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Abstract

Efficient retrieval of external knowledge bases and web pages
is crucial for enhancing the reasoning abilities of LLMs. Pre-
vious works on training LLMs to leverage external retrievers
for solving complex problems have predominantly employed
end-to-end reinforcement learning. However, these approaches
neglect supervision over the reasoning process, making it diffi-
cult to guarantee logical coherence and rigor. To address these
limitations, we propose Thinker, a hierarchical thinking model
for deep search through multi-turn interaction, making the
reasoning process supervisable and verifiable. It decomposes
complex problems into independently solvable sub-problems,
each dually represented in both natural language and an equiv-
alent logical function to support knowledge base and web
searches. Concurrently, dependencies between sub-problems
are passed as parameters via these logical functions, enhanc-
ing the logical coherence of the problem-solving process. To
avoid unnecessary external searches, we perform knowledge
boundary determination to check if a sub-problem is within the
LLM’s intrinsic knowledge, allowing it to answer directly. Ex-
perimental results indicate that with as few as several hundred
training samples, the performance of Thinker is competitive
with established baselines. Furthermore, when scaled to the
full training set, Thinker significantly outperforms these meth-
ods across various datasets and model sizes.

1 Introduction
Recently, large language models (LLMs) like GPT-4 have
demonstrated remarkable capabilities dealing with simple
tasks (OpenAI et al. 2024; Qwen et al. 2025). However, they
often fall short when handling complex tasks that require
in-depth investigation, information synthesis, and multi-step
reasoning. They not only face challenges in planning solution
pathways and integrating information from diverse sources
but are also prone to hallucinations (confidently fabricating
information when their knowledge is insufficient). To address
these limitations, a variety of methods (Wang et al. 2025;
Chen et al. 2025; Sun et al. 2025; Jin et al. 2025a; Zhang et al.
2025; Liang et al. 2025) have been proposed that focus on
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Figure 1: Typical problems with deep search methods based
on reinforcement learning training.

emulating a deep search process. Most training-based deep
search models are primarily built on reinforcement learning.
However, reinforcement learning struggles to constrain the
problem-solving process, especially for complex or hybrid
tasks. As illustrated in Figure 1, reinforcement learning based
deep search methods often suffer from typical problems such
as interleaved solving, unclear hierarchy, inconsistent granu-
larity, and inefficient search. These methods often resemble
an unstructured, freestyle approach. The reasoning process
lacks a systematic framework, is not logically rigorous, and
yields inconsistent results. In stark contrast, human experts
solve complex problems using a structured thinking process:
they first decompose a large problem into smaller, indepen-
dent sub-problems and then tackle them one by one (Pan et al.
2025). Inspired by this observation, we propose a hierarchi-
cal thinking framework to address the limitations of existing
deep search methods, improving the logic and rigor of the
problem-solving process.
Breadth Decomposition and Depth Solving. Direct retrieval
often proves insufficient for complex multi-hop problems, as
it fails to provide immediate answers. Consider, for example,
the question:“Which film has the director who died first, Hit
Parade Of 1947 or Khiladi 420?”. To address such issues,
we have devised a model based on breadth decomposition
and depth solving. At the breadth-level, the decomposition of
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complex problems into sub-problems is generally straightfor-
ward and typically does not require external knowledge. For
instance, the aforementioned example can be decomposed
into five constituent sub-problems: “Who is the director of
Hit Parade Of 1947?”, “When did #1 die?”, “Who is the
director of Khiladi 420?”, “When did #3 die?”, and “Which
film was directed by the director who died first according
to #2 and #4?”. At the depth-level, the resolution of each
individual sub-problem may require anywhere from 0 to M
(maximum number of searches) retrieval operations, contin-
gent upon its inherent complexity. The in-depth approach
provides a mechanism for augmenting sub-problems with
requisite external knowledge, a process crucial for achieving
their solvability.
Knowledge Boundary Determination. Most prior ap-
proaches (Asai et al. 2024; Gutierrez et al. 2024) initiate
retrieval for every problem or sub-problem, even when the
required information is already encoded in the LLM’s para-
metric knowledge. To prevent unnecessary and potentially
noisy retrieval, we introduce a knowledge boundary determi-
nation module. Prior to knowledge boundary determination,
the LLM first generates answers to the sub-problems. To
ensure the precision of this knowledge boundary determina-
tion, we employ two strategies: (1) prompt-based confidence
assessment and (2) likelihood-based confidence assessment.
Only when both conditions are satisfied is a sub-problem
deemed solvable without external retrieval, and the answer
generated by the LLM is directly adopted.
Dual Representation based Reasoning. Prior deep search
approaches (Wang et al. 2025; Chen et al. 2025; Sun et al.
2025; Jin et al. 2025a; Lewis et al. 2020; Li et al. 2025a),
when handling both problems and sub-problems, are re-
stricted to plain text representations, thereby preventing them
from effectively utilizing high-quality structured knowledge
bases. To address this issue, we introduce four logical forms
tailored to frequently encountered problems (see Appendix
B (Xu et al. 2025)). Each logical form comprises two com-
ponents: a natural language segment (Step) and a logical
function expression segment (Action). For generic retrievers
like E5 and BGE-M3, we can directly employ the content
within the logical form’s Step. Conversely, for structured
knowledge retrievers, the Action portion of the logical form
can be utilized. Crucially, the logical form facilitates the prop-
agation of dependencies among interdependent sub-problems.
For example, consider “Step1: Who is the director of Hit Pa-
rade Of 1947? Action1: Retrieval(s=s1:film[‘Hit Parade Of
1947’], p=p1:director, o=o1:director)” followed by “Step2:
When did #1 die? Action2: Retrieval(s=o1, p=p2:deathtime,
o=o2:deathtime)”. The variables #1 and o1 enable seamless
transfer of text and expressions from the outcome of the first
planning step. In this manner, the logical form enhances the
logic, rigor, and stability of the LLM’s reasoning.

In summary, the main contribution of this work is as fol-
lows:
• We introduce a hierarchical deep search method that en-

hances logical rigor in complex problem-solving through
multi-turn interaction. The method innovatively employs
a dual representation of natural language and logical func-
tions for effective knowledge base and web retrieval dur-

ing breadth decomposition and depth solving, while a
knowledge boundary detection module minimizes unnec-
essary external searches to boost overall performance.

• Our model significantly outperforms established baselines
across various datasets and model sizes. Furthermore,
our approach demonstrates remarkable sample efficiency,
achieving performance competitive with established base-
lines while using only a few hundred training samples.

2 Related Work
LLMs often lack domain-specific knowledge and are prone to
hallucinations. To mitigate these limitations, external knowl-
edge bases and search engines are widely integrated to supply
external information. Several retrieval-augmented generation
(RAG) methods have been proposed (Jeong et al. 2024; Islam
et al. 2024; Tang et al. 2025; Borgeaud et al. 2022; Dong
et al. 2023; Luo et al. 2024; Li et al. 2025b; Yang et al.
2025; Reichman and Heck 2024). However, these methods
are reliant on a monolithic, single-pass retrieval step, which
often yields responses based on incomplete or superficial
evidence. To mitigate these shortcomings, deep search meth-
ods have been developed. These methods enhance RAG by
operationalizing an iterative search-read-reason-refine cycle.
This process persists until a predefined termination criterion
is met, thereby optimizing for more comprehensive and accu-
rate outcomes. Existing deep search strategies can be broadly
categorized into two paradigms (Jeong et al. 2024; Islam
et al. 2024; Tang et al. 2025; Wang et al. 2025; Chen et al.
2025; Sun et al. 2025; Wu et al. 2024): (1) API-driven sys-
tems that leverage task decomposition and planning, often
employing multi-agent architectures to orchestrate retrieval
decisions; and (2) Interaction-trained models, where LLMs
are fine-tuned, typically via reinforcement learning, for more
seamless and effective retriever interaction. Despite these in-
novations, a paramount challenge lies in the opacity of their
intermediate reasoning steps, which impedes verifiability and
can compromise the logical integrity of the solution path.

3 Approach
We propose a deep search method based on hierarchical think-
ing and multi-turn interaction, as shown in Figure 2.

3.1 Breadth Decomposition and Depth Solving
Complex multi-hop problems usually need to be broken down
to be solved. Our method decomposes problems into two
parts: breadth decomposition, which ensures that the main
problem and sub-problems remain logical and precise, and in-
depth solving, which ensures that sub-problems are provided
with sufficient knowledge to be solved.
Breadth Decomposition We decompose complex problems
breadth-wise into n atomic granularity sub-problems, with
our decomposition instruction template detailed in Appendix
L (Xu et al. 2025). We define four logical form functions
(Retrieval, Math, Deduce, and Output), each dedicated to
handling specific tasks: retrieval-focused problems, mathe-
matical computation and causal reasoning tasks, and results
aggregation functions. As shown in Figure 2, our breadth
decomposition divides the original question into five logical
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NQ/HotpotQA

Which	film	has	
the	director	who	
died	first,	Hit	
Parade	Of	1947	
or	Khiladi	420?

Step1:	Who	is	the	director	of	Hit	Parade	Of	1947?Action1:	
Retrieval(s=s1:film[`Hit	Parade	Of	1947`],	p=p1:director,	
o=o1:director)

Step4:	When	did	#3	die?
Action4:	Retrieval(s=o3,	p=p4:deathtime,	o=o4:deathtime)

Step5:	Which	film	was	directed	by	the	director	who	died	
first	according	to	#2	and	#4?Action5:	Deduce(op=choice,	
content=[`o2`,`o4`],	target=`which	film	was	directed	by	the	
director	who	died	first	according	to	o2	and	o4`)->o5

Step2:	When	did	#1	die?
Action2:	Retrieval(s=o1,	p=p2:deathtime,	o=o2:deathtime)

Step3:	Who	is	the	director	of	Khiladi	420?
Action3:	Retrieval(s=s3:film[`Khiladi	420`],	p=p3:director,	
o=o3:director)

Breadth	DecompositionInput

You	are	an	expert	in	function	calls,	capable	of	…
Function	Name:	Retrieval…
Function	Name:	Math…
Function	Name:	Deduce…
Function	Name:	Output…

Breadth	Decomposition	Prompts

<search>Step1:	Who	is	the	director	of	Hit	Parade	Of	
1947?\nAction1:	Retrieval(s=s1…)</search>

<think> The information is about the film “Hit …, but I need
to find the director of the 1947 film. I will refine the search
…</think><search>Step1: Who directed the 1947 film Hit
Parade? \nAction1: Retrieval(s=s1)</search>

<think>	After	searching,	I	have	found	that	the	director	of	…	
is	Frank	McDonald.	I	will	now	provide	the	answer	</think>	
<answer>	\\boxed	{Frank	McDonald}</answer>

<references>[0]Hit Parade of 1941…[1]The Hit Parade (film
)…[2]Your Hit Parade…<references>

Depth	Solving

LLMs

Data Evaluation

M
#1:	Frank	M

cDonald

Answer	Generation:	Can	you	answer	the	following	question	
step	by	step?...->Mary	Loos
Prompt-based	Confidence	Assessment:	Analyze	whether	the	
answer	to	the	following	question	is	correct?...->True
Likelihood-based	Confidence	Assessment:->False
Conclusion:	Search

Knowledge	Boundary	Determination

Figure 2: Overview of the Thinker model that uses hierarchical thinking through a multi-turn reasoning process. During problem
breadth decomposition, all sub-problems are obtained in a single decomposition pass, where each sub-problem is an atomic
problem that can be solved independently. Herein, the terms Step and Action maintain semantic consistency, both denoting
such a sub-problem. Within problem breadth decomposition, Step employs #n for answer propagation of the n-th sub-problem,
while Action binds variables in logical function (e.g., on, sn) for variable transmission. By determining the knowledge boundary
of the sub-problem, it is decided whether to utilize the base model’s answer or to generate a deep retrieval. During depth
solving of sub-problems, the system sequentially executes retrieval, focusing, and reasoning in iterative processes until either the
sub-problem answer is obtained or the maximum solving attempt threshold is activated.

forms of atomic granularity, each independently solvable.
The dependency variables are propagated between logical
forms by function variable #n, on, and sn. This approach en-
sures logically coherent question-solving while maintaining
consistent sub-question granularity. To ensure compatibil-
ity with both natural language and logical form retrievers
during sub-question solving, each sub-question adopts dual
representations, Step and Action, that maintain semantic
equivalence.

Depth Solving Constrained by sub-problem representations
and retriever capabilities, many sub-problems defy resolution
through single-turn retrievals. We have engineered a depth-
oriented resolution strategy for the Retrieval sub-problem, as
detailed in the right part of Figure 2. During depth solving, we
prompt the LLM to iteratively search across multi-level and
multi-dimensional contexts. The iterative process continues
until one of the following conditions is met: (1) the maxi-
mum number of turns is reached, or (2) the model generates
a conclusive response enclosed between the designated an-
swer tokens <answer> and </answer>. Before conducting
depth solving of the Retrieval sub-problem, we first perform
a knowledge boundary determination on the sub-problem to

assess whether the LLM can directly answer it. If the LLM
can confidently answer the current sub-problem, there is no
need for depth solving, and the answer can be directly ob-
tained; otherwise, a depth solving process will be initiated.
After retrieving relevant content, we conduct focusing and
reasoning analysis, allowing the model to determine contex-
tually whether to initiate the next action. If a subsequent
action is required, a new logical form is generated; otherwise,
the sub-question answer is produced. This process iterates
interactively until either the maximum number of turns is
reached or the sub-question answer is obtained.

3.2 Knowledge Boundary Determination
Exhaustive retrieval for every sub-problem introduces sig-
nificant computational overhead and noise, causing more
hallucinations. To mitigate these challenges, we introduce
the Generate First, Then Assess strategy. This approach
mandates that the model first attempts to formulate a direct
answer to the sub-problem using its internal knowledge, as
guided by the prompt detailed in Appendix M (Xu et al.
2025). Subsequently, the reliability of this initial response is
evaluated via a hybrid confidence assessment that combines
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both prompt-based and likelihood-based methods. The final
confidence is determined to be True if and only if both meth-
ods independently yield a True assessment. If the confidence
level is deemed sufficient, this internally generated answer is
adopted as the final solution.
Prompt-based Confidence Assessment. We introduce a
prompt-based methodology for confidence assessment that
employs introspective verification. This interactive procedure
enables the model to leverage its internal knowledge for the it-
erative self-assessment of its generated answers, culminating
in a binary classification of True or False.

Question: AutoTrader.co.za is a site for the company … 
that was founded by whom?
Ground Truth: John Madejski
Answer Generation: Johann Rupert
Prompt-based Confidence Assessment: True
Likelihood-based Confidence Assessment: False

Figure 3: The probability distribution of the answer tokens.

Likelihood-based Confidence Assessment. Likelihood-
based confidence assessment evaluates the reliability of a
model’s generated response by leveraging the probabili-
ties of its output tokens. As illustrated in Figure 3, given
a sub-problem input x, the model first extracts the criti-
cal content enclosed within \boxed{} from its response.
This extracted content is formulated as a target sequence
y = {y1, y2, . . . , yT }, where T is the sequence length. Dur-
ing the auto-regressive generation process, each token yt
(t = 1, 2, . . . , T ) is associated with a conditional probability
P (yt | x, y<t). This term represents the likelihood of gen-
erating yt given the input x and the preceding context y<t.
While these token-level probabilities can, in principle, serve
as a basis for confidence evaluation, a naive averaging of
these values is an inadequate strategy. This is because high-
frequency tokens (e.g., “the”, “of”) inherently possess high
generation probabilities but contribute minimally to assessing
the model’s certainty regarding the core semantic content. To
more effectively capture moments of high uncertainty dur-
ing generation, we adopt a minimum probability criterion.
We define the confidence score C as the lowest probability
among all tokens in the target sequence:

C = min{p(y1 | x), p(y2 | y<2,x), . . . , p(yT | y<T ,x)}

The reliability of a generated answer is assessed by compar-
ing its confidence score, C against a predefined threshold,
τ . An answer is classified as reliable (True) if C ≥ τ , and
unreliable (False) otherwise.

3.3 Focusing and Reasoning
During knowledge boundary determination, we ascertain
whether a sub-question requires retrieval. After executing
retrieval, we need to assess if the current retrieval results
can adequately address the sub-problem. Therefore, we have
designed Focusing and Reasoning modules to fulfill this
purpose. Focusing and Reasoning are primarily designed
to analyze retrieved references, with their data construction
methodology as detailed in Appendix N (Xu et al. 2025). Sub-
sequently, based on the answer and reason from the Output
section of Appendix N (Xu et al. 2025), we employ LLMs to
perform conditional restructuring, ultimately embedding the
restructured content into the designated <think> within the
depth-solving module.

3.4 Multi-Turn Interactive Training
We conduct supervised fine-tuning of the deep search rea-
soning process through multi-turn interaction data. Detailed
descriptions of the complete training samples and the cor-
responding data construction methodology can be found in
Appendix K (Xu et al. 2025) and Appendix A (Xu et al.
2025), respectively. The supervised fine-tuning procedure for
multi-turn interactions closely follows that of the single-turn
setting. Specifically, each entire interaction sequence, rep-
resented as [S,U1, A1, ..., Un, An], is concatenated. Where
Si, Ui, and Ai denote the System, User, and Assistant con-
tents, respectively. The cross-entropy loss is computed solely
over the assistant’s response tokens (A1...An), after which
the losses are averaged. This approach is computationally
efficient due to its compatibility with parallel processing, and
it maximizes the utility of the data by incorporating supervi-
sion at every assistant turn. This supervised learning strategy
enables the model to acquire and adapt to specific response
styles, thereby facilitating customization for specialized do-
mains such as medicine, law, and finance.

4 Experiments
4.1 Experimental Settings
Benchmarks. Our experiments are conducted on 7 widely-
used datasets. The dataset comprises two primary categories:
(1) Single-Hop 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), 2WikiMul-
tiHopQA (Ho et al. 2020), Musique (Trivedi et al. 2022),
and Bamboogle (Press et al. 2023). Our evaluation set
maintains methodological consistency with established prior
works (Chen et al. 2025; Jin et al. 2025a).
Comparison Methods. We establish a three-tiered evaluation
model comprising the following baselines: (1) Non-Retrieval
Paradigms Naive Generation: Direct answer synthesis with-
out external knowledge integration; Chain-of-Thought (CoT):
Explicit cognitive pathway formalization through sequential
reasoning traces (Wei et al. 2022). (2) Retrieval-Augmented
Architectures Naive RAG: Standard retrieval-generation
pipeline without iterative optimization (Lewis et al. 2020);
IRCoT: Multi-cycle retrieval-reasoning coordination with
dynamic feedback mechanisms (Trivedi et al. 2023); Search-
o1: Agent-mediated search workflow integration in reason-
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LLMs Methods Single-Hop QA Multi-Hop QA Avg
NQ† TriviaQA∗ PopQA∗ HotpotQA† 2Wiki∗ MuSiQue∗ Bamboogle∗

Q
w

en
2.

5-
3B

-I
ns

tr
uc

t
Naive Generation 0.106 0.288 0.108 0.149 0.244 0.020 0.024 0.134
CoT 0.023 0.032 0.005 0.021 0.021 0.002 0.000 0.015
Search-o1 0.238 0.472 0.262 0.221 0.218 0.054 0.320 0.255
IRCoT 0.111 0.312 0.200 0.164 0.171 0.067 0.240 0.181
Naive RAG 0.348 0.544 0.387 0.255 0.226 0.047 0.080 0.270
R1-Gen 0.210 0.449 0.171 0.208 0.275 0.06 0.192 0.224
Search-R1 0.341 0.545 0.378 0.324 0.319 0.103 0.264 0.325
ZeroSearch 0.414 0.574 0.448 0.274 0.300 0.098 0.111 0.317
StepSearch - - - 0.345 0.320 0.174 0.344 -
ReSearch 0.352 0.544 0.421 0.356 0.331 0.159 0.280 0.349
Thinker(ours) 0.439 0.598 0.469 0.400 0.469 0.214 0.424 0.430

Q
w

en
2.

5-
7B

-I
ns

tr
uc

t

Naive Generation 0.134 0.408 0.140 0.183 0.250 0.031 0.120 0.181
CoT 0.048 0.185 0.054 0.092 0.111 0.022 0.232 0.106
Search-o1 0.151 0.443 0.131 0.187 0.176 0.058 0.296 0.206
IRCoT 0.224 0.478 0.301 0.133 0.149 0.072 0.224 0.226
Naive RAG 0.349 0.585 0.392 0.299 0.235 0.058 0.208 0.304
R1-Gen 0.270 0.537 0.199 0.237 0.292 0.072 0.293 0.271
Search-R1 0.393 0.610 0.397 0.370 0.414 0.146 0.368 0.385
ZeroSearch 0.436 0.652 0.488 0.346 0.352 0.184 0.278 0.391
StepSearch - - - 0.386 0.366 0.226 0.400 -
ReSearch 0.407 0.611 0.423 0.419 0.412 0.205 0.400 0.411
Thinker(ours) 0.450 0.642 0.484 0.421 0.469 0.221 0.480 0.452

Table 1: EM performance of different models. The best performance is set in bold. †/∗ represents in-domain / out-domain datasets.
In contrast to other baselines, StepSearch and ReSearch employ the Musique dataset for training.

ing processes (Li et al. 2025a). (3) Reinforcement Learn-
ing Models R1-Gen: Pure RL-optimized generation with-
out search engine interfacing (DeepSeek-AI et al. 2025);
Search-R1: Multimodal trajectory optimization combining
search interactions with reasoning steps (Jin et al. 2025a); Ze-
roSearch: Supervised LLM transformation into dual-function
retrieval module (relevant/noisy document generation) (Sun
et al. 2025); StepSearch: PPO-based search LLM training
with incremental exploration (Wang et al. 2025).
Implementation Details. To maintain consistency with pre-
vious work, we selected NQ and HotpotQA as our training
datasets. Using the data construction and evaluation frame-
works outlined in Appendices A and C (Xu et al. 2025),
we obtained a total of 71K training samples. All compari-
son methods use the same base model. We employ E5-base-
v2 (Wang et al. 2024) as the retriever and utilize Wikipedia
data from December 2018 as the knowledge base (Karpukhin
et al. 2020). All corpus indexing and embedding processes
are pre-processed using FlashRAG (Jin et al. 2025b). Except
for ReSearch, which retrieves the top 5 documents for each
question, all other methods retrieve the top 3 documents. For
additional implementation details, please refer to Appendix
D (Xu et al. 2025).

4.2 Main Results
We evaluated our model on seven widely used benchmark
datasets. Here, to maintain consistency with the retriever
components of other baseline methods, we conduct plain
text retrieval using the “Step” content from the logical form.
Table 1 presents the comparisons between our model and
other baselines. As the results show, our model significantly
outperforms the baselines at both the 3B and 7B scales. The

improvement is particularly notable for the 3B model, which
achieves an average 7.9% gain over the Research baseline.
This is because the 3B model’s low-quality RL rollouts strug-
gled to produce correct answers. Compared to baselines with-
out retrieval, the performance of our model exceeds Naive
Generation and CoT by an average of 27. 1% and 34. 6%,
respectively, in seven datasets. The primary reason for the im-
provement is that, within these datasets, retrieval is essential,
as LLMs struggle to directly answer these questions accu-
rately without access to relevant information. Compared to
retrieval-augmented methods, our model outperforms Search-
o1, IRCoT, and Naive RAG by average margins of 24.6%,
22.6%, and 14.8%, respectively. These enhancements are pri-
marily attributed to our model’s implementation of breadth
decomposition and depth solving, enabling it to learn how to
leverage the retriever more effectively—particularly during
deep retrieval, where the generated queries align well with
the retriever’s capabilities. In comparison to reinforcement
learning-based approaches, it can be observed that our model
outperforms the previous state-of-the-art model, ReSearch,
by an average of 4.1% in EM score across seven datasets.
Specifically, it improves by an average of 4.5% on single-hop
datasets and by an average of 3.9% on multi-hop datasets.
The primary reason is that our breadth decomposition and
depth solving model enables the decomposition of questions
into atomic granularity, thereby reducing the complexity in-
volved in model retrieval and answering.

The logical coherence and rigor of different deep search
models are evaluated using four defined metrics: Logical
Hierarchy (Hier), Interleaved Solving (Intrlv), Granularity
Consistency (Gran), and Search Efficiency (Eff) (see Ap-
pendix E (Xu et al. 2025) for detailed definitions). For this
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evaluation, GPT-4 is employed to assess the reasoning pro-
cesses on the HotpotQA test set. The results, presented in
Table 2, indicate that the performance of Thinker in logi-
cal coherence and rigor is significantly superior to that of
ReSearch and Search-R1 across these dimensions.

Methods Hier Intrlv Gran Eff Overall
Search-R1 0.813 0.955 0.852 0.903 0.638
ReSearch 0.872 0.967 0.877 0.922 0.705
Thinker 0.975 0.989 0.955 0.958 0.904

Table 2: The accuracy of logical coherence and rigor across
different models on HotpotQA.

4.3 Model Ablation Studies
To evaluate the contribution of each component within
Thinker (Qwen2.5-7B-Instruct), we conduct an ablation study
across seven datasets (cf. Table 3). The removal of the depth
solving component causes the most significant performance
degradation, resulting in a 3.7% drop in the average EM
score. This is primarily because depth solving retrieves suffi-
cient external knowledge for each sub-problem, which is cru-
cial for improving its solution accuracy. In contrast, ablating
the focusing and reasoning module results in a slight perfor-
mance decrease. Furthermore, while removing the knowledge
boundary determination has a minimal impact on overall per-
formance, it significantly reduces unnecessary retrievals (cf.
Table 7). A similar observation applies to the logical function
(the Action part of a sub-problem): although its contribution
to overall performance is negligible, its role is indispensable
for enhancing performance within the graph-retrieval-enabled
framework.

Avg
Thinker 0.452

- depth solving 0.415
- knowledge boundary determination 0.447
- focusing & reasoning 0.445
- logical function 0.449

Table 3: Model ablation studies (average EM score).

4.4 Sensitivity Analysis
To validate the robustness of Thinker (Qwen2.5-7B-Instruct),
we conduct a series of sensitivity analysis experiments. As
shown in Table 4, we evaluate the performance of Thinker
with varying numbers of training samples. We observe that
even with only 1% of the data, which corresponds to just a few
hundred samples, the performance is already close to SOTA
method (ReSearch Avg: 0.411). As the sample size increases,
the performance also shows a gradual improvement. This
also demonstrates that our multi-turn interaction approach
significantly reduces training costs.

Table 5 illustrates the impact of the maximum search depth
per sub-problem on EM performance. The results indicate a
significant performance degradation when the model is lim-
ited to a single search. In contrast, the performance stabilizes

Dataset 1% 10% 20% 50% 80% 100%
NQ 0.388 0.441 0.439 0.453 0.452 0.450
TriviaQA 0.602 0.614 0.620 0.627 0.625 0.642
PopQA 0.438 0.469 0.472 0.478 0.475 0.484
HotpotQA 0.377 0.408 0.412 0.414 0.412 0.421
2Wiki 0.413 0.438 0.461 0.471 0.470 0.469
MuSiQue 0.200 0.212 0.214 0.216 0.221 0.221
Bamboogle 0.424 0.432 0.448 0.472 0.456 0.480
Avg 0.406 0.431 0.438 0.447 0.444 0.452

Table 4: Impact of the number of training samples.

once the maximum search count is two or greater. Notably,
we find that single-hop datasets are insensitive to retrieval
depth. This is primarily because the sub-problems in these
tasks are relatively straightforward, allowing the majority of
answers to be retrieved directly.

Dataset D=1 D=2 D=3 D=4 D=5
NQ 0.427 0.438 0.437 0.440 0.450
TriviaQA 0.627 0.632 0.627 0.630 0.642
PopQA 0.464 0.470 0.470 0.470 0.484
HotpotQA 0.375 0.420 0.410 0.408 0.421
2Wiki 0.421 0.456 0.460 0.455 0.469
MuSiQue 0.181 0.230 0.225 0.225 0.221
Bamboogle 0.408 0.448 0.464 0.448 0.480
Avg 0.415 0.442 0.442 0.439 0.452

Table 5: Impact of the maximum number of depth searches.

To evaluate the performance of the knowledge boundary
determination, we conduct an analysis on the test sets of Trivi-
aQA and Bamboogle, with the results presented in Table 7. In
our evaluation, EM=1 signifies a correct prediction, whereas
EM=0 signifies an incorrect one. In cases where EM=1, we
assume that all decisions not to retrieve are accurate, as the
LLM successfully answers the sub-question using its inter-
nal knowledge, which results in an overall accuracy of 1 for
this subset. Conversely, in the EM=0 samples, there is a no-
table reduction in sub-questions for which retrieval is deemed
unnecessary. In summary, the integration of the knowledge
boundary determination module leads to 16.0% and 17.8%
reductions in search queries on TriviaQA and Bamboogle,
respectively. However, for instances where EM=0, assessing
the correctness of a no-retrieval determination is challenging.
To calculate its accuracy under this condition, we employ a
dual verification process using Qwen2.5-72B-Instruct and
DeepSeek-R1-Distill-32B. A no-retrieval determination is
considered correct only if both models concur that the an-
swer generated by Thinker based on its internal knowledge
is accurate. As shown in Table 7, our knowledge boundary
determination achieves an accuracy of 96.9% on TriviaQA
and 97.8% on Bamboogle.

4.5 Thinker with KAG
Our dual representation of sub-problems enables better uti-
lization of high-quality knowledge bases. To validate this
hypothesis, we create KAG-Thinker by applying the Thinker
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Methods Size Retriever HotpotQA MusiQue 2Wiki Avg
EM F1 EM F1 EM F1 EM F1

Search-R1 7B BGE-M3 0.545 0.676 0.307 0.403 0.517 0.589 0.456 0.556
ReSearch 7B BGE-M3 0.538 0.671 0.322 0.423 0.555 0.633 0.472 0.576
Thinker (ours) 7B BGE-M3 0.538 0.664 0.337 0.442 0.596 0.657 0.490 0.588
KAG-Thinker (ours) 7B Hybrid Graph Retriever 0.568 0.698 0.350 0.469 0.644 0.711 0.520 0.626

Table 6: Performance of different models within a self-built corpus. All retrievers retrieve the top 3 documents.
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Figure 4: Performance of Thinker with Reinforcement Learning vs. Training Steps. (a) Average reward during the RL training.
(b) Average model response length. (c) Average EM score across seven datasets. (d) Average F1 score across seven datasets.

Dataset EM = 1 EM = 0 All
KBD Acc KBD Acc KBD Acc

TriviaQA 0.216 1.000 0.065 0.794 0.160 0.969
Bamboogle 0.234 1.000 0.124 0.938 0.178 0.978

Table 7: Retrieval rate reduction from knowledge boundary
determination (KBD).

model within the KAG framework (Liang et al. 2024). The
multi-turn interactive reasoning framework of KAG-Thinker
is depicted in Appendix G (Xu et al. 2025). To maintain
consistency with KAG, we continue to use its test set, with
1,000 examples each from HotpotQA, Musique, and 2Wiki
(consistent with HippoRAG (Gutierrez et al. 2024)). The data
for our self-built corpus are entirely derived from the support-
ing facts of these three datasets, totaling 26,990 documents.
Within the self-built corpus, and utilizing the same retriever
and retrieved documents, our Thinker model still outperforms
ReSearch and Search-R1 across three multi-hop datasets. For
a fair comparison against the baselines, the original Thinker
model could only perform pure text retrieval with BGE-M3
for natural language steps in its logical form, even for opera-
tions like Deduce and Math. However, the KAG framework
robustly supports these operations. Table 6 illustrates that
KAG-Thinker, operating within the KAG framework, shows
a marked improvement over Thinker, with average EM and
F1 scores increasing by 3.0% and 3.8%, respectively. KAG-
Thinker achieves these enhancements by leveraging two key
features from the KAG framework: the hybrid graph retriever
(HGR) and native support for Math and Deduce.

4.6 Thinker with Reinforcement Learning
To explore the potential of the Thinker model, we apply rein-
forcement learning initialized from the optimal SFT model.
For implementation details, please see Appendix D (Xu et al.

2025). As illustrated in Figure 4, our experiments show sig-
nificant improvements. Figure 4(a) plots the training reward
curve, smoothed with a 40-step moving average, while Fig-
ure 4(b) tracks the average response length. Figure 4(c) and
(d) show the average EM and F1 scores on seven evaluation
datasets. The application of reinforcement learning yields a
substantial performance gain over the SFT baseline, increas-
ing the average EM score from 0.452 to 0.479. For a detailed
performance comparison on each dataset, please refer to
Appendix J (Xu et al. 2025). This improvement is strongly
correlated with the training reward, demonstrating RL’s abil-
ity to unlock latent model potential. Moreover, experiments
with output length constraints show that a more restrictive
8K limit, despite initial underperformance, ultimately outper-
forms the 16K counterpart, effectively promoting response
conciseness. Compared to deep search methods based on
a pure reinforcement learning algorithm, our SFT-then-RL
methodology not only preserves the logical consistency of
reasoning but also significantly boosts the model’s perfor-
mance. Ultimately, Thinker-RL performs inference in the
same way as Thinker.

5 Conclusion

In this paper, we propose a model for interactive thinking
and deep reasoning to solve complex problems. We find that
our model significantly outperforms previous methods across
various datasets and model sizes, and notably improves the
logical rigor in solving complex tasks. Through ablation stud-
ies and sensitivity analyses, we discover that our proposed
methods can achieve near-SOTA performance even when
trained on only a few hundred samples. Our approach of-
fers a systematic reasoning framework, making it particularly
well-suited for domains where logical rigor is paramount,
including medical diagnostics (cf. Appendix O (Xu et al.
2025)), legal compliance, and financial risk assessment.
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