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Game On!



The Grand Banks Fishing Fiasco:

Objective:

Objective:

Objective:

Objective:

Objective:

Tragedy of the Commons & Distributed Control

Local Decision Making Sub-optimal Global Behavior

(catch many fish) (fish population disappears)

“The Grand Banks 
is the textbook case 
of fai lure in 
fisheries science. An 
army of scientists in 
one of the world’s 
richest and most 
advanced nations 
managed to destroy 
one of the richest 
fisheries in the 
world whil e 
convincing 
themsel ves for a 
decade that they 
were doing no such 
thing. The 
Newfoundland cod 
collapse was the 
nightmare that 
shook the world out 
of its complacent 
assumption that the 
sea’s resou rces 
were renewable..



The Need for Coordination

Fleet Robotics Mass Transportation Energy Consumption

Coordinate…
Local algorithms for many 

robots

Coordinate…
Decision-making of 

human users

Coordinate…
Generation, demand, and 

storage of power



Local Decision Making Sub-optimal Global Behavior

Prevalent phenomenon in multi-agent systems

Central Goal

Discover control approaches that are locally implementable while still offering 
good collective behavior.

Agents that can communicate and 
collaborate with one another

Noncooperative or competitive 
agents’ control problem

Part I Part II



I. Inter-agent Collaboration



Engineered Multi-Agent Systems
Drone Fleets Manufacturing Robotics Internet of Things

Quantifying the effects of
Collaborative Decision-Making

[CDC23, TAC*, CDC24]

• Enable agents to share information and control 
decisions between one another

• Exploit communication channels to elicit 
greater coordination

Large, interconnected systems of many automated devices 
and processes

Design new system paradigms 
between centralized and distributed

Distributed Control
(local decisions)

Centralized Control
(Coordinated decisions)



Modeling Collaborative Solutions

Design Local Control Law Converge to Nash Equilibria Quality of Nash Equilibria

Local Cost Function

Local Decision Making



Modeling Collaborative Solutions

Design Local Control Law Converge to Nash Equilibria Quality of Nash Equilibria

Local Cost Function

Local Decision Making



Inter-agent communication 
and coordination

Design Group Control Law

Modeling Collaborative Solutions

Converge to Nash Equilibria Quality of Nash Equilibria



New, stronger
equilibria notions

Converge to Stronger Equilibria

Inter-agent communication 
and coordination

Design Group Control Law

Modeling Collaborative Solutions

Quality of Nash Equilibria



New, stronger
equilibria notions

Converge to Stronger Equilibria

Improve system level 
performance

Quality of Strong Equilibria

Inter-agent communication 
and coordination

Design Group Control Law

Modeling Collaborative Solutions



New, stronger
equilibria notions

Converge to Stronger Equilibria

Improve system level 
performance

Quality of Strong Equilibria

Inter-agent communication 
and coordination

Design Group Control Law

Modeling Collaborative Solutions

With emerging communication technologies, can we go 
beyond local decision-making to coordinate better equilibria?



Collaborative Decisions and Emergent Equilibria

Communication Graph

• Channels over which agents can 
coordinate actions

• May vary with time and state of 
the system

Collaboration Partition

• Group of connected agents use 
coordinated control action

• Groups require communication 
and can change with time

Equilibrium Hyper-graph

• All possible groups of 
collaborating agents

• In equilibrium, no admissible 
group will deviate action



What Makes Collaboration Good?

𝟏 ≤ 𝒌 ≤ 𝒏
Bridge the gap between centralized and 

distributed equilibrium concepts

System Level Objective



Alg.(1 ∪⋯∪ 6)

Alg.1

Alg.5

Alg.2

Alg.6
Alg.3

Alg.4

Alg.(1 ∪ 2 ∪ 3) Alg.(5 ∪ 6)

Alg.4

Collaborative Decision-Making Paradigms

Need: system architecture to govern behavior of the agentsDistributed Decision-making
(Sub-optimal performance/ low complexity)

Centralized Decision-making
(Best performance / high complexity)

Partially Collaborative 
Decision-making

Increased coordination through partial collaboration

Trade-off benefit to equilibrium performance and added algorithm complexity



Efficacy of Collaborative Decision-Making

Distributed 
Decision-making

Centralized
Decision-making

Network Intersectional Local



Efficacy of Collaborative Decision-Making

Distributed 
Decision-making

Centralized
Decision-making

Benefit/Cost of Increased Collaboration

At most k agents can collaborate

Benefit to equilibrium 
efficiency

Added communication 
costs/complexity

System Design

As we vary the level of collaboration…



Coalitionally Smooth Games

Theorem 1.1:             [Ferguson, Paccagnan, Pradelski, Marden TAC*]

How much does collaboration improve equilibrium efficiency?
Problem: Multi-Agent systems are complex and equilibria hard to compute

Complicated Multi-Agent
Systems Analysis

Two Parameter Search

Equilibrium Welfare

Optimal Welfare
=

0 – very inefficient

1- fully efficient

Just need to find the right ones…



Resource Allocation Problems



Resource Allocation Problems

Drone Surveillance



Traffic Routing

Resource Allocation Problems



Resource Allocation Problems

Cloud Computing/Internet Routing



Resource Allocation Problems

System Welfare

Centralized optimal solution: NP-hard

Distributed equilibria: known sub-optimal performance

Partially collaborative equilibria:



Quantifying k-Strong Efficiency

Proposition 1.2:         [Ferguson, Paccagnan, Pradelski, Marden TAC*]

Theorem 1.1:          [Ferguson, Paccagnan, Pradelski, Marden TAC*]

Example: Covering Problems
Smooth transition from 

distributed to centralized!



Efficacy of Collaborative Decision-Making

Distributed 
Decision-making

Centralized
Decision-making

Benefit/Cost of Increased Collaboration

Benefit to equilibrium 
efficiency

Added communication 
costs/complexity

System Design

As we vary the level of collaboration…



Proposition 1.3:         [Ferguson, Paccagnan, Pradelski, Marden TAC*]

Complexity of k SNE 

Evaluating an equilibrium

How does collaboration affect Computational Complexity?

k-Round-Robin: each group updates in set order



Theorem 1.4:          [Ferguson, Paccagnan, Pradelski, Marden TAC*]

Asynchronous Dynamics
What is the performance like before convergence?

k-Asynchronous-Best-Response: each group updates in a random order



Efficacy of Collaborative Decision-Making

Distributed 
Decision-making

Centralized
Decision-making

Benefit/Cost of Increased Collaboration

Benefit to equilibrium 
efficiency

Added communication 
costs/complexity

System Design

As we vary the level of collaboration…



Utility Design for Collaborative Systems
System Objective

0.76
1.00
0.81
0.68
0.52

System Objective System Objective

0.85
0.91
0.72

How do we design the agent objective function?

Can we do this for the collaborative setting?



Utility Design for Collaborative Systems
Utility Design Problem

Theorem 1.5:      [Ferguson, Paccagnan, Pradelski, Marden TAC*]

In resource allocation problems, we can solve the utility design problem for 
k-strong Nash equilibria by extending the prior linear programming technique 



Utility Design for Collaborative Systems

In designing collaborative systems, consider:

1) The level of collaboration

2) How collaborative decisions are made

We find significant opportunities for 
improvement

Utility Design Problem

In Resource Allocation Problems,

Agent Obj. = Syst. Obj.

Designed Agent Obj.



Efficacy of Collaborative Decision-Making

Distributed 
Decision-making

Centralized
Decision-making

Benefit/Cost of Increased Collaboration

Benefit to equilibrium 
efficiency

Added communication 
costs/complexity

System Design

As we vary the level of collaboration…



Engineered Multi-Agent Systems
Drone Fleets Manufacturing Robotics Internet of Things

Quantifying the effects of
Collaborative Decision-Making

[CDC23, TAC*, CDC24]

Large, interconnected systems of many automated devices 
and processes

Design new system paradigms 
between centralized and distributed

Distributed Control
(local decisions)

Centralized Control
(Coordinated decisions)

1) Extend game theoretic approach to collaborative settings

2) Gain understanding of the benefits and costs of collaboration

3) New insights on how to design collaborative system



Further Directions
37

Local and Dynamic Connectivity

• Evolving Objectives

• Online Task Assignment

• Dynamic Team Formation

Multi-Agent Learning

• Collection of Learners

• Explore vs Exploit vs Comm.

• Collaborative Learning Process

Data and Distributed Estimation

• Relevant Info. Beyond Collab.

• Estimate using shared data

• Selective Information Sharing

Broader scope of inter-agent communication and coordination



II. Inter-agent Competition



Designing Competitive Controllers

Design Local Control Law Converge to Nash Equilibria Quality of Nash Equilibria

Local Cost Function

Local Decision Making



Competitive control design 

Design Competitive Control Law

Designing Competitive Controllers

Converge to Nash Equilibria Quality of Nash Equilibria



Competitive control design 

Design Competitive Control Law

Designing Competitive Controllers

Predict and steer 
emergent behavior Accuracy of Predicted Outcome



Competitive control design 

Design Competitive Control Law

Designing Competitive Controllers

Predict and steer 
emergent behavior Accuracy of Predicted Outcome

When agents compete, how does the accuracy of their prediction of other 
agents' behavior affect the collective outcome



A Motivating Example: Autonomous Racing

Autonomy Stack Intervehicle strategy
• Passing
• Blocking
• Using limited fuel

Follow the optimal 
race line

Approach:

1. Design rewards

2. Cast as a large Markov Game

3. Solve for a Nash equilibrium joint policy

4. Take ego policy and implement in the autonomy stack

Dvij Kalaria, Chinmay Maheshwari, and Shankar Sastry. "{\alpha}-RACER: Real-Time Algorithm for Game-Theoretic Motion Planning and 
Control in Autonomous Racing using Near-Potential Function." arXiv preprint arXiv:2412.08855(2024).



A Motivating Example: Autonomous Racing

Simulated Multi-Agent Interaction

?

Realized Multi-Agent Interaction

Synthesized Policy

Difference between simulated and realized interaction can cause degraded performance of policy

How do we quantify and overcome this ‘Strategic’ sim-to-real gap?



Realizations of Game Theoretic Planning and Prediction

Iterative LQ Model Predictive GamesDynamic Zero-Sum Games

1. J. Sprinkle, J. M. Eklund, H. J. Kim and S. Sastry, "Encoding aerial pursuit/evasion games with fixed wing aircraft into a nonlinear model predictive tracking controller," 2004 43rd IEEE Conference on 
Decision and Control (CDC) (IEEE Cat. No.04CH37601), Nassau, Bahamas, 2004, pp. 2609-2614 Vol.3, doi: 10.1109/CDC.2004.1428851.

2. Başar, Tamer, ed. Dynamic games and applications in economics. Vol. 265. Springer Science & Business Media, 1986.
3. H. Chen, C. W. Scherer and F. Allgower, "A game theoretic approach to nonlinear robust receding horizon control of constrained systems," Proceedings of the 1997 American Control Conference 

(Cat. No.97CH36041), Albuquerque, NM, USA, 1997, pp. 3073-3077 vol.5, doi: 10.1109/ACC.1997.612023.
4. D. Fridovich-Keil, E. Ratner, L. Peters, A. D. Dragan and C. J. Tomlin, "Efficient Iterative Linear-Quadratic Approximations for Nonlinear Multi-Player General-Sum Differential Games," 2020 IEEE 

International Conference on Robotics and Automation (ICRA), Paris, France, 2020
5. S. Hall, G. Belgioioso, D. Liao-McPherson and F. Dorfler, "Receding Horizon Games with Coupling Constraints for Demand-Side Management," 2022 IEEE 61st Conference on Decision and Control 

(CDC), Cancun, Mexico, 2022, pp. 3795-3800, doi: 10.1109/CDC51059.2022.9992497.
6. E. Benenati and G. Belgioioso. "The explicit game-theoretic linear quadratic regulator for constrained multi-agent systems." arXiv preprint arXiv:2512.07749 (2025).



Games as Models

• Each agent possesses a model for how 
the collective group will interact

• Use conjectures about other players' 
intents and capabilities to predict the 
outcome and your role in it

• Opt for models that possess efficiently 
computed solutions



Games as Models

• Each agent possesses a model for how 
the collective group will interact

• Use conjectures about other players' 
intents and capabilities to predict the 
outcome and your role in it

• Opt for models that possess efficiently 
computed solutions

Players

Control/Action set

Objective
Solution Concept

Games and Prediction



Predictive Capabilities of Games

Conjectured game of player j



Predictive Capabilities of Games

Realized Behavior:

• Need not be an equilibrium/solution
• Gap between simulated and real behavior
• Exaggerated by greater mischaracterizations

Conjectured game of player j



Misspecified Game-theoretic Planning

Players conjecture different games



Misspecified Game-theoretic Planning

Players conjecture different games

Quantify magnitude Sampling, learning, and overcomingDynamics with misspecification



Related Perspectives

• Sim-to-real gap in RL
• Sensitivity of equilibria in games
• Bayesian Games
• ‘Robust’ game theory
• Strategically robust equilibria
• K-level rationality
• Inverse learning in games

Our Perspective:
Adopt classic, computationally friendly games and equilibria as interaction models, even 

though they may not be entirely accurate (as in practice, none will)

How much do we lose from our model being incorrect, and how do we overcome?



Recent work: Game-to-Real Gap: Quantifying the Effect of Model Misspecification in Network Games

• Focus on well-studied case of Nash equilibria in strongly monotone network games

• Characterize and bound the game-to-real gap conditioned on game-defining parameters

• Identify forecast and network specific properties 

Chinmay Maheshwari
Assistant Professor

Johns Hopkins University

Manxi Wu
Assistant Professor

UC Berkeley

Shankar Sastry
Professor

UC Berkeley

Joint work with…



Network Games with Misspecification



Network Games with Misspecification

Forecast Misspecification Interaction Misspecification



Network Games with Misspecification



Network Games with Misspecification

Observation: embedded cycles cause a larger game-to-real gap



Network Games with Misspecification

Graphs centrality measures are insufficient for characterizing game-to-real gap, need pair-wise centrality



Network Games with Misspecification

Graphs centrality measures are insufficient for characterizing game-to-real gap, need pair-wise centrality

Interaction Misspecification:
• Proposition 3: arbitrarily bad game-to-real gap for any bounded norm of graph difference
• Proposition 4: characterization of game-to-real gap by weighted pair-wise centrality measure

Simultaneous Misspecification:
• Corollary 1: characterization of game-to-real gap

Ongoing work: more general game-to-real gap by parametric VI analysis, apply to LQ games, network routing 
games, and zero-sum games



Designing Around Misspecification

• Interaction Sample complexity

• Robust game-model selection

• Online planning
• Model predictive games

Pre-processing Realized Interaction

Ada Yildirim
PhD Student

Dartmouth College



Model Predictive Control (MPC)

Dynamics Model

Finite Horizon Optimizer
Take First Index

Control Signal

Current Control Action Current State



Model Predictive Control (MPC)

Dynamics Model

Finite Horizon Optimizer
Take First Index

Control Signal

Solve for optimal control signal over finite horizon and deploy first timestep

Current Control Action Current State



Game-Theoretic MPC

Dynamics Model

Finite Horizon Nash Equilibrium Solver
Take First Index

Joint Control Signal

Current Joint Control Action Current State

Hall, Sophie, Dominic Liao-McPherson, Giuseppe Belgioioso, and Florian Dörfler. "Stability Certificates for Receding Horizon Games." arXiv preprint arXiv:2404.12165 (2024).
E. Benenati and G. Belgioioso. "The explicit game-theoretic linear quadratic regulator for constrained multi-agent systems." arXiv preprint arXiv:2512.07749 (2025).



Game-Theoretic MPC

Dynamics Model

Finite Horizon Nash Equilibrium Solver
Take First Index

Joint Control Signal

Current Joint Control Action Current State

Solve for Nash Equilibrium control signal over finite horizon and deploy first timestep

Hall, Sophie, Dominic Liao-McPherson, Giuseppe Belgioioso, and Florian Dörfler. "Stability Certificates for Receding Horizon Games." arXiv preprint arXiv:2404.12165 (2024).
E. Benenati and G. Belgioioso. "The explicit game-theoretic linear quadratic regulator for constrained multi-agent systems." arXiv preprint arXiv:2512.07749 (2025).



Misspecificed Game-Theoretic MPC

Dynamics Model

Current Joint Control Action Current State

Finite Horizon Nash Equilibrium Solver

Take First Index

Predicted Joint Control Signal(s)

Finite Horizon Nash Equilibrium Solver

Take First Index

Gather Planned 
Actions

Finite Horizon Nash Equilibrium Solver

Finite Horizon Nash Equilibrium Solver

Yildirim, Ada, and Bryce L. Ferguson. "Stability and Sensitivity Analysis for Objective Misspecifications Among Model Predictive Game Controllers." arXiv preprint arXiv:2604.08303(2026).



Misspecificed Game-Theoretic MPC

Dynamics Model

Current Joint Control Action Current State

Finite Horizon Nash Equilibrium Solver

Take First Index

Predicted Joint Control Signal(s)

Finite Horizon Nash Equilibrium Solver

Take First Index

Gather Planned 
Actions

Each player solves for a Nash Equilibrium control signal over finite horizon 
and deploys respective first timestep



Stability Criteria with Misspecifications

Stability criteria depends on a non-trivial combination of each player’s game



Dynamics with Misspecifications

Games with little misspecification

Games with large misspecifications



Sensitivity of Equilibrium to Misspecifications



Equilibria with Misspecifications

How does the equilibrium of misspecified GT MPC change with greater misalignment?

No misspecification



Bryce.L.Ferguson@dartmouth.edu

Conclusion

• Collaborative architectures between centralized and distributed systems can 
improve system performance

• Competitive effectiveness is sensitive to misspecification in the prediction 
model

Future work:

• Dynamically learning collaboration architecture

• Inverse learning multi-agent prediction models from interaction data

• Joint competitive-cooperative multi-agent environments


	Slide 1: Collaboration and Competition in Multi-Agent Systems: The Consequences of Coalitions and Model Mismatch
	Slide 2: Tragedy of the Commons & Distributed Control
	Slide 3: The Need for Coordination
	Slide 4
	Slide 5: I. Inter-agent Collaboration
	Slide 6
	Slide 8: Modeling Collaborative Solutions
	Slide 9: Modeling Collaborative Solutions
	Slide 10: Modeling Collaborative Solutions
	Slide 11: Modeling Collaborative Solutions
	Slide 12: Modeling Collaborative Solutions
	Slide 13: Modeling Collaborative Solutions
	Slide 15: Collaborative Decisions and Emergent Equilibria
	Slide 16: What Makes Collaboration Good?
	Slide 17: Collaborative Decision-Making Paradigms
	Slide 18: Efficacy of Collaborative Decision-Making
	Slide 19: Efficacy of Collaborative Decision-Making
	Slide 20: Coalitionally Smooth Games
	Slide 21: Resource Allocation Problems
	Slide 22: Resource Allocation Problems
	Slide 23: Resource Allocation Problems
	Slide 24: Resource Allocation Problems
	Slide 25: Resource Allocation Problems
	Slide 26: Quantifying k-Strong Efficiency
	Slide 27: Efficacy of Collaborative Decision-Making
	Slide 28: Complexity of k SNE 
	Slide 29: Asynchronous Dynamics
	Slide 30: Efficacy of Collaborative Decision-Making
	Slide 31: Utility Design for Collaborative Systems
	Slide 32: Utility Design for Collaborative Systems
	Slide 33: Utility Design for Collaborative Systems
	Slide 34: Efficacy of Collaborative Decision-Making
	Slide 36
	Slide 37: Further Directions
	Slide 38: II. Inter-agent Competition
	Slide 39: Designing Competitive Controllers
	Slide 40: Designing Competitive Controllers
	Slide 41: Designing Competitive Controllers
	Slide 42: Designing Competitive Controllers
	Slide 43: A Motivating Example: Autonomous Racing
	Slide 44: A Motivating Example: Autonomous Racing
	Slide 45: Realizations of Game Theoretic Planning and Prediction
	Slide 46: Games as Models
	Slide 47: Games as Models
	Slide 48: Predictive Capabilities of Games
	Slide 49: Predictive Capabilities of Games
	Slide 50: Misspecified Game-theoretic Planning
	Slide 51: Misspecified Game-theoretic Planning
	Slide 52: Related Perspectives
	Slide 53
	Slide 54: Network Games with Misspecification
	Slide 55: Network Games with Misspecification
	Slide 56: Network Games with Misspecification
	Slide 57: Network Games with Misspecification
	Slide 58: Network Games with Misspecification
	Slide 59: Network Games with Misspecification
	Slide 60: Designing Around Misspecification
	Slide 61: Model Predictive Control (MPC)
	Slide 62: Model Predictive Control (MPC)
	Slide 63: Game-Theoretic MPC
	Slide 64: Game-Theoretic MPC
	Slide 65: Misspecificed Game-Theoretic MPC
	Slide 66: Misspecificed Game-Theoretic MPC
	Slide 67: Stability Criteria with Misspecifications
	Slide 68: Dynamics with Misspecifications
	Slide 69: Sensitivity of Equilibrium to Misspecifications
	Slide 70: Equilibria with Misspecifications
	Slide 71: Conclusion

