
Reciprocal Rank Fusion Based Hybrid Dense–Sparse
Information Retrieval on Code-Mixed Banglish Social
Media Text
Burhanuddin Merchant1,*,†, Ashwaq Khazi1,† and Sheetal S. Sonawane1

1SCTR’s Pune Institute of Computer Technology, Pune, India

Abstract
Social media platforms generate vast amounts of code-mixed text, such as Banglish (Bengali-English), which
poses unique challenges for information retrieval due to spelling variations, transliterations, and informal usage.
Traditional sparse retrieval methods like BM25 fail to fully capture semantic meaning, while dense embedding
models such as Sentence Transformers may overlook lexical matches. In this work, we propose a hybrid
retrieval framework that integrates BM25 and a triplet-tuned Sentence Transformer model using Reciprocal
Rank Fusion (RRF). Our approach leverages the complementary strengths of sparse and dense retrieval, ensuring
robust performance on noisy Banglish social media data. We evaluate our system on the FIRE 2025 code-mixed
information retrieval shared task, achieving 6th place with a MAP score of 0.123, NDCG score of 0.376, P@5 of
0.293, and P@10 of 0.21. The results demonstrate that RRF fusion significantly improves retrieval effectiveness
compared to standalone methods, making it a promising strategy for code-mixed information retrieval.
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1. Introduction

With the exponential growth of textual data from diverse digital sources, the need for robust and
efficient information retrieval (IR) mechanisms has become increasingly critical. Social media platforms,
in particular, serve as a major source of multilingual and code-mixed content, especially in linguistically
diverse regions.

Banglish, a code-mixed variety combining Bengali and English, is widely used on social media
platforms among Bengali speakers [1, 2, 3]. This linguistic phenomenon introduces several challenges
for IR systems due to its unique characteristics—such as inconsistent spelling, varied transliteration
schemes, informal grammar, and the seamless integration of two distinct languages within the same
text.

Bengali, an Indo-Aryan language spoken primarily in the eastern regions of the Indian subcontinent,
ranks as the seventh most spoken language globally, with nearly 300 million speakers. Despite this,
most IR research has focused predominantly on English, with limited exploration into languages like
Bengali and their code-mixed variants.

IR for code-mixed languages poses several challenges, including:

• Limited availability of large-scale datasets
• Complex linguistic and structural variations
• Inconsistent transliteration patterns
• Informal and noisy social media language
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The Forum for Information Retrieval Evaluation (FIRE) 2025 shared task on code-mixed IR from
social media data provides a standardized framework to tackle these challenges. However, conventional
IR methods face significant limitations in this domain. Sparse retrieval models such as BM25 [4]
excel at exact lexical matching but fail to capture semantic relationships—particularly when concepts
appear in different languages or transliteration forms. Conversely, dense retrieval models using neural
embeddings [5] capture semantic similarity effectively but may overlook important lexical cues crucial
for precision.

To address these limitations, we propose a hybrid retrieval framework that combines the strengths
of both sparse and dense retrieval methods through Reciprocal Rank Fusion (RRF) [6]. Our approach
integrates BM25 for lexical matching with a fine-tuned Sentence Transformer model [7] optimized
for code-mixed Banglish text. The fusion mechanism ensures a balance between lexical precision and
semantic recall, thereby enhancing overall retrieval effectiveness.

The main contributions of this work are as follows:

• A hybrid retrieval framework tailored for code-mixed Banglish social media data
• A triplet-tuned Sentence Transformer model for enhanced cross-lingual semantic understanding
• Comprehensive evaluation on the FIRE 2025 shared task, achieving competitive performance (6th

place)
• Analysis of the complementary roles of sparse and dense retrieval in code-mixed scenarios
• Empirical demonstration of the effectiveness of RRF-based fusion for code-mixed IR

2. Related Work

Research in information retrieval has seen significant progress over the decades, yet most advancements
have been centered around English-language data [8]. In recent years, increasing attention has been
directed toward IR for code-mixed text, driven by the growing prevalence of multilingual social media
communication.

Chanda and Pal [1] investigated the impact of stopword removal on code-mixed IR, highlighting the
unique linguistic and orthographic challenges present in such data. Traditional IR approaches typically
fall into two categories: lexical matching and semantic embedding methods—each offering distinct
strengths and limitations.

Historically, IR systems have focused on three fundamental tasks [8, 9]:

• Capturing and representing key textual information
• Scoring documents based on relevance
• Selecting the most relevant documents for retrieval

Early IR systems were predominantly rule-based, followed by production-rule models. The introduc-
tion of Term Frequency (TF) and Inverse Document Frequency (IDF) weighting [9] marked a significant
milestone, representing text in vector space and assigning term weights based on occurrence frequency.
Subsequently, language modeling approaches [10] further advanced the field by introducing probabilistic
frameworks for document ranking, paving the way for modern neural and hybrid retrieval methods.

2.1. Code-Mixed Information Retrieval

The FIRE 2025 shared task on code-mixed information retrieval from social media data [11] established
a comprehensive evaluation framework for this challenging domain. The task focuses on Banglish text,
which combines Bengali and English in various forms, creating significant challenges for traditional
retrieval systems due to inconsistent transliteration, informal language use, and semantic ambiguity
across languages. Code-switching research has gained momentum with comprehensive surveys [12] and
evaluation benchmarks like GLUECoS [13] and LinCE [14]. Social media platforms have become primary
sources for code-mixed content [15, 16], making this domain particularly relevant for information
retrieval research.



2.2. Sparse Retrieval Methods

Sparse retrieval methods, particularly BM25 [4], have been the backbone of information retrieval
systems for decades. These methods excel at exact lexical matching but struggle with vocabulary
mismatch problems, especially in multilingual and code-mixed scenarios where the same concept can
be expressed in multiple languages or transliteration schemes. The vector space model [9] laid the
foundation for modern sparse retrieval, while probabilistic models [10] provided theoretical frameworks
for ranking documents based on query likelihood.

2.3. Dense Retrieval Methods

Significant developments started happening in the dense retrieval space after the introduction of neural
networks for natural language processing [17]. The transformer architecture [18] revolutionized the
field, leading to powerful pre-trained models like BERT [19] and RoBERTa [20]. Recent advances
in neural information retrieval have introduced dense retrieval methods using pre-trained language
models [5]. Sentence Transformers [7] and similar architectures can capture semantic relationships
between queries and documents, but may miss important lexical signals that are crucial for precision in
specialized domains. Advanced models like ColBERT [21] and neural ranking approaches [22] have
further improved dense retrieval effectiveness.

2.4. Multilingual and Cross-lingual Retrieval

Cross-lingual information retrieval has been extensively studied [23, 24], with recent advances in
multilingual representations [25] enabling better cross-language understanding. For Indic languages
specifically, significant progress has been made with resources like IndicNLP [26] and models like
IndicBART [27], which provide strong foundations for Bengali and other Indian language processing.

2.5. Hybrid Retrieval Approaches

Hybrid retrieval systems that combine sparse and dense methods have shown promising results in
various domains [28, 29]. The complementary nature of lexical and semantic matching makes hybrid
approaches particularly suitable for challenging scenarios like code-mixed text retrieval. Reciprocal Rank
Fusion [6] has emerged as an effective method for combining different ranking systems without requiring
score normalization. Recent work on hybrid approaches includes RankT5 [30] and SPLADE [31], which
demonstrate the effectiveness of combining different retrieval paradigms.

3. Methodology

Our hybrid retrieval framework combines sparse and dense retrieval methods through Reciprocal Rank
Fusion to leverage the complementary strengths of both approaches.

3.1. Sparse Retrieval Component

We employ BM25 as our sparse retrieval baseline, which provides strong lexical matching capabilities.
BM25 is particularly effective for capturing exact term matches and handling proper nouns, technical
terms, and transliterated words that are common in Banglish text.

3.2. Dense Retrieval Component

For dense retrieval, we fine-tune a Sentence Transformer model using triplet loss on code-mixed
Banglish data. The model learns to encode semantic relationships between queries and documents in a
shared embedding space, enabling retrieval based on semantic similarity rather than just lexical overlap.



3.3. Reciprocal Rank Fusion

Reciprocal Rank Fusion combines the ranked lists from both sparse and dense retrieval methods. For
each query, we obtain two ranked lists: one from BM25 and another from the fine-tuned Sentence
Transformer. The RRF score for each document is calculated as:

𝑅𝑅𝐹 (𝑑) =
∑︁
𝑟∈𝑅

1

𝑘 + 𝑟𝑎𝑛𝑘𝑟(𝑑)
(1)

where 𝑅 is the set of rankers (BM25 and Sentence Transformer), 𝑟𝑎𝑛𝑘𝑟(𝑑) is the rank of document 𝑑
in ranker 𝑟, and 𝑘 is a constant (typically 60) that controls the impact of lower-ranked documents.

3.4. Model Fine-tuning

We fine-tune the Sentence Transformer model using triplet loss on a dataset of Banglish queries and
relevant documents. Our implementation uses the paraphrase-multilingual-MiniLM-L12-v2 model as
the base, which provides strong multilingual capabilities essential for code-mixed text understanding.
The triplet loss encourages the model to place relevant query-document pairs closer in the embedding
space while pushing irrelevant pairs apart:

𝐿𝑡𝑟𝑖𝑝𝑙𝑒𝑡 = max(0, 𝛿 + 𝑑(𝑞, 𝑑−)− 𝑑(𝑞, 𝑑+)) (2)

where 𝑞 is the query, 𝑑+ is a relevant document, 𝑑− is an irrelevant document, 𝑑(·, ·) is the cosine
distance, and 𝛿 is the margin.

3.5. Bengali to Banglish Conversion

To handle the mixed-language nature of the queries, we implement a Bengali to Banglish converter that
transliterates Bengali Unicode text to romanized form. This preprocessing step ensures compatibility
with the multilingual Sentence Transformer model and improves retrieval performance by normalizing
the representation of Bengali terms.

4. Experimental Setup

4.1. Dataset

We evaluate our approach on the FIRE 2025 shared task dataset for code-mixed information retrieval
from social media data [32]. The dataset contains Banglish social media posts and queries with varying
degrees of English and Bengali content, representing realistic social media usage patterns. The training
set consists of 20 queries with relevance judgments, while the test set contains 30 queries for evaluation.

The dataset presents several challenges typical of social media text:

• Inconsistent spelling and transliteration schemes
• Informal language and abbreviations
• Code-switching between Bengali and English
• Noisy text with grammatical errors
• Varying levels of language mixing within documents

4.2. Implementation Details

Our system is implemented using Python with the sentence-transformers library for dense retrieval
and the rank-bm25 library for sparse retrieval. The implementation follows these key specifications:
Dense Retrieval Component:

• Base model: paraphrase-multilingual-MiniLM-L12-v2



• Fine-tuning: 2 epochs with triplet loss
• Batch size: 8
• Learning rate: Default with 50 warmup steps
• Maximum sequence length: 512 tokens

Sparse Retrieval Component:

• Algorithm: BM25 with Okapi normalization
• Parameters: k1=1.2, b=0.75
• Preprocessing: Basic tokenization and cleaning
• Language handling: Bengali to Banglish conversion

Fusion Parameters:

• RRF constant: k=60
• Top-k documents: 1000 per query
• Score normalization: Min-max for weighted fusion

4.3. Evaluation Metrics

The effectiveness of the generated retrievals is evaluated using standard information retrieval metrics
established in the literature [8, 33]:

• Mean Average Precision at 10 (MAP@10) - measures the average precision across all relevant
documents

• Normalized Discounted Cumulative Gain at 10 (NDCG@10) [34] - accounts for the graded
relevance and position of documents

• Precision at 5 (P@5) - measures the fraction of relevant documents in the top 5 results
• Precision at 10 (P@10) - measures the fraction of relevant documents in the top 10 results

These metrics are widely used in information retrieval evaluation [35] and provide comprehensive
assessment of retrieval effectiveness across different aspects of performance.

4.4. Baseline Methods

We compare our hybrid RRF approach against several baseline methods:

• BM25 (sparse retrieval only)
• Sentence Transformer (dense retrieval only)
• Weighted fusion (linear combination of normalized BM25 and dense scores)

5. Results and Discussion

Our experimental evaluation demonstrates the effectiveness of the hybrid RRF approach for code-mixed
Banglish information retrieval on the FIRE 2025 shared task.

5.1. FIRE 2025 Shared Task Results

Our hybrid RRF system achieved competitive performance on the FIRE 2025 shared task, ranking 6th
among participating teams. Table 1 shows our official results compared to the task baseline and our
internal component analysis.

The results demonstrate that RRF effectively combines the strengths of both sparse and dense retrieval
methods, consistent with findings in other hybrid retrieval studies [28, 29]. Our system achieved a
MAP@10 score of 0.123, NDCG@10 of 0.376, P@5 of 0.293, and P@10 of 0.210, securing 6th place in the



Table 1
FIRE 2025 Shared Task Results and Component Analysis

Method MAP@10 NDCG@10 P@5 P@10

BM25 Only 0.089 0.298 0.200 0.167
Sentence Transformer Only 0.105 0.332 0.233 0.183
Weighted Fusion 0.118 0.361 0.267 0.200
RRF (Our Submission) 0.123 0.376 0.293 0.210

Ranking 6th place 6th place 6th place 6th place

competition. While BM25 excels at capturing exact lexical matches [4], the Sentence Transformer model
provides better semantic understanding [7]. The RRF fusion approach achieves superior performance
compared to individual methods and simple weighted fusion, aligning with theoretical expectations
about rank-based fusion methods [6]. This performance is competitive within the context of code-mixed
retrieval challenges [36] and demonstrates the effectiveness of hybrid approaches for multilingual
scenarios [25].

5.2. Analysis of Code-Mixed Challenges

Our analysis reveals that the hybrid approach is particularly effective for handling the unique challenges
of code-mixed text:

• Spelling variations and transliteration inconsistencies: The Bengali to Banglish converter
helps normalize different transliteration schemes, while BM25 captures exact matches for consis-
tent spellings.

• Semantic relationships across languages: The fine-tuned Sentence Transformer model ef-
fectively captures semantic similarity between Bengali and English expressions of the same
concept.

• Informal social media language patterns: The combination of lexical and semantic matching
handles both formal terms and informal social media expressions.

• Query-document language mismatch: RRF fusion ensures that documents are retrieved even
when queries and documents use different languages for the same concept.

5.3. Component Analysis

The component analysis in Table 1 shows that each retrieval method contributes differently to the
overall performance:

• BM25 provides a solid baseline with strong precision for exact matches
• Sentence Transformer improves recall by capturing semantic relationships
• Weighted fusion shows improvement but is sensitive to score normalization
• RRF fusion achieves the best performance by effectively combining rankings without requiring

score calibration

6. Conclusion

We presented a hybrid information retrieval framework that effectively addresses the challenges of
code-mixed Banglish social media text. By combining BM25 sparse retrieval with a fine-tuned Sentence
Transformer model through Reciprocal Rank Fusion, our approach achieves competitive performance
on the FIRE 2025 shared task, ranking 6th with a MAP@10 score of 0.123.

The key findings of our work include:



• RRF fusion significantly improves retrieval effectiveness over standalone sparse or dense methods,
achieving 38% improvement in MAP@10 over BM25 alone

• The hybrid approach is particularly robust for handling code-mixed text challenges, including
transliteration inconsistencies and cross-language semantic relationships

• Fine-tuning dense models on code-mixed data with triplet loss is crucial for optimal performance
• Bengali to Banglish conversion preprocessing enhances compatibility with multilingual models
• RRF fusion outperforms weighted fusion by avoiding score normalization issues

6.1. Future Work

Future research directions include exploring more sophisticated fusion techniques beyond RRF [31, 30],
investigating the impact of different pre-trained multilingual models [25, 27], and extending the approach
to other code-mixed language pairs documented in recent surveys [12]. Additionally, incorporating
user feedback mechanisms [37], query expansion techniques for multilingual scenarios [24], and
advanced preprocessing methods for code-mixed text [13] could further improve retrieval performance.
The development of specialized evaluation metrics for code-mixed retrieval tasks, similar to existing
benchmarks [35, 14], would also benefit the research community. Integration with recent advances
in neural ranking [29] and cross-lingual representations [26] presents additional opportunities for
improvement.
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