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Abstract

Retrieval-augmented generation (RAG) effec-
tively extends the knowledge boundaries of
large language models (LLMs) for complex
tasks, yet current paradigms typically optimize
for an interleaving of reasoning and retrieval,
where models fail to critically evaluate re-
trieved information against the target question.
Most existing methods rely on sparse outcome-
based rewards, failing to provide explicit super-
vision for the internal reasoning process or to
diagnose information inadequacy. To address
this, we propose Eval-RAR, an Evaluation-
driven Retrieval-Augmented Reasoning frame-
work. Eval-RAR introduces a "Search-then-
Evaluate" paradigm where the model performs
explicit self-evaluation after each search step,
generating a rationale to either identify suf-
ficient evidence or specify missing informa-
tion to guide subsequent queries. To opti-
mize this process, we employ reinforcement
learning with a fine-grained evaluation reward,
providing intermediate feedback that encour-
ages the model to track core entities and
maintain logical consistency. Experiments on
seven single-hop and multi-hop QA bench-
marks demonstrate that Eval-RAR outperforms
existing methods.

1 Introduction

Large language models have demonstrated certain
reasoning and decision-making abilities in solving
a wide range of complex Natural Language Process-
ing (NLP) tasks (OpenAl et al., 2024; DeepSeek-Al
et al., 2025; Liu et al., 2021; Zhuang et al., 2022;
Gao et al., 2025). Retrieval-Augmented Generation
(RAG) further expands their knowledge boundaries,
enabling them to tackle more complicated reason-
ing challenges (Lewis et al., 2020; Guu et al., 2020;
Gao et al., 2024). Recently, by allowing LLMs to
engage in multi-step interactions with search en-
gines, systems can autonomously integrate retrieval
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Figure 1: Comparison of RAG, RL-based RAR, and our
method, Eval-RAR.

a
Correct answer
2

and reasoning to solve complex problems (Trivedi
et al., 2023; Li et al., 2025b). However, the pre-
vailing Retrieval-Augmented Reasoning (RAR)
paradigm suffers from a fundamental structural
flaw—the "blind trajectory problem." Most exist-
ing frameworks optimized via reinforcement learn-
ing (RL) operate by optimizing the model’s linear
process of alternating between reasoning and re-
trieval actions (Jin et al., 2025; Song et al., 2025;
Chen et al., 2025; Zheng et al., 2025b; Zhang et al.,
2025a; Wei et al., 2025), we refer to this paradigm
as RL-based RAR. This sequential accumulation
mechanism often leads to the uncritical absorp-
tion of retrieved information, including noisy or
irrelevant content, undermining the robustness and
accuracy of the reasoning process.

We argue that the primary cause of reasoning
failures lies not in insufficient retrieval capability,
but rather in the system’s lack of accurate diag-
nostic ability regarding "information inadequacy."
In complex multi-step tasks, each retrieval step
should be grounded in a precise assessment of the
"knowledge gap"—that is, the discrepancy between
the currently available knowledge and the require-
ments of the original query. Without an explicit
self-evaluation stage, the model remains in a state
of informational blindness: it can neither deter-
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mine whether the existing information is sufficient
to answer the question, nor accurately identify what
necessary information is still missing. This leads to
a vicious cycle of "blind search,"” where subsequent
retrieval queries become repetitive or deviate from
the core topic, ultimately causing the reasoning
chain to derail or resulting in factual hallucinations.

To break this cycle, we propose Eval-RAR,
a framework that introduces a ''Search-then-
Evaluate' paradigm. The key innovation lies in
the integration of an explicit self-evaluation step,
which serves as the control hub of the reasoning
process to guide subsequent actions. During this
step, the model must explicitly evaluate the align-
ment between the retrieved information and the
original problem: (1) if the information is sufficient
to answer the question, it should specify which re-
trieved content supports the answer; (2) if the infor-
mation is insufficient, it should identify the specific
information gap, thereby providing clear seman-
tic guidance for subsequent retrieval and reason-
ing steps. By establishing this "question-centric"
checkpoint, we ensure that the reasoning process
remains consistently grounded and retrieval actions
stay purposefully directed.

However, optimizing such complex behaviors
poses a significant challenge to traditional rein-
forcement learning approaches, as they typically
rely on outcome reward mechanisms. The con-
ventional outcome-based reward mechanism only
provides rewards for the final correct answer, mak-
ing it difficult to offer fine-grained incentives for
the nuanced capabilities demonstrated during in-
termediate evaluation steps. To address this, we
introduce an evaluation reward to align evaluation
with the answer. Specifically, when the answer is
incorrect, the evaluation reward supplements fine-
grained process-based rewards, explicitly encour-
aging the model to conduct active evaluation and
knowledge supplementation based on the original
question and existing information.

In summary, our contributions are as follows:

* We propose Eval-RAR, a retrieval-augmented
reasoning framework that integrates an ex-
plicit self-evaluation step, enabling the model
to evaluate information sufficiency and iden-
tify knowledge gaps to guide further retrieval
and reasoning.

* We design a fine-grained evaluation reward
within the RL training process, which pro-
vides intermediate feedback on the model’s

evaluation, effectively alleviating outcome re-
ward sparsity.

* We conduct extensive experiments across
seven single-hop and multi-hop QA bench-
marks. Our results demonstrate that Eval-
RAR outperforms existing methods.

2 Related Work

Retrieval-Augmented Generation. Retrieval-
Augmented Generation (RAG) has been widely
adopted to mitigate hallucinations and extend the
knowledge boundaries of Large Language Mod-
els (LLMs) (Lewis et al., 2020; Guu et al., 2020;
Gao et al., 2024; Yu et al., 2025; Zhang et al.,
2025b). Earlier RAG systems typically employ
static retrieval strategies, where a fixed number
of documents are retrieved based on a query and
integrated into the context for final answer genera-
tion. However, this single-round interaction faces
significant challenges in complex scenarios, as it
struggles to ensure the continuity and integrity of
the reasoning chain. While several studies have
attempted to address these limitations through su-
pervised fine-tuning (SFT) (Asai et al., 2024; Shi
et al., 2024; Xu et al., 2024; Lin et al., 2024; Li
et al., 2025a), they are still limited by the one-shot
retrieval paradigm, which often fails to capture the
complex dependencies required for multi-hop rea-
soning. To bridge this gap, recent advancements
have introduced retrieval-augmented reasoning,
which integrates real-time retrieval and query gen-
eration directly into the step-by-step reasoning pro-
cess of LLMs (Trivedi et al., 2023; Li et al., 2025b).
While this paradigm allows for dynamic interac-
tion with external knowledge, effectively optimiz-
ing such a complex process requires sophisticated
training strategies beyond traditional supervision.

Reinforcement Learning for LLM Reasoning.
The post-training phase of LLMs has recently piv-
oted toward reinforcement learning (RL) to cat-
alyze advanced reasoning and self-correction capa-
bilities (OpenAl et al., 2024; DeepSeek-Al et al.,
2025). While early frameworks established the
standard for preference alignment through Proxi-
mal Policy Optimization (PPO) (Schulman et al.,
2017; Ouyang et al., 2022), the field has shifted to-
ward more resource-efficient strategies like Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024). By utilizing group-wise advantages, these
methods eliminate the need for critic models, sig-
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nificantly enhancing performance in logically rig-
orous domains such as mathematics (Shao et al.,
2024) and code generation (DeepSeek-Al et al.,
2024). This trend has naturally extended to the
RAG landscape, where RL is employed to govern
the interplay between internal reasoning and exter-
nal search (Jin et al., 2025; Song et al., 2025; Chen
et al., 2025; Zheng et al., 2025b). For example,
Search-R1 (Jin et al., 2025) utilizes outcome-based
rewards to incentivize autonomous search behav-
iors. To move beyond outcome-based rewards, re-
cent works such as AutoRefine (Shi et al., 2025) in-
troduce intermediate rewards by refining retrieved
documents after search calls. Furthermore, frame-
works like StepSearch (Zheng et al., 2025a) and
GlobalRAG (Luo et al., 2025) employ fine-grained
rewards to ensure the correctness of intermediate
steps. However, these methods typically rely on
extensive data augmentation to obtain golden tra-
jectories for training and still lack an explicit eval-
uation process to identify and correct errors during
the reasoning process. In contrast, Eval-RAR intro-
duces a rationale-alignment reward within the RL
training pipeline. By anchoring the optimization
to explicit evaluation steps that identify evidence
or pinpoint missing information, our approach pro-
vides a self-correction mechanism that ensures rea-
soning continuity and factual consistency without
strictly depending on golden reasoning paths.

3 Preliminaries

This section defines the task of retrieval-augmented
reasoning for question-answering (QA) tasks that
require iterative interactions with a search engine.

3.1 Task Formulation

Given an input query g and a search engine that
retrieves from a document corpus C, the objective
is to generate an accurate answer a through a se-
quence of reasoning and retrieval actions.

Naive RAG systems typically follow a "one-
shot" pipeline. Given a query g, a retriever re-
turns the k& most relevant documents Dy(q) =
{dy,da,...,dr}. The model then generates the
answer a in a single pass: a ~ P(alg, Dr(q)).
While efficient, this approach is often insufficient
for queries that require incremental evidence gath-
ering or multi-step logical planning.

In our paradigm, the model treats the task
as a multi-step reasoning process. Given g,
the LLM generates a reasoning trajectory 7 =

(t1,t2,...,t,), where each step ¢; represents a dis-
crete reasoning and interaction hop. At each i-th
step ¢;, the model engages in the following cycle:
(1) Based on the current context, the model gen-
erates an internal "thought" to determine the next
reasoning direction and formulates a specific search
query g;. (2) The search engine retrieves a set of
relevant documents Dy, ; from C based on ¢;. These
documents are then appended to the reasoning con-
text. (3) The model processes the updated context
to decide whether the accumulated information is
sufficient to resolve the original query q. If the
model determines it can answer, it generates the
final answer a and terminates the trajectory; oth-
erwise, it proceeds to the next reasoning step t;41.
This iterative process continues until the model pro-
duces a terminal response or reaches a predefined
maximum step limit V.

To optimize the LLM for multi-turn interaction
with search engine, we treat the reasoning process
as a sequential decision-making task and optimize
it via reinforcement learning. We define the RL ob-
jective function for the policy LLM 7y interacting
with an external search engine R as follows:

H}I%X Eyc ymms(oR) [T (7, )]

— BDkL [mo(y | 23 R) || mres (y | 23 R)]

ey
where 7.t represents the frozen reference LLM,
while r4 and Dk, denote the reward function and
the Kullback-Leibler divergence term, respectively.
The variable x refers to input queries sampled from
the corpus C. The term y signifies the comprehen-
sive reasoning trajectory, which consists of gen-
erated outputs interleaved with real-time results
retrieved from the search engine R. During train-
ing, these trajectories are sampled from the current
policy mg(y|z; R), allowing the LLM to learn the
optimal sequence of internal reasoning and external
knowledge incorporation.

4 Method

In this section, we present Eval-RAR, an
evaluation-driven reinforcement learning frame-
work for retrieval-augmented reasoning. First, we
extend the task definition introduced in the previous
section into our proposed "Search-then-Evaluate”
paradigm (Section 4.1), which formalizes how the
LLM should evaluate—based on the reasoning of
previous steps, the current query, and the newly re-
trieved documents—whether the original question
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Figure 2: Overview of Eval-RAR. The figure illustrates the rollout of retrieval-enhanced GRPO with a search engine,
which is guided by the evaluation reward and the outcome reward.

can be answered. Second, we detail the design of
reward functions, including outcome rewards and
evaluation rewards, followed by the training based
on the GRPO RL algorithm (Section 4.2).

4.1 The Search-then-Evaluate Paradigm

Algorithm 1 Eval-RAR Workflow

Require: Input query x, policy model 7y, retriever R, maxi-
mum step limit V.
Ensure: Final response y.
1: Initialize response 1 < 0
2: Initialize step count n <— 0
3: whilen < N do

4 Initialize current action rollout y,, < (

5: while True do

6: Generate token: y; ~ mo(- | T,y + yn)

7: Append yYi: Yn < Yn + Yt

8: if y: € { R , <eos>} then
9: break

10: end if

11: end while
12: Y <Y+ Yn

13: if detected in y,, then

14: Query: g < Parse( L Yn)

15: Documents: d,, < R(qn)

16: y<—y+ dp,

17: Evaluation: ye,, ~ 7 (- | x,y) > Evaluation step

18: Y4~ Y+Ye, > e, 1 <evaluate> e,
</evaluate>

19: else if detected in y,, then

20: return Final response y

21: else

22: y < y+"My action is wrong. Let me try again."

23: end if

24: n<n+1
25: end while
26: return Final response y

Building upon the task definition in Section 3
and inspired by Search-R1 (Jin et al., 2025), we
represent each reasoning step ¢; using a sequence

of specialized functional tokens. In existing frame-
works, a typical step is structured as:<think>...
</think>

. If the model determines that
the original query is resolvable, the final response
is encapsulated within

special tokens. To strengthen this process, our
proposed paradigm extends each step t; by intro-
ducing an explicit evaluation phase: <think>...
</think>

<evaluate>...</evaluate>
Within the <evaluate> block, the model is
required to perform a self-evaluation of the current
reasoning state derived from its previous thoughts
and the newly retrieved information. The goal
of this self-evaluation is to identify relevant
supporting evidence or to recognize any critical
information that is still missing. This deliberate
evaluation step helps maintain coherence and
factual soundness before the model proceeds to
further search or finalize an answer. The complete
workflow of this iterative multi-turn interaction is
detailed in Algorithm 1.

To implement this structured reasoning process,
we utilize a specialized system prompt (detailed in
Appendix A.1) that instructs the model to adhere
strictly to the interleaved execution of these special
tokens.

4.2 Reward Design and Training

To optimize the model via RL, we employ a rule-
based reward system that serves as the training
signal. Our reward system is decomposed into two
principal components: outcome reward and evalu-
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ation reward. Specifically, outcome reward is de-
signed to ensure the factual correctness of the final
response. Evaluation reward is introduced to en-
courage the model to accurately identify and lever-
age relevant information during the self-evaluation
phase, thereby supporting the overall reasoning in-
tegrity. These signals collectively guide the policy
toward generating high-quality, grounded reason-
ing trajectories.

4.2.1 Outcome Reward

To ensure the ultimate accuracy of the model’s
reasoning process, we employ an outcome reward
Rans, which provides a sparse signal based on the
correctness of the final output. The reward is then
computed using an Exact Match (EM) criterion,
represented by the indicator function I(-) as

Rans = H(Ela cA:a= yans)a (2)

where v, 1s the extracted final answer from re-
sponse y and A represents the set of ground-truth
answers.

4.2.2 Evaluation Reward

We introduce an evaluation reward 7,4 to explic-
itly encourage the model to identify and extract
relevant evidence from its previous response. This
reward is computed based on the content generated
within the blocks. Specifically, we
collect all self-evaluation steps across the reason-
ing trajectory and concatenate them into a single
text sequence Yeyql:

Yeval = Concat ({en ‘ en € Seval(y)}) (3)

where S¢,qi(y) is the ordered set of all evaluation
segments extracted from the reasoning trajectory
y and Concat denotes the concatenation operator.
The evaluation reward is then defined as:

Teval, 1f1(Ja € A:a C Yepar) > 0,
Reval = .
0, otherwise

where 7,4 1S a constant reward value.

“)

4.2.3 Overall Reward

The total reward Ry is the combination of the in-
dividual components, providing a multi-level feed-
back signal to guide the reinforcement learning
process. Formally, it is defined as follows:

R, if Ry >0
Rom =14  Hans : (5)
Reyal, otherwise

This formulation prioritizes the correctness of the
final answer while incentivizing the model to main-
tain structural discipline and identify critical ev-
idence throughout the reasoning trajectory, even
during failed attempts.

4.2.4 Training with GRPO

To optimize the unified generation policy 7 over
the interleaved reasoning and retrieval trajecto-
ries, we adopt Group Relative Policy Optimization
(GRPO) (Shao et al., 2024). GRPO eliminates the
need for an additional value function approximator
by using the relative rewards of multiple outputs
sampled from the same input as a baseline. This
significantly reduces computational overhead and
stabilizes training in settings with sparse rewards.

For each input query x, we sample a group of G
responses {y1, Y2, - - ., yc } from the current policy
Tod With the retriever R. The objective function
for GRPO is defined as:

Jorro(8) =

1
E,..c AviYE ~Toa(|asR) ZT

min (ri,t(e)A,,t, clip (ri,t(e), 1—e,14e) Al,t)

- BDKL [779| ’Wref]] )
(6)

where e is the clipping ratio, S is the KL divergence
penalty coefficient, ¢ is the reference policy and
fli,t represents the group-relative advantage. The
7i.+(0) is formally defined as:

7o (Yit| T, yi,<t; R)
Told (Yi,t |, Yi,<t; R)

rit(0) = (N

We apply a retrieval token masking strategy. Since
the documents are provided by the retriever and not

generated by the model’s policy, these tokens are
masked during the loss computation.

S Experiments

5.1 Experimental Setup

Datasets and metrics. We evaluate Eval-RAR
across seven diverse QA benchmark datasets to
assess its performance in scenarios with varying
reasoning and retrieval complexity. These datasets
are categorized into two groups: (1) Single-Hop
QA, which focuses on factual inquiries typically
requiring single-hop retrieval, including Natural
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Single-Hop QA

Multi-Hop QA

Methods NQ TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Average
Reasoning without Retrieval
Direct Inference 0.106  0.288 0.108 0.149 0.244  0.020 0.024 0.134
CoT 0.023  0.032 0.005 0.021 0.021  0.002 0.000 0.015
SFT 0.249  0.292 0.104 0.186 0.248 0.044 0.112 0.176
R1-Base 0.226  0.455 0.173 0.201 0.268  0.055 0.224 0.229
R1-Instruct 0.210 0.449 0.171 0.208 0.275 0.060 0.192 0.224
Reasoning with Retrieval
Naive RAG 0.348 0.544 0.387 0.255 0.226  0.047 0.080 0.270
IRCoT 0.111  0.312 0.200 0.164 0.171  0.067 0.240 0.181
Search-o1 0.238 0.472 0.262 0.221 0.218 0.054 0.320 0.255
Reasoning with Retrieval via RL
Search-R1-Base 0.421 0.583 0.413 0.297 0.274  0.066 0.128 0.312
Search-R1-Instruct 0.397  0.565 0.391 0.331 0.310 0.124 0.232 0.336
AutoRefine-Instruct 0.436  0.597 0.447 0.404 0.380 0.169 0.336 0.396
AutoRefine-Base  0.467  0.620 0.450 0.405 0.393 0.157 0.344 0.405
Eval-RAR-Instruct 0.462  0.611 0.448 0.403 0.383  0.171 0.352 0.404
Eval-RAR-Base 0471 0.629 0.453 0.412 0.394 0.161 0.368 0.413

Table 1: Main results of Eval-RAR and baselines on QA benchmarks. The best performance is highlighted in bold.

Questions (NQ) (Kwiatkowski et al., 2019), Trivi-
aQA (Joshi et al., 2017), and PopQA (Mallen et al.,
2023); and (2) Multi-Hop QA, which requires
multi-hop reasoning and evidence synthesis across
multiple documents, including HotpotQA (Yang
et al., 2018), 2WikiMultiHopQA (2Wiki) (Ho et al.,
2020), Musique (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023). Following the setup
of prior studies (Jin et al., 2025; Shi et al., 2025),
we utilize a combined training set from NQ and
HotpotQA to provide a balanced signal for both
single-turn and multi-turn reasoning. We employ
Exact Match (EM) as the evaluation metric.

Baselines. To comprehensively evaluate the ef-
fectiveness of our proposed method, we compare
it against several representative baselines catego-
rized by their reasoning and retrieval paradigms.
(1) Reasoning without Retrieval: These methods
rely on the model’s parametric knowledge with-
out retrieval. We include Direct Inference, where
the model provides an answer without intermediate
steps. Chain-of-Thought (CoT) (Wei et al., 2022),
which prompts the model to generate a reasoning
chain. SFT (Chung et al., 2024) using high-quality
reasoning-and-retrieval trajectories and R1-based
Training (DeepSeek-Al et al., 2025) where the
model is trained via RL using only reasoning and

answer steps without search engine access, provid-
ing a baseline for purely internal reasoning. (2)
Reasoning with Retrieval: These approaches uti-
lize external knowledge without additional training
on search trajectories. Naive RAG (Lewis et al.,
2020) performs a single-hop retrieval based on the
initial query. IRCoT (Trivedi et al., 2023) inter-
leaves CoT reasoning with retrieval to gather in-
formation iteratively. Search-ol (Li et al., 2025b)
represents an agentic search method that uses so-
phisticated prompting to manage multi-turn interac-
tions. (3) Reasoning with Retrieval via RL: This
category includes models optimized to interact with
search engines via RL. We compare against Search-
R1 (Jin et al., 2025), a recent state-of-the-art frame-
work that trains the policy via GRPO. Building
upon the Search-R1 paradigm, we also include Au-
toRefine (Shi et al., 2025) as a key baseline, which
introduces a refinement stage to iteratively refine
retrieved documents. All baseline results are taken
from Search-R1 and AutoRefine.

Implementation details. Following the settings
in Search-R1 (Jin et al., 2025), we conduct our
experiments using both the Qwen2.5-3B-Base
and Qwen2.5-3B-Instruct models (Qwen et al.,
2025). To simulate a real-world search environ-
ment, we utilize the December 2018 Wikipedia
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Single-Hop QA

Multi-Hop QA

Methods NQ TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Average
Eval-RAR-Instruct 0.462 0.611 0.448 0.403 0383 0.171 0.352 0.404
w/o evaluation reward 0.423  0.583 0.429 0.341 0.336 0.111 0.248 0.353
Eval-RAR-Base 0471 0.629 0.453 0412 0394 0.161 0.368 0.413
w/o evaluation reward 0.427  0.591 0.434 0.331 0.348 0.123 0.264 0.360

Table 2: Ablation results of Eval-RAR on QA benchmarks. The best performance is highlighted in bold.

dump (Karpukhin et al., 2020) as our external
knowledge corpus and employ E5-base-v2 (Wang
et al., 2022) as the search engine. The search en-
gine is configured to retrieve the top-3 most rele-
vant documents for each query. The 7., is set to
0.1. The RL process is implemented using the verl
framework (Sheng et al., 2025), and the model is
trained for a total of 200 steps. For other training
configurations, please refer to Appendix A.2.

5.2 Main results

Table 1 presents a performance comparison be-
tween the proposed Eval-RAR framework and a
range of baseline methods across seven bench-
marks. Analysis of the results yields three primary
findings: (1) Eval-RAR consistently achieves state-
of-the-art performance, outperforming both tradi-
tional Retrieval-Augmented Generation approaches
and more recent Reinforcement Learning-based
methods; (2) the framework demonstrates unique
and significant advantages in complex, multi-step
reasoning tasks; and (3) the learned reasoning pol-
icy exhibits high robustness across different model
initializations and variants.

Superiority of the Eval-RAR. The Eval-RAR-
Base variant achieves an overall average score of
0.413, marking a substantial improvement over the
strong RL-based baseline Search-R1-Base and ex-
ceeding the performance of AutoRefine-Base. This
consistent overall lead underscores the fundamen-
tal efficacy of the proposed "Search-then-Evaluate"
paradigm. By explicitly equipping the model with
a self-evaluation mechanism, the paradigm enables
the systematic verification of information suffi-
ciency and reasoning coherence before final answer
generation, thereby mitigating the risks of prema-
ture commitment and insufficient grounding.

Pronounced Gains in Multi-hop Reasoning.
While improvements are consistent across all cate-
gories, gains are significantly more pronounced in
multi-hop QA compared to single-hop tasks. On

complex benchmarks requiring evidence integra-
tion (e.g., Bamboogle, Musique), Eval-RAR ex-
hibits a steeper improvement curve compared to
Search-R1. This confirms that as reasoning chains
lengthen, the ability to identify knowledge gaps
becomes the primary bottleneck; by explicitly ad-
dressing these gaps, Eval-RAR prevents the logical
drift that typically affects multi-turn RAG.

Robustness and Generalization Across Model
Initializations. The effectiveness of Eval-RAR
is consistently demonstrated across both Base and
Instruct variants of the Qwen2.5-3B model. No-
tably, the Base model frequently achieves the high-
est scores, indicating that our GRPO-based rein-
forcement learning can autonomously cultivate self-
evaluation and search guidance abilities without
prior instruction tuning. This suggests that the
performance improvements stem directly from our
reward design and policy optimization rather than
initial pre-trained capabilities.

5.3 Ablation Study

To investigate the contribution of our proposed fine-
grained evaluation reward, we conduct an ablation
study by comparing the full Eval-RAR framework
against a variant that excludes this intermediate
signal, denoted as w/o evaluation reward. In this
setting, the model is trained solely using outcome-
based rewards, relying on the final answer’s cor-
rectness to optimize the entire reasoning-retrieval
trajectory. As shown in Table 2, removing the eval-
uation reward leads to a significant performance
decline across all benchmarks for both Base and
Instruct models. Specifically, the average EM score
drops from 0.413 to 0.360 for the Base model
and from 0.404 to 0.353 for the Instruct model.
The degradation is particularly acute in multi-hop
datasets such as Bamboogle and Musique, where
the reasoning chains are longer and more prone
to error. This analysis confirms that while a self-
evaluation phase is structurally present, the model
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requires dense, intermediate supervision to effec-
tively learn how to evaluate information utility.
These results validate that the fine-grained eval-
uation reward is essential for mitigating reward
sparsity and guiding the model toward a more rig-
orous and goal-aligned reasoning process.

6 Analysis

6.1 Reward vs. Response Length and Valid
Search Count

To further understand the evolution of the Eval-
RAR’s behavior during the GRPO training process,
we visualize the trends of reward, response length,
and valid search count over the 200 training steps
for the Qwen2.5-3B-Base model. As shown in Fig-
ure 3(a), reward exhibits a clear correlation with
response length. During the initial stage (steps
0-75), response length drops sharply from about
1400 tokens to a minimum of 650 tokens, while the
reward steadily rises—indicating that the model
first learns to prune redundant or irrelevant rea-
soning steps. Beyond step 125, response length
begins to rebound and eventually stabilizes. This
U-shaped pattern suggests the model progressively
learns to generate longer and more complete rea-
soning chains, which directly drives further reward
growth. Parallel to this, reward also relates to the
valid search count. Similar to the response length
trend, the number of valid searches initially de-
clines as the model optimizes its basic reasoning.
After step 125, however, the count rises from a
baseline of 1.1 to over 2.2 per trajectory by train-
ing end. This trend confirms that Eval-RAR effec-
tively encourages the model to actively invoke the
search engine to address knowledge gaps, thereby
strengthening multi-hop retrieval performance.

6.2 Comparison of Search-R1 and Eval-RAR

To further validate the efficiency of our approach,
we compare the training dynamics of Eval-RAR
against the Search-R1 baseline. As illustrated in
Figure 3(b), Eval-RAR consistently demonstrates
superior learning stability and reasoning depth
across both Base and Instruct configurations.

Reasoning Depth and Stability. As shown in
the response length trajectory, both Eval-RAR vari-
ants successfully transition from an initial pruning
phase to a significant increase in reasoning depth
after step 125. Notably, Eval-RAR-Base exhibits
a much smoother and more stable growth pattern
than the Instruct variant, which shows higher vari-
ance. This suggests that our evaluation reward
provides a more consistent signal for Base models
to develop complex reasoning chains compared to
instruction-tuned models.

Mastery of Multi-hop Retrieval. The advan-
tage of our method is most evident in the Valid
Search Count. While Search-R1-Base remains near
a count of 1.0, failing to break out of single-turn
patterns, Eval-RAR-Base displays a remarkably
steady and progressive increase, eventually exceed-
ing 2.25 searches per trajectory. The more stable
progression of the Base model further indicates that
the fine-grained evaluation reward is particularly ef-
fective at guiding raw models to develop structured,
multi-step search strategies from scratch.

7 Conclusion

This paper presents Eval-RAR, a reinforce-
ment learning framework that enhances retrieval-
augmented reasoning via a "Search-then-Evaluate"
paradigm. Through explicit self-evaluation, the
model learns to assess information sufficiency and
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identify knowledge gaps. We also propose a fine-
grained evaluation reward to stabilize training and
address the sparsity of outcome-based rewards.
Experiments show that Eval-RAR outperforms
state-of-the-art baselines, and further analysis re-
veals that it effectively masters multi-hop retrieval,
demonstrated by increased search frequency and
more thorough reasoning chains.

Limitations

Despite the notable performance improvements
demonstrated by Eval-RAR, our work acknowl-
edges two primary limitations. First, due to com-
putational constraints, all experiments were con-
ducted with 3B models. While the framework is
conceptually scalable, its empirical effectiveness
on significantly larger-scale models remains to be
validated. Second, the explicit self-evaluation step
introduces additional inference overhead. Future
work will focus on optimizing the efficiency of the
reasoning process to better balance performance
and computational cost.
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A Appendix

A.1 Instruction for Model Input

Prompt Template for Trajectory Generation

You are a helpful assistant excel at answer-
ing questions with multi-turn search engine
calling. To answer questions, you must first
reason through the available information us-
ing <think> and </think>. If you identify
missing knowledge, you may issue a search
request using <search> query </search> at
any time. The retrieval system will provide
you with the three most relevant documents
enclosed in <information> and </informa-
tion>. After each search, you must con-
duct an evaluation, reviewing the ques-
tion and the retrieved documents com-
prehensively to determine if the question
can be answered. If the question can be
answered, clearly cite the source content
from the search documents that supports
your answer. If the question cannot be an-
swered, specify what information is miss-
ing: entity information, relational infor-
mation, or specific time/location details.
Provide your evaluation using <evaluate>
and </evaluate>. You may send multi-
ple search requests if needed. Once you
have sufficient information, provide a con-
cise final answer using <answer> and </an-
swer>. For example, <answer> Donald
Trump </answer>. Question: {question}

A.2 Training Configuration

The training is performed on a cluster of four
NVIDIA A100-80GB GPUs. We use a total train-
ing batch size of 512, a validation batch size of
256, and a micro-batch size of 16, with the pol-
icy model’s learning rate set to 1 x 107, For
the GRPO group sampling, we generate G = 5
responses per prompt. The KL divergence regu-
larization coefficient is set to 5 = 0.001, and the
clipping ratio is € = 0.2. To maximize memory
efficiency, we enable gradient checkpointing and
utilize Fully Sharded Data Parallel (FSDP) with
CPU offloading for parameters, gradients, and opti-
mizer states. For high-throughput rollout sampling,
we integrate vVLLM (Kwon et al., 2023) with a ten-
sor parallel size of 1 and a GPU memory utilization
ratio of 0.6.

A.3 Case Study

Question: When did the person who gave the Checkers

speech die?

Ground Truth: April 22, 1994

Search-R1:

<think>The Checkers speech was given by Richard

Nixon in 1952 as a campaign event. Nixon was the Re-

publican candidate for president at the time.</think>
person who gave the Checkers speech

died

Doc 1(Title: "Checkers speech") know
why,"" which contributed to the failure of his 1960 presi-
dential run ... Doc 2(Title: "Checkers speech") Checkers
speech

... Doc 3(Ti-
tle: "Checkers speech") in later years, Hal Bochin (who
wrote a book about Nixon’s rhetoric) suggests that Nixon
succeeded at the time ...
<answer>September 23, 1952</answer>
Eval-RAR:
<think>The target question refers to a historical figure
who delivered a speech involving a *Checkers’ reference.
I need to identify this person first and then find out when
they passed away.</think>

When did the person who gave the Checkers
speech die

Doc 1(Title: "Checkers speech") know
why,"" which contributed to the failure of his 1960 presi-
dential run ... Doc 2(Title: "Checkers speech") Check-
ers speech

... Doc
3(Title: "Checkers speech") in later years, Hal Bochin
(who wrote a book about Nixon’s rhetoric) suggests that
Nixon succeeded at the time ...
<evaluate>From the information gathered, the target
person delivering the Checkers speech is Richard
Nixon. Now, the main concern is to find the death
date of Richard Nixon.</evaluate>

When did Richard Nixon die
Doc 1(Title: "Death and state funeral of
Richard Nixon")

... Doc 2(Title: "Death and
state funeral of Richard Nixon") brain ... Doc 3(Title:
"Richard Nixon") Hospital-Cornell Medical Center in
Manhattan ...
<evaluate> With the target person identified as
Richard Nixon and the date of death confirmed, we
can now answer the target question.</evaluate>
<answer>April 22, 1994</answer>

Table 3: Case study: Green for correct answer, Red for
incorrect.

A.4 Dataset Statistics

Table 4 lists the dataset statistics used in this work.
The training set for Eval-RAR combines NQ and
HotpotQA'’s train splits, comprising 169,615 exam-
ples. The evaluation set, which includes 51,713
examples, is composed of the test splits from NQ,
TriviaQA, PopQA, and Bamboogle, supplemented
by the development splits from HotpotQA, 2Wiki,
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and Musique where test data was not provided.

Dataset Train Dev Test
Single-hop QA

NQ 79,168 8,757 3,610
TriviaQA 78,785 8,837 11,313
PopQA - - 14,267
Multi-hop QA

HotpotQA 90,447 7,405 -
2Wiki 15,000 12,576 -
Musique 19,938 2,417 -
Bamboogle - - 125

Table 4: Statistics of the seven datasets.
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