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Abstract

Generative self-supervised learning on graphs has emerged
as a popular learning paradigm and demonstrated its efficacy
in handling non-Euclidean data. However, several remaining
issues limit the capability of existing methods: 1) the disregard
of uneven node significance in masking, 2) the underutilization
of holistic graph information, 3) the ignorance of semantic
knowledge in the representation space due to the exclusive
use of reconstruction loss in the output space, and 4) the un-
stable reconstructions caused by the large volume of masked
contents. In light of this, we propose ACE-GSL, an adaptive
and context-rich graph self-supervised learning framework
to address these issues from the perspectives of adaptivity,
integrity, complementarity, and consistency. Specifically, we
first develop an adaptive feature mask generator to account
for the unique significance of nodes and sample informative
masks (adaptivity). We then design a ranking-based structure
reconstruction objective joint with feature reconstruction to
capture holistic graph information and emphasize the topo-
logical proximity between neighbors (integrity). After that,
we present a bootstrapping-based similarity module to encode
the high-level semantic knowledge in the representation space,
complementary to the low-level reconstruction in the output
space (complementarity). Finally, we build a consistency as-
surance module to provide reconstruction objectives with extra
stabilized consistency targets (consistency). Extensive exper-
iments demonstrate that ACE-GSL achieves state-of-the-art
performance over 28 methods on 20 datasets across 3 tasks.

Introduction
Although Graph Neural Networks (GNNs) have demon-
strated exceptional effectiveness in handling graph data and
have achieved great success in a wide range of graph min-
ing tasks, many of them adhere to the supervised or semi-
supervised learning settings, where labels are required to
guide the learning procedure (Qiao et al. 2024; Wang, Jin,
and Derr 2022). To alleviate the strict requirements on la-
bels, self-supervised learning on graphs is proposed and has
emerged as one of the most exciting learning paradigms for
GNNs (Liu, Xia, and Huang 2024; Yuan et al. 2024; Wu
et al. 2023). The key insight behind self-supervised learning
on graphs is to learn node or graph representations based
on supervision signals derived from the data itself without
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relying on human-annotated labels (Wang et al. 2024b; He
et al. 2025). The learned representations can then be utilized
in various downstream applications and tasks.

As for self-supervised learning on graphs, contrastive-
based methods are one of the most prevalent and widely
used approaches (Qiu et al. 2020; You et al. 2020). Since
the insights behind contrastive learning are to maximize the
agreement between contrastive data samples, the success
of contrastive methods relies heavily on the derivation of
these samples (Zhu et al. 2021). However, due to the fact
that the majority of constructed data samples are based on
heuristics and prior knowledge, model performance can vary
between different tasks and data (You et al. 2021; Trivedi et al.
2022). In addition, negative sampling, as a common strategy
to obtain negative data samples for most of the contrastive
objectives, often entails arduous designs and cumbersome
constructions from graphs (Velickovic et al. 2019; Zhu et al.
2020). Therefore, deriving high-quality contrastive data sam-
ples becomes a crucial aspect of contrastive method designs.

Generative-based self-supervised learning methods natu-
rally circumvent the aforementioned issues of building con-
trastive data samples by directly reconstructing the input
graph data (Kipf and Welling 2016; Liu et al. 2020; Wu et al.
2021; Tian et al. 2023b). In particular, masked autoencoders
are introduced and achieved outstanding performance by
eliminating a significant percentage of the input data and us-
ing the eliminated data to guide training (Tan et al. 2023; Tian
et al. 2023a; Wang et al. 2024a). However, existing works
have several limitations that hinder their capability in fully
modeling the graph data and learning strong representations.

First, existing methods disregard the uneven node signifi-
cance in masking. The random sampling of the masked nodes
has shown to work, but since not all nodes contain the same
amount of information, assuming a uniform probability dis-
tribution over all input nodes is sub-optimal. The second
limitation is the under-utilization of holistic graph informa-
tion. Graphs are non-euclidean data with complex structural
information and features. To learn effective node representa-
tions that fully encode the graph content and topology, merely
reconstructing the edges or features is far from sufficient. In
addition, current methods ignore the semantic knowledge in
the representation space due to the exclusive use of recon-
struction loss in the output space. Since the reconstruction
loss focuses on the target in the output space while only the
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learned representations are utilized in the downstream tasks,
a gap exists between the learning objective and what would
be used ultimately. Moreover, masking a large portion of in-
put data introduces implicit uncertainties into the model and
causes unstable reconstructions, resulting in unsatisfactory
model performance.

To address the above challenges, we propose ACE-GSL,
an adaptive and context-rich graph self-supervised learning
framework from the following four perspectives: adaptivity,
integrity, complementarity, and consistency. Specifically, we
first develop an adaptive feature mask generator to incorpo-
rate the node significance in masking. Compared to random
masking, the designed adaptive masking generator samples
more nodes that contain rich information and are hard to
reconstruct. We then design a ranking-based structure recon-
struction objective with the feature reconstruction loss to
fully encode integral graph knowledge and emphasize the
topological proximity between neighbor nodes. After that, a
bootstrapping-based similarity module is proposed to comple-
mentarily integrate the high-level semantics from the latent
space into the reconstruction in the output space. Finally,
we build a consistency assurance module to promote stable
learning by providing the original objectives with additional
consistency labels. To fully evaluate our model, we conduct
extensive experiments on three graph learning tasks. From
the evaluation results, we conclude that ACE-GSL can ef-
fectively address the aforementioned challenges and achieve
state-of-the-art performance. To summarize, the contributions
of this paper are as follows:

• We point out that existing methods suffer from four lim-
itations that undermine their capability: the disregard of
uneven node significance in masking, the under-utilization
of holistic graph information, the ignorance of semantic
knowledge, and the unstable reconstructions caused by the
large volume of masked contents.

• To address these limitations, we propose ACE-GSL, a novel
generative self-supervised learning framework on graphs.
ACE-GSL develops multiple novel components to tackle
the above four issues from the perspectives of adaptivity,
integrity, complementarity, and consistency.

• Extensive experiments demonstrate that ACE-GSL
achieves state-of-the-art performance over 28 methods
across on 20 datasets 3 graph learning tasks.

Related Work
This work is closely related to generative and contrastive
self-supervised learning on graphs.

Generative Self-supervised Learning on Graphs
The objective of generative self-supervised learning on
graphs is to reconstruct missing input data. In prior studies,
the performance of generative methods is inferior to that of
contrastive methods (Kipf and Welling 2016; Park et al. 2019;
Garcia Duran and Niepert 2017). For example, the earliest
works VGAE and GAE (Kipf and Welling 2016) leverage
a graph convolutional network as the encoder and use a dot
product operator as the decoder. Later, GraphMAE (Hou et al.
2022) was proposed and has demonstrated great performance,

which introduces masked autoencoder (He et al. 2022) in the
graph domain by reconstructing node features, achieving out-
standing performance. After that, many works are proposed
to solve graph learning tasks following the pipeline of masked
autoencoder (Hou et al. 2023; Wang et al. 2024a; Tan et al.
2023). For instance, AUG-MAE (Wang et al. 2024a) investi-
gates the relationships between GAE and contrastive learning.
However, existing methods disregard several challenges such
as the ignorance of semantic knowledge in the representation
space and the unstable reconstructions in the output space,
which we address in this paper.

Contrastive Self-supervised Learning on Graphs
Contrastive learning, which encourages alignment between
different augmentations or distributions, has achieved great
success in the graph domain and has become a widely recog-
nized paradigm for graph representation learning (Xu et al.
2021a; Qiu et al. 2020; You et al. 2020; Tian et al. 2024;
Wan et al. 2024; Zhang et al. 2023; Tian et al. 2022; Zhang
et al. 2022; Shi, Zhou, and Liu 2023). For example, GCC
(Qiu et al. 2020) aligns the local structures of two sampled
subgraphs. GraphCL (You et al. 2020) focuses on aligning
different graph augmentations. AD-GCL (Suresh et al. 2021)
introduces the alignment between the original graph and an
adversarial augmented graph. However, the success of most
contrastive methods relies on the choice of contrastive data
samples (You et al. 2020; Zhu et al. 2021), where negative
sampling is usually utilized. For instance, InfoGraph (Sun
et al. 2019) and DGI (Velickovic et al. 2019) use corruptions
to obtain negative pairs. GCC (Qiu et al. 2020) utilizes neg-
ative queues that are proposed in MoCo (He et al. 2020).
GraphCL (You et al. 2020), GRACE (Zhu et al. 2020), and
GCA (Zhu et al. 2021) leverage data samples within the same
batch as negatives. Since the selection of different contrastive
data samples can affect the performance greatly (You et al.
2021), the determination and construction of suitable con-
trastive samples play an important role in contrastive method
designs. In this paper, we focus on the generative methods,
which are more recent than the contrastive methods.

Method
In this section, we formally present ACE-GSL to address the
limitations. ACE-GSL contains four innovative components.

Adaptive Feature Mask Generator
In order to account for the unique significance of nodes in
masking, we design the adaptive feature mask generator to
obtain informative masks, as shown in Figure 1 (b). By de-
termining and assigning high probability values for node fea-
tures with high reconstruction errors, the generator enables
the model to focus on reconstructing nodes with hard fea-
tures and rich information. In contrast to random sampling,
we first utilize an auxiliary sampling network to estimate
the categorical distribution for all nodes, and then obtain the
masks based on the distribution. Given that sampling is a non-
differentiable operation, we present a REINFORCE-based
method to optimize the sampling network. In particular, we
define the input graph as G = (V, E , X), where V represents
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Figure 1: (a) The overall framework of ACE-GSL: we first design mask generators to obtain masked graphs and then send them
into the encoder/decoder pipeline to learn representations. Then, the learned representations are taken for the reconstruction and
consistency assurance objectives in the output space. In addition, we calculate bootstrapping similarity in the representation space
to capture the high-level semantic knowledge. (b) Adaptive feature mask generator: assigning high probability values for features
with high reconstruction errors. (c) Ranking-based structure reconstruction: encouraging the connected nodes to be relatively
similar. (d) Bootstrapping-based similarity: maximizing the agreement between learned and momentum representations. (e)
Consistence assurance: minimizing the scaled cosine error between the constructed and momentum graph.

the node set, E indicates the edge set, and X denotes the node
features. To calculate and enable the model to consider the
node significance, we first use a multi-head attention network
(MHA) followed by a simple feed-forward neural network
(FFN) and a Softmax activation to calculate the probability
scores P = Softmax (FFN[MHA(X)]).

We then define a categorical distribution over P and draw
the set of masked nodes Ṽ without replacement, where Ṽ ∈ V .
The number of nodes in Ṽ is determined by the feature mask
rate pf , where |Ṽ| = |V| × pf . After that, We design a learn-
able mask token [FMASK] to mask the node features. For
each node v ∈ Ṽ , we have its mask feature X[FMASK] ∈ X̃ ,
where X̃ denotes the masked feature matrix. Correspondingly,
for each X̃v ∈ X̃ , the process is formulated as follows:

X̃v =

{
X[FMASK] if v ∈ Ṽ
Xv if v /∈ Ṽ.

(1)

Feature Reconstruction. After we acquire the masked fea-
ture matrix X̃ , we denote the feature-masked graph as G̃f

where G̃f = (V, E , X̃), which is later send into the en-
coder fE to obtain the learned node representations H1 =

fE(E , X̃). To encourage the encoder to learn informative
representations without relying on the decoder’s capability
for reconstruction, we apply another mask token [DM ] on
H1 to obtain H̃1 before sending it into the decoder, where
[DM ] holds the same masked node indices as [FMASK].

Next, we send E and H̃1 into the decoder fD to obtain the
reconstructed node features Z1 under feature masking. The
process is as follows:

H̃1 =

{
h[DM ] if v ∈ Ṽ
hv if v /∈ Ṽ,

Z1 = fD(E , H̃1). (2)

Subsequently, for each node v ∈ Ṽ , we compute the loss
between the reconstruction Zv

1 ∈ Z1 and the ground-truth
node features Xv ∈ X with a scaling factor α. In particular,
we define the feature reconstruction loss LFR as follows:

LFR =
1

|Ṽ|

∑
v∈Ṽ

(1− Xv · Zv
1

∥Xv∥ × ∥Zv
1∥

)α. (3)

Optimizing Adaptive Feature Mask Generator. Since the
sampling process is non-differentiable, to optimize the adap-
tive feature mask generator, we present a REINFORCE-based
method. Specifically, we introduce a sampling loss Lsample,
in which we consider the sampling process as action, both
the encoder and the decoder as environment, and the feature
reconstruction loss LFR as return. To encourage the generator
to focus on nodes that are hard to reconstruct, we optimize the
generator by maximizing the expected feature reconstruction
error E[LFR]: Lsample = −E[LFR] = −

∑
v∈Ṽ log(P v)·Lv

FR,
where P v is the probability score for node v and Lv

FR is the
feature reconstruction error for node v. To prevent precision
errors caused by small values, we take the logarithm for P v .
In addition, we stop the gradient updates from Lsample to

25925



propagate through the encoder and decoder with the aim of
avoiding duplicate computation.

Ranking-based Structure Reconstruction
We also design a structure reconstruction objective to cap-
ture holistic graph knowledge and emphasize the topolog-
ical proximity between neighbors, as shown in Figure 1
(c). Since reconstructing the edges via a strict binary clas-
sification loss might force the model to focus on the ex-
plicit structures while ignoring the implicit relevance be-
tween nodes, we design a ranking-based objective to incor-
porate the relative node similarities and distances. The ob-
jective involves comparing the preference scores between
nodes connected by an edge against the scores between
nodes without any connections. To demonstrate, we start
by introducing a random structure mask generator to ob-
tain structure mask [SMASK]. Specifically, we randomly
sample a subset of masked edges Emask ∈ E following
Bernoulli distribution, i.e., Emask ∼ Bernoulli(ps), where
ps denotes the structure mask rate. For edges in Emask, we
mask them with [SMASK], deriving the structure-masked
graph G̃s = (V, Ẽ , X), where Ẽ represents the remained
visible edges after masking with Ẽ = E − Emask. Then, we
feed Ẽ and node features X into the encoder fE to obtain
the learned node representations H2 under structure masking.
After that, we send Ẽ and H2 into the decoder fD to generate
the reconstructed node features Z2 under structure masking.
The process is formulated as follows:

H2 = fE(Ẽ , X), Z2 = fD(Ẽ , H2). (4)

After we obtain Z2, we can leverage it to calculate the pref-
erence scores between nodes, and further use the scores to
define the structure reconstruction objective. To illustrate,
given two connected nodes vi and vj , we encourage the inner
product similarity between vi and vj to be higher than the in-
ner product similarity between vi and a random negative node
vj′ . Accordingly, we formulate the structure reconstruction
loss LSR as follows:

LSR =
∑

(vi,vj)∈Ẽ

max{0, 1− sim(Zi
2, Z

j
2) + sim(Zi

2, Z
j′

2 )},

(5)
where Zi

2, Z
j
2 , Z

j′

2 are learned representations under structure
masking for vi, vj , vj′ , respectively.

Bootstrapping-based Similarity
We propose a bootstrapping-based similarity module (Fig-
ure 1 (d)) to capture high-level semantic knowledge, which
enables the model to iteratively bootstrap the prior encoder
outputs as learning targets and facilitate enhanced represen-
tations. In particular, we refine the learned representations
via a bootstrapping procedure by predicting the output of a
momentum encoder, i.e., predicting the momentum represen-
tations that are generated by a slowly moving exponential
average of the original encoder. We start by introducing a
momentum encoder fE∗ with the same model structure as
the original encoder fE . We set the parameters for fE∗ as

an updated exponential moving average of fE . We then feed
the feature-masked graph G̃f = (V, E , X̃) and the structure-
masked graph G̃s = (V, Ẽ , X) into fE∗ to obtain the mo-
mentum representations H∗

1 and H∗
2 , repestively. The process

is formulated as follows:

H∗
1 = fE∗(E , X̃), H∗

2 = fE∗(Ẽ , X). (6)

As momentum representations, H∗
1 and H∗

2 provide dynami-
cally deeper semantics by considering prior knowledge via
bootstrapping. To enable better learning, we transform the
learned representations H1 and H2 via a shared simple pro-
jection network proj (e.g., MLP):

H ′
1 = proj(H1), H ′

2 = proj(H2), (7)

where H ′
1, H ′

2 are the transformed representations of H1, H2,
respectively. Next, we encourage the cross-masking similar-
ity by making H ′

1 on G̃f closer to H∗
2 on G̃s, and H ′

2 on
G̃s closer to H∗

1 on G̃f . Given that the momentum repre-
sentations are generated via the bootstrapping procedure, we
name the similarity as the bootstrapping-based similarity. We
promote this similarity for each node v ∈ V and formally
define the loss LBS as follows:

LBS = − 1

|V|
∑
v∈V

(
(H ′

1)
v · (H∗

2 )
v

∥(H ′
1)

v∥ × ∥(H∗
2 )

v∥

+
(H∗

1 )
v · (H ′

2)
v

∥(H∗
1 )

v∥ × ∥(H ′
2)

v∥

)
.

(8)

Consistency Assurance
With the aim of alleviating the inconsistent reconstruction
caused by the large portion of different masked contents, we
design a consistency assurance module to provide the model
with extra stabilized consistency targets, as shown in Figure 1
(e). To demonstrate, we introduce a self-distillation learning
paradigm by distilling the knowledge from a momentum de-
coder teacher to the original decoder student, with the aim of
improving the student by learning from the teacher. In partic-
ular, we force the original decoder student to learn from the
momentum decoder teacher by matching the reconstructions.
We find that the momentum decoder teacher functions in the
form of model ensembling similar to Polyak-Ruppert aver-
aging with exponential decay, and utilizing Polyak-Ruppert
averaging for model ensembling is a standard way for en-
hancing model capability (Polyak and Juditsky 1992; Jean
et al. 2014), which further enables the original student de-
coder to learn and develop high-quality reconstructions. In
specific, we denote the momentum decoder teacher as fD∗ ,
and equip it with the same model structure as the original
decoder student fD. The parameters of fD∗ are updated by
the exponential moving average of fD. Then, we send the
edge set E and the momentum representations H∗

1 (from Eq.
6) into fD∗ to obtain the momentum reconstructions Z∗

1 . The
process is shown as follows:

Z∗
1 = fD∗(E , H∗

1 ). (9)

Next, we compare the original reconstructions Z1 and the
momentum reconstructions Z∗

1 , and further encourage them
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Types Methods Cora CiteSeer PubMed Ogbn-arxiv PPI

Supervised GCN 81.5 70.3 79.0 71.74±0.29 75.7±0.1
GAT 83.0±0.7 72.5±0.7 79.0±0.3 72.10±0.13 97.30±0.20

Self-supervised

GAE 71.5±0.4 65.8±0.4 72.1±0.5 - -
GPT-GNN 80.1±1.0 68.4±1.6 76.3±0.8 - -

GATE 83.2±0.6 71.8±0.8 80.9±0.3 - -
DGI 82.3±0.6 71.8±0.7 76.8±0.6 69.68±0.13 63.80±0.20

MVGRL 83.5±0.4 73.3±0.5 80.1±0.7 - -
GRACE 81.9±0.4 71.2±0.5 80.6±0.4 - 69.71±0.17
BGRL 82.7±0.6 71.1±0.8 79.6±0.5 70.30±0.14 73.63±0.16

InfoGCL 83.5±0.3 73.5±0.4 79.1±0.2 - -
CCA-SSG 84.0±0.4 73.1±0.3 81.0±0.4 70.16±0.22 73.34±0.17
GraphMAE 84.2±0.4 73.4±0.4 81.1±0.4 70.37±0.11 74.50±0.29
GraphMAE2 84.4±0.5 73.4±0.3 81.4±0.5 70.43±0.24 74.51±0.36

S2GAE 84.1±0.5 73.3±0.4 81.2±0.3 70.71±0.24 74.51±0.32
AUG-MAE 84.3±0.4 73.2±0.4 81.2±0.4 70.41±0.24 74.31±0.32

ACE-GSL 85.4±0.4 74.6±0.4 82.6±0.3 72.43±0.18 75.43±0.27

Table 1: Node classification performance comparison. We report accuracy (%) for all datasets except Micro-F1 (%) score for PPI
dataset. The best and second-best results are highlighted in bold and underlined, respectively.

to be similar via a scaled cosine error. Since we stop the
gradient from the momentum decoder, Z1 is forced to learn
from Z∗

1 . We employ the consistency assurance for every
node v ∈ Ṽ and define the consistency assurance loss LCA as
follows:

LCA =
1

|Ṽ|

∑
v∈Ṽ

(1− Zv
1 · (Z∗

1 )
v

∥Zv
1∥ × ∥(Z∗

1 )
v∥

)β , (10)

where β is the scaling factor. Theoretically, if (Z∗
1 )

v and
Zv
1 are very similar, then LCA will be small, encouraging

the model to learn more from the reconstruction objectives.
However, if (Z∗

1 )
v and Zv

1 differ a lot, then LCA will be
large, facilitating the model to move in a direction that favors
consistency provided by prior knowledge. In addition, the
utilization of the scaling factor β enables the decoder to
down-weight the contributions of similar reconstruction pairs
when β > 1 while focusing more on those pairs that are
distinct. Finally, we train the model by combining the above
objectives.

Experiments
In this section, we conduct extensive experiments to validate
the effectiveness of ACE-GSL, including node classification,
graph classification, transfer learning, ablation study, and
parameter sensitivity.

Experimental Setup
Datasets. We conduct experiments on 20 datasets. For the
node classification task, we employ five public benchmark
datasets, including Cora, CiteSeer, PubMed, Ogbn-arxiv, and
PPI. For the graph classification task, we report the perfor-
mance on seven benchmark datasets: IMDB-M, IMDB-B,
PROTEINS, COLLAB, MUTAG, REDDIT-B, and NCI1.
For the transfer learning task, we conduct experiments on
eight benchmark datasets including BBBP, Tox21, ToxCast,
SIDER, ClinTox, MUV, HIV, and BACE.

Baselines. In total, we compare ACE-GSL against 28 meth-
ods, including GCN (Kipf and Welling 2017), GAT (Velick-
ovic et al. 2018), DGI (Velickovic et al. 2019), MVGRL (Has-
sani and Ahmadi 2020), GRACE (Zhu et al. 2020), BGRL
(Thakoor et al. 2022), InfoGCL (Xu et al. 2021a), CCA-SSG
(Zhang et al. 2021), GAE (Kipf and Welling 2016), GPT-
GNN (Hu et al. 2020b), GATE (Salehi and Davulcu 2020),
GIN (Xu et al. 2019), DiffPool (Ying et al. 2018), WL (Sher-
vashidze et al. 2011), DGK (Yanardag and Vishwanathan
2015), graph2vec (Narayanan et al. 2017), Infograph (Sun
et al. 2019), GraphCL (You et al. 2020), JOAO (You et al.
2021), No-pretrain, ContextPred (Hu et al. 2020a), AttrMask-
ing (Hu et al. 2020a), Infomax (Linsker 1988), GraphLoG
(Xu et al. 2021b), GraphMAE (Hou et al. 2022), GraphMAE2
(Hou et al. 2023), S2GAE (Tan et al. 2023), AUG-MAE
(Wang et al. 2024a).
Implementation Details. We report the performances of
mean and standard deviation across five runs for node and
graph classification, and across ten runs for transfer learn-
ing. For the node classification task, the inductive setting
is taken from GraphSAGE (Hamilton, Ying, and Leskovec
2017) where the testing is employed on unseen nodes. For
the graph classification task, to associate each graph with
input features, we utilize node labels as the features for
datasets MUTAG, PROTEINS, and NCI1, while leveraging
node degrees as the features for datasets IMDB-M, IMDB-B,
REDDIT-B, and COLLAB. For the transfer learning task, we
follow the experimental setting in (Hu et al. 2020a). In order
to simulate the real-world use cases, the downstream datasets
are split using scaffold split. The atom number and chirality
tag are employed as node features, which provide informa-
tion about the properties of individual atoms in a molecule.
Additionally, the interactions between atoms in the molecule
are represented by using bond type and direction as edge
features. The experiments are implemented using PyTorch
and DGL library (Wang et al. 2019). We optimize the model
using Adam (Kingma and Ba 2015).
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Types Methods IMDB-M IMDB-B PROTEINS COLLAB MUTAG REDDIT-B NCI1

Supervised GIN 52.3±2.8 75.1±5.1 76.2±2.8 80.2±1.9 89.4±5.6 92.4±2.5 82.7±1.7
DiffPool - 72.6±3.9 75.1±3.5 78.9±2.3 85.0±10.3 92.1±2.6 -

Graph Kernels WL 46.95±0.46 72.30±3.44 72.92±0.56 - 80.72±3.00 68.82±0.41 80.31±0.46
DGK 44.55±0.52 66.96±0.56 73.30±0.82 - 87.44±2.72 78.04±0.39 80.31±0.46

Self-supervised

graph2vec 50.44±0.87 71.10±0.54 73.30±2.05 - 83.15±9.25 75.78±1.03 73.22±1.81
Infograph 49.69±0.53 73.03±0.87 74.44±0.31 70.65±1.13 89.01±1.13 82.50±1.42 76.20±1.06
GraphCL 48.58±0.67 71.14±0.44 74.39±0.45 71.36±1.15 86.80±1.34 86.80±1.34 77.87±0.41

JOAO 49.20±0.77 70.21±3.08 74.55±0.41 69.50±0.36 87.35±1.02 85.29±1.35 78.07±0.47
InfoGCL 51.40±0.80 75.10±0.90 - 80.00±1.30 91.20±1.30 - 80.20±0.60

GraphMAE 51.63±0.52 75.52±0.66 75.30±0.39 80.32±0.46 88.19±1.26 88.01±0.19 80.40±0.30
GraphMAE2 51.80±0.60 73.88±0.53 74.86±0.34 77.59±0.22 86.63±1.33 76.84±0.21 78.56±0.26

S2GAE 51.49±0.62 74.62±0.82 74.91±0.38 79.46±0.28 86.96±1.28 87.86±0.22 80.42±0.32
AUG-MAE 51.35±0.78 75.47±0.64 74.97±0.37 80.54±0.50 87.72±1.31 88.12±0.45 80.20±0.60

ACE-GSL 53.13±0.42 76.82±0.63 77.26±0.24 82.04±0.16 88.43±1.28 89.92±0.22 81.20±0.20

Table 2: Graph classification performance comparison. We report accuracy (%) for all datasets.

Node Classification
We conduct node classification in two scenarios to fully eval-
uate the model, i.e., inductive for PPI and transductive for
other datasets. The results are shown in Table 1. According to
the table, we find that our model ACE-GSL outperforms all
the baselines across all datasets. In particular, traditional gen-
erative self-supervised models such as GAE and GPT-GNN
perform poorly by simply focusing on the reconstruction of
input data, while contrastive self-supervised models such as
DGI and InfoGCL perform slightly better by maximizing
the agreement between different distributions or augmenta-
tions. Among the baselines, the masked autoencoder-based
methods GraphMAE2 and S2GAE have the best results in
most cases, demonstrating the success of utilizing the mask-
ing strategy in self-supervised learning. However, they show
several limitations that can significantly affect their learning
capabilities. By addressing these issues, ACE-GSL achieves
the best performance compared to all methods. This validates
the significance of addressing the identified limitations and
proves the effectiveness of our model.

Graph Classification
We report the performance of graph classification task in Ta-
ble 2. We observe that our model ACE-GSL achieves the best
performance across various datasets except for one dataset.
To illustrate, the dataset MUTAG has the smallest size with
only hundreds of graphs, providing the least amount of in-
formation to learn, which leads to unstable results with a
large variance. Moreover, we can find that ACE-GSL can
consistently outperform the current state-of-the-art methods
for both mean accuracy and standard deviation. This demon-
strates the effectiveness of our method and the necessity of
obtaining stable reconstructions via the proposed consistency
assurance module. In addition, considering that the node fea-
tures of the graphs in these seven datasets are one-hot vectors,
the exceptional performance of ACE-GSL manifests that the
proposed model can learn meaningful representations even
when the provided information is insufficient.

Dataset
Node Classification Graph Classification

Cora PubMed IMDB-M PROTEINS

Decoder

MLP 73.0±1.2 80.5±0.4 51.62±0.31 75.82±0.39
GCN 75.7±1.8 80.5±0.9 51.91±0.38 75.63±0.41
GIN 74.7±1.7 81.3±0.4 53.13±0.42 77.26±0.24
GAT 85.4±0.4 82.6±0.3 51.14±0.39 75.83±0.43

Table 3: Effect of decoder backbones.

Figure 2: Ablation studies of model components.

Transfer Learning

We assess the model transferability and show the results in
Table 4. Based on the table, we find that ACE-GSL achieves
the best results and significantly outperforms all baselines
across all datasets. ACE-GSL has an average ROC-AUC
score of 76.6, outperforming the best baseline S2GAE with
score of 74.1. This demonstrates the strong transferability of
our model. In addition, we notice that even though S2GAE
has a decent average ROC-AUC score, it can only achieve a
better result compared to other baselines on three out of eight
datasets, while our model ACE-GSL exhibits a stable major
improvement on all eight datasets. This again verifies the
effectiveness of our model and reflects its incredible learning
capacity even in transfer learning task for different datasets.
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Methods BBBP Tox21 ToxCast SIDER ClinTox MUV HIV BACE Average

No-pretrain 65.5±1.8 74.3±0.5 63.3±1.5 57.2±0.7 58.2±2.8 71.7±2.3 75.4±1.5 70.0±2.5 67.0
ContextPred 64.3±2.8 75.7±0.7 63.9±0.6 60.9±0.6 65.9±3.8 75.8±1.7 77.3±1.0 79.6±1.2 70.4
AttrMasking 64.3±2.8 76.7±0.4 64.2±0.5 61.0±0.7 71.8±4.1 74.7±1.4 77.2±1.1 79.3±1.6 71.1

Infomax 68.8±0.8 75.3±0.5 62.7±0.4 58.4±0.8 69.9±3.0 75.3±2.5 76.0±0.7 75.9±1.6 70.3
GraphCL 69.7±0.7 73.9±0.7 62.4±0.6 60.5±0.9 76.0±2.7 69.8±2.7 78.5±1.2 75.4±1.4 70.8

JOAO 70.2±1.0 75.0±0.3 62.9±0.5 60.0±0.8 81.3±2.5 71.7±1.4 76.7±1.2 77.3±0.5 71.9
GraphLoG 72.5±0.8 75.7±0.5 63.5±0.7 61.2±1.1 76.7±3.3 76.0±1.1 77.8±0.8 83.5±1.2 73.4
GraphMAE 72.0±0.6 75.5±0.6 64.1±0.3 60.3±1.1 82.3±1.2 76.3±2.4 77.2±1.0 83.1±0.9 73.8
GraphMAE2 71.5±1.5 75.8±0.9 65.0±0.8 59.7±0.6 78.9±2.8 78.6±1.2 76.2±2.3 81.2±1.3 73.4

S2GAE 72.3±1.0 75.8±0.5 64.7±0.6 61.3±1.8 80.7±1.7 79.0±2.5 78.2±1.0 80.6±0.8 74.1
AUG-MAE 71.6±1.4 75.4±0.6 63.8±0.4 60.1±1.2 80.1±1.6 76.4±2.5 77.4±1.1 81.8±1.1 73.3

ACE-GSL 73.5±0.8 77.3±0.5 65.9±0.4 65.2±0.6 83.2±1.6 80.8±1.2 80.3±0.8 86.7±1.0 76.6

Table 4: Transfer learning performance comparison. We report ROC-AUC scores (%) for all datasets.

Figure 3: The performance of ACE-GSL w.r.t. different values
of feature mask rate pf and structure mask rate ps.

Ablation Studies
Effect of decoder backbones. We compare with different
decoder backbones such as MLP, GCN, GIN, and GAT to
validate the effectiveness of ACE-GSL in Table 3. We ob-
serve that the usage of GNNs as the decoder achieves better
performances than using MLP in most cases. For the node
classification, GAT performs the best, while for the graph
classification, GIN works the best. Therefore, for the sake of
uniformity, we select GAT for all node classification datasets
and GIN for all graph classification datasets.
Effect of model components. Since ACE-GSL contains
various model components (i.e., adaptive feature mask gen-
erator (AM), ranking-based structure reconstruction (SR),
bootstrapping-based similarity module (BS), and consistency
assurance module (CA)), we analyze the contributions of
different components by removing each of them indepen-
dently. According to Figure 2, the decreasing performances
of removing each component demonstrate the effectiveness
of each component in enhancing the model.

Parameter Sensitivity
Impact of feature mask rate. The feature mask rate pf
controls the percentages of masked nodes and we show the
impact in Figure 3 (a). We find that increasing the rate gener-
ally enhances performance. We ascribe this improvement to
the comprehensive modeling of the data itself, whereas the
use of a low feature mask rate simplifies the learning task

and could prevent the model from fully capturing the knowl-
edge. However, further increasing the value could degrade
the performance. This is because applying an extreme mask
rate provides the model with insufficient information, mak-
ing it more difficult for the model to encode and concentrate
on meaningful knowledge. In addition, the variation in the
optimal mask rate for the PubMed dataset can be attributed
to the information redundancy present in the graph structure
of the dataset, caused by the large node degrees or high ho-
mogeneity, allowing the model to recover node features from
a small number of neighbor nodes.
Impact of structure mask rate. The structure mask rate
ps controls the percentages of masked edges and we show
the impact in Figure 3 (b). We observe that the performance
reaches the optimal when ps = 0.3. For the Cora dataset,
the performance stays the same when further increasing the
value. However, for other datasets, as the mask rate increases,
the performance of the model begins to decrease, although
the drop is not significant. In general, the choices of differ-
ent ps have little impact on the final model performance,
demonstrating the robustness of the proposed model. We thus
conclude that ACE-GSL is insensitive to the decisions of
ps. We ascribe this advantage to the strong learning capacity
of model components, which enables ACE-GSL to function
effectively across various structure mask rates.

Conclusion
In this paper, we identify and investigate four significant lim-
itations of existing methods that undermine their capability.
To address these limitations, We design ACE-GSL, a novel
generative self-supervised learning framework on graphs.
ACE-GSL integrates several innovative components from the
perspectives of adaptivity, integrity, complementarity, and
consistency. Extensive experiments across 20 datasets and 3
graph learning tasks demonstrate that ACE-GSL consistently
outperforms 28 competing methods.
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