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Figure 2: The directed graphical model considered in this work.
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Algorithm 1 Training

l: repeat

2: X0 ~ q(x0)

3: t ~ Uniform({1,...,T})
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5: Take gradient descent step on
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6: until converged
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Algorithm 1 Pseudocode of Contrastive Captioners architecture.

# image, text.ids xt} data
Multimodal :
Text Decoder i
def attentional pooling(features, query):
. out = multihead_attention(features, query)
attentional pooling cls-token return leyer.norm(out)
- img_feature = vit_encoder(image) # [batch, seg_len, dim]
Image Unlmodal con_feature = attentional_pooling(img_feature, con_query) # [batch, 1, dim]
cap_feature = attentional pooling(img feature, cap_query) # [batch, N, dim]
Encoder Text Decoder _ .
ids = concat(text.ids, cls_token_id)
T T T T T T T T T mask = concat(text.mask, zeros_like(cls_token_id)) # unpad cls_token_id
txt_embs = embedding_lookup(ids)
00o0000o000o0ogo [s] two dogs runningin  a field [CLS] unimodal_out = lm_transformers(txt_embs, mask, cross_attn=None)
multimodal_out = lm_transformers(
unimedal out(:, :-1, :], mask, cross_attn=cap_feature)
cls_token_feature = layer_norm(unimodal_out)([:, -1:, :] # [batch, 1, dim]

" con_lose = contrastive_loss(con_feature, cls_token_feature)
“two dogs running in a field” pairs  cap_loss = softmax_crose_entropy_logs(
multimedal_out, labels=text.labels, mask=text.mask)

H

vit_encoder: vision transformer based encoder: lm_transformer: language-model transformers.
Image text

Figure 2: Detailed illustration of CoCa architecture and training objectives.
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