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EXAMPLE: PROTEIN FOLDING

Given this... ...predict this:

State space:
order of 103%
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EXAMPLE: PROTEIN FOLDING

Given this... ...predict this:

State space:
order of 103%

“In theory, a protein’s amino
- acid sequence should fully
determine its structure”
(Christian Anfinsen, 1972
Nobel Prize in Chemistry)
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Overview of a GNN Computation

Graph structure Input features

Each vertex and often also
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with a feature vector
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Overview of a GNN Computation
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Overview of a GNN Computation
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Types of Samples & Downstream Tasks in GNNs
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Dependencies
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Types of Samples & Downstream Tasks in GNNs
Vertices (dependent)
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Types of Samples & Downstream Tasks in GNNs
Vertices (dependent)

Example: atom
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Types of Samples & Downstream Tasks in GNNs
Vertices (dependent)

Example: atom

Example classification task: predict the atom element

Example regression task: predict the atom charge
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Types of Samples & Downstream Tasks in GNNs

Edges (dependent)

Example: atomic bond

Example classification task: predict the bond type

Example regression task: predict the bond valence




spcl.inf.ethz.ch oo o
v owien  ETH ZUrich
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Edges (dependent)

Example: atomic bond

Example classification task: predict the bond type

Example regression task: predict the bond valence
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Types of Samples & Downstream Tasks in GNNs
Graphs (independent)

Ve

Example: chemical molecule

u Example classification task: predict the class of a molecule

Example regression task: predict the solubility of a molecule
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Types of Samples & Downstream Tasks in GNNs
Graphs (independent)

Example: chemical molecule

u Example classification task: predict the class of a molecule

Example regression task: predict the solubility of a molecule
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Types of Samples & Downstream Tasks in GNNs
Graphs (dependent)

Example: interacting protein

Example classification task: predict the protein type

Example regression task: predict molecular weight




spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Types of Samples & Downstream Tasks in GNNs
Graphs (dependent)

Example: interacting protein

Example classification task: predict the protein type

Example regression task: predict molecular weight
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Types of Samples & Downstream Tasks: GNNs vs. Traditional DL




spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Types of Samples & Downstream Tasks: GNNs vs. Traditional DL
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Types of Samples & Downstream Tasks: GNNs vs. Traditional DL

Dependencies between
samples in GNNs
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Types of Samples & Downstream Tasks: GNNs vs. Traditional DL

Dependencies between Even in independent graph case,
samples in GNNs there are intra-sample dependencies
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Types of Samples & Downstream Tasks: GNNs vs. Traditional DL

As we’ll see later, these dependencies make
parallelism in GNNs much more complex

than in traditional DL

Dependencies between Even in independent graph case,
samples in GNNs there are intra-sample dependencies
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Overview of a GNN Computation

GNN model

Training

Apply one or
more GNN layers
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Inference

Apply one or
more GNN layers
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A Single GNN Layer

Input
samples
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A Single GNN Layer

Graph-related Neural network
operation, usually related operation,
Input sparse (e.g., graph usually dense
samples convolution) (e.g., MLP)
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A Single GNN Layer

Graph-related Neural network Normalization,
operation, usually related operation, non-linearity
Input sparse (e.g., graph usually dense (optional)
samples convolut'lon) (e.g., MLP)
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Layers: GNNs vs. Traditional DL

Graph-related Neural network Normalization,
operation, usually related operation, non-linearity
Input sparse (e.g., graph usually dense (optional)
samples convolutlon) (e.g., MLP)
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Graph-related Neural network
operation, usually related operation,
Input sparse (e.g., graph usually dense
samples convolut'lon) (e.g., MLP)
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Normalization,

non-linearity

(optional)
Next
GNN
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Layers: GNNs vs. Traditional DL

Graph-related Neural network Normalization,
operation, usually related operation, non-linearity
Input sparse (e.g., graph usually dense (optional)
samples convolution) (e.g., MLP)
@ Next
GNN
\| layer

convolution
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Layers: GNNs vs. Traditional DL
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operation, usually related operation, non-linearity
Input sparse (e.g., graph usually dense (optional)
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. . - . Different colors correspond to
Parallelism in Traditional Deep Learning different (parallel) workers

Pictures taken from: “Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis”, T. Ben-Nun, T. Hoefler, ACM CSUR, 2018
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Data parallelism

Pictures taken from: “Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis”, T. Ben-Nun, T. Hoefler, ACM CSUR, 2018 24
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. . - . Different colors correspond to
Parallelism in Traditional Deep Learning different (parallel) workers

Data parallelism Model parallelism

Pictures taken from: “Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis”, T. Ben-Nun, T. Hoefler, ACM CSUR, 2018
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. . - . Different colors correspond to
Parallelism in Traditional Deep Learning vs. GNNs different (parallel) workers

Data parallelism
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Different colors correspond to

Parallelism in Traditional Deep Learning vs. GNNs different (parallel) workers
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. . . . Different colors correspond to
Parallelism in Traditional Deep Learning vs. GNNs different (parallel) workers
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Why use: Samples are
partitioned across workers
because the whole graph
does not fit into the
memory of one worker
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Different colors correspond to

Graph [partition] parallelism

different (parallel) workers

Why use: Samples are
partitioned across workers
because the whole graph
does not fit into the
memory of one worker
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Graph [partition] parallelism

different (parallel) workers

Why use: Samples are
partitioned across workers
because the whole graph
does not fit into the
memory of one worker

Each vertex and/or
edge falls into
some partition
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. . . Different colors correspond to
Dependent mini-batch parallelism different (parallel) workers
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partitioned across workers
to accelerate convergence
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. . . Different colors correspond to
Dependent mini-batch parallelism Samples may fall different (parallel) workers

into more than one
mini-batch
Why use: Samples are

partitioned across workers
to accelerate convergence
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Not all samples
necessarily belong
to a mini-batch




v owien  ETHZzirich
. e . Different colors correspond to
Independent mini-batch parallelism different (parallel) workers

(cf. stochastic mini-batch training)
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Why use: Samples are
partitioned across workers
to accelerate convergence
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necessarily belong
to a mini-batch

30



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

or e . . Different colors correspond to
Graph partition vs. mini-batch parallelism different (parallel) workers



spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

Different colors correspond to

Graph partition vs. mini-batch parallelism different (parallel) workers

Data parallelism

Graph [partition] parallelism

Distributing a batch (or potentially a large mini-
-batch) over several workers due to its large size

Partition

Partition

Partition
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Different colors correspond to

Graph partition vs. mini-batch parallelism different (parallel) workers
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Graph [partition] parallelism Mini-batch parallelism
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Different colors correspond to

Graph partition vs. mini-batch parallelism different (parallel) workers
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0
GCN [128] C-GNN ——h,

]

GraphSAGE [101] ‘
i C-GNN  h;

® i C-GNN  h;

(Static)  CommNet [192] C-GNN  h;
Vanilla T
attention [201]  ACGNN (b -h;) hy
MoNet [158] A-GNN  exp (—1 (b — w;)" W3 (hy — Wj))
xp(o(a”. 2 :
GAT [202] A-GNN i [“;h Wey|)) h,
Zyenc) @P(o(a [Whi|[Why|))

Attention-based hlh; .
GNNs [196] AGNN w0
G-GCN [47] MP-GNN & (W1h; + W3h;) © h,
GraphSAGE [101] _
el MP-GNN o (Wh; + w)

EdgeConv [216]
“choice 1”
EdgeConv [216]
“choice 5”

MP-GNN Wh;

MP-GNN o (W; (hj — h;) + W3h;)
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Parallel Analysis of lb h{* =¢ |0, P v ("0
J
JEN((2)
Output .
n w Reference Class Formulation for v (h;, h;)
0
GCN [128] C-GNN ——h,
(]
GraphSAGE [101] ‘
fethiny C-GNN  h;
® v C-GNN  h;
(Stati)  CommNet [192] C-GNN  h,
Vanilla T
attention [201]  AGNN (b -h;) hy
MoNet [158] A-GNN  exp (—1 (b — w;)" W3 (hy - Wj))
xp| o aT- 4 ;
GAT [202] A-GNN i [“;h Wey|)) h,
. Eyeﬁu)e"l’(“(a [Wh" Why]))
(learnt) % - -
ttention-base ¥ h! h; .
GNNs [196] B Tk 6, |
G-GCN [47] MP-GNN o (W1h; + W3h;) © h;
GraphSAGE [101] _
fciiing) MP-GNN & (Wh; + w)

EdgeConv [216]
“choice 1”
EdgeConv [216]
“choice 5”

MP-GNN Wh;

MP-GNN o (W; (hj — h;) + W3h;)
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i (I+1) _ (1) ) 1, ()
Parallel Analysis of lb b =5 [, @ » ("0
JEN(3)
Output .
of w Reference Class Formulation for v (h;, h;)
GCN [128] C-GNN ——h,
GraphSAGE [101] ’
(megn) C-GNN  h;
._ GIN [226] C-GNN  h
(Stati)  CommNet [192] C-GNN  h;
Vanilla
attention [201]  A"GNN (b - hy) h;
MoNet [158] AGNN  exp (-1 (h; — wj)T W3 (b - Wj))

exp (o- (aT . [th-

wel)

@ cNr R D
(learnt) Attention-based h h;
GNNs [196] AN 7 e, e
G-GCN [47] BN © (Wihi + Wah;) ©h;
o grgcﬂf;@ 1O Mp.GNN' & (Wh; + w)
o] il o w

EdgeConv [216]

“choice 5” MP-GNN o (W; (h; —h;) + W3h,)
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Parallel Analysis of ¢ R+ = 4 (hqgo, D (hg”,hg”))

JEN(2)

Output Dimensions & density of one

of w Reference Class Formulation for v (h;, h;) execution of ¢ (h;, h;)

GCN [128] C-GNN ——h, ¢l
14

GraphSAGE [101] CGNN h, []
(mean) "

® v C-GNN  h; il

(Static)  CommNet [192] C-GNN  h; [

Vanilla T X X
smention201]  AGNN (BT -) By (=20 )-H
MoNet [158] A-GNN exp (—% (h; —w;)T Wj—l (h; — Wj)) exp(l:...] x [ > [ )

- (:..-: [[:] <l || il <Hl D

oo (o [ [, )

@ U EEE s omC ) T "TICE)
(learnt) Attention-based hT h, I
GNNis [196] Y i i, (E'"J '[5]) B
G-GCN [47] MP-GNN o (W1h; + W2h;) © h; ([..] x [5]) o
Of “choice1” N Wh; B > [
Eff;fg‘g" 2161 \ip.GNN o (W, (h; — h;) + Wyh;) B <[4
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Parallel Analysis of ¢ R+ = 4 (hqgo, D (hg”,hg”))

JEN(2)

Output Dimensions & density of one

of w Reference Class Formulation for v (h;, h;) execution of ¢ (h;, h;)

GCN [128] C-GNN ——h, ¢l
14

GraphSAGE [101] CGNN h, []
(mean) "

® v C-GNN  h; il

(Static)  CommNet [192] C-GNN  h; [

Vanilla T X X
smention201]  AGNN (BT -) By (=20 )-H
MoNet [158] A-GNN exp (—% (h; —w;)T Wj—l (h; — Wj)) exp(l:...] x [ > [ )

- (:..-: [[:] <l || il <Hl D

oo (o [ [, )

@ U EEE s omC ) T "TICE)
(learnt) Attention-based hT.h; I
GNNis [196] Y i i, (E'"J '[5]) B
G-GCN [47] MP-GNN & (W1h; + Wsh;) © h; ([..] < i ) off
O el MP-GNN Wh B < [ : } #features
thg(flfgg“’ [216] 'MP-GNN o (W, (b, — h;) + Wah;) B < [ ® (k)
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Parallel Analysis of ¢ R+ = 4 (hqgo, D (hg”,hg”))

JEN(4)
Output Referen cl r lation £ h he Dimensions & density of one Work & depth of one
of w SRESE ews oemulation foryp (h, hy) execution of ¢ (h;, h;) execution of ¢ (h;, h;)
GCN [128] C-GNN ——h, c [ O(k) 0(Q1)
197
GraphSAGE [101] ’
(megn) C-GNN  h; H o1) o@)
._ GIN [226] C-GNN  h; [ o@1) o1
(Stati)  CommNet [192] C-GNN  h; 0 o(1) 0Q)
Vanilla
atontion 201]  AGNN_ (b -hy) by (=28 )-8 O(k)  Ollogh)
MoNet [158] A-GNN  exp (—% (hj —w;)T Wi (b — Wj)) exp([m] < [l < [ ) O (k?)  O(logk)
e SCHERTEET
GAT [202] A-GNN (o [‘Zh‘HWh”])) h, B O (dk2) O (logk + logd)
. >ena) =@(e(a {thHWhyD) 3 exp ([...] [[ggg] <[i] H HEE J)
(learnt) % - -
ttention-base h! h; . :
G-GCN [47] MP-GNN o (W1h; + Wzh;) © h; ([..] <[] ) of O(k2) O(logk)
GraphSAGE [101
: o CEHO MPGNN o (W, +w) Bl [ O(k?)  O(logk)
EdgeConv [216] 2edl < K
EdgeConv [216
“choice EX[ ' 'MP-GNN o (W, (b; — b)) + Wshy) B < [ O(k?)  O(logk)
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features hitY = ¢ (hg”, D v (hz(.”,h(.”))

. J
d: maximum degree FEN (i)
Output . Dimensions & density of one Work & depth of one
of w Reference Class Formulation for v (h;, h;) exeoulion of {(hi, hs) execution of (b i)
GO [ - o ‘B work: total #operations ©® O
giigg)SAGE 01l conN b, i depth: _Iongest chain _of o) o)
._ GIN [226] C-GNN  h; H] sequential dependencies o(1)  0(1)
(Stati)  CommNet [192] C-GNN  h; 0 o(1) 0Q)
Vanill
attention [201]  AGNN (b7 -hy) by (=20 )-H (k) Oflogh)
MoNet [158] A-GNN  exp (—% (hj —w;)T Wi (b — Wj)) eXp([m] x [ < [ ) O (k*) O(logk)
el SCHERTEET
@ o\ AGNN = ﬂp( EE (U([z,h{ivzjflgl DE %f O (dk?) O (logk + log d)
AR T )
Attention-based hlh; . Y .
GNNs [196] AGNN  wptslrh, ( ta - [ ) 0 O(k)  O(logk)
G-GCN [47] MP-GNN o (W1h; + Wzh;) © h; ( B~ [ ) of O(k2) O(logh)
: grj(ﬂ}if;@ 101 'MPGNN & (Wh, + w) B < [ O(k?) O(logk)
® Effjfg’i“’ 216 \ip.GNN Wh;, B x [ E } I#;;eatures O(k?)  O(logk)
EdgeConv [216]  [MP.GNN & (W1 (hy — h;) + Wah;) Bl < Ok2)  O(logk)

“choice 5”
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features hitY = ¢ (hg”, D v (h§l),h(.l)))

. J
d: maximum degree FEN (i)
Output . Dimensions & density of one Work & depth of one
of w Reference Class Formulation for v (h;, h;) exeoulion of {(hi, hs) execution of (b i)
GCN [128 C-GNN c-f : - O(k O(1
il h[SA(]}E i C-GNNs almost always take ' work: total roperations (k) )
(megn) C-GNN 0(1) depth and O(1) work i depth: _Iongest chain _of o1) o)
._ GIN [226] C-GNN H] sequential dependencies o0@) o)
(Static)  CommNet [192]  C-GNN d o) o)
Vanill
= 201] B ( td - ) -H O(k)  O(logk)
MoNet [158] A-GNN exp ( a x i < [ ) O (k%) O(logk)

- (:..-: [[:] <l || il <Hl D

® GAT [202] A-GNN - (:---: [[] " H o D i O (dk?) O (logk + log d)
(learnt) Attention-based
GNNs [196] AeGNN (E'"J - ) H O(k)  O(logk)
G-GCN [47] MP-GNN ([..] <[ ) of O(k2)  O(logk)
: g);gg?;ciiwll e B < B O(k*)  O(logk)
of FdseConvlZél yponn B <H  fe } #features  o(?) O(loghk)
Egﬁgg 1513 2161 pp.oNN B <[] Y (k) O(k2) O(logk)
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features hith = ¢ (hg”, D v (hz(-l),h(-l)))

J

d: maximum degree FEN (i)
of) Reference Class  Formulation for i (h, h;) G i none,
22;;;8(]313 [101] - ‘B work: total #operations ©® O
@ Ty con CRMMMAGCAGLD | U0 O OO o
(Static)  CommNet [192]  C-GNN A-GNNs and MP-GNNs 0 o) 0@
sremion oy G (AN (- #) & o) R
MoNet [158]  A-GNN A A e T exp([m] < [l % [ ) O (k?) O(logk)

o T P GI:EI; oh?/\:; i)”: é :tlﬁrk exp (:-..: [[,] x[i] H B <l D i e e
GNNs [196] AeGNN (E'"J - ) H O(k)  O(logk)
G-GCN[47]  MP-GNN ([..] <[ ) of Ok?) O(logh)

: ggg}.g;ciim” MP-GNN B < [ O(k?)  O(logk)

of ‘Gt meonN SRS I } isatures 0@ Ofgh)
thgoelfgg" [216]  Nip.GNN B < [ (k) O(k%) O(logk)
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features hith = ¢ (hg”, D v (hz(-l),h(-l)))

J

d: maximum degree FEN (i)
Output . Dimensions & density of one Work & depth of one
of w Reference Class Formulation for v (h;, h;) execution of 1 (hi, ) exeeution of 1 (i, )
GCN [128] Sl G\ Ns almost always take TS B work: total #operations ©® O
GraphSAGE [101 _ :
e 101l c.onn 0(1) depth and O(1) work |l depth: longest chainof o) o)
._ GIN [226] C-GNN H] sequential dependencies o0@) o)
(Static)  CommNet [192] C-GNN A-GNNs and MP-GNNs i o1) 0Q)
Vanilla have much more complex N
attention [201] [ tormulations (E'"J H ) A O (k)  O(logk)
MoNet [158] A-GNN Nearly all A-GNNs and MP- exp([m] x [ < Bl ) O (k?) O(logk)
— P GNNs have O(k2) work exp (E"'J [[=] <H H B <[ D ’ AT it
£ h - og og
2 and Oflog k) dept Lo (e-a | ~H | B H | )
éﬁe;r‘;ifgaased A-GNN Most computationally ([...J B ) B O(k)  O(logk)
intense model, has also
G-GCN[47]  MP-GNN e e ([..] <[ ) of O(2) O(logh)
hSAGE [101
o (posing) - MP-GNN B < [ O(k?)  O(logk)
of FdseConvlZél yponn B * [ E } I#;;:atures O(k?)  O(logk)
thgoelfgg" 2161 Mmp.GNN B < [ O(k?)  O(logk)
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] n: #vertices in a graph  m: #edges in a graph
Parallel Analysis of 77b L: #layersina GNN  k: #features hith = ¢ (h,g”, D ¥ (h§”,h§”))

d: maximum degree JEN(3)
Output . Dimensions & density of one Work & depth of one
of 'Qb Betesonue e Esmmptation Sevptn, ) execution of ¢ (h;, h;) execution of ¢ (h;, h;)
GCN [128] Sl G\ Ns almost always take TS B work: total #operations ©® O
SRS 1) depth and O(1) work [ depth: longest chainof 0@1)  oq)
._ GIN [226] C-GNN H] sequential dependencies o0@) o)
(Static)  CommNet [192]  C-GNN A-GNNs and MP-GNNs 0 o(1) o)
Vanilla have much more complex N
attention [201] [ tormulations (E'"J H ) A O (k)  O(logk)
MoNet [158] A-GNN Nearly all A-GNNs and MP- exp([m] x B < [ ) O (k?) O(logk)
GAT [202] A-GNN GNNsEhavelO(kshwork - (M [[S] H H b - D g O (dk?) O (logk + logd)
g log k h L R
2. and O(log k) dept Lo (e-a | ~H | B H | )
éﬂﬁifg‘;ased A-GNN Most computationally ([...J B ) B O(k)  O(logk)
intense model, has also
G-GCN[47]  MP-GNN e e ([..] <[ ) of O(2) O(logh)
GraphSAGE [101] Rod X
: (Pocliling) MP-LNN Most models use GEMV; Eed < [ Ofc)  \Olloek)
® Eff;fg - SRV XN matrices and vectors are B <[] s } #features O(k?) O(logk)
EdgeConv [216] 3o o dense ]« ® (k) O(k2) O(logk)

“choice 5”
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features b =g (", P ¥ (hf.l),hg”)
d: maximum degree JEN(3)
Reference Class
GCN [128] C-GNN
GraphSAGE [101]
GIN [226] C-GNN
CommNet [192] C-GNN
Vanilla
attention [201] A-GNN
GAT [202] A-GNN
Attention-based
GNNGs [196] Lasll
MoNet [158] A-GNN
G-GCN [47] MP-GNN
GraphSAGE [101]
(ooling) MP-GNN
EdgeConv [216]
“choice 1” MP-GNN

EdgeConv [216]

“choice 5” MP-GNN
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] n: #vertices in a graph  m: #edges in a graph
Parallel Analysis of ¢ L: #layersina GNN  k: #features b =g (", P ¥ (hz(.l),hg.”)
d: maximum degree JEN(3)

Formulation of ¢ for h(l)

Reseemos - ¥ (h;, h;) are stated in Table 5
GCN [128] CGNN W x (e % (hy))
ey CONN W x (- (Semy ¥ ()
GIN [226] C-GNN  MLP ((1+ e)hi + ;e gy ¥ (b))

CommNet [192] C-GNN Wih; + W3 x (Zje Nt ¥ (hj))

. o] AGNN W x (35 ¥ (i, by))

GAT [202] A-GNN W x (zj 5 ¥ (hi,h ))

CNNs [196] . ACNN W (X, ¥ (0. 1y))

MoNet [158]  A-GNN W x (5,5 % (hy))

GGCN[47)  MP-GNN W x (e n+ (i) % (Bi, b))
g;gjgcﬁ 11 . (W x (]| (maxjency ¥ (i, b)) )
e 1 MP-GNN X sy ¥ ()

EdgeConv [216]

”ChOiCE 5!; MP—GNN InaxjeN_F(i) 1!) (h“ hj)
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] n: #vertices in a graph  m: #edges in a graph
Parallel Analysis of ¢ L: #layersina GNN  k: #features hitY = ¢ (hg”, D v (hz(-l),h(-l)))

d: maximum degree JEN(3) :

Refwence  Clas e e uiies  competing 4, oxcloding U0
GCN [128] C-GNN W x (zjeﬁm " (hj)) EENS
mewmy HCONN. Wox (- (Syem ¥ (89))) i <>l

Ktimes
GIN [226] C-GNN  MLP ((1+eh + ey ¥ (b)) il o B < [
CommNet [192] C-GNN  Wih; + Wa x (Ljen+ v (b))  El xSl
L o) ACNN Wx (50, ¥ (b hy)) Bl < 2l
GAT [202] AGNN W x (50 ¥ (hi, ) [ x>
GNs [ AN W (£crv (b)) >
MoNet [158] A-GNN W x (z T v,b(hj)) R
GGCN[47)  MP-GNN W x (e n+ (i) % (Bi, b)) [ < H
CrapReACE O MpGNN (W x (1 (maxsevo v (o)) ) B < (B | (B <) )
e 1 MP-GNN X sy ¥ () 2
e m 1Ol MP-GNN mae v+ s # (his by) 2
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features b =6 (0", P v (hz(-l), hg.”)
d: maximum degree FEN (i)

I W Elans Formulation of ¢ for h(.l); Dimensions & density of Work & depth (a whole training iteration
¥ (h;, h;) are stated in Table 5 computing ¢(-), excluding v (-) or inference, including ) from Table 5)

GCN [128] C-GNN W x (zje Ty Y (hj)) EESN: O(Lmk + Lnk?) O(Llogd + Llogk)

GraphSAGE [101

(nﬁi{a’n) 101 - N (di : ( pBIEET (hj))) EESN O(Lmk + Lnk?) O(Llogd + Llogk)

Ktlmes

GIN [226] C-GNN MLP ( +eoh + 3 cn) ¥ (hj)) [--- ,,_] x> [ O(Lmk + LKnk?) O(Llogd + LK logk)

CommNet [192] C-GNN Wih; + W5 x (z E— (hj)) Bl x> [ O(Lmk + Lnk?) O(Llogd+ Llogk)

Vanilla " s

attention [201] AGNN W x (Z e ¥ (i, hy)) SN O(Lmk + Lnk?) O(Llogd+ Llogk)

GAT [202] A-GNN W x (zjem) ¥ (hy, hj)) RN O(Lmdk? + Lnk?) O(Llogd + Llogk)

éﬁﬁf‘[’;‘g‘glased AGNN W x (5, ¥ (hi b)) TEDN OBk -Tk?) O(Dlega - Blopk)

MoNet [158] A-GNN W x (zj iy ¥ (hj)) B x> O(Lmk? + Lnk?) O(Llogd+ Llogk)

G-GCN [47] MP-GNN W x (Z e % O, hj)) B x> [ O(Lmk? + Lnk?) O(Llogd+ Llogk)

GraphSAGE [101

(prjgmg) 101 \1p NN (W x (hi (max; ey (i) ¥ (i, hy ))) B > ( : ([] xS} ) ) O(Lmk? + Lmk?) O(Llogd + Llogk)

Eff;f;‘;" 216]  prpoNN T en+ gy W5 S O(Lmk? + Lnk?) O(Llogd + Llogk)

Eff;ggg‘v 2161 \ip.gNN max;e n+ () ¥ (hi, hy) > H O(Lmk? + Lnk?) O(Llogd + Llogk)
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features b =6 (0", P v (hz(.l), hg.”)
d: maximum degree FEN (i)
Referaiice Class Formulation of ¢ for h,E”; Dimensions & density of Work & depth (a whole training iteration
¥ (h;, h;) are stated in Table 5 computing ¢(-), excluding v (-) or inference, including ) from Table 5)
GCN [128] C-GNN B <>" H O(Lmk + Lnk®) O(Llogd+ Llogk)
GraphSAGE [101] 2
C-GNN s x H O(Lmk + Lnk O(Llogd+ Llogk

(mean) Depth of one GNN E th: i ( J “Rihhe gk)
. imes

GIN [226] C-GNN ayer I ellmest el TN O Bk - B Rk, Tl L BEIaT

logarithmic (nice)

CommNet [192] C-GNN B x> [ O(Lmk + Lnk?) O(Llogd+ Llogk)

Vanilla " g

attention [201] A-GNN B <> [ O(Lmk + Lnk?) O(Llogd+ Llogk)

GAT [202] A-GNN 2 < O[] O(Lmdk? + Lnk?) O(Llogd + Llogk)

Attention-based . s s

GNNs [196] A-GNN B x> [ O(Lmk + Lnk?) O(Llogd+ Llogk)

MoNet [158] A-GNN i < > [] O(Lmk? + Lnk?) O(Llogd+ Llogk)

G-GCN [47] MP-GNN B x> O(Lmk? + Lnk?) O(Llogd + Llogk)

GraphSAGE [101] ;i 2 5

— MP-GNN B ([,] ‘ ([,3,] <[ ) ) O(Lmk? + Lnk?) O(Llogd + Llogk)

EdgeConv [216

“ Cfoi ce1” 2161 \ipGNN >0 O(Lmk? + Lnk?) O(Llogd+ Llogk)

EdgeConv [216

i dﬁ)i g 2161 \ip.gNN > O(Lmk? + Lnk?®) O(Llogd+ Llogk)
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features b =6 (0", P v (h§”,h§”>
d: maximum degree FEN (i)
Referaiice Class Formulation of ¢ for h,E”; Dimensions & density of Work & depth (a whole training iteration
1 (h;, h;) are stated in Table 5 computing ¢(-), excluding v (-) or inference, including ) from Table 5)
GCN [128] C-GNN Bl x> [ O(Lmk + Lnk?) O(Llogd+ Llogk)
GraphSAGE [101] 2
C-GNN B x> [ O(Lmk + Lnk“) O(Llogd+ Llogk)
(mean)
| Dep-th (I)f on;a (TNN -
GIN [226] C-GNN a\(g;; i?hr:\n(i)s (r?i\cNea;ys TN O Bk - B Rk, Tl L BEIaT
CommNet [192] C-GNN B x> [ O(Lmk + Lnk?) O(Llogd+ Llogk)
Vanilla
. A-GNN : : 2 < > F O(Lmk + Lnk?) O(Llogd+ Llogk)
attention [201] Work varies, being the Ed H
élt\t&;u[)gg]ased A-GNN is still logarithmic © B <> H O(Lmk + Lnk?)  O(Llogd + Llogk)
MoNet [158] A-GNN B <> [ O(Lmk? + Lnk?) O(Llogd+ Llogk)
G-GCN [47] MP-GNN B x> O(Lmk? + Lnk?) O(Llogd + Llogk)
gfj})’l}ﬁ;@ RNV XN [ x ([;] ‘ ([] x> H ) ) O(Lmk? + Lnk?) O(Llogd + Llogk)
ES?;S;T’ 2161 \ipGNN > H O(Lmk? + Lnk?) O(Llogd + Llogk)
Eff;f:gv 2161 \ip.gNN S H O(Lmk? + Lnk?) O(Llogd + Llogk)




spcl.inf.ethz.ch oo o
v owien  ETH ZUrich

n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of ¢ L: #layersina GNN  k: #features b =g (", P ¥ (hz(.l), hg.”)
d: maximum degree FEN (i)
Referaiice Class Formulation of ¢ for h,E”; Dimensions & density of Work & depth (a whole training iteration
1 (h;, h;) are stated in Table 5 computing ¢(-), excluding v (-) or inference, including ) from Table 5)
GCN [128] C-GNN EEME O(Lmk + Lnk?®) O(Llogd + Llogk)
GraphSAGE [101] 2
C-GNN IV O(Lmk + Lnk O(Llogd + Llogk
(mean) Depth of one GNN [ ] KZh:[] (Lm nk*) (Llog ogk)
. imes
GIN [226] C-GNN ayer I ellmest el TN O Bk - TR, O L Ieaa L BElomR)
logarithmic (nice)
CommNet [192] C-GNN B x> [ O(Lmk + Lnk?) O(Llogd+ Llogk)
Vanilla
: A-GNN : : IR H O(Lmk + Lnk?) O(Llogd+ Llogk)
attention. [201] Work varies, being the b H
Attention-based e oti i i " .
GNNs [196] A-GNN is still logarithmic © HESN| OG- Baksy  OfDleEa T Bl
MoNet [158] A-GNN B <> [ O(Lmk? + Lnk?) O(Llogd+ Llogk)
G-GCN [47] MP-GNN Al th,e TIBEIES CREl k] x> O(Lmk? + Lnk?) O(Llogd + Llogk)
GraphSAGE [101] matrix-vector dense
(pooling) NAPEEINN products and a sum of [ x ([5] ‘ ([] x> H ) ) O(Lmk? + Lnk?) O(Llogd+ Llogk)

EdgeConv [216]
“choice 1”7
EdgeConv [216]
“choice 5”

MP-GNN up to d dense vectors S H O(Lmk? + Lnk?) O(Llogd + Llogk)

MP-GNN S O(Lmk2 + Lnk?) O(Llogd + Llogk)
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] n: #vertices in a graph  m: #edges in a graph
Parallel Analysis of @ L: #layersina GNN  k: #features b =g (h", @ ¥ (hf.l),h;”)
d: maximum degree JEN(3)
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of @ L: #layersina GNN  k: #features b =g (h", @ ¥ (hz(.l),h;”)
d: maximum degree FEN (1)

Aggregation is almost always a

commutative and associative operation
such as min, max, or plain sum

47
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n: #vertices in a graph  m: #edges in a graph

Parallel Analysis of @ L: #layersina GNN  k: #features b =g (h", @ ¥ (hz(.l),h;”)
d: maximum degree FEN (1)

Aggregation is almost always a
commutative and associative operation
such as min, max, or plain sum

X1 X5 X3 Xq4 Xg Xg Xy Xg
Using established parallel tree é/
reduction algorithms, it takes

O(log d) depth and O(k d) work.

47
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] n: #vertices in a graph  m: #edges in a graph
Parallel Analysis of @ L: #layersina GNN  k: #features b =g (h", @ ¥ (hf.l),h;”)
d: maximum degree JEN(3)

Aggregation is almost always a
commutative and associative operation
such as min, max, or plain sum

X1 X5 X3 Xq4 Xg Xg Xy Xg

Using established parallel tree é/
reduction algorithms, it takes

O(log d) depth and O(k d) work.

Aggregation is the bottleneck in depth in many Y

considered models. This is because d (maximum
vertex degree) is usually much larger than k

47
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Global Formulations of GNN Models H(+tD) — A x HO x W)
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Global Formulations of GNN Models H(+tD) — A x HO x W)

Local formulation cheatsheet:

(1) Scatter w (2) UpdateEdge (3) Reduce (Aggregate) @
Update edge feature vectors Gather the feature vectors
ba:endd on él’:il_r p;\;lo:rsn)gal:es of t::";tlelghbonng ertices: aer;d

Send vertex feature
vectors along the edges

fjacent ve possibly edges of each ver
- - -
° o
° o
° o [ [ [3 [
° H . H H . H H
o (3 ° o ° (] 3 ° ° [ L
° 0l 3 o ° ° 3 ° ° * °
o ° o o [3 ° ° (] o o o 3 ° o
o o = o ® o [ = 03 o & o 4 o
o 3 ° o o : ® (] [ ] : :
o
HEH LI H o[ N
H e
. * o |
e °
° H s
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Global Formulations of GNN Models H(D = A x HO x W)

Local formulation cheatsheet:

re vectors

Send vertex feature
vectors along the edges ious values

jjacent vertices

i

Dense [sese] Sparse 1
- o000 H ®
matrix |333¢ [555] Etre|
sses| °°° "
-....- L J
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Global Formulations of GNN Models H(tD = A x HO x W)

Local formulation cheatsheet

Small dimension:
O(k) (#features)

Dense |sess| Spars_e
matrix EEE; 1L matrix .
HHIBE .
(5555 ( .

Large dimension: n (#vertices)



T
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Global Formulations of GNN Models H(D = A x HO x W)

Local formulation cheatsheet .
. @ . Example model: Graph Convolution Network

Small di ion:
otk (#;f?a’iﬁi%) 1210
Dense [ssss] ~ Sparsef 1 r -I s:: W(Z)
matrix 5555 [388] matrix . * .:: PP
| | al- X |33 X [
-....- L J ...
. . ° ess
eoo

Large dimension: n (#vertices)
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Global Formulations of GNN Models H(tD = A x HO x W)

Local formulation cheatsheet .
. ) ) a=m ) Example model: Graph Convolution Network

Highlighted row corresponds to the
neighbors of a specific vertex v, whose
feature vector is being computed

Small dimension: (l)
O(k) (#feature\s) H
|
Dense [e22e] Sparse| 1 \r 1 ::: W(Z)
matrix [$$3¢ [::g] matrix| ~ ° -4 Y
i 36 | oAl X | 888| X |33
Lecee | L ] 000
( ( . 83t
® @

Large dimension: n (#vertices)
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Global Formulations of GNN Models H(tD = A x HO x W)

Local formulation cheatsheet .
@ . Example model: Graph Convolution Network

] e ]—\ D [ Highlighted row corresponds to the  Highlighted column corresponds
HH I \[ 3§ & f neighbors of a specific vertex v, whose to the specific feature f that is
J 3 3 feature vector is being computed bemg computed for vertex v

Small di ion:
o(K (#'fré’iﬁsr%) 0
|
Dense [ssss] ~ Sparsef 1 \r -I b W(Z)
matrix 5555 [388] matrix . * ::: PP
) oAl X | 33| X |33
-....- L J ...
. . o ese
®DS

Large dimension: n (#vertices)
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Global Formulations of GNN Models H(tD = A x HO x W)

Local formulation cheatsheet .
O G () Example model: Graph Convolution Network

r; ] ’_\ 2 Highlighted row corresponds to the  Highlighted column corresponds
: ] I \H\[ |OB LR neighbors of a specific vertex v, whose to the specific feature f that is

feature vector is being computed / being computed for vertex v

(3) Reduce @

Small dimension:
O(k) (#features) H(l)

Y

A
(3
o0
o0

Large dimension: n (#vertices)

Dense [ssss] ~ Searsef 1 N r
(_::::_ (_ * ] A \- . §§§ 000
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- (I+1) — A s HO (1)
Global Formulations of GNN Models H — A xHY xW
Local formulation cheatsheet: .
2 vponcciss Example model: Graph Convolution Network

Highlighted row corresponds to the  Highlighted column corresponds
neighbors of a specific vertex v, whose  to the specific feature f that is
feature vector is being computed 4 being computed for vertex v

(3) Reduce @ (4) UpdateVertex (b

Small dimension:
O(k) (#features) H(l)

Dense l;;g;'\ sparse[ h \|' -I sss w ()

Large dimension: n (#vertices)



spcl.inf.ethz.ch oo o
v oo ETHZz(rich

Global Formulations of GNN Models H(D = A x HO x W)

Local formulation cheatsheet .
o) @D | () Example model: Graph Convolution Network

G ’—\ 2 Highlighted row corresponds to the  Highlighted column corresponds
P \[ 3 f o L neighbors of a specific vertex v, whose to the specific feature f that is
: 3 8 feature vector is being computed / being computed for vertex v

(3) Reduce @ (4) UpdateVertex (b

Small dimension: Eachvertex {row)
O(k) (#features) can be computed
| \ r ( in parallel 1 ", (Z)
Dense [s2s] Sparse[ 1 b 444
matrix |$258 [:::] matrix) ¢ X 44 X 41
02000 o000
seee| |eoe ® 000
/L] Ao A oo 34
. @
Large dimension: n (#vertices) :::
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Global Formulations of GNN Models H(D = A x HO x W)

Local formulation cheatsheet .
. (=D [) =@ a=m ) Example model: Graph Convolution Network

r= ] : D [ Highlighted row corresponds to the  Highlighted column corresponds
Im o [l ]\[ B A neighbors of a specific vertex v, whose to the specific feature f that is
/ : ] 3 3 feature vector is being computed bemg computed for vertex v

(4) UpdateVertex (b

(3) Reduce @

Small dimension:
Each vert
O(k) (#features) g b‘éeco?"f;fﬂ‘iﬁﬂ
| \ r ( in parallel 1
Dense [s328] Sparse[ 1 \
matrix |$33 [::g] matrix ’ o0 000
eoco | oo . 00 000
seee| |eoe ® 00
( 8318 ( y A X o0 X oeo
. . o 41
Large dimension: n (#vertices) 000

Each feature
(column) can

N be computed

in parallel
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Global Formulations of GNN Models H(D = A x HO x W)

Local formulation cheatsheet .
. (=D [) =@ a=m ) Example model: Graph Convolution Network

r= ] : D [ Highlighted row corresponds to the  Highlighted column corresponds
Im o [l ]\[ B A neighbors of a specific vertex v, whose to the specific feature f that is
/ : ] 3 3 feature vector is being computed bemg computed for vertex v

(4) UpdateVertex (b

(3) Reduce @

Small dimension: Eachvertex {row)
O(k) (#features) can be computed
| \ ( in parallel 1
Dense [ssss] Sparse[ 1 N r
matrix [$$3¢ [::g] matrix : 000 oee
eoco | oo . 00 X 000
s3as| Loee ; Al ® X|-eee 44
444 000 X X )
o ) ) o 44
Large dimension: n (#vertices) 000
(Each fea)ture
column) can
Combining partial features of ~— be computed
in parallel

a vertex may have to be synchronized
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Global Formulations of GNN Models H(D = A x HO x W)

Local formulation cheatsheet .
. (=D [) =@ a=m ) Example model: Graph Convolution Network

r= ] : D [ Highlighted row corresponds to the  Highlighted column corresponds
Im o [l ]\[ B A neighbors of a specific vertex v, whose to the specific feature f that is
/ : ] 3 3 feature vector is being computed bemg computed for vertex v

(4) UpdateVertex (b

(3) Reduce @

Small dimension: Eachvertex {row)
O(k) (#features) can be computed
| \ ( in parallel 1
Dense [ssss] Sparse[ 1 N r
matrix [$$3¢ [::g] matrix : 000 oee
eoco | oo . 00 X 000
s3as| Loee ; Al ® X|-eee 44
444 000 X X )
o ) ) o 44
Large dimension: n (#vertices) 000
(Each fea)ture
column) can
Combining partial features of ~— be computed
in parallel

a vertex may have to be synchronized
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Global Formulations of GNN Models H+D = (A ® (HU) x HU)T)) « HO x WO
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o T
Global Formulations of GNN Models H(+1) — (A ® (H(” « HO )) « HO x WO

Example model: Graph Attention Network based on Dot Product (Vanilla Attention)

(3) Reduce @

(4) UpdateVertex q5

A
. 33 wo

N
S~
N
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Global Formulations of GNN Models H(+1) — (A ® (H(l) « HO )) « HO x WO

Example model: Graph Attention Network based on Dot Product (Vanilla Attention)

(3) Reduce @

(4) UpdateVertex Q5

(2) UpdateEdge w

>

gO!

. 313 888 WO
H HO
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Global Formulations of GNN Models H(+1) — (A ® (H(l) « HO )) « HO x WO

Example model: Graph Attention Network based on Dot Product (Vanilla Attention)

(3) Reduce @

(4) UpdateVertex Q5

(2) UpdateEdge w

1§ [ Y|y [
. 2883 ssss| w

N
S~
N

[

Highlighted columns correspond / H( )
to two vertex feature vectors involved
in computing the edge attention score
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Global Formulations of GNN Models H(+1) — (A ® (H(l) « HO )) « HO x WO

Example model: Graph Attention Network based on Dot Product (Vanilla Attention)

All forms of parallelism
from the GCN example
also apply here

(3) Reduce @

(4) UpdateVertex Q5

(2) UpdateEdge w

A

1 ([l v Y\ ¥ [
| O || x | x |CEEE [
. 2883 88l wO

N
S~
N

[

Highlighted columns correspond / H( )
to two vertex feature vectors involved
in computing the edge attention score
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Global Formulations of GNN Models H(+1) — (A ® (H(l) « HO )) « HO x WO

Example model: Graph Attention Network based on Dot Product (Vanilla Attention)

All forms of parallelism
from the GCN example
also apply here

(3) Reduce @

All pairwise
productscan (2) UpdateEdge w (4) UpdateVertex q5
A in parallel
T |
1 H 1
. ﬁ
o | @ | x e | x |28 [38]
444+ 0000000000 :§:: 11
’ 311 isse| W

(1)

N
S~
N

Highlighted columns correspond / H
to two vertex feature vectors involved
in computing the edge attention score
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Global Formulations of GNN Models H(+1) — (A ® (H(l) « HO )) « HO x WO

Example model: Graph Attention Network based on Dot Product (Vanilla Attention)

All forms of parallelism
from the GCN example
also apply here

(3) Reduce @

All pairwise
products can

A be conducted (4) UpdateVertex QS

(2) UpdateEdge w

||| x T x| x [
. 2883 88l wO

All dot products
related to all pairs
(l ) of vertices can be
computed in parallel

N
S~
N

Highlighted columns correspond / H
to two vertex feature vectors involved
in computing the edge attention score
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Global Formulations: Parallel Analysis HD = f(A)O(..)xHOxWO

Reference

GCN [128]

GraphSAGE [101
(mean)

GIN [226]
CommNet [192]

Dot Product [201]

EdgeConv [216]
“choice 1”7

SGC [219]

DeepWalk [168]

ChebNet [72]

DCNN [6],
GDC [130]

Node2Vec [97]

LINE [148],
SDNE [207]
Auto-Regress
[250], [256]
PPNP

[43], [129], [230]
ARMA [38],
ParWalks [221]




Global Formulations: Parallel Analysis
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HHD) — F(A)O(..) xHOx WO

Reference

Algebraic formulation

for H(+1)
GCN [128] AHW
GraphSAGE [101 AHW
(mean)
GIN [226] MLP (((1 + eI+ Z&)H)

CommNet [192]

Dot Product [201]

EdgeConv [216]
“choice 1”

SGC [219]

DeepWalk [168]

ChebNet [72]

DCNN [6],
GDC [130]

Node2Vec [97]

LINE [148],
SDNE [207]
Auto-Regress
[250], [256]
PPNP

[43], [129], [230]
ARMA [38],
ParWalks [221]

AHW, + HW;

(A® (HHT)) HW

G a}i)fl HW

a(I—(l—a)K) "HW

b(I—aﬁ)_lHW
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Global Formulations: Parallel Analysis

HHD) — F(A)O(..) xHOx WO

Reference

Type

Algebraic formulation
for H(+1)

GCN [128]

L

GraphSAGE [101] L

(mean)

GIN [226]

CommNet [192]

L

L

Dot Product [201] L

EdgeConv [216]
“choice 1”

SGC [219]

DeepWalk [168]

ChebNet [72]

DCNN [6],
GDC [130]

Node2Vec [97]

LINE [148],
SDNE [207]
Auto-Regress
[250], [256]
PPNP

[43], [129], [230]
ARMA [38],
ParWalks [221]

L

P

P

-

AHW

AHW

MLP (((1 + eI+ Z&)H)
AHW,; + HW;

(A® (HHT)) HW

G a}i)fl HW

a(I—(l—a)K) "HW

b(I—aﬁ)_lHW
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Global Formulations: Parallel Analysis

HHD) — F(A)O(..) xHOx WO

Reference Type

Algebraic formulation

for H(+1)
GCN [128] L AHW
grizﬁ?AGE glull  [—
°® GIN [226] L  MLP (((1 + eI+ E)H)
[.. .. CommNet[192] L AHW,+HW,

Dot Product [201] L
EdgeConv [216]

“choice 1” s

SGC [219] P

o® Hf § DeepWalk [168] P

¢ ° 9 ChebNet [72] |
® L ]

DCNN [6], P

T E N GDC [130]

Node2Vec [97] P

LINE [148],
SDNE [207]

e? &L Auto-Regress R
°® [250], [256]
L ) PPNP
® ®

[43], [129], [230]
ARMA [38],

€T & 7, ParWalks [221] X

(A® (HHT)) HW

G aﬁ)fl HW

a(I—(l—a)K) "HW

b(I—aR)_lHW
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HHD) — F(A)O(..) xHOx WO

Algebraic formulation

Dimensions & density

Reference Type ¢ r HO+D) of deriving H(+1)

GCN [128] L AHW X [,] x [
GraphSAGE [101] AHW 5 I

(mean) [ ] Ed

GIN [226] L  MLP (((1 + I+ A)H [==] B x - x B

CommNet [192] L

Dot Product [201] L

EdgeConv [216]
“choice 1”

SGC [219] P

L

DeepWalk [168] P

ChebNet [72] |

DCNN [6],
GDC [130]

Node2Vec [97] P

-

LINE [148],

SDNE [207] =
Auto-Regress R
[250], [256]

PPNP R
[43], [129], [230]
ARMA [38], R

ParWalks [221]

AHW- + HW;

(A® (HHT)) HW
AHW
xZ

.."1 gy []

[
’ ] g

<
N

o
i
A
q
e SR, TR SRR

N

(; 1
(F] - F
( ... +.4 -' .
( :-.',...

( .

&
<[ < B

X X
F e e
Ll L1111 L1

338, 1238s0e, giesess; geester,
X
e

2 HH

L] wiery

X
i
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Global Formulations: Parallel Analysis

HHD) — F(A)O(..) xHOx WO

Algebraic formulation

Dimensions & density

Work & depth (one whole

Reteretice Typs for H(+1) of deriving H(!'+1) training iteration or inference)
GCN [128] L AHW ; ':: X [§§§] x ] O(mkL + Lnk?) O(Llogk + Llogd)
GraphSAGE [101 -~ e a2
(megn) [ ] AHW . X [55%] < [ O(mkL + Lnk?) O(Llogk + Llogd)
°® GIN [226] L  MLP (((1 + I+ Z&)H) L] % [==] x Bl x - x [ O(mkL + KLnk?) O(LK logk + LK log d)
. ' '.: ::: b
° . CommNet [192] L  AHW, + HW; ., [] x [ + [:] x [ O(mkL + Lnk?) O(Llogk + Llogd)
° L+
Dot Product [201] L (Ao (HHT)) HW .. ([s:] x [saass ) [§:] [55,] O(Lmk + Lnk?) O(Llogk + Llogd)
EdgeConv [216 g
i [216] 1 Amw HE [-::] x [ O(mkL + Lnk?)  O(Llogk + Llogd)
SGC [219] P ASHW : ',. ’ o [;g] x ] O(mnlogs + nk?) O(logk + log slogd)
L * -l_ . D (oo ) . T .
o1z DeepWalk [168] P (L7, A°)HW ( o ) X [g] x[l]  O(mnlogT +nk?) O(logk + log Tlog d)
ki PP I
* . ) ChebNet[72] P (£7,6,A°) HW ( el T ) % [g] xf]  O(mnlogT + nk?) O(logk + log T'log d)
o ® L+ o i H
DCNN [6], 3 [ g 2 & e
P E N CDC [1:[)’0]] P (Zz:l wsA ) HW ( :., | + ot ) X [g:] x [ O(mnlog T + nk?) O(logk + log T log d)
Node2Vec[97] P (11+(1-1)A+ 1A% HW ( - [ ] ) [ ] B O(mn+nk?) Ollosk + logd)
LINE [148], — T LT i )
. SDNE [207] P (A +6A ) HW ( s, [ ] ) x [E] x il O(mn + nk?) O(log k + log d)
i Auto-Regress ~\ 1 0 B
L = . B I 3 2 2
. 2501, [222) R ((1 +a)l aA) HW x [::] x il O(n3 + nk?) O(log? n + log k)
L Y PPNP o -1 R .
o @ sgpaeeed I (1-(1-a)A) BW x [E] < [ O(n? + nk?) O(log? n + log k)
ARMA [38], -1 1 R
T E 7, 53] R b (I . aA) HW X [3] < il O(n3 + nk?) O(log? n + log k)

ParWalks [221]
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Global Formulations: Parallel Analysis HD = f(A)O(..)xHOxWO

Algebraic formulation Dimensions & density Work & depth (one whole

Reference Type

for H(HD) of deriving H(!'+1) training iteration or inference)
GCN [128] L L] x [:] « [ O(mkL + Lnk2) O(Llogk + Llogd)
GraphSAGE [101 F o] s
(megn) (101198 -] x [’J x [ O(mkL + Lnk?)  O(Llogk + Llogd)
P GIN [226] L < x [==] x e > ... x B O(mkL + KLnk?) O(LK logk + LK logd)
o 0 B
.. CommNet [192] L L-1. r:L! - Bl + [:] < [l GGkl Ink?)  OfLioak 3 Elogd)
. . (888
Dot Product [201] L & . x [ ) X [§§] x [ O(Lmk + Lnk?) O(Llogk + Llogd)
EdgeConv [216
i [216] & O(mkL + Lnk?)  O(Llogk + Llogd)
SGC [219] P B O(mnlogs + nk?) O(logk + log slogd)
T e fens
o1z DeepWalk [168] P e ) x [g] x[l]  O(mnlogT +nk?) O(logk + log Tlog d)
;L w . 5
¢ Y 9 ChebNet [72] P . ) X [gg] < [ O(mnlogT + nk?) O(log k + log T log d)
. . L ‘. H
DCNN [6], Pas] & el rs 2
- E N GDC [130] P - X [EE] x [ O(mnlogT + nk?) O(logk + log T log d)
0 . 2 ase
Node2Vec [97] P Aol [ g ] ) X L] <[ ~ O(mn+nk?) O(log k + log d)
LINE [148], R E FH
. SDNE[[ZO;] P + [-. S .] ) 72 [g' x [ O(mn + nk?) O(log k + log d)
e Auto-Regress s
e 3 H44 3 % 2
. [250], [256] R i O(n* + nk*) O(log” n + log k)
L4 ) PPNP 5 3 2 2
e © [43], [129], [230] R O(n® + nk*) O(log” n + log k)
ARMA [38], 3 2 5
€T & 7, ParWalks [221] X O(n* + nk) O(log®n + log k}
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HHD) — F(A)O(..) xHOx WO

Global Formulations: Parallel Analysis

Algebraic formulation Dimensions & density Work & depth (one whole

Reference Type

for H(HD) of deriving H(!'+1) training iteration or inference)
GCN [128] L L B OlmbL 4 Ink2) O(Llogk+ Llogd)
(%] BB
g;zﬁ;’AGE [101]3 X [’J x [ O(mkL + Lnk?)  O(Llogk + Llogd)
. Depth of one el e
o GIN [226] L o P [==] x Bl x .. x B O(mkL + KLnk?) O(LK logk + LK logd)
° Iayer (|n Linear fE B
° . CommNet [192] L models) is S [B¥ ::] x B + :] x [ O(mkL + Lnk?) O(Llogk + Llogd)
. :. l: sas sss)
Dot Product [201] L |Oga rithmic ., lo ([gﬁ] % §§§§§§] ) % [§§] % [55:] O(Lmk + Lnk?) O(Llogk + Llogd)
EdgeC 216 "] Rl
i [216] g A O(mkL + Lnk?)  O(Llogk + Llogd)
SGC [219] P 5 ',. . B O(mnlogs + nk?) O(logk + log slogd)
e B T pe e O -
DeepWalk [168] P . . x 328 x [ O(mnlog T + nk?) O(logk + log T log d
P s e g © B )
. r . L Ty ]
ChebNet [72] 3 . . x BE] x B O(mnlogT + nk?) O(log k + log T log d)
e 4 o4 Lol
DCNN [6], sk o
T E N GDC [1l£’0]] P ( :., ) .-.. | X [gg] x [ O(mnlog T + nk?) O(logk + log T log d)
r .70 «7 2 ass
Node2Vec [97] P ( ol [ . ] ) X L] <[ ~ O(mn+nk?) O(log k + log d)
LINE [148], e o Rt
SDNE[[ZO;] B ( :. . + [-. 3 .] ) X [;' X [§§ O(mn + nk?) O(logk + log d)
A t 'R [ -* T HH
[21;0(])} [;5;0561‘](285 R . i R O(n3 + nk?) O(log? n + log k)
PPNP rH ; 2
[43], [129], [230] R O(n3 + nk?) O(log” n + log k)
ARMA [38], 3 2 2
€T & 7, ParWalks [221] X aGw +nk) O(log™# + logik)
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Global Formulations: Parallel Analysis

HHD) — F(A)O(..) xHOx WO

T T Algebraic formulation Dimensions & density Work & depth (one whole
eference YPE cor HO+D) of deriving H(+1) training iteration or inference)
GCN [128] L L] x [“] « [ O(mkL + Lnk2) O(Llogk + Llogd)

GraphSAGE [101] L
(mean)

GIN [226] L
CommNet [192] L

Dot Product [201] L

EdgeConv [216]
“choice 1”

SGC [219] P

—

DeepWalk [168] P

ChebNet[72] P

DCNN [6],
GDC [130]

Node2Vec [97] P
LINE [148],

SDNE [207] =
Auto-Regress R
[250], [256]

PPNP R
[43], [129], [230]
ARMA [38], .

ParWalks [221]

Depth of one
layer (in Linear

models) is [:] 3 r?L] “H -~ [55.“
logarithmic 5 . ] ) <[H <
e © B

Depth is
logarithmic (in
Polynomial

models)

O(mkL + Lnk?) O(Llogk + Llogd)
O(mkL 4+ KLnk?) O(LK logk + LK logd)
O(mkL + Lnk?) O(Llogk + Llogd)
O(Lmk + Lnk?) O(Llogk + Llogd)
O(mkL + Lnk?) O(Llogk + Llogd)
O(mnlogs + nk?) O(logk + log slogd)
O(mnlog T + nk?) O(logk + log T log d)
O(mnlog T + nk?) O(logk + log T log d)

O(mnlogT + nk?) O(logk + log T'log d)

O(mn + nk?) O(log k + log d)
O(mn + nk?) O(log k + log d)
O(n3 + nk?) O(log? n + log k)
O(n3 + nk?) O(log? n + log k)
O(n3 + nk?) O(log? n + log k)
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HHD) — F(A)O(..) xHOx WO

Global Formulations: Parallel Analysis

Algebraic formulation Dimensions & density Work & depth (one whole

Reference Type

for H(HD) of deriving H(!'+1) training iteration or inference)
GCN [128] L x [“] « [ O(mkL + Lnk2) O(Llogk + Llogd)
g;zﬁ;’AGE (101198 L] % [’J x [ O(mkL + Lnk?)  O(Llogk + Llogd)
Depth of one T Ea
P GIN [226] L P .. o | o< [ < B x ... ox [ O(mkL + KLnk?) O(LK logk + LK logd
( ) O( )
R layer (in Linear o I
. T BBl x e B < 2
. [ . CommNet [192] L models) is .| égg] 3 [m] + ggg] X [...] O(mkL + Lnk”) O(Llogk + Llogd)

Dot Product [201] L O(Lmk + Lnk?) O(Llogk + Llogd)

EdgeConv [216]
“choice 1”

SGC [219]

DeepWalk [168]

—

Depth is

TR NN N Y e
s FTTI I I .-.’o.°o
2 .. -. .. .. .. .. .. .. l. ... J L

=

|

|

logarithmic : ([E] > ) <[ <k

X

X
N ——
F e e

L1111 L1l

O(mkL + Lnk?) O(Llogk + Llogd)
O(mnlog s + nk?) O(logk + log slogd)

O(mnlog T + nk?) O(logk + log T log d)

ChebNet[72] P logarithmic (in ] «[]  O(mnlogT + nk?) O(logk + log T log d)
9 -l g
- E N gggﬁég]]’ P POlyndorIn I)al .-.', | X ;] x [ O(mnlogT + nk?) O(logk + log T log d)
«7 2 aed
Node2Vec [97] P MOGEIS ’ + e + [-", .] ) X [3;%] x [ O(mn + nk?) O(log k + log d)
«7 2 ]
o, B) B owmew  owskeuss
é‘é‘éﬁ’:ﬁ%&% R Depth is square | < [if O(n3 + nk?) O(log? n + log k)
EI;I]\H[’HQ] — logarithmic (in i O(n® + nk?) T T
VLA 138 Rational models
r €7 SR ’ o k) Ot g
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Local vs. Global Formulations hgl+l>:¢(hgl>, D w(hgw,hgv)) HD = f(A)O () xHOXxW®

JEN(4)

Some models have both formulations, e.g., Graph Convolution Network.

Such models have the same work/depth in both formulations (i.e.,
they have fundamentally the same amount of parallelism)

h{™Y = ReLU (W(‘) X (Zjem) ;d hgl))) HUD = ReLU(AHOWO)

51
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Local vs. Global Formulations oo _ (hg), D v (n h@)) HHD = f(A)O(..)xHOxW®

T g
JEN(3)
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Local vs. Global Formulations oo _ (hg), D v (n h@)) HHD = f(A)O(..)xHOxW®

T g
JEN(4)

Different linear

algebra kernels
are used

52
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Local vs. Global Formulations oo _ (hgn, D w(h§z>,h§z>>> HHD = f(A)O(..)xHOxW®

JEN(4)

Different linear

algebra kernels

are used

HIE o,
i ol

[eec] - [51

i > [i
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Local vs. Global Formulations R+ = 4 (hgl), D v (hgl),hy))) HD = f(A)O(...) xHOxWO

JEN(4)

Different linear

algebra kernels

are used

i © B
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Local vs. Global Formulations hgl+l>:¢(hgl>, D w(h§l>,h§l>)> HD = f(A)O () xHOXxW®

JEN(4)

Different linear Potential for different optimizations. For example, there may be more
algebra kernels opportunities to use vectorization in the global formulations (one can
are used vectorize matrices that group all vertices and edges)
g
L J
@

¢ D[] } s
f © B

[OOOJ ) [E] #Hvertices

000 #vertices > #features
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Local vs. Global Formulations oo _ (hg), D v (n h@)) HHD = f(A)O(..)xHOxW®

T g
JEN(3)
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Local vs. Global Formulations oo _ (hgn, D ¢<h§z>,h§z>>> HHD = f(A)O(..)xHOxW®

JEN(4)

Some models (A-GNNs, MP-GNNs) do not have known global formulations.

One example is the original Graph Attention (GAT) model

 ep(o(a [waillwn])
Vi S e er(e (ot (Wi [wi ) ™

¢ : W X (Zjeﬁ(?;) ¥ (hy, hj))

53
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Local vs. Global Formulations oo _ (hg), D v (n h@)) HHD = f(A)O(..)xHOxW®
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JEN(3)
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Local vs. Global Formulations oo _ (hg”, D v (n ha))) HHD = f(A)O(..)xHOxW®

Polynomial & Rational models do not have known local formulations (e.g., Node2Vec or PPNP)
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Local vs. Global Formulations oo _ (hgn, D ¢<h§z>,h§z>>> HHD = f(A)O(..)xHOxW®

JEN(4)

Polynomial & Rational models do not have known local formulations (e.g., Node2Vec or PPNP)

Node2Vec:

1 1\ x| 1372
(51+(1—5)A+5A )HW

PPNP:

e (I — (1 — oz):&)_l HW

54
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Local vs. Global Formulations oo _ (hgn, D ¢<h§z>,h§z>>> HHD = f(A)O(..)xHOxW®

JEN(4)

Polynomial & Rational models do not have known local formulations (e.g., Node2Vec or PPNP)

They still also offer parallelism: O(log n)
(Polynomial) and O(log? n) (Rational) depth

Node2Vec:

1 1\ x| 1372
(EI+(1—E)A+EA )HW

PPNP:

e (I — (1 — oz):&)_l HW

54
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Local vs. Global Formulations oo _ (hg”, D w(hgﬂ,hg.l))) HHD = f(A)O(..)xHOxW®

JEN(4)

Polynomial & Rational models do not have known local formulations (e.g., Node2Vec or PPNP)

They still also offer parallelism: O(log n) While they have one iteration, making L vanish,
(Polynomial) and O(log? n) (Rational) depth they require deriving a given power of A

Node2Vec:

1 1\ x| 1372
(EI+(1—6)A+EA )HW

PPNP:

e (I — (1 — oz):&)_l HW

54
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Local vs. Global Formulations oo _ (hg”, D ¢(h§l>,h§l>)> HHD = f(A)O(..)xHOxW®

JEN(4)

Polynomial & Rational models do not have known local formulations (e.g., Node2Vec or PPNP)

They still also offer parallelism: O(log n) While they have one iteration, making L vanish,
(Polynomial) and O(log? n) (Rational) depth they require deriving a given power of A

Node2Vec: | As compL!ting powers of A is not
interleaved with non-linearities (as is the
11 1— 1) A ith local models), th
5 —+ — a —+ case with many local models), the

increase in work and depth is only

logarithmic, indicating more parallelism

PPNP:

e (I — (1 — oz):&)_l HW

54
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Local vs. Global Formulations oo _ (hg”, D ¢(h§l>,h§l>)> HHD = f(A)O(..)xHOxW®

JEN(4)

Polynomial & Rational models do not have known local formulations (e.g., Node2Vec or PPNP)

They still also offer parallelism: O(log n) While they have one iteration, making L vanish,
(Polynomial) and O(log? n) (Rational) depth they require deriving a given power of A

Node2Vec: As computing powers of A is not
_ 9 interleaved with non-linearities (as is the
(%I e (1 _ %) A + %A ) HW case with many local models), the

increase in work and depth is only

logarithmic, indicating more parallelism

PPNP:

o (I _ (1 . Oé):&) = HW Still, their representative power may be

lower, due to the lack of non-linearities
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Models with only local formulations:
potential for better representative power
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Models with only local formulations:
potential for better representative power

Models with only global formulations:
potential for higher performance

54
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Models with only local formulations:
potential for better representative power

Models with only global formulations:
potential for higher performance

Models with both formulations: potential for both better
representative power and higher performance

54
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Time for some “Bragging slides” ;-)
(i.e., what’s also in there)
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Local (LC) mathematical GNN formulation
More details on mathematical GNN models SeeTable5 ., o )
&TabletISfor h :gb(h ?@EN()w(h ,h- ))
H : examples 2 i J 2 3 J
and GNN programming paradigms P
implemented with implemented with implemented with
Mathematical formuliatlons of GNN models | GI i Heduce
Update Update
| ! )araf B - Egg& > QD —> frans
Local Formulations Global Formulations Operators also called:
Formulations based on functions Formulations based on operations on matrices (kernels): ‘_‘TPP'YS‘;:““ é-‘;“-%)’
operating on single vertices & edges grouping all vertex and edge related vectors AN ERET)
| | implemented with  implemented with implemented with
| | Matrix products:
. products:
Spatial Spectral GEMM
] Explicit use of Explicit use of sﬁaﬁf’
Convolutional (C-GNNs) | adjacency matrix  Laplacian matrix
Scalar edge weights (preprocessed)
Linear = — Linear Model-dependent Dense,nx O(k) Dense, O(k) x O(k)
Adjacency matrix used Laplacian matrix used transformation (e.g.,  Model-dependent
. in its 1st power in its 1st power raising Ato apower)  matrix operations
Attentional (A-GNNs) - _ -
Scalar edge weights (learnable) Polynomial ] —  Polynomial § HHD = (Ao (HO x HO « HO x WO
Adjacency matrix used Laplacian matrix used o -
in its polynomial power(s) in its polynomial power(s) E
SHUED = A xHO® x Wb
-Passi L Rational I 1 Rational See Table 3 & Table 7
Me\s,sage Pass!ng (MP-GNNs) | Adjacency matrix used Laplacian matrix used Global (GL) mathematical GNN formulation for more examples
ector edge weights (learnable) in its rational power(s) in its rational power(s)
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Different effects and challenges (neighborhood
explosion, types of partitioning, types of sampling, ...)
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Different effects and challenges (neighborhood
explosion, types of partitioning, types of sampling, ...)

Red vertices:

spcl.inf.ethz.ch

Y @spcl_eth E'quriCh

an example —_—
mini-batch

Vertex A, whose ———,
loss we compute

A's 1-hop neighbors—\
A's 2-hop neighbors

Neighborhood explosion:
#A's dependent vertices
and their embeddin%s

can grow exponentially,

and it can easily extend
beyond A's mini-batch

A's dependency Ground-
structure when R .

(L) Neighborhood explosion: #A's dependent vertices

: label Q ta hA' and their embeddings can grow exponentially,

computing loss and it can easily extend beyond A's mini-batch
loss(Hg n)

Layer

(L-2)

st W M»
B ¥

= i _ : 20% of (L-1) dependencies
hg, 1) hg 1) h](Z)L H @y

o B are outside A's mini-batch
L{?Y;}r E?H: ;:”!S; ;?"ISEE E/ZFHEES 2?”3; }Sé%of (L-2) dependencies
are outside A's mini-batch
L] . L] . L]
. - L] [ ] [ ]
. L ] L] [ ] .

Layer
(L-3)

>50% of (L-3) dependencies
are outside A's mini-batch
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Different effects and challenges (neighborhood
explosion, types of partitioning, types of sampling, ...)

spcl.inf.ethz.ch
L 4 @spcl_eth

Vertex [feature] partitioning

ETH:zurich

Edge [structure] partitioning Vertex [structure] partitioning

An edge An edge Avartest A vertex
beloning to partitioned beloning to partitioned
one server across two one server across three
servers servers

A \.rertexr I
partitioned

across two

servers

Vertices can be partitioned

vector distributed
q to three servers

Innut edee feature vectors can be nartitioned

Edge [feature] partitioning

An edge feature _\i

Avertex—_ I
feature vector
distributed to

three servers
Input edge feature vectors can be partitioned

Neighborhood explosion: #A's dependent vertices

Edges can be partitioned
(i.e., different vertices are distri
across different workers / sery

Red vertices:

. an example—\

mini-batch

Vertex A, whose ———,
loss we compute

A's 1-hop neighbors—\

A's 2-hop neighbors

A's dependency
structure when
computing loss

Layer
(L-1)

Ground-
Sruth T =, 1 (L)
abel @) ta hy

loss(

A

%/f/y M

et
VN (AY

B

and their embeddings can grow exponentially,
and it can easily extend beyond A's mini-batch

20% of (L-1) dependencies

h](:)L—l) h(th} are outside A's mini-batch

A B O E
fo Lo o Ho o
Lﬁ?f}r m ﬁm J’mﬁ /;PI"ES é?!?& }36%of{;—zjdepepc§encies
are outside A's mini-batch

Nei;hbnrhood explosion:

#A's dependent vertices
and their embeddin%s
can grow exponentially,
and it can easily extend
beyond A's mini-batch Layer . . >50% of (L-3) dependencies
(L-3) e 3 = » . are outside A's mini-batch
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Different effects and challenges (neighborhood
explosion, types of partitioning, types of sampling, ...)

Vertex [feature] partitioning

Vertex [structure] partitioning

Edge [structure] partitioning

Mini-batches with support vertices Mini-batches without support vertices [ +i:0nad Inout edee feature vectars can he nartitianed
Different colors A's dependency G_rt?ﬂ?f W Neighborhood explosion: #A's dependent vertices
and their embeddings can grow exponentially,

Target vertices: @ @ @
Supportvertices: @ @ @

indicate different
mini-batches and
the associated

Targetvertices: @ @ @

workers

BT

Edge [feature] partitioning

An edge An edge A vertex A vertex
beloning to partitioned beloning to partitioned Anted%lt_: ffe%tutred_\
one server across two one server across three ves ?_I" IStEIDULE
servers servers ﬂ to three servers : |

A vertex
partitioned feature vector
across two distributed to
three servers

Avertex-—-\n I I I

Input edge feature vectors can be partitioned

Each mini-batch has support vertices
that increase the accuracy of final ML tasks

Mini-batches are selected such that
accuracy is high without support vertices

structure when
computing loss

bel ) ta hf’)
loss(

A

and it can easily extend beyond A's mini-batch

Layer

R

Layer . .
(L-3) 3 .

ikt Eﬂgafigggiggy‘%%;\Q%%»

¢ bt BN
fo o "o fo [o
AN DN JIN JIN DN

20% of (L-1) dependencies

are outside A's mini-batch

L-1 L-1
pE-D)  pE-Y

are outside A's mini-batch

} 36% of (L-2) dependencies

}>50% of (L-3) dependencies

. . are outside A's mini-batch
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More work-depth analyses, plus
communication & synchronization

Method Work & depth in one training iteration

Full-batch training schemes:

Full-batch [128] O (Lmk + Lnk? ) O (Llogk + Llogd)

Weight-tying [139] O (Lmk + Lnk? ) O (Llogk + Llogd)

RevGNN [139] O (Lmk + Lnk?) O (Llogk + Llogd)
Mini-batch training schemes:

GraphSAGE [101] O ELmk + Lnk? + cEnk? Llogk + Llogc)

O (
VR-GCN [60] Lmk + Lnk? + ¢*nk?) O (Llogk + Llogec)
FastGCN [61] O (Lmk + Lnk® + cLnk?) O (Llogk + Llogc)
Cluster-GCN [65] O (Wpre + Lmk + Lnk®) O (Dpre + Llogk + Llogd)
GraphSAINT [234] O (Wpre + Lmk + Lnk?) O (Dpre + Llogk + Llogd)
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Asynchronous GNNs

Colors indicate different layer stages Lenghts of blocks Shades indicate GNN layers
Red o " indicate duration
; e e The whole execution
sparse graph dense neural D non- Usuall Layer 1 : e
- %pera%iaﬁ operation linearity the |ong:5t (forward) is fully pipelined:
each color and shade

- -] HSuaIIy faster i is a different worker,
o than sparse op. r - i there are 6 workers

= 2 am

o » g ﬁ » é » Usually (forward) 1 intotal (3 in each layer)

o the fastest

Synchronous micro-pipeline + Synchronous macro-pipeline

Synchronization

Inter-layer before backprop. Inter-layer Synchronization
- Layer 1 synchronization Layer 2 ~ Layer 1 synchronization Layer 2 ~before backprop.
5 Forward pass & Forward pass Forward pass ! ] Forward pass —————
= (] : A '.ru'orkerh processing
its graph partition
g P1 | P2 | P3 ' P1| P2 | P3 starts a neural
~ . ' (] opq;fxtlo;\ wmmgt
H A neural operatio P1|P2|P3 : Pl Pz P3 (] P1 Pz : lic")llg:argﬁt:::rj\rs %:)a 5
R must wait for all graph v N | = finished on other
> 1 operations to finish due |P1| IP EI ] D 3|9 |P1| |P2| : partitions
S to potential dependencies, 3 3 | ! - /
m—-
Time Time

Layer 1 + Layer 2 — Synchronization Layer 1+ Layer 2 ~Synchronization

Forward pass . before backprop. Forward pass § before backprop.

Combining asynchronicity
in both micro-pipelines
and in macro-pipelines
comes with even more
potential for increased

computation throughput

:
\\[nteg-lz_wer synchronization P1| P2
g iseliminated and a worker
can start a graph operation
on its partition as soon as P1
—1§ it finishes a non-linearity
3|y in the previous GNN layer

Devices / workers

Time Time
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Asynchronous GNNs

Standard computation with graph partition parallelism:

3 tl—1 -1 d—1 , =1 i8R —1
hgf P h‘ -1 EB i (h_ﬁ*- },hf,.‘ }) GB i (hgt th} J) )
JENL (i) JENR(i)
Using bounded stale feature vectors with graph partition parallelism (worst case):

i, «;: S z B, o OO N
hgt,i} . hEt—TQ«,,I—L@hJ’ @ tﬁl’(h.gi_ sil=Lg) h(t T, l-Ly )) @ f@ﬁ(hy—?‘*’f—l“”,h? T, Lw)) 3)

FJENL(i) JENTR(i)
[}] T TTEOTan OFET J0ToTT P e » I To b
.2 | must wait for all graph ] 1 1 I o ft’)':]:!egglz; dogrs; o[;h Eer
= | operations to finish due m E E ] m E E | ] e ' partitions
S to potential dependencies, B 2 /
Time

Layer 1 + Layer 2 Synchronization Layer 1+ Layer 2 ~Synchronization

Forward pass . before backprop. Forward pass § before backprop.

Combining asynchronicity
in both micro-pipelines
and in macro-pipelines
comes with even more
potential for increased

computation throughput

[
\\ Inter-layer synchronization P1 P2 | P3

g iseliminat ar;]d a worker
can start a graph operation
R P1|| P2

P1| P2 p3 K
P1|P2|P3|P1|P2|P3

P1 P2 3 1 P2

8 onits partition as soon as
—1§ it finishes a non-linearity .
8 in the previous GNN layer P2

Devices / workers

L

Time Time
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Asynchronous GNNs

Standard computation with graph partition parallelism:

hi‘t'”:(ﬁ h,f.”_”, EB ’tﬁ?(h_&t’!_l},h‘,(jt’l_l}) @ ?,L’J(hgt"!_lj,h}t"{_l))
JENL (i) JENR(i)

Using bounded stale feature vectors with graph partition parallelism (worst case):

(2)

t,l t—Ty,l—L .. R O 0 t—T5 1—-L% b L t—TR |-LR
hE ) - ﬁf) hE & s ;.5]’ @ W (hE @ Q}ghg 0 r.u) @ 'l.f) hE b s ¢),hg Y w) (3)
JENLE(i) FJENTR (i)
8 [=} IIEI.II-dl- T IO . . operanons I[) De
HE e T | s P

Standard computation:
vhi = 3 wadtN4 37 waptty

1EV: i€EV: Layer 1 + Layer 2 _~Synchronization
J EN‘S (2) jE NR (i) Forward pass : before backprop.
4 '
. _ @ reape2 e
Using bounded stale gradients (worst case): P1 ¢ andin macro-pipelines
( r I LC) ( R ] LR) : poten;cizﬂforti?ﬁ'lcreagedt
t,1) t—T",1+ t—T"™,1+ computation throughpu
vh!"Y = ¥ wn, + > Vh (5) 2 P3,
] L . B e —————————
ieV: i€V Time
JENE(3) FJENT(3)
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Asynchronous GNNs

Standard computation with graph partition parallelism:

(t1) _ (t,1—1) (El—1) 1. 061-1) o Bl —1) 21
b =¢ (bY@ v (" Y n"Y) @ g (b, n ) e
JENL (i) JENR(i)
Using bounded stale feature vectors with graph partition parallelism (worst case):

_ b, _ B o B R e I . Lty e
hf;t’” = ﬁf) hgt Ted L.-;.J’ @ U (hEi A Lm}ﬁhg : m)) @ ’i‘f/‘ (hfgt it LM& hgt i B )> (3)
JENLE(i) FJENTR (i)

S | must wait for ail graph ' [ Y gperanonsiobe
E Ilop-e[atign:s to finish due P1| |P U ‘ [ I z : }Ep:rti?igr?: gl
' L J =
- . —'
Standard computation: Time
t,l t,1+1 t,l+1
vhi = 3 wadtN4 37 waptty
1€EV: i€EV: Layer 1 + Layer 2 _~Synchronization
J EN‘S (2) jE NR (i) Forward pass 8 before backprop.

Combining asynchronicity
in both micro-pipelines
and in macro-pipelines
comes with even more
potential for increased

computation throughput

(4) P1 | P2
Using bounded stale gradients (worst case): P1

.0 (t—T%+L%) (t—TR,1+L®)
Vh“ = } ¥h + ) Vh 5) | 1 P2 P
1€V 1€V Time

FJENE () FJENTR(4)
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Parallel analysis of frameworks and accelerators
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Parallel analysis of frameworks and accelerators

Reference Arch. Ds? T? I? Op? mp?Mp? Dp? Dpp PM Remarks
[SW] PipeGCN [206] CPU+GPU - (fb) x x sh LC
[SW] BNS-GCN [205] GPU - () X x sh
[SW] PaSca [243] GPU
[SW] Marius++ [204] CPU ® [ (mb)x (v) » LC (SU) Focus on using disk
[SW] BGL [151] GPU = (mb) X = x sh —
[SW] DistDGLv2 [248] CPU+GPU @@ @® (mb)%x @ x sh —
[SW] SAR [159] CPU - (fb) % % x x
[SW] DeepGalois [105] CPU - () X X x (v) sh  LC(AU)
[SW] DistGNN [155]  CPU = (fb) % X x (v) sh  LC(AU)
[SW] DGCL [54] GPU LAl ] x x x (v) LC (ALD) *Only two servers used.
[SW] Seastar [222] GPU x X () X X Byt LC (VC)
[SW] Chakaravarthy [56] GPU ) @ (fh) X X X x (v, sn) x
[SW] Zhou et al. [249] CPU x x ) ® x x
[SW] MC-GCN [12] GPU Ly (fb) x (HHh x x (v) GL *Multi-GPU within one node.
[SW] Dorylus [197] CPU (fb) % % x (- () LC (SAGA)
[SW] Min et al. [156] GPU [y {mb) % x (v) GL *Multi-GPU within one node.
[SW] GNNAdvisor [215] GPU X = (fs)®X % GL, IC
[SW] AliGraph [255]  CPU - x LC (NAU)
[SW] FlexGraph [208]  CPU = (fb) x @ (s) X = LC (NAU)
[SW] Kim et al. [125] CPU+GPU x (mb) X @) (s) x LC (AL)
[SW] AGL [237] CPU (mb) ) 3¢ - MapReduce
[SW] ROC [117] CPU+GPU (fb) Em % x x x
[SW] DistDGL [247] CPU L} {mb) % X x @ x
[SW] PaGraph [10], [149] GPU o (mb) %X x x x *Multi-GPU within one node.
[SW] 2PGraph [240] GPU ) (mb) X —
[SW] GMLP [242] GPU {mb) % x LC
[SW] fuseGNN [64] GPU x x x x LC (AU)*  *Two aggregation schemes are used.
[Sw] P3 [81] CPU+GPU  @® (mb) % x LC (SAGA)* * A variant called P-TAGS
[SW] QGTC [214] GPU X = x x B sh GL
[SW] CAGNET [199] CPU+GPU (b)) X EB(f,s)%X X (v, ) sh+rep GL
[SW] PCGCN [198] CPU+GPU X X % X X W) sh —
[SW] FeatGraph [111] CPU,GPU % (fb) (fs)% % (v sh GL
[SW] G3 [150] GPU x GL
[SW] NeuGraph [153] GPU x @3 x (v,e) sh LC (SAGA)
[SW] PyTorch-Direct [79] GPU [ [} - (v, ) GL,LC
[SW] PyG [79] CPU, GPU [ (v, e) GL, LC *Mini-batching for graph components
[SW] DGL [209] CPU, GPU - (- L) GL, LC *Mini-batching for graph components
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Parallel analysis of frameworks and accelerators

Reference Arch. Ds? T? I? Op? mp?Mp? Dp? Dpp PM Remarks
[SW] PipeGCN [206] CPU+GPU @@ @B (fb) % x sh LE
[SW] BNS-GCN [205] GPU - () X x sh
[SW] PaSca [243] GPU -
[SW] Marius++ [204] CPU ¥ @ (mb)x @ (v) » LC (SU) Focus on using disk
[SW] BGL [151] GPU = (mb) X == x sh —
[SW] DistDGLv2 [248] CPU+GPU @® @®(mb)X @ - X sh —
[SW] SAR [159] CPU = (b)) X X X x
[SW] DeepGalois [105] CPU - . (fb) X X X ®®(v) sh LC (AU)
[SW] DistGNN [155] CPU - (fb) X X X ®®(v) sh LC( AU)
[SW] DGCL [54] GPU D - x X X @(v) LC (AU)  *Only two servers used.
[SW] Seastar [222] GPU x X () X X (vt LC (VC)
[SW] Chakaravarthy [56] GPU ) (b)) X X X X [@®(v,sn) x
[SW] Zhou et al. [249] CPU x X () X X x
[SW] MC-GCN [12] GPU (b)) X ER() %X X @E(v) GL *Multi-GPU within one node.
{gm Gl T W0 W () X | (W] ZIPPER [245]  new x x - D X @®(v,e) sh GL LC

inetal. [156] GPU @+ @® (mb) % = e

[SW] AliGraph [255] ~ CPU [HW] BlockGNN [254] new X = - - % —
[SW] FlexGraph [208]  CPU aw @ (fb) x | [HW] TARe [103] new (ReRAM) X % ) ) x GL
[SW] Kim et al. [125] CPU+GPU %X ®® (mb)x | [HW] Rubik [62] new X [@m(mb)x m) ® [@m(v,e) sh LC (AL)
[SW] AGL [237] CPU @ (mb) | [HW] GCNAX [141] new X % - % GL
[SW] ROC [117] CPU+GPU = ( fb) [HW] Li et al. [140] new x x - LC (AU)
[SW] DistDGL [247] ~ CPU @ @0 (mb) X | [HW] GReTA [126] new x x = sh  LC (GReTA)
[SW] PaGraph [10], [149] GPU ED" @ (mb) X | [HW] GNN-PIM [217] new (PIM) %X % @ % ®@(v) sh LC(SAGA)
[SW] 2PGraph [240] GPU (mE3 X | [HW] EnGN [145] new X x (- x (v,e) sh LC (AU + “feature extraction” stage)
{gm EU?Q’EI;}IE?[ZA“ i o MP)% | [HW] HyGCN [228]  new X X X @®(v,e) sh LC(AU)
[SW] P [81] R @ (mb) x | [HWI AWB-GCN [85]  new X % - @D @& @ [ (v,e) sh GL
[SW] CAGNET [199] CPU+GPU = (fb) X [HW] Zhang et al. [235] new X X s (V, E] sh GL
[SW] PCGCN [198] CPU+GPU % x | [HW] GraphACT [233] new X [ (mb)x @D LR GL
[SW] FeatGraph [111] ~ CPU,GPU X @ (fb) [HW] Autenetal. [7]  new x x LC (AU)
[SW] G? [150] GPU x ==
[SW] NeuGraph [153] GPU x @2 X [ (v,e) sh LC (SAGA)
[SW] PyTorch-Direct [79] GPU () - = (v, e) GL,IC
[SW] PyG [79] CPU, GPU [ ) (v, e) GL, LC *Mini-batching for graph components
[SW] DGL [209] CPU, GPU - ) GL,LC *Mini-batching for graph components
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Potential for future research — a lot of
ideas on how to move on from here

8 CHALLENGES & OPPORTUNITIES

Many of the considered parts of the parallel and distributed
GNN landscape were not thoroughly researched. Some were
not researched at all. We now list such challenges and
opportunities for future research.
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