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Abstract

It is practically useful to have deep learning models
capable of learning generalizable features that can per-
form well on unseen target domains in a data-efficient
manner. This challenge is addressed by semi-supervised
domain generalization (SSDG). Existing domain general-
ization (DG) and semi-supervised learning (SSL) methods
demonstrate suboptimal performance in the SSDG setting
compared to fully supervised DG methods, leaving room
for improvement. Existing SSDG methods highlight the im-
portance of achieving high pseudo-labeling (PL) accuracy
and preventing model overfitting as the main challenges in
SSDG. We highlight that the SSDG literature’s excessive
focus on PL accuracy, without considering the benefits of
maximally utilizing data during training, limits potential
performance improvements. We propose a novel approach
to the SSDG problem by aligning the intermediate features
of our model with the semantically rich and generalized fea-
ture space of a Vision Language Model (VLM) in a way that
promotes domain-invariance. We also propose a simple but
highly effective set of image-level augmentation strategies
to encourage domain invariant feature learning. We also
adopt changes at the model output level to enable the model
to utilize all data samples in the training process and avoid
overfitting. Extensive experimentation across four bench-
marks against existing SSDG baselines suggests that our
method achieves SOTA results both qualitatively and quan-
titatively. The code will be made publicly available.

1. Introduction

Most visual recognition models suffer substantial perfor-
mance drop when there is shift across training and test data
distributions [2, 32, 47]. The domain generalization (DG)
research direction addresses this problem [2, 28, 34, 56].
In the DG setting, the training data consists of multiple
source domains and the test data comes from domain(s)
entirely unseen during training, referred to as target do-
main(s). Most methods that tackle the domain shift problem
assume the availability of an abundance of labeled exam-
ples from all source domains. Since labeled data is costly to
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Figure 1. A conceptual diagram illustrating the proposed domain-
invariant semantic alignment approach, where features are aligned
with semantically rich representations from the text encoder of a
VLM to achieve semi-supervised domain generalization.
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obtain, solutions that address domain shifts with limited la-
beled data could be highly utilitarian in practice. However,
DG methods struggle in the limited data setting [14, 73].

We study the semi-supervised domain generalization
(SSDG) problem. In addition to DG, this problem is also
related to semi-supervised learning (SSL). Literature from
SSL aims to maximize performance with limited labeled
data and a large amount of unlabeled data [18, 26, 51, 52].
SSL methods such as FixMatch [51] demonstrate relatively
better performance than DG methods in the SSDG set-
ting. Hence, the majority of SSDG methods build on
top of FixMatch with the objective of improving model-
generalization [14, 15, 42, 73].

Although these methods have significantly improved
upon FixMatch, room for improvement remains. Com-
monly cited limitations in SSDG literature are pseudo-
labeling accuracy and overfitting to limited labeled data
[14, 73]. Obtaining accurate pseudo-labels (PL) is chal-
lenging under multiple domain shifts [15, 73]. Therefore,
alleviating domain-specific feature learning and promoting
domain-invariant feature learning is crucial. We further an-
alyze the PL statistics of SSL-based-SSDG methods and
observe that the correct PLs retained after thresholding as
a proportion of the entire dataset, representing the number
of samples the model effectively utilizes for the “correct”



Figure 2. Left: PL accuracy after thresholding, Right: The correct pseudo-labels retained after thresholding as a proportion of the entire
dataset (EDU) of the baselines FixMatch [51], FBC-SA [14], DGWM [15], StyleMatch [73], and ours. Our method achieves signi cant
gains in proportion of samples retained after thresholding while maintaining comparable PL accuracy to SOTA SSL-based-SSDG methods.
Here A, C, P, and S denote Art-painting, Cartoon, Photos, and Sketch domains, respectively.

learning, is a key limitation [35], as shown in Fig. 2. We StyleMatch [73] uses style-transferred images from multi-
coin the term Effective Data Utilization (EDU) to refer to ple domains. However, this adds a large overhead at training
this metric. In addition to correct PLs, valuable information time (Tab. 5). Instead, in pixel space we introduce a set of
exists in rejected samples as well. The inability of SSDG specialized data augmentations such as Fourier-based aug-

methods to leverage them is also a key limitation.

mentations [61, 64] and textural feature reduction. By these

We propose a new SSDG approach towards addressaugmentations, we remove the domain-speci c components
ing the above limitations from three perspectives: feature Of the input data, thus forcing the model to learn the seman-
space, model output space, and input/pixel space. The featic features instead of relying on spurious correlations, with
ture space of the model is leveraged to tackle the pseudo2 signi cantly lower overhead.
labeling accuracy problem by aligning visual features with In summary, we make the following key contributions.

class-label semantic priors from a pre-trained language en-1.
coder. This allows the model to map the visual features
to a rich semantic space [12, 35]. We use the CLIP text
encoder to generate these priors, using a technique that en-
ables these class features to be domain-invariant [21]. CLIP2,
has been trained on a large-scale, diverse dataset, giving it
the capability to generalize across domains [8, 21]. Also,
the CLIP text encoder has a robust understanding of image
features, since it has been aligned with the CLIP image en-3.
coder [46]. Therefore, we utilize the label embedding space
from the CLIP text encoder and re ne it following Path-
CLIP [24], to strike a balance between task-speci ¢ adap-
tation and preserving CLIP's rich visual understanding. We
further regularize the feature space alignment by contrast-
ing with negative class label embeddings. We also attend to4.
the model output space to address some of the aforemen-
tioned limitations. We introduce Entropy Meaning Loss
(EML) following FullMatch [7], which improves PL accu-
racy by reducing the competitiveness of negative classes.
This also improves the EDU by enabling more samples to

pass the thresholding criterion [7]. To incorporate samples 2.

rejected at thresholding to the learning process, we intro-
duce Adaptive Negative Learning (ANL) following Full-

To the best of our knowledge, we are the rst to lever-
age the rich output space of a Vision Language Model
(VLM) as domain-invariant class priors to enhance
pseudo-labeling accuracy in SSDG.

We highlight the importance of considering both the
pseudo-labeling accuracy and tEéfective Data Uti-
lization (EDU) in SSDG and show signi cant gains in
the latter.

We propose a novel approach to address the SSDG prob-
lem from three perspectives: (1) in tiieature space
through alignment strategies; (2) in the modeltput
space and (3) in thepixel space leveraging innovative
data augmentation techniques. Our approdeés not
rely on domain labels

We conduct experiments on four different DG datasets:
PACS [27], OfceHome [54], DigitsDG [67], and
miniDomainNet [71], a subset of DomainNet [40],
demonstratingstate-of-the-art (SOTA) performance
compared to other SSDG methods in the literature.

Related Work

2.1. Domain Generalization

Match [7]. ANL allows the model to leverage all unlabeled DG is an extensively studied eld. In this review we limit

data for training. To tackle the over tting issue we fol-

focus to methods closely related to our approach. A broader

low StyleMatch [73] and use a stochastic classi er [4, 13]. introduction to DG can be found in [72]. A common ap-
This prevents the model from producing excessive incor- proach in DG is domain alignment [22, 29, 30, 33, 34, 37].
rect PLs. To facilitate domain invariant feature learning, Here, the central idea is to minimize the distance between



features across source domains in order to produce invarianfrom the labeled data to generate posteriors from the fea-
feature representations that are adaptable to the target daure space, which are then aligned with the model output
mains as well. Another popular approach is to use data augspace. However, domain alignment is used to subsequently
mentations to minimize over tting, thus ensuring that the promote domain invariance in the feature space as training
model does not rely on domain-speci ¢ spurious correla- progresses. Our method too follows this second approach.
tions [43, 44, 50, 56, 57, 62, 66, 68—70]. In DG, augmenta- Unlike the above methods, we utilize all three of input pixel
tion techniques at the pixel level focus on approximating the space, feature space, and output space to improve PL accu-
meta-domain of all visual domains by retaining the seman- racy and promote domain invariance. We also learn from all
tic components and inducing variance in domain-speci ¢ the samples and show its effectiveness in the SSDG setting.
components [56, 61]. However, most DG algorithms as-

sume the availability of an abundance of labeled data. Their2-4. VLMs in Domain Generalization

.performance. dggrades rapidly as the access to labeled datg| \is have been utilized for DG in recent works 8, 9, 21,
is gradually limited [14, 73]. 65]. This is due to (1) a deep understanding of the visual-
semantic world, including nuances of domain shifts, ac-
quired through a large dataset with richly descriptive image
SSL is a well-established area with numerous methods,captions [45], and (2) the ability to simulate domain shifts
such as entropy minimization [18], consistency learning in the visual space simply by using linguistic descriptions
[31, 52, 59, 60], and pseudo-labeling [26, 41]. Consistency of domain-label names [46]. One approach uses the lan-
learning takes the approach of making similar predictions guage encoder of the VLM, guided by learnable prompts,
for different views of the same input. Pseudo-labeling as- to make generalized predictions [1, 9, 38, 65]. Another ap-
signs labels to unlabeled instances by selecting the clasgproach is to use manual text prompts and obtain rich seman-
with the highest predicted probability and then trains the tic features to align a vision encoder [8, 21, 24, 55]. The
model using these estimated pseudo-labels. Fixmatch [51]most related to our work are RISE [21], which leverages
combines consistency learning and pseudo-labelling, sugthe CLIP text encoder to generate domain-invariant repre-
gesting a rather simple recipe for SSL. Its conceptual sim- sentations for feature alignment, and Path-CLIP [24], which
plicity and superior results made this work highly in uen- proposes a residual feature re nement module to adapt the
tial in SSL, inspiring numerous methods to build upon its CLIP vision encoder to the domain of pathological images
framework and achieve improved results [5, 7, 35, 58, 63]. while mitigating the catastrophic forgetting issue. Despite
However, the performance of stand-alone SSL methods arghe effectiveness of VLMs in DG, it has not yet been lever-
sub-optimal when there is a substantial domain shift in be- aged by the under-explored research direction of SSDG.
tween training and test data [73].

2.2. Semi-supervised Learning

3. Method

Our SemAlign architecture includes a pre-trained text en-
; : coder, a Residual Feature Re nement (RFR) module, anim-
ing out the shoricomings when DG and SSL. methods areagefeature extractor, and a stochastic classi er. The text en-

232’:';’ d?j?ggé(ae(?j tg trr]soitsggDsgtmqgtﬁc%geisotcrt]r;esrl?t?sl?alr?t-i cJeoder generates domain-invariant class prototypes, and the
drop in PL accuraz:/ when multiple domains are found in feature extractor outputs are aligned with these prototypes.
P y P Further, objectives are used to encourage more PLs to clear

trlal_lzlng datg [14, 1.5’ ?2’,:3]' _Ontehapproatlih n SSDGPeE(' the thresholding criterion and to learn from rejected sam-
Zc?cl sra:mzi?-séfzeu E C?\E/i\/kjﬂreign Ieaerér;p; dgr:]n;%rove_ ded ples. Enforcing consistency between weakly and strongly
uracy [15, 42]. [15] In gul augmented image views further promotes domain-invariant

vl\\//le[[gfr:t Z;askmg algortlthm t? afch|eve thl'ts' fWh'Ie Mlttj.lt'l' learning. Figure 3 provides an overview of our method. The
atch [42] uses a criterion to fuse results from multiple algorithm is provided in the suppl.

domain-specialized classi ers and a global classi er. A sec-
ond approach uses a shared classi er similar to the ERM 3 1 Problem Setting

baseline [49] where the penultimate features are expected _ ) )

to be domain invariant. StyleMatch replaces the classi- In our work, X is the input image feature space aid=

er in FixMatch with a stochastic classi er [4] to mini- f12;:Cg is the output space, a nite set & possi-
mize model over tting, and a multiview consistency frame- Ple classes. A domain is de ned as a joint probability
work is used to encourage the feature encoder outputs tglistributionPxy overX Y . During training time, we
be domain-invariant. UPLM [23] improves PL accuracy by Will have access td source datasettS Vg, , sam-
using an uncertainty parameter to Iter out uncertain PLs. pled from related but distinct joint probability distributions,

FBC-SA [14] leverages domain-aware prototypes derivedfP)((?() g5-, , each representing a distinct domain. Note

2.3. Semi-supervised Domain Generalization
Stylematch [73] introduces the SSDG problem by point-



Figure 3. For class labels of the classi cation problem we generate domain invariant representations using CLIP [45] text encoder and
further re ne them using the RFR module to create the class prototype m#irix (The orthogonality of these class prototypes is
encouraged using o . For a weakly augmented view, we align the feature extractor output with the corresponding class prototype
guided by the PL generated by the classi er. Alignment is constrained WsiagandL con . ToO reduce over tting we use a stochastic

classi er. At the classi er level, we minimize competition from competitive classes usig and allow learning from rejected samples

at the pseudo-labeling usihgw. . Ls andL, are same as in FixMatch [51].

that8d;c® 2 f1;2;::Dgd 6 &) PP & P beled data. Given a batch of labeled and unlabeled images,
Each source datasst? consists of labeled and unlabeled FixMatch rst applies weak augmentatioa(()) (e.g, ran-
data, denote®'® and s{?” respectively. That isS(9) = dom ips and shifts) to the labeled samples and computes
s [S (& with s(9 = f(Xi(d)iYi(d))g - Pf(?() and the standard cross-entropy loks ) in a supervised manner.

(@ = f(xi(d))g iied P)Ed), WhereP>(<d) is the marginal 1 R .
distribution of Pf(?() over X. The source datasets contain Ls = B H(Po:Qb); @
n- labeled samples and, unlabeled samples. Generally, b=1
n- ny in SSDG (and SSL) Settingsl Each minibatch for Wherepb is the one-hot distribution of the giVen Iabel, and
training will comprise o8- labeled samples a8, unla- ~ Qp = P(yjw;f (a(xp)))) is the model probability output

beled samples. Our objective is to learn a mdéelising distribution for inputxy,. For the unlabeled data, it generates
(™) with high PLs using the model's predictions on weakly augmented

the source datasets, such tlﬁa(ui(”) =y ] : T ] J

probability, generalizing well to an unseen target domain VErsions of the images, retaining only those with high con-
dence. These PLs are then used as targets for images af-
ter applying strong augmentatioi (:)) (e.g, RandAug-

PL, = f(x(T:y(M)g. Here,8d;P{") 6 P{? . We de-
= . | 1

composd™ = w T, wheref x| 15 & fealure extractor ment [10], CTAugment [3]), enforcing consistency through

a cross-entropy loss.

andw : h ! vyisaclassier. We also note that, for our
implementation, meaningful class label names are required,

while domain labels are not required. 1 Ru _
Lu= o= 1max(Q)) H(QS: Py jwif(A(u)):

By b=1

2
Since the FixMatch framework [51] performs better than where is a scalar hyper-parameter denoting the threshold
DG methods and other SSL methods in the SSDG set-above which we retain a PL anﬁ‘t’,V = arg max(Qyp) is
ting [73], we build our method on top of FixMatch, simi- the PL. For simplicity, we assume trerg max applied to a
lar to other work in the SSDG literature. FixMatch is an probability distribution produces a corresponding “one-hot”
SSL algorithm that leverages consistency regularization anddistribution. The overall objective is a combination of the
pseudo-labeling to improve model training with limited la- supervised and unsupervised losses.

3.2. The Preliminary Framework



FixMatch demonstrates suboptimal performance in the module is taken from Path-CLIP [24], however, we use it
SSDG setting due to the distributional shifts found in the for a different objective.
training data and the limited labeled data per domain [73].
Following StyleMatch [73], we replace the original classi- Ke=frer (Kce)=(1 ) fae(Ko)+ Koo (4)
er in the FixMatch framework with a stochastic classi er
[4], to improve the generalization capability of the model
by minimizing over tting to limited labeled data. To further

wheref ger (1) describes the RFR modul&, . is the re-
ned class prototype where prototypes of distinct but po-

enable this framework to perform well in the SSDG setting, tent"’f‘"y similar classes are encouraged to be orthogonal,
fae (©) is a 2-layer fully connected auto-encoder module,

we extend this by providing solutions in feature space (Seeand the hyperparameter s the ratio between preserving

(Ssi(; gjc) ?g;jel output space (see Sec. 3.4), and pixel Sloacgriginal knowledge from CLIP and adapting to ne-tuned

knowledge. is typically a high value€.g, 0.9). The or-
3.3. Aligning with CLIP Text Embeddings thogonality loss is calculated as follows:

We incorporate additional domain-invariant and semanti-
cally rich class prior information from the CLIP text en-
coder [45] to guide the training process. This promotes

domain-invariant feature learning which leads to improved vv_her_e_l_(z = [Ky;Kp; K] s the class prototype ma-
PL accuracy, which improves the model performance. trix, jj:jjf is the Frobenius norm, and the denominator term

. . . o is the number of non-diagonal elements in the gram matrix,
Domain-Invariant Class Prototypes: To utilize prior in-

; ion f he CLIP q otel ) K K T. This helps us to to better distinguish similar and
_ormatlon rom the text ecnco er, we crealelomain- confusing classes, as we demonstrate in Sec. 4.2.
invariant class prototypd¥ .g;-; corresponding to th€ imilari 4 Al _

classes of the classi cation problem, at the beginning of F€ature Similarity and Alignment: - We compute poste-

training. This is done by averagig different prompt tem- rior class similarity scores for each \{vegkly gugmented im—
plates () for each class (see Fig. 3), inspired by RISE age feature embedding using domain-invariant class priors

1 )
Lo = =5—cliK K T e clif; (5)

[21]. That s, from the CLIP text encoder, following the same approach
as in CLIP zero-shot classi cation. The similarity vector
1M z 2 R® is computed for inpuxy, as follows:
Ke= M Teiip (t‘r:n); (3) -
m=1 z= K "f(a(xp)); (6)

where Tgip (2) is the pre-trained CLIP text encoder with By computing softmax(z), we obtain the seman-
frozen weights. We use a subset of the recommended listtic class posterior probability distributionQz*™ =

of eighty templates of text prompts by CLIP [21, 45] to Pyp(yj K ;f(a(xp))). This distribution is used to align the
span the entire meta-domain of images. Empirical resultsclass posterior probabilitie®}) = Py(y j w; f (a(x))) from
show that this approach is superior to using a single tem-the model output space. The alignment is done by minimiz-
plate [21]. We also point out that this averaging across ing a cross-entropy loss:

domain-descriptive templates leads to domain invariance, %

since it has been demonstrated that domain shifts can be 1A w Sem : ~WH.
simulated in the CLIP vision embedding space by making Lsa = By, 1max(Qy)  IH(Q™ Q) (7)
corresponding simple algebraic manipulations in the CLIP b=1

text embedding space [46]. This alignment with semantic and domain-invariant class

Residual Feature Re nement: Despite having a broad representatiorK enhances the representation quality of
understanding of the visual world, humans pay increasedthe image feature representatiofa(xp)) -

attention to speci c features to disambiguate among con- Improving Feature Discrimination:  Taking inspiration
fusing classes of objects. Inspired by this observation, wefrom FBC-SA [14], we resort to sharpening the posterior
hypothesize that reorganizing CLIP text embeddings in fea-class similarity scoreg, by increasing the contrast of the
ture space can improve adaptation to classi cation tasks,similarity of the predicted class, against the similarity of
particularly for confusing classes. However, this adaptation other classes. Dedicated objectives that discourage compe-
should happen without signi cant catastrophic forgetting of tition with the predicted class improve model performance.
the rich vision-language embedding space. We achieve thisThe following loss functionl(n) is used to achieve this
through an RFR module, which mitigates forgetting of pre- objective.

viously learned knowledge while optimizing an orthogonal- X

ity loss term Lonn ) that encourages class features to be- Leon =1 Z[Yprea] +
come mutually orthogonal. The inspiration for the RFR Y6 Ypred

zlycl;  (8)



where yyeq is the model prediction of the weakly aug-
mented vieww(f (a(xp))). The effectiveness of this mod-
ule is shown in Tab. 2.

We de ne the feature-level constraibte,: as the sum-
mation of the three complementary los$es, , L onh , and

Lcon-

Lteat = Lsa + Lorth + Lcon ©) Figure 4. Our augmentation methods. (a) Raw image, (b) Phase-

L . only image reconstruction, (c) Amplitude swapping, (d) Texture
3.4. Maximizing Learning from Unlabeled Data reduction. We apply these augmentations randomly along-side

To simultaneously improve the quality of PLs and to utilize FixMatch [51] augmentations as the strong augmentation.
all the data samples in the training process, we adopt train-
ing losses such as EMLLEy. ) and ANL (Lane ) from

FullMatch [7], a method that addresses the SSL problem. to the training data by producing substantially varied views

Entropy Meaning Loss: For the PLs that meet the thresh- of the image, at each epoch.

olding criterion, EML reduces competition for the pseudo- Augmentations in the Fourier Domain:  Most seman-
label class from competing classes with signi cantly large {iC information resides in the phase component of a signal
probability values. This is done by neutralizing the compet- In the Fourier domain while the amplitude component pri-
itiveness of these competing classes by enforcing a uniformMarily encodes non-semantic attributes such as texture and
distribution among these classes, which will improve the €olor [39]. Since semantic features tend to remain invariant
quality of PLs. This will increase the likelihood that the @cross visual domains, we leverage this insight to generate

data samples will overcome the thresholding criterion [7].  data augmentations. While inspired by prior work [61, 64],
our approach differs in its methodology and application. We

use two methods: (1) We retain only the phase component

while setting the amplitude to a constant to preserve only
“the semantic information (see Fig. 4 (b)). (2) We main-
tain a dynamically updated amplitude bank from previous
samples and randomly swap the amplitude components of
training samples with those from the bank to simulate novel
visual domains and enhance generalization (see Fig. 4 (c)).

Adaptive Negative Learning: ANL helps to learn use-
ful information from all the data samples, even if they fail
to pass the thresholding criterion. Even for ambiguous ex
amples with multiple classes having competitive probability
values, some classes will have extremely low probabilities.
An adaptivek-value is calculated by ensuring that the top-
error rate is close to zero, and a uniform distribution is en-
forced on the remaining classes, since the model is highly _ )
certain that these classes do not correspond to the giverf€Xture Reduction: CNNs are known to have a bias to-
example. The ANL objective exploits this knowledge by wards tex;ural compone_nt; in images over semantic and
learning it using a negative learning approach [6, 48]. This shape gttrlbutes [17]. Thls inherent bias affet;ts model gen-
allows the model to learn from all the data samples. eralization. T(_) mitigate it, we (1) reduqe _the image's color
We ablate and demonstrate that these objectives not onlySPace resolution to atten nuanced variations and (2) apply
enhance performance but also increase the EDU (Fig. 2). smoothing using smalll kerngls to distort textural features.
We de ne the output-level constraitito,; as the sum- However, this smoothing might blur the edges of the ob-

mation of the two complementary losdesy. andL any - jects, distorting useful semantic information. To overcome
this, we perform this smoothing after overlaying an edge
Lout = Leme + Lant (10) mask of the image, which would prevent smoothing across

these edges (see Fig. 4 (d)).

Our overall loss has four different terms, the super-  The effect of these augmentations are shown in Tab. 2
vised and unsupervised losses from [51], feature-level, andand Tab. 5. A detailed description is provided in suppl.
output-level constraints,

4. Experiments
L=Ls+Ly+ Lteat + Lout (11)
) Datasets: We use the commonly used DG datasets, PACS
3.5. Data Augmentations [27], Of ceHome [54], DigitsDG [67], and miniDomain-

We devise data augmentation methods that increase thdVet, & subset of DomainNet [40] for our experiments. A
semantic component of images, thus enabling the modeldetailed description of the datasets is provided in suppl.

to solely rely on these features, encouraging domain- Training and Implementation: We follow the same train-
invariance in the feature space. We randomly apply ouring setup used in StyleMatch [73]. Experiments are done
augmentations in addition to the FixMatch strong augmen-with 5 and 10 labeled data samples per class, and the la-
tations. This will reduce the effect of the model over tting beled data is sourced randomly for each batch. A batch



Table 1. SSDG accuracy on target domain (%). For each dataset, the average over 5 independent trials is reported. For each SSDG setting
(5, 10 labels) the average over all datasets is reported. Best resultsharld #nd the second best is underlindfe achieve an average
performance gain of 2% and 2.6% in the 5 and 10 labels case, over the second best model.

# labeled data 5 labels 10 labels
Model PACS Of ceHome DigitsDG  miniDomainNet \ Avg PACS Of ceHome DigitsDG  miniDomainNet \ Avg

FixMatch [51] 752 13 552 09 550 28 346 1.3 55.0] 771 20 582 10 645 14 39.8 0.6 59.9

StyleMatch[73] | 78.4 0.9 56.3 0.6 559 1.6 36.6 1.0 56.8 | 79.7 19 598 0.7 66.1 1.6 40.6 1.2 61.6
FBC-SA[14] 754 11 558 0.7 643 05 36.1 1.2 579 781 24 593 10 694 14 413 1.1 62.0
DGWM [15] 780 0.8 56.3 0.7 559 0.6 364 14 56.7| 78.8 16 59.6 1.0 656 1.5 413 15 61.3
SemAlign (Ours) | 79.6 0.5 57.0 0.8 66.3 0.6 36.7 1.2 599|818 17 603 09 742 14 422 1.3 64.6

Table 2. Ablation study on PACS with 10 labels per class. SC:
stochastic classierLo.: Sec. 3.4, Data aug: Sec. 3bga,
Lorth , Lcon: Sec. 3.3).

Method Average

Baseline [51] 77.1

Baseline + SC 78.1

Baseline + SC + oy 78.3 Figure 5. Grad-CAM visualization of model focus in (a) photo, (b)

Baseline + SC + o, + Data aug 79.5  art-painting, (c) cartoon, and (d) sketch domains for horse class in

gase:!ne + gg tout + Ba:a aug 1SA ) gcl)f PACS dataset. Our model consistently attends to the head of the
aseline + out + Dataaug . sa +Lcon . N .

Baseline + SC 4wy + Data aug 4 on + Lo 812 horse and discriminates it from other classes.

Baseline + SC + Data augl+sa + Lorth + Lcon 81.0

Baseline + SC +,; + Data aug #.sa + Lorh + Lcon (Ours) 81.8

[73], FBC-SA [14], and DGWM [15]. While identifying

the second-best method is ambiguous due to varying perfor-
consists of 16 labeled and 16 unlabeled data samples. Wemance across different datasets, our superiority is evident,
use ResNet18 [20] as our feature extractor with ImageNetas our model consistently leads across all the experiments
[11] pretrained weights. The SGD optimizer is used and the by considerable margins. Our model leads the average per-
feature extractor and the classi er head have initial learning formance of the second-best model by 2% and 2.6% in the 5
rates 0.003 and 0.01 respectively, which eventually decayand 10 labels case. To further illustrate our model's superi-
following the cosine annealing rule. We train all the mod- ority, in the 5 and 10 labels setting, its average performance
els for 20 epochs on all datasets. We report top-1 accuracygain over the FixMatch baseline is 1.68 and 2.23 times that
averaged over 5 independent trials. of the second-best model.

Evaluation Protocol: We use the leave-one-domain out Effective Data Utilization:  Fig. 2 shows the PL accu-
protocol [19] that has been adopted by most prior work in racy and the EDU for the PACS dataset for all combina-
SSDG [14, 15, 73]. tions of source domains in the 10 labels per class setting. As
Baselines: We choose [51] as a baseline from the SSL shown, our PL accuracy is competitive with the other SSDG
domain, for interpretation. From the SSDG domain, we baselines, averaging just 0.45% lower than the best method
choose recent SOTA methods such as StyleMatch [73],(FBC-SA). However, the EDU is signi cantly higher than
FBC-SA [14], and DGWM [15]. For a fair comparison, Other methods, exceeding FBCSA, which had the best PL
we only use work that has publicly available code bases, asaccuracy, by an average of 5.25% and StyleMatch, which
it is imperative to use the same labeled/unlabeled data splithas the second best EDU by, 2.00%. In the absenteg.pf

for experiments since these models are highly sensitive tothe EDU of our method drops by 1.25%.

these splits. t-SNE Visualizations: As shown in Fig. 6a our approach

achieves a higher Fisher Discrimination Ratio (FDR) score,
indicating that the features are more effective in distinguish-
ing between classes. We only visualize the methods with

Model Generalization: For the settings with 5 and 10 la- hiah 4 the visualizati ¢
beled data samples per class, the model accuracies for thi!® highest average FDR scores and the visualizations for
the remaining methods can be found in suppl.

target domain for our method and the other baselines are
reported in Tab. 1. As shown, our method achieves the Grad-CAM Visualization: As shown in Fig. 5, our model
best results across all experiments, while the second-beshas learned invariant features across multiple domains, in-
results are distributed among methods such as StyleMatchdicating the generalization capability of our model. More

4.1. Results



(a) (b)

Figure 6. (a) t-SNE visualization of the feature space for PACS dataset (10 labels per class). The average log Fisher Discriminant Ratio
(FDR) (£1 standard deviation) was calculated over 5 random seeds, over all 4 domains. Higher scores indicate more compact and well-
separated classes in the higher dimensional space. (b) Similarity matrices for the class prototype embeddings of the PACS dataset, before
and after adding the RFR module. RFR reduces the similarity between class prototypes while preserving the semantics.

visualizations can be found in suppl. Table 3. Training overhead due to augmentations in comparison
with FixMatch
4.2. Ablation Studies

Method Average time/epoch (sec) Overhead
Impact of Different Components: In Tab. 2 we report FixMatch [51] 38.53 B
the contribution of each key component of our approach by StyleMatch [73] 97.54 153.15%

SemAlign (Ours) 60.2 56.24%

sequentially adding them to FixMatch [51], because most

components are complementary to each other. Each compo-
nent is capable of improving the average accuracy over all
target domains. Similar to StyleMatch [73] we also report

the importance of stochastic classi er as it gives 1% im-

provement over FixMatch. Our data augmentation scheme5_ Conclusion

gives a 1.2% gain, while the feature alignment gives a 1.3%

gain. We present a novel approach that addresses the SSDG

RFR Module: Re nement of CLIP features using the RFR Problem.  We map intermediate features of the model
module and_ oy gains 0.4% improvement in the presence t©© the semantically rich feature space of a VLM in

tween prototype embeddings, suggesting improved discrim-2ugmentation methods to encourage domain invariant fea-
inability. ture learning and reduce over tting. Our method is also ca-

pable of utilizing all data samples into the learning process.
4.3. Comparing Components with Similar Work Results on four benchmarks, against four top-performing

. SSDG methods, show that our model has notable gains.
Feature Space Constraints:Both FBC-SA [14] and our 5 potential limitation of our method is the requirement of

method impose feature space consistency constraints. A?neaningful class labels which is left for future work.
demonstrated in the t-SNE plot, both the methods result

in more discriminative and well-separated feature spaces.
However, our approach achieves a higher FDR score, show-
ing its better discriminability.

StyleMatch Multiview Consistency vs Ours: StyleMatch

and our method use data augmentations to promote domain-
invariance.  However, the computational overhead of
our method (56.24%) is singi cantly lesser than that of
StyleMatch (153.15%). We report the average time per

epoch in seconds on a single Quadro RTX 6000 GPU for
the PACS dataset for the 10 labels setting in Tab. 5.
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SemaAlign: Language Guided Semi-supervised Domain Generalization

Supplementary Material

6. Pseudocode

The detailed pseudocode of our algorithm is provided in Al-
gorithm 1.

7. Datasets Description

PACS: PACS [27] comprises of 4 domairs 2 f photos,
art, cartoons, sketchgs7 classex 2f dog, elephant, gi-
raffe, guitar, horse, house, pergpand contains 9, 991 ex-
amples in total. The image size used is (224 x 224).

Of ceHome: Of ceHome [54] comprises of 4 domains Thus, without a dedicated objective to maximize learning
d 2 f art, clip art, product, reg| 65 object categories typ- from unlabeled data, increased focus on PL accuracy could
ically found in of ce and home environments, and 15, 588 lead to the model learning from a distribution consisting
examples. The image size used is (224 x 224). mostly of samples from “easier-to-learn” domains, conse-

DigitsDG: DigitsDG [67] comprises of 4 domaind 2 quently impairing model generalization.
f MNIST, MNIST-M, SVHN, SYNg which are each indi-

vidual datasets, 10 classes for each digits, and 6, 000 exam
ples with 600 examples for each class. MNIST [25] con- we plot the confusion matrices for the PACS (see Fig. 8)
tains hand-written digit images, MNIST-M [16] is a vari- and DigitsDG (see Fig. 9) datasets, for the 10 labels per
ant of MNIST that is produced by blending MNIST digits class setting. We compare our method with the existing

with random color patches. SVHN [36] contains street-view SSDG methods. Our approach shows class-wise improve-
house number images. SYN [16] consists of synthetic digit ment on both datasets.

images with varying fonts, backgrounds, and stroke colors.
This dataset utilizes a smaller image size (32 x 32). 10. Additional Feature Visualizations

miniDomainNet: This is a subset of DomainNet [40], the We visualize the features for the PACS dataset (see Fig. 10),

largest dataset available for domain generalization experi- - - - :
. . and DigitsDG (see Fig. 11) datasets using t-SNE feature vi-
ments, with 6 domains, 345 classes, and 586, 575 examples g ( g- 11) g

. . ! . L Sualizations.
miniDomainNet [71] has 4 domairts2 f clip art, painting,

. We also show Grad-CAM visualization (see Fig. 12) to
r.eaI, sketcp, 12.6 classgs, and 140, 007 examples and uti- show the features focused by different models. Our model
lizes a smaller image size (96 x 96).

. . . is able to focus on invariant features across domains.
It is worth noting that, we use ImageNet pretrained

weights for the backbones used, following similar SSDG 11 Scaling Performance with Number of labels
work [14, 15, 73]. Since these are pretrained on image size per class

(224x224), better performance can be achieved in DigitsDG
and miniDomainNet datasets by resizing images to this res-Top-1 accuracy for PACS dataset with an increasing number

Figure 7. Distributional Diversity expressed as entropy for each of
the baselines and our method.

9. Confusion Matrices

olution. of per-class labels is shown in Tab. 6. We observe that the
performance of our method improves as the number of per-
8. Additional Pseudo-labeling staistics class labels increases. Notably, across all per-class label

) o settings, our method consistently outperforms the FixMatch
Figure 7 shows the entropy distribution for each source p,qgjine. Moreover, with only 10 labels per-class labels, our

dataset combination in the PACS dataset. The entropymethod surpasses the fully supervised ERM baseline (with
is computed from the distribution of correctly retained g labels), which achieves 80.0+0.5.

pseudo-labels (PLs) within the training set, where higher

entropy indicates greater dataset diversity. As shown, our12 —Qualitative Analysis of Data Augmenta-
model achieves the highest distributional diversity when the tions

photo domain is included in the source dataset. We hypothe-

size that this effect is observed due to these models capitalVisualizations of our data augmentation method are shown
izing on spurious correlations found in the photo domain. in Fig. 13. As seen in these examples, phase-only image



reconstruction, only retains semantic information of the im-
age, removing textural information completely. Amplitude
swapping gives the image a random textural pattern. Tex-
ture reduction augmentation helps reduce noise and remove
fine-grained, unwanted textures in an image. This can pre-
vent the model from focusing on irrelevant details or arti-
facts.

13. Class Imbalance of VLCS Dataset

We noticed that the VLCS [53] dataset has a significant
class imbalance than most DG datasets (see Tab. 4) . Under
this class imbalance, all the baselines considered happened
overfit for the 5 labels per class setting on the majority of
the 5 independent trials we conducted, resulting in a very
high variance in the results. Due to the high variance in the
results, we don’t report this dataset in our main results.

Table 4. VLCS Dataset Class-imbalance

Domain  # Samples in largest class  # Samples in smallest class
Caltech 809 62
LabelMe 1124 39
Pascal 1394 307
SUN 1175 19

Table 5. VLCS Dataset SSDG accuracy on target domain. Average
over 5 independent trials is reported

Model 5 labels 10 labels

FixMatch [51] 55.6 140 624 122
StyleMatch [73]  60.5 15.1 70.6 3.1
FBCSA [14] 545 147 662 11.7
DGWM [15] 61.0 153 69.0 69
SemAlign (Ours) 59.1 147 724 1.8

Table 6. Results with different per class labels on PACS dataset.
Note that the fully-supervised ERM model achieves 80.0 0.5

Model | 5 10 25 50

ERM [49] 512 1.0 598 25 667 22 712 19
FixMatch [51] 752 13 771 20 776 14 787 1.5

SemAlign (Ours) | 79.6 0.5 81.8 1.7 822 12 833 12

Algorithm 1 Semantic Alignment

Require: Number of epochs E, class names fn; :::ncg,
prompt templates Ft(:) : : : t™M (:)g, weak augmentation
a, strong augmentation A, pseudo labeling threshold
EML(.), ANL(.) our model F = w f, RFR network
Trer, CLIP text encoder Teip(:)

1: # Calculate domain-invariant prototypes

2: for class names N 2 fny :::ncgdo

3. for templates t™(2) 2 Ft1(:):::tM())g do

4: # Get class templates

5: " t™(ne)

6: end for

7: # Get domﬁi,n-invariant class prototypes

1 M m

8: KC ™M m=1 Tclip(tc )

9: end for
10: for epochs 1;:::;E do
11: for minibatch indices (B-; By) do
12: # Compute refined class prototypes
13: Kc fRFR(Kc)
14: # Compute the intermediate feature vectors
15: feat, f(a(xp))
16: feata  T(A(Xp))
17: # Compute model output
18: QY w(featy)
19: # Calculate supervised loss
20: if If the true label Py, is available then
21: Ls  H(PjQy)
22: end if
23: # Generate pseudo-label
24: Qv argmax QY
25: if max(Qy") then
26: # Calculate the unsupervised loss
27: Ly  H(QYjw(feata))
28: # Calculate semantic similarity z 2 R
29: z  [Kifeaty;:::; K featy]
30: Q™ softmax(z)
31: # Calculate the semantic alignment loss
32: Lsa  H(QP™jQY)
33: # Calculate the orthogonality loss
34: Lorth ﬁJJK K T IC cJJ;Z:
35: # Calculate the contrastive 1
36: Lcon 1 Z[ypred] + ﬁ Sc&)’pred Z[yc]
37: Lfeat Lsa+Lorth+Lcon
38: # Calculate EML loss following [7]
39: LemL EM L(W(feata))
40: end if
41: # Calculate the ANL loss following [7]
42: Lane ANL(w(featy))
43: Lout LemL +Lane
44: L Ls + Ly + Lfeat + Lout
45: Update F; frer
46: end for
47: end for

48: return Trained model F
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