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B Introduction

Background of distribution shift
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B Introduction

Background of distribution shift

% Group (subpopulation) shift
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% Group (subpopulation) shift
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Background of distribution shift

% Group (subpopulation) shift
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I Introduction

Background of distribution shift

% Out-of-distribution generalization

- CI¥SHE29 distribution shift AEIME £ QUHIEL M52 HO|7| 5t 3L 20}

« Domain shift 222 sZ26k= domain generalization 7i'd =&t
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I Distributionally robust optimization

Distributionally robust neural networks for group shifts

< Distributionally robust neural networks for group shifts — Group DRO (ICLR, 2020)
«  Stanford, Microsoft A& =01 2lolff HE|RICH 20244 9& 132 7|E 1,5952] QIEE
« Distribution shift = group (subpopulation) shift 2MIZ distributionally robust optimization 7HE2O = s{ZsH ==

Published as a conference paper at ICLR 2020

DISTRIBUTIONALLY ROBUST NEURAL NETWORKS
FOR GROUP SHIFTS: ON THE IMPORTANCE OF
REGULARIZATION FOR WORST-CASE GENERALIZATION

Shiori Sagawa* Pang Wei Koh*

Stanford University Stanford University

ssagawa@cs.stanford.edu pangweli@cs.stanford.edu

Tatsunori B. Hashimoto Percy Liang

Microsoft Stanford University

tahashim@microsoft.com pliang@cs.stanford.edu
ABSTRACT

Overparameterized neural networks can be highly accurate on average on an i.i.d.
test set yet consistently fail on atypical groups of the data (e.g., by learning spu-
rious correlations that hold on average but not in such groups). Distributionally
robust optimization (DRO) allows us to learn models that instead minimize the
worst-case training loss over a set of pre-defined groups. However, we find that
naively applying group DRO to overparameterized neural networks fails: these
models can perfectly fit the training data, and any model with vanishing average
training loss also already has vanishing worst-case training loss. Instead, the poor
worst-case performance arises from poor generalizarion on some groups. By cou-
pling group DRO models with increased regularization—a stronger-than-typical
/5 penalty or early stopping—we achieve substantially higher worst-group accu-
racies, with 1040 percentage point improvements on a natural language inference
task and two image tasks, while maintaining high average accuracies. Our results
suggest that regularization is important for worst-group generalization in the over-
parameterized regime, even if it is not needed for average generalization. Finally,
we introduce a stochastic optimization algorithm, with convergence guarantees, to
efficiently train group DRO models.
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Jl Distributionally robust optimization

Distributionally robust neural networks for group shifts

< Distributionally robust optimization (DRO) vs. Empirical risk minimization (ERM)
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[DRO]
{R(9) = supgeg E(xy)~o[£(6; (x,))

min
)
Uncertainty set of distributions Q

I Distributionally robust optimization

Distributionally robust neural networks for group shifts
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Jl Distributionally robust optimization

Distributionally robust neural networks for group shifts
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I Distributionally robust optimization Worst-group generalizationgap = R(6) — R(0)

Distributionally robust neural networks for group shifts

% Group adjustments DRO
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Distributionally robust neural networks for group shifts

% Group adjustments DRO
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I Distributionally robust optimization

Distributionally robust neural networks for group shifts

% Group DRO2} importance weighting H|u — (1) A181X H| W
* Importance weighting= 2l Ci|0|E{2t HIAE G|0|E| 2%7} C}E [ AFESH= 7| H
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ERM UW DRO ERM UW DRO
Waterbids | 97.0 (0.2) ] 95.1 (0.3)] 935 (0.3)]] 63.7 (1.9)] 88.0 (1.3)| 914 (1.1)
w, = 1/E,/_5 [I(g' = )] CelebA 94.9 (0.2)] 929 (0.2)]92.9 (0.2) || 47.8 (3.7)] 83.3 (2.8)| 88.9 (2.3)
9 g ~Fg MuluNLI | 82.8 (0.1)] 81.2 (0.1)] 81.4 (0.1) ]| 66.4 (1.6)] 64.8 (1.6)]| 77.7 (1.4)
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Q.. Data Mining K Cao, C Wej A Gaiabon, N, Arechiga, and T. Ma. Learning imbalanced datasets with label-dlistribution-aware margin loss, In Advances in Neural Information Processing Systermns (NeurlPS), 2019
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I Distributionally robust optimization

Distributionally robust neural networks for group shifts

« Group DROZ} importance weighting H|i — (2) 0|2 H|w 20 2 H"%
+ Convex AEIOIME & WHEO| S5 4 S > appendix 5% 5%5 o
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Figure 4: Toy example illustrating that DRO and importance weighting are not equivalent. The DRO
solution is #*, while any importance weighting would result in solutions at 6, or f,.

Counterexample 1. Consider a uniform data distribution P supported on two points Z = {zy, z5},
and let £(0; z) be as in Figure 4, with © = [0, 1]. The DRO solution 0* achieves a worst-case loss of
R(6%) = 0.6. Now consider any wesghfs (wl, wa) € Ao and w.l.o. 2. let wy > wo. The minimizer of

the weighted los{ w1 £(0:; zl) + w07 22 ))is 01, which only attains a worst-case loss of R(6*) = 1.0.
= —
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I Distributionally robust optimization

Distributionally robust neural networks for group shifts
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Distributionally robust neural networks for group shifts
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< & Hix] Aok EHeld 252 o7 | £/t online optimization algorithm HA|
.+ YOl non-convex AN B DRO JHEIS Z{E{SISICIE 7 271X hAjo| Zx

1. Stochastic gradient descent (SGD) on the Lagrangian dual of the objective - Group DROUIM &8 FHEZF 51| &l
2.  Direct minimax optimization = Group DROO|| 25t AH|7} UX|T =2 M0| HE O[] US

o 2HIHAS MotSH UT12|E SE 2 $HSHH ZIFMOI worst-group M CHA J2{CIHEE AIRo1E 2 £3M HE 1S
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e {B«"f yallﬂ" Algorithm 1: Online optimization algorithm for group DRO é{ 'r 7

‘(ilfllﬂlE* > Input: Step sizes 7, , 7o P, foreachg € G

Initialize 0'°) and qm? 2{ 4 ﬂhlJeh"'
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q ~ Unifor m(1. m)

// Choose a group g at random
ﬂ\&@é@“ﬁ 3:!_ Y ~ PE-~ o // Samplel x,y from group ¢
q — gt~ Iy < q, exp(n L (0 Y; (2,y))) // Update weights for group ¢
gt ¢’/ ng q;, // Renormalize gq fX)
ft) — glt—b —?}gqétjvuf(ﬁ“_”;{;tzyj) // Use q to update‘ﬁ“ ‘ % 4

end % }}i‘tjrz
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I Conclusion

% Summary
*  Distribution shift: 25 H|0|E{Q| 2122t HIAE H|0[E{2| 22/ CIE ZRE 2lOfgt
*  Distribution shift & group shift 220 = 2E AHis} 3 27 HSS T o~ Q= 00D generalization 271
> Worst-group &S0l &S == group DRO 7HE 2 2 worst-group accuracy 7HA
> TIRHCIRIE 7|8t 2l AT [ES MIQHSI0] B ES HERE QA E
Group shiftS oo k= SHHZ0|X|2F AK| domain generalization SHEOZ SR T
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B Appendix

N

% Equivalence of DRO and Importance weighting in the convex setting

~N— —

2

Proposition 1. Suppose that the loss {(-; z) is continuous and convex for all z in Z, and let the
uncertainty set Q be a set of distributions supported on Z. Assume Ihar@ana’ the model family
(©)C R? are convex and compact, and le © be a minimizer of the worst-group objective R(6).
Then there exists a distribution Q* € Q such that §~_€ arg min, K, o« [€(6; 2)].

Proof. Leth(f,Q) := E. _q[f(0; z)]. Since the loss £(f; z) is continuous and convex in f for all z in
Z, we have that h(#, Q) is continuous, convex in #, and concave (linear) in (). Moreover, since con-
vexity and lower semi-continuity are preserved under arbitrary pointwise suprema:fupQEQ hif,Q)

is also convex and lower semi-continuous (therefore proper). ! —
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% Equivalence of DRO and Importance weighting in the convex setting
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I Appendix
% Equivalence of DRO and Importance weighting in the convex setting
7"!- O N hte, @) O\ 4o ,Q/a_qgr Somi —canf (ntiY 2 W

oloi4) A4 ¢ = ;S Q)>&
ol Al o ol i, Set Sd ?-9 QZPQ, ;\ée} ;

Aot éf/éfog , A Q/C/@/ oF 2 2/ %°7
h(a// 0’) >d
S U ng OlW(’}/ 50{ 7;“ ) %?Bk
© G, o 2 del i 32 BE, SW oA

Q.. Daota Mining
ob Quallity Anailytics




I Appendix

% Equivalence of DRO and Importance weighting in the convex setting
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% Equivalence of DRO and Importance weighting in the convex setting
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