LEARNING FROM SIMILAR LINEAR REPRESENTATIONS: ADAPTIVITY, MINIMAXITY, AND ROBUSTNESS
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Introduction

Representation multi-task (MTL) and transfer learning (TL)
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Lack of theoretical understanding

e The representations may NOT be the same! But most of theoretical studies
impose such an assumption.

e As the number of tasks grow, there can be outlier tasks or adversarial attacks.

Multi-task Learning

Problem setting

e ' tasks, data {:I;Z ,y( hn ; from the ¢-th task, with :I:< ) c RP. y@> c R;
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e There exists an unknown subset S C [T, such that for all ¢ € S,
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Two-step algorithm° (r known) Set A < /r(p +log T) and v < /p + log T

o {All }t 0 {6t AG arg min
{AY foUhT A
YRy 1[y<t> - <w§“>TA<t>9<t>J2 + 2 AOAOT — AA)T,};

o B = argmin {157 ") - ("7 + |8 — A

o} for ¢ e [T]

Assumptions

Notations: Coefficient matrix Bg € RP x|S ‘, each column of which is a coeflicient
vector in {BH)*},cq. Bt = Elz®) ()],

Al {w,gt)}?:l are 1.1.d. sub-Gaussian, and 0 < ¢ < Ayin(ZW) < Amax(EH) < €.
A.2 (Task diversity) maxc g [|010*||]s < C' < o0, and or(BE/VT) >

A.3 (Not many outlier tasks) ‘TC 3/2

S

< a small constant c.

Upper bounds: When n 2 p+logT, VS C |T] and an arbitrary Qge, w.h.p.,
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[f outlier tasks in S also follow linear model (1), w.h.p.,
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te|T]

Lower bounds: V{ﬁ t [, 35 C | {ﬁ }te& Qge, w.p. > 1/10,
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If outlier tasks in S¢ also follow linear model (1), V{BW}L 3{BW}L wp.

> 1/10,
max | B0 — B0% [y > \/p tlog T
te|T] n

Transferring to New Tasks

Problem setting:

e Data {(x Z 7% )} , from a new task, generated from model (1);
o maxses [|A*(A >*)T — A=A Ty < h;

e Goal: learning B(0)*

Two-step algorithm: (r known) Take A from MTL algorithm, v < /p + log T
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Assumptions

A.4 {wgo)}?ﬁl are 1.i.d. sub-Gaussian, and 0 < ¢ < A\pin(Z0) < Anan(20) < €.
A5 004, < C.

Upper bound: When n,ng = p+logT, VS C [T] and arbitrary Qge, w.h.p.,
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Adaptation to Unknown Intrinsic Dimension

Intuition:

e [t suffices to estimate r well when h and the proportion of outlier task |S€| /T are small;

o 0r(BY/NT) 2 1/\/r. op1(BE/VT) S h S JEERL <1/

e Do a thresholding to estimate r
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Consistency: When h < \/]% (MTL) or h < 7“%0 (TL), under A.3, 7= r w.h.p.

MTL Simulations

No outlier tasks: n =100, 7T =6, p =20, r =3
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Algorithm =@ RL-MTL-oracle =@ RL-MTL-adaptive =@ RL-MTL-naive -@- Single-task linear regression

Estimation error max;cg ||,§(t) — ﬁ(t)*”z

With outlier tasks: n =100, T =7, |S°|=1,p=20,r =3
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(a) Estimation error max;cg || ﬁ(t) — /B(t)*”z (b) Estimation error max;cge || ﬁ(t) _ g(t)*||2



