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The Problem (recap)

Input
B ded in R"

* n-dimensional box: BZ & {x € R" | ||x|lec < 1} — oundedvectorsin

« m-dimensional simplex: A™ £ {y € RT}, | ||yll; = 1}

Probability distributions
on m elements

Output:

* An approximate solution to

min max f(x,y) € yTAx +c'x— by

XEBL yeA™ / \

Box-Simplex Game £1-f, Game



Key Motivating Questions (recap)

Question #1
How can we design efficient methods for solving box-simplex games?

Question #2

How can we leverage box-simplex solvers to solve continuous and
combinatorial optimization problems?




* Box: B} ¥ {x € R" | ||lx]l, <1}
° ° H . m def m —
Talk Plan (This Week) Simplex: A7 £ 4y € Ro | Iyl =1}
. gé%;relg%(lf(x,y 2y Ax+c'x—Db'y

Part1  Primal and dual problems Friday
Structure of * Approximate solutions Interior Point
box-simplex games  Discuss state-of-the-art runtimes Methods

As we have time.

* Box-constrained € ,-regression

Part 2 * Linear programming
Applications * Maximum cardinality bipartite matching
* Undirected maximum flow

* ¢ -Gradient Descent (constrained steepest descent)
e £,-Mirror Descent (multiplicative weights)
* Mirror prox and primal dual regularizers

Part 3
Algorithms




 Box:BE ¥ {x € R"|||x]le <1}

Approximate Solutions (recap) * smwec 2" =€ E vl =1

min max f(x,y) ¥ yTAx +c'x—bTy
XEBIL yeA™

Primal Problem Dual Problem
* min fmax(x) and frmax(x) = max f(x,¥) * max fyin(y) and finin(y) = min fO,y)
XEBg yEA™M yEA™ XEBg,
* fmax(x) =c'x+ irg[%[Ax — b]i * fmin(Y) = _bTy — ”ATy — b”l

Approximate Solutions
e-approximate saddle-point (x.,y:) € BEXA™ if frnax(Xe) — fmnin(Ve) < €

. O [fmax(xe) o ;géryll fmax (X)] + [maxyeAm fmin (y) — fmin(ye)] <ec

Box-Simplex Solver Theorem
There is a method which solves box-simplex games
to accuracy € in time ﬁ(nnz(A)llAllop’oo/e).




Slightly different than last time and specialized for what we will prove.

Theorem
There is an algorithm which can

Undirected Maximum FIOW (Recap) i il

maximum flow, in time O (|E|e™1)

Capacitated Graph e e
otal flow leaving s or s > ¢t Flow

e ;7 = (V’ E’ ’LL) entering t flow in = flow out
.. E forallv & {s,t}
* Capacities: u € R3,

Feasibility /Capacity Constraints

. * Directed: f, € [0,u,]
Termlnals * Undirected: f, € [—u,, U] 3

e Sources eV
e Sinkt eV

Goal

Compute (1 — €)-approximate flow, i.e. a f € RE where f, = amount
feasible s — t flow of value > (1 — €)OPT. of flow on edge e




Linear Algebraic Formulation

Focus on undirected
maximum flow but keep G

. o _ . E
Input: Capacitated graph ¢ = (V, E,u) with u € RZ, irected. Thic e done <o for
Flow: f € RE f € RE meaning of f, is clear.

Imbalance: lm(f) € RV with [lm(f)]a = Z{a,b}EE f{a,b} — Z{b,a}EE f{a,b}
 im(f) = BT f for edge vertex incidence matrix B € RE*V

s-t flow of value v: im(f) = v - (ilt with gs,t e 1 —1,

f € RE satisfies capacity constraints: |f,| < u, foralle € E
 For U & diag(u) thisis the same as ||[U 1f|l, < 1

Linear algebraic formulation: “max a
fERF|BT f=ads and U™ flloo <1

1 a=-«c
By =11 b=c forall(a,b) EEandceV
0 otherwise



Demands: d € R where 3f € RE withBTf = d.
For connected undirected graph equivalenttod 1 1

Equivalent Problem

Congestion: ||[U™1f]|

Maximum Flow Minimum Congestion Flow
* Input: G = (V,E,u)ands,t eV * Input: G = (V,E,u) and demands d € R
* Problem: a, = _max a * Problem: OPT(d) ¥ min |[U!f]le
fERE|BT f=adg: and U~ f |01 fERE|BT f=d
* (1 — €)-approximate: f, € RE with BTf, = ad,,, ° (1 -_I—le)-approximate: fe € R with BTf = d and
Ul <1,anda = (1 — €)a. IU" flleo < (14 €)OPT(d)

Lemma: OPT(5;,) = ai and given any (1 + €)-approximate minimum congestion flow f. for demands & , it is

: 1 : .
the case that feisa TioaPproximate maximum flow.

1
U= fllo
Proof:

* Let f. be a maximum flow. Then BT (aif*) = gs,t with ||U‘1 (;1 f*)

*

| g;l* and therefore OPT(gs,t) Szl*

0o
1 1 a,

> = =
- 1fe||oofe) U= felloo — (14€)OPT(8s,) — 1+e

. 1 . . . . .
Since e ™ 1 — € if suffices to solve minimum congestion flow!
€

* Notethat BT (



Almost Equivalent Problem

Minimum Congestion Flow Flow Feasibility

* Input: G = (V,E,u) and demands d € R * Input: G = (V,E,u) and demands d € R”

e Problem: OPT(d) ¥  min Ul e Promise: 3f e REwithBTf =dand ||[U1f]|, < 1
(d) feRElészd” fll f f U1l

° . E 1 T — -1 <
(1 + €)-approximate: f. € RE withBTf = d Output: f € R® with B'f = d and [[U™ fllo <1 +€

and lU™f| < (1 + €)OPT(d)

Reduction

* Solving flow feasibility for d = d suffices

OPT(d)
* Can find a good enough scaling of d by binary search

* Result: suffices to solve 0 (log e™1) flow feasibility problems for € :=—§



Approach?

Minimum Congestion Flow Flow Feasibility

* Input: G = (V,E,u) and demands d € R * Input: G = (V,E,u) and demands d € R”

* Problem: OPT(d) &  min U f|lo * Promise: 3f e REwithB'f =d and ||U1f]||, < 1
(d) feRElészd” fll i f wi f and [[lUf|

° . E 1 T — -1 <
(1 + €)-approximate: f. € RE withBTf = d Output: f € R® with B'f = d and [[U™ fllo <1 +€

and lU™f| < (1 + €)OPT(d)

Idea

* Pick penalty function p and solve min B'f—d
P Y P fEREIIIU‘lfIIooﬂp( f )

« Same as min p(B"Ux — d)
x€BE
*  What p to pick?
* Box-constrained ¢, regression? p(z) = ||z]|s?
* Problems! How bound ||BTU||4? How to handle approximation error?



: : * Find a penalty function better capturing problem
CongEStlon ApprOXI mators * Part of broader theory involving preconditioning

Congestion Approximator: R € R**V is an a-congestion approximator if ||Rd||,, <
OPT(d) < a - ||Rd|| for all demands d € R".

Theorem [P16]: there is an algorithm which given any capacitated undirected G = (V,E, u)
in O(|E|) computes an O(1)- congestion approximator with k = O(|V|), each column of R
being O(1) sparse and ||[aRBTU||, = O(1).



Recurse until residual Can choose parameters so

ApproaCh demand is so small can bottleneck is the first solve Yields 6(|E|E_1)

: . maximum flow!
solve naively! up to an additive term.

Congestion Approximator: R € R**V is an a-congestion approximator if ||Rd||. < OPT(d) < « -
||IRd || for all demands d € RY.

Theorem [P16]: there is an algorithm which given any capacitated undirected G = (V,E,u)in ~
O(|E]) computes an O(1)-congestion approximator with k = O(|V[), each column of R being 0(1)
sparse and ||aRBTU||,, = 1intime O(|E]).

Approach [S13,517]: solve

min |[|[aR(BTf —d)|l, = min ||[@aR(BTUx — d)||
”U_lf”wﬂ” (B"f =l ”x”wﬂ“ ( )l

* Value of minimizer is 0 and consequently, can obtain € function error in 5(|E|e‘1) time using
box-constrained regression algorithm!

= obtain f with [U™1f|lc £ 1and OPT(BTf — d) < eintime O(|E|e™ )
« Iffind any f' with||U™1f'||, < 2e and BTf' = BT f — d then obtain 1 + 2¢ approximation.



Box: B & {x € R" | ||x]lc < 1}

Talk Plan (This Week) : Simplex: A™ & {y € RY} | [[¥ll; = 1}

Part1
Structure of
box-simplex games

Part 2
Applications

Part 3
Algorithms

min max f(x,y) € yTAx+c'x—bTy
XEBIL yeA™

Primal and dual problems Friday
Approximate solutions Interior Point
Discuss state-of-the-art runtimes Methods

As we have time.

Box-constrained € ,-regression

Linear programming

Maximum cardinality bipartite matching
Undirected maximum flow

£ -Gradient Descent (constrained steepest descent)
£1-Mirror Descent (multiplicative weights)
Mirror prox and primal dual regularizers



 Box:BE ¥ {x € R"|||x]le <1}

Approximate Solutions (recap) * smwec 2" =€ E vl =1

min max f(x,y) ¥ yTAx +c'x—bTy
XEBIL yeA™

Primal Problem Dual Problem
" min fmax(x) = max f (x, ) * max fmin(¥) = Join f (x, )
* fmax(x) =c'x+ irg[%[Ax — b]i ¢ fmin(Y) = _bTy — ”ATY — b”l

Approximate Solutions
* e-approximate saddle-point (x., V:) € BEXA™ if frhax(Xe) — finin(Ve) < €

. O [fmax(xe) o ;géryll fmax (X)] + [maxyeAm fmin (y) — fmin(ye)] <ec

Box-Simplex Solver Theorem
There is a method which solves box-simplex games
to accuracy € in time é(nnz(A)llAllop,ooe‘l).




Box: B & {x € R" | ||x]|0 < 1}

Warmup Algorithms ¢ Simplex: o™ # (x € B, [l = 1

min max f(x,y) ¥ yTAx +c'x—bTy
XEBIL yeA™

Primal Problem Dual Problem
* fnin fmax(x) = max ) * max fmin(¥) = Jmin, fl,y)
* fnax(X) =cTx + max [Ax — D]; * fmin(®¥) = =b'y —lATy — bll,

Mirror Descent in £,

£ . -Gradient Descent

o ur—2; .
e ~¢~2 iteration method €~ “ iteration method

Norm Duality Dual Norm Facts
Forany norm || - ||: R™ — R the dual || - ||, is * || - Il; is the dual norm for || - ||, and || - || is the dual norm for || - ||;.
defined for all x € R™ as ||x]|. = nax yTx. « Foranynorm ||-]| : R® - R its dual norm || - ||.. is a norm
yll<

* Ix"yl < lixll - llyll. foralx,y € R"



Gradient Descent

Basic Method

* For differentiable f: R™ — R iterate
Xi+1 = Xk — NeVf (x)

Smoothness
* fis L-smooth if for all x,y € R"

IVFC) =VIWllz <L - llx —yll2

Lemma: for convex, L-smooth f, and n =

—_ 2
fx0) = inff(x) = 0 (L”’Co I

N——T

Primal Problem
Box: B & {x € R" | ||x]|0 < 1}

min fiax(x) = ¢"x + max[Ax — b];
XEBY i€[m]

Geometric Motivation

* For L-smooth f:R™ - Randall x,y € ]RnL
fO) S U = fFO)+ )Ty = %) +5 lly — I3

* Gradient descent derivation
Xic = M Vf () = argmin egn Uy, (X)

Obstacle Towards Applying to Primal Problem

* Problem is non-smooth (its non-differentiable)
* Problem is constrained

¢ |lxg — x.]|3 can be Q(n)



How to handle that problem is non-smooth

Primal Problem

Overcoming Obstacles - Box BL £ (x € R" [lxllo < 1)

e min f.x(x) = c"x + max[Ax — b];
XEBL i€[m]

Problem is non-smooth £, versus £, (||xg — x.||% can be 2(n))
* Smooth it! * Workin €.!
« smax.(x) ¥t -In(}; exp(x;/t)) * Xp41 = argmingegn U (x)
o F - T —_—
fmax (%) = ¢ Lx + smax(Ax = b) * U () E FGO + VT =) +% Iy = xli%

Problem is constrained

Def: f: y = Ris L-smooth with respectto || - || &

. ints!
Incorporate the constraints! IVFG) = Vil < L-|lx —yl|l forallx,y € y

* Xp4q1 = argmin,egn Uy, (x)
fetd 5 XE€Bco = Xk Helpful for analyzing algorithm.

L
* Uy ) € f)+ V)T (Y —x) +5lly = x|15 Lem: f: y = R is convex and L-smooth with respect
to]l-|| ©forallx,y € y

0< FO) = [F@) + VF@ (v — 0] <= lly — xII2

Lem: twice differentiable f: y = R is convex and L-smooth
with respectto || - || © forallx,z € y

. L
Helpful for analyzing /.0 < 2TV f(x)z < > l|zI|



Smoothed Primal

Lemma: smax;: R" - R forall x € R is

* convex

+ t~1 smooth with respect to || * ||

* 0 < smax;(x) — {rel[ag](xi <tlnn
exp(x;/t)

. [VsmaXt(x)]i = Zie[n] exp(xi/t)

Corollary: fmaxt forall x € B is
* Convex

* ||A]|%t~t-smooth

c 0< fmax,t(x) _fmax(x) < tinn

* Gradient of fmax’t computable in O(nnz(A))

Primal Problem
* Box:BE ¥ {x € R"|||x]le <1}

e min f.x(x) = c"x + max[Ax — b];
XEBL i€[m]

« smax;(x) ¥ t-In(}; exp(x;/t))
*  fmaxe(®) = cTx + smax,(Ax — b)

Proof let e; = exp(x;/t) and g; = ¢;/llell1

* maxe; < Y€ < N-maxe;

i€[n] ie[n]
0 e
d —smax X) =
dx e(x) = lle ||1
1i=je; el-ej]
d SMmMax,s(x) = — -
0x;0x; ¢ (*) lelly  llell?

| [

 Vsmax,(x) = g and stmaxt(x) =-[G-gg ]

where G = diag(g).

* (gT2)? = [Zle \/_Zle[n \/_zl]

< (ZiE[n] gi)[zie[n] gizf]| = 2" Gz
* 2762 = Yicpn 97 < llgllallzll%
Vfimaxt(¥) = ¢ + ATVsmax,(Ax — b)
* V2 max:(¥) = ATVZsmax,(Ax — b)A



Steepest Descent

Constrained £ -Gradient Descent  osimai roint vetnos

L
Xice1 € argmin £ (x) + [l — x|l
XEY

Setup Proximal Point Progres Lemma
* f:x — Rforclosed, convex y € R"

* closed, convex y, convex f: ¥y = R, and norm || - ||
* fis convex and L ,
- fis L-smooth with respect to || - | « g(x) ¥ f(x) +2 lx — x,||* for all x € y and some x, € y
* x, €argminge, f(x), A ¥ f(xo) = f(x.), D = |lxo — x|l

Method

. L
© Uy, (0) & fxp) + Vf(x) T (x — xp) 3 llx — x|l
* Xp4q = argmin,e, Uy, (x)for arbitrary x, €

. A . A
= minge, g(x) < f(x) — 5 - min{1,—

Proof: Letx, = (1 —t) -x, +t-x,forallt € [0,1]

* llxe = xoll = |t - (x. — x0)|l = tD

fx) <@ —1t)-f(xo) +t-f(x) = f(xy) —tA
g(xe) = F(xe) + 2l — xol1% < f(xo) — tA +% 2D

Analysis

o flxgs1) < Uy, (Xk4+1) [smoothness]

* Uy, (Xg41) = min Uy, (x) [algorithm]
XEx

« f(x) = fxg) + VFQx) T (x — x) [convexity]

. L
¢ f ) < min G+ lx — x|
XEx

AZ
2LD?2

A
If ., == € [0,1] then g(x,,) < f(xo) —

Otherwise t, > 1, A > LD?, and g(x;) < f(x,) ——2



Steepest Descent

Constrained ¢, -Gradient Descent

Setup Theorem
* f:x = Rforclosed, convex y € R" 2

. « Ay < forallk > 1
* fis convex and k+1

* fis L-smooth with respectto || - ||

Proof:
Method * A, decreases monotonically
. e T( _ Ly, _ 2
Uy, () & fx) + V()" (x = x5) +7 |l = el o flxrer) < f(x) +§ llx, — x|lZ so Ay SéDz forallk > 1
* Xg4p = argminge, Uy, (x)for arbitrary x, € x . Forallk > 1
: —— = < - — 1t <
Analysis A Drs1 Dpbgrsr — 2Dk4q minj 1, LD2) — 2LD?
: L : , L ,

* f(xpsq1) < r;lel)r(lf(x) +2 lx — xx |13 * Summing and using that 4; <~ D? yields
* Ay = f(x) — inf f(x), D = max ||x — y| 11k 1, ket

XEX X,YEX Ay Agyq — 2LD2 and Agyq — 2LD?

A . A
* fOs1) < f) —=F - min {1 L_Dkz}
Note: depends on the norm. improvability



Primal Problem
Box: B & {x € R" | ||x]| < 1}
min fo.x(x) = ¢"x + max[Ax — b];

A Primal €2 algorithm R S T

smax,(x) € t - In(}}; exp(x;/t))
fmaxt(®) = ¢Tx + smax,(Ax — b)

Recall (Structure)

* fmaxe is convex and ||4]|%,t1-smooth Analysis O (nnz(4) | A]|5,0€2)
~ €

URS fmax,t(x? — fmax(x) < tlnn * Pickt = 2logn
* Gradient of computable in O(nnz(A4 41 All%

Fmagt OME (nnz()) * FvaneGH) = 00 fra () < H1OER AL
Recall (Algorithm) * Pickk = [M]

def L
© Uy (0) & fxp) + VFOp) T (x — xp) 3 Ix = x> ¢ FraxOr) < fnax(xs) + tlogn +§ < fmax(x:) + €
* Xp41 = argminge, Uy, (x) forxg € * Algorithm implementation?
e Ap = f(xg) — inf f(x), D = max ||x — y|| * Can implement each step in 0(nnz(A4))
XEY X, YEX

LD?
Ay = forallk > 1



Warmup Algorithms

Primal Problem

* 9?61113?‘0 fmax (x)

* fmax(X) = ma,)%f(xJY)
yEA

* fmax(x) = c'x+ max [Ax — b];
ie[m]

£ . -Gradient Descen
e ~c~ 2 jteration method

* Box: B ¥ {x € R" | [|x][s < 1}
« Simplex: A™ & {x € RY}, | [Ix[l; = 1}

e min max f(x,y) ¥ yTAx+c"'x—b'y
XEBL yeA™

Dual Problem
* max fmin(y)

yeA™

* fmin(¥) = min f(x,y)
x€EBL
* fmin(¥) = =b'y — [ATy — bll4

Mirror Descent in £,
e ~c~2 jteration method




Dual Problem
« Simplex: A™ & {x € RI} | ||x]l, = 1}

Subgradient Descent iR ~Fn ) = DTy + 147y bl

Part of broader theory

Subgradient: g is a subgradientof f:y > Ratx €y  Lemma: g, & b + Asign(ATy — b) € 0[—fmin] ().
iff) = fx)+g"(y—x).

Dual Problem?

Subgradient Descent
* Xpy1 = X¢ — Nede for ge € 0 fmin(X¢)

_ 1
* Output Xr = Yie[r] Xt

* |dea:

_ < |Iblle + l|Asign(ATy = b)||e
* ||g¢ll, < G forall t (same as convex, G-Lipschitz) < 16Nl + |14l

e Can show that there is a choice of n; so that

Gllxg—xxll2
fQGr) - 1nf f(x) = 0( Ji ) (frin is convex and ||b]| e + ||A]lo-Lipschitz in £,)



Mirror Descent

Divergence

* r: ¥ = R convex and differentiable
s W Er(y) —[r@) +Vr(x) ' (y — %]

Proximal Step

* proxy(g) € argminye,g'y + Vy (y)

Strong Convexity

 Differentiable r is u-strongly convex with respect to
| - || if forallx,y € ¥

r() = () + Vr@ T -2 +5 Iy - xl?

When r is differentiable equivalent to formal definitionof r(t - x + (1 —t) - y) <t-r(x) + (1 —¢t) - r(y) ———

Proximal Progress Lemma
Forw = prox,(g) andallu € y
g'w—u) <V (W) -V (w) =V (u)

Mirror Descent If r is 1-strongly convex with respect to

| - Il and x;44 = proxi, (g;) forall t € [T]. Then, Vu € x

1
Yeerr 9¢ (ke —w) < V& (w) = Vi, (W) +_22te[T]”.gt”>xz<

Proof:
© ¢ (Kpyq —u) < ert(u) - ert(xt+1) — ertﬂ(u)
© g¢ (Ceq — Xp) — ert(xt+1)
1
< [lgellsllxes1 — xell —3 o1 — xell?
1
<2 llgel?

1
¢ gl (=) < VI - VW, )+ llgell?

ut(1-t) :
£ - y 2.



Mirror Descent

Divergence

* r: ¥ = R convex and differentiable
s W Er(y) —[r@) +Vr(x) ' (y — %]

Proximal Step

* proxy(g) € argminye,g'y + Vy (y)

Strong Convexity

 Differentiable r is u-strongly convex with respect to
| - || if forallx,y € ¥

r() = () + Vr@ T -2 +5 Iy - xl?

Proximal Prgress Lemma
Forw = prox,(g) andallu € y
g'w—u) <V (W) -V (w) =V (u)

Mirror Descent If r is 1-strongly convex with respect to || - || and
X¢y1 = Proxy,(g.) forall t € [T]. Then, Vu € x

1
Leerr 9t (e —w) S VL (W) — Ve, ) 45 Bl ge |12 -
Corollary Let f: y - Rwithx, € mein f(x)
x€x
* X1 = proxy, (—n~'g.) where g, € 9f (x;)

VI (x,) <D < _ |Tg?
* V() <D, llgells <G, andn = |—

2
= f(@r) — f(x) < / for X == Yyerr Xe

Proof: f(x;) = f(x,) + gf (x; — x,)
C 0 T lf () - FGe)] < D+15

) %ZtE[T]f(xt) — f(x.) <2nD



Multiplicative weights

A Dual €4 algorithm

Entropy regularizer

* Tent: A™ = R defined as 1ant(y) = X; v logy;

* Tent IS 1-strongly convex with respect to €4

* Jr]relgr)% Tent(Y) — minyeamrent(y) = O(logn)

Proximal Step

yi-exp(=gi)
Zie[m] Yi-exp(—gi)

* prox;(g) =

Theorem: there is is an algorithm which computes an
e-approximate dual solution in time

0(e~*(lIblle + 114l )? log ).

Run algorithm with x; = argminycam7en(y) = 1

1
m

Dual Problem
* Simplex: A™ & {x € R} | ||x]|; = 1}

* min —fnin() =bTy+||ATy — b||;

yeA7n

Mirror Descent If r is 1-strongly convex with respect to || - ||
and x;,1 = proxy, (g.) forall t € [T]. Then, Vu € x

1
Teer 9i (e —w) S VL = Vi, ) +5 Zerllge Il

Corollary Let f: y - Rwith x, € mein f(x)
xX€EX

* Xt41 = prOXfct(—Tl‘lgt) where g; € 0f (X¢41)

r TG?
° I/xl(x*) S DI ”gt”* S Gl and 17 = ;

_ 2G2D _ 1
= f(xr) — f(x) < ,’ T for X =7~Zt€[T] Xt

Lemma: g, & b + Asign(ATy — b) € d[—finin](¥) and
||9y||oo < |[blle + 1Al



 Box:BE ¥ {x € R"|||x]le <1}

Warmup Algorithms + Simplex A7 2 (x € B, [l = 1

e min max f(x,y) ¥ yTAx+c"'x—b'y
XEBIL yeA™

Primal Problem Dual Problem
) felll;?@o fmax (%) " max fmin(¥)
* fmax(x) = ma,)%f(x:y) * fmin(y) = min f(x,y)
YEA XEBL
*fmax(¥) = ¢Tx+ maxlAx —bl; - frin(y) = —bTy — ATy = by

£ -Gradient Descent Mirror Descent in £

o ~ -2 - .
* ~e~? jteration method : €™ iteration method
How to improve?

Primal dual method!



* Box: B} ¥ {x € R" | ||x]l, <1}
* Simplex: A™ = {y € R% | [lyll; =1

Primal Dual e min max f(x, y)‘_fyTAx-I—c x—bly

XEBL yeA™

¢ gap(x y) = fmax(x) _fmin(y)

Notation Mirror Descent?
* z € BEXA™ with z = (2%, zY) * Idea: apply to g(z)
e z¥ € B} and z¥ € A™
Problem #1
« Want e~ ! rate
Approach * Idea: mirror prox! smoothness!
¢ 9(@) = (Vef (2),~Vy f ()
« V.f(2) =ATZY +c Problem #2
* Strongl convexr n B xXA™ with
* Vyf(z) =Az*—b sup r(z 1n fr(z) bounded?
Z
. Thm anyr that is 1- strongfy convex W|th respect to
Bound « has sup, r(z)
1 N * Ideas:
* Suppose ;Zte[r] 9(z) (ze—u)<e * 1 can have interaction between BZ and A™

_ Y * Closer analysis of relation between r and
* Forz = %Ztem z; have gap(z¥,z7) < € Y g



Thank you

Questions?

Aaron Sidford

Contact Info:
* email: sidford@stanford.edu
* website: www.aaronsidford.com



