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Fmﬂ_:e-_Sur_n min R(h), R(h)=— ZL(h(xi),y,,;).
Optimization i=1

Hypothesis parameterized by w

min F'(w), F(W) (= % Z £(w; z;)
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Gradient Descent 1 Z
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Fmﬂ_:e-_Sur_n min B(h), R(h) zZL(h(xi),yi).
Optimization i=1

Hypothesis parameterized by w

l
min F(w), F(w):= % Z £(w; z;)

weld scD
Stochastic Gradient Descent

Unbiased estimator, e.g., V{(w; z;)
W< W — )
E|VF(w)| = VF(w)
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. o , 1 &
Fmﬂ_:e-_Sur_n min R(h), R(h)=— ZL(h(xi),y,,;).
Optimization i=1

Hypothesis parameterized by w

l
min F(w), F(w):= % Z £(w; z;)

weld scD
Stochastic Gradient Descent

Unbiased estimator, e.g., V/(w: z;
W AYP)) L

Independent of n. (ooks g00d?
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Surrogate of
Average Precision
(AP) Maximization

1 2xes, Hlhw(X) — hw(xi))
Flw) = S| xi26;+ 2 xes Uhw(X) — hw(x;))
Positive All Data 8 — 8+ U S_
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Surrogate of | 1
Average Precision weq F(w), F(w):=— Zi;)f(w; z;)

(AP) Maximization

A =157 2

XZES_|_

Stochastic Gradient Descent
Unbiased estimator ic

s
ctifl expensive !
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Robust Logistic | |
Regression min F(w),  Flw):= = ZZZE;E(W; )

Perturbed
min % D\ [log(1+ eXP(—yiE£® )] ) et
(xi,:)€D
E(W, Zz’)

Stochastic Gradient Descent

W W — Infeasible !
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Finite-Sum Coupled
Composition

Optimization (FCCO)
in F
weQ (W), How i it related to
nite- imization?
F(w) : Z £i(g(w; 2, 8)) Finite-cum optimization
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Finite-Sum Coupled
Composition

Optimization (FCCO)
R )
F(w) : Z fi(g(w; zz@
z;€D

Jake into account the cost of §:

Finite-Sum
Optimization (FO)

min F'(w),
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fz W $ Ziy S F(W) = é(w, zi)
Finite-Sum Coupled Finite-Sum
Composition Optimization (FO)
Optimization (FCCO)
e Bipartite ranking by p-norm Push e Logistic regression
b
1 | o
F = Ta T f Z; F(w) = — In(1 —Yi (W)
(w) 82;<8 2; ))) () = 3 D om(1 s )
e Neighborhood Component Analysis ® Ridge regression
. erci eXp(_HAXi - AXHQ) x W — W
P == 3 e e S =D (x) =g ol e v

x;€D ‘ Ci={x;€D: y]—yz}
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Stochastic Alg. for Stochastic Alg.

FCCO problems for FO problems
F F
R ) e )
F(w) : Z fi(g(w; zz Zé (w; z;)
z,€D
Stochastic Gradient (Biased); Stochastic Gradient (Unbiased);

Sample both D and 5: Sample D
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Finite-Sum Coupled
Composition
Optimization (FCCO)

min F'(w),

weld

Wait ! We have afready ceen

comething cimifar ...

F(w) : Z fi(g(w;z;, S;))
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Hu et al. "Biased stochastic first-order
methods for conditional stochastic
optimization and applications in meta
learning." NeurlPS 2020.

Finite-Sum Coupled Conditional

Composition Stochastic

Optimization (FCCO) Optimization (CSO)
Goal: better sample gpecc'a/ Cacse: BSGD, BSpiderBoost:

complexity & O(1) :
O(~/T) batch size
batch size ! r prooiem 1
Finite support A

F(w): Z fi(g(w; 2;, S;)) F( ) — EﬁfE(EC\ﬁ[QC(W; 5)])
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Finite-Sum Coupled
Composition
Optimization (FCCO)

min F'(w),

weld

F(w) : %: fi (g )
oup/ea'/

Wang et al. "Stochastic compositional
gradient descent: algorithms for minimizing
compositions of expected-value functions."
Math. Program. 161(1-2):419-449, 2017.

Finite-Sum
Composition
Optimization (FCO)
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Wang et al. "Stochastic compositional
gradient descent: algorithms for minimizing
compositions of expected-value functions."
Math. Program. 161(1-2):419-449, 2017.

Finite-Sum Coupled Finite-Sum
Composition Composition
Optimization (FCCO) Optimization (FCO)

=3 ilg(wim, ) Zf g(w; S))
z,GD w .
; {g(w;zl,Sl) 7°"7g(w;zna8n)T]

Refermolate FCCO ac FCO g(w; ) =
S=8U:--8---US,

fz() = fz(ﬂz) ]Iz = [ded7 cee 7Id><d7 s aded]
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Ghadimi et al. "A single timescale
stochastic approximation method for nested
stochastic optimization." SIAM J. Optim.,
30:960-979,2020.

The NASA Algorithm
for FCO problem F(w) = Z fi(g(w; S))

zZED

Sample mini-batches B; C D, By C S
— (I =7)u+vg(w; Bs)

Y Vg(w; By)V fi(u)

Z; EBl

V<—(1—ﬂ)v—|—ﬂ|B|
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Apply NASA to FCCO? .
F(w) := o Z fi(g(w; 24, S;))

z,€D
T T T
g(w; Bs) = [Q(W; z1,B21) ..., 9(W; Zn, Ban) ] Reformulation
n
1—~)u+ u e R" 1 2
@( " Fw)=—=)> f.(g(w;S))
Each iteration: sample and update n = N
for all n coordinates ! g(w;S) = [Q(W; 21,81) ..., g(W; z’mSn)T]

SZSlU"'Si"'USn
£:0)=£fil) L :=[04cd,---»axd,- - 0dxd]

Not efficient when n is larqe.
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Sayn=5,B,=2

Remedy: NASA + Rand. Sparsification

g(w;By) = |g(w;z1. Bo1]

7\

g(w;By) = [O,Q(W; Z2,B2,2)T,0,0,9(W; Z5,B25

1) overflow’?

2) per-iteration cost of rescaling
Randomly replace others with zeros (n-B, ) coordinates by (1- y).

3) no speed-up w.rt. B, (Proposition
@ (1—7)u+ u e R"
3.5 in Khirirat et al. 2018).

N | T T
g(w:z4,B24) ,9(W;25,B:5) ]

Only compute B, << n coordinates.
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(NEW) The SOX Algorithm F(w Efz (W; 2i, Si))

zZED

Sample mini-batches B} € D Btz sy

Only update and
sample for a subset of
coordinates !

<
I

t (1 ﬂ) t— 1_|_5— ZVgW zZ,Bf2)sz( )

Z; EBt

witl = wt — vt

Per-iteration computation cost: O(B))
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Finite-Sum Coupled

Composition
Optimization (ECCO)
(NEW) The SOX Algorithm F Z filg(w;2;, S
z;,€D
. {(1 — Py +v9(whzi, Biy), i€ By
Z uf_l, @ z; ¢ B}
uf _ {uzl _’)’( f 1 _g(W Z; Bt ))7 Z; Z if} gtac/nas'tic é/OC&é

coordinate deccent
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Finite-Sum Coupled
Composition
Optimization (FCCO)

(NEW) The SOX Algorithm

Sample mini-batches B C D, Bf,z C S;

{ {(1 - 'Y)ug_l + ’Yg(Wt3 Z,-,Bﬁ,z), Z; € B’i

u. =
t t—1 t
(TH z; & B

— 1 o o ) o
vi=(1-p)v +ﬂ—Bl E Vg(wt;zz',Bfg)Vfi u,t ¢ more intuwtive ?
ZiEBi !

witl = wt — vt
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Convergence Rates
Nonconvex Convex

Strongly
Convex

“Twice batch
size, half
#iterations”

Method u @/ SC (PL) O;l‘:; ?gmh
1

Inner Batch Parallel
Size | B; s Speed-u

O(~2) (NC)

BSGD (Hu et al., 2020) 1 oy csey A
SOAP (Qi et al., 2021) O(ne-" 1 1 N/A
OAP (Wang et al., 2021)) O (— B 1 Partial

SOX/SOX-boost (this work) ( B Bs Yes

SOX (8 = 1) (this work) B, B, Partial

Originally proposed for AP maximization * extra assumption: monotonicity
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Bipartite Ranking 7, - L 3 ( =S () — hw(Zi)))p
by p-norm Push

covtype

8x 10!
A bOOSting_Style Algorithms (BS—Png SOX . §Z§E : ;%)ZP
deterministic TestLoss (}) 0778  0.516 & 0.003 et \\
algorithm Time (s) (}) 6043.90 4.62 +0.10 g
2 6x 101

Algorithms ~ BS-PnP SOX

Test Loss ({) 0.268 0.128 £+ 0.002

m 648.06 4.15 4+ 0.06 0 2000 4000 6000 8000

Iterations
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Fa) = = 3 Zoxee, P — x|
x; €D ersi eXP(—HAx,L- — AX||2)

Neighborhood C—{x;€D: y; — v}
Component Analysis S; =D~ {x;}

- sensorless usps mnist
" 0.950
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=106 x| -
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= - e
0 0.5 ) ® 0.90
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3 3 :
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0 2000 4000 6000 8000 0 2000 4000 6000 8000 0 2000 4000 6000 8000
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More applications of SOX: partial AUC [Zhu et. al. 2022], NDCG [Qiu et.al. 2022],
contrastive learning [Yuan et.al. 2022], listwise ranking, survival analysis, etc.
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AP Maximization

CIFAR-10
N7
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F(w) = xeS U(hw(x) — hw(x:))
|5+| 5. 2axes Ulhw(X) — hw(xi))
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Thank you'!



