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Abstract

This paper proposes a methodological architecture to integrate Q-learning into economic
modelling systematically. It addresses a common gap: the lack of a shared framework
linking economic foundations to Reinforcement Learning components. Rather than intro-
ducing a new algorithm, it specifies and reports how preferences, frictions, information
structures, and time horizons map to the reward function, discount factor, and learning
environment design. Equilibrium outcomes serve as benchmarks for comparing learned
policies, not as imposed axioms. This approach interprets learning dynamics through
standard economic categories and enables comparability across studies. The architecture
organizes models along explicit dimensions: behavioural preferences, institutional frictions,
economic environment class, information structure, learning and exploration mechanisms,
and evaluation metrics. A simulation illustrates how variations in frictions, risk attitudes,
and intertemporal preferences affect learned policies, their stability, and their relationship
to static benchmarks. The paper aims to promote the cumulative use of Reinforcement
Learning in applied economics by providing a general specification that improves inter-
pretability, comparability, and reproducibility, turning deviations from theoretical equilibria
into measurable diagnostics that refine economic fundamentals.

Keywords: Q-learning; reinforcement learning; computational economics; economic mod-
elling; benchmarks; methodology

1. Introduction
Economic Theory has built a solid corpus through simplified models that make it

possible to obtain equilibrium solutions and conduct comparative statics [1,2]. These
models, although analytically powerful, rely on highly restrictive characterizations of the
economic agent, modelled as a very constrained homo oeconomicus, poorly aligned with
the behaviour of a real economic agent [3]. To overcome these limitations, there arises a
need to treat economic decision-making as a dynamic process, more closely reflecting what
reality shows. This is where Reinforcement Learning (RL) enters as an area of Machine
Learning that allows agents to learn optimal policies through repeated interaction. RL
provides a natural language to model adaptation, trial-and-error, and feedback, connecting
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with classical bounded rationality [4] and enabling equilibrium to be reformulated as an
emergent outcome of a dynamic process.

The use of RL in applied Economics, implemented through computational algorithms,
has generated three fundamental contributions that explain its rapid expansion. First, it
allows us to address problems for which there are no proper analytical solutions, charac-
teristic of markets or strategic environments that are extremely complex. This makes it
possible to provide operational rules obtained through the learning process inherent to this
type of solution. Second, it has opened the possibility of studying strategic adaptation as a
dynamic process, allowing the observation of adjustment paths, historical dependencies,
and out-of-equilibrium patterns that remained invisible in traditional models. Finally, it
has opened a computational pathway that enables the testing of the economic foundations
provided by Economic Theory, treating equilibrium as a possible outcome to which learning
may or may not converge.

The observation of these three main contributions reveals the conceptual implication
of economic equilibrium in all of them. In Economics, the notion of equilibrium is a central
issue, whose result is a fixed-point solution that appears as an optimum, as a best response
to an optimization process subject to constraints. However, in RL models, results are
generated by an updating process, and equilibria, when they appear, are endpoints of a
dynamic process, not solutions previously determined by the optimization programme
of Economic Theory. This difference is key and does not eliminate the analytical role of
theoretically grounded equilibrium but rather shifts it from a prior axiomatic assumption
to a benchmark that can be contrasted through explicit decision dynamics.

However, RL implementations in Economics operate as isolated exercises to solve
each specific case. That is, state, action, and reward representations are defined case by
case, without an architecture that links these components to the economic foundations
of Economic Theory. This hinders interpretation, comparability, and the accumulation of
evidence within a given context. Moreover, it prevents an easy return to economic founda-
tions to adjust or refine their general postulates. This is where the proposal developed in
this work connects, by establishing an interpretative framework that allows integrating
RL results in Economics into the language and corpus of Economic Theory, enabling the
advancement of the foundations of economic knowledge.

1.1. Methodological Limitations in the Use of Reinforcement Learning in Applied Economic Models

The growing use of RL in applied economic models allows for a closer examination
of how these approaches are implemented in practice. This development has brought to
light a few recurrent methodological limitations in their use, which constitute precisely the
object of improvement of this paper. Beyond the diversity of existing approaches, patterns
of model design can be found in the literature that hinder both comparability across studies
and the systematic economic interpretation of results [5–7].

In particular, a problem arises from the implicit incorporation of economic assump-
tions into algorithmic design choices. Central economic assumptions, such as preferences,
constraints, information structures, or notions of agents’ rationality, are often encoded in
implementation decisions specific to the algorithm. The discretization of the state space,
the definition of the action set, the design of the reward function, the time horizon, or the
discount factor are typically presented as technical choices, without being explicitly linked
to the economic concepts they are meant to represent. This lack of correspondence between
the algorithmic model and its economic reference generates interpretative difficulties, as
algorithmically similar models may represent substantively different economic environ-
ments, while different designs may reflect equivalent economic assumptions without this
being evident [6,8].
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A second limitation concerns the omission of explicit reporting of the learned policy.
In many applications of Q-learning, the analysis focuses on aggregate magnitudes such
as prices, profits, or costs, without characterizing the policy learned by the agent. From
an economic perspective, however, the policy constitutes the central object of analysis.
When it is not made explicit, the results are not reintegrated into the underlying theoretical
framework, and learning operates as an instrumental mechanism disconnected from the
economic theory it is intended to inform. The lack of policy-level reporting prevents the
identification of regions of inaction, decision thresholds, historical dependence, or the
coexistence of qualitatively distinct policies that generate similar aggregate outcomes [6,7].

Finally, it can be observed that a significant share of existing studies uses economic
benchmarks as ex post numerical points of comparison, without integrating them systemat-
ically into the analysis of the learning process. This practice complicates the interpretation
of observed deviations, as it remains unclear whether they stem from learning frictions,
model design choices, or intrinsic economic behaviour. Consequently, both cross-study
comparison and the accumulation of knowledge in this area are severely constrained [5–7].

These limitations should not be interpreted as isolated deficiencies of individual works,
but rather as the manifestation of a more general methodological shortcoming, which can
be summarized as the absence of an explicit interface between economic concepts and the
design choices inherent to RL. In this context, this article proposes addressing this gap by
offering a taxonomy and a reporting scheme that make these decisions explicit and enable
a systematic economic interpretation grounded in Economic Theory.

In this article, the notion of a taxonomy does not refer to a classification of algorithms,
solution methods, or equilibrium concepts. Rather, it refers to a structural map between
economic assumptions and RL design decisions. The object of classification is not the
learning algorithm itself, but the mode of modelling through which economic hypotheses
are incorporated into a RL framework.

The proposed taxonomy is intended to make explicit how core economic assumptions,
such as preferences, constraints, information structures, and notions of rationality, are oper-
ationalized through design choices including state representation, action space definition,
reward specification, discounting, and temporal structure. These assumptions constitute
the fundamental building blocks of standard economic models, as they determine agents’
behaviour and the nature of equilibrium outcomes. In RL-based models, however, such
assumptions are often embedded implicitly in implementation choices that are presented
as technical details. By organizing these decisions within a common framework, the taxon-
omy provides an explicit interface between RL models and the conceptual categories of
Economic Theory.

The purpose of this taxonomy is therefore methodological rather than algorithmic.
It does not aim to improve predictive accuracy, convergence speed, or empirical perfor-
mance. Instead, it seeks to discipline model specification so that learned policies can be
interpreted as economically meaningful objects, compared across studies, and evaluated
against theoretical benchmarks. In this sense, the taxonomy functions as a protocol for
economic interpretation and reporting, rather than as a substitute for existing learning
methods or solution concepts [9].

1.2. Delimitation of Comparable Frameworks

The purpose of this subsection is not to offer an exhaustive literature review, which is
provided later, but rather to define the methodological frameworks conceptually similar to
the one discussed here, clarifying the specific contribution of the proposed framework and
its limitation in relation to the lack of a taxonomy that would allow for a proper transfer from
the field of Economics. While these approaches share formal or computational elements,
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they differ substantially in their objectives and the type of methodological contribution
they offer, which allows them to be grouped into the following sets.

1.2.1. Learning in Games (Game Theory)

A first strand of related literature corresponds to learning in games within Game
Theory. This body of work studies learning dynamics such as fictitious play, regret mini-
mization, no-regret learning, or evolutionary dynamics as analytical tools to characterize
convergence properties, stability, and equilibrium selection [10–12]. Within this framework,
learning rules are introduced to analyze whether and how agents’ behaviour converges to
equilibrium concepts that are defined independently of the learning process itself. Learning
does not constitute an object of study in its own right but rather appears as a means to
validate or refine theoretical equilibrium analysis. As a consequence, algorithmic design
choices are typically dictated by the equilibrium concept under consideration, and no
explicit methodological layer is developed to relate learning architectures to underlying
economic assumptions, which lies outside the scope of this literature.

1.2.2. Agent-Based Models

Agent-based models provide a flexible framework to represent interactions among
heterogeneous agents in economic environments that can be described with different de-
grees of complexity [13–15]. These approaches have been widely used to study phenomena
such as market dynamics, coordination failures, financial instability, labour markets, and
macroeconomic adjustment processes, allowing researchers to explore emergent outcomes
generated by specified behavioural rules. Agent-based models are highly diverse and adapt-
able, but they differ from standard economic models in that they generally do not require
decision processes to be formulated as explicit sequential optimization problems. Solutions
are obtained through computational procedures that simulate adaptive behaviour and
complex interaction patterns. However, decision processes are not formalized as policies in
the RL sense, nor are economic assumptions systematically disentangled from algorithmic
implementation choices. As a result, comparability across models typically relies on contex-
tual or narrative descriptions, rather than on a shared methodological structure that would
allow results to be interpreted and contrasted at a common analytical level.

1.2.3. Computational Experiments and Reproducibility Frameworks

Another body of contributions focuses on computational experiments and repro-
ducibility frameworks in Economics. This literature addresses issues related to trans-
parency, replication, and robustness of computational results, proposing standards for
data availability, code sharing, and experimental documentation [16–18]. These efforts
play a crucial role in strengthening empirical validation and credibility in computational
economic research. However, their primary concern lies with computational reproducibility
and verification, rather than with the economic interpretation of learning algorithms. They
do not explicitly address the linkage between RL design decisions and economic concepts,
nor do they provide guidance on how learned policies should be specified and reported as
objects of economic analysis.

1.2.4. Ad Hoc Applications of Reinforcement Learning in Economics

A large and growing body of work consists of ad hoc applications of RL to specific
economic environments, typically modelled as Markov Decision Processes or stochastic
games, with model design adapted to each context. These applications have demonstrated
their ability to generate valuable results in areas such as pricing, strategic competition, or
dynamic resource allocation [7,19,20]. Nevertheless, the economic assumptions underlying
these models are commonly encoded implicitly in the architecture of the learning algorithm.
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This makes it difficult to interpret learned policies in economic terms and severely limits
comparability across studies, as similar algorithmic designs may correspond to different
economic hypotheses, while different designs may embody equivalent assumptions without
this being transparent. Consequently, the integration of these partial results into the
broader corpus of economic knowledge remains limited, given the absence of protocols
that allow them to be systematically contrasted with theoretical equilibrium concepts or
other interpretative benchmarks.

Although these approaches differ substantially in their objectives, analytical focus, and
methodological tools, they share a common limitation from a methodological standpoint:
none of them provides an explicit structural map that links core economic assumptions to
RL design decisions in a way that enables systematic interpretation, comparability across
studies, and cumulative knowledge building. A review of the proposals within these
frameworks reveals no explicit protocol for operating at this methodological level, one
that would make economic assumptions transparent through structured mapping with
RL design decisions and standardize the reporting of learned policies as economically
significant objects. The proposal developed in this article is intended to complement
these approaches by operating at a distinct methodological level. Its objective is not to
introduce new algorithms or to compete in terms of empirical performance, but to provide
a methodological framework that allows RL design decisions to be explicitly articulated,
organized, and interpreted from an economic perspective. By offering a taxonomy of such
decisions and an associated reporting scheme, the proposed framework aims to improve the
economic interpretability of learned policies and to facilitate the systematic accumulation
of knowledge in Economics.

Building on the limitations identified in Section 1.1 and the delimitation of existing
approaches presented in Section 1.2, the following sections introduce the methodological
framework proposed in this article. This framework provides an explicit interface between
RL design choices and the categories of Economic Theory. To this end, an architecture is
specified that disciplines RL-based models so that their solutions can be framed within
economically meaningful categories, allowing equilibria emerging from learning dynamics
to be contrasted with theoretical benchmarks. Rather than proposing a new algorithm, the
objective is to establish a protocol for specification and economic interpretation that makes
results comparable, interpretable, and accumulative across studies.

In this context, the article addresses the following research questions:

1. How can RL design decisions be systematically linked to economic concepts so that
economic assumptions are made explicit rather than implicitly encoded in algorith-
mic choices?;

2. How can learned policies in RL–based economic models be specified and reported in
a way that enables economic interpretation and comparability across studies?;

3. How can equilibrium concepts from Economic Theory be used as interpreta-
tive benchmarks in learning-based economic models, without being imposed as
axiomatic solutions?

The first two questions are central to the methodological and interpretative objectives
of the paper, while the third follows as a consequence of the proposed framework.

The remainder of the article includes, in the following section, a literature review
related to the purpose of this work, followed by the presentation of the design framework,
offering the general specification of an economic Q-learning model and the families of
models that fit within the proposed architecture. A demonstrative simulation is then
described, and finally, the main patterns are reported and their implications discussed
in conclusions.
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2. Literature Review
The application of RL and related computational methods in Economics has expanded

significantly in recent years. A growing body of work applies learning algorithms to
problems involving strategic interaction, dynamic pricing, market design, agent-based
simulations, and policy analysis. These contributions demonstrate the potential of learning-
based approaches to address environments that are analytically complex, dynamic, or
characterized by incomplete information. Across these diverse applications, RL is typically
employed as a Machine Learning (ML) tool that generates decision rules through iterative
interaction with a dynamic and stochastic environment [21]. Models differ in their economic
context and algorithmic implementation, but they commonly define states, actions, and
rewards in a way that allows agents to adapt over time. In many cases, learning outcomes
are evaluated using aggregate indicators such as prices, profits, convergence properties, or
welfare measures.

Essentially, the method evaluates sequences of actions [22], whose evaluations are
used to improve subsequent action decisions [23]. One of its main advantages is the
ability to develop optimal behaviour autonomously and independently, without human
intervention, based on a simple modelling framework. Q-learning is a popular algorithm
widely used in RL [24] which, together with other related algorithms [25,26], has become
widespread [23,27] due to its capacity to shift analysis from static conditions toward
adaptive trajectories [28]. Equilibrium, when it appears, ceases to be a postulate and
becomes a possible convergence outcome, or a benchmark against which learned dynamics
can be contrasted [29,30].

There exist broad literature reviews explaining learning techniques [31] and their
use in Economics, Game Theory, and Finance [32,33], which are valuable for situating
application domains and the computational meaning of the technique [34,35]. Regard-
ing its use in Economics, Q-learning has proven effective in addressing, among others,
optimization challenges in finance [28,36,37], trading [38–40], pricing and resource alloca-
tion [41–44], and problems involving simulation or interaction among agents and within
markets [45–47]. Despite their diversity, these approaches share a common methodological
limitation because the core economic assumptions are frequently embedded implicitly
in algorithmic design choices. As a result, learned policies are often treated as technical
outputs rather than as economic objects, and deviations from theoretical benchmarks are
reported without a systematic economic interpretation. Outside of a limited number of
contributions, often presented in conference settings [48,49], there is no established line of
work exploring conceptual extensions of RL aimed at constructing a systematic and general
framework for economic contexts such as the one proposed here.

In studies examining social dilemmas and repeated games under noise, extensions
aimed at stabilizing early learning have been proposed [50]. There are also contributions
systematizing connections between learning and computational approaches [51]. However,
these and similar approaches do not connect with the general economic framework and
show that, as strategic complexity increases, it becomes necessary to work with standards
for specifying this economic approach. The literature on Q-learning emphasizes the value
of algorithmic neutrality [24,52], leaving aside the structural connection between this com-
putational modelling and its economic content. This lack of an explicit mapping between
economic modelling operations and RL design decisions limits comparability across studies
and hinders cumulative knowledge building. Without a shared specification and reporting
discipline, it becomes difficult to assess whether differences in outcomes reflect substantive
economic assumptions or merely implementation choices. The present article addresses this
gap by proposing a methodological architecture that makes this correspondence explicit
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and operational, thereby enabling systematic interpretation, comparison, and extension of
learning-based economic models.

Based on this diagnosis, the following section develops the methodological core of
the proposal. Rather than extending existing algorithms, the focus is on establishing a
disciplined specification and reporting architecture that makes economic assumptions
explicit and comparable across learning-based models.

3. Economic Q-Learning Design Framework
Before presenting the proposed framework, we outline the typical operations involved

in the modelling activity performed by Economic Theory in its formalization process.
Here, formalization does not refer to the characterization of economic objects such as
consumers, producers, firms, or markets, but rather to the set of structural operations
that make it possible to analyze the behaviour of these objects, their interactions, and the
resulting outcomes.

Economic models first specify an evaluation criterion through which outcomes are
assessed, such as utility, profit, cost, or welfare. Once this criterion is defined, Economic
Theory specifies the set of feasible actions associated with each type of agent’s decision,
together with the constraints and frictions that restrict choice. These include income and
budget constraints, technological limitations, and institutional rules, which may generate
adjustment costs or capacity limits for the agents under consideration.

Subsequently, Economic Theory characterizes the information and temporal structure
under which decisions are made, including, for instance, the degree of uncertainty faced by
agents or the presence of discounting over time. Decision-making under these assumptions
is then embedded in an interaction structure, which may range from individual optimiza-
tion problems to strategic interaction, aggregation mechanisms, or dynamic systems.

Finally, economic outcomes are evaluated relative to interpretative benchmarks, such
as optimal policies, equilibrium allocations, steady states, or counterfactual reference points.

RL implements these same types of structural operations in algorithmic form. Ob-
jectives are encoded through reward functions, feasible actions through action sets, and
constraints and frictions through state variables and transition dynamics. Information
structures are represented via the agent’s observation space, while temporal consider-
ations are incorporated through discount factors and episode definitions. Interaction
structures can be modelled using different learning architectures, such as single-agent or
multi-agent settings.

This conceptual correspondence makes RL a potentially valuable tool for Economic
Theory. However, in most applied economic implementations, this correspondence remains
implicit: economic assumptions are absorbed into algorithmic design choices without being
systematically articulated in a way that connects both domains.

The framework proposed in this article is built precisely around this deficiency. Its
purpose is to make explicit the structural correspondence between economic modelling
operations and RL design choices. In this way, it provides a methodological approach
for specifying, interpreting, and comparing RL-based economic models, rendering their
results intelligible as economic objects and facilitating their evaluation within the standard
analytical parameters of Economic Theory and Economic Policy.

From this perspective, Economic Theory formalizes economic behaviour through a lim-
ited set of structural modelling operations that recur across different fields and applications:

1. Specification of objectives, defining how outcomes are evaluated, such as utility, profit,
cost, or welfare;

2. Definition of feasible actions and constraints, determining what agents can do given
technologies, budgets, institutional rules, and frictions;
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3. Representation of information structures, specifying what is observed, when it is
observed, and under what uncertainty;

4. Temporal organization of decisions, including horizons, discounting, irreversibility,
and stopping conditions;

5. Embedding of behaviour within interaction structures, ranging from individual deci-
sion problems to strategic interaction, aggregation, or market-level dynamics;

6. Evaluation relative to benchmarks, such as optimal policies, equilibrium allocations,
steady states, or counterfactual reference points.

RL implements these same operations through algorithmic components. Objectives are
encoded via reward functions; feasible actions through action sets; constraints and frictions
through state variables and transition dynamics; information structures through the agent’s
observation space; temporal considerations through discount factors and episode defini-
tions; interaction structures through single-agent or multi-agent learning architectures; and
benchmarks through externally defined reference policies or equilibrium concepts.

The proposed framework is organized around this correspondence, making explicit
how economic modelling operations are translated into RL design choices.

From this point onward, an architecture is formalized to delimit how the agent’s
valuation and frictions should be separated and declared to structure a return function. In
this way, the information and metrics obtained from learned policies can be interpreted as
economic rules that are comparable and contrastable against equilibrium benchmarks.

In its standard formulation, Q-learning is framed within a Markov decision process,
where the agent observes a state st, chooses an action at, receives an immediate return
rt+1, and transitions to a new state st+1. The central object is the function Q(s, a), which
approximates the expected value of taking action a in state s and continuing with a policy
that maximizes future returns. The typical incremental update is expressed through a
Bellman-type rule, with learning rate α and discount factor γ:

Qt+1(st, at) = (1 − α)Qt(st, at) + α

[
rt+1 + γmax

a′
Qt(st+1, a′)

]
, (1)

where the term in brackets acts as a temporal target that combines the immediate return
and the best estimated future value [24,29,30]. Naturally, extensions can be introduced de-
pending on parameters such as dimensionality or the environment [21,32,53–55], although
here we present the minimal basic Q-learning model.

Implementing the algorithm requires specifying an exploration rule, for example
ε-greedy, which controls the trade-off between exploiting the policy induced by Q and
continuing to generate information to improve it. This dimension is not a minor technical
detail in the economic context addressed in this work, because it affects model stability,
convergence speed, and the persistence of results. From a methodological standpoint, it is
essential to translate the model reward into an economically interpretable objective where
the factor γ can be treated as a representation of time preferences and not merely as a
technical parameter [24,30].

From here onward, we present the set of possible decisions or design dimensions
that must necessarily be considered when constructing an economic model based on Q-
learning. In practice, these dimensions correspond to the core objects of the RL framework,
including state, actions, objective signal, discounting, and exploration, but formulated
in terms of standard Economic Theory models, expressed as preferences, constraints,
frictions, market structures, or information structures. These main modelling dimensions
are presented below.
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3.1. Design Dimensions
3.1.1. Agent Preferences and Behavioural Foundations

In Economics, agents’ behaviour is modelled in relation to objectives, typically in the
form of a utility function subject to a set of constraints. The analogous operational concept
in Q-learning models is a criterion guided by an updating process that operates simply
through the evaluation of a generic reward that does not inherently require structure.
Payment outcomes guide future actions that correct past errors. However, if everything is
reduced to payment evaluation, equilibria will emerge detached from economic interpre-
tation, forcing the exercise to be repeated for each new proposal. For this reason, the first
design dimension consists of fixing which preference components are to be represented
and how they enter the agent’s objective.

To proceed along this line, at least three families of elements must be addressed. The
first refers to risk preferences. In economic applications, it is common to distinguish agents
with different degrees of risk aversion, which can be represented through transformations
of the immediate reward. This implies an explicit formulation of utility over payments,
profits, or received consumption. The methodological point is not to choose a particular
functional form, but to require the model to make explicit whether the agent maximizes
expected payments, expected utility, or combinations that may incorporate penalties.

Second, intertemporal preferences must be made explicit. In Q-learning, the discount
factor is usually treated as a hyperparameter, as noted above, but in Economics it must
become an object interpreted in terms of patience, time preference for adjustment, or costs
associated with waiting. In this sense, model design must establish how this factor, now
considered an agent preference, is interpreted in relation to time. It should also be specified
whether it differs across agents and whether it depends on the state or type of interaction.
This decision is especially relevant in negotiation-based environments, where waiting costs
and agents’ ability to wait determine their capacity to reach different outcomes.

Finally, in connection with behavioural foundations, any other relevant factors, such
as reputational consequences, reciprocity, or inequality aversion, should be considered
if pertinent to the economic phenomenon under study. In general terms, these diverse
elements may be represented as part of the agent’s objective function or as state variables
affecting expected returns. The proposed rule is that, if an additional behavioural dimension
of this kind is introduced, it must be made explicit whether it resides in the objective, the
state, or the interaction mechanism, adapting the model accordingly.

3.1.2. Frictions and Institutional Factors

The second major dimension must incorporate costs in the form of frictions, together
with institutional elements that alter incentives and that, in Applied Economics, are decisive
in explaining deviations from equilibrium predictions, whether in Economic Theory or
Game Theory.

Here it is useful to distinguish between frictions that affect action implementation and
those referring to adjustment processes. The former includes technological, regulatory, or
contractual constraints that limit the set of available actions in certain states. For example,
this includes production capacity limits, budget constraints, market operation rules such as
price floors, or compliance costs. In a Q-learning model, these frictions are incorporated by
restricting the action space or altering environmental dynamics.

Regarding the second type of frictions, these do not refer to penalties from prolonged
negotiations, which should be included above as intertemporal preferences, but to costs
penalizing changes or delays. These include adjustment costs, search costs, or transaction
costs. The methodological point is to avoid introducing them as arbitrary penalties and
instead treat them as a structured part of the objective, making explicit the components
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related to utility or profit and those based on costs or frictions. This separation is essential
for correct economic interpretation.

Finally, there exists an institutional level that cannot be ignored, referring to rules
determining action or interaction protocols, such as contract forms, commitment enforce-
ment, observability of actions, or agreement closure mechanisms. In many contexts, the
economic game is not defined solely by a payoff function, but also by institutional struc-
tures regulating sequence, process, or available information. Therefore, the proposed
design must explicitly declare the institutional protocol, as it conditions both incentives
and learning dynamics.

3.1.3. Classes of Economic Environments

The third dimension involved in this article’s purpose refers to the class of envi-
ronment represented by the model. Without enumerating applications or algorithms,
we identify families of environments for which state design, actions, and objectives
change systematically.

First, it is necessary to distinguish competitive market conditions, where the agent
responds to signals essentially in the form of prices or quantities. A different class comprises
oligopolistic environments, characterized by strategic competition, where returns depend
on other agents’ actions and on whether interaction is repeated. Bilateral negotiation
or contract environments, involving sequencing, time costs, and agreement breakdown,
must also be delimited here. Auction-based environments should also be specified, where
outcomes depend on allocation rules involving payments. This category further includes
search and matching environments, where relevant decisions include accepting, rejecting,
waiting, or searching, and where the state incorporates partial information and expectations.

The value of this classification may seem basic, but its inclusion is necessary to explain
which learning assumptions apply in each case. Moreover, it allows connecting learned
outcomes with known theoretical benchmarks, such as competitive equilibrium or Nash
equilibrium, without requiring dynamics to necessarily reproduce those benchmarks.

3.1.4. Information Structure and State Representation

This dimension concerns information structure. As is well known, in Economics, avail-
able information determines plausible expectations. In a Q-learning model, it determines
the state and information content on which learning occurs. Here, it is necessary to delimit
which variables are observable by an agent in each period, such as prices, past actions,
public signals, outcomes, or own action histories. It must also be considered whether obser-
vation is perfect or noisy, and whether noise is exogenous or institutionally determined. If
reputational components must enter the state, such as compliance history or quality signals,
they should be included. Finally, it may be specified whether the state representation is
strictly Markovian or summarizes history, as often occurs in economic environments.

This dimension is also decisive for interpretation, as changing what the agent can
observe determines the nature of the learning process, its stability, and its relation to
equilibrium predictions based on full information.

3.1.5. Learning and Exploration Mechanism

It is not appropriate to provide a complete description of relevant realities without
introducing one referring to the learning mechanism itself. Although the article focuses on
basic Q-learning models, even within this framework there are important decisions to con-
sider, such as action-space granularity, discretization of continuous variables, heterogeneity
in learning parameters, and agent independence.

Exploration is not a minor technical detail in economic contexts, where it can be
interpreted as innovation, experimentation, or strategic testing, and has direct effects
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on convergence or persistence of off-equilibrium results. This delimits patterns such
as regularity, rigidity, or dispersion. Likewise, allowing heterogeneity in learning or
exploration rates, reflecting differences in adaptability, attention, or learning capacity,
introduces a behavioural factor with direct economic interpretation.

In multi-agent environments, it must be made explicit whether learning is modelled
independently, where each agent treats the environment as given, or whether compo-
nents reflecting anticipation or response to other agents are incorporated. Declaring these
assumptions affects economic interpretation of outcomes.

3.1.6. Evaluation Metrics and Comparison with Equilibrium Benchmarks

In Economics, it is not sufficient to observe algorithm convergence; it is also necessary
to check whether learned outcomes approximate theoretical benchmarks and to specify
what constitutes a relevant result. From an economic perspective, it is relevant to detect
whether outcomes are efficient, whether welfare losses arise, whether stability or excessive
volatility emerges, and whether stabilization occurs at a stationary state or in cycles.

To incorporate this dimension, three evaluation planes are proposed. The first is
dynamic, measuring learning speed, stability, and exploration sensitivity. The second is
economic, referring to efficiency, possible surpluses, distributions, and rigidity or dispersion.
Finally, an interpretative plane is needed to examine the relationship with theoretical
equilibrium. Specifically, it seeks to identify the extent to which equilibrium acts as an
attractor and when dynamic outcomes reveal the importance of frictions or limits relative to
that equilibrium. This aspect is crucial, especially in evaluations conducted in spaces where
outcomes do not sharply delimit equilibria, whose non-attainment seriously compromises
overall assessment and model validity.

3.2. Economic Specification of the Objective and Its Translation into Q-Learning

As seen above, a key methodological point is to clearly separate two levels that, in
much of the applied literature, tend to be mixed. On the one hand, there is the algorithm,
which defines a general rule for updating action values in a sequential decision problem.
On the other hand, there is the economic specification. It is therefore necessary to establish
an explicit correspondence between both levels, so that links can be drawn between the
components and outcomes of the learning process and the terms of the underlying economic
foundations [24,30].

In an economic model, the agent decides under constraints and with an objective that
is interpreted as utility or net profit, often affected by institutional frictions and adjustment
costs. To reflect this structure in Q-learning, we propose that the immediate return driving
the update be expressed as an economically interpretable object, separating a benefit-utility
component from a cost-friction component. A general formulation, sufficiently flexible for
different contexts, is to write the return as

ri,t+1 = ui(πi,t+1)− ci(st, at; ϕi), (2)

where πi,t+1 denotes the relevant economic payoff of the period (profit, consumption,
surplus, or contractual outcome), ui(·) encodes the agent’s valuation, allowing for hetero-
geneity in risk attitudes, and ci(·) collects state, and action, dependent costs and frictions.
These include adjustment costs, transaction costs, delays, regulatory penalties, or infor-
mation processing costs discussed above. This formulation does not introduce a new
algorithm; rather, it constitutes an accounting discipline that identifies which part of the re-
turn responds to preference fundamentals, and which part reflects frictions and institutions.
This facilitates comparison across models because it transparently fixes which economic
assumptions have been incorporated into the objective [24].
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Definition 1. The term ri,t+1 denotes the agent’s immediate return at t + 1. In this article, it
is interpreted as an economically meaningful object, typically expressed as utility or net profit,
constructed from a valuation component ui(πi,t+1) and a cost/friction component ci(st, at; ϕi).
The return explicitly separates economic valuation from penalties associated with constraints,
institutional frictions, or adjustment costs.

The interpretation of discounting also requires an explicit treatment. This interpreta-
tion connects with the tradition of discounted value typical of economic analysis [56,57].
Thus, the discount factor γ is associated with patience, understood as the agent’s cost of
waiting. Of course, the model allows for heterogeneity across agents.

Remark 1. The factor γi is interpreted, when explicitly stated in the model specification, as
agent i time preference parameter, that is, as an operational representation of patience or impatience.
In applied implementations, it may also be treated as a technical parameter for stability and effective
horizon. This distinction is methodologically relevant, because it determines whether γi should be
calibrated as a preference parameter rather than merely as an algorithmic hyperparameter.

Under this specification, the Q-learning update preserves its form, but the signal
driving it is now anchored in an explicit economic objective. For agent i, the update can be
written as

Qi,t+1(st, at) = (1 − αi)Qi,t(st, at) + αi[ri,t+1 + γimax
a′

Qi,t(st+1, a′)], (3)

with ri,t+1 defined in (2). Equation (3) shows where the desired economic interpretation
appears: not in the algebraic structure of the update, but in the definition of the immediate
return, in the interpretation of discounting, and in the effective constraints on the action
space. This relationship between discounting, return, and Bellman equations directly
connects with the standard formulation of dynamic economic problems, where discounting
appears as a preference parameter and the solution is characterized recursively [30].

The methodological advantage of this approach is twofold. First, the model becomes
legible in economic terms, because frictions are not absorbed into an opaque or generic
reward, and discounting is not reduced to a hyperparameter without interpretation. Sec-
ond, comparison with equilibrium benchmarks becomes operational, because the return is
defined in units of utility or net profit, and learned outcomes can be evaluated as conver-
gence toward a theoretical reference. In what follows, the proposed architecture organizes
precisely these decisions, with objective, frictions, environment, information, learning
mechanism, and metrics, as explicit design dimensions [24,30].

3.3. Operational Specification of Implementation and Parameter Reporting

The proposed framework can be understood both as a decision template and as
a reporting template. Table 1 summarizes these elements as a minimum reporting list
establishing correspondences across dimensions so that an economic Q-learning model is
interpretable, replicable, and comparable with results from other applications.
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Table 1. Minimum reporting template for economic Q-learning models.

Dimension What Must Be Specified Economic Interpretation Typical Options (Illustrative)

Agent objective and
payoff primitive

Definition of the period
payoff πi,t+1 and its

mapping into the RL return

What the agent is
effectively maximizing in

economic terms

Profit, net utility, surplus,
contract outcome

Return decomposition

Explicit separation of
valuation and frictions in

ri,t+1 =
ui(πi,t+1)− ci(st, at; ϕi)

Distinguishes preferences
from institutional or
adjustment effects

Risk curvature in ui(·), menu
costs, transaction costs,

regulatory penalties in ci(·)

Risk attitudes
Functional form or

transformation encoding
risk sensitivity (if included)

Heterogeneity in risk
aversion, variability

penalization

Concavity in ui, variance
penalty, downside-sensitive

terms

Time preferences
Interpretation and value of

γi, and whether
heterogeneous

Patience, impatience, cost
of waiting, effective

horizon

Constant γ, heterogeneous γi,
state-dependent discount (if

justified)

Feasible actions Definition of the action
space A(s) and constraints

Technological, budgetary,
regulatory feasibility

Capacity constraints, price
grids, production bounds

Environment class Market/interaction family
and protocol

Defines the institution
generating incentives and

timing

Competitive market, oligopoly,
bargaining, auction,

search/matching

Timing and protocol
Sequence of moves,

stopping rules, update
frequency

Institutional microstructure
and strategic timing

Simultaneous vs. sequential
moves, negotiation rounds,

clearing rule

Information structure
What is observed at

decision time; noise and
observability

Available information,
signals, and inference

burden

Full observability, partial
observability, public signals,

noisy prices

State representation S
Variables constituting st;
Markov justification or

history summary

What the agent knows
operationally when acting

Current price/quantity,
history summaries, reputation

states

Multi-agent
specification

Number of agents,
symmetry/asymmetry,

interaction topology

Strategic interdependence
and non-stationarity

Independent learners, shared
environment, heterogeneous

types

Learning parameters αi, exploration rule, update
schedule

Learning speed,
experimentation,

behavioural interpretation

ε-greedy, decaying ε, fixed α,
decaying α

Convergence and
stability criteria

What counts as stability;
stopping conditions

Learning steady state as
economic outcome

Stationary policy, cycles,
persistent heterogeneity,

convergence rate

Economic evaluation
metrics

Welfare/efficiency
measures and

distributional outcomes

Economic meaning of
learned outcomes

Surplus, profits, price
dispersion, rigidity, volatility

Benchmark comparison Which theoretical
benchmark is used (if any)

Equilibrium as reference,
not as imposed solution

Nash/Cournot, competitive
equilibrium, bargaining

solution, auction benchmark

Reproducibility Seeds, code availability,
parameter disclosure

Replicability and
auditability of claims

Fixed random seeds, full
parameter table, code

repository

The table does not aim to restrict the space of models, but rather to prevent substan-
tively relevant decisions for economic interpretation from being concealed or absorbed
by technical parameters. By requiring the immediate return to be expressed as an explicit
economic object and discounting to be declared in interpretative terms, the framework
allows the dynamics to be read as an adaptive decision procedure comparable to standard
equilibrium references. In this way, equilibrium no longer appears as a starting assump-
tion, as in classical approaches to economic and game theory, but as a reference point for

https://doi.org/10.3390/computation14020050

https://doi.org/10.3390/computation14020050


Computation 2026, 14, 50 14 of 29

comparisons that allow both improvement of foundations and identification of specific
features in frictions or behavioural dimensions that alter effective comparative statics.

On the other hand, the applicability of the framework depends on the design being
operational in concrete implementations. Given the methodological purpose of the article,
the appropriate implementation level is one that illustrates the architecture with minimal
and reproducible ingredients. However, in economic models, design decisions are not
merely technical, as they condition the type of behaviour emerging from the process and
therefore affect economic interpretation. Essentially, the main requirements when carrying
out this exercise can be summarized as studying how continuous variables are discretized
and how state representations are constructed. Additionally, one must define the feasible
action space and determine which criteria are used to stabilize learning dynamics.

The above elements are sufficient for tabular Q-learning versions that converge to
the optimum under standard conditions and appropriate learning rates [30,58]. However,
it should be noted that with other functional approximations (e.g., DQN), stability is not
guaranteed, reinforcing the need to report parameters and stopping criteria. Discretization
of prices, quantities, types, or signals must be reported as part of the design, since grid
granularity defines the available decision set and thus the approximation degree to the
underlying economic problem. Similarly, state representation must be fully described,
specifying which variables are observable, how memory elements are incorporated when
interactions depend on history, and which transformations or normalizations are applied.
The framework therefore recommends explicitly stating learning parameters such as rates,
exploration rules and decay, stopping criteria, and the number of simulated periods or
episodes. Likewise, randomness should be controlled through fixed seeds to ensure repro-
ducibility and to separate economic effects from computational noise.

To clarify how the proposed methodological architecture can be applied in practice,
the sequence of modelling decisions that an economist would follow to systematically
implement an RL-based economic model under the proposed framework is illustrated. If,
for example, the economist wants to model a price problem with demand uncertainty and
adjustment frictions, applying the proposed architecture requires the following decisions
to be explicit and reportable:

1. The economic objective must be specified. The researcher defines whether the agent
maximizes benefits, expected utility, welfare, or another evaluation criterion. Under
the proposed framework, this objective is explicitly encoded in the reward function,
with a clear distinction between gross benefits and the costs or penalties introduced
by institutional frictions;

2. The feasible set of actions must be declared. In economic terms, this corresponds
to permissible prices or quantities. In the learning model, this choice determines
the action space and its discretization, which is reported as an economic modelling
decision and not as a purely technical choice;

3. Constraints and frictions must be identified. Adjustment costs, capacity limits, or
institutional rigidities are introduced as explicit components of the state space and
transition dynamics. This ensures that frictions affecting economic behaviour are not
implicitly absorbed into the algorithmic adjustment parameters;

4. Next, the information and time structure inherent to decision-making must be estab-
lished. The researcher specifies what the agent observes at the time of the choice and
how future outcomes are valued. These assumptions are assigned to the observation
space and the discount factor, and the interpretation of the discount is explicitly stated
as economic time preference where appropriate;

5. Subsequently, the interaction structure must be defined. The framework allows the
researcher to determine whether the problem is single-agent or multi-agent, and
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whether strategic interaction exists. This choice determines the learning architecture
but does not alter the reporting discipline imposed by the framework;

6. Finally, an interpretive reference point must be specified. Instead of imposing itself
as a solution, the static or dynamic equilibrium reference point is introduced as a
contrasting element that allows for the evaluation of learned policies and the interpre-
tation of the economic implications of possible deviations. Following this sequence,
the proposed architecture organizes the transition from economic modelling assump-
tions to RL design options. The result is that learned policies, stability properties, and
deviations from theoretical equilibria can be reported as objects of economic learning.

This section does not aim to impose an adjustment strategy, but to delimit elements that
allow distinguishing between results reflecting the economic structure of the environment
and those depending on implementation choices or exploration regimes. Similarly, when
scenarios are compared, it is advisable to declare whether changes are introduced along a
single design dimension or across several simultaneously, to preserve causal interpretation
in sensitivity analyses.

Finally, we stress that these simulations can be used as controlled exercises to
determine how modifications in preferences or frictions, holding everything else con-
stant, alter learning trajectories and their relationship with the benchmark implied by
economic fundamentals.

In summary, the previous sections have delimited a disciplined transition between
economic foundations, like preferences, frictions, institutional factors and information,
and the components of a Q-learning model. This makes it possible to document design
decisions often left implicit and, at the same time, to interpret learned outcomes against
equilibrium references without imposing them as starting assumptions. To show that the
framework is operational, the next section introduces a deliberately simple and reproducible
demonstrative simulation. Its function is not to offer a concrete application, but to isolate
the effect of a modelling dimension, such as a friction or a preference feature, on learning
dynamics and their relation to a theoretical benchmark.

4. Methodology: Demonstrative Simulation Design
Because the objective of this article is methodological rather than empirical, the design

choices adopted in the simulation are justified according to criteria that differ from those
typically used in applied or calibrated economic models. In this context, design decisions
are not selected to achieve empirical realism or numerical optimality, but to preserve
economic meaning, enable diagnostic interpretation, and make explicit the correspondence
between economic modelling operations and RL design choices.

First, discretization levels are chosen to maintain interpretability of states and actions,
rather than to approximate a continuous solution with high numerical precision. Coarser
discretizations allow learned policies to be represented and analyzed as economically
meaningful decision rules, making thresholds, regions of inaction, or qualitative policy
differences directly observable. Second, parameter values are selected to isolate and
illustrate specific modelling assumptions, rather than to match empirical magnitudes.
This facilitates the identification of how preferences, frictions, or temporal assumptions
are encoded into the learning process. Third, benchmark definitions are introduced as
interpretative reference points, consistent with the role played by equilibrium concepts in
Economic Theory, allowing deviations generated by learning dynamics to be evaluated in a
structured manner.

Under this perspective, alternative discretizations, parameterizations, or benchmark
choices could be adopted without altering the methodological role of the example. Such
variations would not change the structural mapping highlighted by the framework, but
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could be explored in future work to address substantive economic questions. The simula-
tion should therefore be understood as a controlled methodological exercise designed to
demonstrate the interpretative and comparative capabilities of the proposed framework,
rather than as a test of empirical validity or predictive performance.

4.1. Environment and Institutional Protocol

The demonstrative simulation presented here has the methodological purpose of
showing how the proposed architecture translates concepts from economic fundamen-
tals into an operational Q-learning design, in a way that is both reproducible and
economically interpretable.

The environment is defined in discrete time. In each period t, an agent observes a state
st, chooses an action at ∈ A, and the environment generates an economic payoff defined
as πt+1 and a return given by rt+1, updating the state to the next period. State evolution
follows a Markovian transition conditional on (s t, at):

st+1 ∼ P(· | st, at), (4)

and the period economic payoff is determined by an institutional rule and an exogenous shock:

πt+1 = Π(st, at, εt+1), (5)

where εt+1 captures uncertainty, for example due to fluctuations in demand. The insti-
tutional friction of interest in this example is introduced as an explicit adjustment cost
associated with changes in actions across periods, so that the environment reflects, in a
stylized way, that operational decisions face implementation costs and not only instanta-
neous incentives.

4.2. State and Action Spaces

The example is particularized as a discrete price-setting problem. The action is the
price chosen in each period, at ≡ pt, with a finite set of possible prices:

A =
{

p1, . . . , pK
}

(6)

The state collects sufficient economic information for the decision to be operational
and for the adjustment friction to be explicit. In its minimal version, it is defined as the pair
formed by a demand state and the previous price:

st = (zt, pt−1), (7)

where zt represents a demand factor, or alternatively a market regime, which can be mod-
elled as a discrete variable or as a continuous variable discretized on a grid. For the
simulation, the price space A is discretized into a uniform grid of 20 points, while the de-
mand factor z is divided into 10 levels. This granularity is selected to balance approximation
accuracy with computational efficiency and stable convergence. This representation makes
transparent which information conditions the decision and allows disciplined incorporation
of observability restrictions, such as noisy observation of zt, if desired.

4.3. Economic Return Specification and Parameterization

The period economic payoff is defined as a standard operating profit. For constant
marginal cost mc and demand q(·) depending on price and demand state, it is written as

πt+1 = (pt − mc) q(pt, zt) (8)
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Demand can be kept generic at the conceptual level, but for simulation a parsimonious
form preserving monotonicity and non-negativity is adopted. A standard choice is, for
example, q(p, z) = max{0, z − bp}, with b > 0, together with discretization of z when
necessary. The institutional friction is incorporated as a menu-cost type adjustment cost
that penalizes price changes:

c(st, at; ϕ) = κ 1{pt ̸= pt−1}, (9)

where κ ≥ 0 measures friction intensity and ϕ denotes the vector of environment param-
eters. The immediate return driving learning is defined following the general structure
proposed in Section 3, separating valuation and friction:

rt+1 = u(πt+1)− c(st, at; ϕ). (10)

In the demonstrative simulation, u(·) is used to introduce, when desired, heterogeneity
in risk attitudes. For example, a baseline case is u(π) = π, corresponding to risk neutrality,
while a common alternative is a parametrized concave transformation (e.g., Constant
Relative Risk Aversion-CRRA) when π is non-negative by construction.

As can be seen, the goal of the example is not to exhaust possible specifications, but to
show how the framework forces explicit declaration of which part of the return corresponds
to economic valuation and which part corresponds to frictions and institutional constraints.

4.4. Learning Procedure and Evaluation

Under the previous specification, learning is implemented through tabular Q-learning
on the discrete space S × A. For each state–action pair, the agent updates action values
according to the standard rule

Qt+1(st, at) = (1 − α) Qt(st, at) + α

[
rt+1 + γmax

a′∈ A
Qt(st+1, a′)

]
, (11)

where α ∈ (0, 1 ] is the learning rate and γ ∈ [0, 1 ) is the discount factor, interpreted as
discussed in Section 3. The exploration policy is implemented using an ε-greedy rule: with
probability 1− ε, the agent chooses the action that maximizes Qt(st, ·), and with probability
ε explores alternative actions in A.

To ensure reproducibility, random seeds, grid sizes, number of episodes or periods,
and stopping criteria are reported. Specifically, convergence is defined when the maximum
variation in the Q-value matrix between two successive episodes falls below a threshold
of 0.0001 over a window of 100 episodes, or when the resulting optimal policy remains
unchanged over the same period. All reported results correspond to averages over 50
independent runs with fixed random seeds, ensuring that the rigidity and convergence
patterns described are robust properties of the model and not artefacts of simulation noise.

Evaluation is organized around metrics connecting the learned outcome with its
economic interpretation. First, convergence and stability are reported in terms of stationary
policies, stabilization speed, and presence of cycles or persistent heterogeneity. Second,
directly interpretable economic metrics are reported, such as average profit levels, price
volatility, and a price rigidity measure defined as the frequency of changes P(pt ̸= pt−1)

under the learned policy. Third, a benchmark reference is introduced for each demand
state, defined as the action that maximizes static payoff without adjustment frictions:

p∗(z) ∈ arg max
p∈A

(p − mc) q(p, z), (12)
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and the learned policy is compared with this reference in terms of action distance, efficiency
loss, or systematic deviations induced by friction κ or by curvature in u(·). The sensitivity
exercise design keeps all other elements constant and varies one dimension at a time, typi-
cally κ or a risk parameter in u(·), to isolate the effect of institutional frictions or behavioural
heterogeneity on learning dynamics and on the relationship with the benchmark.

5. Results
We summarize the results of the demonstrative simulation introduced above. This

section does not aim to establish an RL-based empirical finding or present an applied case,
but rather to demonstrate how the proposed architecture generates a reporting protocol
that allows the learning dynamics to be read through categories integrated into the classical
narrative of Economics, thereby allowing comparison with the equilibrium benchmarks
proposed by Economic Theory. The contribution therefore lies in the type of evidence
that can be extracted from the model and in its interpretability. That is, the learned policy
is described as an economic object, as a decision rule under frictions, and the metrics
are formulated in interpretable units such as profit, volatility, or the mentioned rigidity.
For its part, as explained, the static benchmark is used as a form of contrast, not as an
imposed solution.

Results should not be interpreted solely in terms of convergence or numerical per-
formance. Under the proposed framework, the learning process itself constitutes an
economically meaningful object. Specifically, the learned policy allows us to characterize
how agents adjust their decisions across states during the learning phase, revealing patterns
such as regions of inaction, discrete adjustment thresholds, and path-dependent responses.
These features are not visible when attention is restricted to aggregate outcomes or terminal
values but emerge clearly once policies are explicitly reported and interpreted as economic
decision rules.

A central contribution of the framework is to discipline the comparison between
learned outcomes and theoretical benchmarks. This is achieved by aligning benchmark
comparisons with the structure of the learned policy, rather than with aggregate outcome
levels alone. Rather than treating equilibrium solutions as numerical reference points
evaluated ex post, the framework allows deviations to be interpreted structurally. In the
simulation, deviations from the benchmark equilibrium are not uniform across the state
space but concentrated in specific regions associated with learning frictions and adjustment
costs. This makes it possible to distinguish between transient deviations arising during
exploration and persistent deviations that reflect economically meaningful constraints
embedded in the model design and therefore interpretable within standard economic
categories of frictions and adjustment costs.

An additional insight revealed by the framework concerns the non-uniqueness of ag-
gregate outcomes. The simulation shows that similar aggregate indicators, such as average
prices or profits, may be generated by qualitatively different learned policies. In this sense,
policies that differ in the timing and magnitude of adjustments across states can produce
comparable averages while implying markedly different dynamic responses to shocks or de-
viations. From an economic perspective, this implies distinct adjustment mechanisms and
strategic responses, despite producing comparable summary statistics. This observation
highlights a limitation of result reporting based exclusively on aggregates and illustrates
how policy-level analysis is necessary to recover the underlying economic behaviour.

To further illustrate the interpretative advantages of the proposed reporting frame-
work, Figures 1 and 2 offer visual representations of the policy-level relationships that
underpin the analysis developed in this section. These figures do not introduce additional
simulation results, nor are they based on a separate calibration exercise. Rather, they
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provide stylized depictions constructed from average and representative values of the
model’s variables, with the aim of making explicit how the proposed framework enables
economically meaningful relationships to be visualized and interpreted.

Figure 1. Interaction between adjustment costs and time preferences. The figure is illustrative and
not based on calibrated data. Its purpose is to visually clarify the structural implication of the
methodological framework.

Figure 2. Distinct adjustment regimes behind similar aggregates. The figure is illustrative and
not based on calibrated data. Its purpose is to visually clarify the structural implication of the
methodological framework.

Figure 1 illustrates the interaction between adjustment costs and time preferences as
they are encoded in the learning-based model. The figure shows how higher adjustment
costs translate into greater policy rigidity, and how this effect is amplified by stronger time
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preferences (higher discount factors). Although the precise functional form is illustrative,
the figure reflects the structural role played by these dimensions in the model: adjustment
costs discipline the frequency and size of policy changes, while time preferences shape the
persistence of learned decision rules.

Figure 2 illustrates a central insight emphasized by the proposed framework: the non-
uniqueness of aggregate outcomes. The figure contrasts two stylized adjustment regimes
that generate similar aggregate indicators but differ markedly in the timing and magnitude
of adjustments. One regime is characterized by infrequent but large adjustments, while
the other exhibits more frequent but smaller adjustments. From an economic perspective,
these regimes correspond to distinct adjustment mechanisms and dynamic responses to
shocks, despite producing comparable averages.

For these reasons, the simulation should be understood as a diagnostic exercise rather
than as a validation test of a specific economic hypothesis. Its role is to demonstrate how the
proposed framework uncovers economically relevant dimensions of learning dynamics that
would otherwise remain hidden. The objective is not to claim general empirical validity, but
to show how design choices, benchmarks, and policy representations interact in shaping
economic interpretations.

To maintain traceability, a baseline configuration of the environment and the learning
procedure is defined, and sensitivity exercises are developed that vary one dimension at a
time. In particular, it is recalled that the adjustment cost κ is used as an explicit institutional
friction and, when appropriate, the specification of u(·) is varied, or the discount parameter
γ when it is interpreted as the described time preference. This proposed organization thus
makes it possible to separate institutional effects from behavioural effects, and makes visible,
in operational terms, the link between economic assumptions and learning dynamics.

Table 2 summarizes the reporting protocol and the one-factor sensitivity design used
in this section to interpret, in economic terms, the learned policy and its implications in the
demonstrative simulation.

Table 2. Reporting protocol and sensitivity design for the demonstrative simulation.

Item What Is Reported
(Object) How It Is Constructed What It Diagnoses

Economically Benchmark/Reference

µ(s) over the state
grid

Extract the greedy
policy from Q(s, a)
after stabilization;

represent as mapping
st = (zt, pt−1) 7→ pt

Decision rule implied
by the model,

dependence on history,
presence of inaction

regions or thresholds

Compared to static
benchmark p∗(z)

state-by-state
µ(s) over the state grid

Stability/learning
outcome

Policy stability and
learning stability

Report stabilization
criterion (policy

unchanged over a
window; or ∆Q below
tolerance); document

possible
cycles/alternation

Whether outcomes are
stationary, cyclical, or

path-dependent under
the declared frictions

and preferences

Stability is not assumed; it
is an outcome assessed

against a stated criterion

Economic
performance (gross

vs. net)

πt+1 and rt+1
summaries

Compute gross payoff
π and net return

r = u(π)− c(·); report
them separately

Separates operational
performance from insti-

tutional/adjustment
burden, prevents
“reward opacity”

Static payoff under p∗(z)
without adjustment cost

provides a clean reference
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Table 2. Cont.

Item What Is Reported
(Object) How It Is Constructed What It Diagnoses

Economically Benchmark/Reference

Price rigid-
ity/adjustment

frequency
P(pt ̸= pt−1)

Frequency of action
changes under the

learned policy,
conditional and

unconditional on z

Operational rigidity
induced by adjustment

frictions; identifies
where adjustment

becomes costly

Compared across κ values
and against the κ = 0

baseline

Dispersion/variability
of decisions

Dispersion of pt and
state-conditional

variation

Measure variability of
actions across time or
across demand states;

report conditional
patterns

Diagnoses whether the
learned policy yields

stable rules, switching,
or heterogeneity across

regimes

Interpreted relative to
benchmark mapping p∗(z)

and to the baseline case

Benchmark
deviation

Distance between µ(s)
and p∗(z)

For each z, compute
deviation of chosen
action from p∗(z);

aggregate by states
visited

Quantifies how
frictions/preferences

shift effective
comparative statics
away from the static

solution

p∗(z) ∈
arg maxp∈A(p − mc)q(p, z)

Sensitivity:
institutional friction Variation in κ

One-factor sensitivity
holding all else

constant

Isolates institu-
tional/implementation

effects on policy and
stability

Baseline κ = 0 and
incremental κ > 0

comparisons

Sensitivity: risk
preferences

Alternative u(·) or risk
parameter

Compare linear
valuation vs. concave

valuation under
identical environment

Isolates
preference-based
differences from

environmental change;
keeps interpretation
within the objective

Baseline u(π) = π as
reference specification

Sensitivity: time
preferences

Variation in γ (only
when interpreted as

patience)

Keep algorithmic
settings fixed; interpret

γ explicitly as
preference when used

Distinguishes economic
time preference from

purely technical
discount tuning

Baseline γ declared;
alternative γ scenarios

reported with the
interpretation stated

5.1. Learned Policy, Stability, and Traceability of the Outcome

The first result to be reported is the policy induced by learning. Given that the state
is defined as st = (zt, pt−1), the learned policy can be presented as a correspondence
pt = µ(zt, pt−1) over the state grid, which provides an immediate reading of the role of
history (through pt−1) and of the demand state (through zt). In a methodological exercise,
this object is more informative than observing isolated metrics, because it allows one to
observe directly how frictions and preferences translate into decision rules, and to observe
whether learning induces path dependence or adjustment thresholds.

The second result refers to stability. Instead of treating convergence as an event or a
binary fact, the operational criteria are reported:

1. Stabilization of policy µ under a defined tolerance;
2. Evolution of the average magnitude of Q updates;
3. Persistence of cycles or alternations of actions in recurrent states.

This reporting format avoids extrapolating theoretical guarantees beyond their do-
main and allows the dynamics to be described in terms that the economic narrative can
interpret as stable rules, persistent fluctuations, or sensitivity to incomplete information
and exploration.

Finally, the traceability of the policy is interpreted with respect to the explicit economic
components of the return. Given that the return is defined as rt+1 = u(πt+1)− c(st, at; ϕ),
the economic reading of the learned policy in this case depends on whether deviations
from the benchmark are explained by the friction component c(·), by the curvature of
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u(·), or by the weight on the future controlled by γ. This decomposition is precisely
the methodological advantage of the proposed architecture: the learned outcome is not
reduced to the functioning of the network or to algorithmic convergence but is presented
as a consequence of the declared economic assumptions, to which it refers.

5.2. Comparison with the Static Benchmark and Interpretable Economic Metrics

In addition to dynamic metrics, the gross payoff π and the net return r = u(π)− c,
should be reported separately, as well as a possible welfare measure, defined as the sum of
returns. This facilitates normative interpretation and above all comparison across scenarios.
The explicit separation in reporting between the gross payoff and the net return makes it
possible to identify what part of the detected inefficiency stems from market dynamics and
what part is a direct consequence of the modelled institutional friction. This distinction is
key to avoiding biases in the assessment of economic welfare.

The central comparison is built with the static reference defined in (12), p∗(z) ∈
arg maxp∈A(p − mc)q(p, z), which operates as a benchmark by demand state when adjust-
ment costs are ignored. The purpose is not to evaluate accuracy in predictive terms, but to
quantify to what extent the learned policy coincides with the reference in the absence of
frictions, and how it departs from it when κ > 0 is introduced or when the valuation u(·)
incorporates some sensitivity to risk. As can be seen, the interpretive field refers back to
familiar Economic Theory, which is the main objective of such exercises when one wants to
frame them within economic discourse.

Reporting is organized around three metrics with direct economic meaning. First,
average performance in terms of π and r, distinguishing the operating payoff and the
net return in the presence of frictions. Second, reporting should include the price rigidity
metric discussed above, defined as the frequency of change P(pt ̸= pt−1). This allows one
to measure transparently the disciplined effect of the adjustment cost. Finally, measures of
dispersion or volatility of the action pt should be introduced, capturing whether the policy
induces a pattern of smooth adaptation, discrete jumps, or alternations, and in which states
of the environment they appear.

In this framework, the evidence of interest is not about global quantitative improve-
ment, but about qualitative structure: if the learned policy replicates the benchmark when
friction is null or negligible, learning is consistent with the equilibrium prediction as a
plausible approximation under that characterization. If, upon introducing frictions, the
policy departs from p∗(z) systematically and that departure is explained by the term c(·)
or by the valuation u(·), the divergence is interpreted as an informative economic result,
not as a methodological anomaly. Again, comparison with the benchmark is used as a
structural contrast to identify which economic assumptions shift effective comparative
statics when the decision is treated as learning.

5.3. Sensitivity by Dimensions of the Architecture: Frictions, Risk, and Time

The methodological value of the demonstration is consolidated when one dimension
is varied at a time, holding constant the remaining elements of the environment and the
algorithm. First, κ is varied as an institutional friction. This exercise makes it possible
to document how the adjustment cost alters the frequency of changes and the distance
from the benchmark, and whether it induces path dependence in the operational sense
that the learned optimal action depends on the previous price even when the demand
state is the same. In reporting terms, the relevant result is whether the friction generates
inaction regions in the state space, that is, adjustment thresholds or intermittent adjustment
patterns, because these objects connect directly with economic interpretations of rigidity
and implementation costs.
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Second, when a non-linear valuation u(·) is activated, the sensitivity exercise is or-
ganized to show that the difference from the baseline case is not due to changes in the
environment, but to changes in the agent’s objective function, that is, in the way outcomes
are evaluated. Here the methodological requirement is not to confuse risk aversion with
mere technical penalization: the term capturing risk sensitivity must be declared within
u(·) and must not be absorbed into an ad hoc reward adjustment. The result to be reported,
therefore, must be the explanation of how this dimension modifies the learned policy and
the dispersion metrics of actions and payoffs, and to what extent it alters the relationship
with the benchmark.

Finally, the discount γ can be considered a time-preference parameter, when declared
as such, or a technical parameter defining an effective horizon. Sensitivity with respect
to γ acquires economic meaning only under the first reading. It is essential to distinguish
that, whereas for algorithmic stability a baseline technical discount value is maintained,
in economic sensitivity exercises this parameter is calibrated exclusively to model the
agent’s time preference, thereby allowing the observed variations in the policy to be
attributed to the decision-maker’s patience and not to numerical instabilities. Therefore,
when heterogeneity in γ or variations of γ are explored, reporting must keep the adopted
interpretation clear and separate the economic discussion of patience and agents’ cost of
waiting from numerical considerations of stability or learning speed.

5.4. Scope and Methodological Contribution

Ultimately, comparison with a static benchmark is now a contrast to identify which
dimensions shift comparative statics when the decision is modelled as a form of learning.
This proposed procedure thus also offers a tool for theory: it makes it possible to verify
when classical conditions sustain equilibrium and when specific parameters reconfigure
it. Thus, computation does not replace theory but complements it with a systematic
exploration of its margins of validity. The contribution is thus located in the specification
architecture and in the reporting discipline, which separates economic return, frictions, and
the reading of discounting, and produces comparable objects across models, policy, stability,
and economic metrics, under controlled variations in assumptions. The reporting protocol
and explicit parameter declaration guarantee reproducibility and the critical condition for
results to be auditable and cumulative in the literature.

The environment employed is deliberately parsimonious and discretized, and the use
of tabular Q-learning responds to the demonstrative purpose and interpretive clarity. Of
course, extensions to multi-agent environments, continuous spaces, or functional approxi-
mations can be made, but the interest lies in maintaining the explicit link between economic
assumptions and the design of the learning process described here.

Overall, the exercises in the previous subsections show that the proposed architecture
not only produces results that are legible in economic terms, but also organizes system-
atically the relationship between assumptions, learning dynamics, and comparison with
equilibrium references.

After illustrating how learning is interpreted on the basis of economic fundamentals,
the next section synthesizes the future scope that this type of modelling has for the future
development of computational Economics based on this line.

6. Discussion
The results reported allow us to revisit the broader claims made in the Introduction

regarding comparability, cumulative knowledge, and the refinement of Economic Theory.
The demonstrative simulation shows that these claims can be operationalized once RL
models are disciplined by an explicit reporting architecture. As shown in Section 5, policies
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yielding similar average prices or profits can differ markedly in how adjustments are
implemented across the state space. Particularly, some learned policies concentrate price
adjustments in a narrow set of states associated with large deviations from the benchmark,
while others distribute smaller adjustments more evenly across states. These differences im-
ply distinct economic behaviours, such as higher rigidity with occasional sharp corrections
versus smoother but more persistent adjustment paths, despite producing comparable
aggregate outcomes [5–7].

This policy-level distinction is consistent with evidence from the price-adjustment/menu-
cost literature showing that rigidity can coexist with episodic, state-dependent corrections,
so aggregate statistics alone may mask economically different adjustment mechanisms [59].
By making these policy-level differences observable, the proposed framework establishes a
common analytical basis for comparing learning-based economic models beyond numerical
performance. This directly addresses the problem identified in the Introduction: aggregate
convergence alone is insufficient to assess economic behaviour when learning dynamics
and frictions are present.

Taken together, the reported results show that learning-based models can generate eco-
nomically distinct adjustment regimes that are observationally equivalent at the aggregate
level. By making the learned policy explicit and contrasting it with a benchmark, the frame-
work reveals whether deviations arise from exploration dynamics, institutional frictions, or
preference curvature [60]. This diagnostic reading also connects with learning-in-games
results showing that Q-learning dynamics can converge to stable behaviours that need
not be characterized by aggregate outcomes alone, reinforcing the need for policy-level
objects and stability reporting [60]. This diagnostic capability is precisely what enables
meaningful comparison across models and supports the cumulative use of RL in economic
analysis. This distinction would be obscured under standard aggregate reporting, but
becomes explicit once policies are treated as primary economic objects.

Relative to existing applications of RL in Economics, which typically emphasize aggre-
gate outcomes or convergence properties, the proposed framework shifts the focus toward
policy-level structure as the primary object of economic interpretation. This perspective
aligns with, but goes beyond, strands of the literature on learning in games, agent-based
modelling, and ad hoc RL applications, where learned behaviour is often evaluated ex post
without a unified reporting discipline [5–7].

This discussion should likewise draw attention to the limitations of the present con-
tribution, and a clear one in this regard is that the illustrative simulation is deliberately
parsimonious and does not aim to provide empirical validation or assess predictive perfor-
mance. Moreover, the framework does not eliminate modelling discretion but disciplines it
by requiring that economic assumptions be declared explicitly and traced through learn-
ing outcomes.

These considerations clarify the scope of the contribution and prepare the ground for
Section 7, where the implications of this methodological approach for future research in
computational Economics are summarized.

7. Conclusions
This article has developed a methodological proposal for the use of Q-learning in

economic modelling and in business systems, aimed at offering a specification and reporting
architecture that establishes, in operational terms, which elements and dimensions must
be implemented for a learning model to be interpretable in economic terms, comparable
across studies, and assessable against theoretical benchmarks.

First, we conclude that the modelling approach we present now allows comparison
with Economic Theory to recover its true analytical role, where equilibrium ceases to
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operate as an assumption and instead functions as a contrastable benchmark, unlike what
currently happens in most approaches to economic and business problems addressed
through RL.

Consistent with the above, the models that incorporate the dynamics offered here
facilitate the economic interpretation of equilibrium and do so as an approximation to
the results of theory. The proposed system makes it possible to understand that, when
dynamics converge to stationary rules different from those predicted by Economic Theory,
this should not be interpreted as a failure of the procedure, but as structural evidence
about which frictions, information restrictions, or behavioural margins shift effective
comparative statics.

In addition, it has been shown that the framework proposed here makes it possible to
turn the reading of economic modelling using Q-learning into a reproducible procedure,
since a reporting protocol is provided that produces comparable objects, learned policy,
stability, economic metrics, and distance to benchmarks, under controlled variations in
design dimensions.

The demonstrative simulation allows us to draw several conclusions that go beyond
the paper’s initial methodological motivation. As shown in Section 5, reporting learned
policies as economic objects reveals dimensions of behaviour that are not captured by
aggregate outcomes alone. Consequently, policies that generate similar prices or profits
may in fact correspond to distinct economic regimes, differing in the timing and magnitude
of adjustments across states and in their dynamic responses to shocks or deviations.

The results also demonstrate that equilibrium benchmarks can be used as interpretative
devices rather than imposed solutions. When deviations from benchmarks are analyzed
structurally, they provide information about the role of learning frictions and institutional
constraints embedded in the model design. This allows results obtained under different
parameterizations or environments to be compared within a shared economic language.

Taken together, these findings support the idea that the framework developed in
this article resolves the methodological tension generated by the gap between learning
algorithms and the semantic content of economic decision-making. By explicitly linking the
learning mechanism’s tuning rules to their economic meaning, the proposed architecture
clarifies where economic assumptions enter the model and how learned outcomes are
shaped. Rather than modifying the algorithms to improve interpretability, this contribu-
tion aims to restore semantic discipline at the specification level, allowing the learning
dynamics to be interpreted in terms of economically significant objects, not merely as
computational results.

The demonstrative simulation provided shows that the architecture can be imple-
mented in RL models with minimal ingredients without losing interpretive capacity. By
fixing a parsimonious and discretized environment, it becomes possible to facilitate the
entry of economic interpretation in the definition of payoff and return, in the encoding
of institutional frictions, and in the interpretation of discounting. The system proposed
in this work illustrates how changes in one of the proposed dimensions alter the learned
policy and its relationship with a benchmark. In this way, it promotes a cumulative use of
learning techniques that, compared to current collections of isolated cases that are difficult
to interpret and compare, favours the construction of a family of models integrated into
Economic Theory.

The proposed framework is designed to be broad enough to accommodate stan-
dard equilibrium environments, where convergence is expected, but it is also valid for
environments where learning may not settle on the equilibrium prediction. That is, the
proposal is transferable to more complex economic scenarios and provides guidelines for
working in multi-agent contexts with behavioural heterogeneity, provided that the corre-
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spondence described here between economic assumptions and the design of the learning
process is maintained. An immediate agenda will consist of applying this architecture to
canonical modelling, such as oligopolies, bargaining, or auctions, to systematically assess
how frictions reconfigure the relationship between learned outcomes and equilibrium
references. This makes it possible to generate interpretive and transferable comparisons
across domains.

Finally, it is noted that the current use of Q-learning in Economics, which advances
at an accelerated pace imposed by computational capacity and pressure to solve applied
problems, is compatible with a formulation such as the one proposed here, which simul-
taneously contributes to the development of the conceptual corpus. This reduces the risk
of accumulating technical solutions disconnected from one another and misplaced with
respect to economic fundamentals. In this way, it becomes possible for rapid computational
progress not to erode theoretical coherence, but to contribute to reformulating it, subject-
ing assumptions to dynamic contrast and generating cumulative evidence on the role of
frictions, information, and behaviour in economic outcomes.

Although the contribution of this article is methodological rather than prescriptive,
the proposed framework has direct implications for applied economic analysis. By making
learned policies explicit and economically interpretable, the framework allows researchers
and practitioners to assess how learning-based models respond to institutional constraints,
shocks, and policy parameters.

This is particularly relevant in contexts where RL models are used to inform pricing
rules, market regulation, or strategic decision-making, as the framework enables policymak-
ers and analysts to distinguish between outcomes driven by structural frictions and those
arising from transient learning dynamics. In this sense, the contribution of the framework
lies in improving the reliability and interpretability of learning-based analyses before they
are used in real-world decision-making or policy evaluation.

With all of this, we move from isolated exercises to a common language that integrates
computation and theory, opening an agenda for richer and more comparable models in
Economics and business. In addition, thinking about future research on this proposal,
we also propose extending the model to other alternatives, such as Deep Q-Network
(DQN) architectures, which combine the Q-learning algorithm with deep neural networks
to approximate the Q function. The same direction can also be explored for models
that change or do not change the learning regime (on-policy/off-policy), or the way the
Q function is updated (as in State-Action-Reward-State-Action—SARSA), or forms that
directly parameterize policies (as in policy-gradient and actor–critic).
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