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Introduction

Graph Neural Networks
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Graph Convolutional Networks
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Graph Convolutional Networks
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Introduction

Message Passing

« EPHILEE J|Z9Z 1-hop 0|2 ==52| Feature=2 Aggregate

« K-Layer = K-hop Receptive Field

TARGET NODE

INPUT GRAPH

@ >
¥ By wm &
Ypa®
N/ . - e
& A

W o
o« »
. ' ¥ - v

n
> o

~=0®

h» ¢



Introduction

Message Passing
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Related Work

Data Augmentations for GNNs

* Rule-Based Methods
* HeuristicOf| 2|&0t0] 12HZ H|O|H =7d/2%

* DropEdge (DropEdge: Towards Deep Graph Convolutional Networks on Node Classification, 2019, Rong et al.)
«  Dropoutzt fAfot#fA O 2 XtF
+ FHRAZ 0K, =&, Feature, METIZHZ, BA[X] S5 XA
: sto; 2al >

* / |‘é,|' LE —;F—j |‘ (Do transformers really perform badly for graph representation?, 2021, Ying et al.)
© BE 0| GEE I = E )

* Node Feature Augmentation (affinity-Aware Graph Networks, 2023, Velingker et al)

* Node Embedding = Node Feature Expanding



Related Work

Data Augmentations for GNNs

* Learning-Based Methods
* Graph Structure Learning

» 2T RS otg O DetD|E 2 Fg > L2 eS| 22T x5 of

* Graph Structure Augmentation
« Rationalization Methods

* Reinforcement Learning
»  JE{IOM ME J2{ES of5 or MEHE =2 T2 Z0f|
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Related Work

Graph Sparsification
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Spectral Sparsification
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* Forall n-dimensional vectors x,
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Related Work

Structure Embedding
e 2ZLCE EM T XS A EX HIEHZ

« Random walk-based methods

. Skip-gram 2HS A Mt HAO R L = Ak 8}

=

 Matrix factorization-based methods

« Node-to-node affinity matricesE =ol|olH E €

d

* Deep learning-based models
«  DNN= E9dl| Non-attribute J2jZM LE HHES

» Resistive Embedding or Spectral Embedding
« as complementary node features
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Method

Problem Definition
Overcome Over-Smoothing Problem
Overcome Expense of Calculating & Training on HDGs

Capture Graph Topology and Node Attributes
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Method

TADA (Topology Aware Data Augmentation)

Module I (Feature Expansion)
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Figure 1: Overview of TADA
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Method

TADA (Topology Aware Data Augmentation)

Module I (Feature Expansion)
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Method

Feature Expansion

* Hybrid sketching techniqueZ QIEHE A 0| &
Count-Sketch + RWR-Sketch(Random Walk with Restart)

A - Count + RWR - A" € ]RnXk (k < n,typically k = 128)

A" > MLP - O.,,, € R®*" - Structure embeddings H,,,, € R™" of all nodes
Htopo = J(A,Qtopo)

° AN

£ #HBX - MLP - O, € R

Hyter = U(XQattr)
Heyper € R™M

H'Y = 0( firans (fager (G. H ™)),
H" = 6(XQqrig) € R™*"

C Qiopo : S5 25T S OFEX| A
Qaeer * SH5 218 715X
- HO = (1—v) Haeer +v- Htopo € R™M :
Pretrained by single-layer MLP
° H(O) - Augmented NOde Features \ By task (i.e., node classification)
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Method

Feature Expansion

« HDGs Of|A = A.'Z S| HIY ( )
o« LCO[Xp XD OHR f=El EN
. J|EUE %'iaa"é Q| sketch methodse= £&%t

« Count-Sketch Method
AFIX|E QI #E 4’ € R™FZ O(nnz(A)) = O(m) AIZ+ tol] H|At
« A'=ART R= DA
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" de {0, 1}X%" is a binary matrix with ®p,(;),; = 1 and 0 otherwise
V1 < i < n. The function h(-) mapsi (1 < i < n)toh(i) =j €
{1,2,---, k} uniformly at random.

17



Method

Feature Expansion

« Limitation of Count-Sketch Method
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Method

Feature Expansion

* Optimization via RWR-Sketch
- RWR-Sketch > 5 € Rk
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Method

TADA (Topology Aware Data Augmentation)

v Module II (Graph Sparsification)
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Method

Graph Sparsification

« Module 2] output H®
« BE=0X|Q| centrality valuesE A4+t 2t

Centrality values= 2 J12{I0j|M edgel| 20| CHDH X| &
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Method

Graph Sparsification

Edge Ranking and Sparsification of G,
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Experiments

Datasets & Setup
Table 2: Statistics of Datasets (K = 10° and M = 10°).
Dataset n m d Y| | m/n | HR
Photo [65] 7.7K | 238.2K 745 8 31.1 0.83
WikiCS [54] 11.7K | 431.7K 300 10 36.9 0.65
Reddit2 [107] 233K 23.2M 602 41 99.6 0.78
Amazon2M [12] 2.45M 61.9M 100 47 25.3 0.81
Squirrel [58] 5.2K | 3969K | 2.1K 5 76.3 0.22
Penn94 [32] 41.6K 1.4M 128 2 32.8 0.47
Ogbn-Proteins [32] 132.5K 39.6M 8 112 298.5 0.38
Pokec [45] 1.6M 30.6M 65 2 18.8 0.45

« 87l2e| Benchmark HDGs (18 < m/nQl 11-Xt= J2{I)
o |Y|: 22HZ G LHe| =50 CHoF S2iA ofE
»  HR:Homophily Ratio, &t 2242 LES2H HZEl 0| H|Z (0.5 |2t = Heterophilic)

Linux Machine with NVIDIA Ampere A100 GPU (80GB), AMD EPYC 7513 CPU (2.6 GHz), 1TB RAM



Experiments

Results

Table 3: Node classification results (% test accuracy) of different GNN backbones with and without TADA on homophilic and
heterophilic graphs. We conduct 10 trials and report mean accuracy and standard deviation over the trials.

Method | Photo ‘ WikiCS$ | Reddit2 ‘ Amazon2M | Squirrel Penn94 | Ogbn—Pmteinsl Pokec
GCN 94.63+0.15 | 84.05+0.76 | 92.58+0.03 | 74.12+0.19 | 54.85+2.02 | 75.9+0.74 69.75+0.6 /] 75.47+1.36
| GCN+TADA |94.92+0.45 [ 84.62+0.53 | 94.86+0.22 | 76.1440.23 | 73.48+1.61] 76.06+0.43 | 73.79:0.76 \| 75.0120.27
GAT 93.84+0.46 | 83.74+0.75 OOM 0O0OM 55.70+3.26 | 71.09+1.35 OOM 73205702
| GAT + TADA |94.58+0.12 | 84.97+0.84 | 95.97+0.04 | 59.16+0.36 |72.99+2.81]71.19+0.78 | 74.94+0.25 |74.26+6.94
SGC 93.29+0.79 | 83.47+0.83 | 94.78+0.02 | 59.86+0.04 | 52.18+1.49 | 56.77+0.14 70.33:0.04 (] 67.40+5.56
| SGC + TADA |94.9310.39 | 83.97+0.71 | 95.65+0.02 | 73.39:0.35 | 72.32+2.72 71.0240.53 | 74.31:0.42 \ 62.06:0.52
APPNP 94.95+0.33 | 85.04£0.60 | 90.86+0.19 | 65.51£0.36 | 54.47+2.06 | 69.25+0.38 75.19+0.58 62.79%0.11
| APPNP + TADA [ 95.42+0.53 | 85.1940.56 | 95.34+0.18 | 69.81+0.24 [73.24+1.38] 71.08+0.62 | 75.52+0.32 | 67.0310.27 |
GCNII 95.12+0.12 | 85.13+0.56 | 94.66+0.07 OOM 53.13+4.29 | 74.970.35 73.11+1.93 76.49+0.88
[ GCNII + TADA [95.5440.44 | 85.42+0.60 | 96.62+0.08 | 77.83+0.62 [72.89+2.45]|75.84+3.13| 75.34+1.33 [77.640.32]
Homophilic & Heterophilic O E DA A= gFAt
.  XNHI} ;.|0| Ol= L& Attribute > X 4 £70] A 7|
Reddit2 & Ogbn-Proteins H|O|E{AIS] AL m/n O] £ES| & HD
«  Over-smoothing & edge noise 2X|E 2|t CHZ s{Z
Pokec2| GCN+TADA & SGC+TADAS| F2, Bt g = HOIFX| 2 g5 g o
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Experiments

Results
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EEE Baseline+TADA

running time (ms)

GCNII SGC APPNP  GCNII

running time (ms)

running time (ms)

ALk

GCN SGC APPNP  GCNII APPNP
(a) Reddit2 (b) Ogbn-Proteins
Figure 3: Inference time per epoch
5 Memory (GB) . Memory (GB)
4 7
3 5
2 E 3
1 1
APPNP GCNII APPNP GCNIL
(a) Reddit2 (b) Ogbn-Proteins
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Experiments

Results
Table 4: Comparison with GDA Baselines.
Reddit2 Ogbn-Proteins
Method Acc(%) Trng./Inf (ms)| Acc (E‘ff Trng. / Inf. (ms)
GCN 92.58,00s  534/031 | 69.75.9, 210.59/94.01
GCN+DI‘DpEdgE 93.5%9. 005 49.51/0.31 61. 4629 93 62.60 / 93.53
GCN+GraphMix | 92.60,,; 12858 /038 |72.41.,4,  441.23/93.95
GCN+TADA 94.86.0 22 24/ 0.44 73.7%:0.76 52.26/0.78 I
GCNII 94.66. o7 125.6 / 0.66 73.114; 93 21131/ 95.52
GCNII+DropEdge | 96.23.40.05 72.39 / 0.66 60.50.5 42 67.45 / 95.39
GCNIL+GraphMix | 96.19.4 5 172.66/0.72 63.75.1 72  456.59 / 95.34
GCNII+TADA 96.62 0,08 49.5/0.72 75.34.153 42,68/ 1.11 I

"Best is bolded and runner-up underlined.

« Comparison with Graph Data Augmentation Baselines

*  Reddit22} Ogbn-Proteins0f|A{ GCN, GCNII Backbone, +DropEdge, +GraphMix vs. +TADA H| 1! (&

*  +TADAZL| 32 F HO|HAM RR0M =k, &8 3 2 S0 I &

« GDA BaselineSS H=3%t 40| = BackboneHZLC}t = gl

o
«  HDGO|M 7|Z GDA &E=2| otAof CHeh 241 L X|

x2 250} HojT|= YRR =X



Experiments

Results
Table 5: Ablation Study
Method Reddit2 | Obgn-Proteins Ablation Stu dy
GCN 92581003 | 69752060  Reddit2 & Obgn-Proteins
+ Count-Sketch 93.81.088 729042 14 . GCN Backbone
+ RWR-Sketch 94.25.0 66 70.33.5 54 . +TADA
[ + Module II (i.e., GCN+TADA) | 94.86.0.22 73.7940.76 . Module | ©| 2t CH
Random Projection (Module I) | 93.99.0 74 72.26.40.77 oaule 1=l =
k-SVD (Module T) 93.365051 | 69.79.137 * Module I + Module Il
DeepWalk (Module I) 94 48,4034 72.5640.04
node2vec (Module T) 94.47 40,41 73.0541 50  Module 12| Sketching ?|¥ B2t (Module Il 117)
LINE (Module I) 94.49, 0 34 72.49.1 ¢
RS (Module II) 91.04.40 04 72.5441 11 « Module IIZ CHN|SIH Al
k-Neighbor Spar (Module IT) | 93.97 .7 72.9041 47
SCAN (Module II) 89.93.0.78 71.8541.25  Module | + Module 117} C}= CHOH=0]| H|gH ESot A=
DSpar (Module II) 93.58.0.0% 72.75:1.11

"Best is bolded and runner-up underlined.



Conclusion

Limits
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