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Motivation Experiments

Problem: Subgraph Isomorphism Counting Experimental setup | SMALL LARGE MUTAG OGB-PPA

# Queries 75 122 24 12

. e # Graphs 6,790 3,240 188 6,000

Pattern  Graph Count Pattern Graph Count What’s missing in SOTA? #Tripries 448,140 395280 4,512 57,940
Avg(|Val) 5.20 8.43 3.50 4.50

}j I:I 0 i i. I 0 Avg(|Egl) 680  12.23 2.50 4775

. ! . Avg(|Vg|) 3262 239.94 17.93 152.75

= Node-centric scheme falls short of Ave(| ) JEqh 550,68 3058 162899

. Avg(Counts) 14.83 34.42 17.76 13.83

A ' . matching complex structures for Max(| L) 16 54 = .

A ;l ; : ;I 1 isomorphism counting. ML) o o1 ! !

* Conventional GNNs <+ GNN based Isomorphism Counting Models * Exact Methods

= SOTAJI, 2, 3] models leverage a fixed

{’E E 6 E X 2 o renresentation to mateh with all . GCN[4] +  RGCN-DN,RGCN-SUM,RGIN-DN,RGIN-SUM[1] * VF2[9]
' sTapiirep . GAT[5] « LRP[2] «  Peregrine[10]
possible queries. «  GraphSage[6] « DMPNN-LRP[3]
. GIN[7]
. * DiffPool[8]
Challenges:
C1: How to capture fine grained structural information? Isomorphisms counting
C2: How to adapt the input graph to each query individually?
Methinids SMALL LARGE MUTAG OGB-PPA

’ MAE] Q-error]  Time/s | MAE] Q-error]  Time/s | MAE | Q-error] Time/s ] MAE | Q-error]  Time/s |

GCN 148+05 214+01 79402 330+04 354+10 298+07 |199+97 42415 088+002|368+14 2.1+04 125+03

GraphSAGE | 14.04+27 25+08 7.0+ 0.1 3384+16 31+04 275+13 (1394+28 47+08 088+0.02|325+45 254+05 11.1+0.1

GAT 122407 204+05 143403 | 3734+52 60+12 594+07 (308+67 6.0+03 0914+001)358+24 22406 304408

DPGCNN 168+07 29402 21.74+04 | 398437 54+16 648+09 (2754+25 494+06 1544+001)3844+12 234+03 194407

DiffPool 148+26 214+04 7.0+0.1 349414 38+07 325407 (64403 254+02 086+000]359+47 274+03 154422

GIN 126+05 214+01 7.1+£00 3594+06 48+02 335+06 |21.3+£10 56+07 041+001(346+14 25+£05 123+04

| RGCN-Sum |242+6.1 3.7+12 1324+0.1 (809+263 63+13 618+02 [80+08 15+0.1 0894+0.01|345+13.6 474+0.8 33.01+0.2

RGCN-DN 166+23 32413 481402 |73.7+292 91+42 1050+04 | 734+08 26+02 1.194+004(57.14+£15.7 50+1.3 31.24+0.1

The ro OSEd mOdeI o cou nt_G N N RGIN-Sum 107403 204+02 122400 | 332422 42413 614+10 (108409 194+01 0454+002]2914+17 1.24+06 21.04+1.2

[ ] RGIN-DN 1164+02 244+00 4974+18 |3254+19 434+£20 10404+15 (86+19 33+08 0734+003]|358+64 44+1.1 288403

DMPNN-LRP| 9.1+02 15+01 324+14 |281+13 34+15 1842+18 [54+18 18+1.0 0.13+005|256+49 11413 63.0+06

Count-GNN | 85+00 14+£01 79+03 \ 3094+43 25405 592+1.7 | 42401 1.8+0.0 0.02+0.00 | 287+39 1.0+0.2 18.1+0.6
VE2 0 1 1049.2 2.7 0 1 9270.5 £+ 5.9 0 1 1.30 £ 0.04 0 1 5836.3 4.8

Peregrine - 7244+ 20 - 9042 £ 45 - 0.2+0.03 - 450.1 £3.9

Overall-framework * Count-GNN achieves 65x ~ 324x speedups over the classical VF2, 8x ~ 26x speedups
over Peregrine
B e * Count-GNN is more efficient than other GNN-based isomorphism counting models
| " = Ehgl —I * Count-GNN is more accurate than Conventional GNN models by at least 30%
Query 91 Query 9, Query 91 Query 9, 4 . ) improvements in most cases.
| : { i E ! E E Query Readout U = - - - o
ﬁ 585 : i 6&3 ) 52| hd g = :
hy, g Q % 24 Ablation Stlldy
W : 2l g flF
: : : : D > i ~ .
i i i i h&z _ SMALL LARGE MUTAG * Ablation study
_______ Input graph G " Inputgraph§ @: query conditioning 9 ¢ho8S  IMAE Q-error [ MAE Q-error [ MAE Q-error « Node-centric aggregation: impairs the performance
; : : s ; o Count-GNN\E | 11.3 2.07 133.58 496 |18.63 592 * Query-conditioned graph modulation : contributes
(a) Toy queries/graph (b) Edge-centric aggregation (¢) Query-conditioned graph modulation (d) Objective Cgﬁgt-GNNhM R66 146 129.65 334 | 441 182 to the performance
Count-GNN 854 141 (3091 246 |422 1.76
Edge-centric aggregation + First challenge Parameter sensitivity
* Exploit edge-centric message
pass.ing’ in which each edge i " 1o~ MaE Ii * Parameter sensitivity
receives and aggregates from ke . e 1'4 ! « As K increases, the performance in terms of
S adjacent edges. g 9 135 g 9 5 MAE and Q-error generally become better, only
" Edge message initialization e 1420 - with one exception on Q-error when K =4
0 do Bl —— Querror 8 12 * A =0.01 may result in an inferior performance.
h uw) = Xu | X (u,v) | x, €R 2z 3z 7 >3 Ll DO D (XE Interval [1e-5, 1e-3] might be a good range for
superior performance of subgraph isomorphism
= Edge message passing (a) Sensitivity of K | (b) Sensitivity of A | counting.

h{, .,y = o(W'hi s + Ui +b).
(a) Edge-centric aggregation | " " .
h!~} = Acor({h}}, |(i,u) € E}) Conclusions
| | Problem
.  Sub hl hism Counti
Query graph representation - Second challenge ubgraph Isomorphism L.ounting
* Modulate the input graph ]
Query 94 conditioned on the query to adapt Proposed m‘?del- Count'GNN
Graphg T~ A~ the whole graph representation of » Edge-centric message passing
-------------------------- —>—> hg! - Query Readout the input graph to each query. * to capture fine grained structural information

___________

* Query-conditioned graph modulation
* to adapt each graph to query individually

———————————

ho = 0(Q - AGGR({h, ) |(u,v) € Eg}))

___________

Experiments
* Extensive experiments demonstrate that Count-GNN significantly outperforms state-of-the-art models

= Graph Edge Representation

fl(u,v) - (7(u,v> + ]-) O] h(u,v} + B(u,fv}
Y(u,v)y = U(W'yh(u,v) .y Ufth 5 b,.y)
Biuwy = 7(Wph(ye) + Ughg + bg)

(b) Modulation conditioned on queries
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