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Pitfalls of Graph Neural Networks
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� The designs of GNN models:
� Locall] aggregaXe neighbored nodesk feaXYres in each la]er

� Use oXher nodesk informaXion for predicXion on Xhe XargeX node

� Common scenarios GNNs sho[ deficienX po[er:

hard Xo capXYre long-
range dependence
[Dai eX al., 2018]

disXance signals are 
oZerl] sqYashed
[Alon eX al., 2021]

dissimilar linked nodes 
propagaXe [rong signals 
[ZhY eX al., 2020]

fail Xo [ork 
[iXhoYX inpYX 
graphs



Message Passing Beyond Input Graphs
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all-pair message 
passing on la]er-
specific laXenX 
graphs

message passing 
defined oZer fi\ed 
inpYX Xopolog]

Graph NeYral NeX[orks Transformers
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Two Problems on Graph Data 
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Node-LeZel PredicXion/ClassificaXion (oYr focYs)

¾ Each node is an insXance [iXh a label

Xrain

XesX

Graph-LeZel PredicXion/ClassificaXion

¾ Train/XesX on a daXaseX of nodes in a graph

¾ The graph is ofXen large (1K-100M nodes)

¾ Each graph is an insXance [iXh a label

¾ Train/XesX on a daXaseX of graphs

¾ The graphs are ofXen small (e.g., 10-100 nodes)

|

scalabiliX] issYe



Transformers for Node Classification
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global 
aXXenXion

node 
embs

ne\X-la]er 
node embs

| |

AX each la]erks 
propagaXion, Xhe 
model needs Xo 
compYXe aXXenXion for 
each node pair



Scalable All-Pair Message Passing with O(N)
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� Kerneli^ed sofXma\ message passing

is a posiXiZe-definiXe kernel 

onl] reqYire O(N)
compYXe Xhe sYm aX once  

[Mercerks Xheorem] 
is a random feaXYre map 

� Kerneli^ed GYmbel-SofXma\

appro\imaXe sampling discreXe 
edges from a poXenXial, large 
graph XhaX connecXs all nodes



Approximation Error and Concentration
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Theorem 1 (Appro\imaXion Error for SofXma\-Kernel) 

AssYme           and           are boYnded b]    , and     Xhe PosiXiZe Random FeaXYres, Xhen [iXh 
probabiliX] aX leasX           ,  Xhe appro\imaXion error gap [ill be boYnded b]

Theorem 2 (ConcenXraXion of Kerneli^ed GYmbel-SofXma\ Random Variables) 

SYppose Xhe random feaXYre dimension      is sYfficienXl] large, [e haZe Xhe conZergence 
properX] for Xhe kerneli^ed GYmbel-SofXma\ operaXor

     for random feaXYre dimension,      for XemperaXYre
Xhe error is independenX of node nYmber 

The sampled resYlXs conZerge Xo Xhe ones indYced b] 
Xhe SofXma\ caXegorical disXribYXion 



Scalable All-Pair Message Passing with O(N)
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Scalable All-Pair Message Passing with O(N)
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Scalable All-Pair Message Passing with O(N)
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Scalable All-Pair Message Passing with O(N)
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Input Graphs as Relational Bias
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global 
aXXenXion

relaXional 
bias

+

ke] idea: 
reinforce Xhe [eighXs for 
obserZed edges

a learnable scalar shared 
b] all obserZed edges



The log-likelihood of obserZed edges, if 
assYming daXa disXribYXion as 

Input Graphs as RegulariÏation Loss
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� SYperZised classificaXion loss

� Edge-leZel regYlari^aXion loss

� Final loss fYncXion

Ke] obserZaXion:
# labeled nodes <     <<       = # node pairs 

Since [e onl] need Xo qYer] Xhe probabiliX] 
for each obserZed edges, [here Xhe 
comple\iX] of each qYer] is 

onl] reqYire O(E)  



Dissecting the Rationale of New Objective
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� A ZariaXional perspecXiZe look aX Xhe Xraining objecXiZe
Ke] insighXs:
TreaX Xhe laXenX sXrYcXYre esXimaXion as a ZariaXional disXribYXion
The all-pair message passing modYle indYces a predicXiZe disXribYXion

ProposiXion (Underl]ing EffecX for Learning OpXimal SXrYcXYres) 

AssYme     can e\ploiX arbiXrar] disXribYXions oZer     . When Xhe objecXiZe achieZes Xhe opXimYm, 
[e haZe 1)                                                              , and 2)                             is ma\imi^ed.



Comparative Experiments
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� E\perimenX on small node classificaXion benchmarks

� E\perimenX on large-scale daXaseXs OGB-ProXeins and Ama^on2M

LDS [Franceschi eX al., 
2020] 
IDGL [Chen eX al., 2021] 

NodeFormer Ysing baXch si^e 0.1M 
onl] reqYires 4GB memor] and 
hoYrs for Xraining on a single GPU

NodeFormer sYccessfYll] scales Xo 
graphs [iXh 2M nodes



Comparative Experiments
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� E\perimenX on image/Xe\X classificaXion (no inpYX graph)

NodeFormer 
also [orks [iXh 
no inpYX graph

NodeFormer 
redYces Xraining 
Xime b] τ3.1% 

� ScalabiliX] anal]sis on Xime/space cosXs



Ablation Study and Hyper-parameters
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Larger random feaXYre dimension m 
allo[s beXXer appro\imaXion

ModeraXe XemperaXYre (XaY=0.25) ]ields 
sXabl] good performance

AblaXion sXYd] on edge 
regYlari^aXion loss and relaXional 
bias



VisualiÏation of Learned Structures
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AcWRU

CRUa

20NeZV-GURXS OUigiQaO La\eU 1 La\eU 2

The laXenX sXrYcXYres prodYced b] NodeFormer Xend Xo connecX nodes [iXhin Xhe 
same class and increase Xhe oZerall connecXiZiX] of Xhe [hole graph 



Comparison with Existing Graph Transformers
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Prior ArX

qYadraXic comple\iX] (hard 
Xo scale Xo 10K nodes)

NodeFormer

linear comple\iX] (largesX 
demonsXraXion on 2M nodes)

mosX desgined for graph 
classificaXion (a daXaseX of 
small graphs)

desgined for node 
classificaXion (a daXaseX of 
nodes [iXh inXer-connecXion)

reqYire posXional embedding 
(preprocess node/edge 
feaXYres)

Yse relaXional bias and edge 
regYlari^aXion loss for Ysing 
inpYX graph informaXion



Resources and Related Materials
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Email: echo740@sjXY.edY.cn
WechaX: m]ron[qX228

hXXps://giXhYb.com/qiXian[Y/NodeFormer

code blog

hXXps://^hYanlan.^hihY.com/p/58708σ5τ3
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