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Abstract—Graph neural networks (GNNs) have emerged
as powerful tools for graph classification tasks. However,
contemporary graph classification methods are predominantly
studied in fully supervised scenarios, while there could be label
ambiguity and noise in real-world applications. In this work, we
explore the weakly supervised problem of partial label learning
on graphs, where each graph sample is assigned a collection of
candidate labels. A novel method called Distribution Divergence-
based Graph Contrast (DEER) is proposed to address this issue.
At the heart of our DEER is to measure the divergence among
the underlying semantic distributions in the hidden space and this
metric enables the identification of accurate positive graph pairs for
effective graph contrastive learning. Specifically, we generate graph
representations of augmented graph views that retain semantics
and can be regarded as samples from the underlying semantic
distributions. We employ a non-parametric metric to measure
distribution divergence, which is then combined with pseudo-
labeling to generate unbiased and target-oriented graph pairs.
Furthermore, we introduce a label-correction method to eliminate
noisy candidate labels, updating target labels using posterior
distributions in a soft manner. Comprehensive experiments on
various benchmarks demonstrate the superiority of our DEER in
different settings compared to a range of state-of-the-art baselines.

Index Terms—Graph classification, partial label learning,
contrastive learning, distribution divergence.
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I. INTRODUCTION

GRAPH-STRUCTURED data is pervasive on the Internet
and has raised widespread research interest in data min-

ing and multimedia communities [1], [2], [3], [4], [5]. Graph
classification that endeavors to determine the property of the
entire graph is a fundamental problem in machine learning with
applications in text mining [6], [7] and social network anal-
ysis [8], [9]. Currently, graph neural networks (GNNs) [10],
[11], [12], [13], [14] have demonstrated superior performance
for this problem. These methods typically begin with embedding
topological knowledge based on the neighborhood propagation
mechanism [15], which generates effective node representations
followed by various graph pooling operations [16], [17], [18],
[19] for graph-level representations. These graph-level repre-
sentations are then fed into a classifier to generate the final label
prediction.

Although numerous graph classification methods have been
proposed, the majority of them are trained with end-to-end
supervision. However, obtaining precise graph labels is pro-
hibitively costly and time-consuming. For example, costly den-
sity functional theory (DFT) [20], [21] calculations are required
to identify the properties of chemical compounds. A viable op-
tion is utilizing different automated devices and/or experts to
facilitate the annotation process. But this process could intro-
duce label ambiguity and noise, due to their potentially differ-
ent comments. Those noisy and ambiguous supervised signals
would bring challenges when optimizing neural networks. An
example can be found in Fig. 1. Towards this end, in this paper,
we investigate a practical weakly-supervised learning problem
of partial label learning on graphs, which assigns ambiguous
candidate sets rather than a single ground-truth label to each
training graph.

Graph contrastive learning has demonstrated powerful capa-
bility in a variety of graph machine problems, which learns ef-
ficient graph representations by comparing representations of
views augmented from the same graph with those from different
graphs. Here, we seek to address the problem of partial label
learning on graphs by leveraging the strength of graph con-
trastive learning. However, we face the following challenges:
(1) How can we leverage several weakly-supervised signals
to improve graph contrastive learning? By means of graph
augmentation techniques, traditional graph contrastive learning
methods generate positive pairs that could not capture the un-
derlying semantics associated with the target categories of these
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Fig. 1. Illustration of three protein graphs with potential enzyme classes (EC
classes) they belong to, which are annotated by three different automated devices.
These labels are noisy and ambiguous.

graphs well, and thus fail to learn target-oriented graph repre-
sentations. In contrast, in our circumstance, we have access to
weakly-supervised signals. Therefore, it is anticipated that posi-
tive pairs would be generated with semantics preserved utilizing
these weak signals. However, it is difficult to precisely identify
positive couples only based on weakly-supervised signals, since
each graph is linked to a candidate label set rather than a spe-
cific label. To tackle this challenge, we try to explore the se-
mantic distribution of graphs in the hidden space and leverage
distribution divergence to identify positive pairs for enhanced
graph contrastive learning, thereby facilitating the learning of
target-oriented graph representations. (2) How to detect and re-
move the noisy candidate labels to lessen their impact? Partial
label learning would involve a large number of noisy candidate
labels, which can misguide the optimization process of neural
networks. As a consequence, we should identify the ground truth
label from the candidate pool for each training graph sample. Be-
sides, the complexity and scarcity of graph data make it probable
to provide biased and unstable predictions, which can lead to er-
ror accumulation during optimization with wrong identification.
To this end, we try to leverage posterior label distributions and
exponential moving average (EMA) strategy to correct graph
labels in a soft manner, which can relieve overfitting and reduce
potential error accumulation of wrong identification.

In this paper, we propose a novel method named Distribution
Divergence-based Graph Contrast (DEER), which makes the
first attempt of partial label learning on graphs. The core of
DEER is to identify accurate positive graph pairs by look-
ing into underlying semantic distributions of the graphs in the
hidden space, facilitating effective graph contrastive learning.
Since deep features from similar graphs should be on a high-
dimensional manifold, we characterize the semantics of each
graph using its underlying semantic distributions in the hidden
space. Then, under the assumption that most graph augmen-
tation procedures maintain semantics information, we produce
multiple graph representations by perturbing each graph, which
can be thought of as samples from its underlying distribution.
The distribution divergence between underlying semantic distri-
butions of two graphs is measured using a non-parametric met-
ric, i.e., maximum mean discrepancy. Compared with pairwise

distance in the hidden space, our proposed distribution diver-
gence is unbiased and accurate, which can be combined with
pseudo-labeling to generate target-oriented positive pairs. On
this basis, we formalize a graph contrastive learning framework
to learn discriminative graph representations. In addition, we
provide a label-correction method to eliminate noisy candidate
labels. We start with uniform prior distributions and then use
posterior distributions derived from model predictions to correct
noisy candidate labels. The exponential moving average tech-
nique is leveraged to produce soft labels, which can alleviate
overfitting and error accumulation resulting from overconfident
predictions. We conduct experiments on a variety of benchmark
graph classification datasets in different settings, and the results
verify the effectiveness of the proposed DEER compared with
a number of rival approaches. In summary, the contributions of
this paper are three-fold:
� Problem Formulation: We give rise to a practical problem

of partial label learning on graphs, where each graph is
associated with an ambiguous candidate label set. To the
best of our knowledge, we are the first to formalize the
problem on graphs.

� Unified Framework: We propose a novel method named
DEER for the problem of partial label learning on graphs.
DEER utilizes weak signals by exploring the semantics
distribution of graphs in the hidden space to enhance the
contrastive learning framework. We further tackle the chal-
lenges of noisy labels using posterior distributions to cor-
rect label noise in a soft manner.

� Comprehensive Experiments: Extensive experiments on a
variety of benchmark graph classification datasets validate
the superiority of the proposed DEER compared with com-
peting baselines in different settings.

The related works are described in Section II. In Section III,
we introduce the notations, the problem definition, and the de-
tails of our proposed framework DEER, respectively. Section IV
provides multifaceted experimental results including perfor-
mance comparison, ablation studies, sensitivity analysis, and
visualization. Finally, we present a comprehensive conclusion
in Section V.

II. RELATED WORK

A. Graph Classification

Graph classification is an essential problem in graph ma-
chine learning with numerous applications in social network
analysis [8], [9] and chemistry [22], [23]. Early efforts at-
tempt to learn graph similarity using graph kernels [24], [25],
[26], which divide graphs into substructures. By contrast, graph
neural networks (GNNs) [10], [11], [12], [13], [15] eliminate
hand-crafted features and learn effective graph representations
using end-to-end methods. These methods typically update node
representations using the message transmission mechanism [15],
and then summarize these representations to generate graph
representations with embedded topological information. Graph
pooling [17], [18], [27], [28] has proven to be a crucial step
in the generation of graph-level representations, and numer-
ous downsampling strategies have been proposed. For instance,
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SAGPool [17] uses the self-attention mechanism to select vi-
tal nodes from graphs. Despite their promising results, existing
methods rely heavily on end-to-end supervised optimization,
which necessitates a large number of accurate graph labels. This
paper investigates an underexplored yet practical problem of
partial label learning on graphs and proposes a novel solution to
alleviate the potential label-ambiguity and noise problems.

B. Partial Label Learning

Partial label learning assumes each training sample to be as-
sociated with a set of candidate labels, among which only one
of them is the ground truth label. Typically, early efforts em-
ploy average-based algorithms [29], [30], [31], [32] that treat all
candidate labels equally when determining the loss objective.
However, incorporating all candidate labels would mislead the
optimization of neural networks. To address this issue, a variety
of identification-based methods [33], [34], [35], [36], [37] that
endeavor to identify ground truth labels from candidate sets are
proposed. For instance, PLDA [37] integrates similarity learning
and prototypical learning to improve discriminative learning in
the feature space. Recently, contrastive learning has been incor-
porated into partial label learning, which facilitates the genera-
tion of high-quality deep features. PiCO [38] learns prototypes
in the hidden space for each class, guiding label disambiguation
through contrastive learning. Although these approaches have
demonstrated superior performance in computer vision, they
have not yet been investigated in the graph learning problems. To
the best of our knowledge, we are the first to investigate the prob-
lem of partial label learning on graphs. Our work is also related
to the problem of multimedia tagging where user-generated tags
are often noisy and incomplete in the real world, leading to a lack
of high-quality learning examples [39]. To tackle the challenge
of tag inaccuracy, RankVote [40], a ranking-oriented neighbor
voting framework is proposed for effective tag relevance learn-
ing. CVTagger [41] integrates multimodal features and temporal
dynamics through a hierarchical classification model, which en-
hances video tagging accuracy. Different from these methods,
we try to address the problem of lacking precisely labeled graph
data from a perspective of graph partial label learning, and pro-
pose a novel and effective framework DEER to reduce the impact
of label noise and ambiguity.

C. Graph Contrastive Learning

Inspired by the advancements in computer vision [42], [43],
[44], graph contrastive learning (GCL) [45], [46], [47], [48], [49]
has become a popular topic in graph representation learning, and
it can be applied to node-level and graph-level machine learning
tasks. A typical GCL procedure is to generate distinct perspec-
tives of graphs via augmentation and then maximize the similar-
ity between their representations in comparison to negative pairs.
The effectiveness of GCL has been enhanced by incorporating
adversarial learning, clustering, curriculum learning, and differ-
ent augmentation strategies. For example, CGC [47] uses the
counterfactual mechanism to provide challenging negative pairs
from original samples. By perturbing both node attributes and
node embeddings, GASSL [49] generates hard positive samples

TABLE I
SUMMARY OF KEY NOTATIONS

using adversarial learning. GRLC [50] enhances the generaliza-
tion ability of graph representation learning by maximizing the
mutual information between the semantic information and the
structural information of graphs and designing three effective
constraints. UMGRL [51] separates the common and private
representations for multiplex graphs and leverages a contrastive
loss to preserve the complementarity and filter out the noise
in the private information. MGCL [4] employs node-level con-
trastive learning across modals to refine representations of users
and items and mitigate multimodal noise contamination. De-
spite their remarkable success, employing GCL to the problem
of partial label learning on graphs remains challenging, as we
have mentioned in the Introduction. In this paper, we connect
partial label learning on graphs with graph contrastive learning
and utilize weak signals by exploring the semantics distribution
of graphs in the hidden space to enhance the contrastive learning
framework.

III. METHODOLOGY

A. Notations and Problem Definition

We first introduce the notations used in our paper. Let G =
(V, E) represent a graph with the node set V and the edge set
E . Each node v is associated with an attribute vector xv ∈ RF

where F denotes the attribute dimension. The edge set can be
depicted using an adjacency matrix A ∈ R|V|×|V|. Table I sum-
marizes the key notations utilized in this paper. Then, we give
the problem definition of partial label learning (PLL) on graphs.

Definition 1 (Partial label learning on graphs): Let Y =
{1, 2, · · · , C} denote the label space where C denotes the num-
ber of classes. We are given a training set D = {Gi, Yi}ni=1,
where each graph Gi is connected with a candidate set Yi ⊂ Y .
The ground truth label yi is in its candidate set but invisible to
the learner. Our goal is to learn a graph neural network model,
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Fig. 2. Illustration of the proposed framework DEER. Our DEER first generates M augmented graphs and feed them into the GNN-based encoder to generate
multiple deep features. Then, we leverage distribution divergence between two graphs, and corrected label distributions to generate unbiased and target-oriented
positive pairs for effective graph contrastive learning. The labels are corrected using the exponential moving average strategy. The whole framework is optimized
using both supervised learning loss and graph contrastive learning loss.

which can precisely predict the labels for graph samples in the
test set.

B. Framework Overview

This paper makes the first attempt to study partial label learn-
ing on graphs, and proposes a graph contrastive learning frame-
work named DEER. The core of our DEER is to determine ac-
curate positive pairs by exploring underlying semantic distribu-
tions of graphs in the hidden space. In particular, we generate
samples to explore semantic distributions by perturbing graphs
multiple times and then utilize a non-parametric metric to mea-
sure the distribution divergence between two graphs. Then, these
pairwise signals are incorporated with supervised information
to decide positives for a graph contrastive learning framework,
which helps learn discriminative and target-oriented graph rep-
resentations. To further relieve the influence of noisy candidate
labels, we start from uniform prior distributions, and utilize the
exponential moving average strategy to correct noisy candidate
labels with posterior distributions in a soft manner. More details
can be seen in Fig. 2.

C. GNN-Based Encoder

To begin, we introduce our GNN-based encoder fenc. GNNs
have shown powerful capability of extracting crucial informa-
tion in graphs following the scheme of message passing [15]. In
particular, let h(l)

v denote the representation of v ∈ G at layer l,
and the propagation rule can be formulated as:

h(l)
v = COM

(
h(l−1)
v ,AGG

({
h(l−1)
u

}
u∈N (v)

))
, (1)

where N (v) denotes the neighbors of node v. COM and AGG
denote the combination and aggregation operations, respec-
tively. Finally, we utilize summation as our readout function,
which can generate a graph-level representation z. In formula-
tion,

z = fenc(G) =
∑
v∈G

h(L)
v , (2)

where h(L)
v denotes the node representation at the last layer

and L denotes the number of layers. Finally, we utilize a multi-
layer perception (MLP) φcla to map representations into label
distributions, i.e.,

p̂ = φcla(z), (3)

in which p̂ ∈ [0, 1]C and φcla adopts a softmax activation func-
tion in the output layer.

D. Distribution Divergence for Positive Pairs

This paper aims to develop a graph contrastive learning frame-
work for partial label learning on graphs. The most crucial part of
graph contrastive learning is to determine the positives. Previous
methods [45], [52] usually consider different views of each train-
ing graph, which cannot make the best of cross-graph semantics.
A straightforward solution to this dilemma is to measure the pair-
wise distance of deep features, which could be inaccurate still
due to the following reason. Note that deep features from similar
graphs should lay on a high-dimensional manifold. As a conse-
quence, when deep features are around the manifold boundary,
serious biases would be introduced when computing pairwise
distance. Here, we propose a novel method which leverages dif-
ferent graph augmentations to explore the semantic distribution



GU et al.: DEER: DISTRIBUTION DIVERGENCE-BASED GRAPH CONTRAST FOR PARTIAL LABEL LEARNING ON GRAPHS 2035

behind each graph and then measure the distribution divergence
to determine positive pairs.

To begin, we first measure the underlying semantic distribu-
tion behind each graph. Since we cannot get access to accu-
rate graph labels, we turn to graph augmentations which would
not change the semantics of graphs. In particular, four common
graph augmentation strategies [52] are leveraged here: (1) Edge
perturbation, which adds or deletes several edges at random in
the graph; (2) Node dropping, which selects nodes at random
and eradicates them from the graph, along with their connected
edges; (3) Attribute masking, which selects a subset of nodes
and masks part of their attributes; (4) Subgraph, which lever-
ages random walk to select a subgraph from the graph. Here, we
generate M augmented views for each graph followed by the
GNN-based encoder, which can be considered as samples from
its underlying semantic distribution.

Then, we calculate the semantic distance between two graphs
from the perspective of distributions. Since the prior of se-
mantics distribution in the hidden space is not available, we
utilize a non-parametric metric, maximum mean discrepancy
(MMD) [53], [54], [55] to calculate the distribution divergence.
In formulation, given a group ofM augmented views for a graph
sample Gi, i.e., {Ĝ(1)

i , . . . , Ĝ
(M)
i }, we generate their embed-

dings in the hidden space using ẑ
(m)
i = fenc(Ĝ

(m)
i ), which re-

sults in M deep features viewed as samples from the semantics
distribution Qi. Similarly, for graph Gj , we can also sample
M deep features from its underlying semantics distribution Qj .
Then, the MMD between two distributions is formulated as:

MMD(Qi, Qj) = sup
‖f‖H≤1

(
Eẑi∼Qi

[f(ẑi)]−Eẑj∼Qj
[f(ẑj)]

)
,

(4)
where f is a function from the unit ball in the reproducing kernel
Hilbert space (RKHS) [56], [57]. This essentially measures the
largest possible discrepancy between the expectations over these
distributions for any function f that is bounded by 1 in the RKHS
norm. The estimated MMD can be formulated as:

M̂MD(Qi, Qj)

=

∥∥∥∥∥ 1

M

M∑
m=1

φ
(
ẑ
(m)
i

)
− 1

M

M∑
m′=1

φ
(
ẑ
(m′)
j

)∥∥∥∥∥
H
, (5)

where φ is a kernel function mapping deep features into the
RKHS. The terms inside the norm represent the average map-
pings of samples from each distribution into the RKHS. In
practice, we calculate M̂MD using the Gaussian kernel [58],
[59], which offers a smooth and infinitely differentiable map-
ping, benefiting for analyzing the features in a high-dimensional
space. Finally, we introduce a threshold ε and consider the graph
pairs with the distribution divergence smaller than ε as positives.
In formulation, the set of positives can be written as:

P = {(Gi, Gj)|M̂MD(Qi, Qj) < ε(α)}, (6)

where ε(α) is determined by the α-percentile of all pairwise
M̂MD. Moreover, we involve supervised information positive
pairs, which can further distill potential false positives. In partic-
ular, we first generate pseudo-labels for each sample as follows:

ŷi = argmaxj∈Yi
p̂i[j], (7)

where p̂i[j] denotes the probability of i-th sample belonging to
j-th class. We further require that positive pairs should have the
same pseudo-labels. Therefore, the distilled set of positive pairs
is:

P̂ = P ∩ {(Gi, Gj)|ŷi = ŷj} . (8)

With the incorporation of distribution divergence and pseudo-
labels, we can generate unbiased and target-oriented positive
pairs, which would be utilized for effective graph contrastive
learning.

E. Graph Contrastive Learning for Partial Label Learning

After obtaining positive samples, we can introduce our graph
contrastive learning for PLL on graphs. Graph contrastive learn-
ing [45] has been proven effective in generating effective graph
representations in unsupervised scenarios, which enforces posi-
tive pairs to be close compared with negative pairs. In our DEER,
we adapt this technique into our weakly-supervised scenario.

In particular, given a mini-batch of {(Gi, Yi)}Bi=1, we involve
in both original and augmented views for each graph, resulting in
2B graphs in total. We re-annotate these graphs as {(G̃i, Ỹi)}2Bi=1

and generate positive pairs as follows:

P̃bat = {(G̃i, G̃j)|(Gki
, Gkj

) ∈ P̂ or Gki
= Gkj

}, (9)

where ki and kj denote the original indices of G̃i and G̃j . The
negative samples are all the other samples besides themselves.
In formulation, we introduce an MLP head g(·) and the loss
objective for graph contrastive learning is written as:

LGCL=−
2B∑
i=1

1

|Π(i)|
∑

j∈Π(i)

log
exp (g(z̃i) · g(z̃j)/τ)∑

j′ 	=i exp (g(z̃i) · g(z̃j′)/τ)
,

(10)
where Π(i) = {j|(G̃i, G̃j) ∈ P̃bat} denotes the index of posi-
tives for G̃i and τ is a temperature parameter set to 0.07 follow-
ing [43].

Compared with classic graph contrastive learning, our DEER
leverages both underlying semantic distributions and pseudo-
labeling to generate positive samples, which can generate more
discriminative and target-oriented graph representations.

F. Exponential Moving Average (EMA)-Based Label
Correction

To further relieve the impact of noisy samples, we aim to iden-
tify true labels from candidate sets. Here, we start from a uniform
prior distribution, and then leverage posterior distributions and
an exponential moving average (EMA) strategy, to correct graph
labels in a soft manner. This process can relieve overfitting and
reduce potential error accumulation of wrong identification.

In detail, we first initialize the label matrix, which considers
all candidate labels as equal. In particular, we have the prior
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Algorithm 1: Training Algorithm of DEER

matrix Y pri ∈ [0, 1]n×C as follows:

Y pri
ic =

{
1/|Yi|, if c ∈ Yi

0, otherwise.
(11)

Clearly, uniform probabilities for all candidate labels are not op-
timal. A feasible solution is to update the label matrix using these
predicted distributions. Here, we clear probabilities outside the
candidate set and re-normalize them for posterior distributions
as follows:

Y pos
ic =

{
p̂i[c]∑

c′∈Yi
p̂i[c

′] if c ∈ Yi

0 otherwise,
(12)

where Y pos
ic denotes the posterior probability of the graph sam-

ple Gi belonging to class c.
To reduce the impact of the wrong prediction, we employ the

exponential moving average (EMA) strategy as follows:

Y EMA ← Y pri,

Y EMA ← ηY EMA + (1− η)Y pos, (13)

where Y EMA denotes the corrected label matrix with momen-
tum updating and η is a momentum coefficient set to 0.99 fol-
lowing [43]. Note that we employ a soft label matrix updated by
the EMA strategy, which not only acts like label smoothing to
relieve overfitting, but also reduces the impact of error accumu-
lation with false pseudo-labels. The corrected label distributions
can be utilized to supervise the optimization of the neural net-
work using the least squared classification loss as follows:

LSUP =
1

B

B∑
i=1

||p̂i − yEMA
i ||22, (14)

where yEMA
i is the i-th row vector in Y EMA.

In summary, the final loss objective can be written as:

L = LSUP + LGCL. (15)

The whole framework is optimized using the mini-batch stochas-
tic gradient descent (SGD). We first warm up the network and
the learning procedure is shown in Algorithm 1.

G. Theoretical Analysis

In this section, we provide a theoretical analysis to demon-
strate how DEER works. First, we show that MMD-based dis-
tribution divergence with our graph augmentation strategies can
help filter out true positive pairs from similar distributions. Then,
we prove that our contrastive loss for partial label learning con-
verges to the standard limit of contrastive loss.

Definition 2 (Generalized random dot product graph [60]):
We say an graph G with adjacency matrix A ∈ {0, 1}n×n is a
generalized random dot product graph on n vertices with dis-
tribution Fξ, sparsity factor αn, and latent positions Ξ if A is
symmetric, and the entries Aij (1 ≤ i < j ≤ n) are condition-
ally independent given Ξ and Bernoulli random variables with

P(Aij = 1|Ξ) = αnξ
T
i Ip,qξj ,

where Ip,q = diag(Ip,−Iq), ξ1, . . . , ξn ∼ Fξ are i.i.d., Ξ =
(ξ1, . . . , ξn)

T , and Fξ is a distribution function with support
Ω ⊂ Rp+q satisfying xT Ip,qy ∈ [0, 1] for all x,y ∈ Ω. For
simplicity, we write (G,Ξ) ∼ GRDPG(Fξ, n, αn).

Definition 3: Let Fξ and Fζ be two distributions satisfying
conditions in Definition 2. We say Fξ and Fζ are equal up to
indefinite orthogonal transformation if there exists a matrix Q
satisfyingQIp,qQ

T = Ip,q such thatFξ = Fζ ◦Q. In this case,
we write Fξ � Fζ .

Theorem 1: Suppose (G1,Ξ1) ∼ GRDPG(F1, N1) and
(G2,Ξ2) ∼ GRDPG(F2, N2) are two independent graphs,
where Ξ1 and Ξ2 are unobservable. Set k(·, ·) be the kernel
function corresponding to feature map φ for RKHS H. Define
the mean embedding of a distribution function F as

μ[F, α] := EG∼GRDPG(F,N,α) k(·, z),
where z = fenc(G). Further assume there exists an encoder
function fenc such that μ[F1, α1] = μ[F2, α2] if and only if
F1 � F2 and α1 = α2.

If samples in (5) are α-mixing, then, for graph augmenta-
tion strategies (1) Edge perturbation, (2) Node dropping and (4)
Subgraph, as M →∞,

M̂MD(Q1, Q2)→
{
0 F1 � F2;

c > 0 otherwise.
(16)

Remark 1: In Theorem 1, we only consider graphs without
node attributes for notation simplicity. But the theorem still holds
under graph augmentation strategy (3) Attribute masking if the
graphs have attributes xv whose distribution only depends on
Ξ.

Proof: First, we consider (1) Edge perturbation. Without loss
of generality, we assume each edge is deleted independently with
probability ε > 0. Formally, let (G,Ξ) ∼ GRDPG(F,N, α) and
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δij (1 ≤ i < j ≤ n) are independent Bernoulli random vari-
ables with parameter 1− ε. Suppose δij (1 ≤ i < j ≤ n) are
independent from graph G. Further, define the adjacency matrix
of the permuted graph G̃ as Ãwith Ãij = Aijδij (1 ≤ i < j ≤
n). Therefore,

P(Ãij = 1|Ξ) = E

{
P(Ãij = 1|Ξ, δij)

}
= (1− ε)P(Aij = 1|Ξ, δij = 1)

= (1− ε)α · ξTi Ip,qξj .

Hence, we have

(G̃,Ξ) ∼ GRDPG(F,N, (1− ε)α). (17)

Therefore, using standard theory for V-statistics [61], [62], we
have

M̂MD(Q1, Q2)→ ‖μ[F1, (1− ε)α]− μ[F2, (1− ε)α]‖2H

=

{
0 F1 � F2;

c > 0 otherwise.
(18)

Similarly, we consider (2) Node dropping. We assume each node
is dropped independently with probability ε > 0. Formally, let
δi (1 ≤ i ≤ n) are independent Bernoulli random variables with
parameter 1− ε. Suppose δij (1 ≤ i < j ≤ n) are independent
from graph G. Further, define the adjacency matrix of the per-
muted graph G̃ as Ã with Ãij = Aijδiδj (1 ≤ i < j ≤ n).
Therefore,

P(Ãij = 1|Ξ) = E

{
P(Ãij = 1|Ξ, δij)

}
= (1− ε)2P(Aij = 1|Ξ, δi = 1, δj = 1)

= (1− ε)2α · ξTi Ip,qξj .

Hence, we have

(G̃,Ξ) ∼ GRDPG(F,N, (1− ε)2α). (19)

So, similarly, (16) still holds.
For (4) Subgraph, we only need to marginalize out those un-

observed nodes, so

(G̃,Ξ) ∼ GRDPG(F, Ñ , α). (20)

Therefore, (16) still holds.
Theorem 2: Define

L̃GCL = EGi

⎧⎨
⎩ 1

|Π(i)|
∑

j∈Π(i)

− log
exp (g(z̃i) · g(z̃j)/τ)∑

j′ 	=i exp (g(z̃i) · g(z̃j′)/τ)

}
(21)

Under the assumption of Theorem 1 and for any fixed τ > 0, we
have

lim
M→∞

lim
B→∞

L̃GCL − log(2B)

= −1

τ
E(G1,G2)∼ppos

[g(z̃1) · g(z̃2)]

+ EG∼pdata

[
logEG−∼pdata

{
exp

(
g(z̃) · g(z̃−)/τ)}]

(22)

almost surely.
Remark 2: (22) is the same as the standard asymptotic func-

tion of contrastive loss [63]. The first term can be interpreted as
the alignment loss and the second term indicates the uniformity.

Proof: From (21), we know that as B →∞,

L̃GCL = E(Gi,Gj)∼p̃bat,Gj′∼pdata{
log

∑
j′ 	=i exp (g(z̃i) · g(z̃j′)/τ)

exp (g(z̃i) · g(z̃j)/τ)

}
,

where p̃bat is the distribution induced by P̃bat in (9) and pdata
is the data distribution. So, by strong law of large numbers and
the Continuous Mapping Theorem,

lim
B→∞

log

{
1

2B
exp (g(z̃i) · g(z̃j)/τ) (23)

+
1

2B

∑
j′ 	=i,j′ 	=j

exp (g(z̃i) · g(z̃j′)/τ)

⎫⎬
⎭

= logEGj′∼pdata
{exp (g(z̃i) · g(z̃j′)/τ)} . (24)

Further, from Theorem 1, we know that asM →∞, p̃bat weakly
converges to ppos, where ppos are distributions induced by all
true positive pairs. Hence, combining (24), we know that

lim
M→∞

lim
B→∞

L̃GCL − log(2B)

= −1

τ
E(G1,G2)∼ppos

[g(z̃1) · g(z̃2)]

+ EG∼pdata

[
logEG−∼pdata

{
exp

(
g(z̃) · g(z̃−)/τ)}]

(25)
almost surely.

H. Computational Efficiency Analysis

Suppose n is the number of graphs in a dataset, |V| and |E| are
the average number of nodes and the average number of edges in
the graphs respectively,M is the number of augmented views for
each graph, andB is the batch size. The computational complex-
ity of GraphSAGE [12] for each graph is O(|E|). The complex-
ity of calculating the distribution divergence between all graph
pairs in each batch is O(B2 M2). Besides, the computational
complexity of the graph contrastive loss LGCL and the least
squared classification loss LSUP for each batch is O(B2) and
O(B) respectively. Therefore, the total computational complex-
ity of the DEER is O(n|E|) +O(� nB �(B2 M2 +B2 +B)) =
O(n(|E|+M2B)). As seen in the following sensitivity analy-
sis, the performance of the model approaches saturation when
the number of augmented views for each graph M is small, thus
M can be regarded as a constant term and has limited impact on
the computational efficiency.

IV. EXPERIMENTS

In this section, we conduct extensive experiments on various
datasets to illustrate the effectiveness of the proposed DEER.
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Our focus revolves around addressing several research questions
(RQs) to ensure comprehensive analysis:
� RQ 1: How does our proposed framework DEER perform

on partial label graph learning compared with other state-
of-the-art methods?

� RQ 2: What is the effect of the key components of DEER
(i.e. EMA-based label correction, graph contrastive learn-
ing for PLL, and distribution divergence for positive pairs)?

� RQ 3: Is the proposed model sensitive to hyper-parameters
including the threshold percentile for MMD-based positive
pair selection and the number of augmented views for each
graph?

� RQ 4: What is the effect of different GNN encoders on the
performance of DEER?

� RQ 5: What is the effect of graph augmentation strategies
on the performance of DEER?

� RQ 6: Are there any visualization of learned graph-level
representations, or any case study to demonstrate the ef-
fectiveness of DEER for partial label graph learning?

These research questions will be answered in details in
Sections IV-B, IV-C, IV-D, IV-E and IV-F, respectively. Our
answers will be justified by experimental results.

A. Experimental Setup

1) Datasets: In order to verify the effectiveness of our pro-
posed framework, we evaluate the DEER on five widely used
graph benchmark datasets from various domains: a) Synthetic:
COLORS-3; b) Bioinformatics: ENZYMES; c) Computer vi-
sion: Letter-High, CIFAR10, and COIL-DEL.
� COLORS-3: COLORS-3 dataset [64] contains a large num-

ber of randomly generated graphs where each node is col-
ored in one of three hues: red, green, or blue. The goal is
to capture the number of nodes with a green color in each
graph.

� ENZYMES: ENZYMES dataset [65] is a bioinformatics
dataset comprising 600 protein tertiary structures obtained
from the BRENDA enzyme database. Nodes in each graph
represent secondary structure elements (SSEs). The dataset
includes 6 Enzyme Commission top-level enzyme classes
(EC classes).

� Letter-High: Letter-High dataset [66] consists of 15 capital
letters (A, E, F, H, I, K, L, M, N, T, V, W, X, Y, Z) repre-
sented as graphs. Each letter is converted into a prototype
graph, where lines are represented as undirected edges, and
the endpoints of these lines are represented as nodes.

� CIFAR10: CIFAR10 dataset [67] is constructed from a
vision dataset with the same name. Super-pixels of im-
ages are extracted to construct nodes, and a kNN graph
is utilized to characterize the relationships between the
super-pixels.

� COIL-DEL: COIL-DEL dataset [66] is created from a vi-
sion dataset by applying Harris corner detection [68] and
Delaunay Triangulation on images. The resulting triangu-
lation is transformed into an undirected graph, where nodes
correspond to the endpoints of the lines and edges corre-
spond to the connected lines.

Following the commonly-used partial label setting in com-
puter vision [38], [69], we generate the candidate label set
by making C − 1 independent decisions for negative labels
y 	= y, where each negative label has a flipping probability
q = P (y ∈ Y |y 	= y) to turn to a false positive, and then enter
the candidate set. A higher value of q corresponds to a greater de-
gree of label ambiguity in the partially labeled data. We consider
q ∈ {0.1, 0.3, 0.5} for ENZYMES, Letter-High, CIFAR10, and
COLORS-3 datasets and adopt q ∈ {0.02, 0.05, 0.1} for COIL-
DEL, since COIL-DEL has much more categories and would
form larger candidate sets with the same flipping probability.

2) Evaluation Setting: We split the whole dataset into the
training, validation, and test sets in the ratio 16 : 1 : 3 for EN-
ZYMES, Letter-High, COIL-DEL, and COLORS-3. While for
CIFAR10, we adopt the standard splits with 45,000 training,
5,000 validation, and 10,000 test graphs following [67]. The
models are optimized by the training set where each graph is
associated with a candidate label set, and then evaluated by the
accuracy of predicting the ground-truth labels for graph samples
in the test set. Classification accuracy is utilized as our evaluation
metric.

3) Baseline Methods: The proposed DEER is evaluated
against a variety of competing baselines, which include graph
neural network methods, graph pooling methods, graph augmen-
tation methods, unsupervised graph learning methods, weakly-
supervised graph learning methods, and partial label learning
methods in computer vision.

Graph Neural Networks: We take four different types of graph
convolutional layers into comparison:
� Graph Convolutional Network (GCN) [10], which aggre-

gates information from neighboring nodes with spectrum-
based graph convolutional operations.

� Graph Attention Network (GAT) [11], which employs the
attention mechanism to adaptively attend to neighboring
nodes during information aggregation.

� Graph Isomorphic Network (GIN) [13], which leverages
multi-layer perceptrons (MLPs) to approximate injective
aggregation functions, theoretically showing its strong dis-
criminative power equal to the WL test.

� GraphSAGE [12], which samples and aggregates informa-
tion from the local neighborhood of each node, enabling it
to scale to large graphs.

Graph Pooling Methods: We adopt four graph pooling meth-
ods as baselines. Specifically, we use:
� TopK Pooling (TopKPool) [27], which assesses the sig-

nificance of nodes by learning a projection vector, subse-
quently applying the TopK operation to select the most cru-
cial subset of nodes for constructing the coarsened graph.

� Self-Attention Graph Pooling (SAGPool) [17], which uti-
lizes the self-attention scores generated by graph convolu-
tion to capture both node features and graph topology.

� Edge Pooling (EdgePool) [28], which leverages the con-
cept of edge contraction to obtain a localized and sparse
hard pooling transform.

� Adaptive Structure Aware Pooling (ASAP) [18], which also
employs the self-attention mechanism but learns soft clus-
ter assignments for each node to perform pooling.
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Graph Augmentation Methods: We compare our proposed
framework with a novel mixup-like graph augmentation method
called Graph Transplant [70], which operates by identifying
the sub-structure as a mix unit and exploits node saliency
to select meaningful subgraphs and adaptively determine the
labels.

Unsupervised Graph Learning Methods: We compare our
DEER with three representative graph contrastive learning meth-
ods:
� GraphCL [52], which proposes several graph augmenta-

tion strategies with different underlying priors, and lever-
ages contrastive learning with these augmentations to learn
robust representations of graphs without supervise.

� SimGRACE [71], a simple framework for graph contrastive
learning that utilizes perturbations in GNN encoders, rather
than manual and complex augmentations, to generate se-
mantically consistent views for graphs.

� GraphACL [72], a novel unsupervised graph classification
framework, which improves graph contrastive learning by
learning hard negative samples adaptively in an adversarial
manner.

Weakly-supervised Graph Learning Methods: We adopt
TGNN [73], a recent semi-supervised graph-level classifica-
tion framework for comparison. TGNN jointly leverages a mes-
sage passing module and a graph kernel module to fully ex-
plore graph structural characteristics in both implicit and explicit
manners.

The above baseline methods are trained by a commonly-used
cross-entropy loss with the prior label distribution Y pri (11)
by default. Besides, we optimize GraphACL with this weakly-
supervised loss and its proposed contrastive loss jointly. TGNN
is trained with both this weakly-supervised loss and its con-
sistency loss to make full use of the partially labeled data, in
both weakly-supervised and unsupervised ways. There is a lack
of partial label learning methods on graphs, so we make great
efforts to find some comparable ones.

Partial label learning methods in computer vision: We also
compare our DEER with PiCO [38], a state-of-the-art PLL
method in computer vision. PiCO guides label disambiguation
by contrastive learning for distinguishable representations and
prototype learning in the hidden space. We equip PiCO with
a GNN-based encoder and adapt it to the setting of PLL on
graphs.

4) Implementation Details: Our proposed DEER employs
GraphSAGE as the GNN-based encoder by default. The number
of GraphSAGE layers is 2, and the hidden dimension is set to
512 for all the datasets. The batch size is set to 128. Besides,
the number of augmented views is set to 6, and the percentile
α for MMD-based positive selection is 0.7 as the default. For
optimization, we adopt Adam [74] as the optimizer with the
initial learning rate of 0.001. To get relatively stable predicted
distributions for EMA-based label correction and initial features
for MMD-based positive pair selection, we warm up the model
for 20 epochs, where it only uses prior label distributions as
the target and graph augmentations as the positive views. We
implement the proposed DEER with PyTorch and conduct ex-
periments with an NVIDIA GeForce GTX 1080 Ti.

B. Performance Comparison (RQ 1)

We record the classification accuracy of our DEER and the
aforementioned baseline methods on four graph classification
benchmarks with respect to the degree of label ambiguity q.
Observing the results reported in Table II, we can make the
following conclusions:
� Overall, compared with other baseline methods, the pro-

posed DEER achieves the state-of-the-art performance on
all datasets with different settings of partial labels. Par-
ticularly, DEER averagely outperforms the best baseline
method with more than 6.7%, 6%, 6.5% and 5% per-
formance gain on ENZYME, Letter-High, CIFAR10 and
COIL-DEL datasets respectively. The superiority of DEER
demonstrates the effectiveness of the proposed framework
on graph classification when there are only partial labels
available.

� Among all categories of baseline methods, Graph Trans-
plant generally outperforms others on Letter-High and CI-
FAR10, mainly due to its ability to learn superior repre-
sentations through the use of mixup augmentation; PiCO
performs best on COIL-DEL, which may benefit from bet-
ter distinguishability and disambiguation provided by con-
trastive learning and prototype learning in the scenario
of many classes; TGNN shows superior performance on
COLORS-3, which may owe to the complementary graph
semantic patterns captured by its two modules. Among dif-
ferent types of graph neural network models, GraphSAGE
performs better than others on Letter-High and COIL-DEL
datasets, while GAT shows superior performance on the CI-
FAR10 dataset. Besides, among the four types of pooling
methods, EdgePool exhibits relatively stable performance
across all datasets.

� When the flipping ratio q of the negative labels increases,
all methods suffer from information loss and the ambiguity
brought by larger candidate sets. In general, when testing
on datasets with more classes (e.g. Letter-High and COIL-
DEL), the performance of models will drop dramatically
with the increase of the flipping probability q, which is
a reasonable result since the models are confronted with
more confusing labels under this situation. Nevertheless,
our DEER is less affected by this issue, manifesting its
impressive robustness to ambiguous labels, which may owe
to the label correction mechanism and the rich semantics
from contrasting the positive pairs.

Accuracy curves: We record the accuracy of the DEER’s pre-
diction on the training set and the test set as well as the accuracy
of the label matrix of the training set during the training pro-
cess. As shown in Fig. 3, after the first 20 epochs’ warm-up with
the prior label distributions, the accuracy of the label matrix in-
creases steadily, owing to the correction from the posterior dis-
tributions Y pos. Note that when the model is not fully trained
yet, the accuracy of the posterior distributions Y pos is much
higher than that of the raw prediction of the model due to the
re-normalization with the candidate prior, which helps exclude
non-candidate classes. Thus the label accuracy improves rapidly
and exceeds the training accuracy near the 20th epoch. With the
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TABLE II
THE CLASSIFICATION ACCURACY (MEAN%±STD% OVER 5 RUNS) ON FIVE GRAPH BENCHMARK DATASETS (PART 1/2)

TABLE III
THE CLASSIFICATION ACCURACY (MEAN%±STD% OVER 5 RUNS) ON FIVE GRAPH BENCHMARK DATASETS (PART 2/2)

Fig. 3. Accuracy curves of our proposed DEER on Letter-High and COIL-
DEL. The first 20 epochs are under warm-up with the prior label distributions.

accurate guide of the continuously disambiguated label matrix,
the proposed approach achieves superior performance gradually,
justifying the benefits of EMA-based label correction.

C. Ablation Studies (RQ 2)

We investigate the effectiveness of key components in our
DEER from three aspects: EMA-based label correction, graph
contrastive learning, and MMD-based distribution divergence
for positive pairs. The ablation study results are summarized in
Table IV.
� Effect of EMA-based label correction: The baseline method

in Table IV is denoted asM1, whereasM2 andM3 improve
upon it by incorporating straightforward and EMA-based
label correction (LC) to identify the true labels from can-
didate sets, respectively. The straightforward LC strategy
disambiguates the noisy candidate labels by the one-hot
pseudo labels derived from the model predictions. It can
be observed that both LC strategies improve the perfor-
mance, and the EMA-based LC leads to a more notable
increase than the straightforward LC in accuracy across
all datasets with various settings of q. These findings
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TABLE IV
ABLATION STUDY ON ENZYMES AND LETTER-HIGH

suggest that excluding noisy candidate labels is vital for
partial label learning, and our EMA-based label correction
is effective in mitigating the influence of noisy labels.

� Effect of graph contrastive learning: In Table IV, M4 is
an improvement over M3 by integrating graph contrastive
learning, which encourages positive pairs to be closer to
each other than negative pairs. It is worth noting that inM4,
positive pairs are constructed using only pseudo-labels.
Comparing the results of M3 and M4, it is evident that
graph contrastive learning plays a vital role in enhancing
the representations learning on graphs and achieving better
accuracy by a significant margin on both datasets.

� Effect of distribution divergence for positive pairs: Com-
pared toM4,M5 further utilizes the pairwise distance (PD)
of deep features to determine the positive pairs for graph
contrastive learning, while M6 employs the MMD-based
distribution divergence for positive pair identification. As
shown in Table IV, the inclusion of both metrics (PD or
MMD) for positive pair selection improves the perfor-
mance, and M6 further outperforms M5 on both datasets.
This is due to the fact that weak supervised signals and
noisy label candidates make it insufficient to identify ef-
fective positive pairs solely using the pseudo-labels. And
our proposed MMD-based distribution divergence mod-
ule effectively overcomes this limitation by characteriz-
ing the underlying semantic distributions in the hidden
space, enabling it to identify accurate positive graph pairs.
Moreover, it benefits the graph contrastive learning frame-
work, allowing for more discriminative graph representa-
tions. We further compare the accuracy of positive pairs
selected by these two strategies in Fig. 4. As we can see,
the positive pairs identified by the MMD-based distribu-
tion divergence have higher accuracy, demonstrating that
our proposed metric is more unbiased and accurate under
label ambiguity.

D. Sensitivity Analysis (RQ 3)

We also investigate the sensitivity of our proposed DEER
to the hyper-parameters. Specifically, we look into the effect
of varying threshold percentiles for MMD-based positive pair
selection and numbers of augmented views for each graph.

1) Analysis of Percentile for MMD-Based Selection: We first
vary the threshold percentile α for MMD-based positive pair

Fig. 4. Accuracy of positive pairs w.r.t. different selection strategies. MMD
corresponds to MMD-based distribution divergence for positive pair selection,
while PD corresponds to positive pair selection based on the pairwise distance
of deep features. (a) ENZYMES. (b) Letter-High.

selection. Note that positive pairs are determined by both dis-
tribution divergence and pseudo labels, thus the MMD metric
can be regarded as a filter of the target-oriented positive pairs
generated by pseudo labels, where percentile α is the filtering
ratio. As shown in Fig. 5, the performance tends to improve
gradually when the percentile α decreases from 1.0 to 0.7. It
suggests that filtering out false positive pairs (i.e. whose seman-
tic distributions are far away in the hidden space) is beneficial to
graph contrastive learning. This finding justifies the effective-
ness of positive pair selection based on semantic distribution
divergence. Nevertheless, the performance could be harmed by
the overly-small percentile α, due to the potential loss of true
positive pairs.

2) Analysis of the Number of Augmented Views: Next, we in-
vestigate the influence of the number of augmented views M for
each graph. Fig. 6 shows the results on four graph datasets. We
can see that the performance of our DEER improves gradually
with the increase of the augmented view number until saturation.
It illustrates that sampling more semantic-preserved augmenta-
tions for each graph is advantageous to capture the semantic dis-
tribution behind the graph, and alleviate the biases of pairwise
distances caused by the manifold boundary in the feature space.
Moreover, we find that six augmented views are sufficient for
measuring underlying semantic distribution divergence among
graphs generally.

E. Effect of Different GNN Encoders (RQ 4)

We further examine the effect of different GNN encoders.
Specifically, we equip our DEER with three widely used GNN
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Fig. 5. Analysis of the threshold percentile α for MMD-based positive pair selection.

Fig. 6. Analysis of the number of augmented views M for each graph.

Fig. 7. Performance comparison w.r.t. different GNN encoders. SAGE corre-
sponds to GraphSAGE.

architectures, i.e., GCN [10], GAT [11], GraphSAGE [12], and
compare their performance on ENZYMES and COIL-DEL. The
results are depicted in Fig. 7. As we can see, GraphSAGE per-
forms well in most cases, illustrating its strong robustness un-
der label ambiguity. Therefore, we employ GraphSAGE as the
GNN-based encoder of our DEER for partial label learning on
graphs. Besides, it can be observed that GCN performs much
worse than the other two encoders on COIL-DEL, which sug-
gests the significance of adopting an appropriate GNN encoder
against label noise.

F. Effect of Graph Augmentation (RQ 5)

As suggested by previous literatures [45], [52], [75], aug-
mentation strategies are important to graph contrastive learning.
Thus, we examine the influence of various graph augmentation
strategies on our proposed DEER in this section. Fig. 8 shows

Fig. 8. Effect of augmentation strategies. SG denotes subgraph, ND denotes
node dropping, EP denotes edge perturbation, AM denotes attribute masking,
and Hybrid means random selection of these four strategies.

the results on ENZYMES and Letter-High when q = 0.3. Ac-
cording to the plots, we can draw the following observations: (i)
Various augmentation strategies have different effects on differ-
ent datasets. The potential reason is that the degree of semantic
preservation through various augmentation strategies is influ-
enced by the intrinsic characteristics of graph topologies and
node features in different datasets. (ii) The hybrid application of
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Fig. 9. Visualization of learned features on Letter-High (q=0.3) using t-SNE.

Fig. 10. Visualization of three cases on ENZYMES. Our proposed DEER successfully outputs correct prediction in all three cases while the baseline TGNN fails
two of them.

the four augmentation strategies by random selection performs
well on both datasets, demonstrating its effectiveness and ro-
bustness in capturing underlying semantic distributions behind
graphs. This phenomenon may owe to the comprehensive ex-
ploration of diverse semantic aspects of graphs.

G. Visualization (RQ 6)

To intuitively illustrate the effectiveness of the proposed
DEER in the feature space under the partial label setting, we
visualize the learned graph-level features of GraphSAGE, the
best baseline Graph Transplant and our DEER with t-SNE al-
gorithm [76] in Fig. 9. The learned features of different classes
are marked with corresponding colors. From the figure we can
observe that: (i) Generally, the cluster structures of features are
highly related to the model performance. Specifically, the clearer
the cluster structures are, the better performance the method can
achieve. (ii) Our proposed DEER can clarify different graph
classes even though the full ground truth is not given. In com-
parison, the other two baseline methods fail to distinguish some
similar classes (e.g. Z and X) due to the lack of some clearer
supervised signals. It demonstrates the effectiveness of the idea
of supervising the model with the accurate positive pairs iden-
tified by the distribution divergence measurement, and the clear
target labels disambiguated by the posterior label distributions.

In addition, we conduct case studies to analyze the benefits
of our proposed DEER. In particular, three examples from EN-
ZYMES and their predictions from our DEER and TGNN are il-
lustrated in Fig. 10. From the results, we can observe that TGNN

fails two cases while our proposed DEER generates correct pre-
dictions in all three cases. The latter two cases are more com-
plicated than the first one. Particularly, the third case is similar
to the first one in the structure, which may be the potential rea-
son for TGNN classifying them into the same category wrongly.
However, our DEER still captures the differences between these
two cases and classifies them correctly, demonstrating that our
DEER can handle graph-structured hard examples with partial
label learning.

V. CONCLUSION

This paper studies an underexplored but practical problem of
partial label learning on graphs, where each graph is assigned a
collection of candidate labels. Here we propose a novel approach
named Distribution Divergence-based Graph Contrast (DEER)
to solve this challenging problem. Our DEER leverages graph
augmentation to infer underlying semantic distributions in the
hidden space, and measure their divergence to identify posi-
tive pairs for effective graph contrastive learning. In order to
remove noisy candidate labels, we adopt a label correction strat-
egy, which starts from prior distributions and then updates target
labels using the exponential moving average method.

Extensive experiments on various benchmark datasets show
the effectiveness of our proposed DEER in comparison to var-
ious competing approaches. In the future work, we will ex-
plore the following topics: (1) extending our proposed frame-
work DEER to more weakly supervised scenarios such as
semi-supervised learning, learning with label noise and few-shot
learning; (2) applying our proposed DEER to various crucial
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scientific applications such as drug property predictions and pro-
tein function analysis; (3) trying more advanced graph machine
techniques such as graph kernels to make our approach more
effective.
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