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Abstract
Vision-Language Models (VLMs) have achieved impressive progress across diverse multimodal tasks, yet their
ability to interpret structured diagrams, such as circuit schematics, molecular structures, musical notation, business
process flow charts or class diagrams, which are central to scientific and engineering communication, remains
underexplored. We introduce STRUDEL (STRUctured Diagram EvaLuation), a benchmark for evaluating VLMs on
structured diagram understanding across 8 domains and 20 image categories. STRUDEL leverages Large-Language
Models (LLMs) to synthesize code in domain-specific formal representation languages (FRLs) (e.g. circuit netlists,
SMILES1, ABC-Notation2, BPMN3or PlantUML4), which are rendered into valid diagrams and paired with generated
tasks, functional descriptions, and captions. A multi-stage pipeline filters invalid, cluttered, or redundant samples
and employs LLM-as-a-judge scoring to ensure correctness. Through targeted experiments, we evaluate the ability
of LLMs to generate valid code in distinct FRLs, demonstrating their capability to successfully perform this task.
The resulting benchmark comprises diverse task types covering identification, quantification, structural analysis,
image-text association, and image-to-code translation. Evaluating 35 VLMs using STRUDEL reveals that models
excel at association tasks, demonstrating strong visual-textual alignment, yet struggle with quantification and
identification, where precise structural understanding is required. Performance varies markedly in image-to-code
translation, reflecting significant differences in how models connect visual inputs to formal representations. Overall,
STRUDEL establishes a scalable foundation for assessing and advancing VLMs torward deeper and more systematic
understanding of structured visual information across domains.

Keywords: vision language models, structured visualizations, diagrams, benchmark dataset, visual ques-
tion answering, image rendering, formal representation language

1. Introduction

Recent advances in Vision-Language Models
(VLMs) have demonstrated remarkable progress
in integrating visual and textual reasoning on tasks
like caption generation, visual question answering,
and document understanding, benefiting from large-
scale multimodal pretraining. However, their ca-
pacity to comprehend structured diagrams—visual
representations that encode explicit relationships,
constraints, and symbolic structure, remains un-
derexplored. Unlike natural images, structured dia-
grams present unique challanges to VLMs as they
require compositional reasoning, symbol ground-
ing, and domain-specific interpretation (Islam et al.,
2024; Yue et al., 2024). Structured diagrams are
characterized by the fact that they consist of com-
ponents or symbols that are spatially arranged in
a structure and between which precise, spatially-
grounded relations can exist. These diagrams are
designed to convey specific technical, scientific,
or process-based information. Examples include
circuit schematics, molecular structures, musical
notation, business process flow charts or UML di-
agrams. Despite their ubiquity, no existing bench-

mark systematically evaluates VLMs on such struc-
tured visual reasoning across a wide domain range.

To address this, we introduce STRUDEL (STRUc-
tured Diagram EvaLuation), a comprehensive
benchmark designed to evaluate VLMs on struc-
tured diagram understanding across 8 domains
and 20 diverse image categories. For generat-
ing the dataset, we take advantage of the fact
that many types of structured diagrams can be de-
fined as code by a formal representation language
(FRL). These FRLs have a structured code-based
syntax to encode domain-specific rules contain-
ing symbols, their relationships, and spatial struc-
tures. We leverage purely text-based LLMs to syn-
thesize code in domain-specific FRLs, including,
circuit netlists, SMILES1, ABC-Notation2, BPMN3

or PlantUML4. Each generated code sample is au-
tomatically rendered into an image using a compre-
hensive toolkit, producing direct mapping between
formal code and diagrammatic structure. This pro-

1http://opensmiles.org/opensmiles.html
2https://abcnotation.com/
3https://www.omg.org/spec/BPMN/
4https://plantuml.com/

http://opensmiles.org/opensmiles.html
https://abcnotation.com/
https://www.omg.org/spec/BPMN/
https://plantuml.com/


11086

Figure 1: Performance of selected VLMs on
STRUDEL benchmark over different domains (top)
and task types (bottom), accuracy in %.

cess not only ensures syntactic validity but also
enables control over structural complexity, by defin-
ing three complexity levels (low, medium, high), as
well as diversity by incorporating unique persona
descriptions to reflect real-world domain problems.

Beyond code and images, our pipeline incorpo-
rates rich context with generated problem state-
ments, solution descriptions, captions, and tasks.
The fact that, due to the FRL, the exact underlying
structure of each visualization is known provides
perfect labels for the content of the visualization to
check whether a model’s response exactly matches
the ground truth. Therefore, we derive a broad
set of five different task types for the benchmark,
namely identification, quantification, structural anal-
ysis, image–text association, and image-to-code
translation. A multi-stage filtering and validation
pipeline ensures dataset quality, combining heuris-
tic filters (aspect ratio, node thresholds, visual vari-
ance) with LLM-as-a-judge validation to assess the
correctness of generated samples. The approach
for generating STRUDEL is shown in Figure 2 and
is explained in detail in Section 3.

We evaluate 35 VLMs on STRUDEL to investi-
gate their ability to reason over structured diagrams.
Our results reveal substantial variability across do-

mains and task types as shown in Figure 1: While
models perform well at association tasks, demon-
strating strong visual-textual alignment, they strug-
gle with quantification and identification, where pre-
cise structural understanding is required. Their Per-
formance varies markedly in image-to-code trans-
lation, highlighting significant differences in cross-
modal reasoning.

In summary, our contributions are threefold:
1. A comparative analysis of current LLMs with

respect to their ability to generate code in dis-
tinct domain-specific FRLs in terms of code
validity and complexity.

2. A cross-domain benchmark (STRUDEL) for
evaluating VLMs on understanding structured
diagrams, spanning 8 domains with 20 diverse
image categories and five different task types,
which is generated leveraging LLMs for code
synthesis in domain-specific formal represen-
tation languages (FRLs), a rendering toolkit,
and quality filtering.

3. A comprehensive evaluation of 35 VLMs with
varying architectures and parameter scales on
structured diagram understanding in different
domains using the introduced benchmark.

2. Related Work

The rapid progress of Vision-Language Models
(VLMs) has been supported by the availability of
public datasets that integrate visual and textual
modalities. Foundational datasets such as COCO
(Lin et al., 2014), LAION-5B (Schuhmann et al.,
2022) or Flickr30k (Young et al., 2014) are mainly
focusing on natural images. However, datasets
that involve structured information and visualiza-
tions that require reasoning with domain-specific
knowledge are becoming increasingly important.
The MMMU benchmark (Yue et al., 2024) includes
11.5k meticulously collected multimodal questions
from college exams, quizzes, and textbooks, cov-
ering six core disciplines. Lu et al. (2022) they
collect science questions from textbooks and com-
pile multimodal multiple choice questions covering
diverse science topics to form ScienceQA. Yu et al.
(2024b) gathered 187 images from various online
sources and applied 205 questions for 6 core vision
language capabilities, generating MM-Vet.

In addition, there are compiled datasets for spe-
cific domains. Kembhavi et al. (2016) evaluate
science diagrams with structured labels, AI2D. Cir-
cuitVQA (Mehta et al., 2024) targets component
recognition, value reading and connectivity reason-
ing in 5,725 circuit diagrams. Li et al. (2025) build a
multimodal chemical corpus ChemVLM. Laurençon
et al. (2024) created Docmatix dataset with images
and QA pairs derived from PDF documents.
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Formal RenderingData Synthesis

Image Rendering
Toolkit with 35 specific

rendering tools

Compute Statistics
Get statistics about
nodes and edges

Quality Filtering

Code Validity
Sort out samples with

invalid code

Statistics Filter
Filter based on min/max number of nodes

Proportions Filter
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Dataset Generation
(Qwen3-Coder-480B-A35B-

Instruct-FP8)

Initial LLM-driven generation:

Problem Statement
Functional Description
Structured Code

Enrichment based on Code:

Caption
Task consisting of closed-
ended question (CEQ)
and answer

Formal Representation Language
SPICE Netlist - SMILES - ABC-Notation - PlantUML - BPMN - Newick

- ONNX - logical symbols - FEN - PlotlyJSON - GeoJSON - Mermaid -

DBML - FASTA - Vienna-RNA - OpenQASM - RDF XML - Verilog

Complexity Level
low - medium - high

Question Type
multiple choice question - binary - numerical - text label

Domain
Manufacturing - Healthcare -
Finance - Transportation ...

Image Category
Electrical Circuit - Chemical Structure - Musical Notation - UML
Class Diagramm, Business Process Diagram, Gantt Chart ...

Personas
"A digital electronics engineer or computer hardware designer

interested in logic circuits and digital logic gates.", ...

Persona Filter
domain-relevant personas

Figure 2: STRUDEL pipeline for synthetically generating a dataset of structured diagrams based on FRLs.

While synthetic data generation is applied ex-
tensively for LLMs, such as Self-Instruct (Wang
et al., 2022), Magpie (Xu et al., 2024), Instruct-
Lab (Sudalairaj et al., 2024) or PersonaHub (Ge
et al., 2024), it is not yet as widely used for VLMs.
There have been efforts to create vision language
datasets partially synthetically. Johnson et al.
(2017) introduced CLEVR, 3-D shape scenes with
programmatically generated questions targeting
compositional reasoning. Particularly for Charts
synthetic approaches have been applied, since
these can be easily generated from table-like struc-
tures. ChartQA (Masry et al., 2022) added a mix-
ture of real and synthetic plots with open-ended
questions. FigureQA (Kahou et al., 2017), DVQA
(Kafle et al., 2018) and PlotQA (Methani et al., 2020)
extended the idea to data visualisations, emphasis-
ing numerical comparisons and text-in-image read-
ing. FlowLearn by Pan et al. assesses flow-chart
comprehension and reveals severe LVLM weak-
nesses in path-tracing and node counting, using
10k synthetic flowcharts generated via Mermaid.
Yang et al. (2025b) present CoSyn, a framework
for generating synthetic multimodal data based on
LLM-generated code to improve VLM reasoning
on charts and documents. StructEval (Yang et al.,
2025a) and SoEval (Liu et al., 2024) show that
LLMs are capable in generating structural outputs
for common FRLs like JSON, XML, CSV or HTML,
while relying on specific pipelines for each FRL,
sometimes involving manual intervention.

Recent studies have shown that LLMs are also
capable of generating valid code in domain-specific
FRLs, for example, for control systems (Koziolek
et al., 2023; Fakih et al., 2024) or for chip de-
sign (Thakur et al., 2023; Chang et al., 2023; Liu
et al., 2023). Nevertheless, no domain-agnostic ap-
proach for a comprehensive synthetic generation of
diverse multi-domain datasets for VLMs containing
automated validity checks, rich context and code-
image mapping is currently available. STRUDEL
covers 20 structured diagram types from 8 domains,

each grounded in valid code of a formal represen-
tation language (FRL). Due to our domain-agnostic
data generation approach, our benchmark covers
a broader spectrum of diagram types than existing
benchmarks, including many FRLs not addressed
by other works (e.g. SPICE, OpenQASM, Newick,
ViennaRNA, FEN, LilyPond, DBML).

3. Dataset Construction

The STRUDEL benchmark is developed to system-
atically evaluate Vision-Language Models (VLMs)
on their ability to understand structured diagrams
across a wide range of domains. Its construction
follows a multi-stage pipeline (Figure 2) that inte-
grates LLM-driven code synthesis, formal render-
ing, quality filtering, and task refinement to produce
a diverse dataset of structural diagrams.

In order to cover a broad spectrum of diagram
categories, we conducted extensive research in
various domains to find suitable visualization types
that can be described using FRLs. We restricted
the selection of FRLs to those that do not require
explicit position information or coordinates of the
components for the arrangement on the image, as
current LLMs do not yet perform reliably in layouting.
For example, we ignored typical Computer Aided
Design (CAD) languages or formats of technical
drawing software. Instead, we focused on those
FRLs that can be rendered into an image using
a layout engine or another type of arrangement
algorithm. We divide the categories into groups of
domain-specific visualizations and visualizations
for modeling purposes, which are domain-agnostic.

Each sample in STRUDEL consists of a code
representation, its rendered image, and textual con-
text consisting of generated problem statements,
solution descriptions, captions, and derived tasks.
STRUDEL spans 20 categories of structured dia-
grams. Each category is associated with a formal
representation language (FRL) that defines the syn-
tactic and compositional rules governing its struc-



11088

Image Category:

SPICE NetlistElectrical Circuit

FRL:

VCC 1 0 DC 12
VIN 2 0 AC 1
RB 2 3 47k
CIN 2 3 10u
RE 4 0 1k
RC 1 5 2k
Q1 5 3 4 QNPN

Image Category:

OpenQASM 2Quantum Circuit

FRL:

OPENQASM 2.0;

include "qelib1.inc";

qreg q[2];

creg c[2];

h q[0];

cx q[0],q[1];

measure q[0] -> c[0];

measure q[1] -> c[1];

Image Category:

FENChess Board

FRL:

2rq1rk1/1b2b1pp/p3p3/1p1pPp2/3P1P2/2NBB3/PPP3PP/2KR3R w - - 0 1

Image Category:

VerilogHardware Design

FRL:

module up_counter_4bit(
    input clk,
    input rst,
    input en,
    output reg [3:0] count
);
always @(posedge clk) begin
    if (rst)
        count <= 4'b0000;
    else if (en)
        count <= count + 1;
end
endmodule

Image Category:

>Seq1
ACGTACGTACGTACGTACGTACGTACGT
>Seq2
ACGTACGTACGTACGTACGTACGTACGA
>Seq3
ACGTACGTACGTACGTACGTACGTACGC
>Seq4
TGCAATGCAATGCAATGCAATGCAATGC

FASTADNA Sequence

FRL:

Image Category:

gantt 
title Document Processing Automation Project Timeline
dateFormat YYYY-MM-DD 
section Data Collection 
Data Collection :done, des1, 2024-01-01, 14d 
Data Validation :crit, des2, 2024-01-08, 7d 
section Model Development 
Model Training :active, dev1, 2024-01-08, 21d 
Model Tuning :dev2, 2024-01-15, 14d 
section Testing 
Unit Testing :test1, 2024-01-29, 7d 
Integration Testing :test2, 2024-02-05, 7d 
section Deployment 
Production Deployment :deploy1, 2024-02-05, 7d 
Performance Monitoring :deploy2, 2024-02-12, 14d 
section Milestones 
Data Collection Complete :milestone, m1, 2024-01-15, 0d
Model Ready :milestone, m2, 2024-01-29, 0d 
Testing Complete :milestone, m3, 2024-02-12, 0d 
Project Go-Live :milestone, m4, 2024-02-19, 0d

MermaidGantt Chart

FRL:Image Category:

MermaidBusiness Process

FRL:

flowchart TD

    A[Receive Customer Order] --> B[Check Inventory]

    B -->|In Stock| C[Process Payment]

    B -->|Out of Stock| D[Notify Customer & Backorder]

    D --> E[Wait for Inventory]

    E --> B

    C --> F{Payment Successful?}

    F -->|Yes| G[Prepare Order for Shipping]

    F -->|No| H[Notify Customer of Payment Failure]

    G --> I[Ship Order]

    I --> J[Order Complete]

Image Category:

CN1C=NC2=C1C(=O)N(C(=O)N2C)C

SMILESChemical Structure

FRL:

Figure 3: Examples of rendered diagrams and their code representation in different FRLs.

ture. To capture different levels of structural and
visual complexity, three levels of complexity, low,
medium, and high, are applied corresponding to
progressively richer topologies, higher node counts,
and more complex relationships. For obtaining a
diverse dataset that also reflects real-world domain
problem statements, we use domain-specific per-
sona descriptions as seed for the generation pro-
cess, with a unique persona used for each gener-
ated data sample. To this end, we apply the Per-
sonaHub pipeline (Ge et al., 2024) with enhanced
filtering to generate a dataset of education and sci-
ence personas that match our image categories,
using the FineWeb-Edu dataset (Lozhkov et al.,
2024). More details on the persona pipeline are
documented in Appendix A.1.

3.1. LLM-Driven Code Synthesis

The central component of the multi-stage pipeline
is the LLM-driven code generation. With the rapid
enhancement of LLMs over the last few years, they
are now also able to generate valid code in the
different FRLs, although some of them are highly
application-specific and niche. For this purpose, we
evaluate current LLMs with respect to their ability
to generate code in distinct domain-specific FRLs

and select the best performing model with a permis-
sive license according to section 4 Qwen3-Coder-
480B-A35B-Instruct (Team, 2025) to generate 600
samples per diagram category. For each diagram
category, the model is prompted with the target
FRL, a domain-specific persona, and a complexity
constraint, in addition to the category itself. From
these inputs, the LLM produces a structured code
sample written in the target FRL, accompanied by
a problem statement that the persona might have
and a functional description.

The problem statement is defined as a text that
outlines the technical or domain-specific problem.
The solution description is defined as a detailed
explanation or answer associated with the problem
statement. We compare two different prompting
approaches. (1) For the sequential approach,
we first prompt the LLM for generating a problem
statement that a persona might have given the input
signals, and second, prompt the LLM to generate a
textual solution description and a code implementa-
tion in the requested FRL while given the problem
statement and the input signals. (2) For the all-
in-one approach we prompt the LLM only once to
generate all the outputs mentioned. Since the cate-
gories of the modeling group are domain-agnostic,
we additionally provide the LLM with a domain as
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an input signal by varying the domain across the
samples. For some FRLs, we force the LLM to
generate only a single line of code when required,
e.g. for FEN or SMILES. We also specify the initial
expressions of the code if it is possible for the FRLs,
to steer the model to select the appropriate syntax.

3.2. Code-to-Image Rendering
For creating a vision-language dataset from the
LLM-generated samples, we utilize domain-specific
rendering tools to convert the generated code into
structured images. To this end, we build a com-
prehensive rendering toolkit consisting of 35 dif-
ferent rendering tools, comprising various open
source Python packages (e.g. RDKit5, PySpice6),
JavaScript libraries (e.g. Mermaid7, DBML Cli8)
and Linux command-line tools (e.g. Yosys9, Lily-
Pond10). Before executing the rendering, we apply
minor pre-processing to the code, dependent on
the FRL. For example, we remove code lines and
comments that do not affect the visual outcome.

This rendering step serves two purposes. First,
it ensures syntactic and semantic validity, since
invalid code simply fails to compile or visualize.
The FRLs also include common formats such as
JSON and XML. In these cases, the tools check
not only whether the syntax is correct, but also
whether the code conforms to the specified schema
so that an image can be rendered from it. Second,
it provides fine-grained structural metadata, such
as node/component and edge counts, and connec-
tivity that can later guide task creation and filtering,
e.g. the number of resistors in a schematic or the
number of entities in a diagram.

An overview of rendered diagrams and their cor-
responding code representations is shown in Fig-
ure 3. We publish the toolkit with an easy-to-use
interface as a Python library11.

3.3. Quality Filtering
Since not all generated samples meet the visual
or structural quality requirements, each rendered
diagram undergoes a multi-stage filtering process
in order to obtain a high quality dataset. First, we
sort out samples containing invalid code and use
statistics to filter based on specific minimal and
maximal (overly complex) limit of nodes for each
diagram category. Furthermore we remove sam-
ples with images that have an unusual aspect ratio

5https://github.com/rdkit/rdkit
6https://github.com/PySpice-org
7https://mermaid.js.org/
8https://dbml.dbdiagram.io/cli
9https://github.com/YosysHQ/yosys

10https://lilypond.org/
11https://github.com/danielsteinigen/

structivize

of less than 0.25 or greater than 4 and images
that have a low variance e.g. are mostly just white.
We also apply a deduplication step by removing
visual redundant samples with equal code or equal
images by calculating a perceptual image hash for
each image. For the remaining samples we employ
a LLM-as-a-judge (LLMaaJ) (Zheng et al., 2023)
approach using the LLM GPT-OSS-120B, which
has shown strong performance in domain-specific
and coding tasks (OpenAI, 2025). We prompt the
model to act as a domain expert and validate the
correctness as well as the logical consistency of
the generated code and the related textual descrip-
tions. Each sample receives a correctness score,
and low-quality instances are removed.

3.4. Task Refinement
In order to obtain a more enriched dataset, we
enhanced parts of the data samples with further
context. We again utilize LLMs to create 1) captions
and 2) closed-ended questions for the generated
images. To accomplish this, we provide the LLM
with the image category, the functional description
and the code in the respective FRL as input signals
and prompt the model 1) to generate an abstracting
caption for an image that will be rendered from the
code and 2) to generate a closed-ended question
together with the answer for which we randomly
provide a question type from multiple choice, binary
(yes, no), numerical, or text label.

For STRUDEL we derive a diverse set of bench-
marking tasks from the generated dataset. First,
we build a task with questions that target the
image structure. For these structural prob-
lems, we use the statistics generated in section
3.2, to generate questions about the number of
nodes/components per type, e.g. How many mul-
tiplexers are included in the design?. For this
purpose, we employ a variety of question tem-
plates. Second, we generate image-text asso-
ciation problems that ask for the association
between the different textual descriptions contained
in the dataset and the images. For the persona
description and the caption we generate multiple
choice questions with four options in which the ap-
propriate persona/caption must be assigned to the
given image. We also add questions where none of
the four options match the image. For the problem
statement and the solution description, we gener-
ate binary questions in which a problem or solution
is presented and it must be determined whether it
corresponds to the given image or not. Here we can
also increase the difficulty by using false descrip-
tions from the same image category. Furthermore,
we incorporate the CEQ generated by the LLM,
which cover various tasks, including 1) Identi-
fication for recognizing key visual or structural
features within a diagram; 2) Quantification for

https://github.com/rdkit/rdkit
https://github.com/PySpice-org
https://mermaid.js.org/
https://dbml.dbdiagram.io/cli
https://github.com/YosysHQ/yosys
https://lilypond.org/
https://github.com/danielsteinigen/structivize
https://github.com/danielsteinigen/structivize
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Domain:

Multiple ChoiceAssocitaionBiology

Among the following personas, which one deals with the content shown in
the picture?

(A) An electronics engineer or computer systems designer focused on
digital circuit design and logic gate implementation.

(B) A chess instructor or a chess club organizer who aims to educate
beginners about the fundamentals of chess notation.

(C) A molecular biologist specializing in genetic engineering and gene
expression, with a strong interest in the intersection of human and animal
biology.

(D) A software engineer or analyst, with a background in object-oriented
programming, who is heavily involved in requirements analysis, software
design, and testing, particularly in the context of the Unified Modeling
Language (UML).

C

Task Type: Question Type

Question:

Answer:

Domain:

BinaryAssocitaionSystem Modeling

Given a functional description and a visual representation as picture, does
the description correspond logically with the content shown in the picture?

Description: This diagram maps out the step-by-step process for handling
purchase orders, from submission to final approval and order placement.
It illustrates the key decision points (such as manager approval) and the
direction of workflow, providing a clear reference for employees to follow
and optimize.

NO

Task Type: Question Type

Question 2:

Given a problem statement and a visual representation as picture, does
the content shown in the picture represent a solution to the given
problem?

Problem: I need help designing an entity relationship diagram for a
database that tracks various types of environmental sensors, their
locations, and the measurements they record over time for an
environmental monitoring application.

Question 1:

YESAnswer 1:

Answer 2:

Domain:

NumericalQuantificationElectrical Engineering

Which component type is included the most in this circuit? 

Resistor

Task Type: Question Type:

Question 2:

How many capacitors are there in this circuit?

Question 1:

1Answer 1:

Answer 2:

How many different types of components are contained in this circuit?

4

Question 3:

Answer 3:

VCC

Domain

X:1
M:4/4
L:1/4
K:C
| C E G A | C E G A | C E G A | C E G A |
| F A C D | F A C D | C E G A | C E G A |
| G B D E | F A C D | C E G A | G B D E |

Code TranslationGames & Music

Translate the content of this diagram into a corresponding code
representation using the language ABC-Notation.

Task Type

Question:

Answer:

Domain

Geography

Task Type

Question:

Answer:

Structural Analysis

C

What is the capital of the country
represented by this shape?

(A) Santiago
(B) Helsinki
(C) Amsterdam
(D) Algiers

Multiple Choice

Question Type Domain:

Text labelIdentificationSystem Modeling

Task Type: Question Type

Question 1:

PasswordAuthAnswer:

What is the name of the
class that contains the
method 'verifyPassword()' ?

Figure 4: Examples of the benchmark dataset from different task types.

Table 1: Domains covered by the Dataset with image categories and the corresponding [FRLs].
Domain Image Categories [with FRLs]
Electrical & Computer
Engineering

Electrical Circuit [SPICE Netlist]; Digital Hardware Design [Verilog]; Quantum Circuit [Open
Quantum Assembly Language (OpenQASM) 2]; Propositional Logic [Boolean expressions]

Computer Science & AI Deep Learning Architecture [Open Neural Network Exchange (ONNX) Graph]; Knowledge
Graph [Resource Description Framework (RDF) XML]

Software Engineering &
System Modeling

Unified Modeling Language (UML): Class Diagram, Sequence Diagram [PlantUML]; Entity-
Relationship (ER) Model [Database Markup Language (DBML)]

Biology DNA Sequence [FASTA, Vienna RNA dot-bracket notation]; Phylogenetic Tree [Newick]

Chemistry Chemical Structures & Molecules [Simplified Molecular Input Line Entry System (SMILES),
SMILES arbitrary target specification (SMARTS) Reactions]

Business & Process
Management

Business Process Model [Business Process Model and Notation (BPMN)]; Gantt Diagram
[Mermaid]; Mind Map [Mermaid]; Charts [Plotly json]; Tables [Plotly json]

Games & Music Chess Board [Forsyth-Edwards-Notation (FEN)]; Musical Notation [ABC]

Geography geographical map [GeoJSON]

numerical reasoning over structure or duration mea-
surements; 3) Structural Analysis for under-
standing how parts connect, relate, or organize
within a structure. Besides these closed-ended
questions, we also include an Image-to-Code
Translation task, where the model needs to
generate the corresponding code representation in

a given FRL for the provided image.
In addition to the synthetically generated sam-

ples, we enrich the dataset by incorporating two
existing code-based datasets. Utilizing the Coun-
try Polygons dataset12, which provides geojson

12https://github.com/datasets/
geo-countries

https://github.com/datasets/geo-countries
https://github.com/datasets/geo-countries
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polygons for all the world’s countries, we rendered
shapes of countries and generated questions ask-
ing for the corresponding name of the country, cap-
ital, currency, continent and dial number. We also
incorporate a chess dataset13 for generating ques-
tions asking for the next best move.

The final STRUDEL dataset encompasses 8 do-
mains and contains 7533 questions distributed over
20 categories of structured diagrams and five differ-
ent task types, as shown in Table 1. This enables a
detailed examination of how well VLMs perform in
interpreting structured diagrams. Figure 4 shows
some examples from this benchmark dataset.

4. Evaluating LLMs for Code
Generation in domainspecific FRLs

4.1. Experimental Setup
A prerequisite for automatically generating a syn-
thetic dataset for structured diagrams, as outlined
in Section 3, is that the LLM used is capable of
generating valid code in distinct domain-specific
FRLs. In this experiment, we evaluate and com-
pare current LLMs with respect to this ability.

As personas we draw a random sample of 50
different personas for each image category from
our large filtered persona dataset. We take these
personas together with the three complexity levels
low, medium and high as seed for the generation,
resulting in 150 samples per FRL. To compare the
performance of the two prompting approaches se-
quential and all-in-one described in section
3.1, we run these samples twice applying the differ-
ent prompts. Thus, for this experiment, we gener-
ate 150 * 2 * 62 FRLs (cf. Tables in A.2) = 18,600
data samples with each model. Details about the
generation parameters are documented in A.1.

The main metric we assess is the code validity.
This defines that the code can be rendered by our
toolkit without errors and thereby a valid image is
created. We then report the ratio of successful ren-
dered images per language and model. In addition,
we assess whether the models follow the specified
complexity level. For this, we take the number of
lines of code and, for languages where the code
is usually shorter than 5 lines, the number of char-
acters as a measure. Next, we check for overall
consistency when generating low, medium and high
complexity. We verify that code for medium com-
plexity is longer than for low, high is longer than
medium, and high is longer than low, considering a
significance threshold of at least 10 %. The mean
over all samples is reported.

13https://huggingface.
co/datasets/bonna46/
Chess-FEN-and-NL-Format-30K-Dataset

15(Team, 2025; Aggarwal et al., 2025; OpenAI, 2025;

Table 2: Model performance with regard to code va-
lidity on different complexity levels and complexity
consistency, in %.15

Model Validity Validity per complexity Comp.
overall low medium high Cons.

GPT-4.1-2025-04-14 89,68 94,58 89,79 84,34 82,88
Qwen3-Coder-480B-Instr. 84.38 91.17 85.20 76.69 94.44
Mistral-Large-Instr.-2411 79.43 83.90 79.44 74.94 71.57
NextCoder-32B 78.35 81.24 77.20 76.60 64.77
GPT-OSS-120B 77.90 87.27 79.74 66.66 88.48
Qwen3-235B-Think.-2507 75.79 83.67 77.45 65.92 84.77
Qwen2.5-72B-Instruct 74.96 78.06 74.58 72.18 70.90
Qwen2.5-Coder-32B 74.24 77.18 73.91 71.56 69.49
GPT-OSS-20B 72.15 82.38 73.18 60.45 89.09
Devstral-Small-2507 69.69 72.84 69.78 66.41 65.18
Nemotron-4-340B-FP8 69.14 73.11 69.93 64.33 64.69
Mistral-Small-3.1-24B 68.61 73.19 68.21 64.37 70.53
Mixtral-8x22B-Instr. 66.08 70.83 65.30 62.06 64.78
Openhands-LM-32B 64.62 71.59 63.90 58.26 68.46
C4AI-Command A 64.49 70.86 63.48 59.12 69.81
Llama-3.3-70B-Instr. 64.29 72.16 63.70 57.00 70.94
QWQ-32B 59.40 64.44 59.94 53.80 69.28
Gemma-3-27B-IT 57.64 62.79 58.19 51.86 80.24
DeepSeek-Qwen-32B 57.25 61.43 56.43 53.87 68.85
Qwen2.5-7B-Instruct 54.18 58.22 54.30 48.87 74.25
DeepCoder-14B 40.16 43.67 39.52 37.29 64.08
Phi-4-Mini-Instruct 37.35 41.50 37.05 33.33 57.31
SmolLM3-3B 21.62 23.65 21.40 19.76 54.06

4.2. Results and Analysis
Table 2 show the results of the evaluation in
terms of code validity. It can be seen that GPT-
4.1 clearly dominates in terms of overall perfor-
mance. The best performing open source model is
Qwen3-Coder-480B-A35B-Instruct-FP8, followed
by Mistral-Large-Instruct. It is noteworthy that
the code-specific model NextCoder-32B, which is
based on Qwen2.5-Coder performs on a par with
the larger models, even though it is a smaller model
with 32 billion parameters. The tables in Appendix
A.2 indicate which model shows the strongest per-
formance for each FRL and which FRL per cate-
gory is most suited for an LLM-based generation.
In general, it can be derived that LLMs are gener-
ally capable of generating valid code in most of the
FRLs. Nevertheless, there are notable variations
in performance across models when considering
specific FRLs. In Yosys netlists, for example, GPT-
4.1 can clearly stand out from the other models.
Then there are other FRLs where different open
source models can compete with or even outper-
form GPT-4.1, e.g. Mixtral-8x22B for CircuiTikZ,
Qwen2.5-72B for VHDL or Mistral-Large for Verilog,
OpenQASM and FASTA. Furthermore, it is possi-
ble to identify which FRLs are best suited for which
image categories in terms of synthetic data gen-
eration, like the Keras format for neural networks,
Verilog for hardware design, FEN for chess board
positions or DDL for ER-Diagrams.

In the following, we only report the results of

Team et al., 2025d; Nvidia et al., 2024; Jiang et al., 2024;
Cohere et al., 2025; Grattafiori et al., 2024; Team et al.,
2025a; DeepSeek-AI, 2025; Luo et al., 2025; Microsoft
et al., 2025; Bakouch et al., 2025)

https://huggingface.co/datasets/bonna46/Chess-FEN-and-NL-Format-30K-Dataset
https://huggingface.co/datasets/bonna46/Chess-FEN-and-NL-Format-30K-Dataset
https://huggingface.co/datasets/bonna46/Chess-FEN-and-NL-Format-30K-Dataset
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the all-in-one prompt approach since this beats
the sequential approach in terms of code validity
and complexity consistency as shown in Apendix
A.1. Table 2 shows the performance of the mod-
els across all categories for the complexity levels
and the metrics for complexity consistency for each
model. This shows that increasing the complexity
level has a direct effect on the quality of the gener-
ated code, as the code validity decreases. Different
models also follow the complexity targets to differ-
ent degrees. Qwen3-Coder-480B-A35B-Instruct
adheres best to the targets. We also recognized
that more advanced models tend to generate more
complex problems and tend to generate code in a
programming language instead of the desired FRL.

5. Evaluating VLMs on Structured
Diagram Understanding

5.1. Experimental Setup
In this experiment, we evaluate 35 Vision-Language
Models (VLMs) of varying architectures and param-
eter scales on structured diagram understanding
across five task types and eight domains using
the generated benchmark dataset STRUDEL from
section 3. As parameters for the VLMs, we use a
temperature of 0.2, top-p of 0.95, and a maximum
context length of 16,384 (32,768 for reasoning mod-
els) and run the inference using the vLLM library17.
For the evaluation run, we have resized all images
to a maximum size of 1024x1024 pixels. The mod-
els receive only the image input togther with the
text-based task, the related code representations
are withheld to ensure the visual reasoning capabil-
ities are evaluated rather than code interpretation.

The model outputs are normalized for scoring
through rule-based parsing and string matching.
We evaluate the accuracy with which the prediction
of the model matches the gold standard answer
from the dataset. The gold standard answers can
be either (A), (B), (C), (D) or NONE for the mul-
tiple choice questions, YES or NO for the binary
questions, numerical values for quantification and
structural questions or textual labels for identifica-
tion questions. For the Image-to-Code Translation
task we calculate the score of the code validity
based on the rendering result and the F1-Score
for the node/component and edge counts based
on the statistics and report the mean of these two
metrics. Specifically we calculate statistics about

16(Yu et al., 2025; Lu et al., 2025; Team et al., 2025e;
Wang et al., 2024; Team, 2025; Wang et al., 2025; Chen
et al., 2024; Team et al., 2025a,c; Dai et al., 2024; Ab-
din et al., 2024; Microsoft et al., 2025; Wu et al., 2024;
Team et al., 2025b; Team, 2024; Laurençon et al., 2024;
Marafioti et al., 2025)

17https://github.com/vllm-project/vllm

node/component and edge counts from the pre-
dicted code and compare to the gold standard code,
where True Positives (TP) are the overlap between
gold and predicted counts, False Positives (FP) are
extra predicted components and false Negatives
(FN) are missing components.

5.2. Results and Analysis
Table 3 and Figure 1 show the performance of
the individual models for the Benchmark across
all domains and task types. Across all models,
the strongest results are observed on association
tasks, where most systems demonstrate robust vi-
sual–textual alignment and contextual grounding.
In contrast, quantification and identification tasks
expose persistent weaknesses in structural reason-
ing and numerical understanding. We recognize
that the performance of the model is significantly
better in visualizations where the nodes or compo-
nents are labeled, such as the resistors in circuits
or the layers in architectural diagrams of neural
networks. This can be explained by the fact that
the models generally already perform very well on
OCR tasks. The code translation task type shows
the widest variance among models, highlighting
significant differences in cross-modal reasoning.
When examined by domain, models perform best
in system modeling, business processes, and geo-
graphic diagrams, where the visual structure is rel-
atively regular and semantically transparent. How-
ever, accuracy declines for abstract symbolic repre-
sentations such as biological structures, electronic
circuits, or musical notation, where semantics are
encoded through compact symbols rather than spa-
tial composition.

Among individual models, GPT-5 achieves the
highest overall score (80.19%), leading on three
of five task types and six of eight domains. How-
ever, Qwen3-VL-235B-Thinking closely follows with
78.21%, showing strongest performance of open
source (OS) models in quantification tasks and
across five domains, particularly electrical engi-
neering and games & music. A consistent pattern
emerges across the Qwen model family: “Thinking”
variants surpass “Instruct” models in all task types
except code translation, where the latter perform
better. Notably, Qwen3-VL-235B-Instruct delivers
the highest scores of OS models in association and
code translation tasks, even exceeding GPT-5 on
the latter. GLM-4.5V ranks among the strongest
open-source models, showing exceptional perfor-
mance in structural and analytical reasoning and
dominating the geography domain, though under-
performing in code translation. InternVL3-5-241B-
Instruct demonstrates outstanding ability in iden-
tification tasks and the chemistry domain, signifi-
cantly surpassing GPT-5’s accuracy there. In the
smaller model range, MiniCPM-V-4-5, Qwen3-VL-

https://github.com/vllm-project/vllm
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Table 3: Performance of VLMs on Strudel over distinct task types and domains in %.16
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GPT-5-2025-08-07 80.19 69.14 73.81 89.38 87.99 79.84 77.36 75.63 63.43 80.71 92.01 83.80 96.84 76.68
Qwen3-VL-235B-Think. 78.21 69.03 72.17 83.01 86.71 78.65 77.02 78.04 59.20 76.89 91.79 82.80 84.21 73.87
GLM-4.5V 75.55 64.41 68.36 85.13 86.56 70.76 72.45 71.89 59.82 73.73 87.66 80.58 99.47 66.25
Qwen3-VL-235B-Instr. 74.11 69.71 62.70 73.41 87.01 79.92 73.39 77.38 57.65 74.86 89.81 77.97 83.42 59.57
Qwen3-VL-30B-Think. 74.04 68.81 66.84 81.72 84.68 67.06 71.05 72.20 55.93 71.95 90.00 78.36 93.68 64.78
Qwen2.5-VL-72B 70.35 64.41 57.95 71.93 85.33 73.55 69.44 71.83 56.54 70.91 85.64 73.14 91.58 51.87
InternVL3-5-241B-Instr. 68.42 71.40 57.17 65.19 81.77 69.55 65.65 80.14 54.54 69.78 83.02 73.94 52.63 57.42
Mistral-Small-3.2-24B 67.39 66.78 54.75 70.54 82.36 65.22 65.13 71.85 58.10 63.30 79.52 73.98 72.63 51.39
Qwen3-VL-30B-Instr. 67.06 62.61 52.01 69.44 81.97 74.31 65.11 67.73 47.47 66.83 80.11 74.29 87.11 52.39
MiniCPM-V-4-5 66.76 70.50 55.41 78.76 83.25 46.74 65.25 71.20 57.10 63.09 78.78 66.31 88.16 56.49
Qwen3-VL-8B-Thinking 66.14 61.82 63.85 64.27 81.47 48.33 59.30 64.03 49.92 70.05 85.30 74.72 55.26 57.37
Ovis2.5-9B 66.11 65.54 59.10 70.73 82.61 47.16 64.38 63.46 54.14 70.12 78.76 73.17 79.21 45.20
Gemma-3-27B-it 65.32 61.60 48.20 74.15 81.57 67.70 62.94 69.04 54.90 68.97 73.11 67.92 92.63 48.29
Qwen3-VL-4B-Thinking 64.67 61.49 62.83 69.62 80.48 37.28 56.88 64.19 45.38 68.16 80.57 73.76 80.26 51.29
Kimi-VL-A3B-Thinking 64.47 60.02 55.98 77.29 84.09 38.13 57.57 58.74 52.88 68.44 78.51 70.47 94.74 46.11
Qwen3-VL-8B-Instruct 64.23 62.61 52.05 62.14 80.63 64.45 62.85 65.87 51.85 67.86 76.29 69.09 74.47 47.10
Qwen3-VL-4B-Instruct 61.81 60.92 50.57 63.43 80.48 51.45 60.85 62.05 50.17 62.20 73.93 65.81 75.00 47.05
InternVL3-5-30B 60.65 61.71 47.58 50.05 82.51 59.02 61.73 69.20 48.60 66.61 75.32 68.05 26.58 44.30
Gemma-3-12B-it 59.95 58.78 41.68 71.38 76.38 59.95 56.93 59.09 51.60 62.84 71.25 59.87 91.58 44.32
Qwen2.5-VL-7B 59.79 58.90 50.78 62.60 77.42 45.28 57.11 59.28 47.75 61.49 72.12 63.85 83.95 42.39
InternVL-3-8B 59.67 61.60 49.47 58.73 77.92 48.11 60.37 59.92 50.93 63.11 72.09 65.36 48.16 43.88
Kimi-VL-A3B-Instruct 58.22 59.46 45.53 68.05 70.90 52.36 53.72 54.46 49.87 55.62 69.44 64.82 76.58 44.20
InternVL3-5-8B 56.38 60.02 45.41 45.80 75.15 53.66 57.45 61.04 43.67 63.46 71.48 65.20 18.42 40.79
NVLM-D-72B 56.30 60.92 43.03 65.00 66.55 54.54 50.35 59.97 45.65 57.29 68.05 61.86 68.68 43.26
InternVL3-5-4B 54.98 59.12 45.74 41.27 77.03 45.05 55.99 64.39 49.69 59.08 64.56 60.99 18.16 42.43
DeepSeek-VL2 54.20 66.33 46.68 74.15 59.49 31.72 51.50 56.18 46.40 53.63 66.31 54.58 86.05 36.47
Granite-Vision-3.3-2B 48.51 52.25 44.59 53.37 66.85 15.63 42.21 42.46 41.72 54.48 60.82 56.38 55.53 31.26
Phi-3.5-vision-instr. 46.47 54.95 36.64 59.10 58.84 26.21 47.42 44.59 37.23 50.15 52.99 52.28 50.53 32.22
Phi-4-multimodal-instr. 45.15 51.01 27.38 52.54 68.63 29.36 45.59 42.03 32.60 46.80 54.03 52.05 52.11 31.48
InternVL3-5-2B 42.55 50.23 28.98 41.27 62.35 31.25 43.93 49.05 31.93 44.76 52.44 48.25 25.00 30.43
InternVL3-5-1B 35.75 50.11 25.45 51.89 39.77 23.67 40.50 45.37 32.74 32.90 40.45 35.32 23.16 28.27
Chameleon-30B 30.09 37.39 18.11 47.74 36.12 22.27 30.74 37.14 23.80 27.31 34.05 30.30 38.95 24.43
SmolVLM2-2.2B-Instr. 26.42 31.53 17.62 36.57 38.88 08.88 28.45 30.52 21.93 25.18 29.46 23.51 34.21 25.07
Chameleon-7B 24.58 27.93 13.81 44.78 34.34 07.90 27.41 29.89 22.99 23.90 28.76 24.75 19.74 15.63
Idefics3-8B-Llama3 12.93 16.44 10.61 19.30 12.65 09.44 09.94 14.75 07.99 21.55 17.92 09.91 24.74 09.31

8B-Thinking, and Ovis2.5-9B represent the most
competitive 8–9B models, maintaining solid perfor-
mance across domains despite limited capacity.

Overall, these findings illustrate STRUDEL’s suit-
ability in revealing both model capability on distinct
tasks and domain-specific specialization, providing
nuanced insight into how model scale, architecture,
and training objective influence structured diagram
understanding.

6. Conclusion
Understanding structured diagrams lies at the inter-
section of vision, language, and formal reasoning.
With STRUDEL, we introduce a benchmark that
systematically evaluates Vision-Language Models
on structured diagram understanding across do-
mains. By combining LLM-driven code synthesis
utilizing FRLs and personas, a rendering toolkit,
and quality filtering, STRUDEL provides a extensi-
ble resource that covers the diversity and complex-
ity of real-world diagrammatic representations.

The large-scale evaluation across 35 Vision-
Language Models (VLMs) demonstrates that
STRUDEL effectively captures model capability
across distinct tasks and specific domains. Most

models show strong performance in association
tasks but struggle with quantification and identifi-
cation, revealing persistent gaps in compositional
and symbolic reasoning. The wide variance in code
translation performance highlights significant differ-
ences in how models connect visual input to formal
representations for cross-modal reasoning. Across
domains, models exhibit reliable competence in
system modeling, business processes, and geo-
graphic reasoning, but struggle with domains that
demand dense symbolic reasoning and specialized
visual parsing, such as biology or musical notation.

Overall the synthetic, code-grounded data gen-
eration approach enables continuous extension of
STRUDEL to new domains, such as architecture,
process engineering, or design engineering, and
can support fine-tuning experiments for both VLMs
and LLMs, guiding the development of VLMs that
can truly understand and reason about structured
visual information.

We release our pipelines together with the toolkit
and the benchmarking dataset STRUDEL18.

18https://github.com/danielsteinigen/
STRUDEL

https://github.com/danielsteinigen/STRUDEL
https://github.com/danielsteinigen/STRUDEL
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Limitations

As all data in this work is synthetically generated
using LLMs, the overall diversity and complexity of
the resulting problems are limited by the generative
capacity and biases of these models. Therefore,
highly irregular or nuanced problem statements
may not be fully represented. Furthermore, the
rendered visualizations are digitally produced us-
ing the toolkit, which omit imperfections commonly
found in real-world images such as hand-drawn
diagrams, scanned documents, or degraded print
figures.
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A. Appendix

A.1. Dataset Generation

For obtaining a large set of persona descriptions
we follow the PersonaHub pipeline (Ge et al., 2024)
and generate personas based on the 10BT split of
FineWeb-Edu dataset (Lozhkov et al., 2024). The
dataset contains texts mainly from the education
and scientific domain, which fits perfectly for our
purpose. For the generation we use Qwen3-235B-
A22B-Instruct (Team, 2025) since it facilitates a
permissive license for the generated data, yield-
ing to a dataset of 9 M educational personas after
applying MinHash deduplication. Next we apply
Snowflake-arctic-embed-l-v2.0 (Yu et al., 2024a)
for embedding and filtering the dataset. We filter
the dataset by running a semantic search with top-k
of 25,000 on 5 search queries per image category
and take only those that has at least 3 hits or a co-
sine similarity score above 0.7, limiting to 25,000
personas per image category.

Table 4 compares the performance of the two
prompt approaches. Across all models, we see
that the all-in-one approach beats the sequential
Approach in terms of code validity and complexity
consistency.

For the dataet generation we use as parameters
for the LLMs a temperature of 0.6, top-p of 0.95,
and a maximum context length of 16,384 (32,768
for reasoning models, 4,096 for Nemotron-340B)
and run the inference using the vLLM library19.

The generated dataset is comprised, for each
sample, of one (or more) structured diagram(s) as
image(s), a code representation in the specific FRL,
a label of the image category, a problem statement,
a solution description, a persona description, a cap-
tion, a complexity level, statistics of the structural
details and metadata, e.g. the name of the FRL, the
rendering tool used and its chosen parameters, the
log output of the tool and image properties, such
as width and height.

Table 4: Performance per Prompt-Template over
all models, in %.

Metric Sequential All-In-One
Code Validity 60.93 64.43
Complexity Consistency 61.26 69.56

A.1.1. Dataset Examples

Figures 5 and 6 illustrate samples of the synthetic
generated generated problem-solution pairs.

19https://github.com/vllm-project/vllm

A.1.2. Toolkit

The rendering of images from FRL-specific code is
achieved using a comprehensive toolkit consisting
of 54 different tools. Table 5 shows the compilation
of the tools with the corresponding licenses. The
specific settings for each tool are stored as default
values in the published source code.

A.1.3. Prompt templates

The prompt templates used for dataset generation,
correctness scoring and dataset enrichment are
provided in Figures 7 to 10.

A.2. Evaluate LLMS for Code generation
Tables 6 to 8 provide detailed evaluation results of
36 LLMs on generating valid code in the various
FRLs. These tables can be used to determine
which LLM is best suited for which FRL.

A.3. Artifacts and Licenses
For generating persona descriptions we used the
10BT split of FineWeb-Edu dataset (Lozhkov et al.,
2024), which has ODC-By license, using Qwen3-
235B-A22B-Instruct (Team, 2025). For embedding
and filtering the persona dataset we use Snowflake-
arctic-embed-l-v2.0 (Yu et al., 2024a). These mod-
els facilitate a permissive license Apache-2.0, al-
lowing our generated persona dataset to be pub-
lished under permissive license as well. For the
generation of STRUDEL we use Qwen3-Coder-
480B-A35B-Instruct (Team, 2025) and GPT-OSS-
120B (OpenAI, 2025), where both models are un-
der Apache-2.0. The used tools for image ren-
dering are documented in Table 5 together with
the corresponding permissive licenses, allowing
our toolkit to be released under permissive license,
as it assembles these tools without applying any
changes to the source code.

https://github.com/vllm-project/vllm
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Image Category:

X:1
M:4/4
L:1/4
K:C
| C E G A | C E G A | C E G A | C E G A |
| F A C D | F A C D | C E G A | C E G A |
| G B D E | F A C D | C E G A | G B D E |

LowABC NotationMusical Notes

An audio equipment enthusiast with a strong interest in music history and
technical aspects of sound production, likely an audiophile who collects and

appreciates vinyl records.

I want to to transcribe and visualize a simple 12-bar blues progression in a
standard musical form, to better understand its structure for playback and

historical analysis.

This implementation provides a straightforward 12-bar blues melody in the key of
C, notated for a single melodic line. It allows the user to see and hear the

characteristic chord changes, supporting analysis and appreciation of the genre's
classic structure.

FRL: Complexity:

Persona description:

Solution Description:

Problem Statement:

Notes of a 12-bar blues melody notated
for a single melodic line

Caption:

Image Category:

CN1C=NC2=C1C(=O)N(C(=O)N2C)C

MediumSMILESChemical Structure

A general chemistry student or instructor focused on understanding molecular
compounds and Lewis structures.

How can i represent the structure of caffeine, a complex molecule with multiple
functional groups (including amides and imidazole rings), to analyze its bonding

and connectivity for a Lewis structure exercise?

This implementation encodes the complete molecular structure of caffeine in a
concise, standardized line format, capturing all atoms (carbon, hydrogen,

nitrogen, oxygen) and bonds, allowing to visualize, interpret, or generate Lewis
structures and further explore its chemical properties.

FRL: Complexity:

Persona description:

Solution Description:

Problem Statement:

Molecular structure of caffeine capturing all
atoms and bonds

Caption:

Image Category:

LowVerilogHardware Design

A digital electronics engineer or computer hardware designer interested in logic
circuits and digital logic gates.

Design a simple 4-bit binary up-counter with synchronous reset and enable
signals. The counter should increment its value on each rising clock edge when

enabled and reset to zero when the reset signal is asserted.

This module implements a 4-bit up-counter. On every rising edge of the clock, if
the enable signal is high, the counter increases by one. If the reset signal is high,

the counter is synchronously reset to zero regardless of the enable signal. The
current count is output as a 4-bit value.

FRL: Complexity:

Persona description:

Solution Description:

Problem Statement:

Hardware Design for a 4-bit binary up-
counter with reset and enable signals

Code:

Code:Code:

module up_counter_4bit(
    input clk,
    input rst,
    input en,
    output reg [3:0] count
);
always @(posedge clk) begin
    if (rst)
        count <= 4'b0000;
    else if (en)
        count <= count + 1;
end
endmodule

Caption:

Figure 5: Examples of the synthetically generated dataset from various domains.

Image Category:

DBMLER-Diagram

A database administrator or developer interested in relational database
management systems, specifically MySQL.

I need help designing an entity relationship diagram for a database that tracks
various types of environmental sensors, their locations, and the measurements

they record over time for an environmental monitoring application.

This implementation defines a relational database structure for an environmental
monitoring application. It models entities for sensor types, sensors,

locations, and the measurements collected over time. Each sensor is associated
with a specific type and installed at a particular location. Measurements are

recorded from sensors along with the value and timestamp. The schema supports
tracking multiple sensor types, their deployment sites, and time-series data

for environmental analysis.

FRL:

Persona description:

Solution Description:

Problem Statement:

Table SensorType {

  id int [pk, increment]
  name varchar(100)
  unit varchar(50)
  description varchar(255)
}

Table Location {
  id int [pk, increment]
  name varchar(100)
  latitude decimal(9,6)
  longitude decimal(9,6)
  description varchar(255)
}

Table Sensor {
  id int [pk, increment]
  sensor_type_id int [ref: > SensorType.id]
  location_id int [ref: > Location.id]
  serial_number varchar(100)
  install_date date
  status varchar(50)
}

Table Measurement {
  id int [pk, increment]
  sensor_id int [ref: > Sensor.id]
  measured_at datetime
  value decimal(12,4)
}

Image Category:

MermaidBusiness Process

An operations research analyst or business process improvement specialist
focused on documenting and optimizing workflows across various industries

using flowcharts.

How can I visually map out the steps and decision points involved in our
customer order fulfillment process, clearly indicating the direction of each

workflow transition using flowlines?

This solution provides a visual representation of the customer order fulfillment
process, detailing each key step and decision point. The flowchart maps out the
progression from order receipt through inventory checks, payment processing,

shipping, and completion, with clear directional flowlines indicating
transitions and decision outcomes. This aids in understanding, analyzing, and

optimizing the workflow for efficiency and clarity.

FRL:

Persona description:

Solution Description:

Problem Statement:

flowchart TD

    A[Receive Customer Order] --> B[Check Inventory]

    B -->|In Stock| C[Process Payment]

    B -->|Out of Stock| D[Notify Customer & Backorder]

    D --> E[Wait for Inventory]

    E --> B

    C --> F{Payment Successful?}

    F -->|Yes| G[Prepare Order for Shipping]

    F -->|No| H[Notify Customer of Payment Failure]

    G --> I[Ship Order]

    I --> J[Order Complete]

Image Category:

PlantUMLUML Class Diagramm

A software engineer or designer with expertise in object-oriented programming,
particularly familiar with Unified Modeling Language (UML) and database

modeling, likely has a strong interest in this text.

Design a class diagram for a healthcare management system that models Patients,
Doctors, Appointments, and Prescriptions. Each Appointment is booked by a

Patient with a Doctor, and each Appointment can result in multiple Prescriptions.
The relationships must accurately represent the directionality between the classes.

The implementation defines the structure and relationships among core entities in
a healthcare application. It models that Patients can have multiple Appointments
with Doctors, each Appointment is associated with one Patient and one Doctor,

and each Appointment can have multiple Prescriptions. The diagram ensures
correct navigability and cardinality for association, aggregation, and

composition where appropriate.

FRL:

Persona description:

Solution Description:

Problem Statement:

@startuml class_44_4_1

class Patient {

  +patientId: String

  +name: String

  +dateOfBirth: Date

}

class Doctor {

  +doctorId: String

  +name: String

  +specialty: String

}

class Appointment {

  +appointmentId: String

  +date: Date

  +time: String

}

class Prescription {

  +prescriptionId: String

  +medication: String

  +dosage: String

  +instructions: String

}

Patient "1" -- "0..*" Appointment : books >

Appointment "1" -- "1" Doctor : with >

Appointment "1" *-- "0..*" Prescription : results in >

@enduml

Figure 6: Examples of the synthetically generated dataset from modeling categories.
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Table 5: Tools covered by the toolkit.
Environment Library Link License

Python Matplotlib https://matplotlib.org/ PSF/BSD
Python Logomaker https://logomaker.readthedocs.io/ MIT
Python Biopython https://biopython.org/ Biopython/BSD
Python ETE Toolkit https://etetoolkit.org/ GPL-3
Python forgi https://viennarna.github.io/forgi/index.html GPL-3
Python Graphviz Python https://graphviz.readthedocs.io/ MIT
Python Pydot https://github.com/pydot/pydot MIT
Python NetworkX https://networkx.org/ BSD-3
Python RDFLib https://rdflib.readthedocs.io/ BSD-3
Python bpmn_python https://bpmn-python.readthedocs.io/en/latest/ GPL-3
Python Sismic https://github.com/AlexandreDecan/sismic LGPL-3
Python pyhtml2pdf https://github.com/kumaF/pyhtml2pdf MIT
Python Plotly https://plotly.com/python/ MIT
Python Dash https://dash.plotly.com/ MIT
Python Vega-Altair https://altair-viz.github.io/ BSD-3
Python RDKit https://github.com/rdkit/rdkit BSD-3
Python python-chess https://python-chess.readthedocs.io/en/latest/ GPL-3
Python Lcapy https://lcapy.readthedocs.io/ LGPL-2.1
Python Schemdraw https://schemdraw.readthedocs.io/ MIT
Python PySpice https://pyspice.fabrice-salvaire.fr/pages/documentation.html GPL-3
Python SKiDL https://devbisme.github.io/skidl/ MIT
Python PyLaTeX https://jeltef.github.io/PyLaTeX/current/ MIT
Python Qiskit https://www.ibm.com/quantum/qiskit Apache 2.0
Python Cirq https://quantumai.google/cirq Apache 2.0
Python Keras https://keras.io/ Apache 2.0
Python SBMLDiagrams https://sys-bio.github.io/SBMLDiagrams/ MIT
Python SBMLNetwork https://sbmlnetwork.readthedocs.io/ MIT
Python Netron Export https://github.com/raphael-prevost/netron-export MIT
Python Playwright https://playwright.dev/python/ Apache 2.0
Javascript dbml-renderer https://github.com/softwaretechnik-berlin/dbml-renderer/ none provided
Javascript prisma-dbml-generator https://github.com/notiz-dev/prisma-dbml-generator MIT
Javascript DBML Cli https://dbml.dbdiagram.io/cli/convert–a-sql-file-to-dbml Apache 2.0
Javascript Cytoscape.js https://js.cytoscape.org/ MIT
Javascript netlistsvg https://github.com/nturley/netlistsvg MIT
Javascript State Machine Cat https://state-machine-cat.js.org/ MIT
Javascript Vega Cli https://vega.github.io/vega/usage/ BSD-3
Javascript Netron https://github.com/lutzroeder/netron MIT
Javascript Mermaid https://mermaid.js.org/ MIT
Command-Line PlantUML https://plantuml.com/ MIT
Command-Line D2 https://d2lang.com/ MPL-2
Command-Line VARNA https://varna.lisn.upsaclay.fr/ GPL-3
Command-Line R2DT https://docs.r2dt.bio/ Apache 2.0
Command-Line Open Babel https://openbabel.org/index.html GPL-2
Command-Line WebLogo https://weblogo.threeplusone.com/ MIT
Command-Line ditaa https://ditaa.sourceforge.net/ GPL-2
Command-Line Asymptote https://asymptote.sourceforge.io/ LGPL-3
Command-Line GHDL https://ghdl.github.io/ghdl/ GPL-2
Command-Line Yosys https://yosyshq.readthedocs.io/projects/yosys ISC
Command-Line LilyPond https://lilypond.org/index.de.html GPL + OFL
Command-Line abcm2ps http://moinejf.free.fr/abcm2ps-doc/index.html GPL-3
Command-Line MuseScore 3 https://musescore.org/en/handbook/3 GPL-2
Command-Line TikZ https://tikz.dev/ GPL-2 or LPPL
Command-Line CircuiTikZ https://github.com/circuitikz/circuitikz GPL-3 or LPPL
Command-Line CarioSVG https://cairosvg.org/ LGPL-3
Command-Line pdfcrop https://ctan.org/pkg/pdfcrop LPPL
Command-Line pdf2svg https://wiki.ubuntuusers.de/pdf2svg/ GPL 2
Command-Line ImageMagick https://imagemagick.org/script/convert.php ImageMagick
Command-Line markmap https://markmap.js.org/docs/packages–markmap-cli MIT
Command-Line Inkscape https://inkscape.org/doc/inkscape-man.html GPL-2
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Dataset Generation with problem-solution pairs and code as soulution (all-in-one)

System Prompt:
You are an helpful AI assistant expert in generating solutions with functional descriptions for the problem
statements of users.

User Prompt:
Given a persona, generate a prompt with one problem statement that this persona might give to an AI
assistant. The problem should deal with a {category} and should lead to a solution using the code
language {lang}. Consider that the problem should be of {complexity} complexity.
Then generate a code implementation as solution to the problem statement using the specific defined code
language.{code_instruct} Don't use Python or any other programming language. Don't add any
comments in the code. The code should be syntactically correct and compile and run without errors.
Also provide a functional description of the solution implementation. Do not mention and not use the code
language in the problem statement or in the functional description.{phrasing}
Finally, generate an answer with which the AI assistent will respond to the problem statement described in
the persona's prompt.
 
Persona: {persona}
 
Now, please output your results in the format below by filling in the placeholders in <...>:
 
Problem:
<problem statement>
 
Functionality:
<functional description>
 
Code:
```
<code implementation>
```
 
Answer:
<assistant answer>

Figure 7: Prompt for dataset generation with problem-solution pairs (all-in-one).
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Dataset Generation sequential with generating problem statement as first step

System Prompt:
You are an AI assistant expert at simulating user interactions.

User Prompt:
Generate a prompt with one problem statement that the following persona might ask to an AI assistant.
Consider that the problem should be {complexity} complex and lead to a solution using a {category}
with the Code Language {lang}. Do not mention and not use the Code Language in the problem statement.
 
Persona: {persona}
 
Now, please output your results in the format below by filling in the placeholders in <...>:
Problem: <problem statement>

Dataset Generation sequential with generating solution as second step

System Prompt:
You are an helpful AI assistant expert in generating solutions with functional descriptions for the problem
statements of users.

User Prompt:
Generate a code implementation as solution for the following problem statement of the given persona. Also
provide a functional description of the implementation. Use the code language {lang}. Don't use Python
or any other programming language.
Don't add any comments in the code. The code should be syntactically correct and compile and run without
errors. Do not mention the code language in the description.
 
Persona: {persona}
 
Problem: {problem}
 
Now, please output your results in the format below by filling in the placeholders in <...>:
 
Functionality:
<functional description>
 
Code:
```
<code implementation>
```

Figure 8: Prompts for sequential dataset generation, first problem statement and second solution.
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Dataset LLM-as-a-Judge correctness scoring for problem-solution pairs

System Prompt:
You are a professional expert in {category}, with deep experience in reviewing code and solution
specifications.
 
You will be given:
- A problem statement that describes a task
- The programming language used to implement a solution
- The actual code implementation
- A functional description of what the code is supposed to do
 
Your task is to judge whether
1. the code and the functional description are factually, technically and logically correct,
2. the functional description correctly reflect what the code does.
 
Use your domain expertise in {category} for the assessment. Don’t assume missing context; do not
run code; judge from text only.
 
Output your result as binary value "correct".
Output "true" when all is correct by tolerating minor deviations or irrelevant inconsistencies.
Output "false" only when you detect clear, material errors or contradictions.
Otherwise output "null" for an unsure/indeterminate result.
 
Also provide a short factual explanation for your decision, free of speculation, of max. 30 words.

User Prompt:
Given the following problem statement, code language, code and its functional description, assess the
correctness.
 
Problem Statement:
{problem}
 
Code Language: {language}
 
Code:
```
{code}
```
 
Functional Description:
{description}
 
 
Now, please output your results in the format below by filling in the placeholders in <...>:
 
correct: <true|false|null>
explanation: <brief factual explanation>

Figure 9: Prompt for scoring correctness for problem-solution pairs.
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Dataset Enrichment with captions

System Prompt:
You are an helpful AI assistant expert in summarizing, enriching and expanding data samples.

User Prompt:
Given a code representation in the code language {language} that implements a {category},
generate a caption for a picture which will be rendered from this code.
The picture will represent exactly what is contained in the code. The caption should be abstracting and
contain only the most relevant information.
Consider that in the end only the rendered picture and the caption are visible, not the code. Therefore, the
coding language itself or anything invisible should not be mentioned in the caption.
 
Code:
```
{code}
```
 
Now, please output your results in the format below by filling in the placeholders in <...>:
 
Caption: <caption>

Dataset Enrichment with closed-ended questions

System Prompt:
You are an helpful AI assistant expert in generating realistic question-answer pairs.

User Prompt:
Given a code representation in the code language {language}, generate a natural user question that
refers to the image of a {category} which will be rendered from this code.
The image will represent exactly what is contained in the code. Use the code internally as ground truth to
understand the contents and visual structure of the image.
Also generate an assistant response that gives the correct answer, derived directly from the code. The
answer must match exactly what is in the image.
The code will **not** be present in the final dataset, so the question and answer must sound like they refer
to the image itself, not the code. Do not mention, quote, or reference the code or the code language in the
question or answer. Derive every detail of the question and answer only from what is unambiguously
implied by the code. Do not invent content.
Frame the question such that it requires visual interpretation of the rendered image. {question_type} 
 
Code:
```
{code}
```
 
Now, please output your results in the format below by filling in the placeholders in <...>:
 
User: <user question>
Assistant: <assistant answer>

Figure 10: Prompt for dataset enrichment with captions and closed-ended questions.
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Table 6: Model performance on distinct FRLs with regard to code validity in %. (Part 1)
Category FRL GPT-4.1 Qwen3-

Coder-
480B-
A35B-
Instruct-
FP8

Mistral-
Large-
Instruct-
2411

Next
Coder-
32B

GPT-
OSS-
120B

Qwen3-
235B-
A22B-
Thinking-
2507

Qwen-
2.5-72B-
Instruct

Qwen3-
235B-
A22B-
Instruct-
2507

Qwen-
2.5-
Coder-
32B-
Instruct

GPT-
OSS-
20B

Devstral-
Small-
2507

Qwen3-
Coder-
30B-
A3B-
Instruct

Electrical Circuit SPICE Netlist 88.00 91.33 79.33 86.58 80.00 75.68 86.00 88.00 86.67 83.22 57.05 78.33
Electrical Circuit CircuiTikZ 57.86 57.33 71.33 54.61 30.67 60.00 55.33 65.33 56.00 25.17 58.00 49.11
Hardware Design VHDL 62.75 74.00 76.00 84.67 77.33 81.12 84.00 68.00 73.33 65.75 75.84 67.79
Hardware Design Verilog 80.33 90.67 96.67 98.00 93.33 88.11 93.33 89.33 90.67 92.31 89.33 90.84
Hardware Design Yosys 97.66 91.16 0.00 93.33 55.70 74.38 74.00 26.00 15.33 2.88 0.00 0.68
Logic Boolean expr. 92.67 99.33 99.33 96.00 100.00 98.67 98.00 99.33 90.00 99.33 92.00 93.24
Logic Logical symb. 100.00 94.00 77.33 90.67 98.67 95.95 96.67 93.33 98.00 89.93 96.00 91.95
PLC Instruction List 84.67 99.33 52.67 44.00 88.00 78.00 16.00 92.67 14.67 49.66 20.67 94.96
Quantum Circuit OpenQASM 2 86.33 87.33 93.33 87.33 65.33 88.67 78.67 82.00 0.00 74.83 8.00 66.00
Quantum Circuit Quirk 51.00 72.30 58.67 73.33 2.00 12.00 64.67 53.02 64.00 0.00 0.00 39.36
Phylogenetic Tree Newick 91.33 84.00 90.00 96.00 94.00 90.91 88.67 90.67 94.67 87.25 92.31 67.05
Phylogenetic Tree PhyloXML 77.33 86.58 70.67 64.00 69.33 31.54 62.67 48.00 58.00 24.16 43.45 45.95
DNA Sequences FASTA 72.07 84.83 78.00 46.97 92.67 85.00 52.67 80.77 42.00 90.41 51.19 83.87
DNA Sequences Vienna RNA 94.63 58.54 86.67 87.97 66.00 82.22 53.33 97.22 66.67 64.71 81.03 57.75
Chemical Struct. SMILES 91.64 91.16 90.67 52.41 83.33 95.95 72.00 88.67 64.00 82.73 88.73 54.08
Chemical Struct. SMARTS 85.00 66.00 80.00 74.67 92.67 85.71 86.67 80.67 78.00 91.95 90.54 59.66
Chemical Struct. SMARTS Reac. 47.33 67.11 28.00 40.67 78.67 18.67 20.67 4.67 33.33 79.73 9.46 25.83
Chemical Struct. PDB 74.58 67.13 68.67 70.07 74.00 59.84 77.33 74.32 66.00 58.11 60.27 39.10
Chemical Struct. CML 99.00 97.33 97.33 92.67 98.00 94.00 97.33 90.67 98.00 95.95 96.67 89.33
Metab. Pathway SBML 69.00 79.33 68.67 30.67 77.33 80.00 62.00 59.33 8.67 56.38 0.67 56.00
Metab. Pathway BioPAX 81.33 98.64 76.00 60.00 91.33 62.00 66.00 67.33 67.33 88.00 62.00 88.67
Deep Learning ONNX Graph 94.67 99.32 36.00 51.68 71.72 23.29 46.67 44.37 28.67 18.02 28.38 91.20
Deep Learning Keras Config. 97.33 100.00 90.67 98.00 87.33 98.67 97.33 99.33 98.67 94.59 88.67 97.33
Deep Learning ProtoBuf 95.67 97.33 15.33 82.55 84.46 82.64 0.00 85.33 72.00 68.84 0.00 70.27
Chess Board FEN 99.00 95.33 96.00 76.67 84.96 97.20 98.00 98.67 82.67 71.32 95.30 7.25
Chess Board PGN 78.23 67.33 72.67 80.14 76.00 93.86 85.33 88.97 75.33 34.00 91.34 77.78
Musical Notation ABC 85.28 82.43 86.00 74.00 81.51 76.51 84.67 89.33 68.00 59.15 84.25 72.93
Musical Notation LilyPond 73.67 80.00 82.67 75.33 79.19 75.33 75.33 71.33 75.33 64.14 66.00 79.33
Musical Notation MusicXML 90.67 95.21 96.67 92.67 93.33 92.00 95.33 96.00 94.00 88.89 79.33 94.67
Class Diagram PlantUML 99.67 100.00 100.00 100.00 98.66 95.27 96.67 96.67 100.00 96.64 98.00 92.00
Class Diagram Mermaid 97.67 100.00 96.67 100.00 88.00 94.00 86.00 96.67 98.67 80.67 98.00 99.33
Sequence Diag. PlantUML 99.00 98.00 100.00 98.67 94.00 96.64 99.33 86.00 98.67 89.93 98.67 98.67
Sequence Diag. Mermaid 99.33 98.00 98.67 100.00 94.00 90.00 96.00 90.67 98.67 97.97 100.00 98.67
Activity Diag. PlantUML 81.67 73.33 93.33 94.00 68.67 80.67 72.00 49.33 96.67 65.77 92.67 51.33
Activity Diag. Mermaid 96.33 98.00 98.00 98.67 96.67 89.26 99.33 94.67 99.33 98.65 97.33 97.30
Component Diag. PlantUML 98.67 87.33 92.00 88.00 96.00 89.26 94.67 84.00 83.33 98.00 96.67 57.33
Usecase Diag. PlantUML 96.00 98.00 95.33 90.00 96.67 97.30 98.67 83.33 90.67 92.67 94.67 90.60
State Chart PlantUML 92.00 94.00 90.67 91.33 85.33 68.67 94.67 80.67 97.33 85.91 82.67 86.58
State Chart Mermaid 97.00 96.00 97.33 96.00 98.00 88.59 98.67 89.33 97.33 87.25 93.33 84.46
State Chart SCXML 80.33 86.00 98.00 97.33 84.67 70.00 96.00 88.00 98.00 78.67 93.33 92.67
Business Process BPMN 26.00 98.00 46.67 19.33 67.38 66.00 32.67 74.00 16.00 89.19 70.00 73.33
Business Process PlantUML 87.67 64.67 96.00 94.00 77.33 86.67 90.00 28.00 95.33 74.00 90.00 36.67
Business Process Mermaid 95.67 98.00 99.33 98.67 93.33 97.33 99.33 92.67 98.67 97.32 98.67 98.65
Business Process D2 82.67 87.33 44.00 86.67 70.67 53.33 27.33 18.67 86.67 37.33 6.00 0.67
Business Process DOT 99.00 100.00 100.00 98.67 100.00 100.00 100.00 97.33 98.00 99.33 96.67 96.67
Gantt Diagram PlantUML 38.67 31.33 48.67 32.89 7.33 4.00 12.00 34.67 21.33 10.00 12.67 0.00
Gantt Diagram Mermaid 84.00 87.33 93.33 78.67 77.33 62.42 72.67 69.33 69.33 66.00 82.67 51.33
ER-Diagram Mermaid 97.33 94.00 33.33 96.67 89.33 92.00 74.67 92.67 98.67 82.55 84.00 80.00
ER-Diagram PlantUML 8.33 25.33 97.33 94.00 0.00 13.42 24.67 0.00 95.33 6.00 78.67 63.33
ER-Diagram MySQL DDL 95.67 98.67 96.67 98.67 96.00 86.00 97.33 91.33 98.67 90.00 94.67 88.67
ER-Diagram Postgres DDL 99.67 99.33 100.00 97.33 90.00 76.00 98.00 94.67 98.67 87.25 98.67 88.00
ER-Diagram DBML 74.00 78.67 66.00 82.00 34.67 76.00 26.00 54.67 69.33 53.02 69.33 45.33
ER-Diagram PSL 81.33 73.33 74.00 66.67 74.00 80.67 68.67 64.67 69.33 69.80 56.67 34.67
Mind Map Mermaid 99.33 97.33 100.00 94.67 100.00 93.33 98.67 99.33 98.00 97.33 100.00 100.00
Mind Map PlantUML 100.00 98.00 98.67 97.33 100.00 92.67 100.00 100.00 92.67 98.66 99.33 100.00
Mind Map Markmap 100.00 100.00 99.33 100.00 100.00 98.00 100.00 99.33 100.00 100.00 99.33 100.00
Graph GraphML 85.00 93.33 95.33 94.67 94.67 93.33 82.00 96.00 93.33 96.00 54.00 92.67
Graph GML 94.67 95.33 93.33 94.67 86.00 93.96 88.67 86.67 90.00 95.27 79.33 87.92
Knowledge Graph RDF XML 96.33 96.67 99.33 93.33 97.33 91.33 98.00 86.67 92.00 92.62 84.67 91.33
Knowledge Graph RDF Turtle 90.67 94.00 80.67 88.00 90.00 90.67 94.67 79.33 92.00 95.97 86.67 74.00
Knowledge Graph OWL XML 33.67 90.00 98.67 0.67 82.00 74.67 66.67 76.00 4.00 78.52 76.67 0.00
Knowledge Graph OWL Turtle 95.67 95.33 97.33 82.00 90.67 93.33 80.00 84.00 86.67 93.29 89.33 61.33

Overall 89.68 84.38 79.43 78.35 77.90 75.79 74.96 74.57 74.24 72.15 69.69 69.19
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Table 7: Model performance on distinct FRLs with regard to code validity in %. (Part 2)
Category FRL Nemotron-

4-340B-
Instruct-
FP8

Mistral-
Small-
3.1-24B

XBai-o4 Mixtral-
8x22B-
Instruct

Open-
hands-
LM-32B-
v0.1

C4AI-
Comm-
and A

Llama-
3.3-70B-
Instruct

Qwen-
2.5-14B-
Instruct

Qwen3-
30B-
A3B-
Instruct-
2507

Phi-4-
reasoning

Deep
Seek-
Coder-
V2-Lite

QWQ-
32B

Electrical Circuit SPICE Netlist 79.33 52.67 82.55 84.67 77.33 87.33 80.67 89.51 81.68 79.02 84.56 82.67
Electrical Circuit CircuiTikZ 71.33 70.00 26.00 74.00 29.33 40.00 68.67 66.21 27.83 63.50 77.55 43.33
Hardware Design VHDL 62.67 54.67 66.67 45.33 60.67 52.67 34.00 68.67 43.36 43.57 58.00 65.33
Hardware Design Verilog 84.67 84.67 90.67 84.00 86.67 86.67 78.67 85.81 81.75 87.41 91.33 88.67
Hardware Design Yosys 0.00 0.00 0.00 0.00 12.67 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Logic Boolean expr. 94.67 96.00 100.00 66.67 85.33 98.00 94.00 94.63 77.18 96.67 85.03 96.00
Logic Logical symb. 91.33 96.67 99.33 82.67 94.67 89.33 98.00 96.67 91.89 8.94 85.23 98.67
PLC Instruction List 68.67 81.33 64.00 38.67 52.00 59.33 85.33 82.55 97.32 36.62 41.61 52.67
Quantum Circuit OpenQASM 2 20.00 64.67 77.33 72.67 37.33 14.67 89.33 69.33 71.33 48.67 46.67 74.00
Quantum Circuit Quirk 0.00 0.00 2.67 0.00 41.33 7.33 44.67 0.00 9.89 0.00 0.00 6.67
Phylogenetic Tree Newick 76.67 76.67 93.96 80.00 87.33 89.33 74.00 94.67 88.00 87.76 97.20 83.69
Phylogenetic Tree PhyloXML 36.00 37.33 18.79 40.67 47.33 29.33 68.67 44.67 22.82 18.18 47.97 8.84
DNA Sequences FASTA 28.67 48.67 83.69 0.00 34.00 14.67 50.00 2.07 79.38 50.40 40.00 83.81
DNA Sequences Vienna RNA 34.67 59.33 78.38 33.33 38.67 39.33 68.00 59.76 55.38 66.41 57.75 72.26
Chemical Struct. SMILES 74.67 80.67 82.43 53.33 53.33 84.67 86.00 61.49 83.19 85.33 19.58 74.31
Chemical Struct. SMARTS 57.33 72.00 81.08 65.33 72.00 53.33 80.00 68.49 58.70 83.78 22.45 87.92
Chemical Struct. SMARTS Reac. 2.00 16.67 16.67 4.00 16.00 1.33 21.33 30.20 8.47 45.64 7.64 16.11
Chemical Struct. PDB 39.33 56.67 56.00 41.33 69.33 68.67 69.33 72.11 55.63 38.10 17.33 64.67
Chemical Struct. CML 93.33 96.00 74.00 95.33 95.33 97.33 99.33 96.00 90.67 88.67 99.33 85.33
Metab. Pathway SBML 40.00 2.67 6.67 34.00 16.00 2.67 50.00 20.67 37.33 38.00 40.67 45.33
Metab. Pathway BioPAX 79.33 57.33 40.00 69.33 59.33 51.33 12.67 55.33 64.67 58.00 42.00 74.67
Deep Learning ONNX Graph 68.00 24.67 14.00 76.00 44.67 42.00 1.33 33.10 79.41 16.38 40.54 21.23
Deep Learning Keras Config. 84.00 87.33 98.67 85.33 86.00 93.33 94.67 76.00 91.33 81.16 0.67 96.00
Deep Learning ProtoBuf 59.33 1.33 8.00 42.67 46.67 32.00 19.33 12.67 1.35 12.32 23.81 6.04
Chess Board FEN 95.33 72.00 90.00 28.00 81.33 74.00 76.67 29.03 1.69 83.80 73.21 87.25
Chess Board PGN 46.67 90.00 93.15 66.67 85.33 84.67 100.00 78.10 80.52 79.07 2.74 87.50
Musical Notation ABC 53.33 76.67 69.33 95.33 58.67 80.00 46.67 89.93 65.69 58.39 82.54 62.00
Musical Notation LilyPond 74.00 76.67 75.33 68.00 63.33 72.67 93.33 78.00 56.67 68.00 76.67 68.67
Musical Notation MusicXML 78.00 91.33 80.00 78.00 68.67 92.67 41.33 89.33 90.00 60.67 89.33 70.00
Class Diagram PlantUML 100.00 93.33 96.67 98.00 86.00 95.33 85.33 96.67 95.97 96.83 98.67 57.33
Class Diagram Mermaid 96.67 98.67 97.33 99.33 98.00 94.67 95.33 86.00 96.64 75.00 97.33 55.33
Sequence Diag. PlantUML 98.67 99.33 96.00 94.00 87.33 97.33 94.00 98.00 98.67 94.78 98.67 84.67
Sequence Diag. Mermaid 98.67 98.67 95.33 100.00 100.00 98.67 98.67 98.67 92.00 84.14 97.33 94.00
Activity Diag. PlantUML 81.33 89.33 65.33 85.33 73.33 14.00 43.33 88.00 38.00 58.14 93.29 38.67
Activity Diag. Mermaid 98.67 98.67 80.67 95.33 97.33 100.00 48.00 88.67 86.99 91.95 92.00 85.33
Component Diag. PlantUML 96.67 81.33 96.67 82.00 60.00 90.67 96.67 61.33 75.33 90.62 59.33 92.00
Usecase Diag. PlantUML 98.00 93.33 94.00 90.00 60.00 86.00 83.33 90.67 96.64 89.71 84.67 58.00
State Chart PlantUML 92.67 72.67 85.33 85.33 54.67 94.00 94.67 34.00 67.57 68.89 73.33 39.33
State Chart Mermaid 89.33 71.33 91.33 96.67 76.67 94.00 93.33 94.00 76.67 86.71 98.00 66.67
State Chart SCXML 96.67 87.33 80.00 93.33 89.33 94.67 95.33 98.00 84.00 62.67 97.33 91.33
Business Process BPMN 30.00 36.67 41.33 52.00 26.67 48.67 72.67 61.33 36.67 61.33 26.67 39.33
Business Process PlantUML 73.33 76.00 73.15 88.67 77.33 18.67 72.00 85.33 53.02 63.71 94.63 46.67
Business Process Mermaid 100.00 99.33 92.00 99.33 97.33 98.00 47.33 96.67 89.86 94.41 97.99 85.33
Business Process D2 9.33 14.00 59.33 1.33 49.33 46.00 14.00 21.33 11.41 10.27 7.33 3.33
Business Process DOT 100.00 98.00 98.66 100.00 99.33 100.00 96.00 100.00 97.33 99.19 98.00 93.96
Gantt Diagram PlantUML 15.33 10.67 0.00 8.67 9.33 4.00 42.00 0.67 11.33 0.00 0.00 3.33
Gantt Diagram Mermaid 60.00 78.00 57.05 42.67 40.00 58.00 62.67 77.33 50.34 52.05 90.67 18.00
ER-Diagram Mermaid 48.67 48.67 90.67 95.33 90.00 94.00 92.67 60.00 82.07 53.74 83.33 45.33
ER-Diagram PlantUML 54.00 72.00 10.00 88.67 63.33 89.33 92.67 4.00 0.67 12.00 86.00 27.33
ER-Diagram MySQL DDL 94.67 98.67 84.67 98.67 92.00 99.33 100.00 96.00 85.33 89.44 96.00 96.67
ER-Diagram Postgres DDL 95.33 98.67 84.00 95.33 94.00 94.00 99.33 94.00 76.67 83.82 98.67 97.33
ER-Diagram DBML 74.67 89.33 63.33 65.33 36.67 60.67 28.67 18.00 14.67 31.21 35.33 26.00
ER-Diagram PSL 73.33 0.00 56.00 56.67 52.00 62.67 48.67 45.33 33.33 36.00 26.00 58.67
Mind Map Mermaid 92.67 99.33 96.00 88.67 88.67 84.00 54.00 36.67 98.00 78.77 93.33 32.00
Mind Map PlantUML 88.00 92.00 95.33 70.00 81.33 95.33 12.67 63.33 100.00 81.51 97.33 97.33
Mind Map Markmap 96.00 93.33 99.33 98.00 92.67 96.67 100.00 95.33 100.00 100.00 92.62 94.67
Graph GraphML 92.67 90.00 94.00 53.33 75.33 94.67 28.67 79.33 92.67 90.00 96.00 89.33
Graph GML 64.00 88.00 88.00 76.00 72.00 49.33 15.33 86.00 56.76 89.71 65.33 80.41
Knowledge Graph RDF XML 78.00 98.00 96.00 70.00 75.33 78.67 92.67 89.33 76.00 80.00 76.67 87.33
Knowledge Graph RDF Turtle 86.67 88.00 72.00 81.33 75.33 80.67 66.67 82.00 66.00 77.33 51.33 61.33
Knowledge Graph OWL XML 56.67 64.67 72.67 39.33 0.67 0.00 51.33 1.33 0.00 63.33 2.67 48.00
Knowledge Graph OWL Turtle 90.00 88.67 49.33 91.33 64.00 64.00 66.67 76.00 65.33 76.67 56.67 57.33

Overall 69.14 68.61 67.48 66.08 64.62 64.49 64.29 63.47 61.59 61.45 61.32 60.10
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Table 8: Model performance on distinct FRLs with regard to code validity in %. (Part 3)
Category FRL Magistral-

Small-
2507

Gemma-
3-27B-
IT

DeepSeek-
R1-Distill-
Qwen-32B

Star-
Coder2-
15B-
Instruct

Qwen-
2.5-7B-
Instruct

Gemma-
3-12B-
IT

Mixtral-
8x7B-
Instruct

Phi-3.5-
MoE-
instruct

Deep-
Coder-
14B

Code-
Gemma-
7b

Phi-4-
Mini-
Instruct

SmolLM3-
3B

Electrical Circuit SPICE Netlist 70.95 56.67 81.63 71.33 72.03 62.00 71.94 85.52 66.44 65.73 84.09 52.08
Electrical Circuit CircuiTikZ 41.50 28.67 35.17 84.72 60.84 10.74 43.94 66.90 8.78 33.57 31.43 50.00
Hardware Design VHDL 38.00 39.33 53.33 63.09 38.00 23.33 47.12 60.00 28.67 17.33 82.67 13.42
Hardware Design Verilog 68.67 82.67 92.57 70.00 78.67 78.00 89.52 89.33 51.33 71.33 89.26 23.13
Hardware Design Yosys 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.68
Logic Boolean expr. 98.61 76.67 89.93 18.12 76.19 98.00 70.50 92.00 89.19 56.00 80.43 80.67
Logic Logical symb. 96.38 92.00 79.02 18.67 88.73 88.67 62.68 98.00 81.08 62.00 91.67 60.16
PLC Instruction List 49.66 72.67 55.10 10.07 43.24 69.33 1.08 0.67 65.31 1.34 3.03 2.29
Quantum Circuit OpenQASM 2 20.67 0.00 49.33 66.67 55.33 0.00 60.67 78.67 10.00 41.33 57.33 0.00
Quantum Circuit Quirk 0.00 0.00 11.68 16.28 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Phylogenetic Tree Newick 74.40 80.00 84.67 67.35 81.88 86.39 81.62 51.77 72.48 56.38 51.28 9.70
Phylogenetic Tree PhyloXML 46.31 0.00 6.00 53.47 0.00 14.00 6.20 15.65 9.33 1.41 17.24 0.00
DNA Sequences FASTA 44.22 2.00 34.92 21.43 41.91 10.84 2.42 1.53 15.17 23.68 12.50 0.00
DNA Sequences Vienna RNA 75.89 28.00 72.79 25.18 40.30 23.91 32.17 62.32 37.40 67.74 54.05 0.70
Chemical Struct. SMILES 55.04 54.67 54.79 54.07 64.79 45.89 56.52 40.50 64.63 30.71 29.03 3.79
Chemical Struct. SMARTS 71.88 44.00 64.43 30.07 60.00 24.83 52.99 48.04 66.67 35.61 32.80 16.30
Chemical Struct. SMARTS Reac. 3.17 22.00 5.41 10.29 22.38 3.36 9.17 4.59 0.68 5.19 8.57 0.00
Chemical Struct. PDB 42.47 54.00 59.33 25.52 11.35 39.60 12.39 1.35 5.33 15.00 7.56 0.70
Chemical Struct. CML 80.67 96.67 86.00 47.33 45.71 84.00 78.67 44.00 85.33 85.33 50.00 18.00
Metab. Pathway SBML 12.00 0.67 8.00 2.67 0.00 0.00 4.67 13.33 0.00 0.00 0.00 0.00
Metab. Pathway BioPAX 18.00 38.00 83.33 82.00 27.89 24.00 32.00 7.33 60.67 37.33 14.67 10.67
Deep Learning ONNX Graph 10.67 1.33 11.33 42.86 11.19 0.00 1.00 1.42 0.67 0.00 0.00 0.00
Deep Learning Keras Config. 34.00 98.67 84.00 69.11 68.71 53.69 58.14 16.11 68.00 29.73 2.04 0.00
Deep Learning ProtoBuf 0.68 2.00 19.86 4.69 2.99 4.67 17.42 18.24 0.67 2.07 0.00 0.00
Chess Board FEN 73.91 62.67 78.03 80.99 76.87 80.95 11.82 0.00 46.88 0.00 0.00 0.00
Chess Board PGN 69.18 58.00 74.83 44.30 61.94 81.12 68.85 72.60 61.33 29.63 9.56 0.72
Musical Notation ABC 73.83 86.67 57.34 56.08 53.85 84.67 83.61 77.70 41.89 68.28 33.33 23.08
Musical Notation LilyPond 60.67 36.00 42.67 90.00 72.81 38.00 45.33 50.00 30.00 16.67 26.67 6.67
Musical Notation MusicXML 58.00 70.00 77.33 60.67 74.15 45.33 48.67 80.00 26.00 9.33 0.67 0.00
Class Diagram PlantUML 80.41 96.00 95.33 70.47 74.67 98.67 96.97 97.33 74.67 60.67 79.19 36.36
Class Diagram Mermaid 90.00 94.00 88.67 41.22 71.33 55.33 87.22 86.67 74.00 36.24 45.58 20.14
Sequence Diag. PlantUML 93.29 89.33 86.67 76.03 84.67 89.33 96.25 94.00 67.33 72.67 78.52 45.52
Sequence Diag. Mermaid 94.67 86.00 98.66 62.00 98.67 77.33 91.97 82.00 83.33 93.33 68.46 68.46
Activity Diag. PlantUML 81.33 41.33 42.67 69.01 72.00 50.67 72.50 15.33 18.67 84.56 33.78 40.41
Activity Diag. Mermaid 96.00 75.33 90.67 51.45 97.33 76.00 93.16 91.33 80.67 72.67 74.15 34.25
Component Diag. PlantUML 91.33 89.33 70.00 78.77 80.67 95.33 47.06 64.67 40.00 87.33 58.39 24.49
Usecase Diag. PlantUML 93.33 90.00 74.00 77.08 80.00 95.33 57.14 52.00 40.00 76.67 48.00 24.83
State Chart PlantUML 65.33 87.33 40.27 76.67 53.33 76.00 12.33 52.67 28.86 58.78 48.32 25.74
State Chart Mermaid 98.00 91.33 44.00 63.76 90.67 82.67 90.00 88.67 82.67 86.58 38.41 58.78
State Chart SCXML 94.00 92.67 84.67 84.00 87.33 90.67 78.67 82.67 83.33 86.67 93.33 12.67
Business Process BPMN 19.33 39.33 36.00 54.67 63.76 51.33 29.33 0.00 3.33 33.33 47.33 0.00
Business Process PlantUML 73.33 58.67 38.67 84.09 72.00 52.00 55.32 15.07 31.76 81.21 32.19 41.55
Business Process Mermaid 97.33 80.00 94.67 64.19 98.67 54.67 90.68 70.55 86.00 78.00 82.43 41.26
Business Process D2 36.91 2.00 12.08 12.33 54.42 3.33 7.69 3.60 3.36 2.68 14.29 0.00
Business Process DOT 99.33 98.67 98.00 82.73 99.33 100.00 98.45 73.13 91.22 92.57 93.24 79.29
Gantt Diagram PlantUML 4.67 9.33 4.03 53.10 0.00 0.00 16.09 15.33 14.00 13.51 11.41 11.94
Gantt Diagram Mermaid 57.33 33.33 22.67 81.33 23.65 18.00 25.00 16.11 7.33 1.33 7.64 0.00
ER-Diagram Mermaid 62.67 45.33 27.33 41.33 51.68 67.33 80.62 7.33 0.00 2.00 21.50 0.70
ER-Diagram PlantUML 23.33 68.00 74.00 85.81 62.00 15.33 4.65 67.33 41.61 77.70 31.29 0.74
ER-Diagram MySQL DDL 96.00 97.33 93.33 75.33 97.33 96.67 87.50 92.00 79.33 82.67 92.00 86.67
ER-Diagram Postgres DDL 94.00 100.00 86.58 72.67 94.67 97.33 88.89 82.67 83.33 81.33 89.33 89.33
ER-Diagram DBML 6.71 21.33 19.59 61.70 2.19 34.69 26.83 0.00 0.00 5.56 0.00 0.00
ER-Diagram PSL 46.00 63.33 26.00 78.67 44.96 36.67 37.33 32.67 1.33 6.67 17.33 0.00
Mind Map Mermaid 80.00 91.33 92.00 0.69 62.67 56.00 81.89 72.92 26.67 61.49 23.78 28.67
Mind Map PlantUML 73.33 95.33 85.91 78.62 7.33 77.33 38.81 36.91 17.57 36.05 16.30 6.21
Mind Map Markmap 100.00 98.67 98.00 100.00 100.00 100.00 94.21 78.00 97.33 98.18 98.64 95.80
Graph GraphML 48.00 97.33 42.67 58.00 25.50 87.33 68.00 40.00 28.00 29.33 46.00 60.00
Graph GML 50.00 24.67 71.33 78.52 44.59 4.67 31.65 56.00 47.33 45.27 39.37 11.76
Knowledge Graph RDF XML 85.33 77.33 82.67 54.00 76.67 85.33 40.67 42.00 52.00 32.00 2.67 6.00
Knowledge Graph RDF Turtle 84.00 73.33 74.67 80.00 66.44 66.67 59.33 40.67 62.00 4.00 24.00 16.00
Knowledge Graph OWL XML 54.67 60.67 58.00 69.33 25.34 55.33 8.00 20.00 22.67 8.67 1.33 1.33
Knowledge Graph OWL Turtle 73.33 70.00 62.67 83.33 46.00 57.33 44.67 37.33 55.33 8.00 12.00 16.00

Overall 58.44 57.64 57.42 54.98 54.18 51.89 49.09 45.87 40.99 40.04 37.35 21.62
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