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Benjamin Lapostolle

= joined us in 2025

https://www.vanderschaar-lab.com/ 
→ Research Team



vanderschaar-lab.com

Our lab – diverse and international

Economists

Statisticians

Mathematicians

Computer Scientists

Physicists

Engineers

From over 20+ countries, from diverse academic backgrounds



A fundamentally new paradigm is needed for AI to orient it 
towards addressing the complexities of  the real-world

vanderschaar-lab.com



What is Reality-centric AI?

• AI which aims to solve real-world problems 

• AI which operates effectively and accountably given the 

inherent and unavoidable complexities of  the real world 

• AI which empowers, and does not marginalize humans
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Our focus

Identify big and bold problems we want to solve – societal, healthcare, 

education, finance, economics, biology etc.

Define and formalize the identified problems

Invent cutting-edge ML solutions to solve them

But there is a gap….because most of  these problems are complex & not 

tractable

This also requires out-of-the-box thinking, modeling and new ML to close 

the gap
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Fearless thinking
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We are interested to envision a better world and 

then develop new ways of  thinking and new ML 

to conceive it

A huge challenge!

Brain-hurting difficult!

Exciting!

Intellectual adrenaline ☺

A sense of achievement



Most ML/AI Research Labs Our way

Different types of research labs

•Work on well-formalized problems, 

well-known benchmarks

•Focus on the same problem for 

many years

•Build on established work

•Use similar methods repeatedly

•All work in the same sub-area of ML

•Create excitement through the 

development of  new algorithmic 

possibilities 

•Focus on transformation in the real-

world, create new ways of  thinking, 

newly defined problems

•Formalize new, unique challenges

•Different problems require diverse 

methods and new strands of  ML

•Explore multiple areas of  ML, beyond 

a single sub-area 

•Create excitement through 

groundbreaking possibilities



ML topics

AI Agents: Creativity, Reasoning, Safety, Collaboration, Labor Markets

AI for Scientific Discovery

Synthetic data, simulators and generative models

Digital Twins

Decision making under uncertainty

Next-generation RL

Causal Inference

Time series

AI-human alignment, AI for human empowerment

AI for complex systems, organizations

Autoformalism 

AI for Operations Research

AI for Education

Etc.
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van der Schaar lab @ NeurIPS, ICML, ICLR 2025
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https://www.vanderschaar-lab.com/ 
→ Publications

32 papers published in 2025 at the best AI/ML conferences



PhD Opportunities at the van der Schaar Lab
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Join our PhD Open Day
• Monday 20 October, 9:30am (BST) 

(virtual)

• Hear from current PhD students, 
explore research areas, and ask 
questions

About our PhD programme
• Based at the University of Cambridge (DAMTP)

• Work at the cutting edge in a world-leading lab

• Projects with a purpose; work that can change the 
world

• 32 papers accepted at four largest AI/ML 
conferences (NeurIPS, ICML, ICLR, AISTATS) in the 
past year

We are looking for 4 fully funded PhDs to join our lab! Applications now OPEN!

Scan the QR code 
to register for the 
PhD Open Day:

Apply through our website:
www.vanderschaar-lab.com/join-the-van-der-schaar-lab/

For any queries, please email: 
vanderschaarlab@damtp.cam.ac.uk



Scientific discovery in the era of AI 
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 If  Einstein had access to powerful AI, would he still have needed 

intuitive leaps or would AI have led him directly to relativity?
 Could AI agents reveal laws of  nature that even the greatest human 

minds (Einstein, Hill, Newton) could never have grasped alone?
 In an era of  AI-driven discovery, do scientists remain the explorers  

or are we becoming interpreters of insights unearthed by our digital 

counterparts?
 Will creativity in science shift from deriving answers to framing the 

most meaningful questions?

 Are we approaching an age where discovery emerges from 

symbiotic human–AI partnerships where AI collaborates with us, rather 
than replace us?

 And if so, what does it mean to be a scientist when knowledge itself 

can now be generated, reasoned, and evolved by AI agents?



This talk
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We are entering a new paradigm of  discovery, driven not by static models or 

datasets, but by AI agents capable of  reasoning, experimentation, and 

evolving knowledge, transforming science from human-centric to co-creative

• LLM-based AI Agents

• Why are they exciting

• Examples

• Genies: Next-generation AI Agents

• Networks of  Autonomous Scientific Agents

• Join forces with us



Discovering scientific laws
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• Uncovering the Fundamental Laws Governing System Evolution Over Time

• Why do we care?

• Applications: Medicine, Physics, Finance, Climate, etc. 



𝐸 = 𝑚 ⋅ 𝑐2 𝑣2

2
+ 𝑔𝑧 +

𝑝

𝑞
= 𝑐

𝑚
𝑑2𝑥

𝑑𝑡2
= 𝐹(𝑥)

𝜕𝑢

𝜕𝑡
= Δ𝑢

Discovery of  governing equations using ML

A hard problem
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𝑥(𝑡) 𝑥′(𝑡)
ODE

Explicit 

function

Ordinary 

differential 

equation

Partial 

differential 

equation

Typical form

Examples

𝑑𝑥

𝑑𝑡
= 𝑓(𝑥, 𝑡)



Why do we care about ODEs?
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Almost everything in medicine is a dynamical system

1. Pharmacokinetic (PK) Models

2. Pharmacodynamic (PD) Models

3. Physiological-Based Pharmacokinetic (PBPK) Models

4. Homeostatic Regulation Models and Non-Homeostatic models

5. Epidemic and Population Dynamics

6. Biochemical Pathway Models

7. Physiological Models



To describe dynamical systems, we need
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Differential equations

• Equations that involve derivatives 

• Commonly used to describe continuous-time dynamical systems

• Describe the change in infinitesimal time (time derivative)

• E.g. Ordinary DE 

𝑥(𝑡) 𝑥′(𝑡)
ODE Learning ODEs from data:

A hard problem



additional insight

𝐲1 𝑡

𝐲𝐷 𝑡

.

.

.

𝑡 ∈ 𝑡1, 𝑡2, … , 𝑇

𝐲𝑖 𝑡 ∈ ℝ𝐽

Dataset

Goal:

Discover

𝑓1 𝒙 = ሶ𝑥1

𝑓𝐽 𝒙 = ሶ𝑥𝐽

.

.

.

System of  𝐽 ODEs 

𝑥𝑗: 0, 𝑇 → ℝ

𝑓𝑗: ℝ
𝐽 → ℝ

𝒙 𝑡 = [𝑥1, … , 𝑥𝐽]
𝑇

vanderschaar-lab.com

Machine Learning 
Algorithms

discover

Structural 
knowledge

Dataset

Problem formulation



Why is discovering ODEs from data challenging?
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1. The time derivative is not observed

• Only observe the states over time

• Conventional symbolic regression methods are not applicable

2. It is difficult to estimate the time derivative

• States are observed sporadically with noise

• Naïve two-step symbolic regression is likely to fail

3. Difficulty in directly solving the initial value problem of  ODE 

• The true initial condition is unknown & difficult to infer

• Sensitive to initial condition

• Computationally challenging



Discover closed-form ordinary differential equations 
(ODEs) from observed trajectories - D-CODE
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Z. Qian, K. Kacprzyk, M. van der Schaar, 

ICLR 2022

additional insight

Machine Learning 
Algorithms

discover

Structural 
knowledge

Dataset

Zhaozhi Qian Krzysztof Kacprzyk



D-CODE: theory

Variational formulation of  ordinary differential equations
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𝑔𝑠 𝑡 = 2/𝑇sin(𝑠𝜋𝑡/𝑇)

Natural choice



LLM Agents
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LLM Agents: Beyond Text Generation - LLMs That Act

LLMs: Large Language Models that predict text based on input prompts.

LLM Agents: Systems that augment LLMs with:

Context management (memory)

Decision-making (planning, goal-setting)

Actions (tool usage, APIs, environment interaction)



The LLM Agent Loop
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Prompt & Context: The agent queries the LLM with a prompt that includes 

goals, instructions, data etc.

Reasoning: The agent reasons (e.g. CoT) considering multiple steps or sub-

tasks.

Action: The agent can execute actions (e.g., call a tool, fetch external info, 

revise the approach).

Feedback: The agent updates its memory/context with the results of  the 

action.

Iteration: Cycle repeats until the goal is reached (or stopping criterion is met).

Take away: LLM is no longer just a passive language predictor; it’s part of  a 

loop that actively pursues objectives.
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Data-Driven Discovery of  Dynamical Systems 
using Large Language Models

Samuel Holt Zhaozhi Qian Mihaela van der 

Schaar

NeurIPS 2024, Spotlight

Tennison Liu Jim Weatherall

D3: A Discovery Agent for Transparent Dynamical Laws



Our agent iteratively discovers and refines system dynamics

Given a dataset of  trajectories, our agent (D3) can discover a well-

fitting model f,  either a white-box model or a hybrid model, 

combining a white-box model with a neural network component fit to 

residuals. 



New Discovered PK Warfarin Model

Experiments on a real pharmacokinetic Warfarin dataset

• D3 uncovers a new plausible pharmacokinetic model 

• Outperforms existing literature

• Highlighting its potential for precision dosing in clinical applications
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New Discovered PK Warfarin Model: 
Expert commentary

• Prof. Jean-Baptiste Woillard, Pharmacologist. “The model is promising 
and pharmacokinetically plausible. The next step is to apply D3 to other 
clinically relevant PK drug datasets.” 

• Prof. Richard Peck, Clinical Pharmacologist. “This model is reasonable 
and potentially superior. It represents a significant advance in clinical 
pharmacology by automatically identifying robust PK models.”

• Prof. Eoin McKinney, Clinician. “This model is significant, as consortiums 
are dedicated to improving Warfarin [Consortium, 2009]. The model 
adds novel components, such as the Michaelis component for time-
varying changes and novel interaction terms like age-sex.” 

vanderschaar-lab.com



Will LLM-Agents replace researchers?

vanderschaar-lab.com
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Explicit function Implicit function Ordinary 
differential 
equation

Partial 
differential 
equation

Typical form

Examples Relativity Bernoullis’ Eq Newton’s law Heat equation

𝑦 = 𝑓(𝑥, 𝑡) 𝑓 𝑥, 𝑦 = 𝑐
𝑑𝑥

𝑑𝑡
= 𝑓(𝑥, 𝑡)

𝜕𝑢

𝜕𝑡
= 𝑓(𝑢, 𝑥)

𝐸 = 𝑚 ⋅ 𝑐2 𝑣2

2
+ 𝑔𝑧 +

𝑝

𝑞
= 𝑐

𝑚
𝑑2𝑥

𝑑𝑡2
= 𝐹(𝑥)

𝜕𝑢

𝜕𝑡
= Δ𝑢

Discovery of  governing equations using ML

A SUPER hard problem



Why do we care about PDEs?

While ODEs model time-dependent processes in medicine, 
PDEs are necessary when spatial variations are important
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What about higher order ODEs and PDEs?

𝑑𝑢

𝑑𝑡

𝜕𝑢

𝜕𝑡

𝜕𝑢

𝜕𝑥

𝜕𝑢

𝜕𝑦

𝜕2𝑢

𝜕𝑡2

𝜕2𝑢

𝜕𝑥2

𝜕2𝑢

𝜕𝑦2

𝜕2𝑢

𝜕𝑡𝜕𝑦

𝜕2𝑢

𝜕𝑡𝜕𝑥

𝑢
𝜕𝑢

𝜕𝑡

𝑢2
𝜕𝑢

𝜕𝑡

𝑢
𝜕𝑢

𝜕𝑥
𝜕2𝑢

𝜕𝑥𝜕𝑦

Difficult to search

Variational trick may not work

Kacprzyk, K., Qian, Z. & vdS

D-CIPHER: Discovery of  Closed-form 

Partial Differential Equations 

(NeurIPS 2023)

Zhaozhi QianKrzysztof Kacprzyk



Any PDE: Derivative-bound and derivative-free part
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𝑓(𝒙, 𝒖 𝒙 , 𝜕 𝐾 𝒖(𝒙)) − 𝑔(𝒙, 𝒖(𝒙)) = 0

derivative-bound derivative-free

Can be evaluated directly from data –
No additional constraints!

Requires some technical constraints 
for the variational trick to work! 

Variational-Ready PDEs

Currently the broadest family of PDEs that admit variational formulation



D-CIPHER
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𝜙𝑠 𝑠=1
𝑆

Test functions

ෝ𝒖(𝑑)
d=1

D

Step 2: Estimate the fields

መℰ𝑝 𝑝=1

𝑃 𝜕𝑡𝑢

𝜕𝑥
2𝑢

𝜕𝑡𝜕𝑥𝑢

𝜕𝑥 𝑢2

𝜕𝑡
2𝑢

Step 1: Choose the dictionary

𝒁 ∈ ℝ𝐷𝑆 ×ℝ𝑃

Compute (Eq. 15)

Symbolic 
Regression e.g., log 𝑡 𝑒𝑥

2
sin(𝑢)

𝑔:ℝ𝑀+𝑁 → ℝ
𝒘 ∈ ℝ𝐷𝑆

Compute (Eq. 15)

Step 3: Optimization

CoLLie

min
𝜷 1=1

𝒁𝜷 − 𝒘 2
Loss

𝒗(𝑑)
d=1

D

Dataset

Kacprzyk, K., Qian, Z. & van der Schaar, M. 
D-CIPHER: Discovery of Closed-form Partial 
Differential Equations. (NeurIPS 2023)

• Algorithm

• Uses variational formulation

• Searches through all closed-

form derivative-free parts

• Searches through a linear 

subspace of  derivative-

bound parts



Do we need Equations to Understand Dynamical Systems? 
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Kacprzyk, K., & van der Schaar, M. (2025).

No Equations Needed: Learning System 

Dynamics Without Relying on Closed-Form ODEs.

ICLR 2025.

Krzysztof Kacprzyk



Do we need Equations? Why Equations?
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analysis

system behavior

Syntactic representation

Semantic representation

Logistic growth model



Syntactic vs. Semantic representation of an ODE
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ሶ𝑥 𝑡 = 𝑥(𝑡) 1 −
𝑥(𝑡)

2.8

𝑥 0 = 𝑥0

Syntactic representation Semantic representation

(𝜌(𝑥0), 1.4)

0.0
0.0

𝜌(𝑥0)

1.4

lim
𝑥0→0

+
𝜌 𝑥0 = +∞

Inflection point

𝑥0

𝜊(𝑥0), Τ𝑥0 2 + 1.4
Mid-point

0.0
2.8

𝜊(𝑥0)

lim
𝑥0→∞

𝜊 𝑥0 = 0

𝑥0

ln(2)

0.0

0 ≤ 𝑥0 < 1.4 𝑥0 = 2.8 2.8 < 𝑥01.4 ≤ 𝑥0 < 2.8

0.0 0.0 0.0 0.0

𝑥(𝑡) 𝑥(𝑡) 𝑥(𝑡) 𝑥(𝑡)

𝑡 𝑡 𝑡 𝑡

2.8

• symbolic form

• shape, properties, asymptotic behavior

• how they change under different 

conditions

lim
𝑡→+∞

𝑥 𝑡 = 2.8

Semantic representation: 

behaviour of  a dynamical system

Semantic representation of  a forecasting 

model, including a system of ODEs, describes 

changes under different initial cdts



Syntactic vs. Semantic representation of an ODE
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ሶ𝑥 𝑡 = 𝑥(𝑡) 1 −
𝑥(𝑡)

2.8

𝑥 0 = 𝑥0

Syntactic representation Semantic representation

(𝜌(𝑥0), 1.4)

0.0
0.0

𝜌(𝑥0)

1.4

lim
𝑥0→0

+
𝜌 𝑥0 = +∞

Inflection point

𝑥0

𝜊(𝑥0), Τ𝑥0 2 + 1.4
Mid-point

0.0
2.8

𝜊(𝑥0)

lim
𝑥0→∞

𝜊 𝑥0 = 0

𝑥0

ln(2)

0.0

0 ≤ 𝑥0 < 1.4 𝑥0 = 2.8 2.8 < 𝑥01.4 ≤ 𝑥0 < 2.8

0.0 0.0 0.0 0.0

𝑥(𝑡) 𝑥(𝑡) 𝑥(𝑡) 𝑥(𝑡)

𝑡 𝑡 𝑡 𝑡

2.8

lim
𝑡→+∞

𝑥 𝑡 = 2.8

The focus is often on discovering equations … 

and yet, what we actually want is to unravel these semantic representations



From Discovery and Analysis to Direct Semantic Modeling
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Fitting

Semantic
representation

Dataset
Determines Predictive modelFitting

Dataset
Predictive model Human analysis

Semantic
representation

ሶ𝑥 𝑡 = 𝑥(𝑡) 1 − 𝑥(𝑡)

Challenging to edit

Cannot provide feedback!

Edit

Provide feedback

Direct semantic modelling  (ours, no equations)Two-step modelling (traditional)

Difficult to inject

Prior knowledge

(may be complex)

Prior knowledge

Easy to inject

Initial value
𝑥 𝑡0 = 𝑥0

Solve IVP 

(e.g., forward Euler method) Trajectory
𝑥:𝒯 → ℝ

Initial value
𝑥 𝑡0 = 𝑥0

Trajectory
𝑥:𝒯 → ℝSemantic

representation of 𝑥

𝐹sem 𝐹traj

Predict Match

What do we mean by semantic representation?



Formalizing Semantic Representations: Shape of trajectory
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𝑠+−𝑏
increasing
concave

𝑠−−𝑏
decreasing

concave

𝑠++𝑏
increasing

convex

(𝑠+−𝑏 , 𝑠−−𝑏 , 𝑠−+𝑏 , 𝑠++𝑏)

Motifs:

Composition:

1

2

3

Transition points: 1 2 4 5

start local 

maximum

local

minimum

end

5

3

Inflection

point

𝑠−+𝑏
decreasing

convex

4

Kacprzyk, Liu, vdS, Towards Transparent Time Series Forecasting. ICLR 2024

Krzysztof Kacprzyk

Divide the shape of  trajectory  

into smaller intervals 

where the trajectory has a 

particular shape, called motifs



Formalizing Semantic Representations: Shape of trajectory
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Kacprzyk, Liu, vdS, Towards Transparent Time Series Forecasting. ICLR 2024

Krzysztof Kacprzyk
In semantic ODEs, we extended 

this framework to add motifs that 
describe unbounded trajectories



Formalizing Semantic Representations: Recap
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Semantic representation of 𝑥

Composition: (𝒔++𝒃, 𝒔+−𝒉)

Transition points: 0,0.4 , (1.8,1.4)

Derivatives: ሶ𝑥 𝑡0 = 0.3, ሶ𝑥 𝑡1 = 0.7, ሷ𝑥 𝑡1 = 0

Properties of 𝑠+−ℎ: ℎ = 2.8, 𝑡1/2 = 2.9

𝑐𝑥

𝑝𝑥



How do we build Semantic ODEs?
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(0.0,0.4)
(1.8,1.4)

𝑥 = 2.8

𝑥

𝑡

TrajectoryInitial condition

𝑥(0) = 0.4 𝐹sem 𝐹traj

Semantic representation of 𝑥Semantic predictor Trajectory predictor

Composition: (𝒔++𝒃, 𝒔+−𝒉)

Transition points: 0,0.4 , (1.8,1.4)

Derivatives: ሶ𝑥 𝑡0 = 0.3, ሶ𝑥 𝑡1 = 0.7, ሷ𝑥 𝑡1 = 0

Properties of 𝑠+−ℎ: ℎ = 2.8, 𝑡1/2 = 2.9

𝐹com 𝐹prop



Semantic Inductive Biases
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𝑡

C
o

n
ce

n
tr

at
io

n

ODE discovery Semantic ODE

ሶ𝑥 𝑡 = ෍

𝑖=1

𝑛

𝛼𝑖𝑔𝑖(𝑡)

𝑥2𝑥3

log(t)

𝑥𝑡

𝑛 ≤ 10

𝑛 ≤ 5
(𝑠−+ℎ) (𝑠−−𝑏 , 𝑠−+ℎ)

(𝑠−+𝑏 , 𝑠−−𝑏 , 𝑠−+ℎ)

(𝑠+−𝑏 , 𝑠−−𝑏 , 𝑠−+ℎ)

(𝑠++𝑏 , 𝑠+−𝑏 , 𝑠−−𝑏 , 𝑠−+ℎ)

Semantic motifs

Can select number and types of  motifs



Comprehensibility

vanderschaar-lab.com



Editing
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Edit and retrain our model while fixing this asymptote to 0



Extrapolation
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Extrapolation for different inputs,

outside training domain 
Great performance without seeing without a single sample from this 

distribution



Flexibility
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Not only closed formed ODEs!



This talk
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We are entering a new paradigm of  discovery, driven not by static models or 

datasets, but by AI agents capable of  reasoning, experimentation, and 

evolving knowledge, transforming science from human-centric to co-creative

• LLM-based AI Agents

• Why are they exciting

• Examples

• Genies: Next-generation AI Agents
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https://www.vanderschaar-lab.com/genies-the-future-of-ai-agents/

Genies – The Future of  AI Agents


