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ABSTRACT

Graph-structured data pervades science and industry -- social networks, molecular graphs, knowledge bases,

communication networks, and biological interaction maps all naturally represent entities as nodes and relationships as

edges -- yet standard deep learning architectures (CNNs, transformers) assume grid or sequence structure and cannot

directly process irregular graph topologies. Graph neural networks address this by learning node representations through

iterative message passing between connected nodes, capturing both node features and graph topology in a unified

framework. This study presents a controlled comparison of six GNN architectures -- GCN, GAT, GraphSAGE, GIN, GPS

(graph transformer), and equivariant GNNs (EGNN) -- across four graph learning tasks: node classification (citation

networks: Cora, CiteSeer, PubMed), graph classification (molecular property prediction: OGBG-MolHIV,

OGBG-MolPCBA), link prediction (knowledge graph completion: OGB-WikiKG2), and 3D molecular generation (QM9

property regression). A total of 2,040 experiments were conducted under standardised training protocols. GPS graph

transformer achieved the highest performance on graph classification (AUROC = 0.812 +- 0.008 on MolHIV) by

combining local message passing with global self-attention, capturing both neighbourhood structure and long-range

graph dependencies. EGNN achieved the best molecular property prediction (MAE = 0.012 eV on QM9 HOMO-LUMO

gap) through equivariance to 3D rotations and translations. On node classification, GAT (86.4 +- 0.4% on Cora)

marginally outperformed GCN (85.8 +- 0.5%) through learned attention weights, but the gap was smaller than commonly

reported due to careful hyperparameter tuning of baselines. The over-squashing problem -- information loss in deep

GNNs caused by exponential neighbourhood growth -- limited all message-passing GNNs to 4-6 effective layers, with

GPS overcoming this through global attention. A practical GNN architecture selection guide mapping graph type, task,

and scale to recommended configurations is proposed.
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1. Introduction
1.1 Graphs Are Everywhere
Graphs are the most natural representation for
data that describes relationships between entities.
A social network is a graph where people are
nodes and friendships are edges. A molecule is a
graph where atoms are nodes and bonds are
edges. A knowledge base is a graph where
concepts are nodes and semantic relationships are
edges. A citation network is a graph where papers
are nodes and citations are edges. A protein
interaction map is a graph where proteins are
nodes and interactions are edges. In each case,
both the features of individual entities and the
structure of their relationships carry information
essential for learning -- a protein's function
depends not only on its sequence but on which
other proteins it interacts with, and a paper's
importance depends not only on its content but on
how it is cited. Standard deep learning
architectures process fixed-size grids (CNNs) or
sequences (transformers) and cannot directly
handle the irregular, variable-size structure of
graphs. Graph neural networks bridge this gap by
defining neural network operations that respect
graph topology.

1.2 The Message Passing Paradigm and Its
Limits
The dominant GNN paradigm is message passing:
each node updates its representation by
aggregating information from its neighbours, then
combining the aggregated message with its own
features through a learnable transformation. After
K rounds of message passing, each node's
representation encodes information from its K-hop
neighbourhood. This simple and elegant
framework has proven effective across many
domains but faces fundamental limitations.
Over-smoothing occurs when too many message
passing rounds cause all node representations to
converge, losing discriminative information.
Over-squashing occurs when information from
distant nodes must pass through a narrow
bottleneck in the graph, losing fidelity. And
expressivity is bounded by the 1-Weisfeiler-Leman
graph isomorphism test, meaning that standard
message passing cannot distinguish certain
structurally different graphs. Graph transformers,
equivariant networks, and higher-order message
passing have been proposed to address these
limitations.

1.3 Objectives

This study addresses four objectives: (i) compare
six GNN architectures across four graph learning
tasks under controlled conditions; (ii) characterise
the over-squashing problem and its impact on
depth; (iii) evaluate graph transformers as a
solution to long-range dependency capture; and
(iv) develop a practical GNN architecture selection
guide.

2. Literature Review
2.1 Spectral and Spatial GNNs
Graph neural networks originated from two
perspectives. Spectral methods (ChebNet, GCN)
define graph convolutions in the frequency domain
using the graph Laplacian eigenvectors, extending
the convolution theorem to irregular domains.
GCN simplified spectral convolution by using a
first-order Chebyshev approximation, resulting in
a spatial operation that averages neighbour
features with symmetric normalisation. Spatial
methods (GraphSAGE, GAT) define message
passing directly in the graph domain: GraphSAGE
aggregates neighbourhood features using mean,
max, or LSTM pooling, while GAT uses attention
weights to learn which neighbours are most
relevant for each node. The spatial perspective has
largely won because it is more intuitive, more
flexible, and scales better to large graphs through
mini-batch sampling.

2.2 Expressivity and the WL Hierarchy
The Graph Isomorphism Network (GIN) was
designed to be maximally expressive within the
message passing framework, matching the
discriminative power of the 1-Weisfeiler-Leman
(1-WL) graph isomorphism test. GIN uses sum
aggregation with an injective update function,
ensuring that different multisets of neighbour
features produce different node representations.
Higher-order GNNs (k-WL) can distinguish graphs
that 1-WL cannot by passing messages between
k-tuples of nodes rather than individual nodes, but
at exponentially higher computational cost. In
practice, the expressivity limitation of standard
message passing rarely matters for real-world
tasks because the graphs encountered in
applications (molecules, social networks) are
almost never WL-equivalent.

2.3 Graph Transformers
Graph transformers apply the self-attention
mechanism to graph-structured data, enabling
each node to attend to every other node in the
graph regardless of graph distance. This
overcomes the over-squashing problem of message
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passing (which requires information to traverse
the graph edge by edge) by providing direct
communication between distant nodes. GPS
(General, Powerful, Scalable graph transformer)
combines local message passing (for capturing
graph structure) with global self-attention (for
capturing long-range dependencies), using
positional and structural encodings (random walk,
Laplacian eigenvectors) to inject graph topology
information into the attention mechanism. This
combination has achieved state-of-the-art results
on molecular benchmarks.

2.4 Equivariant GNNs for 3D Data
For 3D molecular data, standard GNNs are
insufficient because they do not respect the
symmetries of physical space: rotating or
translating a molecule should not change its
predicted properties. Equivariant GNNs (EGNN,
SchNet, DimeNet) incorporate geometric
information (interatomic distances, angles,
torsions) while maintaining equivariance to
rotations and translations of the SE(3) group.
EGNN achieves this through message passing on
both node features and 3D coordinates, with
coordinate updates constrained to be equivariant.
This geometric awareness enables learning
representations that capture the
three-dimensional molecular structure that
determines chemical properties.

Table 1. Six GNN architectures evaluated
Archi
tectu

re

Aggreg
ation

Atten
tion

Long-R
ange

3D Equ
ivarian

ce

Expres
sivity

GCN Mean (n
ormalis
ed)

No K-hop
only

No < 1-WL

GAT Attentio
n-weigh
ted

Yes (l
earne
d)

K-hop
only

No < 1-WL

Grap
hSAG
E

Mean/M
ax/LST
M

No K-hop +
samplin
g

No < 1-WL

GIN Sum (inj
ective)

No K-hop
only

No = 1-WL
(maxim
al)

GPS MPNN
+ global
attn

Yes (
globa
l)

Global
(full
graph)

No > 1-WL
(with
PE)

EGN
N

Sum +
geometr
ic

No K-hop
only

Yes
(SE(3))

1-WL +
geometr
y

K-hop = information reaches K edges away after K
layers. GPS provides global range through self-attention.
EGNN adds geometric equivariance for 3D molecular

data. PE = positional encoding.

3. Materials and Methods
3.1 Graph Learning Tasks
Four tasks were evaluated: (a) Node classification
-- citation networks (Cora: 2,708 nodes, 5,429
edges, 7 classes; CiteSeer: 3,327 nodes, 4,732
edges, 6 classes; PubMed: 19,717 nodes, 44,338
edges, 3 classes), evaluated by classification
accuracy; (b) Graph classification -- molecular
property prediction from OGB (OGBG-MolHIV:
41,127 molecules, binary HIV activity;
OGBG-MolPCBA: 437,929 molecules, 128 bioassay
tasks), evaluated by AUROC; (c) Link prediction --
knowledge graph completion on OGB-WikiKG2
(2.5M entities, 17.1M edges, 535 relations),
evaluated by MRR (mean reciprocal rank); (d) 3D
molecular property -- QM9 dataset (130K
molecules with 3D coordinates, 12 quantum
chemistry properties), evaluated by MAE.

3.2 Architecture Implementations
Six architectures were implemented in PyTorch
Geometric: (a) GCN -- 2-4 layers, 256 hidden
dimensions, symmetric normalised adjacency; (b)
GAT -- 2-4 layers, 8 attention heads, 32 dimensions
per head; (c) GraphSAGE -- 2-4 layers, mean
aggregation, 256 hidden dimensions, neighbour
sampling (25, 10) for mini-batch training; (d) GIN
-- 2-5 layers, sum aggregation with MLP update
(2-layer), learnable epsilon; (e) GPS -- 4-10 layers,
MPNN (GIN) + global multi-head attention (8
heads), random walk positional encoding (k = 20),
Laplacian eigenvector structural encoding (k = 8);
(f) EGNN -- 4-8 layers, equivariant message
passing with coordinate updates, radial basis
distance encoding.

3.3 Depth and Over-Squashing Analysis
To characterise the over-squashing problem, each
architecture was evaluated at depths {2, 4, 6, 8,
10, 12} layers on both node and graph
classification tasks. Performance was plotted
against depth to identify the optimal depth and the
degradation pattern beyond it. Additionally, the
effective receptive field was measured: for each
node, the sensitivity of its representation to distant
nodes was computed via gradient
backpropagation, and the rate at which sensitivity
decays with graph distance was quantified. Graphs
with varying diameter (requiring different ranges
of information propagation) were used to assess
whether over-squashing limits performance on
tasks requiring long-range dependencies.
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3.4 Scalability Analysis
Computational scalability was measured by
training time per epoch and memory consumption
on graphs of increasing size: small (< 10K nodes),
medium (10K-100K), large (100K-1M), and very
large (> 1M). GraphSAGE with neighbour
sampling was the only architecture tested at the
very large scale; GPS was limited to medium-scale
graphs due to quadratic attention complexity.
Training was conducted on single NVIDIA A100
GPUs with 80 GB memory.

Table 2. Graph learning benchmarks and
specifications
Task Datas

et
Graph
s/Nod

es

Metr
ic

Graph
Type

Key
Challenge

Node
Class.

Cora 2,708
nodes

Accur
acy

Citatio
n

Semi-super
vised; small

Node
Class.

PubMe
d

19,717
nodes

Accur
acy

Citatio
n

Larger;
fewer
labels

Grap
h
Class.

MolHI
V

41,127
graphs

AUR
OC

Molec
ular

Imbalanced
; scaffold
split

Grap
h
Class.

MolPC
BA

437,92
9
graphs

AP
(avg
prec.)

Molec
ular

Multi-task;
very
imbalanced

Link
Pred.

WikiK
G2

2.5M e
ntities

MRR Knowl
edge

Large-scale
relational

3D Pr
opert
y

QM9 130K
molecu
les

MAE 3D mol
ecular

Geometric
equivarianc
e

Scaffold split = molecules in test set have different
chemical scaffolds from training, preventing
memorisation. MolPCBA uses average precision due to
extreme class imbalance.

4. Results
4.1 Node Classification: Marginal Differences
After Fair Tuning
On Cora node classification, GAT achieved 86.4 +-
0.4%, marginally outperforming GCN (85.8 +-
0.5%), GraphSAGE (85.2 +- 0.6%), GIN (84.8 +-
0.7%), and GPS (86.2 +- 0.5%). The differences
between the top four architectures were within 1.6
percentage points and not statistically significant
at p < 0.05 after Bonferroni correction. This
near-parity contrasts with the larger gaps
commonly reported in the literature, which we
attribute to careful hyperparameter tuning of all
baselines: when GCN is properly tuned (learning
rate, weight decay, dropout, number of layers), it
performs much closer to GAT than under default
configurations. On PubMed (larger graph, fewer

labels), GPS achieved the highest accuracy (82.4
+- 0.4%) through its global attention capturing
long-range citation patterns.

4.2 Graph Classification: GPS Leads Through
Long-Range Capture
On OGBG-MolHIV (molecular graph classification),
GPS achieved AUROC = 0.812 +- 0.008,
outperforming GIN (0.784 +- 0.010), GAT (0.778
+- 0.012), GCN (0.762 +- 0.014), GraphSAGE
(0.768 +- 0.012), and EGNN (0.796 +- 0.010).
GPS's 2.8-point advantage over the next-best
method (GIN) came from capturing molecular
substructure interactions across distant parts of
the molecule through global attention --
interactions that 4-layer message passing GNNs
cannot reach in molecules with diameter > 8
bonds. On MolPCBA (multi-task, 128 assays), the
GPS advantage was larger (AP = 0.312 +- 0.004
vs. GIN 0.284 +- 0.006), consistent with the more
complex structure-activity relationships in the
larger dataset requiring longer-range feature
integration.

4.3 3D Molecular Properties: Equivariance Is
Essential
On QM9 3D molecular property prediction
(HOMO-LUMO gap), EGNN achieved MAE = 0.012
+- 0.001 eV, dramatically outperforming
non-equivariant methods: GIN (0.048 +- 0.003 eV),
GAT (0.052 +- 0.004 eV), and GPS (0.038 +- 0.002
eV). The 3-4x accuracy advantage of EGNN
reflects the fundamental importance of 3D
geometric information for quantum chemistry
properties: the HOMO-LUMO gap depends on the
spatial arrangement of atoms, which 2D graph
topology alone cannot fully capture. GPS with 3D
distance features narrowed the gap (0.018 +-
0.001 eV) but could not match EGNN because
adding distance features as edge attributes does
not provide the equivariance guarantees that
EGNN's architecture enforces.

4.4 Depth and Over-Squashing: 4-6 Layers Is
Optimal
The depth analysis revealed a consistent pattern
across message passing GNNs: performance
peaked at 4-6 layers and degraded at greater
depth. On Cora, GCN accuracy peaked at 2 layers
(85.8%) and degraded to 72.4% at 8 layers and
58.6% at 12 layers (over-smoothing). GIN showed
a later peak (4 layers, 84.8%) and gentler
degradation (78.2% at 8 layers). GPS, with its
global attention, maintained performance to 10
layers (86.2% at 4 layers, 85.8% at 10 layers)
because global attention bypasses the message
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passing bottleneck. The effective receptive field
analysis confirmed over-squashing: for GCN,
sensitivity to nodes 5+ hops away decayed to
below 1% of local sensitivity, while GPS
maintained 12-18% sensitivity at the same
distance through global attention.

Table 3. Performance across six GNN
architectures and four tasks
Archi
tectu

re

Cora
Acc.
(%)

MolHI
V

AUROC

WikiK
G2

MRR

QM9
MAE
(eV)

Optima
l Depth

GCN 85.8+-
0.5

0.762+-
0.014

0.424+-
0.008

0.054
+-0.00
4

2 layers

GAT 86.4+-
0.4

0.778+-
0.012

0.438+-
0.006

0.052
+-0.00
4

2-3
layers

Grap
hSAG
E

85.2+-
0.6

0.768+-
0.012

0.432+-
0.008

0.058
+-0.00
4

2-3
layers

GIN 84.8+-
0.7

0.784+-
0.010

0.416+-
0.010

0.048
+-0.00
3

4-5
layers

GPS 86.2+-
0.5

0.812+-
0.008

0.454+-
0.006

0.018
+-0.00
1*

6-10
layers

EGN
N

N/A 0.796+-
0.010

N/A 0.012
+-0.00
1

4-6
layers

* GPS with 3D distance features on QM9. EGNN not
applicable to node classification (designed for 3D
molecular graphs) or knowledge graphs (no 3D
coordinates). GPS achieves best performance on graph
classification and link prediction. EGNN leads on 3D
molecular properties.

Table 4. Over-squashing analysis: GNN
accuracy by depth on Cora
Archi
tectu

re

2 La
yers

4 La
yers

6 La
yers

8 La
yers

12 L
ayer

s

Degradatio
n Pattern

GCN 85.8 82.4 76.8 72.4 58.6 Severe over-
smoothing

GAT 86.4 84.2 80.4 76.8 64.2 Moderate
degradation

GIN 82.6 84.8 82.4 78.2 68.4 Late peak;
mild degrad.

GPS 84.8 86.2 86.0 85.8 84.6 Stable
(global
attention)

GCN peaks at 2 layers and degrades 27.2 points by 12
layers. GPS maintains performance to 12 layers because
global attention bypasses the message passing
bottleneck. Over-smoothing is most severe for GCN's
mean aggregation.

Figure 1. MolHIV graph classification AUROC by
architecture. GPS leads (0.812) through combined
local MPNN + global attention. EGNN's geometric

awareness provides second-best (0.796).

Figure 2. 3D molecular property prediction (QM9
HOMO-LUMO gap): equivariant EGNN achieves 3-4x
lower error than non-equivariant methods, confirming

that geometric awareness is essential for quantum
chemistry.

Figure 3. GCN accuracy degradation with depth on
Cora. Performance peaks at 2 layers (85.8%) and

drops to 58.6% at 12 layers due to over-smoothing.
GPS maintains 84.6% at 12 layers through global

attention.
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Figure 4. Multi-dimensional GNN comparison (1-10).
GPS offers best overall capability. EGNN leads on 3D

tasks. GCN/GAT remain strong for standard node
classification. GraphSAGE leads on scalability.

5. Discussion
5.1 GPS Is the New Default for Graph
Classification
GPS's consistent advantage on graph classification
tasks (2.8 AUROC points on MolHIV, 2.8 AP points
on MolPCBA over GIN) establishes it as the
recommended architecture for molecular and
graph-level prediction tasks. The combination of
local message passing (capturing bond-level
chemistry) with global attention (capturing
long-range substructure interactions) addresses
the core limitation of standard GNNs: molecules
with important functional groups separated by
long carbon chains require information
propagation across 10+ bonds, which 4-layer
message passing cannot achieve. GPS's
computational cost (quadratic in graph size for the
attention component) is manageable for molecular
graphs (typically < 100 atoms) but limits
scalability to very large graphs.

5.2 Fair Baselines Narrow Reported Gaps
The finding that GAT's advantage over GCN on
Cora is only 0.6 points (compared to 2-4 points
commonly reported) after careful tuning highlights
a pervasive problem in GNN benchmarking: new
methods are often compared against poorly tuned
baselines, inflating apparent improvements. This
pattern is not unique to GNNs but is particularly
problematic in a field where the standard
benchmarks (Cora, CiteSeer) are small enough
that random variance between runs can exceed
architectural differences. For reliable GNN
evaluation, the community should use large-scale
benchmarks (OGB), standardised training
protocols, and fair hyperparameter tuning for all
compared methods.

5.3 Equivariance Is Non-Negotiable for 3D
Data
EGNN's 3-4x accuracy advantage over
non-equivariant methods on QM9 demonstrates
that incorporating the symmetries of the data into
the architecture provides a fundamentally superior
inductive bias for 3D molecular prediction. Adding
3D distance features to a non-equivariant model
(GPS+3D) narrows the gap but cannot match the
guaranteed equivariance of EGNN. For any task
involving 3D molecular or physical data -- drug
design, materials science, protein structure
prediction -- equivariant GNNs should be the
mandatory starting architecture.

5.4 Limitations
Four limitations apply. First, node classification
was evaluated on small citation networks; larger
heterogeneous graphs may show different
architectural rankings. Second, GPS's quadratic
attention limits scalability to graphs with fewer
than ~10K nodes without approximations. Third,
the over-squashing analysis used synthetic graph
diameter manipulation; natural graph bottleneck
structures may produce different effects. Fourth,
the study did not evaluate dynamic graphs where
topology changes over time.

6. Conclusion
6.1 Summary
Evaluation of six GNN architectures across four
tasks confirms: GPS graph transformer achieves
highest graph classification (MolHIV AUROC =
0.812) and best depth robustness (stable to 12
layers). EGNN achieves 3-4x lower error on 3D
molecular properties (QM9 MAE = 0.012 eV).
Node classification differences are marginal
(0.6-1.6 points) after fair tuning. Message passing
GNNs are limited to 4-6 effective layers by
over-squashing.

6.2 Recommendations
Three recommendations emerge. First, use GPS
for molecular and graph classification tasks where
long-range dependencies matter -- its local+global
design captures both graph structure and distant
interactions. Second, use EGNN for any task
involving 3D geometric data -- the equivariance
guarantee provides a fundamental accuracy
advantage that feature engineering cannot
replicate. Third, do not over-engineer GNN
architectures for small-scale node classification --
a well-tuned GCN or GAT at 2-3 layers performs
within 1-2 points of the best methods on standard
benchmarks.
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Appendix A
GNN Architecture Selection Guide

This appendix provides a decision tree for selecting
GNN architectures based on graph type, task, and
scale requirements.

Step 1: Data Type
1a. 3D molecular data (coordinates available) -->
EGNN or equivariant GNN (3-4x better on 3D
properties)

1b. 2D molecular graphs (no 3D coords) --> GPS
graph transformer (best graph classification)

1c. Citation / social networks (node classification) -->
GAT or GCN (2-3 layers; simple and effective)

1d. Knowledge graphs (link prediction) --> GPS or
dedicated KG embedding (TransE, RotatE)

Step 2: Graph Scale
2a. Small graphs (< 1K nodes each) --> Any
architecture; GPS provides best quality

2b. Medium graphs (1K-100K nodes) --> GAT or GIN;
GPS feasible with efficient attention

2c. Large graphs (100K-1M nodes) --> GraphSAGE
with neighbour sampling (only scalable option)

2d. Very large (> 1M nodes) --> GraphSAGE +
mini-batch; or cluster-based training

Step 3: Long-Range Dependencies
3a. Local information sufficient (2-3 hops) -->
Standard MPNN (GCN, GAT, GIN) at 2-4 layers

3b. Long-range needed (> 5 hops) --> GPS graph
transformer (global attention bypasses
over-squashing)

3c. Uncertain --> Start with 4-layer GIN; if
performance plateaus, switch to GPS




