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Introduction

We are interested in the following problem:

min f(x) := K¢, [f(x; &)] given h(x) := Ee, [h(x; &)

xcRd
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Introduction

We are interested in the following problem:

min f(x) := K¢, [f(x; &)] given h(x) := Ee, [h(x; &)

xcRd

Question:

How can we leverage an auxiliary h(x) to speed up the
optimization of our target loss function f(x)?
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Examples

The helper h can be much "cheaper”: cheap, more
accessible, ...
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Examples

The helper h can be much "cheaper”: cheap, more
accessible, ...
we can have multiple helpers: hy,--- , h,.

Examples:
® Federated Learning: f <— average, h; < {clients}.

® Personalized Learning: f < clienty, h <— {other
clients}.

® Semi-supervised Learning: f < Labeled, h <
unlabeled.

e Core-sets: f < large dataset, h + core-set.
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Approach

We write f as

f(z):=h(z) + f(z) — h(z2) .
cheap expensive
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Approach

We write f as

f(z):=h(z) + f(z) — h(z2) .
cheap expensive

Let x be the global state (slow) and y the local state
(fast).

Main idea: Linearize h around y and f — h around x.
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Approach

We write f as

f(z) ::@ + f(z) — h(2) .

cheap expensive

Gradient: Vh(y)+ Vf(x) — Vh(x).
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Approach

We write f as

f(z) ::i(ﬁ + f(z) — h(2) .

cheap expensive

Gradient: Vh(y, &)+ my_y,
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Approach

We write f as

f(z) ::i(ﬁ + f(z) — h(2) .

cheap expensive

Gradient: Vh(y, &) +  my_y,

AuxMOM : mye_p < (1 — a)mffh + aV(f — h)(X; ff,h)
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Algorithm: AuxMOM

All in all:
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Algorithm: AuxMOM

All in all:
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Algorithm: AuxMOM

All in all:
1) mye_p < (1 — a)mf_h + BV(f — h)(X; gf_h)
2) {y <y —n(Vh(y. &) + me_p)} repeat K times.
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Algorithm: AuxMOM

All in all:
1) me_p, + (1 —a)me_p, + aV(f — h)(x; & —p)
2) {y <y —n(Vh(y,&) + ms_p)} repeat K times.
3) x«y.
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Theory

(Smoothness.)

IVF(x) = VF(y)ll2 < Lix = yll2-
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Theory

(Smoothness.)

IVF(x) = VF(y)ll2 < Lix = yll2-

(Variance.) Unbiasedness + bounded variance

Ee,|VJI(x;¢)) — VI(x)|5 < 05,J € {f,h,f — h}.
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Theory

(Smoothness.)

IVF(x) = VF(y)ll2 < Lix = yll2-

(Variance.) Unbiasedness + bounded variance
Eo,|VJI(x; ) = VIX)|5 < 05, € {f,h,f —h}.
Hessian similarity. 39 € [0, 2L] we have

| V2f(x) — V2h(x)|, < 5.

8/13 5 e



Theory

AuxMOM iteration complexity:

To get E[||VF(%X)||5] < &, AuxMOM needs at most

O<5F00-%—h + (SFO + U%—h)
g2 € €

(stochastic) gradient calls of f.
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Theory

AuxMOM iteration complexity:

To get E[||VF(%X)||5] < &, AuxMOM needs at most

O<5F00-%—h + (SFO + U%—h)
g2 € €

(stochastic) gradient calls of f.

0.2
Gain: Compare to (’)(LF;" T LEFO)
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Theory

AuxMOM iteration complexity:

To get E[||VF(%X)||3] < e, AuxMOM needs at most

+

O<5F00%—h + 5F0 U%—h)
g2 € €

(stochastic) gradient calls of f.
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Theory

AuxMOM iteration complexity:
To get E[||VF(%X)||3] < e, AuxMOM needs at most

O(5F00%_h + 5F0 + U%—h)
g2 € €

(stochastic) gradient calls of f.
Gain: we replaced L by § and o7 by 07,

Small dissimilarity or positive correlation —> gain.
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Theory

AuxMOM iteration complexity:

To get E[||VF(%X)||3] < &, AuxMOM needs at most

g2 € €

(stochastic) gradient calls of f.

What is the catch? K = O(”f’ - 157&0% + 1> inner

3

steps of the helper h.
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Experiments
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Conclusion

® |ntroduced the framework of optimization with
access to auxiliary information

® Showed how it can improve optimization without
using a helper.

® The framework works on simple problems in
practice.
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