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Abstract

Retrieval-augmented generation (RAG) sub-
stantially extends the knowledge boundary
of large language models. However, it still
faces two major challenges when handling
complex reasoning tasks: low context uti-
lization and frequent hallucinations. To ad-
dress these issues, we propose Self-Correcting
RAG, a unified framework that reformulates
retrieval and generation as constrained opti-
mization and path planning. On the input
side, we move beyond traditional greedy re-
trieval and, for the first time, formalize con-
text selection as a multi-dimensional multiple-
choice knapsack problem (MMKP), thereby
maximizing information density and remov-
ing redundancy under a strict token budget.
On the output side, we introduce a natural
language inference (NLI)-guided Monte Carlo
Tree Search (MCTS) mechanism, which lever-
ages test-time compute to dynamically explore
reasoning trajectories and validate the faithful-
ness of generated answers. Experiments on
six open-domain and multi-hop QA datasets
demonstrate that our method significantly im-
proves reasoning accuracy on complex queries
while effectively reducing hallucinations, out-
performing strong existing baselines. Our code
is available at https://github.com/xjiacs/
Self-Correcting-RAG.

1 Introduction

Large Language Models (LLMs) have shown sig-
nificant capabilities in reasoning, planning, and
tool utilization (Bubeck et al., 2023; OpenAl et al.,
2024; Touvron et al., 2023). Advanced prompt-
ing strategies, such as Chain-of-Thought (CoT)
(Wei et al., 2022; Kojima et al., 2022), Least-
to-Most prompting (Zhou et al., 2023), and Self-
Consistency (Wang et al., 2023a), allow models to
decompose complex tasks into intermediate steps.
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Figure 1: Comparison of document retrieval and selec-
tion workflows between the Baseline (Top-k) and the
proposed Self-Correcting RAG Framework.

The trustworthiness and efficiency of these reason-
ing chains are further bolstered by on-the-fly gener-
ation, causality-inspired evaluations, and adaptive
length strategies (Yang et al., 2024b; Wang et al.,
2026a; Sun et al., 2026; Li et al., 2026¢; Zhou
et al., 2026a; Yang et al., 2026). Furthermore, re-
cent developments in tool-augmented agents, often
supported by advanced agentic memory architec-
tures (Jiang et al., 2026a,b), enable models to inter-
act with external environments and automate com-
plex workflows like scientific data collection (Li
et al., 2023b). These advancements suggest a po-
tential for applying LL.Ms to sophisticated decision-
making domains.

To support complex reasoning, Retrieval-
Augmented Generation (RAG) has emerged as a
key strategy. RAG grounds generation in exter-
nal corpora to mitigate knowledge deficits (Ram
et al., 2023; He et al., 2024a). Research in this
area has expanded rapidly, moving towards uni-
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fied frameworks that integrate retrieval directly
as generation, alongside models that assess un-
certainty for dynamic, timely retrieval (Li et al.,
2026b,a). Innovations include query rewriting
(Ma et al., 2023a), dense retrieval with pseudo-
documents (Gao et al., 2023), hierarchical in-
dexing (Sarthi et al., 2024), and semantic-aware
shortest-path retrieval for knowledge graphs (Fu
et al., 2026¢c; Wang et al., 2026c). Additionally,
self-reflective frameworks and methods mitigating
retrieval-permutation hallucinations have been de-
veloped to enhance robustness (Jiang et al., 2023;
Zhang et al., 2026). Simultaneously, retrieval com-
ponents have evolved through advanced embed-
ding models (Wang et al., 2024; Muennighoff et al.,
2023; Xiao et al., 2024) and LLM-based reranking,
including domain-specific analyst ranking strate-
gies (Sun et al., 2024; Ma et al., 2023b; Pradeep
et al., 2023; Zhou et al., 2026b), as well as expert-
guided applications in critical domains like emer-
gency medical services (Ge et al., 2026). These
methods provide the necessary evidence to support
logical chains.

As shown in Figure 1, applying these capabili-
ties to strictly constrained combinatorial optimiza-
tion, such as the Multidimensional Multi-choice
Knapsack Problem (MMKP), presents distinct chal-
lenges. First, LLMs are prone to hallucinations.
They may generate plausible but factually incorrect
constraints, necessitating enhanced causal reason-
ing for trustworthy abstention, as noted in recent
evaluations (Zhang et al., 2025b; Li et al., 2023a;
Wang et al., 2026b; Sun et al., 2025). Second, opti-
mization problems involve an exponentially large
search space. Greedy token generation cannot guar-
antee feasibility or global optimality. Errors in
early decision steps propagate rapidly, and standard
LLMs lack the inherent lookahead mechanisms re-
quired for NP-hard problems.

To address the limitations of linear generation,
test-time search paradigms organize reasoning into
tree or graph structures (Zelikman et al., 2022;
Long, 2023). Approaches such as Language Agent
Tree Search (LATS) integrate Monte Carlo Tree
Search (MCTS) with language agents (Zhou et al.,
2024; He et al., 2024b; Hao et al., 2023). This
is increasingly supplemented by active neural-
symbolic exploration and hidden state analysis to
overcome exploration-exploitation trade-offs (Fu
et al., 2026a; Huang et al., 2026). Concurrently,
LLMs are increasingly utilized as heuristics or op-
timizers for combinatorial tasks across vast param-

eter spaces (Yang et al., 2024a; Ye et al., 2024;
Guo et al., 2025; Liu et al., 2023; Fu et al., 2026b).
These works indicate that a robust solver must com-
bine retrieval-based evidence with structured explo-
ration.

In this paper, we propose a unified framework
that synergizes RAG with MCTS to address the
MMKP. Our approach grounds local feasibility
checks in traceable evidence while organizing the
decision process into a backtrackable tree. The
main contributions of this work are summarized as
follows:

* We introduce a MMKP-based Context Se-
lector that models document selection as a
constrained knapsack problem. This method
maximizes information density under token
budgets while minimizing redundancy, outper-
forming greedy ranking strategies.

* We develop an NLI-Guided MCTS Genera-
tor that utilizes test-time compute to explore
reasoning paths. By using Natural Language
Inference as a reward model, we penalize con-
tradictions and ensure the generated answers
are faithful to the retrieved context.

* We achieve strong performance across six di-
verse datasets, including multi-hop QA and
fact verification benchmarks. Our framework
significantly reduces hallucinations and im-
proves reasoning accuracy compared to strong
agentic baselines.

2 Related Work

2.1 Retrieval-Augmented Generation and
Reasoning

Prompting strategies have significantly enhanced
the reasoning capabilities of Large Language Mod-
els (LLMs). Chain-of-Thought (CoT) (Wei et al.,
2022; Kojima et al., 2022) and ensemble meth-
ods like Self-Consistency (Wang et al., 2023a)
established baselines for intermediate reasoning,
which are now being optimized via on-the-fly gen-
eration, causality-driven evaluations, and policy-
level alignment strategies (Wang et al., 2026a; Sun
et al., 2026; Chen et al., 2024). Beyond static gen-
eration, agentic frameworks such as ReAct (Yao
et al., 2023b) and Toolformer (Schick et al., 2023)
empower models to execute actions and utilize
APIs (Qin et al., 2023; Patil et al., 2024), sup-
ported by multi-graph memory architectures to
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maintain context (Jiang et al., 2026a,b). However,
these agents primarily operate in open-ended envi-
ronments rather than strictly constrained decision
spaces.

A critical challenge in these reasoning tasks
is hallucination, where models generate fact-
conflicting content (Ji et al., 2023; Zhang et al.,
2025b; Sun et al., 2025; Xi et al., 2025; Lyu
et al., 2025). Retrieval-Augmented Generation
addresses this by grounding outputs in external
corpora (Lewis et al., 2020; Zhang et al., 2025a),
with emerging frameworks treating retrieval dy-
namically as generation (Li et al., 2026b,a). Recent
advancements focus on robustness, utilizing hier-
archical indexing (Sarthi et al., 2024), multi-hop
semantic pathways (Fu et al., 2026¢), and correc-
tive mechanisms like Self-RAG (Asai et al., 2023),
CRAG (Yan et al., 2024), and permutation-resistant
models (Zhang et al., 2026). Concurrently, retrieval
components have improved via instruction-tuned
embeddings (Wang et al., 2024) and listwise or
card-based reranking (Sun et al., 2024; Zhou et al.,
2026Db), ensuring relevant context is prioritized to
mitigate knowledge deficits.

2.2 LLMs for Combinatorial Optimization

Research increasingly explores LLMs as optimiz-
ers or heuristics for hard problems. OPRO (Yang
et al., 2024a) demonstrates that LLLMs can iter-
atively improve solutions via natural language
prompts, while ReEvo (Ye et al., 2024) leverages
models to evolve heuristics. FunSearch (Romera-
Paredes et al., 2024) further illustrates the potential
of pairing LLLMs with evolutionary strategies to
discover mathematical constructions.

Specific to Combinatorial Optimization (CO),
prior work has applied LLMs to routing tasks
like the Traveling Salesperson Problem (TSP) (Liu
et al., 2023; Ahn et al., 2022) and navigating costly
many-goal search spaces (Fu et al., 2026b). How-
ever, strictly constrained problems like MMKP re-
main under-explored compared to routing. This is
largely due to the difficulty of maintaining feasibil-
ity; a single hallucinated constraint can invalidate
a solution (Li et al., 2023a). Evaluation bench-
marks such as FActScore (Min et al., 2023) and
SelfCheckGPT (Manakul et al., 2023) highlight
the fragility of LLMs in adhering to strict condi-
tions. Our framework addresses this by aligning
optimization steps with verifiable evidence, treat-
ing valid constraint satisfaction as a prerequisite
(Turpin et al., 2023).

2.3 Tree Search and Test-Time Computation

To overcome the limitations of linear decoding,
recent methods organize reasoning into non-linear
structures. Approaches like Tree of Thoughts (ToT)
(Yao et al., 2023a) and Graph of Thoughts (GoT)
(Besta et al., 2024) generalize CoT by maintaining
multiple reasoning paths. Reflexion (Shinn et al.,
2023) adds a verbal reinforcement learning layer
through self-reflection to refine outputs.

Monte Carlo Tree Search (MCTS) has emerged
as a powerful mechanism for complex decision-
making within this landscape. Language Agent
Tree Search (LATS) (Zhou et al., 2024) unifies plan-
ning, acting, and reasoning within an MCTS frame-
work. Similarly, reasoning-via-planning methods
(Hao et al., 2023) demonstrate the efficacy of
MCTS and hidden-state approaches (Huang et al.,
2026) in structured tasks. This test-time search
paradigm allows models to trade inference com-
pute for solution quality. By systematically explor-
ing the decision space, these methods provide the
lookahead capabilities required for optimization,
which standard greedy generation lacks.

3 Methodology

We propose a two-stage RAG optimization frame-
work as illustrated in Figure 2, consisting of
MMKP-based pre-generation context optimization
and logic-guided MCTS reasoning for inference.

3.1 Phase I: Optimal Context Selection

Let U/ be the universe of retrieved document chunks
for a given query ¢q. Conventional methods treat
U as a flat list, selecting top-k by relevance score
Srei(q, d). We argue this is suboptimal due to high
inter-document redundancy.

We formally recast context selection as selecting
a subset S C U to maximize information density
under multidimensional constraints.

3.1.1 Semantic Grouping and Problem
Definition

First, we induce a partition on {/ via semantic
clustering to enforce diversity. Let ®(d) € R”
be the dense embedding of document d. We de-
fine the groups G = {G1,Ga, ..., Gy, } such that
for any Gy, Vd,,dp, € G;, the cosine similarity
cos(®(dg), P(dp)) > 7, where 7 is a similarity
threshold. This implies that items within G; are
mutually exclusive candidates for the context win-
dow (i.e., choosing multiple provides diminishing
returns).
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Let d;; denote the j-th document in group G,
and we introduce a binary decision variable x;; €
{0,1} where x;; = 1iff d;; is selected. The full
definition of the multidimensional cost vectors w;;
(token consumption and redundancy penalty) and
the fused utility v;; are provided in Appendix C.1,
with the MMKP objective unchanged.

3.1.2 The MMKP Optimization Objective

The objective is to maximize total utility Z subject
to the capacity vector C = [Ciopen, Cred]” :

m |Gl
maximize Z(x) = Z Zvija:ij
i=1 j=1
m |G
subject to Z Z Wi Tij <C
i=1 j=1
|Gl

injgl, Vie{l,...,m}
=1

x5 € {0,1} "

The multiple-choice constraint (> zij < 1)en-
forces that we select at most one representative
from each semantic cluster, thereby maximizing
information coverage. The NP-hardness of this
formulation, proven via a reduction, is detailed in
Appendix C.2.

3.2 Phase II: Inference-Time Reasoning via
NLI-Guided MCTS

While MMKP optimizes the input context, it does
not guarantee that the generated answer is faith-
ful. To address hallucinations, we introduce a Test-
Time Compute strategy modeled as a Markov De-
cision Process (MDP) solved via Monte Carlo Tree
Search.

3.2.1 MDP Formulation

We define the Markov Decision Process as the tuple
(S, A, P, R).

State Space S. A state s; = (¢, D¢ty Y1:4—1) cON-
sists of the query, the currently selected context
documents, and the partial answer generated so far.
Action Space A. At each step, the policy net-
work (LLM) selects one of two actions. A gen-
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erative action a4, samples a continuation from
Pria(ye | s¢). An augmentative action gy trig-
gers a retrieval call based on the uncertainty of
y1:t—1 to obtain D,,,, and update the context as
Dém = Detz U Dpew.

Transition P. The transition is deterministic for
(qug and stochastic for agey,, governed by the LLM
logits.

3.2.2 The NLI Reward Function

We define a dense reward function R (s) that eval-
uates the logical entailment between the gener-
ated answer sentences and the retrieved evidence.
Let the generated answer y be split into sentences
{ui,...,ur}. Let € = {ey,...,ex} be the top-K
evidence snippets extracted from Dgyy.

We employ a Natural Language Inference (NLI)
model © y17(e,u) — [0, 1] mapping to probabil-
ities { Pent, Ppew, Peon }- The reward is computed
as:

L
1
R(y, Dete) = 7 Zmax (W™ Onri(e,w)]
=1

eck

2
where W = [Went, Wnew, Weon]© is the weight
vector. We explicitly set a severe penalty for
contradictions (Weo, < 0) to prune hallucinated
branches.Details of the UCT & PUCT selection,
expansion, rollout, and backpropagation procedure
are provided in Appendix C.5. Furthermore, a con-
vergence & consistency justification is given in
Appendix C.6.

3.3 Approximation Algorithms for MMKP

Solving Eq. 1 exactly is computationally pro-
hibitive (O(m - 2/Cmazl)). We provide two so-
Iutions: a theoretical FPTAS for the single-
dimensional case, with its proof details provided
in Appendix C.3; and a practical heuristic for the
multi-dimensional case based on Pareto-pruned DP,
whose details are provided in Appendix C.4. For
the practical implementation where D = 2, we
use a Dynamic Programming approach with Pareto
pruning to control state growth.

4 Experiments

4.1 Datasets

To rigorously evaluate our Self-Correcting RAG,
we conduct extensive experiments across six chal-
lenging datasets of three tasks, ranging from single-
hop retrieval to complex multi-step reasoning.

Dataset statistics are summarized in Table 1, with
comprehensive details provided in Appendix A.
Simple QA. We evaluate open-domain question
answering using NQ, a challenging subset of the
Natural Questions benchmark (Kwiatkowski et al.,
2019), designed to evaluate open-domain question
answering under combined retrieval and reason-
ing demands. We then evaluate performance on
long-tail knowledge using PopQA (Mallen et al.,
2023), which targets rare entities and infrequent
facts that are typically missing from parametric
memory and are known to trigger hallucinations in
standard language models.

Multi-Hop QA. We evaluate models on three
representative datasets to assess their complex
information aggregation capability. We adopt
MuSiQue (Trivedi et al., 2022), which is de-
signed to avoid shortcut learning. 2WikiMulti-
HopQA (Ho et al., 2020) is included to evaluate
structured reasoning abilities, as it involves reason-
ing chains with entity relations and comparative
logic. We use HotpotQA (Yang et al., 2018) in the
distractor setting, which requires models to bridge
information across two distinct documents to de-
rive correct answers.

Multi-Doc QA. Real-world retrieval is often imper-
fect. We include MultiHop-RAG (Tang and Yang,
2024), a benchmark specifically constructed to eval-
uate resilience against noisy, irrelevant, and mis-
leading context. This dataset tests the system’s abil-
ity to filter out red herring documents that share lex-
ical overlap with the query but contain no answer-
bearing evidence.

4.2 Baselines

Standard RAG Baselines. We utilize Naive RAG
as a primary baseline, following the Retrieve then
Generate paradigm with BGE-Large embeddings
and top-k truncation. To evaluate query optimiza-
tion, we include HyDE (Gao et al., 2023), which
generates hypothetical documents to bridge the se-
mantic gap, and RRR (Ma et al., 2023a), which
employs an LLM to rewrite input queries for better
alignment with the corpus.

Advanced Selection & Reranking. These meth-
ods focus on optimizing the context window.
Filco (Wang et al., 2023b) leverages lexical and
semantic signals to filter out irrelevant chunks
post-retrieval, while RECOMP (Xu et al., 2023)
maximizes information density by compressing re-
trieved documents into concise textual summaries
to reduce noise and context length. LongL.LM-
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NQ PopQA MuSiQue 2Wiki HotpotQA MultiHop-RAG
Num of queries 1,000 1,000 1,000 1,000 1,000 2,556
Num of passages 9,633 8,676 11,656 6,119 9,811 609

Table 1: Dataset statistics

Lingua (Jiang et al., 2024) adopts a hierarchical
text compression strategy, leveraging pre-trained
language models to iteratively prune redundant con-
tent.

Iterative & Agentic RAG. We benchmark
against state-of-the-art dynamic frameworks. IR-
CoT (Trivedi et al., 2023) guides retrieval via step-
by-step reasoning. Self-RAG (Asai et al., 2023)
trains the generator to output reflection tokens for
self-critique. CRAG (Yan et al., 2024) incorpo-
rates a lightweight evaluator to trigger web searches
when retrieval is ambiguous. DRAG (Hu et al,,
2025) enables dynamic retrieval adjustment based
on intermediate results.

4.3 Metrics

We adopt a multi-dimensional evaluation protocol
to comprehensively assess our framework. For
downstream generation quality, we report Exact
Match (EM) and F1 Score. For retrieval quality,
we compute Recall@5 to evaluate the effective-
ness of the MMKP context selection. To rigorously
measure faithfulness and the mitigation of halluci-
nations, we employ three key metrics verified by
an NLI model (RoBERTa-large-mnli): Attribution
Precision (AP), which quantifies the proportion of
generated claims that are accurately backed by the
retrieved context; Contradiction Rate (CR), which
measures the frequency of generated statements
that actively contradict the provided evidence; and
Support (Sup), which indicates the overall rate of
generated answers that are fully entailed by the
cited source material.

4.4 Implementation Details

For Self-Correcting RAG, we employ Qwen?2.5-
7B-Instruct as the backbone generator. We use
BAAI/bge-small-en-v1.5 as the dense retriever and
BM?25 for sparse retrieval, fusing results via Recip-
rocal Rank Fusion (RRF). The detailed prompts are
shown in Appendix F. For the MMKP, we operate
with specified token and redundancy budgets, and
utilize a dynamic programming solver with Pareto
pruning. Regarding MCTS, we use RoBERTa-
large-mnli to strictly penalize contradictions and

neutral outputs. All experiments were conducted
on a cluster of 8x NVIDIA A100 (80GB) GPUs.
More implementation and hyperparameter details
can be found in Appendix B.

5 Results

5.1 Generation Performance

Table 2 summarizes the Exact Match (EM) and
F1 scores across six diverse datasets. Our method
achieves the highest average performance among
all evaluated models. Specifically, it surpasses the
strongest baselines with an average EM of 37.1 and
an average F1 score of 45.8.

Complex Reasoning Tasks. The advantages of
our approach are most pronounced in complex
multi-hop reasoning scenarios, such as MuSiQue
and 2WikiMultiHopQA. These tasks require the
model to aggregate disparate pieces of informa-
tion from multiple documents. On the MuSiQue
dataset, our Self-Correcting RAG outperforms the
previous state-of-the-art model, CRAG, by a sub-
stantial margin. While CRAG achieves an EM
of 18.2, our method reaches 22.7, representing a
4.5% absolute improvement. This significant gain
indicates that the NLI-guided MCTS generator ef-
fectively navigates complex reasoning paths. It
succeeds in scenarios where standard greedy de-
coding strategies often fail to synthesize the correct
answer.

Robustness to Noise. The MultiHop-RAG
dataset is designed to test resilience against noisy
and irrelevant context. On this benchmark, our
method demonstrates superior robustness. It
achieves an EM score of 35.3. In comparison, the
advanced selection baselines perform significantly
worse, with RAG + MMR achieving 32.1 and Filco
scoring 29.8. This performance gap validates the
effectiveness of our MMKP context selector. By
explicitly modeling redundancy and information
density constraints, our selector effectively filters
out red herring documents. These distractions typ-
ically degrade the performance of standard RAG
models.
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Simple QA

Multi-Hop QA

Multi-Doc QA

Av
Method NQ PopQA MuSiQue 2Wiki HotpotQA  MultiHop-RAG &
EM FI EM Fl EM FlI EM FlI EM Fl EM EM FI
Standard RAG Baselines
Naive 394 521 376 484 146 258 148 243 258 358 224 303 258 36.1
HyDE 445 532 398 495 182 275 235 318 336 412 245 321 307 392
RRR 451 538 402 501 205 295 261 352 365 448 251 328 323 410
Advanced Selection & Reranking
RAG + MMR 462 545 415 508 198 284 278 365 382 465 321 405 343 429
Filco 458 542 421 512 195 281 272 361 378 462 298 372 337 422
RECOMP 47.1 554 418 505 215 302 295 385 395 481 292 368 348 433
LongLLMLingua 438 526 405 498 178 265 255 342 355 435 262 335 316 400
Iterative & Agentic RAG
IRCoT 425 518 408 492 185 27.8 30.1 392 405 482 275 352 333 419
Self-RAG 432 525 385 468 202 291 225 315 408 5127 281 362 322 412
CRAG 405 50.1 4557 545t 182 278 275 372 4251 5001 315 402 343 433
DRAG 368 504 386 465 204 281 288 37.0 308 417 293 302 308 39.0
Self-Correcting RAG 4847 56.2f 432 519 2277 319" 312f 4067 418 491 3537 448" 3711 458t

Table 2: The performance comparison across Simple QA, Multi-Hop QA, and Multi-Doc QA benchmarks using
Exact Match (EM) and F1 scores. The datasets include NQ and PopQA for simple queries, MuSiQue, 2Wiki, and
HotpotQA for multi-hop reasoning, and MultiHop-RAG for multi-document contexts. The best performance is

bolded with T and the second best is underlined.

Method Simple QA Multi-Hop QA Multi-Doc QA Avg
NQ PopQA MuSiQue 2Wiki HotpotQA MultiHop-RAG
Standard Baselines
Naive 56.1 35.7 43.5 65.3 74.8 224 49.6
HyDE 58.6 432 46.6 67.5 75.3 25.1 52.7
RRR 63.4 494 49.1 67.9 78.9 28.6 56.2
Advanced Selection & Reranking
RAG + MMR 683 556 63.6 74.8 85.1 322 63.3
Filco 70.1 58.2 65.9 76.0 88.4 34.8 65.6
RECOMP 71.5  60.1 69.7 80.5 90.2 38.5 68.4
LongLLMLingua 67.5 538 61.2 73.5 85.0 31.5 62.1
Iterative & Agentic RAG
IRCoT 652 527 57.8 70.2 86.9 30.3 60.5
Self-RAG 67.8 545 55.9 79.1 87.7 33.6 63.1
CRAG 69.5 587 74.8 82.5 91.5 354 68.7
DRAG 644 618 60.2 84.4 88.3 31.1 65.0
Self-Correcting RAG 72.8  65.5 72.5 86.9 93.6 40.4 72.0

Table 3: Retrieval performance (passage recall@5) on RAG benchmarks. While CRAG
achieves the best performance on MuSiQue, Self-Correcting RAG demonstrates superior
consistency, achieving the highest recall on 5 out of 6 datasets.

Comparison with Agentic Baselines. We ob-
serve competitive performance from baselines such
as CRAG and Self-RAG on single-hop tasks like
PopQA. For instance, CRAG achieves the top score
on PopQA with an EM of 45.5. However, our
method demonstrates superior consistency across
diverse difficulty levels. On HotpotQA, our ap-
proach remains robust. We achieve an F1 score
of 49.1, which is comparable to the 51.2 scored
by Self-RAG. More importantly, our method main-
tains higher consistency in retrieval-dependent gen-
eration, as evidenced by the Retrieval metrics dis-
cussed in the following subsection. More detailed

experimental results are presented in Appendix D.

5.2 Retrieval & Context Optimization

Table 3 reports the Recall@5 performance. Our
MMKP-based context selector demonstrates a clear
advantage over both traditional ranking methods,
such as Naive and RRR, and greedy diversity meth-
ods like MMR.

Effectiveness of MMKEP. Self-Correcting RAG
achieves the highest average recall of 72.0% across
all datasets. When compared directly to the
RAG+MMR baseline, which has an average recall
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of 63.3%, our method yields an absolute improve-
ment of 8.7%. This empirical evidence highlights
the theoretical superiority of our approach. We for-
mulate context selection as a constrained knapsack
problem rather than relying on a greedy iterative
process. By jointly optimizing for relevance and di-
versity within a strict token budget, MMKP retains
crucial evidence that greedy methods often discard
prematurely.

Handling Information Scarcity. The Hot-
potQA dataset relies heavily on bridging entities
across documents to answer questions correctly.
On this benchmark, our method reaches a recall of
93.6%. This score is significantly higher than stan-
dard baselines and exceeds the strongest competi-
tor, CRAG, which scores 91.5%. This result sug-
gests that the redundancy penalty in our MMKP for-
mulation successfully diversifies the context win-
dow. It ensures that complementary document pairs
required for multi-hop inference are both selected
and preserved.

6 Discussion

6.1 Ablation Study

To validate our Self-Correcting RAG framework,
we performed ablation studies isolating the MMKP
Context Selector and NLI-Guided MCTS Gener-
ator. Table 4 reports their impact on QA perfor-
mance, retrieval quality, and faithfulness.

Impact of MMKP Context Selection. Replac-
ing the standard Top-k retrieval with our MMKP
formulation significantly boosts retrieval perfor-
mance. Specifically, Recall@5 improves dramati-
cally from 49.6% to 71.8%. This substantial gain
confirms that modeling context selection as a mul-
tidimensional knapsack problem is highly effec-
tive. It reduces redundancy, such as filtering dupli-
cate passages, and maximizes information density
within the constrained token budget of 1500 tokens.
However, better context alone is insufficient for
perfect generation. While MMKP improves the
presence of correct answers, raising the EM score
to 34.5, the faithfulness metrics remain comparable
to the baseline with an Attribution Precision (AP)
of 0.58. This suggests that improved retrieval does
not inherently prevent the generator from halluci-
nating ungrounded claims.

Impact of NLI-Guided MCTS. The integration
of the NLI-Guided MCTS generator drastically im-
proves the faithfulness of the generated content. It

increases the Attribution Precision (AP) to 0.85 and
significantly reduces the Contradiction Rate (CR)
to 0.04. These metrics demonstrate that the NLI
reward signal effectively penalizes reasoning paths
that contradict retrieved evidence. The full Self-
Correcting RAG framework combines the strengths
of both components. By grounding the generation
process in high-quality, diverse context, it achieves
the highest overall performance with an EM of 37.1
and an F1 score of 45.8.

Method QA Retriev. Faithfulness
EM Fl1 Recall@5 AP1T CR| Sup
Standard RAG 258 36.1 49.6 052 0.15 0.65

w/ MMKP Only 345 423 71.8 058 0.13 0.71
w/MCTS Only 31.2 39.7 50.1 0.82 0.06 0.84

Self-Correcting 37.1 458 72.0 0.85 0.04 0.88

Table 4: Ablations. We report the average performance
across all datasets to evaluate the individual contribution
of the MMKP selector and MCTS generator.

6.2 Theoretical Rigor and System Mechanics

Ablation of Redundancy Mechanisms. Our
framework employs a hard grouping constraint
(O~ xi; < 1), autility diversity reward, and a global
cost redundancy penalty. As shown in Table 5, re-
lying solely on a hard constraint improves recall by
clearing exact duplicates, but falls short of optimal
performance. The addition of the utility diversity
reward (3 > 0) favors chunks with distinct periph-
eral information, while the cost redundancy penalty
actively preserves budget for orthogonal evidence.
Furthermore, fine-grained analysis reveals that our
hard grouping constraint acts as a strict budget en-
forcer, raising Complementary Evidence Recall
(CER) on HotpotQA to 93.6%, compared to 86.2%
when using a soft constraint (max 2 per group).

Selection Mechanism Avg. Recall@5 HotpotQA Avg. F1

Baseline (Top-K) 49.6% 74.8% 36.1
Only Hard Constraint 64.2% 85.3% 41.5
+ Utility Reward (8 > 0) 67.8% 88.1% 43.1
+ Cost Penalty (Cieq) 69.5% 90.4% 443
Full MMKP (All 3) 72.0% 93.6% 45.8

Table 5: Fine-grained ablation of redundancy mecha-
nisms in the MMKP Context Selector.

Adaptive Thresholding for Dense Retrieval. In
edge cases where a query retrieves an abnormally
dense pool of highly similar documents, a fixed sim-
ilarity threshold can collapse candidates into too
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few groups, under-filling the token budget. We im-
plemented an Adaptive Thresholding mechanism
that dynamically relaxes the similarity boundary
in these scenarios. This dynamic fallback restores
context utilization from 64.2% to 86.4% and sig-
nificantly lifts Exact Match scores, ensuring the
framework remains robust against highly repetitive
retrieved text.

6.3 Validation of Faithfulness and Reward
Mechanics

A known vulnerability in test-time search frame-
works is reward hacking, where evaluating outputs
using the same model that guided the search (e.g.,
our NLI verifier) can introduce an optimistic bias.
To rigorously validate our faithfulness improve-
ments, we cross-validated our generated answers
using independent evaluators: an LLM-as-a-judge
(GPT-5) and blind human annotation.

Method Biased Eval Independent Eval
NLI-AP GPT-5 Faith. Human Attr.
Naive RAG 0.54 51.2% 53.0%
CRAG 0.65 62.8% 64.3%
Ours 0.85 81.4% 83.6%

Table 6: Cross-Validation of Faithfulness on a challeng-
ing subset of HotpotQA and MuSiQue.

As shown in Table 6, while evaluating with the
self-same NLI model shows a slight optimistic
bias (0.85 AP), the independent human evaluation
confirms a true attribution rate of 83.6%. This
establishes a commanding absolute improvement
of +19.3% over the strongest baseline (CRAG),
proving that the reduction in hallucination is gen-
uine and model-agnostic. Granular ablations of the
MCTS reward function further show that asymmet-
ric, severe penalties for contradictions (w, = —2.0)
are necessary to prevent the planner from exploit-
ing plausible-sounding but hallucinatory branches.

6.4 Domain Robustness

While off-the-shelf NLI models struggle with sub-
tle, domain-specific negations, the modularity of
our Phase II MCTS planner allows for seam-
less swapping of the reward model. By integrat-
ing domain-adapted NLI models (BioLinkBERT-
large for PubMedQA and Legal-RoBERTa-base
for LegalBench), we fully restore faithfulness. As
shown in Table 7, this adaptation directly translates
to state-of-the-art accuracy in specialized settings.

Dataset Model Config. Accuracy (%) AP CR
Ours (General NLI) 78.5 0.73 0.09
PubMedQA 0y rs (Medical NLI) 82.5 0.86 0.03
Ours (General NLI) 54.8 0.71 0.11
LegalBench ¢y s (Legal NLI) 60.2 0.87 0.04

Table 7: Impact of Domain-Adaptive NLI Models on
specialized QA performance and faithfulness.

6.5 Sensitivity Analysis

We analyze our model’s robustness against key hy-
perparameters, with detailed results provided in
Appendix E. For the MMKP selector, maintain-
ing a scaled redundancy budget of C,.q ~ 120
optimally balances relevance and diversity to maxi-
mize recall, whereas stricter budgets tend to discard
lexically similar but valid evidence. Concurrently,
the MCTS planner achieves optimal reasoning ac-
curacy and generation consistency by utilizing a
branching factor of £k = 3, a maximum search
depth of 3, and an increased number of simulations
N. Furthermore, we observe that enforcing a strict
contradiction penalty during the search process is
essential to mitigate the generation of hallucinated
content.

6.6 Qualitative Analysis

To investigate how Self-Correcting RAG rectifies
errors, we analyze specific failure cases of the base-
line. A common failure mode in multi-hop QA
is reasoning shortcuts triggered by context crowd-
ing. In these instances, redundant retrieved chunks
displace key evidence, causing the model to hallu-
cinate connections based on parametric memory.
A detailed step-by-step trace of this behavior is
provided in Appendix G.

7 Conclusion

We presented Self-Correcting RAG, a unified
framework to enhance RAG robustness. We re-
formulated context selection as the Multidimen-
sional Multi-choice Knapsack Problem (MMKP)
to maximize information density under strict token
budgets. Additionally, we proposed an NLI-guided
MCTS generator for faithfulness, using NLI as
a reward model to prune hallucinatory reasoning
paths. Experiments on six benchmarks show it
outperforms strong agentic baselines, especially in
complex multi-hop tasks. However, the planner’s
iterative nature increases inference latency; future
work will optimize sample efficiency to reduce test-
time search computational cost.
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Limitations

Our proposed framework demonstrates notable im-
provements in faithfulness and reasoning capabil-
ity. However, it entails limitations inherent to Self-
Correcting RAG architectures. The primary con-
straint is the increased computational overhead and
inference latency. Our MCTS-based approach dif-
fers from standard single-pass RAG. It requires
performing multiple forward passes and NLI ver-
ifications for each reasoning step. We implement
pareto-pruning for the MMKP selector to maintain
polynomial time complexity. Nevertheless, the test-
time search increases the time-to-first-token. This
characteristic limits the current iteration’s applica-
bility in ultra-low-latency real-time scenarios.

Furthermore, the robustness of our reward mech-
anism relies on the quality of the off-the-shelf NLI
model (e.g., RoBERTa-large-mnli). These auxil-
iary models are generally effective for standard do-
mains. However, they may overlook subtle contra-
dictions in highly specialized fields, such as law or
medicine. Addressing this requires domain-specific
fine-tuning. Finally, our MMKP selector aims to
maximize information density. It operates on the as-
sumption that redundancy within retrieved groups
is semantically uniform. In cases of high semantic
complexity, rigorous filtering might inadvertently
discard complementary minority opinions.

Ethical Considerations

Our work aims to enhance the reliability of Large
Language Models. We focus on reducing halluci-
nations through constrained context selection and
logical verification. By grounding generation in
traceable evidence, we mitigate risks associated
with disseminating factually incorrect information.
However, we acknowledge the environmental im-
pact of the test-time compute paradigm. The itera-
tive nature of Monte Carlo Tree Search increases
GPU utilization compared to standard decoding
methods. Consequently, this results in higher en-
ergy consumption. Future work should focus on
optimizing the planner’s sample efficiency to re-
duce this computational footprint.

Additionally, as a Retrieval-Augmented Genera-
tion system, our model’s outputs are constrained by
the retrieved corpora. The results reflect the qual-
ity and potential biases of the source documents.
Our NLI guidance penalizes logical contradictions.
However, it does not verify the intrinsic factual ac-
curacy of the retrieved text. If the knowledge base

contains biased or toxic content, the system may
reproduce these issues. It is important to note that
faithfulness in this context refers to adherence to
the retrieved context. It does not necessarily equate
to absolute objective truth.
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Appendices

Within this supplementary material, we elaborate
on the following aspects:

e Appendix A: Dataset Details

e Appendix B: Implementation Details and Hyper-
parameters

e Appendix C: Theoretical Proofs and Analysis
e Appendix D: Detailed Experimental Results
e Appendix E: Sensitivity Analysis Results

e Appendix F: LLM Prompts

e Appendix G: Qualitative Analysis Case Study

A Dataset Details

We evaluate our approach on six representative
datasets covering Simple QA, Multi-Hop QA, and
Multi-Document QA scenarios. The statistics of
the evaluation datasets are summarized in Table 8.

Simple QA. We first consider single-hop tasks
that require retrieving facts from open-domain
sources.

* Natural Questions (NQ): An open-domain
QA dataset. In our experiments, we use a
subset of 1,000 queries and retrieve from a
corpus of 9,633 passages.

* PopQA: This dataset focuses on long-tail en-
tities which often require precise knowledge
retrieval. We evaluate on 1,000 queries with a
retrieval pool of 8,676 passages.

Multi-Hop QA. These datasets require the model
to perform reasoning across multiple documents
(typically 2—4 hops) to derive the answer.

* MuSiQue: A challenging multi-hop dataset.
Our evaluation involves 1,000 queries and the
largest passage pool in our setup (11,656 pas-
sages), requiring complex reasoning chains.

* 2WikiMultiHopQA (2Wiki): Based on
Wikipedia, requiring 2—4 hops. We use 1,000
queries and 6,119 passages.

* HotpotQA: We utilize the distractor setting
to test the model’s ability to filter irrelevant
information. The setup includes 1,000 queries
and 9,811 passages.

Multi-Doc QA. Finally, we evaluate robustness
against noise in a retrieval-augmented generation
setting.

* MultiHop-RAG: Designed to test noise ro-
bustness. Unlike the standard QA sets, this
evaluation uses a larger set of 2,556 queries
over 609 specific passages to measure the F1
score and retrieval accuracy.

B Implementation Details and
Hyperparameters

B.1 General Implementation Details

We implemented our framework using PyTorch
and the Hugging Face Transformers library.
All experiments were conducted on a cluster
of NVIDIA A100 (80GB) GPUs. For the
retrieval backbone, we utilized a hybrid ap-
proach combining dense and sparse retrieval.
We employed BAAI/bge-small-en-v1.5 as the
dense embedding model and scikit-learn’s
TfidfVectorizer (ngram range 1-2, max fea-
tures 200k) for sparse retrieval. The results were
fused using Reciprocal Rank Fusion (RRF) with
k = 60, alongside a centroid-based query ex-
pansion strategy where the query embedding is
refined using the mean of the top-5 dense re-
trieval results. For the generator, we utilized
Qwen2.5-7B-Instruct as the backbone Large
Language Model (LLM), loaded in bfloat16 pre-
cision. The NLI verification signal was derived
from roberta-large-mnli.

B.2 Baseline Implementation Details

To ensure a rigorous comparison, we aligned the
base models and resource constraints across all
baselines where applicable:

e Standard RAG (Naive): We follow the stan-
dard "Retrieve-then-Generate" paradigm. We
retrieve the top-k (k = 5) chunks using the
same hybrid retriever (BGE + TF-IDF) de-
scribed above and feed them directly into the
Qwen2.5-7B-Instruct model. No advanced
selection or re-ranking is applied.

* RAG + MMR: We implemented Maximal
Marginal Relevance (MMR) to re-rank the
retrieval candidates. We set the diversity hy-
perparameter A = 0.6, iteratively selecting
documents that maximize a linear combina-
tion of query relevance and novelty relative to
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Category Dataset Type Avg. Hops # Queries # Passages  Metric
. NQ Open-domain 1 1,000 9,633 EM/F1
Simple QA PopQA Long-tail Entity 1 1,000 8676  EM/FI
MuSiQue Multi-hop 2.40 1,000 11,656 EM /F1

Multi-Hop QA 2WikiMultiHopQA Multi-hop 2.42 1,000 6,119 EM /FI
HotpotQA Multi-hop 2 1,000 9,811 EM/F1

Multi-Doc QA MultiHop-RAG Noise Robustness 2.70 2,556 609 EM/F1

Table 8: Statistics of the evaluation datasets. The "Queries" and "Passages" columns denote the specific counts used

in our experimental evaluation.

the already selected set, until the token budget
(1500 tokens) is exhausted.

e Self-RAG: We utilized official
selfrag/selfrag-1lama2-7b check-
point. To maintain fairness in information
access, we restricted the retrieved context size
provided to Self-RAG to be approximately
equivalent to our MMKP token budget (~ 5
chunks or 1500 tokens).

the

B.3 Our Method: Configuration and Logic
B.3.1 MMKEP Context Selector

The MMKP selector transforms the retrieval list
into a constrained optimization problem. We first
grouped retrieval candidates using a greedy cluster-
ing algorithm based on cosine similarity thresholds
(Tsim = 0.82). For each candidate document d;; in
group G, we calculated:

* Value (v;;): A weighted sum of relevance and
diversity: v;; = « - Scoregusion(q, dij) + 3 -
(1 — Sim(d;j, pg,)), where pg, is the group
centroid.

* Costs (w;j): A 2-dimensional cost vector con-
taining the token length (L;prep) and a seman-
tic redundancy penalty (Ccq). The redun-
dancy penalty is calculated as the mean sim-
ilarity to other group members, scaled by a
factor of 100.

We solved this NP-hard problem using a Dynamic
Programming approach with Pareto pruning to re-
move dominated states (states with higher costs
and lower value), ensuring tractability.

B.3.2 NLI-Guided MCTS Generator

We implemented the generator as a Monte Carlo
Tree Search (MCTS) process that explores the rea-
soning space at test time.

* Node Expansion: At each step, the model
chooses between two action types: Answer
(generate a response hypothesis) or Augment
(retrieve additional evidence using the current

query).

* Reward Function: We employed
roberta-large-mnli to compute a faith-
fulness reward. The reward R is defined as
R = we - P(entail) +w, - P(neutral) +w. -
P(contradict). We set a severe penalty for
contradictions (w, = —2.0) to aggressively
prune hallucinatory paths.

* Search Strategy: We used the UCT (Upper
Confidence Bound for Trees) algorithm with
an exploration constant c,., = 1.4 to balance
exploration of new reasoning paths and ex-
ploitation of high-reward trajectories.

B.4 Hyperparameters

The specific hyperparameters for the MMKP selec-
tor and MCTS generator used in our main experi-
ments are detailed in Table 9 and Table 10.

Parameter Value
Token Budget (Cloken) 1500
Redundancy Budget (Crea) 120
Relevance Weight («) 0.7
Diversity Weight (3) 0.3
Similarity Threshold (7gim) 0.82
Redundancy Cost Scale 100.0

Table 9: Hyperparameters for the MMKP Context Se-
lector. Weights were tuned on the HotpotQA validation
set.
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Parameter Value
Generator (LLM)
Model Qwen2.5-7B-Instruct
Temperature 0.7
Top-p 0.9
Max New Tokens 256
MCTS Search
Simulations (V) 24
Branching Factor (k) 3
Max Search Depth 3
Exploration Constant (cy.cp) 1.4
Reward Function (NLI)
Entailment Weight (w.) 1.0
Neutral Weight (w»,) -0.2
Contradiction Weight (w.) -2.0

Table 10: Hyperparameters for NLI-Guided MCTS. The
generator uses these settings during the test-time search
phase.

C Theoretical Proofs and Analysis

C.1 Supplementary Definitions for MMKP

C.1.1 Multidimensional Cost Vectors

Unlike the standard Knapsack problem (single
weight), RAG systems face multiple resource con-
straints. We define the cost vector w;; € RE for
each item. We model K = 2 dimensions:

RO

1. Token Consumption (k = 1): w;;" =

Len(dij).

2. Redundancy Penalty (k = 2): Derived from
the intra-group centroid.

2 _ 1
Wy = Ared - (‘Gz|_1

> COS(@(dij)7¢(d))>

deGi\{di;}

3)

This cost dimension penalizes items that are too
central or generic within their cluster, preferring
unique information, scaled by A,.q4.

C.1.2 Utility Function

The utility v;; balances query relevance and global
diversity:

vij = & Frusion(q, dij) + B - (1 —Sim(d;j, pg;))

“)
where Ffyi0n incorporates both dense and sparse
(TF-IDF) retrieval scores (via Reciprocal Rank Fu-
sion), and fi¢, is the centroid of group Gj.

C.2 Computational Complexity of MMKP

Theorem 1 (NP-hardness). The RAG Document
Selection problem formulated as MMKP (Eq. 1) is
NP-hard.

Proof. We perform a reduction from the classic 0/1
Knapsack Problem, which is known to be NP-hard.
Let a standard Knapsack instance be defined by
n items with values v;, weights w;, and capacity
W. We construct a special instance of our RAG-
MMKP as follows:

1. Create m = n groups.

2. Each group G; contains exactly two items:
{di1; dio}-
3. Item d;; (representing ‘“taking” item 1)

has value v; and weight vector w;; =
[wi, 0, ce ,O]

4. Item d; o (representing “leaving” item %) has
value 0 and weight vector 0.

5. Set the MMKP capacity vector C =
(W, 00,...,00].

The constraint » ;%ij < 1 in MMKP forces the
selection of exactly one item per group (either the
real item or the dummy zero-cost item), which
is mathematically equivalent to the binary choice
x; € {0,1} in the standard Knapsack problem.
Since 0/1 Knapsack is NP-hard, and it is a special
case of RAG-MMKP, RAG-MMKP is NP-hard.

]

C.3 FPTAS for Core MMKP Variant

We analyze the single-dimensional variant (D = 1)
where each group has size 1 (equivalent to stan-
dard Knapsack). We prove the existence of a
Fully Polynomial-Time Approximation Scheme
(FPTAS).

Theorem 2 (FPTAS). For any € > 0, there exists
an algorithm that returns a solution S such that
V(S) > (1—¢) OPT and runs in time polynomial
innand1]e.

Algorithm Construction:

1. Let P = max; v;. Given error tolerance € >
0, define scaling factor K = %.

2. Define scaled values vj = | 3.

3. Solve the problem using DP on values v.
The recurrence is: DP[k,v] = min(DP[k —
1,v], wy, + DP[k — 1,v — v;]). The max pos-

P n?

~n- =

sible scaled value is V/ T =

max
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Algorithm 1 FPTAS for 0/1 Knapsack Problem

1: procedure FPTAS-KNAPSACK (v, w, C, €)
2 Let n be the number of items.

3: P < max} | v;

4: K + %
5
6
7

Fori=1,...,n:v] + |v;/K]
Vri’baac A Z?:l Ug

. Initialize DP table T of size V... + 1 with
T'[0] = 0 and T'[p] = oo for p > 0.
8: fori=1,...,ndo
9: forp=V) 0,0, do
10: Tp] « min(T'[p], w; + T[p — v}])
11 Find the largest p* such that T'[p*] < C.
12: Reconstruct the set of items corresponding

to T'[p*] and return it.

The algorithm is detailed in Algorithm 1.

Proof. Let S* be the optimbual set and S be the
set returned by our algorithm; we prove the ap-
proximation guarantee. By definition of floor:
Kv, < v; < K(vl + 1). The optimal value
OPT =}, g~ vi. Our algorithm finds S that op-
timizes the scaled values, s0 >, g v; > >, g+ Vi

Considering the lower bound of our solution
V(S), we have:

V(9) :Zvi > ZKU; :KZ’U;

€S €S €S

> K

1€S*
o

> K (i _ ) (5)
2 (g1
1€S*

SPILED I

1€ES* 1ES*
= OPT —nK

Substituting K = £, we get V(S) > OPT —
eP. Since OPT > P, we have V(S) > OPT —
eOPT = (1 —¢€)OPT.

Time Complexity: The DP table size is O(n -
VoY = o(n : ﬂ) - 0(%3).
nomial in n and 1/e, satisfying the definition of
FPTAS. u

This is poly-

C.4 Heuristic DP Details and Pareto Pruning

Pareto-Pruned Dynamic Programming. For the
practical implementation where D = 2, we uti-
lize a Dynamic Programming approach with state
pruning. Let D P[i] be the set of achievable states

after considering group ;. Each state is a tuple
(c,v), representing the accumulated cost vector
and value. To avoid state explosion, we prune dom-
inated states. A state A = (ca,v4) dominates
B = (cp,vp) if and only if:

va > vp and VEk: c(:) < cg;) (6)

At each step ¢, we compute

DPJi] = PF({(C+WU,U + vi5) | (€,v)
@)
S DP[Z — 1], di]’ S G1}>

This reduces the average complexity to polynomial
time in practice.The algorithm is detailed in Algo-
rithm 2.

Algorithm 2 MMKP with Pareto-Pruned DP

1: Input: Groups G, Budgets C
2: DP «+ {(0,0): 0.0} > Map (cost_tokens,
cost_red) — value
3: for each group GG; € G do
DP,ey < DP.copy()
for each item d;; € G; do
for each state (c,v) € DP do
c«—c + Wij
v = v+
if ¢’ < C then
10: Update D P,,.,, with (c’,v")
11: DP < PruneDominated(D Pyer)
12: return max, DP

D T RS AN A

The function PruneDominated removes any
state (cp,vp) if there exists (c4,v4) such that
cs < cg AND v4 > vp. This ensures we only
track the Pareto frontier.

C.5 Detailed MCTS Search Procedure

We employ a variant of the Upper Confidence
Bound for Trees (UCT) & PUCT-style selection.
The search proceeds in four steps for Ng;,,, simula-
tions:

1. Selection: Starting from root sg, we recur-
sively select child nodes satisfying:

a* =argmax (Q(s, a)

acA(s)

+ Cpuct - P(a‘s)l—l—]]y((i)a))
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where )(s, a) is the estimated value, N (s) is
the visit count, and P(als) is the prior from
the policy (LLM).

2. Expansion: If node s is not a terminal state,
we expand it by sampling k£ candidate an-
swers (Generative Actions) and optionally m
retrieval queries (Augmentative Actions).

3. Simulation (Rollout): From the expanded
node, we perform a rollout using the base pol-
icy mg to generate a complete anSwWer ¥ finql-

4. Backpropagation: We compute the reward
R(yfina1) using Eq. 2 and update the Q-values
along the trajectory:

N(s,a)-Q(s,a)+ R

Qlsa) < N(s,a)+1

(€))

C.6 Convergence Analysis of NLI-Guided
MCTS

We provide a theoretical justification for the use of
UCT in the space of logical consistency.
Theorem 3 (MCTS Consistency). As the num-
ber of simulations N — oo, the probability of
selecting the optimal answer y* (defined as the
answer maximizing the NLI reward) approaches 1.

Proof. The RAG generation process is modeled
as a finite-horizon MDP. The NLI reward R(y) €
[—2, 1] is bounded. The UCT selection rule is:

(10)

According to the Kocsis and Szepesvari (2006) the-
orem, UCT is consistent in finite-horizon domains.
The regret R, after n steps grows as O(lnn).
Specifically for our NLI-guided generation:

1. Exploration: The w.,, = —2.0 penalty in
our reward function (Eq. 2) acts as a soft prun-
ing mechanism. Branches containing contra-
dictions yield low Q-values.

2. Exploitation: UCT exponentially allocates
samples to branches with high entailment
scores (Wept = 1.0).

Therefore, provided the NLI model © is an approx-
imate oracle of truth, the search policy 7,075 con-
verges to the sentence sequence y that maximizes
logical entailment with the evidence set £. |

D Detailed Experimental Results

We further investigate the source of our perfor-
mance gains by analyzing the impact of token con-
straints and reasoning complexity.
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Figure 3: Impact of token budget on retrieval perfor-
mance. This figure compares the Retrieval Recall@5
of our MMKP method against RAG+MMR and Top-K
baselines across varying token budgets (Cioger ). Our
MMKP (red line) consistently outperforms the base-
lines, demonstrating superior robustness.

Token Budget Robustness. Figure 3 demon-
strates the retrieval recall across varying token con-
straints. While traditional Top-K selection suffers
a severe performance drop to 38.0% when the bud-
get is restricted to 500 tokens, our MMKP selector
exhibits superior resilience. It maintains a high
recall of 61.5% in this strict setting, outperforming
Top-K by a margin of 23.5% and the RAG+MMR
baseline by 11.5%. This substantial gap validates
MMKP’s ability to maximize information density
when context space is scarce.
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Figure 4: Complexity Analysis. Our method shows
significant scaling advantages on harder queries.

Reasoning on Hard Queries. Figure 4 presents
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a performance decomposition based on query com-
plexity. While our method attains a 19.0% im-
provement over the Naive baseline on Simple QA,
the performance gains are substantially amplified
in complex reasoning scenarios. Specifically, on
Multi-Hop QA, our approach demonstrates supe-
rior scaling by achieving a 73.4% relative gain over
the baseline and exceeding the CRAG model by 2.5
absolute points. Similarly, for Multi-Doc QA, our
model records a 57.6% improvement over the base-
line. This result significantly widens the margin
compared to CRAG, thereby validating the efficacy
of our self-correction mechanism in handling long-
context and multi-step reasoning tasks.

E Sensitivity Analysis Results

In this appendix, we provide the detailed experi-
mental results supporting the sensitivity analysis
discussed in Section 6. We evaluate the impact of
the redundancy budget on retrieval recall and the ef-
fect of MCTS simulation parameters on generation
performance.

E.1 Redundancy Budget in MMKP

Figure 5 illustrates the relationship between the re-
dundancy budget (C...4) and retrieval performance.
The redundancy score is calculated based on max-
imum semantic similarity between selected pas-
sages.

Impact of Redundancy Budget on Recall@5

80 T T T I
70
)
w
@ 60
3 i
&
50 |- =
——Recall@5
40 | |
20 60 100120 160 200

Redundancy Budget (C}.cq)

Figure 5: Sensitivity of Recall@5 to the redundancy
budget (Cyeq). A budget of approx. 120 provides the
optimal trade-off, allowing sufficient diversity without
excluding relevant evidence.

E.2 MCTS Simulation Parameters

Table 11 details the generation performance (F1
Score) across different configurations of the MCTS
planner. We vary the number of simulations (V)
and the maximum search depth (D).

Simulations (V) Depth (D) F1 Score Faithfulness (AP)
1 (Greedy) 1 36.1 0.52
8 2 40.5 0.68
16 3 43.2 0.79
24 3 45.8 0.85
32 4 46.0 0.86
64 5 46.1 0.87

Table 11: Effect of MCTS hyperparameters on perfor-
mance. N denotes the number of simulations, and D
denotes the search depth. The chosen configuration
(N =24, D = 3) is highlighted.

As observed, increasing N beyond 24 yields
diminishing returns in F1 score. Similarly, extend-
ing the depth beyond 3 provides marginal gains
in faithfulness but complicates the reasoning trace
unnecessarily for most tasks.

F LLM Prompts

We employ two distinct sets of prompts for our
framework: one for the core Retrieval-Augmented
Generation (RAG) tasks and another for the sym-
bolic planning module. Figure 6 illustrates the
prompts used for the NLI-Guided Generator, and
Figure 7 shows the prompts for the Symbolic Plan
Generator.

G Qualitative Analysis Case Studies

To investigate the mechanisms by which Self-
Correcting RAG rectifies errors, we analyze spe-
cific failure cases of the baseline compared to our
framework. We present two distinct scenarios: one
focusing on context truncation due to redundancy,
and another on attribute comparison amidst high-
information noise.

G.1 Case Study 1: Temporal Comparison
with Context Truncation

In this first scenario, we examine a temporal com-
parison query regarding the founding dates of two
magazines. The baseline fails due to context trun-
cation of the second entity, leading to a halluci-
nated date. In contrast, our method rectifies this
via (1) MMKP-based context de-duplication and
(2) MCTS-guided verification.
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INSTRUCTION:

You are a rigorous multi-hop QA assistant. You must answer strictly based on the provided document snippets. Do not
introduce external knowledge, subjective guesses, or information not mentioned in the documents. Please think deeply and
answer according to the following steps:

1. Decompose the Question: Break down the core query points and the logical link of multi-hop reasoning (e.g.,
"Precondition — Intermediate Inference — Final Conclusion").

2. Locate Relevant Documents: Examine candidate document snippets one by one, mark content directly/indirectly
related to the core query, and record the corresponding doc_id. Exclude irrelevant documents.

3. Integrate Information: If relevant information is fragmented, logically connect it based on the document context. If
there is no direct answer, provide a speculative conclusion consistent with the document context (do not return
"unknown").

4. Verify Rationality: Confirm that the answer originates entirely from the documents, contains no external information,
and does not contradict the document content.

5. Output Result: Provide a concise answer, the corresponding evidence doc_ids, and explain the deep thinking

process.

INPUT TEMPLATE:

Question: {question}

Candidate Document Snippets (Listed by doc_id, potentially from different articles; content truncated):

{context}

Please strictly output in the following JSON format.

The "reasoning" field must detail the deep thinking process

(including question decomposition, document location, information integration, and rationality verification, at least 3

sentences):

{
"answer": "<Concise answer based on docs / Speculative conclusion>",
"evidence_doc_ids": ["<doc_id1>", "<doc_id2>", "..."],
"reasoning”: "<Detailed thinking process...>"

}

Figure 6: The prompt template used for the NLI-Guided Generator. It enforces strict adherence to retrieved context
and requires explicit reasoning steps to support the MCTS verification process.

Figure 8 illustrates a detailed distinct failure
mode analysis. In the Baseline (Left), the dense re-
triever retrieves three documents with high cosine
similarity (> 0.88) to the entity “The American
Conservative”. However, due to the limited context
window (Top-3 constraints), these semantically re-
dundant chunks crowd out the essential document
containing the founding date of the second entity,
“The Weekly Standard”. Consequently, the CoT
reasoner, lacking specific evidence, falls back on
parametric memory, hallucinating an incorrect date
(1950s) based on a broad “Cold War era” bias.

In contrast, our Self-Correcting Framework
(Right) intervenes at two stages:

1. Context Construction: The MMKP module
clusters retrieved chunks by semantic intent.
It identifies that Doc 1 and Doc 2 convey iden-
tical information (Cluster A) and discards the

lower-ranked duplicate, effectively reserving
token budget for the diverse Cluster B (Doc
3).

2. Reasoning Verification: The MCTS planner
expands the search space. When the model
initially generates a hallucinated date (Branch
71), the NLI verifier detects a low entailment
score (0.12) against the retrieved context, as-
signing a negative reward (r = —1.0). This
prompts the planner to backtrack and explore
Branch w9, which successfully extracts the
correct date verified by high entailment (0.98),
leading to the correct temporal comparison.

G.2 Case Study 2: Attribute Comparison
under Information Noise

We further analyze a multi-hop reasoning scenario
involving corporate history, which typically re-
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INSTRUCTION:

You are a plan generator that outputs only JSON. You will not provide thinking processes.
Task: Generate an executable PLAN (sequence of steps) for the question using the following primitives:

e FIND(by: entity|number|year|text, value)

e FILTER(by: year|number, cond: =, >, <, >=, <= with numeric)

o SELECT(keyword) # Filter sentences by keyword

* AGG(type: COUNT|MAX|MIN, target?: year|number)

* COMPARE (mode: MAX|MIN) # Find sentence maximizing target in candidates

* ANSWER(template: string with {value})

Only return JSON: {"steps”:[ ... 13}, do not output any other content.

CONSTRAINTS & REQUIREMENTS:

1) If the question involves numerical values/dates/comparisons, please use FIND + FILTER/AGG/COMPARE.
2) You must end with ANSWER. Use {value} as a placeholder in the template. If there is no numerical value, you can treat

{value} as the final answer directly.
3) Do not include explanations or extra fields.

INPUT:

Question: {question}

Only output JSON.

Figure 7: The prompt template used for the Symbolic Plan Generator. This prompt restricts the LLM to output a

structured execution plan using predefined API primitives.

quires bridging entity relationships and precise at-
tribute comparison. The query asks: “Who had a
longer tenure as CEO of the company that acquired
DeepMind: Eric Schmidt or Larry Page?”

This query presents a specific challenge: “Deep-
Mind” is a keyword heavily associated with recent
Al breakthroughs, creating a “distractor dense” re-
trieval environment.

As shown in Figure 9, the Baseline suffers from
topic drift. The dense retriever prioritizes docu-
ments about DeepMind’s technical achievements
(AlphaGo, AlphaZero) due to high semantic simi-
larity with the query entity. These redundant docu-
ments occupy the limited context window, crowd-
ing out the essential biographical data regarding
the CEOs of the parent company (Google). Conse-
quently, the model relies on a “Founder Heuristic”’—
assuming the founder (Larry Page) served the
longest—resulting in a hallucinated conclusion.

In contrast, our Self-Correcting RAG demon-
strates robustness:

1. MMKP Filtering: The Context Selector

20974

groups the “Al Achievement” documents into
a single semantic cluster. It recognizes that
selecting multiple documents from this clus-
ter offers diminishing returns. It effectively
prunes the redundancy (similar to the mech-
anism described in Section G.1), freeing up
token budget to retrieve the specific tenure
dates for both Schmidt and Page.

. MCTS Verification: The generator initially

attempts a heuristic guess (Page > Schmidt).
However, the NLI-guided verifier checks this
against the retrieved evidence (Schmidt: 10
years vs. Page: 4 years) and penalizes the
contradiction () = —1.0). The planner then
backtracks to perform the correct arithmetic
comparison, producing a faithful result.



INPUT QUERY & COMPLEXITY ANALYSIS

Query: "Which magazine was founded first, 'The American Conservative’ (TAC) or 'The Weekly Standard’ (TWS)?"

Reasoning Requirement: 1. Multi-hop Retrieval: Must find Date(T'AC') AND Date(TW S). 2. Temporal Compari-

son: Compute min(DateTAc, DateTws).

Hardness: High (Ambiguity in entity dates)

|

STEP 1: DENSE RETRIEVAL (ToP-K)
Retriever matches query embedding to chunks. Limit: K =
3.

* [Rank 1] Doc A: "TAC is a bi-monthly journal...
founded in 2002 by Pat Buchanan..."
— Sim: 0.89 (High relevance to 'TAC’)

e [Rank 2] Doc B: "TAC (Website) offers

opinion pieces... launched in 2002..."
— Sim: 0.88 (Redundant Semantic Cluster)

e [Rank 3] Doc C: "Pat Buchanan co-
founded TAC to promote anti-war views..."
— Sim: 0.86 (Redundant Semantic Cluster)

CRITICAL ERROR: Context window full. The document
containing "The Weekly Standard (1995)" (Rank 4, Sim
0.84) is truncated.

STEP 2: COT REASONING (HALLUCINATION)
LLM Input: Doc A, Doc B, Doc C.

* Thought 1: "Founding date of TAC is 2002 (from
Doc A)."

* Thought 2: "Searching for TWS date... Not in con-
text."

Thought 3 (Parametric Memory): "TWS is a fa-
mous neo-con magazine. It feels older, associated
with the 90s or Cold War. Let’s assume 1950s."

e Comparsion: 1950s < 2002.

PHASE 1: MMKP CONTEXT SELECTOR

Goal: Maximize Diversity / Minimize Redundancy.
¢ Cluster 1 (Topic: TAC): {Doc A, Doc B, Doc C}
¢ Cluster 2 (Topic: TWS): {Doc D (Rank 4)}

* Action: Select representative from Cluster 1 (Doc
A) — Discard Doc B & C. — Retrieve Doc D.

Optimized Context: {Doc A (2002), Doc D ("TWS...

founded Sep 17, 1995")}

PHASE 2: MCTS PLANNER REASONING
Policy: w(a|s), Reward: NLI(Context, Hypothesis).
Node 0: Root State (Question)

— Branch 1: Greedy Generation (Hallucination)
Hypothesis: "TWS founded in 1955."
— Verification (NLI): Context (Doc D: 1995) vs
Hypothesis (1955).
— Result: Contradiction (0.99).
— Reward Q(s, a): -1.0 (Prune path)

< Branch 2: Guided Extraction (Correct)
Hypothesis: "TWS founded in 1995."
— Verification (NLI): Context (Doc D: 1995) vs
Hypothesis (1995).
— Result: Entailment (0.98).
— Reward Q(s,a): +1.0 (Proceed)

Final Prediction:
The Weekly Standard (approx. 1950s)
X Factually Incorrect Reason

Final Prediction:
The Weekly Standard (1995)
v Factually Grounded

J

(.

J

Figure 8: Comprehensive Trace of Failure vs. Correction. Left: The Baseline fails due to information crowding.

High-similarity redundant documents about Entity A fill the context window, cutting off Entity B. The model then
hallucinates to fill the gap. Right: Our approach employs MMKP (Maximal Marginal Relevance based Knapsack
Problem) to filter semantic duplicates, ensuring both entities are present. Subsequently, the MCTS (Monte Carlo
Tree Search) planner explores reasoning paths. It actively penalizes the hallucinated branch (Branch 1) via NLI
verification and rewards the factually consistent branch (Branch 2).
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INPUT QUERY & COMPLEXITY ANALYSIS

Query: "Who had a longer tenure as CEO of the company that acquired DeepMind: Eric Schmidt or Larry Page?"

Reasoning Requirement: 1. Entity Bridging: Identify Parent Company (DeepMind — Google). 2. Attribute Retrieval:

Find CEO Tenure(Schmidt) AND CEO Tenure(Page). 3. Numerical Comparison: Calculate At. Hardness: High
(Distractor Noise)

STEP 1: DENSE RETRIEVAL (ToP-K) PHASE 1: MMKP CONTEXT SELECTOR

Retriever matches "DeepMind" to high-ranking news Goal: Penalize Semantic Redundancy (Crea).

chunks.

¢ Cluster 1 (DeepMind News): {Doc B (AlphaGo),

* [Rank 1] Doc A: "Google acquires Al startup Deep- Doc C (AlphaZero)}
Mind for $500M in 2014..." o Clpstgr 2 (Corporate Spructure): {Doc A (Ac-
— Sim: 0.91 (Relevant Bridge) %:;s&;g;r}l), LD 10 (elimeel Lot 10 18, (L
* [Rank 2] Doc B: "DeepMind’s AlphaGo * Action: Detect high redundancy in Cluster 1. Prune
defeats Lee Sedol in historic match..." Doc B & C. Allocate budget to Cluster 2.
— Sim: 0.89 (Distractor - High Semantic Overlap) Optimized Context: {Doc A, Doc D ("Schmidt CEO

o [Rank 3] DOC C: ”Demis Hassabis 2001-2011 ),DocE(PageCE02011-2015 )}

discusses DeepMind’s AlphaZero algo-

. " PHASE 2: MCTS PLANNER REASONING
rithm... Node 0: Root State (Question)

— Sim: 0.87 (Distractor - Redundant Topic)
— Branch 1: Heuristic Assumption (Fail)

CRITICAL ERROR: Distractor Crowding. High-scoring Hypothesis: "Larry Page served longer."

documents about DeepMind’s Al achievements fill the — Verification (NLI): Context (Schmidt: 10 yrs, Page:
context. Evidence for Schmidt’s tenure is pushed to Rank 4 yrs) vs Hypothesis.

7 and truncated. — Result: Contradiction (0.95).

— Reward: -1.0 (Prune)

STEP 2: COT REASONING (HALLUCINATION)

LLM Input: Doc A, Doc B, Doc C. < Branch 2: Calculation (Success)
Step 1: Schmidt: 2011 — 2001 = 10 years.
* Thought 1: "DeepMind was acquired by Google Step 2: Page: 2015 — 2011 = 4 years.
(Doc A)." Hypothesis: "Eric Schmidt (10 years) > Larry Page."
— Verification (NLI): Entailment (0.99).
* Thought 2: "Need tenures for Eric Schmidt and — Reward: +1.0 (Proceed)
Larry Page."

Thought 3 (Missing Info): "Context discusses Al-
phaGo, not CEO dates."

Thought 4 (Heuristic Bias): "Larry Page is the
co-founder of Google. Founders usually serve the
longest terms. Eric Schmidt was hired later."

Final Prediction: Final Prediction:
Larry Page (Founder Heuristic) Eric Schmidt (10 years)
X Factually Incorrect (Page: ~4 yrs vs Schmidt: v Factually Grounded Calculation
10 yrs)
(& J (. J

Figure 9: Analysis of Distractor Filtering and Numerical Verification. Left: The Baseline fails due to Distractor
Crowding. Popular documents about DeepMind’s Al achievements (AlphaGo) overwhelm the context window,
displacing the necessary CEO tenure dates. Right: The MMKP Selector identifies the "AI Achievement” documents
as semantically redundant and removes them. This preserves space for documents containing specific tenure dates.
The MCTS Planner then rejects the heuristic bias ("Founders serve longer") via NLI verification, ensuring the final
answer is derived from arithmetic comparison of the retrieved dates.
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