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A. Implementation Detail

We train PromptOT for 30 epochs for the Base-to-Novel
Generalization benchmark and 2 epochs for the remain-
ing three benchmark settings, respectively. The respec-
tive epochs are fixed across all datasets. All experiments
are run on a node of the cluster with one V100 16GB
NVIDIA GPU. Following a deep prompting strategy, we
apply prompts to all transformer blocks for the first bench-
mark and the first three transformer blocks for the remain-
ing benchmarks, and we use four text prompts and four vi-
sion prompts. Following previous works [9], in For Base-
to-Novel Generalization benchmark, we set the first half of
classes as base classes and the remaining classes as novel
classes. Models are only trained on base classes. The accu-
racy is reported based on the evaluation of base classes and
novel classes, respectively. The overview of this framework
is shown in Fig. S1.

A.l. Datasets

We used the following datasets in our experiments:

Exps. 1 and 2. ImageNet [4], Caltechl101 [5], Oxford-
Pets [13], StanfordCars [10], Flowers102 [12], Food101 [1],
and FGVCAircraft [11], SUN397 [17], UCF101 [15],
DTD [2], and EuroSAT [6].

Exp. 3. ImageNet [4] as a source dataset and use ImageNet-
A [8], ImageNet-R [7], ImageNet-Sketch [16] and Ima-
geNetV2 [14].

A.2. Separate OT

The way of applying separate OT is similar to SRC loss.
Suppose the adapted vision features are presented as H =
{h?}1 | and adapted text features are presented as G =
{g'}%,. Again, n and C denote the number of samples
and number of classes, respectively. Similarly, we denote
the zero-shot vision features and text features as H ,, and
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Table S1. Wilcoxon signed-rank test on Exp 1.

PromptSRC VS Prompt-OT
P-value 0.016

H , respectively. The Separate OT is denoted as:
£SOT :EOT(Hast) +£or(G, st)- (1)
A.3. Reproducibility

The code and model weights will be publicly released upon
acceptance. In the supplementary zip file, we provide
the key code for the configuration and implementation
of our proposed method.

Our code is developed based on https://github.
com/muzairkhattak/PromptSRC.

B. Wilcoxon signed-rank test

We perform a Wilcoxon signed-rank test [3] to compare our
method with PromptSRC, the previous state-of-the-art, us-
ing harmonic mean accuracy as the evaluation metric. As
shown in Table S 1, our method achieves statistically signif-
icant improvements over PromptSRC (p-value j 0.05).

C. Limitation

While our proposed PromptOT framework demonstrates
strong performance across various benchmarks and in-
troduces theoretically grounded improvements over prior
prompt learning approaches, we acknowledge certain lim-
itations that open avenues for future exploration:

First, the OT-based regularization introduces additional
computational overhead compared to simpler constraints
(e.g., point-wise L2 losses). Although we adopt mini-batch
OT solvers to keep training efficient, the method still re-
quires access to additional computational resources.

Second, while our approach avoids relying on external
augmentations or auxiliary models (e.g., large LLMs), this
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Figure S1. The overview of our proposed framework. Only the prompt tokens are trainable, and the rest of the weights in both the zero-shot
encoders and the adapted encoders are frozen. Despite the cross-entropy L.. adopted, we also adopt the proposed joint optimal transport
loss Lot between joint zero-short representation and adapted representation to constrain the model.

also means it may not fully leverage certain recent advances
in generative or data-enhancement techniques. Integrating
such components in a resource-efficient manner could fur-
ther boost performance.
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