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GNNs fail to capture the simi]arity structure! [Monotonically Decreasing] The normalized iterative graph kernels Kz_4(z,y, ) are said to be Performance
....... monotonically decreasing if and only if:

: NCI1 NCI109 PROTEINS D&D IMDB-B IMDB-M COLLAB COIL-RAG OGB-HIV REDDIT-T

fz‘ %{ ’%f - #Graphs 4110 4127 1113 1178 1000 1500 5000 3900 41127 203088

....... K}_ 4)(.'1: Y, 1 ) 2 K ¢(ﬂ: Y, Z + 1) \VI.'L', Y € X Avg. #nodes 29.87 29.68 39.06 284.32 19.77 13.00 74.49 3.01 25.50 23.93
et e /:; o . ey . “d LA Kipf et . GCN 73.96+237 74.04+300 73.24+693 T4.92+266 75.40+297 55.07+124 81.721084 91.72+165 72.86+190 76.00+044
GNN Layer Similarity( rOdR b .\(_\ﬁ ) > Similarity( ‘/_2_ ’ (_Y ) _ +Lconsistency 79-12+ 119 73.25+125 75.07+505 78.56+332 75.85+182 56.27+100 83.441045 93.38+164 73.75x089 77.121012
PSS i s s S e - I [Order Consistency] The normalized iterative graph kemels K]:- ¢(.’L', y, ’L) are Said o preserve ()rder GIN 78.13+211 76.75+291 72971450 71.10+463 70.80+407 52.131+142 79.84+105 93.33+148 71.60 x236 77.50+0.16
. . . e . . . . e . . . +Lconsistency 19-45+109 77.46+196 74.98+as7 75.51+263 74.50+306 53.46+244 84.16:081 94.03+133 74.57+161 77.64+00s

consistency if the similarity ranking remains consistent across different iterations for any pair of

Xuetal. GraphSAGE ~ 74.40+183 73.17+047 74.961+314 76441416 7390217 51.331205 78.92+120 89.56+237 77.03x165 76.67+0.1
.%y') gl‘aphS: +Lconsistency 18.26+108 74.10+210 76.40+312 77.50+338 74.75+306 54.27+124 82.12+078 92311132 78.60+14¢ 77.57+005
B N " _ _ GTransformer 75.72+260 74.79+152 73.33+480 75424322 72204349 53.33+1.12 80.36+0s56 83.74+317 76.81+134 76.75+0.12
K T Z > K T. 2 'l = K T Z _|_ 1 > K T. 2 z + 1 V.'L' = +Lconsistency 16.83+136 75.82+153 77.03+379 76.57+254 73.75+256 56.53+15¢ 80.48+047 91.67+188 76.90+325 77.14+006
Fert (2,9 %) Fert (@) 2, 1) Fert (T Y5 = ]:C’¢( 7 ) Y5 X GMT 75044145 73.904229 727044z 72.80+219 79.804108 54.13:200 80.36+11s 90.85:191 74.864226 72.06410.5
+Leconsistency  79.92+1.07 75.20+095 74.86+203 73.14+228 79.60+191 54.80+142 82.801x061 92.00+143 76.00+199 77.19+014
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Table 1: Performance on the graph classification tasks, with and without consistency
loss. The highlighted cells indicate instances where GNNs with our proposed

Theorem: Two principles guarantee provable generalizability in graph classification tasks.
consistency loss outperform the base GNNs.

Observation: [nconsistency in similarity order across layers.

ST Verification: Consistenc
Limitations Wisubtres Kernel[1]: y

SUDLECE ReThe . . NCI1 NCI109 PROTEINS D&D IMDB-B

Graph Kernels: - Does not follow either principle. GCN 0753 0920 0584 0709 0.846
. . . . . - - : +Leonsistency 0.859 0.958 0.946 0.896 0.907

+ Effective at capturing relative graph similarities WL(lz/IPZ)IIfgf:r?il([:zl]l Jecreases e 5666 DA O BBl 508

- Depends on predefined kernels and lacks adequate non- Y : : +Leoonssency 0.877 0821 0904 0847 03816
linearities - Preserves the order consistency asymptotically. GraphSAGE 0903 0504 0845 0741 0.806
. . +Lconsisency RODLINNO09 0.916 0.872 0.933

GNNs: WLOA outperform WL-subtree in various benchmark. L T i LT T
. . . . . . +L consisiency RU-SO5ENIEES 0.915 0.880 0.917

+ Good at capturing non-linearities Question: Can we apply the two principles to enhance GNN performance? GMT 0872 0887 0980 0.826 0.893
0.906 0.908 0.983 0.856 0.908

- Ineffective at capturing relative graph similarity

Analogy between GNNs and IGS

Iterative Graph Kernels (IGK): Graph kernels

Table 2: Spearman Correlation in Consecutive Layer Graph
Representations. The representation space becomes more
aligned with the proposed consistency loss.

Consistency Loss
Applying Two Principles to GNNs:

Probability Increase °
obtained from an iterative coloring process Distance Increase e Efficiency
Pair-wise Cosine —
Similarity R
; ’\ xy’s reference probability matrix GMT GTransformer GIN GCN GraphSAGE
i h-1
IGKs | GNNs % 000 /ERasanss ™ b . GCN 8.380 4,937 4318 4.221 3.952
f s et L » + i .861 . 52 382 252
Given: A graph G Wlth a Set of nOdeS V. | Messages; oo:o ]ﬁij—'ﬁC?EVQ’% I HHHHHH o ‘ 1 — 00100000 i - GCN Econslstency 8 86 6 358 5 5 9 5 38 5 5
® Assign an initial color ¢(®) (v) to each node v i iy — g & ENf’i)D : I:;\' [ FEEeEs | .- W thmw (1+Slgn(m‘)
' i Gk GNN Layer e - . ini ' :
¥ [erEtivel) EhnehodecolsrsET Meiages oo t{ e PN 3 J Table 3: Training Time per ]ilpoch (Seconds, OGBG-MOLHIV): Impact of
| received by representation o node v, Dist(xy, Xm)  Dist(xy, Xy) Consistency Loss is Minima
C (k+1) (v) = HASH ({c(k) (v), {C(k) (u)}ueN(v)}) I fodew s . Q » ‘ Pair-wise Cosine
" . Representation update: **** 1 e Similarity ph Cross
maps different inputs to ! o ,, x;’s prediction probability matrix
different colors 5 hi® =| s )(hik 1)’1119‘)) : GNN Layer & ) Entropy Reterences
i e.g., positively ®
k weighted sum
® After k steps of color refinement, ¢ (v) summar izes NoGe Node Messages 1 == [1]Nino Shervashidze et al. (2010). “Weisfeiler-lehman graph
the structure of k- hop nelghborhood representation representation  received by woy . :
at layer k atlayerk-1  node v, 5o o kernels.” In: Journal of Machine Learning Research.

[2]Nils M. Kriege, et al. (2016). “On valid optimal assignment
kernels and applications to graph classification” In: In
Advances in Neural Information Processing Systems.
[3]Keyulu Xu et al. (2019). “How Powerful are Graph Neural
Networks?” In: International Conference on Learning
Representations.

Given the analogy between GNNs and

IGKs, can we bridge the two worlds? Learn similarity order using signals from the previous layer.
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