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Unrolling in the observation space:

st st+1
ot−k . . ot

at
ϕ

Unrolling in a latent space:

Model learning from sensory input
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Unrolling in a latent state space

Deterministic transition model: st+1 = g(st, at)

MuZero learns such observation to latent space mapping by considering value 
functions and policies under a specific reward function.



Prediction in a latent space

Q:What is the problem with this optimization problem? 
A:There is a trivial solution :-( 

Q:Would the problem go away if instead we had:   
A:No, it’s exactly the same problem.

̂zt+1 = zt + f(ct, at; θ)

min
θ,ϕ,ϕ′ 

. ∥f(ct, at; θ) − zt+1∥

̂zt+1 = f(ct, at; θ)

at

zt+1 = E(ot+1; ϕ′ )ot+1

ct = Eg(o1 . . . ot; ϕ)ot

We need to predict additional information from the encodings to avoid the trivial 
solution



Prediction in a latent space - autoencoding

̂zt+1 = f(ct, at; θ)

at

zt+1 = E(ot+1; ϕ′ )ot+1

ct = Eg(o1 . . . ot; ϕ)ot

E(ot; ϕ′ )

ot

Autoencoding: min
ϕ′ ,ω

. ∥D(E(ot; ϕ′ ), ω) − ot∥

̂ot = D(E(ot; ϕ′ ), ω)

• Predict the image from the latent encoding 
• …and suffer the problems of autoencoding reconstruction loss that has little to do 

with our task

Incentivizing exploration in RL with deep predictive models, Stadie et al.

min
θ,ϕ,ϕ′ 

. ∥f(ct, at; θ) − zt+1∥



Prediction in a latent space

at

zt+1 = E(ot+1; ϕ′ )ot+1

̂zt+1 = f(ct, at; θ)

at

ct = Eg(o1 . . . ot; ϕ)ot

min
θ,ϕ,ϕ′ 

. ∥f(ct, at; θ) − ̂zt+1∥



Prediction in a latent space - inverse models

ot zt = E(ot; ϕ′ )

min
θ,ϕ,ϕ′ ,ψ

. ∥f(zt, at; θ) − zt+1∥ + ∥finv(zt, zt+1; ψ) − at∥

Learning to poke by poking, Agrawal et al. 2016

at

zt+1 = E(ot+1; ϕ′ )ot+1

at = finv(zt, zt+1, ψ)

• Let’s couple forward and inverse models (to avoid the trivial solution) 
• …then we will only predict things that the agent can control

̂zt+1 = f(ct, at; θ)ct = Eg(o1 . . . ot; ϕ)ot



Prediction in a latent space -  contrastive prediction

at

zt+1 = E(ot+1; ϕ′ )ot+1

̂zt+1 = f(ct, at; θ)

at

ct = Eg(o1 . . . ot; ϕ)ot

min
θ,ϕ,ϕ′ 

. ∥f(ct, at; θ) − ̂zt+1∥

P(d = i |c) =
exp(c⊤Wzi)

∑j exp(c⊤Wzj)

min
θ,ϕ,ϕ′ ,W

. − log
exp( ̂zt+1

⊤Wzt+1)
∑j∈Neg exp( ̂zt+1

⊤Wzj)

• Generative: model the distribution of future observations/embeddings 
• Discriminative: model how much closer you can match the future observations 

than other alternatives. 
• Imagine we could discretize all the possible future: then we would just need to 

predict the right probability distribution over all (discrete set of) possibilities.  
Then, we want to maximize the probability of the correct outcome.

P(d = i |c) =
exp(c⊤Wzi)

∑j exp(c⊤Wzj)



Prediction in a latent space -  contrastive prediction

at

zt+1 = E(ot+1; ϕ′ )ot+1

̂zt+1 = f(ct, at; θ)

at

ct = Eg(o1 . . . ot; ϕ)ot

min
θ,ϕ,ϕ′ 

. ∥f(ct, at; θ) − ̂zt+1∥

P(d = i |c) =
exp(c⊤Wzi)

∑j exp(c⊤Wzj)

min
θ,ϕ,ϕ′ ,W

. − log
exp( ̂zt+1

⊤Wzt+1)
∑j∈Neg exp( ̂zt+1

⊤Wzj)

P(d = i |c) =
exp(c⊤Wzi)

∑j exp(c⊤Wzj)

• Q:Since we do not directly predict the future , how can we unroll this model 
forward in time? 

• A: Through ranking. Consider a set of possibilities and rank them 

zt+1
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Contrastive forward models for 
deformable object manipulation

Learning Predictive Representations for Deformable Objects using Contrastive Estimation
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Learning Predictive Representations for Deformable Objects using Contrastive Estimation



Contrastive loss:
h(ẑ, zpos)
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Learning Predictive Representations for Deformable Objects using Contrastive Estimation



Contrastive loss:
h(ẑ, zpos)
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Similarity function:

exp(zT1 z2)
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Contrastive forward models for deformable object 
manipulation

Learning Predictive Representations for Deformable Objects using Contrastive Estimation



Contrastive forward models for deformable object 
manipulation

Learning Predictive Representations for Deformable Objects using Contrastive Estimation



Contrastive forward models for deformable object 
manipulation



One step Model-Predictive Control

at = max h(f�(zt, a), zg)
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at = max h(f�(zt, a), zg)
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One step Model-Predictive Control



at

zt+1 = E(ot+1; ϕ′ )ot+1

̂zt+1 = f(ct, at; θ)

at

ct = Eg(o1 . . . ot; ϕ)ot

min
θ,ϕ,ϕ′ 

. ∥f(ct, at; θ) − ̂zt+1∥

P(d = i |c) =
exp(c⊤Wzi)

∑j exp(c⊤Wzj)

Problem with holistic models

• The whole image is mapped to one vector, and the dynamics of that single 
vector are predicted over time.

• This means all objects together are predicted, and we do not exploit 
causality constraints: that objects often move independently!

• By making our representations causal and disentangled enough, we have 
the hope of generalization. If we entangle, we cannot generalize beyond 
training conditions.



Problem with holistic models

Q: Will our model be able to generalize across different number of balls present?

at

zt+1 = E(ot+1; ϕ′ )ot+1

̂zt+1 = f(ct, at; θ)

at

ct = Eg(o1 . . . ot; ϕ)ot



F

Frame-Centric Prediction

Q: Will our model be able to generalize across different number of balls present?

Frame-centric models

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 



Entity-centric models

FF

World-Centric Prediction Object-Centric Prediction

The object-centric model will be applied to each object in the scene

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 
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Context around the object is captured by using large 
windows around the object of interest

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 
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Context around the object is captured by using large 
windows around the object of interest

Context around the object is captured by using large 
windows around the object of interest

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 
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Context around the object is captured by using large 
windows around the object of interest

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 
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Context around the object is captured by using large 
windows around the object of interest

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 
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Context around the object is captured by using large 
windows around the object of interest

Context around the object is captured by using large 
windows around the object of interest

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 
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Context around the object is captured by using large 
windows around the object of interest

Context around the object is captured by using large 
windows around the object of interest

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 



Unrolling with entity-centric dynamics models

F ball displacement
dx

• The object-centric model is shared across all objects in the scene.  
• We apply it one object at a time to predict the object’s  future displacement. 
• We then copy paste the ball at the predicted location, and feed back as input.

Visual PredicDve Models of IntuiDve Physics for Playing Billiards, ICLR 2016 



Cross-object interactions

How can we encode cross-object relations? 
1. using large context windows around each object (this is what we just 

used) 
2. using graph neural networks!



Structured Deep Models Thomas Kipf #6

Recap: Convolutional neural networks (on grids)

(Animation by  
Vincent Dumoulin)

Single CNN layer  
with 3x3 filter:

From CNNs to GNNs
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Structured Deep Models Thomas Kipf #6

Recap: Convolutional neural networks (on grids)

(Animation by  
Vincent Dumoulin)

Single CNN layer  
with 3x3 filter: …
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are (hidden layer) activations of a pixel/node

From CNNs to GNNs



Structured Deep Models Thomas Kipf #6

Recap: Convolutional neural networks (on grids)

(Animation by  
Vincent Dumoulin)

Single CNN layer  
with 3x3 filter: …

Update for a single pixel: 

• Transform messages individually 

• Add everything up

hi 2 RF
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are (hidden layer) activations of a pixel/node

From CNNs to GNNs



Structured Deep Models Thomas Kipf #6

Recap: Convolutional neural networks (on grids)

(Animation by  
Vincent Dumoulin)

Single CNN layer  
with 3x3 filter: …

Update for a single pixel: 

• Transform messages individually 

• Add everything up

Full update:

hi 2 RF
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are (hidden layer) activations of a pixel/node

From CNNs to GNNs



Structured Deep Models Thomas Kipf

Graph convolutional networks (GCNs)

#7

Consider this  
undirected graph:

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

From CNNs to GNNs



Structured Deep Models Thomas Kipf

Graph convolutional networks (GCNs)

#7

Consider this  
undirected graph:

Calculate update 
for node in red:

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

From CNNs to GNNs



Structured Deep Models Thomas Kipf

Graph convolutional networks (GCNs)

#7

Consider this  
undirected graph:

Calculate update 
for node in red:

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

From CNNs to GNNs



Structured Deep Models Thomas Kipf

Graph convolutional networks (GCNs)

#7

Consider this  
undirected graph:

Calculate update 
for node in red:

Update 
rule:

: neighbor indices : norm. constant 
  (fixed/trainable)

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

From CNNs to GNNs



Structured Deep Models Thomas Kipf

Graph convolutional networks (GCNs)

#7

Consider this  
undirected graph:

Calculate update 
for node in red:

Update 
rule:

: neighbor indices : norm. constant 
  (fixed/trainable)

Scalability: subsample messages [Hamilton et al., NIPS 2017]

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

From CNNs to GNNs



Structured Deep Models Thomas Kipf

Graph convolutional networks (GCNs)

#7

Consider this  
undirected graph:

Calculate update 
for node in red:

Update 
rule:

: neighbor indices : norm. constant 
  (fixed/trainable)

Scalability: subsample messages [Hamilton et al., NIPS 2017]

Kipf & Welling (ICLR 2017), related previous works by Duvenaud et al. (NIPS 2015) and Li et al. (ICLR 2016)

Desirable properties:

• Weight sharing over all locations 
• Invariance to permutations 
• Linear complexity O(E) 
• Applicable both in transductive 

and inductive settings

From CNNs to GNNs



InteracDon Networks for Learning about Objects, RelaDons and Physics, BaMaglia et al., 2016 

Main idea: Given a set of objects or object parts, use graph neural networks to 
predict their future velocities, given their physical properties and current positions 
and velocities



• Can be used for unrolling by feeding the predictions back as input 

InteracDon Networks for Learning about Objects, RelaDons and Physics, BaMaglia et al., 2016 

• Relational (edge) neural net: takes two object states as input and relational 
attributes and predicts a feature vector 

• Object (node) neural net: takes object states and summation of incoming 
edge messages and predicts future object velocity

• Input:  
• Object state: dynamic (position/velocity), static(mass, size, shape)-> assumed given 
• Relation attributes: coefficient of restitution, spring constant 

• Output: the velocities of the objects in the next time step. 



Unrolling results

InteracDon Networks for Learning about Objects, RelaDons and Physics, BaMaglia et al., 2016 



Learning 3D object dynamics under 
varying views



Problems with 2D image centric 
representations

• No object permanence: objects disappear at 
occlusions


• Objects ``move” when the camera moves


• Objects change size when the camera zooms in/out

Camera motion is entangled with scene appearance in a 2D image. 



SLAM

• SLAM disentangles a video into scene appearance (point cloud 
map) and camera motion 

• Objects persist in the pointcloud map

ORB-SLAM 2.0



but…

• SLAM cannot do amodal completion: it does not predict what the 
camera does not see.

• it may not optimize for the right end task (recognizing and acting  
in the world)



Geometry-Aware Recurrent Networks

R, T

• 3-dimensional latent state
• Egomotion-stabilized latent state updates

Learning spatial common sense with geometry-aware recurrent networks, Tung et al. CVPR 2019



…

Ego-stabilization Ego-stabilization

…

Geometry-Aware Recurrent Networks



2D RNNs (conv-LSTMs/GRUs)

ht ht+1 ht+2



…

Ego-stabilization Ego-stabilization

…

query view

View prediction

Orientation to 
query view

Neural 
rendering
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Visual Input

p̂0 = 0
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r̂0 = 0
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<latexit sha1_base64="/hFssVJMJhvco6yDrvoQa6ltXdI=">AAAB+3icbVBPS8MwHE3nvzn/TXf0EhyCp9GKoN6GXrwIE6wbrKWkWbqFJWlJUqGU+lW8eFDx6hfx5rcx3XrQzQeBx3u/H7+XFyaMKm3b31ZtZXVtfaO+2dja3tnda+4fPKg4lZi4OGaxHIRIEUYFcTXVjAwSSRAPGemH0+vS7z8SqWgs7nWWEJ+jsaARxUgbKWi2ci+MoMeRnkie3xZFYDeCZtvu2DPAZeJUpA0q9ILmlzeKccqJ0JghpYaOnWg/R1JTzEjR8FJFEoSnaEyGhgrEifLzWfgCHhtlBKNYmic0nKm/N3LElcp4aCbLlGrRK8X/vGGqows/pyJJNRF4fihKGdQxLJuAIyoJ1iwzBGFJTVaIJ0girE1fZQnO4peXiXvauezYd2ft7lXVRh0cgiNwAhxwDrrgBvSACzDIwDN4BW/Wk/VivVsf89GaVe20wB9Ynz+GZZQ7</latexit><latexit sha1_base64="/hFssVJMJhvco6yDrvoQa6ltXdI=">AAAB+3icbVBPS8MwHE3nvzn/TXf0EhyCp9GKoN6GXrwIE6wbrKWkWbqFJWlJUqGU+lW8eFDx6hfx5rcx3XrQzQeBx3u/H7+XFyaMKm3b31ZtZXVtfaO+2dja3tnda+4fPKg4lZi4OGaxHIRIEUYFcTXVjAwSSRAPGemH0+vS7z8SqWgs7nWWEJ+jsaARxUgbKWi2ci+MoMeRnkie3xZFYDeCZtvu2DPAZeJUpA0q9ILmlzeKccqJ0JghpYaOnWg/R1JTzEjR8FJFEoSnaEyGhgrEifLzWfgCHhtlBKNYmic0nKm/N3LElcp4aCbLlGrRK8X/vGGqows/pyJJNRF4fihKGdQxLJuAIyoJ1iwzBGFJTVaIJ0girE1fZQnO4peXiXvauezYd2ft7lXVRh0cgiNwAhxwDrrgBvSACzDIwDN4BW/Wk/VivVsf89GaVe20wB9Ynz+GZZQ7</latexit><latexit sha1_base64="/hFssVJMJhvco6yDrvoQa6ltXdI=">AAAB+3icbVBPS8MwHE3nvzn/TXf0EhyCp9GKoN6GXrwIE6wbrKWkWbqFJWlJUqGU+lW8eFDx6hfx5rcx3XrQzQeBx3u/H7+XFyaMKm3b31ZtZXVtfaO+2dja3tnda+4fPKg4lZi4OGaxHIRIEUYFcTXVjAwSSRAPGemH0+vS7z8SqWgs7nWWEJ+jsaARxUgbKWi2ci+MoMeRnkie3xZFYDeCZtvu2DPAZeJUpA0q9ILmlzeKccqJ0JghpYaOnWg/R1JTzEjR8FJFEoSnaEyGhgrEifLzWfgCHhtlBKNYmic0nKm/N3LElcp4aCbLlGrRK8X/vGGqows/pyJJNRF4fihKGdQxLJuAIyoJ1iwzBGFJTVaIJ0girE1fZQnO4peXiXvauezYd2ft7lXVRh0cgiNwAhxwDrrgBvSACzDIwDN4BW/Wk/VivVsf89GaVe20wB9Ynz+GZZQ7</latexit>

GRNNs

action

cross-object
agent-object

�p̂ot
<latexit sha1_base64="fDCxxuB1yiba64eRs8cC9vxa20c=">AAAB/XicbVBNS8NAEN3Urxq/ouLJy2IRPJVUBPVW9OKxgrGFJobNZtMu3XywOxFKKPhXvHhQ8er/8Oa/cdPmoK0PBh7vzTAzL8gEV2Db30ZtaXllda2+bm5sbm3vWLt79yrNJWUOTUUqewFRTPCEOcBBsF4mGYkDwbrB6Lr0u49MKp4mdzDOmBeTQcIjTgloybcO3JAJINgdEiiyyUPqg2mavtWwm/YUeJG0KtJAFTq+9eWGKc1jlgAVRKl+y87AK4gETgWbmG6uWEboiAxYX9OExEx5xfT8CT7WSoijVOpKAE/V3xMFiZUax4HujAkM1bxXiv95/RyiC6/gSZYDS+hsUZQLDCkus8Ahl4yCGGtCqOT6VkyHRBIKOrEyhNb8y4vEOW1eNu3bs0b7qkqjjg7RETpBLXSO2ugGdZCDKCrQM3pFb8aT8WK8Gx+z1ppRzeyjPzA+fwBI8ZSV</latexit><latexit sha1_base64="fDCxxuB1yiba64eRs8cC9vxa20c=">AAAB/XicbVBNS8NAEN3Urxq/ouLJy2IRPJVUBPVW9OKxgrGFJobNZtMu3XywOxFKKPhXvHhQ8er/8Oa/cdPmoK0PBh7vzTAzL8gEV2Db30ZtaXllda2+bm5sbm3vWLt79yrNJWUOTUUqewFRTPCEOcBBsF4mGYkDwbrB6Lr0u49MKp4mdzDOmBeTQcIjTgloybcO3JAJINgdEiiyyUPqg2mavtWwm/YUeJG0KtJAFTq+9eWGKc1jlgAVRKl+y87AK4gETgWbmG6uWEboiAxYX9OExEx5xfT8CT7WSoijVOpKAE/V3xMFiZUax4HujAkM1bxXiv95/RyiC6/gSZYDS+hsUZQLDCkus8Ahl4yCGGtCqOT6VkyHRBIKOrEyhNb8y4vEOW1eNu3bs0b7qkqjjg7RETpBLXSO2ugGdZCDKCrQM3pFb8aT8WK8Gx+z1ppRzeyjPzA+fwBI8ZSV</latexit><latexit sha1_base64="fDCxxuB1yiba64eRs8cC9vxa20c=">AAAB/XicbVBNS8NAEN3Urxq/ouLJy2IRPJVUBPVW9OKxgrGFJobNZtMu3XywOxFKKPhXvHhQ8er/8Oa/cdPmoK0PBh7vzTAzL8gEV2Db30ZtaXllda2+bm5sbm3vWLt79yrNJWUOTUUqewFRTPCEOcBBsF4mGYkDwbrB6Lr0u49MKp4mdzDOmBeTQcIjTgloybcO3JAJINgdEiiyyUPqg2mavtWwm/YUeJG0KtJAFTq+9eWGKc1jlgAVRKl+y87AK4gETgWbmG6uWEboiAxYX9OExEx5xfT8CT7WSoijVOpKAE/V3xMFiZUax4HujAkM1bxXiv95/RyiC6/gSZYDS+hsUZQLDCkus8Ahl4yCGGtCqOT6VkyHRBIKOrEyhNb8y4vEOW1eNu3bs0b7qkqjjg7RETpBLXSO2ugGdZCDKCrQM3pFb8aT8WK8Gx+z1ppRzeyjPzA+fwBI8ZSV</latexit>

�r̂ot
<latexit sha1_base64="6cU2rbvusRjc/EdqAKHus2Gfn/Q=">AAAB/XicbVBNS8NAEN3Urxq/ouLJy2IRPJVUBPVW9OKxgrGFJobNZtMu3XywOxFKKPhXvHhQ8er/8Oa/cdPmoK0PBh7vzTAzL8gEV2Db30ZtaXllda2+bm5sbm3vWLt79yrNJWUOTUUqewFRTPCEOcBBsF4mGYkDwbrB6Lr0u49MKp4mdzDOmBeTQcIjTgloybcO3JAJINgdEijk5CH1wTRN32rYTXsKvEhaFWmgCh3f+nLDlOYxS4AKolS/ZWfgFUQCp4JNTDdXLCN0RAasr2lCYqa8Ynr+BB9rJcRRKnUlgKfq74mCxEqN40B3xgSGat4rxf+8fg7RhVfwJMuBJXS2KMoFhhSXWeCQS0ZBjDUhVHJ9K6ZDIgkFnVgZQmv+5UXinDYvm/btWaN9VaVRR4foCJ2gFjpHbXSDOshBFBXoGb2iN+PJeDHejY9Za82oZvbRHxifP0wHlJc=</latexit><latexit sha1_base64="6cU2rbvusRjc/EdqAKHus2Gfn/Q=">AAAB/XicbVBNS8NAEN3Urxq/ouLJy2IRPJVUBPVW9OKxgrGFJobNZtMu3XywOxFKKPhXvHhQ8er/8Oa/cdPmoK0PBh7vzTAzL8gEV2Db30ZtaXllda2+bm5sbm3vWLt79yrNJWUOTUUqewFRTPCEOcBBsF4mGYkDwbrB6Lr0u49MKp4mdzDOmBeTQcIjTgloybcO3JAJINgdEijk5CH1wTRN32rYTXsKvEhaFWmgCh3f+nLDlOYxS4AKolS/ZWfgFUQCp4JNTDdXLCN0RAasr2lCYqa8Ynr+BB9rJcRRKnUlgKfq74mCxEqN40B3xgSGat4rxf+8fg7RhVfwJMuBJXS2KMoFhhSXWeCQS0ZBjDUhVHJ9K6ZDIgkFnVgZQmv+5UXinDYvm/btWaN9VaVRR4foCJ2gFjpHbXSDOshBFBXoGb2iN+PJeDHejY9Za82oZvbRHxifP0wHlJc=</latexit><latexit sha1_base64="6cU2rbvusRjc/EdqAKHus2Gfn/Q=">AAAB/XicbVBNS8NAEN3Urxq/ouLJy2IRPJVUBPVW9OKxgrGFJobNZtMu3XywOxFKKPhXvHhQ8er/8Oa/cdPmoK0PBh7vzTAzL8gEV2Db30ZtaXllda2+bm5sbm3vWLt79yrNJWUOTUUqewFRTPCEOcBBsF4mGYkDwbrB6Lr0u49MKp4mdzDOmBeTQcIjTgloybcO3JAJINgdEijk5CH1wTRN32rYTXsKvEhaFWmgCh3f+nLDlOYxS4AKolS/ZWfgFUQCp4JNTDdXLCN0RAasr2lCYqa8Ynr+BB9rJcRRKnUlgKfq74mCxEqN40B3xgSGat4rxf+8fg7RhVfwJMuBJXS2KMoFhhSXWeCQS0ZBjDUhVHJ9K6ZDIgkFnVgZQmv+5UXinDYvm/btWaN9VaVRR4foCJ2gFjpHbXSDOshBFBXoGb2iN+PJeDHejY9Za82oZvbRHxifP0wHlJc=</latexit>

Graph 
Networks

action

M̄t+2
<latexit sha1_base64="KH43hOp7KNJbzUooY8Xsn0ycSRM=">AAACAXicbVBNS8NAEN34WeNX1JN4CRZBEEpSBPVW9OJFqGBsoQlhs920S3c3YXcjlBC8+Fe8eFDx6r/w5r9x0+agrQ8GHu/NMDMvSimRynG+jYXFpeWV1dqaub6xubVt7ezeyyQTCHsooYnoRlBiSjj2FFEUd1OBIYso7kSjq9LvPGAhScLv1DjFAYMDTmKCoNJSaO37ERS5z6AaCpbfFEWYq5NmYZpmaNWdhjOBPU/citRBhXZoffn9BGUMc4UolLLnOqkKcigUQRQXpp9JnEI0ggPc05RDhmWQT14o7COt9O04Ebq4sifq74kcMinHLNKd5a1y1ivF/7xepuLzICc8zRTmaLoozqitErvMw+4TgZGiY00gEkTfaqMhFBApnVoZgjv78jzxmo2LhnN7Wm9dVmnUwAE4BMfABWegBa5BG3gAgUfwDF7Bm/FkvBjvxse0dcGoZvbAHxifP5nslnE=</latexit><latexit sha1_base64="KH43hOp7KNJbzUooY8Xsn0ycSRM=">AAACAXicbVBNS8NAEN34WeNX1JN4CRZBEEpSBPVW9OJFqGBsoQlhs920S3c3YXcjlBC8+Fe8eFDx6r/w5r9x0+agrQ8GHu/NMDMvSimRynG+jYXFpeWV1dqaub6xubVt7ezeyyQTCHsooYnoRlBiSjj2FFEUd1OBIYso7kSjq9LvPGAhScLv1DjFAYMDTmKCoNJSaO37ERS5z6AaCpbfFEWYq5NmYZpmaNWdhjOBPU/citRBhXZoffn9BGUMc4UolLLnOqkKcigUQRQXpp9JnEI0ggPc05RDhmWQT14o7COt9O04Ebq4sifq74kcMinHLNKd5a1y1ivF/7xepuLzICc8zRTmaLoozqitErvMw+4TgZGiY00gEkTfaqMhFBApnVoZgjv78jzxmo2LhnN7Wm9dVmnUwAE4BMfABWegBa5BG3gAgUfwDF7Bm/FkvBjvxse0dcGoZvbAHxifP5nslnE=</latexit><latexit sha1_base64="KH43hOp7KNJbzUooY8Xsn0ycSRM=">AAACAXicbVBNS8NAEN34WeNX1JN4CRZBEEpSBPVW9OJFqGBsoQlhs920S3c3YXcjlBC8+Fe8eFDx6r/w5r9x0+agrQ8GHu/NMDMvSimRynG+jYXFpeWV1dqaub6xubVt7ezeyyQTCHsooYnoRlBiSjj2FFEUd1OBIYso7kSjq9LvPGAhScLv1DjFAYMDTmKCoNJSaO37ERS5z6AaCpbfFEWYq5NmYZpmaNWdhjOBPU/citRBhXZoffn9BGUMc4UolLLnOqkKcigUQRQXpp9JnEI0ggPc05RDhmWQT14o7COt9O04Ebq4sifq74kcMinHLNKd5a1y1ivF/7xepuLzICc8zRTmaLoozqitErvMw+4TgZGiY00gEkTfaqMhFBApnVoZgjv78jzxmo2LhnN7Wm9dVmnUwAE4BMfABWegBa5BG3gAgUfwDF7Bm/FkvBjvxse0dcGoZvbAHxifP5nslnE=</latexit>

Graph 
Networks

action

M̄t+1
<latexit sha1_base64="EvuELZ/Ddf4RSllF2Pko3KHJHTA=">AAACAXicbVBNS8NAEN3Urxq/op7ES7AIglASEdRb0YsXoYKxhSaEzXbTLt3dhN2NUELw4l/x4kHFq//Cm//GTZuDtj4YeLw3w8y8KKVEKsf5NmoLi0vLK/VVc219Y3PL2t65l0kmEPZQQhPRjaDElHDsKaIo7qYCQxZR3IlGV6XfecBCkoTfqXGKAwYHnMQEQaWl0NrzIyhyn0E1FCy/KYowV8duYZpmaDWcpjOBPU/cijRAhXZoffn9BGUMc4UolLLnOqkKcigUQRQXpp9JnEI0ggPc05RDhmWQT14o7EOt9O04Ebq4sifq74kcMinHLNKd5a1y1ivF/7xepuLzICc8zRTmaLoozqitErvMw+4TgZGiY00gEkTfaqMhFBApnVoZgjv78jzxTpoXTef2tNG6rNKog31wAI6AC85AC1yDNvAAAo/gGbyCN+PJeDHejY9pa82oZnbBHxifP5hllnA=</latexit><latexit sha1_base64="EvuELZ/Ddf4RSllF2Pko3KHJHTA=">AAACAXicbVBNS8NAEN3Urxq/op7ES7AIglASEdRb0YsXoYKxhSaEzXbTLt3dhN2NUELw4l/x4kHFq//Cm//GTZuDtj4YeLw3w8y8KKVEKsf5NmoLi0vLK/VVc219Y3PL2t65l0kmEPZQQhPRjaDElHDsKaIo7qYCQxZR3IlGV6XfecBCkoTfqXGKAwYHnMQEQaWl0NrzIyhyn0E1FCy/KYowV8duYZpmaDWcpjOBPU/cijRAhXZoffn9BGUMc4UolLLnOqkKcigUQRQXpp9JnEI0ggPc05RDhmWQT14o7EOt9O04Ebq4sifq74kcMinHLNKd5a1y1ivF/7xepuLzICc8zRTmaLoozqitErvMw+4TgZGiY00gEkTfaqMhFBApnVoZgjv78jzxTpoXTef2tNG6rNKog31wAI6AC85AC1yDNvAAAo/gGbyCN+PJeDHejY9pa82oZnbBHxifP5hllnA=</latexit><latexit sha1_base64="EvuELZ/Ddf4RSllF2Pko3KHJHTA=">AAACAXicbVBNS8NAEN3Urxq/op7ES7AIglASEdRb0YsXoYKxhSaEzXbTLt3dhN2NUELw4l/x4kHFq//Cm//GTZuDtj4YeLw3w8y8KKVEKsf5NmoLi0vLK/VVc219Y3PL2t65l0kmEPZQQhPRjaDElHDsKaIo7qYCQxZR3IlGV6XfecBCkoTfqXGKAwYHnMQEQaWl0NrzIyhyn0E1FCy/KYowV8duYZpmaDWcpjOBPU/cijRAhXZoffn9BGUMc4UolLLnOqkKcigUQRQXpp9JnEI0ggPc05RDhmWQT14o7EOt9O04Ebq4sifq74kcMinHLNKd5a1y1ivF/7xepuLzICc8zRTmaLoozqitErvMw+4TgZGiY00gEkTfaqMhFBApnVoZgjv78jzxTpoXTef2tNG6rNKog31wAI6AC85AC1yDNvAAAo/gGbyCN+PJeDHejY9pa82oZnbBHxifP5hllnA=</latexit>

p̂ot+1 = p̂ot + �p̂ot
<latexit sha1_base64="jpcCtKkOtZCESMVPUr/g3sZuyEw=">AAACHnicbZDLSsNAFIYnXmu9VV26GSyCUCiJiJeFUHTjsoKxhSYNk+mkHTrJhJkToYS+iRtfxY0LFcGVvo1JW7y0/jDwz3fOYeb8fiy4BtP8NObmFxaXlgsrxdW19Y3N0tb2rZaJosymUkjV9IlmgkfMBg6CNWPFSOgL1vD7l3m9cceU5jK6gUHM3JB0Ix5wSiBDXunY6RFI46GXQsUatiU+xz8kv1ew02ECyDeGtiwWvVLZrJoj4VljTUwZTVT3Su9OR9IkZBFQQbRuWWYMbkoUcCrYsOgkmsWE9kmXtTIbkZBpNx3tN8T7GengQKrsRIBH9PdESkKtB6GfdYYEenq6lsP/aq0EglM35VGcAIvo+KEgERgkzsPCHa4YBTHIDKGKZ3/FtEcUoZBFmodgTa88a+zD6lnVvD4q1y4maRTQLtpDB8hCJ6iGrlAd2Yiie/SIntGL8WA8Ga/G27h1zpjM7KA/Mj6+AKi8oks=</latexit><latexit sha1_base64="jpcCtKkOtZCESMVPUr/g3sZuyEw=">AAACHnicbZDLSsNAFIYnXmu9VV26GSyCUCiJiJeFUHTjsoKxhSYNk+mkHTrJhJkToYS+iRtfxY0LFcGVvo1JW7y0/jDwz3fOYeb8fiy4BtP8NObmFxaXlgsrxdW19Y3N0tb2rZaJosymUkjV9IlmgkfMBg6CNWPFSOgL1vD7l3m9cceU5jK6gUHM3JB0Ix5wSiBDXunY6RFI46GXQsUatiU+xz8kv1ew02ECyDeGtiwWvVLZrJoj4VljTUwZTVT3Su9OR9IkZBFQQbRuWWYMbkoUcCrYsOgkmsWE9kmXtTIbkZBpNx3tN8T7GengQKrsRIBH9PdESkKtB6GfdYYEenq6lsP/aq0EglM35VGcAIvo+KEgERgkzsPCHa4YBTHIDKGKZ3/FtEcUoZBFmodgTa88a+zD6lnVvD4q1y4maRTQLtpDB8hCJ6iGrlAd2Yiie/SIntGL8WA8Ga/G27h1zpjM7KA/Mj6+AKi8oks=</latexit><latexit sha1_base64="jpcCtKkOtZCESMVPUr/g3sZuyEw=">AAACHnicbZDLSsNAFIYnXmu9VV26GSyCUCiJiJeFUHTjsoKxhSYNk+mkHTrJhJkToYS+iRtfxY0LFcGVvo1JW7y0/jDwz3fOYeb8fiy4BtP8NObmFxaXlgsrxdW19Y3N0tb2rZaJosymUkjV9IlmgkfMBg6CNWPFSOgL1vD7l3m9cceU5jK6gUHM3JB0Ix5wSiBDXunY6RFI46GXQsUatiU+xz8kv1ew02ECyDeGtiwWvVLZrJoj4VljTUwZTVT3Su9OR9IkZBFQQbRuWWYMbkoUcCrYsOgkmsWE9kmXtTIbkZBpNx3tN8T7GengQKrsRIBH9PdESkKtB6GfdYYEenq6lsP/aq0EglM35VGcAIvo+KEgERgkzsPCHa4YBTHIDKGKZ3/FtEcUoZBFmodgTa88a+zD6lnVvD4q1y4maRTQLtpDB8hCJ6iGrlAd2Yiie/SIntGL8WA8Ga/G27h1zpjM7KA/Mj6+AKi8oks=</latexit>

r̂ot+1 = r̂ot + �r̂ot
<latexit sha1_base64="I3lXsUO+QpuosypRMlNZa/JqsZE=">AAACHnicbZDLSsNAFIYnXmu9VV26GSyCUCiJiJeFUHTjsoKxhSYNk+mkHTrJhJkToYS+iRtfxY0LFcGVvo1JW7y0/jDwz3fOYeb8fiy4BtP8NObmFxaXlgsrxdW19Y3N0tb2rZaJosymUkjV9IlmgkfMBg6CNWPFSOgL1vD7l3m9cceU5jK6gUHM3JB0Ix5wSiBDXunY6RFI1dBLoWIN2xKf4x+S3yvY6TAB5BtDWxaLXqlsVs2R8KyxJqaMJqp7pXenI2kSsgioIFq3LDMGNyUKOBVsWHQSzWJC+6TLWpmNSMi0m472G+L9jHRwIFV2IsAj+nsiJaHWg9DPOkMCPT1dy+F/tVYCwamb8ihOgEV0/FCQCAwS52HhDleMghhkhlDFs79i2iOKUMgizUOwpleeNfZh9axqXh+VaxeTNApoF+2hA2ShE1RDV6iObETRPXpEz+jFeDCejFfjbdw6Z0xmdtAfGR9fsniiUQ==</latexit><latexit sha1_base64="I3lXsUO+QpuosypRMlNZa/JqsZE=">AAACHnicbZDLSsNAFIYnXmu9VV26GSyCUCiJiJeFUHTjsoKxhSYNk+mkHTrJhJkToYS+iRtfxY0LFcGVvo1JW7y0/jDwz3fOYeb8fiy4BtP8NObmFxaXlgsrxdW19Y3N0tb2rZaJosymUkjV9IlmgkfMBg6CNWPFSOgL1vD7l3m9cceU5jK6gUHM3JB0Ix5wSiBDXunY6RFI1dBLoWIN2xKf4x+S3yvY6TAB5BtDWxaLXqlsVs2R8KyxJqaMJqp7pXenI2kSsgioIFq3LDMGNyUKOBVsWHQSzWJC+6TLWpmNSMi0m472G+L9jHRwIFV2IsAj+nsiJaHWg9DPOkMCPT1dy+F/tVYCwamb8ihOgEV0/FCQCAwS52HhDleMghhkhlDFs79i2iOKUMgizUOwpleeNfZh9axqXh+VaxeTNApoF+2hA2ShE1RDV6iObETRPXpEz+jFeDCejFfjbdw6Z0xmdtAfGR9fsniiUQ==</latexit><latexit sha1_base64="I3lXsUO+QpuosypRMlNZa/JqsZE=">AAACHnicbZDLSsNAFIYnXmu9VV26GSyCUCiJiJeFUHTjsoKxhSYNk+mkHTrJhJkToYS+iRtfxY0LFcGVvo1JW7y0/jDwz3fOYeb8fiy4BtP8NObmFxaXlgsrxdW19Y3N0tb2rZaJosymUkjV9IlmgkfMBg6CNWPFSOgL1vD7l3m9cceU5jK6gUHM3JB0Ix5wSiBDXunY6RFI1dBLoWIN2xKf4x+S3yvY6TAB5BtDWxaLXqlsVs2R8KyxJqaMJqp7pXenI2kSsgioIFq3LDMGNyUKOBVsWHQSzWJC+6TLWpmNSMi0m472G+L9jHRwIFV2IsAj+nsiJaHWg9DPOkMCPT1dy+F/tVYCwamb8ihOgEV0/FCQCAwS52HhDleMghhkhlDFs79i2iOKUMgizUOwpleeNfZh9axqXh+VaxeTNApoF+2hA2ShE1RDV6iObETRPXpEz+jFeDCejFfjbdw6Z0xmdtAfGR9fsniiUQ==</latexit>

Physics simulator 
in the 3D feature space



More diverse object dynamics
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GT Pred

56



Intuitive physics under varying viewpoint
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input view
input views
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More diverse object dynamics



Learning object 
dynamics in a latent 3D 

feature space



Comparison to models using 
different representations
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Graph Networks as Learnable Physics Engines for Inference and Control, Gonzalez et al.

Node features
• Observable/dynamic: 3D position, 4D quaternion orientation, linear and angular 

velocities 
• Unobservable/static: mass, inertia tensor
• Actions: forces applied on the joints

Robots as graphs

A physical system’s bodies and joints can be represented by a graph’s nodes and 
edges. 

Predictions: I predict only the dynamic features, their temporal difference. 
Train with regression.
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Node features
• Observable/dynamic: 3D position, 4D quaternion orientation, linear and angular 

velocities 
• Unobservable/static: mass, inertia tensor
• Actions: forces applied on the joints
• No visual input here, much easier.

Robots as graphs
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Model predictive control (MPC)
MPC to reach a target configuration



GNNs over particles



Represent objects as graphs of particles and scenes as graph of all the particles 
from all objects.  
• Q: Why? How are particle nodes different than object nodes? 
• A: They do not need to capture appearance information only particles 

displacement! Appearances of particles stays constant over time, while 
appearance of objects changes: the appearance of the water changes, but the 
appearance of each of its particles did not.  The shape of the object/material is 
captured simply by the particle graph (the location of its nodes).  



• Input: particle velocities of the last 5 time steps, output: particle acceleration. 
• Train for single step prediction. 
• Handle error accumulation during unrolling by injecting noise in particle velocities 

during training. 
• Q: how can we encode particle locations? 
• A:Edges encode relative distances between two particles, no absolute position, 

else the neural net would not be translation invariant 
• Multiple rounds of message passing: necessary to transmit the interaction across 

the graph. Each round has node and edge weights that are different.



Generalization


