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Abstract

Domain Generalization (DG) aims to learn a model that generalizes in testing domains
unseen from training. All DG methods assume that the domain-invariant features can be
learned by discarding the domain-specific ones. However, in practice, the learned invari-
ant features usually contain “spurious invariance” that is only invariant across training
domains but still variant to testing ones. We point out that this is because the contri-
bution of the minority training samples without such spurious invariance is outgunned.
Therefore, we are motivated to split these samples out of the original domains to form
a new one, to which the spurious invariance is no longer invariant and thus removed.
We present a cross-domain influence-based method, DOMAIN+, to obtain the new do-
main. Specifically, for each sample per training domain, we estimate its influence by
up-weighting it and then calculating how much the invariance loss of the other training
domains changes—the more it changes, the higher the influence, and the more likely the
sample belongs to the new domain. Then, with the split domains, we can deploy any
off-the-shelf DG methods to achieve better generalization. We benchmark DOMAIN+
on DOMAINBED and show that it helps existing SOTA methods achieve new SOTAs.
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Chapter 1

Introduction

In an era where machine learning models are increasingly deployed in diverse settings,
their ability to generalize to unseen data domains is crucial [2, 3]. This challenge is
central to Domain Generalization (DG), a field dedicated to developing models robust
across varied and novel environments [4, 5]. Recent work shows that deep models are
good at fitting training data but bad at generalizing to unseen domains [2, 3, 6, 7]. For
example, when a model is trained in Phot o domain, where most dogs are black, it will
recklessly learn the color features to identify dogs, and thus it is less discriminative when
the color is no longer needed, e.g., tested in Sketch domain. In practice, models are
always tested in various domains, and thus we are interested in the DG task: training
a model in multiple domains to achieve invariance, which is generalizable in unseen
domains [4, 5]. The effects of domain generalization have far-reaching implications
that go beyond just theoretical considerations, which are vital to ensure the reliability of

autonomous driving [8—10], medical imaging diagnostics [11, 12], efc.

To achieve invariance, all DG methods aim to keep the domain-invariant features (or
causal features [13, 14]) by discarding the domain-specific ones [15-17]. As shown
in Figure 1.1(a), {black, dog shape} are the invariant features obtained by DG
methods as they are indeed discriminative for most training samples in both Phot o and
Art. Embarrassingly, the community recently finds out that the most naive Empirical
Risk Minimization (ERM) objective, which simply merges the samples of all the training
domains without any domain-invariant pursuit, shows competitive or even better perfor-
mance compared to DG [3]. The reason is because although ERM is widely known to be

easily biased by spurious training correlation [6, 15, 18-20], e.g., most dogs are black, as
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Training Domain: Art

Training Domain: Photo

{ green bg, black,(dog shape] M} {any bg, black,(dog shape]}

DG Methods
{black,(dog shape|}

(a) DG methods learn spurious invariance

select Cross-Domain split as

{ “influential samples Influence Function new domain |
I

Training Doméin: Art Trammg Domam +
{green bg, black, {any bg, black, {any bg, any coIor,
dog shapel} dog shapef} dog shapef}
DG Methods
{([dog shapel}

(b) DG methods with our DOMAIN+ learn invariance

FIGURE 1.1: Illustration of the spurious invariance (grey shade) learned by conven-
tional DG and removed by our DOMAIN+. “bg”: background, bordered word: domain-
invariant feature.

long as the training samples across domains are diverse, e.g., dogs with different back-
grounds in Photo and Art, ERM can still remove sufficient domain-specific features,

e.g., it also learns {black, dog shape} as well as DG.

This implies that existing DG methods still lack a self-diagnostic mechanism to remove
the Spurious Invariance shared by all the training domains but variant in the testing
domain. We call the invariance “spurious” because it cannot be overturned by using the
cross-domain validation only on the training domains [15, 16, 21], just like the under-
lying true invariance that is also shared by all training domains, removing which will
definitely increase the training loss. In Figure 1.1(a), {black} is a spurious invari-
ance because it is no longer discriminative in unseen domains without color such as
Sketch. The reason is that the {black} samples prevail in all training domains over
{other color} samples, e.g., the white in Photo and the colorful in Art. Thus,
these rare samples make minor contributions to counter that {black} is not the true in-
variance, because removing which will diminish the model fitting for the majority “black

dog” training samples.
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by influence

by loss

FIGURE 1.2: Visualizations of the samples ranked by cross-domain influence (top) and
IRM loss (bottom) from low to high. Red borders denote the selected rare samples by
DOMAIN+.

You may propose a straightforward remedy to up-weight those rare samples. It sounds
appealing but it is hardly applicable in practice due to the following two challenges.
First, it is hard to identify the sample-wise “rarity” as the notion of “invariance loss” is
defined on the dataset-level to evaluate how consistently the model (or feature) behaves
across domains [15, 16, 22]. So, popular hard sample mining methods only identify
those with high training loss [23-25], which only quantifies how well the model fits a
specific sample but not low invariance [26, 27]. Second, even if we can accurately zoom
into those samples, the re-sampling of them will introduce not only the desired features
(e.g., {white} in Photo), but also other associated ones (e.g., {green bg}), which

may mislead the entire training [28, 29].

To address the first challenge, a principled way to judge if a sample has no spurious
invariance is to ask the self-diagnostic counterfactual question: If we have removed the
sample, how would it affect the invariance re-trained on the new training data excluding
it? In particular, we define the answer as a sample-wise real value called Cross-domain
Influence: as the samples without spurious invariance are rare, if we remove one of
them in one domain, the domain’s spurious invariance will become more dominant, e.g.,
the percentage of black dogs in Photo is higher, then the spurious invariance will be
more easily achieved in the domain after training. So, such “purer” spuriousness helps
other domains achieve the spurious invariance faster too—decreasing their invariance
losses; in contrast, if we remove one of the majority samples with spurious invariance,
it won’t significantly decrease the invariance loss as the spurious invariance is still dom-
inant. According to the above discussion, we give a formal definition of rare samples in
Chapter 4.2.
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However, the above “leaving one sample out and re-training” makes the cross-domain
influence estimation prohibitively expensive. Thanks to the recent advances in ap-
proximating the sample influence without re-training [30, 31], we can implement our
cross-domain influence by “differentiating” a sample in one domain, i.e., up-weighting
the sample by an infinitesimal amount, and then estimating the mean of the invari-
ance loss changes in each other domains by a closed-form expression (Chapter 4).
As shown in Figure 1.2, the influence ranking of the samples indeed tells us more
about the spurious invariance than the conventional sample “hardness”. For exam-
ple, our high influence identifies rare dogs that are {non-standing, abnormal

action, colorful}, which do not suggest high training loss necessarily.

Finally, to address the second challenge, after identifying the most influential samples,
instead of re-sampling, we respect them as a new domain by splitting them from the
original ones, and then use any off-the-shelf DG methods on the old domains plus the
new one, and hence we dub our method DOMAIN+. As illustrated in Figure 1.1(b), DO-
MAIN+ can help any DG method to achieve the true invariance {dog shape}, which
is the only invariance across the newly split domains. In Chapter 5, we use 3 clas-
sic open-sourced SOTAs: IRM [15], CORAL [17], and Fish [16], as our baselines on
4 popular datasets: PACS, VLCS, OfficeHome, and Terralncognita. Specifically, we
follow DOMAINBED [3]—a stringent and reproducible DG benchmark—to conduct all
the experiments. The results show that we can consistently improve all the baselines,

demonstrating that our DOMAIN+ helps DG achieve a better invariance.



Chapter 2

Literature Review

2.1 Domain Generalization

Domain Generalization (DG) trains a model on multiple training domains and tests its
generalization ability in unseen domains. DG methods can be categorized into two
camps: 1) Without using domain labels. They use a domain-agnostic augmentation/reg-
ularization to help the model learn more generalizable features [32—-35]. However, DO-
MAINBED [3] shows that a strong ERM beats most of them, implying that these meth-
ods for improving ERM are mostly due to an unfair hyper-parameter tuning, and thus
they fail to learn domain-invariant features. Therefore, we focus on the other camp in
this paper. 2) Using domain labels. They use domain-wise regularization to encourage
the model to learn domain-invariant features by penalizing the domain-specific features.
They include: Invariant/causal learning [15, 21, 36, 37], which uses invariance loss
to penalize the learning of different features across training domains; Feature/gradient
alignment [16, 17,22, 38, 39], which minimizes the distance between the features/gradi-
ents of the same class from different domains. Adversarial learning [40, 41], which reg-
ularizes that the learned features should not predict the domain labels, i.e., the domain-
specific features are removed. However, all of them suffer from the spurious invariance,

which will be addressed by our DOMAIN+.
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2.2 Influence Function

Influence functions are a concept from robust statistics, used to estimate the impact
of removing or altering a single data point in a statistical model [42]. This method
approximates the effect on certain objectives, like testing loss, when a data point is
excluded from training. Recent work has expanded the use of influence functions. These
techniques have been used to measure the impact of individual samples or features on the
model performance, with a special emphasis on testing loss, including re-weighting [30,
31, 43], altering features or labels [44, 45]. These methods are essentially considered an
oracle tuning trick, providing insights into the influence of individual data components

on the overall model.

Despite their utility, the direct application of traditional influence functions in Domain
Generalization (DG) is faced with significant challenges. One major limitation is the
impracticality of evaluating the model based on the oracle setting, as it violates the gen-
eralization scenario [3]. To address these limitations in the context of DG, our research
introduces the concept of cross-domain influence, which relies solely on training data.
This novel approach circumvents the need for extensive retraining by utilizing an effi-
cient estimation method inspired by Koh and Liang [30]. Our cross-domain influence
method is designed to assess the impact of data across different domains, offering a
more practical and scalable solution for evaluating influence in complex models and

large datasets.



Chapter 3
Preliminaries

Given training data D consisting of K domains D = {D;,Ds, ..., Dk}, where D), =
{(z¥, yF)}*,, 2¥ is a sample in domain k, y¥ is its one-hot label, and ny, is the number
of samples in Dy. Domain Generalization (DG) aims to train a model f on D to predict
the labels of testing samples in any unseen domains D,,. The crux of learning f is to
capture the domain-invariant (causal) features, which are invariantly discriminative in
any domain, by discarding all the domain-specific features that are only discriminative

in training but not testing.

3.1 Empirical Risk Minimization (ERM)

It simply merges the samples of all the training domains as a whole without domain
index, i.e., D =Jp_, Dp = {(x1,y:) Y\, where n = 31 ni. ERM learns f on D by

minimizing the softmax cross-entropy (CE) loss:
1 n
erm(f, D) n; (vi, f (i) 3.1

where f(x;) is the softmax prediction of z;. ERM can remove some domain-specific
features and shows competitive performance as we mentioned in Chapter 1. The reason
is that some domain-specific features are no longer dominant in the combined set. For

example, in Figure 1.1(a), although green bg is a domain-specific feature in Photo,
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it is less dominant in Phot o and Art combined. However, ERM cannot remove dataset-
specific features when most domains contain similar features, which still causes bias in

unseen testing domains.

3.2 Invariant Risk Minimization (IRM)

Domain Generalization (DG) methods aim to discard the domain-specific features by
additionally minimizing a penalty overall training domains, i.e., the invariance loss
E(f? Dk)
K
Loa(f) = 5o S Lol f, De) + A L7, D) (32)
DG K < ERM\ ./, ~k s Pk .
where A > 0 is a trade-off hyper-parameter. For example, Invariant Risk Minimization

(IRM) [15], a classic DG method, implements the invariance loss as:

L(f, D) =Y | Vo1 CE(yf, () -0)]7, (3.3)
=1

where 6 is a “dummy” classifier, whose gradient is not used to update itself but to cal-
culate the penalty. Invariance loss encourages the model to be equally optimal in dif-
ferent training domains, by penalizing the learning of different domain-specific features.
However, DG methods in the form of Eq. (3.2) cannot remove the domain-specific fea-
tures shared by all training domains, leaving the spurious invariance, which is invariant
across training domains but variant to the testing domains. The reason is that L( f, Dy,)
is essentially a pooling of domain samples, and in this way, the contribution of some rare

samples without the spurious invariance is thus suppressed.



Chapter 4

Methodology

To help DG methods overcome the spurious invariance, we propose DOMAIN+: 1) find
the rare samples without spurious invariance by the proposed cross-domain influence,
2) split them from their original domains as a new domain, and then train DG meth-
ods on the original domains plus the new one. DOMAIN+ algorithm is summarized in

Algorithm 1.

4.1 Algorithm

4.1.1 Cross-Domain Influence

As we discussed in Chapter 1, the sample “rarity” cannot be identified by the dataset-
level loss such as Eq. (3.3). To this end, we introduce a sample-level index called cross-

domain influence for sample x from domain k,:

R 1 =
I(z) = 77— Zﬁk(f*)—ﬁ > Lu(fy). 4.1)
Kahs e

where L (f) := L(f,Dy), f* and f} denote the optimal model trained on the entire
dataset D and D\ {x}, respectively. The term “cross-domain” means that the sample

removal happens in its own domain but its counterfactual influence is calculated by the
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Entire Dataset D

Cartoon| ¢

=
®

Dataset D removing x

Cartoon| .

FIGURE 4.1: Illustration of the cross-domain influence in Eq. (4.1).

mean of the invariance changes across other domains. The calculation details are illus-
trated in Figure 4.1. However, Eq. (4.1) needs to re-train the model on the new dataset

D\ {z} that is prohibitively expensive.

Thanks to the recent advances in approximating the sample influence without re-training [30,
42], we can implement /(z) by “differentiating” a sample = from domain &, to derive
the gradients of the invariance loss of other domains, i.e., by only training once, we can

effectively estimate the influence for each sample:

K
1 dLi(f))
I(z) = —— ke )
(z) K — k_%;ék de
L =0 (4.2)
1 * —1 *
=T K1 Z VL.(f )Hf* VL(f", ),
k=1,k#kq
where € denotes an infinitesimal perturbation, f := argmin; Lpg(f) + e£L(f, z) is

the optimal model after perturbing x, where L(f,z) = ||Vgg=1 CE(y, f(z)-0)||* if we
implement IRM as the invariance loss, the perturbation only happened on L( f, x) due to
we are interested in the changes of the invariance loss but not the whole loss, and H - :=
V2Lpc(f*) denotes the Hessian matrix, which derives from the influence function [30],

and more details can be found in Chapter 4.1.2.

Note that the sample-wise gradient of invariance loss reflects the domain changes and it

is meaningful for domain-level invariance, which is different from the sample-wise loss
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we have discussed. Our cross-domain influence function is calculated on other training

domains, which is more reasonable than the original one based on the testing set.

4.1.2 Deriving the Influence Function

Recall DG loss

Loa(f) = 3 D [Leraal7,De) + A+ L7, D),

k=1

and invariance loss

ng
L(f,Dr) = ) IIVop—1 CE(y, f(zF) - 6)|*.
i=1
Let f* := argminy Lpg(f) and fF := argminy Lpg(f) + €L(f, z) denote the optimal
model, and we define the parameter change A, := f — f*. Note that f* doesn’t depend

on ¢, we have
dA.  df?

= . 4.3
de de (4-3)
Note f* is the optimal model after perturbing x, we have:
0=V_Lpc(f)+eVL(f, x), 4.4)

as the first-order derivative the optimal model should be zero. Then, we perform a Taylor

Expansion on the right-hand side:

0~ [VLoG(f7) + eVL(f", )]+

4.5)
[V2Loc(f*) + eV2L(f*, x)] A,
where o(||A.||) term is ignorable. Solving for A, we have:
A~ — [V2L N+ eV2L(f, )]
[V2Loa(f) (f* )] “46)

[VLoc(f*) +eVL(f*, 2)].
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Note f* is the optimal model trained by Lpg, we have VLpg(f*) = 0. Keeping only
o(e) terms and let ¢ — 0, with Eq. (4.3) we have:

dfe
de

= —H/'VL(f* x), 4.7)

e=0
where H« := V2Lpg(f*) denotes the Hessian matrix.

Finally, we derive /(z) by chain rule

I(z) = 1 Z dLi(f7)

K-1 ik de -
K
L o dfe
= k-1 2 VAUD
k=1,k#ks =0
1 K
=——— Y VL(fHVL(f x).
k=1,k#ks

4.1.3 Second-order Stochastic Estimation

Considering the computational challenges in Eq. (4.2), we used the Second-order Stochas-
tic estimation technique for the linear-time approximation based on implicit Hessian-
vector products (HVPs) [30, 46]. The idea is to avoid explicitly computing HJZ} by
HVP, as [V2Lpg(f*)] v can be computed for arbitrary v in the same time that V Lpg(f*)

would take, i.e., O(p), where p denote the number of parameters [47].

Specifically, for each domain k, we first compute s; := H]?*IVEk( f*) and then update
I(x) by —sy - VL(f*, x). Formally, we compute /() by following equation:

1 K

I(z) = =7 k:%k si-VL(f* x). (4.8)

In the following, we introduce the stochastic estimation of s;. Consider the first j terms
in Taylor Expansion of H !, we have:
J

Hy'=> (I—Hp)™ (4.9)

=0
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Eq. (4.9) can be written in a recursive form:

H:'=1+(—Hp)H . (4.10)
By Taylor Expansion, we have H ' » H.!as j — oo. From [30], we can use the
unbiased estimator of Hy- to form H; ', so that E[H; '] = H; ', i.e, E[H; '] — Hy-.
Particularly, we can uniformly sample z; from domain & and use V2Lpg(f*, x;,) as an

unbiased estimator of H f-.

Formally, consider uniformally sample ¢ points y, , T,, . - . , T, from domain k, and let
Hy'VLL(f*) :== VLL(f*), we can compute ﬁj_l recursively:

H'VLL(f*) =VLL(f)

3 4.11)
+(I = VLo (f*, xx)) H; L\ VLi(f).

Thus, we obtain our final estimate of HfZIV/jk(f*) as H, 'V L, (f*) by Eq. (4.11). We
pick ¢ to be large enough such that I:[t_ ! converges and we repeat the procedure 7 times
and average the results. In this work, we empirically choose » = 3 and ¢ = 1000 on all

datasets, hence the overall time complexity is O(rt), which is the same order as O(n).

4.1.4 Rare samples split into a new domain

After estimating the cross-domain influence of each sample x, we split the rare samples
by I(x) > « from their original domain, and construct a new domain D, where « is a
threshold. Then, we train DG methods on {D\D ™ }X_ U{D™} to achieve the invariance.
We’d like to highlight again that the influence is fundamentally different from the sample
hardness in hard example mining [23, 48]. Besides the qualitative samples in Figure 1.2,
we also show the feature distributions of all the samples of different classes in Figure 5.1.
Interestingly, we can see the difference of D+ selected by influence and training loss:
as the rare samples with large influence are usually confounded by the majority, they
are more evenly distributed than the “hard” samples, which are merely considered as the

eccentric points far from the mainstream.
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Algorithm 1: DOMAIN+

Input : Dataset D = {D; }X_|, Threshold «
Output: New Dataset {D;, \ DT}, U {D*}
Train f on D by Eq. (3.2) and derive the optimal f*;
Initialize: D <+ & ;
foreach D, € D do // Enumerate domains
Initialize: D, «+ 9 ; // Rare sample set
foreach x € D, do
Initialize: /(x) < 0;
foreach D; € D\ {D;} do
](x)<—](m)—V£j(f*)Hf_*1V£(f*,x) ;
// Eq. (4.2)
I(2) & 1@)/(K ~ 1)
if /(x) > « then
LD,,(—DTU{JZ}; // X 1s rare

| DT« DTUD,; // Update DOMAIN+
Apply any DG methods on {D;, \ DT} U {D"}.

4.2 Justification

We provide a formal definition of rare samples according to the recent advance in influ-

ence function:

Definition 1. Given a pooled multi-domain dataset D. A set D" is said to contain all

rare samples in D if and only if:
Dt :={x € D|I(x) > 0},

where 1( - ) indicates the cross-domain influence function.

In practice, we follow recent influence-based methods [30, 45] and select D™ = {z|[(z) >
a}, where « is a threshold slightly greater than 0 to tolerate the estimation error. We find
that computing the analytical solution for « is not necessary. As shown in Figure 4.2,
influence experiences a sharp transition at some threshold, allowing us to simply tune

the value of «.

Therefore, we can split rare samples into a new domain by samples’ influence according

to Definition 1, and with the new domain, we have the following proposition.
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FIGURE 4.2: Visualization of sorted cross-domain influence (red) and training loss
(blue) of training samples using IRM. We train the model on the default three training
domains for each dataset. Each dot denotes a sample and its influence/loss value.

Proposition 1. DT as a new training domain can reduce the degree of freedom in the

invariant solution space w.r.t. the learned invariant features.

Here, the degree of freedom (DOF) indicates the dimension of image space. The reduc-
tion of DOF is equivalent to project spurious invariant features to kernel space, which
means the model has a better generalization ability [15]. Hence, Proposition 1 says that
DoMAIN+ will help DG methods achieve better invariance. We provide a theoretical

proof in Chapter 4.3.

To demonstrate why traditional hard-sample mining methods fail to select rare samples

with spurious features, we have the following proposition.

Proposition 2. Let a set of hard samples D, satisfies:
Dy := {x|l(z,y) > a},
then D, and D™ are comprised of different samples.

The proof is in Chapter 4.3. This proposition can be evidenced by our CMNIST ex-
periment, as shown in Figure 5.2, where the selection by loss involves many dominant

samples (i.e., red images). As such, we resort to our proposed cross-domain influence
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function for rare sample selection, which correctly selects the rare samples (i.e., green

images).

4.3 Theoretical Proof

Proposition 1. D' as a new training domain can reduce the degree of freedom in the

invariant solution space w.r.t. the learned invariant features.

Proof. Here we consider a linear projection f : X — ) as an invariant predictor, where
X denotes the feature space and ) denotes the one-hot label space. Since we only
require the classifier to be invariant to the domain, we slightly abuse the concept of f for

brevity and ignore the nonlinear feature extractor. From Rank—nullity Theorem, we have
dim(ker(f)) = dim(X) — dim(im(f)), (4.12)

where im( f) and ker(f) denote the image space and kernel space of f, respectively. Let

x. be a specific feature, s.7., f(z.) = y. Thus, for all 2y € ker(f), we have

f(ze+m0) = f(we) + f(wo) =y +0=1y. (4.13)

From Eq. (4.13), we know that x. is the discriminative feature and x( is the non-
discriminative one. Therefore, we intuitively expect every spurious feature x;, would

belong to an invariant solution space ker( f), i.e., achieve true invariance.

However, in practice, some spurious invariance features x,; are dominant in training
domains, and result in learning an optimal model f*, s.t., f*(zs + z.) = y, but f*(x.) #
y. Thanks to IRM Theorem 9 [15], which proves that adding a new domain will remove
one degree of freedom in invariant solution space, i.e., reducing the dim(im(f)). As
the dimension of feature space X is fixed, dim(ker(f)) increases, which means more

spurious invariant feature x, is more likely to be constrained in ker( f).

In the following, we prove that our split new domain D™ is a new domain by proving it

lies in linear general position of original domains according to Eq. (4.14).

dim (span ({Ex, [XiX[] @ — Ex,, [Xieil},(0,,) ) =2 (4.14)
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where X, X, denote the feature distribution of dominant features and rare features, re-
spectively, and Eq. (4.14) always hold because of Definition 1. Moreover, as all original
domains lie in linear general position, Eq. (4.14) can further prove that domains con-
taining only dominant features (i.e., original domains minus D) lie in linear general
position with the new domain with only rare features (i.e., D), which means D" is a
valid new domain. With Eq. (4.14) and IRM Theorem 9 [15], Proposition 1 yields the
proof. ]

Proposition 2. Let a set of hard samples D, satisfies:
Dy = {x|l(z,y) > a},

then D, and D™ are comprised of different samples.

Proof. We prove the above proposition by a case study. Consider the following binary

classification problem with spurious feature:

y € {-1,1}

. P(z=yly)=p
Plz=—-yly)=1-p

e ~ N(0,07)

x = [y +e1],
where y is the ground-truth label, z is a spurious feature that correlated with label with
probability p, and x is the sample feature. The target is to train a predictor which can
predict the label y from the given sample x. This case can be considered as a simple

version of Colored MNIST, where y denotes the number label, and z denotes the color

label. Consider a simple regression function

b
X) =X , 4.15
f(x) LJ (4.15)

where 31 and 3, are trainable parameters with a log-loss objective

((f(x),y) = log(1 + exp(=y f(x))). (4.16)



18 4.3. Theoretical Proof

Particularly, when 5, = 1 and 5, = 0, it is an invariant predictor. However, as shown in
IRM [15], such simple log-loss methods cannot eliminate spurious correlations, which

result in non-zero Js.

In the following, we showcase that samples with larger loss has no implication that it

contains no spurious features. Let y = 1, and consider two samples:

X1 = [1 + €1, 1]
X9 = {1 + €9, —1],

where x; contains spurious feature while x5 not.

We will show that x5 is not always a ‘harder’ sample compared to x; w.r.t. objective
function in Eq. (4.16). Let £(f(x1),y) > £(f(x2),y), we derive:

9
o <o P2 4.17)

B
This is easy to hold in practice, since both ¢; and ¢, are random variables with large
variance o2. Therefore, if this condition holds, x; will be treated as a “hard sample”
instead of x,. However, x, 1s the rare sample without spurious feature. So Proposition 2

yields proof. L



Chapter 5

Experiments

5.1 Settings

5.1.1 Dataset

Following DOMAINBED, we demonstrated our DOMAIN+ on 4 popular multi-domain
image classification datasets. The examples of the datasets are shown in Table 5.1 and
Table 5.2.

1) PACS [49] contains 9,991 images of 7 classes from four domains, including art,

cartoons, photos, and sketches.

2) VLCS [50] contains 10, 729 photographs of 5 classes from four domains, including
Caltechl01, LabelMe, SUN09, and VOC2007.

3) Office-Home [51] contains 15, 588 images of 65 classes from four domains, including

art, clipart, product and real.

4) Terra Incognita [52] contains 24, 788 photos of wild animals from 10 classes, taken

at four different locations, including 1100, L38, L43 and L46.

5.1.2 DOMAINBED Benchmark

It is a stringent and reproducible testbed for domain generalization that provides con-

sistent implementations across SOTA methods for fair comparisons [3]. We followed

19
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TABLE 5.1: Examples from PACS and VLCS.

the training-domain validation set in DOMAINBED for model selection by default, and
we additionally applied the training-domain validation (oracle) setting. Specifically, we
split each training domain into training and validation subsets, which account for 80%
and 20%, respectively. We choose the model maximizing the average accuracy on the
validation sets. For a fair comparison, we follow the settings in Fish [16] that report the
average over 5 random trials. To evaluate the effectiveness of DOMAIN+, we follow DO-
MAINBED and use accuracy as our main metric. Accuracy measures the proportion of
correct predictions out of all predictions made, offering a clear indication of our model’s

performance in accurately generalizing across various domains.

5.1.3 Baselines

We chose 3 popular DG SOTAs: IRM [15], CORAL [17], and Fish [16], and applied
our DOMAIN+ to them, where we later named IRM+, CORAL+, and Fish+, respec-
tively. We compared their performances with other SOTAs based on the implementation
of DOMAINBED, including ERM [53], DRO [36], Mixup [54], MLDG [33], MMD [22],
RSC [32], ANDMask [38] and SagNet [55].
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A C P R L100 L.38 L43 L46

TABLE 5.2: Examples from OfficeHome and Terralncognita.

Algorithm PACS VLCS
A C P S Avg C L N A\ Avg
ERM [53] 86.7+13 79.6+27 95.840.6 79.242.6 853+13 | 97.1+1.0 65.7+15 69.7+29 74.3+3.6 76.7+1.2
DRO [36] 83.64+2.2 79.7+423 96.5+0.4 78.9423 84.7+1.3 | 96.9+1.2 63.3+1.1 70.0£25 729427 75.8+14
Mixup [54] 85.3+1.1 80.5+1.2 96.9+03 759429 84.6+1.1 | 97.6+0.7 63.2+15 70.6+1.6 74.9+14 76.6+0.9
MLDG [33] 83.044.9 76.2+1.8 95.8+1.1 745420 82.4+1.4|97.2409 63.242.2 70.1+£2.1 72.5£1.6 75.7+1.1
MMD [22] 83.442.1 79.4+37 95.7+0.7 74.0+£7.0 83.1+2.3 | 97.4409 62.942.0 69.9+18 74.843.1 76.2+1.5
RSC [32] 80.6+2.9 77.5+34 95.1+0.6 76.942.7 82.5+1.4 | 93.7+1.8 64.2+1.8 67.8+14 7T1.1£35 74.2+1.0
ANDMask [38] | 84.3+3.1 77.6+1.9 96.3+0.7 72.7+44 827423 | 96.7+14 63.9+2.1 67.143.3 70.4+3.1 7T4.5+1.7
SagNet [55] 83.2+0.6 81.1+1.2 95.5+1.2 77.9422 84.4408 | 96.1+1.3 63.3+23 723434 73.7+27 76.3+0.9
IRM [15] 85.742.1 79.8+1.6 95.8+0.4 78.0+1.7 84.8404 | 94.74+3.1 64.7+1.5 702413 73.843.7 75.9+0.8
IRM+ 85.94+2.8 81.1+03 96.7+0.7 78.7+1.4 85.6+0.7 | 97.24+0.8 65.5+1.7 71.3+2.0 759412 77.5+0.8
CORAL [17] 84.2+24 78.843.1 96.6+0.6 77.5+13 84.34+0.8 | 97.1+0.5 65.5+12 70.34+25 76.8+22 77.4+08
CORAL+ 86.5+2.0 81.3+23 97.0+0.6 80.8+0.8 86.4+0.7 | 98.3+0.6 653+1.6 71.6+1.9 76.5+22 77.9+0.7
Fish [16] 85.3+1.8 79.0+13 959+1.0 78.342.8 84.6+1.2 | 97.5+1.1 64.2+1.6 712407 754+14 77.1+0.6
Fish+ 86.1+1.8 81.1+2.0 96.9+08 78.74+3.4 85.7+1.0 | 98.0+09 65.3+1.2 73.0+£13 76.4+12 78.2+0.6

TABLE 5.3: Test accuracy (%) of PACS and VLCS based on training-domain validation
hyper-parameter tuning. “+” mark indicates that it trained by our DOMAIN+.

Algorithm PACS VLCS
A C P S Avg C L S A\ Avg

ERM 87.2+1.6 83.1+2.0 97.6+0.5 81.7+0.8 87.44+03 | 98.1+04 66.6+£1.0 73.2+1.9 77.8+£1.2 78.9+0.9
DRO 86.7+1.3 81.5+14 97.1+04 83.0+12 87.1+04 | 98.0+0.6 67.0+1.1 72.7+1.4 76.6+2.8 78.6+0.8
Mixup 85.6+0.7 80.7+1.6 97.3+02 80.6+13 86.1+04 | 98.5+03 66.8+1.3 73.7+1.6 78.0+1.5 79.3+0.7
MLDG 86.0+1.0 82.9+1.6 96.7+04 80.4+1.4 86.5+0.6 | 98.3+0.9 66.6+£1.0 72.1+25 77.1£22 78.5+0.9
MMD 86.3+0.8 82.841.0 97.4+05 80.8+1.7 86.840.6 | 98.6+02 67.740.6 72.6+0.7 77.24+1.5 79.0+0.5
ANDMask | 86.8+12 79.1+1.5 97.2404 78.0+1.7 85.3+0.5 | 97.7409 64.2+4.1 69.2+3.1 74.9+14 76.5+1.2
SagNet 85.5+1.4 82.6+1.5 96.4+04 80.3+12 86.2+04 | 96.8+0.9 67.5+0.7 74.24+2.1 78.9+14 79.3+0.7
IRM 87.0+2.1 82.0+1.2 97.1+05 81.1+23 86.8+1.1 | 98.3+02 66.5+1.6 72.842.5 78.6+1.6 79.1+0.9
IRM+ 87.9+1.2 82.8+1.3 97.7+04 81.9+1.1 87.6+04 | 98.5+0.7 67.7+04 74.2+12 79.1£0.2 79.9+0.5
CORAL 87.6+1.0 82.2+0.7 97.24+0.6 81.1+0.8 87.0+04 | 97.7+04 66.1+1.1 73.2+14 78.8+1.3 79.0+0.2
CORAL+ | 89.0+1.1 83.5+1.6 97.6+0.1 82.4+15 88.1+£09 | 98.4+0.6 67.7+1.1 73.9+1.6 78.24+1.9 79.6+0.7
Fish 88.2+1.3 824420 97.0+04 79.8+t1.6 86.84+09 | 98.0+0.6 66.4+14 72.7+1.8 7T77.841.9 78.7+0.8
Fish+ 87.9+03 83.4+1.5 98.0+0.2 82.44+09 87.9+04 | 98.5+02 66.5+0.6 74.8+25 78.8+£2.1 79.6+0.7

TABLE 5.4: Test accuracy (%) of PACS and VLCS based on testing-domain validation
hyper-parameter tuning. “+” mark indicates that it trained by our DOMAIN+.
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Algorithm OfficeHome Terralncognita
A C P R Avg L100 L38 L43 L46 Avg
ERM [53] 59.54+1.8 523413 739413 75.64+1.0 653404 | 49.7+29 43.3+16 56.1+2.1 353428 46.1+18
DRO [36] 58.8+1.4 529415 74.5+1.1 755407 654+0.7 | 489434 41.1+£39 57.5+05 37.3+£1.9 46.2+1.0
Mixup [54] 61.4+14 539417 76.1+07 77.1406 67.1+0.5 | 54.7+45 44.1£38 55.1432 31.14£37 46.242.7
MLDG [33] 57.240.6 51.4419 73.1+1.0 74.8409 64.1404 | 50.4+38 37.5+40 52.6+39 34.1436 43.6+1.9
MMD [22] 58.4+13 53.440.7 73.9408 752406 652406 | 48.8+32 40.9+3.1 54.2+18 36.6+4.1 45.1+2.1
ANDMask [38] | 55.8+1.3 50.5+1.6 73.240.7 75.0+0.7 63.6+0.4 | 44.6+38 40.5+13 53.6+2.1 37.0+3.0 43.9+15
SagNet [55] 59.14£1.6 52.4+25 74.6+09 753408 65.3404 | 50.6+3.6 44.0+2.3 54.8+1.3 314439 452+27
IRM [15] 58.5+1.0 52.0£13 73.541.5 74.8409 64.7+0.7 | 53.5+44 41.8+£3.6 55.6+1.7 37.7+42 47.2+14
IRM+ 60.5+£1.2 529+14 752412 762404 66.2+04 | 54.8+42 454+33 56.3£20 38.1+09 48.6+1.3
CORAL [17] 63.0£12 55.3409 76.0+£05 76.8409 67.8+04 | 51.942.0 41.1+28 524434 373428 45.7420
CORAL+ 63.3+09 56.4+09 76.6+1.1 78.4+02 68.7+0.4 | 55.5+24 44.1+33 56.0+3.1 37.843.0 48.4+23
Fish [16] 59.0+14 524+18 73.740.7 74.5+06 64.9+08 | 499420 41.7£1.7 545416 379435 46.0+09
Fish+ 59.9415 53.0414 75.0407 759411 659409 | 53.6+22 44.7+22 56.2+12 38.2435 48.2+1.9

TABLE 5.5: Test accuracy (%) of OfficeHome and Terralncognita based on training-
domain validation hyper-parameter tuning. “+” mark indicates that it trained by our

DOMAIN+.
Algorithm OfficeHome Terralncognita
A C P R Avg L100 L38 L43 L46 Avg

ERM 60.0+1.1 52.6+1.6 744413 75.6+£09 65.6+£03 | 62.6+3.7 47.841.9 57.7+1.1 42.64+25 52.7+12
DRO 59.3+15 527415 75.0408 75.840.6 65.7+0.8 | 59.543.1 46.8433 60.2+1.1 43.1+15 52.4+1.6
Mixup 61.3+1.6 54.9+07 75.7+0.6 77.4403 67.34+03 | 67.7+1.0 49.1+1.6 58.8+1.0 39.8+13 53.9+04
MLDG 57.8408 52.7409 73.540.6 75.5409 64.9+0.5 | 58.0+3.0 52.7+3.4 58.842.1 41.0+0.7 52.6+1.1
MMD 59.0+£1.1 52.8409 73.441.0 75.741.0 652406 | 60.242.6 45.7+12 57.8+13 43.8406 51.9+1.3
ANDMask | 57.5+1.4 52.6+06 73.1409 75.441.0 64.6+04 | 58.64+6.9 46.9+29 552+20 44.0+1.0 51.242.1
SagNet 60.0+£1.2 53.1+1.7 747410 754+14 658405 | 61.8+1.8 49.1+2.7 572408 41.0+1.5 52.3+1.3
IRM 59.3+1.6 532411 744413 754408 65.6+05 | 62.442.9 46.8424 57.9+1.1 43.8407 52.7+14
IRM+ 60.6+0.7 53.8+14 75.5+41.0 76.0+0.6 66.5+0.5 | 62.942.9 49.0+2.6 59.6+1.8 43.6+1.8 53.8+1.9
CORAL \ 62.5+1.1 55.5+415 76.4+1.0 78.1+05 68.1+£0.5 | 58.54+2.0 49.64+3.0 57.441.7 445412 52.5+1.1
CORAL+ 643410 56.5+12 76.9+0.6 78.6+0.7 69.1+04 | 63.6+0.8 49.6+1.5 59.0+0.6 44.1+1.8 54.1+0.6
Fish \ 60.2+13 53.1+13 74.5405 75.1+0.5 65.740.5 | 59.542.9 48.1+2.0 57.7+1.7 423430 51.9409
Fish+ 60.2+1.4 54.2+17 752410 76.1+1.2 66.4+0.7 | 61.8+1.7 48.7+0.6 59.0+2.1 43.7+25 53.3+08

TABLE 5.6: Test accuracy (%) of OfficeHome and Terralncognita based on testing-

domain validation hyper-parameter tuning.

DOMAIN+.

L2

“+

5.2 Implementation Details

5.2.1 Efficient Influence Calculation

mark indicates that it trained by our

Considering the computational challenges in Eq. (4.2), we used the Second-order Stochas-

tic estimation technique for the liner-time approximation based on implicit Hessian-

vector products (HVPs) [30, 46], and the procedure is detailed in the Chapter 4.1.3. In

particular, we run it three times, 1, 000 steps each, and average the results as the influence

in Eq. (4.2).
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FIGURE 5.1: t-SNE [1] visualization of the training sample features extracted by IRM
model. We trained the model on the default three domains on each dataset. Red dots are
the selected rare samples by training loss (Top) and cross-domain influence (Bottom).

5.2.2 Parameter Settings

Following the settings in DOMAINBED, we used pre-trained ResNet-50 [56] as the back-
bone for all methods on all datasets and optimize all models using Adam [57]. We ap-
plied the default settings and hyperparameters in DOMAINBED, specifically, we applied
Adam [57] optimizer with learning rate as 5 x 1075, we set batch size as 32 and training
step as 5000 for all experiments. For our hyperparameter «,, we search the best value
from {107!2,10719,107%,1076,107,1072,10"!}, specifically, we set it as {10712, 1078,
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10719, 1076} for A, C, P, S in PACS, respectively; {1078, 1074, 1078, 1071°} for C, L,
S, V in VLCS, respectively.

5.3 Results and Analysis

We show the effectiveness of our DOMAIN+ by the following Q&A.
Q1. How does DOMAIN+ improve DG methods?

A1l. Our main results are shown in Table 5.3, 5.4, 5.5 and 5.6. Compared to the orig-
inal DG methods, our DOMAIN+ consistently improves most of the settings by a large
margin. Specifically, we improve IRM, CORAL and Fish by 1.3%, 1.6%, and 1.3%
averaged over the four datasets, respectively. In particular, we have made the largest im-
provement on the Terralncognita dataset, where the baselines perform worse than other
datasets. One possible reason is that this dataset may contain more spurious invariance
(as its only domain variance is the camera’s latitude, there could be more shared features
across domains than PACS), which downplays the baselines, and thus our DOMAIN+ for

removing the spurious invariance plays a more essential role in improvement.
Q2. How does DOMAIN+ perform compared to SOTAs?

A2. Compared to the original SOTAS, especially the ERM implemented by DOMAINBED [3],
the DG methods equipped with our DOMAIN+ achieve new SOTAs in each setting of
each dataset. Specifically, we improve the SOTAs by 1.1%, 0.8%, 0.9%, and 1.4% av-
eraged performance for the four datasets, respectively. Noteworthy, some original DG
methods cannot even beat ERM. However, after applying our DOMAIN+, all of them
outperform ERM in most cases. This demonstrates that by removing the spurious invari-

ance, we effectively promote the potential invariance of these DG methods.

To further show the effect of DOMAIN+ in feature learning, in Figure 5.3, we visualized
the extracted features of IRM (Top) and IRM+ (Bottom). At the top, we find that some
samples belonging to the same class (dots with the same color) are not perfectly clustered
together, which caused incorrect predictions. However, at the bottom, the confusion of
feature clusters is much less, indicating our DOMAIN+ helps IRM learn better domain-

invariant features.

Q3. Why only influence can select rare samples?
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FIGURE 5.2: Visualizations of our synthesized CMNIST dataset (Left) and selected
samples with the highest loss/influence (Right).
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FIGURE 5.3: t-SNE [1] visualization of the features of test samples extracted by IRM
and IRM+ (IRM with our DOMAIN+). We trained the model on the default three do-
mains on each dataset. Different colors denote different classes.

A3. Table 5.7 shows that the new domain selected by influence helps DG methods
achieve better performance, i.e., better invariance, compared to the one selected by the
training loss. The reasons are two-fold. First, influence is a better measure of “rarity”.
As shown in Figure 4.2, most of the samples have influence values similar to 0, indi-
cating that they are the dominant samples, while the dominant counterpart by training
loss is hard to be identified as its value curve is not as sharp as the influence. Second,
the training loss only focuses on hard samples that do not fit the model well, but do not
necessarily have spurious invariance. As shown in Figure 5.1, the selected samples by
training loss are far from the sample center, which means that its selection only focuses

on eccentric training samples, e.g., noisy samples. However, the selection of influence is
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Algorithm A C | S Avg

IRM 85.7+£2.1 79.8+1.6 958+04 78.0+1.7 84.8+04
IRM+ (Random) 84.3+14 79.8415 96.2409 744460 83.6+1.8
IRM+ (Loss) 85.1£3.0 78.6+£1.6 96.3+0.6 755427 83.9+15
IRM+ (Cluster)  84.6+0.3 80.1+1.6 95.54+1.6 779419 84.5+1.4
IRM+ (Ours) 859428 81.1+£03 96.740.7 78.7+1.4 85.64+0.7

TABLE 5.7: Ablations on influence. “Random”, “Loss”, “Cluster” and “Ours” denote
different sample selection methods.

Algorithm A C | S Avg

IRM 85.7+2.1 79.841.6 95.8404 78.0+1.7 84.8404
IRM+ 85.94+2.8 81.1+03 96.7+0.7 78.7+1.4 85.64+0.7
IRM w/o DT 79.3+3.1 70.842.0 92.3+14 744417 79.2+08
IRM++ 84.7+1.9 78.4+23 96.7+05 7T4.4+1.8 83.6+04

IRM-zero 84.9+29 80.9+13 95.5+03 78.4+25 85.0+1.3

TABLE 5.8: Experimental results on further exploration of DOMAIN+, where IRM++
denotes re-training IRM with DOMAIN++, IRM w/o D denotes re-training IRM with-
out DF, and IRM-zero denotes no domain label is provided.

more scattered, which means that the rare samples are indeed confounded by the major-
ity distribution—spurious correlation (invariance) is identified. It is worth noting that,
as shown in Table 5.7, our method also outperforms the naive data splitting by feature

clusters [58], which demonstrates clustering method also fails to split the rare samples.
Q4. What is the difference of selected samples between loss and influence?

A4. As there is no dataset with the spurious invariance ground-truth, we generate a
specific Colored MNIST dataset (CMNIST), and the details are illustrated in Fig. 5.2.
We first set 2 classes where (digit > 5) is one class and (digit < 5) is another class.
Then, we define 3 training domains (normal, bold, italic) and 1 test domain (thin). We
use two colors (red and green) to set the same dominants (e.g., most images are red for
digits > 5) for each training domain, where the dominant ratio is 70%, 80%, and 90%
for normal, bold, and italic, respectively, and color distribution is balanced in the test

domain. In our CMNIST, the spurious invariance is color, e.g., red dominates digits
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FIGURE 5.4: The training/testing ERM/Invariance loss for IRM on PACS with differ-

ent setups of training domains, where D; denotes the original training dataset D, D,

denotes {Dy \ DT }X |, and D5 denotes {Dy, \ DT}, U {D"}, i.e. our DOMAIN+.
> 5 for all training domains, so green samples are rare. Our cross-domain influence
correctly selects the rare samples (i.e., green images), while the selection by loss involves
many dominant samples (i.e., red images). This enables our method to better remove the
spurious invariance. Thus quantitatively, our IRM+ (73.4%) is better than IRM (71.0%)
and IRM+ (Loss) (70.6%).

QS. How about just training without the rare samples?

AS. Unlike the conventional influence-based methods [31, 45], which treat rare samples
as “harmful” and simply discard them from training, removing the rare samples will
cause the DG methods to learn more spurious invariance and thus degrade the perfor-
mance, as the results shown in Table 5.8. We conduct more experiments to demonstrate
the need for constructing the new domain. As illustrated in Figure 5.4, we observe a
decrease in invariance loss after removing rare samples, but an increase in testing loss,
indicating that the model learns more spurious invariance without rare samples. In con-
trast, with the training on DOMAIN+, the simultaneous drop of both testing loss and
invariance loss demonstrates that constructing a new domain by rare samples is neces-

sary.
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Q6. More splits? No domain labels?

A6. To explore the potential of DOMAIN+, we propose DOMAIN++, which applies DO-
MAIN+ on top of an existing split domains by DOMAIN+. Our experimental results are
listed in Table 5.8. We find that compared to DOMAIN+, DOMAIN++ cannot further
improve the performance, which is even worse than IRM. This suggests that our influ-
ence selects sufficient rare samples without spurious invariance, and further selection
may introduce unexpected approximation error as the influence estimation is essentially

an approximation.

We also implement DOMAIN-ZERO, when there is no domain labels. We first randomly
split the training data into two domains and apply our DOMAIN+ to create a new domain.
Then we can implement DG methods to learn the invariance. In Table 5.8, when we ap-
ply DOMAIN-ZERO on PACS, we still follow the conventional setting but do not use the
domain labels. The improvements of IRM-zero (IRM with DOMAIN-ZERO) compared
to the original IRM shows the potential future of our influenced-based domain splitting

method on more tasks.



Chapter 6

Conclusion

Our research offers significant contributions to the field of Domain Generalization (DG)
by introducing DOMAIN+, a novel tool designed to advance the capabilities of current
DG methodologies. The crux of most DG methods is domain-invariant feature learn-
ing, which is traditionally achieved through imposing a domain-invariant loss. Despite
these well-intended mechanisms, our thorough investigation uncovers a pervasive issue

hindering true invariance: spurious invariance.

In response to this limitation, we proposed DOMAIN+, specifically designed to mitigate
the impact of spurious invariance. DOMAIN+ uniquely addresses this issue by identi-
fying and isolating rare samples into a separate domain. By design, these samples are
devoid of spuriously invariant features, thus enhancing the performance of DG meth-
ods. This innovative approach differs significantly from existing practices, marking a

fundamental shift in the handling of domain generalization.

The success of selecting such rare samples is attributed to our proposed cross-domain
influence function, which can be efficiently estimated without re-training. Extensive
experimental results on DOMAINBED benchmark show that DOMAIN+ helps existing
SOTA methods achieve new SOTAs and outperform the strong ERM baseline.

Furthermore, Our DOMAIN+ has shown substantial promise in advancing DG even in
scenarios without any domain annotation. It represents a significant leap forward in DG
research. Its capability to streamline DG methods and its potential to function without

domain annotations make it a promising tool for future research.

29
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Limitations and future work. = While DOMAIN+ marks a significant stride forward,
we acknowledge certain limitations and areas for future exploration. One potential lim-
itation lies in the identification and classification of ’rare samples’, which may vary
significantly across different datasets and domains. The criteria and algorithms for this
identification process warrant further refinement and testing. Additionally, the integra-
tion of DOMAIN+ into a comprehensive, automated system for DG poses another area
for future research. Developing an integrated system would involve streamlining the
interaction between DOMAIN+ and various DG methodologies, ensuring compatibility
and efficiency across diverse data environments. Exploring the scalability of DOMAIN+
in larger, more complex datasets, and its adaptability to real-world applications are cru-

cial steps forward.
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