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Abstract
Process modeling is essential for analyzing and1

optimizing organizational workflows, encompass-2

ing multiple dimensions such as control flow, re-3

sources, data, and the operational perspective.4

However, traditional modeling approaches often5

require extensive event data or specialized do-6

main expertise, limiting their accessibility to non-7

experts. While recent approaches utilizing Gener-8

ative AI (GenAI) have simplified the generation of9

process models from text, they predominantly fo-10

cus on the control-flow perspective. Consequently,11

existing approaches neglect the resource perspec-12

tive, which is critical for identifying organizational13

structures and accountability. Integrating this per-14

spective is non-trivial because direct generation15

of standard notations, e.g., the industry standard16

Business Process Model and Notation (BPMN), is17

error-prone and difficult to validate, while exist-18

ing intermediate representations lack native sup-19

port for the BPMN constructs used to distinguish20

organizations and roles. Additionally, the auto-21

mated visualization of such multi-perspective mod-22

els remains a technical challenge due to the lack of23

BPMN auto-layout algorithms that support the or-24

ganizational dimension. In this paper, we introduce25

a robust modeling approach capable of generating26

multi-perspective process models from natural lan-27

guage text using Large Language Models (LLMs).28

We achieve this by defining an extended intermedi-29

ate representation that explicitly captures resource30

elements, which is subsequently transformed into31

syntactically correct BPMN diagrams with auto-32

generated layout. We evaluate our approach across33

nine LLMs. The results confirm high accuracy in34

role discovery without compromising control-flow35

quality or computational efficiency, demonstrating36

that comprehensive multi-perspective process mod-37

eling is achievable with GenAI.38

1 Introduction39

The field of process modeling encompasses techniques for40

the representation and analysis of business processes. Com-41

prehensive process models typically address several key per- 42

spectives [Dumas et al., 2018]: the control-flow perspective, 43

which dictates the ordering of these activities and events; 44

the data perspective, denoting entities that flow through ac- 45

tivities; the operational perspective, which defines the pro- 46

cess execution rules; and the resource (or organizational) 47

perspective, which specifies the actors and roles involved in 48

the process execution. Process modeling allows for the for- 49

mal analysis of workflows and relies on the industry standard 50

Business Process Model and Notation (BPMN) 2.0 [OMG, 51

2011]. This notation captures the control flow via tasks, 52

gateways, and sequence flows; data via data objects; and re- 53

sources via pools that model organizational entities, lanes that 54

model roles within organizations, and message flows that de- 55

fine communication between distinct organizational entities. 56

Standard modeling languages are often syntactically com- 57

plex, creating a high barrier to entry for non-experts [Recker, 58

2010; Rosemann, 2006]. Consequently, Large Language 59

Models (LLMs) have emerged as an alternative to manual 60

modeling approaches. By leveraging their extensive pre- 61

trained knowledge and ability to interpret unstructured tex- 62

tual inputs, LLMs can significantly streamline the model- 63

ing process for non-technical users [Kourani et al., 2025b; 64

Licardo et al., 2025; Köpke and Safan, 2024]. Current ap- 65

proaches in generative process modeling focus predominantly 66

on integrating the control-flow perspective, resulting in mod- 67

els that are functionally accurate but organizationally agnos- 68

tic. By prioritizing the sequencing of events, these methods 69

overlook the organizational perspective, which describes the 70

actors and roles associated with those events. Without cap- 71

turing the interplay between different organizations or roles, 72

such models provide only a partial view of the process. 73

Integrating the resource perspective into generative process 74

modeling is not a trivial task. First, the direct generation of 75

verbose standard formats, such as BPMN 2.0 XML, forces 76

the LLM to manage strict syntactical constraints and com- 77

plex graph topologies alongside process logic. This overhead 78

makes the generation highly prone to errors and necessitates 79

extensive schema definitions, a practice shown to degrade the 80

model’s reasoning capabilities and output quality [Wang et 81

al., 2024]. Furthermore, automatically validating the struc- 82

tural and semantic quality of raw XML outputs is exception- 83

ally difficult. In contrast, utilizing a compact intermediate 84

representation abstracts away serialization complexity, sim- 85



plifying the generation task and enabling robust, automated86

validation mechanisms. Finally, the automated visualization87

of complex BPMN models presents a distinct technical chal-88

lenge. While theoretical layout approaches exist [Kitzmann89

et al., 2009], current tooling lacks robust automated support90

for pools and lanes [Berti et al., 2023], necessitating exten-91

sive manual layouting.92

In this paper, we present a method integrating the organi-93

zational perspective into generative process modeling, build-94

ing upon the ProMoAI framework [Kourani et al., 2024a;95

Kourani et al., 2024b]. Our reliance on its intermediate96

representation is a deliberate design choice; recent findings97

in grammar-guided generation demonstrate that projecting98

complex tasks into constrained languages significantly re-99

duces hallucination rates by narrowing the output search100

space [Wang et al., 2023]. Therefore, we first extend the101

underlying intermediate representation to explicitly support102

resources. Second, we define a deterministic transformation103

that maps this extended representation to standard BPMN104

2.0. Third, we address the visualization challenge by imple-105

menting an automated layout algorithm tailored for resource-106

aware BPMN models.107

To illustrate the critical importance of the resource perspec-108

tive, consider the Complaint Handling process depicted in109

Figure 1. Figure 1 (a) displays the model generated by the110

baseline ProMoAI using gemini-3-flash. While this model111

correctly captures the logical sequence of the control flow,112

it presents a “flat” view of the process. Crucially, it fails to113

indicate that the Finance department is specifically responsi-114

ble for reimbursement, distinct from the Customer Service115

team handling the dispute. From a compliance and anal-116

ysis standpoint, this representation is incomplete. In con-117

trast, Figure 1 (b) demonstrates the output of our proposed118

method. By explicitly modeling resources, the system gen-119

erates a full collaboration diagram containing pools, lanes,120

and message flows that define the communication between121

the Customer and the Company. This enrichment transforms122

the model from a simple sequence of steps into a comprehen-123

sive blueprint of organizational interaction.124

The rest of the paper is organized as follows. Section 2 re-125

views related work on generative process modeling and multi-126

perspective representations. Section 3 summarizes the Pro-127

MoAI framework and its intermediate representation. Sec-128

tion 4 then presents our resource-aware extension, including129

the extended modeling language, the deterministic transfor-130

mation to BPMN, and the automated layout algorithm. Sec-131

tion 5 reports the experimental setup and evaluation results132

across nine LLMs. Finally, Section 6 concludes the paper133

and outlines directions for future work.134

2 Related Work135

This work builds upon ProMoAI [Kourani et al., 2024b;136

Kourani et al., 2024a], which serves as an ideal foundation137

due to its extensible architecture and its reliance on an inter-138

mediate representation. This approach guarantees structural139

correctness and soundness by design, ensuring that the gener-140

ated control flow remains valid even as the model complexity141

increases. We enhance the underlying intermediate represen-142

tation used for LLM prompting to explicitly support organi- 143

zational constructs, and we define a deterministic transforma- 144

tion from this representation to standard BPMN. While other 145

approaches leveraging GenAI for process modeling exist, 146

they suffer from distinct limitations. Some require resource- 147

intensive model fine-tuning [Nivon and Salaün, 2024], while 148

others rely on generic data formats, such as JSON [Köpke 149

and Safan, 2024; Licardo et al., 2025]. However, as a generic 150

format, JSON is not optimized for process semantics. It strug- 151

gles to naturally express complex behavioral patterns, partic- 152

ularly when handling loops of choices or nested gateways, re- 153

sulting in representations that are difficult for LLMs to gen- 154

erate consistently. Taking a different approach, [Lin et al., 155

2024] propose a multi-agent framework designed to emulate 156

the iterative stages of manual process modeling. While this 157

method achieves high accuracy by simulating human reason- 158

ing, its complex multi-agent architecture introduces signif- 159

icant computational overhead. Nevertheless, the complex- 160

ity of this multi-agent framework makes the inclusion of a 161

human-in-the-loop infeasible. Injecting user feedback into 162

such a convoluted automated workflow is non-trivial, limit- 163

ing the system’s adaptability. 164

A limited number of studies have addressed multi- 165

perspective modeling. For instance, [Klievtsova et al., 2025] 166

discuss a method for integrating the data perspective. How- 167

ever, their implementation relies on internal structures and 168

transformation steps that are not fully disclosed. Addition- 169

ally, their approach produces models that depart from the 170

standard BPMN specification, reducing their compatibility 171

with existing process management tools. While [Safan and 172

Köpke, 2025] extend current approaches to include both the 173

resource perspective and the data perspective, their contribu- 174

tion prioritizes engineering specifics over a clear definition of 175

the underlying method, leaving several transformation steps 176

not discussed. 177

3 Overview of ProMoAI 178

ProMoAI serves as a comprehensive framework for the gen- 179

eration and iterative refinement of process models based on 180

natural language text. As illustrated in Figure 2, ProMoAI’s 181

architecture [Kourani et al., 2024b] comprises several compo- 182

nents: low-level intermediate representation, prompting mod- 183

ule, process generation, error handling, and user refinement. 184

We briefly describe them. 185

Intermediate Representation Language. ProMoAI em- 186

ploys a Python-based low-level language as an intermedi- 187

ate representation to generate hierarchical process models 188

based on the Partially Ordered Workflow Language (POWL) 189

[Kourani and van Zelst, 2023]. This design choice lever- 190

ages two key advantages. First, the hierarchical nature of 191

POWL allows for the recursive composition of complex pro- 192

cess structures from simple blocks, ensuring that the gener- 193

ated models remain modular and sound by construction. Sec- 194

ond, by representing this logic in Python code, the frame- 195

work exploits the state-of-the-art code generation capabilities 196

of modern LLMs [Bistarelli et al., 2025; Zan et al., 2022; 197

Jiang et al., 2024], which are more robust than their abil- 198

ity to generate raw XML or graph structures directly. The 199



(a) Baseline generation (ProMoAI): The model captures the logical sequence using standard control-flow elements: tasks, start/end events,
gateways, and sequence flows. However, the organizational context is missing.

(b) Our approach: The model integrates the organizational perspective. In addition to control flow, it utilizes pools and lanes to define roles,
and message flows with message events to represent inter-organizational communication.

Figure 1: Motivating Example: Models generated by gemini-3-flash for the Complaint Handling process (p13).

Figure 2: Architecture of ProMoAI.

expressions defined in the intermediate language are trans-200

formed into the formal POWL model using a dedicated se-201

mantic mapping function.202

Prompt Engineering ProMoAI employs a structured203

prompt engineering method to guide the LLM into con-204

structing process models. The pipeline begins with role205

prompting [Xu et al., 2023], used to introduce the subse-206

quent task. Afterwards, detailed information about the in-207

termediate language is provided using least-to-most prompt-208

ing [Zhou et al., 2023]. Such an approach instructs the209

model to generate the process hierarchically, defining atomic210

structures before composing them into higher-order control211

structures. Additionally, the prompt includes a curated set212

of few-shot positive and negative examples to demonstrate213

correct usage and common mistakes [Brown et al., 2020;214

Miyake et al., 2025].215

Process Generation The LLM is instructed to output exe- 216

cutable Python code. Prior to execution, the code undergoes 217

static validation to verify adherence to the used syntax and to 218

detect potential security risks, such as the use of unauthorized 219

libraries. 220

Error Handling ProMoAI incorporates a self-correcting 221

error handling strategy based on iterative prompting [Jha et 222

al., 2023]. Whenever a syntax error or execution failure is de- 223

tected, the system captures the specific exception and feeds it 224

back into the conversation context as an informative prompt. 225

This allows the LLM to analyze the error and generate a cor- 226

rected version of the code in subsequent turns. 227

Human-in-the-Loop Feedback Furthermore, the frame- 228

work supports a Human-in-the-Loop workflow. End users 229

can provide natural language feedback to refine the gener- 230

ated models, which is injected into the conversation context, 231

enabling the LLM to iteratively adjust the process models. 232

4 Integrating the Resource Perspective 233

In this section, we detail how we extend ProMoAI to support 234

the resource perspective. 235

4.1 Process Model Generation 236

Low-Level Process Modeling Language 237

To incorporate the organizational perspective, we extend the 238

intermediate language’s syntax to natively support resource 239

definitions. Specifically, we modify the atomic activity con- 240

structor, gen.activity, to accept two additional mandatory ar- 241

guments: pool and lane. This integration represents a deliber- 242

ate design choice to enforce a single-stage generation process. 243

By requiring the LLM to define control flow and resources si- 244

multaneously, we avoid the inconsistencies and latency asso- 245



1 cust = {"pool": "Customer", "lane": "Customer"}
2 cs = {"pool": "Company", "lane": "Cust. Service"}
3 dept = {"pool": "Company", "lane": "Rel. Dept."}
4 fin = {"pool": "Company", "lane": "Finance"}
5
6 file = gen.activity("File complaint", **cust)
7 feed = gen.activity("Provide feedback", **cust)
8 log = gen.activity("Log complaint", **cs)
9 assign = gen.activity("Assign dept", **cs)

10 review = gen.activity("Review details", **dept)
11 appr = gen.activity("Approve & notify", **dept)
12 rej = gen.activity("Reject & notify", **dept)
13 pay = gen.activity("Reimburse", **fin)
14 resolve = gen.activity("Resolve case", **cs)
15
16 model = gen.decision_graph([
17 (None, file), (file, log), (log, assign), (assign,

review),↪→
18 (review, appr), (review, rej),
19 (appr, pay), (pay, resolve),
20 (rej, resolve),
21 (resolve, feed), (resolve, None),
22 (feed, None)
23 ])

Figure 3: Intermediate representation generated using gemini-3-
flash for the Complaint Handling process (p13).

ciated with multi-stage pipelines (e.g., generating the process246

structure first and post-annotating roles). The definitions of247

the recursive control-flow structures remain invariant, allow-248

ing us to leverage the existing soundness guarantees of the249

original POWL framework. An example of the extended syn-250

tax is provided in Figure 3.251

Prompt Engineering252

Due to the necessary changes in the intermediate language253

representation, we revise the prompt engineering strategy out-254

lined in ProMoAI. Specifically, we augment the system in-255

structions to explicitly define the concepts of pools and lanes,256

ensuring the LLM understands the organizational context.257

Furthermore, we update the few-shot examples accordingly.258

Model Generation and Error Handling259

We extend the existing model validation mechanism to en-260

force semantic consistency in resource assignment. A com-261

mon failure mode in LLM generation involves partial re-262

source attribution, where the model assigns pools and lanes263

to a subset of activities while leaving others undefined. We264

treat this as a validation error, based on the principle that if265

organizational information is discoverable for any part of the266

process, it should be consistently applied to all relevant tasks.267

4.2 Generating Resource-Aware BPMN Models268

A key challenge in automated BPMN generation is ensur-269

ing the resulting diagrams are visually coherent [Abbad-270

Andaloussi et al., 2025; Lübke et al., 2021]. While automatic271

layout algorithms exist for simple control-flow models, the272

effective placement and routing of elements within pools and273

lanes remains an open challenge.274

Transforming POWL into BPMN follows a recursive ap-275

proach, leveraging the fact that POWL models are inherently276

recursive. In the original pipeline [Kourani et al., 2025b],277

this conversion relied on an intermediate Petri net represen- 278

tation. However, standard Petri nets do not natively support 279

organizational constructs (pools, lanes, message events, and 280

message flows). To address this, we introduce a direct trans- 281

lation pipeline (POWL → BPMN) that constructs and layouts 282

the model in three sequential phases: 283

• Structural Construction and Consolidation: The al- 284

gorithm traverses the POWL model bottom-up. For each 285

atomic activity, it generates a BPMN task explicitly as- 286

signed to the pool and lane defined in the intermedi- 287

ate representation. For complex POWL constructs (e.g., 288

choice graphs), it uses BPMN gateways and recursively 289

assembles the child subgraphs. 290

During this phase, we apply a structural consolida- 291

tion heuristic: contiguous control-flow blocks (e.g., 292

paired XOR-splits and joins) are identified and logically 293

grouped within the same organizational boundary where 294

possible. This minimizes cross-pool message flows and 295

ensures that logical units of work are visually clustered 296

together. 297

• Context-Aware Link Generation: After all BPMN 298

flow nodes have been created and assigned to pool- 299

s/lanes, we generate edges by translating each prece- 300

dence relation (u, v) induced by the POWL model into 301

BPMN-compliant connectors. Let pool(·) and lane(·) 302

denote the organizational assignment of a node. If 303

pool(u) = pool(v), we add a BPMN sequence flow 304

from the BPMN element corresponding to u to that of 305

v (within the same pool). If pool(u) ̸= pool(v), we 306

never create a sequence flow across pools; instead, we 307

create a message interaction by inserting (i) a message- 308

throwing event eoutu,v in the source pool pool(u) (placed 309

in lane(u)) and (ii) a message-catching event einu,v in 310

the target pool pool(v) (placed in lane(v)). We then 311

add sequence flows u → eoutu,v and einu,v → v, and a 312

BPMN message flow eoutu,v 99K einu,v connecting the two 313

pools. To satisfy BPMN connection constraints, mes- 314

sage flows are attached only to the inserted message 315

events (or tasks), never directly to gateways: if u (resp. 316

v) is a gateway, the event eoutu,v (resp. einu,v) is inserted 317

immediately on that specific outgoing (resp. incoming) 318

branch and linked to the gateway via a sequence flow. 319

Finally, when a cross-pool message is the first trigger 320

of the receiving pool (i.e., v has no in-pool predeces- 321

sor), we instantiate einu,v as a message start event; analo- 322

gously, when a cross-pool message is emitted as the last 323

step of the sending pool (i.e., u has no in-pool succes- 324

sor), we instantiate eoutu,v as a message end event. This 325

yields a well-formed BPMN collaboration diagram in 326

which intra-organizational causality is expressed via se- 327

quence flows and inter-organizational causality via mes- 328

sage flows with explicit send/receive semantics. 329

• Orthogonal Layout and Routing: Finally, to generate 330

a readable diagram with minimized edge crossings and 331

clear routing paths, we employ an orthogonal graph lay- 332

out algorithm based on the Manhattan metric [Sander, 333

1995]. This ensures that sequence and message flows 334



are routed using horizontal and vertical segments, opti-335

mizing the spatial arrangement of pools and lanes.336

5 Evaluation337

In this section, we evaluate our approach against the baseline338

ProMoAI using a diverse set of state-of-the-art LLMs. The339

aim of our evaluation is (i) to validate the effect of the added340

task complexity on the time performance and control-flow341

quality, and (ii) to assess the quality of the added resource342

elements by comparing them against human-verified ground343

truth.344

5.1 Experimental Settings345

We evaluate our approach on a dataset of ten diverse business346

processes selected from the benchmark presented in [Kourani347

et al., 2025b]. We filtered the original dataset to retain only348

processes that contain sufficient detail regarding process par-349

ticipants. Since the original ground truth BPMNs were lim-350

ited to control flow, we manually annotated them with pools351

and lanes. This curation was necessary as existing large352

repositories of process models (e.g., [Corradini et al., 2021;353

Sola et al., 2022]) either lack paired textual descriptions or354

the ground-truth organizational layers necessary to evaluate355

multi-perspective modeling. Table 1 summarizes the charac-356

teristics of the selected processes.357

To demonstrate the model-agnostic nature of our approach,358

we perform the evaluation using a diverse set of nine LLMs.359

This selection includes proprietary state-of-the-art models360

(e.g., from OpenAI, Anthropic, and Google) as well as open-361

source models.362

5.2 Evaluation Metrics363

(i) Effect of Added Task Complexity364

A primary concern in extending generative modeling is365

whether the increased cognitive load (requiring the LLM to366

manage pools and lanes simultaneously with control flow)367

negatively impacts the generation process. We compare368

our resource-aware approach against the baseline (ProMoAI369

without resources) using the following metrics:370

Control-flow Quality Score: We report a control-flow qual-371

ity score, computed as described in [Kourani et al.,372

2025b]. This metric quantifies how well the behavioral373

semantics of the generated model align with the ground-374

truth event logs. A comparable score between the base-375

line and our method would indicate that adding resource376

constraints does not disrupt the logic of the process.377

Number of Needed Iterations: Since our pipeline includes378

an automated self-correction mechanism, we track the379

number of iterations required to produce a syntactically380

valid and executable model. An increase in iterations381

would suggest that the model struggles to adhere to the382

extended syntax or logical constraints.383

Time per Iteration: Beyond the number of errors, we ana-384

lyze the execution time per generation step. This metric385

helps distinguish whether the added complexity forces386

the LLM to spend more time “thinking” or generating387

longer token sequences.388

(ii) Qualitative Assessment for the Resource Perspective 389

To validate the organizational perspective, we assess how 390

accurately the LLMs identify resource elements and assign 391

them to the process activities. As exact string matching is 392

insufficient due to linguistic variability, we compare the gen- 393

erated resource elements against the extended ground truth 394

using two complementary scores: 395

Semantic Similarity Score: To account for valid para- 396

phrases and abbreviations (e.g., “HR” vs. “Human Re- 397

sources”), we compute a semantic similarity score be- 398

tween generated and ground-truth resource labels using 399

a pre-trained sentence embedding model [Reimers and 400

Gurevych, 2021] (all-MiniLM-L6-v2). Since re- 401

sources are attached to activities, we align predictions 402

to ground truth by activity name: for every activity a 403

that appears in both mappings, we embed the generated 404

and ground-truth pool labels, poolgen(a) and poolgt(a), 405

and compute their cosine similarity; we repeat the same 406

procedure for lane labels, lanegen(a) and lanegt(a). If 407

a pool/lane is unspecified, we represent it as None and 408

include it in the comparison. The resulting per-activity 409

similarities are averaged to obtain a per-process Pool 410

Similarity and Lane Similarity, which we then aggre- 411

gate over all processes to report model-level results. Re- 412

porting pools and lanes separately allows us to disentan- 413

gle coarse-grained actor identification (pools) from fine- 414

grained role/department naming (lanes). 415

Judge-based Quality Score: We implement an independent 416

LLM-as-a-Judge protocol [Ji et al., 2023] with a fixed 417

evaluator model (Grok-4.1 Fast Reasoning) that is sepa- 418

rate from the LLMs used for generation. For each gener- 419

ated process instance, the judge receives (i) the original 420

textual description and (ii) the list of activities together 421

with their predicted pool/lane assignments, but it is 422

not provided with the ground-truth labels. The judge 423

assigns a graded correctness score s(a) ∈ [0, 1] for ev- 424

ery activity a, reflecting whether the proposed organiza- 425

tional assignment is supported by the textual evidence 426

(minor naming variations such as abbreviations or para- 427

phrases are accepted; if the description provides no basis 428

to assign a resource, None is considered a valid assign- 429

ment). The judge is instructed to return a strict JSON 430

object of the form {activity 7→ score}; we automatically 431

validate the response format and completeness, and re- 432

prompt the judge (up to five attempts) only if the JSON 433

is malformed or activities are missing. The judge-based 434

score for a process is computed as the mean of the per- 435

activity scores, and we aggregate these scores over all 436

processes to report model-level results. 437

5.3 Evaluation Results 438

On the Task Complexity 439

Impact on Control-Flow Quality: Our experiments 440

prompt that the control-flow quality scores for the resource- 441

aware models closely mirror those of the baseline (cf. the 442

aggregated results in Table 2). To rigorously validate this 443

observation, we conduct significance testing on the control- 444

flow quality scores using a paired t-test [Casella and Berger, 445



Table 1: Characteristics of the selected ground truth processes.

Process Model Metrics Structural Features
# Act. # Gateways # Pools # Lanes Decis. Cycles Concur.

Sales Order (p1) 8 6 2 4 ✓ ✓
Hiring Process (p2) 16 10 1 3 ✓ ✓ ✓
Procurement Process (p5) 11 4 2 2 ✓ ✓ ✓
Booking System (p7) 13 20 2 3 ✓ ✓ ✓
Incident Reporting (p8) 13 4 2 3 ✓ ✓
Prototype Building (p9) 13 8 1 2 ✓ ✓ ✓
Subscription Service (p11) 12 12 2 3 ✓ ✓ ✓
Complaint Handling (p13) 9 4 2 4 ✓
Internal Audit (p16) 24 14 1 5 ✓ ✓ ✓
University Admission (p18) 26 22 2 6 ✓ ✓ ✓

Table 2: Comparison of the control-flow quality scores (Mean ±
SD) between the baseline (control-flow only) and our resource-
aware approach. The p-values (paired t-test) indicate no statistically
significant difference (p > 0.05) for any model.

Model Control-Flow Quality p-value
Baseline Ours

Grok-4 Fast Reasoning 0.921± 0.072 0.924± 0.069 0.704

DeepSeek-v3.2 0.917± 0.041 0.895± 0.062 0.231

GPT 5.2 0.909± 0.075 0.915± 0.064 0.690

Gemini-3 Flash 0.910± 0.072 0.920± 0.058 0.452

Claude Sonnet 4.5 0.916± 0.070 0.899± 0.069 0.522

Kimi K2 0.895± 0.067 0.835± 0.118 0.103

Claude Haiku 4.5 0.876± 0.076 0.902± 0.066 0.172

Qwen3 Next 80B 0.876± 0.073 0.863± 0.093 0.575

GPT-5 Mini 0.904± 0.091 0.882± 0.095 0.205

2024]. The analysis reveals that for all cases the difference446

in performance between the control-flow-only and resource-447

aware models is not statistically significant (p > 0.05). The448

obtained p-values range from 0.103 to 0.704, confirming that449

the additional complexity of generating pools and lanes does450

not degrade the underlying process logic.451

Efficiency Analysis Table 3 includes statistics about the re-452

quired number of generation iterations until a model is gen-453

erated successfully. The vast majority of models exhibited454

remarkable stability, as the number of iterations remained vir-455

tually the same between both settings. For instance, Claude456

Sonnet 4.5 and GPT 5.2 achieved perfect generation scores457

(1.00 ± 0.00) in both settings. The only notable exception458

is Kimi K2 (highlighted in bold), where the average number459

of required iterations increased significantly from 1.50± 0.5460

to 2.86 ± 1.89 . This performance degradation indicates that461

the model’s reasoning capabilities may be less robust when462

handling increased cognitive load. Specifically, Kimi K2 ap-463

pears to struggle with the multi-objective nature of the task,464

simultaneously managing the control-flow logic and the re-465

source assignment constraints, leading to a higher frequency466

of syntactic or logical errors that require iterative correction.467

Figure 4 compares the runtime distributions for the base-468

Table 3: Average number of iterations required per model (Mean ±
Std. Dev.). Lower values indicate higher generation stability.

Model Baseline Ours

Claude Haiku 4.5 1.60± 1.29 1.60± 1.03

Claude Sonnet 4.5 1.00± 0.00 1.00± 0.00

DeepSeek-v3.2 1.27± 0.45 1.60± 0.92

GPT 5.2 1.00± 0.00 1.00± 0.00

GPT-5 Mini 1.20± 0.40 1.00± 0.00

Gemini-3 Flash 1.20± 0.40 1.30± 0.46

Grok-4 Fast Reasoning 1.00± 0.00 1.20± 0.40

Kimi K2 1.50± 0.50 2.86± 1.89

Qwen3 Next 80B 2.75± 1.54 2.57± 1.41

line (control-flow only) versus our resource-aware approach 469

per iteration. Despite the increased length of the generated 470

code, necessitated by the additional pool and lane arguments, 471

we observe that the runtime impact is negligible for the ma- 472

jority of models. Fast reasoning models like Grok-4 and 473

Claude Sonnet 4.5 exhibit virtually identical runtime profiles 474

in both settings. A slight increase is observed in some larger 475

models, e.g., GPT 5.2 (from ≈ 40 seconds to ≈ 60 sec- 476

onds). This is expected due to the increased number of tokens 477

needed for the integration of the resource perspective. Nev- 478

ertheless, these values still remain in an acceptable limit for 479

process modeling. 480

Assessment of the Resource Perspective 481

Next, we evaluate the semantic accuracy of the discovered 482

pool and lane labels. Figure 5 details the result. We ob- 483

serve that the Judge-based accuracy (white bars) remains 484

consistently high, with top-performing models such as GPT- 485

5 Mini achieving near-perfect scores across all processes. 486

This confirms that the discovered assignments are logically 487

sound. However, notable deviations appear in the Pool Sim- 488

ilarity (light blue bars). This discrepancy highlights the lexi- 489

cal heterogeneity inherent in process descriptions: while the 490

model may assign a valid organizational entity (approved by 491
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Figure 4: Boxplot analysis of execution time (seconds) per iteration.
The consistent distributions between the baseline (grey) and our ap-
proach (blue) demonstrate the efficiency of the extended generation
pipeline.
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Figure 5: Accuracy of resource assignment aggregated by LLMs.

the Judge), its specific naming convention, e.g., “Corporate492

Headquarters” vs. “Central Audit Team” in p16, or “Product493

Development Organization” vs. “Organization” in p9, may494

differ vectorially from the ground truth. Furthermore, certain495

activities inherently span multiple organizational boundaries496

(e.g., the “Sign Contract” activity in p5, which involves both497

the Supplier and the Procuring Entity). In such cases, assign-498

ing either party is a valid modeling decision, yet it penalizes499

the similarity score if it mismatches the ground truth. Conse-500

quently, we interpret Semantic Similarity as a measure of lit-501

eral adherence to the ground truth vocabulary, whereas Judge502

Accuracy serves as a more robust indicator of functional cor-503

rectness504

5.4 Findings505

Our findings suggest that the resource perspective and the506

control-flow perspective are handled relatively independently507

by LLMs. This is supported by the results of the paired t-508

tests conducted to assess the impact of resource discovery on509

control-flow quality. For all of the evaluated processes, no510

statistically significant difference in control-flow quality was511

observed between the baseline and the resource-aware mod-512

els (p > 0.05). This stability indicates that the additional513

effort of identifying pools and lanes does not interfere with514

the model’s ability to infer the correct sequence of activities,515

supporting the feasibility of multi-perspective process gen-516

eration. Additionally, our efficiency analysis demonstrates517

that this semantic enrichment comes with negligible compu- 518

tational overhead. The runtime distribution reveals only a 519

marginal increase in generation time for some models. 520

Regarding the resource perspective, the consistently high 521

Judge-based accuracy scores confirm that LLMs possess ro- 522

bust semantic reasoning capabilities for identifying process 523

participants. While the models successfully extract relevant 524

actors, the lower semantic similarity scores in certain cases 525

indicate lexical divergence from the ground truth. These de- 526

viations often represent valid alternative modeling decisions, 527

yet they may also be attributed to inherent biases present in 528

the models, similarly to what [Kourani et al., 2025a] observe. 529

Nevertheless, semantic ambiguity is inherent in the textual 530

descriptions, reflecting the subjective nature of process mod- 531

eling: a single text can admit multiple valid structures. We 532

address this by using a Judge-LLM accuracy metric, since 533

deterministic measures cannot reliably credit alternative yet 534

semantically defensible modeling choices. Finally, although 535

generation is non-deterministic, prior benchmarking on this 536

dataset [Kourani et al., 2025b] shows that model families ex- 537

hibit stable average performance, supporting the reliability of 538

the reported trends. 539

6 Conclusion 540

This paper extends generative process modeling beyond the 541

control-flow perspective by integrating resource information. 542

Building on ProMoAI, we augment its intermediate repre- 543

sentation with explicit pool/lane annotations and introduce 544

a transformation pipeline (POWL → BPMN) that produces 545

syntactically correct collaboration diagrams with automated 546

layout. 547

We evaluated the approach on a curated dataset of ten 548

process descriptions across nine LLMs. Results show that 549

adding the organizational perspective does not harm pro- 550

cess logic: control-flow quality remains comparable to the 551

resource-agnostic baseline under paired significance testing. 552

Resource assignments are largely semantically valid under 553

an independent judge, even when models diverge from the 554

ground truth due to alternative naming or abstraction choices. 555

Efficiency remains practical, with only marginal overhead in 556

runtime and self-correction iterations. Overall, the findings 557

support a single-stage generation strategy that assigns seman- 558

tic interpretation to LLMs while offloading transformation 559

and visualization to dedicated algorithms, enabling future ex- 560

tensions to additional perspectives such as data objects and 561

temporal constraints. 562
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Schäfer, Peyman Badakhshan, Jana-Rebecca Rehse, and708

Timotheus Kampik. SAP signavio academic models: A709

large process model dataset. In ICPM Workshops, volume710

468 of Lecture Notes in Business Information Processing,711

pages 453–465. Springer, 2022.712

[Wang et al., 2023] Bailin Wang, Zi Wang, Xuezhi Wang,713

Yuan Cao, Rif A. Saurous, and Yoon Kim. Gram-714

mar Prompting for Domain-Specific Language Generation715

with Large Language Models. In NeurIPS, 2023.716

[Wang et al., 2024] Zhijie Wang, Zijie Zhou, Da Song,717

Yuheng Huang, Shengmai Chen, Lei Ma, and Tianyi718

Zhang. Where Do Large Language Models Fail When719

Generating Code? CoRR, abs/2406.08731, 2024.720

[Xu et al., 2023] Benfeng Xu, An Yang, Junyang Lin, Quan721

Wang, Chang Zhou, Yongdong Zhang, and Zhendong722

Mao. ExpertPrompting: Instructing Large Language Mod-723

els to be Distinguished Experts. CoRR, abs/2305.14688,724

2023.725

[Zan et al., 2022] Daoguang Zan, Bei Chen, Dejian Yang,726

Zeqi Lin, Minsu Kim, Bei Guan, Yongji Wang, Weizhu727

Chen, and Jian-Guang Lou. CERT: Continual Pre-training728

on Sketches for Library-oriented Code Generation. In IJ-729

CAI, pages 2369–2375. ijcai.org, 2022.730

[Zhou et al., 2023] Denny Zhou, Nathanael Schärli, Le Hou,731

Jason Wei, Nathan Scales, Xuezhi Wang, Dale Schuur-732

mans, Claire Cui, Olivier Bousquet, Quoc V. Le, and Ed H.733

Chi. Least-to-Most Prompting Enables Complex Reason- 734

ing in Large Language Models. In ICLR. OpenReview.net, 735

2023. 736

https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

	Introduction
	Related Work
	Overview of ProMoAI
	Integrating the Resource Perspective
	Process Model Generation
	Low-Level Process Modeling Language
	Prompt Engineering
	Model Generation and Error Handling

	Generating Resource-Aware BPMN Models

	Evaluation
	Experimental Settings
	Evaluation Metrics
	(i) Effect of Added Task Complexity
	(ii) Qualitative Assessment for the Resource Perspective

	Evaluation Results
	On the Task Complexity
	Assessment of the Resource Perspective

	Findings

	Conclusion

