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Abstract—Search-based software engineering has demon-
strated its potential at solving difficult problems in innovative
ways across numerous and diverse applications, including rein-
forcement learning, evolutionary search, uncertainty exploration,
software testing, game theory, etc. Foundational to search-based
techniques are reward functions that describe the behavior or
objective of the problem to be solved. Reward functions are the
key means for developers to provide feedback for the system
during the search process. Existing approaches for search-based
techniques often rely on developer expertise and trial-and-error
for reward engineering (i.e., defining the reward function) and
reward shaping (i.e., fine-tuning the reward function). However,
as high-level objectives are often abstract and declarative in
nature, they cannot be easily mapped into mathematical ex-
pressions that faithfully reflect the true search objectives. As
such, existing approaches often generate complex, nested, and
error-prone reward functions for non-trivial search problems
(e.g., Al evolutionary computing, etc.). This paper presents
the GO4RES framework that uses goal models to support a
systematic approach to reward engineering and reward shaping.
By following a goal-based decomposition strategy, GO4RES pro-
motes modularity, traceability, and interpretability for reward
engineering and reward shaping. We provide proof-of-concept
demonstrations of GO4RES applied to different search-based
application domains and construct the reward functions from
the goal models of the optimization objectives for the respective
search techniques.

Index Terms—Goal models, Reinforcement Learning, Reward
Functions, Search-based Software Engineering

I. INTRODUCTION

Search-based approaches have been used to efficiently and
effectively discover optimal or near-optimal solutions for com-
plex problems, where the solution space may be vast and
complicated. Reward engineering describes the process of
developing a reward function' to guide the behavior of a
computational search. Subsequently, reward shaping is the
process of experimentally and empirically fine-tuning specific
parameters and weights associated with these reward functions.
Reward functions are used in a number of different computing
subfields to define objectives, including Artificial Intelligence
(AI) [1], robotic agent training with Reinforcement Learning
(RL) [2], evolutionary search [3], [4], and game theory [5].

IThe reward function is also known as an objective function, a fitness
function, a cost function, a value function, or a reward signal in different
disciplines (e.g., reinforcement learning, evolutionary search, etc.). For dis-
cussion purposes, we use reward function as an umbrella term to capture the
analogous terms across the different application domains.

Existing research has expended significant effort towards im-
proving the fundamental process and efficiency of algorithms
in these fields; research has even shown that they can demon-
strate better performance than humans in their designated
tasks [6], [7]. While research to improve the efficiency of the
algorithmic structure defining the search process is important
to yield correct solutions for the search problems, equally
important but largely unexplored in the literature is reward
engineering and reward shaping [8], [9], [10], [11]. Traditional
approaches often involve an ad-hoc approach to develop the
reward functions, informed by simulation-specific constraints,
domain expertise, empirical studies, and developer experience
that is often subjective. In order to support a more systematic
approach, this paper introduces a goal model-based approach
to design and engineer reward functions for search-based
approaches, thereby providing a systematic, reusable, and
modular approach to define the objectives of a computational
search and facilitate the fine-tuning of parameters.

In search-based approaches for optimization problems, a
developer must define a reward function to guide the algorithm
towards the desired behavior of the application. Search-based
approaches include a wide range of applications across many
disciplines, but share a common goal of optimizing towards a
(specified) high-level objective, which is often declarative in
nature. These high-level search objectives are typically defined
using natural language. The corresponding “requirements’ are
then codified by a developer in a mathematical expression that
represents an optima in the solution space. While an ad-hoc
approach may be sufficient for simple optimization landscapes,
such an approach, however, may lead to overly complex and
difficult to understand mathematical expressions in program
code if the search objective requires a variety of updates
over time, or if multiple subobjectives are involved. Another
software engineering challenge for black-box machine learning
approaches (e.g., deep learning, deep RL, etc.) in search-based
settings is the lack of human-readable code. As the weights of
the (AI) models are often uninterpretable [12] and determined
automatically during training, the reward function is integral
in shaping the behavior of the system and the correctness
of the behavior exhibited when facing uncertainty. As such,
there is a need for a rigorous approach to systematic reward
engineering and reward shaping, which promotes better inter-
pretability, modularity, reusability, and traceability in search-



based approaches for software assurance.

This paper introduces GO4RES (Goal-Oriented requirements
engineering for (4) Reward Engineering and Shaping), a goal
model-based approach to systematic reward engineering and
reward shaping. Specifically, we introduce several key insights
and contributions in this work. First, our key insight is that
the process of reward engineering shares many similarities
and is analogous to goal-based requirements modeling, where
the high-level abstract objective is often described in natural
language and can be hierarchically decomposed into subob-
jectives. Second, goal-based models can decompose a high-
level objective into functional and non-functional require-
ments/objectives, which supports separation of concerns and
traceable reward functions. Functional subgoals can describe
the corresponding task that the system is assigned, such as
“drive to the destination.” Non-functional subgoals describe
properties for how the system should achieve the correspond-
ing task, such as “drive as safely as possible.” Third, by
constructing the goal model through hierarchical decompo-
sition, GO4RES enables the assessment of the behavior of
the overall system relative to the contributions of individual
subgoal evaluations, which can then be aggregated to construct
the reward function for the overall system.

In order to apply a goal-model approach to reward function
engineering and shaping, GO4RES uses the following process.
First, following a structured approach to Goal-Oriented Re-
quirements Engineering (GORE) [13], [14], high-level abstract
objectives are AND/OR decomposed hierarchically until leaf-
level goals are reached (where a given goal can be concretely
measured), thereby facilitating a top-down refinement of sub-
trees akin to component-based software engineering [15]. At
the leaf-level goals, we associate utility functions [16] that
can be used to evaluate a goal based on observable system
properties, such as the “velocity of the rover.” The utility
functions are discharged to system components (i.e., sensors)
that measure the observable state and assign a scalar value
to the leaf-level goal, thus providing a means to determine
the degree of satisfaction for the given subgoal [17]. Next,
to facilitate reward shaping where developers fine-tune and
experiment with a number of different configurations and
priorities of subgoals, each edge between subgoals has a
numerical weight associated with the decomposition. The
weights can be adjusted and rebalanced by the developer
to fine-tune the degree or level of priority placed on each
subgoal in the resulting search solution. Weights can also be
used to reflect the degree of confidence in a given sensor’s
measurement, particularly useful when the sensor’s perfor-
mance may be compromised (e.g., foggy weather hindering
the capability of LiDAR sensors). Finally, the reward function
for the computational search can be constructed in GO4RES
through a traversal of the goal tree collating the aggregate
utility functions.

We provide proof-of-concept demonstrations to illustrate
the efficacy of GO4RES and its versatility by applying it to
engineer reward functions for different applications. While this
paper includes examples to engineer reward functions for RL

and evolutionary search, GO4RES can be applied to search-
based software engineering techniques that involve the refine-
ment of a high-level objective into a mathematical expression
to be used to guide the search process (e.g., search-based
testing, Al, game theory, and etc.). The remainder of this paper
is organized as follows. Section II reviews the background
material. Section III overviews the proposed framework and
provides a running example. Section IV demonstrates an
application of GO4RES to define an evolutionary search reward
function. Section V provides the related research for our work.
Finally, Section VII concludes the paper.

II. BACKGROUND

This section overviews the background information and en-
abling technologies for GO4RES. First, we summarize reward
engineering and reward shaping; we also discuss existing chal-
lenges associated with them. Second, we describe goal-based
modeling in requirements engineering. Finally, we overview
utility functions and their applications.

A. Reward functions and challenges

Reward functions are mathematical expressions that are
used to specify an objective for system behaviors or search
objectives. Specifically, they are used to define an optima or
optimum for a search space for a number of distinct search-
based techniques [18], [19], [20]. In RL, an agent may be
trained to perform a given task based on a reward function
(e.g., participating in a race, parking a car in a dense parking
lot, etc.). Another rapidly developing application of RL is
to customize machine learning models (e.g., large language
models) via model fine-tuning, which uses reward functions
to tailor a machine learning model to a given task using a
feedback signal [21]. In evolutionary search, the reward is
used to select for individuals that exhibit the best performance
to iteratively evolve the population towards an optima (e.g.,
evolving an antenna to optimize for signal reception in space
missions [22]). In game theory, the objective(s) of the game
for the competing players may be defined using a reward
function that the players seek to maximize (e.g., define the
reward for a zero-sum game and the strategies players may
employ). In many cases across these applications, researchers
may have some prior domain knowledge or constraints about
the search space described using natural language, but may
require significant effort to transcribe them into a consistent
mathematical expression due to subjectivity in the interpreta-
tion of the requirements and the abstract nature of the high-
level objectives.

Reward engineering describes the process where developers
design and engineer the corresponding mathematical reward
function to guide the search process. Existing approaches
often use an ad-hoc approach based on heuristics and prior
knowledge [2], [8], [23], where the reward function is defined
and tuned using trial-and-error, largely subjective with respect
to developer expertise. The ad-hoc approach often leads to
several key challenges with the generated reward function.
First, the desired objective of the reward function might be



difficult to reflect in mathematical notations, especially when
the high-level objective is abstract or complex [23], [24]. As
such, there is a need for a systematic and rigorous approach to
refine the objective into concrete and analyzable components.
Second, reward functions in mathematical notations are often
convoluted, nested, and increase in length and complexity as
the system objectives become increasingly sophisticated [2],
[25]. This raises challenges associated with the interpretability
of the reward function, often relying on separate documenta-
tion to maintain traceability and explain how different compo-
nents contribute to the high-level objective(s) of the reward.
Third, existing approaches for reward engineering are largely
not extendable [2], [25]. As the number of mathematical
terms increases due to the addition of new requirements
or objectives, revising and introducing new terms requires
low-level code editing and rigor from developers to avoid
disrupting the balance of existing reward function components.
Finally, once the reward function has been engineered, the
weights associated with each of the components are typically
fine-tuned experimentally to achieve the desired output (i.e.,
reward shaping). Traditional approaches to reward shaping
also require low-level code editing, where the changes may
be difficult to track and can lead to incorrectly specified
rewards due to the complex nested nature of the reward
components [8].

B. Goal-based modeling

Goal-based modeling is used in requirements engineering
to provide a hierarchical decomposition-based approach for
developers and stakeholders to formally specify a software
system’s high-level goals and describe how those high-level
goals should be satisfied. Specifically, high-level abstract
goals are refined, typically using AND/OR decomposition,
into subgoals, each of which describes and corresponds to
a specific subobjective that addresses a part of the high-
level goal. By iteratively refining the subgoals into low-level
requirements, goal-based modeling provides a hierarchical
approach to decompose seemingly complex or abstract high-
level goals down to requirements. Goal models provide several
advantages. First, they enable stakeholders to better under-
stand, establish, and describe achievable goals by decomposing
complex, abstract objectives into more concrete objectives
and design solutions to satisfy the concrete objectives. These
concrete objectives in turn contribute to the satisfaction of
the overarching abstract objective. Second, they impose a
hierarchical decomposition as a means to organize the goals by
levels of abstractions. Third, goal models provide traceability,
describing how a single low-level requirement may contribute
to the high-level objective of the system.

KAOS [13] is a popular approach for goal-oriented require-
ments modeling to decompose high-level objectives down to
leaf-level system requirements. KAOS goal models support a
goal-oriented analysis of a system’s high-level objectives, and
use hierarchical AND/OR decompositions to refine them into
low-level requirements, forming a tree-like structure. Goals
represent the objectives of the system at different levels of

abstraction. Edges between goals refine a goal into several sub-
goals, each of which contributes to the parent goal. In KAOS,
goals can be refined through AND or OR decompositions.
For AND-decomposed goals, all the children subgoals have to
be satisfied in order for the parent to be considered satisfied.
In contrast, for OR-decomposed goals, one or more children
subgoal(s) have to be satisfied for the parent to be considered
satisfied. At the leaf-level, system components® are assigned
responsibility to satisfy the requirements associated with the
leaf-level goals.

C. Utility functions

Utility functions have been used to monitor self-adaptive
systems during run time to measure desired properties or
performance of their given task [26], [17], [27], [28], [29].
Expression (1) shows the structure of a utility function, where
u is a scalar value normalized between [0, 1] and the function
f is used to calculate the utility value from a system state
vector v. For example, a utility function may capture the
current velocity of an autonomous rover, which may be used
to assess whether the rover is exceeding the operational speed
limit constraints.

u= f(v) )

Previous work has demonstrated that utility functions can
also be used with goal models for the run-time assessment
of goals for satisfaction or satisficement by attaching them
to leaf-level nodes in KAOS goal models [28], [29]. For
example, the requirement “move to the destination” for an
autonomous rover can be quantified by the utility function
shown in Expression (2), where u calculates the Euclidean
distance between the rover’s current coordinates estimated
by its GPS unit and the target destination’s coordinates. By
traversing the goal model tree and aggregating the values
measured by the utility functions, utility functions have also
been used to monitor the goal satisfaction of self-adaptive
systems during run time [29].

u = dist(gps.getCoordinate). 2)

III. METHODOLOGY

This section describes how modeling is applied at design
time in GO4RES to systematically engineer reward functions,
which can be used for the aforementioned search-based appli-
cations or areas. Our approach also facilitates reward shaping,
the fine-tuning process that provides optimization as part of
reward engineering. For illustration purposes, we include a
running example of GO4RES, where we demonstrate how our
framework can be used to engineer, design, and refine the
objectives of an autonomous rover whose task is to park itself
in a parking lot using RL. In RL, the reward function is used
to indicate to the model in training how well it is currently
achieving its intended task [24], [30]. Figure 1 shows the RL

2This paper uses the term system components to describe agents in KAOS
goal models to avoid confusion with overloaded use of the term agents in RL
and other agent behavior training domains.



training loop, where the agent performs some action in the
environment, observes the resulting state, calculates a reward
value based on the corresponding reward function, and updates
its instructions. Through trial-and-error and iteratively taking
actions, the agent learns to associate “good” actions with
high rewards. Since the reward function is the only means
for the agent to obtain feedback on its performance during
training, reward engineering is vital in RL to ensure that the
reward function correctly reflects the desired behaviors for the
agent in training. Figure 2a shows the goal model for the
autonomous rover, where we use a variation of the KAOS
goal modeling notation. Parallelograms denote goals, edges
with yellow circles denote AND decompositions, split edges
denote OR decompositions, yellow roundtangles denote utility
functions, and hexagons denote system components. We next
describe the elements of our framework in turn and show how
the goal models can be automatically processed to generate
the corresponding reward function, shown in Figure 2b.

reward action

Environment

Fig. 1: The standard training loop for RL algorithms [30]

A. Goal Decomposition

GO4RES uses an analogous approach to goal-based require-
ments modeling to support reward function engineering by
decomposing high-level or complex optimization problems us-
ing traditional goal modeling techniques down to low-level re-
quirements that can be monitored and assessed by system com-
ponents. By taking a goal-based approach, GO4RES supports
an inherently modular approach to reward engineering and
provides a platform for developers to reason how an abstract
objective can be further decomposed into concrete subobjec-
tives. Similarly, traditional search optimization problems may
have a primary objective while attempting to optimize another
dimension (e.g., optimizing to find the minima in a search
space and also to minimize computation time). In search-based
engineering, a developer can specify the optimization problem
as a minimization problem or a maximization problem.> By
default, GO4RES supports a minimization problem where the
objective is to minimize the reward at the root goal. Developers
may also use GO4RES to describe and engineer the rewards for
a maximization problem, but they must maintain consistency
in the description of the utility functions of the subgoals
accordingly. Next, we describe each of the supporting goal
decomposition strategies in GO4RES in turn.

3In search-based settings, minimization problems can be converted to
their equivalent maximization problems by maximizing their negation (i.e.,
Minimizing the function f(x) is equivalent to maximizing —f(x)) [31].

a) Hierarchical Decomposition: During requirements
specification, a high-level objective is defined using natural
language, such as ‘Gl:
(denoted by the purple parallelogram root goal in Figure 2a).
The high-level objective is then refined into subgoals,
each contributing to the root goal. For example, our root
Goal Gl is decomposed into four subobjectives: G2, G3,
G4, and GS5. These subgoals can then be further refined
iteratively, forming a hierarchical tree until we reach low-level
requirements that are measurable and testable. For instance,
Goal ‘G2: Park the vehicle in an open parking
spot’ might be further decomposed into two subgoals:
‘G6: Rover is aligned with parking markers’ and
‘G7: Rover is centered in the parking spot’. At
the leaf-level, individual requirements can be measured
in the observable environment with a corresponding
system component, such as the LiDAR unit that measures
distance to nearby objects (e.g., Goal ‘G5: Find parking
spots with sufficient space for handicapped

Rover parks autonomously’

parking’ and Goal ‘G10: Rover maintains a minimal
distance to surrounding objects’). As such, the
hierarchical decomposition provides a well-defined structure
for developers to systematically refine an abstract or complex
high-level goal into modular and quantifiable requirements
(i.e., measurable in scalar value).

b) Functional and non-functional objectives: The sec-
ond strategy supported by GO4RES is the explicit decom-
position of the parent root goal into either functional or
non-functional objectives. Specifically, functional objectives
(indicated by blue) are those that contribute to the in-
tended task of the system, such as Goal ‘G3: Rover avoids
collisions’. Non-functional objectives (indicated in green)
are those that specify properties for how the system should
achieve those tasks, such as ‘G4: Rover should complete
the maneuver as soon as possible’. As such, this de-
composition strategy supports a ‘“‘separation of concerns”
approach to goal modeling, thereby enabling modular spec-
ification of functional objectives and non-functional (e.g.,
performance-related) objectives.

¢) AND / OR refinements: When goals are decomposed
into multiple subgoals, developers can use either an AND
or an OR refinement. In AND refinement, each subgoal
contributes to the parent goal (i.e., parents are a summation
of the children subgoals’ rewards). The decomposition of
Goal
spot’ shows an example of an AND refinement, denoted
by the yellow circle connecting the edges. Both goals,
‘G6: Rover is aligned with the parking markers’
and ‘G7: Rover is centered in the parking spot’,
contribute equally to the parent goal and reward the rover
to park into the designated spot correctly. In OR refinement,
one or more subgoals may contribute to the parent goal. As
such, the developer must specify whether the minimum or the
maximum (depending on the context used for decomposition)
utility value from the children subgoals should be used
for the value of the parent goal. The decomposition of

‘G2: Park the vehicle in an open parking



A. Decomposition

G2: Park the vehicle in
an open parking spot

v v

G3: Rover avoids
collisions

/ 1. Park rovr asonomosly /
0.5 l

G5: Find parking spots with sufficient
space for handicapped parking

Minimize:
lidar.getNumNearbyVehiclesAtTargetSpot()

G6: Rover is aligned
with the parking markers

Minimize:

sideCamera.getAngleToDetectedLines() G8: Rover maximizes

/i

B. Utility
Functions

G9: Rover should not
collide with obstacles
Minimize:
bumperSensor.getPressure()

Ll

G4: Rover should complete the
maneuver as soon as possible

Minimize:
clock.currentTime - clock.startTime

istance to surrounding object

Maximize:
lidar.distToNearbyObj()

istance to objects in front

G7: Rover is centered distance with objects
in the parking spot / in the environment
Mlnlmlze
dist(gps.getCoordinates(), target.coordinates) JMIN
0 3 j
5|decamera
G10: Rover maximizes // G11: Rover maximizes /
di t: di

BumperSensor

Maximize:
radar.distToNearbyObj()

(a) The goal model used to decompose the abstract root objective of the rover into single requirements.

Rover_reward_fn = (1/5.5) * [(1/2) * sideCamera.getAngleToDetectedLines() + (1/2)* dist(gps.getCoordinates(), target.coordinate())]
*min( (0.3 * (1 - lidar.getNearestObjDist())), (1 * (1 - radar.getNearestObjDist())) ) + (1/2)

+ (315.5) * [(1/2)
+ (1/5.5) * (clock.currentTime - clock.startTime)
+ (0.5/5.5) * (lidar.getNumNearbyVehicleAtTargetSpot())

11 G2 D. Compiled

* bumperSensor.getPressure()] [ G3 Utility
1G4 Function
1 G5

(b) The constructed reward function used in the RL training of the rover, where highlighting colors correlate to nesting level of edge weights

in the goal model (highlighted in the respective colors).

Fig. 2: Goal model and the corresponding reward function for an autonomous rover learning to park using RL.

Goal ‘G8: Rover maximizes distance with objects
in the environment’ shows an example of an OR
refinement, denoted by two OR edges where either Subgoal
‘Gl0: Rover maximizes distance to surrounding

objects’ measured by the LiDAR unit or Subgoal ‘G11:
Rover maximizes distance to objects in front’

measured by the radar unit can contribute to the parent goal.
In this case, we use the minimum value between the measured
utility values from the subgoals (denoted by the annotated
“MIN” label in the OR edge), since we want to promote the
maximum distance to the nearest detected object by either
the LiDAR unit or the radar unit in order to avoid collisions.

B. Utility functions

In GOA4RES, the utility functions serve as the “inter-
face” between the goal models and the observable envi-
ronment. Specifically, leaf-level goals are assigned a cor-
responding system component that can measure observ-
able properties of the environment to assess how well
the system’s behavior is contributing to the system’s ob-
jectives. For example, Goal ‘G7:
the parking spot’ uses the rover’s GPS unit to measure
the Euclidean distance between the rover and the center of
the desired parking spot. In the utility function, the de-

Rover is centered in

veloper provides the corresponding code excerpt that can
measure and evaluate the goal by monitoring observable
properties of the environment using the system components
(e.g., GPS). For Goal ‘G7:
parking spot’, the utility function may be provided as fol-
lows: dist(gps.getCoordinate(),target.coordinate). Finally, the
utility values are normalized between the scalar values [0, 1]
for each system component input, indicating how well a leaf-
level goal contributes to the objective of the parent goal.
The normalization of the utility functions also ensures that
the values associated with subgoals are within the same
distribution, thereby preventing utility values with large units
of measurement from dominating the reward function.

Rover is centered in the

C. Weights

The final modeling strategy used in GO4RES is associating
weights with edges in the subtree decomposition, shown as
numbers annotating the edges. In GO4RES, edges are assigned
a default weighting of 1.0. Subtrees with important objec-
tives, such as those pertaining to safety, may be assigned
a higher weight to indicate priority (e.g., Goal G3 with a
weight of 3.0, bolded and underlined in Figure 2). In contrast,
subtrees with less critical objectives may be assigned lower
weights. By associating weights with each branch of the tree,



developers can explore tradeoffs by systematically adjusting
the priorities on specific subobjectives instead of editing
the reward function at the code level, thus facilitating rapid
but systematic reconfiguration of the reward function during
reward shaping. For example, the Goal ‘G3: Rover avoids
collisions’ is AND-decomposed to the two subgoals
Goal ‘G8: Rover maximizes distance with objects
in the environment’ and Goal ‘G9: Rover should
not collide with obstacles’, with weights distributed
equally for both. If the rover is being trained in a dense
or tightly parked parking lot, then the developer may wish
to adjust the weights associated with this decomposition to
allow the rover to be in closer proximity to obstacles but
associate a higher penalty to collisions. For the leaf-level
nodes, weights enable developers to increase or decrease
the trust (i.e., confidence) placed on some sensors. For ex-
ample, the Goal ‘G10: Rover maximizes distance to
surrounding objects’ has a weight of 0.3 associated with
the goal (bolded and underlined). This could reflect that the
rover is being trained in foggy conditions, where the LiDAR’s
performance is often degraded.

D. Constructing the reward function

Once the high-level objective has been refined into low-level
requirements, developers can use the goal model to construct
the corresponding reward function by traversing the tree and
aggregating the utility functions. Specifically, GO4RES uses
a post-order traversal of the goal tree when constructing the
reward function. As a leaf-level node is visited, its utility func-
tion represented by a mathematical expression and its associ-
ated edge weight are incorporated as a term in the reward func-
tion. For some utility functions, developers may want to max-
imize a property associated with the observable environment
in a minimization problem (i.e., ‘G10: Rover maximizes
distance to surrounding objects’). To remain consis-
tent with the nature of the minimization problem, GO4RES
uses the complement of the utility function for these leaf-
level goals instead. The complement of the utility value
will remain normalized between [0, 1], since the original
utility values are normalized. For example, GO4RES uses
[1— lidar.getNearestObjDist()] for Goal G10’s utility function:
maximize distance to nearby objects. At parent nodes, the
reward function components that are associated with the sub-
objective of the goal are aggregated. For an AND-decomposed
node, we construct a linear weighted sum of its aggregate
children nodes, with their respective weights normalized to
a value of 1.0. For example, the total weight of Goal Gl1’s
decomposition is 5.5. As such, Subgoal G2 (with edge weight
1) is multiplied by a factor of 1.0/5.5, while Subgoal G3
(with edge weight 3) is multiplied by a factor of 3.0/5.5.
The values are then aggregated through a linear weighted
sum. For OR-decompositions, GO4RES first applies the edge
weights associated with the decomposition to their respective
children, then uses either the minimum or the maximum value
(abbreviated as "min/max" for brevity) of the children based on
the type of decomposition strategy specified by the developer

in the goal model (i.e., min/max(w; * gy, W, * gy, +++, W, *
g.).Vg, € G,w; € W, where g; are subgoals of parent G
and w; are weights associated with the respective edges).
For example, Goal G8’s OR-decomposition uses the minimum
utility value from Goal G10 and Goal G11, denoted by the
“MIN” annotation in the goal model. By traversing the tree and
propagating the reward function components of each subtree
recursively up to the root goal, the full reward function for the
goal tree can be constructed and collected at the root node at
the end of the traversal.

Figure 2b shows the final reward function expression ob-
tained from the goal model for the autonomous rover in
Figure 2a. While the same reward function may be obtained
by developer expertise in a traditional ad-hoc approach, but
manual reward engineering can be complex, tedious, and
error-prone due to the nested values. In addition, reward
functions can be difficult to interpret due to the increasingly
complex variables and logic. By using a goal model approach
and constructing the corresponding mathematical expression,
GO4RES provides traceability and enables developers to update
reward functions at the goal model level, rather than editing
low-level code. During reward shaping, a developer can also
adjust weights associated with individual nodes or subtrees
to explore tradeoffs, rather than editing the weights at the
low-level code (an error-prone process). Finally, a goal model
approach facilitates the reuse and extension of the reward
function, as developers can capture changes to requirements by
revising the model to include additional constraints, functional
goals, and non-functional goals. By revising at a model level,
developers can edit weights, reconstruct, and execute the
experiments to achieve rapid yet systematic reconfigurations
of reward functions.

In summary, GO4RES facilitates the development, fine-
tuning, exploration, and optimization for both reward engi-
neering and reward shaping. In reward engineering, developers
can explore different goal refinements, decompositions, and
hierarchies of goals to discover the reward function that leads
to the best solution in the search space for the primary
functional objective. In reward shaping, developers can adjust
the weights associated with the decomposition to explore
various search paths in the search space to achieve the primary
objective (i.e., how we achieve the primary objective).

IV. GO4RES FOR EVOLUTIONARY SEARCH

This section describes how GO4RES can be applied to sys-
tematically engineer the reward function for evolution-inspired
optimization algorithms. Evolutionary search is a powerful
optimization technique that is used to solve or approximate
solutions for complex problems when there exists no exact
method to solve the problem [32]. In evolutionary search, the
complex problem is typically mapped to a solution space,
then a reward function is used to guide the evolution of a
population of individuals (each encoding different information)
to discover solutions that are near optimal [32], [33]. Research
has demonstrated that different types of evolutionary search
algorithms can be strategically applied to optimize different



search spaces, such as particle swarm optimization [34], ant
colony optimization [35], genetic algorithms [33], etc., all of
which involve a reward function. When applied to reward
engineering in search optimization strategies, GO4RES enables
the systematic decomposition of high-level search objectives
into different subobjectives, facilitating traceability and in-
terpretation of how each subobjective may contribute to the
evolutionary search.

One interesting use case of evolutionary search has been
proposed by Hornby et al., where evolutionary search is used
to evolve optimal antenna receivers for spacecrafts used on
NASA’s ST5 mission [22], [36]. Specifically, the evolved
antenna attempts to minimize the Voltage Standing Wave Ratio
(VSWR) at different frequencies, along with two different
gain components. Expression (3) gives the optimization reward
function used in their work [22], where rms is the root-mean-
square function for a target value ¢ against the VSWR value
vy at various frequencies f,Vf € F, where F is the set of
all frequencies under optimization.

Z rms(3, Uf)5 + rms(1.5, Uf) + rms(1.0, vf)
/ (3)
+ min(0, 15.25 — gfo) + min(0, 10.25 — gfzo)

Next, we demonstrate how we can ‘“reverse engineer’ a
GO4RES goal model from the information and reward function
provided by Hornby ef al.’s experiments in order to take
advantage of the GO4RES platform and its reward engineering
and shaping capabilities. Figure 3a shows the corresponding
goal model that we developed for the expression described
in Hornby et al.’s optimization problem. We first began with
the domain knowledge provided in their work, including the
reward function and the corresponding text that describes the
components of the expression. Then we initialize the root goal
of the tree based on the primary objective of the search shown
in purple: ‘Gl: Antenna maximizes communications’.
Next, we create a subtree for each component in Expression (3)
and create the corresponding succinct text description based on
the original description. Utility functions are used to bind each
of the terms in the expression to the goal model and describe
how they should be evaluated. For example, the second term
in Expression (3), rms(1.5, v 1) is associated with the second
goal subtree to minimize the VSWR with the utility function
‘minimize: rms (1.5, v,).’ We used the default weighting
of 1.0 for each subtree, since the original work does not
apply any weighting to the terms. The developer may use
GO4RES to adjust these weights to update the reward function
to emphasize or de-emphasize specific terms. For example, if
the last term to minimize the gain,,,;,, is no longer important,
then the weight associated with the corresponding subtree can
be reduced to O (or any rational number between 0 and 1, thus
providing a linear scale to denote the importance of the subtree
from no effect to standard weighting). Finally, the first term
in Expression (3), rms(3.0, vy )3, is raised to the power of 5
to assign a heavy penalty to any evolved antennas that have a
higher VSWR than 3.0. We use the notation (=7)° to denote
the corresponding penalty in the goal model. As a result,

the GO4RES goal model that we developed for the evolved
antenna’s reward function provides ease of interpretability
and visualizes the information used to construct the reward
function when compared to the original text description and
mathematical reward function.

By constructing the goal model that we developed into
its reward function counterpart (see Figure 3c, where the
functional components related to minimizing VSWR are high-
lighted in blue while the non-functional components related to
minimizing gain are highlighted in green), GO4RES can obtain
the same expression shown in Expression (3), which can be
used as the reward function for the optimization algorithm
to obtain the same result as the original work. In addition,
GO4RES facilitates reward shaping in the reward function as
developers can now adjust the weights associated with edges
by revising the goal model, rather than editing the reward
function directly. After the weights associated with the edges
are updated in the model, developers can simply use GO4RES
to reprocess the updated goal model to obtain the revised
reward function for new experiments.

In order to take full advantage of GO4RES and its capa-
bilities, we introduce a level of abstraction to the goal model
to encapsulate the functional and non-functional subtrees in
Figure 3b. In this example, each component associated with
minimizing the VSWR is first aggregated to a parent func-
tional goal (i.e., Goal ‘G2: Minimize Voltage Sign Wave
Ratio’), while each component associated with minimizing
gain is aggregated to a parent non-functional goal (i.e., Goal
‘G3: Minimize Gain’). Figure 3d shows the new reward
function that is obtained after traversing the goal model with
hierarchical decomposition. In order to provide traceability,
this reward function still faithfully reflects the original ex-
pression used in the evolutionary search and captures all the
optimization components. In addition, this approach better fa-
cilitates reward shaping, as developers can adjust the priorities
between the functional and the non-functional subtrees by
revising their respective weights (i.e., the weights associated
with the decomposition of Goal ‘G1: Antenna maximizes
communications’), as opposed to editing each subobjec-
tives iteratively to reflect the change. As part of the reverse
engineering process, Figure 3b shows that abstraction can
introduce a parent goal for the leaf-level goals, which enables
legacy reward functions to better make use of the GO4RES
framework to improve reward engineering, facilitate reward
shaping, and improve interpretability and documentation.

V. RELATED WORK

This section overviews the related work for GO4RES. First,
we discuss goal model decomposition in the context of search-
based settings. Second, we overview existing efforts to improve
reward function engineering and reward shaping. Third, we
review existing approaches that use goal models for the run-
time assessment of software systems.

A number of research studies have addressed goal de-
composition of system objectives in requirements engineering
to refine complex high-level objectives into subgoals. van
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(a) The goal model engineered based on the reward function (b) Abstraction is introduced to the goal tree to create functional and non-

described in Hornby et al.’s work [22].

optimization_reward_fn_vf = rms(3, vq)® + rms(1.5, v§) + rms(1.0, v¢)

+ min(0, 15.25-g¢g) + min(0, 10.25-gsop)

functional subtrees.

optimization_reward_fn_vf = 1* (rms(3, v)® + rms(1.5, v¢) + rms(1.0, v¢) )

+1* (min(0, 15.25-g¢o) + min(0, 10.25-Gxp) )

(d) The equivalent reward function with edge weights from the newly
(c) The constructed reward function that reflects Expression (3). introduced hierarchy level.

Fig. 3: The goal model for the reward function described in the EA configuration to optimize the antenna for the STS mission.

Lamsweerde [13] proposed the KAOS modeling language,
originally intended to refine and capture high-level objectives
into low-level requirements. Marthi [37], Rietz er al. [38],
Juozapaitis et al. [39], and other researchers have addressed
reward decomposition, where a system’s task is decomposed
into corresponding subtasks. These works focus on creating
different controllers for the system for each given subtask,
and do not address reward function engineering and reward
shaping. Li et al. [40] proposed a goal model-based approach
to decompose tasks for curriculum learning in self-learning
adaptive systems. Their work uses decomposition to describe
different objectives for a given self-learning adaptive system
(e.g., different tasks associated with a household cleaning
robot, such as sweeping, mopping, doing the dishes, etc.).
Then Q-learning and other approaches are used to learn the
controller for each subtask, which are combined to form
the controller for the system. Li ef al. [41] proposed the
use of pre-trained language models to provide suitable goal
decomposition for multiagent RL.

Other research directions have explored different meth-
ods to improve reward function engineering. However, these
approaches do not provide a goal model-based framework
whose artifacts can be automatically processed to construct the
corresponding reward function. Mallozzi et al. [9] proposed
MoVEMo, an approach that combines finite state machines,
program verification, and run time monitors as an early work to
systematic reward function engineering. However, their work
does not use a goal model-based approach to refine high-
level objectives into low-level requirements, which can then
compiled into a traditional reward function using GO4RES.

Instead, their work produces a separate run-time entity that
observes the defined property in the finite state automata
and assigns a reward to the agent. Bahdanau et al. [42]
proposed a framework that trains RL agents to understand
task objectives specified in natural language. Their approach
focuses on training “language-aware” agents. Hu et al. [43]
proposed a bi-level optimization approach to refine weights
in reward shaping for RL agents. Their approach focuses on
adaptively using different components of an existing reward
function by emphasizing components that positively contribute
to the objective and suppressing components that negatively
contribute to the objective. Yang et al. [44] studied reward
functions and reward strategies of RL systems in continuous
integration testing, but does not address reward function
engineering. Cuayéhuitl er al. [45] explored a method to
train multi-domain dialogue agents by using a decomposition
strategy. Particularly, they describe and decompose dialogues
at different levels of granularity and execute actions as either
single actions or a composite action. However, their work
focuses on modularity and decomposability of the (input)
language level for natural language processing, and does not
address goal model decomposition nor reward engineering.

Recently, a number of approaches have used variations
of goals to inform the development of reward functions for
Al-based systems [46], [47], [48], [49]. Zhang et al. [48]
take a goal-guided approach to leverage LLMs to inform the
RL policies. Drid et al. [47] explore three classes of reward
functions for deep RL for goal-based specifications of tasks
to be completed. The RL-VLM-F approach [46] automatically
generates reward functions for agents to learn new tasks based



on goal-based specifications of the tasks to be completed
provided to a visual language foundation model (VLMs).
Liaskos et al. [49] propose a model-driven generation of RL
environment simulations using iStar goal models. None of
these approaches use the model of a goal-based decomposition
of the target system to directly generate reward functions
automatically.

Finally, a number of different researchers have applied
goal models for the run-time assessment of self-adaptive
systems. Ramirez et al. [17] introduced Loki, an automatic
tool that facilitates the identification of goals that may have
insufficient mitigations to prevent undesired behaviors. Fred-
ericks et al. [27] proposed AutoRELAX, a fuzzy logic-based
specification language to identify sources of environmental
uncertainty for self-adaptive systems. Langford er al. [28]
proposed the use of KAOS goal models and utility functions
to assess the run-time satisfaction of system goals. Duran and
Mussbacher [50] proposed the use of goal models to determine
run-time conflicts when reusing different software artifacts.
Eteke et al. [51] proposed the use of hidden Markov models
to monitor run-time executions for reward learning. However,
these works do not address the use of goal models during
design time to facilitate the design of reward functions.

VI. DISCUSSION

A key contribution of this work is the synergistic integration
of goal-based modeling with reward engineering to support a
systematic approach for developing reward functions. Notably,
we do not address the inherent and long-standing challenges
associated with goal-based modeling [52], [53] and abstraction
engineering [54]. Specifically, a domain expert is still required
to identify top-level goals, consider tradeoffs between goals,
and apply goal decomposition strategies to derive low-level
requirements. For example, while GO4RES facilitates a means
to explicitly specify the priorities of goals via a weighting
scheme, the process of determining weights for a given prob-
lem domain requires developer input. Developers may use
GO4RES to systematically explore variations of goal priorities
through changes to high-level goal weights rather than editing
low-level reward function code.

VII. CONCLUSION

Due to their ability to discover innovative solutions for
difficult to solve problems, search-based software engineer-
ing is becoming increasingly prevalent. However, a common
challenge associated with search-based software engineering is
reward engineering and reward shaping, where the developer
must describe the search objectives using a mathematical
expression. This paper introduced GO4RES, a systematic, goal
model-based approach for refining high-level abstract objec-
tives into low-level concrete objectives. Utility functions are
associated with leaf-level goals, providing a mapping between
the goal model and the observable state of the search envi-
ronment. Preliminary results show that GO4RES can provide
a systematic stepwise process to generate reward functions,
leading to a modular and traceable model. We demonstrated

the application of GO4RES to RL and evolutionary search, two
commonly-used search-based techniques.

GO4RES provides a goal-based approach for developers
to systematically design and engineer reward functions into
modular reward function components. We note that domain
expertise is needed to specify the utility functions that mea-
sure the utility value associated with the intended behavior
for each of the low-level subobjective goals. We provide a
process for developers to reason about the decomposition of
their high-level system objectives into manageable, concrete
subobjectives that can be associated with system components
and measured. Our model-based approach provides versatility
across different domains with search objectives, modularity in
the decomposition of subobjectives, reuse of those subobjec-
tives, and facilitates reward shaping by enabling adjustments
to the reward function by revising the goal model instead of
the complex reward function. Finally, GO4RES also provides
interpretability of the reward function by associating reward
function components with subgoals, thereby providing a means
to visualize and trace how each reward component and to what
degree do they contribute to the root goal.

Ongoing and future work includes using GO4RES in search-
based and game-based testing for uncertainty exploration,
where GO4RES’s support for rapid reconfiguration may be
exploited to explore different types of uncertainty for Al-based
software systems [55], [56], [57]. Other research directions
include extending GO4RES to include objectives of other
agents (i.e., players) in the environment for multi-agent zero-
sum games. Due to space constraints, we do not include the
formalization of the GO4RES language or the aggregation
semantics, both of which will be described in a forthcoming
paper along with the description of the graphical front end for
the GO4RES framework currently under development.
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