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Abstract. Entity disambiguation plays the role on bridging between
words of interest from an input text document and unique entities in a
target Knowledge Base (KB). In this study, to address the challenges of
global entity disambiguation, we proposed Conditional Masked Entity
Model using Knowledge Graph Regularization (CMEM-KG), based on
a conditional masked language model, in which multiple mentions in a
context can be disambiguated in one forward pass. In addition, to address
the long-tailed distribution of global entity disambiguation, we proposed
a link prediction regularization, in which the entity embeddings were
jointly learned to predict knowledge graph links to prevent the model
from overfitting. Compared to other global entity disambiguation models,
the model proposed in this study exhibited improved performance on six
public datasets without an iterative decoding.
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1 Introduction

Entity disambiguation, which is also known as entity linking, refers to the task
of assigning entities (such as famous locations, brands, or companies) mentioned
in a sentence to a unique identity in a given knowledge base. For example, “A
jaguar is cruising on the highway” and “A jaguar is hiding in the jungle” are
both mentions of “jaguar”, but they refer to two different entity labels based
on the contexts. The former refers to a Jaguar Car, whereas the latter refers
to a Jaguar Animal. Entity disambiguation is an essential task across multiple
natural language processing (NLP) applications, such as coreference resolution
[24], canonicalization [8] and question answering [17].

Generally, entity disambiguation can be classified into local entity disam-
biguation and global entity disambiguation. Local entity disambiguation [14, 16]
focuses on disambiguating mentions based on their local contexts. However, the
locality limits the performance when the information provided in a local context
is not sufficient. In contrast, global entity disambiguation [4, 11, 26] overcomes the
limitation of the local entity disambiguation by maximizing the coherence between
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entities and the context of a document. However, despite the progress in global
entity disambiguation, the increase in computing complexity with an increase in
the number of mentions in a given document has limited its applications.1

Although tremendous efforts have been devoted to overcome the challenges
of global entity disambiguation, three issues have restricted the effective applica-
tion of this task. 1) Topic Coherence: When a given context is with multiple
mentions, global entity disambiguation should choose entities that belongs to the
same topic as the document. For example, “Clark Kent is Superman cover up
identity” and the “Superman” mention is known to link to the comic character,
global entity disambiguation model should choose the fictional character in the
comic for the mention of “Clark Kent” rather than the music producer since the
former fits under the same topic as “Superman”. 2) Slow Decoding Speed: To
achieve an optimal coherence between multiple mentions, entity disambiguation
models must explore all possible entity combinations. Existing state-of-the-art
methods [15, 32] adopt iterative methods, of which the computation complexity
increases linearly with an increase in the number of mentions. Although iterative
method is better than the exponential complexity from previous works [23, 25],
a more efficient entity disambiguation is still desirable. 3) Long-tailed Distri-
bution. The distribution of entities usually follows a long-tailed distribution. A
dataset is majorly composed of the tail of a distribution. Thus, many entities
are only contained by a small number of labeled documents, which cannot be
disambiguated well owing to overfitting by the model. Although this issue can be
alleviated by filtering out infrequent entities, this approach significantly reduces
the amount of entity vocabulary; thus, limiting the number of entity predictions.

To address these challenges, in this study we proposed a novel framework,
namely Conditional Masked Entity Model using Knowledge Graph Regular-
ization (CMEM-KG). Particularly, to address the topic coherence challenge,
a bi-directional transformer-based decoder was used to model the coherence
between mentions. The decoder can implicitly learn to determine the coher-
ent entity via a self-attention between mentions. To address the slow decoding
speed, we formulated an entity disambiguation task as a conditional entity dis-
ambiguation problem, which is similar to the masked language model [7], to
facilitate the parallel prediction of all the unknown entities. To overcome the
long-tailed distribution, CMEM-KG utilized a knowledge graph link prediction
as a regularization term to improve the disambiguation of long-tailed entities. As
a frequently-mentioned entity may share a common relation with less-frequently
mentioned entities, updating the parameters of frequently-mentioned entities can
also update those of the less-frequent entities as they are linked through a common
relation. In contrast to the previous approaches [21, 28], the method proposed in
the study learned knowledge graph links separately. Furthermore, we proposed
an entropy-based filtering method to trim excessive nodes in a knowledge graph.
The entropy-based filtering method implicitly represented the number of edge
degrees and link probability in one value; thus, simplifying the hyperparameters

1 Previous work [9] proves the exact solution for the coherence of a global entity is
considered as an NP-hard problem.
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used to remove unwanted nodes. The performance of the model on six public
datasets was investigated and the results revealed that the performance of the
proposed approach on a CoNLL testing dataset without finetuning was at least
24% better than those of all baseline models. Our implementation is available at:
https://github.com/basiclab/CMED.

2 Related Work

Neural network-based entity disambiguation achieves a state-of-the-art perfor-
mance [12, 16, 15] owing to the utilization of multiple training objectives to model
the relation between an entity and its surrounding context (i.e., words and enti-
ties within the same documents). However, this approach relies on finding the
co-occurrence matrix between entity–entity and entity–words. Consequently, the
application of this approach is limited owing to the sparse matrix. To address this
issue, additional features such as entity types [32] and Wikipedia link information,
are often required to further improve the performance of this approach [9, 30].

Recently, pre-trained transformer-based models (such as BERT [7]) have
attracted significant attention as a promising alternative for entity disambiguation.
[2] reported that the use of pre-trained bi-directional transformers, such as BERT,
can easily achieve competitive scores. In addition, [15] modified the BERT model
by iteratively disambiguating one entity with the highest confidence score and
feeding the entity back into the model as inputs to disambiguate the next entity
until all entities are resolved. However, the use of the same model to encode
both context and entities exhibits a sub-optimal performance as they follow two
different distributions. In contrast, the model proposed in this study utilized two
modules to encode context and entity separately.

As knowledge graphs store interlinked descriptions of entities, recent studies
have incorporated knowledge graph into entity disambiguation [21, 28]. For exam-
ple, [21] utilized a local knowledge graph triplets as part of the input sequence.
However, this approach does not solve the long-tailed problem as the knowledge
graph relations are still part of the model inputs, which falls under the same
long-tailed distribution. [28] concatenated the knowledge graph embedding of
the entity candidate with the mention embedding as the auxiliary information.
Nevertheless, this approach only tackles local entity disambiguation, while our
model focuses on global entity disambiguation, which is more challenging.

3 Conditional Masked Entity Model using Knowledge
Graph Regularization (CMEM-KG)

3.1 Architecture Overview

Given a set of M mentions m1,m2,m3, ...,mM found in a context C and a
vocabulary of V predefined entities e1, e2, ..., eV , the entity prediction task aims
to predict which entity should be linked to each of the mentions. To tackle this
problem, we proposed Conditional Masked Entity Model using Knowledge Graph
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Fig. 1. The model architecture of the proposed CMEM-KG. The decoder predicts the
missing entity marked by [MASK].

Regularization (CMEM-KG). The architecture of CMEM-KG consistsed of a
text encoder and bidirectional Transformer-based [29] entity decoder. First, we
masked out the entity linked for each mention. Thus, the model must predict the
masked entity conditioned to the context features and mention features. Figure
1 shows the overall architecture of the model proposed in this study. The text
encoder encodes the mentioned context into a contextual representation, which
consisted of position embeddings and word token embeddings, similar to that of
the Transformer. Thereafter, the entity decoder utilized the hidden states, h, of
the mention tokens and entity embedding (denoted as: E ∈ RVe×H), and outputs
a set of hidden states d representing the mention features. If the mention tokens
span over more than one-word tokens, the average of the hidden states is utilized
instead. Next, we passed the mention features to a linear model to predict the
entity of the mention. It is worth noting that the entity decoder attends to both
left and right entities because the optimal order of entity disambiguation was
unknown. Moreover, similar to the sequence-to-sequence transformer model, the
entity decoder subjects the outputs from the text encoder to a cross self-attention.

3.2 Entity Prediction

After deriving the mention representation (d), the entity linked to the mention
was predicted. Based on the study of [10], which utilized a parallel decoding
model, we used a conditional masked loss by randomly replacing half of the entity
labels with a mask token [MASK] after which the probability strategy proposed
by [10] was utilized. The decoder aims to predict the correct entity label for every
masked token conditioned to the mention embedding and context representation.
The prediction of each entity label can be learned parallelly, as the probability
that an entity is masked is independent to other entities.

To predict the original entity of the masked token, the decoder output of the
i-th mention, denoted by di ∈ RH , was multiplied by the full entity embedding
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matrix E before the softmax function was applied:

yentity−i = softmax(E · di). (1)

To ensure that both spaces were aligned in the same entity space without any
bias shift, we did not include the commonly-used bias term in the prediction
model of the masked language model.

3.3 Link Prediction Regularization

Although the proposed model could predict entities based on context and mention
features, the prediction still suffers from overfitting the entities with the small
number of mentions in the Wikipedia paragraphs because neural networks can
easily memorize the mentions linked to an entity without learning the surrounding
contexts. This indicates that the performance of the model for unseen mentions
within similar contexts may be poor. Therefore, in this study, we proposed a
novel knowledge graph regularization to prevent overfitting by the model.

Particularly, the knowledge graph enables the linking of a commonly-used
entity to a rare entity as a triplet relation (i.e., (ei, r, ej)), where r is the relation
between ei and ej . For example, Jaguar Car (commonly-used) can be linked
to William Lyons (rare) through a foundedBy relation. Entities in a triplet
relation share the same entity vocabulary found in the entity disambiguation
task. Moreover, the knowledge graph also contains types (e.g., Jaguar Car and
William Lyons have the types of Car and AutomotivePioneers, respectively),
the type of the entity can be extracted as type sets t1, t2..., tK with a total
vocabulary size K. Accordingly, each entity was linked to a various subsets of
types to represent the characteristics of an entity. To leverage the information from
the knowledge graph, one possible approach is to use the graph embedding [22,
3] and margin distance loss similar to TransE [1], which is able to learn one-
to-one relations of (ei, rij , tj). Let φei , φtj , and φrij respectively represent the
embeddings of the i-th entity, the j-th type, and the relation between them.
Moreover, (êi, rij , t̂j) represents the corrupted entity triplet pair, i.e., either the
entity or type is replaced by a random entity or type. The triplet loss minimizes
the distance for (ei, rij , tj) and maximize the distance for (êi, rij , t̂j), and can
be calculated as follows.

Ltriplet = γ + d(φei + φr, φtj )− d(φêi + φr, φt̂j ), (2)

where γ is the margin hyperparameter. However, the relation between entity to
types is a one-to-many mapping (ei, r, Tk), i.e., an entity ek has a set of valid
type Tk = {tk,1, tk,2, · · · , tk,Nk

} with size Nk. According to a previous study [19],
this approach cannot learn one-to-many mapping results. Therefore, in this study,
the set of types was initially passed through an aggregation function f , after
which model the output embedding was modelled as one-to-one relations. Let
rtype denote the relation between entity and type. Thus, the loss functions of
links2 and types were be represented using:

2 Only entity to entity relations are minimized in link loss.
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Ltype(ei, Ti) = γ + d(φei + φrtype
, f(Ti))

−d(φêi + φrtype
, f(T̂i),

Llink =
1

N

∑
Ltriplet +

1

N

∑
Ltype.

(3)

The first approach of f is to use the average sum of all the type embeddings for
aggregation:

favg(Tk) =
1

N

N∑
i=1

(φTki
). (4)

However, the average function may not be optimal because not all types share
equal contribution to form the entity representation. Therefore, we proposed
an attention-weighted sum, in which the query vector was replaced with the
representation of an entity, i.e.,

Q = FQ(φt),K = FK(e)

α = softmax(
QTK√

d
)

fattn(Tk) =

T∑
i

αi φTk,i
,

(5)

Using the attention-weighted sum in Eq. 5, the model dynamically assigned a
weight value α to each type. Subsequently, the normalized weights were computed
by calculating the dot product of the entity representation entity and the type
embeddings, which were scaled using the dimension of entity representation

√
d

after which the normalized weights were passed through the softmax function. The
normalized weights were used to calculate the weighted contribution corresponding
to each of their type embeddings.

The final objective function of CMEM-KG was:

−
∑

y log(p(x)) + λ1Llink + λ2
∑

Ltype(di, rtype, Ti), (6)

where the first term is the cross entropy loss for entity disambiguation, λ1 and
λ2 are the weighted terms for the regularization term, and d ∈ Rh is the output
embedding from the decoder. The key idea here is that the type relations were
uniformly sampled; thus, ensuring that each entity embedding was uniformly
updated to alleviate the problem caused by the long-tailed distribution.

3.4 Entropy-based Type Filtering

During the inference stage of entity disambiguation, the relation and type from
the knowledge graph are not required. As the vocabulary size for both relation
and type should be sufficiently small to reduce the total training parameters, a
good filtering method is required to remove commonly-used and rare types linked
to only one entity. For example, Person contains lesser information compared



Improving Entity Disambiguation using Knowledge Graph Regularization 7

to Male characters in film as the former type can be found in most entities.
Therefore, we proposed an entropy-based filtering to reduce the size of type “vo-
cabulary”. As the entropy value of types indicates the amount of the information
that a linked entity can provide, we calculated the sum of entity entropy of a
type based on the entity conditional probability on types using:

Htj (e,R) = − 1

N

∑
(ei,tj)∈R

p(ei|tj)log p(ei|tj), (7)

where R is the set of valid entity-type pairs found in the knowledge graph, N is
the total numbers of entity-type pairs, and p(ei|tj) is the conditional probability
of observing the known entity ei given a type tj . The conditional probability
is equal to the reciprocal of the edge degree of a given type node. Hence, the
entropy increases with an increase in the edge degree of a type node. It is worth
noting that [5] uses a similar conditional entropy-based filtering to build a diverse
conversation data. In contrast to the study of [5], we added a denominator N to
the entropy for penalizing common type such as Person, Thing. To the best of
our knowledge, this is the first study that applies an entropy-based filtering for
trimming knowledge graph nodes.

4 Experimental Results

4.1 Experimental Settings

Datasets. We evaluated the performance of the proposed model on six benchmark
datasets, including AIDA-CoNLL [13], MSNBC [6], AQUIANT [20], ACE2004 [26],
WNED-ClueWEB [11] and WNED-Wiki datasets [11]. In addition, according
to the study of [9], we utilized the top-30 entity candidates for all datasets
evaluated using the prior p(e|m) computed from Wikipedia and Yago datasets.
The statistics for all six datasets can be found in the appendix.
Implementation Details. We choose to use the transformer architecture of
Roberta base[18] as the encoder model while using a significantly smaller Trans-
former for the decoder since the mentions size is small compared to their document
length. We initialized the encoder parameters by Roberta base and entity em-
beddings parameters by the parameters pre-trained on link prediction task of
Dbpedia knowledge graph.3 Meanwhile, the decoder parameters are initialized
following the previous work [29]. All models are trained on Wikipedia datasets
for 250,000 iterations. Mixed precision training is used to speed up training while
retaining a large batch size during each feed-forward pass. We implement our
models with Pytorch 1.7 and run experiments on an RTX 3090 GPU. The source
code and trained models will be publicly available.
Baselines. We compare CMEM-KG with the following state-of-the-art methods.
1) DCA [32]: a global entity disambiguation model which constructs a dynamic
context of entities through an iterative process, containing two versions of super-
vised learning (DCA-SL) and reinforcement learning (DCA-RL) to explore all

3 The statistics of the knowledge graph can be found in the appendix.
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Train Micro-F1

DCA-SL X 89.34±0.59
DCA-RL X 88.72±0.32
roberta-GCN X 87.34 ±0.05
LUKE+IT X 87.06±0.23
LUKE+IT+KG X 87.64±0.15

CMEM-KG (no-kg) X 84.23± 0.19
CMEM-KG (avg) X 90.57±0.04
CMEM-KG (attn) X 90.70 ±0.14

roberta-GCN 68.39
LUKE 62.27
LUKE+IT+KG 66.87

CMEM-KG (no-kg) 68.97
CMEM-KG (avg) 85.66
CMEM-KG (attn) 86.46

Table 1. Micro-F1 on the CoNLL validation dataset. Train marks the model is trained
on the CoNLL training dataset.

possible linking results. 2) Roberta+GCN, which extends [15] by adding graph
convolution network (GCN) [27] to generate features for the knowledge graph.
3) LUKE+IT [15], which modifies [31] to tackle global entity disambiguation
through an iterative decoding algorithm maximizing the prediction confidence
score, together with the pretrained Roberta base encoder. 4) LUKE+IT+KG,
a variant of LUKE+IT that includes our proposed KG regularization.

To ensure a fair comparison, we re-implement all baselines under the same
version of English Wikipedia dump (2020-04-20) to prevent domain gap advantage
according to [14]. Moreover, a set of entity vocabularies consisting of 274,409
entities is used in all experiments. By sharing the same set of entity vocabularies,
all baselines have the same top candidate sets for each mention. The embedding
dimension is set to 300, and the number of training iterations is 250,000. Adam is
adopted as the optimizer with a learning rate of 1e-4 during 10,000-step warm-up
and, followed by a linear decay.

4.2 Quantitative Results

The performance of the CMEM-KG on CoNLL-test dataset was compared to
those of other entity disambiguation models, and the results are shown in Table
1 in terms of the micro-F1 scores. CMEM-KG with link prediction regularization
(i.e., CMEM-KG (avg) and CMEM-KG (attn)) outperformed other disambigua-
tion models. Furthermore, the performance of the CMEM-KG trained only on
Wikipedia-based annotations without training on the in-domain training set of
the CoNLL dataset was significantly higher than those of other models by at
least 26.4% in terms of micro-F1. This could be attributed to the fact that the
link prediction regularization had a positive influence on the architecture of the
CMEM-KG; thus, preventing the overfitting of the model at the initial stage.
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CWEB MSNBC ACE2004 Wiki AQUAINT Avg

Prior p(e|m) 74.81 75.06 76.15 73.72 76.40 75.23

DCA-RL 70.67 93.50 88.29 70.39 83.36 81.24
DCA-SL 72.75 93.04 87.81 75.21 84.81 82.74
roberta-GCN 69.81 91.10 86.87 71.85 81.15 80.16
LUKE+IT 72.57 90.59 89.90 76.21 84.81 82.82
LUKE+IT+KG 72.71 90.64 90.10 76.40 84.81 82.93

CMEM-KG (no-kg) 67.85 87.47 91.37 75.41 83.34 81.09
CMEM-KG (avg) 69.33 93.58 90.19 73.156 83.69 81.99
CMEM-KG (attn) 72.01 91.25 92.69 76.44 88.30 84.14

Table 2. Average Micro-F1 scores on WNED-ClueWEB (CWEB), MSNBC , ACE
2004, WNED-Wiki (Wiki), AQUAINT, each score is averaged from five different runs
with different random seeds. The best results are shown in bold.

Table 2 shows the comparison of the performance of CMEM-KG and those of
the other entity disambiguation models on the other five datasets. All the models
listed in Table 2 were fine-tuned based on CoNLL datasets, and their hyper-
parameters were tuned using the CoNLL validation set. The results revealed that
the proposed CMEM-KG outperformed the baselines; particularly, on ACE2004
and AQUAINT datasets. This could be attributed to the fact that CMEM-
KG with a link regularization prevented the overfitting of long-tailed mentions.
However, the performance of CMEM-KG on CWEB was slightly poor which
could be attributed to the fact that the automatic generation of the label resulted
in noisy mentions. As pointed out by [32], CWEB also contains cases where none
of the candidates are the actual answer which cause our model to predict the
wrong answers. Moreover, adding link prediction regularization to LUKE+IT
only slightly improves the overall average micro-F1, since it does not separate
entity and word domain using different encoders.

4.3 Ablation Study

Impact of Aggregate Function. We evaluate the performance of two pro-
posed aggregation functions (avg and attn) against the original TransE model by
the link prediction on Dbpedia test dataset. Table 3 shows that adding aggre-
gation function to model one-to-many relations improves link prediction with
TransE+avg and TransE+attn performs better than TransE baseline in terms
of Mean Reciprocal Rank, Hit@3, and Hit@10. The results indicate that our
proposed attention mechanism performs better than the average function in all
evaluation metrics, since they are able to learn distinct entity embedding with
the help of fine-grained types.

Impact of Mention Frequency. To investigate the performance of our model
on rare entities, following the setting of previous work [15] method, we first
calculate the frequency for each entity found in Wikipedia dataset and split into
4 bins according to the frequency. Afterward, we calculate the Micro-F1 scores of
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Dbpedia MRR Hit@3 Hit@10

TransE 16.5 13.9 29.2
TransE+avg 16.8 14.8 31.0
TransE+attn 19.3 17.4 40.7

Table 3. Comparison of link prediction results on Dbpedia test dataset.

CoNLL test-B split by bins. Table 4 shows the proposed CMEM-KG outperforms
LUKE+IT, especially in predicting rare entities.

# CMEM-KG LUKE+IT
annotations attn avg confidence natural

0 68.37 58.95 54.90 53.78
1-10 93.42 93.61 91.92 91.03
11-50 89.66 91.30 89.54 89.54
≥ 51 91.26 90.13 89.91 89.51

Table 4. Micro-F1 performance of the CMEM-KG on CoNLL test dataset split using
Wikipedia entity frequency. All models were finetuned based on CoNLL dataset.

4.4 Evaluations on Iterative Entity Disambiguation

Iterations (N) CoNLL-test CWEB MSNBC ACE2004 Wiki AQUIANT

3 17.36 -1.18 -6.01 10.44 -4.76 15.98
5 23.64 12.08 0.23 25.09 0.85 11.03
M 23.84 10.70 0.02 25.09 0.46 11.03

Table 5. The Micro-F1 percentage difference compared to parallel entity disambiguation
(N=1) of CMEM-KG on all 6 datasets when decoding using N iterations. Results are
averaged from 5 runs of different random seeds.

Following a similar approach by [10], we extend parallel entity disambiguation
to N decoding iterations. For each iteration, the model only disambiguates the
top-K confidence mentions, where K = M

N and M is the total number of mentions.
Each step is repeated until all mentions are resolved. Note that N = 1 equals to
the parallel entity disambiguation used by our model while N = M equals to the
same confidence order proposed by [15].

Table 5 shows that splitting the parallel decoding into K iterations only
provides slight improvements (less than 0.3%) as compared to our original parallel
entity disambiguation (N = 1). Since most documents only have one mention to
resolve, the iterative decoding leads to a minor improvement even when N = M .
This suggested that our iterative decoding was more effective when there was
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# mentions in context N=1 N=3 N=5 N=7

1 86.10 86.10 86.10 86.10
2 ≤M < 5 86.54 86.69 86.69 86.69
5 ≤M < 10 88.46 88.46 88.65 88.65
10 ≤M 78.88 79.26 79.63 79.63

Table 6. Micro-F1 performance of the CMEM-KG model on CoNLL dataset based on
the number of mentions for decoding iterations

more than one mention in the documents. To verify this, Table 6 shows the
comparison of the performance of CMEM-KG on CoNLL dataset with different
number of mentions in a document and different number of iterations. The results
indicate that increasing the number of iterations improved the performance of
the model on documents with multiple mentions, suggesting that five iterations
are sufficient to handle documents with a large number of mentions.

5 Conclusion

In this study, we proposed a new global entity disambiguation model (CMEM-KG)
and a new regularization method to train CMEM-KG. The proposed CMEM-KG
only required one feed-forward pass to disambiguate mentions found in a given text.
Moreover, the proposed regularization method prevented entity overfitting during
training using a link prediction. Furthermore, we employed an entropy-based
filtering to reduce the additional computation introduced by the regularization
method to prune the nodes in the knowledge graph. Experimental results revealed
that the proposed CMEM-KG is effective for different architectures and datasets.
In the future, we plan to use a knowledge graph constructed by using relations
between mentions from context instead of a predefined knowledge graph.
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A Supplementary Materials

A.1 Statistics of Datasets

Datasets number number mention Gold
mentions docs per docs Recall

AIDA-train 18444 942 19.58 99.15
AIDA-test A 23232 216 107.55 99.10
AIDA-test B 27714 230 120.50 99.07

ACE2004 27954 35 798.69 99.06
AQUIANT 28651 50 573.02 99.06
CLUEWEB 39623 320 123.82 98.12
MSNBC 40272 20 2013.6 98.15
Wikipedia 46870 318 147.39 97.80

Table 7. Data statistics. Gold recall is the percentage of entities in top-30 candidates.

The statistics of six used datasets can be found in Table 7. Please note that
Gold-Recall is the percentage of candidate set containing the ground truth entity.
The Gold-Recall can be viewed as the upper bound limit for Micro-F1 score.

Dataset Dbpedia

Entities 274,476 Relations 2,389 Types 223,817
Training Triplets 1,146,240 Validation Triplets 181,597 Testing Triplets 257,392

Table 8. Statistics of the KG constructed from Dbepdia.
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A.2 Statistics of the knowledge graphs

We initialize the encoder parameters by Roberta base and entity embeddings
parameters by the parameters pre-trained on link prediction task of Dbpedia
knowledge graph. The statistic of the Dbpedia knowledge graph can be found in
Table 8.

A.3 An Illustrative Example of Entity Entropy

Type Entropy Linked
entity

Wikicat1956FilmFestivals 0 1
Thing 0.0001 130771
Person 0.0003 31368
American culture 0.1107 31
WikicatModernistComposers 0.244 9
Films with screenplays by John Musker 0.366 3

Table 9. Statistic of a selection of types found in knowledge graph

Table 9 shows the entropy of commonly-found types such as Thing, Person,
which are penalized to a small value. The entropy of rare types only linking to
one entity is 0, such as Wikicat1956FilmFestivals. By removing types with
entropy smaller than 0.1, we 57.25% of type nodes can be trimmed from the
knowledge graph. In this case, the threshold removes type nodes with the edge
degree lower than 2 or higher than 13.


