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Empirical Risk Minimization
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Empirical Risk Minimization
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Background of Domain Generalization

% Distribution shift S|z 2 &
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I Introduction

Background of Domain Generalization

¢ Problem definition
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Introduction

Background of Domain Generalization

“ Taxonomy of domain generalization

Domain randomization: DRPC [29]/ SDR [30]/ FSDR [31]/ [32, 33, 34, 35, 36])

Data augmentation

Data Adversarial data augmentation: CrossGrad [37]/ ADA [38]/ DDAIG [39])
manipulation
(Sec. 4.1) M-ADA [40]/ UFDN [41]/ UNVP [42]/ L2A-OT [43]/ M3L [44]/ FSUS [45]/ ADAGE [46]/
Data generation DomainMix [47]/ MixALL [48]/ MixStyle [49]/ DeGIA [50]/ MBDG [51]/ PDEN [52]/
SFA [53]/ OpenDG [54]/ FACT [55]/ [56, 57, 36, 58, 59]

Kernel methods: MTL [6, 60]/ Multi-TCA [61]/ DICA [27]/ UDICA [62]/ CIDG [63]/ SCA [64]/
ESRand [65]/ MDA [66]/ [28]

DDGFD [73]/ DSDGN [74]/ DG-YOLO [75]/ MatchDG [76]/ DSON [77]/ DFDG [78]/ DSAF [79]/
Domanoinvariant | AdaRNN [80]/ ASR-Norm [81]/ RNA-Net [82]/ FAR [83]/ LAG [84]/ [85, 86, 87, 88, 89, 90]

representation learning

Explicit feature alignment: MTAE [67]/ CCSA [68]/ BNE [69]/ SNR [70, 71]/ MMD-AAE [72]/ J

Dormain adversarial learning: DANN [91, 92]/ MMD-AAE [72]/ DLOW [93]/ CIAN [94]/ ER [95]/
MADDG [96]/ FSUS [45]/ MMLD [97]/ DANNCE [98]/ CAADG [99]/ SSDG [100]/ AdaRNN [80]
| ASR-Norm [81]/ SADG [101]/ [102, 103]

Domain Representation
generalization learning Unvnrr'anr risk minimization: IRM [104 )/ TB-IRM [105]/VRex [106]/ReLIC [107]/[108, 109, 110, 111, 112])
i Sec. 4.2
llgoirt it L ) Multi-contponent analysis: LRE-SVM [113, 114]/ UndoBias [115]/ MVDG [116]/ CSD [117]/
Domain2Vec [118, 119]/ DCAC [120]/ FLUTE [121]/ [122, 2, 123]
= = Generative modeling: DIVA [124]/ DAL [125]/ M-ADA [40]/ DDG [126]/ SagNet [127]/ GILE [128]
Feature disentanglement RobustNet [129]/ T130]
Causality-inspired niethods: MatchDG [76]/ Deep CAMA [131]/ CSG [132]/ LaCIM [133]/
StableNet [134]/ [107, 135, 136]
Ensemble learning }—(D-SAM [137]/ DAEL [8]/ COPA [138]/ [139, 140, 141, 142] )
T r—p— MLDG [17]/ MetaReg [18]/ FC [19]/ MASF [143]/ MetaVIB [20]/ DADG [144]/ DGSML [145]/ M3L [44]/
L5 CATTITE Epi-FCR [146]/ [147, 148, 149]
;‘S_:fggg Gradient operation }—(RSC [150]/ Fish [151]/ Fishr [152]/ NCDG [153])
(Sec. 4.3) Distributionally robust optimization }—( VRex [106]/ JTT [154]/ GroupDRO [1551/ [156, 1571 )

Self-supervised learning }—(JiGen [158]/ SelfReg [159]/ [160, 161])

Others )——(Rand()m forest [162]/Shape-invariant [163]/Lottery ticket hypothesis [164]/Flat minima [165]/ Metric learning [166])
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I Domain-invariant representation learning

Invariant Risk Minimization

% Why is it a cow?
o ‘AN 2k= 740} ‘green or glassy background’ = AK|E HE0|
> Spurious correlation, not stable property

o ‘A9 HE 2t Z2 invariant correlations= HIRCHH ME2 EHQIN|E XM 74
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Domain-invariant representation learning

Invariant Risk Minimization

% Invariant risk minimization (arxiv, 2019)
«  Google Deepmind, Facebook Al, Stanford, Meta Al H712S0]| 2Jol AL CH, 20243 18 19Y 7= 1,6818] Q12E
=%

ol

Domain-invariant representation learningdiiA] Al22 &5 IH2HCHIS H|A|

r

Invariant Risk Minimization

Martin Arjovsky, Léon Bottou, aan Gulrajani, David Lopez-Paz

1 Introduction

Machine learning suffers from a fundamental problem. While machines are able to
learn complex prediction rules by minimizing their training error, data are often
marred by selection biases, confounding factors, and other peculiarities [49, 48, 23).
As such, machines justifiably inherit these data biases. This limitation plays an
ial role in the situations where machine learning fails to fulfill the promises of
al intelligence. More spec ing error leads machines into
recklessly absorbing all the correls ng which
patterns are useful has been previously studied as a correlation-versus-causation
dilemma, since spurions correlations stemming from data bi; are unrelated to the
causal explanation of interest [31, 27, 35, 52]. Following this line, we leverage tools
from causation to develop the mathematics of spurious and invariant correlations, in
arder to alleviate the excessive reliance of machine learning systems on data binses

[stat ML] 27 Mar 2020

g allowing them to generalize to new test distributions.
r‘:. As a thought experiment, consider the problem of classifying images of cows and
o) amels [4]. To address this task, we label images of both types of animals. Due to a
o0 selection bias, most pictures of cows are taken in green pastures, while most pictures
(o] of camels happen to be in deserts. After training a convolutional neural network
::j on this dataset, we observe that the model fails to classify easy examples of images
L of cows when they are taken on sandy beaches. Bewildered, we later realize that
(e our neural network suceessfully minimized its training error using a simple cheat:
=) classify green landscapes as cows, and beige landscapes as camels
- To solve the problem described above, we need to identify which properties of the
. : training data describe spurions correlations (landscapes and contexts), and which
e properties represent the phenomenon of interest (animal shapes). Intuitively, a
— correlation is spurious when we do not expect it to hold in the future in the same
(s~ manner as it held in the past. In other words, spurious correlations do not appear

to be stable properties [34]. Unfortunately, most datasets are not provided in a form
: + learning algorith
1d on the assumption that training and testing data are sampled independently
from the same distribution [51], it is common practice to shuffle at random the

nples. For instance, whereas the original NIST handwritten

able to discover stable properties. Becanse most machi

training and testing ex
data was collected from different wri nder different conditions [19], the popular
MNIST training and testing sets [8] were carefully shuffled to represent similar mixes
of writers. Shuffling brings the training and testing distributions closer together, but
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Il Domain-invariant representation learning . P -y %)?

Invariant Risk Minimization

« Invariant predictor?} invariant correlationg 7t A0 2 S0 ~ X Y Cov(¥a 'Y)
Example : Structural equation model O‘z = 2 ()( )2 - v, )
— Motse 2 af (%2
X, < Gaussian(0,02) 4@
7ot
\(ZX ( Y « X, + Gaussian(0,0°) _ ‘yed Cov(¥2 Y) = EE(XZ -EEXZJ)(Y‘E EY:DJ
X, £~ Y + Gaussian(0, 15“"&.«2 =€ [é(z _o)(T.o)]
Noisy observation of Y
’ = FY? +H(x V&N
ec = {replace a? by 10, replace a? by 20} ——=o
e = e<2 =ELY3]

O|tH, enviresnaertt e0il CHatiAf Least squares predicior ye =

domain

Xea +xeizze A25101 Y2 05137 =Var (Y) (2 [Y _7,0)

Regress from X7 a =0 \fd.Y (Y): \de(x| ) —\'VdV( NG, o )) = 2 (7
Regress from X¢ (& =0, &, ‘ =) )> .
Regress from (X5,X5) : & = 1/(0(e)7 + 1), & = 0(¢)*/(0(e)* + 1) Vay (%.) = Var (Y) + Var(Nos!
=20%4+ L _ 0%
ee A7 42 +,L
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I Domain-invariant representation learning

Invariant Risk Minimization

< Empirical data25E{ invariancesS 2= {2

Definition 3. We say that a data representation ® : X — H elicits an invariant
MQE J Cros;.ekt predictor wo® across environments £ (’.tf there is a classifier w : H — Y simultaneously
optimal for all environments, that is, w € argmin ., _, R°(w o ®) for all e € 5.)

—— e

% / e/\=
EDNEIF0E- LY [

€

XY ()=
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I Domain-invariant representation learning

Invariant Risk Minimization

< Empirical data25E{ invariancesS 2= {2

Definition 3. We say that a data representation ® : X — H elicits an invariant
predictor wo® across environments £ if there is a classifier w : H — Y simultaneously
optimal for all environments, that is, w € argmin .4, _,y R°(wo ®) for alle € £.

min z Ré(w o @)
O:X->H

subjectto  w € argming.g,_yR¢(W o ®) for all e € &

A
R Wit 4
i, Vaillry Iﬁ,ﬁ"’f’

7

(Inner routine) : 1=l GEEE| R k& SIZ0||M loss®| 7|CHZ0| 7 A &2 w2 31 :

S ey,

e RIS TA LT
R
ST

\\\\‘\% %ﬁ’ 002 7 |
- S 0&::.?,;:

% R g
(Outer routine) : SiX 2= ok SN X2 wE ArBSHA OE HLI0|E = -
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I Domain-invariant representation learning

Invariant Risk Minimization

< Empirical data25E{ invariancesS 2= {2

Definition 3. We say that a data representation ® : X — H elicits an invariant
predictor wo® across environments £ if there is a classifier w : H — Y simultaneously
optimal for all environments, that is, w € argmin .4, _,y R°(wo ®) for alle € £.

min z Ré(w o @)

O X->H

subjectto  w € argming.g,_yR¢(W o ®) for all e € &

S,
iR,
e
2

i 2 R
min  Yeee, R (D) + 2+ || Vup=10R(w - D) M

s \‘&%g’ e,
D:X-Y @ ) )
ERM2} penaltyE ZZ5h= hyper-parameter \\\//

T T
Vi O
el
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I Domain-invariant representation learning rz 3 (j ERM

Invariant Risk Minimization subjectto  w € argmingscyR°(W o @) forall e € &

% From (IRM) to (IRMv1)

[Normal equations]

Soft regularization term
Lipy (P, Re ocd)HA1-DW D,
o ‘ v W ¢ Q(w Y)T(XW’Y)

2 XT Xw =2X ") =0

\\

Classifier wE linear2 784 7

Fixed &, w§, € argmingR(w o ®): = Exe[DX)D(X®)"]™ Exe ye[®(X°)Y*]

C O (x"Y
Dgise(w, @,e) = |lw — o, W =
1’ El DOJIA2| optimal cla55| ier wg, 2 MEHEI w A0 [2] 72| /
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0|, environment e0f| CH3HA Least squares predictor ¢ = X8, + X5, S AKZ5I0 Y HIE51HH?

I Domain-invariant representation learning . ...

. . Co. . *  Regress from X3 =0, d&; =o(e)? /(0(e)‘~’+)
Invariant Risk Minimization . Regressfrom(Xf.xs) & = 1/(0(@)? + 1), & =0(e)/(0(e)? + 1)

Y: \-XH‘O)(Q_

Example 10|AM w = (1, 0), data representation ® = [O c =

Y= DG@J 0’23[0]
st LB g

st (,0,€) = [lw — w2 §(><e)§(x‘?)j— oxz]£6(|
eX’(' )T ~

— Dgise((1,0), ®, €)
S ———————————————
w = Dyise (heavy regularization)

Dyin((1,0), 2, €)

invariance pen: 111\

wé = IEXe[CID(Xe)CID(Xe)T] xe ye[PXO)Ye]
= D= €= 021 REHOIA S ") 2 e

—1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00

¢, the weight of ® on the input with varying correlation

Figure 1: Different measures of invariance lead to different optimization landscapes in our
Ezample 1. The naive approach of measuring the distance between optimal classifiers Daist

2
Dlin (W, CI), e) - || ]EXG [CI)(Xe)CD(Xe)T]W Cla ]EXe Yeé [(:I)(Xe)ye] || leads to a discontinuous penalty (solid blue unreqularized, dashed orange reqularized). In
/‘7‘._\ ’ contrast, the penalty Dy, does not exhibit these problems.

Ty WZ2XY \
KXW S AN
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Lipn(@w) = ) (RG> B) +1- Dy (w, 0, ))

eEE _—

I Domain-invariant representation learning

Invariant Risk Minimization

% Over-parameterized model2} linear classifier w 18

o
« QOver-parameterized model 2 Dy, = 0 7ts8 = US
N —

O o A @ e / &)
G Classifier

wod = (yd, w) il Dy (w, D,€) = [|Exe[@X)PXE) Tw — Exe,ye[PX)Y]|
—~— e~ A « /1/—/\/_/

o~ (3 (

)/

Over-parameterized modelO|lA= 71EX[S0] X2 &= 7I1HE BHAIE & + US
V
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Lin(@W) = )~ (RO o @) + 1 Dy, D))

eEEtr

I Domain-invariant representation learning

¥

|

[2tA classifier wg 14$

Invariant Risk Minimization
% Over-parameterized model2} linear classifier w 14
Over-parameterized model = Dy, = 0 7ts& & US
Fl, data representation ®2F £&3}0] invariant predictor =

_ 1 Data 1 4
wod = ()/CD,)—/ W) Representation Yy - )—/ Classifier
_
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Lin(@W) = ) (R o ®) + A+ Diyu(w, 0,6))

eEStT

I Domain-invariant representation learning

Invariant Risk Minimization
% Over-parameterized model2} linear classifier w 14
« QOver-parameterized model 2 Dy, = 0 7ts8 = US
« [2tN classifier wE 11™st F|, data representation ®2t 283510 invariant predictor =
Wo¥ o (Wod) 2
> . (W, 2,6e)x
-1 [o W%T?dz”ﬁ //. le ( ’}’ )102
. 33 MEZ %
Data . . . ;
. ) N . : Classifier
Representation [ ) ) [ : ’ ) ] 5"‘/\" \J? / W
S 2‘%601;2 2 W,
w

wo® = (yCD,)l/W)

b 2= environmentsO| CHollAl optimal classifier7t & ‘2,1 22O 2 M invariant predictor 1%

AN A A
Limweo (@) = ) (REG 0 ®) + A+ Dy (,0,€))
eEEtr -

Q.. Daota Mining
ob Quallity Anailytics




I Domain-invariant representation learning

Invariant Risk Minimization

< WE scalargztC2 IXA|AE invarianceE si&st £ Q12

Theorem 4. For alle € £, let R : RY = R be convex differentiable cost functions.
A vector v € R can be written v = ® "w, where ® € RP*?, gnd where w € RP
simultaneously minimize R®(w o ®) for all e € &, if and only if vI VR®(v) =0 for
all e € £. Furthermore, the matrices ® for which such a decomposition ezists are the
“matrices whose nullspace Ker(®) is orthogonal to v and contains all the VR®(v).

w¥ e argnin R(moz) o
w€IR d

2 Re(Fw) = goRE™W) = F VKL =0
W3 VREWV) =wT-0 =0

Lywrw=e Wl

@@Y S . aRMvn> F > on-Juer

D ~————— 7
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I Domain-invariant representation learning

Invariant Risk Minimization

S

ou

]

=

|->I

o 22 EHQINHIAN 8558t invarianceE B= EH[QIO 2
=1 H|Q10| 2ot CIIMZ 71X 11 Q10{0F et

kst =H|Q10] invarianceZS 71X| 11 100} st

—

UL

[UE!
o fo
b
s

(=
I_ L =

l_l

1
¢

Assumption 8. A set of training environments & lie in linear general position of
degre@ if || >d—1+ % for some r € N, and for all non-zero x € RO
s 2ol & o

fim [ sp: {E [XﬂX*fT]»:—E .. [XE } d—r.
E_(;mn( X 1 xeee [X € e > T SP‘WI

53 THOI0ZHE| MAE HE Z7to| X2
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I Conclusion
MZa| CIoIC = 7150 | TQEt

2 220N iid S

% Summary
Empirical risk minimization2 k&1t EIAE H|0|E{7}
0245t 7 PH0 | 1AM 2hiliSk= 5 CIO[EAI AJO 2] distribution shift A&l0f|A ERMS EX| 25t Ms2 HY

Ei

Ilkdgt 4= Qb= domain generalization A7H

°
= O
otdss

Distribution shift &}20flA{&= HIAE H|0[E{0f] T
> M2 EE7HHE e EHIRI0fN invariance correlationsS Sisoh= UHE

InvarianceE S&fot XA} Ao JI2HC|HE 7 |HE relaxed version K[t

>
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