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Abstract. In the era of Human-like Al creating intelligent systems that
mimic natural human decision-making has become a pivotal research
goal. A key challenge is the design of tools that align with human cogni-
tive limitations to foster smoother interactions and effective collaboration
in human-centered environments. In this paper, we present Strategies for
Humans (S4H), the first formal-methods tool for synthesizing human-like
rational strategies, leveraging Natural Alternating-time Temporal Logic
(NatATL), a logic recently introduced to reason about bounded strate-
gies. By designing and implementing novel strategies generation tech-
niques tailored to human cognitive constraints, our tool bridges the gap
between theoretical formalism and practical Al applications. To demon-
strate its effectiveness, we conduct experiments on real-world models,
showcasing its ability to synthesize human-like strategies efficiently. Our
contributions mark a step forward in the development of socially-aware,
sustainable Al systems, particularly in domains like social robotics and
human-in-the-loop applications.

Keywords: Human-like Al - Natural Strategies - Strategy Logic.

1 INTRODUCTION

The rapid development of human-like AT has emerged as a crucial research direc-
tion, aiming to create intelligent systems that can reason and act in ways closely
aligned with human cognitive processes. This approach promises smoother human-
machine interactions and fosters collaboration in environments where human
decision-making is inherently bounded. By intentionally limiting the computa-
tional power and strategy complexity of artificial agents, human-like AI ensures
that decisions remain intuitive and relatable, thereby contributing to a sustain-
able technological ecosystem.

A recent innovation in this field is Natural Alternating-time Temporal Logic
(NatATL) [14], which extends the traditional ATL framework by introducing
bounded strategies via the operator ((A)<*¢, where k € N denotes a complex-
ity bound. This bounded strategy concept is designed to mirror the intrinsic
bounded rationality observed in human decision-making. Beyond serving as a
formal verification framework for multi-agent systems, NatATL opens a novel
perspective on evaluating human-likeness: by empirically establishing an upper
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limit on strategy complexity, it becomes possible to differentiate between hu-
man and artificial agents. This approach even offers a new angle on the Turing
Test, suggesting that the complexity of an agent’s reasoning process could be a
criterion for assessing its human-like behavior.

Our Contribution. In this paper, we introduce Strategies for Humans (S4H),
a novel formal-methods tool, leveraging on NatATL, for synthesizing human-
like strategies. S4H represents a first standard formal approach for bounded
strategic reasoning in practice. Through the dynamic generation of strategies
inspired by human cognitive behavior, our tool aims to contribute to bridging
the gap between theoretical bounded-rationality models and their practical use
in Al systems. At the core of our tool, we have developed three key components:

— Dynamic Strategy Generation: An algorithm that incrementally synthe-
sizes bounded strategies, starting from the simplest and gradually consider-
ing more complex ones only when needed. This mirrors the human tendency
to prefer simpler decision processes.

— Model Pruning: A pruning technique projects synthesized strategies onto
the system model, reducing its complexity while preserving correctness. This
step ensures that only feasible, strategy-compliant transitions are considered
during verification.

— ATL Pre-processing Optimization: By integrating a traditional ATL
verification phase as a pre-processing step, our approach filters out unsatisfi-
able instances early. This dramatically improves the efficiency of the NatATL
verification process.

Our tool is especially suited for applications in social robotics, multi-agent
distributed systems, and human-AI collaboration scenarios-contexts where decision-
making under bounded rationality is critical. To validate our approach, we ap-
plied it to real-world case scenarios, including an extensive case study on a
logistics robot system. The experimental results will discuss not only the scala-
bility and practical applicability of our tool but also the significant performance
gains obtained from our proposed optimization techniques.

Related Works. Model checking has played a crucial role in strategic reasoning
within Multi-Agent Systems (MAS), with tools like NuSMV [1], SPIN [11], and
UPPAAL [8] providing verification frameworks for finite-state, distributed, and
real-time systems. MOCHA [24] and MCMAS [19] have further extended verifi-
cation to strategic interactions using ATL, with enhancements supporting epis-
temic and temporal epistemic logics [16, 20, 22]. However, these tools do not ad-
dress bounded rationality, a key aspect of human-like decision-making. Bounded
rationality, introduced by Simon [3], accounts for cognitive and computational
constraints in decision-making. Traditional AI models assume unbounded ra-
tionality, whereas real-world decision-making is constrained by time and re-
sources [9,10]. Recent and promising tools like VITAMIN [7] introduced verifica-
tion capabilities adaptable to various logics. Works on heuristic-based AT [17,27],
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satisficing models [6,26], and cognitive architectures [18,23] has emphasized the
importance of limiting computational complexity to achieve human-like behav-
ior. The role of bounded rationality has also been explored in distinguishing
human and artificial agents in the context of the Turing Test [5]. Applications
extend to social robotics and human-in-the-loop AI, where agents must operate
under cognitive constraints to ensure intuitive and predictable behavior [2, 4].
Our tool integrates verification capabilities for NatATL, bridging the gap be-
tween model checking and human-like AI. By addressing bounded rationality,
we provide a novel tool for analyzing strategic interactions with computational
feasibility and interpretability, strengthening the foundation for future research
in explainable Al

Outline. The rest of the paper is organized as follows. Section 2 recalls the main
notions of natural strategies and NatATL. Section 3 presents the implementa-
tion of our tool. Section 4 evaluates the performance of our module through
experiments. Finally, we conclude in Section 5.

2 PRELIMINARIES

In this section, we provide the necessary background to understand the pro-
posed tool introducing Natural Alternating-Time Temporal Logic (NatATL). We
include detailed definitions and explanations to clarify key concepts and ensure
the self-containment of this paper. Readers interested in additional formal details
can refer to [13-15].

We start with the definition of our models.

Definition 1. A Concurrent Game Structure (CGS) is a formalism used to
model Multi-Agent Systems (MAS), where agents make decisions simultaneously.
Formally, a CGS is defined as a tuple:

S = <Agt’ Q) H’ 7T7 d’ 6>
where:

— Agt: A finite set of agents, with |Agtl =n > 1.

— Q: A finite set of states.

II: A finite set of atomic propositions.

7w A labeling function ©: Q — 2™, assigning to each state the set of propo-

sitions true in that state.

— d: A function d : Q x Agt — N, indicating the number of available actions
for each agent in each state.

— 0: A transition function 6 + Q@ X ([[,ca,e
vector of actions to a successor state.

dy) — Q, mapping a state and a

Given our model, we define natural strategies and their complexities.

Definition 2. A natural strategy for an agent a € Agt is a rule-based system
that dictates actions based on conditions. Formally:
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— Memoryless Strategies (nr-strategies): These rely only on the current
state and are defined using Boolean formulas over atomic propositions.

— Strategies with Recall (nR-strategies): These consider the history of
states, using regqular expressions over atomic propositions to define condi-
tions.

The complezity of a natural strategy is determined by the size of its represen-
tation:

— For nr-strategies: The total number of symbols in the Boolean conditions.
— For nR-strategies: The total size of all regular expressions used.

From now on, in this paper, we will refer to each strategy type using the
abbreviations nr and nR. Given the notion of natural strategy, we can provide
a logic that uses these strategies.

Definition 3. NatATL extends Alternating-Time Temporal Logic (ATL, [25])
by introducing a bounded rationality operator ((A)=*¢. This operator asserts that
a coalition of agents A C Agt can enforce ¢ using strategies with complexity at
most k. The grammar of NatATL is given by:

pu=p| ¢ dNd| (AYFXo | (A)=F(oUo)
where:

— p € Il is an atomic proposition.
— X and U are temporal operators meaning "next” and "until," respectively.
— k € N is the complexity bound for the strategies of agents in A.

We can conclude this section with NatATL semantics.

Definition 4. A state q € Q satisfies a NatATL formula ¢, denoted as S, q = ¢,
if ¢ holds starting from q under the strategies defined for the coalition. The
satisfaction relation is defined inductively:

- S,qFp < pen(q).

- SaQ}:_‘qﬁ <~ S7q%¢

- SqE M Np2 = S, qF¢1 and S,q = ¢a.

S,q E (A)<xX¢ <= Tsa : a collective strategy for A with complexity

compl < kNq' : (¢ = ¢') = S, E ¢.

3 IMPLEMENTATION

In this section, we present the algorithms that form the core of the proposed
S4H tool. The implementation is designed to be consistent with the theoret-
ical foundations established in [14], ensuring that the practical aspects align
with the formal semantics of NatATL. As we mentioned previously, our tool is
structured around three main Python-based procedures: Strategies Generation,
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Model Pruning, and Model Checking. The process begins by systematically eval-
uating each possible strategy. For each collective strategy sa, the input model
is refined by eliminating transitions that do not conform to s4. Subsequently,
model checking algorithmsare applied, leveraging their polynomial complexity to
achieve efficient verification. A high-level overview of this workflow is depicted
in Fig. 1.

Model
Any Strategy N
~| available? [YES Pruning

Fig. 1. NatATL Model Checking process

NO

3.1 Strategies Generation

The generation of natural strategies is a crucial component of our approach, di-
rectly addressing the objective of modeling human-like behavior. Each strategy
produced is guaranteed to respect the bounded complexity constraint k, ensur-
ing soundness while maintaining computational feasibility. As defined in [14],
natural strategies are mappings from states to actions, determined by Boolean
conditions (for nr-strategies) or regular expressions (for nR-strategies). Our algo-
rithm brings these theoretical foundations to life by systematically constructing
condition-action pairs within the given complexity bound.

A fundamental challenge in this process is the vast space of possible strategies
and their varying complexities. Since our goal is to approximate human decision-
making behavior, we must consider a realistic subset of strategies that a coali-
tion of agents might adopt. To optimize this process, we introduce a dynamic
strategy generation function. This function incrementally generates strategies,
starting with those of minimal complexity (that is, the lowest value of k) and
only expanding to higher complexity levels when no valid solutions are found in
simpler instances. This mirrors a bounded rationality approach, reflecting how
humans prioritize simpler strategies before considering more complex ones. In
addition, this dynamic and incremental approach provides two key advantages:
computational efficiency and optimization. By prioritizing lower k values, our
method avoids exhaustive enumeration of all possible strategies up to a fixed
upper bound, significantly reducing the number of generated strategies. This
segmentation facilitates the identification of the smallest winning strategy, im-
proving both efficiency and interpretability in the verification process. The next
section details how a pruning process enhances the verification step by reducing
the state space while preserving logical correctness.
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3.2 Model Pruning

This task involves projecting each collective strategy onto the model. The model
is pruned according to the actions chosen by the agents in the coalition A,
removing all moves incompatible with the strategies examined. To clarify this
phase, we distinguish between two approaches: pruning for nr-strategies and
pruning for nR-strategies.

nr-Strategies Model Pruning. For each selected s4, we project the strategies
only onto the model states where the current strategy conditions are met. To
ensure that each agent always has an action to execute, even when none of the
conditions of its current strategy is satisfied, we include an additional condition-
action pair, (T, idle). This pair allows the agent to perform the idle action by
default in any state, relating to its true condition (i.e., applicable to all states)
whenever no other action can be performed. If a current strategy includes an
action that is not present in the current model states (where its conditions are
met), the collective strategy is discarded as invalid. Upon completion of this
iterative process, the algorithm returns the pruned model. Any checks for the
validity of the strategy are performed by external functions.

nR-Strategies Model Pruning. Unlike the theoretical approach that involves the
use of Automata and a different method for solving model checking for NatATL
with recall (check [14] for more details), in this work, we propose a different
approach that involves using tree structures instead of automata. This approach
does not undermine the method shown with nr-strategies but rather leverages
the potential of this representation to capture the concept of history. From a
practical and algorithmic standpoint, using a tree can be preferred over an au-
tomaton for several reasons. Firstly, tree structures can naturally represent hi-
erarchical data and branching processes, which aligns well with the concept of
history and state transitions in many applications. Secondly, trees can provide
more efficient traversal and manipulation algorithms, allowing faster updates
and searches. Lastly, trees facilitate a more intuitive visualization and under-
standing of the state space, making it easier to debug and optimize the model.
So, for the model pruning approach in this context, we unrolled the initial CGS
into a tree structure to better represent the concept of histories and ensure that
we keep track of all transitions and the different paths that arise from the base
model, thus taking repetitions into account. After model conversion, we project
the current collective strategy onto the tree. Each individual strategy within
a collective strategy must be validated before pruning. Strategies with actions
not present in the model for states where the condition is met are considered
invalid. Subsequently, each individual strategy prunes the tree, potentially reduc-
ing its size for the next iteration and the next agent’s strategy. A valid collective
strategy may become invalid for a reduced model, requiring a correctness check
each time an agent operates on an individual strategy. Pruning depends on the
current guarded action’s condition, whether a boolean formula or a regular ex-
pression. For regular expressions, pruning occurs along the nodes satisfying the
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expression’s path. If the condition is a boolean formula, all subtrees from paths
inconsistent with the selected action are removed for nodes whose state matches
the condition. To ensure that an agent can act each turn, if no guarded action is
applicable within a strategy, a supplementary condition-action pair (T, idle) is
added, allowing each agent to perform idle in every state. This ensures at least
one possible action per turn. The initial CGS construction ensures each agent
can perform idle in every state. The pruned tree is reconverted into an extended
CGS, with unique state renaming to avoid repetition, resulting in the desired
CGS for model checking.

3.3 Model Checking

The model checking algorithm takes as input a specified formula and the refined
model obtained from the previous pruning step. The implemented algorithm is
based on the theoretical foundations presented in [12]|, which provide further
details. Our approach employs a tree structure to represent the parsed formula,
utilizing a depth-first search strategy to traverse the tree and a bottom-up eval-
uation to process logical formulas with temporal operators. Each node in the
tree corresponds to a subformula, and the algorithm computes the set of states
that satisfy it.

A key feature of our approach is that, beyond returning a Boolean answer
indicating whether a solution exists for the given model, the algorithm also
synthesizes the optimal winning strategy leading to that solution. Specifically,
if a solution validating the formula is found, the tool returns both the set of
states that satisfy the root formula and the minimal-complexity strategy that
guarantees its satisfaction. This process ensures that, rather than merely veri-
fying the existence of a strategy, S/H actively constructs and returns an exe-
cutable strategy that can be followed by agents in the system. If the verifica-
tion does not yield a solution for the pruned model, the algorithm backtracks
to the Strategies Generation phase, projects new strategies onto the original
model, and reattempts the verification. This iterative cycle continues until a
valid strategy is synthesized or no further strategies remain viable. For the com-
plete implementation, please visit the project directory at the following link:
https://github.com/MarcoAruta/S4Htool.

3.4 Pre-processing Optimization

S4H tool introduces an optimized verification approach tailored to domains
where modeling bounded rationality and strategic decision-making is crucial,
such as automated planning, human-AI collaboration, and strategic interactions
in multi-agent systems (MAS). By integrating Alternating-Time Temporal Logic
(ATL) and Natural Alternating-Time Temporal Logic (NatATL) within a pre-
processing verification, we achieve a balance between computational efficiency
and expressive power. This optimization is particularly significant for real-world
applications requiring scalable and interpretable strategy verification. The key
contributions of this approach include:
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— Efficient pre-processing via ATL: ATL serves as an initial filtering mecha-
nism to rapidly discard unsatisfiable paths, significantly reducing the com-
plexity of the input model before deeper analysis. This leverages ATL’s
well-established efficiency in handling large state spaces and ensures a more
tractable verification process.

— Enhanced Expressiveness through NatATL: The second phase ensures that
the verification process fully accounts for bounded rationality constraints,
enabling the analysis of both memoryless (nr) and recall-based (nR) strate-
gies. This feature is particularly relevant in scenarios involving human-like
decision-making, where strategies are shaped by cognitive limitations and
behavioral heuristics.

— Scalability for Complex Systems: The framework’s optimization techniques,
including incremental strategy generation and symbolic representation, en-
able efficient scaling to accommodate real-world applications, from Al-driven
decision-making to cooperative autonomous agents.

The framework operates in two sequential phases:

1. Pre-processing with ATL: The model undergoes an initial reduction using
ATL’s strategic operators, which prune invalid paths and produce a simpli-
fied representation containing only potentially satisfiable components.

2. Verification with NatATL: The refined model is then analyzed with NatATL
to evaluate bounded strategies, ensuring both natural simplicity and cogni-
tive feasibility in the decision-making process.

Return
Winning
Strategies

ATL
Model
Checking

Fig. 2. Optimized NatATL Verification process

Fig. 2 illustrates the overall workflow, emphasizing the interplay between pre-
processing and verification. The effectiveness of this optimization will be further
analyzed in the experimental section, where we highlight the improvements in
performance and verification efficiency enabled by this pre-processing feature.

4 EXPERIMENTS

We conducted extensive tests on the proposed verification tool using an HP
Omen 15-ax213ng with an Intel i7-7700HQ 3.8 GHz CPU and 16 GB RAM.
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Development was done in Python 3.9 via PyCharm, with GitHub as the host-
ing service. Since this tool integrates the first implemented NatATL verification
module, we validated its accuracy against existing ATL model checking modules,
already validated [21]. Table 1 summarizes the main features of S/H compared to
other model checkers, emphasizing its novelty in supporting bounded rationality
and recall-based strategies.

MCMAS|MOCHA | S4H

Bounded Strategies No No |Yes
Memoryless Strategies | Yes | Yes |Yes
Recall-Based Strategies| No No [Yes
Table 1. Comparison of Features Across Model Checkers

To initiate a preliminary experiment, it is crucial to examine the correspon-
dence between the Boolean solutions generated by the two algorithms. So, each
temporal operator was tested a hundred times to understand its behavior. Iden-
tical inputs were used for both NatATL and ATL, with their corresponding
formula versions. For computational purposes, the NatATL complexity bound
was increased to 10, considering that it is challenging for a human to track more
than 10 guarded actions for a single strategy. In a comprehensive analysis of
nearly a thousand tests, it was conclusively demonstrated that the NatATL ver-
ification system operates correctly. This is because NatATL, as an ATL update,
will produce the same result for the same model. Therefore, this test is cru-
cial in certifying the soundness of the implemented algorithm. Successively, to
assess the time performance of our tool, we conducted 1000 more tests, system-
atically varying the number of states (i.e. model size), the complexity bound,
and the number of agents within the formula coalition. Our analysis revealed
that execution behavior is significantly influenced by the number of agents and
the complexity bound. Each agent requires a specific set of strategies based
on their potential actions, so increasing these values leads to longer execution
times. For tests carried out with the recall tool, we set the maximum height of
the structure at a predefined value of 5 for computational efficiency 2. Thus, we
observed slowdowns due to the necessity of representing histories. The execution
time was found to be directly proportional to the degree of the tree, significantly
influenced by the density of the transition matrix, particularly the number of
different transitions from the same source state to the same destination state.
Higher density led to longer execution times. In contrast, sparser matrices with
lower tree degrees resulted in shorter execution times for this case. More specifi-
cally, we adopted two verification approaches: the first aimed at verifying model
robustness, considering nondeterministic models where the matrix density was
maximal and multiple occurrences of the same elements on the same row were

3 Beyond a depth of 5, the tool started to experience slight delays in generating the
entire tree, so we chose this height to maintain real-time processing.
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present (hence nondeterminism). The second approach focused solely on strat-
egy robustness, adopting classical incomplete models in multi-agent scenarios
and discarding potentially invalid strategies for that non-robust model. The first
approach empirically sets an upper bound on the temporal complexity due to
the analysis of input models that consider all possible combinations of actions
characterizing different transitions for each row (and for each element within it),
addressing the worst-case scenario, which is less likely in practice. The second
approach reflects the average case where the user generates an incomplete model
due to scenarios in multi-agent systems, inevitably leading to lower and more
efficient execution times compared to the worst-case scenario. The tables in Fig.
3, 4 summarize the time analysis conducted.

7,000 A T T 11711 T T T TTT 7,000

6,000
5,000
4,000
3,000
2,000
1,000

Average Time (seconds)

- W~ Sparse

—@— Dense

10! 102 103

Number of States

6,000
5,000
4,000
3,000
2,000
1,000

Average Time (seconds)

100 10! 102 103

Number of States

Fig. 3. Average case: Average time table
comparison using dense and sparse tran-
sition matrix and |A| =3

Fig.4. Worst case: Average time table
comparison using dense and sparse tran-
sition matrix and |A| =3

4.1 Case Study: Logistics Robot System

As highlighted in the abstract, our work emphasizes the analysis of real-world
models. However, the full-scale logistics robot model-comprising thousands of
states and variables-would be unmanageable for both presentation and analysis.
Therefore, before introducing the case study, it is important to note that we have
developed a highly reduced and optimized version of the model. This reduction
was achieved by systematically removing redundant and superfluous informa-
tion while preserving the essential dynamics necessary for evaluating bounded
strategic reasoning. Such a reduction not only provides a clear overview of the
model configuration but also represents a significant advancement, as previous
work did not address the synthesis and verification of natural strategies on real-
world-scale models.

To further evaluate the practical applicability of NatATL, we conducted ex-
periments on this reduced logistics robot system. The logistics domain is par-
ticularly relevant to Al-driven critical technologies due to its emphasis on ef-
ficiency, adaptability, and human-robot collaboration. This system comprises
three agents: two robots (ag! and ag2) operating on conveyor belts, and a
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third agent (ag3) responsible for auxiliary actions. The primary goal of these
experiments was to assess the system’s capability to maintain optimal perfor-
mance under bounded strategy complexity constraints, thereby ensuring robust
decision-making in dynamic and challenging environments.

This representative case study demonstrates that even under significant model
reduction, the core challenges of bounded rationality in a logistics environment
are effectively captured. The results underscore the potential of NatATL for han-
dling complex, real-world applications in a scalable and efficient manner, mark-
ing a substantial step forward in the synthesis and verification of human-like
strategies.

nr-Strategies in Logistics Robots In this model, the robots interact based
on a state-transition graph where each state corresponds to a specific operational
phase, such as moving between conveyor belts, picking up packages, and handling
auxiliary actions. The NatATL framework is used to analyze whether a robot
can achieve its goal of successfully completing logistics operations under bounded
complexity constraints.

A memoryless strategy for a robot can be represented as a set of condition-
action rules:

— If the robot is at the initial state and no task is assigned, remain idle.
— If a package is detected, move to the corresponding conveyor belt.
— If at the destination belt, execute the drop-off action.

As bounded complexity is quantified by the simplicity of conditions, at an
initial state (sg), where no task is assigned (—assigned), the robot remains idle
until a package is detected. Once detected, the transition progresses through task
execution states (s3 — ss5), ensuring smooth task completion while avoiding fail-
ure states (sg). This approach validates usability and efficiency by maintaining
system performance under limited computational resources.

nR-Strategies in Logistics Robots In more dynamic scenarios, recall-based
strategies (nR-strategies) enhance decision-making by incorporating historical
data. In the logistics domain, robots may need to adapt their actions based on
past deliveries, congestion levels, or prior system failures. For example, a recall-
based strategy might include:

— If a package has been reassigned multiple times in the last three steps, pri-
oritize an alternative conveyor belt.

— If congestion was detected in previous states, adjust the movement pattern
accordingly.

— Otherwise, proceed with standard task execution.

These strategies are formally expressed in NatATL using extended syntax to
incorporate history-dependent rules while maintaining bounded complexity. For
instance, an agent transitions from ss to s5 (task completion state) by executing
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STA,STI SV* MMIVVB MT* STB,MVA

SVLSVA ST* MTIMTB MV* STA,MVB

MVLMVA MT* STB,STI SV* STA,MVB

MTLMTA MV* SVLSVA ST* SVA,MTB
0 0 0 0 Hokk

Table 2. Transition Matrix for Logistics Robot

a coordinated sequence over prior states (sg — $1 — s2). This enhances system
adaptability in fluctuating environments.

The logistics robot case study exemplifies the necessity of bounded-rationality
AT in mission-critical applications. By demonstrating how NatATL enables strat-
egy verification in complex, resource-constrained environments, this study high-
lights its potential impact on Al-driven logistics, autonomous systems, and human-
compatible robotics.

4.2 Empirical Validation of Optimization

As the reader may notice, the experiments focus on logistic robot study case,
which tests the tool’s ability to handle both nr-strategies and nR-strategies ef-
fectively. Our implementation approach brings several engineering advancements
that directly impact its performance:

— State Space Reduction: The ATL pre-processing phase prunes unsatisfiable
paths early, reducing the size of the CGS state space by up to 50% in bench-
marks. This significantly mitigates the exponential growth typically associ-
ated with NatATL’s bounded strategy evaluation.

— Incremental Strategy Generation: Strategies are generated incrementally, pri-
oritizing lower-complexity solutions and avoiding exhaustive enumeration.
This approach reduces computational overhead without sacrificing accuracy.

— Parallelized Pruning: Parallelization of the pruning process during NatATL
verification expedites the validation of strategies, particularly in scenarios
involving recall-based strategies.

— Symbolic Representation: Both ATL and NatATL processes utilize symbolic
representations of states and transitions, optimizing memory usage and im-
proving scalability for large and complex models.

To evaluate our approach, Fig. 5, 6 present a comparison of average response
times between traditional NatATL utilization and the combined AT L+ NatATL
method both for nr and nR strategies. We tested unsatisfiable formulas (to ana-
lyze the worst computational scenario) with a fixed complexity bound and three
agents involved. The practical viability of our tool is illustrated through blue
line, representing the optimal response times for the ATL+ NatATL approach,
compared to the red line, showing standalone NatATL usage. As expected, ATL
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pre-processing filter significantly improves response times in real-world scenarios.
Negative instances highlight the time differences, requiring NatATL to generate
all possible strategies. Our new method filters real-time results without invok-
ing the NatATL strategy generation algorithm, demonstrating the benefits of our
optimization. Time constraints naturally increase with the number of agents and
complexity bound, as the computational effort to generate individual strategies
for each agent remains substantial.

— —
0 0
< <
g 4’000 I T T TTTIIT I T T TTTIT T T T 1117 g 8000 I T T TTTTIT I T TTTT
3 = l- AYPTNatATL — 3 = W= ATL{NatA
0 3,000 0
— —@—/ NatATL — —@— Na
(0] ()
S 2,000 E 4,000
& B
© 1,000 ° 2,000
o0 o0
[ ]
s E 0 0 1 2 3
0 1 2 3
> 10 10 10 10 > 10 10 10 10
< <
Number of States Number of States

Fig.5. ATL + NatATL times table: Fig.6. ATL+ NatATL times table: Re-
Memoryless approach call approach

As the number of agents increases, the complexity bound limit needs to
be reduced, indicating an implementation bottleneck due to the inherent logic.
In fact, our pre-processing approach provides significant performance improve-
ments, though careful management of complexity bounds is required as the
number of agents increases. This demonstrates the practical effectiveness and
limitations of our method in real-world applications.

4.3 Evaluation Metrics and Results
The performance of the tool was evaluated based on:

— Accuracy: Verifying that the tool produces correct results consistent with
theoretical expectations.

— Scalability: Measuring execution times for models with varying sizes and
complexity bounds.

— Usability: Assessing the ability of the tool to handle practical case studies
effectively.

The results confirm that the tool works correctly, reproducing the expected
results for all test cases. More specifically, the ATL pre-processing approach
demonstrated significant efficiency improvements, reducing computation times
by up to 90% compared to standalone NatATL verification for negative instances.
Moreover, our dynamic strategy generation approach ensures the discovery of an
optimal winning strategy for positive instances as soon as a solution is found.
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5 CONCLUSIONS

In this paper, we have introduced SH/, a novel tool for the formal verification
of bounded rationality in multi-agent systems by synthesizing human-like ratio-
nal strategies. Our tool integrates bounded rationality, dynamically generating
strategies for both memoryless (nr-strategies) and recall-based (nR-strategies)
approaches, and optimizing through a pre-processing verification phase based on
traditional ATL to significantly enhance computational efficiency and scalability,
even in complex scenarios. Our experimental evaluation - including a detailed
logistics robot system case study - demonstrates the practical applicability of
our approach in real-world multi-agent environments. The results confirm that
our optimization techniques effectively reduce computation time, particularly in
heavy scenarios such as recall-based strategic reasoning. A particularly novel
aspect of our work is the introduction of bounded strategy complexity as a crite-
rion for distinguishing between human and artificial decision-making processes,
thereby opening new avenues for assessing human-likeness in Al and offering a
fresh perspective to the ongoing discussion surrounding the Turing Test.

Future Works. Our contributions pave the way for integrating this framework
into Automated Turing Test applications and advancing neuroscience-inspired
AT research. In particular, by setting an upper bound on the complexity of
synthesized strategies - reflecting the inherent memory constraints of human
cognition - it becomes possible to quantitatively assess the human-likeness of ar-
tificial agents. This integration would enable an Automated Turing Test where
the ability of an agent to manage complex strategies within human cognitive
limits serves as a proxy for its human-like decision-making. Additionally, fu-
ture research may explore heuristic and machine learning-based enhancements
to further optimize efficiency, especially for large state spaces and high complex-
ity bounds. These extensions are expected to broaden the applicability of our
framework in domains such as social robotics, human-in-the-loop systems, and
beyond.
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