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Abstract
Given an edge-incomplete graph, how can we accurately find
its missing links? The problem aims to discover the missing
relations between entities when their relationships are repre-
sented as a graph. Edge-incomplete graphs are prevalent in
real-world due to practical limitations, such as not checking
all users when adding friends in a social network. Address-
ing the problem is crucial for various tasks, including recom-
mending friends in social networks and finding references in
citation networks. However, previous approaches rely heav-
ily on the given edge-incomplete (observed) graph, making
it challenging to consider the missing (unobserved) links. In
this paper, we propose PULL, an accurate link prediction
method based on the positive-unlabeled (PU) learning. PULL
treats the observed edges in the training graph as positive ex-
amples, and the unconnected node pairs as unlabeled ones.
PULL prevents the model from blindly trusting the observed
graph by proposing latent variables for unconnected node
pairs, and leveraging the expected graph structure with re-
spect to these variables. Extensive experiments on real-world
datasets show that PULL consistently outperforms the base-
lines for predicting links in edge-incomplete graphs.

Introduction
Given an edge-incomplete graph, how can we accurately
find the missing links among the unconnected node pairs?
Edge-incomplete graphs are easily encountered in real-
world networks. In social networks, connections between
users can be missing since we do not check every user when
adding friends. In the context of citation networks, there may
be missing citations as we do not review all published pa-
pers for citation. In these scenarios, the objective is to find
uncited references in citation networks (Shibata, Kajikawa,
and Sakata 2012; Liu et al. 2019) or to recommend friends
in social networks (Wang et al. 2015; Daud et al. 2020).

The main limitation of previous works (Zhang et al. 2021;
Zhu et al. 2021; Chamberlain et al. 2023; Ucar 2023) for link
prediction is that they assume the unconnected edges in the
given graph as true negative examples. In link prediction, the
complete set of true unconnected edges are not given. The
given graph contains only a subset of ground-truth edges,
while the other node pairs remain unlabeled; i.e., true un-
connected edges and the unobserved ground-truth edges are
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Figure 1: Main challenge of previous works. They cannot
consider the hidden unobserved edges in the given graph.
PULL treats the unconnected node pairs as unlabeled ex-
amples, and utilizes the expectation of graph structure.

mixed without labels. This misconception limits the model’s
ability to propagate information through unconnected node
pairs, which may potentially form edges, resulting in over-
reliance of a link predictor to the edge-incomplete graph.
Thus, it is important to consider the uncertainties of the
given graph to obtain accurate linking probabilities.

In this work, we propose PULL (PU-LEARNING-BASED
LINK PREDICTOR), an accurate link prediction method in
edge-incomplete graphs. To account for the uncertainties in
the given graph while training a link predictor, PULL ex-
ploits PU (Positive-Unlabeled) learning (see Related Works
for details). We treat the observed edges in the given graph
as positive examples and the unconnected node pairs, which
may contain hidden edges, as unlabeled examples. We then
construct an expected graph while proposing latent variables
for the unlabeled (unconnected) node pairs to consider the
hidden edges among them. This enables us to effectively
propagate information through the unconnected edges, im-
proving the prediction accuracy. The main challenge of pre-
vious works and our approach is depicted in Figure 1.

Our contributions are summarized as follows:

• Method. We propose PULL, an accurate link prediction
method in graphs. PULL effectively overcomes the pri-
mary limitation of previous methods, specifically their
heavy reliance on the provided edge-incomplete graph.

• Theory. We theoretically analyze PULL, including the
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Figure 2: Overall structure of PULL. Given an edge-incomplete graph GP with a set P of observed edges, PULL first computes
the expected graph structure Ḡ by proposing latent variables for the edges. Then PULL utilizes Ḡ to update the link predictor
f . The marginal linking probabilities ŷ obtained by the updated f are used to compute Ḡ in the next iteration.

relationship with the EM algorithm and the complexity.
• Experiments. Extensive experiments on real-world

datasets show that PULL achieves the best performance.
The code and datasets are available at https://github.com/

snudatalab/PULL.

Related Works
Link Prediction in Graphs
Many graph convolutional networks have been proposed
to perform various tasks in graph-structured data including
graph classification (Shim et al. 2024; Yoo, Shim, and Kang
2022), node feature estimation (Yoo et al. 2022a), graph
generation (Jung, Park, and Kang 2020), and model com-
pression (Kim, Jung, and Kang 2021). Recently, link pre-
diction (Jin, Jung, and Kang 2019; Kim et al. 2014) has
garnered significant attention due to its successful applica-
tion in various domains including social networks (Daud
et al. 2020), recommendation systems (Afoudi, Lazaar, and
Hmaidi 2023), knowledge graphs (Jung, Jung, and Kang
2021), and biological networks (Long et al. 2022). Previous
link prediction approaches are categorized into two groups:
autoencoder-based and embedding-based approaches.

Autoencoder methods use autoencoder structure for
the link predictor. GAE and VGAE (2017) are the first
autoencoder-based unsupervised framework for link predic-
tion. ARGA and ARGVA (2018) use adversarial training
strategy to improve the performance of GAE and VGAE,
respectively. VGNAE (2021) utilizes L2-normalization to
get better embeddings for isolated nodes. MVGAE (2023)
is a multi-view representation model which considers both
global and local topologies. However, their limitation is that
they cannot consider the missing edges during training.

Embedding-based approaches create compact represen-
tations of edges through information aggregation or sub-
graph extraction. GCN (2017), GraphSAGE (2017), and
GAT (2017) aggregate information from neighbors to learn
the edge embeddings. 1D-GNN (2021) formalizes link pre-
diction as a conditional node classification, incorporating the
identity of the source node. Neo-GNN (2022) propagates in-
formation through the graph and concatenates structural fea-
tures such as the count of common neighbors. SEAL (2018)

and BUDDY (2023) extend the link prediction task to a sub-
graph classification task. PS2 (2023) automatically identifies
optimal subgraphs for different edges. NESS (2023) utilizes
static subgraphs during training and aggregates their repre-
sentations at test time to learn embeddings in a transductive
setting. However, the primary limitation of those methods is
that they assume the edges of the given graph are fully ob-
served. This misconception restricts the model’s ability to
propagate information between unconnected node pairs that
might form edges, leading to over-reliance of the link pre-
dictor to the edge-incomplete graph.

Graph-based PU (Positive-Unlabeled) Learning
PU (Positive-Unlabeled) learning aims to train a binary
classifier that effectively distinguishes positive and nega-
tive instances when only positive and unlabeled examples
are available (Kiryo et al. 2017; Zhao et al. 2022). Recently,
many graph-based PU learning approaches have been stud-
ied (Ma and Zhang 2017; Zhang et al. 2019; Wu et al. 2019).
GRAB (Yoo et al. 2021, 2022b) is the first approach to solve
the graph-based PU learning problem without knowing the
class prior in advance. PULNS (2021) uses reinforcement
learning to design an effective negative sample selector. PU-
GNN (2023) introduces distance-aware PU loss to achieve
more accurate supervision. However, those methods cannot
be directly used in the link prediction problem since they aim
to classify nodes, not edges, while considering the edges of
the given graph as fully observed ones. PU-AUC (2021) and
Bagging-PU (2022) proposed PU learning frameworks for
link prediction considering the given edges as observed posi-
tive examples. However, their performance is constrained by
the propagation of information through the edge-incomplete
graph for obtaining node and edge representations.

Proposed Method
We propose PULL, an accurate method for link prediction.
We illustrate the overall process of PULL in Figure 2 and
Algorithm 1. The main challenges and our approaches are:

C1. How can we consider the missing links? We treat
the given edges as observed positive examples, and the
rest (unconnected edges) as unlabeled ones. We then
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propagate information through expectation of graph by
proposing latent variables to the unconnected edges.

C2. How can we effectively model the expected graph?
Naive computation of the expected graph is intractable
as there are 2|EU | possible structures where EU is the set
of unconnected edges. We compute the expected graph
by carefully designing the probabilities of graphs.

C3. How can we gradually improve the performance of
the link predictor? PULL iteratively improves the
quality of the expected graph structure, which is the ev-
idence for training the link predictor.

Modeling Missing Links (C1)
In a link prediction problem, we are given a feature matrix
X and an edge-incomplete graph GP consisting of two sets
of edges, EP and EU . The set EP contains observed edges,
while EU consists of unconnected node pairs; EP ∪ EU is
a set of all possible node pairs. Then we aim to find un-
observed connected edges among EU accurately. Existing
link prediction methods treat EU as true negative examples,
which restricts the model’s ability to propagate informa-
tion through unconnected node pairs that could potentially
form edges. This misleads f into fitting the edge-incomplete
graph, thereby degrading the prediction performance.

PULL addresses this misconception of previous methods
by modeling the given graph based on PU-learning. Since
there are hidden connections in EU , we treat the unconnected
edges in EU as unlabeled examples, and the observed edges
in EP as positive ones. Then we propose a latent variable
zij ∈ {1, 0} for every edge eij , indicating whether there is
a link between nodes i and j to consider the hidden connec-
tions; zij = 1 for every eij ∈ EP , but not always zij = 0
for eij ∈ EU . We denote the graph GP with latent variable
z = {zij for eij ∈ (EP ∪ EU )} as GP(z).

A main challenge is that we cannot propagate informa-
tion through the variablized graph GP(z) since every edge
eij ∈ EU of GP(z) is probabilistically connected. Instead,
PULL exploits the expectation Ḡ of graph GP(z) over the
latent variables z. This enables us to train a link predictor f
accurately, considering the hidden connections in EU . Given
that the estimated linking probabilities of f provide prior
knowledge for constructing the expected graph Ḡ, improved
link predictor f enhances the quality of Ḡ. Thus, PULL
employs an iterative learning approach with two-steps to
achieve a repeated improvement of the link predictor: a) con-
structing an expected graph Ḡ based on the predicted linking
probabilities from f , and b) updating f utilizing Ḡ. The up-
dated f is used to refine Ḡ in the subsequent iteration.

Expectation of Graph Structure (C2)
During training of a link predictor fθ, PULL propagates
information through the expected graph Ḡ of GP(z) over
the latent variable p(z | X, EP , θ) where θ is the learnable
model parameter. Note that Ḡ requires computing the joint
probabilities p(z | X, EP , θ) for all possible graph struc-
tures GP(z). This is intractable since there are 2|EU | possi-
ble states of z in GP(z). Instead, PULL efficiently computes
the expectation of graph structure by carefully designing the

Algorithm 1: Overall process of PULL.
Input : Edge-incomplete graph GP = (V, EP), feature

matrix X, set EU of unconnected edges,
hyperparameter r, and link predictor fθ

Output : Best parameters θ of the link predictor fθ
1 Randomly initialize θnew , and initialize K as |EP |;
2 repeat
3 θ ← θnew;
4 Ḡ ← Ez∼p(z|X,EP ,θ)[A(z)] = AḠ ; // Eq.(3, 4)
5 Approximate Ḡ to Ḡ′ by selecting K confident edges

from a set of candidate edges;
6 K ← K + |EP | ∗ r ;
7 θnew ← argminθ L(θ; Ḡ′,X); // Eq.(5, 6)
8 until the maximum number of iterations is reached or the

early stopping condition is met;

joint probability p(z | X, EP , θ). In the following, we de-
scribe how we design the joint probability and compute the
expectation of graph.

Designing the joint probability. We convert the graph
GP(z) into a line graph L(GP(z)) = (VL, EL) where nodes
in L(GP(z)) represent the edges of GP(z), and two nodes
in L(GP(z)) are connected if their corresponding edges in
GP(z) are adjacent. VL contains both EP and EU of GP(z)
since every node pair (i, j) in GP(z) is correlated with
variable zij . We then consider the line graph as a pair-
wise Markov network, which assumes that any two random
variables in the network are conditionally independent of
each other given the rest of the variables if they are not di-
rectly connected (Koller and Friedman 2009). This simpli-
fies the probabilistic modeling on graph-structured random
variables, and effectively marginalizes the joint distribution
of nodes in L(GP(z)), which corresponds to the distribution
p(z | X, EP , θ) of edges in the original graph GP(z).

With the Markov property, the distribution p(z | X, EP , θ)
is computed by the multiplication of all the node and edge
potentials in the line graph L(GP(z)):

p(z | X, EP , θ) =
1

F

∏
ij∈VL

ϕij(zij | X, θ)
∏

(ij,jk)∈EL

ψij,jk(zij , zjk | X, θ) (1)

where ϕij is the node potential for a transformed node
ij, and ψij,jk is the edge potential for a transformed edge
(ij, jk). The node potential ϕij represents the unnormalized
marginal linking probability between nodes i and j in the
original graph GP(z). The edge potential ψij,jk denotes a
degree of homophily between the edges containing a com-
mon node in GP(z). F is the normalizing factor that ensures
the distribution adds up to one. For simplicity, we omit X in
ϕij and ψij,jk in the rest of the paper.

We define the node potential ϕij of L(GP(z)) as follows
to make nodes in GP(z) with similar hidden representations
have a higher likelihood of connection:

ϕij(zij = 1 | θ) =
{
1 if eij ∈ EP
fθ(i, j) otherwise
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where ϕij(zij = 0 | θ) = 1 − ϕij(zij = 1 | θ) and fθ(i, j)
is the predicted marginal linking probability between nodes
i and j. We set ϕij(zij = 1 | θ) = 1 for eij ∈ EP since
the linking probability of an observed edge is 1. We use a
GCN followed by a sigmoid function as the link predictor:
fθ(i, j) = σ(hi · hj) where hi is the hidden representation
of node i computed by the GCN embedding function with
graph Ḡ. In the first iteration, we initialize Ḡ with GP . Other
graph-based models can also be used instead of GCN (see
Q2 of Experiments section). We define ψij,jk as a constant
c to make the joint distribution focus on the marginal link-
ing probabilities. Then the normalizing constant F in Equa-
tion (1) becomes c|EL| as

∑
z

∏
ij∈VL

ϕij(zij | θ) = 1 (see
Lemma 1 in the extended manuscript (Kim et al. 2024) for
the proof).

As a result, the probability p(z | X, EP , θ) is expressed
by the multiplication of node potentials ϕij for eij ∈ EU :

p(z | X, EP , θ) =
∏

ij∈VL

ϕij(zij | θ)

=
∏

eij∈(EP∪EU )

ϕij(zij | θ) =
∏

eij∈EU

ϕij(zij | θ).
(2)

Computing the expectation of graph. Let A(z) be the
adjacency matrix representing the state z where the (i, j)-th
component of A(z), which we denote as A(z)ij , is zij ∈
{1, 0}. Then the corresponding weighted adjacency matrix
AḠ of the expected graph Ḡ is computed as follows:

AḠ = Ez∼p(z|EP ,θ)[A(z)] =
∑
z

p(z | X, EP , θ)A(z)

=
∑
z

∏
eij∈EU

ϕij(zij | θ)A(z).
(3)

The (i, j)-th component AḠ
ij of AḠ is expressed as

ϕij(zij = 1 | θ)
∑

z|zij=1

∏
ekl∈EU\{eij}

ϕkl(zkl | θ)A(z)ij

= ϕij(zij = 1 | θ)
(4)

where the equality holds since A(z)ij = 1 for zij = 1, and∑
z|zij=1

∏
ekl∈EU\{eij} ϕkl(zkl | θ) = 1 (Lemma 1 in the

extended manuscript (Kim et al. 2024) for proof). As a re-
sult, we simply express the expected graph Ḡ by an weighted
adjacency matrix AḠ where AḠ

ij = ϕij(zij = 1 | θ).

Approximating the expected graph. Propagating infor-
mation through Ḡ directly may lead to oversmoothing prob-
lem, as Ḡ is a fully connected graph represented by AḠ .
Moreover, the training time increases exponentially with the
number of nodes. To address these challenges, PULL uti-
lizes an approximated one of Ḡ, which contains edges with
high confidence. Specifically, we keep the top-K edges with
the largest weights while removing the rest. We denote this
approximated one as Ḡ′, and its adjacency matrix as AḠ′

.
From the perspective of PU learning, selecting edges in Ḡ
can be viewed as selecting relatively connected edges among
the unlabeled ones, while treating the rest as relatively un-
connected edges. We gradually increase the numberK of se-
lected edges in proportion to that of observed edges through

the outer iteration of Algorithm 1, which is expressed by
K ← K + r|EP |, giving more trust in the expected graph Ḡ.
This is because the quality of Ḡ improves through the itera-
tions (Figure 3). We set r = 0.05 in our experiments.

Another challenge lies in the need to compute weights for
every node pair in each outer iteration to acquire the top-K
edges, which results in computational inefficiency. To ad-
dress this, we define a set of candidate edges determined
by the node degrees. This stems from the observation that
nodes with higher degrees exhibit a greater likelihood of
forming new connections in real-world networks (Barabási
and Albert 1999). The candidate edge set consists of node
pairs where at least one node has top-M degree among all
the nodes. We set M = 100 in our experiments. PULL se-
lects top-K edges among the candidate edge set instead of
all node pairs to approximate Ḡ.

Iterative Learning of Link Predictor (C3)
At each iteration, PULL constructs the expected graph Ḡ
given a trained link predictor fθ with current parameter θ.
Then PULL propagates information through Ḡ′, which is
the approximated version of Ḡ, to train a new link predic-
tor fθnew with new parameter θnew. This effectively pre-
vents the link predictor from blindly trusting the given edge-
incomplete GP .

To optimize the new parameter θnew, we propose the bi-
nary cross entropy (BCE) lossLE in Equation (5) by treating
the given edges in EP and the unconnected edges in EU as
positive and unlabeled (PU) examples, respectively. For the
unconnected edges, we use the expected linking probabili-
ties AḠ′

ij as pseudo labels for eij :

LE = −
∑

eij∈EP

log ŷij −
∑

eij∈Er
U

log(1− ŷij)

−
∑

eij∈Er
P

(
AḠ′

ij log ŷij + (1−AḠ′

ij ) log(1− ŷij)
) (5)

where ŷij = fθnew(i, j). ErP is the set of relatively connected
edges selected from EU when approximating the expected
graph structure Ḡ by Ḡ′, and ErU = EU \ ErP .

However, in real-world graphs, there is a severe imbalance
between the numbers of connected edges and unconnected
ones. We balance them by randomly sampling |EP ∪ ErP |
unconnected edges among ErU for every epoch. We denote
the loss LE with a set E ′U of randomly sampled edges among
ErU with size |E ′U | = |EP ∪ ErP | as L′

E .
If the current parameter θ of the link predictor is inaccu-

rate, the quality of the expected graph structure deteriorates,
leading to the next iteration’s parameter θnew becoming even
more inaccurate. Thus, we propose another loss term LC for
correction, which measures the BCE for all observed edges
and randomly sampled unconnected edges from ErU :

LC = −
∑

eij∈EP

log ỹij −
∑

ekl∈E′′
U

log(1− ỹij) (6)

where E ′′U is the set of randomly sampled node pairs from
ErU with size |E ′′U | = |EP |. ỹij is fθnew(i, j) computed with
the given graph GP . LC effectively prevents excessive self-
reinforcement in the link predictor of PULL (Figure 3).
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As a result, PULL finds the best parameter θnew for
each iteration by minimizing the sum of the two loss
terms L′

E and LC . We denote the final loss function as
L(θnew; Ḡ′,X) = L′

E + LC . The new parameter θnew is
used as the current θ for the next iteration. The iterations
stop if the maximum number of iterations is reached or an
early stopping condition is met.

Theoretical Analysis
We theoretically analyze PULL in terms of its connection to
the EM algorithm, and the time complexity.

Relation of PULL to EM algorithm. EM (Expectation-
Maximization) (Dempster, Laird, and Rubin 1977) is an it-
erative method used for estimating model parameter θ when
there are unobserved data. It assigns latent variables z to
the unobserved data, and maximizes the expectation of the
log likelihood log p(y, z | X, θ) in terms of z to optimize θ
where y and X are target and input variables, respectively.

In our problem, the expectation of the log likelihood given
the current parameter θ is written as follows:
Q(θnew | θ) = Ez∼p(z|X,EP ,θ)[log p(EP , z | X, θnew)] (7)

where θnew is the new parameter. The EM algorithm finds
θnew that maximizes Q(θnew | θ), and they are used as θ
in the next iteration. The algorithm is widely used in situ-
ations involving latent variables as it always improves the
likelihood Q through the iterations (Murphy 2012).

PULL iteratively optimizes the parameter θ of a link pre-
dictor by minimizing both L′

E and LC where L′
E is the

approximation of LE in Equation (5). We compare Equa-
tions (5) and (7) to show the similarity between the iterative
minimization of LE in PULL and the iterative maximiza-
tion of Q(θnew | θ) in the EM algorithm.

PULL expresses p(z | X, EP , θ) in Equation (7) by the
multiplication of node potentials as in Equation (2). For the
joint probability p(EP , z | X, θnew) in Equation (7), we ap-
proximate it using a link predictor fθnew with new param-
eter θnew. We consider fθnew as a marginalization function
that gives marginal linking probabilities for each node pair.
We also assume that the marginal distributions obtained by
fθnew are mutually independent. Then the joint probability is
approximated as follows:

p(EP , z | X, θnew) ≈
∏

eij∈EP

ŷij
∏

eij∈EU

(
zij ŷij+(1−zij)(1−ŷij)

)
(8)

where ŷij = fθnew(i, j), and zij ∈ {1, 0} represents the
connectivity between nodes i and j.

Using Equations (2) and (8), we derive Theorem 1 that
shows the similarity between the iterative minimization of
LE in PULL and the iterative maximization ofQ in the EM.
Theorem 1. Given the assumption in Equation (8), the like-
lihood Q(θnew | θ) of the EM algorithm reduces to the neg-
ative of the loss LE of PULL with the expected graph Ḡ:

Q(θnew | θ) ≈
∑

eij∈EP

log ŷij+

∑
eij∈EU

(
AḠ

ij log ŷij + (1−AḠ
ij) log(1− ŷij)

)
(9)

where ŷij is the estimated linking probability between nodes
i and j by fθnew , and AḠ is the corresponding adjacency
matrix of Ḡ (refer to the extended manuscript (Kim et al.
2024) for the proof).

Complexity of PULL. PULL is scalable to large graphs
due to its linear scalability with the number of nodes and
edges. Let no and ni be the number of outer and inner itera-
tions in Algorithm 1, respectively. For simplicity, we assume
PULL hasm layers where the number d of features for each
node is the same in all layers.
Theorem 2. The time complexity of PULL (Algorithm 1) is

O (nod((nim+ rnonim)|EP |+ (nimd+M)|V|)) ,
which is linear to the numbers |V| and |EP | of nodes
and edges in GP , respectively (refer to the extended
manuscript (Kim et al. 2024) for the proof).

Experiments
We conduct experiments to answer the following questions:

Q1. Link prediction performance. How accurate is PULL
compared to the baselines for predicting links in edge-
incomplete graphs?

Q2. Applying PULL to other baselines. Does applying
PULL to other methods improve the accuracy?

Q3. Effect of iterative learning. How does the accuracy of
PULL change over iterations?

Q4. Effect of additional loss. How does the additional loss
term LC of PULL contribute to the performance?

Q5. Scalability. How does the running time of PULL
change as the graph size grows?

Experimental Settings
Datasets. We use seven real-world datasets which are
summarized in Table 3b of the extended manuscript (Kim
et al. 2024). PubMed and Cora-full are citation networks
where nodes correspond to scientific publications and edges
signify citation relationships between the papers. Each node
has binary bag-of-words features. Chameleon and Crocodile
are Wikipedia networks, with nodes representing web pages
and edges representing hyperlinks between them. Node fea-
tures include keywords or informative nouns extracted from
the pages. Facebook is a social network where nodes rep-
resent users, and edges indicate mutual likes. Node features
represent user-specific information such as age and gender.

Baselines. We compare PULL with previous approaches
for link prediction. GCN+CE, GAT+CE, and SAGE+CE
use GCN (2017), GAT (2017), and GraphSAGE (2017) for
computing linking probabilities, respectively. Cross entropy
(CE) loss is used and |EP | non-edges are sampled ran-
domly from EU every epoch to balance the ratio between
edge and non-edge examples. GAE and VGAE (2016) are
autoencoder-based frameworks for link prediction. ARGA
and ARGVA (2018) respectively improve the performance
of GAE and VGAE by introducing adversarial training strat-
egy. VGNAE (2021) utilizes L2-normalization to obtain bet-
ter node embeddings for isolated nodes. Bagging-PU (2022)
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Model PubMed Cora-full Chameleon Crocodile Facebook
AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

GCN+CE 96.4 ± 0.2 96.6 ± 0.2 95.8 ± 0.7 95.8 ± 0.7 96.8 ± 0.4 96.7 ± 0.4 96.9 ± 0.5 97.2 ± 0.5 97.1 ± 0.2 97.3 ± 0.2
GAT+CE 91.0 ± 0.4 89.6 ± 0.5 94.3 ± 0.4 93.7 ± 0.4 91.6 ± 1.8 91.4 ± 1.7 90.7 ± 1.8 91.7 ± 1.4 92.4 ± 0.6 92.0 ± 0.8
SAGE+CE 87.2 ± 1.1 88.3 ± 1.0 94.4 ± 0.5 94.8 ± 0.6 96.3 ± 0.5 95.9 ± 0.6 96.0 ± 0.6 96.6 ± 0.6 95.2 ± 0.5 95.3 ± 0.5
GAE 96.3 ± 0.2 96.5 ± 0.2 95.5 ± 0.3 95.5 ± 0.3 96.9 ± 0.5 96.8 ± 0.5 96.7 ± 0.7 96.8 ± 1.2 97.0 ± 0.2 97.3 ± 0.1
VGAE 94.6 ± 1.0 94.7 ± 1.0 92.4 ± 3.9 92.4 ± 3.7 96.3 ± 0.3 96.2 ± 0.3 95.3 ± 0.4 95.5 ± 0.8 96.3 ± 0.3 96.5 ± 0.3
ARGA 93.7 ± 0.7 93.4 ± 0.7 91.4 ± 1.0 90.7 ± 1.2 94.8 ± 0.5 94.4 ± 0.7 96.0 ± 0.4 95.7 ± 0.4 92.0 ± 0.6 92.2 ± 0.5
ARGVA 93.6 ± 1.2 93.8 ± 1.1 89.9 ± 3.1 89.6 ± 2.9 94.3 ± 0.7 94.3 ± 0.7 95.0 ± 0.2 94.3 ± 0.6 92.4 ± 2.6 92.8 ± 2.4
VGNAE 96.0 ± 0.6 96.0 ± 0.6 95.4 ± 1.2 95.1 ± 1.3 97.5 ± 0.4 97.2 ± 0.5 96.3 ± 0.8 95.3 ± 1.9 95.8 ± 0.5 95.9 ± 0.5
Bagging-PU 94.6 ± 0.4 94.9 ± 0.4 92.7 ± 0.6 94.2 ± 0.8 97.3 ± 0.8 97.1 ± 0.9 97.5 ± 0.4 97.8 ± 0.4 97.0 ± 0.2 97.4 ± 0.1
NESS 95.2 ± 0.2 95.0 ± 0.2 96.3 ± 0.2 96.2 ± 0.3 96.9 ± 0.1 96.8 ± 0.1 95.9 ± 0.5 96.7 ± 0.3 95.8 ± 0.2 96.2 ± 0.1

PULL (proposed) 96.6 ± 0.2 96.8 ± 0.2 96.1 ± 0.3 96.3 ± 0.4 97.9 ± 0.3 97.8 ± 0.3 98.3 ± 0.2 98.4 ± 0.2 97.4 ± 0.1 97.7 ± 0.1

Table 1: The link prediction accuracy of PULL and baselines in terms of AUROC and AUPRC. Bold numbers denote the best
performance, and underlined ones represent the second-best accuracy. PULL outperforms all the baselines in most of the cases.

Model PubMed Cora-full Chameleon Crocodile Facebook
AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC

GAE 96.4 ± 0.2 96.5 ± 0.2 95.5 ± 0.3 95.5 ± 0.3 96.9 ± 0.5 96.8 ± 0.5 96.7 ± 0.7 96.8 ± 1.2 97.0 ± 0.2 97.3 ± 0.1
GAE+PULL 96.6 ± 0.2 96.9 ± 0.2 96.0 ± 0.5 96.1 ± 0.6 98.0 ± 0.2 98.1 ± 0.2 98.2 ± 0.2 98.3 ± 0.2 97.4 ± 0.1 97.7 ± 0.1

VGAE 94.6 ± 1.0 94.7 ± 1.0 92.4 ± 3.9 92.4 ± 3.7 96.3 ± 0.3 96.2 ± 0.3 95.3 ± 0.4 95.5 ± 0.8 96.3 ± 0.3 96.5 ± 0.3
VGAE+PULL 95.8 ± 0.5 95.9 ± 0.5 93.8 ± 3.2 93.9 ± 3.0 97.2 ± 0.5 97.3 ± 0.5 97.2 ± 0.7 97.3 ± 0.6 96.6 ± 0.3 96.7 ± 0.3

VGNAE 96.0 ± 0.6 96.0 ± 0.6 95.4 ± 1.2 95.1 ± 1.3 97.5 ± 0.4 97.2 ± 0.5 96.3 ± 0.8 95.3 ± 1.9 95.8 ± 0.5 95.9 ± 0.5
VGNAE+PULL 96.2 ± 0.4 96.2 ± 0.4 96.0 ± 0.6 95.8 ± 0.7 97.8 ± 0.4 97.5 ± 0.4 97.2 ± 0.7 96.9 ± 0.8 95.8 ± 0.5 95.9 ± 0.4

Table 2: The performance improvement of baselines with the integration of PULL. The best performance is indicated in bold.
Note that PULL enhances the performance of baseline models.

classifies node pairs into observed and unobserved, and ap-
proximates the linking probabilities using the ratio of ob-
served links. NESS (2023) is the current state-of-the-art link
prediction method. It utilizes multiple static subgraphs dur-
ing training, and aggregates the learned node embeddings to
obtain the linking probabilities at test time.

Evaluation and Settings. We evaluate the performance of
PULL and the baselines in classifying edges and non-edges
correctly. We use AUROC (AUC) and AUPRC (AP) scores
as the evaluation metric (Kipf and Welling 2017). The mod-
els are trained using graphs that lack some edges, while pre-
serving all node attributes. The validation and test sets con-
sist of the missing edges and an equal number of randomly
sampled non-edges. We vary the ratio rm of test missing
edges in {0.1, 0.2}. The ratio of valid missing edges are set
to 0.1 through the experiments. The validation set is em-
ployed for early stopping with patience 20, and the num-
ber of maximum epochs is set to 2,000. The epochs are not
halted until 500 since the accuracy oscillates in the earlier
epochs. For PULL, we set the number of inner loops as 200,
and the maximum number of iterations as 10. The iterations
stop if the current validation AUROC is smaller than that of
the previous iteration. We use Adam optimizer with a learn-
ing rate of 0.01, and set the numbers of layers and hidden
dimensions as 2 and 16, respectively, following the original
GCN paper (2017) for fair comparison between the methods.
For the hyperparameters of the baselines, we use the default
settings described in their papers. We repeat the experiments
ten times with different random seeds and present the results
in terms of both average and standard deviation.

Link Prediction Performance (Q1)
We compare the link prediction performance of PULL with
the baselines in Table 1 while setting the ratio rm of test
missing edges as 0.1. We also report the performance with
rm = 0.2 in Table 6 of the extended manuscript (Kim et al.
2024). Note that PULL achieves the highest AUROC and
AUPRC scores among the methods in most of the cases. This
highlights the significance of considering the uncertainty in
the given edge-incomplete graph to enhance the prediction
performance. It is also noteworthy that GCN+CE model,
which propagates information through the edge-incomplete
graph using GCN, shows consistently lower performance
than PULL. This shows that the propagation of PULL with
the expected graph structure effectively prevents f from
overtrusting the given graph structure, whereas the propa-
gation of GCN+CE with the given graph leads to overfitting.

Applying PULL to Other Methods (Q2)
PULL can be applied to other GCN-based methods includ-
ing GAE, VGAE, and VGNAE that use GCN-based prop-
agation scheme. To show that PULL improves the perfor-
mance of existing models, we conduct experiments by ap-
plying PULL to them while setting the ratio rm of test miss-
ing edges as 0.1. We also report the experimental results with
rm = 0.2 in Table 7 of the extended manuscript (Kim et al.
2024). It is not easy for PULL to be directly applied to other
baselines such as GAT, GraphSAGE, ARGA, and ARGVA.
This is because they use different propagation schemes in-
stead of GCN, posing a challenge for PULL in propagat-
ing information through the expected graph structure during
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Figure 3: AUC score of PULL and PULL-LC through the iterations. PULL-LC represents PULL without LC . The dashed
gray lines denote the ground-truth numbers of edges. The accuracy of PULL increases in early iterations, and converges or
slightly increases as the number K of sampled edges exceeds the ground-truth one. This shows that PULL improves the
quality of the expected graph with each iteration. Moreover, PULL consistently shows superior performance than PULL-LC .
In PubMed and Crocodile, the accuracy of PULL-LC drops rapidly after exceeding the dashed gray lines. This demonstrates
that LC protects PULL from performance degradation when the expected graph structure has more edges than the actual graph.

Linearly
increases

Figure 4: The running time of PULL on sampled sub-
graphs. The time increases linearly with the number of
edges, demonstrating the scalability of PULL.

training. Table 2 summarizes the results. Note that PULL
improves the accuracy of baselines in most of the cases,
showing its effectiveness across a range of different models.

Effect of Iterative Learning (Q3)
For each iteration, PULL computes the expected graph Ḡ
utilizing the trained link predictor f from the previous iter-
ation. Then PULL retrains f with Ḡ to prevent the link pre-
dictor from blindly trusting the given graph. We study how
the accuracy of PULL evolves as the iteration proceeds in
Figure 3. PULL increases the number K of selected edges
for the approximation of Ḡ as the iteration progresses. The
dashed gray lines indicate the points at which K becomes
equal to the ground-truth number of edges for each dataset.

The AUC score of PULL in Figure 3 increases through
the iterations, reaching its best performance when the num-
ber K of selected edges closely matches the ground-truth
one. This shows that PULL enhances the quality of the ex-
pected graph as the iterations progress, and eventually makes
accurate predictions of the true graph structure. In Crocodile
and Facebook, the prediction accuracy increases even with
larger number of edges than the ground-truth one. This ob-
servation indicates that the ground-truth graph structures of
Crocodile and Facebook inherently contain missing links.

Effect of Additional Loss (Q4)
We study the effect of the additional loss term LC of PULL
on the link prediction performance in Figure 3. PULL-LC

represents PULL trained by minimizing only L′
E . Note that

PULL-LC consistently shows lower accuracy than PULL,
showing the importance of LC . In PubMed and Crocodile,
the AUC scores of PULL-LC drop rapidly after the fifth
iteration, where the number K of selected edges exceeds
the ground-truth one. This indicates thatLC effectively safe-
guards PULL against performance degradation when the ex-
pected graph contains more edges than the actual one.

Scalability (Q5)
We study the running time of PULL on subgraphs with dif-
ferent sizes to show its scalability to large graphs in Figure 4.
We randomly sample edges from the original graphs with
various portions rp ∈ {0.1, ..., 0.9}. Thus, each induced
subgraph has rp|E| edges where E is the set of edges of the
original graph. Figure 4 shows that the runtime of PULL
exhibits a linear increase with the number of edges, show-
ing its scalability to large graphs. This is because PULL
effectively approximates the expected graph Ḡ with |V|2
weighted edges by a graph Ḡ′ with (1 + 0.05t)|EP | edges
where V and EP are sets of nodes and observed edges, re-
spectively, and t is the number of iterations.

Conclusion
We propose PULL, an accurate method for link prediction
in edge-incomplete graphs. PULL addresses the limitation
of previous approaches, which is their heavy reliance on
the observed graph, by iteratively predicting the true graph
structure. PULL proposes latent variables for the uncon-
nected edges in a graph, and propagates information through
the expected graph structure. PULL then uses the expected
linking probabilities of unconnected edges as their pseudo
labels for training a link predictor. Extensive experiments
on real-world datasets show that PULL shows superior per-
formance than the baselines.
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