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Cellular biology is multimodal
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Unpaired multimodal data are more frequent but challenging
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Common and complementary information across modalities

Genes

Proteins
1 0 1 2 3

0.0

0.5

1.0

1.5

2.0

2.5

3.0

1 0 1 2 3

0.0

0.5

1.0

1.5

2.0

2.5

3.0

5



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Using Optimal Transport to compare cell populations

𝒲𝜀(𝐶) ≝ min𝑃∈Π(𝑛1,𝑛2) ∑𝑖,𝑗 𝑃𝑖,𝑗𝐶𝑖,𝑗 − 𝜀H (𝑃 )
with Π(𝑛1, 𝑛2) ≝ {𝑃 ∈ ℝ𝑛1×𝑛2

+ s.t. 𝑃 𝟙 = 1
𝑛1

𝟙, 𝑃 ⊤𝟙 = 1
𝑛2

𝟙}

6Peyré et al., 2018; Cuturi et al., 2013
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Inverse Optimal Transport as a metric learning problem

Given a transport plan ̂𝑃 , can we find a cost 𝐶 for which ̂𝑃 is the
optimal transport plan?

𝑖𝑂𝑇 ( ̂𝑃 ) ≝ min𝐶∈ℝ𝑛1×𝑛2
+

KL( ̂𝑃 |𝑃 (𝐶)) + ℛ(𝐶)

with 𝑃 (𝐶) = arg min𝑄∈Π(𝜇1,𝜇2) ∑𝑖,𝑗 𝑄𝑖,𝑗𝐶𝑖,𝑗 − 𝜀H (𝑄)

8Galichon et al., 2015; Ma et al., 2021
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Finding a shared low dimensional latent space
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A summary of our approach

prior knowledge prior knowledge
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Prior biological knowledge: related features bridge modalities

• proteins are related to their corresponding coding gene
• chromatin peaks are related to genes they’re close to
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Prior biological knowledge: related features bridge modalities

We can use these connections to translate modalities to ”common”
features

12



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Prior biological knowledge: related features bridge modalities

CD56
 (b

rig
ht)

 NK c
ells

CD56
 (d

im
) N

K c
ells

MAIT 
T c

ells

eff
ect

or 
CD8 T

 ce
lls

mem
ory

 CD4 T
 ce

lls

na
ive

 CD4 T
 ce

lls

na
ive

 CD8 T
 ce

lls

cla
ssi

cal
 m

on
ocy

tes

int
erm

ed
iat

e m
on

ocy
tes

no
n-c

las
sic

al 
mon

ocy
tes

mye
loid

 DC

pla
sm

acy
toi

d D
C

mem
ory

 B ce
lls

na
ive

 B ce
lls

CD56 (bright) NK cells

CD56 (dim) NK cells

MAIT T cells

effector CD8 T cells

memory CD4 T cells

naive CD4 T cells

naive CD8 T cells

classical monocytes

intermediate monocytes

non-classical monocytes

myeloid DC

plasmacytoid DC

memory B cells

naive B cells

13



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Using autoencoders for dimension reduction

prior knowledge prior knowledge

14



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Using autoencoders for dimension reduction

14



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Using autoencoders for dimension reduction

14



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Using autoencoders for dimension reduction

prior knowledge prior knowledge

14



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Distinguishing spurious alignments
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Using iOT to align embeddings

Goal: Enforcing the similarity between 𝐶𝑌 and
𝐶𝑍

𝑖,𝑗 = ||𝑍(1)
𝑖 − 𝑍(2)

𝑗 ||22.

Approach:

ℒalign = KL(𝑃 𝑌 |𝑃 𝑍) + ℛ(𝐶𝑍)
= ⟨𝑃 𝑌 , 𝐶𝑍⟩ + 𝜆𝑟𝑒𝑔𝒲𝜀(𝐶𝑍)
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Integrating scRNA-seq with neuronal morphologies

Tolias et al. 2020
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Integrating scRNA-seq with neuronal morphologies
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Morphological heterogeneity in SST neurons across depths
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Morphological heterogeneity in SST neurons across depths
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scConfluence is now available

20



. .. .. .. .. .Context & aims
. .. .. .Inverse Optimal Transport

. .. .. .. .. .. .. .. .. .. .. .. .Diagonal integration
. .. .Conclusion

Take home messages

• Massive unpaired datasets could be leveraged by integration

• Single-cell data present extremely diverse challenges

• Prior biological knowledge is essential to tackle these issues
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Thanks!
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