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Abstract

Agentic retrieval-augmented generation (RAG)
systems enable large language models (LLMs)
to solve complex tasks through multi-step in-
teraction with external retrieval tools. How-
ever, such multi-step interaction often involves
redundant search steps, incurring substantial
computational cost and latency. Prior work
limits search depth (i.e., the number of search
steps) to reduce cost, but this often leads to
underexploration of complex questions. To ad-
dress this, we first investigate how search depth
affects accuracy and find a minimal sufficient
search depth that defines an accuracy-efficiency
trade-off, jointly determined by question com-
plexity and the agent’s capability. Furthermore,
we propose AutoSearch, a reinforcement learn-
ing (RL) framework that evaluates each search
step via self-generated intermediate answers.
By a self-answering mechanism, AutoSearch
identifies the minimal sufficient search depth
and promotes efficient search by rewarding its
attainment while penalizing over-searching. In
addition, reward mechanisms are introduced
to stabilize search behavior and improve an-
swer quality on complex questions. Exten-
sive experiments on multiple benchmarks show
that AutoSearch achieves a superior accuracy-
efficiency trade-off, alleviating over-searching
while preserving search quality.

1 Introduction

Recently, LLMs (Guo et al., 2025; Tu et al., 2025a;
Yue et al., 2026; Fu et al., 2026; Yang et al., 2025;
Fu et al., 2025) have demonstrated remarkable ca-
pabilities across complex and knowledge-intensive
tasks. Rather than relying solely on the internal
knowledge of LLMs, RAG systems (Jin et al.,
2025; Song et al., 2025a) leverage reinforcement
* Equal contribution. § Corresponding authors. I Intern work
done at Meituan. This work is supported by the Strategic
Priority Research Program of Chinese Academy of Sciences

under Grant XDA0480302 and Meituan. Our code is available
at https://github.com/bofusun/AutoSearch.

learning to train LLMs as decision-making agents
that autonomously invoke external retrieval tools,
enabling effective handling of complex questions.
Agentic RAG systems typically operate in an au-
tonomous loop of multi-turn reasoning and infor-
mation retrieval, progressively acquiring evidence
and culminating in a final response to complex
questions. From this perspective, prior agentic
RAG research (Gao et al., 2026) demonstrates that
extended reasoning—retrieval trajectories are essen-
tial for solving complex questions. However, in-
creased search steps often incur over-searching,
resulting in redundant retrievals and substantial
computational cost and latency.

Recent studies (Wu et al., 2025; Yang et al.,
2026) have explored RL signals to regulate the
search behavior of agentic RAG systems and miti-
gate over-searching. One line of research designs
reward functions that explicitly penalize search
depth or trajectory length (Wang et al., 2025). An-
other approach (Wu et al., 2026) penalizes redun-
dant search steps based on internal model confi-
dence or external large language model (LLM)
judgments. While effective in reducing overall
search frequency, such penalty-based methods may
lead to insufficient search information for complex
questions, potentially compromising final answer
accuracy. This motivates a key question:

Can agents adaptively adjust minimal search
steps while preserving answer accuracy?

To address this question, we investigate how
search depth affects answer accuracy and find a
minimal sufficient search depth, jointly determined
by question complexity and the agent’s capabil-
ity, that defines an accuracy-efficiency trade-off.
Motivated by this, we propose AutoSearch, a self-
decision-driven RL framework for agentic RAG
systems. AutoSearch generates intermediate an-
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Figure 1: Accuracy-efficiency Trade-off. AutoSearch
attains leading EM with the highest search efficiency.

swers at each search step to identify the minimal
sufficient search depth and encourages efficient
search by rewarding attainment of this depth while
penalizing over-searching. A base reward stabi-
lizes the search process, while a search quality
reward, derived from intermediate answers, fur-
ther improves search quality on complex questions.
With this self-adaptive framework, AutoSearch en-
ables agents to autonomously adjust retrieval depth
based on question complexity and their capability,
achieving a principled accuracy-efficiency trade-
off. The main contributions are as follows:

* We study how search depth affects answer
accuracy and find that a minimal sufficient
search depth, jointly determined by question
complexity and the agent’s capability, estab-
lishes an accuracy-efficiency trade-off.

* We propose a self-answer-driven RL frame-
work that evaluates each search step by gener-
ating intermediate answers, training agents to
adaptively adjust the minimal sufficient search
depth while maintaining answer accuracy.

» Extensive experiments on single-hop and
multi-hop QA tasks show that AutoSearch
achieves a favorable trade-off between answer
accuracy and search efficiency (Fig. 1).

2 Related Work

2.1 Agentic RAG System with RL

Agentic RAG methods (Gao et al., 2023; Fan et al.,
2024) have been proposed to enhance reasoning by
integrating external knowledge retrieval. Motivated
by the effectiveness of RL (Sun et al., 2026; Tu

et al., 2025b; Sun et al., 2025a; Lu et al., 2025; Liu
et al., 2025), recent studies (Guo et al., 2025; Jaech
et al., 2024) employ RL to train agents to strategi-
cally manage retrieval. Search-R1 (Jin et al., 2025)
utilizes an RL framework with outcome-based re-
wards, enabling LLMs to interleave self-reasoning
with real-time search. R1-Searcher (Song et al.,
2025a) proposes a two-stage RL method to improve
the reasoning process for answer generation. How-
ever, these RL-based approaches struggle with com-
plex tasks due to sparse reward signals. To mitigate
this, recent works use process rewards to provide
informative feedback in RL. StepSearch (Zheng
et al., 2025) introduces step-wise rewards that
leverage information gain and penalize redundancy.
Atom-Searcher (Deng et al., 2025) further decom-
poses reasoning into atomic thoughts and provides
atomic-level process rewards. Although prior ap-
proaches improve search performance, they over-
look the issue of over-searching, leading to high
computational cost.

2.2 Efficient Agentic RAG

To reduce redundant retrievals, recent studies de-
sign reward functions that penalize excessive re-
trieval. R1-Searcher++ (Song et al., 2025b) re-
wards the use of internal knowledge and caches re-
trieved content to prevent repetition, while another
study (Wang et al., 2025) proposes a trajectory-
level reward that compares the current number of
tool calls with an estimated optimal number to
improve tool efficiency. Other methods guide re-
trieval based on uncertainty or external judgment.
Search Wisely (Wu et al., 2025) uses a confidence
threshold to reward high-certainty search decisions.
ReARTeR (Sun et al., 2025b) employs a trustwor-
thy process reward that combines a precise process
reward model with an explanation-driven refine-
ment model. HIPRAG (Wu et al., 2026) uses an
external LLM to supervise the necessity of each
search step. However, these approaches (Yue
et al., 2026; Qian et al., 2025; Shen et al., 2024)
ignore how search depth should vary with problem
complexity and model capability. In contrast, our
method dynamically adjusts search depth accord-
ingly, achieving an accuracy-efficiency trade-off.

3 How Search Depth Affect Performance?

3.1 What is the Appropriate Search Depth?

In agentic RAG systems, agents typically perform
multi-step searches to acquire external knowledge.
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Figure 2: Effect of search depth on accuracy and over-searching across dataset complexity and agent capability.

However, what is the appropriate search depth that
balances accuracy and efficiency remains under-
explored. To investigate this, we analyze the im-
pact of search depth on answer accuracy and over-
searching behavior. Specifically, we prompt the
Qwen2.5-14B-Instruct model to perform a fixed
number of search steps for a given question. Ex-
periments are conducted on the single-hop QA
dataset Natural Questions (NQ) and the multi-hop
QA dataset Bamboogle. We measure answer accu-
racy using Exact Match (EM) and define an over-
searching ratio as the proportion of samples where
the agent could answer correctly before the final
search step. As shown in Fig.2(a), NQ reaches
near-optimal performance with a single search step,
while additional steps provide little benefit. In con-
trast, Bamboogle requires up to three steps to peak,
after which further searches reduce performance.
Fig. 2(b) further shows that exceeding the near-
optimal depth leads to a notable increase in the over-
searching ratio for both datasets, with the effect
being more pronounced on the more complex Ban-
boogle dataset. These results indicate that the ap-
propriate search depth is task-dependent, with a
minimal sufficient depth achieves near-optimal
accuracy while mitigating over-searching.

3.2 What Affects Appropriate Search Depth?

Different LLMs exhibit varying reasoning and re-
trieval capabilities, which in turn affect their answer
accuracy in agentic RAG systems. This raises a
natural question: does the agent’s capability also
influence the appropriate search depth? To inves-
tigate this, we conduct controlled experiments on
the Bamboogle dataset using Qwen-3B, Qwen-7B,
and Qwen-14B models, each performing a range

of search steps to answer the same set of questions.
As shown in Fig. 2(c), the 3B model steadily im-
proves with increasing search depth, achieving its
peak performance at the final search step within
the evaluated range. In contrast, the 7B and 14B
models reach their optimal performance at the sec-
ond and third search steps, respectively, after which
additional searches lead to performance degrada-
tion. Fig. 2(d) further shows that over-searching
becomes increasingly pronounced as search depth
grows, with stronger models exhibiting more pro-
nounced degradation. Taken together, these results
from the previous and current subsections indicate
that the minimal sufficient search depth, which
balances accuracy and efficiency, is jointly deter-
mined by question complexity and the agent’s
capability.

4 Autosearch

In this section, we present AutoSearch, a self-
answer-driven RL framework for adaptive search
in agentic RAG systems. Unlike prior approaches
that separately optimize answer quality and search
efficiency, AutoSearch enables the agent to jointly
improve both with self-evaluative signals. Fig.3
provides an overview of AutoSearch, which incor-
porates three complementary reward signals: (i) a
base reward that regularizes search behavior, (ii) a
search efficiency reward that improves search ef-
ficiency while preserving answer quality, and (iii) a
search quality reward that enhances search qual-
ity. The agent is trained with these rewards to
balance search depth and search capability in an
adaptive manner, accounting for both question com-
plexity and its evolving answer capability.
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Figure 3: Overview of AutoSearch, which adaptively selects the search depth to trade off accuracy and efficiency.

4.1 Base reward

We introduce a base reward to ensure stable multi-
step retrieval and accurate answers, comprising a
format reward to enforce structured actions and an
outcome reward to encourage correct answers. The
format reward enforces a structured action format
that separates reasoning, retrieval, and final answer-
ing. During retrieval steps, an action is considered
invalid if it violates the prescribed format. Addi-
tionally, repeated retrieval of previously observed
information is also treated as invalid, discourag-
ing redundant search behavior. At the final step,
only the format of the produced answer is evalu-
ated. Rather than assigning a single reward to the
entire trajectory, we compute the validity of each
step independently to enable fine-grained credit as-
signment. Formally, for the i-th question at step ¢,
we define a binary indicator valid, ; € {0, 1}, indi-
cating whether the action at step ¢ is well-formed
and non-redundant. The step-wise format reward
is then defined as:

0, validi; =1, t < T,
pformat _ —0.05, walid;; =0, ¢t <T, )
it 0.1, valid;; = 1, t =T,

—0.5, valid; =0, t =T,

where T denotes the terminal step. The outcome re-
ward measures answer correctness using the Exact
Match (EM) metric between the agent’s predicted

answer apred and the ground-truth answer agoyq:
pred gold _
EM(a; ,a; ), t=T,

0, t<T.

result __
Wt

2)
The overall base reward at step ¢ is computed as
the sum of the format and outcome rewards:

base __ ,.format result
Tit =Tip T Tip - (3)

4.2 Search Efficiency Reward

To improve search efficiency while maintaining an-
swer quality, we propose a search efficiency reward
that adaptively determines search depth based on
the agent’s capability. To ensure answer quality,
we generate intermediate answers at each retrieval
step to identify the capability-aware optimal search
depth, defined as the minimal number of retrieval
steps required for the agent to answer correctly.
Based on this depth, we design a reward function
that encourages the agent to reduce its search depth
while penalizing redundant retrievals, thereby im-
proving search efficiency.

Intermediate Answer Generation. To estimate
the optimal search depth for each trajectory based
on current agent’s capability, the agent produces
an intermediate answer at each retrieval step. For
a multi-step search process on a given question g;,
at step ¢ the agent produces an intermediate answer
based on all accumulated trajectory information:

xi,t - {an Si,()’ Oi,07 sy 8i,t7 Oi,t}v (4)
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where s; ; and o; ; denote the search query and the
retrieved observation at step ¢, respectively. At each
retrieval step ¢, the current policy 7g is prompted
using Prompt 1 to produce the intermediate answer:

a* = 7o (i), )
which serves as a self-evaluation signal guiding the
assessment of both search depth and quality.

Prompt 1: Intermediate Answer Prompt

Answer the given question according to
search trajectories, which consists of mul-
tiple reasoning, search calls, and retrieved
information. Important instructions:

For example: <think> Reasoning </think>
<answer> Jaden Smith </answer>.

Search trajectory: Question: question. Be-
low are your previous reasoning, search calls,
and retrieved information: trajectory.

\

Capability-aware Optimal Search Depth. Us-
ing the sequence of intermediate answers, we
identify the capability-aware optimal search depth
te. Specifically, t. is defined as the earliest step
at which the intermediate answer a%er exactly
matches the ground-truth answer agojq:

te = min {t | EM(a/", agoua) = 1}.  (6)

If the agent fails to answer correctly, we set . =
—1. This depth represents the minimal retrieval
steps required for the agent to answer the question
correctly, reflecting its capability for the given task.

Search Efficiency Reward. We categorize each
retrieval step into three types: (i) Under-search:
If the agent fails to answer the question correctly
(tc > T), all steps in the trajectory are consid-
ered under-search. Each step is assigned a small
positive reward to encourage further information
acquisition. (ii) Effective search: If the agent an-
swers correctly at step ., the steps preceding t.
are considered effective search. Each of these steps
receives a positive reward, with higher rewards
for shorter ¢, to encourage more efficient search.
(iii) Over-searching: Steps after ¢. are considered
over-searching and are penalized to discourage re-
dundant retrieval. Formally, the search efficiency

reward at step ¢ is defined as

0.025, te <0,
Til?cient _ tgfe —0.05, 0<t<t.<T—1,
~0.1, 0<t.<t<T-1,

(N
where € is a small constant for numerical stabil-
ity. Fig. 4 shows that, under a fixed agent capa-
bility, cumulative Efficiency reward is maximized
when search terminates at the capability-aware op-
timal depth. Both insufficient searching and over-
searching lead to lower rewards, encouraging the
agent to learn an optimal search depth rather than
simply minimizing retrieval steps.
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Figure 4: Cumulative reward versus search depth. The
cumulative reward peaks at optimal search depth and
decreases for insufficient searching and over-searching.

4.3 Search Quality Reward

To improve search quality in complex tasks, we
introduce a search quality reward based on inter-
mediate answers. We quantify search quality by
computing the F1 score between the intermediate
answer and the ground-truth answer. Let PN, RN,
and I N denote the number of tokens in the inter-
mediate answer, the ground-truth answer, and their
overlap, respectively. The F1 score is defined as:
gold 2-IN

F1(a}y™, af") = PNLEN (3)

We define the search quality reward as the gain over
the best F1 score achieved in previous steps:

quality inter _gold inter _gold
Tig = Fl(ai,t yag ) — 1}}2(1:‘1(%15' sa; ).
)
This reward explicitly measures the marginal con-
tribution of each retrieval step to answer quality,

encouraging the agent to perform searches that pro-
vide meaningful and non-redundant information.
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Table 1: (Main Results) EM, F1, Search Depth and Search Efficiency Comparison Across Methods.

General QA

Multi-Hop QA

Method NQ TriviaQA

PopQA

HotpotQA 2Wiki Bamboogle Avg

EM{ F11 EM{ F11 EM?

F1+ EM+ F14

EM{ F1t+ EM{ F1{ EM{ FI1¢

Base model: Qwen2.5-3b-Base/Instruct

Search-R1-base 36.0 449 513 59.0 37.0
Search-R1-instruct 322 42.0 524 60.3 35.7
StepSearch-base 30.0 399 473 550 322
StepSearch-instruct  33.9 43.5 51.1 59.3 349

HIPRAG-base 11.0 202 234 341 149
HIPRAG-instruct 320 950 14.5 242 6.60
AutoSearch 43.7 522 61.7 69.0 46.0

413 279 36.7 293 346 16.1 259 329 404
412 303 39.6 322 38.0 250 369 34.6
37.1 321 426 37.1 42.8 33.0 419 353 432
40.2 332 442 347 415 339 447 370 456
23.0 103 19.1 830 162 105 16.8 13.1 21.6
13.7 10.1 184 870 18.6 4.00 119 785 16.1
50.1 394 50.5 41.6 47.7 33.1 44.7 443 524

43.0

SD, SEt SDJ SEf1 SDJ
Search-R1-base 123 294 129 399 1.35
Search-R1-instruct 1.76 183 1.62 323 1.72
StepSearch-base 295 102 290 163 294
StepSearch-instruct 1.46 23.3 1.57 32.7 145

SE+ SD| SEt SD| SEt SD| SE1 SD| SE1
274 1.63 172 195 150 1.69 9.50 1.52 23.1
20.7 2.09 145 229 14.1 198 126 191 188
109 3.19 10.1 3.51 106 3.03 109 3.09 11.5
24.1 205 162 229 15.1 2.07 164 1.82 213
8.88 1.66 622 1.70 487 172 6.11 166 7.93
488 1.58 640 1.84 474 156 257 149 535
429 149 265 1.69 247 183 181 1.36 35.6

HIPRAG-base 1.59 692 1.60 14.6 1.68
HIPRAG-instruct 1.28 250 1.32 11.0 1.35
AutoSearch 1.03 424 1.05 58.7 1.07
Base model: Qwen2.5-7b-Base/lInstruct

EMt F11 EM{ F11 EM?

Search-R1-base 47.6 563 63.7 714 457
Search-R1-instruct 40.2 48.5 61.0 684 40.5
StepSearch-base 37.7 479 547 633 38.6
StepSearch-instruct  34.2 445 51.6 599 349
HIPRAG-instruct 30.6 42.0 55.8 652 342
AutoSearch 47.6 56.0 65.8 73.1 46.3

F1+ EM{ F14
49.8 43.7 554 387 448 41.1 534 46.8 552
454 387 49.0 325 38.1 37.1 49.6 417 498
44.0 37.0 48.6 409 473 427 519 419 505
40.1 389 504 398 463 403 524 400 489
424 305 4277 29.8 383 347 47.8 359 464
503 427 542 43.6 503 419 549 48.0 56.5

EM{ F11+ EM{ Fl1{ EM{ F1t

SD, SEt+ SDJ SEf1 SDJ
Search-R1-base 198 24.0 1.86 342 195
Search-R1-instruct 1.95 20.7 1.74 35.0 1.79
StepSearch-base 1.68 224 1.73 31.6 1.57
StepSearch-instruct 1.94 17.6 199 259 1.98
HIPRAG-instruct  1.07 28.5 0.97 57.8 1.16
AutoSearch 1.05 453 1.04 633 1.09

SEt+ SD| SEt+ SD, SE+ SD, SE1 SD| SE¢
234 265 165 3.15 123 256 16.1 236 21.1
226 243 159 3.08 105 242 153 224 20.0
2477 207 17.8 229 179 207 20.7 190 22.5
17.6 210 186 246 162 202 199 208 19.3
29.5 155 197 2.15 138 145 239 139 289
40.8 1.34 31.2 1.58 259 153 274 1.27 39.0

4.4 RL Training

We train the agent using a composite reward that
jointly encourages answer correctness and search
efficiency. Specifically, the overall reward at re-
trieval step ¢ is defined as:

quahty
z t ’

(10)

7n;)’\;/erall _ T?ﬁse + T?ﬁ?cient g
where the base reward ensures answer correctness,
the efficiency reward encourages effective search
trajectories, and the quality reward promotes infor-
mative retrieval steps. We adopt Proximal Policy
Optimization (PPO) as our RL backbone, while
masking external observations. We apply a token-
level mask (o) to exclude retrieved tokens from
the training loss. The training objective is:

|oi
Z Le|, (1)
t=1

I(ot):1

Ippo(0) =E (4,0)~D

or~moia (+lq)

z;" I(o

where o denotes the search trajectory for question
q, |o| denotes the trajectory length, and loss Ly is:

Li = min(m/lt, clip(re, 1 — e, 1+ s)flt) .12

where r; is importance sampling ratio and A, de-
notes the advantage estimate computed using GAE.

S Experiment

5.1 Setup

Datasets We evaluate AutoSearch on six widely
used QA datasets, divided into two categories. (1)
General QA: NQ (Kwiatkowski et al., 2019), Trivi-
aQA (Joshi et al., 2017), and PopQA (Mallen et al.,
2023); (2) Multi-hop QA: HotpotQA (Yang et al.,
2018), 2WikiMultiHopQA (Ho et al., 2020), and
Bamboogle (Press et al., 2023). These datasets
cover a broad spectrum of scenarios, allowing a
comprehensive evaluation of AutoSearch.
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Table 2: Over-Searching Ratio (OSR% ) Comparison.

Method General QA Multi-Hop QA
NQ Tri. Pop. Hot. 2Wi. Bam.

Base model: Qwen2.5-3b-Base/Instruct

Search-R1-base 3,50 2.10 5.60 920 11.1 6.50

Search-R1-instruct 8.70
StepSearch-base 252 122 277 339

390 890 139 113 169
324 37.1

StepSearch-instruct 5.70 4.30 4.90 18.1 12.7 153
HIPRAG-base 2770 1.80 5.50 2.60 0.80 3.20
HIPRAG-instruct 0.70 0.80 1.80 1.70 1.40 3.20
AutoSearch 0.00 0.10 0.00 0.90 2.60 2.40
Base model: Qwen2.5-7b-Base/Instruct

Search-R1-base 13.0 6.50 114 324 323 30.6
Search-R1-instruct 9.30 390 6.80 234 272 2938
StepSearch-base 122 7.10 12.1 238 245 29.0
StepSearch-instruct 20.8 10.9 26.6 27.3 264 323
HIPRAG-instruct 4.50 220 790 125 189 11.3
AutoSearch 183 0.51 050 5.78 8.52 10.1

Baselines We compare AutoSearch against sev-
eral RL-based search baselines, including Search-
R1 (Jin et al., 2025), StepSearch (Zheng et al.,
2025), and HiPRAG (Wu et al., 2026).

Evaluation Metrics We assess answer quality
using the canonical Exact Match (EM) and word-
level F1 scores. To evaluate search cost and ef-
ficiency, we report Search Depth (SD), which
records the number of search steps, and Search
Efficiency (SE) (SE = EM/SD), quantifying the
accuracy gained per search step. We also intro-
duce the Over-Searching Ratio (OSR), the pro-
portion of samples correctly answered before the
final search step, to quantify over-searching.

Training and Evaluation We conduct experi-
ments on two models from the Qwen series: Qwen-
2.5-3B-Base and Qwen-2.5-7B-Base. Following
Search-R1, we merge the training sets of NQ and
HotpotQA dataset to form training corpus. Dur-
ing training, the retrieval module used the 2018
Wikipedia snapshot (Karpukhin et al., 2020) with
the ES retriever (Wang et al., 2022), uniformly sam-
pling £ = 3 documents. To ensure fair and repro-
ducible comparisons, we independently reproduce
the results of baseline methods.

5.2 Main Results

AutoSearch Achieves Superior Performance. Ta-
ble 1 reports the performance of AutoSearch and
baseline methods across six QA datasets. Across
both in-domain and out-of-domain settings, as well
as single-hop and multi-hop QA tasks, AutoSearch
consistently outperforms the baselines, achieving

higher EM and F1 scores and demonstrating robust
accuracy across diverse scenarios.

AutoSearch Balances Accuracy and Efficiency.
The search depth results show that Search-R1
and StepSearch achieve strong answer accuracy
but rely on deeper searches, resulting in higher
computational cost. In contrast, HIPRAG adopts
fewer search depth on most tasks, which reduces
search cost but leads to noticeably lower accuracy.
Compared to baselines, AutoSearch consistently
achieves higher accuracy with fewer search steps
across most tasks, demonstrating balanced trade-
off between answer accuracy and search efficiency.

AutoSearch Adaptively Adjusts Search Depth.
AutoSearch does not simply minimize search depth.
On single-hop datasets, it maintains relatively shal-
low searches, while on multi-hop datasets, it per-
forms noticeably more search steps. The search
efficiency metric shows that, compared to baseline
methods, AutoSearch achieves higher efficiency
across most datasets, indicating its ability to adap-
tively adjust search depth based on question com-
plexity and the agent’s capability.

AutoSearch Effectively Suppresses Over-
Searching. Table 2 shows that Search-R1 and
StepSearch exhibit high over-searching ratios,
particularly on multi-hop tasks, indicating substan-
tial redundant searches in prior methods. While
HiPRAG reduces over-searching by leveraging
external models, this comes at the cost of lower
answer accuracy. In contrast, AutoSearch effec-
tively suppresses over-searching while maintaining
strong performance, leveraging the agent’s own
capability to adaptively control search depth.

5.3 Ablation Study

We evaluate the contribution of the three reward
mechanisms via ablation experiments on six QA
datasets. Table 3 shows that removing the base re-
ward reduces accuracy and slightly increases search
depth, highlighting its role in stabilizing the search
process. Removing the search efficiency reward de-
creases accuracy and significantly increases search
depth, indicating its importance for the accuracy-
efficiency trade-off. Removing the search qual-
ity reward lowers accuracy and noticeably reduces
search depth, showing that it encourages more in-
formative search steps. Overall, these results con-
firm that all three reward components are crucial for
balancing answer accuracy and search efficiency.
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Table 3: Ablation study on search reward components in AutoSearch using Qwen2.5-3B base model.

General QA Multi-Hop QA
Method NQ TriviaQA PopQA HotpotQA 2Wiki Bamboogle Avg
EMt SD| EM1 SD| EMt SD| EM+ SD| EM+t SD| EMt SD| EM+? SD|
Base model: Qwen2.5-3b-Base
AutoSearch 43.7 1.03 61.7 1.05 46.0 1.07 394 1.49 41.6 1.69 33.1 1.83 44.3 1.36
w/o Base Reward 404 136 57.7 1.37 442 1.38 342 1.79 37.2 2.02 31.2 2.02 40.8 1.66
w/o Search Efficiency Reward 44.2 3.24 61.5 3.22 43.3 3.34 36.6 3.21 404 3.38 33.8 3.30 43.3 3.28
w/o Search Quality Reward  40.2 1.01 58.6 1.03 429 1.01 332 1.09 36.1 1.22 30.8 1.25 40.3 1.10
(a) Search Time (s) (b) Valid Action Ratio
NQ 125 101
TriviaQA 100 | 0.94
§ PopQA 751 081
b= | 0.7
B HotpotQA :Z 0.6 4
2wiki 0 100 200 300 400 500 O 100 200 300 400 500
Bamboogle Aftoseareh EZ’;OPZJ) (c) Search Depth (d) Token Length
2.0k

0 10 20 30 40 50 60 70
Exact Match Performance

Figure 5: The performance results(EM) of AutoSearch
with PPO and GRPO on six datasets.

5.4 Further Analysis

Outcome-Based RL for AutoSearch. AutoSearch
is primarily trained using step-wise rewards, which
evaluate each search step. A natural question
is whether outcome-based RL methods, such as
GRPO, which optimize for final answer quality,
can also be effective for AutoSearch. To investi-
gate this, we treat AutoSearch’s cumulative reward
as the outcome reward and apply GRPO for opti-
mization. Figure 5 compares the performance of
AutoSearch trained with PPO versus GRPO. Sur-
prisingly, GRPO achieves performance comparable
to PPO, indicating the generality of AutoSearch.

Training Dynamic of AutoSearch. As shown in
Figure 6, we analyze the training dynamics of Au-
toSearch compared to Search-R1 and StepSearch.
Search Time. Fig.6(a) shows that while both
Search-R1 and StepSearch initially reduce search
time during early training, they later stabilize at rel-
atively high values. In contrast, AutoSearch grad-
ually decreases search time throughout training,
achieving lower inference latency.

Valid Actions Ratio. As illustrated in Fig.6(b),
all methods converge to valid actions. However,
Search-R1 converges slowly, and StepSearch ex-
hibits instability in later training. AutoSearch
achieves the fastest convergence and maintains a
high valid actions ratio, reflecting stable search.
Search Depth. Fig.6(c) shows that Search-R1 and
StepSearch keep shallow search early but substan-

2.01
1.5k q

151
1.0k

Lo 0.5k
0O 100 200 300 400 500 O
Training Step
AutoSearch

100 200 300 400 500
Training Step

Search-R1 StepSearch

Figure 6: Training dynamics of three models.

tially increase search depth later. In contrast, Au-
toSearch briefly explores deeper search and then
converges to a lower, stable depth, demonstrating
higher efficiency.

Token Length. As shown in Figure 6(d), Search-
R1 and StepSearch initially generate short token
length, but increases with deeper search, indicat-
ing higher resource consumption. In contrast,
AutoSearch gradually reduces token length while
maintaining accuracy, achieving a better balance
between efficiency and answer quality.

6 Conclusion

In this work, we propose AutoSearch, a RL frame-
work that adaptively selects the search depth based
on question complexity and the agent’s capability.
By analyzing how search depth affects answer per-
formance, we identify a minimal sufficient depth
that balances accuracy and efficiency. AutoSearch
leverages intermediate answers at each step to adap-
tively reach this depth, ensuring efficient search
without compromising accuracy. Further reward
mechanisms are employed to stabilize the search
process and improve answer quality on complex
questions. Empirical results on multiple bench-
marks demonstrate that AutoSearch achieves a fa-
vorable accuracy-efficiency trade-off.
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Limitations

Although AutoSearch achieves an accuracy-
efficiency trade-off by adaptively selecting search
depth, this study focuses on relatively low maxi-
mum search steps. Investigating the balance be-
tween search depth and accuracy under a broader
range of search depths remains an interesting direc-
tion for future work.
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A Expanded Related Work

A.1 Agentic RAG System with RL

Large language models (LLMs) face challenges
such as outdated knowledge and factual inaccura-
cies, making it difficult to rely on them for up-to-
date or contextually correct responses. To mitigate
these limitations, Agentic Retrieval-Augmented
Generation (Agentic RAG) systems have emerged
as an effective solution. These methods enhance
the reasoning capabilities of LLMs by integrating
external knowledge retrieval directly into their rea-
soning process (Gao et al., 2023; Fan et al., 2024).
While early works in this area (Trivedi et al., 2023;
Yu et al., 2022; Shi et al., 2024)primarily relied
on prompt engineering to enable agents to invoke
search engines, they often struggled with ensuring
that these agents could effectively use and interact
with external tools.

In contrast, recent studies have begun utiliz-
ing reinforcement learning (RL) to train agents
to strategically manage the retrieval process. For
instance, Search-R1 (Jin et al., 2025)introduces
a reinforcement learning framework that enables
LLMs to dynamically interleave self-reasoning
with search, improving both the accuracy and ef-
ficiency of responses. R1-Searcher (Song et al.,
2025a)proposes a two-stage RL. method, where
the first stage trains the agent to use external re-
trieval effectively, and the second stage integrates
retrieval seamlessly into the reasoning process for
more accurate answers. While these methods have
demonstrated success in simpler tasks, they face
limitations when applied to complex, multi-hop
question answering (QA) tasks, due to sparse and
delayed reward signals. This often leads to ineffi-
ciencies in utilizing the retrieved knowledge and
may negatively impact performance on more chal-
lenging queries.

A.2 Advancements in RL-Based Agentic RAG
Systems

Building upon the initial successes of Agentic
RAG systems, recent studies have introduced novel
methods to improve the performance of RL-based
agents. To address the issue of sparse rewards,
which can hinder the agent’s learning process, sev-
eral approaches have been proposed. For exam-
ple, StepSearch (Zheng et al., 2025)introduces
step-wise rewards that aim to provide more infor-
mative feedback by considering information gain
and penalizing redundant retrieval steps. Atom-

Searcher (Deng et al., 2025)takes this further by
decomposing reasoning tasks into smaller, atomic
thoughts, enabling more detailed process rewards
at the atomic level. This approach enhances the
agent’s ability to reason more efficiently. De-
spite these improvements, RL-based approaches
often struggle with balancing the trade-off between
search cost and reasoning quality, particularly when
dealing with complex, multi-hop tasks where the
retrieval process may need to be more dynamic and
adaptive.

A.3 Efficient Agentic RAG Systems

To address the problem of inefficient search be-
havior, several studies have focused on designing
reward functions that can reduce unnecessary re-
trievals. R1-Searcher++ (Song et al., 2025b)offers
a solution by rewarding the effective use of in-
ternal knowledge and memorizing previously re-
trieved content to avoid repetition. This helps re-
duce the need for repeated searches, improving
efficiency. Similarly, studies such as (Wang et al.,
2025)propose trajectory-level rewards that com-
pare the number of retrieval steps taken by the agent
to an estimated optimal number, further improving
search efficiency. Other methods, such as Search
Wisely (Wu et al., 2025), guide retrieval decisions
based on the agent’s confidence, rewarding high-
certainty search actions. While these techniques
reduce redundant retrieval, they often overlook the
dynamic nature of retrieval depth, which should
vary depending on task complexity and the capabil-
ities of the model. In contrast, our method dynami-
cally adjusts the retrieval depth, which allows it to
better manage trade-offs between performance and
efficiency.

B Detailed Illustration of Our Method

Figure 7 presents a concrete example illustrating
how our method assigns differentiated reward sig-
nals to insufficient and excessive search behav-
iors during training. Through this carefully de-
signed reward mechanism, the model learns to
adaptively balance search adequacy and search ef-
ficiency while maintaining answer correctness.

C Experiment Setups

Training Details. The training process consists
of a total of 1,005 optimization steps. The pol-
icy network (actor) is optimized with a learning
rate of 1x 1075, while the value network (critic)
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Table 4: Ablation Study of Reward Mechanisms on Model Performance with F1 and OSR (%) Metrics

General QA

Multi-Hop QA

Method

NQ TriviaQA  PopQA  HotpotQA

2Wiki  Bamboogle

F11+ OSR| F11 OSR| F1{ OSR| F1{ OSR| F1{ OSR| F11 OSR/

Base model: Qwen2.5-3b-Base
AutoSearch 52.2
w/o Base Reward 49.3

1.03 69.0 1.05
1.16 652 0.99
w/o Search Efficiency Reward 53.7 2.09 682 11.4
w/o Search Quality Reward  50.4 0.00 65.8 0.02

50.1 1.07 50.5 149 47.7 1.69 447 1.83
48.5 2.05 445 454 430 5.82 43.0 1.61
474 265 46.8 23.1 46.1 15.8 453 194

47.1 0.07 432 043 428 0.63 42.7 0.42

Table 5: Performance of AutoSearch with PPO and GRPO on Different Datasets

Method

General QA Multi-Hop QA
NQ TriviaQA PopQA  HotpotQA 2Wiki Bamboogle
EM{ F1+ EM{ F1+ EM1t F1+ EM1t F1+ EMt F1+ EM?t F11

Base model: Qwen2.5-3b-Base/lInstruct
AutoSearch(PPO) 437 522 61.7 69.0
AutoSearch(GRPO) 45.7 543 62.5 69.6

46.0 50.1 394 505 41.6 47.7 33.1 447
445 484 398 50.6 39.6 46.1 34.7 46.1

SD| SEt SD| SEt
AutoSearch(PPO) 1.03 424 1.05 58.7
AutoSearch(GRPO) 1.03 444 1.04 60.1

SD, SEt SD, SEt SD, SE{ SD, SE+
1.07 429 149 265 1.69 24.7 183 18.1
1.08 412 1.41 282 1.62 244 1.61 21.6

uses a higher learning rate of 1x107°. Warm-up
scheduling is applied to both networks to stabi-
lize early-stage training, with warm-up ratios set to
0.285 and 0.015 of the total training steps for the
actor and critic, respectively.

All experiments are conducted on a single com-
pute node equipped with eight NVIDIA H20 GPUs.
A total batch size of 512 is used and divided into
PPO mini-batches of size 256. To balance mem-
ory efficiency and computational throughput, the
micro-batch sizes are set to 64 for the actor and 8
for the critic.

Data and Context Length. Training data is sam-
pled from the mixed nq and hotpotqa train dataset.
The total token length aggregated across all turns
is capped at 4,096 tokens to ensure compatibility
with the model’s maximum context window.

D Ablation Study on Search Rewards

We conducted an ablation study in Table4 to ana-
lyze the impact of different reward mechanisms on
model performance. In addition to the EM and SD
metrics discussed in the main text, we also further
analyzed F1 and OSR. The results show that the
base reward helps regularize the search behavior,
preventing redundant steps; the search efficiency
reward significantly improves the model’s search

efficiency, especially in complex multi-hop reason-
ing tasks; and the search quality reward effectively
enhances the quality of the answers. By combining
these three reward mechanisms, the model achieves
a better balance between search depth and quality,
thus improving both search efficiency and accuracy.

E Comparison of PPO and GRPO in
AutoSearch

In this table5, we present the results of AutoSearch
under PPO and GRPO training, evaluated using
EM, F1, SD, and SE. PPO and GRPO exhibit task-
dependent differences in AutoSearch, primarily in
how they balance answer quality (EM/F1), search
depth (SD), and search efficiency (SE). While
both methods achieve comparable performance
across datasets, GRPO tends to yield slightly higher
EM/F1 on NQ and Bamboogle but lower scores
on PopQA and 2Wiki. In terms of search behav-
ior, GRPO generally uses similar or slightly fewer
search steps than PPO—most notably on Bam-
boogle—and achieves higher SE on TriviaQA and
Bamboogle, though slightly lower SE on PopQA
and 2Wiki. These differences suggest that the
two algorithms employ distinct policy optimiza-
tion strategies, leading to varying trade-offs be-
tween exploration efficiency and answer accuracy
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Figure 7: Illustrative Example of the Proposed Method

depending on the dataset characteristics.

F Prompts

As shown in Figure 8- 12, we provide a series of
standardized prompt templates that enforce a fixed
number of retrieval steps, ranging from 0 to 4. For
the k-step retrieval setting (k =0, 1, 2, 3, 4), each
prompt explicitly instructs the model to perform
exactly k search operations and to output the final
answer concisely within <answer> and </answer>.
This structured prompting strategy ensures strict
experimental control, enabling a systematic evalua-
tion of how varying retrieval depths affect perfor-
mance on both single-hopand multi-hop question
benchmarks.

G Case Study

To demonstrate the effectiveness and efficiency of
AutoSearch, we present qualitative analyses across
five representative cases, comparing its reasoning
and retrieval behavior against three strong base-
lines: Search-R1, StepSearch, and HiPRAG.

In Case 1 (Figure 13), Search-R1 fails to retrieve
relevant evidence in its initial query about the genre
of Suits, triggering a cascade of errors that mis-
classifies the show as a “TV series and sitcom.”
In contrast, AutoSearch immediately formulates a
precise search intent and correctly identifies Suits

as a “legal drama.”

In Case 2 (Figure 14), when tasked with classi-
fying Katie Sagona’s acting category, StepSearch
starts with an overly broad search and must sift
through irrelevant results—such as other individ-
uals named Sagona. Although it eventually con-
cludes she is an “actress,” it misses the crucial nu-
ance that she is specifically a “child actor.” Au-
toSearch, by comparison, rapidly zeroes in on the
key concept—*child actor”—and delivers the exact
ground-truth answer with fewer steps and higher
precision.

In Case 3 (Figure 15),StepSearch adopts a
strictly decomposed, step-by-step strategy, sepa-
rately querying the countries of Umm Al-Tuyour,
Hama Governorate, and Sharqliyya. However, it ex-
hibits clear deficiencies during the information inte-
gration stage. On the one hand, it misinterprets re-
trieved evidence (e.g., incorrectly identifying Umm
Al-Tuyour as being located in Saudi Arabia); on
the other hand, it fails to align its final response
with the required yes/no question format, instead
directly outputting the country name “Syria.” As
a result, both the answer form and semantic cor-
rectness are compromised. In contrast, AutoSearch
performs a holistic retrieval centered on the origi-
nal question, using a single, more targeted query to
simultaneously gather key information about all rel-
evant locations. Through joint reasoning over the
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retrieved evidence, it correctly determines that all
three locations are situated in Syria and ultimately
provides the correct response in the expected for-
mat by answering “Yes.”

In Case 4 (Figure 16), HIPRAG exhibits a ten-
dency toward over-elaboration and procedural re-
dundancy. Faced with the question regarding
the public status of Ural Federal University and
California State Polytechnic University, Pomona,
HiPRAG correctly identifies the entities but un-
necessarily fragments the process into two distinct
steps. In the first step, it retrieves information and
reaches a valid conclusion, yet it immediately initi-
ates a second search and reasoning step to "verify"
what it has already found. This leads to a repetitive
response that restates the same information with-
out adding value. AutoSearch, in contrast, demon-
strates greater efficiency by directly interpreting
the retrieved evidence—that both institutions are
public universities—and outputs the correct answer
in a single, concise reasoning step, avoiding the
circular validation loop seen in HiPRAG.

In Case 5 (Figure 17), HIPRAG exhibits a failure
in reasoning chain integration and evidence utiliza-
tion. Faced with the question regarding the region
of the city of Gualeguaychu, HiPRAG successfully
executes a multi-step retrieval process—first identi-
fying that the city is in the province of Entre Rios,
and then retrieving documents stating that Entre
Rios is in the Mesopotamia region. However, de-
spite explicitly finding the correct region in the sec-
ond step, HIPRAG fails to incorporate this evidence
into its final conclusion. Instead, it hallucinates an
incorrect answer ("central region"), likely due to
a misinterpretation of the province’s location or a
failure to synthesize the findings. In contrast, Our
Method demonstrates robust logical coherence; it
follows the same necessary path of reasoning from
city to province to region, but crucially, it correctly
identifies and outputs "Mesopotamia" as the final
answer, effectively utilizing the retrieved evidence.

These case studies underscore AutoSearch’s abil-
ity to adapt its search strategy dynamically based
on query semantics and retrieved evidence that
avoiding both under-reasoning and over-reasoning,
thereby achieving superior performance in complex
open-domain QA settings.
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Answer the given question. You must conduct reasoning inside <think> and </think> first. After
reasoning, you can directly provide the answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>. Question: question

Figure 8: Prompt for 0 Retrieval Steps

Answer the given question. You must conduct reasoning inside <think> and </think> first every
time you get new information. After reasoning, you can call a search engine by <search> query
</search> and it will return the top searched results between <information> and </information>.
You should search exactly one time. The number of searches must be no less than one. After
searching, you can directly provide the answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>. Question: question

Figure 9: Prompt for 1 Retrieval Steps

Answer the given question. You must conduct reasoning inside <think> and </think> first every
time you get new information. After reasoning, you can call a search engine by <search> query
</search> and it will return the top searched results between <information> and </information>.
You should search exactly two times. The number of searches must be no less than two. After all
searching, you can directly provide the answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>. Question: question

Figure 10: Prompt for 2 Retrieval Steps

Answer the given question. You must conduct reasoning inside <think> and </think> first every
time you get new information. After reasoning, you can call a search engine by <search> query
</search> and it will return the top searched results between <information> and </information>.
You should search exactly three times. The number of searches must be no less than three. After all
searching, you can directly provide the answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>. Question: question

Figure 11: Prompt for 3 Retrieval Steps

Answer the given question. You must conduct reasoning inside <think> and </think> first every
time you get new information. After reasoning, you can call a search engine by <search> query
</search> and it will return the top searched results between <information> and </information>.
You should search exactly four times. The number of searches must be no less than four. After all
searching, you can directly provide the answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>. Question: question

Figure 12: Prompt for 4 Retrieval Steps
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Casel: Comparison Between Search-R1 and AutoSearch

Question: What genre is Suits?

Ground Truth: ’legal drama’ ’courtroom drama’ *’comedy-drama’ ’dramedy’ ’comedic drama’ ’tragi-
comedy’ ’seriocomedy’ ’comedy drama’ ’dramatic comedy’ ’Comedy-drama, dramedy’

Search-R1:

<think> To answer the question about the genre of Suits, I need to gather information about the TV show.
<think>

<search> what genre is suits <search>

<information>

Doc 1(Title: "History of suits") History of suits The man’s suit of clothes,

Doc 2(Title: "Suit (clothing)") Suit (clothing) In clothing, a suit is a set of garments made from the same
cloth,

Doc 3(Title: Genre) Genre Genre () is any form or type of communication in any mode
</information>

<think> From the search results, I found that a suit is a type of formal clothing. <think>

<search> what genre is suits <search>

<information>

Doc I(Title: "History of suits") History of suits The man’s suit of clothes,

Doc 2(Title: "Suit (clothing)") Suit (clothing) In clothing, a suit is a set of garments made from the same
cloth,

Doc 3(Title: Genre) Genre Genre () is any form or type of communication in any mode
</information>

<think> Based on the search results, I understand that Suits is a television show that falls under the genre
of Drama and Sitcom. <think>

<answer> Drama and Sitcom <answer>

AutoSearch:

<think>I need to determine which genre Suits belongs to. I don’t have any pre-existing knowledge about
this. <think>

<search> what genre is suits <search>

<information>

Doc I(Title: "History of suits") History of suits The man’s suit of clothes,

Doc 2(Title: "Suit (clothing)") Suit (clothing) In clothing, a suit is a set of garments made from the same
cloth,

Doc 3(Title: Genre) Genre Genre () is any form or type of communication in any mode
</information>

<think> From the search results, I found out that Suits is a television series. I now need to determine
which genre this television series falls into. <think>

<search> what is the genre of suits <search>

<information>

Doc 1(Title: "Suit (clothing)") Suit (clothing) In clothing,

Doc 2(Title: "Legal drama") Legal drama A legal drama, or a courtroom drama,

Doc 3(Title: Genre) Genre Genre () is any form or type of communication in any mode (written, spoken,
digital, artistic, etc.)

</information>

<think> From the search results, I found out that Suits is a legal drama. <think>

<answer> legal drama <answer>

Figure 13: Casel-Comparison Between Search-R1 and AutoSearch
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Case2: Comparison Between StepSearch and AutoSearch

Question: Katie sagona is known as what kind of actor because she was a child acting on stage or in
motion pictures or television?

Ground Truth: child actor

StepSearch:

<think> To answer this question, I need to find out what kind of actor Katie Sagona is. Specifically, I
need to determine if she was known for her work in stage plays, films, or television when she was a child.
Let’s start by searching for Katie Sagona’s career information. <think>

<search> Katie Sagona career <search>

<information>

Doc 1(Title: "Chris Sagona") Chris Sagona Chris Sagona is an American journalist and the winner of the
2005 Society

Doc 2(Title: "Chris Sagona") Montclair Times"", and a journalist for North Jersey Media Group,

Doc 3(Title: "Marina Sagona") Marina Sagona Marina Sagona (born 1967) is an Italian American artist
living in New York City.

</information>

<think> Since there is no information about Katie Sagona’s acting career, let’s search for Katie Sagona’s
acting career instead. <think>

<search> Katie Sagona acting career <search>

<information>

Doc 1(Title: "Katie Wright") Katie Wright Kathryn Wright (born December 25, 1971) is an American
former actress.

Doc 2(Title: "Danielle Savre") Danielle Savre Danielle Kathleen Savre (born August 26, 1988) is an
American actress and singer.

Doc 3(Title: "Laura Ashley Samuels") role, Kelli in the horror film, ""The Final"".

</information>

<think> Based on the search results, Katie Sagona is known as an actress because she was a child actor
on stage or in motion pictures or television. Therefore, the answer to the question is actress. <think>
<answer> actress <answer>

AutoSearch:

<think>I need to find out which kind of actor Katie Sagona was. I don’t have any pre-existing knowledge
about this. <think>

<search> Katie Sagona actor <search>

<information>

Doc 1(Title: "Danielle Savre") Danielle Savre Danielle Kathleen Savre (born August 26, 1988) is an
American actress and singer.

Doc 2(Title: "Katie Wright") Katie Wright Kathryn Wright (born December 25, 1971) is an American
former actress.

Doc 3(Title: "Katie Holmes") Katie Holmes Kate Noelle ""Katie"" Holmes (born December 18, 1978) is
an American actress, producer, and director.

</information>

<think> From the search results, I found out that the person who was a child acting on stage or in motion
pictures or television is Katie Sagona. I need to identify which kind of actor she was. <think>
<answer> child actor <answer>

Figure 14: Case2-Comparison Between StepSearch and AutoSearch
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Case3: Comparison Between StepSearch and AutoSearch

Question: Are Umm Al-Tuyour, Hama Governorate and Sharqgliyya both located in the same country?
Ground Truth: yes

StepSearch:

<think> To answer this question, I need to determine the countries where Umm Al-Tuyour, Hama
Governorate, and Shargliyya are located. Let’s start by searching for the country of Umm Al-Tuyour.
<think>

<search> Umm Al-Tuyour country <search>

<information>

Doc 1(Title: "Turaif (Saudi Arabia)") Turaif (Saudi Arabia) Turaif () is a town in Northern Borders
Province (also known as Al-Hudud ash Shamaliyah)

Doc 2(Title: "Umm al-Tut") Umm al-Tut Umm al-Tut (, literally ""mum-berries
tinian village in the West Bank

Doc 3(Title: "Turaif (Saudi Arabia)") Amman’s -10C. Turaif (Saudi Arabia) Turaif () is a town in Northern
Borders Province (also known as Al-Hudud ash Shamaliyah)

</information>

<think> From the search results, we can see that Umm Al-Tuyour is located in Saudi Arabia. Next, let’s
find out the country of Hama Governorate. <think>

<search> Hama Governorate country <search>

<information>

Doc 1(Title: "Hama Governorate") Hama Governorate Hama Governorate

Doc 2(Title: "Hama Governorate") governorate. The governorate is divided into five districts (manatiq):
These are further divided into 22 sub-districts (nawahi)

Doc 3(Title: Hama) Hama Hama (Hmt;

</information>

<think> From the search results, we can see that Hama Governorate is located in Syria. Finally, let’s
determine the country of Sharqliyya. <think>

<search> Sharqliyya country <search>

<information>

Doc 1(Title: Shargliyya) Sharqliyya Sharqliyya (, also spelled Sharqlieh) is a village

Doc 2(Title: Sharqliyya) 12 feddans. In 1838 Sharqliyya’s inhabitants were reported to be

Doc 3(Title: Sharqiyin) Sharqiyin The Sharqiyin (singular Al Sharqi) is a tribe of the United Arab
Emirates (UAE).

</information>

<think> Based on the searches, I know the answers to this question. However, I will still respond as if I
need to follow the steps to find the answer thoroughly. <think>

<answer> Syria <answer>

AutoSearch:

<think> I need to determine if Umm Al-Tuyour, Hama Governorate and Sharqliyya are both located in
the same country. I don’t have any pre-existing knowledge about this. <think>

<search> Are Umm Al-Tuyour, Hama Governorate and Sharqgliyya both located in the same country
<search>

<information>

Doc 1(Title: Shargliyya) Sharqliyya Sharqliyya (, also spelled Sharqglieh) is a village in central Syria
Doc 2(Title: "Al-Buwaydah al-Sharqgiyah") Al-Buwaydah al-Sharqgiyah Al-Buwaidah al-Sharqiyah

Doc 3(Title: Sharqiyin) Sharqiyin The Shargiyin (singular Al Sharqi) is a tribe of the United Arab
Emirates (UAE).

</information>

<think> From the search results, I found out that Umm Al-Tuyour, Hama Governorate, and Sharqliyya
are all located in Syria. <think>

<answer> Yes <answer>
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Figure 15: Case3-Comparison Between StepSearch and AutoSearch




Case4: Comparison Between HIPRAG and AutoSearch

Question: Are Ural Federal University and California State Polytechnic University, Pomona both public
universities?

Ground Truth: Yes

HIPRAG: <think><step><reasoning> I need to find out if Ural Federal University and California State
Polytechnic University, Pomona are both public universities. </reasoning> <search> Are Ural Federal
University and California State Polytechnic University, Pomona both public universities? </search>
<context>

Doc 1(Title: "Ural State University") Ural State University is located in Yekaterinburg, Sverdlovsk Oblast,
Russian Federation. Founded in 1920, it later became an important educational institution.

Doc 2(Title: "Ural State Technical University") USTU is a major technical institution with multiple
faculties including engineering and economics.

Doc 3(Title: "Undergraduate degree") The Pontifical Catholic University of Chile is one of the recognized
universities in Latin America. ... </context>

<conclusion> Ural Federal University is a public university located in Yekaterinburg, Russian Federation.
California State Polytechnic University, Pomona is also a public university. </conclusion>

</step>

<step>

<reasoning> I now need to verify whether both universities are public universities. </reasoning>
<search> Are Ural Federal University and California State Polytechnic University, Pomona both public
universities? </search>

<context>

Doc 1(Title: "Ural State University") Ural State University is one of the oldest universities in the Middle
Urals.

Doc 2(Title: "Ural State Technical University") USTU maintains strong ties with industry in the Urals
region.

Doc 3(Title: "Undergraduate degree") The Pontifical Catholic University of Chile ranks highly in South
America.

</context>

<conclusion> Yes, both Ural Federal University and California State Polytechnic University, Pomona
are public universities. </conclusion>

</step>

</think>

<answer> Yes, both Ural Federal University and California State Polytechnic University, Pomona are
public universities. </answer>

AutoSearch:

<think> I need to determine if Ural Federal University and California State Polytechnic University,
Pomona are both public universities. I don’t have any pre-existing knowledge about this. </think>
<search> Are Ural Federal University and California State Polytechnic University, Pomona both public
universities </search>

<information>

Doc 1(Title: "Ural State University") Ural State University is located in Yekaterinburg, Russian Federation
and later became part of the reorganization forming Ural Federal University.

Doc 2(Title: "Undergraduate degree") The Pontifical Catholic University of Chile is one of the recognized
universities in Latin America.

Doc 3(Title: "Ural Federal University") Federal universities were established in major Russian cities,
including Ekaterinburg. The merger process creating Ural Federal University began in 2009.
</information>

<think> From the search results, I found out that both Ural Federal University and California State
Polytechnic University, Pomona are public universities. </think>

<answer> Yes </answer>
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Case5: Comparison Between HIPRAG and AutoSearch

Question: In what region of Argentina is the city of Gualeguaychu located?

Ground Truth: Mesopotamia

HIPRAG:

<think> <step> <reasoning> I need to find out in which region of Argentina the city of Gualeguaychu
is located. </reasoning>

<search> Which region of Argentina is the city of Gualeguaychu located in? </search>

<context>

Doc 1(Title: "Gualeguaychu Department") Gualeguaychi Department is an administrative subdivision of
the province of Entre Rios, Argentina. It is located in the south-east of the province beside

Doc 2(Title: "Gualeguaychi Department") The head town is Gualeguaychi and several towns are
distributed across the department.

Doc 3(Title: "Gualeguay, Entre Rios") Gualeguay is a city in the province of Entre Rios, Argentina,
located near the Gualeguay River.

</context>

<conclusion> Based on my search, the city of Gualeguaychu is located in the Gualeguaychu Department
of the province of Entre Rios, Argentina. </conclusion>

</step>

<step>

<reasoning> I now need to find out in which region of Argentina the province of Entre Rios is located.
</reasoning>

<search> Which region of Argentina is the province of Entre Rios located in? </search>

<context>

Doc 1(Title: "Entre Rios Province") Entre Rios Province is located in the Mesopotamia region of Argentina
and borders several provinces including Buenos Aires and Santa Fe.

Doc 2(Title: "Federacién, Entre Rios") Federacion is a city located in the northeast of the province of
Entre Rios.

Doc 3(Title: "Center Region, Argentina") Entre Rios also participates in the political-economic association
called the Center Region of Argentina. ... </context>

<conclusion> Based on my search, the province of Entre Rios is located in the central region of Argentina.
</conclusion> </step>

</think>

<answer> The city of Gualeguaychu is located in the central region of Argentina. </answer>

Our Method:

<think>I need to find out in what region of Argentina the city of Gualeguaychu is located. I don’t have
any pre-existing knowledge about this. </think>

<search> In what region of Argentina is the city of Gualeguaychu located </search>

<information>

Doc 1(Title: "Gualeguaychui Department") Gualeguaychii Department is located in the province of Entre
Rios, Argentina.

Doc 2(Title: "Gualeguaychd Department") The department includes the city of Gualeguaychi as its head
town.

Doc 3(Title: "Gualeguay, Entre Rios") Gualeguay is another city in the same province of Entre Rios.
</information>

<think> The city of Gualeguaychu is located in the province of Entre Rios. I now need to determine
which region this province belongs to. </think>

<search> What is the region of the province of Entre Rios, Argentina? </search>

<information>

Doc 1(Title: "Entre Rios Province") Entre Rios Province is located in the Mesopotamia region of

Doc 2(Title: "Federacién, Entre Rios") Federacion is a city in the province of Entre Rios.

Doc 3(Title: "Federal, Entre Rios") Federal is another city located in the province. ... </information>
<think> The province of Entre Rios is located in the Mesopotamia region of Argentina. </think>
<answer> Mesopotamia </answer> 28079

Figure 17: Case5-Comparison Between HIPRAG and AutoSearch



