Classic GNNs are Strong Baselines:
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Background

B Deep learning has made significant breakthroughs in fields like
computer vision, and natural language processing.

) o B It has potential in non-Euclidean graph
e data, like knowledge graphs, social
networks, and biological molecules.
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Background

mGraph Data: (6
©

Graph data consists of nodes and edges (4)
connecting them, which can model .

various real-world systems.

Formally, we can define a graph as

G = (V,E,X), where V denotes the
set of nodes, E € V X V represents
the set of edges, X € RIVI*? is the
node feature matrix.
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Background

B Graph Representation Learning: t
node vector

It extracts representations in a low- \\ { \\u N
dimensional, continuous vector space [\ o Fu2® ——r—
from raw graph data that machines can < Feature representation
process effectively. e

These representations keep the node's =~ *" . -. .. f.,"..",
neighbor and attribute information, NZAZN\ v
allowing standard machine learning N ,

techniques to tackle graph tasks like
node classification.
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Graph Neural Networks (GNNs)

B GNNs as Graph Representation Learning Methods:

A message-passing mechanism creates new node representations,
where each node gathers information from its neighbors and
combines it to update its own embedding.

TARGET NODE

| . 4, 3 Classic GNNs on

Node Classification
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Graph Convolutional Networks (GCN)

The standard GCN model, is formualated as:

hl 1wl)

h! = of Z
ueN (v)u{v} vV d

where d,, denotes the degree of node v, W'is the trainable weight
matrix in layer [, and o is the activation function.

The output of the last layer L is the representation of v produced
by the GCN.



GraphSAGE

GraphSAGE learns representations through a different approach:

h, = o(h, "W + (mean,e )b, )W)

v

where Wy and W, are trainable weight matrices, and mean, ¢y, hy *
computes the average embedding of the neighboring nodes of v.



Graph Attention Networks (GAT)

GAT employ masked self-attention to assign weights to different
neighboring nodes. For an edge (v,u) € E, the propagation rule of
GAT is defined as:

| exp (LeakyReLU (alT [W‘hﬁ;l || Wlh,ﬁ;l]))

Xy, =

> renw &0 (LeakyReLU (a] [W'RL™ [W'RI7!|))
hy=c| Y ol kW,
u€eN (v)

where a, is a trainable weight vector and W'is a trainable weight
matrix.



Node Classification

Node Classification aims to predict the labels of the unlabeled nodes.

Typically, for any node v, the node representation generated by the
last GNN layer is passed through a prediction head g(-), to obtain
the predicted label.

The objective is to
minimize the loss
between the predicted
label and true label.




Homophilous and Heterophilous Graphs

Homophilous graphs: connected nodes may belong to same classes.

Heterophilous graphs: connected nodes may belong to different classes.

Homophily Heterophily

3 =

Due to the homophily assumption (information from neighborhoods),
GNNs cannot generalize well o heterophilous graphs. However, our
study find that GNNs also work well on heterophilous graphs!




Key Hyperparameters for Training GNNs

m Normalization:

Layer Normalization (LN) or Batch Normalization (BN) can be used in
every layer before the activation function. Taking GCN as an example:

h! = o(Norm( Z \/_hl 'wh)

ueN (v)u{v}

The normalization techniques are essentiall



Key Hyperparameters for Training GNNs

m Dropout:

Dropout is a technique widely used in CNNs to address overfitting.
Typically, dropout is applied to the feature embeddings after the

activation function

h! = Dropout(c(Norm( Z Fhl 'WhH))

ueN (v)U{v}

The dropout are essentiall



Key Hyperparameters for Training GNNs

mResidual Connections:

Residual Connections significantly enhance CNNs performance by
connecting layer inputs directly to outputs, thereby alleviating the

vanishing gradient issue.
Formally, linear residual connections can be integrated into GNNs as
follows:

h! = Dropout(c(Norm(h! 'W,.! + Z hl 'Wh))

ueN (v)U{v} vV d



Key Hyperparameters for Training GNNs

H Network Depth:

GNNs face unique challenges with depth, such as over-smoothing,
where node representations become indistinguishable with increased
network depth.

In practice, most GNNs adopt a shallow architecture, typically
consisting of 2 to 5 layers.

Our findings indicate that comparable performance can be achieved
from 2 to 10 layers.



Node Classification Datasets

Table 1: Overview of the datasets used for node classification.

Dataset Type # nodes # edges # Features  Classes Metric

Cora Homophily 2,708 5,278 1,433 7 Accuracy
CiteSeer Homophily 3,327 4,522 3,703 6 Accuracy
PubMed Homophily 19,717 44,324 500 3 Accuracy
Computer Homophily 13,752 245,861 767 10 Accuracy
Photo Homophily 7,650 119,081 745 8 Accuracy
CS Homophily 18,333 81,894 6,805 15 Accuracy
Physics Homophily 34,493 247,962 8,415 5 Accuracy
WikiCS Homophily 11,701 216,123 300 10 Accuracy
Squirrel 2,223 46,998 2,089 5 Accuracy
Chameleon 890 8,854 2,325 5 Accuracy
Roman-Empire 22,662 32,927 300 18 Accuracy
Amazon-Ratings 24,492 93,050 300 5 Accuracy
Minesweeper 10,000 39,402 7 2 ROC-AUC
Questions 48,921 153,540 301 2 ROC-AUC
ogbn-proteins Homophily (Large graphs) 132,534 39,561,252 8 2 ROC-AUC
ogbn-arxiv Homophily (Large graphs) 169,343 1,166,243 128 40 Accuracy
ogbn-products Homophily (Large graphs) 2,449,029 61,859,140 100 47 Accuracy
pokec (Large graphs) 1,632,803 30,622,564 65 2 Accuracy




Empirical Findings: Homophilous Graphs

Table 2: Node classification results over homophilous graphs (%). * indicates our implementation, while other
results are taken from [12, 71]. The top 1°°, 2™ and 3" results are highlighted.

\ Cora CiteSeer PubMed Computer Photo CS Physics WikiCS
# nodes 2,708 3,327 19,717 13,752 7,650 18,333 34,493 11,701
# edges 5,278 4,732 44,324 245,861 119,081 81,894 247,962 216,123
Metric Accuracyt Accuracy? Accuracy? Accuracy? Accuracyt Accuracy? Accuracy? Accuracy?
GraphGPS 82.84 +1.03 72.73 +123 79.94 1026 91.19 zo054 95.06 013 93.93 1012 97.12 2019 78.66 0.4
GraphGPS* 83.87 1096 72.73 1123 79.94 1026 91.79 + 063 94.89 1014 94.04 +021 96.71 +o.5 78.66 +049
NAGphormer |82.12 :1.18 71.47 £130 79.73 028 91.22 s014 95.49 o1 95.75 009 97.34 003 77.16 z072
NAGphormer* | 80.92 : 1.17 70.59 +0.89 80.14 +1.06 91.69 =030 96.14 z0.16 95.85 =016 97.35 012 77.92 093
Exphormer 82.77 138 71.63 +1.19 79.46 +035 91.47 017 95.35 1022 94.93 100 96.89 :0.09 78.54 049
Exphormer* |83.29:136 71.85 + 111 79.67 o3 91.80 o035 95.69 z039 05.92 1025 97.06 +0.13 79.38 +062
GOAT 83.18 +1.27 71.99 +1.26 79.13 o038 90.96 =090 92.96 + 1.8 94.21 033 96.24 +024 77.00 +077
GOAT" 83.26 +124 72.21 +129 80.06 +0.67 92.29 1037 94.33 1021 93.81 +0.19 96.47 +0.16 77.96 :063
NodeFormer 82.20 +090 72.50 £1.10 79.90 = 1.00 86.98 1062 93.46 1035 95.64 1022 96.45 028 74.73 094
NodeFormer* | 82.73 +07s 72.37 +120 79.59 1092 87.29 1058 93.43 1056 95.69 1027 96.48 1034 75.13 +093
SGFormer 84.50 + 030 72.60 +0.20 80.30 zo0.60 91.99 076 95.10 047 94.78 +0.20 96.60 0.3 73.46 +056
SGFormer* 84.82 1035 72.72 :1.15 80.60 1049 92.42 +o066 95.58 036 95.71 2024 96.75 +0.26 80.05 =046
Polynormer 83.25 1093 72.31 o078 79.24 1043 93.68 1021 96.46 026 95.53 +0.6 97.27 0.8 80.10 =067
Polynormer® | 83.43 1039 72.19 z083 79.35 rom 93.78 z0.10 96.57 1023 05.42 019 97.18 zo011 80.26 1092
GCN 81.60 +0.40 71.60 2040 78.80 +0.60 89.65 052 92.70 +020 92.92 +0.12 96.18 007 7747 o35
GCN* +0.67 3.507 <067 1.541 +052 2,321 93.99 z0124.341 96.10 2046 3.407 96.17 z0.06 3.25T 010 1.281 80.30 2062 2.831
GraphSAGE 82.68 1047 71.93 1035 7941 2053 91.20 029 94.59 0.4 93.91 z0.3 96.49 :0.06 74.777 095
GraphSAGE* |83.88 1065 1.20T 72.26 +055 0.331 79.72 +050 0.317 93.25 014 2.057 +023 2,197 +0.11 2,471 97.19 2005 0.701 80.69 +031 5.927
GAT 83.00 =070 72.10 £ 1.10 79.00 +0.40 90.78 0.3 93.87 +o.11 93.61 +0.14 96.17 008 76.91 052
GAT* 84.46 +055 1.46T 72.22 1084 0.121 80.28 1064 1.281 £037 3.311 96.60 2033 2.731 96.21 +0.14 2,607 97.25 1006 1.081 <054 4167




Empirical Findings: Homophilous Graphs

Observations on Homophilous
Graphs. Classic GNNs, with only
slight adjustments to
hyperparameters, are highly
competitive in node classification
tasks on homophilous graphs, often
outperforming state-of-the-art
graph transformers in many cases.

over homophilous graphs (%). * indicates our implementation, while other

op 1°°, 2% and 3" results are highlighted.
tubMed Computer Photo CS Physics WikiCS
9,717 13,752 7,650 18,333 34,493 11,701
4,324 245,861 119,081 81,894 247,962 216,123
ccuracyt Accuracy? Accuracy?t Accuracy? Accuracy?t Accuracy?t
9.94 1026 91.19 +054 95.06 013 93.93 012 97.12 +0.19 78.66 +0.40
9.94 1026 91.79 + 063 94.89 +0.14 94.04 021 96.71 +o0.15 78.66 +0.49
9.73 1028 91.22 +0.14 95.49 s0.11 95.75 +0.09 97.34 +0.03 77.16 o072
0.14 +1.06 91.69 =030 96.14 +0.16 95.85 0.6 97.35 012 77.92 +093
9.46 +035 91.47 z0.17 95.35 z022 94.93 +om 96.89 :0.09 78.54 1049
9.67 013 91.80 035 95.69 039 95.92 025 97.06 0.3 79.38 s062
9.13 +o038 90.96 : o050 92.96 1148 94.21 +o038 96.24 024 77.00 077
0.06 =067 92.29 1037 94.33 4021 93.81 z0.19 96.47 =016 77.96 +063
9.90 +1.00 86.98 +062 93.46 1035 95.64 1022 96.45 1028 74.73 094
9.59 1092 87.29 1058 93.43 1056 95.69 027 96.48 034 75.13 1093
0.30 +o0:50 91.99 1076 95.10 +047 94.78 +020 96.60 =018 73.46 106
§0.60 +049 92.42 +o066 95.58 1036 95.71 +024 96.75 =026 80.05 046
9.24 1043 93.68 021 96.46 1026 95.53 o016 97.27 008 80.10 x 067
9.35 s013 93.78 +0.10 96.57 +023 95.42 +0.10 97.18 +o.11 80.26 +09
8.80 060 89.65 052 92.70 +020 92.92 s012 96.18 007 77.47 so0ss
+052 2327 93.99 1012 4.341 96.10 1046 3.401§96.17 +006 3.251 +010 1.281f 80.30 £ 062 2.831]
941 1053 91.20 x029 94.59 1014 93.91 zo013 96.49 +0.06 74.77 +09s
9.72 +050 0.317 93.25 +0.4 2.057 +023 2,197 +0.11 2.4770 97.19 =005 0.701] 80.69 1031 5.921)
79.00 +0.40 90.78 013 93.87 x011 93.61 0.4 96.17 =008 76.91 +0s2
80.28 106+ 1.281 +037 3311 96.60 2033 2. 731§ 96.21 +0.14 2.607) 97.25 006 1.081) 2054 4.167)

i




Empirical Findings: Heterophilous Graphs

Table 3: Node classification results on heterophilous graphs (%). * indicates our implementation, while other

results are taken from [12, 71, 54]. The top 17, 279 and 37 results are highlighted.

\ Squirrel Chameleon Amazon-Ratings Roman-Empire Minesweeper Questions
# nodes 2223 890 24,492 22,662 10,000 48,921
# edges 46,998 8,854 93,050 32,927 39,402 153,540
Metric Accuracyt Accuracy? Accuracy?t Accuracy? ROC-AUC?T ROC-AUC?
H2GCN 35.10 +1.15 26.75 1364 36.47 +o023 60.11 +052 89.71 +031 63.59 + 146
CPGNN 30.04 +2.03 33.00 =3.15 39.79 077 63.96 062 52.03 :546 65.96 =195
GPRGNN 38.95 199 39.93 :330 44,88 034 64.85 1027 86.24 1061 55.48 =001
FSGNN 35.92 1132 40.61 :297 52.74 +o0s83 79.92 +056 90.08 2070 78.86 z092
GloGNN 35.11 +1.24 25.90 2358 36.89 014 59.63 1069 51.08 +123 65.74 110
GraphGPS 39.67 +254 40.79 403 53.10 o042 82.00 =061 90.63 +0.67 71.73 £1.47
GraphGPS* | 39.81 :228 41.55 +301 53.27 s 066 82.72 s 0.8 90.75 +0.s9 72.56 1133
NodeFormer 38.52 157 34.73 1414 43.86 +035 64.49 +073 86.71 +0s8 T4.27 =146
NodeFormer* | 38.89 1267 36.38 13385 43.79 1057 74.83 1031 87.71 x069 75.02 + 161
SGFormer 41.80 z227 44.93 i391 48.01 +o0.49 79.10 032 90.89 1058 72.15 2131
SGFormer* 42.65 1241 45.21 +372 54.14 :os2 80.01 +0.44 01.42 +041 73.81 2059
Polynormer 40.87 + 196 41.82 +345 54.81 zo049 92.55 1037 97.46 036 78.92 1080
Polynormer* | 41.97 1214 41.97 +3.18 54.96 022 +0.60 97.49 1048 78.94 + 078
GCN 38.67 + 184 41.31 =305 48.70 + 063 73.69 +074 89.75 z052 76.09 =127
GCN* +163 6.347 +340 4987 53.80 060 5,107 91.27 +020 17.587 +024 8.111 +0.60 2,937
GraphSAGE 36.09 1.9 37.77 +414 53.63 039 85.74 067 93.51 +o057 76.44 062
GraphSAGE* | 40.78 +1474.691T 44.81 +4747.041 55.40 £021 L.771T  91.06 2027 5321  97.77 2062 4261 77.21 2128 0.771
GAT 35.62 1206 39.21 +308 52.70 062 88.75 r041 03.91 035 76.79 zo011
GAT* 41.73 1207 6,111 44.13 +4174.921 +0512.8417 90.63 1014 1.881  97.73 1073 3.827 77.95 1051 1.161




Empirical Findings: Heterophilous Graphs

Table 3: Node class1ﬁcat10n results on heterophilous graphs (%). * indicates our implementation, while other
, 54]. The top 1°°, 2% and 3" results are highlighted.

N
O b S e r'vaT 10 n S (@) n H e"'e r'o p h | I (o) u s G r‘a p h S \ Chameleon Amazon-Ratings Roman-Empire = Minesweeper ~ Questions

890 24,492 22,662 10,000 48,921
8 854 93,050 32.927 39.402 153,540
. D6.75 +3. 36.47 0 60.11 +0 89.71 +0 63.59 :1
enhanced the previously reported best oo Bao Saee Bhe B2
I f I o GN N h h . I 39.93 330 44 88 034 64.85 £027 86.24 s061 55.48 091
40.61 <o, 5274 0 79.92 10 90.08 +0 78.86 :0.
results ot classic S on heterophilous  pogi=r  27ees BS2as 008an T
1 il 40.79 +4. 53.10 +0 82.00 «0 90.63 +o. 7173 21
graphs, surpassing specialized GNN models [z 22 20w 2060 52
1_ o I d f h h d 34.73 4.14 43.86 035 64.49 073 86.71 +o0s8 T74.27 + 146
36.38 +3. 4379 0 74.83 10 87.71 +o. 75.02 21
ailored tor such grapns and even . P T
. . 45,21 23 54.14 = 80.01 =0 91.42 +0 73.81 =0
OUTper'fO r'm|n9 The leadlng gr'aph 1.8 o 5481 som 9255 somm 0746 2o 7892 som
. . 11.97 <318 54.96 022 +0.60 97.49 1048 78.94 »078
Tr'anSfor'mer' ar'ChITeCTU res. Th IS 41.31 2305 48.70 063 73.69 s01 89.75 102 76.09 + 127
+3404.987 53.80 +060 5.1017 §91.27 +020 17.58% +024 8,111 +060 2,931
d h I I h I B7.77 <4 53.63 <0 85.74 =0 9351 z0 76.44 0
advancement challenging The prevailing B | S0 B e st e o
1 N " " B9.21 . 52.70 +0 88.75 +0. 93.91 +0 76.79 <0
assumption that GNNs are primarily suited [, 2000 580 50 am o ue

for homophilous graph structures. /




Empirical Findings: Large-scale Graphs

Table 4: Node classification results on large-scale graphs (%). * indicates our implementation, while other

results are taken from [12, 71]. The top 1°°, 2" and 3" results are highlighted. OOM means out of memory.
| ogbn-proteins ogbn-arxiv ogbn-products pokec
# nodes 132,534 169,343 2,449,029 1,632,803
# edges 39,561,252 1,166,243 61,859,140 30,622,564
Metric ROC-AUCYT Accuracyt Accuracy? Accuracyt
GraphGPS 76.83 2026 70.97 +041 OOM OoOM
GraphGPS* 77.15 +064 71.23 2059 OOM OOM
NAGphormer 73.61 03 70.13 +055 73.55 2021 76.59 x025
NAGphormer® | 72.17 zo04s 70.88 1024 74.63 1020 75.92 1068
Exphormer 74.58 026 72.44 +028 OOM OOM
Exphormer* 77.62 +033 72.32 1036 OOM OOM
GOAT 74.18 £037 72.41 040 82.00 +043 66.37 +0.94
GOAT* 79.31 2042 72.76 +029 82.27 o056 72.64 +067
NodeFormer 7745 s115 59.90 042 72.93 +0.13 71.00 =130
NodeFormer* | 77.86 034 67.78 028 73.96 +030 71.00 + 130
SGFormer 79.53 +038 72.63 +0.13 74.16 +031 73.76 +024
SGFormer* 79.92 +0.4s 72.76 +033 81.54 1043 82.44 1076
Polynormer 78.97 z047 73.46 +0.16 83.82 z01 86.10 +0.0s
Polynormer* 79.53 2067 73.40 1022 83.82 :011 86.06 : 0.5
GCN 72.51 2035 71.74 1029 75.64 021 75.45 +0.7
GCN* 77.29 1046 4787 +012 L7917 82.33 1019 6.697 +0.17 10.8871
GraphSAGE 77.68 2020 71.49 +027 78.29 016 75.63 +0.38
GraphSAGE™ | 82.21 :0324.537  73.00 025 1.511 +036 5.60T  85.97 +021 10.341
GAT 72.02 2044 71.95 036 79.45 +059 72.23 +0.8
GAT* +046 12,991 73.30 2018 1.35T  80.99 2016 1.541T  86.19 1023 13.967




Empirical Findings: Large Graphs

Table 4: Node classification results on large-scale graphs (%). * indicates our implementation, while other

results are taken from [12, 71]. The top 1%, 2 and 3" results are highlighted. OOM means out of memory.
Ngbn—proteins ogbn-arxiv ogbn-products pokec
/ 534 169,343 2,449,029 1,632,803
Observations on Large Graphs. CAUCT  Aceurmyl  Acurseyl  Accuraeyt
Our implementation has significantly S T057.ow  OOM oo
enhanced the previously reported results |22 Jsns  Zioms e
- - . 8 +026 72.44 1028 OOM OOM
of classic GNNs, with some cases showing . 23« oou 0OM
. . . . 8 +037 72.41 +040 82.00 zo043 66.37 094
double-digit increases in accuracy. It has i RT6sm  82T.w 6
achieved the best results across these o F7twn 726w 7100.x
large graph datasets, either homophilous  F=r 2w, &aen S
o heterophious, and hos outperformed = %= TR D
\ S-'-a-re_of_The_ar‘T gr‘aph Tr\ansfor\mer\S. 9 1046 4787 012 L7917  82.33 1019 6.691 +017 10.8871
68 +020 71.49 2027 78.29 1016 75.63 1038
jZl 0324531  73.00 o028 1.511 +036 5.607 | 85.97 1021 10.341
T /‘ 72.02 044 71.95 +036 79.45 +o059 72.23 +o01s
GAT~ +046 12,991  73.30 2018 1.35T  80.99 1016 1.541 || 86.19 +023 13.967




Ablation Studies - Normalization

* Normalization (either BN or LN) is important for

node classification on large-scale graphs but less

Table 7: Ablation study on large-scale graphs (%).

significant on smaller-scale graphs.

| ogbn-proteins ogbn-arxiv  ogbn-products pokec
. . . Metric | ROC-AUCT  Accuracy? Accuracyt Accuracyt
°
The ab IGTI on Of no r‘mal lzaTlon does nOT Iead 1.0 GCN* 77.29 s046 73.53 z012 82.33:019 86.33 1017
(-) Normalization 7448 +1.13 71.53 0.4 80.01 0.4 85.21 023
: : : N (-) Dropout 74.85 o087 72.06 0.3 79.30 z037 84.47 +o38
substantial deviations on small graphs (typically  refi comections | 730500 7200000 o 1959100
GraphSAGE* 82.21 :03 73.00 =028 83.89 1036 85.97 o021
O/ . . .
1 o | ). (-) Normalization 7742 +0098 71.13 2027 82.12 03 84.95 +033
Smal ler' Than d ffer.ence (-) Dropout 80.52 +049 71.30 +021 80.36 +0.43 83.06 +0.2s
. . . .. (-) Residual Connections 81.75 o053 72.22 049 - 85.81 «o04s
* The ablation results in si gni ficant accu racy GAT* 85.01:04 7330055 80.99:016 8619 02
(-) Normalization 80.32 o033 71.33 o029 78.62 033 84.63 ro064
. o o (-) Dropout 82.48 034 71.68 2032 T77.68 +021 85.12 +049
reductions on large g I"GphS (69 , 469% and 4.79% (-) Residual Connections | 8243 2075 7247 +034 - 81.37 +087

for GAT* and GraphSAGE™ respectively on ogbn-

proteins).



Ablation Studies - Dropout

Table 7: Ablation study on large-scale graphs (%).

- Dropout is consistently found to be essential | ogbn-proteins _ogbm-arxiv _ogbn-products _pokee
Metric \ ROC-AUCtT  Accuracyt Accuracyt Accuracyt
1fi1 1 GCN* 77.29 s046 73.53 012 82.33 :015 86.33 :017
for nOde ClGSSIfICGTI on. (-) Normalization 7448 113 71.53 z014 80.01 +04s 85.21 z023
. . (-) Dropout 74.85 o057 72.06 +0.13 79.30 x037 84.47 +038
e The ablation of dr-opouf leads to substantial () Residual Connections | 73.19 146 72.91 +017 - 79.59 <097
GraphSAGE* 82.21 :032 73.00 :o028 83.89 1036 85.97 1021
H H (-) Normalization 77.42 098 T1.13 +027 82.12 tom 84.95 1033
per'formance decr.eases in bo*h homophllous (-) Dropout 80.52 049 71.30 £o021 80.36 +043 83.06 z0.28
(-) Residual Connections 81.75 +0s3 7222 +049 - 85.81 z04s5
LJ °
and he'fef'OPhﬂOUS gr'OPhS (3-9-, 4.28% GAT" 8501006 7330:015  80.99.016  86.19:0x
(-) Normalization 80.32 1033 71.33 1029 78.62 +033 84.63 o064
x _ 1 (-) Dropout 82.48 1034 71.68 +032 77.68 +o21 85.12 049
dec rease for‘ Gr‘aphSAGE on A mazon RGT Ings (-) Residual Connections 82.43 1075 7247 +034 - 81.37 o087
o .
and qa 6 . 57 /O decr'ease on Roman - Em p | r‘e). Table 6: Ablation study on heterophilous graphs (%).
. . . | Squirrel Chameleon Amazon-Ratings Roman-Empire Minesweeper Questions
L4 Th | S Tr'end pe r's | S TS | n I ar‘ge - Scal e da"' as e'rs , Metric | Accuracyt Accuracy?t Accuracy? Accuracy?t ROC-AUCt ROC-AUCT
GCN* 45.01 1163 46.29 1340 53.80 1060 91.27 +020 97.86 1024 79.02 1060
. o (-) Normalization 4413 s203 - 53.68 1082 90.53 +033 96.94 + 196 -
- (-) D t 4289 +128 4528 1478 51.37 +034 85.10 <061 94.28 4229 76.58 +040
w he r.e T he ab l aT 'o n Of d r.o pou.r I ead s TO 1 3 /O -) Rtr:(s)irt’i?;;l Connections | 43.14 =152 - 51.14 o034 74.84 062 86.45 o089 75.87 2447
d . h h I . GraphSAGE* 40.78 z1.47 44.81 :4m4 55.40 +021 91.06 =07 9777 r062 T7.21 +1.28
(-) Normalizati 40.27 s227  44.02 1353 54.41 1030 90.58 +024 97.64 +041 76.17 1041
per‘for‘mance lffe r'e nce fo r' 1- e 1- ree C ass |C ) Dlt');g:)utza o 38.83 194 43.11 2336 51.12 + 066 84.49 1035 93.83 +038 76.36 +1.50
(-) Residual Connections | 40.06 251 41.85 +3.36 53.52 s019 - 96.64 +0ss -
GN N s GAT* 41.73 :201 4413 1447 55.54 s 051 90.63 014 97.73 s0m 77.95 2051
. (-) Normalization 41.08 163 43.25 +384 54.85 1039 89.69 +039 97.42 +0ss 76.32 1024
(-) Dropout 39.81 +315 41.19:236 51.48 +028 82.47 010 92.26 1463 76.19 088
(-) Residual Connections | 38.46 196 42.57 =3.66 51.08 040 85.15 o082 92.83 +161 75.17 s0m




Ablation Studies - Residual connections

 Residual connections exhibit more pronounced Table 7: Ablation study on large-scale graphs (%).

| ogbn-proteins  ogbn-arxiv  ogbn-products pokec
effeCt on lar‘ge = scal e gr‘ap hs and Metric | ROC-AUCT  Accuracy? Accuracy? Accuracyt
. . GCN* 77.29 1046 73.53 1012 82.33 1010 86.33 1017
heterophilous graphs than on homophilous (-) Normalization 7448213 715320 80.01s0s 8521 s0m
(-) Dropout 74.85 o057 72.06 +0.13 79.30 037 84.47 +038
h (-) Residual Connections 73.19 +146 7291 +017 - 79.59 r097
grap S. GraphSAGE* 82.21 :032 73.00 :o028 83.89 1036 85.97 1021
. . . (-) Normalization 77.42 + 098 71.13 027 82.12 zom 84.95 z 033
« The ablation of residual connections leads () Dropout 80.52:0e 71300z 80.36s0e  83.06 02
(-) Residual Connections 81.75 +0s3 72.22 1049 - 85.81 z04s5
{ GAT* 85.01 ~o04s 73.30 015 80.99 .06 86.19 102
To SUbStar‘Tlal per.for‘mance decr‘eases for‘ (-) Normalization 80.32 1033 71.33 1029 78.62 +033 84.63 o064
(-) Dropout 82.48 034 71.68 +032 77.68 +021 85.12 s 040
GCN* and GAT* on |ar‘ge -scale grap hs (-) Residual Connections | 8243 zo75  72.47 s03 - 81.37 201

Table 6: Ablation study on heterophilous graphs (%).

such as ogbn-proteins and pokec.

| Squirrel Chameleon Amazon-Ratings Roman-Empire Minesweeper Questions

. . Metric | Accuracyt Accuracy? Accuracy? Accuracy?t ROC-AUCT ROC-AUCT
¢ Th e ef f ec 1- I s eve n mor‘e d r'a ma.rl C o n GCN* 45.01 1163 46.29 1340 53.80 0560 91.27 +020 97.86 1024 79.02 10560
(-) Normalization 4413 s203 - 53.68 1082 90.53 +033 96.94 + 196 -
. . . (-) Dropout 4289 +128 4528 1478 51.37 +034 85.10 <061 94.28 4229 76.58 +040
he']'er'cph| lous grqphs , WI t+h the classic (-) Residual Connections | 4314152 - SL14 som 7484200 864508 7587 24w
GraphSAGE* 40.78 z 147  44.81 :474 55.40 :o021 91.06 =027 97.77 +062 77.21 +128
GN N h . b .1. . Th 1- . . f . 1. (-) Normalization 40.27 2227 44.02 +3.53 54.41 zo30 90.58 +024 97.64 041 76.17 041
(-) Dropout 38.83 194 43.11 2336 51.12 + 066 84.49 1035 93.83 +038 76.36 +1.50
S ex DI Ing e m os S | 9 nl | Can (-) Residual Connections | 40.06 231 41.85 x3.36 53.52 s019 - 96.64 +0ss -
. . GAT* 41.73 :201 4413 1447 55.54 s 051 90.63 014 97.73 s0m 77.95 2051
- (-) Normalization 41.08 163 43.25 +384 54.85 1039 89.69 +039 97.42 +0ss 76.32 1024
GCCU r‘acy redUCTlon On Roman Emplr‘el for‘ (-) Dropout 39.81 315 41.19:236 51.48 o028 82.47 070 92.26 463 76.19 zos8
(-) Residual Connections | 38.46 196 42.57 =3.66 51.08 040 85.15 o082 92.83 +161 75.17 s0m

instance, a 24.43% for GCN* and 25.48%



Ablation Studies - Number of layers

« Deeper networks generally lead to greater
performance gains on heterophilous graphs
compared to homophilous graphs.

« The performance trends for GCN* and
GraphSAGE™* are consistent across different
graph types.

«  On homophilous graphs and ogbn-arxiv, both
models achieve optimal performance with a
range of 2 to 6 layers.

« In contrast, on heterophilous graphs, their
performance improves with an increasing
number of layers, indicating that deeper

networks are beneficial for these graphs.
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Figure 1: Ablation studies of the number of layers showing, from left to right, results for homophilous graphs,
heterophilous graphs, and large-scale graphs, respectively.




Conclusions

e With proper hyperparameter tuning, classic GNNs can
achieve highly competitive performance in node
classification across homophilous and heterophilous graphs
with up to millions of nodes.

e Notably, classic GNNs outperform state-of-the-art GTs,
achieving the top rank on 17 out of 18 datasets.

https://github.com/LUOyk1999/tunedGNN



Conclusions

e With proper hyperparameter tuning, classic GNNs can
achieve highly competitive performance in node
classification across homophilous and heterophilous graphs
with up to millions of nodes.

e Notably, classic GNNs outperform state-of-the-art GTs,
achieving the top rank on 17 out of 18 datasets.

Thanks for listening *,

https://github.com/LUOyk1999/tunedGNN
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