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Abstract

Uncertain knowledge graphs (UKGs) associate each triple with a confidence score
to provide more precise knowledge representations. Recently, since real-world
UKGs suffer from the incompleteness, uncertain knowledge graph (UKG) comple-
tion attracts more attention, aiming to complete missing triples and confidences.
Current studies attempt to learn UKG embeddings to solve this problem, but
they neglect the extremely imbalanced distributions of triple confidences. This
causes that the learnt embeddings are insufficient to high-quality UKG completion.
Thus, in this paper, to address the above issue, we propose a new semi-supervised
Confidence Distribution Learning (ssCDL) method for UKG completion, where
each triple confidence is transformed into a confidence distribution to introduce
more supervision information of different confidences to reinforce the embedding
learning process. ssCDL iteratively learns UKG embedding by relational learning
on labeled data (i.e., existing triples with confidences) and unlabeled data with
pseudo labels (i.e., unseen triples with the generated confidences), which are pre-
dicted by meta-learning to augment the training data and rebalance the distribution
of triple confidences. Experiments on two UKG datasets demonstrate that ssCDL
consistently outperforms state-of-the-art baselines in different evaluation metrics.

1 Introduction

Knowledge Graphs (KGs) are usually defined as multi-relational graphs describing knowledge with
deterministic triples, each of which is in the form of (subject, predicate, object), e.g., (Michael Jordan,
Nationality, U.S.). Such a kind of structured knowledge has supported many applications, including
question answering [[14], semantic search [[7], decision-making systems [27]], and etc. Recently,
uncertain KGs (UKGs), such as NELL [, ConceptNet [17], and Probase [24, [10], have received
much more attention. UKGs measure the uncertainty of knowledge by associating each triple with a
confidence score, which also denotes the likelihood of that triple to be true. Such a setting benefits to
precise knowledge representation and reasoning in the real world.

Most KGs suffer from incompleteness [21]] since new knowledge is always emerging over time, and
so are UKGs. Thus, various uncertain knowledge graph (UKG) embedding methods [3 [12} 15} 2}
20, 20, 22]] are proposed to perform link prediction and confidence prediction for UKG completion.
UKG embedding learns the representations of entities and relations in a low-dimensional space
where graph structures and triple confidences are preserved. During the learning process, the above
methods neglect the fact that the distributions of triple confidences are extremely imbalanced in
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Figure 1: (a) The histogram of triple confidence in NELL; (b) An example of a triple confidence
equal to 0.78, which is transformed to a confidence distribution.

most UKGs, i.e., only high-confidence triples are reserved. For example, as shown in Figure[I|(a),
NELL only contains the triples with confidences larger than 0.9, and this is because there is no
need to store low-confidence triples which are probably erroneous. Learning on such imbalanced
data will cause that the embedding-based models cannot fit on relatively lower-confidence samples,
which lowers the quality of the generated embeddings for UKG completion. In this paper, we study
how to reinforce the learning process under the imbalanced confidence distribution to obtain
high-quality embeddings for UKG completion. This problem is non-trivial, and we try to solve it
by the reinforcement strategies with labeled data (i.e., existing triples with confidences) and unlabeled
data (i.e., sampled unseen triples without confidences), which poses two challenges as follows:

* Challenge 1: Reinforcement with Labeled Data. In UKG embedding learning, labeled data are
triples with confidences in the training data, and such confidences are imbalanced, so the challenge
is how to effectively capture the supervision signals of unseen confidences or the confidences with
a small number from labeled data to reinforce the learning process.

* Challenge 2: Reinforcement with Unlabeled Data. Since the training data is short of low-
confidence triples, we aim to apply negative sampling to add unseen triples which are often false
and probably low-confidence to the training data. Thus, the challenge is how to generate reliable
confidences for the unlabeled data (i.e., unseen triples) to reinforce the learning process.

To solve both challenges, we propose a new semi-supervised Confidence Distribution Learning
(ssCDL) method for UKG completion. In ssCDL, each triple confidence is transformed into a
confidence distribution. The triple confidence in UKG is a relatively fuzzy concept, e.g., there is no
obvious distinction that the confidence of a triple is 0.77 or 0.78 or 0.79. This inspires us that the
triples with neighboring confidences can be utilized while learning features for a particular confidence,
which is similar to the usage of label distribution in facial age estimation [9]. As shown in Figure[T[b),
after transforming the confidence 0.78 into a confidence distribution for a triple in the labeled data,
the supervision signals of more confidences (e.g., 0.76, 0.77, 0.79, and etc.) can be introduced into
the learning process, even if such confidences are few or unseen, which can help solve challenge 1.

ssCDL has two components: Confidence Distribution Learning based Relational Learner (CDL-RL)
and Pseudo Confidence Distribution Generator (PCDG). CDL-RL iteratively learns UKG embeddings
with labeled data and pseudo labeled data (i.e., negative sampled unseen triples with pseudo confidence
labels) generated by PCDG for UKG completion. PCDG selects high-quality pseudo confidence
labels for unlabeled data, and it is meta optimized by CDL-RL with labeled data. The whole process is
actually meta self-training, which can alleviate the problem of gradual drifts [[15] and introduce more
reliable confidence labels for unlabeled data, thereby overcoming the challenge 2. Experiments on
real-world datasets show the effectiveness and superiority of ssCDL compared with the state-of-the-art
baselines in both UKG completion tasks of confidence prediction and link prediction.

Contributions. The main contributions of this paper are summarized as follows:

* We propose a new semi-supervised method ssCDL, which applies meta self-training to generate
reliable confidences for unlabeled data in UKG embedding learning. This fully exploits unlabeled
data to augment the training data so as to resolve the problem of imbalanced confidence distribution.

* We design a new confidence distribution learning strategy in UKG embedding learning, which trans-
forms triple confidences into confidence distributions and this benefits to capture the supervision
information of few or unseen confidences in the labeled data.



* We conduct comprehensive experiments on UKG datasets, which not only shows that ssCDL
outperforms baselines in different evaluation metrics for different tasks, but also verifies the
effectiveness of confidence distribution learning and meta self-training for UKG completion.

2 Related Work

In this section, we review the existing studies on UKG completion, which refers to confidence
prediction and link prediction. Relational learning is widely used to acquire UKG embeddings for
UKG completion, and the core idea is to embed entities and relations with the structure and confidence
information in the UKG, which is called normal relational learning [22]]. Besides, few-shot relational
learning further consider the long-tail distribution of relations in modeling real-world UKGs.

Normal Relational Learning for UKG. UKGE [3] is a classic method in this field, which uses the
scoring function of DistMult [25] to model triple confidences and solves the false negative problem
with probabilistic soft logic. PASSLEAF [3]] extends UKGE for other types of scoring functions, and
also uses semi-supervised learning to alleviate the false negative problem. BEUrRE [2] applies box
embedding for UKG embedding learning, in which entities are represented as boxes, relationships are
modeled as affine transformations of head and tail entity boxes, and triple confidences are modeled
by the intersection between transformed boxes. UPGAT [20]] incorporates subgraph features and
generalizes graph attention network for UKG completion. UKGSE [26] treats each triple as a short
sentence and learns the confidence using LSTM. GTransE [[12]] and FocusE [16] associate triple
confidences with margin operations in the loss functions, which only solve the task of link prediction
for UKGs. UKRM [4] tries to mine rules using transformer to link prediction and leverage pre-trained
language model to compute triple confidences.

Few-Shot Relational Learning for UKG. Recently, few-shot UKG completion has attracted much
attention, e.g., GMUC [28]] and GMUCH+ [23] apply metric learning to learn UKG embeddings and
achieve good performance, but the few-shot problem is not the focus of this paper. unKR [22] is a
UKG embedding learning and completion tool which re-implements both works of few-shot relational
learning and normal relational learning for UKG.

There also exist some works (e.g., [6]) regarding reasoning for query-answering on UKG, but the
focus is not UKG completion, so we will not compare our method with such works. Existing relational
learning methods for UKG completion neglect the fact that the distribution of triple confidences is
extremely imbalanced in most UKGs, which causes the performance of UKG completion is still
unsatisfactory. Our proposed method ssCDL aims to solve this problem by reinforcing the UKG
embedding learning process using both labeled data and unlabeled data.

3 Preliminaries
3.1 Problem Definition

Definition 1. Uncertain Knowledge Graph. An uncertain knowledge graph is a repository of
factual knowledge denoted as a set of quadruples G = {(h,r,t,s)|h,t € E,7 € R,s € [0,1]},
where £ and R are respectively the sets of entities and relations, and s is the confidence score
measuring the triple uncertainty, which represents the likelihood of the triple (h,r,t) being true.

Definition 2. Uncertain Knowledge Graph Completion. Uncertain knowledge graph completion
has two sub-tasks, which are confidence prediction and link prediction. Given a query (h,r,t,?7)
where (h,r,t) is a factual triple, confidence prediction is to estimate the missing triple confidence.
Given another query (h,7 r/, ?) where ' is a head entity and ' is a relation, link prediction is to
predict the missing tail entity.

3.2 Confidence Distribution Learning

Confidence distribution learning (CDL) aims to learn a model which can accurately estimate the
confidence distribution of each given triple. CDL is a variant of label distribution learning 8] (LDL)
applied in UKG completion. LDL is a machine learning paradigm that not only predicts the labels
relevant to instances, but also quantifies the degree of relevance of each label. Before CDL, triple



confidences are transformed into confidence distributions to capture the supervision information of
few or unseen confidences in the labeled data.

Confidence distribution is defined as a discrete distribution in this paper, and this is also the setting
of LDL [8].. In this way, since the confidence interval is [0, 1], we directly set the confidence labels
at a granularity of 1, and the ordered confidence label set is {0, 2,2 ... 2=1 11 For a given
quadruple (h,r,t, s) in a UKG, we define the confidence distribution of (h,7,t) as s = (s*) € R"*1,
where 37 (5" = 1and s’ € [0, 1] is a description degree that the confidence label £ describe the
triple (h,r,t). In this paper, the confidence distribution s is generated by a Gaussian distribution
N (s, 02), where o is the standard deviation, and the confidence s is the mean, which causes that s
has the highest description degree. Thus, in CDL, each piece of knowledge can be represented as a
quadruple (h,7,t, ), where s ~ N/ (s, 0?) is the confidence distribution. Here, we empirically set n
as 100, i.e., we have 101 confidence labels in total.

4 Methodology

4.1 Overview

Figure [2(a) provides the overview of our semi-supervised confidence distribution learning method
ssCDL, which consists of two key components: CDL-based relational learner (CDL-RL) and pseudo
confidence distribution generator (PCDG). At first, we apply the strategy mentioned in Section [3.2]to
transform all triple confidences in the labeled data into confidence distributions. We utilize CDL-RL
to learn UKG embeddings with labeled data and pseudo labeled data generated by PCDG. PCDG
generates high-quality pseudo confidences labels for unlabeled data, and CDL-RL iteratively exploits
these pseudo labeled data and further improves its performance. CDL-RL and PCDG have the same
structure (Figure[2|b)), but their training processes are different. CDL-RL is optimized by minimizing
the losses on confidence prediction and link prediction with labeled data and pseudo labeled data,
while PCDG evaluates the performance of CDL-RL after exploiting pseudo labeled data generated by
PCDG and takes it as the meta learning objective. PCDG is meta optimized by CDL-RL with labeled
data. ssCDL is learned by meta self-training with iteratively training CDL-RL and PCDG.

(a) The overview of ssCDL. (b) The framework of CDL-RL and PCDG.
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Figure 2: (a) The overview of ssCDL; (b) The framework of CDL-RL and PCDG.
4.2 CDL-based Relational Learner

The main purpose of CDL-RL is to learn the embeddings of entities and relations. Given the i-th
quadruple (h;,7;,1;, s;) in the labeled data, it will be transformed into I; = (h;,7;,t;, 8;) as the
input of CDL-RL after mapping the confidence s; to the confidence distribution s; using a Gaussian
distribution. As shown in Figure 2{b), CDL-RL is trained by minimizing the losses on confidence
prediction and link prediction, i.e., Lop and L1, p, and we explain the details as follows.

To compute the loss L p on confidence prediction, we first concatenate the embeddings of &, r;, and
t; and feed it into a two-layer fully connected network (FCN), which produces an (n + 1)-dimensional
vector. We then apply the Softmax function as the activation function, and the predicted confidence
distribution §; of the triple (h;, r;, t;) can be computed as:

8; = Softmax(FCNy(h;||r;||ts)) 0

where || represents the concatenation between embeddings, and FC N is a function that the FCN
transforms the concatenated embedding into an (n + 1)-dimensional vector. Thus, the Kullback-



Leibler (KL) divergence can be utilized to measure the similarity between the predicted confidence
distribution and the ground confidence distribution. Besides, we apply the loss function of the mean
squared error (MSE) between the expectation E[8;] of predicted confidence distribution and the
ground confidence s;. Based on these, we formulate the learning objective of CDL-RL on confidence
prediction as minimizing the KL divergence and MSE together, and define Lc p as follows:

Lep =Y Z 5" = +BZ 2

D a=0

KL divergence MSE

where s, and 8¢ are the a-th elements in s; and §; respectively, D denotes the training set, and
B € 10, 1] is a hyper-parameter that controls the influence of the MSE.

To compute the loss £ p on link prediction, we first feed the concatenated embedding of h;, r;, and
t; into another two-layer FCN to compute the rank score of the triple (h;, r;,t;). This FCN outputs a
single scalar normalized by the Sigmoid function as the rank score, which is computed as:

§i = Sigmoid(FC Ny (h;||ri||ti)) @)

Here, F'C' N, is a function that the FCN transforms the concatenated embedding into a scalar. We
specifically design a margin-based ranking loss function to optimize CDL-RL on link prediction, and

define L, p as follows:
Lrp =) sily+5—di+ @)
D D
where ¢/ is the rank score of a negative sample which is generated by replacing either the head or tail
entity of the given positive sample with a randomly chosen entity, the number of negative samples for
each positive sample is empirically set as 50, D' is the set of all negative samples, [z] = max|0, z]
denotes the positive part of z, and v > 0 is a margin hyper-parameter.

To balance Lo p and L, p in the training process, we use the idea of uncertainty weights [11] to

dynamically adjust the proportion of loss for each task (we only have two tasks: confidence prediction

and link prediction) during training. The final loss function of optimizing CDL-RL is defined as:
L(D,0) =

——Lcp+ =—5—Lrp +10g(Acp - ALp) )

¢
2A%P QA%P
where A\cp and Ar p are observation noise parameters of confidence prediction and link prediction
respectively, ¢ € [0, 1] (empirically set as 0.1) is a weight limiting the influence of a relatively
larger number of negative samples, which may cause £, p becoming too large, and 6 represents the

parameters of CDL-RL.

Besides the labeled data used for training CDL-RL, we apply PCDG (details will be given in
Section £.3) to generate pseudo labeled data, which are also utilized to reinforce the training of
CDL-RL. Since most pseudo labeled data are the triples with low confidences, which has almost
no impact on minimizing £y p, we only use such pseudo labeled data to minimize Lo p to avoid
ineffective computations. Thus, we re-define Lo p as follows:

ECP_ZZS7 erp ZZsjbln—Jrﬂz ) (6)

D a=0 D, b=0

where D), denotes the set of pseudo labeled data for training CDL-RL, s; and 3, respectively represent
the pseudo confidence distribution and the predicted confidence distribution of the j-th pseudo labeled
quadruple /; generated by PCDG, and wy, is the weight of pseudo labeled data.

4.3 Pseudo Confidence Distribution Generator

Since we aim to make full use of unlabeled data to improve the quality of UKG embedding learning
in CDL-RL, we propose PCDG, which is used for generating high-quality pseudo confidence
distributions for unlabeled data. PCDG is based on the idea of meta-learning, which solves the
gradual shift [[15] of traditional self-training. At first, we perform negative sampling to get unlabeled



data (usually low-confidence triples) and feed them to PCDG. Given a positive sample in the labeled
data, we generate one negative sample by replacing either the head or tail entity with a randomly
chosen entity. Then, PCDG uses the most updated CDL-RL as the meta learning objective to evaluate
the quality of pseudo confidence distributions by checking whether such data generated by PCDG
can effectively improve CDL-RL.

In Figure ka), PCDG has the same structure as the CDL-RL, and we denote the parameters of
the PCDG as 7. In the training process, PCDG first generates pseudo confidence distributions for
unlabeled data, and such pseudo labeled data contains gradient information of PCDG, which enables
that it can be optimized. We denote these pseudo labeled data as Dy,,,,,. Note that although D;,,,, and
D,, are both generated by PCDG, they are different and so do their roles. Dy,,,, is generated during
the phase of optimizing PCDG, while D,, is generated in the phase of training CDL-RL. Then, we
minimize the loss on the labeled data (i.e., D) after CDL-RL updates once (i.e., CDL-RL performs
one gradient descent step on both D and D). The loss function of PCDG can be expressed as:

L(n) = L(D,07) (7)

where £(D,0%) (computed by Equation (5)) is the loss of CDL-RL on D with §*. Here, 6F
represents the parameters of the CDL-RL after one gradient update as:

6t =0 —aVe(L(DU Dimp, 0)) ®)
where « is the learning rate, and £(D U Dyyy,p, 6) is the loss of CDL-RL on D and Dy, with 6.

4.4 Meta Self-training

In this subsection, we introduce the overall meta self-training process of ssCDL, which iteratively
trains CDL-RL and PCDG. In the process of selecting pseudo labeled data from PCDG and inputting
them into CDL-RL, we apply a simple yet effective strategy. In the labeled data, the original
confidence of each triple should take the lead in the transformed confidence distribution. Thus, in the
pseudo labeled data, if the highest description degree of a pseudo confidence label is larger than a
fixed threshold, the corresponding pseudo confidence distribution is treated as high-quality and the
pseudo labeled data will be selected for training CDL-RL, while others will be removed.

Algorithm[T] gives the details on meta self-training of ssCDL. We define two important time points,
i.e., the epoch of starting training PCDG T pcp¢ and the epoch of starting using pseudo labeled data
for CDL-RL T¢pr, rr. We first initialize the parameters 6 and 77 of CDL-RL and PCDG respectively,
and take the labeled data D and sampled unlabeled data D,, as the input of ssCDL. When the number
of the current epoch N, is less than Tpcpg, we only need to optimize CDL-RL with D (line
2-4). This setting tries to make UKG embeddings become stable in this period, which will help us
train PCDG soon. When N, is larger than or equal to Tpcpg but less than Topr rr, it indicates
that UKG embeddings have stabilized, and we start to train PCDG. PCDG first generates Dy,
for unlabeled data, and feeds Dy,,,;, and D together into the most updated CDL-RL, so we get the
parameters 0+ of CDL-RL updated for one more time (line 6-7). PCDG will utilize 07 to update
itself with D (line §). In this period, we do not directly use PCDG to generate D,, and feed it to
CDL-RL because in the early stages of PCDG training, the quality of the generated labels cannot
be guaranteed. Therefore, the training process of CDL-RL is the same as before (line 9). If Ny,
is larger than or equal to Tcprrr, we will exploit pseudo labeled data D,, to help train CDL-RL
(line 11-18). We use PCDG to generate D), and apply the pseudo label selection strategy, and the
selected D), will be used together with D to optimize CDL-RL, while the optimization of PCDG is
the same as before (line 12-14). Afterwards, PCDG and CDL-RL will continuously repeat the above
training process and optimize themselves until the maximum epoch is reached, i.e., PCDG generates
pseudo labeled data for CDL-RL, and CDL-RL provides the meta learning objective for PCDG. This
iterative training process is our complete meta self-training. During training, all parameters including
embeddings, are updated using stochastic gradient descent (SGD) in each minibatch.

S Experiments

In this section, we present experiments to show the effectiveness and superiority of ssCDL on the
UKG completion tasks of confidence prediction and link prediction. We also analyze the effects of
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Algorithm 1: Meta Self-Training of ssCDL

Input: Labeled data D, unlabeled data D,,, the parameters of CDL-RL 6, the parameters of
PCDG 17, the number of current epoch N, = 1, the number of maximum epoch 7,4,
the epoch of starting training PCDG Tpcpg, the epoch of starting using pseudo labeled
data for CDL-RL T¢pr Ry, the learning rate .

while Ncur < Tmam do
if N.y < Tpcpg then
‘ 0« 60— OéVg,C(’D, 9), > Update CDL-RL with labeled data.
end
if Tpepe < Newr <Toprrr then
Dtmp = fn(Du);
6" < 0 — aVoL(D U Dinp,0);
n<mn-— Oévnﬁ('D, 0+); > Meta update PCDG with labeled data.
0+ 0—aVyL(D,0); b Update CDL-RL with labeled data.

end

if Newr > Teprrr then

Dtmp = fn(Du);

6" < 0 — aVoL(D UDyyp,0);

n<n— aVUE(D, ot ); > Meta update PCDG with labeled data.
Dy = [5(Du);

Dp = Select(Dp) 5 > Pseudo labeled data selection.
0« 60— OLVQE(D @] Dp, 0), > Update CDL-RL with labeled data and pseudo labeled data.

end
NCU'I" + +7

end

CDL and meta self-training in ssCDL with ablation experiments, and further explore the performance
of ssCDL on predicting the confidences of low-confidence triples. We also investigate the sensitivity
of three key hyper-parameters of ssCDL, which is shown in Appendix [C| The source code of ssCDL
is publicly available at: https://github.com/seucoin/unkR/tree/main/unkR_ssCDL.

Datasets. We conducted experiments on two widely used UKG datasets, i.e., NL27k extracted from
NELL and CN15k extracted from ConceptNet (more details are in Table[T). We followed the setting
of UKGE [33] to partition the dataset into 85% for training, 7% for validation, and 8% for testing.

Baselines. We compared ssCDL with the state-of-art embedding-based UKG completion methods,
including UKGE [3], PASSLEAF [5], UKGsE [26], BEUrRE [2], and UPGAT [20], in confidence
prediction and link prediction. More details of such baselines are given in Appendix [A]

5.1 Experimental Setup

Implementation Details. ssCDL was implemented by Pytorch-lightning, and all the experiments
were conducted on an RTX3090 GPU card. The optimal hyper-parameters of ssCDL on NL27k are as
follows: the standard deviation of Gaussian distribution o = 0.6, the weight of pseudo labeled data
wy, = 0.7, the MSE weight 3 = 1, the learning rate o = 0.001, the margin v = 0.1, the threshold for
pseudo labeled data selection: 0.03, the batch

size: 4096, and the embedding size: 128.

The optimal hyper-parameters of ssCDL on Table 1: The statistics of UKG Datasets.

CN15k are as follows: the standard deviation ;e | #Entities #Relations ~#Quadruples
of Gaussian distribution ¢ = 0.6, the weight
of pseudo labeled data w, = 0.3, the MSE ~ NL27k | 27,221 404 175,412
weight 5 = 1, the learning rate & = 0.001, CN15k 15,000 36 241,158

the margin v = 0.1, the threshold for pseudo

labeled data selection: 0.015, the batch size:

4096, and the embedding size: 512. We conducted sensitivity analysis on o, wp, and the threshold for



https://github.com/seucoin/unKR/tree/main/unKR_ssCDL

pseudo labeled data selection, and more details are given in Appendix [C] The experimental results of
all baselines refer to the implementation of unKR [22]], and more details are given in Appendix [B]

Evaluation Protocol. We evaluated ssCDL and baselines on the tasks of confidence prediction and
link prediction with the following evaluation metrics. For confidence prediction, we selected Mean
Squared Error (MSE): the mean squared error of predicted confidences and ground confidences,
and Mean Absolute Error (MAE): the mean absolute error of predicted confidences and ground
confidences. For link prediction, we chose Hits@1: the proportion of ranks equal to one for all
tail entities, and Weighted Mean Reciprocal Rank (WMRR): the weighted average multiplicative
inverse of the ranks for all tail entities.

5.2 Confidence Prediction

We compared ssCDL with all baselines on CN15k and NL27k in the task of confidence prediction. As
shown in Table[2] ssCDL outperforms all baselines in both MSE and MAE. Compared with the best
baseline on NL27k, ssCDL reduces MSE and MAE by 52.6% and 17.6%, respectively. Compared
with the best baseline on CN15k, ssCDL reduces MSE and MAE by 63.8% and 53.2%, respectively. It
demonstrates that ssCDL can effectively capture the semantics, structure, and confidence information
in UKGs, enabling more accurate prediction of triple confidences.

We noticed that all methods’ performance on NL27k are better than that on CN15k. This can be
attributed to the triple confidences in ConceptNet are determined solely by its data sources and the
frequency with which they are mentioned. While different data sources may be of different quality,
most triples in ConceptNet are generally correct. As a result, there is no significant distinction in
reliability between high-confidence and low-confidence triples in ConceptNet. This situation may
cause that the performance of all methods on CN15K is not that good, so it is necessary to build
better UKG completion benchmark datasets.

Table 2: The comparison results between ssCDL and baselines on NL27k and CN15k for confidence
prediction and link prediction. The best results are indicated by bold numbers, while the runner-up
results are indicated by underlined numbers (CP: confidence prediction, LP: link prediction).

Dataset | NL27k | CNI15k

Task | cp | LP | cp | LP
Metric | MSE MAE | WMRR Hits@l | MSE MAE | WMRR Hits@1
UKGE;g; 0.029 0.060 | 0.593 0462 | 0246 0.409| 0.118  0.072
UKGE, ¢t 0.033 0.071| 0580 0452 | 0202 0364 | 0.127  0.060
BEUIRE 0.089 0222| 0272  0.117 |0.117 0283 | 0.138  0.039

PASSLEAF pistaruie | 0.023  0.051 | 0.676 0.553 |0.216 0.379 | 0.170 0.078
PASSLEAFcompiez | 0.024 0.052 | 0.708 0.586 | 0.231 0.400 | 0.196 0.086
PASSLEAFgotqtr | 0.019 0.063 | 0.715 0.580 |0.094 0.248 | 0.137 0.037

UKGsE 0.122 0.271 | 0.064 0.031 |0.103 0.256 | 0.012 0.002
UPGAT 0.029 0.101 | 0.658 0.530 | 0.149 0.308 | 0.165 0.078
ssCDL | 0.009 0.042 | 0.727 0.636 | 0.034 0.116 | 0.207 0.133

5.3 Link Prediction

Table [2] also presents the comparison results on link prediction, and ssCDL achieves the best Hits@1
and WMRR, which demonstrates that ssCDL is capable of predicting more accurate tail entities for
different queries. Compared with confidence prediction, ssCDL does not have a quite significant
improvement on link prediction compared with baselines. This is because our designed CDL and
meta self-training are used to optimize confidence prediction to get better UKG embedding, and
link prediction only benefits from such embeddings besides minimizing the margin-based ranking
loss. This relatively implicit optimization may cause the improvement in link prediction is not as
significant as that in confidence prediction. However, ssCDL still outperforms all baselines on link
prediction, indicating that the training of ssCDL is an effective multi-task learning process.



5.4 Ablation Study

To investigate the contributions of CDL and meta self-training in ssCDL, we conducted ablation
study on both datasets, and the results are given in Table@

Ablation on Confidence Distribution Learning. To evaluate the effectiveness of our CDL strategy,
we did not use confidence distributions of triples, but only utilized their ground confidences for
training (denoted as w/o cdl). This variant shows a significant performance decline on both datasets,
which confirms the effectiveness of CDL. This also indicates that confidence distributions enable
ssCDL to better utilize the supervision information of different confidences in the training data and
reinforce the embedding learning process.

Ablation on Meta Self-Training. To verify the effectiveness of meta self-training, we removed
PCDG, and only applied labeled data to train CDL-RL (denoted as w/o mst). This variant also
exhibits performance decline, demonstrating that the pseudo labeled data generated by PCDG do
assist ssCDL in learning better UKG embeddings. Besides, w/o mst outperforms w/o cdl, illustrating
that the supervision information of the labeled data has a more important influence on the entire
learning process compared to the potential information of the unlabeled data.

Table 3: The ablation study of ssCDL on confidence prediction and link prediction. The best results
are highlighted in bold. w/o cdl refers to removing confidence distribution learning, and w/o mst
refers to removing meta self-training (CP: confidence prediction, LP: link prediction).

Dataset | NL27k | CN15k
Task | CP | LP | CP | LP
Metric | MSE MAE | WMRR Hits@l | MSE MAE | WMRR  Hits@1

w/ocdl | 0.015  0.057 0.586 0.482 0.044  0.141 0.149 0.090
w/omst | 0.010  0.045 0.718 0.619 0.035 0.118 0.200 0.128

ssCDL | 0.009 0.042 | 0.727 0.636 | 0.034 0.116 | 0.207 0.133

5.5 Low-Confidence Triples Analysis

As mentioned before, ssCDL is designed to reinforce the UKG embedding learning process under
the imbalanced confidence distribution. Since nearly 80% of the triples in CN15k and NL27k have
the confidence higher than 0.5, we con-

ducted the experiments on predicting 0.5 045
the confidences of actual low-confidence Dap| e e e
triples to demonstrate that sSCDL can alle- %35 B asisatouun B wos 035
viate the problem of imbalanced confidence 0 e
distribution in confidence prediction. Since o0

low-confidence triples are less reliable, it 0.15
is unnecessary to perform link prediction.
We randomly selected the triples with the 00022
confidences lower than 0.5 from the test set

of each dataset, and used MAE to evaluate (a) (b)
the performance on confidence prediction.
The comparison results, as illustrated in
Figure 3] reveal that most baselines are not
good at handling confidence prediction on
low-confidence triples, while ssCDL still demonstrates the robustness and outperforms all baselines
on both datasets. This fully reflects the effectiveness of ssCDL in predicting the confidences of
low-confidence triples.

0.40

20.20
0.15
0.10
0.05
0.00

CN15k

Figure 3: The comparison results of confidence predic-
tion on low-confidence triples in NL27k and CN15k.

6 Conclusion

In this paper, we propose a new semi-supervised confidence distribution learning method ssCDL
for UKG completion. ssCDL is composed of CDL-based relational learner and pseudo confidence



distribution generator, which are iteratively trained by meta self-training. Such a semi-supervised
learning framework and the introduction of triple confidence distributions benefit to solve the problem
of extremely imbalanced distributions of triple confidences in UKG embedding learning for UKG
completion. Experimental results demonstrate that ssCDL has the best performance on real-world
UKG datasets compared with the state-of-the-art baselines. The effectiveness of different strategies
used in ssCDL has been verified in the ablation study.

As for the future work, we plan to study rule learning and reasoning on UKGs based on confidence
distribution learning. We will also explore to apply large language model to UKG completion, and
use UKGs for reliable retrieval-augmented generation.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The contributions and scope of the paper are accurately reflected by the main
claims presented in the abstract and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitation of our work in Appendix D}
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide experimental setup in Section[5.1]and Appendix [B] and our source
code is accessible.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We have uploaded the code on Github.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide comprehensive and detailed experimental setup in Section[5.1]and
Appendix [B]
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Our experiments have demonstrated significant performance improvements
that strongly validate our findings. Following other papers in this field, we did not report
error bar to save the computational cost.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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10.

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We have provided sufficient information on the computer resources in Section

E1
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research conducted in our paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: There is no societal impact of the work performed.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We have cited the original papers of the datasets. We have checked the licenses
of used datasets and followed them.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We provide code and instructions on how to run the code.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Baselines

We compared ssCDL with the state-of-art embedding-based UKG completion methods published in
recent years, including:

* UKGE [3] is a classic UKG completion method, which is the first work on relational
learning on UKG and it has two variants: UKGE,4; using the logistic function as the
mapping function, and UKGE,...; which takes a bounded rectifier as the mapping function.

* PASSLEAF [5] improves the generalization ability of UKGE and applies semi-supervised
learning for the first time in UKG completion to solve the false negative problem. Now
it is the best UKG completion method. PASSLEAF p;s;aruit, PASSLEAFcompiE, and
PASSLEAFR 4t are three variants of PASSLEAF, which use the scoring functions of
DistMult [25], ComplEx [[19] and RotatE [18], respectively.

* UKGSsE [26] treats each knowledge fact as a short sentence, and is a typical model of UKG
completion leveraging a pre-trained language model.

* BEUrRE [2] is a representative UKG completion model based on box embedding. The
geometry of boxes endows the model with calibrated probabilistic semantics and facilitates
the incorporation of relational constraints.

* UPGAT [20] generalizes the graph attention network and uses it to capture the local
structural information in UKG completion. It is a typical UKG completion method modeling
structural contexts in UKG.

B Implementation Details.

We used Adam optimizer [13]] for SGD training. For hyper-parameter tuning, we searched the
best hyper-parameter from the following settings: the batch size € {512, 1024, 2048, 4096}, the
embedding size € {128, 256, 512}, the margin v € {0.01, 0.05, 0.1, 0.5, 1}, and the MSE weight 3
€ {0.6, 0.8, 1}. We conducted detailed sensitivity analysis on the following parameters, including the
standard deviation of Gaussian distribution o € {0.02, 0.2, 0.6, 1, 2}, the weight of pseudo labeled
data w, € {0.1, 0.3, 0.5, 0.7, 0.9}, and the threshold for pseudo labeled data selection € {0.01, 0.015,
0.02, 0.025, 0.03, 0.035, 0.04}.

The search results indicate that the optimal hyper-parameters of ssCDL on NI27k are as follows: the
standard deviation of Gaussian distribution o = 0.6, the weight of pseudo labeled data w, = 0.7,
the MSE weight 8 = 1, the learning rate a = 0.001, the margin v = 0.1, the threshold for pseudo
labeled data selection: 0.03, the batch size: 4096, and the embedding size: 128. The optimal
hyper-parameters of ssCDL on CN15k are as follows: the standard deviation of Gaussian distribution
o = 0.6, the weight of pseudo labeled data w, = 0.3, the MSE weight 8 = 1, the learning rate
o = 0.001, the margin v = 0.1, the threshold for pseudo labeled data selection: 0.015, the batch size:
4096, and the embedding size: 512. We evaluated ssCDL on the validation set every ten epochs. The
maximum epochs on NL27k and CN15k were empirically set to 500 and 300, respectively.

C Parameter Sensitivity

We conducted sensitivity analysis on three hyper-parameters, including the standard deviation of
Gaussian distribution o, the weight of pseudo labeled data w,,, and the threshold for pseudo labeled
data selection. We utilized MAE and WMRR to evaluate the performance on confidence prediction
and link prediction, respectively. Figure ] shows the impacts of different hyper-parameters of ssCDL
for confidence prediction and link prediction on both datasets.

Impact of 0. As shown in Figure f[(a) and [f[(d), ssCDL achieves the optimal performance, then the
effect deteriorates, as the value of o increases on both datasets. When the value of o is relatively
small, the high description degree is mainly distributed in the confidence near the ground confidence,
preventing the method from capturing the global features of UKGs, which leads to an inaccurate
estimation of the confidence distribution. However, as o increases, the differences of confidence
distributions generated by different ground confidences become small, which gradually weakens
the ability of distinguishing between different confidences. ssCDL achieves the best results on both
datasets when o = 0.6.
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Figure 4: Sensitivity experiments on NL27k and CN15k.

Impact of w,. For the hyper-parameter w,, Figure Ekb) and Eke) show that the performance of
ssCDL improves at first and then decreases with the growing of w,,, which indicates that a reasonable
balance between labeled data and pseudo labeled data is necessary to achieve the optimal performance
of ssCDL. Our experimental findings indicate that 0.7 is the optimal w, on NL27k and 0.3 is the
optimal w,, on CN15k.

Impact of the threshold for pseudo labeled data selection. As shown in Figure [c) and [f),
with the increase of the threshold, the performance of ssCDL also exhibits a trend of first increasing
and then decreasing. A quite low threshold will cause that the pseudo label selection strategy to
select noisy data, while a quite high threshold will limit the use of high-quality pseudo labeled data.
ssCDL achieves the best results when the threshold is set as 0.03 on NL27k and 0.015 on CN15k,
respectively.

D Limitation

Our current study has conducted experiments on CN15k. Although CN15k is a classic benchmark for
UKG completion, since the most triples in ConceptNet are generally correct, there is no significant
distinction in reliability between high-confidence and low-confidence triples. We will build better
UKG completion benchmark datasets in the future.
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