Note to other teachers and users of these slides: We would be delighted if you found our
material useful for giving your own lectures. Feel free to use these slides verbatim, or to modify
them to fit your own needs. If you make use of a significant portion of these slides in your own
lecture, please include this message, or a link to our web site: hitp://cs224w.Stanford.edu

Stanford CS224W:

Machine Learning with
Heterogeneous Graphs



http://cs224w.stanford.edu/

Announcements

Project Proposal due today
Gradescope submissions close at 11:59 PM

Colab 2 due this Thursday
Homework 2: UPDATED + NEW DUE DATE

HW2 Problem 4 has been removed
Updated Due Date: Monday Nov 4th, 2024
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Response to high-resolution feedback

Slide pre-viewing
We upload the slides the day before the lecture.
Please check it out!
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Stanford CS224W:
Heterogeneous Graphs



Today: Heterogeneous Graphs

10/22

/24

So far we only handle graphs with one edge
type

How to handle graphs with multiple nodes or
edge types (a.k.a heterogeneous graphs)?

Goal: Learning with heterogeneous graphs
Relational GCNs
Design space for heterogeneous GNNs

Heterogeneous Graph Transformer (Time
permitting)



Heterogeneous Graphs: Motivation

2 types of nodes:
Node type A: Paper nodes
Node type B: Author nodes

10/22/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



Heterogeneous Graphs: Motivation

2 types of edges:
Edge type A: Like
Edge type B: Cite
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Heterogeneous Graphs: Motivation

A graph could have multiple types of nodes and
edges! 2 types of nodes + 2 types of edges.
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Heterogeneous Graphs: Motivation

8 possible relation types!

(Paper, Cite, Paper) Author, Cite, Author)

(Paper, Like, Paper) Author, Like, Author)
(Paper, Cite, Author)

(Paper, Like, Author)

(
(
(Author, Cite, Paper)
(

Author, Like, Paper)

Relation types: (node_start, edge, node end)
We use relation type to describe an edge (as
opposed to edge type)

Relation type better captures the interaction
between nodes and edges
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Heterogeneous Graphs

A heterogeneous graph is defined as
G=V,E1,0¢)

Nodes with node types v € V
Node type for node v: 7(v)

An edge can be

Edges with edge types (u,v) € E  describedasa

pair of nodes

Edge type for edge (u,v): ¢p(u, v)
Relation type for edge e is a tuple: r(u, v) =

(t(w), p(u, v), 7(v))

There are other definitions for heterogeneous graphs
as well — describe graphs with node & edge types
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Many Graphs are Heterogeneous Graphs (1)

Breast Diseases

. ’ migraine
Breast Neoplasms cerebral
Neoplasms by Site ISA . rl/lem haemorrhag
= %!
< Ss,
hromosome 7;%4 ) OO
ggregat C()) 2
A Z
BRCA1 < fulvestrant pyelonephritis
BIRC2
CASP8
pulmonary
embolism
A,
ESR2 S PIM1
ESR1 Uy, ABCBI
response
to estradiol

Biomedical Knowledge Graphs

Example node: Migraine
Example relation: (fulvestrant,
Treats, Breast Neoplasms)
Example node type: Protein
Example edge type: Causes

@® Dprug

@ Disease

4@ Adverse event

Protein
A Pathways

Event Graphs

Example node: SFO

Example relation: (UA689, Origin,
LAX)

Example node type: Flight
Example edge type: Destination
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Many Graphs are Heterogeneous Graphs (2)

Example: E-Commerce Graph
Node types: User, Item, Query, Location, ...
Edge types: Purchase, Visit, Guide, Search, ...
Different node type's features spaces can be different!

User Item Query

o il @ , - Shoes
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Many Graphs are Heterogeneous Graphs (3)

Example: Academic Graph
Node types: Author, Paper, Venue, Field, ...
Edge types: Publish, Cite, ...
Benchmark dataset: Microsoft Academic Graph

Author Venue Field

Publish Belong= = = = = Cite
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Discussions: Type or Feature?

Observation: We can also treat types of
nodes and edges as features

Example: Add a one-hot indicator for nodes and
edges

Append feature [1, 0] to each “author node”; Append
feature [0, 1] to each “paper node”

Similarly, we can assign edge features to edges with
different types

Then, a heterogeneous graph reduces to a
standard graph

When do we need a heterogeneous graph?
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Discussions: Type or Feature?

When do we need a heterogeneous graph?
Case 1: Different node/edge types have different
shapes of features

An “author node” has 4-dim feature, a “paper node” has
5-dim feature

Case 2: We know different relation types
represent different types of interactions

(English, translate, French) and (English, translate,
Chinese) require different models

There are many ways to convert a
heterogeneous graph to a standard graph
(that is, a homogeneous graph)
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Discussions: Heterogeneous?

Ultimately, heterogeneous graph is a more
expressive graph representation

Captures different types of interactions between
entities

But it also comes with costs
More expensive (computation, storage)
More complex implementation

10/22/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 16



Stanford CS224W:
Relational GCN (RGCN)



Kipf and Welling. , ICLR 2017

Recap: Classical GNN Layers: GCN

0 _ 0 EE u
h, ' = W
v =9 IN(v)|
UEN (v)

How to write this as Message + Aggregation?

Message
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https://arxiv.org/pdf/1609.02907.pdf

Relational GCN

We will extend GCN to handle heterogeneous
graphs with multiple edge/relation types
We start with a directed graph with one relation

How do we run GCN and update the representation of
the target node A on this graph?

Target Node

<l
<

Input Graph
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Relational GCN

We will extend GCN to handle heterogeneous
graphs with multiple edge/relation types
We start with a directed graph with one relation

How do we run GCN and update the representation of
Only pass messages
along direction of edges

the target node A on this graph?
Input Graph \l—'
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Target Node

<l
<




Relational GCN (1)

What if the graph has multiple relation types?

Target node ‘
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Relational GCN (2)

What if the graph has multiple relation types?
Use different neural network weights for
different relation types.

Target node ‘

“A 7 ‘ Weights W, for rzl:l

Input graph
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Relational GCN (3)

What if the graph has multiple relation types?
Use different neural network weights for
different relation types!

.
Target node ‘
@.
T, ‘ - A
o o ®
Input graph \ \~\

Neural networks
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Kipf and Welling. , ICLR 2017

Recap: Classical GNN Layers: GCN

h,’' =0 w =
y L IN@)
We add a self-loop
1) D) hy (D, {-1)
_ 2w D -
h® = o 2 WO e+ WOh

UEN (v)
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Relational GCN (4)

Introduce a set of neural networks for each

i |
relation type! ol

Weight for rel_1 Q‘ ,’
. O ’?‘
O

SRR - ) e
Weight for rel N \

N \
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Relational GCN: Definition

R(+D z z — WOh® + wOp®
v CUT
TER UEN],

How to write this as Message + Aggregation?

Message:
Each neighbor of a given relation: Cor = INg |
1
(1 l
m) = L wOn
CU,T'
Self-loop:
m® = wOR®
Aggregation:

Sum over messages from neighbors and self-loop, then apply activation

h = o (sum ({m0, u € N} U {m}))
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RGCN: Scalability

Each relation has L matrices: Wﬁl),wﬁz) wﬁL)
The size of each Wfl) ic (1) g d® is the hidden

dimension in layer [

Rapid growth of the number of parameters w.r.t
number of relations!

Overfitting becomes an issue

Two methods to regularize the weights W,fl)
(1) Use block diagonal matrices
(2) Basis/Dictionary learning

10/22/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 28



(1) Block Diagonal Matrices

Key insight: make the weights sparse!
Use block diagonal matrices for W,

38
W. =
" OO

\ O C>) Limitation: only nearby

neurons/dimensions
can interact through W

If use B blocks, then # param reduces from
A+ d® to By L 5 40
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(2) Basis Learning

Key insight: Share weights across different
relations!

Represent the matrix of each relation as a
of
W, =Y5_. a,, - Vp, where V}, is shared across
all relations
V, are the basis matrices
a,p is the importance weight of matrix V,,

Now each relation only needs to learn {a,; }_1,
which is B scalars
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Example: Entity/Node Classification

Goal: Predict the label of a given node
RGCN uses the representation of the final layer:

If we predict the class of node A from

Take the final layer (prediction head): hflL) e R,

each item in hflL) represents

Target Node ‘

®:
—
o o ©

Input Graph
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Example: Link Prediction

Link prediction: Make prediction using pairs of
node embeddings

Vur = f (W, h{)

What are the options for f(hg), h,(,L))?
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Prediction Heads: Link Prediction

Options for f(h,(f), hf,L)):
Dot product
Vuv = (hELL))Thi(JL)
This approach only applies to 1-way prediction

(e.g., link prediction: predict the existence of an
edge)
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Setting up Link Prediction

Transductive link prediction split:

©

(1) At training time:
Use training message
edges to predict

10/22/24

The original graph

©

(2) At validation time:
Use training message
edges &

to
predict

(3) At test time:
Use training message
edges &

to
predict
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Example: Link Prediction

Link prEd|Ct|0n Spllt: Every edge also has a
9 relation type, this is
Split independent of the 4
—_ categories.

In a heterogeneous
The original graph Split Graph with 4 graph, the homogeneous

categories of edges  graphs formed by every

Training message edges for 14 single relation also have
the 4 splits.
: S raining message edges

Training message edges for r,
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RGCN for Link Prediction (1)

Assume (E, 7, A) is
all the other edges are training message edges
Use RGCN to score (E, 75, A)!

Take the final layer of E and A: h,(EL) and th) e R4

Relation-specific score function f: RéxR% - R
One example f;. (hg, h,) = hyW, h,, W, € R**¢

*— e
i
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RGCN for Link Prediction (2)

Training:
’ 1. Use RGCN to score the
(E,r3,A)
“A * 2. Create a negative edge by perturbing
2
&) the (E; ) B)
. ‘ ‘ * Corrupt the tail of (E, 7, A)
e e.g., (E,5,B), (E,r5,D)
Input Graph
Note the negative edges should NOT
(E,75,A) belong to training message edges or
training message edges: all the rest
existing edges (solid lines) e.g., (E,r3,C) is NOT a negative edge

(1) Use training message edges to
predict
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RGCN for Link Prediction (3)

Training:
1. Use RGCN to score the

B (E, 7, A)

’ 2. Create a negative edge by perturbing
. T, ‘ . the (E,7-,B)
2 3, Use GNN model to score negative edge
. . ‘ 4. Optimize a standard cross entropy loss
Input Graph (as discussed in Lecture 6)
the score of
2. Minimize the score of negative edge
£=—logo )~ log(1 ~ o(f;, (hz, 1)

o ... Sigmoid function
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RGCN for Link Prediction (4)

Evaluation:
Validation time as an example, same at the test time
‘ Evaluate how the model can predict the
‘ validation edges with the relation types.
- ~‘ Let’s predict validation edge (E, 3, D)
T, -
Ty Intuition: the score of (E, -, D) should be
‘ higher than all (E, -, v) where (E, -, v) is NOT
‘ ‘ in the training message edges and
Input Graph ,e.8., (E, 73, B)

(E,73,D)
training message edges &
all existing edges (solid lines)

(2) At validation time:
Use training message edges &
to predict
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RGCN for Link Prediction (5)

Evaluation:
Validation time as an example, same at the test time
‘ Evaluate how the model can predict the
validation edges with the relation types.
~‘ Let’s predict validation edge (E, 7, D)
T, -
Ty Intuition: the score of (E, -, D) should be
‘ higher than all (E, -, v) where (E, -, v) is NOT
‘ in the training message edges and
Input Graph ,e.8., (E, 73, B)

=

10/22/24

Calculate the score of (E, 7, D)

Calculate the score of all the negative edges: {(E, ., v)|v € {B, F }}, since (E, 1, A),
(E, 5, C) belong to training message edges &

Obtain the ranking RK of (E, -, D).

Calculate metrics

1. Hits@k: 1 [RK < k]. Higher is better

. 1 . .
2. Reciprocal Rank: e Higher is better
Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 40



RGCN for Link Prediction (6)

Evaluation:
Validation time as an example, same at the test time

“A ‘ fris(E,73,D)  RKof(E,,D): 1

fr3 (Er ’ B) 1. Hits@2 =1
frg (E,15,F) 2. Reciprocal Rank:%

Input Graph

Calculate the score of (E, 7, D)

2. Calculate the score of all the negative edges: {(E, ., v)|v € {B, F }}, since (E, 1, A),
(E, 5, C) belong to training message edges &

3. Obtain the ranking RK of (E, -, D).

4. Calculate metrics

1. Hits@k: 1 [RK < k]. Higher is better

2. Reciprocal Rank: %{. Higher is better
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RGCN for Link Prediction (6)

Evaluation:
Validation time as an example, same at the test time

“A ‘ fris(E,73,B)  RK of(E,r,,D):2

fr3 (Er ’ D) 1. Hits@2 =1
frg (E,15,F) 2. Reciprocal Rank:%

Input Graph

Calculate the score of (E, 7, D)

2. Calculate the score of all the negative edges: {(E, ., v)|v € {B, F }}, since (E, 1, A),
(E, 5, C) belong to training message edges &

3. Obtain the ranking RK of (E, -, D).

4. Calculate metrics

1. Hits@k: 1 [RK < k]. Higher is better

2. Reciprocal Rank: %{. Higher is better
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RGCN for Link Prediction (6)

Evaluation:
Validation time as an example, same at the test time

“A ‘ fris(E,73,B)  RKof(E,,,D):3

fr3 (E) ) F) 1. Hits@2 =0
frg (E,75,D) 2. Reciprocal Rank:%

Input Graph

Calculate the score of (E, 7, D)

2. Calculate the score of all the negative edges: {(E, ., v)|v € {B, F }}, since (E, 1, A),
(E, 5, C) belong to training message edges &

3. Obtain the ranking RK of (E, -, D).

4. Calculate metrics

1. Hits@k: 1 [RK < k]. Higher is better

2. Reciprocal Rank: %{. Higher is better
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Wang et al. Microsoft academic graph: When experts are not enough. Quantitative Science Studies 2020.

Benchmark for Heterogeneous Graphs (1)

Benchmark dataset

ogbn-mag from Microsoft Academic Graph (MAG)
Four (4) types of entities

Papers: 736k nodes
Authors: 1.1m nodes
: 9k nodes
: 60k nodes

Edge /—\
Cites P Edge

/ Vert B\ N Writes / / \
ﬁcefd g: ( [ Vertex "" [ Vertex | [ Vertex
\_ study / Paper Author Institution
EdMopertics Edge
Has-topie Fesiives Affiliated_to
Year
Label
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Wang et al. Microsoft academic graph: When experts are not enough. Quantitative Science Studies 2020.

Benchmark for Heterogeneous Graphs (2)

Benchmark dataset

ogbn-mag from Microsoft Academic Graph (MAG)
Four (4) directed relations

An author is "affiliated with" an
An author " " a paper

A paper "cites" a paper

A paper "has a topic of" a

Edge /—\
Cites Sl Edge

/ Vertex 2 4 N Writes / / N\ \
field of C Vertex ‘ [ Vertex [ Vertex
\ / \ Paper / \  Author | \ Institution |
i EdMopcrties mage
a8 _topio Features Affiliated_to
Year
Label
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Wang et al. Microsoft academic graph: When experts are not enough. Quantitative Science Studies 2020.

Benchmark for Heterogeneous Graphs (3)

Prediction task

Each paper has a 128-dimensional word2vec feature vector

Given the content, references, authors, and author affiliations
from ogbn-mag, predict the venue of each paper

349-class classification problem due to 349 venues considered
Time-based dataset splitting

Training set: papers published before 2018
Test set: papers published after 2018

Edge /\
Cites Ty  Edge \ T

field of G Vertex ‘ [ Vertex | [ Vertex |
\ / . Paper | \  Author | | Institution |
\ study / ape uino S /
H EdMopertics Edge
as_topic Features Affiliated_to
Year
Label
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Wang et al. Microsoft academic graph: When experts are not enough. Quantitative Science Studies 2020.

Benchmark for Heterogeneous Graphs (4)

Benchmark results:

Ext. Test Validation
Rank Method data Accuracy Accuracy Contact References  #Params Hardware Date
1 SeHGNN (ComplEx No 0.5719 + 0.5917 + Xiaocheng Yang (ICT- Paper, 8,371,231 NVIDIA TeslaT4 (15  Jul 7,
GB) 2022

SOTA embs) 0.0012 0.0009 GIMLab) Code

Paper, 154,366,772  GeForce RTX2080  Jun 26,

21 NeighborSampling (R- No 0.4678 + 0.4761 + Matthias Fey — OGB
R-GCN GCN aggr) 0.0067 0.0068 team Code (11GB GPU) 2020
SOTA method: SeHGNN
ComplEx (Next lecture) + Simplified GCN
Edge /\
Cites Edge T
N Writes '
\;chtc;( Vertex "“ [ Vertex Vertex
Isiu d?/ Paper Author Institution
B Edg(}\_/P - 7t . o \-E‘:.d/
Has_topic *oatures Afﬁliatzg_to
Year
Label
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Summary of RGCN

10/22

/24

Relational GCN, a graph neural network for
heterogeneous graphs

Can perform entity classification as well as
link prediction tasks.

ldeas can easily be extended into RGNN
(RGraphSAGE, RGIN, RGAT, etc.)

Benchmark: ogbn-mag from Microsoft
Academic Graph, to predict paper venues

CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



Stanford CS224W:
Design Space of
Heterogeneous GNNs



J.You, R.Ying, J. Leskovec. , NeurlPS 2020

Recap: GNN Framework

How do we extend the general GNN design
space to heterogneous graphs?

S — et

(2) Aggregation

| GNN Layer 1

% - @ (1) Message

(3) Layer

connectlvlty ..................................... |.i .................

GNN Layer2

(4) Graph augmentation
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Recap: Message Computation

Message function: mg) = MSGW (hg_l))

Intuition: Each node will create a message, which will be
sent to other nodes later

Example: A Linear layer m() W(l)hg_l)

Node v
TARGETl NODE ‘[
4 (2) Aggregation
/ %:¢ i (1) Message
INPUT GRAPH . ‘ .
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Heterogeneous Message

Heterogeneous

Message function: m,(f) MSG(D (h(l 1))
Observation: A node could receive multiple types of
messages. Num of message type = Num of relation
type
Idea: Create a different message function for each
relation type

mg) = MSG,(AZ) (h,&l_l)), r = (u, e, v) is the relation

type between node u that sends the message, edge
type e, and node v that receive the message

Dy, (1-1
Example: ALmearIayerm() ,f)hﬁ )
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Recap: Message Aggregation

Intuition: Each node will aggregate the messages from
node v’s neighbors

h’ = AG6® ({m$,u € N(v)})

Example: Sum(-), Mean(-) or Max(-) aggregator
hl = sSum(m®,u e N}

TARGET NODE Node v
: b
/A : (2) Aggregation

¥ o ¢® (1) Message

INPUT GRAPH . . .
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Heterogeneous Aggregation

Heterogeneous

Observation: Each node could receive multiple types of
messages from its neighbors, and multiple neighbors
may belong to each message type.

Idea: We can define a 2-stage message passing

h® = acc®) (AGG,(,” ((mPuen (v)}))

Given all the messages sent to a node

Within each message type, aggregate the messages

that belongs to the relation type with AGG,(,D
Aggregate across the edge types with AGGgl)l

Example: h,(,l) = Concat (Sum ({ Duen (U)}))
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Recap: Layer connectivity

(3) Layer connectivity

Add skip connections, pre/post-process layers

MLP Layer

R —— R

2

MLP Layer

MLP Layer

2

MLP Layer

10/22/24

Pre-
process
layers

Skip

Post-
process
layers

e

Pre-processing layers: Important when
encoding node features is necessary.
E.g., when nodes represent images/text

Post-processing layers: Important when
reasoning / transformation over node
embeddings are needed

E.g., graph classification, knowledge graphs

In practice, adding these layers works great!
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Heterogeneous GNN Layers

Heterogeneous pre/post-process layers:
MLP layers with respect to each node type

Since the output of GNN are node embeddings

l l
hy’ = MLPy,) (hy,”)
T'(v) is the type of node v

Other successful GNN designs are
also encouraged for heterogeneous
GNNs: skip connections, batch/layer
normalization, ...

10/22/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu

MLP Layer

¥

MLP Layer

MLP Layer

¥

MLP Layer

N b

Pre- :
process
layers :

Post- :
process
layers

e S
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Recap: Graph Manipulation

Graph Feature manipulation

The input graph lacks features > feature
augmentation

Graph Structure manipulation
The graph is too sparse = Add virtual nodes / edges

The graph is too dense = Sample neighbors when
doing message passing

The graph is too large = Sample subgraphs to
compute embeddings

Will cover later in lecture: Scaling up GNNs
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Heterogeneous Graph Manipulation

Graph Feature manipulation
2 Common options: compute graph statistics (e.g.,
node degree) within each relation type, or across the
full graph (ignoring the relation types)

Graph Structure manipulation
Neighbor and subgraph sampling are also common
for heterogeneous graphs.

2 Common options: sampling within each relation
type (ensure neighbors from each type are covered),
or sample across the full graph
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Recap: GNN Prediction Heads

Node-level prediction:

y» = Headpgqe (th)) — W(H)hI(JL)
Edge-level prediction:

A~ L L
Yuv = Headedge (h‘l(,L )' h1(7 ))z

Linear(Concat(h'®’, h{*)))
Graph-level prediction:

¥ = Headgyapn ({hy” € R?, Vv € G})
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Heterogeneous Prediction Heads

Node-level prediction:

~ L H L
Yy = Headpoge, 7(v) (h1(7 )) — W;(g)hw(; )

Edge-level prediction:
~ L) 1. (L
Yuv = Headedge,r(hg )' h1(7 ))z
Linear, (Concat(hg), h,(,L)))
Graph-level prediction:
~ L
Ye = AGG(Headgraph,i({hg) S
R, VT (v) = i}))
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Recap: Graph Attention Networks

l -1
hi()) — O-(ZuEN(v) avuw(l)hq(i ))

Not all node’s neighbors are equally important
Attention is inspired by cognitive attention.

The attention a,,,, focuses on the important parts of
the input data and fades out the rest.

Idea: the NN should devote more computing power on that
small but important part of the data.

Can we adapt GAT for heterogeneous graphs?
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Basics: Attention in Transformer

HGT uses Scaled Dot-Product Attention

(proposed in Transformer)
Scaled Dot-Product Attention

Attention(Q, K, V) = softmax( QKT 1%
Vi t
Query: Q, Key: K, Value: IV fMatMUIA
0, K,V have shape (batch_size, dim) “—5—
How do we obtain Q, K, V? Maskf@pt-)
Apply Linear layer to the input Scale
Q = Q_Linear(X) i
K = K_Linear(X) (g P1< )

V =V_Linear(X)
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Hu et al. Heterogeneous Graph Transformer. WWW 2020.

Heterogeneous Mutual Attention (1)

Recall: Applying GAT to a homogeneous graph

HW is the I-th layer representation:

H'[t] « Aggregate ‘Attention(s, t) ‘ Message(s))

VseN(t) Ve€E(s,!)

How do we take relation type (node_s, edge,
node_e) into attention computation?

concat/avg /
—~ > h}
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https://arxiv.org/abs/2003.01332

Hu et al. Heterogeneous Graph Transformer. WWW 2020.

From Transformers to GATs

Mutual Attention:
ATT-head' (s, t) = (Ki (s) Qi(t)T)

K'(s) = K-Linear® (H(l_l) s)

Q'(t) = Q-Linear® (H(l_l) t)

A set of neural networks for the attention scores of
each edge.
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https://arxiv.org/abs/2003.01332

Heterogeneous Graph Transformer

Motivation: GAT is unable to represent different
node & different edge types

Introduce a set of neural networks for each
relation type is too expensive for attention

Recall: relation describes (node_s, edge, node_e)

SEEERCN - Iy BEAeie

Weight for rel_1 I ::{:.
O BN

" \ Too expensive!
Weight for rel N I :>§. »
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https://arxiv.org/abs/2003.01332

Hu et al. Heterogeneous Graph Transformer. WWW 2020.

Heterogeneous Mutual Attention (2)

Innovation: Decompose heterogeneous attention to
Node- and edge-type dependent attention mechanism
3 node weight matrices, 2 edge weight matrices

Without decomposition: 3*2*3=18 relation types -> 18
weight matrices (suppose all relation types exist)

Paper X
t >| Q-Linearpgper |

Write Cite
— Att[s1,t]

ATT
l1’Cite

S, f=——>{ K-Linearpgper

Paper

WATT ||=> Att[s2,t]

S1 K-Lineargythor Write

Author
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https://arxiv.org/abs/2003.01332

Hu et al. Heterogeneous Graph Transformer. WWW 2020.

Heterogeneous Mutual Attention

Heterogeneous Mutual Attention (First Attempt):
ATT-head"(s,e,1) = (K} (s) Q} (1))
Kq;(e)(s) = K-Linear;(e) (H (I-1) s)
Q;(e)(t) = Q-Lineariﬁ(e’) (H(l_l) :t:)

Introduce a set of neural networks for the attention
scores of each relation type.

Too expensive for attention!
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https://arxiv.org/abs/2003.01332

Hu et al. Heterogeneous Graph Transformer. WWW 2020.

Heterogeneous Mutual Attention (3)

Heterogeneous Mutual Attention:

ATT-head' (s, e, t) = (Ki(S) W;;l(g[ Qi(t)T)

7(s)
Ol(t) = Q—Lineari(t) (H(l_l) t)

Each relation (7(s), @(e), T(t)) has a distinct set
of projection weights

K'(s) = K-Linear® (H(l_l) s)

7(5): type of node s, @(e): type of edge e

7(s) & T(t) parameterize K_Linear (s & Q_Linear (),
which further return Key and Query vectors K(s) & Q(t)
Edge type @ (e) directly parameterizes W,
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https://arxiv.org/abs/2003.01332

More Details on HGT

A full HGT layer

A= @ ([Attents e, 1) M et
[1] VseN(t)(lA entionysr(s, e )‘ essager;r(s,e ))

We have just computed

Similarly, HGT decomposes weights with node & edge
types in the message computation

Messager;57(s, e, t) = || MSG-headi(s, e,t)
i€[1,h]

¢(e)

Weights for Weights for
each node type each edge type

MSG-head' (s, e, t) = M-Lineari(s) [H(l—l) [s]) wMSG
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Hu et al. Heterogeneous Graph Transformer. WWW 2020.

HGT vs R-GCN: Performance

Benchmark: ogbn-mag from Microsoft
Academic Graph, to predict paper venues

Ext. Test Validation
Rank Method data Accurac y Accurac y Contact References #Params Hardware Dat
18 HGT (LADIES Sample) No 0.4927 + 0.4989 + Ziniu H Paper, 21,173,389 Tesla K80 (12GB Jan 26,
0.0061 0.0047 Code GPU) 2021
21 NeighborSampling (R- No 0.4678 + 0.4761 + Matthias Fey — OGB Paper, 154,366,772  GeForce RTX 2080  Jun 26,
GCN aggr) 0.0067 0.0068 team Code

(11GB GPU) 2020

HGT uses much fewer parameters, even

though the attention computation is expensive,
while performs better than R-GCN

Thanks to the weight decomposition over node &
edge types

10/22/24 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu

71


https://arxiv.org/abs/2003.01332

J.You, R.Ying, J. Leskovec. , NeurlPS 2020

Summary: Heterogeneous GNN

Heterogeneous GNNs extend GNNs by separately
modeling node/relation types + additional AGG

S — et

(2) Aggregation

| GNN Layer 1

% - @ (1) Message

(3) Layer

connectlvlty ..................................... |.i .................

GNN Layer2

(4) Graph augmentation
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https://arxiv.org/pdf/2011.08843.pdf

Summary of the Lecture

Heterogeneous graphs: graphs with multiple
nodes or edge types
Key concept: relation type (node_s, edge, node_e)

Be aware that we don’t always need
heterogeneous graphs

Learning with heterogeneous graphs
Key idea: separately model each relation type
Relational GCNs
Design space for heterogeneous GNNs
Heterogeneous Graph Transformer
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