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“MoEs benefit Contrastive Learning by inducing a higher level of diversity.”
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Motivation Experiments

MoEs are widely used for vision and
multimodal learning Pretraining with contrastive learning to recall molecules

A concrete understanding of their Addition of MoEs induces diversity and is performant

operation remains unclear

Understand the benefits of MoEs in
Contrastive Learning of phenomic
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TABLE 1

representations
Downstream concentration prediction of heldout molecules
Dissect the contributions of different

components of MoEs Soft and Sparse MoEs are performant for high and low concentrations
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TABLE 2

Experts learn diverse interpretable features of cells from microscopy-level
Contrastive learning of molecular USIVEE] ] V] e ———
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UMAP Projection of Expert Embeddings UMAP Projection of Expert Embeddings

Molecular fingerprints and microscopy
Images as input modalities.

Maximize similarity in a joint embedding
space using InfoNCE objective

Ablation Studies
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Which components of MoEs contribute towards their efficacy?
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Soft MoEs with larger number of slots per expert are more performant

Method
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MoE modules to process visual features
within encoder blocks

Soft-MoE with a soft router combined with

linear experts in the penultimate layer Moderately larger number of experts lead to more diversity

Placing the MoE in penultimate layers of encoder block leads to stability

Recall@1 (1)

0.90+0.002
0.90+0.002

Recall@5 (1)

0.94+0.002
0.94+0.002

Recall@10 (1)

0.97+0.001
0.97+0.001

Test Error ()

4.59+0.04
4.57+0.05

Experts Cosine Similarity ()

0.01+0.001

Placement

Recall@1 (1) Recall@s (1) Recall@10 (1)  Cosine Similarity ()

0.04+0.00 0.10=0.001 0.01+0.001
0.10+0.006 0.13+0.005

Test Error ()

9.01620.003
9.66+0.18

Input Layer 0.05+0.00
Projection Head 0.06+0.03

Encoder Block |1 0.90£0.004




