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Abstract

Large Language Models (LLMs) are rapidly sat-
urating existing benchmarks, necessitating new
open-ended evaluations. We introduce the Fac-
torio Learning Environment (FLE), based on the
game of Factorio, that tests agents in long-term
planning, program synthesis, and resource opti-
mization. FLE provides exponentially scaling
challenges—from basic automation to complex
factories processing millions of resource units per
second. We provide two settings: (1) lab-play
consisting of 24 structured tasks with fixed re-
sources, and (2) open-play with the unbounded
task of building the largest factory on an proce-
durally generated map. We demonstrate across
both settings that models still lack strong spa-
tial reasoning. In lab-play, we find that LLMs
exhibit promising short-horizon skills, yet are
unable to operate effectively in constrained en-
vironments, reflecting limitations in error analy-
sis. In open-play, while LLMs discover automa-
tion strategies that improve growth (e.g electric-
powered drilling), they fail to achieve complex
automation (e.g electronic-circuit manufacturing).
We release FLE as an open-source platform'.

1. Introduction

Large Language Models (LLMs) have demonstrated remark-
able capabilities at solving complex question-answer (QA)
problems, saturating benchmarks in factual recollection
(Hendrycks et al., 2021), reasoning (Cobbe et al., 2021)
and code prediction (Chen et al., 2021).

The strong performance across these diverse tasks suggests
that LLMs have developed sophisticated reasoning capa-
bilities, leading researchers to explore whether models can
act as autonomous agents (Yang et al., 2023). This has
motivated a number of new agentic benchmarks focusing
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Figure 1. A plastic bar factory created by Claude 3.5 Sonnet
in lab-play. The factory consists of a electricity steam generator
(top-left), a coal mine (top), a crude-oil to petroleum gas pipeline
(bottom) and a chemical plant (bottom-right). The chemical plant
creates plastic bars using the coal and petroleum gas as inputs. By
themselves, the cumulative raw resources generate a production
score of 224. With this specific layout, the factory creates 40
plastic bars per 60 in-game seconds, for a production score of 352.

on long-term planning (Liu et al., 2023; Ruan et al., 2023),
learning in complex environments (Paglieri et al., 2024;
Jimenez et al., 2023) and reliably learning from mistakes
(Xing et al., 2024; Yamada et al., 2023; Kambhampati et al.,
2024). However, similar to QA settings, these agentic bench-
marks are likely to face saturation due to their natural com-
pletion states; which impose an upper bound on performance
and limit our ability to differentiate superhuman models.

We introduce the Factorio Learning Environment (FLE):
a novel evaluation framework built upon the game of Fac-
torio that uniquely addresses this limitation by enabling
unbounded agent evaluation with no natural completion
state. In this environment, agents must navigate rapidly
scaling challenges from basic resource gathering to com-
plex automation while managing an exponentially scaling
technology tree - creating natural curricula for evaluating
increasingly capable agents.

Agents are tasked with producing the largest possible fac-
tory, whose performance is measured through production
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throughput, which ranges from early-game rates of ~30
resources/minute to advanced systems processing millions
of resources/second. This enables us to meaningfully differ-
entiate agents by measuring the order of magnitude of re-
sources that they can produce, avoiding saturation by agents
even as models become dramatically more capable.

Existing resource management environments such as
Minecraft (Guss et al., 2019) or Nethack (Kiittler et al.,
2020) do not demand the precise industrial optimization
present in Factorio. For resource processing chains, produc-
ing basic electronic circuits (an early-game staple) requires
coordinating 10+ machines processing approximately 15
items per minute. For example, a single rocket component
requires orchestrating 60+ interlinked machines manufac-
turing 1000+ items per minute. The precision required,
where a single misaligned machine can cause a factory-wide
gridlock, creates a natural curriculum, testing both basic
automation and advanced system optimization.

Agents interact with the FLE via synthesizing Python pro-
grams to alter and observe the game state, using the tools
included in the environment in a Read-Eval-Print Loop
(REPL). This feedback loop mirrors the day-to-day work-
flow of human programmers, who write provisional code
to probe how systems behave, interpret the results, then
refine their mental model of the system. In this sense, the
agent’s program acts as the cumulative representation of its
current knowledge and strategies for managing the complex
resource pipelines in Factorio.

We evaluate six frontier LLM models in this environment in
an agentic setting. In our qualitative analysis, we study the
agents capabilities for spatial reasoning, long-term planning,
and error correction. Our results show that even the most
advanced models struggle to coordinate more than six ma-
chines when automatically producing items with over three
ingredients, even after 128 environmental interactions.

We summarise our contribution as follows:

* The introduction of the Factorio Learning Environ-
ment, an agentic evaluation of long-term planning and
resource management and allocation.

 Evaluations of frontier models in FLE lab-play, a set
of 24 controlled tasks requiring agents to build fac-
tories with increasing levels of complexity and scale.
Claude-3.5-Sonnet (the strongest performing model)
only completes 7/24 tasks and shows limitations in
spatial planning in more complex objectives; demon-
strating large head-room for performance.

 Evaluation of frontier models in the FLE open-play, an
unbounded setting in a full Factorio game map. We find
more capable agents who invest heavily into technolog-
ical research and advancements achieve quantitatively

different slopes on a log-reward, log-step graph.

¢ A qualitative analysis of the results across capabilities
such as error-correction and long-term planning. We
identify a gap in models’ ability to perform intelligent
error correction, iteratively build upon prior work and
conduct exploration.

2. Factorio Learning Environment

Our main contribution is the release of an open-source
framework, which includes i) a high-level Python API to
Factorio, ii) a persistent coding environment for LLM agents
to interact with the game through iterative program synthe-
sis, and iii) a Python object model of game entities.

The environment is procedurally generated, deterministic at
runtime (set by a random seed) and is 4 x 10*2 square tiles in
size. We provide a laboratory environment with accessible
resources for benchmarking agents in a controlled setting.

2.1. Environment Dynamics

Factorio is a resource management and automation game in
which players spawn on a world containing raw resources
such as water, iron ore, and coal, and must orchestrate in-
creasingly complex production and logistic chains to ulti-
mately produce a rocket and (optionally) escape. The game
contains over 200 entity types, with a technology tree that
unlocks more efficient buildings, resource production chains
and multiplicative throughput bonuses. Research enforces
a steep resource progression, with late-game technologies
such as the rocket-silo demanding 300 times more
resources than early aut omat ion research.

Player strategy and factory architecture evolves dramati-
cally as technology progresses. The early game centres on
manual crafting and basic automation, with factories daisy-
chained together using direct insertion between machines.
These designs are primarily constrained by manual building
speed and resource gathering, favouring cheap, immediate
solutions -e.g stone—furnaces provide better returns
on investment than steel-furnaces until fast-belt tech-
nology (logistics—2) is available. As they progress,
players typically adopt main bus designs with centralized
resource production and distribution, enabling more orga-
nized scaling of production. Late-game strategy shifts again,
toward massive parallel construction and logistics networks,
with factories ultimately evolving into distributed complexes
connected by high-capacity train networks. These advanced
stages emphasize space-efficient, high-throughput designs
enabled by technologies like beacons and stack inserters,

>This progression approximately follows an unbounded geo-
metric relationship between resource cost C' and research tier [NV —
C[N] = 1000 x 2N -1



Factorio Learning Environment

Game Progression

Agent Factorio servers o

0. 1 2 X 4 19
Cost 2 2 2 2 2 2 (___________@ Memory Python
= Generate policy Game state
=l @ bEd
= " . .
a % n #Move to the nearest coal resource program F m‘.c’
U/ ENPN oy sy , move_to(nearest(Resource.Coal)) s Y
. . % # Place a burner mining drill on the coal
8 g _ o Run
2 1;1 41 «,z . drill = place_entity(Prototype.Burner rill, position=r urce.Coal)) ° |
# 4 I & r Update
! ?R m % # Observe the world |
’g'! a u Y 3 ﬁ (FEntities on the map: {get_entities()}") ) ) l
a ’ & assert drill.status = EntityStatus.WORKING, f*Drill not working, status: {drill.status}"
variables ' . &
& & ! (I ST s
Automation increases reward gradient >>> 38: "Entities on the map: [BurnerMiningDrill(fuel={'coal': 4}, stdout
position=Position(x=21.8, y=-11.8), drop_position=Position(x=20.5, y=-12.29)), | J
360 Harvest resources. Craftentities Create factory Expand factory BeltGroup(input_positions=[Position(x=19.5, y=-13.5)], position=Position(x=20.5, y=-9.5), L «
status=EntityStatus.NORMAL, belts=[...])]" N Respond | &35‘
|
120 & =) >> Exception at line 39: Drill not working,status NOT_FUELED stderr | A
som e wnE ' VT i v Accumulate
30 ‘
R rE=s Add to memor
. [ y
N dz@=@l| W tem——————— > @ Reward |

Figure 2. Illustration of the Factorio Learning Environment (FLE). FLE is based on the popular construction and management
simulation game Factorio. Left: The open-ended goal of the game is to create the largest factory possible. The game enables agents to
invest in (an infinite number of) technological advances to produce more resources per second. Middle: Agents interact with the game
by using an interactive Python Interpreter, where they take actions and print their observations in a Read-Eval-Print loop. By using the
Python namespace, agents may store variables and define functions for later use. We provide a Python API to Factorio which allows direct
interaction with the environment. Right: The agent may issue commands to the game server in order to interact with the environment
(with associated time penalities), and receive a response as feedback. If the agents chooses, it may view its own production statistics.

Get iron patch and place m

drill = place_entity(
entity=Prototype.MiningDrill,
position=nearest (Resource.IronOre)),
direction=Direction.NORTH

yutput storage

chest = place_entity_next_to(
entity=Prototype.IronChest,
reference_position=drill.drop_position,
direction=Direction.SOUTH

# 3. Ve tom bserve entities

assert driil.status == EntityStatus.WORKING
print (get_entities())

Figure 3. Example of an FLE program used to create a simple
automated iron-ore miner. In step 1 the agent uses a query to find
the nearest resources and place a mine. In step 3 the agent uses an
assert statement to verify that its action was successful.

and are thousands of times larger than early game factories. |

2.2. Environment Interface

Agents interact with FLE through a REPL (Read-Eval-Print-
Loop) pattern, observing the current game state via previ-
ous program output streams, then generating and executing
Python code to implement their intended actions, and finally
returning useful feedback for the next iteration.

Agents are provided with the Python standard library, and
an API comprising methods designed to balance expressive-
ness with tractability (see Appendix D.1). These comprise
10 observation methods and 13 action methods. Obser-

vation methods (e.g nearest, get_entities) retrieve
information about the environment, and action methods (e.g
move_to, craft_entity) modify the environment.

Each method returns a typed object (e.g an Inventory)
which can be stored as a variable in the Python namespace
and referenced later in the episode. The namespace acts as
an episodic symbolic memory system, and saved objects
represent part of the environment at the moment of query,
becoming stale as the game state evolves, requiring the
agent to re-query when appropriate. This design enables
agents to maintain complex state representations and build
hierarchical abstractions as the factories scale.

Agents observe stdout and stderr - the output streams of
their program. Thus, agents may intentionally print relevant
objects and computations to the output stream to construct
observations. Selecting relevant attributes of objects enables
token-efficient observation, e.g:

the st us of all Furnaces

print ([e.status for e in
get_entities ({Prototype.StoneFurnace}) }

>>> 2: 'WORKING’, ’'WORKING’, ’'NEED_INGREDIENTS’,

’OUT_OF_FUEL’

Mistakes in the code or invalid operations raise typed ex-
ceptions with detailed context that is written to stderr. This
enables agents to reactively debug their programs after exe-
cution, and proactively use runtime assertions during execu-
tion to self-verify their actions. Programs that take too long
to execute are terminated, to prevent runaway control flows
(e.g while True).
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Figure 4. Models are differentiated by score in Open-Play. Agents are given the instruction to build the biggest possible factory. Left:
We find that by evaluating PS against steps (server calls) we can clearly differentiate stronger models from weaker ones in a log/log
projection. We overlay milestones, showing the first time the median agent was able to create a new type of entity. Right: We plot the final
reward and elapsed game time after Sk steps. We find that while weaker models show promise early-game, they struggle to progress when
automation and logistics are required. We report median and standard error over the independent runs.

An environment “step” is a single submission to the Factorio
server, which returns the stdout, stderr, rewards and in-game
wall-clock time (see Figure 2).

Agents are able to enhance their internal representation of
the game state in 2 ways: (i) they can define utility functions
for reuse throughout an episode, to encapsulate successful
logic; and (ii) they can define classes in the namespace to
better organize the data retrieved from the game.

2.3. Reward Structure

We use Factorio’s built-in production tracking system, which
enables us to define two complementary reward signals:

Production Score (PS): A continuous measure of economic
activity based on the value of all items produced. This met-
ric increases as agents refine raw ores into manufactured
goods and create automatic factories. As production chain
throughput scales exponentially, PS can vary by multiple
orders of magnitude (a rocket launch requires ~ 107 raw
resources). PS provides a naturally unbounded measure of
performance, which is sensitive to increasing automation
complexity. The game’s price calculation system assigns
higher value to items with more complex production chains,
creating a reward structure that encourages sophisticated fac-
tory designs. For the full pricing system, see Appendix A.

Milestones: A discrete set of achievements for producing
novel item types (e.g. building an inserter for the first
time, assembling electronic—-circuits, etc.) and
researching technologies. This captures both the diversity
of an agent’s exploration across Factorio’s tech tree, and
what level of item complexity they were able to achieve. As
Factorio supports researching an infinite technologies (with
multiplicative bonuses), milestones can be used to measure
performance at all levels of capability.

2.4. Implementation Details

The FLE comprises a Python client and Lua server commu-
nicating synchronously via RCON over TCP3. The client
provides the stateful environment interface and APIs, while
the server manages game state execution in the official Fac-
torio multiplayer server. The server can be run in headless
mode for efficient parallelization. The object model repre-
sents most early to late-game entities (detailed in Appendix
D.1). FLE is compatible with v1.110 of Factorio, and re-
quires a single purchased game license, as each server must
be “activated” by any official client at startup. FLE is also
easily extensible by the community. Designing new tools
requires implementing a client-side controller (Python) and
a server-side action (Lua) which will automatically load and
update the API schema for subsequent agent runs.

We benchmark the Factorio Learning Environment on a
MacBook Pro M4 with 128GB RAM. The headless server
achieved the highest throughput, processing an average of
218 operations per second across core API functions, with
peak performance of 603 ops/sec for basic operations like
crafting. The Python interpreter introduces approximately
3x overhead, reducing average throughput to 68 ops/sec.
Complex spatial operations (connect_entities) are
consistently the slowest at 25-48 ops/sec due to pathfinding
requirements. Basic inventory operations (craft_item,
extract_item) achieve highest throughput at 276-545
ops/sec. The headless configuration provides a 1.75x speed-
up over the game client (see Figure 11). We make the
environment publicly available * .

3Roughly 80k LoC in total
*https://github.com/JackHopkins/factorio-learning-
environment
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3. Experiments

To evaluate agent capabilities in FLE, we introduce two
settings and a novel agent scaffolding.

3.1. Settings

Lab Play - requires the agent to create a factory with a spe-
cific production throughput in the constrained lab environ-
ment. These tasks are designed to evaluate the capabilities
of an agent to create automatic structures in an open-ended
manner, requiring creativity, spatial understanding of the
map and long-horizon planning.

We task agents to build fully automatic production lines
of 24 distinct target entities of increasing complexity, start-
ing from a single resource mine requiring at most 2 ma-
chines (making iron-ore) to a late game entity requir-
ing the coordination of close to 100 machines (making
utility-science-pack). The target entities cover
items from early to late game and the agent must use a
wide variety of machines present in Factorio (drills, fur-
naces, assembling machines, oil refineries, chemical plants).
As the task difficulty naturally increases with resource re-
quirements of target entities this provides a measure of the
complexity agents are capable of creating in a limited num-
ber of steps. All tasks start with an inventory containing
sufficient entities to complete the task and all research is
unlocked for the agent in lab-play. Additional information
is in Appendix G.

Each task runs a trajectory of /28 API calls. After every
agent step, the throughput of the created structure is evalu-
ated throughout a 60 second holdout period in-game, and the
task is deemed completed if the throughput of the structure
is above the target throughput at any step ¢. All successful
production lines were manually examined to guard against
reward hacking (for instance, agent manually inputting in-
gredients into an assembler as opposed to creating an au-
tomatic connection). The target throughput is /6 for solid
items (for instance electronic circuit, military science pack,
plastic bar) and 250 for fluids (for instance petroleum gas,
lubricant, heavy oil) during the holdout period. We report
the mean success rate of each task with 8 runs per task.

Open Play - In addition to the structured lab-play tasks,
we evaluate each agent in a purely open-ended setting. The
agents spawn into a procedurally generated world with un-
bounded space and resources, and are tasked to “build the
largest factory possible”, allowing the agents to decide how
best to advance in the game. To progress long-term, agents
must show proficient long-term goal-setting, entity and re-
source planning and spatial reasoning capabilities when
creating automation structures. Agents must be capable of
using the API, querying the environment for unknown infor-
mation and reasoning over observations to plan successfully.

We use two metrics to evaluate progress in the game: Pro-
duction Score (PS) and Milestones. While the PS acts as the
reward and is affected by exploitation, milestones give an
overview of how much of the game and technology tree the
agent has explored.

Each agent plays until the maximum trajectory length of
5000 is reached. After every agent step, the production
throughput is tracked and reward computed. We execute 8
independent runs for each agent, and report the median.

3.2. Agent Scaffolding

We consider a simple step-by-step prompting approach as
a baseline implementation for agents to interact with the
environment. The input prompt of the agent consists of the
API schema A, a guide G describing how to use the API
tools with code examples and the memory M of the agent
consisting of past policies with environment observations.
A detailed description for the guide, API schema and an
example memory state is brought out in Appendix I. Given
the inputs, the agent is tasked to identify the most useful
next step and generate the Python policy P that carries
out actions in the environment to achieve the step. The
policy is executed in the environment and added to the
memory M with the environment observations (stdout) and
error messages (stderr). The updated memory M is then
used as input to generate the next policy and enables the
agent to gather information from the environment and use
observations to guide future step generation.

Memory - At every policy generation step the agent uses
information from the memory M. Memory consists of
past policies and their respective environment observations
(stdout and stderr after every policy execution). To limit the
memory token count, past observations and policies that are
further than 16 steps in the past are summarised into a report
of 1024 tokens. This allows the agent to execute arbitrarily
long traces in the environment without unreasonably large
memory input token requirements.

Language Models - We evaluate state-of-the-art closed
source models including Claude 3.5-Sonnet (Anthropic,
2024), GPT-40 and GPT-40-Mini (OpenAl et al., 2024),
Deepseek-v3 (DeepSeek-Al et al., 2025) and Gemini-2-
Flash (Team et al., 2024). We also evaluate Llama-3.3-
70B-Instruct (MetaAl, 2024). Each model is sampled at
temperature 0.5. Model timestamps are in Appendix E.

4. Results

We analyse agent performance during open-play and lab-
play, and observe common patterns amongst trajectories
from both settings. We report experimental costs in Table 3.

Insight 1: Coding agents perform better in the FLE.
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Figure 5. Agents are unable to consistently build complex and efficient factories in Lab-Play. Top: We measure the mean and standard
deviation of task success rates across the first § complexity levels. We observe a clear decrease in average task success rates as the crafting
complexity of the target entity increases. Bottom: We show the mean and std of task progress (percentage of target ingredients and
its sub-ingredients agents factories produce at each time-step) in three tasks of increasing difficulty accross 8 runs per task. In harder
tasks, agents show trends of initial rapid progress followed by stagnation or decrease. This is due to agents being unable to scale up
initial production or add new sections to factories required to successfully reach the target production levels and often breaking existing
structures during the process. The lack of consistent progress is also observed through the large variance in task progress across runs.

We find that stronger coding agents achieve higher pro-
duction scores across both settings. In open-play, Claude
outperforms other models in both median PS (293 206) and
milestone count (28), surpassing the early-game resource ex-
traction phase and partially investing in technology research
- constructing and powering a 1ab, dedicating production
to science-packs and unlocking electric inserters,
(see Figure 6). In comparison Llama-3.3-70B (54 998 PS,
26 milestones) made initial progress but did not develop
production lines of >3 entities and struggled with both cre-
ating complex structures and scaling up existing production.
Similarly in lab-play, Claude performed the best, managing
to create automatic structures typically seen in Factorio’s
early game; specifically, compact drilling lines coordinating
10+ machines across up to four factory sections (see table 1).
In comparison, Llama-3.3-70B is capable of only creating
the most trivial of factories.

Insight 2: Agents lack spatial reasoning and are un-
able to iteratively improve on factories. A key char-
acteristic for success in open-play and lab-play involves
iteratively combining multiple factory sections to create
complex production lines. In open-play, while Claude
was able to scale up automation from the early-game,
GPT-40, GPT-40-Mini and Llama-3.3-70B typically suc-
ceeded only at maintaining a small number of production
lines. In lab-play, it can be seen how the success rate of
tasks decreases proportionally to the increase in crafting

recipe complexity of the target entity (see Figure 5). For
instance, creation of automation science packs requires
multiple mining and smelting sections (iron-plate
and copper-plate),a iron-gear-wheel assembly
section, automation—-science—pack section and a
steam-engine. While agents are able to make initial
progress in this task by creating electricity setups and plate
production lines, they are unable to improve on the factory
and add the required assembly sections. Frequent failure
cases were trying to place entities too close or on-top of
each other, not leaving room for connections or incorrect
placement of inserters. These are all limitations in spatial
reasoning and result in agents only being able to consistently
create production lines for low complexity items and low
overall performance in lab-play tasks (see Table 1).

Insight 3: Agents use the API in different ways. We eval-
uate trajectories with automatic checkers to evaluate how
successful models are at using the FLE API. We find that
models exhibit different coding styles, with GPT-40 using
more assert checks in within their code than Claude 3.5.
Conversely GPT-4o uses significantly fewer prints. These
suggest models use very different approaches to explore and
engage with the FLE. Using prints suggests being uncertain
of state, and exploring new areas, whereas assert statements
are likely used to clarify existing knowledge (see Table ??).

Insight 4: Planning is essential to open-play perfor-
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Figure 6. Open-ended challenges highlight differences in objective setting and general capability. We illustrate the rates at which

various models produce items with multiple antecedent ingredients

in the open-play setting. Claude 3.5-Sonnet immediately begins

complex crafting and invests in research, ultimately unlocking electric-mining-drills at step 3k, the deployment of which
boosts production of iron-plate thereafter. Less advanced models, like GPT-40-Mini, produce insignificant quantities of multi-

ingredient items. Deepseek produced fewer complex resources in o
weaker objective-setting compared to general capability in-game.

Model Lab-play task success rate (%)
Claude 219
GPT-40 16.6
Deepseek-v3 15.1
Gemini-2 13.0
Llama-3.3-70B 5.2
GPT-40-Mini 4.2

Table 1. Stronger coding models achieve higher task success
rates in Lab-Play. We observe a correlation between coding and
reasoning abilities of base models and the task success rates, where
the stronger models have higher success rates in lab-play tasks.
Claude, GPT-40, Deepseek and Gemini-2 are able to only pass
simpler tasks requiring the construction of factories consisting up
to 3 sections while Llama-3.3-70B and GPT-40-Mini succeeded
in tasks requiring single-section factories. All models struggled
with the increasing scale and complexity requirements for tasks
resulting in low overall success rates.

pen-play than its lab-play performance would suggest, indicating

mance. In open-play, agents are given an open-ended goal
and need to create meaningful sub-objectives themselves to
make long-term progress. We observe that agents often set
short-sighted objectives, for instance manually crafting a
large quantity of singular entities without a long-term plan
(Gemini-2.0 manually crafted 300+ wooden chests over 100
steps), not significantly investing into research (except for
Claude) or creating small individual factories as opposed to
scaling up existing production. This creates a discrepancy
between lab-play and open-play results where in lab-play
Gemini-2 and Deepseek show capabilities in creating early-
game automation (see Figure 5) but rarely attempt creating
factories in open-play, resulting in poor complex entity craft-
ing statistics (See Figure 6) and lower production scores.

Insight 5: Agents which invest in technological progres-
sion achieve much higher PS. Investing into technology
progress in open-play is a trade-off, where agents incur a
short-term resource cost to unlock items enabling long-term
higher throughput. Although research is crucial for creating
higher efficiency factories, only Claude consistently invests
resources into researching new technologies in open-play.
The result can be seen from step 3k, where Claude starts
deploying electric-mining-drills and PS grows
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Model L P% A% F% | AF% C% En%
Claude-3.5 65 433 20 506 0 3 97
GPT-40 81 10.3 128 102 2 12 86
DeepSeek-v3 37 254 139 253 0 2 98
Gemini-2 133 16.2 00 16.6 1 46 53
Llama-3.3-70B 38 239 129 237 0 24 76
GPT-40-Mini 77 36.0 00 31.6 15 6 79

Table 2. Models exhibit contrasting coding styles: Analysis of
code submitted by different language models, showing average
lines per program (L), percentage of lines that were print state-
ments (P%), percentage of lines that were assertions (A%), and
percentage of programs that failed (F%). For programs that failed
by error type we track the proportion of assertion fails (AF%), code
errors (C%), and environment errors (En%). Claude-3.5 favours
a REPL approach with high print usage and failure rates, while
GPT-4 opts for defensive programming with assertive validation
and fewer resulting environmental errors. Gemini-2 produces the
longest programs (133 lines on average) but makes the most code
errors (e.g accessing non-existent variables).

by a factor of 1.5x (from 200k to 300k), in Figure 6.

Insight 6: Agents fall into degenerate debug loops. A
critical component for successful runs was an agents’ ability
to interact to previous error logs and carry out error cor-
rection. In lab-play, in successful task completions, 56%
of steps resulted in program execution errors (from which
agents recovered), and in open-play ranged from 29.7% to
76.4%. Claude, GPT-40 and Deepseek were capable of sim-
pler error correction when incorrectly using the API or when
crafting entities. Anecdotally, the agents were not proficient
at debugging complex environments. For instance, when
debugging non-working structures or factories where the
throughput was not at expected levels, agents often focused
on whether all singular entities were working but did not
investigate whether the topology of the whole structure was
correct. In lab-play, this limitation is illustrated by the fre-
quent decrease of task performance across steps in Figure 5
where the agents broke existing working structures due to
incorrectly identifying the root-cause of problems. Agents
often fell into a loop of greedily repeating the same fix rather
than exploring additional potential sources of the problem.
This can be seen in the flatline behaviour during open-play
in Figure 4 with no PS progression. For instance, in one
run GPT-40 used the same API method incorrectly for 78
contiguous steps (from Step 120), receiving identical error
message each time. On two occasions, GPT-40-Mini simply
gave up and repeatedly asked to be reset - see Appendix F.

These limitations show the difficulty of FLE and that state-
of-the-art LLMs—even with REPL-style feedback and ex-
tensive prompting—are still in the early stages of mastering
large-scale, open-ended factory design.

5. Related Work

Games have long served as fundamental benchmarks for
artificial intelligence research, providing standardized en-
vironments with clear metrics, rich observational data, and
natural difficulty gradients. (Campbell et al., 2002; Silver
et al., 2016; Berner et al., 2019).

Recent work has explored using LLMs as game-playing
agents. Environments like ALFWorld (Shridhar et al.,
2020) combine language understanding with embodied
tasks, while MineDojo (Fan et al., 2022) leverages Minecraft
as a sandbox for testing general-purpose agents through
3,000+ diverse tasks spanning survival, harvesting, and cre-
ative building. While these environments excel at eval-
uating breadth of capabilities, their fundamentally linear
progression systems limit their ability to differentiate highly
capable agents. Even with rich task suites, their resource re-
quirements remain relatively modest compared to Factorio’s
exponential scaling.

Many benchmarks exist for agentic coding such as (Jimenez
et al., 2023; Hendrycks et al.), which evaluate Python
against a stateful system. These benchmarks often involve
fitting specific test conditions, or task descriptions. In com-
parison, our win condition is open-ended, requiring multi-
step planning and resulting in thousands of submissions;
requiring much longer contexts than other benchmarks.

Management simulation games like OpenTTD (Ope) have
explored aspects of resource optimization, but lack precise
mechanics and exponential scaling that would enable quan-
titative measurement of small improvements in agent capa-
bilities. Text-based environments like Jericho (Hausknecht
et al., 2019) test language understanding through interactive
fiction, but lack the spatial reasoning and timing require-
ments inherent in factory design.

Factorio has seen prior research interest for closed-domain
settings (Reid et al., 2021), with a focus on integer program-
ming models, meta-heuristics and evolutionary reinforce-
ment learning to tackle logistics challenges. We build on this
foundation to offer a standardized text-based interface for
learning agents to solve open-ended challenges in long-term
planning, spatial reasoning and factory optimization.

6. Limitations, Future Work & Conclusion

In this work, we introduce the Factorio Learning Environ-
ment (FLE), a novel open-ended framework for evaluating
the capabilities of agents in an open-ended environment.

A major concern for any environment benchmark is reward
hacking (Clark & Amodei, 2016; Skalse et al., 2022). In our
setting this could involve two main attack surfaces: either
through Python API (as seen within Denison et al. (2024))
or within the Factorio game-engine itself. During our eval-
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uations, while we observed no direct examples of reward
hacking of either interface, we did observe that the agent
was able to occasionally trigger resetting the Factorio games-
tate; That said, we applied little optimisation pressure on
agents - we highlight this as a caution for those developing
agents on FLE.

Secondly, unlike the base game of Factorio, which uses
mouse and screen, our approach involves a Python inter-
face. Whilst the authors were, in equivalent game time,
able to outperform frontier agents, it is unclear if achieving
end-game goals (e.g. escape the world or build rockets) is
achievable to humans using only an API in a reasonable
time-frame. We did however prove that each step in the
chain to launch a rocket was achievable from the previous
step and that all tasks in lab-play can be completed.

Even without human baselines, we believe that FLE is a
useful benchmark, as the comparative scores between agents
still informs us of their relative ability at planning, spatial
reasoning and resource management.

Currently, some mid and late-game entities are not explicitly
modelled in FLE (specifically trains, logistics robots and
agent-programmable circuit networks). This is appropriate
given the state of evaluated models. As FLE is open-source,
we are committed to release a complete object model with
first-class support for all entities.

Although all our current experiments use single-agent inter-
action, Factorio inherently supports multi-player games in
both cooperative and competitive scenarios. For instance,
multiple agents could share a base, coordinating research
and logistics, or they could spawn in distant regions and
compete for finite resources (e.g., high-yield iron patches).

The unbounded nature of FLE provides a benchmark that
will remain relevant even as progress in LLMs continues to
advance. Unlike traditional benchmarks that are rapidly sat-
urated by progress in Al research, FLE’s exponentially scal-
ing reward system and requirement for capabilities across
multiple areas create a natural curricula that can meaning-
fully differentiate between increasingly performant models.
Through our evaluation, we demonstrate that even state-of-
the-art agents struggle with the coordination and optimiza-
tion challenges inherent in simple automation and logistical
tasks. The limitations we observed in spatial reasoning,
long-term planning, and intelligent error correction high-
light gaps in capabilities of foundation language models in
novel environments.

Impact Statement

The Factorio Learning Environment provides a novel, open-
source testbed for exploring advanced Al behavior in a
complex, open-ended setting. It enables rigorous empirical

study of the instrumental convergence hypothesis and other
Al safety concerns. Researchers can measure how agents
balance resource acquisition, territorial expansion, and de-
fense, offering early indicators of convergent behaviors and
potential risks. Moreover, Factorio’s diverse automation
challenges allow systematic comparisons of agent architec-
tures and interventions, fostering reproducible research at
scale. We hope this platform accelerates empirical safety
investigations and strengthens the connection between theo-
retical predictions and real-world Al behavior.
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A. Factorio’s Economic System
For each item 7 in the game, its value V (4) is computed as:

V(i) = min (( S Ve )a(|L]) + B, a)) 1)

reR; .
Jel,

Where:

R; is the set of recipes that can produce item ¢

I, is the set of ingredients for recipe r

¢j,r is the amount of ingredient j needed in recipe r

a(n) is the complexity multiplier: o(n) = 8" ~2 where 3 ~ 1.025 is the ingredient exponent
E(r,C,) is the energy cost function: E(r, C,) = In(e, + 1)+/C,. where:

e, is the energy required for recipe r

C, is the base cost of ingredients

The system is initialized with seed prices for raw resources:

e Iron ore: 3.1
» Copper ore: 3.6
e Coal: 3.0
e Stone: 2.4
e Uranium ore: 8.2
* Crude oil: 0.2
The complexity multiplier c(n) grows exponentially with the number of ingredients, incentivizing the creation of more

sophisticated items which require geometrically increasing raw resources to manufacture. The energy cost term E(r, C,.)
scales sub-linearly through the square root, preventing energy from dominating at high scales.

The final PS for a force (player or team) at time ¢ is:

PS(t)= Y V((B(t) - Ci(t) ©)

icltems

Where:

P;(t) is the total production of item ¢ up to time ¢
C;(t) is the total consumption of item ¢ up to time ¢
Items is the set of all possible items and fluids

Note: While the energy cost scaling in Factorio’s economic system is designed for gameplay progression rather than physical
realism, it effectively serves our purpose of rewarding increasingly sophisticated automation.
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B. Experimental Costs

Model Input Tokens  Output Tokens Total Tokens Cost (USD)
Claude-3.5-Sonnet 1,413,403,475 23,340,352 1,436,743,827 4,590.32
DeepSeek-Chat 762,901,100 10,399,299 773,300,399 927.96
Gemini-2.0-Flash 1,686,890,489 87,278,090 1,774,168,579 203.60
GPT-40 1,061,860,012 19,739,272  1,081,599,284 2,852.04
GPT-40-Mini 1,404,986,049 28,087,751 1,433,073,800 227.60
Llama-3.3-70B-Instruct-Turbo 447,307,196 4,945,831 452,253,027 55.16
Total 6,777,348,321 173,790,595 6,951,138,916 8,856.68

Table 3. Token Usage and Cost Comparison across Models in Open-play. The total cost was 8,856.68 USD.

Model Input Tokens  Output Tokens Total Tokens Cost (USD)
Claude-3.5-Sonnet 293,433,245 5,763,345 299,196,590 966.75
DeepSeek-Chat 199,291,079 4,117,889 203,408,968 244.09
Gemini-2.0-Flash 220,466,926 7,170,513 227,637,439 2491
GPT-40 231,389,195 3,921,987 235,311,182 617.69
GPT-40-Mini 145,113,122 3286602 148,399,912 23.74
Llama-3.3-70B-Instruct-Turbo 124,239,159 1,749,449 125,988,608 15.43
Total 1,213,932,726 26,009,785  1,239,942,699 1,892.61

Table 4. Token Usage and Cost Comparison across Models in Lab-play. The total cost was 1,892.61 USD.

C. Benchmark Results
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Operation Ops/Min  Ops/Sec  Duration Operation Ops/Min  Ops/Sec  Duration
place_entity_next_to 2,578 43 0.42 place_entity_next_to 4,857 81 0.22
place_entity 12,058 201 0.50 place_entity 22,333 372 0.27
move_to 8,650 144 0.69 move_to 16,006 267 0.37
harvest_resource 16,599 277 0.36 harvest_resource 32,727 545 0.18
craft_item 16,875 281 0.36 craft_item 36,224 604 0.17
connect_entities 1,665 28 3.21 connect_entities 2,926 49 1.83
rotate_entity 12,281 205 0.49 rotate_entity 23,467 391 0.26
insert_item 13,044 217 0.46 insert_item 25,154 419 0.24
extract_item 17,167 286 0.35 extract_item 32,997 550 0.18
inspect_inventory 17,036 284 0.35 inspect_inventory 28,402 473 0.21
get_resource_patch 7,004 117 0.86 get_resource_patch 8,736 146 0.69
Total 7,513 125 8.04 Total 13,095 218 4.61
Figure 7. Factorio Client + Factorio Server + FLE API Figure 8. Factorio Server + FLE API
Operation Ops/Min  Ops/Sec  Duration Operation Ops/Min  Ops/Sec  Duration
place_entity_next_to 5,070 84 1.18 P 1ace,enqty,next,t0 4,715 7 1.27
. place_entity 4,774 80 1.26
place_entity 5,239 87 1.15
move_to 4,006 67 1.50
move_to 4,980 83 1.20
harvest_resource 3,595 60 1.67
harvest_resource 3,247 54 1.85 .
. craft_item 4,985 83 1.20
craft_item 5,854 98 1.02 ..
.. connect_entities 1,497 25 4.01
connect_entities 2,150 36 2.79 .
. rotate_entity 4,915 82 1.22
rotate_entity 5,370 90 1.12 . .
. . insert_item 5,047 84 1.19
insert_item 5,066 84 1.18 .
. extract_item 4,743 79 1.26
extract_item 5,449 91 1.10 . .
- . inspect_inventory 4,838 81 1.24
inspect_inventory 5,639 94 1.06 h h 7593 3 231
get_resource_patch 2,479 41 242 get-resource-pate i .
Total 4.104 63 16.08 Total 3,639 61 18.14

Figure 10. Interpreter + Factorio Client + Factorio Server + FLE

Figure 9. Interpreter + Factorio Server + FLE API API

Figure 11. Performance Comparison of Different FLE Configurations

D. API Design

The environment’s design prioritizes clarity and robustness over mechanical execution speed, reflecting Factorio’s emphasis
on planning and design rather than rapid action sequences. This aligns well with language models’ strengths in systematic
reasoning and program synthesis while providing rich opportunities for learning increasingly sophisticated automation
strategies.

D.1. Action and Observation

We designed the environment’s action space as a typed Python programming interface aligned with LLMs’ capabilities for
symbolic reasoning and program synthesis. Rather than requiring agents to learn low-level motor controls or pixel-level
manipulation, our environment enables them to generate, reason about, and debug code while handling the complex
requirements of factory automation. Unlike traditional reinforcement learning environments where agents must map state
observations to discrete actions, our approach allows composition of rich programs that both gather information and modify
game state, mirroring how LLMs naturally process and generate code.

From a theoretical perspective, we draw on Naur’s view of programming as a continual process of “theory building” (Naur,
1985). In this view, the generated code represents an explicit, evolving model of how the agent believes the environment
behaves. Each new function, variable, or data structure encodes the agent’s current hypotheses about causal relationships
(e.g., how ore is processed, or how machines are connected) and constraints (e.g., resource limitations or layout restrictions).
When the agent executes its code and observes the resulting changes in the game state, it obtains evidence that either affirms
or contradicts these hypotheses. Code revisions then become part of a self-correcting feedback loop in which the agent
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refines its theory to better match reality. This iterative process of writing, executing, and revising code reflects the core idea
of treating programming as theory-building in a dynamic environment.

More formally, let us define the action space as a context-sensitive program synthesis task. Let X be the set of all valid
Python programs, where each program p € X is a sequence of statements (s1, Sz, ..., S, ). Each statement s is either a
method invocation or a variable declaration:

s:=m| (v:=m) where: 3)

e m = (f,args,ret) is a method invocation
e f € F'is a function identifier from our API method set F'

e args = (a1, as, ..., a) is a sequence of typed arguments where a; € T;

ret € T U {L} is the return type (possibly undefined)

¢ v is a variable identifier that enters the namespace context C'

The type system 7T is defined by the algebraic data types:

T := Prototype | Entity | Direction | Recipe | ...
Entity := AssemblingMachine | Inserter | Chest | ...
Position := (z : R,y : R)

Method execution transforms only the game state:

exec: M x G — (G' xT) 4)

While namespace context C' is modified only through variable declarations:

declare : V x T x C — C’ 5)

where M is the set of all valid method invocations, G is the set of all possible game states, V' is the set of valid variable
identifiers, T is the set of possible return types, and C'is the set of all possible namespace contexts.

The action space consists of 23 core API methods that form a domain-specific language for factory automation, roughly
categorised as follows:

Pure Queries (Q : G — T)

* get_entities: Find entities matching a prototype

* production_stats: Get factory output metrics

* nearest: Find the nearest named entity to the player

e inspect_inventory: Retrieve the inventory of an entity

State Modifications (M : G — G’ x T):

* place_entity: Create buildings and machines

* rotate_entity: Change entity orientation

e craft_item: Manually create an item from ingredients

e set_recipe: Configure production recipes

e connect_entities: Connect two entities or positions with belts, pipes or power

Resource Management (R : G — G’ x T):

18
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e insert_item: Add items to containers
e harvest_resource: Gather raw materials
* extract_item: Move an item from an entity into the inventory

The namespace context C' maintains references to entities, positions, and other values through variable declarations, enabling
agents to track and reuse factory components. This separation between method execution and namespace modification
supports compositional factory design while maintaining clear semantics about state changes.

recipe = ge&_prototype_recipe(Prototype.IronGearWheel)

Effects on game state G onl y (C G’ x I

success =

# amest C C ext S (@) 11 ea
assembler = place_entity_next_to(
entity=Prototype.AssemblingMachine2,
reference_position=inserter.position,
direction=Direction.RIGHT,

spacing=1

)

assert isinstance (assembler, AssemblingMachine)

assert get_entity(
Prototype.AssemblingMachine?2,
assembler.position

) is not None

Figure 12. Example code showing state transitions.

A distinctive feature of our action space is the ability for agents to make runtime assertions about their beliefs regarding the
game state. These assertions provide piece-meal feedback about the game state, allowing agents to debug discrepancies
between their intended actions and actual outcomes. When assertions fail, agents can gather additional information through
observation actions to update their beliefs and modify their approach. This creates a natural debugging loop that mirrors
human programming practices.

Not all actions are available in every game state. For instance, insert_item requires both a valid item prototype and a
target entity with sufficient inventory space. To help agents reason about action validity, tools like can_place_entity
provide explicit validation capabilities. Most tools return boolean success indicators or meaningful result values, allowing
agents to adapt their strategies based on action outcomes. Semantic errors (such as trying to insert a position into an
inventory) result in exception containing a specific failure message and stack trace being thrown.

We impose no artificial rate limiting on API calls, as the emphasis is on the logical correctness of the generated programs
rather than mechanical execution speed. This reflects the nature of Factorio as a game of planning and design. However, the
sleep method allows agents to implement deliberate timing when necessary for complex automation sequences, such as
waiting for ore to be smelted into plate for downstream steps.

An API-based action space supports natural composition of atomic actions into complex factory designs through its strongly-
typed interface. Information-gathering actions enable deliberate planning and strategic decision-making, while the action
space maps cleanly to natural language descriptions of factory building steps. The persistent namespace and type system
enable compositional reasoning about factory designs over a long horizon, with rich type information helping language
models understand entity relationships and constraints.

This cycle creates a natural debugging loop that mirrors human programming practices, allowing agents to iteratively develop
and test their automation strategies.

Partial Observability System Unlike many reinforcement learning environments that provide complete state observations,
FLE implements true partial observability through a snapshot-based system:

o State References: When an agent queries the environment (e.g., searching for nearby resources or machines), it
receives a snapshot of the current state rather than a live reference.
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Table 5. Available Basic Resource Types

Resource Category

Coal Basic Energy Resource
Iron Ore Primary Metal Resource
Copper Ore Primary Metal Resource
Stone Basic Building Resource
Water Fluid Resource

Crude Oil Advanced Fluid Resource
Uranium Ore Advanced Energy Resource
Wood Basic Building Resource

* Temporal Validity: These snapshots represent the environment at the moment of query and may become stale as the
game state evolves.

» Explicit Updates: Agents must explicitly re-query the environment to refresh their understanding of changed areas.

For example, consider this interaction:

drill = get;eniity(Prototype.BurnerMiningDrill, position=Position (x=10, y=10))
drill.status # Status at time of query

updated_drill = get;entity(Prototype.BuinerMiningDrill)

Each function operates within a rich type system that enables precise reasoning about game entities:

class Entity:
position: Position
direction: Direction

status: EntityStatus

# ... common proper

class AssemblingMachine (Entity) :
recipe: Optional [Recipe]
input_inventory: Inventory
output_inventory: Inventory

# ... assembler e

This type system helps prevent common errors while providing clear semantics for factory construction.
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Method Input Return Description
set_entity _recipe Entity, Prototype Entity Sets recipe for given entity
place_entity_next_to Prototype, Position, Direc-  Entity Places entity adjacent to reference posi-
tion, int tion with optional spacing
pickup_entity Entity/Prototype/EntityGroup, bool Picks up entity at given position
Position?
craft_item Prototype, int int Crafts items if ingredients are in inven-
tory
can_place_entity Prototype, Direction, Posi-  bool Tests if entity can be placed at position
tion
get_entity Prototype, Position Entity Retrieves entity object at specified posi-
tion
get_entities Set[Prototype], Position, List[Entity] Gets entities within radius of position
float
set_research Technology List[Ingredient] Sets current research technology
inspect_inventory Entity? Inventory Returns inventory of specified entity or
player
place_entity Prototype, Direction, Posi-  Entity Places entity at specified position if in
tion, bool inventory
get_research_progress Technology? List[Ingredient] Gets remaining ingredients for research
completion
move_to Position Position Moves to specified position
nearest_buildable Prototype, BuildingBox, BoundingBox Finds nearest area where entity can be
Position built
connect_entities Position/Entity/EntityGroup  List[Entity] Connects two entities or positions
(x2), Prototype
get_resource_patch Resource, Position, int ResourcePatch? Finds resource patch within radius
harvest_resource Position, int, int int Harvests resource at position
sleep int bool Pauses execution for specified seconds
insert_item Prototype, Entity/Entity- Entity Inserts items into target entity’s inventory
Group, int
get_connection_amount Position/Entity/EntityGroup  int Calculates number of entities needed for
(x2), Prototype connection
extract_item Prototype, Position/Entity, int Extracts items from entity’s inventory
nt
get_prototype_recipe Prototype/str Recipe Gets recipe requirements for prototype
rotate_entity Entity, Direction Entity Rotates entity to specified direction
nearest Prototype/Resource Position Finds nearest entity/resource to player

Table 6. API Methods Summary
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Technology

Description

Automation

Automation 2
Automation 3

Logistics

Logistics 2

Logistics 3

Electronics

Electric Energy

Electric Energy 2

Solar Energy

Electric Engineering
Battery Technology
Steel Processing
Advanced Material Processing
Advanced Material Processing 2
Military Science
Modular Armor

Power Armor

Power Armor 2

Night Vision

Energy Shield

Energy Shield 2

Oil Processing
Advanced Oil Processing
Sulfur Processing
Plastics

Lubricant

Logistics Science Pack
Military Science Pack
Chemical Science Pack
Production Science Pack
Fast Inserter

Stack Inserter

Stack Inserter Capacity 1
Stack Inserter Capacity 2
Storage Tanks

Barrel Filling

Landfill

Character Inventory Slots
Research Speed

Enables basic automatic assembly of items using Assembly Machine 1
Unlocks Assembly Machine 2 with increased crafting speed
Provides Assembly Machine 3 for fastest automatic crafting
Enables basic yellow belts and inserters for item transport

Unlocks red transport belts and fast inserters with doubled throughput
Provides blue express belts and stack inserters with maximum speed
Enables production of electronic circuits and advanced components
Improves power pole coverage and electricity distribution

Enables substations for wide-area power distribution

Unlocks solar panels for renewable power generation

Enables electric engine production for advanced machinery
Enables battery production for energy storage and modules

Allows creation of steel plates from iron

Unlocks steel furnaces with improved smelting speed

Enables electric furnaces for automated, fuel-free smelting
Unlocks basic military research and weapon improvements
Provides basic modular armor with equipment grid

Unlocks advanced armor with larger equipment grid

Provides elite armor with maximum equipment grid slots

Enables night vision equipment for darkness operations

Provides basic energy shield protection modules

Unlocks advanced shield modules with improved protection
Enables basic oil refining into petroleum products

Improves oil refining efficiency with heavy/light oil cracking
Enables sulfur production for ammunition and processing

Enables plastic production from petroleum gas

Enables lubricant production for advanced machines and modules
Unlocks green science pack production

Enables gray military science pack production

Unlocks blue science pack production

Enables purple science pack production

Unlocks faster inserters for improved item handling

Enables inserters capable of moving multiple items

Increases stack inserter capacity by 1

Further increases stack inserter capacity by 2

Enables fluid storage and advanced liquid handling

Allows fluids to be stored and transported in barrels

Enables terrain creation over water tiles

Increases player inventory storage capacity

Improves laboratory research speed

Table 7. Available Technologies in FLE. Note: This is the subset of technologies that we expose to the agent, so as not to overwhelm the
context. Support for the remaining technologies can added by un-commenting them in in the code-base.
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Table 8. Entity Status States

Status Description

WORKING Entity actively performing its function
NO_POWER Insufficient power supply
LOW_POWER Suboptimal power supply

NO_FUEL Depleted fuel supply

NO_RECIPE No manufacturing recipe selected
NO_INGREDIENTS Missing required input materials
FULL_.OUTPUT Output storage at capacity
ITEM_INGREDIENT_SHORTAGE Insufficient input materials
WAITING_FOR_SPACE Output blocked by full destination

Table 9. Position and Direction System

Component Implementation

Position 2D coordinate system with x,y floating-point values

Direction Enumerated values: NORTH (0), EAST (2), SOUTH (4), WEST (6)
BoundingBox Defines entity area with left_top and right_bottom positions
Dimensions Specifies width and height of entities

E. Model Access Datetimes

We last accessed the models used in this work at the following date-times:

* Claude Sonnet 3.5 - 2025-02-21 12:37:23.765905
e GPT4o - 2025-02-22 00:23:52.121478

* Llama-3.3-70B - 2025-02-21 15:48:26.132900

¢ GPT40-Mini - 2025-02-20 15:20:42.093809

* Gemini-2 - 2025-02-23 03:31:31.225761

* Deepseek-v3 - 2025-02-23 03:31:07.948026
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F. Example Open-Play GPT40-Mini Failure

On this occasion, GPT40-Mini made unsuccessful attempts to find resources, before giving up entirely.

print (get_resource_patch (Resource.Stone, Position (x=100, y=100))) # Se
en mentc.

>>> Error: O0: ('Error occurred in the following lines: Line 8: print (get_resource_patch (Resource.Stone,
Position (x=100, y=100)))

Exception: "Could not get stone at x=100.0 y=100.0. No resource of type stone at the specified location."’)

print ("No resources or entities found in the environment. Consider resetting the environment or starting a new
scenario to enable resource generation.")

>>> 0: (’No resources or entities found in the environment. Consider resetting the environment or starting a new
scenario to enable resource generation.’,)

ion and subsequently er

This was followed by 234 more appeals to reset before the run terminated.

G. Lab Play Detailed Description
G.1. Task quotas

The list of tasks and their target entities with their quotas are shown in table 10. To get the equivalent quota for fluids and
solids, we used the price comparison of oil and iron ore. The value of crude-oil is 0.2 and for iron ore is 3.1. Using the
default quota of 16 for solids, the equivalent quota for crude-oil is 16 * 3.1/0.2 = 248, which we have rounded up to 250.
G.2. Laboratory map

Figure 13 shows the laboratory map designed for constrained evaluation of agents

G.3. inventory
All start with an inventory as follows:

coal: 500, burner-mining-drill: 50, wooden-chest: 10, burner-inserter: 50,inserter: 50, transport-belt: 500, stone-furnace: 10,
boiler: 2, offshore-pump: 2, steam-engine: 2, electric-mining-drill: 50, small-electric-pole: 500, pipe: 500, assembling-
machine-2: 10, electric-furnace: 10, pipe-to-ground: 100, underground-belt: 100, pumpjack: 10, oil-refinery: 5, chemical-
plant: 5, storage-tank: 10,
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Target entity Quota
Iron ore 16
Iron plate 16
Iron gear wheel 16
Wall 16
Steel plate 16
Electronic circuit 16
Automation science pack 16
Inserter 16
Logistic science pack 16
Military science pack 16
Plastic Bar 16
Sulfur 16
Battery 16
Piercing rounds magazine 16
Engine unit 16
Advanced circuit 16
Processing unit 16
Low density structure 16
Chemical science pack 16
Production science pack 16
Utility science pack 16
Crude oil 250
Petroleum Gas 250
Sulfuric Acid 250
Table 10. lab-play target entities
G.4. Prompt

Below is the core system prompt used for the lab play tasks. This is without the guide and API schema which are brought
out and described in Appendix I

# Factorio LLM Agent Instructions

SR SR

## Overview

You are an AI agent designed to play Factorio, specializing in:
5 | — Long-horizon planning

6 - Spatial reasoning

- Systematic automation

IS

9 | ## Environment Structure

10 | — Operates like an interactive Python shell

Il | - Agent messages = Python programs to execute

12 | = User responses = STDOUT/STDERR from REPL

13 | - Interacts through 27 core API methods (to be specified)

15 | ## Response Format

16

17 | ### 1. PLANNING Stage

18 | Think through each step extensively in natural language, addressing:
19 1. Error Analysis

20 - Was there an error in the previous execution?

21 - If yes, what was the problem?

22 | 2. Next Step Planning

23 — What is the most useful next step of reasonable size?
24 — Why is this step valuable?

25 3. Action Planning

26 - What specific actions are needed?

27 - What resources are required?

29 | ### 2. POLICY Stage

30 | Write Python code to execute the planned actions:
1 python

32 | # Code must be enclosed in Python tags

3 | your_code_here

3
34 [

Vo

36 | ## Best Practices
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Figure 13. Overview of the laboratory map, where agents are tasked to carry out lab-play tasks

38 | ##4# Modularity

39 | - Create small, modular policies

40 | - Each policy should have a single clear purpose

41 | — Keep policies easy to debug and modify

42 | — Avoid breaking existing automated structures

43 | - Encapsulate working logic into functions if needed
44

45 | ### Debugging & Verification

46 - Use print statements to monitor important state

47 | - Implement assert statements for self-verification
48 | — Use specific, parameterized assertion messages

49 | - Example: ‘assert condition, f"Expected {expected}, got {actual}"®

50
51 | ### State Management

52 | - Consider entities needed for each step

53 | = Track entities across different inventories
54 | — Monitor missing requirements

55 | — Preserve working automated structures

56
57 | ### Error Handling

58 | = Fix errors as they occur

59 | — Don’t repeat previous steps

60 | — Continue from last successful execution

61 | — Avoid unnecessary state changes

62

63 | ### Code Structure

64 | — Write code as direct Python interpreter commands
65 | — Only encapsulate reusable utility code into functions
66 | — Use appropriate spacing and formatting

67

68 | ## Understanding Output

69

70 | ### Error Messages
71 | *“'stderr

72 | Error: 1l: ("Initial Inventory: {...}")

73 | 10: ("Error occurred in following lines...")
74 [

75 | — Numbers indicate line of execution

76 | — Previous lines executed successfully

77 | = Fix errors at indicated line

78
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79 | ### Status Updates
80 | ““‘stdout

81 | 23: (’'Resource collection completed...’)
82 | 78: ('Entities on map: [...]")

83 AR

84 | - Shows execution progress

85 | — Provides entity status

86 | — Lists warnings and conditions

87

88 | ### Entity Status Checking

89 | — Monitor entity ‘warnings‘ field
90 | — Check entity ‘status‘' field

91 | — Verify resource levels

92 | — Track production states

94 | ## Game Progression

95 | = Think about long term objectives, and break them down into smaller, manageable steps.
96 | — Advance toward more complex automation

97 | — Build on previous successes

98 | — Maintain efficient resource usage

99
100  ## Utility Functions
101 ' - Create functions to encapsulate proven, reusable logic

102 | - Place function definitions before their first use

103 | - Document function purpose, parameters, and return values
104 | - Test functions thoroughly before relying on them

105 | - Example:

106 | *Y'python
107 | def find_idle_furnaces (entities):

108 \"\"\"Find all furnaces that are not currently working.
109

110 Args:

111 entities (list): List of entities from get_entities()
112

113 Returns:

114 list: Furnaces with ’‘no_ingredients’ status

115 AT

116 return [e for e in entities if (

117 e.name == ’stone-furnace’ and

118 e.status == EntityStatus.NO_INGREDIENTS

119 )]

120 AR

121

122 | ## Data Structures

123 | - Use Python’s built-in data structures to organize entities

124 | - Sets for unique entity collections:

125 | *Y‘python

126 | working_furnaces = {e for e in get_entities|()

127 if e.status == EntityStatus.WORKING}

128 A

129 | — Dictionaries for entity mapping:

130 | *Y‘python

131 | furnace_by_position = {

132 (e.position.x, e.position.y): e

133 for e in get_entities()

134 if isinstance (e, Furnace)

135 | }

136 |

137 | = Lists for ordered operations:

138 | Y 'python

139 | sorted_furnaces = sorted(

140 get_entities(),

141 key=lambda e: (e.position.x, e.position.y)

142 | )

143 A

144

145  ## Important Notes

146 | - Always inspect game state before making changes

147 | - Consider long-term implications of actions

148 | = Maintain working systems

149 ' — Build incrementally and verify each step

150 ' — DON’T REPEAT YOUR PREVIOUS STEPS - just continue from where you left off. Take into account what was the last
action that was executed and continue from there. If there was a error previously, do not repeat your last
lines - as this will alter the game state unnecessarily.

151 | Do not encapsulate your code in a function - just write it as if you were typing directly into the Python
interpreter.
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Figure 14.

H. Rocket Silo Resource Requirements

Figure 14 shows the complexity and dependencies requires to achieve one of the end-game items, a Rocket Silo

I. Agent scaffolding details
I.1. Guide

The guide is organized as separate markdown files, each explaining how to use a specific tool. Each file contains a detailed
description of the tool and its use cases, along with essential Factorio knowledge needed to successfully use the API. You
can find these files in the open-source repository within their respective tool folders. For example, the guide for connecting
entities is located at env/src/tools/agent/connect_entities/agent.md.

L.2. API Schema prompt

Below is the API schema given to the agent

! ‘Y 'types

class RecipeName (enum.Enum) :
wnn
Recipe names that can be used in the game for fluids
win
NuclearFuelReprocessing = "nuclear-fuel-reprocessing"
UraniumProcessing = "uranium-processing"
SulfuricAcid = "sulfuric-acid" # Recipe for producing sulfuric acid with a chemical plant
BasicOilProcessing = "basic-oil-processing" # Recipe for producing petroleum gas with a oil refinery
AdvancedOilProcessing = "advanced-oil-processing”" # Recipe for producing petroleum gas, heavy oil and light oil
with a oil refinery
CoallLiquefaction = "coal-liquefaction" # Recipe for producing petroleum gas in a oil refinery
HeavyOilCracking = "heavy-oil-cracking" # Recipe for producing light o0il in a chemical plant
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LightOilCracking = "light-oil-cracking" # Recipe for producing petroleum gas in a chemical plant
SolidFuelFromHeavyOil = "solid-fuel-from-heavy-o0il" # Recipe for producing solid fuel in a chemical plant
SolidFuelFromLightOil = "solid-fuel-from-light-oil" # Recipe for producing solid fuel in a chemical plant
SolidFuelFromPetroleumGas = "solid-fuel-from-petroleum-gas" # Recipe for producing solid fuel in a chemical
plant
FillCrudeOilBarrel = "fill-crude-oil-barrel"
FillHeavyOilBarrel = "fill-heavy-oil-barrel"
FillLightOilBarrel = "fill-light-oil-barrel"
FillLubricantBarrel = "fill-lubricant-barrel"
FillPetroleumGasBarrel = "fill-petroleum-gas-barrel"
FillSulfuricAcidBarrel = "fill-sulfuric-acid-barrel"
FillWaterBarrel = "fill-water-barrel"
EmptyCrudeOilBarrel = "empty-crude-oil-barrel"
EmptyHeavyOilBarrel = "empty-heavy-oil-barrel"
EmptyLightOilBarrel = "empty-light-oil-barrel"
EmptyLubricantBarrel = "empty-lubricant-barrel"
EmptyPetroleumGasBarrel = "empty-petroleum-gas-barrel"
EmptySulfuricAcidBarrel = "empty-sulfuric-acid-barrel"
EmptyWaterBarrel = "empty-water-barrel"

class Prototype (enum.Enum, metaclass=PrototypeMetaclass):
AssemblingMachinel = "assembling-machine-1", AssemblingMachine
AssemblingMachine2 = "assembling-machine-2", AdvancedAssemblingMachine
AssemblingMachine3 = "assembling-machine-3", AdvancedAssemblingMachine
Centrifuge = "centrifuge", AssemblingMachine
BurnerInserter = "burner-inserter", BurnerInserter
FastInserter = "fast-inserter", Inserter
ExpressInserter = "express-—-inserter", Inserter
LongHandedInserter = "long-handed-inserter", Inserter
StackInserter = "stack-inserter", Inserter
StackFilterInserter = "stack-filter-inserter", FilterInserter
FilterInserter = "filter—-inserter", FilterInserter
Inserter = "inserter", Inserter
BurnerMiningDrill = "burner-mining-drill", BurnerMiningDrill
ElectricMiningDrill = "electric-mining-drill", ElectricMiningDrill
StoneFurnace = "stone-furnace", Furnace
SteelFurnace = "steel-furnace", Furnace
ElectricFurnace = "electric-furnace", ElectricFurnace
Splitter = "splitter", Splitter
FastSplitter = "fast-splitter", Splitter
ExpressSplitter = "express-splitter", Splitter
Rail = "rail", Rail
TransportBelt = "transport-belt", TransportBelt
FastTransportBelt = "fast-transport-belt", TransportBelt
ExpressTransportBelt = "express-transport-belt", TransportBelt
ExpressUndergroundBelt = "express-underground-belt", UndergroundBelt
FastUndergroundBelt = "fast-underground-belt", UndergroundBelt
UndergroundBelt = "underground-belt", UndergroundBelt
OffshorePump = "offshore-pump", OffshorePump
PumpJack = "pumpjack", PumpJack
Pump = "pump", Pump
Boiler = "boiler", Boiler
OilRefinery = "oil-refinery", OilRefinery
ChemicalPlant = "chemical-plant", ChemicalPlant
SteamEngine = "steam-engine", Generator
SolarPanel = "solar-panel", SolarPanel
UndergroundPipe = "pipe-to-ground", Pipe
HeatPipe = \’heat-pipe\’, Pipe
Pipe = "pipe", Pipe
SteelChest = "steel-chest", Chest
IronChest = "iron-chest", Chest
WoodenChest = "wooden-chest", Chest
IronGearWheel = "iron-gear-wheel", Entity
StorageTank = "storage-tank", StorageTank
SmallElectricPole = "small-electric-pole", ElectricityPole
MediumElectricPole = "medium-electric-pole", ElectricityPole
BigElectricPole = "big-electric-pole", ElectricityPole
Coal = "coal", None
Wood = "wood", None
Sulfur = "sulfur", None
IronOre = "iron-ore", None
CopperOre = "copper-ore", None
Stone = "stone", None
Concrete = "concrete", None
UraniumOre = "uranium-ore", None
IronPlate = "iron-plate", None # Crafting requires smelting 1 iron ore
IronStick = "iron-stick", None
SteelPlate = "steel-plate", None # Crafting requires smelting 5 iron plates
CopperPlate = "copper-plate", None # Crafting requires smelting 1 copper ore
StoneBrick = "stone-brick", None # Crafting requires smelting 2 stone
CopperCable = "copper-cable", None
PlasticBar = "plastic-bar", None
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93 EmptyBarrel = "empty-barrel", None

94 Battery = "battery", None

95 SulfuricAcid = "sulfuric-acid", None

96 Uranium235 = "uranium-235", None

97 Uranium238 = "uranium-238", None

98 Lubricant = "lubricant", None

99 PetroleumGas = "petroleum-gas", None

100 AdvancedOilProcessing = "advanced-oil-processing", None # These are recipes, not prototypes.
101 Coalliquifaction = "coal-liquifaction", None # These are recipes, not prototypes.
102 SolidFuel = "solid-fuel", None # These are recipes, not prototypes.
103 LightOil = "light-oil", None

104 HeavyOil = "heavy-0il", None

105 ElectronicCircuit = "electronic-circuit", None

106 AdvancedCircuit = "advanced-circuit", None

107 ProcessingUnit = "processing-unit", None

108 EngineUnit = "engine-unit", None

109 ElectricEngineUnit = "electric-engine-unit", None

110 Lab = "lab", Lab

111 Accumulator = "accumulator", Accumulator

112 GunTurret = "gun-turret", GunTurret

113 PiercingRoundsMagazine = "piercing-rounds-magazine", Ammo
114 FirearmMagazine = "firearm-magazine", Ammo

115 Grenade = "grenade", None

116 Radar = "radar", Entity

117 StoneWall = "stone-wall", Entity

118 Gate = "gate", Entity

119 SmalllLamp = "small-lamp", Entity

120 NuclearReactor = "nuclear-reactor", Reactor

121 UraniumFuelCell = "uranium-fuel-cell", None

122 HeatExchanger = \’heat-exchanger\’, HeatExchanger

123 AutomationSciencePack = "automation-science-pack", None
124 MilitarySciencePack = "military-science-pack", None

125 LogisticsSciencePack = "logistic-science-pack", None

126 ProductionSciencePack = "production-science-pack", None
127 UtilitySciencePack = "utility-science-pack", None

128 ChemicalSciencePack = "chemical-science-pack", None

129

130 ProductivityModule = "productivity-module", None

131 ProductivityModule2 = "productivity-module-2", None

132 ProductivityModule3 = "productivity-module-3", None

133 FlyingRobotFrame = "flying-robot-frame", None

134 RocketSilo = "rocket-silo", RocketSilo

135 Rocket = "rocket", Rocket

136 Satellite = "satellite", None

137 RocketPart = "rocket-part", None

138 RocketControlUnit = "rocket-control-unit", None

139 LowDensityStructure = "low-density-structure", None

140 RocketFuel = "rocket-fuel", None

141 SpaceSciencePack = "space-science-pack", None

142 BeltGroup = "belt-group", BeltGroup

143 PipeGroup = "pipe-group", PipeGroup

144 ElectricityGroup = "electricity-group", ElectricityGroup
145 def _ _init__ (self, prototype_name, entity_class_name):
146 self.prototype_name = prototype_name

147 self.entity_class = entity_class_name

148 @property

149 def WIDTH (self):

150 return self.entity_class._width # Access the class attribute directly
151

152 @property

153 def HEIGHT (self):

154 return self.entity_class._height

155 | prototype_by_name = {prototype.value[0]: prototype for prototype in Prototype}

156 | prototype_by_title = {str(prototype): prototype for prototype in Prototype}
157 | class Technology (enum.Enum) :

158 Automation = "automation" # Unlocks assembling machine 1

159 Automation2 = "automation-2" # Unlocks assembling machine 2
160 Automation3 = "automation-3" # Unlocks assembling machine 3
161 Logistics = "logistics" # Unlocks basic belts and inserters
162 Logistics2 = "logistics-2" # Unlocks fast belts and inserters
163 Logistics3 = "logistics-3" # Unlocks express belts and inserters
164 AdvancedElectronics = "advanced-electronics"

165 AdvancedElectronics2 = "advanced-electronics-2"

166 Electronics = "electronics"

167 ElectricEnergy = "electric-energy-distribution-1"

168 ElectricEnergy2 = "electric-energy-distribution-2"

169 SolarEnergy = "solar-energy"

170 ElectricEngineering = "electric-engine"

171 BatteryTechnology = "battery"

172 NuclearPower = "nuclear-power"

173 SteelProcessing = "steel-processing"
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174 AdvancedMaterialProcessing = "advanced-material-processing"
175 AdvancedMaterialProcessing2 = "advanced-material-processing-2"
176 MilitaryScience = "military"

177 ModularArmor = "modular—armor"

178 PowerArmor = "power-armor"

179 PowerArmor2 = "power—armor-mk2"

180 NightVision = "night-vision-equipment"

181 EnergyShield = "energy-shields"

182 EnergyShield2 = "energy-shields-mk2-equipment"

183 RailwayTransportation = "railway"

184 OilProcessing = "oil-processing”

185 AdvancedOilProcessing = "advanced-oil-processing"

186 SulfurProcessing = "sulfur-processing”

187 Plastics = "plastics"

188 Lubricant = "lubricant"

189 ProductivityModule = "productivity-module"

190 ProductivityModule2 = "productivity-module-2"

191 ProductivityModule3 = "productivity-module-3"

192 Robotics = "robotics"

193 LogisticsSciencePack = "logistic-science-pack"

194 MilitarySciencePack = "military-science-pack"

195 ChemicalSciencePack = "chemical-science-pack"

196 ProductionSciencePack = "production-science-pack"

197 FastInserter = "fast-inserter"

198 StackInserter = "stack-inserter"

199 StackInserterCapacityl = "stack-inserter-capacity-bonus-1"
200 StackInserterCapacity2 = "stack-inserter-capacity-bonus-2"
201 StorageTanks = "fluid-handling"

202 BarrelFilling = "barrel-filling"

203 Grenades = "grenades"

204 Landfill = "landfill"

205 CharacterInventorySlots = "character-inventory-slots"

206 ResearchSpeed = "research-speed"

207 SpaceScience = "space-science-pack"

208 RocketFuel = "rocket-fuel"

209 RocketControl = "rocket-control-unit"

210 LowDensityStructure = "low-density-structure"

211 RocketSiloTechnology = "rocket-silo"

212 | technology_by_name = {tech.value: tech for tech in Technology}
213 | class Resource:

214 Coal = "coal", ResourcePatch

215 IronOre = "iron-ore", ResourcePatch

216 CopperOre = "copper-ore", ResourcePatch

217 Stone = "stone", ResourcePatch

218 Water = "water", ResourcePatch

219 CrudeOil = "crude-o0il", ResourcePatch

220 UraniumOre = "uranium-ore", ResourcePatch

221 Wood = "wood", ResourcePatch

222 | class EntityStatus (Enum) :

223 WORKING = \’working\’

224 NORMAL = \’normal\’

225 NO_POWER = \’no_power\’

226 LOW_POWER = \’low_power\’

227 NO_FUEL = \’no_fuell\’

228 EMPTY = \’empty\’

229 NOT_PLUGGED_IN_ELECTRIC_NETWORK = \’not_plugged_in_electric_network\’
230 CHARGING = \’charging\’

231 DISCHARGING = \’discharging\’

232 FULLY_CHARGED = \’fully_charged\’

233 NO_RECIPE = \'no_recipe\’

234 NO_INGREDIENTS = \’no_ingredients\’

235 NOT_CONNECTED = \’not_connected\’

236 NO_INPUT_FLUID = \’no_input_fluid\’

237 NO_RESEARCH_IN_PROGRESS = \’no_research_in_progress\’

238 NO_MINABLE_RESOURCES = \’no_minable_resources\’

239 LOW_INPUT_FLUID = \’low_input_fluid\’

240 FLUID_INGREDIENT_SHORTAGE = \’fluid_ingredient_shortage\’
241 FULL_OUTPUT = \’full_output\’

242 FULL_BURNT_RESULT_OUTPUT = \’full_burnt_result_output\’
243 ITEM_INGREDIENT_SHORTAGE = \’item_ingredient_shortage\’
244 MISSING_REQUIRED_FLUID = \’missing_required_fluid\’

245 MISSING_SCIENCE_PACKS = \’'missing_science_packs\’

246 WAITING_FOR_SOURCE_ITEMS = \'waiting_for_source_items\’
247 WAITING_FOR_SPACE_IN_DESTINATION = \'waiting_for_space_in_destination\’
248 PREPARING_ROCKET_FOR_LAUNCH = \’preparing_rocket_for_launch\’
249 WAITING_TO_LAUNCH_ROCKET = \’'waiting_to_launch_rocket\’
250 LAUNCHING_ROCKET = \’launching_rocket\’

251 NO_AMMO = \’no_ammo\’

252 LOW_TEMPERATURE = \’low_temperature\’

253 NOT_CONNECTED_TO_RAIL = \’not_connected_to_raill’

254 def __ _repr__ (self):
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def from_string(cls, status_string):
def from_int (cls, status_int):
class Inventory (BaseModel) :
class Config:
populate_by_name = True
arbitrary_types_allowed = True
def __init__ (self):
def __getitem__ (self, key: \’'Prototype\’, default) -> int:
def get (self, key: \’Prototype\’, default) -> int:
def __setitem__ (self, key: \’Prototype\’, value: int) -> None:
def items (self):
def __repr__ (self) -> str:
def _ _str_ (self) -> str:
def _ _len_ (self) —-> int:
def keys(self):
def values (self):
class Direction (Enum) :

UP =0
NORTH = 0
RIGHT = 2
EAST = 2
DOWN = 4
SOUTH = 4
LEFT = 6
WEST = 6

def __repr__ (self):
def from_string(cls, direction_string):
class Position (BaseModel) :
x: float
y: float
def _parse_positional_args(cls, v):
def __init__ (self):
def parse_args(cls, values):
def __hash__ (self):
def __add__(self, other) -> \’Position\’:
def _ sub__ (self, other) -> \’Position\’:
def is_close(self, a: \’'Position\’, tolerance: float) -> bool:
def distance(self, a: \’Position\’) —-> float:
def _modifier(self, args):
def above (self) -> \’Position\’:
def up(self) -> \’Position\’:
def below(self) -> \’Position\’:
def down (self) -> \’Position\’:
def left (self) -> \’Position\’:
def right (self) -> \’Position\’:
def to_bounding_box(self, other: \’Position\’) -> \’BoundingBox\’:
def __eq_ (self, other) -> bool:
class IndexedPosition (Position):
type: str
def _ _new__ (cls):
def __init_ (self):
def __hash__ (self):
class EntityInfo (BaseModel) :
name: Sstr
direction: int
position: Position
start_position: Optional[Position]
end_position: Optional[Position]
quantity: Optional[int]
warning: Optional[str]
contents: Dict[str, int]
status: EntityStatus
class InspectionResults (BaseModel) :
entities: List[EntityInfo]
player_position: Tuple[float, float]
radius: float
time_elapsed: float
def get_entity(self, prototype: \’Prototype\’) -> Optional[EntityInfo]:
def get_entities(self, prototype: \’Prototype\’) -> List[EntityInfo]:
class BoundingBox (BaseModel) :
left_top: Position
right_bottom: Position
left_bottom: Position
right_top: Position
def center (self) —-> Position:
def width(self) -> float:
def height (self) -> float:
class BuildingBox (BaseModel) :
height: int
width: int
class ResourcePatch (BaseModel) :
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name: str
size: int
bounding_box: BoundingBox
class Dimensions (BaseModel) :
width: float
height: float
class TileDimensions (BaseModel) :
tile_width: float
tile_height: float
class Ingredient (BaseModel) :
name: Sstr
count: Optionall[int]

type: Optional[Literal[\’fluid\’,

class Product (Ingredient) :
probability: Optional[float]
class Recipe (BaseModel) :
name: Optional([str]

ingredients: Optional[List[Ingredient]]
products: Optional[List [Product]]

energy: Optional[float]
category: Optional([str]
enabled: bool

class BurnerType (BaseModel) :

nun

Type of entity that burns fuel

nun

class Config:

arbitrary_types_allowed = True

fuel: Inventory
class EntityCore (BaseModel) :
name: str
direction: Direction
position: Position
def __repr__ (self):
class Entity (EntityCore):

nun

Base class for all entities in the game.

nnn
id: Optional[int]
energy: float
type: Optional([str]
dimensions: Dimensions
tile_dimensions: TileDimensions
prototype: Any
health: float
warnings: List[str]
status: EntityStatus
def __repr__ (self) -> str:
def _get_prototype (self):
def width(cls):
def height (cls):
class StaticEntity (Entity):

nun

A static (non-moving) entity in the game.

nun

neighbours: Optional [Union[Dict,
class Rail (Entity):

nun

Railway track for trains.
_height: float
_width: float

class Splitter (Entity):

nun

\’item\’]]

List [EntityCore]l]]

A belt splitter that divides item flow between outputs.

nnn
input_positions: List[Position]
output_positions: List[Position]
inventory: List[Inventory]
_height: float
_width: float

class TransportBelt (Entity) :

nun

A conveyor belt for moving items.
nnn
input_position: Position
output_position: Position
inventory: Inventory
is_terminus: bool
is_source: bool
_height: float
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417 _width: float

418 def __repr__ (self):

419 def _ _hash__ (self):

420 def __eq__ (self, other):
421  class Electric(BaseModel) :
40 mmm

423  Base class for entities that interact with the power grid.
44 mwm

425 electrical_id: Optional[int]

426 | class ElectricalProducer (Electric, Entity):
47 mmm

428 | An entity that generates electrical power.
429 |

430 production: Optional [Any]

431 energy_source: Optional [Any]

432 electric_output_flow_limit: Optional([float]
433 | class EnergySource (BaseModel) :

434 buffer_ capacity: str

435 input_flow_limit: str

436 output_flow_limit: str

437 drain: str

438 | class Accumulator (StaticEntity, Electric):
439 | mmw

440 Represents an energy storage device
a4p  mmm

442 energy_source: Optional [EnergySource]
443 _height: float

444 _width: float

445 | class Inserter (StaticEntity, Electric):
a46  mmm

447 | Represents an inserter that moves items between entities.
448 Requires electricity to power

449 | mmm

450 pickup_position: Optional[Position]
451 drop_position: Position

452 _width: float

453 _height: float

454 | class Filtered (BaseModel) :

455 filter: Optional [Any]

456 ' class UndergroundBelt (TransportBelt) :

457 | v

458 ' An underground section of transport belt.
_15() nwn

460 is_input: bool

461 connected_to: Optionall[int]

462 _height: float

463 _width: float

464 | class MiningDrill (StaticEntity) :
465  mmm

466 H Base class for mining drills that extract resources.

467 The direction of the drill is where the drop_position is oriented towards
468 mmm

469 drop_position: Position

470 resources: List[Ingredient]

471 | class ElectricMiningDrill (MiningDrill, Electric):
470 mmm

473  An electrically-powered mining drill.

474 mmm

475 _height: float

476 _width: float

477 | class BurnerInserter (Inserter, BurnerType):

478 mwm

479 | An inserter powered by burnable fuel.

480 mmm

481 _height: float

482 _width: float

483 | class BurnerMiningDrill (MiningDrill, BurnerType):
484 mmm

485 ' A mining drill powered by burnable fuel.
486 mwm

487 _width = 2

488 _height = 2

489 | class Ammo (BaseModel) :

490 name: str

491 magazine_size: Optional[int]
492 reload_time: Optional[float]
493  class GunTurret (StaticEntity) :
494 turret_ammo: Inventory

495 _height: float

496 _width: float

497 kills: Optional[int]
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class AssemblingMachine (StaticEntity, Electric):

nin

A machine that crafts items from ingredients.
Requires power to operate

nnn
recipe: Optional [Recipe]
assembling_machine_input: Inventory
assembling_machine_output: Inventory
assembling_machine_modules: Inventory
_height: float
_width: float

class FluidHandler (StaticEntity):

Base class for entities that handle fluids
nn
connection_points: List[Position]
fluid_box: Optional[Union[dict, list]]
fluid_systems: Optional[Union[dict, list]]
class AdvancedAssemblingMachine (FluidHandler, AssemblingMachine) :
wnn
A second and third tier assembling machine that can handle fluids.
Requires power to operate
A recipe first needs to be set and then the input fluid source can be connected with pipes
nwn
_height: float
_width: float
class MultiFluidHandler (StaticEntity) :

Base class for entities that handle multiple fluid types.
nn
input_fluids: List[str]
output_fluids: List[str]
input_connection_points: List[IndexedPosition]
output_connection_points: List[IndexedPosition]
fluid_box: Optional[Union[dict, list]]
fluid_systems: Optional[Union[dict, list]]
class FilterInserter (Inserter, Filtered):

nun

A inserter that only moves specific items
win
_height: float
_width: float
class ChemicalPlant (MultiFluidHandler, AssemblingMachine) :
nnn
Represents a chemical plant that processes fluid recipes.
Requires powering and accepts input fluids (from storage tanks etc) and solids (with inserters)
Outputs either:
solids (battery, plastic) that need to be extracted with inserters
fluids (sulfuric acid, oil) that need to be extracted with pipes
IMPORTANT: First a recipe needs to be set and then the fluid sources can be connected to the plant
nnn
_height: float
_width: float
class OilRefinery (MultiFluidHandler, AssemblingMachine) :
nin
An oil refinery for processing crude oil into products.
Requires powering and accepts input fluids (from pumpjacks, storage tanks etc) and solids
First a recipe needs to be set and then the fluid sources can be connected to the refinery
wnn
_height: float
_width: float
class PumpJack (MiningDrill, FluidHandler, Electric):
nn
A pump jack for extracting crude oil. Requires electricity
This needs to be placed on crude oil and oil needs to be extracted with pipes
0il can be sent to a storage tank, oil refinery or a chemical plant
0il can also be sent to assmbling machine to be made into oil barrels
Important: The PumpJack needs to be placed on exact crude oil tiles

_height: float
_width: float
class SolarPanel (ElectricalProducer) :
nnn
A solar panel for generating power from sunlight.
This entity generated power during the day
Thus it can be directly connected to a entity to power it
nin
_height: float
_width: float
class Boiler (FluidHandler, BurnerType) :
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579 | muw
580 | A boiler that heats water into steam.

591 muww

582 steam_output_point: Optional[Position]
583 _height: float

584 _width: float

585 | class HeatExchanger (Boiler):

586 | mwm

587 | A nuclear heat exchanger that converts water to steam.
58  mwn

589 | class Generator (FluidHandler, StaticEntity):

500  mww

591 | A steam generator that produces electricity.

5&)2 nnun
593 _height: float
594 _width: float

595 | class Pump (FluidHandler, Electric):
506  mwn
597 An electrically-powered fluid pump.
508 mww

599 _height: float

600 _width: float

601  class OffshorePump (FluidHandler) :

602  munm

603 A pump that extracts water from water tiles.

604 Can be used in power generation setups and to supply water to chemical plants and oil refineries.
605  mww

606 _height: float

607 _width: float

608 | class ElectricityPole(Entity, Electric):

600  mwm

610 | A power pole for electricity distribution.
611 mn

612 flow_rate: float

613 _height: float

614 _width: float

615 def _ _hash__ (self):

616 | class Furnace (Entity, BurnerType) :

617 muwnm

618 | A furnace for smelting items
610  muw

620 furnace_source: Inventory
621 furnace_result: Inventory
622 _height: float

623 _width: float

624 | class ElectricFurnace (Entity, Electric):
(725 nown

626 ' An electrically-powered furnace.
627  mwnm

628 furnace_source: Inventory
629 furnace_result: Inventory
630 _height: float

631 _width: float

632 | class Chest (Entity):
633  mww

634 | A storage chest.

635 munm

636 inventory: Inventory
637 _height: float
638 _width: float

639 | class StorageTank (FluidHandler) :
640  mum
641 | A tank for storing fluids.

642 Can be used for inputs and outputs of chemical plants and refineries.
643 Also can store water from offshore pumps.

644 munm

645 _height: float

646 _width: float

647 | class RocketSilo(StaticEntity, Electric):

64g | muwm

649 | A rocket silo that can build and launch rockets.
650  mwn

651 rocket_parts: int

652 rocket_inventory: Inventory
653 rocket_progress: float

654 launch_count: int

655 _width: float

656 _height: float

657 def __repr_ (self) -> str:

658 | class Rocket (Entity) :

659  mww
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A rocket that can be launched from a silo.
nin
payload: Optional[Inventory]
launch_progress: float
def _ _repr__ (self) -> str:
class Lab(Entity, Electric):

nun

A research laboratory.

wnn
lab_input: Inventory
lab_modules: Inventory
research: Optional [Any]
_height: float
_width: float
def __repr__ (self)

class Pipe (Entity):

-> str:

A pipe for fluid transport
non
fluidbox_id: int
flow_rate: float
contents: float
fluid: Optional[str]
_height: float
_width: float
class Reactor(StaticEntity):

A nuclear reactor

wnn
_height: float
_width: float

class EntityGroup (BaseModel) :
id: int
status: EntityStatus
position: Position
name: str

class WallGroup (EntityGroup) :

nun

A wall
win
name: str
entities: List[Entity]

class BeltGroup (EntityGroup) :

nun

A connected group of transport belts.

belts: List[TransportBelt]
inputs: List[Entity]
outputs: List[Entity]
inventory: Inventory
name: str
def __repr__ (self
def __str__ (self):

class PipeGroup (EntityGroup) :

nun

=> BEZ8

A connected group of pipes.
wun
pipes: List[Pipe]
name: str
def _ _repr_ (self)
def _ str_ (self):
class ElectricityGroup (EntityGroup) :

nun

-> str:

Represents a connected power network.
name: str
poles: List[ElectricityPole]
def _ repr_ (self) -> str:
def __hash__ (self):
def _ _str_ (self):

‘Y ‘methods

can_place_entity(entity: Prototype,
y=0.0)) -> bool

direction: Direction = <Direction.UP: 0>, position:

Tests to see if an entity can be placed at a given position
:param entity: Entity to place from inventory

:param direction: Cardinal direction to place entity

:param position: Position to place entity

:return: True if entity can be placed at position,

nun

else False
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craft_item(entity: Prototype, quantity: int = 1)

-> int

Craft an item from a Prototype if the ingredients exist in your inventory.
:param entity: Entity to craft
:param quantity: Quantity to craft

treturn:
nnn

Number of items crafted

extract_item(entity: Prototype, source: Union[Pos

nun

ition, Entity],

Extract an item from an entity\’s inventory at position (

:param entity: Entity prototype to extract,

:param source: Entity or position to extract from
:param quantity: Quantity to extract

:example extract_item(Prototype.IronPlate,
:example extract_item(Prototype.CopperWire,

:return The number of items extracted.

nun

get_connection_amount (source: Union[Position, Ent
connection_type: Prototype = <Prototype.Pipe

Calculate the number of connecting entities needed to connect two entities,

:param source: First entity or position

:param target: Second entity or position
:param connection_type: a Pipe, TransportBelt or ElectricPole
:return: A integer representing how many entities are required to connect the source and target entities

nun

get_entities (entities: Union[Set [Prototype], Prot
-> List[Entity]

nun

Get entities within a radius of a given position.
:param entities: Set of entity prototypes to filt

:param position:

:param radius: Radius to search within.

:return:
win

Found entities

get_entity(entity: Prototype, position: Position)

Retrieve a given entity object at position (x, y)

:param entity: Entity prototype to get,

:param position: Position where to look

:return:

Entity object

get_prototype_recipe (prototype: Union[Prototype,

nun

Xy

quantity=5)

-> int

y) if it exists on the world.

stone_furnace.position,
stone_furnace,

35)

e.g Prototype.IronPlate

5)

ity, EntityGroup], target: Union[Position,
) —> int

: (\'pipe\’,

otype] =

set (), p

er by. If empty,

-> Enti

ty

<class \’Pipe\’>)>

osition: Position =

all entities are returned.
Position to search around. Can be a Position object or "player" for player\’s position.

if it exists on the world.

e.g Prototype.StoneFurnace

RecipeName, str])

Get the recipe (cost to make) of the given entity prototype.
:param prototype: Prototype to get recipe from

ireturn:
wun

Recipe of the given prototype

get_research_progress (technology: Optional[Technology] =

nun

None)

-> Recipe

Get the progress of research for a specific technology or the current research.
:param technology: Optional technology to check.
:return The remaining ingredients to complete the research

get_resource_patch (resource: Resource, position:

nun

If None,

Position

-> List[Ingredient]

checks current research.

, radius:

None,

Entity,

positions or groups.

radius:

EntityGroup],

float

int = 10) -> Optional [ResourcePatch]

Get the resource patch at position (x, y) if it exists in the radius.
if radius is set to 0, it will only check the exact position for this resource patch.
:param resource: Resource to get, e.g Resource.Co
:param position: Position to get resource patch

:param radius: Radius to search for resource patc
:example coal_patch_at_origin = get_resource_patch (Resource.Coal,

:return:

nun

ResourcePatch if found, else None

harvest_resource (position: Position, quantity=1,

al

h

radius=1

0)

-> int

Harvest a resource at position (x, y) if it exists on the world.
:param position: Position to harvest resource
:param quantity: Quantity to harvest

:example harvest_resource (nearest (Resource.Coal),
texample harvest_resource (nearest (Resource.Stone), 5)

:return:

The quantity of the resource harvested

5)

38
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nun

insert_item(entity: Prototype, target: Union[Entity, EntityGroup], quantity=5) -> Entity
wwn

Insert an item into a target entity\’s inventory

:param entity: Type to insert from inventory

:param target: Entity to insert into

:param quantity: Quantity to insert

:return: The target entity inserted into
wnn

inspect_inventory (entity=None) -> Inventory

nnn

Inspects the inventory of the given entity. If no entity is given, inspect your own inventory.
:param entity: Entity to inspect

:return: Inventory of the given entity

launch_rocket (silo: Union[Position, RocketSilo]) —-> RocketSilo
nwn

Launch a rocket.

:param silo: Rocket silo

:return: Your final position

nun

move_to (position: Position, laying: Prototype = None, leading: Prototype = None) -> Position
wwn

Move to a position.

:param position: Position to move to.

:return: Your final position
wwn

nearest (type: Union[Prototype, Resource]) -> Position
nnn

Find the nearest entity or resource to your position.
:param type: Entity or resource type to find

:return: Position of nearest entity or resource

nun

nearest_buildable (entity: Prototype, building_box: BuildingBox, center_position: Position, xxkwargs) -> BoundingBox

Find the nearest buildable area for an entity.

:param entity: Prototype of the entity to build.

:param building_box: The building box denoting the area of location that must be placeable.
:param center_position: The position to find the nearest area where building box fits
:return: BoundingBox of the nearest buildable area or None if no such area exists.

nun

pickup_entity(entity: Union[Entity, Prototype, EntityGroup], position: Optional[Position] = None) -> bool
nnn

Pick up an entity if it exists on the world at a given position.

:param entity: Entity prototype to pickup, e.g Prototype.IronPlate

:param position: Position to pickup entity

:return: True if the entity was picked up successfully, False otherwise.

place_entity(entity: Prototype, direction: Direction = <Direction.UP: 0>, position: Position = Position(x=

y=0.0), exact: bool = True) -> Entity
nin
Places an entity e at local position (x, y) if you have it in inventory.
:param entity: Entity to place
:param direction: Cardinal direction to place
:param position: Position to place entity
:param exact: If True, place entity at exact position, else place entity at nearest possible position
:return: Entity object

nun

place_entity_next_to(entity: Prototype, reference_position: Position = Position(x=0.0, y=0.0), direction:
= <Direction.RIGHT: 2>, spacing: int = 0) -> Entity

wwn

Places an entity next to an existing entity, with an optional space in-between (0 space means adjacent) .

In order to place something with a gap, you must increase the spacing parameter.

:param entity: Entity to place

:param reference_position: Position of existing entity or position to place entity next to

:param direction: Direction to place entity from reference_position

:param spacing: Space between entity and reference_position

0.0,

Direction

:example: place_entity_next_to (Prototype.WoodenChest, Position(x=0, y=0), direction=Direction.UP, spacing=1)

:return: Entity placed
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print (xargs)

nin

Adds a string to stdout
:param args:

:return:
wun

rotate_entity(entity: Entity, direction: Direction = <Direction.UP: 0>) -> Entity
nnn

Rotate an entity to a specified direction

:param entity: Entity to rotate

:param direction: Direction to rotate

:example rotate_entity(iron_chest, Direction.UP)

:return: Returns the rotated entity
nn

set_entity_recipe (entity: Entity, prototype: Union[Prototype, RecipeName]) -> Entity
nnn

Sets the recipe of an given entity.

:param entity: Entity to set recipe

:param prototype: The prototype to create, or a recipe name for more complex processes
:return: Entity that had its recipe set

set_research(*xargs, *xkwargs)

nun

Call self as a function.

set_research (technology: Technology) -> List[Ingredient]

nnn

Set the current research technology for the player\’s force.
:param technology: Technology to research

:return: Required ingredients to research the technology.
wnn

shift_entity(entity: Entity, direction: Union[Direction, Direction], distance: int = 1) -> Entity
wnn

Calculate the number of connecting entities needed to connect two entities, positions or groups.
:param source: First entity or position

:param target: Second entity or position

:param connection_type: a Pipe, TransportBelt or ElectricPole

:return: A integer representing how many entities are required to connect the source and target entities
nnn

sleep (seconds: int) -> bool

nnn

Sleep for up to 15 seconds before continuing. Useful for waiting for actions to complete.
:param seconds: Number of seconds to sleep.

:return: True if sleep was successful.

Y

Example Memory

Below is an example of 2 step memory that is input to the agent. The past policies P and O are formatted like user-assistant
messages for chat models, where policies are assistant and observation is user messages. To improve the informativeness of
logs, we mask out the overall game setup prints of past policies except for the last step. This makes sure the agent doesnt
rely on past game states to make decisions

Assstant message
Vaa
python
water_pos = nearest (Resource.Water)
print (f"Found water source at {water_pos}")

# Place offshore pump

move_to (water_pos)

offshore_pump = place_entity (Prototype.OffshorePump, position=water_pos)
print (f"Placed offshore pump at {offshore_pump.position}")

boiler = place_entity_next_to(Prototype.Boiler, reference_position=offshore_pump.position, spacing = 4, direction =
Direction.RIGHT)

print (f"Placed boiler at {boiler.position}")

steam_engine = place_entity_next_to (Prototype.SteamEngine, reference_position=boiler.position, spacing = 5,
direction = Direction.RIGHT)

print (f"Placed steam engine at {steam_engine.position}")
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# Connect offshore pump to boiler with pipes
pump_to_boiler = connect_entities (offshore_pump.position,

boiler.position, Prototype.Pipe)

print (f"Connected offshore pump to boiler with pipes: {pump_to_boiler}")

# Connect boiler to steam engine with pipes

boiler_to_engine = connect_entities (boiler.position, steam_engine.position, Prototype.Pipe)
print (f"Connected boiler to steam engine with pipes: {boiler_to_engine}")

print (f"Current inventory {inspect_inventory()}")
print (f"Updated entities on the map: {get_entities()}")

Vo

User message

27015: (’Found water source at x=-12.0 y=0.0",)

27015: ('Placed offshore pump at x=-10.5 y=-0.5",)
27015: (’Placed boiler at x=-5.0 y=-0.5",)

27015: (’Placed steam engine at x=3.5 y=-0.5',)

27015: (’Connected offshore pump to boiler with pipes: [

PipeGroup (fluid_system=1, position=x=-6.5 y=-2.5, status=EntityStatus.WORKING, pipes=[7 pipes], fluid=water)]’,)
27015: (’Connected boiler to steam engine with pipes: [ PipeGroup (fluid_system=3, position=x=-2.5 y=-0.5,

status=EntityStatus.EMPTY, pipes=[5 pipes])]’,)

27015: ("Current inventory {’wooden-chest’: 10, ’transport-belt’: 200, ’burner-inserter’: 10,

’small-electric-pole’: 200, ’'pipe’: 88, ’'boiler’: 3,
"electric-mining-drill’: 10, ’‘offshore-pump’: 2, ’st

’steam-engine’: 1, ’'burner-mining-drill’: 10,
one-furnace’: 5, ’"assembling-machine-1’: 5, ’coal’: 200,

’stone’: 50, ’iron-ore’: 62, ’iron-plate’: 19, ’copper-plate’: 52, ’iron-gear-wheel’: 22,

"electronic-circuit’: 99}",)

27015: ("Updated entities on the map: <STALE_ENTITY_DATA_OMITTED>)

Assstant message

‘Y '‘python

# move to iron position

iron_pos = nearest (Resource.IronOre)
move_to (iron_pos)

# place a lectric mining drill

drill = place_entity (Prototype.ElectricMiningDrill, position = iron_pos)

print (f"Put a drill to mine iron at {drill.position}")

# power the drill

steam_engine = get_entity (Prototype.SteamEngine, position = Position(x = 3.5, y=-0.5))
poles = connect_entities (steam_engine,drill,Prototype.SmallElectricPole)
print (f"Used poles {poles} to power drill at {drill.position}")

print (f"Current inventory {inspect_inventory()}")
print (f"Updated entities on the map: {get_entities()}")

Vo

User Message
27015: (’Put a drill to mine iron at x=-11.5 y=19.57,)
27015: (’'Used poles [ElectricityGroup(id=18,

poles=[(x=-1.5,y=4.5), (x=-3.5,y=6.5), (x=3.5,y=1.5), ..

voltage=0)] to power drill at x=-11.5 y=19.5',)

., (x==9.5,y=12.5), (x=-11.5,y=14.5), (x=-13.5,y=16.5) 1,

27015: ("Current inventory {’wooden-chest’: 10, ’transport-belt’: 200, ’burner-inserter’: 10,
’small-electric-pole’: 191, ’pipe’: 88, ’'boiler’: 3, ’'steam-engine’: 1, ’'burner-mining-drill’: 10,
"electric-mining-drill’: 9, ’offshore-pump’: 2, ’stone-furnace’: 5, ’assembling-machine-1’: 5, ’coal’: 200,

’"stone’: 50, ’iron-ore’: 62, ’'iron-plate’: 19, ’copper-plate’: 52, ’iron-gear-wheel’: 22,

'electronic—-circuit’: 99}1",)
27015: ("Updated entities on the map: [

OffshorePump (name=' of fshore-pump’, position=Position(x=-10.5, y=-0.5), direction=Direction.RIGHT, energy=0.0,

tile_dimensions=TileDimensions(tile_width=1.0, tile_
connection_points=[Position(x=-9.5, y=-0.5)]1, fluid_]

fluid_systems=[49]),
Boiler (fuel={}, name=’'boiler’, position=Position (x=-5.0,

tile_dimensions=TileDimensions(tile_width=3.0, tile_|

status=EntityStatus.NO_FUEL, connection_points=[Posi

height=1.0), status=EntityStatus.WORKING,
box=[{'name’: ’'water’, ’amount’: 100, ’temperature’: 15}],

y=-0.5), direction=Direction.RIGHT, energy=0.0,
height=2.0), warnings=[’out of fuel’],
tion(x=-5.5, y=-2.5), Position(x=-5.5, y=1.5)1,

fluid_box=[{’'name’: ’'water’, ’amount’: 200, ’temperature’: 15}], fluid systems=[49],

steam_output_point=Position (x=-3.0, y=-0.5)),

Generator (electrical_id=18, name=’steam-engine’, position=Position(x=3.5, y=-0.5), direction=Direction.RIGHT,

energy=0.0, tile_dimensions=TileDimensions (tile_widt
electricity’, ’'no input liquid’, ’No fluid present i

h=3.0, tile_height=5.0), warnings=[’not receiving
n connections’], status=EntityStatus.NOT_CONNECTED,

connection_points=[Position(x=6.0, y=-0.5), Position(x=1.0, y=-0.5)]1, fluid_box=[], fluid_systems=[]),
ElectricMiningDrill (electrical_id=18, name=’electric-mining-drill’, position=Position(x=-11.5, y=19.5),

direction=Direction.UP, energy=0.0, tile_dimensions=

warnings=[’not receiving electricity’], status=Entit

TileDimensions (tile_width=3.0, tile_height=3.0),
yStatus.NO_POWER, drop_position=Position(x=-11.5, y=17.5)),

PipeGroup (fluid_system=49, position=x=-6.5 y=-2.5, status=EntityStatus.FULL_OUTPUT, pipes=[7 pipes], fluid=water),
PipeGroup (fluid_system=51, position=x=-2.5 y=-0.5, status=EntityStatus.EMPTY, pipes=[5 pipes]),

ElectricityGroup (id=18,

poles=[(x=-1.5,y=4.5), (x=-3.5,y=6.5), (x=3.5,y=1.5), ..

voltage=0)1",)

.y (x=-9.5,y=12.5), (x=-11.5,y=14.5), (x=-13.5,y=16.5)1,
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