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Abstract

Graph Masked AutoEncoder (GMAE) has recently attracted
vast interest in handling graph-related tasks by adopting the
‘masking-reconstruction’ learning paradigm. Most existing
GMAE-based methods adhere to the homophily assumption,
i.e., connected nodes share the same attributes or labels. How-
ever, this assumption is not always right because most graphs
from real-world applications are mixed by both homophilic
and heterophilic edges. Therefore, it is necessary to distin-
guish them to improve the representative ability of GMAE.
In this paper, we propose a teacher-guided edge discriminator
for the personalized graph masked autoencoder (TEDMAE).
Specifically, we design a teacher-guided edge discrimina-
tor that distinguishes homophilic and heterophilic edges by
leveraging the embeddings from teacher models with struc-
ture and attribute knowledge. Then, we present a personalized
graph masked autoencoder that individually tailors the mask-
ing, encoding, and reconstruction processes for each graph.
Finally, we optimize the model by minimizing two types of
loss functions, i.e., the scaled cosine error (SCE) loss and the
InfoNCE loss. Experimental results on 10 datasets demon-
strate the superior performance of TEDMAE on the tasks of
node classification and node clustering.

Code —
https://github.com/ZZY-GraphMiningL.ab/TEDMAE.

Introduction

Self-Supervised Learning (SSL) on graphs empowers ma-
chine learning models to extract informative node represen-
tations from unlabeled data (Ju et al. 2024; Zhang, Wang,
and Wang 2022; Liu et al. 2023a). SSL methods have gar-
nered significant attention and achieved remarkable success
across various domains, such as drug discovery, traffic pre-
diction, and social network modeling (Thakoor et al. 2021;
Zhao et al. 2024; Liu et al. 2023b; Shi et al. 2023).

Existing SSL methods are mainly classified into two cat-
egories: contrastive and generative methods (Liu et al. 2021;
Hou et al. 2022). The former utilizes the ‘augmenting-
contrasting’ learning paradigm to extract the underlying se-
mantics and mine the rich information within graph data.
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Figure 1: Interaction between nodes in social network and
academic citation network, such as Cora.

However, these methods require carefully designed augmen-
tation, high-quality negative samples, and an efficient opti-
mization algorithm to achieve superior performance (Hou
et al. 2022, 2023). Generative methods within SSL are pro-
posed to address the problem of complex algorithm design
and non-general experimental results. These methods learn
effective node representations by reconstructing the graph
structure or feature information of nodes. Thus, they are
widely applied in various domains, such as BERT (Devlin
et al. 2019) and ChatGPT (Radford et al. 2019) in NLP, and
MAE (He et al. 2022) in CV. Nevertheless, they are still fac-
ing the following challenges when extending to graph repre-
sentation learning:

(1) How to distinguish homophilic and heterophilic
edges? In real-world networks, homophilic nodes (i.e., con-
nected by inner-class edges) and heterophilic nodes (i.e.,
connected by inter-class edges) are often intertwined (Zhu
et al. 2020; Sun et al. 2022). Taking a social network as an
example, interactions between individuals of different gen-
ders are common, as illustrated in Figure 1(a). In the aca-
demic citation network Cora (Figure 1(b)), node 277 is con-
nected to nodes with the same label, such as nodes 160 and
553, as well as to a node with a different label, such as node
973. Similarly, node 733 is connected to both nodes repre-
senting similar and different types of papers. Most existing
GMAE methods primarily study the selection of masked tar-
gets and reconstruction objectives (Hou et al. 2022; Shi et al.
2023; Zhao et al. 2024). For example, MaskGAE (Li et al.
2023a) attempts to reconstruct masked edges and node de-
grees simultaneously. GiGaMAE (Shi et al. 2023) enhances
node representations by reconstructing target embeddings
containing diverse information. However, these methods fail



to clearly differentiate homophilic and heterophilic edges,
which diminishes the representation ability of the GMAE.

(2) How to design a personalized graph masked au-
toencoder? The main idea of GMAE methods is to mask
part of the features and structure of the input original nodes
(Hou et al. 2022, 2023; Tan et al. 2023). Meanwhile, they
utilize the learned representations and the relationships with
neighboring nodes for reconstruction (Li et al. 2023b; Tu
et al. 2024; Tian et al. 2024). For example, GraphMAE (Hou
et al. 2022) focuses on feature reconstruction for generative
self-supervised graph pre-training. S2GAE (Tan et al. 2023)
reconstructs masked edges with a specific masking strat-
egy and a sophisticated decoder network. The above meth-
ods mix homophilic and heterophilic nodes together when
performing random masking. They fail to discriminatively
learn the representations of these two types of nodes during
the masking and reconstruction process. Overall, it leads to
the following problems. (i) The non-discriminatory masking
strategy impairs reconstruction performance. (ii) A single
learning strategy cannot effectively capture the distinctive
attributes of the two types of nodes. (iii) The unified masking
method results in an imbalance in resource allocation due to
the difference in the number of homophilic and heterophilic
edges. Therefore, it is crucial to design a personalized mask
autoencoder for each graph.

In this paper, we propose a generative graph self-
supervised learning method, called TEDMAE (Teacher-
guided Edge Discriminator for personalized graph Masked
AutoEncoder). Specifically, we design a teacher-guided
edge discriminator that differentiates homophilic and het-
erophilic edges by leveraging the embeddings from teacher
models with structure and attribute knowledge. Then, we
present a personalized graph masked autoencoder that in-
dividually tailors the masking, encoding, and reconstruction
processes for each graph. Moreover, we calculate the scaled
cosine error (SCE) loss and InfoNCE loss by reconstructing
node features and aligning the teacher embeddings to opti-
mize the model. Finally, we conduct comprehensive exper-
iments to evaluate the proposed framework on the tasks of
node classification and node clustering. The contributions of
this paper are as follows.

* We present a generative SSL method, TEDMAE, to
learn generalizable node representations by reconstruct-
ing node features and embeddings.

We design a teacher-guided edge discriminator with
structure and attribute knowledge to distinguish ho-
mophilic and heterophilic edges.

We propose a personalized graph masked autoencoder
that is individually tailored for masking, encoding, and
reconstructing each graph.

We conduct extensive experiments on 10 benchmark
datasets to evaluate the performance and generalization
ability of TEDMAE. The experimental results demon-
strate the superiority of TEDMAE.

Related Work

Graph autoencoders. Graph autoencoders are designed to
reconstruct certain inputs given the contexts (Hou et al.
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2022). GAE and VGAE (Kipf and Welling 2016) employ
GNNs as encoders and utilize dot products for link pre-
diction decoding. For example, VGAE targets to predict
missing edges. EP (Garcia Duran and Niepert 2017) is de-
signed to recover vertex features utilizing mean squared er-
ror without input corruption. GAEs are widely used for fine-
grained graph analysis tasks and have achieved superior per-
formance, such as link prediction (Tan et al. 2023; Kipf
and Welling 2016). However, their performance on coarse-
grained tasks, such as node classification, is usually less sat-
isfactory than that of contrastive methods (Tan et al. 2023).
Masked autoencoders. Masked autoencoders, employ-
ing the ‘masking-reconstruction’ paradigm, have proven to
be highly successful in graph representation learning (Wang
et al. 2024a; Zheng and Jia 2024; Liu et al. 2024; Wang
et al. 2024b). For example, GraphMAE (Hou et al. 2022)
addresses common issues faced by GAEs by refining the re-
construction objective, learning process, loss function, and
model architecture. To mitigate the impact of input fea-
ture discriminability, GraphMAE2 (Hou et al. 2023) in-
troduces regularization on feature reconstruction for graph
SSL. To extend the utility of GAE beyond link prediction,
S2GAE (Tan et al. 2023) innovates with direction-aware
graph masking strategies and a tailored cross-correlation
decoder. Meanwhile, MaskGAE (Li et al. 2023a) attempts
to reconstruct masked edges and node degrees. Moreover,
GiGaMAE (Shi et al. 2023) enhances node representation
by reconstructing target embeddings with diverse informa-
tion. To learn representations with topological information,
Bandana (Zhao et al. 2024) explores non-discrete masking
using bandwidth masking and a Boltzmann-Gibbs scheme.

Methodology
Preliminaries

Notations. Let G = (V, £) be a graph, where V and € rep-
resent the sets of nodes and edges, respectively. A € RV*N
represents the adjacency matrix of G, where IV is the num-
ber of nodes, and A;; = 1 indicates that there exists an edge
between nodes 7 and j, otherwise, A;; = 0. Node 1 is associ-
ated with a feature vector ;. X = {x1,...,@4,..., N} €
RNXD that represents the feature matrix of G, where D rep-
resents the feature dimension of a node.

Problem. Learning Generalizable Node Representa-
tions. Given an unlabeled graph G, we take the graph struc-
ture and node feature as input. Our goal is to train a graph
encoder, denoted as f.(X, A) that learns generalizable node
embeddings. These embeddings can be utilized directly for
downstream tasks, including node classification, node clus-
tering, and link prediction.

The Proposed Method

The framework of the proposed TEDMAE is illustrated in
Figure 2. It consists of two modules: the teacher-guided edge
discriminator module and the personalized graph masked
autoencoder module. The details are given below.

Teacher-guided Edge Discriminator Module. To distin-
guish the homophilic and heterophilic edges, we design a
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Figure 2: The framework of the proposed TEDMAE.

teacher-guided edge discriminator (as shown in Figure 2(a))
that predicts the homophily probability of each edge.

For any two connected nodes, the consistency of the la-
bel is influenced by the key factors: node attributes. There-
fore, we put the node attributes into a multi-layer perception
(MLP) to derive latent embeddings.

hZ:MLpl (af,),hj:MLPl (QJJ) (1)

To ensure that the estimation results are not affected by

the direction of edges, we employ a two-layer MLP to en-

code the various orders of embedding. Then, the homophily
probability o; ; of each edge e;; is estimated by Eqn. (2).

0ij = (MLP, ([hi[[h;]) + MLP; ([hillRi])) /2, (2)

where [-||-] represents the concatenation operation, and o is
the estimated discrete probability value for each edge.

We draw a sample from the Bernoulli distribution with
probability o ;, resulting in a binary indicator 0; ;
B(o; ;). In this context, 9; ; = 1 indicates homophily, while
0;,; = O indicates the presence of heterophily. Subsequently,
concrete-sampling reparametrization is employed to convert
this discrete binary indicator into a continuous approxima-
tion. The continuous weight 9 is evaluated by:

exp ((log(ai,5) + i) /7)
>  exp ((log(oiy) +65) /1)’

6 = —log (—log (1)),
where p; ~ U(0,1) is random variable, U represents
the uniform distribution, and 7 is the temperature hyper-
parameter guided by (Liu et al. 2023b).

All edges are sorted based on the parameter 0, and then
the top pu% and v% of the edges are selected from ho-
mophilic and heterophilic indexes, respectively. The training
process of the edge discriminator consists of the following
three steps:

~

95 =

3
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Step 1: Selection of teacher model. We introduce knowl-
edge from structure and feature perspectives to guide the
edge discriminator. The design of the teacher model should
consider the following factors: 1) no need for labels, 2) lower
time and space complexity, and 3) high performance for
graph representation learning. Specifically, we designate the
Node2vec (Grover and Leskovec 2016) model as Teacher 1
to capture the structure information. It excels at capturing
the topological relationships of nodes and effectively learn-
ing neighborhood information. Meanwhile, we employ the
PCA model as Teacher 2 to extract feature information. It is
adept at extracting the principal components of the data with
dimensionality reduction, thereby reducing noises while re-
taining essential information (Candes et al. 2011).

Step 2: Determination of anchor nodes. We select pairs
of nodes at random to serve as ‘anchor nodes’. Note that,
the ‘anchor nodes’ are used to differentiate whether the
connected nodes are similar or not. We aim to ensure that
node pairs linked by homophilic edges are more similar than
anchor node pairs. In contrast, node pairs linked by het-
erophilic edges are more dissimilar than anchor node pairs
(Liu et al. 2023b).

To evaluate the embedding similarity of node pairs, we
employ the cosine similarity function as the criterion. The
similarity values for the two types of node pairs, connected
node pairs (CNP) and randomly selected node pairs (RNP),
are calculated by Eqn. (4).

h;-h;
([Bill [P I

where h; and h; denote the embeddings of nodes ¢ and
j, respectively. They are obtained from the teacher models
Node2vec and PCA, denoted as hT! and h72, respectively.

Step 3: Optimization of the loss. The margin ranking
loss is utilized to optimize the edge discriminator. We sep-
arately calculate the loss in the predicted homophilic and

sim(i,j) =

“4)



heterophilic edge indexes, as depicted in Eqn. (5). h;, h;
represent the embeddings of connected node pairs, hg, h;
represent the embeddings of anchor node pairs. ppe, pre are
the margin parameters for the pivot-anchored ranking loss
(Liu et al. 2023b).

homo
€(i.4)

Lhomo _ lho’rrL)OeE - max (1/6)7 O) ’

€(i,4
heter

ey = max (sim(hi, hj) — sim(hs, ht) + phe, 0)
Lheter — l(};(eter (1/(1 - é)), 0) )

L €E T Max
Guided by the teacher model (embedding from structure
and attribute), the edge discriminator is optimized via Eqn.
(6) to obtain the homophily matrix A"°™° and the het-
erophily matrix Aheter,

= max (sim(hs, hy) — sim(h;, h;) + pno,0),

&)

Ly, = L}%ﬁmo + L%ﬁter + ng%mo + L%%ter, (6)

where LAgme  [heter represent the homophily and het-
erophily losses calculated based on Node2Vec, and L}TL%”“’,

L?gf'" represent the homophily and heterophily losses cal-
culated based on PCA.

Personalized Graph Masked Autoencoder Module. Un-
like traditional GMAE methods that encode the masked
graph, TEDMAE designs a personalized GMAE for the gen-
erated homophilic and heterophilic views (Figure 2(b)).

We introduce a masking strategy for graph data inspired
by the successful explorations of BERT (Devlin et al. 2019)
and MAE (He et al. 2022). It ensures the unbiasedness of
node selection by adopting the same masking probability
for each node. Specifically, it randomly samples subsets of
nodes in the homophilic and heterophilic views based on the
ratio o and 3 to mask, denoted as Vn’ig’s’}f and Vheter pa.

mask *
spectively. Taking the homophilic graph as an example, the

masked feature 52- of node 7 in V"™ is defined as follows:

mask
. . h X
55, — {w[M]’ lfl € Vmg;nk'o (7)
7 — PP
;. if 4 ¢ Vomo

The GNNss, serving as the core backbone of the encoders,
map node features into a unified shallow space. The process
of learning node representations with message aggregation
can be expressed as follows:

b

Hhomo _ fh (Ahomo fhomO)
- omo )
Hheter _ fheter(Ahetery fheter)’

where fromo(*)s freter(+) represent the GNN encoders used
for the homophily and heterophily graphs, respectively, and
Ahomo - Aheter are the adjacency matrices generated dur-
ing the pre-trained edge discriminator. It is worth noting that
fromo(+) and freter(-) are two independent encoders, and
their parameters are not shared between them.

There are two reconstruction objectives: embeddings and
features. The former focuses on aligning different represen-
tations. The latter aims to capture informative features.

®)
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Reconstruct objective 1: node embeddings. The decoder
fa1(+) is introduced to separately reconstruct embeddings
from two perspectives. To improve computational efficiency
and enhance the model flexibility, the MLP is selected as the
decoder. The process can be represented as:

RHhomo _ fdl (Ahomo’ Hhomo)7

RHheter — fdl (14heter7I_Iheter)7 (9)

where RH"*™° and RH"“**" represent the embeddings of
masked nodes.

To train the encoder and extract as much useful informa-
tion as possible from the teacher models, we maximize the
MI between the predicted embeddings RH"*™°/RH"cte"
and the teacher embeddings T"°™°/T"¢*¢" The objective is
optimized by maximizing the InfoNCE loss:

(RH (v),T(v)) = f(sim(RH (v),T(v)))
— exp( RH(v) - T(v) l) (10)
PUIRHW)TO)] 7

where 7 represents a temperature coefficient.

The positive pairs are regarded as different latent repre-
sentations of a single node within the graph, while the nega-
tive samples consist of representations from all other nodes
within the same graph. Overall, the losses in homophilic and
heterophilic graphs are defined as:

Lml — LhomO(RH,T) + LheteT(RH,T)
1

N
SO (RH (0), T(v) + "7 (RH (v), T(v))].

1D

Reconstruct objective 2: node features. The decoder

fao(-) is designed to separately map the HH"°° and H"cte
to the feature space. The process can be represented as:

2|

RXhomo — de(Ahomo, I_IhOW’Lo)7
RXheter _ fd2 (14heter7 Hh,eter))

where RX"°"° and RX "™ represent the reconstructed
node features.
The objective is optimized by minimizing the SCE loss:

12)

homo
Lsce =L

heter
sce + Lsce

Sy () atmxie "
= | homo ||CC|| . ||RXhOmO||
mask viewggzzo ? %
1 Z 1— m;;TRX,Lheter ! >1
|Vheter | - ||RXheterH Y Z
mask ”ievyﬁﬁ;{;? 4 4

(13)
where + is used to optimize the sample weights.
The loss L is calculated by Eqn. (14). As stated above, the
loss consists of two components: L,,; (as per Eqn. (11)) and
Lce (as per Eqn. (13)).

L= Lml + Lsce~ (14)



Algorithm 1: Algorithm of TEDMAE

Input: adjacency matrix A, homophily / heterophily met-
rics Ahomoy Aheter pode attributes X, masked fea-
ture metrics X "ome/Xheter - Jatent representations
Hhomoyprheter teacher model T1/T2, parameters «, 3,
7, training rounds t;

Output: node representations Z;

# Stage 1. teacher-guided edge discriminator module.
1: for i=1to max — epoch do

2 Calculate the edge weight o of G (Eqn. (1-2));

3:  Learn the continuous weight of edge d (Eqn. (3));

4:  Generate the teacher embedding h”! and h”7?;

5.

6

7

Calculate the margin ranking loss L., (Eqn. (4-6));

. Generate matrices A"ome/ heter.

. end for

# Stage 2. personalized graph masked autoencoder

module.

for j=1to t do

9:  Mask A" and A"¢**" based on « and 3 (Eqn.

N);

10:  Generate latent embeddings H"o°/¢ter (Eqn. (8));
/I Objective 1. reconstruct embedding.

11:  Decode the latent embeddings H"*° and H"***" to
the embedding space (Eqn. (9));

12:  Calculate the InfoNCE loss L,,; (Eqn. (10-11));
/I Objective 2. reconstruct feature.

13:  Decode the latent embeddings H"*° and H"***" to
the feature space (Eqn. (12));

14:  Calculate the SCE loss L. (Eqn. (13));

15: end for

16: Return Z.

(o]

The Algorithm and Complexity Analysis

The learning process of TEDMAE is presented in Algorithm
1. The teacher-guided edge discriminator serves as a pre-
training module, with its time complexity primarily depen-
dent on the teacher models and the training loss L,,,.. Since
Node2vec and PCA are selected as the teacher models, the
time complexity is O(rl|V|d. +|V|D?*+ D3 +|€|d. ), where
r is the number of random walks, [ is the length of random
walks, d. represents the dimension of node embeddings, |V
and |£| is the number of nodes and edges, respectively. The
complexity of the graph masked autoencoder module pri-
marily depends on the choice of the encoder and decoder. As
the GAT and MLP are selected as encoder and decoder, the
time complexity of this module is O(K|E|D)+0O(l,,d2,),
where K represents the number of attention heads, I,,, is the
layer number, and d,, is the dimension of each layer output.

Experiment

We conduct extensive experiments to assess the effective-
ness of TEDMAE on various node-level tasks, aiming to ad-
dress the following three key research questions.

RQ1: Does the proposed TEDMAE generalize well to
multiple downstream tasks? RQ2: To what extent do the var-
ious modules in TEDMAE contribute to the classification re-
sults? RQ3: How do hyper-parameters affect performance?

Experiments Setup

Datasets and Baselines. The experiments are conducted
on publicly available benchmark datasets, in line with
previous studies, including homophily datasets Cora, Wi-
kiCS, Amazon-Computers, Amazon-Photo, CoAuthor-CS,
CoAuthor-Physics and heterophily datasets Cornell, Texas,
Wisconsin, and Actor.

We compare the performance of TEDMAE with that of
10 state-of-the-art models. These competitive baselines are
classified into three categories. (i) a random-walk based
model, i.e., Deepwalk (Perozzi, Al-Rfou, and Skiena 2014).
(ii) contrastive models, including MVGRL (Hassani and
Khasahmadi 2020), GCA (Zhu et al. 2021), BGRL (Thakoor
et al. 2021), and GREET (Liu et al. 2023b). (iii) generative
models, including VGAE (Kipf and Welling 2016), Graph-
MAE (Hou et al. 2022), GraphMAE2(Hou et al. 2023),
S2GAE (Tan et al. 2023), GiGaMAE (Shi et al. 2023), Ban-
dana (Zhao et al. 2024), and MaskGAE (Li et al. 2023a).

Parameter Settings. For the baselines, we closely follow
the hyper-parameter settings of Bandana and GiGaMAE in
(Zhao et al. 2024) and (Shi et al. 2023). After initializing
the model using the parameters recommended by (Shi et al.
2023) and (Zhao et al. 2024), we adjust them further to
achieve the optimal performance. As for the proposed TED-
MAE, we utilize the Adam optimizer, set the dropout rate to
0.5, and initialize the learning rate to 0.01. Additionally, We
also perform an hyper-parameter search for «, 3, u, and v,
with values ranging from 0.1 to 1.

Overall Performance (RQ1)

The node representations for downstream tasks are obtained
by fusing representations from homophily and heterophily
views through an adaptive attention mechanism.

Node Classification. We conduct node classification ex-
periments on both homophilic and heterophilic datasets. Ta-
ble 1 presents the results on homophily datasets, whereas Ta-
ble 2 shows the results on heterophily datasets. We evaluate
the quality of node representations with a logistic-regression
classifier, fine-tuned with grid search. Overall, it is observed
that the proposed TEDMAE outperforms all baselines on 5
out of 10 datasets, which demonstrates the outstanding per-
formance of TEDMAE in the task of node classification.
We have several observations from Table 1. (i) Con-
trastive methods (MVGRL, GCA, and BGRL) outperform
the traditional VGAE on almost all classification scenar-
ios. (ii)) The GMAE methods (GraphMAE, GraphMAE?2,
G2GAE, GiGaMAE, and Bandana) outperform the SOTA
contrastive methods. (iii) TEDMAE outperforms GCL and
GMAE methods. The primary reason is that it leverages a
pre-trained model to refine the edge discriminator and mit-
igates the impact of the homophily assumption on GMAE.
We have several observations from Table 2. (i) GAE meth-
ods do not perform as well as traditional GCN methods
(Kipf and Welling 2017; Velickovic et al. 2018; Perozzi, Al-
Rfou, and Skiena 2014) since dot-product probing is less
than satisfactory. (ii) Contrastive methods outperform the
traditional GCN methods. This is due to the additional su-



Model Type | Year | Dataset | Cora WikiCS  Computers  Photo CS Physics
Randwalk ‘ 2014 ‘ Deepwalk ‘ 73.32+0.61 76.37+£0.19 86.594+0.10 90.08+0.29 85.40+0.13 92.374+0.08
2020 MVGRL 84.39+0.34 80.15+0.27 88.2840.13 92.2940.19 92.91+0.07 95.36+0.06
Contrastive | 2021 GCA 83.86+0.45 78.86+0.26 88.06+0.12 92.4440.29 92.66+0.09 95.50+0.18
2021 BGRL 82.35+0.26 79.47+0.26 89.80+0.17 92.774+0.15 92.60+0.05 95.60+0.04
2023 GREET 83.924+0.00 80.83+0.00 87.91+0.00 92.894+0.00 94.59+0.00 95.98+0.00
2016 VGAE 80.624+0.32 78.21+0.43 81.60+£0.28 90.774+0.44 92.41+0.13 95.24+0.03
2022 | GraphMAE | 84.23+0.42 80.57+0.17 89.39+£0.84 92.834+0.43 92.68+0.30 95.52+0.15
2023 | GraphMAE2 | 84.41+0.30 81.014+0.34 89.504+0.76 92.874+0.14 92.744+0.14 95.3840.08
Generative 2023 S2GAE 84.14+0.65 79.14+0.23 89.64+0.12 92.094+0.28 89.92+0.17 94.37+0.14
2023 | GiGaMAE | 84.424+0.47 81.1440.16 90.45+0.16 93.01+0.41 92.7240.32 95.66+0.14
2023 | MaskGAE | 84.3040.39 - 88.54+0.06 92.75+0.13 91.404+0.30 94.3340.07
2024 Bandana 84.45+0.65 80.12+0.37 88.71+0.16 92.984+0.07 92.974+0.08 95.44+0.04
‘ Our ‘ TEDMAE ‘84.64:|:0.30 81.31+0.14 89.41+0.41 93.26+0.15 92.544+0.35 95.50+0.27

Table 1: Node classification performance comparison on homophilic benchmarks (Accuracy). The best results in each column
are in bold. The runner-up results are highlighted with underline.

Methods | Cornell Texas Wisconsin Actor
GCN 59.57 60.00 56.47 30.83
GAT 56.38 61.62 54.71 28.06

Deepwalk 47.74 46.49 33.53 22.78

node2vec 41.93 41.92 37.45 28.28
GAE 33.84 58.64 52.55 28.03

VGAE 35.22 59.20 56.67 26.99

MVGRL 51.07 62.38 62.37 30.02

GCA 49.80 59.46 50.78 29.65

BGRL 47.46 59.19 52.35 29.86
GraphMAE 56.76 64.86 57.53 29.81
GiGaMAE 56.76 62.16 64.69 29.80
TEDMAE 59.64 64.67 64.71 29.61

Table 2: Node classification performance on heterophilic
benchmarks (Accuracy).

pervisory information providing a richer graph structure in-
formation and higher-order relationships. (iii) The perfor-
mance of TEDMAE surpasses that of GiGaMAE, which val-
idates the significance of simultaneously reconstructing em-
beddings and features. The proposed method performs the
best on Cora, WikiCS, and Amazon-Photo, but not so well
on Computers and CS/Physics datasets. The main reason is
that Computers dataset has high edge homogeneity, while
CoAuthor dataset has a lower density. Therefore, our method
can effectively handle the graphs that are not too sparse and
contain balanced homophily/heterophily edges.

Node Clustering. For the node clustering task, we em-
ploy the K-Means algorithm and set the number of clusters
to match the number of label classes. Table 3 reports the
clustering results, including the values of normalized mu-
tual information (NMI) and average rand index (ARI). It
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can be observed that the proposed TEDMAE achieves the
best/runner-up performance on 5 of 6 datasets. The follow-
ing observations can be drawn from Table 3. (i) The genera-
tive model outperforms the contrastive and randwalk models
on most datasets, particularly on Cora and WikiCS datasets.
It suggests that the generative model has an advantage in
generating structured data. (ii) The proposed TEDMAE, as
a masked graph autoencoder method, achieves superior per-
formance, particularly on Amazon-Photo and CoAuthor-CS
datasets. Thus, it fully demonstrates the importance of si-
multaneously reconstructing features and embeddings.

Ablation Study (RQ2)

Evaluation on variants. To verify the effectiveness of
each module, we conduct the ablation study which includes
four variants. ‘-w/o-HomoMAE’ means to remove the ho-
mophilic GMAE module. ‘-w/o-HeterMAE’ means to re-
move the heterophilic GMAE module. ‘-w/o-Recon_Emb’
means that it does not reconstruct embeddings. ‘-w/o-
Recon_Fea’ means that it does not reconstruct features.

The experimental results of ablation study are shown in
Table 4. It can be observed that TEDMAE achieves the
best performance compared to the other four variants. It
suggests that all components of TEDMAE are effective in
boosting performance. Specifically, ‘-w/o-Recon_Emb’ per-
forms better than ‘-w/0-Recon_Fea’, which demonstrates
that reconstructing embeddings plays an essential role. ‘-
w/o-HomoMAE’ performs better than ‘-w/o-HeterMAE’,
indicating that the heterophilic view provides additional in-
formation for homophilic datasets. The results prove that the
two modules of the proposed TEDMAE are beneficial to im-
prove the performance and generalization of classification.

Evaluation on teacher models. It is crucial to select the
teacher model that plays an essential role in guiding the
edge discriminator. We compare the performance of TED-
MAE under the guidance of different teacher models, with
the experimental results presented in Table 5. It is observed



Model Type | Dataset | Cora WikiCS Computers Photo CS Physics
Randwalk | Deepwalk | 0.4161/0.3416 0.4660/0.3587 0.4202/0.2637 0.6482/0.5129 0.6445/0.4863 0.6995/0.7985
MVGRL 0.5481/0.5167 0.2135/0.1101 0.2657/0.1806 0.1776/0.1127 0.6436/0.4737 0.4948/0.4799
Contrastive GCA 0.4645/0.3268 0.1463/0.0176 0.4062/0.1512 0.4480/0.2518 0.6975/0.5578 0.6638/0.7468
BGRL 0.2851/0.0920 0.2767/0.0937 0.4396/0.2096 0.6189/0.4754 0.7740/0.6422 0.7249/0.8130
VGAE 0.4930/0.4392 0.3453/0.1478 0.3073/0.2054 0.4847/0.3539 0.7736/0.6646 0.4925/0.2628
GraphMAE | 0.5781/0.5082 0.4038/0.2951 0.5015/0.3298 0.6676/0.5703 0.7297/0.5691 0.6348/0.6734
GraphMAE?2 | 0.5821/0.5310 0.3674/0.2541 0.5053/0.3418 0.6496/0.5613 0.4423/0.2449 0.2820/0.1564
Generative S2GAE 0.5127/0.4481 0.3143/0.1110 0.4397/0.2297 0.5624/0.3427 0.6251/0.4289 0.6152/0.7059
GiGaMAE | 0.5836/0.5453 0.4910/0.4239 0.5228/0.3579 0.7066/0.5859 0.7622/0.6417 0.7373/0.8271
Bandana 0.5793/0.5504 0.3795/0.2540 0.5013/0.3550 0.6172/0.4823 0.7214/0.5954 0.6374/0.5131
\ TEDMAE \ 0.5823/0.5460 0.4966/0.4192 0.5146/0.4049 0.7157/0.6191 0.7815/0.7638 0.7106/0.7851
Table 3: Node Clustering performance comparison on homophilic benchmarks (NMI/ARI).
a)Cora b)Amazon-Photo
Dataset | Cora WikiCS Amazon-Photo 0.9/ (2) g5 0 9( )
: : 93
-w/o-HomoMAE | 83.88  81.06 92.94 0.7 g? 0.7 cz
-w/o-HeterMAE | 84.07 81.31 92.91 po.5 845 0.5 925
-w/o-Recon_Emb | 83.59  79.83 92.29 0.3 g 03 g
-w/o-Recon_Fea | 84.33  80.54 92.95 0.1. < 0.1 91 <
TEDMAE | 84.96 81.35 93.26
Q'\Q?)QEQ"\ Q9 Q"\QTDQZQ”\Q?’

Table 4: The experimental results of ablation study.

that TEDMAE _node2vec and TEDMAE_PCA outperform
Node2vec, PCA, and GAE. It demonstrates the superior-
ity of TEDMAE. Moreover, TEDMAE also outperforms
TEDMAE_node2vec and TEDMAE_PCA. It indicates that
a teacher model that considers both topology and features is
more important than training the discriminator from either
the topology or feature perspective alone. Although TED-
MAE_GCN and _GAT also achieve outstanding results, they
often require adequate label information.

Dataset \ Cora | WikiCS

Metrics ‘ ACC NMI ‘ ACC NMI
Node2vec 71.76 0.3944 | 71.57 0.4081
PCA 4222 0.0212 | 68.52 0.3181
GAE 81.29 0.4907 | 70.33 0.1091
TEDMAE_Node2vec | 83.74 0.5581 | 81.21 0.4889
TEDMAE_PC A 84.17 0.5591 | 81.33 0.4845
TEDMAE_GCN 84.59 0.5884 | 81.61 0.5077
TEDMAE_GAT 84.74 0.6156 | 81.51 0.5109
TEDMAE ‘ 84.94 (0.5823 ‘ 81.36 0.4966

Table 5: Different teacher-guided edge discriminator perfor-
mance comparison.

Figure 3: Parameter sensitivity analysis of « and S3.

Parameter Sensitivity Analysis (RQ3)

Analysis of o and . « and [ represent the ratio of feature
masking in homophily and heterophily views, respectively.
Figure 3 depicts the performance with different masking ra-
tios on Cora and Amazon-Photo datasets. On Cora dataset,
it is observed that the classification performance is opti-
mal when the masking ratios o and [ are set to 0.5 and
0.7, respectively. However, the classification performance
declines when the masking ratios fall outside this range. On
Amazon-Photo dataset, the best classification performance
is achieved when parameters « and 3 are set to 0.2 and 0.2,
respectively. If « is set to a higher value of 0.9, the classifi-
cation performance is less desirable. The main reason is that
a higher mask ratio results in more features being discarded.
It leads to a reduction in the amount of information available
to the model, which in turn affects its performance.

Conclusion

In this paper, we propose TEDMAE, a teacher-guided edge
discriminator for the personalized graph masked autoen-
coder method. Specifically, we design an edge discrimina-
tor to differentiate between nodes connected by homophilic
and heterophilic edges. In addition, we present a personal-
ized graph masked autoencoder that individually masks, en-
codes, and reconstructs each graph. Furthermore, we employ
SCE loss and InfoNCE loss to optimize TEDMAE by recon-
structing embeddings and features. Finally, the experimental
results demonstrate the effectiveness of TEDMAE.
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