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Introduction

* Single-cell RNA seq can measure the gene expressions of individual cells.
e ...yetyields unpaired and unbalanced data.

destructive measurements cell proliferation/death

Task : reconstruct

gene space

@ cellular dynamics
@ @ 0 (trajectories, growth...)
@ @ ‘ given unpaired
@ ‘* snapshots data




Motivation

* Simulation-based models (eg. TIGON?!, DeepRUOT?)

» Explicitly models velocity field and growth rate.
» Require heavy numerical simulations and have difficulty scaling to high dimensions.

* Simulation-free models (eg. OT-CFM3, SF2M*)

» Use flow matching to achieve better training efficiency and scalability.
» Only models velocity field, ignore the unbalanced nature of single-cell data.

Velocity matching Growth matching
lve(x, ) = 7, (0> py 1900 -G

Can we develop a model which
jointly learns the velocity field
and growth rate of single-cell
evolution by flow matching?
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@ Joint velocity-gromn

flow matching

Neural Networks

- Ut(xt)&

dlog ’t.l.l'g!x:,] = g,

dt (Xt)°_

Velocitx-growth flow matching framework

— Individual level

> Velocity field

—— Growth rate

s

0pe = =V - (PVe) +GePe t€[0,1]

(c) Joint dynamics

N
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/ (b) Dynamic understanding \

(Mass growth)  (State transition)
0Pt = D¢ ‘ 0P = =V (Peve)
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Step 1: Two-period dynamic understanding of SOT

> Static formulation

m>i(1)1 Tsot () = / c(x0,x1) dm(xg,X1) + KL(PO#']THPO) s.t. P;gr =D
m™= QZ

Proposition 1. Assume c(xg,x1) = ||xo — x1/|? and if we enforce P%ETF and pg to share the

same support for admissible solution 7 to problem (4), then we have min; Jsot(7) = min,,, 4, jt)F‘,t
(vt, g¢), VA € (0,1). Moreover, forany A € (0, 1), given the optimal transport plan 7* to problem (1),
let p}, = P'%Efr*, then ™ can be expressed as m* = (1d, T )xp3 where T™ is the Monge map between

py and pi. Meanwhile, there exist a gi such that p\ = po(x)efn)\ 9:94t " gnd a vy given by

of (x+ 23T () — %)) = T sarisfying (v7, 67) € argming, g, Tope (01, ).

» Dynamic formulation 1
min -Z;t(vtagt) = (1-X) /Q/)\ Pt(X)H’Ut(X)szth + H(gt, pt)

(’Ut,gt)EC,\(p() spl)
\ A
Higo) = [ mo)(eB * ([ (x)at ~ 1) + 1o
0

Cx(po,p1) = {(vt, 9¢) = Ospt = geps, t € [0, A]; Ospr = —V - (pyvy), t € (A, 1]}
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/ (b) Dynamic understanding \

(Mass growth) (State transition)

0Pt = 9Pe t 0P = —V - (Pve)
t €[0,4] te[4,1]
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Step 2: Building joint unbalanced dynamics

The two-period evolution does not align with the behavior observed in biological systems. We want transport
and growth occur simultaneously.

Theorem 1. Given the initial distribution py, denote the ending distribution of the two-period

dynamics Uy (X) — (1 — )‘) : ’U(l—}u}t—kl(x):
dipe = gipe,t € [0, A5 Oepr = =V - (peve), t € (A1, (7) ~ 1
as p1, and denote the ending distribution of the joint dynamics starting from pq gt (X) =A- gt ("L‘{,,t (X)) 3
by = =V - (Pi0s) + Gibe,  t €[0,1],  Po = po, (8)

as pi, then it holds that p1 = py.

/ (c) Joint dynamics \ / (b) Dynamic understanding \

(Mass growth)  (State transition)
Theorem 1 0Pt = 9:P¢ ‘ 0pe = =V (pvr)

0pe = =V - (DV) + GeP:e t€[0,1]

— t €[0,4] t €[A1]

—
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Step 3: Regress velocitx and growth bx flow matching

By proposition 1 and theorem 1, we have
Ue(V5.¢(x0)) =T (x0) — X0, Gt(Vs5.+(x0)) = log Piﬂ*(}{g)—lﬂgpﬂ(}{[]): where xg ~ po.

?LnEant [||Ue(%,t(xﬂ)-,-f) — ¢ (V5,6(x0))[|* + |9 (¥3.6(x0), ) — ﬁt(%,t(}co))ﬂ

approximate the optimal transport plan by solving
the entropy-regularized semi-relaxed transport problem using
Sinkhorn-based algorithm

In practice, we only
have limited samples.

07l = arg Il‘l;]é]lz{‘uﬂ” + eH(m) + 7KL(71,,|[1,,), subjectto 7'1, =1,,

Lvarw (0 Z Z Loy OF [

i=1 5=1
Incorporate few-steps distribution fitting loss (Wasserstein distance) to improve performance:

E(Oa QJ) — L:VGFM(ga UJ) + Lot (07 LU)

(x¢,t) — log([7°711,,)5)|°

"Ug (x4, 1) — (x{ — xé)




Experiment

» Trajectory and growth reconstruction

Simulation gene Dyngen Gaussian 1000D Mouse Hematopoiesis EB 50D CITE 50D

(3 *w I

» Mass consistency

5 —— UDSB
2.4{ — UDSB — UDSB 25 UDSB 2.5 TN
22 — DeepRuot 4 Tigon — DeepRuot 2.00 = DeepRuot
m 2.0 — VGFM g b DeepRUOt ﬁ 2.0/ — VGFM & - — VGFM
© """ | A Oberserved Mass S | — VGFM ) A Oberserved Mass T~ A Oberserved Mass
= 1.8 > Ob d . v 1.50
: A erserved Mass- :
2 93 $1s g
2 2 2
© 16 5 & g1
T 9 o ¢
*14 €2 €10 & 1.00
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Eerriment

> Numerical results

Table 1: Mean W, and RME over all time on synthetic datasets. *OT-CFM and OT-MFM do not Table A-9: W, and RME over all time on mouse hematopoiesis data. Part of the results were adopted
model the growth function, thus, RME is not computed. “N/C” means “not converge”. from [26].

Method Simulation Gene (2D) Dyngen (5D) Gaussian (1000D) Models (31 to

Wi RME Wi RME W RME W; RME W; RME

OT-CFM* [22] 0.302 — 3.926 — 10.126 — SF°M [41] 0.167 — 0.190 —

OT-MFM* [38] 0.311 — 3.976 — 11.008 — uAM[44] 0745 — 0777 —

UDSB [57] 0.665 0.192 1.914 0.658 N/C N/C UDSB [57] 0.388 0.159 0.128 0.249

TIGON [23] 0.099 0.065 1.029 0.542 N/C N/C TIGON [23] 0314 0.124  0.342 0.177

DeepRUOT [26] 0.068 0.016 0.474 0.199 N/C N/C DeepRUOT [26] 0.145 0.140 0.132  0.202

VGFM 0.046 0.006 0420  0.053 3.010 0.037 VGFM 0.115 0.043 0.094 0.019

Table 2: Mean hold-one-out results on EB and

Table 3: Ablation study on EB (50D) dataset. For comparison, we also report the results of the SOTA :
CITE datasets over hold-out times.

approach DeepRUOT [26] in this table.

Method t t2 ts ta Training time Method EB CITE

Wi RME W, RME W, RME W, RME _______ ; sSb 5D 50D
DeepRUOT [26] 8.169 0416 9.041 0415 9348 0.119 9808 0296 90 (mins) ‘S)FT;&F?EI[]”] DTN s e
VGEM (wlo Lot) 8915 0020 10.500 0.098 10915 0.067 11635 0.088 ! 6 (mins) UDSB 57 oo Yo aies

VGFM (w/o Lvgrm)  8.644  0.650 10.167 0.710 11.052 0.823 11.530 0.862 |62 (mins)
VGFM 7951 0.089 8747 0.042 9244 0.019 9.620 0.044 : 13 (mins)
VGFM (*) 7.902 0.018 8767 0.013 9.063 0.083 9.507 0.096 ! 9 (mins)

OT-MEM [38] 0.713  0.724 36.394
DeepRUOT [26] 0.774 0.845 38.681
VGFM 0.676 0.745 37.386




Experiment

> Interpretation of g, (x,t): Pancreas dataset (2000-dimensions)

1.0
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Normalized growth rate

o
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Normalized growth rate of each cell at day 14.5 on Pancreas dataset.

Acinar and Ductal cells are known to have high growth rate at this time.

branch_name
e EB
® NEB
e Ngn3EP
.\/cell_type
Beta
Acinar
Fev+ Beta
Ngn3 High late
Ductal
Tip
Fev+ Alpha
Epsilon
Delta
Alpha
Fev+ Delta
Fev+ Epsilon
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Acinar cells
Ductal cells
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Mass (relative to total mass at day 14.5)
of 3 different branches (EB, Ngn3 EP, NEB).

mmm Mass at day 14.5
mmm Predicted mass at day 15.5
Mass at day 15.5

0.29
0.21
0.15
EB Ngn3 EP
Branch

VGFM Successfully reconstructed cell type-wise growth rate without being given any

prior knowledge of the cell types.

0.96
0.91

NEB



Thanks for your attention!

https://github.com/DongyiWang-66/VGFM

dongyiwang@stu.xjtu.edu.cn
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