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Locally Convolutional Neural Networks
Deep Convolutional Neural Networks
ConvGNNs
Contextual Convolutional Neural Networks

Diffusion Convolutional Neural Networks
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Deep Generative Model of Graphs
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Input: Graph G (with adjacency matrix A and node features X)

Qutput: Graph G. Subgraph 5. 5°
= Degree of each node in .

il = Diameter of .

n = number of nodes i &

if d 1s even number then

|k =2-1
else
e

e

end
R = Sumof [4, 4%, 43, ..., A%, I]. I = Identity matrix
Extract the subgraph 5; according to node i, using R
E; = External degree of 5;
e= o
for i from 1 ton do
for j from 1 to n do
if5;n5 =0and E; + E; < e then
e=E +E
51=5.5"=§;
end
end

end
Return Graph . Subgraphs 5* and 5°
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5. JEY I A9 2 43 34

7. dele Al

AR el EFE 4F7] A 1A ERel dwHos ASHE 1149 WXvha o
eI WS AT E 32 o] 1174e] Hlole el gt g IuE ATk

COLLAB ®olgfle %8 g8 vEgady 28 202, =2t A7 =9 448 U

Wz dxs 88 FAE Jehy ol % 79 A3 Roiz EEIth. IMDB-BINARY ¥

Aol T EA4S yEhdn mEby ols g4 8 2l =22 E2RFE0 MUTAG dolgAl
g8 725 Uiy k=e 9248 Yehla A= 58 23S et PTC % NCI 252
MUTAGS}F frAFSE A H ol Ao A|RE 2} 59 == 54 2ol #Fo]7} 9lvh. PROTEINS dlo]H

e wEZA GHA ojul e UERE A e ol the] 4EAg e depad,

Name Ref. # of Graph # of Class Avg. Nodes Avg. Edges # of Node

feature

IMDB-B" (5] 1000 2 19.77 96.53 136*
IMDB—M" 1500 3 13.00 65.94 89?
COLLAB 5000 3 74.49 2457.78 492°
MUTAG 16] 188 2 17.93 19.79 7
PTC_MR (7] 344 2 14.29 14.69 18
PTC_FR 351 2 14.56 15.00 19
PTC_MM 336 2 13.97 14.32 20
PTC_FM 349 2 14.11 14.48 18
NCI1 (81, [9] 4110 2 29.87 32.30 37
NCI109 4127 2 29.68 32.13 38
PROTEINS  [10] [11] 1113 2 39.06 72.82 3

*e = guo] VEHo 7 A|FHA E= HolHAY A, 74 =29 X uie == g gy
>IMDB-B: IMDB—BINARY, IMDB—M: IMDB—MULTI
“RE do]E A& https://chrsmrrs.github.io/datasets/o| A -2 & 715

3 3. HlolHAlel tE Fr
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Dataset

Method MUTAG NCI1 NCI109 PROTEINS

Original Ours Original Ours Original Ours Original Ours
GCN 74.0+6.1 76.6+5.1 69.2+27 71.8+5.2 67.5£2.9 64.6+98 71.6+3.8 74.1+4.3
GCNWithJK  77.2456.3 751459 70.7+2.7 70.8+2.8 682+3.0 684+27 721439 724436
GIN 81.O£10. 82.5+9.9 76.4+4.1 76.0£28 73.6+52 747+41 T71.4+44 722140
GINWithJK 81.44+7.9 829491 745443 758431 74.1+37 75.9+21 718146 726+2.4
GINO 80.947.5 82'31i12' 749437 76.8+£3.0 75.0%29 751427 70.1+£41 71.943.9
GINOWithJK ~ 82.1+84 83.0+9.2 75.8+4.3 76.6+3.6 757+38.2 756+£25 71.6+49 71.3+35
TopK 729458 782+56 71.6+4.6 749+3.9 69.9+32 717129 72034 72.1%4.2
SAGPool 80'8510' 83.0+7.4 70.8+51 74.5+7.9 70.9+3.6 72.0+3.2 71.84+34 72.2+54
EdgePool 73.5+5.9 789+95 73.1+25 724%53 70.1%£56 704+26 71.0+3.6 71.3+1.4
Graclus 771459 77.3+7.3 71.3+44 76.0%+1.7 70.3+£29 71.2+3.6 71.9+3.3 72.5+3.2
GAT 75.54+8.9 77.1+8.0 715448 722456 685+47 66.6+90 71.844.0 72.84+43
Set2Set PBAELL TOSELL 904435 738439 797427 789473 731447 72.245.4
GraphSAGE  77.24+47 741485 71.3+35 76.1+31 696431 70.3+3.2 71.6+27 714429
GraphSAGWithJK ~ 77.8+9.4 76.24+8.2 71.2+35 72.1+29 702427 69.7+2.3 725+47 70.8+5.3
Overall 76-731” 78.4+84 72.3+38 74.3+3.9 717435 71.8441 717440 72.1+3.8

PTC_MR PTC_FR PTC_MM PTC_FM

Original Ours Original Ours Original Ours Original Ours
GCN 549450 56.4+6.3 655+29 649+25 66.6+84 67.5+56 607139 585+7.3
GCNWithJK  56.448.3 59.04+4.0 64.1+58 635430 67.844.8 67.5+£51 67.0£8.7 63.0%+5.9
GIN 55.64+4.1 56.1+3.1 641457 638480 622477 651+71 61.0+4.4 585+6.38
GINWithJK 57.3+5.4 57.4+54 627163 63.41+45 61.6+57 61.8+57 57.91+4.6 58.0+5.1
GINO 56.44+6.6 581+6.2 644473 658+4.1 64.0£32 595462 602429 582475
GINOWithJK ~ 56.4+3.8 56.7+4.2 652+68 652+56 64.8+6.4 622+25 602+19 57.016.6
TopK 57.3+8.8 57.5+8.3 66.1+4.2 66.7+4.7 66.9+48 66.6+6.3 6021439 61.3+7.6
SAGPool 57.24+6.2 57.9+50 66.1+48 67.24+3.7 66.0£52 67.5+53 607145 61.2+6.6
EdgePool 55.24+7.4 56.1+6.9 647471 652+4.6 654+6.2 67.8+51 60.21+4.8 60.7+5.6
Graclus 52.949.4 56.7+4.6 655+57 652446 64.846.1 66.0+54 61.0+4.4 63.3+3.9
GAT 53.24+7.0 584+56 652459 653+5.2 67.846.0 69.0+57 59.64+4.0 61.3+4.2
Set2Set 55.2+45 53.84+6.8 66.7£3.9 655+3.6 67.8457 66.3+6.4 59.9143 59.9+1.9
GraphSAGE  54.1+6.1 56.7+9.0 66.44+2.2 635+6.0 63.4+57 66.9+58 605+41 59.9+8.2
GraphSAGWith]K  58,74+8.0 57.5+5.1 65.2+4.0 66.4+31 645+6.2 66.0+7.8 59.6+37 58546.2
Overall 55.846.5 57.0+£5.8 651452 651445 65.3+£59 657457 60.6+4.3 60.0£6.0

® 5. == 540 Q& HolEAAA 10~ a2 P35 A4F 19T BR JYE

U2 dolEAedA M =2 HT4E el F2 SHE o 52 A4%S YEd
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Dataset

Method IMDB—BINARY IMDB—-MULTI COLLAB
Original Ours Original QOurs Original Ours

GCN 74.6+4.8 73.9+4.0 50.94+3.6 50.9£3.5 80.6+0.4 82.1+0.9
GCNWithJK 74.1+3.6 73.2+3.9 49.6+3.2 48.9+24 80.6+0.7 80.5+0.6
GIN 72.7+5.5 72.1+£5.6 48.7+£3.0 50.6+2.9 80.2+0.6 81.2+0.8
GINWithJK 72.3+£5.4  73.3+£5.2 49.84+3.1 50.3+2.1 78.8+3.3 81.9+24
GINO 73.6+4.4 73.7£54  48.3+£2.3 49.9+4.3 80.1+0.2 81.2+1.7
GINOWithJK 72.3+£3.8 74.5+4.7 48.6+3.7 50.2+2.9 81.6+1.4 81.0+0.4
TopK 74.3+5.6 73.8+5.5 50.56+2.7 49.4+£2.5 78.8+1.4 79.1+2.6
SAGPool 73.4+£5.3 74.1+54 50.5+2.5 50.0£2.6 80.3+1.2 81.6+1.0
EdgePool 73.5£5.0 73.2+4.7 50.8+2.5 50.5+2.4 82.4+1.0 80.3+1.9
Graclus 72.7+4.7 73.2+3.1 50.7£2.9 49.8+3.0 79.4+0.5 78.8+1.1
GAT 73.0+4.6 72.4+4.2 50.0+3.2 49.7+£2.9 80.3+0.7 79.4+1.4
Set2Set 72.9+4.4 72.56+4.9 50.9+2.9 49.7+2.6 77.6+0.8 76.4+£3.1
GraphSAGE 71.7+3.9 72.843.6 51.2+3.0 50.7+3.6 79.6+2.0 78.6+1.7
GraphSAGEWithJK  71.7+3.8  72.5+4.2 49.9+1.9 50.9+3.5 784+1.3 80.0%+1.9
Overall 73.1+£4.6 73.2+4.6 50.0+£2.9 50.1+2.9 79.9+1.1 80.2+1.5
& 6. == 50 Oi% delE AN 10— Az 43S AHEE 2z R JI=

SRk
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a2y, ® 5

o] GAL AAel FEA Geths 4e FEaof
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Input: Graph G = (V, E) and Seed Feature F (ex. Degree)
Output: Subgraph S = (53, S5)
: Initialize maxV = 0, minV=0 and S =[]
: for veV do
Compute F(v)
cmaxV « max (F (v))}

: seed node = [maxV, minV]
: while True do
for i=0:len(seed node) do

9: neighbor node = G.neighbor(seed node[i])
10:  S[i].append(neighbor)
11: if G.check all node tranversing(S) do
12:  break
13: for i=0:len(S) do
14:  S[i] = S.remove_node duplication()
15: return S

1
2
3
4
5: minV < min(F (v))
veV
6
7
8
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Z EFE Fd 2d2 7 ox =E=E2RH HelHE FAT ¥ IRZ FES YEE
bl

A (concatenation) 2+

H, = Concatenation(}[f, YoeV ! k=0,1, ..., K)

Atd WA= 2+ MBE agzo= 1
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F BRI A9 YRS weldth wed MR adz mddM F2E gu:

o= H, ol we} AtEd. vE AL 2z AGGS AHESte] A

h
o

h = (hGp’ hsublp’ hsub?[))

B Ozt & aYZE T == AUolE A AWIth

k“ 7H9/] 7HHE:] }\‘]E JEHE E@il?—Ei L]—% 7(]0__:]' 1;‘4 ;‘(fl‘g_'ﬂ Xgi% h:h(}[ﬂh’sublp’ hsu,pri —J‘:—JL—?:E]__

B (h,)E attention 7}F5X(q;;) 9t AF3tE HHL ths Al /M9 2elx] A Eo] Utk F 7Y
of ME gjzet PE aHjzrt 7 Bl FFEHI, 7t 2=} Y 54 HEHZE W
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Input h = {{hﬂm, hfnin,hgraph Vp € five properties}})

C:Classifier, CE: Cross Entropy, lr: learning rate
1:  Initialize Wy, Wy, Wy, allen(h), len(h)], c[len(h)]
2: for each epoch do
3: for ich do
4: for jeh do
5: score(R;,R;) = f(W,R;, WiR;)
6 e = exp[score{Ri-,Rj] WiR;]
' Y Th-1exp [score(RiRn) WyRi]
7 €; = Xin=1Qin " hy
8: e=%N. ¢
9: vy = C(c)
10: Lp = CE(Yrs Yer)
11: Wy, Wy, Wg = (Wy —lrVLp), Wy —UrVLip ),

(Wx — IrvLp) // Update parameter
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4. 43 43

7F. dlelH Al
o= AgdE WYY 23E HSSH] HEl AA 7R 242 HEYZ do]EAl COLLAB,
IMDB—Binary, IMDB—Multi, Dblp—ct1, Twitter—egos, Reddit BinaryE AF&3it}. zF dlo]ejAle] Al

Abake 3 79 YERTH

delEd adm s oIS mmdA s wds g
COLLAB 5000 74.49 2457.50 3
IMDB—B 1000 19.77 96.53 2
IMDB—M 1500 13.00 65.94 3
Dblp_ct1 755 52.87 320.09 2
Twitch—egos 127094 29.67 86.59 2
Reddit Binary 200 429.63 497.75 2

E 7. 2z dole A A tha AR A

Y. #lol2gel 71y

A3 Nvidia DGX stationdlA] F3Egom, g A28 2560709 Nvidia BlA] o,
Ubuntu Hl22%F %52 0S, 4709 Tesla V100 (64GB), 28] 256GB LRDIMM DDR4 = 2.2 S
AFREYE T AZE o] g4 o2& Ubuntu, Python 3.x, 28]3 TensorFlow 2.3 A& AF&3 )
COLLABY SOTA A& 24% 2dx 53 WEYA (GIN-0)E AHE3t, Bd 7 WAES F
3 A Fdo] ofd AdE WS T3 FE4S HAFT] S8 olF &8I GINS F /)9

= ABZA # oo (filter size = 32, activation = 'relu'), &&FE°] 0.001¢ Adam GEn}o] A,

o

]
a8 wz JdEZT £ 345 ALE-3e] Tensorflow 734 FHEH UL

¢

adz ged el el e 2e AEAET masyth 19

[kl

AvsH W2
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(GCN), = AdA YEYA (GAT), 2= 53 WEYA (GIN-0), GraphSAGE HEH =,
FactorGCN, RE]Z 7|8t Tz ALFHA 244 (M-GCNN), ZEJZ 7|t ojdl A Jgj= ALF
A A3 (MA—GCNN), DropGNN, Z18]31 AF4 2= A& WEYZ (HGCN)E AF8-351, At
H ol &8 9 AE AR gz oyl tigt Aes AxdT. T4 APdAAMe At

A ogel 24 #4 ke FEAS FA5) A N2 0E B4 2oz 48 SIS &

o. A 74

(1) 24 VYEYA dolgA dig AvkFQl Hlm: A3 2 48X Wxeta b o] g Al A
10—fold W2t AFS AHEstd HAY g = A4 7 BHOE FPHAT. o] WHES
state—of—the—art ASAXE A= FolA AtdE WHY T84S HSIH

F 82 4% B A= HFAAE HoAF X 7HA A HRE AE TE attention

AFAE FESHE S PR 4T JRE YL olTolunh. ArHoE AdE P

EE

=
HGCN3} v]asle COLLAB, Reddit Binaryoll A Z+z} 3.49%p ¥ 0.10%pE, MA—GCCN¥} vl 3}
t}. o] %

g ) A28 YEYI B7F9 state—of—the—artth. 3 Dblp—ctl @ Twitter—egos B o] E] Al <]

2

24

IMDB—Binary ¥ IMDB—Multiol Al Z+z} 13.23%p 2 27.87%p<2] 48 &+

mlru
o
o

73, HGCN=} wlaste] 242} 2.54%p 3 1.36%p2] d50°] F&= At
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Reddit

2y COLLAB IMDB-D IMDB—M Dblp_ct1 Twitch—egos .

Binary
GCN 79.3641.94 71.61£2.11 50.61£3.69 64.99£2.93 66.94+£0.95 91.51+1.23
GAT 75.80+1.60  70.50£2.30  47.80£3.10  63.53%£1.21 67.10+£0.72  92.60+2.17
GIN-0 79.00£1.70  74.00£3.40 51.904£3.80 61.67£4.99 66.27£1.66  90.40£2.50
GraphSAGE  80.26%+1.22  74.91£1.96 51.66+2.70 62.81£1.88 68.41+£2.89  91.54+1.99
FactGCN 81.20£1.40  75.30£2.70  52.01£4.28 61.17+£3.62 70.84+4.08 90.33+1.78
M—-GCNN 80.084+2.12  75.10%£3.14 52.194£2.66 62.34%£1.03 71.28+1.42 88.06%1.29
MA—-GCNN  83.13+3.09  77.20+2.96 53.77%£3.11 63.84+2.31 73.70£1.81  90.44+2.18
Drop—GNN  79.02+3.08  75.70£4.20 51.40+2.80 61.15+4.31 75.90+2.13  80.08%2.51
HGCN 82.86+1.81 77.20%£4.73 52.80%£2.45 65.50£2.01 76.80+1.15 93.15+1.58
Ours 86.35+2.95 90.43+4.89 81.64+1.48 68.04+1.96 78.16+0.66 93.25+2.18

(+3.49%) (+13.23%)  (+27.87%) (2.54%) (+1.36%) (0.10%)

3% 8.

2
g AuS B U e FRE AL 5 Ak 53 F b 54 739 A4S A
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De B C COLLAB IMDB-D IMDB—M Dblp_ctl Twitch—egos

Binary

v 0.7850 0.7600 0.5540 0.6400 0.7039 0.8000
v 0.7750 0.7400 0.5237 0.6502 0.7035 0.8000

v 0.7650 0.7300 0.5015 0.6400 0.7637 0.7500

v v 0.7866 0.7900 0.6021 0.6510 0.7264 0.8000
v v 0.7843 0.7800 0.6018 0.6525 0.7688 0.7500
v v 0.7839 0.8000 0.6169 0.6518 0.7715 0.8000

v v v 0.7950 0.8300 0.6667 0.6533 0.7799 0.8500

3 9. COLLAB, IMDB-B, IMDB—M, Dblp—ctl, Twitter—egos, Reddit Binary®] tst A/B H=E 2]
WE BF JYE P RFAR vlw
('De't A5E U, "BrE w442 e, 'Ot 24 FA4E ey
Az ke dF M7 Bl AR e

1“?_[_
M =2 AR daiM s F2 SHE, F HA Aol deiMs 2

N
=5
>
o

(3) Attention 7]¥t ] =o}2 4] ] 3 Ablation Study: ¥ 10 2= EA9 W3l 9@ Z4 agi=
7F olgst EAAS Sk WH S vlug 4945 BoEt. 29 AlZ& Attention 7]HF ¥ 0]

e e vaste] ogA s WA FAs7] A 9FT dHolHAdAM HAEND.
2
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Ensemble with

Ensemble with

Ensemble with

719 Concatenation Element—wise Channel—wise
Average Attention Attention (Qurs)

COLLAB 76.30%£1.53 77.46£0.81 83.20+1.65 86.30£1.89

IMDB-D 70.07£2.16 70.48+5.26 87.15+2.16 90.15+3.86

IMDB—M 51.40£2.96 48.33%£2.40 76.37£3.64 81.48+2.44

Dblp_ctl 55.54%2.81 56.90£0.92 65.15+2.10 67.54%1.15

Twitch—egos 70.33%£0.61 71.37£5.79 74.88+4.00 79.20£0.80
Reddit

i 83.71£4.73 82.39£1.13 87.70+3.85 90.99+£2.11
Binary
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A 1A golz2d JHh= 7£E T3 /A AR A5 sgdE 47

1. golZTza A=y == o=

dugoz ez v JUE AFAAL, AT Yol EANA BE (T FAQ) wE
S40lt MFEE o ZFHE Zolth, aYLelA] k= dFL FYPTHE AL wEe] S ALE
A9 BE §8), wEo] AF(l: AEAY 28 2F)L AFtE AL guT 5 Yok 1Y 60
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. Node Classification
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50 MOST APPEARED KEYWORDS (2023)

reinforcement learning
deep learning
representation learnin
graph neural networ
transformer
federate learning
self-supervised learning
contrastive learning
robustness
generative model
continual learnin
neural networ
transfer learnin
diffusion mode
generalization
language model
computer vision
knowledge distillation
vision transformer
offline reinforcement learning
optimization
) _ fairness
_differential privacy
semi-supervised learning
unsupervised learning
deep reinforcement learning
machine learning
interpretability
meta-learning
] adversarial robustness
multi-agent reinforcement learnin
large language mode
optimal Transport
data augmentation
few-shot learning
domain generalization

n
adversarial attacﬁ
domain adaptation
time series
model compression
natural Iangua_ge_gro_cessm
distribution shi
neural architecture search
. attention
image classification
adversarial training
active learning
sparsit
deep neural networ

100 150 200

o
[$)]
o

a3 7. ICLR 202399 A& =& = A4 50719 71¥9= &4
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50 MOST APPEARED TITLE KEYWORDS (2023)

representatiog

reinforcement
transformer
training
Image
efficient
language
federate
optimization
adversarial
robust
generalization
detection
contrastive
generation
domain
dynamic
gradient
feature
self-supervised
classification
_policy
diffusion
knowledge
unsupervised
robustness
sample
generative
prediction
adaptive
abel
~offline
inference
base
attention
visual
space
adaptation
function
estimation
continual
vision
mask
attack
approach
understand
transfer
bias

50 100 150 200 250 300

o

% 8. ICLR 20239 AE =i AlFol x3dd 719=9 429 5071 A

wA 29 99 9 P& GONU2ZIE etk GON K #leolo] Ao A oA WeE vEZ

o2 Wt a9 vs HF Rde A% BR7IE AEdrh 22l ofel A2 SGCHsIelH A

A ARE D 9H Aup SAS} olojN fE ZALY AR F4F SGCe HIARAES
<

& golo] 1Y 7tFA FEE Fasko oldd A EFAES =QATh

A& Aoz AASA

SGCE A% #R/7I7F An2e 1 A9 34 "H g
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A mR T o™ Mo
Semi—Supervised Classification with Graph Convolutional Networks 2017 ICLR GCN
Graph Attention Networks 2018 ICLR GAT
Inductive representation learning on large graphs 2017 NeurIPS  GraphSAGE
Simplifying graph convolutional networks 2019 ICML SGC
Simple and Deep Graph Convolutional Networks 2020 ICML GCNII
Continuous Graph Neural Networks 2021 ICML CGNN
Beyond Low—frequency Information in Graph Convolutional Networks 2021 AAAI FAGNN
W%%Ww?%ﬁﬁwwmwwm_ generalized pagerank graph 2021 ICLR GPR=GNN
GRAND: Graph Neural Diffusion 2021 ICML GRAND

—_—

H
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—
—

e
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HEEH Graph

. X4 mp @ .,.,- —{)

—1)
Feature Propagation Nonlinearity
ak _ ggtk-1 { \ H*® « ReLUEANY)

Linear Transformation

(k) (k) g (k)
H* « HYe )

Predictions

=3

Yeoon = softmax(S

HE Do

(

K

)

)

ﬁ Class +1: . Class -1: . Feature Vector: ﬂ

—

K-step Feature 1Bummm:on

X « SKX
\ < J

m.mmE_.ma-wEm“
-1 0 +1

Predictions

Logistic Regression

m\mao = softmax Auﬂ®v

o}-£ SGC

o]

2% 9. GCN o) SGCY =417 ¥
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a% 10, 9% 92 attention WAUFRD a(Wh, Wh;),
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Graph Attention Networks (GAT)[14l= 2018 =] ¥R H gz AAHow 714 Q7] e 1
Pz AAY T shuoltt. GAT= 282 72319 HolHAA =9 5SS 85T uf 7 o]

o FAEE AFAZ ANSE WAL AGAT GATE U2 2} s dis] TE o %5e]

@)
>
—
o
N
e
4
1>
flo
£,
&
to
m
v

exp(LeakyRe LU(a"[Wh; | | Wh;]))
Eexp(Leak;yReLU(aT[Whil | Whyl]))

EEN,

Attention coefficients: a;; =

Node Update: h/=o( ), oy Wh)

714 hE =2 o 4¥ WA 9E, b £ JuelER A WEH, Wi &% M@ 7EA
B, ax attention WAYUFE 7FA HE oY o= EE j 7 =2 i8] 545 HdHlClEs=
g o]ulxE= A% (attention 7FEX) 2P o= A3} hRo|t)

GAT Ed-& Cora, Citeseer & Pubmed 1§ UEL T dolg AES @dllA-—Guild A5 g

HolH ME & 4709 Iz wiXrtadA £ A5 G
GraphSAGE[15]l= == A HR (o H2E £4)E &85l oo & 5 g™ dlolgel o
3 = AduigdS ga8Fo g A4S dubd9l A =z g Aoty GraphSAGEE =& 5

o}, GraphSAGE= ©-&e A (el B, HHAF, LSTM)E AH&-she] o] JHE AL,

AoHoz 7 wee] E4E JuolEdT

J

GraphSAGEE= 53] & agixd LT o {831, AA o]S 1H3= il MEHS 5
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&) AlAF B8-S =<1t GraphSAGEY 2418 o}l 2t}

hy = =AGGREGATE (h; VjEN; )

h. ' :g(W- CONCAT(hﬂhN/., ))

1

ANAM hE =2 i @A 54 WE, by,
AGGREGATEE AM&A7F Bold kA #ojole] A4 &4, We dt 7}

21 o= A3 4ot} GraphSAGEE th&3 e Axz AF 3o},
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1. Sample neighborhood

2. Aggregate feature information
from neighbors

3. Predict graph context and label
using aggregated information

JA A+

=i
=

=
=

29 11. GraphSAGE A
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7h 2 =2 A 28" 9 oS AEFI T
Y. AELE ol 548 FAse AA FFE AMESHA o)k FEE ZRIT
o 2%E oR ARG A == S4E AFEH.

% 239 A ga) FEA AL AT AT B4 F5E EANA A2 ==
=4¢ A4 BT

o

% Bag A%, 94 A5 B A9 FY2 vRed o BFF 542 Ypeo.

GCNIINGl= Zteasti M= a3 Ql 5 742 71&Qd 7] Ao} Identity i8S AH8-sho] Hhd

2} GCN 2d<& 343ttt GCONIIY F4& thex 2.

!

H(I+1) = o (1= a)AH) + H(0))((1— B, H(I) W(1)))

£
L
>
(o,
I
ogt
)
B
A
£

A} AZo) st Identity "B F WA o It o=
0.1 == 0.2 2 dA=E stolgggugoltt. 3, =log(\/I+1) = A/IA= A7} 3fo]H et g
olx 0.5 AAHT. GONIIe= F 71&°] #=dtA B3 e FAE a4Ho2 A3githes o

23, 484 A2 A

3 120171= Generalized PageRank GNN& #|¢tstt}. GPR—GNNL 7|& GNNE &3] F 7}
A ZFA] LW 2FPI o]F (SEl22; heterophily) IAHZ FAES fdste AL FRHE
gz A7 B (GNN)e Generalized PageRank (GPR)E Fg3te il A=t GPR—GNNe| a4
PageRank score® AlI4Féhe kA whEo 7k53] 248 E=9ste 2ot GPR-GNN+= #lA]vi=
tolg AEE AR&ste] B H7HE Fdstal dF 71 GNN o gk /A Ales B

&
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] Generalized PageRank
Hidden state feature extraction

K
4 ) ZZZ,V/\-H(M
Neural Net: f, =

XY

0) _ ¢ e Xl  ses
Hi: - ff/ (Xl) — ’ —

\ ) XA sym XA sym

X, y HY ——— H"— - H"

4
XYk

1% 12. GPR-GNN 2Edeo] oWH

CGNNI8le gz ARG 7|E 54 Al2H 719 A4S 7|Wo = gt} o] g2 o)t F
detS zyx 7)|E& = A ANE dukslstE Continuous Graph Neural Network (CGNN)S A ¢F
stoh. ez} 71E gt uk Wy (ol PageRank ¥ &4 WES =AY AdW md)oA IS
ol e WaFgS A == R, o) %d ¥ k=9 27] g9 ¢z JIFdt. CGNN
< HEFYS o= AR 43 F SlojA o He HEYAE 75T F doH, oE 3

== ke AAY FH5AS WAL 4 dvh CGNN =7 954, ODE £4H, t3y Al 712 ¥
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138 13. CGNNY o E

TE 1409k Zo] FAGCNI9l GNNO| AFu FH el ¥ B& JHES 3402 58
F Ak FES] 7€ GNNE dutHo s w e 759 AFy A5E &8ss A7 A ©

TAE 2357 Hal WAIA dAG BAGAAM gt AsE JEHozE FTFE F Ade AA A
o8] WAYUZE ztE M EF FAGCN (Frequency Adaptation Graph Convolutional Networks)<2 A

Fghoh. FAGCNS # =3 2% d EAE 433 + dths A4S Bl

e

GRAND[20l&= Tz AAWS A% 4 22|22 HEsty a2 A4 %S 7|2 PDEY] o]
stz AEste 2dol = Fak AAYS AAE T GRANDE QW AFdy HE Aids)
& gz st mdol AWl EAE |2 4 Atk GRANDS A48 2 vAyg wHde wix

st dolH AN 34 JE ARE Sad

‘)0« ‘)0«

(b) Existing GNNs (c) FAGCN
2y 14, 71F 28z A% FAGCN ¢ ®la
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A2 A AAs

i
o,
r
H
&=
K
N
=
o
e
e
K
)
iy

9 AAHA 24 B BA

1. 2= des 2= 3%

2] Fuolt oAl AFW %o HolET EANTE A% BUEHY FAANA S A%
ofF, @ WlH +HHE A ALE /1% HolE, F¢ 2 e dolH, &8 YEAZL o|%F
A3 W% AE, pPIE ABE 5 A7 #9 AY BE ZWA dolEst 1%Hn Ut o]

S FEAEY BPYL dolEs} oA EF TR JFHA Qe BRIRT Bad PR 3

Yz 2@ delHs ASAE Alole) Bhe 45 4§52 mdYse J5e AT

dE £, EYHY Al8AE A (=)o g 2dd E £ Q3 I dALe 7pA(A)E 2
g 2 4 Ao ol AH £AS FUrsty 2z A5 E RdHse WHE '3 9
&l AFstE Hobrl 2e= A5 A8 (Graph Signal Processing, GSP)o|t}h, g = o] AAHEL o

>

wEZ Q] 7hlo] obd e

>

s Aol s 2 99} Zo] tEATE Fol Mo E AAEH.
ag =z Mg AYE AsiMe Feel ¥, FEE 2 Fag Ao 22 uAF As A =
THE HA ge2ld 71E7HA g el Akgd
A8 8= FE (Spectral Graph Filter)E= 2= 215 g Bolox HZ & FZ&
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Chameleo

Dataset Texas Wisconsin ~ Cornell Film Squirrel n Cora Citeseer = PubMed
MLP 80.81+4.75 85.29+3.31 81.89%+6.40 36.53%+0.70 28.77+£1.56 46.21+£2.99 87.16%+0.37 74.02+£1.90 75.69%+2.00
GCN 55.14+5.16 51.76+3.06 60.54+5.30 27.3241.10 53.43+2.01 64.8242.24 86.98+1.27 76.50+1.36 88.4240.50
ChebNet 78.37+£6.04 79.02+3.18 75.68%£6.94 34.13%£1.09 36.43%+1.17 58.64%+1.64 85.45%£1.58 75.07+1.25 89.00%0.46
GAT 52.16£6.63 49.41+£4.09 61.89+5.05 27.44+0.89 40.72+£1.55 60.26+£2.50 86.33+0.48 76.55+1.23 87.30+1.10

GraphSAGE ~ 82.43%+6.14 81.18%5.56 75.95+5.01 34.23%+0.99 41.61+£0.74 58.73£1.68 86.90+1.04 76.04%£1.30 88.45%0.50
SGC 58.10£4.20 55.29+4.28 60.00+3.59 27.20%£1.52 33.00+£1.97 42.45+3.82 86.12+1.44 76.01£1.31 86.90+1.32
MixHop 77.84+7.73 75.88+4.90 73.51+£6.34 32.22+2.34 43.80%£1.48 60.50+£2.53 87.61+£0.85 76.26+1.33 85.31£0.61

Geom—GCN  66.76+£2.72 64.51+3.66 60.54%£3.67 31.59+1.15 38.15+0.92 60.00%£2.81 85.35%£1.57 78.02+1.15 89.95+0.47

FA-GCN  82.43%6.89 82.94%7.95 79.1949.79 34.87+1.25 42.59+0.79 55.22+3.19 87.21+1.43 76.87+1.56 87.45+0.61

GPR-GNN  78.38+4.36 82.94+4.21 80.27+8.11 34.63%+1.22 31.61%£1.24 46.58+1.84 87.95+1.18 77.13+1.67 87.54%0.38
H2GCN 84.86+7.23 87.65+£4.98 82.70+5.28 35.70%£1.00 36.48+1.86 60.11+2.15 87.87%+1.20 77.11£1.57 89.49+0.38
WRGAT 83.62+£5.50 86.98+3.78 81.62+3.90 36.53%£0.77 48.85+£0.78 65.24+0.87 88.20%+2.26 76.81£1.89 89.2940.38
GGCN 84.86+4.55 86.86+3.29 85.68+6.63 37.54%+1.56 55.17£1.58 71.14+1.84 87.95+1.05 77.14£1.45 89.15+0.37
LINKX 74.60+8.37 75.49+5.72 77.84%£5.81 36.10+1.55 61.81+1.80 68.42+1.38 84.64+1.13 73.19+0.99 87.86%0.77
GIoGNN  84.32+4.15 87.06+3.53 83.51+4.26 37.35+1.30 57.54+1.39 69.78+2.42 88.31+1.13 77.41+1.65 89.62%0.35

ACM-GCN  87.84+4.40 88.43%+3.22 85.14%£6.07 36.28+1.09 54.40%+1.88 66.93+1.85 87.91+£0.95 77.32+1.70 90.00%£0.52

PairNorm 60.27+4.34 48.43+£6.14 58.92+3.15 27.40%£1.24 50.44£2.04 62.74+£2.82 85.79£1.01 73.59+1.47 87.53+0.44
JKNet 62.70£8.34 53.14%5.22 59.72+4.60 29.25%x1.37 39.78x1.72 52.63+£3.90 86.48%+1.04 75.99+1.28 87.23+0.55
GCNII 77.57+£3.83 80.39%£3.40 77.86+3.79 37.44%+1.30 38.47+1.58 63.86%£3.04 88.37+1.25 77.33+£1.48 90.15+0.43

GCON-GCN  85.40%4.20 87.80+£3.30 84.30%£4.80 34.65+0.61 33.30%+1.57 48.08%+2.16 87.40+£1.82 76.46+1.70 87.71%£0.35

GCON-GAT 82.20%£4.70 85.70£3.60 83.20+7.00 35.85%+0.84 34.45+1.08 48.31+£1.53 86.96%+1.73 76.20+£2.12 87.73+0.41
CGNN 71.35+4.05 74.31£7.26 66.22+£7.69 35.95+0.86 29.24%+1.09 46.89%+1.66 87.10£1.35 76.91+1.81 87.70%£0.49
GDE 74.05+6.96 79.80+£5.62 82.43+7.07 35.36+£1.31 35.94%+1.91 47.76+£2.08 87.22+1.41 76.21+£2.11 87.80%£0.38
GRAND 75.68+7.25 79.41+£3.64 82.16+£7.09 35.62+1.01 40.05%£1.50 54.67+£2.54 87.36+0.96 76.46%+1.77 89.02+0.51
BLEND 83.24+4.65 84.12+3.56 85.95+6.82 35.63%£1.01 43.06+£1.39 60.11+£2.09 88.09+1.22 76.63+£1.60 89.24%0.42
ACMP 86.20%£0.30 86.10+£0.40 85.40+0.70 34.44+4.44 52.65+2.23 52.63+2.28 86.38%+3.79 76.52+1.84 87.54+0.57
Sheaf 85.05+5.51 89.41+4.74 84.86+4.71 37.81%+1.15 56.34%£1.32 68.04+1.58 86.90%+1.13 76.70+£1.57 89.494+0.40
GRAFF 88.38+4.53 87.45+2.94 83.24+6.49 36.0940.81 54.52+1.37 71.08+1.75 87.61£0.97 76.92+1.70 88.95+0.52

GREAD—-BS 88.92+3.72 89.41£3.30 86.49+7.15 37.90%+1.17 59.22+1.44 71.38%£1.53 88.57+0.66 77.60%£1.81 90.23+0.55

GREAD-F  89.73+4.49 86.47+4.84 86.49%£5.13 36.72+0.66 46.16+1.44 65.20+1.40 88.39+0.91 77.40%£1.54 90.09+0.31

GREAD-AC 85.95%2.65 86.08%+3.56 87.03%£4.95 37.21+£1.10 45.10£2.11 65.09£1.08 88.29+£0.67 77.38+£1.53 90.10%£0.36

GREAD-Z  87.30%£5.68 86.29+4.32 85.68+5.41 37.01+1.11 46.25+1.72 62.70+£2.30 88.31+1.10 77.39£1.90 90.11+0.27

GREAD-ST 81.08+5.67 86.67%£3.01 86.22%£5.98 37.66+£0.90 45.83+1.40 63.03%£1.32 88.47x1.19 77.25+1.47 90.13+0.36

GREAD-FB  86.76%5.05 87.65+3.17 86.22+5.85 37.40%£0.55 50.83%£2.27 66.05+1.21 88.01+1.34 77.28+1.73 90.07+0.45

GREAD-FB* 87.03%£3.97 88.04+1.63 85.95+5.64 37.70£0.51 50.57x£1.52 65.83+1.10 88.01%£0.80 77.42+t1.93 90.08%+0.46

313 WX vk wolH Al g A9 dx
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o} o] 9AA = (Explicit Feedback) @ A& Z = (Implicit Feedback) 0.2 F23& &
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A nh p: Y R N M W T o W X
) . Gowalla Yelp2018 -
Neural Graph Collaborative Filtering 2019 SIGIR GCN
Amazon—book
LightGCN: Simplifying and Powering Graph ) o Gowalla Yelp2018 -
) . 2020  SIGIR  Simplified GCN
Convolution Network for Recommendation Amazon—book
LT—OCF: Learnable—Time ODE—based Simplified GCN  Gowalla Yelp2018 -
. o 2021 CIKM
Collaborative Filtering + ODE Amazon—book
How Powerful is Graph Convolution for ) Gowalla Yelp2018 -
2021 CIKM Graph Filter
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Y 2158 ARG + Ao

79 25% NGCFS] ob719 A2 AbgAst ofoldl dulFel, e ofe 9ulg Azt dojoj=
ARHM AT AZS A 229 dolololA guPel FHAL. dolole YMYEL HFA

& Mgkl AF A9} ololdl Uuide, , e, & WEL F Y¥IFY F& 58 o rating

& yveor(upi)S 930

ynGer (U, ia)
e;

Prediction Layer

-1 - 1) -

i, €

Embedding Propagation Layers

e

(0) iy, Embeddings

u1

13 25. NGCFY] o781
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Prediction

(3)

: .-sn:u-ln:-:l-ul---lnau--r:

----------------------------

) oD ey D (1)
€ A € uz Cuy
_neighbors of u, - ... eighbors of i,

Light Graph Convolution (LGC)

1% 26. LightGCNE] o}71€ A

LightGCNI2412 NGCFellA Ab&st= 94 W 3E (

_1°i'
m{y
N

Fsst 7t 4E)d w ek W,
S A A vAdY B4 g4 (LeakyReLU)E AMESHA] &= 4

9993 NGCFs} wha7b 2 ALgAhsh ofold oJul

ol
[v]

LightGCN2 A¥ A o2 HH3 GONE AH&3te NGCFET Ae® 884 SHA FdE=

Ae £ 19 oA AT 5 Ao
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Dataset Gowalla Yelp2018 Gowalla
Layer # Method recall ndeg recall ndeg recall ndeg
NGCF 0.1556 0.1315 0.0543 0.0442 0.0313 0.0241
1 Layer 0.1755 0.1492 0.0631 0.0515 0.0384 0.0298
LightGCN
(+12.79%) (+13.46%) (+16.20%) (+1651%) (+22.68%) (+23.65%)
NGCR 0.1547 0.1307 0.0566 0.0465 0.0330 0.0254
2 Layers 0.1777 0.1524 0.0622 0.0504 0.0411 0.0315
LightGCN
(+14.84%) (+16.60%) (+9.89%) (+8.38%) (+2454%) (+24.02%)
NGCE 0.1569 0.1327 0.0579 0.0477 0.0337 0.0261
3 Layers 0.1823 0.1555 0.0639 0.0525 0.0410 0.0318
LightGCN
(+16.19%) (+17.18%) (+10.38%) (+10.06%) (+21.66%) (+21.84%)
NGCF 0.1570 0.1327 0.0566 0.0461 0.0344 0.0263
4 Layers 0.1830 0.1550 0.0649 0.0530 0.0406 0.0313
LightGCN
(+16.56%) (+16.80%) (+14.58%) (+15.02%) (+17.92%) (+18.92%)

initial user !
embedding |

initial product _‘_
embedding

3£ 16. NGCF9} LightGCN<

TE

Linear
Graph
Conv.

4 vl

final user

; embedding
Linear

Graph

final product
embedding

18 27. LightGCNe] o} 7)€l =]
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initial user *[ } final user
— ODE
embedding ) — 5 embedding
| coevolving
initial product _»{ e } final product
—— ODE
embedding p(0) p(K) embedding

AT F 1) FEOR AAY obrldAe EHnn A oA HAE A5 2) WY B

,

EHHo Hg3 Aoz HFEeE F=8$ ODE £FAS sl 3) g3 ODE €H 2 HZZE

2% 309 LightGONS oz A7wo] g Mol 5o weh Aol shetalAy 4

ofy

@tk 29 319 LT-0CFE 48 GONS d%4el mdz A47 Foun dAvte WeE o

tlo

T3 28 & Utk

GF—CFl27]1¢] o]4} A9 E3 FE o= X (Cut—off) F35(Frequency) 7} A3ttt o)A &

i)
Lo

AL F3 A" Ay P& Ba))(Low—rank matrix factorization)9} Tdslth. 33 Fal9 A

o

7 EH3A% 39 ZHY dads F oshuRER, A¥dSste] 5olzk w3l (Singular Value
Decomposition, SVD)& &3t YU ot} 7hds] wa) st JES ofe] P2 £3

ATE B WA Rolth B0@ BalE mxn 449 AL wol et e £47% 2o] 3

w=uxv’
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Low—rank matrix factorization©]t}.

Full SVD
A U X yr

Truncated SVD
Al U, %; vr
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A5 A Bl BHHE, AF A
ol g Tl Low—rank FE Eal= AZFH AF3E A&3t= F3 A5 GCN (an infinite
layer GCN with convolutional normalization)¥ &< 3&}t}.

GF-CF& t+& 4 22 A% 284 o) dHE 23 Closed—formeg2 78 + Ut

R

1 1
R'Ro) M3 B, D, 2UU D2l o4 e Pt RE AFsE HY PP, D= AE

2= B, U= RO top—K o] WEE, Truncated SVDERE T&] At}

1 1
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AEHAHS ol ¥z Y gz AEFH 7&ES &St gadst a8z dEF4
o EZAE olHd HI
WAl oA g2 gy 7yt WHS F7bst. o] dAolA+= BSPM (Blurring—sharpening

process model) o] A2 /MdS AAIS. E21% (blurring) # AFZY (sharpening) ZE2A|2~E W

¥ ggAow FASAL B 71E U ARTA S 99 GHY Y F 99 S =
Ao S3 F9ds BoFE

A% wa Blurring process Sharpening process e wA

(AF3 T3 DE) (&3 T3 )

2019 NGCF 0 X O

2020 LightGCN 0 X O

2021 GF—-CF 0 X X

2022 BSPM O O X

BSPM& ©<=dtal AAbz oz a8ZolAvk £o AL S BHoFE GF-CFY 2 A3d o

72 Witk GF-CFE ARgA-cloldo] tld Qe WEHE S5ata 23 44 FeAA e

#Hroido] o]E AA IIAZE F oS TAAY. o EF 59 YFA (diffusion) Ed (E&

score—based A4 =) [28]1& o]u|X] A FGAM HHETE FZE HAFH. &4 mdoA=

A

3 R FEA MR PIAS Adsel #UF 2 IS 49 A e (43P

= [}

TZNAE QY mdZ 713 F),
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Blurring oy ,_" . Sharpening
D2 MA = : o2 NA
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B ZaAa £88 Z2Alae d9 ZHPY 4ot B a8z vk F dE S
B3 Z2A~ 52 AFy 53 dEO| dPste 21Uz AEFA HEHE AN dukEo
Z Q7] e otoldlE o] AAHE AX AMEAA FHET By Z2Alse otde} o] F
2188 4 9l

T,
B(T,) = B(0) + ) b(B(t))dt

b BHE F5oin B(0)S AEFEA FY Relth B(7,)t 2% ® JHAA PHFE oy
st g bE AT 59 HEHEG & 5 e 4 WA (e A8 ") o) AFT 52

ZHE 749

ARG O] ou], Az ZRAAE SYH ZEAL0 wtiolER AREA 54 ofoldle F

rr

ok Qu GONS A9 fAFSHI A9s) e #gol = AH 1) ol Bzt H AHEE
o ® Q7] Qi oleldE QY] dE FBF P AFANA FRE 5 vk AmY mEA s
£ ollg @ol BARF F Atk s& SO WF A WIS 2Ahe Az Faoln

Y
[

ZA 25 AHE3hE BSPM Ede o33 o] Yepd 4 Q).
S(T,) ;otherwise

BSPME 24 A4S AHgatE A9sh 184 ¢S Z+E AAT + dvh % AFL A

t A% 2oy @ 9ad 42y B 39 wE el 4% 43 AHAM P2 RS 74
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ofr

4. 2= FEE o8 FH duYFY As B

EELEP! AgA & oleld £ AHgA £ Y=
Gowalla 29,858 40,981 1,027,370 0.00084
Yelp2018 31,668 38,048 1,561,406 0.00130
Amazon—book 52,643 91,599 2,984,108 0.00062

¥. 18 "HlolEA EA

7€ Byl Aess vlusty] Y3l TdAA M A AMSEHE Al 7EA] "X ek= " o] H
M EQ] Gowalla, Yelp2018 % Amazon—book<S AF&3SHt} (3 18 #31). Recall@20 % NDCG@20°] 2}k
= F 7HA e AEEHE o9 A V=S gt AFEAe) FE F8o] fle BEE ololHle

AHEAFe] F3H FHRoIT o) Aot Mg FASA FAEY] Al sLF HolE AES &

A% Sa/ElAE B AHEBT
EHAE BSPM2 71€9 & 7] e ¥4 HY dagEs & A°lE 7R 19 F
aL).
Gowalla Yelp2018 Amazon—book
=g
Recall@20 NDCG@20 Recall@20 NDCG@20 Recall@20 NDCG@20
NGCF 0.1570 0.1327 0.0579 0.0477 0.0344 0.0263
LightGCN 0.1830 0.1554 0.0649 0.0530 0.0411 0.0315
LT-0OCF 0.1875 0.1574 0.0671 0.0549 0.0442 0.0341
GF-CF 0.1875 0.1574 0.0703 0.0579 0.0710 0.0584
BSPM 0.1910 0.1581 0.0719 0.0591 0.0733 0.0609

¥ 19, 2d M5 v
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Wk oyt a9 33004 & = Aol BSPMO| ARZY adte= Wl

Uk 29 359 (b), (d), (e)ellA= Coveragest Noveltye] HEE ARE3ste] 3 Rel o] A5t
oftel 3 otoldl Y by JAANE ST BSPMO B¢ Az ZEAMEE FIIEOR
A F HEY 5 S7HAZE 7 Adde S EE A HolHAle A Bt
< 8.9
_0.192| " Recall®NDCG @ 0.16 & %80 @ Coverage A Novelty >
© O © T
] it
20.188 o & e 2 8_8c23
° 0152 360 g
0'184Only Blurring BSPM Only Blurring BSPM
(a) Gowalla (b) Gowalla
006 &
_0.072 Recall @NDCG o %60 @®Coverage ANOAWEItX_ ”y 82
8 QO % s @ (]
Qo 0.07 ‘ 0.0582 & 3
o o 0582 230 = 6=
0.068 - O - -
Only Blurring  BSPM Only Blurring BSPM
(c) Yelp2018 (d) Yelp2018
_0-074 Recall @NDCG 0.063(9 §QO @ Coverage A Novelty 7 11
© o — =
$0.072 - //. 0.06 8 © A o 10%
& o s B — 0 2
0.07 - ) O .4 v
Only Blurring  BSPM Only Blurring BSPM

(e) Amazon-book

23 35, Only Blurringdt BSPM9] Agte 4l
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5. NASE 43 2= gz g AR

Fazrgo] gk A"l 8 4% (Collaborative Filtering) 2] F+&& Wadthe A7 A3 =
71 AT oldl #e BAHE Al JHAE 2% 4 th

7b AH&A-otol’l FE Aol UF sty Ax o] o

. 331 A 2" g €8 20 x2 A4 (Long—tail problem) . 2 Q18] 3 Alxd o] =}
F Z5FEEHE ool’, F A7t L otold e HFH A7t R ofo]H 9 FH o] oY
oh.

fo

o AFERE 88 AY BeE 59 WAIF =9 (Implicit Feedback)e] A9 Z & 83 AY

AHE F BEEA B8 A5 Bo] 45 AEoNA xo|=r} B WS ol W} Ak

ol gt FAHS FH37] A3, A7l A% &<F(Self—Supervised Learning)& €83 3 Al&

ghlE HolA @2 oM Air 5 FEsta gt e iy A] A=

AgRE AgA-clold 45 Agol e BAWL AV AE H5e Fo AT 5 AT
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Images

Augment

Augmented

Embedding

Embed

—_—

—_—

o

: close
o
«

= sts5(Contrastive Learning) 7] A= Stgo] F8 sk WO 2, vloly W9
AolE Fusted S4s FEshe WHelH. A AEFES AR T, HE dEEE
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i
K
=
N
_L?l.’.
oy
N
=
o
A
>
[>
e
lo
i
"
re
-

olFlA, Aol Helolq HlolHE FAsE WAL TAZ AU FH Az T HEA
2 4 itk A8 A —clolgl A5 age] A (feature)t 91-3 A2
H

3 A9k Zo] 0|4 W (discrete variable)o]t), walA] oju| 9] F7F WHER] 3 A,
A

(one—hot encoding)©]t} Tk

A e @ F e =23 A delH AAE AYdE des ®He
Zohe g, AREARS} ofolRl e Ao dAFe] gla, AR oEH ot
Tastth. ARgA—ofel’l FE Z}
E xFsta vk A WA F (hop) o]2S AHE
ek ARE zta ok webA A

84 Z& ololdel NE EHoR 2 4 Atk F WA § 0% fAR BFL = A4 A

L2 o]B = (bipartite graph)E, &8 Al

kX
Aol ofoldl ol 7% Fe ojolgo] FE 47 AEA S

S}, &L ARG AREAE et §AFSE ofoldlo g B 4ty S, ALEAfo| A ojo]dlo =z
o] 312} HAZ = ofoldd thdk ALE-xLe] FAH FAAZ E 4 o) wEbA 2 7]y ol H
Pz Fxo IF HES F&oF .

SGLI2912 T F7-& 93t Al 7FA19 a2z Fxof st A4S A¢ksith 1) == =
o} (Node Dropout, ND), 2) X =&o}% (Edge Dropout, ED), 3) ®##%d = (Random Walk,

RW). Al diabe 25 43 WAooz A8dng. ad= 4 F42 =3 2o

zVst ZzVe 1A ool 238 =59 H (view)olth 71& 2z GOl Zz

olN
ol

A 5,9k 5,5 A& F o)A #HololollA A2 Feb Al (aggregation)st] d& F U

of\
ol

5. (@A) =(MOV.E),s,(@)=(M"O V, E)

7 #E (Masking vector) 2 == 3l &= o] Mol B agzE APg. o] dAiks
A B, AR gE2A SAE Fol tEid ¥ e =252 7R WEF T 5 3
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7 AT po HEZ AAUG. M M,e 0 B 19 B 2= vhazy WEZ o4 AT
A2

Al (AR AY Jae v FA% 2ok

51 (@)= V.MV OE), s,(@)= (V.M ©E)

R

== EFoled oA =FolLe viay WEyL BE golojd A FUsg. Ay YaE 7

olojritt & MB g AT 2} Folorint X =Fob-g AT MV Myl e
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Structure Model Representation
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Structure ¥ A |
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B OE See ABBTh UE Sl ASHE £4 P WNCEERE] F52, 94

user exp (S (Zu’,Zu”/T)
Lssl‘ = Z_IOg ’ ”
W > expls(z,,2,)/7)
ve U
s(+)& F e 719 FAIRE SA Holx, AR FAME (cosine similarity) 7} AFE-H A

o= 2ZEWXA (softmax) ol AMEE= stold etv B oty ARG-ARSE ofo] o T}

2
Do
S
o
>
11t
o
)
o
fru
w
()]
=
Lo
oX,
ofr
o
‘I |
r o
et
4
30
vl
I
Ry
=
olN
ol
filo
of
o
=
N
%
oy
o
oX,
ofr
o

Dataset Yelp2018 Amazon—Book Alibaba—iFashion

Method Recall NDCG Recall NDCG Recall NDCG

NGCF 0.0579 0.0477 0.0344 0.0263 0.1043 0.0486
LightGCN 0.0639 0.0525 0.0411 0.0315 0.1078 0.0507
Mult—VAE 0.0584 0.0450 0.0407 0.0315 0.1041 0.0497
DNN+SSL 0.0483 0.0382 0.0438 0.0337 0.0712 0.0325
SGL-ED 0.0675 0.0555 0.0478 0.0379 0.1126 0.0538
% Improv. 5.63% 5.71% 9.13% 12.46% 4.45% 6.11%

p—value 5.92e—8 1.89e—8 5.07e—10 3.63e—10 3.34e—8 4.68e—10

3® 20. SGLEE 4% Hlu

SimGCL[3012 SGLelA AHE-E ez 7 W2e] EA4s AFsiH AgHAY. == =5,

AA =57, 2o AY 93 A Y2 AREe] oY Z2Ya, $a3 =24 dAE AAGE
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IS St Ao ofd,
715 AAsA -8t AREst
7] Wizl StgS WelekAl @i, mol=rt YHlY FXe] X E U #dstA wEo] FH, 73
o] Zt&dttht= Aol vk dHlE FIAlA Zol=2E FUlste 4 thad Z2Th
e =e,+A/ e =e,+A"
A F49 e ®E o I gulgola, A9 A, & TejAE kol= WOt ko=

3

An)
=2
rr
WE
N
=
2
BN
)
)
s/
rr
jin)
S

HAE All,=e &, o]z WEHY A7)S wAEo] €3
Agdtte Aotk T MAE A= AGsignle;), AER'~ U0,1)Z ¢, A A7} 22

=2
AREER Q=S A, Eol=E Hake Aol duldel UR 2 dFE vAAE =S A

a9 388 wol=2E sk 39 ARE RIA AWt wo|=2E FrAFo A WY WE

Embedding Space 4 e;:" P
'
{ e,
/’I ‘A !
/ P e:
o, 2
2 #
L
/ o 61
n é f’ /,
| 2.7
A ",_»‘59' AI _
e]' ri=

a9 38. SImGCL x=o]|= F7} 1¥

SImGCLo] A8 iz st £4 4t the +43 2o,

Ly= Y —1/r+loglexp(1/m)+ D7 explzz/7)

i€ i€ BT
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°]= SGLolA AME3E &4 45 Wgsted AMESE Aolth. djustd 1/77F Adgo]7] wfZ el
AR OE B £ BTt HaEEE e UE =5 9MY 2] 3A fAabEelT o
A4E =7} =29 257 £ 3B =EoX HoAEE sl dHde £XE ©S #53t
Al 50 Foh
& 21904 APHoZ SimGCLY Aee AT 4 k. g2 ZdE v 5o A F4d
A% BAF & Ak,
Douban—Book Yelp2018 Amazon—Book
Method
Recall NDCG Recall NDCG Recall NDCG
LightGCN 0.1501 0.1282 0.0639 0.0525 0.0411 0.0315
Mult—VAE 0.1310 0.1103 0.0584 0.0450 0.0407 0.0315
DNN+SSL 0.1366 0.1148 0.0483 0.0382 0.0438 0.0337
BUIR 0.1127 0.8938 0.0487 0.0404 0.026 0.0209
MixGCF 0.1731 0.1552 0.0713 0.0589 0.0485 0.0378
SimGCL 0.1772 0.1583 0.0721 0.0601 0.0515 0.0410
¥ 21. SImGCL 2d A% Hlul
Yelp2018 Amazon—Book
Method
Recall@20 NDCG@20 Recall@20 NDCG@20
LightGCN 0.0639 0.0525 0.041 0.0318
SGL—ND 0.0644 0.0528 0.044 0.0346
SGL-ED 0.0675 0.0555 0.0478 0.0379
SGL—RW 0.0667 0.0547 0.0457 0.0356
SGL-WA 0.0671 0.055 0.0466 0.0373
CL Only 0.0245 0.019 0.0314 0.0258
3 22. SimGCL, LightGCN, Z8]a SGL 7+ 4% Wl

219 399 1Y 408 7z}

dolejel talA Se ofoldl Pulgel XS Yehd Aol
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Features

Density

LightGCN SGL-WA SGL-ED CL Only SimGCL
1.0 1.0 1.0 1.0 1.0 A
0.5 0.5 0.5 0.5 o 0.5
wn
g . §
m 0.0 1 0.0 0.0 0.0 1 0.0 -
(1]
w
—0.5 | 0.5 - —0.5 —0.5 | —0.5 -
r
-1.0 1 -1.0 A -1.0 1 -1.0 1 -1.0 1
T T T T T T T T T T T T T
-1 0 1 -1 0 1 = 0 -1 1] -1 0 1
Features Features Features Features Features
~ 0.50 0.50 0.50 0.50 0.50
k)
m 0.25 ,\/\/\\.\/.\\, 0.25 1!\/\\/ 0.25 .\a\/l\!(l\/ 0.25 1 0.25
0.00 T T T 0.00 T T T 0.00 T T 0.00 T T 0.00 T T T
-2 1] 2 -2 0 2 -2 0 -2 0 -2 0 2
Angles Angles Angles Angles Angles
LightGCN SGL-WA SGL-ED CL Only SimGCL
1.0 1 1.0 1.0 1 1.0 4 1.0 4
0.5 1 0.5 1 0.5 0.5 4 0.5 1
0.0 1 \ 0.0 1 0.0 0.0 4 0.0 1
—0.5 1 . —0.5 A —0.5 1 —0.5 1 —0.5 A
—1.0 1 . —1.0 A —1.0 -1.0 1 —1.0 A
T T T T T T T T T T T T T
-1 0 1 -1 0 1 -1 0 = 0 -1 0 1
Features Features Features Features Features
0.50 0.50 0.50 0.50 0.50
0.25 0.25 0.25 .\/\/\r\/\/\/\ 0.25 0.25 4
— — T\I\J\/\/\I\J
0.00 T T T 0.00 T T T 0.00 T T 0.00 T T 0.00 T T T
-2 0 2 -2 0 2 -2 0 -2 0 -2 0 2
Angles Angles Angles Angles Angles

a3 40. SimGCL Amazon—Book

29 39. SimGCL Yelp2018

glolEfol

oboll g

ki3

glolEfel o

B
it

b otoldl ¢Juld

3
“

i
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s Aot @A vudod, ey E27F AASA Fdd Aol Aol & 9FS =

AL & F Atk LightGCN, SGL-WA, SGL-ED9 A% dwgde] #x7F 122 X3k w4

WSl SEe FAAZ 4 97 Wit W CL Onlyel 4%, dMRe] s} n2Aw gsol
W Az ot BAYT A% ) Fol 4B BAT AD

of m] gt

i,
oL
do
2
R
-,
Ho
A
it
v
fr
po
tlo

O 419l = SimGCLe] AFAH S AAst= s8] HolFS BoFErh. 189 7tEHLS o}ol
S 4 34 ut EF3 A F Unpopulare AW 34 39 80%9 1E9°|9, Populare
ZH 3¢ AY 5%, 2813 NormalL YW =R ofoldl &9 1Z0o]t} SimGCLE tE =d ] A
ol 7P #Holut. 53] ZE HolHl e Unpopular ZFol e Aso] & Zd thiy]

Cole mdo] §aA @e ofolde FHY & A SEL 2ATE Aol 1elw

Douban-Book Yelp2018 Amazon-Book
0.16 0.05 P 0.030
=3 LightGCN = LightGCN =3 LightGCN
[ SGL-WA [ SGL-WA 1 SGL-WA
0.14 [ sGL-ED [ SGL-ED [ SGL-ED
= simGCL — 3 simGCL 0.025 E= simGCL
0.12
0.020
0.10
& 0.03
®
= 0.08 0.015
g
0.06 0.02
0.010
0.04
0.01
0.005
0.02
0.00 o iN—|_I p. . 0.00 J 0.000 o y .
0, Py,
""Opufar My Pujg, ”popa, i D”"a; Puig, n‘t’oﬂwa, Omgy * Puig,
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SGLE =& EFol% x| &Foly a8]x Ay g3 Aoz gz X2 HAANNA B

E 4712, SimGCLL dHld FZtollA ol=E FAste] FE SAAZIAN s

e}
o
ro

A S gsk EA o] &A1 A HAE o]yst £219 714 (Random perturbation) S E3F
aHRZ FHo] AYZY F&F 7E2H HRE EHAA FE5S oHA & F due Aol F

HA= o]y e BFA (heuristic) E 5] AF ¥+ dRE FE

o?:

dets Aol 29 3

of, male] WAL WolEYM wol=s} B e AGA Asie Holth MARoE, A o

rl

Z g5S AMES gz e F3H O ASE giFEEE #xEdk Hed FA4 (Over—smoothing

problem)E 1 §Jo], TEHEO| ME FEIHA &A

fn
o

LightGCLIBU & olej et A& sidstr] s8] st a4 34 ¥As Addn. 7€
gz 5913 #3) (Singular Value Decomposition, SVD)E A &3lA 21 ZE AN SZH
ARgAF—olol]] A3 A8 83 ARE Ao FGHA dY ASE tx g AT
T A P

a9 42+ LightGCLY Awr#Ql =Y Fx2E5 Yehd 1
Zol GON d4+E A Este] 27 = RS dojdlrt. 299 std F&2, S9la &4
S T3l A7+ 2=zl GCN dxtbe AHEsto] {E S44171a, A9 Hela #83 AREA-o}

ol WY AsE FEA.

Original Graph GCNs

Pairwise Loss for
Recommendation

7
& H ApproleVD

Items it & OT
i Uqg Sq Vg
| 5 Reconstruct

Local-Global L(u) L(v)

| /@/\ ¢ oy HO Contrastive Learning ™S
e E—i ‘O’ =

1% 42, LightGCL o}7]1 814
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Data

Metric

DGCF

HyRec

Light
GCN

MHCN

SGL

SimGR
ACE

GCA

HCCF

SHT

SimGC
L

Light
GCL

p—val

impr.

Yelp

R@20
N@20
R@40

N@40

0.0466

0.0395

0.0774

0.0511

0.0472

0.0395

0.0791

0.0522

0.0482

0.0409

0.0803

0.0527

0.0503

0.0424

0.0826

0.0544

0.0526

0.0444

0.0869

0.0571

0.0603

0.0435

0.0989

0.0656

0.0621

0.053

0.1021

0.0677

0.0626

0.0527

0.1040

0.0681

0.0651

0.0546

0.1091

0.0709

0.0718

0.0615

0.1166

0.0778

0.0793

0.0668

0.1292

0.0852

7e—9

8e—9

2e—9

2e—9

10%

8%

10%

9%

Gowalla

R@20
N@20
R@40

N@40

0.0944

0.0522

0.1401

0.0671

0.0901

0.0498

0.1356

0.0660

0.0985

0.0593

0.1431

0.0710

0.0955

0.0574

0.1393

0.0689

0.1030

0.0623

0.1500

0.0746

0.0869

0.0528

0.1276

0.0637

0.0896

0.0537

0.1322

0.0651

0.107

0.0644

0.1535

0.0767

0.1232

0.0731

0.1804

0.0881

0.1357

0.0818

0.1956

0.0975

0.1578

0.0935

0.2245

0.1108

le—6

2e—6

3e—6

3e—6

16%

14%

14%

13%

ML—-10M

R@20
N@20
R@40

N@40

0.1763

0.2101

0.2681

0.2340

0.1801

0.2178

0.2685

0.2340

0.1789

0.2128

0.265

0.2322

0.1497

0.1814

0.2250

0.1962

0.1833

0.2205

0.2768

0.2426

0.2254

0.2686

0.3295

0.2939

0.2145

0.2613

0.3231

0.2871

0.2219

0.2629

0.3265

0.2880

0.2173

0.2573

0.3211

0.3318

0.2265

0.2613

0.3345

0.2880

0.2613

0.3106

0.3799

0.3387

le—9

3e—9

7e—10

le—0

15%

18%

13%

17%

Amzazon

R@20
N@20
R@40

N@40

0.0211

0.0154

0.0351

0.0201

0.0302

0.0225

0.0432

0.0246

0.0319

0.0236

0.0499

0.029

0.0296

0.0219

0.0489

0.0284

0.0327

0.0249

0.0531

0.0312

0.0381

0.0291

0.0621

0.0371

0.0309

0.0238

0.0498

0.0301

0.0322

0.0247

0.0525

0.0314

0.0441

0.0328

0.0719

0.0420

0.0474

0.0360

0.0750

0.0451

0.0585

0.0436

0.0933

0.0551

2e—=7

2e—6

le—7

9e—7

23%

21%

24%

22%

Tmall

R@20
N@20
R@40

N@40

0.0235

0.0163

0.0394

0.0218

0.0233

0.0160

0.0350

0.0199

0.0225

0.0154

0.0378

0.0208

0.0203

0.0139

0.034

0.0268

0.0183

0.0446

0.0222

0.0152

0.0367

0.0373

0.0252

0.0616

0.0188 0.0246 0.0203 0.0337

0.0314

0.0213

0.0519

0.0284

0.0387

0.0262

0.0645

0.0352

0.0473

0.0328

0.0766

0.0429

0.0528

0.0361

0.0852

0.0473

3e—5

le—4

le—5

Te—5

11%

10%

11%

10%

=<

23. LightGCL =4 A% ¥l
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_ Ayoiuabejnwi-uon

Aoiuabeny

Classifier

EE EEE EEEE EEEEE |

t
I Concatenate |

Buippaquwa

SPON

Graph Pooling

Graph Conv. Block

IIIIIIIIIIIIIIII

Z ydeibgng

| ydeibgng

QI

Graph Partitioning algorithm

ydeis [euibuQ
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N SN N AR W N

10
11
12
13
14
15

Input : graph G, edge label E;,

Output : subgraph set S

e<«edgein G

cg(e) « edge betweenness centrality

V « the set of nodes in G

o (s, t)«— the number of shortest paths between s and t

o (s, t|e)« the number the paths passing through edge e

C «— the number of connected components of G

o(s, tle)
o(s, t)

cg(e) =Lstev
N:=C
while (N, < C,) do //until G is partitioned
selected edge = the highest value of cg(e)
remove selected edge in G
N := the number of connected components of G
end
8 = connected components of G

return S

4318 Z 4, Girvan—Newman 1#gZ 2& 433
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Dataset

Method
MUTAG NCI-1 NCI-109
GCN 85.20%3.13 71.59%3.11 70.15£1.56
GIN 86.40t2.14 82.55+1.81 -
GAT 87.16t4.11 73.61£3.94 72.49+2.61
GraphSAGE 81.02%5.07 72.9410.78 73.08+2.66
DGCNN 83.10+2.26 69.124+0.85 72.32+1.78
U2GNN 89.97+£3.41 80.13+1.41 81.2310.91
G—Resnet 90.64%2.84 79.94+1.84 80.11£2.34
G—inception 91.61+3.48 80.45+2.58 80.30%+1.21
G—DensNet 91.47+2.46 81.1710.78 80.72+2.15
Ours 93.64+3.33 82.60+2.42 82.28+3.41

24. o Wl 3 HelHA ¥ e Bl

o] 43 ZAye AdE WRie] EE dolEAlel s HA WHEG § UL dee 24T

= Zolth. MUTAG Hl o]l tal ¢k 2%p A% 3, 18]3 NCI1 2 NCI109 do]g Al tjs)

A ofr F2E RS sl 2 Ax"e 74 Tte s Bt

1 ERSHE Qo o] Bokdl Fa =4 A F st Weld mde] AFF Belo] 4E
RS e Rolth ol Aslo] 4Bl hS shaHelr Helg BRANA LA olel g S

a8 445 S Aty Fo 998 BoFEth o & £9], Vundo, Tracur, Obfuscator.ACY %

P 8 vk 159 MnTde 5%

)
o
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~
A
flo
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b
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o
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o
=
o,
=3
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flo
&
of
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Rammnit (1)

Lollipop (2)
Kelihos ver3 (3)
Vundo (4)

Simda (3) F
Tracur (6) 1
Kelihos verl (7) =
Obfuscator ACY (8)
Gatak (9)

o9 00CO0O0O0OO®

Simda Tracur Obfuscatlor. ACY
a9 44, Fs AstY 8 9

>
>,
o,
tlo
N
)
i)
—‘_—IBI‘
2
i
fol
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2
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fu
ME
=il
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rr
k1
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tlo
:?é
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ol
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do
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r
Aol EFeA a9 8 35S 93 JA5H Triplet IEY]A 719 A2 WS AFgoh
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sub_461030
jmp call

_ _ sub_461858
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Path g £
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jo sampling N <
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. Transformer layer
i s
As elbyc Local pattern extraction Time-series modeling ¢
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Metrics
Method
Acc. Recall
Byte image—based approach

Entropy CNN 0.987 0.9285
Byte image—CNN 0.9574 0.915
DCGAN-—based Image Augmentation 0.9784 0.9448
Triplet loss—based CNN 0.9838 0.9381

Control flow graph—based approach
Yolo—style CNN 0.9512 0.9007
Graph convolutional network 0.9825 0.9314
Path—sampling LSTM 0.9795 0.9384

Control flow graph—based prototype embedding

Ours w/o prototype embedding 0.9882 0.9553
Ours 0.9945 0.9789

3 25, ¥ 7HA el e A=k AdE v
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3. 1538E = R g Vvl FH A2 A% Hr}

Lo

71 2de] Hes Blasty] 98] E3eA AF AR EHE oA 7HA] diA ek HolH AE
2l Yelp, Gowalla, Amazon—Books, Amazon—Electronics, Amazon—CDs % TmallE AF&3t} &9 =
4 7oz e AHE-EE Recall@20, Recall@40, NDCG@20 3 NDCG@40S AHg-3Hc}. Al-8-x}9}
de ZHgo] e BE ofo|H e AREALY] FH FHoIY ol AFete] BluwE TS ISt
7] A&l sdE dHole AMES FYg sts/EHAE £38S AR 3 JHA ASE ALYS e
d-FolA RDGCLe] 71E9] ¥ THAE s Hss s7H3d.

a9 47914 += A5 Coverage, Novelty =5 T8 3 2] G553 tEo]

o] gy Fa4s Uittt RDGCLE gib—xkke B8 S T3 A4E FE dx g5dd A
|2 s FFF tE AR NS EF =Y F ddke AES Yelp® Gowalla Hl

oy ANEZ T3l &AL F U

0.45
0.24
“hﬁr_‘@ZG Prhpn@20 0.24 @ h2 @20 4 hey@20 .
= 0.1853 0.1873 e e 020 0.3856 i’
N 0.1741 o S 0.366 S
@ | 0209 @uo - @é'
<016 ohee 0728 £ & 5k 0.3408/0-36 &
Gl A 0.320
0.30| 0.3112
- 0.16
LightGCL SimGCL RDGCL LightGeL simGeL rpeeL 0-30
(a) Yelp (b) Gowalla

23 47. LightGCL, SimGCL 28] RDGCLY A&= 2 Coverage, Novelty % ¥l
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Light LT—-O HMLE qn  SimG oA HOCF  SHT SinﬁGF XSim Light GFF—C BSPM RDLGC

Data  Metric GRN' “cp T RACE GCL  GCL Imp.

Recall@
20

NDCG@
20

0.0826 0.0947 0.0859 0.0967 0.0899 0.0779 0.0995 0.0853 0.1065 0.0974 0.1012 0.1043 0.1059 0.1099 3.19%

0.0690 0.0800 0.0699 0.0824 0.0775 0.0670 0.0842 0.0719 0.0912 0.0823 0.0870 0.0890 0.0913 0.0939 2.77%

Yelp
Recall@
40

NDCG@
40

0.1346 0.1531 0.1388 0.1544 0.1443 0.1279 0.1578 0.1382 0.1688 0.1564 0.1591 0.1659 0.1677 0.1721 1.95%

0.0882 0.1016 0.0898 0.0906 0.1032 0.0851 0.1056 0.0913 0.1038 0.1040 0.1081 0.1115 0.1139 0.1165 2.28%

Recz%ll@ 0.1294 0.2215 0.2157 0.2371 0.1519 0.1899 0.2222 0.1877 0.2304 0.2314 0.2351 0.2347 0.2455 0.2564 4.43%

NDCG@
20

Recall@
40

NDCG@
40

0.0781 0.1287 0.1270 0.1400 0.0850 0.1100 0.1298 0.1119 0.1363 0.1380 0.1386 0.1382 0.1472 0.1549 5.19%
Gowalla
0.1869 0.3131 0.3010 0.3269 0.2225 0.2690 0.3106 0.2671 0.3195 0.3224 0.3251 0.3266 0.3342 0.3460 3.53%

0.0932 0.1529 0.1494 0.1636 0.1034 0.1309 0.1528 0.1325 0.1597 0.1619 0.1622 0.1624 0.1707 0.1783 4.45%

Recall@
20
NDCG@
Amazon— 20
Books  pecan@
40

NDCG@
40

0.0950 0.0987 0.0934 0.1333 0.0982 0.0850 0.1187 0.0834 0.1317 0.1148 0.1356 0.1392 0.1377 0.1416 1.74%

0.0704 0.0734 0.0697 0.1081 0.0769 0.0668 0.0912 0.063 0.1042 0.0887 0.1081 0.1158 0.1171 0.1141 —2.56%

0.1454 0.1512 0.1417 0.1848 0.1429 0.1248 0.1728 0.1296 0.1867 0.1692 0.1917 0.1893 0.1830 0.1979 3.22%

0.0872 0.0910 0.0858 0.1249 0.0905 0.0799 0.1090 0.0782 0.1221 0.1065 0.1264 0.1321 0.1316 0.1324 0.23%

Recall@
20

NDCG@
20

0.1251 0.1319 0.1258 0.1331 0.1236 0.1254 0.0597 0.0909 0.1371 0.1295 0.1306 0.1306 0.1311 0.1393 0.16%

Amazon— 0.0737 0.0792 0.0755 0.0783 0.0712 0.0727 0.0338 0.0912 0.0777 0.0748 0.0771 0.0771 0.0792 0.0809 2.15%

Electroni
cs Recall@
40

NDCG@
40

0.1842 0.1850 0.1828 0.1913 0.1811 0.1306 0.0918 0.1409 0.1939 0.1833 0.1907 0.1907 0.1742 0.1982 2.22%

0.0896 0.0933 0.0908 0.0942 0.0868 0.0771 0.0426 0.0640 0.0934 0.0897 0.0934 0.0934 0.0912 0.0972 3.18%

Recall@
20

NDCG@
20

0.0956 0.1572 0.1438 0.1565 0.0729 0.0941 0.0658 0.1256 0.1583 0.1335 0.1460 0.1394 0.1443 0.1622 2.46%

0.0561 0.0981 0.0900 0.0997 0.0434 0.0581 0.0434 0.0756 0.1020 0.0804 0.0925 0.0912 0.0929 0.1054 3.33%
Amazon—

CDs Recall@

40
NDCG@
40

0.1484 0.2196 0.2011 0.2159 0.1150 0.1346 0.1076 0.1829 0.2183 0.1952 0.2038 0.1940 0.1974 0.2225 1.92%

0.0708 0.1157 0.1061 0.1163 0.0552 0.0695 0.0542 0.0919 0.1188 0.0975 0.1086 0.1066 0.1085 0.1223 2.95%

Reczzz)ll@ 0.0717 0.0737 0.0676 0.1035 0.0705 0.0730 0.093 0.0706 0.0993 0.0880 0.1033 0.0879 0.0879 0.1040 0.44%

NDCG@
20

Recall@
40

NDCG@
40

0.0498 0.0515 0.0464 0.0745 0.0488 0.0511 0.0663 0.0492 0.0712 0.0626 0.0626 0.0612 0.0612 0.0753 0.64%
Tmall
0.1126 0.1168 0.1059 0.1545 0.1104 0.1124 0.1427 0.1118 0.1505 0.1370 0.1370 0.1379 0.1380 0.1559 0.86%

0.0640 0.0665 0.0598 0.0922 0.0626 0.0648 0.0834 0.0634 0.0890 0.0795 0.0795 0.0784 0.0785 0.0933 0.85%

% 27. 29 A Hlu
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