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Abstract

Uncertain Knowledge Graphs (UKGs) have recently garnered significant attention, primarily for
their capabilities in modeling the inherent uncertainty of relation facts in a knowledge graph with
a confidence score and reasoning based on uncertainty knowledge embeddings. Existing uncer-
tain knowledge graph embedding (UKGE) methods ignore the uncertainty of neighbor entities
in the modeling of graph structure-aware context, on the other hand, they have inadequately ac-
counted for the confidence information of relational triples when learning their embeddings. To
address these issues, in this paper, we propose a novel uncertainty knowledge graph embedding
model, named UnKGE-GSFC, which works to learn graph structure-aware context and fused-
triple confidence information in an encoder-decoder framework. To be specific, for encoding, we
design an uncertainty-aware RGCN providing foundations for learning graph structure-aware
context. For decoding, we model confidence for each triple by fusing its semantic information
and effectively preserving sequential dependencies. Extensive experiments over publicly avail-
able UKGE benchmarks demonstrate that our approach can significantly outperform previous
state-of-the-art methods in different evaluation metrics on confidence prediction and link predic-
tion tasks, respectively.

Keywords: Uncertain knowledge graph embedding, Graph structure-aware context,
Fused-triple confidence information, Encoder-decoder framework

1. Introduction

Knowledge graphs (KGs) have been demonstrated to be valuable resources for a wide range
of applications [1, 2, 3]. Traditional KGs typically assume that all triples within the graph pos-
sess absolute truth and certainty during modeling. However, in complex real-world applications,
this assumption is often too idealized and frequently untenable [4]. On one hand, most existing
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knowledge graphs (KGs) are often derived from textual corpora in real-world scenarios. How-
ever, due to the diverse original purposes of these corpora’s construction, the heterogeneity of
corpora resources, and the inherent errors of automatic extraction algorithms, noise and ambi-
guity are inevitably introduced into the resulting KGs. Furthermore, knowledge has a temporal
nature, and the validity of facts may evolve over time, giving rise to the problem of outdated
facts. On the other hand, facts themselves often possess inherent randomness or probabilistic at-
tributes that cannot be adequately captured using simple Boolean logic (true/false). Instead, they
require probabilistic representations to characterize their degree of credibility. Consequently, the
failure to quantify and model uncertain facts within the KG would severely undermine both their
credibility and overall effectiveness in downstream reasoning and decision-making tasks.

Uncertain knowledge graph (UKG) has emerged for modeling the uncertainty in KGs. Unlike
traditional deterministic KGs, the UKG introduces an additional confidence score to the standard
triple, thereby extending the knowledge representation form of triples in traditional knowledge
graphs into a quadruple structure, where the confidence score quantifies the degree of reliability
of the fact. Several typical UKG graphs have been constructed and put into use. For example,
ConceptNet [5] collects triples through manual annotation and calculates their confidence based
on annotation frequency; NELL [6] integrates statistical probabilities from open-domain web ex-
traction processes with user feedback for iterative fine-tuning. UKGs hold significant application
value in domains that demand high factual accuracy, such as medical diagnosis [7, 8, 9], financial
risk assessment [10, 11], autonomous driving [12, 13], and recommendation systems [14, 15].

Uncertainty knowledge graph embedding (UKGE) aims to embed uncertainty facts in the
UKG into the latent, low-dimensional, and real-valued vector spaces. UKGE [16] proposed the
first dedicated model for UKG representation learning. It used the DistMult [1] to measure the
plausibility of a triple and mapped plausibility to confidence using a mapping function. The
confidence scores were then incorporated into the objective function to preserve uncertainty in-
formation in the embedding. In addition, UKGE utilized Probabilistic Soft Logic (PSL) to reason
about unseen facts and used them as training data, preserving rule constraints in the embedding
representations. PASSLEAF [17] is a semi-supervised learning framework to deal with unseen
facts, thus relieving the false-negative problem, and OpenUKGE [18] refine the energy function
to be able to model multiple relation patterns. Additionally, GMUC [19] proposed a few-shot
UKG completion method based on Gaussian Metric Learning, which can complete missing facts
and confidence scores even in cases of limited data. Unlike traditional representation learning,
BEUrRE [20] mappes entities and relations to a ”box space”, where entities are represented
as hyper-rectangles and relations as transformations between rectangles. UKGs [21] treat each
triple as a sequence and feed the trained embeddings into the LSTM to quickly predict confi-
dence.

However, recent studies typically focus only on the uncertainty of individual triples, while
neglecting the uncertainty information in the graph structure-aware information and the sequen-
tial dependencies within relational triplets. We shall consider an example of link prediction in
the UKG to illustrate our modeling motivation, as shown in Fig. 1. If we want to reason about the
confidence of (Einstein, believedIn, Unified Field Theory), it is insufficient to model only the un-
certainty of the triple itself. When optimizing the embedding of the entity Einstein, other neigh-
boring triples can also provide additional information, and the higher the confidence, the more
information is provided. For (Einstein, believedIn, Unified Field Theory), the sequential depen-
dency between the head entity, relation, and tail entity aids in inferring its confidence—“Einstein
attempted to propose the Unified Field Theory” is a fact with high confidence, whereas reversing
the head and tail entities in the triple leads to a completely incorrect statement.
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bornIn：1.0
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disagreedWith：0.4

Niels_Bohr
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Unified_Field

Figure 1: An example of illustrating link prediction in the UKG

Motivated by the above, we propose a novel uncertainty knowledge graph embedding model,
which jointly learns graph structure-aware context and fused-triple confidence information in
an encoder-decoder framework (UnKGE-GSFC). In the encoder, we use an Uncertainty-Aware
Relational Graph Convolutional Network (UA-RGCN) to propagate the confidence informa-
tion of the neighbor triples and control the amount of information propagated by the neigh-
bors through the confidence to better optimize the entity embedding. In the decoder, we de-
sign two components to capture the semantic and sequential dependency information within the
triples: a semantic-aware scoring component and a seq-dependency-aware scoring component.
The semantic-aware scoring component calculates the confidence score of triples using the Dist-
Mult method. The seq-dependency aware scoring component treats triples as sequences and
feeds them into a uncertainty-aware Gated Recurrent Unit (UA-GRU), processing the input step
by step to capture the sequential dependency between entities and relations. Finally, we per-
form a weighted fusion of the semantic and sequential dependency information to generate the
confidence score for each triple.

It is highlighted in the following four aspects:

• To the best of our knowledge, this is the first attempt to study uncertainty knowledge
graph embedding from the perspective of graph structure-aware context and fused-triple
confidence information.

• We propose an encoder-decoder framework, named UnKGE-GSFC. In the encoder, we
aggregate the uncertainty of node neighbors on the graph structure to optimize entity em-
bedding. In the decoder, we model the triple confidence more comprehensively from the
perspective of both the semantic information and the sequential dependencies of the rela-
tional triple.

• Extensive experiments demonstrate our model significantly outperforms various state-of-
the-art baselines on three real-world datasets across different settings. We also present the
ablation study, and parameter sensitivity analysis to validate the effectiveness of the model.

• To illustrate the evaluation of our framework and facilitate further research on this topic,
we have made the experimental details and source code of the framework publicly available
at https://github.com/shengyp/UnKGE-GSFC/.

The remainder of this paper is organized as follows. Section 2 reviews the related work on
uncertain knowledge graphs, covering representative research works associated with our work.
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Section 3 introduces the preliminaries, essential notations, and definitions utilized throughout
the study. Section 4 presents the technical details of our proposed uncertainty-aware embedding
model, which integrates graph structure-aware context and triple confidence information; this
section focuses on key components such as structural uncertainty propagation and confidence
modeling. In Section 5, we conduct extensive experiments, including comparative studies and
ablation analyses on multiple benchmark datasets, to demonstrate the superior performance of
our model. Finally, Section 6 concludes the paper and discusses future research directions.

2. Related Work

In this section, we comprehensively surveyed the literature on two topics closely related to
our work: Relational Graph Convolutional Network and Triple Confidence Modeling for Uncer-
tain Knowledge Graph Embedding.

2.1. Relational Graph Convolutional Network

Graph Convolutional Network (GCN) [22] is a neural network model for processing graph
data, which learns relations between nodes through convolutional operations. RGCN [23] is an
extension of GCN, which is specifically designed to deal with multi-relation types of knowl-
edge graphs. RGCN treats graphs under each type of relation as homogeneous graphs, and con-
verts multi-relation graphs into a problem of aggregation of features from multiple homogeneous
graphs. Based on RGCN, our work considers the confidence score of the neighbor node informa-
tion whenever it is aggregated, aiming to filter low-quality information. The uncertainty-aware
RGCN model is able to learn and predict more robustly, especially in the face of noisy data
or unbalanced relational distributions. In addition, it can also better capture and utilize struc-
tural information in the graph, improving the model’s performance on tasks such as confidence
prediction.

2.2. Triple Confidence Modeling for Uncertain Knowledge Graph Embedding

The work [4] summarizes core advancements in AI knowledge processing, focusing on some
strategies enabling AI to operate efficiently in environments with incomplete and ambiguous
information. Currently, there has been a lot of work providing methods for modeling triple con-
fidence. UKGE [16] is the first model specialized for UKG embedding, which uses the score
function of DistMult [1] to represent the triple plausibility, and chooses the mapping function
to map the plausibility to the confidence. PASSLEAF [17] uses a pool-based semi-supervised
learning framework to solve the false-negative problem. UKGsE [21] is a framework for fast pre-
dicting triple confidence that treats relational facts as sequences and uses embeddings to predict
confidence. BEUrRE [20] models entities as hyper-rectangles and relations as transformations
on the head and tail entity rectangles, and ultimately uses the geometry to calculate the con-
fidence. UPGAT [24] introduces an uncertainty-aware graph attention mechanism to capture
probabilistic subgraph features, and pseudo-neighbor augmentation to optimize the embedding
of entities and relations. UKRM [25] employs a Transformer-based architecture to mine rules
for link prediction, while concurrently leveraging pre-trained language models (PLMs) to es-
timate triple confidence scores. To address the imbalanced distribution of confidence scores in
UKGs, ssCDL [26] introduces a semi-supervised confidence distribution learning framework that
leverages meta-learning to generate pseudo-labels for unlabeled triples, thereby enriching the su-
pervision signals for embedding learning. In addition, GMUC [19] proposes for the first time a
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few-shot UKG completion method based on Gaussian Metric Learning. GMUC+ [27] quantify
the uncertainty of different entities and relations to capture both semantic and uncertainty in-
formation of entities and relations in the few-shot scenario. unKR [28] is a UKG embedding
learning and completion tool that re-implements some works for UKG.

However, these methods usually focus only on the semantic scores of a single triple when
modeling confidence. Inspired by the above methods, when calculating the confidence, the de-
coder component of our work not only considers the semantic information of the triple, but also
treats the triple as a sequence, considering the information of its contextual sequence, to jointly
model confidence.

3. Preliminary

This section provides the formal problem definitions and essential notations for UKG to
establish a theoretical foundation for the proposed model.

3.1. Problem Definition

Uncertain Knowledge Graph. An Uncertain Knowledge Graph (UKG) assigns a confidence
score to each relational fact, reflecting the degree of its validity. Formally, a UKG is defined
over a set of entities E and a set of relations R, represented as a collection of weighted triples
G = {(l, sl)}. Within each tuple (l, sl), l = (h, r, t) denotes the relational triple where h, t ∈ E and
r ∈ R. The value sl ∈ [0, 1] represents the confidence score, quantifying the probability or belief
that the relational fact l holds true.
Uncertain Knowledge Graph Embedding. In alignment with traditional Knowledge Graph
Embedding (KGE), the objective of an Uncertain Knowledge Graph Embedding (UKGE) model
is to map each entity and relation in the UKG into a continuous low-dimensional vector space.
This embedding process aims to preserve not only the intrinsic structural topology but also the
confidence scores of relational facts, alongside other salient features that characterize uncertain
knowledge. Specifically, the head entity h, relation r, and tail entity t are represented by their
respective embedding vectors h, r, t ∈ Rk, where k denotes the dimensionality of the space.

3.2. Important notations

To facilitate a clear understanding of the proposed framework, the primary notations and their
corresponding definitions used throughout this paper are summarized in Table 1.

4. Methodology

This section delineates our approach pipeline. We first outline the overall framework. Subse-
quently, we provide a detailed introduction to three components and elaborate on the steps within
each component. Finally, we design separate loss functions for confidence prediction of the task
and the link prediction task, respectively, and combine them to jointly optimize the model.
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Table 1: Summary of notations and explanation used in this paper.

Notation Explanation

G An uncertain knowledge graph (UKG).
E,R The set of entities and relations, respectively.
l = (h, r, t) A relational triple fact consisting of head, relation, and tail.
sl The confidence score of triple l, where sl ∈ [0, 1].
A(r)

i j A filtered weighted adjacency matrix for each relational subgraph.
h, r, t The d-dimensional embedding vectors for h, r, and t.
d The dimensionality of the embedding space.
w, b The hyperparameter of the linear layer
ssem (l) The semantic score for given triple l
sseq (l) The sequence dependency score for given triple l
σ The Sigmoid function
α A weighted hyperparameter that controls the contribution of semantic

information and sequential dependency to the confidence score.
scon f (l) The predicted confidence for given triple l
g(l) The ranking score predicted for given triple l.
γ The margin hyperparameter in the ranking loss function.
L+ The set of train triples.
L− The set of negatively sampled triples.

4.1. The Overview Framework

The proposed UnKGE-GSFC model is built upon an encoder-decoder framework to enhance
the UKGE. First, an Uncertainty-Aware Relational Graph Convolutional Network (UA-RGCN)
is employed as the encoder to aggregate global uncertainty information from neighboring en-
tities (Section 4.2). Subsequently, the decoder captures uncertainty from two distinct perspec-
tives: semantic representations and intra-triple sequential dependencies. A confidence score for
each relational triple is then generated through a weighted fusion of the semantic and sequential
dependency scores (Section 4.3). Finally, we integrate loss functions for both the confidence
prediction task and the link prediction task to jointly optimize learned UKGE (Section 4.4). The
overall architecture is illustrated in Fig. 2. In the following, we will provide a detailed exposition
of these three components and their respective implementations.

4.2. Uncertainty-Aware Relational Graph Convolutional Network

The information about the neighbors of the entities in the UKG can help to optimize the
embedding of the entities. To incorporate the uncertainty information in aggregating the neigh-
bor information, we propose an uncertainty-aware relational graph convolutional network (UA-
RGCN) based on the standard RGCN [23]. When aggregating information from neighbor nodes,
UA-RGCN utilizes the relational triple confidence of each triple to control the amount of infor-
mation propagation.
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Figure 2: The overview architecture of the proposed UnKGE-GSFC model.

Given a UKG G = (l, sl). For each pair, l = (h, r, t) is a relational triple, where h, t ∈
E (the entity set), r ∈ R (the relation set), and sl ∈ [0, 1] denotes the confidence score that
the relation fact is true. We first construct a weighted adjacency matrix A(r) for the relational
subgraph of each relation r. To avoid relational triple with low confidence scores from affecting
the optimization of UA-RGCN, we set a threshold θ and filter using:

A(r)
i j =

sl i f sl > θ in (h, r, t, sl)
0 otherwise

(1)

For each entity i, its neighbors under relation r is denoted as Nr
i . The weighted adjacency

matrix A(r) controls the amount of information propagated when a subgraph under the relation
r undergoes a convolution operation. In layer l, the representation process of node h(l+1)

i is
formalized as:

h(l+1)
i = σ

∑
r∈R

∑
j∈Nr

i

A(r)
i j ·W

(l)
r h(l)

j + br

 , (2)

where h(l)
i ∈ Rd, represents the embedding of entity i at layer l. W(l)

r ∈ Rd×d, represents the
weight matrix for relation r at layer l. br is the bias term for relation r, and σ represents the
LeakyReLU function, respectively. A(r)

i j controls the amount of information passed from h(l)
j to

h(l+1)
j .

Through using Equ.(2), UA-RGCN can aggregate the uncertainty information of neighbor
entities by layers. Weighting the contribution of each neighbor using the confidence score in the
weight adjacency matrix captures the strength of the relations in the UKG. The confidence score
controls the amount of information propagated by each neighbor relational triple, with a triple
with higher confidence propagating more information. We refer to this graph encoder module as
uncertainty-aware RGCN.
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After multiple layers of UA-RGCN, we iteratively optimize the initial node embedding and
ultimately obtain the embedding matrix H ∈ RN×d, which represents the embedding of all enti-
ties, where N denotes the total number of entities, and d is the dimension of the embedding.

4.3. Relational Triple Confidence Modeling
To model relational triple confidence, we design a decoder consisting of two components:

a semantic-aware scoring component and a sequence-dependency-aware scoring component.
These two components capture the semantic information and sequential dependency information
within the triple, respectively, and the resulting scores are combined via a weighted confidence
fusion component to produce the final confidence score for each triple.

4.3.1. The Semantic-Aware Scoring for Relational Triples
Inspired by the work [16], we model the semantic scores of relational triples using the Dist-

Mult [1] method. Specifically, given a triple l = (h, r, t) and their embeddings (h, r, t) ∈ Rd, we
generate the semantic score based on knowledge graph embeddings as follows:

ssem = r · (h ◦ t) , (3)

where ◦ is element-wise product and · is the inner product. Equation (3) captures the correlation
between embeddings h and t under the condition of relation r.

To make sure the ssem scores predicted from this module are in the range [0, 1], we use a
Logistic mapping function that has been proven effective [16]. Formally, given a triple l with a
ssem score, we map to [0, 1] calculated by:

ssem (l) =
1

1 + e−(wssem+b) , (4)

where w is a weight parameter and b is a bias.

4.3.2. The Seq-Dependency-Aware Scoring for Relational Triples
To model the sequential dependencies within the relational triple in the UKG, we treat each

relational triple as a sequence and input its concatenated embedding x0 into an uncertainty-aware
Gated Recurrent Unit (UA-GRU). The representation of the UA-GRU input sequence x0 is as
follows:

x0 = concat(h, r, t), (5)

where concat(·) is a concatenation operation that concatenates three Rd tensors into a R3×d tensor.
The GRU [29] can dynamically update the embeddings of the head entity, relation, and tail

entity based on capturing the sequential dependency between entities and relations. Equation (6)
is a compact form of GRU unit.

zt = σ (Wz · [ht−1, xt] + bz)

rt = σ (Wr · [ht−1, xt] + br)

h̃t = tanh (Wh · [rt ∗ ht−1, xt] + bh)

ht = (1 − zt) ∗ ht−1 + zt ∗ h̃t ,

(6)

where zt is the update gate, rt is the reset gate, ht is the final hidden state at time step t, h̃t is the
candidate hidden state, and xt ∈ R3×d is the input triple at time step t. Wz ∈ RH×d, Wr ∈ RH×d and
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Wh ∈ RH×d are the weight matrices, where H represents the hidden layer dimension of the model.
And the parameter σ is the sigmoid function, bz, br and bh are the bias terms, respectively.

Multiple layers of GRU units are nested in the UA-GRU. The input triple sequence embed-
ding undergoes updates through several GRU units. At the last time step, the hidden state hn is
input into a fully connected layer to output the triple’s sequence dependency score. To ensure
that the output score is in the range [0, 1], we use a logistic function [16]. This process can be
defined as follows:

sseq(l) = σ(W f c · hn + b f c), (7)

where W f c ∈ R1×H is the weight matrix of the fully connected layer, hn is the last hidden state
output by the GRU, and b f c is the bias term of the fully connected layer. Here, H represents the
hidden layer dimension. And the parameter σ is the sigmoid function.

4.3.3. Relational Triple Confidence Fusion
We generate a confidence score for the triple by weighted fusion of the semantic score and

sequential dependency score of the triple l = (h, r, t). The confidence computation function is as
follows:

scon f (l) = α · ssem(l) + (1 − α) · sseq(l), (8)

where α is a weighted parameter that controls the contribution of semantic information and se-
quential dependency to the confidence score.

4.4. Model Learning Objective
Our model is applied to both the confidence prediction task and the link prediction task. We

design separate loss functions for each task and combine them to jointly optimize the model.
For the confidence prediction task, let L+ represent the set of positive samples, and the train-

ing objective is to minimize the mean squared error (MSE) between the true confidence score sl

and our predicted confidence score scon f (l) for each triple l ∈ L+, to generate the loss Lcon f :

Lcon f =
∑

(h,r,t,sl)∈L+

∥∥∥scon f (h, r, t) − sl

∥∥∥2 . (9)

For the link prediction task, following [26], we feed the concatenated embedding of triple
l = (h, r, t) containing uncertainty information into a two-layer Fully Connected Network (FCN)
to compute the ranking score g(l) of this triple. The output is subsequently normalized via a
Sigmoid function, defined as follows:

g(l) = σ(FCN(h||r||t)), (10)

where σ denotes a Sigmoid function, and FCN(·) represents the fully connected layer employed
to calculate the triple ranking scores. We formulate a margin-based ranking loss, Lrank, to train
the model. The optimization objective is to ensure that the scores of positive samples are consis-
tently higher than those of the negatively sampled counterparts by a predefined margin. The loss
Lrank is computed by:

Lrank =
∑

(l,sl)∈L+

∑
l′∈L−

sl ·
[
γ + g(l′) − g(l)

]
+ , (11)

where L− denotes the set of negative triples, which are constructed by corrupting either the head
or tail entity of a valid triple with a randomly sampled entity from the entity set. The term
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g(l′) represents the ranking score of a negative sample l′ ∈ L−. Additionally, [x]+ = max(0, x)
denotes the standard hinge loss (or positive part) operator, and γ > 0 is a predefined margin
hyperparameter.

We train our model by jointly minimizing the sum of the aforementioned two losses Lcon f

and Lrank as follows:
L = (1 − λ) · Lcon f + λ · Lrank + ||Θ||

2
2, (12)

where λ is a weight that balances the importance of two losses. Θ denotes all trainable model
parameters.

5. Experiments and Analysis

In this section, we present the experimental settings, introducing evaluation datasets, the
evaluation protocols and metrics, evaluation baselines, along with the parameter details, and
conduct a comprehensive analysis of our proposed method for the confidence prediction task and
the link prediction tasks, concluding with a case study.

5.1. Experimental Settings

5.1.1. Evaluation Datasets
We conduct experiments on three benchmark datasets, including CN15k [5], NL27k [6],

and PPI5k [30]. CN15k is a subgraph of ConceptNet [5], NL27k is a subgraph from the NELL
database [6], and PPI5k is a protein-to-protein interaction ontology from the STRING database [30].
In addition, we divide the dataset, 85% for training, 7% for validation, and 8% for testing. The
statistics of the datasets are given in Table 2.

Table 2: Statistics of the dataset extracted in this paper. Avg(s) and Std(s) are the average and standard deviation of the
confidence scores.

Dataset #Entity #Relation #Rel. Facts #Train #Validation #Test Avg(s) Std(s)
CN15K 15,000 36 241,158 204,984 16,881 19,293 0.629 0.232
NL27K 27,221 417 175,412 149,100 12,278 14,034 0.797 0.242
PPI5K 4,999 7 271,666 230,929 19,017 21,720 0.415 0.213

5.1.2. Evaluation Protocols and Metrics
The confidence prediction task is constructed as a regression problem aiming at predicting

the confidence score for a given triple. For each uncertain relation fact (l, sl) in the test set, we
predict the confidence score of l and use the mean squared error (MSE) and mean absolute error
(MAE) as evaluation metrics. When using this evaluation approach, we use the optimal value of
MSE as the early-stop value.

The link Prediction task is to complete a triple (h, r, t) when t missing, i.e., to predict t given
(h, r, ?). For evaluation, following the setup of research [26], we will use Mean Reciprocal Rank
(MRR) and Hits@N as evaluation metrics. When using this evaluation approach, we use the
optimal value of MRR as the early-stop value.
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5.1.3. Evaluation Baselines
We compare our method against six state-of-the-art baselines, including UKGE [16], PASSLEAF [17],

UKGsE [21], BEUrRE [20], UPGAT [24], and ssCDL [26]. UKGE is a version of research
trained on data enhanced with PSL, PASSLEAF incorporates a semi-supervised mechanism
based on UKGE. Both models utilize the same logistic mapping functions. UKGsE pre-processes
relational facts as sequences and predicts confidence using the obtained embeddings. Unlike tra-
ditional representation learning, BEUrRE models each entity as a hyper-rectangle and relations as
transformations on the rectangles of the head and tail entities, ultimately calculating confidence
based on the geometric shapes of the rectangles. UPGAT utilizes an uncertainty-aware atten-
tion mechanism and neighbor augmentation to capture probabilistic features. ssCDL employs
a semi-supervised meta-learning framework to generate pseudo-labels, addressing confidence
imbalance in UKGs.

5.1.4. Parameters Details
We choose the hyperparameters based on the performance of the validation set. For hyper-

parameter tuning, we search the best hyper-parameter as follows: learning rate lr ∈ {0.0001, 0.005,
0.001}, dimension d ∈ {128, 256, 512}, batch size b ∈ {512, 1024, 2048, 4096}. And for each
dataset, the best combination of hyperparameters is as follows: the batch size b is set to 4096,
the dimensions of entities and relations d are 512, and the learning rate lr is 0.0001. The number
of negative samples is set to 30. The hyperparameter γ of the link loss is set to 0.1. During
training, we use the Adam optimizer [31] for training, and set epochs to 500. To reduce compu-
tational overhead, both UA-RGCN and GRU modules are set to have 2 layers, with a Dropout
rate of 0.2. We also set two important hyperparameters: θ to 0.7 and α to 0.5, respectively. The
hyperparameter λ in the loss function is set to 0.7 for the CN15K and PPI5K datasets, and 0.5 for
NL27K. Furthermore, we incorporate an early stopping mechanism, with a patience parameter
set to 30.

Our experiments are conducted under the following hardware and software configurations:
the GPU used is RTX 4090 (24GB), the CPU is Intel Xeon Platinum 8352V, and the operating
system is Ubuntu 20.04. All methods are implemented using Pytorch 2.0.0 platform with Cuda
11.81.

5.2. Experimental Results and Analysis
5.2.1. Experiments on Confidence Prediction Task

The experimental results for the confidence prediction task are summarized in Table 3. Our
proposed UnKGE-GSFC consistently outperforms all baselines in MSE and MAE across three
datasets, demonstrating its superior effectiveness. Notably, on CN15K, UnKGE-GSFC reduces
the MSE from 11.82 (UKGE) to 3.03, a 74.4% improvement, suggesting a stronger capacity to
capture nuanced probabilistic features in UKGs. The UKGE and PASSLEAF, which focus only
on the confidence of individual triples, cannot model uncertainty in the global graph structure.
Although the UKGsE framework can quickly predict confidence score, it cannot characterize
more uncertain information. Additionally, BEUrRE proposes an innovative triple confidence
modeling approach, which can only model entities in a box space and cannot capture more com-
plex information. In contrast, UnKGE-GSFC adeptly encodes the uncertainty inherent in the
global graph structure and models confidence from both semantic and sequential dependency

1https://pytorch.org/
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Table 3: Results of Confidence Prediction Task. Mean squared error (MSE) and mean absolute error (MAE) of relation
fact confidence prediction (×10−2). The results of the UPGAT and ssCDL are obtained from their paper.

Dataset CN15K NL27K PPI5K
Metrics MSE MAE MSE MAE MSE MAE
UKGE 11.82 28.86 2.81 9.89 0.56 3.92

PASSLEAF 11.46 28.90 2.32 8.54 0.49 3.50
UKGsE 12.25 29.93 11.67 26.38 1.35 6.92

BEUrRE 12.30 29.95 3.39 12.42 0.95 5.90
UPGAT 14.90 30.80 2.90 10.10 0.34 -
ssCDL 3.40 11.60 0.90 4.20 - -

UnKGE-GSFC 3.03 12.50 1.20 5.71 0.25 2.62

perspectives, which is more effective in uncertainty reasoning. Although ssCDL is the most
effective on NL27K, the lower MSE of UnKGE-GSFC on CN15K indicates better robustness
against outliers and extreme errors, as MSE more heavily penalizes large deviations.

Finally, the substantially lower MSE observed across all models on PPI5K compared to
CN15K and NL27K is likely attributable to its higher graph density, which facilitates the learning
of more expressive embedding representations.

5.2.2. Experiments on Link Prediction Task
The experimental results for the link prediction task across three datasets are presented in

Table 4. Overall, UnKGE-GSFC achieves state-of-the-art performance on several key metrics.
On the CN15K dataset, UnKGE-GSFC outperforms all baselines in terms of MRR, Hits@5,
and Hits@10. Similarly, for the PPI5K dataset, our model achieves the highest MRR, Hits@1,
Hits@5 and Hits@10. These results suggest that UnKGE-GSFC better captures graph structure
information and semantics and sequence information of triples, effectively ranking ground-truth
tail entities. Unlike traditional models that struggle with high-uncertainty scenarios due to lim-
ited point-based embeddings, UnKGE-GSFC integrates semantic and sequential dependencies to
provide more robust representations.

UnKGE-GSFC demonstrates strong overall performance on the most indicators, its improve-
ments in some link prediction metrics are less pronounced compared to the confidence prediction
task, particularly when contrasted with ssCDL. For example, on the CN15K and NL27K dataset,
the Hits@1 metric of our model performs significantly worse. This discrepancy stems from our
architectural focus on confidence modeling, and link prediction only relies on implicit optimiza-
tion via margin-based ranking loss rather than a dedicated reasoning component. Despite this,
UnKGE-GSFC still surpasses most baselines, underscoring its efficacy as a multi-task learning
framework that leverages confidence-aware embeddings to enhance uncertain knowledge graph
reasoning tasks.

5.2.3. Parameter Sensitivity Analysis
We set up experiments for confidence prediction task on three datasets to explore the effect of

four important hyperparameters: weight α in triple confidence modeling, threshold θ in filtering
high confidence triples, negative sample number Nneg in training, and the number of UA-RGCN
layers. Specifically, with all other parameters fixed, we make α vary in the range [0, 1] in step of
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Table 4: Results of link prediction task. The three ranges of the Hits@N metric are 1, 5, and 10. The results of the
UPGAT and ssCDL are obtained from their paper.

Dataset Model MRR Hits@1 Hits@5 Hits@10

CN15K

UKGE 0.109 0.063 0.154 0.201
PASSLEAF 0.110 0.064 0.156 0.202

UKGsE 0.006 0.001 0.007 0.011
BEUrRE 0.109 0.043 0.179 0.217
UPGAT - 0.078 - -
ssCDL - 0.133 - -

UnKGE-GSFC 0.119 0.052 0.187 0.251

NL27K

UKGE 0.425 0.334 0.523 0.593
PASSLEAF 0.438 0.350 0.531 0.596

UKGsE 0.062 0.034 0.081 0.116
BEUrRE 0.244 0.105 0.391 0.475
UPGAT - 0.530 - -
ssCDL - 0.636 - -

UnKGE-GSFC 0.387 0.240 0.546 0.631

PPI5K

UKGE 0.761 0.627 0.924 0.957
PASSLEAF 0.620 0.457 0.822 0.915

UKGsE 0.361 0.243 0.490 0.615
BEUrRE 0.427 0.001 0.916 0.955
UPGAT - - - -
ssCDL - - - -

UnKGE-GSFC 0.785 0.656 0.933 0.960

0.1, make θ vary in the range [0, 1] in step of 0.1, make the number of negative samples during
training Nneg ∈ {10, 20, 30, 40, 50}, and make the number of UA-RGCN layers vary in {1, 2, 3, 4}.

The results about parameter α are reported in Fig. 3(a). The model performs best with α of 0.5
on all three datasets, and increasing or decreasing it weakens the performance. We can conclude
that both semantic and sequential dependency information of the triple are both important for
modeling triple confidence. And in Fig. 3(b), we find the best performance with parameter θ
of 0.7. We conclude that if the θ is too high, too little information is aggregated; conversely,
much low-quality information is aggregated, which will affect the embedding optimization. In
Fig. 3(c), we find that the best performance is achieved when the number of negative samples
is 30. We hypothesize that when the number of negative samples is lager or small, it is difficult
for the model to fully learn the embedding of entities and relations, resulting in poor model
performance. And in Fig. 3(d), we find that UA-RGCN performs best when the number of layers
is 2. When the number of layers is small, the model training performance is poor; while when
the number of layers is high, there may be over-smoothing, leading to worse results. At the same
time, more layers lead to an increase in training time. Therefore, considering the cost of time
and space, we choose 0.5 for parameter α, 0.7 for θ, 30 for Nneg, and 2 for layer number as the
best parameter combination.
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(c) Negative sample number Nneg.
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(d) The effect of UA-RGCN layers.

Figure 3: The effect of four important hyperparameters in the model. The left vertical axis represents the range of CN15K
and NL27K, and the right one represents the range of PPI5K.

5.3. Ablation Study

To provide a detailed analysis of the effectiveness of individual components in our model, we
conduct an ablation study comparing our model and its three variant models. Specifically, w/o
graph denotes the variant model that does not incorporate uncertainty-aware relational graph con-
volutional information, w/o sem refers to the variant model that excludes semantic information
during the triple confidence modeling, and w/o seq is the variant model that disregards sequen-
tial dependency information. We compare the performance of these three variant models with
our full model on the Confidence Prediction and Link Prediction tasks to explore the specific
contributions of these three components.

The results of the confidence prediction task are reported in Table 5. Through analyzing the
experimental data, we find that our model outperforms its variant models across all three datasets,
which reveals that the three components we proposed have a positive impact on the model perfor-
mance. We also notice that the w/o graph model performs most poorly on confidence prediction
in all three datasets, which indicates that aggregating knowledge uncertainty through UA-RGCN
and using optimized entity embedding can significantly improve the performance of our model
on the confidence prediction task.

The results of link prediction in the ablation study are reported in Table 5. For the link pre-
diction task, we observe that w/o sem and w/o seq perform notably worse than the full model
in terms of Hits@k and MRR. For instance, on the NL27K dataset, removing the semantic or
sequential modules leads to a substantial drop in Hits@10 (from 0.631 to 0.629 and 0.597, re-
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Table 5: Results of Confidence Prediction and Link Prediction Tasks in the ablation study.

Dataset Model MSE MAE MRR Hits@1 Hits@5 Hits@10

CN15K

w/o graph 4.22 17.38 0.098 0.041 0.151 0.204
w/o seq 3.88 16.04 0.094 0.038 0.143 0.201
w/o sem 3.33 14.18 0.105 0.044 0.163 0.224
UnKGE-GSFC 3.03 12.50 0.119 0.052 0.187 0.251

NL27K

w/o graph 3.76 13.87 0.290 0.162 0.426 0.510
w/o seq 1.66 7.47 0.364 0.230 0.508 0.597
w/o sem 1.73 6.98 0.373 0.227 0.533 0.629
UnKGE-GSFC 1.20 5.71 0.387 0.240 0.546 0.631

PPI5K

w/o graph 0.55 4.43 0.726 0.550 0.928 0.953
w/o seq 0.41 4.02 0.724 0.558 0.916 0.944
w/o sem 0.30 2.93 0.758 0.619 0.920 0.952
UnKGE-GSFC 0.25 2.62 0.785 0.656 0.933 0.960

spectively). This indicates that while the confidence modeling module of our full model is only
optimized for confidence prediction, the learned semantic and sequential uncertainties present
within triples also contribute to distinguishing truth tail entities and enhancing its reasoning ca-
pabilities during the link prediction task.

5.4. Case Study
Table 6 shows some examples of confidence and entity prediction results using our model.

Given the query (h, r, t/?, ?), we predict the confidence of the seen triples in the dataset and also
find some unseen triples that do not exist in the dataset but are reasonable in the real world. In the
results, we find that these predictions are consistent with our common sense. For the triples that
exist in the dataset, the confidence predictions of our model do not deviate very much from the
true confidence, indicating that it can support basic uncertain judgments. It is worth noting that
some quite reasonable unseen relation facts can be predicted correctly, such as hotel is a place.
These examples show that our proposed approach can reasonably predict confidence scores, as
well as infer new knowledge from observed knowledge, indicating that our model performs well
on reasoning tasks.

6. Conclusion and Future Work

In this paper, we address the limitations of existing UKGE models in precisely capturing
and returning uncertainty knowledge to reasoning for uncertain facts. In particular, we propose
a novel uncertainty knowledge graph embedding method. Extensive experiments on confidence
prediction and link prediction tasks demonstrate the superiority of our model. In addition, we
present ablation studies, and parameter sensitivity to validate the effectiveness of the proposed
method.

Despite our approach demonstrates improved performance on popular UKGE tasks, we ac-
knowledge certain limitations. Future research will focus on two strategic directions:
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Table 6: Examples of confidence prediction task using our model. N/A denotes relation facts that are not observed in
KG.

Dataset Head Relation Tail Conf. Pred.

CN15K
rush relatedto fast 0.968 0.927

rapid 0.709 0.717

hotel usedfor sleeping 1.0 0.966
isa place N/A 0.903

NL27K Toyota competeswith Honda 1.0 0.904
Chrysler N/A 0.922

• Refining Graph Structure Learning for UKG. Our model focuses on learning globally
graph structure-aware representations by leveraging relational triple confidence scores to
control message propagation among neighboring entities in the RGCN. To overcome the
unreliable confidence scoring and potential errors in triple confidence computation, we
will explore to introduce reward function-based strategies in reinforcement learning. This
approach aims to enhance the efficacy of message propagation during the learning of graph
structural information within the UKG.

• Boosting Imbalanced Distributions of Triple Relation. We observe the long-tailed rela-
tion data distributions in the UKG. We plan to leverage large language models (LLMs) to
generate large-scale synthetic data to augment the imbalanced distributions of triples with
few relations equipped with specific tasks.
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