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1 Introduction

Given a function f: R"™ x R™ — R, we consider methods for finding the saddle points of
the following problem:

i . 1.1
min max f(u,v) (1.1)

We assume that f is convex-concave i.e for any v € R™, f(-,v) is a convex function and
for any u € R™, f(u,-) is a concave function. Furthermore f is everywhere differentiable.
This formulation appears in several areas such as robust optimization [BTEGNO09] or in
machine learning in generative adversarial networks (GANs) [ACB17] [GPAM*14].

The solutions we are looking for for this class of problem are saddle points. The
extragradient (EG) method introduced by G.M. Koperlevich in 1976 [Kor76] is a well
known algorithm designed to find a saddle point. In 2020 Ozdaglar has shown [MOP20)]
that the optimistic gradient descent-ascent and extragradient method have the conver-
gence rate of O(1/k) in terms of the gap function of the averaged iterate and saddle
point. Our goal in this thesis is to use similar technique like in [MOP20] to show that the
algorithms introduced in the paper by Quoc Tran-Dinh [TD23] (page 12-13) can archive
similar rates.

The content of this thesis is follow: we’ll go briefly over the necessary definitions and
properties of the problem in Section 2. In Section 3 we’ll look at the key techniques
introduced by Ozdaglar. Section 4 will be about the algorithms shown in [TD23] which
are variants of classical extragradient method and the analysis of said algorithms will be
done in the Sections 5 and 6. Section 7 contains small numerical experiments with these
algorithms.



2 Preliminaries

Definition 2.1. An operator F : R? — RYs called L-Lipschitz continuous if for all

z,y € R? we have:
[1F(z) = F(y)ll < Lllx = yl.

Definition 2.2. The pair (u., v.) is called saddle point of problem (1.1) if for any v € R”
and v € R™ we have:

s, 0) < f s, vi) < f(u,04).

Definition 2.3. A function ¢ : R? — R is convex if for all z,y € R? and X € [0,1] we
have:

oAz + (1= N)y) < Ap(x) + (1 = N)o(y).
The function ¢ is concave if —¢ is convex

The following proposition is one of the most used properties of convex functions.

Proposition 2.4. A differentiable function ¢ : R — R is convez if and only if for all
z,y € R we have:

3y) — d(z) = V() (y — ).

In this thesis we denote the k-th iterate by uy,vi and the average iterate by g, U,
which are defined as:

k k
1 1
ak::—gui @k::—gvi Vk > 1.
k’i:l ki:l

We also define the vector z = (u,v) € R" x R™ and the operator F': R” x R™ — R" x R™
as:
F(Z) = (vuf(uav); —va(u,v)) . (2.1)

The following Lemma show give us the properties of F:

Lemma 2.5. Assume that the gradient V,f and V,f satisfy:

[Vuf(ur,v) = Vi f(uz, v)|| < Lyullur —uzl| Vo, u1, ug,
[Vuf(u,v1) = Vi f(u,v2)|| < Luollvr —vall - VY, v1,v2,
Vo f(ur,v) = Vo fuz,v)|| < Lowllur —uall Vo, u1,us,
Vo f(u,v1) = Vo fu,v2)|| < Lypllvr — val| - Vu,v1,vs.

For some positive numbers Ly, Ly, Lyy, Lyy. Then the operator F(z) = (Vo f (u,v); =V f(u,v))
is L-Lipschitz continuous with L = 2 X max{Lyy, Lyy, Lyy, Lyy }-



Lemma 2.6. Let F defined in (2.1) and assume that Z* the set of solutions of (1.1) is
not empty. Then:

e Fis a monotone operator, i.e for all z1,z9 € R™ x R™ we have:

(F(z1) — F(22))" (21 — 22) > 0.
o For any ¥ = (U*,U*) € Z* we have F(Z*) =0.

Proof. Using the definition of F' and z, for all z; = (u1,v1), 22 = (u2.v2) € R” x R™ we
have:

(F(21) — F(Z2))T(21 —23) = (Vo f(u1,v1) — Vuf(uz,vz))T(ul — ug)
— (Vo f(ur,v1) — Vo f(ug,v2)) " (w1 — uz).

Since f(-,v) is convex function and f(u,-) is concave we obtain:

Vuf(ui,v) " (ur —ug) > flur,vr) — f(uz, 1),
—Vauf(uz,v2) " (U1 — ug) > fuz,vz) — f(ur,v2),
~Vof(ur,v1) " (v1 = v2) > = fug,v1) + f(u, v),

Vo f(ug,v2) " (v1 —v2) > fluz,v1) — f(uz, v2).

Adding all 4 equation give us (F(z1) — F(22)) (21 — 22) > 0.
For the proof of the second part, we use the fact that if = is the minimum of a convex
function ¢ then V¢(z) = 0 and similarly Vi(y) = 0 if y is maximum of concave function

. O

The above Lemma is well known as shown in [MOP20] and [Nem04], however I couldn’t
find the proof so I prove it for completeness. The following result are also well known, as
mentioned in [MOP20]:

Proposition 2.7. In the definition of F' and z, suppose that f is continuously differenti-
able and a convex-concave function. Furthermore assume that a solution for (1.1) ewxists.
Then for any z = (u,v) € R" x R™ and a sequence {(uy, vg)}k>1 with z = (ug, vg), the
following holds for all N > 1:

i) = flu, o) < 1 3 F ) (o = 2),



2 Preliminaries

Proof. Using the definition of F' we can write for all N > 1:

LN
N SO F () (2 — 2) =

k=1 k

Vo f (g, vp) T (ug, — u) + Vy f (g, 0p) T (v — vg))

=]~
™=

1

(f (ugs i) — fu,vp) + f(ug,v) — f(ur, vi)) (2.2)

vV
2|~
I

(f (ug, v) — f(u,vg)).

I
=
M=

i
I

Here the inequality follow from property of f being convex-concave. Using again this

property of f we get:
12 )2 flisr) and =3 fuu) < fnow) YN 21
N 2 flug,v un,v) an N 2 u,vg) < fu,on > 1.

This implies the statement of the proposition. O



3 Proximal Point method with Error

One of the classical approaches to solve the saddle point problem (1.1) is the proximal
point method. This method is introduced in [Mar70] and studied in [Roc76]. The
proximal point method generates the iterate (uj1,vk+1) which is defined as the unique
solution to the saddle point problem:

1 1
min e { F(u0) + 5=l + 50— o) (3.1)
It can be shown that if for every k > 1, (ug41,vk+1) is the solution of (3.1), then ugyq
and vgy satisfy:

. 1
up41 = argmin{ f(u, vp41) + 2*”“ — ug |},
u€ER” n

1

Up+1 = argmax{ f(ug+1,v) + 2*”” — u*}
veER™ n

Since the first function is strongly convex and the second one is strongly concave, the

update of proximal point method for saddle point problem can be written as

U1 = Uk — NV f (Ukt1, Vkt1),
V41 = Uk + NV f (U1, Vig1)-

Using our definition of z = (u,v) and operator F' the update for proximal point method
can be rewritten as:
zkr1 = 2k — NF(zk41) VE> 1

Recalling Lemma 2.6, finding a saddle point z, = (us, vs) would be equivalent to finding
z € R% such that F(z) = 0, where d = n + m.

As shown in [Nem04] the proximal point method archives a sublinear rate of O(1/k) for
convex minimization and solving monotone variational inequalities. Ozdaglar [MOP20]
then shows that by interpreting ODGA and EG as approximate of proximal point method,
the gap between the function value at average iterate (i, 0x) and function value at the
saddle points approaches 0 at the rate of O(1/k). The following proposition establishes a
relation for the iterates of a proximal point method with error.

Proposition 3.1. Consider the sequence of iterate {zx}p>1 € R?, generated by the
following update:
zkt1 = 2k — NF (2k41) + €k, (3.2)

here F : R — R? is a monotone and L-Lipschitz continuous operator, €, € R® arbitrary



3 Proximal Point method with Error

vector, 1 a positive constant. Then for z € R% and for each k > 1 we have:
Flain) (k1 —2) = gk 2lP = a2l ==zl el (zhan—2). (3.3)
2n 2n 2n 7

Proof. Using the update scheme in (3.2) we have for £ > 1:

kst = 217 = llzw = 201 + [ F ) I” + llewl|?

—2n(z — Z)TF(zkH) + 262(,2;C —z—nF(zp41))

(3.4)
= llzk = 212 + P I F ()P + llewl® + 264 (21 — 2 = nF (2441))
— (211 — 2) " F(zk41) — 20(2k — 2k11) | F(2k41).
Replacing F'(zj11) with %(—Zk_l,_l + 2z + €k) it yields:
21 = 2017 = 2k — 21 + =201 + 25 + exll* + llenl® = 2n(zk01 — 2) T F(zr11) (3.5)
+2(21 — 2ig1) | (Zhg1 — 2k — €x) + 261 (Zrg1 — 2 — €x).
Rearranging the last 2 terms, we obtain:
T T
2(zk — 2k41)  (Zh41 — 26 — €k) + 265 (2p41 — 2 — €)
= —[l=zk41 + 2k + €&ll® = 12k — 201 )1* + € ((2hr1 — 2x) (3.6)

+ (2 — 2) + (241 — 2 — €))

= —ll=zr1 + 2z + el® = llzn = 2rl® = llewll® + 265 (2611 — 2)-
Hence for all £ > 1:
lzts — 2017 = 2k — 2112 = 20(zks1 — 2) T Fzisn) = 12k — zis > +26] (21 — 2). (3.7)
Rearranging the term we get

1 1
Ia T o e a2 2
(1) (i = 2) =gl = 2l = -l = 2

1 1
- %szﬂ — 2|2+ Eeg(zk—&-l —z).



4 Generalized Extra gradient methods

In this section we will look at a more generalized version of EG and ODGA as seen in
[TD23] page 12 and 13. Using a similar proof like in [MOP20], we will later show that
these classes of algorithm also have the rate of O(1/k) for the gap between the function
value at average iterate (i, ) and function value at the saddle points.

Definition 4.1. Extra gradient The class of extragradient methods for solving:
z € zer(F) = {z € RYF(x) =0}, (NE)
starting from zy € R? we update:

=, — 1d
{yk Lk — 5k, (EG)

Tyt = Tk — NF(yg),

where 1 > 0 is the step size and § € (0, 1] is scaling factor and dy, is given as dj, := F(zy,)
or dy := F(yk—1)

Lemma 4.2. Let {(zg, yr) }r>1 be generated by (EG). Then for any v > 0 and & € R?
we have:

2
. . 1 N
ks = 217 < Il — 21 = Bllye — @xl® + I Ce) - dil* = 20F (yr) " (yx — 2)

(4.1)
— (B=lye = g1l = (1 = B)l|zx, =z |-
Proof. Using xp11 — xx = —nF(yx) we have for all & € R™ x R™:
|zrir — 27 = [lzx — 21° + 2(zh11 — 20) T (2 — &) + 2ps — 2]
— ok — 312 + 2o — 20) (e — B) — Jonps — el (42)

= llax = 21> = 20F (yn) " (wry1 — &) — lons — 2>,
Next using ndy = 5(xr — yx), Cauchy-Schwarz inequality and the identity
2(k41 — yk)T(xk —yk) = [lzk — Z/kHz + [[p+1 — ka2 = [|zp1 — ka2a

and the fact that for any v > 0: 2|z Ty| < ||z||® + %HyH27 we can conclude for all k£ > 1



4 Generalized Extra gradient methods

and v > 0 that:

20F (yi) " (w1 — &) = 20F (yi) " (g — 2) + 20(F(yx) — die) " (21 — Yk

+ 2ndy (Tri1 — yr)
2
A n
> 20F (yk) " (yr — &) — 7\|F(?/k) — d))* = YNk — vl

4 Blllar = il + ziat — el = ziss — 2] 43
= 20 (0) (0 )+ ok~ 21l? ~ T IF) ~ il
+ (B =Dwks1 — vell* = Bllwrs1 — k.
]

Lemma 4.3. Let F' be a monotone and L-Lipschitz continuous operator.
Let {(zk, yx) tk>1 be the sequence generated by (EG). Then for any w > 0 and k > 1 we
have:

anLQ
52

1F @rs)I? < NF @)l = 1F () — F )| + IBF (yx) — dil|?

— (w = )| F(zrs1) — Fyr)|*.

(4.4)

Proof. Since F' is monotone, using the relation in second line of EG:
Tr1 — Tk = —NF(Yr),
we get:

0 < (F(aks+1) — Far) T (wpg1 — 21)
‘ = (F(2p41) — F(z) T (=nF (yi)) (4.5)
= (F(z) — F(xr11)) T (F (yi))-

Hence we have

0 < 2(F(zx) — Flaei1)) Flyr)

2 2 2 2 (4.6)
= [F@e)ll” = 1F@e )7+ [1F(ye) = Flene)I” = [[F(ze) — Fy) [
Moving || F(xy41)||? to left hand side, we get:
1F (i) 1 < I1F (@) |* + wlF(y) = Flarea)|® = (@ = DIF () = Flar)|? (4.7

— 1P (k) = F(yw)1*.

10



Using the fact that F' is L-Lipschitz continuous and y; —zr+1 = nF (yr) — %dk, we obtain:

1F (@ )IIP < 1F @) 12+ wL? g — 2l = (w = DI E(yr) — Fzre)|
— |1F () = Flyw)l®

= IF (@) 2 + L2 () = Jael* = (0 = DI Ple) = Flane)
— 1) — Py (4.8)
— [P @) = |1F () - Flan)|” + ”2;’}2 18E(ye) — di?
— (@ = DI|F(w) = Pyl
O

11



5 Forward Reflected Backward Splitting

Letting di = F(yx—1) in (EG), we have xp = y + %yk_l. Substituting to the second line
of (EG) we get zx41 = yr + %yk_l —nF(y;). We can then eliminate xj to obtain the
update of y, for any £ > 0 and initial points y_1 and yg:

Yei1 = U — g«l + B)F(y) — Flyr1)). (FRBS)

This method is also called Popov’s method to solve (NE). By setting 5 = 1 we get the
Optimistic gradient descent ascent (OGDA) in [MOP20]

Theorem 5.1. Let the sequence {yi}r>1 be generated by (FRBS) with y_1 = yo and F
a monotone and L-Lipschitz continuous operator. Let § € (0,1] and n < % Then:
a) For any y and k > 0 we get:

1 1 L
F T ) <l — a2 — —ull2 + il — v 112
(Yka1) (Ukr1 —y) < 77Hyk Y| inlykﬂ yl| +25Hyk Yr—1||

 (Flyesn) — Flo) (st — ) — fﬁuykﬂ P G

- ;(F(yk) = Flyr-1))" (g — v).

b) The iterates {yx}r>1 stay within the compact set D defined as:

2
D::{yGRd: y—y*QSy—y*Q},
Iy =91 < 55 =5l — v+

where y, € zer(F)

Proof. a) We rewrite the update in (FRBS) in the form yx11 = yx — nF (yg+1) + €k, where
ex = n(F(Ye+1) — F(yr)) — F(F'(yx) — F(yk—1)). Substituting this into (3.3) we obtain

12



for all £ > 0:

F(yrr1) (Y1 — )
1 , 1 , 1 , 1+
= 2nHyk yl| 2nHyk+1 yll 27]”?Jk+1 yrll© + o (Yer1 —¥)

_1 21 o1 2
= 2nHyk vl 2nHyk+1 yll 27]”.%“ yill
1
+ (F(yk1) — Flu) T (yhr1 — ) — E(F(yk) — F(yr-1)) " (rs1 — v) (5.2)

_ 1 2 1 2 1 2
= 5ol =l = 5l — vl = gl — wl

T+ (F(yern) = Flu) (ier —v) — ;<F<yk> — Flyeer)(wk — v)
+ ;<F<yk> ~ F(e1) (e — yern).

Using Cauchy Schwarz inequality, the fact that F'is L-Lipschitz continuous and ab <
2(a® 4+ b%) we then get:

1 1
E(F(yk) — F(yi-1)) " (e — yrs1) < BHF(yk) — F(yr—0)lllvx — Yrg1l
L
< EHZ/k — Yr—1lllye — yrs |l (5.3)
< g — Ny — .
> 2l8||yk Yp—1lI” + QﬁHyk Yr+l

Substituting back in (5.2) we get:

F(yk+1)T(yk+1 )

1 2 1 2 1 2
< _ I _ - —
> 277”% Y| 2n\|yk+1 yl| 217||yk+1 k|

- (Flyer) — Fu) T (ies — 9) — ;<F<yk> — F) (o — v)

L 2, L 2 (5.4)
+ %Hyk — yp—1|l” + %Hyk — Yt ||
1 1
< %Hyk —y|? - %Hyk-&-l —yI2+ (Fyre1) — Flyr) T (yrs1 — y)

- ;<F<yk> — Flyee) Tk — ) + jﬁuyk Cpel? - QLﬁnka TS

Here the last inequality holds because n < 57

13



5 Forward Reflected Backward Splitting

b) Taking the sum over k =0 to N — 1 we get for all N > 1:

S Fert) (st — ) <o — 81 — Il — 91 — g — g
o 2 2n 2

+ QLBHyo —yal?+ (Flyn) — Flyn-1)) " (un — )

| (5.5)
- B(F(yo) - F(y—l))T(yO - y)
N—-1 1
+ > (1= ) (F(ye) — Flyr—1)) " (e — v)-
= P
Since y_1 = yog we get:
S Fls) s 1) <o = 912 = g — w1 = =l — g
P Yk+1 Yk+1 — Y =9 Yo — Y 2 YN — Y 23 YN — YN-1
+ (F(yn) — Flyn-1)) (yn — v) (5.6)
N—-1
(1 D) (F ) — Floe1) T — ).
- P

We can rewrite yry1 = yx — F((1 + B)F(yr) — F(yx—-1)) in the form:

Fyk) — Fyg—1) = g(yk = Yk+1) — BE(yk)-

Hence for any k£ > 1:

6 T
(Fly) — Flyno1) (v — ) = (n<yk ) — BF(yk)> (i — 9).

14



Applying this to (5.6) to get:

1 1 L
F < o —all2 — a2 v 12
E (Yrr1) T (Yrs1 — ) < 277Hyo Y| 277HyN Y| 25\\yw yn—1|

+ (F(yn) — Flyn-1))" (yny — v)
N-—1

.
+ 2 (1-— ;) (i(yk — Yr—1) — BF(yk)> (yr — )
= ;nHyo —ylI” - iHyN —ylI” - QLBHyN —yval® (5.7

+ (F(yn) — (yN D) (yn — )

N—-2

+ 3 (1= B)(F(yks1) " o1 — y)
k=0
1 N—-1

+= — D) (yk — ve+1) | (g — v).
[y

Bring EN 2(1 — B)(F(yr+1) " (yrs1 — y) to the other side to obtain:

1 1
Flyn) (yn —y) + B Z (Whr1) " (W1 — ) <o—llwo —ylI> = —llun —yll?
Pt 2n 2n

- *HZIN - yN-l”2
((yN) Fyn—1))" (yn — v)

p—1

N-1
Zyk*ykﬂ (Yk — ).
[

(5.8)

Using the relation 2(yx — yrt1) " (vk — ¥) = lye — vt [® + llwe — yl1? = lye+1 — yl|* we
get:

1 & T g1 2 = 2
— 2B =Dk = vern) (e =) = 5l =yl = lluw = wll* + > vk = veall”).
M =1 n k=1

15



5 Forward Reflected Backward Splitting

Substitute it to (5.8) we obtain:

N-2

1 1
Fyn) (yv —y) + B8 Y Fyes1) Wre1 — ) S—nHyo —y|* - %Hyw —y?
k=0

- 5l = o

+(F(yn) = Flyn—1)) (uv —y) (5.9)
—1

5 = ol =l P

N-1

+ Z 1Yk — Yrsa [|?)-
k=1

Since (3 € (0, 1], which mean 8 — 1 < 0, we get the following inequality:

N—1
1 1 L
I T ) < e — 2 — o2 B PPN
B kz:% (e+1) " (k1 —y) < 277Hyo yl 277Hyzv yll 25!\@/N yn—1]|
+ (F(yn) — Flyn-1))" (yn — v)
6—1
= llow =P (5.10)
n
1 s P s L 2
= 277Hyo yll 277”?/N yll 25!\yw yn—1]|
+ (F(yn) — Flyn-1)) " (yn — y).
Now let y = y, € zer(F') we get:
F(yk+1)T(yk+1 - y*) = (F(ka) - F(y*))T(ka - y*) >0
for all £ > 1. Hence we get:
1 3 L
0< Mo —wl?2 -2 T a2
<grllvo = 9l = 4ol = 32l = 35l — v _

+ (F(yn) = Flyn-1)) " (yn — )

Using Cauchy-Schwarz inequality, the fact that F' is L-Lipschitz continuous and
ab < %(%cﬁ + Bb?) for B > 0, we obtain:

Flyn-1))" (yn — ) < Lllyny — yn-1llllyn — sl
L

< =

<33

BL
lyn — yn—1l” + 7”yN — .|

16



Applying this relation to (5.11), we get:

=

1 3 L
0<—Ilyo — v |2 — 2 o L —un 1112
_277Hyo Vel 277||9N Y| 25HyN yn—1|

L 2 BL 2
+ %Hyw —yn—1]|° + 7|lyzv 2 |

Hence:

”2 + ﬁ(’?L — 1)

0< = flyo—u lyw — s
T 2n 2n

Therefore we obtain:
1 2
lyn = vl < m——=llwo — vl < 75— llwo — wlI*-
" Bl —nL) B(2-B)
In the last inequality we use the fact that n < % O

The above theorem shows that the sequence of iterates {(ux,vk)}r>1 stays inside a
closed and bounded convex set. We will use this result in the following theorem to show
the convergence rate of O(1/k) for the gap between function value at average iterates
and at saddle point.

Theorem 5.2. Suppose that f is a differentiable convez-concave function. Furthermore
assume that the gradient of f satisfy the assumption in Lemma 2.5. Let yx = (ug,vy) for
all k > 1 is generated by (FRBS) with y_1 = yo and F' defined as in (2.1). Let 5 € (0, 1]
and n < % Then we get:

ff—  min f(u,@N)]SD(ﬁ(SE/B)—i_JQVlnﬁ[Q—FB(;—'B)D

u:(u,dn)ED

_|_

[ .(maX flan,v) — f*

v:(tn,v)ED

Here f* = f(ux,vs), D = |Jug — us||? + |Jvo — v« ||? and

_ _ 2 .2
D= { o=+ o= 2 < 57—

(o = s+ oo = 2] | .

Proof. Recall (5.10), we get for all N > 1:

N

T 1 5 B , I )
B3 F )T (=) < gl = ol = ol = ol = gl =l
+ (F(yn) = Flyn—1)) " (uw — ).
Hence:
L i\f: Flye) (e —y) < ﬁ”yo — 9yl + (F(yn) — Flyn—1)) " (yn — y)
k=1 N,B

17



5 Forward Reflected Backward Splitting

Note that:

2
oo =17 < 2(lan = wel? + e —ol) <2 (D4 25,

here the last inequality follow from part b) of the previous theorem. Similarly, using
Cauchy-Schwarz inequality and the fact F' is a Lipschitz operator:

(F(yn) — Flyn—1)) " (yv — y) < Lllyx — yn-1llllux =yl
On the other hand for any z,y € D:

2D
B2-p)

Using Proposition 2.7 we finally obtain for all y = (u,v) € D and N > 1 that:

e =yl < llz = yull + [ly — gl < 2

1Y D (gils + %2+ 3555))
_— 1 e |
flan,v) N /;:1 Tye — ) NG

O]

The result of Theorem 5.2 show the O(%) convergence rate of the primal-dual gap
MaX,. (4 v)ep f (N, v) — ming ;) ep f(u,0n), which is often used to measure the
closeness to the true solution in convex-concave setting [Nem04]. The duality gap is zero
if and only if (4, ?,) is a saddle point of the problem.

Corollar 5.3. If the assumption of previous theorem is satisfied then:

8L 1 4
D (a8ts + %12+ 3545
Np

|f(an,on) — f| < VN > 1.

Proof. Since y. = (ux,v,) € D and it’s the saddle point we have both

MaXy: (4 y)ep f (N, Y) — f*] and [f* — MiNy:(y, 5y )eD f(u,@N)} are non negative.
Furthermore:
f(la’Nvf}N)_f*S max f(aNuy)_f*7

v:(an,y)ED
and
ff=flan,on) < f*— min__ f(u,dn).
u:(u,dn)ED
D
Therefore |f(in, On) — f*| < (s B)Jrf\}’; +rem)) VN > 1. O
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6 Forward Backward Forward Splitting

Recall the formulation of extra gradient method:

{yk 1= xp, — 4dk,
Tt = 2k — NF(yp) VE = 0.

We now set d = F(x) and derive a formula of yi,1 for all & > 0:
_ N _ 1 n
Yk+1 = Th41 — BF(:EIH-I) = yr — n(F(ye) — BF(ﬂﬁk)) - BF(CCIH-I)-

Here the second equality is obtained by setting x; = yi + %F(xk) in the second line of
(EG). In order to do similar analysis like in FRBS we reorder the term to get for k£ > 0:

Yer1 = Yk — 1F (yes1) +0(F(yrr1) — Fu) — %(F(sckm — F()).

This method is called Forward Backward Forward Splitting (FBFS).

Theorem 6.1. Let {(zk,yx)} k>0 be generated by FBFS with F' a monotone and L-
Lipschitz operator. Furthermore let n < % Let x, € zer(F). Then we have for all
k>1

I and lye — 2.]* < (2 + Mo — a.*.

N e

2
B—Lny
Proof. Using Lemma 4.2 we obtain for any v > 0 and k& > 0:

2
A A n A
zks1 = 2% < ax —21° = Bllyr — zxl® + 7”F(yk) — dg|* = 20F (yr) " (yx — 2) (6.1)
= (B=Dlyr = sl = (1 = B)llwg — zpa >
Replacing & with z. € zer(F) we get F(yx) " (yr — 2+) = (F(yx) — F(2+)) " (yk — 24) > 0.
Furthermore, let dj, = F(zy) and ||F(yx) — F(xp)||?> < L?||yx — x1||?, we obtain:

L2772
- Mk — k]

2 2
€T — Ty < ||z — T« -
[@k+1 17 < Nl == (8 (6.2)

= (B = Dllye = wrsal® = 1 = B)llaw — zp4a -
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6 Forward Backward Forward Splitting

Choose v = Ln and since 3 € (0, 1] the inequality implies:
41 — |2+ (8 = L) (llye — zul” + lye — zrral?) < llow — 2% (6.3)
Hence we obtain
zp1 — 2a? < [log — 2. < - < lwo — 2%,

due to the fact that (8 — Ln) > 0 from our choice of 1. Furthermore we have |y — z||* <
|z — 24]|?. Therefore for all k > 0:

2

B —Ln
2

B —Ln

n%—wAQS%mma—mW+w%—me%§(2+

)l =z
) llzo = ..

< (2+

This shows that the iteration {(ug,vy)}r>1 generated by the algorithm also stays
within a bounded set D like in FRBS.

Theorem 6.2. Suppose that f is a differentiable convez-concave function. Furthermore
assume that the gradient of f satisfy the assumption in Lemma 2.5. Let {(xk, yi)}k>1,
generated by FBFS and F defined as in (2.1).

a) For all k>0 and y € R™ x R™:

1 1 1
F T _ < . 2 - o 2 _ 2
(Wr+1) Wre1 — ) _QnHyk yl| 27]”9k+1 Y| +72onk+1 k|

+4F@Hn—;Fanf@H1—w (6.4)
—wF@w—;mef@k—w.

b) Let yy, = (ug,vy), then we get for all N € N:

max__ f(in,y) — f*| +

’L):(ﬁN,y)G'D

D {11 21

* —  min U,V < — o>
f u:(u,@N)EDf( N)] N n 277(6 - Ln)

here f* = f(ux,vy), D = |lug — u*H2 + |lvo — U*HQ and

D = {(u,0)llu — usl* + fJo — v < (2 + )(Iluo = ws|* + [lvo — vZI1)}-

2
B — Ln

20



Proof. Applying (3.3) to yr4+1 we get for all £ > 0 and y € R™ x R™:

1 1
Fykr) " (e =) = lluk = oll* = - llywer — ol?
1 , 1+ '
- %”yk—l—l — ywll” + 'k (Yk+1 = ¥)-
Where e = n(F(yk+1 — F(yr)) — F(F(zp+1 — F(zg))). First, we work on the term
1T .
26 Wk — y):

11762(914-1—1 —y) = (F(yrt1) — ;F(xk+1))T(yk+1 )

—(Fly) — ~F(ar) (gesr — )

5
= (Fls) = 5F (@) (e =) (6.6)
~ (Flye) = 5F@) (=)
~ (F) = 5P @) (s — ).
We get from our formula of FBFS that F(yy) — 5F(zx) = 5 (y — @x11)- Putting it into

the last term and using Cauchy-Schwarz inequality as well as Young inequality, for all
k > 0 we obtain:

C(F ) — SF@) (e — )

1
< —lyk — Zrr1 || Yk+1 — Yk
5 7 1llllye+ |
1
< %(Hyk — e ||* 4 yes1 — vell?)-

Together with (6.5) and (6.6) we get:

1 1 1
F(yes1) " (rs1 — ) Syllyk —yl* = =lyks1 — yII> + = llzrs1 — vell?
n 2n 2n

+ (F'(Yk+1) — ;F(l’kﬂ))T(ka ) (6.7)
—WF@M—;F@wﬁ@h—w.

Which conclude part a).
For part b) of the proof we once again taking the sum of the above inequality over
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6 Forward Backward Forward Splitting

k=0...N—1:
N
> Fye) " (yk — v) <*||yo—y||2— fllyzv y||2+— ZkaH — |2
k=1
+ (Flyw) - ;mew ) (6.8)
— (Fyo) ~ ;mo)f(yk ).

For all N > 1. Once again using F(y;) — %F(mk) = %(yk — Zk+1), Cauchy-Schwarz
inequality and Young inequality, we get:

N
1 1
F( —y) < —llyo —y||* + — — yil?
Z () " (e — ) < 277“3/0 yll* + 2 ;Hl‘kﬂ Yl
1
+%(Hx1 — ol + llvo — ylI*) (6.9)
1 1 Y 1
==llyo = yl* + 5= D _lwrs1 — wil® + o=llz1 — wol*.
U 21 ,g] 21
Now using the proof of Theorem 6.1 for all

y €D ={(u0)llu—w®+lv - < (2+ )(luo — wal|* + floo — v}

2
B —Ln

and set x, = (ux, vx), we obtain:

2
2 2 2
yo — yll° < 2(llyo — zul|” + [lzx — v §4<2+ )D,
I | (ll 17+ |l 17) 5 In

2
o1 = solP < 2(ler — 2l + o~ ol?) <2 (D + (24 5= ) D).
y (6.3), we get for all k£ > 0:

k1 = 2l + (8 = Ln)(lye — zall® + g — 2rrall?) < Jlaw — 2.

Summing over K =0... N to obtain:

N
(B —=Ln) Y _llwrsr — yell* < llwo — .
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With all these term we have the following inequality:

N
1 D1 8 1 2
— —y) < = 1|=(8 -3
Nz:: o) N[n(+ﬁ—Ln>+n<+ﬁ—Ln>
1 } 6.10
. (6.10)
2n(B — Ln)
D [11 Lo ]
N Ln  2n(8—Ln)
Similar to the proof of FRBS in the last section we use Proposition 2.7 and get:
D [11 21
)7 L] L O N
(G,v) Z W=y n - 2n(8 — Ln)
O

Similarly, we get the bound for the gap between the function value at average iterate
and the true solution:

11 21
o) = 1€ 5 |5+ 5r -

Remark 6.3. The FBFS algorithm requires us to make an additional calculation of
gradient compared to FRBS. On the other hand FBFS allow us to use better step size %

compared to FRBS %
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7 Numerical Experiment

In this section we perform numerical experiments to observe the convergence rates of
FBRS and FBFS with different step size and choice of 5. We consider the following
minmax problem:

1
min max £(u,v) := ~u' Hu—u'h —v' (Au —b),
u€R™ veR™ 2

here H := 2A" A. In the first experiment we set n = 1000 with the following choice of A,
b and h:

-1 1 1 0

|
—_
—_
o

The problem is introduced in [OX21] and it was shown that [|A|| < § hence ||H|| < 1.
That why the operator (u,v) = [V f(u,v); =V, f(u,v)] can take the Lipschitz constant
L = 1. Since the solution can be calculated rather easily, we can calculate the difference
|f(an,on) — f*| and use it for our experiment.

To see the effect of different pairs of (3,7n) we choose 7 different values of § and for each
we choose 1 = % for FRBS and n = % for FBFS. The Figure 7.1 is the result of running
both FRBS and FBFS for a random starting point zy = (ug, vg) such that ||zo — z*|| < 10,
where z* = (u*,v*) is the solution. We see that the function values oscillate near the
solution. We can also see that the gap do reach the rate O (%) However, due to the

oscillation near the solution, it is difficult to determine which pair of (/3,7) is the optimal.
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10-1—__ﬁa“\\
T — = —
1072 \
1073 ~
10—? 4
—— FBRS function gap at beta=0.5 eta=0.4 L|
10-9 —— FBFS function gap at beta=1.0 eta=0.8
—— FBFS function gap at beta=0.32 eta=0.9
—— FBRS function gap at beta=0.6 eta=0.45
1p-11 4 — FBRS function gap at beta=0.6 eta=0.45
—— FBRS function gap at beta=0.5 eta=0.4
rrT—
10°

101 102 107 104 10°

Figure 7.1: Sample from different 5 and 7

Therefore, to see the impact of the choice of (/3,71) I choose the following method:
For each pair of (3, 7), I generate 10 starting points zg = (ug, vo) such that ||zo—z*|| < 10,
where z* = (u*,v*) is the solution. Since the function values oscillate near the solution, I
run the algorithm for each starting point until the values |f(iy,0n) — f*| is less than
1076 for 1000 consecutive iterations. The tables below show the average number of
iterations needed for each pair (53,7):
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7 Numerical Experiment

0.2 0.25 0.325 0.4 0.45
0.25 317936.3 254560.1 196102.4 159451.9 141860.3
0.32 248714.1 199075.7 153445.8 124835.3 111075.2
0.5 159458.2 127788.0  98506.4  80246.7  71419.3
0.6 1331104 106677.7 82241.1  67035.0 59696.7
0.75 106677.1 85521.4  66023.8 53827.9  85515.0
0.85 94214.6 75567.5  58367.4  94226.4 83856.4
1.0 80218.1  64396.5 88777.0 80222.1  T71428.8
Table 7.1: Average number of iterations for FRBS
0.4 0.5 0.65 0.8 0.9
0.25 159469.9 127801.5 98530.5 80201.4 71422.6
0.32 124812.0 100062.9 771749 62892.8 56038.3
0.5 80264.5  64400.9 83895.4 80224.6 71436.3
0.6 67043.6 53823.5 82244.6 67020.6 59684.0
0.75 59122.2 85513.0 65999.9 53823.0 64372.8
0.85 94209.8 75558.4 58358.2 70900.0 63129.8
1.0 80215.1  64382.7 57067.6 60414.6 53821.6

Table 7.2: Average number of iterations for FBFS

Here the first column indicates the choice of 8 and the first row is the choice of ¢ that
we use to calculate 7. We can observe that g = 1.0 isn’t always the most optimal choice
for this example. In fact g = 0.75 and o = 0.8 is the optimal among the 30 pairs we
observe for this example. Also as noticed in Remark 6.3 the usage of larger step size in

FBEFS allows us to converge with less iterations.

For the second experiment, we reduce the dimension to n = 200 but now A is a random
sparse R™ x R™ matrix and b and h are random R" vectors. After running the experiments
6 times for all pairs of (/3,7) like above, I take the average as shown in the tables below
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0.4 0.5 0.65 0.8 0.9
0.25 191341.55 157855.8667 127874.3333 101718.3667 90590.06667
0.32 151226.1333 119529.8667 97749.63333 84995.25 81168.68333
0.5 105338.0333 90830.86667 66929.21667 53880.63333 49911.3
0.6  88357.61667 69847.03333 57444.38333 ©51131.76667 44629.03333
0.75 72919.05 63491.46667 47800.06667 39502.51667 38356.81667
0.85 64546.4 53691.18333 41184.56667 37699.15 33158.86667
1 58105.06667 48189.43333 38448.56667 31149.85 29845.18333

0.4 0.5 0.65 0.8 0.9
0.25 104815.85 86915.88333 65837.18333 57846.08333 54862.78333
0.32 85009.5 69201.21667 53955.18333 47028.3 45949.2
0.5 58216.1 48130.98333 37343.18333 32883.51667 29226.08333
0.6 50066.15 42359.01667 33298.61667 27792.51667 25663.6
0.75 42499.01667 34423.13333 28320.2 23328.15  20303.93333
0.85 36969.41667 30465.68333 23869.31667 22035.08333 19418.13333
1 32727.55 27467.88333 21738.8 19186.71667 17578.5

Table 7.3: Average number of iterations in random matrix case. First table: FBRS,

second table: FBFS.

In this experiment however, we can see that the largest pair of (3, 7) is the optimal
value. But on some individual case, a different choice of (3,7), i.e § < 1, could be the

better choice.
In conclusion the methods introduce in [TD23] retain the O (%) convergence rate for

solving smooth convex-concave saddle point problem from ODGA and EG, while allow
the algorithm to be more flexible by the choosing of 5.
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Abstract: Das Min-Max-Problem spielt in verschiedenen Bereichen eine wichtige Rolle,
z. B. bei der Roburst-Optimierung oder bei Nullsummenspielen. Die Losungen fiir
solche Probleme werden Sattelpunkte genannt. In meiner Arbeit werden wir uns mit der
Extragradienten-Methode beschéftigen - eine bekannte Methode, um einen Sattelpunkt
einer glatten konvex-konkaven Funktion zu finden. Wir werden die von Ozdaglar einge-
fihrte Technik verwenden, um zu zeigen, dass diese Methoden die Konvergenzrate von
O(1/k) erreichen.
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