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2020.10 survey GPU-accelerated GNN training
2020.11 CPU-based sampling is bottleneck
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Case#tl: space-sharing for GNN
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®» 2. Support your observation

Opportunity: inter-task locality. Our work is motivated
by an attractive observation that different training epochs
in the same stage share a large amount or even all of the
data, which means that sample-based GNN training has ex-
tremely good inter-task data locality. As shown in Figure 3,
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Opportunity: inter-task locality. Our work is motivated
by an attractive observation that different training epochs
in the same stage share a large amount or even all of the
data, which means that sample-based GNN training has ex-

tremely good inter-task locality. As shown in Figure 3,
Table 2. The similarity (in percentage) of access footprint be-

tween two epochs for various datasets and sampling algorithms.

A Pre- ling Based Caching Poli
re-sampling Based Caching Policy Sampling algorithms PR [5] TW [34] PA[4] UK [9]

i and j. As shown in Table 2, for the top-ranked vertices, on
. 3-hop random 73.97 78.89 91.29 77.46
average over 75% of the access footprint overlaps between
two it ti This indicates that it is f ible t 1 Random walks 78.16 72.68 87.14 64.40
o iterations. 1s.m icates that it is feasible to pre-sample 3-hop weighted 77 69 56.64 89.57 79.96
a few rounds to estimate vertex hotness.
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Opportunity: inter-task locality. Our work is motivated
by an attractive observation that different training epochs
in the same stage share a large amount or even all of the
data, which means that sample-based GNN training has ex-
tremely good inter-task locality. As shown in Figure 3,

A Pre-sampling Based Caching Policy

i and j. As shown in Table 2, for the top-ranked vertices, on
average over 75% of the access footprint overlaps between
two iterations. This indicates that it is feasible to pre-sample
a few rounds to estimate vertex hotness.

Observation experiments

* Metric: definition, setup

 Scope of application: algos, datasets, workloads
e Effectiveness: rare case? bound?

»

Diff. Algorithms Diff. Datasets

footprint be-

Table 2. The similarity (in peréentage) of acc
pling algorithms.

tween [two epochs for various ddtasets|and s

Samﬁl'mé algorithms PRY5] TW [34] PA [4] UK [9]

3-hop random 73.97 78.89 91.29 77.46
Randony walks 78.16 72.68 87.14 64.40
3-hop welghted 7739 66.64 89.57 ’2.96
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e Effectiveness: rare case? bound?

loads
Opportunity: inter-task locality. Our work is motivated

by an attractive observation that different training epochs
in the same stage share a large amount or even all of the

Diff. Datasets

data, which means that sample-based GNN training has ex- Diff. Algorithms
tremely good inter-task locality. As shown in Figure 3,
Table 2. The similarity (in peréentage) of access footprint be-
tweerjtwolZpochs for various dgtasets [and sampling algorithms.
A Pre-sampling Based Caching Policy

Samﬁl'm# algorithms PRY5] TW [34] PA [4] UK [9]
i and j. As shown in Table 2, for the top-ranked vertices, on
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a few rounds to estimate vertex hotness.
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Opportunity: inter-task locality. Our work is motivated
by an attractive observation that different training epochs
in the same stage share a large amount or even all of the
data, which means that sample-based GNN training has ex-
tremely good inter-task locality. As shown in Figure 3,

A Pre-sampling Based Caching Policy

i and j. As shown in Table 2, for the top-ranked vertices, on
average over 75% of the access footprint overlaps between
two iterations. This indicates that it is feasible to pre-sample
a few rounds to estimate vertex hotness.
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Table 2. The similarity (in percentage) of access footprint be-

tween two epochs for various datasets and sampling algorithms.

Sampling algorithms IlR [5] TW [34] PA[4] UK [9]

3-h0p random 73.97 78.89 91.29 77.46
Random walks 78.16 72.68 87.14 64.40
3-h0p Weighted 77.69 66.64 89.57 72.96
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Numerous kernels. Unlike traditional GPU applications that
only contain a few kernels (e.g., at most 14 kernels in Ro-
dinia [10]), it is common to see hundreds of kernels in modern
DNN models (see Table 1). In response, large amounts of

Table 1: The amount of GPU kernels in DNNs evaluated in §7
and the execution time (in millisecond). The codes are generated by
TVM [14] and run on AMD Radeon Instinct MI50

Model ResNet DenseNet VGG Inception Bert
#Kernels 307 207 55 146 205
Exec. Time 13.6 3.5 4.4 8.3 54

Table 2. The similarity of vertices with types in different datasets.
#P, #T, and #V T denote the number of predicates, types, and vertices
with at least one type. Similarity denotes the percentage of vertices
with a similar combination of predicates as other vertices of its type.
Note that we consider a different combination of types as a new type.

Dataset #P #T #Vr Similarity
LUBM-2560 17 14 52,272,182 96.29%
WSDTS 86 39 10,234,195 72.28%
DBPSB 14,128 54,736

tion of vertices of an RDF graph into different groups. We
observe that vertices with the same type commonly have a
similar combination of predicates. For example, in Figure 2,
all institutes (INS) has two predicates: so and ty . Table 2
shows the percentage of vertices with a similar combination
of predicates as other vertices of its type for three synthetic
and real-life datasets [3, 5, 7]. Therefore, we argue that the
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e Confirm-results vs. Find-issues
» Expectation =2 “Spot The Differences”

CASE: DGL vs. FGNN vs. ?
e Stage-by-stage breakdown
e Speedup? and Overhead?
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3. Revise your implementation

The Earlier The Better

Performance breakdown

e Confirm-results vs. Find-issues
» Expectation =2 “Spot The Differences”

CASE: DGL vs. FGNN vs. ?
e Stage-by-stage breakdown
e Speedup? and Overhead?

Model Dataset Sampling  Extracting Training | Sample Extract Extract+C Convert Train
Reddit 1.39 2.16 0.78 0.59 143 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 1.73 5.99 0.80 0.74 4.29
Friendster XXX XXX XXX 3.39 37.60 9.02 0.64 6.91
Reddit 1.39 2.14 1.07 0.60 142 0.08 0.09 0.94
Products 1.96 2.57 1.29 0.51 1.60 0.17 0.15 1.23
GraphSAGE
Papers 10.20 10.15 5.11 1.73 6.53 0.80 0.68 4.17
Friendster XXX XXX XXX 3.40 37.89 9.06 0.58 6.64
Reddit XXX XXX XXX 0.10 1.22 0.07 0.10 1.19
Products XXX XXX XXX 0.21 0.89 0.10 0.13 1.94
PinSAGE
Papers XXX XXX XXX 0.70 2.88 0.47 0.67 6.78
Friendster XXX XXX XXX 1.35 13.83 3.37 0.53 12.25
DGL G FGNN
x| Data | | Py |
| set | Sample Extract Train | Sample Extract Train | Sample=S+M+C  Extract (Ratio, Hit%) Train
PR 0.35 2.81 1.22 7.15 3.19 2.14 0.39=029+0.01+0.09 0.19 (100%,100%) 1.18
GCN W 0.74 9.44 1.48 6.25 952 251 | 037=026+0.03+0.08 0.80 ( 25%, 89%) 1.50
PA 1.20 10.70  4.00 9.08 10.27 591 | 096=0.68+0.10+0.18 0.61 ( 21%, 99%) 3.81
UK OOM OOM OOM 7.19 16.69 4.83 0.56 =0.38 + 0.03 + 0.14 3.08 ( 14%, 70%) 3.12
PR 0.13 1.92 0.23 3.89 2.06 0.23 0.20=0.15+0.01 +0.04  0.10 (100%,100%) 0.24
GSG T™W 0.38 4.65 0.44 3.38 470 034 | 0.16=0.11+0.01+0.04 0.44 ( 32%, 89%) 042
PA 0.56 6.06 1.25 4.69 636 088 | 046=032+0.06+0.08 0.34 ( 25%, 99%) 1.12
UK OOM OOM OOM 4.01 8.45 0.84 0.27=0.18 + 0.02 + 0.06 1.44 ( 18%, 72%) 1.02
PR 0.16 1.56 1.75 X X X 020=0.15+0.01+0.04 0.10 (100%,100%) 1.72
PSG T™W 0.23 497 2.57 X X X 028=022+0.02+0.05 0.55 ( 26%, 86%) 2.54
PA 0.53 500 6.14 X X X 0.61=047+0.04+0.09 041 ( 22%, 97%) 597
UK OOM OOM OOM X X X 0.65=0.48 +0.03 + 0.13 3.39 ( 13%, 57%) 6.99
DGL T, GNNLab
GNN Dataset SoTA
s E T $=G+M ER%H% T $=G+M=+C ER%H%) T
PR 0.35 281 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 ™ 074 944 148 0.29=026+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 O0M 00OM OOM OO0M 00M 0OM 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 ™ 038 465 0.44 0.12=0.11+0.01 0.62( 15, 77) 044 0.16 =0.11 + 0.01 + 0.03 0.41( 32, 89) 043
PA 056 6.06 1.25 0.38=033+0.06 142( 11, 56) 1.18 0.46 =031 + 0.06 + 0.08 0.28 ( 25, 99) 1.15
UK 00OM  O0OM OOM 0.19=0.19+0.00 449( 0, 0) 1.08 0.26 = 0.18 + 0.02 + 0.06 139 ( 18, 72) 1.01
PR 0.40 164 175 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 ™ 0.72 522 259 0.23=022+0.02 1.12( 4, 60) 2.60 0.28 =0.21 + 0.02 + 0.05 0.51( 26, 86) 2.52
PA 1.86 485 578 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 O00OM  0OM OOM 00M 0OM 00M 0.65 = 0.49 + 0.03 +0.13 3.37( 13, 57) 7.00
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Model Dataset Sampling  Extracting Training | Sample Extract Extract+C Convert Train
(Rehait 1.39 2.16 0.78 0.59 143 0.08 010 074
Products 1.96 2.59 1.19 0.51 1.59 0.17 015 122
GCN | — |
Papers [10.10] 1033 517 [|173]| 599 0.80 074 429
Friendster | XXX XXX XXX | 339 3760 9.02 064 691
1 I\/l t . t k (Rehait 1.39 2.14 107 | 060 142 0.08 009 094 I
P 1. 2.57 1.2 51 1. 17 1 12 -
. O | Va e yo u r W O r GraphSAGE roducts L 196 3 ? 0;5 60 0 0.15 3 @) |
Papers 110.20 10.15 5.11 173 6.53 0.80 068  4.17 =2
Friendster |,” XXX XXX XXX [ 340 3789 9.06 058  6.64 & .
(Rhait | xXX XXX XXX | 010 122 0.07 010 119 =
’ I
. pinsAGE | Products 1 X.XX XXX XXX | 01 0.89 0.10 013 194 E I
u O r O u r O S e rV a | O n Papers | | XXX XXX XXX | 070 2388 047 067 678 Qo
. Friendster | X.XX XXX XXX 135  13.83 3.37 053 1225 3>
7 ' wn
1 1
T T
GNN | Data | II DGL | Py(;«t’? | vA o FGNN N,
. . . | set | Sample Extract Train | Sample Extract Train | BSample=$#M+C  Extract (RAtid, Hit%) Train
3 Rev | S e O u r | r r l | e r r l e n tat | O n PR | 035 281 122 | 715 319 214 | 039=029+001+009 0.9 (100%,100%)  1.18
. con | TW | 024 944 148 | 625 952 251 =026+0.03+008 080 ( 25%, 89%)  1.50
PA | |120| 1070 400 | 908 1027 501 0.68+0.10+0.18 061 ( 21%, 9%) 381
UK ooM oOM | 719 1669 483 =038+003+0.14 308 ( 14%, 70%)  3.12
PR 192 023 | 380 206 023 | 020=015+001+004 0.10 (100%,100%) 024
asc | ™V 465 044 | 338 470 034 | 0.16=0.11+001+004 044 ( 32%, 89%) 042
. PA 606 125 | 469 636 088 | 0.46=0.32+0.06+0.08 (25%, 99%) 112
Pe rform ance b reg kd own The Ea rller The Better UK ooM  ooM | 401 845 084 | 027=0.18+002+0.06 THF( 18%, 72%)  1.02
PR 156 175 x x x | 020=015+001+004 0.1p (100%,100%) 172
. . . psc | TV 497 257 x x x | 028=022+002+005 05§ ( 26%, 86%)  2.54
° f _ | d _ PA 500 614 x x x| 061=047+0044+009 044 (22%, 97%) 597
Con Irm-resu tS VS. Fln ISSUES UK ooM  OOM x x x | 065=048+003+0.13 3391( 13%, 57%)  6.99

T
A \

» Expectation =2 “Spot The Differences” JR R VA 7 i3 o

>I
- |
(QOI |
Q
| -
[
M
o |
|
£ |
UI

=
s E T sZG+M ER%H%), T $=G+M+C \ ER%H% T
-
PR 035 281 122  030=029+001 004(100,400) 118  0.39 =0.29 + 0.01 +0.09 | 0.15 (100, 100) 1.18
cen TV 074 944 148  029=026+003 3.68( 1, 29) 153  0.37=0.26+0.03+008 10.76 ( 25, 89) 1.51
9 PA 120 1070 400  079=070+0.10 3.64( 7, 38) 400  0.96=0.68+0.10+0.18 0.49( 21, 99) 3.82
CAS E : D G I_ VS FG N N VS UK 0OM 00M OOM  OOM 0oM 00M  0.56=039+003+0.14 3.06( 14, 70) 3.09
. . . . 1

PR 013 192 023  016=0.15+001 0.03(100,100) 0.25  0.20 =0.15+ 0.01 +0.04 008 (100,100) 0.24
o TW 038 465 044  012=011+001 062( 15 77) 044  0.16=011+001+003 0M1( 32, 89) 043
® Sta ge— by—sta ge b rea kd own PA 056 606 125  038=033+006 1.42( 11, 56) 118  0.46 =031 + 0.06 + 0.08 25, 99) 115
UK 0OM OOM O0OM  019=0.19+000 449( 0, 0) 1.08  0.26=0.18+0.02+006 T139( 18, 72) 1.01
3 3 PR 040,64 175  016=0.16+001 003(100,100) 174  020=015+001+004 008(100,100) 172

* Speed d Overhead - -
p e e u p I a n Ve r ea r psg  TW 0.72-)’(9:22 2.59 0.23=022+002 112( 4, 60) 2.60 0.28 =0.21 +0.02 + 0.05 0.51( 26, 86) 2.52
PA 186" 1485 578  054=049+005 168( 6 37) 609  0.61=047+0.04+009 033(22 97) 6.01

UK 00OM 0OM  0OM 00OM 00OM 00M 0.65 =0.49 + 0.03 + 0.13 3.37 ( 13, 57) 7.00




Model

Dataset

mg Training

FGNN
Sample Extract EXte Convert

Sampling Train

Reddit 1.39 2.16 0.78 0.59 143 0.08 0.10 0.74

GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 1.73 5.99 0.80 0.74 4.29

Friendster X. XX XXX XXX 3.39 37.60 9.02 0.64 6.91




Model

Dataset

Sampling mg Training

FGNN
Sample Extract EXte Convert

Train
Reddit 1.39 2.16 0.78 0.59 1.43 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.33 5.17 1.73 5.99 0.80 0.74 4.29
Friendster X. X.XX XXX 3.39 37.60 9.02 0.64 6.91
|
Model Dataset Sz“mple Extract Train e GPU-based sampling
Reddit 479 217 050 | « New version DGL
GCNgpu Products 1112 1.84  0.56
Papers 6.22 2.43
Friendster FAIL FAIL  FAIL




FGNN
Model Dataset Sampling mg Training | Sample Extract Convert Train

Reddit 1.39 2.16 0.78 0.59 1.43 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.33 5.17 1.73 5.99 0.80 0.74 4.29
Friendster X. X.XX XXX 3.39 37.60 9.02 0.64 6.91
-\
Model Dataset Sz“mple Extract Train e GPU-based sampling
(Kyadit (\\-79 217 030 |« New version DGL
Product 1112 1.84 0.56
GCNgpu aes
Papers 2.43
(Rendster | FAIL  FA[L  FAIL
— \
Model Dataset Sample E)Qpact Train * Use proper datasets
Products 1.14 1.85 0.57 ° Reﬁne evaluation
P 6.45 2.20
GCNgpu e
~@Fwitter 2.49 4.27 0.98
<_\‘¥i(-2006-05 FAIL FAIL  FAIL

/'\



Sampling mg Training

FGNN
Sample Extract EXte Convert

Model Dataset Train
Reddit 1.39 2.16 0.78 0.59 1.43 0.08 010 074
GON Products 1.96 2.59 1.19 0.51 1.59 0.17 015 122
Papers 10.33 5.17 1.73 5.99 0.80 074 429
Friendster X. XXX XXX 3.39 37.60 9.02 0.64 6.91
-\
Model Dataset Sz“mple Extract Train e GPU-based sampling
(Kyadit (\\-79 217 030 |« New version DGL
Product 1112 1.84  0.56
GCNgpu ucts
Papers 2.43
(Rendster | FAIL  FA[L  FAIL
— \
Model Dataset Sample Extract Train | ¢ Use proper datasets
Products : I8 O * Refine evaluation
P 6.45 )  2.00
GCNgpu bk s
~@Fwitter 249 427 098
D@/K-2006-05 | FA[L  FAIL  FAJL
<
Model Dataset Sanpple  Extract Trhin e Cha nge sampling algo,
Products | R 285 d| ° Correct evaluation
P 1 10. 64
GCN-+gpu a;?ers 3.18 0.78 6.6
Twitter 1.35 856  2.04
UK-2006-05 | FAIL  FAIL FAIL




Sampling mg Training

FGNN
Sample Extract EXte Convert

Model Dataset Train
Reddit 1.39 2.16 0.78 0.59 1.43 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.33 5.17 1.73 5.99 0.80 0.74 4.29
Friendster X. XXX XXX 3.39 37.60 9.02 0.64 6.91
\
Model Dataset Sz“mple Extract Train e GPU-based sampling
(Kyadit (\\-79 217 030 |« New version DGL
t 1112 1.84 0.56
GCNgpu Products
Papers 2.43
(Rendster | FAIL  FA[L  FAIL
= \
Model Dataset Sample Extract Train | ¢ Use proper datasets
Products . LBS 8 * Refine evaluation
P. 6.45 6.10 2.20
GCNgpu - a;')ers
~@Fwitter 249 427 098
:‘ﬂ(—2006-05 FAIL FAIL  FAIL
218
Model Dataset Sanpple  Extract Trhin e Cha nge Sampling algo,
Products 0.68 AR d| ° Correct evaluation
P. A 10. 64
GCN-+gpu a;?ers 3.18 0.78 6
Twitter 1.35 8.56 2.04
UK-2006-05 FAIL FAIL FA[L
Model Dataset Samhple  Extract Triin e Remove over h ea d
Products 0 2.82 0.74
P. 1.1 10. 2.
GCN+gpu a;.)ers 9 0.70 64
Twitter 0.74 8.64 1.06
UK-2006-05 FAIL FAIL  FAIL




FGNN
Model Dataset Sampling mg Training | Sample Extract Convert Train

Reddit 1.39 2.16 0.78 0.59 1.43 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 L. 5.99 0.80 0.74 4.29
Friendster XXX XXX XXX 3.39 \ 37.60 9.02 0.64 6.91
she N\
Model Dataset Sample  Extract Train CacTz?Fct. le Extract Train e Chan ge samp lin ga Igo )
Products 0.35 2.82 0.74 1.00 0.25 1.07 e Add low-level metrics
Papers 1.19 10.70  2.64 0.16 1.25 0.78 3.75
GCN+gpu -
Twitter 0.74 106 0-22 675 1.06(1.00+0.06)
UK-2006-05 | FAIL FAIL  FAIL FAIL FAIL FAIL FAIL




Sampling mg Training

FGNN
Sample Extract EXte Convert

Model Dataset Train
Reddit 1.39 2.16 0.78 0.59 143 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 1. 5.99 0.80 0.74 4.29
Friendster X.XX XXX XXX 3.39 \ 37.60 9.02 0.64 6.91
NN
Model Dataset Sample Extract Train | Cac ct. le Extract Train
Products 0.25 1.07
GCN-+gpu Pa?ers 1.19 0-78
Twitter 0.74 06 - - 1.06(1.00+0.06)
UK-2006-05 | FAIL  FAIL FAIL | FAIL FAIL\ FAIL FAIL \
Ny \ N W N\ N
Model Dataset | Sample Extract Train | Cache Pct. HTt%Zte S le(S;ﬁ‘Q) Extract \’(rain(T'»R{F
Products 0.35 2.82 0.74 1.00 1.00 0.4 .03+0.08) 0.24 0.94(8,91+0.03)
GCN Papers 1.19 10.70 2.64 0.20 0.99 1.00(0.69+0.17+0.14) 0.90 2.8 0.18)
Twitter 0.74 8.64 1.06 0.24 0.89 0.39(0.26+0.07+0.06) 1.09 1.09(1.02+0.07)
UK-2006 FAIL FAIL  FAIL 0.13 0.67 0.59(0.39+0.08+0.11) 3.96 2.23(2.06+0.17)

e Change sampling algo.
e Add low-level metrics

e Add low-level
metrics

* In-depth
breakdown

e Refine design &
implementation



Sampling mg Training

FGNN
Sample Extract EXte Convert

Model Dataset Train
Reddit 1.39 2.16 0.78 0.59 1.43 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 1. 5.99 0.80 0.74 4.29
Friendster X.XX X.XX XXX 3.39 \ 37.60 9.02 0.64 6.91
NN
Model Dataset Sample Extract Train le Extract Train
Products 0.25 1.07
GCN-+gpu Pa?ers 1.19 0-78
Twitter 0.74 106 - 3 1.06(1.0040.06)
UK-2006-05 | FAIL  FAIL FAIL | FAIL FAIL\ FAIL FAIL \
Ny \ N W N\ N
Model Dataset | Sample Extract Train | Cache Pct. HitRate S le(S;ﬁ‘Q) Extract \’(rain(T'»R{F
Products 0.35 2.82 0.74 1.00 1.00 0.4 .03+0.08) 0.24
GCN Papers 1.19 10.70 0.20 0.99 1.00(0.69+0.17+0.14)
Twitter 0.74 8.64 1.06 0.24 0.89 0.39(0.26+0.07+0.06) . 1.09(1.02+0.07)
UK-2006 | FAIL FAIL  FAIL 0.13 0.67 0.59(0.39+0.08+0.11) 3.6 2.23(206+0.17)
Model Dataset Sample Extract Trgin | Cache Pct. Hit Rate Sample(S+1+Q) Extract Traiq(T+C)
Products 0.35 2.84 1.22 1.00 1.00 0.40(0.29+0.03+0.08) 0.23 1.18(1.f15+0.03)
GCN Papers 1.20 10.77 0.20 0.99 1.00(0.69+0.174+0.14)  JOReS 3.83KYA0.18)
Twitter 0.74 8.52 1.52 0.24 0.89 0.39(0.26+0.07+0.06) 0.86 1.52(1.46+0.06)
UK-2006 | FAIL FAIL  FAIL 0.13 0.67 0.59(0.39+0.08+0.11) 3.40 3.04(2.89+0.15)

e Change sampling algo.
e Add low-level metrics

Add low-level
metrics
In-depth
breakdown
Refine design &
implementation

Correct eval.



Sampling mg Training

FGNN
Sample Extract EXte Convert

Model Dataset Train
Reddit 1.39 2.16 0.78 0.59 143 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 1.73 5.99 0.80 0.74 4.29
Friendster XXX XXX XXX 3.39 37.60 9.02 0.64 6.91
DGL FGNN
Model Datasets Sample Extract Train | Ratio Hit Sample=S+1+Q Extract Train=T + C
PR 0.35 2.84 1.22 | 100% 100% 0.40=0.29 +0.03 + 0.08 0.23 1.18 =1.15+0.03
GCN PA 1.20 10.77 3.97 20% 9% 1.00=0.69 +0.17 + 0.14 0.66 3.85=3.67+0.18
™™ 0.74 8.52 1.52 24% 89% 0.39=0.26 + 0.07 + 0.06 0.86 1.52=1.46 + 0.06
UK X X X 13% 67% 0.59=0.39+0.08 +0.11 3.40 3.04=2.89 +0.15

e Refine format



Sampling mg Training

FGNN
Sample Extract EXte Convert

e Refine format

Model Dataset Train
Reddit 1.39 2.16 0.78 0.59 143 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 1.73 5.99 0.80 0.74 4.29
Friendster X.XX XXX XXX 3.39 37.60 9.02 0.64 6.91
DGL FGNN
Model Datasets
ode atase Sample Extract Train | Ratio Hit Sample=S+1+Q Extract Train=T + C
PR 0.35 2.84 122 | 100% 100% 0.40=0.29 +0.03 + 0.08 1.18 =1.15+0.03
GCN PA 1.20 10.77 20%  99% 1.00=0.69+0.17 +0.14 3.85= 0.18
™™ 0.74 8.52 24% 89% 0.39=0.26 + 0.07 + 0.06 /86 1.52= 0.06
UK X X ) 13% 67% 0.59=0.39 +0.08 +0.11 3.40 3.04=2.89 +0.15
/ .
DGL FGNN v
GNN Model | Dataset =@
ode arase Sample Extract Train Sample=S +1+Q Extract/(Ratio, Hi(%)
PR 0.35 2.81 1.22 | 0.39=0.29 +0.01 + 0.09 (100%,100%)
GCN PA 1.20 10.70 4. 0.96 =0.68 + 0.10 + 0.18 ( 20%, 99%)
TW 0.74 9.44 0.37=0.26 + 0.03 + 0.08 ( 24%, 89%)
UK X X X 0.55=0.38+0.03+0.14 3.24 ( 13%, 67%)

e Refine format
e Refine evaluation



FGNN
Model Dataset Sampling Training | Sample Extract EXt9 Convert Train

Reddit 1.39 2.16 0.78 0.59 143 0.08 0.10 0.74
GCN Products 1.96 2.59 1.19 0.51 1.59 0.17 0.15 1.22
Papers 10.10 10.33 5.17 1.73 5.99 0.80 0.74 4.29
Friendster XXX XXX XXX 3.39 37.60 9.02 0.64 6.91
DGL FGNN e Refine format
Model Datasets - . - .
Sample Extract Train | Ratio Hit Sample=S+1+Q Extract Train=T + C
PR 0.35 2.84 1.22 | 100% 100% 0.40=0.29 +0.03 + 0.08 1.18 =1.15+0.03
GCN PA 1.20 10.77 20%  99% 1.00=0.69+0.17 +0.14 3.85= 0.18
™™ 0.74 8.52 24% 89% 0.39=0.26 +0.07 + 0.06 /86 1.52 = 0.06
UK X X b 13% 67% 0.59=0.39+0.08 +0.11 3.40 3.04=2.89 +0.15
/
i ° i
GNN Model | Dataset II;GL o Somole=S 11 - FGNI‘;{ m;(q.ba Reﬂ ne format |
ample xtract gin ample=S +1+Q xtract/( atio, ) e Refine evaluation
PR 0.35 2.81 1.22 | 0.39=0.29 + 0.01 + 0.09 (100%,100%)
GCN PA 1.20 10.70 4. 0.96=0.68 +0.10 + 0.18 ( 20%, 99%)
TW 0.74 9.44 0.37=0.26 + 0.03 + 0.08 .84 ( 24%, 89%)
UK X X X 0.55=0.38+0.03+0.14 3.24 ( @ 67%)
Si7 .
GNN | Data | DGL | PyG 5@ | RGN * Add new baseline

| set | Sample Extract Train | Sample Extract Train | Sample=S+M+C  Extract (Ratio,Hit%) Train ¢ Refine format

PR 0.35 2.81 1.22 7.15 319 214 | 039=0.29+0.01+0.09 0.19\(100%,100%) 1.18 e Refine evaluation
GCN TV]‘ 0.74 9.44 1.48 6.25 952 251 | 037=0.26+0.03+0.08 0.80 (\25%, 89%) 1.50
PXY 1.20 10.70  4.00 9.08 10.27 591 | 096=0.68+0.10+0.18 0.61 ( 99%) 3.81
70%) 3.12

UK OOM OOM OOM 7.19 16.69 483 | 0.56=0.38+0.03+0.14 3.08 (




GNN | Data | DGL | PyG | FGNN
| set | Sample Extract Train | Sample Extract Train | Sample=S+M+C  Extract (Ratio, Hit%) Train
PR 0.35 2.81 1.22 7.15 3.19 214 | 0.39=029+0.01+0.09 0.19 (100%,100%) 1.18
GCN TW 0.74 9.44 1.48 6.25 9.52 2.51 0.37=0.26 + 0.03 + 0.08 0.80 ( 25%, 89%) 1.50
PA 1.20 10.70 4.00 9.08 10.27 5.91 0.96 =0.68 + 0.10 + 0.18 0.61 ( 21%, 99%) 3.81
UK OOM OOM OOM 7.19 16.69 483 | 0.56=0.38+0.03+0.14 3.08 ( 14%, 70%) 3.12
PR 0.13 1.92 0.23 3.89 2.06 0.23 0.20=0.15+0.01+0.04 0.10 (100%,100%) 0.24
GSG ™ 0.38 4.65 0.44 3.38 4.70 034 | 0.16=0.11+0.01+0.04 044 ( 32%, 89%) 0.42
PA 0.56 6.06 1.25 4.69 6.36 0.88 0.46 =0.32 + 0.06 + 0.08 0.34 ( 25%, 99%) 1.12
UK OOM OOM OOM 4.01 8.45 0.84 | 0.27=0.18 + 0.02 + 0.06 1.44 ( 18%, T2%) 1.02
PR 0.16 1.56 1.75 X X X 0.20=0.15+0.01+0.04 0.10 (100%,100%) 1.72
PSG W 0.23 497 2.57 X X X 0.28=0.22 + 0.02 + 0.05 0.55 ( 26%, 86%) 2.54
PA 0.53 5.00 6.14 X X X 0.61=047+0.04+0.09 041 ( 22%, 97%) 5.97
UK OOM OOM OOM X X X 0.65=048+0.03+0.13 3.39 ( 13%, 57%) 6.99




GNN | Data | DGL | PyG .~ | FGNN
| set | Sample Extract Train | Sample Extra® Train | Sample=S+M+C  Extract (Ratio, Hit%) Train
I PR 0.35 2.81 1.22 7.15 3.19 214 | 0.39=029+0.01+0.09 0.19 (100%,100%) 1.18
! GCN TW 0.74 9.44 1.48 6.25 9.52 2.51 0.37=0.26 + 0.03 + 0.08 0.80 ( 25%, 89%) 1.50
: PA 1.20 10.70 4.00 9.08 10.27 5.91 0.96 =0.68 + 0.10 + 0.18 0.61 ( 21%, 99%) 3.81
I UK OOM OOM OOM 7.19 16.69 483 | 0.56=0.38+0.03+0.14 3.08 ( 14%, 70%) 3.12
> I
_(_% I PR 0.13 1.92 0.23 3.89 2.06 0.23 0.20=0.15+0.01+0.04 0.10 (100%,100%) 0.24
Q : GSG ™ 0.38 4.65 0.44 3.38 4.70 034 | 0.16=0.11+0.01+0.04 044 ( 32%, 89%) 0.42
! PA 0.56 6.06 1.25 4.69 6.36 0.88 0.46 =0.32 + 0.06 + 0.08 0.34 ( 25%, 99%) 1.12
QL) : UK OOM OOM OOM 4.01 8.45 0.84 | 0.27=0.18 + 0.02 + 0.06 1.44 ( 18%, T2%) 1.02
% : PR 0.1 1.56 1.75 X X X 0.20=0.15+0.01+0.04 0.10 (100%,100%) 1.72
O PSG TW 3 497 2.57 X X X 0.28=0.22 + 0.02 + 0.05 0.55 ( 26%, 86%) 2.54
: PA 3 5.00 6.14 X X X 0.61=047+0.04+0.09 041 ( 22%, 97%) 5.97
I UK D OOM OOM X X X 0.65=048+0.03+0.13 3.39 ( 13%, 57%) 6.99
DGL Tsora “@- GNNLab ' '
GNN Dataset Y s0TA ~8! * Refine baseline
§ E T S=G+M E®R%H%) T S=G+M+[s ER%H%) T ¢ Correctimpl.
PR 035 281 122 | 030-029+001 004(100,100) 1.18  0.39 = 0.29 + 0.01]+ 0.09] 0.15(100,100) 1.18| ¢ Confirm merits
™ 0.74 944 1.48 0.29 = 0.26 + 0.03 0.37 =0.26 + 0.03 0.76 ( 25, 89) 1.51 .
[ J
GCN PA 1.20 10.70 4.00 0.79 =0.70 + 0.10 0-06—L-68—+0316 : 3.82 COnﬂ rm Overhead
UK OOM OOM OOM 0.56 = 0.39 + 0.03 3.06 ( 14, 70) 3.09
PR 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 ™ 465 044 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 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 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 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 ™ 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 485 5.78 0.54=0.49 +0.05 168( 6, 37) 6.09 0.61 = 0.47 + 0.04/+ 0.09| 0.33( 22, 97) 6.01
UK OOM OOM O0OM OOM OOM 0.65 = 0.49 + 0.03|+ 0.13| 3.37( 13, 57) 7.00




Evaluation-centric Research

1. Motivate your work
2. Support your observation

®» 3. Revise your implementation

* GPU preemption

* Wait-based vs. Reset-based

* wrt. #tasks preempted

e 1-2 order-of-magnitude faster




Evaluation-centric Research

1. Motivate your work
2. Support your observation

®» 3. Revise your implementation

[ = Wait-Based mm Reset-Based
- =3 Reset-Based w/o OPT —

2021.12.11

3 Reset CU
m 3 Reset Device
£ 0.8 [ 3 Reset Host
>‘ -
[0}
-

Instant GPU
Preemption

Scheduler
: GPU'Streams API
GPU Runtime 4 i % .
v /7 kernel Preemption
|4
- ___________ Module
Host Queue | | |mE| |EE{—
‘ /
""""""" @ Reset HQs ™
block
Device Queue
@ Reset DQs
| Command Processor | Device
E@M@mw"

© Reset CUs
]

NN [ ]

1 2 4 6 8
Number of Tasks

0
w/o OPT w/OPT



Instant GPU

Evaluation-centric Research gl Frecrmprion

GPU Streams API

GPU Runtime J | & .
v kernel Preemptlon
\4
- R Module
Host Queue | | [mm| |mml— —
} PUE—

""""""" @ Reset HQs ™

1. Motivate your work C
Device Queue ‘ ‘ OCk

2. Support your observation |
| Command [ — | Device eset DQs
ol i1 IEdre

®» 3. Revise your implementation
Cosorzz

2021.12.11 900
| mm Wait-Based mm Reset-Based Ml 3 Reset CU mm Reset CUs j
F == Reset-Based w/o OPT - 2 Reset Device > &1 ResetDQs -
£ 0.8 | == Reset Host = 600 [ = Reset HQsJ
>
‘ 3
c
(O]
w© 300 [
-
0 NN [ ] 0
1 2 4 6 8 w/o OPT w/OPT w/o w/
Number of Tasks Optimization




Evaluation-centric Research

1. Motivate your work

“Given a cache ratio, to obtain the optimal cache performance (transferred

2 . S U p p O rt yo ur o b Serva tl on data size/cache hit rate), all sample footprints are recorded. After training,

we calculate the corresponding metric if we cache the most visited vertices.

3. Revise your implementation

300 3.7GB 11.4GB 400 6.0GB 12.2GB
— I —~ T
° . ° . ° ° g 240 CSEIDIU-?ased 8etgreel - g 8etgreel —_
= ampling ptimal — <300 GPU-based ptimal —
®» 4. Realize your limit/limitation  &a | -
n Qu-b_ased ? 200
o 120+t Sampling 5 |
“ur: . . ” “g 60 I ? 100 CPU-based
* “First things first”: know your LIMITS g — & Sampiing
L L L L 0 L L L L
. . 0 5 10 15 20 25 30 0 5 10 15 20 25 30 35
* Enough €arnings, close to Optlmal Cache Ratio (%) Cache Ratio (%)

* Finding optimal is a clear plus Figure 5. Tsferred data of degriA\[-{e]djialsaWptimal
caching policies with the increase of cache ratio tor (a) OGB-Papers

* Realize advantage/disadvantage with uniform sampling and (b) Twitter with weighted sampling.



Evaluation-centric Research

addition, our pre-sampling based caching policy achieves
90% — 99% of the optimal cache hit rate in all experiments.

Random ®=m Degree mm PreSC#1 mm Optimal

100 Efficiency

80 O O | Robustness

1. Motivate your work
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addition, our pre-sampling based caching policy achieves
90% — 99% of the optimal cache hit rate in all experiments.
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Figure 11. The comparison among different caching policies for (a) Twitter with
e Realize advanta ge / disadvanta ge weighted sampling, (b) OGB-Papers with 3-hop neighborhood, and (c) OGB-Papers

with the increase of feature dimensions. PreSC#K conducts K sampling stages.
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* Finding optimal is a clear plus

* Realize advantage/disadvantage

PR can be loaded into a single GPU

Dataset #Vertex #Edge Dim. #TS Vol Volg
PR [5] 2.4M 124M 100 197K 481MB 934MB
TW [34] 41.7M 1.5B 256 417K 5.6GB 40GB
PA [4] 111M 1.6B 128 1.2M 6.4GB 53GB
UK [9] 77.7M 3.0B 256 1.0M 11.3GB 74GB
overhead
J|
T GNI)/La‘(
GNN Dataset SoTA
$=G+M ER%H% T S=G+M+C ‘[ ll;:(R%,H%) T
[ PR 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 |
cen W 0.29=026+003 368( 1, 29) 153 037=026+0.03+008 0.76( 25 89) L51
PA 0.79=0.70+0.10 3.64( 7, 38) 4.00 0.96=0.68+0.10+0.18 049 ( 21, 99) 3.82
UK 00M 00M 00M 0.56 =0.39 +0.03 + 0.14 3.06 ( 14, 70) 3.09
PR 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
ose TV 0.12=0.11+0.01 0.62( 15, 77) 044 0.16=0.11+0.01+0.03 041 ( 32, 89) 0.43
PA 038=033+0.06 142( 11, 56) 1.18 0.46 =0.31+0.06+0.08 0.28( 25, 99) 1.15
UK 0.19=0.19+0.00 449( 0, 0) 1.08 0.26=0.18 +0.02+0.06 139( 18, 72) 1.01
PR 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 W 023=022+002 112( 4, 60) 260 0.28=021+0.02+0.05 051(26, 86) 2.52
PA 0.54=049 +0.05 1.68( 6, 37) 6.09 0.61=047+0.04+0.09 033(22, 97) 6.01
UK 0OM 0OM OOM 0.65=0.49 +0.03 + 0.13 337 ( 13, 57) 7.00
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Fig. 10: Comparison of (a) end-to-end real-time task latency, and

(b) overall throughput (including both real-time and best-effort tasks)

using different scheduling approaches.
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(b) overall throughput (including both real-time and best-effort tasks)
using different scheduling approaches.

3. Revise your implementation

4. Realize your limit/limitation ¢ osoizziome

Strengths
— interesting problem domain and a nice set of ideas

» 5 . F I n d n eW CO nt rl b u t | O n - comprehensively covers various implementation issues with optimizations to improve performance

- thorough evaluation

that be for REEF? The gvaluation is pretty thorough, but it certainly shows REEF in a positive light without
trying to put it into scenarios where it might struggle. It can be more helpful to show the full spectrum to
readers so that we know when to apply REEF and when it may not be suitable.
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Fig. 10: Comparison of (a) end-to-end real-time task latency, and
(b) overall throughput (Including both real-time and best-effort tasks)
using different schedyling approaches.

Table 2: DISB workload description. #/model denotes the num-
ber of clients and

DISB / A B c D E
Num. ofRT-(;Zents /VGG | 1/VGG |1/VGG S/ALL 5/ALL

Frequency (rgqs/s) 100 220 100 20 20
€ 0OSDI '22 Home Num. of BELclients 1/RNET| 1I/RNET |5/ALL S/ALL S5/ALL

Strengths
— interesting problem domain and a nice set of ideds
— comprehensively covers various implementation/issues with optimizations to improve performance
- thorough evaluation

o

that be for REEF? The evaluation is pretty thoro put it certainly shows REEF in a positive light without
trying to put it into scenarios where it migh( struggle. Jt can be more helpful to show the full spectrum to
readers so that we know when to apply REEF and when it may not be suitable.
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Fig. 10: Comparison of (a) end-to-end real-time task latency, and
(b) overall throughput (including both real-time and best-effort tasks)
using different scheduling approaches.
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Significant weaknesses

1. The micro-benchmarks and the models could be used in many more configurations in the
evaluation. This would make a more convincing case for the system.

2. Why not use a diurnal trace of user requests, of which there are many, to determine a somewhat
realistic arrival pattern for real-time workloads? You could then design benchmarks by varying the
kind of background workloads (synthetically of course) based on the usage scenario of the
background task.

4. DISB Workload Description: Since the benchmark is new and introduced only in this paper, we
need more details on this. For instance, it is unclear what a random workload is. Also, it is not
clear what the underlying models used are. It would also be good for these benchmarks to be
made publicly available.
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e presample and several other policy implementation
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presample full neighbour: [f5b2378, 5652043, 4b74272]
o fix legacy bug: crash when cache 100% [816258b
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e try to get explaination of why degree gets better or worse, summary:
o one hop degree does not match sample probability

o but its hard to build a metric.

o proposed guldellne presample is close to optimal and robust, so the
nd presample is not necessary?

choice be ee
e try to deduce the opt|ma| cache policy
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4.1 Our approach: Factored GNN
4.2 Framework
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6 Role-based Pipelining

777



Evaluation-centric Research

1. yx8 4 Overview of FGNN
9.09

Motivate your wo rk 4.1 Overview of Factored Design
4.2 Framework
Support your observation 5 Role-based Pipelining
5.1 Sampler / Extractor / Trainer
Revise your implementation 5.2 Load balance

5.3 Running on a single GPU

5.4 Supporting heterogenous environment
6 GPU-based Feature Caching

6.1 General caching policy

Realize your limit/limitation

Find new contribution

6.2 Memory allocation for the cache
6.3 Integration into training process

C h daln 8 S VO ur sto I’V 6.4 Cache data management

SRR T A o



Evaluation-centric Research

1. yx8 4 Overview of FGNN

1. Motivate your wo rk 9:26 Opportunity: inter-task locality

Our approach: a factored design
2. Support your observation > FGNN Architecture

5.1 Programming Model
3. Revise your implementation 52 Hybrid Execution

6 GPU-based Feature Caching

4. Realize your limit/limitation 6.1 General caching policy

6.2 Memory allocation for the cache

: : : 6.3 Integration into training process

5. Find new contribution 6.4 Cache data management
6. Change your story



Evaluation-centric Research

SRR T A o

2021
9.29

Motivate your work
Support your observation
Revise your implementation
Realize your limit/limitation
Find new contribution

Change your story

fanout from

B

GraphSAC ers [‘i‘ 6.08 1.09 w:s 8(0.31 \\j
witer | 038 4 % | 03 1100
[UK2006 | FAIL 7 b re a‘kdow
Products MV
[ 0w 097 o6
[ 035 o8 om0

sssssss

0214003+0.04) 078 178(1.71+
1 L FAIL | 011 052 067(049+007+0.1) 417 3.63(3.44+0.19)

4 Overview of FGNN
Opportunity: inter-task locality
Our approach: a factored design
Challenge: load imbalance

5 FGNN Architecture

5.1 Programming Model
5.2 Hybrid Execution

\

(

5.3 Dynamic Scheduling «

Adaptive switch btw. Sampler & Trainer

Running on a single GPU

6 GPU-based Feature Caching

6.1 A general caching scheme
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2. Dynamic switching is a novel idea that sounds interesting, but is poorly motivated since it
doesn't actually help their considered workloads.

F I n d n e W C O nt r I b U t I O n The authors don't demonstrate in any of their datasets/models a scenario where

adaptive/dynamic switching occurs "naturally". Instead, they need to artificially create this
scenario in section 7.8 by forcing an unbalanced sampler/trainer scenario that their system
wouldn't choose in the first place. Given that training workloads have predictable iterable

C h a n ge yo u r Sto ry steady state behaviour, this is expected. Perhaps this technique would have more value in
more unpredictable workload settings (e.g., non-homogenous hardware, workloads
contending for GPU resources and slowing down trainers/samplers).
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