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Benzoxonium chloride, with the chemical formula i
C23H42CINO2 and a molar mass of 400.04 g:mol-1[1], is

dlassified as a quaternary ammonium compound(2]. The
molecular structure of benzoxonium chloride consists of a
benzyl group attached to a dodecan-1-aminium chloride |

# Synthesis
The synthesis of benzalkonium chioride involves a two-
step preparation process, resulting in compounds similar
to benzoxonium salts.

, which then reacts with dimethylamine to produce the
desired benzalkonium chioride monomer.....
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Benzalkonium chioride (BAC) has been extensively
studied for its toxicity to aquatic organisms and other
animals.
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chlorides have been shown to have adverse impadts on
aquatic and terestrial species, including genotoxicity Ho,
Benzalkonium chloride has been detected in various m I f
envionmental media, including wastewater influent, AN
effluent, biosolids, surface water, and groundwater{9). The cr

presence of BAC in the environment raises concems
aboutits potential ecological impact and the risks it poses
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Figure: Diagram
presenting the
chemical structure
of benzoxonium
chloride.

Benzoxonium chloride has a chemical formula of

C25H,>CINO, and a molar mass of 400.04 g-mol~". It falls
within the class of quatemary ammonium compounds,

} distinguished by the existence of a positively charged
nitrogen atom. Its structure is as follows

— Figure: A diagram
showing the molecular
structures of
benzoxonium chloride:

« cetylpyridinium chloride,
cetrimonium bromide,
and benzalkonium
chioride, highighting
their quatemary
ammonium structure.

# Related Compounds

Benzoxonium chloride belongs to the broader category of
quaternary ammonium compounds, which are renowned
for their antimicrobial properties.

# Synthesis and Supply

The synthesis of benzoxonium chloride is characterized
by the quaternization of benzene derivatives, which
introduces the quatemary ammonium group essential for
its antimicrobial properties. This process involves specific
chemical reactions that integrate benzene and oxonium . .
ions, ultimately forming the stable benzoxonium chloride Pt R e
compound known for its effectiveness in disrupting
microbial cell membranes{17]. The introduction of
quaternary ammonium groups enhances its antimicrobial oo Cliagms ohw
activity by allowing interactions with the cell walls of - .
microorganisms, leading to their disruption and
subsequent deactivation

| "As depicted in the subsequent visual representation..."

Figure. Two-step preparation of
benzoxoniumike salts.

Figure 1. Comparison of existing text-only article generation methods and our proposed WikiAutoGen. Existing approaches [14, 28]
rely exclusively on textual sources, often producing inconsistent or inaccurate results. For example, in (a), the target topic is ‘Benzoxonium
Chloride’, yet the baseline incorrectly generates information about ‘Benzalkonium Chloride’. In contrast, our WikiAutoGen framework
integrates both visual and textual modalities to generate coherent multimodal content. Additionally, WikiAutoGen employs a multi-
perspective self-reflection mechanism, significantly improving content accuracy and reliability, as illustrated in (b).

Abstract

Knowledge discovery and collection are intelligence-
intensive tasks that traditionally require significant hu-
man effort to ensure high-quality outputs. Recent re-
search has explored multi-agent frameworks for automat-
ing Wikipedia-style article generation by retrieving and syn-
thesizing information from the internet. However, these
methods primarily focus on text-only generation, overlook-
ing the importance of multimodal content in enhancing in-
formativeness and engagement. In this work, we intro-
duce WikiAutoGen, a novel system for automated multi-
modal Wikipedia-style article generation. Unlike prior ap-
proaches, WikiAutoGen retrieves and integrates relevant
images alongside text, enriching both the depth and vi-
sual appeal of generated content. To further improve fac-
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tual accuracy and comprehensiveness, we propose a multi-
perspective self-reflection mechanism, which critically as-
sesses retrieved content from diverse viewpoints to enhance
reliability, breadth, and coherence, etc. Additionally, we in-
troduce WikiSeek, a benchmark comprising Wikipedia arti-
cles with topics paired with both textual and image-based
representations, designed to evaluate multimodal knowl-
edge generation on more challenging topics. Experimental
results show that WikiAutoGen outperforms previous meth-
ods by 8%-29% on our WikiSeek benchmark, producing
more accurate, coherent, and visually enriched Wikipedia-
style articles. Our code and examples are available at
https://wikiautogen.github.io/

1. Introduction

Knowledge discovery and content generation are essential
for organizing and disseminating information, but they re-
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main time-consuming and intelligence-intensive, requiring
substantial human effort to collect, structure, and verify in-
formation. With the advent of large-scale Al models like
large language models (LLMs) [2, 5, 8, 22, 35], there is
growing potential to automate knowledge collection, syn-
thesis, and organization in a more efficient and scalable
manner [14, 28]. Such automation not only accelerates
knowledge discovery but also enhances accessibility, mak-
ing information more readily available and up to date.

Recently, several methods, such as Storm [28] and Co-
Storm [14], have been proposed to automate Wikipedia-
style article generation. While they can produce Wikipedia-
like content, they still face key limitations: (1) they are lim-
ited to text-only generation and lack the ability to incor-
porate multimodal content such as relevant images; (2) the
generated articles often lack breadth, depth, and reliability,
reducing their overall informativeness and credibility.

To address these challenges, we introduce WikiAuto-
Gen, a multi-agent framework designed to generate high-
quality, multimodal Wikipedia-style articles automatically.
Unlike prior works, WikiAutoGen can directly search both
textual and visual information and generate multimodal
content (see Figure 1), enriching article content with rel-
evant and diverse modalities. Additionally, we propose a
novel multi-perspective self-reflection module, which en-
ables the system to self-regulate, refine, and critically eval-
uate its generated content. This mechanism enhances the
reliability, depth, and breadth of the information by encour-
aging iterative improvement and multi-source validation.

To advance the development and evaluation of multi-
modal knowledge generation, we introduce WikiSeek, a
new benchmark designed to tackle challenging topics com-
prising both textual and visual components. Existing bench-
marks primarily focus on text generation or cover only
straightforward topics (see Table 1). In contrast, WikiSeek
is multimodal and specifically targets more complex sub-
jects with limited coverage on Wikipedia, making it signifi-
cantly harder for current methods to retrieve and synthesize
comprehensive information. This increases the challenge of
content generation, pushing models to explore deeper, en-
hance their retrieval capabilities, and improve their ability
to handle underexplored subjects.

Extensive experiments demonstrate that WikiAutoGen
significantly outperforms existing methods in generating
high-quality textual and visual content. We evaluated text
quality across nine key dimensions and image quality across
four essential criteria. Experimental results show that Wiki-
AutoGen outperforms prior methods by 8%—29% in tex-
tual quality and 11%—-14% in image quality, demonstrating
consistent gains across the input topics of text-only, image-
only, and image-text tasks.

Our contributions can be summarized as follows:

¢ We introduce WikiSeek, a new multimodal benchmark

Dataset Statistics

DATASETS

‘ Type Retrieval Modality  Difficulty Levels
Surfer100 [18] easy
FreshWiki [28] easy
IRP [3] n/a
WildSeek [14] n/a
WikiSeek (Ours) & &4 high

Table 1. Comparison of WikiSeek with existing benchmarks.
Modalities are indicated by El (text) and & (images). Difficulty
levels are categorized based on the average number of characters
in corresponding Wikipedia pages: difficult (<500 characters),
medium (500-2000 characters), and easy (>2000 characters).

designed for evaluating Wikipedia-style article genera-
tion, featuring challenging topics with limited existing
coverage, represented through both text and images.

* We propose WikiAutoGen, a multimodal article gen-
eration framework that synthesizes comprehensive con-
tent by effectively integrating textual and visual inputs.
On WikiSeek, WikiAutoGen achieves 8%—29% improve-
ments over the previous best model in textual generation.

* We develop a novel multi-perspective self-reflection mod-
ule, which iteratively enhances readability, informative-
ness, and coherence by incorporating feedback from di-
verse roles, including reader, writer, and editor.

2. Related Work

Automatic Expository Writing. LLMs have shown strong
performance in automatic expository writing, particularly in
generating Wikipedia-style articles [4, 17, 21, 33, 37, 41].
Despite their strength in traditional Natural Language Gen-
eration (NLG), LLMs still struggle to produce long-form
text that is coherent and logically structured [10, 26, 29,
34, 36]. To address this, [32] proposed using domain-
specific keywords that are progressively refined into full
passages through multi-stage generation. Notably, Shao
et al. [14, 28] highlighted the crucial role of pre-writing
strategies, identifying them as a key factor in improving
article quality. Recently, some automatic writing systems
expanded their knowledge boundaries through mindmaps
and tree-based methods [3, 19, 29, 40]. However, while
these iterative content planning methods effectively lever-
age widely accessible information for common topics, they
remain largely ineffective in less-explored or niche domains
due to the scarcity of structured prior knowledge [11, 42].
Meanwhile, existing methods are limited to generating text-
based articles and fail to incorporate other modalities, such
as visual elements. This inherent constraint in data in-
put inevitably leads to incomplete information and reduced
readability, making knowledge acquisition more challeng-
ing. Conversely, our WikiAutoGen is the first multimodal
writing system that integrates visual content and retrieves
knowledge across multiple modalities, allowing visual in-
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formation to complement textual content by capturing de-
tails that may otherwise be overlooked.

Self-reflection. Recent progress in optimizing LLMs
through self-reflection mechanisms is significant. The core
idea is to enable models to analyze and refine their outputs
through self-generated feedback. Existing approaches con-
struct feedback sources from three strategies: (1) The LLM
conducts iterative self-evaluation [30]; (2) A separately
trained critic module provides specialized feedback [12];
(3) External knowledge from sources like Wikipedia and
browsers is integrated [1, 20]. Specifically, REFINER [24]
demonstrated that a trained critic module can enhance rea-
soning without fine-tuning the reasoning module, support-
ing feedback mechanism optimization. Further, some meth-
ods [7, 45] introduced feedback mechanisms based on error-
type templates and context-hypothesis mappings. Recent
studies [25, 31, 38, 39, 44] focus on LLMSs’ in-context
learning. They design prompt templates to help models
generate feedback from historical outputs or patterns. How-
ever, the multi-perspective self-reflection method proposed
by [43], which relies on a Navigator-Reasoner heuristic in-
teraction, is limited to closed-loop LLM discussions with-
out external knowledge acquisition, resulting in restricted
information richness and verifiability. In contrast, our
approach enhances multi-perspective self-reflection with
multi-web search, addressing complex topic exploration
and retrieval challenges while enabling multi-dimensional
control over topic and article quality.

3. WikiSeek benchmark
3.1. Task Definition

Given a topic as text (7', image (), or a combination of
both (7, I), the objective is to generate a Wikipedia-style
article (A) that integrates relevant knowledge and is sup-
ported by verifiable references (R). This task is particularly
important in domains such as investigative journalism, sci-
entific research, and market analysis, where the generation
of accurate, well-sourced content is essential.

3.2. WikiSeek Construction

A key challenge in this task is the lack of a suitable bench-
mark that effectively encompasses multimodal topics. Ex-
isting benchmarks, however, remain largely text-centric,
thus failing to adequately reflect the complexity of multi-
modal content generation. To address this limitation, we in-
troduce WikiSeek, a new benchmark specifically designed
to evaluate more challenging topics that incorporate both
text and images. WikiSeek establishes a robust evaluation
framework, enabling a more comprehensive and reliable as-
sessment of multimodal knowledge generation in practice.
In the following sections, we detail the construction process
of this benchmark.

Benchmark construction pipeline. Our WikiSeek bench-
mark is designed with two key objectives: (1) to evaluate
multimodal article generation where both the input and out-
put include text and images; and (2) to target underexplored
topics on Wikipedia that present greater challenges for re-
trieval and synthesis.

We select topics from the WikiWeb2M dataset [6],

which comprises approximately 2 million English
Wikipedia articles containing both text and images. To
identify challenging topics, we focus on articles where the
main content has fewer than 500, 300, and 100 characters,
categorizing them as hard, very hard, and extremely hard,
respectively. Typically, these more challenging or rare
topics have minimal coverage on Wikipedia, representing
less-documented and lesser-known subjects.
Topic filtering and quality control. To curate a high-
quality benchmark that includes both challenging and
meaningful topics, we implement a rigorous topic filtering
process. First, we retain only Wikipedia articles with fewer
than 500 characters, ensuring a focus on underexplored and
more difficult topics. We then sample hundreds of topics
associated with images from the WikiWeb2M dataset [0].

However, some topics, such as “1997 in Japan” and
“.bh”, are either overly general or semantically underspec-
ified, making them unsuitable for evaluation. To address
this, we manually verify all selected topics and remove
those that lack meaningful content or pose evaluation chal-
lenges. After this filtering process, we obtain a final set of
300 topics, evenly distributed across three difficulty levels
(hard, very hard, and extremely hard), with 100 topics per
level. These topics are represented in one of three formats:
text-only, image-only, or a combination of both.

4. Method

Writing high-quality multimodal Wikipedia-style articles
usually requires a coordinated multi-agent system that ef-
fectively breaks down the process into distinct stages, in-
cluding outline generation, web-based material retrieval,
and article synthesis. Beyond these stages, maintaining
quality necessitates collaboration across roles, ensuring the
article is well-structured, accurate, and engaging. To ad-
dress these challenges, we propose WikiAutoGen frame-
work. This framework facilitates structured collaboration
among specialized agents, enabling comprehensive topic
exploration, multi-modal content generation, and coherent
generation. In the following sections, we provide a detailed
breakdown of WikiAutoGen and its core components.

4.1. WikiAutoGen Framework

Our WikiAutoGen framework consists of several key com-
ponents that work collaboratively to generate high-quality
multimodal Wikipedia-style articles, as illustrated in Figure
2. Each module plays a distinct role in the article genera-

15534



Textual Article Writing

why is it significant in the
Iway network 7

Persona

Generator Multiagent Knowledge Exploration

4= Q@ |

Artide Positioning

Generation

( Multimodal Article Writing

Retrieval Select Polish
Proposal

Exploration Section
Content Content

Arficle
+

Image
3

. Proposal Contot Article
Writer e Reader
1 Reliability Writer 1.Readability
2. Engagement 1.Coherence 2 Helpfulness 1.Consistency
3.Informativeness 2 Readability 3.E 2.Readability
Input Information M i i i )
nput Information Multi-Perspective Self-reflection
A Feedback + M
1. Logical Decomposition
;:Bepih and Breadth 1.Problem Analysis
...... 2.Improvement
3. Resolution Status
______ 3.Info Reliability
3 4. Direction and Proposal Alignment
Supervisor
5. Recommendations for Improvement Vv Q0O =
Al A riter )
WikiAutoGen

Figure 2. Overview of WikiAutoGen, our multimodal framework for Wikipedia-style article generation. The pipeline includes three
main stages: (1) an Outline Proposal module that structures the article outline based on the multimodal topic input (image and text);
(2) a Textual Article Writing module involving persona generation, multi-agent collaborative exploration, and article drafting; and (3)
a Multimodal Article Writing module that incorporates relevant images through positioning proposals, retrieval, selection, and final
polishing. The entire generation process is enhanced by a Multi-Perspective Self-Reflection module, leveraging supervisory and agent-
specific feedback (writer, reader, editor) to iteratively improve article quality in terms of coherence, readability, and engagement, etc.

tion process: 1). Outline Proposal Module. This module
converts the given text and image topics into structured out-
line proposals, laying the foundation for content organiza-
tion. 2). Textual Article Writing Module. This stage in-
volves multiple sub-components, including a persona gen-
erator, a multi-agent discussion system, and the article gen-
eration process, ensuring the content is well-structured and
contextually rich. 3). Multi-Perspective Self-reflection
Module. This component evaluates the generated text from
multiple viewpoints, including those of a writer, reader, and
editor, providing constructive feedback to refine and en-
hance the article. 4). Multimodal Article Writing Mod-
ule. This final stage integrates visual content, consisting of
image positioning proposals, image retrieval, image selec-
tion, and multimodal refinement, ensuring a cohesive and
well-balanced article presentation. These components col-
lectively enable WikiAutoGen to produce high-quality and
multi-modal Wikipedia-style articles.

4.2. Outline Proposal

Given a multimodal topic, the first step is to interpret the
input and generate topic-related outlines to guide knowl-
edge exploration and information retrieval. We achieve it
by leveraging LLMs [13] and external search tools.

For text-based topics, the LLM analyzes the input, iden-
tifies relevant subtopics, and generates a structured outline
to facilitate knowledge exploration. For image-based top-
ics, we utilize Google Vision Search to retrieve metadata,
including descriptions and contextual information. Named
entity recognition (NER) [9] is then applied to extract the
top 10 most frequent entities as query keywords. These

keywords, combined with the original topic, are then fed
into the LLM to generate a well-structured outline. In the
case of image-text topics, we combine insights from both
modalities by extracting subtopics from the text and retriev-
ing image metadata. The LLM then refines the topic and
synthesizes a cohesive outline, integrating textual and visual
information to guide comprehensive knowledge retrieval.

4.3. Textual Article Writing

The textual article writing process involves multiple com-
ponents working together to generate a well-structured and
informative article. It consists of a persona generator, multi-
agent knowledge exploration, and article generation.
Persona generator. Given a draft outline, the LLM gen-
erates n distinct personas relevant to the topic (where n is
a customizable parameter, n > 1), each acting as an inde-
pendent agent. The LLM assigns specific objectives to each
agent based on their role. These agents are equipped with
access to external web search tools and contribute to a more
comprehensive and well-supported article.

Multi-agent knowledge exploration. The knowledge ex-
ploration stage involves a fixed agent, the asker, and n
LLM-generated agents who are assigned specific roles. The
asker iterates through the outline, posing targeted questions,
while the other agents search the internet for relevant in-
formation. They then share findings, discuss them, and re-
fine their understanding. During the discussion, they also
interact with the multi-perspective self-reflection module,
which provides feedback and improvement advice from a
writer’s perspective on reliability, engagement, consistency,
and informativeness. This iterative process ensures a well-
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rounded knowledge base before article generation.

Article generation. After gathering web knowledge, the
next step is to summarize the collected content and generate
the textual article using an LLM-based writing agent. Once
the initial draft is produced, the agent iteratively sends each
generated section to the multi-perspective self-reflection
module for feedback and refines each paragraph. This mod-
ule evaluates the article from a writer’s perspective, provid-
ing suggestions to enhance coherence and readability. The
writing agent incorporates these refinements, progressively
improving the text to produce the final article.

4.4. Multi-Perspective Self-reflection.

Writing a high-quality Wikipedia-style article requires ad-
dressing multiple aspects, including topic consistency, read-
ability, engagement, and informativeness, to provide an op-
timal reading experience. Therefore, we introduce a multi-
perspective self-reflection module that systematically evalu-
ates and refines content across these dimensions. This mod-
ule takes four distinct viewpoints and assesses the article
from seven perspectives.

Perspectives. Our multi-perspective self-reflection focuses
on the seven key criteria to improve the paper writing qual-
ity. They include reliability, engagement, informativeness,
coherence, readability, consistency and helpfulness. We
provide a detailed explanation for them in the Appendix.
Supervisor viewpoint. The supervisor assesses whether
the generated content fully addresses the questions posed
by the asker, evaluates the article’s depth, breadth, and co-
herence, and reviews the effectiveness of the multi-agent
discussion. Additionally, it evaluates whether the generated
content aligns with the topic and proposed outlines. Based
on these criteria, the supervisor provides an evaluation and
passes the feedback to the next role. Depending on the spe-
cific needs, the next role can be the writer, reader, or editor.
Writer viewpoint. From the writer’s viewpoint, the pri-
mary focus is on the multi-agent knowledge exploration
and article generation stages. The writer evaluates whether
the generated content maintains coherence, ensures engage-
ment, verifies factual accuracy, and upholds logical consis-
tency. Based on these assessments, the writer provides tar-
geted improvement suggestions.

For instance, to enhance coherence, it may be recom-
mended to rearrange sentences or add transitional words
and phrases. To improve readability, it might suggest sim-
plifying complex concepts. Finally, the writer responds
with a set of targeted and refined suggestions.

Reader viewpoint. To create a high-quality multi-modal
article, it is essential to effectively integrate textual con-
tent with relevant images to enhance reader engagement and
readability. To achieve this, our framework first employs an
LLM to propose suitable image placements within the arti-
cle and generate descriptive content specifying the types of

images to include. This initial proposal is then reviewed by
the multi-perspective self-reflection module, which evalu-
ates the image positioning and the generated image descrip-
tions from the perspective of readability, engagement, and
helpfulness. Based on this assessment, the module provides
constructive feedback, ensuring that visual content is effec-
tively integrated to enrich the overall reader experience.
Editor viewpoint. After inserting images into the gener-
ated article, there may still be discrepancies or inconsisten-
cies between the visual content and the corresponding tex-
tual descriptions. To address this, our framework sends the
images along with their related text segments to the multi-
perspective self-reflection module. This module evaluates
the alignment and coherence between the images and their
accompanying texts from an editorial viewpoint. It provides
targeted suggestions, such as refining the image captions,
adjusting image placement, or enhancing textual explana-
tions to better reflect visual content. This final step ensures
enhanced relevance, coherence, and readability between vi-
sual and textual elements.

4.5. Multi-modal Article Writing

Following textual generation, we incorporate relevant visual
content to enhance the article’s readability and expressive-
ness. This multimodal integration process involves several
stages: image positioning proposal, image retrieval, image
selection, and finally, an article refinement step that seam-
lessly integrates the images and text.

Image positioning proposal. After generating the com-
plete textual article, an LLLM-based agent is employed to
propose appropriate placements and corresponding descrip-
tions for relevant images. These initial proposals are then
refined through interaction with the multi-perspective self-
reflection module, which evaluates their relevance, coher-
ence, and engagement from the reader’s perspective.
Image retrieval. We then retrieve relevant images by per-
forming searches based on multiple sources, including gen-
eral image search engines, Wikipedia, and the websites
mentioned in the references. After that, we can obtain a
list of relevant image candidates.

Image selection. We first use the CLIP model [27] o rank
retrieved images based on semantic similarity to the gener-
ated captions, selecting the top-3 candidates. Subsequently,
we leverage a multi-modal model [13] to further evaluate
these candidates and select the most contextually appropri-
ate image for inclusion in the article.

Article Polishing. After finalizing image selection, we inte-
grate the chosen images into the article and proceed to a pol-
ishing stage. Due to potential discrepancies between textual
content and visual figures, we employ a multi-modal model
to revise the entire article, enhancing coherence and con-
sistency across modalities. Additionally, this multimodal
model interacts with the multi-perspective self-reflection
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Content Quality Informativeness Reliability Engagement
Methods Average
Alignment  Consistency  Relevance  Repetition  Breadth  Depth  Verifiability = Engagement  Novelty
Text as Topic
oRAG [1] 61.35 73.96 76.04 71.11 63.30 52.42 45.47 57.51 45.24 60.71
Storm [28] 72.49 79.13 71.22 69.47 65.62 62.61 52.41 58.80 55.58 65.26
Co-Storm [14] 78.05 84.10 75.11 75.40 68.42 67.70 58.20 61.02 61.61 69.96
OmniThink [42] 70.53 79.67 72.41 69.26 63.55 61.21 48.57 57.39 53.21 63.98
WikiAutoGen (Ours) 81.68 90.87 88.02 83.62 79.64 73.73 70.69 71.14 69.21 78.73
Image as Topic
oRAG 50.10 72.16 50.92 65.47 42.01 43.26 33.90 40.66 36.91 48.38
Storm 45.80 59.60 45.99 46.38 42.69 39.92 34.23 42.38 35.17 43.57
Co-Storm 47.00 61.40 44.85 47.76 41.98 41.83 35.03 41.99 37.69 44.39
OmniThink 43.61 58.29 43.03 45.67 38.63 42.26 29.18 38.31 33.57 41.39
WikiAutoGen (Ours) 82.57 88.75 87.20 80.22 77.24 74.99 68.41 69.36 68.69 77.49
Image-Text as Topic

oRAG 60.08 75.16 70.94 72.24 58.38 50.57 42.47 55.01 43.95 58.76
Storm 67.20 75.29 66.64 64.33 61.61 58.26 49.21 56.25 51.27 61.12
Co-Storm 70.15 79.29 67.31 68.89 61.90 61.22 52.44 57.05 55.68 63.77
OmniThink 64.56 75.33 64.63 63.64 57.44 56.38 43.04 54.14 48.86 58.67
WikiAutoGen (Ours) 85.26 90.63 88.44 82.11 79.31 75.20 68.59 68.79 71.06 78.82

Table 2. Comparison of article generation performance for textual content. We evaluate content quality, informativeness, reliability,
and engagement under three input modalities (Text-only, Image-only, and Image-Text) on our WikiSeek benchmark.

module, obtaining editorial feedback to further refine the
integrated content.

5. Experiment

5.1. Experiment setup

Implementation Details. For the language model
(LM) components of WikiAutoGen, we employ zero-shot
prompting implemented using the DSPy framework [15] in
conjunction with GPT-40 [13], GPT-40-mini, and GPT-03-
mini [23]. Specifically, we use GPT-03-mini for the multi-
perspective self-reflection module due to its strong reason-
ing capabilities, GPT-4o for the multimodal knowledge ex-
ploration tasks, and GPT-40-mini for all other remaining
tasks. WikiAutoGen retrieves real-time web information
via Serper’s API', with each query returning up to 5 web
pages. Throughout the experiments, we maintain consistent
settings by fixing the LM temperature at 1.0 and the top_p
value at 0.9. For evaluation, we utilize GPT-40 as the eval-
uator. To further validate the results, we conduct more eval-
uations using two distinct evaluators, Gemini2.5-Flash [8]
and Prometheus?2 [16], as detailed in Appendix B.
Evaluation metrics. We evaluate the generated multimodal
articles through separate assessments of their textual and
visual content.

- Text quality evaluation. Following prior evaluation
frameworks [ 14, 28], we utilize GPT-40 as the evaluator to
assess generated articles across nine criteria grouped into
four main aspects:

* Content quality: alignment, relevance, repetition, and
consistency;

Uhttps://serper.dev/

* Informativeness: breadth and depth;
* Reliability: verifiability;
» Engagement: engagement and novelty.

- Image quality evaluation. As there are no exist-
ing benchmarks specifically designed for evaluating mul-
timodal Wikipedia-style article generation, we propose an
evaluation method inspired by the textual evaluation frame-
works [14, 28] to evaluate image quality. Specifically, we
assess image quality based on four criteria: image-text co-
herence, engagement, helpfulness, and information supple-
ment (the image’s ability to provide additional useful infor-
mation beyond the textual context).

Baselines We compare WikiAutoGen with four representa-
tive LLM-based baseline frameworks for automated expos-
itory writing on our WikiSeek benchmark:

* Outline-driven RAG (0RAG) generates articles guided
by outlines produced by Self-RAG [1].

* Storm [28] leverages LLM-driven conversations and out-
lines from diverse perspectives to generate Wikipedia-
style content.

* Co-STORM [14] utilizes collaborative discourse among
multiple LLM agents to explore and discover unknown
information.

* OmniThink [42] enhances article quality through iter-
ative expansion and reflection, emulating human slow-
thinking to increase knowledge density.

Since these baselines originally lack multimodal capa-
bilities, we equip them with image retrieval functionalities
to enable a fair multimodal comparison. Specifically, each
baseline can also retrieve images via Google image search,
extract relevant metadata, and search for images based on
generated textual descriptions.
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Modules Content Quality Informativeness Reliability Engagement Average
Multi-agent  Outline proposal  Self-reflection ~ Alignment  Consistency  Relevance  Repetition  Breadth  Depth  Verifiability =~ Engagement  Novelty
x x x 50.63 62.87 53.10 51.19 48.58 4435 43.64 45.54 39.08 48.78
v x x 71.81 76.38 72.67 68.25 64.36 69.16 64.20 57.04 55.17 66.56
x v x 79.11 86.20 80.93 77.21 72.65 62.13 69.19 64.45 64.11 72.88
x X v 75.91 84.08 82.20 75.56 73.24 66.66 65.41 63.03 58.36 71.60
x v v 77.68 85.57 84.73 78.49 75.08 68.85 65.59 65.73 66.45 73.80
v v v 82.57 88.75 87.20 80.22 77.24 74.99 68.41 69.36 68.69 77.49

Table 3. Ablation study. We study the impact of individual modules (Multi-agent knowledge exploration, outline proposal, and self-
reflection) on article generation performance for text content. The input modality is image-only.

Method Coherence Engagement Helpfulness Info. Sup. Average
Text as Topic
oRAG 57.36 56.26 63.61 51.90 57.28
Storm 55.20 45.97 51.89 43.97 49.26
Co-Storm 57.62 48.64 54.19 45.07 51.38
OmniThink 58.82 49.36 54.93 47.55 52.67
WikiAutoGen (Ours) 70.12 66.31 74.76 64.78 68.99
Image as Topic
oRAG 61.21 52.07 58.039 45.96 54.32
Storm 52.59 43.98 49.53 41.84 46.99
Co-Storm 54.32 45.61 51.55 41.56 48.26
OmniThink 59.88 50.62 56.13 47.23 53.47
WikiAutoGen (Ours) 71.90 61.69 77.63 63.88 68.78
Image-Text as Topic
oRAG 66.38 56.31 62.94 49.78 58.85
Storm 59.67 50.26 55.78 46.78 53.12
Co-Storm 54.28 45.65 51.29 42.88 48.53
OmniThink 61.76 51.40 57.88 49.97 55.25
WikiAutoGen (Ours) 72.24 70.29 72.11 69.29 70.98

Table 4. Comparison of article generation performance for im-
age content. We evaluate textual generation for image-text co-
herence, image engagement, image helpfulness, and information
supplement on our WikiSeek benchmark.

5.2. Experimental results

Textual content comparison on WikiSeek. We demon-
strate our results in the Table 2. The results indicate
that WikiAutoGen consistently achieves the highest average
scores across all evaluation dimensions—content quality,
informativeness, reliability, and engagement—highlighting
its comprehensive effectiveness in article generation.

For text-only inputs, our WikiAutoGen achieves an av-

erage score of 78.73, significantly outperforming the best
baseline (Co-Storm, 69.96) by approximately 8.8 points,
demonstrating superior coherence, alignment, and informa-
tiveness. In image-only scenarios, the improvement is even
more pronounced, with WikiAutoGen obtaining 77.49, sur-
passing the strongest baseline (0RAG, 48.38) by approxi-
mately 29.1 points, reflecting its exceptional capability to
extract meaningful textual insights from visual content. For
combined image-text topics, our model maintains its advan-
tage with an average score of 78.82, showing a clear im-
provement (+ 15.05 points) over the next-best baseline (Co-
Storm, 63.77). Overall, the substantial performance gains
demonstrate that WikiAutoGen excels at synthesizing co-
hesive and engaging content across diverse inputs.
Image content comparison on WikiSeek. Table 4 com-
pares the performance of image content across different ar-
ticle generation methods. Our WikiAutoGen consistently
achieves the highest scores across all image evaluation met-
rics for all three input modalities.

Specifically, our method significantly improves upon
baseline methods, outperforming the next-best method by

Storm OmniThink Ours

80 78.53 79.33 78.35

70 66.18 66.58 65.63

63.69 63.00 62.91

60
50
40
30
20

10

Hard Very Hard Extremely Hard

Figure 3. Ablation study across different data difficulty levels.
We compare our WikiAutoGen with Storm and OmniThink on
three difficulty categories: hard (300-500 characters), very hard
(100-300 characters), and extremely hard (<100 characters).

approximately 11.34 points on image-text coherence (72.24
vs. Storm’s 59.67) under the image-text topics. Similarly,
for image-only topics, our approach excels particularly in
helpfulness (77.63) and coherence (71.90), demonstrating
WikiAutoGen’s superior capability in selecting images that
meaningfully complement textual content and provide ad-
ditional useful information. Overall, these results highlight
WikiAutoGen'’s effectiveness in integrating images to en-
hance coherence, engagement, and informativeness, sub-
stantially advancing the overall quality and readability of
multimodal articles.

5.3. Ablation studies

Ablation on different components of WikiAutoGen. We
conduct an ablation study to analyze the individual con-
tributions of three core components to textual article gen-
eration from image-only topics. Specifically, we examine
the impact of components, including multi-agent knowl-
edge exploration, outline proposal, and multi-perspective
self-reflection. Results are shown in Table 3. Specifically,
without the outline proposal, the system simply retrieves
a single image and extracts its description from metadata.
Without multi-agent knowledge exploration, only a single
static agent responds to the asker.

Incorporating the multi-agent module improves perfor-
mance from 48.78 (baseline without modules) to 66.56
(+17.78 points), highlighting its effectiveness in collab-
orative knowledge exploration. Using the outline pro-
posal alone further increases performance to 72.88 (+24.10
points), underscoring its importance for content structur-
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ing. The self-reflection module individually achieves 71.60
(+22.82 points), indicating its strength in refining coherence
and consistency. Combining all three modules results in the
highest performance (77.49), validating their complemen-
tary roles in generating coherent, informative, and engaging
articles from image-only inputs.

Ablation on different difficulty levels. In our WikiSeek
benchmark, topics are grouped into three difficulty levels
based on article length (character count): hard (300-500
characters), very hard (100-300 characters), and extremely
hard (fewer than 100 characters), with 100 examples per
level. We evaluate text-only inputs and present the average
textual evaluation results in Figure 3. The results indicate
that our WikiAutoGen consistently outperforms all baseline
methods across all three difficulty levels. Notably, as the
topic difficulty increases (from hard to extremely hard), the
performance gap between WikiAutoGen and Storm widens
from 12.35 points to 15.35 points, with similar trends ob-
served against other baselines. These results demonstrate
the robustness and stability of WikiAutoGen in effectively
handling highly challenging and underexplored topics.

5.4. Compared with Commercial Deep Research

Method Text as Topic Image as Topic Image-Text as Topic Average Compute Time

OpenAl 92.75 91.95 94.50 93.06 ~ 30 min
Google 81.91 — — — ~ 12 min
Grok 88.35 81.70 86.13 85.06 ~ 10 min
WikiAutoGen 88.58 89.55 88.89 89.01 ~ 8 min

Table 5. Comparison of commercial models’ article generation
performance with Prometheus2 [16].

We evaluate the performance of WikiAutoGen against
leading commercial models on the WikiSeek benchmark,
spanning three input modalities. As shown in Table 5,
WikiAutoGen achieves an impressive average score of
89.01, closely approaching OpenAl (93.06), while signif-
icantly outperforming Grok (85.06) and Google (81.91).
WikiAutoGen delivers consistently strong results across
text (88.58), image (89.55), and image-text (88.89) inputs,
demonstrating robust cross-modal capabilities. In terms of
efficiency, WikiAutoGen generates articles in just 8 min-
utes, making it over 3.75x faster than OpenAl (30 minutes),
the fastest among the commercial baselines. This substan-
tial speed advantage underscores its practical scalability and
suitability for real-world, time-sensitive applications.

5.5. Human evaluation

To evaluate the quality of the generated Wikipedia-style ar-
ticles, we conduct a human evaluation study via Amazon
Mechanical Turk (AMT)>. We randomly sample 100 text-
only topics from the WikiSeek benchmark dataset and per-
form pairwise comparisons between articles generated by
our method (WikiAutoGen), Storm, and OmniThink. Each

Zhttps://www.mturk.com/

topic is evaluated by three independent participants in ran-
domized order. Participants first answer the question: “Do
you think adding images would improve comprehension of
the topic?” As shown in Figure 4 (left), 97.7% of partici-
pants agree that images improve topic comprehension.

Additionally, participants answer multiple-choice ques-
tions, including: (1) Which article is the easiest to under-
stand? (2) Which article is the most engaging in terms of
narrative, examples, or overall presentation? (3) Which ar-
ticle provides the most comprehensive background informa-
tion and in-depth analysis? (4) Which article is your overall
favorite? The question order is randomized to mitigate po-
tential evaluation bias. As illustrated in Figure 4 (right),
participants consistently prefer articles generated by Wiki-
AutoGen over those by Storm and OmniThink across all
evaluation criteria.

2.3% Easiest Understand-  36% 23% 41%
Engagement- 23.3% 25.7% 51%

Informativeness- 28.7% 25.6% 45.7%

97.7% Favorite Paper- 24.7% 19.6% 55.7%

0% 20% 40% 60% 80% 100%
Yes No OmniThink Storm Ours
(left) (right)

Figure 4. Human evaluation study. We randomly sample text-
only topics and conduct comparative evaluations between Wiki-
AutoGen, Storm, and OmniThink. Left: Participants respond to
the question, “Do you think adding images would improve com-
prehension of the topic?”. Right: Participants answer multiple-
choice questions evaluating readability, engagement, informative-
ness, and overall preference.

6. Conclusion

In this paper, we introduced WikiAutoGen, a comprehen-
sive multi-agent framework designed for automated mul-
timodal Wikipedia-style article generation. WikiAutoGen
integrates both visual and textual content, significantly en-
hancing the depth, informativeness, and engagement of gen-
erated articles. To address key limitations in prior work, we
proposed a novel multi-perspective self-reflection mecha-
nism, which systematically improves article coherence, re-
liability, and overall quality. Furthermore, we presented
WikiSeek, a challenging multimodal benchmark specifi-
cally crafted to evaluate the performance of models in gen-
erating content for less-explored topics. Experimental re-
sults demonstrated that WikiAutoGen substantially outper-
forms existing state-of-the-art baselines across both textual
and visual evaluation metrics. Particularly notable were
the improvements in content quality, informativeness, and
reader engagement, validating the effectiveness of integrat-
ing multimodal inputs and iterative self-reflection.
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