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Implicit structure: objects & relations as useful abstraction
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Explicitly graph-structured data
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Molecules

Social networks 
Citation networks 
Communication networks 
World Wide Web

Protein interaction 
networks

Road maps
Challenging for standard deep neural 
net architectures (CNNs / RNNs)

Knowledge graphs
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…

Talk overview
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Node 
classification Node 

embeddings

Link prediction

2) GNNs for unsupervised learning 
     with graph structured data

1) Graph neural networks (GNNs): 
     Introduction & model variants

3) Modeling implicit structure 
     with Neural Relational Inference 

5) Outlook & Conclusion
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Graph Neural Networks (GNNs)
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Main idea: Pass messages along edges of graph, agglomerate & transform

The bigger picture:
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Graph

Node features

Edge features

G = (V, E)
<latexit sha1_base64="EIBPXD7/Qr7GHO98ysfE6sorpkU=">AAACEXicbVDLSgMxFL1TX7W+Rl26CRahgpQZFXQjFETssoJ9QDuUTJq2oZkHSUYow/yCG3/FjQtF3Lpz59+YaQcfrQcC555zL7n3uCFnUlnWp5FbWFxaXsmvFtbWNza3zO2dhgwiQWidBDwQLRdLyplP64opTluhoNhzOW26o8vUb95RIVng36pxSB0PD3zWZwQrLXXNUsfDakgwj68TdIF+ykZyhL6Lq+SwaxatsjUBmid2RoqQodY1Pzq9gEQe9RXhWMq2bYXKibFQjHCaFDqRpCEmIzygbU197FHpxJOLEnSglR7qB0I/X6GJ+nsixp6UY8/VnemOctZLxf+8dqT6507M/DBS1CfTj/oRRypAaTyoxwQlio81wUQwvSsiQywwUTrEgg7Bnj15njSOy/ZJ2b45LVaqWRx52IN9KIENZ1CBKtSgDgTu4RGe4cV4MJ6MV+Nt2pozspld+APj/QtzC5zK</latexit>

hi 2 V
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h(i,j) 2 E
<latexit sha1_base64="rxc0E725VaekVcoyG8i5nO7VxWQ=">AAACC3icbVDLSsNAFJ3UV62vqEs3Q4tQQUqigi4LInRZwT6gCWUynbRjJ5MwMxFKyN6Nv+LGhSJu/QF3/o2TNAttPXDhcM693HuPFzEqlWV9G6WV1bX1jfJmZWt7Z3fP3D/oyjAWmHRwyELR95AkjHLSUVQx0o8EQYHHSM+bXmd+74EISUN+p2YRcQM05tSnGCktDc2qEyA18fxkkg6TOj29P0mhQznMZYxYcpMOzZrVsHLAZWIXpAYKtIfmlzMKcRwQrjBDUg5sK1JugoSimJG04sSSRAhP0ZgMNOUoINJN8l9SeKyVEfRDoYsrmKu/JxIUSDkLPN2ZnSgXvUz8zxvEyr9yE8qjWBGO54v8mEEVwiwYOKKCYMVmmiAsqL4V4gkSCCsdX0WHYC++vEy6Zw37vGHfXtSarSKOMjgCVVAHNrgETdACbdABGDyCZ/AK3own48V4Nz7mrSWjmDkEf2B8/gCSn5rD</latexit>
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CNNs (on grids) as message passing

(Animation by  
Vincent Dumoulin)

Single CNN layer  
with 3x3 filter:

Update for a single pixel: 
• Transform messages individually 

• Add everything up

hi 2 RF
<latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit><latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit><latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit><latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit>

are (hidden layer) activations of a pixel/node

Full update:

h0
4 = �(W0h0 +W1h1 + · · ·+W8h8)

<latexit sha1_base64="MANCJogOaIRRmqgIaG+AiU80KyM="></latexit>

…

h8
<latexit sha1_base64="I3SkDyfCwOC5zYjs3g1F0dJjhME=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQq2GVBEJcV7AOaUibTSTt0MgkzN0IJ/Q03LhRx68+482+ctFlo9cDA4Zx7uWdOkEhh0HW/nNLa+sbmVnm7srO7t39QPTzqmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2mN7nffeTaiFg94Czhg4iOlQgFo2gl348oToIwm8yHjWG15tbdBchf4hWkBgVaw+qnP4pZGnGFTFJj+p6b4CCjGgWTfF7xU8MTyqZ0zPuWKhpxM8gWmefkzCojEsbaPoVkof7cyGhkzCwK7GSe0ax6ufif108xbAwyoZIUuWLLQ2EqCcYkL4CMhOYM5cwSyrSwWQmbUE0Z2poqtgRv9ct/Seei7l3WvfurWvO2qKMMJ3AK5+DBNTThDlrQBgYJPMELvDqp8+y8Oe/L0ZJT7BzDLzgf3x68kb4=</latexit>
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Graph convolutional networks (GCNs)
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Consider this  
undirected graph:

Calculate update 
for node in red:

Kipf & Welling (ICLR 2017), based on work by Gori et al. (2005), Bruna et al. (ICLR 2015), Li et al. (ICLR 2016)

Desirable properties:
• Weight sharing over all locations 
• Linear complexity O(E) 
• Applicable in inductive settings 

(new nodes/edges)

Limitations:
• Does not consider pairwise interactions 
• No support for edge features

↵ij
<latexit sha1_base64="6XHexrLzFbibaa19l/eT1RtQs6c=">AAAB8nicbVBNS8NAEN34WetX1aOXxSJ4KokKeix46bGC/YA0lMl2067dbMLuRCihP8OLB0W8+mu8+W/ctjlo64OBx3szzMwLUykMuu63s7a+sbm1Xdop7+7tHxxWjo7bJsk04y2WyER3QzBcCsVbKFDybqo5xKHknXB8N/M7T1wbkagHnKQ8iGGoRCQYoJX8Hsh0BP1cPE77lapbc+egq8QrSJUUaPYrX71BwrKYK2QSjPE9N8UgB42CST4t9zLDU2BjGHLfUgUxN0E+P3lKz60yoFGibSmkc/X3RA6xMZM4tJ0x4MgsezPxP8/PMLoNcqHSDLlii0VRJikmdPY/HQjNGcqJJcC0sLdSNgINDG1KZRuCt/zyKmlf1ryrmnd/Xa03ijhK5JSckQvikRtSJw3SJC3CSEKeySt5c9B5cd6dj0XrmlPMnJA/cD5/AJ78kX0=</latexit>

Update 
rule:

: neighbor indices : norm. constant

h0
i = �

0

@W0hi +
X

j2Ni

↵ijW1hj

1

A

<latexit sha1_base64="wBcisFtwSpwYpt1To/nU4RwJSk8="></latexit>
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More expressive GNN variants
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Monti et al. (CVPR 2017), Schlichtkrull & Kipf et al. (arXiv 2017, ESWC 2018)

MoNet & Relational GCN for modeling relational data

h0
i = �

0

@
RX

r=1

X

j2Ni

↵r
ijWrhj

1

A

<latexit sha1_base64="v8sMw0xofnKTZxlG/fmuHF1AkgM="></latexit>

Vaswani et al. (NIPS 2017), Veličković et al. (ICLR 2018)

Figure from Vaswani et al. (NIPS 2017)

Self-attention and Graph Attention Networks

• Activation-dependent 

• Bi-linear scoring

↵r
ij =

exp(hT
i W

0
rhj)P

k2Ni
exp(hT

i W
0
rhk)

<latexit sha1_base64="74QR6ngxmHDPLamv2BlwIA91Hsk="></latexit>

↵r
ij

<latexit sha1_base64="ev1TVhLFd/FsLZ94RCe8R9ySzEw=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqoMeAlxwjmAcka+idzCZjZmfXmdlAWPIdXjwo4tWP8ebfOHkcNLGgoajqprsrSATXxnW/ndza+sbmVn67sLO7t39QPDxq6DhVlNVpLGLVClAzwSWrG24EayWKYRQI1gyGt1O/OWJK81jem3HC/Aj7koecorGS30GRDLCb8cfJg+oWS27ZnYGsEm9BSrBArVv86vRimkZMGipQ67bnJsbPUBlOBZsUOqlmCdIh9lnbUokR0342O3pCzqzSI2GsbElDZurviQwjrcdRYDsjNAO97E3F/7x2asIbP+MySQ2TdL4oTAUxMZkmQHpcMWrE2BKkittbCR2gQmpsTgUbgrf88ippXJS9y7J3d1WqVBdx5OEETuEcPLiGClShBnWg8ATP8Apvzsh5cd6dj3lrzlnMHMMfOJ8/LcKSYQ==</latexit>

Multi-head dot product attention:

↵r
ij

<latexit sha1_base64="ev1TVhLFd/FsLZ94RCe8R9ySzEw=">AAAB9HicbVDLSgNBEOyNrxhfUY9eBoPgKeyqoMeAlxwjmAcka+idzCZjZmfXmdlAWPIdXjwo4tWP8ebfOHkcNLGgoajqprsrSATXxnW/ndza+sbmVn67sLO7t39QPDxq6DhVlNVpLGLVClAzwSWrG24EayWKYRQI1gyGt1O/OWJK81jem3HC/Aj7koecorGS30GRDLCb8cfJg+oWS27ZnYGsEm9BSrBArVv86vRimkZMGipQ67bnJsbPUBlOBZsUOqlmCdIh9lnbUokR0342O3pCzqzSI2GsbElDZurviQwjrcdRYDsjNAO97E3F/7x2asIbP+MySQ2TdL4oTAUxMZkmQHpcMWrE2BKkittbCR2gQmpsTgUbgrf88ippXJS9y7J3d1WqVBdx5OEETuEcPLiGClShBnWg8ATP8Apvzsh5cd6dj3lrzlnMHMMfOJ8/LcKSYQ==</latexit>

based on:

• Edge type (Relational GCN) 

• Auxiliary features (MoNet), e.g. node degree
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GNNs with edge embeddings (Neural message passing)
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Battaglia et al. (NIPS 2016), Gilmer et al. (ICML 2017), Kipf et al. (ICML 2018)

Formally:

Pros:
• Support for edge features 
• Very flexible / expressive  

parameterization 
• Supports sparse ops

Cons:
• Need to store intermediate 

edge-based activations 
• In practice significantly slower  

than GCN / self-attention models

h(2,1)
<latexit sha1_base64="JbPfsZ08QakJzSyBiNwUl1shsQI=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUpSBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6TYbzkXDub+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBwxTk8s=</latexit>

h(3,1)
<latexit sha1_base64="Tytny60AvY3h+APwh6rmZ3nzdBE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUpiBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6V40nGbDub+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBw3bk8w=</latexit>

h(4,1)
<latexit sha1_base64="U1K1LerOqH9dR9O5IKlsZiflktg=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUqiBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6V40nMuGc9+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBw9jk80=</latexit>

h0
1

<latexit sha1_base64="1owKuKDrAkKegUkSvpsfx7eGMv8=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0VUkJBUwS4LgrisYB+QhDCZTtqhkwczE6GEfIMbf8WNC0XcunLn3zhJs9DqgQuHcx9z5vgJo0Ka5pdWW1peWV2rrzc2Nre2d/Tdvb6IU45JD8cs5kMfCcJoRHqSSkaGCSco9BkZ+NOroj+4J1zQOLqTs4S4IRpHNKAYSSV5+mnmlEdsPvbdzDTaZ6bRKip3QiQnfpBN8mMvs/Lc05umYZaAf4lVkSao0PX0T2cU4zQkkcQMCWFbZiLdDHFJMSN5w0kFSRCeojGxFY1QSISblW5yeKSUEQxiriqSsFR/bmQoFGIW+mqy8CkWe4X4X89OZdB2MxolqSQRnj8UpAzKGBb5wBHlBEs2UwRhTpVXiCeIIyxVig0VgrX45b+k3zKsc8O6vWh2rqs46uAAHIITYIFL0AE3oAt6AIMH8ARewKv2qD1rb9r7fLSmVTv74Be0j287sJyV</latexit>

h0
(i,j) = fe([hi,hj ])

<latexit sha1_base64="Iqkq9CTV/+BHWzoOu/8Ar+WE1BU=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VsoZREhboRCoK4rGAf0IYwmU7aaScPZiZCCfkUN/6KGxeK6E6/xkkbsLYeGDhzzr3ce48TMiqkYXxpuZXVtfWN/GZha3tnd0/fP2iJIOKYNHHAAt5xkCCM+qQpqWSkE3KCPIeRtjO+Tv32A+GCBv69nITE8tDApy7FSCrJ1ms9D8mh48bD5NSOS7QyKifwCro2KXV/LZtW4NxvZJVtvWhUjSngMjEzUgQZGrb+2esHOPKILzFDQnRNI5RWjLikmJGk0IsECREeowHpKuojjwgrnh6YwBOl9KEbcPV8CafqfEeMPCEmnqMq0y3FopeK/3ndSLqXVkz9MJLEx7NBbsSgDGCaFuxTTrBkE0UQ5lTtCvEQcYSlyrSgQjAXT14mrbOqeV417y6K9Zssjjw4AsegBExQA3VwCxqgCTB4BM/gFbxpT9qL9q59zEpzWtZzCP5A+/4BwIGivQ==</latexit>

h0
j = fv(

P
i2Nj

h0
(i,j))

<latexit sha1_base64="TEnWeaxt/mL/fLzC8Y1e4TI+x/0="></latexit>
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GNNs for (semi-)supervised learning on graphs
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… …

…

Input

Hidden layer Hidden layer

ReLU

Output

ReLU

Input: Feature matrix                        , graph adjacency matrix 

Node classification:
softmax(zn)
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e.g. Kipf & Welling (ICLR 2017)

Graph classification:

e.g. Duvenaud et al. (NIPS 2015)

softmax(
P

n zn)
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Link prediction:

p(Aij) = �(zTi zj)
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Kipf & Welling (NIPS BDL 2016) 
“Graph Auto-Encoders”
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<latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit><latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit><latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit><latexit sha1_base64="RyKjUsAYdoPR778UxEHBFktvejU=">AAACBHicbVDLSsNAFL3xWesr6rKbYBFclUQEXRYFcVnFPqCJYTKdtEMnkzAzEUrIwo2/4saFIm79CHf+jZM2C209MHDmnHu5954gYVQq2/42lpZXVtfWKxvVza3tnV1zb78j41Rg0sYxi0UvQJIwyklbUcVILxEERQEj3WB8WfjdByIkjfmdmiTEi9CQ05BipLTkmzU3QmoUhNko96lL+ewbZLf5/ZVv1u2GPYW1SJyS1KFEyze/3EGM04hwhRmSsu/YifIyJBTFjORVN5UkQXiMhqSvKUcRkV42PSK3jrQysMJY6MeVNVV/d2QoknISBbqy2FHOe4X4n9dPVXjuZZQnqSIczwaFKbNUbBWJWAMqCFZsognCgupdLTxCAmGlc6vqEJz5kxdJ56Th2A3n5rTevCjjqEANDuEYHDiDJlxDC9qA4RGe4RXejCfjxXg3PmalS0bZcwB/YHz+AHjHmJo=</latexit>

H
(1)

<latexit sha1_base64="iO6vkKVCfSmrhyZ7UnVXk0nQr0Q=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBHqpiQq6LIgSJcV7APaWCbTSTt0Mgkzk0IJ+RM3LhRx65+482+ctFlo64GBwzn3cs8cP+ZMacf5ttbWNza3tks75d29/YND++i4raJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cpf7nSmVikXiUc9i6oV4JFjACNZGGth2P8R67AdpI3tKq+5FNrArTs2ZA60StyAVKNAc2F/9YUSSkApNOFaq5zqx9lIsNSOcZuV+omiMyQSPaM9QgUOqvHSePEPnRhmiIJLmCY3m6u+NFIdKzULfTOY51bKXi/95vUQHt17KRJxoKsjiUJBwpCOU14CGTFKi+cwQTCQzWREZY4mJNmWVTQnu8pdXSfuy5l7V3IfrSv2+qKMEp3AGVXDhBurQgCa0gMAUnuEV3qzUerHerY/F6JpV7JzAH1ifP/Tkkzg=</latexit>

H
(2)

<latexit sha1_base64="PuMsNepPaV/LlB78xdoUn7BR6tY=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyWpgi4LgnRZwT6gjWUynbRDJ5MwMymU0D9x40IRt/6JO//GSZuFth4YOJxzL/fM8WPOlHacb6uwsbm1vVPcLe3tHxwe2ccnbRUlktAWiXgkuz5WlDNBW5ppTruxpDj0Oe34k7vM70ypVCwSj3oWUy/EI8ECRrA20sC2+yHWYz9IG/OntFK7nA/sslN1FkDrxM1JGXI0B/ZXfxiRJKRCE46V6rlOrL0US80Ip/NSP1E0xmSCR7RnqMAhVV66SD5HF0YZoiCS5gmNFurvjRSHSs1C30xmOdWql4n/eb1EB7deykScaCrI8lCQcKQjlNWAhkxSovnMEEwkM1kRGWOJiTZllUwJ7uqX10m7VnWvqu7Ddbl+n9dRhDM4hwq4cAN1aEATWkBgCs/wCm9War1Y79bHcrRg5Tun8AfW5w/2apM5</latexit>

H
(L)

<latexit sha1_base64="JdV3blbjtHKpNhTBZ2tm5l/CU9Q=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyVRQZcFQbpwUcE+oK1lMp20QyeTMDMplJA/ceNCEbf+iTv/xkmbhbYeGDiccy/3zPEizpR2nG+rsLa+sblV3C7t7O7tH9iHRy0VxpLQJgl5KDseVpQzQZuaaU47kaQ48Dhte5PbzG9PqVQsFI96FtF+gEeC+YxgbaSBbfcCrMeen9TTp6Ryf54O7LJTdeZAq8TNSRlyNAb2V28YkjigQhOOleq6TqT7CZaaEU7TUi9WNMJkgke0a6jAAVX9ZJ48RWdGGSI/lOYJjebq740EB0rNAs9MZjnVspeJ/3ndWPs3/YSJKNZUkMUhP+ZIhyirAQ2ZpETzmSGYSGayIjLGEhNtyiqZEtzlL6+S1kXVvay6D1fl2l1eRxFO4BQq4MI11KAODWgCgSk8wyu8WYn1Yr1bH4vRgpXvHMMfWJ8/HhWTUw==</latexit>



Unsupervised Learning with Graph Neural Networks Thomas Kipf

Unsupervised learning with GNNs

!11

Objective: Learn node embeddings for downstream tasks

Most approaches follow a contrastive learning approach:

Figure from: Daza & Kipf, A modular framework for unsupervised graph representation learning (work in progress)
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Unsupervised learning with GNNs

!12

Objective: Learn node embeddings for downstream tasks

Most approaches follow a contrastive learning approach:

• Sampling strategies  
(e.g. pos: neighbor; neg: random node) 

• Encoder variants  
(GCN, GAT, MLP, Lookup table) 

• Node representations  
(Geometry of latent space, distributional embeddings) 

• Score functions (Energy-based, inner / bilinear product, local vs. global) 

• Loss (Cross-entropy, hinge, square-exponential)

Figure from: Daza & Kipf, A modular framework for unsupervised graph representation learning (work in progress)
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Examples in literature

!13

Daza & Kipf, A modular framework for unsupervised graph representation learning (work in progress)

GAE: Graph Auto-Encoders, G2G: Graph2Gauss, DGI: Deep Graph Infomax
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(Early) take-aways for unsupervised learning

!14

• Graph-based encoders often improve performance 

• Neighbor-based scoring (GAE) effective for both link prediction & node classification 

• Local-global scoring (DGI) especially effective for node classification 

• Ideal node representation (distributional, hyperspherical, etc.) heavily data-dependent

Daza & Kipf, A modular framework for unsupervised graph representation learning (work in progress)
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ModGraph: PyTorch library — to be released soon

!15

https://dfdazac.github.io 

Developed by  
Daniel Daza

https://dfdazac.github.io
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Other GNN/GCN applications

!16

Recommender systems

Ying et al., (2018); vd Berg, Kipf & Welling (2017), Monti et al. (2017)

Visual question answering

Norcliffe-Brown et al.,  
Learning Conditioned Graph  
Structures for VQA, (NeurIPS 2018)

Knowledge base completion

Schlichtkrull & Kipf et al. (ESWC 2018)

(Figure from:  
Bronstein et al., 2016) 

Semi-supervised learning

Kipf & Welling, Semi-Supervised 
Classification with Graph Convolutional 
Networks (ICLR 2017) 

Garcia & Bruna, Few-Shot Learning 
with Graph Neural Networks 
(ICLR 2018)
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Modeling implicit / hidden structure  
with Neural Relational Inference

!17
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Motivation: Learning multi-object dynamics



Unsupervised Learning with Graph Neural Networks Thomas Kipf

Motivation: Learning multi-object dynamics

!19

• 5 particles + their trajectories  
• Concatenate feature vectors 
 

• Feed into neural net 
 

• Done? 

xt
1

<latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit><latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit><latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit><latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit>

xt
2

<latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit><latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit><latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit><latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit>

xt
3

<latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit><latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit><latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit><latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit>

xt
4

<latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit><latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit><latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit><latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit>

xt
5

<latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit><latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit><latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit><latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit>

xt
i

<latexit sha1_base64="Uxwybt/x5M0HOF1htXyVjOzOrNM=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB6OOgXHGr7hxklXg5qUCO+qD81R1GLAm5QiapMR3PjbGXUo2CST4rdRPDY8omdMQ7lioactNL56ln5MwqQxJE2j6FZK7+3khpaMw09O1kltIse5n4n9dJMLjupULFCXLFFoeCRBKMSFYBGQrNGcqpJZRpYbMSNqaaMrRFlWwJ3vKXV0nzouq5Ve/uslK7zOsowgmcwjl4cAU1uIU6NICBhmd4hTfn0Xlx3p2PxWjByXeO4Q+czx8N0JLQ</latexit><latexit sha1_base64="Uxwybt/x5M0HOF1htXyVjOzOrNM=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB6OOgXHGr7hxklXg5qUCO+qD81R1GLAm5QiapMR3PjbGXUo2CST4rdRPDY8omdMQ7lioactNL56ln5MwqQxJE2j6FZK7+3khpaMw09O1kltIse5n4n9dJMLjupULFCXLFFoeCRBKMSFYBGQrNGcqpJZRpYbMSNqaaMrRFlWwJ3vKXV0nzouq5Ve/uslK7zOsowgmcwjl4cAU1uIU6NICBhmd4hTfn0Xlx3p2PxWjByXeO4Q+czx8N0JLQ</latexit><latexit sha1_base64="Uxwybt/x5M0HOF1htXyVjOzOrNM=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB6OOgXHGr7hxklXg5qUCO+qD81R1GLAm5QiapMR3PjbGXUo2CST4rdRPDY8omdMQ7lioactNL56ln5MwqQxJE2j6FZK7+3khpaMw09O1kltIse5n4n9dJMLjupULFCXLFFoeCRBKMSFYBGQrNGcqpJZRpYbMSNqaaMrRFlWwJ3vKXV0nzouq5Ve/uslK7zOsowgmcwjl4cAU1uIU6NICBhmd4hTfn0Xlx3p2PxWjByXeO4Q+czx8N0JLQ</latexit><latexit sha1_base64="Uxwybt/x5M0HOF1htXyVjOzOrNM=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB6OOgXHGr7hxklXg5qUCO+qD81R1GLAm5QiapMR3PjbGXUo2CST4rdRPDY8omdMQ7lioactNL56ln5MwqQxJE2j6FZK7+3khpaMw09O1kltIse5n4n9dJMLjupULFCXLFFoeCRBKMSFYBGQrNGcqpJZRpYbMSNqaaMrRFlWwJ3vKXV0nzouq5Ve/uslK7zOsowgmcwjl4cAU1uIU6NICBhmd4hTfn0Xlx3p2PxWjByXeO4Q+czx8N0JLQ</latexit>

xt = [xt
1,x

t
2, ...,x

t
5]

<latexit sha1_base64="dGqPXi5ANYgglHEqL/z55Yr68XE=">AAACLXicbVDLSgMxFM3UV62vqks3wSK4kGGmVHQjFHThsoJ9QDstmTTThmYeJHfEMvSH3PgrIrioiFt/w0xbsA8PBM45915y73EjwRVY1tjIrK1vbG5lt3M7u3v7B/nDo5oKY0lZlYYilA2XKCZ4wKrAQbBGJBnxXcHq7uA2rdefmFQ8DB5hGDHHJ72Ae5wS0FYnf9fyCfRdL3ketQHf4Oaf7thtuMBzuphq0zQXzMs2OJ18wTKtCfAqsWekgGaodPLvrW5IY58FQAVRqmlbETgJkcCpYKNcK1YsInRAeqypaUB8ppxkcu0In2mni71Q6hcAnrjzEwnxlRr6ru5M11TLtdT8r9aMwbt2Eh5EMbCATj/yYoEhxGl0uMsloyCGmhAqud4V0z6RhIIOOKdDsJdPXiW1omlbpv1QKpRLsziy6ASdonNkoytURveogqqIohf0hsbo03g1Powv43vamjFmM8doAcbPL/WSp90=</latexit><latexit sha1_base64="dGqPXi5ANYgglHEqL/z55Yr68XE=">AAACLXicbVDLSgMxFM3UV62vqks3wSK4kGGmVHQjFHThsoJ9QDstmTTThmYeJHfEMvSH3PgrIrioiFt/w0xbsA8PBM45915y73EjwRVY1tjIrK1vbG5lt3M7u3v7B/nDo5oKY0lZlYYilA2XKCZ4wKrAQbBGJBnxXcHq7uA2rdefmFQ8DB5hGDHHJ72Ae5wS0FYnf9fyCfRdL3ketQHf4Oaf7thtuMBzuphq0zQXzMs2OJ18wTKtCfAqsWekgGaodPLvrW5IY58FQAVRqmlbETgJkcCpYKNcK1YsInRAeqypaUB8ppxkcu0In2mni71Q6hcAnrjzEwnxlRr6ru5M11TLtdT8r9aMwbt2Eh5EMbCATj/yYoEhxGl0uMsloyCGmhAqud4V0z6RhIIOOKdDsJdPXiW1omlbpv1QKpRLsziy6ASdonNkoytURveogqqIohf0hsbo03g1Powv43vamjFmM8doAcbPL/WSp90=</latexit><latexit sha1_base64="dGqPXi5ANYgglHEqL/z55Yr68XE=">AAACLXicbVDLSgMxFM3UV62vqks3wSK4kGGmVHQjFHThsoJ9QDstmTTThmYeJHfEMvSH3PgrIrioiFt/w0xbsA8PBM45915y73EjwRVY1tjIrK1vbG5lt3M7u3v7B/nDo5oKY0lZlYYilA2XKCZ4wKrAQbBGJBnxXcHq7uA2rdefmFQ8DB5hGDHHJ72Ae5wS0FYnf9fyCfRdL3ketQHf4Oaf7thtuMBzuphq0zQXzMs2OJ18wTKtCfAqsWekgGaodPLvrW5IY58FQAVRqmlbETgJkcCpYKNcK1YsInRAeqypaUB8ppxkcu0In2mni71Q6hcAnrjzEwnxlRr6ru5M11TLtdT8r9aMwbt2Eh5EMbCATj/yYoEhxGl0uMsloyCGmhAqud4V0z6RhIIOOKdDsJdPXiW1omlbpv1QKpRLsziy6ASdonNkoytURveogqqIohf0hsbo03g1Powv43vamjFmM8doAcbPL/WSp90=</latexit><latexit sha1_base64="dGqPXi5ANYgglHEqL/z55Yr68XE=">AAACLXicbVDLSgMxFM3UV62vqks3wSK4kGGmVHQjFHThsoJ9QDstmTTThmYeJHfEMvSH3PgrIrioiFt/w0xbsA8PBM45915y73EjwRVY1tjIrK1vbG5lt3M7u3v7B/nDo5oKY0lZlYYilA2XKCZ4wKrAQbBGJBnxXcHq7uA2rdefmFQ8DB5hGDHHJ72Ae5wS0FYnf9fyCfRdL3ketQHf4Oaf7thtuMBzuphq0zQXzMs2OJ18wTKtCfAqsWekgGaodPLvrW5IY58FQAVRqmlbETgJkcCpYKNcK1YsInRAeqypaUB8ppxkcu0In2mni71Q6hcAnrjzEwnxlRr6ru5M11TLtdT8r9aMwbt2Eh5EMbCATj/yYoEhxGl0uMsloyCGmhAqud4V0z6RhIIOOKdDsJdPXiW1omlbpv1QKpRLsziy6ASdonNkoytURveogqqIohf0hsbo03g1Powv43vamjFmM8doAcbPL/WSp90=</latexit>

xt+1 = MLP(xt)
<latexit sha1_base64="GUQaSLFrWkLRP+flI4J0lNCa+OI=">AAACFnicbVDLSgNBEJyNrxhfqx69DAYhIoZdCehFCHjxoBDBPCCJYXYymwyZfTDTK4Zlv8KLv+LFgyJexZt/4+wmhxgtaCiquunuckLBFVjWt5FbWFxaXsmvFtbWNza3zO2dhgoiSVmdBiKQLYcoJrjP6sBBsFYoGfEcwZrO6CL1m/dMKh74tzAOWdcjA5+7nBLQUs887ngEho4bPyR3MRzZCT7HmSS9+PqqlpRmfDjsmUWrbGXAf4k9JUU0Ra1nfnX6AY085gMVRKm2bYXQjYkETgVLCp1IsZDQERmwtqY+8ZjqxtlbCT7QSh+7gdTlA87U2YmYeEqNPUd3pkeqeS8V//PaEbhn3Zj7YQTMp5NFbiQwBDjNCPe5ZBTEWBNCJde3YjokklDQSRZ0CPb8y39J46RsW2X7plKsVqZx5NEe2kclZKNTVEWXqIbqiKJH9Ixe0ZvxZLwY78bHpDVnTGd20S8Ynz9Pk59n</latexit><latexit sha1_base64="GUQaSLFrWkLRP+flI4J0lNCa+OI=">AAACFnicbVDLSgNBEJyNrxhfqx69DAYhIoZdCehFCHjxoBDBPCCJYXYymwyZfTDTK4Zlv8KLv+LFgyJexZt/4+wmhxgtaCiquunuckLBFVjWt5FbWFxaXsmvFtbWNza3zO2dhgoiSVmdBiKQLYcoJrjP6sBBsFYoGfEcwZrO6CL1m/dMKh74tzAOWdcjA5+7nBLQUs887ngEho4bPyR3MRzZCT7HmSS9+PqqlpRmfDjsmUWrbGXAf4k9JUU0Ra1nfnX6AY085gMVRKm2bYXQjYkETgVLCp1IsZDQERmwtqY+8ZjqxtlbCT7QSh+7gdTlA87U2YmYeEqNPUd3pkeqeS8V//PaEbhn3Zj7YQTMp5NFbiQwBDjNCPe5ZBTEWBNCJde3YjokklDQSRZ0CPb8y39J46RsW2X7plKsVqZx5NEe2kclZKNTVEWXqIbqiKJH9Ixe0ZvxZLwY78bHpDVnTGd20S8Ynz9Pk59n</latexit><latexit sha1_base64="GUQaSLFrWkLRP+flI4J0lNCa+OI=">AAACFnicbVDLSgNBEJyNrxhfqx69DAYhIoZdCehFCHjxoBDBPCCJYXYymwyZfTDTK4Zlv8KLv+LFgyJexZt/4+wmhxgtaCiquunuckLBFVjWt5FbWFxaXsmvFtbWNza3zO2dhgoiSVmdBiKQLYcoJrjP6sBBsFYoGfEcwZrO6CL1m/dMKh74tzAOWdcjA5+7nBLQUs887ngEho4bPyR3MRzZCT7HmSS9+PqqlpRmfDjsmUWrbGXAf4k9JUU0Ra1nfnX6AY085gMVRKm2bYXQjYkETgVLCp1IsZDQERmwtqY+8ZjqxtlbCT7QSh+7gdTlA87U2YmYeEqNPUd3pkeqeS8V//PaEbhn3Zj7YQTMp5NFbiQwBDjNCPe5ZBTEWBNCJde3YjokklDQSRZ0CPb8y39J46RsW2X7plKsVqZx5NEe2kclZKNTVEWXqIbqiKJH9Ixe0ZvxZLwY78bHpDVnTGd20S8Ynz9Pk59n</latexit><latexit sha1_base64="GUQaSLFrWkLRP+flI4J0lNCa+OI=">AAACFnicbVDLSgNBEJyNrxhfqx69DAYhIoZdCehFCHjxoBDBPCCJYXYymwyZfTDTK4Zlv8KLv+LFgyJexZt/4+wmhxgtaCiquunuckLBFVjWt5FbWFxaXsmvFtbWNza3zO2dhgoiSVmdBiKQLYcoJrjP6sBBsFYoGfEcwZrO6CL1m/dMKh74tzAOWdcjA5+7nBLQUs887ngEho4bPyR3MRzZCT7HmSS9+PqqlpRmfDjsmUWrbGXAf4k9JUU0Ra1nfnX6AY085gMVRKm2bYXQjYkETgVLCp1IsZDQERmwtqY+8ZjqxtlbCT7QSh+7gdTlA87U2YmYeEqNPUd3pkeqeS8V//PaEbhn3Zj7YQTMp5NFbiQwBDjNCPe5ZBTEWBNCJde3YjokklDQSRZ0CPb8y39J46RsW2X7plKsVqZx5NEe2kclZKNTVEWXqIbqiKJH9Ixe0ZvxZLwY78bHpDVnTGd20S8Ynz9Pk59n</latexit>

 (or RNN)

Need to model interactions and their effect on dynamics



Unsupervised Learning with Graph Neural Networks Thomas Kipf

Motivation: Learning multi-object dynamics
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xt
1

<latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit><latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit><latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit><latexit sha1_base64="yKWkotx3mGqgxJf0eYBnjinUefk=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuCG5cV7AP6IpNm2tBMZkjuqGXof7hxoYhb/8Wdf2OmnYW2HggczrmXe3L8WAqDrvvtFNbWNza3itulnd29/YPy4VHTRIlmvMEiGem2Tw2XQvEGCpS8HWtOQ1/ylj+5yfzWA9dGROoepzHvhXSkRCAYRSv1uyHFsR+kT7OB18dBueJW3TnIKvFyUoEc9UH5qzuMWBJyhUxSYzqeG2MvpRoFk3xW6iaGx5RN6Ih3LFU05KaXzlPPyJlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtkSvOUvr5LmRdVzq97dZaV2mddRhBM4hXPw4ApqcAt1aAADDc/wCm/Oo/PivDsfi9GCk+8cwx84nz+4cZKY</latexit>

xt
2

<latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit><latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit><latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit><latexit sha1_base64="YoPMuZUcWO9eGjtKjJYt9MsQZSY=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgB4DXjxGMA9INmF2MpsMmX0w06uGJf/hxYMiXv0Xb/6Ns8keNLFgoKjqpmvKi6XQaNvfVmFjc2t7p7hb2ts/ODwqH5+0dZQoxlsskpHqelRzKULeQoGSd2PFaeBJ3vGmN5nfeeBKiyi8x1nM3YCOQ+ELRtFIg35AceL56dN8WBvgsFyxq/YCZJ04OalAjuaw/NUfRSwJeIhMUq17jh2jm1KFgkk+L/UTzWPKpnTMe4aGNODaTRep5+TCKCPiR8q8EMlC/b2R0kDrWeCZySylXvUy8T+vl6B/7aYijBPkIVse8hNJMCJZBWQkFGcoZ4ZQpoTJStiEKsrQFFUyJTirX14n7VrVsavOXb3SqOd1FOEMzuESHLiCBtxCE1rAQMEzvMKb9Wi9WO/Wx3K0YOU7p/AH1ucPufeSmQ==</latexit>

xt
3

<latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit><latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit><latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit><latexit sha1_base64="nP+1G+L3VdUpJd5mn4mgzBcluxM=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIt6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/ALt9kpo=</latexit>

xt
4

<latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit><latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit><latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit><latexit sha1_base64="balvQZwbjBOSnvE7BuIPDKyemyA=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkp6LLgxmUF+4C+yKSZNjSTGZI7ahn6H25cKOLWf3Hn35hpZ6GtBwKHc+7lnhw/lsKg6347a+sbm1vbhZ3i7t7+wWHp6LhpokQz3mCRjHTbp4ZLoXgDBUrejjWnoS95y5/cZH7rgWsjInWP05j3QjpSIhCMopX63ZDi2A/Sp9mg2sdBqexW3DnIKvFyUoYc9UHpqzuMWBJyhUxSYzqeG2MvpRoFk3xW7CaGx5RN6Ih3LFU05KaXzlPPyLlVhiSItH0KyVz9vZHS0Jhp6NvJLKVZ9jLxP6+TYHDdS4WKE+SKLQ4FiSQYkawCMhSaM5RTSyjTwmYlbEw1ZWiLKtoSvOUvr5LmZcVzK95dtVyr5nUU4BTO4AI8uIIa3EIdGsBAwzO8wpvz6Lw4787HYnTNyXdO4A+czx+9A5Kb</latexit>

xt
5

<latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit><latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit><latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit><latexit sha1_base64="vbviRYEG/Pzkqyz4Dn62kMPOZ9s=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRKp6LLgxmUF+4A2LZPppB06mYSZG7WE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOHwuu0XG+rcLa+sbmVnG7tLO7t39QPjxq6ShRlDVpJCLV8YlmgkvWRI6CdWLFSOgL1vYnN5nffmBK80je4zRmXkhGkgecEjRSvxcSHPtB+jQbXPZxUK44VWcOe5W4OalAjsag/NUbRjQJmUQqiNZd14nRS4lCTgWblXqJZjGhEzJiXUMlCZn20nnqmX1mlKEdRMo8ifZc/b2RklDraeibySylXvYy8T+vm2Bw7aVcxgkySReHgkTYGNlZBfaQK0ZRTA0hVHGT1aZjoghFU1TJlOAuf3mVtC6qrlN172qVei2vowgncArn4MIV1OEWGtAECgqe4RXerEfrxXq3PhajBSvfOYY/sD5/AL6Jkpw=</latexit>

Problems: 

• Arbitrary ordering of nodes 

➡ Need permutation invariance 

• Model doesn’t know about structure of 
interactions 

➡ Often, interactions are pairwise

Graph Neural Networks (GNNs) are an ideal candidate.
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GNNs for interacting systems
Using GNNs, we can learn to model physical dynamics 
of interacting systems with very high precision 
if we know about the underlying structure of the 
interactions and their types (should there be different types)

Figure from Battaglia et al. (NIPS 2016)

But what if we don’t  
know the interactions?
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Our work (ICML 2018): 

1. Learn dynamics of interacting system 
without knowing structure of interactions


2. Infer latent interaction graph (plus edge 
types) using a variational auto-encoder


3. Applications for interacting systems, 
motion capture data and multi-agent 
systems
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Neural Relational Inference with Graph Neural Networks

!23

GNN GNN

Observe dynamics

x = (x1, . . . ,xT )
<latexit sha1_base64="NggO8Y18QGmp8IwqSUTFdToanSI=">AAACGnicbVBdS8MwFE39nPOr6qMvwSFMkNGqoC/CQBAfJ+wL1jrSNN3C0qYkqTjKfocv/hVffFDEN/HFf2O6FaabB0JOzrmX3Hu8mFGpLOvbWFhcWl5ZLawV1zc2t7bNnd2m5InApIE546LtIUkYjUhDUcVIOxYEhR4jLW9wlfmteyIk5VFdDWPihqgX0YBipLTUNW0nRKrvBenDCF7C8vR1Zx9Dh/lcSX1P1fpR1yxZFWsMOE/snJRAjlrX/HR8jpOQRAozJGXHtmLlpkgoihkZFZ1EkhjhAeqRjqYRCol00/FqI3ioFR8GXOgTKThWf3ekKJRyGHq6MhtSznqZ+J/XSVRw4aY0ihNFIjz5KEgYVBxmOUGfCoIVG2qCsKB6Voj7SCCsdJpFHYI9u/I8aZ5U7NOKfXtWql7ncRTAPjgAZWCDc1AFN6AGGgCDR/AMXsGb8WS8GO/Gx6R0wch79sAfGF8/br+gfw==</latexit>

* or predict future dynamics; technically, we have to condition decoder on at least one time step of x

*Reconstruct dynamics

p✓(x|z)
<latexit sha1_base64="0UApSnCNRUL96Lc64oZGRumn6KE=">AAACCHicbZDLSsNAFIYnXmu9RV26MFiEuimJCrosCOKygr1AE8JkOmmHTi7MnIg1ZunGV3HjQhG3PoI738ZJG0Fbfxj4+M85zDm/F3MmwTS/tLn5hcWl5dJKeXVtfWNT39puySgRhDZJxCPR8bCknIW0CQw47cSC4sDjtO0Nz/N6+4YKyaLwGkYxdQLcD5nPCAZlufpe7NowoICrdoBh4PnpbXb/g3fZoatXzJo5ljELVgEVVKjh6p92LyJJQEMgHEvZtcwYnBQLYITTrGwnksaYDHGfdhWGOKDSSceHZMaBcnqGHwn1QjDG7u+JFAdSjgJPdeYryulabv5X6ybgnzkpC+MEaEgmH/kJNyAy8lSMHhOUAB8pwEQwtatBBlhgAiq7sgrBmj55FlpHNeu4Zl2dVOoXRRwltIv2URVZ6BTV0SVqoCYi6AE9oRf0qj1qz9qb9j5pndOKmR30R9rHN8JrmnQ=</latexit>

Interaction graph proposal
z ⇠ q�(z|x)

<latexit sha1_base64="UWHrFo227HFB5BSPPpk6KY5x5zw=">AAACFnicbZDLSsNAFIYnXmu9RV26GSxCXVgSFXRZEMRlBXuBJpTJdNIOnUnizESsMU/hxldx40IRt+LOt3HSRtTWHwY+/nMOc87vRYxKZVmfxszs3PzCYmGpuLyyurZubmw2ZBgLTOo4ZKFoeUgSRgNSV1Qx0ooEQdxjpOkNTrN685oIScPgUg0j4nLUC6hPMVLa6pj7Dkeq7/nJbQodSTm86jhRn5Z/7LtvvEn3OmbJqlgjwWmwcyiBXLWO+eF0QxxzEijMkJRt24qUmyChKGYkLTqxJBHCA9QjbY0B4kS6yeisFO5qpwv9UOgXKDhyf08kiEs55J7uzFaUk7XM/K/WjpV/4iY0iGJFAjz+yI8ZVCHMMoJdKghWbKgBYUH1rhD3kUBY6SSLOgR78uRpaBxU7MOKfXFUqp7lcRTANtgBZWCDY1AF56AG6gCDe/AInsGL8WA8Ga/G27h1xshntsAfGe9fpkWgUQ==</latexit>

zij
<latexit sha1_base64="W26BVT/lw/ItCGXr7wq7vV52Xdk=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyVRQZcFQVxWsA9oQ5lMJ+3YySTMTIQ25EvcuFDErZ/izr9x0mahrQcGDufcyz1z/JgzpR3n2yqtrW9sbpW3Kzu7e/tV++CwraJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cpP7nScqFYvEg57G1AvxSLCAEayNNLCr/RDrsR+ks2yQssdsYNecujMHWiVuQWpQoDmwv/rDiCQhFZpwrFTPdWLtpVhqRjjNKv1E0RiTCR7RnqECh1R56Tx4hk6NMkRBJM0TGs3V3xspDpWahr6ZzGOqZS8X//N6iQ6uvZSJONFUkMWhIOFIRyhvAQ2ZpETzqSGYSGayIjLGEhNtuqqYEtzlL6+S9nndvai795e1xm1RRxmO4QTOwIUraMAdNKEFBBJ4hld4s2bWi/VufSxGS1axcwR/YH3+AJRmk7I=</latexit>

VAE Objective (ELBO)
Reconstruction Regularization
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Encoder in detail

!24

Graph Neural Net on full graph: GNN

Observe dynamics

x = (x1, . . . ,xT )
<latexit sha1_base64="NggO8Y18QGmp8IwqSUTFdToanSI=">AAACGnicbVBdS8MwFE39nPOr6qMvwSFMkNGqoC/CQBAfJ+wL1jrSNN3C0qYkqTjKfocv/hVffFDEN/HFf2O6FaabB0JOzrmX3Hu8mFGpLOvbWFhcWl5ZLawV1zc2t7bNnd2m5InApIE546LtIUkYjUhDUcVIOxYEhR4jLW9wlfmteyIk5VFdDWPihqgX0YBipLTUNW0nRKrvBenDCF7C8vR1Zx9Dh/lcSX1P1fpR1yxZFWsMOE/snJRAjlrX/HR8jpOQRAozJGXHtmLlpkgoihkZFZ1EkhjhAeqRjqYRCol00/FqI3ioFR8GXOgTKThWf3ekKJRyGHq6MhtSznqZ+J/XSVRw4aY0ihNFIjz5KEgYVBxmOUGfCoIVG2qCsKB6Voj7SCCsdJpFHYI9u/I8aZ5U7NOKfXtWql7ncRTAPjgAZWCDc1AFN6AGGgCDR/AMXsGb8WS8GO/Gx6R0wch79sAfGF8/br+gfw==</latexit>

Interaction graph proposal
z ⇠ q�(z|x)

<latexit sha1_base64="UWHrFo227HFB5BSPPpk6KY5x5zw=">AAACFnicbZDLSsNAFIYnXmu9RV26GSxCXVgSFXRZEMRlBXuBJpTJdNIOnUnizESsMU/hxldx40IRt+LOt3HSRtTWHwY+/nMOc87vRYxKZVmfxszs3PzCYmGpuLyyurZubmw2ZBgLTOo4ZKFoeUgSRgNSV1Qx0ooEQdxjpOkNTrN685oIScPgUg0j4nLUC6hPMVLa6pj7Dkeq7/nJbQodSTm86jhRn5Z/7LtvvEn3OmbJqlgjwWmwcyiBXLWO+eF0QxxzEijMkJRt24qUmyChKGYkLTqxJBHCA9QjbY0B4kS6yeisFO5qpwv9UOgXKDhyf08kiEs55J7uzFaUk7XM/K/WjpV/4iY0iGJFAjz+yI8ZVCHMMoJdKghWbKgBYUH1rhD3kUBY6SSLOgR78uRpaBxU7MOKfXFUqp7lcRTANtgBZWCDY1AF56AG6gCDe/AInsGL8WA8Ga/G27h1xshntsAfGe9fpkWgUQ==</latexit>

zij
<latexit sha1_base64="W26BVT/lw/ItCGXr7wq7vV52Xdk=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyVRQZcFQVxWsA9oQ5lMJ+3YySTMTIQ25EvcuFDErZ/izr9x0mahrQcGDufcyz1z/JgzpR3n2yqtrW9sbpW3Kzu7e/tV++CwraJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cpP7nScqFYvEg57G1AvxSLCAEayNNLCr/RDrsR+ks2yQssdsYNecujMHWiVuQWpQoDmwv/rDiCQhFZpwrFTPdWLtpVhqRjjNKv1E0RiTCR7RnqECh1R56Tx4hk6NMkRBJM0TGs3V3xspDpWahr6ZzGOqZS8X//N6iQ6uvZSJONFUkMWhIOFIRyhvAQ2ZpETzqSGYSGayIjLGEhNtuqqYEtzlL6+S9nndvai795e1xm1RRxmO4QTOwIUraMAdNKEFBBJ4hld4s2bWi/VufSxGS1axcwR/YH3+AJRmk7I=</latexit>

h(2,1)
<latexit sha1_base64="JbPfsZ08QakJzSyBiNwUl1shsQI=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUpSBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6TYbzkXDub+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBwxTk8s=</latexit>

h(3,1)
<latexit sha1_base64="Tytny60AvY3h+APwh6rmZ3nzdBE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUpiBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6V40nGbDub+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBw3bk8w=</latexit>

h(4,1)
<latexit sha1_base64="U1K1LerOqH9dR9O5IKlsZiflktg=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUqiBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6V40nMuGc9+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBw9jk80=</latexit>

h0
1

<latexit sha1_base64="1owKuKDrAkKegUkSvpsfx7eGMv8=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0VUkJBUwS4LgrisYB+QhDCZTtqhkwczE6GEfIMbf8WNC0XcunLn3zhJs9DqgQuHcx9z5vgJo0Ka5pdWW1peWV2rrzc2Nre2d/Tdvb6IU45JD8cs5kMfCcJoRHqSSkaGCSco9BkZ+NOroj+4J1zQOLqTs4S4IRpHNKAYSSV5+mnmlEdsPvbdzDTaZ6bRKip3QiQnfpBN8mMvs/Lc05umYZaAf4lVkSao0PX0T2cU4zQkkcQMCWFbZiLdDHFJMSN5w0kFSRCeojGxFY1QSISblW5yeKSUEQxiriqSsFR/bmQoFGIW+mqy8CkWe4X4X89OZdB2MxolqSQRnj8UpAzKGBb5wBHlBEs2UwRhTpVXiCeIIyxVig0VgrX45b+k3zKsc8O6vWh2rqs46uAAHIITYIFL0AE3oAt6AIMH8ARewKv2qD1rb9r7fLSmVTv74Be0j287sJyV</latexit>

What about z?

z 2 RN⇥N⇥K
<latexit sha1_base64="g1LK6l9gFBoM9dWEPlkFFPCJEf4=">AAACFXicbVDLSgMxFL3js9ZX1aWbYBFcSJlRQZcFQQShVLEP6NSSSTNtaCYzJBmhDvMTbvwVNy4UcSu4829M21lo64HAyTn3cu89XsSZ0rb9bc3NLywuLedW8qtr6xubha3tugpjSWiNhDyUTQ8rypmgNc00p81IUhx4nDa8wfnIb9xTqVgobvUwou0A9wTzGcHaSJ3CoRtg3ff85CF1mZh8vOQmvUsqrmYBVaiCMnKVdgpFu2SPgWaJk5EiZKh2Cl9uNyRxQIUmHCvVcuxItxMsNSOcpnk3VjTCZIB7tGWowGZOOxlflaJ9o3SRH0rzhEZj9XdHggOlhoFnKkdrq2lvJP7ntWLtn7UTJqJYU0Emg/yYIx2iUUSoyyQlmg8NwUQysysifSwx0SbIvAnBmT55ltSPSs5xybk+KZYvsjhysAt7cAAOnEIZLqEKNSDwCM/wCm/Wk/VivVsfk9I5K+vZgT+wPn8AW9ufig==</latexit>

zij
<latexit sha1_base64="W26BVT/lw/ItCGXr7wq7vV52Xdk=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyVRQZcFQVxWsA9oQ5lMJ+3YySTMTIQ25EvcuFDErZ/izr9x0mahrQcGDufcyz1z/JgzpR3n2yqtrW9sbpW3Kzu7e/tV++CwraJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cpP7nScqFYvEg57G1AvxSLCAEayNNLCr/RDrsR+ks2yQssdsYNecujMHWiVuQWpQoDmwv/rDiCQhFZpwrFTPdWLtpVhqRjjNKv1E0RiTCR7RnqECh1R56Tx4hk6NMkRBJM0TGs3V3xspDpWahr6ZzGOqZS8X//N6iQ6uvZSJONFUkMWhIOFIRyhvAQ2ZpETzqSGYSGayIjLGEhNtuqqYEtzlL6+S9nndvai795e1xm1RRxmO4QTOwIUraMAdNKEFBBJ4hld4s2bWi/VufSxGS1axcwR/YH3+AJRmk7I=</latexit>

: binary adjacency tensor

: edge type (one-hot vector)

q�(zij |x) = softmax(h0
(i,j))

<latexit sha1_base64="M+3EHE8Eu9+poHz98o30S2sJtnU="></latexit>

q�(zij |x) = softmax(h0
(i,j))

<latexit sha1_base64="M+3EHE8Eu9+poHz98o30S2sJtnU="></latexit>

q�(zij |x) = softmax(h0
(i,j))

<latexit sha1_base64="M+3EHE8Eu9+poHz98o30S2sJtnU="></latexit>

q�(zij |x) = softmax(h0
(i,j))

<latexit sha1_base64="M+3EHE8Eu9+poHz98o30S2sJtnU="></latexit>

zij ⇠ Categorical
⇣
softmax(h0

(i,j))
⌘

<latexit sha1_base64="giGORbG8Ry0WrDiARMIekRVThvc="></latexit>
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Sampling z at training time
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Interaction graph proposal
z ⇠ q�(z|x)

<latexit sha1_base64="UWHrFo227HFB5BSPPpk6KY5x5zw=">AAACFnicbZDLSsNAFIYnXmu9RV26GSxCXVgSFXRZEMRlBXuBJpTJdNIOnUnizESsMU/hxldx40IRt+LOt3HSRtTWHwY+/nMOc87vRYxKZVmfxszs3PzCYmGpuLyyurZubmw2ZBgLTOo4ZKFoeUgSRgNSV1Qx0ooEQdxjpOkNTrN685oIScPgUg0j4nLUC6hPMVLa6pj7Dkeq7/nJbQodSTm86jhRn5Z/7LtvvEn3OmbJqlgjwWmwcyiBXLWO+eF0QxxzEijMkJRt24qUmyChKGYkLTqxJBHCA9QjbY0B4kS6yeisFO5qpwv9UOgXKDhyf08kiEs55J7uzFaUk7XM/K/WjpV/4iY0iGJFAjz+yI8ZVCHMMoJdKghWbKgBYUH1rhD3kUBY6SSLOgR78uRpaBxU7MOKfXFUqp7lcRTANtgBZWCDY1AF56AG6gCDe/AInsGL8WA8Ga/G27h1xshntsAfGe9fpkWgUQ==</latexit>

zij
<latexit sha1_base64="W26BVT/lw/ItCGXr7wq7vV52Xdk=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyVRQZcFQVxWsA9oQ5lMJ+3YySTMTIQ25EvcuFDErZ/izr9x0mahrQcGDufcyz1z/JgzpR3n2yqtrW9sbpW3Kzu7e/tV++CwraJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cpP7nScqFYvEg57G1AvxSLCAEayNNLCr/RDrsR+ks2yQssdsYNecujMHWiVuQWpQoDmwv/rDiCQhFZpwrFTPdWLtpVhqRjjNKv1E0RiTCR7RnqECh1R56Tx4hk6NMkRBJM0TGs3V3xspDpWahr6ZzGOqZS8X//N6iQ6uvZSJONFUkMWhIOFIRyhvAQ2ZpETzqSGYSGayIjLGEhNtuqqYEtzlL6+S9nndvai795e1xm1RRxmO4QTOwIUraMAdNKEFBBJ4hld4s2bWi/VufSxGS1axcwR/YH3+AJRmk7I=</latexit>

During training, use samples from  
relaxed categorical distribution  
(concrete / Gumbel softmax*)

* Jang et al. (ICLR 2017), Maddison et al. (ICLR 2017)

q�(zij |x) = softmax(h0
(i,j))

<latexit sha1_base64="M+3EHE8Eu9+poHz98o30S2sJtnU="></latexit>

gk ⇠ Gumbel(0, 1)
<latexit sha1_base64="xBupuhGLN1i6wYusieNBfjRpTgI=">AAACB3icbVDLSsNAFJ3UV62vqEtBBotQQUqigi4LgrqsYB/QhDCZTtqhM5MwMxFK6M6Nv+LGhSJu/QV3/o2TNgutHrhwOOde7r0nTBhV2nG+rNLC4tLySnm1sra+sbllb++0VZxKTFo4ZrHshkgRRgVpaaoZ6SaSIB4y0glHl7nfuSdS0Vjc6XFCfI4GgkYUI22kwN4fBCPoKcqhx5EeSp5dpzwkbFJzjqF7FNhVp+5MAf8StyBVUKAZ2J9eP8YpJ0JjhpTquU6i/QxJTTEjk4qXKpIgPEID0jNUIE6Un03/mMBDo/RhFEtTQsOp+nMiQ1ypMQ9NZ36smvdy8T+vl+rows+oSFJNBJ4tilIGdQzzUGCfSoI1GxuCsKTmVoiHSCKsTXQVE4I7//Jf0j6pu6d19/as2rgq4iiDPXAAasAF56ABbkATtAAGD+AJvIBX69F6tt6s91lrySpmdsEvWB/fG42YKw==</latexit>

g 2 RK
<latexit sha1_base64="6Hbs8vEB0Y6zckWppgsSf9/2t7s=">AAACAnicbVDLSsNAFL2pr1pfUVfiJlgEVyVRQZcFQQQ3VewDmlgm00k7dDIJMxOhhODGX3HjQhG3foU7/8ZJm4W2Hhg4c8693HuPHzMqlW1/G6WFxaXllfJqZW19Y3PL3N5pySgRmDRxxCLR8ZEkjHLSVFQx0okFQaHPSNsfXeR++4EISSN+p8Yx8UI04DSgGCkt9cw9N0Rq6AfpIHMpn3789Da7v+6ZVbtmT2DNE6cgVSjQ6Jlfbj/CSUi4wgxJ2XXsWHkpEopiRrKKm0gSIzxCA9LVlKOQSC+dnJBZh1rpW0Ek9OPKmqi/O1IUSjkOfV2Z7yhnvVz8z+smKjj3UsrjRBGOp4OChFkqsvI8rD4VBCs21gRhQfWuFh4igbDSqVV0CM7syfOkdVxzTmrOzWm1flnEUYZ9OIAjcOAM6nAFDWgChkd4hld4M56MF+Pd+JiWloyiZxf+wPj8AfLel8k=</latexit>

with

Gumbel noise:

Temperature: ⌧<latexit sha1_base64="JU4JXSI3RLiuEClak8wRxy0w5rM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GNBEI8V7Ae0oWy2m3bpZhN2J0IJ/QtePCji1T/kzX/jps1BWx8MPN6bYWZekEhh0HW/ndLa+sbmVnm7srO7t39QPTxqmzjVjLdYLGPdDajhUijeQoGSdxPNaRRI3gkmt7nfeeLaiFg94jThfkRHSoSCUcylPtJ0UK25dXcOskq8gtSgQHNQ/eoPY5ZGXCGT1Jie5yboZ1SjYJLPKv3U8ISyCR3xnqWKRtz42fzWGTmzypCEsbalkMzV3xMZjYyZRoHtjCiOzbKXi/95vRTDGz8TKkmRK7ZYFKaSYEzyx8lQaM5QTi2hTAt7K2FjqilDG0/FhuAtv7xK2hd177LuPVzVGndFHGU4gVM4Bw+uoQH30IQWMBjDM7zCmxM5L86787FoLTnFzDH8gfP5AyNdjk8=</latexit>

(e.g. 0.5)

➡ Gradients via reparameterization trick
(Kingma & Welling, ICLR 2014)

Prior                               :

1) Uniform categorical distribution 

2) Sparsity-inducing prior  
(if one edge type is hard-coded  
  as “no interaction”)

p(z) =
Y

i,j 6=i

p(zij)

<latexit sha1_base64="65CwgxLeAYwI2sAbQN697sM3gQI=">AAACG3icbVDLSsNAFJ3UV62vqEs3g0VoQUpSBd0IBUFcVrAPaEqZTCfttJNJnJkINeQ/3Pgrblwo4kpw4d84abPQ1gMXDufcy733uCGjUlnWt5FbWl5ZXcuvFzY2t7Z3zN29pgwigUkDBywQbRdJwignDUUVI+1QEOS7jLTc8WXqt+6JkDTgt2oSkq6PBpx6FCOlpZ5ZDUuOj9TQ9eKHpHzhhCLo92J6PHI4uYM0gb99bYyScs8sWhVrCrhI7IwUQYZ6z/x0+gGOfMIVZkjKjm2FqhsjoShmJCk4kSQhwmM0IB1NOfKJ7MbT3xJ4pJU+9AKhiys4VX9PxMiXcuK7ujO9U857qfif14mUd96NKQ8jRTieLfIiBlUA06BgnwqCFZtogrCg+laIh0ggrHScBR2CPf/yImlWK/ZJxb45Ldausjjy4AAcghKwwRmogWtQBw2AwSN4Bq/gzXgyXox342PWmjOymX3wB8bXD4sSob8=</latexit>
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Decoder in detail
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GNN

Reconstruct dynamics

p✓(x|z)
<latexit sha1_base64="0UApSnCNRUL96Lc64oZGRumn6KE=">AAACCHicbZDLSsNAFIYnXmu9RV26MFiEuimJCrosCOKygr1AE8JkOmmHTi7MnIg1ZunGV3HjQhG3PoI738ZJG0Fbfxj4+M85zDm/F3MmwTS/tLn5hcWl5dJKeXVtfWNT39puySgRhDZJxCPR8bCknIW0CQw47cSC4sDjtO0Nz/N6+4YKyaLwGkYxdQLcD5nPCAZlufpe7NowoICrdoBh4PnpbXb/g3fZoatXzJo5ljELVgEVVKjh6p92LyJJQEMgHEvZtcwYnBQLYITTrGwnksaYDHGfdhWGOKDSSceHZMaBcnqGHwn1QjDG7u+JFAdSjgJPdeYryulabv5X6ybgnzkpC+MEaEgmH/kJNyAy8lSMHhOUAB8pwEQwtatBBlhgAiq7sgrBmj55FlpHNeu4Zl2dVOoXRRwltIv2URVZ6BTV0SVqoCYi6AE9oRf0qj1qz9qb9j5pndOKmR30R9rHN8JrmnQ=</latexit>

Interaction graph proposal
z ⇠ q�(z|x)

<latexit sha1_base64="UWHrFo227HFB5BSPPpk6KY5x5zw=">AAACFnicbZDLSsNAFIYnXmu9RV26GSxCXVgSFXRZEMRlBXuBJpTJdNIOnUnizESsMU/hxldx40IRt+LOt3HSRtTWHwY+/nMOc87vRYxKZVmfxszs3PzCYmGpuLyyurZubmw2ZBgLTOo4ZKFoeUgSRgNSV1Qx0ooEQdxjpOkNTrN685oIScPgUg0j4nLUC6hPMVLa6pj7Dkeq7/nJbQodSTm86jhRn5Z/7LtvvEn3OmbJqlgjwWmwcyiBXLWO+eF0QxxzEijMkJRt24qUmyChKGYkLTqxJBHCA9QjbY0B4kS6yeisFO5qpwv9UOgXKDhyf08kiEs55J7uzFaUk7XM/K/WjpV/4iY0iGJFAjz+yI8ZVCHMMoJdKghWbKgBYUH1rhD3kUBY6SSLOgR78uRpaBxU7MOKfXFUqp7lcRTANtgBZWCDY1AF56AG6gCDe/AInsGL8WA8Ga/G27h1xshntsAfGe9fpkWgUQ==</latexit>

zij
<latexit sha1_base64="W26BVT/lw/ItCGXr7wq7vV52Xdk=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyVRQZcFQVxWsA9oQ5lMJ+3YySTMTIQ25EvcuFDErZ/izr9x0mahrQcGDufcyz1z/JgzpR3n2yqtrW9sbpW3Kzu7e/tV++CwraJEEtoiEY9k18eKciZoSzPNaTeWFIc+px1/cpP7nScqFYvEg57G1AvxSLCAEayNNLCr/RDrsR+ks2yQssdsYNecujMHWiVuQWpQoDmwv/rDiCQhFZpwrFTPdWLtpVhqRjjNKv1E0RiTCR7RnqECh1R56Tx4hk6NMkRBJM0TGs3V3xspDpWahr6ZzGOqZS8X//N6iQ6uvZSJONFUkMWhIOFIRyhvAQ2ZpETzqSGYSGayIjLGEhNtuqqYEtzlL6+S9nndvai795e1xm1RRxmO4QTOwIUraMAdNKEFBBJ4hld4s2bWi/VufSxGS1axcwR/YH3+AJRmk7I=</latexit>

Main idea:

Run GNN on latent graph z,  
predicted by encoder.

For Markovian dynamics:

Weigh messages by edge type

Predict location difference 

Predictive distribution (fixed variance)
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Decoder variants
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• Teacher forcing only every M-th time step (e.g. M = 10) 

• Hard-code certain edge types (e.g. “no interaction”) 

• Recurrent decoder (non-Markovian dynamics) 

• (Differentiable) Physics simulation decoder 

• True graph (if known) as input to decoder 

• Fully-connected graph as input to decoder 

• Dynamic graph re-estimation at test time

Reconstruct dynamics

No interaction
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Environments
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Motion capture NBA sports tracking

Balls connected  
by springs

Phase-coupled oscillators  
(Kuramoto model)

Fij = �C(xi � xj)
<latexit sha1_base64="V/6oVFKxXXCoI62ITi2uhqC0+yo=">AAACGnicbVDLSsNAFJ3UV62vqEs3g0Woi5ZEBd0IhUJxWcE+oA1hMp20004ezEzEEvIdbvwVNy4UcSdu/BsnbYTaemDgzDn3cu89TsiokIbxreVWVtfWN/Kbha3tnd09ff+gJYKIY9LEAQt4x0GCMOqTpqSSkU7ICfIcRtrOuJb67XvCBQ38OzkJieWhgU9dipFUkq2bPQ/JoePG9cSO6SiB17BcK/2KD4lNYRnOfUentl40KsYUcJmYGSmCDA1b/+z1Axx5xJeYISG6phFKK0ZcUsxIUuhFgoQIj9GAdBX1kUeEFU9PS+CJUvrQDbh6voRTdb4jRp4QE89RlemSYtFLxf+8biTdKyumfhhJ4uPZIDdiUAYwzQn2KSdYsokiCHOqdoV4iDjCUqVZUCGYiycvk9ZZxTyvmLcXxWo9iyMPjsAxKAETXIIquAEN0AQYPIJn8AretCftRXvXPmalOS3rOQR/oH39AICooIo=</latexit>

Charged particles

Fij = C · sign(qi · qj)
xi � xj

||xi � xj ||3
<latexit sha1_base64="jSDBFax+6pdFUs6s7f2/54HLMuU="></latexit>
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Learning latent interaction graphs
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NRI can learn to discover  
ground-truth relations  
with very high accuracy!
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Qualitative results

!30
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Summary and outlook
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• GNNs are a powerful class of models for data with 
explicit or implicit relational structure 

• Exciting new research field with massive growth 
(methods and applications) in past 3 years

h(2,1)
<latexit sha1_base64="JbPfsZ08QakJzSyBiNwUl1shsQI=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUpSBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6TYbzkXDub+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBwxTk8s=</latexit>

h(3,1)
<latexit sha1_base64="Tytny60AvY3h+APwh6rmZ3nzdBE=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUpiBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6V40nGbDub+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBw3bk8w=</latexit>

h(4,1)
<latexit sha1_base64="U1K1LerOqH9dR9O5IKlsZiflktg=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBItQQUqiBV0WBHFZwT6gDWEynbRDJ5MwMxFLyK+4caGIW3/EnX/jpM1CWw8MHM65l3vm+DGjUtn2t1FaW9/Y3CpvV3Z29/YPzMNqV0aJwKSDIxaJvo8kYZSTjqKKkX4sCAp9Rnr+9Cb3e49ESBrxBzWLiRuiMacBxUhpyTOrwxCpiR+kk8xL681z5yzzzJrdsOewVolTkBoUaHvm13AU4SQkXGGGpBw4dqzcFAlFMSNZZZhIEiM8RWMy0JSjkEg3nWfPrFOtjKwgEvpxZc3V3xspCqWchb6ezJPKZS8X//MGiQqu3ZTyOFGE48WhIGGWiqy8CGtEBcGKzTRBWFCd1cITJBBWuq6KLsFZ/vIq6V40nMuGc9+stW6LOspwDCdQBweuoAV30IYOYHiCZ3iFNyMzXox342MxWjKKnSP4A+PzBw9jk80=</latexit>

h0
1

<latexit sha1_base64="1owKuKDrAkKegUkSvpsfx7eGMv8=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0VUkJBUwS4LgrisYB+QhDCZTtqhkwczE6GEfIMbf8WNC0XcunLn3zhJs9DqgQuHcx9z5vgJo0Ka5pdWW1peWV2rrzc2Nre2d/Tdvb6IU45JD8cs5kMfCcJoRHqSSkaGCSco9BkZ+NOroj+4J1zQOLqTs4S4IRpHNKAYSSV5+mnmlEdsPvbdzDTaZ6bRKip3QiQnfpBN8mMvs/Lc05umYZaAf4lVkSao0PX0T2cU4zQkkcQMCWFbZiLdDHFJMSN5w0kFSRCeojGxFY1QSISblW5yeKSUEQxiriqSsFR/bmQoFGIW+mqy8CkWe4X4X89OZdB2MxolqSQRnj8UpAzKGBb5wBHlBEs2UwRhTpVXiCeIIyxVig0VgrX45b+k3zKsc8O6vWh2rqs46uAAHIITYIFL0AE3oAt6AIMH8ARewKv2qD1rb9r7fLSmVTv74Be0j287sJyV</latexit>

Next steps: 

• Systematic exploration of GNN variants 

• Joint discovery of entities / objects and  
relational structure from raw data 

• Other structure-informed inductive biases:  
e.g., compositionality & hierarchy
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Further reading
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https://arxiv.org/abs/1802.04687

Neural relational inference for interacting systems (ICML 2018)

Thomas Kipf*, Ethan Fetaya*, Kuan-Chieh Wang, Max Welling, Richard Zemel.

(*: equal contribution)

Blog post on GCNs 
https://tkipf.github.io/graph-convolutional-networks 

Code on Github 
http://github.com/tkipf

Other material:

Blog post: https://medium.com/@tkipf  
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