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ABSTRACT

The appearance of Large Language Models (LLMs) has transformed
the field of agents with new architectures and inference mecha-
nisms. These systems, however, struggle with capabilities such as
rationality or coherent behaviour. Stand-alone LLM-based architec-
tures are not capable of reliably performing planning to produce
rational behaviour. On the other hand, traditional agents have long-
standing knowledge to tackle these capabilities, but struggle with
tasks requiring autonomous abstractions and knowledge abduction,
making some domains unattainable: these agents do not have full
reasoning capabilities due to failing at abduction. While abduction
is computationally difficult, Large Language Models (LLMs) excel at
producing probable hypotheses without many requirements. More-
over, verifying these hypotheses via deductive knowledge and in-
teraction with the surroundings is within the capacity of traditional
agents, and the feedback can establish a virtuous loop with abduc-
tion mechanisms. In this paper, we propose to work toward hybrid
systems integrating two stand-alone LLM-based abductive mod-
ules: an Abductive Reasoner Module to generate hypotheses based
on detected discrepancies between agent beliefs and environment
behaviour, and an Experiment Designer Module to generate goals
testing these hypotheses. These modules could be integrated with
cognitive architectures using means-ends reasoning to fulfil goals
(tests and system-goals). We illustrate this perspective through a
practical case study in Baba Is You, a complex rule-learning envi-
ronment, empirically showing that abductive-deductive separation
is viable even with minimal agent design.
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1 INTRODUCTION

Agentic Artificial Intelligence (AI) has recently appeared, producing
endless literature about agents with Large Language Models (LLMs)
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as components [20, 45, 47]. These agentic architectures purport-
edly show more versatile and interactive capabilities for autonomy
than agents not using LLMs, solving complex tasks without human
intervention [33, 34].

Planning (or means-ends reasoning) is a key intelligent capa-
bility for problem-solving. Although a long-standing focus of the
agents community, it has recently become one of the current topics
of interest in the agentic community. LLMs are stochastic pattern
learning models that use massive statistics of language usage to
output text that, while resembling abductive reasoning, cannot be
said to reliably follow any rules of inference under any logic [8, 28].
When the action space of a task is known, planning is a purely
deductive task, for which LLMs lack formal guarantees of correct-
ness, and for which they have been shown to be unreliable and
low-performing [24, 28], sometimes even confabulating and making
up facts that support their “reasoning” [21, 36].

Real-world planning also requires learning the action space, of-
ten extrapolating from sparse experience, or tangentially similar
cases that are hard to generalise. This was already remarked upon
in the 80s with famous critiques to purely deductive systems [22].
While abductive reasoning (i.e. generating plausible hypotheses
from incomplete information) was discussed as a promising solu-
tion, abduction theories were piecemeal and unmechanisable [9, 22].
Today, with models that work precisely under the notion of find-
ing the most probable output, deducto-nomological theories [17]
appear more reachable: use abduction to propose modifications to
means, and take proposal validation as ends to test the correctness
of abduction via means-ends reasoning. The merging of deductive,
classical systems with abductive, agentic systems could produce
rational, efficient agents that are more flexible and capable of navi-
gating more complex environments. In environments where testing
entails no risk, leveraging LLMs for this purpose is enticing.

In this paper, we do an initial investigation on the potential of
LLM-based abduction and testing in an environment where the
main difficulty is precisely hypothesising the dynamics of actions:
Baba Is You. Our approach is inspired by the cycle of Conjecture
and Refutation [30]. Upon experiencing unexpected behaviour, the
agent generates bold hypotheses regarding the causes, tests them
through active experimentation (using BFS search), and loops in
this behaviour until the expectations match reality. The results
hint at the feasibility of coupling this with classical means-ends



reasoning to solve complex problems with unknown action spaces
with formal guarantees.

2 BACKGROUND

Autonomy is a central concept to the study of intelligent agency,
where agents are defined by their capacity to act independently [32].
While a precise definition of intelligence is still debated, one argu-
ment is that intelligence is related to the ability to achieve goals
in a wide range of environments [26, 31]. Another emerging per-
spective within the community emphasises that intelligence should
be measured by efficiency in skill acquisition, focusing on abstrac-
tion, reasoning and generalisation from limited data [5]. This last
posture has been put into practice through the Abstraction and
Reasoning Corpus (ARC) for Artificial General Intelligence (AGI)
benchmark [10], composed of challenges designed to resist memo-
risation such that solutions require generalisation capabilities.

Abduction is a foundation of human learning and discovery,
and an apparent requirement for the previous definition. However,
its implementation in AT has historically been constrained by the
immense difficulty of modelling the real world’s complexity. Abduc-
tive Logic Programming (ALP) and neuro-symbolic architectures
have been used to develop abductive systems to some success on
small, restricted tasks [18, 19, 43].

Prescinding from abduction, Hayes’s Naive Physics Manifesto [16],
attempted to codify a comprehensive world model in purely deduc-
tive terms. This line showed initial success, but later showed that the
explicitness of deductive models precludes scalability and is unfeasi-
ble for real-world domains [22]. More so, the abductive solutions to
these same problems remains unoperationalisable, and formalising
abduction as pure logic has been shown an oversight [9, 22].

However, recent inference models show promise in acquiring
abduction capabilities without a rigorous framework. LLMs show
apparent reasoning, generating convincing (if not entirely reliable)
plans, decisions, or complex code. This utility is expanded through
embodiment [6, 40], converting LLMs into agents that interact with
environments that provide feedback. To bridge the gap between
LLM outputs and agency, frameworks such as ReAct [44], Voy-
ager [41], Generative Agents [29], and CRADLE [37] have emerged,
enabling LLMs to function as the cognitive cores of agents capable
of executing tasks autonomously.

Some of these works (e.g. Voyager, CRADLE) have tackled au-
tonomous curriculum planning and skill acquisition, although rely-
ing on complete, LLM-provided domain knowledge, or even access
to Wikipedia pages and the internet. This reliance limits their ro-
bustness and generalizability, underexploits the agent’s capacity to
learn by interacting with the environment, and offers no guarantee
of alignment between the environment and the external knowledge.

A large portion of the field also questions the limitations of LLMs,
as they lack semantic understanding [2] and formal guarantees of
correctness. There is no proof that deploying these agents to effect
change in the real world would not result in disaster, but industry
is pushing adoption of purely LLM-based technology.

Other fields of research like Model-Based Reinforcement Learn-
ing (MBRL) approach the task of learning through the development
of combining reinforcement learning and the development of ex-
plicit models of the dynamics of the environment. Some approaches

Figure 1: Level 01 of Baba Is You. Two rules are active: Player
input controls Baba (the white rabbit-like sprite), and walls
are impassable objects. To complete the level, the player must
form X IS WIN (X € {FLAG, WALL, BABA}) and reach X. Our
agent tries to form FLAG IS WIN, but is stopped by the WALL.
The agent abducts WALL IS STOP is the cause, proposes to
test it (by trying another wall, or breaking the rule before
trying again). Then it breaks the rule WALL IS STOP, making
the rest of the map reachable, and finishes the level.

include latent models [13, 14] and video generation models [4, 42].
While generally able to learn multiple complex tasks, these models
are not easily inspectable.

In parallel, work at the interface of agentic LLMs and classical
planning uses Planning Domain Definition Language (PDDL) as an
intermediate representation. LLM models are used either to gener-
ate generalised planning programs or heuristics that are executed by
sound planners [35], or to construct and iteratively repair PDDL do-
main models that are then handed to off-the-shelf planners [12, 27].
Recent survey work frames this pattern as a division of labour, with
LLMs serving as model and goal formalisers and symbolic planners
providing reliable means-end reasoning [38]. Our proposal adopts
the same separation, but applies the LLMs component to abduction
and experiment design rather than directly to planning.

3 AN ABDUCTIVE DOMAIN: BABA IS YOU

Baba Is You is a 2D gridworld environment (Figure 1) where the
game mechanics exist as manipulable physical objects within the
environment. These mechanics constitute rules describing the be-
haviour and properties of entities. Rules are constituted by words
(a kind of entity), which can be pushed by the player, rewriting
the governing logic of the simulation. For instance, WALL IS STOP
makes it so wall objects block passage through. Disassembling the
sequence by pushing one of the words (i.e. breaking the rule) allows
objects to pass through walls. A fundamental (and common) rule
is the eponymous Baba Is You, which determines that entities of
kind Baba are player-controlled. Substituting the word “Baba” by
others will change the kind of entity that the player controls. Rule
configuration changes action effects.

This dynamic makes the game remarkably demanding for Al (3,
11], especially given that the player must learn rule effects via
interaction. Although the action space is known (4 directions of
movement), its consequences given a rule configuration are not.
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Figure 2: Overview of the proposed Agent Architecture

Traditional search methods are unsuitable without hard-coding
the mechanics of the game [25], and planning solutions at action
level rather than abstracting to higher-level behaviours (such as
composing and breaking rules) supposes a problem due to the
high combinatorial complexity of the game [1, 7]. Baba Is You also
specially undermines Reinforcement Learning (RL) application:
rewards can only be confidently given on beating the level, as there
is no feasible way to detect when the agent is getting closer to the
solution [15].

4 ABDUCTION-BASED AGENTS

The objective of this work is to preliminarily illustrate (in practice)
the feasibility of using an LLM-based module to learn the dynamics
of an environment. This is done in a two-fold way. Firstly, checking
if the hypothesiser is capable of providing sound explanations as to
why actions resulted in unexpected facts: in Baba Is You, this should
always translate to learning the effects of a rule. Secondly, providing
a goal or set of goals that, if achieved, validate the hypothesised
rule, building a curriculum of actions that make further goals (like
winning) easier to attain.

In the proposed framework, an agent is instantiated with a base
goal of winning, in a means-ends reasoner (in this preliminary explo-
ration, a BFS). Then, as the agent acts, it finds unexpected situations
due to the active rules, hypothesises about them and generates
experiments for them. Experiments are manifested in new goals.
Centered on the Popperian maxim of the Bold Hypothesis, we do
not assume or require that hypotheses are correct from the begin-
ning: testing filters many results out. Neither do we require that the
experiments cover everything: instead, much like a human player, a
misconception may still be useful to beat one level, and later levels
may require a refinement (i.e. re-hypothesising over a tested rule).

4.1 Agent Architecture

The proposed architecture (Figure 2) is divided into two modules,
in addition to a means-end reasoner.

Abductive Reasoner Module (ARM). This module receives a dis-
crepancy between the expected state according to the means-ends
reasoner and the actual observed state. The discrepancy, along with
a context (i.e. performed action, rules currently in action and be-
liefs about what those rules do), are used to generate a hypothesis

to fill the gap in the current knowledge. For example, as shown
in Figure 3, if the agent attempts to go through an object that is
STOP before learning the pertinent rule, the module will receive
the context that “the agent was next to the object and expected to
move inside it, and instead remained in the same position”, and
may hypothesise that objects that are STOP will not permit passage
through them.

Experiment Designer Module (EDM). This module takes the out-
put of the ARM and produces some objectives which test the hy-
pothesis. For example, if the hypothesis is that rule WALL IS STOP
results in walls impeding movement into the object, then the mod-
ule may suggest trying to go into a different wall, or breaking the
rule and trying again. This module is less critical for efficacy (as
wrong hypotheses are still corrected via experience) but is there
for efficiency: it is faster to test and reject hypotheses than to try
potentially long plans repeatedly failing. Proactively refining the
knowledge base quickly corrects knowledge in few prompts and
interactions with the environment.

Means-ends reasoner + actuator. This module takes hypotheses
on rules, as well as some designer-provided game knowledge (such
as the four movement actions and the possibility of pushing text
to make and break rules), to form a world model (i.e. the means,
a predictor of how the game state changes when an action is exe-
cuted). This world model is used together with a goal description
to output a plan, consisting in sequences of actions that (according
to the world model) fulfil the goal description. It is also in charge of
executing the plan and, on detection of a discrepancy with expected
results, engaging the Abductive Reasoner Module.

Implementation details. The Abductive Reasoner Module’s prompt
includes some instructions on the order of reasoning, and the list
of tiles where the content expected by the means-ends reasoner
differs from the factual content returned. For each of them, it lists
the objects contained within the tile (e.g. BABA, or WALL, BABA).
It also contains the set of active rules (provided by the game itself).
Finally, it contains the set of (active) beliefs described in JSON for-
mat: each active rule in the level that is known (or has an associated
hypothesis) and the description of how it is expected to work. The
output is a new JSON with the rule and the description of what it
does (hypothesised). See Figure 3 for an example of a formatted
discrepancy and a formatted hypothesis, respectively.

The Experiment Designer Module receives the stack of current
goals and the current state, similarly formatted, as well as a number
of experiments to provide. Both of these modules show good results
with even small LLM (about 12B parameters).

For the means-ends reasoning, we started by implementing the
simplest example possible, a BFS algorithm using a Python step
function which returns the next state given current state and an
action. For this exploration, this step function is created with a more
powerful LLM, which takes the hypotheses on rule knowledge to
generate code implementing the step function, which is then called
by the search algorithm. As environment complexity increased,
the BFS scaled too poorly, and we resorted to A, and finally to
providing human feedback to planning, affecting only in efficiency.
However, we strongly believe that the same can be achieved with a
much better formalism such as PDDL [23] that benefit from having
more efficient solvers.



ACTIVE RULES: BABA IS YOU, FLAG IS WIN, WALL IS STOP

KNOWN RULES: BABA IS YOU, FLAG IS WIN

Action Performed:
RIGHT

Map Discrepancies:
Differences at X=16,Y=13:

- pre-action : BABA

- post-action (real) : BABA

- post-action (simulated) : <EMPTY>
Differences at X=17,Y=13

- pre-action : WALL

- post-action (real) : WALL

- post-action (simulated) : WALL,6BABA

Previous step Predicted Observed ; .
Active Rules:
(a) - BABA IS YOU
- WALL IS STOP
Current Beliefs:
{ {

"WALL IS STOP": { "BABA IS YOU": {
"description": "Objects with the property 'STOP' prevent movement through them.", "description": ..
"reasoning": ... 3

} 3

}
© ®)

Figure 3: An example of the process of abduction after a discrepancy. (a) In a situation in which WALL IS STOP is unknown
for the agent, the actuator module is running a plan in which BABA traverses a WALL, predicting that the former will go
through the latter. When it observes that the observed state differs from its predcitions (BABA does not go through the wall), it
triggers the pipeline to construct a discrepancy. (b) The discrepancy is described and included in the prompt that the Abductive
Reasoner Module receives. (c) The Abductive Reasoner Module hypothesises that the rule WALL IS STOP disallows entities

moving through them.

5 FIRST STEPS FOR AN ABDUCTIVE AGENT

We established a framework for conducting the experiments on the
proposed architecture within Baba Is You, spanning Overworld levels
00-05, in which we used different inference engines depending on
the needs of each module!. Specifically, the Abductive Reasoner
Module and Experiment Designer Module have used an open source
LLM GLM-4.5-Air-IQ4_XS [46]? (12B active parameters) as their
inference engine. For the means-ends reasoner, Gemini-3 Pro [39]
has been used to update the step function of the search algorithm.
The levels tested present an increasing progression of complexity®:

e Level 00 introduces four rule properties: YOU (designates the
controllable entity), WIN (defines the victory condition), PUSH
(allows objects to be moved), and STOP (prevents movement
through the object). It requires no rule manipulation to win.

o Level 01 presents rule manipulation as a core mechanic, requir-
ing the construction, modification, and destruction of rules to
complete the level (breaking WALL IS YOU, forming X IS WIN).

e Level 02 is the first level where the player’s identity is reassigned
(from BABA to WALL). Entity changes aside, it is the same as 01
but with one less entity present (the FLAG).

e Level 03 adds the DEFEAT property: any player-controlled ob-
ject is destroyed upon contact with a DEFEAT object.

o Level 04 introduces the SINK property, which destroys all objects
overlapping with the SINK object (including itself) when they
occupy the same tile.

Code, experiments, and prompts available at https://github.com/levyy7/BabalsBot
%A quantisation downloaded from https://huggingface.co/bartowski/zai-org_GLM-
4.5- Air-GGUF

3Level layouts and solutions can be found in: https://babaiswiki.fandom.com/wiki/Map

—  Discovered T¥  Level Completed
Incorrect/incomplete  JI  EDM Correction

Number of Distinct Properties

Number of Prompts

Figure 4: Agent property discovery and correction progress.

e Level 05 introduces HOT and MELT: MELT objects are destroyed
when they overlap HOT objects.

We evaluated our system playing Baba Is You on levels 00-05.
With no initial knowledge on rules, the agent is run sequentially
from level 0 to level 5. This way, rules are incrementally learnt
from the environment. Past Level 01, the search space became too
large for a simple BFS, and past Level 03 it was too much for A*.
For the purpose of this paper, the planning for the latter 2 levels
was done by a human strictly adhering to the knowledge base of
the agent. Finally, the results are evaluated regarding: 1) overall
level-solving ability, 2) effectiveness in discovering new properties,
and 3) efficiency of rectifying incorrect or incomplete rules.

Figure 4 illustrates the cumulative number of distinct properties
discovered as a function of the total number of prompts issued to
an LLMs. A second line shows the number of incorrect/incomplete
properties within the system, with flasks denote belief correction
via an experiment of the Experiment Designer Module. Jumps in
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Table 1: List of discrepancies that formed part of the user study. A number between parenthesis in the Active rules column
indicates that all active rules from that particular discrepancy were also active (e.g., (1) in row 2 indicates that BABA IS YOU

and WALL IS STOP were also active in discrepancy 2).

Substitution Method
Base

8

[ Break Semantics
1 Rephrase

8

Proportion of Ratings (%)
8
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Rating Score (0-10)

Figure 5: Impact of Isomorphic Substitutions on Abduction

the plot align with transitions to new levels. In terms of abduction
errors, the results show that three rule descriptions were incorrect.
Two are rectified immediately, but the Experiment Designer Module
fails to correct PUSH initially. Still, an incorrect hypothesis about
PUSH is enough to solve many levels before it requires correction.

To test whether the abduction relies on prior knowledge of the
game (i.e. contamination from LLM training), and the relevance of
the words to solving the game, we perform another experiment. An
isomorphic substitution is applied to the rules and game state: 1)
preserving semantics and syntax (e.g. WALL IS STOP), 2) rephrasing
the state by using synonyms and altering phrase structure (e.g. BAR-
RIER IS IMMOVABLE replaces WALL IS STOP), and 3) breaking state
semantics by substituting words with semantically unrelated terms
(e.g. PENTAGON IS RED replaces WALL IS STOP). These permu-
tations are applied to various scenarios. The Abductive Reasoner
Module runs 25 inferences for every {substitution, scenario} pair,
with scenarios collected from discrepancies* found within the pre-
vious experiment (see Table 1). The resulting hypotheses are then
evaluated in a user study, in which 3 experts rate the veracity and
relevance of the generated output, shown in Figure 5.

A similar distribution is observed for the baseline and rephrase
methods overall, although the baseline is more likely to generate
useless hypotheses than the rephrase method, possibly due to the

4Note that some of the discrepancies included in the user study have been modified:
some learnt knowledge that would have been passed to the Abductive Reasoner Module
in the original experiment has been omitted to give less context to the module, thus
creating more challenging versions of the original discrepancies.

less awkward syntax of the latter. Breaking semantic knowledge
results in obvious performance degradation, indicating that the
LLM takes advantage of the meaning of the words, but does not
necessarily benefit from knowledge of the game in its training data.

6 DISCUSSION

Within the first 6 levels of Baba Is You, we found that hypothesis and
verification via LLM can reasonably enable means-ends reasoning
to solve problems where action spaces are hard. We believe that
working in this direction will allow the construction of strictly ra-
tional agents that leverage capabilities only available to LLM-based
agents right now. Furthermore, if experimental goals are separate
from other goals, the agent could feasibly test its abductions in test
environments (avoiding experimental behaviour causing risks in a
real environment). This is especially important for agents working
in domains where rational behaviour is a requirement.

Our results show impressive abductive performance even for a
low-parameter model, and when abductions were wrong, the work-
flow was quick to correct it in most cases. Converting abduction
hypotheses directly into means in a means-ends reasoner formal-
ism with efficient solvers should be the next step to validate the
feasibility of abducting agents.

The substitution experiments show that performance is not too
brittlely related to LLM knowledge of the game and that, while
the discrepancies provided can be enough to formulate correct
hypotheses despite having no semantic knowledge, LLMs (just like
players) benefit from the semantic hints in the wording of rules.

In agentic Al a large part of the community is advocating for
end-to-end LLM-based planning despite their strong limitations
and lack of guarantees. Hybrid architectures can add the guaran-
tees of deductive inferences and interface with powerful abduction
mechanisms of these new models, even without fine-tuning or large
parameter counts. The applicability of abduction to new problems
is a very interesting paradigm that could benefit systems using
Belief-Desire-Intention (BDI) or Answer Set Programming (ASP).
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