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Generative Adversarial Networks (GANSs)

= A framework for training generative models to learn a desired data distribution.
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Generative Adversarial Networks (GANs)

= A framework for training generative models to learn a desired data distribution.
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Generative Adversarial Networks (GANSs)

= A framework for training generative models to learn a desired data distribution.
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= A min-max game between two players:

— The generator G(z): which learns and creates samples from the distribution of the real data.
— The discriminator D(xz): which differentiates between the real and fake data.

— The objective: learn the optimal G(z)

1l Goodfellow et al., “Generative Adversarial Networks,” NeurIPS 2014
NeurIPS 2023



Divergence-minimizing GANS

« The standard GAN (SGAN)!! | least-squares GAN (LSGAN)[2!| etc. minimize various choices
of f-divergence between p; and p,.

HGoodfellow et al., NeurIPS, 2014; 2IMao et al., ICCV, 2017
NeurIPS 2023
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Divergence-minimizing (GANS

« The standard GAN (SGAN)!! | least-squares GAN (LSGAN)2!| etc. minimize various choices
of f-divergence between pg and p,.

Jensen-Shannon divergence.

— SGAN: minmax{ ¢ [In(D(x))]+ E |[In(1—
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Divergence-minimizing (GANS

« The standard GAN (SGAN)!! | least-squares GAN (LSGAN)2!| etc. minimize various choices
of f-divergence between pg and p,.

— Jensen-Shannon divergence.

— SGAN: minmax{ ¢ [In(D(x))]+ E |[In(1—

G D (I)di {_Br\.ng

mgn{w:j [(D(m)—b)ﬂ + E [(D(m)—a)2
— LSGAN pa b
min {mi,d [(D (@) - 6)2} T {(D (@) )

— any f-divergence.

: { Pearson-y? divergence.

~ [-GANs minmax{ 2 [¢(D(@)] + E

G D {Bdi mmpg
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Divergence-minimizing (GANS

« The standard GAN (SGAN)!! | least-squares GAN (LSGAN)2!| etc. minimize various choices
of f-divergence between pg and p,.

— SGAN: minmax{ ¢ [In(D(x))]+ E |[In(1—

Jensen-Shannon divergence.
G D (I)di {_Br\.ng

— Pearson-y? divergence.

LU
.min{ T [(D(m)—b)ﬂ + E [(D(az)—a)Q:}
' |

— f-GANGs: minmax{ T [g(D(x))]+ E [fc(g(D(m)))]} — any f-divergence.

G D L~Pd L~Pg
= Training is unstable when the supports of pg and p, are non-overlapping.

1 Goodfellow et al., NeurIPS, 2014; 2IMao et al., ICCV, 2017; BINowozin et al., NeurIPS, 2016
NeurIPS 2023




Integral Probability Metric GANs

= The GAN discriminator minimizes a chosen distance metric — Appropriate constraint space on the
class of discriminator functions.

= Popular variants — Wasserstein GAN (WGAN)[4], Sobolev GAN[5], Fisher GANIS!

4 Arjovsky et al., ICML, 2017; ®'Mroueh et al., ICLR, 2018; ®/Mroueh et al., NeurIPS, 2017
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Integral Probability Metric GANSs

= The GAN discriminator minimizes a chosen distance metric — Appropriate constraint space on the
class of discriminator functions.

= Popular variants — Wasserstein GAN (WGAN)[4], Sobolev GAN[5], Fisher GANIS!

— WGAN: min ma,x{ . [D(x)]— E [D(a:)]} — Lipschitz-1 space.

G D a)di {Bmpg

— Sobolev GAN: mci:n mgx{ ¢ D(x)]— E |[Dz)+ E [HVD(w)H%}} — Sobolev spaces.

4 Arjovsky et al., ICML, 2017; ®'Mroueh et al., ICLR, 2018; ®/Mroueh et al., NeurIPS, 2017
NeurIPS 2023




IPM-GANs and Gradient Penalties

=« WGANSs!¥ consider a Lipschitz-1 constraint on the discriminator.

mén mgx{ Cempy [D(X)] — Eqp, [D()]}, st [[D]L <1

4 Arjovsky et al., ICML, 2017;
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IPM-GANs and Gradient Penalties

=« WGANSs!¥ consider a Lipschitz-1 constraint on the discriminator.

min max {
G D

Lonpy [D()] = Banp, [D()]}, st [[DllL <1

=« WGAN-GP!l employs a gradient penalty to approximate the Lipschitz-1 constraint.

min max
G D

{

ﬂmf\’pd [D(m)] o

Lz ~p, D(x)| + A

[4]Arjovsky et al., ICML, 2017; 7] Gulrajani et al., NeurIPS, 2017

Sy amps |([VD(0@ + (1= ))]], — 1)°
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IPM-GANs and Gradient Penalties

=« WGANSs!¥ consider a Lipschitz-1 constraint on the discriminator.

m(%n mgx{ Cempy [D(X)] — Eqp, [D()]}, st [[D]L <1

=« WGAN-GP!l employs a gradient penalty to approximate the Lipschitz-1 constraint.

min max { Egrp, [D(@)] ~ Banp, [D(@)] + ABorp,, snp, | (IVD(0@ + (1 - )|, = 1)° | }

=« Variants such as WGAN-LP8, WGAN-ALP!. WGAN—Rd+Rg[1O] also incorporate gradient
penalties on WGAN to improve training stability:.

4 Arjovsky et al., ICML, 2017; [YJGulrajani et al., NeurIPS, 2017; 8/Petzka et al., ICLR, 2018; ! Terjék, ICLR, 2020; (19 Mescheder et al., ICML, 2018

NeurIPS 2023




IPM-GANs and Gradient Penalties

WGAN flavor Discriminator loss
» Existing losses typically enforce the WGAN E\gz—mIEp D)+ E [D@)
~J d ~yJ
penalty over: ;
WGAN-GP LY + A E [(||VD(a:)|lz - 1)2]; 0<a<l
. ~ 4+(1—
— Interpolations between x ~ p, and e
N )\ A
T ~ Dy WGAN-RR, 8+ E [IVD@)I3|+ 32 E [IVD@)|3]
2 ~pPd 2 L~Pgqg
. W 2 . _
— A generic reference measure v,(x),  SoPlVOAN 1 Lp A | E [IIVD(w)Ilz] , Where vp(z) > 0; /X vp(z)de = 1
p
. . WGAN-LP | W 42 E [max VD(z)|ls — 1,0 2];ogag1
— Adversarially derived worst-case Do emapat(1—a)py (max([[VD()ll2 )
directions r,4,. Wos | (o (D@ = D@+ ra) 0))2
WGAN-ALP = [Tadv]l2 °)) |
where r,4, = max {D(“’)_D(‘”“Lr)}
r:||r]|2>0 T2

NeurIPS 2023



Our Results

» Analyzed the optimal discriminator in divergence-minimizing and IPM GANs leveraging
results from functional Calculus.

« Showed that the discriminator in WGAN with a gradient-norm penalty (WGAN-GNP) is
coverned by a Poisson PDE.

= Fourier-series-based approximations to the optimal discriminator in WGAN-GNP.

= Optimal Lagrange multiplier servses to mesure generator convergence!

= Superior performance in latent-space matching with Wasserstein autoencoders.

Asokan and Seelamantula, “Fuler-Lagrange Analysis of Generative Adversarial Networks,” JMLR, 2023
NeurIPS 2023




Functional Calculus

» Variational Calculus deals with functional optimization:

min {L(a:,D( ), VD(x /]:w D(z),VD(x ))da:} = L], ,.=0

Deg

« The optimality condition on the first variation (0L) is the Euler-Lagrange condition:

OF 0 (3’.7: 0D
=0 h D =
0D Z 01, 00D)) | proyrewr L O
« The check on the second-variation to identify a minimizer is 6L > 0 = H, ~ 0,
y=y~

0°H
where H = ( i ) — F and [HD,’H]Z',]' — :
> (v

NeurIPS 2023




WGAN with Gradient-norm Penalty (WGAN-GNP)

s« The WGAN-GNP discriminator loss:

(W= E [D@)- E [D(@)+A\ /X (VD (@)% — 1) da

Asokan and Seelamantula, “Fuler-Lagrange Analysis of Generative Adversarial Networks,” JMLR, 2023
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WGAN with Gradient-norm Penalty (WGAN-GNP)

s« The WGAN-GNP discriminator loss:

(W= E [D@)- E [D(@)+\ /X (VD (@)% — 1) da

L~Pd L~Pg

= [ (D@) (put@) = po(@) + A VD(@) ) dz = Aa|¥

Asokan and Seelamantula, “Fuler-Lagrange Analysis of Generative Adversarial Networks,” JMLR, 2023
NeurIPS 2023



WGAN with Gradient-norm Penalty (WGAN-GNP)

= The WGAN-GNP discriminator loss:

W= B [D@)- E [D@)]+ A\ /X (IVD(@)[2 1) da

— /X (D(x) (pa(x) — pg(x)) + Xa||VD(2)||3) de — Aa|X]

F(xe,D(x),VD(x))

The convex hull of the ( X
supports of pg and p,. pg(x)

\_/ |
O

Asokan and Seelamantula, “Fuler-Lagrange Analysis of Generative Adversarial Networks,” JMLR, 2023
NeurIPS 2023



WGAN with Gradient-norm Penalty (WGAN-GNP)

s« The WGAN-GNP discriminator loss:

Y= B [D@)]- E [D@)]+ A / (IVD(x)|2 - 1) da

L~Pd L~Pg X

— /X (D(x) (pa(x) — pg(x)) + Aa||VD(2)||3) de — Aa|X]
F(x,D(x),VD(x))

=« Applying Euler-Lagrange (EL) condition to F, we have:

2
OF i 25’8.7: 0°D

oD — Pal®) ~ (@ dz; OD] — 4 5oz — SD®)

= AD(x

_pd(il?)—pg( ) _ (a2 2 2
|D e = 3y ,\where A=V.V=(9; +0; + ...+ 07 )

Asokan and Seelamantula, “Fuler-Lagrange Analysis of Generative Adversarial Networks,” JMLR, 2023
NeurIPS 2023




(GGreen’s Function

« An approach for obtaining the particular solution to PDEs

= Given a differential operator £f(x) = g(x), find a function ¢(x) such that £o(x) = d(x).

\

(Also called fundamental solution)




(Green’s Function

« An approach for obtaining the particular solution to PDEs

= Given a differential operator £f(x) = g(x), find a function ¢(x) such that £o(x) = d(x).

(

(Also called fundamental solution)

= Convolving both sides with ¢(x) yields

L(f * ) (x) = (g% ¢)(x)
(f *Lo)(x) = (g * ¢)(x)
= f(x) = (9% ¢)(x)




Fundamental Solution to WGAN-GNP

s« The WGAN-GNP discriminator PDE

AD (@) |p_p. = = g(m)zgdp (@)

, 'where A=V.V = (0., +0. +...+ 0, )

= The particular solution to the discriminator PDE:

1 h](HajH), fOI'TL—Q, and

for n > 3,

n(n—2)r2 [le|"=2’



Fundamental Solution to WGAN-GNP

s« The WGAN-GNP discriminator PDE

_ pg(x) — pa(x)
24

AD (m)}D:D* , where A = V.V = (821 +8§.2+...+8§n)

= The particular solution to the discriminator PDE:

1 2177 In(|[z][), for n = 2, and
D (x) = 2N, ((pg —pd) *@) (x), where o¢(x)= . (% . 1) |

for n > 3,

n(n—2)r3 a2

« The solution D*(x) must also include the homogeneous component Dy (ax) such that ADy(x) = 0.




Fundamental Solution to WGAN-GNP

s« The WGAN-GNP discriminator PDE

_ pg(x) — pa(x)
24

AD (m)}D:D* , where A = V.V = ((’921 ‘|‘8£2+---‘|‘82n)

= The particular solution to the discriminator PDE:

1 2177 In(|[z][), for n = 2, and
D (x) = 2N, ((pg —pd) *@) (x), where o¢(x)= . (% . 1) |

for n > 3,

n(n—2)r3 a2

« The solution D*(x) must also include the homogeneous component Dy (ax) such that ADy(x) = 0.

(Family of all affine functions: (a,x) + ao)/




Fundamental Solution to WGAN-GNP

s« The WGAN-GNP discriminator PDE

pg(T) — pa(x)
AD (z) }D:D* _ g oy \where A=V.V = (0] +0. +...+ 05 )

= The particular solution to the discriminator PDE:

— In(|la|) for . = 2, and
* : 2T
Dy(@) = 55 (s —pa) *9) (@), where 6(@) =3 pw

for n > 3,

w(n — 28 a2
« The solution D*(x) must also include the homogeneous component Dy (ax) such that ADy(x) = 0.

= Theorem: The generator convergence p;(x) = pq(x) is independent of the choice of Dp,(x)




Implementing WGAN-GNP

= Two alternatives for implementing the optimal discriminator.

AD (:13)‘ _ pg(w) — pa() Leverage the form of the PDE to derive an
D=L0s 2\ ’ implementable form of the discriminator.
§ 1 . .
Dp(m) - ((pg — pa) * @) (), Develop a neural-network approximation of the

2\g convolution-based solution.




The Fourier-series Discriminator

u(z,0) = f(z)

(initial temp. distribution)

f(z)

»« Fourier series — Originally proposed to solve the heat w0.5)=0
equation by Fourier in 1822.

u(l,t) =0

3
/



The Fourier-series Discriminator

u(z,0) = f(z)

(initial temp. distribution)

f(z)

= Fourier series — Originally proposed to solve the heat u(0.t)=0 u(l, 1)

equation by Fourier in 1822.

1
/

= Derive Fourier-series expansions of the data and generator distributions, and the discriminator

0
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The Fourier-series Discriminator

u(z,0) = f(x)
(initial temp. distribution)
»« Fourier series — Originally proposed to solve the heat wu0.t)=0 /(@) }u(ht)—o
equation by Fourier in 1822. ]
|

= Derive Fourier-series expansions of the data and generator distributions, and the discriminator

= Y o p(x)= Y B and Dpg(z Ad S el

meZm MEL™ MEZL™

« Coefhlicients o, and 3, can be computed via the characteristic function of the p.d.f.

2

1" Jo 1" z~pg 1 pd NTk—l




The Fourier-series Discriminator

= Derive Fourier-series expansions of the data and generator distributions, and the discriminator

Z Cvmej<wm,w>, pg Z ﬁmeJ wm,:::) and DFS )\d Z Vme‘] Wi, , T

mecZm mec/Zm mec/Zm

»« Coefhlicients o, and 3,, can be computed via the characteristic function of the p.d.f.

Z

T 1" 20pa L pd NT k=1

= The discriminator coeflicients can be computed in closed form:

), meZ" — {0}, and ~o =0

Asokan and Seelamantula, “Fuler-Lagrange Analysis of Generative Adversarial Networks,” JMLR, 2023




WGAN with Fourier-series Discriminator

= Derive Fourier-series expansions of the data and generator distributions, and the discriminator

| | 1 |
pa(x) = Z a,me](c.um,az}7 py(x) = Z 6meJ<wm,m>’ and DFS(ZB):)\_CZ Z ,ym€J<wm,m>.

mesLm mesLm meZm

» Coefficients can be computed in closed form:

1, 1, 1
Um = 7P, (Wm),  Bm = 59, (Wm), and ym = 5( ‘

1 1



WGAN with Fourier-series Discriminator

= Derive Fourier-series expansions of the data and generator distributions, and the discriminator

— Z Ofmej<wm,iv>, pg (T Z Bim €’ wm,a)> and Dpg(x )\d Z 7m€J<wm,

me/Zmn mezm mezm

= Coefficients can be computed in closed form:

1 * 1 * 1 &m_ﬂm
am = = 0p,(Wm),  Bm = 70y, (Wm),  and  ym = 5( ) m #0; v =

= A truncated Fourier-series is implementable.

=) @ () = e ™ and Dpg(x) = — Z Y€/ T
mE[M]n




WGAN with Fourier-series Discriminator (WGAN-FS)

»« Complex Fourier series is challenging to implement

~ We (MM, @ ~ We (MM, @ a 1 We (MM, @
pa(x) = E : Uy €] o (M, >7 Do) = E : By € (m, >7 and Dpg(x) = )\_d E : Y € (m, >7
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WGAN with Fourier-series Discriminator (WGAN-FS)

= Complex Fourier series is challenging to implement

~ We (MM, @ ~ We (MM, @ a 1 We (MM, @
pa(x) = E : Oy €] o (M, >7 Do) = E : By € (m, >7 and Dpg(x) = )\_d E : Y € (m, >7
me|[M|" me|[M|" me|[M|"

= In practice, employ the trigonometric Fourier series

Dio(x) =~ L (720 | Z I cos(we(m, x)) + Z v,fqzsin(w()(m,w})), where

AFs meM meM
R ]
al R T Z cos(we (M, Ty ) ), ay . = T Z Sin(we (1M, k) ),
k=1 k=1
L ~Pd L~Pd
- -
TR T l; cos(wo(m, xr)), and B = N l; Sin(we (1M, k).
L~Pg LE~Pg




The Optimal Lagrange Multiplier

= WGAN-F'S discriminator based on the trigconometric Fourier series

'VZO - Y ymcos(wo(m, ) + ) y,f;zsm(wm,@))

meM meM




The Optimal Lagrange Multiplier

= WGAN-F'S discriminator based on the trigonometric Fourier series

720 | Z Yom, COS(Wo (M2, T)) + Z Yo Siﬂ(W0<m’w>))

meM meM

N y .

= The optimal Lagrange multiplier can be found via dual optimization

A, is such that/ (|VD*(x)||5 — 1) de =0, where D*(x) : ((pg — pa) * @) () + D; (x)

x 2N\

A% g is such that/ (|IVDFg(x)||5 — 1) da = 0.
X




The Optimal Lagrange Multiplier

= WGAN-FS discriminator based on the trigonometric Fourier series

Z v cos(we(m, x)) + Z N Sin(w()(m,a:}))

meM meM

= The optimal Lagrange multiplier can be found via dual optimization

1
Ay is such that/ (|VD*(x)||3 — 1) de =0, where D*(x) = 3y ((pg — pa) * &) (x) + Dy, (x)
X d

A% g is such that/ (|IVDFg(x)||5 — 1) da = 0.
X

= An estimate of A% ¢

)\}Sw\(Q\MHl) ( E;A(Tz + 77 ) kzl 2;4 e cos(2w0<m,mk>)),

1 1

whete 7, = o (v 202 [ml%, and 7, = o (vi) wd ]




The Optimal Lagrange Multiplier

= WGAN-FS discriminator based on the trigonometric Fourier series

720 | Z 777;1,(308((«00<m7w>)_|_ Z /y;:nSin(wO<m,w>)>

meM meM

. .

= The optimal Lagrange multiplier can be found via dual optimization

A is such that/ (|VD*(x)||5 — 1) de =0, where D*(x) : ((pg — pa) *x @) () + D} (x)

x 2N

= The value of A}, can be computed in closed form:

1 n
N= | = / Z (K, * (pg — pa)) () + ai)Q dx, where
\ X Jx — |
e |5 (fap) Forn=2
T 2 T

2/:”( xin), for n > 3.
m A\ ]




The WGAN-FS Discriminator Network

= WGAN-FS discriminator based on the trigonometric Fourier series

Dis(e) = 5 (2t Y ahncostwnlm,a)) + 3 vy siniolm. )

mecM mecM
/ FOURIER-SERIES DISCRIMINATOR NETWORK
)
cos ’
: . 1 n X L
XN Lest WM | sin ’
GENERATOR . - .
OUTPUT / & COS
ACTIVATIONS I
] \ A /
|—>/ _ FOURIER
- [
t™Pd BN « 1 SERIES SOLVER T oo URiER cOBFFICTENTS T
DATASET INPUT




The WGAN-FS Discriminator Network

= WGAN-FS discriminator based on the trigonometric Fourier series

Dis(e) = 5 (2t Y ahncoslanlm,a)) + 3 vy siniolm. )

F'S meM _ memM _L-=7T
FOURIER-SERIES DISCRIMINAEQR NETWORK
"¢¢ ______ “~~~~~ III L ~ 1
g P % I >
|_>E l . X L 4— |- COS ? % ,ymA
€T Npg B - Q ---------- . - D(wzn) Q_>
] : O, .
N xn Ré n o 38w, M - sin ’ Vorr >
GENERATOR . S (] i B A o)
A
OUTPUT e oS . T:nA ~ s
ACTIVATIONS ek EELTEEEE e > 5
] \ 4 % " ’L )\FS
1 ' T OF—>ED A
e ~pa ! > g]gg];lsEgoLvER e Rt : Dp,
Pd N x n FOURIER COEFFICIENTS T
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Experiments on Gaussian Learning

WGAN-GNP.

o— WGAN
—&— WGAN-GP
—4—= WGAN-LP

= WGAN-ALP
- WGAN-R,
—<+— WGAN-R,

- Sobolev GAN
—— WGAN-FS

100 200 300
ITERATIONS

DISCRIMINATOR D(z)

-
S
|

-
N\
|

&
-

|
&
DO
|

—0.4 -

= WGAN-FS outperforms WGANs with a trainable discriminator, and trainable versions of

—+— WGAN-R,
— &+ WGAN-GNP
WGAN-GNP(3S)
WGAN-GNP(1S)
WGAN-FS

100 200
ITERATIONS



Experiments on Gaussian Learning

12 12
6 - —— WGAN-FS (D}) 5 20-
WGAN-FS (D; -+ Dh) - 10 ; - 10
5 - 2
. - E n 1.5 - 8
5
= - 0 = § 10 - 0
53 o
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é 0.5
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I I I | | | | | B O OO ] | | | | | B O
5000 10000 15000 250 500 750 1000 1250 1500 250 500 750 1000 1250 1500
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Experiments on Gaussian Learning
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WGAN-FS in Higher-dimensions

« The number of coefficients for a truncation harmonic M grows as n’ in R".

= Consider MNIST, € R™* — for M = 50, we have O(10'**) terms!!



WGAN-FS in Higher-dimensions

« The number of coefficients for a truncation harmonic M grows as n™ in R".

= Consider MNIST, x € R™®* — for M = 50, we have O(10'%*) terms!!

« Explore applications to latent-space learning with Wasserstein Autoencoders!16!.

= The WGAN-FS discriminator is used to match the latent-space distribution of a data to a target
Gaussian — Wasserstein autoencoders (WAES).

161 Tolstikhin et al., ICLR 2018
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WAE + Fourier-series Discriminator (WAEFR)

WAE-KL WAAE-LP WAAE-ALP

FiEIE]
EEE
lll 514|9

7

MNIST
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WAE + Fourier-series Discriminator (WAEFR)

GAN flavor MNIST | SVHN | CelebA | Ukiyo-E | CIFAR-10 | CIFAR-10
(Averaged)
WAE 21.676 46.083 42.943 204.446 124.165 123.88
WAE-KL 26.231 59.717 59.223 215.013 112.650 115.96
— WAAE-LP 20.240 47.332 43.509 195.133 108.512 108.95
E WAAE-ALP 22.306 48.128 45.628 200.330 107.509 110.223
CWAE 22.125 46.757 47.963 207.350 114.689 102.062
WAEFR 19.793 44.811 37.195 192.049 108.804 100.754
WAE 0.0827 0.0425 0.0939 0.0520 0.1786 0.125
WAE-KL 0.0707 0.0380 0.0776 0.0421 0.1254 0.116
[/:\ WAAE-LP 0.0747 0.0353 0.0868 0.0429 0.1382 0.117
& WAAE-ALP 0.0836 0.0377 0.0956 0.0479 0.1294 0.119
CWAE 0.0735 0.0478 0.0852 0.0831 0.1729 0.112
WAEFR 0.0693 0.0310 0.0762 0.0417 0.1227 0.107

GAN flavor MNIST | SVHN | CelebA | Ukiyo-E | CIFAR-10 | CIFAR-10
(Averaged)
WAE 0.1567 0.0018 0.0015 0.1210 0.0625 0.0011
WAE-KL 0.1317 0.0014 0.0018 0.1255 0.0039 0.0032
. WAAE-LP 0.1520 | 0.0017 0.0044 0.1566 0.0155 0.0029
E WAAE-ALP 0.1609 0.0017 0.0035 0.1441 0.0150 0.0039
CWAE 0.1703 0.0019 0.0036 0.0821 0.0158 0.0086
2 WAEFR 0.1717 0.0028 0.0084 0.2275 0.0194 0.0110
=

E WAE 0.1681 0.0022 0.0032 0.0270 0.0035 0.0027
¥ - WAE-KL 0.1629 0.0022 0.0044 0.0229 0.0053 0.0054
"Ea WAAE-LP 0.1706 0.0024 0.0044 0.0383 0.0036 0.0041
:%‘ WAAE-ALP 0.1031 0.0019 0.0038 0.0345 0.0061 0.0031
= CWAE 0.1387 0.0028 0.0034 0.0136 0.0061 0.0045
WAEFR 0.1746 0.0029 0.0077 0.0330 0.0068 0.0064
Benchmark 0.1950 | 0.0051 0.0318 0.1805 0.0278 0.0361

« WAEFR achieves superior FID, and average reconstruction error (of the autoencoder sub-block),

while generating sharper images when compared against the baselines.




Conclusions

= Derived the optimal discriminator PDE in WGANs with gradient-based regularization.
= Developed a novel Fourier-series approach to implementing the optimal discriminator.
= Future Scope: Analyzing other gradient-regularized GAN discriminator variants.

= Future Scope: Exploring alternatives to the Fourier-series approximation.

NeurIPS 2023
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WGAN with Fourier-series Discriminator

=« Given truncated Fourier-series is implementable.
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= We derived error bounds on the Fourier-series truncation and sample-estimation of the coeflicients.
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s We derived error bounds on the Fourier-
series truncation and sample-estimation of the
coeflicients.
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WGAN with Fourier-series Discriminator

s We derived error bounds on the

Fourier-

series truncation and sample-estimation of the

coefficients.
M™"™ m
T2 p
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Estat
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%,—/
Etrunc

=« Discarding higher-frequency coefficients

better than approximating them with too few

samples!
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WGAN

with Fourier-series Discriminator
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