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< Change is Hard: A Closer Look at Subpopulation Shift (ICML, 2023)

Data Mining
Quality Analytics

Yang, Y., Zhang, H, Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.
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Change is Hard: A Closer Look at Subpopulation Shift

Yuzhe Yang “! Haoran Zhang “! Dina Katabi ' Marzyeh Ghassemi !

Abstract

Machine learning models often perform poorly on
subgroups that are underrepresented in the train-
ing data. Yet, little is understood on the variation
in mechanisms that cause subpopulation shifts,
and how algorithms generalize across such di-
verse shifts at scale. In this work, we provide a
fine-grained analysis of subpopulation shift. We
first propose a unified framework that dissects and
explains common shifts in subgroups. We then
establish a comprehensive benchmark of 20 state-
of-the-art algorithms evaluated on 12 real-world
datasets in vision, language, and healthcare do-
mains. With results obtained from training over
10,000 models, we reveal intriguing observations
for future progress in this space. First, existing al-
gorithms only improve subgroup robustness over
certain types of shifts but not others. Moreover,
while current algorithms rely on group-annotated
validation data for model selection, we find that a
simple selection criterion based on worst-class ac-
curacy is surprisingly effective even without any
group information. Finally, unlike existing works
that solely aim to improve worst-group accuracy
(WGA), we demonstrate the fundamental trade-
off between WGA and other important metrics,
highlighting the need to carefully choose testing
metrics. Code and data are available at: https:

//githubk.com/YyzHarry/SubpepBench.

(Koh et al., 2021). In such settings, models may have high
overall performance but still perform poorly in rare sub-
groups (Hashimoto et al., 2018; Zhang et al., 2020).

A well-studied type of subpopulation shift occurs when data
contains spurious correlations (Geirhos et al., 2020) — non-
causal relationships between the input and the label which
may shift in deployment (Simon, 1954). For example, image
classifiers frequently make use of non-robust features such
as image backgrounds (Xiao et al., 2016), textures (Geirhos
etal., 2018), and erroneous markings (DeGrave et al., 2021).
However, there has been little work in defining subpop-
ulation shift in a holistic way, understanding when these
shifts happen, and how state-of-the-art (SOTA) algorithms
generalize under diverse and realistic shifts. Subpopula-
tion shift can encompass a much wider array of underlying
mechanisms. First, different attributes in data often exhibit
skewed distributions, inevitably causing arttribute imbalance
(Martinez et al., 2021). Moreover, certain labels can have
significantly fewer observations, where such long-tailed la-
bel distribution induces severe class imbalance (Liu et al.,
2019b). Finally, certain attributes may have no training data
at all, which motivates the need for airibute generalization
to unseen subpopulations (Santurkar et al., 2020).

In this work, we systematically investigate subpopulation
shift in realistic evaluation settings. We first formalize a
generic framework of subpopulation shift, which decom-
poses attribute and class to enable fine-grained analyses
We demonstrate that this modeling covers and explains the
aforementioned common subgroup shifts, which are basic
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% Benchmarking subpopulation shift using real-world datasets

« Vision, language, health care =H|Q! S & 127X H|O|E{AI0]| CHEHA] 2A1S &t

* O|O|E{AIS2 basic shift=0] 2&E|0 /US

MetaShift
Waterbirds
CelebA
CXRMultiSite MIMIC-CXR
MultiNLI
CivilComments
NICO++
ImageNetBG
CheXpert  > Living17
MIMIC-Notes Attribute Generalization

Natural Image | Text | Chest X-rays

Yang, Y., Zhang, H., Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.,
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“ Benchmarking subpopulation shift using real-world datasets

Vision, language, health care =H|2! S
HIO|E{MIE basic shiftE0| S&HE|0] }2

Z 1271X] L|O[EHA10]] CHolA =

[ |

o;
_o
= O

Dataset Data type # Attr.  # Classes  # Trainset  # Val. set  # Test set Max group Min group SC il[“ft l;yg: AC
Waterbirds Image 2 2 4795 1199 5794 3498 (73.0%) 56 (1.2%) v v v
CelebA Image 2 2 162770 19867 19962 71629 (44.0%) 1387 (0.9%) v v
MetaShift Image 2 2 2276 349 874 T89 (34.7%) 196 (8.6%) v
ImageNetBG Image N/A 9 183006 7200 4050 N/A N/A v
NICO++ Image 6 60 62657 8726 17483 811 (1.3%) 0 (0.0%) v v v
Livingl7 Image N/A 17 39780 4420 1700 N/A N/A v
MultiNLI Text 2 3 206175 32462 123712 67376 (32.7%) 1521 (0.7%) v
CivilComments Text 8 2 148304 24278 T1854 31282 (21.1%) 1003 (0.7%) v v
MIMICNotes Clinical text 2 2 16149 3229 6460 8339 (51.8%) 676 (4.2%) v
MIMIC-CXR Chest X-rays 6 2 303591 17859 35717 68575 (22.6%) T846 (2.6%) v
CheXpert Chest X-rays 6 2 167093 22280 33419 51606 (30.9%) 506 (1.3%) v v
CXRMultisite Chest X-rays 2 2 338134 19891 39781 299089 (88.5%) 574 (0.2%) v v v

Data Mining Yang, Y., Zhang, H, Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.
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%+ SOTA algorithms only improve certain types of shift — Attributes are unknown in both training and validation set
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204
B GroupDRO fm CBElLoss
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I
10+ {\ - BN ReWeight CRT
- | | . 11
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_ 1
0 Waterbirds CelebA CivilComments MultiNLI ~ MIMIC-CXR CXRMultisite MIMICNotes ImageNetBG  Living17 NICO++

Worst-group Improvement (%)

... Data Mining Yang, Y., Zhang, H, Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.
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% Attribute availability & model selection
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2.
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o ﬁ[]"
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555'
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... Data Mining Yang, Y., Zhang, H, Katabi, D., & Ghassemi, M. (2023, July). Change is Hard: A Closer Look at Subpopulation Shift. In International Conference on Machine Learning (pp. 39584-39622). PMLR.
A% Quality Analytics  attps.//subpopbench.csail mit ed 27



https://subpopbench.csail.mit.edu/

- Subpopulation Shift

1-stage method for subpopulation shift

< Distributionally robust neural networks for group shifts — GroupDRO (ICLR, 2020)
«  Stanford, Microsoft A& =01 2loff HE|RICH 20254 43 11 7|&E 2,0032] Q12E
« Distribution shift = subpopulation (group) 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.

Data Mining
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Distributionally robust neural networks for group shifts — GroupDRO
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} Attribute
. Indoor
** GroupDRO vs. ERM

ERM2 2ePHQl B X shE0A AtZots SHAC 2N Exd ds= EXeloh= U

Distributionally robust neural networks for group shifts — GroupDRO

y y
% Group 1 Group 3 - N
Y:Dog V- Cat UIES A
a: Outdoor 4 a: Outdoor
Group 1 Loss: 0.5 ERM loss
Feature Group 2 Loss: 1.5
EXTactor Classifier (05+15+15+05)/4
Group 3 Loss: 1.5 =10
Group 2 | Group 4
Y:Dog | v:Cat .
a: Indoor a: Indoor Group 4 Loss: 0.5
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Distributionally robust neural networks for group shifts — GroupDRO

** GroupDRO vs. ERM
- ERM2 2O RE X|= sk50i|M ArZots XA =N

*  GroupDRO= 1184 =27 QAE A worst-group ds2

Group weights = [+, +, +, + DRO step: 0.01 (hyperpara)
i Group 1 Group 3
& Y:Dog Y:Cat

, a: Outdoor 4 a: Outdoor

Feature
Extractor

Group 2
Y :Dog
a: Indoor

" Group4
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Train dataset
ZI0tX| TS0 ZOtx| 1ol

} Attribute
. Indoor

o= =4

Group 1 Loss: 0.5
Group 2 Loss: 1.5
Group 3 Loss: 1.5

Group 4 Loss: 0.5




Train dataset

- Subpopulation Shift yor 30 ot

.. . Outdoor
} Attribute
. Indoor
¢+ GroupDRO vs. ERM

+ ERM2 QK0! D8 X|Iz SIS0 ARZSHs SXACRM T A5S X5l A
.I

»  GroupDRO= J58 =08 Q45 BtE0}0 worst-group 35S 7iHdok= U4

Distributionally robust neural networks for group shifts — GroupDRO

Group weights = [+, +, 4+, + DRO step: 0.01 (hyperpara))
y y Group weight updates
,,: srggg 1 s rglajf 3 UIES A Group Welght % g(DRO stepxGroup loss)
: a: Outdoor 4 a: Outdoor
Group 1 Loss: 0.5 welght x 00105 —(0 2512
2Loss: 1. eight: 2 x €001x15 =0 2538
Feature | | e T MR
Extractor Group 3 Loss: 1.5 weighti x e001x15 —( 2538
Group 2 o Ny Group 4
Yibe o 1l 2o Group4loss05  weight 2 x e201:05 =0,2512

Normalization Updated Group weights
= [0.2487, 0.2513, 0.2513, 0.2487]
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Train dataset

- Subpopulation Shift yor 30 ot

.. . Outdoor
} Attribute
. Indoor
** GroupDRO vs. ERM

+ ERMS X0l B K| SH0IA ASSHe SXMORM BF A58 AHStos W

« GroupDRO= 1184 =28 QAE YIS worst-group a2 7146k HiAl

Distributionally robust neural networks for group shifts — GroupDRO

Group weights = [0.2487, 0.2513, DRO step: 001 (hyperpara)
0.2513, 0.2487] y y
% Group 1 Group 3 o= -
& Y:Dog Y:Cat - = Group weighted losses
: a: Outdoor d a: Outdoor
Group 1 Loss: 0.5 (0.5x0.2487)=0.12435
Feature A Group 2 Loss: 1.5 (15x0.2513)=0.37695
Extractor Group 3 Loss: 1.5 (15x0.2513)=0.37695
Group 2 — Group 4
YiDog N e Group 4 Loss: 0.5 (0.5x0.2487)=0.12435
GroupDRO loss
=1.0026
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Test dataset

B Subpopulation Shift N

Distributionally robust neural networks for group shifts — GroupDRO

[*<—— Spurious Correlations »e Attribute Imbalance b Class Imbalance »|e Attribute Generalization ———»
mm GroupDRO e Mixup I CBloss [ DFR
m JTT I ReWeight BSoftmax [ CRT Train &Vali dation
Attributes both known
BN GroupDRO B Mixup I CBloss
o JTT mm ReWeight BSoftmax
201
10] ‘ i Train & validation
| 1 Attributes both unknown
n.- ................................... e e B
Lae B e

o MetaShift Waterbirds CelebA CivilComments MultiNLI  MIMIC-CXRCXRMultisiteMIMICNotes CheXpert ImageNetBG Living17  NICO++
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2-stage method for subpopulation shift

< Last layer re-training is sufficient for robustness to spurious correlations — DFR (ICLR, 2023)
*  New York universityOllA] A+ EIRICH 20254 4E 1Y 7|& 3522] Q18

Subpopulation shift A2 2H# M= XStE 2t classifier re-training 7|HO 2 7Mgt 4~ UL}
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[0
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Published as a conference paper at ICLR 2023

LAST LAYER RE-TRAINING IS SUFFICIENT FOR
ROBUSTNESS TO SPURIOUS CORRELATIONS

Polina Kirichenko* Pavel Izmailov” Andrew Gordon Wilson
New York University New York University New York University
ABSTRACT

Neural network classifiers can largely rely on simple spurious features, such as
backgrounds, to make predictions. However, even in these cases, we show that
they still often learn core features associated with the desired attributes of the
data, contrary to recent findings. Inspired by this insight, we demonstrate that
simple last layer retraining can match or outperform state-of-the-art approaches
on spurious correlation benchmarks, but with profoundly lower complexity and
computational expenses. Moreover, we show that last layer retraining on large
ImageNet-trained models can also significantly reduce reliance on background and
texture information, improving robustness to covariate shift, after only minutes of
training on a single GPU.

I INTRODUCTION

Realistic datasets in deep learning are riddled with spurious correlations — patterns that are predictive
of the target in the train data, but that are irrelevant to the true labeling function. For example, most
of the images labeled as “butterfly” on ImageNet also show flowers (Singla & Feizi, 2021), and most
of the images labeled as “tench” show a fisherman holding the tench (Brendel & Bethge, 2019). Deep
neural networks rely on these spurious features, and consequently degrade in performance when
tested on datapoints where the spurious correlations break, for example, on images with unusual
background contexts (Geirhos et al., 2020; Rosenfeld et al., 2018; Beery et al., 2018). In an especially
alarming example, CNNs trained to recognize pneumonia were shown to rely on hospital-specific
metal tokens in the chest X-ray scans, instead of features relevant to pneumonia (Zech et al., 2018).
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Last layer re-training is sufficient for robustness to spurious correlations — DFR

< Deep feature reweighting (DFR): 2-stage training method

- XN stage: ERMQZ Sh&(train dataset &

Train dataset

y y
i Group 1 Group 3 - .
& Y:Dog Y:Cat V[ES ALK
| o Outdoor a: Outdoor
i #:500 #:50 .
' Group 1 Loss: 0.5 ERM loss
Feature Group 2 Loss: 1.5
ETator Classifier (05+15+15+05)/4
Group 3 Loss: 1.5 =10

Group 2 Group 4
Y:Dog | Y:Cat )
a: Indoor 1l a:Indoor Group 4 Loss: 0.5
#:50 Ml #:500
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Last layer re-training is sufficient for robustness to spurious correlations — DFR

%+ Deep feature reweighting (DFR): 2-stage training method
«  HHIY stage: ERMOE Sl&(train dataset &

Train dataset Classifier
% Group 1 Group 3 B Spuious
= Y:Dog Y:Cat
< g a: Outdoor a: Outdoor Invariant
& R #: 500 #:50
] : —— Large weights
----- Small weights
Feature oS
Classifier
Extractor
Group 2 g, = Group 4
Y :Dog Wl Y Cat
a:Indoor 8 a:Indoor
#:50 SV #:500
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Last layer re-training is sufficient for robustness to spurious correlations — DFR

%+ Deep feature reweighting (DFR): 2-stage training method
- RN stage: ERMO R &k (train dataset 22

o EHII| stage: EX £=&7| 1™ Y 227| Msk&(resampled validation dataset 2! [, regularization &

validation dataset Classifier
@™ Group 1 .. i
Y:Dog Re-training B Spurious
New a . Outdoor a:Outdood = = =000 U sssszsssszssasasss Invariant
. #:100 #:10
‘ — Large weights
----- Small weights

Feature |
Extractor Classifier

Group 4

Y:Cat

a:Indoor : :
#:100 e sssmsmssmanEnns

Group 2
Y :Dog

a:Indoor
#:10
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Last layer re-training is sufficient for robustness to spurious correlations — DFR

%+ Deep feature reweighting (DFR): 2-stage training method
«  HHIY stage: ERMOE Sl&(train dataset &

« FHNf stage: EX FE7| 1™ Y 257| Mek&(resampled validation dataset % ; regularization 2&)

Resampled validation dataset Classifier
@ Group 1 %Y ) Group3 . .
Y:Dog . —Q’ﬁ Y:Cat Re-training ‘\ “~ B Spurious
S a: Outdoor ', a: Outdoor \\\\ Invariant
| #:10 #:10 : @ e |
\> _____ > 7 — Large weights
: : “: S, 7 2P Small weights
. = N \ ¥
Feature = PN ISR
: |Classifier; : ‘~ <~ K
Extractor | : PPN
: [ ~ \)
~ Group2 Group 4 5 ‘/ /TN '
Y:Dog Y:Cat E S
a:Indoor a:Indoor : : ‘, -7
#:10 #:10 CI - 4
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Test dataset

B Subpopulation Shift N

Last layer re-training is sufficient for robustness to spurious correlations — DFR

[*<—— Spurious Correlations »e Attribute Imbalance Class Imbalance »|e Attribute Generalization ———»
mm GroupDRO e Mixup I CBloss [ DFR |.
m JTT I ReWeight BSoftmax [ CRT Train &Vali dation
Attributes both known
_______ Iml'LLILul
307
BN GroupDRO B Mixup I CBloss
o JTT B ReWeight BSoftmax
201
10] ‘ i Train & validation
| 1 Attributes both unknown
n.- ................................... e e B
L B e
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I Conclusion

% Summary
«  Basic types of Subpopulation shift

> Spurious correlations, attribute imbalance, class imbalance, attribute generalization

ZOIX| 10| ZOLx| 10| ZOrx| 10| ZOrX| 10|

. Indoor

? ?

« 1-stage method for subpopulation shift: GroupDRO
« 2-stage method for subpopulation shift: DFR
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