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Abstract

Recently, researchers have focused on methods that not only
distill knowledge from a Graph Neural Network (GNN) into
a Multi-Layer Perceptron (MLP) but also leverage multiple
teacher GNNs. However, existing methods assign a single at-
tention weight to each teacher GNN. We propose a Node-
Aware Attention Mechanism (NAAM) that flexibly adjusts
the attention weight for each node to leverage multiple GNNs
fully. Experimental results show that NAAM outperforms ex-
isting GNN-to-MLP methods. our source code is available at:
https://github.com/Nakayamaltsuki/NAAM.

Introduction

Graph Neural Networks (GNNs) have achieved signifi-
cant success in various graph-based machine learning tasks.
However, in real-world applications, the slow inference
speed of GNNs poses a major challenge. This issue stems
from the need for GNNss to fetch from memory not only the
information of the target node but also that of its neighboring
nodes during inference. Several approaches employ knowl-
edge distillation from a GNN to a Multi-Layer Perceptron
(MLP), achieving comparable or even better accuracy than
the GNN. Recent research, such as MTAAM (Yang et al.
2024), leverages multiple teacher GNNs to improve the ac-
curacy of student MLP. However, MTAAM assigns a sin-
gle attention weight to each teacher GNN, assuming that all
GNNs have the same importance for all nodes in the graph.
We propose a Node-Aware Attention Mechanism (NAAM)
that leverages the strengths of multiple GNNs at a node level
by flexibly adjusting the attention weight for each node.

Methodology

An overview of the proposed model is shown in Figure 1.
Notations. We focus on a node classification task with the
number of classes denoted as C. The set of nodes is rep-
resented by V and the total number of nodes is denoted as
N. There are K pre-trained teacher GNNs, each labeled
as t; where k£ = 1,2,..., K. Its output is denoted by
Z' ¢ RVXC and the output of the student MLP is rep-
resented as Z* € RV*C,
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Figure 1: Overview of the proposed method.

Formulation of Knowledge Distillation Loss. The train-
ing of the student MLP through knowledge distillation is
achieved by minimizing the loss Lyp in Equation (1).
Specifically, the first term, denoted as the Cross-Entropy loss
Lcg, makes predicted labels y of the student MLP closer
to true labels y,,, while the second term, represented by the
Kullback-Leibler divergence loss L, aligns the estimated
label distribution y* of the student MLP with the soft label
distribution y®sill which integrates the outputs from multi-
ple GNNSs (to be described later). The temperature parameter
T and the balancing parameter Ay are used to appropriately
scale and balance these two terms.
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Formulation of the Node-Aware Attention Mechanism.
We introduce node-aware attention «,,; by multiplying it
with the embeddings Z‘* obtained from each of the K
teacher GNNs. This process generates the soft labels ydisti!
for each node v, which are then used to train the student
MLP. This attention mechanism allows for flexible adjust-
ment of the importance of each teacher GNN at node level
on the learning of the student MLP.
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Non KD methods

KD methods

Datasets Eval AGLNN+  AMTAAM
GNN#* MLP GLNN#* MTAAM NAAM
prod  79.7 58.7 74.0 73.5 75.0 11.35%  12.04%
Cora ind 81.44+20 586+1.6 70.3+1.8 682+1.7 71.24+1.8 11.28% 14.40%
tran 781+ 1.6 58.7+18 T778+25 787422 788+22 11.29% 10.13%
prod 70.3 58.0 70.3 70.0 714 T1.56% 1 2.00%
Citeseer ind 724+14 576+£1.6 70.1£20 693+19 70.8+£23 11.00% 12.16%
tran 68.1+£14 583419 705£16 T706+£20 719423 11.99% 11.84%
prod 75.3 68.9 75.5 75.2 76.4 1.19% 1 1.60%
Pubmed ind 76.1+21 688416 752421 75.1+21 76.3+22 11.46% 11.60%
tran 745+2.0 689+1.5 75.8+22 754+24 76.5+24 1092% 11.46%
prod 833 66.9 82.0 81.9 82.9 11.10% 11.22%
A-computer ind 835+1.2 67.1+25 804+13 80.6+1.6 81.5+1.4 1 1.37% 11.12%
tran 83.0+13 66.7+27 835+17 833+20 843+1.6 10.96% 11.20%
prod  90.5 76.9 90.4 90.7 90.8 1044% 1 0.11%
A-photo ind 90.74+0.8 772415 892414 89.4+£08 894409 10.22% 0.00%
tran 90.2+08 76.7+1.8 91.6+14 9214+1.0 9234+09 10.76% 10.22%

Table 1: Comparison of knowledge distillation methods. The “GNN*” represents the highest test accuracy among the GNNss,
and the “GLNN*” represents the highest test accuracy when each GNN is used as a teacher. Bolded text indicates the best

results, and underlined text indicates the second-best results.

Learnable Attention Computation Algorithm. Negative
Kullback-Leibler divergence is used as the scoring metric,
and softmax is applied to calculate the Attention . To
achieve more effective Attention weights, learnable weights
W,, W, € R *C and biases b,,b; € RS are employed
to linearly transform the outputs of both the GNNs and the
MLP.

Suk = _DKL<WSZ1S) + bs H Wtz?uk + bt)
a, = softmax ([sy1, Sv2," " , Svk))

3)
“

Optimization of the Attention Mechanism. In addition to
the cross-entropy loss Ly, on validation data, a smoothing
loss Lsmoom 1s introduced (in Equation (7)) to mitigate ex-
treme fluctuations in Attention weights. Furthermore, the
optimization of the Attention Mechanism is performed at the
end of every training epoch. This allows for dynamic adapta-
tion to the evolving learning landscape and better integration
of knowledge from the teacher models.

Eval = ZUGVW.[ £CE (yiislill7 yv) (5)
Lsmooth = Zvey ”aqc)ur - agrev”Q ©6)
Latl = ‘Cval + /\smoothﬁsmoolh (7)

Experimental Evaluation

Datasets. By following the MTAAM study (Yang et al.
2024), we utilize five publicly available benchmark datasets:
Cora, Citeseer, Pubmed, A-computer, and A-photo.

Settings. The student MLP is configured with two lay-
ers and a hidden dimension of 64. Parameters for the At-
tention Mechanism are set as follows: T’ 1, A\
0.0, Asmootn = [0,3], and C’ 64. We employ five
well-known teacher GNN models: GCN (Kipf and Welling
2017), GAT (Velickovi¢ et al. 2018), SGC (Wu et al. 2019),
APPNP (Gasteiger, Bojchevski, and Giinnemann 2019),
GCNII (Chen et al. 2020). We conducted experiments in
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Figure 2: Accuracy vs. Inference Time.

an inductive setting (50% of test nodes were unseen during
training) to evaluate the accuracy in real-world scenarios.
Compared Baselines. To demonstrate the effectiveness of
our method, we compare it with GLNN (Zhang et al.
2022) and MTAAM. GLNN employs a single teacher GNN
for knowledge distillation, while MTAAM utilizes multiple
teacher GNNss for the distillation process. In addition, all KD
methods use the above five GNN models as teachers
Experimental Results. Table 1 shows that NAAM achieves
higher accuracy than baseline methods. By leveraging mul-
tiple GNNs, our approach captures structural information in
graph data without explicitly including the graph structure
in the input, producing a structurally informed MLP. This
demonstrates the effectiveness of our node-aware attention
mechanism in enhancing GNN-to-MLP distillation.
Comparison of Inference Speed and Accuracy. Figure 2
compares average inference speed and accuracy across all
datasets, showing that NAAM is more accurate than other
KD methods and faster than GNN methods, making it a
viable option for real-world applications balancing perfor-
mance and computational demands.
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