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Objectives Representation learning has gained attention since the paper "A Simple Framework for Zero-shot experiments
Contrastive Learning of Visual Representations” (SimCLR), was published. This type of learning is
very powerful, as it does not need any form of label, and yet gives powerful representations. It
is part of the representation learning techniques (sometimes, also called "self-supervised
learning”, or even "unsupervised learning”).

Other representation learning methods exists, that achieves results comparable to that of CLIP,

High-quality image features. The original objective of CLIP (Contrastive Language-Image Pre-
training) was to create high-quality features leveraging natural langage supervision. This is a hot
topic in vision, called few-shot learning, which allows one to do classification and other tasks

We investigated the zero-shot performance of CLIP-Vit-L/14 across several datasets. The hy-
pothesis we made is that the model will have a high zero-shot accuracy for datasets with "popular”
topics, as they are more present in the training dataset. A broader investigation would be needed

on very small datasets. such as DINO, DINOv2, Masked AutoEncoders, BYOL (Bootstrap Your Own Latent). ... Several to confirm this hypothesis, but it seems coherent with the results we obtained.
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By-product: A zero-shot classifier. But the main contribution of CLIP is its zero-shot classifier

e . . . ) when not bottlenecked by the other two [2].
ability: in under 50 lines of code, anyone can do almost SOTA classification on really small

datasets, or even with one sample per class! Without any form training, its accuracy matches Contrastive objective. The final methodology uses a contrastive objective. But the first ap- 70,
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Figure 2. Summary of the approach
Practical training optimization. They used large batch sizes because of the contrastive ob-
jective (see [1]). They used mixed precision and gradient checkpointing to save on memory
CLIP is an example of contrastive learning. Contrastive learning is a type of learning where the and accelerate the training (available through a single line of pytorch code). They also used
objective is to predict wether a pair of data is positive (similar) or negative (dissimilar). In the case half-precision Adam statistics and half-precision stochastically rounded text encoder weights.
of CLIP, it tries to predict wether a given text corresponds to an image or not, by maximizing the These are simple but significant improvements.

cosine similarity between similar items and minizing it for dissimilar items (InfoNCE loss). Figure 6. Read the CLIP article!



