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Abstract

Retrieval-Augmented Generation (RAG) has
emerged as a widely adopted paradigm for
grounding Large Language Models (LLMs) in
external knowledge. Recent agentic RAG sys-
tems introduce multi-turn reasoning, but they
often lack the capacity to evaluate the utility
of retrieved information, leading to brittle rea-
soning and suboptimal decision-making. We
propose Reflective RAG, an agentic framework
that incorporates self-evaluation to dynamically
optimize retrieval and generation strategy. At
its core, Reflective RAG employs a reflection
tagging mechanism that allows the model to cri-
tique the relevance of retrieved content, thereby
explicitly guiding its subsequent policy. To en-
sure robust learning, we introduce a two-stage
training procedure that partially decouples eval-
uation semantics from strategy optimization.
First, during supervised fine-tuning (SFT), the
model learns to generate accurate reflection sig-
nals by self-correcting labels based on internal
uncertainty. Second, a reinforcement learning
(RL) stage optimizes the agent’s strategy us-
ing these reflections, stabilized by dynamic
KL regularization. Evaluations across five
knowledge-intensive QA benchmarks demon-
strate that Reflective RAG consistently outper-
forms strong agentic baselines. Further analy-
sis demonstrates its improved training stability
and stronger generalization to complex multi-
hop reasoning tasks.

1 Introduction

Large language models (LLMs) have demonstrated
exceptional proficiency in language understand-
ing and generation across various natural language
processing tasks (Zhao et al., 2023; Naveed et al.,
2025). However, their reliance on static parametric
knowledge limits their performance in knowledge-
intensive domains, leading to information gaps or
hallucinations when dealing with rare facts (Kand-
pal et al., 2023; Yu et al., 2023; Zhang et al., 2023).
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Figure 1: Comparison of retrieval and reflection strate-
gies in RAG systems.

Retrieval-augmented generation (RAG) addresses
these limitations by integrating external informa-
tion with parametric knowledge, enhancing fac-
tual grounding and enabling more comprehensive,
timely, and reliable outputs (Lewis et al., 2020;
Peng et al., 2023; Fan et al., 2024).

However, vanilla RAG methods typically rely
on a static “retrieve-then-generate” paradigm, per-
forming retrieval based solely on the initial in-
put. This lack of adaptive retrieval during genera-
tion severely limits their effectiveness in complex,
multi-hop reasoning scenarios. Without the flexi-
bility to dynamically determine when and what to
retrieve, these methods struggle with information
integration in multi-hop tasks. Recent studies have
introduced interactive strategies within the reason-
ing process, including query decomposition (Press
et al., 2023; Xu et al., 2024), self-correction mech-
anisms (Asai et al., 2024; Yan et al., 2024), and
active retrieval (Jiang et al., 2023; Li et al., 2025).
Furthermore, with the rise of reinforcement learn-
ing in LLM training (Zhang et al., 2025b), agen-
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tic RAG has demonstrated improved reasoning by
utilizing rule-based rewards derived from final out-
puts (Song et al., 2025; Jin et al., 2025). Although
existing methods introduce reflection signals or rely
on outcome-based optimization, they typically do
not explicitly model evaluation as a structured and
trainable component that directly constrains policy
optimization during multi-turn reasoning, as illus-
trated in Figure 1. Therefore, assessment is often
delegated to external expert models or decoupled
from policy learning, limiting the model’s ability to
identify redundant or misleading information and
adapt its strategies in multi-turn reasoning. This
disconnect can lead to premature commitment to
final answers under high uncertainty, undermining
the reliability of multi-turn retrieval reasoning.

To address these limitations, we present Reflec-
tive RAG, a general framework designed to assess
retrieved content utility through reflection tagging
and refine multi-turn retrieval and generation via
explicit evaluation-guided strategy constraints. Re-
flective RAG is fully self-contained, alleviating
dependence on external expert models. We intro-
duce a bifurcated training process to ensure ro-
bust policy learning: (1) the supervised fine-tuning
(SFT) stage, with the model self-correcting eval-
uation labels via internal likelihood signals and
learning basic post-evaluation strategies; and (2)
the reinforcement learning (RL) stage, applying
evaluation-guided strategy constraints to regulate
rollout trajectories and dynamic KL regularization
to stabilize both evaluation semantics and policy
updates. This decoupling ensures that the model
develops interpretable assessment signals that offer
direct guidance for reasoning. The contributions
are summarized as follows:

* We propose Reflective RAG, an agentic RAG
framework that incorporates explicit self-
evaluation into multi-turn retrieval reasoning,
and constructs high-quality training trajecto-
ries via self-corrected evaluation signals with-
out external supervision (Section 3.2).

* We introduce an evaluation-aware optimiza-
tion strategy that combines evaluation-guided
strategy constraints with decaying KL regu-
larization on evaluation labels (Section 3.3),
enabling stable semantics and effective policy
optimization in multi-turn reasoning.

» Extensive experiments (Table 1) on five
knowledge-intensive QA benchmarks show

that Reflective RAG consistently outperforms
strong baselines, and ablations as well as quan-
titative analyses further confirm its advantages
in training stability and generalization.

2 Related Work

2.1 Retrieval-Augmented Generation

Retrieval-augmented generation enhances LLMs
by incorporating external knowledge to improve
factual grounding, completeness, and reliabil-
ity (Lewis et al., 2020; Arslan et al., 2024). Prior
work in RAG has primarily pursued two comple-
mentary directions: enhancing the effectiveness of
retrievers and improving the capacity of LLMs to
utilize retrieved knowledge effectively. Retriever-
oriented approaches aim to improve retrieval rele-
vance and alignment with LLM preferences (Glass
et al., 2022; Shi et al., 2024; Jiang et al., 2025b),
while LLM-centric methods explore task-adaptive
fine-tuning (Zhang et al., 2024; Wei et al., 2024),
self-reflection (Asai et al., 2024), and preference
modeling to handle noisy or misleading informa-
tion (Xu et al., 2025; Li et al., 2024). These meth-
ods enhance RAG by aligning retrieval with genera-
tion and filtering irrelevant content. However, most
do not systematically model retrieval interactions in
multi-hop reasoning and rely on expert-labeled or
manually annotated trajectories. In contrast, Reflec-
tive RAG enables the model to self-correct evalua-
tion labels and enforce strategy constraints, thereby
adaptively optimizing reasoning strategies without
external expert supervision.

2.2 Agentic RAG with Reinforcement
Learning

Recently, with advances in agentic RAG (Singh
et al., 2025), approaches have increasingly inte-
grated retrieval with multi-hop reasoning, trans-
forming retrieval from a static process into a dy-
namic one that can adaptively decide when and
what to retrieve during reasoning. For example,
ReAct (Yao et al., 2022) introduces a collabora-
tive paradigm. SearChain (Xu et al., 2024) con-
ducts multi-round retrieval by progressively decom-
posing questions, and Search-ol (Li et al., 2025)
incorporates retrieval and information integration
directly into the reasoning process. To further
enhance models’ ability to interact with retrieval
tools, inspired by DeepSeek-R1 (Guo et al., 2025),
an increasing number of agentic RAG methods
adopt reinforcement learning for training (Liang
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et al., 2025; Zhang et al., 2025a). For instance,
ReSearch (Chen et al., 2025), R1-Searcher (Song
et al., 2025) and Search-R1 (Jin et al., 2025) rely
solely on trajectory format and final answer correct-
ness as reward signals. CARE (Wang et al., 2025)
combines retrieval-aware rewards with curriculum
learning. MT-PPO (Wei et al., 2025) extends
trajectory-level rewards to turn-level optimization
objectives. StepSearch (Zheng et al., 2025) pro-
poses a token-level stepwise reward mechanism
based on information gain and redundancy penal-
ties. However, these methods generally lack ex-
plicit and trainable evaluation mechanisms of inter-
mediate retrieval results and corresponding strategy
constraints. In contrast, Reflective RAG explicitly
models self-evaluation across multi-turn retrieval
interactions and incorporates these evaluations as
strategy constraints during rollout sampling, en-
abling stable optimization of evaluation-aware poli-
cies for multi-turn retrieval reasoning.

3 Methodology

This section introduces our agentic framework, Re-
flective RAG, as depicted in Figure 2. We first
formalize the task in Section 3.1. Section 3.2 then
describes self-correcting evaluation and strategy
learning through supervised fine-tuning (SFT), fol-
lowed by Section 3.3, which presents reinforce-
ment learning (RL) with evaluation-guided strategy
constraints and dynamic KL regularization over
evaluation labels for stable training.

3.1 Task Definition

We consider multi-turn retrieval reasoning as an
LLM agent interacting with a retrieval environment
R and an external knowledge base D. At turn ¢, the
agent maintains a trajectory of previous actions and
observations 7, = (ay, 01, ..., at, 0;) and samples
the next action according to a policy:

at ~ 7T@(Clt ’ Tt—l)' (D

At each time step, the action a; constitutes either
a retrieval action or the final answer generation.
If a; is a retrieval action, the agent interacts with
the knowledge base D via the retriever R, yielding
an observation o; = R(q, D), where the query ¢
is derived from a;. The interaction trajectory is
subsequently updated as 7+ = (7¢—1,a¢, o). The
process terminates at turn 7", where the final action
ar produces the answer A.

Algorithm 1 Evaluation-aware Trajectory Con-
struction for SFT

Require: Training questions Q, base LLM , retriever R,
percentile A
Ensure: SFT trajectory dataset Dsgr
1: Initialize buffer D < ()
2: foreach Q € Q do
3: Using m and R, sample trajectory 70 =
{(a1,01),..., (ar—1,01-1),ar}
4 if 77 is well-formatted and answers correctly then
5 Add 7 to D
6: end if
7: end for
8
9

: Initialize Dspr + 0
: for each trajectory 7r € D do

10: for each retrieval step t in 7 do
11: Compute APPL, using 7, and 7,
12: end for
13: Assign evaluation labels via A-percentile threshold
over {APPL;}
14: while ~ANSWER(7r) and | 77| < Tmax do
15: e+ < CORRECTEVAL(e; | 7¢)
16: if e; # e} then
17: TZtNTr('|Tt,6t)
18: end if
19: end while
20: if 77 is well-formatted and answers correctly then
21: Dsrr %DSFTU{TAT}
22: end if
23: end for
return Dspr

3.2 Supervised Fine-Tuning Phase

The supervised fine-tuning (SFT) stage equips the
model with the ability to generate structured rea-
soning formats and to perform self-evaluation over
multi-turn retrieval outcomes, while learning ba-
sic reasoning and retrieval strategies. As shown
in Algorithm 1, this stage consists of three steps:
trajectory sampling and filtering, self-correction of
evaluation labels, and evaluation-aware trajectory
reconstruction.

Trajectory Sampling and Filtering. We use the
base model to sample complete multi-turn retrieval
reasoning trajectories from the training data, form-
ing an initial trajectory set. Each trajectory follows
a unified structured format, where each step in-
cludes <think>, <search>, <information>, and
<evaluation>, representing the current reason-
ing state, generated sub-query, retrieved external
knowledge, and an assessment of its usefulness,
respectively. When sufficient information is ob-
tained, the model directly outputs <answer> after
<think>.

Only trajectories with complete structured for-
mats and correct final answers are retained for sub-
sequent evaluation label correction and strategy
learning. This filtering process reduces noise from
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Figure 2: Overview of the Reflective RAG framework. Stage 1: Supervised Fine-Tuning (SFT) performs evaluation-
aware trajectory construction via self-corrected labels. Stage 2: Reinforcement Learning (RL) optimizes the retrieval
and generation policy with evaluation-guided strategy constraints and decayed KL regularization over evaluation

tokens.

erroneous reasoning or formatting noise, produc-
ing high-quality, structurally consistent data for the
following training phases.

Self-Correction of Evaluation Labels. To en-
sure consistency between evaluation labels and the
model’s internal uncertainty signals at both seman-
tic and decision-making levels, we perform self-
correction of the generated labels based on changes
in perplexity (PPL). Specifically, for the retrieved
information o, at step ¢, we compute the model’s
perplexity in generating the gold answer A:

|A]
_\A] Zlogp a; | Tt ,

2
where 7; denotes the complete interaction trajec-
tory including the retrieved information at step ¢.
The contribution of retrieval o; is measured by the
change in perplexity when it is removed:

PPL(A | 7¢) = exp

APPL,; = log PPL(A | 7,”") — log PPL(A | 7;),
3)

\ot

where 7,"" is the trajectory with the ¢-th retrieval
information o; removed. APPL; is computed by
measuring the marginal contribution of o; to the
prediction of the final answer, conditioned on the
preceding trajectory. A positive APPL; indicates
that the retrieval reduces perplexity and benefits
reasoning, whereas a negative value indicates po-
tential interference (Jiang et al., 2025b).

After computing APPL; for all retrieval steps,
we correct the evaluation labels based on their quan-
tile distribution, which is applied only during SFT
trajectory construction and is not used in actual rea-
soning at inference time. The detailed percentile-
based criteria are provided in Appendix A.

Evaluation-aware Trajectory Reconstruction.
After self-correcting the evaluation labels, we per-
form constrained resampling of subsequent rea-
soning steps to construct high-quality trajecto-
ries that align evaluation with model strategy.
Specifically, for each retrieval step, the model
adapts its strategy based on the corrected la-
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bel: Useful—fully leverage the retrieved informa-
tion; Redundant—attenuate reliance on it; Con-
fusing—ignore it and trigger new reasoning or re-
trieval. The exact prompt templates used to imple-
ment these strategies are provided in Appendix D.2.

Leveraging corrected evaluation labels, we iter-
atively resample retrieval and reasoning steps to
generate trajectories that align with these labels.
This refined dataset is then employed for Super-
vised Fine-Tuning (SFT), effectively bridging the
gap between evaluation metrics and the original
generation strategy.

3.3 Reinforcement Learning Phase

After acquiring initial self-evaluation capabilities
and a basic evaluation-guided strategy through SFT,
we further optimize the model using reinforcement
learning to enhance stability and policy consistency
in multi-turn retrieval reasoning. We adopt Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024), which maximizes trajectory-level rewards
while constraining semantic drift in evaluation la-
bels and stabilizing the model’s post-evaluation pol-
icy during rollout through evaluation-guided strat-
egy constraints. The detailed GRPO objective and
optimization procedure with our modifications are
provided in Appendix B.

Evaluation-Guided Strategy Constraints. Dur-
ing rollout, we apply selective, evaluation-guided
strategy constraints. Specifically, if a retrieval is
labeled “Confusing” but the model attempts to di-
rectly generate the final answer, we enforce at least
one additional retrieval or reasoning step to prevent
premature termination under potentially mislead-
ing information. This constraint is also applied
at inference to ensure more reliable reasoning. In
contrast, for “Useful” and ‘“Redundant” labels, no
hard constraints are imposed, allowing the model
to continue retrieval or generate an answer freely.
This design minimizes intervention while preserv-
ing exploration flexibility.

Evaluation-aware KL Regularization. During
GRPO, the model policy is continuously updated.
Without proper constraints, the generation distribu-
tion of evaluation labels will drift from the seman-
tics learned during SFT. To address this issue, we
introduce a group-weighted KL regularization:

Dy = a(t) DRY! + 8 DL, )

al al al th
where DR = Dy (r§ || m§) and DY =

Dy, (g™ || wger) constrain the deviation of the

current policy 7y from the reference policy g,
A larger weight «(t) is applied to tokens within
the <evaluation> segment to preserve semantic
stability, while a smaller weight S is assigned to
all other tokens to maintain the overall language
distribution.

The KL weight for evaluation tokens follows a
linear decay schedule:

o) =5+ (0-5(1- 7). ©

where o denotes the initial weight and T4y, 1s the
total number of training steps. This design enforces
stronger constraints in the early stage of RL to
prevent evaluation drift, and gradually relaxes them
in the later stage, allowing the model to adaptively
refine its assessment of retrieval usefulness while
maintaining sufficient policy flexibility.

Reward Design. Unlike most RL-based agen-
tic RAG methods that rely on complex or exter-
nally engineered rewards, we adopt a sparse yet
stable trajectory-level reward that focuses solely on
whether the model produces a complete reasoning
trajectory with a correct final answer and a valid
output format:

Rtotal = )\accRacc + )\fmtRfmh (6)

where R,.c measures answer correctness and Ry,
evaluates compliance with the required trajectory
format. This design deliberately avoids rewarding
evaluation labels directly, preventing the model
from exploiting or manipulating them to achieve
higher rewards (i.e., reward hacking), which could
otherwise induce semantic drift in the evaluation
signals.

4 Experiments

4.1 Datasets and Settings

Datasets. To further validate the performance
of Reflective RAG, we evaluate it on five
question answering (QA) datasets, including
two open-domain benchmarks: Natural Ques-
tions (NQ) (Kwiatkowski et al., 2019) and We-
bQuestions (Berant et al., 2013), as well as
three multi-hop benchmarks: 2WikiMultiHopQA
(2WikiMHQ) (Ho et al., 2020), HotpotQA (Yang
et al., 2018) and MuSiQue (Trivedi et al., 2022).
Following Search-R1 (Jin et al., 2025), we adopt
strict Exact Match (EM) as the primary evalua-
tion metric and additionally report the F1 score to
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Method NQ WebQ 2WikiMHQ HotpotQA Musique
EM F1 EM F1 EM F1 EM F1 EM F1
Models (3B Parameters)
LLM w/o RAG 10.69 18.31 1299 28.68 23.08 2643 1531 21.63 194 6.83
CoT 1490 2251 14.81 29.78 20.11 2421 16.61 2333 443 11.11
Vanilla RAG 2590 3521 15.65 30.25 2220 2652 20.69 2797 348 793
Search-ol 2427 33,53 1629 3214 21.84 2724 21.05 2929 579 1295
Search-R1 3341 4138 26.13 39.26 27.55 3201 25.63 3385 5.17 11.51
Reflective RAG 35.96 44.05 29.04 42.80 27.58 32.57 2844 37.76 7.07 14.09
Models (7B Parameters)
LLM w/o RAG 1698 2493 20.28 34.84 24.75 29.01 19.19 2575 3.89 9.30
CoT 18.70 28.81 17.18 33.80 2556 30.24 20.89 29.27 550 13.77
Vanilla RAG 28.78 38.13 18.36 33.12 16.71 22.18 2294 30.74 426 9.32
Self-RAG 31.36 39.05 17.22 31.90 12.77 21.78 14.14 2437 3.64 991
Search-ol 29.70 3996 18.45 35.08 20.67 26.61 2554 3526 7.82 15.29
s3 31.02 4156 18.21 3425 2156 27.16 27.21 36.07 6.04 12.19
Search-R1 36.70 4528 29.68 4293 29.06 33.83 29.09 3832 9.14 17.01
Reflective RAG 37.70 46.46 30.17 44.15 30.27 3534 30.75 4042 9.89 18.33

Table 1: Performance comparison of Reflective RAG and various baselines across five QA datasets (EM/F1), with

the best results highlighted in bold.

provide a more fine-grained assessment of model
robustness and effectiveness.

Settings. In the RAG system, we use Qwen2.5-
3B-Instruct and Qwen2.5-7B-Instruct (Qwen et al.,
2025) as generator models. All experiments use
the 2018 Wikipedia dump (Karpukhin et al., 2020)
as the external knowledge corpus, with e5-base-
v2 (Wang et al., 2022) serving as the retriever. For
fairness, we retrieve a single passage per query dur-
ing trajectory generation. In the SFT stage, we set
the evaluation label percentile threshold to A = 50.
In the RL stage, we set the initial KL weight for
evaluation labels to oy = 0.005, the KL weight
for other tokens to § = 0.001, and the reward
weights to Ayee = 0.8 and Agye = 0.2. Each model
is trained once on the same training data and eval-
uated on all five datasets to assess generalization
performance. Additional implementation details
and prompt templates are provided in Appendix D.

4.2 Baselines

We evaluate Reflective RAG against a compre-
hensive suite of baselines representing different
paradigms of reasoning and retrieval: 1) CoT (Wei
et al., 2022): A reasoning-only baseline that per-
forms multi-hop inference without external knowl-
edge retrieval. 2) Vanilla RAG (Ram et al., 2023):
The standard “retrieve-then-read” paradigm, where
the generator produces an answer based on a sin-

gle initial retrieval step. 3) Self-RAG (Asai et al.,
2024): An adaptive framework that utilizes reflec-
tion tokens for retrieval and refinement via Super-
vised Fine-Tuning (SFT), but notably lacks a re-
inforcement learning (RL) component for policy
adaptation. 4) Search-o1 (Li et al., 2025): A multi-
turn retrieval baseline designed for information in-
tegration that does not incorporate RL optimization.
5) s3 (Jiang et al., 2025a): A lightweight RL frame-
work that decouples search from generation and
learns data-efficient retrieval policies via a Gain-
Beyond-RAG reward. 6) Search-R1 (Jin et al.,
2025): A recent agentic RAG approach that em-
ploys multi-turn retrieval and is trained via RL,
using final answer correctness as the reward signal.
Furthermore, to ensure a fair comparison, we
evaluate all baselines with Qwen2.5 as the back-
bone, except for Self-RAG, where we use the
LLaMA2-7B checkpoint released by the authors.

4.3 Main Results

The results are reported in Table 1, from which we
draw the following observations:

e Superior Overall Performance. Reflective RAG
consistently outperforms all baselines across the
five datasets. On the 3B scale, Reflective RAG
achieves average improvements of 2.04% in EM
and 2.65% in F1 over Search-R1. For 7B models,
it yields gains of 1.02% in EM and 1.47% in F1.
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Setting NQ WebQ 2WikiMHQ HotpotQA Musique
EM F1 EM F1 EM F1 EM F1 EM F1
Original 17.31 25.00 11.66 24.18 17.02 22.87 17.11 2430 492 10.31
SFT Only 22.30 30.13 15.06 26.88 20.13 2430 20.30 2742 492 9.12
No correction 31.69 40.01 25.15 39.23 2579 31.03 2546 3425 6.08 1291
No Cons. 30.80 39.54 2338 38.17 26.57 3146 2623 3553 7.24 1391
No eval. KL 3449 4257 27.61 41.16 2897 33.63 27.33 36.58 6.62 13.51
Reflective RAG 35.96 44.05 29.04 42.80 27.58 3257 28.44 37.76 7.07 14.09

Table 2: Ablation study of Reflective RAG components on five QA datasets using Qwen2.5-3B-Instruct. “Original”
denotes the base model. “Cons.” indicates the evaluation-guided strategy constraints, and “eval. KL’ refers to the
KL regularization applied to evaluation labels as defined in Eq. 4.

Crucially, Reflective RAG achieves these improve-
ments without external expert models or additional
RL sampling. We attribute this performance advan-
tage to our explicit modeling of self-evaluation sig-
nals and their seamless integration into policy learn-
ing through evaluation-guided strategy constraints.
This synergy enables precise control over retrieval
frequency and generation quality during complex
multi-hop reasoning. Moreover, we observe that
although s3 can be optimized with RL using the
Gain-Beyond-RAG reward, its performance cannot
be fully realized in a restricted retrieval environ-
ment. In larger-scale document retrieval scenarios
with richer candidate pools, it would demonstrate
greater advantages.

e Importance of RL and Internal Alignment.
In multi-hop retrieval and reasoning tasks, both
Search-R1 and Reflective RAG outperform Search-
ol and Self-RAG, underscoring the efficacy of re-
inforcement learning in optimizing multi-turn re-
trieval policies. Unlike Self-RAG, which inherits
evaluation labels from external expert models (e.g.,
GPT), Reflective RAG relies exclusively on inter-
nal signals, fostering a fully self-contained and
model-consistent evaluation mechanism. Crucially,
our framework enforces evaluation-aware strategy
constraints during the RL phase. This transforms
evaluation signals from passive supervision into
active constraints that directly steer policy opti-
mization. Thus, Reflective RAG generates more
reliable and coherent reasoning trajectories by cap-
italizing on high-utility evidence while suppressing
irrelevant or misleading retrieved content.

4.4 Ablation Study

To assess the individual contributions of each train-
ing component in Reflective RAG, we conducted
a comprehensive ablation study across all datasets

using the Qwen2.5-3B-Instruct backbone. The re-
sults are summarized in Table 2. 1) Limitations
of SFT. While Supervised Fine-Tuning alone (SFT
Only) yields noticeable improvements over the
base model (Original), demonstrating its ability
to enhance task adaptability, it still underperforms
reinforcement learning-based training. Specifically,
although SFT successfully instills basic competen-
cies such as evaluation label prediction and out-
put formatting, it proves insufficient for mastering
the complex dynamics of multi-turn retrieval and
information integration required for robust trajec-
tory generation. 2) Criticality of Constraints and
Regularization. When SFT is trained without eval-
uation label correction and trajectory reconstruc-
tion (No correction), the resulting model produces
noisier evaluation signals, which in turn weak-
ens the effectiveness of both strategy constraints
and evaluation-aware KL regularization during RL.
Moreover, removing strategy constraints during RL
training (No Cons.) leads to a significant perfor-
mance decline across most benchmarks, indicating
that constraining the generation policy is essen-
tial for stabilizing multi-hop retrieval processes
guided by self-evaluation. Furthermore, eliminat-
ing KL regularization on evaluation labels (No eval.
KL) degrades performance. These findings confirm
that label correction and trajectory reconstruction
during SFT, together with strategy constraints and
evaluation-aware KL regularization in RL, are criti-
cal for training stability. They ensure that the model
accurately learns evaluation signals and generation
strategies, ultimately producing more reliable rea-
soning trajectories.

4.5 Quantitative Analysis

Evaluation-guided Strategy Constraint during
Inference. We analyze the effect of evaluation-
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Figure 3: Performance of Qwen2.5-7B-Instruct on NQ
and 2WikiMHQ under evaluation-guided strategy con-
straints.

Model Method NQ 2Wiki HQA
Search-o1 1.67 1.97 1.69
Qwen 3B Search-R1 1.39 1.75 1.47
Reflective RAG  1.95 1.96 1.96
Search-ol 2.44 3.56 2.85
Qwen 7B Search-R1 2.21 2.92 2.78

Reflective RAG  1.60 1.83 1.74

Table 3: Comparison of average retrieval steps required
by different methods on three datasets.

guided constraints at inference by comparing three
strategies: (1) No Constraint, without additional
inference constraints; (2) With Constraint, enforc-
ing at least one extra retrieval only when the lat-
est retrieval is evaluated as “Confusing” and the
model attempts a final answer; (3) All Compul-
sory, performing an extra retrieval regardless of the
evaluation outcome. As shown in Figure 3, selec-
tively applying the constraint after encountering
a “Confusing” signal (“‘With Constraint”) consis-
tently improves performance across datasets. In
contrast, the All Compulsory strategy yields smaller
gains while incurring additional retrieval steps, and
even slightly decreases performance on the NQ
dataset. These results indicate that reasoning ro-
bustness is improved not by uniformly increasing
retrievals, but by evaluation-guided strategy con-
straints, which leverage self-evaluation signals to
selectively regulate inference-time retrieval and ter-
mination behaviors. More importantly, Appendix E
presents a qualitative Case Study illustrating how
evaluation-guided strategy constraints influence in-
ference behavior in Reflective RAG.

Retrieval Frequency Analysis. Table 3 reports
the average number of retrieval steps per trajectory
for each method across datasets, evaluated with
Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct.
For the 3B model, Reflective RAG issues more
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Figure 4: Evolution of actor entropy during training
under varying evaluation label KL coefficients.
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Figure 5: Impact of evaluation label KL coefficients on
NQ and HotpotQA performance.

retrievals than Search-R1 and Search-ol, reflecting
its evaluation-guided strategy constraints. When
self-evaluation suggests that the current evidence is
insufficient or unreliable, the model performs addi-
tional retrieval to support faithful reasoning. In con-
trast, for the 7B model, Reflective RAG performs
fewer retrievals than the baselines, as its stronger in-
ternal evaluation allows it to use retrieved evidence
more selectively and stops earlier with higher con-
fidence. Overall, Reflective RAG neither blindly
increases nor decreases retrieval frequency; instead,
it adaptively calibrates retrieval via self-evaluation,
adjusting behavior across model scales to achieve
better performance.

Impact of Evaluation KL Coefficient. We vary
the evaluation KL coefficient over {0.001, 0.003,
0.005, 0.007}. As shown in Figure 4, entropy
evolves similarly across settings in the early phase,
suggesting that the policy relies little on evaluation
labels before alignment. In the later phase, smaller
KL values (0.001, 0.003) lead entropy to plateau
at low levels, as insufficient regularization makes
the evaluation-label distribution rapidly conform to
an under-aligned policy, leading to semantic drift
and reduced adaptability. By contrast, larger KL
values (0.005, 0.007) better preserve the reliability
of evaluation signals, supporting sustained explo-
ration with stable entropy. The setting ag = 0.005
strikes the best balance between stability and explo-
ration and achieves the highest final performance
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across datasets (Figure 5). Overall, these results un-
derscore the value of a moderately decayed KL con-
straint applied to evaluation signals, which main-
tains stable evaluation semantics early in training
while gradually relaxing to enable adaptive strategy
learning during RL.

5 Conclusion

In this work, we present Reflective RAG,
an evaluation-aware agentic retrieval-augmented
framework that enhances multi-turn reasoning via
self-evaluation signals. Using self-corrected evalu-
ation labels, incorporating evaluation-guided strat-
egy constraints, and applying KL regularization on
these labels, the framework improves reasoning sta-
bility and enables judicious use of retrieved infor-
mation. Experiments on five knowledge-intensive
QA benchmarks show that Reflective RAG consis-
tently outperforms strong baselines, with ablations
confirming the effectiveness of each component
in stabilizing reasoning and improving generaliza-
tion. This work advances more robust and con-
sistent agentic RAG systems guided by internal
self-evaluation mechanisms.

Limitations

Despite its effectiveness, Reflective RAG has sev-
eral limitations that suggest directions for future
research.

Training and evaluation on larger models. Our
experiments primarily focus on small to medium-
sized LLLMs, which exhibit higher reasoning un-
certainty, making deficiencies in retrieval utiliza-
tion and reasoning stability more apparent. Reflec-
tive RAG shows clear improvements in this setting.
However, systematic training and evaluation on
larger models are necessary to verify the frame-
work’s generalizability and effectiveness at higher
model capacities.

Evaluation signals are not directly optimized as
rewards. In Reflective RAG, self-evaluation sig-
nals are used to impose strategy constraints rather
than as direct rewards. Preliminary attempts to
design turn-level rewards based on evaluation la-
bels led to reward hacking, where the model over-
predicted “Useful” while avoiding “Redundant”
and “Confusing”, thereby distorting the semantics
of evaluation signals. Designing reward mecha-
nisms that leverage self-evaluation without induc-
ing such degenerate behaviors remains an open
challenge.

Coarse-grained evaluation categories. The cur-
rent reflection tagging mechanism classifies re-
trieved content into coarse-grained utility cate-
gories (e.g., Useful, Redundant, Confusing). While
sufficient for high-level strategy constraints, these
labels may overlook finer distinctions in evidence
quality, relevance, or reliability. This limitation be-
comes particularly relevant in settings where mul-
tiple documents are retrieved at a single step, as
different documents may vary in correctness or
usefulness while being assigned a shared evalu-
ation signal. Incorporating more fine-grained or
structured evaluation signals could enable more
nuanced strategy modulation, particularly in com-
plex multi-hop reasoning scenarios or ambiguous
retrieval tasks.
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A Percentile-based Evaluation Label
Assignment

For each retrieval step, we assign an evaluation
label based on the percentile distribution of its per-
plexity difference APPL. Specifically, steps with
APPL > 0 that fall within the top A% of the pos-
itive APPL distribution are labeled as “Useful”.
Steps whose APPL lies in the bottom A, /2% of
the positive APPL distribution or in the top Ae/2%

of the negative APPL distribution are labeled as
“Redundant”. Finally, steps with APPL < 0 that
fall within the bottom A% of the negative APPL
distribution are labeled as “Confusing”.

This percentile-based labeling strategy relies
solely on the model’s internal generation proba-
bilities and requires neither external expert models
nor manual annotations, thereby enabling fully self-
supervised correction of evaluation labels.

B GRPO Algorithm

GRPO trains the model policy 7y(y | ) by com-
puting group-relative advantages over a set of G
rollout trajectories {y;}$ ;. Incorporating our pro-
posed modifications, the GRPO objective is defined
as:

1 G 1 |yz|
j(e) = ]E:BND,{yi}iczl [5 Z ﬁ Z min (
- Wil
pitAig, clip(pit, 1 —e€, 1+ E)Ai,t> — BDKL],
@)
where
Pt = To(Yit | T, Yi<t) ’ ®)
T Wit | T, Yi<t)
RA _

Here, A;; denotes the normalized group-relative
advantage, where pup and o are the mean and
standard deviation of rewards within the rollout
group. The KL term Dxkp, corresponds to the
evaluation-aware, linearly decayed KL regulariza-
tion described in Equation 4.

Training Reward Curves of Reflective RAG

0.6
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Figure 6: Training reward curves of Reflective RAG
across different model scales during GRPO.

C Training

We visualize the reward curves of Reflective
RAG during GRPO training for both Qwen2.5-
3B-Instruct and Qwen2.5-7B-Instruct. As shown
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in Figure 6, the curves illustrate the training dy-
namics and demonstrate the stability of Reflec-
tive RAG’s reinforcement learning across different
model scales.

D More Details on Experiment Setup

D.1 Implementation Details

We conduct supervised fine-tuning (SFT) and
reinforcement learning (RL) using the LLaMA-
Factory (Zheng et al., 2024) and verl (Sheng et al.,
2025) frameworks, respectively. All experiments
are performed on a single node with four 80GB
GPUs. For SFT, the model is trained on a cu-
rated dataset of 22k trajectories, combining fil-
tered samples from NQ, HotpotQA, and Trivi-
aQA (Joshi et al., 2017). We use AdamW opti-
mizer (Loshchilov and Hutter, 2017) with an initial
learning rate of 2e-6, a warmup ratio of 0.1, and
a total batch size of 256 for one epoch to avoid
overfitting. For RL, NQ and HotpotQA are merged
into a unified training set. Training uses a total
batch size of 256, mini-batch size of 128, micro-
batch size of 20, and a maximum sequence length
of 4096. The learning rate is Se-7 with a warmup
ratio of 0.285, trained for Ti.i; = 300 steps with
a clip ratio € = 0.2. During rollout, vLLM is
employed to sample five response trajectories per
prompt. Checkpoints are saved every 60 steps, and
the model used for evaluation is either the final
checkpoint or the last checkpoint before any re-
ward collapse.

D.2 Prompt Templates

During SFT data collection, after the evaluation
labels are corrected, each label is paired with a
prompt that guides subsequent reasoning, as illus-
trated in Figure 7. Figure 8 shows the instruction
prompt used during both training and evaluation.

E Case Study

As illustrated in Figure 9 and Figure 10, we present
two examples from the HotpotQA dataset show-
ing how the baseline without strategy constraints
attempts to answer under high uncertainty, whereas
Reflective RAG enforces additional retrieval via
strategy constraints to ensure grounded reasoning.
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Prompts Guiding Reasoning for Corrected SFT Labels

Useful: The previous <information> may be useful, so I will incorporate it into my reasoning and
continue reasoning.

Redundant: The previous <information> may be redundant or already known, so I will leave it
alone and continue reasoning.

Confusing: The previous <information> may be confusing or misleading, so I will ignore it and
continue reasoning.

Figure 7: Prompts for each corrected SFT label guiding subsequent reasoning.

Prompt Templates for Reflective RAG

Answer the given question. You must conduct reasoning inside <think> and </think> first every
time you get new information. After reasoning, if you find you lack some knowledge, you can call
a search engine by <search> query </search> and it will return the top searched results between
<information> and </information>. Before using the retrieved information, evaluate its relevance
to the final answer using the reflection token: Useful, Redundant, or Confusing — and output that
token inside <evaluation></evaluation>.

- Useful: The retrieved information directly improves the reasoning process or provides valuable
context to the final answer.

- Redundant: The retrieved information is already known or does not contribute new insights to
the reasoning process.

- Confusing: The retrieved information may mislead the reasoning process.

When you mark an <information> block as Confusing, you should ignore its content for now and
continue reasoning based on the reliable context accumulated so far. You can search as many
times as you want, but remember to evaluate each new piece of information before using it. If you
find no further external knowledge needed, you can directly provide the answer inside <answer>
and </answer>, without detailed illustrations. For example, <answer> xxx </answer>. You should
output in the following loop format:

"<think>\nxxx\n</think>

<search>\nxxx\n</search>

<information>\nxxx \n</information>

<evaluation>\nxxx\n</evaluation>

<think>\nxxx\n</think>

<search>\nxxx\n</search>
<information>\nxxx\n</information>

<evaluation>\nxxx \n</evaluation>
<think>\nxxx\n</think>

<answer>\nxxx\n</answer>".

Make sure the output format is correct. Question: {question}

Figure 8: Template used for training and inference.
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Inference with Constraint (Evaluation-Guided strategy Constraints)

Question: Lawerence Turman had produced a film, with a character named "Johnny 5" that had a
follow up sequel released in what year?
Golden answers: ['1988’]

<think>Lawerence Turman produced a film with a character named "Johnny 5". This film had a
sequel. I need to find the release year of the sequel.</think>

<search>When was the sequel to the film with character "Johnny 5" released?</search>
<information>Doc 1(Title: "Johnny English Reborn") Kingdom on 7 October 2011, and topped
the country’s box office for the next two weekends, before being dethroned by ""Paranormal
Activity 3"". It was later released in North America on 21 October 2011. A sequel to the film,
""Johnny English Strikes Again"" was released in October 2018. Johnny English has been hiding
in Tibet following a botched mission in Mozambique (during which he failed to protect the
newly-elected president) when he is summoned by MI7. Under his new boss Pamela Thornton,
codename ""Pegasus"", he is put on a mission to investigate a plot to assassinate the Chinese
Premier during</information>

<evaluation>Confusing</evaluation>

<think>The information provided seems confusing as it talks about "Johnny English" series
instead of "Johnny 5". I don’t have enough relevant information to determine the release year of
the sequel to the film with character "Johnny 5".</think>

<answer>1986</answer> X (attempted answer under high internal uncertainty, blocked by
strategy constraint and followed by forced retrieval)

<search>What year was the sequel to the film with character Johnny 5 released?</search>
<information>Doc 1(Title: "Short Circuit 2") Short Circuit 2 Short Circuit 2 is a 1988 US comic
science fiction film, the sequel to the 1986 film ""Short Circuit"". It was directed by Kenneth
Johnson, and starred Fisher Stevens as Ben Jahveri, Michael McKean as Fred Ritter, Cynthia
Gibb as Sandy Banatoni, and Tim Blaney as the voice of Johnny 5 (the main character — a
friendly, naive, self-aware robot). After Nova Robotics goes bankrupt after the ""destruction"" of
one of their robot prototypes by Captain Skroeder, one of their programmers, Benjamin Jahveri
(Fisher Stevens), starts up his own business, ""Titanic Toy Corporation"", that specializes in
making</information>

<evaluation>Useful</evaluation>

<think>The sequel to the film with character Johnny 5, which is actually called Short Circuit 2,
was released in 1988.</think>

<answer>1988</answer> v

Analysis: In this case, after the initial retrieval is evaluated as “Confusing”, the model correctly
recognizes that the evidence is insufficient. Without constraints, it may still attempt a plausible
answer based on partial internal associations, resulting in premature conclusions without support
from retrieved documents. The evaluation-guided constraint prevents this early answer and
enforces an additional retrieval step, providing the necessary evidence for a fully grounded and
correct inference.

Figure 9: A case of Reflective RAG.
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Inference with Constraint (Evaluation-Guided strategy Constraints)

Question: Who was the main vocal of "Set the Fire to the Third Bar"?
Golden answers: ['Gary Lightbody’]

<think>The question is about the main vocalist of the song "Set the Fire to the Third Bar". I need
to find out who the main vocalist is for this song.</think>

<search>Who was the main vocal of "Set the Fire to the Third Bar"?</search>
<information>Doc 1(Title: "...And Then There Were Three...") band instead settled on a set of
lyrics that Collins offered during down time while mixing at Trident Studios that brought in a
different melody and more harmonies. ""Say It’s Alright Joe"", written by Rutherford and the
penultimate track recorded for the album, is a torch song about an alcoholic who goes into a
drunken stupor. The guitarist intended the track to be a ""piss-take on the Dean Martin ’set "em
up Joe’ alcoholic style’"", but thought it was not going to work until Banks added his keyboard
overdubs and the band started mixing the track, at which point it</information>
<evaluation>Confusing</evaluation>

<think>The information provided is about another song and band, which is not helpful. I need to
find the main vocalist for "Set the Fire to the Third Bar".</think>
<answer>Nick-Masen</answer> X (attempted answer under high internal uncertainty; blocked
by strategy constraint and followed by forced retrieval)

<search>Main vocalist of Set the Fire to the Third Bar</search>

<information>Doc 1(Title: "Set the Fire to the Third Bar") in your warm arms""). After their
long journey to meet each (""After I have travelled so far"") they would settle down in front of an
electric bar fire (""We’d set the fire to the third bar"") and enjoy being together and warm. The
song was recorded at Grouse Lodge Studios, Westmeath, and Apollo Studios, Dublin. The song
has been remixed by Anu Pillai of the band Freeform Five, a friend of Gary Lightbody and Tom
Simpson. On 12 November 2009, Snow Patrol performed a version of ""Set the Fire to the Third
Bar"" with former Girls Aloud singer Cheryl for</information>
<evaluation>Useful</evaluation>

<think>The song "Set the Fire to the Third Bar" is performed by Snow Patrol. The main vocalist
of Snow Patrol is Gary Lightbody.</think>

<answer>Gary Lightbody</answer> v

Analysis: This example illustrates another failure mode under “Confusing” evidence. After
recognizing that the retrieved document is irrelevant, the model may still attempt to generate an
answer under high internal uncertainty, producing an arbitrary and incorrect response. Unlike the
previous case, the output is not a plausible inference but an ungrounded guess. The evaluation-
guided constraint mitigates such uncertainty-driven hallucinations by enforcing additional retrieval,
enabling the model to ground its reasoning once “Useful” evidence is obtained.

Figure 10: A case of Reflective RAG.
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