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A. Text Encoder is Better for Cross-Domain026

Task027

In the main text, we described the discovery of the lost layer028
and proposed the VtT model to address this issue. In this029
section, we provide additional insights into our previous030
findings and the design of our method. We conducted an031
in-depth comparison between the text encoder and the vi-032
sion encoder of CLIP, examining their differences and their033
impact in cross-domain scenarios.034

A.1. Different Thinking Patterns035

We examined the attention distribution corresponding to the036
CLS/EOS token in each layer of the CLIP’s vision and text037
encoder , as illustrated in Figure 1a and 1c. We have two038
discoveries: (1) In the vision encoder, shallow layers focus039

on specific semantic parts, while deeper layers shift to fo- 040
cusing on a small number of background non-semantic to- 041
kens. (2) In the text encoder, shallow layers concentrate on 042
contextual content, whereas deeper layers shift to focusing 043
on semantically rich category tokens. 044

We also quantitatively demonstrated this phenomenon. 045
We measured the attention weight ratio of category tokens 046
to all text tokens in each layer of the text encoder, as de- 047
picted by the red line in Figure 1d. The attention weight of 048
the EOS token to category tokens in shallow layers is nearly 049
zero, indicating that these blocks predominantly focus on 050
context rather than task-relevant semantic information. As 051
the layers deepen, this attention ratio increases, with over 052
60% of attention in the final layers directed towards aggre- 053
gating category-related token information. Similarly, in the 054
vision branch, we tracked the attention weight of the top 10 055
tokens with the highest attention in the final layer across all 056
layers, shown by the red line in Figure 1b. As the layers 057
deepen, these top 5% tokens capture approximately 60% of 058
the attention score. 059

A.2. How This Difference Influences Cross-Domain 060
Tasks 061

An intuitive hypothesis is that a text encoder model, which 062
focuses more on semantic information in the final layers, 063
should extract more domain-independent features. For in- 064
stance, the phrases “a photo of a dog” and “a photo of a 065
cartoon dog” should emphasize the semantic information 066
“dog” thereby mitigating the impact of domain-specific in- 067
formation like “cartoon”. To validate this hypothesis, we 068
measured the similarity of text and visual features from 069
different layers of the encoder for the same category but 070
from different domains on ImageNet-R. We use different 071
templates containing domain information to simulate cross- 072
domain conditions in the text branch, such as “a cartoon 073
photo of a dog” and “a photo of a painting-style dog”. The 074
results are shown by the blue line in Figure 1b and 1d. 075

In Figure 1d, the similarity of text features containing 076
different domain information declines in the initial layers 077
but increases in the final layers, supporting our hypothesis. 078
The text encoder in the final layers (believed to emphasize 079
classification tasks) stresses category-related semantic in- 080
formation. Consequently, the similarity of text descriptions 081
with the same semantics but different domain information 082
increases in these layers. The final extracted text charac- 083
teristics, which are dominated by semantic information, 084
are less sensitive to domain differences. The similarity 085
between text features of the same category but different do- 086
mains remains above 0.9, indicating that the text encoder 087
extracts domain-independent features. 088

Conversely, the vision encoder reduces its focus on se- 089
mantic parts in the final layers and shifts attention to a small 090
number of background tokens (Figure 1b, red line). The 091
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(a) (b)

(c) (d)

(e) (f)

Figure 1. (a) The attention distribution across different layers of the vision encoder. (b) The red line quantitatively shows the attention
weight percentage of the top 10 tokens with the highest attention weights in each layer, while the blue line shows the similarity of features
extracted by different layers of the vision encoder for visual samples from different domains but of the same category. A higher similarity
indicates more domain-independent features. (c) Visualization of the attention weight distribution across different layers of the text encoder.
(d) The red line quantitatively shows the attention weight percentage of the category name token in each layer of the text encoder, while
the blue line shows the similarity of features extracted by different layers of the text encoder for textual descriptions with different domain
information but containing the same category name. A higher similarity indicates more domain-independent features. (e) Domain distance
between visual features and text features extracted by the CLIP model when transferred from the ImageNet dataset (source domain) to
downstream cross-domain datasets. (f) Cross-domain transfer experiments of visual and textual features from different domains.

similarity between features of the same category but dif-092
ferent domains is nearly 1 in the initial layers but signifi-093
cantly decreases in the final layers. This indicates that the094
vision encoder’s “domain-sensitive” approach in the final095
layers amplifies the impact of domain differences, result-096
ing in a similarity of around 0.77, much lower than the text097
encoder’s 0.9.098

A.3. Experimental Proof099

We also conducted specific experiments to demonstrate that,100
compared to the vision encoder, the text encoder in CLIP101
contains more domain-independent information, making it102
easier to transfer to cross-domain tasks.103

We utilized the CKA [22] (Centered Kernel Alignment)104
similarity metric to measure domain distance between vi-105
sual features and text features extracted by the CLIP model106
when transferred from the ImageNet dataset (source do-107
main) to downstream cross-domain datasets. A higher CKA108
similarity indicates a smaller domain distance, suggesting109

that the encoder contains less domain-specific information. 110
As shown in Figure 1e, the CKA metric for text features is 111
consistently higher than that for visual features across all 112
downstream datasets, indicating that the text encoder ex- 113
tracts more domain-independent text features. 114

To further demonstrate the robustness of the text encoder 115
against domain information, we conducted cross-domain 116
experiments with visual and text features. We selected the 117
Office-Home dataset [42], which contains category names 118
and visual images of the same categories from four dif- 119
ferent domains. Using LoRA, we fine-tuned the vision 120
and text branches separately on the datasets from the four 121
domains, recorded the resulting visual and text features, 122
and performed cross-combination CLIP classification tasks. 123
The results, shown in Figure 1f, indicate that when we fix 124
the visual features (vertical axis) and vary the text features 125
(horizontal axis), the performance change is minimal. This 126
implies that the text features extracted from different do- 127
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Table 1. In various backbone versions of the CLIP model, masking
a specific layer of the text encoder can lead to significant perfor-
mance improvements in zero-shot SF-CDFSL tasks.

Backbone CropDisease EuroSAT ISIC ChestX

Full Masked Full Masked Full Masked Full Masked

VIT-RN50 34.7 37.8+3.1 38.0 39.4+1.4 24.7 28.1+3.4 19.9 20.1+0.2

VIT-RN101 34.1 35.6+1.5 38.1 40.3+2.2 27.6 27.7+0.1 19.6 20.0+0.4

VIT-B16 39.8 44.0+4.2 54.8 63.2+8.4 27.3 29.2+1.9 21.8 21.9+0.1

VIT-L14 52.2 55.2+3.0 69.7 71.2+1.5 27 29.8+2.8 21.7 22.5+0.8

Table 2. When employing different PEFT methods for 5-way 1-
shot SF-CDFSL tasks, training after removing a specific layer of
the text encoder can achieve better performance compared to using
the complete text encoder.

Method CropDisease EuroSAT ISIC ChestX

Full Masked Full Masked Full Masked Full Masked

Lora-Vison 82.5 85.0+2.5 81.8 82.4+0.6 35.4 36.3+0.9 21.5 21.8+0.3

Lora-Text 83.1 83.3+0.2 74.1 74.6+0.5 34.4 34.5+0.1 21.4 22.2+0.8

Lora-Both 84.3 84.6+0.3 81.4 82.9+1.5 33.6 34.3+0.7 22.4 22.7+0.3

Maple 81.8 82.6+0.8 76.5 77.2+0.7 33.6 33.8+0.2 21.3 22.2+0.9

mains are relatively consistent and have good transferabil-128
ity. Conversely, when we fix the text features and vary129
the visual features (viewed from top to bottom), the per-130
formance varies significantly, indicating that the visual fea-131
tures learned from different domains are vastly different and132
less transferable. The right part of Figure 1f illustrates the133
standard deviation in classification accuracy as visual and134
text features change.135

A.4. Conclusion and Discussion136

Through our analysis, we found that compared to the vi-137
sion encoder, the text encoder in CLIP: (1) operates in a138
semantically-driven manner, making it less sensitive to do-139
main information, and (2) its information transfers better to140
cross-domain tasks. These findings further validate our pro-141
posed idea of “teaching the vision encoder to think like the142
text encoder”, emphasizing its significance and necessity in143
cross-domain scenarios.144

B. Widespread Occurrence of the Lost Layer145

We find that the phenomenon of shortcut layers is preva-146
lent in CLIP of different backbones, as shown in Table 1.147
Moreover, this phenomenon persists even after fine-tuning148
with a few samples, as seen in Table 2. It is evident that re-149
moving a certain layer from the text encoder (Masked) con-150
sistently improves classification performance across four151
cross-domain few-shot datasets.152

C. Detailed V-T Fusion Module Ablation153

Additionally, we demonstrate the performance of various154
methods for integrating the outputs of the text encoder and155
visual encoder to highlight the rationality and effectiveness156

Table 3. Further ablation study for V-T Fusion module on 5-way
1-shot task.

Method Crop. EuroSAT ISIC ChestX Avg

V-T Fusion 87.0 85.0 38.2 22.7 58.2
V-T Fusion(R.) 86.2 84.5 38.1 22.2 57.7
V-T Fusion(2D) 86.9 84.7 38.4 22.7 58.2

V Fusion 86.0 83.4 37.3 21.8 57.1
T Fusion 86.2 83.9 37.9 22.1 57.5

V-T Mean 85.9 83.5 36.9 21.6 57.0
T Mean 85.7 83.5 37.5 21.7 57.1
V Mean 85.8 83.6 37.3 21.5 57.0

Table 4. Ablation study for SSM network.

Method Crop. Euro. ISIC ChestX Avg

SSM (OURS) 87.0 85.0 38.2 22.7 58.2
MH Attention 85.3 84.2 37.3 22.1 57.2
RNN 85.9 83.9 36.9 22.2 57.2
LSTM 85.8 84.3 37.6 22.1 57.4

of our V-T Fusion module. First, we compare the per- 157
formance of different scanning strategies used in the V-T 158
Fusion module to generate Li, as shown in the first three 159
rows of Table 3. Our approach, V-T Fusion, uses a deep-to- 160
shallow scanning strategy. In contrast, V-T Fusion(R.) rep- 161
resents the reverse, using a shallow-to-deep scanning strat- 162
egy. V-T Fusion(2D) involves scanning in both directions, 163
with both sequences fed into the subsequent SSM network, 164
and their outputs combined. As shown, V-T Fusion achieves 165
the best performance. Although V-T Fusion(2D) yields sim- 166
ilar results, considering computational complexity, we opt 167
for the single-scan V-T Fusion method. 168

We also compare other methods of integrating visual and 169
text features from each layer, with results shown in rows 4 170
to 8 of Table 3. T Fusion and V Fusion denote learning with 171
only the text output and visual input, respectively, into the 172
SSM network. V-T Mean, T Mean, and V Mean denote av- 173
eraging the outputs of all layers from both branches, only 174
the text branch, and only the visual branch, respectively. It 175
is evident that none of these methods outperform our pro- 176
posed V-T Fusion approach. 177

D. Replacing SSM Network 178

In the V-T Fusion module, we use the SSM network to 179
serialize and fuse information from the visual-text feature 180
sequences (see Equation 8 in the main text). In this sec- 181
tion, we further evaluate the performance of other meth- 182
ods that replace the SSM network. The comparison meth- 183
ods mainly fall into two categories: the first category in- 184
cludes sequential modeling methods such as RNN [54] and 185
LSTM [34]. The second category includes attention mech- 186
anism networks like Multi-Head Attention [41]. The results 187

3



CVPR
#

CVPR
#

CVPR 2026 Submission #. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

(a) (b)

Figure 2. (a) In the source domain (ImageNet), performance on sampled sub-tasks containing 100 different categories shows that optimal
performance is almost always achieved using the complete text encoder, suggesting that the category composition is not the cause of the
shortcut layer. (b) Cosine similarity between the visual features and the corresponding textual features extracted by the model before and
after applying our method.

(a) base (b) ours

Figure 3. t-SNE [30] visualization results for the ImageNet-R [13]
(5 classes: glodfish, hammerhead shark, tiger shark, stingray and
hen). Different colors denote samples from different domain, and
different shapes indicate samples of different classes.

are shown in Table 4. It can be seen that none of these meth-188
ods outperforms the SSM network used by us.189

E. Semantic Information Does Not Cause the190

Lost Layer191

The results in Figure 2(d) of the main text demonstrate that192
changes in the visual domain are the primary factor causing193
the lost layer. To further confirm that category information194
is not the primary factor for the shortcut layer phenomenon,195
we sampled 100 categories from ImageNet each time to cre-196
ate 500 sub-tasks, each containing different category infor-197
mation. We recorded the classification performance of us-198
ing the full text encoder (Full Result) and best performance199
achieved after removing a specific layer from the text en-200
coder (Masked Max Result). The results, as depicted in201
Figure 2a, indicate that the shortcut layer phenomenon is202
absent in nearly all sub-tasks on ImageNet.203

F. Specific Effects of the VtT Model 204

The results in Figure 1(c) of the main text demonstrate that 205
the lost layer disappears when our method is applied, indi- 206
cating that our approach effectively leverages the informa- 207
tion from the text encoder. We further elucidate the impact 208
of our method through additional experiments. 209

F.1. Enhancing Alignment 210

Firstly, we measure the cosine similarity between the visual 211
features and the corresponding textual features extracted by 212
the model before and after applying our method. The re- 213
sults, shown in Figure 2b, indicate that our method increase 214
the similarity between the visual and text features, enhanc- 215
ing cross-modal alignment. 216

F.2. More Domain-Independent Features 217

We also visualized the features extracted by the model for 218
images from five categories within the ImageNet-R dataset, 219
across different domains, before and after applying our 220
method. The results are presented in Figure 3. In these 221
visualizations, colors represent the domains from which the 222
samples originate, and different shapes denote different cat- 223
egories. Before applying our method, it is evident that 224
the categories were difficult to distinguish (points of dif- 225
ferent shapes are mixed together), and samples from dif- 226
ferent domains were clearly separated (points of the same 227
shape but different colors are distinctly divided). This indi- 228
cates that the features extracted by the model were domain- 229
dependent. However, after applying our method, we ob- 230
served an improvement in classification results (points of 231
different shapes are separated), and the model extracted 232
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(a) ”a photo of a Industrial Buildings.” (b) ”a photo of a Vascular Lesion.”

(c) ”a photo of a Benign Keratosi.” (d) ”a photo of a Tomato Yellow Leaf Curl Virus.”

Figure 4. The attention maps of the three models. From left to right: the original image, the baseline result, baseline + remove (see Figure
2(c) in the main text) result, and the result of ours. Black boxes highlight areas of incorrect attention, while white boxes highlight areas
of missing attention. Sim represents the cosine similarity between the image features and the text features. A higher similarity indicates
better alignment.

consistent features for samples from the same category233
but different domains (points of the same shape but dif-234
ferent colors are nearly indistinguishable). This suggests235
that our method enables the model to extract more domain-236
independent features.237

F.3. Reclaiming the Lost Layer Information238

We illustrate the specific changes in the model before and239
after leveraging the information from the lost layer through240
several examples. Figure 4 shows, from left to right: (1)241
the original image; (2) when using the full text encoder,242
the model incorrectly focuses on non-semantic parts (high-243
lighted by the black box); (3) after removing the lost layer,244
these incorrect focuses disappear, but some effective atten-245
tion areas (highlighted by the white box) are lost; (4) our246
method eliminates the incorrect focuses while preserving247
the effective attention areas, achieving an appropriate focus248
range and better feature alignment.249

G. Extended Results on CDFSL Task250

Table 5 is an extended version of Table 2 in the main251
text. It includes the performance of various models on252
four CDFSL datasets under different settings. These set-253
tings involve different backbones (CLIP [32], SigLIP2 [39],254
and PE-Core [3]), the use of a source dataset (Source),255
and whether fine-tuning on the target domain is applied256
(FT). Specifically, the methods include ATA [43], AFA [16],257
wave-SAN [8], StyleAdv [9], StyleAdv-FT (fine-tuned258
StyleAdv), DARA [58], PMF [15], FLoR [67], CD-259
CLS [68], AttnTemp [66], VDB [52], IM-DCL [47], Step-260
STP [48], CoOp [62], Tip-Adapter [56], AMU-Tuning [36],261
LP++ [17], LDC [25], Maple [18], and CLIP-LoRA [53],262
which are introduced as our competitors.263

H. Few Shot Learning Results on Meta-dataset 264

We further demonstrate the effectiveness of our method on 265
the Meta-dataset [38]. We compare our method with the 266
most recent CLIP-based methods and present the results in 267
Table 6. For results on datasets ISIC, EuroSAT, ChestX, 268
and CropDisease, please refer to Table 5. This comparison 269
includes both fully fine-tuned methods [35, 45] and prompt- 270
tuning methods [4, 18] of CLIP. As shown in Table 6, our 271
method, when added to CLIP-LoRA [53], effectively en- 272
hances its performance, achieving an improvement of ap- 273
proximately 3 points in the 1-shot scenario. Additionally, 274
CLIP-LoRA + OURS achieves the highest average perfor- 275
mance to date in both 1-shot and 5-shot tasks. 276

I. Detailed Implementation Details. 277

We adopt the ViT-Base/16 network as the backbone, uti- 278
lizing parameters pre-trained by CLIP [32], SigLIP2 [39] 279
and PE-Core [3]. In every layer of the visual branch, we 280
incorporate the LoRA [14] structure for fine-tuning. For 281
each layer’s LoRA component, we set r = 16 and α = 8. 282
Following the methodology in [48], we perform data aug- 283
mentation on the support samples in each episode. Sub- 284
sequently, we train the model for 250 epochs, using two 285
hyperparameters, β and λ (refer to Method). And for all 286
settings, we fix β = 7 and λ = 50. We evaluate each model 287
using 15 query samples per class, randomly selecting 800 288
episodes, and report the results (in percentage) with a 95% 289
confidence interval. All training and testing procedures are 290
conducted on a single NVIDIA GeForce RTX 3090. 291
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Table 5. The accuracy(%) of four target domain datasets under 5-way 1-shot and 5-way 5-shot tasks. The use of a source dataset (Source),
and whether fine-tuning on the target domain is applied (FT)

Task Method backbone Source FT ISIC EuroSAT CropDisease ChestX Avg
ATA [43] RN10 Y - 33.21±0.40 61.35±0.50 67.47±0.50 22.10±0.20 46.03
AFA [16] RN10 Y - 33.21±0.30 63.12±0.50 67.61±0.50 22.92±0.20 46.72

wave-SAN [8] RN10 Y - 33.35±0.71 69.64±1.09 70.80±1.06 22.93±0.49 49.18
StyleAdv [9] RN10 Y - 33.96±0.57 70.94±0.82 74.13±0.78 22.64±0.35 50.42
ATA-FT [43] RN10 Y Y 34.94±0.40 68.62±0.50 75.41±0.50 22.15±0.20 50.28
DARA [58] RN10 Y Y 36.42±0.64 67.42±0.80 80.74±0.76 22.92±0.40 51.88

StyleAdv-FT [9] RN10 Y Y 35.76±0.52 72.92±0.75 80.69±0.28 22.64±0.35 53.00

5-
w

ay
1-

sh
ot

PMF [15] ViT/DINO Y Y 30.36±0.36 70.74±0.63 80.79±0.62 21.73±0.30 50.91
StyleAdv-FT [9] ViT/DINO Y Y 33.99±0.46 74.93±0.58 84.11±0.57 22.92±0.32 53.99

FLoR [67] ViT/DINO Y Y 35.49 73.09 83.55 23.26 53.85
CD-CLS [68] ViT/DINO Y Y 35.56 74.97 84.53 23.39 54.62
AttnTemp [66] ViT/DINO Y Y 38.05 75.09 84.78 23.63 55.39
FN+VDB [52] RN18 - Y 32.96±0.57 69.67±0.80 79.68±0.74 22.64±0.41 51.24
IM-DCL [47] RN10 - Y 38.13±0.57 77.14±0.71 84.37±0.99 23.98±0.79 55.91
StepSTP [48] ViT/CLIP - Y 32.97±0.27 70.01±0.21 84.84±0.72 22.84±0.95 52.68

CoOp [62] ViT/CLIP - Y 32.86±0.47 72.08±0.66 80.50±0.74 21.65±0.32 51.77
Tip-Adapter [56] ViT/CLIP - Y 32.68±0.37 75.44±0.51 77.15±0.66 22.24±0.26 51.87
PromptSRC [19] 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 31.45±0.44 69.68±0.71 79.20±0.83 20.66±0.28 50.25
AMU-Tuning [36] ViT/CLIP - Y 32.29±0.67 72.24±0.71 80.20±0.86 21.56±0.36 51.57

LP++ [17] ViT/CLIP - Y 33.63±0.41 73.05±0.55 81.84±0.66 21.72±0.42 52.56
LDC [25] ViT/CLIP - Y 33.72±0.46 74.19±0.52 83.77±0.81 22.12±0.36 53.45

Maple [18] 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 34.06±0.53 82.25±0.75 82.66±0.72 21.64±0.34 55.15

CLIP-LoRA-Vision [53] ViT/CLIP - Y 36.40±0.42 81.72±0.52 84.22±0.62 21.86±0.32 55.97
CLIP-LoRA-Vision + OURS ViT/CLIP - Y 38.20±0.45 85.01±0.41 87.00±0.53 22.70±0.33 58.23

SigLIP2-LoRA [39] ViT/SigLip2 - Y 33.47 74.16 87.50 21.44 54.14
SigLIP2-LoRA + OURS ViT/SigLip2 - Y 35.34 76.10 89.72 22.00 55.79

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 42.20 86.16 92.61 23.04 61.00

ATA [43] RN10 Y - 44.91±0.40 83.75±0.40 90.59±0.30 24.32±0.40 60.89
AFA [16] RN10 Y - 46.01±0.40 85.58±0.40 88.06±0.30 25.02±0.20 61.17

wave-SAN [8] RN10 Y - 44.93±0.67 85.22±0.71 89.70±0.64 25.63±0.49 61.37
StyleAdv [9] RN10 Y - 45.77±0.51 86.58±0.54 93.65±0.39 26.07±0.37 63.02
ATA-FT [43] RN10 Y Y 49.79±0.40 89.64±0.30 95.44±0.20 25.08±0.20 64.99
DARA [58] RN10 Y Y 56.28±0.66 85.84±0.54 95.32±0.34 27.54±0.42 66.25

StyleAdv-FT [9] RN10 Y Y 53.05±0.54 91.64±0.43 96.51±0.28 26.24±0.35 66.86

5-
w

ay
5-

sh
ot

PMF [15] ViT/DINO Y Y 50.12 85.98 92.96 27.27 64.08
StyleAdv-FT [9] ViT/DINO Y Y 51.23±0.51 90.12±0.33 95.99±0.27 26.97±0.33 66.08

FLoR [67] ViT/DINO Y Y 53.06 90.75 96.47 27.02 66.83
CD-CLS [68] ViT/DINO Y Y 54.69 91.53 96.27 27.66 67.54
AttnTemp [66] ViT/DINO Y Y 54.91 90.82 96.66 28.03 67.61
FN+VDB [52] RN18 - Y 47.48±0.59 87.31±0.50 94.63±0.37 25.55±0.43 64.74
IM-DCL [47] RN10 - Y 52.74±0.69 89.47±0.42 95.73±0.38 28.93±0.41 66.72
StepSTP [48] ViT/CLIP - Y 52.12±0.36 89.40±1.05 96.01±0.88 26.36±0.97 65.97

CoOp [62] ViT/CLIP - Y 45.78±0.75 85.88±0.49 93.31±0.57 23.35±0.50 62.08
Tip-Adapter [56] ViT/CLIP - Y 46.96±0.59 87.24±0.33 94.19±0.39 24.07±0.44 63.12
PromptSRC [19] 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 [36] ViT/CLIP - Y 44.60±0.62 88.47±0.39 94.26±0.52 23.34±0.41 62.66

LP++ [17] ViT/CLIP - Y 48.49±0.44 87.48±0.42 94.47±0.38 23.89±0.29 63.58
LDC [25] ViT/CLIP - Y 49.70±0.33 90.82±0.22 96.71±0.34 25.89±0.21 65.78

Maple [18] ViT/CLIP - Y 48.35±0.75 89.04±0.52 93.50±0.54 22.96±0.50 63.46
Maple + OURS ViT/CLIP - Y 49.81±0.78 92.24±0.42 94.62±0.53 24.04±0.50 65.18

CLIP-LoRA-Vision [53] ViT/CLIP - Y 52.22±0.71 93.31±0.47 95.88±0.42 24.61±0.47 66.50
CLIP-LoRA-Vision + OURS ViT/CLIP - Y 56.20±0.41 94.58±0.31 97.21±0.35 26.42±0.31 68.57

SigLIP2-LoRA [39] ViT/SigLip2 - Y 51.79 91.39 96.43 24.24 65.96
SigLIP2-LoRA + OURS ViT/SigLip2 - Y 55.11 92.70 97.63 25.54 67.75

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 60.03 94.67 98.36 27.05 70.05
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Table 6. Detailed results for meta-dataset [38] with the ViT-B/16 as visual backbone. Highest value is high lighted inbold.

Shots Method Omniglot Traffic Signs MSCOCO Textures CUB Quickdraw Aircraft VGG Flower Fungi Mini-test Average

1-
sh

ot

WiSE-FT 83.56 60.84 67.28 63.55 81.16 62.54 62.64 73.14 59.10 93.55 70.73
FD-Align 83.81 57.32 65.91 66.05 82.88 64.49 62.90 79.87 57.05 95.04 71.53
MaPLe 77.82 56.45 68.55 66.05 94.08 72.54 79.76 98.24 55.85 97.17 76.65

PromptMargin 87.01 67.24 72.86 69.25 96.97 74.84 83.94 98.43 61.16 99.17 81.08
CLIP-LoRA 90.29 78.45 83.45 84.75 93.90 76.08 80.83 97.57 64.59 98.97 84.88

CLIP-LoRA + OURS 95.01 85.40 83.89 86.27 95.97 82.37 84.02 97.94 66.68 98.99 87.64

5-
sh

ot

WiSE-FT 95.26 78.11 81.08 83.31 93.41 82.78 77.66 99.06 73.28 98.44 86.24
FD-Align 94.81 73.39 81.37 83.60 93.87 82.78 78.21 98.95 73.69 98.52 85.91

Maple 96.23 85.21 75.13 88.45 97.65 85.08 87.56 99.23 79.69 99.39 89.06
PromptMargin 96.37 87.55 76.68 88.71 97.12 85.21 86.53 99.27 80.91 99.19 89.75
CLIP-LoRA 98.78 94.50 86.61 90.66 96.60 89.33 87.44 99.29 82.68 99.10 92.49

CLIP-LoRA + OURS 99.40 96.73 86.67 91.06 97.83 90.11 87.63 99.51 84.18 99.20 93.22

J. Detailed Related Work292

J.1. Source-Free Cross-domain Few shot Learning293

Cross-Domain Few-Shot Learning (CDFSL) aims to train294
a model on a source domain that can generalize effectively295
to a target domain with limited examples. Existing meth-296
ods are typically categorized into two types: meta-learning-297
based approaches [8, 12, 16, 43] and transfer learning-based298
approaches [12, 28, 60, 66–68]. Source-Free Cross-Domain299
Few-Shot Learning (SF-CDFSL) introduces a stronger con-300
straint by making source domain data inaccessible. Current301
SF-CDFSL methods [48, 52, 64] primarily rely on large302
models, such as CLIP [32], leveraging their prior knowl-303
edge for classification in the target domain. However, no304
prior work has identified or analyzed the issue of the lost305
layer when using CLIP for CDFSL tasks.306

J.2. Parameter-Efficient Fine-Tuning307

A crucial area of research is the efficient application of308
Vision-Language Models (VLMs) to downstream tasks. A309
widely used approach to achieve this is parameter-efficient310
fine-tuning (PEFT), which involves utilizing only a small311
number of samples from the target task. PEFT focuses on312
adjusting a limited subset of the VLM’s parameters, en-313
abling the model to adapt to diverse applications without314
altering all pre-trained parameters. There are three main315
categories of PEFT methods: prompt learning, adapters,316
and LoRA (along with its variants). Prompt learning in-317
volves converting fixed templates into learnable parameters,318
as demonstrated in works like CoOp [62], CoCoOp [61],319
MaPLe [18], PLOT [6], ProGrad [63], PromptSRC [20],320
KgCoOp [50], PCB [2], DynaPrompt [46], TCP [51], and321
ATPrompt [27]. Moreover, Customized Ensemble [29] im-322
proves performance by combining outputs from multiple323
models, while PromptKD [26] explores knowledge distil-324
lation within prompt learning. Adapter-based methods,325
such as CLIP-Adapter [10], Tip-Adapter [57], LP++ [17],326
AMU-Tuning [36], LatHAdapter [59], MMA [49] and327
LDC [25]. Low-Rank Adaptation (LoRA) [14, 53] fine-328
tunes the model by adding learnable low-rank matrices329
while keeping the original parameters fixed. The new330

weights can be merged with the original ones, and LoRA 331
does not add extra inference time. Various studies have ex- 332
tended LoRA by adapting the rank for each matrix [40, 55], 333
improving its performance [5, 21, 65], or reducing memory 334
usage through quantization [7, 33] 335

J.3. Layer Redundancy 336

Research related to layer redundancy, such as [11, 23] in 337
LLMs, differs from ours. We focus on VLMs, such as 338
CLIP [32], and examine this phenomenon in the SF-CDFSL 339
task setting. Unlike previous studies [24, 31, 37, 44] which 340
focus on in-domain scenarios, consider these layers as re- 341
dundant, and employ a removal strategy, we study the SF- 342
CDFSL problem on VLM and find the information in these 343
layers actually beneficial for SF-CDFSL tasks, instead of 344
removing layers [23, 31, 37], we reclaim the lost layer and 345
demonstrate that this reclamation is a superior strategy com- 346
pared to removal. Our work provides a new perspective for 347
analyzing similar issue. 348

K. Broader Impact 349

In this paper, we observe the Lost Layer in CLIP un- 350
der cross-domain scenarios and reveal that the information 351
within the Lost Layer is actually beneficial for SF-CDFSL 352
tasks. However, changes in the visual domain lead to the 353
under-utilization of this information. We then propose the 354
VtT model to reutilize this information. Extensive experi- 355
ments validate our rationale and effectiveness. Our research 356
is crucial for future studies on fine-tuning VLM models in 357
cross-domain scenarios. From the perspective of shortcut 358
learning, it highlights the impact of the Lost Layer and dis- 359
cusses how to effectively utilize it. While our method has 360
been evaluated across four distinct target domains, offering 361
a promising initial assessment of its cross-domain applica- 362
bility, the diversity of these domains may not fully capture 363
all potential real-world scenarios. Future work will focus on 364
expanding our evaluations to include a broader range of tar- 365
get domains to better understand the method’s performance 366
in diverse real-world contexts. 367
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