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Abstract—The emergence of Large Language Models (LLMs) has cat-
alyzed a paradigm shift in autonomous agent research, enabling a new
generation of systems that leverage the knowledge and reasoning ca-
pabilities embedded within these models to tackle complex tasks across
diverse domains. This survey provides a comprehensive examination of
LLM-based autonomous agents, organizing the rapidly growing body of
work through the Brain-Perception-Action (BPA) framework—a unified
taxonomy that conceptualizes agent architectures through three funda-
mental modules: the Brain Module for reasoning, planning, and decision-
making; the Perception Module for environmental sensing and state
representation; and the Action Module for tool use, output generation,
and physical interaction.

We systematically review over 150 papers spanning the period from
2022 to early 2025, covering architectural innovations in planning sys-
tems (Chain-of-Thought, Tree-of-Thought, Graph-of-Thought reason-
ing), memory systems (working memory, episodic memory, procedural
memory), tool use and function calling, and multi-agent collaboration
patterns. The survey examines applications across six major domains—
code development, web navigation, gaming, robotics and embodied Al,
scientific research, and personal assistants—analyzing domain-specific
adaptations and cross-domain patterns.

We further provide a systematic analysis of evaluation method-
ologies, benchmarks, and metrics, identifying critical gaps between
benchmark performance and real-world deployment reliability. Safety
and alignment considerations are examined throughout, reflecting their
critical importance as agents become increasingly capable and au-
tonomous. Finally, we identify key open challenges including long-
horizon planning, robust memory systems, reliable tool use, and scal-
able multi-agent coordination, while outlining promising research direc-
tions for the field.

This survey serves as both a comprehensive reference for re-
searchers entering the field and a roadmap for future development of
more capable, reliable, and safe autonomous agents.

Index Terms—Large Language Models, Autonomous Agents, Atrtificial
Intelligence, Agent Architecture, Multi-Agent Systems, Tool Learning,
Planning, Memory Systems.

1 INTRODUCTION
1.1 Motivation

The pursuit of autonomous agents—artificial systems ca-
pable of perceiving their environment, reasoning about
goals, and taking actions to achieve those goals without
continuous human oversight—has been a central theme in
artificial intelligence research since its inception [Russell
and Norvig(2020)]. From early symbolic agents operating

in constrained domains to modern reinforcement learning
systems mastering complex games, the field has witnessed
remarkable progress. However, a fundamental challenge
has persisted: how to build agents that possess sufficient
knowledge, reasoning capability, and adaptability to operate
effectively across diverse, open-ended environments.

The emergence of Large Language Models (LLMs) has
catalyzed a paradigm shift in autonomous agent research.
Models such as GPT-4, Claude, and LLaMA, trained on vast
corpora of text spanning virtually every domain of human
knowledge, have demonstrated unprecedented capabilities
in natural language understanding, generation, and reason-
ing [Brown et al.(2020)]. This development has given rise
to a new generation of LLM-based autonomous agents that
leverage the knowledge and reasoning abilities embedded
within these models to tackle complex tasks that were
previously intractable for traditional agent architectures.

The significance of this development cannot be over-
stated. Unlike traditional agents that require extensive
domain-specific training or hand-crafted knowledge bases,
LLM-based agents can be rapidly deployed to novel tasks
through natural language instructions, exhibit emergent
reasoning capabilities, and adapt to new situations through
in-context learning. This flexibility has sparked an explosion
of research activity, with hundreds of papers published
in the past two years exploring various aspects of LLM-
based agents, from architectural innovations to application
domains.

The rapid pace of development, while exciting, has cre-
ated challenges for researchers and practitioners attempt-
ing to navigate this evolving landscape. The diversity of
approaches, the lack of standardized terminology, and the
absence of a unified framework for comparing different
systems have made it difficult to identify key advances,
understand their relationships, and determine promising
directions for future research. This survey aims to address
these challenges by providing a comprehensive, systematic
review of the field.

1.2 Problem Definition

Before proceeding, it is essential to establish a clear defini-
tion of what constitutes an autonomous agent in the context
of this survey. Drawing from both classical Al literature and



recent developments, we define an LLM-based autonomous
agent as follows:

[LLM-based Autonomous Agent] An LLM-based au-
tonomous agent is a computational system that: (1) utilizes a
Large Language Model as its core reasoning engine; (2) can
perceive information from its environment through various
modalities; (3) can take actions to affect change in that
environment, including but not limited to tool use, code
execution, and physical actuation; (4) operates with some
degree of autonomy in pursuing specified goals; and (5)
can adapt its behavior based on feedback and accumulated
experience.

This definition distinguishes LLM-based agents from
several related concepts. Unlike standalone LLMs that sim-
ply generate text in response to prompts, autonomous
agents maintain persistent state, interact with external envi-
ronments, and execute multi-step plans. Unlike traditional
software agents with fixed behavioral rules, LLM-based
agents can reason about novel situations and adapt their
strategies accordingly. Unlike pure reinforcement learning
agents, they leverage the vast knowledge encoded in pre-
trained language models, enabling them to operate effec-
tively with minimal task-specific training.

The architecture of LLM-based agents can be understood
through the Brain-Perception-Action (BPA) framework, which
organizes agent capabilities into three fundamental mod-
ules [Wang et al.(2023b)], [Sumers et al.(2024)]:

e Brain Module: The central cognitive processing unit
responsible for reasoning, planning, memory man-
agement, and decision-making. This module lever-
ages the LLM’s capabilities for chain-of-thought rea-
soning [Wei et al.(2022a)], tree-of-thought explo-
ration [Yao et al.(2023b)], and other sophisticated
reasoning patterns.

e Perception Module: The interface through which
the agent acquires information from its environment.
This includes textual perception (natural language
understanding), visual perception (image and video
analysis), auditory perception, and structured data
perception (databases, knowledge graphs).

e Action Module: The mechanisms through which
the agent affects change in its environment. This
encompasses tool use and API invocation [Schick
et al.(2023)|], code generation and execution, natural
language output, and in embodied systems, physical
actions such as navigation and manipulation.

This framework provides a principled basis for analyz-
ing and comparing different agent architectures, identify-
ing component-level innovations, and understanding the
design space of autonomous agents.

1.3 Scope of Survey

This survey provides a comprehensive review of LLM-
based autonomous agents, covering the period from 2022
to early 2025, with particular emphasis on works published
since the introduction of foundational frameworks such as
ReAct [Yao et al.(2023d)] and Chain-of-Thought prompt-
ing [Wei et al.(2022a)|]. The scope is delineated along several
dimensions:
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Technical Scope: We focus on agents that use LLMs as
their primary reasoning engine, including both single-agent
systems and multi-agent collaborations. We cover the full
spectrum of agent capabilities including planning, memory,
tool use, and multi-agent coordination. We exclude purely
reinforcement learning-based agents that do not incorporate
LLM reasoning, as well as traditional symbolic agents that
predate the LLM era.

Application Domains: We examine applications across
diverse domains including software engineering (code
agents), web navigation, game playing, embodied Al and
robotics, scientific discovery, healthcare, finance, and per-
sonal assistance. This breadth reflects the versatility of LLM-
based agents and enables cross-domain insights.

Evaluation and Safety: We dedicate substantial atten-
tion to evaluation methodologies, benchmarks, and safety
considerations, recognizing these as critical factors for the
responsible development and deployment of autonomous
agents [Ma et al.(2025)].

Exclusions: We do not provide detailed coverage of LLM
training methodologies, prompt engineering techniques di-
vorced from agent applications, or multi-agent reinforce-
ment learning systems that do not incorporate LLM-based
reasoning. These topics, while important, are better ad-
dressed in dedicated surveys.

The survey is informed by a systematic literature review
process. We searched major academic databases (arXiv, ACL
Anthology, NeurIPS Proceedings, ICLR Open Review) using
keywords including “autonomous agents,” “LLM agents,”
“language agents,” “multi-agent systems,” and “embodied
AL” We prioritized highly-cited papers, papers from top-tier
venues, and papers introducing significant methodological
innovations. Our final corpus includes over 150 papers
spanning the full range of topics covered in this survey.

1.4 Contributions

This survey makes the following contributions to the field:

1) Unified Framework: We present the Brain-
Perception-Action (BPA) taxonomy as a unified
framework for understanding, comparing, and
developing LLM-based autonomous agents. This
framework synthesizes insights from cognitive ar-
chitectures [Sumers et al.(2024)], multi-agent sys-
tems literature, and recent advances in LLM-based
agents to provide systematic organization of the
field.

2) Comprehensive Taxonomy: We develop a detailed
hierarchical taxonomy covering all major com-
ponents of autonomous agents, including plan-
ning systems (task decomposition, reasoning meth-
ods, plan optimization), memory systems (sensory,
working, and long-term memory), perception mech-
anisms, action execution (tool use, output genera-
tion, physical actions), and multi-agent collabora-
tion patterns.

3) Systematic Literature Review: We provide a com-
prehensive review of over 150 papers, organizing
them according to our taxonomy and identifying
key trends, innovations, and relationships among



different approaches. This addresses the fragmen-
tation in current literature and provides researchers
with a coherent map of the field.

4) Cross-Domain Analysis: We analyze agent applica-
tions across multiple domains, identifying common
patterns, domain-specific adaptations, and opportu-
nities for cross-pollination of ideas. This enables re-
searchers from different application areas to benefit
from innovations in other domains.

5) Evaluation Landscape: We survey the rapidly
evolving landscape of agent evaluation, covering
benchmarks, evaluation frameworks, and metrics.
We identify gaps in current evaluation practices and
propose directions for more comprehensive assess-
ment.

6) Safety and Alignment: We dedicate attention to
safety considerations, reviewing threats, defense
mechanisms, and alignment approaches specific to
autonomous agents. This reflects the critical impor-
tance of safety as agents become more capable and
autonomous.

7)  Future Directions: We identify key open challenges
and promising research directions across all aspects
of autonomous agents, from fundamental architec-
tural questions to practical deployment considera-
tions.

1.5 Relation to Existing Surveys

Several surveys have addressed aspects of LLM-based
agents. Wang et al. [Wang et al.(2023b)|] provided an early
comprehensive survey focusing on agent construction, ap-
plications, and evaluation. Sumers et al. [Sumers et al.(2024)|
proposed the CoALA framework for understanding lan-
guage agents through the lens of cognitive architectures. Liu
et al. [Liu et al.(2024a)] surveyed embodied Al with empha-
sis on multi-modal large models. Ma et al. [Ma et al.(2025)|
provided an extensive review of safety considerations for
large models and agents.

This survey complements and extends these works in
several ways. First, we provide a more comprehensive and
up-to-date coverage of the field, incorporating numerous
papers published after previous surveys. Second, our BPA
taxonomy offers a different organizational perspective that
emphasizes the functional decomposition of agent capabil-
ities. Third, we provide more extensive coverage of multi-
agent systems, an area of growing importance. Fourth, we
offer deeper analysis of the relationships between differ-
ent approaches and clearer identification of research gaps.
Finally, we integrate safety and evaluation considerations
throughout the survey rather than treating them as separate
topics.

1.6 Paper Organization

The remainder of this survey is organized as follows:
Section [2| provides background on the historical devel-
opment of autonomous agents, foundational LLM capabil-
ities that enable agent applications, and key concepts from
multi-agent systems that inform current research.
Section [3| presents our Brain-Perception-Action taxon-
omy in detail, covering planning and reasoning systems,
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memory architectures, tool use mechanisms, and multi-
agent collaboration patterns within a unified framework.

Section [4 surveys application domains, including code
agents, web navigation, game playing, embodied Al, scien-
tific discovery, healthcare, finance, and personal assistants.

Section E] covers evaluation methodologies, benchmarks,
and metrics for assessing agent capabilities across different
dimensions, including safety considerations.

Section [f|identifies open challenges and future research
directions across all aspects of autonomous agents.

Section [7] concludes with a summary of key insights and
a vision for the future of autonomous agents.

Throughout the survey, we use consistent terminology
and notation, provide cross-references between related top-
ics, and highlight connections between different sections.
We aim to make this survey accessible to readers from
diverse backgrounds while maintaining the technical depth
expected by domain experts.

2 BACKGROUND

This section provides the foundational context for un-
derstanding LLM-based autonomous agents. We trace the
historical evolution of agent systems from early symbolic
approaches to modern neural architectures, introduce the
fundamentals of large language models, and discuss the
paradigm shift that has enabled the emergence of au-
tonomous agents powered by LLMs.

2.1 The Evolution of Agent Systems

The concept of an autonomous agent—a computational
system capable of perceiving its environment and taking
actions to achieve specified goals—has been central to artifi-
cial intelligence research since its inception. The evolution of
agent architectures reflects broader shifts in Al paradigms,
from symbolic reasoning to statistical learning and, most
recently, to neural approaches grounded in large-scale pre-
training.

2.1.1 Symbolic Al and Classical Agent Architectures

The earliest agent systems emerged from the symbolic Al
tradition, also known as “Good Old-Fashioned AI” (GO-
FAI), which dominated the field from the 1950s through
the 1980s. These systems operated on the principle that
intelligence could be realized through the manipulation of
symbolic representations using explicit rules and logical
inference mechanisms. Agent architectures from this era,
such as expert systems and planning agents, relied on hand-
crafted knowledge bases and reasoning engines that could
derive conclusions from explicitly represented facts and
rules.

A significant advancement in classical agent architec-
ture came with the development of cognitive architectures
such as SOAR [Laird et al.(1987)] and ACT-R [Ander-
son and Lebiere(1996)], which provided integrated frame-
works for modeling human cognition. These architectures
incorporated modules for declarative memory, procedu-
ral knowledge, and goal-directed reasoning, establishing
design patterns that continue to influence modern agent
systems. The Belief-Desire-Intention (BDI) architecture [Rao



and Georgeff(1995) further advanced agent design by pro-
viding a formal framework for practical reasoning, enabling
agents to maintain mental attitudes and select actions based
on their beliefs about the world, their desires, and their
intentions.

However, symbolic agent systems faced fundamental
limitations. The “knowledge acquisition bottleneck”—the
challenge of manually encoding the vast knowledge re-
quired for general intelligence—proved insurmountable for
many real-world applications. Furthermore, these systems
lacked robustness in the face of uncertainty and could not
easily adapt to novel situations outside their programmed
knowledge.

2.1.2 Reinforcement Learning Agents

The limitations of symbolic approaches motivated the devel-
opment of learning-based agent architectures, particularly
those grounded in reinforcement learning (RL). In the RL
paradigm, agents learn optimal behavior through interac-
tion with an environment, receiving feedback in the form
of rewards or penalties. This approach enabled agents to
acquire complex behaviors without explicit programming,
demonstrating remarkable success in domains ranging from
game playing [Silver et al.(2016)|] to robotic control [Levine
et al.(2018)].

Multi-agent systems research extended these ideas to
settings where multiple agents interact, studying coor-
dination, communication, and competition [Albrecht and
Stone(2018)]. Deep reinforcement learning, combining RL
with neural network function approximation, further ex-
panded the capabilities of learning-based agents, achieving
superhuman performance in complex games such as Go and
StarCraft.

Despite these successes, RL-based agents faced their
own challenges. They required extensive interaction with
their environments to learn effective policies, struggled with
sparse reward settings, and had difficulty generalizing be-
yond their training distributions. The sample inefficiency
of RL methods and their reliance on carefully designed
reward functions limited their applicability to many real-
world scenarios.

2.1.3 The Neural-Symbolic Transition

The emergence of large language models has catalyzed a
new paradigm in agent design that bridges neural and
symbolic approaches. Unlike traditional RL agents that learn
from environment interaction, LLM-based agents leverage
knowledge acquired from massive text corpora during pre-
training. This knowledge includes not only factual informa-
tion but also procedural knowledge about how to approach
problems, reason through complex tasks, and interact with
tools and systems.

Figure |1] illustrates the key milestones in the develop-
ment of LLM-based autonomous agents from 2022 to 2025.

This transition represents a fundamental shift in how
agents acquire and deploy knowledge. Rather than learning
behaviors from scratch through environmental interaction,
LLM-based agents begin with a rich foundation of world
knowledge and reasoning capabilities, which can be di-
rected toward specific tasks through prompting and fine-
tuning. This approach addresses many limitations of both
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symbolic and RL-based agents: it eliminates the knowledge
acquisition bottleneck, provides strong generalization capa-
bilities, and enables rapid adaptation to new tasks without
extensive training.

2.2 Large Language Model Fundamentals

Large Language Models form the cognitive foundation of
modern autonomous agents. Understanding their architec-
ture, capabilities, and limitations is essential for compre-
hending how they can be integrated into agent systems.

2.2.1 Transformer Architecture

The transformer architecture, introduced by Vaswani et
al. with the landmark “Attention Is All You Need” paper,
fundamentally transformed natural language processing
and enabled the development of modern LLMs. The key
innovation of the transformer is the self-attention mecha-
nism, which allows the model to weigh the importance of
different parts of the input when producing each element of
the output. This parallelizable architecture replaced the se-
quential processing of recurrent neural networks, enabling
training on much larger datasets.

The transformer consists of an encoder and decoder,
each composed of stacked layers of self-attention and feed-
forward networks. Modern LLMs typically use decoder-
only variants, which are trained to predict the next token in
a sequence given the preceding context. This autoregressive
training objective, combined with massive scale—both in
terms of parameters and training data—has proven remark-
ably effective at inducing general language understanding
and generation capabilities.

2.2.2 Pretraining and Scaling

The development of the GPT (Generative Pre-trained Trans-
former) series demonstrated the power of pretraining on
large text corpora. GPT-2 showed that a language model
trained on diverse web text could generate coherent, contex-
tually appropriate continuations across a wide range of top-
ics. GPT-3 [Brown et al.(2020)] dramatically scaled this ap-
proach to 175 billion parameters, revealing that sufficiently
large models exhibit emergent capabilities not present in
smaller models.

A crucial discovery was that large language models can
perform tasks through few-shot or zero-shot learning—that
is, by providing examples or instructions in the prompt
without updating model parameters. This in-context learn-
ing capability enables LLMs to adapt to new tasks at in-
ference time, a property that is fundamental to their use
in agent systems where flexibility and rapid adaptation are
essential.

The scaling laws governing language model perfor-
mance [Kaplan et al.(2020)] established predictable rela-
tionships between model size, dataset size, and perfor-
mance, motivating continued scaling. Models such as GPT-
4, Claude, and LLaMA have pushed the boundaries of scale
and capability, demonstrating increasingly sophisticated
reasoning, knowledge synthesis, and instruction-following
abilities.
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Fig. 1: Timeline of key developments in LLM-based autonomous agents from 2022 to 2025. The Foundation Era established
core reasoning frameworks. The Expansion Era saw rapid growth in agent architectures and multi-agent systems. The
Maturation Era focuses on sophisticated memory systems and evaluation benchmarks.

2.2.3 Reasoning Capabilities and Chain-of-Thought

A significant advancement in leveraging LLMs for complex
tasks came with the development of chain-of-thought (CoT)
prompting [Wei et al.(2022a)]. Wei et al. demonstrated that
prompting language models to generate intermediate rea-
soning steps before producing a final answer significantly
improves performance on arithmetic, commonsense, and
symbolic reasoning tasks. This finding revealed that LLMs
possess latent reasoning capabilities that can be elicited
through appropriate prompting strategies.

The Tree of Thoughts (ToT) framework [Yao et al.(2023b)|
extended this approach by enabling exploration over mul-
tiple reasoning paths, allowing models to deliberate, back-
track, and evaluate different approaches to problem-solving.
These reasoning frameworks are foundational to agent sys-
tems, which must often plan, reason about goals, and make
decisions in complex environments.

2.3 From Language Models to Autonomous Agents

The transition from LLMs as static language processors to
dynamic autonomous agents represents a paradigm shift in
Al system design. This transformation has been enabled

by key methodological innovations that bridge the gap
between language understanding and goal-directed action.

2.3.1 Reasoning and Acting: The ReAct Paradigm

The ReAct (Reasoning and Acting) framework [Yao
et al.(2023d)] marked a pivotal moment in the development
of LLM-based agents. Yao et al. demonstrated that interleav-
ing reasoning traces with task-specific actions enables LLMs
to interact with external environments while maintaining
coherent goal-directed behavior. In the ReAct paradigm, the
model generates thoughts that help track progress, plan next
steps, and handle exceptions, while actions allow it to query
external knowledge sources or interact with environments.

This synergistic combination addresses key limitations of
pure reasoning approaches: reasoning traces help the model
induce, track, and update action plans, while actions pro-
vide grounding in external information and environments.
ReAct demonstrated significant improvements on ques-
tion answering, fact verification, and interactive decision-
making tasks, establishing a template for subsequent agent
architectures.



2.3.2 Tool Use and Function Calling

The ability to use external tools significantly extends the
capabilities of LLM-based agents beyond their parametric
knowledge. Tool use enables agents to access up-to-date
information, perform precise computations, and interact
with external systems and APIs. This capability transforms
LLMs from isolated language processors into components
of larger systems that can effect change in the world.

Tool-augmented agents must address several challenges:
determining when tool use is necessary, selecting appropri-
ate tools from available options, constructing correct tool
invocations, and integrating tool outputs into ongoing rea-
soning. Various approaches have been developed to address
these challenges, including retrieval-based tool selection,
learning-based methods, and structured prompting strate-
gies that guide models through tool-use workflows.

2.3.3 Memory and Long-Term Reasoning

Effective autonomous agents require memory systems that
extend beyond the limited context windows of language
models. Drawing inspiration from cognitive science, re-
searchers have developed memory architectures that distin-
guish between working memory (active information being
processed), episodic memory (records of past experiences),
and semantic memory (general knowledge).

Memory-augmented agents can store and retrieve rele-
vant experiences, learn from past interactions, and maintain
consistent behavior over extended time periods. These capa-
bilities are essential for tasks requiring long-term planning,
personalization, or accumulation of knowledge through
experience. The integration of retrieval mechanisms with
LLMs has proven particularly effective, enabling agents to
access relevant information from large knowledge bases
during reasoning.

2.3.4 Multi-Agent Systems

The agent paradigm naturally extends to settings where
multiple specialized agents collaborate to achieve complex
goals. Multi-agent systems built on LLMs can decompose
tasks among agents with different roles, enable peer review
and quality control, and implement hierarchical control
structures with manager and worker agents.

These systems draw on both the classical multi-agent
systems literature and the cognitive architectures tradition,
combining explicit coordination mechanisms with the flexi-
ble reasoning capabilities of LLMs. Applications range from
software development teams to scientific discovery systems,
demonstrating the power of collaborative agent architec-
tures.

2.3.5 A Unified Framework: Brain-Perception-Action

The Brain-Perception-Action (BPA) framework [Wang
et al.(2023a)|], [Sumers et al.(2024)] provides a unified per-
spective for understanding LLM-based autonomous agents.
In this framework:

e Brain: The LLM serves as the central cognitive pro-
cessing unit, responsible for reasoning, planning,
memory management, and decision-making. This
module draws on the emergent capabilities of large
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language models to process information, generate
plans, and select actions.

e Perception: Input modules acquire and process infor-
mation from the environment, transforming raw sen-
sory inputs (text, images, structured data) into repre-
sentations suitable for cognitive processing. Percep-
tion enables the agent to understand its current state
and relevant context.

e Action: Output modules execute decisions through
tool use, natural language generation, code exe-
cution, or physical actuation. The action module
bridges the gap between the agent’s internal reason-
ing and external effects.

This framework synthesizes insights from cognitive
science with the practical requirements of building au-
tonomous systems, providing both a conceptual lens for
understanding existing work and a design pattern for de-
veloping new agent architectures. The modular structure
enables systematic improvement of individual components
while maintaining overall system coherence.

The emergence of LLM-based autonomous agents rep-
resents not merely an incremental advance but a funda-
mental reconceptualization of how intelligent systems can
be built. By leveraging the knowledge and reasoning ca-
pabilities acquired through large-scale pretraining, these
systems address longstanding challenges in agent design
while opening new possibilities for human-AlI collaboration
and autonomous problem-solving.

3 AGENT ARCHITECTURE

The architecture of an autonomous agent defines its struc-
tural organization, determining how it perceives the envi-
ronment, processes information, makes decisions, and ex-
ecutes actions. Drawing inspiration from cognitive science
and biological systems, we organize our discussion around
the Brain-Perception-Action (BPA) paradigm, which pro-
vides a unified framework for understanding and com-
paring diverse agent architectures [Sumers et al.(2024)].
This paradigm aligns with the Cognitive Architectures for
Language Agents (CoALA) framework, which emphasizes
modular memory components, structured action spaces,
and generalized decision-making processes.

3.1 Overview of the BPA Framework

The Brain-Perception-Action framework conceptualizes au-
tonomous agents through three fundamental modules that
work in concert to enable intelligent behavior:

e Brain Module: Serves as the central cognitive pro-
cessing unit, responsible for reasoning, planning,
memory management, and decision-making. This
module acts analogously to the human prefrontal
cortex, orchestrating high-level cognitive functions.

o Perception Module: Handles information acquisi-
tion and processing from the environment, trans-
forming raw sensory inputs into structured repre-
sentations suitable for cognitive processing. This par-
allels biological sensory systems such as vision and
hearing.



e Action Module: Executes decisions through tool
use, output generation, and physical interactions,
enabling the agent to affect changes in its environ-
ment. This corresponds to motor systems and tool
manipulation capabilities in biological agents.

These three modules are interconnected through infor-
mation flows that form a perception-cognition-action loop,
enabling agents to interact with their environments in a
goal-directed manner. Figure [2] illustrates the overall BPA
framework architecture.

The following sections examine each module in detail,
along with the critical dimension of multi-agent collabo-
ration that emerges when multiple agents coordinate their
activities.

3.2 Brain Module: Planning and Reasoning

The Brain Module constitutes the cognitive core of an
autonomous agent, encompassing the computational pro-
cesses that enable planning, reasoning, and decision-
making. This module determines how agents decompose
complex tasks, select appropriate strategies, and adapt their
behavior based on feedback.

3.2.1 Planning Systems

Planning systems generate sequences of actions to achieve
specified goals while considering constraints and available
resources. We identify three primary approaches to planning
in LLM-based agents:
3.2.1.1 Task Decomposition: Complex tasks often

require decomposition into manageable sub-tasks. The Re-
Act framework [Yao et al.(2023d)|] pioneered an interleaved
approach where reasoning traces and task-specific actions
alternate, enabling agents to induce, track, and update
action plans dynamically. This synergy between reasoning
and acting allows agents to handle exceptions and gather
additional information through environment interaction.

Task decomposition strategies can be categorized along
a spectrum from single-step to hierarchical planning:

o Single-step Planning: Generate one action at a time
based on current state, providing flexibility but re-
quiring more inference calls.

e Multi-step Sequential Planning: Generate complete
action sequences before execution, enabling opti-
mization of the overall plan but reducing adaptabil-
ity.

e Hierarchical Task Networks (HTN): Employ multi-
level decomposition with abstract and concrete
plans, enabling reasoning at multiple levels of ab-
straction. Systems like S-Agents [Chen et al.(2024)|
demonstrate the effectiveness of self-organizing hier-
archical structures in open-ended environments.

3.2.1.2 Reasoning Methods: The quality of planning
depends critically on the underlying reasoning capabilities.
Several paradigms have emerged for enhancing LLM rea-
soning;:

Chain-of-Thought (CoT) prompting [Wei et al.(2022b)|
elicits reasoning in large language models by generating
intermediate reasoning steps. This simple yet powerful ap-
proach significantly improves performance on arithmetic,
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commonsense, and symbolic reasoning tasks by making the
reasoning process explicit.

Tree-of-Thought (ToT) [Yao et al.(2023c)] extends CoT
by exploring multiple reasoning paths in a tree structure.
ToT enables deliberate decision-making through considera-
tion of different reasoning paths, self-evaluation of choices,
and backtracking when necessary. On challenging tasks
such as Game of 24, ToT achieves substantially higher
success rates compared to standard CoT prompting.

Graph-of-Thought (GoT) [Yao et al.(2023a)|] further gen-
eralizes reasoning by representing thoughts as arbitrary
graph structures rather than linear chains or trees. This
enables non-linear reasoning patterns including aggregation
of multiple reasoning paths and transformation of interme-
diate results.

Buffer of Thoughts (BoT) [Yang et al.(2024c)] introduces
a meta-buffer that stores informative high-level thought
templates distilled from problem-solving processes across
various tasks. By retrieving and adapting relevant tem-
plates, BoT achieves significant performance improvements
while requiring only a fraction of the computational cost of
multi-query prompting methods.

3.2.1.3 Plan Optimization and Self-Correction: Ef-
fective agents must refine their plans based on execution
feedback. Reflexion [Shinn et al.(2023)] introduces verbal
reinforcement learning, where agents reflect on task feed-
back signals and maintain reflective text in episodic mem-
ory buffers to induce better decision-making in subsequent
trials. This approach achieves substantial improvements
across sequential decision-making, coding, and language
reasoning tasks.

Self-Refine [Madaan et al.(2023)] demonstrates that
LLMs can iteratively improve their outputs through self-
generated feedback and refinement, without requiring ad-
ditional training or reinforcement learning. This iterative
process improves task performance by approximately 20%
on average across diverse tasks.

Learning from Failure [Wang et al.(2024)] shows that un-
successful trajectories offer valuable insights for agent fine-
tuning. By incorporating negative examples with appropri-
ate quality control, agents can achieve better performance
on mathematical reasoning, multi-hop question answering,
and strategic reasoning tasks.

3.2.2 Memory Systems

Memory systems enable agents to store, organize, and re-
trieve information, supporting learning and adaptation over
time. Drawing from cognitive psychology, we distinguish
three primary memory types with distinct temporal charac-
teristics and functional roles:

3.22.1 Sensory Memory: Sensory memory provides
brief retention of perceptual information, typically lasting
milliseconds to seconds. In agent architectures, this mani-
fests as:

o Visual buffers for processing screenshots or camera

feeds

e Auditory buffers for speech recognition and audio
processing

e Temporary storage for multi-modal inputs before
integration
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Fig. 2: The Brain-Perception-Action (BPA) framework for autonomous agents. The Brain Module handles planning, memory,
and decision-making. The Perception Module processes multi-modal inputs. The Action Module executes through tool use.

The central LLM Core coordinates information flow.

3.2.2.2 Working Memory: Working memory main-
tains and manipulates information actively during task
execution, with capacity limited by the model’s context
window. Key considerations include:

Context Window Management: The fixed context win-
dow of LLMs constrains the amount of information avail-
able for reasoning. MemGPT [Packer et al.(2023)|] introduces
virtual context management, drawing inspiration from hier-
archical memory systems in operating systems to provide
the appearance of large memory resources through data
movement between fast and slow memory tiers.

KV Cache Optimization: Efficient management of key-
value caches enables longer effective context and reduced
computational costs. Recent work on persistent KV caches
[Shkolnikov(2026)] demonstrates methods for maintaining
memory state across extended interactions.

3.22.3 Long-term Memory: Long-term memory
provides permanent storage for experiences, knowledge,
and skills. We distinguish three subtypes:

Episodic Memory stores personal experiences and in-
teraction trajectories. Generative Agents [Park et al.(2023)|
demonstrate how episodic memories can be synthesized
into higher-level reflections and retrieved dynamically to
plan behavior, enabling believable simulations of human
behavior in interactive environments.

Semantic Memory encodes facts, concepts, and world
knowledge. This can be implemented through:

Vector databases for semantic search and retrieval
Knowledge graphs for structured knowledge repre-
sentation

Parametric knowledge encoded in model weights

Procedural Memory stores skills and “how-to” knowl-
edge. Voyager [Wang et al.(2023c)]| demonstrates an ever-
growing skill library of executable code for storing and re-
trieving complex behaviors, enabling rapid capability com-
pounding in open-ended environments.

3.224 Memory Operations: Memory systems must
support several key operations:

Encoding: Transforming experiences into memory
representations through vector embeddings or struc-
tured storage formats.

Retrieval: Accessing stored information through se-
mantic search, associative recall, or temporal index-
ing. Embodied-RAG [Xie et al.(2024)] demonstrates
non-parametric embodied memory for physical en-
vironments.

Consolidation: Stabilizing and integrating memories
through experience replay, knowledge distillation, or
reflection processes.

Forgetting: Removing outdated or irrelevant infor-
mation through decay mechanisms or importance
filtering to prevent memory overflow and maintain
relevance.

3.2.3 Decision Making

Decision-making processes select actions from available op-
tions based on goals, constraints, and environmental state.
We identify three key aspects:



3.2.3.1 Policy Learning: Agents can acquire
decision-making policies through various mechanisms:

o In-context Learning: Acquire behaviors from exam-
ples provided in prompts, enabling rapid adaptation
without parameter updates.

e Imitation Learning: Learn from demonstrations
of desired behavior, either through fine-tuning or
prompt engineering.

e Reinforcement Learning from Feedback: Optimize
policies based on reward signals from environment
feedback or human preferences.

3.2.3.2 Action Selection: Given a policy, agents must
select specific actions:

e Greedy Selection: Choose the highest-utility action
deterministically.

o Probabilistic Sampling: Sample from action distri-
butions, enabling exploration and diversity.

o Constrained Optimization: Select actions that maxi-
mize utility while satisfying constraints.

3.2.3.3 Uncertainty Handling: Robust decision-
making requires handling uncertainty:

e Confidence Estimation: Assess certainty in predic-
tions and decisions.

o Exploration-Exploitation Trade-off: Balance gather-
ing new information with exploiting known strate-
gies.

e Risk-aware Decision Making: Incorporate risk esti-
mates into action selection.

3.3 Perception Module: Input Processing

The Perception Module acquires and processes information
from the environment, transforming raw sensory inputs into
structured representations suitable for cognitive processing.
This module determines the agent’s ability to understand
and respond to its surroundings.

3.3.1 Input Modalities

Modern agents process diverse input types, each requiring
specialized processing;:

3.3.1.1 Textual Perception: Text remains the pri-
mary modality for LLM-based agents, encompassing;:

o Natural language understanding for user instruc-
tions and communications

e Document analysis for processing reports, articles,
and structured text

o Instruction parsing for extracting actionable informa-
tion from commands

e Multi-turn dialogue understanding for conversa-
tional interactions

3.3.1.2 Visual Perception: Visual capabilities extend
agents’ reach into domains requiring scene understanding;:

e Image and video understanding for content analysis

e Screenshot analysis for web agents navigating graph-
ical interfaces

e Spatial reasoning from visual input for embodied
agents
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e Object detection and tracking for robotics applica-
tions

WebVoyager [He et al.(2024)] demonstrates how large
multimodal models can process both visual and textual
information to navigate real-world websites end-to-end,
achieving significantly higher success rates compared to
text-only approaches.

3.3.1.3 Structured Data Perception: Agents must in-
terface with structured information sources:

o Database schema understanding for query formula-
tion

o Knowledge graph traversal for reasoning over struc-
tured knowledge

o APIresponse interpretation for tool integration

o Tabular data analysis for numerical reasoning

3.3.2 Environment Interfaces

Perception modules must adapt to diverse operational envi-
ronments:
3.3.2.1 Digital Environments:

e Web Browsers: Navigate and interact with web
pages through DOM parsing, screenshot anal-
ysis, and element interaction. WebCanvas [Pan
et al.(2024)] provides an online evaluation frame-
work that captures the dynamic nature of web in-
teractions.

e Operating Systems: File system operations, process
management, and system-level interactions.

e Mobile Devices: App navigation and touch in-
teractions, as demonstrated by AutoDroid [Wen
et al.(2023)].

e Code Repositories: Code understanding, version
control, and software development workflows.

3.3.2.2 Physical Environments:

e Robotic Platforms: Manipulation and navigation in
physical space through sensor integration.

e Autonomous Vehicles: Driving and traffic naviga-
tion through multi-modal perception.

e IoT Devices: Smart home and industrial automation
through sensor networks.

3.3.2.3 Virtual Environments:

e Game Worlds: Minecraft [Wang et al.(2023c)],
NetHack, and other game environments provide rich
testbeds for agent development.

e Simulation Platforms: Physics simulators and social
simulations enable safe testing and training.

3.3.3 State Representation

Effective perception requires constructing meaningful state
representations:
3.3.3.1 Internal State:

o Belief States: The agent’s model of the world, in-
cluding uncertainties and probabilities.

o Goal Representations: Current objectives, sub-goals,
and their relationships.

o Task Progress: Completion
achieved, and remaining work.

status, milestones



3.3.3.2 External State:

o Environment Observations: Current perceptual in-
puts from sensors and interfaces.

e Multi-agent Awareness: Other agents’ states, inten-
tions, and predicted behaviors.

o Temporal Evolution: Historical state sequences and
trends over time.

3.4 Action Module: Tool Use and Execution

The Action Module executes decisions through tool use, out-
put generation, and physical interactions, enabling agents to
affect changes in their environment.

3.4.1 Tool Use

Tool use encompasses the selection, invocation, and man-
agement of external capabilities that extend the agent’s
native abilities.

3.4.1.1 Tool Categories: We classify tools by their
primary function:

o Information Retrieval Tools: Search engines,
database queries, and knowledge bases for gathering
information.

e Computation Tools: Code execution, mathematical
solvers, and simulators for performing calculations.

o Communication Tools: Messaging APIs, email sys-
tems, and social media for interacting with humans
and other agents.

o Domain-Specific Tools: Medical diagnosis systems,
financial analysis tools, and scientific instruments for
specialized applications.

3.41.2 Tool Learning and Selection: Toolformer
[Schick et al.(2023)] demonstrates that language models can
learn to use external tools through self-supervised learning,
deciding which APIs to call, when to call them, and how to
incorporate results into future predictions.

Tool selection mechanisms include:

o Retrieval-based Selection: Select tools from a knowl-
edge base using semantic similarity between task
descriptions and tool capabilities.

e Learning-based Selection: Train models to predict
optimal tool selection based on task characteristics.

e Cost-aware Planning: Consider execution costs, la-
tency, and resource requirements in selection deci-
sions.

3.4.1.3 Tool Integration Frameworks: HuggingGPT
[Shen et al.(2023)] presents an LLM-powered controller that
connects various Al models to solve complex tasks. The sys-
tem uses ChatGPT for task planning, model selection based
on function descriptions, execution with selected models,
and response summarization.

3.4.2 Output Generation
Agents produce various output types depending on task
requirements:

3.4.2.1 Natural Language Output:

e Response generation for user interaction

o Explanation synthesis for transparency and inter-
pretability

e Report and summary writing for documentation

10

3422 Code Generation: Chain of Code [Li
et al.(2024a)] demonstrates how code-writing can enhance
reasoning by providing a structured medium for complex
computations. The approach combines code execution with
an “LMulator” that simulates execution for semantic sub-
tasks.

Code generation capabilities include:

e Program synthesis from natural language specifica-
tions

o Script generation for automation tasks

e Query construction for databases and APIs

3.4.2.3 Structured Output:

e JSON/XML generation for API interactions
o Database operations (CRUD)
o Configuration file generation

3.4.3 Physical Actions (Embodied Agents)

For embodied agents, the Action Module must generate
physical actions:
3.4.3.1 Navigation Actions:

o Path planning and execution
e Obstacle avoidance
e Terrain adaptation

3.4.3.2 Manipulation Actions:

e Grasping and object interaction
o Tool manipulation
o Precise motor control

Embodied Tree of Thoughts [Xu et al.(2025b)] demon-
strates how tree search through action spaces, guided by
physics-based simulation, can enable deliberate manipula-
tion planning in robotic systems.

3.5 Multi-Agent Collaboration

Multi-agent collaboration involves coordination, communi-
cation, and cooperation among multiple autonomous agents
to achieve individual or collective goals. This dimension has
emerged as a powerful paradigm for tackling complex tasks
that benefit from specialization and parallel processing.

3.5.1 Organization Structures
The organizational structure defines how agents relate to
one another:

3.5.1.1 Hierarchical Structures: In hierarchical orga-
nizations, agents are arranged in layers with control flowing
from higher to lower levels:

e Manager-Worker Architecture: Manager agents han-
dle planning, coordination, and result integration,
while worker agents execute specialized tasks.

o Layered Control: Multiple levels of abstraction with
higher layers providing strategic guidance and lower
layers handling tactical execution.

¢ Recursive Decomposition: Tasks are recursively bro-
ken down and delegated to specialized sub-agents.

MetaGPT [Hong et al.(2024)] encodes Standardized Op-
erating Procedures (SOPs) into prompt sequences, assigning
diverse roles to agents in an assembly line paradigm. This
approach generates more coherent solutions than chat-based
multi-agent systems by enabling verification of intermediate
results.



3.5.1.2 Flat/Peer-to-Peer Structures: In flat organi-
zations, agents participate as equals:

o Equal Participation: All agents contribute equally to
problem-solving.

e Voting Mechanisms: Decisions made through collec-
tive voting procedures.

e Consensus Building: Agents negotiate to reach
agreement on actions.

3.5.1.3 Hybrid Structures: Hybrid organizations
combine elements of hierarchical and flat structures:

e Dynamic role assignment based on task requirements

o Context-dependent hierarchies that reconfigure as
needed

e Fluid team structures that adapt to changing condi-
tions

3.5.2 Communication Protocols

Effective multi-agent systems require well-defined commu-
nication mechanisms:

3.5.2.1 Message Types:

o Task Assignments: Delegate work to specific agents
with clear specifications.

o Status Updates: Report progress, completion, or is-
sues encountered.

e Query/Response: Request and provide information
between agents.

o Negotiation Messages: Resolve conflicts, allocate re-
sources, and coordinate actions.

3.5.2.2 Communication Patterns:

e Broadcast: One-to-all communication for global an-
nouncements or shared context.

e Point-to-Point: Direct agent-to-agent communication
for private coordination.

o Publish-Subscribe: Topic-based distribution for
event-driven coordination.

o Blackboard Systems: Shared information space for
collaborative problem solving.

3.5.3 Collaboration Paradigms

Multi-agent interactions can be characterized by the align-
ment of agent objectives:

3.5.3.1 Cooperative Collaboration: Agents share
common goals and work together toward collective success:

o Shared objectives with distributed task execution

e Joint problem solving with complementary capabili-
ties

o Examples include FinCon [Yu et al.(2024)] for
financial decision-making and MedAide [Yang
et al.(2024b)] for medical diagnosis

3.5.3.2 Competitive Interactions: Agents have op-
posing objectives in zero-sum or adversarial settings:

e Zero-sum games where one agent’s gain is another’s
loss

o Adversarial scenarios requiring strategic reasoning

e Market-based competition in economic simulations
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3.5.3.3 Mixed-Motive Scenarios: Agents have par-
tially aligned interests requiring negotiation:

o Coalition formation for achieving shared sub-goals
e Bargaining over resources or outcomes
o Complex social and economic interactions

3.5.4 Role Specialization

Specialized roles enable division of labor and expertise
development:
3.5.4.1 Functional Roles:

o Planner Agents: Task decomposition, plan genera-
tion, and strategy formulation.

o Executor Agents: Action execution, tool invocation,
and plan implementation.

o Evaluator Agents: Result assessment, quality control,
and feedback generation.

o Coordinator Agents: Communication management,
conflict resolution, and resource allocation.

3.5.4.2 Domain Roles:

e Domain Experts: Specialized knowledge in specific
fields (medicine, finance, law).

o Tool Specialists: Expert in particular tool categories
or APIs.

e Memory Managers: Information storage, retrieval,
and organization.

o Safety Monitors: Constraint enforcement and risk
assessment.

3.6 Architectural Integration

The effective integration of Brain, Perception, and Action
modules determines overall agent capability. Key integra-
tion challenges include:

3.6.0.1 Information Flow Management: Information
must flow seamlessly between modules:

e Perception-to-Brain: Structured representations from
sensory inputs

e Brain-to-Action: Executable plans and commands

o Action-to-Perception: Feedback and environment
updates

3.6.0.2 Temporal Coordination: Modules must op-
erate with appropriate timing:

e Real-time perception for dynamic environments
e Deliberative reasoning for complex decisions
o Timely action execution for task completion

3.6.0.3 Resource Allocation: Computational and
memory resources must be distributed appropriately:

o Balancing perception bandwidth with reasoning
depth

e Managing working memory for multi-step tasks

o Optimizing action selection for efficiency



3.7 Summary

The Brain-Perception-Action framework provides a system-
atic lens for understanding autonomous agent architectures.
The Brain Module enables sophisticated planning and rea-
soning through methods like Chain-of-Thought, Tree-of-
Thought, and iterative refinement. The Perception Module
processes multi-modal inputs from diverse environments,
constructing meaningful state representations. The Action
Module extends agent capabilities through tool use and
generates appropriate outputs. Multi-agent collaboration
adds a crucial dimension for complex task solving through
specialized roles and coordinated communication.

This architectural perspective reveals both the accom-
plishments of current systems and the challenges that re-
main. The following sections examine how these architec-
tural components are applied across diverse domains and
the evaluation methodologies used to assess agent capabili-
ties.

4 APPLICATIONS

The versatility of LLM-based autonomous agents has en-
abled their deployment across a diverse range of domains,
each presenting unique challenges and opportunities. This
section examines six major application areas where au-
tonomous agents have demonstrated significant impact:
code development, web navigation, gaming, robotics, scien-
tific research, and personal assistants. For each domain, we
analyze the specific requirements, representative systems,
and current capabilities.

4.1 Code Development

Software development represents one of the most successful
application domains for autonomous agents, leveraging the
natural alignment between programming languages and the
structured reasoning capabilities of large language models.
Code agents assist developers across the software develop-
ment lifecycle, from initial code generation to debugging,
testing, and maintenance.

4.1.1

Code generation agents transform natural language spec-
ifications into executable programs, bridging the gap be-
tween human intent and machine execution. WizardCoder
[Luo et al.(2023)] demonstrates how evol-instruct method-
ologies can empower code LLMs to achieve competitive
performance on code generation benchmarks. The system
iteratively refines code solutions through evolutionary ap-
proaches, significantly improving code quality and correct-
ness.

Multi-agent architectures have emerged as particularly
effective for complex software engineering tasks. The Multi-
LLM Agent framework [Shen et al.(2024)] decomposes the
tool-use capabilities into specialized components: a planner
for task decomposition, a caller for tool invocation, and
a summarizer for result synthesis. This modular approach
enables smaller language models to collaborate effectively,
achieving performance competitive with larger monolithic
models while maintaining computational efficiency.

Code Generation and Synthesis
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Context engineering approaches have further advanced
code assistant capabilities. Recent work [Haseeb(2025)|
demonstrates how combining intent clarification, retrieval-
augmented generation, and specialized sub-agents orches-
trated through multi-agent frameworks can significantly
improve accuracy and reliability in real-world repositories.
The system achieves higher single-shot success rates and
better adherence to project context compared to baseline
single-agent approaches.

4.1.2 Software Engineering Automation

Beyond code generation, autonomous agents increasingly
support comprehensive software engineering workflows.
Agent-driven automatic software improvement [Ruiz(2024)|
explores how agents can autonomously identify, implement,
and verify software improvements. These systems analyze
codebases, detect potential enhancements, and generate
patches while maintaining code quality and test coverage.

The vision of agentic software engineering [Hoda(2025)|
extends beyond code generation to encompass the entire
development process, including requirements analysis, ar-
chitecture design, implementation, testing, and deployment.
Agents in this paradigm serve as collaborative partners
that augment human developers’ capabilities rather than
replacing them entirely.

4.1.3 Challenges and Opportunities

Code agents face several persistent challenges. Long-context
management remains critical for understanding large code-
bases, requiring efficient memory mechanisms to maintain
relevant context across files and modules. Hallucination
in code generation can lead to syntactically correct but
semantically incorrect programs, necessitating robust veri-
fication mechanisms. Additionally, the security implications
of generated code require careful consideration, as agents
may inadvertently introduce vulnerabilities.

4.2 Web Navigation

Web navigation agents autonomously interact with websites
to accomplish user-specified goals, from filling forms to
gathering information and completing transactions. This
domain presents unique challenges due to the dynamic,
heterogeneous, and often unpredictable nature of web en-
vironments.

4.2.1 Browser Automation Agents

WebCanvas [Pan et al.(2024)|] introduces an innovative on-
line evaluation framework that addresses the dynamic na-
ture of web interactions. Unlike static benchmarks, WebCan-
vas evaluates agents in live web environments, capturing
the continuously evolving nature of real-world websites.
The framework introduces novel evaluation metrics that
identify critical intermediate actions necessary for task com-
pletion while filtering noise from insignificant events. On
the Mind2Web-Live benchmark containing 542 tasks with
2,439 intermediate evaluation states, the best-performing
agents achieve approximately 23% task success rate and 49%
task completion rate.

AgentOccam [Yang et al.(2024a)] presents a simple yet
strong baseline for LLM-based web agents, demonstrating



that careful architectural decisions can significantly impact
performance. The system emphasizes the importance of
hybrid context management combining accessibility tree
snapshots with selective vision capabilities, achieving ap-
proximately 85% success rate on the WebGames benchmark.

4.2.2 Multi-Modal Web Understanding

Modern web agents must process both visual and textual
information to navigate complex websites effectively. Web-
Voyager demonstrates how large multimodal models can
process screenshots alongside textual content to navigate
real-world websites end-to-end. The visual modality proves
essential for understanding page layouts, identifying inter-
active elements, and detecting dynamic content that may
not be captured in the DOM structure alone.

Web-CogReasoner [Guo et al.(2025b)] introduces a
knowledge-driven cognitive reasoning framework that de-
composes web agent capabilities into knowledge content
learning and cognitive processes. The system categorizes
knowledge into factual, conceptual, and procedural types,
enabling agents to acquire the domain knowledge necessary
for effective web interaction. This approach demonstrates
significant improvements in generalizing to unseen tasks
where structured knowledge proves decisive.

4.2.3 Security Considerations

Web agents face significant security challenges. Research
on user-mediated attacks [Chen et al.(2026)] reveals that
commercial agents often bypass safety constraints in over
92% of cases when processing unverified content, convert-
ing such content into confident booking guidance. Web-use
agents exhibit near-deterministic execution of risky actions,
highlighting the need for robust safety mechanisms that
prioritize security alongside helpfulness.

4.3 Gaming

Game environments provide rich testbeds for autonomous
agent research, offering diverse challenges including strate-
gic reasoning, multi-agent coordination, exploration, and
skill acquisition. The complexity of game worlds, combined
with clear success metrics, makes gaming an ideal domain
for developing and evaluating agent capabilities.

4.3.1 Open-World Game Agents

Minecraft has emerged as a premier environment for
developing open-ended learning agents. Odyssey [Liu
et al.(2024b)] empowers LLM-based agents with an open-
world skill library comprising 40 primitive skills and
183 compositional skills, enabling exploration of the vast
Minecraft world. The framework includes a fine-tuned
LLaMA-3 model trained on 390k+ instruction entries de-
rived from the Minecraft Wiki, demonstrating effective
evaluation of agent capabilities across long-term planning,
dynamic-immediate planning, and autonomous exploration
tasks.

Voyager represents a landmark achievement in open-
ended learning, demonstrating how agents can continu-
ously expand their capabilities through self-driven explo-
ration. The system maintains an ever-growing skill library
of executable code for storing and retrieving complex behav-
iors, enabling rapid capability compounding in open-ended
environments.
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4.3.2 Strategic Game Playing

AvalonBench evaluates LLMs playing the game of Avalon,
a social deduction game requiring sophisticated reasoning
about other players’ intentions and beliefs. The benchmark
reveals both the potential and limitations of current agents
in strategic social reasoning, highlighting challenges in
modeling other agents” mental states.

ALYMPICS [Mao et al.(2023b)|| explores the intersection
of LLM agents and game theory, providing a framework
for evaluating strategic decision-making in competitive and
cooperative settings. The system demonstrates how agents
can reason about game-theoretic concepts such as Nash
equilibrium and dominant strategies, though performance
varies significantly across game types.

Research on regret in LLM agents [Park et al.(2024)]
examines whether agents can learn from past mistakes in
online learning scenarios. The findings reveal that while
agents exhibit some capacity for regret minimization, sig-
nificant gaps remain compared to optimal game-theoretic
strategies.

4.3.3 Multi-Agent Game Coordination

Game environments increasingly serve as testbeds for
multi-agent coordination. Research on Hanabi demonstrates
how augmenting action spaces with conventions [Bredell
et al.(2025)] can significantly improve multi-agent coop-
eration. These conventions, based on human gameplay
patterns, enable implicit knowledge sharing that enhances
coordination under partial observability.

PillagerBench extends Minecraft-based evaluation to
competitive scenarios, benchmarking LLM-based agents in
adversarial settings where agents must balance resource
gathering with combat and defense.

4.4 Robotics and Embodied Al

Embodied agents bridge the gap between digital intelli-
gence and physical action, enabling autonomous systems to
perceive, reason about, and interact with the physical world.
This domain presents unique challenges including real-time
perception, safe physical interaction, and robust execution
under uncertainty.

4.4.1 Embodied Generalist Agents

An Embodied Generalist Agent in 3D World [Huang
et al.(2023)] demonstrates how agents can develop diverse
capabilities for operating in three-dimensional environ-
ments. The system integrates perception, navigation, and
manipulation skills, enabling agents to accomplish a wide
range of tasks in simulated 3D environments.
Embodied-RAG [Xie et al.(2024)] introduces non-
parametric embodied memory for physical environments,
enabling agents to retrieve and leverage past experiences
when navigating novel situations. This approach proves
particularly valuable for long-horizon tasks where agents
must maintain consistent behavior over extended periods.

4.4.2 Robotic Control and Manipulation

Robotic Control via Embodied Chain-of-Thought Reasoning
[Zawalski et al.(2024)] demonstrates how deliberate reason-
ing can enhance robotic manipulation. The system applies



chain-of-thought prompting to generate action sequences,
enabling more robust and interpretable robot behavior.

Research on LLM-based agents for embodied robot cog-
nition [Shaji et al.(2026)] investigates the extent to which
LLMs can serve as core components for planning and
execution reasoning in cognitive robot architectures. The
proposed architecture uses an agentic LLM as the central
component for planning and reasoning, supported by work-
ing and episodic memories for learning from experience.
Evaluation on household tasks demonstrates that LLM-
driven agents can complete structured tasks and exhibit
emergent adaptation, though significant limitations remain
including hallucinations about task success.

4.4.3 Autonomous Driving

A Language Agent for Autonomous Driving [Mao
et al.(2023a)] demonstrates how LLM-based agents can en-
hance decision-making in autonomous vehicles. The system
processes natural language commands and environmental
descriptions to generate driving decisions, enabling more
intuitive human-vehicle interaction and adaptable behavior
in novel situations.

4.4.4 Challenges in Embodied Al

Embodied agents face unique challenges including the need
for real-time perception and action, safety constraints in
physical environments, and the sim-to-real transfer prob-
lem. BadRobot [Zhang et al.(2024b)|] investigates jailbreak-
ing attacks on embodied LLMs, revealing vulnerabilities
that emerge when language models control physical sys-
tems. These findings underscore the importance of robust
safety mechanisms for embodied agents operating in the
physical world.

4.5 Scientific Research

Autonomous agents increasingly contribute to scientific dis-
covery, assisting researchers across the scientific method
from hypothesis generation to experimental design, data
analysis, and literature synthesis.

4.5.1 Automated Machine Learning

AutoML-Agent [Irirat et al.(2024)] presents a multi-agent
LLM framework for full-pipeline automated machine learn-
ing. The system decomposes the ML workflow across spe-
cialized agents handling data preprocessing, feature en-
gineering, model selection, hyperparameter optimization,
and evaluation. This multi-agent approach enables compre-
hensive automation of the ML pipeline while maintaining
flexibility for domain-specific customization.

4.5.2 Materials Discovery

Hierarchical multi-agent LLM reasoning for autonomous
functional materials discovery [Rothfarb et al.(2025)]
demonstrates how agents can accelerate scientific research
in materials science. The system employs a hierarchical or-
ganization of agents, with higher-level agents coordinating
strategy and lower-level agents executing specific compu-
tational and experimental tasks. This architecture enables
efficient exploration of the materials design space while
maintaining scientific rigor.
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4.5.3 Knowledge Synthesis

Knowledge-driven agentic scientific corpus distillation
frameworks [Xiao et al.(2025)] address the challenge of
processing the exponentially growing scientific literature.
These systems autonomously identify, extract, and synthe-
size relevant knowledge from scientific publications, en-
abling researchers to maintain awareness of developments
across their fields.

LLM-SRBench [Shojaee et al.(2025)] provides a bench-
mark for evaluating LLM agents on scientific equation
discovery, assessing their ability to identify mathematical
relationships from experimental data. The benchmark re-
veals both the potential for accelerating scientific discovery
and the limitations of current systems in capturing complex
scientific phenomena.

4.5.4 Domain-Specific Applications

Agents have demonstrated success across scientific do-
mains. In healthcare, MedAide [Yang et al.(2024b)] in-
troduces an LLM-based medical multi-agent collaboration
framework that enables intent-aware information fusion
across specialized healthcare domains. The system combines
syntactic constraints with retrieval-augmented generation to
decompose complex medical queries, achieving improve-
ments in medical proficiency and strategic reasoning.

In finance, TradingAgents [Xiao et al.(2024)] proposes
a novel stock trading framework featuring LLM-powered
agents in specialized roles including fundamental analysts,
sentiment analysts, technical analysts, and traders. The
framework simulates collaborative trading environments,
demonstrating improvements in cumulative returns, Sharpe
ratio, and maximum drawdown compared to baseline mod-
els.

4.6 Personal Assistants

Personal assistant agents represent perhaps the most visible
application of autonomous agent technology, directly serv-
ing end users in daily tasks ranging from scheduling and
communication to information retrieval and task automa-
tion.

4.6.1

Personal assistant agents excel at automating routine tasks
that would otherwise require significant user effort. Re-
search on plan reuse mechanisms [Li et al.(2024b)] demon-
strates that approximately 30% of requests received by
LLM-driven agents are identical or similar, enabling signifi-
cant latency reduction through intelligent plan caching and
reuse. The AgentReuse mechanism achieves 93% effective
plan reuse rate, reducing latency by over 93% compared to
baselines without reuse mechanisms.

AutoDroid [Wen et al.(2023)] brings LLM-powered task
automation to Android devices, enabling agents to navigate
apps, interact with Ul elements, and complete multi-step
tasks on mobile platforms. The system demonstrates the
feasibility of deploying autonomous agents on resource-
constrained mobile devices while maintaining task comple-
tion accuracy.

Task Automation



4.6.2 Multi-Device Coordination

Modern personal assistants must coordinate across multiple
devices and platforms. Agents increasingly manage IoT
devices, coordinate with smart home systems, and synchro-
nize activities across smartphones, tablets, and computers.
This multi-device coordination requires sophisticated state
management and consistent behavior across heterogeneous
platforms.

4.6.3 Conversational Assistants

The conversational interface remains central to personal
assistant interaction. Generative Agents [Park et al.(2023)|
demonstrates how agents can maintain consistent personal-
ities, remember past interactions, and engage in believable
social interactions. The system stores agent experiences in
natural language, synthesizes memories into higher-level
reflections, and retrieves them dynamically to plan behavior,
enabling 25 agents to operate coherently in an interactive
sandbox environment.

Focus Agent [Zhang et al.(2024d)] explores LLM-
powered virtual focus groups, demonstrating how agents
can simulate group discussions and act as moderators. This
application highlights the potential for agents to serve not
just as individual assistants but as facilitators of collective
activities.

4.6.4 Challenges in Personal Assistant Deployment

Personal assistants face unique challenges including pri-
vacy protection, personalization, and long-term relationship
building. The intimate nature of personal assistant interac-
tions requires careful attention to data handling and user
trust. Additionally, assistants must adapt to individual user
preferences while maintaining consistent behavior, requir-
ing sophisticated personalization mechanisms that balance
customization with reliability.

4.7 Cross-Domain Analysis

Examining applications across domains reveals common
patterns and domain-specific adaptations. Table [If summa-
rizes the key characteristics of each application domain.

4.7.1

Across domains, several architectural patterns emerge
as particularly effective. Multi-agent collaboration proves
valuable when tasks require diverse expertise or can benefit
from parallel processing. Memory systems, both episodic
and semantic, enable agents to maintain context and learn
from experience. Tool use extends agent capabilities beyond
their native abilities, enabling interaction with external sys-
tems and APIs.

Common Architectural Patterns

4.7.2 Domain-Specific Adaptations

Each domain requires specific adaptations of general agent
architectures. Code agents emphasize precise syntax gener-
ation and execution verification. Web agents require robust
handling of dynamic content and multi-modal perception.
Game agents need strategic reasoning and exploration ca-
pabilities. Embodied agents must integrate perception with
physical action under real-time constraints. Scientific agents
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TABLE 1: Summary of Autonomous Agent Applications

Across Domains

Domain Primary Challenges Key Capabilities Repres
System

Code Develop- Long-context manage- Code generation, de- Wizard

ment ment, hallucination, se-  bugging, testing LLM A
curity

Web Navigation Dynamic environments, ~Browser  automation, ~WebCa
multi-modal ~ percep-  form filling, cam
tion, security information extraction

Gaming Strategic reasoning,  Skill acquisition, game  Odysse
exploration, multi-  playing, social reason-
agent coordination ing

Robotics Real-time execution, Navigation, manipula- Embod
safety, sim-to-real  tion, perception Robotic
transfer

Scientific Domain knowledge, ex-  Hypothesis generation, AutoM

Research perimental design, vali-  data analysis, literature ~ MedAi
dation synthesis

Personal Privacy, personal-  Task automation, AutoD:

Assistants ization, long-term  scheduling, conversa- Agents
interaction tional interaction

require domain knowledge integration and rigorous valida-
tion. Personal assistants prioritize natural interaction and
personalization.

The continued development of autonomous agents
across these diverse applications demonstrates the versatil-
ity of the LLM-based agent paradigm while highlighting
areas requiring further research. The following section ex-
amines evaluation methodologies for assessing agent capa-
bilities across these varied domains.

5 EVALUATION METHODS

The evaluation of autonomous agents presents unique chal-
lenges that distinguish it from traditional machine learning
assessment. Unlike static models that produce single out-
puts, agents engage in multi-step interactions with dynamic
environments, making evaluation more complex and multi-
faceted. This section examines the benchmarks, metrics, and
evaluation frameworks developed to assess agent capabili-
ties across diverse domains.

5.1 Evaluation Challenges and Dimensions

The evaluation of LLM-based autonomous agents requires
consideration of multiple dimensions that extend beyond
traditional NLP metrics. We identify five key evaluation
dimensions:

Task Performance measures the agent’s ability to
achieve specified goals, including success rate, completion
quality, and goal satisfaction. Unlike single-turn tasks, agent
tasks often involve multiple steps with intermediate objec-
tives that must be tracked and evaluated.

Process Quality assesses how the agent achieves its
goals, including the efficiency of action sequences, the qual-
ity of reasoning traces, and the appropriateness of tool
selections. This dimension recognizes that optimal outcomes
achieved through suboptimal processes may not generalize.

Robustness evaluates the agent’s resilience to pertur-
bations, including adversarial inputs, distribution shifts,



and environmental changes. Agents operating in real-world
environments must handle unexpected situations gracefully.

Safety examines whether the agent avoids harmful be-
haviors, respects constraints, and operates within acceptable
risk boundaries. This dimension is particularly critical for
agents with real-world action capabilities.

Generalization measures the agent’s ability to transfer
learned capabilities to novel tasks, environments, and tool
combinations. Strong agents should demonstrate zero-shot
and few-shot adaptation beyond their training distribution.

5.2 Benchmark Categories

The proliferation of agent systems has motivated the de-
velopment of numerous benchmarks tailored to specific
domains and capabilities. We organize these benchmarks
into six primary categories based on the agent’s operational
domain. Table 2| provides a summary of major evaluation
benchmarks.

5.2.1 General Agent Benchmarks

General agent benchmarks evaluate broad -capabilities
across multiple task types. Agent-as-a-Judge [Zhuge
et al.(2024)] introduces a framework wherein agentic sys-
tems evaluate other agentic systems, extending the LLM-
as-a-Judge paradigm to incorporate agentic features that
enable intermediate feedback throughout the task-solving
process. The accompanying DevAl benchmark comprises
55 realistic Al development tasks with 365 hierarchical
user requirements, demonstrating that agentic evaluation
achieves reliability comparable to human evaluation while
dramatically reducing manual effort.

MAFBench [Orogat et al.(2026)] provides a unified eval-
uation suite for multi-agent LLM frameworks, integrat-
ing existing benchmarks under a standardized execution
pipeline. This framework enables controlled comparison of
architectural choices, revealing that framework-level design
decisions alone can induce order-of-magnitude differences
in latency, reduce planning accuracy by up to 30%, and
lower coordination success from above 90% to below 30%.

5.22 Web Agent Benchmarks

Web agents navigate and interact with web interfaces, re-
quiring capabilities in visual understanding, DOM manip-
ulation, and multi-step task completion. WebCanvas [Pan
et al.(2024)] addresses the dynamic nature of web environ-
ments through an online evaluation framework that cap-
tures critical intermediate states while disregarding noise
from insignificant events. The associated Mind2Web-Live
dataset contains 542 tasks with 2,439 intermediate eval-
uation states, enabling realistic assessment of web agent
performance in evolving environments.

AgentDAM [Zharmagambetov et al.(2025)] introduces
a benchmark for evaluating privacy preservation in web-
navigation agents, measuring adherence to the data min-
imization principle. The benchmark reveals that current
agents frequently process unnecessary sensitive informa-
tion, highlighting the gap between capability and appropri-
ate information handling.

SecureWebArena [Ying et al.(2025)] provides a holistic
security evaluation benchmark for vision-language model-
based web agents, encompassing 2,970 trajectories across
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six simulated web environments and defining a structured
taxonomy of six attack vectors spanning user-level and
environment-level manipulations.

5.2.3 Embodied Agent Benchmarks

Embodied agents operate in physical or simulated 3D envi-
ronments, requiring integration of perception, planning, and
motor control. EmbodiedCity [Gao et al.(2024)] constructs a
benchmark platform for embodied intelligence evaluation in
real-world city environments, combining a highly realistic
3D simulation environment with high-fidelity pedestrian
and vehicle flow simulations.

Embodied Arena [Ni et al.(2025)] establishes a compre-
hensive evaluation platform with a systematic capability
taxonomy spanning perception, reasoning, and task execu-
tion across 25 fine-grained dimensions. The platform inte-
grates 22 diverse benchmarks across three domains: 2D /3D
Embodied Q&A, Navigation, and Task Planning.

BEDI [Guo et al.(2025a)] provides a systematic bench-
mark for UAV-Embodied Agents, introducing a Dynamic
Chain-of-Embodied-Task paradigm that decomposes com-
plex tasks into standardized subtasks across six core skills:
semantic perception, spatial perception, motion control, tool
utilization, task planning, and action generation.

5.2.4 Game Playing Benchmarks

Game environments provide controlled yet challeng-
ing testbeds for agent evaluation. AvalonBench [Light
et al.(2023)] evaluates LLM agents playing the strategic
social deduction game Resistance Avalon, where players
must deceive, deduce, and negotiate. The benchmark re-
veals significant capability gaps: ChatGPT playing good
roles achieves only a 22.2% win rate against rule-based bots
playing evil roles, compared to 38.2% for good-role bots in
the same setting.

Orak [Park et al.(2025)] presents a foundational bench-
mark spanning 12 popular video games across all major
genres, enabling comprehensive studies of LLM capabilities
essential for intricate game scenarios. The benchmark in-
troduces a plug-and-play interface based on Model Context
Protocol and includes fine-tuning datasets for aligning pre-
trained LLMs into gaming agents.

5.2.5 Code and Software Engineering Benchmarks

Code agents require evaluation of program synthesis, de-
bugging, and software development capabilities. PPTC
[Guo et al.(2023)] and PPTC-R [Zhang et al.(2024c)|] evaluate
LLMs on PowerPoint task completion, measuring robust-
ness to adversarial user instructions at sentence, semantic,
and multi-language levels, as well as adaptation to software
version changes.

5.2.6 Multi-Agent Coordination Benchmarks

Multi-agent systems require evaluation of coordination,
communication, and collaboration capabilities. ZSC-Eval
[Wang et al.(2023d)] provides the first evaluation toolkit
for zero-shot coordination algorithms, introducing gener-
ation of evaluation partner candidates through behavior-
preferring rewards and measuring generalization perfor-
mance via Best-Response Proximity metrics.
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TABLE 2: Summary of Major Evaluation Benchmarks for Autonomous Agents

Benchmark Focus Area Metrics Year
Agent-as-a-Judge General capability Task success, Quality 2024
WebCanvas Web navigation Task completion, Steps 2024
AvalonBench Social deduction Win rate, Detection 2023
EmbodiedCity Embodied agents Navigation success 2024
ZSC-Eval Multi-agent coordination = Zero-shot performance 2023
PPTC/PPTC-R Office tasks Task completion 2023-24
AEMA Trustworthiness Verifiable evaluation 2024
GeoBenchX Geospatial tasks Multi-step accuracy 2025
MAFBench Multi-agent frameworks  Latency, Coordination 2026

5.3 Evaluation Metrics

The complexity of agent behavior necessitates diverse met-
rics that capture different aspects of performance.

5.3.1

Success Rate measures the proportion of tasks completed
successfully according to predefined criteria. This funda-
mental metric provides a coarse-grained assessment of over-
all capability.

Task Completion Rate captures partial success, mea-
suring the degree to which sub-goals are achieved even
when the overall task fails. WebCanvas [Pan et al.(2024)]
demonstrates that distinguishing between complete failure
and partial progress provides more informative evaluation.

Step Efficiency evaluates the number of actions required
to complete tasks, penalizing unnecessarily lengthy solu-
tions while rewarding efficient planning.

Task-Level Metrics

5.3.2 Process-Level Metrics

Action Validity Rate measures the proportion of generated
actions that are executable within the environment, captur-
ing the agent’s understanding of action constraints.

Tool Selection Accuracy assesses the appropriateness of
tool choices given task requirements and context. ToolRet
[Shi et al.(2025)] reveals that even strong information re-
trieval models exhibit poor performance on tool retrieval
tasks, with low retrieval quality significantly degrading task
pass rates.

Reasoning Quality evaluates the logical coherence and
completeness of the agent’s reasoning traces, often assessed
through human evaluation or LLM-as-a-Judge approaches.

5.3.3 Safety Metrics

Constraint Satisfaction Rate measures adherence to speci-
fied constraints and safety boundaries. Agent-SafetyBench
[Zhang et al.(2024a)] reveals that none of 16 evaluated
LLM agents achieves a safety score above 60%, highlighting
significant safety challenges.

Risk Awareness Score assesses the agent’s ability to
identify and appropriately respond to potentially risky situ-
ations. R-Judge [Yuan et al.(2024)] benchmarks this capabil-
ity across 569 multi-turn interaction records encompassing
27 key risk scenarios.

Harm Prevention Rate measures the agent’s success in
avoiding harmful outcomes, particularly critical for agents
with real-world action capabilities.

5.3.4 Efficiency Metrics

Latency measures the time required for task completion,
including both inference time and execution time. MAF-
Bench [Orogat et al.(2026)] demonstrates that architectural
choices can increase latency by over 100x across different
frameworks.

Token Efficiency evaluates the number of tokens con-
sumed during task completion, directly impacting opera-
tional costs.

Resource Utilization measures computational and exter-
nal resource consumption, including API calls, tool invoca-
tions, and memory usage.

5.4 Evaluation Frameworks and Approaches

Different evaluation frameworks offer distinct trade-offs
between automation, accuracy, and comprehensiveness.

5.4.1 Automated Evaluation

Automated evaluation leverages computational methods
to assess agent performance without human intervention.
LLM-as-a-Judge approaches use language models to eval-
uate outputs, enabling scalable assessment but potentially
introducing model-specific biases.

Agent-as-a-Judge [Zhuge et al.(2024)] extends this
paradigm by employing agentic systems with capabilities
for intermediate feedback, process evaluation, and multi-
criteria assessment. This approach achieves evaluation qual-
ity comparable to human assessment while dramatically
reducing manual effort.

5.4.2 Human Evaluation

Human evaluation provides the gold standard for assess-
ing agent behavior but requires substantial resources. Key
considerations include:

e Inter-annotator Agreement: Ensuring consistent
evaluation across multiple human judges

o Evaluation Guidelines: Providing clear criteria for
assessing complex agent behaviors

e Scalability: Balancing evaluation depth with practi-
cal resource constraints

5.4.3 Environment-Based Evaluation

Environment-based evaluation assesses agents through in-
teraction with simulated or real environments. This ap-
proach enables evaluation of emergent behaviors and un-
expected failure modes that may not appear in static bench-
marks.



TABLE 3: Comparison of Agent Evaluation Approaches
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continuous development of more challenging evaluation

tasks.

Approach Automation Accuracy Coverage = Cost  pjggribution Mismatch: Benchmarks often fail to cap-

Iilﬁlﬁdnan E‘}algaﬁon IIjI(')V\l]l MHégh MHcilgh I]:Iigh ture the distribution of tasks encountered in real-world
-as-a-Judge ig| edium edium 9% : : : : _

Agent-as-a-Judge High High High Mediundeployments, leading to overestimation of practical perfor

Environment-Based Medium High Medium  Mediunfance.

Adversarial Medium High Low Medium  Process-Outcome Trade-offs: Optimizing for successful

Key challenges include environment fidelity, repro-
ducibility of results, and the computational cost of extensive
interaction trials. Frameworks like Embodied Arena [Ni
et al.(2025)] address these challenges through standardized
infrastructure and automated evaluation pipelines.

5.4.4 Adversarial Evaluation

Adversarial evaluation probes agent vulnerabilities through
targeted attacks and stress tests. AgentGuard [Chen
et al.(2025)] autonomously discovers and validates unsafe
tool-use workflows, generating safety constraints to confine
agent behaviors.

Nuclear Deployed [Xu et al.(2025a)] examines catas-
trophic risks in autonomous LLM agent decision-making,
revealing that stronger reasoning abilities often increase
rather than mitigate risks in high-stakes scenarios.

5.5 Comparison of Evaluation Approaches

Table [3| compares key characteristics of different evaluation
approaches across multiple dimensions.

The choice of evaluation approach depends on the spe-
cific goals and constraints of the assessment. Human eval-
uation remains essential for validating novel capabilities
and identifying subtle failure modes, while automated ap-
proaches enable scalable assessment across large task sets.

5.6 Emerging Evaluation Paradigms

Several emerging paradigms address limitations of current
evaluation methods.

Continuous Evaluation recognizes that agent capabili-
ties evolve through interaction and learning, requiring on-
going assessment rather than one-time benchmarking. This
approach enables tracking of capability drift and emerging
failure modes.

Compositional Evaluation assesses agents on novel
combinations of known capabilities, measuring generaliza-
tion beyond specific task patterns. This approach provides
stronger signals about transfer learning and compositional
reasoning.

Interactive Evaluation involves dynamic assessment
where evaluators actively probe agent capabilities through
targeted interactions, enabling discovery of edge cases and
failure modes that static benchmarks miss.

5.7 Open Challenges

Despite significant progress, agent evaluation faces several
open challenges:

Benchmark Obsolescence: Rapid advances in agent ca-
pabilities quickly render benchmarks obsolete, requiring

outcomes may incentivize behaviors that achieve results
through undesirable processes, requiring careful metric de-
sign.

Safety-Capability Tension: Stronger capabilities may
enable both more beneficial and more harmful behaviors,
complicating the assessment of overall agent quality.

Multi-Agent Emergence: Evaluating emergent behav-
iors in multi-agent systems remains challenging, as system-
level outcomes may not be predictable from individual
agent evaluations.

These challenges motivate continued research into eval-
uation methodologies that can keep pace with rapidly ad-
vancing agent capabilities while providing reliable signals
for safe and effective deployment.

6 CHALLENGES AND FUTURE DIRECTIONS

The rapid advancement of LLM-based autonomous agents
has demonstrated remarkable capabilities across diverse
domains, yet significant challenges remain before these
systems can achieve reliable, safe, and general-purpose au-
tonomy. This section examines current limitations, identifies
open problems, and outlines promising research directions
that could shape the future of autonomous agent systems.

6.1 Current Limitations

Despite impressive demonstrations, autonomous agents
face fundamental limitations that constrain their practical
deployment in real-world settings.

6.1.1 Reasoning and Planning Limitations

While LLM-based agents exhibit strong step-by-step rea-
soning capabilities over short horizons, they often fail to
sustain coherent behavior over extended planning horizons.
Recent analysis reveals a fundamental mismatch between
step-wise reasoning and long-horizon planning: reasoning
induces a form of step-wise greedy policy that is adequate
for short horizons but fails when early actions must account
for delayed consequences [Wang et al.(2026)]. This failure
mode manifests as locally optimal choices that lead to early
myopic commitments, systematically amplified over time
and difficult to recover from.

The distinction between reasoning and planning repre-
sents a critical gap. Chain-of-thought prompting excels at
decomposing immediate problems but lacks mechanisms
for maintaining goal-directed behavior across extended
temporal sequences. Tree-of-thought and graph-of-thought
methods partially address this limitation by exploring mul-
tiple reasoning paths, yet computational costs scale poorly
with planning depth, and the search process itself can di-
verge from task objectives.

Furthermore, agents struggle with planning under uncer-
tainty. Real-world environments present stochastic dynam-
ics, partial observability, and adversarial perturbations that



invalidate deterministic plans. Current agents lack robust
mechanisms for maintaining belief states, updating plans
based on unexpected observations, and gracefully degrad-
ing performance when optimal solutions become infeasible.

6.1.2 Memory and Context Constraints

Memory systems represent a critical bottleneck for agent
capabilities. The fixed context window of LLMs fundamen-
tally limits the amount of information available for reason-
ing, creating a tension between retaining detailed interaction
history and maintaining computational efficiency.

Current memory architectures exhibit several limita-
tions:

Retrieval-Access Trade-offs: Vector-based retrieval sys-
tems enable access to large knowledge stores but introduce
retrieval errors that compound over multi-step reasoning.
Irrelevant or misleading retrieved information can derail
agent behavior, while critical information may be missed
due to semantic mismatch between queries and stored con-
tent.

Memory Consolidation: Agents lack robust mecha-
nisms for consolidating experiences into abstract knowl-
edge. While humans naturally distill repeated experiences
into skills and principles, current systems either store raw
trajectories (expensive and inefficient) or lose critical details
through aggressive summarization.

Temporal Reasoning: Understanding temporal rela-
tionships between events—causality, duration, sequenc-
ing—remains challenging. Agents often fail to maintain
consistent temporal representations across long interactions,
leading to contradictory beliefs and inappropriate actions.

Recent work on hierarchical memory architectures
[Zhang et al.(2026)] shows promise by organizing mem-
ory into cognitively consistent episode and note structures,
enabling efficient retrieval without sacrificing information
fidelity. However, challenges around memory drift, conflict
resolution, and self-evolution persist.

6.1.3 Tool Use and Reliability

Tool use extends agent capabilities beyond their native
abilities but introduces reliability challenges. Agents must
select appropriate tools from potentially large tool libraries,
invoke them correctly, and handle execution failures grace-
fully.

Tool Selection: Retrieval-based tool selection struggles
when task descriptions do not clearly map to tool capa-
bilities. Research indicates that even strong information
retrieval models exhibit poor performance on tool retrieval
tasks, with low retrieval quality significantly degrading task
pass rates [Shi et al.(2025)].

Error Propagation: Tool execution failures can cascade
through multi-step plans. An agent that incorrectly invokes
a tool may receive an error message, misinterpret the cause,
and compound the error through subsequent actions. Ro-
bust error handling and recovery mechanisms remain un-
derdeveloped.

Tool Hallucination: Agents may hallucinate tool capa-
bilities or parameters, invoking non-existent functions or
passing invalid arguments. This is particularly problematic
when agents operate with unfamiliar tool libraries or when
tool documentation is incomplete or ambiguous.
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6.1.4 Safety and Alignment Challenges

Safety represents perhaps the most critical limitation for
autonomous agent deployment. Agents with real-world ac-
tion capabilities can cause harm through both commission
(taking dangerous actions) and omission (failing to take
protective actions).

Goal Misalignment: Agents may pursue specified ob-
jectives through unintended means, achieving task suc-
cess while violating implicit constraints. Research on user-
mediated attacks reveals that commercial agents bypass
safety constraints in over 92% of cases when processing
unverified content, converting such content into confident
booking guidance [Chen et al.(2026)]. This “too helpful
to be safe” phenomenon highlights the tension between
helpfulness and safety.

Adversarial Vulnerabilities: Agents face diverse attack
vectors including prompt injection, indirect manipulation
through environment content, and long-horizon attacks
that exploit multi-turn interactions. AgentLAB benchmarks
demonstrate that agents remain highly susceptible to long-
horizon attacks, with defenses designed for single-turn
interactions failing to reliably mitigate multi-turn threats
[Jiang et al.(2026)].

Emergent Misbehavior: In multi-agent systems, individ-
ually safe agents may exhibit emergent harmful behaviors
through their interactions. Coordination failures, competi-
tive dynamics, and information cascades can lead to out-
comes that no individual agent would produce alone.

6.2 Open Problems

Beyond current limitations, several fundamental problems
remain open for the research community.

6.2.1 Long-Horizon Autonomy

Achieving sustained autonomous operation over extended
time periods presents unique challenges that current sys-
tems do not adequately address.

Temporal Consistency: Agents must maintain consistent
goals, beliefs, and behaviors across interactions spanning
hours, days, or longer. Current systems often exhibit drift,
forgetting earlier commitments or contradicting previous
statements as context accumulates.

Interruptibility and Resumption: Real-world deploy-
ment requires agents to handle interruptions gracefully and
resume tasks after delays. This demands persistent state
management, context reconstruction, and plan adaptation
capabilities that remain underdeveloped.

Lifelong Learning: Agents operating over extended pe-
riods should improve through experience, accumulating
skills and knowledge without catastrophic forgetting. The
challenge lies in balancing stability (retaining existing capa-
bilities) with plasticity (acquiring new ones) while maintain-
ing computational efficiency.

6.2.2 Multi-Agent Coordination at Scale

While multi-agent systems have demonstrated impressive
capabilities in controlled settings, scaling to larger agent
populations and more complex coordination patterns re-
mains challenging.



Communication Efficiency: As agent populations grow,
communication overhead can dominate computational
costs. Agents must learn when to communicate, what infor-
mation to share, and with whom—balancing coordination
benefits against communication costs.

Heterogeneous Coordination: Real-world deployments
involve agents with diverse capabilities, objectives, and
operational constraints. Coordinating heterogeneous agents
requires reasoning about others’ capabilities, negotiating re-
source allocation, and resolving conflicts—capabilities that
current systems handle poorly.

Emergent Behavior Prediction: Understanding and pre-
dicting emergent behaviors in multi-agent systems remains
an open problem. Small changes in individual agent policies
or interaction patterns can produce qualitatively different
system-level outcomes, complicating both design and veri-
fication.

6.2.3 Robust Evaluation

Current evaluation methodologies fail to capture the full
complexity of agent behavior, leading to overestimation of
practical capabilities.

Benchmark Saturation: Rapid capability advances
quickly render benchmarks obsolete, while benchmark con-
struction struggles to keep pace with the expanding scope of
agent applications. The distribution of tasks in benchmarks
often fails to reflect real-world deployment distributions.

Process-Outcome Trade-offs: Optimizing for success-
ful outcomes may incentivize behaviors that achieve re-
sults through undesirable processes. Current metrics in-
adequately capture process quality, robustness, and safety
alongside task success.

Reproducibility: Agent evaluation involves complex
interactions with dynamic environments, making repro-
ducibility challenging. Variations in environment state, ran-
dom seeds, and non-deterministic model outputs compli-
cate fair comparison across systems.

6.2.4 Generalization and Transfer

Agents trained or evaluated in specific environments often
fail to generalize to novel settings, limiting practical appli-
cability.

Domain Transfer: Agents developed for one domain
(e.g., web navigation) often struggle when applied to related
but distinct domains (e.g., mobile app navigation). Transfer
learning approaches for agents remain less developed than
for traditional machine learning models.

Zero-Shot Adaptation: Real-world deployment fre-
quently requires agents to operate in environments not
anticipated during development. Current systems exhibit
brittle performance when facing novel tools, unexpected
environment dynamics, or unfamiliar task structures.

Compositional Generalization: Agents should combine
learned capabilities in novel ways to address new tasks.
However, current systems often fail to exhibit compositional
generalization, requiring explicit training on task combina-
tions they will encounter.
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6.3 Promising Research Directions

Addressing these challenges requires advances across mul-
tiple research fronts. We highlight several promising direc-
tions.

6.3.1 Advanced Memory Architectures

Memory system design represents a high-leverage area for
improving agent capabilities.

Hierarchical Memory Structures: Inspired by human
cognitive architecture, hierarchical memory systems orga-
nize information at multiple levels of abstraction—from
detailed episodic traces to abstract semantic knowledge.
Recent work demonstrates that such structures enable effi-
cient retrieval while preserving information fidelity [Zhang
et al.(2026)], [Lei et al.(2025)]].

Continuum Memory Architectures: Moving beyond
stateless retrieval, continuum memory architectures main-
tain and update internal state across interactions through
persistent storage, selective retention, associative routing,
and temporal chaining [Logan(2026)]. These architectures
treat memory as a dynamic, evolving resource rather than a
static lookup table.

Procedural Memory Systems: Storing and retrieving
reusable procedures—skills and strategies—enables agents
to compound capabilities over time. Hierarchical procedural
memory with Bayesian selection and contrastive refinement
has shown strong performance on multi-step tasks while
enabling sample-efficient learning without LLM parameter
updates [Forouzandeh et al.(2025)].

6.3.2

Bridging the gap between reasoning and planning requires
new algorithmic approaches.

Future-Aware Planning: Methods that enforce explicit
lookahead, value propagation, and limited commitment can
enable downstream outcomes to influence early decisions.
Future-aware lookahead with reward estimation demon-
strates that such approaches can allow smaller models with
proper planning to outperform larger models with standard
step-by-step reasoning [Wang et al.(2026)].

Hierarchical Task Decomposition: Hierarchical plan-
ning approaches that reason at multiple levels of abstraction
can handle complex tasks while maintaining computational
tractability. Self-organizing agent systems with tree struc-
tures demonstrate effective coordination in open-ended en-
vironments [Chen et al.(2024)].

Model-Based Planning: Integrating learned environ-
ment models into agent planning enables simulation-
based reasoning about action consequences. Embodied Tree
of Thoughts demonstrates how physics-based simulation
can guide manipulation planning in robotic systems [Xu
et al.(2025b)|].

Improved Planning and Reasoning

6.3.3 Safety Frameworks

Developing robust safety mechanisms is essential for trust-
worthy agent deployment.

Constitutional Al for Agents: Embedding explicit prin-
ciples or constitutions into agent behavior provides a frame-
work for value alignment. Multi-agent frameworks for in-
terpretable and configurable alignment demonstrate how



constitutional principles can be enforced through agent
collaboration [Masters et al.(2025)].

Verifiable Safety Constraints: Formal methods for spec-
ifying and verifying safety properties can provide guaran-
tees about agent behavior. Research on agent safety align-
ment via reinforcement learning shows promise for training
agents that respect specified constraints [Sha et al.(2025)].

Human-Agent Alignment: Understanding what hu-
mans want from their agents and designing for align-
ment across multiple dimensions—knowledge schema,
autonomy, operations, reputation, ethics, and engage-
ment—provides a foundation for trustworthy agent design
[Goyal et al.(2024)].

6.3.4 Human-Agent Collaboration

Rather than fully autonomous operation, many applications
benefit from effective human-agent collaboration.

Mixed-Initiative Interaction: Systems that dynamically
allocate tasks between humans and agents based on capabil-
ities, preferences, and context can leverage the complemen-
tary strengths of both. This requires agents to model human
capabilities and intentions, communicate appropriately, and
gracefully handle control transitions.

Explainable Agency: Agents that can explain their rea-
soning, decisions, and limitations enable more effective hu-
man oversight and intervention. Research on interpretable
agent behavior and transparent decision-making processes
supports appropriate trust calibration.

Personalization and Adaptation: Agents that adapt to
individual users’ preferences, workflows, and communi-
cation styles can provide more effective assistance. This
requires learning from interaction history while maintaining
privacy and avoiding undesirable manipulation.

6.3.5 Standardized Evaluation Infrastructure

Advancing agent capabilities requires corresponding ad-
vances in evaluation.

Process-Aware Evaluation: Evaluation frameworks that
assess agent behavior throughout task execution—not just
final outcomes—can identify failure modes and process
deficiencies. Agent-as-a-Judge approaches demonstrate how
agentic systems can evaluate other agents with intermediate
feedback and multi-criteria assessment [Zhuge et al.(2024)|.

Reliability Metrics: Comprehensive reliability metrics
that capture consistency, robustness, predictability, and
safety alongside task performance provide a more complete
picture of agent capabilities [Rabanser et al.(2026)]. Such
metrics decompose agent reliability along multiple dimen-
sions, exposing limitations that aggregate success rates ob-
scure.

Continuous Evaluation: Infrastructure for ongoing eval-
uation of deployed agents enables detection of capability
drift, emerging failure modes, and degradation over time.
This supports responsible deployment and continuous im-
provement.

6.4 Conclusion

The field of autonomous agents stands at an inflection
point. Rapid capability advances have demonstrated the
potential of LLM-based agents across diverse domains, yet
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fundamental challenges in reasoning, memory, safety, and
evaluation constrain reliable deployment. Addressing these
challenges requires coordinated progress across multiple
research fronts—from algorithmic innovations in planning
and memory to infrastructure advances in evaluation and
safety verification.

The Brain-Perception-Action framework provides a use-
ful lens for identifying where improvements are most
needed. Current systems excel at perception and basic ac-
tion execution but struggle with the brain functions that
enable sustained, goal-directed autonomy. Memory systems
remain limited compared to human cognitive capabilities,
and multi-agent coordination lacks the robustness required
for complex real-world applications.

Looking forward, the integration of advances across
these dimensions—hierarchical memory, future-aware plan-
ning, constitutional safety frameworks, and human-
centered design—offers a path toward more capable and
trustworthy autonomous agents. The challenges are sub-
stantial, but the potential benefits of reliable autonomous
systems justify sustained research investment. Success will
require not only technical innovation but also careful atten-
tion to safety, alignment, and the broader societal implica-
tions of increasingly capable autonomous agents.

7 CONCLUSION

This survey has provided a comprehensive examination
of LLM-based autonomous agents, a rapidly evolving
paradigm that represents a fundamental shift in artificial
intelligence research. Through the Brain-Perception-Action
(BPA) framework, we have systematically organized the
diverse landscape of agent architectures, capabilities, and
applications, offering both conceptual clarity and practical
guidance for researchers and practitioners.

7.1 Key Findings

Our analysis reveals several important insights about the
current state and trajectory of autonomous agent research:

Architectural Convergence: Despite the diversity of
individual systems, a coherent architectural pattern has
emerged. The BPA framework—comprising central cogni-
tive processing (Brain), environmental sensing (Perception),
and action execution (Action)—provides a unified lens for
understanding and comparing agent designs. This conver-
gence reflects both the influence of cognitive science on
agent design and the practical requirements of building
systems that can perceive, reason, and act.

Capability Expansion: The scope of agent capabilities
has expanded dramatically since the introduction of foun-
dational frameworks such as ReAct and Chain-of-Thought
prompting. Modern agents demonstrate sophisticated plan-
ning through Tree-of-Thought and Graph-of-Thought rea-
soning, maintain persistent memory through hierarchical ar-
chitectures, coordinate effectively in multi-agent teams, and
operate across diverse domains from software engineering
to scientific discovery.

Application Maturity: Autonomous agents have transi-
tioned from research curiosities to practical tools in several
domains. Code development agents achieve competitive



performance on programming benchmarks, web navigation
agents handle real-world websites, and multi-agent systems
demonstrate effective collaboration in complex tasks. This
maturation reflects both improved underlying capabilities
and better understanding of domain-specific requirements.

Persistent Challenges: Despite impressive progress, fun-
damental challenges remain. Agents struggle with long-
horizon planning, exhibit brittle generalization, face reliabil-
ity issues in tool use, and present significant safety concerns.
The gap between benchmark performance and real-world
deployment reliability remains substantial, highlighting the
need for continued research.

7.2 Contributions

This survey contributes to the field through: (1) the BPA
taxonomy as a unified framework for agent analysis; (2)
comprehensive coverage of over 150 papers organized by
architectural components; (3) cross-domain analysis reveal-
ing common patterns and domain-specific adaptations; (4)
systematic examination of evaluation methodologies and
their limitations; and (5) identification of key challenges and
promising research directions.

7.3 Looking Forward

The field of autonomous agents stands at a critical juncture.
The convergence of increasingly capable language mod-
els, sophisticated architectural innovations, and growing
practical applications suggests a trajectory toward more
general and reliable autonomous systems. Yet realizing this
potential requires addressing fundamental challenges in
reasoning, memory, safety, and evaluation.

The most pressing research directions include: devel-
oping memory architectures that support lifelong learning
without catastrophic forgetting; bridging the gap between
step-by-step reasoning and long-horizon planning; estab-
lishing robust safety frameworks that prevent harmful be-
haviors while maintaining helpfulness; and creating evalua-
tion methodologies that capture the full complexity of agent
behavior.

Ultimately, the success of autonomous agents will be
measured not only by their capabilities but by their trust-
worthiness, reliability, and alignment with human values.
The frameworks, taxonomies, and insights presented in this
survey aim to accelerate progress toward this vision while
ensuring that advances serve beneficial ends. As agents
become increasingly integrated into human workflows and
decision-making processes, the responsibility for thought-
ful, safety-conscious development has never been greater.
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