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Abstract

Community Question Answering (CQA) platforms
contain plenty of CQA texts (i.e., questions and an-
swers corresponding to the question) where named
entities appear ubiquitously. In this paper, we de-
fine a new task of CQA entity linking (CQAEL)
as linking the textual entity mentions detected from
CQA texts with their corresponding entities in a
knowledge base. This task can facilitate many
downstream applications including expert finding
and knowledge base enrichment. Traditional entity
linking methods mainly focus on linking entities in
news documents, and are suboptimal over this new
task of CQAEL since they cannot effectively lever-
age various informative auxiliary data involved in
the CQA platform to aid entity linking, such as par-
allel answers and two types of meta-data (i.e., topic
tags and users). To remedy this crucial issue, we
propose a novel transformer-based framework to
effectively harness the knowledge delivered by dif-
ferent kinds of auxiliary data to promote the link-
ing performance. We validate the superiority of
our framework through extensive experiments over
a newly released CQAEL data set against state-of-
the-art entity linking methods.

1 Introduction

Community Question Answering (CQA) platforms, such as
Quora', Yahoo! Answers?, and Stack Overflow?, are Internet-
based crowdsourcing services which enable users to post
questions and seek answers from other users. The rapid
growth of CQA platforms has attracted much research atten-
tion in recent years, such as answer ranking [Lyu et al., 20191,
expert finding [Li ef al., 2021], and question retrieval [Riicklé
et al., 2019]. The content in these platforms is usually or-
ganized as a question and a list of answers, associated with
meta-data like topic categories of the question and users’ in-
formation. In this paper, we define a question and all answers
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corresponding to this question as a CQA text. CQA texts
are often ambiguous, especially with respect to the frequent
occurrences of named entities. Specifically, a textual name
in CQA texts may refer to many different entities in the real
world, and a named entity may be expressed as various sur-
face forms in CQA texts. Nevertheless, entity linking (EL),
a popular text disambiguation task that aims to map entity
mentions in text to their corresponding entities in a knowl-
edge base, is rarely investigated in the CQA environment.

To derive a better understanding of CQA texts, we de-
fine a new task of Community Question Answering entity
linking (CQAEL), as linking textual entity mentions detected
from CQA texts with their corresponding named entities in a
knowledge base (KB). For the example shown in Figure 1, in
the CQA text Z5, the entity mention “Roosevelt” in question ¢
may refer to the 32-th president of the United States “Franklin
Delano Roosevelt”, the 26-th president of the United States
“Theodore Roosevelt”, or many other named entities which
could be referred to as “Roosevelt”. The goal of the CQAEL
task is to link this ambiguous entity mention with its corre-
sponding named entity “Franklin Delano Roosevelt”.

CQAEL bridges CQA with KB, and also contributes to
both. On one hand, CQAEL plays a fundamental role in a
wide range of CQA tasks, such as expert finding [Li et al.,
2021], answer ranking [Lyu et al., 2019], and answer summa-
rization [Song et al., 2017]. For example, finding users with
expertise to answer some question is a central issue in the
CQA platform. Linking ambiguous mentions in the question
to their corresponding entities in KBs can further enhance the
understanding of the question by leveraging the background
knowledge of mapping entities provided by KBs. In such
case, we can recommend the question to the best matching
expert user. On the other hand, KB enrichment [Cao er al.,
2020] also benefits from CQAEL. To be specific, CQA texts
embody invaluable knowledge about named entities. Devel-
oping an EL model capable of bridging CQA texts with KBs
can help to enrich and update existing KBs significantly.

Nevertheless, CQA texts pose several challenges to entity
linking. First, CQA texts (especially questions) are often con-
cise and short, which makes them difficult to provide am-
ple contextual information for context similarity computing
in EL. Second, CQA texts are usually informal. Fortunately,
however, CQA platforms involve various informative auxil-
iary data including parallel answers and two types of meta-


https://www.quora.com
https://answers.yahoo.com
https://www.stackoverflow.com

Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

Community Question Answering Entity Linking

CQA Texts Knowledge Base

Topic tag: World War Il
q,: Would the U.S. still entered  —~
World War Il if Japan hadn't
bombed Pearl Harbor?

g: Were German soldiers in
WW?2 actually "Nazis"?

Z @ Future

\ q: What will come true in the future?
uy) Ekin Gegikligiin i
\
Qaq: ...is sufficiently explored would befArtificial General Intelligence.|It can remove RN \\\
that requirement by creating appropriate DL models for a given requirement by itself, ‘;\' Artificial General Intelligence N
therefore mimmizing or totally removing all human effort for any given task ... T

——

I
User: Allen Marian

q1: Why couldn't Lebron James
pass Michael Jordan for being
the GOAT in the NBA?

q,: How will you rate these
record transfers in football

(soccer)? Which is the best and
Qt record signing?

Figure 1: An illustration for the task of CQAEL. A CQA text is composed of a question and several parallel answers; A CQA text is
accompanied with several topic tags, each of which may be involved in other questions; Each answer is associated with a user, who could
ask or answer other questions; Entity mentions detected in CQA texts that need to be linked are underlined; Candidate mapping entities in a

Uq Phlhpp(‘ Prigent
Q1 Maybe Roosevelt hated de Gaulle so much because the POTUS was wrong about
the French leader from the very beginning.

@ History Pcoplc
% | @: Which people are truly changing the world?

u1 Allen Marian
@1 ... Michael Jordan has some of the most clutch moments in history. He has ..

knowledge base for each entity mention are shown via a dashed arrow line and circle; Correct corresponding entities are in boldface.

data (i.e., topic tags and users), which have been proven ef-
fective for many CQA tasks [Tomasoni and Huang, 2010;
Zhou et al., 2015]. We believe these different kinds of auxil-
iary data could supplement valuable knowledge beneficial for
entity linking.

Specifically, sometimes an answer may be too short to of-
fer sufficient context for disambiguating the entity mention in
it. In such case, other answers under the same question (i.e.,
parallel answers) can be employed to enrich the context for
the entity mention, as answers under the same question are
usually relevant. We take the CQA text Z; in Figure 1 as an
example. Answer as in Z; is too short to supply enough con-
text for linking mention “AGI” correctly. Meanwhile, its par-
allel answer a; in Z; is much longer and contains the phrase
“Artificial General Intelligence”, i.e., the full name of the en-
tity mention “AGI”, which prompts the linking system to map
“AGI” with its correct entity via taking this parallel answer
into account. What’s more, in the CQA platform, topic tags
could be added to summarize basic topics in some keywords
for each CQA text [Zhou et al., 2015]. In Figure 1, the CQA
text Zs is associated with topic tag t1 “World War II”. As we
know the fact that Franklin Delano Roosevelt is the president
of the United States during the Second World War, the entity
mention “Roosevelt” in question ¢ of Z5 probably refers to
the entity “Franklin Delano Roosevelt” rather than “Theodore
Roosevelt” with the indication of this topic tag. Additionally,
users usually ask or answer questions according to their indi-
vidual interests or experience [Lyu er al., 2019]. According to
the questions that user w1 named “Allen Marian” in the CQA
text Zs has asked or answered in the past, we could know
that user wp in Z3 is interested in “Sports”. The entity men-
tion “Michael Jordan” in answer aq of Z3 that user u; has
answered is likely to refer to the basketball player rather than
the scientist “Michael 1. Jordan” and the actor “Michael B.
Jordan” with the indication of the user interest.

However, it is impractical and unreasonable to directly take

the auxiliary data as an expansion of the context for the entity
mention since the auxiliary data are numerous and noisy. For
instance, there are usually more than thousands of questions
under one topic tag. Moreover, a user is often interested in
multiple domains, so questions they answered or asked are
not all relevant to the entity mention that needs to be linked.
Accordingly, the biggest challenge of the CQAEL task is how
to effectively exploit the auxiliary data to aid entity linking.
Traditional entity linking methods [Shen et al., 2021] primar-
ily focus on linking entities in news documents, and are sub-
optimal over this new task since they do not consider how to
make use of various informative auxiliary data specially ex-
isting in the CQA platform.

To deal with the above issue, we propose a novel
transformer-based framework to harness the abundant knowl-
edge embedded in different kinds of auxiliary data to improve
entity linking. Specifically, a base module is derived to cross-
encode the context of the entity mention and the candidate en-
tity description to perform deep cross-attention between each
other. To effectively exploit the auxiliary data, we propose an
auxiliary data module, which is able to capture semantic rela-
tionships between the candidate entity description and differ-
ent kinds of auxiliary data (i.e., parallel answers, topic tags,
and users) in a unified manner. This auxiliary data module
can provide effective and complementary linking evidence
mined from auxiliary data and is flexible to be integrated with
other EL models, which has been verified by our experiments.
The main contributions of this paper are as follows.

* We are among the first to explore the task of Community
Question Answering entity linking (CQAEL), a new and
important problem due to its broad applications.

* We propose a novel transformer-based framework which
can leverage different kinds of auxiliary data in the CQA
platform effectively to enhance the linking performance.

* We construct a finely-labeled data set named QuoraEL
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via crawling from Quora for the CQAEL task. Exten-
sive experiments validate the superiority of our proposed
framework against state-of-the-art EL. methods. We re-
lease the data set and codes to facilitate the research to-
wards this new task*.

2 Task and Dataset
2.1 Task Definition

A CQA text denoted by Z includes a question ¢ and a set
of its corresponding answers A = {ay, as, ..., a, }, where a;
is the i-th answer of ¢ (1 < ¢ < n), ie.,, Z = {q, A}. For
each answer a;, the other answers under the same question are
considered as its parallel answers A = A — {a;}. Each CQA
text is associated with a set of topic tags T = {t1,ta,...,t; },
where t; denotes the j-th topic tag (1 < j < I). We define
topic meta-data as MetaT = {(t;,Qy,) | Vt; € T}, where
Q1, 1s a set of questions involving topic tag ¢;. Additionally,
we denote the set of users as U = {uy, ua, ..., uy, }, where u;
is the user who gives answer a,. We define user meta-data as
MetaU = {(u;, Qu,;) | Yu; € U}, where Q,,, represents a
set of questions asked or answered by user u;. We regard A,
MetaT, and MetaU as three kinds of auxiliary data involved
in the CQA platform used in this paper.

Formally, given a CQA text Z in which a set of entity
mentions M = {my,ma,...,myy} are identified in ad-
vance and a KB containing a set of named entities £ =
{e1,e2,...,eg}, the task of CQAEL is to find a mapping
M — FE that links each entity mention to its corresponding
entity in the KB, via leveraging different kinds of auxiliary
data in the CQA platform.

Before linking, for each entity mention, a small set of po-
tential mapping entities are first chosen by candidate genera-
tion methods to prune the search space. Following the previ-
ous works [Phan et al., 2017; Fang et al., 2019], we adopt the
dictionary-based method to generate a set of candidate map-
ping entities F,, for each entity mention m.

2.2 Dataset Construction

We create a new data set named QuoraEL to support the study
of the CQAEL task. We choose Quora as the data source,
which is one of the largest CQA platforms. We use a two-
step data set collection process. For the first step, we extract
CQA texts as well as their associated topic tags and users via
crawling question pages of Quora. To collect two types of
meta-data for CQA texts, in the second step we crawl topic
meta-data (i.e., a set of questions involving each topic tag)
and user meta-data (i.e., a set of questions asked or answered
by each user) from topic pages and user homepages of Quora,
respectively.

We use the July 2019 version of the Wikipedia dump as
the reference KB. To annotate entity mentions appearing in
the CQA text with their corresponding entities, we perform a
two-stage labeling process with automatic labeling first and
human labeling later. To be specific, we use the Stanford
CoreNLP package’ to automatically recognize and link entity
mentions to their corresponding Wikipedia entities. Human
annotators are introduced next to correct any false labels.

*https://github.com/yhLeeee/CQA _EntityLinking
>https://stanfordnlp.github.io/CoreNLP/

The final QuoraEL data set consists of 504 CQA texts in
total, in which there are 2192 answers, 8030 labeled entity
mentions, and 1165 topic tags. In average, each CQA text
contains 4.35 answers, 15.93 labeled entity mentions, and
2.31 topic tags. For the meta-data, we keep at most 10 ques-
tions for each topic tag and 20 questions for each user (10
questions asked and 10 questions answered by the user).

3 The Proposed Framework

Our proposed framework is composed of two modules: a base
module that mainly utilizes the context of the entity mention
for disambiguation, and an auxiliary data module which em-
ploys different kinds of auxiliary data to facilitate linking in a
unified manner. The overall architecture of our framework is
shown in Figure 2.

3.1 Base Module

In the base module, two widely used entity linking features
are considered, i.e., context similarity and prior probability.

Context Similarity. Measuring the similarity between the
context of an entity mention (i.e., mention context) and the
description text in an entity’s Wikipedia page (i.e., entity de-
scription) is a crucial feature for entity linking. We propose to
employ an XLNet-based cross-encoder to jointly encode the
mention context and the candidate entity description to per-
form deep cross-attention between each other. XLNet [Yang
etal.,2019], a common transformer-based model which inte-
grates the segment recurrence mechanism and relative encod-
ing scheme of Transformer-XL [Dai et al., 2019] into pre-
training, has shown remarkable effect in many NLP tasks.
Formally, given an entity mention m, for each candidate
entity e € E,,,, we first concatenate the mention context C, the
candidate entity description D, and two special tokens from
the vocabulary of XL Net as an input sequence. [CLS] indi-
cates the start of the sequence, and [SEP] is added here to
separate inputs from different segments. This concatenated
string is encoded using XLNet to obtain h¢ p, a representa-
tion for this context-description pair (from the [CLS] token).
The context similarity feature s.;,+(m, e) is generated using
a dot-product with a learned parameter vector w; as follows.

he p = XLNet([CLS]C[SEP]D[SEP]), M

Setzt (M, €) = Wi he p
Combination with Prior Probability. Prior probability
p(elm) is the probability of the appearance of a candidate
entity e given an entity mention m without considering the
context where the mention appears. It is estimated as the pro-
portion of links with the mention form m as anchor text point-
ing to the candidate entity e in Wikipedia. We combine the
context similarity feature with the prior probability feature as
follows:

s(m,e) = f(sctat(m,€), p(elm)) 2

where f(-) is a single layer feed-forward network and s(m;, ¢)
is the ranking score for each candidate entity.

It is worth mentioning that the functionality of this base
module is the same as most previous EL methods, all of which
output a ranking score for each candidate entity based on the
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Figure 2: The overall architecture of our framework.

mention context. There are already massive effective EL so-
lutions proposed in the past years [Shen ef al., 2021]. There-
fore, this base module is not the main focus of our paper and
its design principle is simple and replaceable. Our experi-
ments have validated that it is replaceable with other deep
learning based EL models.

3.2 Auxiliary Data Module

Besides the mention context utilized by the aforementioned
base module, there are various informative auxiliary data in
the CQA platform, such as parallel answers and two types
of meta-data (i.e., topic tags and users), which contain valu-
able knowledge beneficial for entity linking. Accordingly, we
propose an auxiliary data module to effectively capture the
knowledge delivered by different kinds of auxiliary data in a
unified manner. This module can provide effective and com-
plementary linking evidence mined from auxiliary data and
be flexibly integrated with other EL models, which has been
verified by our experiments.

In our task setting, each kind of auxiliary data is composed
of multiple texts. For instance, parallel answers are a set of
answer texts and both types of meta-data are sets of question
texts. A naive strategy is to take multiple texts as input di-
rectly and apply XLNet-based cross-encoder used in the base
module once per text. However, auxiliary data are numerous.
Directly applying this cross-encoder on multiple texts needs
to encode each text-description pair separately which brings
high time complexity. What’s more, auxiliary data are noisy.
Not all the texts in the auxiliary data are relevant to the given
entity mention and helpful for its linking. Roughly treating
them equally may incur noises.

To effectively exploit different kinds of auxiliary data, we
start by selecting several useful texts from each auxiliary
data to eliminate uninformative texts, and then another cross-
encoder is introduced to jointly encode the candidate entity
description and these selected useful texts in a single pass to
derive the auxiliary data similarity.

Useful Text Selection. The basic idea is to select a sub-
set of texts which are similar to the mention context from
each kind of auxiliary data. The selected ones are regarded as
useful texts which may expand the mention context and con-
tribute to the linking process. Three common string similarity
measures are adopted here, i.e, Difflib function, Jaro-Winkler
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similarity, and Levenshtein ratio. Given an entity mention
with its associated mention context and a kind of auxiliary
data, each text involved in the auxiliary data is scored via
averaging these three string similarity measures between the
mention context and the text. Ultimately, we regard the top-k
texts with the highest string similarity scores as useful texts
for each kind of auxiliary data, where k is a hyperparameter.
Auxiliary Data Similarity. Given the selected useful texts
for each kind of auxiliary data, we regard them as a valid
expansion of the mention context and calculate an auxiliary
data similarity feature to indicate the proximity between this
kind of auxiliary data and the candidate entity. Intuitively,
the more the auxiliary data are semantically similar to the
description text of a candidate entity, the more likely this
candidate entity is the correct corresponding one. Unfortu-
nately, the concatenation of the candidate entity description
and these selected useful texts may usually exceed the token
length limit of many transformer-based models such as XL-
Net. To tackle this issue, we propose to exploit a Longformer-
based cross-encoder to jointly encode the candidate entity de-
scription and the selected useful texts to perform deep cross-
attention between each other. Longformer [Beltagy et al.,
2020] is a modified transformer-based model that replaces the
quadratic self-attention mechanism with a memory-efficient
version, which combines local attention with sparse global
attention. We choose Longformer due to the fact that it per-
forms well in capturing semantic relationships between texts
in one-many setting [DeYoung et al., 2021] which is similar
to ours, and it also allows us to encode thousands of tokens or
more without high memory and time complexity.

In our setting, an entity mention m is associated with three
kinds of auxiliary data, each corresponding to a list of se-
lected useful texts q1, qo, ..., qi. Here, these useful texts are in
descending order by their string similarity scores. As differ-
ent kinds of auxiliary data have the same format (i.e., a list of
texts), we process them in the same way. In the following, we
take topic meta-data MetaT as an example for illustration.
For each candidate entity e, we concatenate the candidate en-
tity description D, selected useful texts of MetaT’, and some
special tokens as an input sequence. In Longformer, [CLS]
and [SEP] are replaced by <s> and </s>. Additionally,
<d>, </d> and <g>, </qg> are special tokens representing
description start and end, text start and end, respectively. The
new special tokens are added to the model’s vocabulary and
randomly initialized before task fine-tuning. As suggested
by [Beltagy et al., 2020], we assign global attention to the
<s> token, and a sliding attention window of 64 tokens al-
lows each token to attend to its neighbors. We encode this se-
quence using Longformer to get hp pzetq7, Which is the out-
put of the last hidden layer corresponding to <s>. The aux-
iliary data similarity feature s, +(m, ) for topic meta-data
is yielded via a dot-product with a learned parameter vector
wo as follows.

hp preror = Longformer(<s><d>D</d></s>
<@P>qi</g>..<g>qp</g></s>),  (3)
Saux_t (m, 6) = WghD,MetaT

Following the unified manner, we could derive the other two
auxiliary data similarity features squz (M, €), Squz_u (M, €)
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for parallel answers and user meta-data, respectively.
3.3 Learning

At present, we have obtained three kinds of auxiliary data
similarity features. Thereafter, we extend Equation 2 to Equa-
tion 4 via concatenating features involved in the base module
with those three auxiliary data similarity features as follows:

s(m,e) = f(sctﬂct(mv e)7p(e|m)7
Sau:c,p(my e)a Sauz_t (m7 e)a Saua:,u(my 6))

“

Subsequently, we normalize s(m, ) using a softmax function

and choose the candidate entity e* with the highest ranking

score as the corresponding entity for the entity mention m

based on the following formulas:

exp(s(m, e))

2 eren,, xp(s(m,¢’))

e* = argmaz(5(m,e’)) (6)
e'cE,,

where F,, is a set of candidate entities for the entity men-

tion m. We utilize a cross-entropy loss for training, which is

defined as follows:

L=3"3" 3" —(ylogs(m,e)) )
zZeZmeM ecE,,
where Z denotes a training set of CQA texts and y € {0,1}
denotes the actual label of the candidate entity. If the candi-
date entity e is the correct corresponding entity for the entity
mention m, the value of y is 1; otherwise 0. The goal of
learning is to minimize the loss L.

&)

$(m,e) =

4 Experiments

4.1 Experimental Setup

We perform experiments on the newly created QuoraEL data
set. We use 5-fold cross-validation and split the CQA texts
into training (70%), validation (10%), and testing (20%). For
training, we adopt AdamW [Loshchilov and Hutter, 2018] op-
timizer with a warmup rate 0.1, an initial learning rate le-5,
and a mini-batch size 2. Dropout with a probability of 0.1
is used to alleviate over-fitting. For XL Net and Longformer,
their parameters are initialized by the xlnet-base-cased and
longformer-base-4096 models, respectively. For the base
module, the maximum sequence length is set to 128. We also
experimented with 256, which results in negligible improve-
ment. For the auxiliary data module, maximum lengths of the
candidate entity description and each text are set to 128 and
64, respectively. The hyperparameter k is set to 3, whose im-
pact to the performance will be studied later. Based on our
task definition, entity mentions have been recognized in ad-
vance and given as the input of the task. Therefore, we adopt
accuracy as the evaluation metric, calculated as the number
of correctly linked entity mentions divided by the total num-
ber of all the input entity mentions, the same as many state-
of-the-art EL methods [Shen er al., 2021]. After training 10
epochs, we select the model with the best performance on
the validation set and evaluate its performance on the test set.
All experiments are implemented by MindSpore Framework®
with two NVIDIA Geforce GTX 3090 (24GB) GPUs.

Shttps://www.mindspore.cn/en
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Models | Base Setting | Aux Setting
Deep-ED (2017) 82.56 82.97
Ment-Norm (2018) 82.99 83.19
Zeshel (2019) 88.72 88.91
REL (2020) 80.49 81.05
FGS2EE (2020) 82.59 83.07
BLINK (2020) 87.97 87.92
GENRE (2021) 86.26 87.06
Base Module (ours) 89.37 -

Full Module (ours) - 92.02

Table 1: Effectiveness performance.

4.2 Effectiveness Study

We compared our proposed framework with the following
state-of-the-art EL models:

* Deep-ED [Ganea and Hofmann, 2017] utilizes CRF for
joint entity linking and solves the global training prob-
lem via truncated fitting LBP.

* Ment-Norm [Le and Titov, 2018] improves Deep-ED
by encoding relations between mentions via latent vari-
ables.

o Zeshel [Logeswaran et al., 2019] leverages BERT cross-
encoder to address EL in the zero-shot setting.

* REL [van Hulst ef al., 2020] is one of the most promi-
nent open source toolkits for EL.

* FGS2EE [Hou et al., 2020] injects fine-grained seman-
tic information into entity embeddings to facilitate EL.

e BLINK [Wu et al., 2020] utilizes both BERT bi-encoder
and cross-encoder for entity linking.

¢ GENRE [De Cao et al., 2021] introduces a sequence-to-
sequence EL model based on BART [Lewis et al., 2020].

Table 1 shows the linking accuracy of all models, in which
full module denotes the combination of our base module and
our auxiliary data module. The linking performance of all
baselines is obtained via running their open-source solutions
except REL, which provides a publicly available API. To give
a thorough evaluation, we conduct comparison in two set-
tings. One is called Base setting where only mention context
is accessible and the other is called Aux setting where aux-
iliary data is accessible as well. Base setting is the same as
traditional EL setting, and Aux setting is a special setting in
the CQA environment. For all baselines in the Aux setting, to
ensure fair comparison, we expand the mention context using
the three kinds of auxiliary data and keep their model input
consistent with our framework.

In summary, our transformer-based framework consis-
tently surpasses all the state-of-the-art EL baselines in both
settings, demonstrating the superiority of our framework in
tackling the CQAEL task. To be specific, our base module
achieves better performance than several competitive base-
lines such as Zeshel and BLINK, which are elaborately de-
signed for modeling context similarity, since these two base-
lines do not leverage prior probability. In addition, we could
observe that all the baselines yield slightly better or even
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Accuracy (%)
Models Total A
Base Module 89.37 -
+ Parallel answers 91.55 +2.18
+ User 91.26 +1.89
+ Topic 91.77 +2.40
+ User, Parallel answers 91.61 +2.24
+ Topic, User 91.89 +2.52
+ Topic, Parallel answers 91.76 +2.39
Full Module 92.02 +2.65
Deep-ED [Ganea and Hofmann, 2017]  82.56 -
+ Our Auxiliary Data Module 88.16 +5.60
Zeshel [Logeswaran et al., 2019] 88.72 -
+ Our Auxiliary Data Module 91.49 +2.77

Table 2: Ablation performance.

worse results after adding auxiliary data. This may be at-
tributed to the fact that auxiliary data are noisy, and these
traditional EL models cannot effectively capture the useful
knowledge scattered in the auxiliary data to aid EL. Never-
theless, our full module promotes by 2.65 absolute percent-
ages via integrating our auxiliary data module, exhibiting its
effectiveness in leveraging the auxiliary data to enhance the
linking performance.

4.3 Ablation Study

At the top of Table 2, we report the performance of our frame-
work leveraging different kinds of auxiliary data. From the
experimental results, we can see that each kind of auxiliary
data has a positive contribution to the linking performance,
and when all the three kinds of auxiliary data are consolidated
together in our full module, it yields the best performance.

To study the effectiveness and flexibility of our auxiliary
data module, we replace our base module with two popular
traditional EL models (i.e., Deep-ED and Zeshel) and make
them work with our auxiliary data module, whose results are
shown at the bottom of Table 2. Specifically, the ranking
score output by the EL model is concatenated with the three
auxiliary data similarity features of our auxiliary data mod-
ule, and then passed through a single layer feed-forward net-
work, similar to Equation 4. It can be seen from Table 2 that
we can obtain significant performance gain when our auxil-
iary data module is combined with each of the two traditional
EL models, which clearly demonstrates the effectiveness and
flexibility of our auxiliary data module. This confirms that
our auxiliary data module indeed provides effective and com-
plementary linking evidence delivered by different kinds of
auxiliary data to help not only our base module, but also other
EL models to promote their linking performance.

4.4 Hyperparameter Study

To investigate the effect of the hyperparameter k, i.e., the
number of selected useful texts in our auxiliary data mod-
ule, we conduct experiments with £ varied from 0 to 5, and
plot the results in Figure 3. We can see that our framework
generally performs better with a larger k, and achieves high
and stable accuracy (about 0.92) when k£ > 3. This is due
to the fact that more selected useful texts bring more helpful
linking evidence, which may lead to better performance.
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Figure 3: Effects of the hyperparameter k.
S Related Work

Entity linking has gained increasing attention as a fundamen-
tal task to bridge unstructured text with knowledge bases,
such as Wikipedia and Freebase. It acts as an important pre-
processing step for many downstream knowledge-driven ap-
plications. A typical EL system often consists of two stages:
candidate generation and entity ranking [Shen et al., 2014].
During the entity ranking stage, the key is to measure the sim-
ilarity between the mention context and the entity description.
Early EL works [Ratinov et al., 2011] employ hand-crafted
features to model this textual coherence. With the extensive
application of deep learning, EL studies resort to neural net-
work based methods. Bi-encoders based on CNN [Xue et
al., 2019], RNN [Fang et al., 2019], and pre-trained language
models [Fang er al., 2020] are leveraged to encode those two
text parts (i.e., mention context and entity description) in-
dividually. In this case, the semantic relationships between
these two text parts are not fully exploited. Recent EL works
[Wu et al., 2020; Tang et al., 2021] employ BERT to cross-
encode these two text parts to perform deep cross-attention
between each other and achieve advanced performance.

Besides common news documents, entity mentions also
appear in multi-source heterogeneous data. Recently, entity
linking for web tables [Bhagavatula et al., 2015], tweets [Ran
et al., 2018], open knowledge bases [Liu et al., 2021], and
multimodal data [Gan er al., 2021] have been successively ex-
plored. [Wang et al., 2017] only links entity mentions in the
question of CQA and does not consider two types of meta-
data (i.e., topic tags and users) specially existing in the CQA
platform, which is different from ours.

6 Conclusion

In this paper, we present a new task of CQAEL and create
a data set QuoraEL to foster further study. We propose a
novel transformer-based framework which can leverage dif-
ferent kinds of auxiliary data involved in the CQA platform
effectively. An auxiliary data module is proposed to provide
effective and complementary linking evidence mined from
auxiliary data and is flexibly integrated with other EL mod-
els. Extensive experiments demonstrate the effectiveness of
our framework against state-of-the-art EL methods.
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