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Figure 1: The Transformer - model architecture.
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Figure 2: BERT input representation. The input embeddings is the sum of the token embeddings, the segmentation
embeddings and the position embeddings.
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Figure 1: SBERT architecture with classification ob-
jective function, e.g., for fine-tuning on SNLI dataset.
The two BERT networks have tied weights (siamese
network structure).

Figure 2: SBERT architecture at inference, for exam-
ple, to compute similarity scores. This architecture is
also used with the regression objective function.
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CLIP (Contrastive Language-Image Pre-Training)
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