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Out-of-Distribution generalization

| " Artificial neural network / Tra l n \
9 for COVID-19 detection

ssssss Interpretation
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( Beery et al., 2018, Arjovsky et al., 2019; DeGrave et al. 2021; Ahuja et al., 2021; Zhang et al., 2022)
Models learned with Empirical Risk Minimization (ERM) are often:

- prone to spurious correlations

- can hardly generalize to OOD data



Out-of-Distribution generalization
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( Beery et al., 2018, Arjovsky et al., 2019; DeGrave et al. 2021; Ahuja et al., 2021; Zhang et al., 2022)

The goal of OOD generalization:

min max £, (f)
f,fl"—)? eegall

given a subset of training environments/domains &,. C & ;.
where each e € & corresponds to a dataset &, and a loss £ ,,.
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Previous works focus on OOD objectives

Previous works mostly focus on developing better optimization objectives:

N \I

\

Regularization via some OOD objective

4 (Arjovsky et al., 2019; Krueger et al., 2021, Rame et al., 2021; Pezeshki et al., 2021; Ahuja et al., 2021; Zhang et al., 2022)



The Optimization Dilemma in OOD Generalization

Previous works mostly focus on developing better optimization objectives:
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Regularization via some relaxed OOD objective
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Soften the constraints
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(Arjovsky et al., 2019; Kamath et al., 2021)



The Optimization Dilemma in OOD Generalization

The practical variants of IRM can have very different behaviors from the original IRM.
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(Arjovsky et al., 2019; Kamath et al., 2021)



Invariant Risk Minimization in practice

The practical variants of IRM can have very different behaviors from the original IRM.
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The Optimization Dilemma in OOD Generalization

Previous works mostly focus on developing better optimization objectives:

y

[

f

A is hard to tune

8 (Arjovsky et al., 2019; Krueger et al., 2021, Rame et al., 2021; Pezeshki et al., 2021; Ahuja et al., 2021; Zhang et al., 2022)



The Optimization Dilemma in OOD Generalization

Previous works mostly focus on developing better optimization objectives:
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A is hard to tune
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9 (Arjovsky et al., 2019; Krueger et al., 2021, Rame et al., 2021; Pezeshki et al., 2021; Ahuja et al., 2021; Zhang et al., 2022)



The Optimization Dilemma in OOD Generalization

The typically used linear weighting scheme cannot reach non-convex part of pareto front solutions

A I I B HE = = = = = =E = = = = = = =~ -

LooD

Y OO0D solution
Init. point =- Linear weighting

ot Ty o o
JRe . ’O~\ == PAIR optimizer

a =m = = =

he linear weight scheme

- LERM

10 (Boyd & Vandenberghe, 2014)



The Optimization Dilemma in OOD Generalization

Even the desired solution is reachable, the scheme requires exhaustive hyperparemter tuning:
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11 (Arjovsky et al., 2019; Krueger et al., 2021, Rame et al., 2021; Pezeshki et al., 2021; Ahuja et al., 2021; Zhang et al., 2022)



The Optimization Dilemma in OOD Generalization

The usual optimization formula of OOD objectives in practice:

'-'-----~
i

min Lggy +iAs zOOD :

|
.'ﬁ -----

foX

A is hard to tune Regularization via some relaxed OOD objective

. iOOD usually has a large gap from the original one;

e Ais hard to tune, i.c.,
» Some solutions are unreachable with linear weight scheme;
> Even reachable, it still requires exhaustive tuning efforts to find a proper 4;

12 (Arjovsky et al., 2019; Krueger et al., 2021, Rame et al., 2021, Pezeshki et al., 2021, Ahuja et al., 2021, Zhang et al., 2022)



AS the traditional optimization scheme fails

How to obtain a desired OOD solution
under the ERM and OOD conflicts?

13



From a Multi-Objective Optimization perspective...

The optimization of IRM essentially handles the trade-off between

Capturing the statistical correlations Enforcing the invariance of learned correlations

14



From a Multi-Objective Optimization perspective...

-0ff between
The optimization of IRM essentially handles the frade-o

Oh, it’s a Multi-Objective |
/Optimization () B
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From a Multi-Objective Optimization perspective...

Assume we have the Multi-Objective Optimization (MOQO) problem with 2 objectives:
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From a Multi-Objective Optimization perspective...

Assume we have 2 training environments, a natural MOO formulation of IRMv1 is:
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From a Multi-Objective Optimization perspective...

vl Observation |: Merely minimizing any environment-reweighted ERM cannot locate the fIRM;

Observation Il: ...
Observation lll: ...
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From a Multi-Objective Optimization perspective...

Observation I: Merely minimizing any environment-reweighted ERM cannot locate the fipa;
“"alll Observation Il: Incorporating the additional practical IRM penalty cannot locate the firnr
Observation lll: ...
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From a Multi-Objective Optimization perspective...

Observation I: Merely minimizing any environment-reweighted ERM cannot locate the fipa;

Observation IlI: Incorporating the additional practical IRM penalty cannot locate the firn;
“walll Observation Ill: The failures of practical IRM variants is because of using bad objectives!
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Robustify MOO objectives

IRM can extrapolate stationary points of negative combinations of training environments;

(Y 42,0 Y =14, >0Ve) » (Y 4203 2.=1,2,<0. Ve)

eEE,, eEE,, eE®,, eEE,,

Invariance buys extrapolation powers

Queries with b / Queries with b
decreasing popularity L decreasing popularity

e.g. “ICLR schedule" e.g. “Easter bunny" )

¥i

An invariant regression on the

J

Queries with b
constant popularity

S 8 Orange juice )

training environments is optimal
far beyond their convex hull.

21 (Arjovsky et al., 2019; Bottou et al., 2019; Krueger et al., 2021)



Robustify MOO objectives

We can introduce additional guidance that directly enforces extrapolation at certain region.

(Y 22, ) 4 =14,>0Ve) » () 22,01 ) 4=11,<0, Ve} »{ Y 4D Y A=1,4, < —p Ve

e€é,, eEé,, e€é,, eEé,, e€Eé,, eEé,,

Invariance buys extrapolation powers Risk Interpolation Risk Extrapolation

4 . . ) . . ™
Queries with Queries with R R R
decreasing popularity <[ decreasing popularity [ / RR1 + ~ "REx

_ &8 “ICLR schedule" e.g. “Easter bunny" )

| interpolation | extrapolation
N | region | region
i Queries with | {

constant popularity :
o €Nnvs

e.g. “Orange juice"

|
: : ' ’
. . . - enviy 6 «Is » attro envi o é » attro
An invariant regression on the / envo / enve
training environments is optimal
far beyond their convex hull. attry attry

g This brings us a new MOO objectives, IRMX:  min {L;, L, Lign» Lrex )

J=w-

22 (Arjovsky et al., 2019, Bottou et al., 2019; Krueger et al., 2021)



PAIR: PAreto Invariant Risk minimization

—__

RMX solves the |

A PAIRed journey into the adventure of extrapolation: min {Lggy, Lir: Lgg, )"

f=w-@

{ Variance
10°
101
1072
1073
10~4

d ; 10—5

Theoretical results (Informal):

RMv1 tailures under any environment settings in (Kamath et al., 2021).

T ———— === =™ =©©==mvw™RERRREES:
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PAIR: PAreto Invariant Risk minimization

—_—

RMX solves the |

A PAIRed journey into the adventure of extrapolation: min {Lggy, Lir: Lgg, )"

f=w-@

| IRMX raises more

ﬂCha"e"Qes in hp. tuning!

—_—— R
——

{ Variance
' 100
101
1072
1073
10~4
10-5

Theoretical results (Informal):

RMv1 tailures under any environment settings in (Kamath et al., 2021).

_—
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PAIR: PAreto Invariant Risk minimization

IRMX raises more challenges in the optimization:

e The

. T
min { Lggnvs L Lrex )
f=w-o

Pareto frontier becomes more complicated:

25



PAIR: PAreto Invariant Risk minimization

IRMX raises more challenges in the optimization:

. T
min { Lggnvs L Lrex )
f=w-o

* [The Pareto frontier becomes more complicated:
v The optimizer needs to be able to reach any Pareto optimal solutions!

e.g., MGDA algorithms (Desideri, 2012)
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PAIR: PAreto Invariant Risk minimization

IRMX raises more challenges in the optimization:

. T
min { Lggnvs L Lrex )
f=w-o

* [he Pareto frontier becomes more complicated:
v The optimizer needs to be able to reach any Pareto optimal solutions!
* [here can be multiple Pareto optimal solutions:
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PAIR: PAreto Invariant Risk minimization

IRMX raises more challenges in the optimization:

e The

. T
min { Lggnvs L Lrex )
f=w-o

Pareto frontier becomes more complicated:

v The optimizer needs to be able to reach any Pareto optimal solutions!
* [here can be multiple Pareto optimal solutions:
v A preference of each objective is required!

Exact Pareto Optimality:
Given a preference p = {pERM,pRM,pREX}Tfor each objective, a solution L
satisfies Exact Pareto Optimality iff pERMLERM )2 RMLIRM pREXLREX

. \\ /\\ \\ T
— {LERM’ LIRM’ LREX}
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PAIR: PAreto Invariant Risk minimization

(* (010))] solution\

LOOD ----- Descent Phase
\ Balance Phase/
: : . : : T O Init. point
IRMX raises more challenges in the optimization: ‘.
. T
min { Lgryng Lirvs Lrex )
J=w-@
| . ['ERM
* [he Pareto frontier becomes more complicated: Exact Pareto optimal search

v The optimizer needs to be able to reach any Pareto optimal solutions!

* [here can be multiple Pareto optimal solutions:
v A preference of each objective is required! PAIR-0 as the OO

Theoretical results (Informal):

D optimizer;

Under mild assumptions, let foop e the desired OOD solution w.r.t. an underlying preference ppogop, PAIR-0

converges and approximates to foop for any approximated /15001)-

29

(Mahapatra & Rajan 2020)



PAIR: PAreto Invariant Risk minimization

IRMX raises more challenges in

fIElvin { Lern Lirne Lrex

* [he Pareto frontier becomes more complicated:

the optimization:

P

LOOD

-
’

"% OOD solution )

----- Descent Phase

----- Balance Phase
)

Init. point

LERM

Exact Pareto optimal search

v The optimizer needs to be able to reach any Pareto optimal solutions!

* [There can be multiple Pareto optimal solutio
v A preference of each obj

v |t also motivates a new

ective Is required!

S

PAIR-0 as the OO

D optimizer;

odel selection criteria, by selecting models that
maximally satisty the Exact Pareto Optimality! PAIR-s as the OOD model selector;

30

(Gulrajani & Lopez-Paz, 2021)



Causal Invariance Recovery Tests

31

Regression target:
Y =sin(X;) + 1, only
depends on the x-axis;

2.0
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0.5
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Training envs:

Two elliptical regions
(Gaussian distributions)
marked in red; ;

-4 -3 -2 -1 0 1 2 3 4

Ground Truth

valid_loss: 1.0556678771972656

Invariance:
The overlapped x-axis
region, i.e., [—2,2].

VREX

valid_loss: 0.6799372434616089

-4 -3 -2 -1 0 1 2 3

-RM

valid_loss: 0.9501814246177673

valid_loss: 0.8783712983131409

4

valid_loss: 0.6567271947860718

-4 -3 =2 -1 0 1 2 3 4

PAIR



Proof-of-Concept Experiments

32

Table 1: OOD Performance on COLOREDMNIST

-~

Class O

Class 1

Method CMNIST CMNIST-m  Avg.
ERM 17.1 £0.9 73.3 £ 0.9 45.2
IRMvl1 67.3 1.9 70.8 = 3.2 72.1
V-REx 08.0 = 0.7 82.9+1.3 75.8
IRMX 05.8 2.9 81.0 = 2.0 73.7
PAIR-O; 068.0 = 0.9 83.7 1.2 76.2
PAIR-0O, 08.0 = 0.8 83.7 +1.2 70.2
PAIR-0O., 69.2+0.7 83.7T+1.2 T76.5
Oracle 72.2 + 0.2 86.5+0.3 79.4
Optimum 75 90 82.5
Chance 50 50 50

Train \

( Arjovsky et al., 2019; Zhang et al., 2022)



PAIR as the optimizer

Table 2: OOD generalization performances on WILDS benchmark.

CAMELYON17  CIVILCOMMENTS FMoW IWILDCAM  POVERTYMAP RXRXx1 T
AVG. RANK(])

Avg. acc. (%) Worst acc. (%) Worst acc. (%) Macro F1 Worst Pearsonr  Avg. acc. (%)
BRM . 03(x64) . 06.0 (x36) 323 (£125)  30.8(%13) ~ 0.45(+006) 29.9 (x04) . 400
CORAL 59.5 (£7.7) 65.6 (+1.3) 31.7 (£1.24) 32.7 (+0.2) 0.44 (+0.07) 28.4 (40.3) 5.50
GroupDRO 68.4 (+7.3) 70.0 (£2.0) 30.8 (+0.81) 23.8 (+2.0) 0.39 (+0.06) 23.0 (+0.3) 6.83
IRMvl1 64.2 (+£8.1) 66.3 (+2.1) 30.0 (£1.37) 15.1 (£4.9) 0.43 (+0.07) 8.2 (£0.8) 7.67
V-REx 71.5 (£8.3) 64.9 (+1.2) 27.2 (£0.78) 27.6 (+0.7) 0.40 (£0.06) 7.5 (£0.8) 7.00
Fish 74.3 (£7.7) 73.9 (£0.2) 34.6 (+0.51) 24.8 (+0.7) 0.43 (£0.05) 10.1 (£1.5) 4.33
LISA  747(x6n  T08(x10) 835(x070)  24.0(+05)  048(x007)  319(+08 267
IRMX 67.0 (+6.6) 74.3 (+0.8) 33.7 (£0.78) 26.6 (+0.9) 0.45 (40.04) 28.7 (£0.2) 4.00
PAIR-O 74.0 (+£7.0) 75.2(1+0.7) 35.5 (+1.13) 27.9 (+0.7) 0.47 (£0.06) 28.8 (+0.1) 2.17

" Averaged rank is reported because of the dataset heterogeneity. A lower rank is better.

PAIR re-empowers IRMv1 and achieves new state-of-the-arts across 6 challenging realistic datasets.
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PAIR as the model selector

Table 3: OOD generalization performances using DOMAINBED evaluation protocol.

COLOREDMNIST | PACS * TERRAINCOGNITA |
PAIR-s +90% +80% 10% A\ Wr. A C P S Awr. L100 138 .43 1L.46 A wr.
ERM 1.0 734 100 8§7.2 7.5 9505 769 46.7 418 574 39.7
DANN 71.0 73.4 10.0 86.5 79.9 97.1 75.3 46.1 41.2 56.7 35.6
DANN oo 716 733 109 409 870 814 968 775 +22 431 4l.1 552 387 +3.1
GroupDRO 72.6 73.1 9.9 87.7 82.1 98.0 79.6 48.4 40.3 57.9 40.0
GroupDRO voooormr 732 130 +3.1 8.7 832 978 814 +18 484 403 579 400 40.0
IRMvl 72.3 72.6 9.9 82.3 80.8 95.8 78.9 48.4 35.6 H5.4 40.1
IRMvl oo 674 648 242 +143 8.4 8l.7 974 9.7 +08 404 383 488 370 +1.4
Fishr 72.2 73.1 9.9 88.4 §2.2 97.7 81.6 49.2 40.6 57.9 40.4
Fishr v 69.1 70.9 22.6 +12.7 874 82.6 97.5 82.2 +0.6 51.0 40.7 58.2 40.8 +0.3

"Using the training domain validation accuracy. *Using the test domain validation accuracy.

PAIR-s substantially improves the worst environment performance of all representative OOD methods up to 10%.
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How PAIR mitigates the optimization dilemma

0o 50100150200250 1.0 Fitting  Adaption Generalization JG(? JSQJGJOJGJJJGJ? VREX (¢—)
. . . . - - - F/’/ 1e1_.... 0.84
. — train 162 ...- 0.82 ©
—— test 1e3'...-. S
0 100 200 300 400 500 e[| BB 080§
; -SRREE
le6 - -
—— ERM N 0.78 B
102 —— 00D ° 1e7- (0 B
~ o EEENE |,
(a) PAIR v.s. IRMX (b) Optimization trajectory (c) Normalized losses (d) Preference sensitivity

o
-
>

R alleviates the exhaustive parameter tuning efforts;
(b), (c). PAIR adaptively tunes the penalty weights towards better OOD solutions;
(d). PAIR is also robust to preference choices;

Q
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Summary

We provided a new understanding of the optimization dilemma in OOD generalization
from the Multi-Objective Optimization perspective.

We attributed the failures of OOD optimization to the compromised robustness of

relaxed OOD objectives and the unreliable optimization scheme.

We highlighted the importance of trading-off the ERM and OOD objectives and
proposed a new optimization scheme PAIR to mitigate the dilemma.

Thank you!

Contact: ygchen@cse.cuhk.edu.hk



mailto:yqchen@cse.cuhk.edu.hk

