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The rapid advancement of Generative Artificial Intelligence (GenAl) has opened new frontiers in multimodal
information fusion, yet current large language model (LLM)-driven search agents remain limited in their
ability to handle reasoning-intensive queries and integrate multimedia data effectively. In this paper, we

Multimodal search
Reinforcement learning
DAG planning
Vision-language models

propose SearchExpert, a GenAl-enhanced framework that augments LLMs with powerful multimedia search
and reasoning capabilities via a novel two-stage training paradigm. First, we introduce an efficient natural
language representation for directed acyclic graph (DAG)-based search plans to reduce token overhead and
support structured reasoning. We then propose Supervised Fine-Tuning for Searching (SFTS), enabled by an
automated data construction pipeline that adapts LLMs to generate token-efficient, structured search plans
from complex queries. Second, to further enhance reasoning ability, we introduce Reinforcement Learning
from Search Feedback (RLSF), which uses reward signals based on semantic alignment and intrinsic quality
assessments of retrieved results to optimize LLM behavior. To address the limitations of unimodal input and
output, we integrate a multimedia understanding and generation module based on vision-language models and
image synthesis tools (e.g., BLIP-2, and DALLE-3), enabling the GenAl-based fusion of text and visual data.
We also establish SearchExpertBench-25, a benchmark comprising 200 multimedia-rich, reasoning-intensive
queries spanning financial and global news domains, accompanied by a rigorous human evaluation framework.
Experimental results demonstrate that SearchExpert surpasses state-of-the-art baselines such as FinSearch and
Perplexity Pro, achieving up to 71.5% accuracy on complex benchmark tasks while reducing token consumption
by over 40%. Human evaluations further highlight improvements in completeness, analytical integrity, and
multimodal fluency. This work presents a scalable and generalizable GenAl framework for information fusion,
with implications for real-time decision-making in complex, multi-source environments. The code is available
at https://anonymous.4open.science/r/SearchExpert-2343/.

1. Introduction FinSearch [6] improved MindSearch with adaptive planning graphs and
time-sensitive response generation for financial-related search queries,

Large language models (LLMs) have transformed search interactions but remains limited in multimodal information processing [8-10]. Al-

by enabling users to express complex natural language queries beyond though MMSearch [7] incorporates visual input by converting them

simple keywords [1-4]. Specifically, existing agent-based search meth-
ods such as MindSearch [5], FinSearch [6], and MMSearch [7] leverage
LLMs to decompose user queries into a directed acyclic graph (DAG)
represented search plans, where nodes represent specific search key-
words (and the corresponding search source), while edges denote logi-
cal dependencies between them. However, MindSearch [5] suffers from
pre-determined search plans and temporal insensitivity. Subsequently,

into text, it struggles to generate multimedia output. Most importantly,
all these existing agent-based search methods rely on prompt engineer-
ing to decompose queries [11,12], which restricts their effectiveness
in complex search scenarios involving reasoning. Moreover, they also
suffer from high excessive token consumption due to Python-based DAG
representations, which limits practical efficiency [13].
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Table 1
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Comparison of LLM-driven search methods across major capabilities. “Efficient
Representation” indicates whether the method employs token-efficient natural
language representations for search plans rather than code-based DAG implemen-
tations. “SFT” shows if the method incorporates supervised fine-tuning specifically
optimized for search planning. “RL” indicates whether the method leverages rein-
forcement learning to enhance searching or reasoning capabilities. “Multimedia
Integration” refers to the ability to process visual inputs and generate visual
elements in responses. “Complex Query Handling” demonstrates the capability
to effectively process reasoning-intensive queries with multiple variables and

deliberate obfuscation.

Methods Eff1c1ent‘
representation
MindSearch [5] %
FinSearch [6] %
MMSearch [7] %

SearchExpert (Ours)

To address these limitations, we introduce SearchExpert, a two-
stage training framework that enhances LLMs’ multimedia search capa-
bilities through three following innovations. First, we introduce a novel
natural language representation for DAG-based search plans, which
replaces traditional Python-style code representations. This design not
only significantly reduces token usage—over 40% in our benchmarks—
but also improves interpretability and model alignment. Unlike prior
work that encodes search plans as verbose code-like graphs, our ap-
proach offers a token-efficient yet structurally faithful textual format
tailored for LLM generation. Second, to improve reasoning capabilities
for complex search queries, we propose reinforcement learning from
search feedback (RLSF). Based on RLAIF [14], RLSF uses LLM to eval-
uate the quality of the search results and transforms these evaluations
into reinforcement signals to update the LLM through Proximal Policy
Optimization (PPO) [15]. Our approach uniquely assesses both the
semantic similarity to reference and the intrinsic quality of search
results. Third, we integrate a multimedia understanding and generation
agent that enables SearchExpert to process visual inputs and generate
visual outputs during inference, allowing for the handling of multime-
dia queries [16]. Table 1 shows the high-level difference of our method
from previous work. Compared to FinSearch’s adaptive but fixed-format
query plans, our method generates open-ended natural language DAGs
with flexible dependency structures. Unlike MindSearch, which relies
on hard-coded DAG modules, we treat DAG generation as a language
modeling task and optimize it via reinforcement learning. Moreover, we
extend the planning framework to handle multimodal queries through
vision-language integration, a capability absent in both prior systems.

In this work, we introduce SearchExpert, a GenAl-driven frame-
work for reasoning-intensive multimedia information fusion, featuring
a two-stage learning paradigm:

+ A natural-language DAG format encodes search and fusion steps,
cutting token usage by over 40% without sacrificing structural
clarity.

An automated data pipeline generates high-quality query-plan
pairs for supervised fine-tuning, followed by reinforcement learn-
ing with a dual-component reward - semantic alignment plus
intrinsic quality — to sharpen reasoning and retrieval via PPO.
Vision-language (BLIP-2) and image synthesis (DALLE-3) mod-
ules enable seamless  text-visual integration, and
SearchExpertBench-25 (200 finance/news queries) with human
evaluation assesses completeness, timeliness, analytical integrity,
and fluency.

The rest of this paper is organized as follows. Section 2 formal-
izes the problem and details the SearchExpert methodology, including
efficient plan representation, SFTS, RLSF, and multimodal integra-
tion. Section 3 describes the experimental setup, benchmark construc-
tion, implementation specifics, and empirical results. Finally, Section 4
concludes and outlines avenues for future research.

Multimedia Complex query
RL . R .
integration handling
X X X
X X
X X
2. Methods

2.1. Problem formulation

We formalize the reasoning-intensive multimedia search with LLMs
as a process of generating search plans for complex queries. Given
a user query ¢ that contains both textual and visual elements, the
LLM first generates a structured search plan .S represented as a di-
rected acyclic graph (DAG) G = (V,E), formalized as G = LLM(g).
The major focus of this work is to enhance the LLM’s capability to
generate effective search plans through our proposed SFTS and RLSF
training, particularly for scenarios requiring complex reasoning. In this
formulation, V' = {v;,v,, ..., v,} represents the set of search nodes, with
each node containing specific keywords for the search along with the
designated search source (e.g., general search, news search, financial
search). The edge set E C V x V represents the logical dependencies
between the search steps, where an edge (v;,v;) indicates that the
search results of node v; directly inform the query formulation for
node v;. To ensure a coherent and feasible search strategy, the graph
must maintain acyclicity, preventing any sequence e
v, — v; from forming a cycle in G. A major innovation in our
approach is to represent G in an efficient natural language format in-
stead of the Python-based implementations used in previous work [5],
which reduces token consumption and processing overhead. To make
the transformation clearer, consider a simple example: A traditional
Python-style DAG may define two dependent steps: first searching
“Japan earthquake” in news sources, then using its results to search
“supply chain impact” in financial sources. In our natural language
representation, this becomes: “A: Japan earthquake (news) B: Supply
chain impact (finance) A — B”. This format preserves the structure and
logic of the original DAG, while significantly reducing token usage.
Specifically, each node v; € V' is expressed as “v;: node feature”, where
the node feature comprises search keywords and the corresponding
search source. The edges E are represented as directional relationships
between nodes, expressed as “v; — v;”. The complete representation
can be formalized as follows:

Rep(G) = {(v; : k;) | v; € V,k; is the keyword and search source} oS
Uf(v; = vy | (v;,05) € E}.
For example, a search plan investigating economic impacts might be
represented as “A: Japan earthquake impact (news search), B: global
supply chain disruption (financial search), C: automotive industry response
(industry search)... A — B, B — C”. This indicates a sequential search
process where each node’s results inform subsequent queries, enabling
multi-step reasoning through structured information gathering. After
generation, the search plan S is executed to retrieve relevant infor-
mation, which is then synthesized into a final response R by another
frozen LLM. This two-stage formulation separates search planning from
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(a) SFTS: Supervised Fine-Tuning for Searching
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(b) RLSF: Reinforcement Learning from Search Feedback
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In April 2025, an 8 5-magnitude earthquake struck along the Aichi-Gifu border in central Japan, disrupting a
crucial center for automotive and electronics manufacturing.

A 44-magnitude tremor occurred 6.6 km (4.1 mi) away from Nishio, Aichi-ken, Japan, in the late afternoon on
Tuesday, Apr 8, 2025, at 7:26 pm local time (GMT+9). With a very shallow focal depth of 29 km (18 mi), the
quake was widely felt in the surrounding area, its shallow depth intensifying the shaking experienced near the
epicenter compared to that of a deeper event.
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Fig. 1. The two-stage training framework of SearchExpert. (a) Supervised fine-tuning for searching (SFTS): Our automated data construction pipeline begins with
Python crawlers collecting recent online content, followed by data cleaning and Q&A generation. We then generate efficient natural language DAG representations
of search plans, converting from traditional Python-based formats to our token-efficient representation. The constructed training data is used to fine-tune LLMs
to generate structured search plans directly from queries. (b) Reinforcement searching from search feedback (RLSF): Building upon SFTS, our RLSF approach
uses similar initial data collection but focuses on constructing more complex, reasoning-intensive search scenarios. The trained models generate search plans that
are executed to retrieve information, with search quality evaluated through our dual-component reward mechanism combining semantic similarity and intrinsic

quality assessment. The resulting scores guide LLM optimization through PPO.

response synthesis, allowing us to focus our SFTS and RLSF train-
ing specifically on optimizing the search planning capabilities of the
LLM, which directly impacts the quality and relevance of the final re-
sponse. We define a reasoning-intensive query as one that requires not
only multi-hop information retrieval but also explicit logical inference,
causal reasoning, or temporal alignment across heterogeneous informa-
tion sources. Unlike standard complex or multi-hop queries, which may
involve multiple steps of retrieval, reasoning-intensive queries demand
the integration, synthesis, and interpretation of intermediate results to
reach a non-obvious conclusion. For instance, assessing the long-term
economic implications of a regional disaster involves not just retrieving
facts, but inferring macroeconomic trends from cross-domain evidence.

2.2. Supervised fine-tuning for searching

The goal of our SFTS is to train LLMs to generate the efficient
natural language DAG representation Rep(G) defined in Eq. (1) when
presented with a complex search query g. Unlike standard supervised
fine-tuning approaches that rely on manually constructed datasets and
generic optimization objectives, SFTS leverages an automated data con-
struction pipeline specifically designed for search planning, as shown
in Fig. 1. While the natural language DAG representation offers sub-
stantial token savings and improves readability, it may introduce minor
ambiguity in edge cases with deeply nested dependencies or similarly
named nodes. However, in our experiments, such ambiguity was rare
and did not significantly impact plan execution or retrieval quality. In
future work, hybrid representations combining natural language with
lightweight structural markers may further enhance expressiveness.

2.2.1. Automated data construction

Our automated data construction pipeline reduces the manual effort
typically required for SFT while ensuring high-quality training data
for search-specific scenarios. It begins by crawling recent online texts
Xonline from various time-sensitive sources, including news outlets,
financial publications, and government websites. Focusing on current
information ensures that the corresponding content does not appear in
the base LLM’s training corpus, thereby necessitating search capabilities
rather than knowledge retrieval. For each crawled text, we employ a
frozen LLM to generate query-answer pairs, namely (Xquerys Xanswer) =
LLMT%en (x ). To verify that these pairs require actual search capa-
bilities rather than relying on information already present in the LLM’s
knowledge, we filter it by presenting each query xgue, to a separate
LLM trying to answer it without access to the corresponding online
context xine and analyze its response, i.e.

True, if SIM(LLMT% (xgyery)s Xanswer) < 7

(2)

isNovel(xquery) =

False, otherwise

where Sim(-,-) measures the semantic similarity determined by LLM,
and 7 represents a threshold that determines sufficient novelty. This
filtering step again distinguishes our method from standard SFT ap-
proaches by ensuring that the training data specifically targets search-
dependent queries rather than general knowledge queries. Next, we
feed each qualified query xguer, into FinSearch to generate both a
search plan encoded in Python format Gpy,oq and the corresponding fi-
nal response Xresponse- We take an additional step of validating response
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quality before converting the to Gpy,, Our efficient representation:

True, if Sim(xresponsevxanswer) >6

otherwise

3)

isAligned(x X )=
g response answer FalSe,

where § is the alignment threshold. For aligned responses, we transform
the Python-based search plan representation into our natural language
representation described in Eq. (1) through Rep(G) = LLMf“’Ze“(GPython)
to reduce the number of tokens that represent G while preserving the
logical structure of the search plan. The final output comprises pairs of
queries and their corresponding representations of the natural language
search plan x,in = { “Input”™ xgyery, “output”: Rep(G)}.
2.2.2. Training process

Using the automated generated dataset in the format x. ., = {
“Input”: Xquery, “output”: Rep(G)}, we train the LLM to generate natural
language DAG representations directly from queries, expressed as:

Rep(G)pred = LLMG(Xquery)v (©)]

where LLM, represents our target LLM with parameters 6, and
Rep(G)preq is the predicted natural language representation of the
search plan. The optimization objective employs a standard cross-
entropy loss function that aligns the outputs with the reference natural
language DAG representations.

2.3. Reinforcement learning from search feedback

While SFTS provides a foundation for generating efficient search
plans with LLM, complex reasoning-intensive queries often require ca-
pabilities beyond what supervised learning alone can achieve [17-19].
Our RLSF addresses this limitation through a novel reward feedback
mechanism that directly optimizes for search result quality rather than
merely imitating reference search plans [20]. While our RLSF approach
focuses on optimizing the generation of search plans (i.e., DAG struc-
tures), reinforcement learning could also be applied post hoc—for
example, to re-rank or filter retrieved content based on downstream
quality metrics. However, we find that tightly coupling RL with the
planning stage provides greater upstream control over information
gathering. By guiding the model to produce higher-quality search struc-
tures upfront, we reduce reliance on post-retrieval heuristics and ensure
that relevant content is discovered rather than merely re-ranked. This
also aligns better with our goal of improving reasoning performance
through better planning rather than retroactive correction.

2.3.1. Automated dataset construction

We construct the RLSF dataset using methods similar to SFTS,
but with heightened emphasis on complex reasoning scenarios that
require multi-step search processes. Unlike SFTS which relies on single-
source crawled content, RLSF dataset construction employs diverse and
dynamic sources to generate more challenging time-sensitive queries,
which ensures exposure to a broader range of reasoning patterns and
information dependencies. For RLSF training, we only need the query-
answer pairs (Xquery Xanswer) Tather than predetermined search plans, as
optimization is driven by the quality of the search outcome rather than
the adherence to the structure of the search plan.

2.3.2. Training process

RLSF training begins with the LLM that generates a representation of
a natural language search plan based on the input query: Rep(G)preq =
LLMy(xquery)- This search plan is executed to retrieve information and
generate the corresponding response:

Xresponse = exeCUte(Rep(G)pred)' 5)

The major innovation in our RLSF is the dual component reward
calculation that captures both alignment with reference answers and
intrinsic quality metrics. For semantic similarity assessment, we prompt

Information Fusion 126 (2026) 103665

an LLM to compare the generated response with the reference answer:

Ssim - LLMfrozen(x

response? xﬂnSWe[‘)’ (6)

where LLM is prompt to analyze the factual consistency, the coverage
of information, and the contextual relevance between the two texts,
producing a normalized similarity score between 0 and 1. This com-
ponent ensures that the search plan leads to responses that capture
the essential information needed to address the query. Complementing
this, our intrinsic quality assessment employs another LLM assessment
that evaluates the completeness, precision, coherence, and clarity of the
response independently of any reference.

S. — LLMfrozen(x

intrinsic response> Xquery ). @)

These two factors are combined through a weighted geometric mean
that balances fidelity to reference answers with intrinsic search quality:

score = §¢ . sU~® (8)

sim intrinsic’

where a € [0, 1] controls the relative importance of similarity versus
intrinsic quality. We use a geometric mean rather than an additive
model to ensure that both reward components — semantic similarity and
intrinsic quality — have multiplicative influence on the final score. This
formulation penalizes cases where one component is low, encouraging
balanced improvements across both dimensions. The resulting score
is transformed into a reinforcement learning signal using a log-odds
transformation:

)

Score(xresponse’ Xanswer) >

reward = log
1- SCore(xresponse’ Xanswer)

This reward signal guides the optimization of LLM through PPO [15].
We apply a log-odds transformation to both the similarity and quality
scores to map probabilities into the real number space and magnify
differences near decision boundaries. This transformation improves
gradient signal strength when scores are near 0.5, which stabilizes RL
training and enhances sensitivity to model improvements. Additionally,
log-odds provide more interpretable reward scaling compared to raw
probabilities.

2.4. Multimedia understanding and generation

While SFTS and RLSF enhance the LLM’s ability to generate ef-
fective search plans and reason across complex information sources,
handling multimedia content requires additional operation for both
input understanding and output generation. Our multimedia agent
integrates visual processing and generation capabilities into the Search-
Expert. To process multimodal queries containing visual elements, we
implement a visual understanding pipeline based on BLIP-2 [21], a
vision-language model that converts visual information into textual
representations. Given a query g that contains both textual components
Grext @nd visual components gy;s,q1, OUr agent converts visual elements
into textual descriptions qyisya) desc = BLIP — 2(qyjsual)- The resulting
textual description is then merged with the original textual query to
form an enriched query ie., Gepriched = METEE(drexts Gvisual desc)- 1NIS
enriched query is processed by our fine-tuned LLM to generate the
natural language search plan Rep(G). To improve response quality and
information comprehensiveness, we incorporate a graph generation
that produces visual elements based on textual descriptions via DALLE-
3 [22], represented as vyt = DALLE — 3(ggesc)> WheTe ggeqe is @ textual
description of the desired graphical output derived from search results,
and vy s the generated visual element.

2.5. Benchmark dataset construction
To evaluate SearchExpert’s reasoning-intensive multimedia search

capabilities, we developed SearchExpertBench-25, a benchmark com-
prising 200 complex multiple-choice questions spanning financial and
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Fig. 2. Benchmark construction method and example case from SearchExpertBench-25. The left panel illustrates our five-step pipeline for constructing reasoning-
intensive search benchmarks. It begins with LLM-based identification of recent complex topics requiring multi-hop search and causal inference, followed by
information retrieval, key information extraction, OpenAl deep research analysis, and finally, question generation. The right panel showcases an example
benchmark question from SearchExpertBench-25 examining the global transmission mechanisms of the Federal Reserve’s unexpected rate cut in February 2025.
This complex scenario features multiple correct answers (A, D, E, F) with explicit reasoning paths for each option, demonstrating how our benchmark evaluates
a model’s ability to generate effective search plans for navigating ambiguous, multi-variable financial scenarios.

international news domains [23-25]. As illustrated in Fig. 2, our bench-
mark construction can be automated by a five-step process. Firstly, we
employ LLMs to identify recent complex search scenario topics and
generate the initial queries. Then, based on these initial queries, we
use web crawlers to extract detailed information from reliable sources,
including major financial publications, news outlets, and industry re-
ports. Afterwards, we leverage LLM to extract key information from
the retrieved HTML content and revise the initial query to increase the
complexity. We then used OpenAl deep research to generate the report
for these revised queries, which contains hierarchical sections and
explicit references to source materials. Finally, we generate question-
answer pairs from the report with LLM by emphasizing the “What”,
“Why”, and “How” dimensions of the analyzed information. The LLM
generates explicit chains-of-thought reasoning paths that connect infor-
mation sources to conclusions, creating questions that specifically test
multi-step reasoning abilities, depicted as

(0, A, CoT) = LLM%" (SynthesizedInfo, ReasoningPrompt) (10)

where Q represents the generated multi-choice question, A is the
correct answer (can be multiple correct answers), and CoT is the chain-
of-thought reasoning required to arrive at the answer from the available
information sources. In our setting, CoT reasoning refers to structured,
multi-step answer formats that reflect intermediate causal or logical
inference chains, inspired by prompting strategies shown effective in
LLMs.

2.6. Human evaluation framework

To assess SearchExpert’s reasoning-intensive multimedia search ca-
pabilities, we also propose a human evaluation framework consisting
of five essential factors based on FinSphere [26]. Our evaluation cri-
teria were weighted to reflect their relative importance in reasoning-
intensive search tasks: completeness and dimensionality of conclusions
(30%), accuracy and sufficiency of supporting evidence (15%), data
timeliness (15%), analytical completeness and integrity (30%), and
readability and fluency (10%), which prioritizes reasoning quality and
comprehensive analysis while still accounting for factual accuracy and
presentation quality. Each criterion addresses a specific aspect of search
performance. Completeness and dimensionality evaluate how thor-
oughly the LLM explores multiple perspectives and relevant dimensions
of the query, particularly important for complex scenarios that require
reasoning across diverse information sources. Accuracy and sufficiency
assess whether the supporting evidence is factually correct and ade-
quately substantiates the conclusions drawn, directly measuring the
effectiveness of the search plan in retrieving relevant information. Data

timeliness examines whether the LLM appropriately prioritizes recent
information when temporally relevant, a critical capability for finan-
cial and news domain searches. Analytical completeness and integrity
evaluate the logical coherence and depth of reasoning demonstrated in
connecting multiple information sources to reach conclusions, directly
measuring the effectiveness of our RLSF approach in enhancing reason-
ing capabilities. Finally, readability and fluency assess the clarity and
effectiveness of communication, including the integration of multime-
dia elements into responses. This criterion specifically evaluates how
well our multimedia understanding and generation agent enables the
comprehensible presentation of complex search results. Our evaluation
protocol used a panel of domain experts who independently evaluated
LLM output using a 5-point Likert scale for each criterion, with detailed
rubrics ensuring the consistent application of standards. The assessors
were blinded to the specific model generating each response to avoid
bias. For each search query, the evaluators were provided with the
original query, the LLM response, and access to authoritative reference
sources for fact checking.

In summary, our two-stage framework leverages supervised fine-
tuning for efficient search plan generation and reinforcement learning
to enhance reasoning quality, while integrating visual understanding
modules to handle multimodal queries. Together, these components
equip SearchExpert with strong capabilities for reasoning-intensive
multimedia information fusion.

3. Experiments
3.1. Implementation details

We implemented SearchExpert using Python 3.10.4 in multiple
LLM architectures to evaluate the effectiveness and generalizability of
our approach. Our experimental framework incorporated four state-
of-the-art LLM backbones: Llama3.3-7B, Qwen-2.5-7B, Qwen-2.5-14B,
and Qwen-2.5-32B [32], spanning different parameter scales to assess
performance across model capacities. For the SFTS stage, we leveraged
LLaMA-Factory (v0.9.1) [33]. For data construction, we use ChatGPT-
40 (using both search and DeepResearch capabilities) and Perplexity.
For the RLSF stage, we utilized trl, peft, and PyTorch 2.6.0 to al-
low for efficient fine-tuning. During this phase, we used FinSearch to
execute the DAGs generated in natural language search and utilized
ChatGPT-40 as an external reward model through API calls.

3.2. Results
Table 2 presents the comparison of SearchExpert with state-of-the-

art LLM-driven search methods on two benchmarks, namely FinSea-
rchBench-24, which focuses on financial domain searches, and our
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Fig. 3. Comparison of search outputs from MindSearch, FinSearch, and our SearchExpert on a complex earthquake scenario. The figure highlights differences in
reasoning depth, output structure, and multimodal integration.
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Table 2

NEW | —
=Q| QUERY

Ours(SFTS+RLSF)

In April 2025, a magnitude
8.5 carthquake struck central
Japan’s Aichi-Gifu border,
disrupting a key hub for
automotive and electronics
manufacturing. What are the
likely global supply chain and
financial market implications
of this event?

MindSearch
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FinSearch

Characteristi

nsight 4 Maltidimensional And

Performance comparison of LLM-driven search methods on FinSearchBench-24 [6] and SearchExpertBench-25, evaluating both effectiveness and efficiency.
Our proposed SearchExpert method demonstrates accuracy improvements over existing approaches while maintaining reasonable computational efficiency
through its efficient natural language representation of search plans. The accuracy metrics show the percentage of correct answers (+ standard deviation)
across multiple models, demonstrating SearchExpert’s consistent performance gains across model architectures. FinSearchBench-24 evaluates financial domain
search capabilities, while SearchExpertBench-25 specifically tests complex reasoning-intensive multimedia search scenarios that require multi-hop information
retrieval and causal inference. Baseline refers to standalone LLMs without search capabilities, while SearchAgent [5] and MindSearch [5] represent general-
purpose search frameworks with code-based DAG representations. FinSearch [6] represents a financial-specialized search framework. It supports structured
financial reasoning using adaptive planning over text-based documents. It does not incorporate vision-language modules and is limited to unimodal (text-only)
inputs. and Perplexity Pro is a commercial Al search method. It is a commercial LLM-powered search assistant that processes natural language queries via
web-based retrieval and LLM response generation. It does not support visual input and operates purely on text (see [27-31]).

FinSearchBench-24 [6]

SearchExpertBench-25

Method Models
Accuracy (%)  Tokens (bit/answer)  Time (s/answer)  Accuracy (%)  Tokens (bit/answer)  Time (s/answer)

ChatGPT-40 [27] 36.13 +1.22 293.82 +26.01 3.87 +0.15 22.50 +1.21 940.60 +45.98 6.04 +0.23

Llama-3.3-7B-instruct [28] 38.13 +127 210.44 +23.64 4.96 +0.25 21.00 +1.14 857.80 +55.28 7.14 xo021

Baseline Qwen2.5-7B-instruct [29] 34.30 +1.12 255.39 +29.22 6.53 +0.21 21.50 +1.18 869.08 +66.19 6.83 +0.26
Gemini-1.5 [30] 3547 1.2 325.39 +39.61 5.04 +0.16 19.50 +1.35 926.05 +67.65 8.12 +031

DeepSeek-v2.5 [31] 34.07 +1.21 374.76 £33.49 14.50 027 23.00 +1.32 945.48 +61.67 7.81 4023
ChatGPT-40 [27] 46.33 +1.30 632.11 +74.07 1.58 +0.06 27.50 +1.42 1649.86 +143.18 10.31 +o.16

Llama-3.3-7B-instruct [28] 43.80 +1.24 576.58 +42.67 1.61 +0.07 29.00 +1.31 1337.35 +122.07 11.42 041

SearchAgent [5] Qwen2.5-7B-instruct [29] 41.21 131 602.69 +56.55 1.51 +0.06 27.50 +1.74 1403.82 +132.87 11.81 +037
Gemini-1.5 [30] 42.33 +1.28 654.85 +53.56 1.58 +0.04 31.50 +1.14 1586.78 +141.84 10.72 +036

DeepSeek-v2.5 [31] 44.27 +1.26 697.92 +60.59 1.32 +0.04 28.50 +1.52 1635.29 +158.10 12.10 072

ChatGPT-40 [27] 52.40 133 3544.85 +473.24 19.09 +0.39 33.50 +1.12 4733.64 +356.78 24.12 +0.91
Llama-3.3-7B-instruct [28] 53.60 +1.28 3098.40 +277.10 14.82 +0.45 35.50 +1.41 4352.94 +337.81 26.14 +034

MindSearch [5] Qwen2.5-7B-instruct [29] 45.62 +1.26 3482.19 429821 18.12 035 32.00 +1.17 4202.89 +316.71 23.42 +0.41
Gemini-1.5 [30] 51.53 +1.29 3210.20 +22332 20.14 +0.43 36.50 +0.97 4832.15 +377.39 25.72 058

DeepSeek-v2.5 [31] 49.73 +1.32 3741.20 +291.20 27.01 +0.58 33.00 +1.91 4899.24 +364.60 30.17 +0.93

ChatGPT-40 [27] 76.20 +1.12 4828.21 +377.59 16.03 +043 44.50 +2.06 6734.26 +528.45 19.42 +031

Llama-3.3-7B-instruct [28] 75.53 +1.04 4572.48 +393.61 14.55 +0.47 46.50 +1.81 7060.92 +644.80 21.31 +o0.68

FinSearch [6] Qwen2.5-7B-instruct [29] 75.40 +1.18 5482.19 +430.69 17.15 045 41.00 +1.73 7120.88 +676.49 24.14 +0.78
Gemini-1.5 [30] 74.87 +1.08 5954.77 +376.66 17.74 +053 47.50 +1.47 7368.72 +695.27 19.71 +o0.91
DeepSeek-v2.5 [31] 72.33 £1.15 5242.42 +458.70 29.31 +0.70 51.00 +2.42 7249.70 +706.33 20.73 +0.46

Perplexity Pro sonar 60.27 +1.26 382.75 +29.66 5.85 +0.22 32.50 174 824.26 +68.22 5.14 +o084
Llama-3.3-7B-instruct [28] 69.98 +0.95 2156.20 +190.83 12.66 +0.48 64.00 +2.42 3681.29 +497.56 15.34 042
SearchExpert Qwen2.5-7B-instruct [29] 72.30 +0.57 2330.47 +196.89 13.48 +0.21 62.50 +1.82 3430.57 +424.59 14.85 +0.96
Qwen2.5-14B-instruct [29] 76.82 +1.15 2480.26 +201.57 14.42 +os8 67.00 +1.48 3717.43 +41494 16.74 +072
Qwen2.5-32B-instruct [29] 82.33 +0.49 2813.62 +295.76 14.57 4021 71.50 +1.37 4170.67 +427.09 18.72 +0.74

newly constructed SearchExpertBench-25, which specifically targets
multimedia search scenarios that require reasoning. Our proposed two-
stage training approach consistently outperforms existing methods on
all model scales. In FinSearchBench-24, SearchExpert with Qwen2.5-
32B-instruct achieves 82.33% accuracy, surpassing the previously best-
performing method, FinSearch (76.20% with ChatGPT-40). This im-
provement is even more pronounced on SearchExpertBench-25, where
SearchExpert achieves 71.50% accuracy, outperforming FinSearch with

DeepSeek-v2.5 (51.00%) by 20.50% and Perplexity Pro (32.50%) by
39.00% points. The performance gap between SearchExpert and other
methods widens on SearchExpertBench-25, which contains complex
queries. This validates our hypothesis that the combination of SFTS
and RLSF enhances the LLM’s ability to generate effective search
plans for reasoning-intensive scenarios. Even with smaller models like
Llama-3.3-7B-instruct and Qwen2.5-7B-instruct, SearchExpert achieves
64.00% and 62.50% accuracy respectively on SearchExpertBench-25,
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Table 3
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Ablation study evaluating the impact of our two-stage training approach on performance metrics across both benchmarks.

SFTS RLSF FinSearchBench-24 [6] SearchExpertBench-25
training  training Accuracy (%)  Tokens (bit/answer)  Time (s/answer)  Accuracy (%)  Tokens (bit/answer)  Time (s/answer)
X X 54.30 +1.22 3972.42 +311.98 12.33 +0.20 39.50 +1.74 5864.20 +674.52 20.17 +039
4 X 70.30 £1.39 2382.93 +218.95 15.57 oz 58.50 +1.92 3937.68 +492.72 18.42 +037
X 4 74.42 +1.32 4362.04 +£303.35 14.83 +1.19 62.00 +1.83 6586.48 +619.93 19.32 +0.13
v v 82.33 +0.49 2813.62 +295.76 14.57 +0.21 71.50 +1.37 4170.67 +427.09 23.22 +0.48
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Fig. 4. Human evaluation results comparing SearchExpert implementations across different model sizes against baseline search methods. The total score (red
dotted line) reveals that even smaller SearchExpert implementations outperform existing search frameworks, confirming that our two-stage training approach
enhances reasoning-intensive search abilities while maintaining strong performance across all human evaluation dimensions.

substantially outperforming all baseline and existing search methods. In
terms of computational efficiency, SearchExpert demonstrates a favor-
able balance between accuracy and efficiency. Although Perplexity Pro
achieves the lowest token usage, namely 382.75 tokens per answer on
FinSearchBench-24 and 824.26 on SearchExpertBench-25, its accuracy
is substantially lower than SearchExpert. Compared to code-based
DAG implementations used in MindSearch and FinSearch, our natural
language representation of search plans reduces token consumption
by approximately 42%-53%. Processing time measurements show that
SearchExpert maintains reasonable computational efficiency despite
its improved reasoning capabilities. While not the fastest method
(Perplexity Pro leads with 5.14 s per answer on SearchExpertBench-
25), SearchExpert’s processing times (14.85-18.72 s per answer) are
substantially lower than those of MindSearch (23.42-30.17 s) and
comparable to FinSearch (19.42-24.14 s). Our results also reveal a
clear correlation between model scale and performance within the
SearchExpert framework. As the model size increases from 7B to 32B
parameters, we observe consistent accuracy improvements on both
benchmarks. This scaling trend suggests that larger models can better
use our two-stage training approach to develop better search plan-
ning capabilities. During evaluation, approximately 28% of queries in
SearchExpertBench-25 contained visual components and thus triggered
the visual modules (BLIP-2 for image understanding and DALLE-3
for generation). The remaining 72% were primarily handled through
textual reasoning, indicating that while text remains dominant, the
visual modules play a crucial role in supporting multimodal queries. As
illustrated in Fig. 3, our case study further validates the effectiveness
of our two-stage training approach. Specifically, our SearchExpert
(SFTS+RLSF) demonstrates superior reasoning capabilities through
efficient natural language DAG representation, producing more com-
prehensive, long-term strategic analysis with precise component-level

impacts and quantitative forecasts. MindSearch offers moderate but
simpler dimensional analysis, while FinSearch provides detailed data
but more limited causal reasoning. Green annotations indicate accurate
reasoning; red shows analytical limitations; blue highlights distinctive
information obtained through superior search planning. Qualitative
inspection of multimodal queries suggests that BLIP-2 and DALLE-3
contribute meaningfully to the system’s performance. In particular,
queries involving image understanding (e.g., interpreting visual disas-
ter scenes) or visual generation (e.g., illustrating scenarios) benefit from
the inclusion of visual information, helping disambiguate entities and
enhance the richness of the final answer.

3.3. Human evaluations

As shown in Fig. 4, SearchExpert consistently outperforms exist-
ing search methods in all human evaluation criteria. MindSearch and
FinSearch received substantially lower scores (approximately 3.2 on
the 5-point scale) compared to even our smallest SearchExpert im-
plementation (3.9 with Llama3.3-7B). Among the SearchExpert imple-
mentations, we observe a clear correlation between the model scale
and human evaluation scores, with Qwen2.5-32B achieving the highest
overall rating of 4.3. Particularly notable is the substantial improve-
ment in analytical completeness scores, which increased from below
3.0 for baseline methods to over 4.0 for our larger models, confirming
that RLSF effectively enhances reasoning capabilities by optimizing for
search result quality. Furthermore, the high fluency and readability
scores across all SearchExpert implementations demonstrate that our
natural language representation of search plans maintains excellent
presentation quality while reducing token consumption. It is worth
noting that multimodal fluency refers to the perceived coherence and
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integration between textual and visual components in the generated
output. Annotators assess whether the text and images are semanti-
cally aligned, whether transitions between modalities are natural, and
whether the visual content meaningfully complements the reasoning
in the text. This metric captures both visual accuracy and the overall
fluidity of multimodal presentation.

3.4. Ablation study

We conducted an ablation study using Qwen2.5-32B as the base
model for both benchmarks in Table 3. The baseline model (with-
out any training) achieves 54.30% accuracy on FinSearchBench-24
and 39.50% on SearchExpertBench-25, with relatively high token con-
sumption (3972.42 and 5864.20 tokens per answer, respectively). This
demonstrates the limitations of prompt-based search plan generation
without specialized training. When applying only SFTS, we observe a
substantial improvement in both accuracy (70.30% on FinSearchBench-
24, 58.50% on SearchExpertBench-25) and token efficiency (40.0%
reduction to 2382.93 tokens on FinSearchBench-24, 32.9% reduction
to 3937.68 tokens on SearchExpertBench-25), which validates our hy-
pothesis that training LLMs to generate efficient natural language repre-
sentations of search plans significantly reduces computational overhead
while improving accuracy. Conversely, applying only RLSF produces
even higher accuracy gains (74.42% on FinSearchBench-24, 62.00%
on SearchExpertBench-25) but at the cost of increased token consump-
tion, which confirms that optimizing for search result quality through
reinforcement learning substantially enhances the model’s reasoning
capabilities. The complete SearchExpert achieves the highest accu-
racy across both benchmarks (82.33% on FinSearchBench-24, 71.50%
on SearchExpertBench-25) while maintaining reasonable token effi-
ciency (2813.62 and 4170.67 tokens per answer, respectively). These
results demonstrate the complementary nature of our two training
components: SFTS provides token-efficient representations that reduce
computational overhead, while RLSF enhances reasoning capabilities
through optimization for search result quality. Their combination effec-
tively addresses both the efficiency challenges and the reasoning chal-
lenges in existing LLM-driven search methods, particularly for complex
scenarios.

Overall, the experimental results validate the effectiveness of each
component in our framework. The combination of token-efficient rep-
resentations, reward-driven training, and multimodal integration en-
ables SearchExpert to consistently outperform existing methods on both
reasoning accuracy and computational efficiency.

4. Conclusion

In this paper, we introduce SearchExpert, a two-stage training
framework that enhances LLMs’ capabilities for reasoning-intensive
search through complementary SFTS and RLSF. Our efficient natural
language representation for search plans reduces token consumption
compared to previous Python-based DAG implementations while main-
taining readability. Experimental results demonstrate that SearchExpert
substantially outperforms existing methods, surpassing commercial
solutions such as Perplexity Pro by large margins. Human evaluations
confirm SearchExpert’s superior performance across all assessment di-
mensions, particularly in analytical completeness and reasoning depth,
validating our approach’s effectiveness for complex queries. Our mul-
timedia agent further extends these capabilities by enabling visual
input processing and output generation. In general, the ability of
SearchExpert to handle complex and reasoning-intensive search queries
represents an advance for real-world applications. One future direction
can explore expanding SearchExpert to support cross-domain knowl-
edge transfer and developing more advanced reasoning mechanisms
for handling increasingly complex multi-hop search scenarios with
uncertain or conflicting information sources. In addition, exploring
multimodal understanding capabilities that can process and reason
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across video, audio, and other sensory inputs beyond current text and
image modalities can be another future direction.

Limitations. While SearchExpert achieves strong performance
across benchmarks, we observe certain limitations. First, in rare cases,
the generated DAG may include incorrect or logically inconsistent
dependencies, especially for ambiguous or underspecified queries. This
can misguide the retrieval process and lead to incomplete or mis-
leading answers. Second, for queries requiring very long reasoning
chains (e.g., more than 5 hops), the model occasionally struggles with
maintaining coherence across steps, resulting in shallow or prematurely
truncated plans. Addressing these failure modes through enhanced plan
validation or iterative refinement is a promising direction for future
work. Moreover, while SearchExpert demonstrates strong reasoning
capabilities through the integration of LLMs, VLMs, and reinforcement
learning, practical deployment involves several trade-offs. External
APIs such as BLIP-2 and DALLE-3 incur latency due to remote inference
and API communication, with average per-query response times of
3-6 s depending on image resolution and network conditions. More-
over, the PPO-based training process introduces additional resource
overhead, although it is performed offline and only once during system
setup. For real-time applications, visual modules can be optionally
disabled for text-only queries, and lightweight local alternatives may
be substituted for third-party APIs. Future work may explore model
distillation or edge deployment strategies to further reduce latency and
cost.
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