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Abstract

Large Language Model (LLM)-based search agents have proven
promising for addressing knowledge-intensive problems by incor-
porating information retrieval capabilities. Existing works largely
focus on optimizing the reasoning paradigms of search agents, yet
the quality of intermediate search queries during reasoning remains
overlooked. As a result, the generated queries often remain inaccu-
rate, leading to unexpected retrieval results and ultimately limiting
search agents’ overall effectiveness. To mitigate this issue, we intro-
duce SmartSearch, a framework built upon two key mechanisms:
(1) Process Rewards, which provide fine-grained supervision for
the quality of each intermediate search query through Dual-Level
Credit Assessment. (2) Query Refinement, which promotes the
optimization of query generation by selectively refining low-quality
search queries and regenerating subsequent search rounds based on
these refinements. To enable the search agent to progressively in-
ternalize the ability to improve query quality under the guidance of
process rewards, we design a three-stage curriculum learning frame-
work. This framework guides the agent through a progression from
imitation, to alignment, and ultimately to generalization. Experi-
mental results show that SmartSearch consistently surpasses exist-
ing baselines, and additional quantitative analyses further confirm
its significant gains in both search efficiency and query quality. The
code is available at https://github.com/RUC-NLPIR/SmartSearch.
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User’s Query

An Annapolis Story stars which American stage, film, and television actor born on
February 15, 1914?

—2
{29} search Agent’s Response

<think> ... Let me check the birthdate of Kevin McCarthy, who stars in "An
Annapolis Story". </think>

\ (#3 High-qualit
ﬂ igh-quality Query

<search> Actor Kevin McCarthy
birth date </search>

S

0 Low-quality Query
<search> birthdate of Kevin McCarthy
</search>

@%] Unexpected Result E¥ Expected Result
<result> Kevin Owen McCarthy (born
January 26, 1965) is an American
politician serving ... </result>
A Misled Reasoning
<think> ... Kevin McCarthy was born
on January 26, 1965 ... </think>

£3 Wrong Answer

<answer> Not Found </answer>
\

<result> Kevin McCarthy (February 15,
1914 - September 11, 2010) was an
American actor who ... </result>
- Sound Reasoning
<think> ... Kevin McCarthy was born
on February 15, 1914 ... </think>
@ Correct Answer

<answer> Kevin McCarthy </answer>
N J

Figure 1: An example from ASearcher [14] dataset demon-
strating how low-quality intermediate search queries lead to
unexpected retrieval results and derail the entire trajectory.

1 Introduction

Large Language Models (LLMs) have shown strong performance
across a variety of tasks [1, 2, 6, 44, 45], including translation [56, 62],
summarization [40, 64], and question answering [23, 37]. However,
challenges remain, particularly with issues like hallucinations [17,
34] and the absence of recent or field-specific knowledge, which
may result in inaccurate or outdated answers. Retrieval-augmented
generation (RAG) 3, 15, 19] has been introduced to address these
challenges by incorporating external knowledge to complement
the model’s internal knowledge [35, 52]. However, static RAG often
faces limitations in its ability to handle more complex, dynamic,
and deep exploration tasks.

Recently, LLM-based search agents have proven to be a promis-
ing method [4, 21, 27, 28, 38, 39]. These agents can autonomously
and iteratively invoke external search tools, thereby addressing
more challenging knowledge-intensive problems that demand adap-
tive retrieval and in-depth reasoning. Current research on search
agents has made considerable progress in optimizing the reasoning
paradigms of search agents through methods like prompt engineer-
ing [27] and fine-tuning [4, 21, 38, 39]. However, they often overlook
the quality of intermediate search queries during reasoning, yet
low-quality queries can lead to unexpected retrieval results or even
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derail the entire trajectory. Figure 1 illustrates how minor inaccura-
cies in an intermediate search query (e.g., omitting ‘actor’) can lead
a search agent to retrieve and accept unexpected information, ulti-
mately resulting in an incorrect answer. This highlights the critical
role that search query quality plays in the deep information-seeking
process. Some studies [9, 57, 65, 67] have attempted to incorporate
process rewards into search agent training. However, they tend
to focus more on shaping better reasoning behavior rather than
improving the quality of intermediate search queries, and exist-
ing efforts [67] on intermediate search queries remain preliminary
and ineffective. Furthermore, research [20, 41] has shown that ex-
isting training paradigms often prioritize information utilization,
persistently neglecting the optimization of retrieval patterns. This
undoubtedly impedes the search agent’s ability to achieve deep
and reliable information retrieval, thereby compromising its over-
all effectiveness. Such issues highlight the need for methods that
specifically focus on optimizing query quality during training.

In this work, we present SmartSearch, a framework that op-
timizes search query quality through the guidance of process re-
wards, thereby enhancing the deep information-seeking capabilities
of search agents. Specifically, SmartSearch incorporates two key
mechanisms to provide step-level feedback on intermediate search
queries and promote the optimization of query generation. (1) Pro-
cess Rewards: To provide fine-grained supervision for the quality
of each intermediate search query, we introduce Dual-Level Credit
Assessment, which comprises two complementary components.
The first one is a rule-based assessment for query novelty, which
detects redundancy by checking whether the retrieved documents
contain excessive overlap with previous rounds. The second one
is a model-based evaluation for query usefulness, which judges
whether the query intent is necessary and whether the retrieved
results provide the expected answer. This mechanism outputs both
numerical scores and textual feedback, which serve as guidance for
subsequent query refinement. (2) Query Refinement: To further
promote the optimization of query generation during training, the
agent first generates a complete search trajectory, then identifies
low-quality search rounds according to the numerical scores from
the process rewards. Subsequently, we employ a model to refine
those queries under the textual guidance provided by the process re-
wards, after which the search agent continues generating from the
refined queries. To improve the efficiency of query assessment and
refinement, a smaller model is trained for scoring and refinement,
reducing computational cost while maintaining effectiveness.

Building on the foundation of the two mechanisms, we intro-
duce a three-stage curriculum learning framework. The framework
guides the search agent through a progression from imitation and
alignment to generalization, enabling it to progressively internalize
the ability to enhance query quality under the guidance of process
rewards. (1) Query Quality Screened Imitation Learning: The
initial stage leverages Supervised Fine-Tuning (SFT) to guide the
search agent during its early learning of information retrieval and
utilization. The training data is filtered based on both final answer
correctness and query quality measured by the process rewards. It
ensures the model to learn from trajectories that not only lead to
correct answers but also maintain high-quality search processes.
(2) Query Generation Alignment: In this stage, the search agent
cultivates advanced query generation capabilities through Direct
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Preference Optimization (DPO). We employ the query refinement
mechanism to generate comparative data, with process rewards and
outcome rewards jointly defining which trajectories are of higher
quality. (3) Query-Aware Policy Optimization: The final stage
utilizes Reinforcement Learning (RL) to further strengthen its inte-
grated capabilities of information retrieval and utilization. During
the rollout phase, the query refinement mechanism is employed,
with the process rewards incorporated into the reward function.

To thoroughly assess the capabilities of SmartSearch, we per-
form experiments on four challenging knowledge-intensive tasks
and two web exploration tasks. Experimental results indicate that
SmartSearch consistently surpasses all baselines in overall perfor-
mance and exhibits strong generalization to open-web settings.
Additionally, we perform a range of ablation studies and quanti-
tative analyses to comprehensively validate SmartSearch’s effec-
tiveness. Our findings highlight the critical contribution of our two
key mechanisms and three curriculum learning stages, as well as
their superiority in terms of search efficiency, search query quality,
and other dimensions.

To summarize, the primary contributions of this study include:

(1) We present a pioneering focus that optimizes the quality
of intermediate search queries through process reward guidance,
thereby improving the information-seeking ability of search agents.

(2) We propose SmartSearch, a framework that incorporates two
key mechanisms: process rewards and query refinement, to enable
process reward-guided search refinement.

(3) We design a three-stage, query-oriented curriculum learning
framework that guides the agent through a progression from imita-
tion and alignment to generalization, progressively internalizing
the ability to improve query quality.

(4) Experiments across six challenging benchmarks demonstrate
that SmartSearch consistently surpasses existing baselines, and
further quantitative analyses confirm significant improvements in
both search efficiency and query quality.

2 Related Works
2.1 LLM-based Search Agents

LLMs have demonstrated strong performance across various tasks
[1, 2, 6, 44, 45], yet challenges like hallucinations [17, 34] and static
parametric knowledge remain. While the RAG [3, 15, 19] para-
digm addresses these issues by incorporating external knowledge,
it still struggles with complex, dynamic, and deep exploration tasks.
Recently, LLM-based search agents have emerged as a promising so-
lution [4, 21, 27, 28, 38, 39]. This advanced paradigm enables models
to autonomously and iteratively invoke external tools, effectively
tackling challenging knowledge-intensive problems.

Research on search agents has progressed through methods in-
cluding prompt engineering and fine-tuning. Early prompt-based
methods [27, 30, 47] focused on carefully designed prompts and
structured workflows to steer the agent’s behavior. However, these
methods don’t fundamentally enhance the model’s underlying
capabilities, leading many studies to shift towards fine-tuning-
based approaches. A prominent line of work has demonstrated
that SFT [12, 13, 18, 29] on expert trajectories enables agents to
learn through imitation and yields promising performance. Build-
ing upon this foundation, recent studies [4, 10, 21, 38, 39] have
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employed RL to further advance search agent capabilities. However,
existing methods tend to overlook intermediate search query qual-
ity, which can lead to unexpected retrieval results or even derail
the entire trajectory. Moreover, research [20] indicates that current
training paradigms tend to prioritize information utilization, which
can lead to stagnation in information retrieval abilities. Thus, we
present a framework designed to optimize the quality of intermedi-
ate search queries under the guidance of process rewards, thereby
enhancing the overall performance of search agents.

2.2 Process Rewards in RL

Recent advancements in RL have achieved significant success in
large reasoning models [7, 42, 43], and have also demonstrated
effectiveness in enhancing the performance of LLM-based search
agents [4, 10, 21, 27, 28, 38, 39]. However, reward signals based solely
on final outcomes often result in sparse feedback in multi-round
search tasks, providing insufficient guidance for intermediate steps
and leading to unstable and inefficient policy optimization [63].
To overcome this limitation, recent studies [9, 57, 65, 67] have
explored the use of process-based rewards. Some approaches em-
ploy Monte Carlo Tree Search to estimate intermediate actions’
value [25, 65], while others rely on a corpus of annotated golden
steps or intermediate information to compute rewards based on
alignment with this reference [48, 50, 61, 66, 67]. Still others lever-
age external reward models to provide fine-grained evaluation for
each step [9, 54, 55, 57, 58].

These approaches have proven effective in enhancing the effec-
tiveness and stability of RL training. Yet, most of these approaches
tend to focus primarily on the quality of the reasoning process
rather than the quality of intermediate search queries [9, 58], with
existing efforts on intermediate search queries remaining prelim-
inary and ineffective [67]. In this context, our process rewards
mechanism provides fine-grained supervision for query quality
through Dual-Level Credit Assessment, playing a central role in
the query-oriented training framework.

3 Preliminaries

3.1 Task Formulation

We adopt ReAct [60] as the framework for the search agent. Given a
user query g, the search agent, guided by an LLM policy 7y, interacts
with an external search tool through several iterations of Thought-
Action-Observation to gather information and ultimately generate
an answer. Specifically, during each iteration, the search agent
starts by engaging in thinking to generate a “Thought” according
to the existing context. It then produces the next “Action”, which
involves querying the search tool. The agent subsequently waits
for the environment to return the “Observation”, consisting of the
Top-K retrieved document fragments for the search query. The
iteration concludes when the search agent has gathered sufficient
information required to address the user’s question and selects the
“final answer” as the action. A complete trajectory over T iterations
is denoted as:

1

Here, 7;, a;, and o; correspond to the Thought, Action, and Observa-
tion of the i-th iteration. In iteration ¢, the LLM policy 7y (a, t|H;-1)

Hr =(q, %, ao, 00, . .., 7, i, 0, . . ., TT, AT).

1973
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produces the thought 7; and action a;, which is conditioned on the
entire history of prior context H;_;.

Following prior work [10], we use the prompt as shown below
for SmartSearch.

Prompt for SmartSearch.

You are a helpful assistant that can solve the given ques-
tion step by step with the help of the wikipedia search
tool. Given a question, you need to first think about the
reasoning process in the mind and then provide the an-
swer. During thinking, you can invoke the wikipedia search
tool to search for fact information about specific topics if
needed. The reasoning process and answer are enclosed
within <think> </think> and <answer> </answer> tags
respectively, and the search query and result are enclosed
within <search> </search> and <result> </result> tags
respectively. For example, <think> This is the reasoning
process. </think> <search> search query here </search>
<result> search result here </result> <think> This is the
reasoning process. </think> <answer> The final answer is

answer here

</answer>. In the last part of the answer, the final exact
answer is enclosed within \boxed{ } with latex format.

3.2 Agentic Reinforcement Learning

Policy Optimization. In the context of Agentic RL [63], Group
Relative Policy Optimization (GRPO) [36] is typically employed
for policy optimization. In our approach, we also employ GRPO
during the Query Aware Policy Optimization stage, with a specific
focus on the augmentation of the rollout and reward modules to
optimize the quality of intermediate search queries. Specifically,
GRPO optimizes the policy model through maximization of the
objective function below:

loi]

1 ) .

Jareo (0) = E(g.a)~D.{0;}~mgy, (-19) Torl mln(rt(e)Ai,
1

1 G
G 2
i=1

clip (r;(0),1—¢,1+¢€) Ai) - ﬁDKL(n9||ﬂref)}, (2)

t=1

In this formulation, for each input pair (g,a) drawn from the
dataset D, G trajectories {0;}<, are generated from the old policy
7o, ( | g). Here, € is a small hyperparameter that defines the clip-
ping range [1 — €, 1 + €] for the probability ratio r;(8), preventing
excessively large policy updates and improving training stability.
Additionally, . is a fixed reference policy typically initialized as
the policy before GRPO updates, and the term —f Dxy. (79 || 7vef) acts
as a regularizer that penalizes the new policy 7y from deviating
too far from 7r, thereby mitigating catastrophic forgetting and
ensuring stable learning. The importance weight r;(0) is defined
as the following:

79(0ir | q,0i<t)

r:(0) = .
+(6) 70,4 (0it | 4, 0i<t)

©)
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(a) Process Rewards

Trajectory q Tg Qg Oy T a4 01| T, QA 0y
Dual-level Credit Assessment

Novelty Check by Rule Usefulness Check by Model

Novelty Score - S"°Ve! Usefulness Score - Suseful

Explanation - 7ovel
ap a; a;

Explanation - useful
Qg ap a,

Overall Score Sy §; S,
Explanation 7, 7, 7,
ap a; a;
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(b) Query Refinement

Trajectory, q | Tg | @g 09 Ty Gy 01| T | Gz | 0,

Process Rewards The query is not useful, and ...

q  To Ay 09| Ty | ay | 01| Tp| A2 | 03

v X v

Refine Model

q To ag| 09| 71| aj
Revised
Regenerate Subsequent Steps A

~
r ! ! r !
q To ayp| 09 Ty a3 01 T Q; 0

Figure 2: An overview of the two key mechanisms in SmartSearch: the process rewards (a) and the query refinement (b).

The normalized advantage score A; is denoted as:

Ai _ ri— mean({rj}?:l). @
std({rj}?:l)

Here, r; denotes the scalar reward for the i-th rollout. Furthermore,
agentic RL typically masks observations originating from the ex-
ternal environment during loss computation, thereby effectively
preventing unstable training.

Reward Design. As discussed earlier, in agentic RL, each roll-
out corresponds to a scalar reward r. Prior research [4, 21, 38, 39]
predominantly relies on combining two key types of rewards: the
outcome reward routcome, reflecting the trajectory’s answer cor-
rectness, and the format reward rformat, assessing the trajectory’s
structural correctness. These rewards are typically weighted and
combined using a simple hyperparameter A as follows:

¥ = Toutcome + A * Tformat- (5)

In some recent works [9, 57, 58], process rewards have been incor-
porated into the reward function to provide fine-grained feedback
on intermediate steps. The reward function is then extended to in-
clude the process rewards, with a composite reward incorporating
both the outcome reward and the process rewards, while the format
reward is weighted by a hyperparameter:

T = Tcomposite + A Tformat- (6)

Here, r'composite is computed as the aggregation of multiple step-wise
process rewards and the final outcome reward roytcome:

process process

Tcomposite = f(r{)mcess, ry seeeslp » Toutcome ) (7)

where n represents the total steps in the trajectory, and rfmess de-
notes the process reward for the i-th step. The aggregation function
f combines these individual rewards, and its specific form may
vary across different works.

4 Our Method
4.1 Overview

We propose SmartSearch, a framework that enhances search agent

performance by optimizing the quality of intermediate search queries
through process reward guidance. As illustrated in Figure 2, Smart-
Search incorporates two key mechanisms: (1) Process Rewards

(§4.2), which provide fine-grained supervision for the quality of each

intermediate search query through Dual-Level Credit Assessment.
(2) Query Refinement (§4.3), which promotes the optimization of
query generation by selectively refining low-quality queries and

regenerating subsequent search rounds based on these refinements.
To further internalize the ability to improve query quality, we pro-
pose a three-stage curriculum learning framework (§4.4) built upon

these mechanisms. As shown in Figure 3, it comprises Query Qual-
ity Screened Imitation Learning, Query Generation Align-
ment, and Query Aware Policy Optimization. Below, we will

first introduce the two key mechanisms, followed by a detailed

description of the three-stage curriculum learning framework.

4.2 Process Reward for Assessing Query Quality

In this section, we introduce the process rewards mechanism to
assess the quality of each intermediate search query, providing
both numerical scores and textual feedback. These outputs guide
the subsequent query refinement, and play a key role within the
three-stage curriculum learning framework by selecting trajectories
with high-quality search processes and providing finer-grained
supervision signals, which will be introduced later.

Design Principles. Our assessment of search query quality is
guided by a comprehensive set of three fundamental principles:

e Query Novelty: The query should avoid redundancy with pre-
vious queries and introduce novel information.

o Intent Necessity: The query’s search intent must be necessary
for progressing toward the final answer.

o Retrieval Relevance: The retrieved documents should align
with the search intent, effectively containing the expected infor-
mation or answer.

1974
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These principles are well-motivated and collectively capture the
essential aspects of a high-quality query, while also being readily
applicable via either rule-based checks or simple model judgments.

Dual-Level Credit Assessment. We operationalize these princi-
ples through Dual-Level Credit Assessment, which consists of two
complementary components.

(1) Rule-based Evaluation: The first is a rule-based evaluation
for query novelty, which identifies redundant queries by measuring
the document overlap between the current and previous search
rounds. Formally, for the ¢-th step, the novelty score S{‘OVEI and its
corresponding textual explanation ‘7;“0"‘“'1 are defined as:

(0, the query is redundant), if O; > K,

( Snovel 7;nove1) _ {

(1, the query is novel), if O, <K.

Here, K is a threshold hyperparameter, and O represents the num-
ber of documents retrieved at step ¢ that share the same content
with those retrieved in any previous step, defined as:

n -1

0'=>"1(D! €

i=1

©

where Df refers to the i-th document retrieved at step ¢, and I(+) is
the indicator function.

(2) Model-based Evaluation: The second component is model-
based evaluation for query usefulness, which assesses the necessity
of the query intent and checks whether the retrieved results provide
the expected answer. For the ¢-th step, the evaluation score Syl
and its corresponding textual explanation 7;"%! are defined as:

(10)

where LLM_y,] is the model used for evaluation, q is the user’s query,
a denotes the golden answer, and H; indicates the trajectory up to
step t. The score S}'seful is set to 1 if the query meets the criteria, and
0 otherwise, while the explanation ﬁ“seful is directly parsed from
the model’s output. To enhance efficiency, we employ a smaller
model fine-tuned via SFT for both scoring and the subsequent query
refinement task. Specifically, we input task-specific prompts into
a more powerful teacher model and use its outputs as annotation
labels. The smaller model is then trained on these prompt-output
pairs, enabling it to achieve effective performance at a reduced
computational cost. More details about the model will be introduced
in Section 5.1.

Finally, the overall assessment score S; and its corresponding
textual explanation 7; are derived by aggregating the evaluations
for query novelty and usefulness. The overall score is determined
by a logical conjunction of the component scores:

S;lseful, 7;useful — LLMeval(qa a, Ht)s

(11)

. 1 _ ful _
S, = 1, 1fS;‘°"e. =1ASH =1,
otherwise.

The final explanation is synthesized by concatenating the textual

feedback from both components:
7[— — 7;n0ve1 ” 7;useful’ (12)

where || denotes the concatenation operator.
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4.3 Process Reward-Guided Query Refinement

This section introduces the query refinement mechanism, which
is designed to promote the optimization of query generation. It
is achieved by systematically identifying and refining low-quality
queries, then regenerating subsequent search steps from these re-
fined points. This mechanism serves a pivotal function within the
three-stage curriculum learning framework by generating compar-
ative data for training and acting as a rollout strategy.

Formally, this process can be represented as follows. The search
agent starts by generating a complete trajectory Hr, represented
as (q, 7o, Ao, 0o, - - -, Ti, 4i, 0j, . . ., 71, ar). Each search query in this
trajectory is then evaluated by the process rewards mechanism,
yielding a sequence of scores (Sy, S, . .., Sr—1) and corresponding
textual explanations (75, 71, . . ., 77—1) with Equation (11) and (12).
For each low-quality query a; where the score S; = 0, a refinement
step is triggered. The refined query a; is generated by a language
model as follows:

a; = LLMreﬁne(qs Hi’ 7:) (13)

Here, LLMcfine is the same lightweight SFT-tuned model introduced
earlier, q is the user’s original query, H; is the trajectory history
up to step i, and 7; is the textual feedback diagnosing the quality
issue for the low-quality query a;. The search agent subsequently
regenerates the search process from this refined query a;, yielding a
new trajectory Hy, represented as (g, 7o, @9, 00, - - -, Ti> @}, 05, - . ., Ty,
a’.). The primary distinction between the initial and revised trajec-
tories originates from the refined query aj, resulting in a different
reward for a; and aj, thereby promoting the optimization of query
generation within the curriculum learning framework.

Specifically, to enable the model to effectively refine the low-
quality search query based on the textual feedback provided by the
process rewards mechanism, we distill key empirical insights into a
set of practical actionable guidelines based on a thorough analysis
of representative cases:

o If the textual feedback indicates that the query is redundant or
unnecessary, the refined query should serve for a more necessary
intent and eliminate redundancy.

o If the textual feedback indicates that the retrieved results do not
contain the expected information, the model should strategically
reformulate the query to better capture the target content. This
reformulation may involve switching between a complete seman-
tic question and a keyphrase-based query, or adaptively adding
or removing information from the original query.

4.4 Query-Oriented Training Framework

This section presents a three-stage curriculum learning framework
that integrates the two preceding mechanisms, enabling the agent
to progressively internalize the ability to improve query quality
through a progression from imitation, to alignment, and ultimately
to generalization. The following paragraphs detail the three pro-
gressive stages: Query Quality Screened Imitation Learning, Query
Generation Alignment, and Query Aware Policy Optimization.

Stage-1: Query Quality Screened Imitation Learning. In this
stage, we employ SFT to guide the model in its initial learning of
information retrieval and utilization. A critical step in SFT is the se-
lection of high-quality trajectories for training. Following common
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Stage 1: Query Quality Screened Imitation Learning
v
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Figure 3: The overall framework of query-oriented three-stage curriculum learning, including Query Quality Screened Imitation
Learning, Query Generation Alignment, and Query Generation Alignment.

practice, we begin by selecting trajectories that yield correct final
answers and adhere to the proper format, thus guiding the model
towards correct patterns from the outset. However, many trajec-
tories, despite yielding correct final answers, contain low-quality
intermediate search queries. Learning from such trajectories could
lead the model to pick up suboptimal behaviors, thereby impair-
ing its overall performance. To address this, we further leverage
process rewards to selectively retain only those trajectories com-
prised entirely of high-quality intermediate search queries, i.e.,
Vt € [0,...,T],S; = 1. This ensures that the trajectories compris-
ing our final training dataset D not only yield correct final answers
but also exhibit high-quality intermediate search queries. We then
apply the standard SFT objective, which is formulated as:

Lspr(0) = —E(q)~p [log Pe(y | 9)],

where q is the user’s original query, y is the agent’s high-quality
response, and 6 denotes the model parameters.

(14)

Stage-2: Query Generation Alignment. In this stage, the search
agent cultivates advanced query generation capabilities through
DPO training. Unlike common approaches that directly generate tra-
jectories from scratch, we employ the query refinement mechanism
when constructing comparative data. For each user’s query g, the
search agent first generates an initial trajectory y,. Following this,
each low-quality query within y, is refined and the search agent
regenerates subsequent search steps from the refined query, pro-
ducing a sequence of trajectories yj, . . ., y,, where n is the number
of low-quality queries. This process ensures that for a given input g,
the key differences among the candidate trajectories yo, y1, . .., Yn
originate specifically from the refined queries, thereby directly
promoting the optimization of query generation.

1976

Next, for each user’s query g, we choose one positive sample y,,
and one negative sample y; among the corresponding candidate
trajectories yo, Y1, - . ., Yn. Diverging from approaches that rely only
on the correctness of the final answer, our selection criteria incorpo-
rate both the final-answer correctness and the quality of intermediate
search queries, guided by the following principles:

e A trajectory with a correct final answer is preferred over one
with an incorrect answer.

e Among trajectories with correct final answers, those with fewer
low-quality (i.e., S; = 0) queries are preferred.

o Among trajectories with incorrect final answers, those containing
more high-quality (i.e., S; = 1) queries are preferred.

We then optimize the model using the standard DPO objective:

79(Yw | 9)

”ref(yw | q)

mo(y1 | ) ) ] (15)
T[ref(yl | q)
Here, q is the user’s original query, y,, is the positive sample, y; is
the negative sample, f§ represents the hyperparameter, o refers to
the sigmoid function, 6 is the model parameters, and s indicates

the reference model, which is initialized to mg and kept frozen
throughout the entire training process.

LDPO(Q) == E(q,yw,yl)~fD [ log o (ﬂ log

—flog

Stage-3: Query Aware Policy Optimization. In the final stage,
we further enhance the search agent’s integrated capabilities of
information retrieval and utilization through Query Aware Policy
Optimization. Specifically, we train it on a curated set of challenging
questions that remained unresolved after multiple sampling trials.
Unlike the standard GRPO algorithm that generates G independent
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trajectories from scratch, our method employs the query refinement
mechanism as its rollout strategy. For each user’s query, the search
agent first generates an initial trajectory y, and then expands it
into yo, Y1, . . ., Y, through sequential refinement and regeneration.
Different from the Query Generation Alignment stage, we retain
at most M trajectories from this set to avoid too many trajectories
sharing a common prefix, thereby ensuring behavioral diversity
and promoting the holistic improvement of the agent’s capabilities.
If the total number of trajectories collected remains less than G, we
repeat this generation-and-expansion process, until a complete set
of G trajectories is obtained.

For reward design, we integrate process supervision into the
reward function. Following Eq. (6), our reward function is:

(16)
where A is a weighting coefficient, rfoymat € {0, 1} indicates the

correctness of the output format, and rcomposite defined in Eq. (7)
integrates both outcome and process reward as follows:

T = Tcomposite T A Tformats

_ maX(routcome -y nwronga ¢min): Toutcome = 1,
rcomposite = (17)

mln(routcome + Y * Neorrects d’max)a Youtcome = 0-

Here, routcome € {0, 1} denotes the final answer’s correctness, nyrong
and neorrect represent the number of low- (i.e., S; = 0) and high-
quality (i.e., S; = 1) queries respectively, y is a scaling factor for
process rewards, and @min, Pmax bound the influence of process
rewards. This reward design incentivizes the agent not only to pri-
oritize final answer correctness but also to refine its search process
by reducing low-quality queries in successful trajectories. More-
over, even when unable to provide a final correct answer, the agent
is motivated to generate more high-quality queries that may pro-
gressively approach the solution. We then optimize the model using
the standard GRPO objective introduced in Section 3.2.

5 Experiments

5.1 Experimental Setup

Dataset. To comprehensively evaluate the effectiveness of Smart-
Search, we conduct experiments on two types of benchmarks: (1)
knowledge-intensive tasks, including 2WikiMultihopQA [16], Hot-
potQA [59], Bamboogle [32], and Musique [46], which typically rely
on local search over the Wikipedia corpus; and (2) web exploration
tasks, including GAIA [31] and WebWalker [53], which usually
require web search to gather information from online sources.

Metrics. For a consistent comparison with previous studies, we
use the widely adopted Exact March (EM) and word-level F1 score
to evaluate the correctness of the final answer. To assess search
efficiency, we follow prior work [5] and employ the Search Effi-
ciency metric, defined as: Sg = # Zfil % Here, N represents the
total number of samples, F; denotes the F1 score for sample i, and T;
represents the search call count for sample i. Additionally, to assess
the quality of intermediate search queries, we introduce the Search
Quality metric, defined as: Sp = ﬁ (Cperfect + Cpamal) where N rep-
resents the total number of samples, Cperfect denotes the number
of samples where the final answer is correct and all intermediate
search queries are of high quality, and Cpartial denotes the number
of samples where the final answer is incorrect but the trajectory
contains high-quality intermediate search queries. In particular, we
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define the Perfect Rate as %Cperfect and the Partial Rate as ﬁCpamal,
which jointly contribute to the overall Search Quality metric from
two different aspects.

Baselines. We compare SmartSearch against a set of represen-
tative baselines, which can be broadly categorized into three dis-
tinct categories: (1) prompt-based approaches, including Direct
Inference, CoT [51], IRCoT [47], RAG [26], and Search-o1 [27].
(2) RL approaches with outcome rewards, including ReSearch [4],
ZeroSearch [39], R1-Searcher [38], and Search-R1 [21]. (3) RL ap-
proaches with process rewards, including PPR [57], ReasonRag [65],
and StepSearch [67].

Implementation Details. Qwen2.5-3B-Instruct serves as the
base model in SmartSearch and other baselines. Additionally, to
improve efficiency, we train a smaller student model, Qwenz2.5-3B-
Instruct, to perform both scoring and query refinement tasks, with
training labels annotated by the teacher model, Qwen3-32B. This
teacher-student distillation strategy significantly reduces inference
latency while maintaining competitive performance.

Our training is conducted under the LLaMA-Factory and VERL
frameworks, using Asearcher-Base as the training dateset of our
three-stage curriculum learning framework. In the process reward
mechanism, we empirically set the hyperparameter K to 1, which is
used as a threshold to determine whether a query is novel based on
the overlap count between the current retrieval results and those
of previous queries.

In the Query Quality Screened Imitation Learning stage, we em-
ploy ARPO-14B [11] as the policy model for trajectory sampling.
The trajectories obtained through this sampling process are then
used to fine-tune the Qwen2.5-3B-Instruct model through SFT, re-
sulting in the SFT model. Approximately 10k screened trajectories
are selected for this SFT training. The training is conducted with
a learning rate of 7e-6 over a total of 3 epochs, and the maximum
input length during training is set to 16384 tokens. We utilize Deep-
Speed ZeRO-3 [33] and FlashAttention2 [8] to accelerate training,
with a total batch size of 64 and applying BF16 precision.

In the Query Generation Alignment stage, we perform DPO
training using approximately 2k trajectories generated by the SFT
model as positive and negative samples, resulting in the DPO model.
This process involves LoRA fine-tuning with a learning rate of
7e-6 trained for 3 epochs, and the maximum input length during
training is set to 10000 tokens. As in the previous stage, we leverage
DeepSpeed ZeRO-3 and FlashAttention2 for efficient training, with
a total batch size of 32 and BF16 precision.

In the Query Aware Policy Optimization stage, we focus on a
curated set of challenging questions that remained unresolved after
four sampling trials, with approximately 2k such trajectories se-
lected for training. Through RL, the DPO model is further optimized
to produce the final SmartSearch model. We set the hyperparam-
eters ¢min = 0.7 and ¢y = 0.3, which bound the influence of
process rewards in reward function. Additionally, we set M = 2,
which limits the maximum number of retained trajectories sharing
the same prefix. The training is conducted with a learning rate of
le-6, where each sample undergoes 8 rollouts to explore different
trajectories. The total training batch size is 64, with a PPO mini-
batch size of 16. We set the maximum output length to 8192 tokens
and limit the number of tool calls to 5 during each rollout.
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Table 1: Performance comparison of SmartSearch and existing approaches on four knowledge-intensive benchmarks, with bold
for the best and underlined for the runner-up. Numbers in () indicate the improvement compared with the runner-up.

Method 2WikiMQA HotpotQA Bamboogle Musique Average
EM F1 EM F1 EM F1 EM F1 EM F1
Prompt-based Approaches
Direct Inference 19.3 24.7 14.6 24.5 4.0 11.6 2.3 7.9 10.1 17.2
CoT 18.1 24.9 12.8 24.0 14.4 25.5 2.2 7.8 11.9 20.6
IRCoT 20.0 27.2 19.3 28.0 16.8 25.9 5.8 12.7 15.5 23.5
RAG 22.5 31.4 243 36.7 7.2 17.2 4.5 12.2 14.6 244
Search-o1 20.9 29.4 22.0 33.6 28.8 36.1 5.1 12.6 19.2 27.9
RL Approaches with Outcome Rewards
ReSearch 29.4 36.7 28.5 40.8 12.8 22.9 10.0 17.3 20.2 29.4
ZeroSearch 29.2 36.5 27.5 39.1 14.4 25.4 10.4 18.2 20.4 29.8
R1-Searcher 29.8 37.1 27.0 38.7 31.2 39.2 8.0 16.4 24.0 32.9
Search-R1 27.3 35.5 31.9 41.1 294 38.8 9.3 16.6 24.5 33.0
RL Approaches with Process Rewards
ReasonRag 36.5 43.2 32.2 41.7 30.4 39.1 11.3 18.6 27.6 35.7
PPR 33.7 41.8 38.1 50.3 31.2 39.4 14.7 22.0 294 38.4
StepSearch 32.1 38.9 35.1 45.9 36.8 48.4 16.6 249 30.1 39.5

SmartSearch (Ours) 45.3(124%) 52.3(121%)

40.7(177%) 52.4(14%) 44.8(122%) 56.1(116%) 19.1(115%) 27.8(112%) 37.5(125%) 47.2(119%)

Table 2: Performance comparison of SmartSearch and base-
lines on web exploration tasks, with bold for the best.

Method GAIA WebWalker Average
EM F1 EM F1 EM F1
Search-ol 4.7 8.0 6.3 18.3 5.5 13.2
Search-R1 6.3 9.8 7.5 21.6 6.9 15.7
StepSearch 9.4 12.5 9.1 25.8 9.3 19.2
SmartSearch 134 16.7 115 31.0 125 23.9

During the inference stage, we set the maximum output length
per round to 8192 tokens and limit the total trajectory length to
16384 tokens, with a maximum of 10 tool calls per trajectory. For
local search, we utilize the 2018 Wikipedia dump [24] provided by
FlashRAG [22] as the knowledge corpus, and employ E5-base-v2
[49] as the retriever to obtain top 5 documents. For web search, the
Serper API is employed to retrieve the top 10 document snippets.

5.2 Main Result

Overall Performance. Table 1 presents the main results, demon-
strating that SmartSearch consistently surpasses existing approaches
across four datasets, and yielding several important insights.

(1) Prompt-based approaches exhibit limited performance.
Direct Inference and CoT, which are based entirely on the model’s
internal knowledge, achieve an average EM of only around 10%,
highlighting the inherent challenges of LLMs, including halluci-
nations and static parametric knowledge. RAG and IRCoT yield a
gain of around 5% in average EM, demonstrating the necessity of
integrating external knowledge. Among prompt-based methods,
Search-ol attains the highest performance, reaching an average

1978

EM score of 19.2%, reflecting the effectiveness of search agents.
However, it still lags behind other fine-tuning-based approaches.

(2) Incorporating process rewards effectively enhances RL
training. While outcome-driven RL methods such as ReSearch,
Search-R1, and R1-Searcher improve performance over prompt-
based approaches, indicating the benefits of RL for LLM-based
search agents, they often remain inferior to RL approaches that
integrate both outcome and process rewards by a margin of around
5% in both average EM and F1 score. This underscores that reward
signals based solely on final outcomes result in sparse feedback.
Such sparse feedback provides insufficient guidance for intermedi-
ate steps and leads to unstable optimization, thereby highlighting
the critical importance of fine-grained supervision.

(3) Optimizing the quality of intermediate search queries
significantly improves overall performance. Existing methods
often overlook the quality of intermediate search queries, which
can lead to stagnation in information retrieval abilities. By explicitly
optimizing the quality of intermediate search queries under the
guidance of process rewards, SmartSearch enhances the search
agent’s overall effectiveness, achieving more than 7% improvement
in both average EM and F1 score compared with other process-
supervised RL methods.

Generalization to Web Search Scenarios. As discussed earlier,
SmartSearch is trained solely on Wikipedia-based local search. To
evaluate its generalization ability to web search, we test it against
several baseline models on two demanding web exploration tasks,
GAIA and WebWalker. As demonstrated in Table 2, SmartSearch
surpasses existing approaches across both datasets, achieving an
average F1 score increase of nearly 5%. This indicates that while
SmartSearch optimizes the quality of intermediate search queries
in the local search setting, it also exhibits strong generalization
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Table 3: Ablation study results for the two core mechanisms in SmartSearch across all three stages of curriculum learning
training framework, with bold for the best results of each stage.

Method 2WikiMQA HotpotQA Bamboogle Musique Average
EM F1 EM F1 EM F1 EM F1 EM F1
Stage 1
SmartSearch 38.2 45.3 353 45.5 38.4 51.0 14.7 21.6 31.7 40.9
w/o process rewards 33.8 40.6 32,5 42.8 36.0 48.7 12.6 20.8 28.7 38.2
Stage 2
SmartSearch 41.4 48.7 37.9 48.5 39.2 51.8 15.4 23.6 33.5 43.2
w/o process rewards 40.2 474 36.5 47.2 37.6 50.1 14.4 223 32.2 41.8
w/o query refinement 39.2 46.7 35.6 46.1 36.0 49.6 14.6 22.9 31.4 41.3
Stage 3
SmartSearch 45.3 52.3 40.7 52.4 44.8 56.1 19.1 27.8 37.5 47.2
w/o process rewards 43.3 50.6 40.0 51.5 39.2 51.6 17.9 26.7 35.1 45.1
w/o query refinement 44.1 51.2 39.9 51.6 41.6 54.2 17.5 26.4 35.8 45.9
Standard GRPO 43.6 50.8 39.0 50.6 40.8 52.5 15.9 24.8 34.8 44.7
Standard GRPO of both mechanisms in this stage, particularly the query refine-
0.491 —— w/o process reward ment mechanism, underscoring the significance of promoting the
w/o query refinement .. . .
0.48] — Smartsearch optimization of query generation.
For Stage 3, we compare our algorithm with three variants: a
0.47 GRPO baseline, a version that only incorporates the process re-
94 wards into the reward function, and a version that only applies
3 the query refinement mechanism during rollout. As depicted in
045 Figure 4, we demonstrate F1 score curves of various RL algorithms
oaa during training. The results demonstrate that our algorithm reliably
outperforms all alternatives. Notably, integrating process rewards
0.43 into the reward function consistently yields significant gains, illus-
trating the crucial role of fine-grained supervision for the quality
042 of each intermediate search query.
0 25 50 75 100 125 150 175 200
Step

Figure 4: F1 score training dynamics for different algorithms.

capabilities in the web search environment, maintaining robust
performance despite the difference in settings.

5.3 Ablation Study

To further examine the impact of SmartSearch’s two key mecha-
nisms—process rewards and query refinement, we conduct exten-
sive ablation studies across all three training stages. The results are
summarized in Table 3.

For Stage 1, we compare our configuration with a baseline that
filters the training data exclusively according to whether the final
answer is correct. The results indicate that incorporating query-
quality filtering enables the model to achieve superior performance
with only 60% of the training data, highlighting the importance of
learning from trajectories with high-quality search processes.

For Stage 2, we compare our method with two alternatives: (1)
directly generating full trajectories without query refinement, and
(2) determining preference based exclusively on the final answer
correctness. Ablation results underscore the essential contribution

1979

5.4 Quantitative Analyses

To comprehensively assess the effectiveness of the SmartSearch
framework, we perform multiple quantitative experiments. The
following analyses demonstrate its superiority in four key aspects:
intermediate query quality, search efficiency, the effectiveness of
the process reward model, and the effectiveness-efficiency trade-off.

Search Query Quality Analysis. To assess whether Smart-
Search improves the quality of intermediate search queries, we
compare the Search Quality metric across various methods. As
presented in Figure 5 (a), SmartSearch achieves the highest Search
Quality, with the highest values for both Perfect Rate and Partial
Rate, which collectively contribute to the overall Search Quality
metric. This indicates that SmartSearch effectively enhances the
quality of intermediate search queries. Specifically, the search agent
reduces ineffective searches while striving to generate perfect tra-
jectories where all queries are of high quality. Even when unable
to provide a final correct answer, the agent makes more attempts
to generate high-quality queries that edge incrementally closer to
the correct solution.
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Figure 5: Left: Search query quality comparison. Right:
Search efficiency comparison.

Search Efficiency Analysis. The results in previous sections
have clearly demonstrated that SmartSearch outperforms all base-
lines in terms of answer accuracy across various benchmarks. We
now further evaluate whether it also achieves superior search effi-
ciency, which is a critical factor for practical deployment. To this
end, we compare the search efficiency metrics across multiple meth-
ods, and as shown in Figure 5 (b), SmartSearch outperforms all other
methods in this regard. This suggests that by effectively optimizing
the quality of intermediate search queries, SmartSearch is able to
generate more precise and targeted queries, thereby significantly re-
ducing ineffective or failed search rounds and, as a result, improving
overall search efficiency.

Process Reward Model Analysis. The process reward model
plays a crucial role in our approach by providing fine-grained su-
pervision for the quality of each intermediate search query and
guiding subsequent query refinement. To assess the effectiveness
of our process reward model, we randomly choose 100 trajectories
generated by SmartSearch on the test set. For each intermediate
search query in these trajectories, we compare the scores anno-
tated by three sources: the teacher model, the student model, and
human annotators. Figure 6 (a) illustrates the overlap between the
scores assigned to each intermediate search query by these three
sources. The results reveal that the teacher model achieves nearly
90% overlap with human annotations, demonstrating its effective-
ness in labeling the training data. After training, the student model
achieves over 85% overlap with the teacher model, indicating that
the distillation process successfully transfers the scoring capability
from the teacher to the student. Finally, the student model shows
over 80% overlap with human annotations, a result that is entirely
acceptable for practical deployment. This striking balance between
scoring accuracy and computational efficiency makes the student
model a suitable choice for our framework.

Effectiveness-Efficiency Trade-off. To validate the suitability
of the lightweight student model as both LLMey,1 and LLMfine, We
conduct experiments using a more powerful teacher model in these
roles. In this experiment, effectiveness is defined as the average
F1 score, while efficiency refers to the average time (in seconds)
required to apply the process rewards and query refinement mech-
anisms to each sample. As shown in Figure 6 (b), using a more
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Figure 6: Left: Overlap between the scores assigned to inter-
mediate search queries by the student model, the teacher
model, and human annotations. Right: Effectiveness and ef-
ficiency tradeoff in SmartSearch.

powerful model as both LLMeya and LLMefine indeed improves the
agent’s effectiveness, underscoring the importance of the process
rewards and query refinement mechanisms within our training
framework. However, this gain in average F1 score is relatively
modest, remaining below 1% across all settings. In contrast, the
time required to process each sample increases by nearly five times.
This result demonstrates a clear trade-off between effectiveness
and efficiency, and the decision to use the lightweight student
model as both LLMgy,) and LLM;efine proves to be a sensible one.
This choice strikes an ideal optimal balance between effectiveness
and efficiency, thereby ensuring effective query optimization while
avoiding excessive computational costs.

6 Conclusion

In this work, we introduce SmartSearch, a novel framework de-
signed to optimize the quality of intermediate search queries through
two key mechanisms: (1) Process rewards, which provide fine-
grained supervision for the quality of each intermediate search
query through Dual-Level Assessment. (2) Query refinement, which
promotes the optimization of query generation by selectively refin-
ing low-quality queries and regenerating subsequent search rounds
from these refined points. Building on the foundation of the two
mechanisms, we design a three-stage curriculum learning frame-
work that guides the agent through a progression from imitation
and alignment to generalization, enabling it to progressively in-
ternalize the ability to enhance query quality. Experiments across
fix challenging benchmarks demonstrate that SmartSearch consis-
tently surpasses existing baselines, with further rigorous quantita-
tive analyses confirming significant gain in both search efficiency
and query quality.
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