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1. Algorithm

Here, we provide the pseudocode algorithm of R-TPT to
show the process of our proposed defense method clearly.

Algorithm 1 Pseudocode of R-TPT.

Require: Test sample z;, CLIP model.

> Augment z; via AugMix to obtain views {xi}ﬁvzo and select
low-entropy views B.

> Update textual prompts via minimizing pointwise entropy of
selected views B via Eq.4.

> Obtain the reliability {r;}I_, of all views via Eq.6.

> Obtain the robust prediction by ensembling the predictions
{pi}}L, of all views weighted by the reliability {r;}1¥.

2. Datasets

We provide the content, number of categories and number
of images of all datasets involved in the experimental sec-
tion in Table 1.

3. Experimental Results

3.1. Results of Larger Backbone.

We evaluate our method using the CLIP-ViTL/14 model [3]
and present the results in Table 2. Our experiments demon-
strate that R-TPT outperforms all baseline methods in terms
of defense performance, highlighting its robustness even
when applied to large-scale backbone architectures. Also,
we observe that, in terms of clean adaptation performance,
only TPT and C-TPT exhibit positive gains, whereas the re-
maining methods suffer from negative transfer.

*To whom correspondence should be addressed.

liangjian92@gmail.com

Dataset Description # Classes # Test
Caltech101  Object images 100 2,465
Pets Pet images 37 3,669
Cars Car images 196 8,041
Flower102 Flower images 102 2,463
Aircraft Aircraft images 100 3,333
DTD Describable textures dataset 47 1,692
EuroSAT Sentinel-2 satellite images 10 8,100
UCF101 Human action images 101 3,783
ImageNet Object and scene images 1,000 50,000
ImageNet-A  Adversarially filtered images 200 7,500
ImageNet-V2 New test images 1,000 10,000
ImageNet-R Rendered images 200 30,000
ImageNet-S  Sketch-style images 1,000 50,889

Table 1. Introduction of all datasets involved in experiments.

3.2. Results Compared with Training-time defense
Methods.

Training-time defense methods [1, 2, 4] typically rely on
labeled data and robust pre-trained checkpoints to achieve
their performance. To ensure a fair comparison, we have
focused our main text on test-time baselines that utilize the
same resources as our proposed method. Here, we provide a
comprehensive evaluation of training-time methods on fine-
grained datasets in Tables 3, 4 to highlight the competitive
performance of R-TPT, even in the absence of external data
and pre-trained robust checkpoints. It is shown that R-TPT
not only remains competitive with training-time methods
but also achieves significantly better performance on clean
samples. More importantly, R-TPT can further improve the
robustness of training-time methods.
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Caltech101 Pets Cars
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Table 4. Results (%) of training-time defense methods on fine-grained classification datasets with pre-trained ViT-B/32 (e = 4.0).
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