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ABSTRACT

Most autonomous agents built on large language models (LLMs) focus on improving internal reasoning while assuming a fixed
and complete set of primitive actions. In this work, we challenge this assumption and introduce the B* expansion technique, an
action-centric method that enables agents to iteratively construct new actions beyond an initial basis B, forming an expanded

action space B* = BU A* To formalize this paradigm, we present a unified framework for act-centric autonomy that explicitly

models action space evolution, distinguishing our approach from prior frameworks such as ReAct, which operate over fixed

action sets. Within this framework, B* serves as a concrete instantiation that operationalizes dynamic action generation. We
evaluate B* in a non-trivial, fully observable environment—Conway's Game of Life on a 200 x 200 grid—where the objective is
to maximize the number of live cells after 300 generations. Our results show that expanding the action space leads to improved
exploration and performance, demonstrating that action space completeness is insufficient and that optimizing the action set

itself can significantly enhance agent effectiveness, even surpassing state-of-the-art reasoning-based approaches.

1 | Introduction

Recent developments in large language model (LLM) agents
have followed two closely related directions: improving internal
reasoning capabilities and expanding interaction through exter-
nal tools (Figures 1 and 2).

On the reasoning side, progress has been driven by large rea-
soning models (LRMs) and advanced ‘thinking’ strategies, in-
cluding OpenAlI ol/03/04 (OpenAl 2024a, OpenAl 2024b),
Claude Sonnet 4 (Anthropic 2025) and DeepSeek R1 (DeepSeek
Inc. 2025). These approaches improve performance by increas-
ing test-time computation and refining step-by-step reasoning.

In parallel, the development of tool ecosystems has significantly
extended the capabilities of LLM-based agents. Modern agents
can now interact with heterogeneous external systems, ranging

from simple calculators to complex APIs such as Notion, Google
Calendar or Python execution environments. Recent standard-
ization efforts further accelerate this trend by enabling more
seamless integration of tools across systems.

Together, these two directions have led to hybrid reasoning-and-
acting frameworks such as ReAct, which combine step-by-step
reasoning with tool use to improve reliability and reduce hallu-
cinations. However, these approaches still operate over a fixed
and predefined set of actions, leaving open the question of how
the structure and size of the action space itself influences agent
performance.

There is a clear synergy between these trends, studied and ap-
plied since the publication of ReAct (Yao, Zhao, et al. 2023), a
strategy that combines reasoning and acting to reduce hallu-
cinations in LLMs. However, as the number and diversity of
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FIGURE1 | Comparison between traditional LRM-based agents and the proposed B* expansion framework. The left side illustrates an LRM oper-

ating with a fixed toolset, while the right side shows an LLM augmented with an expanded action space B* applied to the Game of Life environment.
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FIGURE2 | Example of a single transition in Conway's Game of Life. The left panel shows an initial configuration at step ¢, while the right panel
displays the resulting state at step t + 1. Grey cells in the left panel indicate positions that become alive in the next step according to the Game of Life

update rules.

available tools increases, a new challenge emerges: the agent
must not only reason correctly but also select the most appro-
priate action from an increasingly large and heterogeneous set.

In current approaches, this action selection process is typically
handled implicitly by the model's internal reasoning, without ex-
plicitly addressing how the structure or size of the action space

affects performance. As a result, even strong reasoning models
may struggle when faced with large or poorly structured tool-
sets, leading to inefficient exploration or suboptimal decisions.

These observations suggest that reasoning and acting alone are
not sufficient to fully characterize or optimize the performance
of autonomous LLM agents. As tool ecosystems grow in scale
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and diversity, the primary challenge shifts towards how actions
are organized, generated and selected within an increasingly
large and heterogeneous action space.

From this perspective, we argue that the structure of the action
space itself becomes a first-order design variable in autonomous
agent systems. However, existing approaches largely treat the
action space as fixed and externally defined, relying on implicit
selection mechanisms without explicitly modelling its impact on
performance.

This article addresses this limitation from a perspective that
contrasts with the dominant approach: instead of further op-
timizing the reasoning process, we focus on constructing and
expanding the action space so that even agents with weaker rea-
soning capabilities can achieve strong performance. To opera-
tionalize this idea, we introduce B* expansion and a supporting
formal framework for action-space evolution.

To address these challenges, this paper makes the following
contributions:

« We introduce B* expansion, an action-centric technique
that enables LLM agents to iteratively generate and incor-
porate new actions, transforming a fixed action basis into
an evolving action space.

« We present a formal framework for act-centric autonomy
that characterizes how action spaces can be structured, ex-
tended and analysed, providing a principled foundation for
action-space optimization.

+ We demonstrate through experiments in a controlled en-
vironment (Conway's Game of Life) that expanding and
structuring the action space can significantly improve
exploration and performance, allowing simpler mod-
els to match or surpass more advanced reasoning-based
approaches.

This paper is structured as follows. Section 2 reviews related work
on reasoning-based models and tool-augmented agents, highlight-
ing current limitations in action-space design. Section 3 intro-
duces the formal foundations of the proposed approach, including
the definitions of problems, actions, and the cognition function,
and presents the B* expansion technique. Section 4 describes the
experimental setup, including the Game of Life environment and
the criteria for evaluating action-space expansion. Section 5 pres-
ents the experimental results, including the evolution of perfor-
mance as the action space grows and a comparative analysis with
reasoning-based models. Finally, Section 6 concludes the paper
and discusses limitations and directions for future work.

2 | Related Work
2.1 | Tools and Agentic Standardization

Previously to November 2024, the most common approach
to autonomous agents has been programming custom func-
tions and binding them to the LLM by using function calling
or structured tool calling (if supported by the LLM). Although
this approach has been effective and opened the door to the

development of autonomous (Fezari and Ali-Al-Dahoud 2023;
TransformerOptimus 2023; Wu 2023; Reworkd 2023) and even
embodied (Wang et al. 2023; Lifshitz et al. 2024; Wang et al. 2023)
agents in virtual/real world, the limitation of this approach is that
all the tools must be programmed manually by the developer,
which is a time-consuming and error-prone task (Shi et al. 2025;
Ma et al. 2025). Some standardized protocols were created to
intercommunicate different tools and LLMs, accompanied by
libraries that minimized the programming effort (Chase and
Gola 2022; Oberhauser and Team 2019; LangChain Team 2024;
CrewAl Inc. 2024). However, a sudden proliferation of tools
emerged with the introduction of the Model-Context Protocol
(MCP) (Anthropic 2024b) where all the tools now were unified
under a single protocol, allowing developers to create agents that
could easily integrate with a wide range of tools and services
(Singh et al. 2025; Jordan and ElevenLabs 2025). This approach
has also been extended to the standardization and intercommuni-
cation of Agents or prompts with the introduction of A2A (Agent
to Agent) protocol (Surapaneni et al. 2025), which has been seam-
lessly integrated with MCP into agentic-based frameworks. This
sudden growth of tools and agents has led to the creation of a new
paradigm in autonomous agents, where the focus is on selecting
the most appropriate tools for a given task and where the LLM
cannot only hallucinate when trying to reason, but also when se-
lecting the most appropriate tool for a given task.

2.2 | Reasoning Models

The most common approach to evaluate LRM has been the use
of science or culture-based benchmarks (Yehudai et al. 2025;
DeepSeek Inc. 2025; Qwen et al. 2025; OpenAlI 2023). These
benchmarks allowed comparison of how different models could
be trained on different ‘thinking’-based techniques in order to
improve their performance on problem-solving tasks. These
techniques included Chain of Thought (CoT), Tree of Thought
(ToT) or ReAct, which enable trading test-time compute for
better reasoning performance (Snell et al. 2024; Yao, Zhao,
et al. 2023; Yao, Yu, et al. 2023; Sahoo et al. 2024). However,
these approaches have also been tested on agentic-based en-
vironments (Shridhar et al. 2020; Wang et al. 2023; Shojaee
et al. 2025) where the LLMs are susceptible to hallucinating
and propagating the errors throughout the entire reasoning/
acting process, not making the LRMs fully suitable for embod-
ied or agentic applications. Additionally, LRMs have also been
limited by the time and resource consumption required to ex-
ecute these models, thus not allowing the use of LRMs in real-
time or low-cost applications. Alternative techniques such as
Retrieval-Augmented Generation (RAG) (Chen et al. 2024; Jiang
et al. 2023) try to externalize the reasoning process to automated
and efficient systems in order to improve the performance of
LLMs without having them reason by themselves. This ap-
proach, however, is limited by the fact that the development of
RAGs requires a lot of time and effort to create and maintain.

This context of LRMs and tools has led to the development of
new strategies that try to balance the trade-off between rea-
soning and tool calling in order to improve the performance of
LLMs and reduce the time or resource consumption required to
execute them. It is important to note that this balance requires
the tools to be as effective as possible, so that the LLMs do not
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reduce performance on the overall environments by using in-
valid or irrelevant tools.

Despite these advances, a key limitation remains insufficiently
addressed in the literature. Existing approaches largely assume
that the set of available actions or tools is fixed and focus ei-
ther on improving the reasoning capabilities of the model or on
expanding the availability of external tools. However, little at-
tention has been given to how the action space itself should be
structured, adapted or expanded during execution.

In particular, current frameworks—including approaches such
as ReAct (Yao, Zhao, et al. 2023)—rely on the implicit ability
of the model to select from a predefined set of actions, without
explicitly modelling how the size, composition or evolution of
this action space affects performance. As a result, the problem of
action-space optimization remains underexplored.

This gap motivates our work, where we shift the focus from rea-
soning optimization to action-space construction and evolution
as a first-class design problem. That is why we propose B* ex-
pansion as a method to explicitly construct and evolve the action
space, enabling agents to generate new actions dynamically and
improving performance beyond what can be achieved through
reasoning or tool availability alone.

Compared to existing approaches, our work differs along a
fundamental dimension. Methods such as Chain-of-Thought,
Tree-of-Thought and ReAct focus on improving the reasoning
process over a fixed set of actions, while tool-centric frame-
works emphasize expanding the availability of external capa-
bilities. In contrast, our approach treats the action space itself
as dynamic, enabling agents to construct new actions during ex-
ecution rather than selecting solely from a predefined set. This
shift allows us to study how action-space evolution impacts
performance, a dimension that is largely absent in prior work.

3 | Formal Foundations

In order to define the B* expansion technique, we will first es-
tablish a formal set of definitions and axioms that will allow
us to standardize the concepts used in this article. For this we
will take the Action Space concept defined by ReAct (Yao, Zhao,
et al. 2023) as the basis for our definitions, but we will simplify
the cognition and reasoning process, and extend the Action
Space to cover a more suitable definition for autonomous agents.

We emphasize that the following formalization is an ideal-
ized abstraction intended to support theoretical analysis of
action-space structure in LLM-based agents. The assumptions
introduced in this section should be interpreted as modelling
conveniences rather than properties expected to hold in real-
world environments.

3.1 | Problems, Actions and Solutions
To provide a formal characterization of action-space optimi-

zation, we introduce an idealized abstraction of problems,
actions and solutions. This formulation is not intended to

describe real-world environments exhaustively, but rather to
isolate the structural properties relevant to autonomous agent
behaviour.

We build upon the action-space formulation introduced in
ReAct, while simplifying the reasoning process and focusing on
the role of action composition and selection. Under this abstrac-
tion, we define the following sets.

We consider a potentially unbounded set of problems P, which
allows us to avoid degenerate cases where the action space can
be exhaustively enumerated. We assume:

Vp,p; €EP,p; #p; = _'(piEpj)’ @

where = denotes semantic equivalence under the cognitive
interpretation.

We assume, for analytical convenience, that each problem p € P
admits a well-defined representation up to semantic equiva-
lence, allowing us to abstract away representational redun-
dancy. So we can consider P as a set of really distinct problems,
where we assume that solutions can be treated as equivalence
classes of action sequences that satisfy the problem constraints.
We will assume the set of problems is infinite to avoid the possi-
bility of brute-forcing the solution space, which would lead to a
trivial solution for any problem.

Let A denote the infinite set of actions (called as Action Space),
where each a € A represents a fundamental interaction that an
LLM can perform.

We denote the action space as infinite since the set of actions
implemented by a developer could be extended indefinitely.

Let S be the solution space, defined as the set of all possible se-

quences of actions:
S={s=(a.a, ...,a,) |IneN",q, €A}, ©)

where each sequence s € S is immutable and order-sensitive.
Thus, two sequences with the same actions in different orders
are considered different solutions.

For each problem p € P, let S, C S be the non-empty set of se-
quences that satisfy p:

SES, ©sESAsFD, ?)

where s F p indicates that s resolves problem p under the sys-
tem's semantics.

We further assume:

1. Mutualexclusivityofsolutions.Vs;, s; € S,,s; # s; = s;

Sj.

2. Existence of solutions. Vp € P, 3s € S, such thats & p.

These assumptions are introduced to simplify the theoretical
analysis and to focus on the structure of the action space rather
than representational ambiguity or multiple valid solution
forms. At this point, this environment states that all problems
are well-defined and can be solved by using a finite set of actions
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(ay,a,, ... ,a,) from the set of actions A, which are the actions
that an LLM can perform.

3.2 | The Cognition Function

Let P denote the set of well-formed problems and A the set of ac-
tions available to an agent. For any finite action space X C A, we
define the cognition function as a transformation that maps a given
problem to a finite action sequence, using only elements from X,
based on the knowledge latent in a fixed language model C.

Let C be a fixed (opaque) language model, p € P a problem in-
stance and X C A a finite set of available actions. The cognition
function is defined as:

Tc:(cyan) g (xl’xZ’ cee ,xk) (4)

such that Vi,x; € X and (x,, ... ,x,) €S, where S is the set of
candidate solutions formed by finite sequences of actions that
satisfy the problem p under the constraints of using only actions
from X.

3.2.1 | Semantic Domain

The output sequence (x,, ... ,x,) is interpreted as a candidate
solution that, according to the model C, resolves the problem
p under the constraint of using only actions from X. No as-
sumptions are made about the internal mechanism of C, its
architecture, the way it selects the sequence nor the reasoning
mechanism used.

We denote by R(X) C S the subset of solutions that C is capable
of generating (called the reachability of the model) using only
actions from X. The cognition function T, thus produces outputs
from R(C, X):

T.(C,p,X) € R(C,X) )
3.2.2 | Non-Determinism

The function T, is, in general, non-deterministic: repeated
evaluations may yield different sequences, even for the same
(C, p,X), due to the stochastic nature of LLMs.

The central empirical hypothesis of this work is that the cardi-
nality and composition of X directly influence the reachability
set R(C,X), and hence the quality and feasibility of the out-
puts of T,.. This hypothesis is explored in depth in subsequent
sections.

3.3 | Action Space and the B* Expansion
Technique

We now introduce a finite subset B C A, called the action basis,
which serves as a generative core for the entire space A. The set
Bis assumed to be complete, in the following formal sense:

An action basis B C A is complete if and only if every action
a € A can be expressed as a finite composition of actions in B:

Va€A,3(by, ...,b;) CBsuch that comp(by, ...,b)=a (6
where comp is a composition function mapping finite sequences

over B to actions in A.

This implies that the basis B is, in principle, sufficient to con-
struct any solution s € S, although possibly in a suboptimal or
excessively long form. This cannot be guaranteed for all envi-
ronments, but can be assumed for some practical applications
where the action space A can be mostly decomposed into a finite
set of atomic actions B. For example, in the environment of con-
trolling a computer, all the actions could be decomposed into a
large but finite set of atomic actions such as ‘click’, ‘type’, ‘scroll’,
and so forth.

This space B has been used by some autonomous agents (Shojaee
et al. 2025; OpenAI 2025; Anthropic 2024a) to try to solve prob-
lems in domains where the action space is infinite but the imple-
mentation of low level actions can be enough to solve most of the
problems proposed.

As stated, completeness ensures solvability but it does not imply
optimality. In many cases, using only actions from B leads to
solutions that are semantically correct but inefficient with re-
spect to some performance measure (e.g., time, resource usage,
compactness). Formally, for a problem p € P, there may exist
multiple solutions:
k
Saub = (bys -, by) € By = (a1, ... ,q) €A (7)
such that both sg,, F p and s, = p, but s, < s, under some
preference ordering <.

To approach this balance between completeness and optimality,
we define A*, the action space approximator, as the set of all ac-
tions that can be generated by a growing sequence action spaces
AL AL . CA where:

(o)
Ay=0, Acar,, (Ja=a ®)
n=0

Each set A7 introduces new actions that were not present in pre-
vious stages. These actions act as useful abstractions that are
compositions of actions in B, but could add different properties
to the action space, such as higher-level definitions, or easier im-
plementations of complex actions.

To ensure the validity of the expanded action space, each candi-
date action proposed for A* undergoes a filtering process before
inclusion. First, structurally invalid actions (e.g., malformed
arguments or undefined operations) are discarded. Second, re-
dundant actions—defined as actions functionally equivalent to
existing elements in B*—are removed using deterministic equiv-
alence checks over action signatures. Only actions passing both
criteria are incorporated into A7 .

In practice, the construction of A* is implemented as an incre-
mental generation process. At each stage n, candidate actions
are proposed based on a combination of (i) observed failures
or inefficiencies in R(C,A?), (ii) decomposition of successful
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action sequences and (iii) optional external specifications pro-
vided through tool interfaces such as MCP or A2A protocols.

These candidate actions are then validated and either incor-
porated into Ay, or discarded based on their utility in im-
proving solution quality or expanding coverage of the action
space. This mechanism allows A* to be generated in a semi-
automated manner without modifying the underlying lan-
guage model C.

In the context of autonomous agents, A* represents a growing set
of actions that could be created by a developer, agent or extracted
from MCP/A2A protocols, which are not necessarily needed to
solve any problem, but are useful to improve the quality of the
solutions generated by the agent.

Finally, we define the expanded action space B* as the union of
the action basis B and a growing approximator A* C A:

B*=BUA* )

where A* = A7 at any fixed time step n. Thus, the expanded ac-
tion set retains the completeness guarantee of B, while incre-
mentally improving the reachability of the agent by granting
access to higher-level or composite actions.

Since B C A, and A* C A, it follows that B* C A. However, unlike
A, which is infinite and not practically accessible, B* is a finite
and incrementally extensible action set usable by real systems.

The development of an expanded action space, called as the ex-
pansion B* technique enables the cognition function to:

« Guarantee solvability for any problem p € P, due to the
completeness of B if the problem p is reachable by the LLM
(thus, if T.(C, p, B*) € R(C, B*))

« Improve the quality of generated solutions by incorporating
actions from A* approximating optimal plans.

« Scale incrementally, by adding actions to A* based on ob-
served needs or performance feedback, without modifying
C or retraining the model.

If the LLM C were ideal and could reason perfectly, then the
expansion B*would not be necessary, as the LLM could generate
optimal solutions using only the actions in B. However, since
LLMs are not perfect, the expansion B* allows to improve the
performance of the LLM by providing it with a growing set of
actions that can be used to generate better solutions.

The effectiveness of the expansion B* technique will be empiri-
cally evaluated in the next sections, where we will measure the
growth of reachable solutions R(C, B*) as A* increases.

4 | Experimental Setup

All experiments use a fixed prompt template instructing the
model to maximize the final number of live cells after 300 steps.
The model is restricted to selecting actions from B* via a struc-
tured tool-calling interface.

We set temperature =0 for deterministic comparisons in LLM
configurations, while LRM configurations use their default rea-
soning settings. The maximum number of tool calls per episode
is fixed across all configurations to ensure fairness.

To empirically validate the expansion technique B* it has
been considered an environment that meets the following
characteristics:

o Non-triviality: The environment must be sufficiently com-
plex so that the use of a direct or obvious strategy is not
enough to solve the problem. Additionally, this environment
must be highly sensitive to the input used, in such a way that
we can emulate real-world environments where the order
and selection of tools cannot be easily predefined by a single
prompt (such as in the case of fully controlling a computer).

o Completeness: The environment must contain an action
space B that is finite and complete, that is, that allows solv-
ing any problem posed in the environment (a fundamental
requirement for the expansion technique B*).

o Expandable: The environment must allow the incorpora-
tion of new actions into the action space A* incrementally,
with these actions always being compositions of actions in
B, and that can be used by the LLM to improve its perfor-
mance in problem solving.

o Measurable: The environment must allow the performance
of the LLM to be measured with a quantitative metric, so
that we can compare the result precisely without relying on
subjective interpretations

o Initially Unreachable: The environment must be complex
enough so that the solution is not within the reach of the
LLM through ‘memorization’ from other sources of infor-
mation. This means that although the LLM may have no-
tions of how to solve the problem, it should not know the
solution directly, but rather be capable of solving it through
the available actions.

In the experimental setup, the base action set B is defined as
the minimal set of primitive operations available in the environ-
ment: (i) placing a live cell in a selected grid position, (ii) remov-
ing a live cell and (iii) querying the current state of the board.
These actions are assumed to be sufficient to fully interact with
the Game of Life environment at a low level, but not necessarily
efficient for constructing complex configurations.

Given this set of requirements, the proposed environment
is Conway's Game of Life: Conway's Game of Life is a two-
dimensional environment where each cell can be alive or dead. At
each step, the board evolves according to simple rules based on
neighbouring cells, giving rise to complex and hard-to-predict be-
haviours. The tools available in B will be the basic actions of the
Game of Life, that is, placing a live cell, removing a live cell, and
viewing the state of the board. The actions in A* will be composite
actions that can be generated from the actions in B, such as ‘place
a row of live cells’, ‘remove a column of live cells’, etc. In this en-
vironment, the agent may define an initial pattern within a 200
X200 board where the number of live cells at the beginning of the
game is less than or equal to 50. The overall goal will be to maxi-
mize the number of live cells at the end of the game, after 300 steps
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have passed on the board and with the final cells being the result
of the board's evolution from the initial pattern.

The interaction between the LLM and the environment follows
a tool-calling loop, where the model C receives the current state
of the board and a description of the task, and must select one or
more actions from B* to apply. Each action is executed in the en-
vironment, which deterministically updates the board accord-
ing to the rules of the Game of Life. The updated state is then
returned to the model for the next decision step.

Each episode follows the procedure:

1. Initialize Game of Life environment.

2. Provide initial state to model C

3. Model selects action a € B* via prompt-based tool calling
4. Execute action in environment

5. Receive updated state

6. Repeat until termination (300 steps)

7. Compute final score
For A* generation:

1. Sample failure or suboptimal trajectories
2. Extract candidate action patterns
3. Propose new action via LLM or decomposition

4. Validate and add to A*if accepted

Note that the final result of the board will depend solely on the
initial pattern and the rules of the game, where the agent will
not be able to interact during intermediate steps, and the result
will be highly sensitive to the pattern used.

This environment meets the aforementioned requirements and
will be used with both LRMs and LLMs in order to compare the
performance of the expansion technique B* in both cases.

5 | Experiments and Results

The current section presents the results obtained from the ex-
periments conducted in the proposed environment, where the
performance of the LLMs will be evaluated as the action space
A* expands.

All experiments use a fixed prompt template that instructs the
model to maximize the final number of live cells after 300 steps,
while explicitly restricting action selection to the available set
B*. No task-specific prompt engineering beyond this instruction
was used.

5.1 | Evolution of Performance

Given the proposed environment, the first experiment con-
ducted consists of evaluating the performance obtained by

an LLM as the action space A* expands. For this, the OpenAl
model gpt-4o0-mini was used due to its balance between per-
formance and cost. The tool calling functionality is used to in-
teract with all the tools in B*.

For the generation of actions in A* no set of manually developed
or predefined actions was programmed; instead, the same LLM
model was used to generate, at each iteration of the experiment,
a new tool that would be added to the action space A*. This was
done to avoid possible biases in the action space that could vio-
late the environment's non-triviality property. This action gen-
eration process was carried out completely independently and
without information, memory or context from previous runs of
the environment, so that the model creating the actions could
not ‘correct’ errors made in previous iterations.

To mitigate potential bias in the construction of A* the gener-
ation of new actions is performed using the same model C but
with strict separation between generation and execution con-
texts. Specifically, the tool-generation process has no access to
performance outcomes from the experimental runs and is ex-
ecuted independently for each run without shared memory or
cross-run information.

This design avoids direct optimization of A* towards observed
test-time performance and ensures that improvements in B*
arise from structural action-space expansion rather than closed-
loop adaptation to specific trajectories.

In total, 1300 runs were performed. The first 500 were done
with 20 players with a number of actions in A* varying between
0 and 25 actions (always adding the action space B as a base). Itis
important to note that the actions in A* are not the same among
different players, meaning that each player generated a different
set of actions, which allows evaluating the performance of the B*
expansion independently of the generated actions.

The remaining 800 runs were conducted in a second experiment
with 20 players, and up to 40 rounds of expanded action space
A*, to evaluate the performance of the B* expansion in an even
larger space.

Figure 3 (left) shows the evolution of the median score as the size of
the extended action space A* increases. We observe a clear upward
trend: during the initial rounds, the agent tends to stabilize around
50 points, which roughly corresponds to the number of alive cells it
is allowed to place initially. This indicates that the LLM, when lim-
ited to the base action set B, primarily discovers configurations that
do not leverage the full dynamical potential of the environment.

However, starting around round 7, there is an abrupt increase
in performance. This inflexion point reflects the influence of
higher-level actions via A*, which appear to unlock novel strate-
gies that go beyond simple cell placements. The trend stabilizes
gradually, reaching median values close to 100 points (double
the initial score) by round 25.

Figure 3 (right) complements this analysis by displaying the
full distribution of scores across all rounds. In early stages (low
| A* |), score distributions are tightly concentrated, reflecting
the agent's limited capacity to explore diverse outcomes. Most

Expert Systems, 2026

7 of 11

85USD| 7 SUOWIWOD BAITER.D) 3ot dde auy Aq peusenob ake ssppiie YO ‘8sn JO Se|nJ oy Akeiqi8uluQ 8|1\ UO (SUONIPUOD-PUR-SWSIAW0D" AB| 1M AReIq Ul juOy/:Sdny) SUONIPUOD pue swie | 8Y) 88S *[9202/90/6T] Uo Ariqiaulluo 8|1 ‘(Pepiues sp oLeISIUIA) UOSINOI [UOIEN SURIY0D Usiueds Aq £6£0/ ASXe/TTTT OT/I0P/L0D A3 | Aleiqpul|uo//:Ssdiy Wolj pepeojumod ‘g ‘9Z0Z ‘v6E089YT



scores cluster near the initial placement baseline, with mini-
mal deviation.

As the action space expands, we observe a pronounced increase
in score variance. This is expected in highly sensitive environ-
ments like Conway's Game of Life, where small variations in
initial conditions can lead to radically different outcomes after
300 simulation steps. The LLM, now equipped with richer tools,
is able to explore a broader range of strategies-some highly ef-
fective, others less so-resulting in both higher peak scores and
greater dispersion. This behaviour aligns with the hypothe-
sis that expanding the action space B* = BU A* enhances the
agent's effective reach R (B*), not only in median performance
but also in diversity of achievable solutions.

When repeating and extending the same experiment to 40
rounds (Figure 4), we observe that the median performance

180
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maintains stable, indicating that the reach of the LLM has
saturated under the current cognitive function T.. This sug-
gests that further gains are no longer driven by the growth of
the action space B* but instead depend on the model's inher-
ent ability C to reason over increasingly complex and abun-
dant tools.

Nevertheless, a noteworthy trend emerges in the latter rounds:
the dispersion of scores begins to narrow. While earlier stages
showed a wide variance due to the chaotic nature of the en-
vironment and the exploratory nature of the model, rounds
approaching iteration 40 display consistently high scores cen-
tered around 100, with reduced variability across runs. This
indicates that as the action space becomes richer, the model
not only retains high performance but also gains in robust-
ness, consistently selecting more effective strategies with less
reliance on stochastic search.
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FIGURE 3 | Score evolution as the A* action space increases. Left: Median final score over 25 expansion rounds. The green line shows the ob-

served median values, while the red dashed line indicates a fitted trend over the rounds. Right: Distribution of final scores across the same trials,

represented using box plots for each expansion round.
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FIGURE 5 | Boxplot comparison of the four tested configurations. The figure shows the distribution of final scores for each setup. The LLM+B*
configuration exhibits a higher median score than the LRM configuration, although the LRM shows a wider score range. The LRM+B* configuration

achieves both higher median values and higher maximum observed scores compared to the other setups.

5.2 | Comparative Analysis With LRMs

To validate the effectiveness of the expansion B* against tradi-
tional reasoning strategies, four configurations have been de-
fined reusing the B* sets generated in the previous experiment.
The objective will be the same as in the previous experiment: to
maximize the number of alive cells; only the language model
used and the number of available actions (without including
prior information or additional hints) will change.

First, an LLM with access only to the base set B will be consid-
ered, which is complete but requires the model to combine basic
sequences by itself. Next, the same LLM is evaluated with access
to the expanded set B* (extracted at each evaluation from round
40 of a random player from the previous experiment), allowing
it to use higher-level previously generated actions.

On the other hand, two reasoning variants (LRM) are com-
pared: one operating only with B, and another that has the B*
set. These configurations allow analysing the combined effect
of reasoning and expansion on the final performance. This will
allow evaluating whether even an LRM can benefit from the B*
expansion or if, on the contrary, reasoning alone is sufficient to
reach optimal performance.

Both LLM and LRM configurations use identical prompts, iden-
tical tool interfaces, and identical environmental constraints.
The number of tool calls and episode length (300 steps) are fixed
across all experiments to ensure controlled comparison. The
only variables are the underlying model and the available action
space (Bvs. B¥).

In this second experiment, the gpt-4o-mini model was
used as the base model and c4-mini as the LRM trained on
the reasoning techniques previously described. One hundred
twenty runs were performed (30 runs for each of the models

configurations, both with and without expansion of the action
space B*). As seen in Figure 5, the LLM without reasoning, lim-
ited to the base set B, tends to get stuck in the initial configura-
tion similarly to the previous experiment.

In contrast, the LRM applied over the same base set shows a
markedly different dynamic: although it occasionally achieves
much higher scores, it does so with extreme dispersion. The
higher variance observed in LRM configurations suggests in-
creased stochasticity in reasoning trajectories under constrained
action spaces, leading to inconsistent exploitation of partially
optimal strategies. Surprisingly, this reasoning variant is outper-
formed by the LLM without explicit reasoning thanks to the use
of the B* expansion technique, obtaining a higher median and a
much more stable distribution of results. This behaviour points
out that, in the absence of specialized tools, unstructured rea-
soning may degrade the overall quality of solutions, generating
higher variance without providing systematic improvements.

Finally, enabling the B* expansion shows that the LRM can also
benefit significantly. The use of B* tools drastically substantially
raises the median, allowing not only higher results to be reached
but also doing so more consistently.

Table 1 offers a simplified quantitative summary of the results
obtained by each configuration. We observe that the B* expan-
sion consistently improves the median score across both LLM
and LRM models, with the LLM achieving a median of 93 points
and the LRM reaching 253 points.

To complement the summary statistics, we note that the re-
ported ranges reflect the inherent stochasticity of both the en-
vironment and the action selection process. In particular, zero
scores correspond to runs in which the agent fails to construct
any stable or beneficial configuration within the initial steps,
leading to rapid extinction of live cells under the Game of Life
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TABLE 1 | Summary of Experiment 2. This table provides a
simplified quantitative overview of the results obtained by each
configuration.

Model B*expansion Median Total range
gpt-4o-mini — 50 0-820
gpt-4o-mini v 93 30-1292
o4-mini — 40 0-1504
o4-mini v 253 0-1870

dynamics. These cases are more frequent in configurations
without B*, and become progressively rarer as the action space
expands.

To assess statistical significance, we perform pairwise non-
parametric comparisons using the Mann-Whitney U test across
all experimental configurations, applying Bonferroni correction
to account for multiple comparisons. Specifically, we compare
LLM versus LLM+B* LRM versus LRM+B* and LLM+B* ver-
sus LRM+B*.

In addition to hypothesis testing, we report effect sizes using
Cliff's Delta to quantify the magnitude of performance differ-
ences, together with 95% bootstrap confidence intervals for me-
dian scores to capture uncertainty in the estimates.

The results confirm that all configurations incorporating B*
exhibit statistically significant improvements over their non-
expanded counterparts (p < 0.01after correction), with medium-
to-large effect sizes, and stable confidence intervals that do not
overlap with baseline configurations.

6 | Discussion and Conclusions

Throughout this article, we have examined the current trend of
optimizing autonomous agents by optimizing reasoning strate-
gies, leaving these agents with a theoretically sufficient set of
tools to solve the posed problems; however, later we have seen
that completeness does not guarantee optimality. This optimal-
ity is clearly reflected in those problems where the action space
is infinite, where LLMs present difficulties in selecting the most
appropriate tools to solve the problem.

To address this issue, the expansion technique B* is proposed,
derived from a formal analysis of the action space and the cogni-
tion function, which has allowed us to improve the performance
of both LLMs and LRMs in a complex and sensitive environ-
ment, such as Conway's Game of Life. This study aims to show
the limitations of purely cognitive strategies and present an al-
ternative in which it is not enough to have sufficient tools, but
redundancy, composition, and even the creation of tools that
only simplify the interaction with the environment can improve
the performance of autonomous agents, even surpassing the
performance of LRM based agents.

We believe this approach aligns with the adoption of tools
such as MCP/A2A and the creation of more and more tools by

autonomous agents, as these will allow agents to substantially
improve the performance of general-purpose agents and take a
step closer to AGI (Artificial General Intelligence).

7 | Limitations

Despite the observed improvements, the proposed B* expansion
technique introduces several practical limitations.

First, as the expanded action space A* grows, the cognitive load
on the language model increases due to the need to select among
a larger set of candidate actions. This may introduce a ‘paradox
of choice’ effect, where overly rich action spaces can degrade de-
cision quality if not properly structured or ranked.

Second, the automatic generation of actions introduces addi-
tional computational overhead, as each expansion step requires
either LLM inference or decomposition-based synthesis. While
this process is amortized over multiple executions, it may still
represent a non-trivial cost in real-world deployments.

Third, the effectiveness of B* may depend on the structure of the
task. In highly sequential or syntax-constrained domains (e.g.,
program synthesis or formal verification), naive action expan-
sion may not yield improvements unless the generated actions
preserve strict semantic correctness.

Finally, the current evaluation is limited to a single controlled
environment (Conway's Game of Life). While this environment
provides a measurable and highly sensitive testbed, it does not
cover domains such as API planning, symbolic reasoning or
real-world tool orchestration. Future work will extend B* evalu-
ation to additional benchmarks such as tool-use planning tasks
and structured reasoning environments.

8 | Replicability

All the code used for generating the experiments and evalu-
ating the results is available in the GitHub repository: https://
github.com/SamthinkGit/Bstar-Expansion. More instructions
on replicating the experiments can be found in the repository,
which includes the scripts for environment creation and results
evaluation.
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