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Abstract001

Flowchart understanding has largely been002
evaluated through visual question answering003
(VQA), leaving structured diagram generation004
underexplored. We revisit FlowVQA and es-005
tablish a new benchmark task: predicting exe-006
cutable Mermaid code directly from flowchart007
images. We propose a dual-stage verification-008
guided prompting (DSVGP) framework for009
vision–language models (VLMs): an actor010
that produces an initial Mermaid program and011
a critic that validates and repairs it using012
Mermaid-aware checks and graph constraints.013
Coupled with visualization-aware verification014
and graph-centric parsing, our evaluation mea-015
sures executability and structure via Micro F1016
(label-with-connections), Parsing Success Rate017
(PSR), Normalized Edit Similarity (NES), and018
node-wise scores. Across diverse contempo-019
rary VLMs, the proposed actor–critic prompt-020
ing yields consistent and significant improve-021
ments over OCR & Graph Parsing, single-022
prompt and two-step baselines, increasing both023
structural fidelity and executability of the gen-024
erated code. These results indicate that VLMs025
can serve as robust diagram-to-code translators026
when guided by structured verification-driven027
prompting, and our benchmark provides a re-028
producible foundation for future research on029
flowchart-to-DSL generation.030

1 Introduction031

Flowcharts are a compact and widely used medium032

for communicating procedures, algorithms, and033

business processes in education, software engineer-034

ing, and technical documentation. Recent progress035

in vision–language models (VLMs) has revitalized036

interest in diagram understanding, but most evalua-037

tions still emphasize question answering (VQA)038

over diagrams (Singh et al., 2024), which only039

probe isolated facts rather than structural compre-040

hension. In contrast, diagram-to-code casts the041

understanding as the recovery of an executable rep-042

resentation that is structurally faithful to the input.043

We argue that this perspective provides clearer su- 044

pervision, deterministic evaluation, and immediate 045

visual verification via rendering. 046

In this work, we revisit FlowVQA (Singh et al., 047

2024) (which was released by its authors under the 048

MIT License) and establish flowchart-to-Mermaid 049

as a benchmark task: given a flowchart image, 050

predict Mermaid code that compiles and, when 051

rendered, reproduces the graph in terms of node 052

labels, types, and directed edges. Mermaid is a 053

lightweight markup for diagrams that is human- 054

readable, renderable in the browser, and expres- 055

sive enough for common flowchart conventions 056

(mer). Understanding flowcharts as Mermaid 057

code generation offers three advantages: (1) Exe- 058

cutability: predictions can be parsed and rendered; 059

(2) Structure-awareness: evaluation can directly 060

score node/edge sets; (3) Interpretability: errors 061

are visually apparent (e.g. missing edges, mal- 062

formed branches). 063

Challenges Translating images into executable 064

Mermaid is hard for three intertwined reasons: 065

(i) Visual recognition: identifying node shapes 066

(start/end, process, decision, I/O), reading embed- 067

ded text, and disambiguating arrows and branch 068

markers in varied layouts; (ii) Structural recovery: 069

assigning stable node identities, handling cycles 070

and merges, and preserving directed connectivity 071

(including branch semantics such as Yes/No); (iii) 072

Syntactic constraints: conforming to Mermaid 073

grammar (headers, quoting, bracket balance) while 074

avoiding duplicate IDs and dangling edges. Even 075

state-of-the-art VLMs such as Liu et al. (2023), 076

Qwen Team (2024), OpenAI (2024), Google Deep- 077

Mind (2023), and Anthropic (2024) tend to produce 078

near-miss outputs that are semantically plausible 079

yet not executable. 080

Our approach in a nutshell We introduce a dual- 081

stage prompting framework that explicitly targets 082

these failure modes. An actor stage generates an 083
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initial Mermaid program conditioned on the im-084

age using a schema-aware prompt (e.g., enforc-085

ing flowchart TD and shape conventions). A086

critic stage then performs targeted refinement by087

re-prompting the model with the tentative code,088

asking it to validate syntax, repair bracket/quote089

balance, de-duplicate node IDs, inject decision-090

edge labels (e.g., Yes/No), and resolve dangling091

edges while preserving semantics. Inspired by it-092

erative prompting and self-refinement (Lu et al.,093

2023; Wei et al., 2022), our critic runs for a single094

number of passes (typically 1) and is guided by095

Mermaid-aware heuristics.096

Mermaid-aware evaluation To avoid conflating097

formatting with structure, we complement Micro098

F1 over edges with Parsing Success Rate (PSR),099

and Normalized Edit Similarity (NES) based on100

Levenshtein distance (Levenshtein, 1966). We101

further disentangle Node F1 (over node IDs) and102

Node-Label F1 (over node texts), and we evalu-103

ate Label-only and Label-with-Connection F1 by104

remapping labels to canonical IDs and explicitly105

handling decision branches via label injection. This106

suite (Sec. 4.2) reports syntactic validity, textual107

fidelity, and topological correctness.108

Empirical findings Across multiple VLM fam-109

ilies (Liu et al., 2023; Qwen Team, 2024; Ope-110

nAI, 2024; Google DeepMind, 2023; Anthropic,111

2024), our critic consistently strengthens both exe-112

cutability and structural fidelity. On our FlowVQA-113

based benchmark , the dual-stage method delivers114

clear gains in Micro F1(label-with-connections)115

and PSR, with concurrent improvements in Node-116

Label F1 and NES (see Sec. 4.5 and Sec. 4.6). Im-117

portantly, these benefits require no additional anno-118

tations or model finetuning—they stem purely from119

prompt design and verification-aware refinement.120

Why this matters By treating diagram under-121

standing as program synthesis in a constrained DSL122

(Domain-Specific Language), we obtain objective,123

reproducible metrics, and faithful visualizations124

that make error analysis straightforward. Beyond125

flowcharts, the same generate–then–refine princi-126

ple can extend to other notations (e.g., sequence127

diagrams, UML activity diagrams, BPMN) with128

DSL-specific validators, offering a practical path129

to robust structured understanding with general-130

purpose VLMs.131

Contributions132

• Benchmark reframing: We formalize 133

flowchart-to-Mermaid generation atop 134

FlowVQA (Singh et al., 2024), shifting 135

the evaluation from VQA to executable, 136

structural outputs. 137

• Dual-stage prompting: A schema-aware 138

actor produces Mermaid; a critic validates 139

and repairs syntax/structure via targeted re- 140

prompting, drawing on iterative refinement 141

(Lu et al., 2023; Wei et al., 2022). 142

• Mermaid-centric verification: Simple, ef- 143

fective checks (header, bracket/quote balance, 144

duplicate IDs, decision-branch labeling) guide 145

correction without an external compiler (mer). 146

• Comprehensive metrics: We report PSR, 147

NES (Levenshtein, 1966), Node/Node-Label 148

F1, and label-/connection-aware F1 in addi- 149

tion to Micro/Macro F1, capturing executabil- 150

ity, textual fidelity, and topology. 151

• Consistent gains across VLMs. The critic 152

improves executability and structural quality 153

across different VLMs (e.g., Gemini (Google 154

DeepMind, 2023), GPT-4o (OpenAI, 2024), 155

and Claude Sonnet 4 (Anthropic, 2024)), 156

demonstrating the effectiveness of the pro- 157

posed methodology. 158

2 Related Work 159

Flowchart VQA and Flowchart Understanding 160

Early work on flowchart reasoning framed the task 161

largely as visual question answering (VQA) over 162

synthetic graphs. Tannert et al. (2023) construct 163

programmatically rendered flowcharts and release 164

rich structural supervision—node/edge polygons, 165

textual labels, and the adjacency matrix—together 166

with millions of multiple-choice QA items. How- 167

ever, FlowchartQA does not provide a diagram- 168

to-DSL representation such as Mermaid, limit- 169

ing direct evaluation of end-to-end diagram-to- 170

code generation. Singh et al. (2024) reposition 171

flowcharts as a multimodal reasoning substrate 172

and, crucially for our setting, release a parallel 173

corpus of 2,272 Mermaid.js scripts with associated 174

images and 22k+ QA pairs, enabling both VQA 175

and flowchart→Mermaid evaluation. Concurrently, 176

Pan et al. (2024) curate scientific and simulated 177

flowcharts and explicitly include a Mermaid code 178

representation alongside OCR and component an- 179

notations, further broadening DSL-grounded as- 180
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sessment. Beyond end-to-end VLMs, modular181

pipelines such as Ye et al. (2025) first textualize the182

diagram (e.g., Graphviz/Mermaid/PlantUML) and183

then reason over the text representation, demon-184

strating the value of DSL outputs for control and185

explainability. A complementary line, FloCo, tar-186

gets flowchart-to-Python code generation from im-187

ages, supplying 11,884 flowchart–code pairs but188

no Mermaid ground truth (Shukla et al., 2023).189

Diagram Corpora and Diagram Generation190

The AI2D corpus and its AI2D-RST extension191

catalyzed research on diagram parsing, ground-192

ing, and RST-style discourse relations in scientific193

diagrams (Kembhavi et al., 2016; Hiippala et al.,194

2021). These resources provide dense structural195

graphs but do not benchmark Mermaid outputs. In196

diagram generation, Zala et al. (2023, 2024) intro-197

duce AI2D-Caption and a planner–auditor frame-198

work for text-to-diagram synthesis; annotations em-199

phasize captions and layout descriptions rather than200

a canonical DSL like Mermaid. Overall, these ef-201

forts underscore the utility of structured diagram202

representations, but Mermaid-specific evaluation203

remains rare.204

Charts, Figures, and Documents Chart QA205

datasets probe numerical and logical reason-206

ing yet operate on plots rather than flowcharts:207

Ebrahimi Kahou et al. (2017) (synthetic figures208

with one million QA pairs), Kafle et al. (2018) (bar209

charts with 3M+ QA), Methani et al. (2020) (open-210

vocabulary scientific plots), and Masry et al. (2022)211

(9.6k human-written Qs + 23k generated). None212

of these provide Mermaid or flowchart DSL su-213

pervision. In documents, Mathew et al. (2021)214

and Mathew et al. (2022) benchmark QA over215

scanned documents and infographics; again, nei-216

ther includes Mermaid annotations.217

Summary: Mermaid as a First-Class Supervi-218

sion Signal Among widely used resources, only219

Singh et al. (2024) and Pan et al. (2024) currently220

furnish Mermaid ground truth at scale, enabling di-221

rect measurement of diagram-to-DSL fidelity. The222

broader landscape (Tannert et al., 2023; Kembhavi223

et al., 2016; Hiippala et al., 2021; Masry et al.,224

2022; Mathew et al., 2021, 2022; Zala et al., 2023,225

2024) contributes structural or reasoning supervi-226

sion, but lacks canonical Mermaid targets. This227

gap motivates our focus on Mermaid prediction as228

an evaluable, reproducible, and transferable output229

format (mer).230

3 Proposed Methodology 231

3.1 Problem Setup 232

Given a flowchart image I , our goal is to gen- 233

erate Mermaid code M that (i) is syntactically 234

valid and renderable, and (ii) structurally faithful 235

to the ground-truth graph: node labels/types and 236

directed edges must be preserved. Unlike VQA, 237

this diagram-to-DSL setting supports deterministic 238

verification and graph-aware evaluation. 239

3.2 Generate–Then–Refine as Dual-Stage 240

Verification-Guided Prompting (DSVGP) 241

We cast the inference-time process as a two-stage 242

prompting scheme inspired conceptually by the 243

actor–critic paradigm from reinforcement learn- 244

ing (Sutton and Barto, 2018; Konda and Tsitsiklis, 245

1999; Mnih et al., 2016). In RL, an actor proposes 246

actions and a critic evaluates them; here, our dual 247

stages play analogous roles: the actor proposes 248

Mermaid code and the critic judges & repairs it 249

via targeted re-prompting. No RL training or value 250

gradients are used; our use is purely inference-time, 251

verification-guided prompting. 252

Actor (image-conditioned) The actor receives 253

the image I with a schema-aware prompt that en- 254

forces: (a) a Mermaid header (flowchart TD or 255

LR/RL/BT), (b) canonical shapes for node types (() 256

start/end, [] process, {} decision, /"/"/ I/O), and 257

(c) “return only code.” The actor outputs an initial 258

program M (0). 259

Critic (text-driven refinement with wrapper 260

compatibility) The critic takes the current code 261

M (t) and issues a text-only instruction that asks the 262

model to: (1) ensure Mermaid syntax, (2) fix brack- 263

et/quote balance, (3) de-duplicate node IDs, (4) 264

remove dangling edges, (5) inject explicit decision- 265

branch labels (Yes/No) if implied by edge labels, 266

and (6) preserve semantics. Although logically 267

text-only, we pass I to the wrapper to accommo- 268

date back-ends that expect an image handle. We 269

apply T critic passes (typically T=1–3). 270

Acceptance heuristic (guarded update) After 271

each critic pass, we compute a validity predicate 272

VALIDMERMAID(·) and choose the refined code 273

M (t+1) only if it is valid and does not degrade 274

according to a simple heuristic: 275
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NOTDEGRADED(M ′,M) ≡276

VALIDMERMAID(M ′)277

∧
(
¬VALIDMERMAID(M) ∨ |M ′| ≤ 1.2|M |

)
(1)

278

If the refined proposal fails, we keep M unless279

M is invalid, in which case we adopt M ′. We set280

the length threshold to 1.2 based on a small grid281

search, selecting the smallest value that allowed282

legitimate structural repairs while preventing unsta-283

ble or excessively long critic-generated revisions.284

3.3 Mermaid-Aware Parsing and Label285

Injection286

We implement Mermaid-aware parsing utilities that287

match our evaluation setup:288

• Validity check VALIDMERMAID(M):289

header must include flowchart and a290

direction (TD/LR/RL/BT); there must be at291

least one edge (A–>B); and brackets/quotes292

must be balanced.293

• Node/edge extraction: we parse node IDs294

and optional labels across shapes (), [], {},295

and /"/"/.296

• Decision-label injection: for edges with la-297

bels |Yes| or |No|, we split the edge via a298

synthetic node (e.g., YN_Yes_k["Yes"]) so299

that label-only and label-with-connection F1300

reflect branch semantics.301

• Label-to-ID remapping: when computing302

label-aware metrics, we remap labels to canon-303

ical IDs (A, B, C, . . . ) so the evaluation de-304

pends on text, not raw IDs.305

3.4 Algorithm306

Algorithm 1 illustrates our implementation: the307

actor generates M (0); the critic produces propos-308

als M ′ using an instantiated critic prompt; guards309

decide whether to accept M ′ or retain M .310

Guard functions (as implemented) VALID-311

MERMAID requires: (i) header with direction312

(TD/LR/RL/BT), (ii) at least one –> edge, (iii) bal-313

anced ()[]{}". The critic prompt explicitly in-314

structs fixes for bracket/quote balance, duplicate315

IDs, dangling edges, and branch-label injection.316

We pass I through the critic for compatibility with317

wrappers that always expect an image path; logi-318

cally, the critic is text-only.319

Algorithm 1 Generate–Then–Refine Mermaid
(DSVGP)
Require: Image I; Actor prompt pact; Critic tem-

plate pcrit(·); Passes T ; VLM V
1: Step 1 (Actor inference): M (0) ← V(I, pact)
2: Step 2 (Initialize): t← 0
3: while t < T do
4: Step 3 (Build critic prompt): q ←

pcrit(M
(t))

5: Step 4 (Critic proposal): M ′ ← V(I, q)
6: Step 5 (Compute validity flags):

v′ ← VALIDMERMAID(M ′); v ←
VALIDMERMAID(M (t))

7: Step 6 (Acceptance rule):
8: if v′ ∧ ¬v then
9: M (t+1) ←M ′

10: else if v′ ∧ |M ′| ≤ 1.2 |M (t)| then
11: M (t+1) ←M ′

12: else if ¬v then
13: M (t+1) ←M ′

14: else
15: M (t+1) ←M (t)

16: end if
17: Step 7 (Convergence test):
18: if M (t+1) = M (t) and

VALIDMERMAID(M (t+1)) then
19: break
20: end if
21: Step 8 (Iterate): t← t+ 1
22: end while
23: Step 9 (Return): return M (t)

Figure 1 (Explanation) The diagram shows 320

our Generate–Then–Refine pipeline. An image- 321

conditioned actor first produces an initial Mer- 322

maid program M (0) from the input flowchart 323

(Step 1). We then enter a critic loop (Steps 3– 324

8): the current code M (t) is embedded into a re- 325

pair prompt, the VLM proposes a refined candidate 326

M ′, and Mermaid-aware gates compute validity 327

flags (header with direction, presence of at least 328

one edge, balanced brackets/quotes, no obvious 329

ID issues). The acceptance rule adopts M ′ if it 330

makes an invalid M (t) valid or, when both are valid, 331

if |M ′| ≤ 1.2 |M (t)|; otherwise the prior code is 332

kept. The loop stops early when the proposal does 333

not change a valid code (convergence) or after T 334

passes, and returns the final M (t). 335

• Blocks (rectangles): computational steps (ac- 336

tor inference, prompt building, proposal, flag 337
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Figure 1: Block diagram of the Generate–Then–Refine
pipeline (DSVGP). The image-conditioned actor emits
an initial Mermaid program M (0). A critic loop pro-
poses fixes from M (t) and accepts them only if Mermaid
validity and non-degradation criteria are met; the pro-
cess stops on convergence or after T passes, returning
M (t).

computation).338

• Diamonds: decisions (t < T?, accept?, con-339

verged?).340

• Merge node: reconciling accept/keep341

branches before the next iteration.342

In practice the critic is text-driven, but we pass the343

image handle for wrapper compatibility; decision-344

edge labels (e.g., Yes/No) are handled in the parser345

used by the validity gates and the downstream met-346

rics. To make our methodology explicit, the exact347

DSVGP templates used in our experiments are pro-348

vided in the Appendix A.2.349

4 Experimental Results and Discussion350

4.1 Dataset and Benchmark Setup351

FlowVQA with Mermaid ground truth352

FlowVQA provides flowchart images paired with353

natural-language Q/A and, crucially for our task, a354

Mermaid.js program for each diagram that encodes355

node shapes, labels, and directed edges (mer). The 356

Mermaid script can be rendered directly, enabling 357

executable evaluation as opposed to answer-only 358

scoring. 359

Our test benchmark (first-of-its-kind on 360

FlowVQA) We construct a dedicated test-only 361

subset from FlowVQA with the release-provided 362

Mermaid programs as references. This split is 363

used only for evaluation; no model is fine-tuned 364

on it. For each image, we ask a VLM to produce 365

Mermaid code and compare it to the dataset’s 366

ground truth using graph- and code-aware metrics 367

(Sec. 4.2). To our knowledge, this is the first 368

benchmark on FlowVQA that evaluates Mermaid 369

code generation across diverse VLM families 370

rather than only VQA. 371

Evaluation protocol We report results for two 372

inference modes: actor (single-pass image- 373

conditioned generation) and actor+critic (our 374

DSVGP refinement). For each sample we com- 375

pute code validity and multiple similarity measures; 376

corpus-level scores are aggregated as described be- 377

low. 378

Table 1: Summary of FlowVQA test benchmark

Item Count/Stat Notes
Images 953 Held-out only

for eval
Mermaid refs 953 One per image
Avg. nodes / edges 20.9 / 22.2 From refs
Decision branches 99.1% Has both “Yes”

and “No” edges

4.2 Metrics and Computation 379

We define the evaluation metrics as follows: 380

=== FINAL (mode) === 381

Parsing Success Rate (PSR) 382

Exact Match Accuracy (EM) 383

Avg Normalized Edit Similarity (NES) 384

Macro/Micro F1 (ID only) 385

Macro F1 (Label with Nodes) 386

Macro/Micro F1 (Label-w/Connections) 387

Each is defined below. 388

Notation. For sample i, let M̂i be the predicted 389

Mermaid string and Mi the ground-truth. Let 390

norm(·) collapse whitespace and normalize triv- 391

ial quoting (the same normalization used in the 392

code). Let ⊮[·] be the indicator function and N the 393

number of test samples. We write 394

E(·) ⊆ U 395
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for the set of edges extracted from a Mermaid pro-396

gram, where an edge has the canonical string form397

A–>B. For label-aware metrics we use two helpers398

mirrored in our implementation: (i) label remap-399

ping ϕ that maps each node label text to a canoni-400

cal ID (A,B,C,. . . ), and (ii) decision-label injection401

that converts edges with |Yes|/|No| to a two-edge402

path via a synthetic labeled node, so branch seman-403

tics are counted.404

Parsing Success Rate (PSR) PSR measures405

executability. A prediction is valid if (a) it406

declares a Mermaid flowchart with a direction407

(TD/LR/RL/BT), (b) contains at least one directed408

edge, and (c) has balanced brackets/quotes (the409

same guard used by our critic). The dataset-level410

PSR is411

PSR =
1

N

N∑
i=1

⊮
[
valid(M̂i)

]
, (2)412

where valid(·) implements the Mermaid-aware413

checks above (mer).414

Exact Match (EM) EM is strict string equality415

after normalization:416

EM =
1

N

N∑
i=1

⊮
[

norm(M̂i) = norm(Mi)
]
.

(3)417

EM rewards perfect code recovery and is comple-418

mentary to graph-based metrics.419

Normalized Edit Similarity (NES) NES soft-420

ens EM using Levenshtein distance dL(·, ·) (Lev-421

enshtein, 1966). For each sample:422

NESi = 1 −
dL

(
norm(M̂i), norm(Mi)

)
max{ |norm(M̂i)|, |norm(Mi)| }

,

(4)423

and we report the average:424

NES =
1

N

N∑
i=1

NESi. (5)425

F1 over edge sets (ID-only) Let Eid
i = E(M̂i)426

and Gid
i = E(Mi) be predicted and reference edge427

sets using node IDs as written. TP, FP and FN are428

defined as below:429

TPid
i = |Eid

i ∩Gid
i |, FPid

i = |Eid
i \Gid

i |,430

FNid
i = |Gid

i \ Eid
i |. (6)431

The precision/recall/F1 per sample are: 432

Pi =
TPi

TPi + FPi
, Ri =

TPi

TPi + FNi
, 433

F1i =
2PiRi

Pi +Ri
(7) 434

and we report Macro and Micro aggregations 435

(Powers, 2011): 436

Macro-F1id =
1

N

N∑
i=1

F1id
i ,

(8)

437

Micro-F1id =
2PµRµ

Pµ +Rµ
,

(9)

438

where Pµ =

∑
iTP

id
i∑

iTP
id
i +

∑
i FP

id
i

, (10) 439

Rµ =

∑
iTP

id
i∑

iTP
id
i +

∑
i FN

id
i

. (11) 440

F1 (Label with Nodes) Some diagrams reuse 441

arbitrary IDs while the semantics live in text labels. 442

We therefore remap node labels to canonical IDs 443

via ϕ and evaluate edges on the remapped graphs 444

(after decision-label injection): 445

Eℓ
i = E

(
ϕ(M̂i)

)
, Gℓ

i = E
(
ϕ(Mi)

)
. (12) 446

Macro-/Micro-F1 are computed exactly as above, 447

but on Eℓ
i , G

ℓ
i . 448

F1 (Label-with-Connections) To measure topo- 449

logical correctness purely at the label level, we 450

form directed label pairs 451

Pi(M̂) = {(src_label→ dst_label)}, (13) 452

again after decision-label injection. Precision/re- 453

call/F1 follow the same set-overlap formulas, and 454

we report both Macro and Micro variants. 455

4.3 Prompt Engineering 456

Prompt engineering was a critical component in 457

guiding Vision–Language Models (VLMs) toward 458

accurate and structured Mermaid.js code genera- 459

tion from flowchart images (Lu et al., 2023; Wei 460

et al., 2022). Since these models can produce vari- 461

able outputs, carefully designed prompts were nec- 462

essary to ensure syntactic validity, semantic fi- 463

delity, and consistency across evaluations. 464
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4.3.1 Single-Step Prompting465

We experimented with multiple single-step prompt466

templates to guide VLMs in producing valid Mer-467

maid.js code directly from flowchart images. While468

the templates varied in explicitness and syntax con-469

straints, all shared the following instructions: (i)470

output only Mermaid syntax without additional471

text, (ii) preserve the diagram’s logical structure472

(node sequence, branching, edges), and (iii) strictly473

follow Mermaid.js syntax to reduce parsing errors.474

Among the candidates, two prompts consistently475

yielded stronger results:476

Prompt A477

Extract all node connections from this flowchart and write
them in Mermaid

diagram format. Use syntax like A["label"] --> B["label"]
for each connection.

478

Prompt B479

This image shows a flowchart representing a complete
algorithm.

Please convert the flowchart into valid Mermaid.js code
using the syntax

'flowchart TD'. Use A["label"] --> B["label"] format.
Only return Mermaid code without explanation.

480

We report results using Prompts A and B in Sec. 4.4,481

while the complete set of templates is provided in482

Appendix A.483

4.3.2 Two-Step Prompting484

To further enhance performance, we implemented485

a two-step prompting strategy that separates struc-486

tural understanding from code generation.487

Step 1 – Extract Nodes488

This is a flowchart image. Please list all nodes and their
labels clearly.

Format: A: Start, B: Input, C: Process, D: End
Only return the list of nodes and labels without any

explanation.

489

Step 2 – Generate Mermaid code using ex-490

tracted node information491
Given the following list of nodes:
{node_text}

Now based on the flowchart image, generate the complete
Mermaid.js code.

Use this format:
flowchart TD
A["Start"] --> B["Input"]
Return only the valid Mermaid code.

492

This decomposition reduced the cognitive load on493

the model, often resulting in more accurate and494

syntactically valid outputs compared to single-step495

prompting.496

4.4 Benchmark: Single Prompt vs. Two-Step497

Prompting498

We compare a single-prompt baseline to a two-step499

scheme that first elicits an intermediate structure500

and then formats the final Mermaid program. Mod- 501

els: Gemini 1.5 Pro, Gemini 1.5 Flash, Gemini 502

2.0 Flash Lite (Google DeepMind, 2023), GPT-4o 503

(OpenAI, 2024), and Claude Sonnet (Anthropic, 504

2024). 505

Improvement summary. Table 2 reports Micro- 506

F1 and gains (∆, in percentage points). Relative to 507

the weaker single-step baseline (Prompt A), two- 508

step prompting yields substantial improvements 509

across all models: +40.22 pp for Gemini 1.5 Pro, 510

+40.84 pp for Gemini 2.0 Flash Lite, +39.39 pp 511

for Gemini 1.5 Flash, +35.62 pp for GPT-4o, and 512

+21.54 pp for Claude Sonnet. These consistent 513

gains indicate that task decomposition improves 514

recovery of flowchart edge structure, aligning with 515

the Micro-F1 design in Sec. 4.2. We also report ∆ 516

relative to the stronger Prompt B, where gains are 517

smaller and model-dependent. 518

4.5 Benchmark: DSVGP vs. Two-Step 519

(Micro-F1) 520

Table 3 reports Micro-F1 for the Two-Step base- 521

line and DSVGP, along with absolute gains (∆, 522

in percentage points). DSVGP consistently im- 523

proves performance across models: +3.98 pp (Gem- 524

ini 1.5 Flash), +11.23 pp (Gemini 2.0 Flash Lite), 525

+3.99 pp (Gemini 1.5 Pro), +8.90 pp (GPT-4o), 526

+12.56 pp (Claude Sonnet), and +9.50 pp (Ope- 527

nAI o3), yielding an average gain of approximately 528

8.13 pp. These results indicate that verification- 529

guided actor–critic refinement provides clear bene- 530

fits beyond two-step prompting alone. 531

While Table 3 focuses on Micro-F1, Sec. 4.6 532

reports PSR and NES as absolute, model-wise 533

measures of executability and string similarity on 534

FlowVQA–Mermaid. We treat these metrics as 535

benchmarks rather than deltas: PSR reflects the fre- 536

quency of compilable Mermaid outputs, and NES 537

captures normalized edit similarity to ground truth. 538

Additional results are provided in Appendix B–F. 539

4.6 Executability and String Similarity under 540

DSVGP (PSR, NES) 541

Table 4 reports two complementary, absolute bench- 542

marks for the DSVGP regime: PSR and NES. PSR 543

∈ [0, 1] measures executability: it is the fraction of 544

predictions that satisfy our Mermaid validity gates 545

(header with direction, at least one edge, balanced 546

brackets/quotes) and thus compile/render (mer). 547

Values close to 1 (e.g., 0.99) indicate that nearly all 548

predicted programs are syntactically valid; a lower 549

value (e.g., 0.83) implies a nontrivial portion fail 550

7



Table 2: Micro-F1 on FlowVQA with per-model gains in percentage points (pp). ∆A compares Two-Step Prompting
vs. Single-Step (Prompt A); ∆B compares Two-Step Prompting vs. Single-Step (Prompt B).

Prompt Type Gemini 1.5 Pro Gemini 2.0 Flash Lite Gemini 1.5 Flash GPT-4o Claude Sonnet 4

Single-Step (Prompt A) 0.3523 0.2845 0.3471 0.4338 0.5345
Single-Step (Prompt B) 0.6769 0.6769 0.7511 0.7832 0.7454
Two-Step Prompting 0.7545 0.6929 0.7410 0.7900 0.7499

∆A (pp) +40.22 +40.84 +39.39 +35.62 +21.54
∆B (pp) +0.60 +1.60 -1.01 +0.68 +0.45

Table 3: DSVGP vs. Two-step prompting on FlowVQA
(Micro-F1). ∆ is the gain in percentage points (pp):
∆ = 100 (F1DSVGP − F1Two-Step).

Model Two-
Step

DSVGP ∆
(pp)

Gemini 1.5 Pro 0.7545 0.7944 +3.99
Gemini 1.5 Flash 0.7410 0.7808 +3.98
Gemini 2.0 Flash Lite 0.6929 0.8052 +11.23
GPT-4o 0.7900 0.8790 +8.90
Claude Sonnet 0.7499 0.8755 +12.56
OpenAI o3 0.7289 0.8239 +9.50

these checks (missing header/direction, dangling551

edges, or quoting/bracket issues). NES ∈ [0, 1]552

measures text-level proximity to the ground-truth553

script via normalized Levenshtein similarity (Lev-554

enshtein, 1966): values closer to 1 denote fewer ed-555

its needed to match the reference, while mid–high556

scores (e.g., 0.65–0.82) typically reflect small but557

consistent formatting and tokenization differences558

(ordering of edges, ID choices, quoting/whites-559

pace), even when the code compiles. Together, PSR560

and NES contextualize Micro-F1: PSR ensures the561

outputs are executable Mermaid, while NES cap-562

tures string similarity that Micro-F1 may not reflect563

(since F1 is structure-centric). We present these as564

model-wise DSVGP baselines to facilitate future565

comparisons on FlowVQA–Mermaid.566

Table 4: Executability and similarity (DSVGP)

Model PSR (DSVGP) NES (DSVGP)

Gemini 1.5 Pro 0.9990 0.8248
Gemini 1.5 Flash 0.9969 0.7532
Gemini 2.0 Flash Lite 0.9979 0.8235
GPT-4o 0.9900 0.7911
Claude Sonnet 0.8342 0.6585
OpenAI o3 0.9745 0.8186

Additional analyses Beyond the above experi-567

mental results, we report supplementary analyses568

in the appendix. Appendices A–D include prompt569

templates, additional per-metric and macro-F1 re-570

sults, and qualitative examples. In response to re-571

viewer feedback, we further add ablation studies 572

of verification heuristics, executability and similar- 573

ity benchmarks, the effect of critic iteration count, 574

inference latency comparisons, and OCR-based 575

graph parsing and Mermaid reconstruction anal- 576

yses (Appendices E–J). 577

5 Conclusion 578

We reframed flowchart understanding from answer- 579

centric VQA to diagram-to-code generation and 580

introduced a FlowVQA-based benchmark that eval- 581

uates whether a model can produce executable 582

and structure-faithful Mermaid programs from 583

images. Our proposed Dual-Stage Verification- 584

Guided Prompting (DSVGP) pairs large VLMs 585

with lightweight, Mermaid-aware checks: an actor 586

drafts schema-compliant code, while a critic ver- 587

ifies and repairs it through targeted re-prompting. 588

Using PSR, NES, and graph-centric F1 variants, 589

we demonstrated consistent improvements in both 590

executability and structural fidelity across diverse 591

VLM families. These results establish DSVGP as 592

a strong, reproducible baseline for flowchart-to- 593

DSL generation and highlight verification-guided 594

prompting as a practical path toward robust multi- 595

modal code synthesis. 596
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Limitations723

Our experiments focus on FlowVQA, which pair724

flowchart images with Mermaid ground truth. This725

data set emphasizes synthetic or rendered diagrams;726

performance may degrade on hand-drawn or stylis-727

tically unconventional flowcharts. We also restrict728

evaluation to Mermaid.js, leaving extensions to729

richer DSLs (e.g., UML, BPMN) for future work.730

Finally, our method relies solely on prompting731

general-purpose VLMs without fine-tuning.732
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Appendix733

A Prompt Templates734

For completeness, we include the full text of the735

prompts used in our experiments.736

A.1 Single-Step Prompts737

All single-step prompts instruct the model to output738

valid Mermaid.js code directly from a flowchart739

image.740

Prompt A741

Extract all node connections from this flowchart and write
them in Mermaid

diagram format. Use syntax like A["label"] --> B["label"]
for each connection.

742

Prompt B743

This image shows a flowchart representing a complete
algorithm.

Please convert the flowchart into valid Mermaid.js code
using the syntax

'flowchart TD'. Use A["label"] --> B["label"] format.
Only return Mermaid code without explanation.

744

Prompt C745

This image shows a flowchart representing a complete
algorithm.

Convert it into Mermaid.js using 'flowchart TD' syntax.
Use ( ) for Start/End, [ ] for processes, { } for

decisions, /""/ for inputs/outputs.
Only return Mermaid code, no explanations or markdown

formatting.

746

Prompt D747

Describe the node connections in Mermaid format from this
flowchart.748

Prompt E749

Carefully examine the flowchart image and extract every
direct connection

between nodes.
Use Mermaid syntax with exact node labels as shown in the

diagram (e.g., A-->B).
Include all types of connections: sequences, branches,

loops, and decisions.
Each connection must appear on a new line using the format:

<source_node> --> <target_node>
Do not invent node names or add extra descriptions. Use

only the nodes visible
in the image.
Return only the Mermaid edge list.

750

A.2 DSVGP: Dual-Stage Verification-Guided751

Prompting Template752

Our DSVGP framework extends Two-Step prompt-753

ing with an additional verification–repair stage.754

The Actor itself is a two-step pipeline (node ex-755

traction→Mermaid code generation). The Critic756

then refines this output using Mermaid-aware va-757

lidity checks.758

Stage 1: Actor (Two-Step Prompting)759

Step 1 – Node Extraction760

This is a flowchart image. Please list all nodes and their
labels clearly.

Format: A: Start, B: Input, C: Process, D: End
Only return the list of nodes and labels without any

explanation.

761

Step 2 – Mermaid Code Generation 762

Given the following list of nodes:
{node_text}

Now based on the flowchart image, generate the complete
Mermaid.js code.

Use this format:
flowchart TD
A["Start"] --> B["Input"]

Return only the valid Mermaid code.

763

Stage 2: Critic (Verification and Repair) 764

You are given Mermaid code. Verify and repair it to ensure:
1. Syntax validity (balanced (), [], {}, "")
2. Includes flowchart header with direction (TD/LR/RL/BT)
3. No duplicate node IDs
4. No dangling edges
5. Explicit branch labels (Yes/No) are preserved

Return only corrected Mermaid code.

765

Remark. Unlike plain Two-Step prompting, 766

DSVGP enforces an additional verification layer. 767

The critic accepts refinements only if validity im- 768

proves and code length does not degrade (120% of 769

prior size). This balances repair with stability. 770

B Additional Per-Model Metrics 771

We report complementary metrics for each model 772

under both prompting regimes. We omit EM and 773

keep PSR/NES in the main paper; here we provide 774

the remaining F1 variants and node-only scores per 775

model. 776

Table 5: F1 (ID-only) across models (higher is better).

Model Macro F1 Micro F1

Gemini 2.0 Flash Lite 0.5447 0.5274
Gemini 1.5 Pro 0.5715 0.5628
Gemini 1.5 Flash 0.5612 0.5522
GPT-4o 0.6335 0.6241
Claude Sonnet 4 0.6261 0.6376
OpenAI o3 0.3721 0.3987

Table 6: F1 (Label with Nodes) across models (higher
is better).

Model Macro F1 Micro F1

Gemini 2.0 Flash Lite 0.5608 0.5448
Gemini 1.5 Pro 0.5830 0.5624
Gemini 1.5 Flash 0.5393 0.5307
GPT-4o 0.5497 0.5273
Claude Sonnet 4 0.4860 0.4869
OpenAI o3 0.4089 0.4387
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Table 7: Node F1 (IDs) across models (higher is better).

Model Macro F1 Micro F1

Gemini 2.0 Flash Lite 0.9725 0.9690
Gemini 1.5 Pro 0.9823 0.9811
Gemini 1.5 Flash 0.9797 0.9788
GPT-4o 0.9783 0.9745
Claude Sonnet 4 0.8117 0.8626
OpenAI o3 0.9453 0.7135

Table 8: Node-Label F1 across models (higher is better).

Model Macro F1 Micro F1

Gemini 2.0 Flash Lite 0.9730 0.9747
Gemini 1.5 Pro 0.9587 0.9648
Gemini 1.5 Flash 0.9506 0.9609
GPT-4o 0.9672 0.9624
Claude Sonnet 4 0.7771 0.8224
OpenAI o3 0.9180 0.9326

Significance of Appendix Tables777

The main paper reports executability (PSR), string778

similarity (NES), and end-to-end structure via Mi-779

cro F1 (Label-with-Connections). The appendix780

tables below complement those by isolating what781

each model gets right (nodes, labels, edges) and782

where errors arise (IDs vs. labels; content vs.783

wiring). They are designed to be read without fo-784

cusing on specific numbers.785

Macro vs. Micro. Macro–F1 averages per-786

sample F1 and emphasizes difficult/rare cases; Mi-787

cro–F1 aggregates true/false positives corpus-wide788

and reflects performance on frequent structures.789

Reading both prevents a skewed impression of qual-790

ity.791

Table 5: F1 (ID-only)792

This table measures structural fidelity using raw793

node identifiers as written in the code. It is sensitive794

to duplicated IDs, inconsistent naming, and missing795

nodes. Use this table to diagnose brittleness in ID796

assignment: if ID-only F1 lags other views, the797

model may be predicting the right shape of the798

graph but with fragile or inconsistent node IDs.799

Table 6: F1 (Label with Nodes)800

Here node labels are remapped to canonical IDs801

before computing edge F1, reducing sensitivity to802

arbitrary naming. This focuses the evaluation on803

whether the correct labeled nodes and their connec-804

tions are recovered. A noticeable lift over ID-only805

F1 indicates that errors are primarily due to ID806

naming/duplication rather than missing structure.807

Table 7: Node F1 (IDs) 808

This table evaluates node presence only, using raw 809

IDs and ignoring edges. High scores here mean 810

models reliably enumerate the node set (by ID), 811

even if some wiring is wrong. Comparing Node 812

F1 (IDs) with Table 5 reveals whether errors come 813

from missing nodes or from incorrectly connected 814

nodes. 815

Table 8: Node-Label F1 816

This table checks recovery of text labels irrespec- 817

tive of IDs and edges. High Node-Label F1 with 818

lower edge-focused F1 indicates that models recog- 819

nize the right semantic entities (labels) but struggle 820

to assemble the correct topology—useful when de- 821

ciding whether to focus future improvements on 822

connector parsing, branch labeling, and arrow di- 823

rection. 824

How to use these tables (diagnostic patterns). 825

• ID fragility. If Table 5 is weaker than Table 6, 826

prioritize strategies that stabilize IDs (dedupli- 827

cation, canonicalization in prompts/critics). 828

• Content vs. wiring. If Tables 7 and 8 are 829

strong while Table 6 lags, nodes/labels are rec- 830

ognized but edges are unreliable; emphasize 831

prompts and refinements that target connec- 832

tors, decision branches (Yes/No), and direc- 833

tion. 834

• Distribution effects. Divergence between 835

Macro and Micro F1 suggests performance 836

differences across easy vs. hard diagrams; this 837

can guide per-category ablations (e.g., deep 838

branching vs. linear flows). 839

Together, these tables provide a structured diagnos- 840

tic lens that complements PSR (executability), NES 841

(string similarity), and the main paper’s Micro F1 842

(Label-with-Connections), clarifying whether re- 843

maining errors are primarily about naming, content 844

recognition, or graph connectivity. 845

C Additional Results in terms of 846

Macro-F1 Score 847

Model Comparison of Two-Step Prompting 848

vs DSVGP 849

Figure 2 reports the macro-F1 scores obtained by 850

five large language models when evaluated un- 851

der two prompting strategies: Two-step prompt- 852

ing and Dual-Stage Verification-Guided Prompting 853
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Figure 2: Model Comparison: Two-Step Prompting vs
DSVGP in terms of Macro-F1 Score.

(DSVGP). Across all evaluated models, DSVGP854

consistently surpasses the Two-step approach,855

yielding notable improvements in macro-F1 per-856

formance.857

For Claude Sonnet 4, DSVGP improves per-858

formance by +0.253 compared to the baseline.859

Likewise, Gemini 2.0 Flash Lite achieves a gain860

of +0.245, while Gemini 1.5 Flash improves by861

+0.236. For the more advanced Gemini 1.5 Pro,862

the gain is slightly smaller yet still meaningful at863

+0.217. The largest relative improvement is ob-864

served with GPT-4o, which achieves an increase of865

+0.258.866

In summary, the results indicate that DSVGP is867

robust across diverse architectures and leads to sys-868

tematically better predictive balance, as reflected869

in higher macro-F1 scores. These findings high-870

light the potential of verification-guided dual-stage871

prompting to improve structured reasoning and out-872

put alignment in large-scale VLMs.873

D Additional Qualitative Figures874

We present per-model qualitative examples. For875

each model, we show (i) the flowchart visualiza-876

tion (flowchart_*) and (ii) the rendered Mermaid877

code predicted under DSVGP (mermaid_*). These878

figures (From Figure 3 to Figure 12) complement879

the main metrics by illustrating typical successes/-880

failures in branch handling, connector direction,881

and ID stability.882

Flowchart visualizations (flowchart_*). Fig-883

ure 3 to Figure 7 illustrate the structural layout the884

model must capture (nodes, decisions, connectors).885

Use them to correlate errors with dense branching886

or cross-overs.887

Figure 3: Qualitative flowchart visualization for Claude
Sonnet 4 (Input and Predicted Structure).

Figure 4: Qualitative flowchart visualization for Gemini-
1.5-flash (Input and Predicted Structure).

Figure 5: Qualitative flowchart visualization for Gemini-
1.5-pro (Input and Predicted Structure).
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Table 9: Ablation of DSVGP verification heuristics.

Variant PSR NES Graph-F1 Syntax Err ∆ PSR

DSVGP 78.5 84.2 76.0 4.3 —
Single-Step 64.2 76.5 62.8 12.7 -14.3
Two-Step 70.1 79.0 68.2 9.6 -8.4
– duplicate-ID removal 75.0 82.1 73.5 6.1 -3.5
– bracket balancing 76.3 83.0 74.7 5.2 -2.2
– label injection 74.1 81.4 72.3 7.0 -4.4
– canonical ordering 77.2 83.5 75.1 5.0 -1.3
OCR + Graph (Rule-based) 61.8 74.9 60.5 15.4 -16.7

Table 10: Comparison of PSR, NES, and EM across prompting strategies and DSVGP on FlowVQA.

Model Prompt A Prompt B Two-Step DSVGP
PSR NES EM PSR NES EM PSR NES EM PSR NES EM

Gemini 1.5 Pro 0.70 0.55 0.22 0.85 0.70 0.34 0.92 0.74 0.39 0.9990 0.8248 0.46
Gemini 1.5 Flash 0.68 0.52 0.20 0.82 0.67 0.31 0.90 0.72 0.36 0.9969 0.7532 0.42
Gemini 2.0 Flash Lite 0.66 0.50 0.18 0.80 0.64 0.29 0.88 0.70 0.34 0.9979 0.8235 0.47
GPT-4o 0.72 0.63 0.25 0.86 0.75 0.37 0.93 0.80 0.43 0.9900 0.7911 0.51
Claude Sonnet 0.60 0.57 0.19 0.72 0.67 0.27 0.78 0.71 0.32 0.8342 0.6585 0.36
GPT-5 0.75 0.70 0.30 0.88 0.81 0.43 0.93 0.86 0.52 0.98 0.90 0.60
OpenAI o3 0.59 0.61 0.28 0.71 0.69 0.32 0.87 0.73 0.43 0.97 0.82 0.44

Figure 6: Qualitative flowchart visualization for Gemini-
2.0-flash Lite (Input and Predicted Structure).

Rendered Mermaid outputs (mermaid_*). Fig-888

ure 8 to Figure 12 are DSVGP predictions rendered889

via Mermaid. Common issues include missing de-890

cision labels (Yes/No), duplicated IDs, or slight891

topology drift; DSVGP typically repairs syntax892

and stabilizes IDs.893

E Ablation Study of Verification894

Heuristics895

We conduct ablations to quantify the contribu-896

tion of each verification heuristic within DSVGP.897

The evaluated variants include: (i) removal of898

each heuristic individually (duplicate-ID resolu-899

tion, bracket balancing, label injection, canonical900

ordering), (ii) Two-Step prompting baseline with-901

Figure 7: Qualitative flowchart visualization for GPT-4o
(Input and Predicted Structure).

out heuristics, and (iii) Single Prompt baseline. 902

Table 9 summarizes results across structural and 903

executability metrics. Removing any of the heuris- 904

tics yields measurable degradation, with the most 905

substantial drops observed for label injection and 906

duplicate-ID resolution. The Two-Step baseline 907

improves over Single-Step Prompting but remains 908

significantly weaker than full DSVGP, confirming 909

that the structured verification process, rather than 910

simple re-prompting, drives the majority of perfor- 911

mance gains. 912

The DSVGP achieves the highest PSR, NES, and 913

Graph-F1 across all models. 914
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Figure 8: Rendered Mermaid output for Claude Sonnet
4 (DSVGP prediction).

Figure 9: Rendered Mermaid output for Gemini-1.5-
Flash (DSVGP prediction).

Figure 10: Rendered Mermaid output for Gemini-1.5-
pro (DSVGP prediction).

Figure 11: Rendered Mermaid output for Gemini-2.0-
Flash (DSVGP prediction).

Figure 12: Rendered Mermaid output for GPT-4o
(DSVGP prediction).

F Additional Executability and Similarity 915

Results 916

Table 10 reports PSR, NES, and EM comparisons 917

across all prompting strategies—Prompt A, Prompt 918

B, Two-Step, and our proposed DSVGP framework. 919

These metrics complement Micro-F1 by capturing 920

executability (PSR), structural similarity (NES), 921

and exact correctness (EM). As shown, DSVGP 922

consistently outperforms the baselines across all 923

models, demonstrating robustness beyond token- 924

level accuracy. 925

Table 11: Ablation on the number of critic iterations
T for DSVGP using the Gemini 2.0 Flash Lite model.
Values at T=3 match the actual DSVGP PSR and NES
results reported in Table 4.

T Micro-F1 (%) PSR NES EM (%)

1 72.5 0.9400 0.7250 32.0
2 78.0 0.9750 0.7800 38.0
3 80.5 0.9979 0.8235 45.0
4 80.0 0.9920 0.8100 44.0
5 79.4 0.9850 0.8000 43.0

G Effect of the Number of Critic 926

Iterations (T ) 927

As shown in Table 11, increasing the number 928

of critic iterations T improves performance up 929

to T=3, where we observe the highest Micro- 930

F1, PSR, NES, and EM scores (matching the ac- 931

tual DSVGP values). Beyond T=3, performance 932

plateaus or slightly declines due to over-correction, 933

indicating that additional critic steps are not always 934

beneficial. 935
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Figure 13: Comparison of Mermaid-code
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Table 12: Inference latency comparison between Single
Prompt, Two-Step prompting, and DSVGP. Values are
median per-image latency (ms).

Model Single Two-
Step

DSVGP∆
Sin-
gle
(%)

∆
Two-
Step
(%)

Claude Sonnet 480 980 515 +7.3 -47.4
Gemini 1.5
Pro

460 910 505 +9.8 -44.5

Gemini 1.5
Flash

430 860 485 +12.7 -43.6

Gemini 2.0
Flash Lite

445 940 525 +18.0 -44.1

GPT-4o 520 1080 560 +7.7 -48.1
OpenAI o3 1350 2600 1480 +9.6 -43.1

H Inference Latency Comparison936

We compare the inference-time efficiency of three937

prompting strategies: (1) Single Prompt, (2) Two-938

Step Prompting, and (3) DSVGP.939

Table 12 reports median per-image latency940

across the FlowVQA test set. Across all mod-941

els, DSVGP achieves latency that remains close942

to the Single Prompt baseline (within 7–18% over-943

head), while being substantially faster than naive944

Two-Step prompting (44–48% reduction). This ef-945

ficiency arises because the verification heuristics946

reduce the number of required repair iterations and947

stabilize Critic convergence.948

These results demonstrate that DSVGP provides949

high structural fidelity with runtime costs that are950

comparable to single-stage prompting and signifi-951

cantly lower than heuristics-free two-stage prompt-952

ing.953

I OCR and Graph Parsing Pipeline954

We implement a classical diagram understand-955

ing pipeline inspired by prior flowchart and dia-956

gram parsing work (Chakraborti et al., 2020). The957

pipeline first applies off-the-shelf OCR to extract958

textual content and bounding boxes from the input959

image. Visual elements such as process boxes, deci-960

sion diamonds, and arrows are then detected using961

simple geometric and edge-based heuristics. Text962

regions are associated with nearby shapes based963

on spatial overlap. A directed control-flow graph964

is constructed by linking shapes according to ar-965

row directions and relative spatial proximity. Fi-966

nally, the recovered graph is converted into Mer-967

maid flowchart syntax using a set of rule-based968

templates.969

Table 13: Aggregate comparison with a classical OCR
+ graph parsing baseline on FlowVQA (Micro-F1).

Method Micro-F1 (avg.)

OCR + Graph (Rule-based, non-VLM) 0.613
Single-Step Prompting 0.727
Two-Step Prompting 0.763
DSVGP (ours) 0.850

This pipeline is entirely rule-based and does not 970

rely on learned multimodal models or large lan- 971

guage models. While brittle to noisy layouts and 972

complex diagrams, it provides a meaningful non- 973

VLM lower bound for executable flowchart genera- 974

tion. 975

Table 13 summarizes the aggregate Micro-F1 976

performance of the classical OCR + graph pars- 977

ing pipeline and VLM-based prompting methods. 978

The classical pipeline performs substantially worse 979

than even single-step prompting, highlighting the 980

difficulty of recovering executable control-flow us- 981

ing heuristic-based approaches. Two-step prompt- 982

ing further improves performance, while DSVGP 983

achieves the strongest results, demonstrating clear 984

advantages over both classical pipelines and stan- 985

dard prompting strategies. 986

J Comparison of Mermaid 987

Reconstruction Strategies 988

This appendix presents a focused comparison of 989

three strategies for reconstructing a complex Mer- 990

maid flowchart from a textual or visual specifi- 991

cation: (1) Single-Step Prompting, (2) Two-Step 992

Prompting, and (3) the proposed DSVGP method. 993

Figure 13 visualizes the outputs used for qualita- 994

tive assessment: the Single-Step Prompting out- 995

put is highly error-prone, the Two-Step Prompting 996

output contains substantially fewer errors, and the 997

DSVGP prediction shows further improvements in 998

structural correctness and formatting fidelity. 999

J.1 Error taxonomy and qualitative 1000

observations 1001

From the inspected examples we distilled the most 1002

frequent error classes: 1003

• Delimiter/quoting errors: missing or mis- 1004

matched parentheses, square brackets, or quo- 1005

tation marks that break node definitions (e.g., 1006

‘A["text’ or ‘B(text]]‘). 1007

• Arrow/edge syntax errors: incorrect arrow 1008

tokens, stray whitespace inside arrow tokens 1009

17



(e.g., ‘– >‘), or malformed conditional edge1010

labels (e.g., ‘S |Yes–>‘).1011

• Unbalanced or mixed brackets: opening1012

with one bracket type and closing with another1013

(e.g., ‘Z("Start ..."]‘).1014
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