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Games (via deep reinforcement learning)
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What is deep learning good at?

Image and language processing
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Many complex systems are structured
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The standard deep learning toolkit...

“My data is vectors”: “My data is grids”: “My data is sequences”:
Multi-layer perceptron (MLP) Convolutional neural network (CNN) Recurrent neural network (RNN)
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...I1s not well-suited to reasoning over structured representations.

But neural networks that operate on graphs are.



Background: Graph Neural Networks

General idea

* Analogous to a convolutional network, but over arbitrary graphs (rather than just grids)
 Learn to reason about entities and their relations

Key historical survey papers

o Scarselli et al. (2009) "The Graph Neural Network Model".
Summarizes the initial papers on the topic from ~2005-2009. Original innovation, general formalism.

 Lietal (2015) “Gated graph sequence neural networks”.
Simplified the formalism, trained via backprop, used RNNs for sharing update steps across time.

 Bronstein et al. (2016) “Geometric deep learning: going beyond Euclidean data”.
Survey of spectral and spatial approaches for deep learning on graphs.

 Gilmer et al. (2017) “Neural Message Passing for Quantum Chemistry”.

Introduced “message-passing neural network” (MPNNSs) formalism, unifying various approaches such as
graph convolutional networks.

 Battaglia et al. (2018). *Relational inductive biases, deep learning, and graph networks”.

Introduced the “graph network” (GN) formalism, extends MPNNSs, unifies non-local neural networks/self-
attention/Transformer.



http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.1015.7227&rep=rep1&type=pdf
http://Gated%20Graph%20Sequence%20Neural%20Networks
https://arxiv.org/abs/1611.08097
https://arxiv.org/abs/1704.01212
https://arxiv.org/abs/1806.01261

Graph Networks (GNs)

Why do we need another graph neural network variant?
 We designed GNs to be both expressive, and easy to implement

* A GN block is a “graph-to-graph” function approximator
 The output graph’s structure (humber of nodes and edge connectivity) matches the input graph’s
 The output graph-, node-, and edge-level attributes will be functions of the input graph’s

——————— = = S
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Graph Network k
k (a type of Graph Neural Network) :
Battaglia et al., 2018, arXiv !
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How does a GN block process a graph?

Edge block
For each edge, €r, Vs, ,Vy, , U,
are passed to an “edge-wise function”:

e;{; — ¢° (eka Vres Vs 11)

Node block
—/
For each node, €,,V;,U | are
passed to a “node-wise function”:
/ vV (=

Global block
Across the graph, €', v',u , are
passed to a “global function”;

u «— ¢%(€,v/,u)

Edge block Node block Global block




Composing GN blocks

The GN’s graph-to-graph interface promotes stacking GN blocks,
passing one GN’s output to another GN as input

Shared GN core Encode-process-decode Recurrent GN architecture

6 SN pevcy IR sy B

Ginp Gout anp Gt

Battaglia et al., 2018, arXiv



Message-Passing NN (eg. Interaction Net, GCN) Non-Local NN (eg. Transformer)
Gilmer et al. 2017 Vaswani et al. 2017; Wang et al. 2017

et — — . —
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Graph Network
(a type of Graph Neural Network) |

. f
Battaglia et al. 2018 | Edge block  Node block Global block

Edge block Node block Global block ’
|

Relation Network

Deep Sets ,
' Raposo et al. 2017; Santoro et al. 2017

Zhang et al. 2017

Edge block Node block Global block
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Edge block Node block Global block Edge block Node block Global block

Battaglia et al., 2018, arXiv



Interaction Network: Learning simulation as message-passing

n-body System
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Interaction Network: Learning simulation as message-passing

n-body System

Edge function
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« Compute “message” from
node and edge attributes
associated with an edge
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Interaction Network: Learning simulation as message-passing

n-body System

Edge function Message aggregation Node function
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« Compute “message” from "  Update node info from
node and edge attributes previous node state and
associated with an edge aggregated “messages”
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Interaction Network: Learning simulation as message-passing

n-body System

¢ Vi
C ﬁ/( k
N
Q..
Edge function Message aggregation Node function Trained to predict
B B body coordinates
e, < o°(ex, v, , Vs, ) e, Z e v, <+ ¢V(€e;, v;,u) )
« Compute “message” from e  Update node info from
node and edge attributes previous node state and
associated with an edge aggregated “messages”

Battaglia et al., 2016, NeurlPS



Physical systems as graphs
Balls

Nodes: bodies Nodes: balls Nodes: masses
Edges: gravitational forces Edges: rigid collisions between Edges: springs and rigid
balls, and walls collisions

Battaglia et al., 2016, NeurlPS



1000-step rollouts of true (top row) vs predicted (bottom row)

n-body Balls String

True

Model

B

Battaglia et al., 2016, NeurlPS



True

Model

Zero-shot generalisation to larger systems

n-body Balls

Battaglia et al., 2016, NeurlPS



Interaction Network: Predicting potential energy

n-body System
~

® “f\\,

Trained to predict system’s

Node aggregation and global function ootential energy
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e — PE.

 Rather than making node-wise
predictions, nhode updates can be
used to make global predictions.

n-body mass-spring

Battaglia et al., 2016, NeurlPS



Learning symbolic physics with graph networks

Minimize
Dimension

t

i

Single timestep

Nodes

Node Pairs

— — — » Messages (e;g)

Summed

Message

Node
Update

Updated
Nodes

Next timestep

< : E
E / e :
i € E ¢ (ek7 Vrkavsk) :
First MLP _ | _' > Convert to Symbolic Equation
€
(¢°) via Symbolic Regression
m j r 1]
2
Second MLP _ L] _
(¢°)
Backpropagation
to learn the
simulator

Cranmer et al., 2019, arXiv/NeurlPS 2019 workshop



Learning symbolic physics with graph networks

Experiments
e 2D and 3D n-body (1/r and 1/r2 force laws)

* Mass-spring system 0.1
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Hamiltonian ODE Graph Network
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Sanchez-Gonzalez et al., 2019, arXiv/NeurlPS 2019 workshop



Hamiltonian ODE Graph Network

Data Interaction Net
(@,P)n S0 4 (@, p)n AL TS
Oo— \ / |||:7%
GNy,

: |
Physics (Aq, Ap)n|:7||g [T

\/ ‘\O \/
(qa p)n—|—1 ?b (q7 p)n-|—1D:§EI

Sanchez-Gonzalez et al., 2019, arXiv/NeurlPS 2019 workshop
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Hamiltonian ODE Graph Network

Interaction Net
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Hamiltonian ODE Graph Network

Ground truth True Ham. Interaction Net HOGN

Sanchez-Gonzalez et al., 2019, arXiv/NeurlPS 2019 workshop




Hamiltonian ODE Graph Network

Performance Generalization to untrained time steps

Predictive accuracy Energy accuracy per Predictive accuracy vs test At
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« OGN and HOGN used RK4 integrator (we also tested lower order RK integrators)
 We also tested symplectic integrators, and found HOGN has better energy accuracy/conservation

Sanchez-Gonzalez et al., 2019, arXiv/NeurlPS 2019 workshop



Systems: "DeepMind Control Suite" (Mujoco) & real JACO

Random Control System Trajectories

—

/
!
Pendulum Cartpole Swimmerb

J

dITr:
JACO Arm

Walker2d JACO

DeepMind Control Suite (Tassa et al., 2018)



Kinematic tree of the actuated system as a graph

Controllable physical system as a graph:
 Bodies = Nodes
 Joints — Edges

* Global properties

Sanchez-Gonzalez et al., 2018, ICML



Forward model: supervised, 1-step training w/ random control inputs

Input graph (1) Next graph (t+1)

Chained 100-step predictions

Prediction Fixed Swimmerb

Expected Predicted
Sanchez-Gonzalez et al., 2018, ICML



Forward model: Multiple systems & zero-shot generalization

Prediction Fixed Multiple Systems (with Cheetah)

Single model trained: GELTIVIVG,)

 Pendulum, Cartpole, Acrobot,
Swimmer6 & Cheetah /

W

Expected Predicted

Prediction Fixed SwimmerN (zero—shot prediction)

L | (Swimmer7)
Zero-shot generalization: Swimmer

* #training links: {3, 4,5,6,-,8,9, -, -, ...}
 #testinglinks: {-, -, -, -, 7, -, -, 10-14}

Expected Predicted

Sanchez-Gonzalez et al., 2018, ICML



Forward model: Real JACO data

Recurrent GN G — e e
0 @

Prediction Fixed Real JACO

Expected Predicted
Sanchez-Gonzalez et al., 2018, ICML




Control: Model-based planning

The GN-based forward model is differentiable, so we can backpropagate through it to search for a
sequence of actions that maximize reward.

Control Fixed JACO
Imitate, full pose (1x)

Target pose Control trajectory

Sanchez-Gonzalez et al., 2018, ICML



Control: Multiple systems via a single model

Control Fixed Multiple Systems

!

Pendulum | Acrobot Cartpole
Balance (3x) Swing up (5x) Balance (3x)

(

Swimmer6 Cheetah
Move towards target (7x) Move forward (5x)

Sanchez-Gonzalez et al., 2018, ICML



Control: Zero-shot control

Control Fixed SwimmerN (zero—shot)
Move towards target (5x)

Swimmerd Swimmer4 SwimmerS Swimmerb Swimmer/ Swimmers8

(zero—shot) (zero—shot) (zero—shot) (zero—shot) (zero—shot)

Swimmer9 SwimmerilQ Swimmertl 1 Swimmer1l2 Swimmer1l3 Swimmer1l4

Sanchez-Gonzalez et al., 2018, ICML




Control: Multiple reward functions

Control Fixed Cheetah (k rewards)

Maximize target (3x)

Horizontal speed

Y

Squared vertical speed

T

Vertical position

&<

Squared angular speed

Control Fixed Walker2d (k rewards)
Maximize target (1x)

L L

Horizontal speed Vertical position

L

Inverse verticality Feet to head height

Sanchez-Gonzalez et al., 2018, ICML
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Structured agents for physical construction

Avoid touching obstacles

Pick up blocks and place them in the scene
(and optionally make them sticky)

Bapst et al., 2019, ICML



Initial

Final

Structured agents for physical construction

(a) Silhouette

r ™

| - —

r N
‘] —

\III---_J

+1 per target
-0.5 per sticky block

Bapst et al., 2019, ICML



Initial

Final

Structured agents for physical construction

\III---_

J
~N

(a) Silhouette (b) Connecting
4 N A

- J
4 )

-

e
-,

\III---_/\

+1 per target
-0.5 per sticky block

. — I
n R [ u—
=

III---_/

+1 per target
Free sticky blocks

Bapst et al.,

2019, ICML



Initial

Final

Structured agents for physical construction

| il

\III---_/

+1 per target
-0.5 per sticky block

\III---_/

+1 per target
Free sticky blocks

\III---_/

(a) Silhouette (b) Connecting (c) Covering
4 YA N A
\III---_/\III---_/\
4 N N
——  — -

Length covered
-2 per sticky block

Bapst et al., 2019, ICML



Initial

Final

Structured agents for physical construction

+1 per target
-0.5 per sticky block

+1 per target
Free sticky blocks

(a) Silhouette (b) Connecting (c) Covering (d) Covering Hard
4 Y4 ) Y4 )
\...---_/\...---_/\ \.-.---_/
4 N\ [ N\ 4 )

— g C— - ]
_ n n Lo

I | i n— —v— .I- I | ] —‘ _EJ

\...---_/\-..---_/\------_/\ [] y

Length covered
-2 per sticky block

Length covered
-0.5 per sticky block

Bapst et al., 2019, ICML



Graph net-based agent: model-free via DQN
Can be thought of as “graph building” agent

Observation (t)

4 Graph-based
Q-function

Argmax over )
edge Q-values

—

|

%

Action (1)

“Place block D
on block B,
on its top left”

Bapst et al., 2019, ICML



Graph net-based agent: model-based via MCTS
Can be thought of as “graph building” agent

Observation (t)

4 Graph-based
Q-function

Argmax over )
edge Q-values

\I

|

9%

A.
I
I
]

Action (1)

“Place block D
on block B,
on its top left”

Bapst et al., 2019, ICML



Results: “Silhouette” task

Absolute Actions Object-centric Actions
| T
B 2 o I
HE N I N HH N I N N S

Reward: +1 per target, -0.5 per sticky block

Bapst et al., 2019, ICML



Results: “Connecting” task

Absolute Actions Object-centric Actions
| S 1 1 | S [ =1
| [ [ | [ [
[ [ [ i [ [
L —— | e —— |
HE N R N HE N I N

Reward: +1 per target, free sticky blocks

Bapst et al., 2019, ICML



Results: “Covering” task

Absolute Actions Object-centric Actions
D [
L ] [ L [l
[ T [
eSS S——— e —— |
HE N I N HE N I N S

Reward: proportional to length covered, -2 per sticky block

Bapst et al., 2019, ICML



Results: “Covering hard” task

Absolute Actions Object-centric Actions
I | AN |
o i
| T .
HE N I N HE BN I N S

Reward: proportional to length covered, -0.5 per sticky block

Bapst et al., 2019, ICML



Results: “Covering hard” task
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For new extensions, see poster today at 2:40-3:30p at ¥
“Perception as Generative Reasoning” workshop
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Build Graph Nets in Tensorflow
github.com/deepmind/graph nets

# Provide your own functions to generate graph-structured data.
input_graphs = get_graphs()

# Create the graph network.

graph_net_module = gn.modules.GraphNetwork(
edge_model_fn=1lambda: snt.nets.MLP([32, 32]),
node_model fn=lambda: snt.nets.MLP([32, 32]),
global_model_fn=1lambda: snt.nets.MLP([32, 32]))

# Pass the 1input graphs to the graph network, and return the output graphs.
output_graphs = graph_net_module(input_graphs)

For GNN libraries in PyTorch, check out:

o pytorch_geometric: github.com/rustyls/pytorch geometric (for a GN analog, see MetalLayer)
 Deep Graph Library: github.com/dmlc/dgl



http://github.com/rusty1s/pytorch_geometric
http://github.com/dmlc/dgl
http://github.com/deepmind/graph_nets

Build Graph Nets in Tensorflow
github.com/deepmind/graph nets

Message-Passing NN (eg. Interaction Net)
Gilmer et al. 2017
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Non-Local NN (eg. Transformer)
Vaswani et al. 2017; Wang et al. 2017
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http://github.com/deepmind/graph_nets

Build Graph Nets in Tensorflow

github.com/deepmind/graph nets

IPython Notebook demos
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http://github.com/deepmind/graph_nets

Conclusions

* Graph neural networks: a first-class member of the deep learning toolkit.

* | earned message-passing on graphs supports simulation, as well as other
forms of structured control and decision-making.

 GNNSs’ rich internal structure offer uniqgue opportunities for interpretability.

e Build Graph Nets in Tensorflow: github.com/deepmind/graph nets.



http://github.com/deepmind/graph_nets
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