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The supplementary material presents a series of extended

analyses and experimental validations to further support our

contributions. Specifically, it includes: 1) a more detailed

discussion of related work; 2) in-depth analyses of the moti-

vation for introducing language prompts; 3) additional jus-

tification for the simplicity and effectiveness of our design;

4) an analysis contrasting our method with conventional

multimodal fusion strategies; and 5) expanded qualitative

results, including more visualizations of feature enhance-

ment, semantic segmentation effects, and object detection

outcomes.

1. More Detailed Related Work

In-domain FSL. Human agents can quickly perceive and

adapt to new situations with only a few examples, a capabil-

ity rooted in the brain’s ability to generalize from accumu-

lated experiences across diverse contexts. Inspired by this

form of intelligence, researchers [1–3] have introduced few-

shot learning (FSL), a machine learning paradigm designed

to overcome the limitations of conventional approaches that

rely heavily on large labeled datasets. Existing FSL ap-

proaches include metric-based methods[2, 4–8], which con-

struct task-invariant feature spaces for efficient similarity

comparisons; optimization-based methods [3, 9–14], which

use meta-learning to facilitate rapid adaptation; and transfer

learning-based methods [15–21], which fine-tune pre-trained

models for downstream tasks.

Cross-domain FSL. In real-world scenarios, few-shot

learners often face domain shifts [22–31], where source-

domain data consist of well-annotated natural images [2, 32],

while deployment domains, such as remote sensing [33]

or medical imaging [34, 35], suffer from data scarcity and

high annotation costs. To address this, recent studies fo-

cus on task-specific fine-tuning using limited support set.

Guo et al. [28] fine-tune task-specific classifiers while up-

dating a subset of backbone parameters, whereas Teng et

al. [36] refine feature affine transformation layers using few-

shot samples. Li et al. [30] propose task-adaptive adapters,

learned from support set, to generate task-specific weights

for multiple backbone blocks, while Guo et al. [28] leverage

reinforcement learning to dynamically adjust feature transfor-

mation parameters for each task. Beyond these task-specific

adaptations, domain adaptation and regularization strategies

have been explored to mitigate domain shifts and enhance

generalization. Fu et al. [23] employ adversarial training

to eliminate domain-style biases in feature representations,

while Zou et al. [37] introduce a novel normalization layer

that flattens the loss landscape, facilitating more effective

fine-tuning. Perera et al. [29] propose a parameter-efficient

linear transformation of pre-trained features to alleviate over-

fitting during fine-tuning. Additionally, Zou et al. [37] iden-

tify that the class token in Vision Transformers [38] (ViTs)

encodes source-domain-specific information, which can hin-

der adaptation; to address this, they propose randomly initial-

izing the class token to mitigate source-domain interference.

Recently, prompt-based fine-tuning has emerged as an al-

ternative approach for efficient task adaptation. Zhuo et

al. [39] introduce learnable visual prompts to distill semantic

knowledge from CLIP [40] while fine-tuning task-specific

classification heads. Wu et al. [41] encode task-relevant in-

formation from support set into learnable visual prompts,

integrating them into the ViT backbone for task-adaptive fea-

ture modulation. Wu et al. [42] further extend this approach

by storing domain-specific knowledge in learnable prompts,

retrieving domain-relevant prompts based on the support set,

and fine-tuning them for task-specific adaptation.

While advanced fine-tuning methods improve cross-

domain adaptability in FSL, they often rely on limited visual

cues for adaptation. These cues primarily capture superficial

style or appearance variations in support set, failing to ex-

plicitly guide the model toward domain-relevant knowledge.

To address this limitation, we present an embarrassingly

simple cross-modal visual feature enhancement framework

that introduces linguistic descriptions of image attributes to

regulate the pre-trained visual feature model for specific tar-

get image adaptation. Although prior studies have explored

the use of textual modality knowledge to enhance few-shot

learning, they primarily focus on constructing semantically

enriched prototype representations through multimodal inte-

gration. For instance, Han et al. [43] treated class labels in

few-shot tasks as textual descriptions, encoding class-level

text prototypes with CLIP and fusing them with visual proto-

types. Similarly, Shangguan et al. [44] employed text-visual
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Figure 1. Example outputs of the Attribute Generator across diverse

target domains: ISIC (a medical dataset for skin lesion segmen-

tation with high intra-class variation), CropDisease (a collection

of crop disease images from various plant species, with challeng-

ing variations in environmental conditions), EuroSAT (a remote

sensing dataset for land cover classification with fine-grained spa-

tial details), and ChestX (a medical dataset containing chest X-ray

images with a variety of pathologies and image quality variations).

fusion to build robust class prototypes, emphasizing the

alignment and aggregation of multimodal features through

textual knowledge. In contrast, this study focuses on embed-

ding linguistic descriptions of image attributes into the visual

feature representation, thus compensating for the limitations

of pure visual cues in capturing cross-domain transferable

high-level semantic characteristics.

2. Additional Analysis

2.1. Motivation for Introducing Language Prompts
Cross-domain few-shot learning (CD-FSL) poses two core

challenges that severely limit the transferability of visual

representations. First, the presence of substantial distribu-

tion shifts between source and target domains—compounded

by large intra-class visual variability and the scarcity of la-

beled target data—often causes models to overfit to superfi-

cial, domain-specific cues. These non-transferable shortcut

patterns, while effective within the source domain, fail to

generalize to unseen domains, leading to degraded perfor-

mance. Second, the limited supervision in the target domain

restricts the model’s ability to disentangle domain-invariant

semantics from domain-specific noise, making it difficult to

acquire robust and generalizable representations for down-

stream adaptation.

To address these issues, we introduce language prompts

as cross-modal semantic priors that serve as complemen-

tary guidance to purely visual features. Unlike visual cues,

which may implicitly encode brittle or spurious correlations,

linguistic descriptions are explicit, semantically structured,

and naturally domain-agnostic. Specifically, we extract both

fine-grained image-level attributes (e.g., object appearance,

color, texture) and coarse-grained domain-level attributes

(e.g., scene style, background context) using a pre-trained

image captioning model and a large language model. Exam-

ples of such domain-level prompts across various challeng-

ing target domains are illustrated in Fig. 1. These descrip-

tions are then embedded into the visual feature space via

a residual cross-attention mechanism during the adaptation

phase, providing structured semantic signals that guide the

learning of transferable features. This strategy offers several

key benefits: 1) It regularizes the adaptation process by in-

jecting external, high-level semantics that are less sensitive

to visual distribution shifts; 2) It helps the model focus on

meaningful, invariant patterns rather than task-irrelevant de-

tails; 3) It enhances alignment between modality-invariant

concepts and domain-specific variations, facilitating more

robust cross-domain generalization.

The language prompt mechanism is task-agnostic, plug-

and-play, and compatible with off-the-shelf pre-trained vi-

sual backbones, making it both practical and broadly ap-

plicable across CD-FSL tasks. As shown in Tables 1–3 of

the main manuscript, our method achieves consistent and

significant gains over strong baselines across a diverse set

of benchmarks, including image classification, semantic seg-

mentation, and object detection. These results confirm the

effectiveness of using language prompts to inject structured,

domain-agnostic semantics, and validate their role in ad-

dressing the core limitations of CD-FSL.

2.2. Further Justification for the “Simple yet Effec-
tive" Design

Our residual cross-attention module is purposefully designed

as a lightweight and plug-and-play component that can be

seamlessly embedded into a wide range of backbone archi-

tectures, including Vision Transformers and ResNet. Struc-

turally, it comprises a single cross-attention layer augmented

with a residual connection, allowing linguistic descriptions

of image attributes to be embedded directly into the visual

feature space without disrupting the original architecture.

This minimalist design preserves the integrity of the pre-

trained visual backbone while enabling effective semantic

alignment between modalities. Importantly, the module in-

troduces only a negligible number of additional parameters

and requires no modification to the backbone, making it

exceptionally easy to integrate and highly adaptable.

In contrast to existing approaches that often rely on

complex multi-branch fusion structures, heavy prompt tun-

ing pipelines, or tightly coupled architecture-specific de-

signs, our method offers a generalizable and implementation-

friendly solution. Its simplicity not only reduces design

and training complexity but also enhances portability across

tasks and model families—an especially valuable property

for cross-domain few-shot scenarios where resource con-

straints and domain shifts pose significant challenges.
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Figure 2. Visualization of feature distribution on the EuroSAT

dataset.

We further substantiate the effectiveness of this simple

design through extensive empirical studies. As shown in Ta-

bles 1–3 of the main manuscript, our framework consistently

improves performance across a variety of tasks, including

cross-domain few-shot classification, semantic segmentation,

and object detection. These gains hold across multiple chal-

lenging benchmarks and strong baselines, highlighting the

broad applicability and strong generalization capability of

our method. Moreover, efficiency analysis (Table 6) shows

that the residual cross-attention module incurs only marginal

computational overhead, confirming that its simplicity does

not come at the cost of practicality. Together, these results

validate that a well-designed, minimally invasive mechanism

for embedding structured linguistic information can yield

substantial improvements in performance—underscoring the

central claim of our framework as “simple yet effective”.

2.3. Regarding Query-specific Linguistic Represen-
tations at Inference Time

During inference, the query-specific linguistic representa-

tions are generated solely from the individual query image

by leveraging a pre-trained image captioning model and a

large language model to produce semantic attribute descrip-

tions. This process is analogous to a forward pass on a single

sample, similar to standard feature extraction. The resulting

semantic attributes are then used to refine the query’s visual

features via a residual cross-attention mechanism, enriching

the semantic content of the query representation.

Importantly, our inference procedure does not involve

simultaneous use of multiple query samples, nor does it

leverage information from other queries or the overall query

distribution. This clearly distinguishes our method from

transductive inference approaches in CD-FSL, which adapt

the model or features by exploiting the entire query set in

an unsupervised manner. In contrast, our method functions

strictly in an inductive, per-sample fashion, preserving the

independence of each query and upholding the integrity of

the few-shot evaluation protocol. Accordingly, the inclusion

of query-specific semantic information constitutes a per-

query feature refinement that is fully consistent with the

standard assumptions of CD-FSL.

(a) StyleAdv (b) StyleAdv+Ours

Figure 3. Visualization of feature distribution on the ISIC dataset.

In conclusion, although our method leverages semantic

attributes at query time, it fully respects the foundational

principles and constraints of the CD-FSL, achieving im-

proved cross-domain generalization without compromising

the fairness or validity of evaluation.

3. Additional Visualization

3.1. More Visualization of Feature Enhancement

We present additional visual analyses in Fig.2 and Fig.3.

These t-SNE plots vividly illustrate the contrasting distribu-

tion patterns of features extracted by our method versus the

baseline.

Concretely, the baseline features demonstrate significant

overlap between different classes, indicating weak inter-class

separability and ambiguous decision boundaries. This fea-

ture entanglement often stems from the model’s reliance

on superficial or domain-specific cues that do not gener-

alize well when faced with domain shifts. In stark con-

trast, features produced by our method form compact, well-

separated clusters, evidencing enhanced intra-class cohesion

and clearer inter-class distinctions.

This marked improvement is primarily driven by the in-

tegration of linguistically enriched attribute descriptions

through our residual cross-attention mechanism. By em-

bedding structured, high-level semantic information into the

visual feature space, the model is encouraged to attend to

semantically meaningful and robust cues, rather than noise

or spurious visual artifacts. As a result, the learned repre-

sentations better capture intrinsic category semantics and

demonstrate greater resilience to domain variation.

In addition, this semantic augmentation aids in disen-

tangling domain-invariant features from domain-specific

noise—a critical advantage in few-shot cross-domain learn-

ing scenarios where labeled target data is limited. Collec-

tively, these visualizations offer compelling qualitative evi-

dence that our approach not only sharpens feature discrim-

inability but also facilitates the acquisition of transferable

representations, thereby substantially boosting generaliza-

tion performance across diverse downstream tasks and do-

mains.



3.2. Visualization of Segmentation Effects
To qualitatively demonstrate the performance gains of our

proposed method over the baseline IFA [45] in semantic seg-

mentation tasks, we visualize segmentation results on several

representative few-shot tasks. Specifically, we randomly se-

lect a 1-shot task from each CD-FSS dataset, fine-tune the

model using the corresponding support image, and evaluate

on the associated query images. The qualitative results are

presented across four benchmark datasets: ISIC, Chest X-

Ray, FSS-1000, and Deepglobe, shown respectively in Fig.4,

Fig.5, Fig.6, and Fig.7.

From these visualizations, several clear advantages of our

method over the baseline emerge. First, our approach more

accurately captures semantic regions, enabling more com-

plete and coherent foreground segmentation, as exemplified

in Fig.4 and Fig.6. This suggests improved semantic un-

derstanding and feature representation robustness. Second,

our method produces noticeably sharper and more precise

segmentation boundaries, particularly evident in Fig.5, re-

flecting enhanced spatial localization ability and boundary

awareness. Third, it demonstrates stronger robustness in

modeling complex semantic relationships, effectively reduc-

ing misclassifications and segmentation errors in challenging

scenarios such as those shown in Fig.7.

Collectively, these qualitative results offer strong ev-

idence that our proposed method significantly enhances

semantic segmentation performance across a variety of

datasets, demonstrating its capability to produce more accu-

rate, robust, and generalizable segmentation outcomes.

3.3. Visualization of Detection Effects
To qualitatively demonstrate the detection performance of

our proposed method, we visualize representative detec-

tion results on multiple diverse datasets, including ArTaxOr

(Fig.8), Clipart1k (Fig.9), DeepFish (Fig.10), and UODD

(Fig.11). For each dataset, several query images were ran-

domly selected, and the detection outputs of both our method

and the CD-ViTO baseline are presented alongside the cor-

responding ground truth annotations. Different colors are

used to distinguish the detected bounding boxes from each

method, enabling clear visual comparison of their respective

detection capabilities.

Our method consistently produces more precise bound-

ing boxes that better conform to object shapes, effectively

reducing under- and over-detection errors. This advantage is

particularly evident in challenging scenes involving cluttered

backgrounds, small or partially occluded objects, and diverse

object appearances, such as those found in the DeepFish and

UODD datasets. Moreover, our approach demonstrates supe-

rior recall, successfully identifying difficult and ambiguous

instances that the baseline often misses or detects incom-

pletely, as seen in the Clipart1k and ArTaxOr datasets.

Beyond improvements in localization and recall, our

method exhibits stronger robustness in distinguishing true

objects from background clutter and visually similar distrac-

tors. This capability leads to fewer false positives and more

confident detections, producing cleaner and more reliable

results closely aligned with ground truth. The reduction in

spurious detections highlights the effectiveness of the cross-

modal semantic guidance embedded in our framework.

Importantly, these visual results underscore the strong

cross-domain generalization ability of our method across

domains with significant visual differences, ranging from

natural and medical images to cartoons, underwater scenes,

and aerial photography. By incorporating rich linguistic

semantic cues into visual representations, our framework

effectively bridges domain gaps and mitigates distribution

shifts, enabling robust few-shot detection performance in

diverse and challenging target domains.

IFA IFA+Ours Ground Truth

Figure 4. Visualization of segmentation effects on ISIC dataset.



IFA IFA+Ours Ground Truth

Figure 5. Visualization of segmentation effects on Chest X-Ray

dataset.

IFA IFA+Ours Ground Truth

Figure 6. Visualization of segmentation effects on FSS-1000

dataset.

IFA IFA+Ours Ground Truth

Figure 7. Visualization of segmentation effects on Deepglobe

dataset.

CD-ViTO CD-ViTO+Ours Ground Truth

Figure 8. Visualization of detection effects on ArTaxOr dataset.



CD-ViTO CD-ViTO+Ours Ground Truth

Figure 9. Visualization of detection effects on Clipart1k dataset.

CD-ViTO CD-ViTO+Ours Ground Truth

Figure 10. Visualization of detection effects on DeepFish dataset.

CD-ViTO CD-ViTO+Ours Ground Truth

Figure 11. Visualization of detection effects on UODD dataset.
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