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� GNNs suffer over-squashing, the phenomenon of exponentially growing information squashed 
into a fixed-sized representation[1].

� To reduce the exponentially growing information, we aim to remove redundant nodes
in the computation graph of GNNs.

Motivation – redundancy in nodes

[1] One the bottlenecks of GNNs and Its Pratical Implications (ICLR 2021) 1
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Motivation – redundancy in nodes

� With non-backtracking[2], we remove the redundant nodes in the computation graph.

� Non-backtracking: preventing re-visits to previous nodes it came from.

� From a high-level, we do message-passing on edge features with neighbors selected by non-backtracking.

[1] LGNN, Redundancy-free message passing for graph neural networks (NeurIPS 2022)
[2] Supervised community detection with line graph neural networks (ICLR 2019)

Message passing on edge features with non-backtracking

2

Example of non-backtracking
Preventing re-visits to previous nodes it came from
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1) Construct edge-wise features 𝒉𝒊→𝒋 for each edge 𝑖 → 𝑗, considering directions.

Non-BAcktracking GNNs (NBA-GNNs)
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1) Edge-wise features considering directions
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1) Construct edge-wise features 𝒉𝒊→𝒋 for each edge 𝑖 → 𝑗, considering directions.

2) Update edge features 𝒉𝒊→𝒋 based on the non-backtracking, using a backbone GNN.

ℎ!→# = UPDATE( ℎ!→#, AGG ℎ#→$: 𝑘 ∈ 𝒩 𝑗 \ 𝑖 )

Non-BAcktracking GNNs (NBA-GNNs)

1) Edge-wise features considering directions 2) Update feature based on non-backtracking
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Updated feature Neighbors selected by Non-backtracking
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1) Construct edge-wise features 𝒉𝒊→𝒋 for each edge 𝑖 → 𝑗, considering directions.

2) Update edge features 𝒉𝒊→𝒋 based on the non-backtracking, using a backbone GNN.

3) Compute node-wise representations 𝒉𝒊, based on incoming & outgoing edges.

Non-BAcktracking GNNs (NBA-GNNs)

1) Edge-wise features considering directions 3) Computation graph for node 22) Update feature based on non-backtracking
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� Drawbacks of non-backtracking

� Dangling nodes: nodes with only one neighbor, e.g., node 0.

� The information gets stuck, failing to be propagated.

� Begrudgingly backtracking[1]

� In these cases backtracking updates are allowed, e.g., updating ℎ!→# with ℎ#→!.

[1] Faster clustering via non-backtracking random walks

Begrudgingly backtracking
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� Thm. 1 NBA-GNN mitigates over-squashing.
� Sensitivity has been used to assess over-squashing, where higher sensitivity results less over-squashing[1].

� We show the sensitivity upper bound for NBA-GNN is larger than that of conventional GNNs.

� Thm. 2 NBA-GNN enhances the expressivity power.

� Non-backtracking inhibits a spectral separation property for vertex community detections[2].

� We used this to analyze that NBA-GNN can distinguish graphs generated by ER / SBM[3].

Theoretical analyses

[1] Understanding over-squashing and bottlenecks on graphs via curvature (ICLR 2022)
[2] Non-backtracking spectra of weighted inhomogeneous random graphs (Mathematical and Statistic and Learning 2022)
[3]  Non-backtracking spectrum of random graphs: community detection and non-regular ramanujan graphs (IEEE 2015) 7
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Experiment results

Show improvements regardless of the backbone GNN

8

� Long-range graph benchmark (lrgb)
� Graph datas where over-squashing is likely to happen.



Experiment results (cont.)
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First, Second, Third

Show competitive results 
against baselines



Thank you
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Appendix
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A. Ablation study – non-backtracking

Q. Is non-backtracking really effective?

A. We compare “non-backtracking” & “backtracking” in PascalVOC-SP, peptides-func dataset
� Backtracking: update ℎ$→%&'# using ℎ%→$&

Regarldess of the number of layers, non-backtracking outperforms backtracking
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B. Ablation study – begrudgingly backtracking

Q. Is begrudgingly backtracking really effective?

A. We verify the effectiveness of begrudgingly(BG.) in peptides-func dataset
� Pascal-VOCSP does not have dangling nodes

Begrudgingly backtracking consistently improves performance
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C. Experiment – Transductive node classification

� Experiments on citation networks and heterophilic graphs

Shows improvements almost regardless of the backbone GNN 
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