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[bookmark: _Toc243449864]1. Introduction
Working title: Anticipating Player Actions: Evaluating Whether Action Sequences Improve Near-Future Event Prediction for Game AI
Most game AI opponents are often reactive. They respond to what a player has already done, typically through scripted rules or finite state machines [1]. Player modelling, a core area of game AI research, instead aims to anticipate a player’s behaviour so that non-player characters (NPCs), difficulty systems and testing tools can adapt [1] [2]. Interest in this area is growing in both industry and academically, which is seen with recent agents being trained on large logs of human play [3], and Microsoft’s WHAM model generates gameplay and controller actions which is learned from recorded gameplay sessions of a released game [4].
This project investigates one component of that goal, whether the order of recent actions can carry useful information about what happens next. Football is used as the test environment because public event data records long, ordered sequences of real actions such as passes, carries and shots [5]. This allows the core question to be tested without first building a game and collecting an entire dataset. The motivation for this project is practical, if action order measurably improves prediction then developers have evidence to justify sequence-aware player models over simpler and cheaper alternatives.
[bookmark: _Toc243449865]2. Background to the Research
[bookmark: _Toc243449866]2.1 Player modelling for game AI
Yannakakis and Togelius define player modelling as the computational modelling of player behaviour, cognition and behaviour and identify it as one of the three core uses of AI in games [1]. A systematic review of data-driven player modelling found behaviour prediction and goal recognition to be the main objectives; however it was noted that most studies relied on small, single-game datasets [6]. Pfau et al. showed that deep player behaviour models could potentially drive dynamic difficulty adjustment in a released MMORPG, increasing intrinsic motivation compared with heuristic tuning [2], and later used models of 213 players to balance player classes automatically [7]. Pearce and Zhu trained a human-like Counter-Strike agent through behavioural cloning on large volumes of human play [3].
These studies show that learned player models are useful, however they report outcomes such as player experience or win rate rather than isolating which input information drives the prediction. It therefore remains unclear whether sequence information is necessary or whether a simpler state-based feature would suffice. This matters within games where sequence models add run-time cost on every frame.
[bookmark: _Toc243449867]2.2 Event prediction in football
Football analytics has developed methods for forecasting future events. VAEP values each action by estimating the probability of a goal within the next ten actions, using gradient-boosted trees on features of the current two previous actions [8]. Its target is close to the one proposed here, but its short and fixed history window was a design choice rather than a tested variable. Seq2Event used Transformer and recurrent architectures to predict the type and location of the next event [9]. NMSTPP extended this to also predict the timing, zone and action [10] and a Transformer “foundation model” outperformed Markov and multilayer-perceptron baselines on next-action prediction [11].
However, these studies change architecture, inputs and target together so their reported gains cannot be attributed to sequence information alone. Davis et al. also warns that sports models are frequently evaluated with leaky data splits and unsuitable metrics, which in turn inflates reported performances [12].
[bookmark: _Toc243449868]2.3 Sequence modelling techniques
Long short-term memory (LSTM) networks [13] and Transformers [14] are the standard choice for architectures for learning from ordered data. Gradient-boosted trees such as XGBoost [15] remain a strong baseline for tabular data and underpin VAEP [8]. Because shots are rare, evaluation must be robust to class this imbalance. Precision-recall analysis is much more informative than accuracy or ROC curves in this setting as if a shot only happens 5% of the time, then the accuracy would be 95% even if it misses every shot [16]. This is why the project uses gradient-boosted trees for a fair comparison, and PR-AUC rather than accuracy.
[bookmark: _Toc243449869]2.4 Research gap
Game AI research shows the value of predicting player behaviour but rarely isolates the contribution of the order of actions. Football research has built capable sequence models but compares them against baselines that differ in several respects at once. No study found in this review has run a controlled comparison in which the only difference between models is access to the order of recent actions. This project addresses that gap.
[bookmark: _Toc243449870]3. Research Problem Statement
Problem: 
It is not currently known whether the order and type of recent actions improve the prediction of a future event beyond what contextual and summary information already provides.
Hypotheses: 
H0: The sequence model’s PR-AUC is no higher than that of the unordered model.
H1: The sequence model’s PR-AUC is higher, with a 95% bootstrap confidence interval for the difference that excludes zero.
Football studies show that sequence models predict well, however their comparisons change several factors at once so the value of action order remains unmeasured [9] [10] [11]. Game developers therefore lack evidence on whether sequence aware player models justify their extra cost.
The study is topical [4] [11] and applies football forecasting to a new context which is player modelling for game AI. Either outcome is useful, support for H1 favours sequence aware NPC design whereas support for H0 shows that cheaper state-based models are sufficient. Football results cannot prove transfer to games so an optional Google Research Football replication [17] tests that link.
[bookmark: _Toc243449871]4. Aim and Objectives
Aim: 
To evaluate whether information about the order and type of recent actions improves the prediction of future events in a dynamic, multi-agent environment, as evidence for sequence aware player modelling in game AI.
Objectives:
O1. To critically review the literature on player modelling and event prediction and to define the prediction task, input features and evaluation metrics by week 4.
O2. To design and develop three separate models which predict whether a shot occurs within the next three actions of a possession. A context baseline, an unordered model that also receives the counts of recent actions and a sequence model that receives those actions in order by week 12
O3. To evaluate all three models on previously unseen matches and data using discrimination, calibration and statistical significance tests by week 16.
O4. To analyse the situations in which predictions succeed or fail and to assess the implications for game AI design, including an optional replication in Google Research Football [17] by week 20.
Deliverables:
· A documented, version-controlled Python code repository with a reproducible experiment pipeline.
· Three trained and evaluated models with results tables, calibration plots and error analysis.
· A final report which presents the findings and evidence-based recommendations for when game developers should adopt sequence aware player models
· Optional: A Google Research Football prototype demonstrating the approach inside a game environment.
[bookmark: _Toc243449872]5. Research Methodology
[bookmark: _Toc243449873]5.1 Research Design
The study is a controlled experiment on secondary data. Three alternatives were considered. Building a game and recruiting plays testers would give data directly from games, but only small samples, and it would consume most of the project timeline. Having a bot generate game data is plentiful, but records are scripted rather than human behaviour. A qualitative approach could not answer a measurable question about a predictive value. As such, football was selected as it offers a large volume of public event data of real, ordered human decisions [5].
The key design decision is that the three models differ only in their inputs. The baseline receives context such as ball location, possession duration, actions so far and score state. The unordered model adds counts of the last k action types. The sequence model receives the same actions however they are in order. Comparing the unordered and sequence models isolates the value of the order; comparing the baseline with the unordered models isolates the value of an action type. Gradient-boosted trees [15] are used for all three, so the comparison is fair. An LSTM [13] sequence variant is added if there is time.

Table 1: Objectives, methods and data
	Objective
	Method
	Data collected
	Why it is needed

	O1
	Critical literature review
	Published features, targets and metrics
	Ensures the task and results can be compared with previous work [12]

	O2
	Feature engineering and model development
	StatsBomb events grouped into possession shot-within-three-actions labels
	Provides the controlled inputs for the experiment

	O3
	Evaluation and significance testing
	Predicted probabilities on unseen matches
	Measures whether differences between models are real

	O4
	Error analysis and optional game replica
	Errors by possession type, zone and sequence length; Google Research Football logs
	Explains where order helps and tests transfer to a game



Analysis
Matches are split 70/15/15 into training, validation and test sets so no match appears in more than one set which avoids leakage [12]. Performance is reported as ROC-AUC, PR-AUC, Brier score and reliability diagrams. Differences in AUC are tested with DeLong’s test [18] and bootstrapped 95% confidence intervals are calculated by resampling matches.
Validity, reliability and generalisability
Each model is trained with five random seeds and reported as mean and standard deviation. Parameters are tuned on the validation set only. A second test on a competition not used in training checks generalisability. Findings are expected to generalise to structured, turn like action sequences but not automatically to all game genres. This limited is stated explicitly and partly tested through the Google Research Football replication.
Table 2: Risks, ethical and legal issues

	Risk or issue
	Mitigation

	Data leakage inflates results
	Split by match, tune on validation data only

	Shots are rare
	Use PR-AUC and Brier score

	Sequence model is slow
	Tree-based lag features first, use LSTM if there is time

	Google Research Football integration overruns
	Kept optional, core project does not depend on it

	Licence (legal)
	Follow the StatsBomb user agreement, non-commercial use with attribution [5]

	Data describes real, identifiable players
	Public on-pitch actions only, player identifiers will be removed as they are not needed and allows o stay in good standing with UK GDPR and the Data Protection Act 2018 [21]

	Sustainability
	Small models trained on CPU, runs are logged to avoid unnecessary retraining.

	Professional context
	In commercial games, player action logs are personal data and as such the report will note that deployment would require consent.
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Table 3: Resources
	Type
	Resource
	Justification

	Hardware
	Desktop, university lab machines as backup
	Tree model and small LSTMs train on CPU

	Software
	Python 3, pandas, statsbombpy, scikit-learn [19], XGBoost [15], matplotlib, PyTorch [20]
	Industry-standard, free tools for machine learning

	Data
	StatsBomb Open Data [5] Google Research Football [17]
	Free, documented and widely used in research

	Literature
	Google Scholar, IEEE Xplore
	Access to peer-reviewed sources

	Version Control
	Git and GitHub
	Reproducibility and backups

	Personnel
	Supervisor
	Guidance on design and ethics


[bookmark: _Toc243449875]6. Project Planning

Figure 1: Project timeline
	Task (resources)
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