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Summary

The dissertation “Essays on Market Design and Algorithms for Distributed
and Sustainable Energy Systems” investigates how the large-scale electrification
of transport can be coordinated through digital markets and intelligent algo-
rithms. As electric vehicles become ubiquitous, millions of charging decisions
intertwine with the real-time dynamics of power grids, creating a cyber-physical
system. The dissertation finds that this challenge can be addressed by more
means than engineering grid capacity: it proposes new market designs and ma-
chine learning methods that translate physical constraints into economic signals,
allowing autonomous software agents to coordinate their behavior efficiently and
sustainably.

The work is built on the insight that large-scale EV charging is a distributed
decision problem. Each driver cares about having enough charge when needed, yet
the collective charging pattern determines local grid stress, costs, and emissions.
Instead of relying on centralized schedulers or detailed travel forecasts, the work
develops decentralized mechanisms in which intelligent agents learn to act on
real-time prices and limited local information. Through multi-agent reinforcement
learning, household charging agents observe only their state of charge, time of
day, and previous prices but still learn to bid effectively for charging power in
repeated auctions. Simulations on realistic low-voltage grids show that simple
linear learning agents can reach near-optimal outcomes within a few percentage
points of a full-information benchmark while avoiding the instability and training
burden of deep neural networks. This establishes a foundation for self-organizing,
bottom-up control of electric loads.

Moving beyond individual grid situations, the thesis then explores how market
architecture itself can be made trustless and transparent. It develops a blockchain-
based bundle trading market that enables EV owners to buy and sell time-specific
charging rights without a central auctioneer, using smart contracts that guarantee
correctness and auditability. The system achieves the same efficiency as centralized
clearing but adds resilience and privacy, illustrating how distributed ledger
technology can support critical energy services. The concept of market-based
coordination is further generalized to decentralized autonomous organizations
(DAOs) that manage both physical and financial resources. Here the dissertation
designs a mechanism in which agents not only trade physical bundles but also



issue contingent financial claims, allowing them to share risk while preserving
autonomy and data privacy. The mechanism converges to the same equilibrium
a risk-neutral central planner would choose, demonstrating that even complex,
stochastic resource allocation can be governed through decentralized markets.

The final part of the dissertation widens the lens to the national scale. Us-
ing Germany’s planned Deutschlandnetz of fast-charging stations as a natural
laboratory, the dissertation develops a spatial competition model to understand
how the location of stations, regional demand, and regulatory price caps shape
prices and investment incentives. The analysis shows that uniform national price
caps can unintentionally reduce service in sparsely populated areas and that lax
ownership constraints can foster market power, harming consumer welfare. Policy
options include regionally differentiated price caps, dynamic tendering processes,
and real-time data-sharing requirements to foster both competition and equity.

What unites these strands is a sociotechnical vision of the future energy system.
Rather than treating markets and technology separately, the dissertation demon-
strates that market design, machine learning, and physical infrastructure must be
co-designed. By coupling incentive-compatible mechanisms with adaptive algo-
rithms, it shows how autonomous agents can collectively manage scarce resources
and uncertainty, achieving reliable and cost-effective charging without heavy-
handed central control. The work thus provides a conceptual and methodological
blueprint for digital energy platforms that are at once economically efficient,
technologically scalable, and sustainable.



Contents

List of Figures xii

List of Tables xvi

1 Introduction 1
1.1 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.1.1 Parsimonious Multi-Agent Reinforcement Learning for Smart
EV Charging . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.1.2 A Blockchain-Based Bundle Trading Market for EV Charging 5
1.1.3 Market-Based Optimization in Decentralized Autonomous

Organizations . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.1.4 Spatial Competition in Fast-Charging Networks . . . . . . 6

1.2 Methodology, Limitations, and Further Research . . . . . . . . . 7
1.3 Notation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Parsimonious Multi-Agent Reinforcement Learning for Smart
EV Charging 11
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2.1 Allocation Mechanisms for Transportation Resources . . . 14
2.2.2 Machine Learning in Transportation Resource Allocation 16

2.3 The Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.3.1 Agents’ Decision Problem . . . . . . . . . . . . . . . . . . 17
2.3.2 Operator’s Decision Problem . . . . . . . . . . . . . . . . 23

2.4 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . 30
2.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.4.2 Benchmark strategies . . . . . . . . . . . . . . . . . . . . 33
2.4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
2.6 Conclusions & Future Work . . . . . . . . . . . . . . . . . . . . . 38

ix



3 A Blockchain-Based Bundle Trading Market for EV Charging 41
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.2.1 Distributed Resource Allocation . . . . . . . . . . . . . . 44
3.2.2 Dynamic Control of Electric Vehicle Charging . . . . . . . 44
3.2.3 Blockchain in Supply Chain Management and the Energy

Sector . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.2.4 Review of the Bundle Trading Market Framework . . . . 45

3.3 A Bundle Trading Market for EV Charging . . . . . . . . . . . . 50
3.3.1 Mathematical Formulation . . . . . . . . . . . . . . . . . 51
3.3.2 Numerical Example . . . . . . . . . . . . . . . . . . . . . 54

3.4 Case Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
3.5 Distributed Implementation . . . . . . . . . . . . . . . . . . . . . 60

3.5.1 Ethereum . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.5.2 dBTM Architecture . . . . . . . . . . . . . . . . . . . . . 65

3.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.7 Conclusion and Future Work . . . . . . . . . . . . . . . . . . . . 71

4 Market-Based Optimization in Decentralized Autonomous Or-
ganizations 73
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.2.1 Prediction markets and securities trading . . . . . . . . . 76
4.2.2 Market-based resource allocation within organizations . . 77
4.2.3 Integrated risk management . . . . . . . . . . . . . . . . . 78
4.2.4 Our contribution . . . . . . . . . . . . . . . . . . . . . . . 78

4.3 Market Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
4.4 Risky Costs and Coherent Risk Measures . . . . . . . . . . . . . 80
4.5 Central Optimization . . . . . . . . . . . . . . . . . . . . . . . . . 82
4.6 Decentralized Algorithm . . . . . . . . . . . . . . . . . . . . . . . 84

4.6.1 Agent Bidding . . . . . . . . . . . . . . . . . . . . . . . . 85
4.6.2 Market Clearing . . . . . . . . . . . . . . . . . . . . . . . 88

4.7 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
4.7.1 Vanilla Mechanism . . . . . . . . . . . . . . . . . . . . . . 90
4.7.2 Limited Participation . . . . . . . . . . . . . . . . . . . . 90
4.7.3 Incomplete Securities Market . . . . . . . . . . . . . . . . 92

x



4.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
4.8.1 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . 94
4.8.2 Managerial Implications . . . . . . . . . . . . . . . . . . . 95
4.8.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . 96

5 Spatial Competition in Fast-Charging Networks 97
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
5.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . 100
5.3 Model Description . . . . . . . . . . . . . . . . . . . . . . . . . . 103

5.3.1 CPO Pricing Problem . . . . . . . . . . . . . . . . . . . . 106
5.3.2 Consumer Demand . . . . . . . . . . . . . . . . . . . . . . 107
5.3.3 Equilibrium Analysis . . . . . . . . . . . . . . . . . . . . . 110
5.3.4 Equilibrium Calculation . . . . . . . . . . . . . . . . . . . 115

5.4 Case Study: Spatial Competition in the Deutschlandnetz . . . . 116
5.4.1 Deutschlandnetz . . . . . . . . . . . . . . . . . . . . . . . 117
5.4.2 Demand . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
5.4.3 Pricing over Deutschlandnetz . . . . . . . . . . . . . . . . 124
5.4.4 Impact of Price Caps on Profit Margins and Consumer

Welfare . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
5.4.5 Comparative Analysis of Alternative Market Structures . 129

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
5.6 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

5.6.1 Proofs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136
5.6.2 Supplementary Results to Section 3 . . . . . . . . . . . . 138
5.6.3 Supplementary Results to the Case Study . . . . . . . . . 140

Bibliography 143

Curriculum Vitae 164

xi





List of Figures

2.1 The system operator transmits energy from the upstream grid at
a given price. It also repeatedly runs an auction market in which
agents bid for energy to charge their vehicles. . . . . . . . . . . . 26

2.2 Exemplary network and corresponding PTDF matrix. An exem-
plary path connecting bus 4 to the grid using lines a, d, and e is
bold. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.3 Original and reduced test grid. Both topologies are equivalent for
the presented use case. . . . . . . . . . . . . . . . . . . . . . . . . 32

2.4 Relative performance of different learning algorithms after 1,000
episodes of training. Both deep and linear learners are on average
better than the benchmark. With longer training, DQN learners
might become more competitive. However, very long training peri-
ods are impractical from both an application and energy intensity
perspective. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.5 Both linear and deep learners learn quickly. Dispersion between
different linear learner configurations is lower than for deep learners. 35

2.6 Trade-off between complexity and performance . . . . . . . . . . 37

3.1 Placement of this work in the relevant literature streams. . . . . 42
3.2 Flowchart of the centralized iterative bundle trading market (BTM). 49
3.3 Exemplary network and corresponding Power Transfer Distribu-

tion (PTDF) matrix. Bold typeset marks an exemplary path
connecting node 4 to the grid using lines a, d, and e. . . . . . . 51

3.4 Price and valuation matrices during an ongoing auction. . . . . . 54
3.5 Original and reduced test grid. Both topologies are equivalent for

the presented use case. . . . . . . . . . . . . . . . . . . . . . . . . 57
3.6 Iteration analysis of the proposed algorithm. The clearest depen-

dence can be seen regarding the market horizon. All other input
parameters are mostly uncorrelated with the resulting iteration
count. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

xiii



3.7 Convergence characteristics of the proposed mechanism in the case
study for Beta(1, 1) valuation and a long market horizon. In most
cases, good performance can be reached within 30–40 iterations. 59

3.8 Necessary transactions of the proposed mechanism in the case
study for Beta(1, 1) valuation and a long market horizon shown
on a logarithmic scale. In most cases, only a few bids and trades
are necessary per electric vehicle to achieve convergence. . . . . . 60

3.9 Decision process for the use of blockchain (Pedersen et al., 2019).
Hexagonal nodes show the relevant decisions for a blockchain
application, and dashed boxes on the right explain the fulfillment
of the criteria. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

3.10 Node network demonstrating a transaction broadcast. STXN
denotes a signed transaction. . . . . . . . . . . . . . . . . . . . . 64

3.11 Communication flow between agents, on-chain, and off-chain dealer. 66
3.12 Agent bidding. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
3.13 Market Matching Mechanism. . . . . . . . . . . . . . . . . . . . . 69
3.14 Trade verification. . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.1 Different forms of distributed and decentralized decision-making.
Dotted lines show agents’ incentives, and the dashed line shows
the common objective. . . . . . . . . . . . . . . . . . . . . . . . . 74

4.2 Computational analysis of the limited participation case. . . . . . 92
4.3 Computational analysis of the incomplete markets case. . . . . . 93

5.1 A simple EV charging network. Vertices 1, 4, and 6 (black) are
controlled by CPO 1, vertices 2 and 5 (white) by CPO 2, and
vertex 3 (gray) by CPO 3. . . . . . . . . . . . . . . . . . . . . . . 104

5.2 Demand on a single edge. . . . . . . . . . . . . . . . . . . . . . . 108
5.3 Exemplary networks. For easier visualization, vertices (i.e., CPOs)

are indexed and colored. . . . . . . . . . . . . . . . . . . . . . . . 111
5.4 Network structure derived by Delaunay triangulation. . . . . . . 118
5.5 Germany-wide projection of EV stock . . . . . . . . . . . . . . . 121
5.6 Starting times of charging operations (a) and projected numbers

of charging operations (b). . . . . . . . . . . . . . . . . . . . . . . 122
5.7 Distribution of attractiveness scores within the network based on

an assumed log-utility of amenities. . . . . . . . . . . . . . . . . . 123

xiv



5.8 Results for 2030. Prices and profits in the Deutschlandnetz setting
shown in the Voronoi regions derived from the Delaunay triangu-
lation. Areas with a high demand potential generally show lower
prices and slightly higher profits. Accounting for attractiveness
dilutes the spatial characteristics within the network. . . . . . . 125

5.9 Correlation analysis between local competitiveness, mean competi-
tor size, and (weighted average) price for 2030. . . . . . . . . . . 126

5.10 Profit margin distributions under different price caps in the Deutsch-
landnetz setting (2030). . . . . . . . . . . . . . . . . . . . . . . . 128

5.11 Components of consumer cost under different price caps in the
Deutschlandnetz setting (2030). . . . . . . . . . . . . . . . . . . . 129

5.12 Empirical complementary cumulative distribution function of weighted
average prices (with respect to price tiers) under different com-
petitive settings, calculated with s = 0.001. Prices are highest in
the Deutschlandnetz setting in the sense of first-order stochastic
dominance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

5.13 Comparison of consumer cost under different competitive settings
(2030). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

5.14 Equilibrium plots of two three-vertex networks, a (left) and b (right).138
5.15 Plot of the continuously differentiable demand approximation and

its derivative. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
5.16 Sensitivity analysis of travel costs (Deutschlandnetz setting in 2030).141
5.17 Sensitivity analysis of delay costs (Deutschlandnetz setting in 2030).141

xv





List of Tables

2.1 Notation of the market model. . . . . . . . . . . . . . . . . . . . 18
2.2 Varied hyperparameters and corresponding values for the RL im-

plementation. Note that not all combinations are sensible. Shaded
parameters are only varied for non-zero hidden layers. . . . . . . 33

2.3 The simulation parameters capture important aspects of real-
world settings with electric vehicles. Batteries are relatively small;
because of this, the target SoC is set high.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.1 Notation of the market model. . . . . . . . . . . . . . . . . . . . 81
4.2 Parameter variation in testing of the vanilla mechanism. All 768

combinations are tested 50 times, totaling 38,400 simulations. . . 90
4.3 Simulation analysis for a variation of the respective parameters. . 91

5.1 Overview of notation. . . . . . . . . . . . . . . . . . . . . . . . . 105
5.2 Resulting prices in two-vertex network. . . . . . . . . . . . . . . . 112
5.3 Overview of charging stations across different regions. . . . . . . 117
5.4 Winners of the Deutschlandnetz tender. . . . . . . . . . . . . . . 119
5.5 OLS regression results for the Deutschlandnetz setting (2030). . . 127

xvii





1 Introduction

The increasing digitization of infrastructure systems, such as transportation,
energy, and mobility, heralds a new era of tightly interwoven digital and physical
processes. These systems, often referred to as cyber-physical systems (CPS),
are characterized by dynamic interactions between computational intelligence,
networked communication, and embedded physical components (E. Lee, 2008;
Rajkumar et al., 2010). Their defining feature is the co-dependence of digital
decision-making and real-world outcomes: software agents monitor, control, and
optimize physical assets in real time, often autonomously and across decentralized
networks. This melding of cyberspace and physical space, on the one hand, gives
rise to unprecedented opportunities for efficiency, but, on the other hand, comes
with novel challenges in ensuring safety, reliability, and resilience (Alur, 2023).

A prime example of such a transformation is the electrification of transporta-
tion. Electric vehicles (EVs) represent a shift in propulsion technology and act as
mobile cyber-physical nodes that interact bidirectionally with the electric grid.
Charging behavior depends on both individual mobility needs and aggregate grid
conditions, creating a tight coupling between mobility patterns and electricity
market dynamics. This interplay demands novel market-mediated control mecha-
nisms: dynamic pricing, auctions, peer-to-peer trading, and real-time demand
response (Robu et al., 2012). Such mechanisms translate physical constraints,
like transformer capacity or line congestion, into economic signals that guide
both human and algorithmic decision-makers.

In parallel, the Information Systems (IS) discipline has evolved to address these
sociotechnical complexities by studying how information technologies enable and
constrain organizational and societal processes (Markus et al., 2008; Orlikowski &
Robey, 1991). Early MIS research focused on back-office automation and decision
support, but contemporary IS scholarship emphasizes the design and governance
of digital infrastructures that span multiple stakeholders and regulatory domains
(Bygstad & Bendik, 2013; Yoo et al., 2012). Central to this evolution is the
shift from monolithic, centrally controlled systems toward platform ecosystems
and decentralized architectures. These digital platforms serve both as markets
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1 Introduction

and coordination mechanisms, balancing conflicting objectives such as economic
efficiency, equity, and sustainability across diverse user communities.

A prime example of increasingly decentralized information systems is the rise of
distributed ledger technologies (DLTs) and blockchain. These innovations have in-
troduced new possibilities for transparent, tamper-resistant coordination without
centralized intermediaries (Andoni et al., 2019). In energy and mobility contexts,
blockchain-based markets can record transactions, enforce smart contracts, and fa-
cilitate peer-to-peer exchanges of charging rights or grid services (Mengelkamp et
al., 2018). Yet, integrating DLTs with existing regulatory frameworks and legacy
infrastructure raises questions of scalability, governance, and interoperability.

Designing effective digital markets within CPS requires addressing multiple
layers of complexity. At the agent layer, autonomous software or human actors
must respond to local information and incentives while coping with uncertainty
and strategic interactions (Myerson, 2013; Stone & Veloso, 2000). At the smart
market layer, mechanism design must ensure incentive compatibility, budget
balance, and computational tractability, often under regulatory constraints and
privacy requirements (Bichler et al., 2010; Roth & Sotomayor, 1990). At the
infrastructure layer, physical network constraints and reliability standards
must be upheld despite fluctuating demand and decentralized control. Achieving
coherence across these layers is a central challenge in both CPS and IS research.

Amid these technological advances, learning-based approaches, particularly
reinforcement learning (RL), have emerged as a powerful tool for decentralized
decision-making under uncertainty (Sutton & Barto, 2018). In CPS domains,
RL agents can learn optimal control policies from real-time feedback, adapting
to dynamic environments and co-evolving with market mechanisms. However,
non-cooperative multi-agent settings introduce additional challenges of non-
stationarity, credit assignment, and equilibrium selection. Understanding how
to co-design market rules and learning algorithms is thus critical for deploying
robust, scalable CPS solutions.

Before delving into the specific chapters, it is essential to recognize the unifying
perspective: that smart infrastructures are inherently sociotechnical ecosystems,
where digital platforms and market mechanisms serve as the glue binding individ-
ual preferences, strategic behavior, and physical realities into coherent, adaptive
wholes.

2



Throughout the subsequent chapters, this cumulative dissertation develops and
evaluates digital coordination mechanisms for EV charging systems across these
dimensions. Anchored in the IS tradition of design science and sociotechnical sys-
tem research, and grounded in the CPS tradition of embedded, real-time control,
the work spans: (i) local agent learning and bidding strategies in micro-level, real-
time markets, (ii) decentralized market architectures including blockchain-enabled
platforms incorporating more expressive bidding languages in digital markets, (iii)
integrated financial and operational decision-making in decentralized autonomous
organizations, and (iv) macro-level spatial competition and regulatory analysis.
Through simulation, analytical modeling, and case studies, this research seeks
to answer: How can information systems be designed to coordinate autonomous
agents and markets, respecting physical constraints and societal objectives in
cyber-physical electric mobility infrastructures?

1. Chapter 1: Parsimonious Multi-Agent Reinforcement Learning
for Smart EV Charging. We develop a real-time, auction-based charging
mechanism in which lightweight reinforcement-learning agents learn to bid
for charging slots under locational marginal pricing. This chapter demon-
strates how MARL can achieve near-optimal coordination in a simulated
residential grid without requiring full itinerary forecasts. Joint work with
Anselma Wörner, Verena Tiefenbeck, and Wolfgang Ketter. I was responsi-
ble for the conceptualization of the research idea and implementation of
the software framework. I was the lead author of the manuscript.

2. Chapter 2: A Blockchain-Based Bundle Trading Market for EV
Charging. Building on chapter 1’s auction framework, we introduce a
decentralized, blockchain-enabled market for trading bundles of charging
rights. We design smart-contract protocols that ensure transparency, au-
ditability, and efficient resource allocation under regulatory constraints.
Joint work with Arthur Carvalho and Wolfgang Ketter. I was responsible
for the conceptualization of the research idea and implementation of the
software framework. I was the lead author of the manuscript.

3. Chapter 3: Market-Based Optimization in Decentralized Au-
tonomous Organizations. Extending the bundle-trading concept beyond
EV charging, this chapter presents an integrated physical-financial auction
mechanism for DAOs. We show how self-issued contingent claims and
shared-resource auctions align incentives and manage risk across decentral-
ized divisions. Joint work with Wolfgang Ketter. I was responsible for the
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1 Introduction

conceptualization of the research idea and implementation of the software
framework. I was the lead author of the manuscript.

4. Chapter 4: Spatial Competition in Fast-Charging Networks. Re-
turning to the EV charging domain at a macro scale, we develop a com-
putational framework to analyze how locational and ownership structures
shape pricing, investment incentives, and welfare in national fast-charging
networks. Policy-relevant insights emerge on price caps, tender design,
and regional equity. Joint work with Yixin Lu, Long He, and Wolfgang
Ketter. I was responsible for the conceptualization of the research idea and
implementation of the software framework. I was the lead author of the
manuscript.

The remainder of the introduction is divided into three sections: Section 1.1
provides an outline of the content of the four essays. Section 1.2 discusses the
methodological approaches of the essays, as well as limitations and potential
areas of further research. Section 1.3 serves as a point of reference for notational
choices throughout the thesis.

1.1 Outline

The four main chapters of this thesis are self-contained.

1.1.1 Parsimonious Multi-Agent Reinforcement Learning for
Smart EV Charging

This chapter addresses the challenge of coordinating electric-vehicle (EV) charging
in residential distribution grids without centralized scheduling by an aggregator
or full knowledge of drivers’ itineraries. We begin by framing EV charging as
an auction-based online resource-allocation problem: each household agent bids
for charging power at discrete time slots, facing locational marginal prices set
by a benevolent system operator. Recognizing the combinatorial complexity of
bidding over an entire time horizon, we propose a real-time mechanism in which
lightweight reinforcement-learning agents use Q-learning with experience replay
to learn bidding strategies based solely on current state-of-charge, time of day,
and price trajectories.
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After defining the state, action, and reward structure, we detail our simula-
tion environment: a representative IEEE low-voltage feeder (Schneider et al.,
2018) populated with realistic household load profiles and EV arrival/departure
patterns. We describe how the system operator computes nodal prices via a
linearized optimal power flow model, internalizing transformer and line conges-
tions. In successive experiments, we compare linear function approximator agents
against small deep Q-network (DQN) agents, evaluating convergence speed, policy
stability, and welfare outcomes (aggregate charging cost and peak reduction).

Our results indicate that parsimonious linear learners rapidly converge to
near-optimal schedules—within 5-10% of the omniscient and thus unrealistic
optimum—while deep models require extensive tuning and may exhibit oscilla-
tions under non-stationarity. We close with insights on the trade-off between
model complexity and robustness in multi-agent settings and discuss integration
pathways for household-level charging agents in future smart-grid deployments.

1.1.2 A Blockchain-Based Bundle Trading Market for EV
Charging

Building on the agent-level coordination of chapter 1, this chapter introduces
a fully decentralized market architecture for trading EV charging rights using
blockchain and smart-contract technology. We first review the regulatory context,
in particular unbundling rules and the ability to integrate non-participating house-
holds. Building on these, we establish desiderata for a decentralized coordination
system: transparency, auditability, privacy of driving itineraries, and resilience
against single-point failures.

We then present the Bundle Trading Market (BTM) mechanism (Guo et al.,
2007) adapted for EV charging: charging rights are partitioned into homogeneous
time-slot bundles at each charging node; agents submit sealed bids for bundles;
and a distributed dealer smart contract matches bids via a supply-demand clearing
linear program. We detail the on-chain implementation for order submission,
matching, and settlement, leveraging a strong-duality verification protocol to
ensure correctness.

Through simulation on the same low-voltage grid model as in Chapter 1,
we compare the blockchain-enabled BTM against the centralized auction and
demonstrate that the on-chain approach attains equivalent allocative efficiency
while preserving itinerary confidentiality and removing trust in a central operator.
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We also examine gas-cost trade-offs and propose off-chain computations to reduce
transaction overhead. The chapter concludes by outlining integration with
Chapter 1’s learning agents, enabling household software to bid autonomously
via blockchain wallets.

1.1.3 Market-Based Optimization in Decentralized Autonomous
Organizations

This chapter generalizes the BTM framework beyond EV charging to integrated
physical and financial decision-making in fully decentralized autonomous or-
ganizations (DAOs). Motivated by scenarios in which divisions share scarce
infrastructure and face idiosyncratic risk (e.g., grid-connected charging fleets), we
develop a smart-market mechanism that auctions both physical resource bundles
and self-issued contingent claims (Arrow-Debreu securities).

We formalize the central planner’s stochastic cost-minimization problem under
coherent risk measures and then derive a decomposition via decentralized bundle
trading. Each agent solves a local optimization for physical activities and financial
hedges, submitting improving-bundle bids to the DAO’s market maker. Clearing
solves a joint linear program whose dual prices reveal marginal values for both
resources and states of nature.

Extensive experiments with synthetic cost distributions and risk-aversion param-
eters show that the DAO mechanism converges to the same stochastic-endogenous
equilibrium as a fully centralized, risk-neutral planner, while requiring no agent
to divulge private cost functions. We analyze scalability in the number of agents,
resources, and securities and discuss governance considerations—on-chain ver-
sus off-chain—and potential applications in shared-mobility cooperatives and
microgrid communities.

1.1.4 Spatial Competition in Fast-Charging Networks

The final chapter situates the micro-scale market mechanisms into a macro-scale,
spatial competition setting. Focusing on Germany’s national fast-charging rollout
named the Deutschlandnetz, including 900 stations and multiple CPOs, we develop
regional demand projections and a computational framework that combines a
spatial competition model with congestion-dependent delay costs and locational
attractiveness.
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1.2 Methodology, Limitations, and Further Research

After calibrating demand densities and cost parameters for 2030 projections,
we simulate equilibrium pricing and market shares under varying attributes of
competition: (i) comparison of the tender’s outcome to both ex-ante possible and
impossible counterfactuals (ii) impact of price cap regulation on the competition.
Key findings include: (a) prices inversely correlate with local station density but
not with absolute demand; (b) uniform price caps can induce underutilization and
deter investment in low-demand regions; and (c) ex-post market power emerges
when ownership constraints are lax, harming consumer welfare.

We conclude by deriving policy recommendations: regionally differentiated
price caps, dynamic tender designs that balance equity and competition, and
real-time data sharing mandates to enable Chapters 1-3’s digital market tools to
function effectively at scale.

1.2 Methodology, Limitations, and Further Research

Each chapter of this dissertation addresses a distinct facet of digital coordination
in cyber-physical mobility infrastructures. Accordingly, each employs a tailored
methodological approach, alongside specific limitations and avenues for future
work.

Chapter 2: Parsimonious Multi-Agent Reinforcement Learning for
Smart EV Charging. This chapter formulates EV charging as a real-time,
auction-based resource allocation problem and employs multi-agent reinforcement
learning (MARL) to solve it. Each household agent uses Q-learning with experi-
ence replay to learn bidding strategies based solely on local state (state of charge,
time to departure) and nodal price feedback (Mnih et al., 2013; Sutton & Barto,
2018). We simulate on a realistic IEEE distribution-feeder model, computing
locational marginal prices via a linearized alternating current optimal power flow
(AC-OPF) at each time step.

Limitations: Our agents assume perfect observability of nodal prices and ignore
communication delays. The learning environment is stationary aside from agent
interactions, whereas real grids may experience exogenous shocks (e.g., renewable
variability). Moreover, we focus on single-day scheduling, leaving multi-day
charging patterns for future research.

Further Research: Extending agents to handle partial observability (via partially
observable Markov decision process (POMDP) formulations) and non-stationary
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price dynamics; integrating vehicle-to-grid services; and field experiments with
hardware-in-the-loop to validate transferability beyond simulation.

Chapter 3: A Blockchain-Based Bundle Trading Market for EV
Charging. Building on chapter 2’s auction framework, this chapter designs
a decentralized on-chain market using smart contracts. Charging rights are
tokenized into time-slot bundles; agents submit sealed bids to a dealer contract
that clears via a linear program and strong-duality verification protocol (Andoni
et al., 2019; Christidis & Devetsikiotis, 2016). We implement core functions in
Solidity pseudocode and benchmark gas costs and clearing latency in an Ethereum
test net emulator.

Limitations: Gas-cost estimates depend on network conditions and may not
generalize to production chains. Privacy is preserved only at the bid-level; on-
chain clearing reveals aggregate demand, which could leak usage patterns. We
abstract away settlement finality delays and potential blockchain reorganizations.

Further Research: Exploring Layer-2 scaling solutions (e.g., roll-ups) to reduce
on-chain overhead; incorporating zero-knowledge proofs to enhance bid privacy;
and prototyping a hybrid off-chain/on-chain matching engine for large-scale pilots.

Chapter 4: Market-Based Optimization in Decentralized Autonomous
Organizations. This chapter generalizes the bundle-trading market to integrated
physical-financial auctions within DAOs. We start with a stochastic, risk-averse
cost-minimization problem under coherent risk measures, then decompose it into
local bundle-determination problems and a centralized Market Matching Problem
(MMP) whose duals yield resource and state-price signals (Bialas & Karwan,
1984; Gabriel et al., 2013). Agents iteratively submit improving-bundle bids for
both physical assets and contingent claims (Arrow-Debreu securities).

Limitations: We assume complete markets for contingent claims and neglect
transaction costs in issuing securities. The convergence proofs rely on convexity
and risk-measure coherence, which may fail under non-convex operational con-
straints (e.g., integer decisions). Agent risk preferences are homogeneous coherent
measures, ignoring behavioral heterogeneity.

Further Research: Extending to incomplete markets and non-convex resources
(e.g., unit commitment); modeling heterogeneous and possibly non-coherent risk
preferences; and implementing a proof-of-concept DAO on a permissioned ledger
to study governance dynamics.
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Chapter 5: Spatial Competition in Fast-Charging Networks. This
chapter analyzes macro-scale competition among Charging Point Operators
(CPOs) using a spatial competition model on a geographical graph. We incorpo-
rate congestion-dependent delay costs, locational attractiveness, and ownership
constraints and solve for equilibrium prices and market shares via counterfactual
simulations calibrated to Germany’s national fast-charging rollout (AlixPartners,
2019; McKinsey, 2023). Tender-rule scenarios (unconstrained, zonal, price-cap)
are compared for welfare and investment impacts.

Limitations: Demand projections for 2030 are uncertain and assume technology
and subsidy trajectories that may not materialize. The model abstracts from
dynamic entry and exit of CPOs and does not endogenize infrastructure investment
decisions. We also assume static consumer preferences and perfect information
on station locations.

Further Research: Incorporating dynamic investment models and endogenous
network expansion; calibrating with real-world usage and pricing data as the
German network matures; and extending the framework to multi-modal charging
(e.g., home, workplace, en route) to capture interdependencies across charging
ecosystems.

Beyond these chapter-specific considerations, an overarching limitation is the
reliance on simulation and stylized models. Future empirical validation through
pilot deployments, field data analysis, and stakeholder workshops will be crucial
to refine these mechanisms and ensure their real-world applicability.

1.3 Notation

The different chapters of this thesis rely on mathematical notation to express the
respective concepts. Even though the application domains are related, there are
subtle differences between chapters to allow for self-containment alongside domain-
specific expressiveness. Each of the chapters relying heavily on mathematical
notation provides a table of notation as a point of reference. Some general
choices are matrix-valued variables are bolded upper-case, e.g., X. Scalar and
vector-valued variables in general are lower-case. Sets or set cardinalities are
upper-case, e.g., L for electric lines1. Prices are denoted by p, and costs are
denoted by c (although c can also denote a coefficient, when there is no danger of

1Note that Le denotes the length of an edge in chapter 5 as is a standard convention in the
related literature for this chapter.
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confusion). Electric power, even as a scalar variable, is denoted by an uppercase
P to differentiate it from prices. Time is usually discretized in periods t ∈ T ,
where T can be either the number of periods such that t ∈ {1, ..., T} or the set of
periods itself.
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2 Parsimonious Multi-Agent Reinforcement
Learning for Smart EV Charging2

2.1 Introduction

The rapid adoption of electric vehicles (EVs) presents a formidable challenge
for existing distribution grids. As EVs become more prevalent, their charging
requirements threaten to impose significant stress on these systems, potentially
leading to overloads and inefficiencies. EV drivers are generally more concerned
with achieving the total required charge by a specific deadline than with the
instantaneous charging power. There is thus inherent flexibility in EV charging,
given that vehicles are typically idle for large portions of the day or night, which
can be strategically managed to mitigate this stress. Recent events, like the
Texas electricity market crisis, underscore the necessity for smart control of
flexible electricity loads and pricing mechanisms to ensure reliable and affordable
electricity supply (The Economist, 2021).

This scenario, characterized by the intertemporal complementarity of charging
and constraints in available energy or grid infrastructure for multiple EVs, can
be managed through either a combinatorial auction for a relevant time horizon
or a simple real-time allocation scheme. The second approach, while presenting
challenges such as the exposure problem, may benefit from the use of learning
agents, as it reduces the dimensionality of the bidding space, potentially enhancing
the learning speed of intelligent agents. Within a “smart grid”, the coordination
of charging does not only require electric vehicles to be coordinated, but also
other distributed energy resources (Parag & Sovacool, 2016; Williams et al., 2012).
As the power system has to be balanced at all times, this coordination is essential
for the electrification of transportation and other sectors.

Recent advancements in market design research have aimed to address these
allocation challenges through the development of various goods and services
allocation mechanisms. Auction design, which entails setting allocation and

2Joint work with Anselma Wörner, Verena Tiefenbeck, and Wolfgang Ketter.
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payment rules based on participants’ bids, has garnered significant attention
in applications ranging from electricity markets to wireless spectrum auctions.
However, the increasing complexity of allocation tasks has led to more intricate
auction designs, which may inadvertently offset efficiency gains due to higher
transaction costs and the complexity of formulating effective bidding strategies.
For human bidding in electric vehicle charging, such market designs may only
exhibit limited usefulness, as the potential value of deviating charging schedules
is outweighed by cognitive overload and transaction costs. Concurrently with
advances in market design, artificial intelligence research, particularly in machine
learning (ML), has made substantial strides, enabling intelligent software agents
to tackle highly complex tasks with superhuman performance (Bichler et al., 2010;
Ketter et al., 2016). This progress raises an intriguing question: can auction
mechanisms and intelligent bidding agents be co-designed to optimize performance
in resource allocation tasks, specifically for EV charging in distribution grids?

In addressing the complexity of EV charging, two primary approaches emerge:
designing a complex auction and bidding protocol that captures all possible
allocations, allowing agents to reveal their true valuations, or employing simpler
auction protocols that complicate the bidding strategy inference. The former
approach, while theoretically optimal, poses significant practical challenges due
to its complexity. Conversely, the latter approach, though less precise, offers
potential advantages by simplifying the learning space for intelligent agents.
Our research explores the impact of simple, yet incomplete, resource allocation
schemes on the learning of suitable bidding strategies by software agents. We
employ multi-agent reinforcement learning (MARL) to address this question
(Sutton & Barto, 2018). MARL, previously examined in the context of computer
games to benchmark learning algorithms, demonstrates its power in multi-agent
settings. For instance, Vinyals et al. (2019) demonstrated that a MARL algorithm
could surpass human players in StarCraft, showcasing the method’s power in
multi-agent settings. By applying MARL to the practical, real-world application
of smart load scheduling in a local energy market, we extend this research into a
domain with significant societal implications.

Our study serves as a starting point for discussing the application of MARL in
emerging market-based resource allocation and coordination problems, similarly
seen in real-time road transportation markets (Cramton et al., 2018). AI’s role is
pivotal in managing the complexity and dynamism of distributed energy resources,
where the electricity market must balance individual consumption patterns with
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dynamic energy supply, subject to physical grid constraints. The increasing
demand for personal transportation and the growing adoption of EVs exacerbate
the demand on the electricity grid. Intelligent control of charging loads is crucial
to prevent grid failures. Online mechanisms for electricity allocation, as proposed
in the literature, offer precise, dynamic incentives for “grid-serving” behavior
by providing varying price signals based on grid usage, location, or marginal
generation costs (Flath et al., 2014; S. Huang et al., 2015; Robu et al., 2012).
Implementing these sophisticated online market mechanisms in the energy sector
necessitates autonomous software agents that can act on market signals in real
time. Our research explores the practical adoption of such mechanisms, using
distributed, intelligent agents to manage individual charging loads and respond
to smart market signals at the household level.

To mirror real-world conditions, we conducted a simulation experiment using
residential load data in a representative IEEE distribution grid model based on
a real UK setting. Our model incorporates physical grid restrictions and users’
economic rationale to examine how load-shifting by learning agents can improve
charging power allocation. In this scenario, reinforcement learning (RL) agents
schedule EV charging based on nodal prices at their grid locations. These agents
employ Q-learning with experience replay (Mnih et al., 2013) to make real-time
charging and bidding decisions without forecasting future driving demand. We
evaluated different learning models, including linear learners and small neural
networks (DQN), for their performance in this simulation. We deliberately avoided
very deep or large networks due to their higher sensitivity to the environment’s
instability caused by multi-agency and their impracticality in energy management
due to training costs.

Our findings indicate that RL agents outperform current naive charging strate-
gies. While well-parameterized deep learning models can surpass linear function
approximation, they may perform substantially worse if not optimized correctly.
Although our focus is on the smart grid, our findings are applicable to other
dynamic market settings, such as Dutch flower auctions (Lu et al., 2019).

Our study bridges the gap between multi-agent reinforcement learning and
mechanism design for a relevant and socially significant use case. This multidisci-
plinary research contributes to the understanding of intelligent agents in the smart
grid by developing a novel techno-economic co-simulation of a residential smart
grid, serving as a test bed for intelligent agent research. The insights gained can
inform the development of smart load scheduling agents and aid policymakers in
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designing future energy markets that integrate distributed energy resources and
support the electrification of transportation. By examining locational marginal
pricing (LMP), we offer insights into how market-based MARL can achieve stable
solutions in environments where prices coordinate agent behavior.

This article is organized as follows: First, we review related literature on
nodal pricing and autonomous agents for load scheduling. Next, we outline the
scheduling agents’ decision problem, the determination of nodal prices, and our
learning approach. Finally, we present the simulation results and conclude with
remarks on the implications for future research on market design and intelligent
agents for the smart grid.

2.2 Related Work

This paper is highly interdisciplinary, drawing on techniques from machine learn-
ing, transportation science, and (energy) economic theory. We consider intelligent
agents as the connecting element between these disciplines, enabling a technically
feasible and economically efficient solution for transportation applications.

2.2.1 Allocation Mechanisms for Transportation Resources

With the rise of shared mobility services, electric vehicles (EVs), and intelligent
transportation systems, market mechanisms for optimizing transportation re-
sources have become increasingly crucial (Ketter et al., 2023). These mechanisms
aim to improve urban mobility, reduce congestion, and enhance the efficiency of
transportation networks through dynamic pricing, auction-based allocations, and
decentralized control systems.

A significant area of research and practice is the design of sharing systems,
where real-time matching algorithms and pricing strategies optimize the allocation
of rides to passengers. For instance, S. Ma et al. (2013) develop a dynamic ride-
sharing model that uses real-time data to match drivers and passengers, reducing
waiting times and increasing vehicle occupancy rates. Similarly, L. Wang et al.
(2019) propose an auction-based approach for ride-sharing, where passengers bid
for rides, and an optimal allocation is determined based on these bids. Schroer
et al. (2022) investigate optimal management of a single fleet using a top-down
approach.
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Another critical area is congestion pricing, which aims to manage road traffic
by charging users based on their usage of congested routes. This approach has
been implemented in several major cities, such as London and Singapore, to
reduce traffic congestion and improve air quality. Verhoef et al. (1996) discuss
the effectiveness of second-best congestion pricing schemes, where tolls are set to
reflect the marginal cost of congestion, thereby incentivizing users to choose less
congested routes or alternative modes of transportation.

Parking management is also a vital aspect of transportation market mechanisms.
Dynamic pricing for parking spaces, as studied by Geng and Cassandras (2013),
allows for the efficient allocation of parking resources by adjusting prices based
on demand. This approach helps reduce the time spent searching for parking and
alleviates congestion in urban areas.

Decentralized control systems, facilitated by intelligent agents, are increasingly
used to manage transportation resources. These systems allow individual users
or vehicles to make autonomous decisions based on real-time information and
market signals. For example, W. Zhang et al. (2011) propose a decentralized taxi
dispatch system that uses real-time data and intelligent agents to match taxis
with passengers efficiently. This system reduces idle times for taxis and waiting
times for passengers, enhancing the overall efficiency of the taxi network.

A middle ground between centralized and decentralized approaches is the
use of hybrid systems. These systems combine centralized coordination with
decentralized decision-making to balance efficiency and flexibility. For instance,
H. Yang and Lau (2015) introduce a hybrid model for taxi fleet management that
integrates centralized route planning with decentralized execution by individual
taxi drivers. This model optimizes overall fleet performance while allowing drivers
to adapt to real-time conditions.

In the context of EV charging, market mechanisms are essential for managing
the demand on the electricity grid and ensuring efficient use of charging infrastruc-
ture. Xu et al. (2020) explore a market-based approach to EV charging, where
dynamic pricing signals incentivize users to charge their vehicles during off-peak
hours, thereby reducing peak demand and avoiding grid overloads; similar work
but for buses is presented by Abdelwahed et al. (2020).

These approaches to transportation problems illustrate the potential of dynamic
pricing, auction mechanisms, and intelligent agents to enhance the efficiency and
sustainability of urban mobility systems. By leveraging real-time data and
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advanced algorithms, these mechanisms can address the complex and dynamic
nature of transportation networks, ultimately leading to improved resource
allocation and user satisfaction. However, the mentioned allocation schemes
typically rely on the use of centralized information, enabling top-down decision-
making by a fleet or platform operator. Dispersed information in a distributed
setting is seen much rarer in the literature, and if so, there is generally a reliance
on voluntary information sharing.

2.2.2 Machine Learning in Transportation Resource Allocation

There is a wealth of research employing various machine learning approaches
for transportation resource allocation tasks. Advances in distributed computing
and intelligent devices enable bottom-up coordination of transportation resources
(H. Yang & Lau, 2015; W. Zhang et al., 2011). AI methods and autonomous
agents can leverage dynamic price incentives to optimize transportation demand
based on real-time data and user preferences (Shann et al., 2017).

Numerous studies explore intelligent load scheduling by autonomous agents
to operationalize “demand control” through AI (Ketter et al., 2018; Parag &
Sovacool, 2016; Peters et al., 2018; Reddy & Veloso, 2011; Valogianni et al., 2015;
Vázquez-Canteli & Nagy, 2019). However, real-time pricing can lead to herding
behavior when rational agents receive the same price signal, causing network
bottlenecks (Valogianni et al., 2015; Vytelingum et al., 2010).

In traditional tariff markets, incentives exist to avoid peak charging (Gottwalt
et al., 2011) or to reduce charging rates (Valogianni et al., 2019), but effective
incentive setting at the individual node level is challenging. The effect of tariff
systems depends on the time-dependent price elasticity of demand, which is private
information. Consequently, tariff schemes cannot ensure network restrictions are
met at all times. With the increasing electrification of transport and decentralized
energy supply, this poses a threat to grid stability and energy security (Ketter et
al., 2018; Ramchurn et al., 2012), with significant welfare implications.

Despite the distributed nature of transportation networks, most multi-agent
reinforcement learning (MARL) studies in the transportation domain focus on
collaborative approaches to improve policy convergence. These techniques, similar
to decomposition methods in mathematical programming, often distort agent
incentives and lack economic grounding. However, the smart transportation
domain, with its growing importance for sustainable mobility, is a critical ap-
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plication area for intelligent agents. Insights from this domain can facilitate
the application of MARL in other distributed resource allocation areas, such as
shared mobility and real-time traffic management.

While multi-agent settings based on bi-level optimization (cf. Gabriel et al.,
2013) reflect autonomous decision-making, they often do not capture the complex
uncertainties of individual behaviors. Deterministic planning requiring exact
knowledge of future schedules is impractical. MARL addresses this by providing
approximately optimal policies in stochastic, dynamic settings. We assume
households have their software agents without requiring explicit knowledge of
itineraries, enhancing convenience.

Approaches such as Nash Q-learning (cf. Casgrain et al., 2022; J. Hu & Wellman,
2003) have been proposed to solve similar problems but face challenges such as
full observation of all actions and computational tractability. Consequently, we
explore fictitious self-play in general-sum settings, despite known difficulties with
environment stationarity and model convergence. By investigating MARL for
autonomous EV charging in a transportation context, our research contributes to
understanding how intelligent agents can enhance the efficiency and reliability of
transportation systems through advanced resource allocation mechanisms.

2.3 The Model

Our market model reflects the interaction between self-interested agents, max-
imizing their individual utility, and a regulated market operator, maximizing
social welfare. The interaction is primarily a coordination task, as grid resources
are usually not scarce. In particular, it is not a zero-sum game, i.e., one agent’s
win is not necessarily another agent’s loss. Still, it is not a cooperative game
either, as agents in general have no incentive to co-optimize social welfare by
themselves. We assume a well-regulated, i.e., benevolent, system operator who
sets prices and allocates resources. An overview of notation is given in Table 2.1.

2.3.1 Agents’ Decision Problem

Agents act in the market by bidding for the opportunity to charge their corre-
sponding EVs. Note that we assume agents, EVs, and owners to be matched
one-to-one , respectively; we therefore use the terms interchangeably. Agents
interact in a real-time market mechanism. Such real-time pricing is currently
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Variable Domain Explanation
J N+ Number of agents
j {1, ..., J} Agent index
T N+ Number of time steps
t {1, ..., T} Time index
∆t R [h] Time step length
ci,t R [MU] i’s cost in time step t
Ci R [MU] i’s total cost
SoCi,t [0, 1] i’s state of charge at time t
Batteryi R [kWh] i’s battery size
PEV,i,t R [kW] i’s charging power in time step t
ρ(·) [0, 1] → R [MU] i’s penalty function
TD,i Set i’s departure time steps
bEV,i R [MU/kWh] i’s bid for power
PEV,max,i R [kW] i’s max. requested power
cg R [MU] Grid energy price
Pg R [kW] Total power drawn from grid
bEV RN [MU/kWh] Bid vector (bEV,i)i

PEV RN [kW] Charging power vector (PEV,i)i

PEV,max RN [kW] Max. charging power vector (PEV,max,i)i

L N+ Number of lines
l {1, ..., L} Line index
Di R [kW] i’s non-EV electricity demand
D RN Non-EV demand vector
Cl R [kW] l’s power limit
C RL [kW] Power limit vector
PTDF RL×N Power transfer distribution factor matrix

Table 2.1: Notation of the market model.

available in some retail electricity markets, though typically only containing a
real-time component for energy. Our model is a real-time market to determine
grid fees, whereas energy cost can be (in principle) due to any other tariff struc-
ture. Agents use the overall pricing signal to dynamically adapt their bidding
strategy and to secure charging for their driving needs.

To ensure that agents’ charging demands do not exceed the electricity grid’s
physical limits, agents in the simulation are not price-takers, opposed to what
is usually the case in retail markets for electricity. Instead, each agent bids for
the opportunity to charge, and infrastructure is allocated based on these bids
using a repeated auctioning scheme, e.g., in 15-minute intervals. The auction
determines both allocated charging power and (nodal congestion) prices for
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the agents. To participate in the auction, agent j ∈ {1, ..., J} submits a tuple
aj = (PEV,j,max, bEV,j) of (maximal) demand, PEV,j,max, and valuation, bEV,j . As
per standard nomenclature in machine learning, we call the choice submission of
aj agent j’s action. For brevity, the indicated valuation bEV,j is referred to as
agent j’s bid for the remainder of this paper.

Demand and bid levels are discrete; that is, agents can decide between a
low, a medium, and a high demand as well as placing a low, medium, high bid.
Consequently, there are nine possible tuples for agents to submit to the auctioneer.
This simplified bidding language compared to a continuous counterpart improves
agents’ learning ability and keeps complexity at bay. Further, in real-world
applications, bidding would be limited to, e.g., e 0.01 (in European markets)
increments. Finding the optimal granularity, e.g., the number of bid levels, is in
itself a complex trade-off between efficiency and simplicity of the mechanism. We
find that, in our setting, three bid levels suffice to represent agents’ preferences.
It is reasonable to assume that most of the time, agents would choose a low bid,
as there is sufficient flexibility in EV charging due to relatively large battery
capacities and long idle times. The medium and high bids, respectively, can then
be used to differentiate more urgent charging situations.

Compared to traditional power markets, devising a bidding strategy is more
complex in the case of demand. The (instantaneous) valuation for charging is
difficult to elicit, as there is an intertemporal coupling of charging decisions that
is usually not accounted for in bidding languages. Even when block bids are
used, as is usual in European electricity markets, they only allow for coupling of
charging decisions within one day in the case of day-ahead markets. The key task
for learning agents is thus to infer the valuation of charging. This valuation has to
be derived from implicit signals. The agents that schedule EV charging therefore
have to manage a dilemma: While they should minimize the cost incurred through
EV charging, they should not risk securing too little energy to fulfill future driving
needs. Opportunity costs of forgone charging can be substantial if a charged
battery is necessary for a crucial task. Thus, an agent’s goal is to individually
optimize the corresponding household’s charging costs by merely shifting the
charging in time, not stopping to charge at all. As agents decide on their own,
their policies constitute a bottom-up approach to the charging problem.

Given the willingness to pay a premium, their charging is prioritized in times
of congestion. Again, the numeric levels themselves are not a crucial aspect
of analysis; instead, they contribute to providing an intuition of the order of
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magnitude. As agents do not procure the energy for direct consumption, they
cannot merely set their principal’s current marginal value as bids. Instead, they
have to infer the value of energy at each point based on the future stochastic use
of the electric vehicle. Agents that bid too low may suffer from penalties due to
forgone mobility needs or increased anxiety. Agents who are too eager to charge
quickly may overpay. Striking a balance between patience and aggressiveness is
hence the essence of any agent’s successful policy.

The total cost of agent j ∈ {1, ..., J} consists of the sum of costs over the entire
planning horizon. The cumulative cost consists of instantaneous cj,t for agent j,
at time t. Two terms contribute to the instantaneous cost: the monetary cost of
electricity procurement, and the penalty costs. The charging power of the agent
j’ at time t is PEV,j,t; multiplying by the length of time slots △t results in the
charging energy. The price at the location of agent j’ on the grid at time t is pj,t

monetary units per kWh.

Whenever the driver wants to use their electric vehicle for a trip, i.e., time t is in
agent j’s set of departure times TD,j , the driver will check the state of charge of the
vehicle. Note that these departure times are not certainly known to the software
agent. When the SoC at these departures deviates from a target SoC, then the
software agent is penalized via a convex penalty function ρ. Convexity ensures
that small deviations are tolerated, whereas larger deviations are not. Note that
the penalty does not necessarily have to be a result of actual driving needs—and
the corresponding energy demand—but can also comprise psychological aspects,
for example, range anxiety (Valogianni et al., 2019). The higher the owner’s
anxiety, the more irritated she might be when large deviations from her set target
occur.

The formal definition of the penalty term to apply only at departure times
follows a rationale based on how vehicles would be used in real-world applications.
Drivers employing a software agent to charge their vehicle would, and should, not
constantly check how the charging is proceeding and micromanage the charging
curve until the next use of the vehicle. Instead, they would plug in the vehicle
when they return from their trips and not bother with any control until the next
time they need their EV. Only then would they recognize whether the software
agent fulfilled charging needs.
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To summarize, the charging software should maximize long-term rewards

Cj =
T∑

t=1
cj,t (2.1)

=
T∑

t=1

(
pi,t ∗ PEV,j,t ∗ △t︸ ︷︷ ︸

Cost of energy

(2.2)

+ ρ max{SoCj,target − SoCi,t, 0} ∗ 1t∈TD,j︸ ︷︷ ︸
Penalty

)
. (2.3)

The agent’s policy to maximize the reward connected to the cost of energy is
straightforward—not charging at all. However, the development of the state of
charge is uniquely determined by the charging:

SoCj,t+1 = min{SoCj,t + PEV,j,t ∗ △t

Batteryj
, 1}. (2.4)

The optimal policy of software agents thus constitutes a trade-off between
reducing the cost of charging and avoiding penalties. The agent’s cost-reducing
efforts then result in shifting the flexible EV load to periods with minimal nodal
prices at their location. However, explicit information is not available to the
charging agent to conduct optimal scheduling for a future time frame. Agents
make their decision based on learned price signals and their current state of
charge.

Beyond the state of charge that is easily accessible for agents, we assume their
information to be sparse. Other observable environmental variables for charging
agents are just the time of day and the time since the last return of the EV. This
can be considered decision-making with minimal information, as this information
is necessarily available on electric vehicle chargers. There are various proposals to
enhance the capabilities of EV chargers and similar residential technologies in the
smart home literature, e.g., using calendar information, monitoring the presence
and movements of inhabitants, etc., to derive behavior and predict charging
needs. While showing a growing presence in (new) homes, these techniques raise
major questions of privacy and data security, making it quite likely that not
everyone will be willing to use such technologies to automate their devices. Our
decision to use limited information is thus warranted and should provide us with
an understanding of intelligent agents’ capabilities in tricky environments.
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Reinforcement Learning

Stochastic charging demand results from driving behavior (and, possibly, range
anxiety) outside the agent’s strategy space. The price component of the bid, bEV,j

on the other hand, influences when and at which price the trading mechanism
allocates charging power to an agent. A software agent should thus adopt a
bidding strategy to minimize costs, as defined in equation (2.3). However, in the
present multi-agent setting, the costs incurred for one agent depend on the other
agents’ preferences (i.e., charging demand), which is private information. Given
the imperfect information setting, the objective function is difficult to observe for
the agent. Further, the lack of observability of other agents’ behavior makes it
difficult to model-based dynamic stochastic programming approaches to derive
policies.

As a model-free approach to stochastic multi-stage decision-making, reinforce-
ment learning generally is a well-tested tool. In stationary settings with only
partially observable environments (Gupta et al., 2017), in which rewards depend
on agents’ actions—but not solely—and the exact reward function or its inputs
are unknown, it leads to asymptotically optimal policies. Typically, an agent
is trying to learn an action policy that maximizes the expected future reward
discounted by a factor γ defined by the action-value function, or ‘Q-value’ Q(s, a):

Q(s, a) = [r(s, a) + γ · v∗(δ(s, a))]. (2.5)

In this standard formulation, r(·) is the reward for an agent’s action a in the
state s; γ is the discount factor for future rewards. δ(·) represents the transition
function, which defines the next state s′ based on the agent’s action in the current
state. Note that γ need not be an (economically motivated) discount factor.
As before, we assume that there is no actual discounting of future cost, as we
consider short timeframes. Within the action-value function, γ contributes to
the algorithmic convergence properties.

Even though our environment is non-stationary, we analyze agents employing
reinforcement learning; the setting can therefore shed light on whether the
proposed auction mechanism provides a sufficiently stable environment for agents
to learn in. Specifically, the agents employ Q-learning with experience replay
(DQN), a technique presented by Mnih et al. (2015). Here, the optimal Q-value
(2.5), as defined by standard Q-learning, is approximated by a neural network
(Mnih et al., 2015). Note that, for convenience, we are referring to DQN in
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this work when the function approximation uses at least one hidden layer, even
though these architectures are not deep per se. Q-learning is a model-free learning
approach, which means that the neural network does not explicitly estimate the
transition function δ(·), but learns from the observed samples of states, actions,
and resulting rewards (Mnih et al., 2015).

(Negative) rewards in each time step, r(·), consist of the costs of charging
derived from equation (2.3) depending on the nodal prices as per market clearing
(2.8). The cost ci,t incurred at time step t depends on the bidding vectors
(bEV, PEV), of which an agent only knows its bid (bEV,j , PEV,j). Each agent can
observe further information that implicitly impacts the reward function. The
state s contains the previous price at its location, the time of day, the EV’s
current state of charge, its ability to charge (i.e., its connection to the wall box).
On that basis, the agents decide which action a to take, given their action space A.
Recall that an action a is a submitted tuple to the auction mechanism described
in 2.3.2. Agents act simultaneously in the environment, and electricity prices are
dependent on the market-clearing, which, in turn, depends on all agents’ actions.

During training, each step’s actions are chosen by an ϵ-greedy strategy that
picks the greedy strategy a = maxaQ(s, a) with probability (1 − ϵ) and picks a
random action a ∈ A with probability ϵ. During testing, agents are exclusively
greedy. Q-values are updated using experience replay (Mnih et al., 2013), which
means that all experiences the agent makes are stored. During training, samples
of these experiences are replayed using Q-learning. This way, each action the
agent takes can be learned from in future update steps. This technique also
reduces the risk of diverging parameters, as the behavior distribution is averaged
over many instances of previous experiences (Mnih et al., 2015).

2.3.2 Operator’s Decision Problem

Historically, the retail electricity market was mostly a regulated industry with
fixed prices. Recent decades have seen an increase in market liberalization, where
price formation is subject to market forces, and various market mechanisms
have been tested in practice and proposed in the scientific literature (Robu et
al., 2013). We propose that there is a system operator, tasked with both the
operation of the physical infrastructure and setting market-based grid fees. This
deviates slightly from typical settings in practice, where customers can choose a
(market-based) electricity tariff offered by market participants in liberalized retail
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electricity markets and additionally pay fixed grid fees to a network operator.
This traditional setting of a tariff scheme has a major drawback in the envisioned
scenario with large-scale EV adoption and corresponding electrical loads in
residential networks: It is not easily possible to ensure that the electricity demand
does not exceed the capacity of the grid. Integrating the physical aspects into a
(second) market facilitates their reconciliation.

The distribution system operator is a natural monopolist, as there is only
one distribution grid in place. Therefore, market forces (as in traditional retail
competition) cannot be relied on to ensure the affordability of electricity. It is
thus easy to conceive that the monopolist is regulated to act with the aim of
maximizing the welfare. Our model concerns the short-term operation of an
exogenously given electricity grid, i.e., investments to increase capacity are not
within its scope. The system operator’s (enforced) goal is thus to maximize
consumer surplus by optimizing grid utilization without exceeding its capacity.
The optimal grid fees can ensure that. Whenever grid utilization is at capacity,
customers that have the highest valuation for electricity are served, while those
who can do without (for any given instance) are not. In the following subsections,
we assume the distribution system operator has received all relevant bids.

Auction Clearing — Allocation and Pricing

There are a multitude of proposed auction-based pricing mechanisms for electric-
ity. One of the more elaborate and widely used schemes is locational marginal
pricing (LMP), which is often used for electricity pricing at the transmission
level—especially in the US power markets—while we use it at the distribution
level. LMP sets the price at each location, that is, node, in an energy system to the
cost of serving one (infinitesimal) more unit of energy at that node (Vytelingum et
al., 2010). There are numerous formulations of LMP and corresponding bidding
languages. Typically, bidding languages are inspired by a pricing scheme con-
ceptually based on fossil energy generation (with non-zero marginal production
costs). As a result, the price for a consumer, i.e., the marginal price at its location,
is equal to the marginal cost of the generator that has to increase its production
to serve the consumer’s additional demand. Congestion surcharges occur if the
cheapest generator in the system cannot serve any additional energy units to
that consumer due to network constraints. The extra cost of ramping up a more
expensive generator unit instead has to be carried by the consumer.
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The auction scheme presented in this paper deviates from such purely (produc-
tion) cost-driven pricing rules. Instead, it uses the marginal bidders’ valuation
of energy as the foundation for congestion pricing. The same intuition as for
(production) marginal cost-based pricing applies. Whenever an agent’s electricity
consumption displaces another agent’s consumption, the former has to pay a
premium derived from the latter’s valuation. In this sense, the proposed pricing
scheme resembles common (second-price) auction mechanisms. The auction
mechanism is formalized in the following.

We call the auctioneer the system operator, as it is not only in charge of the
operation of the market—or auction—but also the physical grid. The system
operator’s task is to serve consumers within its territory through the existing
physical infrastructure. In doing so, it has to adhere to two critical aspects of
energy systems. First, the energy system must always be in balance, i.e., demand
and supply must always match. Second, all grid components have physical
limitations—they can carry maximum loads that must not be exceeded. In the
investigated case, the components’ limitations are the maximum capacity of
electric lines. Each line has a maximal current it can carry, and, consequently,
it can transfer a limited amount of energy. Note that low-voltage grids have
characteristics exceeding their power transfer capabilities, e.g., phase symmetry
requirements or voltage requirements. We do not model those here, as the
resulting optimal power flow calculations are in general non-convex and therefore
do not support the determination of competitive market prices based on the duals
of the optimization procedure. Further, EV chargers are typically three-phase
and may be equipped with a power factor correction, such that power limitations
are most important.

Subject to these limitations, the system operator’s activities are two-fold:
first, it distributes electricity Pg from the upstream grid. The electricity flowing
from the upstream grid must match the demand in the residential grid, i.e., the
inflexible demand through household appliances and the EV charging demand
that is allocated through the auction. Agents can be subject to any electricity
tariff. As per typical European unbundling regulations, we assume that the
distribution system operation and retail tariff are independent. In particular,
even though an agent subscribes to an electricity tariff that is technically an
option, the distribution system operator auctions the localized grid infrastructure
as a distinct good. Non-allocation of infrastructure for an agent might prohibit
the agent from exercising its (tariff) option.
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Agent System
Operator

Upstream
Grid

Figure 2.1: The system operator transmits energy from the upstream grid at a
given price. It also repeatedly runs an auction market in which agents
bid for energy to charge their vehicles.

Second, it distributes energy to customers within its service territory (while
adhering to all physical constraints). As is typical in electricity markets, there is
a strong interdependence between described powers and energies. Agents incur
costs based on the energy they consume, but physical constraints are described
in terms of maximal powers. In a discrete time setting, both are approximately
linearly dependent with E = P∆t.). As outlined, agents provide (linear) bids
bEV = (bEV,1, ..., bEV,J)T ∈ R

J per unit of capacity. Figure 2.1 schematically
depicts the roles within the multi-agent setting.

Given that an operator would entail a natural monopoly, there would be
institutions regulating it to act welfare-maximizing, as described in Equation
(2.6). The objective here is described without a time index. The operator runs the
described auction repeatedly to determine the allocation of charging electricity,
PEV = (PEV,1, ..., PEV,J )T , close to real-time. Typical time steps in such markets
are hourly periods (as in many day-ahead electricity markets around the world) or
15-minute intervals. The underlying notion is that repeated maximization of the
instantaneous welfare leads to optimal long-term infrastructure utilization. Only
calculating instantaneous prices shifts significant complexity from the system
operator to the agents, as they have to predict how prices will develop when
making charging decisions. However, the alternative of running an auction for
more than one time step in advance is impractical. Predicting whether (or not)
an EV will be available for charging at some point throughout the next hours
or days is highly difficult even for an advanced learning algorithm. Having to
procure electricity for such periods anyhow could lead to open positions that
would need to be closed again at later times, requiring a much more complex
trading strategy than just real-time procurement of electricity whenever the EV
is actually available. Based on these considerations, we drop the time index in
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(2.6):
max.
PEV

W = bT
EVPEV. (2.6)

As outlined, bEV = (bEV,1, ..., bEV,J)T ∈ R
J is the vector of the J agents’

bids, with bEV,j being the bid of the scheduling agent i ∈ {1, ..., J}. Agents
can only bid a constant price per unit of energy. Thus, the objective function
is linear in the decision variables PEV ∈ R

J (charging electricity). The bid is
the first element of a submitted tuple; the requested quantity is the second ele-
ment. PEV,max,j denotes agent j’s requested quantity, as it equals the maximum
power its EV draws from the grid. The N agents’ submitted tuples are thus
(bEV,i, PEV,max,j), i ∈ {1, ..., N}. As with the bids, the requested quantities can be
represented more concisely using the vector PEV,max = (PEV,max,1, ..., PEV,max,J )T

∈ RJ . The welfare maximization in (2.6) so far does not account for infrastructure
topology and limitations. Disregarding these would mean that the highest bids
would win the auction, as it is intuitive, but would not necessarily be welfare-
maximizing: depending on the grid’s setup, there might be customers that can be
served without displacing anyone else, while others are behind certain bottlenecks.
Excluding the former “easy-to-serve” customers because the latter “hard-to-serve”
customers bid more would not maximize welfare.

To provide a realistic case study of electric vehicle charging, network topologies
in residential electricity grids must be understood. These are typically charac-
terized by radial networks. A radial distribution network has a tree structure,
i.e., each load point is connected by exactly one path to the upstream grid; see
Figure 2.2i. The power flow to any load point is transferred fully through every
line in this path and not through any other lines. The power transfer distribution
factor (PTDF) matrix encodes the relationship between nodes and lines involved
in transferring power. For J buses and L lines in the system (where a bus is
a load point, i.e., a household in our case, and a line is an electrical connec-
tion), PTDF ∈ {0, 1}L×J . A small exemplary network and the corresponding
PTDF matrix for four load buses (i.e., connection points) {1, 2, 3, 4} and five
lines {a, b, c, d, e} is given in Figure 2.2. Note that, generally, PTDF ∈ RL×J .
Only for radial networks it is binary.

Lines, due to their maximal loading, are the limiting physical asset. The maxi-
mal loading of the line l ∈ {1, ..., L} is denoted Cl. The vector C = (C1, ..., CL)T

∈ RL then summarizes line limits. Whenever a line reaches its maximal loading,
it is congested. The PTDF matrix attributes charging demand at a given bus i
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Grid

1

2

3

4

a

b d

c e

(i) Network topology. The
load buses are marked as
red squares. The green
round bus does not serve
a load, but is a distribu-
tion bus.

PTDF =

1 2 3 4


1 1 1 1 a
1 1 0 0 b
0 1 0 0 c
0 0 1 1 d
0 0 0 1 e

∈ {0, 1}L×J

(ii) PTDF matrix. Due to the tree topology,
all entries are either 1 or 0. a is needed
to serve every bus, whereas c and e are
only needed to serve buses 2 and 4, re-
spectively.

Figure 2.2: Exemplary network and corresponding PTDF matrix. An exemplary
path connecting bus 4 to the grid using lines a, d, and e is bold.

to a (potentially congested) line l, assuming lossless conductors. The distribution
network must not only serve EV charging but also other, here inelastic, demand.
We denote these inflexible household loads by D = (D1, ..., DJ)T . There is a body
of research concerning the use of smart appliances, e.g., dishwashers, that react
to price signals. In empirical studies, the behavioral change induced by using
such appliances is small, as are the savings opportunities for households. Electric
vehicles have much higher power draw and energy demand while providing a
significant amount of flexibility due to long idle times. We therefore reckon that it
is reasonable to assume that household flexibility would be limited to EV charging.
With the convention for the bidding protocol, the operator’s market-clearing task
renders a linear program. Note that the auction clears repeatedly; the subscript
t is dropped for brevity.

max.
PEV

bT
EVPEV (2.7a)

s.t. PTDF · (PEV + D) ≼ C (µ) (2.7b)

0 ≼ PEV ≼ PEV,max (2.7c)

As the inflexible household demand D is exogenous, only the EV charging
powers PEV (and consequently the power drawn from the grid Pg) can be subject
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to the auction’s allocation. The operator ≼ denotes element-wise (in)equality.
The flow constraints (2.7b) have Lagrangian multipliers µ = (µ1, ..., µL)T ∈ RL.
Existence and well-behavedness of the Lagrangian multipliers and existence of
a globally optimal solution to the maximization procedure (2.7) trivially follow
from LP theory for all relevant settings in our case study.

The electricity prices at the nodes now comprise two parts. First, the electricity
cost that may be individual for households, depending on their tariff. For
simplicity and to focus on the congestion management of the market, we assume a
constant grid cost cg∀i ∈ {1, ..., N}. Second, there is a cost from line congestion;
all nodes that use a congested line should pay a premium based on that line’s
marginal user’s valuation, µ = (µ1, ..., µL)T . Using the PTDF matrix to account
for line costs to nodes, the optimal price vector p∗ ∈ RN that summarizes prices
at all nodes is

p∗ = cg + PTDFTµ∗. (2.8)

Equation (2.8) emphasizes that the bidding protocol calls for a willingness to
pay premiums beyond the electricity, rather than absolute willingness to pay.
Agents effectively bid for the transmission right, not the energy (see Hogan, 1992).
Pricing implicitly accounts for the balance constraint. This requires that the
supply to the grid be sufficient, meaning that it is at least as large as the lines
permit, which can be safely assumed for any residential distribution grid.

Incentives

To be welfare-maximizing, the optimization procedure in 2.3.2 has to rely on
truthful bidding of the agents. The truthfulness of LMP mechanisms is a matter
of extensive studies (e.g. Karaca & Kamgarpour, 2017, 2018; F. Wu et al., 1996).
In the given applications, agents have an incentive to shade their bids, as they are
setting the price at their node with positive probability; the mechanism is thus
not strategy-proof: assume that the network was only serving a single agent that
demands more energy than can be supplied by the single line from the network
connection to its location. Its bid will always be the shadow price of the line
capacity; hence, it has an incentive to bid zero. Furthermore, any coalition of
agents can choose to manipulate the prices in their favor.

There are reasons to choose LMP over other pricing mechanisms, despite op-
portunities for manipulation. First, LMP is the most well-studied and understood
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nodal pricing mechanism in electricity markets. Hence, this work embeds itself
into existing research. Second, in the specific case presented, the opportunity
for manipulation is slimmer than in some extreme examples presented in the
literature. The bidding protocol only accepts positive bids, discouraging perverse
results. Unlike generators that can in principle bid infinitely high, there is thus a
natural limitation to exercising market power for demand. For these reasons, it is
safe to assume that LMP is a suitable candidate mechanism. It is further easier
to calculate than alternative pricing rules based on the well-known Vickrey-Clark-
Groves (VCG) (Clarke, 1971; Groves, 1973; Vickrey, 1961) mechanisms. These,
among other widely discussed weaknesses of VCG mechanisms (see Ausubel and
Milgrom (2006) for an extensive discussion), make LMP preferable.

An important issue against the backdrop of learning agents is the non-stationarity
of the environment in the presence of multiple interdependent agents. In these
cases, canonical results from single agent theory do not hold, and convergence of
the mechanism is difficult to attain and even more so to prove generally. The afore-
mentioned VCG mechanism features dominant-strategy incentive-compatibility
(DSIC), at least for a single auction. This quality can be expected to improve
convergence in a multi-agent reinforcement learning setting, as each agent has a
(learnable) optimal strategy, independent of other agents’ behavior. Although
the stability emerging from DSIC is desirable, particularly in a MARL setting,
we argue that the mechanisms’ disadvantages still outweigh this benefit, keeping
in mind our foundational motivation to study a real-world application, where
employing such complex mechanisms is not seriously discussed. Our research
therefore also sheds light on the question of to what degree a market mecha-
nism without a strong equilibrium concept, such as DSIC, can provide sufficient
stationarity for the use of MARL.

2.4 Experimental Evaluation

To examine the applicability of this model and the efficacy and information
requirements of reinforcement learning in this multi-agent setting, we conduct an
experimental evaluation using a representative distribution grid model provided
by IEEE (Schneider et al., 2018) and realistic price ranges and energy loads. The
maximum charging power for the electric vehicles is set to 22 kW, corresponding
to values seen in the industry. While this charging power is fairly high and not
all models currently support it, the evolution towards higher charging powers
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at home warrants using this value when discussing a scenario with high EV
penetration in a residential area.

The bids are discrete, taking realistic values. The typical price for one kilowatt-
hour (the standard unit in residential applications) of energy in Europe is roughly
0.20 − 0.30 e . To abstract from currencies, we are using 0.2, 0.4, and 0.8
monetary units/kWh (MU/kWh) as low, medium, and high bids, respectively.
We use slightly higher values in the simulation, i.e., with a grid price of 0.2, the
minimum bid is set to 0.2 + ϵ. This is necessary, as otherwise the market-clearing
optimization (2.7) could reject low bids.

2.4.1 Data

Most car trips are made to and from work (YouGov, 2018). We are thus splitting
the agent population into three archetypes, accounting for heterogeneity in the
population. We propose that 60% are early workers, with working times (the
working times include commuting, i.e., they represent the mean times of arrival
and departure) from 7:30 AM to 4:30 PM. A standard deviation of one hour is
attached to both times to determine the mean departure and arrival times of
these agents. Similarly, there are late workers with working times from 9:30 AM
to 6:30 PM, again with a one-hour standard deviation. The remaining agents are
gone between 12 PM and 3 PM, with two hours of standard deviation attached
to arrival and departure times. These choices are in line with travel surveys
(Department for Transport, 2019; YouGov, 2018); however, precise times are not
as relevant as the general notion of heterogeneity between agents: too similar
driving profiles would overstate the value of smart charging, as peak demands in
the evening hours would be exaggerated. Synthetic data is necessary, as driving
profiles with high granularity are not publicly available. This synthetic data is
specifically designed to reflect an everyday schedule. Because of this, the policies
derived by the software agents are generally not ideal for days with fundamentally
different driving patterns (e.g., long-distance drives toward travel destinations).
Assuming that these days are rare, manual overrides by drivers are a suitable
solution to this issue.

After agents’ initialization with their mean and departure times, a driving
itinerary for the working week is created, based on the mean times and random
normal noise. Departure times in the morning are distorted with a 15-minute
standard deviation, and arrival times in the afternoon or evening with a 30-minute
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(i) Original IEEE Test Feeder with 55
load buses (orange) and 905 lines
(black). Green buses are connection
points without loads.

(ii) Reduced IEEE Test Feeder with
load 55 buses (orange) and 110 lines
(black). Green buses are connection
points without loads.

Figure 2.3: Original and reduced test grid. Both topologies are equivalent for the
presented use case.

standard deviation. Both are truncated to ensure realism in the simulation. Not
using a fully deterministic driving itinerary per agent reflects that there are
always some variations due to traffic conditions or irregularities in work patterns.
Software agents tasked with charging control should be able to handle this
distortion.

The energy demand for driving is drawn from a scaled Beta(2, 5) distribution.
Using this right-skewed distribution accounts for the fact that many commutes
are short, while some are quite long. The distribution is scaled so that the energy
demand per day (i.e., for a return trip) corresponds to a driving distance of overall
40 km for a typical EV (cf. van Velzen et al. (2019)). We are using an adaptation
of the IEEE European Low Voltage Test Feeder (LVTF) to model the residential
distribution grid (Schneider et al., 2018). The LVTF was explicitly designed to
analyze the impact of an increased amount of distributed resources on distribution
grids. However, note that it was also designed to support investigations regarding
phase symmetry and is thus a three-phase system. Because we are investigating
only power flows, we are using a single-phase version instead. This approach is
reasonable as long as chargers themselves are assumed to be three-phase, which
is undoubtedly the case for higher charging powers. Figures 2.3i and 2.3ii show
the original test grid and a reduced version, respectively. The reduced version
maintains all electrical characteristics while removing buses that are not necessary
for modeling.
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2.4.2 Benchmark strategies

To evaluate the DQN agents’ performance, they are compared to two different
benchmark strategies, the naïve and the linear policy. In the naïve case, agents’
behavior is modeled on patterns frequently observed in current real-world scenarios.
Whenever the respective EV connects to a charger, its managing agent requests
charging at full speed. As the pricing mechanism based on displaced agents’ bids
requires a valuation for those bids, we assume that agents always bid the highest
valuation when employing the naïve strategy. Albeit a crude benchmark, it still
enables a comparison to an expensive allocation.

To provide a more reasonable benchmark, we are also studying agents that
approximate the Q-function using linear function approximation. As the auction
mechanism already encodes much of the problem’s actual complexity, linear
function approximation is a potent benchmark for policies using neural networks.
Even using only linear function approximation, employing learning agents in
this realistic multi-agent setting is much more elaborate than existing solutions
utilized in practice. As to scalability and computational efficiency, such simpler
learning strategies can well be preferable in real-world settings.

2.4.3 Results

Multi-agent reinforcement learning is, in real-world applications, still largely in
its infancy. Due to the multitude of parameters to set in a DQN application,
we thus investigate numerous possible implementations, based on typical values
seen in comparable studies. Table 2.2 displays the varied parameters together
with investigated values. Whereas more parameters could be altered, we reckon

Hyperparameter Values
Hidden Layers 0, 1, 2, 3
Hidden Units/Layer 8, 12, 16
Activation Function Sigmoid, ReLu
Discount Factor γ 0.95, 0.99, 1.0
Min. Expl. Rate ϵmin 0.1, 0.05, 0.01
Batch Size 32, 128, 512

Table 2.2: Varied hyperparameters and corresponding values for the RL implemen-
tation. Note that not all combinations are sensible. Shaded parameters
are only varied for non-zero hidden layers.
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Parameter Values
ρj(SoCj , t) 10 ∗ (SoCj,target − SoCj,t)2 ∀j
SoCj,target 1.0 ∀j
Batteryj 30kWh ∀j
∆t 15 min
Episode 5 Days

Table 2.3: The simulation parameters capture important aspects of real-world
settings with electric vehicles. Batteries are relatively small; because
of this, the target SoC is set high.

that these constitute a solid choice for variation. Note that not all parameter
combinations are sensible, as a linear approximation (without hidden layers)
does not implement activation functions or hidden units. Important simulation
parameters are given in Table 2.3. The simulation parameters are designed to
resemble a typical residential (e.g., suburban) commuter setup.

We investigated a set of over 500 learning configurations (3 × 3 × 3 = 27
linear learners and 3 × 3 × 2 × 3 × 3 × 3 = 486 DQN learners). Even though
each learner’s problem instance is small and can be learned quickly, no matter
the architecture’s complexity, the number of models to evaluate puts a limit on
potential combinations. Figure 2.4 shows the agents’ average relative performance
of different learning algorithms, i.e., their relative cost compared to the afore-
mentioned constant-price scenario. There is little difference in the performance
of deep learners compared to linear learners, with both architectures on average
outperforming the naïve strategy after training for 1,000 episodes. While it is
possible that deep learners could ultimately outperform linear learners given
sufficient training time, the added benefit of increased model complexity must
outweigh the (computational) cost in this type of practical application in which
distributed computational power is limited. The preliminary results indicate that
linear function approximation, while parsimonious, is promising for a smart grid
application. In the following, neural network learning models are thus disregarded,
and different learning strategies for linear models are focused on.

Figure 2.5 shows the training progress distribution of the learners relative to
the naïve strategy in their corresponding scenarios. Both linear and deep learning
strategies lead to a substantial reduction in relative cost quickly. The dispersion
between different linear learners is much lower, shown by the gray band around
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Figure 2.4: Relative performance of different learning algorithms after 1,000
episodes of training. Both deep and linear learners are on average
better than the benchmark. With longer training, DQN learners might
become more competitive. However, very long training periods are
impractical from both an application and energy intensity perspective.

the black line representing the standard deviation and mean of relative cost,
respectively.
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Figure 2.5: Both linear and deep learners learn quickly. Dispersion between
different linear learner configurations is lower than for deep learners.
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2.5 Discussion

As pointed out by Rogers et al. (2012), the transition the energy market is
going through to adapt to increasing electricity demand and to more and more
distributed, volatile, and sustainable energy resources is “one of the greatest
engineering challenges of our day", p. 2166—as unfortunately illustrated by the
market failures of the California and Texas energy markets in 2000/2001 and
2021, respectively (Borenstein et al., 2002; The Economist, 2021). While there are
various approaches to alleviate congestion in the grid, including infrastructural
expansions or power caps, many of those require high hardware investments or
come with hard restrictions on individual usage.

We develop a novel techno-economical co-simulation of a residential smart grid,
with the structure of a partially observable stochastic game (or a partially observ-
able Markov decision process (POMDP) from an agent’s perspective), in which
owners of electric vehicles (EVs) pay for their use of the grid infrastructure when
charging their EVs. In a repeated auction setting, we evaluate the performance
of intelligent agents using real energy load profiles and simulated EV charging
demands in a representative IEEE distribution grid to schedule loads. Herein,
we go beyond the theoretical proposals and often very crude and simplified test
cases in earlier literature and provide a test case for an online market mechanism
for EV scheduling. In particular, we incorporate physical grid limitations as well
as preferences of self-interested agents. The feasibility and efficiency of learning
models is crucial for leveraging online market mechanisms in practice to realize
the vision of a smart grid integrating distributed energy resources.

Our experiments provide insights into the trade-off between simple, lighter
learning models and more powerful but computationally expensive deep learning
models, which is relevant for the practical implementation of such machine learn-
ing models in the real world in a distributed network. Training complex machine
learning models is by itself not only computationally expensive but thereby also
energy-intensive. In applications that seek improvements regarding environmental
sustainability, the much-touted application of artificial intelligence techniques
must provide not only operational efficiency but also reasonable upfront invest-
ments in the models. The burden of training complex models to competitiveness
seems overly high. The parsimony of simple linear models, on the other hand,
provides convincing performance combined with low computational effort. The
trade-off between model complexity and model performance is visualized in Figure
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Figure 2.6: Trade-off between complexity and performance

2.6. While in this work, more complex models even performed worse than simpler
ones, it is easily comprehensible that other complex models might outperform
the presented linear learners. If, however, increased complexity must be met by
substantial performance improvements, then the simplest models might still be
better. Acknowledging this trade-off instead of over-engineering machine learning
models as an end in itself is crucial for artificial intelligence to actually impact
many real-world use cases positively.

The presented results are thus not only informing research on multi-agent
settings in the domain of smart grid applications but also any domain that
ultimately seeks widespread adoption in decentralized environments. Highly
elaborate algorithms and learning techniques are worthwhile in their own right,
but parsimonious models should not be underestimated as means to improved
coordination.

On the theoretical side, our experiments revealed that the definition of the
reward function in this setting is vital for the performance of RL agents. Defining
a penalty for not driving due to insufficient charging of an electric vehicle is
straightforward theoretically; however, eliciting an actual value of this penalty is
highly complex and depends on individual preferences in practice (Shann et al.,
2017). It is not constant but depends on the specific trip that should have been
made, individuals’ range anxiety, and may be evolving. The penalty should thus
be seen not only as a hyperparameter of the learning environment but also as an
actual economic variable.
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2.6 Conclusions & Future Work

We contribute to the theoretical research on multi-agent reinforcement learning,
as well as to the practical work on autonomous agents for the smart grid. Our
work addresses a societally relevant issue by leveraging computational tools
to coordinate distributed energy resources efficiently. Herein, we can show
that nodal pricing mechanisms, which provide desirable economic properties
but had previously been impractical to implement in the energy grid, could
be utilized in combination with intelligent agents. In combination, these tools
can alleviate pressure from distribution grids and respect individual preferences
without requiring central control over individuals’ consumption schedules.

As the complexity of learning models influences the requirements on distributed
computational power, and hence their applicability in practice, a careful and
realistic evaluation of the learning models implemented by intelligent agents is
crucial. Our research addresses this issue by examining the trade-off between
model complexity and performance improvements in a simulation of a physical
distribution grid. Herein, we can show that, in this setting and with a reasonably
(low) amount of model training, relatively simple linear model-free reinforcement
learning algorithms converge to a more stable equilibrium compared to a DQN
approach.

Further research could expand the simulations presented above further by using
empirical data on various flexible loads, such as heat pumps or home battery
storage, and various grid models. Moreover, the market mechanism itself could be
developed further: the presented model uses a linear optimal power flow that is
known to not perfectly describe all aspects of low-voltage systems. With complex
market mechanisms including reactive power or phase symmetry, the trade-off
between complexity and performance might need to be revisited. In addition, the
presented market mechanism closely follows design choices first made for making
the mechanism explainable for human decision-makers. This criterion is not in
the same way relevant to markets that are designed purely for algorithmic trading
agents. Approaches such as stochastic prices could be an interesting avenue for
future research in this context of autonomous intelligent agents interacting.

Within our model, architecture and hyperparameters are homogeneous and
exogenous for all agents, as otherwise the search space would become intractably
large. However, when discussing the value of parsimony in the context of a
smart grid application, it is also important to realize that the adoption of an
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AI technology in this context, i.e., implementing different smart charging agents
varying in complexity, is in itself a distributed decision by human decision makers.
If more complex algorithms such as DQN could outperform simpler ones, the
efficient equilibrium of simple models is unstable. Instead, a prisoner’s dilemma of
AI adoption could cause widespread inefficiencies, countering all operational gains
through smart technology. Steering such equilibria in beneficial directions is a
fascinating research question that would be highly informative for policymakers.
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3 A Blockchain-Based Bundle Trading
Market for EV Charging3

3.1 Introduction

The global push towards decarbonization has placed electric vehicles (EVs) at the
forefront of sustainable transportation solutions. According to the International
Energy Agency (IEA), the number of EVs on the road is projected to reach well
over 400 million by 2030, significantly contributing to the reduction of greenhouse
gas emissions and reliance on fossil fuels (International Energy Agency, 2024).
However, this rapid adoption of EVs introduces new challenges for electricity
grid management, particularly related to the high and variable demands of EV
charging.

One of the most pressing issues is the potential for grid congestion caused
by simultaneous charging of multiple EVs, especially during peak hours. The
traditional grid infrastructure, designed for relatively stable and predictable
energy consumption patterns, may struggle to accommodate these new, highly
variable loads. This can lead to increased operational expenses, the need for
substantial infrastructure upgrades, and, in the worst-case scenario, grid failures
(Flath, Ilg, & Weinhardt, 2012).

To address these challenges, it is crucial to develop innovative market mecha-
nisms that can dynamically allocate limited grid resources in an efficient and fair
manner. Existing approaches, such as time-of-use pricing and centralized control
algorithms, have shown limitations in scalability and flexibility. These methods
often fail to account for the decentralized nature of information and control in
modern electricity grids (Bichler et al., 2010; Valogianni et al., 2020). Parker et
al. (2019) provides an extensive review of some related operational challenges
associated with the transformation of power systems.

3Joint work with Arthur Carvalho and Wolfgang Ketter.
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This paper proposes a novel solution to these challenges: a distributed bun-
dle trading market (BTM) for EV charging. The BTM framework leverages
blockchain technology to create a transparent, auditable, and resilient market
for allocating grid resources. By treating the rights to use grid infrastructure
as tradable commodities, the BTM ensures that these resources are allocated
to where they are most valued, based on real-time market dynamics. The use
of blockchain technology in the proposed BTM offers several key advantages.
Firstly, it enhances transparency and trust among participants by providing an
immutable record of all transactions. This reduces the risk of manipulation and in-
creases the market’s credibility (Andoni et al., 2019). Secondly, the decentralized
nature of blockchain removes the need for a central authority, thereby reducing
operational expenses and potential bottlenecks. Finally, smart contracts on the
blockchain automate the execution of market rules, ensuring that all trades are
conducted fairly and efficiently. Overall, this work lies at the intersection of smart
market design, smart grid research, and distributed systems. The relationship
and interfaces of these streams can be seen in Figure 3.1.

Blockchain
Bundle
Trading
Market

EV
Charging

Distributed
Systems Smart

Markets

Smart
Grid

BTM-EVdBTM

Figure 3.1: Placement of this work in the relevant literature streams.

The proposed BTM for EV charging significantly extends previous (smart)
market designs for charging services. It provides an auction mechanism to allocate
rights of use for infrastructure assets. Consequently, it is a real-time mechanism
for market-based grid or charger fees rather than a market for energy. It thus
adheres to existing unbundling regulation (cf. Pollitt, 2008). By design, it can
allow for non-participation of (some) grid users, making it more robust against
asymmetric adoption and adverse network effects. The auction process is highly
transparent, yet it does not reveal actual charging (and thereby driving) itineraries.
To our knowledge, no existing market designs provide these features. Using a
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novel trade verification procedure, the Strong Duality Verification (SDV), the
presented design enables an efficient smart contract-based implementation of the
BTM. To summarize, in this paper, we make the following key contributions:

1. We introduce a novel market mechanism for the efficient allocation of EV
charging rights, addressing the unique challenges posed by the high and
variable demand of EV charging.

2. We leverage blockchain technology to enhance the transparency, auditability,
and resilience of the proposed market mechanism.

3. We conduct extensive simulations to evaluate the performance of the BTM,
demonstrating its efficacy in real-world scenarios.

4. We provide practical insights into the implementation of the BTM using
blockchain technology, offering guidance for future research and develop-
ment.

The remainder of this paper is structured as follows. Section 2 reviews re-
lated work on distributed resource allocation, dynamic control of EV charging,
and blockchain applications in the energy sector. Section 3 outlines the BTM
framework, detailing the mathematical formulation and bundle determination
process. Section 4 presents a case study evaluating the BTM’s performance using
the IEEE European Low Voltage Test Feeder. Section 5 discusses how the BTM
model can be implemented in a distributed fashion using smart-contract-enabled
blockchains. Section 6 discusses practical implementation insights and challenges.
Section 7 concludes the paper with a summary of findings and suggestions for
future research.

3.2 Related Work

Our research touches upon different streams of literature, distributed resource
allocation problems and distributed systems among them. As we see electric
vehicle charging as an instance of a resource allocation problem, we also visit the
more general stream of auction-based solutions to resource allocation problems in
this literature review. It is a broad and mature field of research; for brevity, we
present work that is either seminal in the area or has a significant impact on the
research presented in this paper. We also review the technical literature on smart
charging, particularly but not exclusively from the engineering field. Lastly, we
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refer to research on distributed ledger technologies (DLTs), such as blockchain,
in the energy sector. Lately, this has been a vital area of research, connecting
DLTs to numerous exciting use cases.

3.2.1 Distributed Resource Allocation

The interpretation of dual variables in optimization problems as shadow prices
provides a fundamental understanding of mathematical programs for resource al-
location as models of economic activity. Decomposition techniques allow different
actors to emerge from the program’s structure, enabling market-based control
of distributed resources (Bertsekas, 1992). In traditional centralized systems, a
central planner has complete information and controls all resource allocations.
However, in distributed systems, information and control are decentralized, re-
quiring mechanisms that can coordinate and optimize resource allocation among
self-interested agents. Market-based mechanisms, such as auctions, have been
effectively used to allocate resources in distributed settings. These mechanisms
align individual incentives with global objectives, ensuring efficient resource
utilization (Clearwater, 1996; Fan et al., 2003). Our work contributes to this
literature stream by adopting distributed decision-making but also decentralizing
the information system.

3.2.2 Dynamic Control of Electric Vehicle Charging

Research on dynamic control of EV charging includes top-down algorithms, pricing
mechanisms, and auction-based approaches. Top-down methods involve a central
entity that schedules charging based on available information, but this approach
is often infeasible due to the high information requirements and lack of scalability
(Flath, Ilg, & Weinha, 2012). Pricing mechanisms, such as time-of-use pricing,
encourage EV owners to charge during off-peak times. However, these mechanisms
can lead to herding effects, where too many users charge simultaneously, causing
demand peaks (Valogianni et al., 2015). Non-linear or capacity-based pricing can
alleviate some of these issues but often fails to account for the physical constraints
of the grid.

Auction-based mechanisms offer a promising alternative by allowing EV owners
to bid for charging slots based on their preferences and willingness to pay. These
mechanisms can dynamically adjust to changing demand and supply conditions,
ensuring efficient allocation of charging infrastructure. The proposed BTM builds
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on this approach, providing a transparent and resilient market for EV charging
rights. By incorporating the physical constraints of the grid into the market
design, the BTM ensures that the allocated charging rights do not exceed the
available infrastructure capacity. In general, a balance has to be found between
energy system-optimal electric vehicle charging and the mobility value of the
vehicle (cf. Kahlen et al., 2018). In our work, direct disclosure of charging
preferences manages this trade-off.

3.2.3 Blockchain in Supply Chain Management and the Energy
Sector

There is a large body of work discussing the use of blockchain technology within
supply chains. Much of this literature focuses on issues such as traceability and
auditability, i.e., ensuring the provenance of goods or authenticity of identities
(Hastig & Sodhi, 2020; Shen et al., 2022). Andoni et al. (2019) provide a
comprehensive review focusing on the energy sector applications, including peer-to-
peer energy trading and transaction logging. The Blockchain’s decentralized and
immutable nature makes it suitable for applications requiring transparency and
trust among participants. For example, in peer-to-peer energy trading, blockchain
can facilitate direct transactions between energy producers and consumers without
intermediaries. This can reduce transaction costs and enhance market efficiency
(Mengelkamp et al., 2017). Similarly, blockchain can improve the transparency and
auditability of energy markets by providing a tamper-proof record of transactions,
similar to the general supply chain applications.

The proposed BTM leverages blockchain not only for logging transactions
but also as an active component in the market mechanism. Smart contracts
on the blockchain can automate market operations, ensuring that trades are
executed according to predefined rules. This enhances the transparency and
trustworthiness of the market, making it more robust against manipulation and
fraud (Wood, 2014).

3.2.4 Review of the Bundle Trading Market Framework

The Bundle Trading Market (BTM) framework was initially designed to manage
resource allocation in supply chains through a market-based mechanism. It
involves decentralized decision-making, where agents trade bundles of resources
to achieve optimal allocations (Guo et al., 2007). The BTM framework ensures
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incentive compatibility and convergence to optimal solutions through iterative
auctions. The BTM framework can be particularly effective in settings where
resources are scarce and must be allocated efficiently among competing users. By
allowing users to trade resource bundles, the BTM aligns individual incentives
with global objectives, ensuring that resources are used where they are most
valuable. This approach can be applied to various domains, including supply
chain management, energy markets, and telecommunication networks (Bichler et
al., 2010). However, the original BTM framework assumes a central entity with
complete information, which is not feasible in real-world applications like EV
charging. Therefore, adapting the BTM for a distributed setting using blockchain
technology addresses this limitation, enabling decentralized control and enhancing
transparency.

Though the BTM is a well-known framework, we briefly review it in this work
to be able to discuss relevant design choices in the distributed implementation.
The framework assumes that a supply chain organization’s goal is a linear
optimization problem (LP), implying infinitely divisible resources and linear
production functions. To correspond to standard notation, the LP is formulated
as a minimization problem, as Equation (3.1) shows. The index j represents the
J individual agents; the corresponding activity vector is xj , whereas dj denotes
the cost vector (or negative gross margin) of the agents’ activities. The different
agents have local constraints Njxj ≤ nj , where nj is a non-tradable resource
endowment and Nj is the associated resource consumption matrix. In the setting
of electric vehicle charging, the most relevant local constraints would be the
power rating of the EV charger, or charging restrictions determined by the private
driving itineraries. Further, there are shared resources c ∈ Rm that prevent
the problem’s full decomposition. The joint consumption of these resources is
constrained by

J∑
j=1

Cjxj ≤ c, where Cjxj is Agent j’s consumption of shared

resources at the activity level xj .

Z(c) = min
xj≥0

J∑
j=1

d′
jxj

s.t. Njxj ≤ nj , j = 1, ..., J
J∑

j=1
Cjxj ≤ c,

(3.1)
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The organization’s goal is thus minimizing the operating expenses of the
system, as defined by the aggregation of agents’ costs. If a central entity, e.g.,
a holding or a social planner, had complete information, then this optimization
procedure would be viable and ensure optimality. Within the BTM, however,
it is assumed that the optimal solution to the central problem cannot be directly
calculated due to the lack of access to relevant information. As a remedy, the
BTM framework uses a market-based resource allocation mechanism to coordinate
decentralized decision-making in which independent, self-interested agents trade
resource bundles in a double-auction market run by a dealer. Trading bundles
instead of individual resources accounts for complementarities and avoids agents
suffering from the exposure problem. The central problem is decomposed into
sub-problems and distributed among the agents, as Equation (3.2) shows. The
level of the resource the agent can use, cj , is the result of bundle trading and the
initial endowment. Given the endowment of resources, agents locally optimize
their activities.

zj(cj) = min
xj≥0

d′
jxj

s.t. Njxj ≤ nj ,

Cjxj ≤ cj

(3.2)

To improve their objective, agents can trade for bundles of the shared resources.
Bundles that improve the agent’s positions are called improving bundles. The
formal definition of both terms is as follows.

Definition 1 (Bundle). A bundle w ∈ Rm is an m-dimensional vector of shared
resources. Each of the m elements corresponds to an amount of one specific
shared resource. A negative sign of an element component signifies a sell amount;
a positive sign signifies a buy amount.

Definition 2 (Improving Bundle Set). Assuming current prices p ∈ Rm of shared
resources, the improving bundle set is the set of bundles that lower an agent’s
operating expenses (at the given price levels):

Wj(cj |p) = {w : ∃xj ≥ 0 ∋ d′
jxj + p′w ≤ zj(cj),

Njxj ≤ nj , Cjxj ≤ cj + w}
(3.3)
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A rational agent will choose an improving bundle set for trading that weakly
increases its wealth level. Agent j’s selection of its most improving bundle w

results in the Bundle Determination Problem:

min
xj≥0,w

d′
jxj + p′w

s.t. Njxj ≤ nj ,

Cjxj ≤ cj + w.

(3.4)

To trade in the BTM, agents submit sealed bids to the dealer. The dealer
maintains an individual order book for each agent. Each order book contains
two different order sets, the set for limited orders {wi

j : i ∈ Ij}, and the set for
unlimited orders {uh

j : h ∈ Hj}. The corresponding bids are lj(·). If an agent
submits orders, but there is no trade execution, the orders are collected and
accumulated for the respective agent. Otherwise, any agent’s trade will clear
the individual order book, as an old bundle does not safely improve the agent’s
objective value, given its new resource endowment. To determine the maximal
trade surplus, the dealer solves the Market Matching Problem (MMP) by finding
the optimal degrees of fulfillment yi

j for limited orders and th
j for unlimited orders:

max
yi

j≥0,th
j ≥0

J∑
j=1

( ∑
i∈Ij

lj(wi
j)yi

j + ∑
h∈Hj

lj(uh
j )th

j

)

s.t.
J∑

j=1

( ∑
i∈Ij

wi
jyi

j + ∑
h∈Hj

uh
j th

j

)
≤ c0∑

i∈Ij

yi
j ≤ 1, j = 1, ..., J.

(3.5)

Considering the first set of constraints, if c0 = 0, it is required that buy
amounts meet sell amounts. If c0 > 0, the dealer may supply additional resources
from inventory to meet buys. The second set of constraints indicates that the
market handles limited and unlimited bundles differently. The trades of unlimited
bundles in Hj are unrestricted, whereas limited bundles in Ij are restricted.
Limited trades are restricted to be convex combinations of bundles in Ij . The
dual values (or shadow prices) of the first set of constraints in the MMP determine
the market-clearing prices p ∈ Rm. The market closes when no trade takes place,
and the market prices remain unchanged. If the MMP has a nonzero solution for
yi∗

j , for i ∈ Ij , or th∗
j , for h ∈ Hj , then agent j will have traded the following:

w∗
j = ∑

i∈Ij

wi
jyi∗

j + ∑
h∈Hj

uh
j th∗

j

48



3.2 Related Work

Start

Initialization
Prices, Endowments

Agents’ Bundle Determination

Dealer’s Market Matching

Market Settlement
Prices, Allocation

Price
Change or

Trades?
Stop

yes

no

Figure 3.2: Flowchart of the centralized iterative bundle trading market (BTM).

For any initially given resource endowments cj , for j = 1, ..., J , the mechanism
enables convergence to the centrally optimal solution through a direct, iterative,
and wealth-improving bidding process among the self-interested agents (Guo et
al., 2007). Based on the bidding protocol and clearing prices, agents have no
incentives to bid untruthfully, as underbidding will lead to underprovision of
resources, and persistent overbidding will eventually lead to overpaying. Truthful
bidding in this context refers to the fact that agents bid the difference of the
optimal objective function value of problems (3.2) and (3.4), i.e., their gain
from bundle acquisition. Figure 3.2 shows the operational process of the BTM
framework.
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3.3 A Bundle Trading Market for EV Charging

The increasing penetration of EVs creates a critical need for efficient and fair
allocation of charging infrastructure. Current grid systems are not designed to
handle the simultaneous charging demands of a growing EV population, leading to
potential congestion and inefficiencies. A novel market mechanism is required to
manage these demands dynamically. EV charging presents unique challenges due
to the variability in charging needs and the impact of charging on grid stability.
Fast charging, in particular, can create significant spikes in demand, leading to
potential grid overloads. Traditional approaches to managing grid stability, such
as expanding grid capacity or implementing static pricing models, are often costly
and inefficient. A dynamic, market-based approach can provide a more flexible
and efficient solution.

The primary objective of an ideal solution is to design a market mechanism
that maximizes social welfare by efficiently allocating charging rights to EVs.
The mechanism should be transparent, resilient, and compliant with existing
regulatory frameworks. It should also support non-participation, allowing for a fair
initial allocation of resources. The proposed BTM framework treats infrastructure
usage rights as the traded commodity. Agents (EVs) bid for these rights, ensuring
efficient allocation based on their valuations. The market operates in discrete
periods, and the allocation problem is modeled as a linear program, respecting
both individual and global constraints. As we discuss later, the power transfer
distribution (PTDF) matrix links EV charging to line utilization, and the dual
variables represent the shadow prices of line capacities.

The BTM framework is implemented using blockchain technology to enhance
transparency and trust. Smart contracts on the blockchain automate the market
operations, ensuring that trades are executed according to predefined rules. This
eliminates the need for a central authority, reducing the risk of manipulation and
increasing the resilience of the market. A peculiarity of the BTM framework is
that bundles of resources are traded instead of individual goods. At first sight,
this aspect does not extend to EV charging in a straightforward manner, as the
charging electricity is typically considered a homogeneous product. We argue that
in a potentially congested grid infrastructure, the energy itself is not the sole good,
but rather agents have to pay for the rights of use for infrastructure assets (e.g.,
usage of lines) to enable welfare-optimal charging. The BTM for EV charging
does not account for the electricity cost per se, but only the (opportunity) cost
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(i) Network topology.
The agents are
marked as red
squares. The green
round node does not
serve a load, but is a
distribution node.

PTDF =
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

1 1 0 0 0 1
1 1 1 0 0 2
1 0 0 1 0 3
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∈ {0, 1}J×L

(ii) Power Transfer Distribution (PTDF) matrix.
Due to the tree topology, all entries are either 1
or 0. a is needed to serve every bus, whereas c
and e are only needed to serve agents 2 and 4,
respectively.

Figure 3.3: Exemplary network and corresponding Power Transfer Distribution
(PTDF) matrix. Bold typeset marks an exemplary path connecting
node 4 to the grid using lines a, d, and e.

of its transmission. We assume the grid capacity remains unchanged for the time
horizon we are considering; agents thus have to bid for a specific set of lines for
electricity to be transmitted to them. This intuition is formalized in what follows,
using a small grid as a running example.

3.3.1 Mathematical Formulation

Suppose there are four electric vehicles, or agents (J = 4). The agents are
connected to an upstream electricity grid, as depicted in Figure 3.3i. A total
number of five lines (L = 5) connects the four agents to the (upstream) grid.
The power transfer distribution factor (PTDF) matrix indicates which of the
lines transmit electricity from the grid connection point to the individual agents.
Due to the radial, or tree, configuration of the network, there is a unique path
from the grid to each agent, i.e., the PTDF matrix is binary. This example can
represent several interesting settings. First, if only one line a has limited capacity,
then only the total charging is limited, and the agents’ location within the system
is not relevant. If only d and b are limiting, the setup represents two chargers
with two cables each, which are restricted in their total delivered power.
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If a system operator had full knowledge of agents’ preferences for charging, its
task of resource allocation would entail a mathematical program, similar to the
original bundle trading market. Unlike the original BTM, we are using a multi-
period formulation, following approaches in the literature, and also corresponding
better to a real-world application. Briefly, it means that agents bid for and
purchase bundles of rights of use to charge their electric vehicles now and in
the future. For convenience, we are defining one period t ∈ {1, 2, ..., T} as a
15-minute interval, corresponding to intraday trading in the European electricity
market, and we are considering a bidding horizon of one hour, i.e., T = 4. In
practice, the horizon could be substantially larger, e.g., one day or even a week,
but the shorter horizon enables us to provide a more concise numerical example.
Given these modeling choices, the operator’s mathematical program under perfect
information is:

min.
X≥0

∑
j

d′
jxj (3.6a)

s.t. X ≤ Xmax (3.6b)∑
t

δtxj,t ≤ ∆j ∀j (3.6c)

X ∗ PTDF ≤ L (µ). (3.6d)

All inequalities are element-wise operators. The decision variables X ∈ RT ×J

(xj ∈ RT , xj,t ∈ R) is a matrix of charging powers allocated to agents for given
time slots. Xmax ∈ RT ×J is a matrix of maximum power ratings of agents’
chargers per time. If the rating is constant, Xmax is row-wise constant. The
maximum charge requested per agent j is ∆j . Assuming knowledge of the true
time-specific (negative) valuations dj ∈ RT ∀j, this procedure is hence welfare-
maximizing. To correspond to the notation of the original BTM, we are posing
the welfare maximization as a minimization program, hence the negated valuation
vector. The allocation procedure further respects both the individual agents’
maximum power and maximum energy constraints (3.6b)-(3.6c) and the line
limits (3.6d), where L ∈ RT ×L indicates the lines’ limits at given points in the
future (cf. Staudt et al., 2018). The time slot length is accounted for by the
factor δt. There could also be minimum charging constraints similar to (3.6c),
indicating the necessity to charge at any cost. We are refraining from defining
them here for brevity, as dj encodes the value of charging. Such constraints would
not change the structure of the problem.
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As there would be other appliances using the same network, we are imposing
that the line limits are augmented to correspond to the residual capacity for
EV charging at any given time. Further, the PTDF matrix links the vehicles’
charging to the line utilization. The dual variables µ can now be interpreted as
the shadow price matrix of lines’ capacity limitations at given times. Without
knowing the (negative) valuations dj , these prices are indeterminate. As such,
the BTM enables price discovery for the networks’ lines.

Note that the BTM for EV charging (3.6) and the original BTM (3.1) are
equivalent; the simpler linkage through the PTDF matrix enables the concise
notation in (3.6). The BTM for EV charging consists of a central objective to max-
imize welfare, individual constraints of each agent, and a linkage between agents’
activities (or charging) to the limited resources. Agent j’s bundle determination
problem for EV charging is then:

min.,
xj≥0,wj

d′
jxj + PTDFj ∗ P′ ∗ wj (3.7a)

s.t. xj ≤ xmax,j (3.7b)∑
t

δtxj,t ≤ ∆j (3.7c)

xj ≤ Cj + wj . (3.7d)

Note that PTDFj ∈ R1×L is the j-th row of the PTDF matrix, which acts as a
filter for the line price matrix P ∈ RT ×L. By including PTDFj in the objective,
agents do not have to bid directly for individual line capacities. Instead, their
requested bundles w ∈ RT correspond directly to the time-specific charging rights
they ask for. Cj ∈ RT denotes agent j’s current charging rights, either obtained by
an initial endowment or through trading. Assuming non-negative prices, agents
will never request unlimited bundles (as their charging power is limited). The
dealer’s simplified market matching problem is:

max
yi

j≥0

J∑
j=1

∑
i∈Ij

lj(wi
j)yi

j

s.t.
J∑

j=1

∑
i∈Ij

wi
jPTDFjyi

j ≤ C0∑
i∈Ij

yi
j ≤ 1, j = 1, ..., J,

(3.8)
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P =

a b c d e


0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

∈ RT ×L

(i) Initial price matrix. Price infor-
mation is available for all lines
and open time slots.

−D =

j 1 2 3 4


5 5 10 0
4 4 0 0
3 0 0 1
2 0 0 0

∈ RT ×J

(ii) Valuation matrix. Agents have
preferences to charge at given
points. Note the negative sign.

Figure 3.4: Price and valuation matrices during an ongoing auction.

where again lj(wi
j) are the truthful limit orders of agents j for bundles i. Similar

to (3.7a), (3.8) has been adjusted to account for the fact that agents do not bid
for line capacities at given times but rather directly for charging rights. Past
market matching, agent j’s resources Cj are adjusted depending on fulfilled trades
yi∗

j .

3.3.2 Numerical Example

Assume the BTM’s auction was just starting and instantiated with the price
matrix shown in Figure 3.4i, indicating the lines’ prices for the next four time
steps. In this example, initial rates are zero, but other approaches are conceivable
(Guo et al., 2012). Figure 3.4ii indicates the agents’ valuations for the same
periods. An equal share rationale dictates the initial endowment with rights of
use for lines. Each line’s capacity is divided by the number of agents that use it
to calculate the fair share. Then, each agent’s endowment is the minimum fair
share of lines in its path. To simplify the example, assume that the line limits
Clt = 12 ∀l, t, meaning that all lines’ residual capacity (after other demands)
equals 12 for all considered time steps. We are deliberately dropping units in this
example for brevity. Then, line a’s fair share is the smallest, as all 4 agents have
to use it. The endowment is thus 12

4 = 3 units of rights of use for every agent
in all time steps, Cj = (3, 3, 3, 3)′ ∀j. Also simplifying, assume that EVs have a
maximal charging power of xmax,j,t = 10 ∀j, t and that all agents require at most
∆j = 5 ∀j units of energy.

Corresponding to (3.4), agents now determine their most improving bundle.
Consider Agent 1. Its current charging rights limit its power draw to x1,t = 3 ∀t.
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Neither maximum charging nor maximum energy constraints are binding in
this case. The optimal objective function value without bundle trading is thus
d′

1x∗
1 = −(5, 4, 3, 2)(3, 3, 3, 3)′ = −42. Given the current prices, which are all

zero, the agent would now wish to adjust its charging schedule by acquiring a
bundle. Solving (3.7), the agent increases x1,1 and X1,2, as these charging times
are most valuable to it. Its requested bundle is thus w′ = (7, 7, 0, 0). Its truthful
limit order for that bundle is −42 + (5, 4, 3, 2)(10, 10, 0, 0) = 48. Similarly, the
other agents determine their limit orders and bid in the market. In the first step,
due to the zero prices, all agents wish to acquire rights of use, but none wish to
sell. Hence, the first iteration of the auction market does not execute any trades.
However, as the updated prices after the first round are nonzero, agents also start
to bid for sales. After 21 iterations, the trading converges (i.e., agents place no
more orders, and the prices do not change anymore), and the final schedule from
the decentralized scheduling in (3.7) is:

X∗ =

j 1 2 3 4


0 2 10 0
2 10 0 0
10 0 0 2
8 0 0 0

∈ RT ×J .

In the first three periods, line capacities are fully exhausted. In the last period,
there are 4 remaining units of rights of use, as Agent 1, the only agent with
a positive utility coefficient in the last period, already reaches its energy limit
when drawing 8 units of power. Note that the charging schedules are not public
information after trading; neither are they necessary for market clearing. Public
information is only the final charging right allocation, i.e.,

C ≈

j 1 2 3 4


0 2 10 0
2 10 0 0
10 10 0 2
10 0.15 0 0

∈ RT ×J , C ∗ PTDF ≤ L.
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The system or network operator would thus only have to have sufficient control
to limit the EV chargers’ fuses but would not obtain direct control of charging
power. Further, agents may decide not to use their secured charging rights so
that their schedule remains private.

3.4 Case Study

The efficacy of the proposed BTM, in particular when implemented on a dis-
tributed ledger using smart contracts, depends on the speed of convergence of
the market. Slower convergence times or an increased number of trades, respec-
tively, result in difficulties in clearing the market close to real-time and, therefore,
satisfyingly for a power system application. Whereas the previously provided
stylized example serves to build intuition for the proposed mechanism, it is not a
realistic setting. To provide such a one, we build on a well-known and widely used
distribution grid representation, i.e., we adapt the IEEE European Low Voltage
Test Feeder (LVTF) to model the residential distribution grid (cf. Schneider et al.,
2018). The LVTF was explicitly designed to analyze the impact of an increased
amount of distributed resources on distribution grids. However, note that it
was also designed to support investigations regarding phase symmetry and is
thus a three-phase system. Because we are investigating only power flows, we
are using a single-phase version instead. This approach is reasonable as long as
chargers themselves are assumed to be three-phase, which is undoubtedly the
case for higher charging powers. Figures 3.5i and 3.5ii show the original test grid
and a reduced version, respectively. The reduced version maintains all electrical
characteristics while removing nodes that are not necessary for modeling.

For the case study, we assume initial prices of zero for all lines in the network.
A better initialization based on experience would generally provide faster conver-
gence (cf. Guo et al., 2012), in particular in this relatively repetitive environment.
At the same time, e.g., time-of-use grid fees as initial price vectors would not
suffer from herding, as the market mechanism ensures allocation of only available
grid capacity. The emergence of strictly positive prices depends highly on the
grid’s topology. If the line (or transformer) connecting to the upstream grid is
most limiting, it will be relatively often price-setting, inducing equal grid fees in
the entire system. If line capacities and user numbers are more balanced, prices
might be highly localized. In the LVTF, the upstream line’s capacity is small
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3.4 Case Study

(i) Original IEEE Test Feeder with 55
load nodes (orange) and 905 lines
(black). Green nodes are connection
points without loads.

(ii) Reduced IEEE Test Feeder with
load 55 nodes (orange) and 110
lines (black). Green nodes are con-
nection points without loads.

Figure 3.5: Original and reduced test grid. Both topologies are equivalent for the
presented use case.

compared to the other lines, reducing most congestion occurring right behind the
transformer.

The valuation of charging is difficult to obtain in our case study, as most
current tariff schemes do not provide sufficient pricing differentiation to allow for
consumers’ self-selection. We therefore rely on synthetic data to investigate the
efficacy of the proposed mechanism in this setting. We vary valuation distribution,
the (average) number of connected vehicles, charging power, and market horizon
as follows:

• Valuation: we assume willingness-to-pay for grid usage in the same order of
magnitude as grid fees in European markets.We assume that the valuation
to pay for grid usage (e.g., on top of a constant component) is distributed
between 0 and 10.0 monetary units (MU). We use Beta(1, 1), Beta(2, 5), and
Beta(0.5, 0.5) distributions to allow for a wide range of potential demand
characteristics.

• Average number of connected vehicles: we assume a random presence of
vehicles. Connection probabilities of vehicles are set to 25%, 50%, and
100%, respectively.

• Charging power : we set the charging power to either 3 kW, 11 kW, or 22
kW.

• Market horizon: we set the market horizon to one of three options: 2 hours,
4 hours, or 8 hours.

57



3 A Blockchain-Based Bundle Trading Market for EV Charging

(0
.5

,0
.5

)
(1

,1
)

(2
,5

)0

20

40

60

80

100

N
um

be
r

of
It

er
at

io
ns

Beta
Parameters

03 11 22

0

20

40

60

80

100

N
um

be
r

of
It

er
at

io
ns

Max.
Power

0.
25 0.
5

1.
00

20

40

60

80

100

N
um

be
r

of
It

er
at

io
ns

Vehicle
Share

2 4 80

20

40

60

80

100

N
um

be
r

of
It

er
at

io
ns

Market
Horizon

Figure 3.6: Iteration analysis of the proposed algorithm. The clearest dependence
can be seen regarding the market horizon. All other input parameters
are mostly uncorrelated with the resulting iteration count.

We investigate all combinations of parameters, yielding 34 = 81 simulation
scenarios. To allow sufficient variation in the random parameters, we ran 100
simulations of each scenario, resulting in 8,100 total simulation runs. Of the
8,100 simulation runs, 97.5% converged in 100 iterations. All other cases did
not converge in that time but achieved virtually the same social welfare as the
corresponding central solution, indicating that a (randomized) early stopping of
the mechanism is a feasible approach to ensure both swift market clearing and
high efficiency. The distribution of iteration duration for the simulation runs
with up to 100 iterations is given in Figure 3.6.

The convergence is practically independent of the concrete distribution of
charging valuations, indicated by the β-tuples representing both parameters of
the associated Beta-distributions. The average number of vehicles is, compared
to other varied parameters, a less significant driver of convergence time. While
numerous vehicles increase the average steps needed for market clearing, it is much
less pronounced compared to the increase for larger market horizons or larger
charging powers. Both a longer horizon and larger charging powers make the
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Figure 3.7: Convergence characteristics of the proposed mechanism in the case
study for Beta(1, 1) valuation and a long market horizon. In most
cases, good performance can be reached within 30–40 iterations.

coordination effort more challenging, as the best solution will depend more heavily
on non-constant charging schedules to be coordinated with one another. Moreover,
low charging powers in particular reduce the occurrence of grid congestion and
thus the cases in which there is actually a need for (scarcity)pricing of lines.

To analyze the development of social welfare during the market mechanism,
we focus on the most complex market setting with the longest convergence times,
i.e., a long market horizon. As the concrete distribution of charging valuations
did not indicate a significant impact, we chose the Beta(1, 1) distribution case for
this analysis. Figure 3.7 shows the evolution of optimality ratios, i.e., the ratio of
welfare obtained in the distributed mechanism and the centralized optimization
throughout iterations. The dashed lines representing the 90% confidence interval
of optimality ratios indicate that most settings achieve high optimality after
roughly 30 iterations. After 40 iterations, all settings achieve optimality ratios
over 90%.

To improve computational performance, a premature stopping criterion can
be developed. To avoid gaming of market agents, this stopping criterion could
be randomized and thus be used to determine market clearing, as could other
heuristics regarding the cleared trades. Accounting for the fact that convergence
can potentially be sped up using a non-zero initialization of the price vector and
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Figure 3.8: Necessary transactions of the proposed mechanism in the case study
for Beta(1, 1) valuation and a long market horizon shown on a loga-
rithmic scale. In most cases, only a few bids and trades are necessary
per electric vehicle to achieve convergence.

accounting for the fact that pre-existing allocations from earlier market runs
(recall the rolling horizon) will further improve computational characteristics,
timely convergence of the proposed market mechanism can be asserted.

For a more profound understanding of the market mechanism, we further
analyze the transactions necessary for market clearing in the case of a long
market horizon, i.e., the most computationally taxing clearing. Figure 3.8 shows
the distribution of the numbers of bids, trades, and market clearings across those
settings.

3.5 Distributed Implementation

Whereas the bundle determination and bidding of the agents in the original BTM
happened locally, the market matching and settlement are tasks of a central
auctioneer. Blockchain is a technology candidate to remove this intermediary
(Andoni et al., 2019) and, thus, create a distributed BTM (dBTM). To discuss
whether a Blockchain-based implementation of the BTM framework could be
worthwhile, we follow the ten-step procedure developed by Pedersen et al. (2019).
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Figure 3.9 depicts the decision process. In summary, the dBTM design fulfills most
of the steps outlined for assessing the suitability of blockchain implementation. It
effectively uses blockchain’s strengths to address the needs of a distributed market
for EV charging, with considerations for shared databases, trust, intermediaries,
governance, immutability, public access, and privacy. Scalability is addressed
through off-chain processing, though it remains a partial fulfillment due to the
inherent limitations of some blockchain models.

The removal of the intermediary can potentially reduce transaction costs,
particularly in the area of network operation that is prevalent in EV charging.
The network operator owns a natural monopoly and must thus be regulated to
avoid that welfare-reducing monopolistic rents are obtained. The use of blockchain
can hence be interpreted as a digitally ensured regulation, using affordances such
as smart contracts to codify regulatory needs. In fact, smart contracts are the key
functionality we use to implement the aforementioned iterative market, effectively
resulting in real-time grid fees. To ensure the efficacy of the proposed market
mechanism, we emphasize the design of a suitable consensus mechanism for the
dBTM.

The first blockchains (e.g., Bitcoin) were designed to enable digital currencies.
In digital—as well as regular – currencies, the system needs to validate that units
of value are spent only once, i.e., there is no double-spending. Conventionally, this
is done by banks or other centralized and trusted financial institutions that act as
intermediaries. In some cases, however, central management is either infeasible or
unwanted by stakeholders. Reasons for this can be intermediary costs or a lack of
trust of the users in any intermediary to operate the system; central management
further has the disadvantage that it constitutes a single point of failure. Depending
on the application, the centralized system is fragile to technical problems and to
external malicious attacks (Andoni et al., 2019). Consequently, the main rationale
behind blockchain technologies is the development of technological features that
enable the removal of such intermediaries. This feat is achieved through a
distributed network of various computational nodes, which are incentivized to
cooperatively verify transactions and protect the validity of the ledger.

There are numerous blockchain models available, all having different idiosyn-
crasies and applicability levels, depending on the respective application. We do
not set out to discuss the advantages and disadvantages of particular implemen-
tations in detail. Instead, we argue how functionalities of modern DLTs can be
leveraged to automatically run an iterative market, i.e., to use the blockchain
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Blockchain
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Blockchain

Do not use
Blockchain

Do not use
Blockchain

The dBTM design involves multiple parties
(electric vehicles, grid operators, and poten-
tially other market participants) who need

access to a shared database to track and man-
age the allocation of charging rights. This

shared database is critical for ensuring trans-
parency and efficiency in the auction process.

The dBTM framework is specifically designed to
manage interactions between multiple self-interested
agents (e.g., EV owners) and the grid infrastructure,
making blockchain’s distributed nature appropriate.

Agents are self-interested. The dBTM lever-
ages blockchain to enhance trust among
participants by providing an immutable
record of all transactions and automat-

ing market rules through smart contracts.

The dBTM eliminates the need for a central
authority by using blockchain to facilitate peer-

to-peer transactions and automating the auction
process through smart contracts. It reduces the

risk of market power abuse by a natural monopolist.

The dBTM framework uses smart con-
tracts to enforce market rules and man-
age access rights, accommodating differ-

ent requirements of participants effectively.

The dBTM design presumes that the rules gov-
erning transactions (e.g., auction mechanisms,
rights allocation) are stable, which aligns with

blockchain’s strength in providing a consis-
tent and predictable transaction environment.

Blockchain’s immutable ledger is crucial for
the dBTM to ensure transparency, auditabil-
ity, and trust, as it maintains a tamper-proof

record of all transactions and allocations.

The dBTM is designed to operate on a blockchain,
which can be either permissioned or permis-
sionless, depending on the need for public ac-
cess and the level of decentralization required.

While some blockchain models experience scal-
ability issues, the dBTM addresses this by

offloading computationally expensive tasks to
off-chain components, ensuring that the system

remains efficient and can handle the required load.

The dBTM framework ensures that indi-
vidual charging schedules remain private,
with only the allocation of charging rights

being semi-public. This aligns with pri-
vacy requirements in sensitive applications.
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Figure 3.9: Decision process for the use of blockchain (Pedersen et al., 2019).
Hexagonal nodes show the relevant decisions for a blockchain appli-
cation, and dashed boxes on the right explain the fulfillment of the
criteria.62
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as an auction engine. Due to its technological maturity and widespread use
when compared to other blockchain variants with smart contract functionality,
we loosely base our following discussion on Ethereum (Wood, 2014). Nonetheless,
we reckon that our approach can easily be adapted to accommodate other smart
contract-enabling blockchains.

3.5.1 Ethereum

Ethereum is a self-proclaimed transaction-based state machine (Wood, 2014). The
state machine starts with a so-called genesis state, with no executed transactions.
It then executes transactions incrementally, and the state of the Ethereum
world changes into new states. Through this, it morphs into some final state.
Consequently, the final state has universal acceptance as the canonical version
of the world of Ethereum and is agreed upon by all agents interacting with the
state machine.

Transactions are the method for agents (or accounts) to interact with each
other. There are two different types of transactions: those that result in a
so-called message call, similar to a traditional transfer, and those that result in
contract creation. The blockchain does not process transactions individually but
accumulates them in blocks (hence the name). An Ethereum block contains a list
of transactions, the state root representing the final state after processing these
transactions, and a header with meta information linking it to the blockchain,
including hashes of the state, transactions, and receipts. Including representations
of the preceding state chains blocks together. The sequence of blocks that make
up the blockchain holds a complete list of transaction records (Zheng et al.,
2017). In the dBTM framework, a transaction can, for instance, be a bid on a
specific bundle as determined by the bundle determination problem. Due to the
distributed nature of the blockchain, transactions must be broadcast through the
network. We will hence outline the transaction lifecycle (with a message call as
an example) on Ethereum.

A message call (e.g., a transfer) has a destination (implied by a to attribute).
The transaction with the stated attributes will be first created and then submitted
to an Ethereum node. After the receiving node validates the transaction, it sends
it to its peer nodes, distributing it. Figure 3.10 outlines this process. It also
indicates that there are both mining and non-mining nodes in the Ethereum
network. The mining nodes take transactions from the pool and process them
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into a pending block. There are no specific rules on how the mining nodes sort the
transactions. In public implementations, posted transactions have an associated
gas price, i.e., a transaction fee. Therefore, miners typically sort transactions by
the gas price. In private blockchains, this does not have to be the case.

Application Node Node Mining
Node

Mining
Node Node Node

Node

STXN STXN STXN

STXN

STXN

STXN

STXN

Figure 3.10: Node network demonstrating a transaction broadcast. STXN denotes
a signed transaction.

The process that generates and validates a new block is called a consensus
mechanism. Various consensus algorithms exist, and each of them provides
different advantages and disadvantages. To a large extent, the key performance
drivers of a blockchain model, like transaction speed, scalability, and security,
depend on the embedded consensus algorithm (Andoni et al., 2019). At the time
of writing, the Ethereum blockchain, which hosts the cryptocurrency Ether, uses
the Proof of Stake (PoS) mechanism, having shifted from Proof of Work (PoW)
in September 2022. PoW enables high participation in terms of the number of
miners (Vukolić, 2016), although it results in a reduced transaction speed and
high-power consumption due to the solving of a cryptographic puzzle, which
requires significant computational effort (Andoni et al., 2019). Due to these
drawbacks, other consensus mechanisms like PoS, or Proof of Authority (PoA),
have gained importance in (corporate) blockchain implementations, depending
on the underlying application and trust relationship between parties. For a more
detailed description of consensus mechanisms, see, e.g., Zheng et al. (2017). Note
that widespread criticism of blockchain technologies concerning their sustainability

64



3.5 Distributed Implementation

is directly linked to the use of PoW as their consensus mechanism, while PoS
alleviates such concerns.

Smart contracts are the enabling element of Ethereum to make it a utiliz-
able infrastructure for the BTM framework. A smart contract is an immutable
computer program that is executed deterministically by the Ethereum Virtual
Machine (EVM) as part of the network protocol. As the smart contract is im-
mutable, its source code cannot be changed after its deployment to the blockchain.
Determinism means that the output of the smart contract must depend solely
on its source code and the world state, which is mutually agreed upon by all
parties. Each smart contract is identified and reachable via a known Ethereum
address, which can be used in a transaction as the recipient to send funds to the
contract or to call one of the contract functions. In contrast to an externally
owned account, there are no private keys associated with an account of a smart
contract. The creator of a smart contract does not have any exclusive rights on
the protocol level. However, it is possible to implement these exclusive rights in
the source code, for instance, by limiting who is allowed to invoke the contract.
Smart contracts are only active and run if a transaction calls them.

3.5.2 dBTM Architecture

The proposed distributed BTM uses blockchain technology as the underlying
IT infrastructure. The agents participating in the BTM submit and receive all
relevant data, information, and payments via the blockchain. Moreover, a dealer
implemented as a smart contract, with a conventional software client, operates
the double-auction market that enables agents to trade their bundles. The smart
contract dealer encodes all relevant information regarding the market mechanism,
like submitted orders, trades, dealer’s inventory, and market prices. Agents
exclusively communicate with the smart contract dealer. This ensures that the
mechanism to clear the market and allocate resources is transparent to all agents.

As Figure 3.11 shows, the agents submit their orders to the smart contract
dealer. Afterward, the dealer’s conventional software client, labeled Off-Chain
Dealer, fetches all existing orders contained in the smart contract and solves the
market matching problem of the BTM. Then, the off-chain dealer updates all
relevant information in the smart contract, such as the settled orders, the trades,
the new market prices, and the resource inventory. Finally, the dealer’s smart
contract informs the agents regarding their respective trades.
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The off-chain dealer is necessary due to the potentially expensive calculation
of the MMP. Even though solving an LP has limited computational complexity,
it can be substantially costly for sufficiently large problems. As a consequence,
implementation and execution of the MMP in the smart contract itself would be
impractical, as running code on a public blockchain is expensive. A well-designed
smart contract allows one to move computational complexity away from the
blockchain and focus more on providing information.

A drawback of moving any functionality off the blockchain is that the off-chain
source code is not visible to the stakeholders anymore. To still ensure that all
agents can validate the correctness of results from off-chain functions, it must be
ensured that the returned values of the off-chain functions are authenticatable
given the inputs. We address this issue by introducing a novel trade verification
mechanism based on strong duality theory, Strong Duality Verification (SDV).
The details of SDV are described later in this section. The process of the proposed
dBTM then has three parts, representing the thematically summarized actions.

1. Bidding: Agents submit bids to the smart contract dealer.

2. Market Matching Mechanism: The market dealer solves the MMP.

3. Trade Verification Agents verify whether the solution is valid.

The behavior of a peer-to-peer system such as blockchain differs from that
of conventional client-server architecture. For the upcoming discussion, it is
important to note that two different method invocations are available in the
Ethereum blockchain environment: the transact method and the call method.
The difference lies in the fact that the transact method requires the submitting
of verified transactions that potentially change the blockchain’s state, whereas
the call method is free of charge as it only reads the state of the blockchain. A
transact method requires network verification, which causes a delay due to the

Agent
Smart

Contract
Dealer

Off-Chain
Dealer

Submit Orders

Get Trades

Get Orders

Set Trades

Figure 3.11: Communication flow between agents, on-chain, and off-chain dealer.
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mining procedure. Consequently, before the values written into the blockchain
by a transact method are accessible, some time passes. It is essential to take this
into account when trying to read specific values from the blockchain that are set
in previous steps.

Bidding

The agents get the current market prices from the smart contract dealer to
determine the improving bundle set. In the first round of the auction, these
rates can be either initialized with zero or with other arbitrary positive values.
While the right choice of initial prices can influence the speed of convergence,
convergence itself is unaffected. More sophisticated mechanisms could use market
intelligence to forecast prices to increase convergence speed (Guo et al., 2012).

Receiving the market prices from the dealer’s smart contract is a call method
and hence proceeds rapidly, as there is no state-changing transaction. Subject to
the price vector, the agents solve the bundle determination problem and submit
the orders in the dealer’s smart contract. In contrast to receiving market prices,
the placement of orders requires the submission of verified transactions that
potentially change the blockchain’s state. As mentioned earlier, this causes a
delay. Since the market matching mechanism needs to access the set bundle
orders, it ensures the finality of all newly submitted orders before market clearing.
Figure 3.12 outlines the complete process of agent bidding.

Agent Smart Contract
Dealer

Get Market Prices

Bundle Determination

Set Order

Figure 3.12: Agent bidding.
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Market Matching Mechanism

The smart contract dealer waits for the finality of the agents’ bundle orders and
then fetches them. The off-chain dealer then obtains the orders from the smart
contract dealer, which is also implemented by a call method. The transfer from
on- to off-chain dealer takes place virtually instantly. Based on the received orders,
the off-chain dealer creates and solves the MMP. As the MMP is solved off-chain,
the concrete implementation to solve the problem instance is not restricted, which
means that commercial solvers enable large problem instances. However, this also
means that the solution approach is not auditable by agents in a fully distributed
setting. The lack of auditability makes verification enhancements necessary but
dramatically increases the flexibility of the design we present.

After solving the MMP and calculating the respective trades, the off-chain
dealer sets the smart contract dealer’s trades and removes the settled orders, as
well as other orders of agents that participated in trade in this step, as their
remaining bundles are not necessarily improving anymore. The newly calculated
market prices, the MMP’s solution, and its duals, which are necessary for SDV,
are set in the smart contract dealer. The setting of values in the smart contract
requires verified transactions that use the transact method. As the values are
needed to confirm the trades, the agents have to wait for the finality of the
transaction. Figure 3.13 shows the dealer’s market matching mechanism.

Trade Verification

Moving calculations off the Blockchain comes along with the drawback of opacity.
To address this issue and to enhance trust in the solution of the MMP, we
developed the trade verification procedure SDV, which builds on the strong
duality theorem. Agents retrieve the values of the optimal solution of the MMP
and the corresponding duals from the smart contract dealer. To verify if the
off-chain dealer calculated the respective values correctly, the developed SDV is
applied. For brevity, we adhere to the standard notation of linear programming.
If a primal LP has an optimal solution x∗, then the dual also has an optimal
solution y∗, such that c′x∗ = b′y∗. As a result, it is possible to verify that the
solution of the dealer is optimal without solving the corresponding MMP. The
agents calculate whether strong duality holds and decide based on the result
whether they accept the trade. After SDV, the agents notify the smart contract
dealer whether they accept or reject their trades. In case of acceptance, the

68



3.5 Distributed Implementation

Smart Contract
Dealer Off-Chain Dealer

Get Orders

Create MMP

Solve MMP

Set Trades

Delete Orders

Set Prices

Set MMP Attributes

Figure 3.13: Market Matching Mechanism.

smart contract dealer returns the trade. Otherwise, in case of rejection, the
smart contract dealer deletes the respective trade. In the case of acceptance
and subsequent return of the trade, the agent adds the respective trade to their
shared resources. Figure 3.14 shows the process of agents verifying the trades
that have been posted by the smart contract dealer.

The described blockchain solution allows for almost all aspects of the BTM
to be transparent and auditable by all actors. Solving the MMP that might be
computationally expensive is moved to an off-chain software client to enhance
flexibility, but SDV alleviates concerns regarding the subsequent opacity. Even
though in practical implementations a market entity (e.g., a system operator)
would typically calculate the MMP, this does not have to be the case. Every
participant in the market may solve it and propose its solution to be verified by
the other participants.
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Agent Smart Contract
Dealer

Verify Strong Duality

Accept Trade

Adjust Resources

Figure 3.14: Trade verification.

3.6 Discussion

Several merits of the proposed distributed BTM for EV charging significantly
extend the current state-of-the-art. First, the fact that agents bid for rights
of use instead of units of energy or power is more compatible with unbundling
regulations in European electricity markets. After obtaining time-specific rights
of use via the proposed mechanism, they have contractual freedom to buy energy
from arbitrary suppliers. The role of the network operator and utility can thus
be separated. Second, agents do not have to participate in the market. The
initial fair share endowment ensures that agents are endowed at least with an
equal share of the existing infrastructure. They may either sell excess capacity
in high-price times or buy additional charging rights when desiring more than
their fair share, but they do not have to do either. This rationale enables the
introduction of the BTM for EV charging, even if not all potential participants
own intelligent software agents. The opportunity costs of non-participation may
drive the investment incentive for smart technology.

The proposed BTM for EV charging is also more transparent than most
mechanisms in the literature. Being a fully distributed market, no one central
player is setting charging schedules, as would be the case in top-down control.
Further, by bidding for rights of use, there is no indication of that right’s execution.
Agents with a high valuation for privacy might decide not to participate in the
BTM; others might overbuy or undersell to mask their actual charging power. The
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only semi-public (i.e., known by the participants) information is the allocation of
charging rights, not charging itself.

The distributed implementation allows for an auditable and resilient design.
Unlike other application areas of blockchain technology, such as finance, energy
systems necessarily have known institutional intermediaries like network operators.
Further, full anonymity is infeasible because the agent’s location has to be known
to enable welfare-maximizing allocation. However, we argue that the increase in
transparency makes the distributed approach more widely applicable; for instance,
in the developing world, where both trusted institutions and infrastructure may
be scarce. Moreover, given recent developments in blockchain technology, the
notion that a distributed ledger implementation must be less efficient than a
centralized design is not guaranteed (cf. Androulaki et al., 2018).

It is still important to acknowledge that some limitations persist. The linear
and deterministic formulation does not capture all aspects of distribution system
management, i.e., reactive power and voltage control. Moreover, the randomness
of available capacity due to other forms of usage is not accounted for. While
the separation between EV and non-EV load seems a practical decision, it might
open up the opportunity for participants’ strategic behavior. However, due to
the ongoing adoption of smart meter technology, it is possible to include non-EV
loads easily. Lastly, price formation necessitates knowledge of preferences and
valuations for charging of EV users. This information is mostly tacit, as for an
individual EV owner to derive its valuation for energy at a given moment might
be cumbersome. Developments in intelligent software agents and the uses of big
behavioral data might help overcome this gap by inferring (numerical) valuations
without EV owners having to set them explicitly.

3.7 Conclusion and Future Work

We propose a variant of the bundle trading market to auction off rights of use
for electricity infrastructure between self-interested agents. The distributed
BTM for EV charging is a welfare-maximizing, incentive-compatible, iterative
auction mechanism running distributed on a blockchain. The use of blockchain
improves auditability and transparency and enhances trust; it further increases
system resilience. The proposed mechanism is transparent and allows for limited
participation.
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Based on the current limitations, some extensions seem highly worthwhile. First,
redesigning the original BTM to allow for a convex structure of the underlying
mathematical program allows for more complex—and more accurate—mapping
of physical limitations onto the market clearing. A stochastic extension might be
valuable (cf. Dvorkin, 2019).

Lastly, as with all mechanisms designed for real-world applications, field research
should be conducted. At the same time, this would enable learnings on charging
preferences and valuations that are necessary for the proposed market design to
work. Throughout the process, the impact of other technologies, such as heat
pumps or behind-the-meter battery storage, could also be investigated. This
exploration into a distributed, blockchain-based bundle trading market not only
highlights the practical feasibility of decentralized EV charging infrastructure
but also sets the stage for more innovative, scalable, and sustainable solutions in
energy management. As technologies evolve and adoption grows, the proposed
market could become a keystone in achieving a resilient and efficient energy
ecosystem, aligning economic incentives with sustainable progress and enhancing
both accessibility and operational integrity in smart grids.
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4 Market-Based Optimization in
Decentralized Autonomous Organizations4

4.1 Introduction

Organizational decisions are often subject to risk. Reserving computing resources
to serve a load, for instance, might lead to uncertain future costs or payoffs.
Although high earnings (in expectation) are generally favorable, some organi-
zational units may want to avoid high costs in adverse scenarios, depending on
their risk aversion. Decision makers have different methods at their disposal to
incorporate their risk attitudes into their actions. On the one hand, decisions
concerning physical assets (such as computing resources) can be altered. 5 A
physical decision with moderate expected earnings could be preferred as long as
it is never ruinous. On the other hand, financial instruments might be available
to manage exposure. If an operational decision performs terribly in only specific
scenarios and securities exist with a payout in precisely these situations, then,
depending on the securities’ prices, the combined physical and financial decision
might be sensible, even for a highly risk-averse decision-maker.

In decentralized autonomous organizations (DAOs), the challenge of managing
risk is emphasized. Different members of the organization, which we call agents,
may have a different perception of risk while at the same time exhibiting individual
goals that might not align perfectly with the organization’s goals. Thus, these
DAOs must not only find a way to allocate physical resources and find the
optimal production plan6, but also allocate financial resources to account for the
heterogeneous risk aversion of the agents. This setup is notably different from
standard distributed optimization approaches, in which it is assumed that there
is a central objective and all distributed resources are expected to work towards
it. The distribution is then merely a tool for managing computational tasks

4Joint work with Wolfgang Ketter.
5In this paper, physical assets do not only refer to tangible commodities but any goods related

to the physical world, such as utilization of computing hardware.
6We use production plan as an umbrella term for decision-making regarding physical assets.
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(i) Distributed Opti-
mization. A single
decision-maker uses
distributed computa-
tional resources.

(ii) Decentralized
Decision-Making.
Individual agents’
incentives do not
have to be aligned
with the common
goal.

(iii) Incentive-aligned
Decentralized
Decision-making.
Every agent has
incentives to opti-
mize the common
objective.

Figure 4.1: Different forms of distributed and decentralized decision-making. Dot-
ted lines show agents’ incentives, and the dashed line shows the
common objective.

or reducing communication overhead. In a truly decentralized setting, decision
makers must be motivated to work towards the common objective (cf. Wörner et
al., 2022); their incentives have to be aligned. Figure 4.1 visualizes the distinction.
Our work considers the following scenario: different agents form a DAO, e.g.,
a cooperative or a supply chain network, with pronounced responsibilities of
agents. The agents decide on their division’s activities subject to a local objective
value. They optimize their individual results. The decentralized organization
has shared resources that must be allocated to these agents. To acquire them,
they bid on an internal auction market. We build on existing research (originally
posed by Ba et al. (2001a); Fan et al. (2003); Guo et al. (2007, 2012) and further
developed subsequently), but extend it by assuming that the agents’ utility is
not uniquely determined by their activities but is stochastic. For any choice
of activities, for example, any production plan, the actual outcome depends on
random factors. To account for the risk associated with this uncertainty, agents
not only internally trade to acquire shared physical resources but also issue
and trade financial securities among themselves. By doing so, they can trade
risk to find an efficient risk-aware allocation within the organization. Beyond
important theoretical insights, our work is motivated by recent technological
advances in the area of finance, naturally abbreviated fintech. Heterogeneous
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advances in this area share the commonality that they reduce transaction costs
and entry barriers in trading activities, improving the general accessibility of
financial products. One technology that particularly spurred the work on this
paper is Blockchain, especially when enabling the so-called smart contracts
(Wood, 2014). Smart contracts enable encoding of (almost) any contractual logic
into software, guaranteeing fulfillment of the contract subject to the defined
terms. This concept corresponds naturally to contingent claims—or Arrow-
Debreu securities—that prompt a payout if a specific state of the world occurs
Arrow and Debreu (1954). These securities can be used to internally finance
distributed organizations and allow for integrated risk management that combines
physical and financial decision-making. Furthermore, smart contracts can be
used to implement business logic such as the mentioned auction protocol. In
principle, all parts of the proposed mechanism are, thus, suitable for decentralized
implementation.

Our study contributes to a growing body of research related to the use of
auctions and market mechanisms for intra-organizational resource allocation
(Ba et al., 2001a; Fan et al., 2003; Guo et al., 2007). Our focus lies on the
joint allocation of physical and financial assets. Previous research has explored
various methods to allocate physical resources within organizations, and some
have also included externally supplied financial instruments to optimize resource
allocation under uncertainty. To our knowledge, no existing research provides
an intra-organizational market mechanism that optimizes the use of physical
resources while using self-issued financial instruments to manage risk within
the firm. Building upon previous work on incentive-compatible auctions, we
find that our market design provides an efficient way to issue securities and
allocate them jointly with shared resources. The method scales well in the
number of agents, shared and private resources, and activities. Lower scalability
concerning the number of securities can be met by offering just a subset of all
future outcomes as contingent claims, still achieving good allocative efficiency.
Given the well-described task of the market operator, the mechanism can be
implemented using distributed ledger technologies, as has been proposed for
prediction markets, deepening decentralization (Carvalho, 2020). Within such
an approach, the mentioned mechanism would constitute a novel integrated risk
management approach within a decentralized autonomous organization (DAO),
allowing disintermediation in a complex allocation setting (cf. Zhao et al., 2022).
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The remainder of this work is structured as follows. We first provide an overview
of related work in the domains of prediction markets, as these are conceptually
similar to the securities trading we describe and the distributed implementation
of market mechanisms for privacy concerns. We then discuss related research on
stochastic-endogenous equilibria that inspired our internal financing approach.
We also discuss the general body of work on auction mechanisms for intra-
organizational resource allocation. In particular, we discuss the bundle trading
market, as it is the second pillar that strongly inspired our work.

After discussing related work, we proceed to describe our market model that
is purposefully abstract to accommodate different organizational setups. We
proceed to review coherent risk measures briefly, as these are a requirement to
find stochastic-endogenous equilibria. After pointing out the central optimization
of allocating resources under perfect information, we discuss bundle trading as
a decomposition method for the central problem. We evaluate the proposed
mechanism using extensive simulations. As sensitivities, we also include two
types of friction, limited participation, and incomplete financial markets to assess
their impact on allocative efficiency. We conclude with a discussion of our results
and contributions, as well as managerial implications and future work.

4.2 Related Work

Our research touches on several streams of research. In particular, our model
is closely related to work in the area of contingent claims, prediction markets,
and securities in the operational field. Additionally, auction or market-based
mechanisms for resource allocation within firms heavily inspired our work. Lastly,
research on integrated optimization of physical and financial flows in supply
chains and other organizations relates to our work.

4.2.1 Prediction markets and securities trading

Research on prediction markets has been vivid recently, with numerous works
contributing to efficient mechanisms to clear such markets (Agrawal et al., 2011;
M. K. Chen et al., 2008; Healy et al., 2010). Carvalho (2020) designs a decentral-
ized prediction market using a Blockchain as the underlying information system
(IS). Here, securities are issued using smart contracts. Although often discussed
with different applications in mind, prediction markets are conceptually the same
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as the (Arrow-Debreu) securities market that we discuss in this work, as agents
manage their risk exposure by betting on future outcomes. Carvalho (2020) also
addresses privacy concerns as a reason to implement a decentralized prediction
market within a firm. In a similar spirit, Clifton et al. (2008) discuss the use of
cryptographic techniques to avoid the need for brokerage in interorganizational
resource sharing. They find an incentive-compatible mechanism for doing so in a
load swap application for trucking companies. However, the mechanism does not
account for uncertain outcomes, and in particular does not discuss the hedging
of such outcomes using financial instruments.

Ralph and Smeers (2012, 2015) discuss agents’ simultaneous trading of physical
and financial assets for the case of perfectly competitive and complete markets and
convex or coherent risk measures, respectively. They assume central optimization
by a social planner with perfect information, as is common practice in economic
analysis under the assumption of sufficient competitiveness. Strikingly, they
find that a market risk measure, or most risk-neutral agent, emerges from the
population’s risk measures. This market risk measures the price risk for all agents,
constituting a stochastic-endogenous equilibrium.

4.2.2 Market-based resource allocation within organizations

The use of market mechanisms, auctions in particular, to allocate resources is
a traditional economic topic. In recent decades, auctions have also received
increasing attention from managerial and operational research, as technical
advances made the use of auctions as practical tools possible (Bichler et al., 2010).
Ba et al. (2001a) discuss the use of an incentive-compatible auction mechanism
to invest in knowledge within a firm, i.e., they provide an intraorganizational use
of an auction.

Combining ideas for centralized decision-making under uncertainty and deter-
ministic decision-making in decentralized autonomous organizations, our model
enables integrated risk management in such settings by extending work on the
bundle trading market framework (BTM) (Fan et al., 2003; Guo et al., 2007,
2012). Our extension of the BTM enables risk-averse agents’ trading in physical
and financial assets, providing an iterative mechanism that results in the same
stochastic-endogenous equilibrium as in the case of perfect competition presented
by Ralph and Smeers (2015), but reduces information disclosure requirements.
The mechanism constitutes a smart market, as it involves “interactive market
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design, respective decision support, and computational tool” (Bichler et al.,
2010), and simultaneously an integrated risk management tool for distributed
organizations.

Nadiminti et al. (2002) discuss intra-organizational resource allocation with
a focus on information asymmetries and negative externalities. Especially the
aspect of information asymmetry is mirrored in our work, as we do not only
expect “top management” not to know about resources’ benefits for managers or
divisions, but rather that such top management might not even exist. Beyond
this distinction, Nadiminti et al. unlike us do not account for uncertainty. There
is a large body of research on deterministic market mechanisms in decentralized
networked businesses, for example, carrier alliances (Agarwal & Ergun, 2010;
Houghtalen et al., 2011).

4.2.3 Integrated risk management

Risk management in general is a widespread issue in supply chains (cf. Narasimhan
& Talluri, 2009), particularly with recent disruptions. Beyond purely extra-
organizational risk management that mostly focuses on sourcing or sales, research
on the joint optimization of risk exposure and operational decisions within
organizations is very active in the operational sciences. Gaur and Seshadri (2005)
describe an approach to reduce the risk of short-lived item inventory using financial
instruments that are correlated with inventory demand. A similar approach is
presented by Kouvelis and Li (2019). However, in their case, the financial
instruments are supplied exogenously, contrary to our work. Qian and Olsen
(2020) provide a method for the integrated operational and financial decision-
making of an agricultural cooperative. Their work mirrors an organizational
structure that is similar to the one we conceive, i.e., agents with individual and
common objectives. However, they only use simple financial products that are
again supplied externally. Internal financing is discussed in Ning and Sobel (2018),
but without the existence of the variety of securities that we propose.

4.2.4 Our contribution

To our knowledge, no existing research covers all three aspects that are distinctive
for our paper: 1) a decentralized organizational structure with (potentially)
divergent incentives, 2) joint operational and financial decision-making, and 3)
internal financial management using self-issued securities. Using a market-based
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decomposition approach, we provide a mechanism that achieves optimal allocation
of physical and financial resources within a distributed organization.

4.3 Market Model

Think of the decentralized autonomous organization and its agents as a (virtual)
parent company in which division managers maximize local performance. To
allocate its joint resources, the parent company may choose an auction; that
is, it orchestrates a market mechanism in which managers trade for shared
resources. Managers do not share private information (their local cost functions
or constraints) with the parent company but simply acquire resources through
trading. Depending on the auction’s design, their trading reveals preferences for
the resources. However, in our proposed mechanism, beyond just trading physical
assets, managers may also trade in securities to manage their risk. Given that
divisions are smaller units, and worst-case results would be extremely detrimental
even if unlikely, such risk aversion is easily conceivable. With the opportunity to
trade financial assets, division managers can share or reallocate the risk. Consider
the following example. There are two divisions in a company, of which one would
be extremely successful in a specific scenario. It could sell a security for this
scenario to the other division, leading to higher average profits (owing to the
earnings from selling the security) and costs in the payout scenario that are
tolerable due to the success in the physical business. Under certain assumptions
of risk preferences, this financial trading can improve overall organizational utility.

Whereas the subdivision company can serve as an easy-to-grasp example, the
mechanism we propose is not limited to this case. The method describes any
DAO in which individual agents are risk-averse and trade physical and financial
assets, while retaining private information. Aligning the incentives of individual
agents with some global goal has been a long-discussed issue in research (Ba et al.,
2001b). The iterative characteristic of our proposed mechanism initially increases
complexity for the participating agents, as they repeatedly have to evaluate
their possible actions subject to changing prices for physical and financial assets.
Given the aforementioned technological innovations, however, we argue that the
increased complexity can be managed using software agency, e.g., algorithmic
trading, and that the benefits of the proposed mechanism regarding privacy and
strategy-proofness may outweigh concerns of computational complexity.
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To allow for generalizability of the proposed mechanism, we are formulating it
as generically as possible. For brevity and clarity, we restrict ourselves to cases
we consider most applicable in real-world scenarios, omitting some mathematical
intricacies of a more extensive discussion. When applicable, we hint at extensions
that might be worthwhile for future research or could be discussed analogously
to the presented method, at the expense of comprehensiveness.

The considered decentralized autonomous organization consists of J agents,
each endowed with a coherent (not necessarily equal) risk measure (see §4.4). Each
agent j ∈ {1, ..., J} chooses an activity vector xj , subject to local restrictions.
Such activities could be the utilization of computing resources or something
similar. Depending on their activities, agents have a stochastic cost. Subject to
their risk measure, agents now engage in trading of physical and financial assets
to minimize their risk-aware cost (or, equivalently, maximize their risk-aware
profits). Note that prices for both physical and financial assets are endogenous to
the agents’ trading behavior. The global availability of some resources and the
necessity of balanced trades of financial assets couple the agents’ optimization
tasks, making it a nontrivial system. The complete optimization problem of this
distributed system for an omniscient central planner is given in §4.5, and the
respective decomposition in §4.6. A complete overview of the notation is given in
Table 4.1.

4.4 Risky Costs and Coherent Risk Measures

For brevity, we restrict ourselves to the case where organizationally relevant
aspects of the future can be described by a discrete and finite set of scenarios
{ω}ω=1,...,Ω. This restriction is not only useful for the tractability of the upcoming
optimization schemes but is also proper given our underlying reasoning, as
we consider trading of state-price securities. Each scenario ω is associated
with a cost zω ∈ R, where R are the real numbers. The uncertain cost vector
z = (z1, ..., zΩ)′ ∈ Z, Z = RΩ then represents the cost in all scenarios. The
corresponding set of probability densities is P := {Π ∈ RΩ : Π ≽ 0, 1′Π = 1}.
Here, ≽ denotes the element-wise (in-)equality, and 1 is a vector of ones of
appropriate dimension. For any probability density Π ∈ P, the expected cost
is EΠ[z] := Π′z. As an example, for Ω = 5, the risky costs for an agent j may
be zj = (−7, −3, −5, −1, −4)′, which means that in scenario ω = 1, the agent’s
cost is −7 (or, equivalently, her profit is 7). Assuming the uniform probability
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Variable Domain Explanation
J N+ Number of agents
j {1, ..., J} Agent index
νj , M N+ Number of local and shared resources, respec-

tively
Aj N+ Number of activities of agent j
xj RAj Activity decisions of agent j
Nj , nj Rνj×Aj ,Rνj Local resource coefficient matrix and local re-

sources of agent j
Cj , cj RM×Aj ,RM Shared resource coefficient matrix and shared

resources of agent j
Ω N+ Number of scenarios
ω {1, ..., Ω} Scenario index
Ξj RAj×Ω Risky cost coefficient matrix of agent j
z, zj RΩ Risky cost (of agent j)
rj(·) RΩ → R Coherent risk measure of agent j
s RΩ Security with payout sω in scenario ω (∀ω)
cj0, sj0 RM ,RΩ Initial endowment of agent j with physical and

financial resources
c0, s0 RM ,RΩ Initial endowment of dealer with physical and

financial resources.
pC RM (Current) prices of physical resources
pS RΩ (Current) prices of securities

Table 4.1: Notation of the market model.

of all scenarios (i.e., Πuni = 1
51), the expected cost subject to this measure is

EΠuni [zj ] = −4.

In their seminal paper, Artzner et al. (1999) describe risk measures r : Z → R
(given an uncertain outcome space Z) as coherent if they exhibit “four desirable
properties for risk measures”. Following the cost-oriented notation of Ralph and
Smeers (2015), these properties are the following:

SA Subadditivity: r(z1 + z2) ≤ r(z1) + r(z2) ∀z1, z2 ∈ Z.

MO Monotonicity: r(z1) ≤ r(z2) ∀z1, z2 ∈ Z : z1 ≼ z2.

TI Translation invariance: r(z + λ1) = r(z) + λ, z ∈ Z, λ ∈ R.

PH Positive homogeneity: r(λz) = λr(z), z ∈ Z, λ ∈ R+.

Fulfilling requirements 1. and 4. ensures the convexity of the risk measure. A
notable example of a coherent risk measure (CRM) is conditional value-at-risk
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(CVaR)7. CVaR at a level 100ϵ% (CVaRϵ) denotes the expected value of a random
outcome under the condition that one of the 100ϵ% worst scenarios occurs. In the
above example, CVaR at the level 40%, i.e., CVaR0.4(zj) (with the underlying
probability distribution Πuni), is −2, the conditional expectation of the two worst
outcomes. Note that zj is a cost vector, meaning that lower results are better,
and negative results represent profits.

In this particular example, the two worst results are zj2 and zj4, which means
that CVaR0.4(zj) = 1

2(zj2 + zj4). Obviously, this need not be the case, as other
scenarios than 2 and 4 might just as well be worse. Let DCVaR

Πuni,0.4 ⊆ P be a risk
set, defined as follows (conv{·} denoting the convex hull).

DCVaR
Πuni,0.4 = conv{1

2(1, 1, 0, 0, 0)′,
1
2(1, 0, 1, 0, 0)′, ...,

1
2(0, 0, 0, 1, 1)′} (4.1)

Then, CVaR0.5(zj) is defined as

CVaR0.4(z) = max
Π∈DCVaR

Πuni,0.4

EΠ[z]. (4.2)

Consequently, the risk set for the general case of any ϵ and any underlying
probability distribution Π0 is

DCVaR
Π0,ϵ = {Π ∈ P : Π ≼

1
1 − ϵ

Π0}. (4.3)

All CRMs can be described by a convex risk set, which means that a CRM
is the expected worst-case value (i.e., maximum cost) regarding a convex set of
probability distributions (Ralph & Smeers, 2015). In the remainder of this paper,
we use CVaR as a running example of a CRM.

4.5 Central Optimization

Suppose that every agent j has an activity vector xj ∈ RAj . The affine risky cost
function Ξj : RAj

+ → RΩ maps her activity level to a risky cost vector8. Note that
agents might have different activity spaces but share a common understanding
of future scenarios Ω, meaning that the world can take specific states upon

7Just as notable, a prominent incoherent risk measure is value at risk (VaR) (Artzner et al.,
1999).

8Any deterministic cost components can be included in Ξ, as a direct result of the translation
invariance of CRMs.
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which agents agree. This restriction is necessary to issue tradable securities, in
particular, when thinking of them as smart contracts.

The agents have local restrictions Njxj ≼ nj consider these to be limitations
due to nontradable (physical) assets) and restrictions Cjxj ≼ cj that limit the
use of shared resources c (these are tradable physical assets of which only a finite
amount exists so that ∑j cj ≼ c). Agents now evaluate their risky cost Ξj(xj)
using a CRM rj with an associated risk set Dj , minimizing their exposure. They
do so not only by choosing a particular activity level, but also by trading in
securities s ∈ Z. As an example, a security sa = (1, 0)′ gives a payout of 1 unit
in scenario ω = 1 and none otherwise.

Assume that agent j receives an exogenous asset endowment sj and an exoge-
nous resource endowment cj , compactly represented by the endowment vector.
She then determines her optimal activity level by solving

z(sj , cj) ≡ min
xj

rj (Ξj(xj) − sj)

s.t. Cjxj ≼ cj , Njxj ≼ nj , xj ≽ 0.
(4.4)

If there was an omniscient planner able to control each agent, that is, their
endowments and activity levels, the optimization of the distributed system could
be achieved centrally. This central planner’s problem is

min
x1,...,xj ,s1,...,sJ

∑
j

rj (Ξj(xj) − sj)

s.t.
∑

j

Cjxj ≼ c0 (4.5a)

∑
j

sj = 0 (4.5b)

xj ≽ 0, Njxj ≼ nj ∀j.

Equation (4.5b) denotes that the securities must be balanced between the trad-
ing agents, i.e., there is no exogenous source of such securities. In a competitive
equilibrium, the dual variables (or shadow prices) to the constraints (4.5a) and
(4.5b) determine the prices for physical and financial assets. This equilibrium is
the benchmark for any decentralized solution approach.

Let r0 be the CRM with the associated risk set D0 = ∩jDj . As a CRM uses
the worst-case expectation regarding any probability distribution in the risk set,
this means that r0 leads to weakly lower risk aversion compared to any individual
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agent. As Ralph and Smeers (2015) shows, the equilibrium in (4.5) also solves
the optimization problem

min
x1,...,xj

r0

∑
j

Ξj(xj)


s.t.

∑
j

Cjxj ≼ c0

xj ≽ 0, Njxj ≼ nj ∀j.

(4.6)

This means that the compound risky cost of all agents is evaluated with a least
risk-averse CRM r0. It also directly indicates the benefit of diversification within
the organization, since risky costs are added before being evaluated with the risk
measure.

Solving the optimization problem (4.5) or equivalently (4.6) requires in-depth
knowledge of information that is typically regarded as private to the agents. Both
local constraints Njxj ≼ nj and individual cost functions Ξj would typically
not be known by a central planner, as well as resource usage Cj . Therefore, we
propose an iterative mechanism for simultaneous bundle trading of physical and
financial assets that allows convergence to equilibrium with reduced information
disclosure requirements.

4.6 Decentralized Algorithm

The central solution to the problem (4.6) is only possible if the central planner has
all the necessary information to do so. In particular, it needs detailed information
on the local constraints and coefficient matrices of the agents. Depending on
the organizational context, this information will be considered private to agents.
Therefore, we assume that agents find a resource allocation by bidding for and
trading in physical and financial assets with each other, each maximizing local
performance. Suppose, therefore, that agents are not exogenously endowed with
bundles of securities s and physical asset,c, but may trade for them at price levels
ps and pc, respectively. Assume further that agent j currently holds securities
sj0 and physical assets cj0. To determine her optimal activity and trading levels,

84



4.6 Decentralized Algorithm

she then solves

min
xj ,sj ,cj

p′
ccj + p′

ssj + rj (Ξj(xj) − sj0 − sj)

s.t. Cjxj ≼ cj0 + cj , Njxj ≼ nj , xj ≽ 0.
(4.7)

Two aspects are notable. First, neither sj nor cj have to be element-wise
positive; that is, sales of resources are possible. Short-selling physical resources is
implicitly prohibited by the resource constraint. Second, the trading of resources
and securities might exhibit large complementarities. Purchasing physical re-
sources to change the activity level might only be profitable if, at the same time,
traded securities could offset large risks in some scenarios, given the increased
activity. Trading for only resources or securities individually could, just as trading
for single resources instead of bundles, cause an exposure problem for the agent
(cf. Krishna, 2010).

4.6.1 Agent Bidding

As alluded to before, we impose that prices are endogenous to agents’ trading
behavior, and not exogenously given. At any time, current price levels are
merely an informative aid to help agents bid efficiently for traded assets. Let
z(sj0 + sj , cj0 + cj) be the objective value of (4.4), which is endowed with sj0 + sj

and cj0 +cj , while z(sj , cj) is the objective value without trading. The value of ac-
quiring the bundle (sj , cj) is then v̄j(sj , cj |sj0, cj0) = z(sj , cj)−z(sj0 +sj , cj0 +cj)
(note the sign convention). If (4.7) is bounded with s̄j , c̄j denoting opti-
mal values for sj and cj , then v̄j(s̄j , c̄j |sj0, cj0) is finite, and we call the lim-
ited bundle (s̄j , c̄j) the most improving bundle. Due to the convexity of zj ,
∀λ ∈ [0, 1], v̄j(λsj , λcj) ≥ λv̄j(sj , cj), that is, the partial fulfillment of any desired
limited bundle to the degree of λ will bring at least λ of the bundle value. Fol-
lowing Guo et al. (2007), we assume that agents truthfully bid v̄j(s̄j , c̄j |sj0, cj0)
for limited bundles.

The solution to (4.7) may be unbounded. This situation occurs if, at given
price levels, an agent wants to trade infinite amounts of securities or resources.
In this case, the requested trade cannot be properly described by a (limited)
bundle. As (4.7) is convex, it can only be unbounded if there exists an extreme
ray (x̂j , ŝj , ĉj) along which the value of the objective function is weakly decreasing.
We call (ŝj , ĉj) an unlimited bundle. Assuming reasonable values of the other
parameters, two cases are notable:
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4 Market-Based Optimization in Decentralized Autonomous Organizations

1. The agent trades in physical assets ĉj) (and financial assets ŝj), adjusting
its activity levels by x̂j . This situation may only occur if there are no
binding local constraints along the ray.

2. The agent speculates with securities, i.e., ĉj , x̂j = 0.

Resource Trading

Starting from an initial endowment cj0, sj0, the agent must determine the per-unit
value v̂j(ŝj , ĉj) of the unlimited bundle (ŝj , ĉj). Assume that the agent increases
her activity levels starting from some values x0. Given the properties of a CRM,
a lower bound to v̂(·) is described by

v̂j(ŝj , ĉj) = rj(Ξj(x0) − sj0) − rj (Ξj(x0 + αx̂j) − αŝj − sj0)
α

(4.8)
SA
≥ rj(Ξj(x0) − sj0) − rj (Ξj(xj) − sj0) − rj(Ξj(αx̂j) − αŝj)

α
(4.9)

lin.= −rj(αΞj(x̂j) − αŝj)
α

(4.10)
PH= −rj(Ξj(x̂j) − ŝj), (4.11)

where α is the amount of the unlimited bundle. For large quantities of α, that is,
large quantities of the requested bundle, the impact of the initial activity levels
and the security endowment vanishes. Then, v̂j is a tight bound on the value of
the unlimited bundle. For smaller quantities, the actual value might actually be
higher. We assume that the agents bid v̂j(ŝj , ĉj) for unlimited bundles (ŝj , ĉj),
erring on the side of caution.

Security Speculation

An agent arbitrages securities if she is certain that scenarios occur differently
than priced by the market. Assume the agent is risk-neutral, using expectation
as CRM. Her risk set is then a singleton containing just Π. Let Π = (1, 0)′, i.e.,
the agent is certain that scenario ω = 1 occurs, whereas scenario ω = 2 does not.
If the current market price for the security s1 = (1, 0), i.e., a payout in scenario
ω = 1, is below 1, then purchasing any positive amount of such a security would
increase the agent’s utility.

Again, due to the sub-additivity property of CRM, the issue of additional
securities ŝj will decrease the total risk by at least the risk-aware value of these
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securities, −r(−ŝj). This is especially true when agents seek to purchase an
unlimited number of securities, as the impact of initial endowment then vanishes.
The truthful per-unit valuation of an unlimited security bundle is thus

v̂j(ŝj) ≥ −r(−ŝj), (4.12)

where the right-hand side might be an underestimator for smaller amounts.9 To re-
visit the example from above, v̂j(ŝj) = −rj(−ŝj) = −Π′(−s1) = −(1, 0)′ (−(1, 0)) = 1.

Bid Submission

We assume truthful bidding of the agents, following the discussion of Guo et al.
(2007). Given the additional complexity due to trading in both resources and
securities, as well as the potential nonlinearity of the cost function, we deem
this a reasonable assumption. Agents therefore submit their (un)limited bundle
orders as quadruples, either lkj =

(
s̄k

j , c̄k
j , v̄k

j , 1
)

or uh
j =

(
ŝh

j , ĉh
j , v̂h

j , ∞
)
, k and

h indexing individual orders. The market operator maintains two order books
per agent j, an order book Lj = {lkj }k for limited orders and an order book
Uj = {uh

j }h for unlimited orders.

9The equation follows directly from (4.11) for x̂j = 0.
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4.6.2 Market Clearing

The market program’s task is to maximize the gains from trade.10 It does so by
solving the market matching problem (MMP)

max
σk

j ,ρk
j

∑
j

 ∑
lkj ∈Lj

σk
j v̄k

j +
∑

uh
j ∈Uj

ρh
j v̂h

j

 (4.13)

s.t.
∑

j

 ∑
lkj ∈Lj

σk
j c̄k

j +
∑

uh
j ∈Uj

ρh
j ĉh

j

 ≼ c0 (4.14)

∑
j

 ∑
lkj ∈Lj

σk
j s̄k

j +
∑

uh
j ∈Uj

ρh
j ŝh

j

 ≼ s0 (4.15)

σk
j , ρh

j ≥ 0,
∑

lkj ∈Lj

σk
j ≤ 1, ∀j. (4.16)

The formulation of the MMP largely follows the aforementioned bundle trading
market, with the addition of the constraint (4.15) that accounts for the trading
of securities. It requires a weak supply-demand balance between traded securities.
The reason to not use a strict balance here is the increased liquidity when
the market maker may (temporarily) hold securities. Allowing this flexibility
avoids premature halting of the market mechanism that might otherwise occur.
Note that, upon convergence of the mechanism, the securities inventory of the
market maker is zero, unless there are states that have zero probability under the
risk-neutral measure. In that case, the market maker may hold securities after
convergence of the mechanism; however, they are priced at zero by the market.

Initializing the market with s0 = 0 captures that there is no external source of
securities, they are solely issued by market participants. Because of this, agents
are just trading risk among peers. The prices of the resources are now calculated
based on the dual variables of Equations (4.14) and (4.15), respectively.

The market now iterates as follows. During initialization, agents are endowed
with resources, and prices for financial and physical assets are set. We do not
focus on initialization strategies in this work; see Guo et al. (2012) for an extensive
discussion of these. In our simulations, all agents are endowed with no resources

10The market logic itself, that is, the auction protocol, may be implemented using smart contracts
as part of the decentralized autonomous organization. Therefore, the disintermediation is
maintained.
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at all and the prices of the securities are set uniformly to ps = ( 1
Ω)ω. Then, agents

determine their (un)limited bundle orders, and trades might occur, changing
the price levels. Order books of all agents involved in trades are cleared, and
endowments are updated. When no trades are executed and prices do not change
anymore, the market operation ceases.

4.7 Evaluation

For the evaluation of the proposed market mechanism, two aspects are paramount.
First, the computational aspects, especially the necessary number of iterations
to reach equilibrium, are important. This is particularly true in light of the
potential application of the proposed mechanism in a DAO setting, providing an
operational tool to allocate resources within the DAO. Second, the added benefit
of trading securities beyond physical assets must be evaluated to infer if the
added complexity is worthwhile. To evaluate the market mechanism regarding
these questions, we run three experiments:

Vanilla Mechanism The proposed mechanism with full participation and com-
plete markets

Limited Participation (LP) Only some agents trade in securities.

Incomplete Market (IM) Not all future states can be traded as securities.

Whereas the vanilla mechanism serves as a benchmark for the alternative cases,
the LP and IM cases represent frictions in the market.11

We investigate these settings by performing extensive simulations. To do so,
we randomly create environments with different numbers of agents, resources,
and state space sizes. To limit the overall number of necessary simulations, we
impose an important restriction. That is, all agents share a common physical
measure Π0 and use CVaR as CRM. The shared understanding of the underlying
probability of future scenarios ensures that there is an equilibrium in financial
transactions. Recall that when there is no intersection of the risk sets of the
agents, there cannot be an equilibrium in the market (Ralph & Smeers, 2015).
Using a common physical measure and CVaR ensures that the intersection of the
risk sets at least contains the physical measure Π0, CVaR as CRM for all agents
is also particularly interesting, as it is widely used in practice.
11While we report speed of convergence, acceleration of the market mechanism in itself is not

the focus of this work.
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4.7.1 Vanilla Mechanism

Before the detailed experiments on specific modifications are evaluated, the
proposed mechanism is tested as is under various parameter setups; see Table
4.2.

Parameter Explanation Values
J No. of agents {10, 20, 50}
A No. of activities {2, 5, 10, 20}
M No. of shared resources {2, 5, 10, 20}
ν No. of local resources {2, 5, 10, 20}
Ω No. of scenarios {2, 5, 10, 20}

Table 4.2: Parameter variation in testing of the vanilla mechanism. All 768
combinations are tested 50 times, totaling 38,400 simulations.

The dependence of the number of rounds required in the auction market on
the input parameters is given in Table 4.3a. The most striking impact on the
required rounds for market clearing is due to the number of scenarios, Ω. Table
4.3a shows that for all parameters except Ω, the average number of rounds is
around 1, 000, with high standard deviations. For Ω, a much clearer relationship
is shown. For a smaller number of traded securities, the number of auction rounds
decreases drastically. As the relationship between the parameters, particularly Ω,
and the required number of rounds seems nonlinear, we analyzed the convergence
using a log-linear model; see Table 4.3b. With good model fit, it can be seen that
convergence times increase approximately quadratically in the number of traded
securities and sub-linearly in all other parameters. The different impact of the
number of physical and financial assets is particularly striking, as the impact of
M is much less substantial than that of Ω.

4.7.2 Limited Participation

Due to the complexity of financial asset trading, it seems conceivable that not
all agents would participate in securities trading. To evaluate the performance
of the proposed mechanism in such a setting, we investigate another simulation
setting. As the effect of large values for Ω is detrimental to convergence and the
choice of the remaining parameters does not severely impact convergence, we fix
the parameters for this setting. In particular, J is set to 20; all other parameters
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J

10 1165.6545
(1766.8576)

ν

2 1041.9598
(1651.3948)

20 1052.6808
(1663.8291)

5 1061.2382
(1674.1345)

50 878.6697
(1481.3815)

10 1028.0426
(1640.71)

20 998.0994
(1616.049

A

2 912.341
(1522.428)

Ω

2 67.316
(414.6372)

5 997.4838
(1613.8605)

5 114.3293
(287.4245)

10 1083.8653
(1677.5273)

10 491.5486
(519.2815)

20 1135.6499
(1752.175)

20 3456.146
(1539.2108)

M

2 917.7161
(1561.0706)

5 1069.1688
(1687.3862)

10 1084.3358
(1680.4289)

20 1058.1193
(1646.0782)

(a) Number of rounds subject to parame-
ter variation. The average number of
rounds and standard deviation of number
of rounds (given in parentheses) subject
to parameter variation. Note that simu-
lations were cut off at 5, 000 rounds, i.e.,
the values for Ω = 20 are inconclusive.

log(Rounds)
(Intercept) 1.431∗∗∗

(0.029)
log(J) −0.184∗∗∗

(0.007)
log(A) 0.137∗∗∗

(0.005)
log(M) 0.159∗∗∗

(0.005)
log(ν) −0.017∗∗

(0.005)
log(Ω) 2.061∗∗∗

(0.005)

Estimator OLS
N 38,400
R2 0.803

(b) Log-linear regression model
of auction rounds. OLS
regression results of a log-
linear model of the num-
ber of auction rounds. The
number of rounds grows sub-
linearly in all parameters ex-
cept Ω. Ceteris paribus,
the number of rounds has
a quadratic relationship to
Ω. The goodness of fit and
the significance of the coef-
ficients are high. This indi-
cates a good scalability in all
parameters but Ω.

Table 4.3: Simulation analysis for a variation of the respective parameters.

are set to 10. Then, the number of agents participating in securities trading is
varied between 2 and 19, i.e., from only bilateral trading of securities to almost
full participation. Each experiment is repeated 100 times. Figures 4.2i and 4.2ii
show the results of the simulation.

The auction runs faster when only very few agents participate; this effect is
negligible with even a moderate number of participants. The effect concerning the
performance, compared to full participation, of the mechanism is substantially
more pronounced. The relative performance starts around 70% for only two
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(i) Auction rounds for LP case. Num-
ber of auction rounds necessary to
clear the market for a varying num-
ber of agents participating in securi-
ties trading (out of 20 agents). The
number of auction rounds is almost
constant for a wide range of partici-
pant numbers.
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(ii) Relative performance of LP case.
Relative allocative efficiency of the
auction for a varying number of
agents participating in securities
trading (out of 20 agents overall).
The relative performance of the
mechanism increases approximately
linearly in the number of partici-
pants.

Figure 4.2: Computational analysis of the limited participation case.

participants. Note, however, that it would not be zero even with no participation
in financial trading, as physical trading alone yields some welfare benefits. The
performance then grows approximately linearly with the number of participants,
with slightly smaller added benefit for the very last participants. Agents not
participating in financial trading are chosen ex ante, i.e., disregarding their
individual benefit of trading in securities. Because of this, the addition of even
single agents can benefit the system greatly if they have a favorable risk assessment
and can thus provide liquidity to the market.

4.7.3 Incomplete Securities Market

We next discuss the case where not all future states are tradable as securities.
This evaluation is of paramount importance, as the convergence of the mechanism
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(i) Number of auction rounds necessary
to clear the market with a varying
share of future outcomes traded as
securities. The number of rounds
increases sharply with an increased
share of traded securities
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(ii) Relative allocative efficiency of the
auction for a varying share of future
outcomes traded as securities. Effi-
ciency increases continuously with
the share of traded securities; good
performance in terms of allocative
efficiency is already obtained at
moderate shares.

Figure 4.3: Computational analysis of the incomplete markets case.

deteriorates quickly with the number of traded financial assets; see §4.7.1. Unlike
the case of limited participation, §4.7.2, here we are not selecting tradable states
randomly. Instead, we select them to match a predetermined total probability
of all tradable states. Thus, we account for the fact that, in cases of incomplete
markets, the most probable states would be those traded at first, while markets
for more obscure outcomes would be thinner. Figures 4.3i and 4.3ii show the
results for the incomplete securities markets.

The number of auction rounds necessary to clear the market increases signifi-
cantly in the share of scenarios traded; note the logarithmic scale. This behavior
mirrors the analysis of the vanilla mechanism, in which the absolute number of
securities was the main driver of the auction runtime. The increase in relative
performance of the mechanism is again approximately linear. Based on these
results, it is conceivable that the proposed mechanism could not only be used if
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all states of the future can be conclusively mapped to securities, but also if only
some percentage of potential outcomes should be traded. By doing so, runtime is
reduced significantly, whereas good performance results are still obtained.

4.8 Discussion

We extend the bundle trading market framework to account for risk, developing
an enhanced auction mechanism that allows market-based optimization of decen-
tralized autonomous organizations, even under uncertainty. By doing so, we add
an important dimension to the self-optimization capabilities of DAOs, given that
risk management is paramount, e.g., in supply chains. In our model, individual
agents manage their risk, evaluated using coherent measures, by simultaneously
trading in markets for physical assets and securities, accounting for all potential
complementarities. As there is no external source of securities, agents have
to issue them themselves. Given the continuous developments in the area of
financial technologies and comparative ease in setting up online markets, this is
progressively conceivable as a viable solution for real-world DAOs.

4.8.1 Contribution

Auction or market-based mechanisms for intra-organizational resource allocation
are typically limited to the deterministic case. While there exist approaches for
distributed decision-making for integrated risk management, none known to the
authors consider self-issued securities, i.e., risk management without externally
supplied financial instruments. We significantly extend existing work on the
bundle trading market framework by introducing uncertainty as an additional
dimension of complexity. We provide an iterative auction mechanism in which
agents simultaneously trade physical and financial assets, converging to an efficient
stochastic endogenous equilibrium.

The decentralized mechanism requires much less information disclosure from
participating agents, as they only have to reveal their valuation of bundles at
current market prices. Given the pricing of resources, they have strong incentives
to bid truthfully, thus resulting in an overall favorable allocation. We further
consciously limit the role of the market program, as strict allocation and pricing
rules can be easier implemented as software artifacts themselves. Therefore, the
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proposed auction mechanism can be automated and allow deep decentralization
of the organizational structure.

4.8.2 Managerial Implications

In many areas of industry, decentralization of decision-making is prevalent. In
the sharing economy, resources are not owned by a central party, but by many
smaller agents. In many supply chains, different firms along the value chain have
some common, but also pronounced, individual interests. Finding mechanisms
to coordinate resource allocation is crucial to the efficient operation of such
organizations. The introduction of the risk dimension in our work allows for a
more granular risk sharing between firms or agents. Through these possibilities,
some players who otherwise might not have been able to participate in these
value chains due to their risk aversion can overcome this entry barrier.

As an example, consider an energy cooperative. The cooperative owns a shared
asset, such as battery storage, that may be used by the agents. In addition to
using the battery, agents can purchase additional energy on an external market
for an uncertain price. Depending on the usage of the battery, their flexibility,
and other internal constraints, they have thus an uncertain cost vector. By jointly
trading the battery usage rights and securities that are used to hedge energy
procurement costs, the agents can manage their risk and simultaneously use the
cooperative’s battery optimally. As the cooperative issues the securities internally,
agents are not limited to trading standard financial products that are commonly
available but might not suit its needs (e.g., because of participation constraints
or unit sizes) but can design them freely.

The proposed mechanism allows for a high degree of automation, as the
market program’s activities are limited. This is in line with the emergence of
distributed ledger technologies. There has been an increased interest in finding
suitable applications for the technology, both in academia and in practice, as the
tamperproof ledger and automation opportunities through smart contracts help
to encode business logic in software. The proposed mechanism interacts nicely
with these approaches, and we can easily envision the auction being run using
smart contracts for auction clearing and security issuance.
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4.8.3 Future Work

The simulation results indicate that convergence speed becomes an issue primarily
when the number of traded securities is high. However, even when only a subset of
all possible future scenarios is traded as securities, the relative performance of the
mechanism is solid, and the auction is significantly accelerated. The mechanism
therefore seems particularly applicable in cases where relevant aspects of the
future can be described by a relatively limited set of scenarios.

As the availability of a mechanism for joint physical and financial optimization
in distributed systems might also greatly benefit settings with a large number
of future scenarios, speeding up the auction seems to be a very fruitful path for
future research. In general, two approaches are worthwhile in doing so. First,
the operation of the market itself could be increased, similar to the approaches
presented by Guo et al. (2012). However, this would increase the complexity in
envisioning the mechanism as fully decentralized, i.e., the market program being a
software artifact. Thus, it might take away some merits presented concerning the
developments in financial technologies, online markets, and distributed systems
as a whole. The second approach is to analyze the incentive structures in more
efficient decomposition algorithms and to analyze whether they can be made fully
incentive compatible, without requiring agents to be intrinsically motivated to
help convergence (cf. Boyd, 2010).

Lastly, all reported evaluations are based on randomly created distributed
optimization problems to enable a wide variety of settings. In reality, problems
could be assumed to have much more pronounced sparsity patterns, that is,
agents being only interested in subsets of physical and financial assets. Designing
hierarchical sub-auctions for that case to help market clearing could provide a
fruitful avenue for future research.
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5 Spatial Competition in Fast-Charging
Networks12

5.1 Introduction

Many countries have enacted legislation to promote the shift from internal
combustion engine vehicles (ICEVs) to electric vehicles (EVs) in response to
climate change. Despite the steady increase in EV adoption rates, lack of public
charging infrastructure and long charging time remain to be major hurdles to
the transition to electric mobility (AlixPartners, 2019). A necessary path to
overcoming these hurdles is to increase the accessibility of public fast-charging
infrastructure (McKinsey, 2021): Unlike the most common chargers that are used
at home, workplace, or public parking lot, fast charging allows EVs to be fully
recharged in 20-40 minutes rather than hours, which not only provides greater
convenience and flexibility (BCG, 2023) but also makes EV ownership attainable
for those without access to charging at home13 or workplace.

While EV fast-charging and traditional gas stations both provide essential
infrastructure for motorists, there are critical differences that pose unique chal-
lenges for EV charging networks. First, unlike typical gas stations where vehicles
can fully refuel in 2-3 minutes, fast-charging stations require significantly longer
service times, creating risks of more frequent queuing and higher delay costs
for consumers. Second, fast-charging equipment and its installation requires
greater capital investment: Excluding grid upgrading and integration, which can
cost up to millions, the hardware and installation costs for a fast-charging unit
range between $85,000 and $250,000 (McKinsey, 2023). For any charging point
operator (CPO), without government subsidies, both the upfront capital costs
and operational expenses have to be covered by the operating income. Without
a high utilization rate, the operating income can hardly achieve a break-even
point or a positive net profit (H. Lee & Clark, 2018). This motivates operators
12Joint work with Yixin Lu, Long He, and Wolfgang Ketter.
13In the United States, the share of home charging is expected to fall to 50 percent by 2030

(McKinsey, 2023).
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to target lucrative areas and implement dynamic pricing mechanisms (e.g., peak
or congestion-based pricing) that help improve station utilization and recoup in-
vestments. These differences compound the existing hurdles in creating equitable
access to charging, which is critical to ensure broad EV adoption.

To boost investment in fast-charging infrastructure, policymakers around the
world have created various subsidy programs. Take the United States, for example.
The Bipartisan Infrastructure Law has dedicated $5 billion through the NEVI
program to building a robust, publicly accessible fast-charging network (The
White House, 2023). In the rest of the world, governments have also accelerated
the rollout of fast-charging infrastructure. Specifically, the federal government of
Germany launched a public tender scheme to invest e2 billion for the construction
of a national fast-charging network with 900 stations, each of which is equipped
with 4 to 16 charging points (German National Centre for Charging Infrastructure,
2023).

Despite the consensus on the importance and urgency of investing in fast-
charging infrastructure, there is a lack of understanding about the underlying
economics of the emerging fast-charging market. From the government’s per-
spective, it is important to ensure a wide dispersion of investments, such that
fast-charging stations materialize not only in densely populated metropolitan and
economically striving regions but also in rural and disadvantaged regions. From
private investors’ perspective, government subsidies, especially those awarded
through public tenders, can be a double-edged sword: while they can significantly
reduce initial capital requirements and financial risk, they often come with various
restrictions, among which, geolocation requirements (German National Centre
for Charging Infrastructure, 2023) and price caps (LaMonaca & Ryan, 2022) are
the most common ones. These restrictions may complicate CPOs’ operation
decisions (e.g., pricing), which in turn affect their profitability and consumer
welfare. In particular, given EVs’ limited range and the travel costs associated
with driving detours to charging stations, the competition in the fast-charging
market is inherently regional: Any CPO’s operating income will depend on its
ability to capture consumers in its immediate vicinity. A case in point is Tesla’s
recent strategic move: the forefront runner in the fast-charging market decided
to open its charging stations to competitors’ vehicles to increase the utilization
rate of its superchargers (Wired, 2024). This move, however, raises concerns that
the economies of scale enjoyed by large enterprises like Tesla may lead to regional
monopolies (The New York Times, 2023).
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Motivated by these practical challenges, in this paper, we study the competitive
dynamics in fast-charging networks. In particular, we focus on the following
research questions: How do spatial and ownership structures of charging points
affect CPOs’ pricing strategies and consumer welfare? Whether and under what
circumstances can CPOs’ competition lead to regional monopoly?

To address these questions, we adopt the sociotechnical lens (Sarker et al., 2019)
and propose a novel computational framework to capture the complex interplay of
strategic and informational factors in a fast-charging network. At the core of our
framework is a spatial competition model where (1) consumers are price-takers
and choose between different charging points based on the total cost incurred in
travel, waiting, and charging, together with their locational attractiveness, and
(2) CPOs within the charging network would consider consumers’ choices when
making their pricing decisions. Since there are multiple CPOs in the charging
network, each CPO also needs to consider its competitors’ pricing strategies. This
may lead to the curse of dimensionality, making CPOs’ optimal pricing decisions
in real-world charging networks intractable. To tackle this challenge, we develop
a computationally efficient method to optimize CPOs’ pricing decisions.

We instantiate our framework in the recently inaugurated national fast-charging
network in Germany (German National Centre for Charging Infrastructure,
2023). Here, a public tender (i.e., a procurement auction) has been held to
solicit investments in fast-charging stations in predefined regions. Using demand
projections for 2025 and 2030, we conduct a series of counterfactual experiments
to examine the welfare implications of different competitive scenarios that are
jointly shaped by the tender design and CPOs’ decisions. Our analysis leads to
four sets of findings. First, price exhibits strong negative correlation with local
competitiveness (measured by the density of charging stations), but shows no clear
dependence on absolute demand levels. Second, CPOs’ profits are shaped by both
local competitiveness and absolute demand. In particular, some high-demand
regions yield strong profitability albeit lower prices because utilization rates are
high, whereas some low-demand regions are less profitable albeit higher prices.
There are a few high-demand regions with low projected charging station densities,
and hence yield the highest profits. Interestingly, the same holds true for regions
with low demand and very low projected charging station densities. Third, a
uniform, stringent price cap may create inefficiencies in network utilization and
discourage infrastructure investment, particularly in less lucrative regions. Finally,
spatial and ownership constraints in tender rules may fail to ensure competitive
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outcomes in large-scale charging networks, allowing CPOs to strategically select
locations that strengthen their market power ex-post. This can harm consumer
welfare by limiting charger availability and inflating prices. Taken together, these
findings highlight the necessity of regulatory interventions to ensure regionally
equitable access to fast charging while ensuring efficient network utilization.

Our paper contributes to the growing literature on smart sustainable mobility
(Ketter et al., 2023) by identifying and investigating the key economic forces
underlying the competitive landscape of the fast-charging market. Despite their
instrumental role in facilitating the transition to electric mobility, the research on
design and operation of EV charging networks is still in its infancy. To the best of
our knowledge, this is the first paper that studies welfare implications of spatial
and ownership structures in fast-charging networks. Our paper provides timely
insights for practitioners and policymakers. For practitioners, our computational
framework can serve as an effective decision support tool: Regardless of funding
schemes, understanding how the addition of a new charging station affects the
competitive dynamics of a fast-charging network—especially the prices and
profitability of the incumbent and new charging stations—is crucial for CPOs’
investment decisions. For policymakers looking to boost investments in fast-
charging infrastructure, our findings provide the much-needed guidance. In
particular, our case study of Germany’s national fast-charging network offers
guidance for policymakers in other countries that are seeking to solicit investment
in fast-charging infrastructure through public tenders.

5.2 Literature Review

The EV charging dilemma is reminiscent of the classic chicken-and-egg problem,
which is known for being a major obstacle to large-scale adoption of infrastructure-
dependent technologies (Constantinides et al., 2018; G. Ma et al., 2019): On the
one hand, consumers are hesitant to purchase EVs without convenient access to
charging infrastructure. On the other hand, firms are reluctant to invest in the
infrastructure when there are too few adopters to make it profitable. Thus, to
understand the emerging market for fast charging, its network characteristics,
especially the spatial and ownership structures, are paramount. Successful
participation in the market requires sufficient penetration and associated platforms
to build profitability (Bhargava et al., 2021).
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To address the chicken-and-egg dilemma in charging infrastructure investment,
previous studies have explored various policy interventions (e.g., Shi et al., 2022;
Yu et al., 2022; W. Zhang & Dou, 2022). Additionally, there is a substantial body
of literature focused on optimizing strategic and operational decisions for charging
services, including location planning for charging networks (e.g., Avci et al., 2015;
Guo et al., 2016; Lamontagne et al., 2023; Mak et al., 2013), dynamic pricing
and scheduling for demand management (e.g., L. Chen et al., 2024; O. Q. Wu
et al., 2022). Few papers have studied the spatial competition in the charging
market. One exception is Yuan et al. (2015), where the authors analyzed the
strategic interactions between two charging stations and consumers through
a Stackelberg game and characterized the equilibrium conditions. Our paper
contributes to this stream of work by introducing a spatial competition model
that incorporates various complexities of real-world EV charging markets, such
as price caps, locational heterogeneity of demand, and the ownership of multiple
charging stations by the same CPO.

The spatial competition dynamics of EV charging networks share similarities
with traditional gas station networks, where firms compete over location and
pricing (Chan et al., 2007; Houde, 2012; Kim & Park, 2024). However, a key
distinction lies in the substantially higher delay cost associated with EV charg-
ing relative to gas refueling, which alters competitive strategies (Y. Huang &
Kockelman, 2020; D. Yang et al., 2021). Unlike gas refueling, which is largely
uniform across stations, EV charging varies significantly in duration and availabil-
ity (Hardman et al., 2018). Moreover, EV users often have access to and utilize
real-time charging station availability and delay cost information before deciding
(Asensio et al., 2025), introducing an anticipatory element that is essential in
station choice and thus the analysis of EV charging. These factors necessitate
theoretical and practical insights that specifically account for dynamic pricing,
congestion effects, and locational differentiation in ways that extend beyond prior
research situated on gas station networks.

In the transportation sector, technological advances (e.g., smart cards, smart-
phones, and the Internet of Things) unlock the potential to characterize urban
mobility patterns and optimize infrastructure and services accordingly (e.g., Mu-
nizaga & Palma, 2012; Schroer et al., 2022; Y. Wang et al., 2022). Furthermore,
the urgent need to meet environmental targets, such as reducing greenhouse gas
emissions and achieving net-zero goals, has motivated researchers to investigate
various sustainable mobility solutions. In particular, a set of papers explored
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design and operational issues of shared mobility systems (e.g., He et al., 2020,
2021; Kabra et al., 2020; Kahlen et al., 2024), as well as the social impact of these
systems (e.g., Babar & Burtch, 2020; Y. Zhang et al., 2023). Our paper comple-
ments the existing literature on sustainable (urban) transportation by examining
the market dynamics and their impact on the development and deployment of
EV charging infrastructure. In this regard, our paper is also related to Crönert
and Minner (2021), although the two papers have different focuses: Crönert and
Minner (2021) focused on competitive facility location optimization in the context
of hydrogen refueling stations, whereas we focus on spatial competition between
CPOs in the context of EV charging.

Our paper is also related to the growing stream of IS literature that studies
the necessity and effectiveness of regulations in emerging markets (e.g., W. Chen
et al., 2023; Li & Wang, 2025). For example, W. Chen et al. (2023) studied the
effects of limiting the number of properties a host can manage in the peer-to-peer
home-sharing market. In a similar vein, Li and Wang (2025) analyzed the impact
of a commission fee cap for on-demand delivery platforms on revenue generation of
independent and chain restaurants. These papers studied the regulatory impacts
on players with different market powers. We, on the other hand, study welfare
implications of market structures that are subject to regulations. One paper that
also considers the impact of market structures on the strategic interactions of
different players is Zhu et al. (2021). However, the two papers have different
focuses: Zhu et al. (2021) focused on the impact of network connectivity on
competition between incumbent and new entrant platforms, whereas we focus on
spatial competition of service providers in the emerging EV charging market, in
which competitors jointly enter.

Finally, our study is also related to the literature on product differentiation and
competition. Since the seminal work of Hotelling (1929), researchers have extended
the canonical model (à la Hotelling) to study competitions in various markets. We
refer readers to Drezner and Eiselt (2024) for a comprehensive review. One paper
in this stream that is closest to ours is Bimpikis et al. (2019), where the authors
studied competition between firms that offer a homogeneous product in networked
markets, which in general also captures the essence of EV charging. The major
difference between Bimpikis et al. (2019) and our paper is that they focused on a
Cournot-style quantity competition, whereas we are interested in a Bertrand-style
price competition subject to government regulations. By incorporating elements
such as anticipatory delay costs and regulatory constraints, our study aims to
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provide a more nuanced understanding of spatial competition in EV charging
markets. This enables policymakers to better understand the interplay between
spatial competition and network characteristics in their consideration, particularly
against the backdrop of large-scale service networks offered by incumbents.

5.3 Model Description

Consider a set of stations in a fast-charging network. Each CPO may operate
several charging stations and set different prices. Consumers can, in principle,
choose to charge their vehicles at any charging station within the network. We
consider a specific share of consumption, i.e., regional fast-charging demand. This
demand typically originates from consumers that a) lack access to private charging
infrastructure (e.g., residents of existing apartment buildings, particularly in
densely populated areas) and b) do not charge en route to a destination. Given
the relatively low value of a single charging transaction, consumers are typically
unwilling to incur the cost to travel to a distant charging location (Hardman
et al., 2018). As such, we assume that consumers would only consider charging
stations in their direct vicinity (e.g., close to home or workplace).

We capture the interactions between consumers and CPOs in the network
through a graph G(V, E) with the set of vertices V and the set of edges E. Each
vertex v ∈ V denotes a charging station with κv ≥ 1 charging points and a
charging price pt

v at time t; each edge e ∈ E represents a continuum of consumers
with a demand density f t

e at time t. Figure 5.1 provides an illustrative example
of a charging network. Here, vertices 1 to 6 represent charging stations. In this
example, CPO 1 controls vertices 1, 4, and 6; CPO 2 controls vertices 2 and
5; and CPO 3 controls vertex 3. The edges represent consumers, i.e., the edge
between vertices 3 and 4 are consumers who may choose between those vertices
to fulfill their charging demand. The graph representation captures the spatial
competition between charging stations, e.g., vertex 4 is in direct competition
with vertices 2, 3, and 5.

We assume consumers act as price-takers and do not strategically account for
their impact on the CPOs’ pricing decisions. Such a price-taking assumption
is in line with the intuition of consumer decision-making in similar situations,
e.g., refilling at gas stations, where drivers do not ponder whether their decisions
to (not) refill impact the prices. In our case, there is a multitude of (potential)
consumers distributed along the edges of the graph. As such, demand can be
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Figure 5.1: A simple EV charging network. Vertices 1, 4, and 6 (black) are
controlled by CPO 1, vertices 2 and 5 (white) by CPO 2, and vertex
3 (gray) by CPO 3.

viewed as a continuum along the graph’s edges by way of simplification, rendering
each consumer infinitesimal regarding its impact on the total demand on any
edge. In that sense, the interaction between a CPO and consumers resembles
a leader-follower game (i. a. Fudenberg & Tirole, 1991). Since there are more
than one CPO competing in the network, and price is the sole decision variable
for CPOs (i.e., CPOs compete à la Bertrand), combining the aforementioned
characteristics, the competition between CPOs constitutes a sequential Bertrand
game in a networked environment.

In particular, given competitors’ pricing, an individual CPO’s decision problem
is a bi-level optimization problem (i.e., the CPO’s pricing decision in the upper
level and consumers’ responses in the lower level); it can be formulated as a math-
ematical program with equilibrium constraints (MPEC) (Bialas & Karwan, 1984;
Colson et al., 2007): the CPO optimizes its profit, considering that consumers
respond optimally to the prices charged by other CPOs. When CPOs account for
both their consumers’ responses and their competitors’ pricing, the competition
is in equilibrium, i.e., the game constituted by the MPECs of all CPOs is an
equilibrium program with equilibrium constraints (EPEC) (Gabriel et al., 2013).
Here, in addition to the equilibrium of a single CPO’s decision and the affected
consumers, we have to consider the equilibrium between CPOs.

To establish the sequential Bertrand game formally, we first introduce the CPO
model in Section 5.3.1. For easier reference, we provide an overview of the key
notations in Table 5.1.
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Symbol Description
Network data and CPOs

i ∈ N Set of CPOs, indexed by i
t ∈ T Set of periods, indexed by t
G(V, E) Graph with edges E and vertices V
v ∈ V Vertex v in the set of vertices V
e ∈ E Edge e in the set of edges E
f t

e Demand density on edge e at time t
Le Length of edge e
ct

v (Marginal) Cost at vertex v at time t
κv Number of charging points at vertex v
av Attractiveness of vertex v
∆ae Attractiveness difference asrc(e) − adst(e) along

edge e
src(e) Source vertex of edge e
dst(e) Destination vertex of edge e
Vi Set of vertices controlled by CPO i
E−

v = {e ∈ E : src(e) = v} Set of edges with v as source vertex
E+

v = {e ∈ E : dst(e) = v} Set of edges with v as destination vertex
Ev = E−

v ∪ E+
v Set of edges with v as source or destination

vertex
Nv Set of neighbors of vertex v

Scalar parameters
τ Travel cost parameter
δ Delay cost parameter
q Charging amount

Competitive decision variables
xt

e Indifferent consumer on edge e at time t
pt

v Price at vertex v at time t
pt = (pt

v)v∈V Vector of all prices at time t
pt

i = (pt
v)v∈Vi Vector of all prices at vertices controlled by

CPO i at time t
∆pt

e Price difference pt
src(e) − pt

dst(e) along edge e
at time t

Dt
v,e(∆pt

e) Demand of edge e at vertex v at time t
Dt

v(pt) = ∑
e∈Ev

Dt
v,e(∆pt

e) Demand at vertex v at time t
General notation

∗ Optimal choice
∼ Augmented term accounting for delay cost
′ Approximate term used in the case study pre-

sented in section 5.4

Table 5.1: Overview of notation.
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5.3.1 CPO Pricing Problem

Each CPO i ∈ N is assumed to be risk-neutral and maximizes its profit Πi. We
first consider the cost structure of CPOs. In general, there are two types of costs:
fixed costs and variable (or marginal) costs. Fixed costs (e.g., construction costs)
are independent of the charging points’ usage. However, as fixed costs are sunk,
only the marginal cost cv is relevant to the (short-run) best-response strategy
of any CPO. Marginal costs may have two components: (1) CPOs’ individual
costs, of which electricity costs account for a significant portion, and (2) costs due
to regulation, e.g., taxes, levies, or remuneration payments for funding support.
We assume that the second type of costs is homogeneous for all CPOs. CPOs’
electricity costs depend on many factors, e.g., time of use (as electricity prices are
volatile) and grid fees at the respective connection points. While individual CPOs
may be able to reduce electricity procurement costs to some degree through better
management of electricity procurement, most of the factors are beyond CPOs’
control, and are thus exogenous. We further assume that CPOs price-discriminate
in different locations. This allows us to derive more nuanced insights versus those
under a single-price strategy or price tiers. There are two notable scenarios that
can materialize for a given network:

• A vertex v ∈ Vi only has edges to vertices controlled by CPOs j, j ̸= i. In
this case, the pricing at v is an isolated decision, and is independent of the
pricing at i’s other vertices v′ ∈ Vi \ {v}.

• An edge e connects two vertices v, w ∈ Vi. In this case, i is a monopolistic
CPO serving all the demand from e, and we call e a monopolistic edge.
Recall that in our demand model, the total demand on an edge is constant;
only the demand shared at the source and destination vertices are functions
of the price difference. The monopolist’s best strategy would thus be to
(potentially) forgo demand on all other connecting edges and raise prices
pv, pw to an arbitrarily high level, yielding infinite profits. The regulator can
prevent this situation explicitly with a price cap or implicitly by surrounding
charging stations of one lot with charging stations of other lots, i.e., by
avoiding monopolistic edges.
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For CPO i ∈ N , to maximize the total revenue over all controlled charging
stations, it solves the following optimization problem:

max
pt

i

Πi =
∑

t

Πt
i =

∑
t

∑
v∈Vi

∑
e∈Ev

Dt∗
v,e(p)

(
pt

v − ct
v

)
s.t. pt

i ≼ pcap.

(UL(i))

where pcap denotes a price cap set by the regulator and ct
v is the variable cost at

vertex v at time t. The optimization problem (UL(i)) includes the consumers’
decision-making via the demand term Dt∗

v,e(p) and may be non-convex. Intuitively,
such non-convexity arises from the network structure: When lowering prices,
an operator may capture all demand on an edge without a further increase in
demand for even lower prices. At the same time, increasing prices only affects
demand until all consumers on that edge switch to the competitor. In other words,
“saturation” would emerge at both pricing extremes, leading to a sigmoidal and
hence non-convex demand response.

5.3.2 Consumer Demand

To understand the impact of CPOs’ pricing decisions on the realized demand
at the vertices, we need to model consumers’ demand. Consider a single edge
e with length Le and demand density f t

e, as illustrated by Figure 5.2. Time
dependency of demand density can stem from consumer preferences to charge at
certain times of the day or could be associated with more convenient charging
opportunities arising from a driver’s itinerary. Each consumer between 0 and
Le is characterized by her position x on the edge. For expositional convenience,
for each edge e, we specify a source and a destination vertex, denoted by src(e)
and dst(e), respectively. We measure position x from the source vertex. To solve
for the consumers’ response to pricing strategies, consider edge e as Hotelling’s
“linear city” market model (Hotelling, 1929). Then, there exists a point of division
xe so that all consumers located at x < xe choose the source src(e), and those
located at x > xe choose the destination dst(e). We call the consumer located
at xe the indifferent consumer. Thus, from the edge e, f t

exe consumers visit the
source vertex and f t

e(Le − xe) consumers visit the destination vertex, respectively.

A consumer’s utility is determined by the difference between her valuation of
charging and the associated cost. We assume that the valuation of charging is
sufficiently high so that consumers always charge somewhere, i.e., there is no
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so-called self-elasticity. Furthermore, we abstract from temporal cross-elasticity
(Bao et al., 2021) and concentrate on spatial elasticity, as regional characteristics
of the charging network as well as their impact on the competitive outcomes
constitute our main research focus. We propose that the associated cost breaks
down into three components: energy cost, travel cost, and delay cost. The energy
cost for a charging amount of q at a vertex v equals qpt

v (pt
v denotes the price at

the vertex v at time t). Let τ denote the unit travel cost parameter. Depending
on whether she chooses edge e’s source or destination vertex for charging, the
travel cost for the consumer at location x is either xτ or (Le − x)τ .

pt
src(e) asrc(e)

κsrc(e)

pt
dst(e) adst(e)

κdst(e)f t
e, Le

xt Le − x

Figure 5.2: Demand on a single edge.

Both product and travel costs are part of standard models in spatial product
differentiation (e.g., T. Wang & Wang, 2018). Beyond that, we assume that
each vertex v has an attractiveness av, which can be influenced by nearby
points of interest such as restaurants, banks, hospitals, etc. A more attractive
location will offset charging and travel cost, effectively increasing the overall
utility for consumers. We further introduce an additional cost term accounting
for congestion at charging stations: delay cost. Delay costs may be incurred as
highly popular charging stations capture more demand and might not be able to
provide sufficient capacity to serve all consumers without waiting times. Unlike
the energy or travel cost, the delay cost incurred by a consumer directly depends
on other consumers’ charging decisions. The consumers’ waiting time at vertex v

is thus increasing in the number of consumers visiting vertex v and decreasing in
the number of charge points κv at that location. Note that κv is not a function
of time, i.e., there is no (short-term) option to increase the offering of chargers at
a given location. Rational consumers maximize their total utility.

We consider the waiting time at a vertex to be linearly increasing in the
demand and inversely decreasing in the number of chargers at vertex v. In our
base model, we assume consumers form a “locally-aware” estimation of the waiting
time by accounting for the arrivals from the same edge, i.e., consumers perceive
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the arrivals at the source and destination vertices to be f t
ext

e and f t
e(Le − xt

e)
without accounting for arrivals from other edges. Therefore, their estimated delay
cost is expressed as δ f t

ext
e

κsrc(e)
and δ f t

e(Le−xt
e)

κdst(e)
at the source and destination vertex,

respectively, where δ is the unit delay cost parameter. In general, during peak
demand times with higher f t

e, delay cost is increasing. We relax this simplification
and consider globally aware consumers (i.e., consumers that account for arrivals
from all edges in the network) in an extension (see section 5.6.2).

If the price difference ∆pt
e = pt

src(e) − pt
dst(e) between the source and destination

vertices is small, the indifferent consumer can be determined by equating all cost
terms at both vertices. However, such a closed-form expression may not exist for
larger price differentials because in that case, all demand will converge to one
of the vertices. The following lemma characterizes the (saturated) indifferent
consumer. All proofs of lemmas and propositions are presented in section 5.6.1

Lemma 1. The indifferent consumer on an edge e is characterized by

xt∗
e = min

Le, max

−q∆pt
e + ∆ae + Le(τ + f t

eδκ−1
dst(e))

2t + f t
eδ
(
κ−1

src(e) + κ−1
dst(e)

) , 0

 , (xe)

where ∆pt
e = pt

src(e) − pt
dst(e).

Lemma 1 indicates that an interior solution of the indifferent consumer has
a linear dependence on ∆pt

e. However, as the unit travel cost parameter (t)
increases, the relative importance of the price differential decreases compared to
the preference of traveling to the nearest station. In particular, when τ → ∞,
the indifferent consumer moves toward the center of the edge, i.e., xt∗

e → Le
2 .

Moreover, with larger δ (unit delay cost parameter) or f t
e (demand density),

consumers would experience longer waiting times and hence higher delay costs.
When δ → ∞, xt∗

e → Le
2

κ−1
dst(e)

κ−1
src(e)+κ−1

dst(e)
. That is, demand will split at a weighted

average of inverse station capacities.

Using Lemma 1, the demand at the source vertex and destination vertex of
e is given by Dt∗

src(e),e = qf t
ext∗

e and Dt∗
dst(e),e = qf t

e(Le − xt∗
e ), respectively. We

sometimes formulate the demand as a function of pt, i.e., Dt∗
v,e(pt), to highlight

its dependence on pt. As CPOs’ pricing decisions affect the demand on their
associated edges, the impact of the price difference on the optimal demand level
must be evaluated. When making pricing decisions, CPOs have to assess the
impact of prices on demand. As established before, the indifferent consumer is
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a piecewise linear function of the price differential. Where defined, the price
sensitivity of demand Dv,e from edge e at vertex v is therefore a piecewise constant
function, as stated in the following proposition.

Price Sensitivity of Demand

CPOs’ pricing decisions have to account for consumers’ responses. As such, the
price sensitivity of demand is crucial to CPOs’ pricing.

Proposition 1. ∀v, e, the derivative of demand Dt
v,e from edge e at vertex v with

respect to pt
v is uniquely defined by

dDt∗
v,e

dpt
v

=


− q2f t

e

2τ+f t
eδ

(
κ−1

src(e)+κ−1
dst(e)

) , for ∆pt
e ∈

∆ae−Le

(
τ+f t

eδκ−1
src(e)

)
q ,

∆ae+Le

(
τ+f t

eκ−1
dst(e)

)
q


0, for ∆pt

e /∈

∆ae−Le

(
τ+f t

eδκ−1
src(e)

)
q ,

∆ae+Le

(
τ+f t

eκ−1
dst(e)

)
q


(dDdp)

Proposition 1 allows us to study settings that are not fully competitive because,
as in standard monopoly models, CPOs with market power use information on
consumers’ sensitivity to their prices to determine profit-maximizing prices. The
proposition further shows the impact of the different model parameters on the
price sensitivity. If the price sensitivity of demand is low, there is a stronger
incentive for CPOs to increase prices.

5.3.3 Equilibrium Analysis

When CPOs make their pricing decisions, they have to account for both con-
sumers’ behavior, and their competitors’ responses. Given competitors’ prices
pt

−i = (pt
v : v /∈ Vi), CPO i’s optimal prices can be found by reformulating (UL(i))

as a mixed-integer program, which can be solved via commercial solvers (Gabriel
et al., 2013). We refer to the solution pt∗

i = (pt∗
v )v∈Vi as player i’s best response

to prices pt
−i. The corresponding EPEC is to find a vector of prices pt∗ that is

mutually consistent, i.e., prices that constitute a fixed point of the best response
vector. This leads to our following definition:

Definition 3 (Global Nash Equilibrium). Let G(V, E) be a graph with vertices
V and edges E, and let N be the set of CPOs competing on G. A vector
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5.3 Model Description

pt∗ = (pt∗
i : i ∈ N) that simultaneously solves (UL(i)) ∀i ∈ N and (xe) ∀e ∈ E is

a global Nash equilibrium.

If a global Nash equilibrium exists, it can be found by the diagonalization
method: CPOs calculate their optimal pricing decisions while taking competitors
prices as given iteratively. Once this process converges, i.e., no competitor has
incentives to deviate, an equilibrium emerges (Gabriel et al., 2013; X. Hu &
Ralph, 2007). Below, we will analyze CPOs’ equilibrium prices as best responses
to competitors’ decisions.

CPOs’ equilibrium pricing decisions are best understood using small-scale
examples. Figure 5.3 provides an illustration of two stylized networks: one with
two vertices, and one with three vertices. For expositional convenience, we assume

1 2
f, L

(i) Two-vertex network.

1

2

3

f12, L12

f23, L23

f13, L13

(ii) Competitive Three-vertex
network.

Figure 5.3: Exemplary networks. For easier visualization, vertices (i.e., CPOs)
are indexed and colored.

symmetric demand density, i.e., fe = f ∀e, as well as equal attractiveness a (i.e.,
same number of amenities nearby the charging station) and capacities κ (i.e.,
the same number of charging points per charging station). We further assume
consumers have a unit demand (i.e., q = 1), and drop the time index t in the
following discussion of small-scale examples. With these simplifications, we can
rewrite equation (xe) as

x∗
e = min

(
Le, max

(−q∆pe

2τ̃
+ Le

2 , 0
))

.

where τ̃ := τ +fδκ−1 is an augmented travel cost term accounting for waiting time
under the presented symmetry assumptions. We assume all CPOs’ marginal costs
are below the price cap pcap, as otherwise CPOs could not make an operational
profit regardless of the competitive setting.
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5 Spatial Competition in Fast-Charging Networks

Two-vertex network

The first example, shown in Figure 5.3i, is a single edge example that is widely
used in the spatial economics literature (e.g., Hotelling, 1929). Extending the
results from T. Wang and Wang (2018), the following two conditions guarantee
the existence of a global Nash equilibrium:

(C2) |c1 − c2| ≤ 3Lτ̃

(T2) Lτ̃ + 1
3(∑j cj + maxi{ci}) ≤ pcap,

where Condition (C2) can be viewed as a special case of Proposition 2 in T. Wang
and Wang (2018). Condition (T2) ensures that the price cap is not binding in
equilibrium. Condition (C2) ensures that the cost difference between CPOs is
not too large; the “2” indicates that this condition is only directly valid for the
two-node case. With a relatively small cost difference between vertices, resulting
equilibrium prices are also small in difference, thus leading to an interior solution
of the indifferent consumer. With a higher cost differential, the cheaper CPO
would capture all demand, thus leading to a binding restriction on the position
of the indifferent consumer and an inability to find a closed-form solution. Con-
dition (T2) requires that travel cost τ̃ cannot be too high: if getting to a distant
charging point is very costly for consumers, a nearby CPO can increase its price
without losing too much demand; ultimately, the price will reach the cap set by
the regulator. When both (C2) and (T2) hold, p∗

i = τ̃ + 1
3
∑

j cj + ci is an inner
solution to both the upper- and lower-level problems.

Since ci < pcap ∀i, we can show that ¬(C2) =⇒ (T2), and therefore,
¬(T2) =⇒ (C2). Without loss of generality, assume c1 ≤ c2, that is, the
cost of CPO 1 is no greater than that of CPO 2. Table 5.2 summarizes the
different settings.

(C2) (T2) Price Regime
yes yes p∗

i = Lτ̃ + 1
3(∑j cj + ci) ∀i Compete

no yes p∗
1 = c2 − Lτ̃ , p∗

2 = c2 Concede
yes no p∗

i = pcap ∀i Split

Table 5.2: Resulting prices in two-vertex network.

If ¬(C2), the cheaper CPO is better off by reaping all demand. In this setting,
there exists only a weak global Nash equilibrium, as for p1 = c2 − τ̃ , CPO 2 is
indifferent between any prices p2 ∈ [c2, pcap]. If ¬(T2), it is beneficial for the
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CPOs to split the demand and both raise their prices to the cap. As the settings
specified by Table 5.2 are exhaustive, we have the following result.

Theorem 1. Let G(V, E) be a graph with |V | = 2 and |E| = 1. Let N = {1, 2}
be the set of CPOs competing on G. There always exists a (weak) global Nash
equilibrium on G.

To this point, we note that the (non-)satisfaction of conditions (C2) and (T2)
spawns different competitive regimes, as outlined in Table 5.2. Despite the
simplicity of the two-vertex network, these regimes serve as the building blocks
of competition in any larger network.

Three-vertex network

Conditions (C2) and (T2) can be augmented to incorporate the fully connected
three-vertex network shown in Figure 5.3ii:

(C3) |csrc(e) − cdst(e)| ≤ 5
2Let̃ ∀e ∈ E

(T3) Lt̃ + 1
5(∑j cj + 2 maxi{ci}) ≤ pcap

Note that these conditions do not translate directly to three-vertex networks
that are not fully connected. Again, when both (C3) and (T3) are satisfied,
all edges are in the competitive regime, and equilibrium prices are analytically
tractable (corresponding to an inner solution of the EPEC). Since there are
three edges, there are now three conditions corresponding to the requirement
of small cost differences. Further, (C3) and (T3) are not mutually exclusive
anymore. For example, consider ϵ > 0 fe = f, Le = L ∀e and c1 = pcap − 5

2Lτ̃ −2ϵ;
c2, c3 = pcap − ϵ; both (C3) and (T3) are violated when Lt̃ > 12

5 ϵ. In general,
¬(T3) implies that (C3) holds for (at least) one edge.

Proposition 2. Let G(V, E) be a graph with |V | > 2 and |E| > 1. Let N be the
set of CPOs competing on G. A global Nash equilibrium may not exist.

Proposition 2 states that a global Nash equilibrium may not always exist for a
network with more than two vertices. Given this result, we adopt an alternative
solution concept, i.e., local equilibrium. The concept was first brought forward by
X. Hu and Ralph (2007) and can be used to characterize CPOs’ optimal pricing
decisions: While the non-existence result offers important theoretical insights to
the spatial competition model, CPOs need practical tools to assess profitability.
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5 Spatial Competition in Fast-Charging Networks

Intuitively, local Nash equilibria capture locally best responses of competitors to
one another. To formalize this idea, we start by deriving the KKT conditions of
(UL(i)), which are necessary conditions for local optimality. Here, we consider
all aspects of charging station heterogeneity again, e.g., varying capacities (κv),
time-varying charging prices (pt

v), and different demand densities (f t
e). We first

determine the gradient ∇pt
i
Πt

i. For a vertex v ∈ Vi that is only connected to
vertices controlled by other CPOs, i.e., w ∈ Vj , j ≠ i, this is straightforward, as
the derivative of the profit depends solely on the price at vertex v. However, for
a vertex v with adjacent monopolistic edges, i.e., there are vertices w such that
w ∈ Nv ∩ Vi, the impact of a change in pt

v on the demand (and subsequently,
profit) at those vertices w also need to be considered:

∇pt
i
Πt

i =
(

∂Πt
i

∂pt
v

)
v∈Vi

∂Πt
i

∂pt
v

=
∑
e∈Ev

(
Dt

v,e +
dDt

v,e

dpt
v

(pt
v − ct

v)
)

+
∑

w∈Nv∩Vi

dDt
w,e

dpt
v

(pt
w − ct

w)
︸ ︷︷ ︸

monopoly correction

=
∑
e∈Ev

(
Dt

v,e +
dDt

v,e

dpt
v

(pt
v − ct

v)
)

−
∑

w∈Nv∩Vi

dDt
v,e

dpt
v

(pt
w − ct

w).

The third line of the above derivation follows from that any demand increase at
the source vertex corresponds to a decrease at the destination vertex.

Let µt
i = (µt

v)v∈Vi be the vector of dual multipliers corresponding to the upper
bound (cap) on prices pt

i. We can obtain the KKT conditions for (UL(i)) as

∂Πt
i

∂pt
v

pt
v = p̂t

v + µt
v = 0 ∀v ∈ Vi, ∀t

µv(pcap − p̂t
v) = 0 ∀v ∈ Vi, ∀t

p̂t
i ≼ pcap ∀t

µt
i ≽ 0 ∀t,

(KKT(i))

where p̂t
i := (p̂t

v)v∈Vi is a vector of prices that satisfies (KKT(i)). With (KKT(i)),
we can find a point that is locally stationary for (UL(i)). This leads to our formal
definition of local Nash equilibrium.

Definition 4 (Local Nash Equilibrium). Let G(V, E) be a graph with vertices V

and edges E, and let N be the set of CPOs competing on G. A vector of prices
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5.3 Model Description

p̂t = (p̂t
i : i ∈ N) that simultaneously solves (KKT(i)) ∀i and (xe) ∀e is a local

Nash equilibrium.

Here, p̂t captures the local best response of a CPO to its competitors. Such a
local response is a much weaker concept compared to a globally best response.
However, in an applied setting, competitors might be hesitant to abruptly change
their prices, as price jumps could affect their reputation with consumers and
harm business eventually. In this regard, a gradual adjustment to prices seems
more appropriate.

5.3.4 Equilibrium Calculation

Even though the non-linear local Nash equilibrium is a simpler problem to solve
than its global counterpart, it is still of significant difficulty (Gabriel et al.,
2013). For any large-scale EV charging market, the associated price vectors are
high-dimensional. This is because (1) real-world instances of charging networks
would consist of numerous charging locations; (2) although the market exhibits
regionality, the pricing decision at one location in the network may impact pricing
at a distant location via various dependencies. As a result, finding the exact
solution of such local equilibria in general cases is a significant computational
challenge and does not lend itself to scenario-based policy or competitive analysis
in need of multiple simulation runs. In light of this, we propose an approximation
method to speed up the search for local equilibria and to ensure that our findings
can be used by practitioners and policymakers seeking to analyze real-world
settings.

To achieve computational efficiency, we introduce a continuously differentiable
approximation of the demand function, which, combined with sequential least
squares quadratic programming (Kraft, 1988, 1994), significantly speeds up the
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search for local equilibria. Let
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with the smoothing parameter s > 0, and τ ′
e := τ + f t

eδ
2

(
κ−1

src(e) + κ−1
dst(e)

)
,

L′
e := Le

τ+f t
eδκ−1

dst(e)
τ ′

e
.

Note that lims→0 xt′
e = xt∗

e , and wherever the non-smoothed demand is differ-
entiable, we have dxt′

e
d∆pt

e
= dxt∗

e
d∆pt

e
.

The approximation provides a good fit to the piecewise-linear demand, and
enhances regularity for gradient-based solution techniques (see Figure 5.15 in
section 5.6.2 for an illustration of the asymptotic properties of our approximation
method). In addition to the advantage of continuous differentiability, using xt′

e

instead of xt∗
e reduces the number of variables and complementarity constraints

from O(|V | + |E|) to O(|V |), and thereby greatly improves the computational
efficiency. The smooth approximation with s = 0.001, which we use for the case
study, reduces the computation time of local equilibria from 22 hours to roughly
three minutes on a high-power computer.

5.4 Case Study: Spatial Competition in the
Deutschlandnetz

In this section, we apply the spatial competition model and the computational
method presented in Section 3 to study the competition between CPOs over
the recently inaugurated national fast-charging network in Germany, i.e., the
Deutschlandnetz.
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5.4.1 Deutschlandnetz

In 2021, the federal government of Germany initiated a public tender (i.e., a
procurement auction) for the Deutschlandnetz. This initiative aimed to create
a comprehensive public fast-charging infrastructure that would serve not only
densely populated urban centers but also rural areas throughout Germany. To
achieve a balanced coverage, the tender divides the country into six regions:
North-West, North-East, Central Germany, South-East, South-West, and West.
As shown in Table 5.3, each region consists of several lots. These lots are scattered
over their respective regions, avoiding local monopolies. Each lot contains multiple
search spaces, i.e., designated areas where the winner of the lot has to set up
charging stations. These search spaces vary in capacity, with between 4 and 16
charging points each. In total, the tender design includes 7,821 charging points
at 900 charging stations.

Region Lots Number of Charging Stations in Each Lot
North-West 4 20, 47, 48, 48
North-East 3 20, 41, 42

Center 3 20, 44, 45
South-East 3 20, 49, 50
South-West 5 20, 43, 43, 44, 44

West 5 20, 48, 48, 48, 48
SUM 23 900

Table 5.3: Overview of charging stations across different regions.

Network Structure

The vertices of the charging network correspond to the charging stations, with
locations determined through the tender. To determine the edges in the network,
we use Delaunay triangulation (i. a. De Berg, 2000), where we remove edges
unless 99% of their length falls within 5 km of Germany’s borders; see Figure
5.4i for an illustration. The resulting network has 900 vertices, each of which
represents a charging location, and 2,616 edges. On average, each vertex is
adjacent to approximately six edges. Figure 5.4ii provides an overview of the
charging network.
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(i) Charging stations in the west border
of Germany, next to Belgium and
the Netherlands. Black lines repre-
sent edges of the network, gray dot-
ted lines are borders of the Voronoi
regions.

(ii) The Deutschlandnetz derived us-
ing Delaunay triangulation. The
density of vertices is substantially
higher in metropolitan regions. Col-
ors represent the six regions of the
tender.

Figure 5.4: Network structure derived by Delaunay triangulation.

Pricing Rules

Since the tender covers all fixed-cost components according to CPOs’ bids, the
utilization risk for CPOs is minimized. Upon utilization, a compensation pay-
ment has to be made to the government, which discourages CPOs from offering
charging at the marginal cost of electricity and thereby protects CPOs of existing
fast-charging stations. Such compensation payment, upon a high utilization
rate, also makes the Deutschlandnetz tender significantly cheaper for the federal
budget, retroactively.

The retail price of charging electricity at vertex v thus consists of the price of
electricity, the compensation payment, and the margin:

pv = cgrid,v + ccomp,v︸ ︷︷ ︸
cv

+pmargin,v.

At the time of the initial tender design, the electricity price (including fees, ap-
plicable taxes, and surcharges) is 0.2023e/kWh, and the compensation payment
is 0.1785e/kWh. Accounting for other minor marginal cost components reducing
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the margin, we assume homogeneous marginal costs of 0.39e/kWh for all CPOs.
Originally, a price cap of 0.44e/kWh was discussed. In the final tender design,
such a strict price cap was not enforced, yet measures to ensure competitive
pricing were announced. In our base case, we assume that CPOs price below
0.44e/kWh to avoid interventions (we later relax this assumption and consider
alternative price caps and study their impact on pricing and consumer welfare;
see Section 4.4). This leads to a margin of up to 0.05e/kWh, making EVs
cost-competitive with efficient diesel vehicles.

Taken together, the tender rules make product differentiation—apart from the
location—difficult for CPOs by strictly regulating hardware qualities, payment
modes, and reliability. Because search spaces restrict the locations, CPOs are
participating in an almost pure price competition.

Tender Outcome

In September 2023, the German National Center for Charging Infrastructure
announced the ten winners of the Deutschlandnetz tender. Notably, while some
large incumbent CPOs won lots in the tender, German market leaders Tesla and
EnBW did not. Table 5.4 shows the winners and the number of charging stations
they will operate, respectively.

CPO Lots Locations Chargers
Eviny Elektrifisering AS 3 142 1232
E.ON Drive Infrastructure GmbH 3 139 1216
Total Energies Marketing Deutschland
GmbH

3 134 1092

Fastned Deutschland GmbH & Co. KG 2 92 868
EWE Go HOCHTIEF Ladepartner
GmbH & Co. KG

2 96 852

Via Deutschlandnetz (VINCI Concessions
Deutschland GmbH)

3 106 828

Mer Germany 3 83 700
Allego GmbH 1 48 432
Pfalzwerke AG 2 40 400
BayWa Mobility Solutions GmbH 1 20 192

Table 5.4: Winners of the Deutschlandnetz tender.
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5.4.2 Demand

We calculate future EV stock based on the predicted development of EV share
and the current overall vehicle stock, assuming a 100% market share of EVs in
the passenger segment by 2050, in line with the European climate targets. While
the total vehicle ownership is subject to change due to various socioeconomic
and technological factors, it should not affect our analysis for the years 2025
and 2030 at large. We further assume a mileage of 13,700 km per vehicle per
year—the current German average—with a demand of 20 kWh/100 km and a
share of 10% of demand that is consumed at fast-charging points (cf. Funke et
al., 2019). Both mileage and consumption are representative of the EVs in the
market. Per charging operation, the estimated demand is q = 50 kWh, which
is roughly equivalent to charging a 70 kWh battery from 10% state of charge
(SoC) to 80% SoC.14 These assumptions translate to an average of roughly one
fast-charging transaction per vehicle per week, which provides a solid baseline for
our analysis, although we acknowledge that absolute demand levels are subject
to uncertainty.

We assume the unit travel cost t = 0.04e/km and the unit delay cost δ = 2e/kWh.
Here, the unit of e/kWh does not refer to the charging amount of an individual
consumer but relates to the overall hourly demand at the chosen charging station,
which affects the waiting time and thus delay cost. We present a sensitivity
analysis of travel and delay costs in section 5.6.3.

Spatial Structure

To model the demand side, we need spatially granular EV charging data. Because
the competition we set out to investigate is only realized in the future (i.e., the
charging stations are still under construction), we use projections of the associated
statistics. To estimate the regional distribution of electric vehicles for relevant
future years—2025 and 2030—within the operation of the Deutschlandnetz, we ex-
trapolate past vehicle registration data from the German Federal Motor Transport
Authority (Kraftfahrt-Bundesamt) (Kraftfahrt-Bundesamt, 2024). We assume a
sigmoidal development of the EV stock following Bass diffusion (Bass, 1969). In

14Funke et al. (2019) provided lower battery capacities, though through cost decline in battery
technologies, larger batteries are slowly becoming more prevalent]. Because of the decline in
charging speeds at high SoCs, charging at a fast-charging point is typically stopped around
80% SoC.
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particular, we fit the following function

sharei(y) = 1
1 + exp (−βr(y − y0)) , (5.1)

using the least squares approach with the dogbox optimization algorithm (e.g.
Powell, 1970). Here, y0 is the first year of consideration in our study, i.e., 2022.
The parameter βr governs the diffusion speed per region r, accounting for the
spatial heterogeneity of EV adoption.

This spatially heterogeneous adoption of electric vehicles translates to a total
EV stock of roughly 11 million by 2030, or approximately 25% of all passenger
vehicles (see Figure 5.5), which is much higher than today’s stock of 1 million
EVs.
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Figure 5.5: Germany-wide projection of EV stock

Temporal Pattern

Beyond the spatial structure, the temporal pattern of charging operations is also
crucial for CPOs’ pricing decisions. Figure 5.6i shows the distribution of starting
times of charging operations at publicly funded high-performance chargers in
Germany in 2022 (German National Centre for Charging Infrastructure, 2024).
It is evident that the bulk (and virtually the single mode) of transactions occurs
midday, translating to higher hourly demand densities f t

e in peak times (10 AM
to 7 PM) compared to shoulder (7 AM to 10 AM and 7 PM to 9 PM) or off-peak
times (9 PM to 7 AM).

In peak times, one can expect that larger charging stations have more leverage
to obtain monopoly rents, as the expectation of delay costs at smaller stations
may deter consumers. In principle, CPOs could adopt dynamic pricing and set
different prices at different times of a day. To keep the analysis tractable, we
differentiate between three price levels for all operators: peak, shoulder, and
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off-peak pricing. Specifically, based on practical observations, we assume that
CPOs’ profits consist of 3,285 hours of peak, 1,825 hours of shoulder, and 3,650
hours of off-peak operation in a year. Together, these price tiers can be used
to calculate a weighted average price, i.e., the average price per unit of energy
charged at a respective charging station.

0 6 12 18 24

Hour of Day

Off-peak

Shoulder

Peak

(i) Histogram of starting times of fast-
charging operation in Germany in
2022. The bulk of charging opera-
tions begins at midday.

2025 2030

10 100 500 2,000

Charging Operations in Thousands

(ii) Projected number of charging oper-
ations in 2025 and 2030. By 2030,
there will be beyond one million
charging operations yearly in high-
adoption regions, e.g., in metropoli-
tan areas.

Figure 5.6: Starting times of charging operations (a) and projected numbers of
charging operations (b).

We map the regional demand (per zip code level) to edges on the charging
network in the following manner: whenever only one edge intersects a region, we
attribute all the region’s demand to that edge. When several edges intersect the
region, we attribute demand proportionally to the intersections’ lengths. The
demand projections for the years 2025 and 2030 are shown in Figure 5.6ii. As
expected, most charging operations will be in densely populated and metropolitan
areas, such as North Rhine-Westphalia in the West, areas around Frankfurt and
Stuttgart in the South, and Hamburg in the North. These high-demand areas
correspond to the densely meshed areas in the associated graph.
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Attractiveness

Given that charging operations, even in high-performance charging infrastructure,
take longer than fueling conventional vehicles, consumers may prefer charging
locations with amenities close to them. Depending on individual preferences,
such amenities may include food and beverage offerings, synergetic services such
as banks, gyms, and salons.

To approximate attractiveness values for the nodes in the charging network, we
follow prior research (Babar & Burtch, 2024) and count relevant amenities within
150 meters of each charging location, using OpenStreetMap data (OpenStreetMap,
2024). Recognizing that additional amenities provide diminishing marginal
benefits, we measure the attractiveness of a charging location using a logarithmic
utility function of the amenity count. Figure 5.7 shows the distribution of
the attractiveness scores that result from charging stations within the network.
Under this assumption, most locations score an attractiveness between 0e and
1e (translating to less than 10 nearby amenities), that is, a minor increase in
willingness to pay, all else being equal.15 There are, however, 10 locations without
any amenities in their direct proximity, thus lacking attractiveness compared to
others.
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Histogram of charging station attractiveness

Figure 5.7: Distribution of attractiveness scores within the network based on an
assumed log-utility of amenities.

15Note that individual willingness to pay to charge near a specific amenity might be higher. On
the other hand, there are consumers who may not be interested in any amenities and thus
look for the cheapest option.
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5.4.3 Pricing over Deutschlandnetz

Based on the network structure and demand projections, we calculate the equi-
librium prices charged by winners of the Deutschlandnetz tender. Figure 5.8
shows the resulting average prices of peak, shoulder, and off-peak operation from
our competition model for the year 2030. We first examine the spatial structure
of prices without accounting for the attractiveness of charging stations (Figure
5.8i). Interestingly, prices are slightly lower in high-demand areas, particularly in
Western Germany, which, at first sight, appears counterintuitive. Contrary to
basic economic principles, where higher demand typically drives up prices, we
observe that densely populated metropolitan areas have lower prices than the
rural areas (e.g., Eastern and South-Eastern Germany). This pattern emerges
primarily because the tender designates a higher density of charging stations in
populous areas, thereby encouraging competition and lowering prices.

Comparing Figures 5.4ii and 5.8i, we observe that equilibrium prices are largely
determined by the network structure, with lower prices emerging in densely
populated areas. However, since these areas also have higher demand, profits
are not compromised. In general, operational profits are higher in the afore-
mentioned high-demand areas, although some very low-demand areas in the
South-East generate among the highest profits due to lack of competition. When
comparing Figures 5.8i and 5.8ii, we note that accounting for the attractiveness
of charging stations dilutes this otherwise clear spatial pattern. This is partic-
ularly pronounced in high-demand areas such as in Western Germany, where
the attractiveness of charging stations creates a sharp contrast, resulting in the
coexistence of extremely low and extremely high prices close to each other, i.e., a
mixture of light and dark spots.

To identify the specific drivers of regional pricing patterns, we perform a
more in-depth analysis of the relationship between network characteristics and
associated prices through a set of metrics. The first is local competitiveness of
a vertex v, LCv, which is defined as the proximity of competitors of v. i.e.,
the sum of reciprocal lengths of adjacent edges that connect to a competitor.
Standard measures for competitiveness, e.g., the Herfindahl–Hirschman Index,
HHI, are not directly applicable to our case, as they typically do not account
for spatial characteristics. In the supercompetitive setting, each edge connects to
a competitor, as no operator has control over more than one charging station.
Let ME = {e ∈ E | ∃ i ∈ N : src(e), dst(e) ∈ Vi} the set of monopolistic edges,
LCv := ∑

e∈{Ov∪Iv}\ME
1

Le
.
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Prices (Off-Peak) Prices (Shoulder) Prices (Peak) Profits
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(i) Prices and profits without accounting for attractiveness.
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(ii) Prices and profits, accounting for attractiveness.

Figure 5.8: Results for 2030. Prices and profits in the Deutschlandnetz setting
shown in the Voronoi regions derived from the Delaunay triangulation.
Areas with a high demand potential generally show lower prices and
slightly higher profits. Accounting for attractiveness dilutes the spatial
characteristics within the network.

Beyond the competitive pressure created by geographic proximity, the capacity
of competing charging stations also affects a CPO’s optimal pricing decision:
when consumers anticipate shorter waiting times at competitors’ facilities due
to larger capacity, those stations become inherently more attractive. Therefore,
CPOs facing such competition must lower their prices to remain competitive. To
quantify this effect, we use a simplified metric to capture competitor size: for
each vertex in the network, we calculate the arithmetic mean of the capacity of
all neighboring vertices, which we refer to as “mean competitor size”.
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Figure 5.9: Correlation analysis between local competitiveness, mean competitor
size, and (weighted average) price for 2030.

According to Figure 5.9, both (local) competitiveness and mean competitor
size have a pronounced relationship with prices. The correlation coefficients
of competitiveness and prices are ρPearson(pv, LCv) = −0.47 (p−value < 0.001),
ρSpearman(pv, LCv) = −0.40 (p−value < 0.001). Similarly, being surrounded by
larger charging stations leads to lower prices at the respective vertex. With
Pearson and Spearman correlation coefficients of −0.22 (p−value < 0.001) and
−0.19 (p−value < 0.001), respectively, the relationship is even slightly more
pronounced as for the local competitiveness. Moreover, we observe a strong
correlation between the mean competitor size and the competitiveness of a
charging station. According to the tender design, areas with higher charging
station densities also feature larger average station sizes. This correlation between
local competitiveness and station size (capacity) is not surprising: intuitively,
higher-demand areas would have a denser network of charging stations with larger
sizes. Therefore, simple regression analysis offers only limited insight into the
driving factors behind pricing patterns.

To understand the dominant factors influencing pricing decisions, we conduct
a multivariate linear regression analysis. Although prices in our case study are
deterministic, making the standard interpretation of regression results not entirely
applicable, OLS regression remains a suitable tool for identifying the best linear
model to characterize pricing patterns. It also allows us to distinguish between the
specific impact factors under consideration and pseudorandom disturbances not
captured in our model. Table 5.5 presents the regression results. Here, Demand
Potential refers to the sum of all demand on edges connected to a vertex, i.e., the
maximal demand a charging station could theoretically capture. We can observe
that both local competitiveness and mean competitor size have distinctly negative
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coefficients.The same holds true for the number of competitors. Conversely,
demand potential exhibits a positive relationship with optimal prices: When
serving a larger consumer base, CPOs can set higher prices (and hence achieve
a higher profit margin), as losing a portion of consumers has less impact on their
overall profits. Among all factors examined, local competitiveness demonstrates
the strongest influence on equilibrium pricing strategies.

coef std err t P> |t| [0.025 0.975]

Const 44.5348 0.131 339.726 0.000 44.278 44.792
Demand
Potential

0.0002 1.89e-05 9.745 0.000 0.000 0.000

Number of
Competitors

-0.0628 0.015 -4.067 0.000 -0.093 -0.033

Local
Competitiveness

-2.2407 0.129 -17.324 0.000 -2.494 -1.987

Mean
Competitor Size

-0.0788 0.013 -6.300 0.000 -0.103 -0.054

Attractiveness 0.0062 0.000 16.611 0.000 0.005 0.007

Table 5.5: OLS regression results for the Deutschlandnetz setting (2030).

5.4.4 Impact of Price Caps on Profit Margins and Consumer
Welfare

We further examine the spatial distribution of CPO profit margins under different
price caps and analyze its implication for consumer welfare. To focus on the direct
effects of price regulation (i.e., price caps), we disregard the effect of charging
station attractiveness here. Our analysis draws on equilibrium model outputs
under uniform marginal costs of 0.39e/kWh and three price cap levels: 0.44, 0.50,
and 0.56e/kWh. Recall that the price cap of 0.44e/kWh was proposed in the
initial tender design but not enforced.

Spatial Distribution of Profit Margins

The spatial distribution of CPO profit margins varies substantially across the
three cap levels (see Figure 5.10). Under the least restrictive cap of 0.56e/kWh,
the profit margin distribution exhibits significant dispersion, with several regions
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5 Spatial Competition in Fast-Charging Networks

showing excess margins approaching 0.17e/kWh. These high profit margins
concentrate primarily in rural and infrastructure-poor areas, particularly in
South-East Germany. In these regions, limited charger availability and low
competitive intensity enable CPOs to extract local monopoly profits. By contrast,
metropolitan areas such as Berlin, Hamburg, and the Rhine-Ruhr region exhibit
lower and more uniform profit margins. These areas benefit from denser charging
networks and more active CPO competition, which exert downward pressure on
prices.

0.44 e/kWh 0.50 e/kWh 0.56 e/kWh
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Figure 5.10: Profit margin distributions under different price caps in the Deutsch-
landnetz setting (2030).

As the cap tightens to 0.50e/kWh, the upper tail of the distribution contracts,
significantly reducing profit margins in previously high-priced areas. The most
pronounced effects occur in peripheral regions. Nevertheless, spatial heterogeneity
in profit margins persists.

When the strictest cap of 0.44e/kWh applies, the profit margin distribution be-
comes sharply compressed. Most regions converge to margins of 0.02–0.05e/kWh,
effectively flattening spatial differences. While this convergence promotes greater
uniformity in pricing, it also limits CPOs’ ability to adjust prices according to
local demand and cost conditions.

Consumer Welfare

To analyze the impact of price caps on consumer welfare, we decompose the
total consumer cost into three components: markup payments (i.e., CPOs’ profit
margins), travel costs, and delay costs. As shown in Figure 5.11, markup costs
decline monotonically as caps tighten, reflecting reduced consumer exposure to
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pricing power. However, these direct savings are partially offset by rising indirect
costs: under the low price cap of 0.44e/kWh, delay costs slightly increase, while
travel costs show a marginal decrease. Overall, the effect on travel and delay costs
is much smaller compared to the effect on markup cost (CPOs’ profit margin).
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Figure 5.11: Components of consumer cost under different price caps in the
Deutschlandnetz setting (2030).

These findings underscore the importance of accounting for spatial market
structure when designing regulatory interventions. While uniform price caps
promote equity and shield consumers from market power, they may inadvertently
distort usage patterns and undermine incentives for infrastructure investment—
particularly in less profitable regions. Policymakers should consider differentiated
or dynamic pricing mechanisms or regionally calibrated caps to better align
welfare objectives with spatial economic realities.

5.4.5 Comparative Analysis of Alternative Market Structures

Given the tender rules, numerous outcomes could have materialized. Since a
complete enumeration of all possible outcomes is not tractable, we select four
representative market structures (counterfactual scenarios) to benchmark the
Deutschlandnetz outcome, namely, supercompetitive, competitive, oligopolistic,
and monopolistic settings.

• Supercompetitive Setting. This configuration features a market where every
charging station is operated by a different CPO (or at least managed inde-
pendently). By design of the tender, this configuration cannot materialize,
as stations are tendered in lots. However, it provides a benchmark for max-
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imal competitiveness given the established network structure and charging
station distribution.

• Competitive Setting. This configuration features a market where no CPO
wins more than one lot, resulting in 23 distinct CPOs. While somewhat
unrealistic—as the market is likely to show some consolidation—this scenario
serves as a good benchmark for competitive pricing. Moreover, many
configurations where CPOs own geographically distant lots are equivalent
to this setting, as CPOs cannot extract monopoly rents.

• Oligopolistic Setting. This configuration represents a market with the
minimal number of CPOs per tender rules. In particular, there are eight
CPOs: five operate in the western regions (North-West, West, and South-
West), and the remaining three operate in the eastern regions (i.e., North-
East, Central, and South-East).

• Monopolistic Setting. This configuration represents a market where all
charging stations are operated by a single CPO. By design of the tender, this
configuration cannot materialize, as charging stations are tendered in lots,
and one bidder cannot win all lots. Nevertheless, it provides a benchmark
for maximal market power given the established network structure and
charging station distribution. When investigating price distributions, we
omit this scenario, as prices are set to the cap everywhere. However, we
include this scenario in our comparative analysis of consumer welfare.

While these scenarios feature extreme cases, a solid understanding of these
scenarios serves as the foundation for analyzing any intermediate competitive
configuration—such as settings where some regions exhibit higher competition
whereas others resemble oligopolistic structures.

Comparison of Equilibrium Prices

Figure 5.12 shows the complementary empirical cumulative distribution function
of weighted average prices in the Deutschlandnetz setting and three counterfactual
scenarios. We make two observations. First, there is a distinct deviation between
the supercompetitive setting and the other settings. In particular, when com-
paring the Deutschlandnetz, competitive, and oligopolistic settings, we observe
only marginal differences in their price distributions. While approximately 80%
of vertices have prices exceeding e0.425/kWh in these less competitive settings,
this proportion falls below 60% in the supercompetitive scenario. Second, prices

130



5.4 Case Study: Spatial Competition in the Deutschlandnetz

0.39 0.40 0.41 0.42 0.43 0.44

Weighted Average Price (2030, in 0.01e/kWh)

0.00

0.25

0.50

0.75

1.00

P
ro

p
o
rt

io
n

Deutschlandnetz

Supercompetitive

Competitive

Oligopolistic

Figure 5.12: Empirical complementary cumulative distribution function of
weighted average prices (with respect to price tiers) under different
competitive settings, calculated with s = 0.001. Prices are highest
in the Deutschlandnetz setting in the sense of first-order stochastic
dominance.

are higher in the Deutschlandnetz setting compared to the three counterfactuals.
Though counterintuitive, we propose that the higher average prices in the Deutsch-
landnetz setting stem from its increased number of monopoly edges compared
to the other settings: there are 394 (competitive), 426 (oligopolistic), and 432
(Deutschlandnetz) monopoly edges, respectively. That is, despite the Deutsch-
landnetz setting having more total suppliers than our oligopolistic counterfactual,
it actually contains more monopoly edges, resulting in higher prices. Nevertheless,
the most significant difference remains between the supercompetitive setting and
all other scenarios.

The differences between the supercompetitive scenario and the other settings
that could have materialized raise questions about the effectiveness of the tender
rules designed to promote competition. We find that the similarities among the
three possible settings primarily result from the tender design, which prevents
CPOs from winning multiple lots within the same region. Thus, even though
both the Deutschlandnetz and oligopolistic settings contain more monopoly edges
than the competitive setting, the dispersion is fairly low, particularly compared
to the network’s total of 2,616 edges in the network. It is still notable, however,
that (aspiring) CPOs strategically targeted locations in a way that maximizes
their market power ex-post, given the constraints imposed by the tender rules.

131



5 Spatial Competition in Fast-Charging Networks

Comparison of Consumer Welfare

To compare consumer welfare under different settings, we apply a price cap of 0.44
e/kWh (i.e., the originally proposed price cap in the tender design) everywhere
and simulate consumer charging behavior accordingly. Figure 5.13 shows the
consumer cost under different competitive settings.
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Figure 5.13: Comparison of consumer cost under different competitive settings
(2030).

As expected, the three feasible settings (i.e., Deutschlandnetz, competitive,
and oligopolistic) yield similar levels of consumer costs. In the supercompetitive
setting, markup costs are notably lower, whereas in the monopolistic setting,
they are substantially higher. Consumer cost is approximately 7% lower in the
feasible settings compared to the monopolistic setting. The supercompetitive
setting reduces cost by an additional 7% compared to the feasible settings. Over-
all, from a consumer perspective, a more competitive regime could potentially
deliver up to 14% savings. Consistent with our findings on price distribution, the
Deutschlandnetz setting actually results in the highest consumer cost among the
feasible scenarios, albeit by a small margin compared to the oligopolistic setting.
This is primarily driven by increased markup costs, reflecting CPOs’ enhanced
ability to set higher prices.

Taken together, our case study indicates that under the current tender rules,
local monopolies may emerge and influence prices compared to a theoretical
benchmark with 900 different CPOs. The exact set of winners within these
tender rules, however, only weakly impacts equilibrium pricing. Moreover, all
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investigated market configurations that could materialize under the tender rules
are substantially more competitive than a monopolistic setting. Nevertheless, the
actual set of winners of the tender features the least competitive outcome among
the possible scenarios that could have materialized. Thus, while the Deutschland-
netz tender rules have largely achieved their competitiveness objectives, CPOs
appear to have strategically bid to maximize their surplus within the given rules.

5.5 Conclusion

In this paper, we study the competitive dynamics in fast-charging networks
through a novel computational framework, where we capture both the key strategic
factors associated with decision-makers (i.e., CPOs and consumers) in these
networks and the idiosyncrasies that may arise from government interventions
(e.g., price caps, geolocation constraints). Our analysis reveals several insights.
From the consumer’s perspective, we find that prices are negatively correlated
with the local density of charging stations but largely independent of absolute
demand levels. For both current and future CPOs, the results from our case study
indicate that profitability hinges on both competitiveness and demand: high-
demand areas with lower prices can be highly profitable due to strong utilization,
while low-demand areas with higher prices often yield weaker returns. From the
regulator’s perspective, our findings suggest that imposing a uniform, stringent
price cap may deter infrastructure investment, particularly in less profitable areas.
Furthermore, we find that spatial and ownership restrictions in tender rules may
fall short of fostering fully competitive markets in large-scale charging networks.

Our study contributes to the understanding of the emerging EV charging mar-
ket. While the design and operational challenges associated with fast-charging
networks have attracted increasing attention from academics across multiple disci-
plines, existing studies have mostly treated the network and ownership structures
and operational decisions (e.g., pricing) in isolation, which may miss nuanced
aspects of the strategic interactions between different stakeholders. Our computa-
tional framework accounts for the interplay between network characteristics and
economic forces, and hence enables novel insights into the competitive dynamics
of fast-charging networks.

From the practical perspective, the contribution of our study is two-fold. First,
our findings provide actionable insights into CPO’s optimal pricing strategies.
Specifically, we show that optimal prices are largely dependent on the regional
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structure of demand rather than the absolute demand levels. Such findings help
to simplify CPOs’ pricing decisions, since compared to the absolute demand levels,
the relative demand levels (between regions) are easier to predict. Second, our
study provides much-needed guidance for policymakers involved in infrastructure
planning. In particular, the results from our counterfactual experiments indicate
that (1) ensuring local competitiveness is critical to the transition to electric mo-
bility at large, and (2) price caps should be carefully gauged to balance consumer
protection against exploitative pricing while preserving sufficient incentives for
network expansion and operational efficiency.

It is worth noting that although the current study is specifically geared towards
the emerging fast-charging market, our framework can be applied to study other
competition with a networked structure of product differentiation. For example,
consider restaurants collaborating with on-demand food delivery platforms such
as Uber Eats or DoorDash. In this context, these establishments must account
for consumers’ inconvenience related to travel for pickup or waiting for delivery
when setting prices, as they compete with neighboring restaurants for customers.
Take cloud computing infrastructure as another example. A consumer may
choose between different data centers at different locations. Given the varying
distance, there is heterogeneous travel (latency) cost between data centers. Data
centers, having different marginal costs due to, e.g., varying electricity prices,
are anticipating consumers’ decision-making and setting prices for their services
accordingly.

In closing, we note that our current work bears several limitations. To start
with, while the proposed spatial competition model already accounts for several
complications arising from real-world settings, it is still a relatively rough approx-
imation of a true two-dimensional competitive environment. For example, we
focus on regional charging networks rather than en-route charging during long
trips. Extending our model to capture both types of demand would be a fruitful
direction for future work. In addition, we (implicitly) assume a constant travel
speed across the network such that travel cost can be characterized by travel
distance. To capture more nuanced characteristics of a real-world EV charging
market, a planar analysis might be helpful, although it would require high-fidelity
data (e.g., travel speed data) and more extensive use of numerical techniques,
as the resulting demand and price would most likely be analytically intractable.
Next, we choose to focus on pure-strategy equilibria in the theoretical analysis
based on practical considerations—it is unclear how exactly CPOs would employ

134



5.5 Conclusion

mixed strategies (e.g., stochastic pricing) and how consumers would react to
such a lottery. Still, analyzing characteristics of mixed-strategy equilibria (which
exist under much more lenient requirements) would be an interesting direction to
explore in the future. Finally, in the case study of Deutschlandnetz, we assume
homogeneous cost for all CPOs and thus abstract from economies of scale in
charging point operation. As cost mostly depends on the remuneration payment
and energy cost, this approximation is valid. However, it is conceivable that even-
tually, larger CPOs can profit from economies of scale regarding various aspects
of operation. Incorporating the heterogeneity of CPOs’ operational expenses into
the analysis of competitive pricing will lead to more fruitful results.
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5.6 Appendix

5.6.1 Proofs

Proof of Lemma 1.

Total cost at source vertex src(e) and destination vertex dst(e) of edge e, respec-
tively, for an infinitesimal consumer located at x are given by

Ct
src(e)(x) = xτ + xt

ef t
eδκ−1

src(e) + q pt
src(e)−asrc(e)

Ct
dst(e)(x) = (Le − x)τ + (Le − xt

e)f t
eδκ−1

dst(e) + q pt
dst(e)−adst(e),

assuming that xt
e is the indifferent infinitesimal consumer. Equating cost to find

the consistent indifferent consumer results in

xt
e =

−q∆pt
e + ∆ae + Le(τ + f t

eδκ−1
dst(e))

2τ + f t
eδ
(
κ−1

src(e) + κ−1
dst(e)

) .

Here, for ∆pt
e <

∆ae−Le

(
τ+f t

eδκ−1
src(e)

)
q or ∆pt

e >
∆ae+Le

(
τ+f t

eκ−1
dst(e)

)
q , respectively,

xt
e /∈ [0, Le]. As the indifferent consumer must not lie outside edge e, we account

for this saturation by defining the indifferent consumer as

xt∗
e = min

Le, max

−q∆pt
e + ∆ae + Le(τ + f t

eδκ−1
dst(e))

2τ + f t
eδ
(
κ−1

src(e) + κ−1
dst(e)

) , 0

 ,

which is a piece-wise linear function of ∆pt
e.

Proof of Proposition 1.

As stated in the proof of lemma 1, the indifferent consumer is a piecewise linear
function of ∆pt

e. Its derivative regarding ∆pt
e is therefore piecewise constant

outside the kinks, where the derivative is not defined. The kinks of xt∗
e are lo-

cated at ∆pt
e =

∆ae−Le

(
τ+f t

eδκ−1
src(e)

)
q and ∆pt

e =
∆ae+Le

(
τ+f t

eκ−1
dst(e)

)
q , respectively.

Therefore, we obtain the derivative of the position of the indifferent consumer on
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edge e, xt∗
e , regarding ∆pt

e as

dxt∗
e

d∆pt
e

=


− q
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)
q ,
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)
q

 ∀v, e.

Demand at source and destination vertex of edge e are defined as Dt∗
src(e),e = qf t

ext∗
e

and Dt∗
dst(e),e = qf t

e(Le−xt∗
e ), respectively. The derivatives of Dt∗

src(e),e and Dt∗
dst(e),e

are
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As both derivatives yield the same expression, we only have to determine
dDt∗
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dpv
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e
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)
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This completes the proof.

Proof of Proposition 2

To prove Proposition 2, we only need a counterexample. Consider two three-vertex
networks, A and B. Let fe, Le = 1 ∀e, pcap = 100, τ̃ = 10, cA = (50, 60, 70)T and
cB = (10, 60, 70)T , respectively. Figure 5.14 shows equilibrium plots.

Here, the horizontal axis shows p1, the price of the first vertex. On the vertical
axis, the black lines represent the best-response equilibrium of CPO 2 (dashed)
and CPO 3 (dash-dotted), i.e., the prices p∗

2 and p∗
3 that are in equilibrium when

p1 is given exogenously. The solid red line shows CPO 1’s best response to the
corresponding (p∗

2, p∗
3) pair. The dotted red line is the identity function. An

intersection of the two red lines (i.e., the best response and identity) is a fixed
point, and thus a global Nash equilibrium. As an example for the competitive
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Figure 5.14: Equilibrium plots of two three-vertex networks, a (left) and b (right).

regimes derived for two-vertex networks in Table 5.2, see p1 < 60. Here, CPOs 2
and 3 concede on edges connecting to CPO 1, as they cannot fruitfully compete
on these; the partial equilibrium p∗

2, p∗
3 is thus independent of p1. Clearly, we can

see that while network A has a global Nash equilibrium, network B does not.

5.6.2 Supplementary Results to Section 3

Globally Aware Consumers

In our base model, we assume that consumers are locally aware in estimating the
waiting time without the cognitive overhead of a complete assessment of arrivals
from all edges. Departing from this assumption, here, we consider the consumers’
globally aware delay estimation of waiting time. Indifferent consumers with a
globally aware delay estimation are characterized as follows:

xt
eτ + δκ−1

src(e)
∑

e′∈Esrc(e)

Dt
src(e),e′(pt)

q
+ q pt

src(e)

=(Le − xt
e)τ + δκ−1

dst(e)
∑

e′∈Edst(e)

Dt
dst(e),e′(pt)

q
+ q pt

dst(e) ∀e ∈ E.

(5.2)
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In Eq. (5.2), we highlight that demand Dt
v,e from edge e at vertex v does not

only depend on the price differential ∆pt
e on that edge, but on all prices pt in

the network. When there is an interior solution to Eq. (5.2), we can rewrite Eq.
(5.2) as a linear system of equations for (pt, x):

xt
eτ + δκ−1

src(e)

 ∑
e′∈E−

src(e)

f t
e′xt

e′ +
∑

e′∈E+
src(e)

f t
e′(Le′ − xt

e′)

+ q pt
src(e) − asrc(e)

=(Le − xt
e)τ + δκ−1

dst(e)

 ∑
e′∈E−

dst(e)

f t
e′xt

e′ +
∑

e′∈E+
dst(e)

f t
e′(Le′ − xt

e′)

+ q pt
dst(e) − adst(e)

∀e ∈ E.

(5.3)

Let xt∗(pt) = (xt∗
e ) be the solution to Eq. (5.3). We have Dt∗

src(e),e(pt) = qfext∗
e (pt)

and Dt∗
dst(e),e(pt) = qf t

e

(
Le − xt∗

e (pt)
)
. Each CPO i ∈ N must now make pricing

decisions considering not only the direct impact on adjacent edges of its controlled
vertices, but also indirect effects that propagate through the network, which leads
to the following decision problem:

max
pt

i

Πi =
∑

t

Πt
i =

∑
t

∑
v∈Vi

∑
e∈Ev

Dt∗
v,e(pt)

(
pt

v − ct
v

)
s.t. pt

i ≼ pcap.

(5.4)

The optimization problems defined in Eq. (5.4) ∀i ∈ N constitute an equilib-
rium problem (Gabriel et al., 2013), which can be solved with standard techniques
using the corresponding linear system arising from the KKT conditions. If
pt∗ = (pt∗

v )v solves Eq. (5.4) ∀v and xt∗(pt) is an interior solution, pt∗ is a
(global) equilibrium price vector. Nevertheless, both consumer and operator
decisions are significantly more complex under the assumption that consumers
estimate delays by accounting for price information on all edges. Further, for
general prices pt, xt∗(pt) might be a boundary solution, giving rise to intractable
non-linear demand patterns in Eq. (5.2). For the sake of tractability, we adopt
the locally aware delay estimation for consumers in the large-scale case study
presented in Section 4.
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Illustration of the Equilibrium Approximation

To speed up the calculation of local Nash equilibrium, we propose an approxima-
tion method that smooths the demand function (see Section 3.4). Figure 5.15
provides an illustration of the asymptotic properties of our method, assuming no
delay costs. We can observe that our proposed approximation method provides
a close fit to the piecewise-linear demand when s (the smoothing parameter) is
sufficiently small.
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(i) Smoothing of the indifferent consumer
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∆
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(ii) Smoothing of dxt
e

d∆pt . The exact x∗ is
not differentiable at ∆pt = ± L′

eτ ′
e

q , else-
where the approximation is exact for
s → 0.

Figure 5.15: Plot of the continuously differentiable demand approximation and
its derivative.

5.6.3 Supplementary Results to the Case Study

Sensitivity Analysis

An important driver of equilibrium prices is travel cost. These costs encompass
not only the time or fuel expenses incurred for additional travel but also reflect
consumers’ willingness to visit more distant locations—sometimes beyond what
would be strictly economically rational—in order to reduce their charging expen-
ditures. In light of this, we conduct a sensitivity analysis by varying the travel
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cost parameter. Figure 5.16 presents the equilibrium prices under the competitive
setting in 2030 with the delay cost parameter δ = 1 e /kWh.

t = 0.02 e/km

39.0 44.0

Prices (in e0.01)

t = 0.04 e/km

39.0 44.0

Prices (in e0.01)

t = 0.06 e/km

39.0 44.0

Prices (in e0.01)

t = 0.08 e/km

39.0 44.0

Prices (in e0.01)

Figure 5.16: Sensitivity analysis of travel costs (Deutschlandnetz setting in 2030).

For higher travel costs, the price cap set by the regulator becomes binding across
almost all regions; only in metropolitan areas with the highest charging station
densities—where competitive pressure is strongest—can CPOs set prices below
the cap. Eastern German regions are among the first where competition breaks
down as consumers’ willingness to travel vanishes; here, even the increased supply
through the tender—compared to free market investments—proves insufficient to
overcome the lack of competitiveness.

We conduct a similar set of sensitivity analyses regarding delay cost, see Figure
5.17 for the results. As delay costs increase, prices converge toward the cap. This
occurs because extended waiting times at popular, lower-priced charging stations
effectively reduce their competitive advantage, reducing the overall competitive
pressure on other CPOs in the network.

δ = 1.0 e/kWh

39.0 44.0

Prices (in e0.01)

δ = 2.0 e/kWh

39.0 44.0

Prices (in e0.01)

δ = 4.0 e/kWh

39.0 44.0

Prices (in e0.01)

δ = 8.0 e/kWh

39.0 44.0

Prices (in e0.01)

Figure 5.17: Sensitivity analysis of delay costs (Deutschlandnetz setting in 2030).
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