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Learning with graph —a general form of data

Drug Discovery Social Networks Knowledge Graph
(phys.org) (acwits) (yashuseth.blog)



Graph Neural Networks

Neighborhood Aggregation a.k.a. Message Passing or
Graph Convolution

Aggregate neighbor features with

permutation invariance functions

concat/avg




Graph Neural Networks

Neighborhood Aggregation
h® = AGGREGATE® (hg"‘”, {h}"‘”: v; € ]V”(vi)})

Example - GIN

h® = MLP® ((1 + (). plft 4 Z h}"‘”)
JEN (vy)

e®) is a learnable parameter

he = READOUT({hY°|v; € V})
[ —

Determine node Propagate and
computation graph transform information



Investigations on Graph Neural Network

Expressive Power

Which graphs can a GNN distinguish?
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Reasoning tasks as dynamic programming (DP):

graph algorithms visual question answering
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Input: a set of objects

feedforward network Deep Set

Training accuracy

Intuitive physics

Optimization?
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* Training instability
* Slow convergence

Even with
Normalization methods.
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Normalization for Neural Networks

Batch Norm Layer Norm Instance Norm
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Image Classification NLP Tasks For GNNs, BN and LN are simply
adopted without further investigations.




What methods are
for Graph Neural Networks?




This paper
Adapting and evaluating existing normalization methods to GNNs.
Explaining the effectiveness of InstanceNorm over BatchNorm.

|ldentifying an expressiveness degradation of InstanceNorm.

Proposing GraphNorm which addresses the issue and converges faster.



Evaluation of existing normalization
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Preconditioning effect of InstanceNorm

Theorem 3.1 (Shift Serves as a Preconditioner of (). Let
Q, N be defined as in Eq. (6), 0 < A\ < --- < )\, be
the singular values of (). We have 1,, = 0 is one of the
singular values of (QIN, and let other singular values of QN
be O < 1 < o < -+- < liyu—1. Then we have

M <A< <A1 <1 <Ay, (D)

where \; = ; or \; = l;_1 only if there exists one of the
right singular vectors «; of (Q associated with \; satisfying
]_T(}:z' = 0.
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Heavy batch noise in graphs
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Expressiveness degradation of InstanceNorm

FRelERS:(sehpeanpns) IMEBRINARY (Segdiariype Graphs) Proposition 4.1. For a r-regular graph with one-hot en-

/ ] J
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O O codings as its features described above, we have for GIN,
D Norm (W(l)H(O)QGIN) =S (W(l)H(O)QGIN) N =0,
o 0 i.e., the output of normalization layer is a zero matrix with-
\ out any information of the graph structure.
®-@
j © o ®_ Proposition 4.2. For a complete graph (r = n — 1), we
v . have for GIN, QainN = £FIN, i.e., graph structural in-

® formation in Q) will be removed after multiplying N.



Proposed method: GraphNorm

Key: learnable parameter to control how much
the we need to keep in the

/

) hi o+ —(od]- 10
GraphNorm (h@-jj) =y, - —2 S By,

0

* Inheriting the merit of InstanceNorm
* Solving the expressiveness degradation problem



GraphNorm addresses the issue of InstanceNorm

PROTEINS (Tree-type Graphs) IMDBBINARY (Regular-type Graphs)
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GraphNorm achieves good performance

Table 2. Test performance on OGB.

Datasets MUTAG PTC PROTEINS NCI1 IMDB-B RDT-B COLLAB
# graphs 188 344 1113 4110 1000 2000 5000

# classes 2 2 2 2 2 2 2
Avg # nodes 17.9 255 39.1 29.8 19.8 429.6 74.5
WL SUBTREE (SHERVASHIDZE ET AL., 2011) 9044+ 57 599443 750431 86.0E=18 738+39 810+£31 789419
DCNN (ATwoo0D & TOWSLEY, 2016) 67.0 56.6 61.3 62.6 491 - 52.1
DGCNN (ZHANG ET AL., 2018) 85.8 58.6 75.5 74.4 70.0 - 73.7
AWL (IVANOV & BURNAEV, 2018) 87.9 4+ 9.8 - - . 745+59 879+25 7T739+19
GIN+LAYERNORM 824+64 628+93 762+£30 783+£17 745+44 828177 80.1+£0.8
GIN+BATCHNORM ((XU ET AL., 2019)) 89.4+56 646+70 T762+28 827+17 751=+£51 924+25 80.2+1.9
GIN+INSTANCENORM 90.5+78 647+59 765+£39 812+1.8 748+£50 932+17 80.0%2.1
GIN+GraphNorm 916 +£65 649+75 774+49 814+24 760L£37 935+21 80.2+1.0

Datasets OGBG-MOLHIV
# graphs 41,127

# classes 2

Avg # nodes 255
GCN (Hu et al., 2020) 76.06 = 0.97
GIN (Hu et al., 2020) 75.58 £ 1.40
GCN+LayerNorm 75.04 £ 0.48
GCN+BatchNorm 76.22 £ 0.95
GCN+InstanceNorm 78.18 =0.42
GCN+GraphNorm 78.30 = 0.69
GIN+LayerNorm 74.79 = 0.92
GIN+BatchNorm 76.61 +=0.97
GIN+InstanceNorm 77.54 +1.27
GIN+GraphNorm 7773 £ 1.29




Thank you : )

¢/~ GraphNorm ™

= A

(2) Learnable @ & @ S ek,
mean Mulliply  Calcuiate | Divide std &
*| Leamable «  Graph Std Affine - Y . B
) ™y — oy PN I._.-—-\ I/-':-u‘\l = & — .,
240 )a) & & @) ax iy,
O calculate— — ar

Graph
Subtract graph mean — Mean/Std
(1a) Preconditioning v (g Vo ) ¢~ InstanceNorm ™\
=3 — -
Divide std y 71 P
’ ™\ Iy — oy +
) -~ 0 9) Affine ‘ ML
) 00" )| Subtract o
Feature feature \ /}
= |Aggregation | ~— ~ - ) N
o) o o mean Mode v Feature r \
—|le = Calculate (1, ) Divide std ( g
- C & - —— ﬁ Feature ,"_':\ - H w,
) L L Mean/Std |5 | Affine §  —
- al e CR N )
'
Subtract batch mean o B BatchNorm
(1b) Heavy batch noise Calculate P8/ Divide std ‘ -
Batch Affine i
Mean/Std 78 /
- ¥ = +8
-




