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Abstract

Retrieval-Augmented Generation (RAG) is
widely used to ground large language models
(LLMs) in external knowledge and improve
factual accuracy. Prior work has explored iter-
ative and self-reflective mechanisms to refine
reasoning, but these approaches rely on internal
model judgment and lack formally grounded,
verifiable feedback. As a result, RAG systems
may still produce logically inconsistent or con-
tradictory answers in multi-step reasoning. In
this paper, we propose LCR-RAG, a frame-
work that integrates neuro-symbolic verifica-
tion with reinforcement learning to explicitly
optimize logical consistency. The core of our
approach is a Logic-Consistency-driven Re-
ward (LCR), which converts discrete logical
signals—such as contradictions or incomplete
inference chains—into a structured reward sig-
nal. This reward guides a PPO-based agent to
iteratively rewrite queries and correct reasoning
errors. Experiments on HotpotQA, ASQA, and
TriviaQA show that LCR-RAG consistently
outperforms strong RAG baselines, with abla-
tion results indicating that the LCR mechanism
is the primary source of improvement, even
under noisy or conflicting retrieval conditions.

1 Introduction

The advent of Large Language Models (LLMs)
has fundamentally reshaped the landscape of arti-
ficial intelligence, offering unprecedented capabil-
ities in understanding and generating human-like
text. A cornerstone of their practical application
has been the development of Retrieval-Augmented
Generation (RAG) frameworks (Lewis et al., 2020),
which ground these models in external, verifiable
knowledge sources. This paradigm has proven re-
markably effective at mitigating factual hallucina-
tions and enhancing the accuracy of answers in
standard question-answering (QA) tasks. How-
ever, as the ambition of Al systems moves be-
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Figure 1: The RAG Reliability Pyramid, illustrating
three ascending levels of trustworthiness: L1 Factual
Grounding, L2 Semantic Coherence, and L3 Logical
Soundness.

yond simple fact retrieval towards complex, multi-
step reasoning, the limitations of current RAG sys-
tems have become increasingly apparent (Kand-
pal et al., 2023). Many high-value real-world
problems require not just the aggregation of dis-
parate facts (Gao et al., 2023a), but a logically
sound, step-by-step inference process to connect
them. It is in these reasoning-intensive scenarios
that existing systems exhibit a significant “Logic
Deficit” (Cheng et al., 2025), often producing an-
swers that, while factually grounded in individual
retrieved documents, are internally contradictory
or logically invalid when synthesized.

To systematically understand and address this
challenge, we propose a “RAG Reliability Pyra-
mid” (Gao et al., 2023b) as a conceptual model.
This model delineates three ascending levels of
trustworthiness for RAG systems. The founda-
tional level, L1: Factual Grounding, is achieved by
standard RAG, which ensures that generated state-
ments are rooted in retrieved evidence. The next
level, L2: Semantic Coherence, is addressed by
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advanced iterative frameworks such as IRCoT and
Self-RAG (Asai et al., 2024). These systems em-
ploy Chain-of-Thought reasoning or internal self-
reflection mechanisms to produce outputs that are
fluent, contextually relevant, and plausible. While
marking a significant advancement, these L2 sys-
tems share a fundamental architectural limitation:
their iterative refinement and self-correction pro-
cesses are governed by the LLM’s own internal,
opaque, and often unreliable judgment. This leads
to the final and most challenging level, L3: Log-
ical Soundness, which requires that an answer is
not only factually grounded and coherent but also
formally self-consistent and free of logical con-
tradictions. Reaching this pinnacle of reliability
remains an open challenge.

To bridge the gap from L2 semantic coherence
to L3 logical soundness, we propose LCR-RAG, a
reinforcement-learning-driven framework that ex-
plicitly optimizes logical consistency in retrieval-
augmented generation. The core idea is a Logic-
Consistency-driven Reward (LCR), which lever-
ages an external neuro-symbolic verifier (Sawczyn
et al., 2025) to transform discrete logical de-
fects—such as contradictions or incomplete in-
ference chains—into structured, high-fidelity re-
ward signals. Concretely, the verifier combines
NLI-based factual checking with symbolic rea-
soning over RDF triples parsed from model out-
puts, enabling formal detection of logical viola-
tions. Guided by this logic-aware reward, a PPO
(Proximal Policy Optimization) agent iteratively
refines queries by selecting high-level editing ac-
tions based on structured verifier feedback, replac-
ing blind self-correction with a targeted, reward-
driven optimization process. As a result, logical
soundness becomes a direct and verifiable optimiza-
tion objective rather than an implicit by-product of
model self-judgment.

We conduct extensive experiments on four
widely used QA benchmarks, including Hot-
potQA (Yang et al., 2018), ASQA (Stelmakh et al.,
2022), MuSiQue (Trivedi et al., 2022), and Trivi-
aQA (Joshi et al., 2017), using five representative
LLM backbones: Qwen3-8B (Yang et al., 2025),
Llama-3.3-8B (Al@Meta, 2024), DeepSeek-R1-
8B (DeepSeek-Al, 2025), GLM-4-9B (GLM et al.,
2024), and Ministral-3-8B (AI, 2025). The results
demonstrate that LCR-RAG consistently outper-
forms strong RAG baselines across all datasets
and model backbones. In particular, compared to
standard RAG pipelines, our method achieves up

to 30% relative improvements in answer accuracy
and over 10% absolute gains in faithfulness-related
metrics, validating the effectiveness of explicitly
optimizing logical consistency.Furthermore, abla-
tion studies and hyperparameter analyses confirm
that the logic-consistency-driven reward and the
PPO-based optimization strategy are the primary
contributors to the observed performance gains.
Overall, this work makes three key contributions:

(1) We propose the “RAG Reliability Pyramid”
as a conceptual framework for understanding RAG
systems and formally define the “logic deficit”
that limits the reasoning reliability of current ap-
proaches.

(2) We introduce the LCR mechanism, a novel
method for converting symbolic logic verification
into a direct and optimizable reward signal for rein-
forcement learning.

(3) We present an end-to-end framework, LCR-
RAG, driven by a PPO agent, and provide empir-
ical validation of its state-of-the-art performance,
demonstrating a new and effective path toward
building more reliable, logically sound, and effi-
cient Al reasoning systems.

2 Preliminaries

We first introduce key concepts and notations for
our task.

Retrieval-Augmented Generation (RAG). In
a Retrieval-Augmented Generation (RAG) sys-
tem (Lewis et al., 2020), the task is to improve
the answer generation process by grounding the
model’s output in external knowledge. Given a
query ¢, relevant documents are retrieved from
a knowledge corpus C using a retrieval model,
such as Dense Passage Retriever (DPR) (Karpukhin
et al., 2020), which encodes both the query and doc-
uments into dense vector embeddings. Relevance is
measured by cosine similarity between the query’s
embedding and those of the documents. The top &k
relevant documents are selected and passed, along
with the original query, to a generator model G,
typically a large language model (LLM). The gen-
erator G then produces an answer y based on both
the query and the retrieved documents, ensuring
the output is grounded in external knowledge. The
whole process can be represented as y = G(q, Dy),
where D, is the set of retrieved documents. This
improves both accuracy and contextual grounding.
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Proximal Policy Optimization (PPQO). In the
context of query optimization, PPO (Schulman
et al., 2017) is employed as a reinforcement learn-
ing technique to improve the quality of the gener-
ated queries. The goal is to iteratively refine the
query ¢ such that it maximizes the likelihood of
obtaining a correct and contextually relevant an-
swer (Wen et al., 2025; Lin et al., 2024). The PPO
agent learns a policy 7y, parameterized by 6, which
maps states (representing the query or a modifica-
tion of it) to actions (such as rephrasing or select-
ing different documents). This policy is updated
to maximize expected cumulative rewards (Jiang
et al., 2025), where the reward signal reflects the
quality of the answer produced by the query. The
update process is done by optimizing a clipped sur-
rogate objective, which helps balance exploration
and stability during learning. The update rule en-
sures that the new policy does not deviate too far
from the previous one, preventing instability dur-
ing training. This method effectively guides the
agent to make systematic improvements in query
formulation, gradually learning the optimal actions
to improve the answer retrieval process.

3 Methodology

To address the persistent challenges of logical in-
consistency and inefficient iteration in Retrieval-
Augmented Generation (RAG), we propose LCR-
RAG, a closed-loop framework that integrates dy-
namic intelligent routing, tiered neuro-symbolic
verification, and reinforcement learning-based
query optimization. As shown in Figure 2, the
system begins with a routing module that classi-
fies queries by complexity, allocating computa-
tional resources accordingly. Complex queries
are processed through an iterative loop comprising
a neuro-symbolic verifier, which assesses answer
quality, and a PPO agent that selects high-level
query edits based on verifier feedback.

3.1 Dynamic Intelligent Routing

A foundational inefficiency in many advanced RAG
systems is their one-size-fits-all approach to pro-
cessing queries. A simple factual lookup is often
subjected to the same computationally intensive
reasoning pipeline as a deeply complex query re-
quiring causal inference. To optimize resource allo-
cation and minimize user-perceived latency, LCR-
RAG employs a Dynamic Intelligent Router. This
module serves as a preliminary filter, performing a

rapid assessment of query complexity to direct it to
the most appropriate and cost-effective processing
lane: FAST (for existing cached answers), STAN-
DARD (for single-pass RAG), or DEEP (for the
full iterative optimization pipeline).

Feature Extraction. We define a feature extrac-
tion function ®(g) that maps a raw query ¢ to a
numerical feature vector x, = ®(q). The resulting
feature vector encapsulates three critical dimen-
sions. First, Entity Density (Zdensity) measures the
ratio of named entities (detected via a fine-tuned
spaCy NER model) to the total number of tokens,
where higher density often indicates complex en-
tity relationships. Second, Logical Complexity
(Z10gic) 1s derived by counting logical keywords
(e.g., “and,” “or,” “why,” “compare”) and identify-
ing nested clauses using dependency parsing. Fi-
nally, Term Sparsity (zsparsity) i calculated as
the average Inverse Document Frequency (IDF)
of query terms against a large corpus, where high
sparsity implies rare or niche topics requiring multi-
hop retrieval.In practice, ®(q) includes additional
lightweight lexical and syntactic indicators beyond
these three key features; we highlight them here
for clarity and defer the complete feature list to the
Appendix A.

99 ¢

Probabilistic Modeling. The extracted feature
vector x, is passed into a lightweight classifier Cy
based on distilled BERT, parameterized by ¢. The
model outputs a softmax distribution over the pro-
cessing lanes | € {FAST, STANDARD, DEEP}:

Py(l'| q) = Softmax(fy(x4)) (1)

This gives a confidence score for each lane. For
example, a query might yield { FAST: 0.1, STAN-
DARD: 0.2, DEEP: 0.7}, indicating high expected
complexity.

Decision Rule. The routing lane [* is selected
based on the highest predicted probability:

[* =arg max Py(l]q) )

To avoid erroneous routing under low confidence,
we apply a threshold 7 = 0.5. If P,(lI* | q) < 7,
the query defaults to the STANDARD lane as a
safe fallback. This strategy ensures high-efficiency
handling for simple queries, while preserving deep
reasoning capacity for complex cases.
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Figure 2: The overall architecture of the LCR-RAG framework. It details the three main stages: (1) Dynamic
Routing & Initial Generation, (2) the Neuro-Symbolic Verifier which produces a Defect Report, and (3) the PPO-

based Query Optimizer that refines the query.

3.2 Tiered Neuro-symbolic Verifier (NSV)

The Tiered Neuro-symbolic Verifier (NSV) is a
central component of LCR-RAG’s ability to ad-
dress the logic deficit. Unlike prior RAG sys-
tems that rely solely on black-box LLM self-
reflection, the NSV explicitly externalizes and for-
mally structures the verification process. It gen-
erates a structured, multi-faceted Defect Report
L = (Stacts Slogics Srisk, Lt ), offering interpretable
diagnostics that guide targeted optimization.

Factual Verification. This stream checks
whether the given answer draft A; is grounded in
the retrieved documents D;. Claims {ci, ..., ¢y}
are extracted from A; via a dependency-tree-based
parser. For each extracted claim c;, we retrieve a
single evidence sentence e; € Dy, defined as the
top-1 sentence ranked by BM25 with respect to
¢;. A DeBERTa-v3-large model (He et al., 2021),
fine-tuned on NLI data, then estimates entailment
probabilities. The final factual grounding score is
calculated as:

1< :
Stact = - Z; P(y = entailment | ¢;,e;)  (3)
1=

Formal Logic Verification. This stream detects
internal logical inconsistencies in A; via neuro-
symbolic methods. In the Neuro-Symbolic Trans-
lation stage, a fine-tuned T5-large (Raffel et al.,
2020) model frs is used to map a claim ¢; to

RDF triples, frs(c;) — {(s,p,0)} (Ghosh et al.,
2025). Following translation, we perform declara-
tive symbolic reasoning using a Datalog-inspired
rule engine. Extracted triples are added to a tem-
porary knowledge base, over which approximately
150 curated rules R are evaluated to detect logi-
cal inconsistencies and missing inferences. These
rules encompass Logical Axioms that encode uni-
versal relational properties (e.g., transitivity), Com-
monsense Constraints designed to detect contra-
dictions such as simultaneous distinct locations,
and Task-Specific Heuristics derived from em-
pirical analysis to capture frequent reasoning fail-
ures, including incomplete inference chains and
circular justifications. The rule engine (Mao et al.,
2019) returns a set of discrete logical violation
events F;. Here E; C £ is the set of triggered
violation types from a predefined event vocabu-
lary £ (e.g., Contradiction, IncompleteChain,
CircularReasoning, EntityMismatch). The
logic score is defined by severity-weighted deduc-
tions:

Siogic =1 — Y _ wy, “

kEE:

where wy, denotes the predefined severity weight
associated with event k.

Risk and Plausibility Scan. A RoBERTa-based
classifier scans the answer draft A; to detect latent
risk signals, ranging from speculative phrasing and
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overconfidence to bias and unsafe content. Fine-
tuned on safety-labeled instruction data, the model
outputs a scalar probability Sy € [0, 1] repre-
senting the estimated hazard level. Crucially, we
utilize this score as a strict safety gate rather than a
shaping reward to prevent the optimization of un-
safe trajectories. The final score is then aggregated
with factual and logical metrics to constitute the
comprehensive Defect Report L;.

3.3 PPO-based Query Optimizer

To improve upon rigid heuristic exploration, LCR-
RAG introduces a PPO-based optimizer that adapts
its strategy based on the neuro-symbolic Defect Re-
port (L¢). The framework utilizes a hierarchical de-
sign where strategic decision-making is separated
from language generation: a lightweight policy net-
work determines the editing operation, which is
subsequently carried out by a frozen Qwen3-1.7B
model via pre-defined prompt templates (see Ap-
pendix J). By isolating the optimization logic from
the generative process, this approach balances effi-
ciency with transparent query refinement.

MDP Formulation. The refinement process is
modeled as a Markov Decision Process (MDP)
(S, A, R, P,v). The State Space (S) consists of
states s;, each defined as a fixed-size vector formed
by concatenating Sentence-BERT embeddings of
the original query ¢qg, current query ¢, current
answer A;, and the vectorized defect report L;.
The Action Space (4) comprises a discrete set
of high-level query editing operations, including
LogicalDecompose to break down complex rea-
soning chains, EntityAugment to inject relevant
entities, RephraseFocus to shift emphasis or re-
solve ambiguity, and NoOp to terminate refinement.
ly, the Reward Function (R) assigns a numerical
reward at each step that reflects the degree of im-
provement in factual and logical quality, penalized
by a small edit cost:

Ry = wy - ASlogic +wy - ASfaet — Ceost,  (5)

where AS measures the score change after apply-
ing an edit.

Training Procedure. The PPO agent employs
a policy network mg(a | s) and a value net-
work V5 (s), both implemented as 3-layer MLPs.
Training proceeds in two distinct phases. First,
we perform Bootstrapped Pretraining, initializ-
ing the policy via supervised learning on expert

trajectories Dexpere constructed using rule-based
mappings from verifier signals to actions (e.g.,
IncompleteChain — LogicalDecompose). The
pretraining objective is standard behavior cloning:

Lec(0) =— > logmg(a; |s;))  (6)

(Siva;)

Second, we conduct Online Fine-tuning via PPO.
The policy is optimized using PPO-Clip with the
following clipped surrogate loss:

Lepp(0) = Ey [min (rt(G)At,

. (N

clip(r¢(6),1 — ¢, 1 + e)At)} ,
where r¢(0) is the importance ratio. The advan-
tage A; is computed using Generalized Advantage
Estimation (GAE):

[e.9]

Ar=3"(0N001, 8t = RetyVis(ser)—Vis(se)

1=0
(®)
Simultaneously, the value network Vy(s) is opti-
mized to minimize the temporal difference (TD)
error:

1

ﬁvalue(¢) = 5 Z (V¢(St) _ R;arget)Z (9)
t

This two-phase approach ensures the policy is sta-
bly and robustly initialized and capable of general-
izing beyond heuristics by leveraging the structured
verifier feedback.

4 Experimental Setup

4.1 Datasets.

We evaluate our method on four widely-used bench-
marks, each designed to test distinct aspects of com-
plex question answering: HotpotQA (Yang et al.,
2018) evaluates multi-hop reasoning through ques-
tions that require integrating information across
multiple documents; ASQA (Stelmakh et al., 2022)
focuses on disambiguation in open-ended question
answering; MuSiQue (Trivedi et al., 2022) targets
compositional multi-hop reasoning in a curated set-
ting; and TriviaQA (Joshi et al., 2017) assesses
open-domain factual QA under noisy retrieval.

4.2 Baselines.

We compare LCR-RAG with a diverse suite of com-
petitive baselines, including: Standard RAG as a
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vanilla pipeline; ReAct (Yao et al., 2023) and IR-
CoT (Trivedi et al., 2023) as agent-based and itera-
tive reasoning frameworks; Self-RAG (Asai et al.,
2024) as an adaptive and self-corrective retrieval-
augmented generation model; SeaKR (Yao et al.,
2024) as a selective retrieval strategy; as well as R3-
RAG (Li et al., 2025) and RAG-RL (Huang et al.,
2025), which incorporate reinforcement learning
for reward-driven generation.

4.3 Evaluation Metrics.

We assess model performance using a comprehen-
sive set of metrics that capture both answer quality
and factual reliability. Specifically, we use the F1
score on HotpotQA, MuSiQue, and TriviaQA to
evaluate lexical overlap with reference answers,
and adopt the ROUGE-L metric for ASQA to bet-
ter reflect performance on ambiguous questions.
Additionally, we report Faithfulness (Faith) and
Answer Relevance (AnsR) as defined by the RA-
GAS framework (Es et al., 2024) to measure the
degree to which generated answers are grounded in
retrieved evidence and semantically aligned with
the input query. This multi-faceted evaluation pro-
vides a robust assessment of both correctness and
factual consistency.

4.4 Implementation Details.

Our LCR-RAG framework employs a frozen
Qwen3-8B (Yang et al., 2025) model as the
core LLM generator. The PPO agent utilizes a
lightweight MLP to learn a query optimization pol-
icy from neuro-symbolic feedback. Query edits are
executed by a separate, frozen Qwen3-1.7B model,
decoupling decision-making from language realiza-
tion. The verifier’s neural components comprise
a fine-tuned DeBERTa-v3-large model for factual
consistency and a T5-large model for structured
logical parsing. All experiments were conducted
on NVIDIA A100 GPUs. For full reproducibility,
a comprehensive list of implementation details and
hyperparameters—including learning rates, PPO
clipping thresholds, and LCR reward weights—is
provided in the Appendix A.

5 Experimental Results

5.1 Main Results

As shown in Table 1, LCR-RAG achieves consis-
tently higher performance scores across all four
QA benchmarks compared to the baselines. Com-
pared to the standard RAG pipeline, it achieves

over 30% relative improvement in F1-type metrics,
along with more than 10% gains in Faithfulness
and Answer Relevance. When evaluated against
stronger baselines such as ReAct and IRCoT, LCR-
RAG delivers 5-10% higher accuracy, with notable
improvements on complex tasks like MuSiQue and
open-domain challenges such as TriviaQA. In com-
parison to reinforcement learning-based models
like R3-RAG and RAG-RL, LCR-RAG further im-
proves Faithfulness by approximately 3% on av-
erage, highlighting its superior factual alignment.
These results demonstrate that LCR-RAG improves
answer accuracy while producing semantically rele-
vant and faithfully grounded responses, with robust
and empirically consistent gains observed across di-
verse QA scenarios and multiple LLM backbones,
as further reported in Table 7.

5.2 Ablation Study

To rigorously validate our design choices, we con-
ducted three distinct ablation studies on the Hot-
potQA dataset.

Ablation on Core Architectural Components
We first carefully analyzed the impact of removing
key modules from our proposed framework. As
shown in Figure 3, removing the PPO Optimizer
entirely (“w/o PPO Optimizer”) results in a sharp
decline in performance, with results regressing to
the level of a standard single-pass RAG system.
This proves that the iterative, learned optimization
loop is the fundamental mechanism responsible for
effectively correcting errors. Similarly, removing
the logic-consistency-driven reward while retain-
ing PPO training (“w/o LCR Reward Signal”) also
results in a substantial degradation, especially in
Faithfulness (a 17-point drop), confirming that our
neuro-symbolic reward signal is the crucial ingre-
dient that enables the agent to learn effectively.

Dissecting the Verifier’s Contribution To un-
derstand which part of our verifier is more critical,
we tested ablated versions under a “Contradictory
Noise” condition. As shown in Figure 4, remov-
ing the Formal Logic check (“w/o Logic Check”)
causes the Faithfulness score to plummet from a
robust 0.88 to a near-failure 0.48. This result indi-
cates that the symbolic reasoning engine is critical
to our framework’s robustness, confirming that for-
mal logic verification is essential for identifying
sophisticated reasoning errors.

17905



HotpotQA ASQA MuSiQue TriviaQA
Model F1 Faith AnsR ROUGE-L Faith AnsR F1 Faith AnsR F1 Faith AnsR
Standard RAG 48.5 86.2 85.1 35.8 84.5 832 462 871 894 60.2 835 84.1
ReAct 564 882 89.5 40.2 90.1 885 50.1 895 938 674 904 90.1
IRCoT 53.8 905 912 36.5 884 862 465 90.8 904 684 91.8 88.6
Self-RAG 51.2 90.1 89.8 44.1 925 914 523 946 948 65.1 912 899
SeaKR 545 924 90.5 42.8 91.2 897 548 931 955 71.8 945 924
R3-RAG 596 918 91.2 43.5 92.1 90.8 582 935 942 734 938 915
RAG-RL 554 912 90.8 41.9 90.8 895 59.1 948 96.1 695 946 92.1
LCR-RAG 63.8 945 934 48.2 946 928 625 968 975 782 971 945

Table 1: Main results comparing LCR-RAG with state-of-the-art baselines using Qwen3-8B as the backbone
generator. Evaluations are conducted across four diverse benchmarks: HotpotQA (multi-hop reasoning), ASQA
(long-form ambiguity), MuSiQue (complex connected reasoning), and TriviaQA (fact retrieval). Metrics include
F1/ROUGE-L for utility and RAGAS Faithfulness/Answer Relevance for hallucination control. All reported scores
are the average of 5 runs.The best-performing model for each metric is highlighted in bold.

90| EE LCR-RAG (Full)
= w/o PPO
80| @ w/oLCR

40 Fl Faith

Figure 3: Ablation study on the core architectural com-
ponents of LCR-RAG.

Validating PPO Agent Generalization Finally,
to prove that the PPO agent provides value beyond
a fixed set of rules, we created a “long-tail” test set
of difficult problems that the rule-based optimizer
consistently fails to solve. As shown in Table 2,
the rule-based system fails on these problems by
definition. The PPO agent, however, solves a sig-
nificant portion of them, achieving an F1 score of
50.3. This provides powerful evidence that the
PPO agent learns to generalize and discover novel
solutions for complex problems that lie beyond the
scope of predefined rules.

Optimizer Model F1 Score Faithfulness
Rule-Based Optimizer 25.8 0.31
PPO Agent (Ours) 50.3 0.85

Table 2: Performance on “long-tail” problems that the
rule-based optimizer fails to solve.

6 Analysis and Discussion

6.1 Hyperparameter Analysis

Effect of Maximum Iteration Budget A/ We an-
alyze the impact of the maximum iteration budget
M € {1,...,10} on both task performance and
inference latency. As shown in Figure 5, increasing
M yields significant performance gains in the early
stages (M < 4), after which the improvement sat-
urates, indicating a diminishing return. Notably,
while the maximum budget increases linearly, the
average inference latency grows sub-linearly. This
efficiency gain is attributed to our adaptive early
stopping mechanism, which terminates the refine-
ment process for easier queries at early steps, pre-
venting unnecessary computation. Consequently,
we select M = 5 as the default setting to achieve
an optimal balance between quality and efficiency.

Reward Weight Sensitivity We study the sen-
sitivity of LCR-RAG to the reward weight ratio
Wiogic © Waet DY analyzing the main task perfor-
mance (Answer F1) together with the two inter-
nal diagnostic signals used in the reward function,
namely the logic consistency score Sj,g; and the
factual grounding score Sy,.¢. As shown in Fig-
ure 7, increasing the logic weight (wiogic > W fact)
improves Sj,gic but leads to a sharp decline in
S fqct, indicating reduced factual grounding, while
emphasizing factuality (wreee > Wiogic) yields
the opposite effect. Importantly, as illustrated in
Figure 6, the task performance (Answer F1) ex-
hibits a clear inverted U-shaped trend, peaking
at balanced settings between 2:1 and 1:2, demon-
strating that jointly optimizing logic and factuality
is crucial for high-quality reasoning.
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6.2 Analysis of Model Scales

To investigate the performance of models with dif-
ferent scales on our method, we conduct compara-
tive experiments using Qwen3 models with 8B and
32B parameters. A more detailed analysis can be
found in Appendix H.

7 Related Work

Advanced Iterative RAG Frameworks. To
move beyond the limitations of standard “retrieve-
and-generate” pipelines, recent research has in-
creasingly focused on dynamic, multi-step frame-
works (Borgeaud et al., 2021; Yu et al., 2023). One
prominent approach involves agent-based reason-
ing, where models like ReAct learn to generate
discrete thought-action traces (t;,a;) to interact
with an environment, such as a search engine, in
a step-by-step manner. Another significant direc-
tion is self-correction, where frameworks like Self-
RAG train the LLM to generate special control to-
kens that trigger an internal critique-and-refinement
process based on retrieved evidence. These meth-
ods significantly improve semantic coherence and
overall task performance, effectively achieving the
L2 reliability level of being coherent and plau-
sible. However, their core feedback mechanism
relies on the LLM’s internal, non-verifiable judg-
ment (Ouyang et al., 2022), which can be unreliable
when the model’s reasoning is flawed. In contrast,
LCR-RAG externalizes this feedback loop, ground-
ing it not in the LLM’s opaque self-reflection, but
in a verifiable, external neuro-symbolic system that
provides explicit logical signals.

Neuro-Symbolic Approaches for LLM Reliabil-
ity. Neuro-Symbolic (NeSy) (Serafini and d’ Avila
Garcez, 2016; Manhaeve et al., 2018) methods aim
to combine the pattern-recognition strengths of neu-
ral networks with the formal rigor of symbolic sys-
tems. In the context of LLLMs, this often involves
two distinct stages. First, a neural component is
used to interface with natural language; for exam-
ple, a T5 model can be fine-tuned as a learned se-
mantic parser fparser to convert a natural language
claim c into a structured logical representation like
an RDF triple, such that fpaer : ¢ = {(s,p,0)}.
Second, a symbolic engine (e.g., a Datalog rea-
soner) applies a predefined formal rule base R
to this structured data to perform deductions or
check for inconsistencies. This approach provides
a high-fidelity method for explicitly verifying logi-
cal properties (Glanois et al., 2022; Liu et al., 2025).

LCR-RAG uniquely synthesizes these NeSy princi-
ples into its verifier module; it uses an NLI model
for factual grounding and a T5-Datalog pipeline
for logical validation, then innovatively translates
the structured output of this entire verifier into a
quantitative reward signal to guide and shape the
behavior of our reinforcement learning agent.
Reinforcement Learning in RAG. Several recent
studies now enhance Retrieval-Augmented Genera-
tion (RAG) through reinforcement and curriculum
learning. RAG-RL applies reinforcement learn-
ing for query optimization, aligning with our use
of PPO, though it lacks verifiable feedback from
logical consistency checks. CL-RAG introduces
curriculum learning to train query policies pro-
gressively; our framework instead leverages direct,
logic-aware reward signals for adaptive policy up-
dates. LevelRAG focuses on logical decomposition
in multi-hop QA, which conceptually overlaps with
our logical actions but omits policy learning from
structured feedback. Finally, ReaRAG improves
factuality via iterative retrieval and heuristic rewrit-
ing, whereas our PPO agent dynamically adjusts
queries using a neuro-symbolic verifier. In contrast
to these methods, LCR-RAG uniquely transforms
formal logic violations into direct reward signals,
enabling verifiable and self-correcting learning be-
yond these static or heuristic-driven designs.

8 Conclusion

In this work, we propose LCR-RAG, a novel frame-
work designed to address the critical challenges of
logical consistency and inefficient iteration in com-
plex reasoning tasks for Retrieval-Augmented Gen-
eration (RAG) systems. By integrating an external
neuro-symbolic verifier with reinforcement learn-
ing, LCR-RAG introduces a Logic-Consistency
Reward (LCR) mechanism, which translates logi-
cal and factual errors into structured feedback, en-
abling precise query refinement. Through a com-
bination of rule-based directed optimization and a
PPO-driven exploratory optimizer, our approach
iteratively improves reasoning quality, ensuring
that logical soundness becomes a direct optimiza-
tion target. Our experimental results on bench-
marks such as HotpotQA and ASQA demonstrate
that LCR-RAG significantly outperforms state-of-
the-art baselines, including RAG-RL and SeaKR,
across multiple evaluation metrics. Furthermore,
our ablation studies highlight the importance of
each component in achieving robust and accurate
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reasoning. LCR-RAG thus represents a promising
approach toward developing more reliable, inter-
pretable, and efficient Al systems capable of tack-
ling intricate multi-step reasoning problems.

Limitations

Despite our efforts to thoroughly evaluate LCR-
RAG, several limitations remain. First, while
the neuro-symbolic verifier provides explicit logic-
aware feedback, the current symbolic rule set is
manually designed and fixed, which may limit
adaptability to new domains. Extending the frame-
work with automatically induced or adaptive rules
is a promising direction for future work. Second,
although LCR-RAG improves logical consistency
through iterative query optimization, it does not yet
perform deeper reasoning verification and correc-
tion beyond the current optimization loop, which
we leave for future exploration.
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A Implementation Details and
Hyperparameters

System Overview and Infrastructure. Our im-
plementation is built upon the Hugging Face
transformers and trl libraries. All experiments
are conducted on NVIDIA A100-80G GPUs. For
the retrieval component, we employ a recursive
character splitting strategy (chunk size=200, over-
lap=20) and index the corpus using a FAISS vec-
tor store. During inference, we retrieve the top-k
(k = 5) documents based on cosine similarity.

Model Architectures. The core components of
LCR-RAG are instantiated as follows:

¢ Generator: We use a frozen Qwen3-8B as the
backbone for generation.

e Policy Network: The PPO value head
is a 3-layer MLP with hidden dimensions
[256, 128, 64] and ReLU activations.

* Dynamic  Router: A (distilled
BERT-base-uncased model serves as
the router, taking 12 linguistic features
concatenated with the query embedding.

* Neuro-Symbolic Verifier (NSV): We utilize
DeBERTa-v3-large for Natural Language In-
ference (NLI) to verify claim entailment. The
semantic parser is a T5-large model fine-
tuned to translate natural language claims into

RDF triples.
Component Parameter Value
PPO Optimizer Discount Factor () 0.99
Learning Rate (o) 1x1074
Batch Size 128
PPO Clip Epsilon (€) 0.2
GAE Lambda (\) 0.95
Reward Function Logic Weight (w;) 0.4
Factual Weight (wy) 0.6
Step Cost (Ceost) 0.01
Dynamic Router  Architecture Distilled BERT
Learning Rate 2x107°
Confidence Threshold (7) 0.5
NSV Modules NLI Threshold (Tentail) 0.9
Parser Model T5-large
Fine-tuning Epochs 3

Table 3: Detailed hyperparameters for the LCR-RAG
framework, including PPO optimization settings, reward
coefficients, and threshold configurations for the auxil-
iary modules.

Feature Extraction for Routing. To efficiently
route queries to the appropriate processing lane
(FAST, STANDARD, or DEEP) without heavy
computation, we extract a feature vector ®(q) €
R!2. As detailed in Table 4, these features are
categorized into three groups: Core Complexity
(indicating reasoning depth), Structural & Syn-
tactic (quantifying linguistic intricacy via depen-
dency parsing), and Semantic Intent (classifying
specific reasoning types like temporal or compara-
tive logic).

Training and Hyperparameters. The Dynamic
Router is trained using standard cross-entropy loss.
The NSV components (T5 parser) are fine-tuned for
3 epochs on a mixture of WebNLG and synthetic
data. The PPO agent is trained using the AdamW
optimizer. We report the detailed hyperparame-
ters used for the PPO optimizer, reward function
configuration, and auxiliary models in Table 3.

B The Datalog Rule Base

Our Datalog knowledge base consists of approx-
imately 150 manually curated rules designed to
capture high-impact inconsistency patterns.

Rule Categories.
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Category Feature Name Definition & Intuition
Entity Density (2den) Ratio of Named Entities to total tokens. High density implies multi-entity
gore exit constraints that may require complex verify-steps.
omplexi
P Y Logical Keywords Normalized frequency of connectives (e.g., “if”, “unless”, “therefore”); signals
conditional logic chains.
Term Sparsity (2spa) Average IDF of query terms. High values indicate niche topics necessitating
multi-hop retrieval.
Syntactic Tree Depth Maximum depth of the dependency parse tree; a strong proxy for nested query
structure.
Structural Clause Count Number of subordinate clauses (e.g., SBAR tags), indicating embedded

& Syntactic

Query Length
Verb Count
Modifier Count

sub-questions.
Total token count; serves as a baseline metric for estimating processing cost.
Count of unique verbs; correlates with the number of required action steps.

Count of adjectives/adverbs that impose strict constraints on the answer.

Semantic

Comparative Ind.
Temporal Ind.

Binary presence of comparison terms (e.g., “better”, “versus”, “difference”).
Count of time-related terms (e.g., “year”, “during”); signals temporal reasoning

Intent requirements.

Reasoning “Wh-”

Numerical Presence

Binary indicator for reasoning-heavy interrogatives (“Why”, “How”) versus
fact-seeking ones.

Count of digits or number words; suggests a need for precise numerical verification.

Table 4: The 12-dimensional linguistic feature set used by the Dynamic Router. By leveraging the broader page
width, we detail the intuition behind each feature used to classify query complexity.

* Foundational Axioms (30 rules): logical
properties including transitivity (A — B A
B —-C = A — (), symmetry, and
reflexivity.

¢ Commonsense Constraints (50 rules): de-
tection of physical impossibilities or mutually
exclusive attributes (e.g., an entity cannot be
born in two different countries).

* Task-Specific Heuristics (70 rules): patterns
specific to QA, such as circular reasoning
chains or ungrounded speculative jumps.

Penalties. Table 5 shows the penalties applied
when rules are violated.

Logical Event Penalty Weight
Contradiction 0.5
IncompleteChain 0.3
CircularReasoning 0.2
EntityMismatch 0.2

Table 5: Penalty weights for detected logical defects.

C Router Performance

Table 6 confirms the efficiency of our Dynamic
Intelligent Router. By effectively filtering simple
queries, the computationally expensive DEEP path

is triggered for less than 45% of queries on average.
The low Expected Calibration Error (ECE < 0.07)
indicates reliable confidence estimation.

Metric HotpotQA' ASQA CoQA
DEEP Ratio (%) 31.0 42.0 28.0
Accuracy (%) 94.2 91.5 95.1
ECE 0.045 0.061 0.039

Table 6: Dynamic Router performance statistics.

D Verifier Ablation

We further dissect the contribution of the Verifier’s
components. Figure 4 illustrates that under "Con-
tradiction Noise" conditions, removing the Formal
Logic check (“w/o Logic Check™) causes the Faith-
fulness score to plummet from 0.88 to 0.58. This
indicates that while the NLI model handles basic
fact-checking, the symbolic reasoning engine is
critical for identifying sophisticated logical incon-
sistencies.

E Effect of Maximum Iteration Budget M/

We analyze the impact of the maximum iteration
budget M € {1,...,10}. As shown in Figure 5, in-
creasing M yields significant performance gains in
early stages (M < 4). However, the improvement
saturates beyond M = 5, while inference latency
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Figure 4: Ablation study dissecting the contribution of
the Verifier’s components. The symbolic logic check is
crucial for robustness against contradictory noise.

continues to grow. We therefore select M = 5 as
the default setting to achieve an optimal balance
between quality and efficiency.
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Figure 5: Impact of the maximum iteration budget M
on task performance (F1) and inference latency.

F Reward Weight Sensitivity

We investigate the sensitivity of the optimization
to the reward weight ratio wygic : Wyact- Figure 7
reveals a clear trade-off mechanism. A dominant
factual weight (w; > w;) degrades logical coher-
ence, while excessive logic weight leads to halluci-
nation. The task performance (Answer F1) exhibits
an inverted U-shaped trend, peaking at balanced
configurations.

G Cross-Model Generalization Analysis

To evaluate the robustness and model-agnostic na-
ture of LCR-RAG, we conduct cross-model gen-
eralization experiments using five representative
LLM backbones: Qwen3-8B (Yang et al., 2025),
Llama-3.3-8B (Al@Meta, 2024), DeepSeek-R1-
8B (DeepSeek-Al, 2025), GLM-4-9B (GLM et al.,
2024) and Ministral-3-8B (AL, 2025).

We compare LCR-RAG against a diverse
set of strong RAG baselines, including agent-

Answer F1
Robust Range

Answer F1 (%)

60 4:1 3:1 2:1 1:1 1:2 1:3 1:4

Wiogic + Wtact

Figure 6: Effect of the reward weight ratio wiogic :
W qct ON Answer F1.
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Figure 7: Trade-off between Sjogic and Sfqc: under
different reward weight ratios.

based reasoning methods (ReAct, IRCoT), self-
reflective and adaptive retrieval models (Self-RAG,
SeaKR), as well as reinforcement-learning-based
approaches (R3-RAG and RAG-RL).

Table 7 reports the results across three challeng-
ing multi-hop QA benchmarks. We observe that
LCR-RAG consistently achieves the best perfor-
mance across all datasets and model backbones.
Notably, the relative improvements remain substan-
tial even for smaller models such as Ministral-3-8B
and reasoning-specialized models like DeepSeek-
R1-8B. These results indicate that the proposed
neuro-symbolic logic-consistency reward is largely
model-agnostic and can reliably enhance logical
soundness and factual alignment across heteroge-
neous LLM architectures.

H Parameter Scaling Analysis

We investigate the performance of models with dif-
ferent parameter scales using Qwen3 (8B vs. 32B).
As shown in Table 8, increasing model size brings
consistent improvements across all metrics. Im-
portantly, the relative improvement (A Improve)
remains significant even for the larger model, sug-
gesting that our method does not suffer from dimin-
ishing returns and scales effectively with model
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capacity.
I Qualitative Case Studies

In this section, we provide a detailed qualitative
analysis to illustrate how LCR-RAG handles com-
plex multi-hop queries that typically confound stan-
dard RAG baselines.

Table 9 presents a comparison between Self-
RAG and LCR-RAG on a query requiring com-
positional reasoning about film directors and actors.
As shown, the baseline Self-RAG retrieves rele-
vant entities (Barry Levinson, Top Gun) but fails
to construct a logically valid chain, hallucinating a
connection between the director and the actor. The
internal self-reflection mechanism fails to detect
this factual inconsistency.

In contrast, LCR-RAG demonstrates a success-
ful correction loop:

1. Detection: The Neuro-Symbolic Verifier
(NSV) identifies a specific Contradiction in
the initial draft (Ag) by verifying the director-
film relations against retrieved evidence.

2. Strategy: The PPO Agent receives this
negative logic reward and selects the
RephraseFocus action to clarify the director-
actor intersection.

3. Correction: The rewritten query (q;) leads to
precise retrieval, resulting in a factually and
logically sound final answer (A1).

J Prompt Templates

The prompt templates are presented in Tables 10
and 11.
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LLM | Methods | HotpotQA MuSiQue TriviaQA
‘ ‘ F1  Faith AnsR F1 Faith AnsR FI Faith AnsR

ReAct 564 882 895 50.1 895 938 625 904 90.1
IRCoT 538 905 912 465 908 904 684 918 88.6
Self-RAG | 51.2 90.1 89.8 523 946 948 651 912 899
Qwen3-8B SeaKR 545 924 905 548 931 955 71.8 945 924
R3-RAG | 596 918 912 582 935 942 734 938 915
RAG-RL | 554 912 908 59.1 948 96.1 695 946 921
LCR-RAG | 63.8 945 934 625 968 975 782 97.1 945

ReAct 532 865 854 485 872 928 584 885 872
IRCoT 504 892 876 442 891 899 642 90.1 86.5
Self-RAG | 48.6 888 872 498 935 945 605 89.8 884
Llama-3.3-8B SeaKR 515 905 881 51.6 924 951 67.8 934 902
R3-RAG | 562 904 895 554 928 954 69.1 938 90.8
RAG-RL | 528 90.1 889 568 943 959 645 942 90.1
LCR-RAG | 595 928 90.6 602 958 965 734 96.8 923

ReAct 581 89.1 875 524 898 936 605 902 889
IRCoT 554 918 894 486 912 915 692 924 878
Self-RAG | 548 915 902 551 952 956 668 925 905
DeepSeek-R1-8B SeaKR 572 931 908 575 941 962 725 951 921
R3-RAG | 615 934 91.6 602 948 965 748 955 928
RAG-RL | 586 928 91.1 614 959 971 702 958 924
LCR-RAG | 654 952 938 648 971 976 791 975 948

ReAct 548 872 868 494 881 932 598 892 885
IRCoT 515 90.1 885 451 898 902 656 908 874
Self-RAG | 49.8 894 88.1 506 941 949 624 905 89.1
GLM-4-9B SeaKR 529 912 894 528 929 953 69.1 941 915
R3-RAG | 576 915 902 565 932 957 712 944 918
RAG-RL | 542 90.8 89.6 579 946 962 668 948 912
LCR-RAG | 61.2 934 915 614 962 969 756 97.0 932

ReAct 505 848 825 472 865 918 542 869 856
IRCoT 47.1 882 858 425 886 89.1 60.8 892 845
Self-RAG | 448 879 862 47.1 932 938 575 888 872
Ministral-3-8B SeaKR 462 90.1 875 495 914 945 634 925 895
R3-RAG | 525 905 884 528 925 952 651 928 90.1
RAG-RL | 489 89.8 876 534 941 955 612 939 89.6
LCR-RAG | 574 918 895 59.1 948 96.1 705 95.6 90.8

Table 7: Cross-model generalization results across five LLM backbones. LCR-RAG consistently outperforms
agent-based, self-reflective, and reinforcement-learning-based RAG baselines. Best results within each LLM block
are underlined, and best overall results are highlighted in bold.
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HotpotQA MuSiQue TriviaQA
F1 Faith  AnsR F1 Faith AnsR F1 Faith  AnsR

LCR-RAG (8B) 63.8 94.5 93.4 62.5 96.8 97.5 78.2 97.1 94.5
LCR-RAG (32B) 66.5 95.6 94.2 65.1 97.5 98.1 81.4 97.8 95.3
A Improve +4.23% +1.16% +0.86% +4.16% +0.72% +0.62% +4.09% +0.72% +0.85%

Model

Table 8: Performance scaling analysis of LCR-RAG with different parameter scales. The 8B model corresponds to
the main results reported in Table 1. Larger models consistently yield better reasoning and retrieval utilization.

Query: Which film directed by a filmmaker who also directed a movie starring Tom Cruise, won the Best Picture Oscar?

Model Step Trace / Output

Self-RAG Generation The film Rain Man, directed by Barry Levinson, won the Best Picture Oscar. Barry
Levinson also directed Top Gun, which starred Tom Cruise.
Critique [Failed] This answer is marked as fully supported, despite the factual error (Levin-
son did not direct Top Gun).

Draft (Ao) The movie is The Departed. It was directed by Martin Scorsese, who also directed
Minority Report starring Tom Cruise.
Verifier (NSV) [Defect Report]

e Event: Contradiction

LCR-RAG e Reason: Knowledge Base states Minority Report directed by Steven Spielberg,
not Scorsese.

o Scores: Siogic = 0.5, Sfact = 0.5

PPO Agent — Action: RephraseFocus (Target: Director intersection)

New Query (q1) “Which director of a Best Picture winning film also directed a film with Tom
Cruise?"

Answer (A1) The film that won the Best Picture Oscar is Rain Man, directed by Barry Levinson.

Levinson also directed Rain Man, which starred Tom Cruise. [Verified]

Table 9: Step-by-step execution trace on a complex HotpotQA query. While Self-RAG hallucinates a relationship to
force an answer, LCR-RAG’s neuro-symbolic verifier explicitly catches the director mismatch in the first draft. This
triggers the PPO agent to refine the query, leading to a logically consistent final answer.
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System Prompt: High-level Action Selection

You are an expert query optimizer. Your goal is to refine the
user’s query to resolve logical inconsistencies or factual gaps
identified in the current answer draft.

Original Query: {original_query}
Current Answer Draft: {current_answer_draft}

Verifier Feedback:

- Factual Score: { factual_score}

- Logical Score: {logical_score}

- Detected Logic Events: {logic_events_summary}

Based on the feedback, choose the best high-level optimization
action:

1. LogicalDecompose (Break down complex reasoning)

2. EntityAugment (Inject missing entities)

3. RephraseFocus (Adjust query focus)

4. NoOp (Current answer is sufficient)

Action:

Table 10: The prompt template used by the PPO agent

to select the optimization strategy based on verifier feed-
back.

Execution Prompt: Entity Augment

The following answer contains logical gaps due to missing
entities identified by the external knowledge base.

Context: {retrieved_docs}
Original Answer: {current_answer_draft}
Missing Entities: {missing_entities_from_verifier}

Instruction:

Rewrite the Original Answer to include the Missing Entities
coherently. Ensure that the logical flow is preserved and that
the new entities are grounded in the Context.

Refined Answer:

Table 11: An example execution prompt for the
EntityAugment action. Similar templates are used for
LogicalDecompose and RephraseFocus.
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