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TL;DR: Can we replicate CLIP for all modalities using two unimodal encoders with 50K fewer multimodal

data pairs and NO GPU training?




Bridging the Gap—Multimodal Encoders
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CLIP: Connecting
text and images
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lllustration: Justin Jay Wang

Radford, Kim, et al., (2021). Learning Transferable Visual Models From Natural Language Supervision. ICML.



CLIP Is a Data-hungry Monster!

Ilharco, Wortsman, et al., (2021). OpenCLIP. arXiv.

Src: irasutoya.com
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Bridging the Gap—Emerging Pairs of
Modalities

I ??7? pairs

A street with several cars
parked along the side, and
two buses on the road.

Src: irasutoya.com, KITTI-360 dataset



Canonical Similarity Analysis (CSA)
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Bridging the Gap—Data-efficiency

50,000x
Method Train images  Train text  Parameter

CLIP 2B 2B 1.3B

GTR X 5SM

DINOv2 142M X .1B
CSA (ours on ImageNet) k X
CSA (ours on Leafy Spurge) 800 2 X
CSA (ours on Flickr30k) ok 25k X
CSA (ours on COSMOS) _ 41k 41k y X
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Misinformative News Caption

(COSMOS)

“Julian Castro at his announcement in
San Antonio, Tex., on Saturday.”

S

I

“Toronto Raptors arrive at Disney Campus in
Black Lives Matter Buses.”

J

V]

“Julian Castro at his announcement in
San Antonio, Tex., on Saturday. Mr.
Castro, the former secretary of housing
and urban development, would be one of
the youngest presidents if elected.”

-

Accurate Caption

| X

“A photograph shows buses purchased
by Black Lives Matter to transport
members to riots.”

Misinformative Caption

(a) Illustrative examples.
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(b) Results.




Multimodal Time Series Classification

Method Modality 1 Modality 2 AUC (one-vs-rest)

time series image 0.50
ASIF time series text 0.50
time series 1mage 0.58
CSA time series text 0.54

Table 5: Multimodal time series classification: We further demonstrated CSA’s performance on multimodal
time series classification, which is first in the community.



THANK YOU!
QUESTIONS?

"Po-han Li — pohanli@utexas.edu
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