
Learning and characterizing cellular dynamics with Neural and Graph

ODE Networks (Part 2)

 

Smita Krishnaswamy 

Department of Computer Science, Department of Genetics

Program for Applied Math, Program for Computational Biology & Bioinformatics

Program for Interdepartmental Neuroscience

Wu Tsai Institute Center for Neurocomputation and Machine Intelligence



Learning and modulating dynamics

Build networks, 

Find targets
Learn complex cellular dynamics
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Manifold Interpolating flows 
(Huguet, Magruder, et al. NeurIPS 2022, Sun, Kuchroo, Tong et al., preprint, Sun et al. In 
preparation )

Main idea: Flow data in a manifold embedding penalized by optimal transport

Xingzhi Sun
Guillaume Huguet
Alex Tong
Manik Kuchroo
Sumner Magruder
Guy Wolf



Dynamic optimal transport of cells 



Cell-of-Origin Analysis (Cancer stem cells)



Timed-gene expression modules



Granger Causality

Time 
lag τ

Transcription
Factor

Enhanced
Target GeneG

en
e 

Ex
p

re
ss

io
n

Time

Transcription
Factor

Repressed
Target Gene

Time 
lag τGranger 

Causality

Granger causality checks that 

1. Cause happens prior to effect
2. The cause has unique information about the effect 



Computing Granger Causality



Granger causality creates complex transcriptional 
networks



Experimental validation 



Regulatory Rewiring

• Cells undergo dynamic rewiring of the gene regulatory network 

• Signals that are “off” in certain states deactivate parts of the network

• Epigenetic and other changes can turn on/off connections 



Modulating the rewiring can restore treatment 
sensitivity

Proposed work for REWIRE-Cancer CRUK Project





Regulatory Temporal Interaction Network Inference (RiTINI)
(Bhaskar, Magruder, et al. 2023, Learning On Graphs (LOG))

Main idea: Learn a dynamic interaction graph that matches the regulatory network using 

graph attention 

Dhananjay Bhaskar

Siddharth Viswanath

Sumner Magruder

Edward De Brouwer

Frederik Wenkel

Guy Wolf 
Time 
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• Genes dynamically change their expression patterns in response to altered 
interactions 

• Can we create a generative dynamics model that follows this same principle? 

• Caveat: there could be many graphs that match the same dynamics

Dynamic Regulatory Network Inference



GRN inference from single-cell gene expression trajectories
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RiTINI : “Regulatory Temporal Interaction Network Inference”



GRN inference from single-cell gene expression trajectories
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RiTINI : “Regulatory Temporal Interaction Network Inference”



GRN inference from single-cell gene expression trajectories
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RiTINI : “Regulatory Temporal Interaction Network Inference”



Prior graph and identifiability 

• We use granger causality as a prior 
graph 

• We could prior knowledge networks 

• This helps deal with the 
identifiability issue: many graphs 
match the same dynamics 

• Final loss function will penalize for 
deviating from prior 

• Hyperparameter for this has to be 
tuned, otherwise the graphs don’t 
change 
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1. Attention network gives time-varying graph 

2. Supports hysteresis, time attention can look at a specific point in time or over an interval

3. Outputs instantaneous derivative

Bio-inspired Attention
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Graph-ODE prediction
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• “Mild” perturbations elucidate network structure 

• If a small timed perturbation is applied then its effects propagate through the 
network 

• Heavier perturbations can rewire network into new network and therefore may 
not give much insight on the original network!

Training with Perturbations
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Validated with synthetic data



Validation using SERGIO
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Embryonic Stem Cell Differentiation

25

0
1
2
3
4
5
6
7

8
9
10
11
12
13
14



Branch Segmentation - Embryonic Stem Cell Differentiation
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ESC Neural Progenitors Neural Crest



MIOFlow Trajectory Inference - Embryonic Stem Cell Differentiation
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Inferred GRN
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In-silico perturbations
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In-silico perturbations
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In-silico perturbations
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Multiple perturbation-testing
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Applications to neural activity data
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Creating a landscape of perturbations and 
cancer conditions 



ML on high dimensional clouds

• We now collect datasets as we once used to collect data points

• We need ways of reasoning about these point clouds

• want to understand the state space



Perturbation screens 



Trellis Method



Each dot here is an entire tumor and it is in a map with other tumors 

This static map can be zoomed in to give “google map directions” with an approach like Mioflow



DiffusionEMD

• Each perturbation is defined by distribution of cellular states

• DiffusionEMD measures distances between perturbation distributions 
on a common graph by using multiscale diffusion density estimates

Tong et al. ICML, 2021



Mapping the landscape of all perturbations 

• Each point here is a whole dataset 

• Distances between points are optimal transport distances

• We usually compute these using our fast methods like Diffusion EMD [Tong et al. 
ICML 2021] or Geodesic Sinkhorn [Huguet, IEEE MLSP 2023]

Transition to
treatment-resistant state

PI3K/mTOR/AKT
inhibitors

Aurora kinase
inhibitors

EGFR inhibitors

Untreated controls

MEK inhibitors





STAGED
(Rocha et al., Graph Signal Processing 2025, MLCB 2025)

Main idea: A multi-agent neural network for learning cellular dynamics

Joao Rocha
Ke Xu 
Xingzhi Sun 
Ananya Krishna
Dhananjay Bhaskar
Blanche Mungeon
Morgan Craig
Mark Gerstein



ImageFlowNetMotivation: Cells aren’t loners

• Spatial Transcriptomics: Gives 

information on both the space and gene-

level.

• Cells are agents interacting via biochemical 

signals.

• Microenvironment drives biological 

processes.



ImageFlowNetSpatial Temporal Agent-Based Graph  Evolution 

Dynamics (STAGED)

• Level 1: Cell-cell communication (agents talking) 

• Level 2: Gene regulatory networks (within each cell)



ImageFlowNetNetwork of graph attention ODEs

Each agent in STAGED is a cell-type–specific model composed of a graph 

attention network (GAT) and a neural ODE.

Spatial neighborhoods → Attention mechanism → Gene dynamics



Agent-based simulation of glioblastoma
Net

A simplified version of proliferation rates, 

death, and total count features.





Future work

• Microenvironmental 
remodeling to investigate 
causal mechanisms in 
development and disease

• Modeling epigenetic regulation

https://www.biorender.com/template/epigenetic-regulation

• Simulating perturbations such as 
gene knockouts, receptor 
inhibition

https://www.broadinstitute.org/genetic-perturbation-platform

https://www.biorender.com/template/epigenetic-regulation
https://www.biorender.com/template/epigenetic-regulation
https://www.biorender.com/template/epigenetic-regulation
https://www.broadinstitute.org/genetic-perturbation-platform
https://www.broadinstitute.org/genetic-perturbation-platform
https://www.broadinstitute.org/genetic-perturbation-platform
https://www.broadinstitute.org/genetic-perturbation-platform
https://www.broadinstitute.org/genetic-perturbation-platform


Krishnaswamy Lab Resources

https://www.krishnaswamylab.org github.com/KrishnaswamyLab

GitHubWebsite
@krishnaswamylab

Twitter
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