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Abstract

Benchmarks play a crucial role in the develop-
ment and analysis of reinforcement learning (RL)
algorithms. We identify that existing benchmarks
used for research into open-ended learning fall
into one of two categories. Either they are too
slow for meaningful research to be performed
without enormous computational resources, like
Crafter, NetHack and Minecraft, or they are not
complex enough to pose a significant challenge,
like Minigrid and Procgen. To remedy this, we
first present Craftax-Classic: a ground-up rewrite
of Crafter in JAX that runs up to 250x faster than
the Python-native original. A run of PPO using 1
billion environment interactions finishes in under
an hour using only a single GPU and averages
90% of the optimal reward. To provide a more
compelling challenge we present the main Craftax
benchmark, a significant extension of the Crafter
mechanics with elements inspired from NetHack'.
Solving Craftax requires deep exploration, long
term planning and memory, as well as continual
adaptation to novel situations as more of the world
is discovered. We show that existing methods in-
cluding global and episodic exploration, as well
as unsupervised environment design fail to make
material progress on the benchmark. We believe
that Craftax can for the first time allow researchers
to experiment in a complex, open-ended environ-
ment with limited computational resources.

1. Introduction

Progress in reinforcement learning (RL) algorithms is driven
in large part by the development and adoption of suitable
benchmarks. Examples include the Arcade Learning Envi-
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Figure 1. Pixel-based view from Craftax.

ronment (Bellemare et al., 2013) for value based deep RL al-
gorithms, Mujoco (Todorov et al., 2012) for continuous con-
trol and the StarCraft Multi-Agent Challenge (Samvelyan
et al., 2019) for multi-agent RL. In the effort towards in-
creasingly general agents, there has arisen a community
focused on benchmarks that exhibit more open-ended dy-
namics (Stanley et al., 2017), in the form of procedural
world generation, skill acquisition and reuse, long term
dependencies and continual learning. This has motivated
the development of environments like MALMO (Johnson
et al., 2016) (Minecraft), The NetHack Learning Environ-
ment (Kiittler et al., 2020), MiniHack (Samvelyan et al.,
2021) and Crafter (Hafner, 2021). However, slow runtime
has rendered them inaccessible to current methods without
large-scale computational resources, limiting their practical-
ity to the research community.

Simultaneously, as the speed of running an end-to-end com-
piled RL pipeline has become fully appreciated (Lu et al.,
2022), there has been an explosion of RL environments
implemented in JAX (Freeman et al., 2021; Lange, 2022;
Bonnet et al., 2023; Rutherford et al., 2023; Nikulin et al.,
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2023; Koyamada et al., 2023). The elimination of CPU-
GPU transfer combined with efficient parallelisation and
compilation means that experiments that would previously
have taken a large compute cluster days to run can finish in
minutes on a single GPU (Lu et al., 2022).

To bring these two paradigms together, we present the
Craftax benchmark: a JAX-based environment exhibiting
complex, open-ended dynamics and running orders of mag-
nitude faster than comparable environments (Figure 2). Con-
cretely, we first propose Craftax—Classic, a reimple-
mentation of Crafter (Hafner, 2021) in JAX that runs 250
times faster than the Python-native original. We then go on
to show that, with easy access to drastically more timesteps,
Craftax—-Classic is solved (to within 90% of maxi-
mum return) by a simple PPO (Schulman et al., 2017) agent
in 51 minutes (see Appendix F.3 for further details).

We therefore also present Craftax, a significantly more
challenging environment that incorporates dynamics in-
spired from NetHack (Kiittler et al., 2020) and more broadly
the Roguelike? genre as a whole. Our experiments show that
existing methods make little progress on Craftax. We
therefore hope that it presents a meaningful challenge for
future RL research, while allowing experimentation with
limited computational resources.
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Figure 2. Speed comparison with popular benchmarks for open-
ended learning. Craftax-Classic and Craftax are 257x
and 169x faster than Crafter respectively. Details of the speed test
are in Appendix B and best case results are in Table 1.

https://en.wikipedia.org/wiki/Roguelike
defines Roguelikes as a class of game characterised by “procedu-
rally generated levels, turn-based gameplay, grid-based movement
and permanent death of the player character"

2. Background
2.1. JAX-Based Environments

JAX (Bradbury et al., 2018) is a library that allows for code
written in Python to be compiled down to Accelerated Lin-
ear Algebra® and run on hardware accelerators like GPUs
and TPUs. While deep RL training has traditionally been
split between collecting trajectories on CPU-based environ-
ments and then training policy and value networks on the
GPU, the relatively new phenomenon of JAX-based envi-
ronments allows for the whole RL pipeline to be run on the
GPU. This allows for massive parallelisation of trajectory
gathering (we use up to 4096 parallel environment workers),
the elimination of the GPU-CPU transfer bottleneck and
just-in-time (JIT) compilation of the whole training process.

2.2. Crafter

Crafter (Hafner, 2021) is a top-down, procedurally gener-
ated, open-world survival game that works like a simplified,
2D Minecraft. The player finds themselves in a world con-
sisting of grassland, forests, lakes and mountains and must
survive by gathering materials to craft tools with, maintain-
ing hunger, thirst and energy levels, and fighting enemies.

The Crafter RL environment uses pixel-based ob-
servations and has a discrete action space made

up of 4 movement directions and 13 interac-
tions (e.g. MAKE_STONE_PICKAXE, SLEEP,
PLACE_FURNACE). It has a set of 22 unique

achievements (e.g. DEFEAT_ZOMBIE, EAT_PLANT,
COLLECT_DIAMOND), each giving the agent a +1 reward
the first time it is achieved in an episode.

Crafter was proposed to evaluate “strong generalization,
deep exploration, and long-term reasoning" (Hafner, 2021).

While Crafter has become a popular benchmark, the evalua-
tion protocol proposed allocates algorithms only 1 million
environment interactions, a very limiting constraint when
compared to other RL benchmarks. For instance, the stan-
dard protocol for the Atari benchmark (a set of environments
that require limited generalisation (Cobbe et al., 2020)) is
to use 200M environment interactions per game (Machado
et al., 2018), while The NetHack Learning Environment sug-
gests using 1 billion (Kiittler et al., 2020). In practice, this
has made Crafter a benchmark largely focused on testing
sample efficiency (similar to other benchmarks like Atari
100k (Bellemare et al., 2013)).

While we reuse many of the Crafter dynamics, our aim is to
provide a benchmark for investigations into open-endedness
rather than sample efficiency. Open-endedness, by its very
definition, should not be constrained by a fixed number of

*https://www.tensorflow.org/xla
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samples. In practice we have to impose some limit, but thiDue to the functional nature @raftax necessitated by
should be suitably high as to not impact the emergence afAX, the entire environment state is exposed as a single
interesting phenomena. object, making UED methods easy to apply.

2.3. The NetHack Learning Environment 3. Craftax

NetHack is an infamously dif cult video game, adapted int0 3 ; craftax-Classic: A Reimplementation of Crafter in
an RL benchmark through The NetHack Learning Environ-

ment (NLE) (Kdttler et al., 2020) and MiniHack (Samvelyan

et al., 2021). The game involves the player descendinyVe rst presentCraftax-Classic , @ JAX-based reim-
through around fty oors of dungeons, collecting items, plementation of the Crafter benchmark. The aim of
ghting enemies and gaining experience before retrievingCraftax-Classic is to mimic the Crafter dynamics

an amulet and nally beating the game by “ascending'. Theas closely as possible, while allowing orders of magnitude
game is known to be incredibly hard, with it typically tak- faster RL training (Figure 2). While most of the dynamics
ing years of practice to achieve an ascension (Kiittler et alQf Crafter were remade exactly in line with the original,
2020). Current algorithmic approaches (both rule-based angome subtle changes were made for performance reasons
deep RL) fail to complete the game (Hambro et al., 2022)See Appendix A for a discussion of all the differences).

While NLE executes NetHack natively in C++ and is fasterOur hope is thaCraftax-Classic provides an easy
than Python-based Crafter, it is still signi cantly slower than introduction toCraftax  for those already familiar with
GPU based environments (Figure 2). the Crafter benchmark.

While Crafter uses pixel-based observations, many of the as-
pects that Crafter tests (exploration, memory) are indifferent

Open-Ended Learning (Stanley et al., 2017) refers to a broat? the exact nature of the observation anq the use of pixels
category of problem domains and algorithms that focus orisimply adds an extra layer of representation learning to the

learning in a perpetual and unguided manner. We investigateroblem. For this reason, we provide version€eéftax

former running around 10x faster than the latter.

2.4. Open-Ended Learning

Exploration through Intrinsic Rewards Exploration is a

key part of RL per_formance, especial_ly in _environments Wi_th3_2_ Craftax: An Extension of Crafter with

sparse or deceptive rewa_rds, for which simple metho.ds like NetHack-Like Mechanics in JAX

max-entropy RL (Haarnoja et al., 2018) egreedy policies

are insuf cient. One method to overcome these dif culties As shown in Appendix F.3Craftax-Classic is con-

is through the idea of aimtrinsic reward (Schmidhuber, vincingly solved by a PPO agent running for under an
1991; Oudeyer et al., 2007; Barto, 2013; Bellemare et alhour on a single GPU. To provide a more compelling chal-
2016), in addition to the extrinsic reward received from thelenge we present the ma@raftax  environment, designed
environment. This signal should intuitively reward the agentto be signi cantly harder, while retaining a fast runtime.
for visiting states or performing actions that satisfy someCraftax  adds a large and diverse range of new game
novelty-like heuristic (Lehman & Stanley, 2008), causingmechanics. This section provides a brief overview, with
the agent to actively explore the environment by pushingAppendix D containing more details.

back the frontiers of its knowledge. Multiple Floors While in Crafter the player is con ned to

Unsupervised Environment Desigrinsupervised environ- a single 64x64 gridCraftax —contains 9 unique procedu-
ment design (UED) is a paradigm in RL whereamversary  rally generated oors, including caves, dungeons, re and
proposes environments con gurations (referred téeasly ice oors and a nal boss oor. The player can descend and
for an agent to train on (Dennis et al., 2020; Jiang et al.ascend through the world by nding the ladders that con-
2021a; Parker-Holder et al., 2022). The adversary is rgiect adjacent oors. Each oor contains distinct challenges
warded for choosing levels that maximise the agemetget  in the forms of different terrain generation, enemies and
de ned as the difference in return between the current andequired skills, necessitating deep exploration and generali-
optimal agent. This has been empirically shown to autosation. While each oor is unique, many game mechanics
matically induce a curriculum of progressively harder levelsare shared between them and, on a meta-level, exploration
that aid the performance and generalisation properties of thetrategies that worked on earlier oors (for instance moving
learned agent. Different UED algorithms require differentadjacent to a block and trying different actions to gure out
levels of access to the underlying environment state, ranginiis characteristics) will also work on later oors. In this way
from simply being able to repeat seeds (Jiang et al., 2021aye hope to not only facilitate generalisation across different
to directly editing the levels (Parker-Holder et al., 2022) procedurally generated worlds but also generalisation of the

3
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exploration strategy through time over the learning process.

Attributes The player is rewarded with an experience point
every time they descend to a new oor. These points can
be spent to increase the players dexterity, strength or intel-
ligence. Dexterity makes the player more capable with a
Combat We overhaul the combat system with damage andow, as well as allowing them to go longer between eating,
defence split into physical, re and ice categories. As well drinking and sleeping. Strength increases the players health
as being able to craft higher-tier weapons, the player caand melee damage, while intelligence increases the play-
use a bow (found in a random chest on the rst dungeorers magical powers. The assignment of experience points
oor) for ranged attacks, and read books (also found in duncan drastically alter the players abilities and have a large
geon chests) to learn offensive spells to cast. The playgn uence on the strategy an agent should use, testing the
can also craft armour to protect themselves from damagagents long term reasoning capabilities, as successful runs
(essential when descending to the lower oors). As welltypically take tens of thousands of frames.
as increasing the general complexity of the environment,
the diversity in combat furthers the in-context learning el-
ement provided by the procedural level generation — an

agent that stumbles upon a strong weapon or armour pieqgoss FloorThe nal oor contains a very challenging boss
should suitably change its strategy. This further extends theynt, with the player having to defeat waves of every ex-
exploration problem as, by design, there should not be ongting enemy in the game. As well as serving as a nal
xed strategy (for instance, always putting experience pointschallenge, the boss ght tests how the agent can transfer
into strength and defeating enemies with melee attacks) tha{s prior knowledge of ghting these enemies in different

works on every level, meaning that an agent will have tocontexts to the unique structure of the boss oor.
explore a diverse range of strategies to achieve consstentB_ ] ) .
high return. if culty Craftax strikes a balance of dif culty, being

signi cantly more challenging than Crafter, but not as hard
as games like NetHack. For perspective, it took one of the
authors (with extensive knowledge of the game mechanics)
roughly 5 hours of gameplay to rst achieve a “perfect' run
where every achievement was completed. This was play-
New CreaturesThe 3 creatures present in Crafter (Cow,ing in a GUI that allowed for unlimited time to pause and
zombie and skeleton) have been increased to 19 differefhink before taking each action. We think ti@taftax ~ is
creatures, each with unique effects, behaviours and tecRgrd enough to present a signi cant challenge beyond the
niques required to defeat them. For instance, the Fire Egapapilities of existing RL methods, while being ultimately

ementals present on oor 7 either require an appropriatechievable without domain knowledge.
enchantment on the player's sword or magic to defeat, while

beating the aquatic en_emies on oor 6 typically requiress 3 R| Environment Interface

ranged weaponry. This diversity of creatures further en-

hances the exploration problem, as no two are the same arferaftax  conforms to the Gymnax (Lange, 2022) wrapper
strategies for dealing with one may entirely fail for others. for easy integration with existing frameworks.

Observation SpaceCraftax provides options for both
pixel-based and symbolic observations. The pixel based
observation is a downscale®3 63 3 image for
Potions and EnchantmentsThe player can nd potions of Craftax-Classic (in line with the original Crafter) and
varying colours spread over the 9 oors; however the effectsi10 130 3for Craftax . The symbolic observations
of these potions are randomly permuted every episode. Thigses a one-hot encoding to represent both block types and
means that an agent will need to discover which potiongreatures in the player's visual area, which is then appended
correspond to which effects through trial and error eacho an array containing the rest of the players information
episode, further testing in-context learning and memoryinventory, health, hunger, attributes, etc.), resulting in a at
Also, by spending mana (magical energy) and sacri cingobservation space of 1345 f@raftax-Classic and
one of the new gemstones, the player can enchant weapoB8268 forCraftax . A full description of the observation
and armour. This provides them with increased damage apace is given in Appendix D.4.

rotection against a certain element. . . .
P 9 Action SpaceCraftax uses a discrete action space of
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useful for investigating.

First, we propose th€raftax-1B Challenge where a bud-

get of 1 billion environment interactions is permitted on
the Craftax-Symbolic environment. This challenge

is meant to provide a chance for algorithms focusing on
exploration, continual learning, and long-term planning and
reasoning to differentiate themselves on a hard benchmark,
without being overly constrained by sample ef ciency con-
cerns. We set the benchmark at 1 billion steps to keep it
manageable for researchers with limited computational re-
sources (a run on a single RTX 4090 can nish in an hour),
while providing enough timesteps for a substantial amount
of meaningful exploration of the environment. Averaging
around 5 steps per second (roughly the rate the authors
moved at when playing), 1 billion timesteps corresponds to
over 6 years of continual human gameplay. We use reward

Figure 3.Rewards on Craftax-1B for PPO, PPO-RNN, ICM, E3B as the metric to compare agents.

and RND. Each algorithm is run for 1 billion timesteps with 10

seeds. The shaded area denotes 1 standard error. Secondly, we propose ttraftax-1M Challenge, where a
budget of 1 million environment interactions is permitted on
the Craftax-Symbolic environment. This benchmark

size 17 and 43 foEraftax-Classic and Craftax is meant as a test of sample ef ciency, with the bene t that

respectively. As in Crafter, every action can be taken agXxperiments can take only seconds to nish. We believe
any timestep' (o) attempt|ng an action without its Speci Cthe main value of this benchmark is in the almost instanta-
prerequisites will effectively cause the agent to execute a ndl€ous results researchers can obtain, allowing for iteration

op action, stepping the environment forward one timeste®f methods at an unprecedented speed. It should be noted
For an exhaustive list of actions see Appendix D.5. that even with such a tight environment interaction budget,

o we found superior performance with massive parallelism of
Reward We follow a similar reward structure to Crafter, \yorkers (see Table 11 in Appendix E).

de ning a set of achievements and giving the agent a reward
the rst time each achievement is completed each episode, .
There are 22 achievements@naftax-Classic and 65 4. Experiments

in Qraftax . We also penalise the.agent by 0.1 for Very4 1. Exploration Baselines

point of damage taken and reward it by 0.1 for every point

recovered. Early experiments @raftax showed that We use the PPO implementations from PureJaxRL (Lu et al.,
providing a at +1 reward for each achievement, did not 2022) as the foundation for our baselines, allowing us to
provide enough incentive for the agent to start exploring the'un fully compiled end-to-end RL pipelines. We atten
dungeons, as the agent would usually be killed quickly uporthe symbolic observations and use a 4 layer MLP of width
descending and learn to avoid them. To encourage progre&s.2 for both policy and value networks. We experimented
towards harder tasks we grouped achievements into foupitially with using convolutions for the map view part of
categories: "Basic', "Intermediate’, ‘Advanced’ and “Very the observation, but consistently found that fully connected
Advanced', each worth 1, 3, 5 and 8 reward respectively. Amhetworks performed better.

exhaustive listing and description of all the achievements i%e run PPO with an MLP as well as PPO with memory

located in Appendix D.6. (using a Gated Recurrent Unit (Chung et al., 2014)), which
) we refer to as PPO-RNN. We also experiment using two
3.4. Evaluation Framework state of the art intrinsic rewards for additional exploration:
We propose two separate benchmarks to evaluate p&tandom Network Distillation We use the popular explo-
formance orCraftax  (we leaveCraftax-Classic ration baseline Random Network Distillation (RND) (Burda

mostly as a tool to help researchers iterate quickly on ary a., 2018) as our rst method for global intrinsic reward.
environment very similar to the original Crafter). We also RND works by training a network that is given observations
limit the benchmarks to considering symbolic observationsyg match a network of the same architecture that was ran-
as these environments are signi cantly faster to run, and thiom|y initialised. Intuitively, the error of this network will

pixel-based environments do not contribute anything signi -he high on unseen observations, as the network will not yet
cant to the core research directions we beli€vaftax is
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have been trained to match the random output. This error is
then used as an additional intrinsic reward that incentivises
the agent to explore states with novel observations.

Intrinsic Curiosity Module Our second baseline is the
Intrinsic Curiosity Module (ICM) (Sukhbaatar et al., 2018).
ICM learns a world model and provides intrinsic reward
proportional to the error of this world model, incentivising
the agent to visit areas of the environment which are badly
modelled and therefore probably less visited. The latent
space of this world model is constructed in such a way as
to ignore aleatoric uncertainty in the environment, in order
to focus exploration and avoid the so called "Noisy TV

problem’ (Burda et al., 2018). Figure 4.Achievement success rate on Craftax-1B split by achieve-

Exploration via Elliptical Episodic Bonuses Our third  ment dif culty. Each algorithm is run on 10 seeds, with error bars
and nal exploration baseline is the E3B algorithm (Henaff showing 1 standard error.

et al., 2022). Rather than considering exploration over the

entire training process, E3B formulates its intrinsic reward

to encourage exploration within each episode. An ellipse isand hyperparameter tuning is detailed in Appendix E.

tted around the agents current trajectory in latent space and

it is rewarded for moving far away from this ellipse. This 4 3 craftax-1B

approach has been shown to outperform global exploration

methods, especially in non-singleton (i.e. procedurally genThe returns for the evaluated algorithms on Craftax-1B are

erated) environments (Henaff et al., 2022; 2023). summarised in Figure 3 with the nal achievement yields
split by dif culty shown in Figure 4. We report reward as
4.2. UED Baselines a percentage of the maximum achievable reward (obtained

by completing every achievement) of 226 for readability.
We asses®LR and ACCEL and compare them to Do- Fine-grained achievement results are shown in Appendix F.1
main Randomisation (Jakobi, 1997; Tobin et al., 2017, DR)wjth a selected set of achievements highlighted in Figure
which corresponds to uniformly sampling randomly geners_ \we see that PPO and PPO-RNN both quickly master
ated levels, as per usual. We use JaxUED (Coward et alost of the basic achievements, with memory helping to
2024) as the base implementation for all our UED experipysh progress further into the intermediate category. Inter-
ments. estingly, none of the tested exploration methods improved

performance and E3B in fact signi cantly reduced the re-
PLR Prioritised level replay (PLR) (Jiang et al., 2021a;b)ward. We hypothesise this is because the reward structure
is a curation-based UED method which maintains a buffeis dense enough for RL methods without intrinsic reward
of training levels. At every step, one of the two options isto learn on, with the intrinsic reward potentially serving to
randomly chosen: (a) the agent is evaluated on randomlyistract the agent. None of the agents make any progress in
generated levels, and those with high regret are added to the harder achievement categories.
buffer; (b) the agent is trained on a sample of high-regret

levels from the buffer. PLR performs gradient updates on thél’aking a closer look at the achievements highlighted in

random levels, whereas robust PLR (denoteBIa&’ ) only Figure 5 we rst see that all methods quickly and robustly

updates the agent on the levels sampled from the buffer. Thil\%zr_ln bzlilsm aﬁhléavementshsu ch\&AKE_\:\VOOD_PI(;KAXEh
is theoretically justi ed and (in some domains) empirically h e a metldo s entert e blIJngeon (the rst oor henegltao
results in higher performance (Jiang et al., 2021a). the overworld) an appreciable amount, we see t aF i )
RNN does so signi cantly more than the others, giving
ACCEL ACCEL (Parker-Holder et al., 2022) is similar to 't MOr@ access to the high-reward achievements and driv-
. ing its strong performance. Interestingly, the success rate
PLR, but also considers randomly mutated levels from the : . )
. : on some simple achievements lIREFEAT_ZOMBIHle-
buffer as candidate levels. ACCEL therefore increases the . . .
. . . . e Crease over time, with PPO-RNN doing the worst of all.
complexity of levels over time via iterative editing instead __, - . : .
. : . This is explained by the fact that zombies only appear in the
of having to rely solely on random generation and curation, )
overworld, so the stronger agents are trading off low-reward
In this section, we provide results for the two proposedachievements in the overworld for high-reward ones under-
benchmarks using the previously discussed algorithms. Wground. We see that no appreciable progress is made into

use JaxUED (Coward et al., 2024) for all UED experimentsthe second oor (the gnomish mines), with only very rare

6



Craftax: A Lightning-Fast Benchmark for Open-Ended Reinforcement Learning

Figure 5.Achievement success rate on Craftax-1B for selected

achievements over 10 seeds, with error bars denoting 1 standafdgure 6.Rewards on Craftax-1M for PPO, PPO-RNN, ICM, E3B
error. and RND. Each algorithm is run for 1 million timesteps with 10

seeds. The shaded area denotes 1 standard error.

. . . . Restri W RSw in mor herent level
approaches being made into it. Interestingly, we also seeeSt cted Swap (RSwap) obta ore coherent levels,

that theEAT_PLANT(notable for being perhaps the har destwe restrict the t|Ies_that can be_swapped. For instance, stone
. . o ; : . can be swapped with any ore tile, and grass can be swapped
achievement in the original Crafter) is entirely ignored by

PPO-RNN and is actually best achieved by E3B, indicatingW'th trees, leading to more realistic and coherent levels.

that while the intrinsic reward may not be helping with over-Results After training for 1B timesteps, we evaluate the
all return, it does incentivise the agent to explore differentsaved checkpoints on a xed set of 20 evaluation levels,
parts of the environment. which were generated normally. We plot the mean and

Although it looks like PPO-RNN in particular is still learn- standard error over 10 independent runs.

ing, we nd that running for 10 billion timesteps barely The primary results are presented in Figure 7, and success
improves performance (Appendix F.2), indicating that thisrates on all achievements are provided in Figure 34. We nd
is likely an artefact of learning rate decay (You et al., 2019)that PLR performs best, followed by DRLR? , restricted

swap and noise ACCEL, which all perform roughly the
4.4. Craftax-1M same. Unrestricted swap ACCEL performs the worst.

The results for Craftax-1M are shown in Figure 6. Com-
pared to Craftax-1B there is much less separation between
the algorithms with all of them performing relatively sim-
ilarly. Fine grained achievements are shown in Appendix
F.1, showing that progress is made only on the very basic
achievements (mostly corresponding to those carried over
from Crafter), with agents entering the dungeons only on
individual occurrences.

4.5, Craftax-1B: UED

We now investigate applying DR, PLR, Robust PLR and AC-
CEL to Craftax-1B. For ACCEL, we evaluate three different
mutation operators applied to the overworld:

NoiseEach level corresponds to the angle vectors that the
perlin noise algorithm uses to generate worlds. MutatiorfFigure 7.Evaluation reward for various UED methods on Craftax-
adds a uniform random number to each element. 1B on 10 seeds, with the shaded area denoting 1 standard error.

SwapWe randomly swap two different tiles. To increase
relevance, one of these is within thé 16 central area of PLR vs Robust PLR We nd that Robust PLR performs
the level—close to where the agent starts. worse than vanilla PLR, and only slightly outperforms
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DR, despite previous evidence to the contrary (Jiang et al5. Related Work
2021a). One reason could be that, unlike the gridworld )
mazes it has previously been tested @raftax consis- >-1- Environments for Open-Endedness
tently generates hlgh-quallty and solvable levels. Thereforqz_:xpk)ration The most W|de|y known hard_exp|oration en-
the agent is not penalised by training on these DR levelgironments are those from the Atari benchmark with sparse
Since we compared each algorithm when using the sam@wards, most famously Montezuma's Revenge and Pitfall
number of environment interactions, robust PLR performgBellemare et al., 2013). While these environments once
fewer gradient updates than DR or PLR. This result ShOW%)osed a signi cant Cha“enge to the Community, they have
how important itisto expand the p00| of environments UED been solved by methods like Go_Exp|ore (Ecoffet et al.,
is tested on for thorough analysis of the methods. 2021), which exhaustively explore the entire game tree us-
ing state resets or goal-conditioned policies. This technique
Distribution Shift ~ Since UED alters the training distribu- s only possible due to these being singleton environments
tion (a phenomenon named curriculum-induced covariatgjith mostly deterministic mechanics. As was similarly
shift (CICS) by Jiang et al. (2022)), we make the distinctionargued in Kiittler et al. (2020), we believe that these en-
between DR levels sampled from the normal generator angdironments are therefore no longer suitable for furthering
replaylevels sampled from the shifted UED distribution.  research into exploration and that focus should instead be

We nd that ACCEL-based methods perform differently in @PPlied to more complex environments with randomised
replay levels compared to DR. For instance, the unrestrictetfVelS and stochastic mechanics.

swap method collect diamonds more than 30% of the tima@yiany recent environments have subscribed to this view and
during replay, compared to 7% on DR levels (see Figures 3Zntroduced elements like procedural generation and more
and 33) In addition, restricted swap ACCEL reaches th%omp|ex world mechanics. Procgen (Cobbe et al., 2020)
gnomish mines 1% of the time in replay levels, comparedhddresses the singleton and determinism problems seen in
to almost never in DR levels. the Arcade Learning Environment. It randomly samples an

The average return (shown in Figure 8) is also differentnitial ‘conte>§t‘ at the start of each episode, corresponding
between replay and DR levels. The two swapping-base&o concepts like obstacle placement or maze layouts.

ACCEL methods have signi cantly higher returns during This idea is taken even further with environments like

replay. This may indicate that the generated levels are easi@flinecraft (Johnson et al., 2016) which generates entirely

(e.g., with more resources near the start), and the agent ifrique (and effectively in nite) worlds each episode. As

able to perform more reward-generating activities. The othegjiscussed in Section 2, both Crafter (Hafner, 2021) and

methods have similar episode lengths during both phasesnetHack (Kiittler et al., 2020) make use of procedural gen-
eration to produce nite worlds each episode. MiniHack
(Samvelyan et al., 2021) provides a set of small levels that
make use of the NetHack mechanics, but are less compli-
cated than attempting to solve the entire NetHack game.
XLand (Open Ended Learning Team et al., 2021) can rep-
resent a huge array of 3D games with different goals and
emergent strategies.

UED The most commonly used environments for UED
are MiniHack (Samvelyan et al., 2021) and Mini-
Grid (Chevalier-Boisvert et al., 2023), BipedalWalker
(Wang et al., 2019) and Car Racing (Jiang et al., 2021a).
All of these environments are relatively simple and while
Figure 8.Average episode length for replay and DR levels onthey were vital for getting the eld off the ground, for UED

Craftax-1B over 10 seeds, with the shaded area denoting 1 standan be used_ in more advanced settl_ngs it needs to bF." shown
error. to generalise to more complex environments, for which we

believeCraftax is a suitable candidate.

UED Results Analysis We nd that DR performs com-
petitively to the other UED methods, with only normal PLR
signi cantly outperforming it. We believe this is partly due Brax (Freeman et al., 2021) arguably kickstarted the de-
to Craftax evaluating on in distribution levels, rather than velopment of JAX-based environments by reimplementing
a set of hold-out levels, where UED generally performsMuJoCo-like mechanics (Todorov et al., 2012) and showing
better (Jiang et al., 2021a; Parker-Holder et al., 2022).  that training with large numbers of environment workers

5.2. JAX-Based Environments
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A. Differences between Craftax-Classic and Crafter

While Craftax-Classic was designed to be as similar to Crafter as possible, the realities of coding in JAX necessitated
some technical deviations.

A.l. Creatures

In Crafter, the creatures (zombies, skeletons and cows) are continually spawned around the player and despawned when the
player moves far away from them. This allows for the appearance of a world full of creatures, without having to simulate
far-away entities that will have no effect on the player.

We broadly follow this system witraftax-Classic , with the additional constraint that we have to pre-specify the
maximum number of each creature that can exist simultaneously. This is because JAX requires that when we compile a
function, the shapes of every array in the compute graph must be known a priori, preventing the use of arbitrarily sized
arrays. This means that every timestep we have to simulate the steps for a xed number of creatures. It should be noted that
this has the extra side effect that we actually always have to simulate the maximum number of each creature every timestep,
even if less are currently spawned. In order to allow for a dynamic number of creatures (up to the maximum) we mask out
the in uences of unspawned creatures.

The maximum number of creatures are 3, 3, 2 and 3 for zombies, cows, skeletons and arrows (which we treat as creatures
for purpose of code reuse), respectively. In practice it is quite rare to observe more than these amounts of each creature
simultaneously in Crafter.

A similar reasoning applies to cultivating plants, where only a nite number of growing plants can be tracked. This was set
to 10 inCraftax-Classic

A.2. World Generation

While Crafter uses Simplex Noise as the base of its world generation, we used the very similar Perlin Noise, adapted from
the Perlin-Numpy repositofy This produces qualitatively similar results to Crafter (Figures 9 and 10).

B. Speed Comparison Details

All experiments were run on a single machine with a GeForce RTX 4090 (24GB of VRAM), i9-13900K (24 cores with 32
threads) and 32GB of RAM. For each environment we started with a single worker and proceeded to double the number of
environment workers until the machine crashed from an out-of-memory error. We measure the average steps per second over
theentire RL learning process unlike other works which report times from running the environment with a static/random
agent. We believe this provides a more useful indication of the times a researcher could actually expect to see when
experimenting on these benchmarks.

ForCraftax we tested on th€raftax-Classic-Symbolic andCraftax-Symbolic environments, using an
end-to-end compiled RL pipeline based off PureJaxRL (Lu et al., 2022). For NetHack we used the built-in IMPALA baseline.
For Crafter and Procgen we used the stable-baselines3 (Raf n et al., 2021) PPO implementation, with the SubprocVecEnv
for parallelised workers on multiple threads. We were unable to get any baselines working on MineRL so, in order to
be as generous as possible, we simply ran the environment on multiple threads with random actions. For this reason the
MineRL numbers are likely overestimates of the true expected end-to-end steps-per-second. Since this was by far the slowest
environment anyway, we didn't feel the need to explore this further.

For Craftax, Crafter, Procgen and NetHack we tried to match the magnitude of the value/policy network learning as much as
possible by matching number of network parameters (different observation structures made it impossible to completely
match network architectures), epochs and minibatch size. There is no way to perfectly compare all these environments, but
we felt that our decisions represent the speeds that a researcher using these environments is likely to see in practice and
therefore is a fair and useful metric.

“https://github.com/pvigier/perlin-numpy
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Figure 9.Levels fromCraftax-Classic

Figure 10.Levels from Crafter. Figure reprinted from Hafner (2021).
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Environment Steps Per Second (Best case) Environment Workers (Best Case)
Craftax-Classic 405618 4096

Craftax 266961 4096

Procgen 7638 1024

NetHack 5628 64

Crafter 1580 1024

MineRL 133 8

Table 1.Best case speed comparison for each environment.

C. Optimistic Environment Resets

One of the features of compilation in JAX is that branching cannot occur inside a function that is parallelised witfaphe
operator. In order to achieve branching-like behaviour, both branches must always be evaluated and then the appropriate
output can be selected with the branching condition. The most signi cant place that this occurs within JAX RL environments

is with resets, where applying this constraint involves both resetting the environment and stepping it every timestep, and
then selecting the desired next state based on the outputted done ag. Indeed, this is the standard approach taken in Gymnax
(Lange, 2022). While this approach is ne when dealing with simple environments, resettirgfitax is signi cantly

more expensive as it involves generating 9 oors with multiple passes of Perlin Noise and room generation. Furthermore,
episode lengths tend to be in the hundreds of timesteps, so over 99% of generated worlds are simply discarded.

To overcome this bottleneck, we instead perform what we term “optimistic environment resets'. When Nirpangjlel
environment workers, we only generdie new worlds every timestep, wheké << N . Then, for the environments that

do need resetting, we sample without replacement from our 9dt génerated new states. Typically this will make no
tangible difference to the RL training process, except in the exceedingly rare case where mdteghanonments reset
simultaneously. In this case, some environment workers will be allocated the same new state. It should be noted that, while
this will reduce the diversity of experiences seen by the agent, the stochasticity in the agent and the environment will mean
the trajectories will still be different.

In practice, we use a ratio of 1 new state generated for each 16 environment workers. In the case of 1024 environment
workers, this means we generate 64 new states every timestep. Assuming an average episode length of around 200 (in

practice we usually see much longer), we can model the number of done ags as a binomial distXbuti@(1024; ﬁ .

The probability that we end up with more resets than generated levels is theéPédre 64) which is less thaqolTo. This

shows that, when running for 1 billion timesteps, it is extremely unlikely we would even see a single duplicated world.

We have shown that this optimisation has essentially no effect on the RL process, while providing a signi cant speedup
(around 2x inCraftax ).
D. Further Environment Details

The maximum episode length is 100,000 at which the episode is truncated.

D.1. Block Types
The list of block types irCraftax  is shown in Table 2.

D.2. Creatures

The list of creatures i€raftax is shown in Table 3.

D.3. World Generation

Examples of procedurally generated oors are shown in Figures 11, 12, 13, 14, 15, 16, 17 and 18. Floors 2, 5, 7 and 8 have
been arti cially lit up to make them visible, whereas in gameplay torches need to be placed to reveal them. Floor 0 is the
overworld and is essentially equivalent to the world frEGmaftax-Classic
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Figure 11.Craftax : Floor 1 - Dungeons

Figure 12.Craftax : Floor 2 - Ghomish Mines

Figure 13.Craftax : Floor 3 - Sewers

Figure 14.Craftax : Floor 4 - Vaults
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Figure 15.Craftax : Floor 5 - Troll Mines

Figure 16.Craftax : Floor 6 - Fire Realm

Figure 17.Craftax : Floor 7 - Ice Realm

Figure 18.Craftax : Floor 8 - Graveyard
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D.4. Observation Space

Both Craftax andCraftax-Classic have options for pixel-based and symbolic observations. Each consist of a view
of the map and the players stats and inventory. The map vi€vdftax-Classic is 7x9 squares, whil€raftax
uses 9x11.

Pixels The pixel-based observations fGraftax-Classic take the same form as those in Crafter, with each 16x16
square downscaled to 7x7. Foraftax , we downscale only to 10x10. This is because we deal with humbers greater
than 9, meaning that the digits had to be rendered in a smaller font size. At 7x7 downscaling many of these digits were
indistinguishable. Pixel observations from Crafteraftax-Classic andCraftax are shown in Figure 25.

Symbolic The primary observation space we experiment on is symbolic, as it allows for signi cantly faster runtime. Each
square on the map encodes three one-hot vectors and a light level. The rst one-hot vector is of size 37 and encodes the
block type, the second is of size 5 and encodes the item type, while the third is of size 36 and encodes the creature type. The
light level is a oat between 0 and 1. If the light level for a block«gs0:05 then the block, item and creature are masked out.

The inventory/stats bar is represented as an array with each element representing the amount corresponding to a particular
item or attribute. All values gre scaled to be roughly in the range 0-1. All inventory items (which the player can carry

up to 99 of) are represented q1§ Table 4 lists the symbolic inventory observation @maftax . The observation for
Craftax-Classic is the subset of these elements that exist in the classic version.

Textual Although we don't make use of it for our experiments, we also provide a textual ‘renderer'. This encodes the grid
in the agents view asCREATURE»n <ITEM> on <BLOCK?= for each viewable block, so a troll standing on a path
block with a torch on it would be encoded as “troll on torch on path”. We encode the players inventory and intrinsics as
“<INVENTORY_ITEM=> X", so an agent with 2 diamonds in its inventory would sBéAMOND2". Use in conjunction

with the text tutorial found in the codebase, this could be use for language-conditioned learning.

D.5. Action Space

The action space fd€raftax is shown in Table 5.

D.6. Achievements

The achievements f@@raftax are listed in Table 6. Achievements foraftax-Classic are those with an ID of up
to and including 21.

E. Hyperparameter Tuning
E.1. Craftax-1B

The hyperparameters and considered values for PPO on Craftax-1B are shown in Table 7. Each run was performed for
1 billion timesteps with 1 seed. We started from a set of values picked informally and then tuned each hyperparameter

individually. These hyperparameters were then taken as the baseline for the other methods, which all build off of the PPO

implementation. For PPO-RNN, we kept the same hyperparameters as PPO, with the hidden size being equal to the MLP
layer size. The hyperparameters for ICM, E3B and RND are shown in Tables 8, 9 and 10 respectively.

E.2. Craftax-1M

The hyperparameters for Craftax-1M were tuned more thoroughly, as the experiments were very fast to run. We performed
a random search over the PPO hyperparameters to obtain a baseline PPO implementation, before then running a random
search for ICM and E3B. The hyperparameters for PPO, ICM and E3B are shown in Tables 11, 12 and 13 respectively.

F. Further Results

F.1. Individual Achievements

The success rates through training for Craftax-1B and Craftax-1M are shown in Figures 19 and 20 respectively.
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Figure 19.Success rate curves for all achievements on Craftax-1B. Each algorithm was run on 10 seeds for 1 billion timesteps. The
shaded area denotes 1 standard error.
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Figure 20.Success rate curves for all achievements on Craftax-1M. Each algorithm was run on 10 seeds for 1 million timesteps. The
shaded area denotes 1 standard error.

F.2. Craftax-Extended with 10B Environment Interactions

To really push the limits of the environment, we ran PPO-RNN on 10B environment interactions, with the results shown in
Figures 22 and 21. The results show that learning for 10B iterations barely affects performance, with the agent still not
making it into the gnomish mines. Interestingly, as in the main results on Craftax-1B, the reward increases more quickly
towards the end of the experiment. The fact that this occurs at roughly the same value for both 1B and 10B implies that this
is an artifact of the learning rate schedule.
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Figure 21 Achievement yields for PPO-RNN d@raftax-Extended given 10 billion environment interactions. The experiment was
repeated with 4 seeds and the shaded areas shows 1 standard error.
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Figure 22 Reward for PPO-RNN o€raftax-Extended given 10 billion environment interactions. The experiment was repeated
with 4 seeds and the shaded areas shows 1 standard error.

F.3. Craftax-Classic

Figures 23 and 24 show the results of running PPO-RNIC@&ftax-Classic for 1 billion timesteps. As can be seen,

all achievements exceptir@OLLECT_DIAMONBNdAEAT_PLANTare reliably ful lled. Collecting diamonds is achieved
somewhat reliably while eating plants is only achieved very rarely. While the agent hasn't “solved' the benchmark by
reliably completing every achievement, it is so close to doing so that releasing orlydftax-Classic would be of

little use, as it would likely be solved very quickly.

Figure 23 Reward for PPO-RNN ofraftax-Classic given 1 billion environment interactions. The experiment was repeated with
10 seeds and the shaded areas shows 1 standard error.
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(a) Crafter (b) Craftax-Classic (c) Craftax

Figure 25.Comparison of downscaled pixel views for agent observations.

Figure 24 Achievement yields for PPO-RNN d@raftax-Classic given 1 billion environment interactions. The experiment was
repeated with 10 seeds and the shaded areas shows 1 standard error.

G. UED

G.1. Implementation Changes

In standard implementations of UED (Jiang et al., 2023), the PPO rollout length is determined by the episode's length.
This is because, whenever new levels are sampled, one rollout is performed. This is used to both (a) learn and (b) to
approximate a regret value for this level. This does not pose a problem if the maximum episode length is short (such as
in Minigrid); however, withCraftax and its long episodes, this approach is limited, as there must either be a long time
between subsequent agent updates, or the score would only take into account part of an episode.

We modify the implementation to have multiple short inner rollouts, which the agent learns on as normal. After a certain
number of these, we use the entire trajectory information to approximate regret, which then updates the adversary. This
allows us to completely decouple these two aspects. Although this induces some non-stationarity—as the agent is learning
on the trajectories that the adversary uses for scores—we found this does not signi cantly hamper performance. Finally,
since the agent rarely runs out of time, we restrict the episode length to be 4096 instead of the full 20000.
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G.2. Additional UED Results

Qualitative ResultsFigures 26 to 31 in show several levels curated by each method. The curation-based methods generally
cause resources to be more centrally-located, near where the player spawns. The unrestricted ACCEL swapping method
generates levels that are visually very different to the normally generated ones, as there is no restriction to where it can place
tiles. The other mutations and PLR generate more plausible levels.

Figure 26 ACCEL Noise replay levels at the start, middle and  Figure 27 ACCEL Swap replay levels at the start, middle and
end of training end of training

Figure 28 ACCEL Swap (Restrict) replay levels at the start, mid-  Figure 29.Normal PLR replay levels at the start, middle and end
dle and end of training of training

Figure 30.Robust PLR replay levels at the start, middle and end
of training

Figure 31 DR levels at the start, middle and end of training
G.3. Hyperparameters

Table 14 contains the UED hyperparameters used. We tuned these as follows.

1. We used PPO hyperparameters found in an earlier hyperparameter sweep and did a small search over learning rate
f0:0002 0:0003.

2. We then performed a grid search over the following parameters for both PLR variations: tempeda8Lteg, replay
probabilityf 0:5; 0:8g, score functiorf MaxMC; PVLg, prioritisationf rank topkg and topk'’s k inf 32; 256g.

3. We then used the best parameters for the ACCEL-based methods, and further tuned over the number of mutations
in f10; 100 200g. In this case, PLR outperformed robust PLR, so all of our ACCEL methods also perform gradient
updates on DR levels, but not on mutated levels.
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Figure 32.Replay achievement success rates for UED
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