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Compares examples within mini-
batch to create “pseudo-labels” 
for each example. 🧐
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Motivation: This and other SSL 
objectives include a (learnable) 
procedure to incorporate known 
marginal distributions of each 
modality to better estimate    . 
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Data from unknown joint probability distribution.

Access to known marginal distributions.
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Data Balancing
Rescale rows and columns by the desired marginals.
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1. How does the balanced distribution improve 
upon the empirical measure theoretically? 

2. What are the practical implications for SSL 
objectives such as CLIP? 
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Theorem. The iterates of balancing satisfy

Novel recursion formula for estimation error that is 
of independent interest (OT, data-centric ML, etc.)
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CLIP BERT GPT-2

Using a balanced objective increases zero-shot retrieval 
(recall) across datasets and embedding architectures.
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Balancing at scale improves performance on zero-shot classification.

CLIP models trained on the balanced 
pre-training set improve over those 

trained on the original.

Training Steps Training StepsKeywordKeyword

Histogram of Keywords in Pre-Training Set Zero-Shot Accuracy
Original Balanced CIFAR-100 STL-10
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Thank you!


