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Abstract

Domain generalization aims to enable models
trained on source domains to generalize to pre-
viously unseen target domains. In text classifi-
cation, most existing methods explicitly learn
domain-invariant representations through ad-
versarial or contrastive objectives on top of
pretrained language models (PLMs). How-
ever, PLMs are already trained on massive cor-
pora and inherently encode substantial domain-
invariant semantics, making additional repre-
sentation learning potentially unnecessary and
even harmful due to source-domain overfitting.
In this work, we rethink text domain generaliza-
tion from a representation-preserving perspec-
tive and propose Classifier Only for Source
(CO45S), a simple plug-in framework. CO4S
fully freezes the pretrained backbone and trains
only a lightweight classifier on the source do-
main(s). At test time, it estimates a domain
shift vector from the difference between the
mean sentence representations of the source
and target domains, and applies this shift to
align target representations before classifica-
tion. This enables effective test-time domain
shift correction without modifying the back-
bone or introducing complex training objec-
tives. Experiments on six benchmark datasets
show that COA4S consistently improves general-
ization performance across multiple evaluation
protocols, achieving an average macro-F1 gain
of 5.51% with as few as 7.83 KB of trainable
parameters. These results suggest that effec-
tive text domain generalization can be achieved
by better exploiting the intrinsic invariance of
pretrained language models.

1 Introduction

Pretrained language models (PLMs) have become
the dominant paradigm for a wide range of natu-
ral language processing (NLP) tasks. In practice,
these models are often fine-tuned on task-specific
datasets to achieve strong in-domain performance.
However, such fine-tuning can easily lead to over-

fitting to the source data distribution, consequently
impairing generalization to unseen domains (Guo
and Yu, 2022). To address this challenge, domain
generalization (DG) aims to train models on one
or multiple source domains such that they can gen-
eralize effectively to previously unseen target do-
mains (Wang et al., 2023a).

Domain generalization has been extensively
studied in computer vision, where domain
shifts (e.g., between paintings, photographs, and
sketches) are often visually apparent and struc-
turally distinct (Wang et al., 2023b). In contrast,
domain gaps in natural language are more sub-
tle and less explicit, even within the same lan-
guage (Ling et al., 2024). For example, PLMs such
as GPT (Ouyang et al., 2022), Qwen (Yang et al.,
2024), and DeepSeek (DeepSeek-Al et al., 2024)
are typically trained on large-scale public corpora
and cannot directly access confidential or domain-
restricted data (e.g., government documents or clin-
ical records). As a result, models that perform well
on general-domain data may still struggle to gen-
eralize to such unseen domains without additional
adaptation.

To improve text domain generalization, exist-
ing methods predominantly focus on learning
domain-invariant representations. Representa-
tive approaches can be broadly categorized into
two paradigms. (1) Adversarial training-based
methods employ a min—max objective to en-
courage representations that are indistinguishable
across domains by fooling a domain discrimina-
tor (Jia and Zhang, 2022, 2023; Bhattacharjee
et al., 2024; Chen et al., 2025). (2) Contrastive
learning-based methods leverage instance-level or
prototype-level contrastive objectives to align repre-
sentations across multiple source domains, thereby
promoting domain invariance in the embedding
space (Tan et al., 2022; Bhattacharjee et al., 2024).
Despite their methodological differences, these ap-
proaches share a common assumption: explicitly
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Figure 1: T-SNE (van der Maaten and Hinton, 2008) visualization of sentence representations from the RoBERTa-
base-encoded (Liu et al., 2019) Amazon dataset, where "book" is the target domain. (a) Untuned representations.
(b-d) Representations fine-tuned with PDA (Jia and Zhang, 2022), EAGLE (Bhattacharjee et al., 2024), and

MSCL (Tan et al., 2022), respectively.

enforcing domain invariance through additional
training objectives is necessary for effective gener-
alization.

In this work, we revisit this assumption from
the perspective of pretrained language models. We
argue that this prevailing view overlooks a criti-
cal yet underexplored fact: PLMs, by virtue of
large-scale pretraining, already encode substan-
tial domain-invariant semantic representations.
As illustrated in Fig. 1(a), sentence embeddings
extracted from an untuned RoBERTa-base model
already exhibit a high degree of cross-domain over-
lap on the Amazon Reviews dataset (Blitzer et al.,
2007). In contrast, Fig. 1(b)-Fig. 1(d) qualitatively
show that applying different domain generaliza-
tion objectives can alter the geometric structure
of the representation space, sometimes resulting
in less overlapping embeddings across domains.
While such visualizations do not directly quan-
tify representation quality, they motivate us to re-
consider whether explicitly enforcing additional
domain invariance always preserves the intrinsic
cross-domain semantics learned during pretraining.

At first glance, this perspective may appear
related to prior feature alignment or moment-
matching approaches that aim to reduce distribu-
tional discrepancies between source and target do-
mains. However, a key distinction lies in where
and how alignment is performed. Existing meth-
ods typically enforce alignment by modifying the
representation function through additional train-
ing objectives, thereby reshaping the embedding
space itself (Jin et al., 2020; Nguyen et al., 2022;
Wei et al., 2025). In contrast, our goal is not to
learn aligned representations, but to preserve the

pretrained representation geometry of PLMs and
instead adjust the relative position between a fixed
source-trained classifier and target representations
at inference time.

Motivated by this insight, we propose to rethink
text domain generalization from a lightweight and
representation-preserving perspective. Instead of
re-optimizing the backbone encoder to learn addi-
tional invariances, we ask a simpler question: can
we better exploit the domain-invariant represen-
tations that PLMs already provide? To this end,
we introduce Classifier Only for Source (CO4S), a
simple yet effective plug-in framework for text do-
main generalization. CO4S freezes the pretrained
backbone entirely and trains only a lightweight
classifier on the source domain(s). At test time, it
estimates a domain shift vector by computing the
difference between the mean sentence representa-
tions of the source and target domains, and applies
this shift to align target-domain representations be-
fore classification.

Importantly, this mean shift operation should be
interpreted as a lightweight test-time representation
translation rather than a learned feature alignment
mechanism. CO4S does not alter the representation
function or enforce distributional matching during
training. Instead, it performs a deterministic geo-
metric correction that leverages the fixed decision
boundary induced by the source-trained classifier.

This design yields a highly parameter-efficient
and inference-time adaptation strategy. Without
modifying the backbone or introducing complex
training objectives, CO4S achieves consistent im-
provements across diverse benchmarks. In exten-
sive experiments covering six datasets and multiple



evaluation protocols, CO4S improves macro-F1 by
an average of 5.51% while introducing as few as
7.83 KB of trainable parameters.

The main contributions of this paper are summa-
rized as follows:

1) We rethink text domain generalization by
highlighting the overlooked role of intrinsic
domain-invariant representations in pretrained lan-
guage models, and show that explicitly learning
additional invariances is not always necessary.

2) We propose CO4S, a classifier-only frame-
work that performs test-time domain shift correc-
tion while fully preserving the pretrained backbone,
offering a simple and effective alternative to exist-
ing DG methods.

3) We provide theoretical analysis showing that
CO4S reduces the divergence between source and
target domains and tightens the upper bound on
target risk.

4) Extensive experiments demonstrate that
COA4S achieves strong and consistent generaliza-
tion performance with minimal parameter and com-
putational overhead, making it practical for real-
world deployment.

2 Methodology

Problem Formulation. The whole dataset D is
divided into N (N > 2) parts. Each part consists of
texts and labels, D; = {7, Y;}, where i € [1, N,
T and Y, are the text and label sets in the i-th
domain, respectively. In DG settings, text distribu-
tions exhibit significant variation across different
domains, P(T;) # P(T;)(i # j) (where P(T;)
denotes the text distribution of the i-th domain),
but the labels across all domains share a common
space, Y; = Y;. During the training phase, all
domains are partitioned into source and target do-
mains (D¢ and D'""), where the model can only
access the texts and labels in D*"¢ while remaining
completely blind to the texts and labels in D",

Overview. As shown in Figure 2, the proposed
method consists of three main steps: (1) training a
source-domain-only classifier, (2) computing the
domain shift vector via mean representation sub-
traction, and (3) applying the shift vector to target
representations during inference.

Training the Classifier on Source Domain. As
shown in Figs. 1(c) and 1(d), jointly learning the
backbone and classifier during the training stage
can lead to overfitting to the source domain, which

undermines the domain-invariant features inher-
ently learned by PLMs. To address this issue, we
opt to train only a source-domain-specific classifier
during this phase. This strategy preserves the pre-
trained model’s domain-general knowledge while
still enabling effective performance on downstream
tasks. Given labeled text samples T °" from N*"¢
source domains, we encode them using a pretrained
backbone f whose parameters 6 are fixed:

RTC = (T 6p), (1)

where hg,. denotes the sentence embeddings.
These are passed to a trainable clas51ﬁer fC
with parameters 6, to obtain predictions v’

o(fe(h®*%;0.)), where o(-) denotes the softmax
activation. The classifier is trained using cross-
entropy loss:

Lee=—) Vilogd; . ©)
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This step enables the model to obtain a well-
trained source domain classifier fg, which serves
as a lightweight "adapter" for the downstream tasks.
Importantly, this process does not interfere with the
internal knowledge encoded in the backbone.

Domain Shift Vector Computation. The goal
of this stage is to capture the overall feature repre-
sentation on each domain and to obtain the offset
between the source and target domains. Specifi-
cally, during inference, we use Equation 1 to ex-
tract sentence representations for both source and
target domains (h*¢ and h'®"), respectively. Then
we compute the centroids of all sentence represen-
tations in each domain to characterize the global
distribution of the domain, as the following formula
shows:

|Dtar|
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(3)

Previous works have demonstrated the word
analogy phenomenon (Mikolov et al., 2013; Etha-
yarajh et al., 2019), exemplified by the classic
case of Kiﬁg — Man + Woman ~ ngen. Sub-
sequent researches have also revealed that both
the internal structures of pretrained language mod-
els (Ethayarajh, 2019) and their contextual rep-
resentations (Reif et al., 2019) exhibit linearity.
These findings support the hypothesis that seman-
tic shifts (such as those between domains) can be

Dsrc| Dtar |



------ »

4

.

:

' The most gorgeous artwork in

' comic books contains the most di

H extraordinary artwork of alex ___ylpackhone éncodin
5 ross superman batman wonder ;
H woman the justice league etc

] even !

.

.

.

.

Source texts

What I've cooked if I'm doing
just veggies | keep the oil if |
do a meat or seafood Il —¥Backbone

change the oil right after very
pleased overall

Target texts

Sentence
representations

Mean sentence
representations

.
.
.
.
.
The differences E
between mean !
:

.

.

.

.

.

After training

O SESTRR AR

* sentence
embeddings

Figure 2: The workflow of CO4S.

approximated via linear translations in embedding
space. Our method leverages this linearity by ap-
plying a mean shift vector between domains to
compensate for domain shift. Here, the domain
shift vector is defined as d = ¢ — c'*". This vec-
tor serves as a coarse alignment offset', which we
assume is sufficient to adjust the target embeddings
closer to the source distribution in the embedding
space.

Inference with Representation Adjustment.
For each target sentence embedding h!*", we apply
the domain shift vector d and classify using the
previously trained classifier Y = o(fL(hl" +
d;0.)).

This final step effectively projects target domain
representations into a region of feature space better
aligned with the source domain, without altering
the model’s parameters.

Summary. Compared to existing approaches, our
method trains only a single classifier on the source
domain(s), making it agnostic to the number of
source domains. Consequently, CO4S is equally
applicable to both single-source and multi-source
domain generalization settings. Moreover, our
domain shift adjustment is performed entirely at
inference time. Unlike prevailing feature align-
ment methods, CO4S does not require: 1) addi-

ISince in large language models (LLMs), sentence embed-
dings are often represented by word embeddings, our method
can also be regarded as a form of word analogy (for example,
encoder-only models typically use the embedding of the [CLS]
token, while decoder-only models often use the embedding of
the [EOS] token).

tional, complex learning strategies to explicitly
learn domain-invariant representations; or 2) any
modification to the hidden states output by the pre-
trained language model. This design renders CO4S
both lightweight and highly compatible with frozen
PLMs, while maintaining strong generalization per-
formance.

3 Experiments

3.1 Evaluation Setups
3.1.1 Datasets

We conduct experiments on two text classification
tasks: sentiment analysis (SA) and natural lan-
guage inference (NLI). Each task involves three
datasets. Specifically, SA includes Amazon Re-
views (Blitzer et al., 2007)2, SST-2 (Socher et al.,
2013), and IMDB (Maas et al., 2011), while NLI
covers MNLI (Wang et al., 2019), SNLI (Kochk-
ina et al., 2018a), and SICK (Marelli et al., 2014).
The Amazon Reviews dataset consists of four do-
mains, namely book (B), dvd (D), electronics (E),
and kitchen (K). Meanwhile, the MNLI dataset
involves five domains, which are fiction (F), gov-
ernment (G), slate (S), telephone (T), and travel
(T*). Please refer to Appendix B.1 for the detailed
statistical analysis of these datasets.

3.1.2 Implementation Details

We adopt RoBERTa-base (Liu et al., 2019)3,
DistilRoberta-base (Sanh et al., 2019)*, BERT (De-

Zhttps://github.com/jiachenwestlake/PDA
3https://huggingface.co/Facebook Al/roberta-base
*https://huggingface.co/distilbert/distilroberta-base



Table 1: The LODO results on the Amazon dataset with Roberta-base as backbone (%).

Model NTP BDE—K BDK—E BEK—D DEK—B Avg.
PDA 2.4165 70.25 +24.62 68.12+£26.72 69.72 4+ 21.07 70.55+£20.94 69.66 + 0.94
EAGLE 2.5969 85.01 £+ 2.96 82.90 + 1.92 81.63 £1.01 79.59 £2.30 82.28 +1.97
MSCL 0.7887 71.98 +1.44 66.71 4+ 2.03 74.49 +1.13 74.62 + 1.36 71.95 4+ 3.20
SwWAV 1.2485 65.51 +4.77 62.64 +4.17 58.12 + 8.71 63.16 = 1.12 62.36 + 2.67
ELS 1.1858 84.51 +0.16 85.62 4+ 0.40 83.85 +0.21 81.82+1.97 83.95+1.38
DomCLP 1.1172 88.18 + 0.25 85.13 £ 0.32 82.71 £ 0.06 84.06 £ 0.28  85.02 4+ 2.01
Backbone 0.0015 85.47 + 0.69 85.25 £ 0.17 83.75+0.13 80.79 +1.92 83.82 + 1.87
C04S 0.0015 88.90 +0.19  85.73 +0.13 84.08 + 0.06 84.59 + 043  85.83 + 1.87
Improve | 99.81% 10.72 10.11 10.23 12.77 11.87
Table 2: The LODO results on the MNLI dataset with Roberta-base as backbone (%).
Model NTP FGST—T* FGST*—T FGTT*—G FSTT*—G GSTT*—F Avg.
PDA 4.1906 EG EG EG EG EG -
EAGLE 43718 38.594+6.10 39.154+3.36 45.384+0.52  39.56 +£2.32  46.66 £3.39  41.87 & 3.43
MSCL 0.7893 31.81 4+ 1.77 34.254+0.28 32.894+0.84 33.92+1.16  34.79+£2.55  33.53 4 1.06
SwAV 1.2493 20.66 +£2.96 18.77+2.49 23.31+£0.45 19.94+14.11 14.97+11.45 19.53 +2.73
ELS 2.3701 54.65+0.31 4534 +268  48.334+1.61  51.81 + 1.47 4953 +£276  49.93+3.15
DomCLP 1.1180 35.33+£0.87 39.06+3.25 39.82+3.37 37424248  38.85+£2.65 38.09 £ 1.59
Backbone 0.0023 51.324+ 1.83  44.454+3.66 51.004+0.94 51.93+3.53  46.16 £3.49  48.97 & 3.06
Co4s 0.0023 5452 +£085  47.69 £ 144 5193 +0.43 55.23 + 0.88 5029 + 2.13 51.93 +2.77
Improve | 99.71% 12.35 10.93 13.30 10.76 12.00

vlin et al., 2019)° and Qwen2.5 (Yang et al., 2024)
as the backbone model. For MLM models, we
train for 15 epochs with a batch size of 16, setting
the learning rate to 2e-2 and weight decay to le-2.
The maximum sequence length is set to 128 for
SA tasks and 48 per sentence for NLI tasks. For
the 0.5B® and 1.5B”7 Qwen2.5 models, we train
for 10 epochs with a batch size of 8, a learning
rate of Se-4, and a weight decay of 1e-2. For the
7B Qwen2.5 model®, we train for 30 epochs with a
batch size of 8, a learning rate of 1e-5, and a weight
decay of 1e-2. The maximum sequence lengths are
kept the same as those used for the MLM mod-
els. We train the MLM models, Qwen2.5-0.5B-
Instruct, and Qwen2.5-1.5B-Instruct models on a
single V100 GPU, and the Qwen2.5-7B-Instruct
model on 8 H20 GPUs. All models are optimized
using the AdamW (Loshchilov and Hutter, 2019)
optimizer. All methods are run three times. Un-
less otherwise specified, we report the mean and
standard deviation of the three runs throughout the
paper.

We adopt macro-F1 as the evaluation metric. In
all experiments, bold denotes the highest score and
underlined indicates the second-highest. Unless
otherwise specified, "improve" refers to the abso-

>https://huggingface.co/google-bert/bert-base-uncased
®https://huggingface.co/Qwen/Qwen2.5-0.5B-Instruct
"https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
8https://huggingface.co/Qwen/Qwen2.5-7B-Instruct

lute gain in F1 over the second-highest score, and
the percentage reduction in the number of trainable
parameters (NTP) compared to the second-smallest
model (M). Additionally, since PDA adopts adver-
sarial training strategies, the optimization process
tends to encounter numerous local saddle points.
This makes the models prone to gradient explosion
and unable to produce valid classification outputs.
We denote such cases as EG (Exploding Gradients).

We adopt the Leave-One-Domain-Out (LODO)
experimental setting. In this setting, we adopt N —1
domains as the source domain and test the model
on 1 target domain, D¢ € D, D% € D, D¢ N
Dlar =), |Ds™¢| = N — 1, and |D!"| = 1.

3.2 Baseline Methods

For MLLM-based models, we compare against the
backbone, PDA (Jia and Zhang, 2022) (an adversar-
ial training method), EAGLE (Bhattacharjee et al.,
2024) (a data augmentation-based contrastive learn-
ing method), MSCL (Tan et al., 2022) (a contrastive
learning method), SWAV (Caron et al., 2020) (a rep-
resentation learning method with data augmenta-
tion), ELS (Zhang et al., 2023) (environment label
smoothing-based adversarial training method), and
DomCLP (Lee et al., 2025) (a method based on
prototype mixup and contrastive learning). For
Qwen-based models, we only compare against the
backbone. In all methods, the backbone parameters
are frozen, while the parameters of other modules



(e.g., the adversarial training module in PDA) re-
main learnable. For simplicity, we denote the back-
bone models as MLM-based methods, Qwen-0.5B,
Qwen-1.5B, Qwen-7B throughout the rest of the

paper.

3.3 The LODO Results

3.3.1 Results on the Individual Datasets

Tables 1 and 2 show the experimental results on
the Amazon Review and MNLI datasets under
the LODO setting. From these experimental re-
sults, we can observe that: 1) CO4S achieves
the best performance on both datasets, obtaining
macro-F1 scores of 85.66% on the Amazon dataset
and 51.93% on the MNLLI dataset, surpassing the
second-best model by 1.71% and 2.00%, respec-
tively. 2) When the backbone is frozen, on the
Amazon dataset, only ELS and DomCLP outper-
form the backbone, with imeprovements of just
0.13% and 1.20%, respectively. On the MNLI
dataset, only ELS slightly exceeds the backbone by
0.96%. However, these gains come at a substantial
cost: the number of parameters in ELS and Dom-
CLP is significantly higher than that of the back-
bone, increasing by 789.53% and 743.80% on the
Amazon dataset, and by 1029.48% and 485.09%
on the MNLI dataset, respectively. 3) In addition,
CO4S uses only 0.0015M and 0.0023M trainable
parameters on the two datasets, respectively, reduc-
ing the number of trainable parameters by 99.81%
and 99.71% compared to MSCL, the second most
parameter-efficient model. Despite this extreme
parameter efficiency, CO4S outperforms MSCL by
13.71% and 18.40% in macro-F1 on the respec-
tive datasets. From these observations, we can
conclude that: 1) PLMs inherently capture rich
domain-invariant features, supporting the observa-
tion in Fig. 1(a). 2) Complex learning strategies
do not necessarily yield better domain-invariant
representations; on the contrary, they may disrupt
the intrinsic feature structure already present in
PLMs, supporting the observation in Figs. 1(b)-
1(d). And 3) CO4S effectively models the domain
discrepancy between source and target domains
(with the highest macro-F1 and the lowest trainable
parameters). Remarkably, even without access to
target-domain data, our method enhances model
generalization, demonstrating its practical efficacy
in real-world domain generalization scenarios.

3.3.2 Results on the Cross Datasets

Table 3 shows the experimental results on the cross-
dataset setting. From these results, we can ob-
serve that: 1) In the cross-dataset setting, where do-
main discrepancies become more complex, CO4S
shows only a marginal improvement over other
baselines, outperforming the second-best model
DomCLP by just 0.26% on average, yet it achieves
this with 99.87% fewer trainable parameters. And
2) compared to the backbone, CO4S demonstrates
a stronger ability to capture domain-invariant fea-
tures, yielding performance gains of 4.86%, 1.51%,
6.72%, and 15.19% on the four datasets, respec-
tively. From these observations, we can conclude
that: 1) CO4S can further enhance the generaliza-
tion capability of PLMs by more effectively cap-
turing domain-invariant features, even when the
PLM already exhibits some degree of domain gen-
eralization. And 2) although CO4S may underper-
form compared to certain domain generalization
methods in some cross-dataset scenarios, its highly
parameter-efficient design makes it significantly
more suitable for real-world deployment.

3.4 Ablation Study

Since CO4S is a lightweight, module-free, and
hyperparameter-free method, we conduct the fol-
lowing three ablation studies in the ablation sec-
tion: 1) Unfreezing the backbone parameters dur-
ing training; 2) Replacing the mean in the compu-
tation of ¢*¢ and ¢'*" with the median (denoted
as CO4S (median)); And 3) Using a random offset
instead of the domain shift vector d (denoted as
CO4S (random)).

Table 4 presents the ablation study results. From
these results, we can observe that: 1) Backbones
with unfrozen parameters significantly outperform
those with frozen parameters in terms of overall
performance (Backbone: 75.74% vs. 57.46%;
CO4S: 75.59% vs. 62.98%). However, while
CO4S slightly decreases performance by 0.14%
points in the non-freeze setting, it brings a substan-
tial improvement of 5.51% points when the back-
bone is frozen. 2) Using a random offset leads to a
substantial performance drop (averaging a 34.94%
decrease across the 6 datasets); And 3) replacing
the mean with the median results in only a minor
degradation (0.82%).

These findings suggest that: 1) While fine-tuning
pretrained parameters can improve model perfor-
mance, it also increases the risk of overfitting to the



Table 3: The LODO results on the SST-2, IMDB, SICK, and SNLI datasets with Roberta-base as backbone (%).

Model SA NTP NLINTP  Amazon—SST-2  Amazon—IMDB ~ MNLI—SICK ~ MNLI—SNLI Avg.
PDA 4.1906 6.5560 35.30 £11.49  30.80 = 10.00 EG EG -
EAGLE 4.3710 6.7372 35.26£1.62  54.84+13.70 20.64+4.44 6.18+3.13  29.23 & 18.01
MSCL 0.7890 0.7895 43.66 + 5.64 73.47+2.53  35.03+1.63 17.24+4.34  42.35 + 20.34
SWAV 1.2485 1.2493 46.87 £ 10.54  60.14+2.93  18.074+2.29 7.59+0.41  33.17 + 21.20
ELS 2.3693 4.1449 77.66 £ 1.67 80.13+1.18  46.38+3.68 10.49 +0.61  53.67 & 28.25
DomCLP 1.1172 1.1180 80.34 & 1.44 82.56 + 0.37 47.64+3.88  28.67+971  59.80 + 22.68
Backbone 0.0015 0.0023 75.89 £ 3.11 80.44 +1.58 4351 £6.08 12.16+0.45 53.00 £ 27.54
Co4s 0.0015 0.0023 8253 + 0.68 81.95 + 0.04 5022 +359 27.354+1.65  60.51 4 23.18
Improve | 99.81% | 99.71% 12.19 12.58 10.71

Table 4: The ablation study on LODO setting (%). All experiments are implemented using RoBERTa-base.
"Improve" refers to the performance gain of CO4S relative to the backbone here.

Model Freeze Amazon MNLI SST-2 IMDB SICK SNLI Avg.
Backbone X 90.35 7747  90.64  86.69  53.95 55.33 75.74
CO4S (mean) X 90.65 77.54 90.84  87.57  59.75 47.21 75.59
Improve 1 0.30 1007 1020 1088 15.80

Backbone v 83.82 4897 7589 8044 4351 12.16 57.46
CO4S (median) v 85.55 51.41 82.16  81.56  49.27 24.76 62.45
CO4S (random) v 41.98 2090 49.71 35.30 14.83 7.25 28.33
COA4S (mean) v 85.66 5193 8253 8195 50.22 27.35 63.27
Improve 7184 1296 1665 71151 16.72 11519 15.81

source domain. In contrast, our method enhances
generalization performance without any fine-tuning
of the pretrained backbone, especially in practical
scenarios where fine-tuning large-scale models is
often infeasible. 2) The direction of the shift is
crucial to the CO4S’s performance; And 3) The
feature distributions extracted by the PLM are ap-
proximately symmetric to some extent, and the
difference between the mean and median vectors is
approximately orthogonal to the classifier weights,
indicating that this discrepancy resides primarily
in non-discriminative features (see Appendix H for
detailed analysis).

3.5 Model Scale Analysis

In this section, we evaluate the models’ scale from
3 perspectives: 1) the number of trainable param-
eters; 2) the storage size of trainable parameters;
and 3) peak GPU memory usage during training.
Table 5 shows the experimental results of mod-
els’ scale with "Kitchen" as the target domain.
From these results, we can observe that our method
introduces only 7.83KB of trainable parameters,
yet achieves an average improvement of 5.51%
in macro-F1 across 6 datasets. Moreover, even
for a 7B LLM, only 29.68KB of additional pa-
rameters are required to enhance the model’s
generalization ability. In addition, the peak GPU
memory usage experiments demonstrate that our
method does not require expensive hardware, only

0.52 GB of GPU memory is needed to train our
model.

3.6 Domain Discrepancy Analysis

We conduct domain discrepancy analysis by
measuring the Maximum Mean Discrepancy
(MMD) (Gretton et al., 2012) between source and
target domains. This allows us to evaluate whether
our method effectively mitigates domain shifts. We
conduct experiments on the SA task under both
in-dataset and cross-dataset settings. For the in-
dataset setup, we use the Amazon dataset with
book, dvd, and electronics as source domains and
kitchen as the target domain. For the cross-dataset
setup, we use the entire Amazon dataset as the
source and SST-2 as the target. We compute the
MMD between each source-target pair and report
the average MMD as the final domain discrepancy,
ie.

NSTC
1
MS =~ > MMD(h;", A7),
=1

where M S is the overall MMD score; MMD(a, b)
computes the MMD score between a and b; N°"¢
is the number of source domains.

All experiments are conducted using the same
random seed for consistency. Table 6 shows the
experimental results. From these results, we can
observe that CO4S achieves the lowest average



Table 5: The models’ scale analysis. We train each model using the kitchen in the Amazon dataset as the target

domain. Bold values indicate the best scores.

Model Number of trainable parameters (M) File sizes (KB) Peak GPU memory usage (GB)
PDA 2.4165 9,448.80 0.9183
EAGLE 2.5969 10,155.16 0.6482
SwAV 1.2485 4,882.49 0.5394
RoBERTa-base 0.0015 7.83 0.5207
Qwen-0.5B 0.0018 8.69 1.9601
Qwen-1.5B 0.0031 13.69 5.9634
Qwen-7B 0.0082 29.68 26.95

Table 6: The domain discrepancy analysis results. Bold
values indicate the best scores.

Domain RoBERTa-base = RoBERTa-base (CO4S)
Kitchen 0.0835 0.0301
SST-2 0.2888 0.0396

MMD scores in both settings, with 0.0301 in the
individual-dataset setting and 0.0396 in the cross-
dataset setting. Compared to the backbone, CO4S
decreases by 0.0534 and 0.2492 respectively in
the two settings. From these observations, we can
conclude that although pretrained language mod-
els have already captured rich domain-invariant
features, our method further reduces the domain
discrepancy beyond what the pretrained models
achieve.

4 Related Work

Domain generalization aims to train the model on
multiple source domains, learn domain-invariant
features, and then transfer knowledge to unseen
target domains. Existing text domain generaliza-
tion methods have explored various complex tech-
niques to enhance model generalization. PDA (Jia
and Zhang, 2022), MIL (Jia and Zhang, 2023), EA-
GLE (Bhattacharjee et al., 2024), ELS (Zhang et al.,
2023), and DAAL (Chen et al., 2025) adopt an ad-
versarial training strategy to learn domain-invariant
features. MSCL (Tan et al., 2022), EAGLE (Bhat-
tacharjee et al., 2024), and DomCLP (Lee et al.,
2025) attempt to leverage contrastive learning to
capture the similarity across different domains,
thereby improving the model’s ability to discrim-
inate between classes from various domains. Fur-
thermore, Jin et al. (Jin et al., 2020), Nguyen et
al. (Nguyen et al., 2022), and Wei et al. (Wei et al.,
2025) employed the method of feature alignment to
align the features from different domains as closely
as possible during the training phase. Moreover,

TACIT (Song et al., 2024) uses a teacher-student
framework to filter samples based on difficulty lev-
els. DFGN (Ren et al., 2023) uses Shannon en-
tropy to measure the domain uncertainty of model
outputs. PADA (Ben-David et al., 2022) requires
generating an additional task- and domain-specific
prompt during testing before performing down-
stream inference. All these methods explore dif-
ferent strategies to learn domain-invariant features.
However, they overlook the fact that PLMs have al-
ready learned domain-invariant features from large-
scale datasets during pre-training.

5 Conclusion

In this paper, we introduce CO4S, a simple yet
effective method for domain generalization that
leverages the intrinsic domain-invariant properties
of pretrained language models. Unlike existing ap-
proaches that require complex training strategies
and risk overfitting the source domain, CO4S op-
erates solely by training a lightweight classifier on
the source domain and applying a test-time domain
shift correction. Our method requires no updates
to the backbone and introduces negligible compu-
tational overhead. Extensive experiments across 6
benchmark datasets show that CO4S consistently
improves generalization performance, achieving a
5.51% average macro-F1 gain with only 7.83KB of
trainable parameters. Additionally, CO4S demon-
strates superior training efficiency, especially with
large language models. These results highlight the
promise of rethinking domain generalization from
a lightweight, inference-time perspective.

6 Limitations

While CO4S is simple and effective, it comes with
several limitations. 1) COA4S is built upon the as-
sumption that PLMs can learn rich textual seman-
tic representations and thus are capable of captur-
ing domain-invariant features from text. However,



in domains such as CV, where inter-domain dis-
crepancies are often much more pronounced and
structural (e.g., in pixel-level distributions or vi-
sual styles), CO4S, which is a linear adaptation
method, may face significant limitations. 2) Our
method assumes access to sufficient unlabeled tar-
get domain samples at test time. In scenarios with
scarce or streaming target data, the effectiveness
of CO4S may degrade. In addition, CO4S imposes
certain requirements on the pre-trained language
model. If the sentence embeddings produced by the
language model are unevenly distributed, the per-
formance of our method may degrade. For more
details, please refer to Appendix J. 3) CO4S as-
sumes that the source and target domains are mod-
erately aligned in feature space. When the source
and target data are small or highly imbalanced,
COA4S may underperform, as observed in the ex-
tended experiments reported in Appendix K. And
4) COA4S can be used as a plug-in module and read-
ily applied to other models. However, it relies on
the assumption that pretrained language models al-
ready learn rich domain-invariant features. When
alternative learning strategies (such as adversarial
approaches like EAGLE) are applied to optimize
the representations of pretrained models further,
they may inadvertently disrupt these intrinsic fea-
tures, thereby degrading the effectiveness of CO4S.
We provide empirical evidence for this behavior in
Appendix G.
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A Theoretical Analysis

In this section, we provide a theoretical analysis
of CO4S by building upon the classical risk upper-
bound theory (Ben-David et al., 2006; Wang et al.,
2023a) from Domain Generalization (DG) and Do-
main Adaptation (DA).

A.1 Preliminaries and Definitions

Let the input space be X', the representation space
be Z, and the label space be ). Given a fixed PLM
f, there has

f:X—Z.

In addition, given a trainable classifier f., there
has

fe: Z =Y.
src

Let the source distribution be Py ¢ and the tar-
get distribution be P4", and their push-forward
distribution in the representation space be

Py = [PYCPE = [{PY".

Furthermore, CO4S introduces a domain shift
vector in the test phase, which is defined as

d:= "¢ — Ctar.

Definition 1 (Average Risk Estimation Error
Bound). According to (Wang et al., 2023a), the
average risk over all possible target domains of
classifier h is defined as

é(h) = EPXYNPE(x,y)NPXy [l(h(PXa CL‘), y)],
“)
where | is a loss funcion on Y; P is a hyper-
distribution, that P}?{/ ~ P and Py ~ P; (x,y)
is the finite sample set samples from each distribu-
tion.

Definition 2 (Domain Adaptation Error Bound).
According to (Ben-David et al., 2006, 2010; Wang
et al., 2023a), the domain adaptation error bound
is defined as: for any h € H and 6 € (0,1), there
is at least 1 — & probability

emr(h) SEST‘C(h) —|-CZ7_[AH(USTC,UMT) + )\'H
2d log(2n) + log(2/9)

vy ,
n

&)
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where d is the Vapnik-Chervonenkis dimension
of the hypothesis space H; U™ and U are
unlabeled samples of size n from source and
target domains; JHAH(L{STC,UMT) is the esti-
mate of dyaw(Py¢, Pi&") on the two sets of
finite data samples, and dyaw (P3¢, PE"T) =
supy, ey [€7¢(h, B') — €7 (h, W')| is the HAH-
divergence; Ay is an ideal joint error related to the
hypothesis space H, which characterizes the mini-
mum possible error of a hypothesis that performs
well simultaneously in both the source domain and
the target domain.

Definition 3 (Push-forward Measure). According
to (Peyré and Cuturi, 2019), the push-forward mea-
sure is defined as follows. Let (X, A) and (Z, B)
be two measurable spaces; f : X — Z be a mea-
surable mapping; and Px be a probability mea-
sure defined on (X, A). Then the push-forward
measure of Px induced by f on Z, denoted by
Py = f;Px, is defined as follows: for any measur-
able set A € B,

Pz(A) = (f;Px)(A) = Px(f7'(4)), (©
where f71(A) = {z € X : f(z) € A} is the

inverse image of a set.

A.2 Analysis of the risk upper bound of CO4S

Lemma 1 (Source Domain Risk Stability Under
Fixed Representation). Fixing the backbone main-
tains a comparably low source domain risk due
to the linear separability of PLM representations,
while reducing the hypothesis space complexity.

Proof. According to Definition 1, we can define
the source domain risk be

€src(h) = E (g y)~psre [(fe(f()),y)],

where h = f. o f is the hypothesis function.

We analyze the risk from the perspective of the
generalization bound. The expected risk on the
source domain €, (h) is bounded by the empirical
risk €,c(h) and a complexity term C(H):

€src(h) < ésrc(h) + 0 <\/ dl;;C’)

where dy ¢ is the VC-dimension of the hypothesis
space.

* Empirical Risk: Based on the proven lin-
ear separability of PLM representations (Etha-
yarajh, 2019; Reif et al., 2019), the pre-trained
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features f(-) are sufficiently discriminative.
Thus, a linear classifier f. can achieve near-
zero empirical risk, i.e., €src(fe © frized) =
ésrc(fc o ffineftuned) ~ 0.

Complexity: Full fine-tuning updates all pa-

rameters 0y + 0., resulting in a hypothesis

space with extremely high dimension d{/“él. In

contrast, CO4S fixes 0 and only updates 6.,
yielding a significantly smaller VC-dimension
dC’O4S < dell

vC ve -

While full fine-tuning might marginally reduce
training loss, it risks increasing the bound on
esrc(h) due to the complexity penalty (overfitting).
By fixing the backbone, CO4S maintains a compa-
rable empirical risk while minimizing the complex-
ity term, thereby ensuring the source domain ex-
pected risk e4..(h) does not degrade (and is likely
more stable).

O

Lemma 2 (The Representation Translation of
CO4S is Equivalent to the Distribution Push-for-
ward). The operations performed by CO4S on the
target domain representation

htar — htar + d

are equivalent to constructing a new target domain
distribution in the representation space
7575(17” — T Ptar
zZ dﬁ Z
where Ty = h'" + d; and 4 represents the push-
forward measurement.

Proof. According to Definition 3, for any measur-
able set A C Z, there has

PE"(A) = P (T, ' (A))
— PtZar({htar . htar + d c A})

This precisely corresponds to applying a uniform
shift d to the representations of all target domains.
Consequently, CO4S does not modify the classi-
fier or the training procedure; instead, it implicitly
constructs a new target-domain representation dis-
tribution at test time. O

Assumption 1 (Additive Domain Shift). Follow-
ing the linearity of semantic shifts in PLMs (Etha-
varajh, 2019), we assume the domain discrepancy
in the deep representation space can be primarily



modeled as an additive transformation. Specifi-
cally, the target distribution P is an affine trans-
lation of the source distribution P}¢ subject to
a noise term &: Z'" = 7Z57¢ 4 d + £, where ¢
represents higher-order discrepancies (e.g., covari-
ance shift) which are assumed to be sub-dominant

compared to d.

Proposition 3 (CO4S Minimizes the First-Order
Component of Distribution Discrepancy). Under
Assumption 1, CO4S reduces the upper bound of
the Wasserstein-1 distance composed of mean shift
and shape discrepancy between the source and tar-
get domains by eliminating the discrepancy in the
first moment (mean), thereby tightening the HAH-
divergence bound.

Proof. According to the property of the
Wasserstein-1 distance (Arjovsky et al., 2017;
Chhachhi and Teng, 2023), for any two distribu-
tions P and (@, the distance is lower-bounded by
the distance between their means:

Wi(P, Q) = [|[Ep[z] — Eq[Z]]-

The original discrepancy between source and
target is W1 (Py ¢, PE") > ||’ — cfor|].

In CO4S, we apply the shift vector d = ¢*"¢ —
c!" to the target representations, constructing a
new distribution 75tZ‘“". The mean of this new distri-
bution is:

E, _pirle) = Eoopior [z + d]
+ ( cSTC —

— ctar

STC
=cC

ctar)

Consequently, the distance between the means
becomes:

src CsrcH = 0.

[Epgrelz] = Epgar[2]]] = |l

By eliminating the distance between centroids,
CO4S minimizes the translation component of the
Wasserstein distance.

Let Z*7¢ and Z!%" be random variables following
distributions P3¢ and P¥", respectively. If we
decompose the domain shift into a mean shift and a
shape shift (centered distributions), for the original
distribution, we have

ZsTC Z%rc + Csrc7 gtar _ ZtZar + ctar’

(7

where E[Z3] = E[Z!] = 0.
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By applying the triangle inequality of norms ||a+
b|| < |lal] + ||b]|, we can derive
|Z57 — ztar||
(27 4 €7 — (21 clony)|
_|[(e57C — oy 4 (25T — Ztany)|
_ T || 4 || ZeTe = Ztar),

)
S HCST‘C

According to the definition of Wasserstein-1 dis-

tance W1(P, Q) = inf,erq,p) E(zy)~y[llz =yl
taking the expectation on both sides of Eq. 8 yields
the Wasserstein-1 distance:

Wi(PFe, PE") <[l —
+ Wi (P, PEm).

Ctar ||

©)

Next, for CO4S, based on the push-forward dis-
tribution, we can express the target domain cen-
tered distribution as

Ztar — Ztar +d
— Ztar + eS¢
— Ztar + cotar + 5T

_ Ztar 4+ c5TC

_ Ctar

(10)

ctar

By substituting Equation 10 into Equations 8
and 9, we obtain
Wy (7337“07 75tZar) SHCSTC o Csrc”
+ W (ﬁ%rc’ ﬁtZa'r)
=W, (7537"0’ 7StZar) )

Y

Based on the above results, we observe that CO4S
effectively eliminates the first-order discrepancy
term.

Moreover, assuming the classifier f,. is Lipschitz
continuous with constant L, the domain divergence
bounds become

duan(Py ¢, PE") < 2L - Wi(PFe, PE").
dHA'H (P%rc’ 75tZa7“) < 2L - {/V1 (7)57‘6’ 75tZar>.

Since W1 (Pg¢, P4") under COA4S is significantly
smaller than that of the original feature distribu-
tions Wy (Py¢, PLT), the dyay is reduced accord-
ingly. Consequently, the upper bound on the target
risk is strictly tightened.

O

Proposition 4 (CO4S tightens the risk upper bound
for the target domain). Under the covariate shift
assumption, CO4S tightens the theoretical upper



bound on the target risk for domain generalization
by reducing the difference term representing the
distribution between the source domain and the
target domain.

Proof. According to Definition 2, the target risk
is upper-bounded by the sum of the source
risk €5..(h), a distributional divergence term
dHAH(PSTC,ﬁtZ‘“"), the ideal joint risk Ay, and
a consistent convergent generalization error term

based on VC dimension 4\/ 2dlog(2n)+1og(2/9)

n
We analyze how COA4S tightens this bound term
by term:

* Complexity and Source Risk: As estab-
lished in Lemma 1, COA4S significantly re-
duces the hypothesis space complexity (VC-
dimension d) by freezing the backbone param-
eters compared to full fine-tuning (dcoss <K
dpr). This directly minimizes the complexity

term (4\/2‘“03;(2”%“%(2/6)) in Eq. 5. Con-
sequently, the upper bound on the expected
source risk €, (h) is tightened, preventing the
overfitting often seen in over-parameterized
fine-tuning.

Domain Divergence: Based on Proposi-
tion 3, CO4S explicitly eliminates the first-
order moment discrepancy between domains.
This reduction in the Wasserstein-1 dis-
tance translates to a lower HAH-divergence
dyuan(Pye, PE), further tightening the
bound.

Ideal Joint Error: Since the pre-trained back-
bone f already encodes rich semantic fea-
tures, a lightweight classifier f. is sufficient
to achieve low error, ensuring that the ideal
joint error Ay, remains low.

Therefore, by simultaneously minimizing the
distribution divergence and the model complex-
ity term without degrading the ideal error, CO4S
tightens the theoretical upper bound on the target
domain risk.

O

B Evaluation Settings

B.1 Datasets

The detailed statistical analysis of the dataset is
shown in Table 7.
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Table 7: The details of the experimental datasets.

Task  Dataset Domains Train  Test
book 2,000 2,000
Amazon dvd 2,000 2,000
SA electronics 2,000 2,000
kitchen 2,000 2,000
IMDB movie - 25,000
SST-2 movie - 1,821
fiction 2,547 2,547
government 2,541 2,541
MNLI slate 2,605 2,605
NLI telephone 2,754 2,754
travel 2,541 2,541
SNLI general - 4,097
SICK image&video - 4,906

B.2 Generalization Settings

In the appendix, in addition to the LODO setting, to
further demonstrate the generality of our method,
we consider two additional experimental setups:
single-domain generalization (SDG) and partial-
domain generalization (PDG). The precise defini-
tions of these two settings are as follows:

Single-Domain Generalization (SDG). In this
setting, we only adopt 1 domain as the source do-
main (|D*"¢| = 1) and test the model on 1 target
domain (|D¥"| = 1), Ds"¢ # Dtar,

Partial-Domain Generalization (PDG). In this
setting, we adopt P ((1 < P < N — 1)) domains
as the source domains and test the model on the rest
target domains (|D!"| = N — P), D$"¢ £ Dlar,

C Comparing with Other Backbones

To verify that the performance gains of CO4S are
independent of the choice of backbone, we fur-
ther compare the performance of these methods
across different backbone architectures. Tables 8, 9
and 10 show the experimental results on the Ama-
zon, MNLI, and cross datasets with BERT-base as
backbone, while Tables 11, 12 and 13 present the re-
sults with DistilRoBERTa-base as backbone. From
these experimental results, we can conclude that
CO4S consistently outperforms the second-best
model by 1.50%, 0.99%, 6.54%, 1.08%, 1.82%,
and 5.14% in macro-F1 across 6 experimental set-
tings, respectively. These results demonstrate that
CO4S is not limited by the choice of PLM, even
when using a distilled and more compact model
like DistilRoBERTa-base, CO4S still achieves the
best performance.



Table 8: The LODO results on the Amazon dataset with BERT-base as backbone (%).

Model NTP BDE—K BDK—E BEK—D DEK—B Avg.

PDA 23967  76.63+2.16 77.85+1.97 7526+0.91 73.49+1.22 75.80+1.62
EAGLE 25969  79.34+0.14 75.68+£045 76.42+0.26 70.65+3.89 75.52+3.13
MSCL 0.7887  73.35+2.04 73.13+1.57 70.75+1.62 72.75+0.37 72.49 +1.03
SWAV 12485 74244222 7460+ 1.15 71.514+1.14 68.79 £2.89 72.29 £ 2.34
ELS 1.1858  81.204+1.75 80.38+0.76 77.49+0.74 75.61+3.44 78.69 £ 2.27
DomCLP  1.1172  73.33+£8.62 74.00+3.70 71.29+4.45 76.24+0.33 73.72+1.76
Backbone  0.0015  81.23+1.12 79.62+1.24 77.94+0.66 74.65+1.39 78.36 % 2.44
Co4s 0.0015  82.23+045 81.81+0.70 78.02+0.38 78.88+0.85 80.23 + 1.82
Improve | 99.81% 10.94 11.43 10.07 12.65 1 1.54

Table 9: The LODO results on the MNLI dataset with BERT-base as backbone (%).

Model NTP FGST—T#*  FGST*—T  FGTT*—G  FSTT*—G  GSTT*—F Avg.
PDA 4.1708 EG EG EG EG EG -
EAGLE 37812 36.86+4.20 38.09+3.56 36.21+3.86 36.47+2.78 32.19+4.83 3596+ 1.99
MSCL 07893  30.70£0.75 31.42+1.23 34.72+£029 31.96+1.80 33.70+1.54 32.50 % 1.49
SWAV 12493 32154+ 1.85 34.41+259 36.19+1.95 37.13+1.07 33.98+£2.10 34.77+1.74
ELS 23701  45.424£0.57 41424233 44.064+0.57 46.22+1.49 42.86+0.63 44.00 £ 1.73
DomCLP  1.1180 1871 +1.81 18.07+1.37 23.03+4.12 1727+£0.62 16.80+0.42 18.80 % 2.21
Backbone  0.0023  43.54+4.09 41.38+3.06 4435+0.73 45.94+1.21 41.27+1.71 43.30+1.78
co4s 0.0023  47.51+£0.77 4274+093 45331067 47.08:129 4342+0.64 4522 +1.22
Improve | 99.71% 12.09 11.32 10.98 10.86 10.56 11.22

D Integrating CO4S into Large Language
Models

Furthermore, in the experiments reported in Ta-
bles 14 and 15, we also employ large language
models as backbone networks to evaluate whether
CO4S remains effective when applied to larger gen-
erative models. We choose Qwen2.5-0.5B-Instruct,
Qwen2.5-1.5B-Instruct, and Qwen2.5-7B-Instruct
as the backbone LLM.

The results show that, on the Amazon dataset,
integrating CO4S improves the performance of the
0.5B, 1.5B, and 7B models by 0.82%, 0.93%, and
0.13% in macro-F1, respectively. On the MNLI
dataset, the same integration yields gains of 0.34%,
0.99%, and 0.51% for the three model sizes, respec-
tively. These findings indicate that CO4S is not
only effective for models pre-trained with MLM
but also enhances the generalization capability of
generative large language models on classification
tasks.

E SDG Results

In this section, we report the SDG results on the
six datasets. SDG is a particularly challenging set-
ting in domain generalization, as the model has
access to data from only a single source domain
during training and is expected to generalize to an

15

unseen target domain’. Figs. 3, 4, 5, and 6 show
the SDG results for RoOBERTa-base, Qwen-0.5B,
Qwen-1.5B, and Qwen-7B on six datasets, respec-
tively. From these experimental results, we can
observe that CO4S consistently improves model
performance on average. Moreover, compared to
the backbone, CO4S exhibits lower standard devi-
ation, indicating that it achieves better robustness
under single-domain generalization.

F PDG Results

In this section, we report the PDG results on the six
datasets. We evaluate CO4S on 2 source domains
for the Amazon dataset; 2 and 3 source domains
for the MNLI, SST-2 and IMDB datasets; 2, 3, and
4 source domains for the SICK and SNLI datasets.
Figs. 7-10 show the PDG results for RoBERTa-
base, Qwen-0.5B, Qwen-1.5B, and Qwen-7B on
six datasets, respectively. Experimental results
show that CO4S achieves superior average perfor-
mance and lower standard deviation. Furthermore,
based on the SDG (Appendix E) and distribution
visualization (Section J) experiments, we observe
that CO4S tends to yield better performance when
the data within domains is relatively evenly dis-
tributed. For example, in the Amazon dataset, when

°In all experiments presented in the appendix, we use "TE"

as the abbreviation for telephone and "TR" for travel in the
MNLI dataset.
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Table 10: The LODO results on the SST-2, IMDB, SICK, and SNLI datasets with BERT-base as backbone (%). SA

NTP and NLI NTP denote the number of trainable parameters in the SA and NLI tasks, respectively.

Model SA NTP NLINTP  Amazon—SST-2  Amazon—IMDB  MNLI—SICK ~ MNLI—SNLI Avg.

PDA 4.1708 6.5363 31.39 + 6.01 31.70 + 2.59 EG EG -
EAGLE 37804 6.1466 42.32 +2.25 50.46 +4.66  24.53 +6.66 17.38 + 10.28  33.67 + 13.28
MSCL 0.7890 0.7895 44.19 + 7.74 75.36 +0.76  35.634 1.55 12.73£0.30  41.98 + 22.44
SWAV 1.2485 1.2493 62.02 + 5.44 72.17+1.16 3538+ 1.85 11.86+9.60  44.79 + 24.36
ELS 2.3693 4.1449 81.43 4 0.44 77.22 £ 0.23 36.91+5.08  855+0.69  51.03=+30.06
DomCLP 11172 1.1180 77.414+1.78  48.25+18.83  24.17+0.00 13.05+13.16  40.72 & 24.71
Backbone 0.0015 0.0023 78.19 4 2.76 76.09 £0.74  34.014+4.43 981 +1.01  49.53 4 28.92
Co4s 0.0015 0.0023 81.52 + 0.92 76.62 4+ 0.81  48.97 +2.84 23.15 + 2.24 57.57 +23.43
Improve 1 99.81% | 99.71% 10.09 113.34 15.77 16.54

Table 11: The LODO results on the Amazon dataset with DistilIRoBERTa-base as backbone (%).

Model NTP BDE—K BDK—E BEK—D DEK—B Avg.

PDA 24165  79.94+3.01 84.57+0.83 8330036 77.67+4.28 81.3742.72
EAGLE 25969  81.93+3.00 84.06+0.63 79.42+0.62 74.73+£5.93 80.04+3.48
MSCL 0.7887  70.12+1.59 66.69+0.34 67.76+1.45 71.87+0.96 69.11 4 2.02
SWAV 12485 7278 +£3.25 65.91+£9.69 63.46+848 63.04+4.25 66.30 % 3.90
ELS 1.1858  83.25+0.59 84.05+0.05 82.69+0.55 78.17+0.31 82.04 +2.28
DomCLP  1.1172  85.284+0.73 84.1940.33 81.584+0.45 81.93+1.16 83.25+ 1.54
Backbone  0.0015  84.16 + 1.91 83.69+0.61 82.26+0.18 78.64+2.11 82.19+2.17
C04s 0.0015  86.41+0.29 8522+0.4 83.01+£0.19 83.07+£0.56 84.43 + 1.45
Improve | 99.81% 11.13 10.65 +1.14 +1.18

using electronics as the source domain and kitchen
as the target domain, all backbone models exhibit
significant performance improvements. Similarly,
under the cross-dataset setting with electronics as
the source and SST-2 as the target, consistent gains
are observed across all backbones. These findings
suggest that CO4S is particularly effective in sce-
narios where the source and target data distribu-
tions are relatively balanced.

G Integrating CO4S into other Domain
Generalization Models

Since COA4S is designed as a plug-and-play module
that can be readily attached to any domain gen-
eralization method, this section explores integrat-
ing CO4S with existing domain generalization ap-
proaches to evaluate whether it can further boost
their performance.

Tables 16, 17, and 18 show the LODO results
of integrating CO4S with three domain general-
ization methods (EAGLE, MSCL, and SWAV) us-
ing RoBERTa-base as the backbone, evaluated on
the Amazon dataset, MNLI dataset, and the cross-
dataset setting, respectively.

From these experimental results, we can observe
that when the backbone is frozen, CO4S consis-
tently improves the performance of these models,
most notably in the cross-dataset setting, where it
boosts EAGLE’s macro-F1 by 16.63%. However,
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we also observe that CO4S is not universally benefi-
cial. In particular, its gains on MSCL are marginal,
with improvements of only 0.73%, 0.60%, and
1.71% across the three settings, and it even leads
to a performance drop of 2.98% on the "book" do-
main.

These findings suggest that CO4S can serve
as an effective plug-and-play module when inte-
grated with other models, but its success depends
on the compatibility of the underlying method. If a
model’s additional components disrupt or override
the PLM’s inherent domain-invariant representa-
tions, the introduction of CO4S may fail to help or
even degrade performance.

H Ablation Study

In this section, we provide a detailed explanation
for why replacing the mean with the median in our
ablation study results in only a slight performance
drop. We analyze this phenomenon through the
following four evaluation metrics:

* Relative Euclidean Distance (denoted as
R,): this metric measures the distance be-
tween the mean vector and the median vector,
which is formulated as:

R = ||Cmean - cmedian”Z
. HcmeanHQ
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Table 12: The LODO results on the MNLI dataset with DistilRoBERTa-base as backbone (%).

Model NTP FGST—T*  FGST*»T  FGTT*—»G  FSTT*—G  GSTT*—F Avg.
PDA 4.1906 EG EG EG EG EG -
EAGLE 43718  36.714+2.42 42474+1.43 36.14+4.09 3847+3.26 29.32+£2.16 36.62+£4.27
MSCL 0.7893  27.80+£0.59 30.914+0.20 27.61+0.75 27.02+0.55 32.66+3.19 29.20 =+ 2.20
SWAV 12493  24.83+1.63 21.67+0.85 26.66+1.72 28.23+1.70 26.13+0.44 25.50 & 2.20
ELS 23701  46.63+1.76 43.82+2.01 4546+1.73 41.63+1.77 45.02+0.58 44.51+1.70
DomCLP  1.1180  23.59+5.37 23.77+3.59 19.14+2.65 22474279 20.27+4.63 21.85+1.84
Backbone  0.0023  47.50 £1.79 45.24+0.32 46.09£1.41 43.944+2.23 42.334+2.02 45.02+1.78
Cco4s 0.0023 4838 +0.33 4694 +0.12 4630 026 48.78 +0.83 44.65+0.68 47.01 + 1.49
Improve | 99.71% 10.88 1 1.70 10.21 1 4.84 11.99

Table 13: The LODO results on the SST-2, IMDB, SICK, and SNLI datasets with DistiIRoBERTa-base as backbone

(%). SA NTP and NLI NTP denote the number of trainable parameters in the SA and NLI tasks, respectively.

Model SA NTP NLINTP Amazon—SST-2 ~ Amazon—IMDB MNLI—SICK MNLI—SNLI Avg.

PDA 4.1906 6.5560 41.08 £ 11.99 36.87 + 10.79 EG EG -
EAGLE 4.3710 6.7372 45.13 £+ 6.09 62.97 + 6.35 17.52 £ 1.86 5.09 £ 2.03 32.68 +£22.71
MSCL 0.7890 0.7895 49.62 + 4.42 74.56 £+ 2.01 30.61 + 3.86 13.08 £ 8.06 41.97 £ 22.82
SWAV 1.2485 1.2493 54.28 + 10.91 65.41 + 3.81 32.24 + 1.86 6.41 £ 2.53 39.59 £+ 22.57
ELS 2.3693 4.1449 82.58 + 0.64 81.16 + 0.20 47.64 + 7.87 9.47 £0.95 55.22 4 29.88
DomCLP 1.1172 1.1180 83.62 +1.13 83.05 £ 0.26 24.17+0.00 23.87£11.94 53.68 £ 29.66
Backbone 0.0015 0.0023 81.03 +1.36 80.10 + 1.59 53.43 + 3.59 11.56 £+ 1.40 56.53 £ 28.23
CO4S 0.0015 0.0023 84.31 £ 0.30 81.05 + 0.24 54.37 £+ 3.10 26.97 + 4.93 61.68 + 23.16
Improve 199.81% 1 99.71% 1 0.68 10.94 1 3.10 15.14

Skewness Analysis (denoted as S): this met-
ric assesses whether the sentence embeddings
produced by the PLM are symmetric, i.e.,
whether their mean and median are close,
which is formulated as:

E[(Z; — u)3
SkeW(Zj) — M,
%
1
S = p ; |skew(Z;)|,

where Z; is the value in the j-th dimension of
the sentence representation h; j; and o; are
the mean and standard deviation of the j-th
dimension of all sentence representations, re-
spectively; d denotes the total dimensionality
of the sentence representations.

Cosine Similarity (denoted as COS): this
metric evaluates whether the mean and me-
dian vectors share a similar direction, which
is formulated as:

COS = COS(cmeaTu Cmedian)~

Classifier-Aligned Perturbation (denoted as
A.): this metric determines whether the dis-
crepancy between the mean and median vec-
tors lies primarily in non-discriminative (i.e.,
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task-irrelevant) feature dimensions, which is
formulated as:

A = Cmean — Cmedians
d
1
- Z cos(A, w
d —

where w¥ refers to the k-th dimension of the
weights in the classifier f.; cos(a,b) com-
putes the cosine similarity between a and b.

Tables 19, 20, and 21 show the experimental
results on the Amazon dataset, the MNLI dataset,
and cross datasets, respectively.

From these results, we can conclude that:

e Across all datasets, we observe that R, con-
sistently falls within the range of 2 x 1073 to
3 x 1073, indicating that the mean and median
vectors are extremely close in the embedding
space. Furthermore, their cosine similarity ex-
ceeds 0.99 in all cases, confirming that they
share nearly identical directions.

» Skewness analysis reveals that, across all do-
mains, the sentence embeddings produced by
the PLM exhibit skewness values around 0.1,
suggesting that the distribution of each em-
bedding dimension is highly symmetric and
approximately Gaussian. Consequently, the



Table 14: The LODO results on the Amazon dataset with Qwen2.5 as backbone (%).

Model DEK—B BEK—D BDK—E BDE—K Avg.
Qwen-0.5B 79.87+0.52 74.974+0.71 74.194+0.23 72.794+1.05 75.454+0.17
Qwen-0.5B (CO4S) 80.36 £20.96 75.95+0.62 74.224+0.47 74.54+0.69 76.27=+0.39
Improve 10.49 10.99 1 0.03 1 1.75 1 0.82
Qwen-1.5B 84.53+1.19 79.48+1.03 7884+0.58 77.51+0.82 80.09+0.01
Qwen-1.5B (CO4S) 85.104£0.22 81.214£0.55 79.24+0.35 78524043 81.02£0.28
Improve 1 0.58 T1.73 10.40 1 1.00 10.93
Qwen-7B 85.24 +£0.35 80.38+0.31 79.04+£1.16 78.58+0.66 80.95+0.30
Qwen-7B (CO4S) 85.32+0.49 &81.31+£0.77 7991 +£1.01 78.79+1.37 &81.08+0.59
Improve 10.07 170.93 1 0.57 10.21 170.13
Table 15: The LODO results on the MNLI dataset with Qwen2.5 as backbone (%).

Model FGST—T* FGST*—T FGTT*—G FSTT*—G GSTT*—F Avg.
Qwen-0.5B 53.75+0.06 47.86+0.62 50.96+0.96 55.434+0.76 49.29+0.85 51.46+0.30
Qwen-0.5B (CO4S) 54.03+0.16 48.64+0.25 50.99 +1.03 55.00+0.60 50.34 +0.81 51.80+0.13
Improve 10.28 10.78 10.04 +1.05 10.34
Qwen-1.5B 59.87+0.04 4890+ 1.19 56.68+0.54 59.434+0.27 55.50+1.11 56.08 +0.26
Qwen-1.5B (CO4S) 61.11+0.43 52.21+0.26 56.79+0.54 59.95+0.65 56.76 +£0.40 57.07 & 0.23
Improve 11.24 1 3.31 10.12 10.52 11.26 10.99
Qwen-7B 60.20 +1.27 52.69+0.85 57.65+0.76 59.10+1.19 55.76+1.25 57.08+0.56
Qwen-7B (CO4S) 60.99 +£1.04 52.71+0.82 58.00£0.20 59.30+0.74 56.92+0.40 57.58 +0.22
Improve 10.79 1 0.03 1 0.36 1 0.20 1 1.16 17 0.51

mean and median are statistically expected to
be very close, i.€., Cean = Cmedian-

* Finally, A. is consistently on the order of
1072 across all domains. This indicates
that A is nearly orthogonal to the classifier
weights, implying that the discrepancy be-
tween the mean and median lies primarily in
non-discriminative feature dimensions, i.e., in
task-irrelevant noise.

Together, these results explain why replacing the
mean with the median in COA4S leads to only a mi-
nor performance drop: the difference between the
two is both small in magnitude and largely confined
to features that do not contribute meaningfully to
classification.

I Model Efficiency Analysis

In this section, we conduct the model efficiency
analysis from 2 aspects: 1) the training time, and
2) the average number of batches processed per
second. To ensure a fair comparison, we guarantee
that only one method is running on the GPU at any
time during the experiments. Specifically, we adopt
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"Kitchen" as the target domain, fix the batch size
to 16, and train all methods for exactly one epoch.
Table 22 shows the experimental results of
model efficiency. From these results, we can ob-
serve that: 1) Since CO4S is a test-time method,
its training time and batches-per-second (BPS) dur-
ing training are identical to those of the underlying
backbone—no additional training overhead is in-
troduced. 2) Our method achieves the fastest train-
ing times on both devices, completing training in
20.1465 seconds and 13.4799 seconds, respectively
(37.59% and 15.15% faster than the second-fastest
method PDA). And 3) Although CO4S and SWAV
exhibit similar BPS, CO4S does not require any
additional representation learning during training.
As a result, CO4S is 210.55% faster in training
speed compared to SWAV. These results highlight
that CO4S offers exceptional training efficiency,
making it highly suitable for resource-constrained
scenarios while still achieving strong model gener-
alization and discriminative performance.

J Visualizations

In this section, we visualize the sentence representa-
tion distributions using t-SNE (van der Maaten and



Table 16: The LODO experimental results on the Amazon dataset when integrating CO4S with other domain

generalization methods (%). We use RoBERTa-base as the backbone.

Model DEK—B BEK—D BDK—E BDE—K Avg.
EAGLE 85.01£296 8290£1.92 81.63+1.01 79.594+2.30 82.284+0.57
EAGLE (CO4S) 87.73£0.52 84.64+0.13 82.43+0.59 83.4040.23 84.55+0.15
Improve 12.73 1T 1.74 17 0.80 1 3.82 12.27
MSCL 7198+ 144 66.71£2.03 74.494+1.13 74.62+1.36 71.954+1.45
MSCL (CO4S) 68.99 +1.10 71.87+1.95 75294+1.51 74.57+1.33 72.68+1.44
Improve 15.16 1 0.80 10.73
SwAV 65.51 +4.77 62.64+4.17 58.12+8.71 63.16+1.12 62.36 %+ 3.06
SwWAV (CO4S) 64.90 £3.73 65.14 £5.17 63.29+2.53 64.63+0.61 64.49 4+ 2.87
Improve 1 2.50 15.17 1 1.46 12.13

Table 17: The LODO experimental results on the MNLI dataset when integrating CO4S with other domain

generalization methods (%). We use RoBERTa-base as the backbone.

Model FGST—T* FGST*—T FGTT*—G FSTT*—G GSTT*—F Avg.
EAGLE 38.59+6.10 39.15+3.36 45.38+0.52  39.56 £+ 2.32 46.66 £3.39 41.87+1.78
EAGLE (CO4S) 41.57+4.41 45.79+2.08 42.77+3.32 45.90+4.38 48.98 +£1.58  45.00 £ 1.76
Improve 12.99 16.64 16.34 1 2.32 13.14
MSCL 31.81+£1.77 34.25+0.28 32.89+0.84 33.92+1.16 34.79 £ 255 33.53+0.78
MSCL (CO4S) 32.565+£2.05 34.87+0.09 32.774+0.99 35.13+1.58 35.35+1.46 34.14+0.95
Improve 10.74 10.63 T1.21 1 0.56 1 0.60
SwAV 20.66 =2.96 18.774+2.49 23.314+0.45 19.944+14.11 14.97+11.45 19.53+1.21
SwAV (CO4S) 23.19+4.63 18.87+293 24.20+2.01 26.17+6.27 24.58 £5.31  23.40 + 3.70
Improve 12.53 10.09 10.89 16.23 19.61 1 3.87

Hinton, 2008) for both the original model and the
model with COA4S. Fig. 11 presents RoOBERTa-base
results with kitchen and SST-2 as target domains.
The visualizations show that applying CO4S in-
troduces negligible changes to the representation
space, indicating that our method preserves the
domain-invariant features already learned by the
pretrained language model, unlike many existing
domain generalization approaches that tend to alter
them.

To further investigate why the performance im-
provement of the Qwen models is limited and in
some cases even degraded, we visualize the sen-
tence representations obtained from Qwen-0.5B,
Qwen-1.5B, and Qwen-7B, as shown in Fig. 12.
Compared to the sentence embeddings produced
by RoBERTa-base (Fig. 11), we can observe that
the sentence representations generated by Qwen
appear less compact and exhibit the presence of
outliers. These outliers can distort the computed
difference vector d between domains, thereby re-
ducing the effectiveness of the generalization and
potentially leading to performance degradation.
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K Failure Case Study

In this section, we investigate the limitations of
CO4S by examining scenarios in which it fails.
Specifically, we use the PHEME dataset (Kochkina
et al., 2018b)'? as a testbed. The task associated
with this dataset is rumor detection. Notably, this
dataset is a low-resource dataset with highly imbal-
anced domain distributions. There are 5 domains
in the PHEME dataset: CharlieHebdo (CH), Fer-
guson (F), GermanWings (GW), OttawaShooting
(0S), and SydneySiege (S). Detailed statistics of
the dataset are provided in Table 23, and the distri-
bution is visualized in Fig. 13. From the distribu-
tion of the dataset, we observe that the GW domain
exhibits relatively uniform data distribution, while
the remaining four domains display highly scat-
tered and imbalanced distributions.

K.1 LODO Results on the PHEME Dataset

We utilize RoBERTa-base as the backbone and con-
duct LODO experiments on the PHEME dataset
under both settings: training the backbone (non-
freeze) and freezing it (freeze). The experimental
results are shown in Table 24. As shown in the

1https://github.com/kochkinaelena/Multitask4 Veracity



Table 18: The LODO experimental results on the SST-2, IMDB, SICK, and SNLI datasets when integrating CO4S
with other domain generalization methods (%). We use RoBERTa-base as the backbone.

Model Amazon—SST-2  Amazon—IMDB MNLI—SICK MNLI—SNLI Avg.
EAGLE 35.26 £ 1.62 54.84 £ 13.71 20.64 + 4.44 6.18 £3.13 29.23 £ 101
EAGLE (CO4S) 58.59 & 5.81 64.77 £ 5.67 33.96 & 6.80 6.10 &= 3.04 61.68 &= 3.09
Improve 123.33 19.93 113.33 116.63
MSCL 43.66 = 5.64 73.47 £ 2.53 35.03+1.63 17.24+4.34  26.13 £ 2.67
MSCL (CO4S) 59.29 £ 0.29 75.29 £ 0.03 35.97+1.08 19.71+£0.94  27.84 £0.96
Improve 115.63 11.82 170.95 1247 T1.71
SwAV 46.87 = 10.54 60.14 +2.93 18.07 £ 2.29 7.59+0.41  33.17£21.20
SwAV (CO4S) 59.50 & 3.33 62.11 + 3.86 23.26 + 5.96 7.714+£0.59  38.15423.33
Improve 112.63 11.98 15.20 170.12 14.98

Table 19: Experimental results in the ablation study comparing the mean and median vectors in terms of relative
Euclidean distance, distribution discrepancy, cosine similarity, and weight correlation on the Amazon dataset.

Domain Metrics DEK—B BEK—D BDK—E BDE—K
Ry 1.99x107% 1.99x 1073 251x 1073 2.45x 1073
Source S 0.1003 0.1075 0.1253 0.1255
CcOS > 0.99 > 0.99 > 0.99 > 0.99
A 1.27x 1072 2.22x1072 3.37x1072 1.74 x 1072
R, 168x107% 225x107% 1.84x107% 1.95x 1073
S 0.1069 0.1064 0.1051 0.1060
Target
CcOS > 0.99 > 0.99 > 0.99 > 0.99
A, 6.07 x 1072 3.82x 1072 5.10x 1072 3.53 x 1072

experimental results, when using GW as the target
domain, the model performance degrades signifi-
cantly. Specifically, in the freeze setting, perfor-
mance drops by 29.99%, while in the non-freeze
setting, it drops by 27.43%. Consequently, the av-
erage performance across domains decreases by
2.52% and 5.87%, respectively. Furthermore, we
observe that fine-tuning the model leads to perfor-
mance degradation on three target domains: OS
( ), GW ( ), and CH ( ).
This suggests that under highly imbalanced domain
distributions, training the model will cause over-
fitting to the source domain, thereby hindering its
ability to generalize to unseen domains.

K.2 SDG and PDG results on the PHEME
dataset

Given the extensive number of experiments con-
ducted under the SDG and PDG settings, we report
only the average performance of the two training
strategies (freeze and non-freeze) in Fig. 14 for
clarity. Additionally, we highlight cases where
CO4S (on freeze setting) exhibits a performance
drop exceeding 10% under either setting, as sum-
marized in Table 25. From the experimental results,
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we observe that under the setting where the back-
bone model is trained, the average performance
of CO4S degrades under both the SDG and PDG
training strategies, showing decreases of 4.36%,
4.20%, and 4.03% on three, two, and one source
domains, respectively. Notably, the most severe
performance drop occurs when GW is used as the
target domain in PDG and LODO settings. As il-
lustrated in Figure 13, this can be attributed to the
relatively balanced yet small-scale distribution of
GW, contrasted with the highly imbalanced and
larger-scale distributions of the other four domains.
However, under the SDG setting, the performance
drop when using GW as the target domain is rela-
tively mild (see Table 26), suggesting that CO4S
can still be effective in SDG scenarios where the
source and target domains differ significantly. This
can be attributed to the fact that, in the SDG setup,
there is only a single source domain. In contrast,
under the PDG and LODO settings, CO4S averages
representations from multiple source domains, and
when these domains are highly heterogeneous, the
resulting average vector may introduce significant
bias, thereby degrading performance.

These findings highlight the limitations of CO4S:



Table 20: Experimental results in the ablation study comparing the mean and median vectors in terms of relative
Euclidean distance, distribution discrepancy, cosine similarity, and weight correlation on the MNLI dataset.

Domain Metrics FGST—T* FGST*—-T FGTT*—G FSTT*—G GSTT*—F

R, 3.03x107% 1.72x107% 2.89x1073 3.28x 1073 2.78 x 1073
Source S 0.1058 0.090 0.1057 0.1068 0.1072
COS > 0.99 > 0.99 > 0.99 > 0.99 > 0.99

A. 275x1072 324x1072 3.08x 1072 2.66 x 1072 3.38 x 102

Ry, 201x107% 511x107% 1.69x 1072 1.65x 1072 2.31x 1073
S 0.1059 0.1096 0.0994 0.1038 0.1214

coS > 0.99 > 0.99 > 0.99 > 0.99 > 0.99
A 420x 1072 2.75x 1072 248 x 1072 1.69x 1072 1.34 x 1072

Source

Table 21: Experimental results in the ablation study comparing the mean and median vectors in terms of relative
Euclidean distance, distribution discrepancy, cosine similarity, and weight correlation on the SST-2, IMDB, SICK,
and SNLI datasets.

Domain Metrics Amazon—SST-2 Amazon—IMDB MNLI—-SICK MNLI—SNLI

Ry 2.20 x 107° 2.20 x 1073 2.72x 1072  2.72x107°
Source S 0.1143 0.1143 0.1032 0.1032
coS > 0.99 > 0.99 > 0.99 > 0.99
A, 1.87 x 1072 7.50 x 1072 349 x 1072 349 x 1072
1.31 x 1073 1.87 x 1073 2.45 x 1073 5.97 x 1073
S 0.1060 0.1098 0.2005 0.1741
Target
CcOS > 0.99 > 0.99 > 0.99 > 0.99
A, 5.76 x 1072 6.57 x 1072 212x 1072 244 x 1072

the method is most effective when the domain dis-
tributions are relatively balanced and the data vol-
ume is sufficiently large. In cases where there are
multiple source domains and the distributional shift
between the source and target domains is substan-
tial, CO4S becomes less suitable.
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Table 22: The models’ efficiency analysis. We train each model using the kitchen in the Amazon dataset as the
target domain. TT and BPS represent training time and the number of batches processed per second in the training
phase, respectively.

V100 H20
Model
TT (s)J BPS(s/it)yT TT(s)) BPS (s/it) T

PDA 32.2805 7.2337 15.8866 14.5256
EAGLE 50.5974 4.5158 32.2699 7.0343
SwAV 62.5652 11.0907 41.4275 16.7859
RoBERTa-base 20.1465 11.3838 13.4799 16.6927
RoBERTa-base (CO4S)  20.1465 11.3838 13.4799 16.6927
Qwen-0.5B 47.4415 47612 26.4463 8.5165
Qwen-0.5B (CO4S) 47.4415 47612 26.4463 8.5165
Qwen-1.5B 168.0943 1.3367 74.4806 3.0179
Qwen-1.5B (CO4S) 168.0943 1.3367 74.4806 3.0179
Qwen-7B 724.7267 0.3101 361.8066 0.6202
Qwen-7B (COA4S) 724.7267 0.3101 361.8066 0.6202

(a) Sentence representation dis-(b) Sentence representation (c) Sentence representation dis-(d) Sentence representation
tribution of RoBERTa-base distribution of CO4S with tribution of RoBERTa-base distribution of CO4S with SST-
with kitchen as the target do-kitchen as the target domain. with SST-2 as the target do-2 as the target domain.

main. main.

Figure 11: Sentence representation distribution of RoBERTa-base (w/ and w/o CO4S) with kitchen and SST-2 as the
target domain, respectively.

Table 23: The details of the PHEME dataset.

Domains Train Test

CH 2,079 2,079
F 1,143 1,143
GW 469 469
OS 890 890
S 1,221 1,221
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(d) Sentence representation distribution (e) Sentence representation distribution (f) Sentence representation distribution

of Qwen-1.5B (CO4S) with kitchen as of Qwen-7B with kitchen as the target of Qwen-7B (CO4S) with kitchen as the

the target domain. domain. target domain.

Figure 12: Sentence representation distribution of Qwen-0.5B, Qwen-1.5B, and Qwen-7B (w/ and w/o CO4S) with
kitchen as the target domain.

m== Backbone (non-freeze)
€04s (non-freeze)

= Backbone (freeze)
€04s (freeze)

-4.03
+4.97

1 source domain

3 source domains 2 source domains

Figure 14: The average performance of RoBERTa-base
(freeze and non-freeze) on the PHEME dataset with
SDG and PDG settings. The numbers represent the per-
formance increase, with red indicating an improvement
Figure 13: The domain distributions of the PHEME  and green indicating a decline.

dataset.
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Table 24: The LODO results on the PHEME dataset (%). All experiments are implemented using RoBERTa-
base. The column headers represent the target domains. Non-freeze refers to settings where the pretrained model
parameters are fine-tuned, while freeze indicates that the pretrained parameters are kept fixed during training.

Model S oS GW F CH Avg.
Backbone (non-freeze) ~ 70.65 £2.31  72.24 +1.12 68.48+2.89 62.90+2.68 79.17+1.39 70.69 £ 1.58
CO4S (non-freeze) 70.98 +£1.96 68.28+2.19 41.05+1.38 67.38+£0.40 76.38+1.41 64.81+ 0.66
Improve 10.33 14.49

Backbone (freeze) 60.76 £ 3.13  57.59£2.65 74.17+0.28 50.76 £3.12 75.88+1.47 63.83+£1.65
CO4S (freeze) 63.57 £3.02 57.68 £2.50 44.18+0.78 64.35+£1.09 76.79+0.16 61.32+1.21
Improve 1 2.81 10.09 1 13.59 1 0.91

Table 25: The PDG results on the PHEME dataset (%). This table reports only the source domains and target
domains along with the corresponding decrease in performance, where the performance of CO4S (freeze) decreased
by more than 10% under the two settings.

Model CH, OS —- GW CH,S —- GW F, OS — GW F, S —- GW
Backbone (freeze) 65.86 + 2.78 61.19 £ 7.51 71.48 £ 0.72 65.72 + 4.33
CO4S (freeze) 49.38 + 4.67 36.06 £ 2.50 56.38 £+ 3.16 46.41 £ 1.45
Decrease

Model CH,FEOS —-GW CH,FS—GW CH,0S5,S—GW FOS,S—GW
Backbone (freeze) 61.64 + 3.42 62.92 + 1.57 77.08 £1.01 73.12 £+ 1.45
CO4S (freeze) 46.24 £ 0.80 39.36 £ 1.87 44.17 £+ 3.93 60.22 + 3.70

Decrease

Table 26: The SDG results on the PHEME dataset (%). This table reports only using GW as the target domain. We
use RoBERTa-base under freezing setting as the backbone.

Model CH —» GW F— GW oS - GW S —-GW

37.56 £0.49 3530£1.01 70.91+0.95 63.35+2.26
34.38£1.36 36.77£1.89 71.00+£0.84 63.89 4 5.81
T1.47 10.09 10.54

Backbone (freeze)
CO4S (freeze)
Improve
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