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Vision-Language Models

" Vision-language models (VLMs) are multi-modal models that can understand both visual
and textual information.
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Zero-Shot Transfer of VLMs

" VLMs have demonstrated excellent zero-shot transferability for image classification tasks,
where classes are represented by text prompts (e.g., a photo of a/an).

encoder

"a photo of a car” —
Text
“a photo of a bird” —> encoder l l l
T T T
“a photo of a camel” — L 1 -2 13
1 1 1
______ (CLLLCLL)CLT)
I ! | :
|
mage —>II:EIl'T1 i ]1.'1‘2!]1.']‘3
1 1 i
1 1 i




Test-Time Adaptation (TTA)

* When transferring the zero-shot capability of VLMs, test-time adaptation (TTA) methods
for VLMs have been proposed to mitigate the detrimental impact of the distribution shifts
between pre-training and test data.
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A Limitation of Previous TTA methods

= However, the previous TTA methods solely rely on the internal knowledge encoded in the
VLM parameters, which are constrained to the pre-training data.
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Retrieval-Augmented TTA (RA-TTA)

" Thus, we propose a retrieval-augmented approach for TTA with VLMs, which can
incorporate external knowledge from a web-scale image database.
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Proper External Knowledge for RA-TTA

" We assume that the proper external knowledge for a given test image should have pivotal
features (rather than irrelevant features) that is informative for recognizing the test image.
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Description-Based Retrieval

= To retrieve proper external images, we propose a description-based retrieval approach that

fully leverages the bi-modality of VLMs through text-to-image search and then through text-
to-image retrieval.
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Description-Based Retrieval (Cont’d)

" Specifically, the description-based retrieval selects relevant descriptions from multiple
perspectives and retrieves external images using the prototypes of the selected descriptions.
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Description-Based Adaptation

" Based on the semantic relevance between the test image and the retrieved images, we
calculate a retrieval-based prediction, which is then fused with an initial prediction for an

augmented prediction.
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Experiments
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Empirical Analyses

Table

craft dataset,
TTA 1s significant.

3: Ablation studies.

We report
the top-1 accuracy (%) on the FGVC air-
where the benefit of RA-
Description-based re-
trieval, description-based adaptation, and im-

age weighting are disabled separately.

| Retrieval Adaptation Weighting | Accuracy

Var.1 | X
Var.2 | v
Var.3 | v
RA-TTA |

X X
X X
v X
v v

| 29.39
| 3091
| 31.96
| 3234

Table 4: GPU inference time per sample (s/sample)

| FGVC aircraft Stanford cars RESISC45 | Avg. (3)
TPT 0.103 0.155 0.95 0.118
RA-TTA (Ours) 0.113 0.117 0.121 0.117
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