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Abstract
The advent of Large Language Models (LLMs)
has significantly revolutionized web search.
The emergence of LLM-based Search Agents
marks a pivotal shift towards deeper, dynamic,
autonomous information seeking. These agents
can comprehend user intentions and environ-
mental context and execute multi-turn retrieval
with dynamic planning, extending search capa-
bilities far beyond the web. Leading examples
like OpenAI’s Deep Research highlight their
potential for deep information mining and real-
world applications. This survey provides the
first systematic analysis of search agents. We
comprehensively analyze and categorize exist-
ing works from the perspectives of architecture,
optimization, application, and evaluation, ul-
timately identifying critical open challenges
and outlining promising future research direc-
tions in this rapidly evolving field. Our repos-
itory is available on https://github.com/
YunjiaXi/Awesome-Search-Agent-Papers.

1 Introduction

The advent of Large Language Models (LLMs) has
ushered in a new era of natural language process-
ing, fundamentally transforming numerous fields,
including web search (Wang et al., 2024b; Zhao
et al., 2023; Hadi et al., 2023; Xi et al., 2025c;
Lin et al., 2025a, 2024; Xi et al., 2025b, 2024a).
As shown in Figure 1, Traditional Web Search
required users to manually select and consolidate
relevant information from a list of results (Lin et al.,
2021; Dai et al., 2021; Fu et al., 2023). With the
rise of LLMs, LLM-enhanced Search emerged as
a new paradigm, where LLMs rewrite user queries
to improve search accuracy (Ma et al., 2023b; Liu
and Mozafari, 2024; Xi et al., 2024b) or summarize
search results for quicker comprehension, i.e., tradi-
tional retrieval-augmented generation (RAG) (Gao
et al., 2023; Fan et al., 2024). However, this integra-
tion tends to be static, as LLMs rely on single-turn
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Figure 1: The evolution of search paradigm from
(a) Traditional Web Search to (b) LLM-enhanced
Search, and finally to (c) Search Agents.

or rule-based iterative search, which struggles to
handle complex and dynamic context effectively.

The emergence of LLM agents marked a piv-
otal shift, leading to Search Agents (Zhang et al.,
2024b). Endowed with autonomy, search agents
can control the entire search process, leveraging
context more effectively for adaptive reasoning and
dynamic retrieval. In this paradigm, search be-
comes a proactive action and is no longer limited
to the web, but extends to a broader range of infor-
mation sources, e.g., private databases and internal
experiences within agents. Specifically, a search
agent can be defined as an LLM agent capable of
comprehending user intentions and environment
contexts, autonomously planning search strategies,
executing multi-turn dynamic retrieval from diverse
sources, and integrating information to provide
comprehensive insights. Leading industrial solu-
tions, e.g., Deep Research from OpenAI (OpenAI,
2025), Gemini (Gemini, 2025), and Perplexity (Per-
plexity, 2025), exemplify the potential of search
agents in both deep information mining and com-
mercialization.

Given these rapid advancements, we present the
first systematic survey of search agents from mul-
tiple perspectives, analyzing them across the di-
mensions of how to search, how to optimize, how
to apply, and how to evaluate. While recent re-
lated surveys have typically focused on a specific
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sub-domain or perspective, e.g., Deep Research
which emphasizes professional report generation
from extensive information seeking (Xu and Peng,
2025; Huang et al., 2025b) or the integration of rea-
soning and RAG (Liang et al., 2025; Gao et al.,
2025), our work comprehensively analyzes the
holistic pipeline of search agents, including search
structure, optimization, application, evaluation, and
challenges. For each part, we provide a thorough
analysis of representative works and developing
tendencies.

Specifically, this paper is structured as follows:
Sec. 2 introduces the task formulation for search
agents. How to Search in Sec. 3 presents how
agents scale up search turns and utilize complex
search structures (i.e., parallel, sequential, and hy-
brid) to determine query content. How to Optimize
in Sec. 4 discusses various optimization methodolo-
gies for search agents, including tuning and non-
tuning approaches. How to Apply in Sec. 5 de-
lineates the extensive application areas of search
agents, encompassing both internal agent enhance-
ments (e.g., reasoning, memory, and tool-use) and
external applications (e.g., math, medicine, and fi-
nance). How to Evaluate in Sec. 5 introduces eval-
uation of search agents, covering various datasets
and metrics. Finally, Sec. 7 presents current chal-
lenges and promising future research directions.

2 Task Formulation

Given a user’s intention q and context C, a search
agent iteratively plans and acts to gather informa-
tion and fulfill the user’s intention.

Upon receiving intention q, the agent initiates
a planning π0 = Plan(q, C) to conduct an infor-
mation seeking trajectory. At each step t, the
agent reflects on its current observation ot and
previous trajectory t and updates its plan πt+1 =
Reflect(ot, ht, πt). It then performs an action
at+1 = Act(πt+1) (e.g., search for or browse cer-
tain content) yielding a new observation ot, e.g.,
the retrieved information. This process continues
until sufficient information is acquired, forming a
sequence of observations O = {o1, o2, · · · , oT }.
From O, the agent extracts and ranks the most rel-
evant data into an evidence set E = Select(q,O)
and generates a response ŷq = Generate(q, E) to
fulfill the user’s intention.

3 How to Search

The core of a search agent lies in its ability to au-
tonomously determine its actions based on user
intent and environment context, deciding when
and what to reason or search. This multi-turn pro-
cess represents a significant shift towards "scaling
up test-time search." Consequently, the traditional
single-query has evolved into dynamic and context-
dependent queries, where search queries are de-
cided by sophisticated search structures (parallel,
sequential, and hybrid) and search feedback.

3.1 Parallel Structure

Parallel search structures involve reformulating a
single query into multiple distinct queries that can
be processed simultaneously. This approach is of-
ten seen in earlier works, serving as a transitional
phase from LLM-enhanced search.

Decomposition-based Parallel Search. When
user intents are complex or vague, direct re-
trieval often fails. Decomposition-based work
tackles this by a planning-execution-verification
paradigm, breaking the original intent into smaller
sub-queries, which are then executed in parallel
and synthesized for a complete answer (Press et al.,
2022). This approach focuses primarily on how to
decompose the original query better. For instance,
Khattab et al. (2022); Shi et al. (2024b); Zhang et al.
(2025b) leverage strong LLMs through prompting
to perform decomposition; Wang et al. (2024a)
further learns decomposition strategies from struc-
tured knowledge graphs; while Li et al. (2023);
Joshi et al. (2024) utilize fine-tuned smaller LLMs
to generate retrieval plans and queries.

Diversification-based Parallel Search. Some-
times, a user’s intent may correspond to multiple
plausible queries. Thus, diversification-based ap-
proaches rewrite the original query into a diverse
set of queries to be searched in parallel. This strat-
egy ensures that the retrieved content captures a
broader range of perspectives and interpretations.
For instance, Kostric and Balog (2024) employs
beam search to generate multiple candidate queries,
while Dhole and Agichtein (2024) synthesizes di-
verse keywords by ensembling various prompts.
Other approaches adopt a hybrid strategy, com-
bining standard query rewriting, keyword extrac-
tion, and even the use of LLM-generated Pseudo-
Answers as queries to enhance retrieval breadth
and relevance (Li et al., 2024c; Abbasiantaeb et al.,
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Figure 2: Structural overview of Search Agent – how to search, how to optimize, how to apply, and how to evaluate.

2024; Seo and Lee, 2025).

3.2 Sequential Structure

Parallel structure determines all search queries in
advance, making it less adaptable to unexpected
issues that may arise during search. In contrast, the
sequential structure is more dynamic and flexible,
allowing the agent to decide whether and what to
search next based on results and reflections from
prior steps. Note that early LLM-enhanced search
also involves sequential structures; however, they
are typically rule-based retrieval for each sentence
or thought, rather than agent-driven mode (Yang
et al., 2025b; Jiang et al., 2023; Shao et al., 2023;
Trivedi et al., 2022a; Wang et al., 2024f).

Reflection-Driven Sequential Search. This ap-
proach commonly employs a loop-based mecha-
nism where the agent performs a search, generates
an answer based on search results, and then reflects
on its quality and correctness (Hayashi et al., 2025;
Xiao et al., 2025; Zhou et al., 2024; Lee et al.,
2024; lee). Based on the reflection, the agent initi-
ates further planning and search, iterating until a
satisfactory response is achieved.

Proactivity-Driven Sequential Search. In this
paradigm, the agent decides when to trigger a
search and what to search based on the context, e.g.,
user intent, search results, and previous reasoning.
Such dynamic sequential decision-making can be
guided by prompts that encode human-designed
heuristics, allowing the agent to reason, act, and

reflect step by step in response to intermediate out-
comes (Li et al., 2025c; Jiang et al., 2025e; Huang
et al., 2025a; Wu et al., 2025d). Alternatively, it
can be learned through fine-tuning, i.e., imitating
expert trajectories (Asai et al., 2023; Islam et al.,
2024; Yu et al., 2024; Aksitov et al., 2023) or ex-
ploring the environment autonomously to discover
more effective strategies (Jin et al., 2025b; Song
et al., 2025a; Chen et al., 2025b; Zheng et al., 2025;
Wang et al., 2025c).

3.3 Hybrid Structure

The hybrid structure combines both parallel and
sequential paradigms, enabling exploration along
multiple paths simultaneously, increasing the likeli-
hood of covering the correct answer. Based on the
underlying structural properties, it can be catego-
rized into tree-based and graph-based structures.

Tree-based Search Here, each node represents a
retrieval step, and at each iteration, multiple succes-
sor nodes can be expanded in parallel from a given
node. The final answer is then selected or syn-
thesized by aggregating results from various paths
to identify the most optimal outcome. Some ap-
proaches employ rule-based tree structures, where
queries are first decomposed in parallel and then
each path is explored independently before merg-
ing the results (Zhang et al., 2024c; Li et al., 2025g;
Nguyen et al., 2025). Other methods adopt more
dynamic strategies by using expansion functions to
generate nodes and applying Monte Carlo Tree
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Search (MCTS) algorithms, where the final an-
swer is selected through mechanisms such as vot-
ing (Trinh et al., 2025a; Feng et al., 2025; Tran
et al., 2024) or reward model (Xiong et al., 2025b;
Li et al., 2024b; Ren et al., 2025).

Graph-based Search Graph-based structures al-
low arbitrary connections between nodes, enabling
the search process to backtrack and revise earlier
decisions. Some approaches decompose the prob-
lem into a directed acyclic graph (DAG), identify-
ing dependencies between queries and traversing
the graph dynamically (Li et al., 2024a). Others
support dynamic node expansion (Chen et al., 2024;
Hu et al., 2024) and shrinkage (Teng et al., 2025),
allowing the agent to adaptively revise its reasoning
and search direction.

Recent trends in search structure indicate a shift
towards dynamism, from fixed sub-queries to con-
textually generated ones, and from parallel to se-
quential and hybrid structures. As shown in Ta-
ble 1 and 2, hybrid structures are often preferred
in tuning-free settings to cover more search paths
and improve performance, while fine-tuned models
tend to internalize this flexibility within sequential
structures, thereby improving both efficiency and
effectiveness.

4 How to Optimize

This section explores the key approaches to op-
timizing search agents, broadly categorized into
tuning-free and tuning-based methods.

4.1 Tuning-Free Approaches

Tuning-free approaches primarily rely on human
knowledge and predefined workflows to guide the
agent’s actions. While basic prompt-driven solu-
tions often involve a single agent, there is a growing
trend towards employing multi-agent architectures
and test-time scaling to boost performance. See
Table 1 for a more detailed comparison.

Single-Agent Architectures. In this architecture,
a single agent handles the entire search process,
including planning, query generation, and final an-
swer synthesis. Since it’s challenging for a single,
prompt-driven agent to control every aspect of a
complex process dynamically, these systems often
adopt pre-defined, structured workflows. For ex-
ample, some works involve an iterative refinement
loop, i.e., the agent first searches, then generates
an answer, evaluates its quality, and finally decides

whether to further search. This loop continues until
a satisfactory answer is produced (Hayashi et al.,
2025; Xiao et al., 2025; Lee et al., 2024; Zhou et al.,
2024). Other works follow the reflection chain,
where the agent reflects on its current progress or
its intermediate results, dynamically adjusting its
strategy (Wang et al., 2023; Zhang et al., 2024c;
Xiong et al., 2025b; Li et al., 2025g).

Multi-Agent Architectures. While it is challeng-
ing for a single agent to handle multiple search
tasks, multi-agent architectures decompose com-
plex search tasks and distribute them among spe-
cialized agents. Common roles include planner
agent, control the process, and terminate; search
agent, gathering evidence from external sources;
and generation agent, synthesizing the final an-
swer with the collected evidence (Zhou et al., 2026;
Chen et al., 2024; Huang et al., 2025a; Hu et al.,
2024; Ma et al., 2025). Some work also involves
browser agent (Huang et al., 2025a; Du et al.,
2025), evaluator agent (Nguyen et al., 2025; Wang
et al., 2025b; Trinh et al., 2025b), and memory
agent (Wu et al., 2025d).

In terms of process control, most solutions em-
ploy a fixed execution order, where one agent
passes its output to the next upon completion (Jiang
et al., 2025e; Chen et al., 2024; Huang et al., 2025a;
Hu et al., 2024; Wang et al., 2025b; Trinh et al.,
2025b). Others adopt a centralized supervisor agent
that dynamically allocates tasks and invokes other
agents (Wu et al., 2025d; Ma et al., 2025).

Test-Time Scaling. Test-time scaling enhances
agent performance by allocating more computation
during inference to boost task performance, as pre-
viously demonstrated by models like OpenAI-o1
and DeepSeek-R1 (Zhang et al., 2025c). Recent
work also confirms reasoning-centric scaling can
significantly improve search agent (Zhang et al.,
2025e; Lee et al., 2024; Wei et al., 2025).

As search agents interact with external environ-
ments, they offer an additional search-centric scal-
ing: increasing the number of interactions with ex-
ternal environments for better external knowledge
exploration. Xi et al. (2025a) has observed that the
performance of search agents scales smoothly with
an increase in the maximum permissible number
of search actions. Recent research is integrating
both reasoning and search scaling, simultaneously
deepening reasoning and allowing for more search
actions (Feng et al., 2025; Tran et al., 2024; Jiang
et al., 2024b; Ren et al., 2025). This combined

4
8247



approach leverages well-known inference scaling
techniques such as Self-Consistency (SC), Best-of-
N (BoN), and Monte Carlo Tree Search (MCTS) to
achieve superior final results.

4.2 Tuning-based Approaches

Tuning-based approaches involve training the agent
to automatically learn its next actions based on the
current context through imitation and exploration.
See Table 2 for a more detailed comparison.

Supervised Fine-Tuning (SFT). SFT directly
trains LLMs on datasets comprising high-quality
reasoning and search trajectories or actions, thereby
internalizing these capabilities into the model. Re-
cent works leverage SFT to enhance either com-
ponents of search agents, e.g., query rewriting and
reflection, or the fully end-to-end reasoning-search
pipeline. For component-level tuning, annotation
is often sourced from expert LLMs (Asai et al.,
2023; Islam et al., 2024; Yu et al., 2024). For holis-
tic training, synthetic trajectories are generated via
LLM-environment interactions and filtered by re-
jection sampling (Aksitov et al., 2023; Pan et al.,
2023; Zhang et al., 2025g). Typical filtering crite-
ria involve the correctness of the answer judged by
an LLM against ground truth (Song et al., 2025b;
Li et al., 2025d). More nuanced filtering criteria,
including diversity, informativeness, and efficiency,
are sometimes employed to further optimize train-
ing signal fidelity (Li et al., 2025d; Zhang et al.,
2025a; Sun et al., 2025b). In some cases, general-
purpose SFT data is blended to preserve agents’
general capabilities (Lee et al., 2025).

SFT in this context primarily serves a few crit-
ical roles: (1) Distillation, wherein data gener-
ated via elaborate prompting of powerful teacher
models is transferred to smaller student mod-
els (Jiang et al., 2025a; Asai et al., 2023; Islam
et al., 2024; Lee et al., 2025; Pan et al., 2023); (2)
Self-Improvement, involving iterative retraining
on self-generated, high-quality trajectories filtered
by rejection sampling (Wang et al., 2025a; Aksi-
tov et al., 2023; Wu et al., 2025f); (3) Preparation
for RL training, where SFT serves as a crucial
warm-up to initialize models with essential opera-
tional priors (Zhang et al., 2025g; Li et al., 2025d;
Song et al., 2025b; Zhang et al., 2025a; Shi et al.,
2025a), and also underpins reward model training
for downstream reinforcement learning (Luo et al.,
2025; Xiong et al., 2025a; Sun et al., 2025c).

Reinforcement Learning (RL). RL empowers
search agents to learn flexible, optimal behaviors
through exploration with environments. While
some efforts target optimizing specific components
of search agents, e.g., retrieval (Jiang et al., 2025b;
Hsu et al., 2024) and re-ranking (Xu et al., 2025a),
a growing trend is to integrate RL into end-to-end
training of the pipeline, including planning, search-
ing, reflection, and generation (Jin et al., 2025b;
Song et al., 2025a; Zheng et al., 2025). Commercial
solutions, e.g., OpenAI and Gemini’s deep research,
have also incorporated proprietary RL implementa-
tions. For RL algorithms, search agent optimiza-
tion largely relies on common RL algorithms like
PPO (Schulman et al., 2017), GRPO (Shao et al.,
2024b), and Reinforce++ (Hu, 2025). Though
some studies analyze various algorithms for search
agents (Song et al., 2025a; Jin et al., 2025a; Xiong
et al., 2025a; Sun et al., 2025a; Jin et al., 2025b),
there’s no current consensus on which is best.

A crucial aspect of optimizing search agents with
RL is constructing multi-objective reward func-
tions. While format adherence and answer cor-
rectness are nearly ubiquitous reward components,
other objectives frequently integrated include effi-
ciency (Wang et al., 2025c; Huang et al., 2025c),
diversity (Mei et al., 2025; Dao and Le, 2025), ev-
idence quality (Qian and Liu, 2025; Zhao et al.,
2025), and retrieval gain (Wang et al., 2025d; Shi
et al., 2025b). Additionally, penalties for redun-
dancy and length are often incorporated to refine
behavior (Wang et al., 2025d; Wu et al., 2025f;
Song et al., 2025b). These rewards largely rely
on rule-based verification, Outcome-based Reward
Models (ORM), and Process-based Reward Models
(PRM). Rule-based rewards are applied for verifi-
able results, e.g., questions with standard answers.
ORM typically uses LLMs to judge results without
standard answers. PRM assesses utility from each
individual step within the search trajectory (Zhang
et al., 2025f; Xiong et al., 2025a; Sun et al., 2025c).

Mixed Approaches. These represent a robust
strategy that combines multiple tuning methods.
The prevailing methodology involves utilizing SFT
as a warm-up phase for the RL stage (Zhang et al.,
2025g; Li et al., 2025d; Song et al., 2025b; Zhang
et al., 2025a; Shi et al., 2025a). This helps the
model adapt to the task and correct format, provid-
ing a sound initialization for RL training.

Further optimizations implement an iterative
training loop between SFT and RL (Zhang et al.,
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2025a), where SFT is optimized with high-quality
rollouts from previous RL iterations, providing
an enhanced initialization for the next RL train-
ing cycle. Shi et al. (2025c) employs a Gener-
alized Expectation-Maximization framework for
iterative trajectory exploration and optimization.
Zhang et al. (2025g) integrates contrastive learning
to learn when to trigger retrieval more effectively.
Furthermore, Wu et al. (2025f) introduces a pre-
training task, Retrieval-Augmented Mask Predic-
tion, before the SFT and RL stages to boost the
model’s fundamental capabilities.

4.3 Discussion
The choice between tuning-free and tuning-based
methods largely depends on available resources
and deployment constraints. Tuning-free methods
offer zero training cost, strong flexibility, and broad
applicability, but may be limited in task-specific
performance and inference efficiency. In contrast,
tuning-based methods generally achieve superior
results in domain-specific scenarios and support
lightweight model deployment with higher infer-
ence efficiency, at the expense of greater train-
ing costs and potential risks of limited generaliza-
tion. Below, we distill key design insights for each
paradigm.

Improving Effectiveness of Tuning-Free Meth-
ods. Several complementary strategies can en-
hance tuning-free agents. First, multi-agent design
assigns specialized roles such as planner, searcher,
and browser to reduce the complexity of each
agent’s task (Wu et al., 2025b; Huang et al., 2025a).
Second, enhanced planning decomposes complex
problems into simpler sub-tasks for more efficient
execution (Chen et al., 2024; Lee et al., 2024).
Third, advanced search structures employ test-time
scaling with more sophisticated structures such
as trees or graphs, enabling deeper reasoning and
broader exploration (Li et al., 2024b; Ren et al.,
2025).

Improving Efficiency of Tuning-Free Methods.
Efficiency can be improved through several dimen-
sions. Well-orchestrated multi-agent systems in-
troduce parallel execution (Chen et al., 2024) and
employ summarizers to store useful information,
thereby avoiding redundant planning (Jiang et al.,
2024d). Pruning and parallelization techniques
reduce unnecessary exploration while leveraging
parallelism in complex structures (Li et al., 2024b).
Furthermore, balanced tool usage avoids excessive

reliance on external tools by encouraging stronger
utilization of the model’s own parametric knowl-
edge. Finally, adaptive complexity selection dy-
namically selects methods of varying complexity
(e.g., direct search, parallel search, or planning-
based search) depending on task difficulty (Wang
and Xu, 2024).

Improving Effectiveness of Tuning-Based Meth-
ods. Several principles emerge from the tuning-
based literature. The mainstream pipeline of SFT
for warm-up followed by RL fine-tuning remains the
most effective approach, with RL typically leverag-
ing verifiable rewards (e.g., format correctness and
answer accuracy), mainly optimized using PPO or
GRPO. High-quality supervised trajectories that
emphasize diversity and quality control during data
collection are essential (Wu et al., 2025a; Geng
et al., 2025). Multi-stage learning gradually en-
hances the model’s capabilities through staged
training (Song et al., 2025a; Zhang et al., 2025g).
Applying RL on challenging tasks pushes model ro-
bustness further (Li et al., 2025b; Geng et al., 2025).
Intermediate rewards mitigate reward sparsity by
incorporating process-level feedback (Wang et al.,
2025d; Deng et al., 2025). Additionally, multi-
agent architectures introduce collaborative frame-
works to improve scalability and specialization (Hu
et al., 2025b; Chen et al., 2025d).

5 How to Apply

Search Agents, with their flexibility and proactiv-
ity, have expanded information retrieval far beyond
traditional web search. Externally, they conduct
in-depth information seeking in diverse domains;
internally, they enhance the agent’s capabilities
through targeted information search. More applica-
tions and comparisons are provided in Table 3.

5.1 External Applications

Search Agents are revolutionizing various indus-
tries and applications. A prominent example of
this is their seamless integration into chatbots and
AI assistants, e.g., OpenAI, Gemini, Perplexity,
and Gork. A particularly significant development
within AI assistants is Deep Research (DR). DR
systems are meticulously designed to conduct ex-
haustive searches across diverse sources, synthe-
size vast amounts of disparate information, and
then present their findings in a well-organized, of-
ten professional report. Since 2025, there have
been many successful commercial applications,

6
8249



e.g., OpenAI DR (OpenAI, 2025), Perplexity
DR (Perplexity, 2025), Gemini DR (Gemini, 2025).
The field is also thriving with open-source projects
like Jina AI node-DeepResearch (Jina, 2025) and
Langchain’s Open Deep Research (LangChain,
2025), alongside a growing body of academic re-
search work (Yang et al., 2025c; Singh et al., 2025;
Li et al., 2025d; Yuan et al., 2025).

Beyond AI assistants, Search Agents are also
finding fertile ground in a variety of other special-
ized domains, including e-commerce (Bi et al.,
2025; Lyu et al., 2025; Zhao et al., 2024; Wang
et al., 2024e), finance (Li et al., 2024a; Lee et al.,
2024; Vaghefi et al., 2025), code (Singh et al.,
2025; Zhang et al., 2024a; Singh et al., 2025),
medicine (Bhattacharyya, 2025; Chen et al., 2025f;
Wang et al., 2025e), biology (Liu et al., 2024b;
Al Dajani et al., 2025) and chemistry (Callahan
et al., 2025; Li et al., 2025f). Besides, Search
Agents serve as powerful teaching and research
assistants by efficiently collecting materials across
various fields (He et al., 2025; Brett and Myatt,
2025; Schneider et al., 2025).

5.2 Internal Applications

Beyond external sources, a crucial, often over-
looked, retrieval source for an agent lies within
its internal components: its memory, accumulated
experiences, and available tools. Agentic search
can be effectively introduced to significantly en-
hance its core capabilities:

Tool Use. As agents gain access to a growing
arsenal of tools, identifying the most appropriate
one for a given task becomes a pressing challenge.
Agentic search offers a solution by multi-turn rea-
soning and search, enabling more dynamic and
precise tool selection (Lumer et al., 2024; Du et al.,
2024; Lumer et al., 2025; Xu et al., 2024a).

Memory. With user interactions accumulating,
an agent’s memory can become vast and unwieldy.
Effectively navigating this information to pinpoint
content is another area where agentic search ex-
cels. Agentic search can extract queries from com-
plex and ambiguous user intentions and then con-
duct deep searches within the agent’s memory to
retrieve highly pertinent information (Xu et al.,
2025b; Ocker et al., 2025; Tan et al., 2024b).

Reasoning. The experiences an agent learns
through its self-evolution serve as an invaluable
internal search source. Agentic search can dynam-

ically retrieve relevant experiences from this in-
ternal reservoir, combining them with externally
acquired knowledge to facilitate more robust and
insightful reasoning (Wu et al., 2025d; Wang et al.,
2024f; Wu et al., 2025g; Wang et al., 2023).

Currently, Search Agents are primarily used for
Question Answering (QA) tasks, but are rapidly ex-
panding to a broader spectrum of external domains
and internal agent capabilities. The ultimate trajec-
tory envisions a seamless and powerful integration
of both external knowledge acquisition and inter-
nal self-optimization, creating more capable and
adaptable agents for complex real-world scenarios.

6 How to Evaluate

Evaluating the performance of Search Agents is
crucial for understanding their strengths, weak-
nesses, and overall effectiveness. This section out-
lines the evaluation process of search agents, in-
cluding datasets, metrics, and judgment criteria.
See Table 4 for more details.

6.1 Datasets for Evaluation

The datasets for evaluating search agents primarily
include complex Question-Answering (QA), along-
side challenging reasoning problems that require
extensive information seeking.

Closed-ended QA. Closed-ended questions have
specific, definite answers, which are easy to evalu-
ate. However, simple closed-ended QA datasets
like NQ (Kwiatkowski et al., 2019) and Trivi-
aQA (Joshi et al., 2017) are often insufficient to
effectively evaluate search agents in multi-turn
search. Therefore, more challenging closed-ended
QA datasets are developed, specifically focusing on
multi-hop QA, challenging QA, and fact-checking.
Multi-hop QA requires search agents to synthesize
information from multiple sources, necessitating
iterative information retrieval (Yang et al., 2018;
Ho et al., 2020; Press et al., 2022; Trivedi et al.,
2022b). Challenging QA is designed to present
genuinely difficult problems, often featuring long-
horizon questions (Wei et al., 2025; Zhou et al.,
2025b) and involving long-tail knowledge and sig-
nificant distracting information (Xi et al., 2025a;
Pham et al., 2025). Fact-checking task evaluates a
search agent’s ability to verify factual claims (Wei
et al., 2024; Wadden et al., 2020; Jiang et al., 2020;
Wang et al., 2024d). It inherently involves itera-
tive search, browsing, and comparative analysis of
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disparate information sources. See more details in
Appendix A.

Open-ended QA Dataset. While closed-ended
problems with definitive answers, many user in-
quiries are inherently open-ended, lacking a single,
unambiguous correct response. Therefore, it is
crucial to assess a search agent’s performance on
such open-ended questions. Our focus here is pri-
marily on datasets designed for open-ended prob-
lems requiring deep information seeking, which is
central to the objectives of Deep Research, a sub-
category of search agents. These involve delving
into broad topics to produce comprehensive, high-
quality research reports (Coelho et al., 2025). Such
datasets target multi-perspective or non-factual
queries (Rosset et al., 2024) and expert-level re-
search task (Du et al., 2025; Bosse et al., 2025; Tan
et al., 2024a), with some incorporating multi-modal
queries (Yang et al., 2025c).

Domain-Specific Dataset. The evaluation of
search agents also involved solving domain-
specific tasks with agentic information-seeking
abilities. This encompasses two prominent sub-
types: (1) Information Seeking in Specialized
Fields: This involves iterative retrieval unique
to domains like finance (Li et al., 2024a), busi-
ness (Chen et al., 2025a; Choubey et al., 2025),
Medicine (Pal et al., 2022; Chen et al., 2025c),
and agriculture (Dongre et al., 2025), where search
agents must integrate domain-specific knowledge
to provide relevant, precise answers. (2) Hard Prob-
lems in Specific Domains: These involve highly
complex challenges in fields like mathematics (He
et al., 2024), physics (Rein et al., 2024), and
code (Shi et al., 2024a), often resembling expert-
level or Olympiad-style problems (Mialon et al.,
2023; Phan et al., 2025). Solving such problems
requires not only internal reasoning capabilities but
also the ability to leverage external information and
prior experiences, making agentic search essential.

6.2 Metrics & Judgment

This section introduces various metrics and judg-
ment approaches for evaluating Search Agents.

Metrics. Most benchmarks assess the perfor-
mance of search agents based on the effectiveness
of the final output. For closed-ended QA, fact-
checking, and most domain-specific tasks, the dom-
inant metric is typically task success rate, e.g., Ex-
act Match (EM), F1 score, Accuracy, and Pass@k.

Sometimes, the evaluation extends beyond the final
output to the intermediate processes, such as evalu-
ating the quality of the reasoning chain (Wu et al.,
2024) and retrieval (Su et al., 2024; Yao et al., 2023;
Wei et al., 2024; Eisenschlos et al., 2021). Since
most benchmarks rely on static search environ-
ments, retrieval quality is often measured with stan-
dard metrics, e.g., Precision, Recall, NDCG, and
MAP, calculated against groundtruth documents.
Recent work also explores retrieval quality in dy-
namic environments (Xi et al., 2025a). .

The evaluation of open-ended tasks for Deep
Research presents significantly more complexity
compared to closed-ended tasks. This complexity
arises from the absence of a single "correct" answer,
necessitating a nuanced evaluation of the agent’s
ability to synthesize information comprehensively.
Their assessment typically requires multifaceted
metrics, e.g., key point coverage (Qi et al., 2024;
Coelho et al., 2025), informativeness (Du et al.,
2025), breadth and depth (Jiang et al., 2024c), co-
herence, organization (Yang et al., 2025c), read-
ability (Du et al., 2025), and citation accuracy (Du
et al., 2025). Furthermore, some studies adopt
Arena-based evaluation (Win Rate) (Chandrahasan
et al., 2025; Miroyan et al., 2025), where outputs
from different search agents are presented side by
side to human or LLM-based judges, who then de-
termine which output is superior, tied, or inferior.
This provides a comparative assessment of perfor-
mance, particularly useful for nuanced, open-ended
tasks where absolute metrics might fall short.

Judge. The judge of the above metrics has under-
gone significant evolution, progressing from sim-
plistic rule-based metrics to more intricate LLM-
and Agent-based judging paradigms. Initially,
search agents were evaluated using Rule-based
Judges, such as metrics Exact Match (EM) and
F1 score, against predefined ground truth answers.
However, these metrics fail to account for seman-
tic variations, where factually correct answers may
be phrased differently. Thus, LLM-as-a-Judge
paradigm emerged, leveraging LLMs to assess the
accuracy and quality of results. This approach is
effective for both closed-ended tasks, where it cor-
relates well with ground truth, and open-ended
questions, where evaluation relies on predefined
qualitative standards and expert reference reports.
As agentic search involves multi-step reasoning
and dynamic interaction, the Agent-as-a-Judge
paradigm is gaining traction (Gou et al., 2025).
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This approach utilizes specialized agents to eval-
uate the entire search process and its output, pro-
viding a deeper assessment than LLM-as-a-Judge.
Besides, human evaluation remains the gold stan-
dard for nuanced judgment; however, its high cost
limits its use, typically focusing on limited samples
to validate LLM-based evaluation.

Although the scope of evaluation metrics and the
precision of judging methodologies continue to im-
prove, there is a compelling need for more complex
and comprehensive evaluation dimensions (Zhu
et al., 2025b). Current benchmarks primarily fo-
cus on efficiency and information accuracy, but the
core competencies of search agents—particularly
their ability to effectively retrieve, synthesize, and
discriminate between information—should be cen-
tral to any evaluation framework. Future evaluation
paradigms must expand to include metrics that rig-
orously assess not only efficiency and accuracy
but also source citation reliability and the agent’s
capacity to distinguish between credible and unreli-
able information. This will ensure a more thorough,
holistic, and robust assessment of search agents.

7 Challenges and Future Directions

Despite recent advancements, search agents face
significant challenges in handling the complexity
and imperfections of real-world information. Due
to page limitations, we briefly discuss these chal-
lenges and future directions here, and give a de-
tailed discussion in Appendix B .

A primary hurdle of search agents is the need
to broaden and fuse diverse information sources,
moving beyond external web data to integrate pri-
vate databases and internal experiences and mem-
ory within agents. This integration is complicated
by the problem of imperfect retrieval, as exter-
nal sources can be biased, factually incorrect, or
misleading. Agents must be able to validate and
synthesize information from conflicting sources.
Furthermore, search agents need to transition from
text to multi-modality, a transformation that re-
quires both new search infrastructure and more
advanced agent comprehension, reasoning, and re-
trieval skills across various modalities.

The second set of challenges centers on the
agent’s core mechanics and underlying infrastruc-
ture. This requires building more autonomous and
robust systems. A key area is developing cus-
tomized reinforcement learning algorithms that
are specifically optimized for the long-horizon,

multi-step nature of search tasks, which are not
always well-suited to general RL frameworks. We
also need to build more resilient infrastructure,
from optimizing the efficiency of RL sampling to
creating high-recall retrieval systems and intelli-
gent scheduling mechanisms. The ultimate frontier
for search agents is enabling true self-evolution,
where the agent can autonomously identify its own
flaws, devise new strategies, and continuously im-
prove over time without constant human guidance.

8 Conclusion

The evolution from traditional web search to
LLM-enhanced search and Search Agents pro-
foundly transforms information retrieval. These
autonomous agents proactively leverage context
and diverse sources, transforming search into a
proactive, intelligent process. Our survey offers
the first systematic analysis, dissecting their mech-
anisms, optimization, applications, and evaluation.
This comprehensive view illuminates the vast po-
tential of search agents for deep information mining
and highlights challenges for fully realizing their
transformative promise.

Limitations

This survey, while comprehensive and systematic,
has some limitations. This work primarily focuses
on academic research papers, which means it less
extensively covers the intricacies of commercial ap-
plications. Since companies like OpenAI, Google
(Gemini), and Perplexity often do not disclose the
specific technical details of their deep research or
search agent implementations, there’s an inherent
gap. This raises a crucial question: are the research
directions and observed performance in academic
settings truly aligned with the approaches and ef-
fectiveness seen in real-world commercial deploy-
ments?
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HopQA (Ho et al., 2020), Bamboogle (Press et al.,
2022), and MuSiQue (Trivedi et al., 2022b). Re-
cent research has further explored implicit multi-
hop questions (Geva et al., 2021a), reasoning over
information from diverse sources (Tang and Yang,
2024b), and evaluating the reliability of the reason-
ing chain (Wu et al., 2024). Additionally, some
efforts extend multi-hop QA to integrate various
reasoning types (Schnitzler et al., 2024) and multi-
modal information (Wang et al., 2025b), pushing
the boundaries of complexity.
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Challenging QA Dataset. With the expansion of
LLMs’ internal knowledge, many multi-hop ques-
tions are now solvable by these models only with
their parametric memory, thereby failing to suffi-
ciently engage iterative planning and retrieval ca-
pabilities of search agents. To address this, some
new challenging benchmarks are emerging, crafted
to present genuinely challenging QA problems set
within real-world web environments. Examples
like BrowseComp (Wei et al., 2025), BrowseComp-
ZH (Zhou et al., 2025b), and Mind2Web2 (Gou
et al., 2025) feature long-horizon problems that re-
quire extended search durations. Datasets such as
InfoDeepSeek (Xi et al., 2025a), ORION (Huang
et al., 2025a), and SealQA (Pham et al., 2025) tar-
get long-tail knowledge and questions with sub-
stantial distracting information. Some method fur-
ther ensures question difficulty by filtering out the
questions that LLMs can easily overcome with a
single-turn search (Xi et al., 2025a)

Fact-Checking Dataset. Fact-checking consti-
tutes another critical task for evaluating search
agents. The process of verifying factual claims
inherently demands iterative search, browsing, and
the comparative analysis of disparate information
sources. This task is evolving from simple text-
based verification to the analysis of long-form fac-
tuality (Wei et al., 2024), unstructured data (Aly
et al., 2021), multi-modal content (Wang et al.,
2024d; Yao et al., 2023; Yang et al., 2025a), and
complex multi-hop fact-checking scenarios (Wad-
den et al., 2020; Jiang et al., 2020; Eisenschlos
et al., 2021; Ostrowski et al., 2020), pushing the
boundaries of search agent reliability and trustwor-
thiness in sourcing accurate information.

B Detailed Challenges and Future
Directions

Despite the significant advancements in Search
Agent capabilities, several formidable challenges
remain, particularly as we push towards more so-
phisticated and autonomous systems.

Broaden and Fuse Information Sources. While
current search agents primarily leverage browsers
and public web data, the next frontier involves inte-
grating more private and proprietary datasets, ex-
tending from the agent’s external environment to
its internal knowledge bases. This integration de-
mands sophisticated methods for combining het-
erogeneous data formats (text, images, structured

data, etc.) and, crucially, resolving conflicts or
inconsistencies that arise when information from
multiple sources contradicts. Developing robust
mechanisms to reconcile conflicting facts or syn-
thesize disparate perspectives is paramount for pro-
ducing coherent and reliable outputs.

Imperfect Retrieval. Search agents frequently
operate in environments where retrieved informa-
tion is imperfect, containing noise, biases, or even
outright falsehoods. The internet, for instance, is
replete with unreliable information. A significant
challenge is to enhance the agent’s ability to discern
and validate external information, moving beyond
mere retrieval to critical evaluation. This necessi-
tates developing advanced information verification
techniques and robust fact-checking mechanisms
within the agent’s pipeline. Improving an agent’s
"skepticism" and its capacity for critical assessment
is vital for elevating the quality and trustworthiness
of its generated outputs.

From Text to Multi-Modality. The majority of
current search agents are text-centric. However,
the real world is inherently multimodal. A ma-
jor challenge is to transition search agents from
purely text-based understanding to incorporating
and processing diverse modalities. This involves
two key aspects: first, enhancing the underlying
search infrastructure to support better multimodal
search queries (e.g., searching for images based on
textual descriptions, or videos based on actions).
Second, it requires improving the search agent’s
multimodal comprehension and reasoning abilities
– its capacity to understand, synthesize, and reason
across text, images, audio, and video to provide
more holistic and contextually rich answers.

Customized Reinforcement Learning. While
general RL algorithms have shown promise, a sig-
nificant challenge lies in developing customized
reinforcement learning algorithms specifically op-
timized for search agents. The unique characteris-
tics of search tasks, such as long-horizon planning,
imperfect feedback, and the knowledge boundary
of search agent, often do not align perfectly with
standard RL frameworks. This calls for novel algo-
rithms that can effectively manage sparse rewards
in iterative search, learn optimal query generation
strategies, and make efficient decisions about when
and how to interact with external tools or informa-
tion sources. Tailored RL approaches can lead to
more flexible and robust agent behaviors that adapt
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dynamically to varied search scenarios.
Crucially, reward modeling for search agents

presents its own set of complexities. Current RL-
based Search Agents often rely on reward signals
derived from easily verifiable, closed-ended prob-
lems, such as factual QA, where short, definitive
answers allow for straightforward validation. How-
ever, many real-world user queries are open-ended
information-seeking problems, lacking a single,
clear-cut answer. Designing effective reward func-
tions and comprehensive reinforcement learning
schemes for these nuanced, open-ended scenarios
remains a substantial hurdle. This involves defining
what constitutes a "good" answer when there’s no
single ground truth and how to reward the process
of sophisticated information discovery and synthe-
sis. Tailored RL approaches and innovative reward
structures are essential for robust agent behaviors
that adapt dynamically to varied and ambiguous
search needs.

Robust Infrastructure. The ambitious goals for
search agents necessitate substantial advancements
in underlying infrastructure. A critical challenge
is enhancing the efficiency of RL sampling, which
can be computationally intensive, to accelerate
training. More broadly, optimizing the entire sup-
port infrastructure for search agents is crucial. This
includes developing high-recall approximate re-
trieval systems for faster and more relevant informa-
tion access, implementing priority-aware schedul-
ing to manage complex, concurrent search tasks
efficiently, and designing systems that can dynami-
cally schedule requests based on real-time task sta-
tus, ensuring responsiveness and optimal resource
allocation.

Knowledge Boundary Dilemma. Search agents
focus on information seeking, yet LLMs also store
a vast amount of parametric knowledge and do
not need to invoke external search tools for ev-
ery query. Striking the balance between internal
knowledge retrieval and external tool invocation
is critical for both efficiency and accuracy. Identi-
fying this knowledge boundary, i.e., when to rely
on parametric knowledge and when to call external
search, remains a crucial challenge. Recent work
has explored methods for better integrating these in-
ternal and external knowledge sources (Jiang et al.,
2025d) and designing reward functions that make
agents more aware of this boundary (Huang et al.,
2025c).

Information Veracity and Distrust. The open
web is rife with misinformation, outdated facts, and
adversarial content. LLMs can be misled by incor-
rect externally retrieved information even when
their own parametric knowledge is correct (Xi
et al., 2025a). Therefore, building mechanisms
for information vetting and critical reasoning is not
an optional feature but a core requirement for ro-
bust search agents. Potential approaches include
using multiple retrieval sources with verification
loops (Wang and Yuan, 2025), as well as enhancing
the agent’s intrinsic critical thinking abilities.

Tool Unreliability and Heterogeneity. A key
distinction for search agents is that their primary
tool, i.e., the search engine, is inherently unreli-
able and non-deterministic. Unlike tools that re-
turn correct outputs if invoked properly (e.g., cal-
culators or code interpreters), a well-formulated
search query can still yield irrelevant or no results.
Moreover, different search engines may exhibit het-
erogeneous capabilities, excelling in different do-
mains (Xi et al., 2025a; Mu et al., 2024). The agent
must therefore not only learn how to query but
also learn which search engine to invoke through
techniques like query routing (Mu et al., 2024).

Search Agent Self-Evolution. The ultimate fron-
tier for search agents involves achieving true self-
evolution. This presents a profound challenge: en-
abling agents to continuously learn, adapt, and im-
prove their search strategies and capabilities au-
tonomously over time, without constant human in-
tervention. This involves developing mechanisms
for agents to identify their own limitations, gener-
ate novel hypotheses about how to improve, and
then test those hypotheses through interaction with
the environment. Such self-evolving agents would
possess an unprecedented capacity for discovery
and problem-solving, marking a new era in artifi-
cial intelligence.

C Detailed Tables

Table 1 presents the detailed classification and
comparison of non-tuning methods, showing their
search structures (parallel, sequential, or hybrid),
their detailed sub-structures, whether they adopt
multi-agent architectures and test-time scaling
(TTS) strategies, as well as their evaluation meth-
ods and metrics.

Table 2 summarizes tuning-based methods, com-
paring their search structures and substructures,
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evaluation approaches, and tuning strategies. It
specifically analyzes reinforcement learning (RL)
methods in terms of training algorithms (RL algo.),
supervision signals(RL supv.), and reward func-
tions.

Table 3 illustrates the diverse application do-
mains of search agents, including internal capa-
bilities such as memory, reasoning, and tool use, as
well as external domains such as mathematics, cod-
ing, finance, and healthcare. It covers commercial
deployments, open-source projects, and academic
research.

Table 4 compares various datasets, analyzing
their categories, scales, modalities, construction
methods, evaluation environments, and strategies.
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Table 1: Overview of tuning-free methods. TTS is short for Test Time Scaling.

Model Name Search
Structure

Sub-
Structure

Multi-
Agent TTS Evaluation Metrics

MAS (Trinh et al.,
2025b) Hybrid Tree Yes No Rules,

LLM Macro F1

AI Search
Paradigm (Li
et al., 2025e)

Hybrid Graph Yes No Human,
Online
A/B Test

Offline metric:
Normalized Win Rate
Online metric:
Change query rate,
Number of page views,
Number of daily active users,
Dwell time

KnowCoder-
V2 (Li et al.,
2025g)

Hybrid Tree Yes No Rules,
LLM

QA: Hits@1
Report:
Completeness, Thoroughness,
Factuality, Coherence, Insight

Multimodal Deep-
Researcher (Yang
et al., 2025c)

Sequential Reflection No No Human,
LLM

Informativeness and Depth,
Coherence and Organization,
Verifiability,
Visualization Quality,
Visualization Consistency

Agentic Deep
Research (Zhang
et al., 2025e)

Hybrid Tree No Yes Rules Accuracy

AutoData (Ma
et al., 2025) Hybrid Graph Yes No Rules F1 score,

Precision, Recall,
Task finishing time

ManuSearch (Huang
et al., 2025a) Hybrid Tree Yes No LLM Pass@1

Code Re-
searcher (Singh
et al., 2025)

Sequential Proactivity No No Rules Pass,
Crash Resolution Rate

MA-
RAG (Nguyen
et al., 2025)

Hybrid Tree Yes No Rules QA: Exact Match
Fact checking: Accuracy

IterKey (Hayashi
et al., 2025) Sequential Reflection No No Rules Exact Match, Recall

ODS (Alzubi
et al., 2025) Sequential Proactivity No No LLM Accuracy

MCTS-RAG (Hu
et al., 2025c) Hybrid Tree No Yes Rules Accuracy

N/A (Xu et al.,
2025c) Hybrid Tree Yes No N/A N/A

HG-MCTS (Ren
et al., 2025) Hybrid Tree No Yes Rules String accuracy, ROUGE,

Exact Match, F1 score,
Cover Exact Match

ViDoRAG (Wang
et al., 2025b) Sequential Proactivity Yes Yes Rules,

LLM Accuracy, Recall

Agentic Reason-
ing (Wu et al.,
2025d)

Sequential Proactivity Yes Yes Rules Accuracy

FinSearch (Li
et al., 2024a) Hybrid Graph No No Rules Accuracy, Processing time

SolutionRAG (Li
et al., 2025f) Hybrid Tree No Yes LLM Analytical Score,

Technical Score
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Model Name Search
Structure

Sub-
Structure

Multi-
Agent TTS Evaluation Metrics

MCTS-
KBQA (Xiong
et al., 2025b)

Hybrid Tree No Yes Rules F1 score, Accuracy,
Random Hits@1

Search-o1 (Li
et al., 2025c) Sequential Proactivity No No – Exact Match, F1, Pass@1

AirRAG (Feng
et al., 2025) Hybrid Tree No Yes – Exact Match,

F1 score, Accuracy

ReARTeR (Sun
et al., 2025c) Hybrid Tree No Yes Rules,

LLM Accuracy

RetroRAG (Xiao
et al., 2025) Sequential Loop No No Rules Exact Match,

Token-level F1,
Precision, Recall

Level-Navi
Agent (Hu et al.,
2024)

Hybrid Graph Yes No Rules,
LLM

Correctness Scores,
Semantic Similarity Scores,
Relevance Scores,
Searcher Count

RAG-Star (Jiang
et al., 2024b) Hybrid Tree No Yes Rules Exact Match, F1 score,

Cover Exact Match

AR-MCTS (Dong
et al., 2024) Hybrid Tree No Yes Rules Accuracy

SRSA (Wang and
Xu, 2024) Hybrid Tree No No LLM Informativeness,

Completeness,
Novelty, Actionability

PlanRAG (Verma
et al., 2025) Hybrid Graph No No Rules Accuracy

CR-Planner (Li
et al., 2024b) Hybrid Tree No Yes Rules Accuracy, NDCG@10

DRAG, Iter-
RAG (Yue et al.,
2024)

Sequential Loop No Yes Rules EM, F1, accuracy

Agent-G (lee) Sequential Proactivity No No Rules Hit, Recall,
MRR, Accuracy,
Hallucination, Missing

Co-
STORM (Jiang
et al., 2024c)

Sequential Reflection Yes No Human,
LLM

Report Quality:
Relevance, Broad Coverage,
Depth, Novelty;
Discourse Quality:
Novelty, Intent Alignment,
No Repetition

HiRAG (Zhang
et al., 2024c) Hybrid Tree Yes No Rules EM; Token-level F1 score,

Precision, Recall

MindSearch (Chen
et al., 2024) Hybrid Graph Yes No Human,

LLM
Depth, Breadth,
Factuality, Accuracy

ReSP (Jiang et al.,
2025e) Sequential Proactivity Yes Yes Rules F1 score

PlanRAG (Lee
et al., 2024) Sequential Loop No No Rules Accuracy

STORM (Shao
et al., 2024a) Sequential Reflection No No Rules,

Human
Heading Soft Recall,
Heading Entity Recall

MetaRAG (Zhou
et al., 2024) Sequential Proactivity Yes No Rules EM, Precision, F1, Recall

KD-CoT (Wang
et al., 2023) Sequential Proactivity Yes No Rules Hits@1, F1
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Model Name Search
Structure

Sub-
Structure

Multi-
Agent TTS Evaluation Metrics

SearChain (Xu
et al., 2024b) Hybrid Tree No No Rules ROUGE, Cover EM

HiRA (Jin et al.,
2025c) Hybrid Tree Yes No LLM Accuracy
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Table 2: Overview of tuning-based methods.

Model Name Search
Structure

Sub-
structure Tuning Training

Env. RL Algo. RL Supv. RL Reward Metrics

HARIS (Hu et al.,
2025b) Hybrid Graph RL Simulated GRPO Rule+ORM Format

Answer Accuracy
Decision Accuracy

F1-score
Accuarcy

CoRAG (Wang
et al., 2025a) Sequential Proactive SFT Simulated / / / F1-score

EM

Self-RAG (Asai
et al., 2023) Hybrid Tree SFT Simulated / / /

EM, F1, FactScore,
MAUVE Citation
Precision and Recall

Open-RAG (Islam
et al., 2024) Hybrid Tree SFT Simulated / / / EM, F1, Recall

Auto-RAG (Yu
et al., 2024) Sequential Proactive SFT Simulated / / / EM, F1, Acc

RAS (Jiang et al.,
2025a) Hybrid Graph SFT Simulated / / / EM, F1, ROUGE

ReST (Aksitov
et al., 2023) Sequential Proactive mixed Real-

world ReST ORM / Acc

Kwai (Pan et al.,
2023) Sequential Proactive SFT Real-

world / / / ROUGE-L, EM

SimpleDeepSearcher
(Sun et al., 2025b) Hybrid Tree mixed Real-

world
DPO, Re-
inforce++ Rule+ORM Format

Answer F1
F1, LLM-as-Judge

ReaRAG (Lee et al.,
2025) Sequential Proactive SFT Real-

world / / / F1, EM

EXSEARCH (Shi
et al., 2025c) Sequential Proactive RL Simulated GEM PRM Trajectory Quality

Utility
F1, EM

KBQA-o1 (Luo
et al., 2025) Hybrid Tree SFT Simulated / / / F1, EM

Search-R1 (Jin
et al., 2025b) Sequential Proactive RL Simulated PPO,

GRPO Rule+ORM EM EM

DeepNote (Wang
et al., 2024c) Sequential Proactive RL Simulated DPO ORM / F1, EM, Acc

R1-Searcher (Song
et al., 2025a) Sequential Proactive RL Simulated Reinforce++,

GRPO ORM Format
Answer Acc

EM, LLM-as-Judge

ReSearch (Chen
et al., 2025b) Sequential Proactive RL Simulated GRPO ORM Format

Answer Acc
EM, LLM-as-Judge

DeepResearcher
(Zheng et al., 2025) Sequential Proactive RL Real-

world GRPO Rule+ORM Format
Answer F1

F1, LLM-as-Judge

AutoCOA (Zhang
et al., 2025g) Sequential Proactive Mixed Simulated GRPO Rule+ORM Format

Answer F1
EM, LLM-as-Judge

SWiRL (Goldie
et al., 2025) Sequential Proactive RL Simulated Policy

Gradient PRM LLM(Gemini) PM,Acc,F1,EM
LLM-as-judge

O2-Searcher (Mei
et al., 2025)

Sequential Proactive RL Simulated GRPO ORM Format, Diversity,
Factual

EM, F1, LLM
Finding Similarity

ZeroSearch (Sun
et al., 2025a) / / Mixed Simulated

PPO,GRPO
Reinforce++ Rule Answer Accuracy EM

StepSearch (Wang
et al., 2025d) Sequential Proactive RL Simulated PPO PRM

Format,Accuracy
Search Key
Information Gains
Redundancy Penalty

EM, F1

VRAG-RL (Wang
et al., 2025c) Sequential Proactive RL Simulated GRPO Rule+ORM

Retrieval Efficiency
Pattern Consistency
Model-Based outcome

Acc

WebThinker (Li
et al., 2025d) Sequential Proactive RL Real-

world DPO PRM likelihood of
Trajectory LLM-as-Judge

WebDancer (Wu
et al., 2025a) Sequential Proactive Mixed Real-

world DAPO Rule+ORM Format
LLM(Answer)

LLM-as-Judge

MaskSearch (Wu
et al., 2025f) Sequential Proactive Mixed Simulated DAPO ORM LLM(Answer) Token-level Recall
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Model Name Search
Structure

Sub-
structure Tuning Training

Env. RL Algo. RL Supv. RL Reward Metrics

DeepDiver (Shi
et al., 2025a) Sequential Proactive Mixed Real-

world GRPO Rule+ORM

Format, Accuracy,
Extra Search
Call Rewards,
Loose&Strict Scheduler

LLM-as-Judge

R1-
Searcher++ (Song
et al., 2025b)

Sequential Proactive Mixed Simulated Reinforce++ ORM
Format
Answer
Group (Less
Retrieval)

F1, LLM-as-Judge

ReasonRAG (Zhang
et al., 2025f) Sequential Proactive RL Simulated DPO PRM Shortest Path

Reward Estimation
EM, F1

ConvSearch-
R1 (Zhu et al.,
2025a)

Sequential Proactive Mixed Simulated GRPO ORM Rank-Incentive
Reward

MRR,NDCG,Recall

EvolveSearch (Zhang
et al., 2025a) Sequential Proactive Mixed Real-

world GRPO ORM Format
LLM(Answer)

LLM-as-Judge

Inforage (Qian and
Liu, 2025) Sequential Proactive Mixed Simulated PPO PRM Outcome

Information Gain
Efficiency

EM

AutoRefine (Shi
et al., 2025b) Sequential Proactive RL Simulated GRPO ORM+PRM Answer F1

Retrieval EM
EM

MMOA-
RAG (Chen et al.,
2025e)

Hybrid Tree Mixed Simulated MAPPO ORM Answer F1
various penalty

EM,F1,Acc

R-search (Zhao
et al., 2025) Sequential Proactive RL Simulated GRPO ORM

Answer F1,
Model-based
Evidence,
EM,Format

EM,F1

ReZero (Dao and
Le, 2025) Sequential Proactive RL Simulated GRPO

Rule+ORM
PRM

Acc,Format,Search
(Retry/Acc/Diversity) Acc

s3 (Jiang et al.,
2025c) Sequential Proactive RL Simulated PPO ORM Gain Beyond RAG Span Match, LLM-

as-Judge

/ (Jin et al., 2025a) Sequential Proactive RL Simulated PPO/GRPO ORM Format
Answer F1

F1

Re²Search++ (Xiong
et al., 2025a) Sequential Proactive RL Simulated DPO/PPO PRM Simulated EM,F1,Acc, LLM-

as-Judge

ReARTeR (Sun
et al., 2025c) Sequential Proactive RL Simulated / PRM Monte Carlo Score Acc, LLM-as-Judge

SmartRAG (Gao
et al., 2024) Sequential Proactive Mixed Real-

world PPO ORM Answer Reward
Retrieval Penalty

EM, F1, Hit

β-GRPO (Wu et al.,
2025e) Sequential Proactive RL Simulated β-GRPO PRM Min Prob of

Search tags
EM

DeepRAG (Guan
et al., 2025) Hybrid Binary

Tree Mixed Simulated GRPO ORM Answer acc
Retrieval Cost

EM, F1

IEKA (Huang et al.,
2025c) Sequential Proactive RL Simulated GRPO ORM Answer EM

Retrieval Counts
Penalty

EM, Search Valid
Rate

KunLunBaizeRAG
(Li et al., 2025a) Sequential Proactive Mixed Simulated DAPO ORM Answer EM

Format,Length
Search Effiency

EM, LLM-as-Judge

RAG-R1 (Tan et al.,
2025) Parallel Chain Mixed Simulated PPO ORM Answer EM EM

Web-Sailor (Li
et al., 2025b) Hybrid Graph Mixed Real-

world DUPO ORM Format
Answer F1

Pass@1
LLM-Acc
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Table 3: Different applications of Search Agents.

Model Name Scope Domain Use Cases Tuning Multi-Agent

OpenAI Deep
Research (OpenAI, 2025) external AI assistant Commercial Yes Yes

Perplexity Deep Research
(Perplexity, 2025)

external AI assistant Commercial Yes Unknown

Gemini Deep
Research (Gemini, 2025) external AI assistant Commercial Yes Unknown

Grok DeepSearch (Gork, 2025) external AI assistant Commercial Yes Unknown

Researcher agent in Copilot
(Microsoft, 2025)

external AI assistant Commercial Yes Unknown

Kimi Researcher (Moonshot,
2025) external AI assistant Commercial Yes No

Elicit (Ought, 2025) external AI assistant Commercial Yes No

Consensus (Consensus, 2025) external AI assistant Commercial Yes No

Manus (BUTTERFLY, 2025) external AI assistant Commercial Yes Yes

node-DeepResearch (Jina,
2025) external AI assistant Open Source

Project Yes Unknown

open deep research (LangChain,
2025) external AI assistant Open Source

Project Yes Yes

GPT Researcherh (assafelovic,
2025) external AI assistant Open Source

Project Yes Yes

Open-source DeepResearch
(Aymeric, 2025)

external AI assistant Open Source
Project Yes Yes

Open Deep Research (dzhng,
2025) external AI assistant Open Source

Project Yes Unknown

open-deep-research
(nickscamara, 2025)

external AI assistant Open Source
Project Yes No

AgenticSeek (Fosowl, 2025) external AI assistant Open Source
Project Yes Yes

DeerFlow (Bytedance, 2025) external AI assistant Open Source
Project Yes Yes

OpenManus (FoundationA-
gents, 2025) external AI assistant Open Source

Project Yes Yes

SimpleDoc (Jain et al., 2025) external Document Visual Research Yes Yes

StePO-Rec (Bi et al., 2025) external E-commerce Research No No

DeepShop (Lyu et al., 2025) external E-commerce Research Yes No

ARAG (Maragheh et al., 2025) external Recommendation Research No Yes

MACRec (Wang et al., 2024e) external Recommendation Research No Yes

ToolRec (Zhao et al., 2024) external Recommendation Research No Unknown

PUMA (Cai et al., 2025) external E-commerce Research No Unknown

FinSearch (Li et al., 2024a) external Finance Research Yes Yes

PlanRAGh (Lee et al., 2024) external Business Research Yes Unknown

Glass-Box Agent (Vaghefi et al.,
2025) external Finance Research Yes Yes

Code Researcher (Singh et al.,
2025) external Code Research Yes No

ARCeR (Lupinacci et al., 2025) external Code Research Yes No

CodeAgent (Zhang et al.,
2024a) external Code Research Yes No
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Model Name Scope Domain Use Cases Tuning Multi-Agent

ARCS (Bhattarai et al., 2025) external Code Research Yes No

Agentic Retrieval-Augmented
(Ravuru et al., 2024)

external Time Series Analysis Research No Yes

Agentic RAG (Spielberger
et al., 2025) external Topic Modeling Research No No

DeRetSyn (Bhattacharyya,
2025) external Medicine Research No No

MRD-RAG (Chen et al., 2025f) external Medical Diagnosis Research No No

MedAgent-Pro (Wang et al.,
2025e) external Medical Diagnosis Research No No

CBMs and Multi-Agent RAG
(Tusfiqur Alam et al., 2024)

external Medicine Research No Yes

DeepSeq (Al Dajani et al.,
2025) external Biology Research Yes No

TourSynbio-Search (Liu et al.,
2024b) external Biology Research Yes Yes

LLM-based system
(Brett and Myatt, 2025)

external Scientific Reserach Research Yes Yes

PaSa (He et al., 2025) external Scientific Reserach Research Yes Yes

CollEX (Schneider et al., 2025) external Scientific Reserach Research Yes Yes

Claude 3.7 Sonnet
(Berkane et al., 2025)

external Scientific Reserach Research Yes No

IoT-ASE (Elewah and Elgazzar,
2025) external Internet of Things Research Yes Yes

CRAG-MoW (Callahan et al.,
2025) external Chemistry Research No Yes

AAWN and Graph
RAG Framework

(Srinivas et al., 2024)

external Chemistry Research No Yes

SolutionRAG (Li et al., 2025f) external Engineering Research No No

Agentic Multimodal RAG
(Elahi and Zyngier)

external Water Resources Research No Yes

CMI (Thakrar et al., 2025) external Medical Diagnosis Research No No

AIDE (Toledo et al., 2025) external Code Research No No

Toolshed (Lumer et al., 2024) internal Tool Use Research No No

AnyTool (Du et al., 2024) internal Tool Use Research No Yes

ScaleMCP (Lumer et al., 2025) internal Tool Use Research No No

TR-Feedback (Xu et al., 2024a) internal Tool Learning Research No No

TaskGen (Tan et al., 2024b) internal Memory Research No Yes

A-MEM (Xu et al., 2025b) internal Memory Research No No

Grounded Memory System
(Ocker et al., 2025)

internal Memory Research Yes No

Agentic Reasoning (Wu et al.,
2025d) internal Memory Research Yes Yes

AGENT KB (Tang et al., 2025) internal Memory Research No Yes

RAT (Wang et al., 2024f) internal Reasoning Research Yes No

KG-RAR (Wu et al., 2025g) internal Reasoning Research Yes No

KD-CoT (Wang et al., 2023) internal Reasoning Research No No

Search-o1 (Li et al., 2025c) internal Reasoning Research Yes No
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Model Name Scope Domain Use Cases Tuning Multi-Agent

CR-Planner (Li et al., 2024b) internal Reasoning Research Yes No

AR-MCTS (Dong et al., 2024) internal Reasoning Research Yes No

SWiRL (Goldie et al., 2025) internal Reasoning Research Yes No

WebThinker (Li et al., 2025d) internal Reasoning Research Yes No
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Table 4: Overview of datasets.

Dataset Name Category Scale Modality Constr-
uction

Environ-
ments Evaluation Metrics

HotpotQA
(Yang et al., 2018)

Multi-hop
QA 113k Text Rules,

Manual Static Rules EM, F1

2WikiMultiHopQA
(Ho et al., 2020)

Multi-hop
QA 192606 Text Rules,

Manual Static
Rules,

Human,
LLM

EM,F1

Bamboogle
(Press et al., 2023)

Multi-hop
QA 8600 Text Rules,

Manual Static Human,
LLM

Acc, Gap Ratio,
Compositionality

MuSiQue-Ans
(Trivedi et al., 2022b)

Multi-hop
QA 25000 Text Manual N/A Human EM,F1

StrategyQA
(Geva et al., 2021b)

Multi-hop
QA 2780 Text Manual N/A Human Acc

FRAMES
(Krishna et al., 2024)

Multi-hop
QA 824 Text Manual Dynamic Human Acc

MultiHop-RAG
(Tang and Yang, 2024a)

Multi-hop
QA / Text Manual Dynamic Human N/A

HoVer
(Jiang et al., 2020)

Fast-
Checking / Text Manual Dynamic Human Acc

FanOutQA
(Zhu et al., 2024)

Multi-hop
QA 8339 Text Manual Dynamic Human Acc

Web24
(Hu et al., 2025a)

Others / Text Manual Dynamic Human N/A

ViDoSeek
(Zhang et al., 2025d)

Others / Text,
Image Manual Dynamic Human N/A

MoreHopQA
(Liu et al., 2024a)

Multi-hop
QA 1118 Text Manual N/A Human Acc, Reasoning

Step Acc

CofCA
(Wu et al., 2025c)

Multi-hop
QA 1800 Text Manual Static Human

EM, F1, PM,
Reasoning Chain

Acc

BrowseComp
(Wei et al., 2025)

Challeging
QA 1266 Text Manual Dynamic LLM Acc, CE

InfoDeepSeek
(Xi et al., 2025a)

Challeging
QA 245 Text Manual Dynamic LLM,

Human

AnsAcc,
InfoAcc,

EffEvidUtil, Info-
Compactness

ORION
(Huang et al., 2025a)

Challeging
QA 310 Text LLM,

Manual Dynamic LLM Pass@1 Acc

BrowseComp-ZH
(Zhou et al., 2025b)

Challeging
QA 289 Text Manual Dynamic LLM,

Human Acc, CE

PopQA
(Mallen et al., 2022)

Challeging
QA 14k Text Rules Static Rules Acc

WebPuzzle
(Shi et al., 2025a)

Challeging
QA 24275 Text LLM,

Manual Dynamic LLM Acc, CE

BLUR
(CH-Wang et al., 2025)

Challeging
QA 573

Text,
Image,
Video,
Audio

Manual Dynamic Rules,
LLM Acc

BRIGHT
(Su et al., 2024)

Challeging
QA 1384 Text LLM,

Manual Dynamic Rules
nDCG@10,

Precision@10,
Recall@10
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SealQA
(Pham et al., 2025)

Challeging
QA 619 Text LLM,

Manual Dynamic LLM Acc

MMSearch
(Jiang et al., 2024a)

Challeging
QA 300 Text,

Image Manual Dynamic Rules F1, ROUGE-L,
BLEU-1, Acc

ScholarSearch
(Zhou et al., 2025a)

Challeging
QA 223 Text LLM,

Manual Dynamic LLM Acc

Mind2Web
2(Gou et al., 2025)

Challeging
QA 130 Text,

Image
LLM,

Manual Dynamic LLM,
Human

PartComp,
SuccRate,
Pass@3,

AvgTime,
AnsLen

O2-QA
(Mei et al., 2025)

Open-ended
QA 300 Text LLM,

Manual Static Rules,
LLM F1, EM, LFS

Researchy Questions
(Rosset et al., 2024)

Open-ended
QA 96k Text Rules,

LLM,
Manual

Static LLM Acc, Score

MultimodalReportBench
(Yang et al., 2025c)

Open-ended
QA 100 Text,

Image Manual Dynamic LLM,
Human

InfoDepth,
OrgCoh,

Verif, VisQual,
VisCons

DeepResearchGym
(Coelho et al., 2025)

Open-ended
QA unknown Text Rules Static LLM

KP-Rec,
KP-Contra,

Cit-Prec, Cit-Rec,
Clarity, Insight

Deep Research Bench
(Bosse et al., 2025)

Open-ended
QA 89 Text Manual Static Rules,

LLM,
Human

BinScore,
Recall(Rec),
F1, AbsDiff

DeepResearch Bench
(Du et al., 2025)

Open-ended
QA 100 Text Manual Static Rules,

LLM
Comprehensiveness,

Insight/Depth,
InstFollowing ...

WildSeek
(Jiang et al., 2024c)

Open-ended
QA 100 Text Rules,

LLM,
Manual

Dynamic Rules,
LLM,

Human

Relevance,
Breadth, Depth,

Novelty,
Consistency...

ProxyQA
(Tan et al., 2024a)

Open-ended
QA 100 Text Manual N/A LLM Acc, SelfAR,

HumAR

Long2RAG
(Qi et al., 2024)

Open-ended
QA 280 Text LLM,

Manual Dynamic LLM

KP-Rec, KP-F1,
KP-

Precision(KP-
Pre)

Mocheg
(Yao et al., 2023)

Fact-
Checking 61593 Text,

Image
Rules,

Manual Static Rules
Prec, Rec,

NDCG, MAP,
S-Rec

MFC-Bench
(Wang et al., 2024d)

Fact-
Checking 35k Text,

Image
Rules,
LLM,

Manual

Static Rules Acc, F1

RealFactBench
(Yang et al., 2025a)

Fact-
Checking 6k Text,

Image
LLM,

Manual Dynamic Rules
F1, MCC,
UnkRate,

ExpQuality

LongFact
(Wei et al., 2024)

Fact-
Checking 2280 Text LLM,

Manual Dynamic LLM F1@K, Prec, Rec

PolitiHop
(Ostrowski et al., 2020)

Fact-
Checking 500 Text Manual Static Rules

macro-F1, Acc,
F1, Prec, FEVER

score
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FM2
(Eisenschlos et al., 2021)

Fact-
Checking 12968 Text Manual Static Rules

R-Prec, Rec@5,
Rec@10, Acc,

F1, FEVER score

HoVer
(Jiang et al., 2020)

Fact-
Checking 26171 Text Manual Static Rules

Acc, F1, EM,
R-Prec, Rec@k,
HOVER Score

SCIFACT Fact-
Checking 1409 Text Rules,

Manual Static Rules F1, Acc, Rec,
FEVER Score

EX-FEVER
(Ma et al., 2023a)

Fact-
Checking 60k+ Text Manual Static Rules EM, Hit@k, Acc,

Rouge score

FEVEROUS
(Aly et al., 2021)

Fact-
Checking 87026 Text,

Table Manual Static Rules
FEVER Score,

EM, Hit@k, Acc,
F1, Rec

FactBench
(Bayat et al., 2024)

Fact-
Checking 1000 Text Rules,

LLM,
Manual

Dynamic LLM
Hallucination

Score, Fact-Prec,
Acc, CHumJ

FinSearchBench-24
(Li et al., 2024a)

Domain-
Specific 1500 Text Rules,

LLM,
Manual

Dynamic Rules Acc, Time

MIRAGE
(Dongre et al., 2025)

Domain-
Specific 35306 Text,

Image
LLM,

Manual Static LLM

Reasoning Score,
Acc, IdentAcc,

Relevance,
Completeness...

xbench
(Chen et al., 2025a)

Domain-
Specific 100 Text Manual Dynamic LLM Matching Rate,

AccScore

SolutionBench
(Li et al., 2025f)

Domain-
Specific 950 Text LLM,

Manual Static LLM Analytical Score,
Technical Score

DQA
(Lee et al., 2024)

Domain-
Specific 301 Text Rules Static Rules Acc

MedMCQA
(Pal et al., 2022)

Domain-
Specific 193k+ Text Rules,

Manual Static LLM Acc

MedBrowseCom
(Chen et al., 2025c)

Domain-
Specific 1k+ Text Manual Dynamic LLM,

Human Acc, ECErr

GPQA
(Rein et al., 2024)

Domain-
Specific 546 Text Manual N/A Human Acc, ECErr,

Post-hoc
agreement

ScIRGen-Geo
(Lin et al., 2025b)

Domain-
Specific 61k Text LLM,

Manual Static Rules

Entailment
Model Acc,
Recall@k,

MRR@100,
ROUGE-L

OlympiadBench
(He et al., 2024)

Domain-
Specific 8476 Text,

Image
Rules,
LLM,

Manual

Static Rules,
Human

Micro-average
Acc, Acc

DeepShop
(Lyu et al., 2025)

Domain-
Specific 600 Text,

Image
LLM,

Manual Dynamic Rules,
LLM,

Human

Fine-grained
SuccRate,

Holistic Task
SuccRate

USACO
(Shi et al., 2024a)

Domain-
Specific 307 Text Rules,

LLM,
Manual

Static Rules
Execution
SuccRate,

Pass@1 Acc

GAIA
(Mialon et al., 2023)

Domain-
Specific 466 Text,

Image Manual Dynamic Rules Acc
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HLE
(Phan et al., 2025)

Domain-
Specific 2500 Text,

Image
LLM,

Manual Static LLM Acc, RMS

HERB
(Choubey et al., 2025)

Domain-
Specific 40704 Text LLM,

Manual Static Rules,
LLM

F1, Prec, Rec,
AvgPerform-
Score, Likert
Scale Rating

RAGChecker
(Ru et al., 2024)

Others 4162 Text LLM,
Manual Static LLM Prec, Rec, F1

ToolQA
(Zhuang et al., 2023)

Others 1530 Text,
Table

Rules,
LLM,

Manual

Static Rules EM

KILT
(Petroni et al., 2020)

Others 3.2M Text Rules,
Manual Static Rules

Acc, EM, F1,
ROUGE-L,

R-Prec,
Recall@k, KILT

scores

CONFLICTS
(Cattan et al., 2025)

Others 458 Text Manual Dynamic LLM Fact-Ground,
AnsRec,
ExpBeh

Search Arena
(Miroyan et al., 2025)

Others 36721 Text Manual Dynamic Human

WinRate,
Bradley-Terry

model
coefficients

WebWalkerQA
(Wu et al., 2025b)

Others 680 Text LLM,
Manual Dynamic LLM,

Rules
Acc, Action

count

IIRC
(Ferguson et al., 2020)

Others 13441 Text Manual Dynamic Rules EM, F1

Instruct2DS
(Ma et al., 2025)

Others 234 Text Manual Dynamic Rules F1, Prec, Rec,
Exe-Prec,
Exe-Rec

DRComparator
(Chandrahasan et al., 2025)

Others / Text Manual Dynamic Human BT Score
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