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Abstract: Entity disambiguation is a core task in natural language processing that aims to link entity mentions in text to their 
corresponding entities in knowledge bases. Although dual-encoder architectures have achieved strong performance in this task, 
they still face significant challenges in handling ambiguous mentions, context dependencies, and negative sample selection. 
This paper proposes ActiveIter-ED, an enhanced entity disambiguation framework based on active task disambiguation. Our 
core innovation is a clarification sample augmentation mechanism that generates discriminative clarification questions via large 
language models (LLMs) and dynamically embeds them into entity representations, enabling the model to distinguish easily 
confusable entity pairs. Specifically, we design a three-stage pipeline: (1) hard negative sample discovery based on similarity 
retrieval, (2) LLM-driven clarification question generation that produces discriminative clarification questions for each 
positive-negative sample pair, and (3) probabilistic integration of clarification questions into entity representations during 
training to form augmented training samples. 

Keywords: entity disambiguation, clarification sample augmentation, knowledge graph construction, terminology extraction, 
active learning  

INTRODUCTION 

Terminology extraction is a fundamental task in knowledge engineering that aims to identify, extract, and 
normalize domain-specific core terms from unstructured professional texts to construct domain knowledge 
systems [1]. With the rise of machine learning and large language model technologies, terminology 
management has evolved from traditional labor-intensive manual processes to efficient automated systems, 
enabling terminology databases to transform into dynamic, semantically rich, context-aware knowledge 
assets [1,2]. This transformation expands the scope of terminology extraction beyond mere term 
identification and extraction: more importantly, it addresses term ambiguity, establishes accurate mapping 
relationships between terms and their conceptual entities, and achieves semantic enhancement of 
terminology resources. 

In the practice of professional domain knowledge engineering, term ambiguity is particularly prominent. In 
professional texts, the same term may denote entirely distinct conceptual entities across different contexts—a 
phenomenon especially prevalent in highly specialized fields like medicine, law, engineering, and geology 
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[3]. Taking the oilfield development domain as an example, “water flooding” may refer to different levels of 
water drive conditions (e.g., initial flooding, late-stage flooding, complete flooding) in different paragraphs. 
Additionally, professional terms often involve complex scenarios such as abbreviations, symbolic 
expressions, and cross-lingual representations, further increasing the difficulty of term understanding. 
These challenges render traditional methods inadequate in handling the highly context-dependent semantic 
variations in professional texts. Particularly when processing long documents, cross-chapter references, and 
domain-specific abbreviations, the effectiveness of term identification and disambiguation declines 
significantly [4]. 

Entity linking (EL) is a core technical component of terminology extraction, aiming to accurately link 
entity mentions in text to their corresponding entities in knowledge bases (e.g., Wikidata, Wikipedia). It 
plays an irreplaceable role in modern terminology management systems that integrate terminology 
extraction with knowledge graphs [1,5]. With the advancement of pre-trained language models, dense 
retrieval methods based on dual encoders have become mainstream solutions due to their efficiency and 
scalability [6,7]. However, existing entity disambiguation systems still face two core challenges. First, task 
ambiguity poses a significant problem. Entity mentions in natural language often exhibit polysemy, and 
initial instructions or context may be insufficient to uniquely determine the target entity. For instance, the 
mention “Java” may refer to a programming language, an island, or a type of coffee, making accurate 
disambiguation difficult based solely on local context. Kobalczyk et al. [6] noted that large language models 
(LLMs) lack the ability to actively clarify ambiguous tasks, leading to outputs inconsistent with users’ true 
intentions. Second, training efficiency and context modeling remain challenging [8]. Traditional training 
methods rely on static negative sampling, which struggles to capture semantic differences in complex 
contexts. More importantly, existing methods lack effective mechanisms to help models learn to distinguish 
entities that are semantically similar but conceptually distinct—resulting in high error rates in ambiguous 
mention scenarios. 

Contributions. To address the above problems, we propose ActiveIter-ED (active iterative entity 
disambiguation), an enhanced entity disambiguation framework based on active task disambiguation. Our 
core innovation is the clarification sample augmentation mechanism, which generates discriminative 
clarification questions through large language models and embeds them into the training process, 
significantly improving the model’s ability to distinguish similar entities. 

In more detail, our contributions are as follows. 
(1) We design a three-stage pipeline (hard negative sample discovery, LLM-driven clarification question 

generation, and dynamic embedding during training) that probabilistically appends clarification questions to 
entity representations, enabling the model to learn to distinguish easily confusable entity pairs. To our 
knowledge, this is the first method to systematically embed clarification questions into the entity 
disambiguation training process. 

(2) Guided by Bayesian experimental design, the model generates clarification questions with high 
information gain, dynamically narrowing the candidate entity space. 

(3) We validate the method’s effectiveness on 8 Zero-shot Entity Linking Dataset (ZELDA) test sets, 
achieving improvements on 4 datasets—with the most significant gain on the AIDA-B dataset. Ablation 
studies confirm that clarification sample augmentation contributes the most to performance improvement, 
and we provide in-depth analysis of the impact of different design decisions. 
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(4) We verify the method’s practical value in domain knowledge engineering through knowledge graph 
construction experiments in both oil & gas exploration and advertising compliance domains. Results 
demonstrate that ActiveIter-ED significantly improves entity linking accuracy (by 4.5% and 5.1%, 
respectively) and knowledge graph quality, providing effective technical support for terminology extraction 
and knowledge fusion in complex professional scenarios. 

RELATED WORK 

This section reviews related work in three areas relevant to our approach. We first discuss terminology 
extraction and the role of entity disambiguation within it; we then survey existing entity disambiguation 
methods and negative sampling strategies; finally, we examine active learning and task disambiguation, 
which together inspire our clarification sample augmentation mechanism. 

Terminology extraction 

As a fundamental task in knowledge engineering, terminology extraction focuses on identifying, extracting, 
and normalizing domain-specific core terms from unstructured professional texts to construct domain 
knowledge systems [1]. Within this process, entity disambiguation serves as a key technical component with 
three core functions. First, it resolves the polysemy problem in professional terminology, where terms with 
identical surface forms may refer to distinct conceptual entities across contexts—particularly in highly 
specialized fields such as medicine, law, engineering, and geology [3]. Entity disambiguation precisely links 
term mentions to the correct conceptual entities in knowledge graphs, thereby supporting the construction of 
high-quality domain knowledge graphs [9,10]. Second, it addresses the “one meaning, multiple words” 
problem. The same conceptual entity may appear in professional texts in various forms (e.g., full names, 
abbreviations, synonyms, cross-lingual expressions) [11]. By normalizing these diverse term representations 
to link to standardized entities, entity disambiguation enables unified terminology management and 
knowledge integration—playing a vital role in the construction and expansion of terminology knowledge 
bases [1,12]. Third, it provides a technical foundation for the development of professional terminology 
knowledge bases, acting as a key bridge in transforming unstructured text into structured knowledge [13]. By 
linking term mentions in text to standardized entities in knowledge bases, entity disambiguation lays the 
groundwork for subsequent relation extraction and knowledge graph construction, enhancing the usability 
and reusability of terminology resources [14]. 

However, entity disambiguation in terminology extraction scenarios faces unique challenges. Compared to 
general-domain entity disambiguation, terminology extraction requires handling deeper semantic ambiguity, 
stronger domain dependencies, and finer-grained distinction requirements. The semantic differentiation of 
professional terms often relies on deep domain knowledge, fine-grained contextual information, and complex 
domain ontology relationships. Particularly in professional texts, there are numerous term pairs that are 
semantically similar but conceptually distinct. These pairs are often clustered closely in the semantic 
representation space, making it difficult for traditional entity disambiguation methods to distinguish them 
effectively—leading to erroneous links and knowledge pollution [14]. Existing methods exhibit notable 
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shortcomings in addressing these challenges, which is the core problem this study aims to solve. In 
terminology extraction, entity disambiguation must address challenges that go beyond those in general- 
domain contexts. Terminological ambiguity often involves deeper semantic granularity. Secondly, 
professional terms frequently appear in abbreviated, symbolic, or cross-lingual forms, requiring normal
ization to canonical concepts. Thirdly, the distinction between semantically similar but conceptually distinct 
term pairs often hinges on subtle domain knowledge and fine-grained ontology relations, which are rarely 
encountered in open-domain entity linking. These challenges necessitate disambiguation methods that can 
leverage domain-specific knowledge and actively acquire discriminative features, which motivates our 
clarification sample augmentation mechanism. 

Entity disambiguation methods and negative sampling 

Entity linking, a core task in knowledge engineering, aims to link entity mentions in text to their 
corresponding entities in knowledge bases. In terminology extraction, entity disambiguation plays a crucial 
role by transforming unstructured text into structured knowledge by resolving term ambiguity, but also 
provides technical support for the knowledge representation of professional terms, term relation extraction, 
and domain ontology construction [3,11]. In recent years, dense retrieval methods based on pre-trained 
language models have become mainstream, achieving significant progress in general domains. However, 
entity disambiguation methods for terminology extraction still face unique challenges—particularly in 
handling domain-specific semantic ambiguity, terminology normalization, and cross-document knowledge 
fusion—where significant deficiencies remain. 

Existing entity disambiguation methods can be broadly categorized into three types: classification-based, 
generative, and dense retrieval methods. Classification-based methods [8,15] make predictions on fixed 
candidate entity sets via Softmax classification heads, but their generalization ability is limited by predefined 
label sets, making it difficult to extend to new domain terms. Generative methods [16] treat entity 
disambiguation as a sequence generation task but suffer from high computational overhead, failing to meet 
real-time requirements. Dense retrieval methods—especially dual-encoder architectures—map mention 
contexts and entity descriptions to the same vector space through two independent encoders, achieving a 
favorable balance between efficiency and effectiveness [17–19]. This makes them a more attractive choice 
for terminology extraction scenarios. 

Recent research, such as the VerbalizED model [20], has systematically evaluated and optimized key 
design decisions for dual encoders in entity disambiguation. This model uses dual encoders directly for final 
prediction, eliminating the time-consuming cross-encoder reranking step. The core improvements of 
VerbalizED include rich label verbalization (combining entity titles, descriptions, and category information), 
efficient hard negative sampling, document-level context utilization, and dynamic label embedding updates. 
These designs enable VerbalizED to achieve state-of-the-art performance on multiple benchmarks (including 
ZELDA) and provide an important baseline and methodological foundation for our work. 

Hard negative sampling is critical for improving dual-encoder model performance. Traditional methods 
rely on in-batch negative sampling or surface-form-based hard sample retrieval. In terminology extraction, 
term pairs that are semantically similar but conceptually distinct often have similar surface forms, making it 
difficult for surface-form-based retrieval to identify truly hard negative samples. Existing methods primarily 
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focus on selecting hard negative samples but lack mechanisms to actively teach models how to distinguish 
these semantically similar entities. Our clarification sample augmentation mechanism addresses this gap: by 
generating clarification questions through LLMs that can clearly differentiate two similar entities and 
dynamically embedding these questions into the training process, we actively help the model learn key 
distinguishing features. 

Active learning and task disambiguation 

Traditional machine learning has extensively explored efficient data collection under model uncertainty, 
developing active learning strategies [21,22] that aim to reduce annotation costs by selecting the most 
informative samples for labeling [23]. To address the inherent ambiguity of natural language or intentional 
underspecification [24,25], active task disambiguation methods based on Bayesian experimental design [6] 
formalize task ambiguity as follows: when the feasible solution set H corresponding to task statement S= (R, 
C) (where R is the known requirement and C is the context information) is a proper superset of the true 
solution set H*, the task is considered ambiguous. In such cases, LLM agents should be able to gradually 
acquire additional task specifications by proposing clarification questions, narrowing the feasible solution 
space, and thereby reducing the risk of outputs inconsistent with users’ true intentions. 

The theoretical core of this method is the maximization of expected information gain (EIG). Specifically, 
for each candidate question q, its EIG is defined as  

EIG q p h S p h S q a( ) = [ ( | )] ( )[ [ ( | ( , ))]],a p a q S*
~ | , *

*H E H

where p* represents the true preference distribution of the question proposer. To achieve efficient question 
selection, an explicit reasoning strategy is adopted: sample N candidate solutions and M candidate questions, 
generate pseudo-answers to estimate the EIG of each question, and finally select the question with the highest 
EIG. This method has been validated in code generation and “20 questions” games, significantly 
outperforming baseline methods that rely solely on implicit reasoning. 

State-of-the-art LLM strategies have demonstrated remarkable success in logical reasoning [26,27], 
mathematical problem-solving [28,29], code generation [30,31], and creative writing [32,33]. Although they 
exhibit strong disambiguation capabilities across multiple tasks, their application in entity disambiguation 
remains unexplored. This paper draws on their core ideas, introducing a clarification question generation 
mechanism into the entity disambiguation training process to enhance the model’s ability to distinguish 
ambiguous mentions. 

ACTIVEITER-ED METHOD 

This section presents the ActiveIter-ED framework in detail. We first describe the overall architecture and its 
three core components, then formalize the clarification sample augmentation mechanism through a three- 
stage pipeline—hard negative sample discovery, LLM-driven clarification question generation, and dynamic 
embedding during training—and finally introduce the training objective and optimization strategies that 
enable efficient learning. 
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Overall architecture 

The ActiveIter-ED framework comprises three core components: the mention encoder, the entity encoder, 
and the clarification sample augmentation module. These components work synergistically to form an end- 
to-end entity disambiguation system based on a dual-encoder architecture. By introducing the clarification 
sample augmentation mechanism, the framework achieves efficient entity disambiguation for ambiguous 
mentions. The overall design follows a three-stage paradigm of “encoding-matching-augmentation”, with the 
core innovation lying in the systematic embedding of LLM-generated clarification questions into the training 
process—enabling the model to distinguish easily confusable entity pairs. 

Mention encoder. The mention encoder is responsible for encoding entity mentions and their contextual 
information in text into dense vector representations. Built on pre-trained Transformer models (e.g., 
Bidirectional Encoder Representations from Transformers, BERT), it captures contextual semantics around 
mentions. For a given training sample (m, c, e+) (where m is the mention text, c is the context, and e+ is the 
positive entity), the mention encoder first concatenates the mention and its context into an input sequence, 
encodes it via multi-layer Transformers, and ultimately generates a fixed-dimensional vector representation 
through pooling operations:  

h MentionEncoder CLS c SEP m SEP= ([ ] [ ] [ ]),m

where h  m denotes the vector representation of the mention, and CLS[ ] and SEP [ ] are special token symbols 
used to identify the beginning and separation of sequences. 

Entity encoder. The entity encoder encodes entity descriptions into vector representations. ActiveIter-ED 
adopts a structured label verbalization strategy, combining entity titles, descriptions, and category 
information into rich text descriptions. The entity encoder also leverages the Transformer architecture and 
may either share parameters with the mention encoder or operate independently, depending on the 
configuration. For entity e, its verbalization v e( ) is encoded as  

h EntityEncoder v e= ( ( )),e

where h e represents the vector representation of the entity. A key feature of the entity encoder is its support 
for dynamic embedding updates—i.e., updating entity embeddings during training based on the current 
model state to maintain representation accuracy. 

Clarification sample augmentation module. The clarification sample augmentation module is the core 
innovation of ActiveIter-ED, implementing three key functions: hard negative sample discovery, LLM 
clarification question generation, and dynamic embedding during training. During the training phase, the 
module first identifies candidate negative samples similar to positive entities via similarity computation, then 
uses LLMs to generate clarification questions that distinguish positive and negative samples, and finally 
probabilistically embeds these questions into entity representations to form augmented training samples. 
Specifically, the enhanced entity representation is expressed as  

e v e X( ) = ( ) + ( , ),  v q e eenhanced clar
+

where X is an indicator variable controlling the probability of embedding clarification questions. This 
mechanism enables the model to learn both the basic semantics and distinguishing features of entities during 
training. 

Interaction flow. The interaction flow between the three components is as follows. During the training 
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phase, the mention encoder encodes mention contexts from training samples into vectors, and the entity 
encoder encodes entity descriptions (which may include clarification question augmentation) into vectors, 
then computes the similarity between them. Similarity computation uses Euclidean distance or cosine 
similarity, and optimization is performed through contrastive learning, making the similarity of positive 
sample pairs higher than that of negative sample pairs. During the inference phase, the system first obtains 
the mention’s vector representation through the mention encoder, then computes the similarity between this 
representation and all candidate entity representations, selecting the entity with the highest similarity as the 
prediction result. 

The clarification sample augmentation module serves as a key bridge between hard negative sample 
mining and model training, providing additional discriminative signals to the model through high-quality 
clarification questions. This design enables ActiveIter-ED to significantly improve disambiguation 
performance for ambiguous mentions while retaining the efficiency of dual encoders—particularly excelling 
in handling semantically similar entity pairs. 

Active task disambiguation mechanism 

We formalize clarification question generation as an information gain maximization problem. 
Problem definition. Given the current task statement S = (R, C), where R is the known requirement, and C 

is the context information, our goal is to select a question q * that maximizes the expected information gain:  
q argmax EIG q= { } ( ),q Q*

where the expected information gain is defined as   
EIG q p h S p h S q a( ) = [ ( | )] ( )[ [ ( | ( , ))]].a p a q S*

~ | , *
*H E H

Here, h denotes candidate entities, and a is a possible answer to the question. 
Implementation strategy. In practical implementation, we adopt the following steps to estimate EIG: 

(1) Sample N candidate entities: h p S{ }{ } ~ { }( | )i i
N

=1 h
; 

(2) Sample M candidate questions: q p S{ }{ } ~ { }( | )j i
M

=1 q
; 

(3) For each question qj and entity h i, generate pseudo-answers a{ }i k, ; 
(4) Compute EIG estimates based on answer distributions. 

For each candidate question qj, we first collect all corresponding pseudo-answer sets { }{ }A a= { } { }j i j i

N
, =1

. 

Since different entities may produce the same answer to the same question, these answers may appear 
duplicated in the set. We construct the answer distribution by counting the frequency of each unique answer. 

Let the set of unique answers be a{ }{ }k k
n

=1 , where n is the number of unique answers (n ≤ N), then the 

frequency of each answer a k can be estimated as  

( ){ }p
Count a A

N=
,

,k
k j

where ( ){ }Count a A,k j represents the number of times that answer a k appears in set { }Aj . This frequency 

estimates the probability of obtaining answer a k given question qj and task statement S. 
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Based on this answer distribution, we compute the expected information gain estimate for the question qj. 
From an information-theoretic perspective, information gain measures the degree to which answers reduce 
entity uncertainty. If the answer distribution is relatively concentrated (i.e., most entities produce the same or 
similar answers to the question), the answers provide less information; conversely, if the answer distribution 
is relatively uniform and dispersed, the answers can effectively distinguish different entities and provide 
more information. The EIG estimate can be expressed as the entropy of the answer distribution:  

EIG( ) { log  q p pj k
n

k k=1} .

When the answer distribution is highly concentrated (the probability of some answer approaches 1, while 
other answer probabilities approach 0), the entropy value is small, indicating that the question has weak 
discriminative ability. When the answer distribution is uniform (all answer probabilities are equal), the 
entropy reaches its maximum, indicating that the question has the strongest discriminative ability. Therefore, 
we select the question with the maximum entropy value as the optimal clarification question:  

( )argma EIG argma= { } ( ) = { } } log .  q x q x p pq j q k
n

k k*
{ =1j j

Clarification sample augmentation mechanism 

Clarification sample augmentation is the core innovation of our method, designed to help the model 
distinguish easily confusable entities through LLM-generated clarification questions. This mechanism 
consists of three stages. 

Hard negative sample discovery 

Given a training sample (m, c, e+), we first identify candidate negative samples similar to (but distinct from) 
e+ via similarity computation. We use Jaccard similarity to measure the overlap between the word sets of the 
mention text and entity names:  

Sim
W m W

W m W( , ) =
( ) ( )

( ) ( )
,  e e

e

e
+

where W(·) represents converting text to a word set. We select the Top-K similar entities as the candidate 
negative sample set Cneg. 

LLM clarification question generation 

For each candidate negative sample e Cneg, we use large language models to generate clarification 
questions that effectively distinguish positive and negative sample entities. The core of this process is guiding 
LLMs to produce high-quality, discriminative questions that help the model learn key distinguishing features 
between entities during training. 

Design principles for clarification question generation. The generation of clarification questions needs 
to meet several key requirements. First, questions must be discriminative and clearly highlight the key 
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differences between two similar entities in specific contexts. Second, questions should be concise and clear, 
with length controlled within a reasonable range to avoid redundant information interfering with model 
learning. Finally, questions should focus on contextually relevant features rather than only static attributes of 
entities themselves. These requirements together ensure that generated clarification questions can provide 
effective discriminative signals for the model. 

Prompt template system. To meet these requirements, we design a hierarchical prompt template system. 
At the basic level, we adopt a general template structure containing core elements such as context 
information, mention text, and descriptions of positive and negative sample entities, guiding large language 
models to generate basic clarification questions. This general template is suitable for most scenarios and can 
handle general entity disambiguation needs. However, different datasets have different text types and domain 
characteristics, and general templates may not fully utilize dataset-specific information. Therefore, on the 
basis of general templates, we design dedicated templates for specific datasets. For example, for the NELDA 
dataset, which contains various text types such as news and social media, we design dedicated templates that 
can handle this diversity. These templates introduce keyword extraction mechanisms, extracting key 
distinguishing features from entity verbalizations, and organizing these features into prompts in a structured 
manner, guiding large language models to focus on these key discriminative pieces of information. 

The generated clarification questions q(e+, e−) are organized together with hard negative samples into tuple 
structures and saved as part of the training data. The complete hard negative sample set can be formally 
represented as  

H c m q v v= {( , , , , ( , ), ( ), ( ))},  e e e e e e+ + +

where v(∙) denotes entity verbalization (including title, description, and category information). This 
structured storage enables efficient retrieval and use of clarification questions during training while 
maintaining data consistency and integrity. 

Dynamic embedding during training 

During training, we integrate the clarification sample augmentation mechanism into the entity 
disambiguation framework by extending the dual-encoder architecture. For each training sample (m, c, 
e+), the system decides whether to augment the entity representation with probability pclar. When 
augmentation is performed, the system retrieves the corresponding clarification question q(e+, e−) from the 
pre-generated hard negative sample set H and appends it to the end of the original entity representation in a 
specific format. The formal representation of the enhanced entity representation v e( )enhanced is  

e v e X( ) = ( ) + ( , ),  v q e eenhanced clar
+

where qclar(e+, e−) = “[clarification: “+ q(e+, e−) +”]” represents the formatted clarification question string, 
and X is an indicator variable following a Bernoulli distribution X ~ Bernoulli(pclar). 

The probability control mechanism ensures an expected augmentation frequency of E X p[ ] = clar— 
meaning that, on average, pclar proportion of samples uses augmented entity representations, while p1 clar

uses original representations. This mixed strategy allows the model to learn discriminative features while 
retaining accurate understanding of original semantics, ensuring training efficiency. 

From an information-theoretic perspective, the synergy between clarification questions and structured label 
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verbalization can be explained as follows. Let I(v; y) denote the mutual information between verbalization v 
and label y, and I(q; y|v) denote the conditional mutual information between clarification question q and y 
given v. The mutual information of the enhanced representation is  

I v y I v y I q y v( ; ) = ( ; ) + ( ; | ).enhanced

The information gain of the enhanced representation is  
I I q y v= ( ; | ).

This indicates that clarification questions provide additional discriminative information beyond the 
baseline verbalization. When question quality is high, I 0, and clarification questions significantly 
improve discriminative ability. 

Training objective and optimization 

We adopt a contrastive learning framework, training the model by maximizing the similarity of positive 
sample pairs and minimizing the similarity of negative sample pairs. For a training sample (m, c, e+), we 
obtain vector representations hm and h e through the mention encoder and entity encoder, respectively, using 

Euclidean distance dist m e h h( , ) = m e 2 as the similarity metric. The contrastive learning-based loss 
function can be expressed as  

L dist m
dist m dist m= log exp( ( , ))

exp( ( , )) + exp( ( , )) ,  e
e ee N

+

+
{ }

where N is the hard negative sample set. The loss function normalizes through Softmax, maximizing the 
probability of positive sample pairs while minimizing the probability of negative sample pairs. 

Hard negative sampling strategy. The hard negative sampling strategy adopts a two-stage mechanism. In 
the offline stage, for each training sample, we discover the Top-K similar entities based on similarity 

computation as candidate hard negative samples N = Topcandidate - Sim{ } ( , )K e ee e
+

+ . These candidate 

negative samples are pre-generated and stored together with clarification questions. In the online stage, we 
dynamically sample from the candidate set, prioritizing negative sample pairs that have generated 
clarification questions. The final hard negative sample set used for loss computation is N = Sample(Ncandidate, 
k, strategy = hard). 

Label embedding update mechanism. To balance efficiency and accuracy, we adopt a hybrid update 

strategy. Let E e e e= { , , … , }M1 2 denote the set of all entities, and { }= { }, { }, … , { }H h h hE e e eM1 2
denote the 

entity embedding cache. The hybrid update strategy consists of three components. 
(1) Periodic full  update: Update all  entity embeddings every K training steps: 

EntityEncoder v E= { ( ( )) | }H e eE
t K

i i
+ . 

(2) Dynamic partial update: Real-time update for entities used in the current batch 

EntityEncoder v e= ( ( )) HE
t e+1[ ] for e Entities B ( ). 

(3) High-frequency entity priority update: Increase update frequency for frequently appearing entities. 
This hybrid strategy reduces training time by 60%–80% while ensuring embedding accuracy, with 

negligible performance loss. 
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EXPERIMENTS 

This section evaluates ActiveIter-ED through comprehensive experiments. We first describe the 
experimental setup, including datasets, evaluation metrics, baseline methods, and implementation details. 
We then report main results on standard benchmarks, followed by ablation studies that quantify the 
contribution of each component. We further demonstrate application effects in two real-world knowledge 
graph construction scenarios (geological exploration and advertising compliance), evaluate the quality of 
generated clarification questions, and conclude with a case study illustrating the discriminative ability of the 
proposed mechanism. 

Experimental setup 

Datasets. We conduct comprehensive evaluations on two widely used entity disambiguation benchmarks. 
First, we evaluate on ZELDA, a challenging benchmark that contains 8 diverse test sets spanning multiple 
domains: AIDA-B (news articles from Reuters), MSNBC (news broadcasts), AQUAINT (newswire text), 
ACE2004 (news and conversations), WNED-CWEB (web documents), WNED-WIKI (Wikipedia articles), 
REDDIT-POSTS (social media posts), and REDDIT-COMMENTS (social media comments). This diversity 
enables robust assessment of model generalization across different text types and domains. Second, we use 
AIDA-Yago, a standard benchmark derived from CoNLL 2003 data, which focuses specifically on news 
domain entity disambiguation and serves as a complementary evaluation for in-domain performance. 

Evaluation metrics. We adopt standard entity disambiguation evaluation metrics: accuracy, F1 score, 
micro-averaged F1, and macro-averaged F1. For knowledge graph quality assessment, we use node 
correctness rate (proportion of correctly linked entity nodes to total nodes) and entity normalization rate 
(proportion of successfully normalized synonymous entity pairs). 

Baseline methods.  We compare ActiveIter-ED against three representative state-of-the-art entity 
disambiguation methods that exemplify different architectural paradigms. First, GENRE [34] represents the 
generative approach: it formulates entity linking as a sequence-to-sequence generation task, where an 
autoregressive Transformer directly produces entity names from mention contexts. Second, VerbalizED [20] 
embodies the dual-encoder retrieval paradigm and serves as our primary baseline. VerbalizED achieves 
current state-of-the-art performance through systematic optimisation of dual-encoder design decisions, 
including rich label verbalisation, efficient hard negative sampling, document-level context modelling, and 
dynamic label embedding updates. Third, we include LUKEFT [35], a global entity disambiguation model 
that leverages entity-aware pre-training and an optional final epoch of fine-tuning with frozen entity 
embeddings. By comparing with these three methods, we demonstrate the effectiveness of our clarification 
sample augmentation mechanism across generative, dual-encoder, and entity-aware pre-training architec
tures. 

Implementation details. We use BERT-base as the encoder backbone, with a batch size of 32 and a 
learning rate of 5×10−6. 

Clarification sample augmentation implementation details. 
(1) Hard negative sample discovery: We use Jaccard similarity to compute word set similarity between 

mention text and entity names, selecting the Top-10 similar entities as candidate negative samples. 
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(2) Clarification question generation: LLM support: includes multiple large language models (Qwen, 
GPT-4, etc.). Dataset-specific templates: select prompt templates based on dataset names (NELDA, AIDA). 
Keyword extraction: for the NELDA dataset, extract key distinguishing features (type, domain, time, 
location, etc.) from verbalizations. 

(3) Embedding during training: Probability control: clarification questions are dynamically embedded 
into entity representations with probability pclar=0.5. Format specification: use the format ‘original 
representation [Clarification: clarification question]’ to maintain the integrity of original information. 

(4) Verbalization strategy: We adopt the ‘title + description + categories’ strategy to construct entity 
representations, combining with clarification questions to form augmented training samples. 

Main results 

As shown in Table 1, ActiveIter-ED achieves excellent results on multiple datasets. We train the model on the 
NELDA dataset and evaluate performance on multiple test sets. 

Overall performance improvement. ActiveIter-ED achieves an average accuracy of 80.4%, representing 
a 0.7-percentage-point improvement over the VerbalizED baseline. Improvements are observed on 4 
datasets, primarily driven by the clarification sample augmentation mechanism. 

Significantly improved datasets. AIDA-B shows an improvement of 4.5 percentage points, the largest 
across all datasets, demonstrating good cross-dataset generalization capability. REDDIT-POSTS shows an 
improvement of 3.5 percentage points, demonstrating strong performance on social media text. REDDIT- 
COMMENTS shows an improvement of 2.3 percentage points, effectively handling ambiguity even in short- 
text comment scenarios. WNED-CWEB shows an improvement of 1.3 percentage points, a stable gain on 
web text.  

Outstanding performance on social media text. Accuracies of 92.7% (REDDIT-POSTS) and 88.5% 
(REDDIT-COMMENTS) indicate that the clarification sample augmentation mechanism effectively 
addresses ambiguity in informal text. 

Challenging dataset analysis. SLINKS-SHADOW: Accuracy of 63.1% is slightly lower than the 
baseline. However, considering the challenging nature of this dataset (macro-averaged F1 of only 46.1%) and 
that our model is trained on NELDA while the baseline may be trained on more matched data, this result is 
still within a reasonable range. SLINKS-TAIL: Accuracy of 98.22% is slightly lower than the baseline 
(98.55%), a decrease of 0.33 percentage points, but it already approaches near-perfect performance. 

As shown in Table 2, ActiveIter-ED performs exceptionally well in in-domain training. When trained and 
evaluated on the AIDA dataset, the model achieves an accuracy of  93.0%—demonstrating the superiority of 

Table 1  Accuracy comparison (%) between ActiveIter-ED (trained on NELDA with clarification sample augmentation) and baseline 
methods across ZELDA test sets. Values in bold indicate the best performance.  

Method 
Dataset 

Avg 
AIDA-B TWEEKI REDDIT- 

POSTS 
REDDIT- 

COM 
WNED- 
CWEB 

SLINKS- 
TOP 

SLINKS- 
TAIL 

SLINKS- 
SHAD 

GENREALL 72.4 75.9 88.8 83.9 66.5 43.5 95.3 38.7 70.6 
LUKEFT 81.2 77.8 81.5 78.5 70.3 51.8 98.0 22.5 70.2 

VErbalizED 82.6 78.9 89.2 86.2 69.8 67.1 98.6 65.3 79.7 
AcitveIter-ED 87.1 76.5 92.7 88.5 71.1 66.3 98.2 63.1 80.4 
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in-domain training and providing strong evidence for the effectiveness of the clarification sample 
augmentation mechanism. 

Ablation studies 

We conduct systematic ablation experiments to validate the contribution of each component, with results 
shown in Table 3. 

The results demonstrate that clarification sample augmentation is an effective improvement method and 
contributes the most to performance: removing the clarification sample augmentation mechanism leads to a 
performance decrease of 2.5 F1 points, which is the largest contribution among all components. This proves 
the core role of clarification questions in helping the model distinguish similar entities. 

Clarification questions vs. hard negative samples only: using only hard negative samples (without 
clarification questions) decreases by 0.9 F1 points compared to the complete model, indicating that 
clarification questions provide additional discriminative information beyond the negative samples 
themselves. 

As shown in Table 4, pclar=0.5 is the optimal configuration, achieving an average F1 score of 89.4% across 
three datasets. Too low (0.3) leads to insufficient model learning (88.6%), while too high (0.7) may cause 
overfitting (88.0%). This validates the necessity of the probability control mechanism. 

Application effects in knowledge graph construction 

Application in geological exploration knowledge graph: To validate ActiveIter-ED’s practical value in 
knowledge engineering, we conduct knowledge graph construction experiments on geological exploration 
data. The experimental data includes reserve report texts from 9 well areas (≈15,000 sentences, 3200 entity 
mentions), covering 4 major categories and 12 subcategories of professional entities (blocks, well areas, oil 
layers, reserve parameters). The experimental process follows standard semantic knowledge graph 
construction methods [36], including entity linking, named entity extraction and validation, node 
construction, relation extraction, and graph quality assessment. 

We adopt standard entity disambiguation evaluation metrics. For knowledge graph quality assessment, we 
compute node correctness rate (defined as the proportion of correctly linked entity nodes to total nodes) and 

Table 2  Accuracy of ActiveIter-ED trained on the AIDA dataset.  

Method Accuracy (%) 

VerbalizED 90.9 
AcitveIter-ED 93.0 

Table 3  Ablation study results (%) for the clarification sample augmentation mechanism and the negative sample mechanism. Values in 
bold indicate the best performance.   

Method 
Dataset 

Avg 
AIDA-B REDDIT-POSTS REDDIT-COMMENTS 

ActiveIter-ED 87.1 92.7 88.5 89.4 
ActiveIter-ED−clarified sample 83.1 91.2 86.5 86.9 (−2.5) 
ActiveIter-ED−negative sample 86.6 92.1 86.7 88.5 (−0.9) 
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entity normalization rate (defined as the proportion of successfully normalized entity pairs to all synonymous 
entity pairs). All evaluation results are validated through manually annotated gold standards. The main 
quantitative results are summarized in Table 5. 

Experimental results show that ActiveIter-ED achieves significant improvements in knowledge graph 
construction. Entity linking accuracy improves from 62.6% with the baseline method to 67.1% with ActiveIter- 
ED, directly driving knowledge graph node correctness from 58.3% to 64.7%. Additionally, entity normalization 
rate improves from 63.4% with the baseline method to 69.2%. The constructed knowledge graph contains 2847 
entity nodes and 7203 relations. These improvements are primarily attributed to the clarification sample 
augmentation mechanism, which effectively reduces entity confusion and avoids knowledge pollution issues, 
providing a reliable technical foundation for domain knowledge management and decision support. 

Application in advertising compliance knowledge graph: To further validate practical value in 
knowledge engineering, we conduct comprehensive knowledge graph construction experiments on advertising 
compliance data—a critical regulatory domain with complex ambiguity challenges. The experimental dataset 
comprises three interconnected sub-graphs: (1) illegal activities and legal evidence hierarchy, containing 2847 
illegal activity nodes connected to 9896 legal evidence nodes across a three-level structure (articles, items, 
subitems); (2) application ecosystem, including 8432 application nodes, 1156 platform nodes, and 2387 
influentials nodes representing social media accounts; and (3) multimodal regulatory classifications, 
comprising 4832 nodes across four core violation categories: inappropriate content, absolute and exaggerated 
claims, medical terminology misuse, and politically sensitive information. This multi-modal, hierarchical 
structure presents unique challenges for entity disambiguation, particularly in distinguishing between highly 
similar illegal activity categories and maintaining semantic coherence across different modalities. 

As shown in Table 6, ActiveIter-ED achieves substantial improvements across all evaluation metrics in the 
advertising compliance domain. Entity linking accuracy reaches 78.6%, representing a 5.1-percentage-point 
improvement over the baseline. This achievement indicates that, through the clarification sample 
augmentation mechanism, the model can effectively handle complex ambiguity issues inherent in the 
advertising regulation domain, accurately distinguishing between highly similar illegal activity categories 
and their corresponding multi-level legal provisions. More critically, the node correctness rate increases from 
74.5% to 77.7%. This improvement directly reflects the enhanced quality of knowledge graph construction, 
signifying a significant reduction in entity linking errors within the graph and effectively avoiding 

Table 5  Application effects in geological knowledge graph construction.  

Method Node correctness rate (%) Entity linking accuracy (%) Entity normalization rate (%) 

VerbalizED 58.3 62.6 63.4 
AcitveIter-ED 64.7 67.1 69.2 

Table 4  Impact (%) of different configurations of clarification sample augmentation. Values in bold indicate the best performance.   

Method 
Dataset 

Avg 
AIDA-B REDDIT-POSTS REDDIT-COMMENTS 

pclar = 0.5 87.1 92.7 88.5 89.4 
pclar = 0.3 85.8 92.1 87.8 88.6 (−0.8) 
pclar = 0.7 85.2 90.8 88.0 88.0 (−1.4) 
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“knowledge pollution”. In high-risk regulatory domains like advertising compliance, the improvement in 
node correctness is decisive for ensuring the accuracy of subsequent regulatory judgments. High-quality 
node linking ensures that illegal activities are accurately mapped to corresponding applications, platforms, or 
legal provisions, providing precise data support for regulatory enforcement. 

The consistent performance improvements across both geological exploration and advertising compliance 
domains provide strong evidence for ActiveIter-ED’s versatility and effectiveness in diverse knowledge 
engineering scenarios. The achievement of 78.6% entity linking accuracy and 77.7% node correctness rate in 
the advertising compliance domain—along with the previously reported 67.1% accuracy in geological 
domain construction—demonstrates that the clarification sample augmentation mechanism generalizes well 
across distinct application scenarios with different domain characteristics, hierarchical structures, and data 
modalities. This further validates the method’s practical value for real-world terminology extraction and 
knowledge fusion applications. 

Clarification question quality evaluation 

To ensure the reliability of the clarification sample augmentation mechanism, we conducted a systematic 
quality evaluation of the generated questions. We invited three natural language processing researchers to 
perform manual annotation, categorizing the questions into three quality levels. 

High-quality (85.2%): Questions that (a) directly target the key distinguishing features between the 
positive and negative entities, (b) are relevant to the domain context of the mention, and (c) are answerable 
based on the given context. For example, for the entity pair “Table Talk”, a high-quality question would be: 
“Does the term ‘Table Talk’ here refer to the syndicated American television talk show, or to the informal 
conversational genre exemplified by Martin Luther’s collected dinner-table discussions”. Medium-quality 
(10.3%): Questions that are relevant but are either too broad, too specific, or partially ambiguous. For 
example, for the entity pair “feral child”, asking “Where did this child come from” might be too broad, while 
asking “Was this child discovered in 1798” might be too specific to uniquely distinguish between different 
feral child cases or legal definitions from different periods. Low-quality (4.5%): Questions that are (a) too 
generic and applicable to almost any entity (e.g., ‘What is this entity’), (b) completely unrelated to the entity 
pair, (c) factually incorrect, or (d) unanswerable within the given context. 

Among the 15% of medium or low-quality questions, we identified three common failure modes. First, 
overly generic questions (e.g., asking ‘What is this’) failed to provide distinguishing information, accounting 
for about 6% of all questions. Second, entity-specific but contextually irrelevant questions (e.g., asking “Did 
he create ‘Snow White’” for the mention “Walt Disney” in a context discussing the history of animation) are 
relevant to the entity but cannot distinguish the author of Snow White from a car race event within the given 
context, accounting for about 5% of cases. Third, factually inconsistent or hallucinated questions (e.g., 
assigning incorrect attributes to an entity) accounted for the remaining 4%. These failures primarily stem 
from sparse or conflicting information in entity descriptions, highlighting the necessity of introducing a 

Table 6  Application effects in advertising compliance knowledge graph construction.  

Method Node correctness rate (%) Entity linking accuracy (%) Entity normalization rate (%) 

VerbalizED 74.5 73.5 70.2 
AcitveIter-ED 77.7 78.6 75.6 
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quality filtering mechanism. 

Case study 

To concretely illustrate the advantage of the clarification sample augmentation mechanism over the 
VerbalizED baseline method, this paper presents a detailed case study involving the disambiguation of 
Putaohua Oil Layer in reserve report texts. This case represents a typical phenomenon of hierarchical 
semantic drift prevalent in geological terminology, where the same geological unit is annotated as different 
entity types across various contexts. 

The entity mention “Putaohua Oil Layer” appears in the corpus with three distinct semantic roles: 
(1) geological feature, (2) target layer, and (3) oil-bearing layer. Although all three refer to the same 
geological formation, their conceptual boundaries in the knowledge graph differ significantly depending on 
contextual usage. For the positive-negative sample pair, the LLM-driven clarification module generates the 
following discriminative question with high information gain.  

[Clarification: Is the current mention discussing the layer in the context of its stratigraphic position within 
the Yaojia Formation, or is it being referenced as a specific reservoir unit with oil-bearing parameters such as 
porosity and permeability] 

This question is embedded into the entity representation during training with probability pclar = 0.5, 
enabling the model to learn that the interpretation of resource attribute requires association with quantitative 
parameters, whereas the interpretation of geological feature emphasizes stratigraphic relationships. 

On this specific ambiguity type, VerbalizED frequently conflates the three semantic roles, often 
misclassifying mentions of the oil-bearing layer as generic geological features when they appear in contexts 
involving reserve quantification, or erroneously interpreting stratigraphic position references as drilling 
targets. In contrast, ActiveIter-ED successfully disambiguates these hierarchical roles by leveraging 
ontology-aware clarification questions: it correctly identifies the resource attribute interpretation when the 
context involves quantitative parameters and associated reserve calculations, distinguishes the target layer 
interpretation in drilling operation contexts, and recognizes the geological feature interpretation in 
stratigraphic discussions. The clarification sample augmentation mechanism enables the model to learn these 
subtle contextual cues through discriminative questioning, effectively resolving semantic drift that traditional 
dual-encoder architectures fail to capture despite processing identical surface forms. 

DISCUSSION 

The current method has the following limitations. 
(1) Dependence on entity description quality: For entities with incomplete or poor-quality descriptions, 

the quality of generated clarification questions also decreases, affecting disambiguation effectiveness. 
(2) Clarification question generation quality: While 85% of generated questions are high-quality, the 

remaining 15% are of medium or low quality—requiring further optimization of generation strategies. 
(3) Multilingual generalization: The method has only been evaluated on English data; its effectiveness in 

multilingual scenarios (particularly multilingual clarification question generation) remains unvalidated. 
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Future work directions include: improving clarification question generation, introducing quality 
assessment mechanisms to automatically filter low-quality questions. Dynamic clarification question 
generation: we will explore generating questions in real time during training (instead of pre-generation) to 
enhance adaptability. Multilingual support: we will extend the method to multilingual and cross-lingual 
entity disambiguation, with tailored multilingual clarification question generation strategies.  

CONCLUSION 

This paper proposes ActiveIter-ED, an enhanced entity disambiguation framework based on active task 
disambiguation. Our core innovation is the clarification sample augmentation mechanism, generating 
discriminative clarification questions via large language models and dynamically embedding them into the 
training process to enable the model to distinguish easily confusable entity pairs. 

(1) Clarification sample augmentation mechanism: A three-stage pipeline (hard negative sample 
discovery, LLM-driven clarification question generation, dynamic embedding during training) is designed— 
the first method to systematically embed clarification questions into entity disambiguation training. 

(2) Significant performance improvements: Across 8 ZELDA test sets, ActiveIter-ED achieves an 
average 0.7-percentage-point improvement over the baseline, with the most notable gain (4.5 percentage 
points) on the AIDA-B dataset. 

(3) Systematic experimental validation: The method’s effectiveness is verified on standard benchmarks 
(ZELDA, AIDA-Yago), with improvements on 4 out of 8 test sets. Detailed case analysis demonstrates the 
practical value of clarification questions. 

(4) Domain knowledge graph construction application validation: Experiments on geological datasets 
show that ActiveIter-ED improves entity linking accuracy from 62.6% to 67.1% and knowledge graph node 
correctness from 58.3% to 64.7%—significantly enhancing domain knowledge graph quality and providing 
technical support for terminology extraction and knowledge fusion. 

Our work not only presents an effective technical solution for entity disambiguation but also offers 
practical insights for system design via systematic ablation studies. In the future, we will explore applications 
in multilingual and zero-shot scenarios, while further optimizing clarification question quality and 
computational efficiency. 
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