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Modality-Agnostic Multimodal Representation Learning
- Mapping visual and linguistic information into a unified representation space.

- Mixing information within the input sequence in a modality-blind manner with generic token attention.
- Better scalability, cross-modal / cross-task transferability, wider applications (ex: document understanding)

Modality Gap

- Previous frameworks train either modality-specific transformer blocks or linear projections.
- Training a single-tower representation learner is challenging due to the inherent modality gap of vision and language.
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One Representation (OneR)

3-step modification to Image-Text Contrast OneR Framework

R .
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ImageBert'! | OneTower O  6M | 440 712 323 590 | 664 898 505 787 CLIP 170150 348 109 267
VILT One Tower O aMm 565 826 404 700 | 61.5 863 427 729 SLIP 230 217 45.1 156 352
Uni-Perceiver | One Tower X  443M | 577 856 463 750 | 647 878 483 759 ITC (two heads) | 17.5 10.4 26.8 10.7 26.4
OneR OneTower X  4M | 629 863 470 747 | 661 878 483 760 ITC 16 08 25 07 22
CLIP Two Towers X 400M 58.4 815 37.8 62.4 - - - -
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TCL Twolegs O  4M | 714 908 535 790 | 756 928 590 832 +CMC (OneR) | 23.7 255 482 169 369

Conclusion

We present OneR, a simple framework that enables single-tower training on image-text pairs. The resulting unified representation
naturally yields intriguing properties, such as word-patch level correspondence and multimodal retrieval.




