
Enhancing Graph Neural Networks 
with Topological Structures

June 26, 2025

Fragkiskos D. Malliaros

CentraleSupélec, Inria, Université Paris-Saclay



interactions + complexity

=
complex network

THE SCALE-FREE PROPERTY 10

Poisson vs. Power-law Distributions
Figure 4.4

(d)

(b)(a)

(c)

(a) Comparing a Poisson function with a 
power-law function (ਠ= 2.1) on a linear plot. 
Both distributions have ࢭk10  =ࢮ.

(b) The same curves as in (a), but shown on a 
log-log plot, allowing us to inspect the dif-
ference between the two functions in the 
high-k regime. 

(c) A random network with ࢭk3 =ࢮ and N = 50, 
illustrating that most nodes have compara-
ble degree k ࢭݍkࢮ. 

(d) A scale-free network with ਠ=2.1 and ࢭkࢮ= 
3, illustrating that numerous small-degree 
nodes coexist with a few highly connected 
hubs.

The Largest Hub

All real networks are finite. The size of the WWW is estimated to be N ݍ 
1012 nodes; the size of the social network is the Earth’s population, about N 
-These numbers are huge, but finite. Other networks pale in com .109 × �7ݍ
parison: The genetic network in a human cell has approximately 20,000 
genes while the metabolic network of the E. Coli bacteria has only about a 
thousand metabolites. This prompts us to ask: How does the network size 
affect the size of its hubs? To answer this we calculate the expected maxi-
mum degree, kmax, called the natural cutoff of the degree distribution pk. It 
represents the expected size of the largest hub in a network.

It  is instructive to perform the calculation first for the exponential dis-
tribution 

For a  network with minimum degree kmin, the normalization  condition                    

provides C = ਨeਨkmin. To calculate kmax we assume that in a network of N 
nodes we expect at most one node in the (kmax, ∞) regime (ADVANCED TOPICS 
3.B). In other words the probability to observe a node whose degree exceeds 
kmax is 1/N:

(4.16)

(4.15)∫ =
∞ p k dk( ) 1
kmin

∫ =
∞ p k dk N( ) 1 .
kmax
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Online Social Networks
Source: https://www.facebook.com/zuck

Collaboration networks
(Co-authorship)

Molecular graphs Gene co-expression network



4

Asthma

Atheroscierosis

Blood
group

Breast
cancer

Complement_component
deficiency

Cardiomyopathy

Cataract

Charcot-Marie-Tooth
disease

Colon
cancer

Deafness

Diabetes
mellitus

Epidermolysis
bullosa

Epilepsy

Fanconi
anemia

Gastric
cancer Hypertension

Leigh
syndrome

Leukemia

Lymphoma

Mental
retardation

Muscular
dystrophy

Myocardial
infarction

Myopathy

Obesity

Parkinson
disease

Prostate
cancer

Retinitis
pigmentosa

Spherocytosis
Spinocereballar

ataxia

Stroke

Thyroid
carcinoma

Zellweger
syndrome

APC

COL2A1

ACE

PAX6

ERBB2

FBN1

FGFR3

FGFR2

GJB2

GNAS

KIT

KRAS

LRP5

MSH2

MEN1

NF1

PTEN

SCN4A

TP53

ARX

a

b

Human Disease Network

Disease Gene Network
Disorder Class

Bone
Cancer
Cardiovascular
Connective tissue
Dermatological
Developmental
Ear, Nose, Throat
Endocrine
Gastrointestinal
Hematological
Immunological
Metabolic
Muscular
Neurological
Nutritional
Ophthamological
Psychiatric
Renal
Respiratory
Skeletal
multiple
Unclassified

Node size

1
5

10
15

21

25

30

34

41

Hirschprung
disease

Trichothio-
dystrophy

Alzheimer
disease

Heinz
body

anemia

Bethlem
myopathy

Hemolytic
anemia

Ataxia-
telangiectasia

Pseudohypo-
aldosteronism

Fig. 2. The HDN and the DGN. (a) In the HDN, each node corresponds to a distinct disorder, colored based on the disorder class to which it belongs, the name
of the 22 disorder classes being shown on the right. A link between disorders in the same disorder class is colored with the corresponding dimmer color and links
connecting different disorder classes are gray. The size of each node is proportional to the number of genes participating in the corresponding disorder (see key),
and the link thickness is proportional to the number of genes shared by the disorders it connects. We indicate the name of disorders with !10 associated genes,
as well as those mentioned in the text. For a complete set of names, see SI Fig. 13. (b) In the DGN, each node is a gene, with two genes being connected if they
are implicated in the same disorder. The size of each node is proportional to the number of disorders in which the gene is implicated (see key). Nodes are light
gray if the corresponding genes are associated with more than one disorder class. Genes associated with more than five disorders, and those mentioned in the
text, are indicated with the gene symbol. Only nodes with at least one link are shown.

Goh et al. PNAS ! May 22, 2007 ! vol. 104 ! no. 21 ! 8687
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Link Prediction
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Community Detection (or Graph Clustering)
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Learn features by transforming the graph into a low-dimensional latent representation

Graph Representation Learning
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• Link prediction
• Node classification
• Clustering
• Anomaly detection
• Influential maximization
• …

Network analysis tasksInput graph Embeddings
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Graph Representation Learning

• Matrix factorization
• Random walk node embedding models
• Graph Neural Networks

Challenges. Trustworthy models while dealing with the 
complex structure of information-rich, large-scale graphs

G = (V,E)
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Outline of the Presentation
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Part I. Brief introduction to Graph Neural Networks (GNN)

Part II. Topics in GNN model design: over-squashing, pooling, generalization

Part III. Perspectives and ongoing work 



Graph Neural Networks (GNNs)
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[Defferrard et al., NeurIPS ‘16], [Kipf and Welling, ICLR ‘17], [Gilmer et al., ICML ‘17], [Veličković et al., ICLR ‘18 ], [Bronstein et al., Geometric Deep Learning ‘21]



Graph Neural Networks (GNNs)
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GNN layer

(A,X)
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Embeddings

h(l+1)
i = �

 
h(l)

i ,
M

j2Ni

 
⇣
h(l)

i ,h
(l)
j

⌘ !

<latexit sha1_base64="VAZLpQS5QFM0Xas7o12Teb4jNho="></latexit>

aggregation function
(e.g., sum)

message functionactivation function
(e.g., ReLU)

[Defferrard et al., NeurIPS ‘16], [Kipf and Welling, ICLR ‘17], [Gilmer et al., ICML ‘17], [Veličković et al., ICLR ‘18 ], [Bronstein et al., Geometric Deep Learning ‘21]
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GNN layer

Node classification

xi

<latexit sha1_base64="FzneNO0zIGz4mD2jGDMTOVbxn5I=">AAACCnicdVDLSsNAFJ34rPFVdelmsAiuQtIGW3dFNy4r2Ac0oUymk3boJBlmJtIS+geu3eo3uBO3/oSf4F84aSu0ogcuHM65l3s4AWdUKtv+NNbWNza3tgs75u7e/sFh8ei4JZNUYNLECUtEJ0CSMBqTpqKKkQ4XBEUBI+1gdJP77QciJE3iezXhxI/QIKYhxUhpyfMipIZBmI2nPdorlmzLrtbcigOXiFu5KjuX0LHsGUpggUav+OX1E5xGJFaYISm7js2VnyGhKGZkanqpJBzhERqQrqYxioj0s1nmKTzXSh+GidATKzhTly8yFEk5iQK9mWeUv71c/Mvrpiqs+RmNeapIjOePwpRBlcC8ANingmDFJpogLKjOCvEQCYSVrmnlCx/n0eQUmqbu5qcA+D9plS3Htdw7t1S/XrRUAKfgDFwAB1RBHdyCBmgCDDh4As/gxXg0Xo03432+umYsbk7ACoyPb2Tim4M=</latexit>

hi

<latexit sha1_base64="kVE9cFYo6AlRVTgmERLjxI/7pKQ=">AAACCnicdVDLSsNAFJ3UV42vqks3g0VwFZI22LorunFZwT6gCWUynbRDJ8kwMxFL6B+4dqvf4E7c+hN+gn/hpK3Qih64cDjnXu7hBJxRqWz70yisrW9sbhW3zZ3dvf2D0uFRWyapwKSFE5aIboAkYTQmLUUVI10uCIoCRjrB+Dr3O/dESJrEd2rCiR+hYUxDipHSkudFSI2CMBtN+7RfKtuWXau7VQcuEbd6WXEuoGPZM5TBAs1+6csbJDiNSKwwQ1L2HJsrP0NCUczI1PRSSTjCYzQkPU1jFBHpZ7PMU3imlQEME6EnVnCmLl9kKJJyEgV6M88of3u5+JfXS1VY9zMa81SRGM8fhSmDKoF5AXBABcGKTTRBWFCdFeIREggrXdPKF/6QR5NTaJq6m58C4P+kXbEc13Jv3XLjatFSEZyAU3AOHFADDXADmqAFMODgCTyDF+PReDXejPf5asFY3ByDFRgf30sCm3M=</latexit>

yi

<latexit sha1_base64="90cNqB9Et13WbkhruWZ1EtAejuE=">AAACCnicdVDLSsNAFJ3UV42vqks3g0VwFZI22LorunFZwT6gCWUynbRDJw9mJmII+QPXbvUb3Ilbf8JP8C+ctBVa0QMXDufcyz0cL2ZUSNP81Epr6xubW+VtfWd3b/+gcnjUFVHCMengiEW87yFBGA1JR1LJSD/mBAUeIz1vel34vXvCBY3CO5nGxA3QOKQ+xUgqyXECJCeen6X5kA4rVdMwG027bsElYtcva9YFtAxzhipYoD2sfDmjCCcBCSVmSIiBZcbSzRCXFDOS604iSIzwFI3JQNEQBUS42SxzDs+UMoJ+xNWEEs7U5YsMBUKkgac2i4zit1eIf3mDRPpNN6NhnEgS4vkjP2FQRrAoAI4oJ1iyVBGEOVVZIZ4gjrBUNa18iR+KaCKHuq66+SkA/k+6NcOyDfvWrrauFi2VwQk4BefAAg3QAjegDToAgxg8gWfwoj1qr9qb9j5fLWmLm2OwAu3jG2aAm4Q=</latexit>

yi = f (hi)

<latexit sha1_base64="261Zk+7lRwDrtEwABlPECh4341I="></latexit>

(A,X)

<latexit sha1_base64="pH2TjhUJEAWzdwo7BHvtZvH1HOY=">AAACD3icdVDLSsNAFJ34rPXRqEs3g0WoICFpg627qhuXFewD2lAm00k7dPJgZiKWkI9w7Va/wZ249RP8BP/CSVuhFT1w4XDOvdzDcSNGhTTNT21ldW19YzO3ld/e2d0r6PsHLRHGHJMmDlnIOy4ShNGANCWVjHQiTpDvMtJ2x9eZ374nXNAwuJOTiDg+GgbUoxhJJfX1QqnnIzlyveTyDHbS075eNA2zWrMrFlwgduWibJ1DyzCnKII5Gn39qzcIceyTQGKGhOhaZiSdBHFJMSNpvhcLEiE8RkPSVTRAPhFOMg2ewhOlDKAXcjWBhFN18SJBvhAT31WbWUrx28vEv7xuLL2ak9AgiiUJ8OyRFzMoQ5i1AAeUEyzZRBGEOVVZIR4hjrBUXS19iR6yaCKF+bzq5qcA+D9plQ3LNuxbu1i/mreUA0fgGJSABaqgDm5AAzQBBjF4As/gRXvUXrU37X22uqLNbw7BErSPb0gdm8g=</latexit>

Graph (A,H)

<latexit sha1_base64="lGxGSzP1PCnAOMXuFIGp+S2dggc=">AAACD3icdVDLSsNAFJ3UV42PRl26GSxCBQlJG2zdVd10WcE+oC1lMp20QycPZiZiCf0I1271G9yJWz/BT/AvnLQVWtEDFw7n3Ms9HDdiVEjL+tQya+sbm1vZbX1nd28/ZxwcNkUYc0waOGQhb7tIEEYD0pBUMtKOOEG+y0jLHd+kfuuecEHD4E5OItLz0TCgHsVIKqlv5ApdH8mR6yVX57A2Pesbecu0yhWnZMMl4pQui/YFtE1rhjxYoN43vrqDEMc+CSRmSIiObUWylyAuKWZkqndjQSKEx2hIOooGyCeil8yCT+GpUgbQC7maQMKZunyRIF+Iie+qzTSl+O2l4l9eJ5ZepZfQIIolCfD8kRczKEOYtgAHlBMs2UQRhDlVWSEeIY6wVF2tfIke0mhiCnVddfNTAPyfNIum7ZjOrZOvXi9ayoJjcAIKwAZlUAU1UAcNgEEMnsAzeNEetVftTXufr2a0xc0RWIH28Q0uTZu4</latexit>

Embeddings

h(l+1)
i = �

 
h(l)

i ,
M

j2Ni

 
⇣
h(l)

i ,h
(l)
j

⌘ !

<latexit sha1_base64="VAZLpQS5QFM0Xas7o12Teb4jNho="></latexit>

[Defferrard et al., NeurIPS ‘16], [Kipf and Welling, ICLR ‘17], [Gilmer et al., ICML ‘17], [Veličković et al., ICLR ‘18 ], [Bronstein et al., Geometric Deep Learning ‘21]
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GNN layer
xi

<latexit sha1_base64="FzneNO0zIGz4mD2jGDMTOVbxn5I=">AAACCnicdVDLSsNAFJ34rPFVdelmsAiuQtIGW3dFNy4r2Ac0oUymk3boJBlmJtIS+geu3eo3uBO3/oSf4F84aSu0ogcuHM65l3s4AWdUKtv+NNbWNza3tgs75u7e/sFh8ei4JZNUYNLECUtEJ0CSMBqTpqKKkQ4XBEUBI+1gdJP77QciJE3iezXhxI/QIKYhxUhpyfMipIZBmI2nPdorlmzLrtbcigOXiFu5KjuX0LHsGUpggUav+OX1E5xGJFaYISm7js2VnyGhKGZkanqpJBzhERqQrqYxioj0s1nmKTzXSh+GidATKzhTly8yFEk5iQK9mWeUv71c/Mvrpiqs+RmNeapIjOePwpRBlcC8ANingmDFJpogLKjOCvEQCYSVrmnlCx/n0eQUmqbu5qcA+D9plS3Htdw7t1S/XrRUAKfgDFwAB1RBHdyCBmgCDDh4As/gxXg0Xo03432+umYsbk7ACoyPb2Tim4M=</latexit>

hi

<latexit sha1_base64="kVE9cFYo6AlRVTgmERLjxI/7pKQ=">AAACCnicdVDLSsNAFJ3UV42vqks3g0VwFZI22LorunFZwT6gCWUynbRDJ8kwMxFL6B+4dqvf4E7c+hN+gn/hpK3Qih64cDjnXu7hBJxRqWz70yisrW9sbhW3zZ3dvf2D0uFRWyapwKSFE5aIboAkYTQmLUUVI10uCIoCRjrB+Dr3O/dESJrEd2rCiR+hYUxDipHSkudFSI2CMBtN+7RfKtuWXau7VQcuEbd6WXEuoGPZM5TBAs1+6csbJDiNSKwwQ1L2HJsrP0NCUczI1PRSSTjCYzQkPU1jFBHpZ7PMU3imlQEME6EnVnCmLl9kKJJyEgV6M88of3u5+JfXS1VY9zMa81SRGM8fhSmDKoF5AXBABcGKTTRBWFCdFeIREggrXdPKF/6QR5NTaJq6m58C4P+kXbEc13Jv3XLjatFSEZyAU3AOHFADDXADmqAFMODgCTyDF+PReDXejPf5asFY3ByDFRgf30sCm3M=</latexit>

Graph classification
yG = f (�i2V hi)

<latexit sha1_base64="UqhunHT4pRKRnjY6Ik5OGeCXFrY="></latexit>

yG

<latexit sha1_base64="xf3i8iR73N6Us5ZB2ia4NeNDJBU=">AAACCnicdVDLSsNAFJ34rPFVdelmsAiuQtIGW3dFF7qsYB/QhDKZTtqhkwczEzGE/IFrt/oN7sStP+En+BdO2gqt6IELh3Pu5R6OFzMqpGl+aiura+sbm6UtfXtnd2+/fHDYEVHCMWnjiEW85yFBGA1JW1LJSC/mBAUeI11vclX43XvCBY3CO5nGxA3QKKQ+xUgqyXECJMeen6X54HpQrpiGWW/YNQsuELt2UbXOoWWYU1TAHK1B+csZRjgJSCgxQ0L0LTOWboa4pJiRXHcSQWKEJ2hE+oqGKCDCzaaZc3iqlCH0I64mlHCqLl5kKBAiDTy1WWQUv71C/MvrJ9JvuBkN40SSEM8e+QmDMoJFAXBIOcGSpYogzKnKCvEYcYSlqmnpS/xQRBM51HXVzU8B8H/SqRqWbdi3dqV5OW+pBI7BCTgDFqiDJrgBLdAGGMTgCTyDF+1Re9XetPfZ6oo2vzkCS9A+vgEv6pti</latexit>

(A,X)

<latexit sha1_base64="pH2TjhUJEAWzdwo7BHvtZvH1HOY=">AAACD3icdVDLSsNAFJ34rPXRqEs3g0WoICFpg627qhuXFewD2lAm00k7dPJgZiKWkI9w7Va/wZ249RP8BP/CSVuhFT1w4XDOvdzDcSNGhTTNT21ldW19YzO3ld/e2d0r6PsHLRHGHJMmDlnIOy4ShNGANCWVjHQiTpDvMtJ2x9eZ374nXNAwuJOTiDg+GgbUoxhJJfX1QqnnIzlyveTyDHbS075eNA2zWrMrFlwgduWibJ1DyzCnKII5Gn39qzcIceyTQGKGhOhaZiSdBHFJMSNpvhcLEiE8RkPSVTRAPhFOMg2ewhOlDKAXcjWBhFN18SJBvhAT31WbWUrx28vEv7xuLL2ak9AgiiUJ8OyRFzMoQ5i1AAeUEyzZRBGEOVVZIR4hjrBUXS19iR6yaCKF+bzq5qcA+D9plQ3LNuxbu1i/mreUA0fgGJSABaqgDm5AAzQBBjF4As/gRXvUXrU37X22uqLNbw7BErSPb0gdm8g=</latexit>

Graph (A,H)

<latexit sha1_base64="lGxGSzP1PCnAOMXuFIGp+S2dggc=">AAACD3icdVDLSsNAFJ3UV42PRl26GSxCBQlJG2zdVd10WcE+oC1lMp20QycPZiZiCf0I1271G9yJWz/BT/AvnLQVWtEDFw7n3Ms9HDdiVEjL+tQya+sbm1vZbX1nd28/ZxwcNkUYc0waOGQhb7tIEEYD0pBUMtKOOEG+y0jLHd+kfuuecEHD4E5OItLz0TCgHsVIKqlv5ApdH8mR6yVX57A2Pesbecu0yhWnZMMl4pQui/YFtE1rhjxYoN43vrqDEMc+CSRmSIiObUWylyAuKWZkqndjQSKEx2hIOooGyCeil8yCT+GpUgbQC7maQMKZunyRIF+Iie+qzTSl+O2l4l9eJ5ZepZfQIIolCfD8kRczKEOYtgAHlBMs2UQRhDlVWSEeIY6wVF2tfIke0mhiCnVddfNTAPyfNIum7ZjOrZOvXi9ayoJjcAIKwAZlUAU1UAcNgEEMnsAzeNEetVftTXufr2a0xc0RWIH28Q0uTZu4</latexit>

Embeddings

h(l+1)
i = �

 
h(l)

i ,
M

j2Ni

 
⇣
h(l)

i ,h
(l)
j

⌘ !

<latexit sha1_base64="VAZLpQS5QFM0Xas7o12Teb4jNho="></latexit>

[Defferrard et al., NeurIPS ‘16], [Kipf and Welling, ICLR ‘17], [Gilmer et al., ICML ‘17], [Veličković et al., ICLR ‘18 ], [Bronstein et al., Geometric Deep Learning ‘21]
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GNN layer
xi

<latexit sha1_base64="FzneNO0zIGz4mD2jGDMTOVbxn5I=">AAACCnicdVDLSsNAFJ34rPFVdelmsAiuQtIGW3dFNy4r2Ac0oUymk3boJBlmJtIS+geu3eo3uBO3/oSf4F84aSu0ogcuHM65l3s4AWdUKtv+NNbWNza3tgs75u7e/sFh8ei4JZNUYNLECUtEJ0CSMBqTpqKKkQ4XBEUBI+1gdJP77QciJE3iezXhxI/QIKYhxUhpyfMipIZBmI2nPdorlmzLrtbcigOXiFu5KjuX0LHsGUpggUav+OX1E5xGJFaYISm7js2VnyGhKGZkanqpJBzhERqQrqYxioj0s1nmKTzXSh+GidATKzhTly8yFEk5iQK9mWeUv71c/Mvrpiqs+RmNeapIjOePwpRBlcC8ANingmDFJpogLKjOCvEQCYSVrmnlCx/n0eQUmqbu5qcA+D9plS3Htdw7t1S/XrRUAKfgDFwAB1RBHdyCBmgCDDh4As/gxXg0Xo03432+umYsbk7ACoyPb2Tim4M=</latexit>

hi

<latexit sha1_base64="kVE9cFYo6AlRVTgmERLjxI/7pKQ=">AAACCnicdVDLSsNAFJ3UV42vqks3g0VwFZI22LorunFZwT6gCWUynbRDJ8kwMxFL6B+4dqvf4E7c+hN+gn/hpK3Qih64cDjnXu7hBJxRqWz70yisrW9sbhW3zZ3dvf2D0uFRWyapwKSFE5aIboAkYTQmLUUVI10uCIoCRjrB+Dr3O/dESJrEd2rCiR+hYUxDipHSkudFSI2CMBtN+7RfKtuWXau7VQcuEbd6WXEuoGPZM5TBAs1+6csbJDiNSKwwQ1L2HJsrP0NCUczI1PRSSTjCYzQkPU1jFBHpZ7PMU3imlQEME6EnVnCmLl9kKJJyEgV6M88of3u5+JfXS1VY9zMa81SRGM8fhSmDKoF5AXBABcGKTTRBWFCdFeIREggrXdPKF/6QR5NTaJq6m58C4P+kXbEc13Jv3XLjatFSEZyAU3AOHFADDXADmqAFMODgCTyDF+PReDXejPf5asFY3ByDFRgf30sCm3M=</latexit>

yi j

<latexit sha1_base64="sbe0UuMEkqctDUypmKB/qbc+GAE=">AAACD3icdVDLSsNAFJ3UV62PRl26GSyCq5K0wdZd0Y3LCvYBbSmT6aQdO5mEmYkYQj7CtVv9Bnfi1k/wE/wLJ22FVvTAhcM593IPxw0ZlcqyPo3c2vrG5lZ+u7Czu7dfNA8O2zKIBCYtHLBAdF0kCaOctBRVjHRDQZDvMtJxp1eZ37knQtKA36o4JAMfjTn1KEZKS0Oz2PeRmrheEqfDhN6lQ7Nkla1a3anacIk41YuKfQ7tsjVDCSzQHJpf/VGAI59whRmSsmdboRokSCiKGUkL/UiSEOEpGpOephz5RA6SWfAUnmplBL1A6OEKztTliwT5Usa+qzezmPK3l4l/eb1IefVBQnkYKcLx/JEXMagCmLUAR1QQrFisCcKC6qwQT5BAWOmuVr6ED1k0mcJCQXfzUwD8n7QrZdspOzdOqXG5aCkPjsEJOAM2qIEGuAZN0AIYROAJPIMX49F4Nd6M9/lqzljcHIEVGB/fmUGdNQ==</latexit>

h j

<latexit sha1_base64="xcW/a04v2oXCe+RsMabH7eQOJmk=">AAACCnicdVDLSsNAFJ3UV62vqks3g0VwFZIabN0V3bisYB/QhDKZTtqxk0mYmYgl5A9cu9VvcCdu/Qk/wb9w0lZoRQ9cOJxzL/dw/JhRqSzr0yisrK6tbxQ3S1vbO7t75f2DtowSgUkLRywSXR9JwignLUUVI91YEBT6jHT88VXud+6JkDTit2oSEy9EQ04DipHSkuuGSI38IB1l/bt+uWKZVq3unNlwgThnF1X7HNqmNUUFzNHsl7/cQYSTkHCFGZKyZ1ux8lIkFMWMZCU3kSRGeIyGpKcpRyGRXjrNnMETrQxgEAk9XMGpuniRolDKSejrzTyj/O3l4l9eL1FB3UspjxNFOJ49ChIGVQTzAuCACoIVm2iCsKA6K8QjJBBWuqalL/FDHk1msFTS3fwUAP8n7appO6Zz41Qal/OWiuAIHINTYIMaaIBr0AQtgEEMnsAzeDEejVfjzXifrRaM+c0hWILx8Q1MnZt0</latexit>

(A,X)

<latexit sha1_base64="pH2TjhUJEAWzdwo7BHvtZvH1HOY=">AAACD3icdVDLSsNAFJ34rPXRqEs3g0WoICFpg627qhuXFewD2lAm00k7dPJgZiKWkI9w7Va/wZ249RP8BP/CSVuhFT1w4XDOvdzDcSNGhTTNT21ldW19YzO3ld/e2d0r6PsHLRHGHJMmDlnIOy4ShNGANCWVjHQiTpDvMtJ2x9eZ374nXNAwuJOTiDg+GgbUoxhJJfX1QqnnIzlyveTyDHbS075eNA2zWrMrFlwgduWibJ1DyzCnKII5Gn39qzcIceyTQGKGhOhaZiSdBHFJMSNpvhcLEiE8RkPSVTRAPhFOMg2ewhOlDKAXcjWBhFN18SJBvhAT31WbWUrx28vEv7xuLL2ak9AgiiUJ8OyRFzMoQ5i1AAeUEyzZRBGEOVVZIR4hjrBUXS19iR6yaCKF+bzq5qcA+D9plQ3LNuxbu1i/mreUA0fgGJSABaqgDm5AAzQBBjF4As/gRXvUXrU37X22uqLNbw7BErSPb0gdm8g=</latexit>

Graph (A,H)

<latexit sha1_base64="lGxGSzP1PCnAOMXuFIGp+S2dggc=">AAACD3icdVDLSsNAFJ3UV42PRl26GSxCBQlJG2zdVd10WcE+oC1lMp20QycPZiZiCf0I1271G9yJWz/BT/AvnLQVWtEDFw7n3Ms9HDdiVEjL+tQya+sbm1vZbX1nd28/ZxwcNkUYc0waOGQhb7tIEEYD0pBUMtKOOEG+y0jLHd+kfuuecEHD4E5OItLz0TCgHsVIKqlv5ApdH8mR6yVX57A2Pesbecu0yhWnZMMl4pQui/YFtE1rhjxYoN43vrqDEMc+CSRmSIiObUWylyAuKWZkqndjQSKEx2hIOooGyCeil8yCT+GpUgbQC7maQMKZunyRIF+Iie+qzTSl+O2l4l9eJ5ZepZfQIIolCfD8kRczKEOYtgAHlBMs2UQRhDlVWSEeIY6wVF2tfIke0mhiCnVddfNTAPyfNIum7ZjOrZOvXi9ayoJjcAIKwAZlUAU1UAcNgEEMnsAzeNEetVftTXufr2a0xc0RWIH28Q0uTZu4</latexit>

Embeddings

h(l+1)
i = �

 
h(l)

i ,
M

j2Ni

 
⇣
h(l)

i ,h
(l)
j

⌘ !

<latexit sha1_base64="VAZLpQS5QFM0Xas7o12Teb4jNho="></latexit>

[Defferrard et al., NeurIPS ‘16], [Kipf and Welling, ICLR ‘17], [Gilmer et al., ICML ‘17], [Veličković et al., ICLR ‘18 ], [Bronstein et al., Geometric Deep Learning ‘21]

Link prediction
yi j = f (hi,h j)

<latexit sha1_base64="1GA+enGJ8f68tdVTDqkJTlVaw18="></latexit>
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GNN layer
xi

<latexit sha1_base64="FzneNO0zIGz4mD2jGDMTOVbxn5I=">AAACCnicdVDLSsNAFJ34rPFVdelmsAiuQtIGW3dFNy4r2Ac0oUymk3boJBlmJtIS+geu3eo3uBO3/oSf4F84aSu0ogcuHM65l3s4AWdUKtv+NNbWNza3tgs75u7e/sFh8ei4JZNUYNLECUtEJ0CSMBqTpqKKkQ4XBEUBI+1gdJP77QciJE3iezXhxI/QIKYhxUhpyfMipIZBmI2nPdorlmzLrtbcigOXiFu5KjuX0LHsGUpggUav+OX1E5xGJFaYISm7js2VnyGhKGZkanqpJBzhERqQrqYxioj0s1nmKTzXSh+GidATKzhTly8yFEk5iQK9mWeUv71c/Mvrpiqs+RmNeapIjOePwpRBlcC8ANingmDFJpogLKjOCvEQCYSVrmnlCx/n0eQUmqbu5qcA+D9plS3Htdw7t1S/XrRUAKfgDFwAB1RBHdyCBmgCDDh4As/gxXg0Xo03432+umYsbk7ACoyPb2Tim4M=</latexit>

hi

<latexit sha1_base64="kVE9cFYo6AlRVTgmERLjxI/7pKQ=">AAACCnicdVDLSsNAFJ3UV42vqks3g0VwFZI22LorunFZwT6gCWUynbRDJ8kwMxFL6B+4dqvf4E7c+hN+gn/hpK3Qih64cDjnXu7hBJxRqWz70yisrW9sbhW3zZ3dvf2D0uFRWyapwKSFE5aIboAkYTQmLUUVI10uCIoCRjrB+Dr3O/dESJrEd2rCiR+hYUxDipHSkudFSI2CMBtN+7RfKtuWXau7VQcuEbd6WXEuoGPZM5TBAs1+6csbJDiNSKwwQ1L2HJsrP0NCUczI1PRSSTjCYzQkPU1jFBHpZ7PMU3imlQEME6EnVnCmLl9kKJJyEgV6M88of3u5+JfXS1VY9zMa81SRGM8fhSmDKoF5AXBABcGKTTRBWFCdFeIREggrXdPKF/6QR5NTaJq6m58C4P+kXbEc13Jv3XLjatFSEZyAU3AOHFADDXADmqAFMODgCTyDF+PReDXejPf5asFY3ByDFRgf30sCm3M=</latexit>

Link predictionyi j
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yi j = f (hi,h j)
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Node classificationyi
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yi = f (hi)

<latexit sha1_base64="261Zk+7lRwDrtEwABlPECh4341I="></latexit>

Graph classification
yG = f (�i2V hi)

<latexit sha1_base64="UqhunHT4pRKRnjY6Ik5OGeCXFrY="></latexit>

yG
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[Defferrard et al., NeurIPS ‘16], [Kipf and Welling, ICLR ‘17], [Gilmer et al., ICML ‘17], [Veličković et al., ICLR ‘18 ], [Wu et al., ICML ‘19]
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(A,X)

<latexit sha1_base64="pH2TjhUJEAWzdwo7BHvtZvH1HOY=">AAACD3icdVDLSsNAFJ34rPXRqEs3g0WoICFpg627qhuXFewD2lAm00k7dPJgZiKWkI9w7Va/wZ249RP8BP/CSVuhFT1w4XDOvdzDcSNGhTTNT21ldW19YzO3ld/e2d0r6PsHLRHGHJMmDlnIOy4ShNGANCWVjHQiTpDvMtJ2x9eZ374nXNAwuJOTiDg+GgbUoxhJJfX1QqnnIzlyveTyDHbS075eNA2zWrMrFlwgduWibJ1DyzCnKII5Gn39qzcIceyTQGKGhOhaZiSdBHFJMSNpvhcLEiE8RkPSVTRAPhFOMg2ewhOlDKAXcjWBhFN18SJBvhAT31WbWUrx28vEv7xuLL2ak9AgiiUJ8OyRFzMoQ5i1AAeUEyzZRBGEOVVZIR4hjrBUXS19iR6yaCKF+bzq5qcA+D9plQ3LNuxbu1i/mreUA0fgGJSABaqgDm5AAzQBBjF4As/gRXvUXrU37X22uqLNbw7BErSPb0gdm8g=</latexit>

Graph (A,H)
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Embeddings

Different instances of GNN layers
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Convolutional GNNs (e.g., ChebNet, GCN, SGC) 

node degree

GNNs with Attention (e.g., GAT) 

attention mechanism
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1. How to design deep GNNs?
– Graph rewiring to address over-smoothing and over-squashing (SJLR)

2. How to compute graph-level representations?
– Hierarchical clustering-based graph pooling (HOSCPOOL)

3. How to improve generalization of GNNs?
– Framework for graph data augmentation (GRATIN)

Challenges in GNN Model Design

15

Leverage structural (topological) information and beyond.
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Long-range Dependencies and Deep GNNs
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Long-range dependencies



Long-range Dependencies and Deep GNNs
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Long-range dependencies

Messages

• Over-smoothing: node embeddings become indistinguishable with more GNN layers



Long-range Dependencies and Deep GNNs

19

Long-range dependencies

Messages Bottlenecks

• Over-smoothing: node embeddings become indistinguishable with more GNN layers

• Over-squashing: information from distant nodes is squeezed on bottleneck edges

[Oono and Suzuki, ICLR ‘20], [Alon and Yahav, ICLR ‘21]



• We establish a fundamental topological relationship between over-
smoothing and over-squashing in deep GNNs

• We found that the spectral gap of a graph is intrinsically related to both 
problems

• There is an inherent trade-off between over-smoothing and over-squashing

• We introduce the curvature-based algorithm to mitigate this trade-off

Overview of Key Findings 
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• For a random walk transition matrix     and initial distribution                      ,  we 
can compute s such that 

The Over-smoothing — Over-squashing Trade-off
The stationary distribution on graphs

21

f :V! R

<latexit sha1_base64="Pw1wUpikUIb4YP0ncMPB3LuaGSk="></latexit>

P
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⇡
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– GNNs converge exponentially fast to the stationary distribution      when stacking 
several layers          over-smoothing

– The convergence depends on the spectral gap λ2

s: number of GNN layers
λ2 : spectral gap of L

[Chung, Spectral Graph Theory, ‘92], [Oono and Suzuku, ICLR ‘20], [Wu et al. ICML ‘19]

kfTPs � ⇡k  e�s�2
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p
di
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<latexit sha1_base64="13vUggInL0B7f/cosbwdGaOgtnw="></latexit>

• Consider a simple GNN model without nonlinearities (e.g., SGC)
– Repeated message passing is equivalent to applying a random walk operator

Layer l=0

…

Layer l=1 Layer l=s

over-smoothing 
⚠



The Over-smoothing — Over-squashing Trade-off
Cheeger constant and bottlenecks

22

• Cheeger constant and spectral gap: 2hG � �2 �
h2

G

2

<latexit sha1_base64="snvrwDlbtzwHmP6b4DYnsUjYvNo="></latexit>

– Small Cheeger constant  hG and λ2 imply bottlenecks          over-squashing

[Chung, Spectral Graph Theory, ‘92]

• The Cheeger constant hG of a graph

– Captures structural bottlenecks in the graph

sum of node 
degrees in   

edge boundary
(# of edges crossing the cut)

<latexit sha1_base64="HGx11guWAQWSnlBXkJTNZR+lHeE=">AAACB3icdVDLSgMxFM3UV62vqks3wSK4Gma0tl0W3bisaB8wHUomzbShmWRIMmIZ+gF+gFv9BHfi1s/wC/wNM22FVvTAhcM593LPvUHMqNKO82nlVlbX1jfym4Wt7Z3dveL+QUuJRGLSxIIJ2QmQIoxy0tRUM9KJJUFRwEg7GF1lfvueSEUFv9PjmPgRGnAaUoy0kbxuhPQQI5beTnrFkmM71Vr53IULpOy61coFdG1nihKYo9ErfnX7AicR4RozpJTnOrH2UyQ1xYxMCt1EkRjhERoQz1COIqL8dBp5Ak+M0oehkKa4hlN1cSJFkVLjKDCdWUT128vEvzwv0WHNTymPE004ni0KEwa1gNn9sE8lwZqNDUFYUpMV4iGSCGvzpaUt8UMWTU0K5jM/58P/SevMdit25aZcql/Of5QHR+AYnAIXVEEdXIMGaAIMBHgCz+DFerRerTfrfdaas+Yzh2AJ1sc3OfCawQ==</latexit>S

<latexit sha1_base64="EheMIARAjtvt6Xs08cBR2xkG88M="></latexit>

hG = min
S⇢V,0<|S| |V|2

|@S|
min(vol(S),vol(V \ S)



The Over-smoothing — Over-squashing Trade-off
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<latexit sha1_base64="g3vfNcwHNcsiiiOpiVJ8VcLtB6A="></latexit>

The trade-off
• If s → 0 then hG →	∞: reduce bottlenecks by accelerating 

convergence to the stationary distribution. Over-smoothing. 

• If hG → 0 then s →	∞: avoid converging to the stationary 
distribution by promoting a bottleneck-like structure. Over-squashing.

[Chung, Spectral Graph Theory, ‘92]

• We can increase mixing time by removing some 
edges
– Alleviate over-smoothing

• We increase λ2 by adding edges, improving hG

– Alleviate over-squashing          
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• We target to manipulate the spectral gap λ2 via graph rewiring
• We borrow ideas from graph curvature κ(i,j)

– Increasing curvature improves the spectral gap

SJLR: Key Ingredients

24

• SJLR: Stochastic Jost and Liu Curvature (JLC) Rewiring
– JLC: curvature metric based on triangles
– Greedy algorithm: adds/removes edges during training to locally improve curvature
– Graph structure + node features
– Good performance in graph with both homophily and heterophily

[Topping et al., ICLR ‘21], [Ollivier, J. Funct. Anal. ‘09], [Jost and Liu, Discrete Comput. Geom. ‘14]

[Bronstein, Physics-inspired GNNs ‘23]
κ(i,j) = 0 κ(i,j) > 0 κ(i,j) < 0

i

<latexit sha1_base64="wW2Onbk6a94pB7yR4lybrTUpu94=">AAAB/XicdVDLSgNBEOz1GeMr6tHLYBA8LbvJYuIt6MVjAuYByRJmJ7PJkNkHM7NiWIIf4FU/wZt49Vv8An/D2SRCIlrQUFR1093lxZxJZVmfxtr6xubWdm4nv7u3f3BYODpuySgRhDZJxCPR8bCknIW0qZjitBMLigOP07Y3vsn89j0VkkXhnZrE1A3wMGQ+I1hpqcH6haJlWpWqU7bREnHKVyX7EtmmNUMRFqj3C1+9QUSSgIaKcCxl17Zi5aZYKEY4neZ7iaQxJmM8pF1NQxxQ6aazQ6foXCsD5EdCV6jQTF2eSHEg5STwdGeA1Uj+9jLxL6+bKL/qpiyME0VDMl/kJxypCGVfowETlCg+0QQTwfStiIywwETpbFa2xA/ZaXKa18n8vI/+J62SaTum03CKtetFRjk4hTO4ABsqUINbqEMTCFB4gmd4MR6NV+PNeJ+3rhmLmRNYgfHxDSc8lkI=</latexit>

j

<latexit sha1_base64="iyQ70JiMtpqE0IxR0JJQ6cy7TKM=">AAAB/XicdVDLTgJBEOzFF+IL9ehlIjHxtNmFjeCN6MUjJPJIYENmhwFGZh+ZmTWSDfEDvOoneDNe/Ra/wN9wFjABo5V0UqnqTneXF3EmlWV9Gpm19Y3Nrex2bmd3b/8gf3jUlGEsCG2QkIei7WFJOQtoQzHFaTsSFPsepy1vfJ36rXsqJAuDWzWJqOvjYcAGjGClpfpdL1+wTKtccUo2WiJO6bJoXyDbtGYowAK1Xv6r2w9J7NNAEY6l7NhWpNwEC8UIp9NcN5Y0wmSMh7SjaYB9Kt1kdugUnWmljwah0BUoNFOXJxLsSznxPd3pYzWSv71U/MvrxGpQcRMWRLGiAZkvGsQcqRClX6M+E5QoPtEEE8H0rYiMsMBE6WxWtkQP6WlymtPJ/LyP/ifNomk7plN3CtWrRUZZOIFTOAcbylCFG6hBAwhQeIJneDEejVfjzXift2aMxcwxrMD4+AYo1ZZD</latexit>

i

<latexit sha1_base64="wW2Onbk6a94pB7yR4lybrTUpu94=">AAAB/XicdVDLSgNBEOz1GeMr6tHLYBA8LbvJYuIt6MVjAuYByRJmJ7PJkNkHM7NiWIIf4FU/wZt49Vv8An/D2SRCIlrQUFR1093lxZxJZVmfxtr6xubWdm4nv7u3f3BYODpuySgRhDZJxCPR8bCknIW0qZjitBMLigOP07Y3vsn89j0VkkXhnZrE1A3wMGQ+I1hpqcH6haJlWpWqU7bREnHKVyX7EtmmNUMRFqj3C1+9QUSSgIaKcCxl17Zi5aZYKEY4neZ7iaQxJmM8pF1NQxxQ6aazQ6foXCsD5EdCV6jQTF2eSHEg5STwdGeA1Uj+9jLxL6+bKL/qpiyME0VDMl/kJxypCGVfowETlCg+0QQTwfStiIywwETpbFa2xA/ZaXKa18n8vI/+J62SaTum03CKtetFRjk4hTO4ABsqUINbqEMTCFB4gmd4MR6NV+PNeJ+3rhmLmRNYgfHxDSc8lkI=</latexit>

j

<latexit sha1_base64="iyQ70JiMtpqE0IxR0JJQ6cy7TKM=">AAAB/XicdVDLTgJBEOzFF+IL9ehlIjHxtNmFjeCN6MUjJPJIYENmhwFGZh+ZmTWSDfEDvOoneDNe/Ra/wN9wFjABo5V0UqnqTneXF3EmlWV9Gpm19Y3Nrex2bmd3b/8gf3jUlGEsCG2QkIei7WFJOQtoQzHFaTsSFPsepy1vfJ36rXsqJAuDWzWJqOvjYcAGjGClpfpdL1+wTKtccUo2WiJO6bJoXyDbtGYowAK1Xv6r2w9J7NNAEY6l7NhWpNwEC8UIp9NcN5Y0wmSMh7SjaYB9Kt1kdugUnWmljwah0BUoNFOXJxLsSznxPd3pYzWSv71U/MvrxGpQcRMWRLGiAZkvGsQcqRClX6M+E5QoPtEEE8H0rYiMsMBE6WxWtkQP6WlymtPJ/LyP/ifNomk7plN3CtWrRUZZOIFTOAcbylCFG6hBAwhQeIJneDEejVfjzXift2aMxcwxrMD4+AYo1ZZD</latexit>

i

<latexit sha1_base64="wW2Onbk6a94pB7yR4lybrTUpu94=">AAAB/XicdVDLSgNBEOz1GeMr6tHLYBA8LbvJYuIt6MVjAuYByRJmJ7PJkNkHM7NiWIIf4FU/wZt49Vv8An/D2SRCIlrQUFR1093lxZxJZVmfxtr6xubWdm4nv7u3f3BYODpuySgRhDZJxCPR8bCknIW0qZjitBMLigOP07Y3vsn89j0VkkXhnZrE1A3wMGQ+I1hpqcH6haJlWpWqU7bREnHKVyX7EtmmNUMRFqj3C1+9QUSSgIaKcCxl17Zi5aZYKEY4neZ7iaQxJmM8pF1NQxxQ6aazQ6foXCsD5EdCV6jQTF2eSHEg5STwdGeA1Uj+9jLxL6+bKL/qpiyME0VDMl/kJxypCGVfowETlCg+0QQTwfStiIywwETpbFa2xA/ZaXKa18n8vI/+J62SaTum03CKtetFRjk4hTO4ABsqUINbqEMTCFB4gmd4MR6NV+PNeJ+3rhmLmRNYgfHxDSc8lkI=</latexit>

j

<latexit sha1_base64="iyQ70JiMtpqE0IxR0JJQ6cy7TKM=">AAAB/XicdVDLTgJBEOzFF+IL9ehlIjHxtNmFjeCN6MUjJPJIYENmhwFGZh+ZmTWSDfEDvOoneDNe/Ra/wN9wFjABo5V0UqnqTneXF3EmlWV9Gpm19Y3Nrex2bmd3b/8gf3jUlGEsCG2QkIei7WFJOQtoQzHFaTsSFPsepy1vfJ36rXsqJAuDWzWJqOvjYcAGjGClpfpdL1+wTKtccUo2WiJO6bJoXyDbtGYowAK1Xv6r2w9J7NNAEY6l7NhWpNwEC8UIp9NcN5Y0wmSMh7SjaYB9Kt1kdugUnWmljwah0BUoNFOXJxLsSznxPd3pYzWSv71U/MvrxGpQcRMWRLGiAZkvGsQcqRClX6M+E5QoPtEEE8H0rYiMsMBE6WxWtkQP6WlymtPJ/LyP/ifNomk7plN3CtWrRUZZOIFTOAcbylCFG6hBAwhQeIJneDEejVfjzXift2aMxcwxrMD4+AYo1ZZD</latexit>



SJLR: The Algorithm
Stochastic Jost and Liu Curvature Rewiring

25

1) Good edges to add 2) Score of improvement of adding 3) GNN training(1) Good edges to add (2) Score of improvement of adding (r, s)

<latexit sha1_base64="ACPVhb8JF0o3hhzsicqLbBRGI6k=">AAACAXicbVDLSsNAFL2pr1pfVZduBotQQUoiBV0W3bisYNpCG8pkOmmHTiZhZiKW0JUf4FY/wZ249Uv8An/DSZuFbT0wcDjnXu6Z48ecKW3b31ZhbX1jc6u4XdrZ3ds/KB8etVSUSEJdEvFIdnysKGeCupppTjuxpDj0OW3749vMbz9SqVgkHvQkpl6Ih4IFjGBtJLcqL9R5v1yxa/YMaJU4OalAjma//NMbRCQJqdCEY6W6jh1rL8VSM8LptNRLFI0xGeMh7RoqcEiVl87CTtGZUQYoiKR5QqOZ+ncjxaFSk9A3kyHWI7XsZeJ/XjfRwbWXMhEnmgoyPxQkHOkIZT9HAyYp0XxiCCaSmayIjLDERJt+Fq7ET1k0NS2ZZpzlHlZJ67Lm1Gv1+3qlcZN3VIQTOIUqOHAFDbiDJrhAgMELvMKb9Wy9Wx/W53y0YOU7x7AA6+sX3z6XHA==</latexit>

(3) GNN training

Ea

<latexit sha1_base64="l93rG8Vvs8m8O0D7SfcQruV45X8="></latexit>

E(r,s)

<latexit sha1_base64="tcEO14ik7//J/qFSZRqXpqwDZD0="></latexit>

1
|E(r,s)|

Â
(i0 ,j0)2E(r,s)

JLC0(i0, j0)� JLC(i0, j0)

<latexit sha1_base64="F+sGmkkHK+352ywXhw8URzgC3GQ="></latexit>

softmax(afa � (1 � a)a(l)n )

<latexit sha1_base64="qeI2/6DrCm0xQ/uo4OxXxVwJo0g="></latexit>

softmax(afd � (1 � a)d(l)
n )

<latexit sha1_base64="Al0f0w4eoTqXHnk5pwpPchKV3lY="></latexit>

Addition

Dropping

(1) Compute a bank of candidate edges to add
– Calculate and sort edges (i, j) based on the Jost and Liu Curvature (JLC)

(2) Associate a score to every edge 
– Average improvement of curvature of adding           to the graph 

<latexit sha1_base64="9c7fwH7zaPcY+Qz7nliDy8W6H5k=">AAACCXicdVDLSsNAFJ34rPVVdelmsAiuQlLbRndFEVxWsA9oQ5lMJ+3QySTOTMQS8gV+gFv9BHfi1q/wC/wNJ32AFT0wcDjnXu6Z40WMSmVZn8bS8srq2npuI7+5tb2zW9jbb8owFpg0cMhC0faQJIxy0lBUMdKOBEGBx0jLG11mfuueCElDfqvGEXEDNODUpxgpLbndAKkhRiy5SnuoVyhapuNUy44NLdOek/NTp1SpQNu0JiiCGeq9wle3H+I4IFxhhqTs2Fak3AQJRTEjab4bSxIhPEID0tGUo4BIN5mETuGxVvrQD4V+XMGJ+nMjQYGU48DTk1lI+dvLxL+8Tqz8MzehPIoV4Xh6yI8ZVCHMGoB9KghWbKwJwoLqrBAPkUBY6Z4WrkQPWTSZ5nUz8+/D/0mzZNpVs3pTLtYuZh3lwCE4AifABg6ogWtQBw2AwR14As/gxXg0Xo034306umTMdg7AAoyPb8bxm5o=</latexit>Ea

(3) Graph rewiring during training
– Add and drop edges stochastically based on the JLC metric + node feature similarity

1) Good edges to add 2) Score of improvement of adding 3) GNN training(1) Good edges to add (2) Score of improvement of adding (r, s)

<latexit sha1_base64="ACPVhb8JF0o3hhzsicqLbBRGI6k=">AAACAXicbVDLSsNAFL2pr1pfVZduBotQQUoiBV0W3bisYNpCG8pkOmmHTiZhZiKW0JUf4FY/wZ249Uv8An/DSZuFbT0wcDjnXu6Z48ecKW3b31ZhbX1jc6u4XdrZ3ds/KB8etVSUSEJdEvFIdnysKGeCupppTjuxpDj0OW3749vMbz9SqVgkHvQkpl6Ih4IFjGBtJLcqL9R5v1yxa/YMaJU4OalAjma//NMbRCQJqdCEY6W6jh1rL8VSM8LptNRLFI0xGeMh7RoqcEiVl87CTtGZUQYoiKR5QqOZ+ncjxaFSk9A3kyHWI7XsZeJ/XjfRwbWXMhEnmgoyPxQkHOkIZT9HAyYp0XxiCCaSmayIjLDERJt+Fq7ET1k0NS2ZZpzlHlZJ67Lm1Gv1+3qlcZN3VIQTOIUqOHAFDbiDJrhAgMELvMKb9Wy9Wx/W53y0YOU7x7AA6+sX3z6XHA==</latexit>

(3) GNN training

Ea

<latexit sha1_base64="l93rG8Vvs8m8O0D7SfcQruV45X8="></latexit>

E(r,s)

<latexit sha1_base64="tcEO14ik7//J/qFSZRqXpqwDZD0="></latexit>

1
|E(r,s)|

Â
(i0 ,j0)2E(r,s)

JLC0(i0, j0)� JLC(i0, j0)

<latexit sha1_base64="F+sGmkkHK+352ywXhw8URzgC3GQ="></latexit>

softmax(afa � (1 � a)a(l)n )

<latexit sha1_base64="qeI2/6DrCm0xQ/uo4OxXxVwJo0g="></latexit>

softmax(afd � (1 � a)d(l)
n )

<latexit sha1_base64="Al0f0w4eoTqXHnk5pwpPchKV3lY="></latexit>

Addition

Dropping

1) Good edges to add 2) Score of improvement of adding 3) GNN training(1) Good edges to add (2) Score of improvement of adding (r, s)

<latexit sha1_base64="ACPVhb8JF0o3hhzsicqLbBRGI6k=">AAACAXicbVDLSsNAFL2pr1pfVZduBotQQUoiBV0W3bisYNpCG8pkOmmHTiZhZiKW0JUf4FY/wZ249Uv8An/DSZuFbT0wcDjnXu6Z48ecKW3b31ZhbX1jc6u4XdrZ3ds/KB8etVSUSEJdEvFIdnysKGeCupppTjuxpDj0OW3749vMbz9SqVgkHvQkpl6Ih4IFjGBtJLcqL9R5v1yxa/YMaJU4OalAjma//NMbRCQJqdCEY6W6jh1rL8VSM8LptNRLFI0xGeMh7RoqcEiVl87CTtGZUQYoiKR5QqOZ+ncjxaFSk9A3kyHWI7XsZeJ/XjfRwbWXMhEnmgoyPxQkHOkIZT9HAyYp0XxiCCaSmayIjLDERJt+Fq7ET1k0NS2ZZpzlHlZJ67Lm1Gv1+3qlcZN3VIQTOIUqOHAFDbiDJrhAgMELvMKb9Wy9Wx/W53y0YOU7x7AA6+sX3z6XHA==</latexit>

(3) GNN training

Ea

<latexit sha1_base64="l93rG8Vvs8m8O0D7SfcQruV45X8="></latexit>

E(r,s)

<latexit sha1_base64="tcEO14ik7//J/qFSZRqXpqwDZD0="></latexit>

1
|E(r,s)|

Â
(i0 ,j0)2E(r,s)

JLC0(i0, j0)� JLC(i0, j0)

<latexit sha1_base64="F+sGmkkHK+352ywXhw8URzgC3GQ="></latexit>

softmax(afa � (1 � a)a(l)n )

<latexit sha1_base64="qeI2/6DrCm0xQ/uo4OxXxVwJo0g="></latexit>

softmax(afd � (1 � a)d(l)
n )

<latexit sha1_base64="Al0f0w4eoTqXHnk5pwpPchKV3lY="></latexit>

Addition

Dropping

<latexit sha1_base64="OlkQVEBk71iksQGsEtWa6hmB6R4="></latexit>

(r, s) 2 Ea
<latexit sha1_base64="OlkQVEBk71iksQGsEtWa6hmB6R4="></latexit>

(r, s) 2 Ea



SJLR: Experimental Results

26

On the Trade-o� between Over-smoothing and Over-squashing in Deep Graph Neural Networks CIKM ’23, October 21–25, 2023, Birmingham, United Kingdom

Table 2: Comparison results of the proposed SJLR algorithm with several state-of-the-art methods to alleviate over-smoothing
and over-squashing with the SGC model as backbone.

Method Cornell Texas Wisconsin Chameleon Squirrel Actor Cora Citeseer Pubmed Overall

Baseline 53.40±2.11 56.69±1.78 47.90±1.73 38.40±0.69 40.52±0.54 29.93±0.16 76.94±1.31 67.45±0.80 71.79±2.13 53.67
GDC [19] 58.65±1.43 57.42±0.74 45.93±1.05 38.13±0.55 36.63±0.31 32.25±0.17 76.02±1.70 66.22±1.13 71.91±2.30 53.68
DE [42] 61.99±1.04 57.88±0.81 54.78±0.89 40.38±0.47 41.28±0.32 30.62±0.17 80.59±0.80 68.63±0.51 74.47±1.65 56.74
PN [56] 53.11±1.36 50.47±1.04 48.72±1.65 41.49±0.68 39.72±0.33 22.58±0.29 75.55±0.42 64.16±0.41 73.81±0.52 52.18

DGN [57] 55.68±1.32 57.42±2.59 50.67±2.08 40.99±0.62 41.72±0.29 29.53±0.18 80.65±0.48 67.65±0.59 74.95±0.59 55.47
SDRF [48] 54.68±1.29 55.36±1.48 47.81±1.51 38.07±0.77 39.94±0.53 30.04±0.17 76.04±1.69 67.60±0.80 69.62±2.35 53.24
FoSR [27] 53.73±1.75 56.33±1.37 47.82±2.14 38.01±0.73 40.68±0.42 30.11±0.18 78.24±0.98 67.04±0.83 72.76±2.35 53.86

SJLR (ours) 67.37±1.64 58.40±1.48 55.42±0.92 40.17±0.49 41.91±0.34 30.81±0.18 81.24±0.77 68.39±0.69 76.28±0.96 57.78

The best and second-best performing methods on each dataset are shown in red and blue, respectively.

Table 3: Comparison results of the proposed SJLR algorithm with several state-of-the-art methods to alleviate over-smoothing
and over-squashing for the GCN model as backbone.

Method Cornell Texas Wisconsin Chameleon Squirrel Actor Cora Citeseer Pubmed Overall

Baseline 67.34±1.50 58.05±0.96 52.10±0.95 40.35±0.48 42.12±0.29 28.62±0.36 81.81±0.26 68.35±0.35 78.25±0.37 57.44
RDC [32] 63.78±1.68 59.47±1.00 50.89±1.00 40.33±0.51 41.98±0.31 28.97±0.33 81.54±0.26 68.70±0.35 78.42±0.39 57.12
GDC [19] 64.18±1.36 56.43±1.15 49.61±0.95 38.49±0.51 33.20±0.29 31.08±0.27 82.63±0.23 69.15±0.30 79.04±0.37 55.98
DE [42] 63.39±1.29 57.41±0.93 47.84±0.86 40.80±0.55 41.68±0.39 29.99±0.21 81.90±0.24 68.99±0.36 78.53±0.26 56.73
PN [56] 64.44±1.39 60.93±1.15 51.78±0.95 40.37±0.59 40.92±0.31 28.21±0.21 78.89±0.32 66.95±0.40 76.60±0.41 56.57

DGN [57] 65.19±1.79 58.91±0.93 50.76±0.92 40.06±0.60 41.30±0.32 28.32±0.36 81.34±0.31 69.25±0.35 78.06±0.42 57.02
FA [1] 53.57±0.00 59.26±0.00 43.02±0.49 27.76±0.29 31.51±0.00 26.69±0.50 29.85±0.00 23.23±0.00 39.24±0.00 37.13

SDRF [48] 63.88±1.68 56.40±0.89 40.99±0.62 40.74±0.45 41.44±0.37 28.95±0.33 81.42±0.26 69.37±0.31 77.74±0.42 55.66
FoSR [27] 56.65±0.93 50.01±1.37 53.73±1.08 40.26±0.50 41.83±0.28 28.80±0.35 81.79±0.26 67.99±0.37 78.26±0.39 55.48

SJLR (ours) 71.75±1.50 60.13±0.89 55.16±0.95 41.19±0.46 41.86±0.29 29.89±0.20 81.95±0.25 69.50±0.33 78.60±0.33 58.89

train set contains 20 nodes of each class while the rest of the nodes
are used for validation. As for the other datasets, we use a 60/20/20
split of the nodes, meaning that 60% of the nodes are assigned for
training, 20% for validation, and 20% for testing.

6.2 Implementation Details
All methods are implemented using PyTorch and PyG [15]. We
use the same architectural components in all techniques for a
fair comparison. We use SGC [51] or GCN [29] as graph con-
volutional layers. We implemented SDRF [48] at our best under-
standing because there was not an available implementation of
the method at the time of conducting the experiments. However,
we use JLC instead of BFC in our implementation of SDRF [48]
because of the signi�cant computational resources required to run
the hyperparameter optimization using BFC. The hyperparameter
search space for each method is de�ned as follows: 1) learning
rate ;A 2 [0.005, 0.02]; 2) weight decayF3 2 [0.0001, 0.001]; 3) hid-
den units of each graph convolutional layer ⌘D 2 {16, 32, 64, 128};
4) dropout 3 2 [0.3, 0.7]; 5) the number of layers ! 2 {2, 3, 4};
6) percentage of added and dropped edges ?�, ?⇡ 2 [0, 1]; 7)
U 2 [0, 1]; 8) scale B 2 {0.1, 1, 10, 50, 100} for PN; 9) number of
clusters 2 2 {3, 4, . . . , 10} and balancing factor 15 2 [0.0005, 0.05]
for DGN; 10) UGDC 2 [0.01, 0.2] and : 2 {16, 32, 64, 128} for GDC;
10) stochasticity level g 2 [1, 500], iterations 8C 2 {20, 21, . . . , 4000},
and Ricci curvature upper-bound ⇠+ 2 [0.1, 40] for SDRF; and 11)

number of SoFR iterations 8C� 2 {1, 2, . . . , 150}. We use Recti�ed
Linear Unit (ReLU) and log-softmax as activation functions in our
GNN architectures. For GDC, we apply weight decay regularization
only in the �rst graph convolutional layer, otherwise we do not
get comparable results as in [19]. All methods are trained for 1, 000
epochs using Adam optimizer [28]. We do not use early stopping or
learning schedulers for any method. We make all graphs undirected,
and we also remove all the self-loops from the input graph. The
code is publicly available3 under the MIT license.

6.3 Results
Tables 2 and 3 show the results for SGC and GCN, respectively. SJLR
shows the overall best performance in both cases. We notice two
general trends: 1) rewiring methods such as DE and SJLR dominate
in almost all datasets for the experiment with SGC, and 2) GDC
leads in the homophilous datasets Cora and Pubmed with GCN.
Our theoretical results are based on the assumption that there are
no non-linear activation functions, so perhaps some nuances are
missed for GNNs like GCN. Similarly, we notice that SJLR outper-
forms SDRF [48] and FoSR [27] in all datasets. For SJLR and SDRF,
both methods use the same JLC metric in Tables 2 and 3, and there-
fore we are assessing their performance based on how the edges are
added or removed.We argue that SJLR is a critical improvement over
SDRF regarding the practical adoption of curvature-based methods

3https://github.com/jhonygiraldo/SJLR

Classification results for the GCN model
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Table 2: Comparison results of the proposed SJLR algorithm with several state-of-the-art methods to alleviate over-smoothing
and over-squashing with the SGC model as backbone.

Method Cornell Texas Wisconsin Chameleon Squirrel Actor Cora Citeseer Pubmed Overall

Baseline 53.40±2.11 56.69±1.78 47.90±1.73 38.40±0.69 40.52±0.54 29.93±0.16 76.94±1.31 67.45±0.80 71.79±2.13 53.67
GDC [19] 58.65±1.43 57.42±0.74 45.93±1.05 38.13±0.55 36.63±0.31 32.25±0.17 76.02±1.70 66.22±1.13 71.91±2.30 53.68
DE [42] 61.99±1.04 57.88±0.81 54.78±0.89 40.38±0.47 41.28±0.32 30.62±0.17 80.59±0.80 68.63±0.51 74.47±1.65 56.74
PN [56] 53.11±1.36 50.47±1.04 48.72±1.65 41.49±0.68 39.72±0.33 22.58±0.29 75.55±0.42 64.16±0.41 73.81±0.52 52.18

DGN [57] 55.68±1.32 57.42±2.59 50.67±2.08 40.99±0.62 41.72±0.29 29.53±0.18 80.65±0.48 67.65±0.59 74.95±0.59 55.47
SDRF [48] 54.68±1.29 55.36±1.48 47.81±1.51 38.07±0.77 39.94±0.53 30.04±0.17 76.04±1.69 67.60±0.80 69.62±2.35 53.24
FoSR [27] 53.73±1.75 56.33±1.37 47.82±2.14 38.01±0.73 40.68±0.42 30.11±0.18 78.24±0.98 67.04±0.83 72.76±2.35 53.86

SJLR (ours) 67.37±1.64 58.40±1.48 55.42±0.92 40.17±0.49 41.91±0.34 30.81±0.18 81.24±0.77 68.39±0.69 76.28±0.96 57.78

The best and second-best performing methods on each dataset are shown in red and blue, respectively.

Table 3: Comparison results of the proposed SJLR algorithm with several state-of-the-art methods to alleviate over-smoothing
and over-squashing for the GCN model as backbone.

Method Cornell Texas Wisconsin Chameleon Squirrel Actor Cora Citeseer Pubmed Overall

Baseline 67.34±1.50 58.05±0.96 52.10±0.95 40.35±0.48 42.12±0.29 28.62±0.36 81.81±0.26 68.35±0.35 78.25±0.37 57.44
RDC [32] 63.78±1.68 59.47±1.00 50.89±1.00 40.33±0.51 41.98±0.31 28.97±0.33 81.54±0.26 68.70±0.35 78.42±0.39 57.12
GDC [19] 64.18±1.36 56.43±1.15 49.61±0.95 38.49±0.51 33.20±0.29 31.08±0.27 82.63±0.23 69.15±0.30 79.04±0.37 55.98
DE [42] 63.39±1.29 57.41±0.93 47.84±0.86 40.80±0.55 41.68±0.39 29.99±0.21 81.90±0.24 68.99±0.36 78.53±0.26 56.73
PN [56] 64.44±1.39 60.93±1.15 51.78±0.95 40.37±0.59 40.92±0.31 28.21±0.21 78.89±0.32 66.95±0.40 76.60±0.41 56.57

DGN [57] 65.19±1.79 58.91±0.93 50.76±0.92 40.06±0.60 41.30±0.32 28.32±0.36 81.34±0.31 69.25±0.35 78.06±0.42 57.02
FA [1] 53.57±0.00 59.26±0.00 43.02±0.49 27.76±0.29 31.51±0.00 26.69±0.50 29.85±0.00 23.23±0.00 39.24±0.00 37.13

SDRF [48] 63.88±1.68 56.40±0.89 40.99±0.62 40.74±0.45 41.44±0.37 28.95±0.33 81.42±0.26 69.37±0.31 77.74±0.42 55.66
FoSR [27] 56.65±0.93 50.01±1.37 53.73±1.08 40.26±0.50 41.83±0.28 28.80±0.35 81.79±0.26 67.99±0.37 78.26±0.39 55.48

SJLR (ours) 71.75±1.50 60.13±0.89 55.16±0.95 41.19±0.46 41.86±0.29 29.89±0.20 81.95±0.25 69.50±0.33 78.60±0.33 58.89

train set contains 20 nodes of each class while the rest of the nodes
are used for validation. As for the other datasets, we use a 60/20/20
split of the nodes, meaning that 60% of the nodes are assigned for
training, 20% for validation, and 20% for testing.

6.2 Implementation Details
All methods are implemented using PyTorch and PyG [15]. We
use the same architectural components in all techniques for a
fair comparison. We use SGC [51] or GCN [29] as graph con-
volutional layers. We implemented SDRF [48] at our best under-
standing because there was not an available implementation of
the method at the time of conducting the experiments. However,
we use JLC instead of BFC in our implementation of SDRF [48]
because of the signi�cant computational resources required to run
the hyperparameter optimization using BFC. The hyperparameter
search space for each method is de�ned as follows: 1) learning
rate ;A 2 [0.005, 0.02]; 2) weight decayF3 2 [0.0001, 0.001]; 3) hid-
den units of each graph convolutional layer ⌘D 2 {16, 32, 64, 128};
4) dropout 3 2 [0.3, 0.7]; 5) the number of layers ! 2 {2, 3, 4};
6) percentage of added and dropped edges ?�, ?⇡ 2 [0, 1]; 7)
U 2 [0, 1]; 8) scale B 2 {0.1, 1, 10, 50, 100} for PN; 9) number of
clusters 2 2 {3, 4, . . . , 10} and balancing factor 15 2 [0.0005, 0.05]
for DGN; 10) UGDC 2 [0.01, 0.2] and : 2 {16, 32, 64, 128} for GDC;
10) stochasticity level g 2 [1, 500], iterations 8C 2 {20, 21, . . . , 4000},
and Ricci curvature upper-bound ⇠+ 2 [0.1, 40] for SDRF; and 11)

number of SoFR iterations 8C� 2 {1, 2, . . . , 150}. We use Recti�ed
Linear Unit (ReLU) and log-softmax as activation functions in our
GNN architectures. For GDC, we apply weight decay regularization
only in the �rst graph convolutional layer, otherwise we do not
get comparable results as in [19]. All methods are trained for 1, 000
epochs using Adam optimizer [28]. We do not use early stopping or
learning schedulers for any method. We make all graphs undirected,
and we also remove all the self-loops from the input graph. The
code is publicly available3 under the MIT license.

6.3 Results
Tables 2 and 3 show the results for SGC and GCN, respectively. SJLR
shows the overall best performance in both cases. We notice two
general trends: 1) rewiring methods such as DE and SJLR dominate
in almost all datasets for the experiment with SGC, and 2) GDC
leads in the homophilous datasets Cora and Pubmed with GCN.
Our theoretical results are based on the assumption that there are
no non-linear activation functions, so perhaps some nuances are
missed for GNNs like GCN. Similarly, we notice that SJLR outper-
forms SDRF [48] and FoSR [27] in all datasets. For SJLR and SDRF,
both methods use the same JLC metric in Tables 2 and 3, and there-
fore we are assessing their performance based on how the edges are
added or removed.We argue that SJLR is a critical improvement over
SDRF regarding the practical adoption of curvature-based methods

3https://github.com/jhonygiraldo/SJLR

Classification results for the SGC model



•  Several ongoing research efforts on rewiring techniques
– Batch Ollivier-Ricci Flow (BORF) [Nguyen et al., ICML ‘23]

– First-order spectral rewiring (FoSR) [Karhadkar et al., ICLR ‘23]

– Greedy Total Resistance (GTR) rewiring [Black et al., ICML ‘23]

– Delaunay triangulation-based rewiring [Attali et al., ICML ‘24]

• Going further: leverage the internal functioning of GNNs
– Impact of width, depth, and topology on over-squashing [Di Giovanni et al., ICML ‘23]

K Highly-effective deep GNNs?
– Not quite there yet

Main Takeaways
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Clustering and Pooling for GNNs
CIKM ‘22

• PhD ’24
• Co-founder and CSO, Entalpic

Alexandre Duval



Why Structure-aware Graph Pooling?
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Global Pooling
J Fast and easy to compute
L Discards information about the graph (clustering) structure



• Clustering based on both graph structure                   
and node features

(Motif) Spectral Clustering with GNNs
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• Learn a cluster assignment matrix using an MLP

• Train GNN and MLP by optimizing a clustering loss

– We can allow combinations of motifs
– HOSC model: Higher-order spectral clustering

• Compute new node features using GNN layers
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• Clustering based on both graph structure                   
and node features

(Motif) Spectral Clustering with GNNs

31

H
oscP

ool

Loss
G

C
N

H
oscP

ool
G

C
N

H
oscP

ool
G

C
N

G
lobal 

P
ooling

M
LP

X 2 RN⇥F

<latexit sha1_base64="YsNqqKPCgrLNCbSh6u2VGil6m/w="></latexit>

A 2 RN⇥N

<latexit sha1_base64="G/otOfCtGVamiXzt5JSYmbJkoe8="></latexit>

X 2 RN⇥F

<latexit sha1_base64="YsNqqKPCgrLNCbSh6u2VGil6m/w="></latexit>

A 2 RN⇥N

<latexit sha1_base64="G/otOfCtGVamiXzt5JSYmbJkoe8="></latexit>

• Learn a cluster assignment matrix using an MLP
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HOSCPOOL: Hierachical Clustering-based Pooling
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Clustering results (NMI) for the HOSCPOOL model

HOSCPOOL as an end-to-end higher-order clustering algorithm
• Architecture: message passing layer (GCN) + MLP

60 representation learning with graph neural networks

Dataset SC MSC DiffPool MinCutPool HoscPool-1 HoscPool-2 HoscPool

Cora 0.150±0.002 0.056±0.014 0.308±0.023 0.391±0.028 0.435±0.032 0.464±0.036 0.502
±0.029

PubMed 0.183±0.002 0.002±0.000 0.098±0.006 0.214±0.066 0.230±0.071 0.215±0.073 0.260±0.054
Photo 0.592±0.008 0.451±0.011 0.171±0.004 0.086±0.014 0.495±0.068 0.513±0.083 0.598

±0.101
PC 0.464±0.002 0.166±0.009 0.043±0.008 0.026±0.006 0.497±0.040 0.499±0.036 0.528

±0.041
CS 0.273±0.006 0.011±0.009 0.383±0.048 0.431±0.060 0.479±0.022 0.701±0.029 0.731

±0.018
DBLP 0.027±0.003 0.005±0.006 0.186±0.014 0.334

±0.026 0.326±0.027 0.284±0.026 0.312±0.027
Polblogs 0.017±0.000 0.014±0.001 0.317±0.010 0.440±0.390 0.992±0.003 0.994

±0.001 0.994
±0.005

Email-eu 0.485±0.030 0.382±0.019 0.096±0.034 0.253±0.028 0.317±0.026 0.488
±0.025 0.476±0.021

Syn1 0.000±0.000 1.000±0.000 0.035±0.000 0.043±0.008 0.041±0.006 1.000±0.000 1.000±0.000
Syn2 0.003±0.000 0.050±0.003 0.081±0.008 0.902±0.028 0.942±0.028 1.000±0.000 1.000±0.000
Syn3 1.000±0.000 1.000±0.000 0.067±0.001 0.052±0.002 0.115±0.006 0.826±0.005 1.000±0.000

Table 4.4: NMI obtained by clustering the nodes of various networks over ten different runs.

Table 4.4 shows the experimental results using the Normalized Mutual Information
(NMI) clustering metric [For10; MV13a]. HoscPool has a competitive performance
compared to the baseline models across most datasets. This trend is emphasized in
synthetic datasets, where we know that higher-order structure is critical, proving the
benefits of our clustering method. We have observed that DiffPool often fails to converge
to a good solution. Besides, MinCutPool, as also discussed in [Tsi+23], sometimes get
stuck in degenerate solutions (e.g., Amazon PC and Photo – all nodes are assigned to less
than 10% of clusters), failing to converge even when tuning model architecture and hyper-
parameters. HoscPool-1 shows superior performance and alleviates this issue, meaning
that it can be considered as an improved version of MinCutPool. MSC often performs
badly, revealing its excessive dependence on the presence of motifs. On the contrary, our
results highlight the robustness of HoscPool to the limited presence of motifs due to
its consideration for node features. Besides, HoscPool’s attention to finer granularity
levels allows to group nodes primarily based on motifs while still considering edges
when necessary, which may be the reason for the performance improvement with respect
to HoscPool-2. This ablation study proves the relevance of our underlying claims:
incorporating higher-order information leads to better communities, and combining
several motifs further helps. In terms of efficiency, the main complexity of HoscPool lies
in the derivation of AM, which remains relatively fast for triangle motifs: AM = A2

� A.
Despite being slower to compute compared to other coarsening graph techniques such as
MinCutPool, it is still affordable even for the larger graphs considered here.

graph classification. For this task, we consider a fixed network architecture
composed of: GNN – Pooling – GNN – Pooling – GNN – Global Pooling – Dense (⇥2). We
sometimes add skip connections and global pooling to the output of the first and second
GNN; and concatenate the resulting vector to the third GNN’s output. A pooling block
produces a cluster assignment matrix of dimension num nodes ⇥ int(num nodes ⇥ 0.25).

We have used several common benchmark datasets for graph classification, taken from
TUDataset [Mor+20], including three bioinformatics protein datasets Proteins, Enzymes,
and D&D; one mutagen Mutagenicity; one anticancer activity dataset NCI1; two chemical
compound datasets Cox-2-MD, ER-MD; one social network Reddit-Binary. Bench-hard
is taken from this source4 where X and A are completely uninformative if considered
alone. We split them into a training set (80%), validation set (10%), and test set (10%).
For featureless graphs, we use constant features.

4 https://github.com/FilippoMB/Benchmark dataset for graph classification

+
spectral

clustering
motif spectral

clustering

[Benson et al, Science ‘16], [Ying et al., NeurIPS ‘18], [Bianchi et al., ICML ‘20]
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Classification accuracy for the HOSCPOOL model

4.3 clustering and pooling for graph neural networks 61

Method Proteins NCI1 Mutagen. DD Reddit-B Cox2-MD ER-MD b-hard

NoPool 71.6±4.1 77.1±1.9 78.1±1.3 71.2±2.2 80.1±2.6 58.7±3.2 72.2±2.9 66.5±0.5
Random 75.7±3.2 77.0±1.7 79.2±1.3 77.1±1.5 89.3±2.6 62.9±3.6 73.0±4.5 69.1±2.1

GMT 75.0±4.2 74.9±4.3 79.4±2.2 78.1±3.2 86.7±2.6 58.9±3.6 74.3±4.5 70.1±3.4
MinCutPool 75.9±2.4 76.8±1.6 78.6±1.8 78.4±2.8 89.0±1.4 58.9±5.1 75.5±4.0 72.6±1.5

DiffPool 73.8±3.7 76.7±2.1 77.9±2.3 76.3±2.1 87.3±2.4 57.1±4.8 76.8±4.8 70.7±2.0
EigPool 74.2±3.1 75.0±2.2 75.2±2.7 75.1±1.8 82.8±2.1 59.8±3.4 73.1±3.8 69.1±3.1

SAGPool 70.6±3.5 74.1±3.9 74.4±2.7 71.5±4.1 74.7±4.5 56.9±9.7 71.7±8.2 39.6±9.6
ASAP 74.4±2.6 74.3±1.6 76.8±2.4 73.2±2.5 84.1±1.1 60.5±5.5 74.5±5.9 70.5±1.7

HoscPool-1 76.7±2.5 77.3±1.6 79.8±1.6 78.8±2.0 91.2±1.0 61.6±3.5 76.2±4.2 72.4±0.8
HoscPool-2 77.0±3.1 80.3

±2.0 92.8±1.5 66.4
±4.6 92.8

±1.5 66.4
±4.6 77.9±4.3 73.5±0.8

HoscPool 77.5
±2.3 79.9±1.7 82.3

±1.3 79.4
±1.8 93.6

±0.9 64.6±3.9 78.2
±3.8 74.0

±0.4

Table 4.5: Graph classification accuracy of various pooling operators.

We have compared HoscPool to representative graph classification baseline mod-
els, involving pooling operators DiffPool [Yin+18], MinCutPool [BGA20], EigPool
[Ma+19], SAGPool [LLK19], ASAP [RST20], and GMT [BKH21]. We implement a random
pooling operator (Random) to assess the benefits of pooling similar nodes together and a
model with a single global pooling operator (NoPool) to assess how useful leveraging
hierarchical information is.

The graph classification results are reported in Table 4.5, from which we draw the
following conclusions. First of all, we observe that performing pooling proves useful,
contrary to NoPool, in most cases. HoscPool compares favorably on all datasets w.r.t.
other pooling baselines. Higher-order connectivity patterns are more desirable than
first-order ones, and combining both is even better. This observation is aligned with the
findings of the previous paragraph and shows that better clustering (i.e., graph coarsen-
ing) is correlated with better classification performance. However, while the clustering
performance of HoscPool is significantly better than baselines, the performance gap
has slightly closed down on this task. Even more surprising, the benefits of existing
advanced node-grouping or node-dropping methods are not considerable with respect to
the Random pooling baseline.

discussion. From the experiments conducted here, we have noticed that despite
effectively learning a cluster assignment matrix – that assigns nodes to more clusters and
better balances the number of nodes per cluster – the performance gain w.r.t. the Random
baseline model is often not significant. To explain this behavior, we have examined the
properties of the graph datasets used. The experiments are detailed in our article [DM22].
In a nutshell, the benchmark graphs are relatively small, with few node types co-existing
in the same graph, weak homophily, and a relatively poor community structure, which
clustering algorithms aim to exploit. Besides, because most datasets do not have dense
node features (only labels), the node identifiability assumption is shaken and does not
enable our MLP of (4.13) to fully distinguish between same-label-nodes, thus making
it impossible to place them in distinct clusters. On top of that, we now need to learn
a clustering pattern that extends to all graphs, which is a much more complex task
(compared to a single graph in the clustering task). All these points raise questions for
future work regarding the functioning of hierarchical pooling operators for graph-level
prediction tasks.

GNN HOSCPOOL GNN HOSCPOOL GNN
Global 
Pooling(A,X)
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• End-to-end clustering with GNNs
J Leverages graph topology + node features
J Avoids eigenvalue decomposition of the Laplacian matrix
J Allows clustering of out-of-sample graphs 

• Higher-order topological information
J Flexible mechanism of HOSCPOOL

K Performance of hierarchical clustering–based pooling
– Graph classification benchmarks: small molecular graphs

Main Takeaways

35



36

Generalization of GNNs
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ICML ‘25
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• PhD student (graduating in July  ‘25)
• Looking for a postdoc position.



• Goal: learn a predictor      that performs well on new graphs                         
different from those in the training set    

Generalization on GNNs and Challenges

37
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• Why a challenging problem?
– Topology shift
– Size shift
– Feature distribution shift
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• Features Distribution shift: molecular sca↵olds, evolving social networks, etc.
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• Regularization
• Architecture refinements
• Data augmentation



• Augmentation strategy: For each training graph                , the generator         
produces M samples

A Theoretical Framework for Graph Data Augmentation

38
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Goals of augmentation: minimize the generalization error

A Theoretical Framework for Graph Data Augmentation

39[Shalev-Shwartz and Ben-David, Understanding Machine Learning ‘14]
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1.   Train GNN

GRATIN: GMM-based Augmentation

40
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GRATIN: Experimental Results

41

GNN Generalization with Gaussian Mixture Model Based Augmentation

scores depend not only on the augmented graphs themselves
but also on the model’s weights and architecture. This
highlights the need for a graph data augmentation strategy
tailored specifically to the GNN backbone in use, as opposed
to traditional techniques like DropNode, DropEdge, and
G-Mixup, which are general-purpose methods that can be
applied with any GNN architecture.

Theorem 3.4 is valid for any differentiable loss function.
More specifically, if the chosen loss is the cross entropy
or the negative log-likelihood, then the Hessian matrix cor-
responds to the Fisher information matrix (Barshan et al.,
2020; Lee et al., 2022). Consequently, the norm of H�1

✓̂
,

i.e., the inverse of the Hessian matrix, can be bounded above
using the Cramér–Rao inequality (Nielsen, 2013). There-
fore, a trivial case where the norm of influence scores is zero
arises when the gradient of the loss function with respect
to the input graphs vanishes. This scenario, for instance,
can occur in the DD dataset when using GIN. A detailed
analysis of this phenomenon is provided in Section 4. In
these cases, data augmentation becomes ineffective, having
minimal impact on the GNN’s ability to generalize. We
can measure the average influence I(eGm

n ) of an augmented
graph eGm

n on the test set by averaging the derivatives as
follows,

I(eGm
n ) =

�1

|Dtest|
X

Gtest
k 2Dtest

d`(G test
k , ✓̂✏n,m)

d✏n,m
.

A negative value of I(eGm
n ) indicates that adding the aug-

mented data to the training set would increase the prediction
loss on the test set, negatively affecting the GNN’s gener-
alization. In contrast, a good augmented graph is one with
a positive I(eGm

n ), indicating improved generalization. In
Figure 2, we present the density of the average influence
scores of each augmented data on the test set.

3.5. Fisher-Guided GMM Augmentation

Using influence scores, we can further improve the gen-
eralization of the GNN by filtering candidate augmented
representations. The process consists of three key stages.
(i) Primary GNN training: The GNN model is first trained
on the original training set without incorporating any aug-
mented graphs. (ii) Augmentation and filtering: A pool
of candidate augmented graph representations is generated
using a data augmentation strategy based on GMMs. Be-
cause computing the gradient r✓`(Gtest

k , ✓̂) requires access
to ground-truth labels, we evaluate the influence of each
candidate augmented graph using the set of validation graph
rather than on the unseen test set. This yields a ranking of
augmented graphs by their estimated impact on validation
performance. During this step, we compute both the gradi-
ent and the Hessian only with respect to the post-readout
parameters. (iii) Filtering: Finally, we combine a subset

Table 1. Classification accuracy (± std) on different benchmark
graph classification datasets for the data augmentation baselines
based on the GCN backbone. The higher the accuracy (in %) the
better the model. Highlighted are the first, second best results.

Model IMDB-BIN IMDB-MUL MUTAG PROTEINS DD

No Aug. 73.00±4.94 47.73±2.64 73.92±5.09 69.99±5.35 69.69±2.89

DropEdge 71.70±5.42 45.67±2.46 73.39±8.86 70.07±3.86 69.35±3.37

DropNode 74.00±3.44 43.80±3.54 73.89±8.53 69.81±4.61 69.01±3.95

SubMix 72.70±5.59 46.00±2.44 77.13±9.69 67.57±4.56 70.11±4.48

G-Mixup 72.10±3.27 48.33±3.06 88.77±5.71 65.68±5.03 61.20±3.88

GeoMix 69.69±3.37 49.80±4.71 74.39±7.37 69.63±5.37 68.50±3.74

GRATIN 71.00±4.40 49.82±4.26 76.05±6.74 70.97±5.07 71.90±2.81

Table 2. Classification accuracy (± std) on different benchmark
graph classification datasets for the data augmentation baselines
based on the GIN backbone. The higher the accuracy (in %) the
better the model. Highlighted are the first, second best results.

Model IMDB-BIN IMDB-MUL MUTAG PROTEINS DD

No Aug. 70.30±3.66 48.53±4.05 83.42±2.12 69.54±3.61 68.00±3.18

DropEdge 70.40±4.03 46.80±3.91 74.88±9.62 68.27±5.21 67.82±4.46

DropNode 70.30±3.49 45.20±4.24 75.53±7.89 65.40±4.71 69.01±3.95

SubMix 72.50±4.98 48.13±2.12 81.90±9.21 70.44±2.58 68.59±5.04

G-Mixup 70.70±3.10 47.73±4.95 87.77±7.48 68.82±3.48 63.91±2.09

GeoMix 70.60±4.61 47.20±3.75 81.90±7.55 69.80±5.33 68.34±5.30

GRATIN 71.70±4.24 49.20±2.06 88.83±5.02 71.33±5.04 68.61±4.62

of the highest-ranked augmented graphs with the original
training set to finetune the post-readout function. This filter-
ing setup aligns perfectly with the assumptions of Theorem
3.4, as we first train the post-readout function without any
augmentation, then evaluate each augmentation’s influence,
and only afterward retrain the post-readout layer using the
selected augmented graphs. Our experiments in Section 4
demonstrate that this training paradigm improves general-
ization across various datasets and GNN architectures.

4. Experimental Results
In this section, we present our results and analysis. Our
experimental setup is described in Appendix K.

On the Generalization of GNNs. In Tables 1 and 2, we
compare the test accuracy of our data augmentation strat-
egy against baseline methods. Additional results for the
same experiment on larger datasets can be found in Ap-
pendix L. We trained all baseline models using the same
train/validation/test splits, GNN architectures, and hyper-
parameters to ensure a fair comparison. It is worth noting
that the baselines exhibit high standard deviations, which is
a common characteristic in graph classification tasks. Un-
like node classification, graph classification is known to
have a larger variance in performance metrics (Errica et al.,
2020; Duval & Malliaros, 2022). Overall, our proposed ap-
proach consistently achieves the best or highly competitive
performance for most of the datasets.

Additionally, we observed that the results of the baseline
methods vary depending on the GNN backbone, motivating

7

Graph classification results for the GRATIN model on a GCN backbone

[Rong et al., ICLR ‘20], [Yoo et al., WWW ‘22], [[Han et al., ICML ‘22], [Zhao et al., KDD ‘24]



• “Mixup”-like techniques on graphs
J Improve generalization through augmentations
– G-Mixup [Han et al., ICML ‘22], GeoMix [Zhao et al. KDD ‘24]

• GRATIN: augmentations on the graph embedding-space 
J Combines structure + features 
J Avoid costly graph alignment
J Scalability

• Augmentations with Gaussian Mixture Models (GMMs)
J Expressive yet simple
J A GMM is a universal approximator of densities
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Part I. Brief introduction to Graph Neural Networks (GNN)

Part II. Topics in GNN model design

Part III. Perspectives and ongoing work 



• Leverage structural information and beyond for GNNs
– Rewiring, graph pooling, and generalization

• On complex models
– GNNs, Hypergraph GNNs, Simplicial Complex Neural Networks, …

• On proper model evaluation
– Realistic datasets; proper experimental protocol; proper metrics

• On problem modeling and practical applications
– Type of graph; node features; which learning problem

Perspectives

44



Beware of GNN Evaluation and Benchmarking

45

Position: Graph Learning Will Lose Relevance Due To Poor Benchmarks

Maya Bechler-Speicher
* 1 2

Ben Finkelshtein
* 3

Fabrizio Frasca
* 4

Luis Müller
* 5

Jan Tönshoff
* 5

Antoine Siraudin
5

Viktor Zaverkin
6

Michael M. Bronstein
3

Mathias Niepert
7

Bryan Perozzi
8

Mikhail Galkin
8

Christopher Morris
5

Abstract

While machine learning on graphs has demon-
strated promise in drug design and molecular
property prediction, significant benchmarking
challenges hinder its further progress and rele-
vance. Current benchmarking practices often lack
focus on transformative, real-world applications,
favoring narrow domains like two-dimensional
molecular graphs over broader, impactful areas
such as combinatorial optimization, relational
databases, or chip design. Additionally, many
benchmark datasets poorly represent the underly-
ing data, leading to inadequate abstractions and
misaligned use cases. Fragmented evaluations
and an excessive focus on accuracy further exac-
erbate these issues, incentivizing overfitting rather
than fostering generalizable insights. These lim-
itations have prevented the development of truly
useful graph foundation models. This position
paper calls for a paradigm shift toward more
meaningful benchmarks, rigorous evaluation pro-
tocols, and stronger collaboration with domain
experts to drive impactful and reliable advances
in graph learning research, unlocking the poten-
tial of graph learning.

1. Introduction

Graphs are versatile mathematical structures capable of mod-
eling complex interactions among entities across a wide
range of disciplines, including the life sciences (Wong et al.,
2023), social sciences (Easley & Kleinberg, 2010), and op-
timization (Cappart et al., 2021), underlining the need for
specialized machine-learning methods to extract meaningful
insights from graph-structured data. Hence, in recent years,

*Equal contribution 1Tel-Aviv University 2Meta 3University of
Oxford 4Technion - Israel Institute of Technology 5RWTH Aachen
University 6NEC Laboratories Europe 7University of Stuttgart
8Google Research. Correspondence to: Maya Bachler-Speicher
<mayab4@mail.tau.ac.il>, Luis Müller <luis.mueller@cs.rwth-
aachen.de>.

message-passing graph neural networks (MPNNs) (Gilmer
et al., 2017) have emerged as the leading architecture for
machine learning on graphs. These architectures—and,
more broadly, graph neural networks (GNNs)—have be-
come prominent topics at top-tier machine learning con-
ferences,1 demonstrating promising performance across a
diverse range of applications. Notable examples include
their role in breakthroughs such as discovering new antibi-
otics (Stokes et al., 2020; Wong et al., 2023) and advance-
ments in weather forecasting (Lam et al., 2023).

Despite these successes, we contend that for graph learn-
ing to remain relevant and impactful, current benchmarks
need to be aligned with such truly transformative real-world
applications. While various benchmarks have been pro-
posed, many existing datasets focus on narrow domains
or address problems with questionable practical relevance.
For instance, popular benchmarks frequently feature two-
dimensional molecular graphs (Hu et al., 2020a; Morris
et al., 2020), neglecting critical three-dimensional geometric
structures. Additionally, many studies report state-of-the-art
results on (synthetic) datasets like ZINC (Dwivedi et al.,
2022b), which lack sufficient (real-world) justification for
their graph-based approach, further complicating their util-
ity. Empirical studies in graph learning often suffer from
methodological shortcomings. Inconsistent dataset splits
and evaluation protocols across studies undermine the va-
lidity of comparisons, while the reliance on small datasets
frequently results in high-variance outcomes with limited
statistical significance. Due to these limitations and the
scarcity of sufficiently large and diverse datasets, MPNNs
and GNNs have shown limited evidence of scalability to
large pre-trained or foundation models.

Present work In this position paper, we argue that graph
learning must significantly revise its current datasets and
benchmarking practices to remain impactful and relevant;
see Figure 1 for an overview. Specifically, we

1. discuss the current shortcomings in graph learning
benchmarks, including the lack of transformative real-
world problems, an overfocus on specific data modali-

1http://tinyurl.com/mpn89vju
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Graph Learning Will Lose Relevance Due To Poor Benchmarks

No transformative

real-world applications

Shift focus to natural
graph problems with real-

world impact, e.g., com-

binatorial optimization or

relational databases.

1

2
Improve conditional diffu-

sion models for combina-
torial tasks.

�

Graphs are

not constructed in a

meaningful way

When proposing new

bench- marks discuss
the advantages of graph

structure.

1

2

Benchmarks should in-
clude baselines with un-
structured sets to ensure
graph structure’s advan-

tages.

Bad benchmarking culture

Often, datasets have no

standard splits, eval. pro-

tocol, or detailed hyp.-

par. Reports of marginal

gains w/o stat. signifi-
cance.

1

2

The community should

shift its focus beyond

merely improving perfor-
mance.

�
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all datasets mode.
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2

We encourage building truly

large-scale, high-quality

datasets with diverse graph

structures.

short-term long-term

Figure 1. Overview of the current challenges in benchmarking for graph learning and possible remedies.

ties, and fragmented evaluation protocols, resulting in
the absence of true foundation models for graph data;

2. propose possible remedies to address these shortcom-
ings, offering actionable recommendations for the
graph learning community; and

3. based on our assessment of current graph benchmarks,
we tune a variety of new baselines and reference
models on molecular prediction tasks, large-scale het-
erophilic datasets, and study in- and cross-domain
transfer in a pre-training/fine-tuning setup.

Overall, in this position paper, we argue that the bench-

marking aspect of graph learning requires a significant

revision for the field to stay impactful and relevant, includ-

ing the design of current datasets, the investigated data

modalities, and current benchmarking practices.

In the remaining part of this section, we provide a critical
overview of the current state of the field. In the following
four sections, we highlight four current shortcomings of
graph datasets and benchmarking practices and their possi-
ble remedies.

Basic terminology Graph learning comprises several
regimes. The most common ones are graph-level and node-
level predictions (i.e., classification or regression). In the
former, we are given a training set of graphs and aim to
train a GNN to make meaningful graph-level predictions
outside this training set. In the latter, we instead seek to
make predictions for nodes in a given graph or set of graphs;
the setup here is either transductive or inductive. In the
transductive setting, we are given a single graph with a sub-
set of the nodes being the training set, and we aim to train
a model to make correct predictions for the nodes outside
this training set. In the inductive setting, we are given a
training set of graphs with node (class-)labels and aim to
train a model to make correct predictions for the nodes of
unseen graphs. Similarly, we can define edge-level or link
prediction. In addition, graph generation aims to generate
graphs modeled to a given data distribution proxied via a
training dataset.

Related work One of the first efforts towards more prin-
cipled benchmarking of GNNs was taken by Dwivedi et al.
(2020), who proposed a suite of real and synthetic graphs
spanning a variety of node-, edge-, and graph-level tasks
as well as an attempt to standardize evaluation protocols.
However, the majority of the tasks either have a graph struc-
ture superimposed on the original dataset (such as graphs
extracted from vision datasets like CIFAR10 which are
long solved in the vision community) or focus on small
synthetic graphs with a saturated performance. Another
limiting factor is the strongly suggested model size below
500k parameters that was supposed to test models’ inductive
biases. While reasonable for the state of graph learning in
2020, such a manually set parameter count ceiling makes
little sense in modern deep learning where scaling laws
suggest model capabilities grow with both dataset size and
parameter count (Hoffmann et al., 2022; Schaeffer et al.,
2023; Wei et al., 2022).

Soon after, Hu et al. (2020a) released the Open Graph
Benchmark (OGB), a comprehensive suite of datasets en-
compassing various domains, tasks, and graph distributions.
The authors proposed to gather results in a centralized, pub-
licly visible leaderboard. The submission system requires
researchers to provide test results, the corresponding valida-
tion performance, the number of learnable parameters, and
some information about the tuning procedure. This effort
goes in the direction of more informative and standardized
benchmarking practices. Nevertheless, many datasets in the
suite address (such as 2D molecular graphs or academic
citation networks) are still a far cry from transformative real-
world applications. As we discuss later in Sections 2 and 3,
these graphs either fail to encode relevant information (e.g.,
3D spatial arrangements of atoms) or induce a structural
inductive bias that is of unclear advantage for downstream
generalization performance. While we note that some (large-
scale) more impactful benchmarks are exposed by OGB,
the research community has focused on them with relatively
lower priority. This is likely due to the inherent difficulty
of scaling more sophisticated and expressive architectures
to larger graphs or the interest drawn by more specific set-

2
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• Spatiotemporal prediction with GNNs
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Gegenbauer Graph Neural Networks for
Time-varying Signal Reconstruction

Jhon A. Castro-Correa, Jhony H. Giraldo, Mohsen Badiey, Fragkiskos D. Malliaros

Abstract—Reconstructing time-varying graph signals (or graph

time-series imputation) is a critical problem in machine learning

and signal processing with broad applications, ranging from

missing data imputation in sensor networks to time-series fore-

casting. Accurately capturing the spatio-temporal information

inherent in these signals is crucial for effectively addressing

these tasks. However, existing approaches relying on smoothness

assumptions of temporal differences and simple convex opti-

mization techniques have inherent limitations. To address these

challenges, we propose a novel approach that incorporates a

learning module to enhance the accuracy of the downstream

task. To this end, we introduce the Gegenbauer-based graph

convolutional (GegenConv) operator, which is a generalization of

the conventional Chebyshev graph convolution by leveraging the

theory of Gegenbauer polynomials. By deviating from traditional

convex problems, we expand the complexity of the model and

offer a more accurate solution for recovering time-varying graph

signals. Building upon GegenConv, we design the Gegenbauer-

based time Graph Neural Network (GegenGNN) architecture,

which adopts an encoder-decoder structure. Likewise, our ap-

proach also utilizes a dedicated loss function that incorporates

a mean squared error component alongside Sobolev smoothness

regularization. This combination enables GegenGNN to capture

both the fidelity to ground truth and the underlying smooth-

ness properties of the signals, enhancing the reconstruction

performance. We conduct extensive experiments on real datasets

to evaluate the effectiveness of our proposed approach. The

experimental results demonstrate that GegenGNN outperforms

state-of-the-art methods, showcasing its superior capability in

recovering time-varying graph signals.

Index Terms—Graph neural networks, Gegenbauer polynomi-

als, graph signal processing, time-varying graph signals

I. INTRODUCTION

The accumulation of complex unstructured data has expe-
rienced a tremendous surge due to the noteworthy advance-
ments in information technology. Undertaking the task of
representing and analyzing such data can present a formidable
challenge. Nevertheless, Graph Signal Processing (GSP) and
Graph Neural Networks (GNNs) have emerged as promising
areas of research that have demonstrated remarkable potential
for unstructured data in recent years [1]–[4]. GSP and GNNs
adopt a data modeling approach wherein data is represented
as signals or vectors residing on a collection of graph nodes.
This framework encompasses the incorporation of both feature

Jhon A. Castro-Correa and Mohsen Badiey are with the Department of
Electrical and Computer Engineering, University of Delaware, Newark, DE,
USA. E-mail: jcastro@udel.edu, badiey@udel.edu.

Jhony H. Giraldo is with LTCI, Télécom Paris, Institut Polytechnique de
Paris, Palaiseau, France. E-mail: jhony.giraldo@telecom-paris.fr.

Fragkiskos D. Malliaros is with Université Paris-Saclay, CentraleSupélec,
Inria, Centre for Visual Computing (CVN), Gif-Sur-Yvette, France. E-mail:
fragkiskos.malliaros@centralesupelec.fr.

information and the inherent relational structure of the data.
This approach offers novel insights into data manipulation,
effectively bridging the domains of machine learning and
signal processing [5], and has profound implications across
diverse fields, including semi-supervised learning [3], node
classification, link prediction, graph classification [6]–[9],
clustering [10], computer vision [11]–[13], recommendations
in social networks [14], [15], influence propagation [16] and
misinformation detection [17], materials modeling [18], and
drug discovery [19], among others.

Sampling and reconstructing (or imputing) graph signals
have become crucial tasks that have attracted considerable
interest from both the signal processing and machine learning
fields in recent times [1], [20]–[26]. However, there is a
lack of research on the reconstruction of time-varying graph
signals1 despite its numerous applications in sensor networks,
time-series forecasting, and infectious disease prediction [23],
[27]–[29]. Prior research has primarily concentrated on ex-
panding the concept of smoothness from static graph signals
to those that evolve over time, as evidenced by Qiu et al.
[30]. Furthermore, the rate of convergence of optimization
techniques employed in reconstruction has been analyzed in
several works [23], [28]. Nevertheless, these optimization-
based methods heavily depend on rigid assumptions about
the underlying time-varying graph signals, which can pose
limitations in real-world applications. For example, some
previous approaches in GSP assume that the graph Fourier
transform of the signals are bandlimited [1], i.e., the projection
of the signal into the spectrum of the graph can be represented
with few components. However, in real-world scenarios, this
bandlimitedness assumption is often not satisfied; the signals
typically consist of components spanning the entire spectrum
of the graph and are often corrupted by noise. This non-
bandlimitedness fact also has profound implications regarding
the sample complexity in problems of semi-supervised node
classification for example [12], [31].

From the perspective of GNNs, their applications to the re-
construction of time-varying signals is a relatively unexplored
area that holds immense potential. The ability of GNNs to
capture both spatial and temporal dependencies within graph-
structured data makes them well-suited for handling time-
varying signals observed over interconnected entities, where
the temporal evolution is as crucial as the spatial relationships.
However, existing GNN works lack simultaneous exploration
of both spatial and temporal relationships in time-varying

1The recovery or regression of time-varying graph signals can be viewed
as a matrix completion problem where each column (or row) corresponds to
a specific time and each row (or column) corresponds to a vertex of a graph.
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Abstract

Processing multidomain data defined on multiple graphs holds significant potential
in various practical applications in computer science. However, current meth-
ods are mostly limited to discrete graph filtering operations. Tensorial partial
differential equations on graphs (TPDEGs) provide a principled framework for
modeling structured data across multiple interacting graphs, addressing the limita-
tions of the existing discrete methodologies. In this paper, we introduce Continuous
Product Graph Neural Networks (CITRUS) that emerge as a natural solution to
the TPDEG. CITRUS leverages the separability of continuous heat kernels from
Cartesian graph products to efficiently implement graph spectral decomposition.
We conduct thorough theoretical analyses of the stability and over-smoothing
properties of CITRUS in response to domain-specific graph perturbations and
graph spectra effects on the performance. We evaluate CITRUS on well-known
traffic and weather spatiotemporal forecasting datasets, demonstrating superior
performance over existing approaches. The implementation codes are available at
https://github.com/ArefEinizade2/CITRUS.

1 Introduction

Multidomain (tensorial) data defined on multiple interacting graphs [1–3], referred to as multidomain
graph data in this paper, extend the traditional graph machine learning paradigm, which typically deals
with single graphs [2, 4]. Tensors, which are multi-dimensional generalizations of matrices (order-2
tensors), appear in various fields like hyperspectral image processing [5], video processing [6],
recommendation systems [7], spatiotemporal analysis [8], and brain signal processing [9]. Despite the
importance of these applications, learning from multidomain graph data has received little attention
in the existing literature [2, 10]. Therefore, developing graph-learning strategies for these tensorial
data structures holds significant promise for various practical applications.

The main challenge for learning from multidomain graph data is creating efficient frameworks
that model joint interactions across domain-specific graphs [10, 11]. Previous work in this area
has utilized discrete graph filtering operations in product graphs (PGs) [10, 12] from the field of
graph signal processing (GSP) [13]. However, these methods inherit the well-known issues of over-
smoothing and over-squashing from regular graph neural networks (GNNs) [14–16], which restricts
the graph’s receptive field and hinders long-range interactions [17]. Additionally, these methods often
require computationally intensive grid searches to tune hyperparameters and are typically limited to
two-domain graph data, such as spatial and temporal dimensions [10, 12, 18, 19].

38th Conference on Neural Information Processing Systems (NeurIPS 2024).
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Challenges
• Preserve symmetries and physical constraints

• Scalability

Geometric Graph Neural Networks (GNNs)
for 3D atomic systems
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Abstract

Recent advances in computational modelling of atomic systems, spanning
molecules, proteins, and materials, represent them as geometric graphs with atoms
embedded as nodes in 3D Euclidean space. In these graphs, the geometric attributes
transform according to the inherent physical symmetries of 3D atomic systems, in-
cluding rotations and translations in Euclidean space, as well as node permutations.
In recent years, Geometric Graph Neural Networks have emerged as the preferred
machine learning architecture powering applications ranging from protein structure
prediction to molecular simulations and material generation. Their specificity lies
in the inductive biases they leverage — such as physical symmetries and chemical
properties — to learn informative representations of these geometric graphs.
In this opinionated paper, we provide a comprehensive and self-contained overview
of the field of Geometric GNNs for 3D atomic systems. We cover fundamental
background material and introduce a pedagogical taxonomy of Geometric GNN
architectures: (1) invariant networks, (2) equivariant networks in Cartesian basis,
(3) equivariant networks in spherical basis, and (4) unconstrained networks. Addi-
tionally, we outline key datasets and application areas and suggest future research
directions. The objective of this work is to present a structured perspective on the
field, making it accessible to newcomers and aiding practitioners in gaining an
intuition for its mathematical abstractions.

⇤Equal first authors.
†Université Paris-Saclay, CentraleSupélec, Inria.
‡Qualcomm AI Research is an initiative of Qualcomm Technologies, Inc.
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FAENet: Frame Averaging Equivariant GNN for Materials Modeling

Alexandre Duval * 1 2 Victor Schmidt * 2 Alex Hernandez Garcia 2 Santiago Miret 3 Fragkiskos D. Malliaros 1

Yoshua Bengio 2 4 David Rolnick 2 5

Abstract
Applications of machine learning techniques for
materials modeling typically involve functions
known to be equivariant or invariant to spe-
cific symmetries. While graph neural networks
(GNNs) have proven successful in such tasks, they
enforce symmetries via the model architecture,
which often reduces their expressivity, scalability
and comprehensibility. In this paper, we intro-
duce (1) a flexible framework relying on stochas-
tic frame-averaging (SFA) to make any model
E(3)-equivariant or invariant through data trans-
formations. (2) FAENet: a simple, fast and ex-
pressive GNN, optimized for SFA, that processes
geometric information without any symmetry-
preserving design constraints. We prove the va-
lidity of our method theoretically and empirically
demonstrate its superior accuracy and computa-
tional scalability in materials modeling on the
OC20 dataset (S2EF, IS2RE) as well as com-
mon molecular modeling tasks (QM9, QM7-X).
A package implementation is available at https:
//faenet.readthedocs.io.

1. Introduction
Machine Learning (ML) methods have the ability to model
complex physical and chemical interactions. It thus holds
great potential for accelerating material design, which is
essential to various applications such as low-carbon en-
ergy, sustainable agriculture or drug discovery. One particu-
larly promising use case of ML is modeling the properties
of complex materials systems at lower computational cost
compared to expensive quantum mechanical simulation tech-
niques like Density Functional Theory (DFT). The heavy

*Equal contribution 1Université Paris-Saclay, Cen-
traleSupélec, Inria 2Mila – Quebec AI Institute 3Intel
Labs 4Université de Montréal 5McGill Unversity. Cor-
respondence to: Alexandre Duval, Victor Schmidt
<{alexandre.duval,schmidtv}@mila.quebec>.

Proceedings of the 40 th International Conference on Machine
Learning, Honolulu, Hawaii, USA. PMLR 202, 2023. Copyright
2023 by the author(s).

reliance on DFT for materials property prediction continues
to impose a significant computational barrier to evaluating
large number of material candidates (Chen & Ong, 2022).
Graph Neural Networks (GNNs) based on geometric deep
learning principles have shown promise in their ability to
predict a wide range of molecular properties (Han et al.,
2022). A key factor of the success of GNNs is their ability
to leverage 3D geometric information via the representation
of a collection of atoms in 3D space (Atz et al., 2021), which
is updated based on spatial atomic interactions by passing
messages between them. Another important aspect is the
incorporation of geometric priors that exploit the symmetry
of the data, rendering model predictions invariant or equiv-
ariant1 to Euclidean transformations2, as well as key physics
principles such as the conservation of energy (Smidt, 2021).

Symmetries and physical constraints are typically enforced
directly into the model architecture, which greatly restricts
the flexibility of GNNs to process geometric information
(Gasteiger et al., 2021; Fuchs et al., 2020; Satorras et al.,
2021). As a result, these models either lack expressivity
or present significantly more complex and computationally
expensive architectures, as detailed in Section 2. While
state-of-the-art GNNs remain orders of magnitude faster
than DFT, their inference time still limits the use of ML for
downstream practically-relevant applications, which require
large-scale evaluations (Agrawal & Choudhary, 2016). In-
deed, whether we are trying to discover new drugs, new cat-
alysts or undiscovered material systems, we need to explore
exponentially vast search spaces of potential candidates
(Bohacek et al., 1996). The above ambitions to accelerate
automated material discoveries therefore require designing
expressive, robust and computationally scalable models.

To that end, we propose a novel view of 3D molecular
and solid-state materials modeling, where symmetries are
preserved via data projections instead of architectural con-
straints. Concretely, we make the following contributions:

• Symmetry-Preserving Data Augmentation via Stochas-
1In this work, unless specified otherwise, we consider invari-

ance to be a special case of equivariance and will include invariance
in claims regarding equivariance.

2Rotations, reflections, and translations, which in 3D space
define the group E(3).
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Motif Spectral Clustering — Reformulation
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Motif-based conductance

Graph G Weighted motif graph AM

AM(i, j) = #{instances of motif M that contain nodes i and j }
[Benson., AMS Spring Western Sectional ‘17] 


