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Abstract

Human-like agents have the potential to drastically improve multiplayer, first-person shooter (FPS)
games. They can serve as engaging teammates, useful practice partners, and anti-social behavior
detectors. However, it is difficult to create a multiplayer FPS agent that replicates human be-
havior, and in particular human movement. Despite game developers’ efforts for decades, agents
either struggle with the wide range of possible game situations in a multiplayer FPS, or are too
computationally inefficient to deploy in a commercial title.

This dissertation contributes a machine learning (ML)-based multiplayer FPS agent that has
some of the most human-like behavior demonstrated to date while also satisfying games’ performance
constraints. Previous game developers avoided ML agent techniques due to the computational
requirements. In order to make human-like ML tractable for real-time use in a commercial game,
we made three key design decisions. First, we use an imitation learning approach to train the
agent. Imitation is the most direct approach for creating human-like agents, and multiplayer FPS
titles generate large datasets of demonstrations to imitate. Second, long-term human-like behavior
emerges from our ML model’s short-term predictions. Predicting only the next few actions enables us
to automatically generate large collections of labels and utilize a simple, supervised training process.
Finally, we only utilize learning where necessary. Our agent’s hybrid architecture utilizes rule-based
behavior generators where possible, and the ML model’s game state input is in a symbolic format
that can be efficiently processed.

We utilize these principles to create a complete agent system. We will describe the system’s
four components. First, a dataset curation pipeline for creating a large-scale dataset of human
movement. Second, an efficient, transformer-based movement model trained to imitate the dataset.
Third, a complete agent, known as MLMOVE, that utilizes the learned movement model to play
the multiplayer FPS game Counter-Strike. Finally, we evaluate if MLMOVE is human-like. Since
“humanness” is difficult to evaluate, we present a suite of evaluations, including a user study and
large-scale analytics, demonstrating that MLMOVE’s behavior is more human-like than strong base-
lines including industry-standard and expert-crafted agents. We discuss our agent’s limitations and

the impact of our work on the wider field of video game agents.
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Chapter 1

Introduction

Competitive, multiplayer first-person shooters (FPS) are extraordinarily popular. Multiple titles
have tens of millions of users every month [20, 111]. In the games, teams of players navigate a 3D
world known as a map. Players coordinate their movement with teammates in order to achieve goals
like attacking and defending key map regions. They shoot at enemies in order to compete for control
of these key regions.

Computer-controlled players, known as agents, have the potential to benefit the multiplayer FPS
genre if they can behave in a human-like fashion. Friends are not always online, so human-like
agents could ensure that buddies who imitate your friends are always available to play. Human-like
agents could be customized to provide a skill-level appropriate experience for training. Once we
have a model of normal human behavior, we can use it to define and detect anti-social behavior
like cheating [28, 58]. However, all of these possible applications rely on the existence of human-like
agents.

Skilled human behavior in multiplayer FPS is simple to describe. Players attack enemies from
multiple directions (known as flanking) in order to overwhelm them, help overwhelmed teammates by
moving to defend against flanks, and position near walls known as cover to block enemies’ bullets.
But, these behaviors are complicated to learn. Humans need hundreds or thousands of hours of
experience before they can perfectly coordinate flanks with teammates, know when to provide help,
and predict which piece of cover best protects against all likely enemy locations.

Similarly, it is hard to create human-like agents that replicate these behaviors. Game de-
velopers in other genres have utilized simpler, inhuman agents based on hand-crafted rules for
decades [55, 103]. These rules struggle to replicate the complexity of human behavior in multiplayer
FPS. Researchers have created multiplayer FPS agents that learn to win in inhuman fashions [57].
But, the goal of a human-like agent is not to win every time. The goal is to imitate the behavior of
a skilled human player. These agents struggle to generate human-like behavior, and thus have not

achieved significant adoption in multiplayer FPS games, for three reasons:
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Complexity of Human Movement. Hand-crafted, rule-based agents remain the prevalent
practice in other game genres. However, multiplayer FPS games can generate a vast array of situ-
ations due to multiple teams navigating a complex 3D world. Developers have tried to write down
behaviors for every possible situation using decision trees. Subsets of tree nodes generate behavior
for specific situations. Figure 1.1a is a simple decision tree that took months to create. Real trees
might take orders of magnitude more effort. Figure 1.1a does not even show the full complexity
of its simple logic. Figure 1.1b shows the nest of logic inside the tree for determining the current
situation. Before trees can generate situation-specific behavior, they first need to select the right
part of the tree for the current situation. It is extraordinarily difficult to manually write rules for
how to (1) identify every situation and then (2) generate the right behavior for the current situation.
As a result, hand-crafted agents fail to react appropriately to a diverse set of game situations.

Skill and Human-Like Style are Different. Researchers previously trained superhuman
agents that optimize for winning but do not produce human-like movement [4, 57, 62]. Humans
expect other players to demonstrate a particular human-like style including collaborative movement
techniques and standard map positions. Agents are not exposed to a human-like style of movement
and positioning when they learn to win by playing against themselves, and so may learn to win with
an inhuman style. Humans frequently do not want to play with skilled agents if the agents’ style
does not match their expectations [32]. Human-like agents must move in a manner that matches
human expectations for their target skill level.

Compute Efficiency. Researchers also previously trained human-like agents from human
demonstrations, but these approaches do not satisfy multiplayer FPS games’ performance con-
straints [32, 79]. The key limitations are model size and input game state format. Some of the
human-like agents could use large models because they play turn-based games with run-time perfor-
mance requirements that are orders of magnitude (100x) lower than that of a real-time FPS game.
Other human-like agents play multiplayer FPS games, but use rendered game images as input. This
approach requires a GPU for every agent to render and process the images, orders of magnitude
(800x) more compute than current FPS agents. Most commercial FPS games require agent logic
to use only a small fraction of the total per-frame CPU budget [22] (limiting execution to a few
milliseconds on a single CPU core [66, 86]). We are not aware of a prior, human-like agent that

satisfies the FPS agent performance constraint.

1.1 Key Ideas

The overall contribution of this dissertation is a Counter-Strike agent that (1) has some of the
most human-like behavior demonstrated to date (2) while also satisfying FPS games’ performance
constraints. Three key ideas enable our agent to satisfy the quality and performance goals:

Imitate Human Demonstrations at Scale. If you want to make an agent that demonstrates
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Figure 1.1: The tree diagrams visualize a hand-crafted agent with and without highlighted state
transition logic.



CHAPTER 1. INTRODUCTION 4

skilled human-like behaviors, the most direct approach is to imitate humans. The main challenge
is collecting a dataset of human demonstrations for all possible game situations. Fortunately, mul-
tiplayer FPS games are very popular, so they generate large datasets of human demonstration that
cover all possible situations. Imitation of these massive logs enables human-like agents that are
trained for every possible game situation.

Short-Term Predictions Lead to Long-Term Behavior. Similar to GPT and other LLMs,
we found that models which autoregressively predict short-term actions can generate long-term,
human-like behavior [85]. This finding has two key benefits. First, it enables us to automatically
generate a large collection of reliably correct labels. At each time step in our human demonstration
dataset, the labels are just humans’ next actions. These labels are more reliable than manually
labeled, long-term labels inferring a human’s intent over an entire round. Second, we can use a
simple model and training procedure. Predicting the next few actions is a standard supervised
learning problem. We found that a small model is able to excel at this supervised learning task on
our large dataset.

Learning Everything Is Not Necessary. Multiplayer FPS agents must simultaneously aim
their weapon, fire bullets, and move around the map. We take a hybrid approach that combines rule-
based and learned components, leveraging domain knowledge to ensure each component is efficient.
Rule-based components can generate human-like behavior for some aspects of an agent, like aiming
and firing. Aiming and firing depend on a subset of game state, so an expert can hand-craft rules that
account for the smaller range of possible situations. These rules require very few compute resources.
On the other hand, moving is a complex behavior that hand-crafted agents struggle to imitate.
As explained above, we take an imitation approach where the model predicts human-like actions
from game state. Picking the right game state representation is crucial for model performance. We
extract the game state in a compact, symbolic representation. This format enables a small model

to efficiently process all players’ current states and accurately predict human-like next actions.

1.2 Dissertation Contributions

We use these key ideas to create a compute efficient, data-driven system for creating agents that
move like human players in the multiplayer FPS game Counter-Strike. These agents, which include
a small transformer-based model [73] trained using imitation learning, move like experienced human
team players, execute well-within the agent compute budget of commercial FPS games, and are
simple and fast to train. In order to enable the agent creation system, this dissertation makes the
following contributions:

(1) Efficient transformer-based movement controller. First, this dissertation presents the
first compute-efficient, transformer-based model specialized for controlling movement in Counter-

Strike, called MLMOVE. The model focuses on playing one map (de_dust2) and one game mode
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(Retakes). Once trained through standard supervised learning, MLMOVE produces human-like
movement actions in response to evolving game dynamics. Our movement model’s amortized runtime
cost for controlling two teams of agents in a Counter-Strike match is just under 0.5 ms per game
step on a single CPU core (8 ms inference every 16 game steps), meeting commercial game servers’
performance requirement. Human evaluators assess that our model’s movement is more human-
like than both commercially-available agents and expert-crafted rule-based agents by 16% to 59%
(according to a TrueSkill rating) in a user study.

(2) Pro-player Counter-Strike movement dataset curation system. Second, this disser-
tation presents a system for the curation of a 123-hour dataset of Counter-Strike gameplay called
CSKNow. This is the first large scale dataset curated for learning team-based movement in a pop-
ular FPS game featuring professional players. This curation system demonstrates how to extract
game state into a series of tokens that can be used for supervised training of the transformer-based
movement model.

(3) Hierarchical agent structure for behavior generation and testing. Third, this dis-
sertation demonstrates how to design a hybrid rule-based/learned agent. We identify that behavior
trees, an industry standard technique for designing rule-based agents, are a sufficiently expressive
framework for structuring the agent’s non-learned behavior generators and integrating the learned
movement model. Also, we explain the derived game state features necessary for the agent’s rule-
based components.

(4) Quantitative positioning metrics for assessing human-like behavior. Fourth, the
goal of this dissertation is to produce realistic agent movement at both short-term and longer-term
(full round) time scales. The document defines novel quantitative metrics computed on rounds of
agent vs. agent self-play that assess how well an agent’s movement emulates human players’ team-
based positioning. We demonstrate these metrics correlate with the human evaluators’ assessment
of human-like game play.

(5) Interface for controlling agents in a commercial FPS game. Fifth, this dissertation
explains the design decisions necessary to train, test, and deploy agents in a commercial game like
Counter-Strike. We explain our agent API for reading from and writing to game state. This API
enables our efficient agent to run in a CPU-only environment. Our agent API may serve as a guide
for future game engines as they improve support for agents.

We demonstrate these contributions in Counter-Strike because it is an excellent platform for
human-like agent research. First, Counter-Strike has a large community with a well-defined set
of human-like movement strategies. Counter-Strike is one of the seminal titles in the multiplayer
FPS genre, with millions of players each day [12]. These expert humans have developed movement
strategies. Since we know these strategies exist in our demonstration dataset, we can evaluate if our
agent successfully emulates them. Additionally, we can leverage members of the community to take

part in user studies. Further, there is a lot of publicly available human demonstrations from skilled
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players. Counter-Strike news website HLTV has decades of professional gameplay logs available for
download [50]. We use those demonstrations to curate our 123-hour dataset. Finally, it is possible
to modify the game [100]. We rely on this modification capability to implement an agent control

interface and to debug our dataset curation system.

1.3 Dissertation Roadmap

Chapter 2 discusses MLMOVE in relation to prior works on agents for games including effi-
cient hand-crafted agents, superhuman reinforcement learning agents, human-like imitation learning

agents, and LLMs.

Chapter 3 provides an overview of the problem domain. This section describes the game, formalizes

the human-like agent task, and defines the principles of human-like movement.

Chapter 4 defines the dataset curation system, CSKNOw, which both: (a) creates the training
data for the learned movement model by tokenizing recorded game state and (b) tokenizes the live

game state into model inputs during model deployment.

Chapter 5 defines the learned movement model, including the model input, output, architecture,

and training.

Chapter 6 explains the complete agent system, MLMOVE, that combines the learned movement
model with a hand-crafted behavior tree for non-learned behaviors. This section also explains how

we use behavior trees to test the agent system.

Chapter 7 evaluates the behavior generated by MLMOVE relative to humans and two industry
baselines. This section demonstrates that MLMOVE generates more human-like movement and key
game outcomes than the baselines while satisfying the agent performance constraints of a FPS. It
also demonstrates the importance of key design decisions using ablations. Finally, the section dis-
cusses limitations of MLMOVE.

Chapter 8 specifies the Counter-Strike API we created to train, test, and deploy our human-like
agent. We propose that games implement similar APIs to enable future agent development in

academia and industry.

Chapter 9 discusses the implications of, how future agents can build on, and future applications of
MLMOVE.



Chapter 2

Related Work on Game Agents

Human-like agents are a long-standing goal of researchers and industry practitioners in fields ranging
from video games to robotics, social science, and economics. Video game developers want human-like
agents that can play with and against humans [79]. Human-like robots can collaborate with humans
and accomplish everyday tasks like rearranging a scene [63, 82]. Virtual towns of human-like agents
can enable social scientists to study how people interact [77, 78]. Economists can study crises like
the 2008 housing market bubble using virtual economies controlled by human-like agents [89].

The specific sub-problem of human-like navigation is an important component of multiple ap-
plications including robotics, autonomous driving, visual effects, and games. For example, crowd
simulation in games and visual effects endeavor to generate trajectories for hundreds or thousands
of simple agents with much less complex inter-agent interactions than FPS games [75, 88, 109];
while embodied agent motion planning research for robot navigation requires orders of magnitude
more compute resources than FPS games to interact with a real physical world observed through
cameras [29, 53, 114].

Our work addresses the broader challenge of human-like groups of agents, and the narrower
subproblem of human-like motion control, in FPS games. These agents perform a wide range
of movements (walk, run, jump) in a dynamic environment under extreme runtime performance
constraints. There are three main ways to design agents. Each of these approaches has not achieved
significant industry adoption because they fail to address at least one of the three main challenges
facing human-like agents: complexity of human behavior, moving in a human-like style, and compute

efficiency.

1. Hand-Crafted Rules (Section 2.1) - As explained in Chapter 1, human-like behavior is far too

complex to manually encode as a set of rules.

2. Learn to Maximize Objective (Section 2.2.1) - While these agents address the complexity

challenge, they learn to maximize an objective, typically win rate, using an inhuman style.
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3. Learn to Imitate Human Demonstrations (Section 2.2.2) - While these agents address the
complexity and human-style challenges, current approaches are too computationally inefficient
to deploy in multiplayer FPS games like Counter-Strike. Computational complexity is not
a fundamental limitation of imitation-based approaches. Rather, prior applications of the

approach focused on other domains where efficiency requirements are not as strict.

Recently, large language models (and other types of foundation models) (Section 2.3) have gained
popularity as a way to design agents. Foundation models are large models trained on general datasets
of human language, video, and images before being applied to a specific task. Large language
models are a type of foundation model that focus on language. In the agent domain, foundation
model approaches are typically extensions of one of the prior approaches. For example, foundation
models may automatically write the behavior rules for a rule-based agent, alleviating the difficulty of
manually specifying all behaviors. Alternatively, foundation models may write the objective function
that agents learn to maximize. Despite these improvements, foundation model-based agents have
not achieved industry adoption for the same reasons as the prior approaches: they do not address
all three key challenges.

In this section, we explain the prior work on designing agents using each approach, the degree
to which each approach has been adopted by the wider game industry, and why prior applications
of each approach fail to satisfy all three human-like agent design challenges. Finally, we end with
an analysis of other multi-agent applications and how their techniques may apply to our current

problem.

2.1 Hand-Crafted Rules

The industry-standard approach for designing human-like agents in games is hand-crafted rules
specifying movement and all other behavior. While these agents are efficient, they are not human-
like. It is extremely difficult for game developers to hand-craft rules for every possible situation. This
limitation has resulted in widespread skepticism by industry developers towards agents in multiplayer
FPS games. Counter-Strike removed agents from their competitive experience because the agents’
inhuman logic led to abusive experiences [99]. Agents in other multiplayer FPS games, like Fortnite,
are only used as primitive training tools for new players while they learn the game’s basics [101].
Academic research on hand-crafted agents also demonstrates the struggle to generate human-like
behavior in complex environments. Huang et al. require a complex hierarchy just for coordinating
movement of pedestrians through doorways [54]. These attempts to use agents demonstrate their
potential if they behaved in a human-like fashion.

Due to this skepticism, the game developer community has focused on developing agents for
game genres other than multiplayer FPS. One example is singleplayer FPS, where one player faces

hoards of agents that do not need to appear human-like. In early singleplayer FPS titles like Doom
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(1993), developers wrote flat finite-state machines (FSMs) to control enemy behavior [103]. These
basic FSMs were fine for expressing simple logic, but not for the complex logic necessary to generate
human-like movement.

Over time, developers created tools for expressing more complex agent behaviors as hierarchies
of rules. While these rule hierarchies are not complex enough to generate human-like behavior, they
are sufficient to create engaging experiences where one human fights against overwhelming numbers
of simpler enemies. Isla proposed a hierarchical approach known as Behavior Trees (BT) for Halo
2 (2004). BTs enable composing complex FSMs out of simpler ones with temporal semantics [55].
BTs are now a standard programming model in the video game industry, with support by major
engines like the Unreal Engine [30], as well as the robotics industry [15].

In addition to BTs, two other approaches are popular for organizing hierarchies of rules in
videos games. Utility Al-based agents in games like The Sims (2000) use developer-specified utility
functions to select the best option given the current game state [84]. Planning algorithms use
automated search over developer-specified constraints to find a chain of actions that accomplishes
a goal. Orkin proposed Goal Oriented Action Planning (GOAP) for F.E.A.R (2004). In GOAP,
developers specify action costs and use A* to find the cheapest sequence of actions to accomplish a
goal [74]. Unfortunately, GOAP’s A* search can be hard to control and too inefficient. Developers for
titles like Transformers: Fall of Cybertron use Hierarchical Task Networks, which give developers
greater control by enabling them to manually specify the set of possible plans [84]. While these
approaches improve the process of designing complex FSMs, they do not change the fundamental

limitation: designers must manually design rules for all of humans’ complex behaviors.

2.2 Learning

The game industry recognizes the limitations of hand-crafted rules, and is exploring learning-based
approaches to create human-like agents. The two main approaches are training an agent to learn
how to maximize an objective, known as Reinforcement Learning (RL), and training an agent to
imitate human demonstrations, known as Imitation Learning (IL). Game developers like Electronic
Arts and Riot have explored RL-based agents [9, 45], with Electronic Arts comparing them to IL-
based approaches [45, 95]. However, the game industry is currently in the early stages of adopting
learned agents. No game developer has released a human-like agent for a multiplayer FPS at this

time.

2.2.1 Learning to Maximize Objective

RL agents learn to maximize an objective function, typically win rate. The RL agent creation process
has two steps: a developer writes an objective function that typically encourages winning, and the

agents learn to maximize that function by playing the game. RL agents can generate superhuman
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behavior in complex strategy games like Dota 2 and Go [4, 98] and in FPS games like Doom and
Quake [57, 62]. The RL approach avoids the limitations of hand-crafted rules, since the learning
procedure handles creating a complex behavior policy.

The problem with RL agents is that winning behavior is not human-like and thus not engaging
for users. RL agents typically learn to maximize the objective function through self-play, and do not
learn from examples of human play. Therefore, they are not likely to generate behavior that matches
human expectations. Humans may struggle to collaborate with the RL agents whose actions do not
match human expectations [32]. In the racing game MotoGP 20, game reviewers found that the RL
agents won with an inhuman level of aggression and disregard for personal safety [36].

Game developers have successfully utilized RL agents in game genres that do not require human-
like behavior. In Little Learning Machines, the gameplay revolves around players training RL robots
that collect coins and dodge obstacles. Players utilize a visual programming language for writing
reward functions. Figure 2.1 demonstrates the reward programming language. Typically, these
reward functions return a positive value for actions that lead to winning, such as collecting coins,
and a negative value for actions that lead to losing, such as jumping on flowers [8]. Rewarding
human-like actions would be challenging, so the developers have been careful to design a game
where the agents can be engaging without being human.

A secondary limitation of RL agents is training cost. RL agents need to play many games in order
to learn complex policies. Running the game can be computationally expensive, since the engines
are designed for human-play rather than simulation. Researchers have explored techniques to train
RL agents more efficiently in simulators designed for high throughput [96] or in world models that
emulate the game [42]. Developers at Riot wrote a simulator of Teamfight Tactics (TFT) in order
to train their RL agent [9]. However, both of these approaches have limitations. The simulator

approach requires rewriting the game’s logic. Rewriting may be cost prohibitive, and differences
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between the game and simulator implementations may prevent policies from succeeding in the real
game. Learned world models have had success in subsets of Doom [42] and MineCraft [44], but have

not yet been demonstrated for team-based FPS games.

2.2.2 Learning to Imitate

IL agents learn to imitate human behavior. The IL agent creation process has two steps: a developer
creates a dataset of human demonstrations, and the agents learn to imitate the demonstrations.
When trained on large, diverse datasets sets of human play, IL-based agents can generate human-
like movement for a wide range of situations. While game developers like EA have explored IL-
approaches [45, 95], no human-like IL agents are currently deployed in multiplayer FPS at this time.
Current IL agents are too computationally inefficient for multiplayer FPS games.

IL agents are used to predict human movement around autonomous vehicles, which have different
compute constraints. Scene Transformer [73] trained a transformer for predicting multiple pedes-
trians’ and cars’ trajectories on different roads over a five-second time horizon. Scene Transformer
leverages the transformer’s attention mechanism to learn relationships between cars, pedestrians,
and road geometry. MotionLM [93] demonstrated that a decoder-only transformer architecture can
increase accuracy, since the decoder enforces causal relationships between earlier and later time
steps. The models used in Scene Transformer and MotionLM cannot be directly applied to motion
control for FPS games, because their compute cost is multiple orders of magnitude too high. They
use large model architectures because they target a different use case: predicting pedestrians over
a five second time horizon. Adapt [2], a compute-optimized movement model based on the Scene
Transformer, runs in 11 ms when highly optimized for a Tesla T4 GPU. Its compute cost is still at
least two orders of magnitude greater than the AI budget of FPS games [18]. In contrast, our learned
movement model, designed for learning human-like movement in team-based FPS games, requires
two orders of magnitude less compute than Adapt without any hardware specific optimization.

One group of researchers have created IL-based human-like agents for multiplayer FPS. Pearce
and Zhu trained a model that controls all behavior (not just movement) of a single Counter-Strike
agent using rendered images as input [79]. This pixels-to-actions approach (similar to [41, 59])
requires a GPU for every agent, approximately three orders of magnitude (800x) higher compute
than commercial FPS games’ agent performance constraints. The GPU is necessary so the game
can render the frame and the model can process it. Additionally, Pearce and Zhu do not generate
coordinated team behavior because they train on data from, and test their agents in, a game mode
where players typically practice low-level mechanics without the need for intra-team coordination.

Efficient IL agents have been deployed in commercial games outside of the multiplayer FPS
genre. The key challenge is choosing an efficient state representation. Other genres have simpler
game states than multiplayer FPS, so game designers can more easily create efficient IL agents. The
first Forza game, a racing title, used IL agents on an Xbox console with a 733MHz CPU [102]. The
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Figure 2.2: Driving game state can be represented as following a 2D path [39].

2D fighting game Killer Instinct used IL agents as well [39]. Racing games and 2D fighting games
can be simplified to navigating 2D spaces, as demonstrated by Figure 2.2. Navigating a 2D space
without teammates is much simpler than the team-based, 3D movement and positioning necessary
in a multiplayer FPS. A key idea of this dissertation is picking an efficient state representation for
multiplayer FPS games, thus enabling efficient human-like agents.

Other games have used IL to handle low-level human-like animations. In this application, multiple
papers focus on the key idea of using IL to learn a state space of human-like animations, and then
learning a separate policy to search that space. Learned Motion Matching searches the space using an
IL-trained controller, and Motion VAEs uses a RL-based controller [52, 67]. While these approaches
focus on a lower-level form of behavior than our learned movement model, the separation of state
representation and state search controller as a way to ensure temporal coherence may generalize

across applications.

2.2.3 Reinforcement Learning/Imitation Learning Hybrid

Research on hybrid RL and IL training procedures created objective-based approaches that also
generate human-like behavior. GREIL is an RL-based crowd control policy trained with an objec-
tive function based on similarity to human examples [11]. Cicero is an agent trained with piKL,
which regularizes the objective function with an IL policy to prevent drastic deviation from human
behavior. Cicero is designed for Diplomacy, a turn-based strategy game where action frequency is
100 times slower than in a FPS [32]. We are not aware of a hybrid RL/IL approach for human-like

agents in a FPS game.



CHAPTER 2. RELATED WORK ON GAME AGENTS 13

2.3 Large Language Model Controllers

Large language models (LLM) enable improved versions of the previously described rule-based and
learning approaches. The game industry is beginning to explore these LLM-based improvements.
Google and Square Enix have demonstrated experimental text games with LLM-based agents that
imitate human behavior [34, 71]. However, game developers have not deployed these LLM-based
improvements. In this section, we will explain how LLMs can enhance each approach for designing
agents and the remaining challenges.

LLMs can write code, so they can replace humans for writing rule-based agents. The resulting
LLM-crafted rules are efficient, even if the LLM itself is large. However, there are no LLM-crafted
rule-based agents that currently are complex enough to generate human-like behavior in a team-
based FPS. Code-as-Policies (CaP) uses LLMs to write rules for real-world robots organizing objects
on a desk [65]. Voyager improves on CaP by incorporating LLM-written rules in a hierarchical agent
that plays Minecraft. This hierarchy consists of (1) using the LLM to write a library of behavior
subroutines, and (2) using the LLM to query the library for the appropriate skill in the current
game state [106]. LLMs can write better behavior rules by leveraging prompting techniques includ-
ing Chain-of-Thought, which encourages the LLM to output intermediate reasoning tokens [107],
and Chain-of-Code, which enables the LLM to emulate psuedocode subroutines [64]. Startups like
Agentic.ai are exploring similar approaches for FPS games [17]. However, an open question remains:
can one express a human-like policy using a collection of rules? Even an LLM may struggle to write
rules for how humans should coordinate and compete in every possible FPS game state.

Just like humans, LLMs can create objective functions for RL-based agents that learn to maxi-
mize the objective. MineDojo leverages LLMs to create reward signals from Minecraft video demon-
strations [33]. Eureka enables dexterous robot agents by using an LLM to evolve reward function
code [69]. While these RL approaches can solve a general set of small tasks, they are not yet
able to generate human-like behavior for FPS games. Additionally, LLM-based RL agents have
not been demonstrated in complex games like Dota 2, unlike RL agents using hand-crafted reward
functions [4].

In order to generate human-like behavior, LLMs can be utilized to produce high-level plans for
IL agents. Park et al. surrounded GPT-3.5 with memory and query systems in order to create
human-like daily plans for characters in a 2D world [78]. MindAgent uses a similar approach with
GPT-4 to collaborate with humans in CuisineWorld (a 3D version of Overcooked) and Minecraft [38].
CrowdMoGen uses GPT-4 to enable generalizable crowd movement models, as the LLM outputs a
situation-specific plan that guides diffusion model for human movement [40]. While these general
approaches can generate human-like behavior in a wide range of situations, they all rely on GPT
models that are orders of magnitude too expensive for the performance constraints of FPS agents.

Even GPT-3 requires requires 32,000 times more parameters than our learned model [5].



CHAPTER 2. RELATED WORK ON GAME AGENTS 14

2.4 Other Multi-Agent Applications

There are a wide range of multi-agent applications from navigating warehouses [13, 76] to controlling
multiple units in a real-time strategy game [92] and competing in a Sumo wrestling game [6]. While

[43

these applications typically require the team of agents to “win” at an objective rather than imitate
humans, the RL solutions still have valuable insights that may be relevant for human-like agents
in multiplayer FPS. The key insights in these applications are modeling other agents behaviors
and the world. Modeling opponent behavior makes them easier to predict and respond to [6], and
modeling teammate behavior improves coordination [13, 68]. Similar to these cross-agent models, we
use transformer’s attention mechanism to learn relationships between players. Modeling the world
enables agents to better predict and respond to changes in the world. More accurate and complex
world simulations require more complex agent coordination [92]. Learned world models [43, 113] and
faster hand-crafted world simulators [60] enable agents to learn the world’s dynamics at a faster rate.
In this dissertation, we implicitly learn the world (map geometry) from agents’ positions. Future
work on human-like agents may explore more advanced world models in order to better generalize

to multiple maps.



Chapter 3

Task Definition: Human-Like
Multiplayer FPS Agent

This dissertation defines a system for creating and evaluating a human-like agent in Counter-Strike.
This chapter describes the human-like agent task: the details of human-like behavior in Counter-
Strike and how an agent interfaces with the game. While we focus on one game, games across the
multiplayer FPS genre share our task definition since they have many similar key properties, like

the importance of team-based movement. We define the human-like agent task in three steps:

1. Game of Counter-Strike (Section 3.1) - define the game including the map geometry and
players’ objectives. In order to explain our system, we must first explain the world surrounding
the agent. Humans cooperate and compete in order to accomplish their objectives. The
objectives and strategies to accomplish the objectives are the motivation for humans’ behaviors,

like movement.

2. Agent Task Formalization (Section 3.2) - define what an agent does including the input
observation space, output action space, and environment state space. The second step describes
how an agent (a) perceives the environment and (b) emits actions that generate the desired
behavior. We will also provide a high-level description of our agent’s hybrid architecture
combining learned and hand-crafted components. Later chapters will describe the details of

the individual components.

3. Principles of Movement (Section 3.3) - define the desired characteristics of a human-like
agent’s behavior. We focus on movement since it is the key human-like agent subtask, both

difficult to generate and crucial for skilled human play.

15
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Figure 3.1: Our agent focuses on the map de_dust2. After several decades of play, humans have
labeled the important regions of the map in order to coordinate team-based movement strategies.
The bombsites are the regions outlined in red in the top right and left of the image. de_dust2 is a
canonical example of Counter-Strike maps, and all other maps used for competitive play have similar
labels.
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Figure 3.2: The defense (yellow outline) and offense (blue outline) players in Counter-Strike’s retakes
game mode.

Figure 3.3: In Counter-Strike’s retakes game mode, the offense (blue outline) attempts to defuse the
bomb and the defense (yellow outline) attempts to prevent the defusal.

3.1 Game of Counter-Strike

Counter-Strike is a multiplayer FPS involving two teams competing for control over a map. To
focus on player movement, we concentrate our attention on a popular Counter-Strike practice mode
known as “Retakes.” In each round, a bomb is planted in one of two pre-determined regions known
as bombsites A and B. Figure 3.1 shows the locations of the bombsites on one popular map called
de_dust2. The bomb will explode in 40 seconds unless it is defused. The goal of one team, who we
call the defense, is to defend the bomb until it explodes. At most 3 players are on defense. The
goal of the other team, who we call the offense, is to defuse the bomb before it explodes. At most 4
players are on offense. As demonstrated in Figure 3.2, we highlight the defense players with a yellow
outline and the offense players with a blue outline for visual clarity. Figure 3.3 demonstrates the
offense defusing the bomb and the defense preventing the defusal. One defense player must start
at the bomb location while all other players can start at any location on the map. Members of the
two teams can eliminate each other using several weapons and grenades. To further our focus on
movement behavior, we restrict all players to the same weapon type and preclude the use of any

grenades.
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Our focus on retakes reduces the amount of Counter-Strike necessary to model. Other aspects
of the game state include cross-round state like the number of rounds that each team has won in
the match and the amount of money each player has to buy weapons. We simplify our game state
model by focusing on a practice mode in which all rounds are independent.

We also simplify our state model by training agents for a single map, de_dust2. Even though FPS
games like Counter-Strike can have many maps, maps are designed to have similar room and path
layouts that are known to enable interesting gameplay; expert players tend to hone their strategies
by playing on the same map over and over [97]. For these reasons, we chose to focus our study on

the extremely popular de_dust2.

3.2 Agent Task Formalization

3.2.1 Game State

We model the subset of Counter-Strike’s state necessary to represent retakes. The game state at
time t consists of player states ¢;+ € Q; as well as global game state that consists of the map state
map; and key events e;; € E; like players shooting or being eliminated. Time ¢ is tracked inside
each round of Counter-Strike using game ticks. For the rest of this dissertation, we use game ticks
(steps) and time ¢ interchangeably. We use B to represent {True, False} and Z to represent the set

of all integers.

1. Each player’s state ¢;+ = [pit, vi,t, Ui, lit,vdit, hi¢,7i¢) consists of position p;; € R3, velocity
Vit € R3, team u; € {Offense, Defense}, alive status l; 1 € B, view direction vd;; € R2, health

hi: € Z, and armor ;4 € Z.

2. Map state map; = [by, x| consists of the target bombsite b € {A, B} and seconds left until the
bomb explodes x; € R.

3. Each game event e; ; = [src; ., tgti, yi¢] consists of source player id src;, € Z, optional target

player id tgt; ; € Z, and type y; . € {shoot, hurt, elimination}.

3.2.2 Action Space

Players can move, aim, and fire. We refer to these components of a player’s action at time step ¢
@i = [My ¢, duiy, fi ] as movement command m; ¢ € Z specifying which direction to move, how fast,
and whether to jump or not; aim command a.k.a view direction update command du;, € R?; and

fire command fc;; € B.
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Figure 3.4: MLMOVE’s architecture consists of three components (moving, aiming, and firing)
organized in a tree structure.

3.2.3 Agent Architecture

Our goal is to design human-like controllers for moving, aiming and firing. Figure 3.4 shows the
architecture of our agent, known as MLMOVE. We designed MLMOVE’s architecture as a tree with
branches for moving, aiming, and firing.!

Human-like movement is hard and is the focus of this dissertation. We use an imitation learned
movement model in order to generate behavior that demonstrates humans’ complex movement and
positioning principles. Chapter 5 describes the learned movement model.

We use hand-crafted modules for aiming and firing. There is a large body of work on human-
like aiming and firing [3, 56, 70] since these behaviors are easier to encode with rules. Players aim
at enemies that are visible, or at locations where enemies are likely to become visible. Similarly,
players fire when they are aiming at enemies. Chapter 6 describes the hand-crafted aiming and firing
components, as well as the overall structure combining the components with the learned movement

model.

IThe nodes in Figure 3.4 are a simplification of the actual MLMOoVE nodes. We use this simplified representation
for visual clarity.
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(a) The blue offense player leverages cover (red wall) (b) The blue offense player stands near the opposite
to hide from the yellow defense player above. wall to engage with the yellow defense player.

Figure 3.5: An example of the cover movement behavior. The yellow and blue lines showing players’
view directions are for demonstration purposes, and are not visible when playing the game.

3.3 Principles of Movement

Out of the three components in our architecture, we focus on learning movement because it is the
hardest to handle with hand-crafted rules and fundamental to skilled play. In this section we address
“what is human-like movement” that we hope to emulate in our agent. Movement and positioning
(moving through key areas) principles provide players with an advantage over their opponents.
Direct interactions between enemies are brief in Counter-Strike, often lasting only a few seconds,
and every bullet is important, since only one hit is necessary to score a kill. The key principles
provide advantages including allowing players more time to react than their opponents and making
their bullets more likely to hit the target.

Despite their importance, movement and positioning principles are difficult to implement, partic-
ularly in industry-standard non-learned agents. The application of the principles depends on a wide
range of factors including map geometry, teammate positions, and enemy positions. It is not feasible
to hand-craft rules for every possible situation, even when limiting agents to one map like de_dust2.
As evidence, we will provide a high quality, hand-crafted agent that a Counter-Strike expert spent
months crafting, and this agent’s movement was not close to human-like. But, we can quantify
the movement behaviors’ (and resulting strategies’) usage rates using game metadata and expert
humans’ terminology for describing the strategies. In this subsection, we will explain the principles,
provide examples of behaviors implementing the principles, and explain why the principles are dif-
ficult to implement with hand-crafted logic. These movement-based strategies are common across
the multiplayer FPS genre, so an approach implementing these principles should generalize to many

other games.
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3.3.1 Principle 1: Cover Usage

The first principle is cover usage. Cover is map geometry that blocks sight lines and bullets between
a player and their enemies. Players use cover to stop engagements. Players move into the open,
away from cover, when they want to maintain sight lines to an enemy and increase the likelihood of
bullets hitting an enemy. This enables players to engage enemies.

Figure 3.5 demonstrates the cover usage principle. In Figure 3.5a, the blue offense player uses a
position near cover walls to protect themselves from enemies. The red wall is cover as it prevents
the yellow defense player from seeing the blue offense player. When humans are ready to engage
with the enemy, they move to other parts of the map. Figure 3.5b shows a blue offense player using
a position near the opposite wall, away from cover, so they can see as much of the yellow defender as
possible and their bullets have a high probability of hitting the defender. Additionally, humans do
not stand in the middle (the red box in Figure 3.5b) because then they can get shot without seeing
everyone.

Hand-crafted agents struggle to generate human-like cover utilization. It is not as simple as
standing near walls. Cover depends on both map geometry and player positions. A wall only forms
cover if it is between a player and an enemy. The blue offense player in Figure 3.5b is standing
near multiple walls, but the walls do not provide cover as they do not block the sight line to the
enemy. Also, multiple walls may form cover between a player and the enemy. It is not feasible
to craft movement rules for every possible combination of player positions and map geometry in
de_dust2, let alone across many different maps. When we explored computing cover only from map
geometry, we did not find the analysis useful for predicting player behavior because so much of the
map geometry serves as possible cover [23, 27]. Human behavior demonstrations identify which walls
humans use as cover in each game state.

Heatmaps like Figure 3.6 demonstrate humans’ use of cover. The heatmap shows where humans
move on the subset of de_dust2 from Figure 3.5. Each pixel counts the game ticks when an offense
player occupies that position in the map. Red indicates humans use that position more frequently.
The red at the top of the heatmap shows that humans stand near the right wall from Figure 3.5a,
which provides cover. The red at the bottom of the heatmap shows that humans also stand near the
left wall from Figure 3.5b, which is in the open and allows them to engage enemies. They do not
stand in the blue region in the middle, which is neither behind cover nor completely in the open.

Here, players will struggle to fight back against enemies during an engagement.

3.3.2 Principle 2: Reacting To Enemies

The second principle is reacting to enemies. Humans adjust their movement and positioning based
on enemy locations. If the offense is about to defuse the bomb, then the defense must move to
positions near the bombsite to stop the defusal. If the offense is far from the bombsite, then the

defense should try to intercept the offense in cover-free positions before they reach the bombsite.
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Figure 3.6: A measure of cover usage from human gameplay. Humans use red positions more
frequently. The red regions in the top and bottom show that humans use cover to hide from enemies
and then engage the enemies by standing in the open.

(a) The yellow defense player moves to the left to stop (b) The yellow defense player moves to the right to
the blue offense player from defusing the bomb. stop the blue offense player while they climb the stairs.

Figure 3.7: An example of the players’ changing their movement behavior in response to enemy
positioning.

Similarly, the offense can move faster and with less concern for cover if the defense is far away. If
the defense is near, the offense needs to move slowly and cautiously without straying far from cover.
The appropriate movement and positioning behavior depends on all players positions.
Hand-crafted agents struggle to react to enemy positions in a human-like fashion. Just like with
cover-based movement, this behavior is situation specific and it is not possible to craft rules for
every situation. For our hand-crafted baseline agent, we spent months manually annotating how
our hand-crafted, baseline agent should respond to enemy positions. For example, we manually
annotated defense positions far from the bombsite known as chokepoints, defense positions closer to

the bombsite, and rules for how defense agents should pick between these positions. Chokepoints
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provide the defense with an advantage since they are narrow, constrained regions where the offense
is far from cover. But, we could not write down rules that always made every judgment call in a
human-like fashion. If a defense player is assigned to a chokepoint, they eventually need to make a
judgment call to deprioritize the chokepoint and move to the bombsite because no offense player is
likely to move through the chokepoint. We were not able to craft rules that always chose “chokepoint
or bombsite” in a human-like fashion. Demonstrations are necessary to learn how a human would
make such a judgment call.

Figure 3.7 provides an example of reacting to enemies. In Figure 3.7a, the yellow defense player
moves to the left (BombsiteB) in order to stop the blue offense player. The offense player is defusing
the bomb, so the defense player needs to prioritize the bombsite. If the defense player does not
react, then the defusal will be successful and the defense player will lose the round. In Figure 3.7b,
the offense player is coming up the stairs on the right rather than standing in the bombsite. The
defense player should respond by moving to the right to intercept the offense player on the stairs,
a chokepoint. If the defense player moved to the left, they would needlessly yield control over a
portion of the map and allow the offense player to travel through the chokepoint without trouble.

Thus, the defense player maximizes their odds of wining by reacting to the offense player’s position.

3.3.3 Principle 3: Flanking

The third movement principle is flanking. Flanking is synchronized attacks from multiple directions.
Defense players naturally have an advantage, since they can set traps at chokepoints and wait for
offense players. At these chokepoints, defense players can improve their reactions by predictively
aiming where the offense will appear. Flanking enables skilled offense players to gain the advantage
by creating moments when the defense is surprised and overwhelmed. The defense cannot predic-
tively aim if they do not know where the offense will appear and must watch multiple directions
simultaneously. The difficulty with flanking is determining where to synchronize attacks. Depending
on defense player positioning, different offense players in a flank may need to move faster or slower
in order to ensure all players enter combat simultaneously.

Figure 3.8 demonstrates this behavior. The defense is in BombsiteB, the bottom right of the
image, in order to defend the bomb. The offense is entering BombsiteB to defuse the bomb. In order
to execute a flank, the yellow offense players enter from multiple directions: UpperTunnel (red box,
top right), BDoors (blue box, middle left), and Hole (green box, bottom left). (Region labels are
defined in Figure 3.1.) The offense’s flank forces the blue defense players on BombsiteB to watch
multiple directions simultaneously. The defense does not know where the offense will come from, so
the defense cannot predictively aim at one entrance such as the red one.

Figure 3.8 also demonstrates flanking’s temporal synchronization challenges. The offense player
using the red entrance may see enemies before they reach the end of the tunnel. In this case, the

offense players using the blue and green entrances will need to enter BombsiteB sooner.
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Figure 3.8: Our agent executing a flanking strategy. A learned movement approach enables our
agent to generate temporally synchronized, human-like movement that is difficult to encode with
hand-crafted rules.

Hand-crafted agents struggle to execute human-like flanking strategies due to the difficulty of
adjusting temporal synchronization for enemy positioning. For our hand-crafted baseline agent, we
spent months manually annotating map positions where offense agents should wait while temporally
synchronizing with their teammates. However, it was difficult to write logic for how to adjust
these synchronization positions depending on enemy positions. It was not feasible to adjust the
synchronization logic for the long tail of possible enemy locations. As a result, players found our

hand-crafted agents always flanked in the same way and were predictable.



Chapter 4

CSKnow Dataset Curation System

Our hybrid agent uses both rule-based and learned components. Due to the complexity of human
movement, we use a large dataset of human demonstrations to train an IL movement model. No
suitable datasets existed when we started this project, so we had to curate the first large scale
dataset for learning team-based movement in a popular FPS game featuring professional players. In
this chapter, we present our dataset curation system called CSKNOW.? We will explain (1) how we
used CSKNOW to extract the dataset from Counter-Strike gameplay logs, and (2) how we derived a
number of high-level features useful for learning FPS movement.

We record game state at a high frequency. Our model makes a prediction every 125 ms to match
human reaction times [7]. To enable our model to learn these fine-grained behaviors, we extract
our features at 16 Hz frequency (every 62.5 ms). Prior Counter-Strike datasets focused on long-
term outcomes like win probability, so they captured game state at too low frequency for evaluating
movement commands at every 125 ms. For example, ESTA contains professional game play with
data points every 500 ms [110], and PureSkill. GG contains amateur game play with no guarantees
on data capture frequency or even if some data were dropped [19].

The derived features address two limitations. First, we add derived features describing key events
like shots and kills. Players communicate these key events to teammates during gameplay. Counter-
Strike logs do not record this communication, so we add derived features recording recent key events
and indicating key events may occur soon. Second, humans behavior is guided by long-term intent.
We train our model using a short-term loss function that may not capture these latent strategies.
Our derived strategy feature infers long-term behavior.

When designing the dataset, we chose a symbolic state representation instead of rendered images.
Games servers and logs already use a symbolic state representation, so we can extract it (with a
lot of technical effort). The symbolic representation is far more efficient than rendered images used

in other Counter-Strike agent research [79]. Rendered image state requires GPUs both to run the

1For the rest of this dissertation, we will use CSKNOW to describe both the system and the dataset.
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Figure 4.1: CSKnow is a diverse dataset of 123 hours of professional Counter-Strike play. (a) Density
of player positions at the start of each round. Players start in a wide range of positions. (b) Density
of player positions throughout the entire round. Players visit all areas of the map. (c)-(d) Rounds
start with different numbers of offense and defense players, and can end almost immediately or last
until the explosion (e). Note: (a)-(b) graphs are log scale, (c)-(e) graphs are linear scale.

game’s rendering pipeline and to run large models performing perception. A symbolic representation
enables CPU-only agents, since the features can be extracted from the memory of a CPU-based game

server and processed by a much smaller model.

4.1 Methodology

We created a system to curate the 123 hour dataset from logs of 1156 hours played on the de_dust2
map by professional players between April 2021 and November 2022. The data comes from over 17K
rounds and features 2292 unique players, 513K shots, and 29K eliminations. We downloaded the
logs from HLTV [50]. The logs contain game play from the complete Counter-Strike game mode,
not just the retakes practice one. Unlike the retakes mode, the complete game mode requires five
on each team at the start of each round and involves an earlier stage where teams compete to plant
the bomb. We filter the data in CSKNOW to game ticks when the bomb has been planted and at
least one player is alive on both teams, a super-set of retakes. This filter ensures our dataset is
focused enough to be representative of the retakes mode play style while still broad enough to cover
a diverse range of gameplay.

Figure 4.1 shows that CSKNOW covers a diverse range of play situations: players start in a wide
variety of starting positions, and over the course of play move into all locations on the map. Since
bomb plants in a full game occur in the middle of Counter-Strike rounds, the number of players that

are alive on each team at the time of bomb plant varies significantly in the data set.

4.2 Derived Communication Features

A limitation of the raw Counter-Strike log files is that they do not store audio signals and com-
munication between teammates. Skilled Counter-Strike players make decisions based not only on

their knowledge of the de_dust2 map (e.g., intuition about where enemies are likely to be), but also
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on information they receive while playing. Players track the following team interactions to know
where enemies will be and which teammates need help: is a teammate about to shoot an enemy,
is an enemy about to shoot a teammate, or was a teammate recently hurt by an enemy’s shot?
Additionally, teams use communication to pick a coordinated, long-term strategy. We enrich the
dataset with auxiliary player features that can approximate this information.

We derive these auxiliary player features d; , = [cd;,t8i 1, thi, vise, v, ] using game events
and player states. We identify when a player is about to shoot an enemy with cd;; € [0,1], the
distance from a player’s crosshair to their nearest enemy (up to 30 degrees). We track the time
since they last shot (up to five seconds) with ts;, € [0, 1], and the time since a player is last hurt
(up to five seconds) with th;, € [0,1]. We track the time since an enemy was last visible (up to
five seconds) with vi; ; € [0,1] and the time since a player might be seen by an enemy (up to five
seconds) with ve; ; € [0,1]. We describe strategy s; below.

Strategy Control. Humans’ actions are guided by global, long-term intent. In Chapter 5, we
will explain that our model focuses on short-term predictions in order to handle Counter-Strike’s
rapidly changing game state and to improve model efficiency. We do not expect our model to learn
long-term, latent intent from our short-term loss function.

One key strategic decision is whether to win the current game round. All retakes rounds are
independent, so players try to win every round, known as pushing. The professionals in the CSKNOW
dataset play a different game mode with inter-round dependencies. As a result, they sometimes
employ a strategy of intentionally losing the current round to improve the odds of winning future
rounds, known as saving. We account for the strategy (s;) mismatch by labeling each data point
with whether the players are trying to win the round at that time: s; € {Push, Save}.

We create the strategy labels using the following steps.

1. A Counter-Strike expert manually labeled 323 of the 17216 rounds in the dataset (1.9%).
Each round is labeled with a continuous value between 0.0 (save-only round) and 1.0 (push-
only round), where intermediate values indicate the time of a switch from pushing to saving
during the round. For example, 0.25 indicates a push round in the first 25% of its length. This
transition is uni-directional. Players may flip from push to save. However, once they opt for

saving, they do not have time to re-engage given the short length of retakes rounds.

2. The remaining 98.1% of the data is labeled using a nearest-neighbor classifier: the aggres-
siveness of unlabeled rounds is determined by finding the most similar round that is labeled
and in the training dataset. Computing similarity between two rounds is hard because player
trajectories may end early (upon death) and there are many possible permutations of the
mapping between players in two rounds. To address these challenges, we introduce Dynamic
Time Warping Average Displacement Error (DTWADE) in Section 4.2.1. At a high level, DT-
WADE first searches along all possible player permutations to find the best match between the
two rounds. Then it refines the estimate of the distance by applying Dynamic Time Warping
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(DTW) [91] to the players’ trajectories to find a monotonic transformation of the time axis

that minimizes the distance between the two sets of temporal sequences.

3. Once each round in the dataset has been labeled, we propagate these labels to the ticks in each
round. All game ticks receive a binary s; label based on their temporal position in the round.
The per-tick labels are passed as conditioning input to the movement model of MLMOVE

during its training.

Since humans always use a push strategy in retakes, the 1430 test rounds in the evaluation all
have a strategy round value of 1.0 (all ticks in the round are labeled Push). The eight rounds in the

user study are drawn from these 1430 rounds.

4.2.1 Dynamic Time Warping Average Displacement Error

Metrics to evaluate the distance between two sets of N trajectories of length T, r; = {&; »(t) tn=0..n—1
for ¢ = [0,1] and ¢t = [0, ...,T — 1], have been proposed in the field of social behavior study; for in-
stance, Average Displacement Error (ADE) [1, 80] is the average displacement between the positions

of corresponding actors in the two sets:

N-1T-
ADE(ro,r1) = 1 HZ:: ; [[#0.0(6) = 21,000) | (4.1)
This measure has recently been extended to measure the distance between a ground truth set of
trajectories and the ones created by a generative model (see the Joint Average Displacement Error,
JADE [108]). Unfortunately, these metrics are unfit for our problem as: (a) they assume the mapping
between trajectories, players within the game, in the two sets to be known, and (b) they require all
trajectories to be the same length 7'

In Counter-Strike, players may be eliminated early (i.e., each trajectory ; ; has a different length
T;,;). In addition, the mapping between players in different rounds is unknown, therefore computing
the distance between 7y and 71 requires testing multiple mapping permutations, which calls for a
computationally efficient implementation of the metric.

We propose Dynamic Time Warping Average Displacement Error (DTWADE), to address these
limitations when computing the distance between two rounds. First, for each round, all the trajecto-
ries are extended to the length of the longest trajectory in that round. Recall that a trajectory ends
early when a player is eliminated. We assume an eliminated player remains at the same location
until the round ends.

Determining the correct mapping between agents requires testing all of the different permutations.
To make the computation more efficient, we sample only K = 11 equally-distanced points from the

trajectory when determining the mapping between players (0,0.1,...,0.9,1.0). In the case where
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Table 4.1: Per Tick Features

Name \ Type
Log File String
Game Id Int
Round Id Int
Tick Id Int
Bomb Plant Site | Categorical
Bomb Fuse Time Float

the n-th trajectory of ry maps to the n-th trajectory of r1, we can then define:

KADE(rg,71) = NlNZ KZ Hwon ( k‘Tol) . <I§5T11> H2 (4.2)

The KADE is used to find the best mapping between players across two rounds. To do so, we denote
the g-th permutation of the trajectories in 71 by perm(r, q) and compute the optimal permutation
as

p(ro,r1) = argmin KADE(rq, perm(ry, q)) . (4.3)
q

The metric above provides an approximate, yet efficient, way of finding the closest permutation. Once
the correct permutation has been selected, we return the distance by stretching and comparing the
trajectories through Dynamic Time Warping (DTW) [91], which finds a monotonic transformation

that minimizes the distance between two temporal sequences:
DTW(TO,p(TO;rl)) ’ (44)

where DTW (rg,71) is the temporal alignment between r and ry stretched according to the DTW

rules.

4.3 Complete Features Listing

There are three sets of features in our dataset. Table 4.1 lists the overall features that are shared
across players. Table 4.2 lists the features that are specific to each player. All “prior time steps”
features extend 3 seconds into the past at a 125 milliseconds frequency. Table 4.3 lists the features
tracking grenades thrown by a player. Grenades require their own set of feature set because they
are relatively rare events (each player can throw only a few grenades in a round) and each event has

a lot of data (XYZ coordinates for all time steps during which the grenade exists).
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Table 4.2: Per Player Features

Name Type
Player Id Int
Alive or Dead Bool
Team Bool
Health Float
Armor Float
Helmet Bool
Weapon Id Int
Walking Bool
Crouching Bool
View Angle at Current Time Step Float

Position at Current and Prior Time Steps

Vector of Floats

Velocity at Current Time Step and Prior Time Steps

Vector of Floats

Crosshair Distance to Nearest

Enemy (up to 30 Degrees) at Float

Current and Prior Time Steps
Distance to Nearest Enemy and Teammate Float

at Current and Prior Time Steps
Hurt in Last 5s Float
Fire in Last 5s Float
Enemy Visible in Last 5s (Without Considering FOV) Float
Enemy Visible in Last 5s (Considering FOV) Float
Hurt in Next Tick Bool
Kill in Next Tick Bool
Killed in Next Tick Bool
Fire Weapon on Current Tick Bool
Decrease Distance to Bomb Over Next 5s/10s/20s Bool
Movement Commands Categorical

Table 4.3: Per Grenade Throw Features

Name \ Type
Thrower Id Int
Grenade Type Int
Throw Tick Id Int
Active Tick Id Int
Expired Tick Id Int
Destroy Tick Id Int

Positions During Throw Trajectory | List of Vector of Floats
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4.4 System Requirements

The main limitation of a symbolic representation is that we had to write the infrastructure for
extracting the game state. The game state must be extracted both (a) from logs for training and (b)
from the game binary for inference. Counter-Strike does not have standard APIs for interfacing with
logs or the game binary. We created custom game modifications to extract the state. Acquiring
similar datasets will be critical for future research on human-like agents. We believe that future
games can provide APIs for extracting game state. We describe our suggested API requirements for

game engines in Chapter 8.



Chapter 5

Learned Movement Controller

Human movement is complicated. Our agent uses a learned movement model to imitate human
movement principles like taking cover, reacting to enemies, and flanking. At a high level, the model
receives game state as input and predicts all players’ next movement commands. Figure 5.1 shows
this combination of inputs and outputs: bounding boxes indicate the game state including all players’
positions, and arrows indicate their next movement commands. The model’s architecture is inspired
by previous work on human-like movement [73]. However, we had to make a number of key decisions
in order to satisfy our quality and efficiency requirements of generating human-like movement while
using only a small fraction of a single CPU core. In this chapter, we will talk about those design

decisions and our training procedure.

5.1 Key Decisions

In a FPS game, human players not only have a complex action space, but also demonstrate complex
inter-player interaction and coordination that are quite challenging to model in a rule-based system.
However, recent work in transformer models show how to imitate the effect of complex human
decisions and interactions without modeling the intermediate steps (or decisions) that led to the
final actions.

The architecture of our movement controller (Figure 5.2 shows a simplified version) is inspired
by Scene Transformer [73], one of many [2, 93, 112] transformer-based multi-agent motion prediction
systems for pedestrians and autonomous vehicles. The Scene Transformer encodes the state of each
agent as input tokens and leverages attention to learn the relationships between all the agents. Like
Scene Transformer, our movement controller can also benefit from the transformer architecture’s
ability to capture rich player interactions with the attention mechanism, process players’ state in
any order due to the permutation invariance of input tokens, and handle eliminated players with

attention masking [104].
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Figure 5.1: The objective of our learned movement model is to efficiently predict all players’ move-

ment commands.
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Figure 5.2: A simplified version of our learned movement model. The simplified transformer pro-
cesses 10 input tokens and outputs 10 movement commands, one per player.

However, Scene Transformer’s query latency and compute resources were orders of magnitude
higher than what was acceptable for FPS game adoption. We leverage the significant differences
between the target applications of FPS games and autonomous vehicles to make architecture and
system design choices to create a movement model that: (a) is able to emulate the effect of complex
human team play strategy and interactions in a FPS game, and (b) can be executed within the strict
compute constraints required by FPS game servers. We highlight five key design decisions below.
These application driven design choices enabled us to create a model that can predict human-like

movement decisions for two teams of Counter-Strike players (10 total players) within 8 ms per query
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Figure 5.3: The game state can change rapidly in Counter-Strike. In this example, a yellow offense
player and a blue defense player may be eliminated in the next second.

on a single CPU core.

5.1.1 Short Prediction Time Horizon

One of the key insights in this dissertation is that you can generate human-like, team-based behavior
by training a model to make short-term behavior predictions. Leveraging this insight was our first
key model architecture decision.

Scene Transformer predicts motion trajectories for up to five seconds, a standard time horizon
for pedestrian motion prediction [73]. In their application, the state of the world changes slowly so
the predictions are likely to be valid over the long time horizon. Counter-Strike is a fast paced game
where state changes rapidly. In Figure 5.3, multiple players labeled with x may die in the next
second. These rapid game state changes invalidate model predictions. We autoregressively output
predictions over a short time horizon (375 ms or the next three time steps) to ensure our output is
always valid for the current game state.

The short time horizon predictions also make our model more efficient. Long time horizon predic-
tions have causal dependencies between the earlier and later tokens. Models from the autonomous
vehicle domain predict tokens sequentially using a transformer encoder-decoder in order to learn
these dependencies [73]. We can predict all tokens in parallel using only a transformer encoder since
we do not have these causal dependencies between tokens over a long time horizon. Also, the shorter
time horizon means our model outputs fewer tokens, reducing computational complexity. Figure 5.4

demonstrates this reduction with the crossed out output tokens.
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Figure 5.4: The shorter prediction time horizon reduces the number of output tokens. A trans-
former’s computational complexity scales quadratically with the number of tokens, so fewer output
tokens means our model is more efficient.
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Figure 5.5: Specializing to one map reduces the number of input tokens. Reducing the number of
input tokens reduces our model’s computational complexity.

5.1.2 Specialize to One Map

The second key decision was specializing our movement model to one map. Multi-agent motion
prediction systems for autonomous vehicles must generalize across different road geometries. Road
conditions can change as vehicles travel from one part of the real world to another, and models must
adapt to the changes. While Counter-Strike professionals play multiple maps, they tend to play
and compete on the same game map for years, developing specialized movement strategies for each

map’s static geometry. So, it is perfectly reasonable to design movement models that are trained for
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Figure 5.6: The action space modes can be sharp. This player must move in exactly the correct
direction or they will fall off the ledge.

one map. This design choice allowed us to reduce the number of input tokens significantly, and as
a result, the complexity of our attention layers, without impacting our model’s applicability for our
targeted use case. Note that each attention layer’s complexity is proportional to the square of the
number of input tokens [104]. To support multiple maps, we can pre-train our model for each map
we want to support and make them available to our MLMOVE agent. (We would of course also have
to curate a training set for each map as well, just like the training dataset for Scene Transformer
includes data spanning multiple map regions.)

Figure 5.5 demonstrates the change to model input. Our model does not need the crossed out
input tokens describing map geometry. Instead, it learns the map geometry by specializing to the

map during training.

5.1.3 Sharp, Multimodal Action Space

The third key decision was designing the action space. Two properties of human movement in
Counter-Strike impacted this design decision. First, players have multiple reasonable movement
commands in many situations. The player in Figure 5.6 may walk forwards on their current ledge
or jump up on the box to their left. However, the player is unlikely to walk to the right and fall
off their current ledge. Our model’s output action space must reflect this property by allowing a
multimodal distribution of movement commands.

The second property is the sharpness of the modes. The player in Figure 5.6 is very close to the
edge of the ledge, so the player is not likely to move directly forwards and risk falling off. Figure 5.7
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Figure 5.7: Our discrete action space allows for movement commands in multiple directions (blue
arrows), multiple speeds (red arrow), and for multiple heights via jumping (purple arrow).

shows a top-down perspective of the player on the ledge. The player is not likely to walk in the
directions of the blue arrows: falling off the ledge or walking into a wall. However, the player may
walk slowly in the red direction to keep their balance on the ledge. Alternatively, the player may
jump to the side to get onto the taller box, indicated by the purple arrow. Our model’s output
action space must allow picking the right combination of direction, speed, and verticality.

We use a cross entropy loss and discrete action space with 97 options to address these two
properties of human movement in Counter-Strike. Section 5.2.2 describes the details of this action

space.

5.1.4 Unmasked Attention Between All Living Players

The fourth key decision was allowing attention between tokens of all living players. Transformer’s
masking mechanism allows using hand-crafted rules to control attention between players’ tokens.
This control would have violated one of our key ideas: learning movement because human behavior is
too complex for hand-crafted rules. Players interact with other players through a range of techniques
including communicating with teammates, listening for audio cues, and studying opponents’ habits.
In Figure 5.8, the yellow offense player in the top right may be aware of the blue defense player
connected by a red arrow, even though cover blocks sight lines between them, due to communication
with the yellow offense player in the top left. We learn the interactions from the data. Due to our
imitation learning approach, the attention mechanism learns the relationships between players that

best predicts humans’ next movement actions. The model will not use this information to gain an
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FER

Figure 5.8: The yellow offense player in the top right may be aware of both blue enemies. The offense
player can see the enemy connected with a white arrow. The offense player cannot see the enemy
connected by a red arrow, but the other offense player may communicate this enemy’s position.

inhuman advantage, since our objective is imitation rather than winning.

5.1.5 Only Input Current State

The final key decision was only providing the current input state to the model. A well known
problem in imitation learning is the inertia problem, where models trained on sequences are biased
to repeating recent actions, since this type of repeating “what I did last” behavior tends to dominate
the dataset [14, 21, 94]. Figure 5.9a shows that across our entire dataset, players typically repeat

L This can lead to the failure to learn important movements like

their prior movement action.
velocity change or (intentionally acted) “erratic” movements in combat, because they are both
rare (low probability) events in the training dataset. Figure 5.9b shows that when players kill
an enemy, they change movement actions much more frequently. We address the inertia problem
using a simple solution that improves our model’s prediction accuracy and efficiency: our model
input consists only of “current” player states. The ablation in Section 7.3.5 shows our solution’s
effectiveness, as adding prior input states leads to less human-like map occupancy and kill location
distributions. Additionally, only providing current input state improves model efficiency as the

transformer’s attention scales quadratically with the input length.

1To create the figure’s binary analysis, we group all movement commands into one of two actions: moving or
standing still.
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(a) Across all game states, players typically repeat (b) When killing an enemy, players are more likely to
their prior movement action. change their movement action.

Figure 5.9: The frequency of repeating or changing movement actions.

5.2 Model Details

Figure 5.10 demonstrates the details of the learned movement model’s transformer architecture. We

explain those details in this section: input, output, and architecture.

5.2.1 Model Input

Our movement model’s input is a sequence of 10 tokens, each token describing a player’s current
state. Counter-Strike logs contain up to 10 players at any time, up to five on each team. This is
a broader range of players than in retakes. We train our model on 10 input tokens to enable it to
generalize to a wider range of situations. The feature vector of each token is [p; , fit, d; ], where
fir = [lit, wi, by, 2] and d; 4 is a set of derived features that approximate information not contained
in the game logs like visibility and team communication about strategy. Each token starts with
the player’s position p; ¢, alive status [;,, and team association u;. We also include in each token
the global map states of bomb location b; and remaining time until bomb explosion x;, information
known to all players. We define the derived features in Section 4.2. We found that the derived

features can aid attention in limited situations.

5.2.2 Model Output

Our movement model’s output is a sequence of tokens, each token describing a player’s movement

command: which direction to move, how fast, and whether to jump. To capture the multi-modal
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Figure 5.10: The learned movement model. (a) shows an overview of the two stages: (1) the
per-player embedding stage converts the input tokens into embedded tokens, and (2) the transformer
encoder uses the embedded tokens to predict the movement commands. (b) shows the per-player
embedding stage that converts each player input token to three embedded tokens using a three layer
MLP. (c) shows the transformer encoder that uses the embedded tokens and the associated masks
to predict each player’s movement command probabilities.

and stochastic nature of player movement, we represent a movement command as a discrete proba-
bility distribution with 97 options. Each option corresponds to a combination of one of 16 angular
directions, three different movement speeds, two jumping vs not jumping states; plus a separate
option for standing still. Movement commands are not recorded in Counter-Strike logs. We use
heuristics to infer the movement commands from position/velocity information in the logs [79]. We
found discretizing direction uniformly into 16 absolute angles is sufficient to navigate map details
like thin ledges.

5.2.3 Model Architecture

The full architecture of the movement model is depicted in Figure 5.10(a). Each input player token
is converted by an embedding network to an embedded token of dimension matching that of the
transformer’s attention layers; then each sequence of 10 embedded tokens corresponding to the states
of 10 players are processed by the transformer to yield the movement command probabilities for the
10 players.

We use a learned embedding (Figure 5.10(b)) to convert input player tokens into vectors of
dimension 256. Our embedding network consists of three linear layers, with LeakyReLU activations
in between the linear layers. Our transformer encoder (Figure 5.10(c)), consists of four identical
single-head self-attention layers of dimension 256. Like Vaswani et al. [104], we use a learned linear
transformation and softmax to convert the outputs of our attention network to predicted probabilities

of the output tokens (the player movement commands in our case).
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To support eliminated players, we use transformer’s masking feature. A transformer’s attention
layer computes the attention (connection) between all token pairs in the input sequence except
for those that are masked out. So we set mask(i,t) = 1 for each token of an eliminated player
(l;+ = false), to remove attention between that player and all other players. Also, we restrict the
loss computation to only use P(m;) for players that are alive. Together with attention masking, this
ensures eliminated players have no impact on our model’s movement predictions for live players.

To learn temporally coherent motions, our model outputs predictions not only for the immediate
next action (0 ms into the future) but also for actions at 125 ms and 250 ms from the current
time. This is achieved by replicating each player’s embedded token for time ¢ three times, and
summing each player’s embedded token with the positional encoding of the three timestamps, to
create distinctive embedded tokens for current time ¢, ¢t + 125 ms, and ¢ 4+ 250 ms. Like Vaswani et
al. and Ngiam et al. [73, 104], we use sinusoidal positional encoding for the player’s in-game map

position and for the three temporal positions represented as timestamps.

5.2.4 Model Training

We train the movement model using standard supervised learning (behavior cloning [81]) where we
minimize the cross-entropy loss between the probability distributions of the predicted movement
command and the ground truth movement command in the dataset.

We train using the CSKNow dataset (described Chapter 4) and perform an 80/20 train-test
split: 5655508 train data points (98 hours at 16 Hz) and 1429953 test data points (25 hours at
16 Hz). Since there is a strong correlation between data points in the same round, we assign all
data points in each round to the same subset. Once grouped into train/test subsets, we randomly
sort data points irrespective of their round. We use the same train/test split for all training runs.
To improve the model’s ability to generalize, we add random Gaussian noise with mean 0 and
variance 20 Counter-Strike units (less than a player’s width of 32 units) to the player positions (see
Figure 5.10(b)).

We train for 20 epochs with a batch size of 1024, an initial learning rate of 4e-5 controlled by
the Adam optimizer with default configuration (8s = (0.9, 0.999), eps = 1e-08, and weight decay =
0). Training takes 1.5 hours on a single computer with a Intel i7-12700K CPU, 128 GB of RAM,
and an NVIDIA RTX 4090.

5.3 Trade-Offs

We created an efficient, human-like movement model by combining a simple, imitation learning
approach and a large dataset of human demonstrations. Our loss function only measures movement
command accuracy over the next three time steps, not long-term consequences. One benefit of our

behavior cloning approach is training efficiency. Our model trains in 1.5 hours on an RTX 4090 due
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to the lack of interaction with an environment. A theoretical downside of our approach is that the
model does not experience the long-term consequences of its actions during training. In Section 7.5
and Chapter 9, we will reflect on our approach’s results and the potential value of more complex
imitation learning methods [51, 72, 90, 105], which may improve long-term movement quality at the

cost of slower training.



Chapter 6

MLMove Rule-Based Components

In Chapter 3, we explained that a human-like agent must move, aim, and shoot. We focused on
movement during the last few chapters, but we cannot evaluate our movement controller without
the rest of the agent. We also need to create human-like aiming and shooting controllers in order
for our agent to play Counter-Strike with themselves and humans. In this chapter, we present the
architecture of MLMOVE, our hybrid rule-based and learned agent. In Section 6.1, we provide an
overview of the rules and how they integrate with the learned movement model in an industry-
standard, hierarchical structure. In Section 6.2, we provide a detailed description of the rules and
their hierarchical structure. In Section 6.3, we describe a derived feature that we compute as an

input to the rule-based aiming controller.

6.1 Hybrid Hierarchical Structure

We use a modular approach shown in Figure 6.1 to integrate the learned movement model into
MLMOVE. As explained in Chapter 1, hand-crafted rules can encode human-like aiming and firing
behavior. Roughly two decades ago, games like Halo 2 and F.E.A.R. (described in Chapter 2)
demonstrated how to organize these rules. We designed the hand-crafted part of MLMOVE using
a hierarchical rule structure known as a behavior tree (BT), a technique popularized by Halo 2’s
developers [55]. The learned movement model’s output is consumed by our BT.

The input to MLMOVE’s BT is the current game state and the output is a sequence of game
server commands. The server commands take the same form as commands sent by regular human
players. Every 125 ms (16 game ticks), MLMOVE requests the learned movement model to predict
the movement commands for all players using the current game player state as input. The agent
caches and reuses the predicted movement commands for the subsequent 125 ms. The rule-based
execution module is executed every game tick to emulate human mouse movement latency used for

aiming. It converts movement commands at current time ¢ made by our learned model into human

43
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Figure 6.1: MLMove Architecture: MLMOVE uses the learned movement model to generate
movement commands, then it uses a rule-based execution module to convert these commands into
keyboard actions and also to generate aiming and firing commands. Counter-Strike server executes
all player commands and sends the updated game state back to the agent.

players’ keyboard navigation commands. The movement commands are only updated once every
125 ms to emulate human keyboard press latency.

The trained model predicts the movement for all players efficiently enough to be deployed in a
commercial FPS game server. Specifically, the memory requirement for our model’s 5.4M parameters
is 21 MB; and the inference latency (time it takes predict the movement of all players) of our trained
movement model deployed in C++ using LibTorch and TorchScript [83] is 8 ms with an IQR of
0.6 ms on a single core of an Intel Xeon 8375C CPU. Therefore, the amortized compute cost for our
learned movement model for each game tick (frame) is 0.5 ms.

Our rule-based execution module also generates aiming and firing commands based on the current
game state and player positions; the rule-based execution module sends all the “machine generated”
game commands to the server, which will execute the commands and update the game state for the
next frame.

For human and agent mixed play, the game server just replaces agent-generated commands with
the corresponding human player’s commands. As addressed in Chapter 7, we primarily test games
consisting only of agents. However, the server allows any mixture of human and agent players for a
maximum of ten players.

Aiming and firing We use standard techniques to handle aiming and firing. If no enemy is
visible, the aiming module uses a probabilistic occupancy map to pick a target where enemies are
likely to appear, emulating human-like predictive aim [56, 70]. If at least one enemy is visible,
the module selects one target and tracks them until they are no longer visible. The aim module
generates a smooth trajectory of view direction updates using a semi-implicit Euler method [3]. The
fire execution module emits fire commands when the crosshair aligns with an enemy’s axis-aligned
bounding box. A distance-based lookup table controls the fire command frequency, shooting shorter

and more controllable sequences at farther enemies that are harder to hit.
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Figure 6.2: An example of the enemy probability distribution diffusion. The diffusion expands to
fill non-visible regions. When players are visible to enemies, the distribution collapses to a single
AABB.

6.2 Rule-Based Execution Modules

Our BT has three components: a team coordinator that handles long-term planning for where to
aim, an individual player planner that translates the high-level plans into medium-term aim targets,
and an action generator that converts the aim targets and learned movement model output into

mouse and keyboard commands.

6.2.1 Team Coordinator

The highest-level component of the BT manages communication between members of each team.
This component computes a team-wide probability distribution of enemy positions [56, 70]. Just
like humans, agents know enemies’ approximate positions at the start of a round and exact positions
when the enemies are visible. Their position probability is assumed to diffuse uniformly through all
non-visible parts of the map at the rate of maximum running speed.

Figure 6.2 demonstrates the enemy position probability distribution diffusion. There are three
players in the image. The player in the middle is on defense. The players on the left and right are on
offense. The colored lines show the probability distribution of each player’s position according to the
opposing team. Each line shows the diagonal of an AABB where that player could stand. (Counter-
Strike API limitations restrict the number of lines we can draw, so we represent each AABB with a
line.) The red lines correspond to the possible positions of the player on the left. They expand to
fill the entire region on the left, because this region is not visible to the enemy in the middle of the
image. The blue line corresponds to the possible position of the player in the middle. The green

line corresponds to the possible position of the player on the right. The blue and green distributions
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have collapsed to a single AABB each, since the opposing players can see each other.

6.2.2 Individual Player Planner

The mid-level component implements the team coordinator’s decisions for each player. First, it
selects the aiming target for each player. When enemies are visible, it selects which one to aim
at. Players aim at an enemy’s last visible location (known as a memory location) if no enemies are
currently visible and either: (a) the remembered enemy was visible to the current player in the last
2.5 seconds or (b) the remembered enemy was visible to a teammate in the last second and in a
position relevant to the current player. When no enemies are visible or remembered, it uses the
enemy probability distribution to select an aiming target where enemies are most likely to appear.

Section 6.2.2 provides more detail on how we use the probability distribution.

Danger Area Target Selection

The probability distribution defines enemies’ likely positions. However, not all enemy positions are
dangerous, like ones behind many walls. The probability distribution-based target selection process
selects areas where enemies are likely to appear and hurt the current player. It uses a three step
process to select an aim target.

First, it computes all the areas that are visible to the current players. Enemies can only hurt
the current player if they are standing in these regions. Otherwise, the enemies will need to shoot
through walls, which block bullets. We compute visibility using a standard technique known as a
potentially visible set. The map is discretized using the navigational mesh’s axis-aligned bounding
boxes (AABB). Then, we trace a ray between the eye positions of a player standing in the center
of each AABB. Two AABB are considered visible to each other if the rays can travel between the
positions without hitting map geometry. Figure 6.3 demonstrates the potentially visible set for one
origin AABB.

Second, it computes all the “danger areas,” areas that are visible but next to non-visible ones.
These areas are the most dangerous because they are the locations where enemies can appear.
Figure 6.4 demonstrates the danger areas for one origin AABB.

Finally, it computes the most important danger area to aim at. Danger areas are sorted by
multiple factors including: (1) how soon enemies could appear according to the enemy probability
distribution, and (2) time since last aimed at by the current player or any teammate. This team-
based temporal coordination ensures players check all danger areas as a team and minimize the odds

of an enemy surprising them.
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Figure 6.3: The potentially visible set of AABBs for a player standing in AABB 8092 in the bottom

left of de_dust2. The blue AABB are likely visible. They gray ones are likely not visible.

Figure 6.4: The danger areas for a player standing in AABB 8092 in the bottom left of de_dust2.
The blue AABB are danger areas (visible AABB next to non-visible AABB). The red AABB are
not danger areas.
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Figure 6.5: The red boxes are the player positions tracked in a log file and in the network traffic.
The bottom box is the bottom, center of the player’s AABB. The upper box is the location of the
player’s camera. Each player’s camera is behind their head. The player’s camera is not blocked by
the back of their head since the player’s model is not rendered on their computer.

6.2.3 Individual Player Action Generator

The low-level component generates mouse and keyboard commands for each player. It aims at a
target in a human-like manner with a semi-implicit Euler method [3]. If the player is aiming at
a target, it generates distance-appropriate firing commands: shooting single shots at long distance
and longer sprays during closer engagements. We account for recoil by exporting a recoil aim offset
from the game engine. Finally, the action generator converts the A* path into keyboard commands.

This component also translates the learned movement model’s movement command (produced
once every 128 ms) into a keyboard movement action (produced once every 8 ms). The component
uses the speed part of the movement command to determine if the keyboard movement action
should include walking/crouching, specified by the shift/control keys. The component converts the
absolute angular direction of the movement command to an angular direction relative to the player’s
current view angle, specified by the W/A/S/D keys. We find empirically that our absolute angular
discretization made of 16 directions is sufficient to allow accurate in-game human trajectories, such
as walking on thin ledges. The component uses the jumping part of the movement command to

determine if the keyboard movement action should include jumping, specified by the space bar.

6.3 Derived Head Position

Like the derived features discussed in Chapter 4, we also compute useful features for the hand-crafted

agent components. One of these features is head position. Skilled Counter-Strike players typically
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aim at the head, since it drastically increases bullet damage. MLMOVE must know enemies’ head
positions in order to replicate this aiming behavior. Additionally, features like cd; ; (from Chapter 4)
depend on head position.

Head position is not recorded in Counter-Strike’s log files. The log files are recordings of the
network traffic sent from servers to clients. This provides enough information to replay the game
state in the engine. However, the logs do not store values exclusively stored in a server’s or client’s
memory without being communicated to another computer. These values are reproduced by the
engine during replay. The only way we can access non-serialized data during post-match analyses is
by reverse engineering game logic.

Figure 6.5 shows the serialized player positions stored in a log file: players’ camera positions above
their shoulders and origins in the bottom-center of their axis-aligned bounding boxes (AABB). Head
position is a function of these positions, a player’s aiming direction, and their crouching state. The
network traffic also contains values for computing head position using animation state, but it was
not feasible to use these values. It was not technically feasible to reverse engineer the engine’s entire

player model animation code. Instead, we built an analytical model of head position.

6.3.1 Analytical Head Position Model

Our analytical model is an approximation of head position. The model has three steps.

The first step is finding an origin point. This point satisfies two conditions. First, it is a function
of a value in the network traffic, so we can easily compute it. Second, it is a fixed distance from all
head positions (regardless of where the player is looking). This property ensures we can compute a
vector from the origin to the head position based on the player’s view direction. Figure 6.6 shows
that the point at the top of the torso and bottom of the neck satisfies both of these conditions. We
compute this position using manually selected offsets from the player’s camera position.

The second step is computing the offset vector from the origin point to the head position. The
neck is a constant length and is (approximately) angled at the same position relative to the origin as
the player’s view angle. These factors mean that the origin-to-head vector is a constant length and
just needs an angle derived from the player’s view angle. Figure 6.7 shows that the model accurately
computes head positions.

The third step is accounting for a player’s crouching status. The player’s crouching status changes
the origin point and vector to head position. We address this issue by computing two sets of origins
and offset vectors: one for standing and one for crouching. We linearly interpolate between these
values using the player’s crouch percentage to handle transitions between crouching and standing.

Figure 6.8 shows the model accurately computes players’ head positions when they are crouching.
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Figure 6.6: The point at the top of the torso and bottom of the neck (the red box) is a static offset
from the player’s camera and head positions regardless of where the player looks. Each row shows
this is true for a different view yaw. Each column shows that this is true for a different view pitch.
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Figure 6.7: The red box shows the analytical model’s computed head position. Each row shows the
model is accurate for a different view yaw. FEach column shows the model is accurate for a different
view pitch.
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Figure 6.8: The red box shows the analytical model’s computed head position when crouching. Each
row shows the model is accurate for a different view yaw. Each column shows the model is accurate
for a different view pitch.



Chapter 7

Evaluation

As we explained in Chapter 1, human-like behavior is very complicated. This complexity make eval-
uation difficult because there is no single metric of “humanness.” Instead, we evaluate MLMOVE
using a multifaceted approach. First, we conducted a small-scale user study (inspired by BotPrize
2010 [48, 49]) where human evaluators rank movement in videos of games played by humans and
agents, and an exploratory study where humans play with and against the agents. Then, we per-
formed a large-scale quantitative comparison on the distributions of movement trajectories and key
outcomes from agent vs. agent self-play relative to those from professional human play. Through
this combination of small-scale human ranking and large-scale quantitative analysis of outcome dis-
tributions, we present the first comprehensive evaluation of human-like team-based movement and
other behavior for multiplayer FPS agents.

We start with the key results. Section 7.4 provides additional details on those results. Section 7.5

describes limitations of MLMOVE that we encountered through our evaluation.

7.1 Experiment Conditions

We compare four different player configurations:
e HUMAN. Replay of the actual human data, taken from the CSKNOW dataset.
e MLMOVE. Our agent with a learned movement controller, as described in Chapter 6.

e RULEMOVE. An agent with a rule-based movement controller implemented by the authors.
The agent uses the same rule-based aim and firing controllers as MLMOVE. This agent was
developed over several months by a skilled Counter-Strike player and should be considered a
strong baseline for Counter-Strike agent design. Appendix A.1 provides further detail on this

agent’s logic.
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e GAMEBOT. The agent currently deployed in the commercial Counter-Strike game. Since it
is third-party commercial software, the implementation details of this agent are unknown. It
differs from MLMOoOVE and RULEMOVE in movement, aiming, and firing.

There are 1430 rounds in the CSKNOW test dataset that meet retakes conditions. Our results
analyze play from full retakes rounds where all players are controlled using the same player con-
figuration, such as MLMOVE vs MLMOVE with no HUMAN in the game. In the user study, we
randomly sample 8 rounds across a range of initial conditions and record 32 videos, one for each
combination of player configuration and round. For each round, participants viewed all four videos
in a random order without labels identifying the player configuration. We used Counter-Strike to
generate videos of game play, rendered from a birds-eye camera position and angle that best enabled
analysis of team-based movement. For evaluator clarity, we used the “x-ray vision” rendering mode
so evaluators can see players behind walls. The videos have a median length of 17 seconds and an
IQR length of 17 seconds. We provide all 32 videos as well as the specific prompts of the study at
https://davidbdurst.com/mlmove/. In the quantitative self-play experiments, we ran each player

configuration through five iterations of all 1430 rounds in order to account for randomness in game

play.

7.2 Human Assessment

To assess the realism of agent motion, we conducted a within-subjects study where we asked human
evaluators to watch Counter-Strike game play videos depicting both human and agent play [78]. For
each of the eight rounds described in Section 7.1, participants were asked to rank player configura-
tions based on how well player movement matched their “expectation of how humans would move
in that situation.”
Evaluators. We recruited fifteen evaluators with Counter-Strike experience ranging from novice
(never having played) to expert. Five of them achieved a rank of “Global Elite,” the highest Counter-
Strike player rating; and four had a rank of “Supreme Master First Class,” the second highest.
Quantitative Ranking Results. Our study produces 120 rankings of the player configurations.
Each ranking is an ordering of the four player configurations’ similarities to expected human be-
havior in one initial condition according to one evaluator. To enable comparison between player
configurations across all rankings, we use the TrueSkill rating [47] to aggregate the data into a single
rating for each player. TrueSkill is a generalization of the Elo [37] rating system to multiplayer
environments. In our work, a higher ranking means that a player configuration better matches the
evaluators’ expectations of human behavior.

In Figure 7.2 we plot the mean and standard deviation of the TrueSkill rating value for each
player configuration. Unsurprisingly, HUMAN achieves the best rating, whereas MLMOVE generates

motion that matches evaluator expectations for human movement significantly more frequently than
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Figure 7.1: The user study contains participants with a diverse range of Counter-Strike experience.
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Figure 7.2: Human evaluators consistently rated MLMOVE’s behavior as more human than RULE-
MovE and GAMEBOT.

the other agents. The results also suggest that RULEMOVE is a strong baseline, since it achieves
a higher rating than GAMEBOT, which is in commercial use today. The results are statistically
significant according to a Kruskal-Wallis test (H=333, p < le — 5) and Dunn post-hoc tests (all
p <le—5).
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7.2.1 Qualitative User Feedback

In addition to ranking the player configurations, subjects were also asked to explain their decisions.
Expert subjects report that MLMOVE players demonstrated coarse-grained teamwork like “trading”:
killing an enemy while that enemy was distracted engaging someone else. Trading is a result of
team-based movement, as two teammates must be in the right places at the right time to setup
and take advantage of an enemy’s momentary weakness. However, they also reported observing
teamwork-related MLMOVE mistakes, such as being overly aggressive when trading, overly passive
when supporting an attacking teammate, and lacking temporal coherence by rechecking previously
cleared areas or jittering forwards and backwards. Experts complimented HUMAN on their skilled
collaborative movement, and criticized RULEMOVE and GAMEBOT as agent-like. RULEMOVE was

too rigid, and GAMEBOT made illogical decisions.

7.2.2 Human vs. Agent Play

We performed an exploratory user study where experts play with and against the agents. Users
clearly identified GAMEBOT as the least human-like. Otherwise, the study was inconclusive be-
cause users said they were so engrossed in the game that they struggled to evaluate other players’

movements in a short, highly controlled experiment.

7.3 Quantitative Self-Play Experiments Analysis

Beyond the user study, we provide a quantitative evaluation of the four player configurations by
analyzing the statistics of full rounds of in-game self-play. Our metrics cover the key properties of
movement: map coverage, utilizing expert strategies that avoid low-skill mistakes, and ensuring that
movement yields key outcomes. The metrics covering mistakes and teamwork rely on a key insight:
expert human language is the way to measure planning. We quantify teamwork and mistakes by
utilizing expert labels for map regions, and then quantifying how humans navigate these regions
in space and time. The use of expert terminology to formalize plans sets the stage for future
work on foundation models to plan human movement using expert language. In Section 7.4.5, we
quantitatively evaluate the ability of the learned movement model to reproduce humans’ sequences
of actions.

We perform our quantitative analysis on 1430 rounds (550 minutes) of MLMOVE game play;
this is ~ 5 — 16x larger than the quantitative analysis on prior Counter-Strike agents by Pearce
and Zhu [79] and on BotPrize agents by Gamez et al. [35], who inspired our use of Earth Mover’s
Distance and position-based metrics. For summary metrics, we report the median and IQR of the
five round iterations discussed in Section 7.1. For distribution visualizations, we report results from
the first iteration for each agent in order to compare distributions with the same numbers of rounds
as HUMAN.
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Figure 7.3: The fraction of time players spend in different regions of the map, aggregated over
1430 rounds of play. The distribution of the MLMOVE agents playing against themselves (second
column) mimics the overall distribution of human play (HUMAN, first column). A well-engineered
rule-based agent (RULEMOVE) and the agents currently shipping in Counter-Strike (GAMEBOT) do
not replicate the human movement distribution.

7.3.1 Distribution of Player Positions

Figure 7.3 shows the distribution of player positions across the first iteration of 1430 rounds. Each
pixel counts the game ticks when an offense or defense player occupies that location of the map.
Overall, the distributions of the MLMOVE positions appear more similar to that of HUMAN players
than any of the other agent player configurations, for both the offense and defense teams. The
first row in Table 7.1 shows that, when measured using earth mover’s distance [61], the MLMOVE
occupancy distribution (computed over both the offense and defense teams) is 1.8x and 1.9x more
similar to that of HUMAN play than RULEMOVE and GAMEBOT respectively. We provide details of
how we compute EMD in Section 7.4.3.

Figure 7.3 also shows that MLMOVE players exhibit skilled movement characteristics such as
positioning themselves to remain out of enemy sight lines. For example, MLMOVEs stay near the
walls on offense (inset (b)), and close to objects used for cover on defense (inset (c)), whereas the
other agents traverse dangerous areas out in the open. MLMOVE players also demonstrate a greater
diversity of behaviors than RULEMOVE, where each different behavior must be scripted. Insets (a)
and (d) highlight examples where MLMOVE echos the diversity of real-world play, but RULEMOVE
follows a limited set of predefined paths.

We also observe situations where MLMOVE produces movement that differs from the human

trajectories in important ways. For example, inspection of Figure 7.3 suggests that the model fails
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Table 7.1: Median £+ IQR earth mover’s distance (EMD) between map occupancy distributions
(Section 7.3.1), player kill location distributions (Section 7.3.4), round lifetime distributions, and
shots per kill distributions created from agent self-play and from real human data. In all metrics,
self-play using MLMOVE yields distributions that are more similar to HUMAN than RULEMOVE.
We attribute the increased distance between lifetime distributions from MLMOoOVE and HUMAN play
to an increased number of long lifetime trajectories caused by instances of passive MLMOVE play
(see Section 7.3.4).

EMD Type | MLMovE RULEMoVE GAMEBOT
Map Occupancy | 8.2 +£0.5 14.7+ 1.7 152+ 0.3
Kill Locations | 6.7 £0.1 154+ 0.7 164 + 0.7
Lifetimes | 4.9 £0.4 78+ 0.0 1.1 + 0.0

Shots Per Kill | 2.1 +£0.1 56+ 0.0 494+ 0.2

Table 7.2: Median + IQR absolute percentage error (when counting instances of flanking and spread-
ing configurations that arise out of teamwork) of agent players compared to human play data. ML-
MOVE more closely matches the human distribution of these multiplayer teamwork behaviors.

Offense Defense
MLMOoVE | 27% £22% 13% + 14%
RULEMOVE | 55% 4£29%  42% 4134%
GAMEBoOT | 58% £23% 87% 4+203%

to turn corners as sharply as HUMAN. HUMAN’s inset (b) has more paths near bent walls than
MLMOoVE’s because the humans can turn more sharply to follow the bends. We have found that
MLMOVE’s turning radius limitation is particularly detrimental in an area of the map that requires

navigating consecutive tight turns followed by stairs.

7.3.2 Avoiding Common Mistakes

A first trait of “nonhuman” agent behavior is “a lack of common sense”, which can be measured
by the number of “common” mistakes. We consider two mistakes: (a) leaving high ground, and (b)
giving up on an established defensive position. To characterize these mistakes, we identify specific
combinations of players’ positions within regions of the map indicating a defensive advantage on a
game tick. For each such scenario, we compute whether the defensive players’ regions in the next
game tick indicate that they gave up their advantage. We measure the number of rounds with
at least one mistake. As shown in Figure 7.4, MLMOVE’s mistake rate is close to that of human

players, and significantly smaller than those of the other agents.
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Figure 7.4: Median and IQR counts of rounds where at least one defensive player makes one of two
common positioning mistakes (leaving high ground and leaving an established defensive position).
MLMOVE makes these mistakes far less often than GAMEBOT and RULEMOVE.
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Figure 7.5: Visualization of the number of kills scored at each location on the map (position of
shooter). (a) MLMOVE and humans avoid getting into combat in open areas, while RULEMOVE
and GAMEBOT frequently record kills from the center of the map, indicating bad positioning. (b)
MLMovE, RULEMOVE, and humans all score a high number of kills from positions of cover in the
center of bombsite A, while kill locations of GAMEBOT are more spread out.

7.3.3 Teamwork

We analyze the self-play rounds for instances of common forms of teamwork. Specifically we focus

on offense flanking, where multiple players on offense approach the defense from different directions
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to catch the defenders off guard. We also count instances of defense spreading, a tactic where
defense players carefully distance themselves so that each player can cover a different potential
attack direction, while being close enough to quickly reconverge on the most important actual attack
direction.

We identify five unique two-player flanking configurations (involving different combinations of
attack directions) and six unique three-player spreading configurations (covering different attack
directions), and count the number of rounds where these configurations are observed. We define
each configuration as a combination of the map regions occupied simultaneously by players on the
same team. We compute the number of rounds with at least one occurrence of each configuration.

Table 7.2 shows that MLMOVE not only exhibits all five flanking and all six spreading strategies,
but it also employs these strategies with a frequency more similar to human play than the non-learned
agents. The median absolute percent error between human and MLMOVE flanking counts is 27%, far
less than 55% and 58% for RULEMOVE and GAMEBOT respectively. The median absolute percent
error between human and MLMOVE spreading counts is 13%, far less than the 42% and 87% for
RULEMOVE and GAMEBOT respectively. See Section 7.4.2 for details on the definitions of and

results for the individual flanking and spreading configurations.

7.3.4 Self-Play Outcomes

Skilled Counter-Strike players move to advantageous positions that increase the likelihood of elim-
inating enemies without being eliminated. We hypothesize that if MLMOVE moves similarly to
human players, then we will observe similar distributions of where players are located when they

score kills, how many shots are taken per enemy kill, and how long players live during rounds.

Kill Locations

Figure 7.5 plots the distribution of positions where players score kills (shooter locations), separated
into offense and defense teams. Both humans and MLMOVE follow a cover principle when shooting
enemies: they tend to shoot more frequently from positions that are protected. In Figure 7.5(a),
both offense humans and MLMOVE avoid combat in the open areas leading to the B bombsite,
whereas RULEMOVE and GAMEBOT have poor positioning and engage in these cover-free regions.
In Figure 7.5(b), defense humans, MLMOVE, and RULEMOVE (due to map-specific rules) primarily
score kills from the center of the A bombsite, where the map contains objects that provide cover.
On the other hand, GAMEBOT scores kills uniformly around the entire bombsite. Row 2 of Table 7.1

quantitatively confirms that MLMOVE’s kill location distributions are most similar to human play.
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Figure 7.6: In Counter-Strike combat, players attempt to balance conflicting movement goals of
staying still (to increase shot accuracy) and unpredictable movement (to avoid fire). MLMOVE
reproduces the human distribution of shots per kill. RULEMOVE is scripted to stop prior to shooting,
which leads to higher accuracy shots (fewer shots per kill), but contributes to shorter lifetimes.
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Figure 7.7: MLMOVE and GAMEBOT reproduce the human lifetimes, while RULEMOVE’s tendency
to run at the enemy, regardless of the game state, leads to earlier deaths.

Shots per kill

We also observe that rounds involving MLMOVE-controlled players demonstrate approximately the
same distribution of shots per kill as humans (Figure 7.6). Although it uses the same aiming and
firing controller as MLMOVE, RULEMOVE produces a left-sided distribution, indicating fewer shots
per kill. RULEMOVE’s movement controller tells it to stop moving whenever an enemy becomes
visible to increase its shot accuracy, but this behavior is not something all experienced human

players would do in practice or in our training dataset.

Player lifetimes

Finally, we observe that rounds involving MLMOVE players exhibit a similarly shaped distribution of
player lifetimes as that of human play (Figure 7.7). However, we also observe many more examples of
MLMOVE players staying alive for the full 40-second period. We believe this is due to a conservative
game play strategy present in the CSKNOW dataset but not in the retakes test subset. A detailed
analysis of this strategy is reported in Section 4.2 and Section 7.4.6.
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Table 7.3: Median + IQR EMD metrics for the ablated learned movement models. MLMOVE shows
our movement model, NOATTN shows our movement model with all attention masked out, and
HisTORY shows our movement model with prior state added to model input.

EMD Type | MLMOVE NOATTN HISTORY
Map Occupancy | 8.2 £0.5 10.3 11.8
Kill Locations | 6.7 +£0.1 8.2 7.4
Lifetimes | 4.9 +0.4 4.6 7.7

Shots Per Kill | 2.1 +£0.1 2.2 1.2

7.3.5 Ablations

We validate our movement model’s design choices using ablations that compare the use of attention
and the use of prior states versus without them. Table 7.3 shows results for our movement model
(referenced as the default model in this section) in column 2, our model without attention (NOATTN)
in column 3, and our model with prior player states added to the input (HISTORY) in column 4.
Removing attention decreases model accuracy because the model fails to learn relationships between
players which affect game play outcomes. NOATTN performs worst on Kill Locations, but also
decreases model accuracy on map occupancy and shots per kill. Adding prior player states causes
the inertia problem where players repeat their prior actions rather than responding to the dynamic
changes in game states, resulting in worse map occupancy, kill locations, and lifetimes.

All models in Table 7.3 have a similar inference latency. Our default model has a median inference
latency of 6.9 ms and IQR of 0.6 ms on one Intel 8375C CPU core, less than 8 ms. Ablations in
Section 7.4.4 show that increasing the number of attention layers and the size of the MLPs inside
each attention layer moderately improves map occupancy similarity to the HUMAN distribution while

increasing inference latency.

7.4 Additional Results

7.4.1 User Study

We can use the TrueSkill ratings computed in the study to predict the results of one-on-one com-
parisons. Figure 7.8 shows the probability of one player configuration being ranked as more similar
to human behavior than another configuration. MLMOVE has an 11% probability of being ranked

more similar to human behavior than HUMAN.

7.4.2 Offense Flanking and Defense Spreading Detalils

Offense flanking is measured by recording instances when players occupy a configuration of posi-
tions simultaneously. For instance, when attacking BombsiteA, there are three attack vectors: from

LongA, from CTSpawn, and from ShortStairs. Similarly, when attacking BombsiteB, the attack
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Figure 7.8: TrueSkill ratings predict MLMOVE will be rated as more human-like than HUMAN 11%
of the time and than RULEMOVE 74% of the time.

vectors are from BDoors, from Hole, and from UpperTunnels. We identify instances of flanking by
noting the number of rounds with at least one tick where exactly two offensive players are alive and
are positioned in two of the three different attack vectors for the target bombsite. This happens
frequently in human data, occurring in 47% of the human rounds in the test dataset that start with
two offense players alive. Figure 7.9 shows the error in the frequency of offense flanking configu-
rations relative to humans. For almost all configurations, MLMOVE most closely matches HUMAN
frequency.

Defense spreading is measured in a similar manner. We have identified key locations where
professional players spread out to counter flanks. When defending BombsiteA, the important de-
fense positions are BombsiteA, LongA, and ExtendedA, which provide coverage of all offense attack
vectors. Similarly, when defending BombsiteB, the key positions are BombsiteB, UpperTunnel, and
BDoors. We identify instances of spreading by noting the number of rounds with at least one tick
where exactly three defense players are alive and are positioned in key combinations of the impor-
tant defense positions for the target bombsite. This happens frequently in human data, occurring in
45% of the human rounds in the test dataset that start with three defense players alive. Figure 7.9
shows the error in the frequency of defense spreading configurations relative to humans. For all
configurations, MLMOVE most closely matches HUMAN frequency.

Table 7.4 shows details of which map positions are in each configuration. The de_dust?2 file defines
the position labels (like LongA).
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Offense Flank Occurrence Errors
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Figure 7.9: Median and IQR absolute errors of the number of rounds relative to HUMAN where agents
on offense assume specified flanking configurations (F1-F5, top) and agents on defense enter specified
spreading configurations (S1-S6, bottom). MLMOVE reproduces all of the examined flanking and
spreading configurations, and does so with a more similar frequency to HUMAN than RULEMOVE
and GAMEBOT.
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Table 7.4: The teamwork configurations.

Configuration | Team  Bombsite Player 1 Position Player 2 Position Player 3 Position
F1 Offense A ShortStairs LongA N/A
F2 Offense A ShortStairs CTSpawn N/A
F3 Offense A CTSpawn LongA N/A
F4 Offense B BDoors UpperTunnel N/A
F5 Offense B Hole UpperTunnel N/A
S1 Defense A BombsiteA LongA Extended A
S2 Defense A BombsiteA BombsiteA LongA
S3 Defense A BombsiteA ARamp LongA
S4 Defense B BombsiteB BDoors UpperTunnel
S5 Defense B BombsiteB BombsiteB BDoors
S6 Defense B BombsiteB BombsiteB UpperTunnel

Table 7.5: Model size ablation. Larger models moderately improve Map Occupancy performance
while significantly increasing inference latency.

Metric L4H1 L1H1 L1H4 L4H4 L16H1 L16H4 L4H1D256 L1H1D256

Map Occupancy EMD | 8.2 +0.5 8.8 8.5 8.9 7.4 8.0 9.7 9.6
Kill Locations EMD | 6.7 0.1 7.3 6.1 6.3 6.3 6.8 6.2 5.8
Lifetimes EMD [ 4.9 £0.4 4.7 4.9 4.3 2.4 3.8 4.6 5.2

Shots Per Kill EMD | 2.1 +0.1 2.1 2.4 2.5 1.5 1.7 2.1 2.3
Latency (ms) 6.9 +0.6 31 34 7.0 19.1 19.8 3.9 2.6

Model Parameters (M) 5.4 1.5 1.5 54 21 21 1.8 0.57
Parameter Size (MB) 21 57 5.7 21 81 81 6.7 2.2

7.4.3 EMD Calculation Details

We report the Earth Mover’s Distance (EMD) between the distributions induced by the various
agents through self-play and the ground truth human distribution. For EMD on two dimensional
data, we downsample the map to a 120x120 grid (roughly 1 grid cell per player axis-aligned bounding
box). The weights across these clusters are normalized to 1 to allow comparison between distributions
with a varying number of points. We measure the EMD separately for offense and defense players,
and report the combined values for both scenarios. For EMD on one dimensional data like lifetimes

and shots per kill, we compute EMD directly on all of the data points.

7.4.4 Model Size Ablation

Table 7.5 shows that larger models run more slowly and moderately improve performance on Map
Occupancy. We ablate the number of attention layers (1), the number of heads per layer (h), and
the size of the MLPs after each attention layer (d). Transformer heads allow the model to learn
multiple, independent representations by splitting the embedding space [104]. The default values in

our paper are [ =4, h =1, and d = 2048. Our results indicate that small models capture the coarse
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details, and larger models capture more fine-grained aspects of movement.

7.4.5 Trajectory Matching in Isolation

We evaluate the ability of MLMOVE to generate human-like trajectories in the absence of con-
founding factors like aiming, firing, and kills. To accomplish this, we spawn players in a simplified,
simulated environment where (unlike Counter-Strike) we do not take into account the presence of
walls, players can instantaneously accelerate to maximum velocity or fall to the floor, and there is no
aiming or combat. For agents initially spawned in the same positions, we compare the trajectories
generated by the learned movement model and by other baseline methods with the ground truth
trajectories stored in the CSKNOW test set. These trajectories include save behavior and up to five
players on a team.

We adopt standard metrics used in the automotive context [31, 73, 108]. These metrics quantify
the capability of a probabilistic model to reproduce human trajectories over a short time horizon by
picking the best rollouts over multiple trials from the same starting positions. More specifically we
use minJADE (Minimum Joint Average Displacement Error, i.e., the average L2 distance between
the corresponding points of the human and best-predicted trajectory over k trials) and minJFDE
(Minimum Joint Final Displacement Error, i.e., the L2 distance between the last point in the human
trajectory and the best-predicted trajectory of k trials). We modify the metrics to account for early
player deaths in Counter-Strike by taking each player’s final alive position in minJFDE and only
including time steps when each player is alive in minJADE.

All the metrics are reported in Hammer units used in the Counter-Strike engine; as a reference,
Counter-Strike players are 72 units in height [16] and their maximum speed is 250 units/second.
We use k = 6 and split the trajectories into five seconds segments, matching with Ngiam et al. [73].
The resulting interval is long enough to allow players to enter a significant number of keystrokes,
yet short enough to limit the effects of aiming, shooting, and killing on the trajectory. We perform
auto-regressive rollouts for the five-second trajectories, using predictions at time step t as input at
time step t+1. For all other input features, we use the ground truth values stored in the CSKNOW
test dataset throughout the entire rollout.

We compare trajectories generated by the MLMOVE learned movement model (second row in
Table 7.6) with those generated by several baselines. These include one we identify as Ground Truth
Command, where we measure minJADE and minJFDE while executing the movement commands
stored in the CSKNOW dataset in our simplified environment. This measures the error introduced
by the assumptions adopted in our simplified environment; errors below this threshold should not
be considered significant in this analysis. The other baselines are those typical of the related litera-
ture [10, 31] and are:

e Stand Still. The agent remains in its initial position. This policy represents players moving

around inside a small region (e.g., in the case of Counter-Strike, a defender in the bombsite).
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Table 7.6: Median + IQR of MinJADE and minJFDE, measured in a simplified de_dust2 map while
controlling the agents with several movement policies. The metrics of the Ground Truth Command
policy indicate the error introduced by our simplifying assumptions.

Simulation Type | MinJADE minJFDE

Ground Truth Command | 42+ 22 61+ 36
MLMOVE (ours) | 117 &+ 78 186 =+ 147

Stand Still | 162 £ 120 276 £219

Starting Command | 217 + 138 437 +276
Nearest Neighbor | 387 4+ 265 477 4343

e Starting Command. Here, the agent continuously executes the first ground truth movement
command stored in the five second sequence in the CSKNOW dataset. This behavior represents
players moving consistently towards an objective, or with a high degree of latency/autoregres-

siveness.

e Nearest Neighbor. We identify the most similar configuration of player positions in the CSKNOwW
test dataset, and replicate the subsequent positions. This policy represents an agent controller
that is purely based on a nearest-neighbor approach and lacks the capability of generating new

trajectories.

Our simulator running the Ground Truth Command is sufficiently accurate to achieve a minJADE
of 3.4% of the maximum distance that can be covered during a five-second rollout.

The metrics are reported in Table 7.6. We observe that MLMOVE outperforms the remaining
baselines, suggesting that it generates trajectories with complexity that go beyond those of agents
standing still or moving at constant speed and orientation. The metrics also highlight the nearest

neighbor approach to be the worst for trajectory generation in this context.

7.4.6 Strategy Feature Accuracy

Sixty-seven of the 323 manually labeled push/save rounds are in the test dataset. During DTWADE-
based nearest-neighbor push/save labeling, we only check for similarity with manually labeled rounds
in the train dataset. As a result, we can use the 67 test rounds to evaluate the quality of our labels.
We label each tick in these rounds using two sources: the manual labels and nearest-neighbor labels.
Figure 7.10 shows the result of this analysis. Nearest neighbor is more accurate at labeling ticks that
have a manual save label than a push one. Nonetheless, there are a significant amount of ticks with
a nearest neighbor push label that are manually labeled as saves. This may bias the model towards
saving behavior manifested as movement predictions that lead to longer agent lifetimes compared

to human players.
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Figure 7.10: The nearest-neighbor push/save labels are reasonably accurate.

7.5 Limitations

Some of our model’s limitations resulted from our design decisions, while others resulted from the

scale limitations of academic research.

7.5.1 Design Decision Limitations

Two key design decisions may limit the quality of our model’s behavior: only making short-term
predictions and only inputting the current game state. We explained in Chapter 5 (and evaluated
in Section 7.3.5) that inputting current game state addresses the inertia problem: always repeating
the prior action because it is the dominant mode in the dataset. The inertia problem is a significant
challenge for models trained to predict the next few actions, as human behavior is highly autore-
gressive over a short timescale. But, the lack of history means our model receives a qualitatively
different input feature set than humans, and so generates some inhuman behavior.

The first inhuman behavior is microscale jitter. As noted by in Section 7.2.1, user study par-
ticipants identified that MLMOVE sometimes rapidly moves back and forth while making progress
towards the objective. This jitter is natural in some situations due to humans’ multimodal move-
ment distribution, but it is not normal when following a consistent trajectory over a long time
period. Since the model does not receive history, it sometimes lacks the input features necessary to
differentiate these two situations and produce a sharp movement command distribution.

The second inhuman behavior is saving. As noted by in Section 7.3.4, MLMOVE lives longer

than humans. We have identified that this results from the saving behavior discussed in Chapter 4.
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Saving is a strategy present in our data, but not in retakes mode, where players are willing to lose
in order to survive. Saving is important for professional players in our dataset because they are
playing a multi-round game mode rather than retakes, where dying in one round does not affect
other rounds. Players will frequently save by hiding in a corner to avoid enemies. Hiding in the
corner is one of the behaviors that exacerbates our inertia problem. The most likely behavior when
in a corner is to keep standing still in a corner, even if the the global game state suggests that an
another long-term strategy is required. Our short-term loss function does not explicitly prioritize

these long-term strategies, and so the inertia problem leads to significant saving.

7.5.2 Scale Limitations

Our 123 hour dataset covers many of the game situations in Counter-Strike’s retakes. It does not
cover some fine-grained behavior present in human retakes gameplay. Additionally, we do not have

data for other Counter-Strike game modes or other games.

Fine-Grained Behavior

Counter-Strike teamwork requires precise temporal coordination. If a player is a second too late in a
flanking strategy, then their teammate may be eliminated before they are able to help apply pressure
on the defense. As mentioned in Section 7.2.1, our user study participants noted that MLMOVE
sometimes was too aggressive when executing team strategies. When we played with our agent, we
also found temporal synchronization mistakes.

We believe that a larger dataset would enable our learned movement model to produce better
temporal synchronization. The challenge is that human players, even professionals, are not always
temporally synchronized. Looking through our dataset, offense human players did not always wait
for their teammates before attacking. A larger dataset will enable the model to identify when

temporal synchronization is human-like.

Other Game Types

Counter-Strike retakes always provides a clear objective: the bombsite. This clear long-term ob-
jective may simplify the learning problem. An open world game mode may require a larger model
to determine the objective from ambiguous game state. Our short-term model receives the current

objective (the bombsite) as an input.



Chapter 8

Agent API for Multiplayer FPS

Since Counter-Strike is not designed for agent research, we built the API necessary to train, test, and
debug the MLMOVE agent described in Chapter 5 and Chapter 6. This API enables extracting game
state from the engine, setting the game engine to particular states, and sending player commands to
the engine. We implemented these features using bespoke game modifications. However, as agents
become a greater part of games, we believe game engines should evolve additional APIs to make
agent development more productive.

In this chapter, we describe the agent API we added to Counter-Strike. We hope future games use
these features to influence their engine design. The obvious components of an agent API are reading
game state data and issuing keyboard commands, which enable agent training and deployment.
However, another critical aspect of agent development is testing. Agent testing requires that the
API support creating isolated test scenarios and running headless at very high frame rates.

We recommend implementing the API using a game modification framework. We utilized a
community driven Counter-Strike modification framework to implement our API [100]. By providing
a game modification API, game developers can enable researchers to extend the agent API as needed
and players to create new content. Even Counter-Strike started as a game modification for another
FPS game [46].

In the last part of this chapter, we discuss how to test agents by combining the agent API with
the behavior tree (BT) hierarchical rule structure described in Chapter 6. Testing requires more
than just repeating game state at a high frame rate. A testing framework must also provide the
ability to control the agents’ internal state and specify success conditions. Our agents have internal
memory, and we must reset that memory just like we reset the game state to create consistent tests.
Our success conditions evaluate how multiple agents’ positions evolve over time. The BT structure
provides the temporal semantics necessary to specify these conditions. Since our agent’s rule-based
component is a BT, our BT testing logic can access the agent’s internal state during testing. These

properties make BT's and our agent API suitable for designing a testing framework.
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Server Snapshot Client

1. Process Commands 4. Process Snapshot
2. Game Logic 5. Render Frame

3. Create Snapshot <—|W|<— 6. Create Command

Figure 8.1: A simplified representation of Counter-Strike’s distributed system architecture. The
server updates the state and sends updates to the clients. The clients collect users’ commands in
response to the updates and send the commands to the server.

8.1 Agent API

The API must support three features: reading game state, setting the game to a specific state,
and processing player commands. In order to train the agents, the API’s read component must
describe high frequency details of player behavior, contain key events like shots and kills, and enable
the computation of advanced features like enemy visibility. To support agent testing, the API
must enable repeatedly resetting game state to specific values so behavior can be evaluated under
controlled conditions. To deploy agents, the API must enable processing the agent’s commands.

There are two different sources of game state: game logs and a game server. The state reading
component of the API is the same for game logs and a game server, so we can extract the same
dataset from logs during training and from a game server during deployment. The state update
components of the API are only implemented for a game server. Game logs are static objects, so
updating them is not meaningful.

In some situations, analysts want to explore “what-if” scenarios where the logs are replayed with
small modifications. The lack of state updates for logs may seem like a significant limitation for
this application. For example, the Restrat Counter-Strike practice tool enables humans to update
one players position while practicing against replays [87]. One could imagine updating multiple
players’ positions using human-like agents to provide a more responsive practice mode. Our API
supports this application without updating state in game logs. We replay the logs and apply the

state modifications in the game server.

8.1.1 Reading Game State

The API returns the game state data described in Chapter 4. We used the API to create our training
dataset and extract the input features during deployment. Our API can read the game state data
at 128 Hz, although we downsample to 16 Hz for the training dataset. The high frequency enables
training our movement model to replicate human’s fine-grained behaviors.

Our API does not include system state due to Counter-Strike’s technical limitations. In this
section, we will explain the ideal system state to log for games with a similar architecture to Counter-

Strike. As shown in Figure 8.1, multiplayer FPS are frequently distributed systems with a single
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authoritative leader, the game server, and many clients [24]. The server processes users’ commands,
updates game state, and sends the updates (known as snapshots) to the clients. Each player’s client
processes the snapshot, renders the new frame, records the user’s command, and sends the command
to the server. A round trip can require 100 ms. In order to make the system seem instantaneous,
each client sees a different version of the world that depends on their network latency [25].

We recommend that future APIs return all perspectives, server’s CPU performance, and clients’
GPU performance. Counter-Strike current replay files only record the system’s perspective or one
client’s perspective and omit processor performance. While logging this data is difficult, the data
is crucial to analyze fine-grained behavior like reaction times and debug desynchronization or per-
formance issues. One example use case of the data is training agents specialized to imitate humans
playing on a poor internet connection. These agents would enable rapid testing of multiple lag com-
pensation techniques. Poor logging infrastructure is one reason why developers struggle to develop

and test lag compensation techniques.

8.1.2 Updating Game State

The API enables updating system state. There are two types of updates. The API allows directly
updating many of the values specified in Chapter 4. We used this API component to implement
behavior tests, like placing teams of agents in consistent positions and ensuring they always follow
a reasonable path to an objective. The second update type is player commands. These commands
replicate human mouse and keyboard actions. We used this API to deploy the agent, converting the
movement model’s outputs into actual in-game behavior.

A key API implementation challenge is handling dropped player commands. As shown in Fig-
ure 8.1, our API proposal separates the server and client into two separate processes. A client agent
may fail to send commands on some frames due to spikes in model latency or other unforeseen er-
rors. We handle this problem by replicating the prior command. This approach is acceptable given
human perception. Our server performs a game step every 8 ms, roughly an order of magnitude
faster than human reaction times [7]. If a command is dropped, the next one will be received well

before a human can notice the drop.

8.2 Game Modification API

We implemented our API using a Counter-Strike game modification API. We recommend that future
games support similar APIs to enable extensibility. There are three key requirements for a game
modification API.

The first requirement is that the API can run user-defined logic every game step. This frequency
is necessary to process player commands and log complete game state. We recognize that such an

API brings performance concerns, as researchers may inject code that slows down every frame. APIs



CHAPTER 8. AGENT API FOR MULTIPLAYER FPS 73

may ignore user-defined logic that takes too long to run.

The second requirement is that the API support communication with external processes. This
communication is necessary to interface with agents running in different processes, as shown in
Figure 8.1.

The third requirement is that the API provide access to and documentation for internal game
functions. We needed this functionality to implement key derived features and to debug our agents.
We use the ray tracing internal functions to compute the enemy visibility features. We use the entity
spawning feature to visualize and debug internal agent state, like the lines shown in Figure 6.2 that
visualize players’ probabilistic occupancy maps of enemy positions. Finally, we disable round end
checking to create a debug mode. Typically, Counter-Strike retakes rounds end in 40 seconds, when
the bomb explodes. Upon restart, players move to new positions. Our non-restarting debug mode

allows testing without interruption.

8.3 Testing

An agent testing framework must support three capabilities: (1) reset game state and agent state
to consistent values, (2) assert test conditions are true, (3) respond to human-controlled game state
changes during human-agent mixed testing.

BTs and our agent API enable implementing these test components. Since all the test components
are implemented as a BT, they can directly access and reset the internal state of the agent BT. They
can set game state using the agent API. BTs provide temporal semantics for sequential and parallel
composition of logic [55]. The sequential composition enables implementing temporal conditions, like
following a leader at a reasonable distance. The parallel composition enables a player management
subtree to continuously check for and respond to human-controlled game state changes.

We typically implement tests in this framework using four phases. First, an initialization phase
enables testing isolated, individual behaviors, like following a leader. This phase freezes all agents,
then sets their test-specific game state (i.e., positions) and internal state (i.e., aim targets). Next, a
runtime phase allows the agents to play the game while verifying that constraints are satisfied. For
leader-following tests, this phase may enforce a distance constraint between the players. Third, a
validation phase ensures the test completes within a time constraint and that final conditions are
met, such as the leader reaching a destination point. The fourth phase wraps the three other phases
with a player management system that handles humans joining and leaving the server. If a human
joins, the test may restart or player ids may be shuffled. This phase fixes the constraints so that the

runtime and validation constraints apply to the correct agents.



Chapter 9

Conclusion

In this dissertation, we demonstrate an efficient, human-like agent for the multiplayer FPS Counter-
Strike. Three key ideas drove the design of our agent. First, imitating human demonstrations at
scale is the most direct approach to produce human-like behavior. In Chapter 4, we demonstrate
our dataset curation system for extracting 123 hours of professional, human Counter-Strike demon-
strations in a symbolic representation. This dataset is large enough to cover the entire space of
possible game states in the Counter-Strike retakes mode. Second, autoregressive models trained to
predict short-term actions can generate long-term, human-like behavior. In Chapter 5, we explain
our efficient, transformer-based movement model trained using supervised learning to predict the
next movement commands. This model generates human-like behavior, such as flanking and using
cover, when deployed in our complete Counter-Strike agent. Third, we only use learning where nec-
essary to create the complete agent. In Chapter 6, we describe MLMOVE, a Counter-Strike agent
that combines the learned movement model with a behavior tree hierarchy of hand-crafted rules. We
leverage domain knowledge to extract game state in an efficient, symbolic representation and design
the behavior rules. Our evaluation in Chapter 7 shows our tiny transformer model is surprisingly
effective when deployed in MLMOVE. We combine a user study, position metrics, and team strat-
egy metrics to demonstrate that MLMOVE is more human-like than high quality, rule-based agent
baselines. In the following sections, We will explain the implications of our results for multiplayer

FPS agents, how future work may create even more human-like agents, and future applications.

9.1 Implications

Our results suggest that several commonly held beliefs about agents, particularly popular in the
video game industry, are incorrect. Two of the most important are the value of symbolic game
traces and the practicality of modern ML in compute-constrained environments like a multiplayer

FPS. When we started, we believed that large ML models needed to process rendered game images
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(or complex features derived from those images) in order to behave in a human-like manner. Our
results suggest that massive datasets of symbolic game traces are sufficient to train small, efficient
models of human-like behavior. We implore academic researchers and industry developers to create

these datasets.

9.1.1 Efficient ML is Surprisingly Effective

Developers often assume they need to create massive models in order to process game state. In
this dissertation, we have shown that modern ML techniques that generate human-like behavior
are sufficiently efficient for modern games. Our movement model trains in 1.5 hours on a single
GPU (attractive for modern game design workflows). The amortized inference cost per game step
for our model is less than 0.5 ms on a single CPU core for all players, making it plausible for
commercial game server deployment. The keys to our model’s efficiency are (1) its GPT-style next
token prediction and (2) the symbolic state representation. This approach works provides the model
with complete game state (all players’ positions) and uses a basic loss function (next actions) that
forces the model to learn relationships between players.

While our work focused on Counter-Strike, the simplicity of the movement model architecture
and training methodology should generalize to other multiplayer FPS games. We mainly leveraged
common traits of FPS games in our design (rather than Counter-Strike specific features). However,
for each new FPS game, a dataset of size and coverage similar to CSKNOW is needed to train a
transformer-based movement model similar to ours. There might be some game specific changes
needed to the model input and output to match each game’s navigation features. For example,
another game might have four instead of three speeds or a few more complex movement modes (like
climbing along ledges or ropes). We anticipate that small adjustments to the action space would

enable a general, cross-game framework.

9.1.2 Symbolic Game Traces are Sufficient and Should be Recorded at

Scale

Researchers have built small game play trace datasets [19, 110]. However, the game industry has the
potential to create datasets that are multiple orders of magnitude larger. A single popular game, like
Counter-Strike, can generate millions of hours of trace data every day [12]. If we had such a massive
dataset, then we could easily generalize MLMOVE to new maps and games, as well as specialize it
to individual player styles. But, developers need a good justification for the recording and storage
costs incurred when creating such a large dataset.

Modern ML techniques can justify the cost of these large datasets. As explained above, we have
shown that efficient ML techniques can generate human-like behavior. The idea that ML techniques

are too computationally inefficient is a misconception. Efficient techniques can generate human-like
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Figure 9.1: An early human behavior analysis experiment using complex feature engineering. The
left image shows a normal Counter-Strike rendered frame. The right image shows the same frame
where each enemy has a different color and everything else is black.

behavior without processing rendered images or complex features that approximate the images.

In the process of creating MLMOVE, we performed a series of experiments that emphasize the
limitations of rendered images and complex feature engineering. First, we tried to identify cheaters
by combining computer vision techniques with complex feature engineering heuristics (i.e. modifying
Counter-Strike’s rendered images to compute reaction time) [26]. Figure 9.1 shows an example of
this feature engineering, where each enemy has a different color and everything else is black. This
approach failed to identify cheaters since the game state representation did not account for the
complexity of human behavior. It did not record why players might legitimately predict enemy
positions based on communication with teammates or features of map geometry like cover.

A second experiment tried to improve the accuracy of the heuristics. We spent weeks reverse
engineering Counter-Strike’s network latency in order to compute reaction time features that are
accurate to ~ 10 ms [25]. Again, more accurate heuristics did not address the fundamental problem:
our hand-crafted features did not account for all possible game situations. It is not feasible to write
behavior generation rules or analysis heuristics for every corner case [27]. Instead, modern ML
approaches are necessary to learn feature embeddings that account for the full complexity of human

behavior. Symbolic game traces are sufficient to train these approaches’ models.

9.2 Principles For Future Agents

In addition to addressing our limitations, we envision that future agents will create more human-
like experiences by building upon key principles of human behavior. These behavior principles are

generalizations of the movement principles discussed in Chapter 3:

1. Avoiding Exploitable Mistakes - Humans can easily identify and defeat agents if they
make basic mistakes like ignoring cover or repeating a behavior too often. Humans identified

that RULEMOVE utilized the same flanking behavior too often. Even if a behavior is strong,
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it can become weak if the enemy is expecting it.

2. Responding to Enemies - Multiplayer FPS are interactive experiences where enemies re-
peatedly counter each others’ behaviors. The longer an agent can keep up with humans in this

interactive chain of counters, the more human-like it will appear.

3. Long-Term Planning with Game-Specific Expert Terminology - For each multiplayer
FPS game, humans create a custom set of terms for defining long-term strategies. These terms
describe important positions in each map and how to coordinate behavior between players in
different positions. We utilize Counter-Strike’s map position and coordination terminology to

evaluate agents’ mistakes (Section 7.3.2) and teamwork (Section 7.3.3) like flanking.

We envision that future agents will generate even more diverse, difficult to exploit, and responsive
behavior. New metrics may be required to evaluate exploitability. Agents may be deployed in games
that last for hours, rather than 40 seconds like retakes mode, so players can explore the responsive
behavior over extremely long timescales.

Future agents should also collaboratively plan strategies with humans using game-specific ex-
pert terminology. We anticipate that these long-term plans may address some of the limitations
mentioned in Section 7.5. As explained in Chapter 4, we spent months trying to control long-term
behavior like saving with hand-labeled features and heuristics. The expert terminology may serve
as an improved long-term control signal. The terms can enable new input features and a long-term
loss function to augment our short-term loss function. The new features and augmented loss may
enable the agents to more accurately follow a long-term path without jitter and to decide when to
leave saving corners.

A hierarchical modeling approach may automatically generate the terms to improve support for
open world games. A large language model (LLM) could summarize the game state, predict the
objective, and emit expert terminology to reach the objective. This hierarchical approach would
combine the efficiency of a small model with the generality of an LLM. We look forward to playing

with such agents.

9.3 Future Applications

It would be trivial to collect orders of magnitude more data in industry than our 123 hours. Human-
like agents trained on these massive datasets may unlock a swath of new applications. Three of
the most promising are personalized teammates, skill-appropriate practice partners, and inhuman
behavior detection.

Players frequently play multiplayer FPS games with their friends. Human-like agents can serve
as substitutes when friends are offline. Each player has their own style, so imitating a friend would

require a significant dataset. Some players are too aggressive, while others are too timid. Each
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player has their own favorite places to stand, and their own techniques for implementing the human-
like behavior principles. Players know how their friends will respond to different situations, so they
will be able to differentiate a general human-like agent from one tuned to their friend’s style. A
massive dataset seems necessary so human-like agents can train on demonstrations from the millions
of players of a multiplayer game like Counter-Strike [12].

Training requires practice partners at the right skill level. Beginners need to experience the basic
mistakes, how to avoid them, and how to take advantage of your opponent’s. Human-like agents will
never make these mistakes if they only play at a professional level. Additionally, players may get
frustrated and stop training if they always lose to much better partners. If human-like agents can
specialize to each skill level, then they can provide a range of skill levels from beginner to expert.
A large dataset would provide demonstrations for training agents with these different skill levels.

Cheating players are difficult to detect due to the cat-and-mouse cycle of detection and gener-
ation. It is easier to generate human-like behavior than detect it. The cycle starts with anti-cheat
developers spending a lot of time to identify cheating behavior, train a model to detect it, verify the
model has few false positives, and deploy it. Cheating players are frequently skilled and know what
looks suspicious, so they can easily change their behavior to invalidate the detectors and restart
the cycle. Rather than creating cheating detectors, the ideal way to solve this problem is reversing
the cycle. Anti-cheat developers have shown how to generate behavior that cheating players must
detect, or the cheating players will self-identify and be easy to ban [28]. The key limitation with
this technique was that it lacked a model of human-like behavior. We anticipate that human-like
agents trained on massive datasets of human behavior will provide the necessary models and enable

a new generation of cheat detection tools.
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Appendix

A.1 RuleMove Rule-Based Execution Modules

We designed MLMOVE and RULEMOVE using a rule structure known as a behavior tree (BT) [55].
Our BT has three components, which we described in Section 6.2. In this appendix, we explain the
rule-based movement logic in those components used only by RULEMOVE. We refer to Section 6.2

for the aiming and firing logic of the components shared between MLMOVE and RULEMOVE.

A.1.1 Team Coordinator

RULEMOVE uses the logic described in Section 6.2.1 for managing team communication about enemy
positions. RULEMOVE also includes logic for managing long-term movement. The agent assigns each
player a high-level path for attacking or defending an objective and an aggressiveness. For offense
players, aggressiveness governs the order in which multiple agents travel the same path. For defense
players, it governs how far the defenders position themselves from the objective, closer is safer but

yields more territory to the offense.

A.1.2 Individual Player Planner

RULEMOVE uses the logic described in Section 6.2.2 for selecting an aim target. RULEMOVE also
includes logic for non-learned movement. Based on teammates’ positions, it selects the next waypoint
on the high-level path. The module plans an A*-path to the waypoint using the map’s navigational
mesh. The path accounts for player aggressiveness using a spacing sub-component. The spacing sub-
component ensures more passive players wait for more aggressive teammates to move first. Baiting
players wait for teammates on the same long-term path. Lurking players wait for teammates on

other long-term paths. Pushing players move first.
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A.1.3 Individual Player Action Generator

RULEMOVE uses the logic described in Section 6.2.3 for generating mouse commands. The movement
logic that generates keyboard commands is different. RULEMOVE picks the direction component of
the keyboard commands given the current position and the target waypoint. It uses a quirk of
Counter-Strike physics to jump. In Counter-Strike, players can accelerate while in the air. RULE-
MOVE jumps on obstacles by running into them, waiting until its velocity decreases to nearly zero,
and then emitting a jump and crouch command. This heuristic ensures the agent has a controlled
jump motion that reaches maximum vertical height and travels a small horizontal distance. We find

that this heuristic is sufficient to navigate de_dust2.
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