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Abstract

Graph Neural Networks (GNNs) have emerged as a powerful
tool for modeling graph-structured data, exhibiting remark-
able potential in applications such as social networks, rec-
ommendation systems, and molecular structures. However,
the conventional GNNs perform node-level feature aggre-
gation from neighbors without considering graph-label in-
formation, which leads to the misaligned embedding prob-
lem that may cause a detrimental effect on graph-level tasks
such as graph classification. In this paper, we propose a
novel label-attentive distillation method called LAD-GNN
for graph representation learning to solve this problem. It al-
ternatively trains a teacher model and a student GNN with
a distillation-based approach. In the teacher model, a label-
attentive encoder is proposed to encode the label informa-
tion fusing with the node features to generate ideal embed-
ding. In the student model, the ideal embedding is used as
intermediate supervision to urge the student GNN to learn
class-friendly node embedding to facilitate graph-level tasks.
Generally, LAD-GNN is an enhanced GNN training approach
that can be incorporated with arbitrary GNN backbone to im-
prove performance without significant increase of computa-
tional cost. Extensive experiments with 7 GNN backbones
based on 10 benchmark datasets show that LAD-GNN im-
proves the SOTA GNNs in graph classification accuracy. The
source codes of LAD-GNN are publicly available on https:
//github.com/XiaobinHong/LAD-GNN.

Introduction

Graph Neural Networks (GNNs) (Kipf and Welling 2016,
2017) are adept at converting unstructured data into low-
dimensional representations by effectively capturing both
node features and topological dependencies. The GNN
learning tasks broadly focused on node classification, link
prediction, and graph classification (You et al. 2021; Wang
et al. 2021), which have demonstrated their effective-
ness in various fields such as protein-to-protein interac-
tion (Nouranizadeh et al. 2021), molecular medicine (Li
et al. 2022b) information retrieval (Chen et al. 2022), etc.
This paper focuses on graph classification, a graph-level task
that aims to learn a graph representation with GNNs to pre-
dict the graph labels.

*Corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: (a) The pipeline of conventional GNN-based graph
classification. (b) Illustration of misaligned node embed-
dings and label embeddings for GraphSAGE on the MU-
TAG dataset, where different colors denote different graph
classes. (c) The violin plots of correlation statistics of
node/label embeddings on the MUTAG dataset. It shows that
our method has fewer negative correlations and much higher
positive correlation scores compared to the other GNNGs.

The conventional pipeline of GNN-based graph classifi-
cation is shown in Fig. 1 (a), which consists of the follow-
ing processes: (1) The input graph is fed into a GNN back-
bone to generate node embedding by aggregating neighbors’
information via message passing; (2) A graph-level repre-
sentation is formed by applying a readout function (e.g.,
graph pooling (Duvenaud et al. 2015)) on the node em-
bedding; (3) The graph representation is fed to a classi-
fier, which is trained with supervised labels and then ap-
plied for graph classification. However, a major issue of
the conventional GNN-based pipeline for graph classifi-
cation lies in that it conducts node embeddings without
considering graph-level information. As a result, the read-
out function pools the diverse local node embeddings to
form a global graph representation, which exists the em-
bedding misalignment problem that can jeopardize the ac-
curacy of graph-level task. For example, Fig. 1 (b) shows
the label embeddings and node embeddings with the popular
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GNN named GraphSAGE (Hamilton 2017) on the MUTAG
dataset, where different colors represent different classes.
According to the figure, the node embeddings are not in line
with their corresponding label embeddings, where a large
number of blue and red node embeddings are mixed up in
the feature space. We call it the “embedding misalignment”
phenomenon, where the diverse unaligned node embeddings
generated by GNNs lead to less discriminative representa-
tion among graph classes. For further explanation, we show
in Fig. 1(c) the statistics of correlation coefficients between
node embeddings and the corresponding label embeddings
for four widely used GNN backbones, i.e., GCN (Kipf and
Welling 2017), GAT (Velickovi¢ et al. 2018), GIN (Xu et al.
2019), and GraphSAGE on the MUTAG dataset. It shows
that there is a large ratio of node embeddings negatively cor-
related to the ground truth labels in all GNN backbones. To
address this issue, we propose a label-attentive design for
GNNss to integrate global graph information into node em-
bedding to improve graph-level tasks. As shown in Fig. 1(c),
the OURS approach yields a much higher proportion of pos-
itive correlations to the ground truth, which are more favor-
able for an ideal graph representation.

Specifically, this paper proposes a novel Label Attentive
Distillation method named LAD-GNN for graph represen-
tation learning to overcome the embedding misalignment
problem. The pipeline of the proposed LAD-GNN is il-
lustrated in Fig. 2, which consists of a two-phrase train-
ing processes and an inference step described as follows.
(1) Label-attentive teacher training: we propose an auxil-
iary neural network called label-attentive encoder that en-
codes the ground-truth into label embedding, which is atten-
tively combined with the node embedding generated by the
GNN backbone to form an ideal embedding. (2) Distillation-
based student learning: we train a student GNN to generate
class-friendly node embedding by distilling knowledge from
the teacher. The intuition is that the teacher model trained
with augmented labels can generate an informative feature
map to provide effective supervision for the student model.
We adopt a multi-task training paradigm to train the stu-
dent GNN to minimize a classification loss and an auxil-
iary distill loss, which can inherit the class-specific knowl-
edge from the teacher model and encourage the student to
generate class-friendly node embedding to facilitate graph-
level tasks. When model deployment, only the student model
works without graph labels, ensure no information leakage.

We empirically evaluate our method in graph classifica-
tion tasks on 10 benchmark datasets with 7 commonly used
GNN backbones and execute performance comparisons with
other 9 GNN training methods (such as manual/automated
graph augmentation methods and graph distillation meth-
ods). The experimental results demonstrate that LAD-GNN
significantly outperforms the original GNN backbones: it
achieves up to 16.8% accuracy improvement on the IMDB-
BINARY dataset with the GraphSAGE backbone. We also
perform extensive experiments for parameter sensitivity and
visualization for detailed analyses and asses.

Our major contributions are summarized as follows.

e We propose a novel label-attentive distillation method
called LAD-GNN for graph representation learning. It
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introduces a teacher model trained with an auxiliary la-
bel encoder to generate ideal embedding, and proposes
a distillation-like approach to train a student GNN with
intermediate supervision to learn class-friendly node em-
bedding. Generally, LAD-GNN is an enhanced GNN
training approach that can be incorporated with arbitrary
GNNs on graph-level tasks without significant increase
of computational cost.

* We introduce a novel label-attentive encoding architec-
ture design to encode the graph labels into the latent
space fusing with nodes embedding, and propose an aux-
iliary distillation supervision method to solve the embed-
ding misalignment problem, which can enhance the GNN
backbone to capture informative class-specific informa-
tion to facilitate graph-level task.

* We perform extensive experiments using 7 GNN back-
bones on 10 benchmark datasets to validate graph clas-
sification performances, and execute comparisons with
the state-of-the-art GNN training methods. Experimen-
tal results justify the superiority and effectiveness of the
proposed method.

Related Works
Graph Neural Networks

Graph Neural Networks (GNNs) have received tremendous
attention due to their superiority in a wide variety of graph
learning tasks (Park et al. 2020; Hong et al. 2021; Wang
et al. 2022). The pioneering work of GNN was the Graph
Convolutional Networks (GCN) (Kipf and Welling 2017),
which for the first time introduced the spectral convolu-
tion to graph data and employed the Chebyshev polyno-
mials to accelerate its training. Based on GCN, graph at-
tention networks (Velickovic¢ et al. 2018) dynamically learn
the weights (attention scores) on the edges when perform-
ing message passing and introduce the attention mechanism
into neighborhood aggregation. Graph Isomorphism Net-
work (GIN) (Xu et al. 2019) used the injective multiset
function for neighbor aggregation, which had been shown
to be as powerful as the 1-WL test in distinguishing graph
structures. As the prevalence of Transformer framework in
CV and NLP tasks, some studies (Rong et al. 2020a; Wu
et al. 2022; Miiller et al. 2023) applied Transformer for
GNNs, which incorporated the correlations between nodes
for neighborhood aggregation. The customizing GNNs for
graph-level tasks mainly focus on refining graph readout
strategies, which can be categorized into pooling meth-
ods (Bianchi, Grattarola, and Alippi 2020; Liu et al. 2022),
attention mechanism methods (Nouranizadeh, Matinkia, and
Rahmati 2021; Chen et al. 2023), and information theoretic-
based methods (Gao et al. 2021; Han et al. 2022).

Label Enhancement Methods

Labels are commonly used as supervision in the computing
loss function at the end of the output. There were plenty of
works that used label-enhanced techniques to boost model
training (Bengio, Weston, and Grangier 2010; Sun et al.
2017; Yang et al. 2021; Peng et al. 2022). The usage of label-
enhanced GNNs can be categorized under label-enhanced
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node embedding and graph structure optimization. In label-
enhanced node embedding (Wang 2021; Shi et al. 2020; Li
et al. 2022a), the labels were encoded to concatenate with or
sum up the node attributes to enhance feature representation.
Within the context of label-enhanced graph structure opti-
mization (Chen et al. 2019; Yang et al. 2021), labels played
a crucial role in the process of refining the adjacency matrix
to facilitate the unimpeded propagation of topological infor-
mation among nodes that share a common label. While the
existing label-enhancement GNNs mostly focused on im-
proving node-level tasks, our work for the first time intro-
duced a label-attentive approach to enhance GNN learning
for graph-level tasks.

Knowledge Distillation

Our method shares some common principles with knowl-
edge distillation (KD) (Hinton et al. 2015; Zhang et al.
2020b). Originally KD aims to reduce the model size when
deployed on devices with limited computational resources.
In KD, a large teacher model is trained first, and its predic-
tions are used as soft labels to supervise the training of a
small student model. There were a few works that adopted
KD for GNNs (Guo et al. 2023). Yang et al. proposed a
graph knowledge distillation framework, which can inject
the knowledge of an arbitrarily learned GNN model into
a well-designed student model (Yang, Liu, and Shi 2021).
Jing et al. trained a multi-talented student GNN that amalga-
mates knowledge from a couple of teacher GNNs with het-
erogeneous architectures to handle distinct tasks (Jing et al.
2021). Different from the existing GNN knowledge distilla-
tion works, our proposed distillation-like method introduces
a novel label-attentive encoder to generate ideal embedding,
which is used as intermediate supervision to train the student
GNN to generate task-friendly graph presentations.

Methodology
Problem Formulation

Given a graph dataset with known labels D = (G,)) =
{(G*,y")}N,, where G* € G is the i-th graph in the dataset.
Denoted by G* = (A%, X%), where A’ € R"™*"i is the adja-
cency matrix describing the link relationship of the nodes set
Vi, Xt € R™*4 is the node’s feature vector; and n,;, d are
the nodes number and feature dimension of the ¢-th graph
G respectively. The goal of graph representation learning
is to learn a low-dimensional embedding for each graph to
predict the label. Let Y = {y*}}¥, be the label set, where
y* denotes the y’-th class label and N is the dataset scale.
Without loss of generality, we omit the index ¢ thereafter to
simplify the description.

Overall Framework

The overall framework of LAD-GNN is shown in Fig. 2.
It contains a two-phase process that trains a teacher model
and a student model iteratively. Firstly, it proposes a label-
attentive teacher training method to train a teacher GNN to
generate label-augmented node embedding. Specifically, it
introduces an auxiliary neural network called label-attentive
encoder that encodes the ground-truth into label embedding
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and then combines the label embedding with the nodes em-
bedding generated by the GNN backbone using an attention
mechanism to form an ideal embedding, which is fed into the
readout function and classification head to predict the graph
label. The label-attentive encoder is jointly trained with the
GNN backbone to minimize the classification loss. Sec-
ondly, it applies a distillation-based student learning method
to train a student GNN model. In this phase, the ideal em-
bedding from the teacher model performs as intermediate
supervision to distill the student. As shown in the figure, the
student model shares a classification head with the teacher
model, and it trains the student GNN to minimize both the
classification loss and the distillation loss, which can inherit
the knowledge from the teacher model to generate class-
friendly nodes embedding to facilitate graph-level task.

Before getting into the details of label-attentive distilla-
tion, we first introduce the following general components
for GNN-based graph classification.

GNN Backbone. It is used to extract the node-level fea-
tures H = {H, |v € V}, where H,, € R? denotes node v’s
embedding which synthesizes the topology and initial node
attributes. A GNN layer can be simplify formalized as:

H{"D = UPT(H[), AGG({H{ |u € N.,})), Vv € V (1)

where Hq()lﬂ) denotes the v-th latent node representation of
the (1 + 1)-th layer; H(®) = X is initialized by the node fea-
ture matrix; N, denotes the neighbors of node v; AGG and
UPT are the aggregation and update function respectively.
The nodes embedding H is aggregated by the GNN back-
bone as:

H = f(A,X;0). 2)

Readout Function. It is used to form a graph-level repre-
sentation from the node embedding, which can be regarded
as a graph pooling operator:

Z¢ = POOL({H,|v € V}), 3)

where Z¢; € RY denotes the representation of graph G,
and d’ is the feature dimension. The average pooling (Duve-
naud et al. 2015) and max pooling (Xu et al. 2019) are the
common pooling operations, which treat all nodes equally.
Considering the importance of different nodes, there are also
some customized pooling operations, such as subgraph se-
lector (Wu et al. 2020; Li et al. 2020) and attention mecha-
nism (Lee, Lee, and Kang 2019).

Classification Head. It is used to predict graph labels
based on the pooled graph representations: J = ¢(Z; ¢,).

where Y € RN*¢ s the output one-hot prediction with
c classes, ¢4 is the classification head parameters and the
Multi-Layer Perceptron (MLP) is commonly employed.

Label-Attentive Teacher Training

As illustrated in Fig. 2, the teacher model consists of a
GNN backbone and a label-attentive encoder. Given a sam-
ple (G,y), we feed the graph G to the GNN backbone to
generate node representations. To align the node embedding
with the global label, we introduce a label-attentive encoder
architecture as follows.
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Figure 2: The overall framework of LAD-GNN. The pipeline consists of three steps: (1) Label-attentive training using known
labels to train a teacher GNN; (2) Distillation-based learning to train a student GNN; (3) Inference using the student GNN for

graph classification (without label input).

Label-Attentive Encoder. The label-attentive encoder
consists of a label encoder and several layers of attention
mechanisms and operations to form an ideal embedding.

Taking the ground-truth labels yg as input, the label en-
coder h(-) encodes the input to a latent embedding. In prac-
tice, we propose to use a Multi-Layer Perceptron (MLP):

Hl = h(yG|G € g)7

where H; is the label embedding of graph G.

The attention mechanisms work similarly to the popu-
lar Transformer (Vaswani et al. 2017) architecture. The la-
bel embedding and the node embedding from the teacher
GNN go through a layernorm (LN) to alleviate covariate
shift, and then are fed into a scaled dot-product attention
layer for feature fusion. The add & normalization opera-
tion is used to alleviate internal covariate shift and enhance
the independence between features. The feed-forward net-
work (FFN) processes the output of the attention layer to
form a higher-level latent representation. This architecture
enables the model to capture intricate relationships between
label and node embeddings, in the meanwhile enhancing
model expressiveness by adding nonlinearity. The overall
operations can be formulated as:

“

QK"
Vdy,

H() = FFN(LN(H, + H,)) + H.,,
where H; is the label embedding generated by the label en-
coder; H,, is the node embedding generated by the GNN
backbone; Q = H;W< is the label embedding projection;
K = HWE and V = H,WV are the node embed-

dings projections; and 7 is the attention temperature coef-
ficient (Zhang et al. 2021).

H,, =Attention(H,, H;) = Softmax(

: T)V7

8502

Teacher Model Training. The teacher model employs
the GNN backbone and the label-attentive encoder to gener-
ate ideal embedding, which flows into the readout function
and the shared classification head to output the prediction
label JA) The objective function of teacher model training is
the cross entropy for graph classification:

N

5 3 (s log(i) + (1~ yi) log(1 — ). (©)

i=1

Lcls =

Distillation-based Student Learning

As shown in Fig. 2, the student model learns from the
teacher model with knowledge distillation, and it shares the
classification head with the teacher model. During inference,
a graph G is input into the student GNN to generate node
representations, which are fed into the readout function and
the classification head to predict its corresponding label 4.

Specifically, after the teacher model is trained to con-
verge, we use the teacher model’s output, i.e., the ideal
embedding, as intermediate supervision to guide the stu-
dent’s GNN backbone to learn enhanced node embedding
with a distillation-like method. We use H(™), H(®) to denote
the node embeddings extracted from the teacher GNN and
the student GNN respectively. To distill the class-dependent
knowledge from the teacher to the student model, we aim
to minimize the following distillation loss representing as a
Mean Square Error (MSE):

N
_ 1 (T) (912
Edis - NZHHZ 7Hi ||2

i=1

(7

The training of student model is a multi-task paradigm
that urges the student GNN to generate ideal embedding and
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Algorithm 1: LAD-GNN Algorithm

Input: graph datasets D, labels ), hyper parameter A, 7.
Output: optimized model parameters, prediction of the
graph labels ).
1: Randomly initializes the model parameters and splits
the dataset to train/val/test.
for Teacher training epochs do
for batchs do
Label Encoding: H; = h(yc|G € G);
Neighbor Aggregation: HT) = fr(A,X;0;,);
H™) = Attention(H™) H,) in Eq. 5;
Y = g(POOL(H(|v € V): b, );
: Cross-Entropy Loss Computation in Eq. 6;
9: Save the optimized model parameters.
end for
: end for
12: for Student training epochs do

2:
3
4
5:
6
7
8

13:  for batchs do

14: Neighbor Aggregation: H®) = fs(A,X;0;,);
15: Load teacher model for ideal embedding: =D,
16: Lais = % Lo, IHT HP 3

17: Y = g(POOLHP|v € V), ¢,):

18: L=2Lys+ N Lygis.

19:  end for

20: end for

pushes the classifier to optimize graph-level tasks. Therefore
the student model is trained with the same set of training
samples as the teacher’s to minimize the following compre-
hensive objective function:

L= »Ccls +A- »Cdisv (8)

where L4 is the classification loss defined in Eq. 6; L4, is
the distillation loss defined in Eq. 7, and X is the hyperpa-
rameter for balancing the classification and distillation loss.

Complexity Analysis

The proposed LAD-GNN algorithm is summarized in Al-
gorithm 1. LAD-GNN consists of a two-phase training pro-
cess for the teacher and student models. The teacher jointly
trains the GNN backbone with the label-attentive encoder by
a classification loss L. The student shares a similar model
architecture with the teacher except for the label-attentive
encoder. LAD-GNN conducts a distillation-like training for
the student with an objective function combining the distil-
lation loss L4;s and the classification loss L. Note that
compared with the conventional GNN learning methods, the
time complexity of LAD-GNN mainly lies in the distillation
loss computation in the student training phrase, and the time
complexity for model inference is the same as that of the
GNN backbones. As an example, the time complexity of a
SOTA GNN backbone named MEWISPool (Nouranizadeh
et al. 2021) is O(|V|(kd + |&])) + O(]V]?)), where k is
the maximum degree of the graph and d is the dimen-
sion of nodes features. By applying the proposed LAD-
GNN training approach on the MEWISPool backbone, the

8503

time complexity of training the teacher model consumes
O(|IV|(kd+|€]))+ O(|V]?)) + O(Ld), where L is the num-
ner of layers of the label-attentive encoder; the time com-
plexity of student training consumes O(|V|(kd + |&])) +
O(|V]?)) + O(Ld) + O(|V|?). In summary, the increase of
computational complexity lies in the term O(Ld), which is
neglectable since L < [V| and d < |V| holds in practice.

Experiments

In this section, we assess the performance of LAD-GNN in
comparison with the 7 GNN backbones based on 10 open
graph datasets, and then we evaluate LAD-GNN on graph
classification tasks compared with 9 other GNN training
strategies. We further discuss the sensitivity of hyperparam-
eters and visualize the graph representation of different ap-
proaches. We implement LAD-GNN in PyTorch v1.12, and
the experiments are conducted on a GPU-equipped PC with
an NVIDIA GeForce RTX 3090Ti.

We assess the graph classification performances on 10
open datasets, which include the Chemical Molecules
datasets MUTAG, PTC (Debnath et al. 1991), and
NCI1 (Wale, Watson, and Karypis 2008), the Bioinformat-
ics graph datasets PROTEINS and ENZYMES (Borgwardt
et al. 2005), and the Social Network datasets COLLAB,
IMDA-BINARY, IMDB-MULTI, REDDIT-BINARY, and
REDDIT-MULTI-5K (Yanardag and Vishwanathan 2015).
These graph datasets contain non-attribute graphs, and we
use the node’s degree as the initial node feature following
the literature (Duong et al. 2019). For the detailed statistics
of these datasets please refer to the supplementary materials.

Performance Comparison with GNN Backbones

We conduct experiments based on 7 GNN backbones, which
include 4 commonly used message-passing protocol GNNs
(i.e., GCN (Kipf and Welling 2017), GAT (Velickovic et al.
2018), GraphSAGE (Hamilton 2017) and GIN (Xu et al.
2019)) and 3 state-of-the-arts graph classification models
(i.e., DGCNN (Zhang et al. 2018), SAGPool (Lee, Lee,
and Kang 2019), and MEWISPool (Nouranizadeh et al.
2021)). LAD-GNN is integrated with each GNN backbone
to boost graph classification performance, and the results are
reported in Table 1, where each row reports the classifica-
tion accuracy of the original GNN backbone and the results
after applying LAD-GNN, and each column reports the per-
formance of one dataset in the table. For GCN, GAT, and
GraphSAGE, since the original models are proposed for the
node classification task, we reproduce these models based
on the PyG (PyTorch Geometric) library (Fey and Lenssen
2019) and applied them for graph classification, where the
node aggregation layer numbers of them are all set to 2. For
GIN, DGCNN, SAGPool, and MEWISPool, whose models
are proposed for the graph classification task in the original
papers, we run their open-source codes on the 10 datasets.
To remove the unwanted bias towards the training data,
for all experiments on the datasets, we evaluate the model
performance with a ten-fold cross-validation setting. For a
fair comparison, all datasets are randomly split to train/val-
idation/test sets following the 0.8/0.1/0.1 protocol in each
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Models ‘ MUTAG COLLAB ENZYMES IMDB-B

IMDB-M

NCII PROTEINS PTC REDDIT-B  REDDIT-M

GCN
+LAD-GNN

0.747£0.08
0.837+0.07

0.810+0.01 0.765+0.11
0.841+£0.06 0.772+0.12

0.573+0.04
0.633+£0.04

0.402+0.05
0.406+0.03

0.490+0.03
0.584+0.06

0.643+0.05
0.716+0.03

0.662+0.06
0.740+0.08

0.813+0.06
0.825+0.03

0.425+0.02
0.491+0.07

GAT
+LAD-GNN

0.737£0.12
0.805+0.05

0.693£0.03 0.778+0.08
0.7124+0.02 0.813+0.08

0.546£0.07
0.576£0.04

0.377+£0.05
0.414+0.04

0.727+£0.04
0.731+0.04

0.692+0.05
0.703+0.04

0.691+£0.08
0.706£0.09

0.727+£0.02
0.745+0.04

0.487+0.01
0.488-+0.02

GraphSAGE
+LAD-GNN

0.816+0.09
0.863+0.10

0.791£0.05 0.742+0.09
0.793+0.05 0.792+0.10

0.589+0.06
0.755+0.08

0.420+£0.05
0.420+0.06

0.699+0.04
0.867+0.07

0.706£0.04
0.733-+0.05

0.709+0.07
0.814-+0.10

0.831+0.05
0.925+0.02

0.466+0.02
0.517+0.04

GIN
+LAD-GNN

0.842+0.06
0.854+0.05

0.659+0.03 0.733+0.18
0.678+0.04 0.765+0.16

0.701+0.03
0.714+0.03

0.434+£0.03
0.441+0.02

0.729+0.04
0.747+0.03

0.721+£0.02
0.730-+0.03

0.620+0.06
0.657+0.05

0.717+0.02
0.725+0.02

0.410+0.02
0.450-+0.03

DGCNN
+LAD-GNN

0.913+0.01
0.944+0.02

0.749+£0.01 0.501+0.02
0.7514+0.02 0.516+0.01

0.728+0.02
0.748+0.02

0.464+0.01
0.482+0.01

0.701+£0.01
0.705+0.02

0.713+0.02
0.721+0.03

0.617+0.03
0.649-+0.02

0.743+0.01
0.774+0.02

0.457+0.03
0.529+0.04

SAGPool
+LAD-GNN

0.763+0.08
0.784+0.08

0.725+0.02 0.426+0.06
0.7334+0.02 0.428+0.07

0.589+0.05
0.593+0.04

0.419+0.06
0.434+0.04

0.694+0.03
0.722+0.02

0.588+0.05
0.601+0.03

0.614+0.06 0.837+0.02 0.484+0.02
0.649+0.07 0.858+0.03  0.508+-0.03

MEWISPool
+LAD-GNN

0.926+0.03
0.94740.01

0.7454+0.01 0.38340.01
0.7714+0.02 0.4331-0.02

0.77240.01
0.779+0.03

0.474+0.04
0.511+0.03

0.711+0.05
0.723+0.02

0.699+0.03
0.746+0.01

0.714+0.02 - -
0.746-+0.03 - -

Table 1: The results on 10 graph classification datasets compared with 7 SOTA GNN backbones. In each row, the higher reports
the original GNN model’s performance, and the lower (shadows in gray) is the results with the proposed LAD-GNN.

Methods PROTEINS  IMDB-BINARY COLLAB MUTAG NCI109 NCI1 PTC
DropEdge 0.70740.002 0.7334+0.012 0.8124+0.003  0.779£0.005 0.7624+0.007  0.780+0.002 -
M-Mixup 0.706+0.003 0.736+0.004 0.8114+0.005 0.798+0.015  0.788+0.005 0.80340.003 -
G-Mixup 0.715+0.006 0.74840.004 0.811+0.009 0.805+£0.002 0.6544+0.043  0.686+0.037 -
JOAOvV2 0.700+0.003 0.707£0.008 0.688+0.003  0.775£0.016  0.6754+0.003  0.670+0.006 -
AD-GCL 0.699+0.008 0.71240.008 0.670+0.008 0.837£0.010 0.63440.003  0.641+0.004 -
AutoGCL 0.684+0.008 0.707£0.007 0.745+0.002  0.783£0.022  0.7054+0.003  0.737+0.002 -

KD 0.7631+0.035 0.808+0.026 0.812+0.017  0.878+0.121 - - 0.75640.053
GFKD 0.633+0.077 0.6231+0.052 0.633+0.023  0.677£0.129 - - 0.62540.059
DFAD-GNN  0.690+£0.061 0.67540.049 0.689+0.011  0.765+0.073 - - 0.669+0.037
IGSD - 0.74440.060 0.704+0.110  0.902+0.070 - 0.7544+0.030 0.614+£ 0.170
LAD-GNN  0.765+0.056 0.811+£0.042 0.827+0.054 0.899+£0.113  0.882+0.065 0.896+0.059  0.791+0.062

Table 2: Comparison of LAD-GNN with 9 other GNN training methods on the graph classification task. The first 3 rows belong
to manual graph augmentation methods, the second 3 rows are graph auto-augmentation methods, and the third 4 rows are

graph distillation methods.
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GCN (AUC = 0.71)

- GAT (AUC = 0.77)
GIN (AUC = 0.79) o.
SAGE (AUC = 0.76)

- GAT (AUC = 0.70)
---- GIN (AUC = 0.74)
SAGE (AUC = 0.71)

LAD-GNN (AUC = 0.86)

---- LAD-GNN (AUC = 0.80)

0.2

(a) ROC curves on MUTAG

0.4 0.6 0.8 1.0 0.2

(b) ROC curves on PTC

0.4 0.6 0.8 1.0

Figure 3: The ROC curves on MUTAG and PTC datasets of
GCN, GAT, GIN, SAGE, and the proposed LAD-GNN.

model. We report the average and standard deviation of test
accuracy across the ten folds within the cross-validation.
As shown in Table 1, the proposed LAD-GNN which
shadows in gray achieves a clear performance improvement
compared with the original models in the accuracy of the
graph classification task: it outperforms the GNN backbones
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and gains 3.3% average improvement in the absolute accu-
racy. In particular, LAD-GNN achieves 16.6% and 16.8%
improvements on the IMDB-BINARY and NCI1 datasets re-
spectively with GraphSAGE as the backbone. In summary,
the experimental results show that LAD-GNN effectively
improves the graph-level performance compared with the
state-of-the-art GNN models across a range of datasets.

In addition, we plot the ROC curves of LAD-GNN and
other backbones (GCN, GAT, GIN, and GraphSAGE) on
the MUTAG and PTC datasets, and calculate the AUC val-
ues (area under the ROC curve) of each model for perfor-
mance comparison. As shown in Fig. 3, the ROC curves of
our model (the red line) are generally above all backbones.
Furthermore, the AUC values of LAD-GNN are also greater
than that of the comparison models, which proves the supe-
riority of our proposed method.

Performance Comparison with other GNN
Training Strategies

In order to assess the effectiveness of the proposed training
strategy, we compare LAD-GNN with 9 other GNN train-
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(a) GCN (NCI1) (b) LAD-GNN (NCI1)

A

(e) GIN (PTC) (f) LAD-GNN (PTC) (2) SAGE (éOLLAB)

Figure 4: The t-SNE visualization of graph representations
for LAD-GNN and the original GNN backbones.

ing methods for the graph classification task. The compared
methods include the manual graph augmentation methods
(i.e., DropEdge (Rong et al. 2020b), M-Mixup (Wang
et al. 2021), G-Mixup (Han et al. 2022)), the graph auto-
augmentation methods (i.e., JOAOv2 (You et al. 2021), AD-
GCL (Suresh et al. 2021), AutoGCL (Yin et al. 2022)),
and the graph distillation methods (i.e., KD, GFKD (Deng
and Zhang 2021), DFAD-GNN (Zhuang et al. 2022), and
IGSD (Zhang et al. 2020a)). The results are reported in Ta-
ble 2, where the results of the graph augmentation methods
(the upper 6 rows) follow the literature of AutoGCL (Yin
et al. 2022), the three distillation methods (i.e. KD, GFKD,
and DFAD-GNN) follow the DFAD-GNN (Zhuang et al.
2022), and IGSD follows the literature (Zhang et al. 2020a).
It is shown that our LAD-GNN outperforms the manual/auto
graph augmentation and distillation methods, achieving the
best performance on all datasets except MUTAG, where it is
outperformed by the self-distillation method IGSD (though
the difference is small). In summary, LAD-GNN achieves
a 5.6% accuracy improvement on NCI1 dataset compared
with the second-place training method, and outperforms
other methods except for a bit worse on MUTAG.

Hyperparameter Analysis

We further discuss the hyper-parameter sensitiveness of \ in
Eq. 8 and 7 in Eq 5. We tune the values of A from 0.001
to 1000 and 7 from 0.1 to 1.0, and test the graph classifi-
cation performance on 4 datasets (i.e., PTC, NCI109, PRO-
TEINS, and IMDB-BINARY). The results are presented in
Fig 5. It indicates that different values of A may result in
the optimal convergence values for the parameters, and the
best A value for a given dataset can be determined using the
validation set. 7 is less sensitive with a low impact on the
graph classification accuracy, and to ensure uniformity of
hyperparameters across different datasets, we carefully con-
sidered and experimented with various values and ultimately
selected 7 = 0.1 as the standard value for our experiments.

Visualization

In order to intuitively understand the quality of global graph
representation learned by different methods, we visualize
the graph embedding of different GNN backbones and the

(h) LAD-GNN (COLLAB)
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Figure 5: Hyperparameters sensitiveness of (a) A and (b) 7
on the 4 datasets.
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Figure 6: Visualization of attention scores on ENZYMES.

results are shown in Fig 4. The graph embedding is ex-
tracted by the readout function which is projected into a two-
dimensional space with t-SNE for visualization. Compared
with the original backbones, LAD-GNN gathers graphs in
the same class more closely and provides more obvious
boundaries between graphs in different classes.

We also visualize the label attention score heatmaps for
two random graphs on ENZYMES dataset in Fig 6. In
Fig. 6 (a), the attention scores of nodes more focus on la-
bel 1 (the ground truth). A similar result can be found in
Fig. 6 (b), which shows that the node embeddings align with
the ground truth of the proposed method.

Conclusion

In this paper, we focused on the performance issue of Graph
Neural Networks (GNNSs) in graph-level classification tasks.
We found that conventional GNNs’ node-level information
aggregation approach forms misaligned embeddings that
can jeopardize graph-level tasks. To address this issue, we
propose a novel label attentive distillation method called
LAD-GNN for graph classification. LAD-GNN introduces
a teacher model with a label-attentive encoder architecture
to encode the ground-truth labels into the latent space fusing
with nodes embedding to form ideal embedding, and encour-
age the student GNN to learn class-friendly node embed-
dings that facilitate graph-level tasks with a self-distilled in-
termediate supervision method. Extensive experimental re-
sults justified the superiority and effectiveness of the pro-
posed method.
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