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Abstract

Graph self-supervised learning aims to mine in-
trinsic signals from graph data itself to train mod-
els. It enables the acquisition of high-quality rep-
resentations without manual annotations, making
it suitable for various label-scarce scenarios and
thus garnering substantial interest. Existing graph
self-supervised methods typically assume that each
node possesses a single semantic meaning. How-
ever, many real-world entities exhibit multiple se-
mantics, where a single node may simultaneously
belong to multiple categories. Since existing ap-
proaches are mainly designed for single-semantic
settings, they often struggle to accurately cap-
ture the multiple semantics within nodes. Mean-
while, existing multi-label graph learning meth-
ods mainly depend on extensive manual annota-
tions, which are costly and of limited applicabil-
ity. To address this, we make a bold attempt to ex-
tend graph self-supervised learning to multi-label
graphs. It is particularly challenging, as lacking la-
bels makes it difficult to identify multiple seman-
tics, let alone determine the number of underly-
ing categories for nodes. To this end, we pro-
pose a Multi-semantic Aware Self-Supervised pre-
training method (MASS) for multi-label graphs.
Specifically, we propose a multi-pseudo-label de-
composition mechanism, enabling adaptive learn-
ing of multiple semantics within nodes without an-
notations. Extensive results validates the effective-
ness of MASS, and it achieved competitive perfor-
mances with supervised baselines.

1 Introduction
Graph Self-Supervised Learning (GSSL) aims to pre-train
graph neural network models without human-annotated la-
bels [Liu et al., 2023; Xie et al., 2023]. Unlike super-
vised learning, GSSL constructs proxy tasks by mining self-
supervised signals from the graph data itself. This enables
the model to effectively leverage large amounts of unlabeled
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graph data to learn meaningful representations and gener-
alize to various downstream scenarios [Hu et al., 2020c;
Qiu et al., 2020; Hu et al., 2020b]. Therefore, GSSL has
garnered significant attention and has found widespread ap-
plications such as molecular prediction [Wang et al., 2023;
Zhang et al., 2021], anomaly detection [Zheng et al., 2023;
Liu et al., 2022], and e-commerce recommendations [Wu et
al., 2019; Ren et al., 2026].

Despite achieving significant success, existing GSSL
methods are mainly designed for single-label scenarios, i.e.,
each node belongs to only one class [Zhu et al., 2020;
Kipf and Welling, 2016]. While, in the real world, nodes
often possess multiple semantics, i.e., one node may belong
to multiple labels [Sun et al., 2018; Hu et al., 2020a]. For ex-
ample, in social networks [Sun et al., 2018], a user may have
multiple interests, such as being a “music fan,” “movie enthu-
siast,” and “amateur photographer”. This multi-label nature
is pervasive. Meanwhile, compared to single-label graphs,
multi-label graphs is more complex, making manual annota-
tion more difficult and expensive. Therefore, it is very im-
portant to explore self-supervised representation learning on
multi-label graphs. Unfortunately, most existing multi-label
graph learning methods [Gao et al., 2019; Xiao et al., 2022;
Bei et al., 2025] are limited to supervised settings. These
methods typically heavily rely on manual annotation to learn
the dependencies among node and multiple labels.

Therefore, we make a bold attempt to extend graph self-
supervised learning to multi-label scenarios. It is full of chal-
lenges, specifically manifested in the following two aspects:
(i) Multi-semantic entanglement (Challenge 1). In multi-
label settings, a node can belong to multiple categories si-
multaneously. Thus, two nodes may overlap in some seman-
tics while differing in others. A pair of ideal representation
should capture this partially aligned, partially separated se-
mantics, thus being able to fully express the complex seman-
tics of various categories hidden in nodes. However, existing
GSSL paradigms typically assume that each node possess se-
mantic of only one category. Thus, they [Zhu et al., 2020]
often treat a pair of node in either positive or negative pair.
This binary alignment cannot adapt to complex semantics
among multi-label nodes. The generative GSSLs [Kipf and
Welling, 2016] also neglect the entangled semantics brought
by multiple labels. (ii) Hard self-supervised signal mining
(Challenge 2). While existing works [Bei et al., 2025] have
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Figure 1: Motivation. We compare performances of existing GSSL
methods and supervised methods on multi-label and single-label
datasets, respectively. For the multi-label dataset, the supervised
baseline is CorGCN, while for the single-label dataset, the super-
vised GCN is the baseline. We calculate the performance improve-
ment of GSSL methods compared to the supervised baseline, with
positive values highlighted in green and negative values in red.

explored multi-label graph learning, their learning of the as-
sociations among representations and multi-labels heavily re-
lies on manual annotations. However, acquiring high-quality
multi-label annotations is costly, imposing limitations on su-
pervised approaches. In the self-supervised scenario, it is dif-
ficult to extract appropriate signals to model multi-label de-
pendencies. We even don’t know how many categories the
nodes possess. Therefore, as shown in Figure 1, although ex-
isting GSSL methods can achieve comparable performance to
supervised methods in the single-label domain, their perfor-
mance declines when transferred to the multi-label scenario.

To address these challenges, we propose a Multi-semantic
Aware Self-Supervised graph pretraining method (MASS),
which aims to learn discriminative and semantically disentan-
gled node representations without labels. For Challenge 1,
we design a multi-semantic feature disentanglement mod-
ule. This module does not treat node representations as a
whole. Instead, it projects them into multiple distinct se-
mantic subspaces, governed by learnable prototypes. These
subspaces enable the model to separately model different se-
mantic aspects of each node, capturing nuanced relationships
where nodes may align in certain semantic dimensions while
diverging in others. For Challenge 2, we introduce a con-
textual structure encoding module, aiming to extract richer
structural signals from the graph topology to complement and
enhance the semantic representations. Specifically, this mod-
ule captures high-order neighborhood context information of
nodes through random walk to generate structural embed-
dings. The structural embeddings can provide topological
self-supervised signals independent of node features, offering
additional self-supervised constraints in the absence of label
guidance. This design enables the model to understand nodes
more comprehensively from both structural and semantic per-
spectives, effectively alleviating the signal sparsity problem.

Our contributions can be summarized as follows:

• We pioneer the exploration of self-supervised represen-
tation learning on multi-label graphs, effectively freeing

it from dependence on manual annotations and offering
a fresh perspective in this field.

• We propose MASS, a multi-semantic aware self-
supervised graph pretraining method, enabling model to
capture complementary self-supervised signals that inte-
grate both semantic disentanglement from node features
and contextual information from graph topology.

• Comprehensive experiments on four datasets show that
our MASS achieves competitive performance against su-
pervised methods on seven key metrics, convincingly
demonstrating its effectiveness and superiority.

2 Related Work
2.1 Graph Self-Supervised Learning
Graph Self-Supervised Learning (GSSL) has emerged as a
powerful paradigm for learning representations from unla-
beled graph data [Xie et al., 2023; Liu et al., 2023; Wu et al.,
2023]. Existing methods can be primarily categorized into
generative and contrastive methods [Liu et al., 2023]. Gen-
erative GSSL methods derive supervision signals by recon-
structing node attributes or graph topology. Representative
works, GAE and VGAE [Kipf and Welling, 2016], adopt an
encoder-decoder architecture to reconstruct the graph’s ad-
jacency matrix. GraphMAE [Hou et al., 2022] introduces
feature masking and learns representations by reconstruct-
ing the masked node features. Contrastive GSSL methods
learn node representations by comparing similar and dissim-
ilar instances across different granularities. Node-level ap-
proaches like GRACE [Zhu et al., 2020] and GCA [Zhu et
al., 2021] create positive pairs via augmentations and con-
trast them against negative instances, thereby capturing lo-
cal semantic invariance. Cross-level approaches such as DGI
[Velickovic et al., 2019] maximize mutual information be-
tween local node embeddings and global graph summaries to
learn discriminative representations.

Despite notable success, they typically treat node fea-
tures as an indivisible whole, overlooking the inherent
multi-semantic nature of nodes in multi-label graphs. Con-
sequently, directly applying existing self-supervised frame-
works to multi-label data often results in entangled represen-
tations and limited semantic discriminability.

2.2 Graph Multi-Label Learning
Traditional graph multi-label learning is usually based on su-
pervised or semi-supervised frameworks, focusing primar-
ily on modeling label correlations and incorporating label
semantics into graph neural networks [Shi et al., 2020;
Akujuobi et al., 2019]. Early studies, such as ML-GCN
[Gao et al., 2019], propose projecting labels and nodes into
a shared embedding space and constructing label-label and
node-label correlation matrices to enhance node representa-
tions. Subsequently, some methods like LANC [Zhou et al.,
2021a] and LARN [Xiao et al., 2022] incorporate label-aware
attention mechanisms to capture fine-grained label dependen-
cies. Then, recent work CorGCN [Bei et al., 2025] further
addresses challenges such as label ambiguity and structural
noise through its correlation-aware graph convolution mech-
anism. LIP [Sun et al., 2025] dynamically guides the model
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learning process by computing higher-order label correlations
and propagating influence between labels.

Despite their effectiveness, these methods rely heavily on
extensive high-quality labeled data, which is often costly or
difficult to obtain in real-world multi-label scenarios.

2.3 Self-Supervised Learning on Multi-Label Data
Researches on self-supervised multi-label learning remains
scarce, with only a few works focusing on the field of com-
puter vision [Zhu et al., 2023; Chen and Yeh, 2024; Lin et al.,
2021]. For instance, OASS [Xu et al., 2022] leverages object
detection to generate region-level pseudo-labels. By design-
ing region-specific contrastive learning tasks, it guides the
model to learn semantically distinct representations for differ-
ent visual concepts within a single image, thereby achieving
semantic disentanglement at the object level.

However, in the graph domain, self-supervised learning for
multi-label graphs remains unexplored. To the best of our
knowledge, no existing work can address the core challenges
of multi-label graph learning under a label-free setting. It’s
the gap that our work aims to bridge.

3 Preliminaries
Notations. Given a graph G = (V , E), consisting of N
vertices V = {v0, v1, · · · , vN} and M edges E ⊂ V × V .
The graph structure is represented by an adjacency matrix
A ∈ {0, 1}N×N with Aij = 1 if (vi, vj) ∈ E . The
node features are represented by a feature matrix X =
[x⊤

1 ,x
⊤
2 , · · · ,x⊤

N ]⊤ ∈ RN×F , where each row xi ∈ RF de-
notes the F -dimensional feature vector of node vi. In multi-
label graph learning, each node is associated with a label set
Yi ⊆ C, where C = {c1, c2, · · · , cC} denotes the label space
of C semantic categories. This association can be represented
by a binary vector yi = [yi1, yi2, · · · , yiC ] ∈ {0, 1}C , where
yij = 1 if node vi belongs to category cj , and yij = 0 other-
wise. The collection of all node labels forms the label matrix
Y = [y1,y2, · · · ,yN ]⊤ ∈ {0, 1}N×C .
Problem Definition. In this work, we address the self-
supervised multi-label graph representation learning prob-
lem, where the label matrix Y is unavailable during train-
ing. Our objective is to learn an encoder fθ(X,A) that gen-
erates low-dimensional node embeddings Z = fθ(X,A) ∈
RN×d where d ≪ F , with zi denoting the embedding of
node vi. The learned representations should capture the mul-
tiple semantic facets within nodes without any label, such that
they serve as effective representations for downstream multi-
label node classification tasks.

4 Methodology
In this section, we present our proposed MASS framework
in detail, comprising multi-semantic feature disentanglement
(Sec. 4.1) and contextual structure encoding (Sec. 4.2). Sub-
sequently, we elaborate on the loss function (Sec. 4.3). The
overall framework of MASS is illustrated in Figure 2.

4.1 Multi-Semantic Feature Disentanglement
To address Challenge 1, we introduce a multi-semantic
feature disentanglement module that decomposes holistic

node representations into multiple independent semantic sub-
spaces, each corresponding to a potential semantic category.
By this, the module can capture the differentiated character-
istics of nodes across various semantic dimensions.

Semantic Subspaces
We first adopt two-layer GCN [Kipf and Welling, 2017] as
the base encoder to obtain initial nodes feature represen-
tations Zf . Nevertheless, Zf remains a fused representa-
tion where different semantics are entangled. To explicitly
disentangle these semantics, we propose to decompose the
unified representation Zf into C independent semantic sub-
spaces, each corresponding to a potential semantic category
c ∈ {1, 2, . . . , C}. Specifically, we design C independent
projection headers, formulated as:

Rc = ZfWc + bc, (1)

where Wc ∈ Rdh×dc and bc ∈ Rdc are learnable parameters,
and Rc ∈ RN×dc denotes the representation of all nodes pro-
jected into the c-th semantic subspace.

This design allows each semantic to have an indepen-
dent space, avoiding interference between different seman-
tics. Thus, we obtain a set of independent semantic represen-
tations {Rc}Cc=1, each capturing a distinct semantic facet of
the nodes without mutual interference.

Codebook-Based Pseudo-Labels
Due to lacking guidance from ground-truth labels in self-
supervised learning setting, the model should seek supervi-
sory signals from data itself. To address this, we try to learn
a set of pseudo-labels as alternatives to guide model by lever-
aging a codebook-based prototype learning mechanism.

Specifically, we maintain a codebook of K prototypes for
each category c. It can be denoted as pc = {p1

c ,p
2
c , . . . ,p

K
c },

where each prototype pk
c represents potential semantic within

category c. These prototypes are dynamically aggregated
through an attention mechanism to form the category’s cen-
tral representation as pseudo-labels:

αk
c =

exp(w⊤
a p

k
c )∑K

j=1 exp(w
⊤
a p

j
c)
, p̄c =

K∑
k=1

αk
cp

k
c , (2)

where w⊤
a ∈ Rdc is a learnable attention vector.

Label Alignment Loss
To leverage the learned pseudo-labels to guide representation
learning, we design a label alignment loss that encourages
node embeddings to align with their corresponding semantic
central representation.

Specifically, given the pseudo-label p̄c and the node rep-
resentation rci in semantic subspace c, we first compute the
confidence score that node vi belongs to category c:

sci = σ(rci p̄c), (3)

where σ(·) is the sigmoid function, mapping it to (0, 1).
Based on this confidence score, we define positive and

negative sample sets for each category c with a threshold
τ ∈ (0, 1):

Pc = {vi|sci > τ},Nc = {vi|sci ≤ τ}. (4)
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Figure 2: The overall framework of our proposed MASS. (a) Multi-Semantic Feature Disentanglement: it decomposes holistic node represen-
tations into multiple independent semantic subspaces by the guidance of codebook-based pesudo-labels. (Sec. 4.1) (b) Contextual Structure
Encoding: it generates structural representations to provide complementary self-supervision signals from graph topology. (Sec. 4.2)

Then, to encourage positive samples to align with their
corresponding pseudo-label while pushing negative samples
away, the label alignment loss is formulated as:

L(l)
align =

C∑
c=1

(Evi∈Pc [1−cos(rci , p̄c)]+Evi∈Nc [cos(r
c
i , p̄c)]),

(5)
where cos(·, ·) denotes cosine similarity, E denotes the math-
ematical expectation.

Thus, L(l)
align provides self-supervised alignment signals

to the model and enables each semantic subspace to au-
tonomously learn category prototypes, achieving alignment
of node representations in shared semantic subspaces and
separation in non-shared ones.

Contrastive Regularization
Following the smoothing assumption of graphs, we intro-
duce an aggregation constraint to preserve local consistency.
Meanwhile, to prevent the representation space from collaps-
ing into trivial solutions, we add a separation constraint to
promote variance across semantic dimensions. Therefore, the
overall contrastive regularization loss can be defined as:

Lcontrast = Lagg + γsepLsep, (6)

where γsep is the weight coefficient, and Lagg and Lsep can be
formulated as:

Lagg =
1

|E ′|
∑

(vi,vj)∈E′

∥Zf i − Zf j∥22,

Lsep = − 1

dh

dh∑
j=1

Var(Ẑf :,j),

(7)

where |E ′| = {(vi, vj) ∈ E|i ̸= j} denotes the set of edges
excluding self-loops. Zf i represents the feature representa-

tion of node vi. Ẑ:,j denotes the normalized representation of
all nodes in the j-th semantic dimension.

By enhancing local consistency and dimensionality di-
versity, Lcontrast preserves local semantic similarity between
neighboring nodes and effectively prevents representation
space from collapsing into trivial solutions during self-
supervised learning.

Consistency Regularization
Notably, in self-supervised learning, models are prone to pre-
mature convergence to suboptimal solutions or overconfident
predictions, where predictions may collapse into a few domi-
nant categories while ignoring other plausible semantic asso-
ciations. This issue is particularly severe in multi-label learn-
ing, as the model must identify and balance multiple coexist-
ing semantics for each node without guidance from ground-
truth labels.

Thus, we design a temperature-scaled consistency regu-
larization loss to guide the learning of semantic subspaces
and pesudo-labels. This loss controls the entropy of the pre-
dicted distribution through a temperature parameter, dynami-
cally balancing exploration and discrimination of model.

Specifically, for the confidence score si = [s1i , s
2
i , · · · , sCi ]

of node vi, we introduce two temperature parameters T and
T ′, where T > T ′ > 0, to generate smoothed and sharpened
distributions respectively:

qsmooth
i = softmax(si/T ),q

sharp
i = softmax(si/T ′) (8)

The smoothed distribution qsmooth
i has higher entropy with

more uniform probability distribution across labels, en-
couraging the model to explore potential relationships be-
tween different labels. The sharpened distribution qsharp

i has
lower entropy with more prominent probabilities for high-
confidence labels, prompting the model to make clearer dis-
tinctions. The consistency loss minimizes the KL divergence
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between them:

Lconsist =
1

N

N∑
i=1

KL(qsmooth
i ||qsharp

i ) (9)

This design enables the model to focus more on exploring
inter-label relationships in early training stages and gradu-
ally enhance discriminative capability as training progresses.
Meanwhile, the signals provided by the soft distribution are
richer than hard assignments, transmitting more detailed in-
formation through the KL divergence constraint between dis-
tributions, effectively mitigating pseudo-label noise issues.

4.2 Contextual Structure Encoding
To address Challenge 2, we aim to mine richer information
from graph data in a self-supervised setting. Besides node at-
tributes, we seek to extract more comprehensive signals from
the topological structure of the graph. Therefore, we design
a contextual structure encoding module that learns node em-
beddings from higher-order neighborhood patterns, comple-
menting the multi-semantic feature disentanglement module.

We adopt a DeepWalk-based [Perozzi et al., 2014] struc-
tural encoding approach to obtain structural embeddings of
the graph. Specially, we employ random walks to gener-
ate sequences that capture L-hop neighborhood structures.
Starting from each node vi, we generate M random walk se-
quences of length L : Wi = {walk1i ,walk2i , · · · ,walkMi },
where walkmi = (v0, v1, · · · , vL−1) with v0 = vi.

Then, we follow the Skip-gram [Mikolov et al., 2013]
model to learn structural embeddings of nodes by maximiz-
ing the log probability of co-occurrence between nodes and
their context nodes in the walk sequences:

max
1

N

N∑
i=1

M∑
m=1

L∑
t=1

∑
−w≤j≤w,j ̸=0

logP (vi,t+j |vi,t), (10)

P (vj |vi) = exp(u⊤
j ui)/

∑
vk∈V

exp(u⊤
k ui) (11)

where w is the window size, ui is the structural embeddings
vector of node vi. By optimizing the above objective, we
obtain structural embeddings U . We apply a multi-layer per-
ceptron (MLP) to the structural embeddings U to obtain the
final structural representations Zs = MLP(U) ∈ RN×ds .

4.3 Loss Function
Considering that representations obtained from the feature
space and structural space for the same node should ex-
hibit consistency at the semantic level, we design a feature-
structure alignment loss function:

L(fs)
align =

1

N

N∑
i=1

(1− Sii)︸ ︷︷ ︸
Self-alignment

+
1

N(N − 1)

∑
i̸=j

max(0,Sij)︸ ︷︷ ︸
Mutual Exclusion

(12)
where S = ẐfĤ

⊤
s is the similarity matrix between fea-

ture representations and projected structural representations.

Here, Ẑf and Ĥs represent the normalized feature and struc-
tural representations, respectively, with Hs = proj(Zs) ob-
tained via a projection network proj(·) that maps Zs into the
same semantic space as Zf .

The self-alignment component of this loss function min-
imizes the distance between the feature and structural rep-
resentations of the same node. Concurrently, the exclusion
component penalizes positive similarities between different
nodes, thereby preventing their representations from becom-
ing excessively close. From an information-theoretic per-
spective, this formulation maximizes mutual information be-
tween the two views of each individual node while minimiz-
ing mutual information between different nodes.

With the losses mentioned above, the overall loss function
of MASS is as follows:

L = L(fs)
align + αL(l)

align + βLcontrast + γLconsist (13)

where α, β and γ are the controllable hyper-parameters.
After optimization, the model produces two complemen-

tary representations: the feature representation Zf and the
structure representation Zs. Then, we obtain the final repre-
sentation by concatenating them, i.e., Z = Concat(Zf ,Zs).
The combined representation Z ∈ RN×(dh+ds) captures both
feature semantics and graph topology, providing a compre-
hensive embedding for downstream tasks.

5 Experiments
In this section, we evaluate our proposed MASS framework
through comprehensive experiments, aiming to answer three
fundamental questions: (i) RQ1: How does MASS com-
pare against state-of-the-art methods across diverse multi-
label graph datasets? (ii) RQ2: What is the contribution of
each component to the overall performance? (iii) RQ3: How
sensitive is MASS to key hyperparameter settings?

5.1 Experimental Setup
Datasets. We conduct comprehensive experiments on four
widely-used multi-label graph datasets: Humloc [Zhao et al.,
2023], PCG [Zhao et al., 2023], Blogcatalog [Zhou et al.,
2021b] and PPI [Zeng et al., 2020] for evaluation, cover-
ing various domains including social networks, academic net-
works, and biological networks.

Baselines. We compare MASS with the following seven
state-of-the-art models: (i) Semi-supervised multi-label
learning methods: LARN [Xiao et al., 2022], LIP [Sun et al.,
2025], and CorGCN [Bei et al., 2025]; (ii) Self-supervised
learning methods: GAE [Kipf and Welling, 2016], DGI
[Velickovic et al., 2019], GRACE [Zhu et al., 2020], and
FUG [Zhao et al., 2024]. All baseline methods are imple-
mented using official code or reproduced according to orig-
inal papers. We equip all models with the GCN backbone
architecture to ensure fair comparison.

Evaluation Metrics. To comprehensively evaluate multi-
label node classification performance, we employ seven stan-
dard evaluation metrics. Ranking Loss and Hamming Loss
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Semi-supervised Self-supervised

Metrics LARN LIP CorGCN GAE DGI GRACE FUG MASS
H

um
lo

c

Ranking (↓) 18.01±0.69 14.55±0.49 14.93±0.75 17.97±0.48 19.76±0.77 16.28±0.09 17.16±0.59 14.53±0.40
Hamming (↓) 9.01±0.25 8.05±0.15 8.04±0.23 8.62±0.15 8.65±0.02 8.30±0.21 8.28±0.22 7.80±0.03

Ma-AUC (↑) 65.69±1.27 69.45±0.46 67.67±3.40 60.04±0.80 61.72±0.85 64.57±1.08 65.51±0.96 68.85±0.62
Mi-AUC (↑) 81.95±0.54 85.11±0.41 85.52±0.56 79.82±0.37 76.27±0.90 81.39±0.38 82.11±1.07 85.67±0.27
Ma-AP (↑) 15.40±0.10 19.09±0.26 21.67±1.41 15.19±0.09 17.00±0.25 19.92±0.76 18.21±0.55 22.22±0.45
Mi-AP (↑) 32.32±1.85 40.29±0.57 42.17±1.18 30.88±0.25 31.60±0.81 37.42±1.06 37.88±1.63 42.82±0.65
LRAP (↑) 55.49±0.74 62.66±0.79 61.58±1.71 55.14±0.55 56.37±0.46 60.54±0.53 59.20±0.84 62.52±0.42

PC
G

Ranking (↓) 31.96±0.59 28.27±0.45 28.65±1.37 32.14±0.19 34.04±0.30 29.55±0.30 28.89±0.62 27.57±0.34
Hamming (↓) 13.50±0.04 12.93±0.09 13.01±0.28 14.07±0.02 14.34±0.19 13.18±0.22 12.90±0.15 12.86±0.13

Ma-AUC (↑) 53.28±0.63 57.58±0.34 58.33±0.79 58.20±0.85 57.13±0.24 58.44±0.17 59.46±0.49 60.49±1.25
Mi-AUC (↑) 65.78±0.58 70.18±0.36 70.45±0.76 66.33±0.42 65.06±0.25 69.12±0.42 70.29±0.47 71.63±0.42
Ma-AP (↑) 14.56±0.15 16.75±0.08 19.32±1.36 18.87±0.89 17.80±0.31 18.39±0.55 18.67±0.89 19.19±0.80
Mi-AP (↑) 22.24±0.40 26.07±0.57 26.38±1.28 24.87±0.70 23.45±0.44 26.34±0.36 27.24±1.00 28.14±0.42
LRAP (↑) 42.47±0.64 45.69±0.67 45.56±1.59 43.49±0.96 41.76±0.54 44.97±0.31 45.94±0.61 47.18±0.10

B
lo

gc
at

al
og

Ranking (↓) 25.81±0.21 25.54±0.07 25.69±0.20 25.87±0.05 25.52±0.08 25.74±0.27 25.65±0.11 21.83±0.21
Hamming (↓) 3.60±0.01 3.59±0.01 3.60±0.00 3.61±0.00 3.61±0.00 3.60±0.01 3.60±0.00 3.54±0.02

Ma-AUC (↑) 51.51±0.28 51.92±0.28 51.87±0.79 52.71±0.62 52.03±0.76 51.02±0.30 52.18±0.59 63.35±0.51
Mi-AUC (↑) 73.55±0.25 73.30±0.15 73.72±0.20 72.99±0.12 73.55±0.16 73.63±0.10 73.78±0.27 77.72±0.27
Ma-AP (↑) 3.83±0.01 4.04±0.03 4.00±0.04 4.45±0.12 3.94±0.09 3.92±0.06 4.04±0.02 10.15±0.29
Mi-AP (↑) 9.37±0.14 9.28±0.04 9.43±0.10 9.46±0.15 9.32±0.02 9.48±0.07 9.50±0.03 19.86±1.55
LRAP (↑) 27.87±0.14 27.68±0.12 27.75±0.15 28.01±0.12 27.73±0.01 27.71±0.17 27.83±0.09 37.49±1.26

PP
I

Ranking (↓) 24.48±0.14 22.99±0.11 20.23±0.52 21.20±0.39 22.53±0.11 22.71±0.57 21.37±0.08 19.91±0.05
Hamming (↓) 26.40±0.29 25.18±0.15 23.76±0.41 24.24±0.19 24.75±0.09 24.86±0.16 24.60±0.03 23.91±0.07

Ma-AUC (↑) 57.94±0.70 62.43±0.26 69.52±0.85 67.86±0.53 65.28±0.17 65.37±1.12 65.79±0.19 69.65±0.13
Mi-AUC (↑) 71.75±0.08 74.29±0.18 77.82±0.48 77.01±0.35 75.48±0.08 75.54±0.54 75.92±0.04 78.06±0.13
Ma-AP (↑) 36.98±0.29 42.18±0.36 50.03±1.27 48.07±0.63 45.00±0.31 44.55±1.18 45.09±0.27 49.34±0.06
Mi-AP (↑) 36.98±0.29 60.13±0.31 64.36±0.72 63.83±0.38 61.98±0.06 61.91±0.61 61.90±0.14 64.56±0.11
LRAP (↑) 62.94±0.17 64.07±0.14 66.98±0.60 65.90±0.45 64.65±0.23 64.24±0.61 65.58±0.09 66.88±0.07

Average Rank 6.89 4.66 2.98 5.27 6.21 5.02 3.64 1.32

Table 1: The performances of various methods on multi-label node classification. We report mean ± std over three runs for each method on
four datasets. The top-1 and top-2 results per metric are highlighted in bold and underlined. (↓: the lower, the better, ↑: the higher, the better)

measure the proportion of misclassified labels and label rank-
ing quality, respectively; Macro-AUC and Micro-AUC eval-
uate classifier discrimination capability at different granular-
ities; Macro-AP and Micro-AP assess prediction accuracy
based on precision-recall curves; LRAP specifically evalu-
ates average precision for label ranking. We adopt a stan-
dard experimental protocol: randomly split 10% of nodes as
the training set, 10% as the validation set, and the remain-
ing 80% as the test set. To ensure reliability, all experiments
are repeated 20 times with different random seeds, and we
report average results with standard deviation, providing sta-
ble performance evaluation. The source code is available at
https://github.com/hedongxiao-tju/MASS.

5.2 Experimental Analysis
For RQ1, we evaluate the performance of our proposed
MASS framework against seven state-of-the-art baseline
methods on four multi-label graph datasets. The results of
seven metrics are reported in Table 1. We adopt Friedman
test to assess the statistical significance. The results of the
Friedman test for all seven evaluation metrics are shown in

Table 2. With all p-values far less than the significance level
α = 0.05, the null hypothesis that all methods perform equally
is rejected, thereby confirming statistically significant differ-
ences across the compared methods.

From Table 1 and Table 2, we can observe that: (i)
Our proposed MASS achieves significant improvements
over other baselines across four experimental datasets.
MASS achieves the best or highly competitive results on
seven evaluation metrics, with an average rank of 1.32, sig-
nificantly outperforming all other methods. Specifically, in
terms of Ranking Loss and Hamming Loss, MASS gener-
ally outperforms the baselines, demonstrating clear advan-
tages in label ranking quality and classification error rate.
Regarding AUC and AP metrics, MASS achieves the best
or second-best performances in macro and micro measures,
highlighting its strong discriminative capability even under
class imbalance and label scarcity. Especially on Blog-
catalog, MASS achieves a Micro-AUC of 77.72%, outper-
forming the second-best model by 5.34%. (ii) MASS per-
forms better than existing self-supervised learning meth-
ods. Compared with self-supervised baselines, MASS shows
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Evaluation Metric FF p-value

Ranking Loss 44.33 1.84e-07
Hamming Loss 37.12 4.44e-06

Ma-AUC 41.38 6.82e-07
Mi-AUC 50.31 1.26e-08
Ma-AP 52.78 4.10e-09
Mi-AP 49.00 2.27e-08
LARP 40.69 9.27e-07

Table 2: Friedman statistics FF for each evaluation metric (α = 0.05)

Method Humloc PCG Blogcatalog PPI

w/o MFD 83.07 68.23 77.09 74.98
w/o CSE 84.26 71.07 73.45 73.28
w/o Align 82.32 69.69 77.39 77.44
w/o Contr 85.22 71.09 75.87 77.20

w/o Consist 85.20 70.99 75.53 77.28

MASS 85.67 71.36 77.72 78.06

Table 3: Ablation study with its five variants (Micro-AUC)

clear gains across nearly all metrics. This verifies that our
model MASS can effectively capture the multi-semantics of
nodes in multi-label graphs, which are overlooked by conven-
tional self-supervised approaches designed for single-label
scenarios. (iii) MASS achieves competitive performance
even compared to semi-supervised multi-label learning
methods. Notably, without manual annotation during train-
ing, MASS matches or surpasses semi-supervised baselines
on multiple metrics. This indicates that the proposed pretext
tasks in our model successfully extract rich supervisory sig-
nals from the graph data itself, thereby guiding model to learn
more discriminative and semantically disentangled node rep-
resentations. Overall, the strong performance validates the
effectiveness of our proposed MASS in self-supervised multi-
label graph learning.

5.3 Ablation Study
For RQ2, to validate the effectiveness of each component in
our proposed MASS framework, we conduct systematic abla-
tion studies by comparing MASS with the following variants:
(1) w/o MFD removes the multi-semantic feature disentan-
glement module. (2) w/o CSE removes the contextual struc-
ture encoding module. (3) w/o Align removes the label align-
ment loss L(l)

align. (4) w/o Contr removes the contrastive regu-
larization loss Lcontrast. (5) w/o Consist removes the consis-
tency regularization loss Lconsist.

Table 3 summarizes the ablation results. We observe
that: (i) Effectiveness of multi-semantic feature disentan-
glement module and contextual structure encoding mod-
ule. Removing either the feature disentanglement module
(w/o MFD) or the structure encoding module (w/o CSE)
leads to significant decline in performance across all datasets.
This demonstrates that modeling multi-semantics of nodes
and capturing signals from topological structures are essen-
tial to self-supervised multi-label learning. (ii) Effectiveness
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Figure 3: Sensitivity analysis of the hyperparameters K and τ

of regularization losses. The removal of any regularization
term impairs model performance, which demonstrates that
these regularization terms are not merely auxiliary. These
losses respectively prevent representation collapse and mit-
igate over-confidence in early training, thereby enhancing the
model’s ability to identify and separate multiple semantics.

5.4 Parameter Study
For RQ3, we investigate the sensitivity of MASS to key hy-
perparameters including the number of prototypes K and
threshold τ .

As shown in Figure 3, both K and τ influence model per-
formance. When K is too small, the model fails to cap-
ture the semantic diversity within each category, This results
in limited guidance from pseudo-labels, thereby leading to
suboptimal performance. With K increasing, the model can
capture finer semantics, and performance improves accord-
ingly. When K becomes excessively large, the performance
consequently declines. This indicates that redundant noise
may be introduced into the pseudo-labels, causing semantic
overlap or interference. Similarly, when τ is too low, some
low-confidence samples were incorrectly classified as posi-
tive samples, causing the representations to deviate from the
ideal semantic space. Conversely, when τ is too high, some
high-confidence samples that should belong to the positives
are erroneously excluded, hindering effective semantic align-
ment, which consequently degrades performance. Therefore,
appropriate values of K and τ can enhance the model’s over-
all performance.

6 Conclusion
In this paper, we explore self-supervised learning on multi-
label graph data and propose a Multi-semantic Aware Self-
Supervised graph pretraining method (MASS), which can ef-
fectively capture multiple semantics within nodes and free it
from dependence on manual annotations. Extensive experi-
ments demonstrates that our proposed MASS achieves com-
petitive performances with supervised baselines.
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