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Abstract—The behavior of energy market participants depends
on their needs, business strategy, and knowledge about the
dynamics of markets and contracts. Considering these factors
without decreasing the value of insights for decision-making is
challenging and often neglected in energy system modeling. In
this paper, we introduce and demonstrate BDEYE: a method
for creating insights into energy system dynamics for industry
decision-makers using agent-based modeling (ABM) and Agentic
Reasoning Capture (ARC) using the Belief Desire Intention
Framework. The demonstrations show that with BDEYE, we
can provide insights into complex energy market dynamics while
ensuring the transparency, explainability, and comprehensibility
needed for decision-making on clean energy technology business
strategies and policies.

Index Terms—Power Purchase agreements; Contracts for
Difference; hydrogen market; electricity market; agent-based
modeling

I. INTRODUCTION

Right-in-time investments in clean energy technologies are
crucial for meeting climate goals while safeguarding the
economic competitiveness of industries. Making decisions
regarding investments including the utilization strategy for
these future investments (e.g. amount of long-term contracted
volume) requires industry to understand the dynamics of
future energy markets. For policy makers, understanding the
dynamics of industry decisions is needed for creating effective
mechanisms to support the clean energy transition.

For understanding the dynamics of energy markets in tran-
sition energy market models made and operated by experts are
often used: from system optimization models to agent-based
models. Models like PyPSA are used to explore the optimal
outcome under certain assumptions about functioning of the
market. Agent-based models such as Amiris [1] and ASAM
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[2] are used to analyze how policy decisions influence the
behavior of energy market participants [3].

Expert-driven models — where domain experts predetermine
system behavior or scenarios — provide valuable insights.
However, they face limitations in representing interactive
multi-stakeholder dynamics in a comprehensible, transparent,
and explainable way [4]. In recent projects, we addressed
the challenge of capturing market dynamics arising from the
interplay of multiple factors, including long-term contractual
arrangements and cross-market interactions. A central diffi-
culty lay in developing models that accurately represent market
dynamics while remaining interpretable and useful to decision-
makers. For example, validating assumptions about trading
strategies for assets active in both the hydrogen and electricity
markets —particularly through consultation with prospective
participants in future energy markets— proved to be a non-
trivial task. As companies continue to define their roles and
business models within evolving energy systems, the strategic
decisions of one actor influence the choices of others.

To overcome the challenge of balancing the usability (can
stakeholders accomplish their goals with the results of the
study) and usefulness (provide the insight in market dynamics
stakeholders need) of our energy market modeling studies, we
developed the method BDEYE. This method extends beyond
existing models by integrating a Belief Desire Intention (BDI)
Framework with EYE [14], an agent-based energy market
model, enabling a logically structured bottom-up simulation
of stakeholder behavior.

The bottom-up design of BDEYE enables full freedom
to define behavior of stakeholders while the BDI Frame-
work, serving here as an Agentic Reasoning Capture (ARC)
Framework, ensures that the behavior of single agents as
well as emergent multi-agent behavior can be well enough
understood such that stakeholders can validate assumptions
about their behavior in system context. As such, the feasibility
of scenarios can be evaluated and explained.

The goal of this paper is to inform the energy market
modeling community about the possibility and value of using
ARC frameworks in combination with agent-based modeling.
The demonstrated BDEYE method is a first implementation



of this proposed approach. Other combinations of agent-based
simulation models and ARC framework (e.g. Theory of Mind)
can be applied in a similar way.
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Fig. 1. BDEYE is a method that combines agent-based modeling of energy
markets with agentic reasoning capture of trading strategies.

In Section 2, we introduce the BDEYE method and explain
how it was developed through industry-driven use cases. In
Section 3, we illustrate this development with the case of
the ’hydrogen spot market’ In Section 4, we demonstrate
the application of the BDEYE method for the quantitative
evaluation of power purchase contract agreements. In Section
5, we give recommendations for the energy market research
community and decision makers in the clean energy transition.

II. BDEYE

The BDEYE method applies the Belief-Desire-Intention
(BDI) framework in the domain of EYE [14], a multi-energy
market simulation model developed over the past seven years
through an industry use case-driven process. The BDI frame-
work is well-known in the multi-agent systems community
for modeling the reasoning and decision-making processes of
intelligent agents. It allows for a structured capture of the
reasoning of market participants, leading to specific trading
and contracting behaviors. EYE models this behavior to sim-
ulate market interactions, providing a dynamic representation
of energy market outcomes. The simulation results are used
to update the agentic reasoning models until a stable situation
is found that makes sense from the stakeholders’ perspective.

A. Exploring energy market dynamics with an agent-based
model

EYE simulates prices on wholesale and local markets based
on a scenario describing the parameters of the energy system
and the bidding behavior of agents in the system. EYE
also executes business rules, such as arising from long-term
contractual agreements.

EYE creates bids produced by bidding agents by executing
the bid logic for each agent. This bid logic can depend on
the results of previous market clearings and contract rule
executions. When all bids are collected, EYE executes the
market clearing logic according to the selected market clearing
mechanism (for example, a double-sided auction). The market

clearing results are used to update the state of the bidding
agents.

The system scenario input describes the state of the energy
system in the Energy System Descriptive Language [5]. The
bidding strategies input parameters describe how assets will
bid into the market. EYE allows full freedom in defining the
bidding logic in Python templates. From simple marginal price
bidding to complex optimization logic with dependencies on
forecasts and earlier market clearing results can be imple-
mented.

EYE is designed for settings where a scenario is iteratively
evaluated, preferably in close interaction with stakeholders. An
initial scenario is based on the user’s initial knowledge. Next,
the user analyzes the results and updates the strategies as well
as other scenario assumptions until he and the stakeholders he
interacts with are convinced that the set of bidding strategies is
stable: none of the players is expected to change their behavior
in this scenario.

EYE gives the user full ability to change parameters and
explore effects via a user interface. The level of flexibility
and transparency allows EYE to be applied in workshops with
stakeholders, where inputs and outputs can be discussed and
changed on the fly.

B. Beliefs, Desires, and Intentions of energy market partici-
pants

The Belief-Desire-Intention (BDI) framework originates
from philosophy and computer science and has been adopted
in multi-agent systems for decision-making in dynamic en-
vironments [6], [7]. It is used to mimic the decision-making
process of an agent based on:

o Beliefs: Information the agent perceives about the world,
which can be updated as the environment changes.

o Desires: Objectives or goals that the agent wants to
achieve.

« Intentions: Plans or actions the agent commits to exe-
cuting to achieve its desires.

The BDEYE method combines the BDI framework with
EYE to simulate the behavior of agents in an energy mar-
ket environment. As such, it captures the following beliefs,
desires, and intentions:

o Beliefs in the Energy Market: Beliefs represent an
agent’s knowledge of market conditions, including prices
and demand forecasts, production capacities, and energy
market regulations.

o Desires in the Energy Market: Desires correspond to the
business objectives of agents, such as maximizing profit,
minimizing risk, and achieving specific energy production
quotas (e.g., for renewable energy).

« Intentions in the Energy Market: Intentions represent
the commitments to specific strategies, such as bidding
strategies in energy markets and long-term contracts for
energy supply.

The user of the BDEYE method evaluates the assumptions

about the Beliefs, Desires, and Intentions of individual agents



in the system context on feasibility and stability. Partly, this
analysis can be done offline, but EYE can also be used to
evaluate whether a certain combination of strategies is feasible.

To create a comprehensible set of strategies, we mostly
start with strategies that people are familiar with, such as
marginal cost-based bidding strategies often assumed in sys-
tem optimization models. Through conversations with industry
(operators, investors), we enhance the scenario with real-
world dynamics. By using the agentic reasoning structure,
the real-world dynamics are captured in a transparent and
comprehensible way. As the EYE results provide detailed
insights into the bidding and clearing prices, the effects of
bidding strategies on wholesale or local market prices are
explainable.

III. UNDERSTANDING THE DYNAMICS OF A HYDROGEN
SPOT MARKET

An initial application of the BDEYE method has been
demonstrated in the context of the HyXchange project, which
simulates the nascent hydrogen market in the Netherlands [8].
The HyXchange project emerged from the need for a deeper
understanding of the hydrogen system and the development of
exchange services. In the project, the I-Elgas [9] optimization
model and EYE were used together to support stakeholders in
developing their understanding of the hydrogen markets and
shaping the requirements of the hydrogen spot market.

One of the primary objectives was to simulate a hydrogen
spot market to explore the dynamics of time-dependent varia-
tions in market volume and price. A key question was whether
the hydrogen market would exhibit characteristics closer to the
electricity market, with hourly price fluctuations, or the gas
market, characterized by daily price changes. Understanding
these dynamics is essential for establishing a robust blueprint
for a hydrogen exchange.

First, the project examined the dynamics of an optimal
dispatch based on the marginal cost of operation using the
system optimization model I-Elgas [9]. This approach assumes
a competitive market environment, which requires several
conditions, such as a large number of buyers and sellers and
unrestricted entry and exit. However, hydrogen spot markets
are in their early stages and lack these characteristics. The
current market features only a few large producers and a
limited number of customers. Additionally, substantial bar-
riers to market entry exist, including significant investment
requirements, regulatory challenges, and limited access to
infrastructure. As a result, market participants are likely to
deviate from an optimized dispatch.

The BDEYE method was employed to account for the be-
havior of market participants in this environment, thereby pro-
viding more realistic simulations of emerging hydrogen market
dynamics. This includes bidding behavior that is affected by
long-term contracts and the results of and expectations about
electricity markets.

Through interviews and work sessions, the Beliefs, Desires,
and Intentions of hydrogen market participants were collected.

Targeted interviews were conducted with specific market par-
ticipants, such as hydrogen consumers and green hydrogen
producers. These insights were used to capture the behavior of
specific classes of market participants expected to be present
in the Dutch hydrogen market. Collaborative work sessions
involving multiple market parties facilitated discussions on
how the decisions of one participant might influence others.
EYE simulation results were discussed in these sessions,
and the Beliefs, Desires, and Intentions were updated until
the participants agreed that a stable, comprehensible mix of
strategy sets was found.

The BDEYE method led to the development of strategy sets
that represent the assets and corresponding bidding behaviors
of hydrogen market participants. Examples of these strategy
sets include:

o Marginal Cost Bidding: Assets in this strategy set bid
their marginal cost or opportunity cost (based on marginal
cost price taking in other markets) on a hydrogen spot
market.

o Integrated SMR and Demand: In this strategy set
hydrogen demand is met by a Steam Methane Reformer
(SMR) via co-ownership or a long-term contractual agree-
ment.

« Electrolyzer Integration: In this strategy set electroly-
sers provide green hydrogen as long as they can, and an
SMR offers flexibility to always meet hydrogen demand
based on a long-term availability contract.

Industry parties participated in work sessions to select
scenarios to evaluate. In each scenario, different mixes of
strategy sets were assumed to be used by participants in
the future hydrogen market. Two key uncertainties captured
in these scenarios were the hydrogen system configuration
and market integration. The hydrogen system configuration
addresses the adoption of technologies such as ammonia
crackers, while market integration concerns the extent to which
current hydrogen production and demand will transition to a
market-based system and how agents interact with electricity
wholesale and balancing markets.

The simulations show that when all assets are present on
a hydrogen spot market and bid based on marginal costs,
production volumes vary on an hourly basis. The prices on the
hydrogen spot market are less volatile than on the electricity
spot market due to a stable demand profile and the wide
availability of flexibility options such as storage, line pack,
and ammonia crackers.

With the BDEYE method we found that not all parties will
transition to a market-based system. Their Beliefs and Desires
don’t result in (full) participation. Most hydrogen is produced
on-site, and producers have indicated that they will not make
this hydrogen production available for the market in its initial
stages. However, they will buy hydrogen from the market
if it is cheaper than their own production. Furthermore, we
observed that certain policies or business strategies may not
incentivize electrolysers to (fully) participate in hydrogen and
electricity spot markets. Evaluation of such developments is
important for other stakeholders as the electricity market has a



significant influence on the dynamics of the hydrogen market
when electrolysers are active in spot markets.

If existing dedicated hydrogen production remains tied to
on-site demand, private price and volume risks will remain
limited. However, this comes at the expense of optimal system
dispatch. As a result, transparency in hydrogen spot pricing
will suffer. This lack of transparency undermines one of the
core benefits of establishing an exchange.

IV. DEMONSTRATION LONG-TERM CONTRACTS

Another application of the BDEYE method has been
demonstrated in the evaluation of Power Purchase Agreements
(PPAs) and Contracts for Differences (CfDs) [12]. Such long-
term contracts are essential instruments designed to stabilize
revenue streams and reduce investment risk, thereby ensuring
market stability and the uptake of renewable energy. The
European Commission has highlighted the importance of PPAs
and CfDs in the Electricity Market Design. Understanding the
implications of these instruments on stakeholder behavior and
market outcomes requires a robust analytical framework that
extends beyond assumptions of optimal behavior.

A key question is how PPAs and CfDs alter participant
behavior and, consequently, influence market interactions and
stability [10], [11]. In the next section, we demonstrate how
BDEYE can provide insights into the effect of long-term
contracts on wholesale markets in the context of a full market
context simulation.

A. Simulating Power Purchase Agreements

We evaluated the effect of PPAs in the 2 GW offshore wind
farm tender [jmuiden Ver [12]. The tender [13] requires the
integration with a contracted demand whenever the offshore
wind farm produces over 1 GW. This provided the foundation
for the investigated scenarios:

1) Base case: The wind farm bids 100% of its capacity on
the market, ignoring the tender criteria.

2) PPA with existing demand (as-produced PPA (top)):
The wind farm engages in a PPA with already existing
demand for any production exceeding 1 GW (thus
adhering to the tender criteria).

3) PPA with new demand (as-produced PPA (top)):
To adhere to the tender criteria, additional demand is
created (e.g. by electrifying industrial processes) and the
wind park and this new buyer arrange a Power Purchase
Agreement (PPA) .

For the different cases, we developed the bidding strategies
for the stakeholders engaged in these PPAs. The Beliefs and
Desires of these parties is straightforward (’if I don’t follow
the agreement, I have to pay a penalty, so my Desires is
to do exactly what I promised in the PPA’) and so easy
to translate into an Intention. For example, in the case of
a PPA as-produced (top), the wind farm bids 1 GW of its
produced electricity on the wholesale market at marginal cost
(€0/MWh) and the remainder will be supplied via the PPA.
PPAs remove electricity production and (flexible) demand
from the wholesale market compared to the base case. EYE

was used to simulate this effect. Figure 2 shows price duration
curves of the wholesale electricity market for each of the
simulated scenarios. In some hours, the scenarios with a PPA
(orange and green) have increased prices compared to the
base scenario (blue). This is caused by the effective removal
of production from the market, which can be interpreted as
making the market less efficient.

The effect of an electrolyser with PPA top on market prices
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Fig. 2. Price duration curves of the wholesale electricity market for the
investigated scenarios. The removal of production and demand caused by the
PPA causes increased prices in some hours.

B. Applying the BDEYE method to Contracts for Differences

We also examined the effects of Contracts for Differences
(CfDs) on energy market dynamics. CfDs provide stability
for renewable producers by subsidizing their production when
electricity market prices dip below an agreed strike price.
A key question was how these CfDs influence participant
behavior and, consequently, market interactions and stability.

In a CfD, an asset sells its electricity on the wholesale
electricity market as usual. When the electricity price is below
an agreed-upon strike price, the asset receives subsidies to
make up the difference. This ensures that the asset will
always receive at least the strike price for its sold electricity.
Additionally, in a two-sided CfD, the asset pays back the
subsidizer when electricity prices are higher than the strike
price, as opposed to a one-sided CfD, where the asset keeps
the excess revenue.

To implement CfDs in the EYE simulation, a BDI analysis
was performed on renewable assets under a CfD. This analysis
revealed that renewable assets are incentivized by the terms of
the CfD to bid at the lowest possible price. The CfD ensures
that the renewable asset receives at least the strike price
(Belief) and they want to maximize their profit (Desire). To
achieve this, they will have to maximize the amount of energy
that they sell (Intention). The resulting bidding behavior is to
bid the available capacity at the lowest market price (in our
scenario set at -500 €/MWh). It is interesting to note that
while one-sided and two-sided CfDs result in different costs
and profits for the renewable asset and the subsidizing party,
the BDI analysis showed that they result in the same bidding
behavior and thus these different CfDs have similar effects on
energy markets.



EYE was used to simulate a scenario where 50% of re-
newable producers (wind and PV) are covered by a CfD, and
the other 50% of renewable producers use a marginal price
bidding strategy.

Figure 3 highlights the effect of this configuration of strate-
gies on the market for a single day. In hours 0:00-4:00 and
19:00-23:00 the total renewable production is insufficient to
meet the demand, so the price is set by another production
asset. In hours 5:00-8:00 and 14:00-18:00 the marginal cost
bidding renewable producers set the market price at 0 €/ MWh.
For hours 9:00-13:00 the renewable producers which have a
CfD can meet the demand and set the price at -500 €/MWh.

The next question is whether these bidding strategies are
stable. As long as the contractual agreements stay the same, the
strategies are stable, since the renewable assets have no reason
to alter their bidding behavior. However, if the government
alters the form of the CfDs, e.g. not providing subsidy for
hours which have a negative price, this will bidding strategies
will become more strategic.
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Fig. 3. Clearing prices (top) are determined by the assets supplying electricity
(bottom). In the bottom graph, the renewable sources of electricity are stacked
in order of bidding price.

C. Overall findings on long-term contracts

In both the evaluation of PPAs and CfDs, the BDEYE
method was used to answer questions about how the be-
havior of specific assets influences overall market dynamics.
Simulating PPAs provided a clear picture of how the market
can become less efficient when more assets engage in PPAs.
Applying the method to CfDs revealed that CfDs lead to
significant differences in bidding behavior compared to PPAs,
which in turn can result in drastically different market out-
comes. Introducing CfDs should be done carefully to ensure

that other market participants have the opportunity to adapt
their business strategies.

V. CONCLUSIONS AND RECOMMENDATIONS

Overall, this work highlights the value of applying Agen-
tic Reasoning Capture (ARC) methods in combination with
Agent-Based Modeling (ABM) for answering questions about
benefits and risks of clean energy investments and operational
business strategies. In this paper, we demonstrated BDEYE, a
ARC+ABM energy market modelling method developed step-
by-step through use case-driven innovation. We demonstrated
that the BDEYE method can provide explainable and compre-
hensible insights into market dynamics caused by multi-market
interactions and long-term contracts.

We recommend to consider agent-based models with ARC
methods for questions that cannot be answered with enough
certainty, clarity or trust by other models. We expect that other
types of ARC Frameworks and ABM models can outperform
BDEYE in both explainability and scalability. For future
work, we recommend exploring the dynamics of future energy
systems by training artificial agents with agentic reasoning
capabilities in an online agent-based simulation to find stable
and feasible scenarios of future energy market that can be
understood from both a stakeholder and system perspective.
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