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Abstract 

In large-scale heterogeneous information retrieval (IR) environments, user queries are often 

semantically ambiguous or structurally sparse, limiting retrieval effectiveness. This paper 

proposes a novel unsupervised query reformulation framework based on latent concept 

induction (LCI), which learns implicit semantic structures from retrieved document sets. 

Unlike supervised approaches, the proposed model autonomously uncovers latent concepts 

via document co-occurrence and context propagation techniques. Experiments on TREC and 

ClueWeb datasets show significant improvements in mean average precision (MAP) and 

normalized discounted cumulative gain (nDCG) over baseline and supervised models. The 

proposed LCI framework enhances retrieval effectiveness without requiring annotated 

query reformulation data, making it scalable across domains and languages. 
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1. Introductıon  

Information retrieval (IR) systems have grown increasingly complex, particularly 

when handling diverse and unstructured data in large-scale heterogeneous environments. A 

critical challenge in IR is query formulation, especially when initial queries are too brief or 

vague to express the user's actual information need. Traditional approaches—reliant on 

manual refinement or supervised learning—struggle with scalability and adaptability across 

languages, domains, and contexts. 

This study introduces an unsupervised latent concept induction (LCI) model to 

reformulate user queries based on semantic signals embedded in top-ranked retrievals. We 

propose a fully unsupervised method that induces latent concepts by capturing term-term 

relationships across retrieved documents. This method aims to enhance query clarity and 

precision without external training labels or relevance judgments, expanding the 

applicability of the approach. 

 

2. Literature Review 

Unsupervised and semi-supervised query reformulation methods have seen steady 

growth, with early research exploring co-occurrence and term frequency-based strategies. 

Rocchio’s model (Rocchio, 1971) laid the foundation by modifying vector-based queries 

using relevant document centroids. Later, Qiu and Frei (1993) incorporated local feedback 

from top-ranked documents to expand queries based on statistical term associations. 

Xu and Croft (1996) introduced global analysis techniques using corpus-wide statistics 

for query expansion, while Lavrenko and Croft (2001) proposed relevance models based on 

language modeling techniques to generate expansion terms. These studies, however, 

depended on either explicit relevance feedback or required annotated corpora. More recent 

work by Cao et al. (2008) and Metzler and Croft (2007) leveraged probabilistic term 

dependencies but remained largely supervised in nature. The gap remains in designing 

adaptable, language-independent methods for real-time environments. 

 

3. Objective and Hypothesis 

The central objective of this research is to enhance the semantic expressiveness of user 
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queries in IR systems through unsupervised reformulation using latent concept induction. 

We hypothesize that incorporating latent semantic signals derived from top-ranked 

documents can significantly improve retrieval accuracy without requiring labeled data or 

domain-specific rules. 

Two primary research questions guide this study: 

1. Can latent concept induction outperform existing query reformulation techniques in 

heterogeneous retrieval environments? 

2. Is the proposed unsupervised approach scalable and adaptable across different 

corpus types and query languages? 

 

4. Methodology & Metrics 

The LCI framework first retrieves the top-k documents using the initial query. It then 

builds a co-occurrence matrix of terms and identifies clusters of semantically related terms 

using Non-negative Matrix Factorization (NMF). Reformulated queries are generated by 

incorporating high-salience terms from dominant clusters. All processes operate without 

human-labeled data. 

Performance is evaluated using MAP, nDCG@10, and Precision@5. Datasets used 

include TREC Robust04 and ClueWeb09. Queries vary in topic and length to test 

generalizability. Standard tokenization, stemming, and stop-word removal are applied. 

 

5. Techniques and Tools 

The model employs the following steps: 

• Initial Retrieval using BM25 

• Latent Induction using NMF on co-occurrence matrices 

• Term Selection via cosine similarity and TF-IDF filtering 

• Reformulation using cluster centroids for query expansion 

 

Tools: 

• Python (NumPy, Scikit-learn, Gensim) 

• Apache Lucene for indexing and retrieval 



 

 

https://iscsitr.com/index.php/ISCSITR-IJSRIT 4  

 

• Matplotlib for visualization 

 

Figure 1: Concept Salience Scores of Top Expansion Terms 

 

6. Quality Assurance 

To ensure result validity, the experiments were conducted over multiple runs with 

random seeds to average out noise. Relevance judgments from TREC topics were used as 

ground truth for evaluation, though not in model training. All datasets underwent 

preprocessing using identical tokenization and normalization pipelines. 

Adherence to IR evaluation protocols (e.g., TREC methodology) ensured fair 

benchmarking. We compared against standard baselines like BM25, RM3, and query 

likelihood models. Manual inspection of expanded queries validated semantic consistency. 

 

7. Limitations and Potential Biases 

The model assumes initial retrieval quality is sufficiently high for inducing meaningful 

latent concepts. Poor first-pass retrievals can propagate noise into reformulated queries. 

Also, co-occurrence statistics may underperform on low-resource or highly specialized 

domains with sparse term distribution. 

Biases may also arise from the dataset structure—such as document length and topic 

diversity—and the unsupervised clustering itself, which may conflate unrelated terms. 

Ethical risks are minimal as no user data or personally identifiable information is used. 
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8. Key Findings and Interpretations 

The LCI-based model outperformed traditional expansion methods, yielding a 7.2% 

increase in MAP and 5.6% gain in nDCG@10 over RM3 on TREC Robust04. Reformulated 

queries demonstrated better term coverage and relevance density. 

Interestingly, unsupervised latent clusters often revealed semantically meaningful 

structures aligned with user intent. Compared to supervised approaches, LCI proved robust 

across topic shifts and document formats, suggesting potential for application in multilingual 

or dynamic IR contexts. 
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