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GNN Training

Whole-graph training: hard to scale



GNN Training

Whole-graph training: hard to scale

Sample-based training
» Systems: DGL, PyG, AliGraph!VibB'19] p3losbr2i] - == GNNLab
» Friendly to GPU: massive parallelisms and limited GPU memory

» SET model: Sample, Extract and Train
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Sample-base GNN Training

SET model
1. Sample
2. Extract

Graph topo —> 1. Sample
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Sample-base GNN Training
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Sample-base GNN Training o~ [
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GPU-based GNN Training
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GPUs have been widely exploited to accelerate GNN training

» Train: almost

GNN Systems Sample Exiract Train TOT
Tsota 293 555 400 12.50

GCN w/ 3-hop sampling on OGB-Papers100M




GPU-based GNN Training
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GPUs have been widely exploited to accelerate GNN training

» Train: almost
» Extract: PaGraphbocc 20l

GNN Systems Sample Exiract Train TOT

Tsora 2.93 555 400 12.50
w/ GPU-based Caching 2.88 1.73 400 8.62

GCN w/ 3-hop sampling on OGB-Papers100M




GPU-based GNN Training
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GPUs have been widely exploited to accelerate GNN training

» Train: almost e

, Tof- GPU‘ Gpulqgr T
» Extract: PaGraphFocc20 =l L=l :
, Cache
» Sample: DGL, NextDoorlEurosys'21] N I “ A5
O @
GNN Systems Sample Exiract Train  TOT @\%LGPLJ 77777 L GPLJ&/
Tsora 293 555 400 12.50 - lsm ) L,
w/ GPU-based Caching 288 173 400 8.62 T 1T
w/ GPU-based Sampling 070 546 401 1021 @_jb NA CPU = |o ®)

__________________________________

GCN w/ 3-hop sampling on OGB-Papers100M




GPU-based GNN Training
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GPUs have been widely exploited to accelerate GNN training

» Train: almost e

, Tt GPU‘ GPU ‘4 T

» Extract: PaGraphFocc20 =l L=l :
, Cache

» Sample: DGL, NextDoorlEurosys'21] N I “ A5
N & CPU = |0

» Both ¢ () gt—— ()
GNN Systems Sample Exiract Train  TOT @\%LGPLJ 77777 L GPLJ&/

Tsora 293 555 400 12.50 - lsm ) L,
w/ GPU-based Caching 288 173 400 8.62 I] II

w/ GPU-based Sampling 070 546 401 1021 @_jb NA CPU = |o ®)
w/ Both 0.70 3.62 400 837

GCN w/ 3-hop sampling on OGB-Papers100M




Analysis

Traditional Design:
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Analysis

Problems
» Capacity
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Analysis AL
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Analysis
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Problems
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Analysis

1. How to eliminate contention on GPU memory

between different stages of the SET model

|
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Analysis

Problems
» Capacity
» Efficiency
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Analysis

Problems
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» Efficiency
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Analysis

2. How to achieve optimal cache efficiency for

diverse GNN datasets and sampling algorithms

|
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General Idea g

Time sharing
w/ multi-GPUs
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General Idea

Time sharing
w/ multi-GPUs
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General Idea
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General Idea P
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General Idea e

Space sharing
w/ multi-GPUs
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QOur Approach

A factored design

» Inspired by the factored operating system (fosACM OSR07])

Factored Operating Systems (fos): The Case for a Scalable Operating System for Multicores

David Wentzlaff and Anant Agarwal @MIT

Application
func call to
message lib

fos-microkernel

Factored Operating Systems (fos): The Case for a Scalable
Operating System for Multicores

‘David Wentzlaff and Anant Agarwal
Conpe ora

OS Layer
(ex: FS
Server)

fos-microkernel

@ - Idle Processor Core

@ - Application

B 6 - 3 -Fleet of File System Servers

0@ - @ -Fleet of Physical Memory Allocation Servers
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Figure 4. OS and application clients executing on the fos-microkernel




QOur Approach

ANE a1

A factored design

» Inspired by the factored operating system (fosACM OSR07])

» GNNLab: a factored system for sample-based GNN training

% Perform each stage on dedicate processors (GPUs and/or CPUs)

An example of GNNLab on an 8-GPU machine (2 Samplers & 6 Trainers)

W= I W © sampe
T = A Ts|  [Tabs(Es) = G'l_r
P R@], c@ 6; C@; oo

Trainer Train

Wl 5] e
T i) G — - G T :
1Pl 30 G4 ’ (Cal C ° C cpy

Sampler
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QOur Approach

Fundamental Challenge: load imbalance
» Coarse-grained (stage-level) workload partitioning
» Limited GPUs: normally <= 8, even just 1

» Diverse datasets and workloads
% Sampling vs. Training: e.g., GCN =1 : 1, while PINSAGE =1 : 10

30




QOur Approach

Fundamental Challenge: load imbalance

» Coarse-grained (stage-level) workload partitioning

» Limited GPUs: normally <= 8, even just |

» Diverse datasets and workloads
% Sampling vs. Training: e.g., GCN =1 : 1, while PINSAGE =1 : 10

GOALs of GNNLab
1. Make stages work together efficiently

2. Assign GPUs to different stages flexibly

31




Execution Engine

Architecture

» Two executors @GPUs
s Sampler: Sample stage

s Trainer: Extract & Train stage
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Execution Engine

Architecture

» Two executors @GPUs

‘0

»  Sampler: Sample stage

R/

s Trainer: Extract & Train stage

» A global queue @CPUs

Trainer
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Execution Engine

7 N \T+1= mﬁL
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PARALLEL
Trainer
N

- -,

Architecture
» Two executors @GPUs - sampler
< Sampler: Sample stage @
% Trainer: Extract & Train stage (,‘;;; /
A global queue @CPUs g\@}“)sampl/es

v

Execution flow

R/

% Inter-executor: Parallel

R/

% Infra-executor: Sequential w/ pipelining

R/

s Gradient updates w/ bounded staleness




Flexible Scheduling

GPU allocation scheme
» OB: performance of executors on GPU is predictable
» N,: the number of GPUs
» N (resp. N;). #GPUs allocated to Samplers (resp. Trainers)

» T, (resp. Ti): the processing time of Sampler (resp. Trainer)

35
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Flexible Scheduling

AN .ﬂ 36

GPU allocation scheme Prefer’rofompler

» OB: performance of executors on GPU is predictable N,

N. =
» N,: the number of GPUs ’ [K +1
» N (resp. N;). #GPUs allocated to Samplers (resp. Trainers) T,
K= —
» T, (resp. Ti): the processing time of Sampler (resp. Trainer) T
» Prefer to allocate GPUs to Samplers
% temporarily switching from Sampler to Trainer is efficient
» Dynamic executor switching [see our paper]



GPU-based Feature Caching

37

A general caching scheme
» Hotness metric h, and cache ratio a
1. Store and sort vertices according to their h,

2. Load features of top-ranked a |V | vertices w.r.t. h, into GPU cache

For example: PaGraphsecc 0]

h, = out-degree of each vertex




GPU-based Feature Caching

Ians—mn

Pre-sampling based caching policy (PreSC)

» OB: Cross-task (epoch) similarity of access footprint

Sampling alogrithms PR ™™ PA UK

3-hop random 7397 7889 91.29 77.46
Random walks 78.16  72.68 87.14 64.40
3-hop weighted /7.69  66.64 89.57 72.96

38




GPU-based Feature Caching

anS Rl

Pre-sampling based caching policy (PreSC)

» OB: Cross-task (epoch) similarity of access footprint

Sampling alogrithms PR ™™ PA UK

3-hop random 7397 7889 91.29 77.46
Random walks 7816 72.68 87.14 64.40
3-hop weighted /7.69  66.64 8957 7296

39

» General idea: pre-sample a few rounds to estimate vertex hotness

1. Conducts K sampling stages (normally 1) for the training set

2. Record visit count of the sampled vertices

3. Use average count as the hotness metric h,




GPU-based Feature Caching

anS Rl

Pre-sampling based caching policy (PreSC)
» Efficiency: close to Optimal, vs. Degree avg 1.5X (up to 2.2X)

» Robustness: stable for all 12 cases

40

—
o
o

Cache Hit Rate (%)
AN
o

N
o O

Cache Ratio=10%

Random mm Degree

mm PreSC#1 mm Optimal

[0]
o

D
o

PR

TW PA UK

PR TW PA

UK

PR TW

PA

UK

3-hop random

Random walk

3-hop weighted

Cache Hit Rate (%)

100

(0]
o

(o2}
o

iN
o

N
o

o

Paper1O0OM with 3-hop random

i Random
Degree —
PreSC#1 —
Optimal
0 5 10 15 20 25 30

Cache Ratio (%)

Transfer Size (GB)

2
Random
15 — Degree
— PreSC#1
Optimal
1 s
05} /
oK . . .
100 300 500 700 900
Feature Dim



Evaluation

Testbed

» 8 NVDIA V100 GPU
w/ 16GB memory

» Intel Xeon 2X24 CPU

GNNs
» GCN (3-hop rand ngb)
» GraphSAGE (2-hop rand ngb)
» PINSAGE (rand walks)

ANFEEd )

41

Datasets
Dataset #Vertex #Edge Dim. #TS Volg Volr
PR [5] 2.4M 124M 100 197K 481MB 934MB
TW [33] 41.7M 1.5B 256 417K 5.6GB 40GB
PA [4] 111IM  16B 128 12M  64GB  53GB
UK [9] 77.7TM 3.0B 256 1.0M 11.3GB 74GB
PR can be loaded into a single GPU
Baselines
System Design Sample Extract Train
PyG N/A CPU No cache GPU
DGL TimeS. GPU No cache GPU
Tsota Time S. GPUw/ Opt. Cache w/ Degree = GPU
GNNLab SpaceS. GPUw/Opt. Cache w/PreSC GPU




Overall Performance P

» MERITS: Our flexible scheduling scheme already provides
optimal GPU allocations in an 8-GPU machine

(A1) space sharing design

GNN Model Dataset PyG DGL Tsora GNNL4b

(A2) pre-sampling policy

o o PR 1191 133 022  0.33|(29)

(A3) efficient sampling impl. . TW 12.15 3.86 180  0.47|(28)

PA 1482 456 246  0.84|(2S)

> vs. PyG: 10.2X~74.3% UK 1504  0OM  OOM  1.47|(25)
. _ PR 817 079 007  0.11|(4S)

> vs.DGL: 24X~ 9.1X GranhSAGE TW 8.18 1.81 0.35  0.20{(2S)
due to (A1)~(A3) P PA 968 247 085  0.30[(2S)

UK 9.86 ooM 201  0.61|(1S

» VS, Teora: 1.6 X~3.8X, e.f. PR 1o
PR X 094 030  0.40/(1S)

due to (A1) and (A2) D SAGE ™W X 250 098  0.58/(1S)

- PA x 297 165  1.05/(19)

UK X OOM ooM  1.81|(19)




Performance Breakdown P

S, E, and T represent Sample, Extract, and Train stages. G, M, and C represent graph sampling,
marking cached vertices, and copying samples to host memory in Sample stage, respectively.
R% and H% represent the cache ratio of features and the cache hit rate.

DGL Tsota GNNLab
GNN Dataset
S E T S=G+M E (R%, H%) T S=G+M+C E (R%, H%) T
PR 0.35 2.81 1.22 0.30 4 0.29 }+ 0.01 0.04 (100, 100) 1.18 0.39 4 0.29 }+ 0.01 + 0.09 0.15(100,100) 1.18
GCN ™ 0.74 944 1.48 0.2940.26 f+ 0.03 3.68( 1, 29) 1.53 0.37 4 0.26 |+ 0.03 + 0.08 0.76 ( 25, 89) 1.51
PA 1.20| 10.70 4.00 0.7940.70 - 0.10 3.64( 7, 38) 4.00 0.96 4 0.68 |+ 0.10 + 0.18 0.49( 21, 99) 3.82
UK OOM OOM OOM OOM OOM OOM 0.56 4 0.39 |+ 0.03 + 0.14 3.06 ( 14, 70) 3.09
PR 0.13 1.92 0.23 0.16 4 0.15 }+ 0.01  0.03 (100, 100) 0.25 0.20 4 0.15 f+ 0.01 + 0.04 0.08 (100, 100) 0.24
GSG ™ 0.38 465 0.44 0.1250.11  0.01 0.62 ( 15, 77) 0.44 0.16 4 0.11 f+ 0.01 + 0.03 0.41( 32, 89) 0.43
PA 056| 6.06 1.25 0.384 033K 0.06 1.42( 11, 56) 1.18 0.46 4 0.31 f 0.06 + 0.08 0.28 ( 25, 99) 1.15
UK OOM OOM OOM 0.1940.194 000 449( 0, 0) 1.08 0.26 4 0.18 |+ 0.02 + 0.06 1.39( 18, 72) 1.01
PR 0.40 1.64 1.75 0.16 4 0.16 f+ 0.01 0.03 (100, 100) 1.74 0.20 5§ 0.15 }+ 0.01 + 0.04 0.08 (100, 100) 1.72
PSG ™ 0.72) 5.22 259 0.2350.22 ) 0.02 1.12( 4, 60) 2.60 0.28 4 0.21 f+ 0.02 + 0.05 0.51( 26, 86) 2.52
PA 1.86 485 5.78 0.5454049 0.05 1.68( 6, 37) 6.09 0.61 40.47 f 0.04 + 0.09 0.33( 22, 97) 6.01
UK OOM OOM OOM OOM OOM OOM 0.6550.49 F 0.03 +0.13 3.37( 13, 57) 7.00




Performance Breakdown P

S, E, and T represent Sample, Extract, and Train stages. G, M, and C represent graph sampling,
marking cached vertices, and copying samples to host memory in Sample stage, respectively.
R% and H% represent the cache ratio of features and the cache hit rate.

44

DGL Tsota GNNLab
GNN Dataset
S E T S=G+M E (R%, H%) T $S=G+M+C E (R%, H%) T
PR 035 281 1.22 0.30 = 0.29 + 0.01 0.04 (100, 100) 1.18 0.39 = 0.29 + 0.01 4 0.09| 0.15(100,100) 1.18
GCN ™ 0.74 944 1.48 0.29=0.26 +0.03 3.68( 1, 29) 1.53 0.37 = 0.26 + 0.03 4 0.08| 0.76 ( 25, 89) 1.51
PA 1.20 10.70 4.00 0.79=0.70 + 0.10 3.64( 7, 38) 4.00 0.96 = 0.68 + 0.10 4 0.18| 0.49( 21, 99) 3.82
UK OOM OOM OOM OOM OOM OOM 0.56 = 0.39 + 0.03 4 0.14| 3.06 ( 14, 70) 3.09
PR 0.13 192 0.23 0.16 = 0.15 + 0.01 0.03 (100, 100) 0.25 0.20 = 0.15 + 0.01 4 0.04| 0.08 (100, 100) 0.24
GSG ™ 038 4.65 0.44 0.12=0.11+0.01 0.62( 15, 77) 0.44 0.16 =0.11 + 0.01 4 0.03| 0.41( 32, 89) 0.43
PA 056 6.06 1.25 0.38=0.33+0.06 1.42( 11, 56) 1.18 0.46 = 0.31 + 0.06 4 0.08] 0.28 ( 25, 99) 1.15
UK OOM OOM OOM 0.19=0.19+0.00 449( 0, 0) 1.08 0.26 =0.18 + 0.02 4 0.06| 1.39( 18, 72) 1.01
PR 040 164 1.75 0.16 = 0.16 + 0.01 0.03 (100, 100) 1.74 0.20 = 0.15 + 0.01 4 0.04| 0.08 (100, 100) 1.72
PSG ™ 0.72 5.22 259 0.23=0.22+0.02 1.12( 4, 60) 2.60 0.28 =0.21 + 0.02 4 0.05| 0.51( 26, 86) 2.52
PA 1.86 4.85 5.78 0.54=049+0.05 1.68( 6, 37) 6.09 0.61 =0.47 + 0.04 4 0.09| 0.33( 22, 97) 6.01
UK OOM OOM OOM OOM OOM OOM 0.65=0.49 + 0.03 4 0.13| 3.37( 13, 57) 7.00




Performance Breakdown |

S, E, and T represent Sample, Extract, and Train stages. G, M, and C represent graph sampling,
marking cached vertices, and copying samples to host memory in Sample stage, respectively.
R% and H% represent the cache ratio of features and the cache hit rate.

Ians—mn
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DGL Tsota GNNLab
GNN Dataset
S E T S=G+M E (R%, H%) T S=G+M+C E (R%, H%) T
PR 0.35 2.81 ) 1.22 0.30 = 0.29 + 0.01 |0.04(100, 100) 1.18 0.39 = 0.29 + 0.01 + 0.09 |0.15[100,100) 1.18
GCN ™ 0.74 9.44 | 1.48 0.29=0.26 + 0.03 |3.68 1, 29) 1.53 0.37 = 0.26 + 0.03 + 0.08 |0.76 [ 25, 89) 1.51
PA 1.20 |10.70 | 4.00 0.79=0.70 + 0.10 |3.64( 7, 38) 4.00 0.96 = 0.68 + 0.10 + 0.18 |0.49[ 21, 99) 3.82
UK OOM OOM | OOM OOM OOM OOM 0.56 = 0.39 + 0.03 + 0.14 |3.06( 14, 70) 3.09
PR 0.13 1.92 | 0.23 0.16 = 0.15 + 0.01 | 0.03)(100, 100) 0.25 0.20 = 0.15 + 0.01 + 0.04 |0.08 [100,100) 0.24
GSG ™ 0.38 465 | 0.44 0.12=0.11+0.01 |0.62( 15, 77) 0.44 0.16 =0.11 + 0.01 + 0.03 |0.41[ 32, 89) 0.43
PA 0.56 | 6.06 | 1.25 0.38=0.33+0.06 |1.42( 11, 56) 1.18 0.46 = 0.31 + 0.06 + 0.08 |0.28[ 25, 99) 1.15
UK OOM OOM | OOM 0.19=0.19 + 0.00 |4.49 0, 0) 1.08 0.26 = 0.18 + 0.02 + 0.06 |1.39( 18, 72) 1.01
PR 0.40 1.64 | 1.75 0.16 = 0.16 + 0.01 | 0.03(100, 100) 1.74 0.20 = 0.15 + 0.01 + 0.04 |0.08 [100,100) 1.72
PSG ™ 0.72 | 5.22 | 2.59 0.23=0.22+0.02 |1.12[ 4, 60) 2.60 0.28 =0.21 + 0.02 + 0.05 |0.51[ 26, 86) 2.52
PA 1.86 485 | 5.78 0.54=049 +0.05 ]1.68 6, 37) 6.09 0.61 =0.47 + 0.04 + 0.09 |0.33[ 22, 97) 6.01
UK OOM OOM | OOM OOM OOM OOM 0.65=0.49 + 0.03 + 0.13 |3.37( 13, 57) 7.00




Performance Breakdown P

S, E, and T represent Sample, Extract, and Train stages. G, M, and C represent graph sampling,
marking cached vertices, and copying samples to host memory in Sample stage, respectively.
R% and H% represent the cache ratio of features and the cache hit rate.
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DGL Tsota GNNLab
GNN Dataset
S E T S=G+M E (R%, H%) T $S=G+M+C E (R%, H%) T
PR 035 281 1.22 0.30 = 0.29 + 0.01 0.04 (100, 100) 1.18 0.39 =0.29 + 0.01 + 0.09 0.15(100,100) 1.18
GCN ™ 0.74 944 1.48 0.29=0.26 +0.03 3.68( 1,|]29) 1.53 0.37 = 0.26 + 0.03 + 0.08 0.76 (| 25,| 89) 1.51
PA 1.20 10.70 4.00 0.79=0.70 + 0.10 3.64( 7,| 38) 4.00 0.96 = 0.68 + 0.10 + 0.18 0.49 (| 21,| 99) 3.82
UK OOM OOM OOM OOM OOM OOM 0.56 = 0.39 + 0.03 + 0.14 3.06 (| 14, 70) 3.09
PR 0.13 192 0.23 0.16 = 0.15 + 0.01 0.03 (100, 100) 0.25 0.20 = 0.15 + 0.01 + 0.04 0.08 (100, 100) 0.24
GSG ™ 038 4.65 0.44 0.12=0.11+0.01 0.62 ( 15,| 77) 0.44 0.16 =0.11 + 0.01 + 0.03 0.41 (| 32,| 89) 0.43
PA 056 6.06 1.25 0.38=0.33+0.06 1.42( 11,|56) 1.18 0.46 = 0.31 + 0.06 + 0.08 0.28 (| 25,]99) 1.15
UK OOM OOM OOM 0.19=0.19+0.00 449( o0,|] 0) 1.08 0.26 =0.18 + 0.02 + 0.06 1.39(| 18,]| 72) 1.01
PR 040 164 1.75 0.16 = 0.16 + 0.01 0.03 (100, 100) 1.74 0.20 = 0.15 + 0.01 + 0.04 0.08 (100, 100) 1.72
PSG ™ 0.72 5.22 259 0.23=0.22+0.02 1.12( 4,] 60) 2.60 0.28 =0.21 + 0.02 + 0.05 0.51 (| 26,| 86) 2.52
PA 1.86 4.85 5.78 0.54=049+0.05 1.68( 6,]37) 6.09 0.61 =047 + 0.04 + 0.09 0.33 (] 22,| 97) 6.01
UK OOM OOM OOM OOM OOM OOM 0.65=0.49 + 0.03 + 0.13 3.37 (| 13,| 57) 7.00
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R% and H% represent the cache ratio of features and the cache hit rate.
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PA 056 6.06 1.25 0.38=0.33+0.06 1.42( 11, 56) 1.18 0.46 = 0.31 + 0.06 + 0.08 0.28 (| 25, 99} 1.15
UK OOM OOM OOM 0.19=0.19+0.00 449( 0, 0) 1.08 0.26 =0.18 + 0.02 + 0.06 1.39( 18, 72) 1.01
PR 040 164 1.75 0.16 = 0.16 + 0.01 0.03 (100, 100) 1.74 0.20 = 0.15 + 0.01 + 0.04 0.08 (100, 100) 1.72
PSG ™ 0.72 5.22 259 0.23=0.22+0.02 1.12( 4, 60) 2.60 0.28 =0.21 + 0.02 + 0.05 0.51( 26, 86) 2.52
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S, E, and T represent Sample, Extract, and Train stages. G, M, and C represent graph sampling,
marking cached vertices, and copying samples to host memory in Sample stage, respectively.
R% and H% represent the cache ratio of features and the cache hit rate.
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DGL Tsota GNNLab
GNN Dataset
S E T S=G+M E (R%, H%) T $S=G+M+C E (R%, H%) T
PR 035 281 1.22 0.30 = 0.29 + 0.01 | 0.04 (100, 100)| 1.18 0.39 = 0.29 + 0.01 + 0.09 | 0.15 (100, 100) | 1.18
GCN ™ 0.74 944 1.48 0.29=0.26 +0.03 3.68( 1, 29) 1.53 0.37 = 0.26 + 0.03 + 0.08 0.76 ( 25, 89) 1.51
PA 1.20 10.70 4.00 0.79=0.70 + 0.10 3.64( 7, 38) 4.00 0.96 = 0.68 + 0.10 + 0.18 0.49( 21, 99) 3.82
UK OOM OOM OOM OOM OOM OOM 0.56 = 0.39 + 0.03 + 0.14 3.06 ( 14, 70) 3.09
PR 0.13 192 0.23 0.16 = 0.15 + 0.01 | 0.03 (100, 100)| 0.25 0.20 = 0.15 + 0.01 + 0.04 | 0.08 (100, 100) | 0.24
GSG ™ 038 4.65 0.44 0.12=0.11+0.01 0.62( 15, 77) 0.44 0.16 =0.11 + 0.01 + 0.03 0.41( 32, 89) 0.43
PA 056 6.06 1.25 0.38=0.33+0.06 1.42( 11, 56) 1.18 0.46 = 0.31 + 0.06 + 0.08 0.28 ( 25, 99) 1.15
UK OOM OOM OOM 0.19=0.19+0.00 449( 0, 0) 1.08 0.26 =0.18 + 0.02 + 0.06 1.39( 18, 72) 1.01
PR 040 164 1.75 0.16 = 0.16 + 0.01 | 0.03 (100, 100)| 1.74 0.20 = 0.15 + 0.01 + 0.04 | 0.08 (100, 100) | 1.72
PSG ™ 0.72 5.22 259 0.23=0.22+0.02 1.12( 4, 60) 2.60 0.28 =0.21 + 0.02 + 0.05 0.51( 26, 86) 2.52
PA 1.86 4.85 5.78 0.54=049+0.05 1.68( 6, 37) 6.09 0.61 =047 + 0.04 + 0.09 0.33( 22, 97) 6.01
UK OOM OOM OOM OOM OOM OOM 0.65=049 + 0.03 +0.13 3.37( 13, 57) 7.00




Performance Breakdown |

S, E, and T represent Sample, Extract, and Train stages. G, M, and C represent graph sampling,
marking cached vertices, and copying samples to host memory in Sample stage, respectively.
R% and H% represent the cache ratio of features and the cache hit rate.
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DGL Tsota GNNLab
GNN Dataset
S E T S=G+M E (R%, H%) T S=G+M+C E (R%, H%) T
PR 0.35 2.81 |1.22 0.30 = 0.29 + 0.01 0.04 (100, 100) |1.18 0.39 =0.29 + 0.01 + 0.09 0.15 (100, 100) |1.18
GCN ™ 0.74 9.44 11.48 0.29=0.26 +0.03 3.68( 1, 29) |1.53 0.37 = 0.26 + 0.03 + 0.08 0.76 ( 25, 89) |1.51
PA 1.20 10.70 |4.00 0.79=0.70 + 0.10 3.64( 7, 38) |4.00 0.96 = 0.68 + 0.10 + 0.18 0.49( 21, 99) |3.82
UK OOM OOM | OOM OOM OOM OOM 0.56 = 0.39 + 0.03 + 0.14 3.06 ( 14, 70) |3.09
PR 0.13 1.92 |0.23 0.16 = 0.15 + 0.01  0.03 (100, 100) |0.25 0.20 = 0.15 + 0.01 + 0.04 0.08 (100, 100) |0.24
GSG ™ 0.38 465 |0.44 0.12=0.11+0.01 0.62( 15, 77) |0.44 0.16 =0.11 + 0.01 + 0.03 0.41 ( 32, 89) |0.43
PA 056 6.06 |1.25 0.38=0.33+0.06 1.42( 11, 56) |1.18 0.46 = 0.31 + 0.06 + 0.08 0.28 ( 25, 99) |1.15
UK OOM OOM | OOM 0.19=0.19+0.00 449( 0, 0) |1.08 0.26 =0.18 + 0.02 + 0.06 1.39( 18, 72) |1.01
PR 0.40 1.64 |1.75 0.16 = 0.16 + 0.01 0.03 (100, 100) |1.74 0.20 = 0.15 + 0.01 + 0.04 0.08 (100, 100) |1.72
PSG ™ 0.72 5.22 |2.59 0.23=0.22+0.02 1.12( 4, 60) |2.60 0.28 =0.21 + 0.02 + 0.05 0.51( 26, 86) |2.52
PA 1.86 485 |5.78 0.54=049+0.05 1.68( 6, 37) |6.09 0.61 =0.47 + 0.04 + 0.09 0.33( 22, 97) |6.01
UK OOM OOM | OOM OOM OOM OOM 0.65=0.49 + 0.03 + 0.13 3.37( 13, 57) |7.00




Scalability

» DGL and Tiora
» Time sharing design
» More work on CPUs
» CPUs stop growing
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Training Convergence

Case: GraphSAGE on Papers100M
» Converge to same accuracy targets

» GNNLab outperforms
DGL by 10.2X and Tsor4 Y 3.5 X
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Training Convergence

Case: GraphSAGE on Papers100M
» Converge to same accuracy targets

» GNNLab outperforms
DGL by 10.2X and Tsor4 Y 3.5 X

1. Faster training (per epoch)
» vs. DGL by 8.2X and Tsora by 2.8 X
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2. Fewer epochs, reduced by 1.24X
» GNNLab: 106 (6 GPU workers for training)
» DGL/ Tsora - 131 (8 GPU workers for training)
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The more GPUs allocated for model training, the fewer
gradient updates per training epoch, and more epochs
are required to achieve the same expected accuracy.
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Conclusion & Thanks P

GNNLab: a factored system for sample-based GNN fraining

» Replace time sharing with space sharing design
» Flexible architecture and scheduling for load balance

55

» A new efficient and robust caching policy

GNNLab will be published in EuroSys 2022
Artifact Evaluation: hitps://github.com/SJTU-IPADS/fgnn-artifacts
Open source: https://github.com/SJTU-IPADS/gnnlab (available soon)

Al needs Systems Research



https://github.com/SJTU-IPADS/fgnn-artifacts
https://github.com/SJTU-IPADS/gnnlab

Questions AL
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Space sharing advance

» Fine-grained: inside a GPU (MPS and MIG)
» Decouple GPU CU and GPU memory

How about other GNNs and sampling algorithms?
» ClusterGCN and Shallow Subgraph Samplers

How to contribute to DGL?




