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Abstract - Document indexing is a critical component of effective information retrieval systems. However, when dealing with short
texts containing limited context and domain-specific terminology, traditional indexing methods often fall short, resulting in low-quality
retrieval performance. Traditional Bag-of-Words (BoW) representations that rely solely on document terms are insufficient in this case.
This paper introduces an enhanced BoW-BoC indexing approach that leverages generative Al to extract high-level contextual concepts
from short documents. These Al-generated concepts form a Bag-of-Concepts (BoC) representation, which is integrated with the Bow
model to enrich document representations. During retrieval, the FastText embedding model is used to semantically match query terms
with the combined BoW and BoC representations. Experimental results show that the proposed method significantly improves indexing
and retrieval performance for semantically sparse short texts, without relying on static knowledge structures.

Keywords: Indexing, Short text, LLM, Generative Al, GPT, Document retrieval, Word embeddings, FastText

1. Introduction

The effectiveness of Information Retrieval Systems (IRS) largely depends on how well documents and user queries are
represented. However, when documents contain sparse or rare terms with limited context, generating meaningful
representations becomes challenging [1]. Common examples of documents containing figures and minimal text include
financial report and statistical documents. In the literature [2] - [5], short documents also encompass microblogs (e.g., X
posts), question-answer (QA) corpora, and abstracts. A widely used approach for representing documents in IRS is the Bag
of Words (BoW) model, which extracts and indexes relevant terms from documents. However, short documents typically
suffer from term sparsity and rarity, limiting their ability to capture semantic content.

In recent years, new techniques have emerged to create contextual representation of documents, improving hence the
retrieval process in IRS. Notable among these are the Bag of Concepts (BoC) representation [6], [7] and word embeddings
[8], [9]. BoC enriches term meaning by mapping terms to concepts from structured knowledge bases such as ontologies,
thesauri, or dictionaries. Word embeddings, on the other hand, generate dense vector representations that capture semantic
relationships based on pre-training on text corpora. Models like Word2Vec [10], GloVe [11], FastText [12] and BERT [13]
are examples of word embeddings commonly used for this purpose. While these techniques improve retrieval performance
for long, content-rich documents, they present challenges for short or domain-specific texts. BoC requires domain-specific
knowledge structures, which are often complex to build and maintain [14], and word embeddings rely on pre-training with
large, domain-relevant corpora that are often difficult to obtain. Moreover, both approaches assume a sufficiently rich initial
text representation, which is often lacking in short documents.

Recent advances in Artificial Intelligence (Al) and machine learning have led to the development of powerful deep
neural network models such as transformers [15], [16], which have shown remarkable performance when trained on large-
scale text data. These developments have enabled the rise of large language models (LLMs) [17], including the widely known
GPT series [18]. Generative Al tools like ChatGPT [19] and Claude [20], built on transformer architectures, demonstrate
strong capabilities in understanding semantic meaning, even in texts with rare or sparse terms. These capabilities present new
opportunities for enhancing document indexing and retrieval, particularly for short texts. In this paper, we propose an
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improved indexing approach that combines the traditional BoW representation with a BoC representation, where the concepts
are generated by a generative Al model. This approach builds upon a previous method [21], itself an extension of the BoW-
BoC indexing technique presented in CIST 24 [1]. The original method employed a domain-specific lexicon to derive BoC
concepts, chosen for its ease of implementation and maintenance. In contrast, our improved approach leverages generative
Al, specifically the GPT-40 model, to extract relevant concepts without relying on handcrafted or domain-specific knowledge
structures, which are often complex and costly to maintain.

The remainder of this paper is organized as follows. Section 2 reviews recent advances in document indexing. Section 3
introduces the concept of the improved BoW-BoC indexing approach. Section 4 presents preliminary results obtained from
applying the approach to a short-text dataset. Conclusion and future work are presented in section 5.

2. Related Work

Numerous studies in the field of IRS have focused on improving query processing and document retrieval through
techniques such as domain ontologies [22], [23], word embeddings [24] - [27], and, more recently, LLMs [21], [28].
However, relatively few have addressed the indexing stage, which is critical in IRS, as it directly impacts retrieval
effectiveness.

Among the notable recent contributions to document indexing, Aliwy et al. [29] proposed a method combining word
sense disambiguation (WSD) and named entity recognition (NER) to enhance indexing and retrieval tasks in digital library
management systems. Their indexing system relies on Part-of-Speech (POS) tagging and NER techniques, with a voting
mechanism employed to consolidate the outputs of these methods, enabling accurate annotation and indexing of the library
content. Sharma and Kumar [30] introduced a hybrid semantic indexing approach for unstructured documents, integrating
domain ontologies with the Skip-gram model from Word2Vec and a negative sampling-based machine learning approach to
extract relevant concepts for indexing. In another study, Dai and Callan [31] explored the use of deep contextualized
embeddings from BERT for indexing. The authors proposed a Deep Contextualized Term Weighting framework (DeepCT),
a framework that computes context-aware term weights using a pre-trained BERT model. These weights are then
incorporated into an inverted index to better capture term relevance, leading to improved retrieval accuracy. Recently, the
use of LLMs has extended to generative retrieval [32], where models learn to associate queries directly with document
identifiers (docids) during pre-training. While promising, this approach has limitations, including high training costs and
poor adaptability to dynamic document collections. To overcome these issues, [33] introduced Few-Shot GR, a retrieval
framework that uses LLM prompting to generate docids to both documents and queries, enabling efficient indexing and
retrieval through a docid bank constructed in a few-shot manner.

Despite these advancements, most existing work focuses primarily on the retrieval phase and assumes that documents
contain rich, diverse vocabulary. This overlooks a critical challenge - term scarcity - which is particularly problematic in
short documents that often lack sufficient content for effective indexing. To address this gap, our work explores the use of
generative Al for enhancing the indexing of short texts by enriching them with semantically meaningful concepts.

3. The BoW-BoC Indexing Approach Using Generative Al

To enhance the semantic representation of short documents, we propose a BoW-generated-AI-BoC indexing approach,
in which the BoC component is generated using GPT-40, building on the findings of our previous work [21]. Unlike the
earlier method in [1], which relied on a domain-specific lexicon, our approach uses generative Al to extract contextual
concepts directly from document content. The resulting terms from the indexing process are then used as an enriched
representation for document retrieval, enabling the construction of semantic vectors through word embeddings.

3.1. Document Indexing

As illustrated in Fig. 1, the indexing process begins with standard text preprocessing of documents, including
tokenization, lowercasing, and stopword removal, to produce the BoW representation. Simultaneously, each document is
input to GPT-40 using zero-shot prompts to generate a set of high-level concepts that reflect the semantic themes of document
content. These Al-generated concepts form the BoC representation. Since the generated concepts may include multi-word
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expressions and overlap with existing BoW terms, a filtering step is applied to retain only single-word, unique concepts
suitable for indexing.

The final outcome of this process is a BoW-T structure associated to an inverted index scheme. In this structure, each
document’s traditional BoW representation is paired with its Al-generated BoC counterpart. These combined representations
are later used in the retrieval process to improve semantic matching and document relevance to user queries.

Preprocessing
(Tokenisation, stopword removal)

Indexing Output

R d; = BoW; ={f1,...,f“} ~—

j ”._,' H-\""-\.._.
| . Inverted index BoW-Tstructure
Documents Generative Al processing
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Fig. 1: BoW-generated-AI-BoC indexing approach.

3.2. Document Retrieval

During the retrieval phase (Fig. 2), we use FastText embeddings [12] to generate rich semantic representations of both
documents and user queries, enabling more effective matching. FastText is a word representation technique developed by
Facebook's Al Research (FAIR) lab that extends the Word2Vec model [10] by incorporating subword (character n-gram)
information. Instead of learning vectors for entire words, FastText represents each word as a bag of character n-grams,
enabling it to generate embeddings for rare or even out-of-vocabulary words. These features make FastText particularly well-
suited for handling domain-specific terms, abbreviations, and morphological variants, which are common in this research
context [1].

Fig. 2 depicts the retrieval process of short documents. The BoW and BoC representations of documents are initially
retrieved from the index base and the BoW-T structure based on matching terms from the user query. The selected terms
from each document are then input into FastText to generate dense vector representations. On the other hand, user queries
undergo preprocessing (tokenization, stopword removal, and filtering to retain only single, unique words) before being
processed by FastText. Finally, cosine similarity is used to compare the dense vectors of documents and the query, allowing
for effective semantic retrieval and ranking of relevant documents.
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Fig. 2: Document retrieval process.

4. Experimentation

The BoW-generated-AI-BoC indexing approach was implemented using Apache Lucene (version 9.9) and tested on a
machine with a Core i7 CPU, 16GB of RAM, and a 64-bit Windows operating system. To evaluate the new approach, we
used the same open dataset from the Word Bank Group' and the same set of queries as in the previous version of the method
[1] ensuring a fair comparison. For the retrieval phase using word embeddings, the FastText model was pre-trained on a
custom corpus of 4,500 short documents extracted from Kaggle?. These documents, downloaded in CSV format, were

FastText
Embeddings

S

Cosine Similarity Ranked results

computation

selected using keywords related to economy and business, roughly corresponding to the domain of the test corpus.

Table 1 presents the results of the proposed method, evaluated using standard information retrieval metrics: precision,
recall and F1-Score. For comparative analysis, we also implemented the retrieval process using the WScore formula (used in
the earlier version of the approach) instead of FastText embeddings. Table 2 presents the F1-scores of the previous BoW-
BoC indexing method and the new approach using the FastText and WScore retrieval strategies. Table 3 summarizes the

performance gains achieved by our approach over other methods.

Table 2: F1-Score results of three approaches: (1) BoW-BoC indexing, (2) BoW-generated-AI-BoC indexing with FastText

Table 1: Query processing results using BoW-generated-Al-BoC indexing and FastText retrieval.

Queries Precision Recall F1-Score
Q1 0.929 0.867 0.897
Q2 1 0.938 0.968
Q3 1 0.858 0.924
Q4 0.938 0.883 0.91
Q5 1 0.819 0.901
Q6 0.858 0.924 0.89

retrieval strategy, and (3) BoW-generated-AI-BoC indexing with WScore retrieval strategy.

Queries F1-Score of BoW-BoC | F1-Score of BoW-generated-Al- | F1-Score of BoW-generated-
indexing BoC and FastText retrieval AI-BoC and WScore retrieval

Q1 0.858 0.897 0.871

Q2 0.934 0.968 0.942

!https://datatopics.worldbank.org/world-development-indicators/
2 https://www.kaggle.com/datasets
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Q3 0.881 0.924 0.901
Q4 0.824 0.91 0.883
Q5 0.816 0.901 0.897
Q6 0.751 0.89 0.816

Table 3: Comparison of improvement rates.

Approach Average F1-Score F1-Score improvement rate
BoW-BoC indexing 0.844 48.86%
BoW-generated-Al-BoC  indexing 0.915 61.38%

and FastText retrieval

BoW-generated-AI-BoC indexing 0.885 56.09%

and WScore retrieval

These latest results clearly demonstrate that contextual information in document representation is essential for effectively
addressing user queries. The proposed BoW-generated-Al-BoC indexing approach significantly enhanced short-document
retrieval, achieving high precision and recall across all six queries, with an average F1-score of 0.915. This represents a
61.38% improvement over the traditional indexing approach, which does not apply enhancement techniques during indexing
and retrieval. The proposed approach outperformed the previous BoW-BoC indexing method, showing a 25.62% increase in
average F1-score.

The integration of FastText embeddings during retrieval also played a crucial role in boosting performance, as shown in
Table 2 et Table 3. While the WScore formula, which combines BoW and BoC representations using predefined weights,
improved the average F1-score to 0.885, a 56.09% increase over traditional indexing, it was still less effective than word
embeddings, which provide richer semantic representations and, consequently, better retrieval results. Indeed, although word
embeddings are widely recognized for their ability to enhance semantic understanding, they require a sufficiently
representative initial term set to generate meaningful dense vectors. In our context - short texts featuring a few terms,
including domain-specific ones -, document content is often sparse and lacks the depth needed for traditional semantic
modeling. For this reason, our method combines BoW and Al-generated BoC representations, using LLMs like GPT-40 to
extract high-level concepts and enrich the initial term space.

Ultimately, by leveraging generative Al to enhance document indexing, our approach demonstrates the importance of a
semantically rich representation, especially in scenarios involving short texts. Even when advanced retrieval methods like
word embeddings are applied, performance gains depend heavily on the quality of the document's initial semantic structure.

5. Conclusion

This paper presented the BoW-generated-Al-BoC indexing approach, an enhanced version of the BoW-BoC method
introduced at CIST’24. The proposed approach leverages generative Al, specifically the GPT-40 model, to generate
contextual concepts during the indexing phase, enriching the traditional BoW representation of documents with a
complementary BoC layer. This integration enhances the semantic representation of short documents during their retrieval.
In addition, the retrieval phase was improved by incorporating FastText embeddings, enabling more effective semantic
matching between documents and user queries. Experimental results on short texts demonstrated significant performance
gains over both the traditional indexing approach and the initial BoW-BoC method, highlighting the importance of
incorporating semantically relevant terms to capture the full meaning of document content.

Notably, the findings also show that effective document indexing and retrieval can be achieved without relying on
structured knowledge bases such as domain-specific lexicons and ontologies, which are often labor-intensive to build and
maintain. By utilizing generative Al to identify high-level concepts, the approach offers a scalable and flexible alternative
for improving short-text retrieval.
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Future work will focus on optimizing the indexing structure by exploring vector store indexes, data structures that store
documents as high-dimensional vectors derived from advanced embedding models. Planned experiments will evaluate the
effectiveness of various embeddings, including those from OpenAl, S-BERT, and FastText, to further enhance semantic
indexing and retrieval.
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