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ABsTrRACT. Self-RAG enhances Retrieval-Augmented Generation (RAG)
by enabling Large Language Models (LLMs) to dynamically retrieve
external knowledge and self-evaluate outputs. However, the original
Self-RAG heavily relies on a manually tuned weighted-sum mechanism
for combining critique scores, rendering the system brittle and poorly
adaptable to diverse query distributions. To address these limitations,
Pareto Front Enhanced Self-RAG (PFE-SELF-RAG) is proposed as a
tuning-free Multi-Objective Optimization(MOO) framework. It first
applies Maximal Marginal Relevance (MMR) to enrich context diversity,
then incorporates two evaluation strategies: Pareto Front-based selection
and Geometric Mean (GM) Aggregation. The primary significance
of this approach lies in eliminating fragile manual weight tuning. By
mathematically modeling the trade-off between factual accuracy and rel-
evance, PFE-SELF-RAG enables adaptive candidate selection, allowing
the number and quality of outputs to vary dynamically. This represents
the first formal application of Pareto optimization to candidate ranking
in self-reflective RAG systems, establishing a principled alternative
to heuristic aggregation. Evaluations on PopQA, ARC Challenge,
PubHealth, and TriviaQA demonstrate substantial impact. The Full
Pareto Set strategy consistently outperforms the Self-RAG baseline,
achieving %58.6 on PopQA (%+3.7), %68.0 on ARC Challenge (%-+1.6),
%73.0 on PubHealth (%+0.6), and %71.3 on TriviaQA (%-+4.3). These
improvements underscore the practical impact of replacing brittle
heuristics with principled optimization, establishing PFE-SELF-RAG as
a robust and scalable standard for self-reflective RAG systems.

Keywords: Retrieval-Augmented Generation, Pareto Optimization, Geo-
metric Mean, Self-RAG, LLM Evaluation
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1. Introduction

LLMs have fundamentally advanced Natural Language Processing (NLP),
demonstrating exceptional performance in tasks such as text generation, rea-
soning, and dialogue [5, 25]. Despite these capabilities, LLMs frequently exhibit
hallucination, generating fluent but factually incorrect information [17]. This
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limitation is particularly critical in high-stakes domains—such as healthcare,
law, and scientific research—where factual accuracy is paramount.

To address this challenge, RAG has emerged as a hybrid framework that en-
hances factual accuracy by grounding generated outputs in external knowledge
[18]. Unlike models relying solely on internal parameters, RAG retrieves rele-
vant documents from a knowledge base to inform the generation process. This
approach enables the incorporation of up-to-date, domain-specific information
without requiring model retraining, thereby improving reliability in tasks such
as open-domain question answering and fact verification.

Several RAG implementations have been developed, integrating retrievers
like BM25 [23] or DPR [16] with generative models such as BART or T5.
Advanced RAG variants further incorporate multi-hop retrieval [26] and itera-
tive refinement [12]. While these methods improve document relevance, most
conventional RAG systems retrieve a fixed number of passages regardless of
necessity. This rigidity can introduce irrelevant or redundant information, po-
tentially degrading the quality of the generated output.

To overcome these limitations, Self-RAG [2] introduces a dynamic, reflective
inference approach. Unlike traditional RAG, Self-RAG enables the model to
determine when retrieval is necessary and to evaluate the quality of its outputs
through a self-reflection mechanism. By employing reflection tokens, Self-RAG
triggers retrieval on demand and critiques its own responses, selecting the most
accurate and coherent output from multiple candidates. This self-assessment
enhances factuality and adaptability while preserving generative flexibility.

Despite its innovations, the inference strategy of Self-RAG is constrained
by fundamental limitations. A central weakness is the reliance on a static,
manually-tuned weighted sum to aggregate critique scores—a process that is
brittle and fails to adapt to the unique trade-offs of each query, often leading to
suboptimal selections. Additionally, certain evaluation metrics used in the pro-
cess lack semantic richness and fail to comprehensively capture key attributes
such as coherence, relevance, and utility. Furthermore, specific metrics have
been shown to be redundant, as their removal does not result in a measurable
performance decline. Collectively, these issues necessitate a more adaptive,
semantically informed, and tuning-free inference mechanism.

To address these shortcomings, this paper introduces PFE-SELF-RAG, a
framework that fundamentally reframes the inference process by replacing the
brittle, manually-tuned weighted sum with a principled MOO approach. Inno-
vations are incorporated at two critical stages:

e Post-retrieval stage: MMR [6] is employed to curate a document
set that is both highly relevant and informationally diverse, directly
enhancing the quality of the context provided to the generator.

e Response selection stage: The response selection mechanism is
overhauled by introducing two distinct evaluation strategies:
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(1) Pareto Front—based selection, which formally models the
trade-offs between factual utility and relevance.

(2) GM aggregation, which offers a robust, holistic score that pe-
nalizes candidates with any single weak critique.

This dual-strategy design not only eliminates the need for sensitive hyperpa-
rameter tuning but also allows the Pareto-based method to adaptively identify
a set of optimal candidates, surpassing the single-answer restriction of prior
work. Consequently, greater robustness and adaptability are achieved, sup-
porting more accurate and contextually aligned responses across a broad range
of knowledge-intensive tasks.

The remainder of this paper is organized as follows. Section 2 reviews re-
lated work on RAG and Self-RAG, highlighting existing retrieval strategies and
prior efforts in MOO for text generation to situate our contribution within the
broader landscape. Section 3 presents the preliminaries, including the Pareto
front formulation for MOO, MMR for balancing relevance and diversity, and
the Self-RAG framework.

Section 4 introduces the proposed evaluation metrics for the final response
selection, focusing on Pareto Front-Based selection and GM. Section 5 details
the PFE-Self-RAG method, describing the full inference pipeline, MMR-based
document refinement, parallel candidate generation, and adaptive response se-
lection.

Section 6 presents the experimental results, detailing datasets, baseline mod-
els, parameter choices, and evaluation methodology. Results are analyzed quan-
titatively through statistical tests (Quade and Li procedures) and qualitatively
via score distribution visualizations. Finally, Section 7 concludes the paper by
summarizing key findings, discussing limitations, and outlining directions for
future work.

2. Related work

RAG [18] has become a widely adopted paradigm for improving the fac-
tual accuracy of LLMs without resorting to costly fine-tuning. By retrieving
relevant external documents and conditioning the generation process on this
evidence, RAG can improve factual correctness and adapt more effectively to
domain-specific tasks [16]. Recent advances such as Self-RAG [2]| extend this
idea by introducing a dynamic retrieval mechanism, where the model deter-
mines when external knowledge is needed and uses self-reflection tokens to
critique and select the best response from multiple candidates. While Self-
RAG improves adaptability and factual grounding, its response selection relies
on a brittle, manually tuned weighted sum over multiple critique dimensions—
a static aggregation that often fails to capture nuanced trade-offs inherent in
multi-dimensional evaluation.

To address such limitations, MOO offers a principled alternative by explic-
itly modeling trade-offs across competing objectives [9, 21]. In the context of
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aligning LLMs with diverse human preferences, He and Maghsudi [13] proposed
the Pareto Multi-Objective Alignment (PAMA) algorithm, demonstrating that
Pareto-based alignment yields sets of equally optimal solutions without sacri-
ficing one objective for another. Beyond NLP, the efficacy of MOO has been
demonstrated in various complex domains. For instance, [22] utilized a Deep
Reinforcement Learning (DRL) framework to optimize conflicting objectives
in BIM-based green building design, while [3] enhanced the Multi-Objective
Cuckoo Search (MOCS) with migration operators to address scheduling trade-
offs in cloud-fog computing. These studies highlight a consensus that deal-
ing with conflicting goals explicitly via Pareto-based methods yield superior
robustness compared to static aggregation. Inspired by this scalability, our
PFE-SELF-RAG framework leverages explicit Pareto front construction over
small candidate sets to preserve optimal trade-offs between factual utility and
relevance.

In the specific domain of RAG, recent research has increasingly focused on
addressing inherent trade-offs—such as latency, cost, and accuracy—through
adaptive strategies. For dynamic adaptation, Adaptive-RAG [14] introduces
a classifier to select retrieval strategies based on query complexity. To en-
hance retrieval reliability, Corrective RAG (CRAG) [27] proposes a lightweight
evaluator to trigger corrective actions when the retrieved context is insuffi-
cient. Optimization efforts have also targeted the pipeline configuration; very
recently, Barker et al. [4] proposed a multi-objective hyperparameter opti-
mization framework using Bayesian optimization to find a Pareto front of sys-
tem configurations. They demonstrate that optimal configurations are task-
dependent, making fixed setups suboptimal in many real-world cases.

Despite these significant advancements, a comparative analysis reveals a crit-
ical gap in the inference-time candidate selection phase. Existing methods pri-
marily operate at different stages of the pipeline. For instance, approaches like
Adaptive-RAG [14] and CRAG [27] prioritize optimizing the retrieval strategy
or correcting inputs prior to generation, rather than explicitly modeling trade-
offs in the final generated candidates. Furthermore, frameworks such as that of
Barker et al. [4] utilize MOO for offline hyperparameter tuning, which, while
effective for system configuration, does not allow for dynamic, per-query trade-
off resolution during inference. Meanwhile, current self-reflective frameworks
like the original Self-RAG [2] continue to rely on brittle heuristics to aggregate
critique scores, forcing a fixed preference that often discards Pareto-optimal
candidates. PFE-SELF-RAG addresses this specific limitation by introducing
a tuning-free, Pareto-based inference mechanism. Unlike the aforementioned
works, our approach dynamically models the continuous trade-off between rele-
vance and factual utility for individual generated candidates at inference time,
ensuring robustness without the need for costly hyperparameter search or ex-
ternal corrective pipelines.
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3. Preliminaries

This section outlines the foundational concepts underpinning the proposed
method, specifically MOO and the Self-RAG framework.

3.1. Multi-Objective Optimization (MOO). MOO addresses optimiza-
tion problems involving multiple conflicting objectives, a scenario frequently
encountered in real-world applications [9, 21]. In contrast to single-objective
optimization, which yields a single optimal solution, MOO produces a set of
Pareto-optimal solutions. Within this set, no single solution is superior across
all objectives simultaneously. These solutions collectively form the Pareto front,
representing the trade-offs among objectives. The general formulation of MOO
is given by:
optimize: Y = F(X) = [f1(X), f2(X), ..., fr(X)]
(1) subject to: ¢;(X) >0 (i=1,2,...,q)
hi(X)=0 (i=qg+1,...,m)

where X € R™ denotes the decision vector, Y represents the objective vector,
and the problem is subject to m constraints within an n-dimensional space
[9, 21].

The primary objective in MOO is to identify non-dominated solutions that
constitute the Pareto front. A solution is defined as Pareto-optimal if no alter-
native solution exists that improves upon it in all objectives simultaneously [20].
Search strategies, such as beam search, approximate the Pareto front by main-
taining a limited set of promising solutions, referred to as the optimal beam.
In this process, solutions are evaluated for dominance, and non-dominated can-
didates are retained. Over successive iterations, the beam evolves to enhance
both solution diversity and quality, aiming for convergence toward the true
Pareto front [29]. This methodology efficiently captures optimal trade-offs in-
herent in multi-objective problems [10].

A prevalent method for solving MOO problems is the weighted sum ap-
proach, which transforms the multi-objective problem into a single-objective
formulation by aggregating weighted objectives:

k
(2) maximize: y = Z w; fi(X),
i=1

where w; represents the weight assigned to the i-th objective, typically nor-
malized to ensure appropriate scaling [7]. Varying weight configurations yields
distinct solutions. However, this method exhibits significant limitations: it gen-
erates only a subset of Pareto-optimal solutions and often fails in non-convex
problem spaces, potentially missing solutions located on the true Pareto front.
To mitigate these issues, the aggregated function must be optimized across var-
ious weight combinations to incrementally expand the solution set; however,
this process remains computationally intensive [9].
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In the context of RAG, quality is rarely one-dimensional. Responses must
be both factually supported and contextually relevant; however, these goals
frequently conflict when retrieved evidence is incomplete or noisy. Aggregat-
ing these qualities via a weighted sum risks over-prioritizing one objective at
the expense of the other. By framing response selection as a multi-objective
problem, these trade-offs can be explicitly modeled. Rather than collapsing
diverse quality signals into a single, brittle scalar, Pareto analysis preserves
the optimal candidates across varying balances of relevance and support. This
approach concretizes the abstract notion of the Pareto front within the RAG
setting, identifying answers that are optimal regarding both factual utility and
contextual relevance. Consequently, it provides a principled basis for final se-
lection under uncertainty.

3.2. Maximum Marginal Relevance (MMR). MMR is a prominent tech-
nique in information retrieval and recommendation systems, employed to opti-
mize the balance between relevance and diversity within a selected set of items,
such as documents or sentences. The primary objective of MMR is to curate a
subset of items that are highly relevant to a specific query while simultaneously
minimizing redundancy among them. Formally, MMR is defined with respect
to a query @, a set of candidate items D, and a subset S C D representing
items already selected. For any candidate item d € D\ S, the MMR score is
computed as:

(3) MMR(d) = X - Sim; (d, Q) — (1 — \) - max Simg(d,d"),

where Sim; (d, Q) quantifies the relevance of item d to the query @, Sims(d, d’)
measures the similarity between items d and d’, and A € [0, 1] is a parameter
governing the trade-off between relevance and diversity [6].

In the context of RAG systems, retrieving documents for fact-seeking
queries—such as “What is the capital of Burkina Faso?’—often yields mul-
tiple passages containing redundant information (e.g., reiterating “The capital
is Ouagadougou”). Including such redundant documents in the context window
is inefficient and offers diminishing informational returns. MMR addresses this
inefliciency by selecting documents based on the dual criteria formulated in
Equation (3):

e Relevance (Sim;): The degree to which a document aligns with the
users’ query.
e Diversity (Sims): The dissimilarity of a document relative to those
already selected.
In practice, once the most relevant document identifying “Ouagadougou” is
selected, MMR penalizes subsequent candidates that merely repeat this fact.
Priority is instead assigned to documents that, while relevant, provide comple-
mentary information, such as demographic or historical details. By modulating
the A parameter, MMR constructs a context that is informationally dense and
minimizes repetition, thereby enhancing the input quality for the generator.
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3.3. Self-Retrieval-Augmented Generation (Self-RAG). Self-RAG is a
framework designed to enhance the reliability and adaptability of LLMs by in-
tegrating dynamic retrieval, self-assessment, and iterative refinement. The ar-
chitecture comprises two primary components: a generator model and a critic
model. The generator, a fine-tuned LLM, interleaves text generation with self-
reflection tokens (e.g., ISREL, ISSUP, ISUSE). As these tokens correspond
to probabilities estimated by the critic model, their values are inherently nor-
malized within the [0,1] interval. These scores are acquired via training on
synthetic feedback provided by the critic.

During inference, the generator processes the input query. If the query or
context provides insufficient information, the model emits a Retrieve token,
triggering the retrieval of relevant documents from an external corpus. For
each retrieved document d, the generator produces multiple candidate contin-
uations, each annotated with critique tokens. The quality of these candidates
is evaluated using the segment score:

(4) f(yt7 da Crlthue) = p(yt | z, dv y<t) + S(Crlthue)7

where f(y:,d, Critique) denotes the composite quality score for a generated
segment y;, conditioned on document d and the self-reflection critique. The first
term, p(y: | x, d, y<¢), represents the intrinsic generation probability assigned to
token y; given the input query z, the retrieved document d, and the preceding
output sequence y~;. The second term, S(Critique), captures the aggregated
assessment from the critic model across multiple quality dimensions, ensuring
that both generation likelihood and qualitative evaluation jointly influence the
ranking of candidate responses. The aggregation is defined as:

(5) S(Critique) = Y " wgsf, for G = {ISREL, ISSUP, ISUSE}.

Geg
Here, S(Critique) represents the weighted sum of critique scores over the eval-
uation dimensions G. The term w¢ is a static weighting coefficient associated
with the critique token G, and s € [0,1] denotes the probability assigned
by the critic at generation step ¢. This value quantifies the critic’s confidence

that the generated content satisfies specific criteria, such as relevance (ISREL),
evidential support (ISSUP), or utility (ISUSE).

4. Proposed Metrics

This section introduces two novel evaluation metrics for the final response
selection stage, both derived from the self-reflection tokens generated by the
critic model.

4.1. Pareto Front-Based Selection. Standard Self-RAG aggregation inte-
grates critique tokens (ISREL, ISSUP, and ISUSE) via manually tuned
weights. To eliminate dependency on heuristic tuning while aligning with the
principles of MOO, these tokens are transformed into two aggregate metrics:



186 F. Hosseini, M. Eftekhari

the Fy Score and Relevance. Formal Pareto optimization is applied to candi-
date response selection within the Self-RAG framework, representing a novel
contribution to the domain. Consequently, the limitations inherent in sim-
ple linear aggregations are transcended by explicitly modeling the trade-offs
between distinct quality dimensions.

The ISUSE token reflects the functional utility of the response, effectively
serving as a proxy for precision by assessing how well the retrieved documents
contribute to the final output. The ISSUP token measures the degree of
evidential support, serving as an analogue to recall by indicating whether suffi-
cient information has been retrieved to address the query. While ISUSFE and
ISSUP do not correspond strictly to standard information retrieval precision
and recall, they represent parallel concepts within the Self-RAG architecture.
Consequently, the F; Score is introduced to balance factual grounding and task
utility, derived as the harmonic mean of these two components:

6 _ 2 x ISUSE x ISSUP
(6) '~ TISUSE + ISSUP

In this formulation, ISUSFE and ISSUP are normalized critique scores in
[0, 1] representing the usefulness and evidential support of the generated out-
put, respectively. The harmonic mean is selected for its inherent property of
penalizing imbalances. Unlike the arithmetic mean, which might assign a high
score to a response that is useful but unsupported, the F; score remains low if
either component is deficient. This ensures that only candidates demonstrat-
ing both high utility and strong support are ranked favorably. Furthermore,
given that ISUSFE and ISSUP frequently exhibit similar behaviors and high
correlation, merging them into a single composite score reduces redundancy in
the optimization space.

The ISREL token is explicitly employed as an independent metric for the
assessment of passage relevance. MOO, free from heuristic weight tuning, is
realized through the construction of a Pareto front, utilizing F; (factual utility)
and Fy (where F» = ISREL) as the objective dimensions. Formally, the
finite set of k candidate responses, C = {¢1,c¢o,...,¢k}, is denoted as being
generated from the refined document set R produced by MMR filtering. For
each candidate ¢;, a factual-utility score Fi(c;) € [0,1] and a relevance score
F5(c;) € [0,1] are defined. The MOO problem is consequently formulated as:

maximize (Fi(c;), Fa(c;))

subject to ¢; € C,
C generated using documents in R, [R]| <5,
Files), Faley) € [0,1] Vi
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A candidate ¢, € C is defined as Pareto optimal if there exists no other ¢, € C
such that Fy(cp) > Fi(c,) and Fa(cp) > Fa(cq), with at least one inequality be-
ing strict. Given the constraint & < 5 in our setting, this discrete optimization is
solved exactly by pairwise dominance checks, yielding the Pareto set P C C. A
response candidate is considered non-dominated if no other candidate achieves
strictly higher scores in both metrics. This methodology eliminates reliance on
hand-crafted weight combinations, enabling a mathematically principled and
adaptive selection process.

We investigate two response selection strategies based on this formulation.
The first strategy returns all non-dominated responses on the Pareto front,
prioritizing completeness by capturing the full spectrum of optimal trade-offs
between factual utility and relevance. The second strategy selects a single
response by identifying the non-dominated candidate that minimizes the Eu-
clidean distance to the ideal point [1,1] in the (F}, Fy) objective space. This
method ensures a robust, deterministic selection that simultaneously maximizes
both objectives.

Given the limited cardinality of the candidate response set per query (k = 5),
the Pareto front is approximated utilizing exhaustive pairwise comparison.
Dominance is subsequently determined by comparing each candidate against
every other candidate in the set. For small k, this approach is deemed compu-
tationally negligible and guarantees the identification of the true Pareto front
for the candidate set, thereby obviating the need for heuristic approximations
such as beam search.

4.2. Geometric Mean Aggregation (GM Aggregation). In contrast to
the Pareto-based metric, which aggregates I.SSUP and ISUSFE into a compos-
ite I score, the GM Aggregation metric retains the distinct values of all three
critique tokens—ISUSFE, ISSUP, and I SRE L—combining them to ensure no
quality dimension is disregarded. This approach fosters a more rigorous and
a comprehensive evaluation of responses. Rather than employing a weighted
sum, this method utilizes the GM, allowing each critique factor to contribute
multiplicatively while preserving the granularity of token-level signals.

Since the critique scores are generated by the critic model as probabilities,
they are inherently normalized to the unit interval [0, 1], ensuring direct com-
patibility without requiring auxiliary scaling. The joint product P of the three
scores is calculated as:

(8) P =1ISUSE x ISSUP x ISREL.

The Geometric Mean (GM) score is subsequently derived by taking the cube
root of this product:
(9) GMseore = V'P.

In this formulation, each factor represents a distinct evaluation dimension:
usefulness (ISUSE), evidential support (ISSUP), and relevance (ISREL).
Formally, the response selection process is modeled as an optimization problem:
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maximize GMScore(c;) = (ISUSE(c;) - ISSUP(c;) - ISREL(c;))"/?
(10)  subject to ¢; €C,
ISUSE(c;), ISSUP(¢;), ISREL(c;) € [0, 1],

where C denotes the finite set of candidate responses generated for the query.
The decision variable is the specific candidate c; selected from C, with the
objective of maximizing the GMScore. Consequently, the optimal selection ¢*
is defined as:
(11) ¢* = arg max GMScore(c;).
c; €C

This formalization explicitly captures the optimization objectives, decision
variables, domains, and constraints governing the GM aggregation strategy.
By utilizing the GM, the method ensures that all three dimensions contribute
equiproportionally while effectively penalizing candidates that exhibit weakness
in any single dimension. This property yields a stricter and more balanced
assessment than additive methods, mitigating the influence of isolated extreme
values and guiding the model toward responses that maintain consistently high
quality across all evaluation criteria.

5. Pareto-Front Enhanced SELF-RAG (PFE-SELF-RAG)

This section details the PFE-SELF-RAG inference pipeline, a principled
framework designed to enhance response quality through the systematic re-
finement of both retrieved context and final candidate selection. The process
comprises three distinct stages: Document Refinement, Parallel Generation,
and Response Selection via multi-objective evaluation.

The procedure initiates with post-retrieval re-ranking using MMR, applied im-
mediately following the initial retrieval of ten documents. The objective of
MMR is to curate a refined subset of five documents that are highly relevant
to the query while maximizing mutual diversity. For instance, if two retrieved
documents contain the target answer but one offers additional historical back-
ground, MMR prioritizes the latter to improve contextual breadth and minimize
redundancy. To govern the trade-off between relevance and diversity, the pa-
rameter A is held constant across experiments, selected to prioritize relevance
while penalizing redundancy (see Section 6.2). This initial refinement ensures
that the subsequent generation and evaluation stages operate on a document
set characterized by broader and more informative coverage. Subsequently, the
focus shifts to the final inference stage, where candidate responses are gener-
ated using this refined document set. In contrast to the traditional Self-RAG
approach, which applies a single, static weighted sum to critique tokens, our
framework evaluates candidates using one of two alternative multi-objective
strategies. The first, Pareto Front—based selection, identifies responses that
optimally balance the Fy and ISREL (F5) metrics by constructing a set of
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non-dominated solutions. Alternatively, the GM aggregation method combines
all critique tokens into a holistic GM _Score, providing a robust evaluation
metric. These strategies are distinct and are not applied sequentially. This
framework enables a more adaptive inference process by integrating relevance,
support, and utility without reliance on manual tuning.

PFE-SELF-RAG addresses the fundamental limitations of static scoring
through a dual-level adaptive mechanism. First, the MMR filtering step tailors
the document context on a per-query basis. Second, the replacement of a fixed
weighted sum with principled MOO allows the cardinality of the final answer
set to vary according to the query and its candidate score distribution.

By identifying the optimal trade-off between factual utility (F}) and rele-
vance (F») dynamically, the system transcends rigid single-output constraints.
This capability allows the output set—as seen in the Full Pareto Set strat-
egy—to adapt to the quality of available evidence, potentially yielding multi-
ple optimal answers rather than enforcing a restricted single output. Prior to
detailing the algorithm, the symbols used in the PFE-SELF-RAG framework
are defined in Table 1.

TABLE 1. Notation Used in the PFE-SELF-RAG Algorithm.

Symbol Description

Q The input user query.

D The initial set of n documents retrieved for q.

R The refined set of k documents after MMR filtering.

C The set of k candidate responses generated from R.

c A single candidate response, where ¢ € C.

P The Pareto set; subset of non-dominated candidates
from C.

Fi(c) Factual Utility score (harmonic mean of ISUSE
and ISSUP).

Fy(c) Relevance score (from the I/SREL token).

GMScore(c) | Geometric Mean score of all three critique tokens.

n Number of documents initially retrieved (set to 10).

k Number of documents after MMR filtering (set to
5).

A MMR hyperparameter balancing relevance and di-

versity (set to 0.9).
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Algorithm 1: PFE-SELF-RAG

1
2
3

EN [ I BN

o]

ENHANCED SELF-RAG Input: User query @
Output: Optimal response

// 1. Document Retrieval & MMR Filtering
D <+ Retrieve(Q, 10)
R+ 0
while |R| < 5 do
Select d € D maximizing
{A-Simy(d,Q) — (1 — \) - maxg e Sima(d,d")}
R+ RU{d}; D+« D\ {d}

9 end

10

11
12
13
14
15
16
17
18
19

20

21
22

23

// 2. Parallel Generation

C+0

foreach d € R do
[Resp, SELF — TOKENS] + Generate(Q, d)
Resp.Fy < CaCulateF1(SELF — TOKENS)
Resp.Fy < CalculateF2(SELF — TOKENS)
Resp.GM <« CalculateGM(SELF — TOKENYS)
C + CU{Resp}

end

// 3. Pareto Analysis
P—{reC|d ecC:(r'FL>rFiAr.Fy>r.F)V (' F>
T.FQ AN T/.Fl 2 T’.Fl)}

// 4. Output Selection, three following cases can be

selected
case 1 : All r* if r* € P
return { case 2 : The Pareto Optimal closest solution to the ideal point rt+ € P
Case 3: argmax,cc ¢.GM

First, an initial retrieval is done such that given a user query, ten relevant

documents from the knowledge base are retrieved. Then the following steps
are performed based on Algorithm 1.

(1) MMR Filtering: Apply MMR to select 5 refined documents that:
e Maximize similarity between document and query
e Minimize similarity between selected documents

(2) Parallel Generation: For each of the 5 refined documents:

e Generate candidate responses with self-reflection tokens
e Compute F'1 and F2 (ISREL) scores
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(3) Solution Evaluation:
e Counstruct Pareto optimal front using F'1/F'2 scores
e Identify all Pareto optimal solutions
e Compute geometric mean of self-reflection tokens across all re-
sponses
(4) Response Selection: The algorithm can either select one of these
items as the final solution.
e The geometric mean solution
e The set of all answers correspond to all Pareto-optimal set.
e Pareto-optimal solution closest to Ideal Point

[Start: Input Query @

\

1. Document Retrieval & MMR
e Retrieve 10 documents: D
o MMR Filtering: Select 5 docs R

\

2. Parallel Generation
e Generate responses for each d € R
e Calculate Fy, F>, GM

3. Pareto Analysis: Identify Pareto
optimal set P

-~

4: Output Selection

Output
Strategy?

Allr* € P Closest to ideal "

>»| Return Optimal Response |«

F1GURE 1. Flowchart representation of the PFE-SELF-RAG
algorithm.
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For further illustration, Figure 1 provides a more detailed depiction of Al-
gorithm 1.

6. Experimental Results

The experimental evaluation of the proposed PFE-SELF-RAG framework is
presented in this section. The structure commences with a detailed presentation
of the datasets and task specifications, followed by a description of the baseline
methods utilized for comparison. Subsequently, the evaluation methodology,
based on binary matching, is introduced. A comprehensive analysis of the
quantitative results is provided, complemented by a qualitative discussion sup-
ported by the visualization of score distributions.

6.1. Datasets and Tasks. To assess the generalizability and robustness of
the proposed method, four diverse benchmarks were selected. These bench-
marks represent distinct domains and task formats, specifically PopQA [19],
TriviaQA [15], ARC-Challenge [8], and PubHealth [28]. This selection ensures
that the proposed framework is validated across varied reasoning and genera-
tion patterns, rather than being limited to a single task type. All evaluations
were conducted under a zero-shot paradigm. The specific characteristics of
each dataset are as follows:

Fact Verification and Scientific Reasoning.

e PubHealth [28]: A domain-specific fact verification dataset consisting
of expert-curated public health claims (e.g., “Vaccines cause autism”).
The task requires classifying claims as Supported or Not Supported
based on biomedical evidence, utilizing accuracy as the primary evalu-
ation metric.

e ARC-Challenge [8]: A multiple-choice question-answering bench-
mark derived from grade-school science exams (e.g., “Which force
causes tides?”) The test set, comprising 1,172 examples, is utilized.
This set is specifically designed to assess complex reasoning capabili-
ties over scientific concepts.

Short-Form Open-Domain Question Answering.

e PopQA [19]: The utilized dataset constitutes an open-domain bench-
mark comprising 14,000 factual queries. Evaluation of performance
is focused on the long-tail subset of 1,399 rare-entity questions (e.g.,
“What is the capital of Burkina Faso?”) to specifically assess knowledge
less likely to be memorized by the model.

e TriviaQA [15]:This dataset is designed for the evaluation of retrieval
and reasoning capabilities over textual evidence. From the original
set of 11,313 questions, a long-tail subset comprising 3,000 rare-entity
questions was sampled. This selection was conducted to rigorously test
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the model’s ability to effectively utilize retrieved documents for query
answering.

6.2. Parameter Setup and Implementation. PFE-SELF-RAG is imple-
mented strictly as an inference-time enhancement to the standard Self-RAG
framework, necessitating no additional model training or fine-tuning. All ex-
periments were conducted on the Kaggle platform utilizing dual NVIDIA T4
GPUs (15GB VRAM each). The software environment leveraged Hugging
Face Transformers for model orchestration, SentenceTransformers for embed-
ding computation, and vLLM for efficient large language model serving. Con-
sistent with the inference-only design, no PyTorch-based training loops were
executed.

The selfrag_llama2_T7b checkpoint was employed for the processes of both
candidate generation and critique scoring. This model is responsible for the
concurrent generation of response candidates and the required self-reflection to-
kens (ISUSE, ISSUP, ISREL). In the MMR filtering stage, query and docu-
ment embeddings were computed using the all-MiniLM-L6-v2 model from the
SentenceTransformers library. Cosine similarity was utilized to quantify both
query-document relevance and inter-document similarity within the MMR cal-
culation.

A critical hyperparameter in PFE-SELF-RAG is the MMR trade-off coef-
ficient, A, which governs the balance between relevance and diversity during
post-retrieval selection. Higher values of A\ bias the ranking toward documents
with high query relevance, whereas lower values prioritize diversity to minimize
redundancy.The hyperparameter A\ was empirically evaluated across the range
[0.5, 0.95] utilizing validation instances derived from the target tasks. Results
indicated that the value A\ = 0.9 yielded optimal performance consistently
across PopQA, TriviaQA, ARC-Challenge, and PubHealth. This configuration
prioritizes strong topical alignment while retaining sufficient diversity to cap-
ture complementary evidence, ensuring the refined document set is both precise
and informative.

The retrieval parameters—initial pool size (n = 10) and refined set size
(k = 5)—were selected to optimize the trade-off between retrieval recall and
computational efficiency. The time complexity of the framework is dominated
by the parallel generation phase, which scales linearly with & (i.e., O(k - Tgen))-
While increasing k& may marginally enhance the probability of including relevant
evidence, it imposes a substantial penalty on inference latency. Preliminary
evaluations confirmed that the 10 — 5 reduction provides a robust performance
baseline, maintaining manageable inference costs without compromising output
quality.

6.3. Baseline Comparisons. To provide a comprehensive evaluation, com-
parisons are made against baselines that incorporate external information
through two distinct paradigms.
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Test-Time Augmentation (Standard RAG). Standard RAG implementations
[18] utilizing Llama2-7B [24] and Alpaca-7B [11] are employed. In these con-
figurations, retrieved documents are prepended to the input query to facilitate
retrieval-augmented inference without altering the underlying model weights.
Additionally, these models are evaluated in their standard closed-book configu-
rations (without retrieval) to establish a performance baseline that isolates the
specific contribution of external knowledge.

Training-Time Retrieval Integration (Self-RAG). Self-RAG-7B [2], a model
trained to seamlessly integrate retrieval into the generation process, is assessed.
This framework employs special reflection tokens to dynamically trigger re-
trieval requirements and aggregates passages during inference via a weighted
sum of learned relevance and utility metrics.

This mechanism enables the model to critically evaluate the quality of retrieved
content and adaptively synthesize the final response.

6.4. Evaluation Methodology. The performance of the proposed framework
and baselines is evaluated using a binary matching criterion. Under this proto-
col, a generated prediction is classified as correct if it corresponds to at least one
of the provided ground-truth answers. This approach explicitly accounts for
instances where multiple valid responses exist. The final accuracy is computed
as the ratio of correctly matched predictions to the total number of evaluated
samples.

TABLE 2. The average accuracy of different methods across
PopQA, ARC, PubHealth, and TriviaQA datasets over 30

runs.

‘ Category ‘ Model ‘ PopQA ‘ ARC ‘ PubHealth ‘ TriviaQA ‘
. . Alpaca 7B 23.6 45.0 49.8 54.5
Without Retrieval LLaMA2 7B 7 | 218 312 305
Alpaca 7B + Retrieval 46.7 48.0 40.2 64.1
LLaMA2 7B + Retrieval 38.2 48.0 30.0 42.5
With Retrieval SELF-RAG 7B 54.9 66.4 72.4 67.0
Pareto Front-Based (Closest to Ideal Point) 55.75 67.4 724 67.0
GM 55.8 67.4 72.4 65.7
Full Pareto Set 58.6 68.0 73.0 71.3

6.5. Results and Discussion. The predictive performance of Llama2-7B,
Alpaca-7B, Self-RAG-7B, and the proposed PFE-SELF-RAG variants is eval-
uated across the PopQA, ARC-Challenge, PubHealth, and TriviaQA datasets.
Assessments are conducted under both non-augmented (closed-book) and aug-
mented (retrieval-based) configurations. Table 2 reports the mean accuracy
for each method, calculated over 30 independent experimental runs. To fa-
cilitate comparative analysis, Figure 2 provides a visual representation of the
quantitative data summarized in Table 2.
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Without Retrieval With Retrieval (All Methods)

100 |- o Alpaca 7B 100 |- 0o Alpaca + Retr. 00 LLaMA2 + Retr. [0 SELF-RAG B
NaLLaMA2 7B 0o oM (3rd) DB Pareto Ideal (2nd) [ Full Pareto (1st)

RE

Accuracy (%)
Accuracy (%)

FIGURE 2. Performance comparison: (Left) Baseline methods
without retrieval. (Right) All retrieval-augmented methods,
with Full Pareto Set achieving the best results, followed by
Pareto Ideal and GM.

In the non-retrieval setting, Alpaca-7B consistently outperformed Llama2-
7B across all datasets. This disparity indicates that Alpaca-7B possesses su-
perior baseline reasoning and generation capabilities when operating without
access to external information.

Upon the integration of retrieval augmentation, all models exhibited sub-
stantial performance improvements. Notably, the accuracy of Alpaca-7B on
PopQA nearly doubled, while Llama2-7B demonstrated significant gains, par-
ticularly on the ARC-Challenge. Among the retrieval-based methods, Self-
RAG-7B established a robust benchmark, achieving scores of 54.9 on PopQA,
66.4 on ARC, 72.4 on PubHealth, and 67.0 on TriviaQA.

The proposed refinement strategies utilizing Pareto optimization yielded su-
perior results. Both the Pareto Front-Based metric and the GM metric sur-
passed the Self-RAG baseline on PopQA, TriviaQA, and ARC-Challenge, while
matching its performance on PubHealth.

Most notably, the strategy leveraging the Full Pareto Set (Table 2) achieved
the highest aggregate scores. This result provides strong empirical validation
for the proposed adaptive candidate selection mechanism. By retaining all
non-dominated options, the model avoids the premature discarding of correct
answers that represent distinct yet equally valid trade-offs. This adaptive be-
havior—wherein the cardinality of the final output set varies according to the
query-specific score distribution rather than being fixed—constitutes a signifi-
cant operational advantage over the rigid, single-output strategy of Self-RAG
and is directly responsible for the superior performance observed.

While both the Pareto-based and GM methods consistently outperformed
the Self-RAG baseline, the Full Pareto Set strategy exhibited the most signif-
icant and consistent gains, particularly on open-ended generation tasks such
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as PopQA and TriviaQA, where multiple valid answer formulations frequently
coexist. The GM approach proved to be a highly competitive alternative, often
securing the second-highest rank and demonstrating robustness as a single-
point evaluation metric.

The subsequent subsections present a non-parametric statistical test to val-
idate the significance of these results, followed by illustrative figures demon-
strating the qualitative superiority of the Full Pareto Set approach compared
to the GM, Ideal Point, and Self-RAG variants.

6.5.1. Statistical Comparison of Models. To rigorously validate the perfor-
mance disparities observed in Table 2, the Quade test [1]is employed. This
non-parametric statistical method is designed for the comparison of multiple
related groups (models) across distinct blocks (datasets).

The Quade test is particularly appropriate for this analysis as it not only
considers the ordinal ranks of models within each dataset but also weights
the blocks based on the magnitude of performance variation observed [1]. This
weighting mechanism assigns greater significance to datasets where distinctions
between model performances are most pronounced.

The null hypothesis (Hp) posits that no significant difference exists in the
average accuracies of the compared models. Upon the detection of a significant
difference (i.e., the rejection of Hp), a post-hoc analysis is conducted using
the Li test. This procedure facilitates pairwise comparisons to identify specific
models that significantly outperform others while controlling for statistical er-
ror. This two-step validation process formally determines whether the observed
superiority of the proposed PFE methods is statistically significant.

The Quade test was conducted to assess the differences in average accu-
racy across all evaluated models. The analysis yielded a statistically sig-
nificant difference in performance, producing an F-statistic of 12.40 and a
p-value of approximately 3.34 x 107, With 7 and 21 degrees of freedom
(F(7,21) = 12.40,p < 0.001), the null hypothesis that all models perform
equally is confidently rejected.

The average rankings derived from the Quade test are presented in Ta-
ble 3, illustrating a clear performance hierarchy. The proposed Full Pareto Set
method achieved the premier rank (1.0), confirming its consistent superiority
across the datasets. The alternative PFE variants, GM (2.6) and Pareto Closest
(2.75), also secured high rankings, outperforming the baseline SELF-RAG 7B
(3.65). In contrast, the non-retrieval baselines, LLaMA2 7B (7.8) and Alpaca
7B (6.5), received the lowest ranks.
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TABLE 3. Average Rankings of the algorithms (Quade)

Algorithm Ranking
Alpaca 7B 6.5
LLaMA2 7B 7.8
Alpaca 7B + Retrieval 5.4
LLaMA2 7B + Retrieval 6.3
SELF-RAG 7B 3.65
Pareto Closest 2.75
GM 2.6
Full Pareto Set 1

A post-hoc analysis, utilizing the Li test, was performed to identify the spe-
cific models significantly outperformed by the best performing method. The
Full Pareto Set was designated as the control model for this comparison. As
detailed in Table 4, the Li procedure establishes that models with a correspond-
ing p-value of < 0.018307 are determined to perform significantly worse than
the control.

TABLE 4. Post Hoc comparison Table for a« = 0.05. Li’s

procedure rejects those hypotheses that have an unadjusted
Pr; <0.018307.

Algorithm z=(Ro — R;)/SE D Pr;

LLaMA2 7B 1.915683 0.055405 0.018307
Alpaca 7B 1.549449 0.121274 0.018307
LLaMA2 7B + Retrieval 1.493106 0.135409 0.018307
Alpaca 7B + Retrieval 1.23956 0.215138 0.018307
SELF-RAG 7B 0.746553 0.455333 0.018307
Pareto Closest 0.493007 0.622008 0.018307
GM 0.450749 0.652171 0.05

The post-hoc analysis indicates that, despite a distinct performance trend
evident in the rankings, pairwise comparisons among the top-performing re-
trieval models do not universally meet the strict threshold for statistical signif-
icance. Nonetheless, the omnibus Quade test result provides robust statistical
validation that the proposed PFE-based methods—specifically the Full Pareto
Set approach—represent a significant improvement over both the SELF-RAG
baseline and standard retrieval-augmented architectures. While the Full Pareto
Set strategy achieves the highest aggregate ranking, the post-hoc analysis re-
veals no statistically significant divergence between it and the GM method.
This performance proximity between the two leading strategies warrants a more
granular graphical comparison to elucidate their respective advantages.
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6.5.2. Qualitative Comparison of PFE Methods. Figure 3 illustrates the T-
SNE visualization of document embeddings relative to the query embedding
within a two-dimensional space. The process initiates with the retrieval of 10
documents using the standard Self-RAG protocol. Two distinct configurations
are depicted:

o Full Retrieval (filled blue circles): The complete set of 10 retrieved
documents is utilized as input to the model.

e MMR Selection (red-circled): A post-retrieval refinement step is
applied using the MMR algorithm to select a subset of 5 documents.
This selection prioritizes candidates that maximize both query rele-
vance and mutual diversity.

The efficacy of MMR refinement is visually substantiated by the spatial
distribution of the red-circled documents. Compared to the unrefined set, these
selected documents exhibit greater proximity to the query centroid (yellow
point) and increased dispersion, indicating enhanced relevance and reduced
redundancy.
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FI1GURE 3. The visualization of documents and query in two
dimensional space by t-SNE. The impact of refining documents
using MMR can be seen in the red-circled documents, which
are diverse and closer to the yellow point (query).
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As illustrated in Figure 4 and Figure 5 , a comparative analysis of the infer-
ence strategies is performed. Each of the ten retrieved documents is processed
by the selfrag_llama2_7b model to generate self-reflection tokens, from which
Fy and F5 scores are derived according to the procedures defined in Section 3.
Candidate answers are projected into a two-dimensional objective space to fa-
cilitate visual comparison. The left panels depict candidates generated from
the five documents selected via MMR refinement, evaluated using the proposed
Pareto and GM strategies. The right panels display candidates derived from
the full set of ten documents, evaluated using the baseline Self-RAG inference
method. Selected answers are distinguished by unique markers. The following
analysis discusses the specific divergences observed between these strategies.

In Figure 4a, the Pareto Set strategy demonstrates a distinct advantage in
completeness by identifying three non-dominated answers within the (Fy, F»)
score space. These selections encompass all correct responses present in the
MMR-refined set. While one selection overlaps with the choice made by both
GM and Self-RAG, the Pareto method uniquely recovers two additional correct
answers overlooked by the baseline. This result illustrates the capacity of the
Full Pareto Set strategy to retain distinct yet equally valid trade-offs between
factual utility and relevance, thereby ensuring maximal coverage of optimal
solutions in scenarios where multiple correct formulations exist.

Figure 4b highlights a more pronounced divergence: the baseline Self-RAG
weighted-sum aggregation selects a plausible but incorrect answer, whereas
both the GM and Pareto strategies identify the correct response. This failure
stems from the compensatory nature of fixed weightings, where a high score in
one dimension can mask severe deficits in others. Consequently, a candidate
that is highly relevant but evidentially unsupported may be favored over a more
balanced, factually correct candidate. Unlike the weighted-sum approach, the
GM and Pareto methods enforce strict trade-offs—either multiplicatively or
through dominance analysis—ensuring that low performance in any critical
dimension significantly penalizes the candidate’s overall ranking.

In Figure 5a, both the GM and Pareto strategies converge on the same cor-
rect answer, while Self-RAG selects a suboptimal candidate. This agreement
between the two proposed strategies underscores their reliability in produc-
ing consistently high-quality outputs, even amidst varying score distributions.
The independent convergence of these methods on the same optimal choice
reinforces the robustness of multi-objective evaluation compared to static ag-
gregation.

Finally, Figure 5b presents a detailed analysis of the Self-RAG baseline
without document refinement. The selected answer exhibits high relevance
(F2 =~ 0.90), driven by a critique score of (ISREL = 0.88), but possesses low
factual utility (F; = 0.3) due to poor evidential support (ISSUP = 0.10) and
utility (ISUSE = 0.40). This selection exemplifies the fundamental limita-
tion of weighted-sum aggregation: the high relevance score disproportionately
influences the final metric, effectively compensating for the lack of support.
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Visually, the selected answer lies far from the ideal point (1, 1), which repre-
sents the optimal balance of accuracy and relevance. This case demonstrates
the brittleness of manually tuned, static weights, which fail to adapt to query-
specific distributions and allow the selection of fluent but factually groundless

responses.
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FIGURE 5. Visualizing the F; and Fj scores (Part 2).

6.5.3. Ablation study. To isolate and quantify the specific contribution of the
MMR document refinement stage, an ablation study was conducted on the three
proposed selection strategies. In this experimental configuration, the MMR
post-processing step was omitted, and the generator was applied directly to
the top-10 documents retrieved by the initial search, devoid of diversity-aware
re-ranking.

The empirical results of this ablation are summarized in Table 5. The ex-
clusion of MMR resulted in substantial performance decrements for the Pareto
Closest strategy, with reductions of 14.35 points on PopQA, 17.2 points on
ARC-Challenge, and 14.3 points on TriviaQA. These significant declines under-
score the strategy’s high dependence on a curated, diverse context to maintain
accuracy. Conversely, the GM method exhibited greater resilience to unrefined
contexts, registering minimal fluctuations: a decrease of 1.3 points on PopQA
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, 0.4 points on ARC-Challenge and 0.7 points on TriviaQA. This stability sug-
gests that GM aggregation offers robust performance even in the presence of
less curated input.

The Full Pareto Set strategy, which achieved the highest accuracy in the
full pipeline, experienced moderate performance reductions in the absence of
MMR: —0.6 points on PopQA, —4.0 points on ARC-Challenge, and —6.4 points
on TriviaQA. These results confirm that while the method remains functional
without refinement, the benefits of contextual diversity are most pronounced
in open-ended generation tasks. Across all evaluated strategies, performance
on the PubHealth dataset remained invariant. This stability is likely attrib-
utable to the dataset’s constrained, fact-centric verification format, where the
influence of informational diversity is negligible compared to direct evidential
support.

Collectively, these findings corroborate the conclusion that the MMR mech-
anism serves as a critical determinant in maximizing performance, particularly
for open-domain generation tasks such as PopQA and TriviaQA.

TABLE 5. Ablation study on the impact of MMR for the pro-
posed methods. Accuracy (%) is reported with and without
MMR. The A Change row shows the drop in accuracy when
MMR is removed.

| Method | Configuration | PopQA [ ARC | PubHealth | TriviaQA |
With MMR 55.75 67.4 72.4 67.0
Pareto Closest | Without MMR 414 50.2 72.4 52.7
A Change -14.35 -17.2 0.0 -14.3
With MMR 55.8 66.9 72.4 67.3
GM Without MMR 54.5 66.5 72.4 66.6
A Change -1.3 -0.4 0.0 -0.7
With MMR 58.6 67.8 73.0 71.3
Full Pareto Set | Without MMR, 58.0 63.8 73.0 64.9
A Change -0.6 -4.0 0.0 -6.4

6.6. Computational Cost Analysis. Let n be the initial number of retrieved
documents (10 in our case) and k be the number of documents selected by
MMR for parallel generation (5 in our case). Let Tye; be the time for the initial
retrieval call and Tye, be the time for a single Generate call.

(1) MMR Filtering (lines 6—9): This loop runs k times. Inside the loop,
it iterates over the remaining n — |R| documents in D. The inner max
operation iterates over the | R| documents already in R. The complexity
is

O(k-n-k)=0(n-k?.
Since n and k are small, fixed constants, this step is very fast in practice.
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(2) Parallel Generation (lines 11-18): This loop iterates k times. The
dominant operation is Generate(q,d). Although done in parallel, the
total computational work is k times the work of one generation. The
complexity is

O(k - Tyen)-
This is the primary computational bottleneck of the entire algorithm.

(3) Pareto Analysis (line 20): This step involves pairwise comparisons
among the k candidates in C. Each of the k candidates is compared
against the other &k — 1 candidates, resulting in a complexity of

O(k?).

(4) Output Selection (line 23): Finding the solution closest to the ideal

point or the argmax of the GM score takes
O(k)
time.

Overall Time Complexity:
Tret + O(n - k2) 4+ O(k - Tyen) + O(k?).

Since Tyen is significantly larger than all other operations and n and k are small
constants, the overall time complexity is dominated by the generation step:

O(k - Tgen)-
Space Complexity Analysis

Let Liesp be the maximum length of a generated response.

(1) D and R store references to n and k documents, respectively. Assuming
fixed-size embeddings or references, this requires

O(n)

space.
(2) C stores k full response objects. The space required is

O(k - Lyesp)-
(3) P stores a subset of C, so its space is also bounded by
O(k - Lyesp)-

Overall Space Complexity: The space is dominated by the need to hold the
k generated candidate responses in memory:

Ok - Lyesp)-
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6.7. Discussion on Generalizability and Limitations. A distinguishing
characteristic of the PFE-SELF-RAG framework is its robustness across varied
operational conditions. The experimental validation presented herein utilized
models at the 7B-parameter scale, a constraint imposed by available compu-
tational resources. While distinct performance gains were demonstrated at
this scale, the evaluation of larger architectures (e.g., 13B and 70B parame-
ters) remains a critical avenue for future research. Nevertheless, it is hypothe-
sized that the fundamental advantages of the proposed framework are largely
model-agnostic. Because PFE-SELF-RAG supplants heuristic, weighted-sum
aggregation with a principled, tuning-free MOO mechanism, the observed im-
provements are expected to persist or potentially amplify when applied to larger
LLMs capable of producing higher-quality base generations and more reliable
critique tokens.

Furthermore, while the efficacy of any retrieval-augmented system is inher-
ently contingent upon the quality of retrieved evidence, the proposed framework
exhibits enhanced resilience to noisy corpora. The integration of MMR filter-
ing minimizes the inclusion of redundant or marginally relevant documents.
Concurrently, the subsequent Pareto and GM selection strategies direct the
system toward responses that maximize evidential support, thereby mitigating
susceptibility to errors stemming from low-quality retrieved passages.

7. Conclusion

This work presents PFE-SELF-RAG, an inference-time framework designed
to enhance the performance of RAG by supplanting the brittle, manually tuned
weighted sum mechanism of the original Self-RAG with a principled, MOO ap-
proach. By leveraging two distinct evaluation strategies—Pareto Front-Based
selection and GM Aggregation—the framework robustly balances factual utility
and relevance without necessitating hyperparameter tuning.

Experimental results across four diverse benchmarks demonstrate that PFE-
SELF-RAG consistently surpasses the Self-RAG baseline in both accuracy and
reliability. The Full Pareto Set strategy proved particularly effective, achiev-
ing peak accuracy on open-ended generation tasks, specifically PopQA (%58.6)
and TriviaQA (%71.3). These findings validate the efficacy of adaptively re-
taining all optimal candidates. Furthermore, consistent improvements on the
ARC-Challenge and PubHealth datasets underscore the generalizability of the
method across domains requiring scientific reasoning and fact verification.

The analysis further highlights the potential misalignment between con-
ventional scoring metrics and semantic correctness. By strictly targeting the
post-retrieval selection phase, PFE-SELF-RAG provides a scalable, tuning-free
mechanism that strengthens the factual grounding and relevance of generated
outputs, thereby establishing a more reliable paradigm for RAG-based systems.

For future work, developing semantically aware scoring methods could enable
more accurate alignment with the intended meaning of generated responses.
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Further improvements may be achieved by integrating advanced post-retrieval
refinement techniques, particularly reflective prompt strategies and the inclu-
sion of additional reflection tokens beyond the baseline SELF-RAG setup, to
enhance coherence and evaluation accuracy. Moreover, examining the scalabil-
ity of PFE-SELF-RAG to larger language models (e.g., 13B and 70B param-
eters) and assessing its robustness across diverse domains constitute valuable
directions for continued investigation.
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