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Supplementary Material

A. Datasets

Following previous works [18, 22, 23], we conduct ex-
tensive experiments on 11 diverse downstream tasks:
ImageNet-1K [3], StanfordCars [9], Caltechl101 [5],
UCF101 [17], Flowers102 [12], Food101 [1], DTD [2],
EuroSAT [8], FGVCAircraft [11], OxfordPets [13], and
SUN397 [20]. These datasets span a wide range of visual
domains and classification tasks. Among them, Oxford-
Pets (37 dog and cat breeds), Food101 (101 food classes),
StanfordCars (196 car classes), Flowers102 (102 flower
species), and FGVCAircraft (100 aircraft models) datasets
represent fine-grained classification tasks that require the
model to distinguish between visually similar subclasses.
EuroSAT (10 land use classes) focuses on remote sens-
ing image classification, while DTD (47 texture classes)
evaluates texture recognition capabilities. The remaining
datasets: Caltech101 (101 object classes), UCF101 (101
action classes), and SUN397 (397 scene classes) cover
general object recognition, action recognition, and scene
understanding, respectively. ImageNet-1K serves as our
primary benchmark with its comprehensive collection of
1,000 diverse object classes. To assess the model’s robust-
ness to out-of-distribution shifts, we also conduct general-
ization experiments on ImageNet-V2 [16] and ImageNet-
Sketch [19] datasets. ImageNet-V?2 represents a natural dis-
tribution shift from ImageNet-1K, while ImageNet-Sketch
introduces style variations by replacing natural images with
sketch-style images, presenting more challenging evalua-
tion scenarios.

B. More Experimental Results

B.1. Impact of Hyperparameters

We investigate the sensitivity of four main hyperparame-
ters in our framework on ImageNet-1K [3] under 16-shot
setting, including the number of descriptions M, trade-off
parameter «, uncertainty scale A, and fusion weight 8. As
shown in Fig. |, performance improves as M increases from
2 to 50, peaking at M = 50 before saturation. This indi-
cates that diverse descriptions capture richer semantics but
a moderate number is sufficient. For trade-off parameter
«, our model achieves the optimal balance when o« = 0.7,
while further increasing « leads to performance degrada-
tion. This demonstrates the importance of properly com-
bining initial semantic features and adapter-enhanced infor-
mation. The uncertainty scale )\ affects the sensitivity of
confidence measurement, and we find that a moderate value
of A = 0.4 works best, as extreme values under- or over-

emphasize prediction uncertainty. The fusion weight 3 is
relatively poor without fusion, and setting 5 = 0.5 achieves
the best results, while larger values show slight degradation.
This suggests that properly weighting different model pre-
dictions is crucial for an effective ensemble.
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Figure 1. Ablation studies for hyperparameters on ImageNet-1K.

B.2. CLIP Visual Encoders

Furthermore, we evaluate our method on the ImageNet-
1K [3] dataset with various CLIP visual encoders, covering
both CNN-based architectures, including ResNet-50 [7] and
ResNet-101 [7], and transformer-based architectures, in-
cluding ViT-B/32 [4] and ViT-B/16 [4]. Such a diverse eval-
uation protocol allows us to thoroughly examine whether
the effectiveness of our method is preserved under differ-
ent backbone designs. As shown in Table 1, our method
consistently outperforms existing approaches across all four
backbone variants. Notably, the performance gains remain
stable for both CNN-based and transformer-based encoders,
indicating that the proposed method is not tied to a specific
architecture. This strong performance demonstrates the su-
perior generalization ability, robustness, and scalability of
our method when applied to different CLIP visual encoders.

B.3. Analysis of Different Prompt Strategies

Table 2 presents the performance of VRGAdapter under
different prompt strategies, including simple prompts [15],
domain-specific hand-crafted prompts [15], and CuPL
prompts [14]. This comparison allows us to examine
whether the effectiveness of our method depends on a par-
ticular prompt design or can generalize across diverse tex-
tual descriptions. From the results, we observe that VR-
GAdapter consistently outperforms Vanilla CLIP [15] un-



Table 1. Ablation Study (%) of different CLIP visual encoders on
16-shot ImageNet-1K.

Models Backpone :
RN50 RNI101 ViT-B/32 ViT-B/16

ZS-CLIP [15] 58.18 61.62 62.05 66.73
CoOp [24] 62.95  66.60 66.85 71.92
CLIP-Adapter [6] 63.59  65.39 66.19 71.13
TaskRes [21] 6475  67.70 68.20 73.07
Tip-Adapter-F [22] | 65.51  68.56 68.65 73.69
GraphAdapter [10] | 65.70  68.23 68.80 73.68
CaFo [23] 68.79  70.82 70.82 74.48
AMU-Tuning [18] | 70.02  71.58 71.65 74.98
VRGAdapter 71.37 73.28 73.34 76.78

der all prompt settings on both DTD and ImageNet. This
suggests that our method can better exploit the semantic in-
formation provided by prompts and effectively enhance the
quality of text representations.

Table 2. Results on the 16-shot setting. Vanilla CLIP denotes the
original CLIP text embeddings. Simple: “a photo of a [class]”.
Hand-crafted: standard CLIP domain-specific prompts.

Method Prompting DTD ImageNet
Vanilla CLIP  Simple (M=1) 69.68 70.05
VRGAdapter Simple (M=1) 72.03 70.81
Vanilla CLIP Hand-crafted M=8) 70.35 70.23
VRGAdapter Hand-crafted (M=8) 72.58 71.02
Vanilla CLIP  CuPL (M=50) 71.39 70.41
VRGAdapter CuPL (M=50) 73.48 71.37

B.4. Core VRGAdapter without Ensemble

To further examine the intrinsic effectiveness of VR-
GAdapter, we remove the multi-branch ensemble and eval-
uate a simplified version that uses only the CLIP branch,
denoted as VRGAdapter*. This setting allows us to iso-
late the contribution of the core design of VRGAdapter,
independent of additional gains brought by model ensem-
bling. As shown in Table 3, even without the CLIP, MoCo,
and DINO ensemble, the VRGAdapter* consistently out-
performs both the Linear-probe CLIP [15] and the CLIP-
Adapter [6] across all shot settings. In particular, in the
16-shot setting, VRGAdapter* achieves 66.03% accuracy,
surpassing CLIP-Adapter by 2.44%. The improvements are
also stable under lower-shot setting, demonstrating that the
proposed adaptation strategy itself is highly effective even
in the absence of auxiliary visual branches.

B.5. Few-Shot Classification

Table 4 presents the detailed numerical results of our
method across 11 diverse downstream tasks under vari-
ous few-shot settings (1-shot, 2-shot, 4-shot, 8-shot, and
16-shot). Following standard practice, we conduct all ex-

Table 3. Results on ImageNet-1K. *: only CLIP, no ensemble .

Method 1-shot 2-shot 4-shot 8-shot 16-shot
Linear-probe CLIP [15] 22.17 31.90 41.20 49.52 56.13
CLIP-Adapter [6] 61.20 61.52 61.84 62.68 63.59
VRGAdapter* 6249 6292 63.57 64.60 66.03

periments with three random seeds and report the mean
accuracy together with the standard deviation. The re-
sults demonstrate that our proposed VRGAdapter consis-
tently outperforms state-of-the-art methods including Tip-
Adapter-F [22], GraphAdapter [10], CaFo [23], and AMU-
Tuning [ 18] across most datasets and settings. These results
clearly validate the superior adaptability, robustness, and
generalization ability of VRGAdapter across diverse down-
stream benchmarks.
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