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SUMMARY

European countries are debating policies to mitigate the increased energy costs caused by re-
newed geopolitical tensions, while pursuing decarbonization and electrification. A notable exam-
ple is ltaly’s 2026 Decreto Bollette package, which proposes to remove the carbon price equiv-
alent from the bids of certain gas-driven power plants to wholesale electricity markets, among
other provisions. We use this as a case study to assess the long-term implications of suppress-
ing the carbon price signal in the electricity market for investment, emissions, and consumer
costs. We employ a stylized Italian power system using MARLEY, a multi-agent reinforcement
learning framework focused on long-term electricity market assessments. In this framework,
we test this policy across configurations with varying levels of support for green investment, re-
source adequacy, and flexibility. Results show that partial suppression of the carbon price signal
yields short-term cost reductions but only a minor long-term effect on total system costs, as
the deferred emissions are ultimately repaid by consumers. CO, Emissions rise across most
configurations since suppressing the price signal erodes incentives for renewable and storage
investment. Only the most ambitious configurations for supporting green investment avoid this
outcome, but they do so by marginalizing the wholesale price signal itself, thereby requiring a
commitment to a hybrid market paradigm that is in contradiction with the rationale of the pro-
posed price intervention.
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INTRODUCTION

In recent years, large-scale geopolitical events have put recurring pressure on electricity prices,
as in 2022, after the intensification of the Russo-Ukrainian war, and more recently with the 2026
Iran war and the consequent closure of the Strait of Hormuz™. High electricity prices are putting
the energy transition in Europe’s power sectors under strain. Governments are forced to decide
how to reduce consumer bills without undermining long-term climate policy goals, while also
reducing Europe’s structural dependence on fossil fuel imports®<. In response to these crises,
the EU and its Member States launched the REPowerEU plan and adopted a range of fiscal and
structural measures to shield households and businesses from surging energy costs*.

At the national level, some governments intervened directly in wholesale market pricing. In
2022, Spain and Portugal implemented the Iberian exception®, a temporary compensation to
fossil-fired generators financed through a surcharge on consumers. Generators were required
to internalize this compensation in their market bids, thus reducing the marginal price. While the
Iberian exception achieved considerable reductions in spot electricity prices®?, it also created
significant economic inefficiencies, particularly with regard to cross-border trade, and increased
the perceived regulatory risk®®. Facing analogous pressures, the Italian government adopted
a comparable measure in 2026: the Decreto Bollette™. Among its provisions, the Decree pro-
poses to compensate fossil-fired generators for the carbon price signal embedded in the Euro-
pean Union Emissions Trading System (EU ETS), lowering the marginal cost of price-setting gas
plants and thereby reducing the clearing price and the inframarginal rents of dispatched gen-
erators™. To recover the EU ETS quantities owed, the decree establishes a specific charge in
end-user tariffs ]

The partial neutralization of the carbon price signal from electricity price formation raises
fundamental questions about the coherence of these policies with the decarbonization objective,
widely recognized as the cornerstone of a broader economic transformation?213, with Renewable
Energy Sources (RES) and energy storage systems (ESS) becoming the central building blocks
of future power systems?314. This transition is based on two pillars, and the suppression of the
carbon price interacts directly with both.

The first pillar concerns the role of carbon pricing as a long-term decarbonization instrument.
A large body of empirical work has documented that carbon costs borne by power producers are
passed through to wholesale electricity prices™7. This pass-through raises consumer prices,
but also generates the investment signals that support cleaner technologies by widening the
cost differential between fossil and low-carbon assets™. As such, carbon pricing also partially
mitigates the risk of cannibalization faced by renewable investors? by increasing the perceived
remuneration of these assets'20, On the other hand, by making electricity more expensive, it
risks delaying the adoption of electric technologies which are needed to decarbonize the end-use
sectors and increase energy efficiency.

The second pillar is the growing role of long-term regulatory mechanisms in supporting decar-
bonization. Capacity Remuneration Mechanisms (CRM), support schemes for RES, storage or
demand response, and other contracting schemes have become widely implemented programs
to de-risk investment, improve resource adequacy, and shield consumers from price volatility?1*22.
In the last two decades, these regulatory instruments have become pivotal for decarbonization,
facilitating capital-intensive investment, mitigating missing-money and missing-market problems,
and addressing the specific challenges of RES-based systems?324, |n the European Union,
Contract for Difference (CfD) auctions, complementing Power Purchase Agreements (PPAs) and

'We acknowledge that this mechanism may be modified, or not activated at all, following the European Com-
mission analysis on state-aid clearance. Nonetheless, provided that any revisions to the policy package do not
substantially alter the carbon price suppression itself, the effects would remain aligned with those described in this
work.
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forward markets, have become the dominant instrument for achieving mitigation targets in the
electricity sector?328, |mportantly, mechanism design has shifted away from decoupling support
incentives from wholesale signals (first generation feed-in-tariffs) toward instruments that couple
directly to short-term price formation, so their performance now depends on whether the carbon
price signal is included in the dispatch.

In this context, carbon price suppression, the pace and resilience of decarbonization, the
design and implementation of long-term regulatory mechanisms, and the impacts on final con-
sumers are tightly coupled: the suppression alters investment incentives, which reshape the
generation mix and its CO, emissions, which in turn change the policy response and the prices
ultimately borne by consumers. Capturing this feedback within a single modeling exercise is
precisely the challenge we address, aiming to understand the implications of measures analo-
gous to the Decreto Bollette and the Iberian exception for decarbonization pathways in power
systems. To achieve this objective, we follow the general framework presented in Figure
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Figure 1: Structure of the long-term electricity market in the reinforcement learning model.
The left panel presents the market environment, highlighting the agent’s observations, actions,
and rewards, as well as the interactions in the equivalent wholesale market and the investment
mechanisms. The upper-right panel introduces Independent Learning for Proximal Policy Opti-
mization. Lastly, the lower-right panel shows the scenario matrix combining policy and market
conditions, along with the carbon price scenarios applied to specific cases.

To start, we use the Multi-Agent Reinforcement Learning for Electricity markets (MARLEY)
framework applied to a stylized representation of the Italian electricity system?2. MARLEY is an
open-source agent-based model, based on Independent Proximal Policy Optimization (IPPO),
dedicated to analyzing the evolution of electricity markets under a wide range of long-term mech-
anisms to promote investment. Recent advances in deep learning have extended multi-agent
reinforcement learning (MARL) to highly complex competitive domains®®2, including applica-
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and multi-agent frameworks incorporating active regulators whose policy instruments co-evolve 1o
endogenously with market actors’ strategies®?. MARLEY draws on both agent-based“%*% and 1o
partial-equilibrium models*3®, the two dominant approaches for electricity market modeling“”, 103
while complementing and extending them in four directions: (i) it explicitly incorporates long-term 104
regulatory mechanisms, (ii) it integrates policy layers such as carbon pricing, (iii) it allows agents 1
to manage portfolios of new and existing assets, and (iv) it captures strategic interactions in 1
concentrated wholesale markets. 107

The explicit integration of a representative policymaker into a MARL model studied by Renshaw-1s
Whitman et al.*¥ is particularly relevant to our work, as a suppressed carbon price creates a 1o
feedback loop between policymakers’ decisions on the need for long-term regulatory mecha- 11
nisms and the investment responses of profit-maximizing Generation Companies (GENCOSs). 11
Building on this, whereas the original MARLEY models GENCOs alone?, we add a representa- 12
tive policymaker who, under decarbonization pressure, uses auctions for RES and ESS to shape 113
the evolution of the generation mix. GENCOs, the agents responsible for investing in the electric- 114
ity market, react to system conditions, market prices, and the actions of other agents, including s
the policymaker. This design allows us to evaluate the effects of the carbon price signal (and 116
its suppression) in a context in which the policymaker endogenously responds to the distortion it 117
creates. 118

Using MARLEY, we are able to represent the suppressed carbon price signal in the power 119
sector and the provisions of the Decreto Bollette, which have the most direct implications for long- 120
term market dynamics. In particular, we focus on the suppression for combined-cycle gas turbine 1
(CCGT) plants, an efficient fossil-fuel technology whose marginal cost most directly governs 12
wholesale price formation in many European power systems. Additionally, we study a 2025-2040 123
horizon, capturing both the short-term suppression of the carbon price signal and its longer-term 12
investment consequences. For the analysis, Italy is the natural case: the Decreto Bollette is 125
the most explicit European instance of removing the carbon price signal from the formation of 12
wholesale prices, and the country’s gas-dominated marginal generation makes the mechanism’s 1z
effects particularly easy to identify“®. However, the findings of our analysis are not only applicable 1z
to the Italian system; they can also be generalized to any system that might introduce similar 12
interventions on bids from marginal generators using fossil fuels. 130

To further characterize the effects of this type of measure, we combine policy scenarios, 1a
market design configurations, and selected carbon price trajectories, as shown in the lower-right 12
panel of Figure i} 133

» The policy scenarios span three cases. Two are core to the analysis: a baseline with- s
out the Decree [ND] and the Decree in place [D], in which the ETS price is neutralized 1
by exempting natural gas power plants, compensated by an increase in the tariff system ﬂ 136
Moreover, we assume that carbon price neutralization remains in place throughout the hori- 17
zon considered (until 2040). The third scenario, [UD], introduces the Decree immediately s
at the beginning of the simulation horizon, followed by an uncertain timing for the restora- 1
tion of the full carbon price signal, capturing the implications of an uncertain duration of the 1
Decreto Bollette. 141

» The market design configurations vary in the long-term regulatory mechanisms layered on 14
top of the energy market. The [CRM] scenario supplements it with a capacity remuneration 1
mechanism based on a Reliability Option design, while the hybrid configurations [H-], [H], 1
and [H+] build on the CRM by adding production-based CfDs for RES and a dedicated 1
flexibility support mechanism for short-term storage. These hybrid scenarios span a wide 1

2Although the scenario labels refer to whether the Decreto Bollette is applied, we remind the reader that, in this
work, its application is represented solely through the suppression of the carbon price signal.



range of ambition, measured by the speed of penetration and the maximum size of each
mechanism. In particular, the CfDs target renewable penetration of up to 60, 80, and
120% of average yearly demand in the [H-], [H], and [H+] configurations, respectively; the
flexibility mechanisms aim for the same short-term energy storage penetration levels. This
range approximates the hybrid market paradigm increasingly adopted across European
jurisdictions, where the sizing of such mechanisms is itself a policy and political choice
tied to the incentives shaping the electricity mix. We therefore treat these configurations as
progressively more ambitious benchmarks. Systems resembling current European practice
are best represented by [CRM] and [H-], where long-term mechanisms support but do
not displace merchant investment as the primary entry channel. Instead, [H] and [H+]
represent systems that increasingly rely on these mechanisms, substantially limiting the
role of short-term price signals in investment decisions.

+ Finally, we measure the effect of the Decreto Bollette across different carbon price trajec-
tories, applied to the [CRM] and [H] scenarios, which serve as proxies for systems with
varying degrees of reliance on long-term support for green investments.

Following this framework, we contribute to the current policy discussions on the effects of
carbon price suppression in electricity markets that rely on long-term regulatory mechanisms.
Although focused on the ltalian electricity system, the analysis speaks to a broader class of
cases: electricity systems simultaneously planning long-term regulatory mechanisms to support
the low-carbon transition and facing short-term political pressure to shield consumers from fossil-
fuel-driven wholesale price spikes. Specifically, we: (i) quantify the expected total system cost
reductions and potential increments in CO, emissions following the application of interventions
intended to reduce the marginal price in the market and their interaction with existing long-term
regulatory mechanisms; (ii) assess how carbon price suppression affects long-term investment
signals for green technologies; and (iii) characterize the effects of policy uncertainty surrounding
price interventions analogous to the Decreto Bollette. Alongside these empirical contributions,
the paper extends open-source MARL simulation frameworks for electricity market design, with
the most updated version to be made publicly available upon acceptance.
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RESULTS

Figure [2| and Table [1| present the aggregate effects on total system costs and emissions for
the [D] and [ND] scenarios across market configurations. Results reveal a fundamental trade-
off: the partial elimination of the carbon price signal reduces costs in the short-term, but at
the expense of increased emissions, the magnitude of which depends on the available long-
term regulatory instruments. The lower panels in Figure [2 highlight the asymmetry between the
short- and long-run consequences of suppressing the carbon price. In the short run, wholesale
prices decline, reducing generators’ revenues. However, total system costs, which incorporate
the ETS obligations incurred by CCGT plants and recovered through end-user tariffs, narrow this
gap, moderating the benefit perceived by final consumers. As the horizon extends to the mid-
and long-run, the dominant effect shifts from price reduction to emissions accumulation. Market
configurations without or with low green investment support ([H-] and [CRM] scenarios) show
lower emissions reduction over time in the [D] cases, unlike the persistent reductions observed
in scenarios with higher support ([H] and [H+]). These observations are corroborated by formal
significance tests on the per-simulation outcome distributions presented in the Appendix. The
increase in emissions induced by the Decreto Bollette is statistically significant across all market
configurations and timeframes, with a large effect size in aggregate, placing it clearly outside
the simulation uncertainty range. The cost reduction is likewise significant, but corresponds to a
markedly smaller effect size that diminishes over the horizon.

System cost Emissions System cost Emissions

Window Market [%] [%] Market [%] [%]
Aggregate -11.94 56.92 -10.74 35.05
Short -14.98 7.1 -15.01 5.92
Mid CRM 4 4.37 49.88 H- -11.27 39.65
Long -7.58 98.83 -8.31 45.25
Aggregate -8.8 24.6 -10.6 8.16
Short H -14.94 6.76 Ha -15.1 3.23
Mid -11.79 26.51 -14.96 8.68
Long -1.96 33.57 -1.62 15.57

Table 1: Relative percentage difference in total system cost and CO, emissions between
[ND] and [D] scenarios across time horizons. Values are computed as (D — ND)/ND: a
negative figure indicates that suppressing the carbon price [D] lowers the indicator relative to
the [ND] baseline, a positive figure that raises it. Results are reported for the aggregate 2025-
2040 horizon and its short-, mid-, and long-term sub-periods, across market configurations.

The differences in installed capacity between [ND] and [D] scenarios, shown in Figure [3]
underpin the cost and emission dynamics described above. In the [ND] scenario, the system
gradually replaces existing CCGT capacity with RES, storage, and a significant OCGT fleet op-
erating at low capacity factors. This trend, though modulated by the long-term regulatory mecha-
nisms available, is consistent across market configurations. Under the [D] scenario, by contrast,
merchant incentives for green investment are weakened and lead the system to rely more on
fossil and existing assets. As the simulation progresses, RES and storage capacity are either
sustained through long-term regulatory mechanisms where the market configuration enables it,
or displaced by continued reliance on existing CCGT capacity and newly added OCGT units,
prolonging the dependence on fossil fuels and their contribution to system costs. Prominently,
[H+] departs from all other scenarios in its investment dynamics: more ambitious CfD auctions
trigger an early shift to offshore wind at the expense of solar PV, thus reducing the need for
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Figure 2: Total Unitary costs and CO, emissions in [D] and [ND] scenarios. The upper
panel presents aggregated results for the 2025-2040 horizon, while the lower panel disaggre-
gates them into short-, mid-, and long-term components. In each bar, the horizontal markers
display the 25th and 75th percentiles, and the vertical markers display the 5th and 95th per-
centiles. In the total unitary cost bars, hatching patterns indicate the contribution of each mar-
ket mechanism to the final cost: the Contracts for Differences, Capacity Market, and Flexibility
components reflect the financial settlement of their respective mechanisms; Other captures the
wholesale remuneration of capacity and flexibility assets, which remain exposed to the short-
term price signal; Existing and Merchant bars refer to the wholesale market remuneration of old
and new assets; and ETS recovery represents the ETS costs recovered through the tariff in the
[D] scenarios.

storage. This trend accelerates the decommissioning of the existing fossil-fuel fleet but, in turn,
increases reliance on OCGT capacity for system security, which enters the market through the
CRM.

Complementing Figure 3, Table [2| contextualizes the relative size of the long-term regulatory
mechanisms that act as entry gateways to the system. The yearly volumes procured through
CfD and flexibility auctions in our scenarios are broadly of the same order of magnitude as ltaly’s
most recent auctions: the 2025 FER X and MACSE rounds“®59, which together awarded on the
order of 8 GW of solar PV, around 1 GW of wind, and roughly 1.5 GW of battery storage | The
correspondence is closest in the [H-] and [H] scenarios for solar PV and storage, where both

SFER X (Fonti Energetiche Rinnovabili) is the Italian support scheme for mature renewable technologies. MACSE
(Meccanismo di Approvvigionamento di Capacita di Stoccaggio Elettrico) is ltaly’s competitive auction scheme for
utility-scale storage. Auction results are further referenced as part of the Appendix.
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Figure 3: Installed capacity of generation and storage technologies in 2030, 2035, and
2040 under [ND] and [D] scenarios. Stacked bars indicate average installed capacities across
runs. In each stacked bar, the horizontal markers display the 25th and 75th percentiles, and the
vertical markers display the 5th and 95th percentiles. Different hatching patterns highlight the
mechanisms agents use to enter the market.

magnitude and technology coincide. By contrast, onshore wind is essentially absent from our
scenarios. This compositional gap widens in the most ambitious [H+] scenario, where invest-
ment shifts away from solar toward offshore wind: solar CfD volumes fall relative to [H], while
offshore wind rises sharply due to its higher capacity factor compared to the onshore variant.
Nonetheless, every hybrid configuration, including the least ambitious [H-], implies a markedly
stronger commitment than a one-off intervention, since it sustains auctions of that scale over
time. This reliance on long-term mechanisms deepens further when the carbon price signal
is suppressed: in the [H-] and [H] scenarios, auctioned volumes rise to replace the merchant
investment that no longer materializes. In [H+], where most capacity already enters through
the auctions and is remunerated via the long-term mechanisms, this substitution effect is less
pronounced.

The evolution of costs and emissions across all policy scenarios, as shown in the upper panel
of Figure[4] reinforces the tendencies highlighted earlier. System costs in scenarios [ND] and [D]
initially diverged, converging only in the last stages of the simulation. This behavior is partially
explained by the sustained increase in emissions when the carbon price signal is suppressed,
resulting in substantial ETS recovery costs. Introducing uncertainty about the duration of the
Decreto Bollette, as modeled in scenario [UD], produces two distinct system outcomes. In terms
of total unitary costs, the [UD] case exhibits the short-term price reduction observed in Figure [2
during the period when the policy measure is active. However, once the measure is removed,
costs increase to levels equal to or above the [ND] baseline, reflecting both the restoration of the
carbon price signal, as well as the delay in investments caused by the temporal application of the
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Scenarios

Technologies Mechanism CRM He H Ht

ND D ND D ND D ND D

Merchant 7.55 472 455 047 154 0.02 0.69 0.01

SolarPV. ~ N/A 348 804 10.33 10.16 564 6.56
Offshore wing Merchant 058 002 051 002 021 0 0 0

CiD N/A 0.03 0.01 0.08 021 367 3.39

OCGT CRM 054 028 0.13 067 017 09 128 1.13

Battery-ah  CAM 029 0.06 0.14 0.09 0.45 0.06 0.02 0.02
Flexibility N/A 0.75 072 073 158 0.86 0.8

Battery-8h  CRM 037 0 023 002 032 005 0  0.01

Table 2: Yearly installed capacity additions [GW] of representative technologies across
market mechanisms. Values are yearly averages of installed capacity for each regulatory mech-
anism over the complete 2025—-2040 horizon. Technologies and mechanisms not reported show
no notable variation in installed capacity.

Decreto Bollete. Correspondingly, cumulative emissions in the [UD] trajectory lie between those
of [ND] and [D] scenarios, but once the carbon signal is restored, the pace of decarbonization
accelerates to closely resemble that of the latter cases, although the emission offset remains.

The lower panel of Figure |4/ extends this analysis by highlighting key technological differ-
ences across scenarios. In the [H+] configuration, the transition toward low-carbon technology
is minimally affected by the carbon price signal. In all other market designs, this decarbonization
tendency breaks down to differing degrees under the influence of long-term regulatory mecha-
nisms. As a result, fossil-fuel utilization is maintained or even increased when the carbon price
signal is suppressed by the Decree (scenario [D]). Similarly, the [UD] scenario shows a storage
trajectory that closely follows the [D] baseline, followed by a RES uptake that partially recovers
once the carbon price signal is restored.

Figure [5]summarizes additional system-performance metrics for the full scenario matrix, each
normalized with the average across the scenario pool. The most consistent change associated
with the Decree is a reduction in the merchant’s investment share of total system costs. In config-
urations with green investment support, this shift increases dependence on long-term regulatory
mechanisms to drive capacity expansion. In configurations without such support, such as the
[CRM] case and to a lesser extent in the [H-] scenario, the same shift translates into higher
utilization of existing fossil-based assets, increasing their market contribution and driving higher
emissions, consistent with the trajectories shown in Figure 4. The higher share of variable tech-
nologies in the generation mix slightly increases wholesale price volatility, though total system
cost volatility remains comparable across market configurations, reflecting the financial hedging
provided by CfD contracts and the arbitrage role of ESS in the [H+] and [H] scenarios. With
respect to agent-level outcomes, the reduction in the carbon price signal erodes the profits of in-
cumbent agents on their existing assets and reduces the returns of new entrants, most of whom
invest in renewable and storage assets. Finally, the absence of green investment support and
the suppression of the carbon price signal make the system more vulnerable to natural gas price
shocks, a condition that aligns with the increased utilization of fossil-fuel assets, as shown by
the comparison in the corresponding metric between [H+] and [CRM] cases, but also between
the ND and [D] cases within the same market scenarios. Adequacy varies across scenarios but
remains within the capacity market’s bounds throughout. Nominal values for all studied metrics
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ios. The dashed line marks the reinstatement of the carbon price signal in the [UD] scenario.

are presented in the supplementary material.

Finally, Figure [6] shows variations in key system metrics under the Decreto Bollette across
different carbon price trajectories for the [H] and [CRM] market configurations. Specifically, the
baseline carbon price rises linearly from 70 €/tCO, in 2025, consistent with current EU-ETS
levels, to 150 €1CO, by 2040, while we complement it with two alternatives: a flat 70 €/tCO,
held over the full horizon, and a steeper climb to 230 €/tCO, by 2040. In the [ND] scenarios,
a higher carbon price produces lower CO, emissions with a modest increase in total system
costs. The application of the Decree disrupts this relationship. When the carbon price is raised
in a power system operating under carbon price suppression, the lack of prior investment in
low-carbon technologies means that the higher ETS recovered costs fall disproportionately on
a generation mix still dominated by fossil-fuel assets. The result is an increase in total system
costs without a corresponding reduction in emissions, thereby inverting the standard carbon-
pricing trade-off. This pattern is illustrated in the lower panel of Figure [, where configurations
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Volatility Profits Market Contributions Security Volatility Profits Market Contributions Security

Wholesale Total Cost Gas Shock Profit Profit Merchant Existing  Mechanism Energy not Wholesale Total Cost Gas Shock Profit Profit Merchant Existing Mechanism Energy not
Volatility Volatility Vulnerability Incumbents  Entrants Share Share Share Served Volatility Volatility ~ Vulnerability Incumbents  Entrants Share Share Share Served

ND | -0.10 +0.72 +0.10 +0.36 +0.22 +0.13 ND | -0.19 +0.36 +0.13 +0.24 -0.26 +0.99 +0.13

up +0.04 +0.42 +0.23 +0.12 up | -0.35 -0.07 -0.04 +0.16 +0.47 +0.30 +0.07

CRM

D -0.17 +0.76 -0.17 +0.05 | -0.46 -0.37 +0.35 -0.23 -0.35 -0.04

ND | -0.12 +0.19 -0.16 +0.21 -0.20 -0.04 +0.12 ND -0.06 -0.09 -0.11 -0.10 +0.71
a up | -0.27 -0.08 -0.07 +0.14 +0.21 +0.07 up | +0.86 -0.10 -0.23 +0.18 -0.14 +0.55
D 0.31 0.24 -0.05 0.17 0.06 0.10 p| +0.83 -0.22 -0.40 -0.45 +0.12 -0.30 +0.12

Relative deviation from global mean

Figure 5: Heatmap of aggregate key metrics across the scenario matrix. Metrics are nor-
malized with respect to the average across all scenarios and capped at —1.0 and +2.25 for visu-
alization. Wholesale and total price volatility are computed as the standard deviation of hourly
prices, using normalized yearly values to discount inter-year variability. Shock vulnerability mea-
sures the relative cost between simulations with and without the natural gas price shocks. Profit
metrics report the discounted net present value accruing to each agent category. Market con-
tributions quantify the relative weight of merchant investments, existing assets, and long-term
regulatory mechanisms in the final cost. Energy not served measures unmet demand across the
simulations.

under the [D] scenario rely more on existing assets than their [ND] counterparts. Furthermore,
in both [H] and [CRM] market configurations, the system’s increased exposure to natural gas
price shocks in the [D] scenario persists across all tested carbon prices.
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Figure 6: Aggregated system performance metrics under varying carbon price trajectories
in the [ND] and [D] scenarios. Results are organized by the 2040 carbon price on the x-axis.
The upper panel shows total unitary costs and CO, emissions. The lower panels present: Shock
vulnerability, measured as the relative cost between simulations with and without the natural gas
price shock; Profit metrics, reporting the discounted net present value accruing to each agent
category; and Market contributions, quantifying the relative weight of merchant investments,
existing assets, and long-term regulatory mechanisms in the final cost.

12



DISCUSSION

This section expands on the three main outcomes of the study as identified in the previous sec-
tion: (i) in the presence of a carbon price, and even with non-ambitious long-term regulatory
mechanisms, the electricity system tends toward rapid decarbonization; (ii) the partial removal
of the carbon price, as the one produced by the Decreto Bollette, breaks this trend in most sce-
narios, trading substantial CO, emission increments for limited impacts on total system costs;
and (iii) long-term regulatory mechanisms can partially shield the system from the most harm-
ful effects of the carbon price suppression, but this condition requires immediate commitment
and a shift in the market-design paradigm toward large-scale long-term regulatory mechanisms
supporting green investments. We close the discussion by presenting the study’s limitations, its
implications for these conclusions, and future work.

Green investments and decarbonization trajectories

A key trend across scenarios is that the current competitiveness of green investments, coupled
with strong economic signals from carbon pricing and long-term regulatory mechanisms, pro-
vides a robust basis for decarbonization in systems that remain fossil-fuel-dependent. Although
within the studied time horizon the system does not fully decarbonize, it does achieve rapid,
cost-effective integration of renewable energy, bringing additional system-wide benefits, such as
increased resilience to natural gas price shocks. These results emerge in a setting that delib-
erately assumes an aggressive demand-growth scenario, constraining the system to expand its
generation assets to meet rising demand, a condition achieved without substantial incremental
costs.

More specifically, results depict a power system that relies heavily on solar PV and storage
to support decarbonization scenarios, which, in turn, drive the aggressive decommissioning of
existing CCGT plants and their partial replacement with OCGT capacity. Onshore wind, given
its relatively low capacity factor due to spatial aggregation in both the model and the resource
information from Antonini et al.*", is only moderately competitive. Offshore wind is only substan-
tially competitive when aggressive, long-term regulatory mechanisms are in place, substituting
solar PV in the [H+] scenario. The reshaping of the thermal fleet stems from three factors. First,
the relatively low capacity factor required from fossil-fuel plants under large RES penetration.
Second, the CRM design provides differentiated treatment to existing and new assets, favoring
the latter and thereby opening the door to inefficient retrofitting from a system perspective but
economically grounded from the agent’s perspective. Third, as a modeling caveat, the absence
of large-scale storage investment options leaves peaking plants as the available flexibility choice.

These findings, aligned with the literature analyzing future energy systems®2>3, reinforce the
need to enable systems and markets oriented toward rapid decarbonization and to make them
resilient not only to energy price shocks but also to policy designs that may have unintended
effects and slow down the transition. Rapid decarbonization is possible, but it requires a set of
necessary conditions to accelerate and sustain it. The following two sections discuss the role of
the key enabling factors: a strong carbon price signal and long-term regulatory mechanisms to
support green investment.

Carbon pricing suppression

The suppression of the carbon price signal in the electricity market produces short- and long-
term effects. The former, perhaps more prevalent in discussions of price shocks and aligned with
the results from analyses of the Iberian exception®’, is the marked short-term cost reduction.
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This cost decrease, stemming from reductions in inframarginal rents and reduced profits for
incumbent agents, could be directly reflected in the costs faced by final users and therefore
carries significant weight in political discussions.

More notable than the overall short-term cost reduction is the effect on the wholesale price
signal. Generators face a substantial price reduction with significant implications for investment
profitability. This impact is more pronounced for merchant investments, making the system more
reliant on long-term regulatory mechanisms. In terms of technologies, the suppression of the
carbon price substantially reduces solar and storage investments, both of which are key tech-
nologies for the transition and for energy security, making the system more dependent on existing
assets, most of which are gas-fired power plants.

Taken together, these compound effects push the system toward greater dependence on
fossil-fuel resources. As a result, system emissions increase substantially over the long term,
nullifying the earlier short-term cost benefits, since EU-ETS costs must be eventually repaid by
final users. This also makes system costs more closely correlated with gas price shocks, an ex-
pected pattern as natural gas assets become more dominant. These long-term price pressures
are also present in scenarios with a temporal, but unknown, duration of the Decreto Bollette,
leading agents to delay investments and resulting in comparatively higher costs. Although re-
newable investment recovers after the carbon price is fully restored, the risks faced by agents
and the impacts on prices and emissions have already materialized.

This analysis yields a strong insight into the suppression of the carbon price: Decreto Bol-
lette-like policies offer short-term price reductions at the cost of long-term damage to the invest-
ment signal, leading to subsequent rising prices and substantial increases in CO, emissions.
Nonetheless, the negative outcomes from carbon price suppression can be partially hedged by
the presence of long-term regulatory mechanisms, as discussed next.

The role of long-term regulatory mechanisms

The system behavior in the presence of a full carbon price and long-term regulatory mechanisms
is worth understanding first. Assuming the mechanisms are in place throughout the simulation,
market participants learn, relative to the [CRM] scenario, to wait for the long-term mechanisms
to remunerate green investment rather than relying solely on wholesale revenues. This creates
a self-reinforcing dynamic: once investors anticipate that capacity will be procured through auc-
tions, merchant entry diminishes, which, in turn, makes auctions the binding channel for new
capacity, further strengthening the incentive to wait for them. The evolution of the generation
mix thus becomes increasingly contingent on the continued presence and sizing of the mecha-
nisms. Finally, while our scenarios are not directly comparable with real auction outcomes, since
the mechanisms are sustained across the whole horizon, the [H-] and [H] configurations pro-
cure average volumes broadly in line with ltaly’s recent auctions, whereas [H+] raises the level
of commitment substantially, procuring large volumes of offshore wind whose higher capacity
factor increases the overall share of renewable energy in the system.

The comparison across hybrid market scenarios showcases the strength of long-term mech-
anisms in shielding investment signals and incentives from the wholesale market when the car-
bon price is suppressed. This holds true even when all mechanisms expose assets to wholesale
short-term prices, a key feature desired in current market design. Although scenarios [H-] and
[H] are subject to the diminishing investment incentives for green assets discussed in the pre-
vious section, the magnitude is substantially lower than in the [CRM] scenario, which includes
no direct support for RES and ESS. Notably, the [H+] scenario shows almost no increase in
emissions when the carbon price signal is suppressed, and it sustains, over time, the total cost
reductions observed in the short term.
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As such, ambitious long-term regulatory mechanisms could push the system towards de-
carbonization while also shielding it from the negative impacts of suppressing the carbon price
signal. However, this comes with caveats. As shown in Figure [2, system costs shift almost en-
tirely toward the long-term mechanisms, especially CfD contracts. Although this does not entail
a direct cost increase for final users, the scale of the mechanisms requires a conceptual shift in
market design, one in which the short-term wholesale price signal becomes largely irrelevant for
remunerating utility-scale assets. Such transformation comes along with a level of commitment
from regulators and policymakers to assume the role of active planners, in line with arguments
for deeper hybrid market designs®*. The contrast across the tested Hybrid scenarios highlights
the need for a large level of commitment. Even in the least ambitious [H-] case, the auction
volumes are substantial, comparable in scale to ltaly’s 2025 FER X and MACSE rounds, but
sustained year after year across the 2025-2040 horizon rather than procured once. In addition,
the response from the auction mechanism is dynamic: as the carbon price signal is suppressed,
the mechanisms react, in speed and size, to compensate for the merchant investment that no
longer materializes. The shielding effect is therefore obtained through a durable, escalating, and
actively planned commitment. Precisely in that regard, our assessment represents the best-case
scenario for these mechanisms: we assume they exist and persist throughout the simulation un-
der known conditions, so agents can reliably anticipate them and invest accordingly. In practice,
the value of long-term mechanisms depends on regulatory commitment, and the [UD] scenario,
where the timing of carbon-signal restoration is uncertain, shows that the cost of this uncertainty
is far from negligible.

In this context, where large-scale commitments towards long-term support for green invest-
ment are needed for the transition and can also hedge against a suppressed carbon price, a
deeper tension emerges from the political economy of these policies. The [H+] scenario can be
tentatively considered as an ideal outcome that requires a regulatory posture in direct contradic-
tion with the logic of the Decreto Bollette itself. Ambitious long-term support for green investment
could be understood as an indirect subsidy to technologies that, as our analysis shows, do not
deliver strong system-level benefits when carbon pricing is suppressed. These are the same
technologies that, conversely, become the cornerstone of the transition when long-term mech-
anisms are strong. The same political conditions that motivate cutting the carbon price signal
are therefore unlikely to coexist with the level of commitment that [H+] demands. A policymaker
willing to suppress the carbon price signal, but refraining from long-term green investment sup-
port at the level required, would lead the system toward a condition more aligned with the [H-]
and [CRM] scenarios, where the vicious cycle of fossil-fuel dependence, long-term vulnerability
to shocks, and rising emissions emerges.

This political tension is reinforced by the symmetric role of uncertainty. We assume the
persistence of long-term mechanisms across the horizon, but the [UD] scenarios show that
uncertainty about the persistence of the carbon price suppression already shapes agent behavior
and erodes the price signal even before the policy materializes. By the same logic, uncertainty
over the persistence of long-term mechanisms would erode the very investment incentives they
are designed to provide, weakening the shielding effect that makes [H+] attractive in the first
place. The credibility of the commitment, and not only its initial ambition, is therefore a necessary
condition for the favorable outcomes observed in the Hybrid scenarios.

Limitations and future work

From an electricity system perspective, MARLEY relies on three simplifications: a copper-plate
network that ignores congestion and locational signals, the absence of technical security con-
straints, and the lack of an interconnection module for cross-border exchange. Each of these
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bears on the value of the assets we study, including, but not limited to, siting incentives and cap-
ture rates for renewables and storage, as well as penetration constraints. In particular, the lack
of an interconnection module may lead us to underestimate both the incentive for increased ther-
mal production induced by the carbon price suppression of the Decreto Bollette, and its resulting
impact on CO, emissions, as similar analyses of the Iberian Exception have shown'”€>2,

Moreover, we do not model the demand side or the PPA market. Although we represent
substantial ambition in the CfD mechanisms, the PPA market could provide an alternative for
these types of investments without direct government intervention. Modeling representative con-
sumers and the interaction between demand response, electricity prices, and volatility may prove
insightful for future analyses of the carbon price signal and price formation in electricity systems,
as discussed in Geis et al.®.

We also assume static conditions in the EU-ETS market across scenarios. This could have
important repercussions if similar measures become widespread, as the emissions impact is
substantial in most scenarios. Plausibly, the feedback effects, if emission targets are maintained,
would increase the cost of the [D] scenarios modeled, as the carbon price trajectory would rise
with respect to the baseline. However, further work is needed to validate this hypothesis.

From a methodological perspective, the results depend on the MARL setup’s learning dy-
namics. The use of IPPO represents one algorithmic choice among several available in the
competitive MARL literature, and the design of agent objectives, action spaces, and exploration
parameters shapes the equilibria to which agents converge. While the consistency of the qual-
itative trends across tests and scenarios provides some reassurance regarding the robustness
of the findings, sensitivity to alternative algorithmic choices, reward formulations, and richer rep-
resentations of investor heterogeneity warrants further exploration.

Furthermore, we refrain from explicitly incorporating risk aversion into the MARL algorithms.
Although single-agent risk-averse implementations exist>Z, their implications for multi-agent com-
petitive environments deserve further attention. We anticipate that risk aversion would materially
affect these results, particularly under the policy, fuel-source, cost, and market uncertainties we
examine, by strengthening agents’ preference for the revenue certainty of long-term support over
merchant exposure.

Finally, we refrain from discussing the technical issues related to the legality and applicability
of the Italian Decree within the European legal framework, as this lies outside the scope of our
assessment. We instead treat this as a general measure, applicable to other power systems, in
which carbon price signals are not fully transmitted into electricity dispatch.
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METHODS

This section builds on the general overview presented in Figure [1] for the MARLEY framework,
introducing the multi-agent electricity market model, the MARL implementation, the policy sce-
narios, and the experimental setup.

The long-term MARL Electricity Market Model

MARLEY is built around a MARL environment, implemented using the Gymnasium and RLlib
libraries®®>%  targeted towards mid- and long-term decarbonization analysis in wholesale elec-
tricity markets, focusing on utility-scale investment decisions and market mechanisms designed
to promote them.

Stylized short-term markets are the core of MARLEY’s power system representation. They
are constructed using 24-hour representative periods obtained by aggregating publicly available
time series for the Italian system®!*0 with standard techniques®’, and aim to represent a bi-
monthly period. Each representative day is solved through a cost-minimizing optimization in
which generation assets bid quantities and prices reflecting their availability and marginal costs
(including any carbon price). Short- and mid-term storage assets, in contrast, operate freely
within their technical constraints at zero marginal cost, with GENCOs setting the desired levels
of pumped-hydro assets for the following representative period. The dispatch is subject to de-
mand and flexibility balance constraints, whose shadow prices define the energy and flexibility
prices remunerated to contributing assets, and adopts a copper-plate assumption that abstracts
from transmission limits on energy injection and resource integration.

In this market, GENCOs maximize economic profit by owning and operating a portfolio of
generation and storage assets under a decentralized market structure. Their portfolios span
the key power technologies (utility-scale solar PV, onshore wind, offshore wind, coal, combined-
cycle gas turbines (CCGT), open-cycle gas turbines (OCGT), and 3- and 8-hour batteries). In
addition, each incumbent GENCO holds a set of existing assets, including pumped hydro, and
may actively decommission CCGT and OCGT units over the horizon.

In addition, a high-level policymaker implements targeted interventions to minimize system
costs and reduce CO, emissions, using the carbon price to unify these objectives into a single
function. Precisely, the policymaker, with an annual resolution, sets the targets for both the long-
term regulatory mechanisms promoting RES investments, intended to represent production-
based CfD auctions®®, and a long-term flexibility-service procurement mechanism without dis-
patch restrictions, as classified by®®. Storage is remunerated through a premium per MWh of
installed energy capacity while preserving partial exposure to short-term market signals. Com-
plementing these mechanisms, the environment integrates a capacity market based on a Relia-
bility Option Design®®, in which a fixed adequacy target drives investment in firm capacity.

In the long term, GENCOs invest in generation and storage assets through four mutually
exclusive channels:

* Merchant investments carried out outside any long-term mechanism and remunerated
solely through wholesale inframarginal and scarcity rents;

* RES investments supported via CfD auctions where the GENCO commits their produc-
tion to a double-sided contract financially settled against the auction strike price and the
short-term market price;

» Capacity market investments, where resources receive a premium based on their en-
dogenous capacity credit under a reliability option, forgoing scarcity rents in exchange.
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Existing assets also participate, but receive a premium equal to half that of entrants, and
only in years when an adequacy gap is identified; and

» Short-term storage investments supported by flexibility auctions where resources re-
ceive a premium for the energy storage capacity for participating in the wholesale market
and covering the system’s flexibility needs.

No forced investment or alternative driving signal beyond economic profit is modeled in MAR-
LEY. As a result, training converges to market conditions where agents earn consistently pos-
itive profits, rather than to the near-zero-profit condition expected under perfect competition.
This outcome reflects several structural features of the framework: the investment formulation
itself, where inaction yields a risk-free zero-profit outcome, the limited number of agents, the
predictability and implicit coordination that emerge from repeated training under identical system
conditions, the non-linearities embedded in market and mechanism design, and the imperfec-
tions inherent to current MARL training techniques.

The Multi-Agent Reinforcement Learning Implementation

The market environment is formalized as a Partially Observable Stochastic Game (POSG), in
which agents observe a local state comprising their portfolio composition, market signals, and
exogenous system conditions, and select an action that combines discrete investment decisions,
relying heavily on action-masking to reduce the decision space®. Specifically, GENCOs receive
a private reward corresponding to its net economic profit from market participation. The policy-
maker is modeled analogously, with its own observation, action, and reward structures tied to
the system-level cost and emission objectives.

In line with Gonzalez-Ruiz et al.??, we solve this POSG using Independent Proximal Policy
Optimization (IPPQO), and adapting the RLlib and Gymnasium implementations==%, PPQ, intro-
duced in Schulman et al.® and extended to multi-agent settings in Yu et al.®2, is an on-policy
Actor-Critic algorithm that trains a stochastic policy through two neural networks. The Critic
provides a baseline for reward estimation, while the Actor selects actions that maximize reward
given the observed state. Training relies on the standard clipped surrogate objective, with en-
tropy regularization to encourage exploration and a value-function loss for the Critic®*®. In its
multi-agent independent learning variant, this training process is replicated across all agents,
with each agent treating the others as part of the environment, without parameter sharing or a
centralized critic.

We adopt IPPO as a scalable solution that robustly converges to an equilibrium of the market
problem under reasonable computational constraints, despite the well-known challenges asso-
ciated with independent learning (credit assignment, equilibrium multiplicity, and the inherent
non-stationarity of the learning process)®”.

The Supplementary Material reports a robustness analysis of the methods and a comparison
with the centralized-training, decentralized-execution MAPPO variant of Yu et al.®2, confirming
both IPPQO’s suitability in this setting and the reliability of our main results and conclusions.

Scenarios

For the scenarios, we adopt a 2025-2040 horizon, long enough to capture both the short-term
suppression of the carbon price signal and its longer-term consequences for investment, as
agents respond to the resulting signals through decommissioning decisions and reliance on the
long-term regulatory mechanisms.
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We design a scenario matrix that isolates the effects of partially removing the carbon price
signal under different ambition levels for renewable and storage support. The two central sce-
narios fix the policy treatment of the carbon price: [ND] retains the full carbon price signal, while
[D] applies the partial suppression of the carbon price signal introduced by the Decreto Bollette
for the whole simulation horizon.

In all market configuration scenarios, and as the sole mechanism in the [CRM] case, a capac-
ity market is implemented with a fixed adequacy target. From that baseline, long-term ambition
varies across the hybrid scenarios [H+], [H], and [H-], which differ in the parameters governing
the CfD and flexibility mechanisms available to the stylized policymaker. We emphasize that
these parameters define upper bounds rather than active constraints: they set the maximum
target and the maximum yearly target increment the policymaker may pursue, but the realized
auction volumes are outcomes of the reinforcement-learning process rather than fixed inputs.
Within these limits, the policymaker learns how aggressively to procure capacity, while the vol-
ume actually awarded depends on both its decisions and the GENCOs’ willingness to invest. A
target is therefore not necessarily reached: under the 120% ceiling, for example, RES penetra-
tion may fall short if market conditions do not support the corresponding investment, even when
the policymaker sets the target and opens the auctions to procure it. As before, we assume
the long-term mechanisms are present throughout the entire simulation horizon. The complete
configuration across scenarios is reported in Table [3]

The [UD] scenarios are designed to capture the temporary nature of the carbon price sup-
pression. During training, agents are exposed to four predefined cases in which the suppression
is reversed in simulation year 4, 8, or 12, or never reinstated, preventing them from anticipating
the exact moment of restoration. The Results section focuses on the policy-relevant outcome
of reinstatement in year 4, representing a government that uses suppression as a short-term
consumer price relief measure before restoring the full carbon price signal. This case illustrates
how short-lived relief produces only transient effects on the long-term trajectory once agents
internalize this uncertainty

In all of the above scenarios, the carbon price starts at 70 €/tCO, in 2025, in line with the cur-
rent EU-ETS price, and rises linearly to 150 €/tCO, by 2040. Building on this baseline, we use
the [H] and [CRM] scenarios, which respectively include and exclude long-term mechanisms
supporting green investment, to test two additional carbon price trajectories. In the first, the car-
bon price remains flat at 70 €/tCO, over the entire horizon; in the second, it rises to 230 €/tCO,
by 2040, intensifying the decarbonization pressure on the policymaker.

Across all scenarios, we calibrate system conditions to emulate 2025 as the starting point“4868,
Demand reflects 2025 values, assuming net imports remain constant across the analyzed hori-
zon. We further assume a 2% annual demand growth rate, departing from the recent stagnation
and aligning with ambitious electrification pathways for the Italian system®®. Moreover, we adopt
the declining-cost trajectories for renewable and storage technologies reported in the PyPSA
database’, and we augment the fuel cost assumptions from the same source with a regime-
switching shock module that becomes active after 2030. This triggers gas price shocks roughly
once every 12 years, with typical peaks at twice the long-term price and a duration of 2 years.
This component exposes the system, uniformly across scenarios, to stylized disruptions of the
kind observed during the 2022 and 2025-2026 European gas crises. For the gas shock metric
in Figure 5, we compare results with and without the previous module active, highlighting the
system’s vulnerability to gas price variations.

Furthermore, we model the active decommissioning of CCGT and OCGT plants, while the
existing coal fleet remains nominally in operation for the duration of the analysis, but is effectively
mothballed under prevailing fuel and carbon price conditions. Finally, we model the ltalian system
with 16 agents, divided equally between entrants and incumbents. All agents operate their full
portfolios, enabling them to pursue complementary investment strategies across all available
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Market Market feature Scenarios
mechanism CRM H- H H+

Adequacy Target:

Energy not served ratio

over the mean demand
Capacity [%]

Market Price-strike for
Reliability Option 300
[EUR/MWh]

Price-cap auction:
Premium for
Reliability Option
[EUR/MWh-firm]

Maximum Target:

RES energy production

over the mean demand
Contract for [%)]

D'H‘;:ﬁ:fe Maximum yearly target growth:
RES energy production
over the mean demand
[%]

Price-cap auction:
Strike for the
two-way CfD
[EUR/MWh]

Maximum yearly target growth:
ESS energy capacity
over the mean demand
Flexibility [%]
Market Maximum yearly target growth:
RES energy production
over the mean demand
[%]
Price-cap auction:
Premium for energy
storage capacity
[EUR/MWh/year]

0.0008

20

N/A 60 80 120

NA 4 6 8

N/A 150

N/A 60 80 120

NA 4 6 8

N/A 30,000

Table 3: Design parameters of the different regulatory mechanisms across policy sce-
narios. The table includes the parameters for the products for each specific mechanism, the
parameters used by the policymaker to set the penetration targets, and the price caps of the
corresponding auctions.

asset classes. Further details and scenario descriptions are provided in the supplementary s«
material. 591
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Experiments

To preserve scenario-specific dynamics, we run an independent training session for each sce-
nario, using a conservative configuration that prioritizes learning stability over throughput49=2,
We fix a common computational budget across experiments, ensuring sufficient learning itera-
tions for agents to settle into stable strategies, and deliberately avoid learning-rate or entropy
schedulers that could force premature convergence.

Figure [7]illustrates the resulting training dynamics, showing the evolution of rewards by agent
category across the main scenarios. This training dynamics can be divided into two distinct
stages. In the first, GENCOs over-invest in the system, producing negative economic perfor-
mance but lower system costs and emissions. From this starting point, GENCOs progressively
filter out inefficient strategies by scaling back investments. Depending on the market design,
this contraction of merchant investment triggers long-term mechanisms, a regime change that
policies need to internalize during training. By the end of the training session, GENCOs re-
wards stabilize at positive values, indicating that investments achieve an internal rate of return
above the discount rate, as evidenced by the aggregated rewards of entrant agents. Nonethe-
less, reward levels still vary across training steps, underscoring the challenges of convergence in
multi-agent environments. Hyperparameters, network configurations, and robustness analyses
are reported in the supplementary material.

Once the training session is complete for each scenario, market and system outcomes are ob-
tained from 1,000 independent environment trajectories, allowing us to capture both the stochas-
ticity of the environment and that of the agent strategies.
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Figure 7: Evolution of mean agent reward by category during training across the main sce-
narios. Training steps are normalized by the maximum value reached within the computational
budget. Agents are grouped into the policymaker, incumbent GENCOs, and entrant GENCOs.

The inset highlights agent behavior in the final stages of training.
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1 The long-term MARL Electricity Market Model

This supplementary material highlights the main aspects of the electricity market representation
in MARLEY, including the equivalent wholesale market representation and the different long-term
regulatory mechanisms that support investments by Generation Companies (GENCOs).

1.1 Economic dispatch for equivalent short-term market

The equivalent economic dispatch emulates the short-term operation of the electricity system,
providing signals for dispatched resources, prices, and adequacy concerns within the model.
To construct the economic dispatch, hourly resource and demand information®!' are aggregated
using the TSAM library®!, which condenses bi-monthly data into four correlated typical 24-hour
days. Once these representative resource and demand series are obtained, one is randomly
selected per dispatch call, and the economic dispatch is solved at an hourly resolution over the
24-hour representative period. These dispatches are solved sequentially; each simulated year
comprises six economic dispatches, one per bi-monthly period.

Within the dispatch, four main assumptions are adopted. First, the dispatch minimizes total
system costs, as no demand-side flexibility beyond curtailment is considered. Second, genera-
tors submit bids based on their marginal production costs, including any applicable carbon taxes.
Third, short-term storage is operated to minimize total system costs. Finally, long-term storage
(pumped hydro in the Italian case) is governed by two rules: during the representative day, it is
operated as an 8-hour storage solution, and agents select a target state of charge to be reached
by the end of the representative period.

Abiding by these principles, the formulation follows a cost-minimization objective function:

Y e .
2t t

where ¢; is the variable cost of generation technology i [€/MWHh], ¢;, is the dispatched quantity
of technology i at time ¢t [MW], ¢! is the Value of Lost Load [€/MWh], and ¢'** is the dis-
patched quantity of the slack generator at time ¢t [MW], activated only when the system cannot
meet demand through available generation and storage resources (ensuring feasibility inside the
Reinforcement Learning loop).

The problem is first subject to the supply-demand balance constraint:

Dot DG ) Y G = ) gt =D e (@)
7 s

neN?!

where D, is the electricity demand at time ¢ [MW], ¢, is the dispatched quantity of generation

charge discharge

technology : at time ¢ [MW], ¢.,"* and ¢, are the dispatched charge and discharge quan-

charge discharge

tities of short-term storage s at time ¢ [MW], ¢, and ¢,,; are the dispatched charge and
discharge quantities of long-term storage [ at time ¢ [MW], corresponding to the operational de-
cision of agent n € N!, where N' is the set of agents holding long-term storage assets, and ¢;'e*
is the dispatched quantity of the slack generator at time ¢t [MW].

The dispatched quantity of each generation technology is bounded by its installed capacity,
adjusted by a time-varying availability factor to account for the variability of renewable energy
sources and the planned or unplanned outages of units (selected randomly from a pre-defined
distribution for each economic dispatch call):

0<qi<Qiy Vit (3)
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where Q;; = ¢;; - K is the available capacity of generation technology ¢ at time ¢t [MW], K"
is the installed capacity of generation technology i [MW], and ¢,, € [0, 1] is the availability factor
of generation technology i at time ¢.

Short-term ESS are subject to stylized energy-balance dynamics:

qdischarge
h h ,t
o= Byt + 1579 - g7 — S Vst 4)
s
0< E,, <E™ Vst (5)
Qmm < qcharge < Qgharge,max VS,t (6)
szn S quSChaTge < Qdischarge,maa: \V/S t (7)

where E;, is the energy stored in short-term storage s at time ¢ [MWh], n<"@r9¢ and pdischarse
are the charge and discharge efficiencies of short-term storage s, E7"** is the maximum energy
capacity of short-term storage s [MWh], Q¢tar9emaz gnd Qdischargemaz gre the maximum charge
and discharge power capacities of short-term storage s [MW], and Q™" is the minimum power
capacity of short-term storage s [MW]. The previous set of constraints can be repeated for ESS
with different energy-to-power ratios.

For long-term ESS, aside from the standard constraints, an additional parameter is included
to represent the operational decision taken by incumbent GENCOs for the operation of these
assets. These constraints are formulated individually for each agent n € N' holding long-term
storage assets:

By = By + 07" - qSroe — % +1, VYneN, It (8)
l
0< By < EN™ Vne N, It (9)
Qmm < qcharge < Qcharge maz o\ Nl’ It (10)
Q;nm < qdzscharge < Qldzscharge,max Vn € Nl,l,t (11)
Enir = Ynu - BN ¥ne NI (12)
where E,,; is the energy stored in long-term storage [ at time ¢ by agent n [MWh], nc’“”ge and
nsharse are the charge and discharge efficiencies of long-term storage 1, Err is the maximum

energy capacity of long-term storage I held by agent n [MWh], Q¢ 9" and Qyfischargemar greg
the maximum charge and discharge power capacities of long-term storage I [MW], Q""" is the
minimum power capacity of long-term storage | [MW], [, , is the water inflow to long-term storage
[ at time ¢ [MWh], and +,,; is the desired state of charge parameter selected by agent » for long-
term storage [ at the final period. Importantly, the formulation assumes that all final states in the
long-term storage solution for the next representative period are feasible.

Furthermore, the system is subject to a simplified flexibility constraint, aiming to represent
network and system constraints in the power system. Future work will focus on improving this
representation, either by adding additional constraints or by using aggregated parameters. For
the current version:

Zaz i + Z a, - q;:f;arge dlscharge + ZOCZ qlc;LaTge Cfischarge> + slack > 5 . Dt Vit (13)

where «;, oy, and «; are the flexibility coefficients for generation technology ¢, short-term storage
s, and long-term storage [ respectively, and g is the flexibility coefficient for demand. The slack
generator ¢:'“* is included in the flexibility constraint to ensure the problem’s feasibility.
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The flexibility coefficients reflect the degree to which each technology can contribute to sys-
tem flexibility, with dispatchable and storage technologies generally assigned higher values than
variable renewable sources. The parameters used in the model are reported in Table[d We leave
for future work an enhancement of the grid module to better represent technical constraints in
power systems.

Category Technology Coefficient
Solar PV 0
Onshore Wind 0.1
Offshore Wind 0.12
Generation Coal 0.8
OCGT 0.9
CCGT 0.8
Others 0.1
Storage Short-term storage 0.8
Long-term storage 0.8
Demand 0.2

Table 4: Flexibility coefficients for the simplified flexibility constraint. The values are a
stylized representation of flexibility constraints in the power system, based on‘/3

Finally, the energy price \; is the shadow price of the supply-demand balance constraint
[€/MWh], representing the marginal cost of serving additional electricity demand. The flexi-
bility price u, is the shadow price of the flexibility balance constraint [€/MWh], representing
the marginal cost of providing additional flexibility. Based on these definitions, GENCOs are re-
munerated for the energy dispatched at the energy price, for their flexibility contribution at the
flexibility price, and for the specific coefficient of the generation technologies.

Sets and indices: i € [ (generation technologies), s € S (short-term storage technologies),
l € L (long-term storage technologies), ¢t € T' (time periods).

1.2 Contract for Difference Market

The model incorporates a Contracts for Difference (CfD) mechanism as a long-term revenue
stabilization instrument for renewable energy investment. This section first explains the financial
contract, then details the balancing mechanism the policymaker uses to provide the investment
signal.

1.2.1 Two-way Contract for Differences:

The CfD operates as a two-way production-based financial contract: when the spot market price
exceeds the agreed strike price, the generator pays back the difference to the system. Con-
versely, when the spot price falls below the strike price, the generator receives a top-up payment.

The financial settlement of the CfD contract is computed at each time period ¢ of the economic
dispatch. From the system’s perspective, the net CfD settlement payment is given by:

Ot = Ve i0) qid n e NP j e JRES (14)

where ), is the spot market price at time ¢ [€/MWh], ;%" is the CID strike price awarded to
agent n for technology j [€/MWh], and g,/ is the quantity of energy dispatched under the CfD

contract by agent n for technology j at time ¢t [MWh]. The share of energy dispatched coming
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from CfD is defined as the ratio between CfD and total system capacity, so CfD generators have
no priority in the dispatch and suffer the direct effects of curtailment. The price applicable to an
agent is the weighted average of all assets in a particular technology participating in the market.
In the case @77 > 0, the system receives a net payment from the generator; when @77 < 0,
the system makes a top-up payment to the generator.

1.2.2 RES investment signal:

The CfD auction is administered by the planner agent (policymaker), which periodically assesses
the gap between projected and target renewable energy penetration over a planning horizon.
Specifically, the regulator projects the future RES energy contribution (accounting for existing
capacity, assets under construction, and capacity aging) and compares it against a target pen-
etration level, itself determined by the planner’s action in the previous period. An auction is
triggered only when the projected RES penetration falls short of the target, ensuring that the
mechanism intervenes only when a genuine supply gap exists. A single pay-as-bid auction is
held jointly for the three RES technologies in the model (solar PV, onshore wind, and offshore
wind) in which generators submit price and quantity bids, and winning projects are awarded a
CfD contract at their bid price. Accepted projects are subsequently added to the investment
pipeline and built following their respective construction times.

At each decision step, the planner evaluates the current RES balance by comparing the
projected average yearly RES energy contribution against the projected average yearly demand
over a planning horizon H:

Pt+H = = (15)
t+H

where Eﬁ%s is the projected average yearly RES energy contribution at the planning horizon
[MWh], accounting for existing installed capacity, all projects currently under construction, and
expected capacity aging, and D,y is the projected average yearly electricity demand at the
planning horizon [MWh]. The planner then decides whether the current projected penetration
P+ Should be maintained or increased, by selecting an incremental target:

prrIt — pyy + 05T (16)

where 5ffD > 0 is the incremental penetration target selected by the planner at decision step
t, drawn from a discrete action space. When 6°/” = 0, no auction is triggered and the current
deployment trajectory is deemed sufficient. When 6tch > 0, the resulting RES balance gap:

AFES = (ﬁt+H + (5,5CfD) : Dt+H - EAEEL}S \ (17)

is strictly positive, triggering a CfD auction for a contracted volume equal to AZZ5.

GENCO agents submit price and quantity bids for solar PV, onshore wind, and offshore wind
in a single pay-as-bid auction, with winning projects awarded a CfD strike price equal to their
submitted bid. Price bids are drawn from a discrete action space ranging from 0 to the auction
price cap £¢/P [€/MWHh], following a multi-discrete distribution over a fixed number of price steps.
Quantity bids are expressed as the average yearly energy production of the proposed plant
[MWh], computed as the product of the installed capacity and the average yearly availability
factor of the corresponding technology. The investment capacity itself is selected from a set of
discrete investment steps K = {K*', K2, ..., KM} [MW], where the steps are designed to provide
finer granularity at lower capacity levels.

All accepted projects, including the marginal bid in the auction, are subsequently added to
the investment pipeline and built following the construction time of the corresponding technology.
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1.3 Short-term flexibility market

The model incorporates a mechanism to support the integration of short-term storage. As before,
this section explains the financial contract first, and later details the balancing mechanism used
by the policymaker to provide the investment signal.

1.3.1 Financial support for flexibility:

Generators awarded a flexibility contract receive a fixed periodic capacity payment for their in-
stalled energy capacity. This payment is independent of the actual dispatch outcome and is
settled at each representative period. The capacity payment received by agent n for storage
technology s is given by:

OIL = kL. BFL .y Wne NTE s (18)
where xI'L is the awarded capacity payment for agent n and storage technology s [€/MWh of

installed énergy capacity], EX” is the contracted energy capacity [MWh], and w is the number of
hours in the representative period.

In exchange for this guaranteed revenue stream, generators are awarded flexibility contracts
in which they forgo the flexibility remuneration arising from the economic dispatch. Specifically,
while all storage assets contribute to the flexibility constraint described in the dispatch formula-
tion, resources holding a flexibility contract do not receive the flexibility price u; [€/MWHh] for their
flexibility contribution. The foregone flexibility revenue for agent n and storage technology s at

time tis:

) EFL
FL __ charge discharge n,s FL
Wi =Mt Qs (Gst + st ) Ttotal Vne N"™", st (19)
n,s

where y; is the flexibility price at time ¢ [€/MWh], a; is the flexibility coefficient of storage tech-
nology s, q,i’f;fige and qifjfth“ge are the dispatched charge and discharge quantities of storage s at
time ¢ [MW], and Eig/Efgg“l is the share of agent’s storage capacity under the flexibility contract

relative to its total installed storage capacity.

1.3.2 Flexibility investment signal:

Similar to the CfD mechanism, the flexibility auction is administered by the planner agent, which
periodically assesses the adequacy of short-term storage capacity relative to system demand
over a planning horizon. Specifically, the policymaker evaluates the current ratio of installed
short-term storage energy capacity against projected average yearly demand, and intervenes
when this ratio falls short of a target level. A single pay-as-bid auction is held for short-term
storage technologies, in which generators submit price and quantity bids, and winning projects
are awarded a capacity payment contract at their bid price. Accepted projects are subsequently
added to the investment pipeline and built following their respective construction times.

At each decision step, the planner evaluates the current storage adequacy ratio by comparing
the projected short-term storage energy capacity against the projected average yearly demand
over a planning horizon H:

Ot+H = = (20)
t+H

where EffH is the projected short-term storage energy capacity at the planning horizon [MWh],

accounting for existing installed capacity, all projects currently under construction, and expected

capacity aging, and D, is the projected average yearly electricity demand at the planning

horizon [MWh].
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The planner then decides whether the current projected ratio ;.5 should be maintained or
increased, by selecting an incremental target:

Ufarget _ 5—t+H + (StFL (21)

where 6/'L > 0 is the incremental storage adequacy target selected by the planner at decision
step t, drawn from a discrete action space. When 6/ = 0, no auction is triggered and the current
storage deployment trajectory is deemed sufficient. When 6/'% > 0, the resulting storage balance
gap:

AFE = (60p +0F") - Doy — EST, W (22)
is strictly positive, triggering a flexibility auction for a contracted volume equal to AL,

GENCO agents submit price and quantity bids for short-term storage technologies in a single
pay-as-bid auction, with winning projects awarded a capacity payment at their submitted bid
price [€/MWh of installed energy capacity]. Price bids are drawn from a discrete action space
ranging from 0 to the auction price cap <" [€/MWh], following a multi-discrete distribution over
a fixed number of price steps. Quantity bids are expressed in terms of the energy capacity of
the proposed storage plant [MWh]. The investment capacity is selected from the same set of
discrete investment steps K as in the CfD auction, providing finer granularity at lower capacity
levels.

All accepted projects, including the marginal bid in the auction, are subsequently added to
the investment pipeline and built following the construction time of the corresponding technology.

1.4 Capacity Remuneration Mechanism

For the capacity remuneration mechanism, a reliability option is implemented. This is explained
first, while the balancing mechanism, based on the Expected Unserved Energy, is detailed later.

1.4.1 Reliability option:

In economic dispatch, the capacity market serves as a reliability option. Generators awarded
a capacity contract receive a continuous capacity payment for their installed capacity, but are
required to return to the system any spot market revenues exceeding a pre-defined strike price
ACM [€/MWh]. The net capacity market settlement for agent n and technology j at time ¢ is:

(I)CM

C’M C’M
n,g,t K

Ky -w — max(\, — A“M 0) - KCM Vn e N°M j ¢ (23)
where K;C]]” is the awarded capacity payment [€/MW], K CM is the contracted capacity of agent n
for technology j [MW], w is the number of hours in the representatlve period, )\, is the spot market
price at time ¢ [€/MWh], and A\“" is the strike price of the reliability option [€/MWh]. When the
spot price exceeds the strike, the generator returns the excess revenues to the system.

Currently, the strike price is fixed at a value much lower than the system’s Value of Lost load
(at 300 [€/MWh], compared with 4000 [€/MWAh]), ensuring demands receive benefits during
scarcity events and guaranteeing generators cover their variable production costs.

1.4.2 Capacity Remuneration Mechanism investment signal:

The capacity market auction is administered by the planner agent, which periodically assesses
whether the current generation and storage portfolio is sufficient to meet a target reliability stan-
dard, expressed as a maximum allowable Expected Unserved Energy (EUE). The adequacy
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assessment is carried out across the full set of representative periods used to describe the oper-
ating year, including the maximum-demand representative period. Each representative condition
s spans the six bi-monthly seasons at hourly resolution and is assigned a probability p, reflecting
its frequency in the sampling distribution, with the extreme maximum-demand condition carrying
a small probability (here 1.7%). The system EUE is then evaluated as the probability-weighted
expectation of the per-condition EUE.

For a given representative condition s, the EUE is computed by solving a reliability Linea
Program that minimizes weighted unserved energy across all representative hours, subject to
generation limits, storage dynamics (short- and long-term), and supply—demand balance:

EUE, = ) wr - u,, (24)

where u, , is the unserved energy at hour 7 of condition s [MWh] and w. is the weight of hour 7,
which scales a representative day to the duration of its bi-monthly season (uniform across hours
and seasons). The system-level EUE used by the planner at decision step ¢ is the expectation
over representative conditions:

EUE, = E,[EUE.] = ) _p,EUE.. (25)

The reliability target is defined as a fraction of the expected total energy demand:

EUE™"9° — ¢ . T, (D] | Dt = ZWT dy.r, (26)

where ¢ is the maximum allowable EUE fraction and D! is the total (weighted) energy demand
of condition s [MWh].

An auction is triggered when the expected system EUE exceeds the target. The volume
to be contracted is obtained by converting the EUE gap [MWh] into firm capacity [MW] using
the marginal EUE reduction delivered by perfect firm capacity. Defining the expected marginal
reduction per MW of perfect capacity and the contract volume as:

p= 5 EL[EUEL(K) — EUEL(K + AK - 27/)] (27)
. target
ACM — max<o, EUE, —EUE ) . (28)
P

As such, A [MW] represents the additional firm capacity equivalent needed to restore the
system to the reliability standard, and an auction is called only when ASM > (.

To participate in the auction, the contribution of different resources to system adequacy (de-
ratings) is required. For this, the Capacity Remuneration Mechanism computes the marginal
ELCC of technology j, which measures the fraction of perfect firm capacity that an additional
unit of that technology can displace while maintaining the same EUE level. Consistent with
the multi-condition assessment, the ELCC is formed as the ratio of probability-weighted EUE
reductions, aggregating numerator and denominator across conditions before dividing:

E,[EUE;(K) — EUE,(K + AK - ¢;)]

by = E,[EUE,(K) — EUE,(K + AK - ererfect)] v, (29)

where K is the vector of installed capacities, e; is a unit vector in the direction of technology j,
and ePerfeet is the unit vector corresponding to the ideal generator. Aggregating the expectations
separately ensures that high-stress conditions (typically the maximum-demand day) dominate
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both numerator and denominator, so that a technology’s reliability contribution is not diluted by
mild conditions in which no unserved energy occurs.

When the adequacy check finds the system already compliant (i.e. A = 0 and no auction is
triggered), the model instead reports each technology’s average availability factor as its capacity
credit. These values are provided only for completeness, since no auction takes place and the
credits play no allocative role in that step.

Once an auction is called, the GENCO agents submit price and quantity bids in a pay-as-
bid auction, where quantity bids are weighted by the ELCC of the corresponding technology,
so that the auctioned volume is expressed in firm capacity equivalents. Accepted projects are
subsequently added to the investment pipeline and built following their respective construction
times.

1.4.3 Treatment of existing assets:

The adequacy assessment and the auction clearing described above account for the full oper-
ating portfolio: all existing assets not scheduled for decommissioning are included in evaluating
the system EUE and in computing the technology deratings ;. In this sense, the firm capacity
already provided by the incumbent fleet is fully credited toward the reliability standard, and the
contract volume AM reflects only the residual adequacy gap that the incumbent portfolio cannot
cover.

Existing assets, however, are remunerated under a distinct rule rather than bidding actively
in the auction. In any step where an adequacy gap is identified (i.e. A > (), each non-
decommissioned existing asset receives a capacity premium equal to half of the average pre-
mium awarded to new entrants across all technologies:

vnaja ta (30)

n7j

1 zCM,new ; CM
C M, exist _ 2 k if At > 07
0 otherwise,

where k“M:nev jg the average premium cleared in the auction for new capacity across all
accepted technologies. When no adequacy gap is identified and no auction is triggered, existing
assets receive no capacity premium. As with new entrants, existing assets remain subject to the
reliability-option settlement of Equation (1), returning to the system any spot revenues above the
strike price A\,

This treatment reflects the modelling assumption that incumbent capacity contributes to ad-
equacy and is partially remunerated for doing so during scarcity, while the marginal investment
signal is reserved for new entrants. In future work, we plan to relax this assumption by allowing
existing assets to bid actively in the capacity auction.
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2 The Long-term Electricity Market Environment

The Long-term Electricity Market is implemented following the Gymnasium standard™®, and more
specifically the multi-agent environment interface developed by the RLlib team®2. This supple-
mentary material describes that implementation.

2.1 Environment Structure

In the Gymnasium standard, reinforcement learning environments advance in discrete steps that
simulate transitions in the underlying Markov Decision Process. At each step, agents observe
the system state, take actions, and receive the corresponding reward. In the market model,
these environment steps map directly onto Equivalent Short-Term Market sessions and their
associated Representative Periods.

During each step, the GENCOs’ portfolios participate in the Equivalent Short-Term Market,
producing the outcomes that form the basis for the environment’s observations and rewards.
Aside from operating mid-term storage, however, agents do not make decisions that affect the
short-term market: generation assets bid their availability and marginal costs to the day-ahead
market (strategic bidding is not enabled), and the intra-day charge and discharge cycles of the
storage systems are scheduled for efficient system operation. Investment decisions, by contrast,
are enabled yearly, allowing agents to expand their portfolios. These investments occur every
two environment steps and in sequence across the year, as shown in the lower panel of Figure
[1] so that yearly investment in any market is possible whenever system conditions require it.

2.2 GENCO
2.2.1 Reward

GENCOs are assumed to maximize the net present value of the cash flows obtained from the
electricity market, aggregating revenues and costs across all assets and markets in their portfolio
over the simulation. To remain consistent with real company operations, the reward is delivered
to agents step by step, as in Equation (31). It is split into two parts: the profits (Pu, Poum, Pem)
earned across the system’s markets, and the investment costs (/Cw, ICcn, [Cemp) Of new port-
folio additions, disaggregated by the same markets. To keep the financial modeling transparent,
cash-flow discounting is performed within the environment, with the discount rate treated as an
exogenous parameter.

Rf — <\PM+PCM+PCfDI — \(]CM—I-]CCM‘F]CCfD)) (1+7’g)_t (31)

market profits investment costs

2.2.2 Action Space

GENCO actions comprise: (i) discrete merchant investments; (ii) quantity and price bids in the
capacity market; (iii) quantity and price bids in the Contract-for-Difference market; and (iv) oper-
ating decisions for the mid-term storage assets.

2.2.3 Observation Space

The set of observations available to GENCOs follows three principles. First, the selected vari-
ables should reflect real market conditions, in which agents access publicly shared system in-
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formation while firm-specific details remain private and inaccessible to competitors. Second, no
internal price-forecasting tools are included, preserving the agents’ full autonomy in decision-
making. Third, any information available in the market is also provided to the agents.

Accordingly, the GENCO observation set includes indicative time series for demand and
variable-resource availability, the energy mix implied by the assets in operation, individual and
system-wide reservoir levels, market information (such as prices and balances from the Capac-
ity and CfD markets), the aggregated reward per technology in those markets, policy-relevant
information, and the time index of the environment step. Because it relies on aggregated sys-
tem information, the observation framework does not depend on the number of agents, which is
constant within each simulation.

2.3 Policymaker
2.3.1 Reward

The policymaker’s reward is a function of three components, as shown in Equation (32). First,
total electricity system costs EC, cover the energy dispatched in the short-term sessions plus
any settlements from the financial mechanisms tied to the investment channels. Second, the
emissions cost Cco, values the system emissions Eco,: at a time-dependent Social Cost of
Carbon SCC}, so that Cco,: = SCC, Eco,:. We set the trajectory SCC; to coincide with the
carbon price path applied in each scenario, so that the policymaker internalizes emissions at
the same per-tonne value that GENCOs face through carbon pricing. This avoids a mismatch
between the cost imposed on emitters and the cost perceived by the policymaker. Third, the term
Tax; collects the revenues from carbon pricing and corporate taxes. As for GENCOs, discounting
is performed within the environment, using a discount rate r, specific to the policymaker.

R’ = (= EC; — SCC, Ecoy, + Taxzy) (1471,)7" (32)

2.3.2 Action Space

The policymaker takes key decisions in the markets where GENCOs interact: in the CfD and
flexibility markets, it sets the RES and storage penetration targets. As with the GENCOs, the
policymaker’s actions are modeled through discrete variables, and their activation is governed
by Action Masking.

2.3.3 Observation Space

The policymaker observation set follows the same logic as GENCO’s, receiving indicative time
series for demand and variable-resource availability, the energy mix implied by the assets in
operation, individual and system-wide reservoir levels, and market information (such as prices
and balances from the Capacity and CfD markets). Instead of economic profit, however, the
reward observations disaggregate the terms shown in Equation (32).

2.4 |Initial and Absorbing States

Two boundary effects require special treatment. At the start, the environment cannot represent
a pre-existing construction pipeline; this is approximated by holding demand and the generation
mix stable for the first few years, allowing agents to build their own pipeline of projects under
construction.
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At the end, initial tests showed that agents avoid investing in assets that would not be com-
pensated for the remaining operational lifetime beyond the horizon. To correct this, the absorbing
state introduces a terminal payment P,psming (EQuation : the present value of an average in-
come I,... Over each asset’s remaining lifetime ¢..,,. The average income is approximated by
the system-wide mean profit and computed separately for each technology and market to reflect
portfolio heterogeneity.

1—(147) brem
T
Two further safeguards smooth the simulation’s end: agents cannot start investments that
would not become operational before termination, and demand and the generation mix are again
held stable to avoid artificial scarcity or oversupply. These boundary adjustments improve sta-
bility at the cost of additional simulation and training steps. Overall, for the current setup that
analyzes the 2025-2040 horizon, we simulate 30 years of operation.

(33)

Pabsorbing = ]mean
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3 Multi-Agent Reinforcement Learning Algorithms

This supplementary material extends the discussion of the two multi-agent reinforcement learn-
ing algorithms explored in this work: Independent Learning and Proximal Policy Optimization
(IPPO), and Multi-Agent Proximal Policy Optimization (MAPPO)

Starting from the single-agent baseline, Proximal Policy Algorithm (PPQO) is an Actor-Critic
On-Policy algorithm introduced by Schulman et al.®®. Similar to other Actor-Critic On-Policy al-
gorithms, agents in PPO aim to maximize a cumulative reward function over a Markov Decision
Process (MDP). Assuming partial observability, trajectories in an MDP are a succession of ob-
servations, actions, and rewards, 7 = (0, ao, ro, - - - 0¢, ¢, Tt, - - ., o1, ap, 1), Where the subscript ¢
represents time steps, and [0, 7] denote the initial and terminal steps in the system*.

To achieve this objective, PPO trains a stochastic policy via two neural networks. On the
one hand, the Critic, denoted by V,,(o;) and trainable parameters w, is in charge of providing
a baseline for the Reward estimation. On the other hand, the Actor, defined as T adlor) and
parameters 6, selects reward-maximizing actions based on the current observed state. Training
follows a three-part Loss: a conservative update to the Actor’s policy when selecting actions via
the PPO Clipping, an Entropy term that incentivizes exploration, and a squared loss related to
the Reward regression problem in the Critic©>°,

Following the extension of PPO towards multi-agent cooperative and competitive tasks in-
troduced in Yu et al.®2, IPPO replicates the training process to every agent in the Partially
Observable Stochastic Game (POSG). In particular, the POSG considers a set of N agents,
I ={1,...,i,..., N}, each with its set of actions a,; and receiving a subset of observations
o;+ from the joint environment. For each agent, IPPO trains independent Actor and Critic net-
works, ;. (a;|0;¢) and Vi, (0i+), for agent i®~. Following Gonzalez-Ruiz et al.??, training these
networks uses expressions [34}{38], where:

Li(0;,w;) = LEP(6;) 4+ h; LS (0,) — v; LYF (w;) (34)

ISP (0)) = E;, [min <pi7t(9i)A;7t, clip (pe(6),1 — €1, 1+ ¢;) A},t)] (35)
A = VI = Vi, a(0i1) (36)

LY (wr) = By [ (Vi (010) = Vi)’ (37)

VIt = ry 4 it + W rie o 0 Tittno1 + 1 Vi o (0i4n) (38)

« The terms LCYP(4,) and L™ (6;) guide the updates in the Actor network m, . (ai|0:.),
while LYF(w;) drive updates in the Critic network V; ., (0;,);

» 0; and w; are the parameters of the Actor and Critic networks. Furthemore, parameters
from the previous algorithm iteration are referred to as 6; ,,; and w; 4;

- The main objective function of PPO, LSHP(6;), uses an Advantage estimation to shift the
Actor Policy toward actions that maximize the expected reward while controlling for the
maximum size in the updates using the combination of the clip and min functions;

* ¢, is a hyperparameter that, in conjunction with the clipping function, limits the ratio between
new and old policies to remain in the range [1 — €;, 1 + ¢,];
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« LE"PY(9,) is an entropy term that procures the exploration of new strategies by inducing

(2

randomness in action selection in the Actor network;

* p;.+(0;) is defined as the variation in actor policies between the algorithm updates, measured

mo; (aitloie) |

by the fraction T ndlons)

+ A;, corresponds to the Advantage function, estimated via the difference between an esti-
mate of the Action-state function, V;;"*, denoted as target state value, and the previous

version of the Value-state function V,,, ,,(0:);

- LYF(w;) drives the updates in the Critic network via minimizing the squared error between
the predicted State-value function V;,, (0;;), and the estimated target state value V;;"*';

« V" is used as a proxy of the Action-state value function, and is calculated using the
accumulated rewards in a given trajectory with length (¢ 4+ n); and

* h; and v; are coefficients that balance exploration, via the entropy term, and the weight of
the value function loss with respect to the total loss.

The training cycle starts with initializing the Actor and Critic networks. Using the current ver-
sion of the Actor Policy, trajectories are collected from the environment until a given batch is filled.
Using these trajectories, the networks are updated by applying the previous loss functions and
multiple epochs of Stochastic Gradient Descent. This process is repeated until convergence, or
until the training budget is reached. Once agents are trained, the actions are sampled exclusively
from the Critic, using the individual agent observations to feed the neural network.

In contrast to IPPO, where each agent learns independently from its local observations,
MAPPQO adopts the centralized-training-decentralized-execution (CTDE) paradigm introduced
by Yu et al.®2, inspired by similar architectures used in other multi-agent algorithms”®. Over
the same POSG with N agents, I = {1,...,4,..., N}, each agent retains an independent Actor
network ; ¢, (a;:|0; ;) conditioned on its local observation o, ;, preserving decentralized execution.
The value estimation is performed by a single Critic whose parameters w are shared across all
agents, while a dedicated value head with parameters ¢; produces the estimate for each agent
i. The Critic is evaluated on a centralized state s; that aggregates all agents’ observations.
To accommodate the heterogeneous reward scales across agents, the per-agent value targets
are normalized using running per-agent statistics, as proposed by Yu et al.®2. Training these
networks uses expressions [39}{44], where:

L(6:, w, i) = LS (6:) + b L™ (6:) — v, L (w, ¢3) (39)

LEUP(07) = By [min (pi(6:) Ai, Clip (pig(60:),1 = €6, 1+ ) Ao )| (40)

Aie = V™" = Viwgaabiua(50) (41)

Vi, (5t) = i + 05 Vi, (1) (42)

LYF(w, i) = By (‘Z,w,wi(st) - wy (43)

VI = v+ yirigs + i o W Titin—t 9 Viwoastoa (St4n) (44)
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« The terms LCYP(¢,) and L™ (6;) guide the updates in the Actor network ; g, (i |0;.),
while LYF(w, ;) drives updates in the shared Critic body and the value head of agent i;

* 0; are the parameters of the Actor network of agent i; w denotes the parameters of the
Critic body shared across all agents, and ¢; the parameters of the value head dedicated to
agent i. Parameters from the previous algorithm iteration are referred to as 6, 4, wo4, and

Vi olds

* s; is the centralized state, common to all agents;

* Vi, (S¢) is the raw output of the value head of agent i, expressed in the normalized value
space, whereas V; ,, 4. (s:) is the corresponding denormalized estimate recovered through
expression [42]; ; and o; are the running mean and standard deviation of the value targets
of agent 4, as implemented in Yu et al.®2;

* ¢, is a hyperparameter that, in conjunction with the clipping function, limits the ratio between
new and old policies to remain in the range [1 — €;, 1 + €;];

« LE"P(9,) is an entropy term that procures the exploration of new strategies by inducing
randomness in action selection in the Actor network;

* p;.(6;) is defined as the variation in actor policies between the algorithm updates, measured
by the fraction %
i,0ld \@i,t15t

+ A, corresponds to the Advantage function, estimated via the difference between the tar-
get state value V;ff’"gd and the previous version of the denormalized value of agent 4,

‘/iywoldez‘,old (St);

* LYF(w,1;) drives the updates in the shared Critic via minimizing, in the normalized value
space, the squared error between the raw value-head output V; ,, . (s;) and the normalized
target (V79" — ;) /0;; and

* h; and v; are coefficients that balance exploration, via the entropy term, and the weight of
the value function loss with respect to the total loss.

The training cycle is carried out similarly to the IPPO case, with the difference that the Critic
updates are computed using centralized information collected from all agents’ local observation
sets. Likewise, agents’ actions are sampled for each Actor network using only the local obser-
vation set available to each agent.

Given the previous algorithms, it is worth discussing the advantages and disadvantages of
each, referring the reader to Albrecht et al.®” for an in-depth discussion of the different multi-
agent archetypes. Starting with IPPQ, it is the simpler implementation, requiring only straightfor-
ward changes to the PPO algorithm and fewer tunable parameters to control for the multi-agent
setting. In competitive environments, IPPO avoids information sharing between agents, which is
more consistent with markets where no information is actually shared between competitors. It
also allows individual agents to develop their own strategies while remaining less dependent on
shared parameters. Finally, for practical purposes, when agent observations are relatively large,
IPPO scales more favorably: because each agent owns a separate critic that conditions only on
its own observation, adding agents leaves the per-agent network size unchanged and increases
total memory only linearly, with no single network growing with the agent count, given that train-
ing at the GPU level is done in parallel on a per-agent basis. However, IPPO offers no guarantees
against credit-assignment issues, which increases the difficulty for each agent’s learning. Par-
ticularly, the algorithm cannot distinguish between reward variations caused by changes in other
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agents’ strategies and those caused by its own actions. As a result, each Actor faces a non-
stationary environment that violates the main assumptions underlying Reinforcement Learning,
thereby preventing convergence to a local optimum.

In contrast, the CTDE paradigm enables MAPPO to reduce the non-stationarity faced by each
Actor, since value estimation is grounded on the global state, while still allowing each head to
specialize in the value function of its agent”. This implementation also reduces the number of
trainable parameters, given the single critic shared across all agents in the system. Yet this al-
gorithmic advantage comes with several drawbacks. First, it requires information and parameter
sharing across agents, a particularly notable weakness in competitive environments where no
information should be shared between competitors, as is the case in electricity markets. Sec-
ond, from an implementation standpoint, the memory requirements of centralized critics grow
substantially with the number of agents, constraining the implementation and the selection of
conservative hyperparameters, which have proven crucial for multi-agent environments=2. Fi-
nally, from an empirical perspective, the centralized critic in MAPPO has shown no substantial
performance advantage over independent learning algorithms in several benchmarks®.

Considering these advantages and disadvantages, together with the work of Gonzalez-Ruiz
et al.?”, we select IPPO for the main simulations of this work, using conservative hyperparame-
ters to partially mitigate the non-stationarity, while comparing the outcomes of both algorithms in
the supplementary material. League-based training configurations, such as those implemented
in Vinyals et al.®!, mitigate issues with independent learning, but we consider their computational
cost beyond the scope of our current academic analysis.

Both algorithms use the RLlib framework®®. For IPPO, we use the implementation provided
directly by the library, whereas for MAPPO we follow a public submission to the repository at
https://github.com/MatthewCWeston'”” and adapt it to our framework. The public repository, to
be shared after acceptance of this manuscript, will include both implementations and runnable
scripts.
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4 Scenarios

This section describes complementary information for the scenarios presented in the main work,
starting with the configuration of the GENCOs and the policymaker. The two agent types discount
future cash flows at different rates, reflecting their distinct opportunity costs of capital: GENCOs
apply an annual rate of r, = 8%, consistent with private investors’ return requirements, while
the policymaker uses a lower social discount rate of r, = 5%. The sixteen GENCOs are further
divided into incumbents and entrants. Incumbent GENCOs are allocated the installed capacity
reported in Table 6] yielding a Herfindahl Hirschman Index (HHI) of 1,388. We acknowledge that
this value exceeds current concentration levels in the ltalian generation market, where leading
producers hold shares well below those implied by this index”®, but it provides a deliberate
representation of a concentrated market.

Installed capacity 2025

[MW]
Solar 40,294 ESS 3-hours 6,500
Onshore wind 13,325 ESS 8-hours 0
Offshore Wind 0 Coal 5,326
Hydro reservoir 11,766 OCGT 8,500
Run-of-the river 9,571  CCGT 45,000
Others 8,500

Table 5: Installed capacity in 2025 for all scenarios. Based on Terna“®.

Regarding generation technologies, the model includes a selection of key assets for the en-
ergy transition, with detailed characteristics reported in Table 6] Although this set is smaller than
those in established planning models, it captures the sector’s main trends. In addition, it could
be extended to include long-duration storage options as part of future work.

Natural gas prices are subject to occasional but persistent crisis episodes that a deterministic
baseline trajectory does not capture. To represent these, we superimpose a stochastic shock
process on the baseline gas price through a three-state Markov regime-switching model oper-
ating at the bimonthly resolution of the environment. At each step the chain occupies one of
three states (Normal, Shock, or Recovery) and returns a multiplier m, that scales the baseline
gas-indexed variable cost. In the Normal state, the multiplier is unity, and a shock arrives with
per-bimester probability A = 0.017. Once the time spent in elevated states is accounted for, this
corresponds to roughly one crisis every 12 years. When a shock arrives, the chain jumps to the
Shock state and the multiplier is set to a peak level m?*** drawn from a log-normal distribution,
mPe* ~ LogNormal(In 2, 0.25) clipped to [1.3, 3.5], so that the median peak doubles the long-term
price while retaining a realistic dispersion.

The system then remains in the Shock state with per-bimester persistence py,, = 11/12,
implying an expected crisis duration of 1/(1 — py,,) = 12 bimesters (about two years). On
exiting, the chain passes through a single Recovery bimester, in which the multiplier is set to
the midpoint between the peak and unity, before returning to Normal. The module can also
be deactivated over horizons where gas prices are pinned to an exogenous source (e.g. the
observed forward curve during the simulation warm-up): while inactive it returns a unit multiplier
and holds the chain in Normal, preventing latent transitions from surfacing when activation is
later restored.

The baseline gas price for 2025-2030 is taken from the PyPSA forward curve, which already
reflects the currently elevated price levels. Thus, the stochastic shock module is therefore ac-
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Feature Solar Onshore Offshore Coal Open Cycle Combined Cycle ESS ESS

Technology PV Wind Wind Gas Turbine Gas Turbine 3-hours 8-hours
CAPEX

2025-2040 594-385 1438-1296 2371-2179 4812-4812 593-557 1142-1078 1037-445 2287-1010
[MW]
OPEX - Fixed
[% CAPEX 2.2 1.7 2.3 1.31 1.77 3.3 0.25 0.25
MW - year]
OPEX - Variable
[$/MWh] 1 1.5 15 N/A N/A N/A N/A N/A
Emission factor
[CO2/MWh] 0 0 0 0.944 0.347 0.489 N/A N/A
Construction
time 2 3 4 3 3 2 2 2
[# - years]
Investment
steps [0,50,125,375,1125,3375]
[MW]
Operational
Lifetime 35 28 30 40 25 25 20 20
[# - years]
Expected

availability 90 10 90 20 90 20 90 90
[%]

Table 6: Characteristics and relevant parameters for Generation and Storage technologies.
Based on Agency”®, Gumber et al.?

tivated only from 2030 onward, once the forward curve reverts to long-term levels, so that the 11ss
present crisis is not double-counted.

1185
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Figure 8: Stochastic natural gas price shocks and their effect on thermal generation costs.
One representative realization of the gas-price shock process over the simulation horizon, show-
ing the resulting variable generation costs of coal, CCGT, and OCGT plants.
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5 Experiments

Across experiments, we employ the hyperparameter configuration detailed in Table[7] The selec-
tion follows findings from previous multi-agent PPO implementations®°2/6 which adopt a con-
servative approach that trades learning throughput for training stability, reflected here in large
batch sizes, the small clipping parameter, and the low learning rate. We note that the discount
factor is setto v = 1, as discounting is handled within the environment using agent-specific rates,
avoiding double discounting. We apply a uniform hyperparameter configuration to all agents
in the system. Future research could explore more extensive hyperparameter optimization for
this market environment, including the potential benefits of differentiated settings across distinct
agent categories.

Hyperparameter Value Hyperparameter Value
Batch Size 10800 Parallel Sampling Workers 60
Mini-batch size 1800 Environment per workers 1
Stochastic gradient ascent iterations 10 Discount Factor - 1
Clipping parameter 0.1 Discount factor in Generalized Advantage Estimation - A 0.995
Entropy Coefficient 0.0 kI coefficient 0.2
Learning Rate 5.00E-05 Kkl target 0.05

Table 7: List of hyperparameters. Notation is kept consistent with the definitions in the RLIib
Library.

Table 8| reports the network configurations used across experiments. In IPPO, both the actor
and the critic are simple MLPs, instantiated independently for each agent. In MAPPO, the actor
is analogous to that of IPPO, but the critic uses a more elaborate architecture to handle the
larger volume of information arising from the centralized observation set. An agent encoder
first reduces the dimensionality of each agent’s observations, a central mixer then combines the
aggregated information, and finally, it feeds it to per-agent value-function heads. This design,
together with the value normalization proposed by Yu et al.®2, allows the network to learn value
representations per agent and prevents any single agent from dominating the learned value
function.

IPPO Actor/Critic  Value MAPPO Critic Value
Enconder [512,512] Agent Encoder [256,32,8]
Action head [64] Central Mixer [256,256]
Value-function head [64] Value-function head [64]

Activation layers RELU Activation layers RELU

Table 8: Network architectures for IPPO and MAPPO experiments.

Last, the implementation uses Python 3.9.18, Ray 2.51.2, PyTorch 2.6.0, and CUDA 12.6.
For training, we use a single computing node from a supercomputing system, each consisting
of dual Intel Xeon Max 9480 processors with 56 cores (61 allocated for training), 1 TB of RAM
(150 GB allocated for training), and 8 Nvidia H100 GPUs (17 GPU from the H100 cluster used for
training). We cap each training session at 24 hours, a budget consistent with both the shared
use of the supercomputing system and the convergence to an equilibrium consistently observed
during training. Sampling is performed using a single computing core and 8 GB of RAM, yielding
a single environment trajectory in approximately one minute.
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6 Independent versus Multi-Agent Proximal Policy Optimiza-
tion

This section serves a double purpose. First, it provides a general robustness analysis of the
methods, showing that the main conclusions of this work are reliably recovered from the solution
approach. Second, it compares IPPO and MAPPO as MARL algorithms in the current setup.
To this end, we train the [H] scenario for both the [ND] and [D] policy cases, using three seeds
each. The training framework is replicated under comparable setups for IPPO and MAPPO,
maintaining the same computational budget as in the main experiments.

Figures [9] and [10] present the training curves across these experiments. Three results are
worth highlighting. First, across seeds, the training profiles are highly aligned, with relatively
small differences in rewards between agents. Second, the training profiles of IPPO and MAPPO
follow similar trends. Finally, these previous trends hold for the [ND] and [D] scenarios. In short,
although relative variations are observed, the training profiles remain consistent across methods
and scenarios.

Once the training budget is exhausted, aggregate market results are obtained and shown in
Figures [T1]and[12] As with the training profiles, market outcomes are consistent across seeds
and methods. Moreover, the central claims of the main work are preserved: applying the De-
creto Bollette yields a slight cost reduction, substantially increases emissions, and substantially
reduces merchant investment. Some changes in the generation mix do emerge across meth-
ods. For instance, IPPO seeds lead to greater uptake of solar PV entering the market through
CfD auctions, which is replaced by offshore wind in the MAPPO case. Technologies are also
interchanged across seeds: among ESS, some seeds favor 3-hour batteries while others fa-
vor 8-hour ones. These variations are not large enough to affect aggregate system cost and
emissions, which remain largely aligned across the scenario matrix.

This analysis supports the suitability of IPPO, which attains results comparable to MAPPO
without requiring a centralized critic. We note that MAPPO presents scalability issues in our
setup, as the RAM and GPU memory requirements of centralized-critic training do not scale well
with the number of agents, a limitation that IPPO avoids. While this is not a major constraint
for the present work and could be addressed through environmental or algorithmic modifica-
tions, it reinforces IPPO as a simpler and more effective choice for our setup and application.
Most importantly, this section underscores that the results of the main paper are robust across
methodologies and seeds, besides the small variations emerging during training.
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Figure 9: Evolution of mean agent reward by category during training in the [H] and [ND]
scenario using IPPO and MAPPO solution algorithms. Training steps are normalized by the
maximum value reached within the computational budget. Agents are grouped into the policy-
maker, incumbent GENCOs, and entrant GENCOs. The inset highlights agent behavior in the
final stages of training. All axis limits are shared to facilitate visualization.
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Figure 10: Evolution of mean agent reward by category during training in the [H] and
[D] scenario using IPPO and MAPPO solution algorithms. Training steps are normalized
by the maximum value reached within the computational budget. Agents are grouped into the
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the final stages of training. All axis limits are shared to facilitate visualization.
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Figure 11: Total Unitary costs, CO, emissions, Energy not supplied, and Installed capaci-
ties in 2040 in the [H] and [ND] scenario using IPPO and MAPPO solution algorithms. In
each bar, the horizontal markers display the 25th and 75th percentiles, and the vertical markers
display the 5th and 95th percentiles. For both total unitary cost bars and installed capacities,
hatching patterns indicate the contribution of each market mechanism to the final cost: the Con-
tracts for Differences, Capacity Market, and Flexibility components reflect the financial settlement
of their respective mechanisms; Other captures the wholesale remuneration of capacity and flex-
ibility assets, which remain exposed to the short-term price signal; and Existing and Merchant
bars refer to the wholesale market remuneration of old and new assets.
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Figure 12: Total Unitary costs, CO, emissions, Energy not supplied, and Installed capac-
ities in 2040 in the [H] and [D] scenario using IPPO and MAPPO solution algorithms. In
each bar, the horizontal markers display the 25th and 75th percentiles, and the vertical markers
display the 5th and 95th percentiles. For both total unitary cost bars and installed capacities,
hatching patterns indicate the contribution of each market mechanism to the final cost: the Con-
tracts for Differences, Capacity Market, and Flexibility components reflect the financial settlement
of their respective mechanisms; Other captures the wholesale remuneration of capacity and flex-
ibility assets, which remain exposed to the short-term price signal; Existing and Merchant bars
refer to the wholesale market remuneration of old and new assets; and ETS recovery represents
the ETS costs recovered through the tariff.
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7 Additional information and resulis

This section introduces additional information and results, complementing the main document.
To start, Table [9 summarizes the awarded capacity under the three main long-term mechanisms
currently implemented in the ltalian electricity system, highlighting the relevant technologies for
the current analysis.

Year FER - FERX | CRM MACSE
Solar PV Onshore wind Gas Storage Others Batteries

2022 1.30 0.12 2.58 1.13 0.09 0

2023 1.95 0.66 2.67 1.22 0.09 0

2024 2.41 0.75 2.71 1.30 0.10 0

2025 10.39 1.78 2.74 1.86 0.10 1.25

Table 9: Cumulative awarded capacity [GW] in Italy’s main renewable-support and
capacity-adequacy mechanisms for the 2022-2025 horizon. Renewable volumes are nominal
installed capacity awarded under the FER schemes; figures for 2022-2024 correspond to legacy
FER auctions, while the value for 2025 aggregates both the last iteration of the FER scheme and
the first FER X transitional auction (results published December 2025). Capacity Remuneration
Mechanism (CRM) values report new-entrant capacity only, excluding existing capacity. MACSE
reports the power rating of awards from the first auction (held September 2025). Compiled by
the authors from#9=061]

Next, Tables [10] and 11| complement the difference of costs and emissions presented in the
main text, by comparing the obtained distributions from the simulation. The procedure carried
out is the following. For each market configuration and time window, we test whether suppress-
ing the carbon price signal ([D]) shifts total system costs and CO, emissions relative to the
counterfactual ([ND]). Because each scenario is an independent training session with no shared
random seeds, the two samples are treated as unpaired. The unit of analysis is the individual
simulation: each of the ~1,000 Monte Carlo runs per scenario is reduced to a single scalar, the
demand-weighted mean unit cost and the annualized total emissions over the window, yielding
an empirical outcome distribution per scenario.

To assess differences in distributional location, we use the Welch'’s ¢-test and the Mann-
Whitney U test; we report the latter, which makes no distributional assumptions, and confirm
that the two agree throughout. The difference in means is reported in physical units with a
95% percentile bootstrap confidence interval (10* resamples), and as a percentage of the [ND]
baseline. To guard against false positives from testing four markets simultaneously, p-values are
corrected within each metric and window using the Holm step-down procedure.

We lead the interpretation with effect size: Hedges’ g (the standardized mean difference, bias-
corrected for sample size) and Cliff’s § (a rank-based measure of stochastic dominance), classi-
fied into negligible/small/medium/large bands following standard thresholds®2€3, Each compar-
ison is summarized by a verdict that combines the corrected p-value with the effect-size band,
distinguishing differences that are both significant and non-negligible from those that are statis-
tically detectable yet practically negligible.

Lastly, Table presents comparative metrics across scenarios for nominal values, com-
plementing the corresponding graph in the main text, which normalizes them for visualization
purposes.
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Percentage Difference

. Time o . Effect Size .
Scenario Window and _95A: confidence (Hedges’ g) Magnitude Assessment
interval [%)]
Aggregate 106 -3.39 Large Significant
Jareg [-10.86, -10.34] - 9 g

H+ -15.1 S
Short [-15.15, -15.05] -26.47 Large Significant

. -14.96 N
Mid [-15.35, -14.55] -2.99 Large Significant

-1.62 S
Long [-1.99, -1.24] -0.37 Small Significant

-8.8 S
Aggregate [9.22, -8.39] -1.8 Large Significant

H -14.94 S
Short [-14.99, -14.89)] -25.62 Large Significant

. -11.79 N
Mid [12.27, -11.31] -2.04 Large Significant

-1.96 N
Long (2.8, -1.12] -0.2 Small Significant

-10.74 S
Aggregate [-11.22, -10.25] -1.86 Large Significant

H- -15.01 S
Short [-15.06, -14.96] -27.07 Large Significant

: -11.27 S
Mid [-11.82, -10.68] -1.63 Large Significant

-8.31 . S
Long [-9.25, -7.36] -0.74 Medium Significant
Aggregate 11.94 -1.64 Large Significant

ared [-12.54, -11.31] - 9 g

CRM -14.98 S
Short (-15.03, -14.93] -25.57 Large Significant

: -14.37 S
Mid [-15.01, -13.71] -1.8 Large Significant

-7.58 . S
Long [-8.76, -6.38] -0.54 Medium Significant

Table 10: Statistical significance of the difference between [ND] and [D] scenarios on the
total system across time horizons. Each row reports the percentage difference between the
[D] and [ND] scenarios, (D — ND)/ND, with its 95% bootstrap confidence interval, the effect
size (Hedges’ g) with its magnitude band. Given the large number of simulations per scenario,
the effect size and the confidence interval carry the interpretation; the assessment column flags
differences that are statistically significant yet of negligible magnitude.
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Percentage Difference

Scenario W-:-ri‘rggw and _95% confidence (if;zc;teii,z:) Magnitude Assessment
interval [%)]

Aggregate 7. 6%,1: 65] 1.5 Large Significant

He  Short 2. 6%"2;85] 0.47 Small  Significant
Mid [8.02;',698.29] 1.32 Large Significant

Long [13.2115,.5178.01] 0.62 Medium Significant
Aggregate 24, 0%4265 12] 4.66 Large Significant

H Short [6,1?2',7;5.41] 0.96 Large Significant
Mid [25.:(?,.5217.18] 3.95 Large Significant

Long [32;;’,'53191] 2.61 Large Significant
Aggregate [34.285,.%55.61] 6.62 Large Significant

H- Short [5_259',95_57] 0.83 Large Significant
Mid [38.21335?,.350.45] 55 Large Significant

Long [44.315,.?;56.51] 4.06 Large Significant
Aggregate [56.255,.%27.56] 10.67 Large Significant

CRM Short [6.4;.17.77] 0.97 Large Significant
Mid [49. 143,'85%_65] 7.45 Large Significant

Long 98.83 8.39 Large Significant

[97.13, 100.52]

Table 11: Statistical significance of the difference between [ND] and [D] scenarios on CO,
emissions across scenarios and time horizon. Each row reports the percentage difference
between the [D] and [ND] scenarios, (D — ND)/ND, with its 95% bootstrap confidence interval,
the effect size (Hedges’ g) with its magnitude band. Given the large number of simulations per
scenario, the effect size and the confidence interval carry the interpretation; the assessment
column flags differences that are statistically significant yet of negligible magnitude.
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Wholesale Total Cost Gas shock  Profit Profit Merchant Existing Mechanism Energy not

Market Scenario volatility volatility  vulnerability incumbents entrants share share share served ratio
[] [] [%] [$]1 [$] [%] [%] [%] [%]
ND 1.1 0.19 2.8 1.4 0.12 2.4 60 23 0
H+ ub 0.94 0.2 -0.72 1.1 0.17 0.082 55 24 0
D 0.94 0.16 3.2 0.81 0.15 0.03 46 34 0
ND 0.47 0.29 1.6 1.7 0.1 6.7 74 5.3 0
H ub 0.37 0.23 5.5 1.7 0.17 3 71 45 0
D 0.37 0.18 3.4 1.2 0.13 0.056 59 14 0
ND 0.44 0.34 3.7 1.8 0.093 14 74 2.8 0
H- ub 0.35 0.24 8.3 1.8 0.2 9.5 71 2.7 0
D 0.3 0.17 12 1.2 0.084 0.96 66 7.3 0
ND 0.5 0.46 5.3 1.9 0.14 21 75 2.1 0.001
CRM ub 0.27 0.25 5 1.8 0.2 19 74 3 0
D 0.35 0.26 7.8 1.3 0.059 7.7 70 1.5 0.00026

Table 12: Aggregate key metrics across the scenario matrix. Wholesale and total price
volatility are computed as the standard deviation of hourly prices, using normalized yearly val-
ues to discount inter-year variability. Shock vulnerability measures the relative cost between
simulations with and without the natural gas price shock. Profit metrics report the discounted net
present value accruing to each agent category. Market contributions quantify the relative weight
of merchant investments, existing assets, and long-term regulatory mechanisms in the final cost.
Energy not served measures the unmet demand ratio across the simulations.

51



References

1.

10.

11.

12.

Forum, C.M.E.a.N.A. (2026). The 2026 Iran War, What’s Next?. MENAF. URL: https:
//cmenaf . org/wp-content/uploads/2026/03/MENAF_The-2026-Iran-War-Whats-Next-1.
pdf.

Batlle, C., Schittekatte, T., and Knittel, C.R. (2022). Power Price Crisis in the EU: Unveiling
Current Policy Responses and Proposing a Balanced Regulatory Remedy. SSRN Electronic
Journal. URL: https://www.ssrn.com/abstract=4044848. doi: 10.2139/ssrn.4044848.

Batlle, C., Schittekatte, T., and Knittel, C.R. (2022). Power price crisis in the EU 2.0+:
Desperate times call for desperate measures. SSRN Electronic Journal. URL: https:
//www.ssrn.com/abstract=4074014. doi: 10.2139/ssrn.4074014.

Commission, E. (2022). REPowerEU Plan. Brussels. URL: https://eur-lex.europa.eu/
legal-content/EN/TXT/7uri=celex:52022DC0230.

. del Estado (Espana), J. (2022). Real Decreto-ley 10/2022, de 13 de mayo, por el que se

establece con caracter temporal un mecanismo de ajuste de costes de produccion para la
reduccion del precio de la electricidad en el mercado mayorista. . URL: https://www.boe.
es/diario_boe/txt.php?id=BOE-A-2022-7843.

Haro Ruiz, M., Schult, C., and Wunder, C. (2024). The effects of the Iberian exception
mechanism on wholesale electricity prices and consumer inflation: a synthetic-controls ap-
proach. Applied Economics Letters pp. 1-7. URL: https://www.tandfonline.com/doi/
full/10.1080/13504851.2024.2425834. doi: 10.1080/13504851.2024 .2425834.

Fabra, N., Leblanc, C., and Souza, M. (2025). Winners and losers
from the energy crisis: Policy lessons from the |Iberian elec-
tricity market. CEPR. URL: https://cepr.org/voxeu/columns/
winners—and-losers—energy-crisis—policy-lessons—-iberian-electricity-market.

Linares, P, and Gémez San Roman, T. (2023). An assessment of the Iberian Exception
to control electricity prices. ECONOMICS AND POLICY OF ENERGY AND THE ENVI-
RONMENT pp. 5-16. URL: https://www.medra.org/servliet/MRService?lang=itag&hdl=
10.3280/EFE2023-001001. doi: 10.3280/EFE2023-001001

Fabra, N., Leblanc, C., and Souza, M. (2025). Unpacking the Distributional Implications of
the Energy Crisis: Lessons from the Iberian Electricity Market. CEPR Discussion Paper No.
20593. URL: https://cepr.org/publications/dp20593.

ltaliana, R. (). Misure urgenti per la riduzione del costo dell’energia elettrica e del gas
in favore delle famiglie e delle imprese, per la competitivita delle imprese e per la decar-
bonizzazione delle industrie, nonché disposizioni urgenti in materia di risoluzione della
saturazione virtuale delle reti elettriche e di integrazione dei centri di elaborazione dati
nel sistema elettrico. . URL: https://www.gazzettaufficiale.it/eli/id/2026/04/18/
26A01940/sg.

Visconti Parisio, L. (2026). Decreto bollette e prezzi dell’energia: le differenze con El Tope
spagnolo. . URL: https://www.rivistaenergia.it/2026/03/energia-italia-spagna/.

Change, I.P.O.C. (2022). Working Group Il Contribution to the Sixth Assessment Report of
the Intergovernmental Panel on Climate Change.

52

1274

1275

1276

1277

1278

1279

1280

1281

1282

1283

1284

1285

1286

1287

1288

1289

1290

1291

1292

1293

1294

1295

1296

1297

1298

1299

1300

1301

1302

1303

1304

1305

1306

1307

1308

1309

1310

1311

1312

1313

1314


https://cmenaf.org/wp-content/uploads/2026/03/MENAF_The-2026-Iran-War-Whats-Next-1.pdf
https://cmenaf.org/wp-content/uploads/2026/03/MENAF_The-2026-Iran-War-Whats-Next-1.pdf
https://cmenaf.org/wp-content/uploads/2026/03/MENAF_The-2026-Iran-War-Whats-Next-1.pdf
https://cmenaf.org/wp-content/uploads/2026/03/MENAF_The-2026-Iran-War-Whats-Next-1.pdf
https://cmenaf.org/wp-content/uploads/2026/03/MENAF_The-2026-Iran-War-Whats-Next-1.pdf
https://www.ssrn.com/abstract=4044848
http://dx.doi.org/10.2139/ssrn.4044848
https://www.ssrn.com/abstract=4074014
https://www.ssrn.com/abstract=4074014
https://www.ssrn.com/abstract=4074014
http://dx.doi.org/10.2139/ssrn.4074014
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex:52022DC0230
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex:52022DC0230
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex:52022DC0230
https://www.boe.es/diario_boe/txt.php?id=BOE-A-2022-7843
https://www.boe.es/diario_boe/txt.php?id=BOE-A-2022-7843
https://www.boe.es/diario_boe/txt.php?id=BOE-A-2022-7843
https://www.tandfonline.com/doi/full/10.1080/13504851.2024.2425834
https://www.tandfonline.com/doi/full/10.1080/13504851.2024.2425834
https://www.tandfonline.com/doi/full/10.1080/13504851.2024.2425834
http://dx.doi.org/10.1080/13504851.2024.2425834
https://cepr.org/voxeu/columns/winners-and-losers-energy-crisis-policy-lessons-iberian-electricity-market
https://cepr.org/voxeu/columns/winners-and-losers-energy-crisis-policy-lessons-iberian-electricity-market
https://cepr.org/voxeu/columns/winners-and-losers-energy-crisis-policy-lessons-iberian-electricity-market
https://www.medra.org/servlet/MRService?lang=ita&hdl=10.3280/EFE2023-001001
https://www.medra.org/servlet/MRService?lang=ita&hdl=10.3280/EFE2023-001001
https://www.medra.org/servlet/MRService?lang=ita&hdl=10.3280/EFE2023-001001
http://dx.doi.org/10.3280/EFE2023-001001
https://cepr.org/publications/dp20593
https://www.gazzettaufficiale.it/eli/id/2026/04/18/26A01940/sg
https://www.gazzettaufficiale.it/eli/id/2026/04/18/26A01940/sg
https://www.gazzettaufficiale.it/eli/id/2026/04/18/26A01940/sg
https://www.rivistaenergia.it/2026/03/energia-italia-spagna/

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

IEA. World Energy Outlook 2024. Tech. Rep. (2024). URL: https://www.iea.org/reports/
world-energy-outlook-2024.

IRENA (2024). World Energy Transition Outlook 2024. Abu Dhabi. URL: https://
www.irena.org/Publications/2024/Nov/World-Energy-Transitions-Outlook-2024. doi:
978-92-9260-634-3.

Sijm, J., Neuhoff, K., and Chen, Y. (2006). CO, cost pass-through and windfall profits in the
power sector. Climate Policy 6, 49—72. URL: https://www.tandfonline.com/doi/full/
10.1080/14693062.2006.9685588. doi: 110.1080/14693062.2006.9685588.

Fabra, N., and Reguant, M. (2014). Pass-Through of Emissions Costs in Electricity Markets.
American Economic Review 104, 2872-2899. URL: https://pubs.aeaweb.org/doi/10.
1257/aer.104.9.2872. doi: 10.1257/aer.104.9.2872.

Bai, Y., and Okullo, S.J. (2023). Drivers and pass-through of the EU ETS price: Euvi-
dence from the power sector. Energy Economics 723, 106698. URL: https://linkinghub.
elsevier.com/retrieve/pii/S0140988323001962. doi: 10.1016/j.eneco.2023.106698.

Lilliestam, J., Patt, A., and Bersalli, G. (2021). The effect of carbon pricing on technological
change for full energy decarbonization: A review of empirical ex-post evidence. WIREs
Climate Change 712, e681. URL: https://wires.onlinelibrary.wiley.com/doi/10.1002/
wcc.681. doi: [10.1002/wcc.681.

Hirth, L. (2013). The market value of variable renewables. Energy Economics 38, 218—
236. URL: https://linkinghub.elsevier.com/retrieve/pii/S0140988313000285. doi:
10.1016/j.eneco.2013.02.004.

Pena, J.l., Rodriguez, R., and Mayoral, S. (2022). Cannibalization, depredation, and market
remuneration of power plants. Energy Policy 7167, 113086. URL: https://linkinghub.
elsevier.com/retrieve/pii/S0301421522003111. doi: 10.1016/j.enpol.2022.113086.

of Energy, U.D., and Government, U. (2006). Benefits of Demand Response in Elec-
tricity Markets and Recommendations for Achieving Them. A report to the United
Sates Congress Pursuant to Section 1252 of the Energy Policy Act of 2005.
URL: https://www.energy.gov/sites/prod/files/oeprod/DocumentsandMedia/DOE_
Benefits_of_Demand_Response_in_Electricity_Markets_and_Recommendations_for_
Achieving_Them_Report_to_Congress.pdf.

Oren, S.S. (2005). Generation Adequacy via Call Options Obligations: Safe Passage to the
Promised Land. The Electricity Journal 18, 28—42. URL: https://linkinghub.elsevier.
com/retrieve/pii/S1040619005001193. doi: [10.1016/j.tej.2005.10.003.

Cramton, P., Ockenfels, A., and Stoft, S. (2013). Capacity Market Fundamentals. Economics
of Energy & Environmental Policy 2. URL: http://www.iaee.org/en/publications/
eeeparticle.aspx?id=46. doi:|10.5547/2160-5890.2.2.2.

Newbery, D. (2016). Missing money and missing markets: Reliability, capacity auctions and
interconnectors. Energy Policy 94, 401—410. URL: https://linkinghub.elsevier.com/
retrieve/pii/S0301421515301555. doi: 10.1016/j.enpol.2015.10.028.

Zachmann, G., Hirth, L., Heussaff, C., Schlecht, I., Mihlenpfordt, J., Eicke, A., and s (2023).
The Design of the European Electricity Market, Current Proposals and ways ahead. Eu-
ropean Parliament, ITRE committee. URL: https://www.europarl.europa.eu/RegData/
etudes/STUD/2023/740094/IP0OL_STU(2023)740094_EN. pdf.

53

1315

1316

1317

1318

1319

1320

1321

1322

1323

1324

1325

1326

1327

1328

1329

1330

1331

1332

1333

1334

1335

1336

1337

1338

1339

1340

. 1341

1342

1343

1344

1345

1346

1347

1348

1349

1350

1351

1352

1353

1354

1355

1356

1357


https://www.iea.org/reports/world-energy-outlook-2024
https://www.iea.org/reports/world-energy-outlook-2024
https://www.iea.org/reports/world-energy-outlook-2024
https://www.irena.org/Publications/2024/Nov/World-Energy-Transitions-Outlook-2024
https://www.irena.org/Publications/2024/Nov/World-Energy-Transitions-Outlook-2024
https://www.irena.org/Publications/2024/Nov/World-Energy-Transitions-Outlook-2024
http://dx.doi.org/978-92-9260-634-3
https://www.tandfonline.com/doi/full/10.1080/14693062.2006.9685588
https://www.tandfonline.com/doi/full/10.1080/14693062.2006.9685588
https://www.tandfonline.com/doi/full/10.1080/14693062.2006.9685588
http://dx.doi.org/10.1080/14693062.2006.9685588
https://pubs.aeaweb.org/doi/10.1257/aer.104.9.2872
https://pubs.aeaweb.org/doi/10.1257/aer.104.9.2872
https://pubs.aeaweb.org/doi/10.1257/aer.104.9.2872
http://dx.doi.org/10.1257/aer.104.9.2872
https://linkinghub.elsevier.com/retrieve/pii/S0140988323001962
https://linkinghub.elsevier.com/retrieve/pii/S0140988323001962
https://linkinghub.elsevier.com/retrieve/pii/S0140988323001962
http://dx.doi.org/10.1016/j.eneco.2023.106698
https://wires.onlinelibrary.wiley.com/doi/10.1002/wcc.681
https://wires.onlinelibrary.wiley.com/doi/10.1002/wcc.681
https://wires.onlinelibrary.wiley.com/doi/10.1002/wcc.681
http://dx.doi.org/10.1002/wcc.681
https://linkinghub.elsevier.com/retrieve/pii/S0140988313000285
http://dx.doi.org/10.1016/j.eneco.2013.02.004
https://linkinghub.elsevier.com/retrieve/pii/S0301421522003111
https://linkinghub.elsevier.com/retrieve/pii/S0301421522003111
https://linkinghub.elsevier.com/retrieve/pii/S0301421522003111
http://dx.doi.org/10.1016/j.enpol.2022.113086
https://www.energy.gov/sites/prod/files/oeprod/DocumentsandMedia/DOE_Benefits_of_Demand_Response_in_Electricity_Markets_and_Recommendations_for_Achieving_Them_Report_to_Congress.pdf
https://www.energy.gov/sites/prod/files/oeprod/DocumentsandMedia/DOE_Benefits_of_Demand_Response_in_Electricity_Markets_and_Recommendations_for_Achieving_Them_Report_to_Congress.pdf
https://www.energy.gov/sites/prod/files/oeprod/DocumentsandMedia/DOE_Benefits_of_Demand_Response_in_Electricity_Markets_and_Recommendations_for_Achieving_Them_Report_to_Congress.pdf
https://www.energy.gov/sites/prod/files/oeprod/DocumentsandMedia/DOE_Benefits_of_Demand_Response_in_Electricity_Markets_and_Recommendations_for_Achieving_Them_Report_to_Congress.pdf
https://www.energy.gov/sites/prod/files/oeprod/DocumentsandMedia/DOE_Benefits_of_Demand_Response_in_Electricity_Markets_and_Recommendations_for_Achieving_Them_Report_to_Congress.pdf
https://linkinghub.elsevier.com/retrieve/pii/S1040619005001193
https://linkinghub.elsevier.com/retrieve/pii/S1040619005001193
https://linkinghub.elsevier.com/retrieve/pii/S1040619005001193
http://dx.doi.org/10.1016/j.tej.2005.10.003
http://www.iaee.org/en/publications/eeeparticle.aspx?id=46
http://www.iaee.org/en/publications/eeeparticle.aspx?id=46
http://www.iaee.org/en/publications/eeeparticle.aspx?id=46
http://dx.doi.org/10.5547/2160-5890.2.2.2
https://linkinghub.elsevier.com/retrieve/pii/S0301421515301555
https://linkinghub.elsevier.com/retrieve/pii/S0301421515301555
https://linkinghub.elsevier.com/retrieve/pii/S0301421515301555
http://dx.doi.org/10.1016/j.enpol.2015.10.028
https://www.europarl.europa.eu/RegData/etudes/STUD/2023/740094/IPOL_STU(2023)740094_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/STUD/2023/740094/IPOL_STU(2023)740094_EN.pdf
https://www.europarl.europa.eu/RegData/etudes/STUD/2023/740094/IPOL_STU(2023)740094_EN.pdf

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Newbery, D. (2023). Efficient Renewable Electricity Support: Designing an Incentive-
compatible Support Scheme. The Energy Journal 44. URL: https://www.iaee.org/en/
publications/ejarticle.aspx?id=4000. doi: |10.5547/01956574.44 .3 .dnew.

Schlecht, ., Maurer, C., and Hirth, L. (2024). Financial contracts for differences: The prob-
lems with conventional CfDs in electricity markets and how forward contracts can help solve
them. Energy Policy 7186, 113981. URL: https://linkinghub.elsevier.com/retrieve/
pii/S0301421524000016. doi:|10.1016/j.enpol.2024.113981.

Parliament, E. (2024). Improving the design of the EU electricity market - Briefing (EU Leg-
islation in Progress).

Gonzalez-Ruiz, J., Rodriguez-Pardo, C., Savelli, I., Bella, A.D., and Tavoni, M. (2026).
Assessing long-term electricity market design for ambitious decarbonization targets using
multi-agent reinforcement learning. Energy and Al 23, 100665. URL: https://linkinghub.
elsevier.com/retrieve/pii/S2666546825001971. doi: 10.1016/j.egyai.2025.100665.

OpenAl, Berner, C., Brockman, G., Chan, B., Cheung, V., Debiak, P., Dennison, C., Farhi,
D., Fischer, Q., Hashme, S., Hesse, C., Jozefowicz, R., Gray, S., Olsson, C., Pachocki, J.,
Petrov, M., Pinto, H.P.d.O., Raiman, J., Salimans, T., Schlatter, J., Schneider, J., Sidor, S.,
Sutskever, |., Tang, J., Wolski, F., and Zhang, S. (2019). Dota 2 with Large Scale Deep Re-
inforcement Learning. arXiv. URL: http://arxiv.org/abs/1912.06680 arXiv:1912.06680
[cs, stat].

Vinyals, O., Babuschkin, I., Czarnecki, W.M., Mathieu, M., Dudzik, A., Chung, J., Choi, D.H.,
Powell, R., Ewalds, T., Georgiev, P., Oh, J., Horgan, D., Kroiss, M., Danihelka, |., Huang,
A., Sifre, L., Cai, T., Agapiou, J.P., Jaderberg, M., Vezhnevets, A.S., Leblond, R., Pohlen, T.,
Dalibard, V., Budden, D., Sulsky, Y., Molloy, J., Paine, T.L., Gulcehre, C., Wang, Z., Pfaff, T.,
Wu, Y., Ring, R., Yogatama, D., Winsch, D., McKinney, K., Smith, O., Schaul, T., Lillicrap,
T., Kavukcuoglu, K., Hassabis, D., Apps, C., and Silver, D. (2019). Grandmaster level in
StarCraft Il using multi-agent reinforcement learning. Nature 575, 350-354. URL: https:
//www.nature.com/articles/s41586-019-1724-z. doi: [10.1038/s41586-019-1724-z.

Yu, C., Velu, A., Vinitsky, E., Gao, J., Wang, Y., Bayen, A., and Wu, Y. (2022). The Surprising
Effectiveness of PPO in Cooperative, Multi-Agent Games. arXiv. URL: http://arxiv.org/
abs/2103.01955 arXiv:2103.01955 [cs].

Ye, Y., Qiu, D, Li, J., and Strbac, G. (2019). Multi-Period and Multi-Spatial Equilibrium Anal-
ysis in Imperfect Electricity Markets: A Novel Multi-Agent Deep Reinforcement Learning Ap-
proach. IEEE Access 7, 130515-130529. URL: https://ieeexplore.ieee.org/document/
8826539/. doi: 10.1109/ACCESS.2019.2940005.

Ye, Y., Qiu, D., Tindemans, S.H., Sun, M., Papadaskalopoulos, D., and Strbac, G.
(2020). Deep Reinforcement Learning for Strategic Bidding in Electricity Markets. |EEE
Transactions on Smart Grid 71, 1343—-1355. doi: 10.1109/tsg.2019.2936142. MAG ID:
2969843367.

Du, Y, Li, F,, Zandi, H., and Xue, Y. (2021). Approximating Nash Equilibrium in Day-ahead
Electricity Market Bidding with Multi-agent Deep Reinforcement Learning. Journal of Mod-
ern Power Systems and Clean Energy 9, 534-544. URL: https://ieeexplore.ieee.org/
document/9406572. doi: 10.35833/MPCE. 2020.000502.

54

1358

1359

1360

1361

1362

1363

1364

1365

1366

1367

1368

1369

1370

1371

1372

1373

1374

1375

1376

1377

1378

1379

1380

1381

1382

1383

1384

1385

1386

1387

1388

1389

1390

1391

1392

1393

1394

1395

1396

1397

1398

1399


https://www.iaee.org/en/publications/ejarticle.aspx?id=4000
https://www.iaee.org/en/publications/ejarticle.aspx?id=4000
https://www.iaee.org/en/publications/ejarticle.aspx?id=4000
http://dx.doi.org/10.5547/01956574.44.3.dnew
https://linkinghub.elsevier.com/retrieve/pii/S0301421524000016
https://linkinghub.elsevier.com/retrieve/pii/S0301421524000016
https://linkinghub.elsevier.com/retrieve/pii/S0301421524000016
http://dx.doi.org/10.1016/j.enpol.2024.113981
https://linkinghub.elsevier.com/retrieve/pii/S2666546825001971
https://linkinghub.elsevier.com/retrieve/pii/S2666546825001971
https://linkinghub.elsevier.com/retrieve/pii/S2666546825001971
http://dx.doi.org/10.1016/j.egyai.2025.100665
http://arxiv.org/abs/1912.06680
https://www.nature.com/articles/s41586-019-1724-z
https://www.nature.com/articles/s41586-019-1724-z
https://www.nature.com/articles/s41586-019-1724-z
http://dx.doi.org/10.1038/s41586-019-1724-z
http://arxiv.org/abs/2103.01955
http://arxiv.org/abs/2103.01955
http://arxiv.org/abs/2103.01955
https://ieeexplore.ieee.org/document/8826539/
https://ieeexplore.ieee.org/document/8826539/
https://ieeexplore.ieee.org/document/8826539/
http://dx.doi.org/10.1109/ACCESS.2019.2940005
http://dx.doi.org/10.1109/tsg.2019.2936142
https://ieeexplore.ieee.org/document/9406572
https://ieeexplore.ieee.org/document/9406572
https://ieeexplore.ieee.org/document/9406572
http://dx.doi.org/10.35833/MPCE.2020.000502

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Graf, C., Zobernig, V., Schmidt, J., and Kléckl, C. (2023). Computational Perfor-
mance of Deep Reinforcement Learning to Find Nash Equilibria. Computational Eco-
nomics. URL: https://link.springer.com/10.1007/s10614-022-10351-6. doi: 10.1007/
s10614-022-10351-6.

Harder, N., Qussous, R., and Weidlich, A. (2023). Fit for purpose: Modeling
wholesale electricity markets realistically with multi-agent deep reinforcement learning.
Energy and Al 714, 100295. URL: https://linkinghub.elsevier.com/retrieve/pii/
S2666546823000678. doi: 10.1016/5.egyai.2023.100295.

Qiu, D., Wang, J., Dong, Z., Wang, Y., and Strbac, G. (2023). Mean-Field Multi-Agent Re-
inforcement Learning for Peer-to-Peer Multi-Energy Trading. IEEE Transactions on Power
Systems 38, 4853—-4866. URL: https://ieeexplore.ieee.org/document/9931995/. doi:
10.1109/TPWRS.2022.3217922.

Renshaw-Whitman, C., Zobernig, V., Cremer, J.L., and De Vries, L. (2024). Non-stationarity
in multiagent reinforcement learning in electricity market simulation. Electric Power Sys-
tems Research 235, 110712. URL: https://linkinghub.elsevier.com/retrieve/pii/
S0378779624005984. doi: 10.1016/j.epsr.2024.110712.

Chappin, E.J., Laurens J. de Vries, de Vries, L., Richstein, J.C., Bhagwat, P., lychettira,
K.K., and Khan, S. (2017). Simulating climate and energy policy with agent-based mod-
elling: The Energy Modelling Laboratory (EMLab). Environmental Modelling and Soft-
ware 96, 421-431. doi: 10.1016/j.envsoft.2017.07.009. MAG ID: 2745419972 S2ID:
40af0ea1698a159b65a782023b972c9¢cf83239ed.

Anwar, M.B., Guo, N., Sun, Y., and Frew, B. (2024). Can wholesale electricity markets
achieve resource adequacy and high clean energy generation targets in the presence of
self-interested actors? Applied Energy 359, 122774. URL: https://linkinghub.elsevier.
com/retrieve/pii/S0306261924001570. doi: |10.1016/j.apenergy.2024.122774.

Barazza, E., and Strachan, N. (2020). The co-evolution of climate policy and investments in
electricity markets: Simulating agent dynamics in UK, German and ltalian electricity sectors.
Energy Research & Social Science 65, 101458. URL: https://linkinghub.elsevier.com/
retrieve/pii/S2214629620300359. doi: 10.1016/j.erss.2020.101458.

Gabriel, S.A., Conejo, A.J., Fuller, J.D., Hobbs, B.F., and Ruiz, C. (2014). Complemen-
tarity modeling in energy markets. No. 180 in International series in operations research
& management science softcover reprint of the hardcover 1st edition 2013 ed.. New York
Heidelberg Dordrecht London: Springer. ISBN 978-1-4419-6122-8 978-1-4899-8675-7.

Billimoria, F., Fele, F., Savelli, I., Morstyn, T., and McCulloch, M. (2022). An in-
surance mechanism for electricity reliability differentiation under deep decarbonization.
Applied Energy 321, 119356. URL: https://linkinghub.elsevier.com/retrieve/pii/
S0306261922007000. doi: [10.1016/7 . apenergy.2022.119356.

Mays, J. (2021). Missing incentives for flexibility in wholesale electricity markets.
Energy Policy 749, 112010. URL: https://linkinghub.elsevier.com/retrieve/pii/
S0301421520307217. doi: 10.1016/j.enpol.2020.112010.

Dimanchev, Gabriel, S.A., Fleten, S.E., Pecci, F., and Korpas, M. (2024). Choosing climate
policies in a second-best world with incomplete markets: insights from a bilevel power sys-
tem model. MIT CEEPR 2024-14. URL: https://ceepr.mit.edu/wp-content/uploads/
2024/09/MIT-CEEPR-WP-2024-14 .pdf.

55

1400

1401

1402

1403

1404

1405

1406

1407

1408

1409

1410

1411

1412

1413

1414

1415

1416

1417

1418

1419

1420

1421

1422

1423

1424

1425

1426

1427

1428

1429

1430

1431

1432

1433

1434

1435

1436

1437

1438

1439

1440

1441

1442

1443


https://link.springer.com/10.1007/s10614-022-10351-6
http://dx.doi.org/10.1007/s10614-022-10351-6
http://dx.doi.org/10.1007/s10614-022-10351-6
http://dx.doi.org/10.1007/s10614-022-10351-6
https://linkinghub.elsevier.com/retrieve/pii/S2666546823000678
https://linkinghub.elsevier.com/retrieve/pii/S2666546823000678
https://linkinghub.elsevier.com/retrieve/pii/S2666546823000678
http://dx.doi.org/10.1016/j.egyai.2023.100295
https://ieeexplore.ieee.org/document/9931995/
http://dx.doi.org/10.1109/TPWRS.2022.3217922
https://linkinghub.elsevier.com/retrieve/pii/S0378779624005984
https://linkinghub.elsevier.com/retrieve/pii/S0378779624005984
https://linkinghub.elsevier.com/retrieve/pii/S0378779624005984
http://dx.doi.org/10.1016/j.epsr.2024.110712
http://dx.doi.org/10.1016/j.envsoft.2017.07.009
https://linkinghub.elsevier.com/retrieve/pii/S0306261924001570
https://linkinghub.elsevier.com/retrieve/pii/S0306261924001570
https://linkinghub.elsevier.com/retrieve/pii/S0306261924001570
http://dx.doi.org/10.1016/j.apenergy.2024.122774
https://linkinghub.elsevier.com/retrieve/pii/S2214629620300359
https://linkinghub.elsevier.com/retrieve/pii/S2214629620300359
https://linkinghub.elsevier.com/retrieve/pii/S2214629620300359
http://dx.doi.org/10.1016/j.erss.2020.101458
https://linkinghub.elsevier.com/retrieve/pii/S0306261922007000
https://linkinghub.elsevier.com/retrieve/pii/S0306261922007000
https://linkinghub.elsevier.com/retrieve/pii/S0306261922007000
http://dx.doi.org/10.1016/j.apenergy.2022.119356
https://linkinghub.elsevier.com/retrieve/pii/S0301421520307217
https://linkinghub.elsevier.com/retrieve/pii/S0301421520307217
https://linkinghub.elsevier.com/retrieve/pii/S0301421520307217
http://dx.doi.org/10.1016/j.enpol.2020.112010
https://ceepr.mit.edu/wp-content/uploads/2024/09/MIT-CEEPR-WP-2024-14.pdf
https://ceepr.mit.edu/wp-content/uploads/2024/09/MIT-CEEPR-WP-2024-14.pdf
https://ceepr.mit.edu/wp-content/uploads/2024/09/MIT-CEEPR-WP-2024-14.pdf

47.

48.
49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Bublitz, A., Keles, D., Zimmermann, F., Fraunholz, C., and Fichtner, W. (2019). A survey on
electricity market design: Insights from theory and real-world implementations of capacity
remuneration mechanisms. Energy Economics 80, 1059—-1078. doi: 10.1016/j.eneco.
2019.01.030. MAG ID: 2787190816.

Terna (2026). Terna Data Portal. Terna. URL: https://dati.terna.it/en/.

Sergio, M. (2025). ltaly’s first Fer X solar auction allocates 7.7 GW at aver-
age price of €0.05682/kWh. . URL: https://www.pv-magazine.com/2025/12/03/

italys-first-fer-x-solar-auction-allocates-7-7-gw-at-average-price-of-e0-05682zkwh/.

TERNA (2025). Terna completes first MACSE auction: 10 GWh of energy storage
capacity awarded. . URL: https://www.terna.it/en/media/press-releases/detail/
completed-first-macse—-auction.

Antonini, E.G.A., Di Bella, A., Savelli, I., Drouet, L., and Tavoni, M. (2024). Weather-
and climate-driven power supply and demand time series for power and energy sys-
tem analyses. Scientific Data 77, 1324. URL: https://www.nature.com/articles/
541597-024-04129-8. doi: 10.1038/s41597-024-04129-8.

Rodrigues, R., Pietzcker, R., Sitarz, J., Merfort, A., Hasse, R., Hoppe, J., Pehl, M., Ershad,
A.M., Muessel, J., Schreyer, F., Baumstark, L., and Luderer, G. (2026). 2040 greenhouse
gas reduction targets and energy transitions in line with the EU Green Deal. Nature Commu-
nications 77, 3417. URL: https://www.nature.com/articles/s41467-026-71159-8. doi:
10.1038/s41467-026-71159-8.

IRENA. World Energy Transitions Outlook 2023: 1.5°C Pathway. Tech.
Rep. (2023). URL: https://www.irena.org/Publications/2023/Jun/
World-Energy-Transitions—-Outlook-2023.

Joskow, P.L. (2022). From hierarchies to markets and partially back again in electric-
ity: responding to decarbonization and security of supply goals. Journal of Institutional
Economics 18, 313-329. URL: https://www.cambridge.org/core/product/identifier/
S1744137421000400/type/journal_article. doi:|10.1017/S1744137421000400.

Hidalgo-Pérez, M., Collado, N., Galindo, J., and Mateo, R. (2024). The Iberian exception:
Estimating the impact of a cap on gas prices for electricity generation on consumer prices
and market dynamics. Energy Policy 7188, 114092. URL: https://linkinghub.elsevier.
com/retrieve/pii/S0301421524001125. doi: 10.1016/j.enpol.2024.114092.

Geis, J., Neumann, F, Lindner, M., Hartel, P., and Brown, T. (2026). Price formation in a
highly-renewable, sector-coupled energy system. Energy Economics 157, 109213. URL.:
https://linkinghub.elsevier.com/retrieve/pii/S0140988326000927. doi: 10.1016/j.
eneco.2026.109213.

Bisi, L., Santambrogio, D., Sandrelli, F., Tirinzoni, A., Ziebart, B.D., and Restelli,
M. (2022). Risk-averse policy optimization via risk-neutral policy optimization.  Artifi-
cial Intelligence 371, 103765. URL: https://linkinghub.elsevier.com/retrieve/pii/
S0004370222001059. doi: https://doi.org/10.1016/j.artint.2022.103765.

Towers, M., Terry, J.K., Kwiatkowski, A., Balis, J.U., De Cola, G., Deleu, T., Goulao, M.,
Kallinteris, A., KG, A., Krimmel, M., Perez-Vicente, R., Pierré, A., Schulhoff, S., Tai, J.J.,
Shen, A.T.J., and Younis, O.G. (2023). Gymnasium. . URL: https://zenodo.org/record/
8127026. doi: |10.5281/ZENODO. 8127026 language: en.

56

1444

1445

1446

1447

1448

1449

1450

1452

1453

1454

1455

1456

1457

1458

1459

1460

1461

1462

1463

1464

1465

1466

1467

1468

1469

1470

1471

1472

1473

1474

1475

1476

1477

1478

1479

1480

1481

1482

1483

1484

1485

1486


http://dx.doi.org/10.1016/j.eneco.2019.01.030
http://dx.doi.org/10.1016/j.eneco.2019.01.030
http://dx.doi.org/10.1016/j.eneco.2019.01.030
https://dati.terna.it/en/
https://www.pv-magazine.com/2025/12/03/italys-first-fer-x-solar-auction-allocates-7-7-gw-at-average-price-of-e0-05682-kwh/
https://www.pv-magazine.com/2025/12/03/italys-first-fer-x-solar-auction-allocates-7-7-gw-at-average-price-of-e0-05682-kwh/
https://www.pv-magazine.com/2025/12/03/italys-first-fer-x-solar-auction-allocates-7-7-gw-at-average-price-of-e0-05682-kwh/
https://www.terna.it/en/media/press-releases/detail/completed-first-macse-auction
https://www.terna.it/en/media/press-releases/detail/completed-first-macse-auction
https://www.terna.it/en/media/press-releases/detail/completed-first-macse-auction
https://www.nature.com/articles/s41597-024-04129-8
https://www.nature.com/articles/s41597-024-04129-8
https://www.nature.com/articles/s41597-024-04129-8
http://dx.doi.org/10.1038/s41597-024-04129-8
https://www.nature.com/articles/s41467-026-71159-8
http://dx.doi.org/10.1038/s41467-026-71159-8
https://www.irena.org/Publications/2023/Jun/World-Energy-Transitions-Outlook-2023
https://www.irena.org/Publications/2023/Jun/World-Energy-Transitions-Outlook-2023
https://www.irena.org/Publications/2023/Jun/World-Energy-Transitions-Outlook-2023
https://www.cambridge.org/core/product/identifier/S1744137421000400/type/journal_article
https://www.cambridge.org/core/product/identifier/S1744137421000400/type/journal_article
https://www.cambridge.org/core/product/identifier/S1744137421000400/type/journal_article
http://dx.doi.org/10.1017/S1744137421000400
https://linkinghub.elsevier.com/retrieve/pii/S0301421524001125
https://linkinghub.elsevier.com/retrieve/pii/S0301421524001125
https://linkinghub.elsevier.com/retrieve/pii/S0301421524001125
http://dx.doi.org/10.1016/j.enpol.2024.114092
https://linkinghub.elsevier.com/retrieve/pii/S0140988326000927
http://dx.doi.org/10.1016/j.eneco.2026.109213
http://dx.doi.org/10.1016/j.eneco.2026.109213
http://dx.doi.org/10.1016/j.eneco.2026.109213
https://linkinghub.elsevier.com/retrieve/pii/S0004370222001059
https://linkinghub.elsevier.com/retrieve/pii/S0004370222001059
https://linkinghub.elsevier.com/retrieve/pii/S0004370222001059
http://dx.doi.org/https://doi.org/10.1016/j.artint.2022.103765
https://zenodo.org/record/8127026
https://zenodo.org/record/8127026
https://zenodo.org/record/8127026
http://dx.doi.org/10.5281/ZENODO.8127026

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Liang, E., Liaw, R., Moritz, P, Nishihara, R., Fox, R., Goldberg, K., Gonzalez, J.E., Jordan,
M.I., and Stoica, I. (2018). RLlib: Abstractions for Distributed Reinforcement Learning.
arXiv. URL: http://arxiv.org/abs/1712.09381 arXiv:1712.09381 [cs].

Di Bella, A., and Colelli, F.P. (2025). Mitigation strategies can alleviate power system vul-
nerability to climate change and extreme weather: a case study on the Italian grid. Environ-
mental Research: Infrastructure and Sustainability 5, 015003. URL: https://iopscience.
iop.org/article/10.1088/2634-4505/ada308. doi: 10.1088/2634-4505/ada308.

Hoffmann, M., Priesmann, J., Nolting, L., Praktiknjo, A., Kotzur, L., and Stolten, D. (2021).
Typical periods or typical time steps? A multi-model analysis to determine the optimal
temporal aggregation for energy system models. Applied Energy 304, 117825. URL:
https://linkinghub.elsevier.com/retrieve/pii/S03062619210115645. doi: 10.1016/j.
apenergy.2021.117825|

European University Institute. Robert Schuman Centre for Advanced Studies. (2024).
Contracts-for-difference to support renewable energy technologies: considerations for de-
sign and implementation.. LU: Publications Office. URL: https://data.europa.eu/doi/
10.2870/379508. doi: 110.2870/379508.

Mastropietro, P., Rodilla, P., and Batlle, C. (2024). A taxonomy to guide the next gener-
ation of support mechanisms for electricity storage. Joule 8, 1196—-1204. URL: https:
//linkinghub.elsevier.com/retrieve/pii/S2542435124001508. doi: 10.1016/j.joule.
2024.03.015.

Huang, S., and Ontanén, S. (2022). A Closer Look at Invalid Action Masking in Policy
Gradient Algorithms. The International FLAIRS Conference Proceedings 35. URL: http:
//arxiv.org/abs/2006.14171. doi: |10.32473/flairs.v35i.130584. ArXiv:2006.14171 [cs,
stat].

Schulman, J., Wolski, F., Dhariwal, P, Radford, A., and Klimov, O. (2017). Prox-
imal Policy Optimization Algorithms. arXiv. URL: http://arxiv.org/abs/1707.06347
arXiv:1707.06347 [cs].

Bick, D. Towards Delivering a Coherent Self-Contained Explanation of Proximal Policy Op-
timization. Ph.D. thesis University of Groningen (2021).

Albrecht, S.V., Christianos, F., and Schafer, L. (2024). Multi-Agent Reinforcement Learning:
Foundations and Modern Approaches. MIT Press. URL: https://www.marl-book.com/.

Ember (2026). Ember Data Italy. Ember. URL: https://ember-energy.org/.

Di Bella, A., and Canti, F. Multi-objective optimization to identify carbon neutrality scenarios
for the ltalian electric system. Master’s thesis Politecnico di Mllano (2021). URL: https:
//www.politesi.polimi.it/handle/10589/182906.

Brown, T., Victoria, M., Zeyen, E., Hofmann, F., Neumann, F., Frysztacki, M., Hampp, J.,
Schlachtberger, D., Horsch, J., Schledorn, A., Schauf3, C., van Greevenbroek, K., Millinger,
M., Glaum, P., Xiong, B., and Seibold, T. (2024). PyPSA-Eur: An open sector-coupled
optimisation model of the European energy system. Zenodo. URL: https://zenodo.org/
doi/10.5281/zenodo.13771884. doi: 10.5281/ZENODO. 13771884.

57

1487

1488

1489

1490

1491

1492

1493

1494

1495

1496

1497

1498

1499

1500

1501

1502

1503

1504

1505

1506

1507

1508

1509

1510

1511

1512

1513

1514

1515

1516

1517

1518

1519

1520

1521

1522

1523

1524

1525

1526


http://arxiv.org/abs/1712.09381
https://iopscience.iop.org/article/10.1088/2634-4505/ada308
https://iopscience.iop.org/article/10.1088/2634-4505/ada308
https://iopscience.iop.org/article/10.1088/2634-4505/ada308
http://dx.doi.org/10.1088/2634-4505/ada308
https://linkinghub.elsevier.com/retrieve/pii/S0306261921011545
http://dx.doi.org/10.1016/j.apenergy.2021.117825
http://dx.doi.org/10.1016/j.apenergy.2021.117825
http://dx.doi.org/10.1016/j.apenergy.2021.117825
https://data.europa.eu/doi/10.2870/379508
https://data.europa.eu/doi/10.2870/379508
https://data.europa.eu/doi/10.2870/379508
http://dx.doi.org/10.2870/379508
https://linkinghub.elsevier.com/retrieve/pii/S2542435124001508
https://linkinghub.elsevier.com/retrieve/pii/S2542435124001508
https://linkinghub.elsevier.com/retrieve/pii/S2542435124001508
http://dx.doi.org/10.1016/j.joule.2024.03.015
http://dx.doi.org/10.1016/j.joule.2024.03.015
http://dx.doi.org/10.1016/j.joule.2024.03.015
http://arxiv.org/abs/2006.14171
http://arxiv.org/abs/2006.14171
http://arxiv.org/abs/2006.14171
http://dx.doi.org/10.32473/flairs.v35i.130584
http://arxiv.org/abs/1707.06347
https://www.marl-book.com/
https://ember-energy.org/
https://www.politesi.polimi.it/handle/10589/182906
https://www.politesi.polimi.it/handle/10589/182906
https://www.politesi.polimi.it/handle/10589/182906
https://zenodo.org/doi/10.5281/zenodo.13771884
https://zenodo.org/doi/10.5281/zenodo.13771884
https://zenodo.org/doi/10.5281/zenodo.13771884
http://dx.doi.org/10.5281/ZENODO.13771884

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

Najjar, Y.S.H., and Abu-Shamleh, A. (2020). Performance evaluation of a large-scale
thermal power plant based on the best industrial practices. Scientific Reports 10,
20661. URL: https://www.nature.com/articles/s41598-020-77802-8. doi: 10.1038/
s41598-020-77802-8.

Ssengonazi, J., Johnson, J.X., and DeCarolis, J.F. (2022). An efficient method to estimate
renewable energy capacity credit at increasing regional grid penetration levels. Renewable
and Sustainable Energy Transition 2, 100033. URL: https://linkinghub.elsevier.com/
retrieve/pii/S2667095X22000174. doi: 10.1016/j.rset.2022.100033.

Pluta, M., and Wyrwa, A. (2025). Quantifying the Capacity Credits of Intermittent Re-
newables: Implications for Power System Planning. Energies 18, 5636. URL: https:
//www.mdpi.com/1996-1073/18/21/5636. doi: 10.3390/en18215636.

Sutton, R.S., and Barto, A. (2020). Reinforcement learning: an introduction. Adaptive com-
putation and machine learning second edition ed.. Cambridge, Massachusetts London,
England: The MIT Press. ISBN 978-0-262-03924-6.

Lowe, R., WU, Y., Tamar, A., Harb, J., Pieter Abbeel, O., and Mordatch,
l. (2017). Multi-Agent Actor-Critic for Mixed Cooperative-Competitive Environments.
In Advances in Neural Information Processing Systems vol. 30. Curran Asso-
ciates, Inc. URL: https://proceedings.neurips.cc/paper_files/paper/2017/hash/
68a97503372418a86fe06c1991ald64c-Abstract.html.

de Witt, C.S., Gupta, T., Makoviichuk, D., Makoviychuk, V., Torr, PH.S., Sun, M., and White-
son, S. (2020). Is Independent Learning All You Need in the StarCraft Multi-Agent Chal-
lenge?. arXiv. URL: http://arxiv.org/abs/2011.09533 arXiv:2011.09533 [cs].

https://github.com/MatthewCWeston (2025). [RLIlib] Working implementation of petting-
zoo_shared_value_function.py. . URL: https://github.com/ray-project/ray/pull/56309.

ARERA (2025). Annual Report to the International Agency for cooperation between national
energy regulators and the European Commission on the regulatory activities and fulfiiment
of duties of the ltalian regulatory authority for energy networks and environment. . URL:
https://www.arera.it/fileadmin/allegati/relaz_ann/25/AR_2025_EN.pdf.

Agency, |.E. (2019). Average power generation construction time (capacity weighted), 2010-
2018. .

Gumber, A., Zana, R., and Steffen, B. (2024). A global analysis of renewable en-
ergy project commissioning timelines. Applied Energy 358, 122563. URL: https://
linkinghub.elsevier.com/retrieve/pii/S030626192301927X. doi: |10.1016/j.apenergy.
2023.122563.

TERNA (2026). Capacity Market. . URL: https://www.terna.it/en/electric-system/

capacity-market!

Cohen, J. (2009). Statistical power analysis for the behavioral sciences. 2. ed., reprint ed..
New York, NY: Psychology Press. ISBN 978-0-8058-0283-2.

Meissel, K., and Yao, E. (2024). Using Cliff's Delta as a Non-Parametric Effect Size Mea-
sure: An Accessible Web App and R Tutorial. Practical Assessment Research, and Evalu-
ation Volume 29 Issue 1 2024. URL: https://openpublishing.library.umass.edu/pare/
article/id/1977/. doi: 10.7275/PARE.1977.

58

1527

1528

1529

1530

1531

1532

1533

1534

1535

1536

1537

1538

1539

1540

1541

1542

1543

1544

1545

1546

1547

1548

1549

1550

1551

1552

1553

1554

1555

1556

1557

1558

1559

1560

1561

1562

1563

1564

1565

1566

1567

1568


https://www.nature.com/articles/s41598-020-77802-8
http://dx.doi.org/10.1038/s41598-020-77802-8
http://dx.doi.org/10.1038/s41598-020-77802-8
http://dx.doi.org/10.1038/s41598-020-77802-8
https://linkinghub.elsevier.com/retrieve/pii/S2667095X22000174
https://linkinghub.elsevier.com/retrieve/pii/S2667095X22000174
https://linkinghub.elsevier.com/retrieve/pii/S2667095X22000174
http://dx.doi.org/10.1016/j.rset.2022.100033
https://www.mdpi.com/1996-1073/18/21/5636
https://www.mdpi.com/1996-1073/18/21/5636
https://www.mdpi.com/1996-1073/18/21/5636
http://dx.doi.org/10.3390/en18215636
https://proceedings.neurips.cc/paper_files/paper/2017/hash/68a9750337a418a86fe06c1991a1d64c-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2017/hash/68a9750337a418a86fe06c1991a1d64c-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2017/hash/68a9750337a418a86fe06c1991a1d64c-Abstract.html
http://arxiv.org/abs/2011.09533
https://github.com/ray-project/ray/pull/56309
https://www.arera.it/fileadmin/allegati/relaz_ann/25/AR_2025_EN.pdf
https://linkinghub.elsevier.com/retrieve/pii/S030626192301927X
https://linkinghub.elsevier.com/retrieve/pii/S030626192301927X
https://linkinghub.elsevier.com/retrieve/pii/S030626192301927X
http://dx.doi.org/10.1016/j.apenergy.2023.122563
http://dx.doi.org/10.1016/j.apenergy.2023.122563
http://dx.doi.org/10.1016/j.apenergy.2023.122563
https://www.terna.it/en/electric-system/capacity-market
https://www.terna.it/en/electric-system/capacity-market
https://www.terna.it/en/electric-system/capacity-market
https://openpublishing.library.umass.edu/pare/article/id/1977/
https://openpublishing.library.umass.edu/pare/article/id/1977/
https://openpublishing.library.umass.edu/pare/article/id/1977/
http://dx.doi.org/10.7275/PARE.1977

	The long-term MARL Electricity Market Model
	Economic dispatch for equivalent short-term market
	Contract for Difference Market
	Two-way Contract for Differences:
	RES investment signal:

	Short-term flexibility market
	Financial support for flexibility:
	Flexibility investment signal:

	Capacity Remuneration Mechanism
	Reliability option:
	Capacity Remuneration Mechanism investment signal:
	Treatment of existing assets:


	The Long-term Electricity Market Environment
	Environment Structure
	GENCO
	Reward
	Action Space
	Observation Space

	Policymaker
	Reward
	Action Space
	Observation Space

	Initial and Absorbing States

	Multi-Agent Reinforcement Learning Algorithms
	Scenarios
	Experiments
	Independent versus Multi-Agent Proximal Policy Optimization
	Additional information and results

