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Abstract

We introduce the task of text-to-diagram generation, which

focuses on creating structured visual representations di-

rectly from textual descriptions. Existing approaches in

text-to-image and text-to-code generation lack the logical

organization and flexibility needed to produce accurate,

editable diagrams, often resulting in outputs that are ei-

ther unstructured or difficult to modify. To address this

gap, we introduce DiagramGenBenchmark, a comprehen-

sive evaluation framework encompassing eight distinct di-

agram categories, including flowcharts, model architecture

diagrams, and mind maps. Additionally, we present Dia-

gramAgent, an innovative framework with four core mod-

ules—Plan Agent, Code Agent, Check Agent, and Diagram-

to-Code Agent—designed to facilitate both the generation

and refinement of complex diagrams. Our extensive experi-

ments, which combine objective metrics with human evalua-

tions, demonstrate that DiagramAgent significantly outper-

forms existing baseline models in terms of accuracy, struc-

tural coherence, and modifiability. This work not only es-

tablishes a foundational benchmark for the text-to-diagram

generation task but also introduces a powerful toolset to ad-

vance research and applications in this emerging area.

1. Introduction
“Drawing is not what one sees but what one can make oth-

ers see.” — Edgar Degas.

The task of transforming textual descriptions into struc-
tured diagrams, referred to as text-to-diagram generation,
is crucial for domains that rely on clear, logical repre-
sentations of complex information [8, 15, 27, 37, 40].
Unlike natural scene images, structured diagrams—such
as flowcharts, mind maps, and model architecture dia-
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grams—require precise relationships and logical coherence
to effectively communicate intricate ideas. This study fo-
cuses on developing robust methods for automatic dia-
gram generation and editing, aiming to facilitate efficient,
accurate diagram creation from textual input. Such ad-
vancements hold great potential to enhance productivity in
domains like education, scientific research, and industry,
where structured visualizations are essential for effective
communication and analysis.

While recent advancements in text-to-image generation
have produced impressive results in synthesizing photoreal-
istic and aesthetically pleasing images [8, 53], these meth-
ods are largely optimized for naturalistic visuals rather than
structured, logical content. Models such as GANs [43, 49]
and diffusion models [28, 33] have excelled at generating
images with rich visual detail, but they inherently lack the
ability to enforce the precise relationships and hierarchical
organization required for structured diagrams. Alternative
approaches have sought to first convert text into code repre-
sentations [4, 18, 41], which are then compiled into charts
or simple plots. These methods leverage advancements in
large language models to interpret textual descriptions as
code that can produce visual output. However, while effec-
tive for generating basic visualizations such as bar charts
and line graphs, this approach has limitations when applied
to more complex diagrams. Specifically, they lack the flexi-
bility and structural logic required for diagrams that demand
intricate organization and interactivity to edits—a necessity
for broader scientific and industrial applications.

As illustrated in Figure 1, existing methods fall short
when faced with tasks that require both logical precision
and post-generation modifiability. Text-to-image models
often produce outputs that are visually appealing but log-
ically incoherent [22, 53], failing to capture the structured
relationships that intricate diagrams demand. This gap in
logical structure limits the practical utility of these models
in scenarios where accurate and adaptable visual represen-
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VS
Text-to-Image Method 

Finish!Our Method 

Text-to-Code Method How can I draw a diagram 
illustrating a sequence 
processing model with 
encoders and decoders? The 
diagram should include 
words, ...

How can I use LaTeX and TikZ to draw a 
diagram that illustrates a sequence processing 
model with encoders and decoders? The 
diagram should include words, their 
corresponding encoders, bidirectional decoders, 
and output vectors, with arrows indicating the 
flow of information between these components.

How can I use LaTeX and TikZ to draw a 
diagram that illustrates a sequence processing 
model with encoders and decoders? The 
diagram should include words, their 
corresponding encoders, bidirectional decoders, 
and output vectors, with arrows indicating the 
flow of information between these components.

How can I use LaTeX and TikZ to draw a 
diagram that illustrates a sequence processing 
model with encoders and decoders? The 
diagram should include words, their 
corresponding encoders, bidirectional decoders, 
and output vectors, with arrows indicating the 
flow of information between these components.

\documentclass{standalone}
\usepackage{tikz}
\usetikzlibrary{arrows.meta, positioning}

\begin{document}
. . . . . .
\node (w1) [word] {Word 1};
\node (w2) [word, right=2em of w1] {Word 2};
\node (w3) [word, right=2em of w2] {Word 3};
. . . . . .
\end{tikzpicture}
\end{document}

Compiled image

Both methods failed because the "text-to-
image" method generated images that 
lacked logical coherence and were hard to 
understand, with each generated image 
being too random. Although the "text-to-
code" method compiles correctly, the 
resulting images lack complete logical 
structure.

Please add different colors for 
different components, red, 
orange, and blue respectively, to 
make the image more colorful. Please add different colors for different 

components, red, orange, and blue respectively, 
to make the image more colorful.

Our Method 

Figure 1. Challenges in Existing Text-to-Image and Text-to-Code Methods for Diagram Generation

tations are essential. On the other hand, current text-to-code
approaches, while suitable for simpler visualizations, strug-
gle to represent complex diagram features such as hierarchi-
cal relationships, intricate color coding, and layered struc-
tures [4, 18, 35]. Furthermore, there is a significant lack of
comprehensive datasets tailored for generating and modify-
ing diverse types of structured diagrams. Existing datasets
tend to focus on either image realism or simplistic data vi-
sualizations, neither of which fully address the demands of
text-to-diagram generation.

To address these challenges, we introduce Diagram-
GenBenchmark, a rigorously curated dataset for evaluat-
ing structured diagram generation and editing. This bench-
mark includes eight distinct types of diagrams, such as
flowcharts, bar charts, and model architectures, provid-
ing a solid foundation for advancing and assessing text-
to-diagram tasks. Alongside this benchmark dataset, we
propose DiagramAgent, a framework for text-to-diagram
generation and editing. DiagramAgent integrates multi-
ple agents, including a Plan Agent for interpreting textual
commands, a Code Agent for generating diagram code, a
Check Agent for logical verification, and a Diagram-to-

Code Agent. This framework not only facilitates robust di-
agram generation but also enables editing and adaptation,
accommodating complex structural requirements.

Our extensive experiments on DiagramAgent, conducted
using the DiagramGenBenchmark dataset, demonstrate its
superior performance across various diagram types and
tasks. Notably, DiagramAgent outperforms existing works
in terms of accuracy and overall quality. For example, in
the diagram generation task, DiagramAgent achieved top
scores with Pass@1 reaching 58.15, ROUGE-L scoring
51.97, and CodeBLEU at 86.83, highlighting its efficacy
in generating accurate and logically coherent diagram code.
We further validated DiagramAgent’s versatility by testing
it on both open-source models, such as Qwen2 [45], and
closed-source models, including GPT-4o [3], demonstrat-

ing its adaptability across different model architectures. To
substantiate these results, we conducted human evaluations
that aligned closely with the objective metrics, confirming
DiagramAgent’s accuracy and usability in diagram genera-
tion tasks. We summarize our contributions as follows:
• We introduce DiagramGenBenchmark, a benchmark

dataset covering eight diverse types of diagrams, specifi-
cally tailored for diagram generation and editing.

• We present DiagramAgent, a text-to-diagram framework
capable of both generating and editing diagrams, provid-
ing flexibility and accuracy in complex logical structures.

• We conduct comprehensive experiments demonstrating
DiagramAgent’s superior performance in terms of accu-
racy and logical coherence, establishing DiagramAgent
as a reliable baseline for future research.

2. Related Work
2.1. Text-to-image generation
Text-to-image generation involves creating images based
on natural language descriptions, ranging from photoreal-
istic scenes to semantically rich and abstract visuals [8,
38, 53]. Existing methods can be broadly categorized into
three main approaches: Generative Adversarial Networks
(GANs), diffusion models, and autoregressive approaches.
GANs represent some of the earliest efforts in this field,
with models such as StackGAN [49] and AttnGAN [43]
improving image quality through progressive generation
strategies and attention mechanisms. Despite their early
successes, GANs are often hampered by issues like in-
stability in adversarial training and mode collapse, mak-
ing them less suitable for generating images of complex
scenes. Diffusion models have emerged as the dominant ap-
proach, offering significant improvements in image quality
by iteratively refining images through a denoising process.
Notable examples include Imagen [33], which generates
high-resolution images with remarkable detail. PreciseCon-
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trol [28] enable fine-grained control over specific attributes,
while OpenBias [10] incorporates mechanisms for bias de-
tection to ensure fairness and diversity in generated outputs.
Transformer-based autoregressive models have also gained
prominence due to their strong cross-modal alignment ca-
pabilities. For instance, DALL-E [30] employs attention
mechanisms to closely map textual descriptions to visual
elements. The STAR model [26] integrates multi-scale au-
toregressive generation with enhanced Rotary Position Em-
beddings (RoPE) to improve consistency between text and
images in intricate scenarios. Similarly, Fluid [12] lever-
ages multi-level attention to fine-tune the alignment of ob-
ject layouts and sizes, ensuring a precise correspondence
between textual inputs and visual outputs. While these
methods have made significant strides in creating natural
scene imagery, they fall short when it comes to tasks that
require the generation of diagrams with logical structures
and explicit relationships, such as flowcharts, architecture
diagrams, or other technical illustrations.

2.2. Text-to-code generation
Text-to-code generation involves the automatic conver-
sion of natural language descriptions into executable
code. Notable examples include Qwen2.5-Coder [17],
DeepSeek-Coder-Instruct [14], Code-Llama [32], and Wiz-
ardCoder [25], which excel at generating sophisticated
code snippets that integrate architectural logic. In con-
trast, generalist text-to-code models, although not explic-
itly designed for code generation, have demonstrated re-
markable adaptability due to their extensive pre-trainings.
Open-sourced models such as Llama3 [11], Baichuan2 [44],
InternLM2.5 [7], and Qwen2 [45] exhibit strong capabili-
ties across multiple programming languages, making them
well-suited for a broad range of coding challenges. More-
over, several closed-sourced models, including GPT-4o [3],
Gemini [31], DeepSeek-2.5 [23], and GLM-4-Plus [13], of-
fer exceptional accuracy and performance in complex code
generation. Text-to-code models are also paving the way
for innovations that extend beyond conventional program-
ming tasks. The methodologies employed in text-to-code
generation have inspired research into adjacent areas, such
as automatic diagram generation in this work.

3. Preliminaries
We outline the foundational components of text-to-diagram
system, detailing the processes involved in generating, cod-
ing, and editing diagrams based on user instructions.

¨ Diagram Generation Given an instruction xins, our
system generates code cdiag, which can be compiled into
a diagram Dgen. Unlike standard code generation—which
focuses on executable logic—our approach emphasizes
both the logical structure and the aesthetic design.

Let fcode(xins) denote the function that translates a tex-
tual instruction xins into diagram-specific code cdiag . Addi-
tionally, let fimg(cdiag) represent the function that compiles
the diagram-specific code cdiag into the generated diagram
Dgen. The process can be formally expressed as follows:

Dgen = fimg(fcode(xins)), (1)

where Dgen is the generated diagram based on the struc-
tured and logical elements specified in the user instruction.
≠ Diagram Coding Given a diagram Dgen, our system
generates structured code c0diag that accurately captures the
logical framework and design elements of the diagram. This
process ensures that each diagram not only conveys the in-
tended information but also adheres to the necessary struc-
tural integrity. The process can be formulated as:

c0diag = f�1
code(Dgen). (2)

Æ Diagram Editing The process of modifying an existing
diagram involves three main steps: diagram coding, code

modification, and code-to-diagram recompilation. Initially,
the original diagram Dori is translated back into its underly-
ing code cori. This code is subsequently updated according
to the user’s editing instruction xedit, resulting in the mod-
ified code cmod. Finally, this modified code cmod is com-
piled into a new diagram Dmod. The editing process can be
mathematically represented as:

Dmod = fimg(fmod(f
�1
code(Dori), xedit)), (3)

where f�1
code(Dori) indicates the function that extracts the

code cori from the original diagram Dori. The function
fmod(cori, xedit) reflects the process of updating the code
based on the instruction xedit, ultimately producing the
modified diagram Dmod after recompilation via fimg .

4. Method
We summarize DiagramAgent, which comprises four core
agents: Plan Agent, Code Agent, Check Agent, and
Diagram-to-Code Agent in Figure 2, highlighting the inter-
actions between the agents and the processes involved in
diagram generation, coding, and editing.

4.1. Plan Agent
The Plan Agent (Ø) [17, 29] is the central component re-
sponsible for interpreting user instructions and determining
the necessary steps. The agent analyzes the instruction for
completeness. If the instruction is incomplete (e.g., missing
node or label information), the Plan Agent performs Query

Expansion using a Large Language Model (LLM), generat-
ing a more comprehensive query xcomp, ensuring necessary
elements are included. The process can be expressed as:

xcomp = fexpand(xins) (4)
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Coding output

\\documentclass[10p
t,twoside,frenchb]
. . . . . . 
\draw[->, red, thick]
. . . . . . 
\\end{document}

Diagram Generation
"How can I use TikZ in LaTeX to create 
a diagram that illustrates a complex 
network structure with multiple layers, 
including "Add&Norm", "deep-encoder" 
and "ctx-encoder" layers, along with 
input and output nodes? "

Generated Output

Editing output
Debugging

\\documentclass[10pt,twoside,frenchb]{article}
. . . . . .
\\begin{document}
. . . . . .
\draw[->, red, thick] (i) to[bend left=999] {a1]

\draw[->, red, thick] (i) to[bend left=90] (a1);
. . . . . .
\\end{document}"

Code Agent

Feedback

\documentclass[10pt,twoside,frenchb]{
article}
. . . . . .
\tikzset{

>=stealth,
hair lines/.style={line width = 0.05pt}

. . . . . .
\draw[->, thick, red]
. . . . . .
\end{document}

Diagram-to-Code Agent

Expanded Query

"How can I use TikZ in LaTeX to create a 
detailed diagram that illustrates a complex 
network structure with multiple layers . . . . . . 
The diagram should clearly differentiate 
between various components and their 
interactions. Specifically, I want to include the 
following elements: 1. Input and Output 
Nodes: Designate distinct nodes for input and 
output, labeled accordingly. 2. Layer Types: 
Include multiple layers such as "Add&Norm", 
"deep-encoder". . . . . . 6. Customizable 
Layout : The layout of the nodes and layers 
should. . . . . . "

Diagram Coding

Plan Agent

Check Agent

Diagram Editing
"Adjust the "deep-encoder" 
layer to the "FFNN" layer 
and the "ctx-encoder" layer 
to the "Multi-head 
Attention" layer, and fill the 
layers with colors. "

①

③

②

④ ⑥

⑤ ⑦

⑧

LLM

Tasks

Assign Tasks

Planning Phase

Figure 2. Workflow of DiagramAgent. The DiagramAgent handles diagram generation, coding, and editing tasks, processing the user query
(¨-Æ) through the Plan Agent (Ø), which communicates with the Code Agent (≤) for diagram generation or with the Diagram-to-Code
Agent (±) for diagram coding or editing. Code is verified and feedback provided by the Check Agent (≥).

Next, the complete query xcomp is passed to the Code
Agent, which generates the corresponding code cdiag.

For diagram coding, the Plan Agent handles the ini-
tial diagram Dori by invoking the Diagram-to-Code Agent

f�1
code(Dori) (±), which translates the diagram into its code

form. For diagram editing, the Plan Agent receives the edit-
ing query xedit along with the diagram Dori. Based on the
user’s request for changes, the Plan Agent again calls the
Diagram-to-Code Agent f�1

code(Dori) (±) to convert the pro-
vided diagram into code. Then, the Plan Agent sends both
the code and the editing query xedit to the Code Agent (≤).

4.2. Code Agent
The Code Agent (≤) [17, 51] is responsible for transform-
ing the processed user instructions from the Plan Agent
(Ø) into executable code. For diagram generation, the
Code Agent takes the complete query xcomp and generates
diagram-specific code cdiag as follows:

cdiag = fcode(xcomp) (5)

For diagram editing, the Code Agent takes the original code
cori and applies the modifications according to the query
xedit to generate modified code cmod. The code is passed to
the Check Agent (≥) for debugging and refinement, ensur-
ing that the code is both syntactically and logically correct.

We optimize the Code Agent by training it to generate
code c that closely matches a reference code cref . This can
be formalized as minimizing the following objective:

L = min
✓

E(x,cref ) [Lcode(fcode✓ (x), cref )] , (6)

where ✓ represents the parameters of the model, and Lcode is
the loss function, which measures the discrepancy between
the generated code and the reference code.

4.3. Diagram-to-Code Agent
The Diagram-to-Code Agent (±) is responsible for convert-
ing a given diagram Dori into its corresponding code c0diag,
facilitating the diagram coding task. The Diagram-to-Code
Agent captures the diagram’s logical structure and visual
elements, translating them into structured code. This trans-
formation process is formally expressed as:

c0diag = fdiagram-to-code(Dori) (7)

where c0diag denotes the generated code based on the ele-
ments of the diagram Dori.

The Diagram-to-Code Agent then sends the generated
c0diag to the Check Agent (∞) for validation. If necessary,
feedback is provided to refine c0diag . The objective is to
generate code c0diag that closely matches a reference code
cref , ensuring that the code preserves the diagram’s logi-
cal and visual integrity. This optimization is formalized as
minimizing the following loss function:

L = min
✓

E(Dori,cref )

⇥
Lcode(fdiagram-to-code✓ (Dori), cref )

⇤
.

(8)
where Lcode measures the discrepancy between the gener-
ated code and the reference code.

4.4. Check Agent
The Check Agent (≥) [17, 36] is responsible for verifying
the correctness and completeness of the code generated by
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the Code Agent (≤) and the Diagram-to-Code Agent(±).
Its role involves two critical stages: debugging and verifica-

tion. First, the Check Agent compiles the generated code.
If errors are detected, they are returned to the Code Agent
or Diagram-to-Code Agent for correction and regeneration.
Once the code compiles successfully, the Check Agent uses
GPT-4o [3] to verify the completeness of the code, ensuring
that all necessary elements are included. The process can
be summarized as follows:

fcheck(c) = fdebug(cdiag, cmod, c
0
diag) + fverify(cdiag, cmod, c

0
diag)

(9)
where fdebug(c) returns errors if present, and fverify(c)

evaluates the completeness of the diagram.

5. DiagramGenBenchmark
We introduce DiagramGenBenchmark, which focuses on
transforming textual descriptions into structured diagram
representations. It includes various types of diagrams such
as model architecture diagrams, flowcharts, line charts,
directed and undirected graphs, tables, bar charts, and
mind maps. The data is sourced from HuggingFace’s
VGQA [54], datikz [6], and datikz-v2 [6] datasets, as well
as open-source repositories on GitHub and Overleaf, which
are licensed under CC BY 4.0 or MIT. These repositories
predominantly feature diagram code written in LaTeX or
DOT languages. Due to the limited space, we provide the
benchmark dataset details in the Appendix A.

5.1. Data Statistics
Figure 3 provides example queries and diagrams, inlcuding
model architecture, flowcharts, line charts, directed/undi-
rected graphs, tables, bar charts, and mind maps. As de-
tailed in Table 1, the diagram generation/coding task con-
tains 6713 training samples and 270 testing samples, while
the diagram editing task includes 1400 training samples and
200 testing samples. The query lengths and code lengths
vary significantly, reflecting the complexity of the tasks.

5.2. Evaluation Metrics
• Code Generation Metrics: For the diagram generation

and editing tasks, we evaluate the generated code using:
– Pass@1 (↑): Measures accuracy of generated code.
– ROUGE-L (↑): Measures similarity with reference

code based on longest common subsequence.
– CodeBLEU (↑): Assess semantic similarity with refer-

ence code.
– Edit Distance (↓): Computes the edit operations re-

quired to match the reference.
– chrF (↑), RUBY (↑): Evaluate text similarity and un-

derstanding.
• Diagram Quality Metrics: For assessing the quality of

generated diagrams, we use:
– CLIP-FID (↓), LPIPS (↓): Cross-modal similarity.
– PSNR (↑), MS-SSIM (↑): Structural and clarity metrics.

"How can I use DOT 
language to create a 
flowchart that 
includes decision 
points and labeled 
connections, where 
nodes have different 
styles and colors to 
indicate their 
purpose?"

"How can I use TikZ
to draw a complex 
diagram with 
multiple 
interconnected 
elements, including 
convolutional layers, 
pooling layers, fully 
connected layers, 
and merge layers, 
with various shapes 
and connections?"

Model Architecture Flowchart

"How can I use 
LaTeX and TikZ to 
create a bar chart 
with two sets of 
data, where each 
set has different 
colors and labels? 
I want to customize 
the bar width, axis 
limits, and include 
a legend."

"How can I use DOT 
language to create a 
diagram that 
represents a database 
table named 
\"public_gene_codons\
" with columns \"id\", 
\"gene_id\", and 
\"codon_id\", and 
includes formatting 
such as a table layout, 
specific…

"How can I use 
LaTeX and TikZ to 
create a mind map 
diagram that 
illustrates the 
relationships between 
Enthalpy, Free 
Energy, and Entropy, 
with each concept 
represented by a 
differently colored 
node and …

"How can I use 
LaTeX and TikZ to 
draw a diagram that 
consists of a central 
point connected to 
six other points with 
thick lines, where 
some points are 
labeled and 
distinguished by 
filled and unfilled 
circles?"

"How can I use TikZ
to draw a 
logarithmic plot with 
three curves on the 
same graph, where 
each curve 
represents a different 
mathematical 
function, and the x-
axis represents 
time?"

"How can I use DOT 
to create a directed 
graph that illustrates 
a priority system with 
distinct nodes for 
\"low-priority\" and 
\"high-priority\" tasks, 
where multiple 
sources feed into the 
\"low-priority\" node, 
and transitions…

Table Bar Chart

Directed Graph

Line Chart

Undirected Graph

Mind Map

Figure 3. Example queries and diagrams.
Table 1. Key statistics of DiagramGenBenchmark.

Statistic Generation / Coding Editing

Total Samples 6983 1600
Training Samples 6713 1400
Testing Samples 270 200

Diagram Type
Model Architecture 3000 (42.96%) 706 (44.13%)
Flowchart 1500 (21.48%) 320 (20%)
Line Chart 1142 (16.35%) 227 (14.19%)
Directed Graph 787 (11.27%) 217 (13.56%)
Table 114 (1.63%) 19 (1.19%)
Bar Chart 227 (3.25%) 77 (4.81%)
Mind Map 140 (2.00%) 16 (1%)
Undirected Graph 73 (1.05%) 18 (1.12%)

Query Length (tokens)
Minimum 18 40
Maximum 561 499
Average 247 133

Complete Query Length (tokens)
Minimum 404 115
Maximum 4015 3419
Average 1900 98

Code Length (tokens)
Minimum 60 116
Maximum 75612 4727
Average 1701 1009.6

• Human Evaluation: Three evaluators with graduate de-
grees assess the test set based on criteria rated from 1 to
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5, with higher scores indicating better quality.

6. Experiment
Setup DiagramAgent performs diagram generation and
editing through four core agents: Plan Agent, Code Agent,
Check Agent, and Diagram-to-Code Agent. The Plan Agent
utilizes the Qwen-72B [17] to effectively distinguish and in-
terpret the user’s query tasks. The Code Agent is based on
Qwen2.5-Coder-7B [17], fine-tuned for four epochs with a
maximum input length of 8192 tokens. Diagram-to-Code
Agent uses Qwen2-VL-7B [39] in its default configuration.
Experiments are conducted on an 8⇥80G A100 GPUs.

Model Comparison We evaluate DiagramAgent’s
Code Agent against 16 mainstream models. The spe-
cialized code models include Qwen2.5-Coder [17],
DeepSeek-Coder-Instruct [14], Code-Llama [32], Wiz-
ardCoder [25], Codegeex4-all [52], Starcoder2 [21],
and Yi-Coder [1]. Open-source models feature Llama-
3.1 [11], Baichuan2 [44], Internlm2 5 [7], Yi-1.5 [48],
and Qwen2 [17], while close-source models include
GPT-4o [3], DeepSeek V2.5 [23], GLM-4-plus [13], and
Gemini [31]. Similarly, we compare the Diagram-to-Code
Agent’s performance on the diagram coding against
open-source models include Yi-VL [47], Qwen2-VL [39],
Internlm-Xcomposer2.5 [50], Llama-3.2-Vision [11],
Phi-3.5-vision [2], Llava-v1.6 [19], Cogvlm2-llama3 [16],
and Deepseek-vl [24]. Close-source models include
GPT-4o [3], GLM-4-plus [13], and Gemini-1.5-pro [31].

6.1. Diagram Generation
Main Results DiagramAgent’s Code Agent demonstrates
outstanding performance on the diagram generation task,
achieving top scores across both code accuracy and image
fidelity metrics, as shown in Table 2. In terms of code
quality, DiagramAgent achieves leading results with met-
rics such as Pass@1 (58.15), ROUGE-L (51.97), and Code-
BLEU (86.83), among others, highlighting its capability to
generate accurate and robust code representations. These
results demonstrate the effectiveness of DiagramAgent in
generating structured, accurate, and high-quality diagrams.
For image quality, it also excels with PSNR (6.38), LPIPS
(45.95), and others, confirming its ability to maintain high
visual fidelity in generated diagrams.

Ablation Study The ablation study in Table 3 demon-
strates the critical role of the Check Agent in enhancing
DiagramAgent’s performance. Removing the verification
module (GPT-4o) leads to the chrF decrease of -0.68 and the
LPIPS increase of +0.71. Excluding the debugging compo-
nent (compiler) results in a significant chrF drop of -1.75
and an LPIPS increase of +2.18, impacting both code qual-
ity and image fidelity. Together, the debugging and verifica-
tion achieve the highest scores across metrics, underscoring

their combined value in producing precise diagrams. Over-
all, this ablation study demonstrates that both debugging
and verification are essential in diagram generation.

6.2. Diagram Coding
Main Results DiagramAgent’s model, configured with
compiler-based debugging followed by GPT-4o verifica-
tion, achieves the highest performance across several met-
rics in the diagram coding task, as illustrated in Table 4.
Key metrics include Pass@1 (68.89), ROUGE-L (48.99),
codeBLEU (84.64), demonstrating DiagramAgent’s effec-
tiveness in generating high-quality code from images. Com-
pared to both open-source models like Qwen2-VL-7B-
Instruct and closed-source models such as GPT-4o, Diagra-
mAgent consistently excels, highlighting its robustness in
tasks requiring precise visual-to-code translation.

Ablation Study The ablation study in Table 5 demon-
strates the effectiveness and necessity of the Check Agent’s
debugging (compiler) and verification (GPT-4o) compo-
nents within DiagramAgent. Removing the verification
module results in a notable Pass@1 reduction of -6.30 and a
ROUGE-L reduction of -0.28, underscoring the importance
of verification for accurate code generation. Excluding the
compiler module reduces Pass@1 by -15.56 and ROUGE-L
by -0.53. The full model configuration, which includes both
debugging and verification, achieves optimal results across
all metrics, affirming the essential role of these components
in enhancing diagram coding performance.

Due to space limitations, the full results presented in Ta-
ble 4 and Table 5 are provided in Appendix E.

6.3. Diagram Editing
Main results DiagramAgent’s Code Agent achieves su-
perior results on the diagram editing task, demonstrat-
ing exceptional performance in both code accuracy and
image quality metrics, as shown in Table 6. In terms
of code generation, DiagramAgent leads with top scores
in Pass@1 (98.00), ROUGE-L (98.41), and CodeBLEU
(99.93), underscoring its capability for precise and reliable
code outputs. For image quality, DiagramAgent also excels,
achieving outstanding results in CLIP-FID (1.08), LPIPS
(40.64), and MS-SSIM (97.00), although its PSNR (13.18)
is slightly lower than WizardCoder, potentially due to Dia-
gramAgent’s focus on overall image fidelity rather than ab-
solute sharpness. DiagramAgent consistently outperforms
baseline models across comprehensive metrics, validating
its strong adaptability and reliability.

Ablation Study As shown in Table 7, removing the ver-
ification module results in a Pass@1 decrease of -1.00 and
a chrF reduction of -0.08, highlighting its role in ensur-
ing code accuracy. Excluding the debugging module no-
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Table 2. Main results for diagram generation (Code Agent). The best result in each metric is bolded.
Model Size Pass@1↑ ROUGE-L↑ CodeBLEU↑ Edit Dist.↓ chrF↑ RUBY↑ CLIP-FID↓ LPIPS↓ PSNR↑ MS-SSIM↑
Qwen2.5-Coder [17] 7B 32.22 41.94 82.58 83.45 38.14 28.09 18.90 60.54 3.72 13.04
DeepSeek-Coder [14] 33B 55.56 44.26 83.29 81.85 42.01 30.55 15.49 60.99 6.02 19.80
Code-Llama [32] 34B 8.89 22.92 76.78 95.89 28.77 13.60 30.12 59.80 0.89 2.32
WizardCoder [25], 15B 28.89 29.93 78.96 91.30 31.38 19.73 27.38 55.96 3.36 11.66
Codegeex4-all [52] 9B 49.63 42.14 82.94 86.31 41.36 28.69 13.86 61.08 5.48 17.37
Starcoder2 [21] 15B 27.41 26.49 78.56 90.67 25.98 17.74 31.63 56.54 3.11 10.53
Yi-Coder [1] 9B 37.04 41.38 82.46 83.91 39.20 28.00 22.40 57.10 3.91 14.11

Llama-3.1 [11] 8B 33.58 37.04 80.45 88.24 36.80 24.79 17.91 58.80 3.78 11.94
Baichuan2 [44] 13B 16.30 33.28 79.94 87.96 31.83 21.51 23.43 61.49 1.81 4.94
Internlm2 5 [7] 20B 34.44 39.45 81.79 87.00 38.44 26.21 24.56 56.81 3.91 13.39
Yi-1.5 [48] 34B 35.19 42.56 82.91 85.52 42.03 28.43 20.03 58.04 3.82 12.83
Qwen2 [17] 7B 41.48 41.74 82.49 84.86 39.72 27.93 15.57 58.89 4.60 15.48

GPT-4o [3] - 49.81 44.59 82.83 85.17 43.83 30.08 13.26 63.07 5.56 18.21
DeepSeek V2.5 [23] - 54.44 43.00 82.83 85.67 43.63 28.75 13.32 62.32 5.56 16.98
GLM-4-plus [13] - 42.96 46.42 83.91 82.40 44.51 32.13 14.70 63.38 4.47 13.89
Gemini [31] - 43.23 44.86 82.37 84.44 43.75 30.46 21.69 54.93 3.16 18.70

DiagramAgent 7B 58.15 51.97 86.83 74.62 53.49 39.71 11.16 45.95 6.38 24.78

Table 3. Ablation study for diagram generation task (Code Agent). Each result shows the performance of DiagramAgent Code Agent under
various component configurations, with the decrease in each metric from the full model indicated in parentheses.

Diagram generation Size Pass@1↑ ROUGE-L↑ CodeBLEU↑ Edit Dist.↓ chrF↑ RUBY↑ CLIP-FID↓ LPIPS↓ PSNR↑ MS-SSIM↑

DiagramAgent 7B 58.15 51.97 86.83 74.62 53.49 39.71 11.16 45.95 6.38 24.78
– w/o GPT-4o 7B 57.78 51.95 86.35 74.71 52.81 39.33 11.23 46.66 6.33 20.80

(-0.37) (-0.02) (-0.48) (+0.09) (-0.68) (-0.38) (+0.07) (+0.71) (-0.05) (-3.98)
– w/o Compiler 7B 57.41 51.94 85.78 74.68 51.74 39.65 11.29 48.13 5.93 24.10

(-0.74) (-0.03) (-1.05) (+0.06) (-1.75) (-0.06) (+0.13) (+2.18) (-0.45) (-0.68)
– w/o GPT-4o & Compiler 7B 57.41 51.87 85.74 74.79 51.69 38.77 11.30 48.17 5.85 20.37

(-0.74) (-0.10) (-1.09) (+0.17) (-1.80) (-0.94) (+0.14) (+2.22) (-0.53) (-4.41)

Table 4. Main results for diagram coding task (Diagram-to-Code
Agent). The best result in each metric is bolded.

Model Size Pass@1↑ ROUGE-L↑ codeBLEU↑

Yi-VL [47] 34B 2.22 20.01 70.57
Qwen2-VL [39] 7B 28.89 31.74 80.04
Internlm-xcomposer2.5 [50] 7B 3.33 28.47 77.35
Llama-3.2-Vision [11] 11B 27.78 21.94 75.37
Phi-3.5-vision [2] 4B 24.07 27.53 76.56
Llava-v1.6 [19] 34B 8.89 26.68 76.53
Cogvlm2-llama3 [16] 19B 3.70 14.42 70.72
Deepseek-vl [24] 7B 50.74 25.18 76.48

GPT-4o [3] - 64.07 39.95 81.78
GLM-4-plus [13] - 51.48 35.92 80.16
Gemini-1.5-pro [31] - 17.78 38.66 80.75

DiagramAgent 7B 68.89 48.99 84.64

Table 5. Ablation study for diagram coding task (Diagram-to-
Code Agent). Each result shows the performance of DiagramA-
gent under various component configurations, with the decrease in
each metric from the full model indicated in parentheses.

Diagram coding Size Pass@1↑ ROUGE-L↑ codeBLEU↑

DiagramAgent 7B 68.89 48.99 84.64
– w/o GPT-4o 7B 62.59 48.71 84.57

(-6.30) (-0.28) (-0.07)
– w/o Compiler 7B 53.33 48.46 84.52

(-15.56) (-0.53) (-0.12)
– w/o GPT-4o & Compiler 7B 52.59 47.81 84.21

(-16.30) (-1.18) (-0.43)

tably impacts CodeBLEU by -0.74 and increases LPIPS by
+1.53, affecting both code quality and visual fidelity. In-

terestingly, while removing the debugging module led to
a decrease in overall fidelity, PSNR showed a slight im-
provement, possibly due to the model’s focus shifting to-
wards simpler representations, which, though less precise,
may result in visually sharper images. Removing both com-
ponents leads to larger performance declines, including a
Pass@1 reduction of -2.50 and an MS-SSIM decrease of -
3.07, confirming the necessity of debugging and verification
for maintaining both high accuracy and fidelity.

6.4. Human Evaluation

To assess DiagramAgent’s performance, three raters with
master’s degrees evaluated two core tasks—the diagram
generation task and the diagram editing task—using a 1-5
scale. A score of 1 represents minimal satisfaction in terms
of code accuracy and diagram fidelity, while a score of 5 in-
dicates the highest satisfaction. The evaluation criteria fo-
cused on the similarity between the generated diagram and
the reference diagram. Figure 4 presents the scores across
models. DiagramAgent achieves state-of-the-art scores in
both tasks, demonstrating superior accuracy compared to
other models. Notably, the results show that DiagramA-
gent performs better on the diagram editing task than on
the diagram generation task. This difference suggests that
diagram editing task, which involves modifying an exist-
ing codebase, is comparatively easier due to the established
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Table 6. Main results for diagram editing (Code Agent). The best result in each metric is bolded.

Model Size Pass@1↑ ROUGE-L↑ CodeBLEU↑ Edit Dist.↓ chrF↑ RUBY↑ CLIP-FID↓ LPIPS↓ PSNR↑ MS-SSIM↑

Qwen2.5-Coder-7B [17] 7B 71.50 91.86 97.42 13.26 89.91 86.99 4.79 46.45 11.16 66.76
DeepSeek-Coder-Instruct [14] 33B 90.50 96.64 98.48 5.80 95.73 94.68 2.63 46.25 15.84 86.42
Code-Llama [32] 34B 87.00 52.51 92.55 50.96 65.83 40.22 4.95 44.62 24.10 82.42
WizardCoder [25] 15B 87.50 74.59 95.20 28.91 84.23 63.71 4.92 44.18 24.24 82.88
Codegeex4-all [52] 9B 90.00 96.73 98.71 5.39 95.99 95.69 1.93 43.43 11.47 92.35
Starcoder2 [21] 15B 41.00 21.34 90.28 80.79 34.04 14.36 9.44 44.76 11.50 37.93
Yi-Coder [1] 9B 81.50 96.03 98.08 7.00 95.43 93.41 2.68 45.28 13.05 78.59

Llama-3.1-8B-Instruct [11] 8B 24.00 50.85 89.20 55.86 57.03 44.52 14.06 48.59 4.09 21.37
Baichuan2-13B-Chat [44] 13B 39.50 82.07 92.51 30.60 82.33 75.16 10.04 44.80 6.50 37.06
Internlm2 5-20b-chat [7] 20B 57.00 84.31 95.57 21.13 87.98 77.90 6.58 43.85 12.14 55.96
Yi-1.5-34B-chat [48] 34B 90.50 96.64 98.38 6.85 95.78 94.52 2.13 45.86 16.06 85.70
Qwen2-7B-Instruct [17] 7B 81.50 91.51 96.40 17.87 91.34 87.63 3.72 44.87 15.59 76.67

GPT-4o [3] - 92.42 96.22 97.73 7.31 95.49 94.50 1.89 43.53 14.23 88.43
DeepSeek V2.5 [23] - 95.00 96.77 98.83 5.04 96.10 94.96 1.63 43.16 12.81 91.97
GLM-4-plus [13] - 92.00 97.05 98.63 6.06 96.04 95.12 1.54 45.79 13.89 88.31
Gemini [31] - 72.00 95.09 95.34 7.00 93.32 93.45 2.08 47.57 12.50 85.59

DiagramAgent Code Agent 7B 98.00 98.41 99.93 3.58 97.96 97.05 1.08 40.64 13.18 97.00

Table 7. Ablation study for diagram editing task (Code Agent). Each result shows the performance of DiagramAgent Code Agent under
various component configurations, with the decrease in each metric from the full model indicated in parentheses.

Diagram editing Size Pass@1↑ ROUGE-L↑ CodeBLEU↑ Edit Dist.↓ chrF↑ RUBY↑ CLIP-FID↓ LPIPS↓ PSNR↑ MS-SSIM↑

DiagramAgent 7B 98.00 98.41 99.93 3.58 97.96 97.05 1.08 40.64 13.18 97.00
– w/o GPT-4o 7B 97.00 98.19 99.29 3.63 97.88 96.96 1.13 41.95 13.33 96.02

(-1.00) (-0.22) (-0.64) (+0.05) (-0.08) (-0.09) (+0.05) (+1.31) (+0.15) (-0.98)
– w/o Compiler 7B 95.50 98.12 99.19 3.84 97.45 96.91 1.26 42.17 16.72 96.22

(-2.50) (-0.29) (-0.74) (+0.26) (-0.51) (-0.14) (+0.18) (+1.53) (+3.54) (-0.78)
– w/o GPT-4o & Compiler 7B 95.50 97.92 99.11 3.96 97.30 96.73 1.36 42.21 15.60 93.93

(-2.50) (-0.49) (-0.82) (+0.38) (-0.66) (-0.32) (+0.28) (+1.57) (+2.42) (-3.07)

structure, whereas the diagram generation task requires gen-
erating a diagram from scratch, posing a higher challenge
given the dependency on instruction quality.

Figure 4. Human evaluation results for different models on dia-
gram generation and Modify diagram generation tasks.

Consequently, achieving accurate diagrams in a single
generation step remains a significant challenge, often re-
quiring multiple iterations to refine the output. This obser-
vation highlights the importance of DiagramAgent’s capa-
bility for iterative diagram editing, enabling the generation
of precise and refined diagrams. We also provide detailed
error analysis in Appendix F.

7. Conclusion and Limitations

In this work, we present DiagramAgent, a framework for
Text-to-Diagram generation, alongside DiagramGenBench-
mark, a comprehensive dataset that encompasses eight dis-
tinct types of structured diagrams. Our extensive experi-
mental evaluations, which include both objective metrics
and human assessments, demonstrate that DiagramAgent
significantly outperforms existing open-source and close-
source models in diagram generation, coding, and editing
tasks. To the best of our knowledge, this is the first frame-
work specifically designed not only for generating struc-
tured diagrams from textual descriptions but also for editing
them. This work sets a new benchmark for text-to-diagram
tasks, contributing significantly to the fields of structured
diagram generation and editing.

However, there are still areas for further refinement. Di-
agramAgent’s handling of more complex structures, partic-
ularly with regard to intricate spatial relationships, remains
an area for future development. Additionally, while dia-
gram editing has reached a high level of accuracy, chal-
lenges persist in diagram generation, where achieving con-
sistent and precise coding remains critical for producing re-
liable and accurate modifications.
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