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Abstract

Generalization of machine learning models trained on a
set of source domains on unseen target domains with dif-
ferent statistics, is a challenging problem. While many ap-
proaches have been proposed to solve this problem, they
only utilize source data during training but do not take ad-
vantage of the fact that a single target example is available
at the time of inference. Motivated by this, we propose a
method that effectively uses the target sample during in-
ference beyond mere classification. Our method has three
components - (i) A label-preserving feature or metric trans-
formation on source data such that the source samples are
clustered in accordance with their class irrespective of their
domain (ii) A generative model trained on the these fea-
tures (iii) A label-preserving projection of the target point
on the source-feature manifold during inference via solving
an optimization problem on the input space of the genera-
tive model using the learned metric. Finally, the projected
target is used in the classifier. Since the projected target fea-
ture comes from the source manifold and has the same label
as the real target by design, the classifier is expected to per-
form better on it than the true target. We demonstrate that
our method outperforms the state-of-the-art Domain Gen-
eralization methods on multiple datasets and tasks.

1. Introduction

Domain shift refers to the existence of significant diver-
gence between the distributions of the training and the test
data [41]. This causes the machine learning models trained
only on the training or the source data to perform poorly on
the test or target data. A naive way of handling this problem
is to fine-tune the model with new data which is often infea-
sible because of the difficulty in acquiring labelled data for
every new target domain. The class of Domain Adaptation
(DA) methods [42, 9, 14, 39, 26, 4, 31, 33, 34] tackle this
problem by utilizing the (unlabeled) target data to minimize
the domain shift; however they cannot be used when unla-
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beled target data is unavailable.

Domain generalization (DG) [30, 21, 10, 22, 1, 23], on
the other hand, views the problem from the following per-
spective: how to make a model trained on single or multi-
ple source domains generalize on completely unseen tar-
get domains. These methods do so via (i) learning fea-
ture representations that are invariant to the data domains
using methods such as adversarial learning [24, 25], (ii)
simulating the domain shift while learning through meta-
learning approaches [22, 1], and (iii) augmenting the source
dataset with synthesized data from fictitious target domains
[44, 48]. These methods have been shown to be effective in
dealing with the problem of domain shift. However, most
of the existing methods do not utilize the test sample from
the target distribution available at the time of inference be-
yond mere classification. On the other hand, it is a common
experience that when humans encounter an unseen object,
they often relate it to a previously perceived similar object.

Motivated by this intuition, in this paper, we make the
following contributions towards addressing the problem of
DG: (a) Given samples from multiple source distributions,
we propose to learn a source domain invariant representa-
tion that also preserves the class labels. (b) We propose to
‘project’ the target samples to the manifold of the source-
data features before classification through an inference-time
label-preserving optimization procedure over the input of a
generative model (learned during training) that maps an ar-
bitrary distribution (Normal) to the source-feature manifold.
(c) We demonstrate through extensive experimentation that
our method achieves new state-of-the-art performance on
standard DG tasks while also outperforming other methods
in terms of robustness and data efficiency.

2. Prior Work

Meta-learning : Meta-learning methods aim to improve
model robustness against unseen domains by simulating do-
main shift during training. This is done by splitting the
training set into a meta-train and meta-test set. [22] provide
a general framework for meta-learning-based DG, where
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model parameters are updated to minimize loss over the
meta-train and meta-test domains in a coordinated man-
ner. [l] propose a pre-trained regularizer network which
is used to regularize the learning objective of a domain-
independent task network. [7] use a common feature extrac-
tor backbone network in conjunction with several domain-
specific aggregation modules. An aggregation over these
modules is performed during inference to predict the class
label. [23] train separate feature extractors and classi-
fiers on each of the source domains and minimize the loss
on mismatched pairs of feature extractors and classifiers
to improve model robustness. [15] utilise a probabilistic
meta-learning model in which classifier parameters shared
across domains are modeled as distributions. They also
learn domain-invariant representations by optimizing a vari-
ational approximation to the information bottleneck. Since
meta-learning methods are only trained on the simulated do-
main shifts, they might not always perform well on target
domains that are not ‘covered’ in the simulated shifts.

Data augmentation: Augmenting the dataset with ran-
dom transformations improves generalization [13]. Com-
monly used augmentation techniques include rotation, flip-
ping, random cropping, random colour distortions, amongst
others. [38] use gradients from a domain classifier to per-
turb images. However, these perturbations might not be re-
flective of practically observed domain shift. [48] aim to
address this issue using an adversarial procedure to train a
transformation network to produce an image translation that
aims to generate novel domains while retaining class infor-
mation. [47] generate images from pseudo-novel domains
with an optimal transport based formulation while preserv-
ing semantic information with cycle-consistency and clas-
sification losses. [36] solve the problem of single-source
DG by creating fictitious domains using Wasserstein Auto-
Encoders in a meta-learning framework. While these gener-
ated domains differ significantly from the source domains,
they potentially do not reflect practical domain differences.
Domain-invariant representations: Another common per-
vasive theme in domain generalization literature is trans-
forming the source data into a lower-dimensional ‘feature’
space that is invariant to domains but retains the discrimi-
native class information; these features are used for classifi-
cation. [10] learn an auto-encoder to extract domain invari-
ant features by reconstructing inter and cross domain im-
ages. [24] use adversarial auto-encoders to align the repre-
sentations from all the source domains to a Laplacian prior
using adversarial learning procedure. [0] employ episodic
training to simulate domain shift while minimizing a global
class-alignment loss and local sample-clustering objective
to cluster points class-wise. [15] learn a kernel function
that minimizes mean domain discrepancy and intra-class
scatter while maximizing mean class discrepancy and multi-
domain between-class scatter. [35] propose a low-rank de-

composition on the final classification layer to identifiably
learn common and specific features across domains. [37]
use domain-specific normalizations to learn representations
that are domain-agnostic and semantically discriminative.

All of the above methods require domain labels, which
might not always be viable. [5] aim to solve the problem of
DG without domain labels by learning an auxiliary task of
solving jigsaw puzzles. The idea is that features learned
from such an auxiliary task will be invariant of the do-
mains. [27] first assigns pseudo-labels inferred by cluster-
ing the domain discriminative features. They train a domain
classifier against these pseudo-labels, which is further used
to adversarially train a domain-invariant feature extractor.
[29] use a semantic alignment loss as an additional regular-
izer while training the classifier for domain invarient feature
learning. [16] iteratively locate dominant features activated
on the training data using layer gradients, and learn useful
features by self-challenging. [45] learn how to generalize
across domains by simultaneously providing extrinsic su-
pervision in the form of a metric learning task and intrinsic
supervision in terms of a self-supervised auxiliary task. The
most similar method to our own is [40] in that they also run
an inference-time procedure. However, unlike our method,
they use the test sample for updating model parameters.

3. Proposed Method
3.1. Problem Setting and Method Overview

Let X and ) respectively denote data and the label
spaces. Let H be the space of hypotheses where each hy-
pothesis h in H maps points from X to a label in ). A
domain is defined by the tuple (D, gp) where D is a prob-
ability distribution over X and gp where gp : X — YV is
a function that assigns ground-truth labels. It is generally
assumed that the ground-truth labeling function g is same
across all the domains. Domain Generalization is defined as
the task where there are a total of N domains out of which
|S| are source and |T'| are target domains. The source and
target domains are respectively denoted by D7, i € [|S]]
and DjT, j € [|T|]- The objective is to train a classifier on
the source domains that predicts well on the target domain
when the target samples are not available during training.

The motivation for our method comes from the follow-
ing observation: DG methods that learn domain invariant
representations do so only using the source data. Therefore,
classifiers trained on such representations are not guaran-
teed to perform well on target data that is outside the source
data manifolds. Hence, performance on the target data can
be improved if the target sample is projected on to the man-
ifold of the source features such that the ground-truth label
is preserved, before classification. To this end, we propose
a three-part procedure for domain generalization:
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Figure 1: A) We design a function f (neural network fy) to learn a label-preserving metric that produces a similarity score
of 1 when the ground truth labels (given by function g) between a pair of images match and -1 otherwise. The function
‘sim’ refers to the cosine similarity function. B) f is implemented using a neural network fy. During training, the examples
from the source domains are utilized to create a source manifold Z, using loss £ 4 such that the features on the manifold
are implicitly clustered to preserve the labels of examples. C) A classifier C;, and a generative model G, are trained on the
label-preserving features from manifold Z, such that G4 learns to map a Gaussian vector u to a point on the manifold Z,.
D) During inference, fy« projects target x; to a point z¢ on the label-preserving feature space. We propose an inference-time
procedure to project the target feature to a point z; on the source manifold which is finally classified to predict its label ¥+.
0%, ¢¥* and ¢* indicate that the weights of their corresponding networks are fixed during inference.

1. (Training): Learn a label-preserving domain invariant
representation using source data. We first transform the data
from multiple source domains into a space where they are
clustered according to class labels, irrespective of the do-
mains and build a classifier on these features.

2. (Training): Learn to generate features from the domain
invariant feature manifold created from the source data by
constructing a generative model on it.

3. (Inference): Given a test target sample, project it on
to the source-feature manifold in a label-preserving man-
ner. This is done by solving an inference-time optimization
problem on the input space of the aforementioned genera-
tive model. Finally, classify the projected target feature.

Note that the parameters of all the networks involved
(Feature extractor, generative model and the classifier) are
learned only using the source data and fixed during infer-
ence. Thus, our approach is well within the realm of DG de-
spite a label-preserving optimization problem being solved
for every target sample during inference. The overall pro-
cedure is depicted in Figure 1. In the subsequent sections,
we describe all the aforementioned components in detail.

3.2. Label-Preserving Transformation
3.2.1 Domain invariant Features

The first step in our method is to learn a feature (metric)
space such that the input images are clustered in accordance
with their labels (classes) irrespective of their domains. We
explicitly construct such a feature space F with a function

f + X — F by solving the following optimization problem.

N N 2
argmin >3 (<17 || fx) = )
Jj=11i=1 (1)
subject to ‘ f(xk)H =1Vk € [N]
ali,j) = 0 g(xi) = g(x))

1 otherwise

The function f is learned such that when a pair of source
samples have the same ground truth labels, the norm of the
difference between their representations under f is low ir-
respective of their domain membership and high when they
belong to different classes. Under this formulation, the fea-
tures in the space F will be ‘clustered’ in accordance with
their class labels, irrespective of the domains. In fact, it
can be shown that the aforementioned f minimizes the H-
divergence [2] between any two pairs of domains.

Proposition 1. The label-preserving transformation f de-
fined in Eq. 1, reduces the H-divergence between any two
pair of domains on which it is learned (Proof in Appendix).

In summary, the proposed feature transformation merges
multiple source domains into a single feature domain such
that images that have the same labels cluster into a group in
the feature space.

3.2.2 Learning the f-function

We propose to learn f by parameterizing it with a deep neu-
ral network, fp. It is easy to see that the objective func-
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tion in Eq. 1 reduces to an optimization of cosine-similarity
between the pair of samples fy(x;) and fy(x,). Suppose
z; = fo(x;) and z; = fy(x;) represent the feature vec-
tors of inputs, the cosine-similarity s; ; between z; and z;
is given by,
_ _%i %
12| [l
Note that the optimization problem in Eq. 1 seeks s; ; to
be high when the labels are same and low when they are
different (denoted by the «(i,5) term in Eq. 1). Thus,
we first translate s; ; into logits for a sigmoid activation
and use binary cross entropy on the generated probabili-
ties. However, since —1 < s;; < 1, we scale it with
a small positive constant 7 (typically 0.1) to widen the
range of the generated logits. Mathematically, we can write
pi; = sigmoid(s; ;/7). Under this formulation, one can
treat p; ; as a similarity score which should be 1 if (x;,x;)
have the same label ((i,j) = 0) and 0 otherwise. Thus,
we finally use a binary cross entropy loss £ 4 between p; ;
and 1 — a(i, j), to train the fy network.

2)

Si,j

3.3. Inference-time Target Projections

In a DG setting, the feature transformation mentioned
in the previous sections is learned on the source domains.
Let Z, denote the manifold created by learning such fea-
tures using the source data. The classifier Cy is trained on
points from the source data feature manifold Z,. Because
of the domain shift, the feature f(x) corresponding to a
test target point x; might not fall on the source data fea-
ture manifold Z,. This causes the classifier to fail on the
target feature f(x¢). To address this issue, we propose to
project or ‘push’ the target feature onto Z while preserving
the ground truth label of x¢, so that the classifier can better
discern the class label of x¢. We propose to accomplish
such a label-preserving projection by solving an inference-
time optimization problem on the input space of a gener-
ative model trained on Z,. For convenience, we define a
function g : F — Y such that g(f(z)) = g(x)

3.3.1 Generating the Source-Feature Manifold Z,

Once the label-preserving source-feature manifold Z; is ob-
tained through fy, we build a generative model on it. That
is, a transformation from samples from an arbitrary distribu-
tion, such as Normal distribution, to the source-data feature
manifold Z; is learned. We choose two state-of-the-art neu-
ral generative models for this purpose: (a) Variational Auto-
Encoder (VAE) [18]: In this setting, a VAE is trained us-
ing the source-data features z, by encoding them to produce
the latent space u ~ N(0, ). A decoder G, reconstructs
(generates) the source-feature manifold Z; by minimizing
a regularized norm-based loss. (b) Generative Adversar-
ial Networks (GAN) [11]: Here, a GAN is trained with a
generator network G that maps an arbitrary latent space

u ~ N (0, 1) to the source-feature manifold Z,. Note that
these generative models are trained on the source-features
alone and fixed during the inference procedure. We denote
the trained generative model by G 4-.

3.3.2 Label-preserving Projections

The final component of our method is to project the tar-
get features on to the source-feature manifold during infer-
ence. It is to be noted that the transformation fy is con-
structed such that when a pair of samples have zero distance
in that space, they have same ground truth label. That is, if
1o (x1) = fo(x2)| = 0, then g(x1) = g(x2). We exploit
this property and solve a (per-sample) optimization proce-
dure on the input space of the generative model G- (u) to
obtain the target-feature projection.

Let zy = fy(x¢) denote the feature vector correspond-
ing to a test target sample x¢. Our goal is to find the pro-
jected target feature in the source-feature manifold z{ € Z;
that has the same ground-truth label as that of z;. By con-
struction of fy (Eq. 1), the cosine distance between z¢ and
z; should be low if their ground truth labels are to match.
Based on this, we devise the following optimization prob-
lem on the input space of G- to find z{:

20 Gy (w)
Ls=|1— 2 T 0 3
° { 2l TG <u>|] @
u* = argmin Ls “4)
zy = Gy« (u") 5)

The objective function in Eq. 4 seeks to find the projected
target feature zy (via u* from Eq. 5) whose cosine dis-
tance is least from the true target feature z¢;. The implicit
assumption of our method is that when the target example
is projected on to the source manifold, minimizing distance
is equivalent to preserving labels.

3.3.3 Analysis and Implementation

In this section, we analyze the performance of the classifier
on account of it using the projected target instead of the real
target features. We start by upper bounding the expected
value of the misclassification when the projected target is
used in the classifier, in the below preposition.

Proposition 2. The expected misclassification rate ob-
tained with a classifier h when the projected target is used
instead of the true target, obeys the following upper-bound:

Epr prey|9(z¢) — h(zg)| <
Epr [g(z¢) — h(zg)| + E(pr pre)

9(ze) — g(z¢)| (6)

t ii

where D and DT respectively denote the true and the pro-
Jected target distributions respectively (Proof in Appendix).
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The term (i) in Eq. 6 is the misclassification error of h
on the projected target and term (ii) is the difference be-
tween the ground truth labels of the true and the projected
targets. Given that our overall objective is to minimize the
LHS of Eq. 6, the optimization procedure in the previous
section aims to minimize term (ii) while term (i) is expected
to be less since the projected target is expected to lie on
the source-feature manifold Z; on which the classifier is
trained.

In the implementation, during inference, we optimize the
objective in Eq. 4 (reducing term (ii) in Eq. 6) by gradient
descent. A discussion on the choice of stopping criteria can
be found in Section 4.7. The training and the inference pro-
cedures are detailed in Algorithm 1 and shown in Figure 1.

Algorithm 1: Inference-time Target Projections

Training

Input: Batch size N, learning rate 7, source data {(xx, yx)};
Result: Trained fy«, generative model G+, classifier Cy,=
for sampled minibatch {(xx, yr)}_, do
foralli € {1,..N}andj € {1,..N} do

(2i,25) + (fo(xi), fo(x;))

ZiZ;
S; ;4 —rJ
©J [ERNEN]

Yij = 6yiayj

pi,j < sigmoid(s; ;/T)
end
LA w2 2y X3, BCELoss(Pi j,¥i,5)
0« 0—nVela

end
Train G and Cy, on {(fo(xx),y%)}-

Inference

Input: Target image x¢, trained network fg«, generative model
G 4+, classifier Cy«, iteration rate 3;
Result: Target label 3¢
zt  for (Xt);
Sample u from A (0, I);
Initialize U and L as empty lists
foralli € {1,..M} do
Z G¢* (u)
Ls+ 1—

Z-Zt
[ENEN]
u<+u—fVuls
(U], L) = (u, Ls)
end
Smoothen L by window-averaging
u* + Ularg max; 62L]
Ft + Cy= (Gye (u”))

4. Experiments and Results

We have considered four standard DG datasets - PACS
[21], VLCS [8], Office-Home [43] and Digits-DG [48] to
demonstrate the efficacy of our method. All these datasets
contain four domains out of which three are used as sources
and the other as a target in a leave-one-out strategy. We use
a VAE as the generative model G, in all our main results
owing to its stability of training vis-a-vis a GAN. The per-

formance metric is the classification accuracy and we com-
pare against a baseline Deep All method: classifier trained
on the combined source domains without employing any
DG techniques. For each target domain, we have reported
our average and standard deviation for five independent runs
of the model. We also compare our method with the exist-
ing DG methods and report the results, dataset wise. We
report the standard deviation as 0 for models which have
not reported them. For each dataset, we use the validation
set for selecting hyperparameters if it is available. Other-
wise, we split the data from source domains and use the
smaller set for hyperparameter selection. We also use data
augmentation for regularizing the network fy. For further
details on the datasets, machine configuration and choice of
hyperparameters, please refer to the Appendix.

Method Art. Cartoon Sketch Photo Avg.
AlexNet
Deep All 65.96+0.2 69.50+0.2 59.89+0.3 89.45+£0.3 71.20
Jigen [5] 67.63+0.0 71.71£0.0 65.18+0.0 89.00+0.0 73.38
MMLD [27]  69.27£0.0 72.83+£0.0 66.44+0.0 88.984+0.0 74.38
MASF [6] 70.35+£0.3  72.46+0.2 67.33+0.1 90.68+£0.1 75.21
EISNet [45]  70.38+£0.4 71.59+1.3 70.25+1.4 91.20+0.0 75.86
RSC [16] 71.62+0.0 75.11+0.0 66.62+0.0 90.88+£0.0 76.05
Ours 72.67+£0.5 76.51+0.3 73.09+0.2 92.01+£0.3 78.57
ResNet-18
Deep All 77.65+0.2 75.36+0.3 69.084+0.2 95.12+£0.1  79.30
MMLD [27]  81.28+£0.0 77.16+£0.0 72.29+0.0 96.09+0.0 81.83
EISNet [45]  81.89+£0.9 76.44+0.3 74.33+1.4 95.93+0.1 82.15

L2A-OT [47] 83.30+0.0 78.20£0.0 73.60+£0.0 96.20+0.0 82.80

DSON [37] 84.67+0.0 77.65+£0.0 82.23+0.0 95.87+0.0 85.11
RSC[16] 83.43+0.8 80.31+1.8 80.85+1.2 95.99+0.3 85.15
Ours 86.39+0.3 81.26+0.2 81.79+0.1 97.15+0.4 86.65
ResNet-50
Deep All 81.31+0.3 78.54+04 69.76+0.4 94.97+0.1 8I1.15
MASEF [6] 82.89+0.2 80.49+0.2 72.29+0.2 95.01+0.1 82.67
EISNet [45]  86.64+1.4 81.53+0.6 78.07+1.4 97.11+04 85.84
DSON [37] 87.04+0.0 80.62+0.0 82.90+0.0 95.99+0.0 86.64
RSC[16] 87.89+0.0 82.16+£0.0 83.85+0.0 97.92+0.0 87.83
Ours 90.25+0.4 85.19+0.2 86.20+0.5 98.97+£0.1 90.15

Table 1: Comparison of performance between different
models on PACS [21] dataset with AlexNet, ResNet-18 and
ResNet-50 as backbones for the fy network.

4.1. Multi-source Domain Generalization

PACS: The PACS dataset consists of images from Photo,
Art Painting, Cartoon and Sketch domains. We follow the
experimental protocol defined in [21]. We use ResNet-50,
ResNet-18 and AlexNet as backbones for the feature extrac-
tor network fy and train them on source domains. To per-
form target projection, we learn to sample from the features
produced by fy by training a VAE on the latent space (u).
We achieve state-of-the-art results with all three choices of
backbones as shown in Table 1.

VLCS: VLCS comprises of the VOC2007(Pascal),
LabelMe, Caltech and Sun domains, all of which contain
photos. We follow the same experimental setup as men-
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Method Caltech LabelMe Pascal Sun Avg.
Deep All 96.45+0.1 60.03+0.5 70.41+04 62.63£0.3 72.38
Jigen [5] 96.93+0.0 60.90+0.0 70.62+0.0 64.30+0.0 73.19
MMLD [27] 96.66+0.0 58.77£0.0 71.96+£0.0 68.13+£0.0 73.88
MASEF [6] 94.78+0.2  64.90+0.1 69.14+0.2 67.64+£0.1 74.11
EISNet [45]  97.33+0.4 63.49+0.8 69.83+0.5 68.02+0.8 74.67
RSC[16] 97.61+0.0 61.86+0.0 73.93+0.0 68.32+£0.0 75.43
Ours 98.12+0.1 66.80+0.3 74.77+0.4 70.43+0.1 77.53

Table 2: Comparison of performance between different
models using AlexNet backbone on VLCS [8] dataset.

tioned in [27] where we train on three source domains with
70% data from each and test on all the examples from the
fourth target domain. We utilize similar setup for fg and G4
as in the PACS dataset with AlexNet as the backbone. We
achieve SOTA results on VLCS as evident from Table 2. We
emphasize that unlike PACS dataset where the domains dif-
fer in image styles, VLCS consists of domains that contain
only photos. Thus, we demonstrate that our method gener-
alizes well even when the source domains are not diverse.

Method Artistic Clipart Product
Deep All

Real-World ~ Avg.

52.06+0.5 46.12+£0.3 70.45+0.2 72.45+0.2 60.27
D-SAM [7] 58.03+£0.0 44.37+0.0 69.22+0.0 71.45£0.0 60.77
Jigen [5] 53.04+0.0 47.51+£0.0 71.474£0.0 72.79+£0.0 61.20
MMD-AAE [24]  56.50+0.0 47.30+£0.0 72.10£0.0 74.80+0.0 62.70

DSON [37] 59.37+£0.0 45.70+0.0 71.84+0.0 74.68+£0.0 62.90
RSC[16] 58.424+0.0 47.90+0.0 71.63+0.0 74.54+£0.0 63.12
L2A-OT [47] 60.60+0.0 50.10£0.0 74.80£0.0  77.00£0.0  65.60
Ours 62.63+0.2 55.79+0.3 76.86+0.1 78.98+0.1 68.56

Table 3: Comparison of performance between different
models using ResNet-18 backbone on Office-Home [43].

Method MNIST  MNIST-M SVHN SYN Avg.
Deep All 95.24+0.1 58.361+0.6 62.12+0.5 78.94+£0.3 73.66
Jigen [5] 96.50+0.0 61.40+0.0 63.70+0.0 74.00£0.0 73.90
CCSA [29] 95.20+£0.0 58.20+0.0 65.50+0.0 79.10£0.0 74.50
MMD-AAE [24]  96.504+0.0 58.40£0.0 65.00£0.0 78.40£0.0 74.60
CrossGrad [38] 96.70+£0.0  61.10+0.0 65.30+0.0 80.20+0.0 75.80
L2A-OT [47] 96.70£0.0  63.90+0.0 68.60+0.0 83.20£0.0 78.10
Ours 97.99+0.1 66.52+0.4 71.31+0.3 85.40+0.5 80.30

Table 4: Comparison of performance between different
models on Digits-DG [48] dataset.

Office-Home: Office-Home contains images from 4 do-
mains namely Artistic, Clipart, Product and Real-World.
We follow the experimental protocol as outlined in [7]. We
utilize a ResNet-18 as backbone with two additional fully-
connected layers. The reconstruction error in VAE is min-
imized using both L1 and L2 loss functions. We achieve
SOTA results on all the domains using a ResNet-18 back-
bone as shown in Table 3. It should be noted that Clipart is
a difficult domain to generalize to as it is dissimilar to other
domains. We achieve 5.6% improvement over the nearest
competitor on the Clipart domain, showcasing the merit of
our method in generalizing to dissimilar target domains.

Digits-DG: Digits-DG is the task of digit recognition us-

ing MNIST [20], MNIST-M [9], SVHN [32] and SYN [9]
domains that differ drastically in font style and background.
We follow the experimental setup of [48] and use their ar-
chitecture for the feature extractor fg. The Gy network
is implemented in a similar way as it is implemented for
the PACS dataset with ResNet-18 as the backbone. Table 4
shows the performance of our method on Digits-DG dataset
compared against various SOTA methods.

4.2. Pairwise 7{-divergence

We examine the effectiveness of the proposed method
in projecting target features onto the source-feature mani-
fold by computing a proxy measure for -divergence called
the A-distance [3], that measures the divergence between
two domains. We compute the .A-distance between features
from the Sketch domain (target domain) and each of the
three source domains (Photo, Cartoon and Art), obtained in
two ways - first, from a ResNet-18 model trained on the
source domains (Deep All), and second, the features ob-
tained after performing target projections using our method.
We compare the A-distance obtained from these two meth-
ods in Figure 2a . It is observed that the source-target diver-
gence is reduced substantially compared to Deep All, sug-
gesting the effectiveness of our projection scheme in bring-
ing the target points onto the source manifold.

4.3. Ablation Studies

To quantify the importance of the two components (i.e.
the networks fy and G), we perform ablative studies using
the Office-Home and Digits-DG datasets. For the Office-
Home dataset, the Deep All model is trained with ResNet-
18 as the backbone while the backbone proposed by [48] is
used for the Deep All model on the Digits-DG dataset. We
classify target domain features extracted from the feature
extractor network without the target projection procedure
as shown in Figure 2b. We observe a marginal improve-
ment over Deep All by classifying on the domain-invariant
features learnt by fo without using the G network. We
attribute this to the explicit class separability imposed by
the fp network in the feature space F. When we exclude
the fp network by training the generative model on Deep
All features and perform the projection procedure on these
features, we still observe a sizable performance boost over
merely classifying with the Deep All model. This shows the
effectiveness of the target projection procedure as a sam-
pling strategy. The best performance is achieved with all
components working together as seen in Figure 2b.

4.4. Sampling strategy

To quantify the effect of the specific generative model
used for the Gy, network, we report performance with three
samplers on VLCS dataset, namely: (a) VAE, (b) 1-Nearest
Neighbor (1-NN) of the target sample with the source sam-
ples using the similarity metric as in Eq. 2, (¢) GAN, and
show results in Table 5. It is seen that sampling using con-

12929



N
n

0
BN Deep All s Ours N Deep All

g

1.94 . Ours (W/o fy)

75 Ours (w/o Gy)
1.89
- 0
180 . Ours (fy+Go)
< =65
50
0.48
. 0.44 036 ‘
11 B )
0.0 40 Arti

(P.S) (AS) (&) istic  Clipart  Product Real-World
source-target pair Target domain

o
>
=)

A-Distance
Accuracy (in %)
-

o
5

=3
%3

o0
[#3

%
S

=
=)

Avg. accuracy (in %)
-
>

* Deep All

7 Jigen

60

Accuracy (in %)

Deep All
Jigen
RSC
Ours

sl

RSC
Ours

<Y

S—C S—A

Domains

40

30

1
i

20 40 60 80
% of source data

Figure 2: (left to right) (a) Plot showing .A-divergence between source and projected target features. (b) Ablation on Office-
Home dataset highlighting the relative importance of different components employed in our method. (¢) Relative performance
of different methods trained on 20%, 40%, 60% and 80% of PACS dataset. For each setting, we report average performance
with all examples from the target domains using leave-one-out strategy. (d) Relative performance of DG methods trained on
a single domain (Sketch (S)) and tested on Photo (P), Cartoon (C) and Art (A) domains.

tinuous generative models (VAE and GAN) offer better per-
formance compared to 1-NN sampling. On domains like
LabelMe and Sun, they offer improvement of about 5.7%
and 7.0% respectively over the 1-NN method of sampling.
This is attributed to the fact that generative models can ap-
proximate the true data distribution by learning from em-
pirical data and offer infinite sampling while 1-NN search
is restricted to the existing training points only.

Method Caltech LabelMe Pascal Sun  Avg.
Deep All 96.45 60.03 7041 62.63 72.38
1-NN 96.51 61.44 71.82 6346 73.31
Ours (G4 =GAN)  97.89 67.18 74.59 7028 77.48
Ours (G4 = VAE)  98.12 66.80 7477 7043 77.53

Table 5: Performance of our method on VLCS dataset with
different sampling strategies.

4.5. Low resource settings

In this section, we demonstrate the efficacy of our
method in low-resource settings. We show that our method
generalizes well when used in scarce resource settings and
single domain DG problems, and can also easily be ex-
tended to supervised domain adaptation with access to scant
labelled target samples. Our method has a two-fold advan-
tage that makes it especially data-efficient: (a) since fy is
trained on pairs of images, it can learn effectively even on
small datasets (b) the generative model G4 enables infinite
sampling during the target projection procedure.

4.5.1 Scarce resource setting

We compare our method against Deep All and two state-of-
the-art methods, RSC [16] and Jigen [5]. For each source
domain in PACS we train on {20%, 40%, 60%, 80%} data
from each domain and test on the entire target domain.
From Figure 2c, it is evident that our method outperforms
all the baselines at every considered resource setting.
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Figure 3: (left) (a) Effect of deviation from the optimal
number of iterations of each target example during infer-
ence on PACS. (right) (b) Plot of iterations vs loss for pro-
jection of a target example from Sketch domain on source
manifold (Z;) created by Photo, Art and Cartoon domains.

4.5.2 Supervised Domain Adaptation

This setting has also been referred to as Few-shot Domain
Adaptation in [36] and [28]. In this setting, in addition to
the source data, we assume that we have access to a limited
number of labelled samples (| 7|) from the target domain at
train time. We train the feature extractor network fy, gener-
ative model G4 and the classifier C, on the source data and
fine tune on the target samples. We compare our method
against M-ADA [36] and FADA [28] on the Digits dataset.
The results are presented in Table 6. We outperform our
nearest competitors by a significant margin, thus highlight-
ing the adaptability of our method to this use-case.

4.5.3 Single Source Domain Generalization

In single source DG, we only have access to a single domain
during training and aim to generalize to all other unseen do-
mains. We train on the Sketch domain of the PACS dataset
and test on the other three domains (i.e. Photo, Art Painting
and Cartoon). We compare our method against Jigen [5] and
RSC [16]. The results are presented in Figure 2d. We also
examine the individual effects of each of the components fy
and G4 of our method in this scenario by examining the per-
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Method IT] U=M M—=S S—>M Avg.

FADA [28] 7 91.50 47.00 8720 7523
CCSA [29] 10 9571 37.63 9457 7597

0 7119 36.61 60.14 5598
M-ADA [36] 7 9233 5633 89.90 79.52
10 93.67 57.16 91.81 80.88

0 7452 4296 64.12 60.53
Ours 7 9381 5892 9202 81.58
10 96.10 60.07 9533 83.83

Table 6: Comparison of few-shot domain adaptation perfor-
mance between different models on Digits dataset (MNIST
[20] M), USPS [17] (U) and SVHN [32] (S)).

Method S—»P S—C S—A

Deep All 29.88 3247  30.56
Ours (w/o Gg) 3376 3794  36.02
Ours (w/o fy) 50.39  66.82 4494
Ours (fp +Gy) 53.82 7033  50.61

Table 7: Ablation on Single Source DG with Sketch (S) as
source and Photo (P), Cartoon (C) and Art (A) as unseen
target domains.

formance without each of them (Table 7). We observe that
without G4, the performance difference between Deep All
and our method is substantially lower than the improvement
obtained by performing target projections on Deep All fea-
tures, highlighting the effectiveness of the projection proce-
dure. The best performance is obtained when both are used
together, since the projection procedure effectively utilizes
the label-preserving metric defined by fj.

4.6. Robust Domain Generalization

We examine the robustness of our method against differ-
ent types of corruptions. We benchmark against the CIFAR-
10-C dataset [12], which consists of images with 19 cor-
ruptions types applied at five levels of severities on the test
set of CIFAR-10. We follow the protocol detailed in [36]
and train our model on the CIFAR-10 dataset using a Wide
Residual Network (WRN) backbone [46]. The results are
presented severity level-wise in Table 8 and by type of cor-
ruption in Figure 4a. Similar to 4.5.3, we observe the effec-
tiveness of G4 in generalizing to corruptions.

Method Level 1 Level 2 Level 3 Level 4 Level 5

ERM [19] 87.8+0.1 81.5+0.2 75.5£04 68.2+0.6 56.1£0.8
M-ADA [36] 90.5+£0.3 86.8£0.4 82.5+0.6 76.4+£09 65.6+1.2
Ours 93.6+0.2 89.2+0.4 853+0.1 79.0+0.3 68.2+0.6

Table 8: Comparison of performance on CIFAR-10-C with
5 different levels of severity. Accuracy averaged over all 19
corruption levels

4.7. Determining the stopping criteria

The inference-time iterative optimization process dis-
cussed in 3.3.3 needs a stopping criteria, since stopping
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Figure 4: (left) (a) Performance comparison between M-
ADA and our method on 10 out of the 19 corruption types
at severity level 5 from the CIFAR-10-C dataset. (right)
(b) Plot showing relative importance of each component of
our method on the CIFAR-10-C dataset. Accuracy averaged
over all 19 corruption levels.

too early would not guarantee the label preservation, while
stopping too late may take the projected target to a low-
probability region on the source manifold.

We address this issue heuristically: stop the iteration pro-
cess at the “elbow-point” (maxima of the second derivative)
of the loss curve as a function of the number of iterations
(denoted by n*). This choice is inspired by the observa-
tion that the elbow-point reflects the point of diminishing
returns; for a constant iteration rate (/3), the loss decreases
at a slower rate beyond this point.

As empirical evidence, we vary the stopping point for
each target sample by a fixed number of iterations ¢ around
the maxima n* of the second derivative values of the sample
and calculate the accuracy on the target projections so ob-
tained. The plot of accuracy vs € is shown in Figure 3a. We
observe that the highest accuracy is obtained around € = 0
which indicates the correctness of the stopping criteria n*.
For negative values of ¢, the accuracy drop can be explained
by inadequate label preservation, while the projected target
leaves the source manifold for positive values of e.

5. Conclusion

We propose a novel Domain Generalization technique
where the source domains are utilized to learn a domain
invariant label-preserving metric space. During inference,
every target sample is projected onto this space so that the
classifier trained on the source features can generalize well
on the projected target sample. We have demonstrated that
this method yields SOTA results on Multi Source, Single
Source and Robust Domain Generalization settings. In ad-
dition, the data-efficiency of the method makes it suitable
to work well in Low Resource settings. Future iterations of
work could attempt to extend this method to Domain Gen-
eralization for Segmentation and Zero-Shot Learning.
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