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nalise expert design knowledge in a principled way. To address this KEYWORDS

limitation, we propose reinforcement learning from verifiable feed- Human—Al collaboration;
back as a framework for codified human-Al collaboration, in which generative intelligent design;
domain expertise is formalised as algorithmic verifiers that evaluate reinforcement learning from
generated designs against explicit structural and logical rules and verifiable feedback (RLVF);
convert rule compliance into reinforcement signals. We instantiate codified expertise; functional
RLVF on the engineering task of functional decomposition, where decomposition

designs are represented as typed function—-flow graphs governed

by verifiable structural constraints. Using group relative policy opti-

misation, a Llama-3.1-8B model is trained exclusively from verifier

feedback without labelled output data. Across reinforcement learn-

ing cycles, correct output formatting improves from 18% to 100%,

fully connected functional structures improve from 10% to 100%,

and error-free decompositions improve from 4% to 100%, exceeding

a supervised fine-tuned baseline trained on 257 labelled examples.

Human evaluation shows that RLVF-trained models achieve higher

perceived logical coherence than supervised models, while exhibit-

ing reduced structural diversity. These results demonstrate that ver-

ifiable feedback can replace human annotation in rule-governed

design tasks and enable correctness-grounded generative design

systems based on codified expert knowledge.

1. Introduction

Generative artificial intelligence (Al) represents a profound socio-technical transformation
in how humans and machines create, design, and make decisions. Moving beyond tradi-
tional analytic Al, generative systems can produce novel, meaningful content ranging from
text and images to design concepts by learning patterns of reasoning and creativity from
vast data corpora (Feuerriegel et al. 2024). These technologies, typified by large language
models (LLMs) and other generative transformers, have turned Al from a passive analyt-
ical tool into an active collaborator in creative and design activities (Zhu and Luo 2022).
In this new paradigm, humans and Al systems co-create and jointly explore conceptual

CONTACT Meno-Said Haddad @ meno-said.haddad@leuphana.de @ Leuphana University Liineburg,
Universitatsallee 1, Liineburg 21335, Germany

© 2026 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/
by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms
on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or with their consent.


http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/09544828.2026.2639928&domain=pdf&date_stamp=2026-03-05
http://orcid.org/0009-0000-2080-088X
http://orcid.org/0000-0003-3989-9626
mailto:meno-said.haddad@leuphana.de
http://creativecommons.org/licenses/by/4.0/

2 (& M.-S.HADDAD AND A. SEIBEL

spaces that extend human imagination while introducing new challenges of authorship,
originality, ethics, and trust (Verganti, Vendraminelli, and lansiti 2020).

Within this broader shift, engineering design is experiencing a parallel evolution: from
traditional paradigms, such as knowledge-based engineering and intelligent computer-
aided design, to generative intelligent design, where Al integrates domain-specific data,
knowledge, and computation to autonomously generate and evaluate design alternatives
(Bordas et al. 2024; Regenwetter, Nobari, and Ahmed 2022). This transition promises a step
change in efficiency, exploration, and creative potential. Yet, despite these advances, most
existing generative intelligent design systems remain static. They generate results by sam-
pling from past data distributions but fail to adapt through use or learn from designer
interaction. Crucially, they lack a mechanism to codify expert design knowledge and trans-
form it into a learning signal that enables sustained human-Al collaboration. As design
theorists note (Bordas et al. 2024), such systems practice ‘design by activation,’ reproduc-
ing learned patterns rather than exhibiting the combinatorial or emergent creativity that
defines breakthrough innovation.

Empirical studies of design practice reinforce this limitation (Saadi and Yang 2023): even
in advanced generative workflows, human expertise remains indispensable. Designers con-
tinue to define problem frames, manipulate constraints, and interpret outcomes, guided
by domain intuition and value judgment. Rather than replacing human creativity, genera-
tive tools reposition it toward the curation and interpretation of machine-generated ideas.
This evolving relationship echoes J.C.R. Licklider's early vision of man-computer symbiosis,
where humans contribute creativity, goals, and critical evaluation, while machines provide
computational reasoning and memory (Taylor 1960).

Achieving this vision, however, requires moving beyond one-way automation toward
adaptive, two-way collaboration. Reinforcement learning (RL) provides a natural foun-
dation for such adaptivity. Prior studies in human-Al collaboration demonstrate that RL
enables agents to align with human intentions, coordinate effectively, and improve dynam-
ically through feedback (Li et al. 2025). When evaluative signals are available during inter-
action, RL agents can learn faster, perform more reliably, and reduce cognitive load for
their human counterparts (Islam et al. 2025). These findings suggest that RL is not merely
an optimisation method but a mechanism for building interactive and trustworthy design
intelligence.

Recent theoretical and empirical advances in reinforcement learning further reinforce
this direction. Verifiable or binary feedback can serve as a stable foundation for adap-
tive optimisation, offering theoretical convergence guarantees and improving structured
reasoning and problem-solving performance (Mroueh 2025). Complementary research
on interpretable and symbolic feedback mechanisms demonstrates how human-readable
rule systems can encode domain knowledge in transparent, modifiable forms, bridging
the gap between human expertise and machine learning (Bougie, Onishi, and Tsuruoka
2024). Moreover, large-scale experiments with procedurally verifiable learning environ-
ments reveal that such structured feedback enables scalable and reproducible learning
without the need for static, human-labelled datasets (Stojanovski et al. 2025).

Building on these developments, we argue that effective human-Al collaboration in
generative intelligent design requires verifiable feedback grounded in explicit domain
rules, through which expert knowledge can be made operational for learning. In engi-
neering design, usefulness is constrained by correctness: generated artifacts must satisfy
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physical, functional, and logical constraints to be meaningful. Violations of such constraints
render outputs invalid, limiting trust and applicability in technical workflows.

To address this challenge, we introduce reinforcement learning from verifiable feedback
(RLVF) as a framework for codified human-Al collaboration in generative intelligent design.
RLVF embeds human expertise into algorithmic verifiers that evaluate Al-generated out-
puts against formalised design rules and transform these evaluations into reinforcement
signals, enabling adaptive generative design systems. This enables adaptive learning while
maintaining determinism, reproducibility, and auditability.

We demonstrate RLVF on the foundational task of functional decomposition (FD), where
technical systems are represented as typed function-flow structures governed by explicit
structural constraints such as admissible input—output patterns, network connectivity, and
syntactic validity. These properties make FD particularly suitable for verifiable learning, as
core correctness conditions can be checked automatically without subjective annotation.

Methodologically, RLVF is instantiated using a reinforcement learning procedure based
on group relative policy optimisation (GRPO) (Shao et al. 2024), yielding an iterative loop
of generation, verification, and policy improvement driven exclusively by verifiable signals.
In addition to automated verification metrics, we examine how verifiable reinforcement
influences broader generative behaviour, including its effects on structure diversity and
creativity.

This paper makes four contributions:

1. It formalises reinforcement learning from verifiable feedback as a mechanism for
codified human-Al collaboration in generative intelligent design.

2. ltinstantiates this framework on the task of functional decomposition using explicit
structural verifiers and a GRPO-based learning procedure.

3. It demonstrates empirically that verifiable reinforcement substantially improves
structural validity compared with supervised fine-tuning, without requiring addi-
tional labelled data.

4. It analyzes the broader generative effects of verifiable reinforcement through
population-level mode-collapse analysis and controlled human evaluation.

Together, these contributions establish verifiable feedback as a principled foundation for
adaptive and trustworthy generative design systems. By integrating rule-based verification
directly into the learning loop, the proposed approach reframes human-Al collaboration
as an explicitly codified and inspectable process.

2. Background
2.1. Human-Al collaboration with reinforcement learning

Early work on man-computer symbiosis proposed that humans and computers should
function as complementary partners rather than substitutes. In this view, people define
goals, hypotheses, and evaluations, while machines handle mechanical and data-intensive
tasks that support real-time decision-making and creative insight (Taylor 1960). This vision
foreshadowed today’s efforts to create interactive Al systems that augment, rather than
replace, human capabilities.
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Reinforcement learning models sequential decision-making under uncertainty and
captures the essence of adaptive behaviour seen in humans and animals. By learning
from delayed consequences and balancing exploration with exploitation, RL agents can
autonomously improve performance over time. These characteristics make RL particularly
suitable for systems that must coordinate, adapt, and evolve alongside human partners
(Kaelbling, Littman, and Moore 1996).

Recent research has applied RL to advance human-Al collaboration by enabling agents
to align with human behaviour, generalise to new partners, and adapt to dynamic envi-
ronments (Li et al. 2025). Core mechanisms supporting these goals include behaviour
characterisation, that is, learning from human demonstrations or imitation as well as
intention understanding, inferring human goals, motivations, or preferences, and multi-
agent coordination, that is, learning to cooperate or communicate effectively in shared
tasks. Such approaches allow Al agents to move beyond isolated optimisation toward
behaviour that is contextually responsive to human collaborators. Comparing these
approaches indicates trade-offs: behaviour-based methods offer adaptability, intention-
based approaches enhance interpretability, and coordination mechanisms balance perfor-
mance across diverse tasks (Li et al. 2025).

Empirical evidence supports the potential of RL in cooperative settings. Experiments
combining RL with human-in-the-loop strategies show that systems incorporating human
feedback through interventions or policy correction learn more efficiently and perform
more effectively than those relying solely on demonstrations (Islam et al. 2025). When
humans and RL agents collaborate, they tend to outperform humans or autonomous
systems alone, achieving greater efficiency, diversity of strategies, and reduced cogni-
tive workload. These findings demonstrate how human expertise and RL adaptability can
complement each other to achieve superior outcomes.

The concept of complementarity provides a theoretical lens for understanding these
results. Human-Al collaboration often succeeds when differences in information access
or processing capabilities are leveraged rather than minimised (Hemmer et al. 2025).
Humans typically contribute contextual reasoning, intuition, and ethical judgment, while
Al systems contribute computational precision and scalability (Hemmer et al. 2025). Rein-
forcement learning supports this complementarity by enabling agents to learn policies that
amplify human strengths or compensate for weaknesses, creating hybrid intelligence sys-
tems in which both sides continuously learn and improve through interaction (Dellermann
et al. 2019). This mutual adaptation reflects the dynamic partnership envisioned in early
symbiotic models (Taylor 1960).

At the same time, realising trustworthy and effective human-Al collaboration through
RL raises important socio-technical challenges. Trust, transparency, and accountability are
essential for ensuring that learning systems behave reliably and align with human values
(Ramchurn, Stein, and Jennings 2021). RL agents capable of autonomous adaptation must
remain interpretable and controllable, especially in safety-critical or high-stakes domains.
Addressing these issues requires integrating insights from human-computer interaction,
explainable Al, and responsible Al governance (Ramchurn, Stein, and Jennings 2021; Wang
et al. 2020). Effective collaboration depends not only on algorithmic performance but also
on clearly defined roles, shared goals, and adaptive autonomy that allows humans to retain
meaningful oversight (Wang et al. 2020).
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To systematically design and evaluate collaborative systems, recent frameworks have
characterised human-Al interaction along three key dimensions: agency, interaction, and
adaptation (Holter and El-Assady 2024). Reinforcement learning naturally spans these
dimensions, sharing agency through negotiated control, enabling interaction via reward
shaping and feedback, and supporting adaptation through continuous learning. Human-
in-the-loop learning further strengthens this integration by embedding human feed-
back directly into the training process, improving efficiency, usability, and interpretability
(Mosqueira-Rey et al. 2023). These developments establish RL as a central mechanism for
enabling adaptive, human-centered Al systems that can learn from and with people.

2.2. Feedback mechanisms in reinforcement learning

Reinforcement learning relies fundamentally on feedback signals that enable an agent to
learn optimal behaviour through trial-and-error interaction with its environment (Sutton
and Barto 2018). In classical RL, this feedback is provided through a handcrafted reward
function, a manually designed mapping from states and actions to scalar rewards. While
effective for simple, well-defined problems, handcrafted rewards are increasingly recog-
nised as insufficient for complex or open-ended tasks. Designing reward functions that
capture nuanced objectives, social norms, or ethical principles is notoriously difficult and
prone to failure. Even minor specification errors can lead to reward hacking, where the
agent optimises for proxies that satisfy the numeric objective but contradict the intended
goal (Christiano et al. 2017; Bignold et al. 2023; Toro Icarte et al. 2022).

This reward specification problem fundamentally limits the applicability of traditional
RL. In high-dimensional or dynamic environments, such as autonomous driving, lan-
guage modelling, or social robotics, defining a reward that consistently reflects desirable
behaviouris infeasible. Handcrafted rewards are brittle, incomplete, and non-generalizable,
often requiring extensive manual tuning. As a result, modern RL research increasingly seeks
to learn reward functions from feedback, allowing the agent to infer the underlying objec-
tive rather than relying on pre-defined signals (Christiano et al. 2017; Bignold et al. 2023;
Biyik et al. 2022).

Recent developments have introduced several major paradigms for feedback-based
learning, notably reinforcement learning from human feedback (RLHF) (Ouyang et al. 2022)
(Bai et al. 2022), reinforcement learning from Al feedback (RLAIF) (Lee et al. 2024), and
reinforcement learning with verifiable feedback (RLVF) (Trinh et al. 2024; Lightman et al.
2023). These paradigms differ fundamentally in the source, objectivity, and role of feedback
in shaping agent behaviour. Table 1 summarises their respective feedback mechanisms,
strengths, and limitations.

Reinforcement learning from human feedback emerged as a response to the reward
specification problem. Instead of relying on manually crafted reward functions, RLHF lever-
ages human judgments to train reward models that approximate user preferences. Typ-
ically, human evaluators compare pairs of agent-generated behaviours or responses and
indicate which they prefer. These preference comparisons are then used to train a reward
model, which serves as a learned objective for policy optimisation (Ouyang et al. 2022b).
This paradigm has demonstrated that human intuition can effectively replace engineered
reward signals, enabling agents to perform competitively in complex control and language
tasks (Biyik et al. 2022).
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Table 1. Comparison of feedback mechanisms in reinforcement learning.

Paradigm Feedback source Strengths Limitations
Reinforcement learning Human preference Captures subjective intent; Costly; inconsistent;
from human feedback judgments flexible optimises approval
(RLHF) rather than correctness
Reinforcement learning Al-generated preferences Scalable; multi-objective Inherits model bias; lacks
from Al feedback (RLAIF) critics objective truth
grounding
Reinforcement learning Algorithmic verifiers Objective; reproducible; Coverage-limited; risk of
with verifiable feedback correctness-grounded reward hacking; may
(RLVF) reduce diversity

Reinforcement learning from human feedback inherits several major weaknesses.
Human feedback is subjective, inconsistent, and expensive to collect (Bignold et al. 2023),
with annotation quality varying widely across individuals. Linguistic preference judgments,
while expressive, introduce ambiguity and context dependence that are difficult to for-
malise (Sumers et al. 2021). As a result, RLHF-trained models tend to align with perceived
approval rather than objective correctness and remain dependent on the availability and
consistency of human supervision (Xu et al. 2024).

To mitigate the scalability and cost limitations of RLHF, reinforcement learning from Al
feedback replaces human evaluators with advanced language models or other Al systems
that generate preference labels automatically (Lee et al. 2024). This substitution enables
massive scaling of feedback collection while maintaining a similar training pipeline. Instead
of human annotators ranking outcomes, Al models act as critics, scoring or ranking agent
behaviours to produce training signals for the reward model. Empirical results show that
Al-generated feedback can match or surpass human feedback in aligning LLMs, particu-
larly in tasks emphasising helpfulness and harmlessness (Lee et al. 2024). Extensions of this
paradigm introduce multi-objective variants and constitutional approaches, in which mul-
tiple Al evaluators assess different dimensions or guide self-critique through explicit ethical
rules (Li et al. 2024; Williams 2024; Bai et al. 2022).

Despite these advances, RLAIF remains constrained by the subjectivity of its evaluators.
Al critics inherit the biases, blind spots, and inconsistencies of their teacher models, and
without objective grounding, preference-based feedback can propagate misinformation
or overemphasise stylistic conformity over factual or logical validity. Empirical analyses fur-
ther suggest that some gains attributed to RLAIF arise from capability gaps between teacher
and student models rather than from reinforcement learning itself. In short, RLAIF scales
preference-based training but does not resolve the epistemic limitations of subjective
evaluation (Sharma et al. 2024).

Reinforcement learning with verifiable feedback offers a fundamentally different
approach by grounding the reward signal in objective, verifiable truth rather than human
or Al judgment. Instead of relying on preferences, RLVF employs automatically checkable
feedback mechanisms derived from logical consistency, formal proofs, or deterministic
validation criteria (Stojanovski et al. 2025; Wen et al. 2025). In this paradigm, the agent
receives positive feedback only when its output satisfies verifiable correctness conditions,
for example, when a mathematical proof passes formal verification, a programme executes
successfully, or a reasoning chain yields a provably valid result. This framework eliminates
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ambiguity and ensures that rewards correspond directly to truth-preserving outcomes
rather than approximations of approval.

Large-scale environments based on RLVF principles demonstrate several advantages.
Procedurally generated reasoning tasks with verifiable solutions enable unlimited, repro-
ducible training data and remove the dependency on external annotators (Stojanovski et al.
2025). Empirical findings further indicate that RLVF-trained models exhibit more coher-
ent and logically consistent internal reasoning, suggesting that verifiable rewards shape
reasoning quality rather than merely surface behaviour (Wen et al. 2025).

By decoupling learning from subjective evaluators, RLVF directly addresses the instabil-
ity and bias that plague RLHF and RLAIF. It provides a self-contained and truth-grounded
feedback mechanism, enabling systems to improve autonomously while maintaining trans-
parency and reproducibility.

2.3. Optimisation dynamics under verifiable feedback

Reward hacking occurs when an Al system learns to optimise its reward function in ways
thatincrease measured performance while failing to achieve the designer’s intended objec-
tive. In this sense, the system is not malfunctioning, it is successfully maximising the
specified objective, thereby exposing a mismatch between what is measured and what
is meant (Skalse et al. 2025). Although verifiable feedback addresses many limitations of
preference-based training, reward hacking can arise when optimisation pressure concen-
trates behaviour on aspects of the reward that are explicitly encoded while neglecting
dimensions that remain implicit (Pan, Bhatia, and Steinhardt 2022). Such effects intensify
with optimisation strength: increasing model capacity or training duration amplifies even
small mismatches between proxy and intended objectives. More generally, unless a reward
function preserves the exact policy ordering of the true objective across the policy space,
optimisation can concentrate probability mass on behaviours that score highly under the
reward but underrepresent broader intent (Skalse et al. 2025).

In deterministic, rule-based settings, reward maximisation does not permit rule viola-
tion. However, the reward necessarily encodes only a subset of the intended objective
space. Under Kullback-Leibler (KL)-regularized policy optimisation methods such as prox-
imal policy optimization or group relative policy optimization, repeated updates amplify
behaviours that reliably satisfy the encoded criteria. As a result, optimisation can induce sys-
tematic concentration on reward-secure solution patterns. This does not constitute classical
proxy—true divergence; rather, it reflects over-optimisation of formally encoded properties.

Several structural dynamics follow from this mechanism:

e Concentration on high-reward templates that consistently satisfy all constraints.
Preference for configurations that minimise violation risk under multiplicative penalties.
Suppression of exploratory alternatives that increase reward variance.

These effects reflect the broader principle that optimisation amplifies whatever structure
is present in the reward signal (Pan, Bhatia, and Steinhardt 2022). When the reward is deter-
ministic and verifiable, maximal-reward outputs remain valid by construction. The residual
vulnerability lies not in invalid behaviour but in narrowing of the output distribution when
objective coverage is incomplete (Pan, Liang, and Lin 2026).
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This phenomenon connects directly to recent analyses of mode collapse in reinforce-
ment learning for large language models. In such settings, the optimal policy is mathemati-
cally determined by the reward, the reference distribution, and the regularisation strength.
Under common hyperparameter regimes, the objective induces distributional sharpening:
small reward differences produce exponential probability differences, and when multiple
outputs receive equal reward, their relative weighting remains proportional to the refer-
ence model (GX-Chen et al. 2025). Reinforcement learning therefore reinforces dominant
modes rather than encouraging coverage of all valid solutions.

Outcome-based RL systematically reduces diversity even when performance metrics
improve (Song, Kempe, and Munos 2025). Reward-maximising objectives concentrate
probability on high-reward reasoning paths rather than matching the full posterior over
valid solutions (Hu et al. 2024). Token-level analyses show that reinforcement learning
predominantly amplifies high-entropy decision points, reinforcing dominant trajectories
while suppressing alternatives (S. Wang et al. 2025). Empirical studies consistently docu-
ment reductions in lexical, semantic, and structural diversity as optimisation progresses
(Slocum, Parker-Sartori, and Hadfield-Menell 2025). Under verifiable reinforcement, such
convergence is not an adversarial loophole but a predictable consequence of optimisa-
tion over a partially specified objective. Mode collapse in this context is therefore better
understood as distributional sharpening rather than reward hacking in the classical sense
(Padmakumar and He 2024).

At the same time, several canonical forms of reward hacking are structurally precluded in
this setting. First, amplification of reward-model estimation errors (Fluri et al. 2025) cannot
arise because the reward is not learned but computed by a deterministic verifier. There is no
statistical approximation whose errors could be exploited through optimisation. Second,
evaluator manipulation, where a model increases perceived quality without improving task
fidelity (Ngo, Chan, and Mindermann 2024; Liu et al. 2025), is eliminated because reward
depends solely on externally defined, checkable criteria rather than subjective judgments.
Third, spurious shortcut exploitation through incidental correlations in the environment
(Skalse et al. 2025) is substantially constrained, since achieving maximal reward requires
satisfying explicit validity conditions. Consequently, deterministic verifiable reinforcement
shifts the remaining risk away from adversarial exploitation of the reward mechanism and
toward incomplete coverage of the intended objective.

2.4. Functional decomposition as a case task

According to guideline VDI 2221 part 1 (“VDI 2019-1 Design of Technical Products and Sys-
tems — Model of Product Design” 2019), a function forms the central connection between
a technical system'’s inputs, internal mechanisms, and outputs, thereby defining how the
system fulfils its intended purpose. Expressing each function in an abstract, minimalist form
(typically a concise verb—noun expression) helps designers avoid prematurely anchoring to
specific solutions and instead encourages openness to alternative concepts.

When analyzing a technical product, its overall purpose is usually formulated as one
or more overall functions. These are often visualised through a black-box model, which
portrays the transformation of material, energy, and information flows from inputs to out-
puts. Such representations provide the foundation for functional modelling: the product
is treated as an entity that accepts inputs, transforms them, and delivers outputs. A clear
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(Material)
Coffee beans =——; ————————=> Ground coffee
Ener: T
Electrical energy & Grinding of ——————— Heat, noise
(Information) coffee beans
Switching signal ------------ I R > Grinding end

Figure 1. Example of the overall function for a coffee grinder (Schlattmann and Seibel 2021).

Table 2. Exemplary function list for a coffee grinder (Schlattmann and Seibel 2021).

Input functions (IF) Internal functions (SF) Output functions (OF)
IF 1 Receive coffee beans SF 1 Feed coffee beans OF 1 Dispense ground coffee
IF 2 Supply energy SF 2 Grind coffee beans OF 2 Release heat

IF 3 Switch on energy SF 3 Store ground coffee OF 3 Emit noise

definition of system boundaries together with explicit input—output specifications is widely
recognised as a prerequisite for effective functional analysis (Ullman 2018). For instance,
the basic operation of a coffee grinder can be shown in this manner, with raw beans and
electrical power entering the system and ground coffee emerging as the output (Figure 1).

However, formulation of functions is not straightforward. Descriptions like ‘grinding
coffee beans’ are too narrow, since countless variants of such tasks can exist. To address
this, Roth (2000) introduced a systematic set of general functions. These functions cover
material, energy, and information flows through operations such as store, guide, convert,
and transform, complemented by add and separate to describe interactions across flow
types. The result is a standardised catalogue of 30 functions that can be applied across
domains. For example, the task ‘actuate switch’ can be reformulated more generally as ‘add
information to energy.’ This taxonomy ensures consistency and repeatability in functional
decomposition processes.

The overall function is typically broken down into smaller subfunctions, each represent-
ing a more manageable part of the task. There is no universal rule for how decomposition
should proceed; the division depends on the design problem. A useful practice is to
structure subfunctions in a table, distinguishing input, internal, and output operations.
Decomposition continues until atomic functions are reached operations that can be tested
independently and still maintain logical consistency with the larger system (Ullman 2018).

An exemplary function list for a coffee grinder is provided in Table 2.

To capture how subfunctions interact, they are arranged into functional structures, usu-
ally as block diagrams connected by flows. Material, energy, and information flows are dis-
tinguished by line type: double thin solid lines for material, bold solid lines for energy, and
dashed lines for signals or feedback (Schlattmann and Seibel 2021). Such diagrams allow
designers to explore alternative architectures by reordering or modifying subfunctions or
by incorporating feedback. For a coffee grinder, for example, parallel and sequential rela-
tionships between subfunctions can be displayed in this way (Figure 2). Function structures
are not expected to be unique or exhaustive; there may be multiple valid representations,
but incorrect ones are possible.

The parallels between functional decomposition in engineering design and planning
in artificial intelligence have also been noted (Rosenthal et al. 2024). In both cases, the
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Figure 2. Possible function structure for a coffee grinder.
Store Store Store
(Electricity) (User Settings) (Batter)
: |
! v
)
:
H Guide
' (User Settings to Control System)
:
.
)
‘ !
Guide Add In;ormation to Energy
(Electricity to Heating Element) (User Settings to Electricity)
(]
)
. y
Convert Add Energy to Material
(Electricity to Thermal Energy) (Thermal Energy to Batter)
Store
(Waffles)

Figure 3. Functional decomposition of a waffle maker created by GPT-40 with Monte Carlo tree search
(Haddad and Seibel 2025).

problem can be seen as describing state transitions: in engineering, functions alter sys-
tem states, while in Al, actions alter world states. Interpreting FD as a planning problem
allows the use of established Al planning techniques. By encoding the FD task in the
planning domain definition language (Russell and Norvig 2020) and employing Roth's cat-
alogue of functions (Roth 2000) as primitives, systematic function structures can be derived
automatically (Rosenthal et al. 2024).

Recent experiments combine LLMs with symbolic planning methods. For instance, Had-
dad and Seibel (2025) integrate GPT-40 with a Monte Carlo tree search strategy to generate
function structures from textual product descriptions with an example illustrated in Figure
3.
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Table 3. Functional node types and structural constraints.

Function type Inputs Outputs Max Description

Store 1 1 1 Stores material, energy, or information
Guide 1 2 Directs a flow from source to target
Convert 1 1 2 Transforms one flow into another

Add 2 1 3 Merges two flows into one

Separate 1 2 3 Splits one flow into two outputs

While promising, results showed that more than half of the generated models still con-
tained semantic or structural inconsistencies, underlining the difficulty of ensuring logical
and physical validity in automated FD processes when relying solely on probabilistic mod-
els. This difficulty arises because functional decomposition is not an unconstrained gener-
ative task but a rule-governed modelling activity. Functional structures can be interpreted
as directed, semantically typed graphs in which nodes represent functional operators (e.g.
Store, Guide, Convert, Add, Separate) and edges represent flows of material, energy, or
information. Each node type is associated with well-defined input-output constraints, as
summarised in Table 3.

These type-specific constraints encode fundamental physical and logical principles of
system behaviour, such as conservation, transformation, and branching of flows. As a result,
the correctness of a functional decomposition is determined by explicit structural condi-
tions —(e.g. admissible numbers of inputs and outputs and valid flow connectivity)- rather
than by stylistic preference or subjective interpretation. This makes functional decomposi-
tion particularly well suited for rule-based verification and learning: domain expertise can
be codified as deterministic constraints that reliably distinguish valid from invalid structures
and can be integrated directly into adaptive learning processes.

3. Methodology

This study investigates reinforcement learning from verifiable feedback as a mechanism
for adaptive, codified human-Al collaboration in generative intelligent design. Rather than
treating reinforcement learning solely as a numerical optimisation procedure, we opera-
tionalise it as a structured interaction loop in which domain knowledge is encoded into
deterministic verifiers that evaluate generated design artifacts against formal correctness
rules. Learning is driven exclusively by verifiable feedback, without subjective human
preference labels. The target task is functional decomposition, a foundational activity in
engineering design that represents a technical system as a network of functions connected
by material, energy, and information flows. Each FD is expressed as a directed graph com-
posed of canonical operator types (e.g. Store, Guide, Convert, Add, Separate), subject to
well-defined structural constraints on node connectivity and flow consistency.

Model outputs are represented in a structured JSON format containing (i) a set of func-
tions with spatial metadata and (ii) three typed edge lists corresponding to material, energy,
and information connections. This representation enables direct algorithmic verification of
correctness properties such as connection validity, graph connectivity, and syntactic well-
formedness. All experiments are conducted using Llama-3.1-8B-Instruct, loaded in 4-bit
quantised form and adapted using QLoRA. The model is prompted with a fixed instruction
template defining the FD grammar, operator semantics, and construction rules, followed
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by four worked examples (coffee machine, Bluetooth speaker, toaster, television). Given a
target product name, the model is instructed to generate a complete functional decomposi-
tion in JSON format and to return no extraneous text. Temperature sampling is used during
training to encourage exploration, while deterministic decoding is used for evaluation to
ensure reproducibility.

3.1. Verifiable feedback and reward formulation

Arule-based verifier encoding formal engineering design constraints inspired by functional
modelling principlesis used to evaluate each generated functional decomposition. Each FD
isinterpreted as a directed graph, where nodes correspond to functional elements labelled
as Store, Guide, Convert, Add, or Separate, and directed edges represent energy, material,
or information flows between functions. Verification operates on the structural properties
of this graph, including node degree constraints and overall connectivity.

Prior to evaluation, all candidate outputs are normalised to a consistent schema to
ensure robust and reproducible verification. This normalisation step enforces the presence
of a function dictionary and three edge lists (energy, material, and information); missing or
malformed fields are replaced with empty structures solely to enable safe rule evaluation,
without modifying the semantic content of the generated decomposition. The pseudocode
for the rule-based verifiable reward function is shown in Figure 4.

Verification proceeds by evaluating three classes of structural constraints. First, schema
validity is enforced by requiring that the output be parseable as JSON and contain the
required fields. Outputs violating this condition receive zero reward and are excluded
from further evaluation. Second, operator arity constraints are evaluated by constructing
a directed graph over all functions and computing node in-degrees and out-degrees. Valid
arities are defined by engineering function semantics: Store operators must have exactly
one incident connection, Guide and Convert operators must have exactly one incoming
and one outgoing connection, Add operators must have two incoming and one outgoing
connection, and Separate operators must have one incoming and two outgoing connec-
tions. Each operator violating its arity constraint contributes an additive penalty. Third,
network integrity is evaluated by constructing an undirected version of the functional
graph and computing its connected components. Disconnected subgraphs are penalised
proportionally to their number, while fully connected networks receive a dedicated bonus.

The verifier maps these structural evaluations into a shaped scalar reward. A base reward
is assigned for readable, well-formed JSON output, followed by size-based shaping terms
proportional to the number of functional operators and connections. Penalties are applied
for each operator-level violation and for each disconnected subgraph. Fully connected
graphs receive an additional bonus, and decompositions that are both fully connected and
free of operator-level errors receive a further correctness bonus. When structural violations
are present, the total reward is multiplicatively damped to discourage partial compliance
from dominating learning. The final reward is clipped to be non-negative.

3.2. Reinforcement learning via GRPO

Reinforcement learning is implemented using GRPO (Shao et al. 2024), interpreted here as
RLVF. For each training step, the model generates a group of candidate FDs for a given
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Algorithm 1 Deterministic reward computation for functional decomposition

Require: Candidate output c
Ensure: Scalar reward r > 0
<0
JSON validity
if ¢ is not parseable as JSON or does not follow the required schema then
return 0
end if
T 7+ Rjson
Graph construction
V' < set of functional operators in ¢
E + set of directed connections
Construct directed graph D = (V, E)
Construct undirected graph U by removing edge directions from D
Structural size reward
r<r+olV|+ BlE|
Operator arity constraints
e+ 0
for each operator v € V do
let (d~(v),d*(v)) be the in- and out-degree of v in D
if v is Store and d~(v) + d*(v) # 1 then
e<e+1
else if v is Guide or Convert and (d~(v),d™ (v)) # (1,1) then
e<e+1
else if v is Add and (d~ (v),d™ (v)) # (2,1) then
e+e+1
else if v is Separate and (d~(v),d" (v)) # (1,2) then
e+—e+1
end if
end for
T —ye
Network connectivity
g < max (0, number of connected components in U — 1)
r <1 —20¢g
Correctness bonuses
if g =0 then
7 <1+ Reconn
end if
if e=0 and g = 0 then
7 < 7 + Reorrect
end if
return max(0,7)

Figure 4. Pseudocode of rule-based verifiable reward function.
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product, each of which is evaluated independently by the rule-based verifier to produce a
scalar reward. Advantages are computed relative to the mean reward within the group, and
policy updates are performed using a log-probability-weighted objective. This group-based
formulation stabilises learning by normalising rewards locally and eliminates the need for
an explicit reward model.

Group relative policy optimisation is chosen over alternative policy optimisation meth-
ods for both conceptual and practical reasons. Proximal policy optimisation (Schulman et al.
2017) relies on value-function estimation and reward normalisation, which are unnecessary
and potentially unstable in settings where rewards are sparse, discontinuous, and deter-
ministically verifiable, as is the case for rule-based design correctness. Direct preference
optimisation (Rafailov et al. 2024), while effective for static preference datasets, assumes
a fixed set of pairwise comparisons and does not support iterative on-policy improvement
when new verifiable feedback is generated during training. In contrast, GRPO directly lever-
ages relative comparisons among multiple candidates sampled from the current policy,
making it naturally compatible with verifier-driven learning loops. Adapter checkpoints
and benchmark evaluations are saved periodically during training to enable longitudinal
analysis of learning dynamics.

The visualisation of the procedure is illustrated in Figure 5.

3.3. Evaluation

For comparison, a supervised fine-tuned (SFT) baseline is trained on 257 verified functional
decompositions using the same base model, LoRA configuration, and verifier logic. Training
uses prompt masking so that loss is applied only to the decomposition output, not to the
prompt or examples. Evaluation for SFT is performed on the same fixed 50-product test set
used for GRPO, using deterministic decoding and the identical verifier. This ensures that dif-
ferences between methods reflect learning paradigms rather than differences in evaluation
or feedback.
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Automated evaluation is conducted using the verifier on a fixed test set of 50 products,
held constant across all models and training checkpoints. For each product, the model gen-
erates a single decomposition, which is scored for syntactic validity, structural correctness,
and connectivity. Reported metrics include verifier reward statistics, percentage of cor-
rectly formatted outputs, percentage of fully connected decompositions, and percentage
of error-free decompositions. All evaluations use the same verifier configuration to ensure
comparability across GRPO, SFT, and baseline models.

To assess whether reinforcement learning induces structural homogenisation across
products, we perform a population-level mode collapse analysis over training checkpoints.
At each checkpoint, one decomposition per product is generated on the fixed 50-product
test set. Each decomposition is assigned a coarse structural signature based on counts
of operator types and flow-edge types between operators. Structural diversity is quanti-
fied using Shannon entropy over the signature distribution and a collapse ratio measuring
the dominance of the most frequent structure. These metrics characterise how structural
diversity evolves as verifier-aligned reward optimisation progresses.

To complement rule-based metrics, a qualitative evaluation is conducted on ten repre-
sentative products. Functional decompositions are generated by four sources: the GRPO-
trained model, the SFT model, GPT-40 using few-shot prompting, and graduate engineer-
ing students.

Twelve graduate-level participants with formal training in engineering design evaluated
anonymized decompositions along three dimensions: completeness, logical coherence,
and creativity, using a five-point Likert scale. The order of decompositions was randomised,
and participants were blind to the source of each output. This evaluation captures aspects
of design quality that are difficult to formalise algorithmically.

4. Results and discussion

Benchmark results from the functional decomposition experiments demonstrate that rein-
forcement learning from verifiable feedback substantially improved the model’s structural
validity and formatting consistency. The results are summarised in Table 4.

The base Llama-3.1-8B model produces the smallest functional decompositions, with an
average of 17.2 nodes and 18.4 edges per system. GRPO training substantially increases
structural richness: after 100 RL steps, the total number of nodes increases to 927, and fur-
ther to 964 after 250 steps. The average number of nodes per system rises from 16.6 to 19.3,

Table 4. Benchmark results for functional decomposition experiments.

Llama-3.1-8B Llama-3.1-8B Llama-3.1-8B- GPT-40 (Haddad
Metric Llama-3.1-8B  100th RL training ~ 250th RL training SFT & Seibel, 2025)
Total nodes 155 927 964 1023 1173
Total edges 166 940 916 1046 1084
Avg. nodes per system 17.2 16.6 19.3 20.9 235
Avg. edges per system 18.4 14.4 183 21.3 21.7
Avg. errors per system 2.0 13 0 1.2 2.1
Correct format 18% 92% 100% 98% 100%
Fully connected 10% 76% 100% 82% 44%

Error-free 4% 58% 100% 52% 16%
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Figure 6. Performance evolution across reinforcement learning cycles of Llama-3.1-8B.

approaching the complexity of the SFT model (20.9) and GPT-40 (23.5). A similar trend is
observed for edges.

The baseline model struggles with structural correctness, achieving only 18% cor-
rectly formatted outputs and 10% fully connected graphs. GRPO training leads to a sharp
improvement: correct formatting rises to 92% at 100 steps and reaches 100% at 250 steps.
Fully connected graphs increase to 76% at 100 steps and reach 100% at 250 steps. Aver-
age errors per system decrease consistently under GRPO training, dropping from 2.0 in the
baseline to 1.3 at 100 steps and reaching zero at 250 steps. In contrast, the SFT model still
exhibits residual structural errors (1.2 on average), while GPT-40 shows the highest error
rate among the evaluated models (2.1). At 250 RL steps, the GRPO-trained model achieves
100% correct format, 100% fully connected outputs, and 100% error-free functional decom-
positions, outperforming both the SFT model and GPT-40 on all structural validity metrics.
The metrics of the reinforcement learning cycles are displayed in Figure 6.

Despite its strong performance, the SFT model does not achieve full structural cor-
rectness. While its average complexity is comparable to the GRPO-trained model, it still
produces disconnected graphs and residual rule violations. This highlights a fundamen-
tal limitation of purely supervised learning for structured generation: exposure to correct
examples alone is insufficient to guarantee constraint satisfaction. Figure 8 illustrates a
qualitative comparison between the baseline Llama-3.1-8B model (left) and the GRPO-
trained model at 250 reinforcement updates (right) on the bread slicer task.

GPT-40 produces the largest and most complex decompositions but exhibits compar-
atively poor structural validity, including a low percentage of fully connected and error-
free outputs. This suggests that high expressive capacity and fluency do not necessarily
translate into structurally correct functional representations.

Figure 7 illustrates the evolution of the mean training and evaluation rewards over the
course of GRPO-based RL training. In the early phase (updates 0-100), both curves exhibit
a steep upward trend, indicating rapid policy improvement as the model learns to satisfy
basic structural and formatting constraints.
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Figure 7. Comparison of bread slicer FDs: Llama 3.1 8B (left) vs Llama-3.1-8B 250 GRPO (right).

During this phase, the training reward shows high variance, reflecting exploratory
behaviour and unstable policy updates, while the evaluation reward increases more
smoothly. Between updates 150 and 250, the evaluation reward saturates and approaches
a plateau near the maximum achievable reward, whereas the training reward continues
to fluctuate with occasional sharp drops. This divergence suggests increasing overfitting to
high-reward structures within the training distribution. Beyond update ~250, both rewards
stabilise at a high level, indicating convergence in terms of the reward function.

The computational complexity of the proposed approach differs substantially between
supervised fine-tuning and reinforcement learning stages. During SFT, each optimiser
update consists of a single forward and backward pass over one prompt-completion pair
with prompt masking, resulting in an average time of 0.14 + 0.02 s per update on a single
GPU. In contrast, the RL stage performs a multi-sample optimisation cycle in which K = 10
candidate functional decompositions are generated per product prompt, followed by struc-
tured reward evaluation and a policy update. With gradient accumulation set to one, a
single RL optimiser update therefore corresponds to a full sampling—evaluation-update
cycle and requires 28.8 + 0.2 s per update under the same hardware configuration.

4.1. Population-level diversity dynamics

While correctness metrics improve, diversity metrics reveal a contrasting trend. We track
population-level diversity using three complementary indicators: structural entropy, the
ratio of unique structures, and the collapse ratio (fraction of samples structurally identical
to the batch mode).

Structural entropy decreases monotonically throughout training, with a measured slope
of —0.0038 bits per update. Over the full training horizon, this corresponds to a reduction
of more than 3.5 bits, implying a compression of the effective structural hypothesis space
by approximately an order of magnitude. In parallel, the unique structure ratio exhibits a
consistent downward trend (slope —0.00063 per update), indicating a progressive loss of
structural variety across sampled decompositions. Conversely, the collapse ratio increases
steadily (slope +0.00062 per update), showing that an increasing proportion of generated
outputs converge toward a small number of repeated structural patterns.

Notably, the most pronounced entropy drop occurs at update 120, marking an early
onset of population-level mode collapse. Beyond this point, diversity continues to decline
even as reward and correctness continue to improve (Figure 9).
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Figure 9. Population diversity over training.

We observe strong correlations between reward optimisation and diversity loss. Reward
is highly negatively correlated with structural entropy (Pearson r = —0.90) and the unique
structure ratio (r = —0.94), while showing a strong positive correlation with the collapse
ratio (r =+ 0.87). These results indicate that improvements in reward are systematically
associated with reductions in population-level diversity, but that the GRPO objective does
not degenerate into trivial reward hacking.

Figure 10 shows a strong inverse relationship between reward and population-level
diversity: as mean reward increases, the proportion of unique functional structures
decreases sharply, confirming that mode collapse is a direct consequence of reward opti-
misation rather than a temporal artifact. Importantly, this collapse occurs despite stochastic
sampling and temperature-based decoding, suggesting that it is not an artifact of inference
determinism but rather a consequence of the learned policy distribution itself.

Our findings reveal a case of population-level mode collapse in reinforcement learning
with verifiable rewards. Unlike classical mode collapse in generative modelling, which often
manifests as repetitive surface-level outputs, the collapse observed here operates at the
level of graph structure and functional organisation. Even when individual outputs remain
valid and well-formed, the diversity of structural solutions collapses toward a small number
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of high-reward templates. This effect becomes visually apparent in Figure 11, which com-
pares the functional decomposition of a waffle maker (left) and an electric convection oven
(right). Although the products differ in internal mechanisms, the resulting decompositions
exhibit similar structural layouts. A comparable structural pattern can also be observed in
the right-hand example of Figure 7.

This phenomenon emerges early in training and persists throughout optimisation, indi-
cating that it is not a transient instability but a stable attractor of the learning dynamics. The
observed behaviour can be explained by the interaction between GRPO and deterministic
reward functions. Verifiable rewards sharply distinguish correct from incorrect structures,
creating a steep reward landscape in which a small subset of structural patterns dominates.
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Once these patterns are discovered, gradient updates disproportionately reinforce them,
suppressing alternative solutions even when they are semantically valid.

Crucially, standard GRPO objectives optimise expected reward without explicitly encour-
aging coverage of the solution space. As a result, the policy converges toward reward-
maximising modes rather than maintaining a diverse population of solutions.

4.2. Qualitative performance

Human raters assessed each decomposition along three dimensions — completeness,
logical correctness, and creativity — using a five-point Likert scale (1 = strongly dis-
agree, 5 = strongly agree). This evaluation provides insight into whether the observed
population-level mode collapse negatively affects perceived solution quality. Table 5
reports the mean ratings aggregated across all products and evaluators.

Across all three dimensions, both GRPO-trained models outperform the supervised fine-
tuned baseline. For completeness, SFT achieves a mean score of 3.06, while GRPO with
100 updates improves slightly to 3.11, and GRPO with 250 updates reaches 3.13. Although
these gains are modest, they indicate that reinforcement learning consistently reduces
missing functional elements compared to purely supervised training. Nevertheless, both
GRPO variants remain below GPT-40 (3.38) and the human baseline (3.40), suggesting that
RL primarily refines existing structures rather than expanding functional coverage.

The strongest qualitative effect of GRPO is observed in logical correctness. SFT receives
the lowest score in this dimension (3.01), indicating frequent issues in functional sequenc-
ing or causal structure. GRPO with 100 updates increases logical correctness to 3.16, and
extended training to 250 updates yields a substantial further improvement to 3.32, the
highest score among all automated systems. Notably, GRPO 250 even slightly exceeds the
human baseline (3.27) in logical correctness, while GPT-40 achieves a comparable score
(3.38). This result mirrors the quantitative findings, where GRPO achieves near-perfect rule
compliance and connectivity.

In contrast, creativity shows a weaker and non-monotonic response to reinforcement
learning. Supervised fine-tuning attains a mean creativity score of 2.54, which drops to
2.38 after 100 GRPO updates, indicating that early-stage RL training initially suppresses
exploratory variation. With extended training, creativity recovers to 2.57 at 250 updates,
marginally surpassing SFT but remaining below GPT-40 (2.67) and human participants
(2.76). This pattern suggests that reinforcement learning favours safe and conventional
functional decompositions rather than novel or unconventional ones.

When interpreted alongside the population-level collapse metrics, these qualitative
results reveal an important nuance. Despite a pronounced reduction in structural entropy

Table 5. Performance comparison of GRPO-based reinforcement learning models
against supervised fine-tuning, GPT-40, and human baseline (mean + SD).

Model Completeness Logic Creativity

GRPO (100 updates) 3.114£0.77 3.16 £0.80 2.38 £0.65
GRPO (250 updates) 3.13+£0.75 3.32+0.77 257 +£0.71
GPT-40 3.38+0.77 3.38+0.75 2.67 £0.81
Supervised fine-tuning 3.06£0.79 3.01+£0.78 2541077

Student-generated 3.40+0.76 3.27+£0.75 2.76+0.84
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and unique structure ratios during GRPO training, human raters continue to judge the gen-
erated decompositions as largely complete and logically correct. In particular, the increase
in logical correctness from 3.01 (SFT) to 3.32 (GRPO 250) occurs concurrently with strong
entropy decline, indicating that structural homogenisation does not negatively impact
perceived correctness.

This apparent contradiction highlights the difference between population-level diversity
and individual output quality. Mode collapse in this context does not imply that individ-
ual decompositions degrade in quality; rather, it reflects convergence toward a small set of
highly reliable functional templates. From a human evaluation perspective, these templates
are often sufficient to achieve high ratings in completeness and logical correctness.

Creativity, however, is more sensitive to this collapse. The consistently lower creativity
scores for GRPO-trained models — 2.38-2.57 compared to 2.67 (GPT-40) and 2.76 (humans)
- provide qualitative confirmation that population-level homogenisation constrains per-
ceived novelty and inventiveness. This aligns directly with the observed decreases in
structural entropy and increases in collapse ratio.

The qualitative evaluation demonstrates that population-level mode collapse is not
inherently detrimental when correctness and coherence are the primary objectives. GRPO
successfully identifies a narrow set of decompositions that score highly under both for-
mal structural rules and human judgments of logical soundness. Once these structures are
discovered, further exploration offers limited benefit under the current reward formula-
tion. This explains why GRPO 250 simultaneously achieves perfect structural correctness
(100% error-free) and the high logical correctness score (3.32), despite exhibiting reduced
diversity. In effect, reinforcement learning trades breadth of exploration for consistency
and reliability, leading to high perceived performance even under conditions of structural
convergence.

5. Conclusions and future work

This work positions reinforcement learning from verifiable feedback as a concrete and scal-
able mechanism for human-Al collaboration in generative engineering design. By encod-
ing domain expertise into explicit, rule-based verifiers and integrating them directly into
the learning loop, RLVF transforms human knowledge from static supervision into an adap-
tive and inspectable optimisation signal. This enables Al systems to improve autonomously
while remaining aligned with formal engineering constraints.

Applied to the foundational task of functional decomposition, we demonstrate that
verifiable reinforcement substantially improves structural validity over supervised fine-
tuning, without requiring additional labelled data. Through GRPO-based optimisation, the
model converges to fully connected, syntactically valid, and error-free functional repre-
sentations, achieving performance levels that match or exceed strong baselines in logical
correctness. Human evaluation confirms that these improvements are not merely formal
but perceptually meaningful, particularly in terms of functional coherence and reasoning
quality.

At the same time, our population-level analysis reveals a fundamental tradeoff inherent
to verifiable reinforcement. While structural correctness improves monotonically, struc-
tural diversity decreases as training progresses, resulting in mode collapse at the level of
functional graph structure. Importantly, this collapse does not correspond to a decline in
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perceived quality. Instead, reinforcement learning identifies a small set of robust, reusable
functional templates that reliably satisfy engineering constraints. From an engineering
design perspective, this behaviour is often desirable: consistency, correctness, and pre-
dictability are frequently more valuable than unrestricted variability.

These results clarify why high performance can coexist with population-level collapse. In
rule-governed design tasks, exploration beyond a certain point offers diminishing returns
once valid solution schemas are discovered. RLVF thus naturally biases learning toward
stable design patterns that encode expert knowledge in a reproducible form, effectively
externalising human design heuristics into the model’s policy.

Looking forward, a central direction for future work lies in extending verifiable reinforce-
ment beyond purely local correctness objectives. First, reward functions that operate at
the population level represent a critical extension. The current GRPO formulation optimises
expected reward independently for each generated decomposition and does not account
for redundancy across outputs. Future work should therefore incorporate group-aware or
population-aware reward components (Anschel et al. 2025) that explicitly penalise struc-
tural similarity within a batch or across training iterations. Such rewards could operate on
graph-level similarity metrics — such as node-edge overlap, structural Jaccard similarity
(Alarcon 2019), or graph edit distance (Sanfeliu and Fu 1983) — and encourage coverage
of multiple valid solution modes rather than convergence to a single dominant template.

Beyond population-level objectives, future work should also expand the semantic cover-
age of the verifier itself. While the current rule set enforces syntactic validity and structural
connectivity, additional constraints could be formalised at the edge and operator level.
For example, rules could ensure that functional flows remain type-consistent along edges,
that transformations occur only at designated operator nodes, or that specific operator
sequences are disallowed when they violate domain logic, such as redundant consecu-
tive transformation steps. Such extensions would move verification from purely structural
correctness toward structured semantic coherence. A further extension could introduce a
secondary reward component that evaluates contextual plausibility of functional transfor-
mations. For instance, an auxiliary language-model-based critic could assess whether node-
level transformations are physically meaningful within the given product context, while
the primary deterministic verifier continues to enforce formal correctness. This hybrid for-
mulation would preserve the transparency of rule-based validation while allowing gradual
incorporation of higher-level domain semantics.

More broadly, this work advances a model of codified human-Al collaboration in gener-
ative engineering design. In our framework, domain expertise is not provided through sub-
jective supervision but formalised directly as verifiable rules embedded in the reward func-
tion. Reinforcement learning then determines how these codified constraints are satisfied
across diverse design instances. Our empirical results demonstrate that this paradigm yields
structurally correct, logically coherent, and reproducible design representations, while
revealing a principled tradeoff between correctness and diversity under KL-regularized
optimisation.

The underlying principle is not limited to functional decomposition. Any generative
engineering task in which feasibility is governed by deterministic validation procedures
is structurally compatible with this framework. In parametric CAD design, geometric
constraint systems already encode dimensional and relational consistency. In structured
simulation-oriented design workflows, configuration models are validated through formal
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rule-based checks prior to execution. In such domains, expert knowledge is already partially
codified within validation mechanisms. Verifiable reinforcement transforms these valida-
tion systems into optimisation signals, allowing correctness criteria to directly guide learn-
ing. Wherever domain expertise can be formalised as explicit validation logic, it becomes
directly optimisable through reinforcement learning.

In this sense, verifiable reinforcement represents more than a training technique; it
defines an architectural principle for engineering Al systems. Experts specify what must be
correct through formal, inspectable rules, and learning algorithms discover how those con-
straints can be satisfied efficiently and consistently. Future work in expanding rule coverage
and incorporating population-aware objectives can further refine the balance between
reliability and diversity. Together, these results position RLVF as a scalable foundation for
correctness-driven generative design and structured, transparent human-Al collaboration
in engineering practice.
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