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Cross-modality matching & prediction

Perturbation
/ Modality 1 Modality 2 \

* Perturbation profiling in different modalities has (-abe)
their own strengths & weaknesses A
* Modality-specific information
* Scale vs resolution .
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Cross-modality prediction as matching + prediction

Matching
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Sample label granularity
Prediction model accuracy

Group-to-group

I
0 10 20 30
Modality A

Maps group means to
group means

All-to-all

I I
0 10 20 30
Modality A

Maps overall mean to
overall mean



Cross-modality prediction as matching + prediction

argminJry((y; — fo(x)?

Matching One-to-one Group-to-group All-to-all
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How good of a matching can we get?
How much does this improve the prediction?

Sample label granularity
Prediction model accuracy




Background: Sample matching with Optimal Transport

* Matching within the same space: Optimal Transport

u, v. Probabillity distribution defined over X, Y
c: X XY - R,

[I(u,v) ={mr € P(X X Y): L/n(x, y) dy = u(x), fxﬂ(x, y) dx = V(y)}

0T (w,v) = inf [y, q,c(x,y)dn(x,y)
mell(u,v)

Wasserstein distance
=Total minimum cost

™. optimal [transport plan/coupling]




Background: Matching across different spaces

Gromov-Wasserstein Optimal Transport

* Cost function c: X X Y — R, does not make sense for X and Y are in different spaces.

* [nstead of minimizing total distances of moving X to Y, find 1T that minimizes differences of
the within-space cost.

GW,v) = nelﬁ?’t]; v)f xoxyd xoxy€ex (6, x), ey (v, y"))dn(x,y) @ m(x',y") —eH ()
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Cross-modality prediction as matching + prediction

One-to-one Group-to-group All-to-all

30 .. HEEENEEEN 30
] HAEEENEEEN
H HAEEENEEEN
35 o 25 EENENEEEE 25 -
] HAEEENEEEN
- EEEEEEEEE
. I
a | - n
o 2 - o 2 fecects 0 2
z - 2 T £
= _ ] = ] = |
g .- s T 5 15
(=] = (=]
= _ a = = |
10 - 10 10
.l
[ |
5 m 5 5 1
-I
[ |
0 ‘F T T 0 I 0 T T
0 10 20 30 0 10 20 30 0 10 20 30
Modality A Modality A Modality A
0 0.0016 . ® j‘i”ei' 2
I ®
_ 50 - 0.0014 <o _ A&-‘"-_"'ﬁil'f
% 100 - 0.0012 35 ® In i .a.‘._.
= T e For
E 150 - 0.0010 004 0.:.' c _fale :;’.e .
E : | ) ] P g -
200 - 0.0008 .. .!m y ‘{J > .3
9 251 §3%g i AN P
a .. [ x a
E 20 - 0.0006 o] ¢ d ° dm_’E
! 5.0
= 300 ‘r-.q - - 0'. ® 0
o
- 0.0004 L -B‘ - -"? &:F]ﬂ
= 350 1 ] -u ‘.: "'.-f&-.qr-' | —7.5-5.0-25 0.0 2.5 50 75
- 0.0002 10.0 - o"oﬁ". 2
0 l[I)'U 260 360 460 T T T T T T T T T
L 0.0000 -10.0 -7.5 -5.0 -25 00 25 50 7.5 10.0

IDs of samples from the Swiss roll

https://ott-jax.readthedocs.io/en/latest/tutorials/gromov_wasserstein.ntmil




Labeled Entropic Gromov-Wasserstein Optimal Transport

Contribution: T

* Entropic GW with labels will solve OT
problem with constrained I1°.

* We show IT'-constrained OT still can
be solved with Sinkhorn-Knopp
algorithm.

* Implemented in OTT-jax

B =l = zyj]ij

Hl:{ﬂen‘ﬂ'ij>0 ﬁBU:l}

k+1 argminf f(CX: Cy, nk)n(x, y) — eH ()
X XY

eIl

Algorithm 1 Computation of /-constrained coupling for
EGW

Input: Cx,Cy, €, B,p,q

Initialize 7'

repeat
// compute ¢, = ¢(Cx,Cy) ® T as in (2).
Cs — Y1 €l o — hi(CR)T*hy(CH)T.
// Sinkhorn iterations to compute 7 (cs, p, q)
Initialize a < 1, set K < e~ %/¢ ® B.
repeat

b+ =r-, a4+ 25

until convergence |

=l Sl T

Update T dia,g(a)‘(e:mf ® B)diag(b)
until convergence

i




Experiment on Perturb-CITE-seq dataset

In collaboration with Dr. Kelvin Chen, Osaka
University

* 13 selected kinase inhibitors with
large effects, total 8486 cells

* 3 dosages: 100nM, 1uM, 10uM

* Predicting 2000 genes (with highest
variablility) from 123 proteins

B Mixed-species profiling
56 kinase inhibitors
+ vehicle controls Dose

=

0 y
Tw. ©

Primary CD4+ T cells 360-plexed conditions ¢

T cell stimulation

Surface protein staining

ICCITE-seqq €«—  Mouse panel =200  <€—

Intracellular panel n= 64 Human panel n= 277
Solcitinib (Gexp) Solcitinib (Protein) AS51517499 (Gexp) AS1517499 (Protein)
>¢, ;ﬁ,?;___rh P 5 L )
5 . NFa e, 37 TR - P
0 Sl R - 0 _
A =5 7 il -5
_5 | .I I _1{] L I.I-: I I _5 | I I _1{] _ I .I T Dosage
0 10 0 5 10 0 10 0 5 10 100nM
Selumetinib (Gexp)  Selumetinib (Protein) AZD1480 (Gexp) AZD1480 (Protein) 1uM
, . — o 10uM
54 .. #ig. 5 - o i
5 | TR s -
] | | —10 - | | 7 | | —10 -




Results (Perturb-CITE-seq)

Label-aware approach works better than label-agnostic or per-label matching

Table 1. Evaluation metrics of OT and GW approaches for sample matching, prediction, and feature matching tasks.

Matching Prediction Feature
Bar Dosage Mean Mean  Enrich-
Method FOSCTT}lj\/I (J) match (1) rank Fo (1) po () Ry (1) ps (1) MSE () rank  ment(7)
Perfect 0 | - 0.107 0.118 0.163 0.149 0.2358 - 6.95
By dosage 0.239 1 - 0.0812 0.0448  0.0903  0.0863 0.264 - 5.16
Uniform per label 0.298 0.357 - 0.0794  0.0403  0.0761 0.0781 0.264 - [.85
EOT  no label 0.428 0.040 9 0.0482 0.007 0.0068  0.0063 0.287 7 1.10
per label 0.336 0.346 S 0.0544  0.0239  0.0345  0.0307 0.283 5.2 1.26
ECOOT no label 0.414 0.049 8 0.053 0.0207  0.0395  0.0408 0.282 S 1.07
labeled 0.270 0.456 2 0.0852 0.0523 0.0854 0.0778 0.265 1.6 .31
EGWOT no label 0.373 0.068 7 0.0631  0.0227  0.0302 0.034 0.282 4.8 3.74
per label 0.332 0.381 4 0.0785 0.0449  0.0737  0.0737 0.2635 2.6 1.26
labeled 0.283 0.452 3 0.0836 0.044 0.0854  0.0825 0.264 | .8 19.8
DAVAE no label 0.231 0.206 3 0.0342  -0.0069  0.0006  -0.0001 0.33 8 -
labeled 0.242 0.205 4 0.0182 -0.0079 -0.0016 -0.0014 0.332 9 -




Takeaways

* Labeled GW improves matching & prediction results for coarse-labeled data




Takeaways

* |nput for matching
* Cost matrix should be valid, major modality-specific should be removed prior to GW
* |maging modality & sequencing-specific variations

* Effect of different latent representations to calculate matching (representation learning of
Images)




Takeaways

* Interpretability

* |earn feature-feature transport in the raw space as in Co-OT, based on learned sample-
sample matching
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