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Introduction

Motivating questions

• Why do we recognize a hen from Figure 1?

• Could VLMs (Vision Language Models) provide us concrete

explanations on their classification?

Contribution of this study

• Use language descriptions as internal representations,

which provides interpretable visual classification. 3
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Notations

• x : an image

• c : a visual category (class)

• D(c) : the set of descriptors for the category c

• ϕ(d , x) : the log probability that descriptor d pertains to the

image x (defined by the cosine-similarity between d and x)

• s(c, x) = 1
|D(c)|

∑
d∈D(c) ϕ(d , x) : the score for category c for

a given image x .
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CLIP

• CLIP (Contrastive Language-Image Pre-training model) is a

pre-trained multi-modal model that aligns visual and textual

representations over a unified representation space.

• Zero-shot inference (e.g., image classification).

• Define the cosine-similarity between an image and a language

prompt (e.g., A photo of {label}) as the score of the image

belonging to the class of {label}.

• Architecture: Transformer-based encoder + projection layer

(typically MLP).

• Standard tuning: fix the encoder and train the projection layer

only.
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Building (language) descriptions

• Use foundation models of LLM (e.g., GPT-3)!

• The generated list then comprises the dictionary D(c).
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Classification & Explanation

• The predicted category of a given image x is

argmax
c∈C

s(c , x),

where C is the set of categories (classes).

• Better performances compared to baseline descriptions (CLIP

descriptions)!
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Explanability

• More (and detailed) descriptions from LLM provide

explanability.

• Compare the similarities of descriptions for predicted class and

the image.
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Image retrieval

• The baseline (CLIP) exhibits poor performance on

text-to-image retrieval for a category.

• The proposed one outputs reasonable images since it uses

detailed and semantic language descriptions at the training

time.
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Mitigating bias

• The baseline (CLIP) exhibits bias with respect to certain

attributes (e.g., racial attribute).

• The proposed one could mitigate it.
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Limitations

• Depends strongly on the quality of used LLM. It often outputs

biased or synthetic descriptions.

• Fails to solve multiple tasks (e.g., recognizing multiple

objects).
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