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Background Research Problem
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Proposed Solution: Hyper-Align

Learn N X M connectors together by showing a hypernetwork data
from N image and M text encoders.

Need to search N X M connectors to find optimal
VLM in N image & M text encoders.

Result: Hyper-Align finds optimal pair in N X M combinations at 8x
smaller computational budgets with negligible performance drop.

Computationally expensive even with linear

Methodology Overview
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Main Results

* I : Image encoder (best reported)
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T : Text encoder (fixed)
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+ Modality connector : linear layer
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