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ABSTRACT
Engineering design relies heavily on heuristics, yet there

is a lack of systematic methods for identifying and validating
design heuristics. This paper introduces a computational ap-
proach to representing engineering design problems that involve
decomposition and assignment decisions, facilitating systematic
extraction of generalizable heuristics. We model design processes
using a Markov Decision Process (MDP) framework, character-
izing problems through attributes of the problem space, solver
capabilities, and trade-o!s embedded within preference func-
tions. Reinforcement learning methods are employed to learn
optimal policies, from which we extract inclusionary and exclu-
sionary heuristics using Gaussian Mixture Models. The e!ective-
ness of the approach is demonstrated through two case studies:
solver-aware system architecting (SASA) for a robotic arm de-
sign and sequential information acquisition in parametric design
optimization. The results highlight the context-dependent nature
of learned heuristics, demonstrating how problem complexity,
designer preferences, and solver characteristics influence their
selection.
Keywords: Design heuristics, decision making, rein-
forcement learning, systems engineering

1. INTRODUCTION
Engineering design problems are inherently complex, ill-

structured, and characterized by uncertainty and resource con-
straints [1]. Designers navigate these complexities by employing
heuristics, context-dependent directives based on intuition, tacit
knowledge, or experiential understanding, to e!ciently reach sat-
isfactory solutions [2, 3]. Despite their widespread use and rec-
ognized importance in engineering design [4, 5], heuristics are
often extracted informally or implicitly from specific contexts
without a systematic approach to generalization [6].

In contrast, fields such artificial intelligence (AI) have for-

malized heuristics as principles guiding decision-making toward
e"ective solutions in computationally demanding scenarios [7, 8].
Pearl’s [7] research on heuristics informs that a clear, formal prob-
lem representation is essential for extracting e"ective heuristics,
linking the success of heuristic methods directly to how well the
problem is defined.

Within the engineering design literature, the lack of a shared
representation of design problems across di"erent problem con-
texts limits our ability to systematically extract and generalize
heuristics. Existing research often focuses on specific systems or
applications without explicitly defining the boundaries or char-
acteristics of the broader class of problems being addressed. For
example, heuristics have been identified for space mission de-
sign in NASA’s Jet Propulsion Laboratory (JPL) [4], yet these
heuristics are presented without clear delineation of the underly-
ing problem representation or scope. As a result, it is challenging
to generalize these heuristics beyond their original context or to
formally describe the conditions under which they are valid.

In contrast, well-established computational problems such as
the Traveling Salesman Problem (TSP) provide clear examples
of how shared representations of the problems enable e"ective
identification of heuristics. The TSP represents a class of network
optimization problems with universally agreed-upon abstractions.
Consequently, researchers can systematically develop and evalu-
ate heuristics tailored to specific network structures, e.g., random
networks versus small-world networks, and determine when a
heuristic performs best [9–11].

We highlight that e"ective heuristic extraction requires not
only clear problem representation but also identification of dis-
tinct classes of problems within which heuristics can reliably
generalize. Without such formalism, heuristic extraction remains
ad-hoc and context-specific, limiting progress toward systematic
improvements in engineering design practice.

To address this gap, we propose a formal approach to rep-
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TABLE 1: COMPARATIVE ANALYSIS OF HEURISTIC EXTRACTION APPROACHES IN ENGINEERING DESIGN

Study Problem Representation Heuristic Type Generalizability
Yilmaz et al.
(2011) [5]

Textual design briefs with implicit
constraints

Cognitive strategies Domain-specific (early-stage prod-
uct design)

Fu et al.
(2019) [4]

Mission requirement documents
with parametric constraints

Procedural rules Mission-specific (limited to NASA
systems)

Deshmukh et
al. (2016) [6]

Optimization formulations (e.g.,
min 𝐿 (𝑀) s.t. 𝑁(𝑀) → 0)

Constraint management Algorithm-specific (dependent on
numerical methods)

Pearl and
Meisel (2024)
[12]

Open-ended concept generation
without manufacturing constraints

Manufacturing-based (TM
vs. AM) heuristics

Limited to contexts with similar de-
signer experience levels

Pearl and
Meisel (2025)
[13]

Student-generated design concepts
evaluated against predefined TM
and AM heuristics

DfM guidelines Educational contexts requiring
expert-guided interventions

Proposed
Framework

Markov Decision Process
(𝑂, 𝑃,𝑄 , 𝑅, 𝑆)

Policy mappings between
problem classes and design
processes

Class-based generalization across
decomposition/assignment prob-
lems

resenting engineering design problems involving decomposition
and assignment decisions that is applicable across various do-
mains including parametric design optimization, engineering de-
sign, and systems engineering. We argue that explicitly defining
such representations enables systematic extraction of general-
izable heuristics. Specifically, we introduce a framework that
characterizes design problems through attributes of the problem
space (e.g., complexity, coupling), solver capabilities (e.g., exper-
tise), and trade-o"s embedded within preference functions (e.g.,
resource constraints). By adopting this structured representation,
we identify new avenues for heuristic extraction analogous to
those successfully used in algorithmic contexts [7, 8, 14].

The contributions of this paper are threefold:

1. a formal representation of engineering design processes in-
volving decomposition and solver assignment decisions,

2. demonstration of how the structured representation en-
ables systematic extraction of heuristics using reinforcement
learning methods, and

3. illustration of how extracted heuristics generalize across
multiple instances within clearly defined classes of engi-
neering design problems.

To validate our approach, we analyze the existing literature
on heuristic extraction in engineering design and identify limita-
tions arising from informal or implicit problem representations
as shown in Table 1. We further illustrate our framework through
case studies involving robotic system architecting and sequen-
tial information acquisition in engineering design. These exam-
ples highlight how formalizing problem representations facilitates
meaningful comparisons across diverse contexts demonstrating
that clear abstractions not only facilitate heuristic extraction but
also significantly enhance our ability to generalize these insights
across broader classes of complex design problems.

2. LITERATURE REVIEW
Heuristics have been studied in several di"erent domains.

Within engineering design, design heuristics have been inves-
tigated from the perspective of creating novel design solu-
tions while managing the complexity of the design process [2–
6, 12, 13]. Researchers in cognitive psychology have studied
heuristics used by human decision makers as deviations from
rationality, and the resulting cognitive biases [15–20]. Within
computer science and artificial intelligence communities, heuris-
tics have been studied to develop e!cient algorithms to solve hard
computational problems [7–11, 14]. In this section, we provide
a brief review of the literature in these three domains.

2.1 Heuristics in Engineering Design
Based on a thorough evaluation of the definitions of heuris-

tics, Fu et al. [2] define heuristics as “context-dependent direc-
tives, based on intuition, tacit knowledge, or experiential under-
standing, which provides design process direction to increase
the chance of reaching a satisfactory but not necessarily optimal
solution.”

Heuristics are used throughout the design process, including
the creation of new design concepts during the conceptual stage
and decision making in the later stages of design. Through a pro-
tocol study, Yilmaz et al. [3] found that heuristics are frequently
used by engineers in di"erent domains during conceptual design.
Yilmaz et al. [5] show how the use of heuristics by expert de-
signers in the early stages of product design leads to novel and
creative solutions.

Heuristics also play an important role in early-stage systems
design. By interviewing ten experts at the Jet Propulsion Lab-
oratory (JPL), Fu and Paredis [4] identified 101 heuristics used
in the design of space missions. In the later stages of design,
such as in design optimization, heuristics are used to reduce
the complexity of finding optimal designs. Deshmukh et al. [6]
show that while these heuristics help manage design optimization
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tasks, they can also lead to unnecessary constraints and cogni-
tive biases. Pearl and Meisel [12] examined the influence of
prior manufacturing experiences and heuristic priming on early
stage engineering designs. Their findings indicated that novices
naturally produced designs that are more suitable for traditional
manufacturing (TM) than additive manufacturing (AM). How-
ever, greater familiarity with AM processes led to designs that
benefited AM-specific heuristics, particularly complexity incor-
poration. Based on these results, Pearl and Meisel [13] assessed
the manifestation of design-for-manufacturing (DfM) heuristics
and found discrepancies between students’ self-assessments of
heuristic usage and expert evaluations, suggesting that students
often overestimate their application of relevant heuristics. They
highlighted specific DfM heuristics, notably “incorporating com-
plex shapes” and “avoiding large, flat regions,” significantly im-
proving additive manufacturability. Their study emphasized the
importance of structured interventions and explicit guidance on
heuristics early in the design process to better align student heuris-
tics with intended manufacturing methods.

2.2 Heuristics in Cognitive Psychology
Heuristics have been studied extensively in psychology as an

alternative to rational decision making. Tversky and Kahneman
[15] classify decision-making heuristics into representativeness,
availability, adjustment, and anchoring. Heuristics are consid-
ered e!cient cognitive processes, conscious or unconscious, that
ignore part of the information [16]. Heuristics help in making
decisions more quickly, frugally, and/or accurately than more
complex methods.

In contrast to the view that heuristics are procedural simpli-
fications from rational models, recent work in cognitive science
suggests that the use of heuristics is rational if we account for the
cognitive constraints [17, 18]. Lewis et al. [19] have coined the
phrase “computational rationality” to emphasize that theories of
rational behavior should account for computational and cognitive
constraints, and the cost of cognitive e"ort [20].

2.3 Heuristics in Computer Science
Within the computer science (CS) and artificial intelligence

(AI) literature, heuristics are used to solve complex computa-
tional problems, such as the traveling salesman problem. Pearl
defines heuristics as “criteria, methods, or principles for deciding
which among several alternate courses of action promises to be
the most e"ective in order to achieve some goal” [7]. Several ef-
forts have been devoted to developing good heuristics for specific
computational problems.

Within AI research, heuristics are used to design computa-
tional agents that mimic human behavior. The use of heuristics
is particularly prominent in the reinforcement learning literature,
where agents use heuristic policies for learning, such as pure ex-
ploration, pure exploitation, excitation policies, epsilon-greedy
exploration, Boltzmann exploration, Upper confidence bounding,
and Thompson sampling [14].

In summary, the usefulness of heuristics is well recognized
in each of these fields. It is also recognized that di"erent heuris-
tics have di"erent e"ectiveness under di"erent conditions, such

as di"erent resource constraints. However, there is a lack of nor-
mative understanding of heuristics, which can guide designers
to choose the right heuristics considering the nature of the prob-
lem. Therefore, there is a need for approaches for determining
the appropriateness of heuristics for the problems commonly en-
countered in engineering design. To address this need, we present
a reinforcement learning-based approach to determine the heuris-
tics that a resourced constrained rational agent should use. The
approach is discussed in the following section.

3. UNIFIED METHODOLOGY FOR HEURISTIC
EXTRACTION
Given the inherently ill-structured nature of design prob-

lems [1], designers use their expertise and knowledge to define
and shape a unique problem space specific to each design task.
This constructed problem space comprises the set of possible
ideas and solutions accessible to a designer, serving as a cogni-
tive framework for performing design activities [21]. By provid-
ing a mental structure, the design problem space aids designers
in exploring, generating, and evolving ideas, thus helping them
manage and navigate the inherent complexities associated with
the design process [22]. Within this cognitive space, concepts
emerge, undergo iterative refinement, and ultimately are embod-
ied in tangible artifacts whose performance can be evaluated. The
design process involves the exploration and navigation of the de-
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FIGURE 1: ILLUSTRATION OF DESIGN PROBLEM SPACE
AND DESIGN PROCESS SPACE.
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sign problem space. This navigation occurs through what Gero
terms the Function-Behavior-Structure (FBS) framework [23],
where designers move between di"erent representations of the
design problem while seeking solutions.

A design process can be conceptualized as a networked ar-
rangement of activities. Each activity type serves specific func-
tions within the broader design process, such as synthesis, anal-
ysis, evaluation, or reformulation. The design process space
represents the collection of all possible design processes, which
maps to a corresponding design process performance space. This
space interacts with the design problem space, which in turn maps
to the design performance space as shown in Figure 1. The rela-
tionship between these spaces helps to understand how di"erent
design processes lead to di"erent outcomes.

To illustrate how the characteristics of a given problem influ-
ence the selection of solution approaches in practice, we exam-
ine two classes of problems that demonstrate this relationship–
optimization problems and the Traveling Salesman Problems
(TSP) which is a specific optimization problem.

Optimization problems can be solved by various approaches
such as gradient-based optimization [24], gradient-free opti-
mization [25], and surrogate-based optimization [26]. The
characteristics of the problem at hand such as convexity, continu-
ity, di"erentiability, presence of noise and cost of evaluation can
help guide in the selection of an approach. Determining whether
a design optimization problem is convex is often not straightfor-
ward. However, experience can help designers identify situations
in which the problem can be e"ectively reformulated into a con-
vex form. Typically, convexity arises in cases characterized by
straightforward objective functions and constraints such as in con-
trol applications where optimization is performed repeatedly [27].
Although general gradient-based or gradient-free techniques can
solve convex problems, neglecting to explicitly leverage the struc-
ture of a convex formulation is ine!cient. Next, it is important to
consider whether the underlying model is continuous and di"er-
entiable, or can be made smooth through model improvements.
For large-scale design problems (typically involving tens or more
design variables), gradient-free optimization methods generally
become computationally prohibitive. In such cases, algorithms
that rely on gradient computations are usually recommended [28].
Consequently, it may be necessary to enhance model smoothness
to facilitate gradient-based approaches or otherwise reduce di-
mensionality if gradient-free methods are to be employed. When
problems lack di"erentiability or involve noisy and computation-
ally expensive evaluations, surrogate-based optimization methods
o"er an alternative way forward [26]. If we choose the surrogate-
based optimization, we can still use a gradient-based approach to
optimize the surrogate model because most such models are dif-
ferentiable. Finally, for problems with a relatively small number
of design variables, gradient-free methods can be a good fit [28].

Another example where the problem type can help guide
design process is the Travelling Salesman Problem [9]. In the
context of the Traveling Salesman Problem (TSP), design pro-
cess selection refers to choosing the most appropriate algorithm
or heuristic method to solve the problem based on specific charac-
teristics and constraints. Solutions to TSP can be broadly classi-
fied as construction heuristics [29] such as nearest neighbors and

insertion methods, improvement heuristics [30] such as 2-opt, 3-
opt and Lin-Kernighan [31] and meta-heuristic approaches such
as genetic algorithms [32], ant colony [11] and particle swarm
optimization [33]. Considerations such as problem structure,
size, and the desired balance between speed and solution quality
can guide practitioners to choose the most appropriate method for
their particular application. In Euclidean TSPs, where distances
satisfy the triangle inequality, simpler construction heuristics like
nearest neighbor or insertion methods can provide reasonable ini-
tial solutions quickly [29]. For small to moderate instances (typ-
ically fewer than 100 cities), simple improvement heuristics such
as 2-opt or 3-opt can e"ectively refine initial solutions to near-
optimality [10]. However, as the size of the problem grows, the
computational cost of examining all possible edge exchanges be-
comes prohibitive, necessitating other approaches. When dealing
with larger instances, metaheuristic approaches, such as genetic
algorithms or ant colony optimization become more attractive
despite their higher complexity [11]. These methods can e"ec-
tively navigate vast solution spaces by maintaining population
diversity and avoiding premature convergence to local optima.
However, they require careful parameter tuning and typically de-
mand more computational resources than simpler heuristics. The
available computational budget and solution quality requirements
also play crucial roles in algorithm selection. When quick solu-
tions are needed, construction heuristics provide fast results, al-
though potentially suboptimal. For applications requiring higher
quality solutions and allowing longer computation times, hybrid
approaches combining multiple heuristics often prove to be the
most e"ective [9].

The e"ectiveness of a particular design process is inher-
ently linked to the characteristics of the design problem it aims
to solve, as illustrated in the cases of the optimization problem
and the Traveling Salesman Problem. The alignment between
process capabilities and problem requirements is therefore cru-
cial for achieving optimal outcomes. This relationship suggests
that certain design processes are more appropriately suited for
specific classes of design problems, based on factors such as
the complexity of the problem, the types of constraints, and the
desired outcome characteristics. In this section, we describe a
framework for understanding how design processes can be se-
lected based on the specific requirements and characteristics of
the design problem at hand.

3.1 Modeling Design Problems
A design problem can be mathematically represented as 𝑇,

where the objective is to find a solution 𝑈 within the design space
X. The design space encompasses all possible combinations of
design variables, such as material properties, geometric parame-
ters, or component configurations. Each solution 𝑈 ↑ Xmaps to
a point 𝑉 ↑ Y in the performance space. The performance space
Y can include metrics such as mass, e!ciency, cost, or sti"ness
that are used to evaluate the design.

3.2 Modeling the Design Process
Complex engineering design problems typically follow a

structured process that involves decomposition, resource allo-
cation, and sequential problem-solving. The design process can
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FIGURE 2: EXAMPLES ILLUSTRATING (A) DESIGN PROCESS, (B) SOLVER POOL, (C) POLICIES, AND (D) HEURISTICS.

be conceptualized as follows:
1. Problem Decomposition: The overall problem 𝑇 is recur-

sively divided into subproblems or modules 𝑊𝐿 , where each
module represents a logically related set of tasks with in-
ternal coupling within the module, loose coupling between
modules, and hando" rules defining module interactions.
For example, in aircraft design, the problem may be decom-
posed into fuselage design, wing optimization, and propul-
sion system selection.

2. Resource Allocation: Each module 𝑊𝐿 is allocated a
portion of the total resource budget 𝑋. The allocation
{𝑋1, 𝑋2, ..., 𝑋𝑀 } must satisfy

)︄𝑀
𝑁=1 𝑋𝑁 → 𝑋, reflecting con-

straints on overall available resources such as time, money,
computational power, or human e"ort.

3. Solver Assignment: Each module 𝑊𝐿 is assigned a solver 𝑌𝐿
from a pool of solversS, which may include domain experts,
novices who are generalists with limited expertise, crowd-
sourced tournaments in which a group of participants com-
peting to provide solutions or algorithms such as Bayesian
optimization. Each solver-module pair incurs a cost, which
is deducted from the module’s budget. Costs may repre-
sent computational expenses for algorithms or contractual
compensation for human solvers.

4. Problem Solving: Within each module, the problem-
solving process follows an iterative sequence (either im-
plicitly in humans or explicitly by algorithms), as shown
in Figure 2. At each iteration 𝑍, the following steps are
performed:

(a) Design Space Representation: The relationship be-
tween design variables and performance metrics is ap-
proximated as: 𝐿 (𝑈) : X↓ Y, where 𝑈𝑂 ↑ X repre-
sents a design point in the design space, and𝑉𝑂 = 𝐿 (𝑈𝑂 )
is its corresponding performance in the performance
space. Algorithmic solvers employ surrogate models
(e.g., Gaussian Processes (GP) [34] or Neural Net-
works [35]) to represent the design space whereas
human solvers do this implicitly. Experts have more
prior observations in this space and less uncertainty in
performance compared to novices.

(b) Design Selection: The next design point is identi-
fied by maximizing its acquisition function 𝑎 over
the domain based on the current state of knowl-
edge: 𝑈𝑂+1 = arg max𝑃↑X𝑎(𝑈 |𝑏𝑂 ), where 𝑏𝑂 =
{(𝑈1,𝑉1), ..., (𝑈𝑂 ,𝑉𝑂 )} is the state of knowledge after
𝑍 iterations. Algorithms for Bayesian optimization use
acquisition functions such as Expected Improvement
[36] and Upper Confidence Bound (UCB) [37]. Hu-
mans are known to use expected utility-based models
and fast and frugal heuristics in some cases [38].

(c) Performance Evaluation: The selected design point
𝑈𝑂 is evaluated through experiments, which may in-
volve building physical prototypes or conducting com-
putational simulations: 𝑉𝑂 = 𝐿 (𝑈𝑂 ).

(d) Knowledge Update: The state of knowledge is up-
dated with the new observation: 𝑏𝑂+1 = 𝑏𝑂 ↔ (𝑈𝑂 ,𝑉𝑂 ).

(e) Termination: Deciding whether to stop or continue
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exploration using criterion 𝑐. The iterative process
continues until terminated. The stopping criterion can
be based on convergence or when a budget limit is met.

5. Integration: Results from individual modules are inte-
grated according to the predefined interfaces and hando"
rules to form a complete system solution.
This general framework can be instantiated for specific de-

sign contexts. For example, in sequential experimentation, mod-
ules might correspond to function learning, information acquisi-
tion, and stopping criteria determination. In system architecting,
modules might align with functional subsystems like grasping,
reaching, or controlling mechanisms.

The output of the design process can be a single optimal so-
lution 𝑈

↗ = arg max𝑃↑X 𝐿 (𝑈), representing the best-performing
design within the constraints or, a Pareto-optimal set of solutions
P = {𝑈 |𝑈 ↘ : 𝐿 (𝑈 ↘) > 𝐿 (𝑈) for all objectives}.

3.3 Design Process Heuristics
A class of problems Crepresents a set of related design prob-

lems that share similar characteristics, objectives or constraints.
C = {𝑇1, 𝑇2, ..., 𝑇𝑄} where each problem 𝑇𝑁 has, a design space
X𝑁 , a performance space Y𝑁 , a preference function 𝑑𝑁 (𝑉 ) and
a budget constraint 𝑋𝑁 . For complex problems, decomposition
splits the problem 𝑇 into modules {𝑊1,𝑊2, ...,𝑊𝑀 }.

Policies 𝑒 on the design process space can specify:
• Decomposition: How to partition the problem 𝑒 : 𝑇 ↓
{𝑊1,𝑊2, ...,𝑊𝑀 },

• Resource allocation: How to distribute budget across mod-
ules 𝑒 : 𝑋 ↓ {𝑋1, 𝑋2, ..., 𝑋𝑀 } where

)︄𝑀
𝑁=1 𝑋𝑁 → 𝑋,

• Solver assignment: Mapping from modules to solvers 𝑒 :
𝑊𝑁 ↓ 𝑌𝑅 where 𝑌𝑅 ↑ S,

• Problem solving: Constraints on the sequential information
acquisition within modules 𝑒 : (𝑏𝑂 , 𝑋𝑂 ) ↓ { 𝐿 , 𝑎, 𝑐}.
A heuristic 𝑒

↗ is an optimal policy on the design process
space for a class of problems,

𝑒
↗ = arg max

𝑆↑H
E𝑇↑C[𝑑 (𝑒(𝑌)) |𝑌 ↑ G𝑇]

where H is the space of possible design process constraints and
G𝑇 represents the situations encountered in problem 𝑇.

3.4 Markov Decision Process Formulation
In prior work, we have demonstrated the e"ectiveness of re-

inforcement learning approaches for extracting heuristics in spe-
cific contexts: solver assignment in systems architecting [39] and
resource allocation in hierarchical systems design [40]. How-
ever, these approaches were applied to specific problem instances
without a unifying theoretical framework to enable generaliza-
tion across di"erent classes of engineering design problems. We
adopt a Markov Decision Process (MDP) framework and for-
mally define our MDP as the tuple (𝑂, 𝑃,𝑄 , 𝑅, 𝑆), where each
component is described as follows:

State Space (𝑂): Each state 𝑌 represents the current status of
solver-module assignments within the design process, including
historical decisions and their outcomes. Formally, a state is
defined as:

𝑌𝑂 = {(𝑊1, 𝑌1), (𝑊2, 𝑌2), ..., (𝑊𝑂 , 𝑌𝑂 )}

and it captures historical solver assignments made up to iteration 𝑍.
Each module 𝑊𝐿 corresponds to a distinct subproblem within the
hierarchical decomposition of the design problem. The remaining
available budget or resource constraints at iteration 𝑍 is implicitly
encoded within this representation. Thus, states encapsulate both
past solver-module combinations and their impact on resource
availability and design performance. Formally, a terminal state
𝑌𝑈 is a state where no further actions (solver-module assignments)
can be taken or are necessary. This occurs at the final iteration 𝑄

where either all modules have been assigned solvers, the available
budget has been fully consumed, or the design objectives have
been satisfied to a predetermined degree.

Action Space (𝑃): The action space consists of all possible
solver-module combinations. Actions correspond to selecting
solver-module combinations from a predefined set. At each state,
an action is formally represented as:

𝑓𝑂 = (𝑊𝑂+1, 𝑌𝑂+1)

where: 𝑊𝑂+1 is the next module or subproblem to be addressed
and 𝑌𝑂+1 ↑ S is the solver assigned from a predefined pool of
solvers. The solver pool may include domain experts (Exp),
novices (Nov), specialists (e.g., Grasping Specialist, Software
Specialist) or computational models (e.g., Gaussian Process, Ex-
pected Improvement).

Each action thus identifies a specific solver-module pairing
decision that advances the design process toward completion.

Transition Probability Function (𝑄): The transition func-
tion describes how states evolve probabilistically given current
states and actions. It is defined as:

𝑄 (𝑌↘ |𝑌, 𝑓) = 𝑇(𝑌𝑂+1 = 𝑌
↘ |𝑌𝑂 = 𝑌, 𝑓𝑂 = 𝑓)

In our formulation, transitions capture uncertainties inherent
in evaluating new designs (e.g., noisy simulations or experimen-
tal variability), solver performance variability (e.g., expert versus
novice outcomes), and budget consumption dynamics. We as-
sume that transitions are stationary and satisfy the Markov prop-
erty by explicitly encoding historical information within each
state.

Reward Function (𝑅): The reward function quantifies im-
mediate utility or cost associated with each action taken from a
given state:

𝑅(𝑌, 𝑓) : 𝑂 ≃ 𝑃 ↓ R

In our framework, rewards explicitly incorporate preference func-
tions (𝑔) that balance multiple competing objectives such as cost
minimization, accuracy maximization, computational e!ciency,
or solution robustness. This formulation assumes that utility is a
linear combination of the objectives. For example, given two con-
flicting objectives, cost ( 𝐿1 (𝑈)) and quality ( 𝐿2 (𝑈)), the reward
associated with evaluating a new design point can be expressed
as:

𝑅(𝑌𝑂 , 𝑓𝑂 ) =
[︄

0 if 𝑌𝑂+1 is not terminal
𝑔 𝐿2 ⇐ (1 ⇐ 𝑔) 𝐿1 if 𝑌𝑂+1 is terminal

Similarly, actions involving solver assignments incur rewards
based on solver-specific costs and expected solution quality im-
provements.
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FIGURE 3: ILLUSTRATION OF REINFORCEMENT LEARNING AND EXTRACTION OF HEURISTICS. THE DESIGN PROBLEM THAT
CAN BE SOLVED WITH THREE DESIGN PROCESS CONTAINING TWO OR THREE MODULES. THE SOLVER POOL CONTAINS
TWO SOLVERS CAN BE ASSIGNED TO DIFFERENT MODULES IN THE DESIGN PROCESS FOR PROBLEM SOLVING.

Discount Factor (𝑆): The discount factor 𝑆 ↑ [0, 1) bal-
ances immediate versus future rewards. A value close to zero
emphasizes immediate outcomes; values approaching one prior-
itize long-term cumulative performance.

At time 𝑍, the agent can observe the environment state 𝑂𝑂 .
By taking an action, 𝑓, at time, 𝑍, the agent interacts with the
environment producing a new state, 𝑂𝑂+1, receives a reward, 𝑅𝑂+1,
as a result. The sum of all the future rewards 𝑕𝑂 , that agent can
receive is,

𝑕𝑂 = 𝑅𝑂+1 + 𝑆𝑅𝑂+2 + 𝑆
2
𝑅𝑂+3 + ... =

⇒]︄
𝑁=0

𝑆
𝑁
𝑅𝑂+𝑁+1.

The behavior of an RL agent is determined by a policy 𝑖 which
maps states to actions (deterministic policy), or states to a proba-
bility distribution over actions (stochastic policy). The objective
of an RL agent is to maximize the expected discounted return

E𝑉

⌊︄ ⇒]︄
𝑁=0

𝑆
𝑁
𝑅𝑂+𝑁+1

⌋︄
. We measure this objective by a value func-

tion, which measures the expected discounted return after taking
the action 𝑓 in state 𝑌:

𝑗𝑉 (𝑌, 𝑓) = E𝑉 [𝑕𝑂 |𝑌𝑂 = 𝑌, 𝑓𝑂 = 𝑓]

= E𝑉

⌊︄ ⇒]︄
𝑁=0

𝑆
𝑁
𝑅𝑂+𝑁+1 |𝑌𝑂 = 𝑌, 𝑓𝑂 = 𝑓

⌋︄
.

(1)

This MDP formulation provides a structured representation
of sequential decision-making in engineering design processes
involving decomposition into subproblems, solver assignments,
and sequential information acquisition decisions. By explicitly
modeling states as combinations of current designs, accumu-
lated knowledge histories, and budget constraints, and defining
actions as solver selections or information acquisition decisions,
we capture essential dynamics underlying complex design scenar-
ios. Furthermore, integrating explicit preference functions into
reward definitions enables systematic consideration of trade-o"s
among competing objectives inherent in real-world engineering
problems.

3.4.1 Assumptions for Tabular MDP
Representation. To ensure tractability and theoretical
soundness of our MDP formulation, particularly when employ-
ing tabular reinforcement learning methods, we make several
assumptions:

1. Discrete and Finite State-Action Space: We discretize
continuous design variables and knowledge states into finite
sets to enable tabular representation.

2. Markov Property: The next state depends solely on the
current state and action taken, independent of prior history.
We achieve this by explicitly encoding historical information
within our state representation.

3. Stationary Transition Dynamics: Transition probabilities
remain constant over time. This assumption holds under
controlled experimental conditions and stable environmental
contexts.

4. Bounded Rewards: Immediate rewards are bounded to en-
sure convergence of reinforcement learning algorithms.
These assumptions enable us to leverage standard tabular

reinforcement learning algorithms (e.g., Q-learning) to systemat-
ically explore and evaluate heuristic policies [8].

3.4.2 Reduction to Multi-Armed Bandit Problems in
Special Cases. In certain simplified scenarios within our
framework, the general MDP formulation reduces naturally to
a Multi-Armed Bandit (MAB) problem. This simplification oc-
curs when:

1. The decision horizon is e"ectively one step (single-action
selection without sequential dependencies).

2. State transitions do not depend on actions (i.e., stationary
states), or all actions lead to equivalent future states.
Under these conditions, the problem simplifies from sequen-

tial decision-making to selecting among competing alternatives
based on uncertain rewards. Recognizing these special cases
allows us to apply simpler algorithms (e.g., Upper Confidence
Bound or Thompson Sampling), significantly reducing computa-
tional complexity [8].
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3.5 Extraction of Heuristics
To systematically derive actionable heuristics from learned

RL policies, we propose a structured heuristic extraction approach
that analyzes reward histories to determine optimal solver assign-
ments for each subproblem or module in the design process. An
example of this is shown in Figure 3. Our methodology focuses
on identifying both inclusionary and exclusionary recommen-
dations for solver assignments, with the constraint that at least
one solver must be included for each module. We first identify
high-performing state-action pairs based on learned value func-
tions from the RL policy. Specifically, we define a confidence
threshold 𝑘, representing a minimum acceptable performance
level relative to other choices.

3.5.1 Gaussian Mixture Model Clustering. After col-
lecting su!cient reward history data from the reinforcement
learning process, we extract heuristics using a comparison.
For each module 𝑊𝑁 , we consider all possible solver assign-
ment combinations represented as a set of constraints 𝑕𝑁 =
{𝑁1, 𝑁2, . . . , 𝑁𝐿}. Each constraint 𝑁𝑅 ↑ 𝑕𝑁 consists of a pair
(𝑂+𝑅 , 𝑂⇐𝑅 ) where 𝑂

+
𝑅 denotes the set of solvers to include (at least

one solver must be included) and 𝑂
⇐
𝑅 denotes the set of solvers to

exclude (can be empty). We formalize this constraint as |𝑂+𝑅 | ⇑ 1
and 𝑂

+
𝑅 ⇓𝑂⇐𝑅 = ⇔. For each constraint 𝑁𝑅 , we compute the probabil-

ity that the reward obtained using this constraint exceeds the per-
formance of a solution obtained by the opposite constraint. This
probability is formally defined as 𝑇(𝑁𝑅 ) = Pr(𝑅(𝑁𝑅 ) > 𝑅(𝑁̄𝑅 ))
where 𝑁̄𝑅 represents the opposite constraint. A constraint 𝑁𝑅 is
considered a valid heuristic if its probability exceeds a predefined
confidence threshold 𝑘, 𝑇(𝑁𝑅 ) ⇑ 𝑘.

By varying the threshold parameter 𝑘, we control the speci-
ficity versus generality of the extracted heuristics: higher thresh-
olds yield fewer but more reliable heuristics, whereas lower
thresholds result in broader applicability but potentially re-
duced reliability. To identify distinct decision-making con-
texts that might warrant di"erent solver assignment strategies,
we apply Gaussian Mixture Models (GMMs) to cluster high-
performing state-action pairs. Formally, a GMM with 𝑙 com-
ponents models the probability density function of data points 𝑀
as 𝑚(𝑀 |𝑛) =

)︄𝑊
𝐿=1 𝑖𝐿N(𝑀 |𝑜𝐿 , ω𝐿), where 𝑖𝐿 are mixing coe!-

cients satisfying
)︄𝑊

𝐿=1 𝑖𝐿 = 1, N(𝑀 |𝑜𝐿 , ω𝐿) denotes the Gaussian
distribution with mean vector 𝑜𝐿 and covariance matrix ω𝐿 for
component 𝑝 . To select the optimal number of clusters (𝑙),
we employ the Bayesian Information Criterion (BIC), defined
as BIC = ⇐2 ln( 𝑞̂) + 𝑟 ln(𝑠), where 𝑞̂ is the maximized likeli-
hood function for the fitted GMM, 𝑟 is the number of parameters
estimated by the model, and 𝑠 is the number of data points.

3.5.2 Identification of Inclusionary and Exclusion-
ary Heuristics. From the analyzed reward histories, we extract
inclusionary and exclusionary heuristic pairs for each module.
These pairs specify which solvers to include and which to ex-
clude for optimal performance:

Formally, for each module 𝑊𝑁 , we derive a heuristic pair
(𝑒+𝑁 , 𝑒⇐𝑁 ) where:

• Inclusionary heuristic set 𝑒+𝑁 : Specifies the set of solvers
𝑂
+ that should be included for module 𝑊𝑁 . This set must be

non-empty: |𝑂+| ⇑ 1.

• Exclusionary heuristic set 𝑒⇐𝑁 : Specifies the set of solvers
𝑂
⇐ that should be excluded from consideration for module

𝑊𝑁 . This set may be empty and must be disjoint from the
inclusionary set: 𝑂+ ⇓ 𝑂

⇐ = ⇔.
The derived heuristics provide clear guidance for solver as-

signment in future design processes, with rigorous probabilis-
tic guarantees of their e"ectiveness based on the accumulated
reward history data from the reinforcement learning process.
Through this approach, leveraging MDP representations coupled
with heuristic extraction via probabilistic clustering we aim to
systematically identify generalizable heuristics.

4. EXPERIMENTAL SETUP
In this section, we describe the two case studies and instan-

tiate our formal framework to extract heuristics for each domain.
We begin with solver-aware system architecting for a robotic arm
design, followed by sequential information acquisition in para-
metric design optimization task and highlight the di"erences in
Table 2.

4.1 Solver-Aware System Architecting (SASA)
SASA problem comprises four main elements: a reference

problem, alternative task structures (or modularizations), solver
assignment, and the simulated solving process.

4.1.1 Design Problem. Consider the design of a robotic
arm intended for deployment on the International Space Station
(ISS). Its primary functions include reliably attaching to the ISS
external handrails, securely holding on, and subsequently detach-
ing. This design problem, adapted from NASA’s Astrobee gripper
challenge [41], emphasizes minimizing mass under stringent con-
straints on physical dimensions, strength (forces and moments),
and energy e!ciency. The design task decomposes into five pri-
mary functions illustrative of typical robotic design tasks: (i)
grasping, securely attaching to handrails; (ii) reaching, moving
the gripper to the required location; (iii) orienting, positioning the
grasping mechanism correctly at the attachment point; (iv) con-
trol (software), managing intelligent grasp strategies and move-
ment paths; and (v) electronics, facilitating consistent power and
signal distribution. Each simulation begins with decomposition,
solver assignment, and culminates in evaluating results according
to the total system mass and overall cost of the solving process.

4.1.2 Design Process. The baseline robotic arm ref-
erence problem is modularized into task structures based on
functional and disciplinary decompositions [42]. This yields
four plausible architectures [41]: an undecomposed reference
architecture (𝑡1), a two-module configuration separating fine
positioning from attachment (𝑡2), an alternative two-module
configuration delineating coarse positioning from positioning at-
tachment (𝑡3), and a three-module disciplinary decomposition
separating reaching, grasping, and positioning (𝑡4). Each mod-
ularized architecture includes explicit interface rules governing
integration at the functional level. We describe the module below:

• SRA (Smart Robotic Arm): The entire robotic arm design
considered as a single, undecomposed problem. This serves
as the baseline architecture against which other decomposed
architectures are compared.
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TABLE 2: COMPARISON OF THE HEURISTICS EXTRACTION FORMULATION ACROSS TWO DISTINCT DESIGN PROBLEMS

Solver-Aware System Architecting (SASA) Sequential Information Acquisition (SIADM)
Task Modules Functional decomposition (e.g., SRA, SFA,

SAM, SCA, SPAM, PRM)
Process decomposition (Function Learning, Information
Acquisition, Stopping Criteria)

Solvers Professionals, Novices, Grasping Specialists,
Software Specialists

Function Learning: Linear, Quadratic, Cubic, GP Infor-
mation Acquisition: RS, UCB, EI Stopping: FRB, REI

Objectives Mass minimization and cost minimization Solution quality maximization and cost minimization

Extracted
Heuristics

Solver recommendations for each module (e.g.,
"Use Novices for PRM")

Solver recommendations for each subproblem based on
complexity level (e.g., "Use GP for function learning when
problem complexity is high")

• SFA (Smart Fine-positioning Arm): One of the two subprob-
lems in the 𝑡2 architecture, focusing on the fine-positioning
aspects of the robotic arm.

• SAM (Smart Attachment Mechanism): The second subprob-
lem in the 𝑡2 architecture, dealing with the mechanism for
attaching the robotic arm to the International Space Station’s
(ISS) handrail1. It also appears in architecture D4.

• SCA (Smart Coarse-positioning Arm): One of the two sub-
problems in the 𝑡3 architecture, responsible for the coarse-
positioning movements of the robotic arm. It also appears
in architecture D4.

• SPAM (Smart Positioning Attachment Mechanism): The sec-
ond subproblem in the 𝑡3 architecture, focusing on the
positioning aspects of the attachment mechanism. PRM
(Pass-through Reaching Mechanism): A subproblem in the
𝑡4 architecture, related to the reaching functionality of the
robotic arm.

4.1.3 Design Process Heuristics. Four solver types are
represented, analogous to typical engineering teams spanning
multiple expertise levels:

• Professionals represent highly capable multidisciplinary
robotic design teams (e.g., internal NASA Astrobee team).
They exhibit high competence across mechanical, electron-
ics, and software/control domains relevant to the robotic
arm. Professionals are generally skilled across all tasks.

• Novices are non-traditional solvers (e.g., open innovation
participants) with significantly lower average performance
and greater variability (uncertainty). Novices have limited
expertise across all domains.

• Grasping Specialists have deep expertise specifically in me-
chanical grasping mechanisms. Outside their area of spe-
cialty, performance resembles that of Novices.

• Software Specialists possess specialized software control
expertise, particularly in robotic control strategies. They
perform similarly to Novices outside software/control do-
mains.

Solver capabilities are represented as probabilistic distributions
calibrated from real robotic arm solution data documented in the
Astrobee design challenge [41, 43].

To simulate solving, alternative task structures
{𝑡1,𝑡2,𝑡3,𝑡4}, solver assignments, and contract mech-
anisms are combined with solver type capabilities to produce

robotic arm designs. Outcomes (mass and cost) are computed as
follows.

Performance (𝑊) is measured based on total robotic arm
system mass. Let 𝐿 denote each function (e.g., grasping), 𝑗𝑋

represent normalized performance quality (mass), and 𝑢𝑋 repre-
sent the mass contribution weight of function 𝐿 . Performance
score for architecture 𝑓 is computed as: 𝑊𝑌 =

)︄
𝑋 ↑𝑌 𝑢𝑋 · 𝑗𝑋 ,

with function-specific distributions calibrated from robotic arm
design datasets [41].

Cost (𝑣) for solver assignment reflects realistic contractual
mechanisms. Professionals follow conventional employment
contracts, incurring fixed wage costs proportional to e"ort. Spe-
cialists (both Grasping and Software) are engaged through com-
petitive contracts involving three competing specialists, where
the winner receives full compensation, and losing participants
receive partial bidding costs. Novices are contracted through
a prize-based open innovation contest with a fixed prize purse,
incurring only the prize payout to the best solution.

4.2 Markov Decision Process Formulation for SASA
Problem
In this subsection, we describe the Markov Decision Process

(state, action, and reward) used for decision-making for solver
assignment in the Robotic Arm model. For each alternative task
structure in the Robotics example (D1, D2, etc), we can assign
combinations of available solvers (Professional, Novice, Graps-
ing Specialist, Software Specialist). The state is initialized as an
empty list, which keeps track of all the solver assignments made.
The actions contain the possible solver assignments that can
be made (e.g.: SAM-Professional, SPAM-Grasping Specialist,
etc). We formulate the SASA (Sequential Architecture-Solver
Assignment) problem for designing the robotic arm as a Markov
Decision Process (MDP) and define the following:
State Space. The state space 𝑌𝑂 ↑ S at decision step 𝑍

encapsulates the solver-module assignments made thus far:
𝑌𝑂 = {(𝑤,𝑥𝑍)}𝑍↑𝑎𝐿 where 𝑊𝑌 represents the set of modules
for which solvers have already been assigned and 𝑥𝑍 ↑
{Professional, Novice, Grasping Specialist, Software Specialist}
denotes the solver type assigned to module 𝑤. Initially, 𝑌0 = ⇔.

Action Space. Actions 𝑓𝑂 ↑ A(𝑌𝑂 ) correspond to selecting
the next solver-module combination: 𝑓𝑂 = (𝑤↘

,𝑥𝑍↘ ), 𝑤
↘ ↑

𝑊𝑏, 𝑥𝑍↘ ↑ ω where 𝑊𝑏 represents unassigned modules and ω
is the set of available solver types.
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Reward Function. Upon completion of assignments in a
specific architecture, the design is evaluated. The final reward is:

𝑅(𝑌𝑂 , 𝑓𝑂 ) =

[︄
0 if assignments incomplete
⇐[𝑔𝑊 + (1 ⇐ 𝑔)𝑦] at terminal state

where 𝑊 is the scaled total system mass, 𝑦 is the scaled total
cost and 𝑔 is the weight for mass minimization and cost mini-
mization tradeo".

Transitions. The state transitions deterministically as:
𝑌𝑂+1 = 𝑌𝑂 ↔ {𝑓𝑂 } The MDP terminates once all modules are
assigned solvers.

4.3 Sequential Information Acquisition and Decision
Making (SIADM)
The experiment considers the process of engineering design

framed as a sequential information acquisition and decision-
making problem under resource constraints. The designer
sequentially selects and evaluates design alternatives with the
goal of maximizing performance within a finite evaluation
budget [44, 45]. The simulated experimental setup consists
of three primary components: the reference design problem,
alternative heuristic decision strategies for solving three key
sub-problems, and a simulation procedure.

TABLE 3: OBJECTIVE FUNCTION COMPLEXITY PARAME-
TERS.

Complexity Level Length-scale (𝑧) Variance (𝑥2)
Low 5 4
Medium 3 3
High 1.5 5

4.3.1 Design Problem. We examine a parametric engi-
neering design task described by a one-dimensional continuous
design variable 𝑀 ↑ X = [⇐10, 10], evaluated by an unknown
but deterministic performance function 𝐿 (𝑀). The designer aims
to identify the design parameter 𝑀 that maximizes the perfor-
mance 𝛥 = 𝐿 (𝑀). The exact functional relation between design
parameter and performance is not explicitly known; instead, the
designer must learn this relationship iteratively through costly
evaluations (simulations or experiments) at sequentially chosen
design points. The objective functions are simulated as Gaus-
sian process (GP) realizations with radial basis function (RBF)
kernels. Variations in function complexity are simulated by ad-
justing GP parameters (length-scale 𝑧 and variance 𝑥2), allowing
evaluation of heuristic e"ectiveness under low, medium, and high
complexities (see Table 3).

4.3.2 Design Process. Designers face three sequential
decision sub-problems: (1) selecting a function-learning model
to approximate the unknown mapping between design param-
eter and performance, (2) deciding which next design point to
evaluate (information acquisition), and (3) determining when to
terminate experimentation (stopping criteria). The simulation ex-
periment assumes the following simplifying conditions: a fixed
resource budget per run, consumed incrementally with each de-
sign evaluation; deterministic performance evaluations without

measurement noise; a single information source with constant
cost per evaluation; and each simulated run involves sequential
heuristic selection for each of the three sub-problems (function
learning, next design point acquisition, stopping decision), ap-
plied iteratively until termination.

4.3.3 Design Process Heuristics. Each sub-problem
is solved using alternative candidate heuristic strategies:

• Function-Learning Models: Four competing heuristics are
considered for learning the performance function mapping:

1. Linear Bayesian regression (Linear basis) [35, Chap-
ter 3].

2. Quadratic Bayesian regression (Quadratic polynomial
basis).

3. Cubic Bayesian regression (Cubic polynomial basis).
4. Gaussian Process regression (GP) (nonparametric ap-

proach, RBF kernel) [34, Chapter 2].
• Next-Design-Point Acquisition Strategies: Three heuristics

represent ways to select the next point for experimentation:
1. Random Selection (RS): Selecting random untested de-

sign points.
2. Upper Confidence Bound (UCB): Balancing ex-

ploration (uncertainty) and exploitation (perfor-
mance) [37].

3. Expected Improvement (EI): Choosing points based on
predicted incremental improvement relative to current
best solution [36].

• Stopping Criteria Heuristics: Two heuristics determine
whether to continue or terminate the sequential information-
acquisition process:

1. Fixed Remaining Budget (FRB): Stops evaluation after
a specified fixed budget remains.

2. Relative Expected Improvement (REI): Stops if ex-
pected improvement drops below a pre-defined frac-
tion of the initial expected improvement.

This experimental framework provides a structured method
to compare the suitability of heuristics across di"erent conditions,
informing heuristic selection and engineering design decision-
making under diverse resource constraints. To systematically
evaluate heuristic e"ectiveness, the simulation fixes the num-
ber of initial observations (4) and varies the relative weighting
between solution qulity 𝛩 and computational cost 𝑦, and the
complexity of the underlying problem (as defined in Table 3).

4.4 Markov Decision Process Formulation for SIADM
Problem
The SIADM (Sequential Information Acquisition and

Decision-Making) problem is formulated as an MDP and de-
fine the following:
State Space. The state 𝑌𝑂 ↑ S tracks prior heuristic-subproblem
assignments: 𝑌𝑂 = {(𝑒, 𝑚)}𝑆↑𝑐𝐿 ,𝑑↑𝑇 where 𝑏𝑌 represents sub-
problems assigned heuristics and 𝑚 ↑ 𝑇 indicates the selected
heuristic for each subproblem. Initially, 𝑌0 = ⇔.

Action Space. Actions represent selecting a heuristic-
subproblem combination: 𝑓𝑂 = (𝑒↘, 𝑚↘), 𝑒

↘ ↑ 𝑏𝑏, 𝑚
↘ ↑ 𝑇𝑆↘

where 𝑏𝑏 denotes unassigned subproblems and 𝑇𝑆↘ is the set
of heuristics for subproblem 𝑒

↘. Examples of actions include
Function Learning-GP , Stopping-FRB, etc.
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TABLE 4: HEURISTICS IDENTIFIED FOR VARIOUS MODULES AND ω VALUES GIVEN ε = 0.8. THE INCLUSIONARY HEURISTICS
ARE SHOWN IN NORMAL TEXT AND EXCLUSIONARY HEURISTICS IN STRIKETHROUGH TEXT. WE INCLUDE AT LEAST ONE
SOLVER AND OPTIONALLY EXCLUDE SOME SOLVERS.

Module Confidence threshold = 80%
𝑔 = 0.75 𝑔 = 0.81 𝑔 = 0.87 𝑔 = 0.93 𝑔 = 1

PRM Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft
SAM Exp, Nov, Grasp,Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft
SCA Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Exp, Nov, Grasp, Soft
SFA Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Nov, Exp, Grasp, Soft Exp, Nov, Grasp, Soft

SPAM Exp, Nov, Grasp,Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft
SRA Exp, Nov, Grasp,Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft Exp, Nov, Grasp, Soft

Reward Function. Upon solving all subproblems, the de-
sign is evaluated:

𝑅(𝑌𝑂 , 𝑓𝑂 ) =
[︄

0 if subproblems unsolved
𝑔𝛩 + (1 ⇐ 𝑔)𝑦 at terminal state

where 𝛩 measures the scaled design quality, 𝑦 is the scaled com-
putational cost, and 𝑔 is the weight balancing performance max-
imization and cost minimization.
Transitions. State transitions are deterministic: 𝑌𝑂+1 = 𝑌𝑂 ↔ {𝑓𝑂 }
The process terminates when all subproblems are assigned heuris-
tics.

5. RESULTS AND ANALYSIS
In this section, we present the results of applying the rein-

forcement learning-based heuristic extraction methodology to the
two case studies. We first examine the heuristics learned for solver
assignment in the robotic arm design problem (SASA), followed
by the heuristics identified for sequential information acquisition
in parametric design optimization (SIADM). For both cases, we
analyze how problem characteristics, designer preferences, and
solver capabilities influence the optimal heuristic selection.

5.1 Learned Heuristics for SASA
We calculate the Bayesian Information Criterion (BIC)

scores to determine the optimal number of Gaussian Mixture
Model (GMM) components for each solver reward distribution
and pick a GMM with 3 components. This approach allows us
to accurately characterize solver performance distributions and
subsequently generate solver-assignment heuristics. Using a con-
fidence threshold (𝑘 = 0.8), we identify inclusionary and exclu-
sionary heuristics across di"erent modules and varying weights
of performance in the reward function (𝑔). For all simulations,
we used Q-learning with UCB policy with 𝑍 = 5000, 𝑆 = 0.99
and ran the model for 1000 runs (50 samples of 20 runs). Table
4 summarizes these heuristics, indicating inclusionary heuristics
in normal text and exclusionary heuristics in strikethrough.

We observe several trends from the identified heuristics. For
the PRM module, Novices consistently emerge as an inclusion-
ary heuristic across all values of 𝑔, while Grasping and Software
Specialists are consistently exclusionary. Professionals transition
from exclusionary at lower values of 𝑔 (0.75) to inclusionary at
higher values (𝑔 ⇑ 0.81). This indicates that as performance
becomes more heavily weighted in the reward function, employ-
ing Professionals alongside Novices becomes beneficial. The

SAM and SPAM modules exhibit similar heuristic patterns, con-
sistently favoring Novices, Professionals, and Grasping Special-
ists while excluding Software Specialists across all considered
𝑔 values. This suggests that software specialization does not
significantly enhance performance or cost-e"ectiveness for these
modules. Modules SCA and SFA show a clear shift with in-
creasing emphasis on performance (𝑔 = 1): while Novices and
Professionals are both inclusionary heuristics for lower 𝑔 values,
at maximum 𝑔 = 1, only Professionals remain inclusionary, in-
dicating that as performance becomes paramount, Professional
solvers become preferable over Novices. For module SRA, we
notice a transition: at lower 𝑔 values (0.75), only Profession-
als and Novices are inclusionary; as 𝑔 increases (0.81–0.93),
Grasping Specialists also become inclusionary; however, at the
highest performance emphasis (𝑔 = 1), only Professionals re-
main inclusionary, excluding all other solver types. These results
indicate that solver-assignment heuristics are sensitive to both
module characteristics and the relative importance placed on sys-
tem mass versus cost (𝑔). Specifically, as the weight of perfor-
mance (𝑔) increases—prioritizing mass minimization over cost
reduction—the optimal solver assignments shift towards higher-
performing solvers such as Professionals and Specialists. Con-
versely, when cost considerations dominate (lower 𝑔), lower-cost
solvers like Novices frequently become inclusionary.

The threshold value (𝑘 = 0.8) chosen for heuristic identifi-
cation ensures a high confidence level in the solver assignments
presented. While a higher threshold reduces the total number of
identified heuristics compared to this values, it provides greater
confidence in their applicability across scenarios. Overall, our
results demonstrate that solver assignment heuristics depend sig-
nificantly on module-specific characteristics and the designer’s
preference for balancing mass performance with associated costs.
These insights underscore the importance of carefully consider-
ing solver capabilities and contractual mechanisms when archi-
tecting robotic systems intended for space applications such as
NASA’s Astrobee robotic arm design challenge.

5.2 Learned Heuristics for SIADM
We conducted reinforcement learning simulations to iden-

tify optimal heuristics across three engineering design sub-
problems—function learning, information acquisition, and stop-
ping criteria—under varying complexity levels and performance-
cost preferences. We pick a GMM with 5 components after
evaluating BIC scores. For all simulations, we used Q-learning
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TABLE 5: HEURISTICS IDENTIFIED FOR VARIOUS PROBLEM TYPES AND ω VALUES GIVEN ε = 0.8. THE INCLUSIONARY
HEURISTICS ARE SHOWN IN NORMAL TEXT AND EXCLUSIONARY HEURISTICS IN STRIKETHROUGH TEXT. WE INCLUDE AT
LEAST ONE SOLVER AND OPTIONALLY EXCLUDE SOME SOLVERS.

Problem Type Complexity Confidence threshold = 80%
𝑔 = 0.4 𝑔 = 0.55 𝑔 = 0.7 𝑔 = 0.85 𝑔 = 1

Function
Learning

Low Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Medium Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

High Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Linear, Quadratic
Cubic, GP

Information
Acquisition

Low RS, UCB, EI RS, UCB, EI RS, UCB, EI RS, UCB, EI RS, UCB, EI
Medium RS, UCB, EI RS, UCB, EI RS, UCB, EI RS, UCB, EI RS, UCB, EI

High RS, UCB, EI RS, UCB, EI RS, UCB, EI RS, UCB, EI RS, UCB, EI

Stopping
Criteria

Low FRB, REI FRB, REI FRB, REI FRB, REI FRB, REI
Medium FRB, REI FRB, REI FRB, REI FRB, REI FRB, REI

High FRB, REI FRB, REI FRB, REI FRB, REI FRB, REI

with UCB policy for 𝑍 = 25000, 𝑆 = 0.99 and ran the model
for 1000 runs (50 samples of 20 runs). Table 5 summarizes
the identified heuristics for each sub-problem, complexity level,
and performance-cost ratios (𝑔), using a confidence threshold
(𝑘 = 0.8). Inclusionary heuristics are indicated in normal text,
while exclusionary heuristics are shown in strikethrough.

For the function learning sub-problem, we observe clear
shifts in heuristic preference based on the emphasis placed on
accuracy versus computational cost. At lower 𝑔 values (0.4
and 0.55), the Linear model consistently emerges as inclusionary
across all complexity levels (low, medium, high), indicating that
simpler regression models are preferable when computational
cost dominates the reward function. Conversely, Quadratic, Cu-
bic, and Gaussian Process (GP) models are exclusionary at these
lower 𝑔 values. As the emphasis on accuracy increases (𝑔 ⇑ 0.7),
the Gaussian Process (GP) model becomes inclusionary across
all complexity levels, while simpler polynomial models (Lin-
ear, Quadratic, Cubic) become exclusionary. This shift clearly
demonstrates that GP-based similarity models outperform sim-
pler rule-based models when accuracy is prioritized. Interest-
ingly, at medium and high complexities, the transition from Lin-
ear to GP occurs at higher 𝑔 values compared to low complexity
problems. This suggests that for more complex problems, simpler
models remain competitive until accuracy is heavily weighted.

For the second sub-problem—information acquisition,
heuristic e"ectiveness varies significantly with both complexity
and performance-cost balance. For low and medium complexi-
ties, Random Selection (RS) is inclusionary when cost consid-
erations dominate (𝑔 = 0.4, 0.55, 0.7), while Upper Confidence
Bound (UCB) and Expected Improvement (EI) heuristics be-
come inclusionary at higher performance emphasis (𝑔 = 0.85, 1).
Thus, when computational cost outweighs performance gains,
simple random selection is su!cient; however, as performance
becomes more critical relative to cost, strategies informed by
uncertainty quantification (UCB and EI) become advantageous.
For high complexity problems in information acquisition, RS
remains consistently inclusionary across nearly all 𝑔 values ex-
cept at maximum performance emphasis (𝑔 = 1), where EI also

becomes inclusionary alongside RS. This result indicates that
for highly complex problems with limited information availabil-
ity, random selection remains robust even when performance is
highly valued.

For the third sub-problem, determining when to stop acquir-
ing information, the identified heuristics exhibit clear trends based
on problem complexity and designer preferences: At low com-
plexity levels and lower 𝑔 values (0.4–0.85), Fixed Remaining
Budget (FRB) consistently emerges as an inclusionary heuris-
tic while Relative Expected Improvement (REI) is exclusionary.
However, at maximum emphasis on performance (𝑔 = 1), REI
becomes preferable due to its ability to adaptively stop based on
diminishing returns in expected improvement. At medium and
high complexities, FRB remains inclusionary only at lower 𝑔 val-
ues (0.4–0.55). As performance becomes increasingly important
(𝑔 ⇑ 0.7), REI emerges as inclusionary while FRB becomes ex-
clusionary. This suggests that adaptive stopping criteria based
on expected improvement are more e"ective when prioritizing
design quality over cost savings in complex scenarios.

In summary, our results highlight the critical role of prob-
lem complexity and designer preferences in determining optimal
heuristics for engineering design sub-problems. Simpler heuris-
tic strategies such as linear regression for function learning or
random selection for information acquisition are e"ective under
conditions prioritizing computational e!ciency or limited avail-
able information. Conversely, expected utility based heuristics
such as Gaussian Processes for function learning or Expected
Improvement-based strategies for information acquisition and
stopping decisions become preferable when accuracy or design
performance is emphasized. These findings provide valuable
normative guidance for designers seeking to select appropriate
heuristics tailored to their specific problem contexts and resource
constraints.

6. DISCUSSION
In this work we present a reinforcement learning-based ap-

proach to extract heuristics for engineering design problems in-
volving decomposition and assignment decisions. By formal-
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izing the design process as a Markov Decision Process, we are
able to systematically derive heuristics that can guide designers in
making informed decisions. The framework’s e"ectiveness was
demonstrated through two case studies. Despite their distinct
application contexts – robotic system architecting and sequen-
tial information acquisition – the SASA and SIADM frameworks
share commonalities.

In this section, we discuss their shared traits and how the
generality of our proposed heuristic extraction method enables
its applicability to a broader range of engineering design prob-
lems. Both SASA and SIADM approaches are fundamentally
framed as sequential decision-making problems under conditions
of uncertainty, resource constraints, and clearly defined prefer-
ences. Both frameworks feature clear modularization of complex
problems. In SASA, the robotic system design task is decom-
posed into functional modules (e.g., grasping, reaching), while
in SIADM, design tasks are decomposed into sequential sub-
tasks (function learning, information acquisition, and stopping
decision). This modular decomposition facilitates systematic as-
signment of solver types or heuristic strategies tailored to specific
subtasks or modules, optimizing overall design outcomes. En-
gineering design tasks typically have inherent dependencies and
information flows making them e"ectively represented as net-
works of interconnected activities or as a Design Structure Ma-
trix (DSM) and the unified methodology presented in this paper
enables heuristic extraction in a wide range of design processes
with such representations.

Next, we compare the two case studies and the heuristics
learned with experiments performed with similar problem repre-
sentations in previous studies.

6.1 Generalizable Heuristics for SASA

Across diverse complex system design contexts, including
the robotics problem described and abstract system engineering
models like Golf [40], several solver assignment heuristics pro-
vide actionable guidance. First, decompose the system such that
subproblems align closely with specialized external expertise, en-
hancing performance by leveraging deep domain knowledge; for
example, assign grasping tasks to Grasping Specialists in robotics
or use specialist solvers for tasks matching their expertise similar
to Specialist assignment for the Tee module in Golf. Second,
leverage crowdsourcing tournaments for subproblems with low
entry barriers and high solution variability, enabling the selection
of superior outcomes from numerous attempts at minimal cost,
which works especially well when cost reduction is a major fac-
tor. Third, prioritize high-performing solvers (e.g., Professionals,
Specialists) as the weight on performance maximization increases
(high 𝑔) to achieve optimal outcomes, even if at a higher cost.
Conversely, prioritize low-cost solvers (e.g., Novices, Amateurs)
when the weight on cost minimization is high (low 𝑔) to minimize
expenses, even if at the expense of performance. Finally, avoid
assigning specialized solvers to subproblems that do not align
with their core competencies, as their performance in these areas
may not justify the added cost or complexity.

6.2 Generalizable Heuristics for SIADM
In comparing the SIADM experiments in racecar design

using a vehicle dynamics simulator [39] and our information
acquisition experiment, several key similarities and di"erences
emerge. Both experiments frame engineering design as a sequen-
tial information acquisition and decision-making problem under
finite resource constraints, employing reinforcement learning to
identify optimal heuristics. In The Open Racing Car Simulator
(TORCS) experiment, the hierarchical approach decomposes the
problem into system-level budget allocation and subsystem-level
heuristic selection, consistently prioritizing higher-dimensional
subsystems (gearbox) and favoring expected utility based heuris-
tics (UCB), while explicitly avoiding Probability of Improve-
ment (PI) for certain subsystems [39]. Conversely, our SIADM
experiment evaluates heuristic e"ectiveness across three dis-
tinct subproblems: function learning, information acquisition,
and stopping criteria, highlighting that simpler heuristics (e.g.,
Random Selection) are e"ective when computational e!ciency
dominates, whereas expected utility based heuristics (e.g., Ex-
pected Improvement) are preferred when performance is empha-
sized. While both experiments demonstrate the value of informed
heuristic selection, the earlier study emphasizes hierarchical de-
composition to manage complexity e!ciently and learns heuris-
tics for information acquisition, whereas our SIADM experi-
ment systematically varies problem complexity and performance-
cost trade-o"s to derive generalizable heuristic recommendations
across multiple subproblems beyond information acquisition.

6.3 Limitations and Future Work
While our reinforcement learning approach o"ers a promis-

ing path toward systematically extracting generalizable design
heuristics, it is essential to acknowledge its current limitations and
outline avenues for future research. These limitations primarily
stem from the inherent complexities of representing engineering
design problems, the computational demands of reinforcement
learning, and challenges in validating and generalizing extracted
heuristics. The Markov property assumption might not fully cap-
ture the path-dependent nature of some design decisions. Future
work should explore more expressive representations, such as
Partially Observable Markov Decision Processes (POMDPs) or
graph-based models, to better capture uncertainty, long-term de-
pendencies, and the complex relationships between design vari-
ables and performance metrics. The computational cost of re-
inforcement learning, particularly with tabular methods, poses a
significant limitation for large-scale design problems. The “curse
of dimensionality” restricts the applicability of our approach to
problems with a relatively small number of design variables,
modules, and solver types. Future research should investigate
more scalable reinforcement learning algorithms, such as func-
tion approximation methods (e.g., deep reinforcement learning),
to handle high-dimensional state and action spaces. External val-
idation with human designers in real-world engineering contexts
is currently limited. The extracted heuristics, while computa-
tionally e"ective, might not always align with human intuition
or be easily integrated into existing design workflows. Future
work should focus on conducting user studies to assess the under-
standability, applicability, and perceived value of the extracted
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heuristics.
Several promising avenues for future research exist. In-

tegrating Large Language Models (LLMs) as potential solvers
within the framework could unlock new possibilities for concept
generation, requirements analysis, and design evaluation. Re-
search could explore optimal sequencing of LLM-based solvers
with other computational and human experts. Future work can
quantify the entropy of design process trajectories and identify
high-likelihood patterns analogous to language modeling simi-
lar to Shannon’s demonstration of n-gram models which generate
sequences preserving statistical structure while enabling entropy-
based analysis of information content [46]. Recent advances in
concept generation using LLMs with professional personas [47]
further demonstrate how semantic diversity can be systematically
induced, and when combined with the proposed RL methodol-
ogy for heuristic extraction, it enables cross-domain knowledge
transfer by aligning n-gram structures between various design
problems. Finally, exploring hybrid approaches that combine
computational heuristic extraction with human expertise could
lead to more e"ective and user-friendly design tools. This could
involve developing interactive design systems that provide de-
signers with algorithmically derived heuristics while allowing
them to leverage their own intuition and experience.

7. CONCLUSION
In this paper, we introduced a framework for extracting gen-

eralizable heuristics in engineering design through formal prob-
lem representation and reinforcement learning. The approach
involves defining a Markov Decision Process to model the de-
sign process, where states represent solver-module assignments,
actions correspond to selecting solver-module combinations, and
rewards reflect design performance and cost. Q-learning is then
used to learn an optimal policy for solver assignment, and Gaus-
sian Mixture Models are used to identify heuristics. Our approach
characterizes design problems through attributes of the problem
space, solver capabilities, and preference functions, enabling the
identification of context-dependent heuristics.

Through two case studies, solver-aware system architecting
(SASA) for robotic arm design and sequential information acqui-
sition in parametric design optimization (SIADM), we demon-
strated how our framework e"ectively extracts inclusionary and
exclusionary heuristics. For SASA, we found that solver as-
signment heuristics depend significantly on module character-
istics and designer preferences for balancing performance with
cost. As performance emphasis increases, optimal solver assign-
ments shift toward higher-performing solvers like Professionals
and Specialists. For SIADM, we observed that simpler heuris-
tics (e.g., Linear models, Random Selection) are e"ective when
computational e!ciency dominates, while expected utility-based
heuristics (e.g., Gaussian Processes, Expected Improvement) are
preferred when performance is emphasized. By formalizing prob-
lem representations and systematically extracting heuristics, our
approach represents a significant step toward understanding the
context-dependent nature of e"ective design strategies and pro-
viding designers with actionable guidance tailored to specific
problem characteristics.
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