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A B S T R A C T
Large language models (LLMs) can generate BPMN process models from natural-language de-
scriptions, yet supervised fine-tuning (SFT) limits their output quality to the patterns present in the
training data. Reinforcement learning (RL) can optimize beyond this ceiling using external quality
measures, but how the reward function should be designed when quality is multi-dimensional remains
unexplored. We present a systematic investigation of reward function design for RL-based process
model generation, training two LLM families (Llama 3.1 8B, Qwen 2.5 14B) under 48 configurations
using Group Sequence Policy Optimization with rewards derived from an automated evaluation
framework comprising 38 metrics across syntactic, pragmatic, and semantic quality. Three findings
emerge. First, RL significantly improves pragmatic and syntactic quality while preserving semantic
fidelity, reducing output variability by more than sixfold. Second, equal reward weighting consistently
outperforms targeted weighting: emphasizing a specific dimension fails to improve it and can collapse
the model into a low-quality mode. Third, design choices interact with model architecture in non-trivial
ways: the invalidity penalty is essential for one model but irrelevant for the other, and SFT initialization
is indispensable for one architecture but counterproductive for another. These results demonstrate that
reward composition is a primary determinant of optimization outcomes, with effects as large as the
decision to apply RL itself. The findings generalize to any structured generation task where quality
is assessed along multiple automated dimensions. We release our implementation and experimental
code at https://github.com/chlauer99/RL_for_process_modeling.

1. Introduction
The creation of Business Process Model and Notation

(BPMN) models is a complex task requiring both domain
knowledge and proficiency in modeling conventions. As
organizations increasingly seek to document, analyze, and
automate their workflows, the demand for process models
has outpaced the availability of trained modelers, creat-
ing a bottleneck that limits the scalability of business pro-
cess management initiatives [19]. Large language models
(LLMs) offer a promising path to addressing this bottleneck
by enabling the generation of process models directly from
natural-language descriptions, thereby lowering the exper-
tise barrier and accelerating the modeling lifecycle [20].

Recent work has demonstrated that LLMs can indeed
produce BPMN-like structures from text, with interac-
tive systems supporting iterative refinement [22, 26] and
compact intermediate representations improving generation
robustness [5, 21]. Systematic benchmarking has further
shown that open-source LLMs achieve competitive syntactic
and pragmatic quality on BPMN generation tasks, though
semantic fidelity and output validity remain significant chal-
lenges [27]. Supervised fine-tuning (SFT) with parameter-
efficient methods such as LoRA [17] has been shown to
improve structural correctness and validity, enabling smaller
models to outperform larger untuned baselines. However,
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SFT is inherently limited by the quality and diversity of the
training data it imitates: it can teach a model to reproduce
the patterns present in the training corpus but cannot drive
the model beyond this ceiling toward outputs that are better
than the demonstrations.

Reinforcement learning (RL) offers a fundamentally dif-
ferent training signal. Rather than imitating reference out-
puts, the model is optimized against an external quality mea-
sure that evaluates its generated outputs directly. The recent
emergence of reinforcement learning with verifiable rewards
(RLVR) [24, 14] has demonstrated that when automated,
deterministic evaluation is available (as in mathematical
reasoning or code generation), RL can produce substantial
improvements over SFT baselines without requiring human
preference data. Process model generation is uniquely suited
to this paradigm: the BEF4LLM evaluation framework [27]
provides 38 automated metrics across three established qual-
ity dimensions (syntactic, pragmatic, and semantic quality)
that can serve directly as reward signals, enabling RLVR for
process modeling.

However, the design of the reward function itself, specif-
ically how these multi-dimensional quality metrics are com-
posed into a training signal, has received almost no sys-
tematic attention. Existing work on RL for process model-
ing [3] demonstrates that RL improves generation quality
but uses a single reward formulation without investigating
how the composition of the reward affects optimization
outcomes. More broadly, most RLVR applications oper-
ate with single-dimensional rewards (correct/incorrect for
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mathematics, tests passed/failed for code), whereas pro-
cess model quality is inherently multi-dimensional: syntactic
conformance, pragmatic comprehensibility, and semantic fi-
delity represent distinct and potentially competing optimiza-
tion objectives. How these objectives should be balanced,
whether dimensional emphasis through reward weighting
can steer optimization toward desired quality profiles, and
how design choices such as invalidity penalties interact with
model architecture are questions that remain unanswered.

This paper addresses this gap through a systematic
empirical investigation of reward function design for RL-
based process model generation. We employ Group Se-
quence Policy Optimization (GSPO) [44], a sequence-level
RL method that aligns naturally with holistic quality evalua-
tion, and train two open-source LLM families (Llama 3.1
8B and Qwen 2.5 14B) under 48 experimental config-
urations spanning six reward functions, two base model
initialization strategies, and two decoding constraints. The
reward functions vary along two primary design axes:
dimensional weighting (equal vs. targeted emphasis) and
invalidity penalty (negative penalty vs. zero). In addition, we
include two mathematically equivalent equal-weight imple-
mentations, 𝑅avg and 𝑅1, to check whether implementation
pathway differences produce measurable effects. All con-
figurations are evaluated using the BEF4LLM framework
and compared through paired permutation tests [13] with
Bonferroni correction.

The study is guided by three research questions. RQ1
asks whether GSPO with domain-grounded rewards im-
proves process model quality beyond SFT. RQ2 investigates
how reward function composition, specifically dimensional
weighting and the invalidity penalty, affects the balance
across quality dimensions. RQ3 examines how the choice
of base model initialization (SFT-initialized vs. untrained,
i.e., BPM-unadapted instruction-tuned base) affects RL op-
timization outcomes.

The results yield several findings with implications be-
yond the BPMN domain. First, GSPO significantly im-
proves pragmatic and syntactic quality for both model fam-
ilies while largely preserving semantic quality, with only a
small positive effect for Llama and no significant effect for
Qwen. The most pronounced effect is a dramatic reduction in
output variability: RL-trained models produce substantially
more consistent outputs than SFT-only baselines. Second,
and most counter-intuitively, equal reward weighting out-
performs all targeted weighting schemes. Emphasizing a
specific quality dimension in the reward not only fails to
improve that dimension but can cause the model to collapse
into a narrow, low-quality mode. Third, the invalidity penalty
plays a role far beyond discouraging invalid outputs. For
Qwen, it acts as an implicit diversity regularizer that reduces
the risk of template convergence, while for Llama it has no
measurable effect. Fourth, the necessity of SFT initialization
is architecture-dependent: indispensable for Llama under
our training configuration, largely redundant for Qwen, and
associated with lower semantic quality for Qwen after RL.
These findings demonstrate that reward function design for

multi-dimensional structured generation is a non-trivial en-
gineering challenge where seemingly minor choices produce
effects as large as the decision to apply RL in the first place.

The contributions of this paper are as follows:
1. A training framework for applying GSPO either af-

ter SFT or directly to BPM-unadapted instruction-
tuned base models, using domain-grounded, multi-
dimensional reward signals derived from the BEF4LLM
quality framework for LLM-based BPMN process
model generation.

2. A systematic empirical investigation of reward func-
tion design for structured generation, covering di-
mensional weighting, invalidity penalty, and the ex-
ploratory comparison of equivalent reward implemen-
tation pathways across two LLM architectures and two
initialization strategies, comprising 48 experimental
configurations evaluated on 105 process descriptions.

3. An analysis of the interaction effects between reward
design, model architecture, and initialization strat-
egy, revealing that these factors are not independently
tunable but interact in non-trivial ways that require
empirical evaluation rather than principled defaults.

4. Practical guidelines for applying RL to multi dimen-
sional structured generation tasks, including the find-
ing that equal weighting is the most robust default in
our experiments, the penalty regime should match the
base model’s validity behavior, and SFT initialization
should be informed by the base model’s task-relevant
prior capabilities.

The remainder of this paper is structured as follows.
Section 2.2 reviews related work on LLMs in BPM, RL for
LLMs, quality assessment frameworks, and RL for struc-
tured generation. Section 3 describes the methodology, in-
cluding the training pipeline, quality framework, and reward
function design. Section 4 details the experimental setup.
Section 5 presents the results organized by research question.
Section 6 discusses the findings, compares with related
work, and addresses limitations and future work. Section 7
concludes the paper.

2. Related Work
2.1. LLMs in Business Process Modeling

The application of LLMs to business process manage-
ment (BPM) has advanced rapidly from proof-of-concept
demonstrations to systematic evaluations and specialized
training pipelines. Early work established that LLMs can
translate natural-language descriptions into formal process
representations [20], and interactive systems such as Pro-
MoAI [22] demonstrated iterative refinement capabilities.
A recent literature review highlights the methodological
shift from non-generative extraction pipelines to end-to-
end generative approaches, identifying domain adaptation
through fine-tuning and intermediate representation design
as the two most active frontiers [19].
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Systematic benchmarking has revealed both the promise
and the limitations of current LLMs. Lauer et al. [27] intro-
duce BEF4LLM, a framework comprising 38 metrics across
syntactic, pragmatic, and semantic quality dimensions, and
benchmark 17 open-source LLMs on BPMN generation—
finding that LLMs achieve competitive structural quality but
lag behind human experts on semantic fidelity. Hörner et al.
[16] independently confirm these patterns while proposing
an automated BPMN 2.0 generation pipeline with quality
assessment. [25] conducted a human-centered study and
similarly identified semantic quality of process models as a
key factor influencing perceived usability and trust, which
were negatively affected by low semantic quality of the
generated process models. Çelikmasat et al. [6] demonstrate
that instruction-tuned open-source LLMs can be further
improved through supervised fine-tuning (SFT) on curated
process model datasets.

The choice of output representation has emerged as a
critical factor. Compact intermediate languages based on
JSON reduce token counts substantially compared to XML
while preserving BPMN semantics, enabling efficient fine-
tuning and improving generation robustness [5, 21]. The
present study builds on this foundation—using a compact
JSON-based process representation as the output format
and BEF4LLM as the evaluation framework—but shifts the
focus from representation and benchmarking to the training
methodology, specifically the design of RL reward functions
for multi-dimensional quality optimization.
2.2. Reinforcement Learning for Large Language

Models
Reinforcement learning (RL) has become central to post-

training alignment of LLMs. The standard RLHF pipeline
[34] fine-tunes a pre-trained model using a learned reward
model and Proximal Policy Optimization (PPO) [40], con-
strained by a KL-divergence penalty. While effective for
preference alignment, PPO-based methods suffer from in-
stability, high computational overhead, and sensitivity to
reward scaling—issues that become more pronounced in
long-horizon structured generation tasks.

Direct Preference Optimization (DPO) [35] sidesteps the
explicit reward model by reparameterizing the RLHF objec-
tive to operate directly on preference pairs. While DPO sim-
plifies training, it requires paired preference data and does
not naturally accommodate the kind of verifiable, metric-
based reward signals available in our setting. Kahneman-
Tversky Optimization (KTO) [12] further relaxes data re-
quirements to unpaired signals but shares the same funda-
mental limitation.

The emergence of reinforcement learning with verifiable
rewards (RLVR) [24] represents a paradigm shift partic-
ularly relevant to our work. Rather than learning reward
models from human preferences, RLVR leverages auto-
mated, deterministic evaluation, such as mathematical cor-
rectness verification or code test-case execution, as reward
signals. DeepSeek-R1 [14] demonstrated that RLVR with

Group Relative Policy Optimization (GRPO) [41] can un-
lock sophisticated reasoning capabilities without any super-
vised demonstration data, sparking widespread interest in
the approach. GRPO samples multiple candidate outputs per
prompt, normalizes rewards within each group, and updates
the policy to favor relatively better responses—reducing
sensitivity to reward miscalibration and eliminating the need
for a separate critic network.

Group Sequence Policy Optimization (GSPO) [44] adapts
this paradigm by operating at the level of complete se-
quences rather than individual tokens. For each prompt,
multiple candidates are sampled, scored holistically, and
ranked; the model is updated to increase the likelihood of
higher-ranked sequences. This sequence-level formulation
aligns naturally with evaluation frameworks that assess
complete outputs such as process model quality metrics
that can only be computed for entire models. The present
study adopts GSPO as the RL algorithm, motivated by this
alignment between sequence-level optimization and holistic
quality assessment.
2.3. Quality Assessment as Reward Signal

Process model quality has been studied through the lens
of the semiotic quality framework [29, 23], operationalized
by Reijers et al. [36] as the SIQ framework distinguishing
syntactic, semantic, and pragmatic quality. Concrete metrics
include structural complexity measures [31, 42], threshold-
based pragmatic scoring [39, 4], and graph-structural and
behavioral similarity measures for semantic quality [8, 10].
The BEF4LLM framework [27] synthesizes these into a uni-
fied pipeline producing normalized per-dimension scores—
a property that makes them directly usable as reward com-
ponents.

From the RL perspective, reward function design is a
long-standing challenge. Reward shaping [32] and multi-
objective reward decomposition [15] address the problem
of guiding agents toward desired behaviors when the ob-
jective is complex or multi-faceted. In the LLM context,
most reward functions are either binary (correct/incorrect,
as in RLVR for mathematics) or scalar (a single prefer-
ence score from a reward model). Multi-dimensional re-
ward functions—where separate components measure dis-
tinct quality aspects that must be balanced—remain under-
explored. Our work contributes to this gap by systematically
investigating how the composition of a multi-dimensional
quality reward (weighting, penalty, aggregation) affects op-
timization outcomes in structured generation.
2.4. RL for Structured Generation

In the BPM domain, Berti et al. [3] apply RLVR to spe-
cialize LLMs for process modeling using Partially Ordered
Workflow Language (POWL) as the target representation.
Their approach combines structural and behavioral reward
signals with LLM-as-a-judge feedback, demonstrating im-
provements over both pre-trained and SFT baselines. While
their work establishes the viability of RL for process mod-
eling, it uses a single reward formulation without investigat-
ing how reward composition affects optimization dynamics.
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Specifically, they do not examine dimensional weighting,
penalty structure, or the interaction between reward design
and model architecture—the central questions of the present
study.

Beyond BPM, Hu et al. [18] propose RL-Struct, a
lightweight RL framework for reliable structured LLM out-
put that decomposes the task into a hierarchy of constraints—
structural integrity, format correctness, content accuracy,
and validity—optimized through GRPO. Their finding that
models exhibit a “self-paced curriculum,” sequentially ac-
quiring syntactic proficiency before semantic accuracy, res-
onates with our observation of differential optimization
accessibility across quality dimensions. In code genera-
tion, CodeRL [28] uses unit-test pass rates as automated
rewards, and subsequent work extends this with curriculum
strategies and multi-candidate selection. In mathematical
reasoning, DeepSeek-R1 [14] demonstrates that correctness-
based RLVR can produce sophisticated problem-solving
behavior. These domains share a key property with our
setting: the availability of objective, automated evaluation
that eliminates the need for human preference data.

However, a critical difference distinguishes our work:
process model quality is inherently multi-dimensional, re-
quiring reward functions that balance competing objectives.
Mathematical reasoning and code generation typically oper-
ate with single-dimensional rewards, whereas our three qual-
ity dimensions can be in tension with each other. The present
study addresses this gap by conducting the first systematic
investigation of multi-dimensional reward function design
for structured generation, varying the weighting, penalty
structure, and aggregation method while analyzing interac-
tions with model architecture and initialization strategy.

3. Methodology
This section describes the proposed approach for im-

proving LLM-based process model generation through re-
inforcement learning. We first define the generation task
and its constraints (Section 3.1), then introduce the train-
ing pipeline (Section 3.2). Section 3.3 defines the multi-
dimensional quality assessment that underpins the reward
signals. Section 3.4 formally specifies the family of reward
functions, Section 3.5 discusses the design rationale, and
Section 3.6 introduces grammar-constrained decoding as
an additional experimental factor. Table 1 summarizes the
notation used throughout.
3.1. Task Definition

We address the text-to-model generation task, in which a
LLM translates a natural-language process description into
a structured process model. The input is a prompt 𝑐 = (𝑠, 𝑥),
where 𝑠 is a system instruction defining the modeling task
and the expected output format, and 𝑥 ∈  is a textual
process description. Given 𝑐, the LLM policy 𝜋𝜃 generates
a raw output sequence:

𝑦̃ ∼ 𝜋𝜃(⋅ ∣ 𝑐) (1)

Table 1
Summary of notation.

Symbol Meaning

𝑐 = (𝑠, 𝑥) Prompt: system instruction 𝑠 and
process description 𝑥

𝑦̃ Raw output sequence generated by
the LLM

𝑦 Parsed intermediate process model
(from 𝑦̃ when parsing succeeds)

⊥ Parse or translation failure
𝜋𝜃 LLM policy with parameters 𝜃
𝜙∶  → XML ∪ {⊥} Deterministic translator; returns

BPMN XML or ⊥ on failure
𝑣(𝑦̃) Validity indicator (binary)
𝑟syn, 𝑟pra, 𝑟sem Quality scores (syntactic, prag-

matic, semantic)
𝑅(𝐰, 𝑝; 𝑦̃) Composite reward

where 𝑦̃ ∈ ̃ is a token sequence that may or may not consti-
tute a well-formed process model. A parser attempts to map
𝑦̃ to a parsed intermediate process model 𝑦 ∈  , expressed
in a compact, JSON-based representation that preserves the
organizational and behavioral semantics of BPMN collabo-
rations, including pools, lanes, typed flow nodes, sequence
flows, and message flows. If parsing succeeds, a determin-
istic translator 𝜙∶  → XML ∪ {⊥} attempts to map 𝑦
to a corresponding BPMN XML file, enabling evaluation
and rendering by standard BPMN toolchains; the translator
returns ⊥ if the mapping fails. If parsing itself fails (due
to malformed JSON, structural violations, or incomplete
output), the parser likewise returns ⊥, indicating an invalid
generation attempt.

This formalization reflects a key property of the set-
ting: unlike conventional text generation where any token
sequence is a valid output, process model generation intro-
duces a chain of potential failure points (malformed text
→ parse failure → translation failure → schema violation),
all of which must be handled by the evaluation and reward
machinery.

The task imposes constraints at multiple levels of ab-
straction. At the syntactic level, the output must conform
to the structural rules of the BPMN modeling language:
For example, every split gateway must have a matching join
gateway, and sequence flows may only connect elements
within the same pool. At the pragmatic level, the resulting
model should be comprehensible to human readers, avoiding
unnecessary complexity in size, density, or control-flow
structure. At the semantic level, the generated model must
faithfully capture the activities, control-flow logic, partici-
pant roles, and inter-process communication described in 𝑥.
These constraints distinguish the task fundamentally from
open-ended text generation: outputs are structured, multi-
dimensional artifacts that must simultaneously satisfy ver-
ifiable correctness criteria across all three levels.
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3.2. Training Pipeline
We investigate a training pipeline that combines SFT

with RL, following the general paradigm established in
related literature [34]. The pipeline consists of two stages:
SFT provides a behavioral initialization, and GSPO sub-
sequently optimizes for quality objectives that are difficult
to express as token-level supervision. Critically, the SFT
stage is treated as an experimental variable rather than an
invariant: GSPO is applied either to the SFT-initialized LLM
or directly to the instruction-tuned base LLM, depending on
the experimental condition. This design allows us to isolate
the effect of supervised initialization on RL optimization
outcomes (RQ3).
Stage 1: Supervised Fine-Tuning (SFT). In the first
stage, the base LLM is fine-tuned on a corpus of input-
output pairs SFT = {(𝑐𝑖, 𝑦𝑖)}𝑁𝑖=1, where 𝑐𝑖 = (𝑠𝑖, 𝑥𝑖) is the
prompt and 𝑦𝑖 is the corresponding target process model. For
training, each target process model 𝑦𝑖 is serialized into the
JSON-based output format, and the loss is computed over the
tokens of this serialization. The model is trained to minimize
the per-example average token loss, computed solely on the
output tokens:

SFT(𝜃) = − 1
𝑁

𝑁
∑

𝑖=1

1
|𝑦𝑖|

|𝑦𝑖|
∑

𝑡=1
log 𝑝𝜃

(

𝑦(𝑡)𝑖 ∣ 𝑐𝑖, 𝑦
(<𝑡)
𝑖

) (2)

where 𝜃 denotes the model parameters. This stage teaches
the model the mapping from natural-language descriptions
to structured process models, establishing familiarity with
the output format and basic structural competence. However,
SFT optimizes through imitation at the token level: the
training signal rewards the model for reproducing refer-
ence outputs token by token but does not directly optimize
for downstream quality properties of the resulting process
model as a whole. A model trained only with SFT may learn
to produce outputs that closely resemble training targets at
the surface level without reliably satisfying the syntactic
rules, pragmatic guidelines, or semantic constraints that col-
lectively determine whether a process model is correct and
useful. This fundamental limitation motivates the second
training stage.
Stage 2: Reinforcement Learning with GSPO. To move
beyond imitation toward quality-aware optimization, we ap-
ply GSPO [44]. As mentioned in 2.2, this formulation aligns
naturally with our setting, where reward signals that are de-
rived from process model quality metrics evaluate complete
BPMN models rather than intermediate token predictions.

The GSPO training procedure operates as follows. For
each training prompt 𝑐𝑖, the current policy 𝜋𝜃 generates a
group of 𝐾 candidate output sequences through sampling:

𝑦̃(𝑘)𝑖 ∼ 𝜋𝜃(⋅ ∣ 𝑐𝑖), 𝑘 = 1,… , 𝐾 (3)
Each candidate is evaluated by the reward function 𝑅(⋅) (de-
fined in Section 3.4), yielding scalar rewards {𝑟(1)𝑖 ,… , 𝑟(𝐾)

𝑖 }.
Rather than using these as absolute optimization targets,

GSPO normalizes them within the group to compute relative
advantages:

𝐴̂(𝑘)
𝑖 =

𝑟(𝑘)𝑖 − 𝜇𝑖
𝜎𝑖 + 𝜖

(4)

where 𝜇𝑖 and 𝜎𝑖 are the mean and standard deviation of
the group rewards for prompt 𝑐𝑖, and 𝜖 is a small constant
for numerical stability. The policy is updated via a clipped
surrogate objective. Let 𝜃old denote the policy parameters
at the time of candidate generation. The length-normalized
importance-sampling ratio for the 𝑘-th candidate of prompt 𝑖
is:

𝜌(𝑘)𝑖 (𝜃) = exp

[

1
|𝑦̃(𝑘)𝑖 |

(

log𝜋𝜃
(

𝑦̃(𝑘)𝑖 ∣ 𝑐𝑖
)

− log𝜋𝜃old
(

𝑦̃(𝑘)𝑖 ∣ 𝑐𝑖
)

)

]

(5)
Length normalization ensures that the ratio remains within
a comparable numerical range regardless of output length,
preventing longer sequences from producing more extreme
likelihood ratios [44]. The sequence log-probability is com-
puted autoregressively as:

log𝜋𝜃
(

𝑦̃(𝑘)𝑖 ∣ 𝑐𝑖
)

=
|𝑦̃(𝑘)𝑖 |

∑

𝑡=1
log𝜋𝜃

(

𝑦̃(𝑘)𝑖,𝑡 ∣ 𝑐𝑖, 𝑦̃
(𝑘)
𝑖,<𝑡

) (6)

The GSPO objective maximizes the clipped surrogate:

GSPO(𝜃) =
1

𝑁𝐾

𝑁
∑

𝑖=1

𝐾
∑

𝑘=1
min

(

𝜌(𝑘)𝑖 (𝜃) 𝐴̂(𝑘)
𝑖 ,

clip
(

𝜌(𝑘)𝑖 (𝜃), 1−𝜖𝑐 , 1+𝜖𝑐
)

𝐴̂(𝑘)
𝑖

)

(7)

where 𝜖𝑐 is the clipping parameter (distinct from the numeri-
cal stability constant 𝜖 in Eq. 4). The clipping prevents exces-
sively large policy updates, stabilizing training. By focusing
on within-group rankings rather than absolute reward values,
GSPO does not require a separate value network and reduces
the sensitivity of training to the absolute scale of the reward
function.

This formulation offers three properties that are relevant
for structured process model generation. First, the compar-
ison of candidates against each other rather than against
an absolute baseline mitigates sensitivity to reward mis-
calibration, which is a relevant concern when aggregating
heterogeneous quality metrics that may operate on different
effective scales despite nominal normalization to [0, 1]. Sec-
ond, the sequence-level optimization mitigates the challenge
of token-wise credit assignment in long, structured outputs
where individual tokens contribute to global model proper-
ties. In BPMN generation, the correctness of a gateway pair
depends on tokens that may be separated by hundreds of
positions; assigning token-level credit for such global prop-
erties is inherently difficult for PPO-style methods Third,
group normalization stabilizes training dynamics by en-
suring that policy gradients are driven by relative quality
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differences rather than absolute reward magnitudes, which is
beneficial when the reward distribution shifts over the course
of training as the model improves.

In both training stages, we employ Low-Rank Adapta-
tion (LoRA) [17] to maintain parameter efficiency. LoRA
introduces small trainable rank-decomposition matrices into
each attention layer while keeping the original model weights
frozen, thereby preserving the base model’s general lan-
guage capabilities while allowing task-specific adaptation
with a fraction of the parameters. The same base dataset is
used for both SFT and GSPO to ensure that performance
differences between the two stages can be attributed to
the training method and reward signal rather than to data
distribution shifts.
3.3. Process Model Quality Assessment

The effectiveness of RL depends critically on the re-
ward signal. In our approach, reward signals are derived
from a multi-dimensional quality assessment of the gen-
erated BPMN models based on the BEF4LLM frame-
work [27], which provides an automated, metric-based
evaluation grounded in established process model quality
frameworks from the BPM literature, in particular the SIQ
framework [36] and widely adopted process model complex-
ity metrics [31]. Rather than relying on a single aggregate
score or a learned proxy reward model, BEF4LLM yields
verifiable component scores with regard to different model
properties, that can be composed into reward signals through
weighting and aggregation.

The assessment operates on the BPMN XML repre-
sentation obtained via the deterministic translator 𝜙 and
proceeds in two stages: a validity check, followed by quality
evaluation across three distinct dimensions.
Validity. Given a raw output sequence 𝑦̃, the validity func-
tion captures the full chain of potential failures, from mal-
formed text to trivial process models:

𝑣(𝑦̃) =

{

1 if 𝑦̃ parses to 𝑦 ∈  , 𝜙(𝑦) ≠ ⊥, |𝐹𝑂(𝜙(𝑦))| ≥ 2
0 otherwise

(8)
where 𝐹𝑂(⋅) denotes the set of flow objects in the translated
model. Validity serves as a gatekeeping criterion: only valid
outputs (𝑣(𝑦̃) = 1) proceed to quality evaluation. Invalid
outputs, whether due to malformed JSON, parse failures,
translator errors, schema violations, or trivial structures,
receive no quality scores. In the context of RL training, the
validity check determines whether a candidate receives a
quality-based reward or a penalty signal.
Syntactic Quality (𝑟syn ∈ [0, 1]). Syntactic quality mea-
sures whether the generated process model adheres to the
structural rules prescribed by the BPMN modeling language.
The BEF4LLM framework assesses this dimension through
16 rule-based metrics derived from the BPMN specification,
as well as general applicapable modeling rules [9, 33, 43].
These metrics span three categories of modeling rules.

Existence constraints verify that fundamental structural
elements are present: the model must contain at least one
start event and one end event, and each process within the
model must have exactly one of each. Degree constraints
check the connectivity of individual elements: tasks must
have exactly one incoming and one outgoing sequence
flow (in=1, out=1), start events must have no incoming
and exactly one outgoing flow (in=0, out=1), end events
the reverse (in=1, out=0), split gateways must fan out
(in=1, out>1), and join gateways must converge (in>1, out=1).
Structural constraints address higher-level well-formedness
properties, including valid sequence and message flow con-
nections between appropriate element types, matching join
gateways for every split gateway, exactly one process per
pool, and descriptive labels on all observable tasks.

Each metric is computed either as a Boolean indicator
(scored 0 or 1) or as the proportion of elements satisfying
the rule. The syntactic quality score is the arithmetic mean
of all 16 metric scores:

𝑟syn =
1
16

∑

𝑚∈syn

score(𝑚) (9)

As a reward signal, syntactic quality provides a direct
and interpretable measure of rule conformance, capturing
errors such as unmatched gateways, missing events, or im-
properly connected flows.
Pragmatic Quality (𝑟pra ∈ [0, 1]). Pragmatic quality
concerns whether a process model can be understood by a
human reader. Even a syntactically correct and semantically
accurate process model is of limited practical value if its
structure is so complex that stakeholders cannot interpret it.
The BEF4LLM framework operationalizes this dimension
through 15 established complexity metrics [31, 37, 42] or-
ganized into five categories.

Size metrics quantify the overall extent of the model,
including the total number of nodes, gateways, sequence
flows, message flows, and the diameter (longest path). Den-
sity metrics relate the number of connections to the number
of nodes, capturing how tightly interconnected the model
is. Connector interplay metrics focus on the behavior and
diversity of gateways: control-flow complexity measures the
routing complexity introduced by splits, while gateway het-
erogeneity captures the mix of gateway types (exclusive, par-
allel, inclusive). Partitionability metrics assess the internal
organization of the model: sequentiality measures the pro-
portion of the process that follows a linear path, separability
counts articulation points that divide the model into inde-
pendent components, and depth captures the nesting level of
concurrent and alternative structures. Concurrency metrics
evaluate the extent of parallel execution paths through the
token split measure.

Raw metric values are mapped to normalized scores
in [0, 1] using a threshold-based scheme with four em-
pirically validated thresholds per metric drawn from the
literature [39, 38, 4, 11]. The thresholds partition the value
range into five groups, each assigned a score from 0 to 1 in
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steps of 0.25, with the direction of the mapping (ascending
or descending) determined by whether higher or lower val-
ues indicate better understandability. The pragmatic quality
score is the arithmetic mean:

𝑟pra =
1
15

∑

𝑚∈pra

score(𝑚) (10)

As a reward component, pragmatic quality aims towards
process models that are not only correct but also concise
and well-structured. This can create a tension with semantic
quality, which may favor larger and more detailed models
that capture every nuance of the textual description.
Semantic Quality (𝑟sem ∈ [0, 1]). Semantic quality eval-
uates the degree to which the generated model faithfully
represents the target process as described in the input text.
It is assessed by comparing the generated model 𝑀𝑐 against
a ground-truth reference model 𝑀𝑔 using seven similarity
metrics [8, 2, 10] that span three complementary perspec-
tives.

Natural-language similarity compares the textual la-
bels of matched node pairs. Syntactic label similarity uses
character-level edit distance, semantic label similarity incor-
porates word overlap with synonym handling, and context
similarity extends the comparison to the neighborhood struc-
ture around each matched pair. Graph-structure similarity
assesses topological correspondence through graph-edit dis-
tance and through the proportion of common nodes and
edges. Behavioral similarity compares execution semantics:
causal-footprint overlap captures ordering and concurrency
relations, while dependency-graph overlap assesses direct
succession relationships. These behavioral metrics are par-
ticularly important because two process models can be struc-
turally different yet behaviorally equivalent, or structurally
similar yet express different execution semantics.

All metrics are computed on the flow objects and con-
nection objects of both process models. Label-based com-
parisons use optimal bipartite matchings to establish node
correspondences, with gateway nodes excluded from label
similarity computation. Each metric yields a value in [0, 1],
and the semantic quality score is:

𝑟sem = 1
7

∑

𝑚∈sem

score(𝑚) (11)

Semantic quality is the most challenging dimension
to optimize because it depends not only on the generated
BPMN model but also on the correspondence to an external
reference. It is also the dimension where LLMs have consis-
tently shown the largest gap relative to human modelers [27],
making it an important but challenging target for RL-driven
improvement.
Assessment as Reward Source. Together, the three qual-
ity dimensions provide a comprehensive and interpretable
assessment of process model quality. Each captures a distinct
perspective and each is computed fully automatically from

Table 2
Reward function configurations. All weight vectors sum to 1.
𝑅avg and 𝑅1 are mathematically equivalent but correspond
to separate implementation pipelines (see text). 𝑅2 isolates
the effect of the penalty signal; 𝑅3–𝑅5 isolate the effect of
dimensional emphasis.

Config 𝑤syn 𝑤pra 𝑤sem Penalty 𝑝 Emphasis

𝑅avg
1
3

1
3

1
3

−1 Aggregated scalar

𝑅1
1
3

1
3

1
3

−1 Equal, decomposed

𝑅2
1
3

1
3

1
3

0 No negative penalty

𝑅3
3
5

1
5

1
5

−1 Syntactic quality

𝑅4
1
5

3
5

1
5

−1 Pragmatic quality

𝑅5
1
5

1
5

3
5

−1 Semantic quality

the generated BPMN model (and, for semantic quality, a
ground-truth reference). The scores are bounded in [0, 1]
by construction, enabling consistent aggregation. Crucially,
the metrics are verifiable: unlike learned reward models
that may suffer from distributional shift, each score can be
traced to specific, inspectable properties of the generated
model. This verifiability is a key advantage for RL train-
ing, as it ensures that improvements in reward correspond
to genuine improvements in process model quality rather
than exploitation of proxy weaknesses. We refer to [27] for
the complete metric definitions, normalization procedures,
threshold values, and aggregation rules.
3.4. Reward Function Design

To systematically investigate how reward composition
affects RL-driven model improvement, we define a family of
six reward functions. Each maps the raw output 𝑦̃, through
its validity status and quality scores, to a scalar reward. For a
valid output (𝑣(𝑦̃) = 1), let (𝑟syn, 𝑟pra, 𝑟sem) denote the three
quality scores. The reward functions share the following
unified scalar formulation:

𝑅(𝐰, 𝑝; 𝑦̃) =
⎧

⎪

⎨

⎪

⎩

𝑤syn 𝑟syn +𝑤pra 𝑟pra +𝑤sem 𝑟sem if 𝑣(𝑦̃) = 1

𝑝 if 𝑣(𝑦̃) = 0

(12)
where 𝐰 = (𝑤syn, 𝑤pra, 𝑤sem) is a weight vector satisfying
∑

𝑤𝑖 = 1, and 𝑝 ∈ {−1, 0} is the invalidity penalty.
The reward for valid outputs lies in [0, 1]; including the
penalty, the full range is [−1, 1]. Table 2 summarizes the six
configurations.

Although 𝑅avg and 𝑅1 are mathematically equivalent
in their scalar reward value (both compute the unweighted
mean of the three quality scores with 𝑝 = −1), they are
retained as separate experimental runs because they corre-
spond to two independently implemented reward pipelines.
This allows us to verify whether the implementation path-
way itself introduces any measurable difference. Since both
configurations are equivalent in expectation, differences be-
tween them are interpreted cautiously in Section 6.
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3.5. Design Rationale
Multi-objective decomposition. BPMN model quality is
inherently multi-dimensional: a model may be syntactically
flawless yet semantically incomplete, or semantically rich
yet pragmatically incomprehensible due to excessive size
and structural complexity. Preserving the decomposition
into interpretable components enables targeted optimization
and allows observation of how RL training redistributes
effort across quality dimensions.
Penalty versus zero reward. The comparison between 𝑅1(penalty 𝑝 = −1) and 𝑅2 (penalty 𝑝 = 0) serves as
a controlled experiment on the role of negative reinforce-
ment in structured generation. A strong penalty creates a
steep gradient away from invalid outputs, providing a clear
training signal to avoid producing unparseable or schema-
violating output. However, when invalid outputs are frequent
in the early phases of RL training, a dominant penalty signal
may destabilize optimization by concentrating the loss on
avoidance rather than quality improvement. Conversely, a
zero penalty treats invalid outputs as uninformative rather
than harmful, potentially leading to smoother optimization
trajectories but weaker incentives for structural validity.
Weighting strategies. The 3∶1∶1 ratio used in 𝑅3–𝑅5represents a minimal integer weighting that introduces a
clear preference for one quality objective while maintaining
non-trivial contributions from the other two dimensions.
The weights are not intended to be optimal in any abso-
lute sense; rather, they provide a controlled mechanism for
analyzing the sensitivity of LLM performance to differ-
ent reward priorities. More aggressive ratios (e.g., 5∶1∶1)
risk collapsing the multi-objective signal into near-single-
objective optimization, while more moderate ratios (e.g.,
2∶1∶1) may produce insufficient differentiation. The 3∶1∶1
scheme balances experimental discriminability with training
stability.
Shared training data. Using the same underlying dataset
for both SFT and GSPO ensures that performance differ-
ences between the two stages, and across reward configu-
rations, can be attributed to the training method and reward
signal rather than to differences in data distribution or do-
main coverage.
Bounded and normalized rewards. Since all constituent
metrics are bounded in [0, 1] by the evaluation framework,
the composite reward for valid outputs is likewise bounded
in [0, 1], and the full reward range including penalties lies
in [−1, 1]. This ensures consistent scaling across reward
configurations and avoids the need for additional reward
clipping beyond the group-wise normalization already per-
formed by GSPO.
3.6. Grammar-Constrained Decoding

As an additional experimental factor orthogonal to the
reward function design, we investigate the effect of grammar-
constrained decoding during inference. When enabled, the

decoding process restricts the LLM’s token-level sampling
to outputs conforming to a predefined Extended Backus–Naur
form (EBNF) derived from the expected output schema.
Concretely, at each generation step, the set of permissible
next tokens is filtered to include only those that would main-
tain conformance with the grammar, thereby guaranteeing
that every completed output is at minimum a structurally
well-formed JSON document with the expected top-level
fields. It is important to note, however, that even with EBNF
active, the LLM can still produce outputs that are invalid,
e.g., in the context of BPMN rules a cross-pool sequence
flow.

Grammar-constrained decoding does not alter the learned
policy: it is applied exclusively at inference time as a struc-
tural guard. Its inclusion in the experimental design allows
us to disentangle two fundamentally different sources of
structural correctness (correctness learned through reward-
driven optimization versus correctness enforced through
external decoding constraints) and to assess whether these
mechanisms are complementary, additive, or largely redun-
dant.

4. Experimental Setup
4.1. Dataset

A common data source is used to construct both the train-
ing and held-out evaluation sets, with no overlap between
them. The same training set is used for all SFT and GSPO
runs, and the same held-out evaluation set is used for all
configurations. This design reduces the risk that observed
performance differences are driven by data distribution dif-
ferences rather than by the training method, reward signal,
or initialization strategy.
Training set. The training corpus comprises 1,552 sam-
ples, each consisting of four components: a system prompt
defining the modeling task and the expected output format,
a concise modeling instruction, a textual process descrip-
tion serving as input, and the corresponding target process
model. The textual descriptions are a mix of German and
English, reflecting the bilingual nature of the source datasets
and the practical requirement that process modeling tools
operate across language boundaries. The training data was
assembled from multiple publicly available BPMN datasets,
supplemented with synthetically generated samples to in-
crease corpus size and diversity. The same training set is
used for both SFT and GSPO to ensure comparability be-
tween the two training stages and across reward configura-
tions.
Evaluation set. A held-out evaluation set of 105 text-
process model pairs is used throughout all experiments.
Each pair consists of a textual process description and a
corresponding ground-truth BPMN model, the latter being
required for computing semantic quality scores. The eval-
uation samples are drawn from publicly available datasets,
including the Camunda BPMN for Research collection and
the dataset by Mangler and Klievtsova [30], and have been
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manually verified for quality. No evaluation sample appears
in the training set. All ground-truth BPMN models have
more than two flow objects, ensuring that the evaluation
covers non-trivial process structures.
4.2. LLM Selection

The experiments cover two LLM families: Llama 3.1
8B Instruct and Qwen 2.5 14B Instruct. These were selected
to provide diversity along two axes: parameter count (8B vs.
14B) and architecture family (Llama vs. Qwen), enabling
analysis of whether findings generalize across model sizes
and pre-training regimes. Both LLMs are instruction-tuned
variants, which are more likely to follow the structured out-
put requirements of the task. The choice to focus on small-to-
medium-sized LLMs rather than the largest available LLMs
is deliberate. These LLMs represent the practical deploy-
ment frontier for organizations that require local inference
without reliance on commercial APIs, a relevant considera-
tion for enterprise process modeling where confidentiality
constraints often preclude sending process descriptions to
external services. Prior work [27] showed that models in
this size range already achieve competitive BPMN model-
ing quality, making them suitable candidates for targeted
improvement through reinforcement learning. The selected
LLMs are well-established baselines with broad adoption in
SFT and RLVR research. More recent releases in these fam-
ilies are often optimized for agentic and tool-use scenarios
including multi-step reasoning. We argue that these capabil-
ities do not necessarily translate to a meaningful advantage
for producing BPMN models from natural language process
descriptions.
4.3. Training Configuration

Each training stage, when applied, employs Low-Rank
Adaptation (LoRA) [17] and operates in bfloat16 precision
to ensure numerical stability.
Stage 1: SFT Supervised fine-tuning is performed using
the LLaMA-Factory framework1. LoRA is applied with
rank 8 targeting all compatible modules, a dropout of 0.1,
and a learning rate of 1 × 10−4 with cosine scheduling and a
warmup ratio of 0.1. Training runs for 3 epochs with a per-
device batch size of 1 and 8 gradient accumulation steps,
yielding an effective batch size of 8. The loss is computed
solely on the output tokens. Table 3 summarizes the SFT
hyperparameters.
Stage 2: GSPO GSPO is performed using the unsloth
framework2. LoRA rank is increased to 16 to provide addi-
tional capacity for policy adaptation, while all other LoRA
settings remain consistent. The learning rate is reduced to
5 × 10−5, and weight decay of 0.1 is applied to regularize
updates. For candidate generation, 𝐾 = 4 outputs are
sampled per prompt using a temperature of 0.7 and top-𝑝
of 0.95 to encourage diverse yet coherent candidates within
each group. Training runs for 1 epoch with a per-device batch

1https://github.com/hiyouga/LlamaFactory
2https://unsloth.ai/

Table 3
SFT hyperparameter settings. Remaining parameters are kept
at LLaMA-Factory defaults.

Parameter Value

LoRA rank 8
LoRA target modules all
LoRA dropout 0.1
Learning rate 1 × 10−4
Warmup ratio 0.1
LR scheduler cosine
Per-device batch size 1
Gradient accumulation steps 8
Epochs 3
Precision bfloat16

Table 4
GSPO hyperparameter settings. Remaining parameters are
kept at Unsloth defaults.

Parameter Value

LoRA rank 16
LoRA target modules all
Learning rate 5 × 10−5
Weight decay 0.1
Warmup ratio 0.1
Max gradient norm 1.0
Temperature 0.7
Top-𝑝 0.95
LR scheduler cosine
Optimizer paged AdamW 8-bit
Per-device batch size 1
Gradient accumulation steps 8
Number of generations (𝐾) 4
Epochs 1
Precision bfloat16

size of 1 and 8 gradient accumulation steps. The optimizer
is paged AdamW with 8-bit quantization to reduce memory
overhead. Table 4 summarizes the GSPO hyperparameters.

The increased LoRA rank (8 → 16) provides additional
representational capacity for the policy to learn quality-
dependent adjustments beyond what imitation learning es-
tablished. The reduced learning rate (10−4 → 5 × 10−5)
reflects the need for more conservative updates during RL,
where overly aggressive optimization can destabilize the
policy. The single-epoch GSPO training is intended to re-
duce the risk of reward overfitting, a known concern in
RL for language models where extended training can lead
the model to exploit reward function artifacts rather than
genuinely improving output quality. The sampling param-
eters (temperature 0.7, top-𝑝 0.95) are chosen to ensure
sufficient diversity within each candidate group, as GSPO’s
group-relative advantage computation requires meaningful
variation to produce informative gradients.
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Experimental matrix. Throughout this section, untrained
refers to the task-specific condition in which GSPO is ap-
plied directly to the original instruction-tuned base model
without prior SFT. It does not denote a randomly initialized
or generally untrained LLM. For each of the two LLMs, we
evaluate all combinations of:

• Base model: untrained (i.e., instruction-tuned base
model available on HuggingFace3) and SFT-initialized.

• Reward function (Section 3.4): 𝑅avg, 𝑅1, 𝑅2, 𝑅3, 𝑅4,
𝑅5.

• Grammar-constrained decoding (Section 3.6): en-
abled and disabled.

This yields 2 × 6 × 2 = 24 configurations per LLM,
which, across two LLMs, results in a total of 48 RL-trained
configurations. In addition to these RL-trained configura-
tions, we evaluate the SFT-only model for each LLM as
a non-RL baseline. Section 5 reports results for the no-
grammar condition to isolate the effects of reward design
and initialization; the interaction with grammar-constrained
decoding is analyzed in Section 6.
4.4. Evaluation Protocol

Each trained model is evaluated on the full set of 105
held-out samples. For each sample, the model generates
a raw output sequence 𝑦̃, which undergoes the parsing,
translation, and validation chain defined in Section 3.1. The
evaluation proceeds in two stages:

1. Validity check. The raw output is assessed via the
validity function 𝑣(𝑦̃) (Eq. 8): parsing into an inter-
mediate model, translation via 𝜙, BPMN 2.0 schema
conformance, and a minimum of two flow objects
must all succeed. Only valid outputs (𝑣(𝑦̃) = 1)
proceed to quality evaluation.

2. Quality scoring. For valid outputs, the three dimen-
sion scores 𝑟syn, 𝑟pra, and 𝑟sem are computed on the
translated BPMN XML. Invalid outputs receive no
quality scores; their contribution is captured solely
through the validity count.

Reported quality scores per configuration are the arith-
metic mean over all valid samples. This means that the
syntactic, pragmatic, and semantic scores are conditioned
on validity: they describe the quality of the models the
LLM successfully produces, not the quality of all attempted
outputs. This conditioning is necessary because quality met-
rics cannot be computed for invalid BPMN XML, and it is
consistent with the evaluation protocol established in [27].

Each configuration generates a single output per evalua-
tion sample. Unlike the multi-run protocol in [27], we do not
perform repeated generation runs, which limits the ability
to estimate within-configuration variance but keeps the total
computational cost tractable given the 48 configurations
evaluated.

3https://huggingface.co/

4.5. Statistical Methodology
To determine whether observed performance differences

are statistically significant, we adopt a non-parametric per-
mutation testing framework [13] appropriate for paired data
with no distributional assumptions. For each pair of config-
urations to be compared (e.g., 𝑅1 vs. 𝑅3 under the same
base model and grammar setting), we test the null hypothesis
𝐻0 ∶ 𝔼[𝑎𝑖 − 𝑏𝑖] = 0, where 𝑎𝑖 and 𝑏𝑖 are the quality scores
of configurations 𝐴 and 𝐵 on evaluation sample 𝑖, against
the two-sided alternative. The test is conducted on paired
samples; only those evaluation instances for which both con-
figurations produced a valid BPMN model are included. The
test statistic is the mean paired difference 𝑑 = 1

𝑛
∑𝑛

𝑖=1(𝑎𝑖 −
𝑏𝑖). Under 𝐻0, the sign of each paired difference is equally
likely to be positive or negative; significance is assessed
by randomly flipping the signs of the observed differences
across 99,999 permutations and computing the proportion
of permuted statistics whose absolute value equals or ex-
ceeds |𝑑|. The number of resamples ensures a minimum
attainable 𝑝-value of 2 × 10−5, well below the significance
threshold after Bonferroni correction. Unlike the Wilcoxon
signed-rank test, the permutation test makes no assumptions
about the symmetry of the difference distribution, making it
robust to the skewed and bounded score distributions (values
in [0, 1] with ceiling effects) that arise in our setting.

Because quality metrics can only be computed for valid
BPMN outputs, all comparisons are conditioned on joint
validity; a sample contributes to the test only if both con-
figurations produce a valid model for that sample. This
complete-case design controls for sample difficulty but im-
plies that the results describe quality differences among suc-
cessfully generated BPMN models, not among all generation
attempts. Configurations with substantially different validity
rates (e.g., SFT-only with 36 valid samples vs. 𝑅1 with
102) are compared on a restricted subset of samples, which
should be considered when interpreting effect sizes. Validity
counts are therefore reported alongside all quality scores
to ensure that improvements in conditional quality are not
interpreted independently of the model’s ability to produce
valid outputs.

Tests are conducted independently for syntactic, prag-
matic, and semantic quality, as the three dimensions capture
qualitatively distinct aspects that may respond differently
to the same experimental manipulation. Where multiple
pairwise tests are conducted within the same analysis, raw
𝑝-values are adjusted using Bonferroni correction to control
the family-wise error rate at 𝛼 = 0.05. Specifically, for
RQ1 (one comparison across three dimensions) and for
the penalty and initialization analyses (RQ2b, RQ3), the
correction factor is 𝑚=3; for the reward weighting analy-
sis (RQ2a: three reward comparisons × three dimensions),
𝑚=9. A difference is deemed significant only if the adjusted
𝑝-value falls below 0.05. Throughout, we denote significance
as *** (𝑝 < 0.001), ** (𝑝 < 0.01), * (𝑝 < 0.05), or n.s.
(not significant). Beyond statistical significance, we report
the mean paired difference Δ to assess practical magnitude.
Small but statistically significant differences (e.g.,Δ < 0.01)
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are noted as such and interpreted with appropriate caution,
recognizing that statistical significance does not automati-
cally imply practical relevance.
4.6. Research Questions

Given the experimental design described above, we in-
vestigate three research questions:
RQ1: Does GSPO with domain-grounded reward signals
improve process model quality beyond SFT?

This question establishes the basic value of the RL
approach. We compare representative GSPO configura-
tions, primarily the equal-weight reference configuration𝑅1,
against SFT-only baselines across all three quality dimen-
sions, assessing both the magnitude and statistical signifi-
cance of the improvement.
RQ2: How does reward function composition, specifically
dimensional weighting and the invalidity penalty, affect the
balance across quality dimensions?

This question addresses the central design challenge:
given a multi-dimensional quality framework, can the re-
ward function be used to steer the optimization toward
desired quality profiles? We investigate two compositional
choices (the relative weighting of quality dimensions, 𝑅1 vs.
𝑅3–𝑅5, and the penalty for invalid outputs, 𝑅1 vs. 𝑅2) and
analyze their interaction with model architecture.
RQ3: How does the choice of base model initialization
(SFT-initialized versus untrained) affect RL optimization
outcomes?

This question examines the standard two-stage pipeline
assumption. By training GSPO from both SFT-initialized
and untrained bases under identical reward configurations,
we assess whether SFT is a necessary prerequisite for effec-
tive RL in the context of process modeling or whether it can
be bypassed, and whether the answer depends on the model
architecture.

5. Results
Table 5 provides the complete descriptive results for

all experimental configurations, reporting the mean quality
score per dimension computed over valid outputs along-
side the number of valid samples (out of 105 evaluation
instances).

Table 6 consolidates all pairwise statistical tests refer-
enced throughout this section.
5.1. RQ1: Does GSPO Improve Process Model

Quality Beyond SFT?
To assess whether RL with domain-grounded rewards

yields measurable quality improvements over SFT alone, we
compare GSPO configurations against the SFT-only base-
line. For each model, we focus on 𝑅1, the equal-weight
reference configuration (𝑝=−1), and additionally report𝑅avgand 𝑅2 to contextualize the findings. Statistical compar-
isons use paired permutation tests with Bonferroni correc-
tion (𝑚=3).

5.1.1. Llama3.1 8B
GSPO with 𝑅1 produces statistically significant im-

provements across all three quality dimensions. Syntac-
tic quality increases from 0.824 to 0.926 (Δ= + 0.092,
𝑝adj<10−4), pragmatic quality from 0.794 to 0.934 (Δ= +
0.139, 𝑝adj<10−4), and semantic quality from 0.561 to
0.594 (Δ= + 0.030, 𝑝adj=0.018). The improvements are not
uniform across dimensions: pragmatic quality shows the
largest gain, followed by syntactic, with semantic showing
the smallest. This pattern recurs throughout the experiments
and appears to reflect an inherent ordering in how accessible
each dimension is to reward-based optimization. In practical
terms, the syntactic gain corresponds to approximately 1.5
additional BPMN rules satisfied per model (out of 16), re-
ducing average rule violations from 2.8 to 1.2. The pragmatic
gain translates to roughly 2.1 additional complexity metrics
falling within empirically validated acceptability thresholds
(out of 15), bringing nearly all pragmatic indicators into the
“understandable” range.

Because the SFT-only baseline produces only 36 valid
outputs (out of 105), while 𝑅1 produces 102, the paired
statistical comparison is conducted on a restricted subset of
samples. The quality scores for the SFT-only baseline should
therefore be interpreted in conjunction with its substantially
lower validity rate.

Beyond the shift in mean scores, GSPO produces a
qualitative change in the consistency of generated outputs.
The pragmatic quality standard deviation decreases from
0.085 under SFT-only to 0.013 under 𝑅1, a reduction by
a factor of approximately 6.5. This is visible in Figure 1
(top row): the SFT-only violins exhibit long lower tails,
particularly for syntactic and pragmatic quality, indicating
that SFT produces a heterogeneous mix of well-structured
and poorly structured outputs depending on the input. Under
GSPO, these tails are largely eliminated and the distributions
compress into tight high-quality clusters. The semantic qual-
ity violins, by contrast, show substantial overlap between
conditions, consistent with the smaller effect size and sug-
gesting that semantic quality is inherently more variable and
harder to stabilize through reward-based optimization.

This consistency finding is practically significant: in
deployment, a model that reliably produces good process
models is more useful than one that alternates between ex-
cellent and poor outputs. This suggests that GSPO’s group-
relative comparison mechanism implicitly penalizes high-
variance generation strategies, pushing the model toward
more deterministic, reliable behavior.
5.1.2. Qwen2.5 14B

GSPO with 𝑅1 significantly improves both pragmatic
and syntactic quality for Qwen2.5, while leaving semantic
quality mostly unaffected. Pragmatic quality increases from
0.807 to 0.923 (Δ= + 0.116, 𝑝adj<10−4), and syntactic
quality shows a modest but significant gain (Δ= + 0.032,
𝑝adj=0.034). Semantic quality shows a small numerical de-
crease from 0.595 to 0.567 (Δ=−0.018), but this difference
does not reach statistical significance (𝑝adj=0.35), indicating
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Table 5
Quality scores across all experimental configurations (no grammar). Scores are the arithmetic mean over valid samples. 𝑛 denotes
the number of valid outputs out of 105 evaluation samples. Bold indicates the highest conditional quality score per column within
each model–base combination; scores should be interpreted together with the corresponding validity count 𝑛. Untrained denotes
the original instruction-tuned base model without BPM-specific SFT (see Section 4.3).

Llama 3.1 8B Qwen 2.5 14B

Base Reward Emphasis 𝑟syn 𝑟pra 𝑟sem 𝑛 𝑟syn 𝑟pra 𝑟sem 𝑛

SFT-only (no RL) baseline 0.824 0.794 0.561 36 0.869 0.807 0.595 78

SFT 𝑅avg aggregated scalar 0.869 0.923 0.592 101 0.876 0.922 0.584 101
𝑅1 equal, 𝑝=−1 0.926 0.934 0.594 102 0.888 0.923 0.567 101
𝑅2 equal, 𝑝=0 0.917 0.931 0.594 99 0.750 0.964 0.547 104
𝑅3 syntax ↑ 0.662 0.884 0.551 82 0.881 0.930 0.585 99
𝑅4 pragmatic ↑ 0.871 0.813 0.593 82 0.812 0.946 0.592 102
𝑅5 semantic ↑ 0.801 0.822 0.564 38 0.816 0.962 0.548 92

Untrained 𝑅avg aggregated scalar 0.839 0.937 0.577 39 0.895 0.904 0.609 87
𝑅1 equal, 𝑝=−1 0.664 0.885 0.546 88 0.875 0.920 0.601 94
𝑅2 equal, 𝑝=0 0.850 0.923 0.583 76 0.784 0.935 0.598 97
𝑅3 syntax ↑ 0.769 0.843 0.540 26 0.898 0.920 0.586 90
𝑅4 pragmatic ↑ 0.836 0.929 0.517 83 0.869 0.938 0.584 88
𝑅5 semantic ↑ 0.867 0.935 0.588 93 0.928 0.908 0.594 96

Table 6
Consolidated pairwise permutation tests (Bonferroni-adjusted, 99,999 resamples). All comparisons use the no-grammar condition.
Δ is the mean paired difference 𝐴−𝐵. Significance: ***𝑝 < 0.001, **𝑝 < 0.01, *𝑝 < 0.05, n.s. = not significant. “Unt” denotes the
untrained (BPM-unadapted instruction-tuned) base.

Syntactic Pragmatic Semantic

RQ Model 𝐴 𝐵 𝑚 Δ 𝑝adj Δ 𝑝adj Δ 𝑝adj

1 Llama SFT+𝑅1 SFT-only 3 +0.092 6.0 × 10−5 *** +0.139 6.0 × 10−5 *** +0.030 1.8 × 10−2 *

Qwen SFT+𝑅1 SFT-only 3 +0.032 3.4 × 10−2 * +0.116 6.0 × 10−5 *** −0.018 3.5 × 10−1 n.s.

2a

Llama 𝑅1 𝑅3 (syn↑) 9 +0.264 1.8 × 10−4 *** +0.050 1.8 × 10−4 *** +0.035 1.8 × 10−4 ***

Llama 𝑅1 𝑅4 (pra↑) 9 +0.052 3.6 × 10−4 *** +0.120 1.8 × 10−4 *** −0.001 1.00 n.s.
Llama 𝑅1 𝑅5 (sem↑) 9 +0.128 1.8 × 10−4 *** +0.111 1.8 × 10−4 *** +0.027 1.1 × 10−3 **

Qwen 𝑅1 𝑅3 (syn↑) 9 +0.001 1.00 n.s. −0.008 1.9 × 10−2 * −0.013 4.1 × 10−1 n.s.
Qwen 𝑅1 𝑅4 (pra↑) 9 +0.079 1.8 × 10−4 *** −0.023 1.8 × 10−4 *** −0.022 1.3 × 10−2 *

Qwen 𝑅1 𝑅5 (sem↑) 9 +0.071 1.8 × 10−4 *** −0.038 1.8 × 10−4 *** +0.019 1.7 × 10−2 *

2b Llama 𝑅1 (𝑝=−1) 𝑅2 (𝑝=0) 3 +0.011 3.5 × 10−1 n.s. +0.002 1.00 n.s. −0.001 1.00 n.s.
Qwen 𝑅1 (𝑝=−1) 𝑅2 (𝑝=0) 3 +0.138 6.0 × 10−5 *** −0.041 6.0 × 10−5 *** +0.021 2.5 × 10−3 **

3 Llama SFT+𝑅1 Unt+𝑅1 3 +0.262 6.0 × 10−5 *** +0.049 6.0 × 10−5 *** +0.036 6.0 × 10−5 ***

Qwen SFT+𝑅1 Unt+𝑅1 3 +0.017 1.6 × 10−1 n.s. +0.003 7.1 × 10−1 n.s. −0.032 6.0 × 10−5 ***

that GSPO optimization does not come at a measurable cost
to semantic fidelity in this case.

Figure 1 (bottom row) illustrates the distributional pat-
terns. The pragmatic quality violin for 𝑅1 is dramatically
tighter and higher than the SFT-only baseline, mirroring pre-
vious observations in section 5.1.1 and confirming that prag-
matic improvement through output regularization is a con-
sistent effect of GSPO across model architectures. The syn-
tactic improvement, while statistically significant, is smaller
than for Llama, reflecting Qwen’s higher SFT-only baseline
(0.869 vs. 0.824), which leaves less room for structural

improvement. The semantic quality violins overlap substan-
tially between conditions, consistent with the non-significant
test result and reinforcing the observation that semantic
quality is the dimension least amenable to reward-based
optimization.

That Qwen’s semantic quality does not significantly
change under GSPO, despite the model generating struc-
turally different outputs, suggests that the equal-weight
reward function achieves a balanced optimization that avoids
trading semantic fidelity for structural improvements. This
contrasts with configurations that push more aggressively
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Figure 1: RQ1: Distributional comparison of quality scores between SFT-only baseline and GSPO configurations (𝑅avg, 𝑅1, 𝑅2).
Top row: Llama 3.1 8B. Bottom row: Qwen 2.5 14B. Violins show the kernel density estimate; embedded box plots indicate
median and interquartile range; diamond markers denote the mean. All GSPO configurations use the SFT base without grammar
enforcement.

toward pragmatic quality (e.g., 𝑅2 with no penalty, which
achieves 0.964 pragmatic but drops to 0.547 semantic), as
analyzed under RQ2.
5.1.3. Summary

GSPO with equal-weight rewards consistently and sig-
nificantly improves pragmatic quality for both model fami-
lies, with large effect sizes (Δ > 0.11, 𝑝 < 10−4). Syntactic
quality improves for both models: strongly for Llama (Δ=+
0.092, 𝑝 < 10−4), more modestly for Qwen (Δ= + 0.032,
𝑝=0.034). Semantic quality shows a small positive effect
for Llama (𝑝=0.018) and no significant change for Qwen
(𝑝=0.35), indicating that the equal-weight reward achieves
structural and comprehensibility improvements without sac-
rificing content fidelity. The most consistent effect of GSPO
is the distributional tightening: RL-trained models produce
substantially more consistent outputs, with pragmatic qual-
ity variability reduced by more than a factor of six.
5.2. RQ2: How Does Reward Function

Composition Affect Quality Trade-Offs?
This subsection examines two aspects of reward function

design: the effect of dimensional weighting (Section 5.2.1)

and the role of the invalidity penalty (Section 5.2.2). To-
gether, these analyses investigate whether the reward func-
tion can serve as a steering mechanism to prioritize specific
quality dimensions, and how structural design choices shape
the optimization trajectory.
5.2.1. Effect of Dimensional Weighting

We compare the equal-weight reference configuration𝑅1against the three weighted variants 𝑅3 (syntax-emphasized,
3∶1∶1),𝑅4 (pragmatic-emphasized, 1∶3∶1), and𝑅5 (semantic-
emphasized, 1∶1∶3), all using the SFT base. Pairwise per-
mutation tests are Bonferroni-corrected with 𝑚=9 (three
comparisons × three dimensions). Full results are reported
in Table 6.
Llama3.1 8B. 𝑅1 statistically dominates all three weighted
variants across all quality dimensions, not just the de-
emphasized ones. The most striking finding concerns 𝑅3(syntax-weighted): despite receiving 60% of the reward
weight for syntactic quality, this configuration achieves
a syntactic score of only 0.662, a drop of 0.264 points
from 𝑅1’s 0.926 (𝑝adj<10−3). The model undergoes what
we term policy collapse (convergence to a narrow, low-
diversity output mode), shifting from producing mostly
rule-conformant models to producing mostly rule-violating
ones. The pattern repeats for the other weighted variants:
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𝑅4 (pragmatic-weighted) produces lower pragmatic quality
than 𝑅1 (Δ= + 0.120, 𝑝adj<10−3, favoring 𝑅1), and 𝑅5(semantic-weighted) achieves significantly lower semantic
quality than 𝑅1 (Δ= + 0.027, 𝑝adj=0.001), the very di-
mension it was designed to optimize, while also depressing
syntactic quality by 0.128 points. Because 𝑅5 produces only
38 valid outputs, this comparison should be interpreted with
the low validity count in mind.

Figure 2 (top row) reveals the distributional character of
these failures. The 𝑅1 violins are consistently the broadest
at the top of the quality range, indicating robust high-quality
generation across diverse process descriptions. The 𝑅3 syn-
tactic violin, by contrast, forms a tight low cluster at 0.662;
the model has converged to a narrow attractor from which it
produces structurally similar, low-quality outputs regardless
of input.𝑅4 and𝑅5 show intermediate patterns: wider distri-
butions but shifted downward, suggesting that the weighted
reward pushes the policy into suboptimal regions without
achieving the tight, high-quality mode that 𝑅1 finds.

The failure of weighted rewards to improve their tar-
get dimension contradicts the naive expectation that more
weight implies better performance along the weighted di-
mension. Instead, the 3∶1∶1 weighting appears to destabi-
lize the optimization by reducing the effective information
content of the reward signal. When one component domi-
nates, the relative ranking within candidate groups is driven
primarily by variation on that single dimension, which may
be insufficient to provide stable, informative gradients, par-
ticularly when the SFT-initialized policy already produces
similar outputs along the dominant dimension..
Qwen 2.5 14B. The Qwen results are more nuanced, show-
ing that weighted rewards can partially achieve their in-
tended steering effect, but always with collateral conse-
quences. 𝑅4 (pragmatic-weighted) successfully improves
pragmatic quality over 𝑅1 (Δ= + 0.023, 𝑝adj<10−3) and
also improves semantic quality (Δ= + 0.022, 𝑝adj=0.013),
but at significant cost to syntactic quality (Δ= − 0.079,
𝑝adj<10−3). 𝑅5 (semantic-weighted) pushes pragmatic qual-
ity even higher (Δ= + 0.038, 𝑝adj<10−3) but paradoxically
reduces semantic quality (Δ= − 0.019, 𝑝adj=0.017), the
very dimension it was designed to optimize. 𝑅3 (syntax-
weighted) produces no significant syntactic improvement
(Δ= + 0.001, n.s.) while marginally improving pragmatic
quality.

Figure 2 (bottom row) shows that Qwen’s weighted
configurations produce compressed syntactic distributions
near 0.81–0.82 while pragmatic distributions shift upward
and tighten. This reveals a recurring pattern: for Qwen, all
weighted rewards converge toward higher pragmatic quality
at the expense of syntactic quality, regardless of which di-
mension is nominally emphasized. The direction of the trade-
off is consistent even when the weights are designed to pull
in the opposite direction, suggesting that the optimization
landscape has a natural gradient toward simplification that
dominates the intended weighting signal.

Cross-model comparison. The contrast between Llama’s
complete weighting failure and Qwen’s partial steering sug-
gests that the effectiveness of reward weighting is architecture-
dependent. Llama3.1, as the smaller model (8B), may oc-
cupy a more constrained policy space where the SFT ini-
tialization places it near a single mode; weighted rewards
push the policy away without providing a path to a better
one. Qwen2.5 (14B) appears to maintain a richer landscape
with multiple accessible configurations, allowing weighted
rewards to steer, albeit not always in the intended direction.

Figure 3 summarizes the quality profiles compactly.
For Llama, 𝑅1 produces the largest balanced triangle; all
weighted variants produce smaller, distorted shapes. For
Qwen, the triangles overlap more, but the deformation pat-
tern (pragmatic axis extending while syntactic axis con-
tracts) is consistent across weighted configurations.
5.2.2. Effect of the Invalidity Penalty

The comparison between 𝑅1 (𝑝=−1) and 𝑅2 (𝑝=0) iso-
lates the effect of the negative penalty for invalid outputs,
with all other parameters held constant.
Llama 3.1 8B. The penalty has no statistically significant
effect on any quality dimension: Δsyn=+0.011 (𝑝adj=0.35),
Δpra=+ 0.002 (𝑝adj=1.00), Δsem=− 0.001 (𝑝adj=1.00). The
distributions under𝑅1 and𝑅2 are nearly superimposed. This
result is itself informative: it indicates that Llama’s SFT-
initialized policy already occupies a region of the output
space where invalid outputs are rare, rendering the penalty
signal redundant. The model has already “solved” the valid-
ity problem through SFT, and the penalty adds no further
optimization pressure.
Qwen 2.5 14B. For Qwen, the penalty effect is large,
highly significant, and reveals a qualitatively different op-
timization behavior. Removing the penalty reshapes the op-
timization trajectory across all dimensions: syntactic quality
drops from 0.888 to 0.750 (𝑝adj<10−4), pragmatic quality
rises from 0.923 to 0.964 (𝑝adj<10−4), and semantic quality
decreases from 0.567 to 0.547 (𝑝adj=0.003).

Figure 4 reveals that under 𝑅2, the syntactic quality dis-
tribution collapses into an extremely narrow band centered
at 0.750 with a standard deviation of only 0.002; the model
generates essentially identical syntactic structures for every
input. Meanwhile, the pragmatic distribution becomes a
razor-thin spike at 0.964. This near-uniform output behavior
stands in sharp contrast to 𝑅1, which maintains diverse
distributions across all dimensions. The model under 𝑅2 has
converged to what can be characterized as a single structural
template: a simple, compact process model that satisfies
approximately 12 of 16 syntactic rules and achieves near-
perfect pragmatic scores through its minimality, applied
uniformly regardless of the complexity of the input process
description.

This template convergence does not occur with the
penalty (𝑅1). The negative penalty for invalid outputs evi-
dently plays a role beyond simply discouraging invalidity.
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Figure 2: RQ2: Distributional comparison of quality scores across reward weighting schemes. Top row: Llama 3.1 8B. Bottom row:
Qwen 2.5 14B. 𝑅1 (equal) maintains broad, high distributions, while weighted variants (𝑅3–𝑅5) produce narrower distributions
shifted toward lower values, most dramatically for Llama’s 𝑅3, which collapses to a tight cluster at 0.662 despite emphasizing
syntactic quality.
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Figure 4: RQ2: Penalty effect on Qwen 2.5 14B quality distributions (𝑅1: 𝑝=−1 vs. 𝑅2: 𝑝=0, SFT base, no grammar). Without
the penalty (𝑅2, red), the syntactic distribution collapses to a near-uniform band at 0.750 (std=0.002), while the pragmatic
distribution forms a razor-thin spike at 0.964. The penalty (𝑅1, dark) preserves distributional diversity across all dimensions. For
Llama (not shown), the two conditions are statistically indistinguishable.

It appears to act as an implicit regularizer that maintains
structural diversity in the model’s output. Different process
descriptions require different structural solutions. A policy
that must maintain validity across this diversity cannot afford
to converge to a single template. The penalty thus preserves
distributional variety as a side effect of enforcing broad
validity.

The model-dependent nature of this finding suggests that
the penalty’s effectiveness depends on the base model’s prior
disposition toward producing valid outputs. When validity
is already reliable (Llama SFT), the penalty is inert. When
the model’s validity behavior is more variable (Qwen), the
penalty becomes a critical design choice that determines
whether the optimization produces a diverse, high-quality
policy or a collapsed, template-based one.
5.3. RQ3: How Does Base Model Initialization

Affect RL Optimization?
To assess the importance of SFT initialization for RL

training, we compare models trained with GSPO from an
SFT-initialized base against models trained directly from the
BPM-unadapted instruction-tuned base, both using 𝑅1 and
no grammar enforcement. Statistical comparisons use paired
permutation tests with Bonferroni correction (𝑚=3).
5.3.1. Llama3.1 8B

For Llama, SFT initialization produces large, signif-
icant advantages across all dimensions: syntactic quality
(Δ= + 0.262, 𝑝adj<10−4), pragmatic quality (Δ= + 0.049,
𝑝adj<10−4), and semantic quality (Δ= + 0.036, 𝑝adj<10−4).
The syntactic quality gap of 0.262 is comparable in mag-
nitude to the 𝑅3 weighting collapse (Δ=0.264 in Sec-
tion 5.2.1), making these two effects (initialization failure
and weighting collapse) the largest observed in this study,
both exceeding 0.25 points. That the two largest effects both

involve a form of policy collapse (convergence to a narrow,
low-quality output mode) suggests a common underlying
mechanism that is explored further in Section 6.

Figure 5 provides essential distributional context. The
BPM-unadapted-base violin for syntactic quality forms a
tight cluster at 0.664, well below even the worst SFT-based
RL configurations. This indicates that the instruction-tuned
Llama model, without BPM-specific SFT, converges to a
low-quality equilibrium under GSPO: the base model’s out-
put distribution is sufficiently far from the target format that
the sampled candidates are uniformly poor, and the group-
relative ranking within each generation group provides only
noise rather than informative gradients for improvement.
The SFT stage is essential to bring the policy within a re-
gion of the output space where quality-relevant distinctions
between candidates become detectable.

The pragmatic quality gap is smaller but still highly
significant (Δ=+ 0.049). Interestingly, the BPM-unadapted
base achieves 0.885 pragmatic quality, already a reason-
able level, while falling drastically short on syntax. This
asymmetry confirms that pragmatic quality (which rewards
simplicity) is achievable even without format-specific train-
ing, whereas syntactic quality (which requires rule-specific
structural correctness) depends critically on initialization.
5.3.2. Qwen2.5 14B

The pattern for Qwen reverses on the semantic dimen-
sion. SFT initialization provides no significant advantage
for syntactic quality (Δ= + 0.017, 𝑝adj=0.16) or pragmatic
quality (Δ= + 0.003, 𝑝adj=0.71), but the BPM-unadapted
base significantly outperforms the SFT base on semantic
quality (Δ= − 0.032, 𝑝adj<10−4).

This reversal has a clear implication: for Qwen, SFT
initialization is associated with lower semantic quality after
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RL. The Qwen architecture appears to handle the target out-
put format sufficiently well from its instruction-tuned state,
likely due to its larger parameter count and broader training
exposure to structured and JSON-formatted content, so SFT
initialization provides no structural advantage. Meanwhile,
the SFT stage may anchor the policy toward the specific
output patterns present in the BPM training data, potentially
constraining the model from exploring alternative process
model structures during RL that would better capture the
semantic content of novel process descriptions. The BPM-
unadapted base, unconstrained by SFT-imposed patterns,
retains greater flexibility to produce semantically diverse
outputs.

This finding carries a direct practical implication: the
standard two-stage pipeline (SFT → RL) should not be as-
sumed as universally beneficial. For models whose instruction-
tuned capabilities already align with the target task’s struc-
tural requirements, skipping BPM-specific SFT may yield
better semantic outcomes under RL, while also saving the
computational cost of the SFT stage. A preliminary zero-
shot or direct-RL pilot evaluation may help assess whether
BPM-specific SFT is necessary before committing to the full
training pipeline.
5.3.3. Summary

The necessity and effect of SFT initialization is strongly
architecture-dependent. For Llama, SFT is indispensable:
without it, RL cannot produce syntactically competent out-
puts. For Qwen, SFT is largely redundant for structural qual-
ity and is associated with lower semantic quality after RL.
This divergence is consistent with the broader pattern ob-
served throughout the experiments: the same design choice
(reward weighting, penalty regime, initialization strategy)
can produce qualitatively different outcomes depending on
the model architecture, underscoring the importance of em-
pirical evaluation over universal design assumptions.

6. Discussion
6.1. Optimization Dynamics and Reward Design

The most robust finding across all experiments is that
the three quality dimensions respond differently to RL op-
timization: pragmatic quality improves readily and con-
sistently (Δ > 0.11 for both models), syntactic quality
improves significantly but model-dependently (strongly for
Llama, modestly for Qwen), and, under the equal-weight
SFT-initialized condition used for RQ1, semantic quality
remains largely unchanged, showing a small significant im-
provement for Llama but no significant effect for Qwen.
This ordering reflects what we term the optimization ac-
cessibility of each dimension, the ease with which a policy
can improve its score through behavioral change. Pragmatic
quality is the most accessible because it rewards simpler,
more compact outputs, a direction always available in the
policy space without requiring domain-specific knowledge.
Syntactic quality requires learning specific BPMN struc-
tural rules, a more targeted adjustment. Semantic quality
depends on correspondence with an external reference that

is available only through the post-generation reward signal,
not during generation itself; this makes the optimization
signal more indirect and less readily exploitable than syn-
tactic or pragmatic feedback. Importantly, the equal-weight
reward achieves structural and comprehensibility improve-
ments without sacrificing semantic fidelity, an outcome that
is not guaranteed, as the aggressive penalty-free configura-
tion (𝑅2) demonstrates. Practitioners should therefore expect
large pragmatic gains, moderate syntactic gains (particularly
for weaker baselines), and minimal semantic effects from the
approach presented here, provided that the reward function
maintains balanced dimensional pressure.

This accessibility gradient also explains the most counter-
intuitive result in the study: the failure of weighted rewards.
𝑅3 (syntax-weighted, 3∶1∶1) produces the lowest syntactic
quality for Llama (0.662), and 𝑅5 (semantic-weighted)
reduces semantic quality for both models. We attribute this
to two complementary mechanisms. First, the 3∶1∶1weight-
ing reduces the multi-dimensional reward to near-single-
objective optimization, making GSPO’s group-relative ad-
vantage computation dependent on variation along a sin-
gle axis. When candidates show limited variation on the
dominant dimension, as is likely for an SFT-initialized
policy, the advantage signal becomes noisy and the policy
drifts erratically rather than improving. Second, the three
quality dimensions share structural underpinnings in BPMN
generation: syntactic correctness, pragmatic complexity, and
semantic fidelity are all properties of the same process graph.
Focusing on optimizing one dimension disrupts the struc-
tural coherence that all three depend on. Equal weighting
avoids this behavior by penalizing changes that improve one
dimension at the expense of others.

This pattern likely reflects underlying differences in the
geometry of each model’s policy space. For Llama, the
landscape appears relatively narrow, where SFT pushes the
model toward a single dominant mode, and optimization
pressure away from that region finds no stable alternatives
nearby, resulting in full policy collapse. Qwen seems to
operate in a more flexible landscape, with multiple acces-
sible local optima that allow weighted rewards to steer
behavior without destabilizing the policy entirely. Even so,
optimization does not primarily improve along the intended
behavioral dimension — gains instead appear to come from
easier or less constrained directions in the policy space.
These findings echo the multi-objective optimization liter-
ature where naive scalarization produces Pareto-dominated
solutions when objectives are correlated [7], and provide
empirical evidence that this concern manifests concretely in
RL for structured generation. Unless strong evidence sup-
ports a specific weighting scheme, equal weighting should
be the default.
6.2. Template Collapse and the Invalidity Penalty

Qwen’s behavior under 𝑅2 (no penalty), converging to
a near-uniform output template with syntactic standard de-
viation of 0.002, illustrates how reward optimization can
produce degenerate solutions that achieve high objective
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Figure 5: RQ3: Effect of base model initialization on RL outcomes under 𝑅1 for Llama 3.1 8B (no grammar). The SFT-initialized
base (dark) produces high syntactic quality (0.926), while the BPM-unadapted base (red), i.e., the original instruction-tuned model
without BPM-specific SFT, collapses to 0.664, a gap of 0.262, one of the two largest effects in this study. Pragmatic quality
shows a smaller but significant gap. Semantic quality benefits from SFT but the difference is moderate. For Qwen (not shown),
SFT provides no significant advantage on syntactic or pragmatic quality, and the BPM-unadapted base achieves significantly
higher semantic quality (0.601 vs. 0.567).

values while violating the intent. The model discovers a
single structure achieving 0.750 syntactic quality and 0.964
pragmatic quality through minimality, then applies it identi-
cally to all inputs. This resembles reward hacking in the RL
alignment literature [1], but with an important distinction:
the template strategy achieves high reward under the defined
objective. The problem lies in the reward design, specifically
the absence of a diversity-preserving mechanism.

The negative penalty (𝑝=−1) mitigates this collapse
through an indirect mechanism. By strongly penalizing in-
valid outputs, it forces the policy to maintain validity across
diverse inputs. Since different process descriptions require
different structural solutions for valid modeling, maintain-
ing broad validity implicitly requires maintaining a diverse
structural repertoire. The penalty thus does not explicitly re-
ward variation, but its interaction with the diverse evaluation
set reduces the risk of convergence to a single template.

The model-dependent nature of this effect is revealing.
Llama’s SFT-initialized policy operates deep within the
high-validity region, where the penalty has little measurable
effect. Qwen’s policy explores closer to the validity bound-
ary, making the penalty an active constraint. This means
that if a model achieves near-perfect validity under SFT
alone, the penalty may be less consequential; if validity is
imperfect, the penalty appears important for reducing the
risk of degenerate convergence.
6.3. Initialization and the

Exploration–Exploitation Trade-Off
The RQ3 results (SFT indispensable for Llama under our

training configuration, largely redundant and associated with
lower semantic quality for Qwen) reflect different positions
on the exploration–exploitation spectrum. SFT initialization

is an exploitation-heavy strategy that places the policy near
a known good region of the output space but constrains
subsequent exploration. The BPM-unadapted base provides
broader exploration but risks starting too far from productive
regions of the policy space.

For Llama, the BPM-unadapted starting point is too dis-
tant: the instruction-tuned base model’s output distribution
lacks the structural regularity for process model generation,
candidates are uniformly poor, and GSPO’s relative ranking
provides only noise. In our experiments, SFT is essential
to bring the policy within a region where quality-relevant
distinctions become detectable. For Qwen, the instruction-
tuned distribution already approximates the target format,
likely due to larger scale and broader training data, so
SFT provides marginal structural benefit while constraining
semantic exploration. The BPM-unadapted base retains flex-
ibility to generate structurally novel outputs, explaining the
semantic quality reversal (0.601 vs. 0.567).

The parallel between this initialization-driven policy
collapse (Llama BPM-unadapted at 0.664 syntactic) and the
weighting-driven policy collapse from Section 6.1 (Llama𝑅3at 0.662 syntactic) deserves emphasis. Both involve conver-
gence to a narrow, low-diversity output mode from which
GSPO cannot escape, a fundamental limitation of group-
relative optimization that emerges whenever all candidates
within a group are similarly poor. This shared failure mode
suggests that ensuring the policy operates within a produc-
tive region of the output space is a precondition for effective
GSPO training, whether that assurance comes through SFT
initialization, appropriate reward design, or both.

Two supplementary observations reinforce this interpre-
tation. First, in an exploratory comparison, 𝑅avg and 𝑅1,
which are mathematically equivalent in scalar reward value
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but implemented through separate reward pipelines, pro-
duce different outcomes for Llama (Δ= + 0.059 syntactic,
𝑝adj < 2 × 10−5, favoring 𝑅1) but not Qwen. Because both
configurations are equivalent in expectation, we interpret
this difference cautiously: it may reflect implementation-
level effects, stochastic training variability, or sensitivity of
smaller models to minor reward-pipeline differences rather
than a principled advantage of reward decomposition. Sec-
ond, for the BPM-unadapted Qwen base, 𝑅5 (semantic-
weighted) achieves the highest syntactic quality in the entire
study (0.928), exceeding all SFT-based configurations, a
concrete example of the exploration dividend available when
initialization is appropriately matched to the model’s capa-
bilities. We flag both observations as preliminary findings
that warrant dedicated investigation.
6.4. Grammar-Constrained Decoding and

Comparison with Related Work
In supplementary analyses of the grammar condition,

which we summarize here due to space constraints, grammar-
constrained decoding at inference time produced no clear
effect for well-optimized configurations (𝑅1 with SFT base);
the learned policy already generates structurally well-formed
outputs, making grammar enforcement rather redundant. For
weaker configurations (weighted rewards, BPM-unadapted
bases), grammar provides modest validity improvements but
does not address quality deficiencies rooted in suboptimal
reward design or initialization. Grammar is thus comple-
mentary for underperforming models but not a substitute for
appropriate reward engineering.

The most directly comparable prior work is Berti et al.
[3], who apply RL with verifiable rewards to improve LLM-
based process modeling. Our approach differs in using
GSPO (sequence-level group-relative ranking) rather than
GRPO (token-level), in systematically investigating reward
composition rather than using a single formulation, and
in evaluating with the BEF4LLM framework’s 38 metrics
across three theoretically grounded quality dimensions [27].
Our findings complement theirs in confirming that RL
improves process model generation, but add the critical
insight that how the reward is designed matters as much
as whether RL is applied. The weighting, penalty, and
initialization analyses demonstrate that seemingly minor
design choices produce effects as large as the RL-vs-SFT
improvement itself, a level of analysis absent from prior
work that underscores the need for systematic empirical
evaluation rather than ad-hoc reward engineering.
6.5. Limitations and Future Work

Several limitations apply to this work. The evaluation
uses 105 held-out samples with a single generation per
sample, which provides adequate power for the large effects
observed but limits sensitivity to small effects and prevents
estimation of within-configuration variance. The weighted
reward variants use a fixed 3∶1∶1 ratio; the complete failure
for Llama does not necessarily imply that gentler imbalances
would also fail. The analysis covers two LLM families dif-
fering in both architecture and scale, which provides useful

diversity but does not allow disentangling these factors. Se-
mantic quality is measured against ground-truth references,
potentially underestimating models that generate valid but
structurally novel alternatives. Finally, single-epoch GSPO
training and the use of LoRA mitigate but do not eliminate
the risks of reward overfitting and catastrophic forgetting,
respectively; neither was explicitly tested.

Several directions emerge from these limitations. Adap-
tive reward weighting, dynamically adjusting dimensional
weights during training based on the current quality profile,
could address the weighting failure by preventing any single
dimension from dominating the gradient while still enabling
targeted improvement. Scaling and generalization to larger
models and other structured generation domains (UML di-
agrams, database schemas, workflow specifications) would
test whether the findings are specific to the BPMN setting
or reflect broader properties of multi-dimensional RL for
structured outputs. Semantic reward enrichment through
embedding-based similarity measures or language-model-
based semantic judgments could provide the targeted gra-
dient information that metric-based semantic rewards cur-
rently lack. Finally, multi-epoch RL with regularization,
combining extended GSPO training with KL-divergence
constraints or validation-based early stopping, could unlock
further quality gains while maintaining output diversity.

7. Conclusion
This paper presented a systematic investigation of RL

with domain-grounded reward signals for improving LLM-
based business process model generation. Using GSPO with
reward functions derived from the BEF4LLM quality frame-
work, we trained two open-source LLM families (Llama 3.1
8B and Qwen 2.5 14B) under 48 experimental configurations
that vary reward weighting, invalidity penalty, base model
initialization, and grammar-constrained decoding. The con-
figurations were evaluated on 105 held-out process descrip-
tions using paired permutation tests with Bonferroni correc-
tion across three quality dimensions: syntactic, pragmatic,
and semantic quality.

The findings address three research questions and yield
both practical recommendations and broader insights for
reward function design in structured generation. Regarding
RQ1, GSPO with equal-weight rewards significantly im-
proves pragmatic quality for both model families (by more
than 0.11 points) and syntactic quality (strongly for Llama,
modestly for Qwen), while preserving semantic fidelity. Be-
yond the mean improvement, GSPO reduces output variabil-
ity by more than a factor of six for pragmatic quality among
valid generated outputs, producing substantially more con-
sistent and deployment-ready process models compared to
SFT-only baselines.

Regarding RQ2, equal reward weighting is the most ro-
bust default in our experiments for multi-dimensional qual-
ity optimization. Targeted weighting (3:1:1 emphasis on a
single dimension) consistently fails to improve the intended
dimension and, in the most extreme case, causes the model

: Preprint submitted to Elsevier Page 19 of 21



Improving LLM-Generated Process Model Quality Through Reinforcement Learning

to collapse into a narrow low-quality mode with a syntactic
quality drop of 0.264 points. The invalidity penalty plays a
model-dependent role: it has little measurable effect when
the SFT-initialized policy already produces valid outputs
reliably (Llama), but is crucial for preventing template col-
lapse when the model’s validity behavior is more variable
(Qwen). These results demonstrate that the composition
of the reward function is not a secondary design choice
but a primary determinant of optimization outcomes whose
effects can be as large as the decision to apply RL in the first
place.

Regarding RQ3, the necessity of SFT initialization is
architecture-dependent. For Llama, SFT is indispensable
under our training configuration, providing the structural
foundation without which RL converges to a low-quality
equilibrium. For Qwen, SFT is largely redundant for syn-
tactic and pragmatic quality and is associated with lower
semantic quality after RL, suggesting that it may constrain
the policy space and limit semantically richer alternatives.
This finding challenges the assumption that the standard
SFT-then-RL pipeline is universally optimal and suggests
that initialization strategy should be co-designed with the
base model’s task-relevant prior capabilities.

Three implications extend beyond the BPMN domain.
First, for any structured generation task where quality is
assessed along multiple automated dimensions, our results
caution against naive reward weighting and recommend
equal weighting as the starting point. Second, the obser-
vation that a penalty for invalid outputs can function as
an implicit diversity regularizer suggests that reward com-
ponents designed for one purpose (validity enforcement)
may have important secondary effects (output diversity)
that should be anticipated in reward engineering. Third,
the strong interaction between reward design, model archi-
tecture, and initialization strategy implies that transfer of
reward configurations across model families is unreliable,
and practitioners should treat these as jointly tunable rather
than independently settable parameters.

Future work should explore adaptive reward weighting
that adjusts dimensional emphasis during training based
on the current quality profile, semantic reward enrichment
through embedding-based or LLM-based evaluation to ad-
dress the optimization inaccessibility of semantic quality,
and multi-epoch RL training with regularization mecha-
nisms to prevent reward overfitting while unlocking further
quality gains. Extending the analysis to larger models, ad-
ditional LLM architectures, and other structured generation
domains such as UML diagrams, database schemas, and
workflow specifications would test the generality of the
findings reported here.
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