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Abstract—The emergence of large language models (LLMs)
has catalysed a shift from reactive machine-learning pipelines to
proactive, multi-step autonomous systems commonly called Al
agents. While industry adoption is growing rapidly, practitioners
face a fragmented landscape of competing frameworks with
little guidance on enterprise suitability. This paper addresses
that gap through a systematic literature review of 20 works
published between 2022 and 2025, combined with a six-dimension
quantitative evaluation of four widely-adopted frameworks—
LangChain, CrewAl, AutoGPT, and MetaGPT—scored on multi-
agent support, memory management, tool integration, enterprise
readiness, ease of setup, and scalability. The evaluation yields
three principal findings: (1) no single framework satisfies all
enterprise deployment requirements simultaneously, with the
best-performing framework (LangChain) achieving only 73%
of the ideal score; (2) persistent cross-session memory manage-
ment remains an unsolved problem across all evaluated frame-
works, averaging 2.5 out of 5; and (3) enterprise readiness—
encompassing role-based access control, audit logging, and regu-
latory compliance—is critically low, with all frameworks scoring
at most 3 out of 5. Agent decision-making is formalised using
reinforcement learning, including Q-learning and Bellman opti-
mality equations, providing a theoretically grounded basis for the
evaluation criteria. A concrete research roadmap spanning 2025-
2030 is proposed to guide the community toward production-
grade enterprise Al agent systems. The limitations of this study,
including the subjective nature of the scoring rubric and the
absence of live benchmarking, are discussed explicitly.

Index Terms—Al agents, agentic Al, large language models,
LangChain, CrewAl, AutoGPT, MetaGPT, multi-agent systems,
reinforcement learning, enterprise Al, autonomous systems

1. INTRODUCTION

The trajectory of artificial intelligence has shifted decisively
from static, single-purpose models toward autonomous sys-
tems capable of perceiving their environment, reasoning over
inputs, and executing sequences of actions without continuous
human supervision [9]. These systems—commonly called Al
agents—integrate perception, memory, planning, and action
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into a closed feedback loop that distinguishes them from
earlier machine-learning pipelines [1].

The advent of large language models such as GPT-4 [3]
has been a pivotal enabler, allowing agents to perform open-
ended natural-language reasoning, invoke external tools, and
reflect on their own outputs to improve performance iteratively.
Industry analysts project the AI agent market will exceed
$28 billion by 2028 [21], with deployment spanning enterprise
automation, healthcare decision support, software engineering,
and financial analysis.

Rapid commercial interest has, however, produced signif-
icant framework fragmentation. LangChain [6], CrewAl [7],
AutoGPT [8], and MetaGPT [5] each address different subsets
of the design space, yet no enterprise-focused comparative
evaluation of these frameworks has been published. This paper
makes the following contributions.

- A structured systematic review of 20 Al agent works
published between 2022 and 2025, synthesised across five
thematic dimensions.

- A rigorous mathematical formalisation of agent decision-
making using reinforcement learning, Q-functions, and
Bellman optimality, which grounds the subsequent eval-
uation criteria.

- The first six-dimension quantitative comparison of
LangChain, CrewAl, AutoGPT, and MetaGPT against a
defined enterprise deployment rubric.

- Three empirically-grounded findings on enterprise de-
ployment barriers, with explicit discussion of their limi-
tations.

- A milestone roadmap (2025-2030) specifying concrete
research targets for enterprise-grade Al agent systems.

II. LITERATURE REVIEW

The Al agent literature has grown substantially since 2022,
driven by the open-source release of LLM infrastructure
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and competitive commercial deployment. Table I presents a
structured review of 20 representative works selected through
the methodology described in Section VIII.

A. Thematic Synthesis

LLM-powered reasoning. Since the publication of the
GPT-4 technical report [3], LLMs have become the de-facto
reasoning core for autonomous agents. Yao et al. [4] demon-
strated that interleaving chain-of-thought reasoning traces with
executable actions—the ReAct paradigm—substantially im-
proves task completion rates compared to either reasoning
or acting in isolation. Xi et al. [1] provide a comprehensive
taxonomy of the resulting architectures.

Tool use and skill acquisition. Schick et al. [10] showed
that LLMs can be trained to invoke external APIs au-
tonomously, removing the need for hand-crafted tool-selection
rules. Wang et al. [12] extended this to open-ended embodied
settings, demonstrating progressive skill accumulation in a
game environment; however, the evaluation remained limited
to that environment, restricting generalisation.

Reflection and self-improvement. Shinn et al. [11] intro-
duced verbal reinforcement—agents critique their own outputs
in natural language and use the critique to revise plans without
gradient updates. While effective on short-horizon tasks, the
mechanism degrades as task length increases.

Multi-agent collaboration. Wu et al. [2], Hong et al. [5],
and Qian et al. [13] independently demonstrated that role-
specialised multi-agent pipelines outperform single agents on
tasks requiring complementary expertise. Guo et al. [18§]
confirm this trend across domains in a 2024 survey but note
that coordination overhead and communication failures remain
unsolved at scale.

Memory and enterprise gaps. A consistent finding across
the reviewed literature is the absence of robust persistent
memory [9], [19]. Wang et al. [19] classify agent memory into
working (in-context), episodic (past interactions), and semantic
(world knowledge) components, and identify cross-session
persistence as the most critical unsolved problem. Kapoor et
al. [20] catalogue a broader set of framework limitations in
2024 and argue that current agents are not yet fit for high-
stakes enterprise deployment.

III. BACKGROUND: Al AGENTS AND AUTONOMOUS
SYSTEMS

An Al agent is an entity that perceives its environment
through sensors or data interfaces, maintains internal state,
selects actions according to a goal or utility function, and up-
dates its behaviour based on feedback [1], [9]. This definition
encompasses a broad spectrum of systems, from simple rule-
based bots to LLM-powered autonomous pipelines.

Table II contrasts traditional machine-learning systems with
agentic Al across eight dimensions. The scores are qualitative
ordinal ratings derived from the characteristics described in the
reviewed literature [1], [9], [19] and are intended to illustrate
directional differences rather than precise measurements.

IV. TYPES OF Al AGENTS

The agent literature distinguishes several architectural
classes, each suited to different task structures [1], [9].

Simple reflex agents respond to percepts through condition-
action rules without maintaining internal state. They are
practical only in fully observable, deterministic environments
and cannot handle partial observability or sequential decision-
making.

Model-based agents maintain an internal representation of
the world, enabling operation under partial observability. They
are widely deployed in robotics and navigation, where full
state information is unavailable [1].

Goal-based agents evaluate candidate action sequences
against an explicit goal representation. Planning algorithms
guide action selection, making this class suitable for schedul-
ing and game Al

Utility-based agents assign scalar utility values to world
states and select actions that maximise expected utility un-
der conflicting objectives. The policy function formalised in
Section VII captures this class precisely.

Learning agents improve autonomously through experience
via a separation between a learning element and a performance
element. Reinforcement learning is the dominant paradigm in
contemporary implementations [2].

LLM-powered agents use a large language model as the
primary reasoning engine, enabling dynamic planning, reflec-
tion, and tool invocation without task-specific fine-tuning in
many cases [3], [4], [12]. This is the most recent and fastest-
growing class and is the primary focus of this paper.

V. ARCHITECTURE OF Al AGENTS

Modern LLM-powered agents integrate four core modules
in a closed feedback loop [1], [9].

Perception ingests multi-modal inputs—natural language,
structured data, API responses, images—from the environment
and normalises them for downstream reasoning.

Reasoning engine leverages an LLM to perform chain-
of-thought planning [3], decompose goals into subgoals, and
formulate action plans. This module is the primary distinguish-
ing feature of modern agents compared to earlier rule-based
architectures.

Memory system manages three types of memory identified
by Wang et al. [19]: working memory (in-context state relevant
to the current task), episodic memory (records of past interac-
tions retrievable by similarity search), and semantic memory
(general world knowledge encoded in model weights or an
external knowledge base).

Action interface executes decisions through tool calls,
API invocations, code execution, file I/O, or natural language
responses [10]. The breadth and reliability of this interface is
a principal differentiator across frameworks.

VI. AGENT COGNITIVE CYCLE

Following Xi et al. [1] and Shinn et al. [11], modern agents
operate in a five-step cognitive cycle.
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TABLE 1

STRUCTURED REVIEW OF RELATED LITERATURE (2022-2025)

Ref

Focus Area

Key Contribution

Limitation

[10]
(1]
[12]
[13]
[14]

[15]
[16]

[17]

(18]
[19]

[20]

LLM agent survey
Multi-agent systems
Foundation LLM

Tool-use agents
Software agents

Framework
Framework
Framework
Agent design
Tool learning
Reflection
Embodied agents
Dev agents

Benchmarking

Cognitive arch.
Simulation

Healthcare AI

Multi-agent survey
Agent memory

Agent evaluation

Comprehensive taxonomy of LLM-based
agent architectures

AutoGen: multi-agent LLM conversation
framework

GPT-4: reasoning, tool use, and safety evalu-
ation

ReAct: synergised reasoning and acting

MetaGPT: role-based multi-agent collabora-
tive framework

LangChain: modular LLM pipeline

CrewAl: role-based agent orchestration
AutoGPT: autonomous single-agent task exe-
cution

Comprehensive overview of LLM-powered
agent design

Toolformer: LLMs learn API invocation au-
tonomously

Reflexion: verbal reinforcement for self-
improvement

Voyager: open-ended embodied LLM agent

ChatDev: communicative agents for software
development

AgentBench: standardised evaluation of
LLMs as agents

Cognitive architectures for language agents

Generative agents: interactive simulacra of
human behaviour

Med-PaLM 2: LLMs encoding clinical
knowledge

Survey of LLM-based multi-agent systems
Survey of memory mechanisms in LLM-
based agents

Formal critique of current agent framework
limitations

No enterprise-grade evaluation
Scalability not validated at scale
High API cost for deployment

Constrained to single-agent tasks
Limited to code-related tasks

Complex initial configuration
Limited persistent memory

Low enterprise readiness

No formal experimental evaluation
Narrow predefined tool scope
Degrades on long task horizons
Evaluated only in game environ-
ments

Requires GPT-4; limited to code

Lacks real-world enterprise tasks

Theoretical; no implementation
Narrow social simulation domain

Requires domain fine-tuning

Limited coverage of enterprise gaps
No benchmark comparison

Critique without proposed solutions

TABLE II

TRADITIONAL Al VS. AGENTIC AI: QUALITATIVE COMPARISON

Dimension Traditional AI  Agentic Al
Autonomy Low High

Task complexity Single-step Multi-step
Adaptability Static Dynamic
Decision-making Rule-based Context-aware
Memory None / limited Short + long term
Tool integration Manual Autonomous
Human oversight Continuous Minimal
Real-time processing ~ Limited High

1) Input reception. Environmental stimuli arrive via sen-
sors, API calls, or user interfaces.

2) Perception and preprocessing. Raw inputs are struc-
tured and contextualised for the reasoning engine.

3) Reasoning and planning. The LLM generates a chain-
of-thought plan [4], decomposing the goal into exe-
cutable steps.

4) Action execution. Steps are executed through external

tool calls, code runners, or communication APIs [10].

5) Reflection and adaptation. Outcomes are evaluated; the
agent revises its plan using verbal reinforcement [11] or
stores the episode in memory for future retrieval.

VII. MATHEMATICAL FORMALISATION

Formalising agent behaviour in the reinforcement learning
framework [2] motivates the evaluation criteria applied in
Section XI. In particular, the memory and planning dimensions
of the rubric correspond directly to the capacity to estimate
V"™ and Q" across session boundaries.

A. State-Action Mapping

Agent behaviour is modelled as a parameterised function:

a=f(s; 9), (D

where s € S is the environment state, a € A is the

selected action, and ¢ denotes learnable (or prompt-encoded)
parameters.
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B. Reinforcement Learning Objective

The agent seeks a policy m that maximises the expected
discounted cumulative reward:

" #
=

J(rn) = En VIRt , y€10,1), @)

t=0

where Rt is the reward signal at timestep t and y is a discount
factor that controls the relative importance of immediate versus
future rewards.

C. Stochastic Policy
For stochastic policies, the probability of selecting action a

in state s is:

ne(a | s) = P(At=a | Se = s; O). 3)

D. Value and Q-Functions

The state-value function estimates the long-run return from
state s under policy 7

" #
ViRt

t=0

V7(s) = En “)

o=S

The action-value (Q) function extends this to condition on

both state and action: 4

Q"(s,a)=En VIRt So =35, Ao~ 9 %)

=0
E. Bellman Optimality

The optimal Q-function satisfies the Bellman optimality
equation [2]:
h i
Q*(s,a) = E Rt +y maxQ*(St, a) St=s, At=a .
a
(©6)
This recursive relation underpins deep RL algorithms such
as DQN and PPO used in production agent systems. Its rele-
vance to framework evaluation is direct: a framework that does
not support persistent episodic memory cannot accumulate
the experience required for Q* to converge across sessions,
limiting it to short-horizon task execution.

VIII. METHODOLOGY

This study employs a two-stage methodology: a systematic
literature review followed by a multi-criteria framework eval-
uation. Table III summarises the complete pipeline.

Literature Selection Funnel

Figure 1 illustrates the PRISMA-style selection process
from initial search results to final reviewed works.

TABLE I
RESEARCH METHODOLOGY PIPELINE

Step

1 Search strategy. IEEE Xplore, arXiv, ACM DL, and
Semantic Scholar queried with terms: “Al agents”, “LLM
agents”, “multi-agent systems”, restricted to 2022-2025.

2 Inclusion criteria. Peer-reviewed or widely cited (>50
citations); covers agent architecture, framework evalua-
tion, or enterprise Al deployment.

3 Exclusion criteria. Pre-2022 works; non-English pub-
lications; purely theoretical with no evaluation; papers
without reproducible methodology.

4 Framework selection. Four frameworks selected based
on GitHub stars (>10K at time of review), documented
enterprise use, and community adoption: LangChain,
CrewAl, AutoGPT, MetaGPT.

5 Evaluation rubric. Six dimensions scored 1-5 by con-
sensus of the authorship team based on official documen-
tation, GitHub issues, and reported case studies: multi-
agent support, memory management, tool integration,
enterprise readiness, ease of setup, scalability. Dimension
weights are equal.

6 Gap synthesis. Scores aggregated; systemic limita-
tions identified; research priorities derived from cross-
framework analysis and literature gaps.

Description

Initial search
290 papers

L

Title + abstract screened
125 papers

i)

Full-text read \

290

58 papers

L

Quality checked
32 papers

Final reviewed
20
20 papers

Fig. 1. PRISMA-style literature selection funnel: 290 initial results narrowed
to 20 final reviewed works through systematic filtering.

Limitations of the Methodology

Three limitations of this evaluation should be acknowl-
edged. First, the scoring rubric was constructed by the authors
based on documentation and reported use cases rather than
controlled experimental benchmarking; scores therefore reflect
informed expert judgement rather than empirical measurement.
Second, framework capabilities evolve rapidly—scores reflect
the state of each framework at the time of evaluation (early
2025) and may be outdated within months. Third, four frame-
works were selected for breadth of coverage; other frameworks
(e.g., Llamalndex, Semantic Kernel) were excluded due to
lower adoption metrics and are not represented in the findings.
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IX. APPLICATIONS

Al agents are deployed across a range of industry verticals.
The following discussion synthesises reported use cases from
the reviewed literature; efficiency figures are drawn from the
cited sources and should be interpreted as indicative rather
than universally replicable, given variability in deployment
conditions.

In healthcare, LLM-based clinical agents have demon-
strated expert-level medical question answering [17], with
reported reductions in diagnostic triage delays in specific
deployment settings. The evaluation of Singhal et al. [17] was
conducted under controlled conditions and required domain-
specific fine-tuning, limiting generalisation to other clinical
contexts.

In finance, autonomous agents have been applied to fraud
detection and algorithmic trading, where sub-second latency
and dynamic strategy adaptation are critical requirements [2].
Adoption in regulated financial environments remains limited
by the governance gaps identified in Finding 3.

In education, adaptive tutoring systems powered by LLM
agents personalise content delivery and automate assessment,
with learning outcome improvements reported in controlled
studies [14]. These gains depend heavily on curriculum design
and vary across subject areas.

In software development, multi-agent systems such as
MetaGPT [5] and ChatDev [13] automate portions of the de-
velopment lifecycle from requirements analysis to tested code.
Neither system currently handles the full lifecycle reliably
without human review.

In enterprise automation, LangChain-based pipelines han-
dle document processing, customer service routing, and work-
flow orchestration at scale [6]. The configuration complexity
identified in the framework evaluation limits adoption in
organisations without dedicated Al engineering teams.

X. ADVANTAGES AND CHALLENGES
A. Advantages

LLM-powered Al agents offer several well-documented
advantages over earlier automation approaches. Their capac-
ity to decompose complex, multi-step tasks without explicit
programming [1] enables automation at a level of flexibility
previously unattainable. The self-improvement mechanism in-
troduced by Reflexion [11] allows agents to iteratively refine
outputs without retraining, reducing the operational cost of
improvement cycles. Cloud-native deployment models support
horizontal scaling [6], and cost reductions from automating
labour-intensive tasks have been reported across deployment
contexts [21].

B. Challenges and Risks

Against these advantages, several significant challenges
constrain enterprise adoption. Hallucination—the generation
of plausible but factually incorrect content by the underlying
LLM [3]—remains a fundamental reliability concern in high-
stakes applications. Prompt injection attacks [20], in which
adversarial inputs manipulate agent behaviour, represent a

serious security risk that current frameworks address only par-
tially. Context window limitations [19] restrict long-horizon
task execution, directly motivating the memory management
dimension of the evaluation rubric. Opacity of reasoning [15]
hinders auditability in regulated industries, and the absence
of standardised regulatory frameworks [22] creates unresolved
compliance uncertainty for enterprise deployments.

XI. COMPARATIVE FRAMEWORK EVALUATION
A. Framework Overview

LangChain [6] provides a modular pipeline architecture
with the broadest tool ecosystem of the four evaluated frame-
works, achieved through a standardised interface for connect-
ing LLMs, vector stores, APIs, and custom functions. The
breadth of integration options comes at the cost of configura-
tion complexity, which is reflected in its low setup score.

CrewAl [7] introduces a role-based orchestration model in
which agents are assigned personas, goals, and responsibilities
before task execution begins. This design excels at division-
of-labour workflows but its memory architecture is limited to
within-session context, constraining multi-session enterprise
use.

AutoGPT [8] pioneered the single-agent long-horizon task
execution paradigm, demonstrating that an LLM can au-
tonomously plan and execute extended task sequences. Despite
high community visibility (the largest GitHub star count of the
four frameworks at time of review), its enterprise integration
capabilities remain limited.

MetaGPT [5] models software development teams as struc-
tured multi-agent systems with defined roles (product manager,
architect, engineer, QA). It achieves strong performance on
code generation benchmarks but its applicability is largely
restricted to software tasks.

B. Six-Dimension Quantitative Evaluation

Table IV presents scores for each framework across the
six evaluation dimensions. Figure 2 visualises the scores.
Scoring was conducted by the authorship team based on of-
ficial documentation, GitHub issues, and community-reported
deployment experiences, and is subject to the methodological
limitations acknowledged in Section VIII.

TABLE IV
QUANTITATIVE EVALUATION OF Al AGENT FRAMEWORKS (SCORE: 1-5)

Dimension LC CA AG MG Ideal
Multi-agent support 3 5 1 5 5
Memory management 4 2 3 1 5
Tool integration 5 3 3 2 5
Enterprise readiness 3 3 2 2 5
Ease of setup 2 4 3 2 5
Scalability 5 3 2 3 5
Total /30 22 20 14 15 30
GitHub stars (2025) >80K  >18K  >160K  >40K —

LC = LangChain, CA = CrewAl, AG = AutoGPT, MG = MetaGPT.
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| ‘ ‘ ‘ ‘ \ SUMMARY OF PRINCIPAL FINDINGS AND RESEARCH IMPLICATIONS
sl - |
#  Finding Evidence Implication
a ¢ F1 No complete enter- Best score:  Unified
| prise framework ex-  22/30 (73%) framework
e 1 ists design urgently
0]
5 needed
A 20 N F2  Persistent memory Avg memory: Cross-session
gap is universal 2.5/5 memory
1 B architecture
required
o . : | | | | F3  Enterprise readiness  All scores <3/5 Governance &
et o < o o o critically low compliance layer
™ W o essential

Fig. 2. Framework scores across six evaluation dimensions (1 = low, 5 =
high). LangChain leads overall but no framework dominates consistently.

C. Principal Findings

Finding 1 — No single framework is complete. Aggregat-
ing scores across all six dimensions, LangChain leads at 22/30
(73%), followed by CrewAl at 20/30 (67%), MetaGPT at
15/30 (50%), and AutoGPT at 14/30 (47%). The 73% ceiling
for the best-performing framework confirms that enterprise-
complete Al agent solutions do not yet exist. This is consistent
with the independent critique by Kapoor et al. [20], who
reached a similar conclusion through a different analytical
lens. Caveat: the rubric was defined by the authors; inde-
pendent replication with a different rubric may yield different
relative rankings.

Finding 2 — Persistent memory is the critical gap.
Memory scores average 2.5/5 across all four frameworks. No
framework implements robust cross-session persistent mem-
ory. This directly limits deployment in regulated, high-stakes
domains such as healthcare and legal services, where continu-
ity of context across interactions is a functional requirement.
Wang et al. [19] independently identified memory as the most
critical unsolved challenge in 2024.

Finding 3 — Enterprise readiness is universally in-
adequate. All frameworks score at most 3/5 on enterprise
readiness. None provide role-based access control (RBAC),
comprehensive audit logging, service-level agreement (SLA)
guarantees, or regulatory compliance features at the framework
level. This is consistent with findings reported in the Gartner
Hype Cycle for Al 2024 [22]. Note: enterprise readiness
was assessed against a self-defined rubric, organisations with
specific compliance requirements should conduct their own
domain-specific evaluation.

Table V summarises the three findings alongside their
quantitative evidence and research implications.

D. Identified Research Gap

The field currently lacks a unified Al agent framework
that simultaneously achieves full multi-agent coordination,
persistent cross-session memory, extensive tool integration,
and production-grade enterprise reliability. The three findings

above collectively define this gap as the highest-priority re-
search direction in applied Al agent systems [ 18], [20].

XII. FUTURE DIRECTIONS
A. Projected Capability Growth

Figure 3 projects capability maturity across the three dimen-
sions corresponding to Findings 1-3 through 2030. Projections
are based on current research trajectories inferred from the
reviewed literature [1], [18], [19] and should be regarded as
directional estimates rather than forecasts.

T T
—@— Multi-agent collab.

100

—@— Persistent memory
—a— Enterprise readiness

50

Capability maturity (%)

R S 3 g s ) )
2 2 2 2 29 2 2

Year

Fig. 3. Projected capability maturity across three critical Al agent dimensions
(2024-2030), based on current research trajectories [1], [18], [19]. Values are
illustrative projections, not forecasts.

B. Milestone Roadmap (2025-2030)

The following milestones are proposed as concrete targets
for the research community, derived from the identified gaps
and current research trajectories.

2025-2026. Standardised inter-agent communication pro-
tocols enabling framework-agnostic multi-agent composition.
LLM context windows exceeding 1M tokens, partially address-
ing the memory gap for within-session tasks. Initial enterprise-
grade framework extensions with audit logging and RBAC
support.

2027-2028. Cross-platform agent interoperability standards
adopted by major framework maintainers. Enterprise agent
marketplaces enabling modular capability composition. Al
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regulatory frameworks enacted in at least some major jurisdic-
tions, providing compliance targets for framework developers.

2029-2030. Fully persistent, self-managing memory sys-
tems with guaranteed retrieval reliability across sessions. Cer-
tified enterprise-ready agent platforms deployable in critical
infrastructure under formal SLA guarantees.

Beyond 2030. Self-improving agents with autonomous ca-
pability acquisition, minimal human intervention requirements,
and formal verification of safety properties.

C. Priority Research Directions

Five research directions are identified as highest priority
based on the findings and literature gaps.

1) Persistent, structured long-term memory architec-
tures [19] that maintain reliable, queryable episodic state
across sessions.

2) Trustworthy multi-agent coordination with formal ver-
ification of coordination protocols to prevent emergent
misalignment [18].

3) Security hardening against prompt injection [20] and
adversarial manipulation of agent tool-use pipelines.

4) Interpretable agent reasoning that supports auditability
in regulated industries, addressing the opacity challenge
identified in Section III.

S) Standardised evaluation benchmarks [14] that go beyond
task-completion rate to include latency, cost, safety, and
compliance dimensions relevant to enterprise deploy-
ment.

XIII. STUDY LIMITATIONS

This study has several limitations that should be considered
when interpreting the findings.

The evaluation rubric was defined by the authors and scored
by consensus rather than through independent experimental
measurement. While the rubric dimensions are motivated by
the literature, different weighting schemes or additional dimen-
sions (e.g., cost, community support, documentation quality)
could yield different rankings. Future work should validate
the rubric through structured interviews with enterprise Al
practitioners.

The study covers four frameworks selected by adoption
metrics. Frameworks such as Llamalndex, Microsoft Semantic
Kernel, and Haystack were excluded and may exhibit different
performance profiles, particularly on enterprise readiness.

Framework versions evolve rapidly. Scores reflect the state
of each framework in early 2025; users should re-evaluate

against current releases before making deployment decisions.

The AI agent adoption figures cited from McKinsey [21]
and Gartner [22] reflect industry analyst projections rather than
independently verified measurements. They are cited as in-
dicative of market direction rather than as precise quantitative
evidence.

XIV. CONCLUSION

This paper presented a comprehensive study of Al agents
and autonomous systems, integrating architectural analysis,

a reinforcement learning-based mathematical formalisation,
a systematic literature review, and the first six-dimension
quantitative comparative evaluation of LangChain, CrewAl,
AutoGPT, and MetaGPT.

Three principal findings were established. No current frame-
work achieves more than 73% of the ideal enterprise de-
ployment score, confirming that production-grade Al agent
infrastructure does not yet exist as a commodity. Persistent
cross-session memory management averages 2.5/5 across all
frameworks, directly limiting high-stakes enterprise applica-
bility. Enterprise readiness features including RBAC, audit
logging, and regulatory compliance are absent or minimal
across all evaluated frameworks.

These findings define a clear research imperative: the de-
velopment of a unified, enterprise-grade Al agent framework
combining persistent memory, full multi-agent coordination,
extensive tool integration, and production-ready reliability. The
mathematical formalisation in Section VII provides a theoret-
ical grounding for why persistent memory is architecturally
necessary, not merely convenient: frameworks without it can-
not converge to optimal policies across session boundaries.
The roadmap presented provides concrete milestones toward
that goal, with enterprise-grade agent systems projected to
approach maturity between 2028 and 2030.
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