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C R O W  V S  F R O N T I E R  M O D E L S
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Q U O  VA D I S  A I ?

F R O M  S E E I N G  T O  
 I N D U C I N G  P H Y S I C S  &  C A U S A L I T Y  
 S PAT I A L  M E M O R Y  &  N AV I G AT I O N  
 R E A S O N I N G  
 P L A N N I N G  
 I N T E R A C T I N G  W I T H  R E A L I T Y

→
→
→
→
⇒
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G R O U N D I N G  R O B O T  W O R L D  M O D E L S
W I T H  P H Y S I C S  A N D  C A U S A L I T Y

Dynamics/Physics inductive biases

Embodied inductive biases

Causal inductive biases

Open World AI OS
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C O M P O S I T I O N A L  
M A N I P U L AT I O N  
W O R L D  M O D E L S  

D R E A M  T O  M A N I P U L AT E

w. L. Barcellona, A. Zadaianchuk, D. Allegro, S. Papa, S. Ghidoni
https://dreamtomanipulate.github.io/DreMa/
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O U R  I N D U C T I V E  B I A S E S

E X P L I C I T  G R O U N D I N G  = =  P H O T O R E A L I S T I C  R E C O N @ O B J E C T- C E N T R I C +  E X P L I C I T  P H Y S I C S  
 C O M P O S I T I O N A L  M A N I P U L AT I O N  W O R L D  M O D E L S   I M A G I N AT I O N  

 R O B O T  I M I TAT I O N  L E A R N I N G
⇒ ⇒

⇒↑

C O M P O S I T I O N A L  M A N I P U L AT I O N  W O R L D S
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P H O T O R E A L I S T I C  R E C O N S T R U C T I O N  …

Novel view

Mesh

• Gaussian Splatting is like ‘sparse 3D pixels’ 

• Real-time rendering 

• High-quality 

• Good depth rendering 

• Fast training 

• Explicitly grounded representation
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…  M A D E  O B J E C T- C E N T R I C  W I T H  O B J E C T  A S S E T S …

• Zero-shot object localization 

 Grounded SAM, DEVA, or our VISA1 & LV-VIS2 

• Prompts: “object” & “table” 

• Segment and group objects across views

→

10
[1] Wang, Gavves et al., Towards Open-Vocabulary Video Instance Segmentation, ICCV 2023 
[2] Yan, Wang, Gavves et al., VISA: Reasoning Video Object Segmentation via Large Language Models, ECCV 2024



…  W I T H  “ S E L F - A W A R E N E S S ”  …

• The robot is also an object asset 

• Articulated but with known joints 

• Movement given by the URDF file, no need to estimate
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…  A N D  M A N I P U L A B L E  W I T H  P Y B U L L E T  …

• Integrate explicit physics engines 

• Manipulate object assets by 
exerting forces on them 

• PyBullet requires mesh grids 

• Convert Gaussian Splats to Meshes 

• “Decode” effect of manipulations 
with Gaussian Splatting
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…  T O  R E C O N S T R U C T  PA S T  T R A J E C T O R I E S  …

• Play seen trajectories 

• And render it from any angle 

• “Re-imagining” past experiences

13



…  A N D  I M A G I N E  N E W  O N E S  …

• Since we have a ‘digital twin’ 

• That reconstructs photorealistically 

• Understands physics 

• And can be intervened with 

• We can “imagine” novel trajectories

14



E Q U I VA R I A N T  O B J E C T- R O B O T  T R A N S F O R M AT I O N S
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…  F O R  O N E - S H O T  I M I TAT I O N  L E A R N I N G  …

• Single demonstration per variant 

• Excluding tasks with articulation 

• 60-110 imaginations generated 

• Works even with pure imagination
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…  T H AT  W O R K S  E V E N  W I T H  R E A L  R O B O T S
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…  T H AT  W O R K S  E V E N  W I T H  R E A L  R O B O T S
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M O R E  I M A G I N E D  A U G M E N TAT I O N S  H E L P

Equivariant transformations are complementary … … and scale

• Simple transformations for now 

• Main challenge: make sure demonstrations are valid 

• Lower efficacy but better scalability
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W H AT  M A K E S  I T  N O T  A  W O R L D  M O D E L ?

• Not end-to-end yet 

• Dynamics are not learned 

• In fact, not much learning (from us) yet 

• BUT, the idea is not to return to feature 
engineering 

• Start with grounding explicitly 

• Then everything else neural
20



• For one, add representations to object assets 

• Learn (fine-tune) on observed trajectories 

• Learn with differentiable physics 

• Learn with partial observability 

• Learn with manipulations 

• Learn dynamics beyond physics (eg, causality, third-
person actors, theory of mind, …) 

• Learn with dynamic scenes

L E A R N I N G  &  G E N E R A L I Z AT I O N
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B E Y O N D  I M I TAT I O N :  
L E A R N I N G  R L  P O L I C I E S

• Why stop with imitation learning? 

• Grounded imagination & reasoning opens up 
lots of exciting possibilities 

• Maximizing future reward in future imagination? 

• …
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• Articulated objects (identifying joints) 

• Deformable objects (with complex physics 
engines) 

• Closed feedback loop (‘eye-hand coordination’) 

• Physical parameter identification (friction, etc) 

• Safety and interpretability 

• Stochasticity (many possible futures)

S K Y  I S  T H E  L I M I T
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C A U S A L  I N D U C T I V E  
B I A S E S

L I P P E  E T  A L ,  I C L R ,  I C M L ,  U A I ,  2 0 2 2 - 2 3

Scholkopf et al., 2021



T E M P O R A L  C A U S A L  R E P R E S E N TAT I O N  L E A R N I N G
B I S C U I T :  L I P P E ,  M A G L I A C A N E ,  C O H E N ,  G AV V E S ,  E T  A L ,  I C L R ,  I C M L  2 0 2 2 - 2 0 2 4

https://phlippe.github.io/
[1] B Schölkopf, F Locatello, S Bauer, N R Ke, N Kalchbrenner, A Goyal, Y Bengio, Towards Causal Representation Learning, Proceedings of the IEEE, 2021

https://phlippe.github.io/BISCUIT/


T E M P O R A L  C A U S A L  R E P R E S E N TAT I O N  L E A R N I N G
B I S C U I T :  L I P P E ,  M A G L I A C A N E ,  C O H E N ,  G AV V E S ,  E T  A L ,  I C L R ,  I C M L  2 0 2 2 - 2 0 2 4

https://phlippe.github.io/

Representation Learning Tasks

What are the causal variables of the 
environment?

How do they interact with each 
other?

How can the robot agent intervene 
on causal variables?

[1] B Schölkopf, F Locatello, S Bauer, N R Ke, N Kalchbrenner, A Goyal, Y Bengio, Towards Causal Representation Learning, Proceedings of the IEEE, 2021

https://phlippe.github.io/BISCUIT/


C A U S A L  L E A R N I N G  F R O M  B I N A R Y  I N T E R A C T I O N S
B I S C U I T :  L I P P E ,  M A G L I A C A N E ,  A S A N O ,  L O W E ,  C O H E N ,  G AV V E S ,  U A I  2 3

Scholkopf et al., 2021

• Many interactions are binary 

(Turn lights on/off, open/close door …) 

• Learn latents to reflect change 

• Provable & manipulable causal factors 

• By integrating probabilistic causal priors

https://phlippe.github.io/BISCUIT/

https://phlippe.github.io/BISCUIT/


• Causal model: a temporal DAG 

• Observed: images  and “regime” variables  

• Latents: causal  and interactions 

Xt Rt

Ct−1 It = f(Rt, Ct−1)

C A U S A L  L E A R N I N G  F R O M  B I N A R Y  I N T E R A C T I O N S
B I S C U I T :  L I P P E ,  M A G L I A C A N E ,  A S A N O ,  L O W E ,  C O H E N ,  G AV V E S ,  U A I  2 3

https://phlippe.github.io/BISCUIT/

Rt

XtIt

Ct

https://phlippe.github.io/BISCUIT/


B I N A R Y  I N T E R A C T I O N S  F O R  I D E N T I F I A B I L I T Y
U P  T O  P E R M U TAT I O N  A N D  C O M P O N E N T- W I S E  T R A N S F O R M AT I O N S  

https://phlippe.github.io/BISCUIT/

• Assumption #1: interactions 
described by a binary variable 

• Assumption #2: distinct interaction 
patterns  interactions not 
functions of other interactions 

• Assumption #3: mechanisms vary 
sufficiently with interactions or time

→

No interaction

(observational)

Interaction

(interventional)

Time step t

Time step t+1

https://phlippe.github.io/BISCUIT/


O P T I M I Z I N G  W I T H  VA R I AT I O N A L  I N F E R E N C E
B I S C U I T :  L I P P E ,  M A G L I A C A N E ,  A S A N O ,  L O W E ,  C O H E N ,  G AV V E S ,  U A I  2 3

https://phlippe.github.io/BISCUIT/

https://phlippe.github.io/BISCUIT/


T W O - S TA G E  L E A R N I N G  I N  C O M P L E X  S E T T I N G S
B I S C U I T :  L I P P E ,  M A G L I A C A N E ,  A S A N O ,  L O W E ,  C O H E N ,  G AV V E S ,  U A I  2 3

https://phlippe.github.io/BISCUIT/

https://phlippe.github.io/BISCUIT/


D I S C O V E R I N G  
I N T E R A C T I O N S

C A U S A LW O R L D  T R I - F I N G E R

https://phlippe.github.io/BISCUIT/

 scores (diag /sep )R2 ↑ ↓

https://phlippe.github.io/BISCUIT/


C A U S E - A N D - E F F E C T  
D R I V E S  S E M A N T I C S  ( ? )

I T H O R  O B J E C T S  A S  C A U S A L  VA R I A B L E S

https://phlippe.github.io/BISCUIT/

 scores (diag /sep )R2 ↑ ↓

https://phlippe.github.io/BISCUIT/


H A C K I N G  T H E  
S I M U L AT O R

E L E M E N T S  O F  “ I M A G I N AT I O N ”

Scaling-up with foundation vision models 
towards autonomous learning?

https://phlippe.github.io/BISCUIT/

https://phlippe.github.io/BISCUIT/


L I M I TAT I O N S
B I S C U I T:  L I P P E ,  M A G L I A C A N E ,  A S A N O ,  L O W E ,  C O H E N ,  G AV V E S ,  U A I  2 3

Scholkopf et al., 2021

• Sufficient intervention data 

• Works with temporal data only 

• Assumes binary interactions

https://phlippe.github.io/BISCUIT/

https://phlippe.github.io/BISCUIT/


I S  I T  R E A L LY  C A U S A L ?

• Patterns are often correlations 

• Cause-and-effect is a strong (albeit 
sometimes biased) framework to learn 

• If we go past the chicken-egg problem 

• Power of causal representations is in 
autonomousness and controllability 
(imho)

https://phlippe.github.io/BISCUIT/

https://phlippe.github.io/BISCUIT/


S C A L E  &  R O B O T  L E A R N I N G
B I S C U I T + +

Scholkopf et al., 2021

• Scale up to many environments  reuse semantics 

• LLMs for guidance and sample efficiency? 

• Ideally, Gaussian Splats for de novo interactive 
environments and scaling-up 

• System IIa: First causal principles for novel 
problem-solving & Causal World Models 

• System IIb: Safe & human-robot-aligned planning

→

https://phlippe.github.io/BISCUIT/

+

https://phlippe.github.io/BISCUIT/


D Y N A M I C S  
I N D U C T I V E  B I A S E S

L I U  E T  A L ,  I C M L  2 0 2 3 ,  O N G O I N G  
A U Z I N A  E T  A L ,  N E U R I P S  2 0 2 3  
P E R V E Z  E T  A L ,  O N G O I N G



S W I T C H I N G  D Y N A M I C S  I N   
I N T E R A C T I N G  S Y S T E M S  

Scholkopf et al., 2021

• In many settings in perception and sciences, we 
have systems of multiple objects  

• These objects may interact (or not) with higher-
order complex & switching temporal dynamics1,2 

• Finding dynamical patterns is often critical 

• Generalization of temporal clustering

[1] Z Gharamani, G Hinton, Variational learning for switching state-space models, NeurIPS, 2020 
[2] A Ansari, K Benidis, R Kurle, A Turkmen, H So, A Smola, B Wang, T Januschowski, NeurIPS, 2022 



G R A P H  S W I T C H I N G  D Y N A M I C A L  S Y S T E M S
L I U ,  M A G L I A C A N E ,  K O F I N A S ,  G AV V E S ,  I C M L  2 0 2 3

Scholkopf et al., 2021

• Switching Dynamical Systems focus on finding out 
when objects behave differently 

• Key idea #1: Scale up by NN function approximation 
to amortize pairwise transition dynamics between 
multiple objects and dynamic behaviors 

• Key idea #2: Graph NNs and message passing  and 
VI for dynamic interactions between objects 

• Divide and Conquer: Breaking complex dynamics 
into switching between simpler systems

https://github.com/yongtuoliu/Graph-Switching-Dynamical-Systems 

Latent temporal graph 
 objects 
 motion modes

N
K

em→n
t

vm
t = {zm

t , xm
t , cm

t , ym
t }

https://github.com/yongtuoliu/Graph-Switching-Dynamical-Systems


E Q U AT I O N  D I S C O V E R Y + S W I T C H I N G  D Y N A M I C S
L I U ,  M A G L I A C A N E ,  K O F I N A S ,  G AV V E S ,  O N G O I N G

Scholkopf et al., 2021

• Hypothesis #1: Symbolic learning critical for extrapolation 

• Hypothesis #2: Disentangled representation learning critical for generalization1,2 

• Hypothesis #3: Graph learning critical for interacting dynamics
Hybrid-SINDy Latent dynamics as governing equations

[1] J von Kügelgen*, Y Sharma*, L Gresele*, W Brendel, B Schölkopf, M Besserve, F Locatello, Self-Supervised Learning with Data Augmentations Provably Isolates Content from Style, NeurIPS, 2021
[2] I Auzina, C Yildiz, S Magliacane, M Bethge, E Gavves, Moduleated Neural ODEs, NeurIPS, 2023



E Q U AT I O N  D I S C O V E R Y + S W I T C H I N G  D Y N A M I C S
L I U ,  M A G L I A C A N E ,  K O F I N A S ,  G AV V E S ,  O N G O I N G

• #Η1: Link GRASS dynamics modes to parametric basis functions  

• #H2: Learn -th latent dynamics   modulated by  in shared NN 

• Think of SINDy-governed latent spaces

Θ(yt)

k ·ym
t ≈ Θ(yt)wm wm

SINDy The dynamic mode  indexes candidate basis zk Θk ⋅ wk



E Q U AT I O N  D I S C O V E R Y + S W I T C H I N G  D Y N A M I C S
L I U ,  M A G L I A C A N E ,  K O F I N A S ,  G AV V E S ,  O N G O I N G

• So far, single-object dynamics 

• #H3: Graph message passing for interacting dynamics 

• Approximate inference for edges, exact inference for discrete variables

Probabilistic model

Latent temporal graph 
 objects 
 motion modes

N
K

em→n
t

vm
t = {zm

t , cm
t , ym

t }

·ymt
= Θ(y t)wm



E Q U AT I O N  D I S C O V E R Y + S W I T C H I N G  D Y N A M I C S
R E S U LT S

Scholkopf et al., 2021

Scientific data Perception data



M E C H A N I S T I C  N E U R A L  N E T W O R K S
P E R V E Z ,  L O C AT E L L O ,  G AV V E S ,  O N G O I N G

• Neural Networks built on data-driven 
numerical representations 

• Uninterpretable  unfit for scientific 
exploration and analysis 

• Mechanisms would be a great alternative 
but cannot easily learn from data1 

• Mechanistic NN modules built on 
governing equations as representations 

→

https://github.com/alpz/mech-nn

Mechanistic
Encoder

NeurRLP

<latexit sha1_base64="7zC6hCd8hv51o01Nq6MEUKWaw/A="></latexit>x

<latexit sha1_base64="DtTaeEntV9QMmK/dSgi/1AgsZv4="></latexit>

u(t)

Mechanistic
Block

ODE representation

<latexit sha1_base64="600a+zEB1210p6ZBoCFXtm0XWxI="></latexit>

f✓

Predict and Forecast

Discover

En
co

de
r
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Block

D
ecoder

En
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r

Mech. 
Block <latexit sha1_base64="600a+zEB1210p6ZBoCFXtm0XWxI="></latexit> f
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D
ecoder
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parameters

Ba
sis

<latexit sha1_base64="M2oOgN5Nc6BC1hCL3UOcB/9aY9E="></latexit>

Ux : F (↵, x) = 0

<latexit sha1_base64="oDF2usZ/tTvxq/cYWJZrmPij9EQ="></latexit>

↵ = [ci,t,x,�k,t,x, bt,x,!x, st]

F(α, x) =
d

∑
i

ci(t; x)u(i) +
r

∑
k

ϕk(t; x)gk(t, u, u′￼, . . . ) − b(t; x)

[1] B Schölkopf, F Locatello, S Bauer, N R Ke, N Kalchbrenner, A Goyal, Y Bengio, Towards Causal Representation Learning, Proceedings of the IEEE, 2021

https://github.com/alpz/mech-nn


K E Y  I D E A
P E R V E Z ,  L O C AT E L L O ,  G AV V E S ,  O N G O I N G

• Define general family of ODEs as governing mechanisms 

• Mechanistic NN simultaneously 

• learns the governing ODE explicitly 

• generate new ODEs that explain input 

• solves the ODEs 

• Forward pass through the ODE 

• Backward pass requires custom, NN-native solver

https://github.com/alpz/mech-nn
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∑
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ϕk(t; x)gk(t, u, u′￼, . . . ) − b(t; x)

https://github.com/alpz/mech-nn


T H E  M O D E L
P E R V E Z ,  L O C AT E L L O ,  G AV V E S ,  O N G O I N G

• Traditional ODE solvers suboptimal: Hard to parallelize, no learned step sizes 

• Young showed that Linear ODEs can be solved as Linear Programs1 

• Continuous ODE:  

• Discretize it:  

• Set up the linear program and solve for 

d

∑
i

ci(t; x)u(i) +
r

∑
k

ϕk(t; x)gk(t, u, u′￼, . . . ) − b(t; x) = 0

d

∑
i

ci,tu(i) +
r

∑
k

ϕk,tgk(t, ut, u′￼t, . . . ) − bt = 0

u, u(i), i = 1,2,...
https://github.com/alpz/mech-nn

[1] J Young, Linear Programming Applied to Linear Differential Equations, Lawrence Berkeley National Laboratory, 1961

https://github.com/alpz/mech-nn


N E U R A L  R E L A X E D  L P  S O LV E R
P E R V E Z ,  L O C AT E L L O ,  G AV V E S ,  O N G O I N G

• Define ODE coefficients etc as LP variables 

• But LP solvers are not neural network friendly 

• Solutions not differentiable wrt parameters 

• Specialized solvers cannot parallelize easily 

• Constraint matrices too large for solvers 

• Relaxing LP to QP and GPU solve KKT conditions 

• Similar error bounds like the Euler solver and much faster 

• For nonlinear ODEs, the nonlinear terms pushed to the NN loss function 

https://github.com/alpz/mech-nn

https://github.com/alpz/mech-nn


M E C H A N I S T I C  N E U R A L  N E T W O R K S
P E R V E Z ,  L O C AT E L L O ,  G AV V E S ,  O N G O I N G

• Weaving in governing equations to an NN impacts lots of scientific applications 

• With the same framework, we outperform per task specialized methods 

https://github.com/alpz/mech-nn

https://github.com/alpz/mech-nn


M E C H  N N  F O R  D I S C O V E R Y
P E R V E Z ,  L O C AT E L L O ,  G AV V E S ,  O N G O I N G

Solve ODEs of the form:  u′￼ = g(Θξ) Chaotic Lorenz

Nonlinear functions Rational functions



M O R E  A P P L I C AT I O N S
P E R V E Z ,  L O C AT E L L O ,  G AV V E S ,  O N G O I N G

Discovering physical parameters 
Mass ratio & force distribution 2-body problem

Forecasting 
JPL Horizon planetary ephemerides

Neural PDE Solving 
1d KdV and 2d Darcy Flow



O P E N - W O R L D  
I N D U C T I V E  B I A S E S

W A N G  E T  A L ,  C V P R ,  I C C V,  2 0 2 2 - 2 4



R E A S O N I N G  V I D E O  I N S TA N C E  S E G M E N TAT I O N
W A N G ,  G AV V E S  E T  A L ,  O N G O I N G

Scholkopf et al., 2021

• Segment, classify, track by ‘commonsense reasoning’ w.r.t. the pixels and world knowledge 

• Key idea: Scale-up sequence length in the input and relay to LLMs for ‘reasoning’ 

• Fantastic if we could pair this with formal reasoning

“Which ball should first be hit according to the rules?”
“Which ball is the target of this shot?”

“If this shot goes in, which ball is most likely to be hit next?”



M Y  V I S I O N  &  G O A L
P R O - S O C I A L  &  H U M A N - C E N T R I C  R O B O T  A I

Reusable foundation ‘world’ dynamics from pixels 
Neural+’Symbolic’+Equivariance Learning 

Critical for true extrapolation

System I Perception and Manipulation 
System II Causal Learning for Robotics 
‘System III’ Pro-social behavior

CVPR 2024 Workshop on Causal and Object-centric Representations for Robotics 
Ideally repeated with NeurIPS/ICLR/ICML and CORL/ICRA/IROS



T O  W R A P  U P

A C A D E M I C  A I  I N  T H E  Y E A R S  O F  C H AT G P T

55



C O N C L U S I O N

• Not yet end-to-end training, but all parts can 
be made differentiable 

• “Physics & causal grounding”: great start 
toward fully neural robot world models 

• And lots of exciting possibilities towards 
generalization and extrapolation 

• We are in good company of Fei Fei Li: https://
github.com/cremebrule/digital-cousins

56

https://github.com/cremebrule/digital-cousins
https://github.com/cremebrule/digital-cousins
https://github.com/cremebrule/digital-cousins


Dynamics 
Causal Learning 
Open-World 
Robots & Systems

C H E E R S ! ? ?
?

?

?
?

egavves@uva.nl 
@egavves
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