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[bookmark: _Toc243395214]1. Introduction
Competitive multiplayer games need to create matches that feel balanced without leaving players in a queue for too long. This is difficult because the available population changes throughout the day, new players have uncertain skill estimates, and team games need to create two balanced groups rather than select a single opponent. If the allowed skill difference is kept too narrow, some players may wait for an unreasonable amount of time. If it expands too quickly, the system may start matches where one team has a clear advantage over the other.
This project will design and develop a database-backed prototype matchmaking simulator for a 6 vs 6 competitive game. A persistent population of many thousands of synthetic players will each have a latent target skill, a current estimated rating, uncertainty and activity behaviour. At each simulated time step, a realistic subset of that population will enter the queue as solo players or premade parties. The prototype will compare rating algorithms, queue-search rules and team-assignment methods, then run many thousands of matches to measure how accurately and quickly each player rating approaches the latent skill used to generate their performance.
The project is motivated by how visible matchmaking problems are to players, while the decisions behind a live system are normally hidden. A controlled simulator makes it possible to change one rule at a time and inspect the trade-offs. The result will be a working prototype, a repeatable experiment suite and a set of recommendations for selecting rating and queue rules for different population conditions.
[bookmark: _Toc243392711][bookmark: _Toc243395215]2. Background to the Research
A matchmaking system normally depends on two connected parts. The rating system estimates player skill from previous results, while the matchmaker uses those estimates and other constraints to decide which players should be placed together. Elo is a useful baseline because it updates a single rating from the expected and actual result of a match. Its simplicity makes it easy to implement, but it does not represent uncertainty directly. This creates a problem during cold start, as a new or returning player may have the same visible estimate as an established player even though the system has much less evidence about them.
Glicko-2 addresses this by storing rating deviation and volatility as well as a rating [1]. TrueSkill represents skill as a probability distribution and was designed to infer individual skill from team results [2]. TrueSkill 2 extends this approach with information such as individual performance, squads and quitting behaviour [3]. Other Bayesian methods provide simpler update rules for games with multiple players and teams [4]. The project will compare Elo, Glicko-2 and TrueSkill using match results only, allowing the effect of rating uncertainty to be tested without private commercial telemetry.
The next decision is how players are selected and divided. A matchmaker may greedily choose the nearest ratings, use a fixed acceptable range, expand that range with waiting time, collect a batch before optimising it, or search possible team partitions using a cost function. Team matchmaking and role restrictions can become computationally difficult as more constraints are added [5]. The way individual ratings are combined also matters, as an average can hide a highly skilled player or a wide spread within one team [6]. Dynamic team matching research further shows the trade-off between waiting for a better pool and matching the available players immediately [7].
Premade parties make this more difficult because friends must normally remain together. A party containing both a beginner and an expert may have the same average as a group of middle-skilled players while producing a different match. The simulator will therefore keep parties indivisible and compare mean skill, highest-member skill, uncertainty-aware aggregation and a penalty for internal skill range. It will also test party symmetry, such as preferring a six-player party against another six-player party. Recent work has proposed distribution-based comparisons for widely varied lobbies [8], while Valve has described using the highest member for some high-ranked parties and matching full parties together [9].
Accurate skill matching is not the only requirement. Network latency can affect play [10], while role satisfaction can be included alongside predicted fairness [11]. Engagement Optimised Matchmaking also questions whether equal-skill games always maximise continued play [12]. This project will keep fairness transparent as closeness to an equal predicted win chance, while latency, roles and engagement optimisation remain documented extensions.
Ranked and unranked modes also need different policies. Unranked does not have to mean random: StarCraft II maintains a separate hidden rating for unranked play [13], and League of Legends documents separate ratings for Normal, Solo or Duo, and Flex queues [14]. The prototype will compare a strict ranked policy with an unranked policy that still uses hidden skill but allows a wider search, faster expansion and greater party skill spread. A new unranked player will begin with high uncertainty, with an optional prior transferred from another mode tested separately.
Live systems must trade all of these requirements against waiting. TrueMatch describes changing acceptable skill and latency ranges according to the available population [15]. The research gap addressed here is an accessible end-to-end comparison that keeps a player's unobserved target skill separate from their current rating, connects this to queue search and party-aware team formation, and measures convergence under repeatable ranked and unranked population conditions.
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The problem being investigated is how a competitive team game can create balanced matches while keeping queue times acceptable and moving imperfect rating estimates towards players' underlying skill. Rating methods update at different rates, queue rules decide when to accept a wider range, and team-assignment rules must place solo players and indivisible parties into two sides. This project will investigate which combinations provide the most consistent trade-off between fair matches, short waits, reliable rating convergence and allowing friends of different skill levels to play together.
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Aim: To design and evaluate a prototype matchmaking system for competitive team games, comparing how rating, queue search, party handling and ranked or unranked policies affect match balance, waiting time and rating convergence.
· Review research on rating systems, matchmaking constraints and evaluation measures in order to define a transparent comparison.
· Create a database of many thousands of synthetic player profiles with separate latent skill, current rating, uncertainty, activity and party behaviour.
· Develop a configurable queue simulator containing solo players, premade parties, 6 vs 6 team construction and repeatable match outcomes generated from latent skill.
· Implement Elo, Glicko-2 and TrueSkill ratings with greedy, fixed-window, expanding-window and batch-based matching strategies.
· Compare party skill aggregation and team-assignment rules, including wide internal skill ranges and party-versus-party preferences.
· Evaluate strict ranked and separate hidden-rating unranked policies across high, medium and low population conditions.
· Evaluate the results, limitations and implementation cost, then produce recommendations and technical documentation for the prototype.
The expected deliverables are the matchmaking simulator and source code, automated experiment configurations, a dataset of synthetic simulation results, graphs and statistical analysis, technical documentation, and the final project report.
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[bookmark: _Toc243392715][bookmark: _Toc243395219]5.1 Research Design
[bookmark: _Toc243392716]The project will combine software development with controlled Monte Carlo simulations. A relational database will store thousands of synthetic player profiles, separating latent skill from observable ratings and uncertainty. A discrete-event queue will model player activity, solo players and indivisible parties of two to six. Matches will be generated from latent team strength, coordination effects and controlled noise, updating only observable ratings.
Experiments will vary rating methods, update rates, matchmaking strategies, party rules, ranked and unranked policies, population levels, skill distributions, drift and noise. Measures will cover match balance, waiting times, party symmetry, rating accuracy, convergence, calibration and computation time. Algorithms will use matched random seeds for fair comparisons.
Results will use distributions, confidence intervals and trade-off plots. Paired statistical comparisons will report effect sizes and p-values. Sensitivity tests will vary arrival rates, skill spread, coordination, cross-mode skill transfer and noise.
Simulation cannot fully represent communication, role preferences, smurfing, intentional losses, latency or queue departures. Conclusions will therefore apply only to the tested model. No human participants or identifiable player data are planned.
[bookmark: _Toc243395220]5.2 Resources and Materials
[bookmark: _Toc243392717]Development will use Python and SQLite, with active simulation state processed in memory. NumPy, pandas and SciPy will support simulation and analysis, Matplotlib or Seaborn will produce graphs. Rating calculations will be tested against published examples. Experiments will run on a desktop computer, using Git for source control and versioned, backed-up folders for configurations, seeds and results.
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The work is divided into stages so that a basic tested simulator is available before more complex algorithms are added. This reduces the risk of spending too much time on one rating method before the experiment process works.
	Task
	Oct
	Nov
	Dec
	Jan
	Feb
	Mar
	Apr

	Literature review and ethics
	X
	X
	
	
	
	
	

	Database and population model
	X
	X
	X
	
	
	
	

	Queue, match and rating engine
	
	X
	X
	X
	
	
	

	Algorithms and pilot runs
	
	
	X
	X
	
	
	

	Full experiments and analysis
	
	
	
	X
	X
	X
	

	Evaluation and report draft
	
	
	
	
	X
	X
	

	Revision and final submission
	
	
	
	
	
	X
	X



A technical checkpoint will be used at the end of December to confirm that seeded simulations, result logging and rating updates are reliable. January pilot runs will estimate the number of repetitions and identify configurations that take too long to execute. The final experiments will be frozen before analysis so that scenarios are not changed in response to preferred results. Time in April is reserved for testing the packaged prototype, checking references and responding to supervisor feedback.
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