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A simple but sufficient model: Stochastic Convex Optimization
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SCO Setting

Instance space Z

Parameter space Wy = {w R : ||wl||, < 1}

Loss fWaxZ—-R

Convex fOwy 4+ (1 — O)wa, 2) < Of(wr,z) + (1 —0) f(we, 2)
0 €10,1]

L-Lipschitz [f(w,2) = f(w', 2)] < L |lw —w'll,
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Learning

Data
Algorithm
Goal

Empirical loss

e-ERM

D over Z, S=(21,.--y2m) ~ D"

A(S) =wg € Wy

F(w) = Eeuplf(w,2)),  min F(w)
Fs(w) =3 f(w,2)
i=1

weEWq o 3/9



ERM Can Fail

There exists

f:Wesm x Z2 — R convex, 1-Lipschitz

4/9



ERM Can Fail

There exists

f:Wesm x Z2 — R convex, 1-Lipschitz

Exact ERM

F(wg) — wnel)i/{/ld F(w)>Q(1) New!

4/9



ERM Can Fail

There exists

f:Wesm x Z2 — R convex, 1-Lipschitz

Exact ERM

F(wg) — wnel)i/{/ld F(w)>Q(1) New!

Every e-ERM fails too
e =0(m3/?)

But the problem is still learnable.
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Strong Convexity

A-strong convexity

g€ 8f(w,z), f(wlaz) > f(w,z) + <ngl - ’LU> + = ||w/ - w”z

Known upper bound for ERM

weWy

Flws) — min F(w) < o(;)

Our refined lower bound

m82 < A< m 12, _ ()\13)
m
. 1
F(ws) — wrrel%};}ld F('lU) = Q W New!
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Projected GD

Update and output
werr =y, (wy —ng) g1 € OFg(wy)

1 T
GD _ * Z
Wwg = T Wt
t=1
GD as an -ERM

. 1
Fsw§®) - iy Fu(w) =0 (n+

nT >m*? —  FwsP) - min F(w) > (1) New!
weWq

Known upper bound and learning

F§®) - iy Fw) < 0(T+20)

weEW,

T=m? n=m3? — O(m '?) 6/9



GD Lower Bound

There exists a convex 1-Lipschitz loss

F(wgD) _ wnel%ld F(w) > Q(min{\%, 1}) New!
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GD Lower Bound

There exists a convex 1-Lipschitz loss
. . [ nT
FwSP) — min F(w) > Q| min —, 1 New!

Together with the known Q(1/T) lower bound

. nT
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Open Directions

Gradient descent

Strongly convex objectives

Smooth objectives

Can smooth losses exhibit the same phenomenon?
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Thank you
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