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SUMMARY 15

European countries are debating policies to mitigate the increased energy costs caused by re- 16

newed geopolitical tensions, while pursuing decarbonization and electrification. A notable exam- 17

ple is Italy’s 2026 Decreto Bollette package, which proposes to remove the carbon price equiv- 18

alent from the bids of certain gas-driven power plants to wholesale electricity markets, among 19

other provisions. We use this as a case study to assess the long-term implications of suppress- 20

ing the carbon price signal in the electricity market for investment, emissions, and consumer 21

costs. We employ a stylized Italian power system using MARLEY, a multi-agent reinforcement 22

learning framework focused on long-term electricity market assessments. In this framework, 23

we test this policy across configurations with varying levels of support for green investment, re- 24

source adequacy, and flexibility. Results show that partial suppression of the carbon price signal 25

yields short-term cost reductions but only a minor long-term effect on total system costs, as 26

the deferred emissions are ultimately repaid by consumers. CO2 Emissions rise across most 27

configurations since suppressing the price signal erodes incentives for renewable and storage 28

investment. Only the most ambitious configurations for supporting green investment avoid this 29

outcome, but they do so by marginalizing the wholesale price signal itself, thereby requiring a 30

commitment to a hybrid market paradigm that is in contradiction with the rationale of the pro- 31

posed price intervention. 32
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INTRODUCTION 36

In recent years, large-scale geopolitical events have put recurring pressure on electricity prices, 37

as in 2022, after the intensification of the Russo-Ukrainian war, and more recently with the 2026 38

Iran war and the consequent closure of the Strait of Hormuz1. High electricity prices are putting 39

the energy transition in Europe’s power sectors under strain. Governments are forced to decide 40

how to reduce consumer bills without undermining long-term climate policy goals, while also 41

reducing Europe’s structural dependence on fossil fuel imports2,3. In response to these crises, 42

the EU and its Member States launched the REPowerEU plan and adopted a range of fiscal and 43

structural measures to shield households and businesses from surging energy costs4. 44

At the national level, some governments intervened directly in wholesale market pricing. In 45

2022, Spain and Portugal implemented the Iberian exception5, a temporary compensation to 46

fossil-fired generators financed through a surcharge on consumers. Generators were required 47

to internalize this compensation in their market bids, thus reducing the marginal price. While the 48

Iberian exception achieved considerable reductions in spot electricity prices6,7, it also created 49

significant economic inefficiencies, particularly with regard to cross-border trade, and increased 50

the perceived regulatory risk8,9. Facing analogous pressures, the Italian government adopted 51

a comparable measure in 2026: the Decreto Bollette10. Among its provisions, the Decree pro- 52

poses to compensate fossil-fired generators for the carbon price signal embedded in the Euro- 53

pean Union Emissions Trading System (EU ETS), lowering the marginal cost of price-setting gas 54

plants and thereby reducing the clearing price and the inframarginal rents of dispatched gen- 55

erators11. To recover the EU ETS quantities owed, the decree establishes a specific charge in 56

end-user tariffs 1
57

The partial neutralization of the carbon price signal from electricity price formation raises 58

fundamental questions about the coherence of these policies with the decarbonization objective, 59

widely recognized as the cornerstone of a broader economic transformation12,13, with Renewable 60

Energy Sources (RES) and energy storage systems (ESS) becoming the central building blocks 61

of future power systems13,14. This transition is based on two pillars, and the suppression of the 62

carbon price interacts directly with both. 63

The first pillar concerns the role of carbon pricing as a long-term decarbonization instrument. 64

A large body of empirical work has documented that carbon costs borne by power producers are 65

passed through to wholesale electricity prices15–17. This pass-through raises consumer prices, 66

but also generates the investment signals that support cleaner technologies by widening the 67

cost differential between fossil and low-carbon assets18. As such, carbon pricing also partially 68

mitigates the risk of cannibalization faced by renewable investors19 by increasing the perceived 69

remuneration of these assets19,20. On the other hand, by making electricity more expensive, it 70

risks delaying the adoption of electric technologies which are needed to decarbonize the end-use 71

sectors and increase energy efficiency. 72

The second pillar is the growing role of long-term regulatory mechanisms in supporting decar- 73

bonization. Capacity Remuneration Mechanisms (CRM), support schemes for RES, storage or 74

demand response, and other contracting schemes have become widely implemented programs 75

to de-risk investment, improve resource adequacy, and shield consumers from price volatility21,22. 76

In the last two decades, these regulatory instruments have become pivotal for decarbonization, 77

facilitating capital-intensive investment, mitigating missing-money and missing-market problems, 78

and addressing the specific challenges of RES-based systems23,24. In the European Union, 79

Contract for Difference (CfD) auctions, complementing Power Purchase Agreements (PPAs) and 80

1We 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 81

electricity sector25–28. Importantly, mechanism design has shifted away from decoupling support 82

incentives from wholesale signals (first generation feed-in-tariffs) toward instruments that couple 83

directly to short-term price formation, so their performance now depends on whether the carbon 84

price signal is included in the dispatch. 85

In this context, carbon price suppression, the pace and resilience of decarbonization, the 86

design and implementation of long-term regulatory mechanisms, and the impacts on final con- 87

sumers are tightly coupled: the suppression alters investment incentives, which reshape the 88

generation mix and its CO2 emissions, which in turn change the policy response and the prices 89

ultimately borne by consumers. Capturing this feedback within a single modeling exercise is 90

precisely the challenge we address, aiming to understand the implications of measures analo- 91

gous to the Decreto Bollette and the Iberian exception for decarbonization pathways in power 92

systems. To achieve this objective, we follow the general framework presented in Figure 1. 93
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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) 94

framework applied to a stylized representation of the Italian electricity system29. MARLEY is an 95

open-source agent-based model, based on Independent Proximal Policy Optimization (IPPO), 96

dedicated to analyzing the evolution of electricity markets under a wide range of long-term mech- 97

anisms to promote investment. Recent advances in deep learning have extended multi-agent 98

reinforcement learning (MARL) to highly complex competitive domains30–32, including applica- 99

tions to electricity markets spanning short-term bidding strategies33–37, peer-to-peer markets38, 100
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and multi-agent frameworks incorporating active regulators whose policy instruments co-evolve 101

endogenously with market actors’ strategies39. MARLEY draws on both agent-based40–42 and 102

partial-equilibrium models43–46, the two dominant approaches for electricity market modeling47, 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 105

to manage portfolios of new and existing assets, and (iv) it captures strategic interactions in 106

concentrated wholesale markets. 107

The explicit integration of a representative policymaker into a MARL model studied by Renshaw-108

Whitman et al. 39 is particularly relevant to our work, as a suppressed carbon price creates a 109

feedback loop between policymakers’ decisions on the need for long-term regulatory mecha- 110

nisms and the investment responses of profit-maximizing Generation Companies (GENCOs). 111

Building on this, whereas the original MARLEY models GENCOs alone29, we add a representa- 112

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 115

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 121

(CCGT) plants, an efficient fossil-fuel technology whose marginal cost most directly governs 122

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 124

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 126

wholesale prices, and the country’s gas-dominated marginal generation makes the mechanism’s 127

effects particularly easy to identify48. However, the findings of our analysis are not only applicable 128

to the Italian system; they can also be generalized to any system that might introduce similar 129

interventions on bids from marginal generators using fossil fuels. 130

To further characterize the effects of this type of measure, we combine policy scenarios, 131

market design configurations, and selected carbon price trajectories, as shown in the lower-right 132

panel of Figure 1: 133

• The policy scenarios span three cases. Two are core to the analysis: a baseline with- 134

out the Decree [ND] and the Decree in place [D], in which the ETS price is neutralized 135

by exempting natural gas power plants, compensated by an increase in the tariff system 2. 136

Moreover, we assume that carbon price neutralization remains in place throughout the hori- 137

zon considered (until 2040). The third scenario, [UD], introduces the Decree immediately 138

at the beginning of the simulation horizon, followed by an uncertain timing for the restora- 139

tion of the full carbon price signal, capturing the implications of an uncertain duration of the 140

Decreto Bollette. 141

• The market design configurations vary in the long-term regulatory mechanisms layered on 142

top of the energy market. The [CRM] scenario supplements it with a capacity remuneration 143

mechanism based on a Reliability Option design, while the hybrid configurations [H-], [H], 144

and [H+] build on the CRM by adding production-based CfDs for RES and a dedicated 145

flexibility support mechanism for short-term storage. These hybrid scenarios span a wide 146

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.
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range of ambition, measured by the speed of penetration and the maximum size of each 147

mechanism. In particular, the CfDs target renewable penetration of up to 60, 80, and 148

120% of average yearly demand in the [H-], [H], and [H+] configurations, respectively; the 149

flexibility mechanisms aim for the same short-term energy storage penetration levels. This 150

range approximates the hybrid market paradigm increasingly adopted across European 151

jurisdictions, where the sizing of such mechanisms is itself a policy and political choice 152

tied to the incentives shaping the electricity mix. We therefore treat these configurations as 153

progressively more ambitious benchmarks. Systems resembling current European practice 154

are best represented by [CRM] and [H-], where long-term mechanisms support but do 155

not displace merchant investment as the primary entry channel. Instead, [H] and [H+] 156

represent systems that increasingly rely on these mechanisms, substantially limiting the 157

role of short-term price signals in investment decisions. 158

• Finally, we measure the effect of the Decreto Bollette across different carbon price trajec- 159

tories, applied to the [CRM] and [H] scenarios, which serve as proxies for systems with 160

varying degrees of reliance on long-term support for green investments. 161

Following this framework, we contribute to the current policy discussions on the effects of 162

carbon price suppression in electricity markets that rely on long-term regulatory mechanisms. 163

Although focused on the Italian electricity system, the analysis speaks to a broader class of 164

cases: electricity systems simultaneously planning long-term regulatory mechanisms to support 165

the low-carbon transition and facing short-term political pressure to shield consumers from fossil- 166

fuel-driven wholesale price spikes. Specifically, we: (i) quantify the expected total system cost 167

reductions and potential increments in CO2 emissions following the application of interventions 168

intended to reduce the marginal price in the market and their interaction with existing long-term 169

regulatory mechanisms; (ii) assess how carbon price suppression affects long-term investment 170

signals for green technologies; and (iii) characterize the effects of policy uncertainty surrounding 171

price interventions analogous to the Decreto Bollette. Alongside these empirical contributions, 172

the paper extends open-source MARL simulation frameworks for electricity market design, with 173

the most updated version to be made publicly available upon acceptance. 174

5



RESULTS 175

Figure 2 and Table 1 present the aggregate effects on total system costs and emissions for 176

the [D] and [ND] scenarios across market configurations. Results reveal a fundamental trade- 177

off: the partial elimination of the carbon price signal reduces costs in the short-term, but at 178

the expense of increased emissions, the magnitude of which depends on the available long- 179

term regulatory instruments. The lower panels in Figure 2 highlight the asymmetry between the 180

short- and long-run consequences of suppressing the carbon price. In the short run, wholesale 181

prices decline, reducing generators’ revenues. However, total system costs, which incorporate 182

the ETS obligations incurred by CCGT plants and recovered through end-user tariffs, narrow this 183

gap, moderating the benefit perceived by final consumers. As the horizon extends to the mid- 184

and long-run, the dominant effect shifts from price reduction to emissions accumulation. Market 185

configurations without or with low green investment support ([H-] and [CRM] scenarios) show 186

lower emissions reduction over time in the [D] cases, unlike the persistent reductions observed 187

in scenarios with higher support ([H] and [H+]). These observations are corroborated by formal 188

significance tests on the per-simulation outcome distributions presented in the Appendix. The 189

increase in emissions induced by the Decreto Bollette is statistically significant across all market 190

configurations and timeframes, with a large effect size in aggregate, placing it clearly outside 191

the simulation uncertainty range. The cost reduction is likewise significant, but corresponds to a 192

markedly smaller effect size that diminishes over the horizon. 193

Window Market System cost Emissions Market System cost Emissions
[%] [%] [%] [%]

Aggregate

CRM

-11.94 56.92

H-

-10.74 35.05
Short -14.98 7.1 -15.01 5.92
Mid -14.37 49.88 -11.27 39.65

Long -7.58 98.83 -8.31 45.25
Aggregate

H

-8.8 24.6

H+

-10.6 8.16
Short -14.94 6.76 -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 CO2 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, 194

underpin the cost and emission dynamics described above. In the [ND] scenario, the system 195

gradually replaces existing CCGT capacity with RES, storage, and a significant OCGT fleet op- 196

erating at low capacity factors. This trend, though modulated by the long-term regulatory mecha- 197

nisms available, is consistent across market configurations. Under the [D] scenario, by contrast, 198

merchant incentives for green investment are weakened and lead the system to rely more on 199

fossil and existing assets. As the simulation progresses, RES and storage capacity are either 200

sustained through long-term regulatory mechanisms where the market configuration enables it, 201

or displaced by continued reliance on existing CCGT capacity and newly added OCGT units, 202

prolonging the dependence on fossil fuels and their contribution to system costs. Prominently, 203

[H+] departs from all other scenarios in its investment dynamics: more ambitious CfD auctions 204

trigger an early shift to offshore wind at the expense of solar PV, thus reducing the need for 205
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Figure 2: Total Unitary costs and CO2 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, 206

increases reliance on OCGT capacity for system security, which enters the market through the 207

CRM. 208

Complementing Figure 3, Table 2 contextualizes the relative size of the long-term regulatory 209

mechanisms that act as entry gateways to the system. The yearly volumes procured through 210

CfD and flexibility auctions in our scenarios are broadly of the same order of magnitude as Italy’s 211

most recent auctions: the 2025 FER X and MACSE rounds49,50, which together awarded on the 212

order of 8 GW of solar PV, around 1 GW of wind, and roughly 1.5 GW of battery storage 3. The 213

correspondence is closest in the [H-] and [H] scenarios for solar PV and storage, where both 214

3FER X (Fonti Energetiche Rinnovabili) is the Italian support scheme for mature renewable technologies. MACSE
(Meccanismo di Approvvigionamento di Capacità di Stoccaggio Elettrico) is Italy’s competitive auction scheme for
utility-scale storage. Auction results are further referenced as part of the Appendix.
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mechanisms agents use to enter the market.

magnitude and technology coincide. By contrast, onshore wind is essentially absent from our 215

scenarios. This compositional gap widens in the most ambitious [H+] scenario, where invest- 216

ment shifts away from solar toward offshore wind: solar CfD volumes fall relative to [H], while 217

offshore wind rises sharply due to its higher capacity factor compared to the onshore variant. 218

Nonetheless, every hybrid configuration, including the least ambitious [H-], implies a markedly 219

stronger commitment than a one-off intervention, since it sustains auctions of that scale over 220

time. This reliance on long-term mechanisms deepens further when the carbon price signal 221

is suppressed: in the [H-] and [H] scenarios, auctioned volumes rise to replace the merchant 222

investment that no longer materializes. In [H+], where most capacity already enters through 223

the auctions and is remunerated via the long-term mechanisms, this substitution effect is less 224

pronounced. 225

The evolution of costs and emissions across all policy scenarios, as shown in the upper panel 226

of Figure 4, reinforces the tendencies highlighted earlier. System costs in scenarios [ND] and [D] 227

initially diverged, converging only in the last stages of the simulation. This behavior is partially 228

explained by the sustained increase in emissions when the carbon price signal is suppressed, 229

resulting in substantial ETS recovery costs. Introducing uncertainty about the duration of the 230

Decreto Bollette, as modeled in scenario [UD], produces two distinct system outcomes. In terms 231

of total unitary costs, the [UD] case exhibits the short-term price reduction observed in Figure 2 232

during the period when the policy measure is active. However, once the measure is removed, 233

costs increase to levels equal to or above the [ND] baseline, reflecting both the restoration of the 234

carbon price signal, as well as the delay in investments caused by the temporal application of the 235
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Technologies Mechanism
Scenarios

CRM H- H H+
ND D ND D ND D ND D

Solar PV Merchant 7.55 4.72 4.55 0.47 1.54 0.02 0.69 0.01
CfD N/A 3.48 8.04 10.33 10.16 5.64 6.56

Offshore wind Merchant 0.58 0.02 0.51 0.02 0.21 0 0 0
CfD N/A 0.03 0.01 0.08 0.21 3.67 3.39

OCGT CRM 0.54 0.28 0.13 0.67 0.17 0.9 1.28 1.13

Battery-3h CRM 0.29 0.06 0.14 0.09 0.45 0.06 0.02 0.02
Flexibility N/A 0.75 0.72 0.73 1.58 0.86 0.8

Battery-8h CRM 0.37 0 0.23 0.02 0.32 0.05 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 236

of [ND] and [D] scenarios, but once the carbon signal is restored, the pace of decarbonization 237

accelerates to closely resemble that of the latter cases, although the emission offset remains. 238

The lower panel of Figure 4 extends this analysis by highlighting key technological differ- 239

ences across scenarios. In the [H+] configuration, the transition toward low-carbon technology 240

is minimally affected by the carbon price signal. In all other market designs, this decarbonization 241

tendency breaks down to differing degrees under the influence of long-term regulatory mecha- 242

nisms. As a result, fossil-fuel utilization is maintained or even increased when the carbon price 243

signal is suppressed by the Decree (scenario [D]). Similarly, the [UD] scenario shows a storage 244

trajectory that closely follows the [D] baseline, followed by a RES uptake that partially recovers 245

once the carbon price signal is restored. 246

Figure 5 summarizes additional system-performance metrics for the full scenario matrix, each 247

normalized with the average across the scenario pool. The most consistent change associated 248

with the Decree is a reduction in the merchant’s investment share of total system costs. In config- 249

urations with green investment support, this shift increases dependence on long-term regulatory 250

mechanisms to drive capacity expansion. In configurations without such support, such as the 251

[CRM] case and to a lesser extent in the [H-] scenario, the same shift translates into higher 252

utilization of existing fossil-based assets, increasing their market contribution and driving higher 253

emissions, consistent with the trajectories shown in Figure 4. The higher share of variable tech- 254

nologies in the generation mix slightly increases wholesale price volatility, though total system 255

cost volatility remains comparable across market configurations, reflecting the financial hedging 256

provided by CfD contracts and the arbitrage role of ESS in the [H+] and [H] scenarios. With 257

respect to agent-level outcomes, the reduction in the carbon price signal erodes the profits of in- 258

cumbent agents on their existing assets and reduces the returns of new entrants, most of whom 259

invest in renewable and storage assets. Finally, the absence of green investment support and 260

the suppression of the carbon price signal make the system more vulnerable to natural gas price 261

shocks, a condition that aligns with the increased utilization of fossil-fuel assets, as shown by 262

the comparison in the corresponding metric between [H+] and [CRM] cases, but also between 263

the ND and [D] cases within the same market scenarios. Adequacy varies across scenarios but 264

remains within the capacity market’s bounds throughout. Nominal values for all studied metrics 265
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Figure 4: Evolution of system costs, cumulative CO2 emissions, RES and storage shares
of average demand, and fossil-fuel capacity factor across the [ND], [D], and [UD] scenar-
ios. The dashed line marks the reinstatement of the carbon price signal in the [UD] scenario.

are presented in the supplementary material. 266

Finally, Figure 6 shows variations in key system metrics under the Decreto Bollette across 267

different carbon price trajectories for the [H] and [CRM] market configurations. Specifically, the 268

baseline carbon price rises linearly from 70 e/tCO2 in 2025, consistent with current EU-ETS 269

levels, to 150 e/tCO2 by 2040, while we complement it with two alternatives: a flat 70 e/tCO2 270

held over the full horizon, and a steeper climb to 230 e/tCO2 by 2040. In the [ND] scenarios, 271

a higher carbon price produces lower CO2 emissions with a modest increase in total system 272

costs. The application of the Decree disrupts this relationship. When the carbon price is raised 273

in a power system operating under carbon price suppression, the lack of prior investment in 274

low-carbon technologies means that the higher ETS recovered costs fall disproportionately on 275

a generation mix still dominated by fossil-fuel assets. The result is an increase in total system 276

costs without a corresponding reduction in emissions, thereby inverting the standard carbon- 277

pricing trade-off. This pattern is illustrated in the lower panel of Figure 6, where configurations 278
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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, 279

in both [H] and [CRM] market configurations, the system’s increased exposure to natural gas 280

price shocks in the [D] scenario persists across all tested carbon prices. 281
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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 CO2 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.
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DISCUSSION 282

This section expands on the three main outcomes of the study as identified in the previous sec- 283

tion: (i) in the presence of a carbon price, and even with non-ambitious long-term regulatory 284

mechanisms, the electricity system tends toward rapid decarbonization; (ii) the partial removal 285

of the carbon price, as the one produced by the Decreto Bollette, breaks this trend in most sce- 286

narios, trading substantial CO2 emission increments for limited impacts on total system costs; 287

and (iii) long-term regulatory mechanisms can partially shield the system from the most harm- 288

ful effects of the carbon price suppression, but this condition requires immediate commitment 289

and a shift in the market-design paradigm toward large-scale long-term regulatory mechanisms 290

supporting green investments. We close the discussion by presenting the study’s limitations, its 291

implications for these conclusions, and future work. 292

Green investments and decarbonization trajectories 293

A key trend across scenarios is that the current competitiveness of green investments, coupled 294

with strong economic signals from carbon pricing and long-term regulatory mechanisms, pro- 295

vides a robust basis for decarbonization in systems that remain fossil-fuel-dependent. Although 296

within the studied time horizon the system does not fully decarbonize, it does achieve rapid, 297

cost-effective integration of renewable energy, bringing additional system-wide benefits, such as 298

increased resilience to natural gas price shocks. These results emerge in a setting that delib- 299

erately assumes an aggressive demand-growth scenario, constraining the system to expand its 300

generation assets to meet rising demand, a condition achieved without substantial incremental 301

costs. 302

More specifically, results depict a power system that relies heavily on solar PV and storage 303

to support decarbonization scenarios, which, in turn, drive the aggressive decommissioning of 304

existing CCGT plants and their partial replacement with OCGT capacity. Onshore wind, given 305

its relatively low capacity factor due to spatial aggregation in both the model and the resource 306

information from Antonini et al. 51, is only moderately competitive. Offshore wind is only substan- 307

tially competitive when aggressive, long-term regulatory mechanisms are in place, substituting 308

solar PV in the [H+] scenario. The reshaping of the thermal fleet stems from three factors. First, 309

the relatively low capacity factor required from fossil-fuel plants under large RES penetration. 310

Second, the CRM design provides differentiated treatment to existing and new assets, favoring 311

the latter and thereby opening the door to inefficient retrofitting from a system perspective but 312

economically grounded from the agent’s perspective. Third, as a modeling caveat, the absence 313

of large-scale storage investment options leaves peaking plants as the available flexibility choice. 314

These findings, aligned with the literature analyzing future energy systems52,53, reinforce the 315

need to enable systems and markets oriented toward rapid decarbonization and to make them 316

resilient not only to energy price shocks but also to policy designs that may have unintended 317

effects and slow down the transition. Rapid decarbonization is possible, but it requires a set of 318

necessary conditions to accelerate and sustain it. The following two sections discuss the role of 319

the key enabling factors: a strong carbon price signal and long-term regulatory mechanisms to 320

support green investment. 321

Carbon pricing suppression 322

The suppression of the carbon price signal in the electricity market produces short- and long- 323

term effects. The former, perhaps more prevalent in discussions of price shocks and aligned with 324

the results from analyses of the Iberian exception6,7, is the marked short-term cost reduction. 325
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This cost decrease, stemming from reductions in inframarginal rents and reduced profits for 326

incumbent agents, could be directly reflected in the costs faced by final users and therefore 327

carries significant weight in political discussions. 328

More notable than the overall short-term cost reduction is the effect on the wholesale price 329

signal. Generators face a substantial price reduction with significant implications for investment 330

profitability. This impact is more pronounced for merchant investments, making the system more 331

reliant on long-term regulatory mechanisms. In terms of technologies, the suppression of the 332

carbon price substantially reduces solar and storage investments, both of which are key tech- 333

nologies for the transition and for energy security, making the system more dependent on existing 334

assets, most of which are gas-fired power plants. 335

Taken together, these compound effects push the system toward greater dependence on 336

fossil-fuel resources. As a result, system emissions increase substantially over the long term, 337

nullifying the earlier short-term cost benefits, since EU-ETS costs must be eventually repaid by 338

final users. This also makes system costs more closely correlated with gas price shocks, an ex- 339

pected pattern as natural gas assets become more dominant. These long-term price pressures 340

are also present in scenarios with a temporal, but unknown, duration of the Decreto Bollette, 341

leading agents to delay investments and resulting in comparatively higher costs. Although re- 342

newable investment recovers after the carbon price is fully restored, the risks faced by agents 343

and the impacts on prices and emissions have already materialized. 344

This analysis yields a strong insight into the suppression of the carbon price: Decreto Bol- 345

lette-like policies offer short-term price reductions at the cost of long-term damage to the invest- 346

ment signal, leading to subsequent rising prices and substantial increases in CO2 emissions. 347

Nonetheless, the negative outcomes from carbon price suppression can be partially hedged by 348

the presence of long-term regulatory mechanisms, as discussed next. 349

The role of long-term regulatory mechanisms 350

The system behavior in the presence of a full carbon price and long-term regulatory mechanisms 351

is worth understanding first. Assuming the mechanisms are in place throughout the simulation, 352

market participants learn, relative to the [CRM] scenario, to wait for the long-term mechanisms 353

to remunerate green investment rather than relying solely on wholesale revenues. This creates 354

a self-reinforcing dynamic: once investors anticipate that capacity will be procured through auc- 355

tions, merchant entry diminishes, which, in turn, makes auctions the binding channel for new 356

capacity, further strengthening the incentive to wait for them. The evolution of the generation 357

mix thus becomes increasingly contingent on the continued presence and sizing of the mecha- 358

nisms. Finally, while our scenarios are not directly comparable with real auction outcomes, since 359

the mechanisms are sustained across the whole horizon, the [H-] and [H] configurations pro- 360

cure average volumes broadly in line with Italy’s recent auctions, whereas [H+] raises the level 361

of commitment substantially, procuring large volumes of offshore wind whose higher capacity 362

factor increases the overall share of renewable energy in the system. 363

The comparison across hybrid market scenarios showcases the strength of long-term mech- 364

anisms in shielding investment signals and incentives from the wholesale market when the car- 365

bon price is suppressed. This holds true even when all mechanisms expose assets to wholesale 366

short-term prices, a key feature desired in current market design. Although scenarios [H-] and 367

[H] are subject to the diminishing investment incentives for green assets discussed in the pre- 368

vious section, the magnitude is substantially lower than in the [CRM] scenario, which includes 369

no direct support for RES and ESS. Notably, the [H+] scenario shows almost no increase in 370

emissions when the carbon price signal is suppressed, and it sustains, over time, the total cost 371

reductions observed in the short term. 372
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As such, ambitious long-term regulatory mechanisms could push the system towards de- 373

carbonization while also shielding it from the negative impacts of suppressing the carbon price 374

signal. However, this comes with caveats. As shown in Figure 2, system costs shift almost en- 375

tirely toward the long-term mechanisms, especially CfD contracts. Although this does not entail 376

a direct cost increase for final users, the scale of the mechanisms requires a conceptual shift in 377

market design, one in which the short-term wholesale price signal becomes largely irrelevant for 378

remunerating utility-scale assets. Such transformation comes along with a level of commitment 379

from regulators and policymakers to assume the role of active planners, in line with arguments 380

for deeper hybrid market designs54. The contrast across the tested Hybrid scenarios highlights 381

the need for a large level of commitment. Even in the least ambitious [H-] case, the auction 382

volumes are substantial, comparable in scale to Italy’s 2025 FER X and MACSE rounds, but 383

sustained year after year across the 2025-2040 horizon rather than procured once. In addition, 384

the response from the auction mechanism is dynamic: as the carbon price signal is suppressed, 385

the mechanisms react, in speed and size, to compensate for the merchant investment that no 386

longer materializes. The shielding effect is therefore obtained through a durable, escalating, and 387

actively planned commitment. Precisely in that regard, our assessment represents the best-case 388

scenario for these mechanisms: we assume they exist and persist throughout the simulation un- 389

der known conditions, so agents can reliably anticipate them and invest accordingly. In practice, 390

the value of long-term mechanisms depends on regulatory commitment, and the [UD] scenario, 391

where the timing of carbon-signal restoration is uncertain, shows that the cost of this uncertainty 392

is far from negligible. 393

In this context, where large-scale commitments towards long-term support for green invest- 394

ment are needed for the transition and can also hedge against a suppressed carbon price, a 395

deeper tension emerges from the political economy of these policies. The [H+] scenario can be 396

tentatively considered as an ideal outcome that requires a regulatory posture in direct contradic- 397

tion with the logic of the Decreto Bollette itself. Ambitious long-term support for green investment 398

could be understood as an indirect subsidy to technologies that, as our analysis shows, do not 399

deliver strong system-level benefits when carbon pricing is suppressed. These are the same 400

technologies that, conversely, become the cornerstone of the transition when long-term mech- 401

anisms are strong. The same political conditions that motivate cutting the carbon price signal 402

are therefore unlikely to coexist with the level of commitment that [H+] demands. A policymaker 403

willing to suppress the carbon price signal, but refraining from long-term green investment sup- 404

port at the level required, would lead the system toward a condition more aligned with the [H-] 405

and [CRM] scenarios, where the vicious cycle of fossil-fuel dependence, long-term vulnerability 406

to shocks, and rising emissions emerges. 407

This political tension is reinforced by the symmetric role of uncertainty. We assume the 408

persistence of long-term mechanisms across the horizon, but the [UD] scenarios show that 409

uncertainty about the persistence of the carbon price suppression already shapes agent behavior 410

and erodes the price signal even before the policy materializes. By the same logic, uncertainty 411

over the persistence of long-term mechanisms would erode the very investment incentives they 412

are designed to provide, weakening the shielding effect that makes [H+] attractive in the first 413

place. The credibility of the commitment, and not only its initial ambition, is therefore a necessary 414

condition for the favorable outcomes observed in the Hybrid scenarios. 415

Limitations and future work 416

From an electricity system perspective, MARLEY relies on three simplifications: a copper-plate 417

network that ignores congestion and locational signals, the absence of technical security con- 418

straints, and the lack of an interconnection module for cross-border exchange. Each of these 419
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bears on the value of the assets we study, including, but not limited to, siting incentives and cap- 420

ture rates for renewables and storage, as well as penetration constraints. In particular, the lack 421

of an interconnection module may lead us to underestimate both the incentive for increased ther- 422

mal production induced by the carbon price suppression of the Decreto Bollette, and its resulting 423

impact on CO2 emissions, as similar analyses of the Iberian Exception have shown7,8,55. 424

Moreover, we do not model the demand side or the PPA market. Although we represent 425

substantial ambition in the CfD mechanisms, the PPA market could provide an alternative for 426

these types of investments without direct government intervention. Modeling representative con- 427

sumers and the interaction between demand response, electricity prices, and volatility may prove 428

insightful for future analyses of the carbon price signal and price formation in electricity systems, 429

as discussed in Geis et al. 56. 430

We also assume static conditions in the EU-ETS market across scenarios. This could have 431

important repercussions if similar measures become widespread, as the emissions impact is 432

substantial in most scenarios. Plausibly, the feedback effects, if emission targets are maintained, 433

would increase the cost of the [D] scenarios modeled, as the carbon price trajectory would rise 434

with respect to the baseline. However, further work is needed to validate this hypothesis. 435

From a methodological perspective, the results depend on the MARL setup’s learning dy- 436

namics. The use of IPPO represents one algorithmic choice among several available in the 437

competitive MARL literature, and the design of agent objectives, action spaces, and exploration 438

parameters shapes the equilibria to which agents converge. While the consistency of the qual- 439

itative trends across tests and scenarios provides some reassurance regarding the robustness 440

of the findings, sensitivity to alternative algorithmic choices, reward formulations, and richer rep- 441

resentations of investor heterogeneity warrants further exploration. 442

Furthermore, we refrain from explicitly incorporating risk aversion into the MARL algorithms. 443

Although single-agent risk-averse implementations exist57, their implications for multi-agent com- 444

petitive environments deserve further attention. We anticipate that risk aversion would materially 445

affect these results, particularly under the policy, fuel-source, cost, and market uncertainties we 446

examine, by strengthening agents’ preference for the revenue certainty of long-term support over 447

merchant exposure. 448

Finally, we refrain from discussing the technical issues related to the legality and applicability 449

of the Italian Decree within the European legal framework, as this lies outside the scope of our 450

assessment. We instead treat this as a general measure, applicable to other power systems, in 451

which carbon price signals are not fully transmitted into electricity dispatch. 452
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METHODS 453

This section builds on the general overview presented in Figure 1 for the MARLEY framework, 454

introducing the multi-agent electricity market model, the MARL implementation, the policy sce- 455

narios, and the experimental setup. 456

The long-term MARL Electricity Market Model 457

MARLEY is built around a MARL environment, implemented using the Gymnasium and RLlib 458

libraries58,59, targeted towards mid- and long-term decarbonization analysis in wholesale elec- 459

tricity markets, focusing on utility-scale investment decisions and market mechanisms designed 460

to promote them. 461

Stylized short-term markets are the core of MARLEY’s power system representation. They 462

are constructed using 24-hour representative periods obtained by aggregating publicly available 463

time series for the Italian system51,60 with standard techniques61, and aim to represent a bi- 464

monthly period. Each representative day is solved through a cost-minimizing optimization in 465

which generation assets bid quantities and prices reflecting their availability and marginal costs 466

(including any carbon price). Short- and mid-term storage assets, in contrast, operate freely 467

within their technical constraints at zero marginal cost, with GENCOs setting the desired levels 468

of pumped-hydro assets for the following representative period. The dispatch is subject to de- 469

mand and flexibility balance constraints, whose shadow prices define the energy and flexibility 470

prices remunerated to contributing assets, and adopts a copper-plate assumption that abstracts 471

from transmission limits on energy injection and resource integration. 472

In this market, GENCOs maximize economic profit by owning and operating a portfolio of 473

generation and storage assets under a decentralized market structure. Their portfolios span 474

the key power technologies (utility-scale solar PV, onshore wind, offshore wind, coal, combined- 475

cycle gas turbines (CCGT), open-cycle gas turbines (OCGT), and 3- and 8-hour batteries). In 476

addition, each incumbent GENCO holds a set of existing assets, including pumped hydro, and 477

may actively decommission CCGT and OCGT units over the horizon. 478

In addition, a high-level policymaker implements targeted interventions to minimize system 479

costs and reduce CO2 emissions, using the carbon price to unify these objectives into a single 480

function. Precisely, the policymaker, with an annual resolution, sets the targets for both the long- 481

term regulatory mechanisms promoting RES investments, intended to represent production- 482

based CfD auctions62, and a long-term flexibility-service procurement mechanism without dis- 483

patch restrictions, as classified by63. Storage is remunerated through a premium per MWh of 484

installed energy capacity while preserving partial exposure to short-term market signals. Com- 485

plementing these mechanisms, the environment integrates a capacity market based on a Relia- 486

bility Option Design23, in which a fixed adequacy target drives investment in firm capacity. 487

In the long term, GENCOs invest in generation and storage assets through four mutually 488

exclusive channels: 489

• Merchant investments carried out outside any long-term mechanism and remunerated 490

solely through wholesale inframarginal and scarcity rents; 491

• RES investments supported via CfD auctions where the GENCO commits their produc- 492

tion to a double-sided contract financially settled against the auction strike price and the 493

short-term market price; 494

• Capacity market investments, where resources receive a premium based on their en- 495

dogenous capacity credit under a reliability option, forgoing scarcity rents in exchange. 496
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Existing assets also participate, but receive a premium equal to half that of entrants, and 497

only in years when an adequacy gap is identified; and 498

• Short-term storage investments supported by flexibility auctions where resources re- 499

ceive a premium for the energy storage capacity for participating in the wholesale market 500

and covering the system’s flexibility needs. 501

No forced investment or alternative driving signal beyond economic profit is modeled in MAR- 502

LEY. As a result, training converges to market conditions where agents earn consistently pos- 503

itive profits, rather than to the near-zero-profit condition expected under perfect competition. 504

This outcome reflects several structural features of the framework: the investment formulation 505

itself, where inaction yields a risk-free zero-profit outcome, the limited number of agents, the 506

predictability and implicit coordination that emerge from repeated training under identical system 507

conditions, the non-linearities embedded in market and mechanism design, and the imperfec- 508

tions inherent to current MARL training techniques. 509

The Multi-Agent Reinforcement Learning Implementation 510

The market environment is formalized as a Partially Observable Stochastic Game (POSG), in 511

which agents observe a local state comprising their portfolio composition, market signals, and 512

exogenous system conditions, and select an action that combines discrete investment decisions, 513

relying heavily on action-masking to reduce the decision space64. Specifically, GENCOs receive 514

a private reward corresponding to its net economic profit from market participation. The policy- 515

maker is modeled analogously, with its own observation, action, and reward structures tied to 516

the system-level cost and emission objectives. 517

In line with Gonzalez-Ruiz et al. 29, we solve this POSG using Independent Proximal Policy 518

Optimization (IPPO), and adapting the RLlib and Gymnasium implementations58,59. PPO, intro- 519

duced in Schulman et al. 65 and extended to multi-agent settings in Yu et al. 32, is an on-policy 520

Actor-Critic algorithm that trains a stochastic policy through two neural networks. The Critic 521

provides a baseline for reward estimation, while the Actor selects actions that maximize reward 522

given the observed state. Training relies on the standard clipped surrogate objective, with en- 523

tropy regularization to encourage exploration and a value-function loss for the Critic65,66. In its 524

multi-agent independent learning variant, this training process is replicated across all agents, 525

with each agent treating the others as part of the environment, without parameter sharing or a 526

centralized critic. 527

We adopt IPPO as a scalable solution that robustly converges to an equilibrium of the market 528

problem under reasonable computational constraints, despite the well-known challenges asso- 529

ciated with independent learning (credit assignment, equilibrium multiplicity, and the inherent 530

non-stationarity of the learning process)67. 531

The Supplementary Material reports a robustness analysis of the methods and a comparison 532

with the centralized-training, decentralized-execution MAPPO variant of Yu et al. 32, confirming 533

both IPPO’s suitability in this setting and the reliability of our main results and conclusions. 534

Scenarios 535

For the scenarios, we adopt a 2025–2040 horizon, long enough to capture both the short-term 536

suppression of the carbon price signal and its longer-term consequences for investment, as 537

agents respond to the resulting signals through decommissioning decisions and reliance on the 538

long-term regulatory mechanisms. 539
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We design a scenario matrix that isolates the effects of partially removing the carbon price 540

signal under different ambition levels for renewable and storage support. The two central sce- 541

narios fix the policy treatment of the carbon price: [ND] retains the full carbon price signal, while 542

[D] applies the partial suppression of the carbon price signal introduced by the Decreto Bollette 543

for the whole simulation horizon. 544

In all market configuration scenarios, and as the sole mechanism in the [CRM] case, a capac- 545

ity market is implemented with a fixed adequacy target. From that baseline, long-term ambition 546

varies across the hybrid scenarios [H+], [H], and [H-], which differ in the parameters governing 547

the CfD and flexibility mechanisms available to the stylized policymaker. We emphasize that 548

these parameters define upper bounds rather than active constraints: they set the maximum 549

target and the maximum yearly target increment the policymaker may pursue, but the realized 550

auction volumes are outcomes of the reinforcement-learning process rather than fixed inputs. 551

Within these limits, the policymaker learns how aggressively to procure capacity, while the vol- 552

ume actually awarded depends on both its decisions and the GENCOs’ willingness to invest. A 553

target is therefore not necessarily reached: under the 120% ceiling, for example, RES penetra- 554

tion may fall short if market conditions do not support the corresponding investment, even when 555

the policymaker sets the target and opens the auctions to procure it. As before, we assume 556

the long-term mechanisms are present throughout the entire simulation horizon. The complete 557

configuration across scenarios is reported in Table 3. 558

The [UD] scenarios are designed to capture the temporary nature of the carbon price sup- 559

pression. During training, agents are exposed to four predefined cases in which the suppression 560

is reversed in simulation year 4, 8, or 12, or never reinstated, preventing them from anticipating 561

the exact moment of restoration. The Results section focuses on the policy-relevant outcome 562

of reinstatement in year 4, representing a government that uses suppression as a short-term 563

consumer price relief measure before restoring the full carbon price signal. This case illustrates 564

how short-lived relief produces only transient effects on the long-term trajectory once agents 565

internalize this uncertainty 566

In all of the above scenarios, the carbon price starts at 70 e/tCO2 in 2025, in line with the cur- 567

rent EU-ETS price, and rises linearly to 150 e/tCO2 by 2040. Building on this baseline, we use 568

the [H] and [CRM] scenarios, which respectively include and exclude long-term mechanisms 569

supporting green investment, to test two additional carbon price trajectories. In the first, the car- 570

bon price remains flat at 70 e/tCO2 over the entire horizon; in the second, it rises to 230 e/tCO2 571

by 2040, intensifying the decarbonization pressure on the policymaker. 572

Across all scenarios, we calibrate system conditions to emulate 2025 as the starting point48,68. 573

Demand reflects 2025 values, assuming net imports remain constant across the analyzed hori- 574

zon. We further assume a 2% annual demand growth rate, departing from the recent stagnation 575

and aligning with ambitious electrification pathways for the Italian system69. Moreover, we adopt 576

the declining-cost trajectories for renewable and storage technologies reported in the PyPSA 577

database70, and we augment the fuel cost assumptions from the same source with a regime- 578

switching shock module that becomes active after 2030. This triggers gas price shocks roughly 579

once every 12 years, with typical peaks at twice the long-term price and a duration of 2 years. 580

This component exposes the system, uniformly across scenarios, to stylized disruptions of the 581

kind observed during the 2022 and 2025-2026 European gas crises. For the gas shock metric 582

in Figure 5, we compare results with and without the previous module active, highlighting the 583

system’s vulnerability to gas price variations. 584

Furthermore, we model the active decommissioning of CCGT and OCGT plants, while the 585

existing coal fleet remains nominally in operation for the duration of the analysis, but is effectively 586

mothballed under prevailing fuel and carbon price conditions. Finally, we model the Italian system 587

with 16 agents, divided equally between entrants and incumbents. All agents operate their full 588

portfolios, enabling them to pursue complementary investment strategies across all available 589
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Market
mechanism Market feature Scenarios

CRM H- H H+

Capacity
Market

Adequacy Target:
Energy not served ratio
over the mean demand 0.0008

[%]
Price-strike for
Reliability Option 300
[EUR/MWh]
Price-cap auction:
Premium for
Reliability Option 20

[EUR/MWh-firm]

Contract for
Difference

Market

Maximum Target:
RES energy production
over the mean demand N/A 60 80 120

[%]
Maximum yearly target growth:
RES energy production
over the mean demand N/A 4 6 8

[%]
Price-cap auction:
Strike for the
two-way CfD N/A 150

[EUR/MWh]

Flexibility
Market

Maximum yearly target growth:
ESS energy capacity
over the mean demand N/A 60 80 120

[%]
Maximum yearly target growth:
RES energy production
over the mean demand N/A 4 6 8

[%]
Price-cap auction:
Premium for energy
storage capacity N/A 30,000

[EUR/MWh/year]

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 590

material. 591
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Experiments 592

To preserve scenario-specific dynamics, we run an independent training session for each sce- 593

nario, using a conservative configuration that prioritizes learning stability over throughput29,32. 594

We fix a common computational budget across experiments, ensuring sufficient learning itera- 595

tions for agents to settle into stable strategies, and deliberately avoid learning-rate or entropy 596

schedulers that could force premature convergence. 597

Figure 7 illustrates the resulting training dynamics, showing the evolution of rewards by agent 598

category across the main scenarios. This training dynamics can be divided into two distinct 599

stages. In the first, GENCOs over-invest in the system, producing negative economic perfor- 600

mance but lower system costs and emissions. From this starting point, GENCOs progressively 601

filter out inefficient strategies by scaling back investments. Depending on the market design, 602

this contraction of merchant investment triggers long-term mechanisms, a regime change that 603

policies need to internalize during training. By the end of the training session, GENCOs re- 604

wards stabilize at positive values, indicating that investments achieve an internal rate of return 605

above the discount rate, as evidenced by the aggregated rewards of entrant agents. Nonethe- 606

less, reward levels still vary across training steps, underscoring the challenges of convergence in 607

multi-agent environments. Hyperparameters, network configurations, and robustness analyses 608

are reported in the supplementary material. 609

Once the training session is complete for each scenario, market and system outcomes are ob- 610

tained from 1,000 independent environment trajectories, allowing us to capture both the stochas- 611

ticity of the environment and that of the agent strategies. 612
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1 The long-term MARL Electricity Market Model 655

This supplementary material highlights the main aspects of the electricity market representation 656

in MARLEY, including the equivalent wholesale market representation and the different long-term 657

regulatory mechanisms that support investments by Generation Companies (GENCOs). 658

1.1 Economic dispatch for equivalent short-term market 659

The equivalent economic dispatch emulates the short-term operation of the electricity system, 660

providing signals for dispatched resources, prices, and adequacy concerns within the model. 661

To construct the economic dispatch, hourly resource and demand information51 are aggregated 662

using the TSAM library61, which condenses bi-monthly data into four correlated typical 24-hour 663

days. Once these representative resource and demand series are obtained, one is randomly 664

selected per dispatch call, and the economic dispatch is solved at an hourly resolution over the 665

24-hour representative period. These dispatches are solved sequentially; each simulated year 666

comprises six economic dispatches, one per bi-monthly period. 667

Within the dispatch, four main assumptions are adopted. First, the dispatch minimizes total 668

system costs, as no demand-side flexibility beyond curtailment is considered. Second, genera- 669

tors submit bids based on their marginal production costs, including any applicable carbon taxes. 670

Third, short-term storage is operated to minimize total system costs. Finally, long-term storage 671

(pumped hydro in the Italian case) is governed by two rules: during the representative day, it is 672

operated as an 8-hour storage solution, and agents select a target state of charge to be reached 673

by the end of the representative period. 674

Abiding by these principles, the formulation follows a cost-minimization objective function: 675

min
∑
i,t

ci · qi,t +
∑
t

cvoll · qslackt (1)

where ci is the variable cost of generation technology i [e/MWh], qi,t is the dispatched quantity 676

of technology i at time t [MW], cvoll is the Value of Lost Load [e/MWh], and qslackt is the dis- 677

patched quantity of the slack generator at time t [MW], activated only when the system cannot 678

meet demand through available generation and storage resources (ensuring feasibility inside the 679

Reinforcement Learning loop). 680

The problem is first subject to the supply-demand balance constraint: 681∑
i

qi,t +
∑
s

(qdischarges,t − qcharges,t ) +
∑
n∈N l

(qdischargen,l,t − qchargen,l,t ) + qslackt = Dt ∀t (2)

where Dt is the electricity demand at time t [MW], qi,t is the dispatched quantity of generation 682

technology i at time t [MW], qcharges,t and qdischarges,t are the dispatched charge and discharge quan- 683

tities of short-term storage s at time t [MW], qchargen,l,t and qdischargen,l,t are the dispatched charge and 684

discharge quantities of long-term storage l at time t [MW], corresponding to the operational de- 685

cision of agent n ∈ N l, where N l is the set of agents holding long-term storage assets, and qslackt 686

is the dispatched quantity of the slack generator at time t [MW]. 687

The dispatched quantity of each generation technology is bounded by its installed capacity, 688

adjusted by a time-varying availability factor to account for the variability of renewable energy 689

sources and the planned or unplanned outages of units (selected randomly from a pre-defined 690

distribution for each economic dispatch call): 691

0 ≤ qi,t ≤ Q̄i,t ∀i, t (3)
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where Q̄i,t = ϕi,t ·Kmax
i is the available capacity of generation technology i at time t [MW], Kmax

i 692

is the installed capacity of generation technology i [MW], and ϕi,t ∈ [0, 1] is the availability factor 693

of generation technology i at time t. 694

Short-term ESS are subject to stylized energy-balance dynamics: 695

Es,t = Es,t−1 + ηcharges · qcharges,t −
qdischarges,t

ηdischarges

∀s, t (4)

696

0 ≤ Es,t ≤ Emax
s ∀s, t (5)

697

Qmin
s ≤ qcharges,t ≤ Qcharge,max

s ∀s, t (6)
698

Qmin
s ≤ qdischarges,t ≤ Qdischarge,max

s ∀s, t (7)

where Es,t is the energy stored in short-term storage s at time t [MWh], ηcharges and ηdischarges 699

are the charge and discharge efficiencies of short-term storage s, Emax
s is the maximum energy 700

capacity of short-term storage s [MWh], Qcharge,max
s and Qdischarge,max

s are the maximum charge 701

and discharge power capacities of short-term storage s [MW], and Qmin
s is the minimum power 702

capacity of short-term storage s [MW]. The previous set of constraints can be repeated for ESS 703

with different energy-to-power ratios. 704

For long-term ESS, aside from the standard constraints, an additional parameter is included 705

to represent the operational decision taken by incumbent GENCOs for the operation of these 706

assets. These constraints are formulated individually for each agent n ∈ N l holding long-term 707

storage assets: 708

En,l,t = En,l,t−1 + ηchargel · qchargen,l,t −
qdischargen,l,t

ηdischargel

+ Il,t ∀n ∈ N l, l, t (8)

709

0 ≤ En,l,t ≤ Emax
n,l ∀n ∈ N l, l, t (9)

710

Qmin
l ≤ qchargen,l,t ≤ Qcharge,max

l ∀n ∈ N l, l, t (10)
711

Qmin
l ≤ qdischargen,l,t ≤ Qdischarge,max

l ∀n ∈ N l, l, t (11)
712

En,l,T = γn,l · Emax
n,l ∀n ∈ N l, l (12)

where En,l,t is the energy stored in long-term storage l at time t by agent n [MWh], ηchargel and 713

ηdischargel are the charge and discharge efficiencies of long-term storage l, Emax
n,l is the maximum 714

energy capacity of long-term storage l held by agent n [MWh], Qcharge,max
l and Qdischarge,max

l are 715

the maximum charge and discharge power capacities of long-term storage l [MW], Qmin
l is the 716

minimum power capacity of long-term storage l [MW], Il,t is the water inflow to long-term storage 717

l at time t [MWh], and γn,l is the desired state of charge parameter selected by agent n for long- 718

term storage l at the final period. Importantly, the formulation assumes that all final states in the 719

long-term storage solution for the next representative period are feasible. 720

Furthermore, the system is subject to a simplified flexibility constraint, aiming to represent 721

network and system constraints in the power system. Future work will focus on improving this 722

representation, either by adding additional constraints or by using aggregated parameters. For 723

the current version: 724∑
i

αi · qi,t +
∑
s

αs · (qcharges,t + qdischarges,t ) +
∑
l

αl · (qchargel,t + qdischargel,t ) + qslackt ≥ β ·Dt ∀t (13)

where αi, αs, and αl are the flexibility coefficients for generation technology i, short-term storage 725

s, and long-term storage l respectively, and β is the flexibility coefficient for demand. The slack 726

generator qslackt is included in the flexibility constraint to ensure the problem’s feasibility. 727
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The flexibility coefficients reflect the degree to which each technology can contribute to sys- 728

tem flexibility, with dispatchable and storage technologies generally assigned higher values than 729

variable renewable sources. The parameters used in the model are reported in Table 4. We leave 730

for future work an enhancement of the grid module to better represent technical constraints in 731

power systems. 732

Category Technology Coefficient

Generation

Solar PV 0
Onshore Wind 0.1
Offshore Wind 0.12

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 on71–73

Finally, the energy price λt is the shadow price of the supply-demand balance constraint 733

[e/MWh], representing the marginal cost of serving additional electricity demand. The flexi- 734

bility price µt is the shadow price of the flexibility balance constraint [e/MWh], representing 735

the marginal cost of providing additional flexibility. Based on these definitions, GENCOs are re- 736

munerated for the energy dispatched at the energy price, for their flexibility contribution at the 737

flexibility price, and for the specific coefficient of the generation technologies. 738

Sets and indices: i ∈ I (generation technologies), s ∈ S (short-term storage technologies), 739

l ∈ L (long-term storage technologies), t ∈ T (time periods). 740

1.2 Contract for Difference Market 741

The model incorporates a Contracts for Difference (CfD) mechanism as a long-term revenue 742

stabilization instrument for renewable energy investment. This section first explains the financial 743

contract, then details the balancing mechanism the policymaker uses to provide the investment 744

signal. 745

1.2.1 Two-way Contract for Differences: 746

The CfD operates as a two-way production-based financial contract: when the spot market price 747

exceeds the agreed strike price, the generator pays back the difference to the system. Con- 748

versely, when the spot price falls below the strike price, the generator receives a top-up payment. 749

The financial settlement of the CfD contract is computed at each time period t of the economic 750

dispatch. From the system’s perspective, the net CfD settlement payment is given by: 751

ΦCfD
n,j,t = (λt − κCfDn,j ) · qCfDn,j,t ∀n ∈ NCfD, j ∈ JRES, t (14)

where λt is the spot market price at time t [e/MWh], κCfDn,j is the CfD strike price awarded to 752

agent n for technology j [e/MWh], and qCfDn,j,t is the quantity of energy dispatched under the CfD 753

contract by agent n for technology j at time t [MWh]. The share of energy dispatched coming 754
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from CfD is defined as the ratio between CfD and total system capacity, so CfD generators have 755

no priority in the dispatch and suffer the direct effects of curtailment. The price applicable to an 756

agent is the weighted average of all assets in a particular technology participating in the market. 757

In the case ΦCfD
n,j,t > 0, the system receives a net payment from the generator; when ΦCfD

n,j,t < 0, 758

the system makes a top-up payment to the generator. 759

1.2.2 RES investment signal: 760

The CfD auction is administered by the planner agent (policymaker), which periodically assesses 761

the gap between projected and target renewable energy penetration over a planning horizon. 762

Specifically, the regulator projects the future RES energy contribution (accounting for existing 763

capacity, assets under construction, and capacity aging) and compares it against a target pen- 764

etration level, itself determined by the planner’s action in the previous period. An auction is 765

triggered only when the projected RES penetration falls short of the target, ensuring that the 766

mechanism intervenes only when a genuine supply gap exists. A single pay-as-bid auction is 767

held jointly for the three RES technologies in the model (solar PV, onshore wind, and offshore 768

wind) in which generators submit price and quantity bids, and winning projects are awarded a 769

CfD contract at their bid price. Accepted projects are subsequently added to the investment 770

pipeline and built following their respective construction times. 771

At each decision step, the planner evaluates the current RES balance by comparing the 772

projected average yearly RES energy contribution against the projected average yearly demand 773

over a planning horizon H: 774

ρ̂t+H =
ÊRES
t+H

D̂t+H

(15)

where ÊRES
t+H is the projected average yearly RES energy contribution at the planning horizon 775

[MWh], accounting for existing installed capacity, all projects currently under construction, and 776

expected capacity aging, and D̂t+H is the projected average yearly electricity demand at the 777

planning horizon [MWh]. The planner then decides whether the current projected penetration 778

ρ̂t+H should be maintained or increased, by selecting an incremental target: 779

ρtargett = ρ̂t+H + δCfDt (16)

where δCfDt ≥ 0 is the incremental penetration target selected by the planner at decision step 780

t, drawn from a discrete action space. When δCfDt = 0, no auction is triggered and the current 781

deployment trajectory is deemed sufficient. When δCfDt > 0, the resulting RES balance gap: 782

∆RES
t =

(
ρ̂t+H + δCfDt

)
· D̂t+H − ÊRES

t+H ∀t (17)

is strictly positive, triggering a CfD auction for a contracted volume equal to ∆RES
t . 783

GENCO agents submit price and quantity bids for solar PV, onshore wind, and offshore wind 784

in a single pay-as-bid auction, with winning projects awarded a CfD strike price equal to their 785

submitted bid. Price bids are drawn from a discrete action space ranging from 0 to the auction 786

price cap κ̄CfD [e/MWh], following a multi-discrete distribution over a fixed number of price steps. 787

Quantity bids are expressed as the average yearly energy production of the proposed plant 788

[MWh], computed as the product of the installed capacity and the average yearly availability 789

factor of the corresponding technology. The investment capacity itself is selected from a set of 790

discrete investment steps K = {K1, K2, . . . , KM} [MW], where the steps are designed to provide 791

finer granularity at lower capacity levels. 792

All accepted projects, including the marginal bid in the auction, are subsequently added to 793

the investment pipeline and built following the construction time of the corresponding technology. 794
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1.3 Short-term flexibility market 795

The model incorporates a mechanism to support the integration of short-term storage. As before, 796

this section explains the financial contract first, and later details the balancing mechanism used 797

by the policymaker to provide the investment signal. 798

1.3.1 Financial support for flexibility: 799

Generators awarded a flexibility contract receive a fixed periodic capacity payment for their in- 800

stalled energy capacity. This payment is independent of the actual dispatch outcome and is 801

settled at each representative period. The capacity payment received by agent n for storage 802

technology s is given by: 803

ΦFL
n,s = κFLn,s · EFL

n,s · ω ∀n ∈ NFL, s (18)

where κFLn,s is the awarded capacity payment for agent n and storage technology s [e/MWh of 804

installed energy capacity], EFL
n,s is the contracted energy capacity [MWh], and ω is the number of 805

hours in the representative period. 806

In exchange for this guaranteed revenue stream, generators are awarded flexibility contracts 807

in which they forgo the flexibility remuneration arising from the economic dispatch. Specifically, 808

while all storage assets contribute to the flexibility constraint described in the dispatch formula- 809

tion, resources holding a flexibility contract do not receive the flexibility price µt [e/MWh] for their 810

flexibility contribution. The foregone flexibility revenue for agent n and storage technology s at 811

time t is: 812

ΨFL
n,s,t = µt · αs · (qchargen,s,t + qdischargen,s,t ) ·

EFL
n,s

Etotal
n,s

∀n ∈ NFL, s, t (19)

where µt is the flexibility price at time t [e/MWh], αs is the flexibility coefficient of storage tech- 813

nology s, qchargen,s,t and qdischargen,s,t are the dispatched charge and discharge quantities of storage s at 814

time t [MW], and EFL
n,s /E

total
n,s is the share of agent’s storage capacity under the flexibility contract 815

relative to its total installed storage capacity. 816

1.3.2 Flexibility investment signal: 817

Similar to the CfD mechanism, the flexibility auction is administered by the planner agent, which 818

periodically assesses the adequacy of short-term storage capacity relative to system demand 819

over a planning horizon. Specifically, the policymaker evaluates the current ratio of installed 820

short-term storage energy capacity against projected average yearly demand, and intervenes 821

when this ratio falls short of a target level. A single pay-as-bid auction is held for short-term 822

storage technologies, in which generators submit price and quantity bids, and winning projects 823

are awarded a capacity payment contract at their bid price. Accepted projects are subsequently 824

added to the investment pipeline and built following their respective construction times. 825

At each decision step, the planner evaluates the current storage adequacy ratio by comparing 826

the projected short-term storage energy capacity against the projected average yearly demand 827

over a planning horizon H: 828

σ̂t+H =
ÊST
t+H

D̂t+H

(20)

where ÊST
t+H is the projected short-term storage energy capacity at the planning horizon [MWh], 829

accounting for existing installed capacity, all projects currently under construction, and expected 830

capacity aging, and D̂t+H is the projected average yearly electricity demand at the planning 831

horizon [MWh]. 832
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The planner then decides whether the current projected ratio σ̂t+H should be maintained or 833

increased, by selecting an incremental target: 834

σtargett = σ̂t+H + δFLt (21)

where δFLt ≥ 0 is the incremental storage adequacy target selected by the planner at decision 835

step t, drawn from a discrete action space. When δFLt = 0, no auction is triggered and the current 836

storage deployment trajectory is deemed sufficient. When δFLt > 0, the resulting storage balance 837

gap: 838

∆FL
t =

(
σ̂t+H + δFLt

)
· D̂t+H − ÊST

t+H ∀t (22)

is strictly positive, triggering a flexibility auction for a contracted volume equal to ∆FL
t . 839

GENCO agents submit price and quantity bids for short-term storage technologies in a single 840

pay-as-bid auction, with winning projects awarded a capacity payment at their submitted bid 841

price [e/MWh of installed energy capacity]. Price bids are drawn from a discrete action space 842

ranging from 0 to the auction price cap κ̄FL [e/MWh], following a multi-discrete distribution over 843

a fixed number of price steps. Quantity bids are expressed in terms of the energy capacity of 844

the proposed storage plant [MWh]. The investment capacity is selected from the same set of 845

discrete investment steps K as in the CfD auction, providing finer granularity at lower capacity 846

levels. 847

All accepted projects, including the marginal bid in the auction, are subsequently added to 848

the investment pipeline and built following the construction time of the corresponding technology. 849

1.4 Capacity Remuneration Mechanism 850

For the capacity remuneration mechanism, a reliability option is implemented. This is explained 851

first, while the balancing mechanism, based on the Expected Unserved Energy, is detailed later. 852

1.4.1 Reliability option: 853

In economic dispatch, the capacity market serves as a reliability option. Generators awarded 854

a capacity contract receive a continuous capacity payment for their installed capacity, but are 855

required to return to the system any spot market revenues exceeding a pre-defined strike price 856

λ̄CM [e/MWh]. The net capacity market settlement for agent n and technology j at time t is: 857

ΦCM
n,j,t = κCMn,j ·KCM

n,j · ω −max(λt − λ̄CM , 0) ·KCM
n,j ∀n ∈ NCM , j, t (23)

where κCMn,j is the awarded capacity payment [e/MW], KCM
n,j is the contracted capacity of agent n 858

for technology j [MW], ω is the number of hours in the representative period, λt is the spot market 859

price at time t [e/MWh], and λ̄CM is the strike price of the reliability option [e/MWh]. When the 860

spot price exceeds the strike, the generator returns the excess revenues to the system. 861

Currently, the strike price is fixed at a value much lower than the system’s Value of Lost load 862

(at 300 [e/MWh], compared with 4000 [e/MWh]), ensuring demands receive benefits during 863

scarcity events and guaranteeing generators cover their variable production costs. 864

1.4.2 Capacity Remuneration Mechanism investment signal: 865

The capacity market auction is administered by the planner agent, which periodically assesses 866

whether the current generation and storage portfolio is sufficient to meet a target reliability stan- 867

dard, expressed as a maximum allowable Expected Unserved Energy (EUE). The adequacy 868

30



assessment is carried out across the full set of representative periods used to describe the oper- 869

ating year, including the maximum-demand representative period. Each representative condition 870

s spans the six bi-monthly seasons at hourly resolution and is assigned a probability ps reflecting 871

its frequency in the sampling distribution, with the extreme maximum-demand condition carrying 872

a small probability (here 1.7%). The system EUE is then evaluated as the probability-weighted 873

expectation of the per-condition EUE. 874

For a given representative condition s, the EUE is computed by solving a reliability Linea 875

Program that minimizes weighted unserved energy across all representative hours, subject to 876

generation limits, storage dynamics (short- and long-term), and supply–demand balance: 877

EUEs =
∑
τ

ωτ · us,τ (24)

where us,τ is the unserved energy at hour τ of condition s [MWh] and ωτ is the weight of hour τ , 878

which scales a representative day to the duration of its bi-monthly season (uniform across hours 879

and seasons). The system-level EUE used by the planner at decision step t is the expectation 880

over representative conditions: 881

EUEt = Es[EUEs] =
∑
s

ps EUEs. (25)

The reliability target is defined as a fraction of the expected total energy demand: 882

EUEtarget = ϵ · Es
[
Dtot
s

]
, Dtot

s =
∑
τ

ωτ ds,τ , (26)

where ϵ is the maximum allowable EUE fraction and Dtot
s is the total (weighted) energy demand 883

of condition s [MWh]. 884

An auction is triggered when the expected system EUE exceeds the target. The volume 885

to be contracted is obtained by converting the EUE gap [MWh] into firm capacity [MW] using 886

the marginal EUE reduction delivered by perfect firm capacity. Defining the expected marginal 887

reduction per MW of perfect capacity and the contract volume as: 888

ρ =
1

∆K
Es
[
EUEs(K)− EUEs(K+∆K · eperfect)

]
, (27)

∆CM
t = max

(
0,

EUEt − EUEtarget

ρ

)
. (28)

As such, ∆CM
t [MW] represents the additional firm capacity equivalent needed to restore the 889

system to the reliability standard, and an auction is called only when ∆CM
t > 0. 890

To participate in the auction, the contribution of different resources to system adequacy (de- 891

ratings) is required. For this, the Capacity Remuneration Mechanism computes the marginal 892

ELCC of technology j, which measures the fraction of perfect firm capacity that an additional 893

unit of that technology can displace while maintaining the same EUE level. Consistent with 894

the multi-condition assessment, the ELCC is formed as the ratio of probability-weighted EUE 895

reductions, aggregating numerator and denominator across conditions before dividing: 896

ψj =
Es[EUEs(K)− EUEs(K+∆K · ej)]

Es[EUEs(K)− EUEs(K+∆K · eperfect)]
∀j, (29)

where K is the vector of installed capacities, ej is a unit vector in the direction of technology j, 897

and eperfect is the unit vector corresponding to the ideal generator. Aggregating the expectations 898

separately ensures that high-stress conditions (typically the maximum-demand day) dominate 899

31



both numerator and denominator, so that a technology’s reliability contribution is not diluted by 900

mild conditions in which no unserved energy occurs. 901

When the adequacy check finds the system already compliant (i.e. ∆CM
t = 0 and no auction is 902

triggered), the model instead reports each technology’s average availability factor as its capacity 903

credit. These values are provided only for completeness, since no auction takes place and the 904

credits play no allocative role in that step. 905

Once an auction is called, the GENCO agents submit price and quantity bids in a pay-as- 906

bid auction, where quantity bids are weighted by the ELCC of the corresponding technology, 907

so that the auctioned volume is expressed in firm capacity equivalents. Accepted projects are 908

subsequently added to the investment pipeline and built following their respective construction 909

times. 910

1.4.3 Treatment of existing assets: 911

The adequacy assessment and the auction clearing described above account for the full oper- 912

ating portfolio: all existing assets not scheduled for decommissioning are included in evaluating 913

the system EUE and in computing the technology deratings ψj. In this sense, the firm capacity 914

already provided by the incumbent fleet is fully credited toward the reliability standard, and the 915

contract volume ∆CM
t reflects only the residual adequacy gap that the incumbent portfolio cannot 916

cover. 917

Existing assets, however, are remunerated under a distinct rule rather than bidding actively 918

in the auction. In any step where an adequacy gap is identified (i.e. ∆CM
t > 0), each non- 919

decommissioned existing asset receives a capacity premium equal to half of the average pre- 920

mium awarded to new entrants across all technologies: 921

κCM, exist
n,j =

{
1
2
κ̄CM,new if ∆CM

t > 0,

0 otherwise,
∀n, j, t, (30)

where κ̄CM,new is the average premium cleared in the auction for new capacity across all 922

accepted technologies. When no adequacy gap is identified and no auction is triggered, existing 923

assets receive no capacity premium. As with new entrants, existing assets remain subject to the 924

reliability-option settlement of Equation (1), returning to the system any spot revenues above the 925

strike price λ̄CM . 926

This treatment reflects the modelling assumption that incumbent capacity contributes to ad- 927

equacy and is partially remunerated for doing so during scarcity, while the marginal investment 928

signal is reserved for new entrants. In future work, we plan to relax this assumption by allowing 929

existing assets to bid actively in the capacity auction. 930
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2 The Long-term Electricity Market Environment 931

The Long-term Electricity Market is implemented following the Gymnasium standard58, and more 932

specifically the multi-agent environment interface developed by the RLlib team59. This supple- 933

mentary material describes that implementation. 934

2.1 Environment Structure 935

In the Gymnasium standard, reinforcement learning environments advance in discrete steps that 936

simulate transitions in the underlying Markov Decision Process. At each step, agents observe 937

the system state, take actions, and receive the corresponding reward. In the market model, 938

these environment steps map directly onto Equivalent Short-Term Market sessions and their 939

associated Representative Periods. 940

During each step, the GENCOs’ portfolios participate in the Equivalent Short-Term Market, 941

producing the outcomes that form the basis for the environment’s observations and rewards. 942

Aside from operating mid-term storage, however, agents do not make decisions that affect the 943

short-term market: generation assets bid their availability and marginal costs to the day-ahead 944

market (strategic bidding is not enabled), and the intra-day charge and discharge cycles of the 945

storage systems are scheduled for efficient system operation. Investment decisions, by contrast, 946

are enabled yearly, allowing agents to expand their portfolios. These investments occur every 947

two environment steps and in sequence across the year, as shown in the lower panel of Figure 948

1, so that yearly investment in any market is possible whenever system conditions require it. 949

2.2 GENCO 950

2.2.1 Reward 951

GENCOs are assumed to maximize the net present value of the cash flows obtained from the 952

electricity market, aggregating revenues and costs across all assets and markets in their portfolio 953

over the simulation. To remain consistent with real company operations, the reward is delivered 954

to agents step by step, as in Equation (31). It is split into two parts: the profits (PM, PCM, PCfD) 955

earned across the system’s markets, and the investment costs (ICM, ICCM, ICCfD) of new port- 956

folio additions, disaggregated by the same markets. To keep the financial modeling transparent, 957

cash-flow discounting is performed within the environment, with the discount rate treated as an 958

exogenous parameter. 959

Rg
t =

(
PM + PCM + PCfD︸ ︷︷ ︸

market profits

−
(
ICM + ICCM + ICCfD

)︸ ︷︷ ︸
investment costs

)
(1 + rg)

−t (31)

2.2.2 Action Space 960

GENCO actions comprise: (i) discrete merchant investments; (ii) quantity and price bids in the 961

capacity market; (iii) quantity and price bids in the Contract-for-Difference market; and (iv) oper- 962

ating decisions for the mid-term storage assets. 963

2.2.3 Observation Space 964

The set of observations available to GENCOs follows three principles. First, the selected vari- 965

ables should reflect real market conditions, in which agents access publicly shared system in- 966
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formation while firm-specific details remain private and inaccessible to competitors. Second, no 967

internal price-forecasting tools are included, preserving the agents’ full autonomy in decision- 968

making. Third, any information available in the market is also provided to the agents. 969

Accordingly, the GENCO observation set includes indicative time series for demand and 970

variable-resource availability, the energy mix implied by the assets in operation, individual and 971

system-wide reservoir levels, market information (such as prices and balances from the Capac- 972

ity and CfD markets), the aggregated reward per technology in those markets, policy-relevant 973

information, and the time index of the environment step. Because it relies on aggregated sys- 974

tem information, the observation framework does not depend on the number of agents, which is 975

constant within each simulation. 976

2.3 Policymaker 977

2.3.1 Reward 978

The policymaker’s reward is a function of three components, as shown in Equation (32). First, 979

total electricity system costs ECt cover the energy dispatched in the short-term sessions plus 980

any settlements from the financial mechanisms tied to the investment channels. Second, the 981

emissions cost CCO2,t values the system emissions ECO2,t at a time-dependent Social Cost of 982

Carbon SCC t, so that CCO2,t = SCC tECO2,t. We set the trajectory SCC t to coincide with the 983

carbon price path applied in each scenario, so that the policymaker internalizes emissions at 984

the same per-tonne value that GENCOs face through carbon pricing. This avoids a mismatch 985

between the cost imposed on emitters and the cost perceived by the policymaker. Third, the term 986

Taxt collects the revenues from carbon pricing and corporate taxes. As for GENCOs, discounting 987

is performed within the environment, using a discount rate rp specific to the policymaker. 988

Rp
t =

(
− ECt − SCC tECO2,t + Taxt

)
(1 + rp)

−t (32)

2.3.2 Action Space 989

The policymaker takes key decisions in the markets where GENCOs interact: in the CfD and 990

flexibility markets, it sets the RES and storage penetration targets. As with the GENCOs, the 991

policymaker’s actions are modeled through discrete variables, and their activation is governed 992

by Action Masking. 993

2.3.3 Observation Space 994

The policymaker observation set follows the same logic as GENCO’s, receiving indicative time 995

series for demand and variable-resource availability, the energy mix implied by the assets in 996

operation, individual and system-wide reservoir levels, and market information (such as prices 997

and balances from the Capacity and CfD markets). Instead of economic profit, however, the 998

reward observations disaggregate the terms shown in Equation (32). 999

2.4 Initial and Absorbing States 1000

Two boundary effects require special treatment. At the start, the environment cannot represent 1001

a pre-existing construction pipeline; this is approximated by holding demand and the generation 1002

mix stable for the first few years, allowing agents to build their own pipeline of projects under 1003

construction. 1004
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At the end, initial tests showed that agents avoid investing in assets that would not be com- 1005

pensated for the remaining operational lifetime beyond the horizon. To correct this, the absorbing 1006

state introduces a terminal payment Pabsorbing (Equation 33): the present value of an average in- 1007

come Imean over each asset’s remaining lifetime trem. The average income is approximated by 1008

the system-wide mean profit and computed separately for each technology and market to reflect 1009

portfolio heterogeneity. 1010

Pabsorbing = Imean
1− (1 + r)−trem

r
(33)

Two further safeguards smooth the simulation’s end: agents cannot start investments that 1011

would not become operational before termination, and demand and the generation mix are again 1012

held stable to avoid artificial scarcity or oversupply. These boundary adjustments improve sta- 1013

bility at the cost of additional simulation and training steps. Overall, for the current setup that 1014

analyzes the 2025-2040 horizon, we simulate 30 years of operation. 1015
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3 Multi-Agent Reinforcement Learning Algorithms 1016

This supplementary material extends the discussion of the two multi-agent reinforcement learn- 1017

ing algorithms explored in this work: Independent Learning and Proximal Policy Optimization 1018

(IPPO), and Multi-Agent Proximal Policy Optimization (MAPPO) 1019

Starting from the single-agent baseline, Proximal Policy Algorithm (PPO) is an Actor-Critic 1020

On-Policy algorithm introduced by Schulman et al. 65. Similar to other Actor-Critic On-Policy al- 1021

gorithms, agents in PPO aim to maximize a cumulative reward function over a Markov Decision 1022

Process (MDP). Assuming partial observability, trajectories in an MDP are a succession of ob- 1023

servations, actions, and rewards, τ = (o0, a0, r0, . . . ot, at, rt, . . . , oT , aT , rT ), where the subscript t 1024

represents time steps, and [0, T ] denote the initial and terminal steps in the system74. 1025

To achieve this objective, PPO trains a stochastic policy via two neural networks. On the 1026

one hand, the Critic, denoted by Vw(ot) and trainable parameters w, is in charge of providing 1027

a baseline for the Reward estimation. On the other hand, the Actor, defined as πθ(at|ot) and 1028

parameters θ, selects reward-maximizing actions based on the current observed state. Training 1029

follows a three-part Loss: a conservative update to the Actor’s policy when selecting actions via 1030

the PPO Clipping, an Entropy term that incentivizes exploration, and a squared loss related to 1031

the Reward regression problem in the Critic65,66. 1032

Following the extension of PPO towards multi-agent cooperative and competitive tasks in- 1033

troduced in Yu et al. 32, IPPO replicates the training process to every agent in the Partially 1034

Observable Stochastic Game (POSG). In particular, the POSG considers a set of N agents, 1035

I = {1, . . . , i, . . . , N}, each with its set of actions ai,t and receiving a subset of observations 1036

oi,t from the joint environment. For each agent, IPPO trains independent Actor and Critic net- 1037

works, πi,θi(ai,t|oi,t) and Vi,wi
(oi,t), for agent i67. Following Gonzalez-Ruiz et al. 29, training these 1038

networks uses expressions [34-38], where: 1039

Li(θi, wi) = LCLIP
i (θi) + hiL

entropy
i (θi)− viL

VF
i (wi) (34)

LCLIP
i (θi) = Êi,t

[
min

(
pi,t(θi)Âi,t, clip (pi,t(θi), 1− ϵi, 1 + ϵi) Âi,t

)]
(35)

Âi,t = V target
i,t − Vi,wi,old

(oi,t) (36)

LVF
i (wi) = Êt

[(
Vi,wi

(oi,t)− V target
i,t

)2]
(37)

V target
i,t = ri,t + γiri,t+1 + γ2i ri,t+2 + · · ·+ γn−1

i ri,t+n−1 + γni Vi,wi,old
(oi,t+n) (38)

• The terms LCLIP
i (θi) and Lentropy

i (θi) guide the updates in the Actor network πi,θi(ai,t|oi,t), 1040

while LVF
i (wi) drive updates in the Critic network Vi,wi

(oi,t); 1041

• θi and wi are the parameters of the Actor and Critic networks. Furthemore, parameters 1042

from the previous algorithm iteration are referred to as θi,old and wi,old; 1043

• The main objective function of PPO, LCLIP
i (θi), uses an Advantage estimation to shift the 1044

Actor Policy toward actions that maximize the expected reward while controlling for the 1045

maximum size in the updates using the combination of the clip and min functions; 1046

• ϵi is a hyperparameter that, in conjunction with the clipping function, limits the ratio between 1047

new and old policies to remain in the range [1− ϵi, 1 + ϵi]; 1048
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• Lentropy
i (θi) is an entropy term that procures the exploration of new strategies by inducing 1049

randomness in action selection in the Actor network; 1050

• pi,t(θi) is defined as the variation in actor policies between the algorithm updates, measured 1051

by the fraction πθi (ai,t|oi,t)
πθi,old (ai,t|oi,t)

; 1052

• Ai,t corresponds to the Advantage function, estimated via the difference between an esti- 1053

mate of the Action-state function, V target
i,t , denoted as target state value, and the previous 1054

version of the Value-state function Vwi,old
(oi,t); 1055

• LVF
i (wi) drives the updates in the Critic network via minimizing the squared error between 1056

the predicted State-value function Vwi
(oi,t), and the estimated target state value V target

i,t ; 1057

• V target
i,t is used as a proxy of the Action-state value function, and is calculated using the 1058

accumulated rewards in a given trajectory with length (t+ n); and 1059

• hi and vi are coefficients that balance exploration, via the entropy term, and the weight of 1060

the value function loss with respect to the total loss. 1061

The training cycle starts with initializing the Actor and Critic networks. Using the current ver- 1062

sion of the Actor Policy, trajectories are collected from the environment until a given batch is filled. 1063

Using these trajectories, the networks are updated by applying the previous loss functions and 1064

multiple epochs of Stochastic Gradient Descent. This process is repeated until convergence, or 1065

until the training budget is reached. Once agents are trained, the actions are sampled exclusively 1066

from the Critic, using the individual agent observations to feed the neural network. 1067

In contrast to IPPO, where each agent learns independently from its local observations, 1068

MAPPO adopts the centralized-training-decentralized-execution (CTDE) paradigm introduced 1069

by Yu et al. 32, inspired by similar architectures used in other multi-agent algorithms75. Over 1070

the same POSG with N agents, I = {1, . . . , i, . . . , N}, each agent retains an independent Actor 1071

network πi,θi(ai,t|oi,t) conditioned on its local observation oi,t, preserving decentralized execution. 1072

The value estimation is performed by a single Critic whose parameters w are shared across all 1073

agents, while a dedicated value head with parameters ψi produces the estimate for each agent 1074

i. The Critic is evaluated on a centralized state st that aggregates all agents’ observations. 1075

To accommodate the heterogeneous reward scales across agents, the per-agent value targets 1076

are normalized using running per-agent statistics, as proposed by Yu et al. 32. Training these 1077

networks uses expressions [39-44], where: 1078

L(θi, w, ψi) = LCLIP
i (θi) + hiL

entropy
i (θi)− viL

VF
i (w,ψi) (39)

LCLIP
i (θi) = Êi,t

[
min

(
pi,t(θi)Âi,t, clip (pi,t(θi), 1− ϵi, 1 + ϵi) Âi,t

)]
(40)

Âi,t = V target
i,t − Vi,wold,ψi,old

(st) (41)

Vi,w,ψi
(st) = µi + σi Ṽi,w,ψi

(st) (42)

LVF
i (w,ψi) = Êt

(Ṽi,w,ψi
(st)−

V target
i,t − µi

σi

)2
 (43)

V target
i,t = ri,t + γiri,t+1 + γ2i ri,t+2 + · · ·+ γn−1

i ri,t+n−1 + γni Vi,wold,ψi,old
(st+n) (44)
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• The terms LCLIP
i (θi) and Lentropy

i (θi) guide the updates in the Actor network πi,θi(ai,t|oi,t), 1079

while LVF
i (w,ψi) drives updates in the shared Critic body and the value head of agent i; 1080

• θi are the parameters of the Actor network of agent i; w denotes the parameters of the 1081

Critic body shared across all agents, and ψi the parameters of the value head dedicated to 1082

agent i. Parameters from the previous algorithm iteration are referred to as θi,old, wold, and 1083

ψi,old; 1084

• st is the centralized state, common to all agents; 1085

• Ṽi,w,ψi
(st) is the raw output of the value head of agent i, expressed in the normalized value 1086

space, whereas Vi,w,ψi
(st) is the corresponding denormalized estimate recovered through 1087

expression [42]; µi and σi are the running mean and standard deviation of the value targets 1088

of agent i, as implemented in Yu et al. 32; 1089

• ϵi is a hyperparameter that, in conjunction with the clipping function, limits the ratio between 1090

new and old policies to remain in the range [1− ϵi, 1 + ϵi]; 1091

• Lentropy
i (θi) is an entropy term that procures the exploration of new strategies by inducing 1092

randomness in action selection in the Actor network; 1093

• pi,t(θi) is defined as the variation in actor policies between the algorithm updates, measured 1094

by the fraction πθi (ai,t|st)
πθi,old (ai,t|st)

; 1095

• Ai,t corresponds to the Advantage function, estimated via the difference between the tar- 1096

get state value V target
i,t and the previous version of the denormalized value of agent i, 1097

Vi,wold,ψi,old
(st); 1098

• LVF
i (w,ψi) drives the updates in the shared Critic via minimizing, in the normalized value 1099

space, the squared error between the raw value-head output Ṽi,w,ψi
(st) and the normalized 1100

target (V target
i,t − µi)/σi; and 1101

• hi and vi are coefficients that balance exploration, via the entropy term, and the weight of 1102

the value function loss with respect to the total loss. 1103

The training cycle is carried out similarly to the IPPO case, with the difference that the Critic 1104

updates are computed using centralized information collected from all agents’ local observation 1105

sets. Likewise, agents’ actions are sampled for each Actor network using only the local obser- 1106

vation set available to each agent. 1107

Given the previous algorithms, it is worth discussing the advantages and disadvantages of 1108

each, referring the reader to Albrecht et al. 67 for an in-depth discussion of the different multi- 1109

agent archetypes. Starting with IPPO, it is the simpler implementation, requiring only straightfor- 1110

ward changes to the PPO algorithm and fewer tunable parameters to control for the multi-agent 1111

setting. In competitive environments, IPPO avoids information sharing between agents, which is 1112

more consistent with markets where no information is actually shared between competitors. It 1113

also allows individual agents to develop their own strategies while remaining less dependent on 1114

shared parameters. Finally, for practical purposes, when agent observations are relatively large, 1115

IPPO scales more favorably: because each agent owns a separate critic that conditions only on 1116

its own observation, adding agents leaves the per-agent network size unchanged and increases 1117

total memory only linearly, with no single network growing with the agent count, given that train- 1118

ing at the GPU level is done in parallel on a per-agent basis. However, IPPO offers no guarantees 1119

against credit-assignment issues, which increases the difficulty for each agent’s learning. Par- 1120

ticularly, the algorithm cannot distinguish between reward variations caused by changes in other 1121
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agents’ strategies and those caused by its own actions. As a result, each Actor faces a non- 1122

stationary environment that violates the main assumptions underlying Reinforcement Learning, 1123

thereby preventing convergence to a local optimum. 1124

In contrast, the CTDE paradigm enables MAPPO to reduce the non-stationarity faced by each 1125

Actor, since value estimation is grounded on the global state, while still allowing each head to 1126

specialize in the value function of its agent75. This implementation also reduces the number of 1127

trainable parameters, given the single critic shared across all agents in the system. Yet this al- 1128

gorithmic advantage comes with several drawbacks. First, it requires information and parameter 1129

sharing across agents, a particularly notable weakness in competitive environments where no 1130

information should be shared between competitors, as is the case in electricity markets. Sec- 1131

ond, from an implementation standpoint, the memory requirements of centralized critics grow 1132

substantially with the number of agents, constraining the implementation and the selection of 1133

conservative hyperparameters, which have proven crucial for multi-agent environments32. Fi- 1134

nally, from an empirical perspective, the centralized critic in MAPPO has shown no substantial 1135

performance advantage over independent learning algorithms in several benchmarks76. 1136

Considering these advantages and disadvantages, together with the work of Gonzalez-Ruiz 1137

et al. 29, we select IPPO for the main simulations of this work, using conservative hyperparame- 1138

ters to partially mitigate the non-stationarity, while comparing the outcomes of both algorithms in 1139

the supplementary material. League-based training configurations, such as those implemented 1140

in Vinyals et al. 31, mitigate issues with independent learning, but we consider their computational 1141

cost beyond the scope of our current academic analysis. 1142

Both algorithms use the RLlib framework59. For IPPO, we use the implementation provided 1143

directly by the library, whereas for MAPPO we follow a public submission to the repository at 1144

https://github.com/MatthewCWeston 77 and adapt it to our framework. The public repository, to 1145

be shared after acceptance of this manuscript, will include both implementations and runnable 1146

scripts. 1147
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4 Scenarios 1148

This section describes complementary information for the scenarios presented in the main work, 1149

starting with the configuration of the GENCOs and the policymaker. The two agent types discount 1150

future cash flows at different rates, reflecting their distinct opportunity costs of capital: GENCOs 1151

apply an annual rate of rg = 8%, consistent with private investors’ return requirements, while 1152

the policymaker uses a lower social discount rate of rp = 5%. The sixteen GENCOs are further 1153

divided into incumbents and entrants. Incumbent GENCOs are allocated the installed capacity 1154

reported in Table 6, yielding a Herfindahl Hirschman Index (HHI) of 1,388. We acknowledge that 1155

this value exceeds current concentration levels in the Italian generation market, where leading 1156

producers hold shares well below those implied by this index78, but it provides a deliberate 1157

representation of a concentrated market. 1158

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 48.

Regarding generation technologies, the model includes a selection of key assets for the en- 1159

ergy transition, with detailed characteristics reported in Table 6. Although this set is smaller than 1160

those in established planning models, it captures the sector’s main trends. In addition, it could 1161

be extended to include long-duration storage options as part of future work. 1162

Natural gas prices are subject to occasional but persistent crisis episodes that a deterministic 1163

baseline trajectory does not capture. To represent these, we superimpose a stochastic shock 1164

process on the baseline gas price through a three-state Markov regime-switching model oper- 1165

ating at the bimonthly resolution of the environment. At each step the chain occupies one of 1166

three states (Normal, Shock, or Recovery ) and returns a multiplier mt that scales the baseline 1167

gas-indexed variable cost. In the Normal state, the multiplier is unity, and a shock arrives with 1168

per-bimester probability λ = 0.017. Once the time spent in elevated states is accounted for, this 1169

corresponds to roughly one crisis every 12 years. When a shock arrives, the chain jumps to the 1170

Shock state and the multiplier is set to a peak level mpeak drawn from a log-normal distribution, 1171

mpeak ∼ LogNormal(ln 2, 0.25) clipped to [1.3, 3.5], so that the median peak doubles the long-term 1172

price while retaining a realistic dispersion. 1173

The system then remains in the Shock state with per-bimester persistence pstay = 11/12, 1174

implying an expected crisis duration of 1/(1 − pstay) = 12 bimesters (about two years). On 1175

exiting, the chain passes through a single Recovery bimester, in which the multiplier is set to 1176

the midpoint between the peak and unity, before returning to Normal. The module can also 1177

be deactivated over horizons where gas prices are pinned to an exogenous source (e.g. the 1178

observed forward curve during the simulation warm-up): while inactive it returns a unit multiplier 1179

and holds the chain in Normal, preventing latent transitions from surfacing when activation is 1180

later restored. 1181

The baseline gas price for 2025-2030 is taken from the PyPSA forward curve, which already 1182

reflects the currently elevated price levels. Thus, the stochastic shock module is therefore ac- 1183
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Feature
Technology

Solar
PV

Onshore
Wind

Offshore
Wind Coal Open Cycle

Gas Turbine
Combined Cycle

Gas Turbine
ESS

3-hours
ESS

8-hours
CAPEX

2025-2040
[MW]

594-385 1438-1296 2371-2179 4812-4812 593-557 1142-1078 1037-445 2287-1010

OPEX - Fixed
[% CAPEX
MW - year]

2.2 1.7 2.3 1.31 1.77 3.3 0.25 0.25

OPEX - Variable
[$/MWh] 1 1.5 1.5 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

[# - years]
2 3 4 3 3 2 2 2

Investment
steps
[MW]

[0,50,125,375,1125,3375]

Operational
Lifetime

[# - years]
35 28 30 40 25 25 20 20

Expected
availability

[%]
90 90 90 90 90 90 90 90

Table 6: Characteristics and relevant parameters for Generation and Storage technologies.
Based on Agency 79, Gumber et al. 80

tivated only from 2030 onward, once the forward curve reverts to long-term levels, so that the 1184

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 1186

Across experiments, we employ the hyperparameter configuration detailed in Table 7. The selec- 1187

tion follows findings from previous multi-agent PPO implementations29,32,76, which adopt a con- 1188

servative approach that trades learning throughput for training stability, reflected here in large 1189

batch sizes, the small clipping parameter, and the low learning rate. We note that the discount 1190

factor is set to γ = 1, as discounting is handled within the environment using agent-specific rates, 1191

avoiding double discounting. We apply a uniform hyperparameter configuration to all agents 1192

in the system. Future research could explore more extensive hyperparameter optimization for 1193

this market environment, including the potential benefits of differentiated settings across distinct 1194

agent categories. 1195

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 - γ 1
Clipping parameter 0.1 Discount factor in Generalized Advantage Estimation - λ 0.995
Entropy Coefficient 0.0 kl coefficient 0.2
Learning Rate 5.00E-05 kl target 0.05

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

Table 8 reports the network configurations used across experiments. In IPPO, both the actor 1196

and the critic are simple MLPs, instantiated independently for each agent. In MAPPO, the actor 1197

is analogous to that of IPPO, but the critic uses a more elaborate architecture to handle the 1198

larger volume of information arising from the centralized observation set. An agent encoder 1199

first reduces the dimensionality of each agent’s observations, a central mixer then combines the 1200

aggregated information, and finally, it feeds it to per-agent value-function heads. This design, 1201

together with the value normalization proposed by Yu et al. 32, allows the network to learn value 1202

representations per agent and prevents any single agent from dominating the learned value 1203

function. 1204

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. 1205

For training, we use a single computing node from a supercomputing system, each consisting 1206

of dual Intel Xeon Max 9480 processors with 56 cores (61 allocated for training), 1 TB of RAM 1207

(150 GB allocated for training), and 8 Nvidia H100 GPUs (1 GPU from the H100 cluster used for 1208

training). We cap each training session at 24 hours, a budget consistent with both the shared 1209

use of the supercomputing system and the convergence to an equilibrium consistently observed 1210

during training. Sampling is performed using a single computing core and 8 GB of RAM, yielding 1211

a single environment trajectory in approximately one minute. 1212
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6 Independent versus Multi-Agent Proximal Policy Optimiza- 1213

tion 1214

This section serves a double purpose. First, it provides a general robustness analysis of the 1215

methods, showing that the main conclusions of this work are reliably recovered from the solution 1216

approach. Second, it compares IPPO and MAPPO as MARL algorithms in the current setup. 1217

To this end, we train the [H] scenario for both the [ND] and [D] policy cases, using three seeds 1218

each. The training framework is replicated under comparable setups for IPPO and MAPPO, 1219

maintaining the same computational budget as in the main experiments. 1220

Figures 9 and 10 present the training curves across these experiments. Three results are 1221

worth highlighting. First, across seeds, the training profiles are highly aligned, with relatively 1222

small differences in rewards between agents. Second, the training profiles of IPPO and MAPPO 1223

follow similar trends. Finally, these previous trends hold for the [ND] and [D] scenarios. In short, 1224

although relative variations are observed, the training profiles remain consistent across methods 1225

and scenarios. 1226

Once the training budget is exhausted, aggregate market results are obtained and shown in 1227

Figures 11 and 12. As with the training profiles, market outcomes are consistent across seeds 1228

and methods. Moreover, the central claims of the main work are preserved: applying the De- 1229

creto Bollette yields a slight cost reduction, substantially increases emissions, and substantially 1230

reduces merchant investment. Some changes in the generation mix do emerge across meth- 1231

ods. For instance, IPPO seeds lead to greater uptake of solar PV entering the market through 1232

CfD auctions, which is replaced by offshore wind in the MAPPO case. Technologies are also 1233

interchanged across seeds: among ESS, some seeds favor 3-hour batteries while others fa- 1234

vor 8-hour ones. These variations are not large enough to affect aggregate system cost and 1235

emissions, which remain largely aligned across the scenario matrix. 1236

This analysis supports the suitability of IPPO, which attains results comparable to MAPPO 1237

without requiring a centralized critic. We note that MAPPO presents scalability issues in our 1238

setup, as the RAM and GPU memory requirements of centralized-critic training do not scale well 1239

with the number of agents, a limitation that IPPO avoids. While this is not a major constraint 1240

for the present work and could be addressed through environmental or algorithmic modifica- 1241

tions, it reinforces IPPO as a simpler and more effective choice for our setup and application. 1242

Most importantly, this section underscores that the results of the main paper are robust across 1243

methodologies and seeds, besides the small variations emerging during training. 1244
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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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policymaker, 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 11: Total Unitary costs, CO2 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, CO2 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 results 1245

This section introduces additional information and results, complementing the main document. 1246

To start, Table 9 summarizes the awarded capacity under the three main long-term mechanisms 1247

currently implemented in the Italian electricity system, highlighting the relevant technologies for 1248

the current analysis. 1249

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 from49,50,81.

Next, Tables 10 and 11 complement the difference of costs and emissions presented in the 1250

main text, by comparing the obtained distributions from the simulation. The procedure carried 1251

out is the following. For each market configuration and time window, we test whether suppress- 1252

ing the carbon price signal ([D]) shifts total system costs and CO2 emissions relative to the 1253

counterfactual ([ND]). Because each scenario is an independent training session with no shared 1254

random seeds, the two samples are treated as unpaired. The unit of analysis is the individual 1255

simulation: each of the ∼1,000 Monte Carlo runs per scenario is reduced to a single scalar, the 1256

demand-weighted mean unit cost and the annualized total emissions over the window, yielding 1257

an empirical outcome distribution per scenario. 1258

To assess differences in distributional location, we use the Welch’s t-test and the Mann- 1259

Whitney U test; we report the latter, which makes no distributional assumptions, and confirm 1260

that the two agree throughout. The difference in means is reported in physical units with a 1261

95% percentile bootstrap confidence interval (104 resamples), and as a percentage of the [ND] 1262

baseline. To guard against false positives from testing four markets simultaneously, p-values are 1263

corrected within each metric and window using the Holm step-down procedure. 1264

We lead the interpretation with effect size: Hedges’ g (the standardized mean difference, bias- 1265

corrected for sample size) and Cliff’s δ (a rank-based measure of stochastic dominance), classi- 1266

fied into negligible/small/medium/large bands following standard thresholds82,83. Each compar- 1267

ison is summarized by a verdict that combines the corrected p-value with the effect-size band, 1268

distinguishing differences that are both significant and non-negligible from those that are statis- 1269

tically detectable yet practically negligible. 1270

Lastly, Table 12 presents comparative metrics across scenarios for nominal values, com- 1271

plementing the corresponding graph in the main text, which normalizes them for visualization 1272

purposes. 1273
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Scenario Time
Window

Percentage Difference
and 95% confidence

interval [%]

Effect Size
(Hedges’ g) Magnitude Assessment

H+

Aggregate -10.6
[-10.86, -10.34] -3.39 Large Significant

Short -15.1
[-15.15, -15.05] -26.47 Large Significant

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

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

H

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

Short -14.94
[-14.99, -14.89] -25.62 Large Significant

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

Long -1.96
[-2.8, -1.12] -0.2 Small Significant

H-

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

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

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

Long -8.31
[-9.25, -7.36] -0.74 Medium Significant

CRM

Aggregate -11.94
[-12.54, -11.31] -1.64 Large Significant

Short -14.98
[-15.03, -14.93] -25.57 Large Significant

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

Long -7.58
[-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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Scenario Time
Window

Percentage Difference
and 95% confidence

interval [%]

Effect Size
(Hedges’ g) Magnitude Assessment

H+

Aggregate 8.16
[7.66, 8.65] 1.5 Large Significant

Short 3.23
[2.63, 3.85] 0.47 Small Significant

Mid 8.68
[8.07, 9.29] 1.32 Large Significant

Long 15.57
[13.21, 18.01] 0.62 Medium Significant

H

Aggregate 24.6
[24.08, 25.12] 4.66 Large Significant

Short 6.76
[6,12, 7.41] 0.96 Large Significant

Mid 26.51
[25.83, 27.18] 3.95 Large Significant

Long 33.57
[32.28, 34.91] 2.61 Large Significant

H-

Aggregate 35.05
[34.48, 35.61] 6.62 Large Significant

Short 5.92
[5.29, 6.57] 0.83 Large Significant

Mid 39.65
[38.88, 40.45] 5.5 Large Significant

Long 45.25
[44.01, 46.51] 4.06 Large Significant

CRM

Aggregate 56.92
[56.28, 57.56] 10.67 Large Significant

Short 7.1
[6.46, 7.77] 0.97 Large Significant

Mid 49.88
[49.12, 50.65] 7.45 Large Significant

Long 98.83
[97.13, 100.52] 8.39 Large Significant

Table 11: Statistical significance of the difference between [ND] and [D] scenarios on CO2

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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Market Scenario
Wholesale
volatility
[-]

Total Cost
volatility
[-]

Gas shock
vulnerability
[%]

Profit
incumbents
[$]

Profit
entrants
[$]

Merchant
share
[%]

Existing
share
[%]

Mechanism
share
[%]

Energy not
served ratio
[%]

H+
ND 1.1 0.19 2.8 1.4 0.12 2.4 60 23 0
UD 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

H
ND 0.47 0.29 1.6 1.7 0.1 6.7 74 5.3 0
UD 0.37 0.23 5.5 1.7 0.17 3 71 4.5 0
D 0.37 0.18 3.4 1.2 0.13 0.056 59 14 0

H-
ND 0.44 0.34 3.7 1.8 0.093 14 74 2.8 0
UD 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

CRM
ND 0.5 0.46 5.3 1.9 0.14 21 75 2.1 0.001
UD 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.
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