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Supplementary Materials378

1 Task379

1.1 Rules of Capture the Flag380

CTF is a team game with the objective of scoring more flag captures than the opposing team381

in five minutes of play time. To score a capture, a player must navigate to the opposing team’s382

base, pick up the flag (by touching the flag), carry it back to their own base, and capture it by383

running into their own flag. A capture is only possible if the flag of the scoring player’s team384

is safe at their base. Players may tag opponents which teleports them back to their base after a385

delay (respawn). If a flag carrier is tagged, the flag they are carrying drops on the ground and386

becomes stray. If a player on the team that owns the dropped flag touches the dropped flag, it387

is immediately returned back to their own base. If a player on the opposing team touches the388

dropped flag, that player will pick up the flag and can continue to attempt to capture the flag.389

1.2 Environment390

The environment we use is DeepMind Lab (10) which is a modified version of Quake III391

Arena (11). The modifications reduce visual connotations of violence, but retain all core game392

mechanics. Video games have been a long standing domain to develop innovative and prac-393

tical AI methods (61). Previous work on first-person games considers either much simpler394

games (2, 5, 62, 63), simplified agent interfaces (64), or non-learning systems (51, 65), and395

previously studied multi-agent domains often consist of discrete-state environments (16, 19,396

23, 66), have simplified 2D dynamics (17, 20, 67) or have fully observable or non-perceptual397

features (16–20, 67) rather than pixel observations. As an example, the RoboCup simulation398

league (68) is a multi-agent environment that shares some of the same challenges of our envi-399

ronment, and successful work has included RL components (20–22), however these solutions400
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use a combination of hand-engineering, human-specified task decompositions, centralised con-401

trol, and low-dimensional non-visual inputs, compared to our approach of end-to-end machine402

learning of independent reinforcement learners.403

CTF games are played in an artificial environment referred to as a map. In this work we404

consider two themes of procedurally generated maps in which agents play, indoor maps, and405

outdoor maps, example schematics of which are shown in Figure S3. The procedural indoor406

maps are flat, maze-like maps, rotationally symmetric and contain rooms connected by corri-407

dors. For each team there is a base room that contains their flag and player spawn points. Maps408

are contextually coloured: the red base is coloured red, the blue base blue. The procedural out-409

door maps are open and hilly naturalistic maps containing randomly sized rocks, cacti, bushes,410

and rugged terrain that may be impassable. Each team’s flag and starting positions are located411

in opposite quadrants of the map. Both the procedural indoor maps and the procedural outdoor412

maps are randomly generated each episode (some random seeds are not used for training and413

reserved for performance evaluation), providing a very large set of environments. More details414

can be found in Section 5.3. Every player carries a disc gadget (equivalent to the railgun in415

Quake III Arena) which can be used for tagging, and can see their team, shield, and flag status416

on screen.417

2 Agent418

2.1 FTW Agent Architecture419

The agent’s policy ⇡ is represented by a neural network and optimised with reinforcement learn-420

ing (RL). In a fully observed Markov Decision Process, one would aim at finding a policy421

that approximately maximises expected �-discounted return Eπ(·|st)[Rt] in game state st, where422

Rt =
PT�t

k=0 �
krt+k. However, when an agent does not have information about the entire envi-423

ronment (which is often the case in real world problems, including CTF), it becomes a Partially-424
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Observed Markov Decision Process, and hence we instead seek to maximise Eπ(·|x≤t)[Rt], the425

expected return under a policy conditioned on the agent’s history of individual observations.426

Due to the ambiguity of the true state given the observations, P (st|xt), we represent the cur-427

rent value as a random variable, Vt = Eπ(·|x≤t)[Rt] =
P

s
P (s|x<t)Eπ(·|s)[Rt]. We follow the428

idea of RL as probabilistic inference (69–71) which leads to a Kullback-Leibler divergence429

(KL) regularised objective in which the policy Q is regularised against a prior policy P. We430

choose both to contain a latent variable zt, the purpose of which is to model the dependence on431

past observations. Letting the policy and the prior differ only in the way this dependence on432

past observations is modelled leads to the following objective:433

E
Q(zt|Cq

t)
[Rt]�DKL[Q (zt|C

q
t ) ||P (zt|C

p
t )], (S1)

where P (zt|C
p
t ) and Q (zt|C

q
t ) are the prior and variational posterior distributions on zt condi-434

tioned on different sets of variables Cp
t and Cq

t respectively, and DKL is the Kullback-Leibler435

divergence. The sets of conditioning variables Cp
t and Cq

t determine the structure of the prob-436

abilistic model of the agent, and can be used to equip the model with representational priors.437

In addition to optimising the return as in Equation S1, we can also optimise extra modelling438

targets which are conditional on the latent variable zt, such as the value function to be used439

as a baseline (2), and pixel control (5), whose optimisation positively shapes the shared la-440

tent representation. The conditioning variables Cq
t and Cp

t and the associated neural network441

structure are chosen so as to promote forward planning and the use of memory. We use a442

hierarchical RNN consisting of two recurrent networks (LSTMs (72)) operating at different443

timescales. The hierarchical RNN’s fast timescale core generates a hidden state h
q
t at every444

environment step t, whereas its slow timescale core produces an updated hidden state every ⌧445

steps h
p
t = h

p

τb t
τ
c. We use the output of the fast ticking LSTM as the variational posterior,446

Q (zt|P (zt) , z<t,xt, a<t, r<t) = N (µq
t ,Σ

q
t ), where the mean µq

t and covariance Σ
q
t = (�q

t I)
2

447
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of the normal distribution are parameterised by the linear transformation (µq
t , log �

q
t ) = fq(h

q
t ),448

and at each timestep take a sample of zt ⇠ N (µq
t ,Σ

q
t ). The slow timescale LSTM output is449

used for the prior of P
⇣

zt|z<τb t
τ
c,xτb t

τ
c, a<τb t

τ
c, r<τb t

τ
c

⌘

= N (µp
t ,Σ

p
t ) where Σ

p
t = (�p

t I)
2 ,450

(µp
t , log �

p
t ) = fp(h

p
t ) and fp is a linear transformation. The fast timescale core takes as input the451

observation that has been encoded by a convolutional neural network (CNN), ut = CNN(xt),452

the previous action at�1, previous reward rt�1, as well as the prior distribution parameters µp
t453

and Σ
p
t , and the previous sample of the variational posterior zt�1 ⇠ N (µq

t�1,Σ
q
t�1). The slow454

core takes in the fast core’s hidden state as input, giving the recurrent network dynamics of455

h
q
t = gq(ut, at�1, rt�1,h

p
t ,h

q
t�1, µ

p
t ,Σ

p
t , zt�1)

456

h
p
t =

(

gp(h
q
t�1,h

p
t�1) if t mod ⌧ = 0

h
p

τb t
τ
c otherwise

(S2)

where gq and gp are the fast and slow timescale LSTM cores respectively. Stochastic policy,457

value function, and pixel control signals are obtained from the samples zt using further non-458

linear transformations. The resulting update direction is therefore:459

r
�
Ezt⇠Q [�L(zt,xt)]�DKL

⇥
Q(zt|P (zt) , z<t,xt, a<t, r<t

| {z }

Cq
t

)||P(zt|z<τb t
τ
c,xτb t

τ
c, a<τb t

τ
c, r<τb t

τ
c

| {z }

Cp
t

)
⇤�
.

(S3)

where L(·, ·) represents the objective function composed of terms for multi-step policy gradient460

and value function optimisation (2) with off-policy correction (26), as well as pixel control and461

reward prediction auxiliary tasks (5), see Section 5.4. Intuitively, this objective function cap-462

tures the idea that the slow LSTM generates a prior on z which predicts the evolution of z for the463

subsequent ⌧ steps, while the fast LSTM generates a variational posterior on z that incorporates464

new observations, but adheres to the predictions made by the prior. All the while, z must be465

a useful representation for maximising reward and auxiliary task performance. This architec-466

ture can be easily extended to more than two hierarchical layers, but we found in practice that467
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more layers made little difference on this task. We also augmented this dual-LSTM agent with468

shared DNC memory (27) to further increase its ability to store and recall past experience (this469

merely modifies the functional form of gp and gq). Finally, unlike previous work on DeepMind470

Lab (5,26), the FTW agent uses a rich action space of 540 individual actions which are obtained471

by combining elements from six independent action dimensions. Exact agent architectures are472

described in Figure S11.473

2.2 Internal Reward and Population Based Training474

We wish to optimise the FTW agent with RL as stated in Equation S3, using a reward signal475

that maximises the agent team’s win probability. Reward purely based on game outcome, such476

as win/draw/loss signal as a reward of rT = 1, rT = 0, and rT = �1 respectively, is very477

sparse and delayed, resulting in no learning (Figure 2 (b) Self-play). Hence, we obtain more478

frequent rewards by considering the game points stream ⇢t. These can be used simply for479

reward shaping (73) (Figure 2 (b) Self-play + RS) or transformed into a reward signal rt =480

w(⇢t) using a learnt transformation w (Figure 2 (b) FTW). This transformation is adapted such481

that performing RL to optimise the resulting cumulative sum of expected future discounted482

rewards effectively maximises the winning probability of the agent’s team, removing the need483

for manual reward shaping (73). The transformation w is implemented as a table look-up for484

each of the 13 unique values of ⇢t, corresponding to the events listed in Section 5.5. In addition485

to optimising the internal rewards of the RL optimisation, we also optimise hyperparameters φ486

of the agent and RL training process automatically. These include learning rate, slow LSTM487

time scale ⌧ , the weight of the DKL term in Equation S3, and the entropy cost (full list in488

Section 5.4). This optimisation of internal rewards and hyperparameters is performed using a489

process of population based training (PBT) (49). In our case, a population of P = 30 agents490

was trained in parallel. For each agent we periodically sampled another agent, and estimated491
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the win probability of a team composed of only the first agent versus a team composed of only492

the second from training matches using Elo scores. If the estimated win probability of an agent493

was found to be less than 70% then the losing agent copied the policy, the internal reward494

transformation, and hyperparameters of the better agent, and explored new internal rewards495

and hyperparameters. This exploration was performed by perturbing the inherited value by496

±20% with a probability of 5%, with the exception of the slow LSTM time scale ⌧ , which was497

uniformly sampled from the integer range [5, 20). A burn-in time of 1K games was used after498

each exploration step – the minimum number of games during which the agent learns before499

being considered for sampling by PBT. This prevents further exploration and allows learning500

based on new hyperparameters to take effect.501

2.3 Training Architecture502

We used a distributed, population-based training framework for deep reinforcement learning503

agents designed for the fast optimisation of RL agents interacting with each other in an environ-504

ment with high computational simulation costs. Our architecture is based on an actor-learner505

structure (26): a large collection of 1920 arena processes continually play CTF games with506

players sampled at the beginning of each episode from the live training population to fill the N507

player positions of the game (Section 5.4.1 for details). We train with N = 4 (2 vs 2 games) but508

find the agents generalise to different team sizes (Figure S1). After every 100 agent steps, the509

trajectory of experience from each player’s point of view (observations, actions, rewards) is sent510

to the learner responsible for the policy carried out by that player. The learner corresponding511

to an agent composes batches of the 32 trajectories most recently received from arenas, and512

computes a weight update to the agent’s neural network parameters based on Equation S3 using513

V-Trace off-policy correction (26) to account for off-policy drift.514
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3 Performance Evaluation515

An important dimension of assessing the success of training agents to play CTF is to evalu-516

ate their skill in terms of the agent team’s win probability. As opposed to single-agent tasks,517

assessing skill in multi-agent systems depends on the teammates and opponents used during518

evaluation. We quantified agent skill by playing evaluation games with players from the set of519

all agents to be assessed. Evaluation games were composed using ad-hoc matchmaking in the520

sense that all N players of the game, from both teams, were drawn at random from the set of521

agents being evaluated. This can be seen as a generalisation of the standard ad-hoc teamwork522

evaluation scheme (24) and allowed us to measure skill against any set of opponent agents and523

robustness to any set of teammate agents. We estimate skill using the Elo rating system (48)524

extended to teams (see Section 5.1 for exact details of Elo calculation).525

We performed evaluation matches with snapshots of the FTW agent and ablation study526

agents through training time, and also included built-in bots and human participants as reference527

agents for evaluation purposes only. Differences between these types of players is summarised528

in Figure S10.529

The various ablated agents in experiments are (i) UNREAL (5) trained with self-play using530

game winning reward – this represents the state-of-the-art naive baseline – (ii) Self-play with531

reward shaping (RS) which instead uses the Quake default points scheme as reward, (iii) PBT532

with RS, which replaces self-play with population based training, and (iv) FTW without tem-533

poral hierarchy which is the full FTW agent but omitting the temporal hierarchy (Section 5.6534

for full details).535

The built-in bots were scripted AI bots developed for Quake III Arena. Their policy has536

access to the entire game engine, game state, and map layout, but have no learning compo-537

nent (51). These bots were configured for various skill levels, from Bot 1 (very low skill level)538
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to Bot 5 (very high skill level, increased shields), as described fully in Section 5.9.539

The human participants consisted of 40 people with first-person video game playing expe-540

rience. We collected results of evaluation games involving humans by playing five tournaments541

of eight human players. Players were given instructions on the game environment and rules,542

and performed two games against Bot 3 built-in bots. Human players then played seven games543

in ad-hoc teams, being randomly matched with other humans, FTW agents, and FTW without a544

temporal hierarchy agents as teammates and opponents. Players were not told with which agent545

types they were playing and were not allowed to communicate with each other. Agents were546

executed in real-time on the CPUs of the same workstations used by human players (desktops547

with a commodity GPU) without adversely affecting the frame-rate of the game.548

Figure S1 shows the outcome of the tournaments involving humans. To obtain statistically549

valid Elo estimates from the small number of games played among individuals with high skill550

variance, we pooled the humans into two groups, top 20% (strong) and remaining 80% (aver-551

age), according to their individual performances.552

We also performed another study with human players to find out if human ingenuity, adap-553

tivity and teamwork would help humans find exploitative strategies against trained agents. We554

asked two professional games testers to play as a team against a team of two FTW agents on a555

fixed, particularly complex map, which had been held out of training. After six hours of practice556

and experimentation, the human games testers were able to consistently win against the FTW557

team on this single map by employing a high-level strategy. This winning strategy involved558

careful study of the preferred routes of the agents on this map in exploratory games, drawing559

explicit maps, and then precise communication between humans to coordinate successful flag560

captures by avoiding the agents’ preferred routes. In a second test, the maps were changed to be561

procedurally generated for each episode as during training. Under these conditions, the human562

game testers were not able to find a consistently winning strategy, resulting in a human win-rate563
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of only 25% (draw rate of 6.3%).564

3.1 Human-Agent Differences565

It is important to recognise the intrinsic differences between agents and humans when evaluat-566

ing results. It is very difficult to obtain an even playing ground between humans and agents,567

and it is likely that this will continue to be the case for all human/machine comparisons in the568

domain of action video games. While we attempted to ensure that the interaction of agents and569

humans within their shared environment was as fair as possible, engineering limitations mean570

that differences still exist. Figure S10 (a) outlines these, which include the fact that the environ-571

ment serves humans a richer interface than agents: observations with higher visual resolution572

and lower temporal latency, and a control space of higher fidelity and temporal resolution.573

However, in spite of these environmental constraints, agents have a set of advantages over574

humans in terms of their ultimate sensorimotor precision and perception. Humans cannot take575

full advantage of what the environment offers: they have a visual-response feedback loop far576

slower than the 60Hz observation rate (74); and although a high fidelity action space is available,577

humans’ cognitive and motor skills limit their effective control in video games (75).578

One way that this manifests in CTF games is through reaction times to salient events. While579

we cannot measure reaction time directly within a full CTF game, we measure possible proxies580

for reaction time by considering how long it takes for an agent to respond to a newly-appeared581

opponent (Figure S10 (b)). After an opponent first appears within a player’s (90 degree) field-582

of-view, it must be become “taggable”, i.e. positioned within a 10 degree cone of the player’s583

centre of vision. This occurs very quickly within both human and agent play, less than 200ms584

on average (though this does not necessarily reflect intentional reactions, and may also result585

from some combination of players’ movement statistics and prior orientation towards opponent586

appearance points). However, the time between first seeing an opponent and attempting a tag587
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(the opponent is taggable and the tag action is emitted) is much lower for FTW agents (mean of588

258ms) compared to humans (559ms), and when a successful tag is considered this gap widens589

(233ms FTW, 627ms humans). Stronger agents also had lower response times in general than590

weaker agents, but there was no statistically significant difference in strong humans’ response591

times compared to average humans.592

The tagging accuracy of agents is also significantly higher than that of humans: 80% for593

FTW agents compared to 48% for humans. We measured the effect of tagging accuracy on the594

performance of FTW agents playing against a Bot 3 team by artificially impairing agents ability595

to fire, without retraining the agents (Figure S10 (c)). Win probability decreased as the accuracy596

of the agent decreased, however at accuracies comparable to humans the FTW agents still had597

a greater win probability than humans (albeit with comparable mean flag capture differences).598

We also used this mechanism to attempt to measure the effect of successful tag time on win599

probability (Figure S10 (d)), and found that an average response time of up to 375ms did not600

effect the win probability of the FTW agent – only at 448ms did the win rate drop to 85%.601

3.1.1 Reaction Time Delayed Agents602

In order to control explicitly for reaction time differences between humans and agents, we603

investigated the performance of FTW agents that are artificially delayed by 267ms – this is in604

line with human video game players’ fast reaction times in simple psychophysical tasks (52–54)605

and the difference in mean time for attempting to tag between humans and agents (Figure S10606

(b)).607

This 267ms response-delayed agent, ⇡delay, emits actions which are conditioned only on608

observations from four agent time steps before, at ⇠ ⇡delay(·|xt�4). A strongly performing609

response-delayed agent was obtained by fine-tuning the non-delayed FTW agent ⇡ with RL, as610

well as introducing an auxiliary loss which encourages the delayed agent to match the policy611
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that the non-delayed agent would produce, effectively policy distillation (76) through time,612

maximising613

Eπdelay(·|x≤t−4)[Rt]� �DKL[⇡(·|xt)||⇡
delay(·|xt�4)] (S4)

where � is a hyperparameter optimised with PBT.614

We evaluated the performance of the response-delayed FTW agent through a further ex-615

ploitability study with the human games testers, as well as additional tournament games with616

human participants with first-person video game experience. In these studies, all games played617

paired a human with a response-delayed agent teammate, playing against two response-delayed618

agent opponents. During the exploitability study, the human games testers were able to achieve619

30% win rate. The 25 human participants, playing a total of 100 games, achieved an average620

win rate of 15%, (21% for self-identified strong players, and 12% for self-identified intermediate621

players1). When analysing the average number of events per game, we find that the response-622

delayed agents tag a similar amount as humans, however response-delayed agents exhibit far623

more flag pickups and captures than humans (Figure S12). These results suggest that response-624

delayed agents are as proficient taggers as humans, but outperform humans due to a difference625

in strategy.626

4 Analysis627

4.1 Knowledge Representation628

We carried out an analysis of the FTW agent’s internal representation to help us understand how629

it represents its environment, what aspects of game state are well represented, and how it uses630

its memory module and parses visual observations.631

1Each human player was asked to asses their first-person video game playing skill on a scale from 1 (beginner)

to 5 (professional). None of the players rated themselves as 5, and only one person rated as 1. Humans that rated

themselves as 4 were considered to be strong players, while everyone else as intermediate players.
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We say that the agent had game-state related knowledge of a given piece of information if632

that information could be decoded with sufficient accuracy from the agent’s recurrent hidden633

state (hp
t ,h

q
t ) using a linear probe classifier. We defined a set of 40 binary features that took634

the form of questions (found in Figure S4) about the state of the game in the distant and recent635

past, present, and future, resulting in a total of 200 features. Probe classifiers were trained for636

each of the 200 features using balanced logistic regression on 4.5 million game situations, with637

results reported in terms of AUCROC evaluated with 3-fold episode-wise cross validation. This638

analysis was performed on the agent at multiple points in training to show what knowledge639

emerges at which point in training, with the results shown in Figure S4.640

Further insights about the geometry of the representation space were gleaned by performing641

a t-SNE dimensionality reduction (55) on the recurrent hidden state of the FTW agent. We642

found strong evidence of cluster structure in the agent’s representation reflecting conjunction of643

known CTF game state elements: flag possession, location of the agent, and the agent’s respawn644

state. Furthermore, we introduce neural response maps which clearly highlight the differences645

in co-activation of individual neurons of the agent in these different game states (Figure S5).646

In fact, certain aspects of the game, such as whether an agent’s flag is held by an opponent or647

not, or whether the agent’s teammate holds the opponents flag or not, are represented by the648

response of single neurons.649

Finally, we can decode the sensitivity of the agent’s value function, policy, and internal650

single neuron responses to its visual observations of the environment through gradient-based651

saliency analysis (77) (Figure S6). Sensitivity analysis combined with knowledge classifiers652

seems to indicate that the agent performed a kind of task-based scene understanding, with the653

effect that its value function estimate was sensitive to seeing the flag, other agents, and elements654

of the on-screen information. The exact scene objects which an agent’s value function was655

sensitive to were often found to be context dependent (Figure S6 bottom).656
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4.2 Agent Behaviour657

The CTF games our agents played were five minutes long and consisted of 4500 elemental ac-658

tions by each player. To better understand and interpret the behaviour of agents we considered659

modelling temporal chunks of high-level game features. We segmented games into two-second660

periods represented by a sequence of game features (e.g. distance from bases, agent’s room, vis-661

ibility of teammates and opponents, flag status, see Section 5.8) and used a variational autoen-662

coder (VAE) consisting of an RNN encoder and decoder (78) to find a compressed vector repre-663

sentation of these two seconds of high-level agent-centric CTF game-play. We used a Gaussian664

mixture model (GMM) with 32 components to find clusters of behaviour in the VAE-induced665

vector representation of game-play segments (Section 5.8 for more details). These discrete clus-666

ter assignments allowed us to represent high-level agent play as a sequence of clusters indices667

(Figure S9 (b)). These two second behaviour prototypes were interpretable and represented a668

wide range of meaningful behaviours such as home base camping, opponents base camping, de-669

fensive behaviour, teammate following, respawning, and empty room navigation. Based on this670

representation, high-level agent behaviour could be represented by histograms of frequencies of671

behaviour prototypes over thousands of episodes. These behavioural fingerprints were shown672

to vary throughout training, differed strongly between hierarchical and non-hierarchical agent673

architectures, and were computed for human players as well (Figure S9 (a)). Comparing these674

behaviour fingerprints using the Hellinger distance (79) we found that the human behaviour was675

most similar to the FTW agent after 200K games of training.676
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5 Experiment Details677

5.1 Elo Calculation678

We describe the performance of both agents (human or otherwise) in terms of Elo ratings (48),679

as commonly used in both traditional games like chess and in competitive video game ranking680

and matchmaking services. While Elo ratings as described for chess address the one-versus-one681

case, we extend this for CTF to the n-versus-n case by making the assumption that the rating of682

a team can be decomposed as the sum of skills of its team members.683

Given a population of M agents, let  i 2 R be the rating for agent i. We describe a given684

match between two teams, blue and red, with a vector m 2 ZM , where mi is the number of685

times agent i appears in the blue team less the number of times the agent appears in the red686

team. Using our additive assumption we can then express the standard Elo formula as:687

P(blue wins against red|m,φ) =
1

1 + 10�ψT
m/400

. (S5)

To calculate ratings given a set of matches with team assignments mi and outcomes yi688

(yi = 1 for “blue beats red” and yi = 1
2

for draw), we optimise ψ to find ratings ψ⇤ that689

maximise the likelihood of the data. Since win probabilities are determined only by absolute690

differences in ratings we typically anchor a particular agent (Bot 4) to a rating of 1000 for ease691

of interpretation.692

For the purposes of PBT, we calculate the winning probability of ⇡i versus ⇡j using mi = 2693

and mj = �2 (and mk = 0 for k /2 {i, j}), i.e. we assume that both players on the blue team694

are ⇡i and similarly for the red team.695

5.2 Environment Observation and Action Space696

DeepMind Lab (10) is capable of rendering colour observations at a wide range of resolutions.697

We elected to use a resolution of 84⇥84 pixels as in previous related work in this environment698

35



(5,80). Each pixel is represented by a triple of three bytes, which we scale by 1
255

to produce an699

observation xt 2 [0, 1]84⇥84⇥3.700

The environment accepts actions as a composite of six types of partial actions: change in701

yaw (continuous), change in pitch (continuous), strafing left or right (ternary), moving forward702

or backwards (ternary), tagging and jumping (both binary). To further simplify this space,703

we expose only two possible values for yaw rotations (10 and 60) and just one for pitch (5).704

Consequently, the number of possible composite actions that the agent can produce is of size705

5 · 3 · 3 · 3 · 2 · 2 = 540.706

5.3 Procedural Environments707

Indoor Procedural Maps The procedural indoor maps are flat, point-symmetric mazes con-708

sisiting of rooms connected by corridors. Each map has two base rooms which contain the709

team’s flag spawn point and several possible player spawn points. Maps are contextually710

coloured: the red base is red, the blue base is blue, empty rooms are grey and narrow corri-711

dors are yellow. Artwork is randomly scattered around the map’s walls.712

The procedure for generating an indoor map is as follows:713

1. Generate random sized rectangular rooms within a fixed size square area (e.g. 13⇥ 13 or714

17 ⇥ 17 cells). Room edges were only placed on even cells meaning rooms always have715

odd sized walls. This restriction was used to work with the maze backtracking algorithm.716

2. Fill the space between rooms using the backtracking maze algorithm to produce corridors.717

Backtracking only occurs on even cells to allow whole cell gaps as walls.718

3. Remove dead ends and horseshoes in the maze.719

4. Searching from the top left cell, the first room encountered is declared the base room.720

This ensures that base rooms are typically at opposite ends of the arena.721
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5. The map is then made to be point-symmetric by taking the first half of the map and722

concatenating it with its reversed self.723

6. Flag bases and spawn points are added point-symmetrically to the base rooms.724

7. The map is then checked for being solveable and for meeting certain constraints (base725

room is at least 9 units in area, the flags are a minimum distance apart).726

8. Finally, the map is randomly rotated (to prevent agents from exploiting the skybox for727

navigation).728

Outdoor Procedural Maps The procedural outdoor maps are open and hilly naturalistic729

maps containing obstacles and rugged terrain. Each team’s flag and spawn locations are on730

opposite corners of the map. Cacti and boulders of random shapes and sizes are scattered over731

the landscape. To produce the levels, first the height map was generated using the diamond732

square fractal algorithm. This algorithm was run twice, first with a low variance and then with a733

high variance and compiled using the element-wise max operator. Cacti and shrubs were placed734

in the environment using rejection sampling. Each plant species has a preference for a distri-735

bution over the height above the water table. After initial placement, a lifecycle of the plants736

was simulated with seeds being dispersed near plants and competition limiting growth in high-737

vegetation areas. Rocks were placed randomly and simulated sliding down terrain to their final738

resting places. After all entities had been placed on the map, we performed pruning to ensure739

props were not overlapping too much. Flags and spawn points were placed in opposite quad-740

rants of the map. The parameters of each map (such as water table height, cacti, shrub and rock741

density) were also randomly sampled over each individual map. 1000 maps were generated and742

10 were reserved for evaluation.743
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5.4 Training Details744

Agents received observations from the environment 15 times (steps) per second. For each ob-745

servation, the agent returns an action to the environment, which is repeated four times within746

the environment (5, 80). Every training game lasts for five minutes, or, equivalently, for 4500747

agent steps. Agents were trained for two billion steps, corresponding to approximately 450K748

games.749

Agents’ parameters were updated every time a batch of 32 trajectories of length 100 had750

been accumulated from the arenas in which the respective agents were playing. We used RM-751

SProp (81) as the optimiser, with epsilon 10�5, momentum 0, and decay rate 0.99. The initial752

learning rate was sampled per agent from LogUniform(10�5, 5 · 10�3) and further tuned during753

training by PBT, with a population size of 30. Both V-Trace (26) clipping thresholds ⇢̄, c̄ were754

set to 1. RL discounting factor � was set to 0.99.755

All agents were trained with at least the components of the UNREAL loss (5): the losses756

used by A3C (80), plus pixel control and reward prediction auxiliary task losses. The baseline757

cost weight was fixed at 0.5, the initial entropy cost was sampled per agent from LogUniform(5·758

10�4, 10�2), the initial reward prediction loss weight was sampled from LogUniform(0.1, 1),759

and the initial pixel control loss weight was sampled from LogUniform(0.01, 0.1). All weights760

except the baseline cost weight were tuned during training by PBT.761

Due to the composite nature of action space, instead of training pixel control policies directly762

on 540 actions, we trained independent pixel control policies for each of the six action groups.763

The reward prediction loss was trained using a small replay buffer, as in UNREAL (5).764

In particular, the replay buffer had capacity for 800 non-zero-reward and 800 zero-reward se-765

quences. Sequences consisted of three observations. The batch size for the reward prediction766

loss was 32, the same as the batch size for all the other losses. The batch consisted of 16767

non-zero-reward sequences and 16 zero-reward sequences.768
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For the FTW agent with temporal hierarchy, the loss includes the KL divergence between769

the prior distribution (from the slow-ticking core) and the posterior distribution (from the fast-770

ticking core), as well as KL divergence between the prior distribution and a multivariate Gaus-771

sian with mean 0, standard deviation 0.1. The weight on the first divergence was sampled from772

LogUniform(10�3, 1), and the weight on the second divergence was sampled from LogUniform(10�4, 10�1).773

A scaling factor on the gradients flowing from fast to slow ticking cores was sampled from774

LogUniform(0.1, 1). Finally, the initial slower-ticking core time period ⌧ was sampled from775

Categorical([5, 6, . . . , 20]). These four quantities were further optimised during training by776

PBT.777

5.4.1 Training Games778

Each training CTF game was started by randomly sampling the level to play on. For indoor

procedural maps, first (with 50% probability) the size of map (13 or 17) and its geometry were

generated according to the procedure described in Section 5.3. For outdoor procedural maps one

of the 1000 pre-generated maps was sampled uniformly. Next, a single agent ⇡p was randomly

sampled from the population. Based on its Elo score three more agents were sampled without

replacement from the population according to the distribution

8π2π−p
P(⇡|⇡p) /

1p
2πσ2

exp

✓

�
(P(⇡p beats ⇡|�)� 0.5)2

2�2

◆

where � = 1
6

which is a normal distribution over Elo-based probabilities of winning, centred on agents of the779

same skill. For self-play ablation studies agents were paired with their own policy instead. The780

agents in the game pool were randomly assigned to the red and blue teams. After each 5 minute781

episode this process was repeated.782
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5.5 Game Events783

There are 13 binary game events with unique game point values ⇢t. These events are listed

below, along with the default values wquake from the default Quake III Arena points system used

for manual reward shaping baselines (Self-play + RS, PBT + RS):

⇢
(1)
t = I am tagged with the flag p(1) = �1 w

(1)
quake = 0

⇢
(2)
t = I am tagged without the flag p(2) = �1 w

(2)
quake = 0

⇢
(3)
t = I captured the flag p(3) = 1 w

(3)
quake = 6

⇢
(4)
t = I picked up the flag p(4) = 1 w

(4)
quake = 1

⇢
(5)
t = I returned the flag p(5) = 1 w

(5)
quake = 1

⇢
(6)
t = Teammate captured the flag p(6) = 1 w

(6)
quake = 5

⇢
(7)
t = Teammate picked up the flag p(7) = 1 w

(7)
quake = 0

⇢
(8)
t = Teammate returned the flag p(8) = 1 w

(8)
quake = 0

⇢
(9)
t = I tagged opponent with the flag p(9) = 1 w

(9)
quake = 2

⇢
(10)
t = I tagged opponent without the flag p(10) = 1 w

(10)
quake = 1

⇢
(11)
t = Opponents captured the flag p(11) = �1 w

(11)
quake = 0

⇢
(12)
t = Opponents picked up the flag p(12) = �1 w

(12)
quake = 0

⇢
(13)
t = Opponents returned the flag p(13) = �1 w

(13)
quake = 0

Agents did not have direct access to these events. FTW agents’ initial internal reward mapping

was sampled independently for each agent in the population according to

w
(i)
initial = ✏ · p(i) ✏ ⇠ LogUniform(0.1, 10.0).

after which it was adapted through training with reward evolution.784
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5.6 Ablation785

We performed two separate series of ablation studies, one on procedural indoor maps and one786

on procedural outdoor maps. For each environment type we ran the following experiments:787

• Self-play: An agent with an LSTM recurrent processing core (Figure S11 (e)) trained788

with the UNREAL loss functions described in Section 5.4. Four identical agent policies789

played in each game, two versus two. Since there was only one agent policy trained,790

no Elo scores could be calculated, and population-based training was disabled. A single791

reward was provided to the agent at the end of each episode, +1 for winning, -1 for losing792

and 0 for draw.793

• Self-play + Reward Shaping: Same setup as Self-play above, but with manual reward794

shaping given by wquake.795

• PBT + Reward Shaping: Same agent and losses as Self-play + Reward Shaping above,796

but for each game in each arena the four participating agents were sampled without re-797

placement from the population using the process described in Section 5.4. Based on the798

match outcomes Elo scores were calculated for the agents in the population as described799

in Section 5.1, and were used for PBT.800

• FTW w/o Temporal Hierarchy: Same setup as PBT + Reward Shaping above, but with801

Reward Shaping replaced by an internal reward signals evolved by PBT.802

• FTW: The FTW agent, using the recurrent processing core with temporal hierarchy (Fig-803

ure S11 (f)), with the training setup described in Methods: matchmaking, PBT, and inter-804

nal reward signal.805
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5.7 Distinctly Selective Neurons806

For identifying the neuron in a given agent that is most selective for a game state feature y we807

recorded 100 episodes of the agent playing against Bot 3. Given this dataset of activations hi808

and corresponding labels yi we fit a Decision Tree of depth 1 using Gini impurity criterion. The809

decision tree learner selects the most discriminative dimension of h and hence the neuron most810

selective for y. If the accuracy of the resulting stump exceeds 97% over 100 · 4500 steps we811

consider it to be a distinctly selective neuron.812

5.8 Behavioural Analysis813

For the behavioural analysis, we model chunks of two seconds (30 agent steps) of gameplay.814

Each step is represented by 56 agent-centric binary features derived from groundtruth game815

state:816

• (3 features) Thresholded shortest path distance from other three agents.817

• (4 features) Thresholded shortest path distance from each team’s base and flags.818

• (4 features) Whether an opponent captured, dropped, picked up, or returned a flag.819

• (4 features) Whether the agent captured, dropped, picked up, or returned a flag.820

• (4 features) Whether the agent’s teammate captured, dropped, picked up, or returned a821

flag.822

• (4 features) Whether the agent was tagged without respawning, was tagged and must823

respawn, tagged an opponent without them respawning, or tagged an opponent and they824

must respawn.825

• (4 features) What room an agent is in: home base, opponent base, corridor, empty room.826
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• (5 features) Visibility of teammate (visible and not visible), no opponents visible, one827

opponent visible, two opponents visible.828

• (5 features) Which other agents are in the same room: teammate in room, teammate not829

in room, no opponents in room, one opponent in room, two opponents in room.830

• (4 features) Each team’s base visibility.831

• (13 features) Each team’s flag status and visibility. Flags status can be either at base, held832

by teammate, held by opponent, held by the agent, or stray.833

• (2 features) Whether agent is respawning and cannot move or not.834

For each of the agents analysed, 1000 episodes of pairs of the agent playing against pairs835

of Bot 3 were recorded and combined into a single dataset. A variational autoencoder (VAE)836

(82, 83) was trained on batches of this mixed agent dataset (each data point has dimensions837

30⇥56) using an LSTM encoder (256 units) over the 30 time steps, whose final output vector838

is linearly projected to a 128 dimensional latent variable (diagonal Gaussian). The decoder was839

an LSTM (256 units) which took in the sampled latent variable at every step.840

After training the VAE, a dataset of 400K data points was sampled, the latent variable means841

computed, and a Gaussian mixture model (GMM) was fit to this dataset of 400K⇥128, with842

diagonal covariance and 32 mixture components. The resulting components were treated as843

behavioural clusters, letting us characterise a two second clip of CTF gameplay as one belonging844

to one of 32 behavioural clusters.845

5.9 Bot Details846

The bots we use for evaluation are a pair of Tauri and Centuri bots from Quake III Arena as847

defined below.848
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Bot Personality Tauri Centauri

Bot Level 1 2 3 4 5 1 2 3 4 5

ATTACK SKILL 0.0 0.25 0.5 1.0 1.0 0.0 0.25 0.5 1.0 1.0

AIM SKILL 0.0 0.25 0.5 1.0 1.0 0.0 0.25 0.5 1.0 1.0

AIM ACCURACY 0.0 0.25 0.5 1.0 1.0 0.0 0.25 0.5 1.0 1.0

VIEW FACTOR 0.1 0.35 0.6 0.9 1.0 0.1 0.35 0.6 0.9 1.0

VIEW MAXCHANGE 5 90 120 240 360 5 90 120 240 360

REACTIONTIME 5.0 4.0 3.0 1.75 0.0 5.0 4.0 3.0 1.75 0.0

CROUCHER 0.4 0.25 0.1 0.1 0.0 0.4 0.25 0.1 0.1 0.0

JUMPER 0.4 0.45 0.5 1.0 1.0 0.4 0.45 0.5 1.0 1.0

WALKER 0.1 0.05 0.0 0.0 0.0 0.1 0.05 0.0 0.0 0.0

WEAPONJUMPING 0.1 0.3 0.5 1.0 1.0 0.1 0.3 0.5 1.0 1.0

GRAPPLE USER 0.1 0.3 0.5 1.0 1.0 0.1 0.3 0.5 1.0 1.0

AGGRESSION 0.1 0.3 0.5 1.0 1.0 0.1 0.3 0.5 1.0 1.0

SELFPRESERVATION 0.1 0.3 0.5 1.0 1.0 0.1 0.3 0.5 1.0 1.0

VENGEFULNESS 0.1 0.3 0.5 1.0 1.0 0.1 0.3 0.5 1.0 1.0

CAMPER 0.0 0.25 0.5 0.5 0.0 0.0 0.25 0.5 0.5 0.0

EASY FRAGGER 0.1 0.3 0.5 1.0 1.0 0.1 0.3 0.5 1.0 1.0

ALERTNESS 0.1 0.3 0.5 1.0 1.0 0.1 0.3 0.5 1.0 1.0

AIM ACCURACY 0.0 0.22 0.45 0.75 1.0 0.0 0.22 0.45 0.95 1.0

FIRETHROTTLE 0.01 0.13 0.25 1.0 1.0 0.01 0.13 0.25 0.1 0.01

849
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Figure S1: Top: Shown are win probabilities of different agents, including bots and humans, in eval-

uation tournaments, when playing on procedurally generated maps of various sizes (13–21), team sizes

(1–4) and styles (indoor/outdoor). On indoor maps, agents were trained with team size two on a mixture

of 13 ⇥ 13 and 17 ⇥ 17 maps, so performance in scenarios with different map and team sizes measures

their ability to successfully generalise. Teams were composed by sampling agents from the set in the

figure with replacement. Bottom: Shown are win probabilities, differences in number of flags captured,

and number of games played for the human evaluation tournament, in which human subjects played with

agents as teammates and/or opponents on indoor procedurally generated 17⇥ 17 maps.
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Two-player Fetch

Agent Flags

Bot 14

Self-play + RS 9

PBT + RS 14

FTW w/o TH 23

FTW 37

Fetch-trained FTW w/o TH 30

Fetch-trained FTW 44

Figure S2: Left: Average number of flags scored per match for different CTF-trained agents playing

two-player fetch (CTF without opponents) on indoor procedurally generated maps of size 17. This test

provides a measure of agents’ ability to cooperate while navigating in previously unseen maps. Ten

thousand matches were played, with teams consisting of two copies of the same agent, which had not

been trained on this variant of the CTF task. All bot levels performed very similarly on this task, so we

report a single number for all bot levels. In addition we show results when agents are trained solely on

the fetch task (+1 reward for picking up and capturing a flag only). Right: Heatmaps of the visitation of

the FTW agent during the second half of several episodes while playing fetch.
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Figure S3: Shown are schematics of samples of procedurally generated maps on which agents were

trained. In order to demonstrate the robustness of our approach we trained agents on two distinct styles

of maps, procedural outdoor maps (top) and procedural indoor maps (bottom).
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Figure S4: Shown is prediction accuracy in terms of percent AUCROC of linear probe classifiers on 40

different high-level game state features (columns) for different agents (rows), followed by their averages

across features, for five different temporal offsets ranging from -20 to +20 frames (top to bottom). Results

are shown for the baseline self-play agent with reward shaping as well as the FTW agent after different

numbers of training games, and an untrained randomly initialised FTW agent.
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Figure S5: Top: Shown are neural response maps for the FTW agent for game state features used in

the knowledge study of Extended Data Figure S4. For each binary feature y we plot the response vector

E[(hp,hq)|y = 1] � E[(hp,hq)|y = 0]. Bottom: Process for generating similarity based topological

embedding of the elements of vector x 2 RH given a dataset of other X 2 RT⇥H . Here we use

two independent t-SNE embeddings, one for each of the agent’s LSTM hidden state vectors at the two

timescales.

.
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Agent’s View Value Function Policy

Opponent has the flagTeammate has the flagI have the flagI am respawning

Figure S6: Top two rows: Selected saliency analysis of FTW agent. Contours show sensitivity�
�
�

∂ft
∂xt,ij

�
�
�
1
, where ft is instantiated as the agent’s value function at time t, its policy, or one of four

highly selective neurons in the agent’s hidden state, and xt,ij represents the pixel at position ij at time

t. Brighter colour means higher gradient norm and thus higher sensitivity to given pixels. Bottom:

Saliency analysis of a single neuron that encodes whether an opponent is holding a flag. Shown is a

single situation from the perspective of the FTW agent, in which attention is on an opponent flag carrier

at time t, on both opponents at time t+ 2, and switches to the on-screen information at time t+ 4 once

the flag carrier has been tagged and the flag returned.
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Figure S7: Top: Shown are Hinton diagrams representing how often the FTW agent reads memory slots

written to at different locations, which are represented in terms of distance to home and opponent base, on

1000 procedurally generated maps, at different points during training. The size of each square represents

the difference between the probability of reading from the given location compared to randomly reading

from one of the locations visited earlier in the episode. Red indicates that the agent reads from this

position more often than random, and blue less. At 450K the agent appears to have learned to read

from near its own base and just outside the opponent base. Bottom: Shown are memory recall patterns

for an example episode. The heatmap plot on the left shows memory recall frequency averaged across

the episode. Shown on the right are the recall patterns during the agent’s first exploration of a newly

encountered map. Early in the episode, the agent simply recalls its own path. In almost the same

situation later in the episode, the agent recalls entering the opponent base instead.
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Figure S8: Shown is a side-by-side comparison of the internal representations learned from playing CTF

for the FTW and Self-play + RS agent, visualised using t-SNE and single neuron activations (Figure 3

for more information). The self-play agent’s representation is seen to be significantly less coherently

clustered by game state, especially with respect to flag possessions. Furthermore, it appears to have

developed only two highly selective neurons compared to four for the FTW agent.
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(a) Behaviour occurrence per episode

(b) Behaviours for randomly sampled episode played by the FTW 450k game agent

Home base defence

FTW 7K games: 0.50 distance from human

FTW 45K games: 0.52 distance from human

FTW 200K games: 0.34 distance from human

FTW 300K games: 0.67 distance from human

FTW 450K games: 0.40 distance from human

Self-play + RS: 0.47 distance from human

Human

FTW w/o TH: 0.48 distance from human

Figure S9: (a) Shown is a collection of bar plots, one for each of 32 automatically discovered behaviour

clusters, representing the number of frames per episode during which the behaviour has been observed

for the FTW agent at different points in training, the FTW agent without the temporal hierarchy (TH), the

Self-play + RS agent, and human players, averaged over maps and episodes. The behavioural fingerprint

changes significantly throughout training, and differs considerably between models with and without

temporal hierarchy. (b) Shown is the multi-variate time series of active behaviour clusters during an

example episode played by the trained FTW agent. Shown are three particular situations represented by

the behaviour clusters: following your teammate, enemy base camping, and home base defence.
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Human Agent Bot

Action Space
2049 possible rotations, 

discrete movement
6 possible rotations, 
discrete movement

2049 possible rotations, 
discrete movement

Observation Rate / 
Delay

60 Hz / 0 ms 15 Hz / 66.7 ms 60 Hz / 0 ms

Action Resolution 60 Hz 15 Hz 60 Hz

Auxiliary 
Information

None None
Map layout, all player 

states, all object states 

Observation RGB 800x600 pixels RGB 84x84 pixels Groundtruth game state

(a) Environment Interface

(c) Post-hoc effect of tagging accuracy

Human Observation Agent Observation
and rotation actions 

Small look right

Look down

Large look rightLarge look left

Small look left

(b) Time delay between opponent appearing and:

Look up

(d) Post-hoc effect of successful tag time

Figure S10: (a) The differences between the environment interface offered to humans, agents, and

bots. (b) Humans and agents are in addition bound by other sensorimotor limitations. To illustrate we

measure humans’ and agents’ response times, when playing against a Bot 3 team on indoor procedural

maps. Time delays all measured from first appearance of an opponent in an observation. Left: delay

until the opponent becoming taggable (i.e. lies within a 10 degree visual cone). Middle: delay until an

attempted tag (i.e. opponent lies within a 10 degree visual cone and tag action emitted). Right: delay

until a successful tag. We ignore situations where opponents are further than 1.5 map units away. The

shaded region represents values which are impossible to obtain due to environment constraints. (c) Ef-

fect of tagging accuracy on win probability against a Bot 3 team on indoor procedural maps. Accuracy

is the number of successful tags divided by valid tag attempts. Agents have a trained accuracy of 80%,

much higher than the 48% of humans. In order to measure the effect of decreased accuracy on the FTW

agent, additional evaluation matches were performed where a proportion of tag events were artificially

discarded. As the agent’s accuracy increases from below human (40%) to 80% the win probability in-

creases from 90% to 100% which represents a significant change in performance. (d) Effect of successful

tag time on win probability against a Bot 3 team on indoor procedural maps. In contrast to (c), the tag

actions were artificially discarded p% of the time – different values of p result in the spectrum of re-

sponse times reported. Values of p greater than 0.9 did not reduce response time, showing the limitations

of p as a proxy. Note that in both (c) and (d), the agents were not retrained with these p values and so

obtained values are only a lower-bound of the potential performance of agents – this relies on the agents

generalising outside of the physical environment they were trained in.
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Figure S11: Shown are network architectures of agents used in this study. All agents have the same

high-level architecture (a), using a decomposed policy (b) (see Section 5.2), value function (c), and

convolutional neural network (CNN) visual feature extractor (d). The baseline agents and ablated FTW

without temporal hierarchy agents use an LSTM for recurrent processing (e). The FTW agent uses

a temporal hierarchy for recurrent processing (f) which is composed of two variational units (g). All

agents use reward prediction (h) and independent pixel control (i) auxiliary task networks.
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267ms Response-Delayed Agent Results

Human Game Type Human Win Rate

Exploitability Trial Games Tester 30%

Strong Human Tournament Participant 21%

Intermediate Human Tournament Participant 12%

(a)

(b)

(c)

Figure S12: (a) Average win rates for humans playing with a 267ms response-delayed agent teammate,

against a pair of response-delayed agent opponents. (b) The average number of events during the human

tournament games with response-delayed agents. Humans and agents exhibit similar numbers of tags

during a game, however agents achieve far more flag pickups and flag captures than human participants.

(c) Trajectories of response-delayed agents (solid lines) and humans (dashed lines) for three example

games from the human tournament games with response-delayed agents.
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