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Abstract
Robust deployment of large multimodal mod-
els (LMMs) in real-world scenarios requires
access to external knowledge sources, given
the complexity and dynamic nature of real-
world information. Existing approaches such
as retrieval-augmented generation (RAG) and
prompt engineered search agents rely on rigid
pipelines, often leading to inefficient or exces-
sive search behaviors. We present MMSearch-
R1, the first end-to-end reinforcement learn-
ing framework that enables LMMs to perform
on-demand, multi-turn search in real-world
Internet environments. Our framework inte-
grates both image and text search tools, al-
lowing the model to reason about when and
how to invoke them guided by an outcome-
based reward with a search penalty. To support
training, We collect a multimodal search VQA
dataset through a semi-automated pipeline that
covers diverse visual and textual knowledge
needs and curate a search-balanced subset with
both search-required and search-free samples,
which proves essential for shaping efficient
and on-demand search behavior. Extensive
experiments on knowledge-intensive and info-
seeking VQA tasks show that our model not
only outperforms traditional RAG-based base-
lines of the same model size, but also matches
the performance of a larger RAG-based model
while reducing search calls by over 30%. We
further analyze key empirical findings to offer
actionable insights for advancing research in
multimodal search.

1 Introduction

Scaling up visual-text pair data by leveraging large-
scale, high-quality, and diverse datasets across
different training stages (Radford et al., 2021;
Awadalla et al., 2024; Zhang et al., 2025; Wang
et al., 2025; Dong et al., 2025) has become a fun-
damental paradigm for acquiring grounded knowl-
edge of the visual world, driving breakthroughs in

*Equal contribution.

Large Multimodal Models (LMMs) (Hurst et al.,
2024; Team et al., 2023, 2025b; Bai et al., 2025;
Li et al., 2024a,b; Lin et al., 2024; Chen et al.,
2024b). However, this paradigm faces inherent
limitations when handling complex and dynamic
real-world knowledge (Kandpal et al., 2023; Chang
et al., 2024). Specifically, long-tail information
such as facts that emerge after the model’s training
cut-off or domain-specific knowledge constrained
by privacy, copyright, or security considerations
is difficult to capture through static training alone.
As a result, leading LMMs continue to struggle
with knowledge-intensive and information-seeking
VQA tasks where external and up-to-date knowl-
edge is often required (Li et al., 2023b; Jiang et al.,
2024; Fu et al., 2025). When confronted with in-
puts beyond their internal knowledge boundaries,
such as unfamiliar visual content or previously un-
seen textual information, models are prone to hallu-
cinations (Liu et al., 2024a; Li et al., 2023a), which
severely compromise their reliability in applica-
tions that demand factual accuracy and trustworthi-
ness (Cui et al., 2023).

Integrating the ability to interact with search
tools into LMMs to search for external informa-
tion offers a promising solution to these limitations
(Jiang et al., 2024; Hu et al., 2023a; Zhang et al.,
2024d). Existing approaches can be broadly catego-
rized into two paradigms: (1) Retrieval-Augmented
Generation (RAG) (Chen et al., 2022; Yu et al.,
2024a; Chen et al., 2024a), which retrieves exter-
nal visual or textual information to guide model
generation; and (2) Prompt-engineered agents (Hu
et al., 2023a; Zhang et al., 2024d; Jiang et al., 2024),
which prompt large models to iteratively perform
web searches and reason over the retrieved results
to generate answers. However, these approaches
remain suboptimal in practice. RAG-based meth-
ods follow a fixed retrieve-then-generate workflow
grounded in static knowledge bases, often resulting
in over-retrieval, high computational cost, and the
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unrealistic assumption that all required information
is already present in the corpus. Such a controlled
setting fails to capture the dynamic and unpre-
dictable nature of real-world scenarios, rendering
these systems vulnerable in practical deployments.
On the other hand, prompt-engineered agents inter-
act with real-world search engines, but the model
parameters are not optimized through learning. As
a result, the models do not truly learn how to in-
teract effectively with search tools or adapt their
behavior to open world environments. This moti-
vates the development of methods that teach mod-
els to search on demand and interact effectively
with search tools, ensuring practical usability in
dynamic real-world settings.

Recent advances, such as OpenAI’s o series
(Jaech et al., 2024; OpenAI, b) and DeepSeek-R1
(Guo et al., 2025), have highlighted the potential of
end-to-end reinforcement learning (RL) to enhance
the reasoning capabilities of large-scale models. In
addition, OpenAI introduced the Deep Research
(OpenAI, a), claiming that training models via end-
to-end RL to interact with search tools and web
content can significantly improve their ability to
solve complex open-ended tasks that require iter-
ative reasoning and information seeking. In the
open-source community, efforts such as DeepRe-
searcher (Zheng et al., 2025), Search-R1 (Jin et al.,
2025), and ReSearch (Chen et al., 2025) have fol-
lowed this direction, applying end-to-end RL to
improve models’ abilities in multiturn search and
retrieval-augmented generation, aiming to boost
performance on information-seeking question an-
swering tasks. However, existing work mainly fo-
cuses on text-based search, while in the multimodal
domain, challenges such as constructing suitable
training data and designing RL frameworks to in-
centivize models to perform search in real-world
environments remain underexplored.

In this work, we focus on training LMMs to
learn three key search-related abilities: (1) when to
search, (2) what to search for, and (3) how to rea-
son over search results to answer user queries. By
exploring these questions, we propose MMSearch-
R1, the first end-to-end RL-based solution de-
signed to equip LMMs with the capability to per-
form search on demand in real-world environments.
Our efforts can be summarized as follows:

Datasets Construction We propose an semi-
automated method for constructing a multimodal
search VQA dataset by estimating the model’s fa-
miliarity with the visual and textual knowledge

required to answer each question. and curate a
mixture of search-required and search-free VQA
samples, which is crucial for shaping the model’s
ability to perform on-demand search.

Multimodal Search Tool Integration We build
a real-world search pipeline consisting of two tools:
an image search tool, which allows the model to
retrieve webpage thumbnails and titles related to
a user-provided image to help identify unfamiliar
visual content; and a text search tool, which enables
the model to issue precise textual queries to retrieve
relevant webpages and acquire textual knowledge.

Better Performance through Wiser Search
We demonstrate that by incorporating an outcome-
based reward with search penalty, the GRPO algo-
rithm (Shao et al., 2024) can be directly applied
to LMMs without cold-start initialization. This
setup encourages models to perceive their knowl-
edge boundaries and then perform search when
necessary. As a result, the model learns to reason
about when and how to execute multi-turn, com-
plex search strategies. In knowledge-intensive and
information-seeking VQA tasks, MMSearch-R1-
7B not only outperforms RAG-based baselines of
the same model size, but also achieves competi-
tive performance compared to a 32B RAG-based
model, while significantly reducing the number of
search calls by over 30%.

2 RL Training with Multimodal Search

2.1 Group Relative Policy Optimization

As shown in Figure 1, we adopt standard GRPO
as our base RL algorithm, with modifications to
allow search interactions with the real-world en-
vironment during the rollout process. Originally
introduced in DeepSeekMath (Shao et al., 2024),
GRPO is a variant of the Proximal Policy Opti-
mization (PPO) algorithm (Schulman et al., 2017).
Unlike PPO, GRPO estimates the baseline directly
from a group of rewards, without relying on a value
function, which significantly reduces the compu-
tational burden during training. The details of the
GRPO algorithm are provided in the Appendix D.

2.2 Multimodal Search Tools

A fully functional search toolkit is crucial for solv-
ing information-seeking VQA tasks. As illustrated
in the bottom part of Figure 1, we equip the model
with two types of search tools for interacting with
real-world internet content. The first is an image
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Reason Before Taking Actions
<reason>
... I don’t need other info to answer ...
... I need extra info to better answer the question. I will call image/text search ...
</reason>

(a). Provide the Answer

<reason> The aircraft is Supermarine Spitfire designed by R.J. 
Mitchell. I can answer the question without any external 
information. </reason>
<answer> R.J. Mitchell </answer>

Action Space
(a). Provide the Answer;
(b). Call image search;
(c). Call text search;

(b). Call Image Search Tool

LMM

Search Tool

(b). Call Text Search Tool

<reason> The image lacks sufficient information 
to determine the specific model of the aircraft. 
An image search is required to assist in 
identifying the precise model. </reason>
<search><img></search> image url

Conducting image search ......

<information>

<reason> The question requires specific 
historical knowledge about the designer of the 
Supermarine Spitfire. I need to conduct a text 
search to find the answer. </reason>
<text_search> Who designed the Supermarine 
Spitfire </text_search>

Conducting text search ......

Question:
Who designed this aircraft?

Who designed 
the Supermarine 
Spitfire

<information>
1. (link: xxx) R.J. Mitchell is best known 
for designing the Supermarine Splitfire ...
2. (link: xxx)
...
</information>

Thumbnail-1:

Title-1: 
Supermarine Spitfire

Thumbnail-2:

Title-2: 
PR MK II 

...       </information>

Figure 1: Illustration of training in MMSearch-R1. Top: The GRPO training pipeline integrated with multimodal
search tools. Bottom: A detailed view of the rollout process and search tool execution.

search tool powered by SerpApi.1 The model sub-
mits the image from the original question to the im-
age search engine, which returns the top-5 visually
matched webpages in an interleaved format, each
represented by a thumbnail and a title. This helps
the model identify the key visual entities present
in the input image. The second is a text search
pipeline composed of SerpApi, Jina Reader2, and
a webpage summarizer. The model autonomously
generates a text query related to the original ques-
tion and submits it to the search tool to retrieve rel-
evant information. SerpApi returns the top-5 web-
page URLs associated with the query. Jina Reader
then fetches the full content of each webpage and
converts it into a clean, readable format. A summa-
rization model (Qwen3-32B (Qwen Team) in our
implementation) processes each page and extracts
the content most relevant to the user’s question into
a concise summary. Implementation details can be
found in the Appendix E.

2.3 Rollout with Multi-turn Search
To address complex information-seeking tasks, the
model may engage in multiple rounds of interac-
tion with the internet environment before providing
a final answer. As illustrated in the bottom part

1SerpApi: https://serpapi.com/
2Jina Reader: https://jina.ai/reader/

of Figure 1, the rollout process is multi-turn and
iterative. We structure the prompt to guide the
model to perform reasoning within the <reason>
and </reason> tags whenever new information is
received, including the original question or any re-
trieved search results, and then choose an action
from a predefined action space (see Appendix F.2
for the full prompt). If the model decides to answer
the question, it is required to place its response
between <answer> and </answer>. If it chooses
to invoke the image search tool, it should append
<search><img></search> at the end of its response.
For text search, the model should autonomously
generate a natural language query and append it
between <text_search> and </text_search>. All
retrieved information is returned to the model en-
closed within <information> and </information>,
and is fed into the next round of dialogue. This
iterative process continues until the model provides
a final answer or reaches the maximum number of
allowed turns. To prevent training bias from envi-
ronment feedback, retrieved content from search
tools is masked during loss computation and does
not contribute to gradient updates.

2.4 Reward Modeling

Reward modeling plays a critical role in RL train-
ing, as it encodes the desired model behavior
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and directly guides the optimization process. In
MMSearch-R1, the reward consists of two compo-
nents: an accuracy score with search penalty and a
format score.

Accuracy Score with Search Penalty We use
the exact string match to evaluate whether the fi-
nal answer provided by the model is consistent
with the ground truth. If the match is exact, the
accuracy score is 1; otherwise, it is 0. For cor-
rect answers, we further check whether the model
relied on search tools to arrive at the answer. A
penalty factor (ranging from 0 to 1) is applied to
the accuracy score when any search was performed.
This design encourages the model to first exploit
its internal knowledge and invoke search tools only
when necessary, thereby shaping on-demand search
behavior.

Format Score This component checks whether
the multi-turn responses of the model strictly fol-
low the predefined prompt format. Specifically,
the model is required to reason between <reason>
and </reason> before taking any action, take only
one action per turn, place search patterns such
as <search><img></search> or <text_search> text
query </text_search> at the end of its response
when a search is performed, and wrap the final an-
swer between <answer> and </answer> when con-
cluding. The format score is assigned a value of 1
only if all responses fully adhere to these format-
ting requirements; otherwise, it is set to 0. We com-
bine the two components using a weighting coeffi-
cient α, and define the final reward as a weighted
sum of the accuracy and format scores as follows:

reward = α ·Acc_Score · Search_Penalty

+ (1− α) · Format_Score
(1)

3 Curating Search-balanced Datasets

We aim to explore the potential of training mod-
els for on-demand search using simple outcome-
based reward reinforcement learning. Therefore,
the datasets should satisfy three criteria: (1). Cov-
erage of Both Search-Required and Search-
Free Questions The datasets should include a mix
of search-free and search-required questions. A
search-free question can be answered solely us-
ing the model’s internal knowledge, whereas a
search-required question involves information be-
yond the model’s existing knowledge and therefore
requires access to external information sources.

Search-required questions can be further catego-
rized into Visual Knowledge-required and Tex-
tual Knowledge-required types. Visual Knowledge
refers to the model’s ability to recognize visual
entities in an image (e.g., "What is the model of
the aircraft shown in the image?"), while Textual
Knowledge refers to factual information about the
visual entity (e.g., "Who is the designer of Super-
marine Spitfire?"). Existing datasets such as OK-
VQA (Marino et al., 2019) and InfoSeek (Chen
et al., 2023) typically use image sources already
seen by current multimodal models and tend to
focus on Textual Knowledge-required questions.
Meanwhile, MMSearch (Jiang et al., 2024) col-
lects images from recent news, aligning better with
the Visual Knowledge-required criteria. However,
it is relatively small in scale and mainly serve as
benchmarks, leading to a lack of sufficient Visual
Knowledge-required training data. (2). Concise
and Unambiguous Answers for Reliable Ver-
ification VQA questions should be designed to
elicit concise and unambiguous answers that can
be easily and reliably verified through simple, rule-
based reward mechanisms. Such questions typi-
cally revolve around factual knowledge, enabling
automated evaluation during reinforcement learn-
ing. (3). Diversity in Knowledge Categories and
Question Difficulty The dataset should cover di-
verse knowledge domains and difficulty levels to
ensure broad real-world generalization.

To support our investigation, we construct a mul-
timodal search VQA dataset, FactualVQA (FVQA),
using a combination of automated pipelines and
manual annotation, covering both training and eval-
uation needs, as illustrated in Figure 2(c).

3.1 Training Dataset Construction
To meet the above requirements, we select suit-
able training data from multiple sources through
two main processes: VQA Collection and Search
Balancing.

VQA Collection We first developed an au-
tomated annotation pipeline to collect Visual
Knowledge-required training data, as illustrated in
Figure 2(a). To explore visual concepts that models
are relatively familiar or unfamiliar with, we begin
with the Metadata distribution of MetaCLIP (Xu
et al., 2023). This Metadata is constructed from
multiple sources such as WordNet and Wikipedia,
covering a wide range of Visual Concepts (VC)
from common to rare. Designed to guide balanced
dataset construction for vision-language pretrain-
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Q: What event does the picture depict?
A: Sinking of Titanic.

Q: Which school is the team in red 
uniforms from?
A: University of Southern California.

...

Q: What is the name of this building?
A: Griffith Observatory.

Retrieved Images and Webpages Factual QA Generation
(a). Pipeline of Visual Knowledge-required QA Collection

Q: What place is shown in the picture?
A: Togetsukyo Bridge.

(b). Knowledge Taxonomy

(c). Data Construction Pipeline

Data Processing Type

(Automated) Category-
balanced Sampling

Human Annotated

(Automated) Search 
Required/Free-balanced 
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InfoSeek
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FVQA-human
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FVQA-auto-txt

FVQA-auto-vc-train

FVQA-auto-vc-test

FVQA-human-train

search-free

image-search-required

text-search-required

mix-search-required
FVQA-auto-vc-test

human checked

FVQA-train

FVQA-test

Figure 2: Illustration of data construction process of FVQA: (a). An automated pipeline for visual knowledge-required
VQA samples collection; (b). Knowledge taxonomy; (c). Overall pipeline showing the composition and origin of
FVQA from various automatic and manually curated sources.

ing, it exhibits a long-tailed distribution. Concepts
in the head of the distribution correspond to com-
monly referenced items in the real world (e.g., car,
tree), whereas those in the tail represent less com-
mon or niche concepts (e.g., thylacine, astrolabe).
We randomly sampled 10,000 visual concepts from
both the head and the tail of the Metadata distri-
bution. For each concept, we performed a web
search to retrieve the most relevant image and its
associated webpage. These image–webpage pairs
were then input to GPT-4o, which was prompted to
generate a factual visual question-answer (VQA)
pair centered around the given visual concept. The
generated answers were required to be concise
and precise. The prompts used for QA generation
and two examples can be found in Appendix F.1
and J. Next, GPT-4o was employed to classify the
knowledge type assessed by each question, result-
ing in a knowledge taxonomy as illustrated in Fig-
ure 2(b). Based on this taxonomy, we performed
balanced sampling across categories and curated
a final set of 6,000 VQA samples, referred to as
FVQA-auto-vc, with 5,400 used for training and
600 for testing. In parallel, to enrich the dataset
with textual knowledge-required examples, we sam-
pled from the open-source InfoSeek (Chen et al.,
2023) dataset. Specifically, we classified the ques-
tions in the InfoSeek training split by the type of
knowledge they require and mapped them into the
same taxonomy. After balanced sampling across
categories, we obtained 7,000 samples, referred
to as FVQA-auto-txt. Finally, to further diversify
the dataset with real-user queries, we manually an-
notated an additional 800 samples, referred to as

FVQA-manual-train. Annotators were instructed
to select a knowledge category from the taxonomy,
locate a relevant image, and pose a factual question
pertaining to that category. They were allowed to
perform both visual and textual searches until suf-
ficient information was gathered to formulate an
accurate answer, from which a concise and precise
response was extracted.

Search Balancing The goal of this stage is to
distinguish between search-required and search-
free questions within the collected data. To this
end, we first trained a Qwen2.5-VL-Instruct-7B
model using our training framework on the full
set of samples obtained from the VQA collection
process. This model was then used to classify the
original questions: for each question, 8 rollouts
were generated. If all 8 rollouts failed, the ques-
tion was discarded due to insufficient training sig-
nal. A question was labeled as image-, text-, or
mixed-search-required if the model produced cor-
rect answers only when the corresponding type
of search behavior was performed. In particular,
mixed-search indicates that both image and text
searches needed to be executed for the model to
answer correctly. If any rollout produced a cor-
rect answer without invoking search, the question
was labeled as search-free. Finally, we constructed
a search-balanced training set of 5,000 samples,
referred to as FVQA-train, consisting of approxi-
mately 3,400 search-required and 1,600 search-free
VQA examples. Maintaining a balanced distribu-
tion of search types is crucial to shaping the search
behavior of the model during training.
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3.2 Test Dataset Annotation

To better evaluate the model’s performance, we ad-
ditionally constructed a high-quality test set, where
all examples were either manually verified or fully
human-annotated to ensure accuracy. The test set,
referred to as FVQA-test, includes 1800 exam-
ples collected from three sources: (1) 600 samples
drawn from FVQA-auto-vc, ensuring no overlap
with the training set, with each example manually
checked for correctness; (2) 600 samples selected
from the InfoSeek Human Split, where answers
were manually annotated, as the original human-
labeled answers were not publicly available; (3)
600 samples collected directly from the manual
annotation process described above.

4 Experiments

4.1 Setups

Implementation Details We built our training
framework based on veRL (Sheng et al., 2024) and
conduct experiments on Qwen2.5-VL-7B-Instruct
(Bai et al., 2025). The model was trained using
the dataset described in Section 3. At each training
step, we sampled 512 examples, with each exam-
ple undergoing 8 rollouts. Each rollout consists
of up to three rounds of dialogue, during which
the model can perform at most two search actions
and is required to produce a final answer in the
third round. Image search is only allowed in the
first round, and each image search returns up to 5
top visual matched webpages in the form of inter-
leaved thumbnails and titles. Text search, on the
other hand, returns up to 5 summarized webpage
contents per query. The search penalty factor is set
to 0.9. The weighting coefficient α between the
accuracy reward and the format reward is set to 0.1.
Further details on the hyperparameter settings can
be found in Appendix H.1.

Benchmark We selected FVQA-test, InfoSeek
(Chen et al., 2023), MMSearch (Jiang et al., 2024),
SimpleVQA (Cheng et al., 2025) and LiveVQA (Fu
et al., 2025) as benchmark datasets to evaluate the
model’s ability to handle both knowledge-intensive
and information-seeking VQA tasks. Specifically,
for InfoSeek, we randomly sampled 2k examples
from its test split due to the large dataset size.
For MMSearch, we filter and retain only the QA
pairs that include images. For SimpleVQA, we ex-
tracted all QA examples written in English. Among
these benchmarks, MMSearch, SimpleVQA and
LiveVQA serve as out-of-distribution (OOD) test-

sets for our trained models. Details of the bench-
mark datasets are provided in Appendix G.

Baselines To validate the effectiveness of
MMSearch-R1, we evaluated against both closed-
source models (GPT-4o and Gemini 2.5 Pro) and
open-source models from the Qwen2.5-VL series.
The models are tasked with solving VQA prob-
lems in two different workflows. (1) Prompt-based
Search Workflow: In this setup, the model is re-
quired to produce Thought and Action sequentially
in each dialogue turn based on the Observation,
following the standard ReAct (Yao et al., 2023)
paradigm under the same prompt as RL training.
(2) Answer under RAG Workflow: In this workflow,
models are required to perform exactly two search
operations using our multimodal search tools for
each VQA example, first performing an image
search and then a text search. Specifically, given
an input image and question, the model is provided
with the image search results and the original ques-
tion in the first round and is prompted to generate
a text query to assist in answering. In the second
round, the retrieved results based on the text query
are fed into the model, and the model is asked to
produce the final answer. Under a fixed budget of
search steps, the RAG workflow typically exposes
the model to more external information compared
to the react paradigm and the on-demand search
strategy. The prompts used for the RAG workflow
are provided in Appendix F.5.

Metric We adopt the LLM-as-Judge as our eval-
uation framework to assess the accuracy of model
responses. We record the search ratio, the propor-
tion of responses that invoke a search, allowing us
to jointly evaluate answer correctness and search ef-
ficiency. We employ GPT-4o as the judging model,
which receives the original image, the question, the
ground-truth answer, and the model’s response to
determine correctness. The prompt used for judg-
ment is detailed in the Appendix F.6.

4.2 Main Results

In this section, we analyze the key results that
emerged from our experiments.

Result 1: RL training enables models to better
recognize the boundaries of their knowledge and
perform on-demand search more effectively. As
shown in Table 1, We attribute this deficiency to
the model’s inadequate instruction-following capa-
bilities for the specific search-triggering prompts, a
result of insufficient adaptation during its training
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Table 1: Performance of MMSearch-R1 across benchmarks. "Acc (%)" denotes the accuracy evaluated by LLM-as-
Judge, while "SR (%)" represents the search ratio, defined as the percentage of total search calls made relative to the
maximum allowed search steps for each method.

Model Average In-Domain Out-of-Domain
FVQA-test InfoSeek MMSearch SimpleVQA LiveVQA

Acc SR Acc SR Acc SR Acc SR Acc SR Acc SR

GPT4o *RAG 62.1 100 66.0 100 59.1 100 62.5 100 63.4 100 59.6 100
Gemini 2.5 Pro *RAG 61.8 100 66.1 100 56.7 100 62.5 100 65.9 100 57.8 100

Qwen2.5-VL-32B *RAG 55.1 100 57.0 100 56.8 100 57.9 100 54.5 100 49.6 100
Qwen2.5-VL-7B *RAG 51.6 100 52.9 100 53.7 100 52.2 100 51.6 100 48.0 100

GPT4o *ReAct 55.8 65.2 58.2 66.8 54.4 68.1 55.8 78.5 57.9 42.2 52.9 70.4
Gemini 2.5 Pro *ReAct 56.5 63.6 56.1 65.2 55.9 62.4 57.2 77.1 60.2 40.4 53.4 72.8

Qwen2.5-VL-32B *ReAct 47.9 67.3 49.6 68.8 50.1 77.2 44.4 72.5 56.0 52.5 39.2 65.4
Qwen2.5-VL-7B *ReAct 43.1 51.9 46.4 55.0 43.8 61.0 40.4 62.0 50.6 38.1 34.2 43.4

MMSearch-R1-7B 54.6 67.1 58.4 66.8 55.1 61.6 53.8 88.5 57.4 42.5 48.4 76.2

phase. This is further evidenced by its significantly
lower search rate, which indicates that the model
fails to initiate search actions in many instances
where they are necessary. On both in-domain and
out-of-domain test sets, MMSearch-R1-7B outper-
forms the RAG-based counterparts of the same size
by an average of 3% in accuracy, while reducing
the average search rate by 32.9%. This indicates
that our RL-trained model not only achieves higher
correctness but also relies less on external infor-
mation, thereby exhibiting a more efficient and
targeted use of search. Notably, MMSearch-R1-7B
performs competitively with RAG-based Qwen2.5-
VL-32B, a significantly larger model, further high-
lighting the benefits of learning adaptive search be-
havior, as opposed to executing fixed-stage retrieval
regardless of necessity. These results validate the
effectiveness of outcome-based RL in enabling in-
telligent, cost-aware search behavior.

Result 2: RL training enhances the model’s ability
to generate effective text queries and summarize
retrieved information. Our RL training jointly
equips model with three key capabilities: deciding
whether to search, determining what to search for,
and extracting useful information from retrieved
results. To evaluate the latter two abilities in isola-
tion, we adopt the same RAG setting as in the base-
line comparison, where both image and text search
are executed for every question. In this setup, the
search process is fixed, and the model is responsi-
ble only for generating effective text queries and
reasoning over the retrieved content. This removes
variability in search triggering and allows us to
focus on evaluating how well the model interacts
with external information.

As shown in Figure 3(a), MMSearch-R1-7B

demonstrates consistent improvements over the
base model across both in-domain and out-of-
domain tasks. These results indicate that reinforce-
ment learning improves not only the decision of
when to search, as shown earlier, but also enhances
two core retrieval abilities: generating more ac-
curate, contextually relevant queries and extract-
ing useful information to support accurate answers.
These gains appear across both image and text re-
trieval, highlighting the broader value of RL in
strengthening retrieval and reasoning capabilities.

Result 3: RL improves the model’s ability to utilize
its internal knowledge. As shown in Figure 3(b),
we conduct a behavioral breakdown of responses
on datasets InfoSeek and SimpleVQA to better un-
derstand how the model’s behavior changes after
reinforcement learning. The results reveals that a
clear upward trend in the Correct without Search
proportion from the base model to the RL-trained
model. These gains indicate that the RL-trained
model can answer substantially more questions cor-
rectly without invoking the search tool, demon-
strating improved recall and reasoning based on
its internal knowledge. This shift suggests that re-
inforcement learning enhances the model’s ability
to rely on its own parameters when sufficient, and
to reserve external search for genuinely novel or
long-tail queries. As a result, the model exhibits
more accurate on-demand search behavior, engag-
ing external tools only when internal knowledge is
insufficient.

4.3 Ablation Study
Sensitivity Analysis of Reward Components:
Search Penalty and Score Weight As shown in
Figure 4(a), we performed a sensitivity analysis
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Figure 4: (a). Ablation study on search penalty factor and format reward weight. (b). Training dynamics of reward
and search ratio for different strategies

on the search penalty and the format score weight,
evaluating their impact on training stability and
model performance. For the subsequent ablation
studies, these parameters were held constant at 0.9
and 0.1, respectively. Moderate search penalties are
optimal for convergence. Excessive penalties sup-
press searching and harm accuracy, necessitating a
balance between performance and search efficiency
tailored to specific applications. An overly high
weight of format reward leads to suboptimal search
(high search ratio, low accuracy) and hinders con-
vergence. We recommend a minimal weight, as
format adherence is a trivial task for well-sized
models, allowing them to focus on developing ef-
fective search strategies.

Analysis of Search Penalty and Data Balancing
Mechanisms Figure 4(b) illustrates the training
dynamics of reward and search ratio during rein-
forcement learning. Removing either the search
penalty or data balancing leads to distinct trade-offs.
Although both ablated variants achieve slightly
higher rewards, they do so at the cost of overus-
ing the search tool, with search ratios rapidly con-
verging to nearly 100%. In contrast, MMSearch-
R1, trained with both data balancing and a search
penalty, achieves a comparable reward while main-
taining a significantly lower and more stable search
ratio. This suggests that the model has learned to in-
voke the search tool only when necessary, enabling
more efficient on-demand search behavior.

4.4 Other Analysis

We conducted further analyses of the behavior and
performance of our model, which revealed several
interesting emergent capabilities of MMSearch-
R1. These additional studies, presented in the
Appendix, suggest that MMSearch-R1 not only
benefits from search at inference time, but also de-
velops more generalizable behaviors through train-
ing. Specifically, we find that: (1) the model can
internalize its search capability in a way that im-
proves performance on more general multimodal
tasks, such as producing image captions enriched
with factual details beyond purely visual descrip-
tions (Appx. B.2); (2) it exhibits a notable ability
to resolve conflicts in retrieved evidence, cross-
referencing visual features to identify credible in-
formation from conflicting image search results,
while also leveraging a voting-like mechanism to
infer consistent facts from multiple conflicting tex-
tual sources (Appx. C); (3) despite some degra-
dation in performance, the model remains reason-
ably robust to the noise that is commonly present
in real-world search results, indicating a degree
of resilience under imperfect retrieval conditions
(Appx. I.3); and (4) compared with a standard RAG
workflow, MMSearch-R1 achieves similar token
consumption while exhibiting lower end-to-end in-
ference latency, suggesting a favorable efficiency
profile in practical deployment settings (Appx. I.2).
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5 Related Work

5.1 Search-Augmented Agents

Recent work has explored search-augmented
paradigms that move beyond static corpora by en-
abling models to interact with real-time informa-
tion sources. WebGPT (Nakano et al., 2021) is
among the earliest systems to demonstrate this
idea at scale: it augments a language model with
Bing search results and trains it with human feed-
back to produce more factual, citeable answers.
Toolformer (Schick et al., 2023) introduces a self-
supervised framework where the model learns
when and how to invoke search tools, by generating
API call demonstrations and fine-tuning on helpful
examples. This enables efficient and context-aware
tool use without heavy supervision. SAIL (Luo
et al., 2023) integrates web search into instruction
tuning by pairing prompts with retrieved results,
teaching models to identify relevant evidence, filter
noise, and perform multi-hop reasoning. Although
these methods demonstrate the promise of dynamic,
tool-augmented reasoning, they still depend heavily
on high-quality annotated data.

As language models continue to improve in
knowledge retention and reasoning, a parallel
line of training-free, prompt-based methods has
emerged. These approaches use large models as
agents guided by structured prompts. Recent stud-
ies (Zheng et al., 2025; Alzubi et al., 2025) in-
corporate web search directly into the reasoning
process by decomposing complex queries into sub-
tasks and selectively invoking external tools. This
trend has also extended to the multimodal setting.
AVIS (Hu et al., 2023a) uses a language model as
a controller that iteratively issues vision-language
queries to gather external visual and textual ev-
idence for answering complex visual questions.
VSA (Zhang et al., 2024d) equips vision-language
models with retrieval capabilities, allowing them
to proactively search for and integrate visual evi-
dence from large-scale corpora. MMSearch (Jiang
et al., 2024) further introduces an agentic pipeline
with re-querying, reranking, and summarization
to support multimodal information synthesis. To-
gether, these works highlight the growing promise
of interactive, tool-augmented multimodal reason-
ing. However, because the underlying models are
typically not trained to use search tools through su-
pervised learning or reinforcement learning, their
interactions with external tools can remain subopti-
mal and unreliable in noisy real-world settings.

5.2 Reinforcement Learning-powered Search
Agents

Recent advances such as OpenAI’s o series (Jaech
et al., 2024; OpenAI, b), DeepSeek-R1 (Guo et al.,
2025), and Kimi-K1.5 (Team et al., 2025a) have
demonstrated the potential of end-to-end reinforce-
ment learning (RL) for improving the reasoning
abilities of large-scale models. Building on this mo-
mentum, organizations including OpenAI, Google,
and Perplexity have introduced Deep Research
agents (OpenAI, a; Claude; Google; Perplexity),
which combine large reasoning models with real-
time web search to complete open-ended research
tasks such as report drafting and multi-source syn-
thesis. Notably, OpenAI has reported training a
highly capable Deep Research model through end-
to-end RL, demonstrating the practicality of this
approach in real-world applications.

Open-source efforts such as DeepRe-
searcher (Zheng et al., 2025), Search-R1 (Jin et al.,
2025), and ReSearch (Chen et al., 2025) have
followed a similar direction, using end-to-end
RL to improve multi-turn search and retrieval-
augmented generation for information-seeking
question answering. However, current research
remains largely centered on text-based search. In
the multimodal setting, key challenges—such as
constructing suitable training data and designing
RL frameworks that encourage effective search
behavior in real-world environments—remain
insufficiently explored. Concurrent with our work,
efforts such as WebWatcher (Geng et al., 2025)
and MM-BrowseComp (Li et al., 2025) have begun
to address this gap by developing benchmarks for
Multimodal Deep Research Agents.

6 Conclusion

In this work, we present MMSearch-R1, a RL-
based framework that equips LMMs with the ability
to perform on-demand search in real-world internet
environments. MMSearch-R1 learns to recognize
knowledge gaps, selectively invoke image or text
search, and reason over retrieved content. It outper-
forms same-sized RAG baselines and approaches
the performance of larger models while requiring
significantly fewer search calls. Our framework,
dataset, and findings offer practical insights into
training LMMs with real-world interaction capa-
bilities and lay the groundwork for building multi-
modal agents that are both adaptive and interactive.
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Limitations

First, the interaction between the model and ex-
ternal multimodal search tools still has room for
improvement in terms of stability and quality. For
example, image search currently requires submit-
ting the full image, which may not be optimal for
retrieving localized visual content. The text search
pipeline is composed of several components, in-
cluding SerpAPI, Jina Reader, and a summarization
model. Each component may introduce potential
sources of variability. Specifically, the ranking of
result returned by SerpAPI may vary over time;
Jina Reader may fail to extract content from cer-
tain domains due to restrictions or errors; and the
summarizer may generate hallucinations when ex-
tracting relevant information. Despite iterative re-
finement of the pipeline, our monitoring during
training revealed an end-to-end failure rate of ap-
proximately 0.2% for image search and 1% for text
search, where failure is defined as receiving no
valid results. These numbers are higher when con-
sidering partial failures, such as retrieving fewer
than the expected top five results. As training scales
up, ensuring stability and consistency in tool out-
puts remains a nontrivial challenge.

Second, our reward design based on exact string
match, while simple and scalable, has limited flexi-
bility. This design is well-suited for short factual
questions with unambiguous answers. However, it
may penalize answers that are semantically correct
but differ slightly in phrasing. This limitation af-
fects the generalization of the reward function to
more complex or open-ended QA tasks. Although
our dataset focuses on fact-based QA that aligns
well with this evaluation strategy, more flexible
reward signals could help expand the framework
to broader question types and reduce reliance on
surface-form matching.

In general, improving the robustness of tool in-
teractions and enhancing the expressiveness of the
reward function will be essential for building reli-
able multimodal reasoning agents.
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A Related Work (Full)

A.1 Large Multimodal Models (LMMs)

The development of Large Multimodal Models
(LMMs) marks a significant breakthrough in ar-
tificial intelligence, enabling unified processing
of textual and visual information that aligns with
the inherently multimodal nature of human percep-
tion. Recent advances have established a dominant
paradigm where scaling up diverse, high-quality
vision-text paired datasets across training stages
equips LMMs with grounded visual understanding.
This approach has yielded remarkable success, as
demonstrated by state-of-the-art models including
GPT-4o (Hurst et al., 2024), Gemini (Team et al.,
2023), Qwen2.5-VL (Bai et al., 2025), the LLaVA
series (Liu et al., 2023; Li et al., 2024a; Zhang et al.,
2024c), and related systems (Anthropic; Li et al.,
2024b; Chen et al., 2024b; Lin et al., 2024), which
exhibit exceptional capabilities in visual compre-
hension, cross-modal reasoning, and instruction
following. However, this training methodology in-
herently yields static knowledge, while real-world
information is complex, dynamic, and constantly
evolving. As a result, LMMs often struggle with
long-tail concepts or newly emerging facts beyond
their training cut-off, which can lead to hallucina-
tions and ultimately compromise their stability and
reliability in real-world applications. This limita-
tion has led to increasing efforts to augment LMMs
with retrieval and search tool-use capabilities.

A.2 Large Models with External Knowledge
Access

Given the strong reliance of large models on ex-
ternal knowledge in practical applications, two
primary approaches have emerged to enhance
their factual reliability and knowledge coverage:
retrieval-based methods and search-based methods.

A.2.1 Retrieval-Augmented Generation
(RAG)

The RAG paradigm retrieves relevant information
from external knowledge bases via dense vector
search and incorporates it into the model input to
help generate more factually grounded responses.
In the field of natural language understanding, Petr
Karpukhin et al. (Karpukhin et al., 2020) intro-
duced Dense Passage Retrieval (DPR), which was
the first to apply dense retrieval to open-domain
question answering. DPR employs a dual-encoder
architecture to separately encode queries and doc-

ument passages, enabling efficient semantic-level
matching. Building on DPR’s strong retrieval ca-
pabilities, Lewis et al. (Lewis et al., 2020) pro-
posed the RAG framework, which integrates pre-
trained generative models with nonparametric doc-
ument indices, forming a unified ’retrieval-then-
generation’ architecture that laid the foundation
for subsequent research. As model training and
inference techniques have advanced, RAG-based
methods have gradually incorporated key tech-
niques such as long-context modeling, chain-of-
thought reasoning, self-reflection and document
ranking. These enhancements have improved per-
formance across pretraining (Wang et al., 2023),
fine-tuning (Izacard et al., 2022; Zhang et al.,
2024b; Cheng et al., 2023), and inference (Shao
et al., 2023; Asai et al., 2023; Yu et al., 2024b;
Wang et al., 2024) stages, significantly boosting
RAG’s effectiveness in knowledge-intensive tasks.

The field of visual understanding has also seen
notable progress through the adoption of retrieval-
augmented methods, particularly in knowledge-
intensive VQA tasks. By incorporating exter-
nal knowledge, including text, images, and struc-
tured data, these approaches overcome the limi-
tations of vision-only models that often lack ac-
cess to broader world knowledge. MuRAG (Chen
et al., 2022) integrates both image and text re-
trieval to enhance open-domain question answer-
ing over multimodal data. REVEAL (Hu et al.,
2023b) utilizes a multi-source multimodal knowl-
edge memory to augment visual-language pre-
training, enabling better handling of knowledge-
intensive queries. RagVL (Chen et al., 2024a) in-
troduces a knowledge-enhanced reranking mech-
anism, improving retrieval precision by filtering
out noisy data. VisRAG (Yu et al., 2024a) em-
ploys a vision-based approach to process multi-
modality documents, preserving visual information
without relying solely on text extraction. Collec-
tively, these advances have demonstrated the po-
tential of retrieval-augmented generation to bridge
visual understanding with external knowledge.

Although RAG methods have shown strong per-
formance in practice, they face several critical lim-
itations, the most notable being their reliance on
a static knowledge base. These methods often as-
sume that the required information can be found
within the existing corpus. However, in real-world
scenarios, information is frequently dynamic and
constantly evolving, and the complexity of web-
scale environments means that relevant content
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may not always be effectively retrieved. This poses
significant challenges to the applicability of RAG-
based approaches in more general and open-ended
settings.

A.2.2 Search-Augmented Approaches
Several recent efforts have explored search-
augmented paradigms that go beyond static corpora
by enabling models to interact with real-time in-
formation sources. In the field of natural language
understanding, WebGPT (Nakano et al., 2021) is
one of the earliest systems to demonstrate this
idea at scale. It augments a language model with
access to Bing search results and trains it using
human feedback to quote sources and generate
more factual, citeable answers. This setup signifi-
cantly improves factual consistency, especially in
domains requiring timely or less common knowl-
edge. Toolformer (Schick et al., 2023) introduces a
self-supervised framework where the model learns
when and how to invoke external tools, such as
search engines, by generating API call demonstra-
tions and fine-tuning on helpful examples. This
enables efficient and context-aware tool use with-
out heavy supervision. SAIL (Luo et al., 2023)
further integrates web search into instruction tun-
ing. It constructs training examples by pairing user
prompts with retrieved search results, teaching the
model to select relevant information, filter noise,
and perform multi-hop reasoning. While these
approaches demonstrate strong potential for dy-
namic and tool-augmented reasoning, they still rely
heavily on high-quality annotated data for train-
ing. As language models continue to improve in
both knowledge retention and reasoning capabil-
ities, a new line of training-free, prompt-based
methods has emerged. These approaches leverage
large models as agents orchestrated by structured
prompts, without requiring additional fine-tuning.
For example, Recent studies (Zheng et al., 2025;
Alzubi et al., 2025) have introduced agentic work-
flows that incorporate web search tools directly
into the reasoning process. By decomposing com-
plex queries into sub-tasks and selectively invok-
ing external tools through prompts, these systems
can effectively tackle information-seeking tasks
that require up-to-date and reliable web content.
Such approaches highlight the growing viability of
zero-shot and in-context tool use for knowledge-
intensive applications.

Building on this trend, recent research has
further extended tool-augmented, training-free

paradigms into the multimodal domain, exploring
how large models can function as autonomous vi-
sual search agents. For example, AVIS (Hu et al.,
2023a) proposes a framework in which a large lan-
guage model acts as a controller, iteratively issuing
vision-language queries to retrieve external visual
and textual information in order to answer com-
plex visual questions. VSA (Zhang et al., 2024d)
takes this further by equipping vision-language
models with retrieval capabilities, enabling them
to behave like multimodal search engines that can
proactively seek and integrate visual evidence from
large-scale corpora. MMSearch (Jiang et al., 2024)
presents a comprehensive pipeline that empowers
large multimodal models with advanced search ca-
pabilities. Its agentic workflow encompasses re-
querying, reranking, and summarization stages, en-
abling models to autonomously process and syn-
thesize information from both visual and textual
modalities. These approaches signify a shift to-
wards interactive, tool-augmented processes in mul-
timodal reasoning. However, a key limitation of
these approaches is that the underlying models are
typically not trained to interact with search tools in
a supervised or reinforcement-based manner. As
a result, the agent may not learn to engage with
external tools in the most effective or reliable way,
especially in real-world environments with noisy
or ambiguous search results.

A.3 Reinforcement Learning-powered Search
Agents

Recent advances, such as OpenAI’s o series (Jaech
et al., 2024; OpenAI, b), DeepSeek-R1 (Guo et al.,
2025) and Kimi-K1.5 (Team et al., 2025a), have
highlighted the potential of end-to-end reinforce-
ment learning (RL) to enhance the reasoning capa-
bilities of large-scale models. These efforts have
led to the emergence of Large Reasoning Mod-
els (LRMs) that are capable of solving complex,
multi-step reasoning tasks beyond the reach of stan-
dard instruction-tuned language models. Building
on this momentum, leading organizations such as
OpenAI, Google, and Perplexity have introduced
Deep Research agents (OpenAI, a; Claude; Google;
Perplexity). These systems combine large rea-
soning models with real-time web search tools
to complete open-ended, research-oriented tasks,
such as drafting reports or synthesizing diverse
information sources. Notably, OpenAI reports
that it has successfully trained a highly capable
Deep Research model through end-to-end rein-
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forcement learning, demonstrating the feasibility
and effectiveness of this approach in real-world
applications. In the open-source community, ef-
forts such as DeepResearcher (Zheng et al., 2025),
Search-R1 (Jin et al., 2025), and ReSearch (Chen
et al., 2025) have followed this direction, apply-
ing end-to-end RL to improve models’ abilities in
multiturn search and retrieval-augmented genera-
tion, aiming to boost performance on information-
seeking question answering tasks. However, ex-
isting work mainly focuses on text-based search,
while in the multimodal domain, challenges such
as constructing suitable training data and designing
RL frameworks to incentivize models to perform
search in real-world environments remain under-
explored. Concurrent with our work, related ef-
forts such as WebWatcher (Geng et al., 2025) and
MM-BrowseComp (Li et al., 2025) have also be-
gun to explore this direction. They have focused
on constructing benchmarks suitable for evaluating
Multimodal Deep Research Agents.

B Generalization of MMSearch-R1

We investigate the model’s generalization capabil-
ities from two primary aspects. First, we evalu-
ate its performance across a broad range of VQA
benchmarks. These benchmarks are not strongly
correlated with multimodal search, thereby offer-
ing a more general assessment of the model’s abil-
ity to solve common visual question answering
tasks. Second, through case studies, we examine
the model’s performance in video captioning sce-
narios. This allows us to investigate whether the
search capabilities acquired during QA-based train-
ing can be effectively transferred to open-ended
generation tasks.

B.1 Evaluation on General VQA Benchmarks

To assess whether RL training affects general VQA
capabilities, we compare MMSearch-R1-7B with
its backbone model Qwen2.5-VL-7B on a suite of
standard VQA benchmarks, including AI2D (Kem-
bhavi et al., 2016), ChartQA (Masry et al., 2022),
LLaVA-Wilder (Li, Bo and Zhang, Kaichen and
Zhang, Hao and Guo, Dong and Zhang, Ren-
rui and Li, Feng and Zhang, Yuanhan and Liu,
Ziwei and Li, Chunyuan), MathVista (Lu et al.,
2023), MME (Fu et al., 2023), and OCRBench (Liu
et al., 2024b). All experiments are conducted us-
ing LMMS-Eval (Zhang et al., 2024a). As shown
in Table 2, MMSearch-R1-7B achieves compara-

ble performance across all benchmarks, slightly
outperforming the base model on LLaVA-Wilder
and MathVista while maintaining similar results
on AI2D, ChartQA, OCRBench and MME. These
results suggest that our reinforcement learning pro-
cess, while enhancing search-related behavior, pre-
serves the model’s general visual understanding
and reasoning ability.

B.2 Case Study on Captioning Task

We further conducted case studies to demonstrate
that RL training enables the model to internalize the
use of search tools, allowing it to address a broader
range of problems beyond those with fixed answers.
For instance, in captioning tasks, MMSearch-R1
can utilize search tools to enrich captions with rele-
vant knowledge, moving beyond superficial visual
descriptions. This capability allows the model to
deliver more informative responses to users. As
shown in Figure 5, due to the lack of knowledge re-
quired to correctly identify information (e.g. name
and location) about the museum, Qwen2.5-VL-7B
can only attempt to describe the image based on
its visual appearance. In contrast, MMSearch-R1
is able to enrich the caption by leveraging image
search to obtain additional contextual knowledge.

C Search Behavior: Resolving Conflicting
Results

Given that our model performs searches in a
real-world environment and incorporates the top-
5 search results into its context, the presence of
conflicting information among these results is in-
evitable. We did not introduce explicit rewards or
specialized components to resolve such conflicts;
instead, handling them is considered part of the
model’s general search result processing ability, im-
plicitly optimized through RL training. As shown
in Figure 6, We observed the model exhibiting the
following behaviors when faced with conflicting
results.

Image Search Results Conflicts: The model
tends to compare the visual features of the user’s
original image with those in the retrieved images
to assess the credibility of each result and make a
more informed decision.

Text Search Results Conflicts: When textual
conflicts arise, the model implicitly evaluates the
reliability of information by cross-referencing mul-
tiple sources and tends to favor facts that are con-
sistently supported across different search results.
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Table 2: Performance Comparison on General VQA Benchmarks

Model
AI2D ChartQA LLaVA-Wilder MathVista MME OCRBench
test test small testmini test -

Qwen2.5-VL-7B 93.0 86.6 73.5 68.2 623/1705 84.7
MMSearch-R1-7B 92.8 86.1 74.8 68.8 622/1707 84.5

>>> Qwen2.5-VL-7B
The image depicts a modern architectural structure, likely a public building or a cultural institution, characterized by its contemporary design. The building 
features a combination of materials, including glass, metal, and possibly concrete, giving it a sleek and polished appearance. The roofline is curved and 
angular, with a prominent triangular section that adds to the dynamic aesthetic. The entrance area includes large glass panels and what appears to be a 
covered walkway supported by columns, providing shelter for visitors ...
 

>>> MMSearch-R1-7B 
1st-Round:
<reason> The image shows a modern building with a distinctive architectural design ... However, without additional context or information about the 
source of the image, it's challenging to provide a detailed description. </reason>
<search><img></search>
 

<information> Image Search Results:
1. Webpage Image:                    Title: 'Niigata Prefectural Museum of History - Wikipedia';
    ...

3. Webpage Image:                                 Title: 'The Niigata Prefectural Museum of History (Niigata) – Japanese Museum' </information>
    

2nd-Round:
<reason> The image search results indicate that the building in the image is the Niigata Prefectural Museum of History ... The building's location in Niigata, 
Japan, is a key piece of contextual information ... </reason>
<answer> Final Caption: The image depicts the Niigata Prefectural Museum of History, a modern building with a distinctive architectural design 
featuring a curved roof and large glass windows. The building is located in Niigata, Japan, and serves as a significant cultural institution in the region. 
The entrance area features a series of arches and columns, adding to the architectural interest. The sky is partly cloudy, and the overall setting appears to be 
open and spacious. </answer>

Question:
Write a caption that combines both detailed visual description and 
concise contextual knowledge.

Figure 5: Case Study on Informative Image Captioning Task.

This process is similar to a majority-voting mecha-
nism.

D Group Relative Policy Optimization
(GRPO) Algorithm

GRPO updates the current policy model using a
group of rollouts sampled from an old policy πold,
along with a reference πref used as a constraint.
Specifically, given a question q sampled from the
training set D, GRPO generates a set of outputs
from πold, and optimizes the current policy πθ by
maximizing the following objective:

JGRPO(θ) = E[q ∼ D, {oi}Gi=1 ∼ πθold(O|q)]

=
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

{
min

(
Ri,tÂi,t,

clip(Ri,t, 1− ε, 1 + ε)Âi,t

)

− βDKL [πθ∥πref ]

}
,

(2)

where Ri,t =
πθ(oi,t|q,oi,<t)

πθold
(oi,t|q,oi,<t)

is the policy ra-
tio. ϵ and β are hyper-parameters that control
the stability and constraint strength of the pol-
icy update, respectively. Given the sampled roll-
outs o = {o1, o2, ..., oG}, a group reward r =

{r1, r2, · · · , rG} can be obtained by a reward
model. The advantage Âi,t = r̃i = ri−mean(r)

std(r)
mitigates variance across samples and prevents any
single reward signal from dominating the policy
update.

E Multimodal Search Tools

To enhance the stability and efficiency of multi-
modal search services during both training and in-
ference, we encapsulate the image and text search
tools as independent HTTP services. These ser-
vices are optimized through pipelined parallel pro-
cessing, local caching, and multi-metric monitor-
ing. The overall architecture of the search pipeline
is illustrated in Figure 7.

Image Search Tool The image search tool is
built on top of SerpAPI. Given an input image URL,
SerpAPI returns a set of visually similar webpages,
including metadata such as URLs, thumbnails, and
titles. We sort the returned results by relevance
and extract up to five valid results (thumbnail +
title pairs). To avoid redundant SerpAPI calls dur-
ing training and evaluation, we implement a cache
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Question: What event does this image depict? 
 

<information> Image Search Results:
1. image: xxx.jpg;         title: Jallianwala Bagh massacre

2. image: xxx.jpg;         title: Rowlatt Act 1919: A cathartic moment for Indian freedom struggle

3. image: xxx.jp            title: kesarireturns

</information>
 

Model Response:
<reason> The image search results suggest that the image is related to the Jallianwala Bagh massacre. The visual elements in the image, such as the crowd 
of people and the destroyed buildings, are consistent with the depiction of this historic event ... </reason>
<answer> Jallianwala Bagh massacre </answer>

Text Query: When was the Smart Fortwo first invented?
 

<information> Text Search Results:
1. (link: xxx) The Smart Fortwo, a two-seater city car, was first introduced in 1998 by ...
2. (link: xxx) The Smart Fortwo was first invented and launched in 1998. Its origins trace back to ...
3. (link: xxx) The Smart Fortwo was first presented at the International Motor Show (IAA) in 1997 ...
</information>
 

Model Response:
<reason> The search results indicate that the Smart Fortwo was first introduced in 1998. The information is consistent across multiple sources, suggesting 
that this is the correct year for the car's invention. </reason>
<answer> 1998 </answer>

(a). Image Search Conflict Case

(b). Text Search Conflict Case

Figure 6: Case Study on Informative Image Captioning Task.

mapping image URLs to their corresponding search
results.

Text Search Tool The text search pipeline
consists of SerpAPI, JINA Reader, and a
webpage summarization model, forming a
search–parse–summarize chain. SerpAPI first
retrieves a list of webpage URLs based on a
given query. In each round, the top 5 URLs are
processed using a pipelined parallel strategy: JINA
fetches and converts the webpage content into
clean, structured text, while Qwen3-32B acts as a
summarizer, focusing on extracting information
relevant to the original user question using a
tailored prompt. The full prompt is provided in
Tabel 5. This approach improves focus and reduces
token usage. If some URLs fail to be processed,
additional URLs from the SerpAPI result list are
used to retry, until 5 successful summarizations
are obtained or the list is exhausted.To improve
efficiency and reduce redundant computation, the
text search tool incorporates a multi-layer caching
mechanism: (1). Mapping from query to webpage
URLs (to skip repeated searches); (2). Mapping
from URL to JINA parsing results (to avoid
re-parsing); (3). Mapping from JINA outputs to
Qwen3-32B summaries (to reduce summarization
cost). We deployed Qwen3-32B on a cluster of 8 ×
8 NVIDIA H100 GPUs to support our training and
inference needs.

Cache Mechanism Caching is implemented us-

ing Redis to support high-throughput concurrent
read/write access. For latency-critical components,
caching is applied to reduce response time. Be-
cause JINA parsing results are often large, they
are stored in object storage (TOS), while Redis
only stores references (keys) to these results, reduc-
ing memory footprint. We adopt an LRU (Least
Recently Used) policy for eviction under memory
constraints. Additionally, a scheduled offline retry
mechanism is in place to reprocess failed JINA
URLs and update the cache accordingly.

Distributed Rate Limiting infrastructure-level
constraints on concurrent request handling can bot-
tleneck training efficiency. Limited parallelism
may cause request backlogs or latency spikes, ulti-
mately affecting throughput and stability. To man-
age system load during peak traffic, we implement
distributed rate limiting using Redis. This allows us
to smooth bursty traffic to JINA and webpage sum-
mary model over time windows, reducing the risk
of system overload and improving service availabil-
ity and stability.

F Prompts

F.1 Prompts for FVQA-auto-ac VQA
Generation

To generate factual QA pairs for the FVQA-auto-vc
set, we designed the prompt to guide GPT-4o in
producing concise and grounded question–answer
pairs based on given image–webpage pairs. The
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Thumbnail-1:

Title-1: 
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1. (link: xxx) R.J. Mitchell 
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2. (link: xxx)
...

Search Results

Figure 7: The overall architecture of the multimodal search pipeline.

prompt were tailored to encourage questions that
focus on visual concepts and can be answered using
observable or associated information in the web-
page content. Details of the prompts are shown in
Table 3.

F.2 Prompts for RL Training

During training, prompts are used to guide and
constrain the model’s behavior, ensuring that it in-
teracts with the search tools in a consistent and
structured manner. Specifically, we design three
types of prompts for different points in the dia-
logue: one used at the beginning of the conversa-
tion, one after the model performs an image search,
and another after it performs a text search. These
context-specific prompts play a key role in aligning
the model’s actions with the intended workflow and
ensuring proper use of the multimodal search tools.
Details of the prompts are shown in Table 4.

F.3 Prompts for Webpage Summarization
Model

The prompt shown in Table 5 is used to guide the
webpage summarization model in the text search
pipeline to effectively extract and summarize web-
page content based on the given user question. The
goal is to ensure that the returned content is more
focused and concise, thereby reducing overall to-
ken consumption.

F.4 Prompt for Direct Answer Baseline

Table 6 presents the prompt template used in the
Direct Answer baseline. In this setting, the model
is expected to provide a concise answer to a given
question based solely on the visual content of the
image.

F.5 Prompts for RAG Workflow Baseline

Under the RAG workflow, models are required to
perform exactly two search operations for each
VQA example using our multimodal search tools:
first an image search, followed by a text search. Un-
der the RAG workflow, models are required to per-
form exactly two search operations for each VQA
example using our multimodal search tools: first
an image search, followed by a text search. This
results in a maximum of three conversation rounds.
Specifically, given an input image and question, the
model is presented with the image search results
and the original question in the first round and is
prompted to generate a relevant text query to aid
in answering. In the second round, the retrieved
text results based on that query are provided to the
model, which is then asked to generate the final an-
swer. In our experimental setup, the RAG workflow
reaches the maximum allowed number of search
steps, making it a strong baseline that provides the
model with the most external information. Details
of the prompts of RAG Workflow are shown in
Table 7.

F.6 Prompts for LLM-as-Judge Evaluation

In our experiments, we adopt the LLM-as-judge
approach to evaluate whether a model’s response
aligns with the ground truth answer. This method
provides a more objective and generalizable way
to assess performance on open-ended VQA tasks.
Table 8 shows the full prompt used with GPT-4o,
which serves as the judge LLM throughout all our
experiments. Once GPT-4o determines whether
each response is correct or incorrect, its judgments
are used to compute the accuracy metric.
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Table 3: Prompt used for FVQA-train VQA Generation.

Usage Prompt

Factual
QA
Genera-
tion

Your task is to generate a factual question–answer pair based on the given visual concept, the
image, and the associated webpage content.
The generated question must strictly follow the requirements below:
1. The answer must contain the keyword visual concept.
2. The question must start with "Who", "What", or "Where".
3. The question must NOT include the visual concept itself, nor any background knowledge
directly related to it.
4. The question should resemble something a curious human without prior knowledge about the
image might ask.
In addition to the question, generate a concise and factual answer grounded in the visual concept,
image, and webpage content.
Visual Concept: {visual_concept}
Image: {image}
Webpage Content: {webpage_content}
Respond only with the generated question and answer.

G Details of Benchmark Datasets

FVQA-test As described in Section 3, the
FVQA-test set is a manually curated test set
consisting of 1800 examples collected from
three sources: (1) 600 samples drawn from
FVQA-auto-vc, with no overlap with the training
set; each example was manually verified for correct-
ness; (2) 600 samples selected from the InfoSeek
Human Split, where we manually re-annotated the
answers, as the original human-labeled answers
were not publicly released; (3) 600 samples newly
collected by human annotators. This dataset cov-
ers a wide range of visual and textual knowledge
categories, enabling a comprehensive evaluation of
model performance.

InfoSeek InfoSeek (Chen et al., 2023) is con-
structed through a semi-automated process that
transforms Wikidata triples into natural language
questions using human-authored templates. An-
notators design question templates for 300 Wiki-
data relations, incorporating placeholders for vi-
sual entity types and units to ensure clarity. These
questions are then paired with corresponding im-
ages and answers to form image, question, an-
swer triplets. To ensure diversity and answerabil-
ity, question-answer pairs that lack supporting evi-
dence in Wikipedia are filtered out, and balanced
sampling is applied across entities and relations.
This design makes InfoSeek particularly suitable
for evaluating information-seeking capabilities, as
it emphasizes diverse, fact-based queries grounded
in real-world knowledge and multimodal contexts.
We randomly sampled 2000 examples from its test
split due to the large dataset size.

MMSearch MMSearch (Jiang et al., 2024) con-

tains 300 manually collected examples spanning
14 subdomains, categorized into two types: News,
which includes up-to-date events from August
2024 to ensure no overlap with LMM training
data, and Knowledge, which focuses on rare, veri-
fied knowledge that current state-of-the-art LMMs
(e.g., GPT-4o, Claude 3.5) fail to answer. Among
these, 171 examples are visual questions (i.e., ques-
tions paired with images), while the remaining are
purely textual. We use the 171 visual questions
as our evaluation subset. This dataset is particu-
larly well-suited for evaluating models’ real-world
information-seeking abilities, especially in scenar-
ios that require up-to-date retrieval or reasoning
over rare knowledge.

SimpleVQA SimpleVQA (Cheng et al., 2025)
is built from two main sources of seed exam-
ples. First, factual image-question pairs are se-
lected from existing VQA datasets that meet real-
world knowledge standards. These datasets were
constructed after 2023 and focus on practical,
application-driven content. Second, additional data
is collected from search engines such as Google,
Baidu, and Wikipedia, where expert annotators gen-
erate QA pairs based on retrieved images and fac-
tual knowledge. These examples span a wide range
of entities and events, with answers focused on
objective, fact-based information involving entity
recognition and attribute extraction. Building on
these seed samples, the dataset further undergoes
reliable difficulty filtering and human-in-the-loop
quality control, making it a strong candidate for
evaluation of models’ factual and knowledge-based
reasoning abilities. The final SimpleVQA bench-
mark contains 2,025 examples. To avoid language-
related confounding factors, we select the 1,013 En-
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Table 4: Prompts used during training at conversation start and after different search actions.

Usage Prompt

1st
Round

Answer the user’s question based on the provided image. Examine the image carefully and
identify any recognizable entities, such as faces, objects, locations, events, logos, or text.
Determine whether you have sufficient knowledge to confidently recognize the main visual
element and answer the user’s question. If so, first explain your reasoning, then provide a clear
and direct answer.
If you are unable to confidently identify the visual element, stop and invoke the image search
tool by appending the string <search><img></search> at the end of your response. This will
trigger a Google Lens search using the original image to retrieve relevant information that can
help you confirm the visual content.
Once you have sufficient visual understanding, combine it with the user’s question and assess
whether you can confidently answer. If so, answer the question directly using your own knowl-
edge. If not, invoke the text search tool by generating a concise and specific query, and output it
in the format <text_search>your query here</text_search> at the end of your response. Carefully
craft your query to accurately retrieve the information needed to help answer the question. The
text search tool will then use Google Search to return relevant information based on your query.
You must include your reasoning inside <reason>...</reason> before taking any action, whether
it is calling the image search tool, generating a text search query, or providing a final answer.
The reasoning may involve analysis of the original image and question, interpretation of search
results, or logical steps leading to the final answer.
All search results will be placed inside <information> and </information> and returned to you.
When you are ready to answer the question, wrap your final answer between <answer> and
</answer>, without detailed illustrations. For example: <answer>Titanic</answer>.
Here is the image and the question: {image}{question}

After
image
search

Original question: {question}
Please extract the visual element relevant to the user’s question (such as faces, objects, locations,
events, logos, or text) from the search results. Then, combine this information with the user’s
question and perform reasoning to determine whether a Google text search is needed to retrieve
additional information to answer the question.
If a text search is needed, output the string <text_search>your query here</text_search> at the
end of your response. Please generate a well-crafted query based on the visual element that will
help retrieve the most relevant information.
If a text search is not needed, use your own knowledge to directly answer the user’s question.
You must conduct your reasoning inside <reason> and </reason> before taking any action,
whether it’s generating a text search query or providing a final answer. If you decide to give the
final answer, place it inside <answer> and </answer>, without detailed explanation or illustration.
For example: <answer>Titanic</answer>

After
text
search

Original question: {question}
Please analyze the search results and the user’s question and continue reasoning inside <reason>
and </reason>.
If you determine that additional knowledge is still required to answer the user’s question, stop
responding to the question and instead report a warning by outputting the string "Unable to
answer due to lack of relevant information" at the end of your response.
If no further external information is needed, you should provide the final answer by placing it
within <answer> and </answer>. The answer must be concise, clear, and to the point, without
any additional explanation or elaboration.

Table 5: Prompt used for Webpage Summarization Model.

Usage Prompt

System
Mes-
sage

You are a helpful assistant. Your task is to summarize the main content of the given web page in
no more than five sentences. Your summary should cover the overall key points of the page, not
just parts related to the user’s question.

Prompt If any part of the content is helpful for answering the user’s question, be sure to include it clearly
in the summary. Do not ignore relevant information, but also make sure the general structure and
main ideas of the page are preserved. Your summary should be concise, factual, and informative.
Webpage Content (first 30000 characters) is: {webpage_content}
Question: {question}
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Table 6: Prompt used for Direct Answer baselines.

Usage Prompt

1st-
Round

Based on the image, answer the question with as few words as you can.
Question: {question} Image: image

Table 7: Prompts used for RAG workflow baselines. Text in red indicates content returned by the multimodal search
tool.

Usage Prompt

1st
Round

You are given a question accompanied by an image that cannot be answered without external
knowledge. To assist your understanding, you are also provided with image search results
consisting of five web pages related to the original image, ranked by relevance. Each result
includes the main image from the web page and its title.
Question: {question} Image: {image}
Image Search Results:
1. Webpage Image: {image} Webpage Title: {title}
2. Webpage Image: {image} Webpage Title: {title}
...
5. Webpage Image: {image} Webpage Title: {title}
Assume you have access to a search engine (e.g., google). Based on the question, image and
image search results, please raise a text query to the search engine to search for what is useful for
you to answer the question correctly. You need to consider the characteristics of asking questions
to search engines when formulating your questions. Now give the text query to search engine
directly (do not wrap it in quotes or add any explanation):

2nd
Round

You should now read the text search result and answer the answer the question based on the
image provided.
Text Search Results:
...
Original question: {question}
Answer the question with as few words as you can.

glish QA pairs for evaluating model performance.
LiveVQA LiveVQA (Fu et al., 2025) is built

from six globally recognized news platforms, such
as CNN, BBC, Yahoo, Forbes, AP News, and Vari-
ety, to ensure diversity and timeliness across visual
and textual content. The dataset covers 14 major
news categories, including sports, entertainment,
science, economy, and health, and contains 3,602
VQA pairs. For each article, question–answer pairs
are generated using GPT-4o, including both basic
visual questions and more complex multi-hop ques-
tions that require reasoning over the accompanying
text. This setup supports evaluation of real-world
information-seeking and multimodal reasoning ca-
pabilities.

H Details of Experimental Settings

H.1 RL Training Setting

We adopt the Qwen2.5-VL-7B model as the back-
bone model, and the overall GRPO training is im-
plemented based on the veRL (Sheng et al., 2024)
framework. The training set is the FVQA-train
dataset, which consists of approximately 1,600
search-free samples and 3,400 search-required sam-

ples. Training of 7B model was conducted on a
total of 32 NVIDIA H100 GPUs (4 nodes with
8 GPUs each), requiring approximately 230 GPU
hours to complete. The total batch size is set to 512,
with a mini-batch size of 128. For each training
prompt, we generate 8 rollouts, and each rollout
allows up to 3 tool calls. Regarding the reward
components, the search penalty and the weights for
the format score are both set to 0.1. The learning
rate is 2e-6, and we fix the KL divergence coef-
ficient β to 0.001 and the clip ratio ϵ to 0.2. For
MMSearch-R1-7B, we use the checkpoint from
step 50 (when training converges) for downstream
evaluation.

H.2 SFT Training Setting

For the SFT model used in the RL vs. SFT per-
formance comparison experiments presented ear-
lier. We fine-tune the Qwen2.5-VL-7B model us-
ing LLaMA-Factory (Zheng et al., 2024), with a
dataset of 8,000 samples generated by prompting
GPT-4o to perform on-demand search. Each sam-
ple contains up to three rounds of dialogue. The
GPT-4o responses are used as supervision signals,
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Table 8: Full prompt used for GPT-4o as the judge LLM in all experiments.

Usage Prompt

System
Mes-
sage

You are an AI assistant tasked with evaluating the correctness of model responses based on an
image, question, and ground truth answer. Your judgment should follow these principles:
1. Consider the image, question, and ground truth answer holistically before evaluating the
model’s response.
2. Your decision should be strictly Yes or No, based on whether the model’s response is factually
accurate and aligns with the ground truth answer.
3. If the model response is a more specific form of the ground truth answer, it is correct.
4. If the model response includes all key information but adds minor details, it is correct as long
as the extra details are factually correct.
5. If the model response contradicts, modifies, or omits critical parts of the answer, it is incorrect.
6. For numerical values, ensure correctness even when presented in different units.
7. For names, check for first and last name correctness. If the middle name is extra but correct,
consider it correct.
8. For yes/no questions, the response must exactly match "Yes" or "No" to be correct.
9. If the judgment can be made based solely on the text, you may choose to ignore the input
image, as some images may be unfamiliar to you and could affect your judgment. Refer to the
image only when necessary to minimize misjudgment.
10. If there are multiple candidate answers, you can also evaluate the model’s response against
all of them. If the response aligns with at least one candidate according to the rules above, it
should be considered correct.
Your output must be in the following format:
<judge>Yes/No</judge>
<reason>Explanation of why the answer is correct or incorrect.</reason>

Prompt Image, Question, and Model Response Evaluation
Question: {question}
Ground Truth Answer: {ground truth answer}
Candidate Answers: {candidate answers}
Model Response: {model response}
Evaluation Instructions
Evaluate whether the Model Response is correct based on the Image, Question, Ground Truth
Answer and Candidate Answers. Follow the predefined judgment rules and provide a clear
Yes/No answer along with a justification.
Output Format
<judge>Yes/No</judge>
<reason>Detailed reasoning following the evaluation principles.</reason>
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(a). Performance Gains over Base Model from SFT and RL
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Figure 8: Performance improvements of SFT and RL
over Base across five VQA datasets.

while the user question in the first turn and tool-
returned content in later turns are masked out dur-
ing loss computation. Fine-tuning is performed on
a single machine with 8 Nvidia H100 GPUs. We
use a per-device batch size of 1 and apply gradient
accumulation over 2 steps. The model is trained
for 1 epochs with a learning rate of 1e-5. A cosine
learning rate scheduler is adopted, with 10% of the
total training steps used for warm-up.

H.3 Evaluation Setting

We conduct model inference using the veRL frame-
work by setting the val_only parameter of the
trainer to True. The inference engine is based on
vLLM, with top_p set to 1.0 and temperature set to
0. A single response is generated for each sample
in the test set.

For evaluation, we adopt an LLM-as-Judge ap-
proach. Specifically, we use GPT-4o-20241120 as
the judge model and apply a predefined prompt
template (as shown in Table 8) to assess each in-
ference result. During judgment, top_p is set to
0.1 and temperature is set to 0. The model’s binary
output ("Yes" or "No") is used to compute the final
accuracy metric.

I Full Experimental Results

I.1 Comparison between SFT and RL

To investigate the effectiveness of RL and SFT
as training paradigms, we compared their perfor-
mance gains and data efficiency through controlled
experiments. For RL, we use the aforementioned
FVQA-train set, which contains 5k VQA sam-
ples in the form of (image, question, answer)
triplets. For SFT, we first construct a dataset
by aggregating three sources: FVQA-auto-vc,
FVQA-auto-txt, and FVQA-human-train, result-
ing in 13.2k examples. We then distill GPT-4o’s
behavior on this dataset by prompting it with the
same instructions used in RL training, allowing it

to autonomously decide whether to invoke exter-
nal tools when answering a question. This process
yields 13.2k responses from GPT-4o, each includ-
ing an image, question, and a response containing
its reasoning process and any tool usage, often in
a multi-turn dialogue format. During SFT train-
ing, we mask out the prompts and all tool-returned
content from the multi-turn dialogues, using only
GPT-4o’s responses as supervision signals. This
ensures that the model learns to mimic GPT-4o’s
reasoning and answering behavior without relying
on intermediate tool outputs, thereby encouraging
it to internalize the reasoning process demonstrated
by the teacher model. To ensure training quality,
we compare GPT-4o’s final predicted answers with
the original ground truth answers and filter out
5.2k samples where GPT-4o produced incorrect an-
swers. The remaining 8k examples constitute our
SFT training set. The implementation details of
SFT can be found in the Appendix H.2.

We fine-tune the base model, Qwen2.5-VL-7B,
using the above datasets for both SFT and RL train-
ing. We then evaluate the performance of the mod-
els trained with SFT and RL on all downstream
tasks and compare their improvements over the
base model, as shown in Figure 8. The results
show that the model trained with RL consistently
outperforms the one trained with SFT across all
tasks, despite being trained on only about half as
much data. In addition, the behavior of the RL-
trained model aligns more closely with the spe-
cific requirements of each task, especially in its use
of search tools. For example, in the MMSearch
and LiveVQA tasks, which are both recently col-
lected and focus on information-seeking questions,
the RL-trained model shows a higher frequency
of search tool invocation. This is consistent with
expectations, as these datasets contain many ques-
tions that require external visual or textual knowl-
edge not encountered during pretraining. The RL-
trained model learns to rely more effectively on
search tools in such scenarios.

I.2 Cost-Profiling Study
As shown in Table 9, we conducted a cost pro-
filing study on FVQA-test testset to analyze the
latency and token consumption of our model: (1).
Token Efficiency Analysis. MMSearch-R1 intro-
duces additional token overhead due to generating
intermediate Thought tokens. However, this over-
head is relatively minor in our setting, averaging
only about 100 extra output tokens per question
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compared to the RAG baseline. Notably, when the
model chooses not to invoke the search tool, it also
avoids processing search results, which helps save
input tokens for subsequent turns. As a result, the
total token consumption of MMSearch-R1 and the
RAG baseline remains very close. (2). Latency
Analysis. The search tool pipeline accounts for
the majority of overall inference time. By reducing
search requests by approximately 33%, MMSearch-
R1 achieves better end-to-end inference latency
compared to the RAG baseline.

I.3 Study on the Impact of Noisy Search
Results

In our implementation, we perform proactive noise
filtering through the following methods. For image
search, we directly extract the primary thumbnails
and their corresponding titles from the top-5 rele-
vant web pages, bypassing any additional quality
assessment. For text search, we employ the Qwen3-
32B model to summarize and extract information
pertinent to the user’s query. This process effec-
tively filters out irrelevant content and increases
information density. To ensure the reliability of
this summarization, we manually evaluated vari-
ous prompts on a small dataset, verifying that the
model’s outputs contain minimal hallucinations and
noise. However, the presence of noisy search re-
sults in a real-world environment is unavoidable.
Consequently, we proceeded to analyze the impact
of such noisy content on our experimental results.
We reviewed and categorized the model’s inference
trajectories for each test question to identify cases
impacted by noisy retrievals. Using GPT-4o, we
evaluated both image and text search results: if
image search titles referred to different entities, or
if any text search summaries were irrelevant or un-
helpful, the trajectory was marked as noisy. We
then compared the model’s accuracy on these noisy
cases to its accuracy on the full dataset to assess ro-
bustness to search noise. As shown in Tabel 10, The
results indicate that search noise does negatively
impact model performance, as accuracy on noisy
samples is lower than on the full dataset. However,
the difference is not substantial, suggesting that the
model demonstrates a certain degree of robustness
to search noise.

I.4 Study on Reward Modeling

Our main training framework adopts a rule-based
reward design based on exact string match, which
is simple, deterministic, and scalable. However,

this formulation may not fully capture the semantic
correctness of answers, especially when multiple
surface forms express the same factual content. To
explore whether a more flexible and context-aware
reward signal can better guide model learning, we
conduct an additional experiment using GPT-4o as
the reward model during training. GPT-4o provides
semantic-level accuracy judgments, allowing us to
assess the impact of richer reward feedback on
model behavior and final performance. The prompt
used to elicit reward signals from GPT-4o is the
same as the one used in our evaluation setup, as
shown in Table 8.

As shown in Table 11, training with GPT-4o
reward leads to a clear improvement across all
datasets. The ∗4o version achieves an average ac-
curacy of 59.5%, which is 3.8 points higher than
the ∗EM version. These results indicate that more
general reward supervision holds greater potential
for open-ended tasks. GPT-4o helps avoid false
negatives caused by exact match and leads to im-
proved robustness. However, it may introduce bias,
higher training cost and struggles with questions
beyond its knowledge scope. We believe that ex-
ploring more general reward modeling represents
a promising direction for future research. Notably,
this experiment is conducted on a subset of the
FVQA-train dataset, in which search-free exam-
ples are relatively underrepresented. As a result,
the model exhibits a higher average search rate at
convergence compared to Table 1.

I.5 Experiment Statistical Significance
We conducted a statistical significance evaluation
for the main 7B model experiments reported in
the main text to verify the robustness of our find-
ings. All experiments were repeated five times, and
we report the mean and standard deviation (±std)
across runs for both accuracy (Acc) and search
ratio (SR) in Table 12. For the Direct Answer
and RAG Workflow baselines, the primary source
of randomness lies in slight fluctuations in GPT-
based evaluation. For MMSearch-R1, variability
arises from two factors: the inherent randomness
in generating rollouts using vLLM as the backend
inference engine, and potential variation in GPT-
based evaluation. Additionally, methods involving
search (RAG Workflow and On-Demand Search)
may also be affected by the inherent randomness
of external search tools, such as fluctuations in
retrieved content over time or variations in result
ranking. The results show that accuracy fluctu-
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Metric (per question) Qwen2.5-VL-7B (RAG) MMSearch-R1-7B ∆

Input tokens 2163.67 2030.11 -6.17%
Output tokens 16.44 161.74 +883.82%
Total tokens 2180.10 2191.85 +0.54%

Image Search Calls 1 0.73 -27.00%
Text Search Calls 1 0.60 -40.00%

Total Search Calls 2 1.33 -33.50%

Search Tool Latency 18.904s 12.207s -35.42%
Generation Latency 0.903s 3.956s +338.09%

End-to-End Latency 19.807s 16.163s -18.39%

Table 9: Cost-Profiling Study

Avg FVQA_test InfoSeek MMSearch SimpleVQA LiveVQA

Num of samples / 1800 2000 171 1013 3602
Accuracy on all samples (%) 54.63 58.44 55.1 53.8 57.45 48.4

Num of noisy samples / 551 449 69 309 1412
Ratio of noisy samples (%) 32.62% 30.61% 22.45% 40.35% 30.50% 39.20%

Accuracy on noisy samples (%) 52.94 56.8 48.1 59.42 52.1 48.3

Table 10: Study on the impact of noisy search results.

Table 11: Ablation Study on Reward Modeling. "Acc (%)" denotes the accuracy evaluated by LLM-as-Judge,
while "SR (%)" represents the search ratio, defined as the percentage of total search calls made relative to the
maximum allowed search steps for each method. ∗EM indicates that the accuracy score used in the reward function
is computed via exact string match (EM), while ∗4o denotes that correctness is judged by GPT-4o.

Model Average In-Domain Out-of-Domain
FVQA-test InfoSeek MMSearch SimpleVQA LiveVQA

Acc SR Acc SR Acc SR Acc SR Acc SR Acc SR

Direct Answer

GPT4o 36.0 0 41.7 0 42.7 0 22.2 0 46.6 0 26.9 0
Gemini 2.5 Pro 36.4 0 37.2 0 37.0 0 26.9 0 53.4 0 27.7 0

Qwen2.5-VL-72B 26.6 0 27.1 0 28.0 0 15.7 0 42.2 0 20.1 0
Qwen2.5-VL-32B 25.0 0 24.7 0 25.8 0 15.7 0 40.1 0 18.7 0
Qwen2.5-VL-7B 21.9 0 20.3 0 20.1 0 12.8 0 38.4 0 17.8 0

Prompt-based Search Workflow

Qwen2.5-VL-32B *ReAct 47.9 67.3 49.6 68.8 50.1 77.2 44.4 72.5 56.0 52.5 39.2 65.4
Qwen2.5-VL-7B *ReAct 43.1 51.9 46.4 55.0 43.8 61.0 40.4 62.0 50.6 38.1 34.2 43.4

RAG Workflow

GPT4o 62.1 100 66.0 100 59.1 100 62.5 100 63.4 100 59.6 100
Gemini 2.5 Pro 61.8 100 66.1 100 56.7 100 62.5 100 65.9 100 57.8 100

Qwen2.5-VL-72B 59.6 100 62.2 100 59.4 100 59.6 100 61.0 100 56.0 100
Qwen2.5-VL-32B 55.1 100 57.0 100 56.8 100 57.9 100 54.5 100 49.6 100
Qwen2.5-VL-7B 51.6 100 52.9 100 53.7 100 52.2 100 51.6 100 48.0 100

On-demand Search

MMSearch-R1-7B
∗EM 55.7 77.3 59.1 83.4 57.1 68.3 55.6 91.8 58.1 56.8 48.5 86.2

MMSearch-R1-7B
∗4o 59.5 82.6 62.1 88.9 59.1 81.8 61.9 92.7 59.8 72.6 54.7 76.9
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ations remain small and comparable across both
the RAG Workflow and On-Demand Search set-
tings, which demonstrates consistent performance
across repeated runs. The MMSearch dataset dis-
plays slightly higher variance in both accuracy and
search ratio, which is expected due to its small
evaluation size of only 171 examples. In contrast,
all other datasets maintain low standard deviations,
indicating stable behavior across trials. These ob-
servations confirm that our key findings are not
sensitive to random factors and support the over-
all robustness and reliability of our experimental
conclusions.

J Examples of FVQA Dataset

To better illustrate the characteristics of our dataset,
we present representative examples from the FVQA
dataset in Figure 9. QA pairs are designed to be
knowledge-intensive and fact-oriented, covering a
broad range of visual and textual knowledge types.
We also present examples from the data construc-
tion process of FVQA-auto-vc in Figure 10.

K Case Studies

As shown in Figures 11–13, we present sev-
eral representative case studies to illustrate how
MMSearch-R1 performs on complex, real-world
information-seeking VQA tasks. These examples
highlight the model’s ability to reason about when
and how to invoke search tools, generate effective
queries, and synthesize the retrieved information
to arrive at accurate answers. For ease of format-
ting and readability, we omit some of the retrieved
search results in certain cases.

L Potential Risks

Our work focuses on improving the ability of mul-
timodal models to access and external information
through search. Although this capability has clear
benefits for building more informative and adaptive
assistants, it also introduces potential risks. For
example, models that autonomously retrieve web
content may surface outdated, biased, or mislead-
ing information. Additionally, over-reliance on
real-time search may raise concerns around con-
tent verifiability, copyright, or inadvertent propaga-
tion of misinformation. To mitigate these potential
risks, we recommend careful filtering of the re-
trieved content, attribution of information sources,
and incorporating mechanisms that allow users to
trace and verify the provenance of model-generated

responses. We also encourage future research on
safer retrieval strategies, such as domain whitelist-
ing and adaptive uncertainty calibration, especially
in high-stakes applications.

M Ethical Considerations

All artifacts and datasets used in this work are
consistent with their intended research use. Pre-
trained models (e.g., vision-language backbones)
and multimodal datasets (e.g., InfoSeek) were uti-
lized strictly under their respective research li-
censes and only for non-commercial academic
purposes. Our released artifacts, including the
MMSearch-R1 agent, benchmark, and evaluation
harness, are provided solely for research use, in-
tended to support studies on multimodal reasoning
and retrieval-based language agents.

Regarding data ethics, all datasets employed are
publicly available research resources that have un-
dergone prior filtering for personally identifying
information (PII) and offensive or explicit content.
We did not collect any new data involving human
subjects. To further ensure data integrity, we per-
formed additional automated keyword and meta-
data screening to confirm the absence of PII or
sensitive material. All released examples and out-
puts have been carefully reviewed to comply with
ethical research standards.

N Use of AI Assistants

In the preparation of this manuscript, we utilized
AI assistants for two specific purposes. First, large
language models were employed to aid in proof-
reading and copy-editing. This involved correcting
grammatical errors, improving sentence structure,
and refining word choices to enhance the clarity
and readability of the text. Second, an AI assistant
was used to help generate a Python script for the vi-
sualization of our experimental results, specifically
for plotting charts and figures like Figure 4. It is im-
portant to note that all content, including the final
text and the logic of the analysis, was authored by
the human researchers. The AI tools served solely
as assistive instruments for language polishing and
code generation.
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Table 12: Statistical Evaluation: Mean ± Std Dev over 5 Repetitions

Model Average In Domain Out of Domain
FVQA_test InfoSeek MMSearch SimpleVQA LiveVQA

Acc SR Acc SR Acc SR Acc SR Acc SR Acc SR

Direct Answer

Qwen2.5-VL
(7B)

21.9
±0.08

0
±0

20.4
±0.15

0
±0

20.0
±0.04

0
±0

13.2
±0.31

0
±0

38.4
±0.13

0
±0

17.8
±0.12

0
±0

RAG Workflow

Qwen2.5-VL
(7B)

51.6
±0.31

100
±0

52.4
±0.31

100
±0

53.6
±0.08

100
±0

52.1
±1.72

100
±0

52.1
±0.28

100
±0

47.9
±0.12

100
±0

On-Demand Search

MMSearch-R1
(7B)

54.5
±0.31

66.6
±0.43

58.1
±0.29

67.3
±0.28

54.9
±0.14

61.6
±0

54.5
±1.39

88.1
±0.48

57.1
±0.27

42.6
±0

48.0
±0.20

73.8
±2.20

Level-1 Knowledge Taxonomy: Arts Level-1 Knowledge Taxonomy: Place

Level-1 Knowledge Taxonomy: People Level-1 Knowledge Taxonomy: Industry

Level-1 Knowledge Taxonomy: Science Level-1 Knowledge Taxonomy: Nature

Level-1 Knowledge Taxonomy: Entities Level-1 Knowledge Taxonomy: Events
Q: What event is taking place at 
this race track?
A: Dutch Grand Prix.

Q: What is the name of this plant 
with yellow flowers? 
A: Bladderwort.

Q: What is this colorful 
astronomical object called?
A: Crab nebula.

Q: What event does this map 
represent? 
A: 2020 Polish presidential 
election.

Q: What type of art style is depicted 
in this image? 
A: Fractal art.

Q: What type of ammunition is 
shown in the image?
A: .338 Federal.

Q: What type of fish is shown in 
the image?
A: Lizardfish.

Q: Who designed this building?
A: Helgo Zettervall.

Q: Who is the central figure 
addressing the group in this scene?
A: Dronacharya.

Q: What country does this place 
belong to?
A: Vietnam.

Q: What is the scientific term for 
the organisms?
A: Haemoproteus.

Q: Where is the lake outflow to?
A: Mincio.

Q: What is the name of the company 
associated with this logo? 
A: Brainfeeder.

Q: What is the brand of this vehicle? 
A: Land Rover.

Q: What painting technique is used 
in this artwork?
A: Grisaille.

Q: What is this logo for?
A: Google Duo

Figure 9: Examples of FVQA dataset.
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sparcstation
Q: What type of computer is shown 
in the image?
A: SPARCstation.

GPT4o
QA Gen

Visual
Concept Image Webpage

RuPaul's Drag 
Race All Stars 

(season 4)

QA

Q: What show are these performers from?
A: RuPaul's Drag Race All Stars (season 4).

Figure 10: Examples of FVQA-auto-vc QA Generation.
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Source: MMSearch

Question: In which day of 2024 was the lunar rover project 
in the picture announced to be canceled?
Answer: 07-17.

GPT4o-20241120 Qwen2.5-VL-72B

MMSearch-R1-7B

July 1, 2024. Not announced.

Direct Answer

On-Demand Search

<reason>The image shows a lunar rover, but there is no information about its announcement or 
cancellation date. The image does not provide enough context to answer the user's question 
confidently.</reason>
<search><img></search>

Image:

Image:

Image:

Title: VIPER

Title: Virtual Intelligent Planetary Exploration Rover, VIPER Mobili... 
- NASA Science

Title: Scientists slam 'indefensible' axing of Nasa's $450m Viper moon 
rover | Nasa | The Guardian

<reason>The image search results mention the "Viper" lunar rover project and a news article about 
the cancellation of the project. However, the image does not provide information about the exact 
date when the project was canceled. To answer the user\'s question, a text search is necessary to find 
the specific date of the cancellation.</reason>
<text_search>When was the NASA Viper moon rover project canceled in 2024?</text_search>

1. (link:https://www.nasa.gov/news-release/nasa-ends-viper-project-continues-moon-exploration/) 
NASA announced the cancellation of the VIPER (Volatiles Investigating Polar Exploration Rover) 
project on July 17, 2024. The decision followed a comprehensive internal review ...
2. (link:https://www.nasa.gov/blogs/missions/2025/05/07/nasa-to-explore-additional-methods-to-
send-viper-to-moon/) The NASA VIPER (Volatiles Investigating Polar Exploration Rover) moon 
rover project was canceled in July 2024. Following this cancellation ...
3. (link:https://spacenews.com/nasa-backtracks-on-viper-commercial-partnership/) NASA canceled 
the VIPER lunar rover mission in July 2024. The decision was made due to ...
   ....

<reason>The search results indicate that the NASA VIPER lunar rover project was canceled on 
July 17, 2024. The information is consistent across multiple sources, suggesting that this is the 
correct date for the cancellation.</reason>
<answer>July 17</answer>

Figure 11: Case study 1 of MMSearch-R1.
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Source: LiveVQA

Question: Based on the provided image, why was the 
concert programme moved to this location?
Answer: Funding cuts.

GPT4o-20241120 Qwen2.5-VL-72B

MMSearch-R1-7B

The location offers better acoustics and seating. Acoustics.

Direct Answer

On-Demand Search

<reason>The image shows a well-designed auditorium with a stage set up for a performance. 
However, there is no information in the image about why the concert programme was moved to this 
location. The image does not provide any context or details about the event or the location\'s history. 
Therefore, I cannot confidently answer the question based on the image alone.</reason>
<search><img></search>

Image:

Image:

Image:

Title: St John's Auditorium refurbished and officially reopened | St John's 
College, Oxford

Title: Garden Quadrangle, St. John's College Oxford – Sound Space 
Vision

Title: Institute of Theatre Consultants

<reason>The image search results suggest that the location in the image is St John's Auditorium in 
St John's College, Oxford. However, the image search results do not provide information about why 
the concert programme was moved to this location. To answer the user's question, a text search is 
necessary to find out the reason for the location change.</reason>
<text_search>Why was the concert programme moved to St John's Auditorium, St John's 
College, Oxford?</text_search>

1. (link:https://www.artsprofessional.co.uk/news/newsreel/concert-programme-to-relocate-after-
funding-cuts) The concert programme, SJE Arts, was moved to St John's Auditorium at St John\'s 
College, Oxford, after its previous host, St Stephen’s House theological college, withdrew funding 
support. St Stephen’s House concluded it could no longer resource the programme...
2. (link:https://www.sjc.ox.ac.uk/discover/news/st-johns-hosts-international-piano-series/) The 
International Piano Series, previously based at St John the Evangelist Church, is moving to St 
John\'s College, Oxford, starting in autumn 2025. This relocation aims to enhance the series\' reach 
and impact by utilizing the acoustically rich and intimate ...
3. (link:https://bsky.app/profile/oxfordclarion.bsky.social/post/3lknzttvynk26) The concert 
programme of Oxford’s International Piano Series is moving to St John’s College after its previous 
venue, SJE Arts at St John the Evangelist on Iffley Road, ends its concert programme ...
   ...

<reason>The search results indicate that the concert programme was moved to St John's 
Auditorium at St John's College, Oxford, after its previous host, St Stephen's House theological 
college, withdrew funding support. St John's College has now offered its auditorium as a new venue, 
citing its acoustic quality and potential to enhance the programme's reach and impact.</reason>
<answer>Funding cuts.</answer>

Figure 12: Case study 2 of MMSearch-R1.
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Source: FVQA-test

Question: What historical event is depicted in this 
battle scene?
Answer: Battle of Flodden.

GPT4o-20241120 Qwen2.5-VL-72B

MMSearch-R1-7B

Battle of Agincourt. Battle of Agincourt.

Direct Answer

On-Demand Search

<reason>The image depicts a battle scene with armored soldiers engaged in combat. The style of 
armor and the type of weaponry suggest it might be from a specific historical period. However, 
without additional context or identifiable markers, it\'s challenging to determine the exact historical 
event. The image does not provide enough specific details to identify the event confidently. </reason>
<search><img></search>

Image:

Image:

Image:

Title: Butchered at the Battle of Flodden - Warfare History Network

Title: IVÁN DUQUE - Stock Photos, Illustrations and Images - Album

Title: Reconstruction painting showing a clash between English and Scottish 
pikemen during the Battle of Flodden Field on the 9th of September 1513 
(IC037/008) Archive Item - English Heritage(EH):Archive Collection | 
Historic England

<reason>The image search results suggest that the battle scene in the image is related to the 
"Battle of Flodden." The visual element from the search results is the title "Battle of Flodden." 
This indicates that the historical event depicted in the battle scene is likely the "Battle of 
Flodden," which took place on September 9, 1513, during the Scottish Wars of 
Independence.</reason>
<answer>Battle of Flodden.</answer>

Image: Title: What was the composition of European medieval armies 
(military, middle ages, and history)? - Quora

Figure 13: Case study 3 of MMSearch-R1.
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