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1 Theoretical Analysis

1.1 Proof of Theorem 1

Proof. According to the optimality of the closed-form solution, we have

∀pi, L(ρi−1, p∗i ) ≤ L(ρi−1, pi) (1)

With the gradient ascent of dual variables, we have
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Combining Eqns. 1 and 2, we have
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Summing i from 1 to n, we have
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By assuming ∥ρ∥2 ≤ γ and ηiρ = cρ/
√
i, we have∑
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1.2 Proof of Theorem 2

Proof. Due to the convexity of the loss function, we have

L(wi−1,xi)− L(w,xi) ≤ ⟨∇L(wi−1,xi)),w
i−1 −w⟩
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Assuming the norm of the gradient is bounded by σ as ∀i, ∥∇L(wi−1,xi))∥F ≤ σ
and summing i from 1 to n, we have
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2 Experiments

2.1 Ablation Study

Effect of text prompts Besides the 7 text prompts for the ensemble, we also
benchmark the performance with a single prompt as “a photo of a {class name}”
for the comparison in Tab. 1. The performance of ViT-B as vision encoder is
also evaluated. We denote the vanilla zero-shot transfer in CLIP as “Baseline”.

Table 1: Comparison of accuracy (%) for different text prompt strategies on ImageNet.
A single prompt is applied as “a photo of a {class name}” while 7 prompts are suggested
in [4, 5].

Method Single prompt 7 prompts Single prompt 7 prompts
ResNet-50: ViT-B/16:
Baseline 58.15 60.32 66.72 68.75
OnZeta 61.49 62.50 70.01 70.99

First, we can observe that the ensemble of prompts outperforms the single
prompt with a clear margin of about 2% on the baseline. It illustrates that the
vanilla zero-shot transfer is sensitive to the selection of text prompts. With the
proposed online learning strategy, OnZeta outperforms the baseline with both
the single prompt and 7 prompts. Concretely, it surpasses the baseline by more
than 3% on the single prompt with different vision encoders and is more than 2%
better than the baseline with 7 prompts. The superior performance of OnZeta
demonstrates the effectiveness of side information from the arrived examples in
the proposed online scenario. Finally, the gap between different prompts shrinks
by 1% when applying OnZeta and it shows that our method is less sensitive to
the text prompts for obtaining the text proxy.
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Comparision of similarity with different proxies Following [4], we have
the averaged cosine similarity between each image and its nearest class proxy to
depict the modality gap. First, given text proxy from class names, the similarity
between images and the text proxy is only 0.26. After online learning by OnZeta,
that between examples and the vision proxy increases to 0.39, which shows the
efficacy of mitigating the modality gap.

Comparison on different pre-trained models Besides CLIP [5], there are
many other pre-trained vision-language models. Tab. 2 summarizes the perfor-
mance of our method with backbones from ALBEF [3] and BLIP [2], respectively.
Compared with CLIP, OnZeta achieves even larger improvement than the stan-
dard zero-shot classification baseline. It shows that our method is applicable to
different pre-trained models.

Table 2: Comparison of accuracy (%) on ImageNet with different pre-trained models.

Models ALBEF [3] BLIP [2]
Baseline 33.82 47.17
OnZeta 41.86 54.85

Comparison on variants of ImageNet We evaluate the performance of
OnZeta on variants of ImageNet with shifted distributions, which include ImageNet-
V2 [6], ImageNet-A [1] and ImageNet-Sketch [7], as shown in Tab. 3. With
appropriate parameters, our method consistently improves the baseline and it
demonstrates the robustness of OnZeta.

Table 3: Comparison of accuracy (%) for different variants of ImageNet with ViT-L
as vision encoder.

Method ImageNet-V2 ImageNet-A ImageNet-Sketch
Baseline 70.21 70.85 59.70
OnZeta 71.23 72.61 62.71

Running time Finally, we demonstrate the efficiency of online learning. For
ImageNet with ResNet-50 as the vision encoder, the total cost including feature
extraction for zero-shot CLIP is 1.74 (milliseconds) per image and that of our
method is 2.12 (ms). Both can work for real-time applications and the overhead
introduced by OnZeta is mild.
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Limitations

In this work, we only consider a single vison-language pre-trained model for
online zero-shot transfer, while other pre-trained models, e.g ., large language
models and diffusion models, can be leveraged to mitigate the challenges from
the vision-language models.
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