Doctoral Consortium

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

Learning-Based Policy Design for Resource Planning and Pricing
in Heterogeneous Multi-Leader—Multi-Follower Systems

Doctoral Consortium

Niloofar Aminikalibar
Aston University
Birmingham, United Kingdom
namin21@aston.ac.uk

ABSTRACT

This PhD project studies policy design for competitive resource
planning in congestion-sensitive systems, with EV charging as a
motivating application. Prior work develops game-theoretic mod-
els of pricing and infrastructure decisions that incorporate con-
gestion and non-EV demand. The next phase focuses on decen-
tralised multi-leader—multi-follower games with heterogeneous
agents. Competing providers and users learn simultaneously, lead-
ing to non-stationary dynamics. The goal is to analyse emergent
equilibria and efficiency using learning-in-games and multi-agent
reinforcement learning.
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1 INTRODUCTION AND MOTIVATION

Many real-world resource allocation settings involve competing
providers and strategic users interacting over scarce, congestible
resources, including transportation, energy, cloud services, and
online markets. In such environments, providers must anticipate
both competitors’ strategies and users’ responses to prices and con-
gestion. In Stackelberg game settings, users act as followers who
make strategic decisions without revealing their preferences, creat-
ing significant uncertainty for leaders (providers) when planning
resources and setting prices under competition and incomplete
information. However, existing models often assume a single or
non-competing leader and homogeneous followers, and therefore
fail to capture settings in which multiple competing leaders inde-
pendently design pricing and planning policies while facing hetero-
geneous followers with private preferences. Moreover, the dynamic
interaction between competing leaders and adaptive followers and
its implications for equilibrium behaviour and system efficiency
remain poorly understood.
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This research aims to address these limitations by studying de-
centralised resource planning and pricing in competitive and hetero-
geneous environments. A motivating application is Electric Vehicle
(EV) charging networks, where multiple charging station providers
(leaders) compete through pricing, capacity, and placement in re-
sponse to heterogeneous drivers (followers) and congestion, exem-
plifying a multi-leader-multi-follower system.

While EV charging is the motivating domain, the modelling
and learning questions apply more broadly to congestion-sensitive
markets with competing providers and heterogeneous users, such
as cloud, energy, and mobility systems.

2 BACKGROUND AND RESEARCH GAP

Prior work on EV charging networks studies pricing competition
using Stackelberg models, ranging from single-provider settings to
multi-leader price competition [9, 10, 15]. Network-aware pricing
incorporates spatial structure, congestion, and traffic assignment,
but typically assumes fixed station locations and homogeneous
users [8, 12]. Other work departs from explicit game-theoretic for-
mulations and examines joint placement and pricing, often via
bilevel models in which a new entrant anticipates future price com-
petition [1], but abstracts from detailed driver behaviour in traffic
networks. Reinforcement learning approaches have also been pro-
posed to address pricing and placement in large-scale networks [11];
however, these typically assume fixed or non-strategic competi-
tors and provide limited insight into equilibrium behaviour under
competition. Overall, existing approaches do not capture settings
in which heterogeneous user preferences are private and revealed
only through behaviour, while demand and congestion are coupled
through the network. This gap motivates the next phase of the
research, which focuses on decentralised policy design for pricing
and resource planning in competitive, heterogeneous multi-agent
environments.

3 PROGRESS TO DATE

This research to date has focused on modelling and analysing strate-
gic interactions in EV charging networks under structured but
progressively richer assumptions, addressing several gaps in the
literature. In the first phase, we studied the joint optimisation of
charging station placement and pricing from the perspective of a
single provider. Drivers’ decisions were modelled using connected
congestion games, where individual costs captured travel time and
queueing delay—both arising from the congestion game formu-
lation—as well as charging fees. By jointly optimising placement
and pricing under both atomic [4] and non-atomic [3, 5] formu-
lations, we showed that explicitly accounting for the interaction
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between congestion and pricing yields improved outcomes com-
pared to single-parameter optimisation. In the second phase [6],

[Level 1: Entrant company chooses station placement}

\

Price & Traffic Flow Entrant’s Placement

[Level 2: All leaders (en-route rapid EV charging companies) set prices}

\

Traffic Flow Price & Placement

[Level 3: Drivers (EVs & non-EVs) choose routes / charging options}

Figure 1: Schematic of the three-level hierarchical game. The
figure summarises the completed tri-level entrant Stackelberg model
and serves as a conceptual precursor to the next phase, which gener-
alises this structure to a decentralised multi-leader—-multi-follower
learning framework developed in three stages.

the framework was extended to incorporate additional sources of
realism by accounting for multiple competing charging station
owners and adaptive non-EV (non-follower) traffic. The analysis
examined how non-followers affect pricing and planning decisions
within a Stackelberg setting. The interaction between providers
and drivers was formalised as a three-level Stackelberg game (Fig-
ure 1), in which a potential entrant first selects station locations,
providers then compete on prices, and drivers respond by choosing
routes and charging options under congestion alongside non-EV
traffic. The results demonstrate that omitting non-EV traffic leads to
systematic misestimation and distorted pricing and infrastructure
planning decisions—an issue typically overlooked in the existing
literature. This work provides a unified framework that motivates
subsequent extensions to capacity planning and heterogeneous
driver behaviour.

4 PROPOSED RESEARCH

The proposed research studies decentralised policy design in com-
petitive multi-leader-multi-follower systems with adaptive agents,
with a focus on EV charging networks. The core components are:

Follower modelling: a) Heterogeneous EV drivers are mod-
elled as learning agents with private preferences over charging
mode, price, queueing congestion, travel time, and range anxiety.
b) Preferences are revealed only through behaviour and equilibrium
outcomes, and are not directly observed by providers.

Leader policy design: a) Charging providers act as competing
leaders who independently design pricing (and later capacity and
planning) policies under incomplete information. b) Leaders antic-
ipate strategic responses from heterogeneous followers and rival
providers, whose interactions jointly determine demand, conges-
tion, electricity usage, and provider utilities.

Learning framework: a) Multi-agent reinforcement learning
(MARL) is employed to jointly learn leader policies and follower
strategies where analytical solutions are intractable. b) Simultane-
ous learning induces non-stationarity, complicating equilibrium
analysis [14]. A learning-in-games perspective offers a principled
framework for studying emergent equilibria in MARL [2].
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Equilibrium and performance evaluation:
a) Learning outcomes are evaluated using equilibrium proxies:
(1) Regret-based diagnostics for coarse correlated equilibria and
no-regret learning. (2) Best-response exploitability measures for
approximate Nash equilibria.
b) System-level performance is assessed in terms of social cost,
congestion, and provider profit.

Positioning relative to prior work: a) Extends existing RL-
based approaches for EV charging that focus primarily on pric-
ing [7]. b) Goes beyond MARL studies of competitive charging
providers [13] by explicitly modelling heterogeneous, strategic
users interacting through congestion.

Challenges: Several challenges arise in this setting. Designing
policies for pricing, capacity, and placement under incomplete infor-
mation is challenging because both leader and follower strategies
evolve through learning. To address these systematically, the re-
search is structured in stages:

Stage A: Pricing-only competition with heterogeneous followers,
under fixed placement and capacity. Evaluation will use equilibrium
proxies suitable for learning dynamics (e.g., approximate Nash or
coarse correlated equilibrium).

Stage B: Extension to joint pricing and capacity decisions, still with
fixed station locations.

Stage C: Incorporation of placement.

The core deliverables of the project are: 1) A game-theoretic
model capturing heterogeneous follower behaviour. 2) A learning-
based approach for competing leaders. 3) Systematic empirical
evaluation of emergent equilibria and system-level efficiency under
competition.

5 RESEARCH QUESTIONS AND GUIDANCE
SOUGHT

This research studies learning and competition in decentralised
multi-leader-multi-follower systems. The key research questions
and areas where expert guidance is sought are:

(1) Learning under private heterogeneity: How can compet-
ing leaders learn pricing (Stage A), capacity (Stage B), and place-
ment (Stage C) policies when follower preferences are private and
revealed only through behaviour? Guidance sought: selecting suit-
able MARL frameworks for simultaneous leader—follower learning
without over-scoping.

(2) Equilibrium characterisation under learning: Which
equilibrium proxies (e.g., approximate Nash or coarse correlated
equilibrium) best characterise outcomes induced by simultaneous
learning? Guidance sought: identifying equilibrium notions that
remain meaningful in non-stationary competitive environments.

(3) Efficiency of decentralised competition: What efficiency
loss arises from decentralised competition, and how does it vary
across heterogeneity, congestion, and demand regimes? Guidance
sought: defining robust metrics for system-level efficiency and sta-
bility.

(4) Choice of learning paradigms: Which classes of MARL
methods (e.g., no-regret, two-timescale, or mean-field approaches)
are most reliable in this setting, and why? Guidance sought: under-
standing which learning dynamics offer the best balance between
empirical stability and theoretical interpretability.



Doctoral Consortium

REFERENCES

[1] Muhammad Adil, MA Parvez Mahmud, Abbas Z Kouzani, and Sui Yang Khoo. 2024.

Optimal location and pricing of electric vehicle charging stations using machine
learning and stackelberg game. IEEE Transactions on Industry Applications 60, 3
(2024), 4708-4722.

Stefano V. Albrecht, Philip Christiansen, and Marco Schaerf. 2024. Multi-Agent
Reinforcement Learning: Foundations and Modern Approaches. MIT Press.
Niloofar Aminikalibar, Farzaneh Farhadi, and Maria Chli. 2025. A Game-Theoretic
Framework for Intelligent EV Charging Network Optimisation in Smart Cities.
In 2025 IEEE 28th International Conference on Intelligent Transportation Systems
(ITSC). IEEE.

Niloofar Aminikalibar, Farzaneh Farhadi, and Maria Chli. 2025. Game-Theoretic
Optimisation of EV Charging Network: Placement and Pricing Strategies via
Atomic Congestion Game. In UK AI Conference. PMLR, 43-52.

Niloofar Aminikalibar, Farzaneh Farhadi, and Maria Chli. 2026. Strategic Infras-
tructure Design via Multi-Agent Congestion Games with Joint Placement and
Pricing. In Multi-Agent Systems (Lecture Notes in Computer Science). Springer,
Cham.

Niloofar Aminikalibar, Farzaneh Farhadi, and Maria Chli. 2026. Strategic In-
teractions in Multi-Level Stackelberg Games with Non-Follower Agents and
Heterogeneous Leaders. In Proceedings of the 25th International Conference on
Autonomous Agents and Multi-Agent Systems.

Sangjun Bae, Balazs Kulcsar, and Sébastien Gros. 2024. Personalized dynamic pric-
ing policy for electric vehicles: Reinforcement learning approach. Transportation
Research Part C: Emerging Technologies 161 (2024), 104540.

Xinxin Ge, Ge Wang, Rongfu Sun, and Fei Wang. 2025. A Distributed and
Game-Theoretic-Based EV Charging Pricing Model Under Coupled Energy-
Transportation-Information Networks. IEEE Transactions on Smart Grid 16, 1

3962

[10

[11

[13

[14

[15

]

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

(2025), 652-664. https://doi.org/10.1109/TSG.2024.3460477

Mahsa Ghavami, Mohammad Haeri, and Hamed Kebriaei. 2023. Decentralized
pricing mechanism for traffic and charging station management of EVs in smart
cities. IEEE Transactions on Intelligent Transportation Systems 25, 6 (2023), 5258—
5270.

Woongsup Lee, Robert Schober, and Vincent W. S. Wong. 2019. An Analysis of
Price Competition in Heterogeneous Electric Vehicle Charging Stations. IEEE
Transactions on Smart Grid 10, 4 (2019), 3990-4002. https://doi.org/10.1109/TSG.
2018.2847414

Yanbin Li, Jiani Wang, Weiye Wang, Chang Liu, and Yun Li. 2023. Dynamic pricing
based electric vehicle charging station location strategy using reinforcement
learning. Energy 281 (2023), 128284.

Lyuzhu Pan and Hongcai Zhang. 2024. Competitive Pricing of Electric Vehicle
Charging in Coupled Power and Transportation Network. In 2024 IEEE Trans-
portation Electrification Conference and Expo, Asia-Pacific (ITEC Asia-Pacific).
83-88. https://doi.org/10.1109/ITECAsia-Pacific63159.2024.10738577

Tao Qian, Chengcheng Shao, Xuliang Li, Xiuli Wang, Zhiping Chen, and Mo-
hammad Shahidehpour. 2021. Multi-agent deep reinforcement learning method
for EV charging station game. IEEE Transactions on Power Systems 37, 3 (2021),
1682-1694.

Yoav Shoham, Rob Powers, and Trond Grenager. 2007. If multi-agent learning is
the answer, what is the question? Artificial Intelligence 171, 7 (2007), 365-377.
https://doi.org/10.1016/j.artint.2006.02.006 Foundations of Multi-Agent Learning.
Efstathios Zavvos, Gerding Enrico H., and Brede Markus. 2022. A Comprehensive
Game-Theoretic Model for Electric Vehicle Charging Station Competition. IEEE
Transactions on Intelligent Transportation Systems 23, 8 (2022), 12239-12250. https:
//doi.org/10.1109/TITS.2021.3111765


https://doi.org/10.1109/TSG.2024.3460477
https://doi.org/10.1109/TSG.2018.2847414
https://doi.org/10.1109/TSG.2018.2847414
https://doi.org/10.1109/ITECAsia-Pacific63159.2024.10738577
https://doi.org/10.1016/j.artint.2006.02.006
https://doi.org/10.1109/TITS.2021.3111765
https://doi.org/10.1109/TITS.2021.3111765

	Abstract
	1 Introduction and Motivation
	2 Background and Research Gap
	3 Progress to Date
	4 Proposed Research
	5 Research Questions and Guidance Sought
	References



