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Abstract

Single-cell genomics has significantly advanced our understanding of cellular be-
havior, catalyzing innovations in treatments and precision medicine. However,
single-cell sequencing technologies are inherently destructive and can only mea-
sure a limited array of data modalities simultaneously. This limitation underscores
the need for new methods capable of realigning cells. Optimal transport (OT)
has emerged as a potent solution, but traditional discrete solvers are hampered by
scalability, privacy, and out-of-sample estimation issues. These challenges have
spurred the development of neural network-based solvers, known as neural OT
solvers, that parameterize OT maps. Yet, these models often lack the flexibility
needed for broader life science applications. To address these deficiencies, our
approach learns stochastic maps (i.e. transport plans), allows for any cost function,
relaxes mass conservation constraints and integrates quadratic solvers to tackle the
complex challenges posed by the (Fused) Gromov-Wasserstein problem. Utilizing
flow matching as a backbone, our method offers a flexible and effective framework.
We demonstrate its versatility and robustness through applications in cell develop-
ment studies, cellular drug response modeling, and cross-modality cell translation,
illustrating significant potential for enhancing therapeutic strategies.

1 Introduction

Discrete Optimal Transport in Single-Cell Genomics. Due to the destructive nature of single-cell
sequencing technologies, it is fundamental to realign distributions of sequenced cells. Discrete
optimal transport (OT) has proven useful in this task. For example, it is standard practice to leverage
the framework of OT to reconstruct cellular trajectories across developmental time points [72]]
and to study the response of cells to external perturbations like drugs or gene knockouts [18]. In
these settings, both distributions, i.e. earlier and later time point and before perturbation and after
perturbation, respectively, live in the same space, a setting which we refer to as linear OT. In contrast,
most applications of OT in single-cell genomics require maps across (partially) incomparable spaces,
the setting which we refer to as quadratic OT. For example, analysis of spatial transcriptomics
datasets requires the quadratic formulation of OT as the coordinate systems of two different slices
are warped and rotated, thus not living in the same coordinate space [[60]. Similarly, adding spatial
information as a prior has been shown to improve the performance of modeling the trajectory of
cells in the discrete setting [39]. Analogously, adding information from lineage tracing readouts [89]]
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recovers the evolution of cells more faithful§d]. Another prevalent task in single-cell genomics
which is commonly approached with quadratic OT solvers is the alignment of cells across modalities
[17]. Most single-cell technologies capture only one modality, which is insuf cient to obtain a
comprehensive representation of the cellular state. As single-cell datasets growdafgeaditional

OT solvers become less applicable to tasks in single-cell genomics due to their high computational
complexity. Thanks to recent advancements in low-rank/€J{G, [71], the aforementioned OT-
based algorithms are more accessible to single-cell biolo@8tsYet, the non-parametric nature

of discrete OT solvers entails issues with respect to data privacy and prevents their application to
large scale single-cell atlases capturing millions of c@E}.[Moreover, out-of-samples estimation is
limited to very speci ¢ scenarios [63].

Current Limitations of Neural Optimal Transport in Single-Cell Genomics. To overcome these
limitations, neural OT solvers have been leveraged to study cellular perturb&j@)8®] and to

model cellular trajectorie®fl, [83]. Yet, these methods estimate Monge maps, i.e., deterministic
maps, contradicting the assumption that cells evolve stochasti¢Ely $tochastic formulations are

also favorable as they can produce a conditional distribution that can be used to quantify uncertainty
[25]. In the discrete setting, stochastic maps can be obtained from entropy-regularized OTIIBIOT) |
Recently, a number of works have addressed learning EOT [#8n41, 76, 84, 85] in the neural
setting. Yet, all of these methods are limited in the choice of the cost function, with most of them being
restricted to the squared Euclidean cost. Single-cell genomics data is known to be non-Euclidean
[57] and thus requires a exible choice of the cost function in OT applications as demonstrated
in the discrete OT setting in Demetci et fl7], Huguet et al[35], Klein et al.[39]. The third
requirement for applying OT to single-cell genomics is the option to lift the mass conservation
constraint, allowing founbalancedoptimal transport11, 24, 74]. Unbalanced OT is crucial to
model cellular growth and death as well as for automatically discarding outliers, which are prevalent
in highly noisy measurements in single-cell genomics. Eyring ¢2@], Lubeck et al[50], Yang

and Uhler[94] proposed ways to incorporate unbalancedness into deterministic linear OT maps,
while unbalanced formulations for entropic neural OT have barely been explored. The most severe
shortcoming of the existing plethora of neural OT estimators is their limitation to the linear OT
scenario, i.e., to learning maps within spaces. Yet, most applications in single-cell genomics require
the Gromov-Wasserstein (GW§4] or the fused Gromov-Wasserstein (FGVBH[ formulation. To

the best of our knowledge, the only neural formulation for GW proposed thus far learns deterministic,
balanced maps for the inner product costs, using a min-max-min optimization procedure, severely
limiting its applications $8]. Hence, we arrive at four necessities that need to be ful 4ad have to

be exibly combinable to make neural OT generally applicable to problems in single-cell genomics:

« N1: modeling the evolution of cells stochastically as opposed to deterministically,

» N2: exibly choosing cost functions due to non-Euclidean geometry of single-cell genomics data,
» N3: allowing for unbalanced OT to model cellular growth and death or accounting for outliers,

* N4: mapping acrossompletelyor partially incomparable spaces.

Contributions. Hence, we propose GENOT (Generative Entropic Neural Optimal Transport), a
powerful and exible neural OT framework that satis es all of the above requirements:

* GENOT is the rst method that parameterizes linear and quadratic EOT couplingayaost by
modeling their conditional distributions, using ow matching [45] as a backbone.

» We extend GENOT to the unbalanced setting, resulting in U-GENOT, to exibly allow for mass
variations in both the linear and the quadratic setting.

» We extend (U-)GENOT to address the fused problem and this way propose, to the best of our
knowledge, the rst neural OT solver for the FGW problem.

» We showcase GENOT's ability to handle common challenges in single-cell biology: we (i) quantify
lineage branching events in the developing mouse pancreas, (ii) predict cellular responses to drug
perturbations, along with a well-calibrated uncertainty estimation, and (iii) translate ATAC-seq to
RNA-seq with GW and introduce a novel method to perform this translation task with FGW.

2 Background

Notations. Let X  RP,Y  RY compact sets, referred to as the source and the target domain,
respectively. In generalp 6 g. The set of positive (resp. probability) measures<ois denoted by
M *(X) (resp.M I (X)). For 2M *(X Y ), 1:=p] and ,:= p;] denote its marginals.



Then,for 2M *(X); 2M *(Y), ( ; )=°Ff : 1= x5 g.g—den%estheﬁelative

density of w.rt. ,st. = - .For; 2M *(X),KL( j)= ,log(3)d ,d+ . d.
Linear Entropic OT. Letc: X Y ! R be acontinuous cost function,2 M 7 (X); 2M 7 (Y)
and" 0. The linear entropy-regularized OT problem reads

Z

min cd + "KL( j ): (LEOT)
2(5 ) xvy
A solution ? of (LEOT) always exists and is unique wheém 0. (LEOT) is also known as the static
Schrddinger bridge (SB) problergZ]. With " = 0, we recover the Kantorovidl38] problem. For
discrete and , we can solvéLEOT) with the Sinkhorn algorithm1[3], whose complexity fon
points isO(n?) in time, andO(n) or O(n?) in memory, depending on

Quadratic Entropic OT. As opposed to considering arter-domaincost de ned onX Y , quadratic
entropic OT is concerned with seeking couplings that minimize the distortion of the geometries

induced byintra-domaincost functiongy : X X! Randcy :Y Y! R:
Z
min Dey ey d( )+ "KL( k ); (QEOT)
2( 5 ) (xy )2

whereDg, o, (X;¥;x%y9 = jox (x;x9 ¢y (y;y9j? quanti es the pointwise cost distortion.

A solution 7 to Prob(QEOT) always exists (see B.1). With = 0, we recover the Gromov-
Wassersteing4] problem, which is the standard OT formulation for transporting measures supported
onincomparablespaces. In addition to statistical bene 85, using” > 0 also offers computational
bene ts, since for discrete and , we can solve(QEOT)with a mirror descent scheme iterating
the Sinkhorn algorithm€2]. For measures on points, its time complexity i©(n?) or O(n®),
depending orcx andcy [70, Alg. 1&2], while its memory complexity is alway®(n?).

Unbalanced Extensions. The EOT formulations presented above can only handle measures with the
same total mass. Unbalanced optimal transport (UQT)44] lifts this constraint by penalizing the
deviation ofp;] to andp,] to with adivergence. Using th€L and introducing weightings

1; 2> Othe unbalzanced extension of (LEOT) reads

L L O DAL G DA (ULEOT)

This problem can be solved ef ciently in the discrete setting using a variant of the Sinkhorn algorithm
[24, 80]. Analogously, quadratic OT also admits an unbalanced generalization, which reads
Z

i De, i, d + "KL j + KL j )+ KL i );
ZMQ""(QY) Xy )2 ox ey d( ) (] )t o1 (1)t 2 (2 )
(UQEOT)
whereKL (j ) = KL( j ). Asolution ? to Prob(UQEOT)always exists (see B.1).

In the discrete setting, ProfUQEQOT) can be solved using an extension of Peyré ef6d]'s
scheme introduced by Séjourné et[8lL]. Each solver has the same time and memory complexity
as its balanced counterpart. For bth. EOT) and(UQEOT), instead of selecting;, we introduce

P = i+i.. s.t. we recover the marginal constraintfor= 1, when ;! +1 . Wewrite =( 1; 2).

Flow Matching (FM). Given a prior o 2 M ; (RY) and a time-dependent vector e{gh)2(0:1],
one can de ne a probability pagh starting from ¢ using the ow  solving

S @=v@r o=z )

by settingp; = ] o. We then say that; generates the path. Continuous Normalizing Flows
[9] (CNFs) modelv;. with a neural network , which is trained to match a terminal condition

pr = 12 MI(RY. FM [45] is a simulation-free technique to train CNFs by constructing
individual paths between samples, and minimizing

Etzo oz .[kvi ([Z0:Zal) (Z1 Zo)K3]; 2
where[Zo; Z1]t = (1 t)Zo+ tZ1 witht U ([0;1]). If this loss is 0, the ow mapsg to 4, i.e.,
1] o0 = 1. This property is often referred to as FM preserving the marginal distribution.
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Figure 1: Left: What do we do? One task we consider is generating RNA cell pro les from
ATAC measurements and an additional . This is explained in § 5.2, and demonstrated in
Fig. 4. As the cells live on manifolds in two (partially) incomparable spaces , we rely on the Fused
Gromov-Wasserstein (FGW) formulation, as described in § 3.3. Here, the incomparable structural
information is contained in the ATAC and the RNA measurements, while the comparable information
are the cell featureRight: How do we do it? For eachx; u) in the support of the source, we

learna ow 1( jx;u) fromthe noise to the conditional 7( jx;u), whose support lies in that of the
target . The ow is multi-modal: It allows sampling structural informatiopsas well as features
simultaneously. We highlight this procedure for a speci ¢ pai, (1), withp = 2 andq = 3.

3 Generative Entropic Neural OT

We introduce GENOT, a method to learn EOT couplings (thus satisihpgwith any cost N2) by
learning their conditional distributions. In § 3.1, we focus on balanced OT, and show that GENOT
approximates linear or quadratic EOT couplinyel), solutions toqLEOT) or (QEOT)respectively.

Then, in § 3.2, we extend GENOT to the unbalanced setting by loosening the conservation of mass
constraint N3). We de ne U-GENOT, which approximates solutions(td_EOT) and (UQEQT).

In 8§ 3.3, we highlight that GENOT also adresses a fused problem, comifltf6T) and(QEOT)

(N4). Finally, we demonstrate in § 3.4 the GENOT algorithm, that allows to exibly adapt to different
OT formulations, which is key for easy usability for single-cell genomics analysts.

3.1 Learning Entropic Couplings with GENOT

Let 2M ;(X), 2M ;(Y)and 7 beanEOT coupling betweenand , which can be a solution
of problem (LEOT) or (QEQT). By the measure disintegration theorem, we get

d 2(x;y)=d (x)d 2(yjx):

Knowing , we can hence fully describg via the conditional distributioné 7( jx))x2x . The
latter are of great practical interest, as they provide a way to transport axpeémipled from to
the target domailY ; eitherstochasticallypy samplingy 1;:::;y, from 7(jx), or deterministically
by averaging over conditional sampleB:(x) := Ey (jx)[Y]. Moreover, we can assess the
uncertainty of these predictions using any statistic4(fjx), which is crucial in single-cell genomics.

Learning the Conditional Distributions. Let = N (0;14) the standard Gaussian on the target space
RY Y . From the noise outsourcing lemn&/], there exists a collection of conditional generators
fT?(jx)gx2x S.t. T?(jx) : R9 1 RY and for eachx in the support of , 7(jx) = T?(jx)] .
This means that iZ , thenY = T7?(Zjx) 7(jx). Here, we seek to learn a neural collection
fT (jx)ge2x Of such conditional generators, tting the constraln( jx)] = 7(jx), for anyx in

the support of . We employ the FM framework (see 8§ 2) and parameterize €acjx) implicitly, as

the owinduced by a neural vector eld. (jx):R9! R% Namely,T (jx)= 1(jx):R9! R
where (jx) solves

& @0 = ve (@0 ozin = 3)
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We stress that while 2 X RY,the ow 1(jx) from to 7(jx) is de ned on the target space
RY Y . Hence, we can map sampleihin the same space when= g, but alscacrossncomparable
spaces whep 6 . In particular, this allows us to consider the quadratic OT prod@&OT) Thus,
for eachx, we optimizev;, (jx) by minimizing the FM loss (2) to mapto 7(jx), i.e.

Ez v 2awlkve (ZYLiX) (Y Z)K3]; (4)

where[Z; Y]y =(1 t)Z + tY interpolates between noise and conditional vectors. Averaging for
all x in the support of and using Fubini's Theorem, we derive the GENOT loss:

Loenot ()= Bz - xv) clkve ([Y;ZLhiX) (Y  Z)K3]: 5)

In practice, we optimize aample-base@GENOT loss by estimating” = i
X1t Xn andYq;:::; Ya , with adiscreteEOT solver, see Alg. 1.

GENOT Captures the Signal from the Mini-Batch Couplings. Standard FM only preserves
straight couplings47], while bridge matching (its stochastic counterpart) only preserves the linear
EOT coupling fore(x;y) = kx  yk3 [5]. In contrast, GENOT is a conditional FM model, learning

the conditional distributions of the coupling independently of each other: Foneaeh leverage FM

to learn a conditional ow 1( jx) that maps to 7(jx). Therefore, as FM preserves the marginal
distributions (see 2), GENOT preserves all couplings. Thus, it always captures the signal carried out
by the mini-batch couplings, in both linear and quadratic settings, and for any cost. We highlight this
property in Fig. 5, comparing GENOT to other OT-based FM approaches [64, 84, 85].

Pi (x,:v,) from

GENOT Handles Any Cost. We can use GENOT to approximate linear or quadratic EOT couplings.

In both cases, we make no assumptions on the cost functions: We only need to evaluate them
on samples to estimate’ using a discrete solver, see GENOT Alg. 1, line 5. In particular, we
can use implicitly de ned costs, whose evaluation requires a non-differentiable sub-routine. For
instance, we can use the geodesic distance on the data manifold, which can be approximated from the
shortest path distance on tkenn graph induced by the Euclidean distant2 [77]. This approach

has demonstrated its effectiveness in a range of single-cell genomics tasks relying on discrete OT
[17, 35, 39]. We use it with GENOT for both linear (see § 5.1) and quadratic OT (see § 5.2).

GENOT Approximates Conditional Densities.For eachx, we build a CNFRx (jx) =  ¢(jx)]
betweermpo = andp; = 7(jx). From the instantaneous change of variables forn@ljlane can
then approximate the conditional densit§(yjx) at an arbitrary poiny 2 Y, proving useful to
evaluate the likelihood of one-to-one matches between cells, see Fig.23.

3.2 U-GENOT: Extension to the Unbalanced Setting

Re-Balancing the UOT Problems.In its standard form, GENOT respects marginal constraints, so it
cannot directly handle unbalanced formulati¢ds EOT) or (UQEOT). We show that unbalanced

EQOT problems can bee-balanced Eyring et al.[20], Lubeck et al[50], Yang and Uhlef93]
introduced previously these ideas in the Monge map estimation setting, namely, in a static and
deterministic setup. Our method stems from the fact that, for both linear and quadratic OT, the
unbalanced EOT coupling?; between 2M *(X), 2M *(Y) solves a balanced EOT problem
between its marginals, which are re-weighted versieasd~of and , that have the same mass.

Proposition 3.1(Re-Balancing the unbalanced problemd.gt ° be an unbalanced EOT coupling,

solution of (ULEOT) or (UQEOT)between 2 M *(X)and 2M *(Y). We note~= py] 7
and~= p,] 7 its marginals. Then, in both cases(resp.~) has a density w.r.t. (resp. ). That
is, there exist two re-weighting functions, one on each spaceX ! R* and :Y! R" st
~= and~= . Furthermore,~ and ~ have the same total mass and

1. (Linear) ’ solves the balanced problefnhEOT) between~ and ~ with the samé.

2. (Quadratic) Provided thaty , cy (or cx, cy)are CPD kernels (see Def. B.Z)?; solves the
balanced problenfQEOT)between-and~with"®= m( 7 )",wherem( 2 )= 2 (X Y ).

Learning the Coupling and the Re-Weightings Simultaneously.Thanks to Prop. 3.1, we aim

to [i] learn a balanced EOT coupling betweerand ~ along with [ii] the re-weighting functions

. Learning them is desirable since they model the creation and destruction of mass. We do both



simultaneously by adapting the GENOT procedure. Formally, we seek to optimize:
Lueenor ()= Btz oxv) 2 [kvg ([Z;Y LX) (Y Z)k3] [i]
+Ex [ )(X)’+ Ey  [( )(Y)?]; [ii]

where ; are (non-negative) neural re-weighting functions. Crucially, similar to (balanced)
GENOT, we only need to estimate a discrete unbalanced EOT couplingusing samples
X0 Xn andYy;:::; Yy to compute the two components, [i] and [ii], of the U-

GENOT loss. We build upon theoretical insights on the linear OT case and extend them to the
guadratic OT case in practice.

P
Proposition 3.2(Pointwise estimation of re-weighting functionset = = ., P¥ (x vy,
solution to(ULEOT) between empirical counterparts ofand . Leta= P- 1, andb = P2 1,
its marginals weights. Then, almost surelyg; !  (X;) andnb !  (Y;).

Using Prop. 3.1 is a balanced EOT coupling between its marginals, which are empirical
approximations of- and~. Hence, we estimate the rst term [i] of the loss as we do in the balanced
case by sampling from the discrete coupling. Furthermore, Prop.3.2 highlights that the estimation
of A also provides a consistent estimate of the re-weighting function evaluations at eaol

Y;. This enables estimating the second term [ii]. Therefore, switching from GENOT to U-GENOT
simply involves using an unbalanced solver instead of a balanced one, and regressing the neural
re-weighting functions on the marginal weights of the estimated discrete coupling. We detail our
procedure in Alg. 1, showing the additional steps w.r.t. GENOT in teal.

3.3 Combining Linear and Quadratic OT

We show in 8 3.1 and § 3.2 how to use GENOT to solve OT problems within the same space or across
incomparable spaces. On the other hand, numerous real-world problems pose the challenge of the
source and target domains being opéyrtially incomparable88]. Therefore, suppose that the source
and target space can be decomposeX as X andY = Y, respectively. Intuitively, a
sample(u; x) 2 X can be interpreted as a structural informatxoequipped with a feature.
Assume we are given a caost I R to compare features, along with the intra-domain costs
Cy; C. The entropic Fused Gromov-Wasserstein (FGW) problem reads
z
min DE . + "KL( j : EFGW
N gy DEee O D TKLCT ) G

whereDE .. ((u;x);(v;y)ix%y9 =1  )ou;v)+  joc(x;x9) cp(y;y9i*and 2 [0;1].

This loss combines the pointwise structural distortion and the feature information. We refer to the
additional cost on the feature information as theed term The weighting allows us to interpolate
between purely linear OT on the feature£ 0), and purely quadratic OT (= 1) on the structural
information. Problen{fEFGW)also admits an unbalanced extension, derived similarfJ&EOT)

with the quadratiKL [82]. An (un)balanced fused EOT coupling always exists (see B.1), it
minimizes distortion along the structural information and displacement cost along the features.

(U-)GENQOT for the Fused Setting. Whether in the balanced or unbalanced setting, we can use
our method to learn a speci ¢ coupling as soon as it can be estimated from samples. We stress
that the discrete solvers introduced by Peyré €62l and Séjourné et al81] we use fo(QEOT)
and(UQEQT), respectively, are still applicable in the fused setting. As a result, we can approximate
solutions of(EFGW) and its unbalanced counterpart with (U-)GENOT. To illustrate the learning
outcome, take a solution’ of (EFGW). Learning * with our method amounts to training vector
elds that are conditioned on pairs of modalities from the source domaif;ju; x), to sample

pairs of modalities from the target domain viathe o&: , 1(Zju;x)=(V;Y) ?(ju;x).

The sampled modalitigd/; Y) (i) minimize transport cost quanti ed byalong the feature (ii) while
minimizing the distortion along the structural information quanti eddgyandc,.. In § 5.2, we use
fused couplings to enhance the translation between different modalities of cells.

Why Does Adding a Fused Term Provide Bene ts? Generally, unlike the linear EOT prob-

lem (LEOT), the solution 7 to the quadratic EOT probleg®@EOT)is not unique. This is where
adding a fused term helps, as it introduces more constraints. Intuitively, the fused term on addi-
tional featuresas; v allows us to 'select’ an optimal GW coupling: we trade some GW optimality



by choosing a coupling that not only minimizes the distortion of the structural informatipn

but also reduces the displacement cost, quanti ed,tglong the features;v. Empirically, this

signi cantly mitigates the issue of non-uniqueness in (pure) GW couplings. In 8 5.2, we demonstrate
that it enhances the stability of our procedure, particularly for single-cell data, as illustrated in Fig. 4
and Fig. 18. On a related note, but independently of the addition of the fused term, we investigate in
App. E.2 other strategies to mitigate the non-uniqueness of the GW coupling. Notably, we show that
using the geodesic distance on the data manifold as costs, instead of the squared Euclidean distance,
helps address this issue on single-cell data. As an alternative, we also introduce an initialization
scheme to bias the discrete GW solver to a speci ¢ solution based on the neural coupling obtained in
the previous iteration (App. E.2). Yet, this approach renders GENOT non-simulation free.

3.4 One algorithm to exibly switch between neural OT problems

Algorithm 1 U-GENOT. Skip teal steps for GENOT. Single-cell genomics data is inher-

1 Reaul tors- Baich Siza1: 6NoD: i ently noisy, due to biases incurred
T er?yilren%arla?e SLS' atc k Sr'ﬁe; '"enn rorplc redgru t?rlzra- by sequencing protocols and the high
on -, unbaiancedness parameteiinear, quadralicor - gha gjty of the measurements4].

fuseddiscrete OT solveBolver- .

) ; . .. Thus, it is indispensable to exibly
2: Require network: Time-dependent conditional velocity,_, - ;
eld v, (j):RI RP! RY re-weighting functions switch between con gurations of the

- ) problem setup. For example, it is of-
p q
RPER, tRYDOR. ten not clear whether the mass con-

j forstakll' ox ’_-_rf“?r_ do andY.: - servation constraint should be actu-
5 p P Slll. Y an- n le o 5 R n ally loosened (for example whether
K olver, ( 'gi:l fYig ) 2R T to allow for modeling cell death), or
6. a P Iyandb Pw o, whether incorporating prior informa-
7: Sample(iy;ja);=n(insjn) P tion for trajectory inference via the
8 Samplefq;:ii; Zy andty; ity U ([0; 1]). quadratic term (e.g. with spatial in-
9 LO)p kv (ZY, 1iXi) (Y5 Zk)k3  formation BY] or lineage barcoding
10: + . (Xy) nay)’+( (Yx) nby)2. [42)) is bene cial. Similarly, trying
11: Updatd ; 2rL (). different costs is crucial in single-cell
12: end for genomics (17, 35, 39]). The GENOT

formulation offers this exibility by
introducing only minor changes into the algorithm. We detail our procedure in Alg. 1, showing the
additional steps to switch from GENOT to U-GENOT in teal. Limitations are discussed in § A.

4 Related work and Discussions

Static Neural EOT. While GENOT is the rst model to consider the quadratic (and fused) EOT
setting, various methods have been proposed in the linear EOT scenario. The rst class of methods
solves(LEOT)'s dual. While some of then®7, 73] do not allow direct sampling from to?, Daniels

et al.[15] and Mokrov et al[55] model 7(jx). However, these methods might be costly and
unstable, as they rely on Langevin sampling during training or inference.

Dynamic Neural EOT. The second class of linear EOT solvers builds upon the link bet{lee®T)

and the SB probleml, 16, 29, 87]. Although they operate primarily in the balanced setting,

Gazdieva et al[26] recently considered the unbalanced one. As simulations are costly in this setting,

recent works consider simulation-free training via bridge matchiig46, 61, 76, 84, 85, 96]. While

Tong et al.[84, 85] use mini-batch OT, our method is fundamentally different, as we do not build

upon the link between EOT and SB. We only use ow matching as a powerful black box to learn a

ow from the noise to each conditional ?( jx). Therefore, our approach allows for more exibility.

First (i), the abovementioned methods assumeXhat  RY, since they learn a velocity eld (or a

drift) by directly bridgingx 2 X ;y 2 Y. Then, they map to with the induced (stochastic) ow.

On the other hand, conditionally to eact2 X ~ RY, we learn a velocity eldv; (jx):R9! Rd

in thetarget spaceby building paths between noige2 R9andy 2Y  RY. Then, we map to

each 7( jx) with the ows 1(jx), and recover = 1(j)]( ). Second (ii), they can only

approximate the SB fax(x;y) = kx  yk3. This results from$, Prop. 2]. In contrast, our method

handles any cost, as shown in Fig 5. Third (iii), as they learn a single ow directly transporting
to , they do not approximate the conditional densitiégyjx). Similarly to Tong et al[85],

Pooladian et al[64] couple samples from and , but they only model deterministic maps and

assume = N (0; 14). Finally, Bortoli et al.[5] recently proposed an augmented bridge matching



Figure 2: Left: Source cell from the early time points (top left) and samples of the conditional
distributions of the EOT coupling learned with GENOT for the geodesicdips{middle) and the 3

cost (right) projected onto a UMAR§], along with biological assessment of the learnt dynamics
(TSI score, CT error § C.2, Fig. 9Right: UMAP colored according to the uncertainty score

cosvar( O (jX)) of each source ceM. Target cells are colored in gray.

procedure that preserves couplings. However, it still req{reé ~ RY and does not approximate
conditional densities, limiting its applicability in single-cell genomics tasks.

Mini-batches and BiasesQuantifying non-asymptotically the bias resulting from minimizing a
sample-based GENQOT loss, anat its population value, is challenging. The OT curse of dimension-
ality [91] has been discussed in generative models relying on mini-batch cou@iadar[ 84, 85|.

Yet, our goal inotto modelnon-regularizedOT, such as a deterministic Monge map, or a Benamou-
Brenier vector eld. We explicitly target thentropy-regularizedT coupling. Thus, using 0
helps to mitigate the curse of dimensionality because of two qualitative factors:

(i) Statistical. For both linear and quadratic OT, all statistical recovery rates that relate to entropic
costs P8, 95|, maps B3, 66], or couplings PQ], have a far more favorable regime, with a
parametric rate ifi > 0 that dodges the curse of dimensionality.

(i) Computational. While the bene ts of employing a large enougln Sinkhorn's algorithm are
widely known, Rioux et al[67] have recently shown that &sncreases, the quadratic OT problem
(QEQOT) becomes convex, making discrete solvers faster and more reliable.

To demonstrate this aspect, we empirically study the in uence of the batch size on GENOT, using a
recent benchmark [30], with known true linear EOT couplirig see Fig. 6.

5 Experiments

While there is no evidence that cells exactly evolve according to an entropic OT plan, leveraging
OT is an established way to realign cells. We also evaluate the performance on simulated data in
settings which closed-form solutions of the EOT coupling are available for. Metrics and datasets are
discussed in App. C and App. D, respectively. Further experimental details or results are reported in
App. E. Setups for baselines are listed in App. F. Implementation details can be found in App. G. We
denote byGENOT-L the GENOT model for solving the linear probldieEOT), GENOT-Q for the
quadratidQEOT)andGENOT-F for the fusedEFGW)one. When considering thenbalanced
counterparts, we add thpge x U . Moreover, when using theonditional meanof a GENOT model,

we add thesuf x CM . We denote our learned neural couplings by

5.1 GENOT-L for modeling cell trajectories

GENOT-L on simulated data We show that GENOT accurately computes EOT couplings using a
recent benchmarl3[)]. Tab. 1 shows that GENOT-L outperforms all baselines considered. These
results are of particular signi cance since most of the baselines are tailored towards the speci ¢ task
of solving (i) the linear EOT problerLEOT), (ii) in the balanced setting (iii) with th& cost. In
contrast, the contributions of GENOT $eyondthis setting, se&l2, N3, andN4. Going beyond

the balanced problenN@), we show that U-GENOT learns meaningful unbalanced EOT couplings
between Gaussians [36] (11), which we visualize in Fig. 10.

GENOT-L learns the evolution of cells. Trajectory inference is a prominent task in single-cell
biology. It is key to understand the development of cells from less mature to more mature cell



Figure 3:Left: Accuracy of cellular response predictions of U-GENOT-L for cancer drugs with
varying unbalancedness parameter ; = . Smaller impliesmoreunbalancedness (3 runs per

). Right: Mapping a Swiss roll irR® () to a spiral inR? ( ) with GENOT-Q. Center: Color code
tracks where samples from(top) are mapped to (bottom). Right column: samples fro(top)
and the corresponding conditionals, along with conditional density estimates. The learned QEOT
coupling minimizes the distortion: Points close in support @enerate points close in support of

states. In the following, we consider a dataset capturing gene expression of the developing mouse
pancreas at embryonic days 14.5 (source) and 15.5 (taBjetJging the geodesic distance on the
data manifolddy as cost (§ 3.1) improves the learnt vector eld compared to usingilcest (TSI

score in Fig.2, § C.2). The CT error measures to what extent cells follow the manifold (§ C.2, Fig. 9),
which is visually con rmed by samples of the conditional distribution (Fig.2). These results support
the need for a exible choice of the cost functiddZ). As cells are known to evolve stochastically,

we leverage GENOT's capability to generate samples from the conditional distribution to model
non-deterministic trajectorie®NQ). We follow Gayoso et al[25] for assessing the uncertainty of

cell trajectories by computingosvar(  (jx))=Vary  (jxlcossim(Y;Ey  (jx)[YD] (8 C.1).

We expect high uncertainty in cell types in early developmental stages and low variance in mature
cell types. Indeed, Fig. 2 and Fig. 8 show that the computed uncertainty is biologically meaningful.

U-GENOT-L predicts single-cell responses to perturbationsNeural OT has been successfully
applied to model cellular responses to perturbations using deterministic Ma@ENOT has the
comparative advantage to model conditional distributions, allowing for uncertainty quanti cation.
We consider single cell RNA-seq data measuring the response of cells to 163 cancer 8rugagh

drug has been applied to a population of cells that can be partitioned into 3 different cell types. The
source (resp. target) distribution consists of cells before (resp. after) drug application. While there is
no ground truth in the matching between unperturbed and perturbed cells due to the destructive nature
of sequencing technologies (hence the need for realignment), we know which unperturbed subset of
cells is supposed to be mapped to which perturbed subset of cells. We use this to de ne an accuracy
metric (see App. C.2), while we assess the uncertaMty ¢f the prediction usingosvar. Fig. 12

shows that for 117 out of 163 drugs, the model is perfectly calibrated (see App. C.1), while it yields a
negative correlation between error and uncertainty only for one drug. We can improve the generation
of cells by accounting for class imbalances between different cell types using U-GENOT. These
imbalances might occur due to biases in the experimental setup or due to celltathdeed,

Fig. 3 shows that allowing for mass variation increases accuracy for nine different cancer drugs,
selected as they are known to have a strong effect. Fig. 13 and 14 con rm the results vis@ally (

5.2 GENOT for Quadratic EOT Problems

As outlined in § 1, quadratic OT problems are of particular interest in single-cell genadxditsHere,

we focus on the task of aligning different cellular modalities, which is necessary as most sequencing
technologies are limited to measuring one modaBd] [ Yet, there exist few protocols measuring

two modalities simultaneously, thus allowing us to assess the alignment as the ground truth matching
is known. We leverage this to assess GENOT-Q's performance on the task of translating cells from
ATAC-seq to RNA-seq, and also propose a novel way to improve the alignment using GENOT-F.

Before, we demonstrate the task of mapping across incomparable spaces on simulated data.

GENOT-Q and U-GENOT-Q on simulated data. To visualize the problem of quadratic OT, we
transport a Swiss role iR® to a spiral inR?. Fig. 3 shows that GENOT-Q successfully mimics an
isometric alignment. Here, we set= 0:01 and investigate its in uence in more detail in Fig. 15.
To quantitatively assess the performance of GENOT-Q and U-GENOT-Q, we compute (unbalanced)



Figure 4:Left: Benchmark of GENOT-Q models against discrete GW (GW-LR, App. F) on translating
cells between ATAC space of dird; and RNA space of dind,, with performance measured with
FOSCTTM score (App. C.2) and Sinkhorn divergence between target and predicted target distribution.
(left) intra-domain costsx = cy = '3, (right) geodesic distances = dx andcy = dy. We show

mean and std across 3 ruRight: Top: UMAP of transported cells with GENOT-F (colored by

cell type) and cells in the target distribution (gray). Cells of the same cell type generate cells which
cluster together in RNA space. Bottom: UMAP of transported cells with a GENOT model trained on
batch-wise independent couplings, thus not using OT, generating cells which are randomly mixed.

entropic OT plans between Gaussian distributions, which the closed form EOT plan is known for
[43]. Fig.19 and Fig.20 show that GENOT-Q is able to meaningfully learn (un-)balanced entropic
EOT plans for lower dimensions, but its performance decreases with increasing dimensionality.

GENOT-Q translates modalities of single cellsWe use GENOT-Q to translate ATAC measurements
(source) to gene expression space (target) on a bone marrow datdsAs[both modalities were
measured in the same cell, the true match of each cell is known for this speci ¢ dataset. We compare
GENOT-Q with discrete OT extended out-of-sample with linear regression (GW-LR, see F.2). We
assess the performance using (i) the FOSCTTM (“Fractions of Samples Closer to the True Match”,
see C.2) that measures the optimality of the learned coupling, and (ii) the Sinkhorn diver2@nce [
between the predicted target and the target to assess distributional tting. Asin § 5.1, we leverage
GENOT's exibility and use as intra-domains costs the geodesic distances on the source and target
domain, namelgyx = dy,cy = dy (N2). We also estimate the EOT coupling for thecost for
comparison. Results are shown in Fig. 3. Regarding the FOSCTTM score, we see that (i) using
geodesic costs is crucial in high dimensions and (i) GW-LR is competitive in low dimensions but not
for higher ones. Regarding distributional tting, GENOT models outperform by orders of magnitude.

GENOT-F improves modality translation. To enhance the performances attained by purely
guadratic OT-based models, we introduce a novel method for translating between ATAC and RNA.
We extend the idea of translating between cell modalitiies proposed by Demetcjlat|ab the

fused setting: We approximate RNA data from ATAC measurements using gene a@®itsrid

we further process the data using a conditional VAH] o reduce batch effects. This way, we
construct a joint space. Following the notations in 8 3.3, RNA (sourge2 X)) and ATAC (target

y 2 Y) carry the structural information, while featune®2 andv 2 are obtained from the VAE
embedding. Fig. 21 shows that the additional linear penalty on the feature term helps to obtain a
better alignment compared to GENOT-Q. Fig. 4 visualizes the learned fused coupling compared to
GENOT trained with batch-wise independent couplings. When aligning multiple cell modalities, the
proportions of cell types in the two modalities often diffdl3). We simulate this setting by removing

cells belonging to certain cell types Tab. 4 shows that U-GENOT-F preserves high accuracy while
learning meaningful rescaling functions.

Conclusion. Motivated by applications in single-cell genomics, we introduce GENOT, a versatile
neural OT framework to learn cost-ef cient stochastic maps, within the same space or across incom-
parable spaces. GENOT can be used for learning EOT couplings with any cost function, and allows
for loosening mass constraints if desired.
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Appendix

A Limitations

While our study opens up the use of neural optimal transport to a wide range of tasks in single-cell
genomics, there are limitations of our work:

 The solution to the entropic (Fused) Gromov-Wasserstein problem is not necessarily unique.
As GENOT-Q and GENOT-F leverage discrete solvers in each iteration, the orientation of
the solution across iterations is not maintained. To prevent learning a mixture of solutions,
we propose to use a fused term whenever possible, make use of different cost functions if
helpful, or using GENOT with our proposed initialisation scheme (8§ E.2). While the latter
can always be applied, its major drawback is the costly training as a neural ODE has to be
solved at every iteration.

* When learning unbalanced EOT plans, choosing a value for the hyperparamgteg’ is
not evident. As discussed in Séjourné e{#b], the choice of these parameters is mostly
empirical.

» While GENQT is motivated by the extensive use of optimal transport in single-cell genomics,
there is no evidence that cells evolve exactly according to an entropic OT plan.

« Evaluations of learnt transport plans for tasks in single-cell genomics experiments are
task-speci ¢, and do not necessarily re ect to what extent the learnt coupling is an entropic
OT coupling. In effect, we rely on prior biological knowledge (CT error, Fig. 2) or on
common downstream trajectory inference methods in single-cell genomics to evaluate the
learnt velocity eld (TSI score, Fig. 2) when computing EOT plans for trajectory inference.
Similarly, we can only assess learnt EOT plan on a cluster level, and not a single data point
level when studying cellular perturbations (3). For the task of modality translation (Fig. 4),
we know the ground-truth coupling. Yet, the ground-truth coupling is deterministic and
one-to-one, and hence is not a valid solution of an entropy-regularized Gromov-Wasserstein
OT plan with" > 0.

B Propositions and Proofs

B.1 Existence of EOT couplings

In this section, we point out that a solution to the entropic fused GW proERGW), and its
unbalanced counterpart, always exists. Note that ferO, we recover the existence for the pure
entropic GW(EFGW) and its unbalanced counterp@dQEOT) problems. The arguments are
adapted from [88, Prop. 2]

Balanced setting:We rst rzecall the fused Gromov-Wasserstein problem below.

min Q¢ .. d( )+ "KL( ] ) (6)
2000 x) (v
whereQg .. ((U;x);(viy)ix%y9:=(1  )e(u;v)+ jec(x:x9)  cply;y9i?. We rstneed
to show that a solution? to this problem always exists. We assume that the intra-doogaioy
costs, and the inter-domain casare I.s.c, an assumption that matches all our experimental settings.
From [88, Lemma 3], this implies thatzthe functional:

2 (; )7 Q¢ ., d ) (7)
« x)y ¢ vy
is weakly I.s.c, i.e. |.s.c for the convergence in law. Moreover, fra8) Prop. 8], 7! KL( j )
is also weakly I.s.c. Therefore,zthe objective function of the fused Gromov-Wasserstein problem:
F:2(;)7 Q¢ o, d )FUKL( ] ) (8)
«C X )2

is weakly I.s.c, as a sum of weakly |.s.c functionals. Then, since we assumé #ratY are compact,
they are polish spaces, so fro88[ Theorem 1.7],( ; ) is weakly compact. Therefore, from
Weierstrass Theorerf, attains its minimum on( ; ), i.e. it exists 7 solution to this problem.
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Unbalanced setting: The proof is very similar. We rst recall the unbalanced fused Gromov-
Wasserstein problem.

Z
min c . d + "KL( i + KL Y+ KL .
M XY ) (o x) o v»zQCM ( ) (1] )+ KL (af )+ 2KL (2 )
. _ _ -0
whereKL ( j ) = KL( j ). From B1, Prop. 8],KL is weakly |.s.c, sois 7!

KL ( 1 )and 7! KL ( 2j ). Therefore, the objective function of the unbalanced fused
Gromov-Wasserstein problem is also weakly |.s.c. as a sum of weakly l.s.c. functions. Moreover,
sinceX andY are assumed to be compaxXt, Y is also compact and the Banach-Alaoglu provides
the compactness & * (X Y ). Then, from Weierstrass Theorem, similarly to the balanced setting,
we get the existence of a solutioft  to this problem.

B.2 Proofs of § 3.2

Proposition B.1(Re-Balancing the unbalanced problemé.¢t ° be an unbalanced EOT coupling,

solution of (ULEOT) or (UQEOT)between 2M *(X)and 2 M *(Y). We note~= p;] 7
and~= py] ° its marginals. Then, in both cases(resp.~) has a density w.r.t. (resp. ). That
is, there exist two re-weighting functions, one on each spaceX ! R* and :Y! R' st
~= and~= . Furthermore,~ and ~ have the same total mass and

1. (Linear) ° solves the balanced problefbEOT) between~ and ~ with the samé.

2. (Quadratic) Provided thaty , ¢y (or cx, cy)are CPD kernels (see Def. B.Z)?; solves the
balanced problentQEOT)between-and~with"®= m( 2 )", wherem( 7 )= 2 (X Y ).

We rst remind the de nition of a conditionally positive kernel, which is involved in point 2. of
Prop. 3.1.

De nition B.2. Akernelk : RY RY! Ris conditionally positive if it is symmetric and for any
X1::50Xn 2 RYanda 2 R" s.t.a> 1, =0, one has

aja k(xj;xj) 0
i =1

Conditionally positive kernels include all positive kernels, si¢k;y) = hx;yi ork (x;y) =
exp( 1kx yk3), but also the negative squared Euclidean distdfgey) = k x  yk3.

Proof of 3.1. Step 1: Re-weightingsWe rst show that for " solution of(LEOT) or (QEOT), it
exists; :RY! RYst~=p] ? = and~=p] 7 =

We start with the linear case and considér solution of(LEOT). The result follows from duality.
Indeed, from 80, Prop. 2], one has the existence of the so-called entropic potehti@<(X ) and
g’ 2 C(Y) s.t.

?

f2x)+ g°(y) c(x;y)

ﬁ(xi y) =exp (10)
Therefore,~ = and~= where : X! R*and :Y! R* aredened by:
Z
f?(x)+ g° o(X;
()= ep —TIN L) g ()
Z ” 5 ) (1))

X

We now handle the quadratic case and consic&ar solution of (UQEOT). We remind that
the (UQEQT) problem betweenand reads:
z

H H . . 2 . 0.
2™V ) oy )chx(x,xo) ov (y;y9id (x;y)d (x%y9
+ "KL (] )+ KL (af )+ 2KL () );
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For 2M *(X Y ), the quadratic relative entro§L.  ( j ) = KL( i( ) ( )
is nite i.f.f. has a density w.r.(. ) ( ), which implies that has a density w.r.t.
. Therefgre, one can reformulate (UQEOT) as:

min (ex (G X) oy (y;y)2hy)h(x%y9d (x)d (x9d (y)d (v9
h2LT (XY ) (XY )2 (12)

+ "KL(hj )+ 1KL(hgj )+ 2KL(hzj )

where we extend the KL divergengg for densitig&(rj ) = (rlog(r)4r 1)d , andde ne

the marginal densitiels; : x 2 X 71, h(x;y)d (y)andhz:y 2Y 7!, h(x;y)d (y). Asa

result, itexistsh? 2 L7 (X Y )st. 2 =h? . It follows that~ = and~= with
= h]and = hj.

RemarkB.3. Note that in both cases, sinde(x) = (x)d (x) andd~(y) = (y)d (y), the

equality of mass of-and~yieldsEx [ (X)]= Ey [ (Y)]:

Step 2: Optimality in the balanced problem for the linear case We now provepoint 1, stating
that if ’ solves problem ULEOT betweenand , then it solves problerLEOT) between~ and
~for the same entropic regularization strengtht also follows from duality. We remind that that
thanks to [80, Prop. 2]

?

———(X;y) = exp

d( )
with f ? 2 C(X) andg’ 2 C(Y). Moreover, by §9, Theorem 4.2], such a decomposition is equivalent
to the optimality in problenfLEOT). Therefore, ’ is solves problem LEOT between its marginals
~and~, i.e. 7

2 =argmin c(x;y)d (x;y)+ "KL( ] ) (14)
2(~;~) XY

f7(x)+ g’(y)  co(x;y) (13)

Step 3: Optimality in the balanced problem for the quadratic case We now provepoint 2, stating
that, provided that the costg andcy are conditionally positive (or conditionally negative), ﬁ
solves problenfUQEOT)between and , then it actually solves proble(@EOT)between~ and
~for the entropic regularization strendth= m( 2 )". We rst de ne the functional:

Z

Fi(; )2M (X Y )27 . )szx(X;XO) ov (y:;y9itd (x;y)d (x%y9

(15)
+ "KL( i( )+ KL( 1 4] )t 2KL (2 2 )
st 2 2argmin ,y vy )F(; ). Then, if we de ne the linearized cost
Z
¢l oi(xy)2X Y 7! jox X9 or(yiy9itd 2 (x%y9; (16)
XY
we get from [80, Proposition 9], that?; solves:
Z
2 argmin ¢ (x;y)d (x;y)+ "m( 2 KL( | )
2M (Y ) XY ' (17)

+am( ZOKLC 4 )+ om(E KL o) ):

Therefore, " solves problem ULEOT betweenand for a new cosb’:’; , and the regularization
strength'®= "m ( ’ ). We seek to apply point 1, to get tha?’t solves problem LEOT between

~=pm] 7 and~= py] ? forthe same entropic regularization strentfthTo that end, we rst
verifythatc?; is continuous. Sincex andcy are continuous oX X andY Y ,the function:

0GYsxGy9 2 (X Y )Tk (x:x) v (y;y9i®

is continuous. Therefore, it is bounded sirfde Y )? is compact as a product of compact sets.
Then, since " has nite mass, Lebesgue's dominated convergence yields the continm’iy ofVe
then to apply point 1 and get:

2 argmin ¢ (xy)d (xy)+ "KL ] ) (18)
2(~;~) XY
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Since the costs are conditionally positive (or conditionally negative) kerfids,nally yields the
desired result by applying [81, Theorem 3]:

4

2agmin o (06x)er(yiydid (Gyd oy KT ) (9)

RemarkB.4. In various experimental settings,and have mass 1, and we impose one of the
two hard marglnal constramts for instance, qrby setting ;1 = 1. Then~has also mass 1 and
m(?)=1,s0""=m(? . )= " and we keep the same regularization streridtly re-balancing
(UQEOT)

O

P
Proposition B.5 (Pointwise estimation of re-weighting functionset % =, P¥  (x )y,

solution to(ULEOT) between empirical counterparts ofand . Leta= P 1, andb = PZ 1,
its marginals weights. Then, almost surelyg; !  (X;) andnb ! (Y)).

Proof. As we saw in the proof of Prop.3.1, using Séjourné efgdl, Prop. 2, one has the existence
of f? 2 C(X) andg® 2 C(Y) s.t.

2
d( )
and the relative densitiesand s.t.~= py] ? = and~=p,] 7 = are given by

Z Z
(X 7! h(x;y)d (y) and :y 7! h(x;y)d (x) (20)
Y X

PP+ ') exiy) ey

(x;y) = exp

P .
N(BN let consider™, 5, Pi  (x,.v,) the solution of problem LEOT betweefh, =
X and n = = “71 v, . Similarly, using Séjourné et aJ80, Prop. 2, one has the
existence of 2 C(X) andg; 2 C(Y) s.t.

dn. L fr(x)+ galy) c(x;y)
d(r, Ay y) = e "

and the relative densities, and , s.t. v, = p1]™ = , "yand— = p]™M =, A, are
given by

= ha(X}y) (21)

s s
n X7 S ha(xiy)) and iy 7o ha(Xiry) (22)
j=1 j=1

From Eq.(21), we getthaP!. = Lh(xi;y;), soreminding thah = P-. 1, andb = PZ 1,,
one hasa = ,(X;)andnb = ,(Y;). We now show that almost surely, ! and , !
pointwise, which implies the desired result that, almost suredy,!  (X;) andnbk; ! (Y;).

Almost surely,”, *  and”?, * so using 4, Proposition 10]f7 ! f?andg’! g’in
sup-norm. Sincé? ! f? onX andg I g’ onY in sup-norm, we can show thhat ! hin
sup-normorX Y . Indeed, for(x;y) 2 (X Y ), one has:

jha(x5y)  h(x;y)j

= exp fa(x)+ gr?](")’) c(X;y) exp f2(x) + g?("y) o(x:y)
=exp C(X";y) exp M exp M (23)
MC;" exp M exp M
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with M = SUP(x.y)ox v €XP Y <« oyq , sincdx;y) 7! exp €x¥)  js continuous on
the compacK Y , ascis continuous. Afterwards,

fa(x)+ g7 (y) f?(x)+ g°(y)

exp exp
? ? ? ?
exp f”fx) exp M exp f”fx) exp g.(.x) (24)
? ? ? ?
soxp M0 g G0 gy T g T
For the rst term, one has:
? ? ? ?
op X o0 GO0 g
? ? ?
—exp ) g B) gy GO (25)
? ? ?
exp Dol op ) g T

First, we can bound uniformlgxp (kf ’k; =") sincef, converges in sup-norm, g&f ’ky )n o
is bounded. Then, sincg convergences in sup-norm, it is uniformly bounded, and saice
is continuous on the compast, it is bounded. Therefore, we can nd a comp#ct R s.t.
g’(X) K andforeactm, g’(X) K. Then, applying the mean value theorem to@efunction
x 7! exp(x=") onK , we can bound:

? (X ? (x ) .
ep B ep T splen(2)ig g (26)
z
This yields the existence of a constamt > 0s.t.
2 2 2 2
exp M exp LO() exp f"fx) exp 9 ,(,X) Mikg? g°ka (27)

Using the same strategy, we get the existence of a cordtamt 0 s.t.
? ? ? ?
0D e 00 ey 0 g S0

exp Mokf? f%ky  (28)

Combining (27) and (28) with (23), we get that:
jhn(x) h(X)j Mcr (Mikg?  g°ks + Mokf? 7k ) (29)

from which we deduce thdt, ! hin sup-norm, from the convergencefef! f andg, ! gin
sup-norm.

Now, we can show the pointwise convergencépf For anyx 2 X , one has:
B .
=] ha(x;y)d™a(y) h(x;y)d (y)j

Z Z Z Z
i ha(x;y)d™n(y) h(x;y)d®n(y)i+ ] h(x;y)d®n(y) h(x;y)d (y)j (30)
Z Z Z
khn  hky d™(y)+ ]  h(x;y)dta(y) h(x;y)d (y)i
Z Z

=khn hky +j  h(x;y)d*(y) h(x;y)d (y)j

Therefore, it almost surely holds that(x) !  (x). Indeedkh, hk; ! 0since we have shown
thath, ! hin sgp-norm. Fen is continuous on the compaXt Y , so it is bounded, so since
n* ,weget hd?,! hd . Next, we show similarly that, almost surely, ! pointwise.

O
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C Metrics

We start with introducing general metrics in 8 C.1, some of which will be used in the metrics
introduced in the context of experiments on single-cell data in § C.2.

C.1 General metrics

In the following, we discuss a way how to classify predictions in a generative model. We start with
the setting where each mapped sample is to be assigned to a category based on labelled data in the
target distribution. We then continue with the case where there are also labels for samples in the
source distribution, and this way de ne a classifg,ss mapping from the source distribution to

labels in the target distribution with the possibility to compute accuracy. Building upon this, we
assign the classi ef ¢assan uncertainty score for each prediction. Finally, we de ne a calibration
score assessing the quality of a given uncertainty score.

Turning a generative model into a classi er In the following, consider a nite set of samples in

Hence, each sample belongs to exactly one class, which we interchangeably refer to as the sample
being labelled. LeT : X 'Y be a map (deterministic or stochastic), andletn : Y ! fT ok,

be the 1-nearest neighbor classi er. We obtain a m&em X to fTgk_, by the concatenation of

f1.nn @ndT. This mapg proves useful in settings when mapped cells are to be categorized, e.g. to
assign mapped cells to a cell type.

A metric to assess the accuracy of a generative modeln the following, assume that the set of
samples in the source domain; : ::xy allows for a partitiorf x,gh=; = t 2k Sk. We want to
construct a classi ef ¢assassigning each category in the source distribut®igl_, probabilistically

[ a category in the target distributiéf gk, . De ne feass: fSkOk=; ! N via (fasdSk))j =
%25, Ltg(xn)= 1,9 Whereg: X T g, was de ned above.

Assume that there exists a known one-to-one (injective would be suf cient) match between elements
in fSkgh, and elements ifiTgk_, . Then we can de ne a confusion matri with entries

Aij = .21, Lrg(xn)= 5+ In the context of entropic OT the confusion matrix is element-wise
de ned as
X
Ajj = Lt ))= 510 (31)
Xn 2T

This way we obtain an accuracy score of the classi gssmapping a partition of one set of samples
to a partition of another set of samples.

Calibration score To assess the meaningfulness of an uncertainty score, we introduce the following
calibration score. Assume we have a classi er which yields predictions along with uncertainty
estimations. Leti 2 RX be a vector containing an uncertainty estimation for each element in
fS kgfz1 . Moreover, lea 2 RX be a vector containing the accuracy for each elemef& .lrg{ﬁzl .

We then de ne our calibration score to be the Spearman rank correlation coef cient betveaeh

1k a, wherelk denotes th& dimensional vector containinfyin every entry. In effect, the
calibration score is close tbif the model assigns high uncertainty to wrong predictions and low
uncertainty to true predictions, while the calibration score is closeltd the model assigns high
uncertainty to correct predictions and low uncertainty to wrong predictions.

In the following, we consider a stochastic maplLety;::;y,. (jx) obtained fromT. To
obtain a calibration score fdg,sswe estimate a statistié ( (jx)) from the sampleg;::;y.L,
re ecting an estimation of uncertainty. Then, we let the uncertainty of the predictibg,gffor

categoryS; be the mean uncertainty statistic, i.e., s W In effect, for each prediction
f clasd Si) we get the uncertainty score
XV (%)

uj = -
' ISi

(32)
x2S
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Assessing the uncertainty with thecos-varmetric  Gayoso et al[25] introduce a statistic to assess
the uncertainty of deep generative RNA velocity methods from samples of the posterior distribution,
which we adapt to the OT paradigm to obtain

cos-vat (jx))=Vary (jxlcossim(Y;Ey  (jx[YD] (33)

wherecossim denotes the cosine similarity. We refer to this metricesvar, as it computes the
variance of the cosine similarity of samples following the conditional distribution and the conditional
mean. We use 30 samples from the conditional distribution to compute this metric.

C.2 Single-cell speci c metrics

TSI score for developmental systems In the following, we describe TSI metric used in Fig. 2.

The terminal state identi cation score (TSI) was introduced in Weiler gB&] and assesses to what
extent the learnt vector eld of a developmental system points towards the correct directions. In
effect, we assume that terminal states of the biological developmental process are known. CellRank
[42] identi es macrostates using a Schur decomposition based on the transition matrix computed
from the learnt vector eld (using CellRank¥elocityKernel. From these macrostates, CellRank
infers a set of putative terminal states, loosely speaking by looking for sinks in the transition matrix.
To de ne the TSI score, we consider a system containmnigrminal states and the functiérnthat

assigns each number of macrostatehe corresponding number of identi ed terminal states. In the
case of a strategy that identi es terminal states optimélly, describes the step function

n, n<m

fopt(n) = m: n m:

The TSI score of the learnt vector eldis the area under the cur¥e relative to the area under the
curvef oy, i€,

P Nmaxf (n) 2 b(max
TSI()= Pt~ 7 = f (n):
n:laxfopt ML+ Nmax M) n=1

Thus, the TSI score lies betwee@ and 1, with 1 being optimal. We compute
the LSI score withhttps://cellrank.readthedocs.io/en/latest/api/_autosummary/
estimators/cellrank.estimators.GPCCA.html#cellrank.estimators. GPCCA.tsi

In the speci c dataset considered here, the terminal cell states are Alpha, Beta, Delta, and Epsilon
cells [2]. Hence, the TSI score measures to what extent the underlying vector eld captures the
dynamics such that cells develop into either of these cell states, while these cell states being a sink.
In the CellRank API, we set n_macrostates to 15, i.e., the algorithm looks for 15 macrostates.

Cell type scores/errors As in most single-cell tasks there is no ground truth of matches between
cells, we rely on labels of clusters of the data, i.e. on cell types. We then assess the accuracy of a
generative model by considering the accuracy of the corresponding clakgigras described above.

The correct matches between classes have to be considered task-speci cally.

In the developmental pancreas example considered in Figures 2 and 9, wéShaffe, =

1L“I'kg|'§:1 = fAlpha, Beta, Delta, Epsilon, Fev+ Alpha, Fev+ Beta, Fev+ Delta, Fev+ Delta, Fev+
Pyy, Ngn3 High late, Ngn3 High early, Ngn3 low §PHere, we do not look for a one-to-one match,

as from a developmental biology perspective, it is reasonable (and even expected) that e.g. a Fev+
Alpha cell evolves into an Alpha cell. To measure to what extent the dynamics follow the manifold,
we measure how many cells in one of the terminal cell states Alpha, Beta, Delta, Epsilon are derived
directly from Ngn3 low EP cells. These transitions are biologically unlikely, as cells are known to
evolve via the Ngn3 high cluster and either of Fev+ Alpha, Fev+ Beta, Fev+ Delta or Fev+ Epsilon.
Hence, the direct transition from Ngn3 low EP cells to one of the terminal cell states is very unlikely.
Thus, we denote this fraction as the cell transition er@¥ €rror).

In the following, we discuss the choice of the labéBs.gk., andfTgk., for perturbation
prediction in Fig.3, Fig.12. Each drug was applied to cells belonging to three different cell
types/cell lines, namely A549, K562, and MCF7. Hence, we can dénali., = fTygf., =
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fA549 K 562 MCF 7g as for each perturbed cell we know the cell type at the time of injecting the
drug.

FOSCTTM score In the following, we consider a setting where the true match betwagipless

known. The FOSCTTM score ("Fraction of Samples Closer than True Match") measures the fraction
of cells which are closer to the true match than the predicted cell. Hence, a random match has a
FOSCTTM score 00:5, while a perfect match has a FOSCTTM scor®@ In the following we

only consider discrete distributions. To de ne the FOSCTTM score foramapX ' Y , let
X1;:::Xkg 2 X be samples from the source distribution and:::yx 2 Y be samples from the

target distribution, such that andykpform a true match. Moreover, lgk = T(xy). Let

k2k Lkye 9, k3k y; 9jk3

= — 34
Pi K (34)
and p
g = k2k Ly, jlikjk% Kyi k3 (35)
Then, the FOSCTTM score between the predicted tdgyeti ok and the targety gk2 k is obtained
as X
. _ Btq,
FOSCTMM(f $«Qkak ; fykOkak ) = > (36)
k2K

D Datasets

D.1 Gushchin et al. [30]'s benchmark datasets

We follow the notebook irhttps://github.com/ngushchin/EntropicOTBenchmark/blob/
main/notebooks/mixtures_benchmark_visualization_eot.ipynb , which allows to down-
load the data when instantiating the samplers by settioginload=True in the function
get_guassian_mixture_benchmark_sampler()

D.2 Pancreas single-cell dataset

The dataset of the developing mouse pancreas was published in Bastidas-Pon@ ahdlcan

be downloaded following the guidelines bttps://www.ncbi.nim.nih.gov/geo/query/acc.
cgi?acc=GSE132188 The full dataset contains measurements of embryonic days 12.5, 13.5, 14.5,
and 15.5, while we only consider time points 14.5 and 15.5.

We Iter the dataset such that we only keep cells belonging to the cell types of the endocrine branch
to ensure that learnt transitions are biologically plausible. Moreover, cells annotadteghasigh
cyclingwere removed due to its unknown stage in the developmental pratjedhe removal is

justi ed by the small number of cells belonging to this cell type and its outlying position in gene
expression space. Experiments were performed on 30-dimensional PCA space of log-transformed
gene expression counts.

D.3 Drug perturbation single-cell dataset

The dataset was published irg]. We download the dataset following the instructions detailed on
https://github.com/bunnech/cellot/tree/main

For all analyses we computed PCA embeddings (50 dimensions) on the ltered dataset including the
control cells and the corresponding drug only. This ensures the capturing of relevant distributional
shifts and hence prevents the model from near-constant predictions as the effect of numerous drugs is
weak.

The drugs in gure 3 were chosen as in Hetzel et al. [33].

D.4 Human bone marrow single-cell dataset for modality translation

This dataset contains paired measurements of single-cell RNA-seq readouts and single-nucleus
ATAC-seq measurement$]]. This means that we have a ground truth one-to-one matching
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Figure 5: Fitting the EOT coupling between two Gaussian mixtures for the Coulomb4jost [
c(x;y) = 1=kx yk,, and" = 0:01, using GENOT and OT-CFM8p]. For both methods, we
hence use mini-batch couplings computed with this cost. We connect paired samples with a line. The
EOT coupling pairs source samples and target samples diagonally (left). GENOT (middle) generates
samples correctly, while OT-CFM (right) fails to preserve the signal from mini-batch couplings. The
data-setting is inspired by Bortoli et al. [5, Fig. 1]

for each cell. We use the processed data provided in mo8&phtwhich can be downloaded
following the instructions omttps://moscot.readthedocs.io/en/latest/genapi/moscot.
datasets.bone_marrow.html#moscot.datasets.bone_marrow . This version of the dataset
additionally contains a shared embedding for both the RNA and the ATAC data, which we use in the
fused term. This embedding was created using a variational autoencoder48ph\uyf integrating

the RNA counts of the gene expression dataset and gene actigjtgdrived from the ATAC data, a
commonly used approximation for gene expression estimation from ATAC data [34].

In RNA space we use the PCA embedding (the dimension of which is detailed in the corresponding
experiments), while the embedding used in ATAC space is the given LSI (latent semantic indexing)
embedding, followed by a feature-wise L2-normalization as proposed in Demetc[Et]alThe
legend for the cell type labels is given in Fig. 25.

E Additional information and results for experiments

If not stated otherwise, the GENOT model con guration follows the setup described in appendix G.

E.1 (U)-GENOT-L

Entropic OT benchmark by Gushchin et al. [30] We assess the performance of GENOT-L
following the benchmark in Gushchin et §80]. While the results reported in Gushchin et[8D]

are the best ones across different con gurations of hyperparameters for certain models, weachoose
single hyperparameter con guratioaicross all dimensions and entropy regularisation parameters.
In particular, GENOT is trained for 100,000 iterations and the learning rate is 46t o The
dimension of the layers in the vector eld is set to 1024, and the entropy regularization parameter
is set according to the task (i.@1, 1:0 or 10:0.). The batch size is set to 2048, and its in uence is
further studied in gure 6. The number of layers per block is set to 3, and the embedding dimension
of the time, condition, and noise is set to 1,024. All remaining parameters are chosen as described in
appendix G.

Following Gushchin et a[30], Tab. 2 reports the Bures-Wasserstein Unexplained Variance Percentage
(BW3-UVP) between the marginal distributiops] and de ned as

100%

2 Cy =
BW3-UVP (p2] ; )= W

BW2(p2] ;) @37)
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whereBW3 (p2] ;) is the Bures-Wasserstein metric between the Gaussian approximations of
the distributiong,] and :

BW3(p2] 5 )= WZ(N(M ;5 )iN(Mp, 5 p )): (38)

Here,W2 denotes the Wasserstein-2 distance, and for any measore denotes its mean and

its covariance.Tab. 3 displays the conditional Bures-Wasserstein Unexplained Variance Percentage
(cBW-UVP), which is the integration of the Bures-Wasserstein distances of the estimated and the true
conditional distributions:

4
100%

cBW2-UVP( ; /)= ———
2 ( ) %Var( ) X

BW3( (jx); 7(ix)d (x): (39)

Algorithm 2 U-GENOT with strati ed sampling of the discrete conditionals. Skip teal steps for
GENOT.
1: Require parameters: Batch sizen, number of (pex) conditional sampl&, entropic regulariza-
tion", unbalancedness parametediscrete solveSolver. .

2: Require network: Time-dependent conditional velocity eld. (j): R? RP! R9Y re-
weighting functions :RP! R, :RY! R.

3:fort=1;:::;Tier doO

4:  Xq;:1:0:Xn andYq;:::; Yy .

5 P Solver. (X)L, (Y)L,) 2 R} ".

6: a P+ lyandb PZ 1,.

7 Sampleiq;:::;ip,  aandse(Xq;:::;Xp) Xi; i Xiy)

8 fori=1;:::;ndo

9: Sampleiq; i P [i; ]

10: Sample noise vecto;. 1;:::; Zik and time-steps. 1;:::;tik U ([0;1]).

11:  end for P P
. 1 n 1 k . H 2

12: L( 5 sk 1= kv ([Zig s Y T Xa) (v;, Ziy)ks

+20 L0 (X)) na?+( (V) nby)?,
13: Updatd ; rL ().
14: end for

Hence, BW3-UVP (p,] ; ) measures the tting property of the push-forward distribution
while ¢cBW3-UVP( ; 7) measures the tting property of the joint distribution. Hence,
BW3-UVP (p2] ; ) measures the tting property of the push-forward distribution while
cBWZ2-UVP( ; 7) measures the tting property of the joint distribution.

The values for the competing methods are taken from the original manuscript Gushch[3@t al.
Competing methods are Seguy et[@B] (LSOT), Daniels et al[15] (SCONES), Korotin et al40]
(NOT), Mokrov et al.[55] (EgNOT), Gushchin et a[29] (ENQOT), Vargas et al87] (MLE-SB),
De Bortoli et al. [16] (DiffSB), Chen et al. [10] (FB-SDE-A, FB-SDE-J).

To make the results of the benchmark more interpretable, we rank the methods for each experimental
setup. If multiple methods yield the same result, we assign the methods the mean of the ranks. Tab. 1
reports the average rank across the twelve different experimental setups.

Ablation study of GENOT A natural way to extend the GENOT algorithm is to samipte 1
instances from the conditional distribution. Alg. 2 describes this procedure in lines 8 to 11, resulting
only in an additional sum in the loss in line 12. As for each condiXgrwe then have multiple
sampled Z;, gk, andfY;, gk, (in the unbalanced casedepends om), we can then couple the noise
samples with the samples from the conditional distribution using a discrete Sinkhorn solver (note
that the noise and the conditional distribution always live in the same space). This corresponds to
using the approach introduced in Pooladian eféd], Tong et al[85] for each single conditional
generatoil ( jx). We study this natural extension of the GENOT model in Fig 7. While in a few
cases this extensions helps, in the majority of experiments ksing decreases the performance.

GENOT-L for trajectory inference Discrete optimal transport is an established method for
trajectory inference in single-cell genomi@®]. Due to the ever increasing size of these datasets
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Model rankBW3-UVP  rankcBW3-UVP #
LSOT 11.33 11.33
SCONES 8.67 9.33
DiffSB 8.92 9.50
FB-SDE-J 6.04 9.33
FB-SDE-A 8.08 8.66
EgNOT 3.04 7.08
DSBM 8.83 6.0
NOT 5.42 3.66
ENOT 6.92 3.58
CFM-SB 5.54 3.42
MLE-SB 3.33 3.25
GENOT-L 1.88 2.83

Table 1: Average ranks of each method across experiments, on estimating the ground-truth EOT cou-
pling 7 between each pair of measures , in dimensiond 2 f 2; 16;64; 128y and" 2 f 0:1; 1; 10y

of Gushchin et al[30]'s benchmark. As proposed by the authors of the benchmark, we measure
performances with botBW3-UVP (37) andcBW3-UVP (39) metrics. See Table 2 and Table 3 for
detailed results.

Model =0:1 =1 =10

2 16 64 128 2 16 64 128 2 16 64 128
LSOT - (11.5) - (11.5) - (11.5) - (11.5) -(12) -(12) -(12) -(12) -(105)  -(105)  -(10.5) - (10.5)
SCONES -(11.5) -(11.5) -(11.5) -(11.5)  1.06(10) 4.24(10) 6.67(9) 11.54(9) 1.11(7) 298(6) 1.33(3)  7.89(4)
NOT 0.016 (3)  0.63(6) 1.53 (6) 262(6) 008(3) 1.13(9) 162(8) 262(7) 0.225(5) 2.603(5) 1.872(4) 6.12(3)
EgNOT 0.09(6)  0.31(5) 0.88 (4) 022(1) 046(7) 0.3(4) 0.85(4) 0.12(1) 0.077(1) 0.02(1.5 0.15(1)  0.23(1)
ENOT 0.2(7) 2.9(9) 1.8(7) 1.4 (4) 0.22(6) 0.4(6) 7.8 (10) 29 (10) 1.2(8) 2(4) 18.9 (6) 28 (6)
MLE-SB 001(2 014(3) 0.97 (5) 208(5) 0005(1) 0.09(2 056() 1.46(5) 001(2) 1.02(3) 6.65(5) 23.4(5)
DiffSB 2.88(9) 2.81(8) 153.22(10) 232.67(10) 0.87(9) 099(8) 1.12(5) 1.56(6) -(10.5) -(10.5)  -(10.5) -(10.5)
FB-SDE-A 237(8) 255(7) 68.19(9)  27.11(9) 06(8) 063(7) 065(3) 071(4) -(105) -(105)  -(10.5) - (10.5)
FB-SDE-J  0.03(4.5)  0.05(2) 0.25(2) 296(7) 007( 013(3 152(7) 048(3) -(105) -(105)  -(10.5) -(10.5)
CFM-SB  0.03(4.5)  0.30 (4) 0.55 (3) 081(3) 0.09(5) 036(5) 124(6) 2.76(8) 0.31(6) 89.84(8) 37.50(7) 97.44(7)
DSBM 13.85(10) 34.22(10) 16.54(8)  20.90(8) 2.12(11) 11.38(11) 19.27(11) 39.19(11) 0.07(3) 34.75(7) 227.80(8) 632.58 (8)
GENOT 0.003(1) 0.015(1)  0.13(1) 0.33(2) 0085(4) 006(1) 008(1) 018(2) 0.10(4) 0.02(15) 030(2) 047(2)

Table 2: BW3-UVP (equation(37)) between , andp;]

between the distributions de ned in

Gushchin et al[30], with numbers in parantheses denoting the rank within the experimental con gu-
ration de ned by the dimension of the space and the entropy regularization pardmeter

Figure 6:cBW3-UVP (37)between 7 and  between the distributions de ned in Gushchin et al.
[30] depending on the batch size. The dotted line corresponds to batch size 2048 and hence displays
the values reported in Tab. 3.

[31], neural OT solvers are of particular interest and deterministic Monge map estimators have been
successfully applied to millions of cells [32].

Obtaining samples from the conditional distribution allows for an assessment of the uncertainty of
the trajectory of a cell. We use the metiary  (jx)[cossim(Y;Ey  (jx)[Y])] suggested in
Gayoso et al[25] for generative RNA velocity models (appendix C.1). Therefore, we use 30 samples
from the conditional distribution.
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Model =0:1 =1 =10

2 16 64 128 2 16 64 128 2 16 64 128
LSOT -(11.5) -(11.5) (11.5) -(11.5) -(12) -(12) - (12) -(12) -(105) -(105)  -(10.5) - (10.5)
SCONES -(11.5) - (11.5) (11.5) -(11.5) 34.88(10) 71.34(10) 59.12(9) 136.44(9) 32.9(8) 50.84(7) 60.44(7) 52.11(6)
NOT 1.94(3) 1367(3) 11.74(2) 11.4(2) 477(3) 2327(6) 4175(7) 2656(4) 286(3) 457(5) 3.41(3)  6.56(3)
EgNOT 129.8(10)  75.2(9) 60.4 (7) 432(7) 80.4(11) 744(11) 63.8(10) 532(6) 4.14(6) 2.64(4) 236(2) 131(2)
ENOT 3.64 (4) 22 (5) 13.6(3) 12.6 (3) 1.04 (1) 9.4 (4) 21.6 (4) 48 (5) 1.4(1) 2.4(3) 19.6 (5) 30 (5)
MLE-SB 457(5) 16.12(4)  16.1(5) 17.81(4)  413(2) 9.08(2) 1805(3) 15226(3) 161(2) 1.27(1) 3.9(4) 12.9 (4)
DiffSB 7354(8) 59.7(8) 1386.4(10) 1683.6(10) 33.76(9) 70.86(9) 53.42(8) 156.46 (10) -(10.5) -(10.5) - (10.5) - (10.5)
FB-SDE-A  86.4(9) 53.2(7) 1156.82(9) 1566.44(9) 30.62(8) 63.48(7) 34.84(5) 131.72(8) -(10.5) -(10.5) - (10.5) -(10.5)
FB-SDE-J 51.34(7) 89.16(10) 119.32(8) 173.96(8) 29.34(7) 69.2(8) 155.14(11) 177.52(11) -(10.5) -(10.5) -(10.5) -(10.5)
CFM-SB 0.45(1)  4.09(2) 4.94 (1) 7.17 (1) 631(5)  5.99 (1) 476 (1) 526(1) 10.18(7) 90.85(8) 43.45(6) 103.59 (7)
DSBM 28.84(6) 49.33(6) 37.39(6) 4152(6) 578(4) 17.12(5) 36.81(6) 60.51(7) 2.95(4) 35.89(6) 229.96(8) 642.51(8)
Independent 166.0 152.0 126.0 110.0 86.0 80.0 72.0 60.0 4.2 2.52 2.26 2.4
GENOT 0.46(2) 091(1) 14.48(4) 2852(5) 7.43(6) 9.10(3) 8.61(2) 6.76(2) 3.24(5) 1.97(2 091(1) 1.03(1)

Table 3:cBW3-UVP (37)between 7 and  between the distributions de ned in Gushchin et al.
[30], with numbers in parantheses denoting the rank within the experimental con guration de ned by
the dimension of the space and the entropy regularization parameter

Figure 7: Evaluation of the in uence of the number of data points sampled from the conditional
distribution in each step, and optimally coupling noise and samples from the target distribution, see
Alg. 2. k = 1 corresponds to the model performances reported in table 3.

Fig. 8 visualizes the pancreatic endocrinogenesis dataset (D.2) according to source (embryonic day
14.5) and target distribution (15.5) as well as according to cell type. To quantitatively con rm the
visual results from Fig. 2, we aggregate the uncertainty to cell type level. Indeed, we observe a higher
uncertainty in cells which have not committed to a certain lineage (Ngn3 low, Ngn3 High early, Ngn3
High late), while more mature cell types indicate lower variances.

Figure 8: UMAP of the mouse pancreas development dataset colored by sample (left) and cell type
(middle). We transport samples from embryonic day 14.5 to embryonic day 15.5. Uncertainty score
as displayed in Fig 2 aggregated to cell type level.

A cell is expected to have an uncertain trajectory when it can still develop into different cell lineages.
In contrast, cells are expected to have a less uncertain trajectory when their descending population is
homogeneous or they belong to a terminal cell state, and hence have committed to a certain lineage.

GENOT-L produces meaningful uncertainty assessments as can be seen from Fig. 2 and Fig. 8.
Indeed, the Ngn3 low EP population and the Ngn3 high EP populations have a higher uncertainty
than later cell types. The uncertainty is particularly high for Ngn3 high EP late cells, a state where
cells commit to a fate towards alpha, beta, delta, or epsilon cells [2].

We now focus on the conditional distributions of cells from the Ngn3 low population, i.e. the least
mature cell population in the dataset. Fig. 9 shows more examples of selecting one Ngn3 low cell
and generating 30 samples from its conditional distribution as displayed in Fig 2. It is important to
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Figure 9:Left: Samples from the Ngn3 Low EP population in the leftmost column, and next to it 30
samples from their conditional distribution samples from GENOT with the geodesic cost (middle)
and the squared Euclidean cost (righiRjght: Proportions of alpha, beta, delta, and epsilon cells
derived from the Ngn3 Low population (top) and the Ngn3 High population (bottom). Mean and
standard deviation across three different runs are reported.

note that the UMAP has to be recomputed to include the generated samples and hence the UMAPs
change slightly. The three instances in Fig.9 support the hypothesis that the conditional distribution
follows the data manifold when using the geodesic cost (here we assume that the UMAP represents
the manifold well). In contrast, choosing the squared Euclidean distance results in samples of the
conditional distribution being either very close on the UMAP or very far away, while the intermediate
stage (i.e. Ngn3 High late) is skipped. Biologically, this result is not plausible as all cells are known
to evolve from Ngn3 Low EP cells to Ngn3 High EP cells, before they nally commit to a lineage
(towards alpha, beta, delta, or epsilon cells). It is important to note that both GENOT-L models are
trained with the same entropy regularization paramete0 :01

Based on the examples, we hence hypothesize that when using the squared Euclidean cost, generated
cells in the terminal cell states (alpha, beta, delta, epsilon) are much more likely to be derived from
Ngn3 low EP cells than Ngn3 High EP cells (in the following we focus on Ngn3 High Late cells and
neglect Ngn3 High EP early cells as their number is very low, see Fig.8). As outlined above, this is
biologically not plausible. The impression conveyed by the UMAP plots are con rmed numerically
on the right hand side of Fig. 9. For each generated cell, we compute its nearest neighbor in the target
distribution, and this way assign it a label (cell type), see App. C.2. We then obtain a cell type to cell
type transition matrix, which we column-normalise (with columns containing the cell types of the
generated cells), such that for each cell type, we obtain the distribution of ancestor cell types. Figure
9 shows that for the Euclidean cost, arol8®®% of all delta cells are derived from Ngn3 Low EP

cells, while only5% are derived from Ngn3 High EP cells. In contrast, the proportion of progenitors

in Ngn3 low EP cells and Ngn3 high EP cells when using the geodesic cost is much more comparable.
Similar results can be observed for alpha, beta, and epsilon cells.

1d simulated data Figure 10 visualizes the in uence ofon a simple setting between mixtures

of Gaussians. While = 1:0 corresponds to the fully balanced case, setting0:97 results in a
complete discardment of one mode in the target distribution. The ground truth is computed with a
discrete entropy-regularized OT solvéd], with kernel density estimation to create the plot. This
gure is meant to visualize the task, while in the following, we assess the results quantitatively.

Benchmark of U-GENOT-L between Gaussian distributions Therefore, we leverage the closed-
form solutions of the unbalanced EOT coupling between Gaussian distributions for the squared
Euclidean cost36]. We follow the data generation process described by Janati B863).and
evaluate the results for different entropy-regularisation parametard different unbalancedness

parameters = —, and across different dimensions.
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Figure 10: Unbalanced entropic neural optimal transport plan‘vtt0 :05 and varying unbalanced-
ness parameter= 1= .

Figure 11: Benchmark of U-GENOT-L on the task of learning an unbalanced entropic OT plan
between Gaussian distributions across different dimensions, entropy regularisation parameters
and unbalancedness parameterllowing Janati et al[36]. The dotted line represents the outer
coupling, while SUOT denotes the method proposed in Yang and Uhler [93].

Yang and Uhlef93] propose a method (scalable unbalanced optimal transport, SUOT) to learn
unbalanced EOT plans, but their implementation only supports unbalanced deterministic Monge
maps. We visualize the results in Fig.11. Besides the simple switch to learning unbalanced EOT
plans, U-GENOT-L was run with the same setup as in the balanced linear EOT benchmark.

30






	Introduction
	Background
	Generative Entropic Neural OT
	Learning Entropic Couplings with GENOT
	U-GENOT: Extension to the Unbalanced Setting
	Combining Linear and Quadratic OT
	One algorithm to flexibly switch between neural OT problems

	Related work and Discussions
	Experiments
	GENOT-L for modeling cell trajectories 
	GENOT for Quadratic EOT Problems

	Limitations
	Propositions and Proofs
	Existence of EOT couplings
	Proofs of § 3.2

	Metrics
	General metrics
	Single-cell specific metrics

	Datasets
	gushchin2023building's benchmark datasets
	Pancreas single-cell dataset
	Drug perturbation single-cell dataset
	Human bone marrow single-cell dataset for modality translation

	Additional information and results for experiments
	(U)-GENOT-L
	(U)-GENOT-Q & (U)-GENOT-F

	Competing methods
	EOT benchmark in the balanced, linear case
	Regression for out-of-sample data points

	Implementation
	Parameterization of the vector field
	Parameterization of the rescaling functions
	Training details
	Code availability

	Impact statement

