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Abstract

Large Language Models (LLMs) are becoming
essential tools for various natural language pro-
cessing tasks but often suffer from generating
outdated or incorrect information. Retrieval-
Augmented Generation (RAG) addresses this
issue by incorporating external, real-time in-
formation retrieval to ground LLM responses.
However, the existing RAG systems frequently
struggle with the quality of retrieval documents,
as irrelevant or noisy documents degrade per-
formance, increase computational overhead,
and undermine response reliability. To tackle
this problem, we propose Multi-Agent Filtering
Retrieval-Augmented Generation (MAIN-RAG),
a training-free RAG framework that leverages
multiple LLM agents to collaboratively fil-
ter and score retrieved documents. Specifi-
cally, MAIN-RAG introduces an adaptive filter-
ing mechanism that dynamically adjusts the
relevance filtering threshold based on score dis-
tributions, effectively minimizing noise while
maintaining high recall of relevant documents.
The proposed approach leverages inter-agent
consensus to ensure robust document selection
without requiring additional training data or
fine-tuning. Experimental results across four
QA benchmarks demonstrate that MAIN-RAG
consistently outperforms traditional RAG ap-
proaches, achieving a 2—11% improvement in
answer accuracy while reducing the number
of irrelevant retrieved documents. Quantita-
tive analysis further reveals that our approach
achieves superior response consistency and an-
swer accuracy over baseline methods, offer-
ing a competitive and practical alternative to
training-based solutions.

1 Introduction

Large Language Models (LLMs) have revolution-
ized natural language processing (NLP), achieving
state-of-the-art performance across diverse tasks,
such as question answering, summarization, and
text generation (Vaswani, 2017; Brown, 2020).
However, their reliance on pre-trained static data
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introduces critical limitations, including the gen-
eration of outdated or factually incorrect infor-
mation—a phenomenon referred to as hallucina-
tion (Ji et al., 2023; Zhang et al., 2023). This issue
becomes particularly pronounced in applications
requiring accurate, up-to-date, and contextually rel-
evant responses, such as healthcare, legal systems,
and real-time customer support (Bommasani et al.,
2021; Zellers et al., 2019; Lin et al., 2022).

Retrieval-augmented generation (RAG) has
emerged as a promising solution to mitigate these
challenges by integrating real-time document re-
trieval to ground LLM outputs in reliable exter-
nal knowledge (Lewis et al., 2020; Guu et al.,
2020; Karpukhin et al., 2020; Ram et al., 2023;
Liet al., 2023; Wang et al., 2023). Training-based
methods (Guu et al., 2020; Karpukhin et al., 2020;
Wang et al., 2023) have demonstrated strong per-
formance but require substantial computational re-
sources and training time. In contrast, training-free
approaches (Ram et al., 2023; Li et al., 2023; Jiang
et al., 2023b), while simpler and more efficient
as plug-and-play methods, still hinge on the qual-
ity of retrieved documents (Chen et al., 2024; Yu
et al., 2024). The presence of irrelevant or noisy
documents not only reduces response accuracy but
also increases computational overhead and com-
promises system reliability. These challenges un-
derscore the urgent need for robust mechanisms to
effectively filter and rank retrieved content.

To address these challenges, we propose Multi-
Agent FllteriNg Retrieval-Augmented Generation
(MAIN-RAG), a novel training-free framework de-
signed to enhance the performance and reliability
of RAG systems. Unlike existing methods that
often rely on computationally intensive training
or fine-tuning, MAIN-RAG leverages a collabora-
tive multi-agent approach where multiple LLM
agents filter and score retrieved documents. This
consensus-driven strategy ensures that only the
most relevant and high-quality documents are uti-
lized for generation, significantly reducing noise
without sacrificing recall.
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Figure 1: An overview of the proposed framework MAIN-RAG, consisting of three LLM agents to identify noisy
retrieved documents for filtering (see Section 3.1). After the retrieval, Agent-1 "Predictor” infers answers for
each query; then, Agent-2 "Judge"” takes Doc-Q-A Triplet to judge if a document is supportive for LLMs to
answer the query. "Judge" provides relevant scores for each document for filtering and ordering. Finally, Agent-3
"Final-Predictor” answers the query with the given document list.

MAIN-RAG introduces an adaptive filtering mech-
anism that dynamically adjusts the relevance thresh-
old based on the score distribution of retrieved doc-
uments. This adaptability allows the framework
to handle diverse queries effectively and ensures
robust performance across diverse tasks. Further-
more, the training-free nature of MAIN-RAG elimi-
nates the need for additional labeled data or model
fine-tuning, making it a scalable and versatile solu-
tion for real-world applications.

Our contributions are as follows:

* Training-Free Multi-Agent Filtering: We in-
troduce a novel training-free framework that
employs multiple LLM agents to collabora-
tively filter and rank retrieved documents, im-
proving retrieval precision and RAG reliabil-
ity without the need for additional training.

¢ Dynamic and Adaptive Filtering Mecha-
nism: MAIN-RAG incorporates an adaptive
threshold mechanism that dynamically adjusts
to query-specific score distributions, ensuring
effective noise reduction while maintaining
high recall of relevant documents.

* Empirical Validation Across Multiple
Benchmarks: Our experimental results
on four QA benchmarks demonstrate that
MAIN-RAG outperforms baseline RAG ap-
proaches, achieving a 2-11% improvement in
answer accuracy while reducing the inclusion

of irrelevant documents.

By addressing the inherent challenges of noise in
document retrieval and providing a training-free so-
lution, MAIN-RAG represents a significant advance-
ment in the field of retrieval-augmented generation.
This work details the design, implementation, and
evaluation of MAIN-RAG, highlighting its potential
to improve response accuracy, consistency, and re-
liability in diverse NLP applications.

2 Preliminaries

2.1 Notations and Objectives

We consider a RAG system designed to filter noisy
retrieved documents and improve response accu-
racy. Each query ¢ € Q retrieves a set of doc-
uments Dy, = {di,ds,...,dn} using a retriever
model. Each document d; is associated with a
relevance score r;, which quantifies its useful-
ness for the query and is determined by Agent-2
(Judge) as described in Section 3.2. Let R =
[r1,72,...,7N] represent the relevance scores for
the retrieved documents. These scores are used to
rank the documents, forming an ordered list D;a“k,
where documents with higher scores are deemed
more relevant. Based on these scores, an adaptive
judge bar 7, is computed for each query to filter
out noisy documents (see Section 3.3). Documents
with scores r; > 7, are retained, creating a filtered
set Dg‘ltered - Dg“nk. For 1 < i < N, r; represents
the relevance score for document d;. The adap-
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tive judge bar 7, dynamically adjusts based on the
distribution of R, ensuring robust filtering for di-
verse queries. For example, consider a query ¢ that
retrieves D, = {d1, d2, d3} with relevance scores
R = [3.8,2.5,4.2]. The ranked list D™ becomes
{ds,dy,d>}. If the adaptive judge bar 7, = 3.0,
the filtered set D' = {d3, d;} retains only the
most relevant documents. To this end, our work fo-
cuses on effectively identifying and filtering noisy
documents, thereby enhancing the accuracy and
reliability of RAG systems in a post-hoc manner.

2.2 Impact of Noisy Retrieval Documents

In RAG, irrelevant or noisy documents retrieved
during the retrieval stage can mislead the LLMs
during the inference stage, often resulting in in-
correct answers. The presence of such noise in-
formation poses a significant challenge to the re-
liability of LLLMs and RAG, especially when ap-
plied to tasks that require precise information, such
as question answering. As observed in existing
studies (Chen et al., 2024; Yu et al., 2024), LLMs
exhibit vulnerabilities in noise robustness and of-
ten fail to reject irrelevant content, resulting in de-
creased performance. Therefore, improving noise
filtering after the retrieval process is vital to en-
hance RAG systems’ reliability and robustness.

2.3 Related Work

This section reviews RAG methodologies, focusing
on training-based and training-free approaches, and
discusses the challenge of noise robustness in RAG.
Training-based RAG. Training-based RAG inte-
grates retrieval mechanisms into the training of the
language model, allowing access to external infor-
mation during generation. For instance, Lewis et al.
(2020) combines parametric and nonparametric pre-
trained memory for language generation, achieving
state-of-the-art results on open-domain QA tasks.
Similarly, Guu et al. (2020) introduces REALM,
a framework that augments language model pre-
training with a latent knowledge retriever, allow-
ing retrieval and attention to large corpora like
Wikipedia. Self-RAG (Asai et al., 2024) proposes
to adaptively retrieve passages and critique the
generations so as to improve output quality and
factuality. Albeit effective, these methods require
dedicated training procedures and corresponding
hardware, hindering their applicability.

Training-free RAG. Training-free RAG ap-
proaches integrate pre-trained language models
with retrieval components, avoiding extensive re-

training. Ram et al. (2023) perform in-context re-
trieval, allowing language models to dynamically
access external data. Li et al. (2023) propose a
framework where LLMs verify retrieved docu-
ments to ensure their relevance to queries, but this
method is highly sensitive to input prompts. Sim-
ilarly, Jiang et al. (2023b) introduces a strategy
to actively determine when and what to retrieve
during generation, but it also suffers from prompt
sensitivity. While efficient, training-free RAG ap-
proaches struggle with noise robustness due to their
reliance on static pre-trained data.

Challenge of noise robustness in RAG. Ensur-
ing noise robustness is critical for the reliability of
RAG systems. Chen et al. (2024) conduct a com-
prehensive analysis of RAG’s effects on LLMs,
focusing on their resilience to noise and other fun-
damental capabilities. Yu et al. (2024) presents a
framework that strengthens LLMs’ RAG perfor-
mance by guiding them in context ranking and an-
swer generation. Section 3.2, "Trade-off of Picking
Top-k Contexts," underscores the significance of
selecting relevant contexts to balance effectiveness
and computational cost. These findings emphasize
the necessity of filtering out noisy documents to up-
hold the accuracy and robustness of RAG systems.

3 Multi-Agent Filtering RAG (MAIN-RAG)

This section presents a comprehensive overview of
our proposed MAIN-RAG framework, as depicted in
Figure 1. Based on the traditional RAG workflow,
MAIN-RAG focuses on reducing noisy documents
after the retrieval stage. Specifically, MAIN-RAG is
a training-free framework, involving three agents
to identify and filter out noisy documents after re-
trieval. The specific roles of the three agents are
defined in Section 3.1. Section 3.2 illustrates the
process of supportive document judgment for filter-
ing out misleading or irrelevant ones. Section 3.3
proposes an adaptive judge bar to adjust the judge
criteria according to given retrieved documents.

3.1 Definition of LLM Agents in MAIN-RAG

The proposed framework MAIN-RAG is to iden-
tify noisy retrieved documents for filtering out,
consisting of three LLM agents: Agent-1
(Predictor), Agent-2 (Judge), and Agent-3
(Final-Predictor).

Agent-1 (Predictor). After the retrieval
stage, we have several candidate documents for
each query. Then, for a single query, Agent-1
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Figure 2: Quantification of document relevant score.

is to infer answers to the query given each docu-
ment. Then, we can form the Document-Query-
Answer Triplet (Doc-Q-A), which is prepared for
Agent-2 (Judge) to evaluate the relevant informa-
tion among Doc-Q-A triplet, as shown in Figure 1.

Agent-2 (Judge). Given a Doc-Q-A triplet,
Agent-2 (Judge) is to evaluate whether the doc-
ument provides relevant information to the query
and answer. Agent-2 is prompted to answer "Yes"
or "No" for each Doc-Q-A triplet, treating the rele-
vance judgment as a True-or-False question. This
simplification helps to further quantify the judg-
ment as relevant scores of documents, which can
be used for filtering and ordering. The details of
Agent-2 refer to Section 3.2 and Section 3.3.

Agent-3 (Final-Predictor). After Agent-2
filters out noisy documents and orders the remain-
ing document list by their relevant scores, Agent-3
(Final-Predictor) is prompted to answer the
query with the document list.

3.2 Relevance Judgment Quantification

Previous research has observed that when process-
ing long context inputs, LLMs tend to overlook in-
formation in the middle, placing greater emphasis
on the beginning and end of the context (Liu et al.,
2024). This suggests that in RAG, the ordering of
documents may influence prediction performance.
To investigate the impact of document order in
RAG, we conducted an experiment on the bench-
mark RGB (Chen et al., 2024), where the retrieved
documents were randomly shuffled and evaluated.
This process was repeated ten times for each noise
ratio condition. The results, illustrated in Figure 3,
reveal that document order has a significant effect
on performance. Notably, the maximum perfor-
mances are substantially higher than the minimum

Random Ordering Docs (RGB, doc_num=10)
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Figure 3: Impacts of document ordering on variance
in RAG performance, where Noise Docs ¢/u means ¢
noisy documents out of u retrieved documents.

ones, suggesting that certain document orders can
provide stable and optimal results. This observa-
tion leads us to propose a judgment quantification
to make documents sortable.

To quantify the natural language outputs "Yes"
and "No," we propose computing the difference
between the log probabilities of the corresponding
tokens, as shown in Figure 2, where the system in-
struction is provided in Appendix C. In other words,
we choose the log odds of the two tokens as a judg-
ment score. By subtracting the log probabilities of
the "Yes" and "No" tokens, Agent-2 simplifies the
judgment by consolidating the two factors into a
single score. This relevant score then serves as the
sole criterion for document filtering.

3.3 Adaptive Judge Bar 7,

After we obtain relevant scores for each document,
another challenge is how to determine the optimal
judge bar for filtering out noisy documents. Here,
the optimal judge bar is the score that perfectly fil-
ters out all noisy documents while retaining all rel-
evant ones. Consider example 1 in Figure 4, where
a query retrieves a higher number of noisy docu-
ments; the optimal judge bar in this case is approx-
imately 3.7. In example 2 in Figure 4, where more
relevant documents are retrieved for a query, the
optimal judge bar increases to around 4. 4. These

Example 2: R  Related Doc

1
R I' N N R R : N
10.6 : 32 94 121 1121 24
n N N N B N
. -
Docl | Doc2 Doc 3 Docl Doc2 | Doc3
— 0JB=3.7 —» 0JB=4.4

Example 1:
|
N Noise Doc

0JB: Optimal Judge Bar

Figure 4: Examples of Optimal Judge Bar (OJB).
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documents out of u retrieved documents.

examples illustrate that the optimal judge bar varies
with the document distribution among queries. We
also observe significant variations in the optimal
judge bars across different queries in RGB bench-
mark (Chen et al., 2024), as shown in Figure 5.
This observation leads us to think about how can
we adaptively determine optimal judge bars.

Analyzing the relevant score distributions for
both related and noisy documents on RGB bench-
mark (Chen et al., 2024), we observe that the scores
of related documents are skewed high with a small
standard deviation, as shown in Figure 6. This in-
dicates that the LLM (here is Mistral-7B) is more
confident about these documents. In contrast, the
scores of noisy documents are more uniformly dis-
tributed with a larger standard deviation, suggesting
that the LLM is less confident and may misjudge
them. Based on this biased LLM behavior, we
propose using the average relevant score for each
query as an adaptive judge bar. In Figure 6, the red
line represents the average score of all documents.
Documents to the right of the red line (the red area)
are retained, while those to the left are filtered out.
When the average score is high—indicating many
relevant documents—we can filter out most low-
scoring outliers, which are likely noise. Conversely,
when the average score is low—indicating many
noisy documents—we aim to reduce the number of
documents while maintaining a high recall rate for
relevant documents by still using the average score
to filter out approximately half of the documents.
To introduce flexibility into this framework, we ad-
just the adaptive judge bar 7, by adding n times the
standard deviation o of each candidate document
set, 7, — n - 0, allowing relax 7, when needed, as
shown by the green area in Figure 6. Notably, n is
the only hyperparameter in MAIN-RAG.

Score Distributions (Related Docs.) Score Distributions (Noisy Docs.)

200
175
150
125
100
75
50
25

| ol
-50 -25 00 25 50 75 100 125 150 -10.0 -5.0 0.0 5.0 10.0 15.0
Document Score Document Score

Figure 6: Score distribution of related and noisy docu-
ments with adaptive judge bar.

4 Experiments

In this section, we conduct experiments to evaluate
the performance of MAIN-RAG, aiming to answer
the following three research questions: RQ1: How
does MAIN-RAG perform leveraging LLLM agents
as noisy document filter? RQ2: How to utilize
adaptive judge bar 7, for filtering and ranking?
RQ3: How does 7, influence performance?

4.1 Tasks and Datasets

We evaluate our MAIN-RAG model and various base-
lines across a range of downstream tasks, assessing
the outputs for overall correctness. All evaluations
are conducted in a zero-shot setting, where we pro-
vide task instructions without few-shot demonstra-
tions (Sanh et al., 2022; Wei et al., 2021).
Closed-set Task. We evaluate MAIN-RAG on the
ARC-Challenge dataset (Clark et al., 2018), a
multiple-choice reasoning dataset collected from
scientific exams. We use accuracy as the evaluation
metric and report results on the testing set.
Open-Domain Question Answering Tasks. We
evaluate MAIN-RAG on two open-domain QA
datasets: TriviaQA-unfiltered (Joshi et al., 2017)
and PopQA (Mallen et al., 2022), both of which re-
quire LLMs to answer arbitrary questions about fac-
tual knowledge. Since the testing set of TriviaQA-
unfiltered is not publicly available, we use the val-
idation and testing sets provided by an existing
work (Asai et al., 2024), comprising 11,313 test-
ing queries for evaluation. For PopQA, we utilize
the long-tail subset, consisting of 1,399 rare en-
tity queries with monthly Wikipedia page views
of less than 100. Following prior works (Mallen
et al., 2022; Schick et al., 2024), we evaluate task
performance based on whether the gold answers
are included in the model’s generations instead of
strictly requiring exact matches.

Long-form Generation Tasks. We conduct results
on the long-form QA task ALCE-ASQA (Gao et al.,
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Figure 7: Performance comparison among MAIN-RAG and its variant baselines on three QA benchmarks, where all
three LLM agents are pre-trained Mistral;s. Comparison based on L1ama3gg agents is illustrated in Appendix B.

2023; Stelmakh et al., 2022) to evaluate MAIN-RAG.
We rely on the official metrics, including correct-
ness (str-em and rouge), and fluency measured by
MAUVE (mau) (Pillutla et al., 2021).

4.2 Baselines

Baselines without retrievals. We assess a
range of publicly available, powerful pre-
trained LLMs, including Llama2sg 13z (Tou-
vron et al., 2023), Llama3gg (Dubey et al.,
2024), and Mistral;g (Jiang et al., 2023a),
as well as instruction-tuned models like
Alpacasg 135 (Dubois et al., 2024). We also
compare our framework with a model trained
and enhanced using private data, Llama2-chat;sp.
Whenever possible, we use the official sys-
tem prompts or instruction formats that were
applied during the training process of these
instruction-tuned models.

Baselines with retrievals. We evaluate models
that incorporate retrieval, either during inference
or throughout the training process. In the first cat-
egory, we include three fine-tuned models. The
first is Self-RAG (Asai et al., 2024), a variant of
Llama2p trained to retrieve documents, generate
outputs, and critically examine both retrieved pas-
sages and its own responses, expanding its vocabu-
lary with additional reflection tokens. The second
is Llama2-FT7g, which is Llama2;g fine-tuned on
the same dataset used by Self-RAG, but without
the reflection tokens or retrieved passages. We also
include results from a retrieval-augmented base-
line, Ret-Llama2-chat;3g, which is trained on pri-
vate data collected in Self-RAG and performs in-
ference with retrieved documents. In the second
category, we consider standard RAG baselines that
do not require additional training. These meth-
ods simply prepend the top retrieved documents
to the query before passing them to a pre-trained

LLM (e.g., Llama27g 138, Alpaca7B713B, Llama3gg,
Mistralyg), using the same retriever as in our sys-
tem. We also consider two variants of MAIN-RAG:
Naive Multi-agent RAG: This MAIN-RAG variant
replaces Agent-2’s role with a simple natural lan-
guage judgment of "Yes" or "No"; MAIN-RAG (Ran-
dom): In this variant, after scoring and filtering,
the orders of remaining documents are randomized.

4.3 Experimental Settings

As atraining-free RAG framework, the three agents
in MAIN-RAG can be instantiated by different pre-
trained LLMs. As default settings, we instanti-
ate all three agents by pre-trained Mistral;g (Jiang
et al., 2023a) and Llama3gg without further tun-
ing. We employ the pre-trained Contriever-MS
MARCO (Izacard et al., 2021) as the default re-
triever model, retrieving up to twenty documents
from each query for MAIN-RAG to filter. We use
greedy generation for all our experiments.

4.4 Quantitative Analysis (RQ1)

We evaluated the performance of our proposed
MAIN-RAG framework and baselines across four
well-known QA benchmarks, where MAIN-RAG
(Decs.) refers to our method that orders docu-
ments in descending order after scoring and fil-
tering, as illustrated in Figure 7, Table 1, and Ap-
pendix B. Our results demonstrate that MAIN-RAG
outperforms all training-free and without retrieval
baselines by margins up to 6.1% (with Mistral;g)
and 12.0% (with L1ama3gg) in all four benchmarks,
as shown in Table 1. Notably, the questions in
PopQA heavily rely on external knowledge to en-
able pre-trained LLMs to generate accurate an-
swers. In this case, MAIN-RAG exhibits a signif-
icant advantage over the baselines, because the
retriever is not fine-tuned on the target question
sets and may retrieve a large number of noisy can-
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Table 1: Overall experimental results on four tasks. Bold numbers refer to the best performance among baselines
without retrieval and training-free baselines, and underline numbers refer to the second-best performance. Gray
bold numbers refer to the best performance among proprietary models and training-based baselines. * indicates
concurrent results conducted by recent works or original papers. For the metrics, acc, em, rg, and mau denote

accuracy, str-em, rouge, and MAUVE, respectively.

TriviaQA PopQA ARC-C ASQA
(acc) (acc) (acc) (em) (rg) (mau)
LMs with proprietary data
Llama2-chat;3g* 59.3 20.0 38.4 224 29.6 28.6
Ret-Llama2-chat3g* 59.8 51.8 379 32.8 348 438
Baselines with retrieval (training-based)

Llama2-FT;g* 57.3 48.7 65.8 31.0 358 51.2
Self-RAG7p* 66.4 54.9 67.3 30.0 357 743
Baselines without retrieval
Llama2;g* 30.5 14.7 21.8 7.9 153 19.0
Alpaca;z* 54.5 23.6 45.0 18.8 294 61.7
Llama2;3g* 38.5 14.7 294 7.2 124 16.0
Alpaca;5* 61.3 24.4 54.9 229 320 70.6
Mistralyg 54.8 26.2 55.5 11.2  18.1 27.6
Llama3gg 68.4 29.2 58.8 194 303 543
Baselines with retrieval (training-free)

Llama27p 68.9 50.9 51.0 16.2 234 331
Alpaca,z* 64.1 46.7 48.0 309 333 579
Llama2i3g* 47.0 45.7 26.0 16.3  20.5 247
Alpacasp5* 66.9 46.1 57.6 348 36.7 56.6
Mistralyg 69.4 55.5 57.1 324 348 543
Llama3gg 73.1 61.8 55.6 37.1 36.5 63.0
MAIN-RAG-Mistral;g 71.0 58.9 58.9 3577 36.2 60.0
MAIN-RAG-Llama3gg 74.1 64.0 61.9 39.2 42,0 70.6

didate documents. Compared with training-based
baselines, our training-free MAIN-RAG framework
can bridge the performance gap in TriviaQA and
PopQA datasets. We also found that on the met-
rics for rough (rg), MAIN-RAG-Mistral;g occasion-
ally outperforms the two training-based baselines,
Self-RAG7p and Llama2-FT7g, showing the poten-
tial of improving pre-trained LLMs to outperform
resource-consuming fine-tuning methods.

4.5 Ablation Studies on Adaptive Judge Bar
74 for Filtering and Ranking (RQ2)

We assess the effectiveness of the adaptive judg-
ment bar 7, by comparing the default 7, with varia-
tions adjusted by different scales of standard devia-
tion, 7, — n - 0. As mentioned in Section 3.3, the
purpose of these adjustments is to relax the filter-
ing threshold when the recall rate of relevant docu-
ments is low, potentially preventing the omission
of critical external information required to support
LLMs in question answering. Despite its flexibil-
ity, our experiments demonstrate that the default
74 generally performs well in filtering noisy doc-
uments. As shown in Table 2, while the adjusted

variants randomly achieve better performance, the
default 7, consistently ranks at least second-best
across three benchmarks and two different pre-
trained LL.Ms, indicating its practicality.

After filtering out irrelevant or noisy documents,
the remaining candidate documents can be sorted
in either descending or ascending order. As shown
in Table 2, MAIN-RAG defaults to descending or-
der, consistently achieving better performance com-
pared to ascending order. This result aligns with
findings from prior work, which suggests that
LLMs tend to prioritize information presented at
the beginning of the input (Liu et al., 2024).

4.6 Case Studies of Different Adaptive Judge
Bar 7, (RQ3)

MAIN-RAG involves adaptive judge bar 7, to approx-
imate optimal judge bars of each query by averag-
ing relevant scores over retrieved documents for
a query. This approach is inspired by our obser-
vation of distinct score distributions between the
most relevant document set and the least relevant
document set, as discussed in Section 3.3. From
Figure 6, we observe that Agent-2 assigns confi-
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Case Study 1

Question: In what city was Montxu Miranda born?

Adaptive Judge Bar 7,: 9.575

Filtered and Ordered Documents: Montxu Miranda Montxu Miranda Diez (born 27 December 1976 in Santurce)
is a Spanish pole vaulter. His personal best of 5.81 metres, achieved in September 2000 in Barcelona, is still the
standing Spanish national record. ... He studied at the Colegio San Calixto, then later pursued a career in Political
Sciences at the Higher University of San Andrés in La Paz.

Ground Truth: "Santurtzi", "Santurce"

LLM Answer: Montxu Miranda was born in Santurce. (correct)

Case Study 2

Question: What is the capital of Gmina Czorsztyn?

Adaptive Judge Bar 7,: -8.425

Filtered and Ordered Documents: Gmina Wolsztyn is an urban-rural gmina (administrative district) in Wolsztyn
County, ... Sromowce Wyzne is a village in the administrative district of Gmina Czorsztyn, within Nowy Targ
County, Lesser Poland Voivodeship, in southern Poland, close to the border with Slovakia. It lies approximately 8
km south-east of Maniowy, 25 km east of Nowy Targ, ...

Ground Truth: "Maniowy"

LLM Answer: The capital of Gmina Czorsztyn is Maniowy. (correct)

Case Study 3

Question: What is Arcangelo Ghisleri’s occupation?

Adaptive Judge Bar 7,: 0.4875

Filtered and Ordered Documents: S. Michele Arcangelo, archangel in Jewish, Christian, and Islamic teachings ;
Andrea di Cione Arcangelo (1308-1368), Italian painter, sculptor, and architect active in Florence ; Antonio di
Arcangelo, Italian painter, active in Florence in a Renaissance style, between 1520 and 1538 ; Arcangelo Califano

(1730-1750), baroque composer and cellist...

"o "o

Ground Truth: "journalist”, "journo”, "journalists"

LLM Answer: Arcangelo Ghisleri was an Italian geographer, writer, and Socialist politician. (wrong)

Figure 8: Case Study: Adaptive Judge Bar 7, (Dataset: PopQA; LLM Agents: Mistralyg)

Table 2: Ablation studies of 7, and document ordering.
Bold numbers indicate the best result, and underline
numbers indicate the second-best result.

TriviaQA  PopQA  ARC-C

(acc) (acc) (acc)
Mistralsg
MAIN-RAG (Decs.) 71.0 58.9 58.9
MAIN-RAG (Asc.) 70.2 53.5 574
MAIN-RAG (1, — 0.5 - o) 71.2 58.6 59.0
MAIN-RAG (7, — 1.0 - o) 70.8 58.0 58.5
MAIN-RAG (14 — 1.5 - o) 70.4 584 57.7
LlamaSgB
MAIN-RAG (Decs.) 74.1 64.0 61.9
" MAIN-RAG (Asc.) 736 635 607
MAIN-RAG (7, — 0.5 - o) 74.1 64.0 58.6
MAIN-RAG (7, — 1.0 - o) 74.1 63.3 58.9
MAIN-RAG (1; — 1.5 - o) 74.3 64.0 57.2

dently high relevance scores to related documents,
resulting in a skewed-high score distribution. In
contrast, while Agent-2 scores noisy documents
with a more uniform distribution, the lowest scores
for noisy documents are significantly lower than
those for related documents. This disparity allows
the filtering mechanism to improve the prediction
accuracy of Agent-3, regardless of whether 7, is
set relatively high or low. The correlation between

74 and performance can be observed in Figure 8
and further discussed in Appendix D.

5 Conclusion and Future Work

In this work, we address the challenges of noisy
document retrieval in RAG by introducing a
training-free, multi-agent framework, MAIN-RAG.
Our approach employs multiple LLM agents to
collaboratively filter and rank retrieved docu-
ments, enhancing the recall of relevant information
while minimizing irrelevant content. Specifically,
MAIN-RAG utilizes an adaptive judge bar that dy-
namically adjusts based on the score distribution of
relevant and noisy documents in different queries.
Experimental results demonstrate that MAIN-RAG
consistently outperforms training-free RAG base-
lines across various QA benchmarks. Regarding
future directions, the MAIN-RAG framework unveils
several potential facets that merit further explo-
ration, such as integrating with a more fine-grained
adaptive judge bar, extending the approach to other
tasks beyond question answering, and incorporat-
ing human feedback or tuning-based approaches to
enhance the efficacy of document filtering.
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6 Limitations

We conduct experiments on four datasets using two
different pre-trained LLM architectures. These ex-
periments primarily focus on LLM inference with
retrieved external documents. However, we ac-
knowledge that LLM inference under RAG work-
flow contributes to carbon emissions, representing
a potential limitation and environmental risk of
our work. To mitigate this, we aim to reduce the
need for repetitive experiments by ensuring more
predictable outcomes and implementing controlled
experimental settings.
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Appendix
A Computation Infrastructure

For a fair comparison of evaluation, the experiments are conducted based on the following physical
computing infrastructure in Table 3.

Table 3: Computing infrastructure for the experiments.

Device Attribute Spec
Computing Infrastructure GPU
GPU Model Nvidia-A100
GPU Number 4

GPU Memory 80 GB

B Performance Comparison among MAIN-RAG and Its Variant Baselines

Our results demonstrate that MAIN-RAG outperforms all training-free, without retrieval, and MAIN-RAG
variant baselines by margins up to 6.1% (with Mistralsg) and 12.0% (with Llama3gg) in all four
benchmarks, as shown in Table 1, Figure 9, and Figure 10. Notably, the questions in PopQA heavily rely
on external knowledge to enable pre-trained LLMs to generate accurate answers. In this case, MAIN-RAG
exhibits a significant advantage over the baselines, because the retriever is not fine-tuned on the target
question sets and may retrieve a large number of noisy candidate documents.
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Figure 9: Performance comparison among MAIN-RAG and its variant baselines on three QA benchmarks, where all
three LLM agents are pre-trained Mistral;g.
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Figure 10: Performance comparison among MAIN-RAG and its variant baselines on three QA benchmarks, where all
three LLM agents are pre-trained L1ama3gg.
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C Spystem Instructions of Agent-1 (Predictor), Agent-2 (Judge), and Agent-3
(Final-Predictor)

We present the system instructions of Agent-1 (Predictor), Agent-2 (Judge), and Agent-3
(Final-Predictor) in Figure 11 in MAIN-RAG framework.

System Instruction (Agent-1 (Predictor)):
You are an accurate and reliable Al assistant that can answer questions with the help of external doc-
uments. You should only provide the correct answer without repeating the question and instruction.

System Instruction (Agent-2 (Judge)):

You are a noisy document evaluator that can judge if the external document is noisy for the query
with unrelated or misleading information. Given a retrieved Document, a Question, and an Answer
generated by an LLM (LLM Answer), you should judge whether both the following two conditions
are reached: (1) the Document provides specific information for answering the Question; (2) the
LLM Answer directly answers the question based on the retrieved Document. Please note that
external documents may contain noisy or factually incorrect information. If the information in the
document does not contain the answer, you should point it out with evidence. You should answer
with "Yes" or "No" with evidence of your judgment, where "No" means one of the conditions (1)
and (2) are unreached and indicates it is a noisy document.

System Instruction (Agent-3 (Final-Predictor)):
You are an accurate and reliable Al assistant that can answer questions with the help of external doc-
uments. You should only provide the correct answer without repeating the question and instruction.

Figure 11: System instructions of Agent-1 (Predictor), Agent-2 (Judge), and Agent-3 (Final-Predictor).

D Case Studies of Different Adaptive Judge Bar 7, in MAIN-RAG

We demonstrate the case studies of the documents filtered and ranked by MAIN-RAG under different
adaptive judge bars 7,. The demonstrations show that Agent-2 (Judge), pre-trained LLMs, is able
to provide convincing judgment ability for the queries with high adaptive judge bar 7, (confident), but
suffers in those low adaptive judge bar queries (unconfident). The case studies on PopQA and TriviaQA
are illustrated in Figure 12-15.
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Case Study 1
Question: In what city was Montxu Miranda born?
Adaptive Judge Bar 7,: 9.575
Filtered and Ordered Documents: Montxu Miranda Montxu Miranda Diez (born 27 Decem-
ber 1976 in Santurce) is a Spanish pole vaulter. His personal best of 5.81 metres, achieved
in September 2000 in Barcelona, is still the standing Spanish national record. Miranda was
born in 1981 in Buenaventura, Colombia and was abandoned by his mother when he was one
month old. At age 9, a precocious Miranda began a quest to locate his mother. He hitched
rides on truck beds over the course of hundreds of miles and was able to find his uncle
working at a construction site. His uncle informed him that if he was really the little boy his
sister gave away, then he should have a birthmark on his leg whereas Miranda unveiled the
2-inch long circular proof. The man led him to his mother’s new home, only to be abandoned
again by his mother. ...
Ground Truth: "Santurtzi", "Santurce"
LLM Answer: Montxu Miranda was born in Santurce. (correct)

Case Study 2
Question: What is the capital of Gmina Czorsztyn?
Adaptive Judge Bar 7,: -8.425
Filtered and Ordered Documents: Gmina Wolsztyn is an urban-rural gmina (administrative
district) in Wolsztyn County, ... Sromowce Wyzne is a village in the administrative district of
Gmina Czorsztyn, within Nowy Targ County, Lesser Poland Voivodeship, in southern Poland,
close to the border with Slovakia. It lies approximately 8 km south-east of Maniowy, 25 km
east of Nowy Targ, and 78 km south-east of the regional capital Krakéw. The village has a
population of 1,100. Czosnéw is a village in Nowy Dwér Mazowiecki County, Masovian
Voivodeship, in east-central Poland. It is the seat of the gmina (administrative district) called
Gmina Czosnéw. It lies approximately 7 km southeast of Nowy Dwér Mazowiecki and 26 km
northwest of Warsaw. The village has a population of 420. ...
Ground Truth: "Maniowy"
LLM Answer: The capital of Gmina Czorsztyn is Maniowy. (correct)

Case Study 3
Question: What is Arcangelo Ghisleri’s occupation?
Adaptive Judge Bar 7,: 0.4875
Filtered and Ordered Documents: S. Michele Arcangelo, archangel in Jewish, Christian, and
Islamic teachings ; Andrea di Cione Arcangelo (1308-1368), Italian painter, sculptor, and
architect active in Florence ; Antonio di Arcangelo, Italian painter, active in Florence in
a Renaissance style, between 1520 and 1538 ; Arcangelo Califano (1730-1750), baroque
composer and cellist ; Arcangelo Placenza da Calatafimi, (1390-1460) venerated Italian
Franciscan friar and preacher ; Arcangelo Canetoli (1460—1513), venerated Catholic priest ;
Arcangelo Cascieri (1902-1997), influential sculptor, major figure in Boston Architectural
College in Boston, Massachusetts ; Arcangelo di Cola (active 1416-1429) Italian late-Gothic
painter ; ...
Ground Truth: "journalist", "journo", "journalists"
LLM Answer: Arcangelo Ghisleri was an Italian geographer, writer, and Socialist politician.
(wrong)

Figure 12: Case Study: Adaptive Judge Bar 7, (Dataset: PopQA; LLM Agents: Mistral;g)
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Case Study 1
Question: In what city was Fernando Garcia born?
Adaptive Judge Bar 7,: 6.234
Filtered and Ordered Documents: Fernando Garcia (born July 4, 1930 in Santiago, Chile) is
a Chilean composer. Active since 1956 he has done orchestral music, chamber music, etc.
He studied with Juan Orrego-Salas and Gustavo Becerra-Schmidt, among others. His style
is strongly influenced by serialism and aleatoric procedures. He also played a role in the
beginnings of electroacoustic music in Chile, after a trip he made to France in the early 1950s
where he heard musique concrete. He worked for the Instituto de Extensién Musical of the
University of Chile, and in 1962 he premiered his most important piece, the cantata América
Insurrecta, which won an award at the Chilean Music Festival. After the Chilean coup-d’état,
he was forced into exile, first in Perd (1973-1979), and then in Cuba (1979-1990). ...
Ground Truth: "Santiago", "Santiago de Chile", "Santiago, Chile"
LLM Answer: According to the document, Fernando Garcia was born in Santiago, Chile.
(correct)

Case Study 2
Question: In what country is Ittamalliyagoda?
Adaptive Judge Bar 7,: -6.88
Filtered and Ordered Documents: Ittamalliyagoda Ittamalliyagoda is a village in Sri Lanka.
It is located within Central Province. Loluwagoda Loluwagoda is a well known village in
Sri Lanka which is situated on Nittambuwa - Giriulla 221 main road between Mirigama
and Giriulla towns. Main religion of the people in the village is Theravada Buddhism.The
old Ramanna Nikaya temple in the village (Sri Mahendraramaya) was well-known among
Buddhist monks in the area as a hidden and quiet temple which is not promoting social
services or festivals in order to obtain donations. A group from the villagers annually donate
medicine to the Mitirigala Nissarana Vanaya with a group from Atambe village. Like the
most villages in Gampaha district, the population Loluwagoda is a village in the Gampaha
District, Sri Lanka. It is located on the Nittambuwa - Giriulla 221 main road, between the
towns of Mirigama and Giriulla. ...
Ground Truth: "Sri Lanka", "Democratic Socialist Republic of Sri Lanka"
LLM Answer: According to the document, Ittamalliyagoda is a village in Sri Lanka. (correct)

Case Study 3
Question: What is Andreas Riidiger’s occupation?
Adaptive Judge Bar 7,: 0.40625
Filtered and Ordered Documents: Johannes Andreas Riidiger (1 November 1673 — 6 June
1731) was a German philosopher and physicist. Antonio Riidiger (born 3 March 1993) is a
German professional footballer who plays as a centre-back for club Chelsea and the Germany
national team. Riidiger began his career at VB Stuttgart, representing their reserves in 3.
Liga and the first team in the Bundesliga. In 2015 he joined Roma, initially on loan and a year
later for a €9 million fee. He was signed by Chelsea in 2017 for an estimated £27 million,
where he won the FA Cup in his first season, followed by the UEFA Europa League in his
second season, and the UEFA Champions League in 2021. He made his international debut
for Germany in March 2014. ...
Ground Truth: "philosopher”
LLM Answer: According to the document, Andreas Riidiger (born 1993) is a German
professional footballer who plays as a centre-back for club Chelsea and the Germany national
team. (wrong)

Figure 13: Case Study: Adaptive Judge Bar 7, (Dataset: PopQA; LLM Agents: L1ama3gg)
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Case Study 1
Question: In which US state is New Haven?
Adaptive Judge Bar 7,: 16.13
Filtered and Ordered Documents: New Haven, Connecticut New Haven is a coastal city in the
U.S. state of Connecticut. It is located on New Haven Harbor on the northern shore of Long
Island Sound in New Haven County, Connecticut, and is part of the New York metropolitan
area. With a population of 129,779 as determined by the 2010 United States Census, it is the
second-largest city in Connecticut after Bridgeport. New Haven is the principal municipality
of Greater New Haven, which had a total population of 862,477 in 2010. New Haven was the
first planned city in America. Founded in 1638 by English Puritans, New Haven, Vermont
New Haven is a town in Addison County, Vermont, United States. The population was 1,727
at the 2010 census. ...
Ground Truth: "richest places in connecticut", "Connecticut", "Connectecut"
LLM Answer: New Haven is located in the US state of Connecticut. (correct)

Case Study 2
Question: Where is the area of 127,000 square kilometres (49,000 sq miles) in central South
Australia, where public are not admitted under Australian Defence Force regulations?
Adaptive Judge Bar 7,: -10.675
Filtered and Ordered Documents: would double the area of land in South Australia under
environmental protection to 1.8 million hectares. The area includes 390 species of plants and
a large number of habitats for rare species of animals and birds. In May 2011, after years
of negotiations, Rann joined with Federal Defence Minister Stephen Smith and Resources
Minister Martin Ferguson to announce that large areas of the Woomera Prohibited Area, the
largest defence testing reserve in the world, would be opened up for mining, allowing the
future exploitation of mineral deposits estimated at billions of dollars. ...
Ground Truth: "woomera disambiguation", "Woomera"
LLM Answer: The area of 127,000 square kilometres (49,000 sq miles) in central South
Australia, where public are not admitted under Australian Defence Force regulations, is the
Woomera Prohibited Area. (correct)

Case Study 3
Question: What name is given to an alcoholic drink that is taken in an effort to cure a
hangover?
Adaptive Judge Bar 7,: 0.49375
Filtered and Ordered Documents: Hangover drink in Korea Hangover drinks are drinks sold
in South Korea that are consumed to ease the hangover after heavy drinking. Hangover drinks
are consumed before a heavy drinking session and an ingredient in them is said to break
down a toxin produced in our liver when drinking and also reduce the effect of alcohol on
our brain’s neurotransmitters. Get-together among co-workers or students are very common
in Korea. A lot of people in Korea consume the hangover drinks before they attend the
get-together so they can get out of the hangover quickly on the next day. hangover cure. ...
Ground Truth: "hair of dog", "alcohol readministration”, "recovery drinking", "hair off dogs
back"
LLM Answer: The name given to an alcoholic drink that is taken in an effort to cure
a hangover is "hangover drink" or "hangover cure." In Korea, it is called "haejangsul." (wrong)

Figure 14: Case Study: Adaptive Judge Bar 7, (Dataset: TriviaQA; LLM Agents: Mistrals)

2621




Case Study 1
Question: In Ancient Greece what was a hoplite?
Adaptive Judge Bar 7,: 8.522
Filtered and Ordered Documents: Hoplite formation in art The hoplites were soldiers from
Ancient Greece who were usually free citizens. They had a very uniform and distinct
appearance; specifically they were armed with a spear ("dory") in their right hand and a
heavy round shield in their left. Hoplite soldiers were organized in battle into the "Phalanx
formation". The goal of this formation was to create uniformity and a powerful military force
in order to maximize the effectiveness as the army as a whole, rather than use people as
individual fighters. With the hoplite formation everyone was the same in battle. The Phalanx
formation item of armor or equipment, thus "hoplite’ may approximate to ’armored man’.
Hoplites were the citizen-soldiers of the Ancient Greek City-states. ...
Ground Truth: "A citizen-soldier", "militia groups", "Militiamen"
LLM Answer: According to the document, a hoplite was a citizen-soldier of Ancient Greece
who was primarily armed with spears and shields. They were organized in battle into the
"Phalanx formation" and were known for their uniform appearance, wearing the same armor
and carrying the same weapons in the same position. (correct)

Case Study 2
Question: What did Arthur Wynne invent?
Adaptive Judge Bar 7,: -18.2506
Filtered and Ordered Documents: the "New York World" newspaper. He is best known for
the invention of the crossword puzzle in 1913, when he was a resident of Cedar Grove, New
Jersey. Wynne created the page of puzzles for the "Fun" section of the Sunday edition of
the "New York World". For the December 21, 1913, edition, he introduced a puzzle with a
diamond shape and a hollow center, the letters F-U-N already being filled in. He called it a
"Word-Cross Puzzle." Although Wynne’s invention was based on earlier puzzle forms, such
as the word diamond, he introduced a number of innovations (e.g. the on January 14, 1945.
On December 20, 2013, he was honored with an interactive Google Doodle commemorating
the "100th anniversary of the first crossword puzzle" with a puzzle by Merl Reagle. ...
Ground Truth: "crossword puzzle", "Crossword", "Fill in crossword"
LLM Answer: According to the document, Arthur Wynne invented the crossword puzzle in
1913. (correct)

Case Study 3
Question: The America’s Cup trophy was held by America from 1852 until 1983 when the
Cup was won by which challenger?
Adaptive Judge Bar 7,: 0.0222
Filtered and Ordered Documents: II won the Cup. 1983 America’s Cup was the occasion of
the first winning challenge to the New York Yacht Club, which had successfully defended
the cup over a period of 132 years. An Australian syndicate representing the Royal Perth
Yacht Club fielded the Australia II, skippered by John Bertrand against defender Liberty,
skippered by Dennis Conner, won the match races to win the America’s Cup, ending the
longest winning streak in sporting history and ending U.S. domination of the racing series. ...
Ground Truth: "Australia II of Australia", "australia ii of australia"
LLM Answer: According to the document, the America’s Cup trophy was held by the New
York Yacht Club (NYYC) from 1857 until 1983. The Cup was won by an Australian syndicate
representing the Royal Perth Yacht Club, fielding the Australia II, skippered by John Bertrand,
in 1983. (wrong)

Figure 15: Case Study: Adaptive Judge Bar 7, (Dataset: TriviaQA; LLM Agents: L1ama3gs)
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