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A. Detailed Related Work

A.1. Source-Free Cross-domain Few shot Learning

Cross-Domain Few-Shot Learning (CDFSL) aims to train a model on a source domain that can generalize effectively to a
target domain with limited examples. Existing methods are typically categorized into two types: meta-learning-based ap-
proaches [12, 15, 21, 48, 61] and transfer learning-based approaches [15, 17, 33, 67, 73-75]. Source-Free Cross-Domain
Few-Shot Learning (SF-CDFSL) introduces a stronger constraint by making source domain data inaccessible. Current SF-
CDFSL methods [54, 58, 71] primarily rely on large models, such as CLIP [40], leveraging their prior knowledge for clas-
sification in the target domain. However, these approaches fail to account for the misalignment between modalities when
transferring CLIP to cross-domain settings. Moreover, the influence of visual learning on CLIP-based SF-CDFSL tasks
remains underexplored.

A.2. Parameter-Efficient Fine-Tuning

Efficiently applying Vision-Language Models (VLMs) to downstream tasks is a key research area. A common strategy is
parameter-efficient fine-tuning (PEFT), which uses only a few samples from the target task. PEFT adjusts a small number
of the VLM’s parameters, allowing the model to adapt to various applications without modifying all pre-trained parameters.
PEFT methods can be grouped into three main types: prompt learning, adapters, and LoRA (and its variants). Prompt
learning transforms fixed templates into learnable parameters, such as CoOp [69] , CoCoOp [68], MaPLe [25], PLOT [6],
ProGrad [70], PromptSRC [27], KgCoOp [56], PCB [2], DynaPrompt [52], TCP [57] and ATPrompt [32]. Additionally,
Customized Ensemble [35] combines outputs from multiple models for improved performance, and PromptKD [31] explores
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knowledge distillation in prompt learning. Adapter-based methods add trainable modules to the original frozen architecture,
making fine-tuning easier, such as CLIP-Adapter [14], Tip-Adapter [64], LP++ [22], AMU-Tuning [44], LatHAdapter [66],
MMA [55] and LDC [30]. Low-Rank Adaptation (LoRA) [19, 60] fine-tunes the model by adding learnable low-rank
matrices while keeping the original parameters fixed. The new weights can be merged with the original ones, and LoRA does
not add extra inference time. Various studies have extended LoRA by adapting the rank for each matrix [47, 62], improving
its performance [5, 28, 72], or reducing memory usage through quantization [10, 41]

A.3. Modality Gap and Misalignment

[34] was the first to identify the existence of a modality gap in multimodal models. Some reserch observed that the perfor-
mance of multimodal models significantly declines when facing significant domain shifts [24, 42]. [23] highlighted the cross-
modal bias between semantic-guided samples and nonsemantic-guided samples. [16] emphasized the pairwise misalign-
ment of multimodal uncertainties, addressing the one-to-many alignment issue in multimodal video-text retrieval tasks. [45]
pointed out that ProtoNet exhibits a gap between prototypes and instances in cross-domain scenarios. [49] attributed general-
ization errors to the model learning non-aligned features between the source domain and the test data. These existing works
identified the issue of modality misalignment in cross-domain scenarios and considered fine-tuning an effective method for
realignment. However, our work demonstrates that fine-tuning alone is insufficient for effective realignment in cross-domain
scenarios, especially with large domain gaps in the CDFSL task, such as general domains vs. medical domains. We analyze
this issue from the perspective of visual learning, which acts as a shortcut during fine-tuning, and address it in this paper.

B. Proof of Theorem 4.1

The loss in CLIP is designed to align image-text pairs while contrasting mismatched pairs. Below is the step-by-step deriva-
tion of the gradient for the visual feature f;. For a batch of N image-text pairs, the loss for the i-th image is:

efi't'i/T

Li=—log—
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where: f;: L2-normalized visual feature of the i-th image (||f;|| = 1). tx: L2-normalized text feature of the k-th text
(Itx]| = 1). 7: Temperature coefficient (e.g., 7 = 0.01).
Expand L;:
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The gradient V y, £; has two terms from the loss components:
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updates. The term £™% - f1°¥ denotes the similarity between samples ¢ and k after the parameter update, then:
p i k y p p p

where p;;; is the softmax probability: p;; = Let £ and f°" represent the visual features after parameter
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Figure 1. (a) When sample ¢ and sample k belong to different classes, A cos(6;x) in 5-way 1-shot fine-tuning is always less than 0, which
means that the visual features of samples ¢ and k from different classes will become increasingly dissimilar. (b) Hyperparameter study.
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where 7 is the learning rate and 7 is the temperature coefficient. Let the difference in cosine similarity between two
samples, f; and f},, before and after one step of training is A cos(6;x,) = £V - ffV — f; - fy,, there is:

Acos(0;) = £]V -1 —f; - £y,

1 al al ) (6)
=n_ £t — > prifity+ -t — Y pifi -t | + 00

j=1 j=1

When f; and f;, belong to the same class, t; = t;. Considering that the learning objective of the cross-entropy loss
function satisfies: f; - t; > f; - t;,Vj # 4. there is:

1
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That is, the visual features between samples 7 and k of the same class will become increasingly similar.

When f; and f}, belong to different classes, we analyzed the values of A cos(6;x) during the training process across 200
episodes, as shown in Figure 1. As seen, in different VLMs (CLIP [40] and PE-Core [3]), the A cos(6;x) is always less than
0., which means that the visual features of samples ¢ and k from different classes will become increasingly dissimilar.

Summary: during fine-tuning, visual features of the same category cluster together while those of different categories are
pushed apart, which means visual learning is consistently present in the fine-tuning process.

C. Hyperparameter Study

Our method involves two main hyperparameters: A, corresponding to the Suppressing Visual Learning (SVL) module, and /3,
corresponding to the Relationship Alignment (RA) module. Here, we present the 5-way 1-shot performance corresponding
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to different values of A and /3 on the four CDFSL datasets, as shown in Figure 1b. As observed, the model achieves peak
performance when A is set to 0.1 and 5 to 3. A smaller value for A is preferred, as £, 4 functions as a perturbation and should
be assigned a small weight to prevent it from dominating the training process.

D. Alternative Strategies for the SVL Module

In this section, we discuss several alternative strategies for the SVL modules. The SVL module is designed to perturb
the visual learning, thereby guiding the model to focus more on learning cross-modal relationships. Our approach involves
randomly sampling support samples to create class-shuffle weights and performing the classification task on the visual branch
(as described in Section 5.1 of the main text). To demonstrate the effectiveness of this strategy, we also test three other
approaches: NO, which does not use the SVL module and serves as the baseline, and — L.,,, which use the negative of £, as
Laa, where L,q = —L, (as defined in Equation 3 of the paper). Additionally, Noise Proto generates class-shuffle weights
using random initialization (non-true visual features) and then performs the classification task on the visual branch.

Table 1. Alternative strategies for the SVL module. Table 2. Alternative strategies for the RA module.
Disturb Strategy ~ Cropdisease EuroSAT ISIC  ChestX  Avg Alignment Strategy ~ Cropdisease ~EuroSAT  ISIC  ChestX  Avg
No 84.62 81.72 3640 2186 56.07 No 84.62 81.72  36.40 21.86 56.07
—L, 82.41 78.84 3472 2137 5433 only vision 84.87 82.61 36.94 2211  56.63
Noise Proto 84.31 8242 3596 21.80 56.12 only text 84.14 8136  36.87 21.34 5592
Ours 86.41 83.80  37.63 2238 57.55 Ours 85.92 8321 3742 2217 5717

The results, shown in Table 1, indicate that the —L,, strategy actually harms the model’s performance. Moreover, the
Noise Proto strategy brings little or no improvement in performance. This is understandable, as a fundamental requirement
for visual learning is that the learning occurs within a valid visual feature distribution. The class-shuffle weights generated
by the Noise Proto strategy may not be within this valid distribution. In contrast, our approach ensures the simulation
of an effective visual feature distribution while simultaneously suppressing discriminative learning, leading to a significant
improvement in model performance.

E. Alternative Strategies for the RA Module

In this section, we discuss several alternative strategies for the RA modules. The RA module is designed to replace the
discriminative visual feature learning direction in the fine-tuning process, providing a new learning direction that facilitates
alignment between modalities. Our approach promotes cross-modal alignment by gradually aligning the internal relationships
of visual features with those of textual features (as described in Section 5.2 of the main text). To demonstrate the effectiveness
of this strategy, we also test three other approaches: NO, which does not use the RA module and serves as the baseline, and
only vision, which does not incorporate the internal relationships of the text modality and only maintains the relationships
between visual features, i.e., L, = D (A"||AY) (see Equation 10 in the main text). Additionally, only text does not use
the gradual fusion approach (Equation 9 in the main text) but directly aligns the internal relationships of visual features with
those of textual features, i.e., £, = Dy (A||A?).

The results, shown in Table 2, indicate that the only text strategy harms the model’s performance. In contrast, our method,
which gradually fuses the relationships between visual features A,, and textual features A; to guide the learning of internal
visual feature relationships, most effectively promotes alignment between modalities and achieves optimal performance.

F. Division Between Initial Epochs and Later Epochs

During the fine-tuning process, we train the model for 250 epochs,
with the first 3/5 epochs used as the initial training phase. In this
section, we conduct further experiments and analysis on the initial
training phase. We test different proportions for the initial training
phase division, as shown in Figure 2. The results indicate that when
150 epochs (the first 3/5 ) is used as the initial training phase, the
model achieves optimal performance across four datasets. It is im- !

portant to note that in this section, we focus only on using the initial 0 50 100 150 200 250
epochs for the initial training phase, as Section 6.5 of the main text Initial Epochs

Figure 2. Results for different initial epochs settings.
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Figure 3. The attention maps of the three models are shown. From left to right: the original image, the Baseline result (trained with Lyim),
the result of the model with enhanced visual learning (trained with Lyim + L), and the result of our method (trained with Lyim + Lad)-
Here, s;,; represents the cosine similarity between the image features and the text features. A higher similarity indicates better alignment.
It is evident that our model has the most appropriate attention scope and achieves the highest similarity between sample pairs.

has already demonstrated the need to suppress visual learning in the
early stages.

G. Better Modality Alignment

Additionally, the modules we proposed effectively facilitate the cross-modal alignment process. Firstly, as shown in Table
1 of the main text, both of our proposed modules improves cross-modal classification performance while reducing the loss
gap, indicating that models fine-tuned with our approach achieve good modality alignment. Secondly, as illustrated in Figure
6 of the main text and Figure 3, our method enables the model to focus on the appropriate scope. In the baseline model, due
to its strong visual learning, it tends to focus on the most discriminative small features in the image (second column), which
is detrimental to modality alignment. In this case, the visual features are dominated by a small, discriminative part of the
image. For example, in the case of “a photo of a Strawberry_healthy,” the most discriminative feature of the strawberry leaf
is its serrated edges, but this feature alone cannot fully represent the semantic information of ”strawberry leaf.” Our method,
by suppressing this visual learning, leads to a more generalized model. As seen in the fourth column, after applying our
method, the model is able to focus correctly on the image features corresponding to the semantic information. This promotes
cross-modal alignment, resulting in a significantly higher similarity between the image and text features.
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H. Extended Results on CDFSL Task

Table 3 is an extended version of Table 2 in the main text. It includes the performance of various models on four CDFSL
datasets under different settings. These settings involve different backbones (CLIP [40], SigLIP2 [46], and PE-Core [3]),
the use of a source dataset (Source), and whether fine-tuning on the target domain is applied (FT). Specifically, the methods
include ATA [48], AFA [21], wave-SAN [12], StyleAdv [13], StyleAdv-FT (fine-tuned StyleAdv), DARA [65], PMF [20],
FLoR [74], CD-CLS [75], AttnTemp [73], VDB [58], IM-DCL [53], StepSTP [54], CoOp [69], Tip-Adapter [63], AMU-
Tuning [44], LP++ [22], LDC [30], Maple [25], and CLIP-LoRA [60], which are introduced as our competitors.

I. Few Shot Learning Results

We further evaluate the effectiveness of our method on 11 commonly used classification datasets. Following the setup of
previous work [60, 69], we evaluate our approach on 11 datasets covering various fine-grained classification tasks: scenes
(SUN397 [51]), aircraft types (Aircraft [36]), satellite imagery (EuroSAT [18]), automobiles (StanfordCars [29]), food items
(Food101 [4]), pet breeds (OxfordPets [39]), flowers (Flower102 [38]), general objects (Caltech101 [11]), textures (DTD [7]),
and human actions (UCF101 [43]), in addition to ImageNet [9]. These datasets provide a comprehensive benchmarking
framework for evaluating few-shot visual classification tasks.

We compare our model against several prompt-based methods, including CoOp [69] with 4 learnable tokens, CoOp [69]
with 16 learnable tokens, CoCoOp [68], PLOT++ [6] (an adaptation of the original PLOT designed for transformer archi-
tectures), KgCoOp [56], MaPLe [25], and ProGrad [70] with 16 tokens. Additionally, we evaluate adapter-based methods
such as Tip-Adapter-F [64] and TaskRes [59] and LDC [30], as well as the LoRA-based method CLIP-LoRA [60]. These
comparative methods provide a comprehensive benchmark to assess the effectiveness of our proposed approach in few-shot
visual classification tasks.

Our method is plug-and-play, allowing for quick integration into existing approaches. As shown in Table 4, applying
our method to the existing CLIP-LoRA [60] model effectively enhances its few-shot classification performance across 11
datasets. In addition, it achieves the highest average classification accuracy under various shot settings.

J. Datasets

Following previous works [40, 54, 58, 71], we do not utilize source domain datasets and finetune our model directly on the
target domain. For the target domain we utilize CropDisease [37], EuroSAT [18], ISIC [8], and ChestX [50], which are
cross-domain datasets from the domain of agriculture, remote sensing, and medical data with significant domain gaps.

K. Implementation Details

In the experiments, we adopt the ViT-Base/16 network as the primary feature extraction network, with parameters pre-trained
by CLIP [40], SigLIP2 [46] and PE-Core [3]. For the parameter A\, we consider two cases: when L,4 is used for the visual
branch (e.g., Maple, CLIP-LoRA), A is set to 0.1; when used for the text branch (e.g., CoOp), A is set to 0.001. The
parameter [ is set to 0.5 in all cases. For each episode, following [54], we first perform data augmentation on the support
samples. Subsequently, for each method, we train for 250 epochs, and the first 150 epochs are used as the initial epochs,
employing L,q and L;,. We evaluate every network using 15 query samples per class, randomly selecting 800 tasks, and
report the average results (%) with the 95% confidence interval. We use an NVIDIA GeForce RTX 3090 GPU for training
and testing.

L. Broader Impact

In this paper, we observe the misalignment of modalities in CLIP under cross-domain scenarios and reveal that the cross-
entropy-based fine-tuning process inherently incorporates strong visual learning. This learning direction acts as a shortcut,
allowing the model to reduce the loss without considering cross-modal relationships, leading to suppression of cross-modal
relationship learning. Based on these findings, We then propose two methods to suppress visual learning and enhance
cross-modal alignment. Our research is crucial for future studies on fine-tuning VLM models in cross-domain scenarios.
It highlights the impact of visual learning on fine-tuning, a factor that has been overlooked in previous work. While our
method has been evaluated across four distinct target domains, offering a promising initial assessment of its cross-domain
applicability, the diversity of these domains may not fully capture all potential real-world scenarios. Future work will focus
on expanding our evaluations to include a broader range of target domains to better understand the method’s performance in
diverse real-world contexts.
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and whether fine-tuning on the target domain is applied (FT)

Task Method backbone Source FT ISIC EuroSAT  CropDisease ChestX Avg
ATA [48] RN10 Y - 3321+0.40 61.35+0.50 67.47+£0.50 22.10+0.20 46.03

AFA [21] RN10 Y - 3321030 63.12+0.50 67.61£0.50  22.92+0.20 46.72

wave-SAN [12] RN10 Y - 3335+0.71 69.64+1.09 70.80+1.06  22.93+0.49 49.18

StyleAdv [13] RN10 Y - 3396+0.57 70.94+0.82  74.13£0.78  22.64+0.35 50.42

ATA-FT [48] RN10 Y Y 34944040 68.62+0.50  75.41+£0.50  22.15+0.20 50.28

DARA [65] RN10 Y Y 36.42+0.64 67.42+0.80 80.74+0.76  22.92+0.40 51.88

StyleAdv-FT [13] RN10 Y Y 3576+0.52 72.92+0.75 80.69+0.28  22.64+0.35 53.00

PMF [20] ViT/DINO Y Y 30.36+0.36 70.74+0.63  80.79+0.62  21.73+0.30 50.91

StyleAdv-FT [13] ViT/DINO Y Y 33994046 74.93+0.58 84.11+0.57 22.92+0.32 53.99

FLoR [74] ViT/DINO Y Y 35.49 73.09 83.55 23.26 53.85

CD-CLS [75] ViT/DINO Y Y 35.56 74.97 84.53 23.39 54.62

- AttnTemp [73] ViT/DINO Y Y 38.05 75.09 84.78 23.63 55.39
% FN+VDB [58] RNI18 - Y 32.96+0.57 69.67+0.80  79.68+0.74  22.64+0.41 51.24
- IM-DCL [53] RN10 - Y 38.13+x0.57 77.14+0.71  84.37+0.99  23.98+0.79 5591
z StepSTP [54] ViT/CLIP - Y 3297+0.27 70.01+£0.21  84.84+0.72  22.84+0.95 52.68
E CoOp [69] ViT/CLIP - Y 32.86+047 72.08+0.66  80.50+0.74  21.65+0.32 51.77
Tip-Adapter [63] ViT/CLIP - Y 32.68+0.37 75.44+0.51 77.15£0.66  22.24+0.26 51.87

PromptSRC [26] ViT/CLIP - Y 31.86+0.57 73.44+0.71 76.15+0.89  21.16+0.36  50.65

PDA [1] ViT/CLIP - Y 3145044 69.68+0.71  79.20+£0.83  20.66+0.28 50.25

AMU-Tuning [44] ViT/CLIP - Y 3229+0.67 72.24+0.71 80.20£0.86  21.56+0.36 51.57

LP++ [22] ViT/CLIP - Y 33.63+x0.41 73.05+0.55 81.84+0.66 21.72+0.42 52.56

LDC [30] ViT/CLIP - Y 33.72+0.46 74.39+0.52 84.07£0.61  22.32+0.36 53.62

Maple [25] ViT/CLIP - Y 33.38+0.49 76.05+0.63  81.78+0.72  21.09+0.31 53.07

Maple + OURS ViT/CLIP - Y 35.11x0.51 76.92+0.65 82.51+0.69  21.64+0.34 54.05
CLIP-LoRA-Vision [60] ViT/CLIP - Y 36.40+042 81.72+0.52  84.62+0.62  21.86+0.32 56.07
CLIP-LoRA-Vision + OURS  ViT/CLIP - Y 38.12+0.48 85.02+0.46 87.20+0.51 22.68+0.41 58.26
SigLIP2-LoRA [46] ViT/SigLip2 - Y 33.47 74.16 87.50 21.44 54.14
SigLIP2-LoRA + OURS ViT/SigLip2 - Y 36.88 78.04 90.85 22.27 57.01
PE-Core-LoRA [3] ViT/PE-Core - Y 40.89 84.49 91.75 22.02 59.78
PE-Core-LoRA + OURS ViT/PE-Core - Y 45.01 86.83 93.03 23.66 62.14

ATA [48] RN10 Y 44.91+0.40 83.75+0.40  90.59+0.30  24.32+0.40 60.89

AFA [21] RN10 Y - 46.01+x0.40 85.58+0.40 88.06+0.30  25.02+0.20 61.17

wave-SAN [12] RN10 Y 44.93+0.67 85.22+0.71  89.70£0.64  25.63+0.49 61.37

StyleAdv [13] RN10 Y - 4577051 86.58+0.54  93.65+0.39  26.07+0.37 63.02

ATA-FT [48] RN10 Y Y 49.79+0.40 89.64+0.30 95.44+0.20  25.08+0.20 64.99

DARA [65] RN10 Y Y 56.28+0.66 85.84+0.54  95.32+0.34  27.54+0.42 66.25

StyleAdv-FT [13] RN10 Y Y 53.05+0.54 91.64+0.43  96.51+0.28  26.24+0.35 66.86

PMF [20] ViT/DINO Y Y 50.12 85.98 92.96 27.27 64.08

StyleAdv-FT [13] ViT/DINO Y Y 51.23+x0.51 90.12+0.33  95.99+0.27  26.97+0.33  66.08

FLoR [74] ViT/DINO Y Y 53.06 90.75 96.47 27.02 66.83

CD-CLS [75] ViT/DINO Y Y 54.69 91.53 96.27 27.66 67.54

- AttnTemp [73] ViT/DINO Y Y 5491 90.82 96.66 28.03 67.61
4:: FN+VDB [58] RN18 - Y 47.48+0.59 87.31+0.50 94.63+0.37  25.55+0.43 64.74
A IM-DCL [53] RN10 - Y 52.74+0.69 89.47+0.42 95.73+0.38 28.93+0.41 66.72
z StepSTP [54] ViT/CLIP - Y 52124036 89.40+1.05 96.01+0.88  26.36+0.97 65.97
E CoOp [69] ViT/CLIP - Y 4578+0.75 85.88+0.49  93.31+0.57  23.35+0.50 62.08
Tip-Adapter [63] ViT/CLIP - Y 46.96+0.59 87.24+0.33  94.19+0.39  24.07+0.44 63.12

PromptSRC [26] ViT/CLIP - Y 46.09+0.48 86.54+0.49 89.97+0.41 23.51+0.47 61.52

PDA [1] ViT/CLIP - Y 45.19+0.62 86.21+0.44  92.67+0.39  21.87+0.33 61.48

AMU-Tuning [44] ViT/CLIP - Y 44.60+£0.62 88.47+0.39  94.26+0.52  23.34+0.41 62.66

LP++[22] ViT/CLIP - Y 48.49+0.44 87.48+0.42 94.47+0.38 23.89+0.29 63.58

LDC [30] ViT/CLIP - Y 49.70+£0.33 90.82+0.22  96.71+0.34  25.89+0.21 65.78

Maple [25] ViT/CLIP - Y 4835+0.75 89.04+0.52 93.50+0.54  22.96+0.50 63.46

Maple + OURS ViT/CLIP - Y 50.01£0.78 91.00+0.50 94.48+0.50 23.45+0.49 64.74
CLIP-LoRA-Vision [60] ViT/CLIP - Y 5222+0.71 93.31+0.47 95.88£0.42  24.61+x0.47 66.50
CLIP-LoRA-Vision + OURS  ViT/CLIP - Y 56.14+0.46 94.14+0.34  96.64+0.39  26.61+0.43 68.38
SigLIP2-LoRA [46] ViT/SigLip2 - Y 51.79 91.39 96.43 24.24 65.96
SigLIP2-LoRA + OURS ViT/SigLip2 - Y 55.12 92.10 97.37 26.44 67.43
PE-Core-LoRA [3] ViT/PE-Core - Y 58.81 94.07 97.25 24.44 68.64
PE-Core-LoRA + OURS ViT/PE-Core - Y 61.41 94.83 98.13 26.77 70.29
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Table 4. Detailed results for 11 datasets using ViT-B/16 as the visual backbone are presented. Top-1 accuracy, averaged over 3 random
seeds, is reported. The highest value is highlighted in bold, and the second-highest performance is underlined.

Shots Method ImageNet SUN  Aircraft EuroSAT Cars Food Pets Flowers Caltech DTD UCF Average
CoOp(4) 68.0 67.3 26.2 50.9 67.1 826 903 721 93.2 50.1  70.7 67.2
CoOp(16) 65.7 67.0 20.8 56.4 67.5 843 90.2 78.3 92.5 50.1 712 67.6
CoCoOp 69.4 68.7 28.1 55.4 67.6 849 919 73.4 94.1 52.6 704 68.8
TIP-Adapter-F 69.4 67.2 28.8 67.8 67.1 858 90.6 83.8 94.0 51.6 734 70.9
CLIP-Adapter 67.9 65.4 25.2 49.3 65.7 86.1 89.0 71.3 92.0 442 66.9 65.7
PLOT++ 66.5 66.8 28.6 65.4 68.8 862 919 80.5 94.3 546 743 70.7
1 KgCoOp 68.9 68.4 26.8 61.9 66.7 864 92.1 74.7 94.2 527 728 69.6
TaskRes 69.6 68.1 31.3 65.4 68.8 846 90.2 81.7 93.6 538 71.7 70.8
MaPLe 69.7 69.3 28.1 29.1 67.6 854 914 74.9 93.6 50.0 71.1 66.4
ProGrad 67.0 67.0 28.8 57.0 682 849 914 80.9 93.5 528 733 69.5
LDC 69.5 68.0 27.5 78.4 682 858 913 83.6 93.8 582 732 72.5
CLIP-LoRA 70.4 70.4 30.2 72.3 70.1 843 923 83.2 93.7 543 763 72.5
CLIP-LoRA + Ours 70.4 70.7 30.9 78.4 70.7 86.5 924 83.9 93.9 548 764 73.5
CoOp(4) 68.7 68.0 28.1 66.2 70.5 826 899 80.9 93.0 537 735 70.5
CoOp(16) 67.0 67.0 25.9 65.1 704 844 899 88.0 93.1 541 741 70.8
CoCoOp 70.1 69.4 29.3 61.8 684 859 919 77.8 94.4 523 734 70.4
TIP-Adapter-F 70.0 68.6 32.8 73.2 70.8 86.0 91.6 90.1 93.9 57.8 762 73.7
CLIP-Adapter 68.2 67.2 27.0 51.2 66.6 862 89.7 71.7 93.4 454  68.4 66.8
PLOT++ 68.3 68.1 31.1 76.8 732 863 923 89.8 94.7 56.7 76.8 74.0
2 KgCoOp 69.6 69.6 28.0 69.2 68.2 86.6 923 79.8 94.5 553 746 71.6
TaskRes 70.2 70.5 32.7 70.2 72.1 856 90.7 84.4 94.3 55.6 752 72.9
MaPLe 70.0 70.7 29.5 59.4 685 865 91.8 79.8 94.9 50.6  74.0 70.5
ProGrad 69.1 69.0 31.1 66.3 724 848 915 87.5 93.6 56.0 75.6 72.4
LDC 69.8 69.6 30.0 81.7 70.75 86.1 912 88.7 94.3 622 759 74.5
CLIP-LoRA 70.8 71.3 332 82.7 732 832 913 89.8 94.6 59.9 80.0 75.5
CLIP-LoRA + Ours 70.8 72.3 33.4 83.1 735 86.6 92.5 90.4 94.7 60.8  79.5 76.2
CoOp (4) 69.7 70.6 29.7 65.8 734 835 923 86.6 94.5 585 78.1 73.0
CoOp (16) 68.8 69.7 30.9 69.7 744 845 925 922 94.5 59.5 776 74.0
CoCoOp 70.6 70.4 30.6 61.7 69.5 863 927 81.5 94.8 557 753 71.7
TIP-Adapter-F 70.7 70.8 35.7 76.8 741 865 919 92.1 94.8 59.8  78.1 75.6
CLIP-Adapter 68.6 68.0 27.9 51.2 67.5 865 908 73.1 94.0 46.1  70.6 67.7
PLOT++ 70.4 71.7 353 83.2 763 865 92.6 92.9 95.1 624 798 76.9
4 KgCoOp 69.9 71.5 322 71.8 69.5 869 92.6 87.0 95.0 587 776 739
TaskRes 71.0 72.7 334 74.2 76.0 86.0 919 85.0 95.0 60.1  76.2 74.7
MaPLe 70.6 71.4 30.1 69.9 70.1  86.7 933 84.9 95.0 59.0 77.1 73.5
ProGrad 70.2 71.7 34.1 69.6 75.0 854 92.1 91.1 94.4 597 779 74.7
LDC 71.0 72.9 31.9 86.3 75.1  86.7 91.8 93.9 95.2 66.4 79.7 71.3
CLIP-LoRA 71.4 72.8 37.9 84.9 774 827 91.0 93.7 95.2 63.8 8I.1 77.4
CLIP-LoRA + Ours 71.4 73.7 39.2 86.4 78.0 87.0 934 94.3 95.8 652 813 78.7
CoOp(4) 70.8 72.4 37.0 74.7 76.8 833 921 95.0 94.7 63.7 798 76.4
CoOp(16) 70.6 71.9 38.5 77.1 79.0 827 913 94.9 94.5 64.8  80.0 76.8
CoCoOp 70.8 71.5 32.4 69.1 704 87.0 933 86.3 94.9 60.1 759 73.8
TIP-Adapter-F 71.7 73.5 395 81.3 783 869 91.8 94.3 95.2 66.7 82.0 78.3
CLIP-Adapter 69.1 71.7 30.5 61.6 70.7 869 919 833 94.5 50.5  76.2 71.5
PLOT++ 71.3 73.9 41.4 88.4 81.3 86.6 93.0 95.4 95.5 66.5 828 79.6
8 KgCoOp 70.2 72.6 34.8 73.9 728 87.0 93.0 91.5 95.1 65.6  80.0 76.0
TaskRes 72.3 74.6 40.3 71.5 79.6  86.4 92.0 96.0 95.3 66.7 81.6 78.4
MaPLe 71.3 73.2 33.8 82.8 71.3 872 931 90.5 95.1 63.0 79.5 76.4
ProGrad 71.3 73.0 37.7 77.8 78.7 86.1 922 95.0 94.8 639 80.5 77.4
LDC 72.4 75.5 38.0 90.8 797 869 925 96.0 95.9 71.5  80.9 80.0
CLIP-LoRA 72.3 74.7 45.7 89.7 82.1 831 917 96.3 95.6 67.5 84.1 80.3
CLIP-LoRA + Ours 72.4 75.5 48.6 90.9 825 873 94.0 96.9 95.9 69.5 84.1 81.6
CoOp(4) 71.5 74.6 40.1 83.5 79.1 851 924 96.4 95.5 69.2 819 79.0
CoOp(16) 71.9 74.9 432 85.0 829 842 920 96.8 95.8 69.7 83.1 80.0
CoCoOp 71.1 72.6 333 73.6 723 874 934 89.1 95.1 637 772 75.4
TIP-Adapter-F 73.4 76.0 44.6 85.9 823 86.8 92.6 96.2 95.7 70.8 839 80.7
CLIP-Adapter 69.8 74.2 34.2 71.4 740 87.1 923 92.9 94.9 594 80.2 75.5
PLOT++ 72.6 76.0 46.7 92.0 84.6 87.1 93.6 97.6 96.0 71.4 853 82.1
16 KgCoOp 70.4 733 36.5 76.2 748 872 932 93.4 95.2 68.7 81.7 71.3
TaskRes 73.0 76.1 44.9 82.7 835 869 924 97.5 95.8 71.5 84.0 80.8
MaPLe 71.9 74.5 36.8 87.5 743 874 932 94.2 95.4 68.4 814 78.6
ProGrad 72.1 75.1 43.0 83.6 829 858 928 96.6 95.9 68.8 827 79.9
LDC 73.8 76.9 47.8 92.1 84.1 873 933 97.8 96.4 77.0 844 82.8
CLIP-LoRA 73.6 76.1 54.7 92.1 863 842 924 98.0 96.4 72.0  86.7 83.0
CLIP-LoRA + Ours 73.4 76.9 57.3 92.5 86.6 87.7 945 98.4 96.5 732 86.1 84.0
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Pseudocode

Below is the pseudocode for fine-tuning the model in a few-shot learning setting. The parts highlighted in red correspond to
the implementation of our method. Our method can be implemented with just a few lines of code.

Algorithm 1 Suppressing Visual Learning and Relationship Alignment

Require: Pretrained VLMs with visual encoder 6,, and text encoder 6, tokenized prompts for all classes {rj}, few-shot

SV XN U AW~

U Y
R R O

N W

labeled samples {(x;, y;)}, and hyperparameters \ and /3.

. for each labeled sample (x;,y;) do

Obtain visual feature f; = 0, (x;)

: end for
: for each prompt r; € {7} do

Obtain text feature ¢; = 04(r;)
end for

: Compute logits S = FT L.

: Using S to compute cross-entropy 10oss Lyin.

: Compute visual feature similarity matrix A¥ = FF7.

. Compute text feature similarity matrix A* = 777,

: Randomly generate index I,.4y,q4.

: Compute class-shffle logits as S,qna = A[:, Irand)-

: Using S;.4nq as new logits to compute cross-entropy loss as the anti-visual loss L, .
: Fusing A" and A’ to get ATvs¢,

: Compute relationship alignment loss L.

: Total loss £ = Lyjm + BLra + ALl -
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