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The Good Old Days of Mathematical Modelling

Some people just talk to much...don’t you think so, too?

There are way so many rumors going around at this summer school.

Can we find a quantitative, mathematical description of this
phenomenon?

Of course! Let’s use differential equations!
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The Good Old Days of Mathematical Modelling

Maki-Thompson Rumor Model

I informed individuals: know the rumor, spread it..
S susceptible individuals: don’t know the rumor but...would like to.
R removed individuals: know the rumor, don’t care to spread it.

di 5 L
— = [ISs — ui° — uir
dt

ds _

. — —,BLS

dt

r=1—-—-s—1i
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The Good Old Days of Mathematical Modelling

Numerical Solution 1.0
— (t)
. 5 onc 0nC c 5 0.8 — S(t)
* Fix an initial condition: (iy, Sg, 1 — So — ip). :
* Integrate the differential equation
< 0.6
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The Good Old Days of Mathematical Modelling

Numerical Solution

* Fix an initial condition: (iy, Sg, 1 — So — ip).

* Integrate the differential equation

Analytical Treatment

* Fixed Points and Stability Analysis
e Steady States
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A Modern, Data-Driven Twist on an Old Story

What did we do well?

* Interpretable: All terms have clear
meaning.
* Robust: Captures main trends.
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A Modern, Data-Driven Twist on an Old Story

What did we do well? What are potential problems?
Interpretable: All terms have clear * Simplistic: Can‘t capture fine details.
meaning. * Relies on prior understanding.

Robust: Captures main trends.
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A Modern, Data-Driven Twist on an Old Story

What did we do well? What are potential problems?
Interpretable: All terms have clear * Simplistic: Can‘t capture fine details.
meaning. * Relies on prior understanding.

Robust: Captures main trends.
=» Idea: Learn the form of the differential equation from

data!
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A Modern, Data-Driven Twist on an Old Story

What did we do well? What are potential problems?
* Interpretable: All terms have clear * Simplistic: Can‘t capture fine details.
meaning. * Relies on prior understanding.

* Robust: Captures main trends.
=» Idea: Learn the form of the differential equation from

. |
1.0 e data!
= = 5(t) data d O
0.81 L
\ — = f(i,s)
= 0.6\
sosly\ dt
S ATTNS
= 0.41
,/ \\ \\\ dS
N =909
e~ 7
_____ :‘_E:____
0.0 : : : : ==
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A Modern, Data-Driven Twist on an Old Story

What did we do well? What are potential problems?
* Interpretable: All terms have clear * Simplistic: Can‘t capture fine details.
meaning. * Relies on prior understanding.

* Robust: Captures main trends.
=» Idea: Learn the form of the differential equation from

1.0 e data!
- = s(t) dat ]
0.8 — dl _
~ — = fo(i,5)
\ O\ L
,_;_0.6- \\ dt
= ATTNG
=049 7
N \\\\ dS .
— = g4(i,5)
----- S dt
0.0 : . . . — =

0 10 20 30 40 50 60
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A Modern, Data-Driven Twist on an Old Story

What did we do well? What are potential problems?
* Interpretable: All terms have clear * Simplistic: Can‘t capture fine details.
meaning. * Relies on prior understanding.

* Robust: Captures main trends.
=» Idea: Learn the form of the differential equation from

1.0 e data!
= = g(t) dat ”
0.8 — dl _
~ — = fo(i,5)
\ O\ L
%0.6- \\ dt
= ATTNG
=049 7
f, \\ \\\\ dS .
— = go(i,5)
----- S dt
0.0 : . . . — =

0 10 20 30 40 50 60
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Training Neural ODEs: Broad Strokes

1. Gather Data of the System, usually
starting from different initial conditions.

1.0

= = j(t) data
= = 5(t) data

— \#‘
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Training Neural ODEs:

(8,D)(t) = ODEInt[fy,9ge]

Broad Strokes

1. Gather Data of the System, usually

= i(t) model starting from different initial conditions.
s(t) model
0.8 = (t) data .
- S(b) data 2. Forward Pass: Solve an ODE with a
e neural network as right-hand side
T numerically.
= 0.4
0.2
0.0 ===
50 60
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Training Neural ODEs: Broad Strokes

L[(S; D), (s, l)] 1. Gather Data of the System, usually
—— i) model starting from different initial conditions.
s g(t) model
= = (t) data i
— = (t) data 2. Forward Pass: Solve an ODE with a
neural network as right-hand side
numerically.
3. Compute the loss, e.g., RMSE.

-—--—
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Training Neural ODEs:

Broad Strokes

1. Gather Data of the System, usually

L[, D), (s, 0]

1.0
I(t) model
s(t) model
0.8 = = j(t) data
= = 5(t) data
= 0.6
n

L
_--—

starting from different initial conditions.
2. Forward Pass: Solve an ODE with a
neural network as right-hand side

numerically.

3. Compute the loss, e.g., RMSE.
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Training Neural ODEs: Broad Strokes

1.0

0 «0+VeL[(51),(s,i)]

m— (t) train pred

= g(f) train pred

= = (t) train data
= = 5(f) train data

0 10 20 30

t
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60

Gather Data of the System, usually
starting from different initial conditions.

Forward Pass: Solve an ODE with a
neural network as right-hand side
numerically.

Compute the loss, e.g., RMSE.

Backward Pass: Compute gradients by
backpropagation through the ODE
solver, and update neural network
weights.

1€



Application 1: Prediction

Question: Given the initial condition i(t = 0),s(t = 0), how will the system
evolve?

1.0

() train pred = = j(t) train data

. == 5(t) train pred = = 5(f) train data
0.8

60
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Application 1: Prediction

Question: Given the initial condition i(t = 0),s(t = 0), how will the system

evolve?

Solution: Feed the initial condition
into the neural ODE and use a
numerical ODE solver to make a
prediction.

6/20/2025

1.0

0.8
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I(t) train pred

s(t) train pred
I(t) test pred
s(t) test pred

i(t) test data

s(t) test data
i(t) train data
s(t) train data
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Application 2: Combination with ODEs

Question: Can we model a system that we do not fully understand at the relevant
scale?

di

E—,Bis— 777 —ui(1 —1i—5)
ds 8i

— = —pILS

dt
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Application 2: Combination with ODEs

Question: Can we model a system that we do not fully understand at the relevant
scale?

di — Bis — [, (i) — pi(1 —i — 5) Solution: You can combine analytical
dt 0 M terms with learned terms to arrive at
. more accurate descriptions of the
as

— = —Bis system.

dt
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Application 3: Equation Discovery

Question: Can we find the analytical form of an ODE that describes the system?
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Application 3: Equation Discovery

Question: Can we find the analytical form of an ODE that describes the system?

We have data. We want
101 = = (f] data UatiOnS.
0.8 _-S{(:]data ﬂeq_ ,BlS — ,lllz — [.UT'
\ dt
= 067\

2041 A TS ds

N N —_— = —ﬁig
. —

dt
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Application 3: Equation Discovery

Question: Can we find the analytical form of an ODE that describes the system?

Solution: Combine neural ODEs with symbolic regression.

We have data. We want
101 = = (f] data UatiOnS.
0.8 _-S{(:]data ﬂeq_ ,BlS — ,lllz — [.UT'
\ dt
= 067\

2041 A TS ds

N N —_— = —,BiS
. —

dt
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Application 3: Equation Discovery

Question: Can we find the analytical form of an ODE that describes the system?

Solution: Combine neural ODEs with symbolic regression.

We have data.

= = j(t) data
= = 5(t) data

)

o ——

di |
i fo(i,s)
ds _
P go (i, s)
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; ! Neural ODE
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We want
dlequations.
e Bis — pi? — pir

ds _
i fis
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Application 3: Equation Discovery

Question: Can we find the analytical form of an ODE that describes the system?

Solution: Combine neural ODEs with symbolic regression.

We have data.

]
-"q._

6/20/2025

We want
— = i) dorm di dlequations.
77 = fo(i,s) o = Pis — ui® — pir
| ) —
ds (i, 5) ds 8
9oL — = —pis
Neural ODE Symbol.ic
Regression
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Want to know more?

Chen et al. (2018) is popularized neural ODEs in the modern sense.
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https://proceedings.neurips.cc/paper/2018/hash/69386f6bb1dfed68692a24c8686939b9-Abstract.html

Want to know more?

Chen et al. (2018) is popularized neural ODEs in the modern sense.

Patrick Kidger’s PhD Thesis On Neural Differential Equations and this talk of his are
great starting points to learn about neural ODEs.
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Want to know more?

Chen et al. (2018) is popularized neural ODEs in the modern sense.

Patrick Kidger’s PhD Thesis On Neural Differential Equations and this talk of his are
great starting points to learn about neural ODEs.

| personally use jax, diffrax and equinox for neural ODEs but a pytorch option called
torchdiffeq or torchdyn also exists.

6/20/2025 Moritz Laber, CSSS 2025 31


https://proceedings.neurips.cc/paper/2018/hash/69386f6bb1dfed68692a24c8686939b9-Abstract.html
https://arxiv.org/abs/2202.02435
https://www.youtube.com/watch?v=tx_W4k57F14
https://docs.jax.dev/en/latest/quickstart.html
https://docs.kidger.site/diffrax/
https://docs.kidger.site/equinox/
https://pytorch.org/
https://torchdyn.readthedocs.io/en/latest/tutorials/quickstart.html

Want to know more?

Chen et al. (2018) is popularized neural ODEs in the modern sense.

Patrick Kidger’s PhD Thesis On Neural Differential Equations and this talk of his are
great starting points to learn about neural ODEs.

| personally use jax, diffrax and equinox for neural ODEs but a pytorch option called
torchdiffeq or torchdyn also exists.

Shameless self-plug: Soon, you’ll find a paper on the topic on my google scholar. =
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Hands On Neural ODEs

Intro to jax Neural ODEs
UvA DL Notebooks diffrax neural ODE
jax tutorial tutorial

Uva DL Notebooks

or klick

6/20/2025 h e f@itz Laber, CSSS 2025

Other Tutorials

diffrax
tutorials
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https://uvadlc-notebooks.readthedocs.io/en/latest/tutorial_notebooks/JAX/tutorial2/Introduction_to_JAX.html
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6/20/2025

Thank you.
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Copyright

© 2025 Laber. Licensed under CC BY 4.0. If you use these slides, please cite:

Laber M., Klein B., Eliassi-Rad T. When do neural ordinary differential equations generalize on
complex networks? arXiv:2602.08980 (2026)
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