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Abstract

LLMs have emerged as a transformative tech-
nology, enabling a wide range of tasks such as
text generation, summarization, question an-
swering, and more. The use of RAG with
LLM is on the rise to provide deeper knowl-
edge bases of various domains. In the present
study, we propose a RAG framework that em-
ploys weighted Rocchio mechanism for re-
trieval and LLM collaborative forum with su-
pervision for generation. Our framework is
evaluated in two downstream tasks: a biomedi-
cal question answering (BioASQ-QA) and a
multilingual claim verification (e.g. in En-
glish, Hindi, and Bengali) to showcase its adapt-
ability across various domains and languages.
The proposed retriever is capable to achieve
substantial improvement over BM25 of +8%
(BioASQ-QA), +15% (English), +5% (Hindi),
and +20% (Bengali) for Recall@5. In verac-
ity classification, our framework achieves an
average answer correctness of 0.78 on BioASQ-
QA while achieving F1-score of 0.59, 0.56, and
0.41 for English, Hindi and Bengali languages,
respectively. These results demonstrate the ef-
fectiveness and robustness of our framework
for retrieval and generation in multilingual and
multi-domain settings.

1 Introduction

Advent of Large Language Models (LLMs) dras-
tically changes the arena of Natural Language
Generation (NLG). Although the LLMs are trained
on vast amount of data, their knowledge cut-off
often restricts access to recent or emerging infor-
mation. Training of these billion-parameter mod-
els regularly in order to cope up with up-to-date
information is computationally heavy, expensive
and financially prohibitive. Therefore, Lewis et al.
(2021) proposed Retrieval Augmented Generation
(RAG) to mitigate such problems. The frame-
work combines information retrieval from external
knowledge bases with generation, enabling models

to access recent developments or domain-specific
information without retraining.

Our RAG framework also incorporates LLM
Collaboration Forum (LCF), a Multi-Agent
System (MAS) with a supervising agent. These
agent systems are increasing in popularity day by
day along with the developments of LLM requir-
ing less human assistance. Lazaridou et al. (2017)
explored the possibility of agents in the context of
referential games (e.g., two agents, the source and
the receiver identify targets by conversing among
them). On the other hand, MAS-Zero from (Ke
et al., 2025) was evaluated on graduate level QA,
math, and reported an improvement of accuracy
of 7.44% over baselines. Jimenez-Romero et al.
(2025) and Lim et al. (2024) showcased the appli-
cation of multi-agent systems in swarm intelligence
and manufacturing systems too. In contrast, our
framework consists of three agents collaborated on
all the queries and retrieved contexts to generate
their opinions. The context was divided into 3 parts
with 10% overlap and distributed among them to
reduce knowledge dilution. Finally, a supervising
agent participates in their discussion and generates
the final answer.

In RAG, very few works have been attempted
in Indic Low-resource languages like Hindi and
Bengali, even though they are the 5" and 6! most
spoken languages in the world. The TraSe architec-
ture from (Ipa et al., 2025) followed a translative
approach where Bengali texts were translated to
English in order to answer for a query, and the
generated answer was translated back to Bengali.
A Hindi-based text embedding was proposed spe-
cially for RAG applications in (Innovations, 2025),
which showed quite promising results. On the other
hand, RAG retrieval in English based on pseudo-
relevance feedback have been explored thoroughly
in (Wang et al., 2021) and (Wang et al., 2023).

In the present study, we propose an enhanced
Pseudo-Relevance Feedback (PRF) mechanism in-
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spired from the Rocchio algorithm (Rocchio, 1971)
by employing similarity scores between retrieved
documents and the query as weights. We experi-
mented on a biomedical dataset and a multilingual
claim verification dataset for retrieval and gener-
ation. Without requiring labeled relevance judg-
ments, our Rocchio-based PRF achieves +13.9%
relative gains in Recall@3 and +-8.7% in Recall@5
in experiments on the BioASQ-QA dataset, con-
sistently outperforming BM25' (Robertson and
Zaragoza, 2009). The improvements of +15.1%
(English), +5.5% (Hindi), and +20% (Bengali)
for Recall@5 have shown better performance over
multilingual settings. Moreover, the LLM collabo-
ration forum achieved an average answer correct-
ness score of 0.78 on the BioASQ-QA dataset and
obtained F1-scores of 0.59, 0.56, and 0.41 for En-
glish, Hindi and Bengali, respectively on the claim
verification task.

2 Dataset Description

The framework requires evaluation in various as-
pects, from the performance of retriever to answer
generation. In case of retriever’s performance,
BioASQ-QA? dataset (Krithara et al., 2023) and
claim verification dataset (Das et al., 2024) were
used. The BioASQ-QA dataset has 40221 text
corpora, 4719 queries, and answers based on con-
text. For each question, a gold standard context
is labeled with IDs. On the other hand, the claim
dataset has a claim-evidence pair and the verac-
ity level. We extracted all the evidences with re-
spect to a specific ID and prepared the evidence
corpus for evaluation. These datasets were used for
measuring performances of retrieval from the struc-
tured knowledge bases whereas the claim dataset
had 2367 English, 1114 Hindi, and 2282 Bengali
claims. For answer generation, LLM collaborative
forum was tested on all datasets. These answers
were then compared against all the gold standard
answers.

3 Methodology

Our RAG framework, as shown in Figure 1 com-
prises several components that facilitate retrieval
and generation across various domains. Over-
all, the framework contains two main compo-
nents - (i) a Rocchio based accompanied by a

1https://pypi.org/project/rank—meS/
thtps://huggingface.co/datasets/rag—datasets/
rag-mini-bioasq

PRF-enhanced retriever from a vector database,
and (ii) a Multi-agent system with a Supervis-
ing agent for generation. We used chromaDB?
for the vector database and an open source
meta-1lama/Llama-3.1-8B-Instruct*
(Grattafiori et al., 2024) for all the agents. We
used LangChain® community packages to initialize
the agents and to stream the framework wherever
required. For embedding generation, we used a sen-
tence transformer Multilingual-E5-Large® (Wang
et al., 2024) for converting queries and contexts
into embedding vectors for the claim. Since,
BioASQ-QA is based on a biomedical domain, we
used BGE-small-bioasq’ to identify more seman-
tics related to the biomedical domain.

3.1 Query Reformation

The initial query was passed through an agent to re-
form it into more structured query. This structured
query was further utilized to retrieve contexts from
the vector database after converting it to an embed-
ding vector. Different datasets were employed for
different component evaluations but reformation
was investigated across all the datasets. Each agent
had a closed-loop feedback to keep the agent from
hallucinating. This query reformation is necessary
for a general use case since the context window of
LLMs is limited, and this reformation also helps
keep queries under 256 tokens by prompting.

3.2 LLM Control Block

A control block has been developed to keep the
agents in the framework from hallucinating. A hal-
lucinated generation from any agent can pollute the
framework entirely. Thus the control block had two
main components: a semantic analysis component
and a LLM-as-a-Judge (Gu et al., 2025) component.
The semantic analysis was done using the sentence
transformers mentioned before for the respective
dataset. The sentence transformers convert the text
pairs to semantic embeddings and then cosine sim-
ilarity is calculated and normalized to generalize
the reference frame all over the framework.

For the LLM-as-a-Judge, we used the same
meta-llama/Llama-3.1-8B-Instruct model to

3https://www.trychroma.com/

4https://huggingface.co/meta—llama/Llama—3.
1-8B-Instruct

Shttps://www.langchain.com/

6https://huggingface.co/intfloat/
multilingual-e5-large

7https://huggingface.co/juanpablomesa/
bge-small-bioasq
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Figure 1: Overview of the multi-agent LLM framework with a control block, Rocchio retriever, and a collaboration
forum of context-specialized agents. It improves query understanding, context selection, and answer generation
through iterative summarization and supervised feedback for achieving better factual accuracy.

get LLM score for groundedness and answer rele-
vancy. Considering averages over semantic analy-
sis of question-answer, context-answer, and LLM
scores to get the evaluation score of control block,
we kept the threshold to be 0.5. If it is less than
threshold, the agent had to generate again till it
crosses the threshold.

3.3 Context Retrieval

Here, ChromaDB’s query endpoint retrieves top_k
context documents using K-NN and cosine simi-
larity on embeddings. We then applied a weighted
PRF based Rocchio algorithm for refinement. PRF
marked the retrieved documents to be relevant (pos-
itive) or irrelevant (negative) to the query. We re-
trieved top_50 documents from ChromaDB’s query
endpoint and re-ranked them based on their cosine
similarity with the query. The top_k documents
were selected as relevant, and the remaining ones
as irrelevant. Here, we experimented with 4 differ-
ent k values 3, 5, 10, and 20. For the relevant and
irrelevant documents, we calculated the weighted
centroids. Weights were considered to be their sim-
ilarity scores with the query. The more similar a
relevant document is, the more influential it should
be close to the centroid’s position in the embedding
space. Since cosine similarity is based on similar-
ity, we used (1 — cosine_score) for the irrelevant
documents as influence on the irrelevant centroid
should be inverse to their similarity scores. «, 3,
and v were the weights that determine the influ-
ence of the initial query, centroids of relevant and
irrelevant documents.

Y &> T S0 sy
thq+ﬂ<Z:D++ - W

«, 3, and -y are the weights for the original query,
positive examples, and negative examples, respec-
tively. sf denotes the similarity score of the i‘"

positive example and < denotes the similarity

score of the j** negative example. The values of
«, B, and § weights were all taken to be 1.0. The
Rocchio algorithm was applied for a maximum of
1 epoch. In future ablation studies, we plan to ex-
periment more with these hyperparameters. We
used a summarizer component controlled by the
average of ROUGE-1, ROUGE-2, and ROUGE-
L scores (Lin, 2004) to summarize the context
where concatenated context tokens became more
than LLM tokens.

3.4 LLM Collaboration Forum

The LLM Collaboration Forum (LCF) employs
three agents. Retrieved or summarized context
was split into three overlapping chunks (10% over-
lap) (Bhat et al., 2025) and assigned to each agent.
Agents generate answers sequentially, using their
context chunk and preceding agents’ outputs as
supplementary input. They are encouraged to build
upon or refute others’ views, ensuring close adher-
ence to their context.

Refutations allow agents to act as pseudo LLM-
as-a-Judge, reducing hallucination. Chunking pre-
vents knowledge dilution by avoiding context over-
load. A supervising agent, within a closed feedback
loop, generates the final answer based on the full
discussion and original query. The process runs for
two rounds to encourage mutual understanding.

4 Results and Discussion

We experimented with four values of top_k
for retrieval and used the top-5 retrieved docu-
ments for generation, as recall@5 was satisfac-
tory across datasets and smaller context windows
reduced knowledge dilution. For the retrieval
task, we evaluated on recall, Mean Reciprocal
Rank (MRR) (Craswell, 2009), Mean Average
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BioASQ

Claim Verification

English

Hindi Bengali

Metrics C1 C- Cs C1 C-

Cy C> Cs Ciy C2 Cs

RecalleK;  0.36 0.40 0.41(+13.9%) 0.69 0.80
MRR 0.70 0.76  0.77(+10%)  0.63 0.72
MAP 0.56 0.65  0.65(+16%) 0.63 0.72

nDCG@K; 0.71 0.78  0.78(+9.8%) 0.65 0.74

HitRate@ K, 0.77 0.83 0.83 (+7%) 0.69 0.80

0.80(+15.9%) 0.88 0.93
0.73(+15.9%) 0.84 0.88
0.73(+15.9%) 0.84 0.88
0.75(+15.4%) 0.85 0.90
0.80 (+15.9%) 0.88 0.93

0.93(+5.7%) 0.71 0.87 0.87 (+22.5%)
0.89 (+5.9%) 0.64 0.79  0.80 (+25%)
0.89(+5.9%) 0.64 0.79  0.80 (+25%)
0.90 (+5.9%) 0.66 0.81  0.82(+24.2%)
0.93(+5.7%) 0.71 0.87  0.87(+22.5%)

RecalleK,  0.46 0.50 0.50(+8.7%) 0.73 0.84
MRR 071 0.75  0.77(+8.4%) 0.64 0.72
MAP 0.54 0.60  0.61(+13%) 0.64 0.72

nDCG@K, 0.73 0.77 0.78(+6.8%) 0.66 0.75

HitRate@ K, 0.82 0.85 0.86(+4.8%) 0.73 0.84

0.84(+15.1%) 0.91 0.95
0.74(+15.6%) 0.84 0.88
0.74(+15.6%) 0.84 0.88
0.76 (+15.2%) 0.86  0.90
0.84(+15.1%) 0.91 0.95

0.96 (+5.5%) 0.75  0.90 0.90 (+20%)
0.89 (+5.9%) 0.65 0.79  0.80(+23.1%)
0.89 (+5.9%) 0.65 0.79  0.80(4+23.1%)
0.91 (+5.8%) 0.68 0.82 0.83(+22.1%)
0.96 (+5.5%) 0.75 0.90 0.90 (4+20.%)

RecalleK3  0.58 0.63 0.63(+8.6%) 0.78 0.87
MRR 0.71  0.75 0.76 (+7%) 0.65 0.72
MAP 0.51 0.56 0.58(+13.7%) 0.65 0.72

nDCG@Ks 0.73 0.76  0.78(+6.8%) 0.68 0.76

HitRate@Ks 0.86 0.88  0.89 (+3.5%) 0.78 0.87

0.88(+12.8%) 0.94 0.98
0.74(+13.8%) 0.85 0.88
0.74(4+13.8%) 0.85 0.88
0.77 (+13.2%) 0.87  0.90
0.88(+12.8%) 0.94 0.98

0.98(+4.3%) 0.80 0.94 0.94(+17.5%)
0.89 (+4.7%) 0.66 0.79  0.81(+22.7%)
0.89 (+4.7%) 0.66 0.79  0.81(+22.7%)
0.91(+4.6%) 0.69 0.82 0.84(+21.7%)
0.98(+4.3%) 0.80 0.94 0.94(+17.5%)

RecalleK, 0.69 0.72 0.74(+7.2%) 0.83 0.91
MRR 072 0.75  0.77(+6.9%) 0.65 0.73
MAP 0.52 0.56 0.58(+11.5%) 0.65 0.73

nDCG@K, 0.74 0.76  0.77(+4.2%) 0.69 0.77

HitRate@ K, 0.90 0.90 0.91(+1.1%) 0.83 0.91

0.91(+9.6%) 096 0.99
0.74(+13.8%) 0.85 0.89
0.74(4+13.8%) 0.85 0.89
0.78 (+13%)  0.87  0.92
0.91(+9.6%) 0.96 0.99

0.99 (+3.1%) 0.84 0.96 0.96 (+14.3%)
0.89 (+4.7%) 0.66 0.80 0.81(4+22.7%)
0.89 (+4.7%) 0.66 0.80 0.81(+22.7%)
0.92 (+5.8%) 0.70 0.84 0.84 (+20%)
0.99 (+3.1%) 0.84 0.96 0.96 (+14.3%)

Table 1: C; denotes the baseline BM25, C5 is PRF-Rocchio, and C'5 is PRF-Weighted-Rocchio. K, refers to the
different top-k values used in the experiments, specifically 3, 5, 10, and 20. Tests were done on 500 query samples.
Cj5 of Bengali shows the best results with an improvement of 20% over the baselines.

Precision (MAP) (Beitzel et al., 2009), Normalized
Discounted Cumulative Gain (nDCG) (Wang et al.,
2013) and HitRate. Table 1 shows our frame-
work outperformed BM25. For our baseline, we
used BM25. It is a strong baseline for retrieval
tasks based on token overlap, term frequency and
inverse document frequency of tokens (Sammut
and Webb, 2010). We engaged Llama-3.1-8B-
Instruct LLM model for all the agents initial-
ized through the langchain community packages.
Since the claim dataset involves binary classifica-
tion of claim veracity, we used accuracy and F1-
score to evaluate the LLM Forum with supervi-
sor agent on English, Hindi, and Bengali subsets.
For the BioASQ-QA factoid question-answering
dataset, we evaluated using answer relevance, faith-
fulness, and correctness against gold answers us-
ing facebook/bart-large-mnli® (Lewis et al.,
2019).

Metrics English Hindi Bengali
Accuracy 60 58 47
Macro Avg. F1 59 56 41

Table 2: Accuracy and F1-score based on veracity level.
All the values are given in %.

Llama-3.1-8B-instruct is not extensively trained
on Bengali; therefore, the model struggled in Ben-
gali. We have used Intel(R) Xeon(R) CPU @
2.20GHz for all experiments.

8https://huggingface.co/facebook/
bart-large-mnli

Faithfulness Relevance Correctness
Mean 57 81 78
Std 13 7 12
Min 34 55 20
Max 93 95 96

Table 3: BioASQ-QA dataset was measured based on
faithfulness, relevance, and answer correctness (all the
values are given in %). Statistical parameters like mean,
standard deviation, minimum and maximum scores were
observed.

5 Conclusion and Future Work

Table 1 shows our framework consistently outper-
formed BM25, which is more prominent for top-3
and top-5 retrievals. Table 2 and Table 3 show the
performance of the LCF. These results demonstrate
the effectiveness and robustness of our framework
for retrieval and generation.

Our RAG framework is neither domain-specific
nor language-specific. It requires prior initializa-
tion of the proper language-specific embedding
sentence transformer and text preprocessors. Our
future plan includes detailed ablation studies on the
various hyper-parameters and thresholds used in
the framework. All the parameters mentioned in
this study were selected manually after conducting
a small number of experiments with a very small
sample of the data sets.
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Limitations

Despite promising results, our method also has
some limitations. Our proposed method is a dense
retrieval technique, which is is heavily based on
semantic embeddings. Semantic embeddings can
capture more semantic similarity than sparse re-
trievals, which are based on token overlap but re-
quires good sentence transformers. BioASQ-QA
dataset being in the biomedical domain requires
sentence transformers, which are primarily trained
in this domain, to identify better semantic infor-
mation for retrieval. If we use the encoders from
State-of-the-Art (SOTA) LLMs, it would provide
us with a very good embedding space but it would
increase the framework’s latency. So, there has to
be a trade-off between latency and embedding qual-
ity. We used multilingual-e5-large for claim as it
has been trained on over 100+ languages and bge-
small-bioasq which is finetuned for the biomedical
domain.

ChromaDB’s native query retriever endpoint
uses K-NN algorithm for vector similarity but if the
number of documents in the corpus increase, it uses
an approximate nearest neighbor algorithm known
as Hierarchical Navigable Small World graphs
(HNSW) (Malkov and Yashunin, 2018). HNSWs
reduces latency, but they also hamper accuracy to
some extent. An increase in the number of docu-
ments may lead to a decrease in results from the
vector store.

In this study, we used the
meta-1llama/Llama-3.1-8B-Instruct model
as it is an open-source and small model not
specifically trained on low resource languages
like Bengali and Hindi. Our future experi-
ments will include larger, better models like
Llama-3.1-7@0B model, GPT-40 (OpenAl et al.,
2024) or Deepseek:R1 model (DeepSeek-Al et al.,

2025).
Some samples of the BioASQ-QA
dataset contain single-word answers.

Llama-3.1-8B-Instruct was used with a
fixed token completion size of 256, leading to
over-generation as shown below:

Query:
Is there any algorithm for enhancer identifica-
tion from chromatin state? \n

Generated Answer:
Chromatin state analysis can be leveraged for

enhancer identification using various machine
learning algorithms... \n

Gold Standard Answer:
Yes \n

Ethical Considerations

This study focuses on improving the retrieval and
generation of factoid-based question answering.
Datasets used are publicly available. Since LLMs
can generate biased or incorrect information, spe-
cial care has been taken to meticulously judge the
answers based on relevance and correctness to the
gold standard. No personally identifiable informa-
tion was used in any part of the framework.

Since the biomedical domain is sensitive, we
advise that the use of our framework must be done
under strict human evaluation.
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