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Abstract

Visualizations play a crucial part in effective communication
of concepts and information. Recent advances in reasoning
and retrieval augmented generation have enabled Large Lan-
guage Models (LLMs) to perform deep research and generate
comprehensive reports. Despite its progress, existing deep re-
search frameworks primarily focus on generating text-only
content, leaving the automated generation of interleaved texts
and visualizations underexplored. This novel task poses key
challenges in designing informative visualizations and effec-
tively integrating them with text reports. To address these
challenges, we propose Formal Description of Visualization
(FDV), a structured textual representation of charts that en-
ables LLMs to learn from and generate diverse, high-quality
visualizations. Building on this representation, we introduce
Multimodal DeepResearcher, an agentic framework that de-
composes the task into four stages: (1) researching, (2) ex-
emplar report textualization, (3) planning and (4) multimodal
report generation. For the evaluation of the generated reports,
we develop MultimodalReportBench which contains 100 di-
verse topics as inputs, and a set of dedicated metrics for report
and chart evaluation. Extensive experiments across models
and evaluation methods demonstrate the effectiveness of Mul-
timodal DeepResearcher. Notably, utilizing the same Claude
3.7 Sonnet model, Multimodal DeepResearcher achieves an
82% overall win rate over the baseline method.

Extended version — https://arxiv.org/pdf/2506.02454

Introduction

Large language models (LLMs) have demonstrated broad
capabilities in solving diverse tasks such as question an-
swering, coding and math (Bai et al. 2022; Guo et al. 2025;
Huang et al. 2025). Augmented with searching and rea-
soning capabilities (Xie et al. 2023; Nakano et al. 2022;
Li et al. 2025a), LLMs can perform deep research and ef-
fectively leverage up-to-date external information beyond
static parameters (Li et al. 2025a). Recently, this paradigm
has garnered significant attention with its remarkable effi-
cacy in generating grounded, comprehensive reports from
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scratch (Shao et al. 2024; Huot et al. 2025). However, ex-
isting deep research frameworks from both academia (Jin
et al. 2025; Zheng et al. 2025b) and industry (Google 2024;
XAl 2025) predominantly focus on generating textual con-
tent, neglecting the display beyond text modality. The text-
heavy nature of these reports impedes effective communica-
tion of concepts and information (Ku et al. 2025; Zheng et al.
2025a), which limits their readability and practical utility.

In real-world scenarios, visualization serves as a crucial
part of reports and presentations, offering remarkable ca-
pabilities for conveying data insights (Otten, Cheng, and
Drewnowski 2015), facilitating the identification of implicit
patterns (Yang et al. 2024), and enhancing audience en-
gagement (Barrick, Davis, and Winkler 2018; Zheng et al.
2025a). Human experts typically craft meticulously de-
signed visualizations with consistent styles to effectively
communicate ideas and insights. They then integrate these
visualizations within appropriate textual context (He et al.
2025Db) to create coherent text-chart interleaved reports.

However, the end-to-end generation of multimodal re-
ports remains challenging. Although LLMs are capable of
generating individual charts through coding (Yang et al.
2024; Seo et al. 2025; Han et al. 2023), effectively represent-
ing and integrating these visualizations with textual content
still poses a challenge. While in-context learning appears to
be a promising approach for guiding such generation, there
lacks an appropriate representation to integrate text-chart in-
terleaved content within the context of LLMs.

To address this challenge, we introduce the Formal De-
scription of Visualization (FDV), a structured representa-
tion method inspired by the grammar of graphics (Wilkin-
son 1999), a classical visualization theory. FDV comprehen-
sively captures visualization designs through four perspec-
tives (i.e., overall layout, plotting scale, data, and marks).
This representation provides universal and high-fidelity de-
scriptions that enables in-context learning of multimodal re-
ports from human experts, and can be generated to produce
diverse and high-quality charts.

Building upon FDV, we introduce Multimodal DeepRe-
searcher, an agentic framework that generates text-chart
interleaved reports from scratch. The framework operates
through four stages: (1) researching, which gathers com-
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Figure 1: Examples of visualization charts generated by Multimodal DeepResearcher. Accompanying texts are omitted for
brevity. As shown in the figure, it can produce diverse, high-quality charts beyond basic charts (e.g., line or bar chart).

prehensive information through searching and reasoning;
(2) exemplar report textualization, which textualizes multi-
modal reports from human experts using our proposed For-
mal Description of Visualization (FDV) for in-context learn-
ing; (3) planning, which establishes a content outline and
visualization style guide; and (4) multimodal report gener-
ation, which produces the final interleaved report through
drafting, coding and iterative chart refinement. Some exam-
ples of the generated charts are presented in Figure 1.

We evaluate Multimodal DeepResearcher with Multi-
modalReportBench, which comprises 100 topics used as in-
puts. Our experiments include both proprietary and open-
source models with automatic and human evaluation. The
evaluation encompasses both report-level and chart-level
assessments, each employing five dedicated metrics. As a
baseline, we adapted DataNarrative (Islam et al. 2024), a
relevant framework that generates simple placeholders for
charts from tabular inputs, to perform our task. Both auto-
matic and human evaluations consistently demonstrate Mul-
timodal DeepResearcher’s superior performance compared
to the baseline. Notably, when using Claude 3.7 Sonnet as
the generator, Multimodal DeepResearcher achieves an im-
pressive 82% overall win rate.

Our contributions can be summarized as follows:

* We introduce a novel task that generates a text-chart in-
terleaved multimodal report from scratch and a corre-
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sponding dataset and evaluation metrics.

We propose Formal Description of Visualization (FDV),
a structured textual representation of visualizations that
enables the in-context learning and generation of multi-
modal reports.

* We introduce Multimodal DeepResearcher, an end-to-
end agentic framework that generates high-quality mul-
timodal reports, which largely outperforms the baseline
method.

Related Work

Deep Research Recently, the combination of retrieval
techniques (Li et al. 2025b; Zhao et al. 2024) and reason-
ing (Guo et al. 2025) has enabled LLMs to transcend their
parametric constraints by leveraging external knowledge.
Pioneering works have designed specialized prompts and
workflows for complex research tasks, as exemplified by
OpenResearcher (Zheng et al. 2024) and Search-ol (Li et al.
2025a). Subsequent research explored reinforcement learn-
ing for end-to-end reasoning and information retrieval (Jin
et al. 2025; Zheng et al. 2025b). However, these studies pri-
marily focus on generating and evaluating text-only results,
whereas this work advances the field by generating text-
chart interleaved reports that significantly enhance informa-
tion comprehension and communication with visualizations.
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Figure 2: The framework of the Multimodal DeepResearcher It decomposes the task of multimodal report generation into
four stages: (A) Iterative researching about given topic; B) Exemplar textualization of human experts using proposed Formal

Description of Visualization (FDV); @ Planning;
and iterative refinement.

LLM for Data Visualizations Current work has focused
on enhancing individual chart quality through various ap-
proaches, including multi-stage pipelines (Dibia 2023), it-
erative debugging with visual feedback (Yang et al. 2024),
chain-of-thought prompted query reformulation (Seo et al.
2025), and models fine-tuned with domain-specific data for
chart generation (Han et al. 2023; Tian et al. 2024). Another
line of work has explored how to articulate generation intent,
such as multimodal prompting with sketches and direct ma-
nipulations (Wen et al. 2025), multilingual natural language
interfaces (Maddigan and Susnjak 2023), and conversational
context management (Hong and Crisan 2023). Correspond-
ing evaluation methodologies have also been proposed (Li
et al. 2024a; Chen et al. 2025). However, previous work has
predominantly focuses on generating individual charts with
limited data. To the best of our knowledge, we are the first to
explore generating and evaluating text-chart interleaved re-
ports with multiple visualizations, based on in-the-wild and
heterogeneous information.

LLM for agentic generation LLMs have been widely ap-
plied to various generation tasks due to their ability to pro-
cess complex textual information (Ku et al. 2024; Nijkamp
et al. 2023b,a; Jimenez et al. 2024; Yang et al. 2025b).
For challenging tasks that require multiple steps, researchers
have designed LLM agents that decompose problems into
reasoning, planning, and execution stages (Luo et al. 2025).
These agents have demonstrated remarkable success across
scientific research (Lu et al. 2024; Si, Yang, and Hashimoto
2024; Li et al. 2024b; Bogin et al. 2024), video genera-
tion (He et al. 2025a), and computer system interaction (Xie
et al. 2024; Deng et al. 2023; Zhang et al. 2023). This
paradigm extends effectively to the visualization domain as
well. TheoremExplainAgent (Ku et al. 2025) uses agents
to generate educational videos, and PPTAgent (Zheng et al.
2025a) automatically creates slides for presentation with in-
tegrated text and visuals. Most relevant to our work, Data-
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Report Generation, which generates the final report with crafting, coding

Narrative (Islam et al. 2024) explores generating simple
specifications for data-driven visualizations and evaluating
these specifications as proxies for actual charts. However,
this approach remains limited to simple chart types such as
bar chart and line chart, which restricts its practical utility.

Method

We formulate the task of multimodal report generation as
follows: given a topic ¢ and a set of multimodal exemplar
reports R containing interleaved texts and charts, the system
is expected to generate a multimodal report as in R based
on t. To solve this task, we introduce Multimodal DeepRe-
searcher, an agentic framework which decomposes it into
four steps: (1) researching through iterative web search and
reasoning, (2) exemplar report textualization, which textual-
izes multimodal exemplar reports from human experts using
proposed Formal Description of Visualization (FDV), (3)
planning, and (4) Multimodal report generation. We present
an overview of Multimodal DeepResearcher in Figure 2.

Researching

To leverage online information beyond parametric knowl-
edge, Multimodal DeepResearcher conducts iterative re-
search on a given topic ¢, generating a comprehensive set
of learnings L. These learnings encompass both informa-
tion acquired through web sources and their corresponding
references. The process involves iterative execution of two
primary operations: (1) web search and (2) subsequent rea-
soning based on search results. Initially, the agent prompts
the LLM to generate relevant keywords K = ki, -+ , kny
based on the given topic ¢. The agent then conducts web
searches using these keywords and retrieves webpages P =
D1, ,Pnp- Subsequently, the agent analyzes these web-
pages, synthesizes the information into learnings L, and for-
mulates a research question ¢ for the next iteration. Based
on this research question and the original topic, the research
agent performs the next research cycle. After np rounds
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Figure 3: The illustration Formal Description of Visualization (FDV) for the exemplar textualization process. (A) Original traffic
volume visualizations for UK and US cities; (B) The Formal Description of Visualization (FDV) that systematically captures
the visualization’s layout, scale, data, and marks using a structured format; and (C) The reconstructed visualization based on
the formal description. This process textualizes high-quality text-chart interleaved reports by transforming visual elements into
structured textual representations that preserve the visualization’s essential characteristics.

of iteration, a final list of learnings and references are pro-
duced. More details are provided in the extended version.

Exemplar Textualization

Human experts typically produce reports with both texts and
visualizations to enhance communication and audience en-
gagement (Zheng et al. 2025a; Yang et al. 2024). To gener-
ate high-quality multimodal content comparable to expert-
created reports, we employ in-context learning with exem-
plar reports crafted by human experts. This approach neces-
sitates an effective methodology for converting multimodal
exemplar reports R into textual exemplar reports R.

To address this challenge, we propose Formal Descrip-
tion of Visualization (FDV), a structured description method
for visualization charts inspired by the grammar of graph-
ics (GoG) theory (Wilkinson 1999), which theoretically pro-
vides universal and high-fidelity descriptions for any visu-
alization designs. As shown in Figure 3 (B), FDV charac-
terizes each visualization chart from four perspectives: (1)
Overall layout, detailing the constituent subplots and their
spatial arrangements; (2) Plotting scale, describing the scal-
ing logic behind each “data to visual channel (e.g., position,
color)” mapping and their annotations; (3) Data, describing
both the numeric data and text elements used to generate the
visualization. (4) Marks, describing the design specifications
of each visual element. The reverse process of textualization
can be achieved via coding, which reconstructs the visual-
ization from FDV, as shown in Figure 3 (C).

In the exemplar textualization process, Multimodal Deep-
Researcher first extracts all visualization charts from the re-
port, then prompts a multimodal large language model to ex-
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Algorithm 1: Textualization of multimodal reports

1: Inputs: Multimodal exemplar reports R.
2: Requires: Multimodal large language model M, re-
place function replace.
: Outputs: Textualized exemplar reports R.
. Initialize R = 0
: for rin R do
Init. 7 =r
for each image i in r do
// Extract FDV from image
FDV,; = M, (7)
// Replace image with extracted FDV
7 = 7.replace(i, FDV;)
end for
13:  R=RU{r}
14: end for _
15: Return: R

RN AW

10:
11:
12:

tract the FDV representations of each chart. The FDV repre-
sentations are then used to replace the charts. The algorithm
for the process is presented in Algorithm 2. Further details
of FDV and prompts are provided in the extended version.

Planning

After iterative researching about the topic ¢, Multimodal
DeepResearcher creates a plan before generating the final
report. Specifically, it constructs an outline O of the report to
generate based on the learnings L, topic ¢ and textual exem-
plar report R. The outline comprises a hierarchical structure



Algorithm 2: Algorithm for refining charts
1:

Inputs: chart c represented as code.
Requires: Browser tool 7', LLM M;, Multimodal LLM
M,.
Outputs: Refined chart ¢.
Hypars: Number of max retry times NV, 4.
Initialize satisfied = False, cg = ¢, C' = {c}.
for: =1to N,,,. do

// Get console message and image

msg, i = T(c)

// Critic M, evaluates the chart

satisfied, feedback = M, (%)

if satisfied == True then

break

end if

// actor M, refines previous chart

¢i = My(c;—1, msg, feedback)

cC=Cu {Cl}
: end for
= Co
: if |C] > 1 then
// Selects from the last two charts
c= Mv(c[_”» C[_QD
. end if
: Return: ¢

»

of sections, each with a descriptive title and a brief summary.
To learn the style of visualizations in exemplar reports R and
maintain a consistent style of charts, Multimodal DeepRe-
searcher also prompts the LLM to generate a visualization
style guide G. The visualization style guide provides guide-
lines that control the overall style of visualizations in the re-
port (e.g., color palette, font hierarchy). More details of this
process can be found in the extended version.

Final Report Generation

The final stage of Multimodal DeepResearcher is to gener-
ate the multimodal report with interleaved textual content
and visualizations. The report is generated with outputs of
previous stages, i.e., learnings L, exemplar textual reports
R, outline O and visualization style guide G.

Multimodal DeepResearcher first prompts the LLM to
generate a textual report with Formal Description of Visual-
ization (FDV) as a placeholder for the underlying visualiza-
tion chart to be generated. The format of this textual report is
expected to be the same as those in textual exemplar reports
used for in-context learning. Then, Multimodal DeepRe-
searcher extracts all occurrences of FDVs, and prompts the
LLM to implement the design via coding. Since visualiza-
tions represented by FDV have extensive flexibility, which
may exceed the expressive capabilities of typical declara-
tive visualization libraries (Heer and Bostock 2010) (e.g.,
matplotlib), we directed the LLMs to utilize D3.js, the most
widely used imperative visualization programming to imple-
ment the target visualization designs.

To further improve the quality of visualizations generated,
we include an actor-critic mechanism to revise and refine the
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code for generating the charts motivated by recent advance-
ments of agents (Yang et al. 2024). In this scenario, the actor
is the LLM M, that generates code for chart, and feedback
comes from both console and a critic model.

Console feedback is collected using chrome developer
tool provided as Python package. It first tries to load each
visualization, collecting all console message with errors or
warnings during loading. After all elements are loaded, it
takes a screenshot to obtain the visualization chart rendered.

After getting the screenshot of each visualization chart,
Multimodal DeepResearcher employs a multimodal LLM
(MLLM) M, to serve as a critic, which provides visual feed-
back. The MLLM takes the chart rendered as input, exam-
ines its visual quality, and delivers corresponding feedback.
It further determines whether the current chart needs im-
provement. If improvement is needed, the actor refines its
code based on the feedback and console message. This it-
erative refinement continues until the critic is satisfied, or a
predefined upper limit of retry times is reached, which we
set as 3 to avoid infinite refinement cycles. When the refine-
ment process finishes, the critic selects the final chart from
the last two candidates during refinement.

The refine process is detailed in Algorithm 2. The prompts
and a comprehensive full report generated by Multimodal
DeepResearcher is presented in the extended version.

Experiments
Data Selection

To systematically evaluate the multimodal report gener-
ated by Multimodal DeepResearcher, we constructed Mul-
timodalReportBench, a benchmark comprising 100 real-
world topics curated from public websites that feature mul-
timodal reports crafted by human experts, i.e., Pew Re-
search (Pew 2025), Our World in Data (OWID 2025) and
Open Knowledge Foundation (OKF 2024). Pew Research
informs the public about issues, attitudes and trends shap-
ing the world through research report. Our World in Data
presents empirical data and research on global development
challenges through web publications. The Open Knowledge
Foundation is dedicated to promoting open data and con-
tent across all domains, ensuring information accessibility.
These sources contain exemplary multimodal reports, mak-
ing their topics appropriate for our task.

The topics are then used as inputs for multimodal report
generation. To ensure that our dataset applies to the real-
world scenario, we meticulously curated topics spanning 10
categories, such as travel, energy and education. The distri-
bution of topic categories is provided in the extended ver-
sion. We also collected 6 multimodal reports with no over-
lapping in topics to serve as exemplar reports for in-context
learning.

Baseline Selection

Our task requires generating a multimodal report from
scratch, which is infeasible with direct prompting or existing
deep research frameworks. Most existing visualization gen-
eration works either focus on single-chart generation (Dibia
2023; Yang et al. 2024; Tian et al. 2024) or requires human



interactions (Fu, Bromley, and Setlur 2025; Li, Wang, and
Qu 2024; Shao et al. 2025), which deviates from our setting
of automated generation. Most similar to our work, Data-
Narrative (Islam et al. 2024) generates simple data-driven
visualization specifications based on data tables as input, and
evaluates the textual specification as a proxy of chart. We in-
corporate our researching module and adapt its framework
accordingly to establish our baseline. For fair comparison,
we utilize the learnings generated with our researching stage
and plans instead of tables as the input. It then goes through
generate-verify-refine process, consistent with the original
framework. Since the original framework lacks mechanisms
for transforming design specifications into actual charts, we
extract all design specifications and generate corresponding
visualizations using the same pipeline as Multimodal Deep-
Researcher does.

Framework Implementation

Multimodal DeepResearcher is an agentic framework with
multiple stages. In this section, we describe the implemen-
tation details of each stage. In the researching stage, we per-
form web search and conduct reasoning with GPT-4o0-mini.
GPT-40-mini is also utilized for planning. Claude 3.7 Son-
net is utilized as the MLLM for the textualization of ex-
emplar reports. The generation of the final multimodal re-
port requires both a large language model to craft textual
report, and a multimodal large language model to provide
visual feedback for the chart. Our experiments encompasses
two model configurations: (1) State-of-the-art proprietary
models, with Claude 3.7 Sonnet serving as both the LLM
and multimodal LLM. (2) Open-source models, specifically
Qwen3-235B-A22B (Yang et al. 2025a) and Qwen2.5-VL-
72B-Instruct (Bai et al. 2025). To ensure fair comparison,
all the settings are consistent in both Multimodal DeepRe-
searcher and the DataNarrative baseline where applicable.

Automatic Report Evaluation

Given the multimodal nature of the outputs in our task,
evaluation necessitates assessment of both texts and visu-
alizations. To accomplish this, we conducted both report-
level and chart-level evaluation to comprehensively assess
the quality of all reports. For automatic report evaluation, we
task the evaluator (i.e., GPT-4.1) with pairwise comparison
of reports, generated from the save topic with both methods.
Since report generation constitutes an open-ended, subjec-
tive task, reference-based metrics typically fail to align with
human-perceived standards (Liu et al. 2023). Therefore, we
established a comprehensive criteria incorporating both texts
and visualizations in reports, which primarily consists of five
metrics:

Informativeness and Depth. Evaluates whether the re-
port delivers comprehensive, substantive and thorough in-
formation through both texts and accompany visualizations.

Coherence and Organization. Evaluates whether the
report is well-organized, and whether the visualizations
connect meaningfully to the text.

Verifiability. Evaluates whether the information of the re-
ports can be verified with citations. Apart from textual links
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Ours vs DataNarrative

Evaluation Metrics Ours Win  Ours Lose  Tie
w. Claude 3.7 Sonnet
Informativeness and Depth 75% 25% 0%
Coherence and Organization 76 % 21% 3%
Verifiability 86 % 5% 9%
Visualization Quality 80% 16% 4%
Visualization Consistency 78 % 17% 5%
Overall 82% 16% 2%
w. OQwen3-235B-A22B & Qwen2.5-VL-72B-Instruct
Informativeness and Depth 50% 50% 0%
Coherence and Organization 41% 51% 8%
Verifiability 66 % 21% 13%
Visualization Quality 48 % 46% 6%
Visualization Consistency 52% 42% 6%
Overall 55% 40% 5%

Table 1: Automatic evaluation results of the multimodal re-
port: Multimodal DeepResearcher (Ours) vs. DataNarrative.

to references, we also prompt the evaluator to check the an-
notation present in visualizations that may contain source
information.

Visualization Quality. Evaluates the quality of visualiza-
tion charts in the report, including visual clarity and textual
labels and annotations.

Visualization Consistency. Evaluates whether the visual-
izations in the report maintain a consistent overall style. The
style contains the color palettes, typography and information
hierarchy in visualizations.

During evaluation, we provide the evaluator with the
topic, learnings which contain both knowledge acquired
through web search, references, and both reports. Specif-
ically, we employ rubric scoring on a 1-5 scale with de-
tailed guidelines. The scores are then compared to determine
which method is better or they tie. To mitigate potential posi-
tional bias, we randomize the order of reports. The complete
prompts for evaluation are provided at extended version.

Results. As illustrated in Table 1, Multimodal DeepRe-
searcher consistently outperforms DataNarrative across both
proprietary and open-source model configurations. With
Claude 3.7 Sonnet, it achieves an overall win rate of 82%.
Specifically, Multimodal DeepResearcher outperforms with
a high win rate in Verifiability (86%), Visualization Qual-
ity (80%) and Visualization consistency (78%). A similar
pattern is observed with open-source models, where Multi-
modal DeepResearcher achieves a win rate of 55%. Notably,
the performance advantage is more pronounced with Claude
3.7 Sonnet than with open-source models. This gap arises
as Multimodal DeepResearcher requires multifaced capabil-
ities, including planning, writing, coding, and refinement.
Therefore, Multimodal DeepResearcher benefits more from
a stronger model, whereas DataNarrative’s simpler architec-
ture limits its capacity to leverage model improvements. The
results demonstrate the efficacy of its in generating multi-
modal reports. We also presented the raw scores obtained
and results with other evaluators in the extended version.



Evaluation Metrics Ours Win ~ Ours Lose  Tie
Informativeness and Depth 100% 0% 0%
Coherence and Organization 95% 0% 5%
Verifiability 100% 0% 0%
Visualization Quality 75% 20% 5%
Visualization Consistency 90 % 0% 10%
Overall 100% 0% 0%

Table 2: Human evaluation of the generated reports: Multi-
modal DeepResearcher (Ours) vs. DataNarrative.

Evaluation Metrics Ours DataNarrative

w. Claude 3.7 Sonnet

Readability 8.97 8.52
Layout 9.23 8.48
Aesthetics 9.12 8.38
Data Faithfulness 9.83 9.59
Goal Compliance 9.75 9.24

w. Qwen3-235B-A22B & Qwen2.5-VL-72B-Instruct

Readability 7.05 6.85
Layout 6.70 6.40
Aesthetics 7.22 6.74
Data Faithfulness 7.93 7.99
Goal Compliance 717 6.94

Table 3: Evaluation of chart quality. The evaluator assigns
a score between 1 to 10 for each metric, and the results are
average across all reports.

Human Evaluation

For human evaluation, we utilized the same set of metrics as
in automatic report evaluation. We selected a random subset
of 20 topics for evaluation. Specifically, 5 annotators per-
formed pairwise comparison of reports generated by both
Multimodal DeepResearcher and DataNarrative with Claude
3.7 Sonnet. As with automatic evaluation, we randomized
the order to avoid potential positional bias. Results are pre-
sented in Table 2. Surprisingly, Multimodal DeepResearcher
achieves an overall win rate of 100%. Specifically, two an-
notators preferred all 20 reports generated by Multimodal
DeepResearcher, one annotator preferred 19 out of 20, an-
other annotator preferred 18, and the last annotator preferred
15. Comparing with the results given by GPT-4.1, the agree-
ment between them is 80%. These results further validate
the effectiveness of Multimodal DeepResearcher.

Chart Evaluation

To provide a more fine-grained evaluation of our framework,
we further conducted assessments of individual charts to ex-
amine their quality and fidelity. Following established prac-
tices in data-driven visualization (Dibia 2023; Chen et al.
2025), which provided explainable evaluations for charts,
we curated five metrics: (1) Readability, (2) Layout, (3) Aes-
thetics, (4) Data Faithfulness and (5) Goal compliance. For
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Ablated Components Lose Win Tie
- w/o Exemplar Learning 0% 20% 10%
- w/o Planning 8% 15% 0%
- w/o Refinement of charts 80% 20% 0%

Table 4: Results of ablation studies across three different se-
tups. We report the lose, win and tie rates for each setup
against the complete Multimodal DeepResearcher. Claude
3.7 Sonnet serves as both the LLM and MLLM here.

each chart, we employed the evaluator to score based on
the chart along with its original design specification. We
then average the scores of all charts within each report. As
demonstrated in Table 3, Multimodal DeepResearcher con-
sistently outperforms DataNarrative, with particularly no-
table improvements in layout and aesthetics.

Ablation Studies

To assess the efficacy of individual components of Multi-
modal DeepResearcher, we conducted ablation experiments
on a random subset of 20 topics. Specifically, we compared
3 variants against Multimodal DeepResearcher: (1) w/o in-
context learning from exemplar reports (2) w/o planning (3)
w/o iterative refinement of charts. To ensure fair compari-
son, all other settings and hyperparameters remained con-
sistent across variants. As shown in Table 4, removing any
component results in significant performance degradation.
Specifically, eliminating exemplar learning from human re-
ports yields a 70% lose rate, direct generation without plan-
ning leads to 85%, and removing chart refinement process
loses in 80% cases. We further employed alternative evalua-
tors to examine the effect of exemplar learning. The overall
win rate for Multimodal DeepResearcher is 70% when us-
ing GPT-5 as the evaluator, and 60% with Gemini-2.5-Pro.
These findings demonstrate the contribution of each compo-
nent in Multimodal DeepResearcher.

Analysis
Visualization Analysis

In this section, we analyze the characteristics of visualiza-
tions generated with Multimodal DeepResearcher and the
baseline. While the average number of charts per report be-
tween our framework (9.3) and DataNarrative (9.4) is com-
parable, the visualizations generated by Multimodal Deep-
Researcher are notably more diverse. As illustrated in Fig-
ure 4, although both methods prioritized basic chart types
such as line chart and bar chart, Multimodal DeepResearcher
demonstrates superior capability in generating sophisticated
and complex visualizations.

For instance, across the 100 selected topics, Multimodal
DeepResearcher produces 15 flowcharts and 18 dashboards,
while DataNarrative generates merely 2 flowcharts and 1
dashboard. Another example involves the “Others” category,
which encompasses hard-to-categorize visualizations such
as infographics and mind maps. Our framework generates
280 such charts, substantially exceeding the 96 produced
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Figure 4: Distribution of visualization charts generated with
DataNarrative and Multimodal DeepResearcher (Ours). The
first column in the legend (denoted by red and yellow colors)
represents conventional chart types.

by DataNarrative. This disparity demonstrates that our ap-
proach can accommodate to diverse real-world scenarios.
‘We provide a collection of examples for each type generated
by our framework in Figure 1 and extended version.

Error Analysis

Despite the remarkable efficacy of Multimodal DeepRe-
searcher, the integration of visualizations poses new chal-
lenges. In this section, we categorize the identified common
errors into the following two categories.

Overlapping Element overlap represents the most preva-
lent error in the charts, primarily due to the inherent com-
plexity of determining precise spatial positioning for all
chart components without real-time visual feedback during
the coding process. This error can be generally attributed to
two factors: (1) excessive information in FDV that compli-
cates proper arrangement within limited space. (2) subopti-
mal placement of legends, labels and annotations. Examples
of both scenarios are provided in the extended version.

Hallucination Hallucination is a fundamental challenge
for LLMs (Shao et al. 2024), which also extends to the gen-
eration of visualizations (Islam et al. 2024). Despite explicit
instructions to avoid creating fake data, models occasionally
hallucinate when data is insufficient of unavailable. Figure
11 in the extended version exemplifies this issue through a
choropleth map chart. In this case, the model erroneously
marked regions with inadequate data using red color, to de-
note the decline of a certain metric.

Efficiency Analysis

Another challenge for Multimodal DeepResearcher lies in
balancing utility and efficiency. The system requires itera-
tive refinement of multiple charts within reports. As demon-
strated in our ablation study, this process significantly en-
hances the overall quality of generated reports. However,
it also introduces computational overhead. In our experi-
ments, we refine each chart for at most 3 iterations. After
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filtering out instances affected by network issues, the aver-
age generation time for a single report is 767.20 seconds,
compared to DataNarrative’s 372.94 seconds. Further anal-
ysis reveals that the refinement process accounts for the ma-
jority of execution time, requiring interaction with headless
browsers, evaluation by multimodal large language models,
and code regeneration. We plan to explore more precise cri-
tique mechanisms in future work.

Conclusion

In this work, we investigate the challenge of generating
multimodal reports from scratch. We introduce the Formal
Description of Visualization, a structured representation of
charts that enables in-context learning from human-created
exemplar reports. Based on this, we propose Multimodal
DeepResearcher, an end-to-end framework for the genera-
tion of multimodal reports. While extensive experiments us-
ing both automatic and human evaluation confirm the effi-
cacy of our framework, several challenges remain, including
improving visualization quality, reducing hallucination, and
balancing utility with efficiency.
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