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Summary Proposed Model: AERO-GNN

Experimental Results
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- To mitigate the problems, we propose a novel GNN architecture, Attentive dEep
pPROpagation-GNN (AERO-GNN)

Webpage Graphs Perf.: Mean * StDev

I' = diag(y;) € R*™*" is hop att.
k is #(layers), n is #(nodes)

d is #(dimensions), c is #(classes)
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- AERO-GNN significantly outperforms the baselines
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* Theoretical and Empirical Results
- AERO-GNN provably mitigates the proposed problems
- AERO-GNN outperforms baselines models in node classification task by learning

- AERO-GNN first transforms input feat. X with an MLP,
then propagates the feat. H®) with edge att. A% and hop att. I'(®)
to learn the final node representation Z(®.
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- Non-linearity: MLP layer to compute att. coef.
- Softplus: Positively map att. coef.
- Normalization: Symmetric normalization used

- Graph representation learning neural network
- Can solve various downstream tasks on graphs
- To enhance it expressiveness:

vl Graph Attention
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* Performance Over Layers
- AERO-GNN’s perf. Increases
over layer k (RED line trend)

- AERO-GNN achieves higher
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* Computing Hop Attention
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- Can existing attention-based GNNs remain Node: Product Node: User Vi o = ( hop) J(H HZ ) + bhop * Post-Hoc Analysis of Att.

Edge: Co-Purchased Edge: Follow - AERO-GNN (RED) learns the most adaptive att. coef., when stacked deep layers
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expressive over deep layers? - Input: Z®) enables att. function to consider

node feat. H) from all previous layers
- Non-linearity: MLP layer to compute att. coef.
- Negative Att.: Allows negative attention coefficient
- Node-Adaptive: Each node may have different hop att.
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* Graph Attention
- Intuition: Relational importance among node pairs
- For GNNs, att. coefficient is the weight for feat.
propagation
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 Edge-Attention GNNs
- Intuition: Learn neighbor importance within each hop

- Edge Attention Matrix: A% = ( (]")) e RMX

otw. node i and j at layer k

- Problem 1: Vulnerability to Over-Smoothing

vl (Informal) The att. coef. become identical for over-smoothed node feat.
- Problem 2: Smooth Cumulative Attention T

vl (Informal) Cumul. att. vectors Tgk) become identical for nodes i at deep layer
v] Cumulative Attention Matrix T

= Intuition: Expresses att. at k' layer, considering both edge and hop att.
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Edge Attention
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- AERO-GNN’s (RED) cumul.

att. T js the least smooth
(high smoothness score),

and often un-smoothes
(increasing smoothness score)

| a(k) is an edge att. coef.

- Feature Propagation: Weighted for direct neighbors
- Propagation Function: H'®) = gk gk=1)
vl H'® is an agg. of node feat. H*~1, based on 4%

- Models: GATs, FAGCN, etc. .

Smoothness

Properties of Attention Functions

- Att. function of AERO-GNN is the most flexible, with many desirable properties

- The properties allows only AERO-GNN to provably mitigate the proposed
problems of deep graph att.

Discussion: Implications

* Hop-Attention GNNs
- Intuition: Learn neighbor importance of each hop

- Hop Attention Matrix: T'®) = diag (yf )) e RM*™

Hop Attention

We Bridged the Two

Attention-Based GNNs

A larger focus has been

Deep GNNs

Making deeper GNNs have
been an important setback to

Resistance Non-
to Over- Smooth
Smoothing Cumul. Att.

Node-
Adaptive

Edge &

| y(k)ls a hop att. coef. of node i for k-hop neighbors
- Feature Propagation: Weighted for k-hop neighbors

Use Z as Use MLP to Negative
Model
Input Score Att. Att.

Hop Att. The two are

- Propagation Function: Z(® = Zf o TOH® GATV2 X X O X X X X placed on des.igning a more complementary
= Y5 o TOA'HO - FAGCN X O O O X A X expressive layer GNN research
V] 73 is an agg. of node feat. H®, based on I'® and e ‘/ GPRGNN X X X O X X X - with new designs - over-smoothing - deep graph attention
- Models: DAGNN, GPRGNN, etc. S DAGNN X X X X O X X - with new loss terms - over-squashing - higher node cls. perf.
’ ’ AERO-GNN| O O O O O O O - with more feat. - over-correlation
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