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Background and Motivation
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In many scientific problems, we want to understand the dynamics of many-body 
problems, or the dynamic evolution of interacting particles

E.g. the dynamic processes cells undergo w.r.t. their environment and interactions with 
each other
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p1



Background and Motivation
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Big picture application/examples 

Understanding treatment response 
on cancer cells (Zapatero et al, Cell, 
2023) — we look at this

Understanding cell development in spatial 
transcriptome — e.g. axolotl brain (Halmost et al, 
2024)

How can we model the evolution of cells while considering their interactions and 
population-specific responses?

x0 ∼ p0 x1 ∼ p1



Background and Motivation
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We want to model the dynamics of particles (or cells) at the population level. We have many 
methods that can do this.

Existing methods typically only model the evolution of cells as independent particles.

(Tong et al, ICML, 2020) (Bunne et al, Nature 
Methods, 2023)

(Neklydov et al, ICML, 2024)

(Schiebinger et al, 
Cell, 2019)



Background and Motivation
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We would also like a model that can generalize across measures (populations) 

Existing methods are typically restricted to a single measure (population, patient). At best 
can condition on different dynamics.

“unseen” 
population

. 

. 

.

Data we observe
x0 ∼ p0 x1 ∼ p1



Problem setup
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We want a model that can:


i) model the evolution of particles while taking into account their interactions


ii) generalize across unseen populations

Main assumptions:


• Coupled distribution/population pairs 


• The collected data undergoes a universal developmental process, which depends only on 
the population itself, as in the setting of the interacting particles or communicating cells

{(p0(x0 | i), p1(x1 | i))}N
i=1

x0 ∼ p0 x1 ∼ p1

p0

p1



Example: Mean-field limit of interacting particles 
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Consider a system of interacting particles 


We can define a velocity  of 
the particle at point  interacting with the particle at 
point 


In the limit of the infinite number of particles one can 
describe their state using the density function 


k(x, y) : ℝd × ℝd → ℝd

x
y

pt(x)

dx
dt

= 𝔼pt(y)k(x, y),
∂pt(x)

∂t
= − ⟨∇x, pt(x)𝔼pt(y)k(x, y)⟩

p0

p1
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How do we train a model to learn this?
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pt(x) = ∫ dx0dx1 π(x0, x1)δ(x − ft(x0, x1))

Generative Modelling via Flow Matching

The corresponding density at  can be defined as followst

xt = ft(x0, x1), (x0, x1) ∼ π(x0, x1)

Consider a continuous interpolation between densities  and  — i.e. a 
sample  from the intermediate density  is produced as follows

p0(x0) p1(x1)
xt pt(xt)

xt

pt
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Generative Modelling via Flow Matching

An essential component of flow matching is the continuity equation, which describes the 
density change through a vector field v*t (x)

∂pt(x)
∂t

= − ⟨ ∇x, pt(x)v*t (x)⟩

We can approximate  via a parameterized function . Likewise, derive an 
objective/loss for learning:

v*t (x) vt(x; ω)

ℒFM(ω) = 𝔼π(x0,x1) ∫
1

0
dt∥v*t (x) − vt(x; ω)∥2

pt



FM conditioned on entire populations
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∂pt(x)
∂t

= − ⟨ ∇x, pt(x)v*t (x, pt)⟩

We consider a vector field model conditioned on an entire distribution . We can write 
the continuity equation as

pt

where  is an embedding model of . The joint density  is generated using 
some unknown measure of the conditional variables . 

φ(π) π π(x0, x1 | i)
i ∼ p(i)

vt( ⋅ , φ(π)) = v*t ( ⋅ , π)

Then, we can aim to learn a vector field model:

we focus on the setting 
of conditioning on p0



Intuition (dynamical systems)
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dx
dt

= Ax x(t) = C ⋅ eAt

t

x(t)

solution

Differential 
equation Dynamic system

For different ’s we get different 
dynamic responses for the same 
system.

C



Intuition (dynamical systems)
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dx
dt

= Ax x(t) = C ⋅ eAt

t

x(t)

solution

Differential 
equation Dynamic system

(x(t0), t0) = (2,0), C = 2

Initial 
conditions

(x(t0), t0) = (1,0), C = 1

Given initial conditions of 
the system

dx
dt

= Ax, (x(t0), t0) = (1,0)

x(t) = C ⋅ eAt

x(0) = 1 = Ce0⋅t = C ⋅ 1
C = 1

Control Treated

Can we design a model that 
conditions on the the entire 
environment?



Meta Flow Matching (MFM)
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Then we can write our MFM objective as:

ℒMFM(ω, θ) = 𝔼i∼D𝔼π(x0,x1|i) ∫
1

0
dt∥

∂
∂t

ft(x0, x1) − vt( ft(x0, x1) |φ(p0; θ); ω)∥2

Consider the data set . D = {(π(x0, x1 | i))}N
i=1

The only information we have is samples from the -th population (  is unknown). We learn 
embeddings for the population using a parameterized model

i p(i)

φ(p0, θ) = φ ({xj
0}

Ni
j=1, θ) , (xj

0, xj
1) ∼ π(x0, x1 | i)



Meta Flow Matching (MFM)
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MFM objective

ℒMFM(ω, θ) = 𝔼i∼D𝔼π(x0,x1|i) ∫
1

0
dt∥

∂
∂t

ft(x0, x1) − vt( ft(x0, x1) |φ(p0; θ); ω)∥2

Intuition — you can think of this as similar to 
“Wasserstein/distributional regression” — data 
points are distributions rather than just single samples



MFM Training
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Pseudocode 

Dataset , velocity , and population embedding model 


1. In every iteration, we sample  


2. Embed population 


3. Compute loss: 


4. We jointly update  using  (alternating updates every iteration) 

{(π(x0, x1 ∣ i), ci)}N
i=1 vt( ⋅ ; ω) φ( ⋅ ; θ)

i ∼ 𝒰{1,N}(i), (xj
0, xj

1, tj) ∼ π(x0, x1 ∣ i)𝒰[0,1](t)

hi(θ) ← φ ({xj
0}

Ni
j=1; θ)

ℒMFM(ω, θ) ←
1
n ∑

i

1
ni ∑

j

∥
d
dt

ft(xj
0, xj

1) − vtj (ft(xj
0, xj

1) |hi(θ), ci; ω) ∥2

ω, θ ℒMFM(ω, θ)

(GNN / permutation invariant)



MFM Overview
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(x(t0), t0)

φ(p0, θ)

h

A model to learn to represent the 
population (GCN w/ knn edge pooling)

φ(p0, θ)

φ(p0, θ)

. 

. 

.

vt(x, h, c; ω)

(x(t0), t0)

c

h = φ(p0, θ)

 approximates the population dynamics given representation 
of the population, and additional seen conditions  (e.g. 

treatments applied to population), as input

v
c

 (GCN) captures interactions 
between particles

φ(p0, θ)
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How does MFM perform?



Synthetic Example
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We create a synthetic dataset of paired joint distributions  


• We define a set of pre-defined target distributions  for  (letter silhouettes)


• To get paired  we simulate the forward diffusion process without drift 


• We assume that one can reverse the diffusion process and learn the push-forward map from  (source) to 
 (target) for every index 

{(p0(x0 | i), p1(x1 | i))}N
i=1

p1(x1 | i) i = 1,…, N

p0(x0 | i) x0 ∼ 𝒩(x1, σ)

p0(x0 | i)
p1(x1 | i) i

source target

Train: 24 letters (excluding ‘Y’ and ‘X’), each in 10 
different orientations

source target

Test: ’Y’ and ‘X’, each in 10 different orientations



Synthetic Example (FM)

20

No population information

vt(x; ω)

(x(t0), t0)

Predicts aggregate response over 
populations

FM cannot fit the training data and 
cannot generalize to unseen populations

Train

Test



Synthetic Example (CGFM)
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“Perfect” conditions (naive)

CGFM cannot generalize to the 
conditions of unseen populations

A model  to approximate the dynamical 
response given the population index/condition   

v
c

Perfect information on which environment the 
model is working with

vt(x, c; ω)

(x(t0), t0)

c

Train

Test



Synthetic Example (MFM)
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Learned Conditions

MFM learns to represent entire populations, hence 
generalizes across unseen populations

vt(x, h; ω)

(x(t0), t0)

h = φ(p0, θ)

A model  to approximate the dynamical response 
given a learned representation of the population

v

Train

Test



Synthetic Example

23



24

(Zapatero et al, Cell, 2023)

10 patients, 11 treatments, varying doses, 3 different cell 
cultures … up to 2500 different environmental 
conditions! (we use ~ 1000)

Biological data — patient-specific organoid drug 
screen dataset

. 

. 

.

Control Treated

x1 |c1

. 

. 

.

x1 |c2

x1 |ck

Treatments

Data we observe

x0 ∼ p0 x1 ∼ p1

Each patient has ~ 250 different 
(control, treated) pairs Mass Cytometry



Organoid Drug Screen Data
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“Replica” Split
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Patient Split(s)
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MFM Learns Meaningful Embeddings
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MFM Predict Patient Specific Treatment Response
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Conclusions
(1) We highlighted the importance of modelling dynamics based on the entire distribution and introduce 
a practical approach (MFM) to address this.


(2) We showed that we can use MFM to learn meaningful embeddings to generalize over various initial 
distributions.


(3) We showed that MFM can learn meaningful embeddings of single-cell populations along the 
developmental model of these populations.

30



Thanks for your Attention!
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Naive approach: Conditional Generative Flow 
Matching (CGFM)
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xt = ft(x0, x1), (x0, x1) ∼ π(x0, x1 |c)

Similar to FM, we can assume there exists a continuous interpolation between densities 
 and  — now with the addition of a condition .p0(x0) p1(x1) c

xt

x1 |c

Again, from the continuity equation, we can describe the changes of density through a 
vector field . We can learn a  v*t (x, c) vt(x, c; ω)

∂pt(x)
∂t

= − ⟨ ∇x, pt(x |c)v*t (x, c)⟩ , v*t (ξ |c) =
1

pt(ξ |c)
𝔼π(x0,x1|c)[δ( ft(x0, x1) − ξ)

∂ft(x0, x1)
∂t

]

We can approximate  via a parameterized function . And likewise, derive a 
tractable objective/loss for learning:

v*t (x) vt(x; ω)

ℒCGFM(ω) = 𝔼p(c)𝔼π(x0,x1|c) ∫
1

0
dt∥

∂
∂t

ft(x0, x1) − vt( ft(x0, x1) |c; ω)∥2



Integrating Vector Fields on the Wasserstein 
Manifold

33

Wasserstein Manifold

Manifold/space of distributions (meta). Think, each training point is an entire distribution! 



Data Ablation
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Algorithm (training)
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Algorithm (sampling)
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