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Abstract

Domain generalisation aims to develop models that gener-
alise from source domains to unseen target domains. How-
ever, most existing methods assume access to source domain
data and require additional training, which may not always
be practical. We focus on a more flexible and broadly appli-
cable setting, zero-shot domain generalisation, where mod-
els generalise without access to source data, target data, or
any additional training. In this work, we propose Prefer
(prompt-driven feature refinement), a simple and effective
approach that enhances the zero-shot domain generalisa-
tion ability of vision-language foundation models. Prefer
generates a diverse set of textual prompts for each class
by imagining domain-specific variations (e.g., “a painting
of a cat under a golden sunset with thick brush strokes”),
and uses them to probe the model. We evaluate how reli-
ably each feature channel represents a class across domains
by measuring two quantities: (1) how strongly the chan-
nel aligns with the original class prompt (e.g., “a photo of
a cat”) across the generated domain-specific prompts, and
(2) how stable the channel remains across those prompts,
quantified by its variance. Channels that exhibit both high
alignment and low variability are selected at inference time
to improve class prediction under domain shift. Without
any model updates or external data, Prefer achieves con-
sistent improvements across domain generalisation bench-
marks, outperforming existing state-of-the-art methods.

1. Introduction
While modern deep learning models have achieved remark-
able success across a wide range of applications [23–25],
they typically rely on the assumption that training and test
data are drawn from the same underlying distribution. In
practice, this assumption is frequently violated due to dis-
tribution shifts arising from changes in style, context, view-

Figure 1. We use a language model to generate domain-specific
prompts for each class, guiding robust feature selection for zero-
shot inference on unseen domains without source data or training.

point, background, or imaging conditions, leading to sig-
nificant performance degradation at test time [40]. To ad-
dress this challenge, the task of Domain Adaptation (DA)
has been introduced, which aims to train models on one or
more source domains along with limited target domain data
to enable generalisation to the target domain [10]. Domain
Generalisation (DG) further relaxes this assumption by re-
moving the need for target domain data, seeking to learn
models that generalise to unseen domains using only source
domain data [37, 38]. A rich body of work has emerged
around this problem, exploring approaches such as invariant
representation learning [2], data augmentation [39], meta-
learning [15], and distributionally robust optimisation [27].

Despite the progress in domain generalisation, most ex-
isting methods still rely on access to source domain data
and require training or fine-tuning [31]. In practice, how-
ever, access to source data may be restricted due to pri-
vacy regulations (e.g., in healthcare) [20], proprietary con-
straints (e.g., commercial systems) [21], or the high cost
and time required to collect and curate domain-specific
datasets. Moreover, while retraining or fine-tuning is feasi-
ble in controlled settings, it can be impractical in large-scale
or rapidly changing environments. For instance, in conser-
vation AI, researchers may need to deploy wildlife detection
models in remote habitats, where collecting images of the
animals is infeasible due to time, cost, and the need to min-
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Setting Source-free Target-free Training-free

DA ✗ ✗ ✗
DG ✗ ✓ ✗
SFDG ✓ ✓ ✗
ZSDG ✓ ✓ ✓

Table 1. Comparison of domain adaptation and generalisation set-
tings in terms of data and training assumptions. DA (Domain
Adaptation) requires access to source and target domain data and
additional training. DG (Domain Generalisation) removes the
need for target data but still relies on source data and training.
SFDG (Source-Free Domain Generalisation) does not use source
or target data but requires training on synthetic or proxy repre-
sentations. ZSDG eliminates the need for any data or training,
leveraging only pretrained models.

imise human interference [16]. These challenges motivate a
more flexible setting called Zero-Shot Domain Generalisa-
tion (ZSDG), where models generalise to unseen domains
without source data, target data, or any additional training.
As illustrated in Table 1, ZSDG represents the most flexible
and data-agnostic formulation within the broader domain
generalisation landscape.

To address the ZSDG setting, we propose a method
called Prefer (prompt-driven feature refinement), which
leverages the representational power of pretrained vision-
language models without any additional training or access
to external data. As shown in Figure 1, our method begins
by prompting a large language model to generate a diverse
set of visual domains, such as sketch, infographic, or on
grass. For each target class, we then generate a range of
domain-specific prompts that simulate how the object might
appear across varied domains. These prompts are embedded
using the pretrained model to obtain domain-specific text
features for each class. To identify reliable feature channels,
we compute two channel-wise scores. The similarity score
measures how strongly each channel aligns with the class
identity, computed by comparing the original class prompt
(e.g., “a photo of a [class]”) to the domain-specific features.
The variance score quantifies how much each channel fluc-
tuates across domains, indicating sensitivity to domain shift.
These two scores are combined into a final channel score
that favours class-consistent and domain-invariant features.
The top-ranked channels are selected and used at inference
time, allowing the model to compute class similarities us-
ing only stable and class-consistent features. This approach
enables robust generalisation under domain shift without
model updates or access to external data. Our main con-
tributions are as follows :
• We introduce ZSDG, where models generalise to unseen

domains without access to source data, target data, or ad-
ditional training.

• We propose Prefer (prompt-driven feature refinement),
a simple and effective method that leverages LLM-
generated domain-specific prompts and pretrained vision-
language models to perform feature refinement without
requiring any model updates or external data.

• We demonstrate that Prefer consistently improves zero-
shot accuracy under domain shift across standard bench-
marks, outperforming existing state-of-the-art domain
generalisation methods.

2. Related Work
Domain Generalisation (DG). DG seeks to train mod-
els on source domains that perform well on unseen tar-
get domains, without accessing any target data during
training [31]. Traditional approaches focus on learning
domain-invariant representations through techniques such
as domain alignment [11], causal inference [17] and meta-
learning [14]. Many methods also employ data augmen-
tation [39] and learning strategies [37] to enhance robust-
ness. Recent work has focused on domain generalisation
of pretrained vision-language foundation models such as
CLIP [26]. For instance, StyLIP learns disentangled style
and content prompts to generalise across unseen domains
[4]. CLIPCEIL refines feature channels using lightweight
adapters to improve image–text alignment under domain
shift [32]. Other approaches, such as disentangled prompt
representations [5] and multi-modal prompt learning frame-
works [1], also improve domain generalisation via prompt
tuning. In contrast, source-free DG methods eliminate
the need for source-domain images by adapting pretrained
vision-language models through training on synthetic data
via prompt tuning [6, 19, 29] or lightweight adapters [34].
While prior work has used the term “zero-shot DG” [18],
they still rely on training on source domain data. We define
and address zero-shot DG as a truly source-free, target-free,
and training-free setting, where models must generalise to
unseen domains using only pretrained models, without any
additional training or access to external data.
Vision–Language Foundation Models. Contrastive Lan-
guage–Image Pre-training (CLIP) [26] introduced a pow-
erful paradigm by jointly learning image and text repre-
sentations through large-scale contrastive learning on im-
age–caption pairs. The resulting vision–language embed-
ding space enables zero-shot classification using natural
language prompts. Building upon CLIP, several parameter-
efficient fine-tuning (PEFT) methods have been proposed
to adapt its capabilities to downstream tasks without re-
training the entire model. For example, CoOp [43] learns
continuous soft prompts that replace manual textual tem-
plates, improving few-shot performance with minimal tun-
ing. CLIP-Adapter [9] introduces lightweight adapter mod-
ules into one branch of CLIP, requiring only a small frac-
tion of trainable parameters. MaPLe (Multi-modal Prompt
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Figure 2. Overview of Prefer. We first generate domain-specific prompts and extract their features using a vision-language model. We
compute channel-wise similarity between the class prompt and each domain-specific prompt, and aggregate the results to obtain a similarity
score. Simultaneously, we compute channel-wise variance across domain-specific features to assess domain stability. The final score is
defined as similarity weighted by inverse variance. For each class, we select the top-K feature channels with the highest scores. At
inference, given an input image and prompts, we compute the logits using only the selected channels for each class.

Learning) [12] extends this direction by jointly learning
prompts in both the vision and language branches of CLIP,
improving cross-domain transfer through coupled, stage-
wise prompting. These PEFT techniques strike a balance
between efficiency and performance, and form the foun-
dation of many CLIP DG methods such as StyLIP [4] and
CLIPCEIL [32].

3. Preliminaries

Consider X as the input space with dimension d, and Y
as the target label space. A domain consists of data points
sampled from a distribution D = {(xi, yi)}ni=1, where xi ∈
X , yi ∈ Y , and n is the number of examples. The data are
drawn from the joint distribution P (X,Y ), where X and Y
are the corresponding random variables [31, 41].
Domain Generalisation (DG). The DG problem assumes
access to N source domains S = {D(i)}Ni=1, where each
domain D(i) = {(x(i)j , y

(i)
j )}ni

j=1 has a distinct joint dis-
tribution P (i)(X,Y ). The distributions differ across do-
mains: P (j)(X,Y ) ̸= P (k)(X,Y ) for j ̸= k. The goal
is to learn a predictive function f : X → Y that generalises
well to an unseen target domain DT , where P (T )(X,Y ) ̸=
P (i)(X,Y ) for all i ∈ {1, . . . , N}.
Vision-Language Models (VLMs). A vision-language
foundation model such as CLIP [26] consists of an image
encoder EI and a text encoder ET . For each class cm ∈ C,
a textual prompt pm is constructed, e.g., “a photo of a
{cm}”, where m ∈ {1, . . . ,M} and M is the total num-
ber of classes. The text encoder produces a text embedding
Tm = ET (pm) for each prompt, while the image encoder

generates an embedding Ix = EI(x) for an input image
x. Similarity between image and text embeddings is typi-
cally computed using cosine similarity: cos(θ) = ⟨Ix, Tm⟩,
which aligns image and text pairs in a shared embedding
space, commonly optimised via contrastive learning.
Zero-Shot Domain Generalisation (ZSDG). We define
ZSDG as the task of learning a predictive function f : X →
Y that generalises to unseen target domains DT , under the
most minimal assumptions: no access to source domain
data S = {D(i)}, no access to target domain data DT , and
no additional training. The model must generalise to tar-
get domains where P (T )(X,Y ) ̸= P (i)(X,Y ) for all i ∈
{1, . . . , N}, using only a pretrained model and inference-
time mechanisms. This setting differs from source-free DG,
which typically involves fine-tuning adapters or prompts us-
ing auxiliary data or training steps, and from prior zero-shot
DG formulations that still assume access to source domain
data. In ZSDG, the model operates entirely without access
to external data or retraining.

4. Prompt-Driven Feature Refinement
In this section, we present Prefer (prompt-driven feature
refinement), our approach for achieving ZSDG using only
pretrained vision–language models (VLMs) and inference-
time feature refinement. The key idea is to identify fea-
ture channels that consistently represent each class across
a diverse range of imagined domain shifts, without access
to source or target data or model retraining. Prefer con-
sists of three main components: (1) generating domain-
specific prompts for each class to simulate unseen domain
variations; (2) computing similarity and variance scores
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Algorithm 1 Feature Channel Refinement via Similarity
and Variance Scoring

1: Input: Class prompt pc; domain-specific prompts
{pc,d}Dd=1; text encoder ET ; elbow-point finder K

2: Output: Selected feature channel indices Ic for class c
3: Compute reference embedding: Tc = ET (pc)
4: Compute domain-specific embeddings: Tc,d =

ET (pc,d) for d = 1, . . . , D
5: for i = 1 to F do
6: for d = 1 to D do
7: Compute per-channel cosine similarity:
8:

simi,d = (Tc)i · (Tc,d)i
9: end for

10: Aggregate similarity: simi =
∑D

d=1 simi,d

11: Compute channel variance:
12:

vari = Var
(
{(Tc,d)i}Dd=1

)
13: Compute final score: si = simi · exp(−vari)
14: end for
15: Determine K = K({si}Fi=1) using the elbow-point

heuristic
16: Select top-K channels: Ic = TopK({si}Fi=1,K)
17: Return Ic

across feature channels to select the most robust and class-
consistent channels for each class; (3) performing inference
using only the selected feature channels for both image and
text embeddings to improve robustness under domain shift.
The Prefer framework is illustrated in Figure 2. We detail
each component in the following sections.

4.1. Generation of Domain-Specific Prompts
To simulate a wide range of potential domain shifts, we first
generate a diverse set of domain-specific textual prompts
for each class. The goal is to model how objects might
appear across different visual styles, contexts, or environ-
ments, without requiring access to any source or target data.
We begin by prompting a large language model (LLM) to
produce a list of visually distinct domains. The exact in-
struction is:
“List [D] visually distinct domains in which objects might
appear. Domains should reflect a wide range of varia-
tion, such as artistic or media styles (e.g., painting, sketch,
infographic), contextual settings or environments (e.g., on
grass, in water, indoors, or at night). Do not include object
names; focus only on the type of domain or visual context
that affects how the object appears.”

This produces a set of domains: D = {d1, d2, . . . , dD},
where D is the number of imagined domains. Next, for
each class c ∈ C, we generate natural language descriptions

depicting how the object might appear in each domain. The
following prompt is used:
“Given an object class and a list of visual domains, gener-
ate a short and vivid natural language description for each
domain that depicts how the object might appear within that
domain. Each description should include the object and re-
flect the unique visual characteristics, style, medium, or en-
vironment implied by the domain. The descriptions should
be semantically plausible and visually grounded, captur-
ing domain-specific attributes without changing the identity
of the object. For example, if the object is “bicycle” and
the domain is “sketch,” the description could be: “a pencil
sketch of a bicycle with fine lines and light shading.” Now
generate descriptions for the class “[CLASS]” across the
following domains: [domain1, domain2, domain3, ...].”

This yields a set of domain-specific prompts for each
class Pc = {pc,d | d ∈ D}. We then encode each prompt
using the pretrained text encoder ET to obtain domain-
specific text embeddings Tc,d = ET (pc,d). These embed-
dings serve as domain-augmented representations for each
class, which will be used to probe feature channels for their
stability and class-consistency across diverse domain shifts.
By leveraging the compositional capabilities of large lan-
guage models, this approach generates rich and plausible
cross-domain descriptions that reflect how object appear-
ance may vary across different styles and contexts. Encod-
ing these prompts through a VLM encourages the alignment
of class concepts with diverse visual conditions. This allows
us to identify and rely on robust, domain-invariant feature
channels, thereby improving the generalisation ability of the
foundation model without requiring access to any visual do-
main data.

4.2. Computing Similarity and Variance Scores
Given the domain-specific embeddings Tc,d generated in
the previous step, we aim to identify feature channels that
consistently represent each class across diverse domain
shifts. These channels should be both class-consistent,
meaning they remain aligned with the original class con-
cept, and domain-invariant, meaning they exhibit low vari-
ability across different domains.

For each class c, we first encode its original class prompt
pc using the text encoder ET , obtaining the reference em-
bedding Tc = ET (pc). Each embedding Tc or Tc,d is an
F -dimensional feature vector:

Tc = [f1, f2, . . . , fF ], Tc,d = [f1,d, f2,d, . . . , fF,d]

with unit norm ∥Tc∥ = 1 and ∥Tc,d∥ = 1, as is typical in
vision–language contrastive learning. The cosine similarity
between Tc and Tc,d is:

cos(θ) = ⟨Tc, Tc,d⟩ =
F∑
i=1

fi · fi,d

6187



which decomposes into channel-wise contributions
simi,d = fi · fi,d. Thus, cosine similarity naturally
motivates defining a per-channel similarity as the product
of corresponding channels. We then aggregate these
similarities across domains simi =

∑D
d=1 simi,d. To

quantify the stability of each channel across domains,
we compute the variance of the raw feature activations
vari = Var

(
{fi,d}Dd=1

)
.

Finally, we compute a combined score for each feature
channel si = simi · exp (−vari). This formulation balances
class-consistency and domain-invariance: channels that are
highly aligned with the class (simi) and stable across do-
mains (low vari) receive higher scores, while channels with
unstable behaviour are exponentially down-weighted. This
allows us to select features that are both discriminative and
robust to domain shift. We select the top-K scoring chan-
nels for each class c, Ic = TopK

(
{si}Fi=1, K

)
. The value

of K is automatically determined for each class using an
elbow-point heuristic, which identifies the point of dimin-
ishing returns in the sorted score curve {si}. Specifically,
we sort all channel scores si in descending order and fit a
curve. The elbow point is then estimated as the index K
that maximises the distance to the straight line connecting
the highest and lowest scores [28]. This allows Prefer to
adaptively select a different number of robust channels per
class without requiring manual tuning or access to valida-
tion data. The selected channels Ic are then used at infer-
ence time to improve robustness under domain shift, as de-
scribed in the next section.

4.3. Theoretical Discussion
Our method is grounded in the principle that effective
ZSDG requires selecting feature channels that preserve
class-specific semantic information while being robust to
domain-specific variations. We formalise this intuition
through an information-theoretic perspective, acknowledg-
ing the heuristic nature of certain approximations, yet pro-
viding clear theoretical motivations.

Definition 1 (Semantic-Domain Decomposition). For each
class c, we define Sc as invariant visual attributes that do
not change across domains. We denote the domain-specific
variations as latent factors D. Domain-specific prompts
{pc,d}Dd=1 act as controlled textual interventions that sim-
ulate variations due to domain shifts. We assume each
channel-level embedding fi can be approximately decom-
posed additively as fi = ϕi(Sc)+ψi(D)+ϵi, where ϕi(Sc)
captures class-specific semantic information, ψi(D) repre-
sents variations induced by domain-specific factors, and ϵi
denotes unstructured noise independent of both semantic
and domain attributes. A robust feature channel i is thus
characterised by a minimal contribution from ψi(D).

Core Assumptions:

A1 Per-Channel Semantic Alignment: The per-channel co-
sine similarity simi correlates positively with mutual
information between semantic content and the feature
channel simi ∝ I(Sc; fi). This assumption leverages
principles of mutual information maximisation typi-
cally employed in contrastive VLM training [26].

A2 Variance as Domain Sensitivity: The per-channel vari-
ance across domain-specific prompt embeddings, νi =
Vard[(Tc,d)i], serves as a proxy for conditional mu-
tual information between domain attributes and fea-
tures, given semantic content νi ∝ I(D; fi | Sc).
This assumption relies on the standard Gaussian chan-
nel approximation [7], in which higher variance indi-
cates greater sensitivity to domain interventions.

A3 Cross-Modal Consistency: The semantic information
captured by the visual encoder is consistently related
to the semantic information captured by the textual en-
coder, i.e.: Ivis(Sc; fi) ≥ γ · I txt(Sc; fi),, with γ > 0.
This assumption reflects empirical cross-modal align-
ment properties of CLIP-style models [12].

Proposition 1 (Scoring Function as Information-Theoretic
Proxy). Under assumptions A1 and A2, the scoring function
is defined as si = simi · exp(−νi), serves as a heuristic
proxy correlating with an information-theoretic objective of
balancing semantic relevance and domain invariance:

si ∼ I(Sc; fi) · exp
(
− I(D; fi | Sc)

)
.

Channels achieving higher si scores effectively prioritise
semantic relevance while penalising sensitivity to domain-
specific variations.

The similarity term simi empirically captures channel-
level semantic information, approximating I(Sc; fi). The
variance term νi penalises domain sensitivity and approxi-
mates I(D; fi | Sc) under Gaussian channel assumptions,
as variance corresponds to conditional entropy. The expo-
nential form emerges naturally from entropy-based regular-
isation, as lower entropy (variance) indicates greater cer-
tainty and stability across domains.

Proposition 2 (Generalisation Error Heuristic Bound).
Consider Ic as the selected robust channel subset for class
c. The generalisation error on a novel domain d, denoted
as ϵd, is heuristically bounded by:

ϵd ≤ C1

∑
i/∈Ic

(1− si) +C2 ·Ed

[
1

|Ic|
∑
i∈Ic

Varvis(fi)

]
+ ϵ0,

where C1, C2 > 0 are constants controlling the relative im-
portance of semantic information loss and residual domain
variance; ϵ0 denotes irreducible error due to noise or model
limitations; Varvis(fi) denotes empirical variance computed
in visual feature embeddings across domains.
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The first term quantifies information loss due to discard-
ing channels that carry meaningful semantic information
but have high domain sensitivity. The second term penalises
any residual domain variance present in selected channels,
measuring the empirical stability of visual features under
domain interventions. Together, this heuristic bound aligns
closely with principles of domain adaptation and generali-
sation theory [3], adapted specifically to zero-shot settings
where no explicit training on source domains occurs.

Proposition 3 (Optimality of Elbow-Point Heuristic). Se-
lecting the number of robust channels K via the elbow-
point heuristic approximately minimises the following reg-
ularised objective:

L(K) =

F∑
i=K+1

(1− s(i)) + η ·K,

where:

η = − ∂2

∂K2

(
K∑

k=1

s(k)

)
is automatically determined by identifying the point of max-
imal curvature (elbow-point).

The sorted channel scores s(1) ≥ s(2) ≥ · · · ≥ s(F )

form a concave and submodular cumulative gain curve. The
elbow-point corresponds to the knee region of this curve,
where the marginal information gain from adding further
channels sharply declines relative to increased model com-
plexity. This channel selection method aligns with standard
practices for heuristic model complexity control [28].

Corollary 1 (Cross-Modal Invariance Transfer). Under as-
sumption A3, selecting robust channels based on textual em-
beddings effectively constrains visual-domain variance:

Ed

[
Varvis(fi)

]
≤ 1

γ
Ed [Vartxt(fi)] , ∀i ∈ Ic.

This ensures semantic robustness identified in text embed-
dings generalises effectively to the visual domain.

Exact mutual information computations are gener-
ally intractable for high-dimensional embeddings used by
VLMs. Therefore, our theoretical framework is inten-
tionally heuristic and relies on plausible proxies to opera-
tionalise information-theoretic intuition.

4.4. Inference
At inference time, given a test image x, we encode it using
the pretrained image encoder:

f (I) = EI(x) = [f
(I)
1 , f

(I)
2 , . . . , f

(I)
F ].

For each class c, we also compute the text embedding of its
original class prompt:

f (T )
c = ET (pc) = [f

(T )
c,1 , f

(T )
c,2 , . . . , f

(T )
c,F ].

We use only the subset of feature channels Ic selected in
the previous step. The class-specific representations after
channel selection are:

xc = {f (I)i | i ∈ Ic}, wc = {f (T )
c,i | i ∈ Ic}.

The similarity score between image x and class c is com-
puted as:

zc =
∑
i

(xc)i · (wc)i.

Finally, a softmax over all classes gives the predicted prob-
ability:

P (y = c | x) = exp(zc)∑
c′ exp(zc′).

This inference strategy ensures that the prediction relies
only on the most robust and class-consistent feature chan-
nels, improving generalisation under domain shift, without
requiring any model updates or adaptation.

5. Experiments
We conduct comprehensive experiments to assess the effec-
tiveness of Prefer in the ZSDG setting. Our goal is to eval-
uate whether Prefer can enhance the generalisation capa-
bilities of vision-language models across unseen domains,
without relying on any source data or training. We com-
pare Prefer against a broad range of recent domain general-
isation approaches, spanning both multi-source and source-
free methods, across benchmarks and backbones.

5.1. Experimental Settings
Baselines. We evaluate Prefer against a wide range of
DG baselines, including multi-source DG methods [4, 9,
12, 33, 36, 42, 43], which are based on parameter-efficient
fine-tuning on sourced domain data with adapter or prompt
learning; source-free DG methods [6, 19, 29, 34], which
fine-tunes CLIP on synthetic data; and the zero-shot CLIP
baseline [26]. These comparisons allow us to contextualise
the performance of Prefer both within the ZSDG setting and
relative to methods that rely on stronger assumptions, such
as access to source data or additional training.
Datasets. Following previous work on source-free do-
main generalisation [6, 19, 29, 34], we conduct experi-
ments on four standard domain generalisation benchmarks:
PACS[13], OfficeHome[30], VLCS[8], and DomainNet[22].
For all datasets, we adopt the leave-one-domain-out evalu-
ation protocol, reporting the average accuracy across held-
out domains. We repeat each experiment ten times with dif-
ferent random seeds and report mean accuracies with stan-
dard errors. Statistical significance is assessed using the
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Methods ResNet50 ViT-B/16
PACS OfficeHome VLCS DomainNet PACS OfficeHome VLCS DomainNet

Multi-source DG
CLIP-Adapter [9] 92.3±.2 73.4±.2 80.1±.1 50.1±.1 97.2±.1 83.0±.2 84.4±.1 58.8±.2
CoOp [43] 92.8±.1 75.8±.0 81.2±.1 49.5±.1 96.4±.1 81.7±.2 83.8±.1 58.9±.1
CoCoOp [42] 92.9±.0 76.5±.2 82.4±.1 49.8±.1 97.4±.1 83.3±.2 85.3±.1 59.7±.2
MaPLE [12] 93.0±.0 77.0±.1 80.9±.0 49.6±.2 97.6±.1 83.4±.2 84.6±.1 61.3±.2
DPL [35] 92.8±.1 75.2±.2 82.1±.1 49.9±.1 97.8±.1 83.6±.2 84.8±.1 60.3±.2
StyLIP [4] 93.8±.1 74.8±.2 83.2±.1 51.3±.1 98.1±.1 84.6±.2 86.9±.1 62.3±.2
CLIPCEIL [32] 92.8±.1 76.6±.1 83.5±.1 51.6±.1 97.6±.1 85.4±.2 87.4±.2 62.0±.0

Source-free DG
DUPRG [19] 93.1±.1 73.0±.1 81.2±.1 48.4±.1 96.9±.1 82.2±.2 82.9±.1 57.2±.2
PromptStyler [6] 93.1±.1 72.9±.1 82.3±.1 48.5±.1 96.8±.2 81.8±.1 83.7±.2 56.7±.2
DPStyler [29] 93.2±.2 72.5±.2 82.5±.2 48.0±.1 97.1±.1 82.8±.1 84.0±.1 58.4±.2
PromptTA [34] 93.1±.1 73.1±.1 82.8±.1 48.6±.1 97.2±.1 82.6±.2 84.2±.2 58.3±.1
Zero-shot DG
CLIP-ZS [26] 91.8±.1 71.5±.1 76.0±.1 47.5±.1 96.5±.1 79.6±.1 76.7±.1 57.4±.1
Prefer (Ours) 93.6±.2 75.8±.2 83.5±.2 50.3±.2 98.0±.2 84.2±.1 86.1±.2 60.6±.1

Table 2. Leave-one-domain-out classification accuracy on four DG benchmarks, comparing ResNet50 and ViT-B/16 backbones. Ours
achieves state-of-the-art performance among source-free methods, and remains competitive with multi-source DG methods.

Methods ResNet50 ViT-B/16
PACS OfficeHome VLCS DomainNet PACS OfficeHome VLCS DomainNet

CLIP-ZS [26] 91.8±.1 71.5±.1 76.0±.1 47.5±.1 96.5±.1 79.6±.1 76.7±.1 57.4±.1
+ Similarity only 92.5±.2 72.8±.1 78.4±.2 48.1±.1 97.1±.2 80.7±.1 81.8±.1 58.2±.1
+ Variance only 92.3±.1 73.0±.2 78.6±.1 48.0±.2 97.0±.1 81.1±.2 82.0±.2 58.0±.2
+ Combination 93.6±.2 75.8±.2 83.5±.2 50.3±.2 98.0±.2 84.2±.1 86.1±.2 60.6±.1

Table 3. Ablation study on similarity and variance scores for robust feature selection. Using similarity or variance alone gives marginal
improvement over CLIP-ZS, but their combination significantly outperforms all variants across all benchmarks.

Wilcoxon signed-rank test, and the best-performing results
with statistical significance are highlighted in bold.

Implementation Details. We use the OpenAI CLIP
model [26] as our vision-language model, employing pub-
licly available pretrained weights. We use ResNet50 and
ViT-B/16 backbones for image encoding, with correspond-
ing Transformer-based text encoders. The dimensionality
of image and text embeddings is F = 1024 for ResNet50
and F = 512 for ViT-B/16. Our approach requires no addi-
tional training; feature selection is computed entirely at in-
ference time using LLM-generated prompts. We use GPT-
4o to generate domain names and domain-specific prompts
for each class, following the procedure described in Sec-
tion 4. We set D = 30 domains per class. To automatically
determine the optimal number of feature channels per class,
we apply the elbow heuristic using the kneed Python pack-
age [28]. The method identifies the point of maximum cur-
vature on the sorted feature scores, avoiding manual selec-
tion of K and ensuring a consistent, data-free cutoff across
datasets and backbones. For training-required methods, we
adopt a batch size of 32 and a stochastic gradient descent

optimiser with a cosine annealing scheduler. We set the
learning rate at 0.002 and trained for 200 epochs. All ex-
periments are conducted on an NVIDIA Tesla A100 GPU.

5.2. Main Results

Table 2 presents leave-one-domain-out classification accu-
racy on four standard DG benchmarks, comparing both
ResNet50 and ViT-B/16 backbones. Prefer consistently
outperforms existing source-free DG methods across all
datasets and architectures, establishing new state-of-the-art
results in this setting. Compared to the zero-shot CLIP
baseline (CLIP-ZS), Prefer yields substantial gains on both
small and large backbones (e.g., +1.9% on PACS and
+2.8% on DomainNet with ResNet50), demonstrating that
prompt-driven feature refinement significantly enhances
zero-shot domain generalisation. While multi-source DG
methods still achieve higher overall accuracy, benefiting
from access to source-domain data and supervised training,
Prefer narrows this gap. On ViT-B/16, Prefer approaches
the performance of strong trained methods such as CLIP-
CEIL and StyLIP, despite requiring no source data or train-
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Figure 3. We evaluate the performance of Prefer as the number of generated prompts increases from 5 to 50. Results are shown across four
benchmarks using ResNet50 and ViT-B/16 backbones.

Figure 4. Comparison of cosine similarity distributions between
matched image–text pairs, unmatched image–text pairs, and inter-
class image–image pairs, before and after applying Prefer.

ing. These results highlight the flexibility and effectiveness
of Prefer for scenarios where source data is unavailable or
training is impractical.

5.3. Further Analysis
Combination of Similarity and Variance Scores. To val-
idate the effectiveness of our channel selection strategy,
we conduct an ablation study comparing different variants
of the scoring function. Starting from the zero-shot base-
line (CLIP-ZS), we first consider using only the channel-
wise similarity to the original class embedding (“Similar-
ity only”) and only the variance-based stability across do-
mains (“Variance only”). As shown in Table 3, both variants
yield modest improvements over CLIP-ZS, suggesting that
either metric alone captures some useful signal for identi-
fying robust features. However, our full method (“Combi-
nation”) achieves the highest accuracy on all benchmarks
and backbones, consistently outperforming the individual
variants. This demonstrates that the combination of class-
consistency and domain-invariance provides complemen-
tary benefits, and that our multiplicative scoring formula-
tion effectively balances these objectives to select more re-
liable feature channels.
Effectiveness of Feature Channel Refinement. To as-
sess whether our channel selection method improves cross-
modal alignment, we visualise cosine similarity distribu-
tions on the OfficeHome dataset in Figure 4. We compare

similarity between matched image–text pairs, unmatched
image–text pairs, and inter-class image–image pairs, both
before and after refinement. After applying Prefer, the sim-
ilarity of matched image–text pairs shifts notably higher.
This indicates that our feature refinement effectively en-
hances discriminability and reduces spurious cross-modal
correlations, leading to more robust generalisation across
domains.

Number of Domain-specific Prompts. To understand the
effect of prompt diversity, we vary the number of domain-
specific prompts per class from 5 to 50 and evaluate the re-
sulting performance on four domain generalisation bench-
marks using both ResNet50 and ViT-B/16 backbones (Fig-
ure 3). When using only a small number of prompts
(e.g., 5), PREFER performs similarly to zero-shot CLIP,
likely due to insufficient domain variation failing to reli-
ably identify stable feature channels. As the number of
prompts increases, accuracy improves consistently, indi-
cating that more diverse prompts help better simulate the
possible distributional shifts in unseen domains. The per-
formance gains become saturated around 25–35 prompts,
beyond which additional prompts yield only marginal im-
provements. This suggests that a moderate number of
domain-specific prompts is sufficient to capture transferable
semantics while avoiding excessive noise or redundancy.

6. Conclusion

We presented Prefer, a plug-and-play feature refinement
method that enhances vision-language foundation mod-
els for domain generalisation without requiring access
to source or target data. By generating domain-specific
prompts and scoring feature channels based on their class-
consistency and domain-invariance, Prefer selects a sub-
set of robust channels tailored to each class. Extensive
experiments across four standard benchmarks and multi-
ple backbones demonstrate significant over state-of-the-art
baselines. Our results highlight the potential of language-
driven feature analysis as a scalable and effective strategy
for enhancing model robustness under distribution shift.
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