THE UNIVERSITY OF BRITISH COLUMBIA

Lecture 19: Generative Models [part 4]



Logistics

Research Paper Presentations:
— Papers are assigned last week (do not need to do one if you’re auditing)

— Presentations by Friday, November 25th

Research Paper Readings:
— Paper 2 Is posted due Thursday

— Paper 3 & 4 of your choosing one per week



Logistics

Grading
— Assignment 3 & 4 being graded this week

— Project proposal documents will not be graded until later (do not wait for these)

Plans for the rest of term
— Option 1: Project presentations in Class (Dec 1 & 6), alt Dec 12 or 13
— Option 2: Discussion of research papers

— Option 3: | continue to lecture on additional topics



Generative Models — Overview

Pixel CNN/RNN — An explicit tractable density model. Accurate, easy to train
but no latent variables.

VAE — Anintractable density model with latent variables. Marginalizes the latent
variables, but can only optimize the lower bound.

GANs — No explicit density model, just focused on sampling.

Diffusion Models — No explicit density model, similar to GANs in many ways.



(Generative Adversarial
Networks (GANS)



Training GANs: Two-player Game [ Goodfellow et al., 2014]

Generator network: try to fool the discriminator by generating real-looking images
Discriminator network: try to distinguish between real and fake images

Real or Fake

t

Discriminator Network

Fake Images ’ Real Images
(from generator) [ :’ (from training set)

Generator Network

t

Random noise Z

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Sampling GANSs

t

Generator Network

t

Random noise Z

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Conditional GAN: Text-to-Image Synthesis

T'his flower has small, round violet This flower has small, round violet
petals with a dark purple center petals with a dark purple center
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Discriminator Network

Figure 2 in the original paper.

Generator Network

Positive Example: Negative Examples:
Real Image, Right Text Real Image, Wrong Text
Fake Image, Right Text

Reed et al., ICML 2016 |



Conditional GAN: Image-to-Image translation

Labels to Street Scene Labels to Facade BW to Color

-
'

!

output
Edges to Photo

iInput output

Figure 1 in the original paper.

| Isola et al., 2016 |



Conditional GAN: Image-to-Image translation

Positive examples Negative examples
. Real or fake pair? Real or fake pair?
Architecture: DCGAN-based ol 1
D | : } D : : |
I | l l | |

Training Is conditioned on the Images
from the source domain

<

EN

ITI :

G [ ] !
|

G tries to synthesize fake
Images that fool D

D tries to identify the fakes

Figure 2 in the original paper.

| Isola et al., 2016 |



CycleGAN: Unpaired Image-to-Image translation

Style transfer: change the style of an image while preserving the content

Monet —_ Photos . Zebras 7_* Horses | Summer Z_ Winter

Ll rele Oy SaTRs.
zebra —) horse

horse — zebra

Photograph Monet Van Gogh Cezane

Data: two unrelated collections of image, one for each style [Zhuetal., 2017 ]



CycleGAN: Unpaired Image-to-Image translation

Style transfer: change the style of an image while preserving the content

— Train two different generator networks to go from Style 1 to Style 2
and vice versa

— Make sure the generated (translated) samples of Style 2 are
indistinguishable from real images of Style 2 by a discriminator network

— Make sure the generated (translated) samples of Style 1 are
indistinguishable from real images of Style 1 by a discriminator network

— Make sure the generators are cycle-consistent: mapping Style1 ->
Style 2 -> Style 1 should give close to the original image

| Zhu et al., 2017 ]



CycleGAN: Unpaired Image-to-Image translation

The discriminator tries to
distinguish generated zebra
images from real ones

Discriminator loss: GAN
generator objective, i.e. negative
D log probability D assigns to the
sample being real

Reconstruction loss: squared
error between the original image
and the reconstruction

Input image Generator 1 learns to map Generated sample Generator 2 learns to map Reconstruction
(real horse image) from horse images to zebra from zebra images to horse
images while preserving the images while preserving the
structure structure

Total loss = discriminator loss + reconstruction loss [ Zhu et al-, 2017 ]



CycleGAN: Unpaired Image-to-Image translation
Ariel photos to maps:

BiGAN CoGAN CycleGAN p1X2pix Ground truth
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[ Zhu et al., 2017 ]



CycleGAN: Unpaired Image-to-Image translation

Images to semantic segmentation:

[ Zhu et al., 2017 ]



Laplacian Pyramid GAN

Building a Laplacian Pyramid — a loss-less hierarchical representation of image
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Laplacian Pyramid GAN

Building a Laplacian Pyramid — a loss-less hierarchical representation of image




Laplacian Pyramid GAN

Reconstructing a Laplacian Pyramid
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Laplacian Pyramid GAN
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Figure 1 in the original paper. (Edited for simplicity)

— Based on the Laplacian Pyramid representation of images

— Generates high resolution images by using hierarchical set of GANs by
teratively increasing image resolution and quality

| Denton et al., 2015 ]



Laplacian Pyramid GAN

Real/
Generated?

Real/
Generated?

Real/Generated?

Figure 2 in the original paper.

Real/Generated?

— Based on the Laplacian Pyramid representation of images

— Generates high resolution images by using hierarchical set of GANs by
teratively increasing image resolution and quality

| Denton et al., 2015 ]



Adversarial Autoencoder (GAN + VAE)

Encoder Decoder

q(z|x)
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| Makhzani et al., 2015 ]
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Image Generation from Layout



Image Generation from Layout

boy

Layout Results



Image Generation from Layout: Challenges

— One-to-many mapping
— Information in layout is limited (but important)

— Important interactions between objects In overlap regions and with scene



Model Architecture: [raining
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Model Architecture: Runtime



Model Architecture: Runtime
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Experiments: Quantitative Results

Datasets:

Dataset Train Val. Test | # Obj. | # Obj. in Image

COCO [I] | 24972 | 1,024 | 2,048 171 3~ 8

VG [1¥] 62,565 | 5,506 | 5,088 178 3~ 30
Evaluation:

Inception Object Diversity
Score Classification Score
Score
Method COCO VG COCO VG COCO VG

Real Images (64 x 64) 163 204 139+05| 5516 49.13 - -
pix2pix [ ] 3.5£0.1  27+£0.02 | 12.06 9.20 0 0
sg2im (GT Layout) [ 7] | 7.3 £0.1 6.3 + 0.2 30.04 40.29 | 0.02 £001 0O.15+=0.12
Ours 9.1 £ 0.1 3.1 + 0.1 50.84 48.09 | 0.15 £ 0.06 0.17 £+ 0.09




Results on COCO
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Results on Visual Genome
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Results: Diversity
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Results: Diversity
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Layout to Im:

Drag to draw bounding boxes and assign labels or simply load a pre-defined layout.

PERSON PERSONS INDOOR BEACH FOOD BOAT WINDOW CAR cow MONITOR

Labels Layout Images

Image Generation from Layout, Bo Zhao, Lili Meng, Weidong Yin and Leonid Sigal, CVPR 2019.

Web Application Developed by Mark (Ke) Ma



Layout to Im:

Drag to draw bounding boxes and assign labels or simply load a pre-defined layout.

PERSON PERSONS INDOOR BEACH FOOD BOAT WINDOW CAR cow MONITOR

Labels Layout Images

Image Generation from Layout, Bo Zhao, Lili Meng, Weidong Yin and Leonid Sigal, CVPR 2019.

Web Application Developed by Mark (Ke) Ma



Extensions Yin et al., WACV 2021 ]

Sample with GT Context Person Composited
Embedding Structural Space Structural Space Structural Space
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GANSs

Don’t work with an explicit density function

Take game-theoretic approach: learn to generate from training distribution
through 2-player game

Pros:
— Beautiful, state-of-the-art samples!

Cons:

— Trickier / more unstable to train
— Can’t solve inference queries such as p(x), p(z|x)

Active area of research:
— Better loss functions, more stable training (\Wasserstein GAN, LSGAN, many others)

— Conditional GANs, GANSs for all kinds of applications

* slide from Fei-Dei Li, Justin Johnson, Serena Yeung, ¢s231n Stanford



Non-Convergence

D & G nullifies each others learning in every iteration

Train for a long time — without generating good quality samples

Vix,y) =xy

V(x(t),y(t)) = x(t)y(t)

ax_

dy
a = x(t)
%y 0x
oz o YW

x(t) = x(0)cost(t) — y(0)sin(t)
y(t) = x(0)cost(t) — y(0)sin(t)

Khushboo Thaker

* Differential Equation’s solution has sinusoidal

terms

* Even with a small learning rate, it will not

converge

* Discrete time gradient descent can spiral

outward for large step size

27



Mode Collapse

Sample
Coverage

Sample
Accuracy

. Generator excels in a subspace but
Target . . does-not cover entire real distribution

Expected - ( > - . - °
s, -~ - n - .
Unroll GAN Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k
» -
Output - - -
GAN Luke et al. 2016

Khushboo Thaker 28



Why GANSs are hard to train®

— (Generator keeps generating similar images — so nothing to learn
— Maintain trade-oft of generating more accurate vs. high coverage samples

— Two learning tasks need to have balance to achieve stability
— If the discriminator is not sufficiently trained — it can worsen generator
— If the discriminator is too good — will produce no gradients



THE UNIVERSITY OF BRITISH COLUMBIA

Topics Iin Al (CPSC 532S):

Multimodal Learning with Vision, Language and Sound

Lecture 19: Graph Neural Networks



Traditional Neural Networks

I M AG E N ET Speech data

Grid games

Natural language Sentence
pro ceSSi n g (N L P) Predicate / Verb Phrase

Prepositional Phrase

Noun Phrase

A /bun/l’h\rase

Article Noun Verb Preposition Article Noun

| | | | I |
The cat sat on the mat.

Deep neural nets that exploit:

- translation equivariance (weight sharing)
- hierarchical compositionality

* slide from Thomas Kipf, University of Amsterdam



Graph-structured Data

A lot of real-world data does not “live” on grids

Social networks
Citation networks ®
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* slide from Thomas Kipf, University of Amsterdam



Graph-structured Data

A lot of real-world data does not “live” on grids
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Graph-structured Data

A lot of real-world data does not “live” on grids 57—
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Graph-structured Data

A lot of real-world data does not

Social networks

Citation networks ®
Communication networks
Multi-agent systems

Protein interaction
networks
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* slide from Thomas Kipf, University of Amsterdam



Graph-structured Data

A lot of real-world data does not

Social networks

Citation networks
Communication networks
Multi-agent systems

Protein interaction
networks

Standard CNN and RNN architectures don'’t

work on this data
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* slide from Thomas Kipf, University of Amsterdam



Graph-structured Data — Molecular Data

Characteristics:

— Nodes have different types (atoms)
— Edges have types and there could be multiple edges (types of bonds)

Image Credit: https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica
https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica



https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica
https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica

Graph-structured Data — Molecular Data

Ha O
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L} ' ——
L
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Problems:

O~
25 Mo
O0-0

2, Mo

o

O Mo

eCU
eCU
eCU

e property prediction (physiology, physical chemistry, guantum mechanics)
ar scoring or docking (pharmacology — screening of drug candidates)
ar dynamics (e.g., position or motion of atoms)

Image Credit: https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica

https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica



https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica
https://www.wolfram.com/language/12/molecular-structure-and-computation/molecule-graphs.html.en?product=mathematica

Graph-structured Data — Social Networks

Problems:
©=0 Link prediction

Image Credit: http://blog.soton.ac.uk/hive/2012/05/10/recommendation-system-of-hive/



http://blog.soton.ac.uk/hive/2012/05/10/recommendation-system-of-hive/

Graph-structured Data — Network Recommendation



https://www.science.org/doi/10.1126/sciadv.aau4212

Graph Representations

Connectivity

— Adjacency List: G = (V, &) @ a

— Adjacency Matrix: A (sometimes we have weights) e

Feature V=1{1,2,3,4}, E={(1,2), (1,4), (4,3)}
— Node Feature: X 1 2 3 4

— Edge Feature Graph Data: (A, X)

— Graph Feature

. Adjacency matrix A € RYV*HN
. Feature matrix X € RV*¥

A W DN -

Slide from Renjie Liao



Graph Isomorphism

Permutation

V=[1,2,3,4]
E=1(12),(1,4), 4.3)

Permute Rows
1 2 3 4

1
2
3
4

Permutation Matrix

Slide from Renjie Liao

]

Vv

<
|

=[2,1,3,4]
=[(2,1), (2,4), (4,3)

]
V
L
|

Permute Columns
1 2 3 4 1 2 3 4

1 1
2 2
3 3
4 4

Original Adj Matrix Transposed
Permutation Matrix

V =1{2,1,3,4},

1 2 3 4

> W NN -

= =1(1,2), (1,4), (4,3);

1 2 3 4

B W NN -

= =1{2,1), 2,4), (4,3)}



Challenge #1: Unordered Neighborhoods

<7

Slide from Renjie Liao
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Slide from Renjie Liao



Challenge #1: Unordered Neighborhoods

Slide from Renjie Liao



Challenge #1: Unordered Neighborhoods

Option 1

Slide from Renjie Liao



Challenge #1: Unordered Neighborhoods

Option 2 Option 1

Slide from Renjie Liao



Challenge #2: Varying Neighborhood Sizes

<7

Slide from Renjie Liao



Challenge #2: Varying Neighborhood Sizes

Slide from Renjie Liao



Challenge #2: Varying Neighborhood Sizes

Slide from Renjie Liao



Challenge #2: Varying Neighborhood Sizes
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Slide from Renjie Liao



Challenge #2: Varying Neighborhood Sizes
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Slide from Renjie Liao



Nearly all (if not all) Graph Neural Networks
can be expressed as Message Passing
paradigms



Graph Neural Networks (GNNS)

Hidden layer Hidden layer
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Main ldea: Pass massages between pairs of nodes and agglomerate

Alternative Interpretation: Pass massages between nodes to refine node
(and possibly edge) representations

* slide from Thomas Kipf, University of Amsterdam



Graph Neural Networks (GNNS)

Notation: G = (A, X)

Hidden | Hidden | . . N XN
| R | radenaver » Adjacency matrix A € R
R A . NXF
. » e Feature matrix X € R
Q P @ o
o—® o—®
< o
Input ® o © o Output
~ )\ o ® . R
® > ° Q
° | . RelLU | G—. RelLU .
([
0.‘_>. o’_>‘ 0’—»—»'0..
© s ¢ 5
S Coe y, ® o
\_ J
o ®
Q «
* o ®
° ® ° o
o <
® % ® %
N y, N y,

Main ldea: Pass massages between pairs of nodes and agglomerate

Alternative Interpretation: Pass massages between nodes to refine node
(and possibly edge) representations

* slide from Thomas Kipf, University of Amsterdam



Graph Neural Networks (GNNS)

Slide from Renjie Liao



Graph Neural Networks (GNNS)

Input Encoding

Slide from Renjie Liao



Graph Neural Networks (GNNSs)

1. Node Feature
— If it is unavailable, use 1-of-K, random, index encoding of node

2. Edge Feature
— Feed it to message network

3. Graph Feature

— Treat it as a super node in your graph
Input Encoding — Feed graph feature to readout layer

Slide from Renjie Liao



Graph Neural Networks (GNNSs)

L @
[elele) [elele)
oo () \O O @[Mess?‘ge}@ D0 =
Passing
Input Encoding Message Passing Layers/Steps
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Graph Neural Networks (GNNS)

o @ L
‘ ‘. @[héess?ge}@ ‘. @LMGSSQQG} :> ‘.
assing Passing
Input Encoding Message Passing Layers/Steps

Steps: share message passing module (Recurrent Networks)
Layers: do not share message passing module (Feedforward Networks)
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Graph Neural Networks (GNNSs)

@ L o
oo (Q \O C @[Mess?ge}@ O O @LMGSSQQG} — oo (Q \O C
Passing Passing
Input Encoding Message Passing Layers/Steps Node/Edge/Graph
Readout
Predictions
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Message Passing in GNNs

(t+1)-th message passing step/layer
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Message Passing in GNNs

(t+1)-th message passing step/layer

ht OO0 Node State
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Message Passing in GNNs

(t+1)-th message passing step/layer

ht OO0 Node State

{e]e)e) {e]e)e)

(O00)] (O00]

{e]e)e) {eJele)
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Message Passing in GNNs

(t+1)-th message passing step/layer

ht OO0 Node State

{e]e)e) {e]e)e)

(O00)] (O00]

{e]e)e) {eJele)
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Message Passing in GNNs

(t+1)-th message passing step/layer

([~ —~

h! h’ (OO0} Node State

% Message Network (OO0 O00]

O00) CP % 000)
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Message Passing in GNNs

(t+1)-th message passing step/layer

h! h! [666 Node State
Message Network [e)ole) (OO0
l Compute
Messages
m; = funsg(h%, h) CXX3 Message
[e]ele) {e]e]e)
[e]ele) (CO0]
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Message Passing in GNNs

(t+1)-th message passing step/layer

h! h! [666 Node State
Message Network [000) 000
l Compute
Messages
m’; = funsg(h', h) XX Vessage
Aggregated Message OO0O] [e]e)e)
O00] OO00]
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Message Passing in GNNs

(t+1)-th message passing step/layer

h! h! [666 Node State
Message Network [000) 000
l Compute
Messages
m’; = funsg(h', h) XX Vessage
Aggregated Message O00]
O0O0] O0O0)]
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Message Passing in GNNs

(t+1)-th message passing step/layer

([~ —~

([OOO) Node State

Message Network
l Compute

Messages

X0 Message

OO0 Aggregated Message
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Message Passing in GNNs

(t+1)-th message passing step/layer

([~ —~

h! h’ (OO0} Node State
Message Network
l Compute
Messages
m; = funsg(h%, h) CXX3 Message

i = fage ({m%; 7 € Ni})| XX Aggregated Message

o
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m?z — fmSg( 7;’7 hf)

o

P = fagg ({mzz‘] < M})

Slide from Renjie Liao

Message Passing in GNNs

([~ —~

(OO0 Node State

Message Network
l Compute

Messages

X0 Message

KEXY)Y Aggregated Message

% State Update Network

(t+1)-th message passing step/layer



Message Passing in GNNs

([~ —~

h! h’ (OO0} Node State
Message Network
l Compute
Messages
m; = funsg(h%, h) CXX3 Message

= Jfage ({m ilj € Ni}) EXX) Aggregated Message

% State Update Network
Update

Representation

h!™' = fipdate(h?, m}) OO Updated Node State

E |

Slide from Renjie Liao

(t+1)-th message passing step/layer
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Message Passing in GNNs

([~ —~

h! h’ (OO0} Node State
Message Network
l Compute
Messages
m; = funsg(h%, h) CXX3 Message

= Jfage ({m ilj € Ni}) EXX) Aggregated Message

% State Update Network
Update

Representation

h!™' = fipdate(h?, m}) OO Updated Node State

E |
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Message Passing in GNNs

(t+1)-th message passing step/layer

([~ —~

h! h’ (OO0} Node State
Message Network
l Compute
Messages
m; = funsg(h%, h) CXX3 Message

E |

= Jfage ({m ilj € Ni}) EXX) Aggregated Message

% State Update Network
Update

Representation

h!™' = fipdate(h?, m}) OO Updated Node State

Note: \We can do all updates in parallel! (out can also be serial)
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GNN Instantiations

1. Compute Messages
m’; = fusg(h’, hl)

2. Aggregate Messages
m; = Jagg ({mzz‘] < M})

3. Update Node Representations

hfﬂ — fupdate(hf;a ﬁlﬁ)

Slide from Renjie Liao



GNN Instantiations

1. Compute Messages
m’; = finsg(h%, hl)

Slide from Renjie Liao



GNN Instantiations

1. Compute Messages fumsg(hj, hi) = MLP([hj, h;])

Slide from Renjie Liao




GNN Instantiations

1. Compute Messages frnsg (5, 1) = MLP([h’, h])
mgz = fmsg(hz’a h;) fmsg(hz" h;) = h}f'
Funse (0, 1 fo7) = MLP([ ! )
Edge Feature

Slide from Renjie Liao




GNN Instantiations

1. Compute Messages fmsg(h’, h}) = MLP([h%, hj]) 4.
fmsg(h, b fej;] = MLP([h}, hf, e;]) 4

Edge Feature

2. Aggregate Messages fage ({m;j € Ni}) = 20 m, [4,5,7]
m; = Jagg ({mzz‘] < M})
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GNN Instantiations

1. Compute Messages fmsg(h’, h}) = MLP([h%, hj]) 4.
m}; = finsg(hj, hi) fmse (b, B) = b S
finsg (05, hi Jej;| = MLP([hf, hf, e;i]) 4
Edge Feature
2. Aggregate Messages fage ({mf;[7 € Ni}) = 35,00, m), 4.5,7]
m; = fagg ({mj;]j € Ni}) fags ({mil5 € Ni}) = (37 Zjens mj; 6]
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GNN Instantiations

1. Compute Messages
m’; = fusg(h’, hl)

2. Aggregate Messages
M; = fage ({mj;|j € Ni})

Slide from Renjie Liao

fmsg(hza hf) — h;’

fmsg(hz‘a hfa — MLP([h§7 h$7 eji])
Edge Feature

Jfage ({m 1J GN}) ZjEN mt"

fagg ({m’; |7 € Ni}) = |N| DN, M,

fage ({m 1J € N}) = mMaX;ec N m

4,57
6]
[6]




GNN Instantiations

1. Compute Messages
ji = fmsg(h}, hy)

Im

2. Aggregate Messages
mf — fagg ({mzz‘] < M})

Slide from Renjie Liao

fmsg(hza hf) — h;
fmsg(hz‘a hfa — MLP([h§7 h$7 eji])
Edge Feature

(

fage ({mf;]j € Ni}) = |J\/L D jen, My,
(
(

4,5,7]

6]




GNN Instantiations

1. Compute Messages fmsg(h’, h}) = MLP([h%, hj]) 4.
m}; = finsg(hj, hi) fmse (b, B) = b S
finsg (05, hi Jej;| = MLP([hf, hf, e;i]) 4
Edge Feature
2. Aggregate Messages fage ({mj;]j € Ni}) = 32\, mj; 4,5,7]
M = fags ({m;]j € Ni}) fage ({m5il7 € Ni}) = (a7 2 e, 05 ©]
fage ({mﬁz\J < M}) — INaXjeN; m;-z- 6.
fogs ({m,lj € N7}) = LSTM (fmt,[j e Ni]) 1O
3. Update Node Representations fupdate(ht, m!) = GRU(h!, m!) [4,7]
hi ™ = fupdate(hj, M)
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GNN Instantiations

1. Compute Messages
m’; = fusg(h’, hl)

2. Aggregate Messages
mf — fagg ({mzz‘] < M})

3. Update Node Representations

hg—l_l — fupdate(hf;a ﬁlf)

Slide from Renjie Liao

fmsg(hj, hj) = MLP([h;, hi])
fmsg(hz‘v hf) — h§'
funse (0, 1 fo,.) = MLP ([, b e,.]
Edge Feature
Jfage ({mzz‘] S M}) = ZjENi mf%z-
fags ({mj1j € Ni}) = 17 2 e, ™30
(
(

fupdate (R}, m}) = GRU(h!, m})

(X 1

fupdate (hg, m;) = MLP; (hj) + MLP; (mj)

4,5,7]

6]
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GNN Instantiations

1. Compute Messages
m’; = fusg(h’, hl)

2. Aggregate Messages
mf — fagg ({mzz‘] < M})

3. Update Node Representations

hg—l_l — fupdate(hf;a ﬁlf)

Slide from Renjie Liao

fmsg(hj, hj) = MLP([h;, hi])
fmsg(hz‘v hf) — h§'
funeg (0, B o,.) = MLP ([}, b, ;)
Edge Feature
fage ({mj;lj € Ni}) = 32 en, mj;
fags ({mj1j € Ni}) = 17 2 e, ™30
(
(

fupdate (R}, m}) = GRU(h!, m})

fupdate (hg, m;) = MLP; (hj) + MLP; (mj)
t

fupdate (hj, mj) = MLP([hj, m;])

4,5,7]




GNN R

1. Node

eadout

Readout

Yi = freadout (h;r)

2. Edge
Yij =

3. Graph

Readout
freadout (h;r7 hf)

Readout

y — freadout ({h;r})
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GNN Readout

1. Node Readout
Yi — freadout(h?) freadout(h?) — MLP(h;F)

Slide from Renjie Liao



GNN Readout

1. Node

Readout

Yi = freadout (h;r)

2. Edge Readout
Yij — freadout(h;,’rv h?)

Slide from Renjie Liao

freadout (h;r) — MLP(h;F)

freadout(hfa hf) — MLP([hZ7 hf])
freadout(hfa hf 7 — MLP([hfa hrjra eij])

Edge Feature



GNN Readout

1. Node

Readout

Yi = freadout (h;r)

2. Edge

Yij =

Readout
freadout (h;,r7 hf)

3. Graph Readout
Y = freadout({hf})

Slide from Renjie Liao

freadout (h;r) — MLP(h;F)

freadout(hfa hf) — MLP([hZ7 hf])

freadout(h;'ra hfy — MLP([hfa hfa eij])

Edge Feature

freadout ({h; }) = 3=, o(MLP1 (h; ))MLP>(h; )
Jreadout ({hzT}: Zz U(MLpl (h;'r7 g))MLPQ (h;'rv g)

Graph Feature
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Add & Norm

Input
Embedding
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f

Inputs

GNN Relationship to Transformers

Output
Probabilities

t

Softmax

i

Linear

3

— Attention can be viewed as the weighted
adjacency matrix of a fully connected graph!

— Transformers (esp. encoder) can be viewed as

r

I
Add & Norm

Forwar d

A

GNNs applied to fully connected graphs!

Add & Norm

Multi-Head
Attention

2 4+

Add & Norm

Masked
Multi-Head
Attention

\_

Lt 2

Q)

Output
Embedding

f

Outputs
(shifted right)

Image Credit: [9] & https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0



https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0

GNN Relationship to Transformers

— Apply the adjacency matrix as a mask to the attention and renormalize it, is like
Graph Attention Networks (GAT) [10]

— Encoder connectivities/distances as bias of the attention [11]

oo
-

Slide from Renjie Liao

Hi

NOW are you

Hi

how

dare

you

Image Credit: [9] & https://towardsdatascience.com/illustrated-guide-to-transformers-step-by-step-explanation-f74876522bc0
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