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Abstract

Representing query translation into relevant
entities is a critical component of an infor-
mation retrieval system. This paper proposes
an unsupervised framework, ESAQueryRank,
designed to process natural language queries
by mapping n-gram phrases to Wikipedia ti-
tles and ranking potential entity and phrase
combinations using Explicit Semantic Analy-
sis. Unlike previous approaches, this frame-
work does not rely on query expansion, syn-
tactic parsing, or manual annotation. Instead,
it leverages Wikipedia metadata—such as ti-
tles, redirects, disambiguation pages to dis-
ambiguate entities and identify the most rel-
evant ones based on cosine similarity in the
ESA space. ESAQueryRank is evaluated
using a random set of TREC questions and
compared against a keyword-based approach
and a context-based question translation model
(CBQT). In all comparisons of full category
types, ESAQueryRank consistently shows bet-
ter results against both methods. Notably, the
framework excels with more complex queries,
achieving improvements in Mean Reciprocal
Rank (MRR) of up to 480% for intricate
queries like those beginning with “Why,” even
without explicitly incorporating the question
type. These results demonstrate that ESA-
QueryRank is an effective, transparent, and
domain-independent framework for building
natural language interfaces.

1 Introduction

Following the COVID-19 pandemic, global re-
liance on digital platforms for information, ed-
ucation, and remote services has grown signifi-
cantly. Users now submit complex natural lan-
guage queries covering diverse topics while expect-
ing accurate and semantically relevant results from
shorter queries. This shift has exposed the limita-
tions of traditional keyword-based search models.
Early search engines used the bag-of-words model,

treating documents and queries as unordered key-
word sets. While effective for exact matches, this
approach lacked semantic understanding, context,
and word order—key elements in natural language
interpretation. To address these challenges, various
research has explored structured external knowl-
edge sources like Wikipedia. For example, the
CBQT framework (Wang et al., 2024) extracts and
connects entities via Wikipedia’s link structure.
However, it relies heavily on graph traversal and
does not explicitly model semantic coherence.

In this work, we argue that mapping queries to
Wikipedia entities is a powerful tool for building
more efficient and context-aware information re-
trieval systems. For instance, a customer support
system where users ask queries like “What is the
refund policy?” If the system can understand that
“refund policy” is linked to a specific article, it can
return more relevant and contextually precise an-
swers. Similarly, in medical applications, where
user queries can address diseases, or medications,
the ability to map queries to entities like “Paraceta-
mol” can enable more accurate responses, improv-
ing user satisfaction and operational efficiency.

Inspired from these, we propose ESAQue-
ryRank, a fully unsupervised, concept-based ap-
proach using Explicit Semantic Analysis (ESA).
Unlike prior work that merely relied on different
effective query expansion techniques(Gupta and
Dixit, 2023), ESAQueryRank generates and ranks
query-term phrases, selecting the most semantically
coherent interpretation within a high-dimensional
Wikipedia concept space. The framework maps
n-grams with wikipedia articles, leveraging cosine
similarity within the ESA space to rank poten-
tial entity-phrase combinations. The step filters
n-grams that does not represent Wikipedia entity.

After mapping the query n-grams to Wikipedia
entities, we build all non-overlapping query-term
combinations from relevant phrases. Each query-
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term combination is then converted in semantic vec-
tor using Explicit Semantic Analysis and ranked
by cosine similarity to relevant Wikipedia seman-
tic interpretation vectors associated with matched
Wikipedia entities. The selection of best query-
term combination is based on the highest score.
This is worth mentioning that each query-term com-
bination include n-grams that represents one of
Wikipedia entities. Based on the highest ranked
query-term combination, we feed the combination
to an independent external search engine.

To evaluate our approach, we use TREC QA
dataset and demonstrate that it consistently shows
better results over standard keyword-based base-
lines and heuristic graph approaches in terms of
wikipedia entity resolution accuracy and Mean Re-
ciprocal Rank (MRR).

2 Related Work

Our work bridges the areas of semantic query
interpretation, entity disambiguation and linking,
concept-based representation via ESA.

Entity Disambiguation and Linking. Entity dis-
ambiguation has seen a range of approaches, from
supervised learning (Pons et al., 2024; Liu and
Nag, 2025) to large-scale, weakly supervised link-
ing (Logeswaran, 2019). Recent efforts incorporate
language models like BERT for contextualized en-
tity linking (Wu, 2020; Yan et al., 2025). While
effective, these models often require large training
datasets and lack interpretability. In contrast, ESA
offers a transparent, domain-independent alterna-
tive that requires no supervised training.

Concept-Based Representation via ESA.
ESA (Gabrilovich and Markovitch, 2007) in-
troduced a sparse, interpretable semantic space
using Wikipedia concepts. Although neural
embeddings like graph embedding (Ye et al., 2022)
or BERT (Devlin et al., 2019; Tashu et al., 2025)
have become dominant, ESA remains attractive
for systems where concept-level reasoning and
interpretability are required. For example, Potthast
et al. (Potthast et al., 2008) applied ESA to demon-
strate its robustness across different domains.
In our work, it enables similarity computation
between user queries and Wikipedia entities, pro-
viding an interpretable and domain-independent
framework for semantic matching.

Semantic Query Interpretation. Work in query
understanding has shifted from lexical to semantic

modeling. Approaches such as query rewriting us-
ing large language models (Kazi et al., 2025; Liu
and Mozafari, 2024) and context-aware reformu-
lation (Li et al., 2021) often rely on dense neural
retrieval. Our method avoids query rewriting alto-
gether and provides an interpretable alternative to
deep learning-based approaches.

3 ESAQueryRank

Figure 1 shows the end-to-end approach involved
in ESAQueryRank for interpreting natural language
questions through semantic matching.

3.1 Wikipedia Entity Matching and
Disambiguation Handling

The process begins with processing user query to
extract all possible n-grams up to a predefined max-
imum length (typically, four). Each n-gram candi-
date is then matched against wikipedia title/entity.

The system incorporates redirect pages and dis-
ambiguation page titles (DPTs). If any page refers
to any potential redirected entity, we considered
the redirected entity for later computation, as the
redirected entity contains the most relevant infor-
mation about the potential entity. Redirects are
recursively resolved to their canonical titles. For
a disambiguation page, the content of the entity is
a list of entities that may match the entity in the
common context. For example, in “Mercury (dis-
ambiguation),”1 the entity refers to multiple entities
in different contexts, such as a planet, or a chemical
component. To resolve, for phrases matching a dis-
ambiguation page, all linked entities are extracted,
and ambiguity is resolved using TF-IDF-based co-
sine similarity. We compute the cosine similarity
between the semantic vector of the user query, for
our case, the question, and the vector representation
of each candidate article. The most semantically
similar Wikipedia entity is retained.

In some cases, a page may serve both as a redi-
rect and linked in a disambiguation page, based on
the context. For example, “United States” is the
canonical entity for “US” and “USA,” and is also
linked from “America (disambiguation).” These are
resolved by recursively identifying the final canon-
ical entity while retaining all potentially linked
wikipedia entities for disambiguation. The system
ensures and handles hybrid cases effectively while
maintaining both correctness and coverage.

1https://en.wikipedia.org/w/index.php?
title=Mercury_(disambiguation)

https://en.wikipedia.org/w/index.php?title=Mercury_(disambiguation)
https://en.wikipedia.org/w/index.php?title=Mercury_(disambiguation)
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Figure 1: ESAQueryRank Flow for Processing Natural Language Queries.

3.2 Query Interpretation Generation

A query interpretation, in turn, is defined as a set
of non-overlapping query-term combinations that
together capture the semantic meaning of the orig-
inal query. For instance, the query “Name a film
that has won the Golden Bear in the Berlin Film
Festival” may yield combinations such as {berlin
film festival, Golden Bear} or {berlin film festival,
won}. Each query-term combination is treated as a
distinct candidate for query interpretation. To deter-
mine which combination most accurately reflects
the user’s intent, we use ESA-based representation.

3.3 ESA-Based Semantic Representation

Explicit Semantic Analysis (ESA)(Gabrilovich and
Markovitch, 2007) is a concept-based semantic rep-
resentation technique that maps text, for our prob-
lem, user query, into a high-dimensional space of
Wikipedia concepts. Each dimension corresponds
to a Wikipedia article, and the relevance of that
concept to the input text is quantified using TF-IDF
weighting based on the shared term frequency.

Let T be a query-term combination and D =
{d1, d2, . . . , dN} be the set of Wikipedia articles
used as concepts, where each dj corresponds to a
distinct Wikipedia article. Let wi be a word in T
and vT denotes the ESA vector representation of T .
TFIDF(wi) represents the TF-IDF weight of word
wi and kj be an inverted index entry for word wi,
that quantifies the strength of association between
word wi and Wikipedia article dj , where dj ∈ D.

vT [j] =
∑
wi∈T

TFIDF(wi) ∗ (kj) (1)

for each dimension j = 1, . . . , N , where N is
the number of Wikipedia concepts.

3.4 Top Query-Term Combination with
k-Ranked Wikipedia Entities

We compute the cosine similarity between the ESA
vector of each query-term combination and the cor-
responding matched Wikipedia entities. This step
aims to identify a sequence of Wikipedia entities
that best reflects various combinations of query
terms. Based on extensive experimental analysis,
we rank the top k entities, which are found to be op-
timal for our task, where k = 3. Based on the top-3
entities, we construct non-overlapping query-term
combination, that represents query interpretation.

3.5 Document Retrieval
This query interpretation then is passed to an ex-
ternal search engine (in our case, Google), which
retrieves relevant documents or search results. The
search engine is independent and robust enough to
evaluate the query interpretation and return results
that closely align with the original query’s intent.

4 Experiment Details

4.1 Data and Evaluation
We use the English Wikipedia dump2 as our knowl-
edge base, indexing article metadata including ti-
tles, full content, redirects, disambiguation flags,
and internal page links, following standard prac-
tices. To ensure relevance, we exclude non-article
content such as templates, user pages, user talk
pages, Wikipedia management pages, file pages,

2https://dumps.wikimedia.org/

https://dumps.wikimedia.org/
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Question Type Question Type Baseline CBQT ESAQueryRank
“Where” 92 0.39 0.47 0.41
“How XX” 80 0.16 0.13 0.17
“When” 67 0.29 0.42 0.36
“Name a” 20 0.38 0.44 0.53
“Name the” 8 0.38 0.52 0.59
“How” 5 0.27 0.51 0.63
“Why” 4 0.05 0.11 0.29

Table 1: The detailed MRR comparisons with previous work on google search results. We use the paired t-test with
significance at p ≤ 0.05.

Figure 2: MRR comparison across question types. Per-
centage gains over the baseline and CBQT are annotated
above the green bars.

category pages, and help documents. All data is
stored and queried efficiently using SQLite.

We evaluate our open-domain question answer-
ing system using the TREC3 question collection on
a random sample of 270+ natural language queries.
These are manually categorized into seven types,
as shown in Table 1. The system feeds the query
interpretation to external search engine Google for
document retreival. For each original question,
we retrieve the top N = 10 results and compare
titles and snippets against TREC’s gold-standard
answers. We compare our approach against the
baseline strategy and CBQT(Wang et al., 2024).

4.2 Experimental Results

Table 1 presents the MRR comparison between the
baseline, Context-Based Query Translation from
Wang et al. (2024), and our proposed approach,
ESAQueryRank. As shown, ESAQueryRank out-
performs the baseline in five out of seven question
categories, achieving a maximum improvement of
480% in the “Why” category. Our approach con-
sistently demonstrates substantial improvements
across almost all question types, with MRR in-
creases exceeding 30% over the baseline. This
indicates ESAQueryRank’s effectiveness in gener-
ating semantically aligned queries, especially in

3https://trec.nist.gov/data/qa.html

contexts where surface-level matching is insuffi-
cient. Figure 2 further illustrates the comparative
performance of CBQT and ESAQueryRank against
the baseline on Google search results. Notably,
question types such as “How” and “Why” show
significant gains, reflecting ESAQueryRank’s abil-
ity to better interpret user intent and retrieve more
relevant answers with greater precision than both
the baseline and CBQT.

5 Conclusion

ESAQueryRank is an unsupervised, concept-
based framework for interpreting and ranking en-
tity and query-term combinations from natural lan-
guage queries. Being based on ESA, it generates
semantically coherent interpretations without query
expansion, supervised learning based embeddings.

ESAQueryRank has been shown promosing re-
sults over keyword-based baseline and the Context-
Based Question Translation model (CBQT) in par-
ticular for semantically complex query types like
“Why” and “How.” Its transparent design and use of
open-domain knowledge sourced from Wikipedia
make it scalable and domain-independent.

The main contribution lies in a semantically rich
query understanding model that avoids any query
interpretations based on lexical overlap or dense
embeddings but relies on Wikipedia-derived con-
cept vectors without any defined training data or
normalized concepts. This way, by grounding dis-
ambiguation and ranking in Wikipedia concept
space, we increase the quality of query interpre-
tations in ways that do not rely on labeled data.
As a future work, We plan to combine ESA-based
scores with the output of pre-trained language mod-
els (e.g., BERT) while keeping an interval notion of
interpretability and evaluate on large-scale bench-
marks such as SQuAD2.0.

https://trec.nist.gov/data/qa.html
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