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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)
Models trained with Empirical Risk Minimization (ERM) are often:

- prone to spurious correlations

- can hardly generalize to OOD data



Previous works focus on OOD objectives

Previous works mostly focus on developing better optimization objectives:
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Regularization via some OOD objective

3 (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

4 (Arjovsky et al., 2019; Kamath et al., 2021)



The Optimization Dilemma in OOD Generalization

Previous works mostly focus on developing better optimization objectives:
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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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The Optimization Dilemma in OOD Generalization

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:
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A is hard to tune
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The Optimization Dilemma in OOD Generalization

Previous works mostly focus on developing better optimization objectives:
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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
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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:
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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.,
» Not all potentially optimal solutions are reachable;
> 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)
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AS the traditional optimization scheme fails

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



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

ﬂopgljlization (MOO)! |

II?H{LERM, LOOD}T
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From a Multi-Objective Optimization perspective...

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

0.25

0.20 |-

015}

~ ..
f‘ %m :i«; . {.t ;_' -p,

min {Ll ) L2 } !
J=w-@

. A solution f (with {L;, L,}!) dominates f
GO R el (with {Ly, L, } ') if both Ly <Ljand L, < Ly
e e Pareto optimal solutions are the set of
solutions dominated by none;
* Their images form the Pareto front;

T
et

r »
=5 . -_-“‘_ét; 2‘;}"}”}:
b/ . ~
s N
AT

o A R
gﬁf;,z._-, H5
= ';"{’;‘:';“;?J % PR r T,
o n s i P R Y
. P S L s S
T ey

0.25

0.20

L

0.15

15

Simulated Pareto front
(Kaisa, 1999)



From a Multi-Objective Optimization perspective...

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

The failures of practical IRM variants is because of using bad objectives!
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Simulated Pareto front
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Robustify MOO objectives

IRM can extrapolate stationary points of negative combinations of training environments;
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18 (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.
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19 (Arjovsky et al., 2019; Bottou et al., 2019; Krueger et al., 2021)



PAIR: PAreto Invariant Risk minimization

20

A PAIRed journey into the adventure of extrapolation: min {Lggy, Lir: Lgg, )"
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PAIR: PAreto Invariant Risk minimization
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A PAIRed journey into the adventure of extrapolation: min {Lggy, Lir: Lgg, )"
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PAIR: PAreto Invariant Risk minimization
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IRMX raises more challenges in the optimization:

e The

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

Pareto front becomes more complicated:



PAIR: PAreto Invariant Risk minimization

IRMX raises more challenges in the optimization:

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

* [The Pareto front 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

* [The Pareto front 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}TfOI’ each objectlve a solutlon = { Lepnvs Lirnves Lrps }
satisfies Exact Pareto Optimality iff pERMLERM P RMLIRM pREXLREX

25



PAIR: PAreto Invariant Risk minimization
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* [The Pareto front 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)-
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(Mahapatra & Rajan 2020)



PAIR: PAreto Invariant Risk minimization

IRMX raises more challenges in
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 [The Pareto front becomes more complicated:

the optimization:
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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
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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;

(Gulrajani & Lopez-Paz, 2021)



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

29



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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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
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