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1.  Quick Recap on GANs and two-player games.
GAN as a Variational Inequality Problem.
Optimization of Variational Inequality.

Experimental results.

L N

Conclusion.

NB: All the citations in this talk are in my arXiv submission.
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Quick recap on Generative
Adversarial Networks (GANS)
(and two-player games)
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Generative Adversarial Networks (GANS)

[Goodfelow et al. NIPS 2014]

Fake Data

Noise — Generator

Fake
Discriminator —— or
Real
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Generative Adversarial Networks (GANS)

[Goodfelow et al. NIPS 2014]

Discriminator Generator

i 102 - 08(Di (2))] + B [l08(1 — Do(Go ()

Y

If O is non-parametric:  [(6) = JSD(pp||ps)

Non-saturating GAN: “much stronger gradient in early learning”

Loss of Generator Loss of Discriminator

X
r \

min ~E., 08(D(Go(2)]  maxEqrpp log(Dis(2))] + Exnps log(1 — Dg(Go(2)
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Two-player Games

Player 1 Player 2
0* c argmin £9 (0, p*) and ¢* € argmin L) (6%, )
6co wped

Zero-sum game if: £©) — _ £(®) J1s0 called Saddle Point (SP).

Example: WGAN formulation [Arjovsky et al. 2017]

min - max _ Beopp [ f3(2)] = Eanp. [fo(g0(2)))]

0 &, fsllL <1 y )

1) — _rle)
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Two-player Games

Player 1 Player 2
0* c argmin £9 (0, p*) and ¢* € argmin L) (6%, )
6co wped
e |In games we want to converge to the Saddle Point.
e Different from single objective minimization where

we want to avoid saddle points.

o Saddiepoint -> Zero-sum game (or Minmax)
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Two-player Games

Player 1 Player 2

0* c argmin £9 (0, p*) and ¢* € argmin L) (6%, )
6co wped

Non zero-sum game if we do not have: E(e) — —E(‘P)

Example: Non-saturating GAN: [Goodfellow et al. 2014]

Loss of Generator Loss of Discriminator

i ~Eory l0g(Ds(Go())] maxEonpp 108(D(@))] + Exnp log(L = D(Go(2)))
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Minmax training iIs Aare different !
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Minmax training is kate different !

(You can replace “minmax” with two-player games)

Gauthier Gidel, Université f'“'\

MSR Seminar, January 29, 2019 de Montréal



?

*Minmax Training is Hard ...

Example: WGAN with linear discriminator

and generator VoLo(6, )
Gradient vector field: F(0, ¢) = 646\ )
2 <V¢L¢(9,¢)

Bilinear saddle point = Linear in 6 and ¢
= “Cycling behavior” (see right).

. T -
min  max Epop[x] — ¢TOE, ., [2
0 ¢’||f¢||LS1¢ pol?] = ¢ pz |2
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Generative Adversarial Networks as
a Variational Inequality Problem
(VIP)
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CANSs as a Variational Inequality

New perspective for GANs:
- Based on stationary conditions.
- Relates to vast literature with standard algorithms.

0" = arg moin Ly(6,0")

No player can improve its

Nash-Equilibrium: 5 , y
¢ :argmgmeM@ ,0) cost

VoLo(6,¢")T (0 — 6°) >0
v(0, Ox P
VeLo(0",¢0") (¢ — ") >0 0.0 € \X/

can be constraint
sets.

Stationary Conditions:
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CANSs as a Variational Inequality

Nash-Equilibrium: Stationary Conditions:

{6’* = argmginLe(Q,QS*) <:> {VQLQ(Q*, gb*)T(e —6%) >

= argmgnng(Q*,é) VLg(0 ¢ )T(¢ ¢%) 2>
\

V(0,0) €O x ®

v

Same problem but different perspective.

Joint Minimization vs. Stationary point
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CANSs as a Variational Inequality

VoLe(0*, ") (0 —6%) >0

V(6, Oxo
VeLe(0*, %) (¢ — ¢*) > (6,9) € © x

Stationary Conditions: {

Can be writtenas:  F(w) = (;959(&)))
¢

o L0

Fw) ' (w—-w")>0 YweQ

w* solves the Variational
Inequality
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GANSs as a Variational Inequallty
Stationary Conditions: F(w*)T( — ) 0 Ywe

Unconstrained (or optimum in the interior):

VoL@ (6%, 0*)|| = |[VLLP (8%, %) =0.

NN

N .
Figure from [Dunn 1979]

Gauthier Qlde|, Université I'H"I

MSR Seminar, January 29, 2019 de Montréal



GANs as a Variational Ine quallty

Stationary Conditions: (w*) ( ) 0 VYwe()

Unconstrained (or o* in the interior): Constrained and o* on the boundary:

VoL@ (6%, 0*)|| = |[VLLP (8%, %) =0.

NN

Figure from [Dunn 1979]
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CANSs as a Variational Inequality

0" = argmein Ly(0,0")
Takeaways: ¢* = argmin Ly (0", ¢)
. os . ¢
GAN can be formulated as a Variational Inequality. l
Encompass most of GANs formulations. Fw)T(w—-w*)>0 VYweQ
Standard algorithms from Variational Inequality can l

be used for GANSs.

Gradient Vector Field and Trajectory

4

PN NN NN
SNRNIAN

Theoretical Guarantees (for convex and stochastic
cost functions).

P
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Technigues to optimize VIP
(Batch setting)
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Standard Algorithms from Variational Inequality

Method 1: Averaging - Converge even for “cycling behavior”.
- Easy to implement. (out of the training loop)
- Can be combined with any method.

T-1 T-1

—  def th() Pt def Z
wT =5 S ) ST — pt .

T t=0

Averaging schemes can be efficiently implemented in an online fashion:

(:?t - (1 = ﬁt)a)t—l + ﬁtwt where 0 S ﬁt S 1.
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Standard Algorithms from Variational Inequality

Method 1: Averaging - Converge even for “cycling behavior”.
- Easy to implement. (out of the training loop)
- Can be combined with any method.

General Online averaging: w = (1 —py)ws—1 + prwy where 0<p <1.
T—-1
: | _ 1
Example 1. Uniform averaging Pt = Z >0 wp= T E Wi
k=0
Example 2: ~ ~ 1 -1 :
Exponential moving averaging pr=1—-08<1,t>0: wpr=—— Z B wy
(EMA) 1-8 k=0
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Standard Algorithms from Variational Inequality

Method 1: Averaging - Converge even for “cycling behavior”.
- Easy to implement. (out of the training loop)
- Can be combined with any method.

General Online averaging: w = (1 —py)ws—1 + prwy where 0<p <1.
T—-1
: | _ 1
Example 1. Uniform averaging Pt = Z >0 wp= T E Wi
k=0
Example 2: I

Exponentialmoving p, =1—-08<1,t>0: wp=(1-7) ZBT_twt + 3" wo
averaging (EMA) i—1
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Standard Algorithms from Variational Inequality

Method 1: Averaging - Converge even for “cycling behavior”.
- Easy to implement. (out of the training loop)
- Can be combined with any method.

General Online averaging: w = (1 —py)ws—1 + prwy where 0<p <1.

T—1
_ 1 _ 1
Example 1: Uniform averaging pr = —,t>0: wr = T Z Wi
k=0

t
Example 2: 1 =
Exponentfal moving averaging ,5t =1- ﬁ < 17 t>0: wr = 1— Z Btwt
[EMA) b=
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Standard Algorithms from Variational Inequality

Method 1: Averaging - Converge even for “cycling behavior”.
- Easy to implement. (out of the training loop)
- Can be combined with any method.

General Online averaging: w = (1 —py)ws—1 + prwy where 0<p <1.

T—1

N 1 _ 1

Example 1: Uniform averaging p; = Z >0 wr= T Z Wi

k=0

T

Example 2:
Exponentialmoving p; =1—-—0<1,t>0: wpr=(1-7) Z 5T_twt + BTWO
averaging (EMA) =1
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Standard Algorithms from Variational Inequality
Method 1: Averaging

Simple Minmax problem: IOHEIERI I(ilgé( 0 - ¢ |::> ((9 , @ ) — (O, 0) :

9t+1 = — 77¢t
Ot+1 = Ot + N4

9t+1 =l — 77<Z5t

Simultaneous update: ,
b { Gt+1 = O + nby

Alternated update: {

Gauthier Gidel, Université t'“'\
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Standard Algorithms from Variational Inequality
Method 1: Averaging

Simple Minmax problem: IOHEIERI I(ilealéi 0- ¢ I:> ((9 , @ ) — (O, O) :

9t+1 =l — 77¢t 9t+1 = — 77¢t
Ot+1 = O + by ’ Or+1 = ¢t + N1

— AN e |

(67, o7) = % > (0, ¢¢) — (01, é1) — 00 0<m < |[|0r,érll <M |(07, 1) — (0,0)

Simultaneous update: { Alternated update: {

LA . i i
...:._i._/)MIIa Gauthier Gldel, Université AL
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Standard Algorithms from Variational Inequality

Method 1. Averaging Simultaneous Vs. Alternating more developed in

Negative Momentum for Improved Game Dynamics
Gidel, Askari Hemmat, Pezeshki, Lepriol, Huang, Lacoste-Julien and Mitliagkas

Oiy1 = 6; — O; 41 = 0; —
o t = P ; Alternated update: e £ = 1Pt
Pt+1 = ¢ + by Pt+1 = ¢t + nbry1

— AN e |

(07, o7) = % (0¢, 0¢) — o0 (07, d7) — 0 0<m < ||0r,ér|| <M |(Or, 1) — (0,0)

Simultaneous update:

Gauthier Gidel, Université t'“'\
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Standard Algorithms from Variational Inequality

Method 2: Extragradient
Wi
\F(wt)
- Standard in the literature.

- Stepl: Wiyl =Wt — Ve F (we)

w Wiyl - Does not require averaging.
- Step2: Wi+1 = Wi — ’YtF(WtJF%) t+1 ! Flog:) - Theoretically and empirically
I faster.
y

Intuition:

1.  Game prespective: Look one step in the future and anticipate next move of adversary.

2. Euler's method: Extrapolation is close to an implicit method because Wy1/2 ~ Wi

Wil — Wip1/2 = O(%Q)

Gauthier Gidel, Université rH'\
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Standard Algorithms from Variational Inequality
Method 2: Extragradient

Intuition: Extrapolation is close to an implicit method because Wy /90 = Wit

Implicit step: w1 = wy — NF (wiy1)

Unknown:
Require to solve a
non-linear system

Gauthier Gidel, Université t'“'\
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Standard Algorithms from Variational Inequality

Method 2: Extragradient Intuition: Extrapolation is close to an implicit method
minmax 6-¢  and (070" ) ={D,0) .
0cR ¢€cR

Or41 = 0; — n(de +nby)
G141 = P + (0 —nde)

9t+1 =0 — 77¢t+1

Gr41 = Pt +nbpi1 ()

Implicit: { Extrapolation: {

Proposition 2. The squared norm of the iterates Ny = 07 + ¢2, where the update rule of 0; and ¢,
are defined in ( * ), decreases geometrically for any n < 1 as,

Implicit: Ny = (1 —n?4nt+ O(nﬁ))Nt ; Extrapolation: Ny = (1— n?+ 774)Nt ,

\ almost the same /

Gauthier Gidel, Université rH'\

MSR Seminar, January 29, 2019 de Montréal



Extrapolation from the past: Re-using the gradients

Problem: Extragradient requires to compute two gradients at each step.

Solution: Extrapolation from the past Re-use gradient. Wi—1 F(w,_1)

e

- Step: Wil = Wt — ’YtF(wt—é) <—— Re-use from previous iteration. Wt \

- Step 2 wiy1 = wy — W F(wy 41 ) ~—— (same as extragradient).
Wiy 1

Wt41
F(Wt+%)

Gauthier Gidel, Université t'“'\
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Extrapolation from the past: Re-using the gradients

Problem: Extragradient requires to compute two gradients at each step.

Solution: Extrapolation from the past Re-use gradient. Wi—1 F(w,_1)

e

- Step: Wil = Wt — ’YtF(wt—é) <—— Re-use from previous iteration. Wt \

- Step 2 wiy1 = wy — W F(wy 41 ) ~—— (same as extragradient).
Wiy 1

%‘ W1

F(Wt+%)

New Method !

Related to [Daskalakis et al., 2018]

Gauthier Gidel, Université t'“'\
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. step-size = 0.5
step-size = 0.2

4 4
e alt e alt
® avg ® avg
3 ® extra 3 @ extra b
® past @ past ®
®
2 2
@ ®
[
1 Lad 1
@ ®
%
0 [ 0 @
-1 -1
-2 -2
-3 -3
i -4
-4 -3 -2 -1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4
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Experimental Results
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Experimental Results  #o | L AtAds

17.5 — AvgAltAdamb
= AltSGDI1
15.0- —— AvgAltSGDI1
oge . . . . ExtraSGD
Bilinear Stochastic Objective: (with 12.5
: — AvgExtraSGD
constraints)
| PastExtraSGD

n - |

Distance to the optimum

0 20 10 60 80 100
Number of gradient computation/n
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Algorithm 4 Extra-Adam: proposed Adam with extrapolation step.

input: step-size 7, decay rates for moment estimates (31, 32, access to the stochastic gradients V£, (-)
and to the projection Pq|-] onto the constraint set 2, initial parameter wy, averaging scheme (p¢)¢>1
fort=0...T—1do
Option 1: Standard extrapolation.
Sample new minibatch and compute stochastic gradient: g; < V/{;(w;)
Option 2: Extrapolation from the past
Load previously saved stochastic gradient: g; = V{;_1 /5(w;_1/2)
Update estimate of first moment for extrapolation: m;_y /o < S1ms—1 + (1—51)g: Extrapolation
Update estimate of second moment for extrapolation: v;_1 /o <= B2v;—1 + (1 — B2) i (Adam style)
Correct the bias for the moments: 77,1 /5 <= m_1/2/(1 — i Vp_1/2 < Ve—1/2/(1 — e o

Perform extrapolation step from iterate at time ¢: w;_1 /2 < Pg [w; — n%]

Sample new minibatch and compute stochastic gradient: g, /2 < Vi 1/2(wii1/2)
Update estimate of first moment: m; < S1m;_q /2 + (1—B1)gsa1 /2

Update estimate of second moment: v; <— Bov;_1 /2 + (1 — 32) gf 1/2 Update
Compute bias corrected for first and second moment: 7y <— my/(1 — 33), 9y < vy /(1 — B3Y) (Adam style)
Perform update step from the iterate at time ¢: w; 41 < Polw; — 7 \/:%;e]

end for

Output: wy_ /o, wr Or W = E;‘F:_Ol Pt+1Wit1/2/ ZZ:_Ol p++1 (see (8) for online averaging)

Gauthier Gidel, Université rH'\
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Experimental Results: WGAN on CIFARIO

Inception Score vs

nb of generator updates Inception Score on CIFAR10

6.0

i Model WGAN
> Method no averaging |uniform avg EMA
b SimAdam 6.05+.12 |[583+.16  6.08 .10
§ AltAdam5 5.48 .08 5.72 .06 5.49 + .05
2 ExtraAdam 6.38+.09 |6.384+.20 6.37+.08
= PastExtraAdam 5.98 £0.15 [6.07£0.19 6.01 £0.11

SitmAdam ~ = 2 10-3 OptimAdam 5.74+0.10 [5,804+0.08 5,784 0.05
— ?::E::::\ldju: :) =“‘.]Z :Il()'s T T
“Bo 05 10 15 20 25 30 35 10 Extragradient Methods Averaging

Number of generator updates x10°
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Experimental Results: WGAN-GP (ResNet) on CIFARIO

Inception Score vs

Number of

8.5 Model WGAN-GP (ResNet)

j” Method no averaging | uniform avg
£ 701 SimAdam Vwof & 21 Tl d ot 2F
V;(.s- AltAdam5 7.20 + .06 .6f .19
'%”-j_(i.n- ExtraAdam 7.79 + .09 8.26 + .12
8 55 PastExtraAdam Wl et 12 (-84 +.18

5.0- - OptimAdam 180 = 07 | ¢.99 .12

4.5 —— AvgExtraAdam

y | | — Ang;\st' ExtraAdam T T

"0 1 2 3 1 5 Extragradient Methods Averaging

Number of generator updates <

Gauthier Gidel, Université t'“'\
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To sum-up

- GAN can be formulated as a Variational Inequality.

- Bring standard methods from optimization literature to the GAN community.

- Averaging helps improve the inception score (further evidence by [Yazici et al. 2018]).
- Extrapolation is faster and achieve better convergence.

- Introduce Extrapolation from the past a cheaper version of extragradient.

- We can design better algorithm for GANs inspired from Variational Inequality.

Gauthier Gidel, Université t'“'\

MSR Seminar, January 29, 2019 de Montréal
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Reminder: Need for Averaging or/and Extragradient.

4
alt

avg
extra
past

3
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Reminder: Need for Averaging or/and Extragradient.

4

e alt
® avg
3 ® extra
® past .
; No signal from the average iterate.
i Py The green sequence do not stop at the optimum.
[ 3
: : We need last iterate convergence.
(Not Convergence of the averaged iterate)
- Focus on Extragradient.
=2
-3
-4
-4 =3 =2 -1 0 1 2 3 -+
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Issue: We did not consider noise.

Minimization Game

Gauthier Gidel, Université ,.H\
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Issue: We did not consider noise.

Far from the objective: Far from the objective:
“approximately” the right direction Direction with noise can be “bad".
NN N Y Yy /4 r 4 ‘
NN - 71— = % A
S S }
- - /7!
\
Pl ~ s/
(] e

Gauthier Gidel, Université f'“'\
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Standard methods to solve (bilinear) games:

Gradient method Extragradient
. % t *
Batch Method Diverge to = |wr — w*|| < (1 —p)¥|lwy — w™||
[ ]
N
Stochastic Method No hope for convergence 2?77

Gauthier Gidel, Université f'“'\

MSR Seminar, January 29, 2019 de Montréal



Noise breaks Extragradient.

Theorem 2 (Noise may induce divergence). There exists a
zero-sum stochastic game such that if wy # w*, then for any
step-size 1) > 0, the iterates (wy) computed by the stochastic
extragradient method diverge geometrically, i.e., there exists
p > 0, such that Ef||w; — w*||?] > ||wo — w*||?(1 + p)*.

M|Ia Gauthier Qidel, Université r“w

MSR Seminar, January 29, 2019 de Montréal



Noise breaks Extragradient.

Theorem 2 (Noise may induce divergence). There exists a
zero-sum stochastic game such that if wy # w*, then for any
step-size 1) > 0, the iterates (wy) computed by the stochastic
extragradient method diverge geometrically, i.e., there exists
p > 0, such that Ef||w; — w*||?] > ||wo — w*||?(1 + p)*.

Extragradient Updates:

Intuition:

n
, 1
min max — E 0" A;p
0cR? pcRd N

=1

011 =6, —nAr(pr +nAs0,)

Pi+1 = @1 +1nA (0, —nAyp)

Gauthier Gidel,

Université r“w

MSR Seminar, January 29, 2019

de Montréal



Noise breaks Extragradient.

Theorem 2 (Noise may induce divergence). There exists a
zero-sum stochastic game such that if wy # w*, then for any
step-size 1) > 0, the iterates (wy) computed by the stochastic
extragradient method diverge geometrically, i.e., there exists
p > 0, such that Ef||w; — w*||?] > ||wo — w*||?(1 + p)*.

Extragradient Updates:

Intuition:

n

, 1
min max — E 0" Ao
0cR? pcRd N

1=1

0,41 =6, —nAr(pr +nA;0,) |AA=0c=> Noextrapolation

(Sample iand ) pir1 = ot + NA1 (0 — A p,) => Diverge as GD.

Extrapolation part

Gauthier Gidel,

MSR Seminar, January 29, 2019

Université r“w

de Montréal



Reducing noise with Variance reduction methods.

- |ldea: take advantage of the finite sum.
- Finite sum in ML: Expectation of a finite number of sample.

- Generator and discriminator losses can be written as:

£Ow) =2 3 £00w), £Ow)=1 3 £ w)

1« n -
1=1 =1

Gauthier Gidel, Université f'“'\
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SVRG estimate of the gradient.

- Full batch gradient expensive but tractable.

d? (w) = (VL () - VLO (@) + 1§

d(cp)( ) = (Vﬁ(‘p)( ) — vz:,g‘P) (wS)) _|_ug.

Gauthier Gidel,

Université f'pn

MSR Seminar, January 29, 2019

de Montréal



SVRG estimate of the gradient.

Snapshot network

Full batch gradient expensive but tractable. /
d(9) (w) = (V£(9)( j — 5(9) S) 4 “g

d(cp)( ) = (Vﬁ(‘p)( )—VE,ECP) (w® ))+Mi-

0:0.0 M|Ia Gauthier (.Jldel’ Université r“w

A3V, MSR Seminar, January 29, 2019 de Montréal



SVRG estimate of the gradient.

Snapshot network

snapshot network

- Full batch gradient expensive but tractable. / Full gradient at the
d(9) (w) = (Vﬁ(e)( j — 5(9) S) +us

d(so) (w) := (Vﬁ(‘p)( ) — chcp) (w® )) i+ mp.
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SVRG estimate of the gradient.

Snapshot network

Full batch gradient expensive but tractable. / Full gradient at the

snapshot network

/
d® (w) := (V£§9>(w) —vL® (ws)) + us

4 (W) = (vcg‘f’)(w) _ v, (ws)) + pd.

- Unbiased estimates: ]E[dge)(w)] =3 V,Cz(-e)(w) > _V[f(g)_(@)
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SVRG estimate of the gradient.

Snapshot network

snapshot network

- Full batch gradient expensive but tractable. / Full gradient at the
e

d? (w) = (VL () - VLO (@) + 1§
d(so) (w) := (Vﬁ(‘p)( ) — chcp) (wS)) + uS.

- Unbiased estimates: ]E[dge)(w)] =3 V,Cz(-e)(w) = VLO) (W)

- Compute the snapshot only once per pass.
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Variance Reduced Extragradient: SVRE

- Combine Extragradient + Variance Reduction for finite sum.
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Variance Reduction of Strongly Monotone Games:

Method Complexity p-adaptivity
SVRG In(1/€) x (n + L3) X
Acc. SVRG  In(1/e) x (n+ /nt) X
(S'l};li{s]i)aper) In(1/€) x (n+ L) /

SVRG and Acc. SVRG are from [Palaniapan and Bach 2016]
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Why is this convergence rate not desirable ?

SUD ., e |w—wol|o Does not handle Unconstrained case.
E[ETT( )] < O \/_ No restart possible.
T
Vs.
*
E E’I“’]“ w < O ( Hw _wOHU) Does handle Unconstrained case.
[ ( T)] o vT Restart possible.

Gauthier QldeL Université I'H"I

MSR Seminar, January 29, 2019 de Montréal



SVRE on bilinear Game:
(Exact example where stochastic extragradient breaks)
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First point, SVRE effectively reduces the variance:

301

NN

- ” “5 " Blue: Stochastic Extragradient

jl Brown: SVRE.

Var(dy)
[
w
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Generator updates X103
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Second point SVRE allows larger step-sizes: (SVHN)

2004 | !ili M||H lm i Hnih“ilp_ ....................
i | | |||, ||§| |||| i lull ,|||
I E |’ ||I' l l' . .
o |?| kiﬂﬂ i % &l i” ' SE: Stochastic Extragradient.
T N !
g ‘ﬁ :H 'i : SVRE: Variance Reduced
g 300 ﬁl g! , _‘_ SE—A ne = 10~ 3 No= 4x10° 3 EXtragradlent.
2 !!i ' - SE—-A,ng=10"%np=4x10"*
S Iy k- SVRE,ng=10"3,np =4x10" -Ar Adam
o : ‘_f‘f -@- WS-AVG-SVRE-VRAd, ng=1073,np =4x10"3
O J
£ 500 4! —Je— WS—AVG—-SVRE, VRam, ng =5x103,np =8x 103 .
g | ~4- SVRE,VRam,ng=1073,np=4x10"3 WS: Warm Start.
)
- AVG: Average.

100 W
-VRAd (VRam): variant of Adam for
SVRE.
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Iterations x10°
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Second point SVRE allows larger step-sizes: (ImageNet)

9.0 150
-®- SE-A,nc=10"3,np=4x10"3 —k— SVRE,nc=1072,np=4x1072 ! —8— SE-A,ng=1073,np=4x10"3
8.51| %~ SE-A,nc=10"%,np=4x10"* @ SVRE,nc=10"%,np=4x10"2|| o 140174 - SE—-A,ng=10"%, np=4x10~*
o)
8.0 = 130 —k— SVRE,ng=10"2,np =4x1072
@ —e— SVRE,ng=1073,n,=4x1073
. A 120 ° =
S c
7.0 2 110+
S s
§6.5 2100+
=60 T 90
; :
5.5 3‘3 80
504 70 -
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(a) IS (higher is better) (b) FID (lower is better)
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To sum-up

- Noise may be an issue in GANSs.
- Proposed to combine VR + Extragradient to tackle both game and noise aspects.

- Unlike in single-objective minimization, we observed that variance reduction could
improve the performance of deep learning models for GAN training.

- highlights the difference between game optimization and standard minimization.
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