
Review Not peer-reviewed version

Large Language Model Agents: A

Comprehensive Survey on

Architectures, Capabilities, and

Applications

Yiming Lei , Jiawei Xu , Chia Xin Liang , Ziqian Bi , Xiaoming Li , Danyang Zhang , Junhao Song , Zhenyu Yu *

Posted Date: 24 December 2025

doi: 10.20944/preprints202512.2119.v1

Keywords: large language models; autonomous agents; reasoning; tool use; multi-agent systems; memory

augmentation; agent benchmarks

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4988961
https://sciprofiles.com/profile/4989442
https://sciprofiles.com/profile/2509440
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Review

Large Language Model Agents: A Comprehensive
Survey on Architectures, Capabilities, and Applications
Yiming Lei 1, Jiawei Xu 2, Chia Xin Liang 3, Ziqian Bi 4, Xiaoming Li 5, Danyang Zhang 6,
Junhao Song 7 and Zhenyu Yu 8,*

1 Georgia Institute of Technology, Atlanta, GA, USA
2 Purdue University, West Lafayette, IN, USA
3 National Chung Hsing University, Taichung, Taiwan
4 Beijing University of Technology, Beijing, China
5 University Canada West, Vancouver, BC, Canada
6 Independent Researcher, USA
7 Heriot-Watt University, Edinburgh, UK
8 University of Malaya, Kuala Lumpur, Malaysia
* Correspondence: yuzhenyuyxl@foxmail.com

Abstract

Large Language Model (LLM) agents represent a paradigm shift in artificial intelligence, combining
the remarkable reasoning capabilities of foundation models with the ability to perceive environments,
make decisions, and take actions autonomously. This comprehensive survey provides an in-depth
examination of LLM-based agents across multiple dimensions. We first establish a formal definition of
LLM agents and trace their evolution from early language models to today’s sophisticated autonomous
systems. We then present a novel taxonomy that organizes the field into four fundamental categories:
reasoning-enhanced agents that leverage chain-of-thought and tree-structured deliberation; tool-
augmented agents that extend LLM capabilities through external APIs and knowledge bases; multi-
agent systems that enable collaborative problem-solving through inter-agent communication; and
memory-augmented agents that maintain persistent context across interactions. For each category, we
analyze representative architectures, discuss key innovations, and evaluate their relative strengths
and limitations. We further examine diverse applications spanning software engineering, scientific
research, embodied robotics, and web automation, supported by systematic comparisons on established
benchmarks including SWE-bench, WebArena, and AgentBench. Our analysis reveals that while
current agents achieve impressive performance on structured tasks, significant challenges remain in
areas such as long-horizon planning, hallucination mitigation, and safe deployment. We conclude
by identifying promising research directions, including neuro-symbolic integration, multi-modal
perception, and human-agent collaboration frameworks, providing a roadmap for advancing this
rapidly evolving field.

Keywords: large language models; autonomous agents; reasoning; tool use; multi-agent systems;
memory augmentation; agent benchmarks

1. Introduction
The emergence of Large Language Models (LLMs) has fundamentally transformed the landscape

of artificial intelligence, enabling machines to understand, generate, and reason with natural language
at unprecedented levels of sophistication [1–6]. Building upon these capabilities, a new paradigm
has emerged: LLM-based agents that can autonomously perceive their environment, formulate plans,
and execute actions to achieve complex goals. This evolution represents a significant departure from
traditional language models that merely respond to queries, moving towards systems that actively
interact with the world and accomplish tasks that previously required human intervention.
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The concept of autonomous agents has long been a central pursuit in artificial intelligence re-
search, with early work exploring rule-based systems, reinforcement learning agents, and planning
algorithms [7]. However, the integration of LLMs as the cognitive backbone of these agents has
catalyzed remarkable advances in recent years. The introduction of ChatGPT in November 2022 [8–10]
and subsequent models such as GPT-4 [3,11,12] demonstrated that large-scale language models possess
emergent capabilities including few-shot learning, chain-of-thought reasoning, and instruction follow-
ing that make them particularly well-suited for agent applications. These developments have sparked
an explosion of research into LLM agents, with seminal works such as ReAct [13], Toolformer [14–20],
and Generative Agents [21,22] establishing foundational paradigms for reasoning, tool use, and social
simulation respectively.

The rapid proliferation of LLM agent research has created a pressing need for systematic organi-
zation and analysis of this burgeoning field. While several surveys have examined specific aspects
of LLM agents [23–28], the field continues to evolve at such a pace that comprehensive coverage
remains challenging. Moreover, the diversity of approaches spanning reasoning enhancement, tool
augmentation, multi-agent collaboration, and memory systems necessitates a unified framework for
understanding the relationships between different methodologies and identifying opportunities for
cross-pollination.

This survey aims to provide a comprehensive and structured overview of LLM-based agents that
addresses these challenges. Our contributions can be summarized as follows. First, we establish a formal
definition of LLM agents and present a novel taxonomy that organizes the field into four fundamental
categories: reasoning-enhanced agents, tool-augmented agents, multi-agent systems, and memory-
augmented agents. This taxonomy provides a principled framework for understanding the diverse
landscape of agent architectures while highlighting the complementary nature of different approaches.
Second, we conduct an in-depth analysis of representative methods within each category, examining their
technical innovations, theoretical foundations, and empirical performance. Our analysis encompasses
over 100 papers spanning the period from 2020 to 2024, with particular emphasis on developments
since the introduction of instruction-tuned models. Third, we present a systematic comparison of agent
capabilities across multiple benchmarks, including software engineering tasks (SWE-bench) [29,30], web
automation (WebArena) [31], and general agent evaluation (AgentBench) [32,33]. This empirical analysis
reveals both the impressive progress achieved and the substantial gaps that remain between current
systems and human-level performance. Fourth, we identify key challenges facing the field, including
issues of hallucination, long-horizon planning, safety, and scalability, and articulate promising research
directions for addressing these limitations.

The remainder of this survey is organized as follows. Section 2 provides essential background on
LLMs and establishes foundational concepts for understanding agent architectures. Section 3 presents
our proposed taxonomy and provides an overview of the agent landscape. Sections 4 through 7
provide detailed analyses of reasoning-enhanced agents, tool-augmented agents, multi-agent systems,
and memory-augmented agents respectively. Section 8 examines key application domains including
software engineering, scientific research, and embodied AI. Section 9 presents benchmark comparisons
and empirical analyses. Section 10 discusses current challenges and limitations, while Section 11
outlines future research directions. Finally, Section 12 concludes the survey with key takeaways and
reflections on the trajectory of the field.

2. Background and Preliminaries
This section establishes the foundational concepts necessary for understanding LLM-based agents.

We begin by reviewing the evolution of large language models, then formally define what constitutes
an LLM agent, and finally introduce key evaluation metrics and paradigms.

2.1. Evolution of Large Language Models

The development of modern LLMs can be traced through several transformative milestones.
The introduction of the Transformer architecture by Vaswani et al. [1,34] in 2017 established the self-
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attention mechanism as the foundation for scalable sequence modeling. Unlike recurrent architectures,
Transformers enable parallel processing of input sequences and capture long-range dependencies
through attention weights, making them particularly suitable for language understanding tasks. The
subsequent development of BERT [2,35–37] demonstrated that bidirectional pre-training on large text
corpora could yield powerful representations transferable to diverse downstream tasks.

The scaling of language models to billions of parameters marked a critical phase transition
in capabilities [38–43]. GPT-3 with 175 billion parameters exhibited surprising emergent abilities
including few-shot learning, where the model could adapt to new tasks from just a handful of
examples provided in the prompt. This capability opened the door to in-context learning paradigms
that would later prove essential for agent applications. The instruction-tuning revolution, exemplified
by InstructGPT and ChatGPT [8,44,45], further enhanced model capabilities by training on human
feedback to follow diverse instructions more reliably. These instruction-tuned models demonstrated
markedly improved abilities to engage in multi-turn dialogue, follow complex instructions, and
maintain coherent behavior across extended interactions.

The release of GPT-4 [3,46–49] in March 2023 represented another significant leap, achieving
human-level performance on numerous professional examinations while exhibiting enhanced rea-
soning and reduced hallucination rates compared to predecessors. Concurrent developments in
open-source models, particularly the Llama series [50] and Code Llama [51], have democratized
access to powerful foundation models and spurred rapid innovation in the research community. The
emergence of models specifically designed for safety through techniques like Constitutional AI [52]
has also addressed critical concerns about deploying LLMs in autonomous agent settings. Recent
advances in generative modeling [53,54] and natural language processing have further expanded the
capabilities available to agent systems.

2.2. Definition of LLM Agents

We define an LLM agent as a system that employs a large language model as its core reasoning
engine to perceive its environment, make decisions, and execute actions in pursuit of specified goals.
Formally, an LLM agent can be characterized by the tuple A = (M, E ,S ,A, π), where M denotes the
underlying language model, E represents the environment with which the agent interacts, S is the
state space capturing relevant environmental and internal states, A is the action space available to the
agent, and π : S → A is the policy function that maps states to actions.

The agent operates through an iterative perception-reasoning-action loop. At each timestep t, the
agent receives an observation ot from the environment, which is combined with the agent’s memory
mt and task specification g to form the current state st = (ot, mt, g). The LLM then processes this state,
typically through prompting or fine-tuned inference, to produce a reasoning trace rt and select an
action at = π(st). The action is executed in the environment, producing a new observation ot+1 and
potentially updating the agent’s memory to mt+1. This cycle continues until a termination condition is
satisfied or a maximum number of steps is reached.

Formally, the agent’s policy π can be expressed as a conditional probability distribution over
actions given the current context:

π(at|st) = PM(at|prompt(ot, mt, g)), (1)

where PM denotes the probability distribution induced by the language model M, and prompt(·) is a
function that formats the inputs into a textual prompt. The agent’s trajectory τ = (s0, a0, s1, a1, . . . , sT)

is generated by iteratively sampling actions and observing state transitions:

τ ∼
T−1

∏
t=0

π(at|st) · P(st+1|st, at), (2)
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where P(st+1|st, at) represents the environment dynamics. The objective is typically to maximize
expected cumulative reward:

J(π) = Eτ∼π

[
T

∑
t=0

γtR(st, at)

]
, (3)

where R(st, at) is the reward function and γ ∈ [0, 1] is a discount factor.
This formulation distinguishes LLM agents from traditional LLM applications in several important

ways. First, agents maintain persistent state across multiple interaction steps, enabling them to pursue
multi-step goals rather than responding to isolated queries. Second, agents possess the ability to take
actions that modify their environment, whether through tool invocation, code execution, or physical
manipulation in embodied settings. Third, agents typically employ explicit reasoning mechanisms
that make their decision-making process more interpretable and controllable than end-to-end neural
approaches.

2.3. Core Agent Components

Modern LLM agents typically comprise several interconnected components that collectively
enable autonomous behavior. The perception module is responsible for processing environmental
observations and converting them into representations suitable for the LLM. In text-based environ-
ments, this may involve parsing structured outputs from tools or APIs, while in visual domains, it may
require integration with vision encoders or multimodal models. The reasoning module, implemented
through the LLM itself, processes the current state and generates plans, decisions, and verbal reasoning
traces. Advanced reasoning strategies such as chain-of-thought prompting [55] and tree-of-thought
exploration [56] enhance this component’s ability to handle complex, multi-step problems.

The memory module maintains information across interaction steps, enabling the agent to learn
from experience and maintain context over extended horizons. Memory systems range from simple
conversation histories stored in the LLM’s context window to sophisticated architectures with hierar-
chical storage and retrieval mechanisms [57]. The action module translates the LLM’s decisions into
concrete operations, which may include generating text responses, invoking external tools, executing
code, or sending commands to physical actuators. Finally, the planning module orchestrates high-level
strategy by decomposing complex goals into manageable subgoals and coordinating their execution
over time.

Figure 1 illustrates the general architecture of an LLM agent, showing the interconnections
between core components and the cyclic nature of agent operation.

Environment

LLM
(Reasoning Core)

Perception
Module

Action
Module

Memory
Module

Planning
Module

Tools & APIs

obs act

Figure 1. General architecture of an LLM agent. The LLM serves as the central reasoning core, coordinating
perception, memory, planning, and action modules in a cyclic interaction with the environment.
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2.4. Evaluation Paradigms

Evaluating LLM agents presents unique challenges compared to traditional NLP benchmarks due
to the open-ended nature of agent tasks and the difficulty of defining success criteria for complex goals.
Several evaluation paradigms have emerged to address these challenges. Task completion metrics
assess whether agents successfully achieve specified objectives, typically measured through binary
success rates or partial completion scores. For software engineering tasks, success may be determined
by whether generated code passes test suites [29], while for web navigation, success depends on
reaching target states in the browser environment [31].

Efficiency metrics capture the resources consumed by agents during task execution, including the
number of interaction steps, API calls, or tokens processed. These metrics are particularly important
for practical deployment where computational costs and latency must be balanced against task
performance. Behavioral metrics assess qualitative aspects of agent behavior, such as the coherence of
reasoning traces, the appropriateness of tool selections, and the safety of generated actions. Human
evaluation remains essential for many of these aspects, though efforts to develop automatic behavioral
evaluation are ongoing.

Multi-dimensional benchmarks such as AgentBench [32] evaluate agents across diverse envi-
ronments including operating systems, databases, web browsers, and games, providing a more
comprehensive picture of general agent capabilities. These benchmarks reveal that current agents ex-
hibit substantial variation in performance across domains, with strong results on some tasks coexisting
with failures on others that humans find straightforward.

3. Taxonomy and Overview
This section presents our proposed taxonomy for organizing the diverse landscape of LLM-based

agents. We categorize existing approaches into four fundamental dimensions based on their primary
mechanisms for extending LLM capabilities: reasoning enhancement, tool augmentation, multi-agent
collaboration, and memory augmentation. While many practical systems combine multiple dimensions,
this decomposition provides a principled framework for understanding the core innovations driving
the field.

3.1. Taxonomy Overview

Figure 2 illustrates our proposed taxonomy, which organizes LLM agents along four complemen-
tary dimensions. Reasoning-enhanced agents focus on improving the quality of LLM decision-making
through structured prompting strategies and deliberative search algorithms. Tool-augmented agents
extend the action space of LLMs by enabling interaction with external resources including APIs,
databases, code interpreters, and web browsers. Multi-agent systems distribute tasks across multiple
LLM instances that collaborate through communication protocols, role-playing, and debate. Memory-
augmented agents address the limited context windows of LLMs by implementing external memory
systems that enable long-term information retention and retrieval.

These four dimensions are complementary rather than mutually exclusive, and state-of-the-
art agent systems typically integrate capabilities from multiple categories. For instance, the ReAct
framework [13] combines reasoning traces with action execution, while systems like AutoGPT [58]
and LangChain [59] integrate all four dimensions into unified architectures. Understanding each
dimension in isolation, however, provides crucial insights into the design space and enables principled
composition of capabilities.
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LLM Agents

Reasoning
Enhanced

Chain-of-
Thought

Tree/Graph
of Thoughts

ReAct &
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API
Calling
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Browsing

Multi-Agent
Systems

Role
Playing

Debate &
Collaboration Simulation
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Augmented
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Management
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Augmented
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Figure 2. Taxonomy of LLM-based agents. The proposed classification organizes existing methods into four fundamental categories based on their primary mechanisms for extending LLM
capabilities. Each category encompasses distinct subcategories that address specific aspects of agent design.
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3.2. Reasoning-Enhanced Agents

Reasoning-enhanced agents improve LLM decision-making by structuring the generation process
to elicit more deliberate and accurate responses. The chain-of-thought (CoT) prompting paradigm [55]
demonstrated that including step-by-step reasoning examples in prompts substantially improves
performance on arithmetic, symbolic, and commonsense reasoning tasks. Zero-shot variants [60]
achieve similar benefits through simple trigger phrases like “Let’s think step by step,” suggesting that
LLMs possess latent reasoning capabilities that can be activated through appropriate prompting.

Beyond linear chains, tree-structured and graph-structured approaches enable exploration of
multiple reasoning paths. Tree of Thoughts [56] maintains a tree of partial solutions that can be
expanded through breadth-first or depth-first search, with the LLM itself serving as both the generator
and evaluator of candidate thoughts. Graph of Thoughts [61] further generalizes this framework
by allowing arbitrary connections between thought nodes, enabling operations such as aggregation
and refinement that are not possible in tree structures. Self-consistency [62] takes a complementary
approach by sampling multiple reasoning chains and selecting the most consistent answer through
majority voting.

The ReAct paradigm [13] synergizes reasoning and acting by interleaving verbal reasoning traces
with environment actions in an alternating fashion. This approach enables the model to ground
its reasoning in observations while using reasoning to inform action selection, achieving strong
performance on question answering and interactive decision-making tasks. Reflexion [63] extends this
paradigm by incorporating self-reflection, where agents verbally analyze their failures and use these
reflections to improve subsequent attempts without any gradient updates.

3.3. Tool-Augmented Agents

Tool-augmented agents extend the capabilities of LLMs by enabling them to invoke external tools
and services. This approach addresses fundamental limitations of pure language models, including their
inability to access current information, perform precise calculations, and interact with external systems.
Toolformer [14] pioneered the self-supervised approach to tool use, training models to autonomously
decide when and how to invoke tools such as calculators, search engines, and translation systems.

API-calling capabilities have been substantially enhanced through dedicated training and evalua-
tion frameworks. ToolLLM [64] introduces a comprehensive dataset of over 16,000 real-world APIs
along with a training recipe that enables open-source models to achieve competitive tool-use perfor-
mance. Gorilla [65] specifically targets API documentation retrieval and accurate API call generation,
demonstrating that retrieval-augmented approaches can reduce hallucination in tool invocation. The
introduction of function calling capabilities in commercial APIs such as OpenAI’s function calling [66]
has further standardized the interface between LLMs and external tools.

Code execution represents a particularly powerful form of tool augmentation, enabling agents to
leverage the full expressivity of programming languages. Program-aided language models (PAL) [67]
decompose reasoning problems into programmatic solutions that are executed by interpreters, achiev-
ing state-of-the-art results on mathematical reasoning benchmarks. WebGPT [68] and subsequent
systems demonstrate that web browsing capabilities enable agents to access current information and
verify factual claims, substantially reducing hallucination rates on knowledge-intensive tasks.

3.4. Multi-Agent Systems

Multi-agent systems distribute problem-solving across multiple LLM instances that interact
through structured communication protocols. This approach offers several advantages including
task decomposition, diversity of perspectives, and emergent collaborative behaviors. The CAMEL
framework [69] introduced role-playing as a mechanism for autonomous agent cooperation, where
agents assume complementary roles such as instructor and assistant to collaboratively solve tasks
without human intervention.
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Generative Agents [21] demonstrated the potential for LLM-based agents to exhibit believable
social behaviors in simulated environments. By equipping agents with memory systems, reflection
capabilities, and planning modules, the researchers created a small town populated by 25 agents
that autonomously formed relationships, spread information, and coordinated activities. This work
highlighted the emergent properties that can arise from interactions between multiple LLM agents and
opened new avenues for social simulation research.

Software development has emerged as a compelling application domain for multi-agent col-
laboration. MetaGPT [70] organizes multiple agents into a simulated software company with roles
including product manager, architect, and engineer, achieving strong performance on code generation
benchmarks. ChatDev [71] similarly structures agents according to the software development lifecycle,
enabling collaborative design, coding, testing, and documentation. AutoGen [72] provides a flexible
framework for defining custom multi-agent conversations, supporting diverse patterns including
sequential chat, group discussion, and hierarchical delegation.

3.5. Memory-Augmented Agents

Memory-augmented agents address the fundamental limitation of finite context windows by im-
plementing external memory systems that persist across interactions. Retrieval-augmented generation
(RAG) [7] established the foundational paradigm by combining parametric knowledge stored in model
weights with non-parametric knowledge retrieved from external databases. This approach enables
models to access current information and domain-specific knowledge without requiring retraining.

MemGPT [57] takes inspiration from operating system memory hierarchies to implement a tiered
memory architecture for LLM agents. The system distinguishes between main context (analogous to
RAM) and external context (analogous to disk storage), with the agent autonomously managing data
movement between tiers through function calls. This enables effectively unbounded context while
maintaining the responsiveness of limited context windows for immediate interactions.

Generative Agents [21] implement a sophisticated memory architecture that includes a memory
stream for recording observations, a retrieval mechanism that combines recency, importance, and
relevance, and a reflection process that synthesizes higher-level insights from accumulated memories.
This architecture enables agents to maintain coherent personalities and remember past interactions
over extended simulation periods, demonstrating the importance of structured memory for believable
agent behavior.

Table 1 provides a comprehensive comparison of representative methods across the four tax-
onomic categories, summarizing their key characteristics including primary mechanisms, training
requirements, and notable capabilities.

Table 1. Comprehensive Comparison of Representative LLM Agent Methods.

Method Category Mechanism Training LLM Calls Key Strength

Chain-of-Thought Reasoning Linear decomposi-
tion

None 1 Simple, broadly appli-
cable

Tree of Thoughts Reasoning Tree search None O(bd) Deliberative explo-
ration

Self-Consistency Reasoning Multiple sampling None k samples Robust via voting
ReAct Reasoning Reason + Act None Per step Grounded reasoning
Reflexion Reasoning Self-reflection None Multi-trial Learning from failures

Toolformer Tool Self-supervised Fine-tune 1 Autonomous tool use
Gorilla Tool Retrieval + API Fine-tune 1 Accurate API calls
ToolLLM Tool DFSDT search Fine-tune Multi-step Large API scale
HuggingGPT Tool Model orchestra-

tion
None Multi-model Multimodal composi-

tion

CAMEL Multi-agent Role-playing None Dialogue Autonomous coopera-
tion

MetaGPT Multi-agent SOP workflow None Multi-role Structured outputs
Gen. Agents Multi-agent Social simulation None Per agent Emergent behavior
AutoGen Multi-agent Flexible chat None Configurable General framework

RAG Memory Retrieval + Gen. Optional 1 External knowledge
MemGPT Memory Virtual context None Per operation Unbounded context
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3.6. Integration and Frameworks

The practical deployment of LLM agents typically requires integration across multiple taxonomic
dimensions. LangChain [59], launched in October 2022, emerged as one of the first comprehensive
frameworks for building agent applications, providing abstractions for chains, tools, memory, and
agent executors. The framework’s modular design enables flexible composition of components while
standardizing interfaces between different subsystems.

AutoGPT [58] garnered significant attention in early 2023 as one of the first demonstrations of
fully autonomous agent behavior, automatically decomposing goals into subtasks and iteratively
working toward completion. While limited by tendency toward loops and high API costs, AutoGPT
demonstrated the potential for end-to-end autonomous systems and inspired numerous follow-up
projects. More recent frameworks such as TaskWeaver [73] adopt code-first approaches that leverage
the expressivity of programming languages for agent orchestration, while AgentVerse [74] provides
infrastructure for both task-solving and simulation applications of multi-agent systems.

4. Reasoning-Enhanced Agents
Reasoning-enhanced agents represent a fundamental category of LLM agents that improve

decision-making quality through structured prompting strategies and deliberative search algo-
rithms [75,76]. This section provides a comprehensive analysis of reasoning paradigms, beginning with
chain-of-thought approaches and progressing through increasingly sophisticated tree and graph-based
methods.

4.1. Chain-of-Thought Reasoning

The chain-of-thought (CoT) paradigm introduced by Wei et al. [55] demonstrated that prompting
large language models with step-by-step reasoning examples substantially improves performance on
complex reasoning tasks. The key insight is that intermediate reasoning steps, rather than directly
predicting final answers, enable models to decompose problems and apply learned reasoning pat-
terns more effectively. Empirical evaluation on arithmetic reasoning benchmarks such as GSM8K
showed that CoT prompting with PaLM-540B achieved state-of-the-art accuracy of 56.9%, compared
to only 17.9% without chain-of-thought, representing a remarkable improvement attributable solely to
prompting strategy.

Zero-shot chain-of-thought [60,77] extended this paradigm by showing that the simple prompt
“Let’s think step by step” can elicit reasoning behavior without task-specific examples. This finding
suggested that large language models possess latent reasoning capabilities that require only minimal
triggering to activate. The zero-shot approach increased accuracy on MultiArith from 17.7% to 78.7%
and on GSM8K from 10.4% to 40.7% using InstructGPT, demonstrating broad applicability across
reasoning domains. Subsequent work identified that the effectiveness of trigger phrases varies across
tasks, motivating research into automatic prompt optimization.

Self-consistency [62] introduced a complementary enhancement by sampling multiple diverse
reasoning paths and aggregating their conclusions through majority voting. This approach leverages
the intuition that complex problems typically admit multiple valid solution strategies, and consistency
across different approaches provides stronger evidence for correctness than any single chain. Formally,
given a question q, self-consistency samples k reasoning chains {(r1, a1), . . . , (rk, ak)} and selects the
most frequent answer:

â = arg max
a

k

∑
i=1

1[ai = a], (4)

Self-consistency improved CoT performance by 17.9% on GSM8K, 11.0% on SVAMP, and 12.2% on
AQuA, establishing it as a standard component in reasoning agent architectures. The method requires
no additional training and works with any language model capable of chain-of-thought reasoning.

Least-to-most prompting [78] addresses the challenge of generalizing to problems more complex
than those seen in prompts. The approach decomposes complex problems into simpler subproblems
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that are solved sequentially, with each solution informing subsequent steps. On the SCAN benchmark
for compositional generalization, least-to-most prompting achieved 99.7% accuracy on the length
generalization split, compared to only 16% for standard chain-of-thought, demonstrating superior
ability to handle novel problem complexities. Plan-and-solve prompting [79] similarly addresses
multi-step reasoning by first devising a plan that divides the task into subtasks, then executing the
plan step by step, consistently outperforming zero-shot CoT across diverse benchmarks.

4.2. Tree and Graph-Based Deliberation

While chain-of-thought produces linear reasoning sequences, many problems benefit from explor-
ing multiple solution paths and comparing alternatives [80]. Tree of Thoughts (ToT) [56] generalizes
CoT by maintaining a tree of partial solutions that can be expanded through breadth-first or depth-first
search. Recent work on knowledge-augmented planning [81] addresses planning hallucination by
incorporating explicit action knowledge. Each node in the tree represents an intermediate reasoning
state, and the LLM serves dual roles as both generator of candidate expansions and evaluator of their
promise. This enables deliberate exploration and backtracking when initial attempts prove unfruitful.

The ToT framework can be formalized as a search over a tree T = (V, E) where each node v ∈ V
represents a partial solution state. Given a state s, the LLM generates candidate thoughts {t1, . . . , tb}
with branching factor b, and evaluates each through a value function V(s, t):

V(s, t) = PM(“promising”|s, t, eval_prompt), (5)

The search algorithm (BFS or DFS) expands nodes based on these values until reaching a solution or
exhausting the search budget.

ToT demonstrated dramatic improvements on tasks requiring strategic planning and exploration.
On the Game of 24, where the objective is to combine four numbers using arithmetic operations to
obtain 24, GPT-4 with standard prompting solved only 4% of problems while ToT achieved 74% success
rate. Similarly, on creative writing tasks requiring coherent paragraph generation with constraints, ToT
produced outputs that human evaluators rated significantly higher than those from chain-of-thought
or standard prompting. The framework’s flexibility allows customization of search algorithms and
evaluation criteria for different problem domains.

Graph of Thoughts (GoT) [61] further extends the deliberation paradigm by representing rea-
soning as an arbitrary directed graph rather than a tree. This enables operations not possible in tree
structures, including aggregation of multiple thought branches into unified conclusions and refine-
ment of earlier thoughts based on subsequent discoveries. GoT improved sorting quality by 62% over
ToT while reducing computational costs by over 31%, demonstrating that more flexible reasoning
topologies can simultaneously improve quality and efficiency. The framework has been applied to
diverse tasks including document merging, set operations, and keyword extraction.

Self-ask [82] introduced a related approach where the model explicitly asks and answers follow-
up questions before addressing the main query. This compositional structure naturally decomposes
multi-hop reasoning into single-hop subquestions that can be answered individually. The structured
format also enables seamless integration with search engines, where follow-up questions can be routed
to external information sources rather than relying solely on the model’s parametric knowledge. This
combination of self-decomposition and retrieval augmentation achieved strong results on multi-hop
question answering benchmarks.

Figure 3 illustrates the structural differences between Chain-of-Thought, Tree of Thoughts, and
Graph of Thoughts reasoning paradigms.
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Chain-of-Thought

t1 t2 t3 A

Tree of Thoughts

t1

t2a t2b t2c

t3a t3b

A

Graph of Thoughts

t1 t2

t3 t4 t5

t6

A

Figure 3. Comparison of reasoning topologies. Chain-of-Thought follows a linear sequence; Tree of Thoughts enables branching exploration with backtracking; Graph of Thoughts allows arbitrary
connections including aggregation and refinement loops.
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4.3. Reasoning with Action

The ReAct paradigm [13] represents a pivotal advancement that synergizes reasoning and acting
in an interleaved fashion. Rather than separating reasoning and action into distinct phases, ReAct
agents alternate between generating verbal reasoning traces that interpret observations and plan next
steps, and taking actions that query external sources or modify the environment. This tight coupling
enables reasoning to be grounded in concrete observations while actions are informed by deliberate
reasoning.

Figure 4 illustrates the ReAct interaction loop, showing how thought, action, and observation
interleave to solve complex tasks.

Thought 1 Action 1 Obs 1

Thought 2 Action 2 Obs 2

Thought 3 Answer

reason about task execute action receive feedback

Figure 4. The ReAct interaction loop. Agents alternate between generating thoughts (reasoning), taking actions,
and receiving observations, enabling grounded problem-solving.

ReAct achieved notable top 5% recognition at ICLR 2023 and demonstrated strong performance
across diverse benchmarks. On HotPotQA [83], ReAct with GPT-3 outperformed both pure reasoning
(chain-of-thought) and pure acting (action generation without reasoning traces) approaches, achieving
a 6% improvement in exact match score over the best baseline. The framework proved particularly
effective when actions could provide new information relevant to the reasoning process, creating a
productive feedback loop between thought and observation.

Reflexion [63] extends ReAct by incorporating explicit self-reflection after task completion or
failure. Rather than immediately attempting tasks again, Reflexion agents generate verbal analyses of
what went wrong and how to improve, storing these reflections in an episodic memory buffer. On
subsequent attempts, the agent conditions its behavior on accumulated reflections, enabling learning
from experience without gradient updates. This “verbal reinforcement learning” achieved significant
improvements on code generation benchmarks, including state-of-the-art performance on HumanEval
with 91% pass@1 accuracy.

Self-Refine [84] demonstrates that iterative self-improvement can enhance outputs across diverse
tasks. The approach generates an initial output, then uses the same LLM to provide feedback and refine
the output, repeating this cycle until convergence or a maximum iteration count. Across seven tasks
ranging from dialogue generation to mathematical reasoning, Self-Refine improved task performance
by approximately 20% absolute compared to single-shot generation. The method requires no additional
training data and works with any sufficiently capable language model, making it broadly applicable.

CRITIC [85] addresses the observation that LLMs alone cannot reliably verify their own outputs
without external grounding. The framework enables models to validate and revise outputs through
interaction with external tools such as search engines and code interpreters. On question answering
tasks, CRITIC with ChatGPT achieved 7.7 F1 improvement across three benchmarks, while on math-
ematical reasoning, it provided 7.0% absolute gains. The results highlight the critical importance of
external feedback for enabling reliable self-correction in LLM agents.
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4.4. Agent Fine-Tuning for Reasoning

While prompting-based approaches avoid the computational cost of training, fine-tuning can
yield agents with more robust and efficient reasoning capabilities. FireAct [86] investigates fine-tuning
language models on agent trajectories generated by more capable models such as GPT-4. The approach
collects successful reasoning-action traces across multiple tasks and uses them to fine-tune smaller
models in a distillation-like setup. Fine-tuning Llama2-7B with just 500 agent trajectories led to 77%
improvement on HotPotQA while reducing inference costs by 70% compared to prompting GPT-4
directly.

The benefits of fine-tuning extend beyond performance to include improved robustness and
reduced sensitivity to prompt variations. FireAct showed that fine-tuned models maintained strong
performance even when observations were noisy or partially missing, with only 5.1% drop compared
to 28.0% for prompted models in adversarial settings. Multi-method fine-tuning, where training
data combines trajectories from different prompting strategies, can further improve generalization,
though optimal combinations vary across base models. These findings suggest that agent fine-tuning
represents a promising direction for developing practical agent systems with predictable behavior.

4.5. Summary and Comparative Analysis

Table 2 summarizes the key characteristics of reasoning-enhanced agent approaches. Chain-
of-thought methods provide accessible improvements through prompting alone but are limited to
linear reasoning. Tree and graph-based approaches enable more sophisticated exploration but incur
higher computational costs. ReAct-style methods excel in interactive settings where reasoning can be
grounded in observations, while fine-tuning approaches offer the best combination of performance
and efficiency for deployment.

Table 2. Comparison of Reasoning-Enhanced Agent Approaches.

Method Structure Training Search

Chain-of-
Thought

Linear None None

Self-Consistency Linear None Sampling
Tree of Thoughts Tree None BFS/DFS
Graph of
Thoughts

Graph None Custom

ReAct Interleaved None None
Reflexion Episodic None Retry
FireAct Linear Distillation None

5. Tool-Augmented Agents
Tool-augmented agents extend the capabilities of large language models by enabling them to inter-

act with external tools, APIs, and computational resources. This section examines the key paradigms
for tool augmentation, including self-supervised tool learning, API integration frameworks, code
execution engines, and web browsing capabilities.

5.1. Foundations of Tool Use

The integration of external tools addresses several fundamental limitations inherent to pure
language models. First, LLMs possess only parametric knowledge frozen at training time, making
them unable to access current information or domain-specific databases. Second, while LLMs can
approximate arithmetic and symbolic reasoning, they remain prone to errors that even simple cal-
culators would never make. Third, language models cannot directly interact with external systems
such as databases, file systems, or web services. Tool augmentation addresses all three limitations by
enabling LLMs to delegate appropriate subtasks to specialized tools while orchestrating the overall
problem-solving process.

Toolformer [14] established the paradigm of self-supervised tool learning, where models learn
when and how to invoke tools without explicit supervision. The approach trains models to insert API
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calls into text in positions where doing so improves perplexity on subsequent tokens. By optimizing
for this self-supervised objective, the model learns to use tools including calculators, search engines,
translation systems, and calendars in contextually appropriate ways. Toolformer achieved substantially
improved zero-shot performance across diverse tasks, often matching or exceeding much larger models
that lack tool access.

The mechanism underlying Toolformer involves first sampling potential API call positions and
arguments from a prompted model, then filtering these candidates based on whether including the
API response reduces perplexity. Formally, a tool call c at position i is retained if:

Li(c) = L(xi:n|x1:i−1, c, rc)− L(xi:n|x1:i−1) ≥ τ (6)

where L denotes the language model loss, rc is the tool response, and τ is a threshold. The surviving
examples are used to fine-tune the model to generate tool calls autonomously. This self-supervised
approach requires only a handful of demonstrations for each tool and can be extended to new tools
without architectural changes. The key insight is that language models possess sufficient world
knowledge to determine when tool assistance would be beneficial, and this knowledge can be distilled
into tool-using behavior through targeted fine-tuning.

5.2. API Integration and Function Calling

The practical deployment of tool-augmented agents requires robust mechanisms for discovering,
selecting, and invoking APIs. OpenAI’s function calling capability [66], introduced in June 2023,
established a standardized interface where developers describe available functions in JSON schema
format, and the model outputs structured JSON arguments for function invocation. This approach
separates the concerns of function selection and argument generation from actual execution, enabling
flexible integration with arbitrary backend services while maintaining safety through application-
controlled execution.

Gorilla [65] specifically targets the challenge of accurate API call generation, recognizing that
hallucination of incorrect API names, parameters, or usage patterns represents a significant barrier
to reliable tool use. The system combines fine-tuning on curated API documentation with retrieval
augmentation, enabling adaptation to documentation changes at test time without retraining. Gorilla
achieved state-of-the-art performance on API call accuracy, surpassing GPT-4 on the APIBench dataset
while maintaining the flexibility to incorporate new APIs through document retrieval. The retriever-
aware training approach ensures that the model learns to leverage retrieved documentation effectively
rather than relying solely on memorized API knowledge.

ToolLLM [64] addresses the challenge of scaling tool use to thousands of real-world APIs. The
framework constructs ToolBench, a comprehensive dataset covering over 16,000 APIs from the Rap-
idAPI marketplace, along with automatically generated instructions and solution paths. To enable
efficient navigation of large API spaces, ToolLLM introduces a depth-first search-based decision tree
algorithm that enables models to explore multiple reasoning traces and backtrack from unsuccess-
ful attempts. The resulting ToolLLaMA model demonstrates strong generalization to unseen APIs,
achieving comparable performance to ChatGPT on tool-use tasks while enabling deployment with
open-source models.

5.3. Code Execution and Program Synthesis

Code execution represents a particularly powerful modality for tool augmentation, as it enables
agents to leverage the full expressivity of programming languages for computation, data manipulation,
and system interaction. Program-aided language models (PAL) [67] pioneered the approach of gener-
ating programs as intermediate reasoning steps, with actual computation delegated to an interpreter.
This separation of concerns allows the LLM to focus on problem decomposition and program structure
while avoiding arithmetic errors that plague pure language model reasoning.
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PAL demonstrated dramatic improvements on mathematical reasoning benchmarks. On GSM8K,
PAL with Codex outperformed PaLM-540B using chain-of-thought by an absolute 15%, despite using a
substantially smaller model. The key advantage is that generated programs can be verified for syntactic
correctness and tested on examples, providing feedback mechanisms not available for free-form text
reasoning. Moreover, programmatic solutions are inherently more precise, avoiding the ambiguity
and approximation that can accumulate in natural language reasoning chains.

HuggingGPT [87], also known as JARVIS, extends code execution to orchestrate diverse AI
models as tools. The system uses ChatGPT as a controller that plans task decomposition, selects
appropriate models from the Hugging Face ecosystem, executes selected models on task inputs, and
generates integrated responses. This meta-learning approach enables handling of complex multimodal
tasks by composing specialized models for subtasks including image generation, speech recognition,
and object detection. HuggingGPT successfully integrates hundreds of models across 24 task types,
demonstrating the potential for LLMs to serve as general-purpose AI orchestrators.

TaskWeaver [73] adopts a code-first philosophy for agent orchestration, converting user requests
into executable code that coordinates plugins and manages stateful computation. Unlike approaches
that treat code as one tool among many, TaskWeaver uses code as the primary representation for
plans and actions, leveraging programming language constructs for control flow, error handling, and
data transformation. This design enables handling of complex data structures and domain-specific
operations while maintaining interpretability through generated code artifacts.

Figure 5 illustrates the general pipeline for tool-augmented agent operation, showing how the
LLM orchestrates tool discovery, selection, invocation, and result integration.

User Query LLM
Analysis

Tool
Selection

Tool Registry
(APIs, Functions)

Calculator

Search

Code Exec.

Tool
Execution

Tool Results
LLM

Integration
Final

Response

iterate if needed

Figure 5. Tool-augmented agent pipeline. The LLM analyzes user queries, selects appropriate tools from a
registry, executes them, and integrates results. An iterative loop enables multi-step tool use when initial results
are insufficient.

5.4. Web Browsing and Information Retrieval

Web browsing capabilities enable agents to access current information, verify claims against
authoritative sources, and interact with web-based services. WebGPT [68] established foundational
approaches by fine-tuning GPT-3 to operate a text-based web browser for answering questions.
The system learns to issue search queries, navigate search results, and extract relevant information
through imitation learning on human demonstrations. Subsequent optimization with human feedback
improved answer quality to the point where model responses were preferred over human-written
answers 56% of the time.

WebGPT demonstrated substantial improvements in factual accuracy through its browsing capa-
bility. On TruthfulQA, WebGPT models outperformed all GPT-3 variants on both truthfulness and
informativeness metrics. Critically, the percentage of truthful and informative answers increased with
model size for WebGPT, unlike base GPT-3 where scaling provided minimal improvements. This
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finding suggests that grounding in retrieved information enables more beneficial scaling of factual
knowledge capabilities.

Mind2Web [88] introduced the first large-scale benchmark for generalist web agents, comprising
over 2,000 tasks across 137 real websites spanning 31 domains. The benchmark evaluates agents on
their ability to follow natural language instructions to accomplish diverse web tasks including form
filling, navigation, and information extraction. Evaluation revealed significant gaps between current
models and human performance, with the best approaches achieving only around 50% accuracy on
element selection compared to human levels exceeding 90%. This benchmark has catalyzed research
into more capable web agents.

WebArena [31] advances web agent evaluation by providing a realistic, reproducible environment
with self-hosted websites representing e-commerce, social forums, software development, and content
management domains. The benchmark includes 812 tasks designed to emulate authentic human web
use, with evaluation based on functional correctness rather than surface-level metrics. Experiments
revealed that even GPT-4-based agents achieved only 14.41% task success compared to 78.24% human
performance, highlighting substantial room for improvement. The controlled environment enables
reproducible evaluation and systematic analysis of failure modes.

5.5. Multimodal Tool Integration

Recent advances have extended tool augmentation to multimodal settings where agents must
process and generate content across text, images, audio, and video. Visual language models such as
GPT-4V enable agents to perceive visual information directly, reducing reliance on separate vision
tools. However, the integration of specialized tools for tasks such as image generation, video editing,
and 3D modeling remains important for achieving high-quality outputs in specialized domains.

The orchestration of multimodal tools introduces unique challenges including modality align-
ment, format conversion, and quality assessment across different content types. Systems like Hugging-
GPT [87] address these challenges by maintaining explicit representations of input-output modalities
for each available tool, enabling automatic planning of tool chains that respect modality constraints.
The success of such systems demonstrates that LLMs can effectively coordinate diverse specialized
tools to accomplish complex multimodal objectives.

5.6. Summary

Tool-augmented agents substantially extend the capabilities of language models by enabling
access to external computation, information, and services. Table 3 summarizes key approaches
across different tool modalities. The field continues to evolve rapidly, with ongoing work addressing
challenges including tool discovery, composition, and verification.

Table 3. Comparison of Tool-Augmented Agent Approaches.

Method Tool Type Training API Scale

Toolformer Mixed Self-sup. 5 tools
Gorilla REST APIs Fine-tune 1,600+
ToolLLM REST APIs Fine-tune 16,000+
PAL Interpreter None 1 tool
WebGPT Browser RLHF 1 tool
HuggingGPT AI Models None 100s

6. Multi-Agent Systems
Multi-agent systems distribute problem-solving across multiple LLM instances that interact

through structured communication protocols [89,90]. This paradigm offers several advantages over
single-agent approaches, including task decomposition through role specialization, diversity of per-
spectives that can improve solution quality, and emergent collaborative behaviors that mirror human
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teamwork. This section examines the foundational frameworks, communication protocols, and appli-
cation patterns that characterize LLM-based multi-agent systems.

6.1. Role-Playing and Autonomous Cooperation

The CAMEL framework [69] introduced role-playing as a mechanism for enabling autonomous
cooperation between LLM agents without human intervention. The system assigns complementary
roles to different agents, such as an AI user that provides instructions and an AI assistant that executes
them, and uses inception prompting to guide their interaction toward task completion. A task specifier
agent first elaborates an initial idea into a well-defined task, which the user and assistant agents then
collaboratively solve through multi-turn dialogue.

CAMEL revealed several challenges inherent to autonomous multi-agent cooperation. Conversa-
tion deviation occurs when agents gradually drift from the original task objective, potentially exploring
tangential or irrelevant topics. Role flipping happens when agents confuse their assigned roles, with
the assistant providing instructions or the user attempting to execute tasks. Establishing appropriate
termination conditions proved difficult, as agents may declare completion prematurely or continue
indefinitely without reaching solutions. These observations have informed subsequent work on more
robust multi-agent coordination.

The DERA framework [91] specifically targets knowledge-intensive tasks by structuring dialog
between two specialized agents: a Researcher that processes information and identifies crucial problem
components, and a Decider that integrates the Researcher’s findings to make final judgments. This
division of labor mirrors expert consultation processes, where information gathering and synthesis
are separated from decision-making. On medical question answering tasks, DERA demonstrated
significant improvements over single-agent baselines, achieving GPT-4 level performance on the
MedQA dataset with explicit reasoning traces that enhance interpretability.

6.2. Software Development with Multiple Agents

Software development has emerged as a compelling domain for multi-agent collaboration due
to its inherent structure of specialized roles and well-defined workflows. MetaGPT [70] organizes
multiple agents into a simulated software company with roles including product manager, architect,
project manager, and engineer. The framework encodes standardized operating procedures (SOPs) into
prompt sequences, guiding agents through structured workflows that mirror professional software
development practices. Critically, MetaGPT requires agents to produce structured outputs such as
requirements documents, design artifacts, and interface specifications, which serve as intermediate
artifacts that reduce ambiguity and error propagation.

MetaGPT achieved state-of-the-art performance on code generation benchmarks, with 85.9%
and 87.7% Pass@1 on HumanEval and MBPP respectively. The framework demonstrated 100% task
completion rate on tested scenarios, highlighting the robustness enabled by structured workflows.
The use of intermediate documents proved particularly valuable, as it allowed later-stage agents to
work from well-specified requirements rather than ambiguous natural language descriptions. This
structured approach substantially reduced the hallucination and inconsistency problems that plague
less constrained multi-agent systems.

ChatDev [71] similarly structures agents according to the software development lifecycle phases
of design, coding, testing, and documentation. The chat chain architecture decomposes each phase
into atomic chat interactions between pairs of agents, enabling fine-grained control over communi-
cation while maintaining the benefits of natural language collaboration. The framework employs
communicative dehallucination techniques where agents cross-check each other’s outputs, reducing
errors through social verification mechanisms. ChatDev demonstrated strong performance on software
generation tasks while providing interpretable logs of the development process.

AutoGen [72] provides a more flexible framework for defining custom multi-agent conversations
without prescribing specific organizational structures. The framework supports diverse conversation
patterns including two-agent chat, sequential multi-agent chat, group discussion, and hierarchical
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delegation. Agents can be customized with different LLM backends, system prompts, tool access,
and code execution capabilities. This flexibility has enabled applications across mathematics, coding,
question answering, operations research, and entertainment domains, demonstrating the generality of
the multi-agent conversation paradigm.

6.3. Simulation and Emergent Behavior

Generative Agents [21] demonstrated that LLM-based agents can exhibit believable social behav-
iors in simulated environments. The system populated a small village with 25 agents, each possessing
a unique identity, occupation, and set of relationships. Agents were equipped with memory systems
for recording and retrieving experiences, reflection capabilities for synthesizing higher-level insights,
and planning modules for coordinating daily activities. Without explicit programming of social be-
haviors, agents spontaneously formed relationships, spread information through the community, and
coordinated group activities such as parties.

The emergent behaviors observed in Generative Agents included information diffusion, where
knowledge introduced to one agent propagated through the social network via conversations, and
relationship formation, where agents developed friendships based on shared experiences and compati-
ble personalities. Agents demonstrated coherent personalities over extended periods, remembering
past interactions and adjusting behavior accordingly. Human evaluators rated agent behaviors as
significantly more believable than ablated versions lacking memory or reflection capabilities, validating
the importance of these architectural components.

AgentVerse [74] provides infrastructure for both task-solving and simulation applications of
multi-agent systems. The framework supports dynamic adjustment of agent group composition
through recruitment and dismissal based on task requirements. Experiments demonstrated that multi-
agent groups consistently outperformed single agents across diverse tasks, with the most significant
improvements on complex problems requiring diverse expertise. The emergence of social behaviors
including collaboration, competition, and specialization was observed even in task-solving scenarios,
suggesting that multi-agent dynamics provide benefits beyond simple task decomposition.

6.4. Debate and Collective Intelligence

Beyond cooperative problem-solving, multi-agent systems can leverage adversarial dynamics to
improve solution quality. Debate frameworks pit agents against each other in argumentation, with
the expectation that rigorous examination of opposing positions will surface errors and strengthen
conclusions. This approach mirrors human practices such as peer review and courtroom proceedings,
where adversarial processes are valued for their ability to expose weaknesses.

ProAgent [92] investigates proactive cooperation in multi-agent settings, where agents must
anticipate and adapt to the behaviors of teammates without explicit communication. The framework
uses LLMs to reason about teammate intentions and dynamically adjust behavior to complement
observed actions. In cooperative game environments like Overcooked-AI, ProAgent achieved supe-
rior performance in both AI-AI and AI-human cooperation scenarios, with over 10% improvement
over baselines. The ability to cooperate effectively with unknown partners represents an important
capability for deployable multi-agent systems.

6.5. Communication Protocols and Coordination

The design of communication protocols significantly impacts multi-agent system performance [93].
Unstructured natural language communication offers flexibility but can lead to redundancy, ambiguity,
and information loss. Structured protocols that define message formats and turn-taking rules can
improve efficiency but may constrain the range of expressible interactions. Hybrid approaches that
combine structured coordination with natural language content appear promising for balancing these
concerns.

Figure 6 illustrates three fundamental communication topologies employed in multi-agent sys-
tems: sequential handoff, hierarchical delegation, and fully connected collaboration.
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Figure 6. Multi-agent communication topologies. Sequential patterns pass information along a chain; hierarchical patterns use a leader for coordination; collaborative patterns enable peer-to-peer
communication among all agents.
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Memory and context management present particular challenges in multi-agent settings. Individ-
ual agents have limited context windows that may be insufficient for tracking extended multi-party
conversations. Shared memory systems can provide common ground but introduce synchronization
and consistency challenges. Selective attention mechanisms that filter relevant information for each
agent based on role and task state represent an active area of research.

6.6. Summary

Multi-agent systems leverage the power of LLMs through coordination and collaboration, en-
abling capabilities that exceed those of individual agents. Table 4 summarizes key multi-agent frame-
works and their characteristics. The field continues to evolve toward more sophisticated coordination
mechanisms and larger-scale deployments.

Table 4. Comparison of Multi-Agent System Frameworks.

Framework Agents Domain Coordination

CAMEL 2-3 General Role-
playing

MetaGPT 5+ Software SOP work-
flow

ChatDev 4+ Software Chat chain
AutoGen 2+ General Flexible chat
Gen.
Agents

25 Simulation Autonomous

AgentVerse Variable General Dynamic

7. Memory-Augmented Agents
Memory-augmented agents address the fundamental limitation of finite context windows in large

language models by implementing external memory systems that persist across interactions [94–96].
While modern LLMs can process increasingly long contexts, with some models supporting over
100,000 tokens, practical constraints including computational cost and attention degradation over
long sequences motivate the development of explicit memory architectures. This section examines the
design principles, implementations, and applications of memory systems for LLM agents.

7.1. Context Window Limitations

The context window of a language model defines the maximum amount of text that can be
processed in a single forward pass, fundamentally constraining the temporal horizon over which
agents can maintain coherent state. Early transformer models were limited to 512 or 2048 tokens,
making extended conversations and document analysis impractical without memory augmentation.
While recent models have dramatically expanded context lengths, with Claude supporting 100K tokens
and GPT-4 supporting 128K tokens, several limitations persist even at these scales.

First, attention complexity scales quadratically with sequence length in standard transformer
architectures, making very long contexts computationally expensive and slow to process. Second,
empirical studies have demonstrated that LLMs exhibit degraded performance on information located
in the middle portions of long contexts, a phenomenon termed the “lost in the middle” effect. Third,
the cost of processing long prompts through API-based services can be prohibitive for applications
requiring frequent updates or many concurrent sessions. These factors motivate memory architectures
that maintain essential information in compact representations rather than raw context.
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7.2. Retrieval-Augmented Generation

Retrieval-augmented generation (RAG) [7] established the foundational paradigm for combining
parametric knowledge stored in model weights with non-parametric knowledge retrieved from
external databases. The approach augments the model’s input with documents retrieved based on
query similarity, enabling access to information not present in training data without requiring model
updates. RAG models demonstrated substantial improvements on knowledge-intensive NLP tasks
including question answering, fact verification, and open-domain dialogue.

The RAG architecture comprises a retriever component that identifies relevant documents and a
generator component that conditions on retrieved content to produce outputs. The retriever typically
employs dense passage representations computed by neural encoders, with similarity measured
through inner products in embedding space. Documents are retrieved at inference time based on query
embeddings, and the top-k results are concatenated with the original query to form the generator
input. This design enables seamless integration of dynamic knowledge bases with frozen language
model generators.

Subsequent developments have refined RAG architectures along multiple dimensions. Iterative
retrieval interleaves retrieval and generation steps, allowing the model to formulate follow-up queries
based on initial results. Reranking stages improve retrieval precision by applying more expensive
models to rank retrieved candidates. Query expansion and reformulation techniques enhance recall
by generating multiple query variants. These enhancements have established RAG as a standard
component in knowledge-intensive agent systems.

7.3. Hierarchical Memory Architectures

MemGPT [57] introduced a hierarchical memory architecture inspired by operating system mem-
ory management. The system distinguishes between main context (analogous to RAM) comprising the
LLM’s active context window, and external context (analogous to disk storage) comprising persistent
databases. The agent autonomously manages data movement between tiers through function calls that
read from and write to external storage, conceptually similar to page faults and cache management in
traditional computing.

Figure 7 illustrates the hierarchical memory architecture employed in modern memory-augmented
agents, showing the relationship between immediate context, working memory, and long-term storage.

Context Window
(Active, Fast, Limited)

Working Memory
(Retrieval Buffer, Medium Capacity)

Episodic Memory
(Experiences, Events, Interactions)

Semantic Memory
(Facts, Knowledge, Abstractions)

Archival Storage
(Persistent, Compressed, External)

read/evict

retrieve

reflect

consolidate

read/evict

retrieve

reflect

consolidate

query

archive

4K–128K tokens

Top-K retrieved

Timestamped logs

Vector DB

Unlimited

Figure 7. Hierarchical memory architecture for LLM agents. Information flows between tiers through retrieval,
reflection, and consolidation operations, with capacity increasing and access speed decreasing at lower tiers.
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This architecture enables effectively unbounded context while maintaining responsive interaction
through the limited main context. When relevant information resides in external storage, the agent can
retrieve it into main context for processing. When main context becomes full, the agent can evict less
immediately relevant information to external storage while retaining retrieval capability. MemGPT
was evaluated on conversational agents and document analysis tasks, demonstrating that virtual
context management enables performance competitive with models having much larger native context
windows.

The design leverages the function calling capabilities of modern LLMs, where the agent can
invoke memory operations as tools alongside other actions. Memory operations include reading
specific entries by key, searching external storage for relevant content, and writing new observations
or synthesized knowledge. The agent learns when to invoke these operations through standard
prompting or fine-tuning on memory management demonstrations. This approach treats memory
management as an integral part of agent behavior rather than a separate preprocessing step.

7.4. Memory in Generative Agents

Generative Agents [21] implemented a sophisticated memory architecture designed to support be-
lievable social behavior over extended time horizons. The architecture comprises three interconnected
components: a memory stream that records observations in natural language, a retrieval function
that selects relevant memories based on multiple criteria, and a reflection process that synthesizes
higher-level insights from accumulated experiences.

The memory stream maintains a comprehensive record of the agent’s experiences, with each entry
containing a description, creation timestamp, and most recent access timestamp. Retrieval considers
three factors: recency, with more recent memories weighted higher; importance, with significant events
weighted higher; and relevance, with memories semantically similar to the current context weighted
higher. The retrieval score for memory m given query q is computed as:

score(m, q) = α · recency(m) + β · importance(m) + γ · relevance(m, q), (7)

where recency decays exponentially with time since last access:

recency(m) = exp(−λ · (tnow − taccess(m))), (8)

and relevance is computed as cosine similarity between embedding vectors:

relevance(m, q) =
em · eq

∥em∥∥eq∥
. (9)

The combination of these factors determines which memories surface during recall, enabling contextu-
ally appropriate behavior while preserving episodic coherence.

The reflection process addresses the challenge of extracting meaningful patterns from numerous
individual memories. Periodically, agents aggregate recent memories and prompt the LLM to generate
higher-level observations about patterns, relationships, and insights. These reflections are themselves
stored in the memory stream and can be retrieved like primary observations, enabling hierarchical
abstraction over experience. Human evaluations confirmed that agents with full memory architectures
exhibited significantly more believable and coherent behavior than ablated versions lacking memory
or reflection capabilities.
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7.5. Episodic and Semantic Memory

Drawing on cognitive science distinctions, some memory architectures explicitly separate episodic
memory capturing specific experiences from semantic memory capturing general knowledge. Episodic
memories preserve contextual details including when and where events occurred, supporting recall of
specific interactions and experiences. Semantic memories abstract away contextual details to capture
generalizable facts and relationships, supporting reasoning about categories and typical properties.

This separation enables different retrieval strategies suited to different query types. Questions
about specific past interactions benefit from episodic retrieval that considers temporal and contextual
similarity. Questions about general facts or typical patterns benefit from semantic retrieval that ignores
contextual details in favor of conceptual similarity. Hybrid systems can route queries to appropriate
memory stores based on query characteristics or retrieve from both stores and aggregate results.

The formation of semantic memories from episodic experiences mirrors human learning processes
where repeated experiences give rise to generalized knowledge. Mechanisms for semantic memory
formation include frequency-based abstraction, where commonly occurring patterns are extracted as
general rules, and analogy-based transfer, where similarities across episodes support formation of
abstract categories. These mechanisms remain active areas of research in memory-augmented agent
design.

7.6. Memory Consolidation and Forgetting

As agents accumulate experiences over time, memory systems must address storage growth
and the potential for outdated information to interfere with current behavior. Memory consolidation
processes compress detailed episodic memories into more compact semantic representations, reducing
storage requirements while preserving essential information. Forgetting mechanisms remove or down-
weight memories that are outdated, contradicted by newer information, or simply irrelevant to current
objectives.

Intelligent forgetting presents significant challenges, as determining which memories can be safely
discarded requires understanding their potential future relevance. Time-based decay provides a simple
heuristic but may prematurely remove infrequently accessed but important memories. Access-based
policies retain frequently used memories but may preserve outdated information that happens to be
commonly queried. Importance-based approaches require reliable estimation of memory significance,
which itself may depend on future contexts that are unknowable. These tradeoffs parallel fundamental
challenges in database design and information retrieval.

7.7. Summary

Memory augmentation enables LLM agents to maintain coherent state and leverage past expe-
rience over extended time horizons. Table 5 summarizes key memory architecture approaches and
their characteristics. The design of effective memory systems remains an active research area with
important implications for agent capabilities.

Table 5. Comparison of Memory-Augmented Agent Architectures.

System Structure Retrieval Reflection

RAG Flat Similarity None
MemGPT Hierarchical Function

call
None

Gen. Agents Stream Multi-
factor

Periodic
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8. Applications
LLM agents have been deployed across a diverse range of application domains, demonstrating

their versatility and practical utility. This section examines key application areas including software
engineering, scientific research, embodied AI, web automation, and enterprise applications, analyzing
both the successes achieved and the challenges encountered in each domain.

8.1. Software Engineering

Software engineering represents one of the most active and consequential application domains for
LLM agents [97,98]. The structured nature of code, availability of execution feedback, and clear success
criteria through test suites make software tasks particularly amenable to agent-based approaches. Early
work focused on code generation from natural language specifications, with models demonstrating
impressive ability to synthesize functions and complete code snippets. Recent work has explored both
agent-based and agentless approaches [99] to software engineering tasks.

The introduction of Devin by Cognition AI [100] in March 2024 marked a significant milestone
as a claimed first fully autonomous AI software engineer. Devin operates with access to a shell,
code editor, and browser within a sandboxed environment, enabling it to plan and execute complex
engineering tasks from natural language specifications. On the SWE-bench benchmark [29], Devin
resolved 13.86% of issues end-to-end, substantially exceeding the previous state-of-the-art of 1.96%.
However, subsequent independent evaluations revealed significant limitations, with only 3 of 20 tested
tasks completed satisfactorily, highlighting the gap between benchmark performance and practical
reliability.

SWE-agent [101] introduced the concept of agent-computer interfaces (ACIs) specifically designed
for LLM interaction with software systems. Unlike human-oriented interfaces with graphical elements
and free-form navigation, ACIs provide structured commands and outputs optimized for language
model consumption. This interface design philosophy substantially improved agent performance
on software engineering tasks, achieving state-of-the-art results on SWE-bench when combined with
capable base models. The work demonstrated that thoughtful interface design can be as important as
model capability for agent effectiveness.

OpenHands [102], evolved from the OpenDevin project, provides an open-source platform for
AI software developers as generalist agents. The platform supports diverse software engineering
workflows including bug fixing, feature implementation, and code review, with evaluation across 15
benchmarks spanning different aspects of software development. The open-source nature has enabled
rapid community contributions and research into agent architectures, tool designs, and evaluation
methodologies.

8.2. Scientific Research

LLM agents are increasingly being applied to accelerate scientific research across domains in-
cluding chemistry, biology, materials science, and mathematics. These applications leverage agents’
ability to process scientific literature, design experiments, analyze data, and generate hypotheses. The
combination of domain knowledge in training data with tool access to computational resources and
databases enables agents to contribute meaningfully to research workflows.

In chemistry, agents have been developed to assist with synthesis planning, property prediction,
and laboratory automation. Systems that combine language models with specialized chemistry tools
such as molecular simulators and reaction databases can propose synthetic routes for target compounds
and predict reaction outcomes. The ability to reason about molecular structures in natural language
while accessing quantitative computational chemistry tools represents a powerful combination for
accelerating discovery.
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Mathematical reasoning represents another significant application area, building on the strong
performance of LLMs on mathematical benchmarks. Agents that combine natural language reasoning
with formal proof assistants can tackle problems that neither approach handles well alone. The natural
language component enables intuitive problem understanding and strategy formulation, while formal
tools provide rigorous verification and search capabilities. This combination has achieved notable
results on competition mathematics and theorem proving tasks.

8.3. Embodied AI and Robotics

Embodied AI extends LLM agents into physical environments where they must perceive the
world through sensors and act through physical actuators. This domain presents unique challenges
including the need for real-time responsiveness, handling of continuous state spaces, and ensuring
safe behavior in physical environments. Despite these challenges, LLM-based approaches have
demonstrated promising results in robot manipulation, navigation, and human-robot interaction.

Voyager [103] demonstrated the potential for LLM agents in virtual embodied environments by
creating an agent that continuously explores, learns, and accomplishes diverse goals in Minecraft. The
system comprises an automatic curriculum for exploration, a skill library for storing and retrieving
learned behaviors, and an iterative prompting mechanism that incorporates environmental feedback.
Voyager obtained 3.3x more unique items and unlocked technology milestones up to 15.3x faster than
baselines, while demonstrating generalization to new Minecraft worlds with novel task specifications.

Inner Monologue [104] investigated the use of language models for embodied reasoning in robotic
settings. Recent surveys on robot intelligence with LLMs [105] and embodied multi-modal agents [106]
have further advanced this area. The approach enables robots to form internal monologues that
interpret observations, plan actions, and adapt to feedback through natural language. By grounding
language generation in physical observations and action outcomes, robots can exhibit more robust
and adaptive behavior than purely feedforward approaches. The system demonstrated capabili-
ties including multilingual instruction following and interactive problem solving when faced with
obstacles.

The HuggingGPT system [87] demonstrates how LLM orchestration can enable complex multi-
modal tasks that combine perception, reasoning, and generation. By routing subtasks to appropriate
specialized models from the Hugging Face ecosystem, the system can handle requests spanning image
understanding, speech processing, and video analysis. This orchestration paradigm provides a path
toward general-purpose embodied agents that leverage diverse perceptual and actuation capabilities.

8.4. Web Automation

Web automation applies LLM agents to navigate websites, fill forms, extract information, and
complete transactions on behalf of users. The web represents a natural environment for agent de-
ployment due to its structured nature, well-defined action space of clicks and typing, and immediate
feedback through page updates. However, the complexity and diversity of real websites present
significant challenges for robust automation.

Mind2Web [88] established the first large-scale benchmark for generalist web agents, revealing
substantial gaps between current capabilities and practical requirements. Subsequent work including
WebVoyager [107], AutoWebGLM [108], and WebAgent [109] has advanced web navigation capabilities
through multimodal understanding and reinforcement learning. The benchmark comprises tasks
across 137 websites in 31 domains, with evaluation on element selection accuracy and task completion.
Best methods achieved approximately 50% element selection accuracy compared to human levels
above 90%, indicating significant room for improvement. The benchmark has catalyzed research into
more capable web understanding and interaction.
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WebArena [31] advances evaluation by providing reproducible self-hosted web environments rep-
resenting realistic domains including e-commerce, forums, and content management. The 812 included
tasks emulate authentic human web activities with functional correctness evaluation. GPT-4-based
agents achieved only 14.41% task success compared to 78.24% human performance, demonstrating
that current agents struggle with the full complexity of web interaction. The controlled environment
enables systematic analysis of failure modes and iterative improvement.

OSWorld [110] extends agent evaluation to general computer use across operating systems includ-
ing Ubuntu, Windows, and macOS. The benchmark comprises 369 tasks involving real applications,
file operations, and multi-application workflows. State-of-the-art models achieved only 12.24% success
compared to 72.36% human performance, with primary challenges including GUI element identifi-
cation and operational knowledge. This benchmark highlights the substantial gap remaining before
agents can serve as general computer assistants.

Table 6 provides a comprehensive comparison of LLM agent applications across different domains,
summarizing key characteristics, representative systems, and current performance levels.

Table 6. Comparison of LLM Agent Application Domains.

Domain Key Tasks Representative Sys-
tems

Best Perf. Human
Perf.

Main Challenges

Software Eng. Bug fixing, coding Devin, SWE-agent 22% 85%+ Long-horizon, con-
text

Web Automa-
tion

Navigation, forms WebArena agents 14.4% 78.2% Dynamic content,
UI

OS Interaction File ops, apps OSWorld agents 12.2% 72.4% GUI understanding
Scientific Experiments, analy-

sis
ChemCrow Varies – Domain knowledge

Embodied AI Navigation, manip. Voyager, PaLM-E 3.3x better – Real-time, safety
Enterprise QA, document proc. Custom agents – – Accuracy, security

8.5. Enterprise and Business Applications

Enterprise applications represent a significant opportunity for LLM agent deployment, with
potential to automate knowledge work, enhance decision-making, and improve customer service.
Customer service chatbots leveraging LLM capabilities can handle a broader range of queries with
more natural conversation than traditional rule-based systems. Document processing agents can
extract, summarize, and route information from diverse business documents.

Data analysis and business intelligence represent particularly promising application areas. Agents
that combine natural language understanding with database querying and visualization tools can
enable non-technical users to explore data and generate insights. The ability to translate natural lan-
guage questions into SQL queries, execute them against databases, and present results in interpretable
formats democratizes access to data-driven decision making.

However, enterprise deployment raises significant concerns around accuracy, security, and gov-
ernance. Hallucination risks are particularly consequential in business contexts where incorrect
information can lead to financial or reputational damage. Integration with sensitive data systems
requires robust access controls and audit capabilities. Regulatory compliance in domains such as
finance and healthcare imposes additional requirements on agent behavior and documentation.

8.6. Timeline of Major Developments

Figure 8 illustrates the evolution of key LLM agent developments from 2022 to 2024. The timeline
shows the rapid acceleration of progress following the introduction of ChatGPT and GPT-4, with
foundational paradigms established in 2023 and increasingly sophisticated systems emerging in 2024.
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2022 2023 2024

Chain-of-Thought
(Wei et al.)

ChatGPT
(OpenAI)

ReAct
(Yao et al.)

GPT-4
(OpenAI)

AutoGPT
(Richards)

Tree of Thoughts
(Yao et al.)

Devin
(Cognition)

SWE-agent
(Yang et al.)

OSWorld
(Xie et al.)

Figure 8. Timeline of major developments in LLM agents. Key milestones are shown from the introduction of chain-of-thought prompting through recent advances in software engineering and
computer use agents.
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9. Benchmarks and Evaluation
The systematic evaluation of LLM agents requires benchmarks that capture the multi-faceted nature

of agent capabilities including reasoning, tool use, planning, and interaction with complex environments.
This section surveys the major benchmarks developed for agent evaluation, presents comparative analyses
of agent performance, and discusses evaluation methodologies and their limitations.

9.1. General Agent Benchmarks

AgentBench [32] provides the first comprehensive benchmark designed to evaluate LLMs as au-
tonomous agents across diverse environments. Recent work has introduced TheAgentCompany [111]
for evaluating agents on consequential real-world tasks, while comprehensive surveys on agent evalu-
ation [112,113] have systematized evaluation methodologies. The benchmark comprises eight distinct
environments spanning operating systems, databases, knowledge graphs, digital card games, lateral
thinking puzzles, house-holding simulation, web browsing, and web shopping. Each environment
requires different combinations of skills including command generation, query formulation, strategic
planning, and interactive navigation.

Table 7 presents the performance of representative models on AgentBench. The results reveal
substantial performance gaps between commercial and open-source models, with GPT-4 achieving 4.82
overall score compared to 0.56 for Llama2-70B-Chat. The benchmark also exposes uneven performance
across environments, where models that excel at database queries may struggle with operating system
commands, highlighting the challenge of developing truly generalist agents.

Table 7. Performance Comparison on AgentBench (Overall Score).

Model OS DB Web Overall

GPT-4 35.1 32.0 2.5 4.82
GPT-3.5-turbo 25.6 24.5 1.2 3.49
Claude-2 21.8 18.6 1.0 2.78
Llama2-70B 12.4 8.2 0.3 0.56

The InterCode benchmark [114] focuses on interactive coding with execution feedback, providing
environments for Bash, SQL, and Python programming. Unlike static code generation benchmarks,
InterCode evaluates agents on their ability to iteratively refine solutions based on execution errors
and test results. This interactive paradigm more closely mirrors real software development where
developers incrementally debug and improve their code based on feedback.

9.2. Software Engineering Benchmarks

SWE-bench [29] has emerged as the primary benchmark for evaluating agents on real-world
software engineering tasks. The benchmark comprises 2,294 issues from 12 popular Python repositories
including Django, Flask, and scikit-learn, with each task requiring agents to generate patches that
resolve described problems. Evaluation is based on whether generated patches pass the associated test
suites, providing objective measures of functional correctness.

Table 8 summarizes agent performance on SWE-bench. Early systems achieved very low success
rates, with Claude 2 resolving only 1.96% of issues. The introduction of specialized agent architectures
substantially improved performance, with Devin achieving 13.86% and subsequent systems exceeding
20% on the full benchmark. SWE-bench Verified, a human-validated subset of 500 problems, has seen
even higher success rates exceeding 50% for the best systems as of late 2024.
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Table 8. Agent Performance on SWE-bench.

Agent SWE-bench Full (%) SWE-bench Verified (%)

Claude 2 (baseline) 1.96 –
Devin 13.86 –
SWE-agent + GPT-4 12.47 23.8
SWE-agent + Claude 3.5 18.0 33.6
OpenHands + Claude 3.5 22.0 41.0

Despite impressive progress, the gap between current agents and human performance remains
substantial. Human developers can resolve the majority of SWE-bench issues given sufficient time,
while even the best agents fail on most problems. Analysis of failure modes reveals that agents struggle
with tasks requiring deep understanding of code context, multi-file changes, and complex debugging
workflows that humans handle through experience and intuition.

9.3. Web Automation Benchmarks

Mind2Web [88] provides a large-scale benchmark for generalist web agents comprising over
2,000 tasks across 137 real websites in 31 domains. Tasks include form filling, navigation, information
extraction, and transaction completion, requiring agents to interpret natural language instructions
and execute appropriate sequences of clicks and inputs. Evaluation assesses both element selection
accuracy and overall task completion.

WebArena [31] advances web agent evaluation by providing reproducible self-hosted environ-
ments representing e-commerce, forums, software development, and content management domains.
The 812 included tasks evaluate functional correctness rather than surface-level metrics, requiring
agents to actually accomplish specified objectives in working web environments. Table 9 presents
agent performance on WebArena.

Table 9. Agent Performance on WebArena.

Agent Task Success Rate (%)

Human 78.24
GPT-4 + CoT 14.41
GPT-4 + SoM 11.08
GPT-3.5-turbo 7.20

The substantial gap between human performance (78.24%) and the best agents (14.41%) on
WebArena highlights fundamental challenges in web automation. Agents frequently struggle with
dynamic content, multi-step workflows, and ambiguous instructions. The controlled environment
enables detailed analysis of failure modes, revealing that perceptual errors in identifying interactive
elements and planning errors in action sequencing are primary contributors to failures.

Figure 9 provides a visual comparison of agent performance across major benchmarks, illustrating
the substantial gap between current agent capabilities and human-level performance.
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Figure 9. Performance comparison between human baselines and best-performing agents across major bench-
marks. Significant gaps persist across all domains.

OSWorld [110] extends evaluation to general computer use across operating systems including
Ubuntu, Windows, and macOS. The benchmark comprises 369 tasks involving real applications, file op-
erations, and multi-application workflows that reflect authentic computer use scenarios. Performance
remains low across all evaluated systems, with the best achieving only 12.24% success compared to
72.36% human performance. Primary challenges include GUI element identification and operational
knowledge about application functionality.

9.4. Reasoning and Knowledge Benchmarks

While not specifically designed for agents, several reasoning benchmarks have been widely
adopted for evaluating agent capabilities. HotPotQA [83] evaluates multi-hop question answering
requiring reasoning across multiple documents, a capability essential for agents that must gather and
synthesize information from diverse sources. ReAct and related methods have achieved strong results
on HotPotQA by interleaving reasoning with information retrieval actions.

Mathematical reasoning benchmarks including GSM8K and MATH evaluate agents’ ability to
solve quantitative problems requiring multi-step calculation and logical deduction. Chain-of-thought
and program-aided approaches have achieved impressive results on these benchmarks, with some
configurations exceeding 90% accuracy on GSM8K. However, performance on more challenging
mathematical reasoning remains limited, and the relationship between benchmark performance and
practical mathematical assistance capabilities remains unclear.

Table 10 provides comprehensive statistics for major agent benchmarks, including dataset sizes,
task characteristics, and evaluation metrics.

Table 10. Statistics of Major Agent Evaluation Benchmarks.

Benchmark Tasks Domains Metric Environment Year

AgentBench 8 env. OS/DB/Web/Game Weighted score Simulated 2023
SWE-bench 2,294 Software repos Pass@1 Real codebases 2024
SWE-bench Verified 500 Software repos Pass@1 Real codebases 2024
WebArena 812 4 web domains Task success Self-hosted 2024
Mind2Web 2,350 137 websites Element acc. Real websites 2023
OSWorld 369 3 OS platforms Task success Virtual machines 2024
HotPotQA 113K Wikipedia EM/F1 Text retrieval 2018
GSM8K 8.5K Math word Accuracy Calculator 2021
ToolBench 16,464 16K APIs Pass rate API simulation 2023
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9.5. Multimodal and Embodied Benchmarks

Recent benchmarks have extended agent evaluation to multimodal settings requiring integra-
tion of visual perception with language understanding. VisualWebArena builds on WebArena by
incorporating visual elements into web tasks, evaluating whether agents can understand screenshots
and visual layouts in addition to HTML structure. Performance drops substantially when visual
understanding is required, revealing gaps in current multimodal agent capabilities.

Embodied benchmarks evaluate agents in simulated physical environments requiring navigation,
manipulation, and object interaction. While primarily designed for reinforcement learning research,
these benchmarks have been adapted for LLM agent evaluation. Results demonstrate that LLM agents
can provide high-level planning and reasoning for embodied tasks, but integration with low-level
motor control remains challenging.

Figure 10 presents a radar chart comparing the capabilities of different foundation models across
key agent-relevant dimensions, illustrating the varying strengths and weaknesses that inform model
selection for specific applications.

Reasoning

Tool UsePlanning

Code

Knowledge Instruction

GPT-4
Claude 3.5

Llama 3 70B

Figure 10. Radar chart comparing foundation model capabilities across agent-relevant dimensions. Scores are
normalized percentages based on benchmark performance.

9.6. Evaluation Methodology Considerations

Several methodological considerations affect the interpretation of benchmark results. Many
benchmarks were designed for evaluating models in isolation and may not fully capture the interactive,
multi-turn nature of agent behavior. The choice of prompting strategy, tool configurations, and hyper-
parameters can substantially affect performance, making fair comparisons difficult. Contamination
concerns arise when evaluation data may have appeared in model training sets, potentially inflating
performance estimates.

The development of robust evaluation methodologies for LLM agents remains an active research
area. Proposals include multi-dimensional evaluation frameworks that assess different aspects of agent
competence independently, behavioral testing that examines agent responses to diverse scenarios
beyond task completion, and human evaluation protocols that capture subjective assessments of agent
usefulness and reliability. The relationship between cognitive capabilities of LLMs and their practical
utility as agents has been explored in recent work examining similarities between language model
reasoning and human cognition . Recent surveys on multimodal LLMs and contrastive learning
provide complementary perspectives on the capabilities underlying agent performance. The role of
parallel computing in enabling efficient agent inference has also been examined .

10. Challenges and Limitations
Despite remarkable progress, LLM agents face substantial challenges that limit their practical

deployment and reliability. This section examines the key challenges spanning hallucination and
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factual accuracy, planning and reasoning limitations, safety and security concerns, and efficiency and
scalability constraints.

10.1. Hallucination and Factual Accuracy

Hallucination, the generation of plausible but factually incorrect or unsupported content, repre-
sents a fundamental challenge for LLM agents. Unlike static generation where hallucinations may be
merely embarrassing, agent hallucinations can lead to incorrect actions with real-world consequences.
An agent that hallucinates an API endpoint may attempt calls that fail or, worse, succeed with unin-
tended effects. An agent that fabricates information during decision-making may pursue suboptimal
or harmful courses of action.

The causes of hallucination in LLMs are multifaceted and not fully understood [115,116]. Training
on internet text inevitably exposes models to misinformation, which may be reproduced during
generation. The pressure to produce fluent, confident outputs can lead models to fabricate details rather
than acknowledge uncertainty. The parametric nature of model knowledge means that information
is compressed and abstracted in ways that may introduce distortions. Recent work on semantic
entropy [117] provides principled approaches to detecting confabulations. Current approaches to
hallucination mitigation include retrieval augmentation to ground generation in verified sources [7],
self-consistency checks to identify unreliable outputs [62], and external verification through tools like
CRITIC [85].

Recent work has examined the relationship between LLM capabilities and potential for misuse,
including concerns about adversarial attacks, prompt injection, and jailbreaking that can compromise
agent behavior [118]. The security of LLM agents against malicious manipulation represents an
ongoing research challenge, particularly as agents are granted broader capabilities for interacting with
external systems.

10.2. Long-Horizon Planning

LLM agents exhibit significant limitations in long-horizon planning, where goals must be decom-
posed into extended sequences of subgoals and actions. While agents can successfully complete tasks
requiring a handful of steps, performance degrades substantially as task complexity increases. Several
factors contribute to this limitation.

Error accumulation presents a fundamental challenge where small errors in early steps compound
through subsequent decisions. An incorrect tool selection or misinterpreted observation early in a task
can lead the agent down paths from which recovery is difficult. The probability of task completion can
decrease exponentially with the number of required steps if each step has any probability of failure.

Context limitations constrain the amount of information agents can maintain about task state,
history, and goals. While memory augmentation addresses some aspects of this challenge, current
memory systems remain imperfect in their retention and retrieval of relevant information. Long tasks
may require more contextual information than can be effectively managed, leading to forgotten goals
or repeated actions.

Credit assignment becomes increasingly difficult in long-horizon settings. When a task ultimately
fails, identifying which of many preceding decisions was responsible is challenging for both human
evaluators and potential learning mechanisms. This difficulty impedes both human debugging of
agent behavior and automated approaches to improving agent policies.

10.3. Generalization and Robustness

Current agents exhibit limited generalization across tasks, domains, and environments. An agent
that performs well on one set of benchmarks may fail on superficially similar tasks that differ in subtle
ways. This brittleness limits the practical utility of agents, as users cannot reliably predict which tasks
will be handled successfully.

Distribution shift between training/development conditions and deployment scenarios poses
particular challenges. Agents evaluated on curated benchmarks encounter more diverse and potentially
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adversarial inputs in real-world deployment. The gap between controlled evaluation and open-ended
use remains substantial for current systems.

Robustness to input variations is often limited. Small changes to task phrasing, observation
formatting, or environmental conditions can lead to dramatically different agent behavior. This
sensitivity makes agent performance unpredictable and limits user trust. Recent surveys on multimodal
LLMs have examined how visual and language understanding capabilities interact, with implications
for robust agent design [119].

10.4. Safety and Alignment

Deploying autonomous agents raises significant safety concerns that extend beyond those of
passive language models [120,121]. Agents that can take actions in the world may cause harm through
incorrect, unintended, or misaligned behavior. Recent work has examined vulnerabilities in safety
alignment [122]. Ensuring that agents pursue intended goals without negative side effects is a challenge
of increasing importance as agent capabilities expand.

Goal misspecification occurs when the objectives provided to an agent do not fully capture the
user’s true intentions. An agent that optimizes a proxy metric may achieve high scores while failing to
satisfy the underlying human need. Sandbagging, where agents may underperform on evaluations
while preserving capabilities for other purposes, represents an emerging concern.

Unintended side effects arise when agents pursue goals through means that have negative
consequences not explicitly prohibited. An agent tasked with cleaning up disk space might delete
important files if not carefully constrained. Defining comprehensive constraints that prevent all
harmful actions while preserving useful capabilities is extremely challenging.

The development of agent systems that are transparent, interpretable, and aligned with human
values has been addressed through various approaches including constitutional AI [52] and instruction
tuning . Explainability remains an important concern, as users need to understand agent reasoning to
appropriately calibrate trust . The broader ethical implications of deploying autonomous AI agents
have received increasing attention [123].

10.5. Efficiency and Scalability

Practical deployment of LLM agents faces significant efficiency and scalability constraints. The
computational cost of LLM inference, particularly for large frontier models, limits the number of
interaction steps that can be economically supported. Complex tasks requiring hundreds of model
calls may incur substantial costs, making agents impractical for many applications.

Latency presents challenges for interactive applications where users expect responsive feedback.
Multi-step agent processes that require sequential model calls introduce delays that degrade user
experience. Parallel processing of independent subproblems can help but is not always possible given
task dependencies.

Memory and context management become bottlenecks as task complexity scales. Maintaining
comprehensive records of observations, actions, and reasoning traces consumes limited context capacity.
External memory systems introduce additional overhead for storage and retrieval. The optimization of
memory architectures for different use cases represents an active area of investigation .

The computational demands of reasoning approaches vary substantially, with more sophisticated
techniques like tree-of-thought search incurring multiplicative cost increases over basic prompting
. Balancing reasoning quality against computational efficiency requires careful consideration of
application requirements.

10.6. Reproducibility and Evaluation

The evaluation of LLM agents faces reproducibility challenges stemming from multiple sources.
Commercial API-based models may change behavior over time as providers update their systems,
making longitudinal comparisons difficult. Stochastic generation means that repeated runs can produce
different outcomes, requiring statistical analysis that is often lacking in agent evaluations.
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Benchmark contamination concerns arise because large-scale pretraining corpora may include
evaluation data, artificially inflating performance estimates. Determining whether specific evaluation
examples appeared in training data is often impossible given the opacity of training processes for
commercial models.

The gap between benchmark performance and real-world utility remains poorly understood.
High scores on curated evaluations do not necessarily translate to practical value for users, and
metrics that better predict real-world usefulness are needed. The development of more comprehensive
evaluation frameworks that assess multiple dimensions of agent competence represents an important
research direction. Recent work on uncertainty quantification [124] and trustworthy AI provides
foundations for more robust evaluation methodologies.

Table 11 summarizes the major challenges facing LLM agents along with current mitigation
approaches and remaining open problems.

Table 11. Summary of Major Challenges in LLM Agent Development.

Challenge Description Current Approaches Open Problems

Hallucination Generation of factually incor-
rect content

RAG, self-consistency, external
verification

Reliable detection, root
cause

Long-horizon plan-
ning

Performance degrades with
task length

Hierarchical planning, subgoal
decomposition

Error accumulation, credit
assignment

Generalization Limited transfer across do-
mains

Multi-task training, in-context
learning

Distribution shift, robust-
ness

Safety Unintended harmful behav-
iors

Constitutional AI, RLHF,
guardrails

Goal misspecification, side
effects

Efficiency High computational costs Model distillation, caching, prun-
ing

Real-time interaction, cost re-
duction

Reproducibility Inconsistent evaluation re-
sults

Standardized benchmarks, con-
trolled environments

API changes, contamination

11. Future Directions
The field of LLM agents is rapidly evolving, with numerous promising research directions poised

to address current limitations and unlock new capabilities. This section outlines key areas for future
investigation including architectural innovations, training paradigms, human-agent collaboration, and
emerging application domains.

11.1. Advanced Reasoning Architectures

Future agent architectures will likely incorporate more sophisticated reasoning mechanisms that
go beyond current chain-of-thought and tree-search approaches. Neuro-symbolic integration offers
a promising direction, combining the flexibility of neural language models with the precision and
verifiability of symbolic reasoning systems. Hybrid architectures that use LLMs for high-level planning
while delegating formal reasoning to specialized engines could achieve the best of both paradigms.

World models that enable agents to simulate the consequences of actions before executing them
represent another frontier. By maintaining predictive models of environment dynamics, agents could
evaluate potential action sequences through mental simulation, reducing costly interactions with real
environments. The development of accurate world models for complex domains such as software
systems and web interfaces remains challenging but would substantially enhance agent planning
capabilities.

Hierarchical reasoning architectures that operate at multiple levels of abstraction could address
limitations in long-horizon planning. High-level modules could decompose goals into subgoals
while lower-level modules focus on detailed execution, with bidirectional communication enabling
adaptation to unexpected situations. Such architectures mirror human cognitive organization and
could enable more robust handling of complex tasks.

The transfer and optimization of reasoning capabilities across models has received initial attention ,
with potential for developing more efficient agents that leverage reasoning patterns learned from
larger teacher models. Mixture-of-experts architectures may enable more efficient agent systems that
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activate specialized capabilities as needed. The automation of research processes through agent-based
systems represents another promising direction that could accelerate scientific discovery.

11.2. Agent Training and Learning

Current agents primarily rely on prompting and few-shot learning, with limited use of training
specifically for agent behavior. Future work will likely develop more sophisticated training paradigms
that directly optimize agent performance on downstream tasks. Reinforcement learning from human
feedback (RLHF) has proven effective for general instruction following [125,126], with recent work
exploring RLAIF as a scalable alternative [127]. Extensions specifically targeting agent capabilities
remain underexplored.

Learning from interaction experience represents a natural extension of current approaches. Agents
that can improve through autonomous exploration, learning from both successes and failures without
continuous human supervision, would be substantially more practical for deployment. Key challenges
include credit assignment over long horizons, sample efficiency in sparse reward settings, and safe
exploration that avoids harmful actions during learning.

Self-improvement mechanisms that enable agents to identify and address their own weaknesses
could lead to continuously improving systems. An agent that monitors its own performance, identifies
recurring failure patterns, and develops strategies to address them would exhibit a form of meta-
learning valuable for general-purpose deployment. Initial work on self-reflection and self-refinement
provides foundations for such capabilities [63,84].

Fine-tuning methodologies for adapting large models to agent tasks efficiently continue to ad-
vance . Low-rank adaptation and related parameter-efficient approaches may enable broader deploy-
ment of specialized agent capabilities without the computational costs of full model training.

11.3. Human-Agent Collaboration

The future of LLM agents likely involves deep integration with human workflows rather than
full automation. Designing effective human-agent collaboration requires understanding how to
partition tasks between human and machine contributors, how to communicate agent uncertainty and
limitations, and how to enable human oversight without introducing prohibitive overhead.

Adaptive autonomy systems that adjust the level of agent independence based on task difficulty,
user preference, and confidence estimates could optimize the tradeoff between efficiency and human
control. Agents might operate fully autonomously on routine tasks while seeking human input for
novel or high-stakes decisions. Developing robust confidence estimates that accurately predict when
human involvement would be beneficial remains an open challenge.

Explanation and transparency capabilities will be essential for human-agent collaboration. Users
need to understand agent reasoning to provide effective guidance and appropriately calibrate trust.
Current agents often operate as black boxes, with reasoning traces providing limited insight into actual
decision processes. Improving the interpretability and faithfulness of agent explanations is a priority
for human-centered design .

Personalization represents another dimension of human-agent collaboration, where agents adapt
to individual user preferences, expertise levels, and working styles. Personalized agents could learn
communication patterns that particular users find helpful, adjust their level of initiative based on user
preferences, and remember user-specific context across sessions.

11.4. Multimodal and Embodied Agents

The extension of LLM agents to multimodal settings incorporating vision, audio, and potentially
other sensory modalities opens vast new application spaces. Multimodal agents that can understand
documents with complex layouts, interpret visual interfaces, and process multimedia content would
be substantially more capable than text-only systems. Recent advances in multimodal large language
models provide foundations for such capabilities . The development of affective agents that can
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perceive and respond to emotional cues represents an emerging direction with applications in customer
service and marketing .

Embodied agents that operate in physical environments through robotic platforms represent
a longer-term frontier. While current robotic applications of LLMs focus on high-level planning,
tighter integration with perception and control systems could enable more capable robotic assistants.
Challenges include real-time responsiveness requirements, handling of physical uncertainty, and
ensuring safe operation in human environments.

Cross-modal reasoning that leverages information from multiple modalities to inform decisions
will become increasingly important. An agent that can read a technical manual (text), observe a
demonstration (video), and then perform a task (embodied action) would exhibit a form of multimodal
understanding currently beyond reach. Developing unified representations that support such cross-
modal transfer is an active research direction.

11.5. Emerging Application Domains

Several application domains are poised for significant expansion of agent capabilities. Scientific
research assistance, where agents help with literature review, hypothesis generation, experimental
design, and data analysis, could substantially accelerate discovery processes . The depth of domain
knowledge required for effective scientific agents presents challenges but also opportunities for
developing specialized systems with expert-level capabilities.

Healthcare applications including clinical decision support, patient monitoring, and medical
documentation could benefit from agent capabilities, though the high stakes of medical decisions
impose stringent requirements for accuracy, reliability, and safety. The relationship between AI
capabilities and clinical utility requires careful evaluation .

Education represents a domain where personalized agent tutors could provide individualized
instruction at scale. Agents that adapt to student knowledge states, identify misconceptions, and
provide targeted feedback could democratize access to high-quality instruction. Challenges include
maintaining student engagement, accurately assessing understanding, and appropriately scaffolding
learning progressions.

11.6. Safety and Governance

As agent capabilities expand, safety and governance considerations become increasingly urgent.
The development of agent systems that reliably pursue intended goals without harmful side effects
remains a fundamental challenge. Formal verification approaches that provide guarantees about agent
behavior in specified circumstances could complement empirical testing and human oversight.

Governance frameworks for agent deployment must address questions of liability, accountability,
and appropriate use. When an agent takes an action that causes harm, determining responsibility
among developers, deployers, and users requires new legal and ethical frameworks. Proactive
engagement with policymakers and the public will be essential for navigating these challenges.

Red-teaming and adversarial testing will become increasingly important for identifying agent
vulnerabilities before deployment. Systematic approaches to discovering failure modes, security
vulnerabilities, and potential for misuse can inform both system design and deployment decisions. The
development of robust agent systems that maintain intended behavior under adversarial conditions
represents a critical research priority .

Table 12 summarizes the key future research directions, their current status, and potential impact
on agent capabilities.
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Table 12. Summary of Future Research Directions for LLM Agents.

Direction Key Approaches Current Status Timeline Expected Impact

Neuro-symbolic Hybrid LLM + formal
reasoning

Early research Medium-term Verifiable reasoning

World Models Predictive simulation Emerging Medium-term Better planning
Agent Training RL from interaction Limited Short-term Improved efficiency
Human-Agent Collab. Adaptive autonomy Active research Short-term Practical deployment
Multimodal Agents Vision + language + ac-

tion
Rapid progress Short-term Broader applications

Safety & Alignment Formal verification, red-
teaming

Critical priority Ongoing Reliable deployment

12. Conclusion
This survey has provided a comprehensive examination of large language model agents, a rapidly

evolving field that combines the remarkable capabilities of foundation models with autonomous
action-taking in pursuit of complex goals. We have presented a novel taxonomy organizing the diverse
landscape into four complementary dimensions: reasoning-enhanced agents that leverage structured
prompting and deliberative search; tool-augmented agents that extend LLM capabilities through
external resources; multi-agent systems that enable collaborative problem-solving; and memory-
augmented agents that maintain context across extended interactions.

Our analysis of over 100 papers spanning 2020-2024 reveals both the impressive progress achieved
and the substantial challenges that remain. On reasoning, we have traced the evolution from basic
chain-of-thought prompting through increasingly sophisticated tree and graph-based deliberation,
culminating in paradigms like ReAct and Reflexion that tightly couple reasoning with action and
learning from experience. On tool use, we have examined how agents have progressed from simple
API calling to orchestrating thousands of real-world services and executing arbitrary code. Multi-agent
systems have demonstrated that collaboration among LLM instances can yield capabilities exceeding
those of individual agents, while memory architectures have begun addressing the fundamental
limitation of finite context windows.

The application domains for LLM agents continue to expand, with particularly notable progress
in software engineering where agents can now resolve a meaningful fraction of real-world issues
automatically. Yet benchmark evaluations consistently reveal substantial gaps between agent and
human performance, whether on software tasks (SWE-bench), web automation (WebArena), or gen-
eral computer use (OSWorld). These gaps underscore the challenges of hallucination, long-horizon
planning, robustness, and safety that must be addressed for agents to achieve practical reliability.

Looking forward, we identify several promising research directions. Advanced reasoning archi-
tectures incorporating neuro-symbolic integration and world models could address current planning
limitations. Training paradigms specifically designed for agent behavior, rather than general lan-
guage modeling, could yield more capable and reliable systems. Deep integration of human-agent
collaboration, with adaptive autonomy and transparent explanation, will be essential for real-world
deployment. The extension to multimodal and embodied settings opens vast new application spaces
while introducing additional challenges.

The development of LLM agents sits at the intersection of multiple AI research traditions, drawing
on insights from natural language processing, reinforcement learning, robotics, and cognitive science.
As the field matures, we anticipate increased integration of these perspectives and the emergence of
unified frameworks that transcend current categorical distinctions. The ultimate goal of creating AI
systems that can perceive, reason, plan, and act to accomplish human-specified objectives remains
challenging but increasingly within reach.

We hope this survey provides a useful resource for researchers and practitioners entering the field,
establishing a shared understanding of foundational concepts, key methods, and open challenges. The
pace of progress in LLM agents is remarkable, and we anticipate that many of the limitations discussed
here will be addressed in the coming years. At the same time, the challenges of safety, alignment,
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and beneficial deployment will only become more pressing as capabilities expand. Addressing these
challenges thoughtfully and proactively is essential for realizing the potential of LLM agents to benefit
humanity.
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