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CLIP: connecter le texte et I'image

(1) Contrastive pre-training
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Figure: Modele CLIP [1] (Open Al)
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Numpy-like pseudocode

# image_encoder - ResNet or Vision Transformer

# text_encoder - CBOW or Text Transformer

# I[n, h, w, c] - minibatch of aligned images

# T[n, 1] - minibatch of aligned texts

# W_i[d_i, d_e] - learned proj of image to embed

# W_t[d_t, d_e] - learned proj of text to embed

# t - learned temperature parameter

# extract feature representations of each modality
I_f = image_encoder(I) #[n, d_i]

T_f = text_encoder(T) #[n, d_t]

# joint multimodal embedding [n, d_e]
I_e = 12_normalize(np.dot(I_f, W_i), axis=1)
T_e = 12_normalize(np.dot(T_f, W_t), axis=1)

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2
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Numpy-like pseudocode?2
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loss_t = cross_entropy_loss(logits, labels, axis=1) CLIP
loss = (loss_i + loss_t)/2
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CLIP: a zero-shot classifiers

(2) Create dataset classifier from label text
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Figure: Clip classifiers
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CLIP: a zero-shot classifiers
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CLIP: zero-shot vs few-shot linear probes
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Figure: Zero-shot CLIP outperforms few-shot linear probes
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unCLIP avec DALL-E
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