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Abstract: Reinforcement learning (RL) struggles with complex, sparse-reward tasks due to de-
layed feedback and the need for large amounts of computational resources. Curriculum learning
and reward shaping, especially when guided by large language models (LLMs), help agents learn
complex tasks by providing goals of intermediate difficulty and intermediate feedback. In con-
trast, open-ended environments increase the challenge by introducing vast and unstructured goal
spaces, which is crucial for studying agents that can generalize and adapt beyond fixed tasks. This
thesis presents craftax-wiring (code provided at https://github.com/potd4/Craftax-wiring),
an extension of the JAX-based Craftax-classic environment, designed to enable a wide range goals
and curriculum learning for such goals. Inspired by Minecraft’s redstone and Terraria’s wiring
systems, the environment introduces wires, logic gates, and inputs and outputs that simulate
simple logic circuits. Experiments involving a half-adder construction task reveal that agents
fail to learn without learning support, confirming the task’s complexity. When guided through a
handcrafted reward-shaping structure, agents show successful patterns that indicate the learning
of the task, showing the environment’s suitability for curriculum learning. Additionally, LLM
evaluation confirms the high interestingness of the new goals. Performance tests show that the
new environment runs at a similar speed when compared to the Craftax environment. Over-
all, Craftax-wiring shows promise for being a fast and open-ended environment for curriculum

learning in RL research.

1 Introduction

Reinforcement learning (RL) is a prominent sub-
field of artificial intelligence (AI) that focuses on
training agents to make decisions by interacting
with an environment. However, despite great ac-
complishments and developments in the recent
years, certain challenges still remain in scaling RL
to solve complex tasks.

1.1 Complex, sparse reward tasks

Complex tasks in RL are usually associated with
sparse rewards since feedback for actions can have
very significant delays.

A solution for this is to provide more frequent
feedback in the form of intermediate rewards. This
is the main purpose of reward-shaping. Reward-

shaping fortifies a certain policy for the agent which
introduces the bias of the designer. This can re-
sult in the agent not finding the optimal pol-
icy for achieving the goal. To combat this, auto-
mated reward-shaping using Large Language Mod-
els (LLM) could provide a way for agents to learn
a policy that is closer to optimal. This is because
the LLMs can search the task space and select the
best reward-shaping method. Another solution is
to introduce intermediate goals that reward the
agent for desired behavior which can be achieved
using curriculum learning. This is a method that
increases the complexity of the experience of an
agent over time during the training process (Porte-
las et al., 2020). Such learning methods optimize
the training process by prioritizing tasks accord-
ing to the agent’s skill level, ensuring that the



agent first masters base level tasks before progress-
ing. The agent starts with learning easier skills
and progresses to learning more difficult skills us-
ing the knowledge acquired from the easier tasks.
This learning progression falls in line with how hu-
mans learn tasks. Recently, new developments have
shown promise in automated curriculum learning
(ACL) leveraging the use of LLMs (Ryu et al.,
2024). These LLMs generate tasks and design cur-
ricula for them as opposed to hand-crafted curricu-
lum structures. Furthermore, LLMs can also gener-
ate and code goals themselves dynamically (Faldor
et al., 2024).

1.2 Open-endedness

Open-ended learning systems are systems that
“continue to learn new, interesting things up to
the limit of modern computation” (Parker-Holder,
2022). A truly open-ended learning algorithm can
have diverse and massive implications and it is be-
lieved that the existence of such systems are achiev-
able. Open-ended systems can have important ap-
plications in practical domains: from engineering
domains such as architecture to creative sectors
such as music and art generation. Researchers ar-
gue that the challenge of open-endedness is related
to the existence of Al itself: “If we accept that evo-
lution on Earth is an open-ended process, then per-
haps the deepest connection is that human-level in-
telligence on Earth is one of its many products. In
other words, open-endedness could be a prerequi-
site to Al, or at least a promising path to it.” (Stan-
ley et al., 2017). Furthermore, open-ended environ-
ments are environments that allow for a wide range
of goals with basically unlimited novelty. Agents
within such environments are not trying to solve a
specific goal but to keep learning a diverse amount
of goals. For example: the game Space Invaders is
not open-ended since there is a clear specific goal
which is shooting aliens and survive. There is a sin-
gle dominant strategy and not much possibility for
creativity or novelty. In open-ended environments,
there are often multiple ways to reach goals and
goals are generated dynamically or not explicitly
defined. This makes such environments are ideal
for the goal and curriculum generating LLMs men-
tioned before.

1.3 GPU environment

One classic limitation is that RL typically re-
quires large amounts of data and computational re-
sources. Typically, deep reinforcement learning en-
vironments are run on CPUs, whereas the agent
and it’s learning algorithm (RL) is accelerated on
the GPU (Mnih et al., 2013). This requires complex
algorithms to schedule the CPU and GPU and shuf-
fle data around to synchronize them. A solution for
this is to run the whole setup on the GPU. GPUs
can run thousands of agents and environments in
parallel and this method avoids memory transfers
to the CPU. Some GPU accelerated environments
can run at hundreds of millions of steps per second
compared to the same environment running using
CPUs which achieves thousands of steps per second
(Freeman et al., 2021). This can be achieved using
JAX, a programming language which is similar to
python but compiles the code to accelerated linear
algebra (xla) which allows it to run on hardware
accelerators such as GPUs.

1.4 Research focus

For these reasons, an environment should exist for
RL agents in which they are able to learn com-
plex tasks using, that is open-ended while also
being optimized for the use of computational re-
sources. This brings us to the question “Can we
create a fast and open-ended environment for cur-
riculum learning in deep-reinforcement learning?”.
For these purposes, an extension on the craftax-
classic RL benchmark environment (Matthews et
al., 2024) has been created. This original environ-
ment is a JAX based re-implementation of Crafter
(Hafner, 2021) which is a top-down 2D open-world
survival game. RL environments before this were
relatively simple and generally focus on a single
task. Crafter, however, is a simplified version of
Minecraft (Mojang, 2011), a popular and a very
open-ended video game which has been used for
RL purposes by various researchers. Rewards in
craftax-classic are primarily focused on survival
aspects (e.g. DEFEAT_ZOMBIE, EAT PLANT,
COLLECT_DIAMOND), which is why an exten-
sion providing the necessities for more diverse goals
is necessary for goal and curriculum generation us-
ing LLMs.

The extension presented by this thesis consists



of a wire system that functions similarly to “red-
stone dust” from Minecraft and logic gates, inspired
by another video game Terraria (Re-Logic, 2011).
These additional features allow for interactions in
the environment that loosely simulate electrical en-
gineering systems and provide for a wide range of
possible mechanisms and goals from a concise set of
materials. This allows for the creation of complex
goals such as logic gate systems within the environ-
ment. Furthermore, this wiring system unlocks new
aspects related to survival, for example, automated
trapping of mobs.

This environment will be tested on goal complex-
ity, goal interestingness, goal learnability, and com-
putational expensiveness. These aspects of the envi-
ronment will show if it is a suitable fast, open-ended
environment for curriculum learning.

2 Methods

2.1 Craftax-wiring

We introduce Craftax-wiring, an extension of the
Craftax-classic environment that incorporates a
comprehensive wiring system for creating logic
circuits. This extension draws inspiration from
block-based wiring systems found in games like
Minecraft’s redstone and Terraria’s wire mechan-
ics, enabling agents to construct and interact with
logic gates.

This extension adds four main categories of func-
tionality to the base environment: (1) new blocks
for circuit construction, including wires, logic gates,
and input/output components; (2) additional ac-
tions for crafting, placing, and manipulating these
circuit elements; (3) updated game mechanics for
signal propagation and circuit evaluation; and (4)
novel reward functions that require agents to con-
struct and operate specific logic circuits, such as
binary adders and combinational logic systems.

This extension transforms the environment from
a purely survival-based challenge into a platform
that combines spatial reasoning, logical thinking,
and sequential planning—creating opportunities
for curriculum learning approaches that can guide
agents through increasingly complex circuit design
tasks.
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Figure 2.1: New blocks introduced in craftax-
wiring extension, including wires, logic gates
(AND, OR, XOR, NOT), power sources, and
input/output blocks.

2.1.1 Blocks

All new blocks can be seen in Figure 2.1. These
can all be crafted, placed and mined by the player
character.

Power source blocks Power sources are blocks
that initially power wires which can then in turn
transmit that power to other blocks. Wires placed
next to power source adopt V... = 10. Power
sources can be found in different forms in this en-
vironment including:

e Power blocks, these are simple blocks that al-
ways power neighboring blocks.

e Input blocks, these function similarly to levers
in Minecraft which means they can be turned
on (functions like a power block) and off (func-
tions like a block) by the player character and
are also used for the new reward functions
(Section 2.1.4). This is so the input of logic
gate circuits can be exactly measured.

e Pressure plates, these function as power blocks
when the player or a mob is standing on the
plate.



Wires The main function of these wires is to
transmit integer signals (charge values 0-10) to
neighboring blocks using a von Neumann neigh-
borhood connectivity. Each wire carries a charge
Vwire- The updating of the wires functions similar
to a cellular automaton. (Details can be found in
Appendix B) This was inspired by a 2D implemen-
tation of Minecrafts redstone as a cellular automata
in typescript (Jackrekirby, 2024).
If a power source is found:

Vwire = Vmaz (21)

If a power source is not found but a wire is found:

Vwire(t + 1) = majsf{(vn(t)) -1

. (2.2)

Where Viire(s41) Tepresents the wire’s voltage at
timestep t+1, N denotes the von Neumann neigh-
borhood, and V,,(t) is the voltage of neighbor n at
timestep t.

This is to ensure a proper signal direction and
to prevent looping signals between two wires. Fur-
thermore, each wire is updated once per timestep
and all wires are updated in parallel. The location
of the wires is saved in the state and an updat-
ing function loops over all indices similar to how
plants are updated in craftax-classic. Saving the lo-
cations and indices of all wire-related blocks is less
computationally expensive that having an updat-
ing function that loops over all blocks in the map.
This setup results in the signal travelling one block
each step in the environment. These mechanics en-
sure that the signal propagation functions similarly
to existing wiring systems while also retaining the
computational speed of JAX based environments.

Junction The wire junction block functions as a
crossroads that transmits signals in a straight line
(instead of in a von Neumann neighborhood), which
allows for the creation of more compact systems.
They do not carry a charge, instead an adjacent
wire adopts the charge of the wire on the other side
of the junction. This also allows for faster signal
transmission over longer distances.

Logic gates Logic gates are blocks that output
a signal in the direction in which it was placed.
For example, a logic gate placed while the player
character is facing north will output a signal to the

north. This output is based on the binary inputs
received from the left and right wires (with the ex-
ception of the NOT gate). The inputs for the logic
gates are wires with V.. > 0. Wires placed in
the output location adopt V4. if the condition of
the logic gate has been met. Forms of logic gates
include the following:

e AND
e OR

e XOR
e NOT

The NOT gate has a Voutput = Vinas if Vvinput =0,

else V,utpur = 0 where Vi py is the signal received

from the opposite direction in which it was placed.

These basic logic gates, serving as elementary func-

tions, allow for the creation of complex logic sys-

tems (such as a binary adder, for example).
Finally, there are two output blocks:

e Output blocks, these are implemented like
wires with the additional functionality of re-
trieving their signal converted to binary and
are used for reward functions together with the
input blocks (Section 2.1.4)

1 V>0
V =
Fv) 0 otherwise

e Extenders, these blocks allow for the system
to interact with the environment by extend-
ing one block in the direction it was placed in
which allows for the creation of doors or traps

2.1.2 Observation space

Similarly to Craftax-classic, Craftax-wiring allows
for pixel-based and symbolic observations. The size
of the pixel-based observation space remains un-
changed which is a downscaled 63 x 63 x 3 image.
The symbolic observation space is a one-hot en-
coded representation of the block types and crea-
tures in the player’s visual area along with an array
of the player’s information such as health, inventory
etc. resulting of a flat observation space of 2175 due
to the addition of the blocks. The agent can only
observe the existence of the new blocks and not the
charge or other details.



Input A ‘ Input B ‘ SUM ‘ CARRY
0 0 0

0
1 0 1 0
0 1 1 0
1 1 0 1
Table 2.1: Half adder truth table

2.1.3 Actions

New actions were added to the environment that
allow the crafting and placing of these blocks and
the switching of the input block. This results in a
larger action space of 40 as compared to the original
17 of craftax classic (43 in craftax). A full list of
actions can be found in Appendix A.

2.1.4 Reward functions

The new reward functions for the RL agent consist
of:

Logic gate systems The new reward functions

regarding logic gate systems include:
e Half adder
e Full adder
e Binary to grey code converter

These reward functions retrieve the binary input
and output values from the first n input and output
blocks placed in the environment. These values are
then compared to the truth table of the respective
logic gate system (example for the half adder can be
found in Table 2.1). When a match has been found
with one of the rows in the truth table, that row
is marked as achieved. This happens after the sig-
nal propagates from the input to the output which
means the agent has to wait a small amount of time
before this has been registered. When all rows have
been marked as achieved, the agent is given the re-
ward. This means that the agent has to build the
circuit and then make the outputs match the inputs
in all possible configurations.

The following is an example of the half adder
reward function in pseudocode:

input_A <-- get input index O from state

input_B <-- get input index 1 from state

output_sum <-- get output index O from
state

output_carry <-- get output index 1 from
state

truth_table <-- state.
truth_table_half_adder

inputs <-- [input_A, input_B, output_sum,
output_carry]

real_truth_table <-- [

[o, o, 0, 0],
[o, 1, 1, ol,
[1, 0, 1, 01,
[1, 1, 0, 1]

matches <-- compare each row in
real_truth_table with inputs

updated_truth_table <-- logical OR of
truth_table and matches

full_table_complete <-- all entries in
updated_truth_table are True

achievements <-- copy of state.achievements
achievements [HALF_ADDER] <-- achievements[
HALF_ADDER] OR full_table_complete

new_state <-- state with updated
truth_table_half_adder and

achievements

return new_state

Function HALF_ADDER(state): //The state of the
environment is used as an input and will
be updated

Interactive The new reward functions regarding
environment interaction include:

e Trap
e Door

These reward functions are wiring systems that in-
teract with the environment. The trap function re-
wards the agent when the extended part of an ac-
tivated extender is found next to a pressure plate.
This represents a simple trap that closes a “gate”
near a mob or player that steps on the pressure
plate which traps the respective mob or player. The
door function rewards the agent when the loca-
tion of the extended part of an inactive extender




Figure 2.2: Simplest version of a succesful half
adder

is next to a pressure plate while a NOT gate is
powered. This represents a simple door that is ac-
tivated by a pressure plate (which is similar to how
doors are classically implemented by human players
in Minecraft).

2.2 Experimental Setup

To find out if this environment is a suitable and
computationally fast environment for curriculum
learning purposes, several experiments are con-
ducted.

Environmental setup The environment will be
modified so that the agent can fully target the half
adder task. This means several actions and achieve-
ments are disabled (See Appendix C for the full
list of the actions and achievements used). Further-
more, the agent will start with all the necessary
blocks needed to build the simplest version of the
half adder (Figure 2.2).

2.2.1 Goal complexity

Firstly, it must be determined that the new re-
ward functions are too difficult for a RL agent to
achieve and learn without intermediate steps in this
new environment, which would mean they are chal-
lenging enough for curriculum learning methods.
This will be done with a JAX implementation of
TransformerXL with PPO in a RL setup (trans-
formerXL_PPO_JAX) (Hamon, 2024) which out-
performs baseline methods on the Craftax bench-

mark. The default parameters will be used with 100
million timesteps (See Appendix D for a full list of
the parameters). The results of this will show if
the reward functions are achieved or not. The goal
for this experiment is for the agent to create a half
adder that performs a binary addition of two inputs
into a sum and a carry output.

2.2.2 Goal interestingness

To evaluate how interesting such goals are, GPT-
4.5 will be asked to score the new reward functions
and the rewards from Craftax on several measure-
ments which are also decided by the LLM. This
method follows from the idea that foundation mod-
els contain human notions of interestingness (Fal-
dor et al., 2024) and that asking a general LLM to
rate the achievements would give a an automized
result based on an average notion of interesting-
ness compared to an individual evaluation. ( See
Appendix E.1 for the full prompt).

2.2.3 Goal learnability

A handcrafted, stage-based reward-shaping archi-
tecture for a reward function of the wiring exten-
sion was designed. This means that there are inter-
mittend stages that reward the agent for complet-
ing subgoals that sequentially lead to the creation
and activation of the half adder circuit. This is to
see if the goal can be reached in the environment
using intermittent rewards that encourage a natu-
ral learning progression.

The architecture rewards the agent for the inter-
mediate stages which include:

e Stage 1: Placing two inputs

e Stage 2: Connecting two wires to each input
e Stage 3: Placing an XOR gate

e Stage 4: Activating an input

e Stage 5: Activating the XOR gate

e Stage 6: Placing an AND gate

e Stage 7: Placing two outputs next to the logic
gates

e Stage 8-11: Checking values in truth table



We recognise that curriculum learning is comple-
mentary for achieving the goal of helping agents de-
velop skills through gradually increasing complex-
ity. However, for this initial research, we chose to
implement a reward-shaping strategy for simplic-
ity purposes. This decision was made to focus on
identifying and assessing how well individual sub-
goals can be learned in the environment. This ap-
proach helps to validate the feasibility of tasks in
a controlled manner, before implementing a more
comprehensive curriculum framework.

2.2.4 Computational resources

Finally, the computational resources used for train-
ing transformerXL_PPO_JAX will be measured
and compared to the training of the architecture
on Craftax. Steps per second will be measured us-
ing different numbers of parallel environments run-
ning on the hardware. Three setups of environment
workers will be measured: 1024, 2048, and 4096.
This will show the scalability of the environment,
how well the implementation leverages the hard-
ware, and any inefficiencies in the implementation.
This is to see whether the implementation of the
extension is still computationally inexpensive. The
training will be done on two Tesla V100 GPUs.

3 Results

3.1 Goal complexity

Without any reward-shaping, the transformer
model was not able to learn any behavior that re-
sults in achieving the half adder goal. Figure 3.1
shows the result of the training. The average re-
turn remained zero throughout most of the train-
ing, with no upward trend which indicates no learn-
ing pattern. The small spike at 30 updates indi-
cates that the agent was sometimes able to reach
the goal, however, this spike can consistently be
found in several runs and the cause for this re-
mains unclear. Regardless, there is no evidence of
the agent learning a suitable policy for building the
half adder. This result highlights the necessity of
reward shaping or curriculum learning for solving
complex symbolic tasks with reinforcement learn-
ing.
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Figure 3.1: Half adder reward on craftax-wiring
with transformer PPO run on 100 million
timesteps without reward-shaping

3.2 Goal interestingness

The rewards are scored by the LLM on several as-
pects, chosen by the LLM itself:

e Complexity: How challenging is the logical
or mechanical understanding required by the
agent?

e Progression and Hierarchy: Does completing
simpler achievements meaningfully lead to ad-
vanced achievements?

e Novelty and Uniqueness: Are the goals unique
compared to typical RL environments, offering
fresh challenges?

e Interaction Complexity: How many compo-
nents or interactions must the agent manage
simultaneously?

e Real-world or Educational Value: How well can
the learned skills or concepts be generalized or
related to real-world problems?

These aspects are scored on a 5 point scale. The
scores can be found in Table 3.1. See Appendix E.2
for the full prompt and response.

The LLM provided the following conclusion:
“The Craftax-classic environment incorporating



H Craftax \ Craftax-wiring

Complexity 3 )
Progression and Hierarchy 4 4
Novelty and uniqueness 2 5
Interaction complexity 3 5
Real-world or Educational value 2 4
Overall score (out of 25) 14 23

Table 3.1: Interestingness scores given by GPT 4.5

Mean Half-Adder Achievements with +1 SD
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Achievement success rate (%)
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Figure 3.2: Half adder reward on craftax-wiring
with transformer PPO run on 100 million
timesteps with curriculum

Redstone wiring achievements is notably more in-
teresting and valuable as an RL task compared to
standard Craftax. It excels particularly in complex-
ity, novelty, and educational value. This environ-
ment uniquely integrates spatial, logical, and com-
putational reasoning challenges, providing richer,
more stimulating learning scenarios for RL agents.”

3.3 Goal learnability

Figure 3.2 shows the mean learning curve across
5 independent training runs over a 100 million
timesteps equivalent in policy updates, with er-
ror bars indicating standard deviation. Figure 3.3
shows the best (largest area under curve) run out of
these 5. In the first 100 updates, the agent learns
to progress through the different stages that were
established to allow for the learning of the creation
and usage of the half adder. The plateaus indicates
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Figure 3.3: Best run on half adder reward with
curriculum

that the agent has the ability to successfully learn
and reliably execute the half adder task. The high
variance mostly occurs since out of the 5 runs, one
run did not indicate a plateau and the return re-
mained near 0 which indicated that the agent did
not learn to build the half adder. Regardless, this
shows that the agent can learn a complex task in
this environment successfully.

3.4 Computational resources

Figure 3.4 shows that the wiring environment com-
putes the same steps per second (SPS) as the
craftax environment. Benchmarking done in the
craftax paper indicate that craftax environment
is 25% slower than craftax-classic which means
craftax-wiring has the same SPS decrease. This en-
vironment is still orders of magnitude faster than
crafter.
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Figure 3.4: Steps per second for craftax and
craftax-wiring

H Wiring ‘ Classic

Complex goals v’ X

Interesting goals v’ X

Learnable goals (assisted) v’ -
Computationally optimized v’ v+

Table 4.1: Overall comparison between craftax-
wiring and craftax-classic

4 Discussion

4.1 Known issues

There are some known issues / bugs with craftax-
wiring for which the reason remains unclear.

Stuck wires Sometimes the wires do not
progress the signal correctly. More specifically, the
wires do not succesfully obtain a charge from their
neighbors and they remain chargeless. It seems to
be somewhat related to the usage of the logic gates.
Replacing the wires fixes the issue.

Stochasticity All rng should be deterministic
based on the seed however two runs using the same
parameters yield different results. This also occurs
on craftax-classic which means this is an issue of

the original environment. This results in problems
regarding reproducibility of the research presented
by this thesis.

Wiring observability The state of the wires,
logic gates, and input and output blocks are not
observable by the agent. If these charges, directions
and active status were in the observation space,
the agent could have a more comprehensive under-
standing of the circuits and could possibly find a
more optimal policy or find the policy faster.

4.2 Future research

The purpose for the development of this environ-
ment is for future research. There are many things
that can be done with this environment.

4.2.1 Curriculum reward

shaping

learning and

In this thesis, reward shaping was chosen over cur-
riculum learning to focus on validating whether
agents could learn specific subgoals in isolation.
By assigning rewards to incremental stages (e.g.,
placing inputs, connecting wires, activating logic
gates), we approximated a linear learning progres-
sion without implementing a full curriculum.

This staged approach proved effective: agents
failed to learn the half-adder task without guidance
but succeeded when intermediate rewards were
given. While curriculum learning is better suited for
general skill acquisition across tasks of increasing
difficulty, reward shaping allowed controlled evalu-
ation of learnability and environment mechanics.

Importantly, Craftax-wiring remains compatible
with curriculum learning. The open-ended design,
diverse goal structures, and logical progression of
complexity make it ideal for future work on cur-
riculum design.

4.2.2 LLM goal and curriculum design

An open-ended environment like craftax-wiring is
optimal for goal designing by LLMs. It would be
interesting to see a foundation model, similar to
those used by OMNI-EPIC (Faldor et al., 2024),
or an autotelic agent leveraging LLMs (Pourcel et
al., 2024), create and code interesting goals inside



craftax-wiring while also using a curriculum design-
ing LLM similar to CurricuLLM (Ryu et al., 2024)
to create and code a learning progression for an
RL agent to learn the skills required for creating
logic gate systems or other goals. Transfer learning
could also be researched using agents trained to
build simple circuits and applying that knowledge
to novel circuits.

4.2.3 Minecraft in JAX

An even more advanced environment for similar
purposes would be a reimplementation of Minecraft
in JAX, which is basically a more complex 3-
dimensional version of Crafter. It is an open-ended
environment and a version in JAX would be an
interesting benchmarking environment for curricu-
lum learning in deep reinforcement learning. The
more advanced redstone system in 3D with more
blocks like comparators for example would allow for
more interesting goals, for example: functional com-
puters (mattbatwings, 2023) or neural networks
(mattbatwings, 2024).

4.3 Conclusion

The experiments show that this new craftax-wiring
environment has goals can not be solved with tradi-
tional RL, goals that are interesting, reward shap-
ing is possible and helps the RL agent achieve
the goal, and the environment is relatively com-
putationally inexpensive. A comparison against
Craftax-classic related to the experiments can be
found in Table 4.1. From this we can derive that
Craftax-wiring is a promising fast benchmarking
environment for curriculum learning purposes. The
new actions and blocks allow for a large number of
combinational logic gate circuits. Notably, the mod-
ifications required to extend Craftax-classic were
relatively minimal, yet they enabled a way broader
and more open-ended range of tasks. To answer
the research question of “Can we create a fast and
open-ended environment for curriculum learning in
deep-reinforcement learning?”, the answer is yes
and craftax-wiring is a promising environment for
future research.
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A Full list of actions

NOOP

LEFT

RIGHT

UP

DOWN

DO

SLEEP

PLACE_STONE
PLACE_TABLE
PLACE_FURNACE
PLACE_PLANT
MAKE_WOOD_PICKAXE
MAKE_STONE_PICKAXE
MAKE_IRON_PICKAXE
MAKE_WOOD_SWORD
MAKE_STONE_SWORD
MAKE_IRON_SWORD
MAKE_WIRE
MAKE_POWER
MAKE_EXTENDER
MAKE_JUNCTION
MAKE_AND

MAKE_OR

MAKE_XOR

MAKE_NOT
MAKE_PRESSURE_PLATE
MAKE_INPUT
MAKE_OUTPUT
PLACE_WIRE
PLACE_POWER
PLACE_EXTENDER
PLACE_JUNCTION
PLACE_AND
PLACE_OR
PLACE_XOR
PLACE_NOT
PLACE_PRESSURE_PLATE
PLACE_INPUT
PLACE_OUTPUT
SWITCH_INPUT

B Updating of new blocks
B.1 Placing

When wires, logic gates, extenders, input and out-
put blocks are placed in the environment, their po-
sition and other variables relevant to the respective
block are saved in the state. This is the same as how
plants are implemented in craftax-classic. Besides
position, some blocks have the following properties.

Wires
e Charge (int)

Logic gates
e Type (int)
e Output direction (2D int vector)

e Power (bool)

Extenders

e Output direction (2D int vector)

B.2 Input and output value retrieval

When an input is switched on or off, the actual
block changes. Therefore, when the value of a cer-
tain input, given the index, needs to be retrieved
by a reward function for example, the position of
the input with the corresponding index in the state
map is found and we read the value of the block at
that position.

When an output block is placed, a wire is also
created in the state that corresponds with the out-
put block. This results in a simple way of retrieving
the output value: the position of the output which
is saved in the state is found using the index. Then
we find the wire on that position and if V. > 0
then the output value is True, otherwise it is False.

B.3 Updating

The following are pseudocode renditions of the up-
dating functions of wires (output blocks function
like wires), logic gates and extenders generated by
ChatGPT 40 based on the functions used in the
environment. The pseuodoce maps correctly to the
actual code.
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B.3.1 Wire charge

Define directions to check for neighboring
tiles (up, down, left, right)

Function CHECK_MAX_CHARGE(carry, offset):
wires_charge, nearby_charge, index <--
carry
pos <-- position of current wire + offset

// Follow junctions in a straight line
until junction ends

While tile at pos is a JUNCTION:
pos <-- pos + offset
num_junctions += 1

// Check if the current position is a valid
power source
is_power <-- tile at pos is POWER or
INPUT_ON,
OR it’s a PRESSURE_PLATE being
stepped on by player or mob

// Check if the current pos matches a logic
gate input/output
gate_found <-- does pos match any known
logic gate?
If gate_found:
powered_gate <-- is that gate currently
powered?
gate_dir <-- its direction
gate_pos <-- its position

// Check if this wire is receiving
output from the gate

is_output <-- (gate_pos + gate_dir X (1
+ num_junctions)) == wire_position
[index]

receive_output <-- powered_gate AND
is_output

Else:
receive_output <-- False

// If any nearby source powers the wire,
assign full charge

If is_power OR receive_output:
new_charge <-- max_wire_charge

Else:
new_charge <-- nearby_charge

// Also check if this neighbor is a powered
wire
If pos is a wire and exists in wire list:

neighbor_index <-- index of that wire

neighbor_charge <-- wires_chargel
neighbor_index] - 1 (decayed)

new_charge <-- max(new_charge,
neighbor_charge)

// Update the charge value

nearby_charge <-- max(nearby_charge,
new_charge)

wires_charge[index] <-- nearby_charge

Return (wires_charge, nearby_charge, index)

Function CHECK_ONE_WIRE(wires_charge, index):
nearby_charge <-- 0
For each offset in neighboring_wire_area:
(wires_charge, _, _) <-—-
CHECK_MAX_CHARGE ((wires_charge,
nearby_charge, index), offset)
Return wires_charge

// Update all wires in the world
For each wire index from O to 19:
wires_charge <-- CHECK_ONE_WIRE(
wires_charge, index)

// Save updated wire charges back into state
state.wires_charge <-- wires_charge
Return state

B.3.2 Logic gates

Define ROTATE_LEFT(direction):
Return [-direction[1], direction[0]]

Define ROTATE_RIGHT(direction):
Return [direction[1], -direction[0]]

Define INPUT_GATE(position, direction):
pos_input_1 <-- position + ROTATE_LEFT(
DIRECTIONS [direction])
pos_input_2 <-- position + ROTATE_RIGHT(
DIRECTIONS [direction])
is_wire_1 <-- tile at pos_input_1 is WIRE
is_wire_2 <-- tile at pos_input_2 is WIRE

wire_index_1 <-- if is_wire_1, index of
wire at pos_input_1, else max_wires +
1

wire_index_2 <-- if is_wire_2, index of
wire at pos_input_2, else max_wires +
1

input_1 <-- wires_charge[wire_index_1] > 0

13




input_2 <-- wires_charge[wire_index_2] > 0
Return [input_1, input_2]

Define INPUT_NOT(position, direction):
pos_input <-- position - DIRECTIONS[
direction]
is_wire <-- tile at pos_input is WIRE
wire_index <-- if is_wire, index of wire at
pos_input, else max_wires + 1
input <-- wires_charge[wire_index] > 0

Return [input, Falsel

Define UPDATE_NONE(input):
Return False

Define UPDATE_AND (input) :
input_1, input_2 <-- input
Return input_1 AND input_2

Define UPDATE_OR(input):
input_1, input_2 <-- input
Return input_1 OR input_2

Define UPDATE_XOR(input):
input_1, input_2 <-- input
Return input_1 XOR input_2

Define UPDATE_NOT (input) :
Return NOT input [0]

Define UPDATE_LOGIC_GATE(carry):
power, index <-- carry
type <-- logic_gates_type [index]
position <-- logic_gates_positions[index]
direction <-- logic_gates_direction[index]
pos_output <-- position + DIRECTIONS[
direction] // not used

If type ==
input <-- INPUT_NOT(position, direction
)
Else:
input <-- INPUT_GATE(position,
direction)

update_functions <-- [UPDATE_NONE,
UPDATE_AND, UPDATE_OR, UPDATE_XOR,
UPDATE_NOT]

output <-- update_functions[type] (input)

power [index] <-- output
Return power

Define CHECK_ONE_LOGIC_GATE(logic_gates_power,
index) :
new_logic_gates_power <-- UPDATE_LOGIC_GATE
((logic_gates_power, index))
Return new_logic_gates_power

new_logic_gates_power <-- state.
logic_gates_power

For index in O to 4:
new_logic_gates_power <--
CHECK_ONE_LOGIC_GATE(
new_logic_gates_power, index)

state.logic_gates_power <--
new_logic_gates_power
Return state

B.3.3 Extenders

neighboring_wire_area <-- [(-1, 0), (0, -1),
0, 1, 4, 0]

Define NEARBY_WIRE(carry, loc_add):
is_extending, index <-- carry
pos <-- state.extenders_positions[index] +
loc_add

is_wire <-- tile at pos is WIRE

wire_index <-- if is_wire, index of wire at
pos, else max_wires + 1

valid_index <-- wire_index >= 0 AND
wire_index <= max_wire_charge

extending <-- is_extending OR (wires_charge
[wire_index] > 0)

Return (extending, index)

Define CHECK_ONE_EXTENDER(new_map, index):
extension_position <-- extenders_positions[
index] + direction from
extenders_direction[index]
is_extending <-- False

(is_extending, _), _ <-- scan NEARBY_WIRE
over neighboring_wire_area

placed_extender_block <-- if is_extending,
EXTENSION block, else PATH block
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new_map [extension_position] <--
placed_extender_block

Return new_map
new_map <-- state.map
For index in O to max_extenders - 1:
new_map <-- CHECK_ONE_EXTENDER(new_map,
index)

state.map <-- new_map

Return state

C Experimental environment

setup

C.1 Actions

NOOP

LEFT

RIGHT

UP

DOWN

DO

SLEEP
PLACE_TABLE
PLACE_WIRE
PLACE_JUNCTION
PLACE_AND
PLACE_XOR
PLACE_INPUT
PLACE_QOUTPUT
SWITCH_INPUT

C.2 Achievements

PLACE_OUTPUT
PLACE_INPUT
PLACE_WIRE
ACTIVATE_INPUT
ACTIVATE_OUTPUT
ACTIVATE_LOGIC_GATE
TRAP

DOOR
HALF_ADDER
FULL_ADDER
BIN_TO_GRAY
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D Training parameters

LR
NUM_ENVS
NUM_STEPS
TOTAL_TIMESTEPS
UPDATE_EPOCHS
NUM_MINIBATCHES
GAMMA
GAE_LAMBDA
CLIP_EPS
ENT_COEF
VF_COEF
MAX_GRAD_NORM
ACTIVATION
ENV_NAME
ANNEAL_LR
gkv_features
EMBED _SIZE
num_heads
num_layers
hidden_layers
WINDOW_MEM
WINDOW_GRAD
gating
gating_bias
seed

Table D.1: Parameters used in experimental

setup

2e-4
1024
128
1e8
4
8
0.999
0.8
0.2
0.002
0.5
1
relu
craftax-wiring
True
256
256
8
2
256
128
64
True
2
randint (0, 10000000)

E Interestingness evaluation

E.1 LLM prompt

The following is a list of achievements from
craftax:

class Achievement (Enum) :
COLLECT_WOOD = 0
PLACE_TABLE = 1
EAT_COW = 2
COLLECT_SAPLING = 3
COLLECT_DRINK = 4
MAKE_WOOD_PICKAXE =
MAKE_WOOD_SWORD = 6
PLACE_PLANT = 7
DEFEAT_ZOMBIE = 8
COLLECT_STONE 9
PLACE_STONE = 10
EAT_PLANT = 11
DEFEAT_SKELETON = 12
MAKE_STONE_PICKAXE = 13
MAKE_STONE_SWORD = 14
WAKE_UP = 15
PLACE_FURNACE = 16
COLLECT_COAL = 17
COLLECT_IRON = 18
COLLECT_DIAMOND = 19
MAKE_TRON_PICKAXE = 20
MAKE_IRON_SWORD = 21

|
[é3]

MAKE_ARROW = 22
MAKE_TORCH = 23
PLACE_TORCH = 24

COLLECT_SAPPHIRE = 54
COLLECT_RUBY = 59
MAKE_DIAMOND_PICKAXE = 60
MAKE_DIAMOND_SWORD = 25
MAKE_IRON_ARMOUR = 26
MAKE_DIAMOND_ARMOUR = 27

ENTER_GNOMISH_MINES = 28
ENTER_DUNGEON = 29
ENTER_SEWERS = 30
ENTER_VAULT = 31
ENTER_TROLL_MINES = 32
ENTER_FIRE_REALM = 33
ENTER_ICE_REALM = 34
ENTER_GRAVEYARD = 35

DEFEAT_GNOME_WARRIOR = 36
DEFEAT_GNOME_ARCHER = 37
DEFEAT_ORC_SOLIDER = 38
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DEFEAT_ORC_MAGE = 39

DEFEAT_LIZARD = 40
DEFEAT_KOBOLD = 41
DEFEAT_KNIGHT = 65

DEFEAT_ARCHER = 66
DEFEAT_TROLL = 42
DEFEAT_DEEP_THING = 43
DEFEAT_PIGMAN = 44
DEFEAT_FIRE_ELEMENTAL = 45

Achievement.
Achievement.
Achievement.
Achievement.
Achievement.
.DEFEAT_FROST_TROLL.value,
Achievement.
Achievement.
Achievement.

Achievement

ENTER_FIRE_REALM.value,
ENTER_ICE_REALM.value,
ENTER_GRAVEYARD.value,
DEFEAT_PIGMAN.value,
DEFEAT_FIRE_ELEMENTAL.value,

DEFEAT_ICE_ELEMENTAL.value,
DAMAGE_NECROMANCER.value,
DEFEAT_NECROMANCER.value,

DEFEAT_FROS
DEFEAT_ICE_
DAMAGE_NECR!
DEFEAT _NECR!

EAT_BAT =5
EAT_SNAIL =

FIND_BOW
FIRE_BOW

LEARN_FIREB
CAST_FIREBA
LEARN_ICEBA
CAST_ICEBAL

OPEN_CHEST
DRINK_POTIO
ENCHANT_SWO

T_TROLL = 46
ELEMENTAL = 47
OMANCER = 48
OMANCER = 49

0
51

52
53

ALL = 55
LL = 56
LL = 57
L = 58

= 61
N = 62
RD = 63

ENCHANT_ARMOUR = 64

Achievement

Achievement.
Achievement.
Achievement.

Achievement

Achievement.
Achievement.

Achievement

Achievement.

Achievement
Achievement

Achievement.
Achievement.

Achievement

Achievement.
Achievement.
Achievement.
Achievement.

INTERMEDIATE_ACHIEVEMENTS = [

.COLLECT_SAPPHIRE.value,
COLLECT_RUBY.value,
MAKE_DIAMOND_PICKAXE.value,
MAKE_DIAMOND_SWORD.value,
.MAKE_IRON_ARMOUR.value,
MAKE_DIAMOND_ARMOUR.value,
ENTER_GNOMISH_MINES.value,
.ENTER_DUNGEON.value,
DEFEAT_GNOME_WARRIOR.value,
.DEFEAT_GNOME_ARCHER.value,
.DEFEAT_ORC_SOLIDER.value,
DEFEAT_ORC_MAGE.value,
EAT_BAT.value,
.EAT_SNAIL.value,
FIND_BOW.value,
FIRE_BOW.value,
OPEN_CHEST.value,
DRINK_POTION.value,

VERY_ADVANCED_ACHIEVEMENTS = [

The following is a list of achievements from

craftax-classic with redstone wiring:

MAKE_WIRE = 22

PLACE_WIRE = 23

MAKE_INPUT = 24

PLACE_INPUT = 25

MAKE_OUTPUT = 26

PLACE_OUTPUT = 27

ACTIVATE_INPUT = 28

ACTIVATE_OUTPUT = 29

ACTIVATE_LOGIC_GATE = 30

HALF_ADDER = 31

FULL_ADDER = 32

BIN_TO_GRAY = 33

TRAP = 34

DOOR = 35

INTERMEDIATE_ACHIEVEMENTS = [
Achievement .ACTIVATE_OUTPUT.value,
Achievement .ACTIVATE_LOGIC_GATE.value,
Achievement.TRAP.value,

VERY_ADVANCED_ACHIEVEMENTS = [
Achievement.DOOR.value,
Achievement .HALF_ADDER.value,
Achievement .FULL_ADDER.value,
Achievement .BIN_TO_GRAY.value,

]

I want you to evaluate the overall
interestingness of these goals for a
reinforcement learning agent on several
variables which you can decide. Compare
standard craftax to craftax-classic with
redstone.
and present a conclusion

Give a score for each variable

E.2 LLM response

Here’s a structured evaluation of the

interestingness of goals for reinforcement

learning agents, comparing standard

17




Craftax with Craftax-classic with Redstone
wiring:
Variables for Evaluating Interestingness:

I suggest the following variables for
assessing the interestingness of these RL
goals:

Complexity:

How challenging is the logical or
mechanical understanding required by
the agent?

Progression and Hierarchy:

Does completing simpler achievements
meaningfully lead to advanced
achievements?

Novelty and Uniqueness:

Are the goals unique compared to typical RL
environments, offering fresh
challenges?

Interaction Complexity:
How many components or interactions must
the agent manage simultaneously?

Real-world or Educational Value:

How well can the learned skills or concepts
be generalized or related to real-
world problems?

Each variable will receive a score from 1 (low
) to 5 (high).
Evaluation of Standard Craftax:

1. Complexity: 3/5

Goals involve crafting, exploration, and
combat, requiring a moderate
understanding of item progression and
basic environmental interaction.

2. Progression and Hierarchy: 4/5
Clear hierarchical structure: simple tasks
(collect wood) progress logically to
advanced tasks (craft diamond
equipment, defeat bosses).

3. Novelty and Uniqueness: 2/5

Common survival-crafting elements present
in various gaming environments.

4. Interaction Complexity: 3/5

Agent interaction with environment and
enemies is straightforward, with some
moderate resource and inventory
management .

5. Real-world or Educational Value: 2/5

Primarily game-based goals; limited direct
real-world applicability outside
strategic and survival decision-making

Overall Interestingness Score (Standard
Craftax): 14/25

Evaluation of Craftax-classic with Redstone
Wiring:

1. Complexity: 5/5

Redstone wiring involves logical circuits,
gates, and arithmetic (half-adder/full
-adder), significantly raising the
complexity and cognitive demands.

2. Progression and Hierarchy: 4/5

Clear logical and technological progression
from basic wiring to advanced
circuits (e.g., trap, doors, adders).

3. Novelty and Uniqueness: 5/5

Highly unique for an RL environment;
combining logic circuit understanding
and spatial reasoning is rare in
standard RL tasks.

4. Interaction Complexity: 5/5

Multiple interconnected components; agent
must manage input-output relatioms,
spatial configurations, and signal
flow simultaneously.

5. Real-world or Educational Value: 4/5
Strong educational relevance in logic,
computer engineering principles (

boolean algebra, circuit logic), and
foundational computation concepts.
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Overall Interestingness Score (Craftax-classic
with Redstone): 23/25
Conclusion:

The Craftax-classic environment incorporating
Redstone wiring achievements is notably
more interesting and valuable as an RL
task compared to standard Craftax. It
excels particularly in complexity, novelty
, and educational value. This environment
uniquely integrates spatial, logical, and
computational reasoning challenges,
providing richer, more stimulating
learning scenarios for RL agents.
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