)] + Exnr[log (1 — D(G(x)))]

» Dynamics (Training / Optimization / Fixed-point Method)

» y~ Dygata; x ~ N(0,1), G = f{y|x) (“"Sampling via Inverse
transform F~1" / Importance Sampling / Change of variable /
Bayesian Prior / Radon-Nikodym...)

Variants:
» If x ~ Dyyata, Gis called a “Conditional GAN".

» G = Decoder o Encoder, z= Encoder(x),y = Decoder(z),
z|x ~ N(0,1) “Variational Auto-encoder (VAE)".



Dynamics of GAN Parameters I
Min-max game equilibrium / Saddle-point / Alternating Direction

min max ®p(6) = E,[D(y)] — ED(G(x))]

Fi(G, D) = (G, D) — hv(G, D), where v(G, D) = ( Vgo >

9-52)

Structure: Tj,yers(Activationeiement-wise © Lin€arcentered), W; are
wavelet filters

NN(x) = pr(wr -+ - pr(wix))
Gradient Penalty: 1-Lipshitz

)\Exwug(HvxfW(X)Hz o 1)2



Evaluation of GAN

Moasure Description
Lo TThod Xl esvorl T v et ot wing 1 dos el o G gt s
(9. using KDE indow estimation). I, = & 3, I
< i prosabily s of the tru data “eovered” by The wisdel dstepution

%

1. Average Log-likelibood [18, 22]

2. Coverage Metric [33]

€ i= PaotoldProder > 1) with t such that Proaet(dPmoet > 1)
3. Inception Score KLD between conditional and marginal label distributions over generated data. exp (Ex KL (5 (/|3 T 2(5))])
£ Voot ooepioe o (19) (3] '+ Encourags dvnsity witin mages sumpld fom o patiuarcategory. (e, Ex, PG5,

« Similar to TS bt also takes futo account The prior distribution of the Tabels over re:

5. Mode Score (MS) [37]
(8} ) oxp (B [KL (o) 4 n KL (p() | p (s"*")))
. ks o ncecut sween distributions of traiing Tabels va- predicied Tabel
6. AM Score [36] o e entropy u;m\.mm EL(p(y*) || p(y)) +Ex [H (y]x)
« Wasersoin 2 disnce betwoen milf-varinte Greians fted o data embeded o & fenburs space
\FID(r, g i — pigl[3 + Tr(Zr + Bg — 2(Z, %,
5 Maximum Mean Discrepancy (MMD) + Notsiors The Ty briwee tao rofat iy disibutons P s P, wsing smples e Tndepenently
[38] from each distribution. M (Pr, Py o 06 X)] — 2, gy KOO W] + By gy 60 )]
< The crfi (e.g. an NN) i traned T prodice Bigh values at rel suinples and Tow values st generated saiaples

7. Fréchet Inception Distance (FID) [37]

9. The Wasscrstein Critic [39]

W(xtestr xg) = & S, Floxientli) = § 351, FCxalil)
10. Birthday Parados Test [27] « Measures the support sze of a discrete (continuous) ditribution by counting the duplicates (aear duplicates)
1. Clssifir Two Sampe Tt (C2ST) (10 S Answers Whsher o sampleyar drown rom th s diiibution (e, by taining s binary catier)
“An Indivect fechaique for evaluating the quality of umsupe

12 Classification Performance [1, 16] Lo Teatue cxtraction; FCN score). Sce s the GAN Quality Tnde «,qu 1]

13. Bousdary Distortion 2] + Haasies-dfvarsty of gemursiel saonplis a0 covartt sl oaing lsnticai o oot
14, Number of Statisticlly. iffrent Bins s Given two sets of samples from the same dstrbution, the mumber of samples That
(xDB) i3] fall into o given bin should be the same up to sampling noise
13 Inng e et ] M e dtuions of dfaees o 1 vt s o e ey g (1 v
16, Geeratie Advesrial Mot (GAM) edin a battle Svsping It
A i 0 o Do) oty 1 B

17 oumament Wi Rate and Sl s Tplements & soubmament o bl s pasar s b & seinbator D shamprs e stingu i b
Rt (15 el and ke dataor » generator that attempte to ool the dseriminators nto accepting fake data an real.
18. Normalsed Relative Discriminative » Cornpares 1 GANs based on the idea that if the generated sauaples are close to real ore,
Score (NRDS) [32] mare epochs would be needed to distinguish them from real samples.

< Adversaril Rocurasy. Coroputs the slaasfation acivacis achieved By The v clamfar, aos ralsad |

on real data and another on gencrated data, on a labeled validation set to approximate Fy(y%) and Pr(y%).
Adversaial Divergence: Computes KL (P, (413, Pr ()
20. Geometry Score [47] *+ Compares gemetricl properics of th undrying dta manfod bewen el and enratd dte
« Measures the reconstriction ercor (c.g. Ly norm) between  test image and its clos
et e by eptmising o = (i ) =)
aluaics the )

19. Adversarial Accuracy and Divergence
l46]

21. Reconstruction Error (18]

2. Tmage Quality Measures [19, 50, 51] TV, PSNR, and sharpness diference
- i 52, + Evalutes ow i Tow v ST o gersted g e o Those f st ecncs
23. Lowlevel Image Statistics 52, 53], ermg of mean power spectrum, distribution of random flter responge, contat i, et
G s

21 Prcison, Recall and Fi score (23] s These measurs are sed to quantiy the degres o overfit ‘often over toy datasels

T Nearest Neighbors < To detect overfitting, gencrated samples are shown next to their nearest neighbors in the (raining set
T thee expariae, pacEicipants s sl o dfinguhs geneatod syl S ol ngon
in a short presentation time (e.g. 100 ms); i.c. real

2. Rapid Scene Categorization [15]

3. Preference Judgment [54, 55, 56,57 s Participants aze asked to e oo g g (e e )
Gver dafasets with known male (-3 & GV ot a abelod dafast), modes are compited 3 by mieasing

4 Mode Drop and Collapse [58 the distances of gencrated data to mode centers

« Riogards exploring and Mustrating (he infernal representation and dynamics of Todels (9. space contimiie)

a5 well s visualiving learned features

Qualitative

5. Network Tnternals [1, 60, 61, 62, 63, 64]

Figure: IS = exp(Ex~,., KL(p(¥1X)|Ip(¥)))

FID = ||y — prl3 +tr(E+ X, — 2(21/22 y1/2)1/2)
MMD:H% 150(X)_l2m1<ﬁ}/: HH ,,22 Z
o oy ST k(i i) — 7 Yoy Yo k(i y5)

1 k(Xiv Xj) +




Properties of CNN

» Center preserving fQ udx = const.: StyleGAN (Center~Image
Force)

> Norm preserving |, u?dx = const.: Batch / Instance / Layer /
Group Normalization (Covariance~Style)

» Invertibility: Normalizing Flow

» Equivariance, conserved quantity, frequency separation
gop = pog StyletGAN3 (Alias-free)

» Non-homogeneity of local filters: Transformers

» Integrability across scales: This work (Space dimension is time
dependent)



Applications
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» Medical Image Synthesis

> Active Learning
» Privacy-Protective Learning

» Cross-Domain/Transfer Learning
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