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representation learning with CLIP

contrastive learning with InfoNCE...
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...maximizes the information between modalities
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what if you have more than two modalities?
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what if you have more than two modalities?
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pairwise CLIP?

Lam™ (6,7) = Ly

8,7) + L)

ImageBind

IMU

(0,7)+ L

(x,2)
CLIP

(0,7)

...could this work?



a simple task for pairwise CLIP

a,b ~ Bernoulli(0.5), c=aXORDb

he task is to find the b that corresponds to a given a and c. —» CLIP performs no better than random chancel!
a, b, ¢ are jointly dependent... I(a;b|c) >0

...but pairwise independent  I(a;b) = I(b;c) =I(a;c) =0 = There’s nothing for CLIP to learn!

For multimodal representation learning, we need an objective that...

« Isas simple as CLIP
* |earns architecture-agnostic and modality-specific representations

 captures higher-order information between any number of modalities




Symile targets total correlation

TC(x1,...,X)) = DKL(p(xl, ooXxu) || p(x) - -p(xM))

3-TC(x,y,z) =2 |I(x;y) + I(y;2) + I(x;2)| + I(x;y | z) + I(y; 2| x) + I(x;2 | y)
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Symile target pairwise information higher-order information
(CLIP target)
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CLIP: pairwise information ~ Symile: all information
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Symile

Symile pre-training Zero-shot prediction
11 CLG
I_
IMAGE 1o = IMAGE
ENCODER T, 9 ENCODER
A <
L4 (A1T1T1) | {(A2T1I1) (AsTiI1)|(AsT1I:) © 11 1o L3 -~ | 1In
et mean ) kel (BaToTh) | (RoToTn) | (BsToTh) | (ReTaly) g A
o A1T>I14 A>T»T+ As3T>Iq Ag4T414
soe ||| | TExT | |T: e | | TEXT
- BRI T
_flower ENCODER T3 ( m ENCODER
\¥ JJ (B1T3I1) (R2T3I1) (A3T3I1) (RAsaT3Iq) \_ )
N JJ T4 E
L >> (ATI1) (ATI,)(ATI3) .- (ATIy)
(A1T4T1) (A2Tal1) (A3Tal1) (AsTsIq) @
VR All v - _
Mr N\ L “We can't.
Leopold AUDIO Ar < , > We're AUDIO B ;
Bloom ate ENCODER | | waiting for | | ENCODER | L2
kW/th relish. 3 Godot.” )
~ =) Ay

from symile import Symile, MIPSimilarity
# https://github.com/rajesh-lab/symile
plp install symile symllé_Poss.= Symlle(? _ ,
mip_similarity = MIPSimilarity()
# training: compute loss with embeddings a, b, C
loss = symile_loss([a, b, c], logit_scale_exp)

# evaluation: compute similarity scores for zero-shot retrieval
scores = mip_similarity(candidates_a, [query_b, query_cl)



revisiting that XOR experiment

a;,b; ~ Bernoulli(0.5), i~ Bernoulli(p), c; = (a; XOR b;)" - a§.1_i)

a:[al,...,a5], b=[b1,...,b5], CI[Cl,...,C5]

Task is to find the b that corresponds to a given a and c.
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Symile-M3: a new multimodal dataset

Data generation
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Symile-M3: a new multimodal dataset

Data generation
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Symile-M3: a new multimodal dataset

Fully-observed data Data with missingness (w = 2)
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but wait, there’s more!

Check out our paper for more methodological and
experimental contributions:

» Efficient negative sampling strategies
 Learning sufficient statistics with Symile

» Experimental results on a new multimodal clinical
dataset (see right)

https://arxiv.org/abs/2411.01053
https://github.com/rajesh-lab/symile
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