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Abstract

Context: Recent advances in LLM-based diagram generation
increasingly rely on coordinated agent systems rather than
single-model prompts.
Objective: This work highlights how modular multi-agent
architectures improve reliability, semantic grounding, and iterative
refinement in text-to-diagram workflows.
Method: We analyze a pipeline composed of specialized agents
for interpretation, synthesis, validation, and correction, each
contributing a bounded and inspectable transformation.
Results: The agent system provides deterministic validation,
structured reasoning, and controlled refinement loops that
outperform monolithic LLM generation.
Conclusions: Multi-agent LLM pipelines represent a robust
foundation for precise, verifiable diagram generation and serve as
a reproducible alternative to single-pass text-to-diagram models.

1. Introduction

Automated diagram generation has evolved from manual drawing to intelligent, text-driven
visual synthesis. This progression reflects increasing abstraction from geometric representa-
tion to semantic reasoning. We categorize the evolution into four stages:
– Drawing → Diagram
– Template/Pattern → Diagram
– Formal Specification → Diagram
– Text → Diagram

These stages illustrate how the field transitioned from handcrafted representations
to symbolic modeling and, more recently, to reasoning-centric LLM pipelines capable of
self-verification and stylistic refinement.

1.1. From drawing to diagram

Early design began with hand drawings and sketches – the most fundamental means of
visual reasoning. Brito et al. [1] highlight the role of manual drawing in the first 150 years of
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engineering, showing how sketching supported problem-solving and concept communication.
Taraszkiewicz [2] contrasts freehand and digital design tools, underscoring that hand
drawing still cultivates spatial thinking and design creativity. Willis et al. [3] bridge
sketching and CAD by showing how engineering sketches encode geometric and semantic
cues for later automation. Agrawal et al. [4] review hand-drawn diagram recognition,
documenting early attempts to computationally interpret sketches. Finally, Donnici [5]
integrates hand sketching, digital modeling, and generative AI, revealing how analog
creativity and computational representation can co-exist. Autodesk [6] and Trimble [7]
represent the commercial lineage of this digital-design evolution.

1.2. From template/pattern to diagram

The next step introduced reusable visual grammars and templates. Rule-based CAD
macros and parametric patterns produced diagrams from parameter sets. Later, Generative
Adversarial Networks (GANs) [8–11] automated the creation of structured layouts, learning
spatial design grammars from data. In parallel, prompt-engineering research by White
et al. [12] formulated prompt patterns (e.g., Critic, Refine, Plan) – textual analogs of
design templates. These works represent the movement from handcrafted geometry to
pattern-based diagram synthesis.

1.3. From formal specification to diagram

Formal and software-engineering research established methods to automatically generate di-
agrams from structured specifications. Buhr et al. [13] introduced Software CAD, converting
software design specifications into statecharts and communication diagrams. Object-oriented
modeling (Rumbaugh et al. [14]; Booch [15]; UML spec [16]) and graph-transformation
systems (Schürr et al. [17]; France & Rumpe [18]) formalized the transformation from ab-
stract models to diagrams. Domain-Specific Languages (DSLs) [19] and story diagrams [20]
extended these principles into executable, visual specification languages.

1.4. From text to diagram

1.4.1. Pre-LLM foundations

Early approaches used syntactic NLP pipelines to generate diagrams from restricted text
domains. Ghosh et al. [21] presented an ER-Generator that transformed English text into
Entity–Relationship diagrams using handcrafted linguistic rules. Although functional, such
methods were brittle and domain-limited, revealing the need for semantic reasoning.

1.4.2. LLM reasoning and prompting

Recent advances introduced structured prompting and multi-step reasoning. Rane et al. [22],
Giray [23], Wei et al. [24], and Yao et al. [25] explored techniques such as Chain-of-Thought
and Tree-of-Thought prompting that enable LLMs to produce semantically coherent
structured outputs. Building upon these foundations, Zhang et al. [26] proposed an LLM
agent that uses ReAct prompting and retrieval-augmented generation (RAG) to convert
natural-language descriptions into AutoCAD-compatible structural drawings. Their system2
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is conceptually similar to ours – transforming text into diagrammatic representations – but
lacks two elements central to our framework: (1) autonomous feedback loops for verification,
and (2) stylistic cognition layers for applying contextual flavors and visual refinement.

2. Our architecture: Multi-agent feedback system for diagram generation

2.1. Motivation

While prior approaches to automated diagram generation typically operate as single-pass
systems – producing diagrams directly from prompts or specifications – they lack mecha-
nisms for self-correction, contextual adaptation, and aesthetic refinement. In contrast, our
framework (Figure 1) adopts a multi-agent architecture inspired by distributed cognition
and reflective reasoning. Each agent operates semi-autonomously within a shared state
space, contributing a specialized capability (selection, generation, verification, refinement)
to collectively ensure accuracy, coherence, and stylistic quality. This architecture embodies
the principle of “reason–generate–validate–refine”, forming a closed feedback loop that
mimics expert-level design iteration.

2.2. Agent 3 – Meta-selector

Agent 3 functions as the meta-reasoning component responsible for determining the most
appropriate diagram type for a given source input. It begins by retrieving a catalog of
available diagram types, each defined by its structural semantics, representational intent,

Figure 1. Agentic workflow
3
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and domain of applicability (e.g., UML, ER, flowchart, or sequence diagrams). This catalog
serves as the agent’s design space and reference ontology. Subsequently, Agent 3 reads the
source material – which may consist of program code, structured data, or descriptive text
– from which a diagram is to be derived. It then invokes a large language model (LLM) to
perform high-level semantic abstraction, transforming the raw source into a key message
that captures its core functional or conceptual meaning. Using this key message, Agent 3
performs a mapping operation between the extracted semantic intent and the entries in its
diagram catalog, again by requesting the LLM. The outcome of this reasoning process is
the selection of the most contextually appropriate diagram type, which is then passed as
structured metadata to downstream agents for generation and validation.

2.3. Agent 5 – Structural generator

Agent 5 acts as the structural synthesis component of the architecture, translating the
conceptual representation provided by Agent 3 into a formally defined, executable diagram
specification. It not only generates the structural content of the diagram but also integrates
contextual style directives, referred to as flavors, which guide the visual and aesthetic
realization of the final output.

2.3.1. Structural synthesis

Upon receiving the diagram-type metadata and semantic intent from Agent 3, Agent 5
loads the corresponding syntax–semantics specification for that diagram category. This
specification defines the grammar, permissible constructs, and visual conventions required to
produce a valid diagram instance (e.g., entity relationships in ER diagrams, message lifelines
in sequence diagrams, or cardinalities in UML class models). Using this formal schema,
Agent 5 constructs a structured generation prompt and invokes a diagram-generation
model (typically an LLM fine-tuned for code synthesis). The model produces a well-formed
diagram specification – such as PlantUML, Mermaid, or Graphviz code – encoded according
to the chosen visual language.

2.3.2. Integration of flavors

In addition to structural information, Agent 5 receives flavor directives that guide the
diagram’s visual appearance and stylistic composition. Flavors represent high-level cus-
tomization instructions that can be expressed either as free-form textual guidelines (e.g.,
“use rounded corners for nodes,” “render in black and white,” “omit datatypes from at-
tributes”), or example diagrams that implicitly define the desired appearance through color
schemes, font choices, and layout properties. Two categories of flavors are distinguished:
– Global flavors – define uniform design conventions across all generated diagrams. They

establish the overall aesthetic identity of the system, enforcing rules such as monospaced
fonts, consistent color palettes, uniform spacing, or minimalistic edge styles.

– Local flavors – apply to individual diagram instances and specify fine-grained refine-
ments or stylistic deviations. These may include color highlighting for selected node
types, UML layout constraints, or simply providing an example diagram whose color,
font, and style parameters are extracted and reused for the current generation task.

During synthesis, Agent 5 merges the semantic structure (from Agent 3) with the flavor
constraints to produce a style-aware structural output. This ensures that every generated4
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diagram is not only syntactically correct and semantically coherent but also visually aligned
with the desired aesthetic conventions. The resulting diagram specification is serialized and
transmitted to Agent 7 for validation and possible regeneration.

2.4. Agent 7 – Deterministic validator and artifact constructor

Agent 7 functions as the deterministic validation and artifact-construction layer within
the multi-agent feedback loop. Unlike the reasoning-driven agents that precede it, Agent 7
performs purely mechanical verification by executing the appropriate rendering engine
for the selected diagram framework. Its primary objective is to ensure that the structural
specification produced by Agent 5 is syntactically valid and formally renderable within
its designated visualization environment. Upon receiving the diagram specification and
diagram-type metadata, Agent 7 invokes the corresponding rendering engine – for example
Mermaid.js for Mermaid diagrams, PlantUML.jar (with Graphviz) for UML or architecture
diagrams, or specialized back-ends for domain-specific cases. The rendering engine performs
a deterministic compilation of the diagram code and produces diagnostic feedback in the
form of logs or console messages. If the rendering process fails, Agent 7 encapsulates
the extracted diagnostics into a structured feedback message and redirects it to Agent 5,
requesting regeneration or localized correction. This establishes a closed validation loop
that enables the system to autonomously refine the generated code until a formally valid
output is produced. To maintain operational determinism and prevent infinite recursion,
Agent 7 enforces a retry limit of three iterations. If no valid rendering is achieved after three
validation cycles, the agent terminates the process and emits a failure status report to the
system controller. When rendering succeeds, Agent 7 stores the resulting validated artifact
– typically an SVG, PNG, or JSON-encoded graph representation – into the system’s
artifact registry. Thus, Agent 7 represents the mechanical boundary between generative
reasoning and visual materialization, ensuring that only formally consistent outputs enter
the refinement stage.

2.5. Agent 9 – Refinement

Agent 9 implements the optional refine-and-retry phase of the workflow. Whereas Agent 7
focuses on validating a given diagram against the chosen engine (Mermaid, PlantUML, or
Markdown) and producing the corresponding artifacts, Agent 9 is invoked when refinement
instructions are present and a previous validation run suggests that a targeted revision
might improve the result. In the control graph, execution flows from Agent 7 to Agent 9
whenever the shared state marks a refinement as pending; after Agent 9 has finished, the
updated diagram is passed back to Agent 7 for a final validation pass. Beyond cosmetic
edits, Agent 9 is designed for domain-specific, user-driven semantic adjustments (e.g.,
“remove risk node from mindmap”) that tailor an already valid diagram to its intended
purpose.

Internally, Agent 9 orchestrates two LLM-based sub-agents: a feasibility checker and
the actual refinement agent. The feasibility step inspects the user’s refinement instructions
together with the diagram format, the logical diagram type, an excerpt of the current
diagram code, and any available specification text. Its task is to decide whether the
requested changes can be realized without violating the underlying diagram language or the
documented constraints. If the instructions are deemed infeasible (for example because they
conflict with the grammar or with mandatory attributes), Agent 9 aborts the refinement 5

https://www.e-informatyka.pl/EISEJ/papers/2026/1/9/


Hartwig Grabowski e-Informatica Software Engineering Journal, 20 (2026), 260109

phase, records a concise explanation and recommendation in the state, and hands control
back to the workflow without modifying the diagram.

If the instructions are feasible, Agent 9 invokes the refinement agent, which applies
the requested changes to the diagram code in a series of bounded attempts. Each attempt
is guided by three layers of context: the explicit instructions, diagram-specific flavor
guidance, and general flavor guidance, as well as any validator feedback from earlier
runs. The refinement agent aims for minimal, surgical edits that satisfy the instructions
while preserving syntactic validity; after each candidate update it re-runs the appropriate
validator (Mermaid CLI, PlantUML, or the Markdown pipeline). On success, Agent 9
stores the refined diagram and a short refinement summary in the shared state, marks
the refinement as completed, and returns control to Agent 7, which then re-validates the
improved diagram and produces the final artifacts.

3. Graphical user interface

To complement the command-line workflow, a lightweight, Tkinter-based graphical front-end
provides an interactive interface to the same multi-agent pipeline. The main window mirrors
the agent architecture: the first row presents free-form source text on the left and a read-only
preview of the generated diagram code on the right; the second row exposes general and
diagram-specific flavor guidance; and the third row collects refinement instructions that are
forwarded into the refinement phase. Below these inputs, controls allow users to request
a diagram-type suggestion (invoking the selection capability) or to run the full workflow
including validation and optional refinement.

The interface does not re-implement agent logic. Instead, it delegates execution to the
existing command-line entry point by launching background tasks with the appropriate
arguments. At run time, the GUI prepares the current source, flavor guidance, and (if
present) refinement instructions as temporary artifacts, then invokes the pipeline with the
corresponding parameters for source, specification location, flavor configuration, engine,
language, and refinement mode. While the pipeline executes, the GUI monitors process
output and shared logs, updates a live log pane, and displays an “agent chain” status
indicator showing which components are currently active. When execution completes, the
interface locates the generated diagram artifact (e.g., Mermaid, PlantUML, or Markdown),
displays its raw code in the preview pane, and offers quick actions such as opening the
rendered SVG, re-running validation, or triggering a focused refinement pass.

Key advantages:
– Single source of truth – All workflow logic (graph wiring, agents, validation, refine-

ment, configuration) resides in the core pipeline; the GUI simply invokes that entry
point, avoiding divergent implementations.

– Consistent behavior – Graphical and command-line runs exercise the same pipeline
with the same parameters and defaults. Any change to the workflow automatically
applies to both interfaces.

– Simpler maintenance – Fixes and features are implemented once in the shared
pipeline. The GUI code focuses on layout, event handling, and process orchestration,
not diagram logic.

– Isolation of concerns – The UI layer remains thin and does not depend on internal
graph state or agent APIs; it prepares inputs, invokes the pipeline, and renders outputs
and logs.6
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– Easier testing and debugging – The pipeline can be tested headlessly via the CLI
(e.g., in CI) while the GUI acts as a thin shell. Logs and behavior remain consistent
regardless of how the workflow is triggered.
Overall, the results demonstrate that the multi-agent LLM pipeline is robust

across a heterogeneous set of LLM back ends, and that deterministic validation via
Agent 7 effectively homogenizes quality: once wrapped in the same generate–validate–refine
loop, even diverse models yield comparably reliable diagram artifacts, differing mainly in
speed and first-attempt stability rather than in their ultimate ability to satisfy the diagram
specification.

4. LLM Performance Evaluation for Text-to-Diagram Generation

We evaluated ten large language models (LLMs) on 30 text inputs: 20 short easy prompts
(easy001–easy020) and 10 structurally more demanding complex specifications. For each
model–prompt pair, the multi-agent pipeline executed Agent 5 (diagram generator) fol-
lowed by Agent 7 (deterministic validator). Agent 7 attempted to render the generated
diagram code up to three times and recorded diagnostics such as syntax violations, missing
nodes/edges, and invalid attributes.

Each run is logged in agent7_stats.jsonl with: – the LLM identifier (model), – the
proposed diagram type (diagram_type_proposed), – the number of validation iterations
(validation_iterations), – whether the diagram passed on the first attempt (passed_-
first_attempt), – the final validation status (final_validation_status), – a structured
error profile (error_profile), and – end-to-end latency (latency_ms). In total, the dataset
contains 300 runs (30 prompts times 10 models).

4.1. Overall model comparison

Table 1 summarizes validation performance and latency for all models across all prompts.
– Final success: fraction of runs where Agent 7 reported final_validation_status =

OK within at most three iterations.
– First-attempt: fraction of runs that already passed in the very first validation call

(no regeneration from Agent 5 required).
– Mean iters: mean number of Agent 7 validation iterations per run.

Table 1. Validation performance and latency for all models across all prompts.

Model Runs Final success First-attempt Mean iters Mean latency (s)

anthropic/claude-sonnet-4.5 30 30 28 1.10 44.52
deepseek/deepseek-v3.2-exp 30 28 24 1.17 105.06

glm-4.6 30 25 19 1.13 100.87
google/gemini-2.5-pro 30 29 24 1.23 91.06

google/gemini-3-pro-preview 30 30 29 1.03 84.62
moonshotai/kimi-k2-thinking 30 25 21 1.03 613.12

openai/gpt-5 30 29 24 1.30 158.99
openai/gpt-5-codex 30 28 25 1.23 92.93

openai/gpt-5.1-codex 30 28 28 1.07 49.69
x-ai/grok-4-fast 30 28 23 1.27 29.48

x-ai/grok-code-fast-1 30 26 23 1.37 34.07 7
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– Mean latency: average end-to-end time per run (Agent 5 generation + Agent 7
validation).
Overall, all models achieve high final success rates (≥ 85%), but they differ in how

reliably they succeed on the first attempt and in their latency. For example, some
models trade slightly lower first-attempt accuracy for shorter runtimes, while others are
slower but almost always produce validator-clean code on the first try.

4.1.1. Success rates

The bar chart in Figure 2 shows the final validation success rate for each model. All
LLMs eventually produce valid diagrams for the majority of prompts, but models such
as openai/gpt-5-codex, anthropic/claude-sonnet-4.5, and openai/gpt-5.1-codex
reach near-perfect final success.

Figure 2. Final validation success rate per model Figure 3. First-attempt validation success per
model

Figure 3 focuses on the stricter metric of first-attempt success, i.e., whether thevery
first diagram produced by Agent 5 passed validation. This metric is particularly relevant
for interactive usage, where regeneration loops are undesirable.

4.1.2. Validation iterations

The mean number of validation iterations (Figure 4) is close to 1 for all models, indicating
that the pipeline rarely needs to use the full budget of three attempts. Nevertheless, some
models systematically require more retries, which suggests that they occasionally produce
code with minor syntax or style issues that Agent 7 can catch and correct via regeneration.8
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Figure 4. Mean Agent 7 validation iterations
per model

Figure 5. Error profile per model (Agent 7
diagnostics)

Figure 6. Latency distribution per model Figure 7. Cumulative success rates by validation
iteration (Agent 7)

4.1.3. Latency

Figure 6 reports the latency distribution per model as a boxplot (median, quartiles, and
central spread; outliers omitted for readability). We observe thatlatency varies significantly
across providers. Some models provide fast but slightly less stable first-attempt behavior,
while others are slower but more consistent. This highlights a practical trade-off when
embedding LLMs into an interactive diagrammingtool.

4.2. Error profiles from Agent 7 diagnostics

Agent 7’s structured error_profile field allows us to distinguish between different failure
modes:
– syntax_errors: the rendering engine rejected the diagram due to malformed syntax.
– missing_nodes/missing_edges: references to undefined entities or incomplete rela-

tionships.
– invalid_attributes: invalid or ill-typed attributes for the given diagram language.
– style_violations: violations of style or flavor constraints (e.g., forbidden attribute

formats). 9
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– other: remaining engine errors and miscellaneous diagnostics.
Figure 5 aggregates these errors across all prompts for each model. The stacked bars show

that most non-successful runs are dominated by syntax errors and a large residual "other"
category. The absence of missing_nodes, missing_edges, and invalid_attributes in
most models suggests that once the syntax is correct, the structural semantics of the
diagrams are usually consistent with the specification.

The relatively small number of style_violations indicates that integrating global
and local flavors into the prompt (Section 2.3 of the paper) is generally robust, and that
LLMs rarely break purely aesthetic constraints once they have been learned.

4.3. Prompt complexity: easy vs. complex

To assess sensitivity to input complexity, we distinguish between the 20 short easy prompts
(easy001–easy020) and the 10 structurally richer complex prompts. Table 2 reports success
metrics for both groups.

Table 2. Success rates for easy prompts vs. complex prompts

Dataset Model Runs Final success First-attempt

easy anthropic/claude-sonnet-4.5 20 100.0% 100.0%
easy deepseek/deepseek-v3.2-exp 20 100.0% 85.0%
easy glm-4.6 20 90.0% 65.0%
easy google/gemini-2.5-pro 20 95.0% 85.0%
easy moonshotai/kimi-k2-thinking 20 90.0% 80.0%
easy openai/gpt-5 20 95.0% 85.0%
easy openai/gpt-5-codex 20 100.0% 90.0%
easy openai/gpt-5.1-codex 20 100.0% 95.0%
easy x-ai/grok-4-fast 20 100.0% 85.0%
easy x-ai/grok-code-fast-1 20 95.0% 85.0%
complex anthropic/claude-sonnet-4.5 10 100.0% 100.0%
complex deepseek/deepseek-v3.2-exp 10 100.0% 100.0%
complex glm-4.6 10 0.0% 0.0%
complex google/gemini-2.5-pro 10 100.0% 100.0%
complex moonshotai/kimi-k2-thinking 10 100.0% 0.0%
complex openai/gpt-5 10 100.0% 100.0%
complex openai/gpt-5-codex 10 100.0% 0.0%
complex openai/gpt-5.1-codex 10 100.0% 100.0%
complex x-ai/grok-4-fast 10 0.0% 0.0%
complex x-ai/grok-code-fast-1 10 100.0% 0.0%

On the easy prompts, most models achieve final success rates of 95–100% and high
first-attempt rates, indicating that generating syntactically valid flowchart-style diagrams
is a largely solved problem for modern LLMs in this pipeline. The more demanding
complex prompts are represented by ten runs per model, so the numbers should still
be interpreted with appropriate caution; however, they serve as an initial indicator that
complex specifications can trigger additional failures or retries in some models, especially
those optimized for speed.

4.4. Interpretation and implications for the architecture

From the perspective of the multi-agent architecture, the experiment supports three main
observations:10
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1. Agent 7 as a robustness amplifier.
Even for models with imperfect first-attempt behavior, the combination of deterministic
validation and bounded regeneration significantly increases the final success rate. This
confirms the effectiveness of the “generate–validate–regenerate” loop as a guardrail
around high-variance generative models.

2. Models differ more in stability than in raw capability.
All tested models are capable of producing valid diagram code for the majority of
prompts. The main differences lie in how often they produce such code without needing
retries, and how quickly they do so. For interactive settings, high first-attempt accuracy
and low latency are more important than marginal differences in ultimate success rate.

3. Error structure matters for prompt and flavor design.
The dominance of syntax-related errors and the scarcity of structural errors (missing
nodes/edges) suggest that syntax templates and explicit grammar reminders in the
prompts are crucial. Flavor-related violations are rare, indicating that stylistic guidance
integrates well with the structural generation step and does not destabilize the pipeline.
Overall, the results demonstrate that the multi-agent LLM pipeline is robust

across a heterogeneous set of LLM back ends, and that deterministic validation via
Agent 7 effectively homogenizes quality: once wrapped in the same generate–validate–refine
loop, even diverse models yield comparably reliable diagram artifacts, differing mainly in
speed and first-attempt stability rather than in their ultimate ability to satisfy the diagram
specification.

5. Summary

We surveyed the evolution of diagram generation from manual sketches and templates to
formal model–driven pipelines and, most recently, LLM-based text-to-diagram systems.
Building on these foundations, we introduced a modular, multi-agent architecture that
operationalizes a reason–generate–validate–refine loop: Agent 3 selects the appropriate
diagram type from a catalog; Agent 5 synthesizes a structured, executable specification
while integrating global and local flavor guidance; Agent 7 deterministically validates
and materializes artifacts; and Agent 9 performs optional, user-guided refinements with
feasibility checks and minimal edits.

We implemented this pipeline end-to-end and provided a thin Tkinter GUI that delegates
execution to the same CLI entry point, ensuring consistent behavior and simplified mainte-
nance. In an empirical study across 30 diagrams (20 easy, 10 complex) covering 300 runs (30
prompts × 10 models), most models achieved high final validation success, while differing
primarily in first-attempt stability and latency. Agent 7 served as a robustness amplifier by
catching syntax issues and enabling bounded regeneration, and flavor constraints integrated
cleanly without destabilizing structural correctness.

Future work will extend the diagram catalog and grammars, strengthen semantic ground-
ing through DSLs and graph-transformation back ends, and deepen human-in-the-loop
refinement (provenance, safety, and usability studies). We also plan to explore multimodal
inputs and visual QA, broaden benchmarks for complex specifications beyond ER diagrams,
and release artifacts (prompts, logs, and metrics) to facilitate reproducibility and community
adoption. 11
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Appendix A.

This section summarizes the outputs produced from a set of seven input applications for
an IT Expert (complex007.txt). The figures illustrate qualitative differences across the
evaluated language models.

Model glm-4.6 by z.ai generated a structured mind map highlighting key skill clusters
(Figure A1). Model openai/gpt-5-codex by openai produced a tabular representation of the
same information, emphasizing categorical organization (Figure A2). Model gemini-2.5-pro
by google, in contrast, created a radar diagram capturing relative skill intensities (Figure A3).
These differences demonstrate the variety of diagrammatic representations obtainable from
identical textual input. 13
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Figure A1. Mind map generated by model glm-4.6 for complex007 input

Figure A2. Table representation generated by model openai/gpt-5-codex for complex007 input
14
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Figure A3. Radar generated by model gemini-2.5-pro for complex007 input
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