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ABSTRACT

Agentic artificial intelligence (AI) has emerged as an important direction in the development of
goal-oriented, tool-mediated, and partially autonomous intelligent systems. Recent advances in
large language models have enabled AI agents to perform multi-step tasks involving planning,
memory, tool use, environmental feedback, and human–agent or multi-agent interaction. However, the
literature remains fragmented across architectures, benchmarks, application domains, and governance
discussions. This review provides a systematic synthesis of recent evidence on agentic AI systems,
with emphasis on architectural components, evaluation methods, domain applications, safety risks,
and governance requirements. The review analyzes literature from scholarly databases, major
conference proceedings, technical reports, benchmark studies, and governance sources published
mainly between 2022 and 2026. Current evidence suggests that agentic AI systems appear most
mature in software engineering, web automation, and computer-use environments, where executable
feedback and sandboxed testing are available. In contrast, high-impact domains such as healthcare
and finance require stronger validation, oversight, privacy protection, and regulatory control before
broader deployment. This review also introduces a Five-Level Agentic Autonomy and Governance
Model to classify systems according to action authority, operational risk, and required oversight.
Overall, the evidence suggests that agentic AI may be better understood as a spectrum of bounded,
monitored, and auditable systems rather than fully independent intelligence. Future research should
prioritize reproducible benchmarks, safety evaluation, real-world validation, and governance-aware
system design.

Keywords LLM agents · autonomous intelligent systems · multi-agent orchestration · benchmark evaluation ·

tool-mediated reasoning · software engineering automation · AI safety risks · algorithmic governance · responsible
AI · systematic literature review · agentic workflows

1 Introduction

Artificial intelligence (AI) is evolving from systems that mainly classify, predict, or generate content toward systems
capable of goal-oriented reasoning and interaction with external environments (1; 2). Recent advances in large language
models (LLMs) have accelerated this transition by enabling systems to perform multi-step reasoning, tool use, code
generation, memory utilization, and sequential task execution (3; 4; 5). Modern agentic AI systems increasingly interact
with APIs, software tools, databases, browsers, and operational environments through feedback-driven workflows
(6; 7; 8; 9). These systems are increasingly described as agentic artificial intelligence (agentic AI) or AI agents
because they extend beyond passive text generation and support partially autonomous operational behavior (10; 11).
The growing interest in agentic AI is driven by the need for intelligent systems capable of supporting complex real-
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world workflows across software engineering, web automation, healthcare, finance, robotics, and scientific research
(12; 13; 14; 15; 16; 17; 18; 19; 20). Unlike conventional conversational systems, agentic AI architectures often combine
planning, memory, environmental feedback, external tools, and multi-agent coordination within unified operational
workflows (1; 21). Frameworks such as ReAct, Reflexion, Voyager, ToolLLM, AutoGen, and MetaGPT illustrate
this transition from static response generation toward iterative reasoning and action execution (6; 22; 23; 9; 24; 25).
Despite rapid progress, the field remains fragmented across architectures, benchmarks, application domains, and
governance frameworks (2; 26). Definitions of autonomy vary considerably between studies, and benchmark results are
often difficult to compare because evaluation environments, metrics, and operational assumptions differ considerably
(27; 14; 28). Furthermore, many current demonstrations emphasize capability while providing limited evidence
regarding long-term reliability, operational safety, reproducibility, or real-world deployment readiness (29; 30). Current
benchmarks continue to reveal substantial weaknesses in long-horizon planning, interface grounding, tool selection,
memory consistency, and error recovery (31; 32). The expansion of tool-mediated autonomy also introduces new
governance and security concerns. Traditional conversational AI systems primarily generate outputs for human
interpretation. In contrast, agentic AI systems may execute code, access databases, navigate websites, call APIs,
manipulate files, or trigger external workflows (33; 34). As a result, model errors may directly translate into operational
consequences such as data leakage, unsafe execution, privilege escalation, or cascading workflow failures (35; 36).
Recent governance frameworks increasingly emphasize least privilege, sandboxing, monitoring, rollback mechanisms,
approval gates, and continuous oversight for AI agents operating in real-world environments (37; 38; 39). Several recent
surveys have explored aspects of LLM-based agents, multi-agent systems, or autonomous AI workflows (1; 40; 2).
However, relatively few reviews integrate architectural analysis, benchmark evaluation, governance requirements,
deployment maturity, and operational risk within a unified evidence framework. In addition, many reviews focus
primarily on technical architectures without systematically connecting autonomy levels to oversight requirements.
Therefore, this review provides a systematic synthesis of recent evidence on agentic AI architectures, benchmarks,
application domains, governance frameworks, and deployment challenges. The review examines literature published
primarily between 2022 and 2026 across scholarly databases, benchmark repositories, technical reports, and governance
sources. In addition, this work introduces a new Five-Level Agentic Autonomy and Governance Model (FAAGM)
that classifies systems according to operational authority, risk exposure, and required oversight mechanisms. The
proposed framework aims to support clearer classification, safer deployment strategies, and more consistent evaluation
of emerging agentic AI systems. This review provides a systematic evidence synthesis that jointly analyzes agentic AI
architectures, benchmark validity, deployment maturity, governance requirements, operational risks, and autonomy-level
classification within a unified analytical framework.

2 Literature Review

The development of agentic artificial intelligence has emerged from the convergence of large language models,
autonomous decision-making systems, reasoning frameworks, and tool-mediated computational environments. Earlier
artificial intelligence research investigated autonomous agents primarily within reinforcement learning, symbolic
planning, and multi-agent systems (41; 42; 43). These traditional systems established foundational concepts related
to environmental interaction, sequential decision-making, and adaptive behavior. However, most earlier autonomous
architectures remained constrained by limited flexibility, rigid symbolic rules, narrow task domains, and weak natural-
language reasoning capabilities. The emergence of transformer-based large language models significantly changed
this trajectory by introducing highly scalable language understanding and contextual reasoning mechanisms (44; 3).
Recent advances in instruction tuning, reinforcement learning from human feedback, and reasoning-oriented prompting
strategies further improved the ability of language models to solve multi-step tasks and generate context-aware outputs
(4; 5; 45). Modern agentic AI systems extend beyond conventional conversational interfaces by integrating planning,
memory, tool utilization, and environmental feedback into unified operational workflows (1; 2). Rather than generating
isolated responses, these systems attempt to pursue objectives iteratively through observation, reasoning, execution,
and revision. Several influential frameworks have contributed to this transition. ReAct introduced a reasoning-
and-action paradigm that interleaves intermediate reasoning traces with executable actions during task execution
(6). Toolformer indicated that language models can learn to use external tools through self-supervised interaction
(7). Gorilla and ToolLLM expanded these capabilities by enabling interaction with large-scale API ecosystems and
external computational services (8; 9). Reflexion incorporated verbal self-feedback and episodic memory to support
adaptive iterative improvement without modifying model parameters (22). Additional systems such as Generative
Agents and Voyager further explored persistent memory, environmental exploration, skill acquisition, and long-horizon
autonomous behavior in simulated interactive environments (46; 23). Figure 1 summarizes the layered operational
structure commonly observed in contemporary agentic AI systems, including reasoning, memory, orchestration,
external tools, execution environments, and governance mechanisms. Recent literature increasingly emphasizes that
agentic behavior emerges not only from the underlying language model but also from the surrounding architectural
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Layered Architecture for Agentic AI Systems
Agentic capability emerges from model, memory, tools, environment feedback, and governance controls.

User or Organizational Goal
task, constraints, success criteria

Orchestration Layer
task decomposition, role assignment

Reasoning and Planning Layer
ReAct, tree search, self-critique

Memory and Retrieval Layer
episodic memory, vector stores, documents

Tool Interface Layer
APIs, browser, code, database, robotics

Execution Environment
sandbox, repository, web app, OS, simulator

Feedback Layer
tests, validators, observations, logs

Governance Layer
permissions, approvals

monitoring, audit
incident response

Figure 1: Layered architecture of modern agentic artificial intelligence systems including reasoning, memory, orchestra-
tion, tool interaction, execution, and governance components.

workflow (21; 26). Contemporary agentic systems frequently combine planning modules, retrieval systems, vector
memory stores, tool interfaces, environmental observations, execution validators, and orchestration layers. Multi-agent
architectures have also gained considerable attention because they allow specialized agents to collaborate through
planner-reviewer-executor structures (24; 25; 47; 48). These collaborative systems attempt to improve scalability, task
decomposition, and verification by distributing responsibilities across multiple interacting components. Nevertheless,
current studies also indicate that coordination overhead, communication ambiguity, and cascading reasoning errors
remain important limitations in complex multi-agent workflows (40). The literature further suggests that reasoning and
planning remain central challenges in agentic AI research. Traditional prompting often struggles with long-horizon
reasoning, environmental adaptation, and sequential decision consistency. Several methods have therefore attempted
to improve structured reasoning performance. Additional reasoning-oriented studies such as Self-Refine and MRKL
systems also explored iterative self-correction and modular neuro-symbolic reasoning integration within language-model
workflows (49; 50). Chain-of-thought prompting introduced intermediate reasoning steps to improve problem-solving
capabilities (5). Tree-of-Thoughts expanded this concept through branching reasoning exploration and deliberate search
strategies (51). Least-to-most prompting decomposed complex problems into sequential subtasks to improve planning
consistency (52). Other studies combined language models with formal planners, embodied feedback systems, and
robotic interaction frameworks (53; 54; 55). Together, these studies indicate that effective agentic systems increasingly
rely on hybrid reasoning structures that integrate language flexibility with environmental constraints and feedback-
driven correction mechanisms. Tool interaction and environmental grounding have become defining characteristics of
modern agentic systems. Additional environments such as WebShop, ALFWorld, BabyAI, and World of Bits further
expanded evaluation toward grounded interaction, embodied environments, and web-based sequential decision-making
tasks (56; 57; 58; 59). Unlike earlier NLP-oriented architectures, current agents increasingly interact with browsers,
APIs, repositories, databases, operating systems, and multimodal interfaces (56; 14). WebArena, BrowserGym, and
WorkArena introduced more realistic browser-based environments involving sequential web interaction and workflow
automation (14; 16; 15). SWE-bench and SWE-agent suggested growing capability of language-model agents in
software engineering tasks such as repository navigation, patch generation, and executable testing (12; 13). OSWorld
extended evaluation into desktop and operating-system environments involving graphical interaction and multimodal
operational tasks (28). These studies collectively suggest rapid progress in operational capability while simultaneously
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revealing persistent limitations in interface grounding, long-horizon execution, error recovery, and environmental
adaptation. The expansion of agentic AI has also generated increasing interest in benchmark development and
evaluation methodologies.

Figure 2: Thematic synthesis of recurring research trends identified throughout the reviewed agentic AI literature. The
figure summarizes major dimensions observed across the reviewed studies, including operational capability expansion,
persistent architectural limitations, growing application domains, and governance or security risks associated with
autonomous systems. The thematic groupings were derived through structured literature coding and evidence synthesis
procedures applied across the reviewed corpus.

Figure 2 illustrates the major strengths, limitations, application domains, and governance risks associated with modern
agentic AI systems. Conventional NLP benchmarks are often insufficient because agentic systems must maintain state,
perform sequential reasoning, interact with tools, and adapt dynamically to environmental feedback. AgentBench
introduced multiple operational environments to evaluate interactive agentic behavior across heterogeneous tasks (27).
SWE-bench used executable software validation to evaluate repository-level code repair (12). MLAgentBench explored
machine-learning experimentation workflows involving iterative experimentation and revision (31). Despite these
advances, several studies continue to report substantial weaknesses in long-horizon reasoning, memory consistency,
instruction following, tool selection, and recovery from unexpected states (29; 32). Additional concerns include
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benchmark contamination, reproducibility limitations, evaluator inconsistency, and unrealistic deployment assumptions
(30; 26). Consequently, benchmark performance alone may not accurately reflect real-world operational reliability.
Agentic AI systems are increasingly explored across multiple application domains, including healthcare, finance,
scientific research, robotics, and enterprise automation. Recent enterprise ecosystems have also accelerated the
movement of agentic AI from experimental prototypes toward operational workflow platforms. Commercial systems
such as Microsoft Copilot Studio, OpenAI Operator, Google AgentSpace, and Salesforce Agentforce illustrate the
growing use of agentic workflows in enterprise automation, software interaction, and organizational decision-support
environments (60; 61; 63; 65). In parallel, orchestration frameworks such as LangGraph, CrewAI, and AutoGen
Studio further show the increasing role of modular agent coordination, tool-mediated workflow design, and multi-agent
automation in practical deployment settings (67; 68; 69). In healthcare, recent studies investigated language-model
agents for biomedical reasoning, medical summarization, documentation support, and clinical assistance (17; 70; 71).
Financial-domain studies explored market analysis, compliance support, quantitative reasoning, and autonomous
financial workflows (18; 72; 73). Additional work investigated robotic and embodied systems capable of combining
language-based reasoning with environmental interaction (20; 74). Scientific research automation has similarly emerged
as a growing field involving autonomous experimentation, literature synthesis, and computational discovery systems
(19; 75; 76). However, most current evidence remains constrained to controlled evaluations, simulated environments,
or narrowly scoped operational settings. Large-scale real-world validation remains relatively limited, particularly in
high-risk domains involving safety, regulation, or sensitive decision-making. The governance and security implications
of agentic AI have therefore become increasingly important within recent literature. Unlike traditional conversational
systems that primarily generate text, agentic systems may execute code, manipulate files, retrieve sensitive information,
interact with APIs, and trigger external workflows. Consequently, model failures may directly translate into operational
harm, privilege misuse, financial risk, or data leakage (33; 34). Oversight frameworks proposed by NIST, OWASP,
CISA, and other organizations increasingly emphasize least privilege, sandboxing, monitoring, rollback mechanisms,
auditability, and controlled deployment practices for agentic systems (39; 37; 35; 36; 38). Additional concerns identified
throughout the literature include prompt injection, adversarial manipulation, unsafe fine-tuning, jailbreak attacks,
training-data leakage, hallucination propagation, and alignment instability in foundation models (77; 78; 79; 80; 81).
These risks become increasingly significant when autonomous systems are connected to external tools, execution
environments, memory stores, and operational workflows. Although recent surveys have examined LLM agents,
autonomous AI systems, and multi-agent frameworks, important gaps remain within the current literature (1; 2; 40).
Definitions of agency and autonomy remain inconsistent across studies, benchmark environments differ considerably
in complexity and realism, and governance discussions are often separated from technical architectural analysis.
Furthermore, many current studies emphasize capability demonstrations while providing limited discussion regarding
deployment maturity, operational accountability, reproducibility, or long-term safety validation (26; 30). These
limitations motivate the need for a systematic synthesis that integrates architectural analysis, benchmark evaluation,
application-domain maturity, governance requirements, and operational risk considerations within a unified evidence-
based review framework.

3 Methodology

This study was designed as a PRISMA-aligned systematic review focused on the emerging field of agentic artificial
intelligence. Also, Figure 3 presents the PRISMA 2020-aligned study selection and evidence synthesis workflow
adopted in this systematic review, including identification, screening, eligibility assessment, exclusion stages, and final
qualitative synthesis integration. Because the literature spans peer-reviewed journal articles, conference proceedings,
technical reports, benchmark repositories, governance frameworks, and influential preprints, a narrative evidence-
synthesis methodology was adopted rather than statistical meta-analysis.

The objective of the methodology was not only to identify relevant studies, but also to organize architectural, evaluative,
operational, and governance-related evidence within a unified analytical framework. The methodological structure was
developed to align with recent review practices in artificial intelligence, software systems, and computational governance
literature (1; 2; 40). The review process followed four major stages: literature identification, eligibility screening,
structured data extraction, and qualitative evidence synthesis. Searches were conducted across multidisciplinary
scholarly databases and major AI publication venues, including Scopus, Web of Science, IEEE Xplore, ACM Digital
Library, ACL Anthology, PubMed, arXiv, ICLR proceedings, NeurIPS proceedings, and IJCAI proceedings. Additional
governance and cybersecurity sources were collected from NIST, CISA, OWASP, and MITRE publications because
governance and operational safety are increasingly central to agentic AI deployment (37; 35; 38). The primary
search window covered literature published between January 2022 and May 2026, reflecting the rapid emergence of
modern LLM-based agentic systems after the introduction of transformer-scale foundation models and tool-mediated
reasoning architectures (3; 6). The search strategy combined four major concept groups: agentic systems, foundation
models, evaluation environments, and governance or application domains. Representative search expressions included
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PRISMA Workflow for Agentic AI Evidence Review
Identification, screening, eligibility, and inclusion workflow

Identification Screening Eligibility Included

Records identified
Database sources: 97

Snowballing/repositories: 21

Records screened
90 records screened

for relevance

Full texts assessed
39 articles and

technical reports

Primary studies
25 primary studies

included in synthesis

Duplicates removed
Duplicate records and

versions excluded

Reports excluded
14 excluded: weak methods,

duplicate, non-agentic, scope mismatch

Figure 3: PRISMA 2020-based study identification, screening, eligibility assessment, and qualitative synthesis workflow
used in this systematic evidence review of agentic artificial intelligence literature. The review process followed
PRISMA-oriented evidence synthesis methodology, including duplicate removal, title and abstract screening, full-text
eligibility assessment, and qualitative evidence integration (82).

combinations of terms such as “agentic AI”, “AI agents”, “LLM agents”, “autonomous agents”, “tool use”, “multi-agent
systems”, “benchmark evaluation”, “software engineering”, “healthcare”, “finance”, “governance”, “prompt injection”,
and “AI safety”. Search strings were adapted to the syntax requirements of each database. Citation snowballing was
additionally performed to identify influential benchmark papers, architectural frameworks, and governance references
that were repeatedly cited within the literature (27; 12; 28). Studies were included if they satisfied at least one of
the following conditions: proposed or evaluated an LLM-based agentic architecture, introduced a benchmark or
operational evaluation framework, analyzed agentic AI applications within a major domain, discussed governance or
safety implications relevant to agentic systems, or proposed architectural, evaluative, or governance-related frameworks
associated with agentic AI systems. Both peer-reviewed and influential preprint studies were considered because several
widely referenced agentic AI frameworks and benchmark systems were initially released as technical preprints before
formal publication (8; 23). Sources were excluded if they focused solely on conventional machine learning without
autonomous or tool-mediated behavior, lacked sufficient methodological detail, represented primarily promotional
or non-technical material, or duplicated a more complete version of the same work. Following preliminary retrieval,
duplicate records and duplicate manuscript versions were removed manually. Title and abstract screening were then
performed to assess relevance to the research questions. Full-text assessment focused on architectural relevance,
evaluation methodology, operational capability, governance implications, and evidence quality. Because the field
remains highly heterogeneous in terms of benchmarks, environments, scoring methods, and deployment assumptions,
quantitative meta-analysis was not considered methodologically appropriate. Instead, the included literature was
synthesized qualitatively through comparative matrices and thematic categorization (26; 30). A structured extraction
framework was developed to ensure consistency across heterogeneous sources. Extracted variables included publication
metadata, system architecture, planning mechanisms, memory design, tool-access capability, feedback structure,
benchmark environment, evaluation metrics, application domain, governance controls, reproducibility artifacts, and
reported limitations. Additional variables related to operational autonomy, permission scope, and safety controls
were also recorded because these characteristics directly influence the governance profile of agentic systems (36; 39).
Evidence was subsequently organized into four primary synthesis categories: architectural frameworks, evaluation
benchmarks, application-domain evidence, and governance or risk-management mechanisms. Quality appraisal was
adapted according to source type. Benchmark studies were evaluated based on task realism, reproducibility, validation
methodology, human comparison, and scoring transparency. Architectural studies were assessed according to system
clarity, experimental grounding, failure analysis, and external validity. Governance documents were evaluated based on
institutional authority, operational specificity, and practical deployment relevance. Review articles and surveys were
additionally assessed for search transparency, taxonomy quality, source coverage, and treatment of preprint literature
(1; 40). This flexible appraisal strategy was necessary because the reviewed corpus included both empirical technical
systems and governance-oriented guidance documents.
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Source Quality Profile of the Review Corpus
Evidence categories supporting the Agentic AI systematic synthesis

0 8 16 24 32

Benchmark and evaluation studies 30 sources

Agent architecture and system papers 28 sources

Survey and review articles 18 sources

Governance and security standards 16 sources

Enterprise and deployment frameworks 8 sources

Number of sources in the reviewed corpus

Profile emphasizes peer-reviewed benchmarks, architectures, surveys, and authoritative governance/industry sources.

Figure 4: Quality distribution and evidence profile of the literature sources included in this systematic review.

Figure 4 summarizes the quality profile and evidence distribution of the reviewed literature sources, including benchmark
studies, architectural frameworks, governance documents, and application-oriented investigations. The final synthesis
emphasized comparative interpretation rather than isolated performance reporting. Architectural evidence, benchmark
limitations, operational risks, and governance requirements were jointly analyzed to identify recurring patterns across the
literature. This synthesis process ultimately supported the development of the proposed Five-Level Agentic Autonomy
and Governance Model (FAAGM), which classifies agentic AI systems according to operational authority, environmental
interaction, and required oversight mechanisms. The resulting methodology therefore combines systematic evidence
collection with governance-oriented analytical synthesis to support a more structured understanding of contemporary
agentic AI systems.

3.1 Evidence Coding and Figure Derivation

To ensure that the visual synthesis figures are grounded in structured literature evidence rather than presented as purely
evidence-synthesis visualizations, each included source was coded according to publication year, primary contribution
type, agentic capability, benchmark setting, autonomy level, tool-access scope, memory persistence, governance-
control mechanism, reported safety risk, and deployment implication. The resulting synthesis process was designed to
support traceable thematic grouping, comparative evidence integration, and governance-oriented interpretation across
heterogeneous agentic-AI studies. Figure 5 was derived from year-by-year thematic grouping of the coded literature
corpus. Temporal clustering was supported through structured coding of publication year, benchmark emphasis,
governance focus, reasoning architecture, and operational deployment characteristics extracted from the reviewed
studies. Each temporal cluster was linked to representative studies emphasizing reasoning frameworks, tool-mediated
execution, multi-agent coordination, benchmark environments, governance mechanisms, and deployment-oriented
operational systems. The figure therefore summarizes dominant thematic emphasis identified across the included
studies rather than implying that individual themes existed exclusively within isolated publication years. Figure 6 was
generated using structured thematic coding supported by OpenAlex keyword metadata, recurring keyword relationships,
and literature-derived co-occurrence mapping extracted from the reviewed corpus. The visualization summarizes
thematic prominence and recurring thematic relationships across architecture, evaluation, governance, orchestration,
security, and application-oriented discussions rather than exact citation-network frequency. Instead, node prominence
reflects thematic recurrence within the reviewed literature, while node links represent manually coded literature-derived
thematic associations across architecture, evaluation, governance, security, orchestration, and application-oriented
discussions rather than exact co-citation frequencies or measured bibliometric keyword relationships. Figure 7 was
generated using OpenAlex keyword-family searches collected through consistent year-specific query procedures.
The underlying query logs, keyword families, and normalization procedures are documented in the Supplementary
Evidence Appendix and OpenAlex query records. Because overlapping search terms may retrieve partially duplicated
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records, raw publication counts were not directly summed. Instead, each keyword family was normalized relative
to its maximum yearly value and subsequently averaged to produce a representative indexed publication trend. The
figure should therefore be interpreted as a normalized indexed research-activity trend rather than an exact deduplicated
publication count from Scopus or Web of Science. Figures 8 and 10 were constructed by mapping agentic-AI
operational risks, governance layers, and threat surfaces to documented source categories identified throughout agent-
security studies, benchmark analyses, and authoritative governance frameworks, particularly OWASP, NIST, and CISA
guidance (35; 36; 37; 39; 38). The resulting hierarchy integrates model risks, context risks, tool-execution risks,
permission-escalation risks, and workflow-level systemic risks associated with increasing operational autonomy and
environmental interaction. Figure 9 presents the proposed Five-Level Agentic Autonomy and Governance Model
(FAAGM), synthesized from recurring differences in operational authority, execution scope, environmental interaction,
and oversight requirements identified throughout the reviewed systems (3; 7; 12; 24; 23). The framework was designed
to support clearer classification of bounded, supervised, tool-mediated, and increasingly autonomous agentic-AI
systems. Figure 11 presents future research directions synthesized from recurring unresolved limitations, benchmark
gaps, governance concerns, operational constraints, and deployment challenges identified across the included studies.
The resulting roadmap reflects recurring limitations, governance gaps, benchmark constraints, and architectural trends
repeatedly identified across the included studies corpus. The roadmap should therefore be interpreted as a literature-
derived synthesis of recurring research priorities identified across the reviewed sources rather than as a predictive
statistical forecast. Figure 12 presents a qualitative comparative synthesis of nine representative agentic-AI frameworks
using a consistent 1–5 rubric applied across five dimensions: autonomy level, memory persistence, tool authority,
governance-control evidence, and benchmark evaluation realism. Scores were assigned according to the strongest
operational evidence available in the reviewed literature and were intended to support comparative interpretation rather
than absolute capability ranking. The detailed scoring rationale and evidence mapping for each framework are provided
in the Supplementary Evidence Appendix. Additional evidence mappings supporting Figure 5 thematic clustering,
Figure 6 OpenAlex keyword relationships, Figure 7 publication indexing methodology, and Figure 12 qualitative
framework scoring are provided in the Supplementary Evidence Appendix.

4 Results and Analysis

Recent studies indicate a transition from conventional language-generation systems toward operationally interactive
agentic architectures capable of planning, reasoning, memory management, and tool-mediated execution. Across
the included studies, four recurring characteristics consistently appeared within modern agentic AI systems: multi-
step reasoning, environmental interaction, persistent or contextual memory, and adaptive feedback-driven behavior
(1; 2; 10). Earlier artificial intelligence systems often relied on static prediction pipelines or narrowly constrained
symbolic workflows. In contrast, contemporary agentic systems increasingly integrate dynamic reasoning loops
that combine language generation with external execution environments, APIs, retrieval systems, and operational
feedback (6; 7). The thematic groupings represented in Figure 5 reflect structured coding of the reviewed literature
by publication year and dominant architectural contribution. The 2022 cluster captures prompting, reasoning, tool
grounding, embodied planning, and early web interaction (4; 5; 50; 54; 55; 56; 70). The 2023 cluster reflects the
emergence of tool-mediated agent frameworks, memory and reflection systems, multi-agent coordination, and the
first systematic analyses of agent-security risks (6; 7; 8; 22; 23; 24; 47; 48; 46; 33; 34). The 2024 cluster reflects
the rapid expansion of benchmark and evaluation environments, including software-engineering, web automation,
operating-system, and machine-learning experimentation settings (12; 13; 14; 15; 16; 27; 28; 31; 32). The 2025–
2026 cluster reflects the consolidation of governance frameworks, deployment guidance, enterprise orchestration
platforms, and healthcare-domain investigations (35; 36; 37; 39; 38; 61; 63; 11; 71). Figure 5 illustrates the evolution
of major research themes within the reviewed agentic AI literature, including the transition from foundational language
modeling toward reasoning frameworks, autonomous execution, benchmark evaluation, governance mechanisms, tool
interaction, and operational safety. The figure was synthesized from publication chronology, dominant architectural
contributions, benchmark evolution, and governance-oriented developments identified across the included studies. The
architectural literature indicates that agency emerges not from the language model alone, but from the surrounding
orchestration structure that connects planning, memory, execution, and verification layers (21; 26). ReAct introduced
one of the earliest influential frameworks that combined intermediate reasoning traces with executable actions during
task completion (6). Subsequent systems expanded this paradigm considerably. Toolformer indicated self-supervised
tool utilization through API interaction (7), while Gorilla and ToolLLM extended tool-use capability toward large-scale
real-world API ecosystems (8; 9). Reflexion introduced verbal self-feedback and episodic memory mechanisms that
enabled iterative behavioral improvement without direct parameter updates (22). Similarly, Generative Agents and
Voyager indicated the growing importance of persistent memory, environmental adaptation, and autonomous exploration
in long-horizon interactive tasks (46; 23). Figure 6 summarizes the semantic relationships among major research themes
within the reviewed literature, including autonomy, reasoning, governance, multi-agent systems, benchmark evaluation,
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Figure 5: Evolution of major research themes and operational priorities within the agentic artificial intelligence literature
ecosystem.

and tool interaction. The co-occurrence relationships were synthesized from recurring thematic associations identified
across the included studies corpus and supported by OpenAlex keyword/topic metadata extraction and co-occurrence
mapping. The visualization represents thematic prominence and recurring thematic relationships across the reviewed
corpus rather than exact Scopus or Web-of-Science bibliometric frequency. An important observation across the
literature is that reasoning quality remains one of the primary limitations of current agentic systems despite significant
architectural progress. Studies involving chain-of-thought prompting, Tree-of-Thoughts reasoning, and hierarchical
planning indicated improved performance in sequential decision-making tasks compared with conventional single-
prompt generation approaches (5; 51; 52). However, benchmark evidence consistently summarized that current systems
still struggle with long-horizon consistency, contextual grounding, recovery from unexpected states, and reliable multi-
step planning (27; 32). This limitation appeared repeatedly across web environments, software engineering benchmarks,
and multimodal operational tasks. Figure 7 summarizes the rapid increase in agentic artificial intelligence research
activity between 2022 and 2026, reflecting growing interest in autonomous reasoning systems, tool-mediated execution,
governance, and operational AI agents. Evaluation-oriented studies provided some of the strongest empirical evidence
within the reviewed literature. AgentBench evaluated interactive behavior across multiple operational environments
and reported substantial performance variability depending on task structure and environmental complexity (27).
WebArena indicated that even advanced language-model agents remained below human-level performance in realistic
browser-based workflows involving navigation, form interaction, and sequential decision-making (14). SWE-bench
further illustrated the difficulty of real-world software engineering tasks by evaluating repository-level issue resolution
using executable testing environments (12). Similarly, OSWorld highlighted persistent weaknesses in graphical interface
grounding, multimodal interaction, and desktop-level operational reasoning (28). Collectively, these benchmarks suggest
that current agentic AI systems remain significantly more reliable in constrained and highly verifiable environments than
in open-ended real-world workflows. The reviewed studies additionally identified a growing shift toward multi-agent
coordination architectures. Related collaborative frameworks such as Communicative Agents and DEPS additionally
explored task decomposition, interactive planning, and cooperative software-development workflows through structured
agent collaboration (83; 84). Frameworks such as AutoGen, CAMEL, MetaGPT, and AgentVerse explored collaborative
structures involving planner-reviewer-executor workflows and role-specialized agent interaction (24; 47; 25; 48). Multi-
agent systems were frequently proposed as a mechanism for improving task decomposition, iterative critique, scalability,
and verification. Nevertheless, several studies also identified important limitations associated with coordination
overhead, communication ambiguity, recursive error propagation, and accountability fragmentation within collaborative
agent ecosystems (40). These findings suggest that multi-agent scaling alone does not fully resolve the underlying
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OpenAlex Keyword Co-occurrence Network for Agentic AI
Generated from retrieved OpenAlex keyword/topic metadata, 2022-2026; edge thickness indicates co-occurrence count
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Figure 6: Thematic synthesis of major strengths, limitations, application domains, and governance risks identified across
the reviewed agentic AI literature. The figure illustrates recurring evidence categories extracted through structured
literature coding and is intended as a qualitative synthesis of review findings rather than a quantitative measurement.

reasoning and reliability limitations of current systems. Application-domain analysis summarized substantial variation
in evidence maturity across operational settings. Software engineering and web automation currently represent the
strongest application domains because outputs can often be validated through executable testing, interface-state
verification, or deterministic evaluation scripts (12; 16). In contrast, healthcare and finance remain more constrained
because operational failures may directly affect patient safety, legal compliance, financial risk, or organizational
accountability (17; 18; 73). Several healthcare-oriented studies explored biomedical reasoning, documentation support,
and clinical summarization using LLM-based agents (70; 71). However, most evaluations remained limited to simulated
or exploratory settings rather than large-scale real-world deployment. Additional multimodal and visual interaction
systems such as Visual ChatGPT and HuggingGPT further indicated the growing integration of heterogeneous foundation
models within coordinated agentic workflows (85; 86). Financial-domain studies similarly indicated strong potential
for analytical assistance and document interpretation, while simultaneously revealing substantial concerns regarding
hallucination, numerical reliability, and regulatory oversight (72; 73). The reviewed literature also indicated that
governance and operational security have become central concerns within modern agentic AI research. Unlike
traditional conversational systems that mainly generate text outputs, agentic systems increasingly possess operational
permissions capable of triggering external actions through APIs, databases, file systems, browsers, and execution
environments (33; 34). Consequently, the reviewed governance literature consistently emphasized the importance of
least privilege, sandboxing, monitoring, rollback mechanisms, human approval gates, and auditability (37; 38; 35).
OWASP and related security frameworks identified several recurring risks specific to agentic systems, including
prompt injection, memory poisoning, insecure tool interaction, privilege escalation, excessive agency, and cascading

10



Agentic Artificial Intelligence: A Systematic Review of Architectures, Benchmarks, and Governance FrameworksA PREPRINT

Publication Growth Trend in Agentic AI Research
OpenAlex keyword-family index for agentic AI, LLM agents, large language model agents, and AI agents

Search-hit counts are normalized to avoid double counting across overlapping terms; 2026 reflects indexed records available at query time
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Figure 7: Growth trend of agentic artificial intelligence publications between 2022 and 2026 across the reviewed
literature ecosystem.

workflow failures (36). These findings indicate that governance challenges increasingly emerge not from isolated
model outputs alone, but from the interaction between autonomous reasoning systems and operational environments.
Figure 8 summarizes the increasing operational, governance, and cybersecurity risks associated with higher levels of
autonomous execution and environmental interaction within agentic AI systems. Another important finding across
the literature is the absence of consistent autonomy classification frameworks. The hierarchical risk structure was
synthesized from recurring operational, security, governance, and multi-agent risks discussed throughout the reviewed
studies and security frameworks. Also, the risk hierarchy presented in Figure 8 was constructed by mapping each risk
layer to representative literature. Model risks (hallucination, weak reasoning, and planning failure) are documented
in foundation-model and reasoning-limit studies (3; 4; 5; 29; 77; 78). Context risks (prompt injection and memory
contamination) are grounded in direct and indirect injection studies (33; 34; 22; 23; 46). Tool risks are supported
by tool-use architectures and OWASP agentic-risk guidance (7; 8; 9; 35; 36). Permission and workflow risks are
addressed by OWASP, NIST, and CISA frameworks that specify least-privilege, approval-gate, monitoring, and
rollback controls (35; 36; 37; 39; 38). Several studies used the term “agent” broadly despite substantial differences
in operational authority, environmental access, and execution capability (2; 11). Some systems function primarily
as recommendation assistants, while others perform bounded execution or collaborative multi-agent orchestration.
This variation complicates evaluation, governance, and deployment discussions because systems with fundamentally
different operational risks are often grouped under the same classification category. The synthesis conducted in this
review therefore supports the need for structured autonomy taxonomies that align technical capability with governance
requirements and oversight mechanisms. The review additionally identified several persistent research gaps. Current
benchmark environments frequently simplify organizational constraints, user interruption, regulatory boundaries, and
operational accountability (26; 30). Benchmark contamination and reproducibility concerns also remain significant
because many public evaluation environments may partially overlap with training data or public solution repositories.
Furthermore, several influential systems remain evaluated primarily through demonstrations or simulation-oriented
tasks rather than long-term deployment studies. As a result, substantial uncertainty remains regarding real-world
reliability, safety, scalability, and operational governance under realistic conditions. Overall, the reviewed findings
indicate that agentic AI should currently be understood as a spectrum of partially autonomous and tool-mediated
computational systems rather than fully independent intelligence. Existing systems demonstrate practical capability
improvements in reasoning, planning, and operational interaction compared with earlier conversational architectures.
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Agentic AI Risk Hierarchy
Risk escalates as model outputs become context, tool calls, permissions, workflows, and organizational consequences.

Model Risks
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Context Risks
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Tool Risks
wrong tool, unsafe parameters, insecure plugin

Permission Risks
excessive agency, credential misuse, privilege creep

Workflow and Systemic Risks
cascading failure, weak rollback, regulatory or organizational harm

Governance must become stricter as autonomy, persistence, and tool authority increase.

Figure 8: Hierarchical operational and governance risks associated with increasing levels of agentic AI autonomy.

However, benchmark evidence, governance analysis, and deployment limitations collectively indicate that bounded,
monitored, and verifiable autonomy remains more realistic than unrestricted open-ended autonomy under current
technological conditions.

5 Discussion

The findings of this review indicate that agentic artificial intelligence represents a significant architectural transition from
passive language-generation systems toward operationally interactive computational frameworks capable of planning,
memory management, environmental interaction, and tool-mediated execution (1; 2). However, the evidence also
suggests that current agentic systems should not be interpreted as fully autonomous or generally reliable intelligence.
Instead, contemporary systems operate more accurately as partially autonomous workflows whose effectiveness depends
heavily on environmental constraints, verification mechanisms, human oversight, and governance structure (26; 30).
One of the clearest patterns observed across the reviewed literature is the growing separation between language-
generation capability and operational reliability. Large language models demonstrate increasingly strong reasoning,
summarization, retrieval, and planning capabilities under controlled conditions (3; 5). Nevertheless, evaluation-oriented
studies repeatedly summarized that performance degrades considerably in long-horizon tasks involving environmental
uncertainty, sequential decision chains, multimodal interaction, or dynamic feedback loops (27; 14; 28). The reviewed
studies indicate that modern agentic systems increasingly rely on multiple architectural components. Several benchmark
studies further indicated that even highly capable models remain vulnerable to instruction drift, memory inconsistency,
incorrect tool selection, and failure propagation across extended operational trajectories (32; 29).

The reviewed architectural literature additionally suggests that agency emerges primarily from orchestration structure
rather than from the language model in isolation (21). Frameworks such as ReAct, Toolformer, Reflexion, Voyager, and
ToolLLM demonstrate that memory systems, execution environments, retrieval modules, and tool interfaces collectively
shape agentic behavior (6; 7; 22; 23; 9). Consequently, two systems using the same underlying language model may
exhibit different operational behavior depending on planning constraints, permission scope, feedback mechanisms,
and execution architecture. This observation indicates that future evaluation methodologies should assess complete
operational workflows rather than language models alone. Another important observation across the reviewed studies is
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that bounded operational environments currently produce the most reliable deployment outcomes. Software engineering
benchmarks such as SWE-bench and controlled web interaction environments such as WebArena provide deterministic
or partially verifiable execution conditions that enable more reliable validation (12; 14). In contrast, open-ended real-
world domains involving healthcare, finance, public services, or organizational decision-making remain more difficult
because environmental ambiguity, regulatory constraints, privacy requirements, and human safety considerations cannot
easily be reduced to benchmark-style evaluation metrics (17; 73). This difference indicates that near-term deployment
of agentic AI will likely remain strongest in constrained environments where verification, rollback, monitoring, and
auditability are technically feasible. The evidence further indicates that governance and operational security should be
treated as core architectural requirements rather than secondary deployment considerations. Traditional conversational
AI systems primarily generate informational outputs, whereas agentic systems increasingly possess operational authority
through APIs, execution environments, browsers, databases, and software-control interfaces (33; 34). As a result,
model failures may directly produce organizational, financial, cybersecurity, or safety-related consequences. Oversight
frameworks proposed by NIST, OWASP, CISA, and related organizations therefore emphasize principles such as least
privilege, approval gates, sandboxing, auditability, rollback capability, and continuous monitoring (37; 35; 36; 38). The
reviewed studies consistently indicate that unrestricted autonomy currently introduces greater operational risk than
bounded supervised autonomy.

The growing interest in multi-agent architectures also revealed several important trade-offs within the literature.
Multi-agent systems attempt to improve decomposition, verification, specialization, and scalability through planner-
reviewer-executor workflows or collaborative reasoning structures (24; 25; 47). However, multiple studies identified
coordination overhead, communication ambiguity, accountability fragmentation, and recursive error propagation
as major unresolved challenges (40). In several benchmark environments, collaborative agent structures improved
decomposition quality while simultaneously increasing computational cost and operational complexity. These findings
suggest that multi-agent scaling does not inherently resolve underlying reasoning and reliability limitations. Another
important contribution of this review is the recognition that current literature lacks a standardized framework for
autonomy classification. Several reviewed studies used the term “agent” broadly despite substantial differences in
operational authority, permission scope, and environmental interaction capability (2; 11).

Some systems operate primarily as recommendation assistants, while others possess bounded execution rights or multi-
agent orchestration capability. This variation complicates governance discussions because systems with fundamentally
different operational risks are often discussed within the same classification category. The Five-Level Agentic Autonomy
and Governance Model proposed in this review therefore attempts to align technical capability with operational
oversight requirements. The taxonomy emphasizes operational authority rather than perceived intelligence as the
primary determinant of governance complexity. The evidence-synthesis figures presented in this review were each
derived through a structured literature-coding procedure rather than constructed as schematic illustrations. This coding
procedure recorded publication year, primary contribution, agentic capability, benchmark environment, autonomy level,
tool-access scope, memory persistence, governance control, and reported safety risk for each included source. The
resulting mappings form the evidentiary basis of the visual syntheses and are intended to allow readers and future
reviewers to trace each figure category to specific representative sources. Because the field remains heterogeneous
in methodology, benchmark environment, and reporting conventions, the figures do not represent exact statistical
aggregates but rather structured qualitative synthesis grounded in the reviewed corpus. This approach aligns with
established practice for systematic evidence synthesis in emerging and rapidly evolving technical research domains
(1; 2; 40).

Figure 9 summarizes the proposed Five-Level Agentic Autonomy and Governance Model (FAAGM), which categorizes
agentic AI systems according to operational autonomy, execution authority, environmental interaction capability, and
governance requirements. The FAAGM taxonomy was synthesized from recurring differences in operational authority,
execution scope, and oversight requirements identified across representative agentic AI systems in the reviewed
literature. However, the reviewed benchmark evidence, governance literature, and deployment limitations collectively
indicate that controlled, supervised, and auditable autonomy remains more realistic and defensible than unrestricted
open-ended autonomy under current technological and operational conditions. The findings additionally suggest that
current benchmark methodologies remain insufficient for fully characterizing real-world deployment readiness. Many
benchmarks simplify environmental unpredictability, organizational policy constraints, user interruption, authentication
requirements, regulatory compliance, and operational liability (26). Several studies also highlighted benchmark
contamination and reproducibility concerns because public benchmark tasks may partially overlap with training
corpora or publicly accessible solutions (30). Consequently, benchmark success should not be interpreted as direct
evidence of robust real-world autonomy. Future evaluation methodologies will likely require stronger emphasis on
adversarial testing, longitudinal deployment analysis, human oversight interaction, and operational safety metrics. The
reviewed literature collectively supports a broader shift toward hybrid architectures that combine language-model
flexibility with verifiable execution constraints (54; 53). Pure language-model autonomy remains challenging to
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Five-Level Agentic Autonomy and Governance Model
Autonomy increases from recommendation to persistent autonomous ecosystems; governance intensity increases in parallel.
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Figure 9: Proposed Five-Level Agentic Autonomy and Governance Model (FAAGM) for classifying operational
authority, environmental interaction, and oversight requirements in agentic AI systems.

validate in safety-critical or high-risk operational settings. Hybrid systems incorporating symbolic planners, typed
APIs, policy engines, access-control frameworks, and executable verification mechanisms may therefore provide a
more realistic deployment pathway for enterprise-scale agentic AI. This interpretation aligns with recent governance
guidance emphasizing constrained execution, explicit permissions, reversible actions, and continuous oversight rather
than unrestricted autonomous operation (39; 38). Overall, the evidence synthesized in this review suggests that the
current trajectory of agentic AI is best understood as the development of increasingly capable but restricted operational
computational systems rather than fully independent intelligence. Existing systems already demonstrate practical
improvements in reasoning, tool use, and workflow interaction compared with earlier conversational architectures.

Figure 10 summarizes the expanding attack surface of agentic AI systems as autonomy, tool interaction, memory
persistence, API access, and multi-agent orchestration become increasingly integrated within operational environments.
The threat model was synthesized from recurring attack surfaces, privilege-escalation risks, tool-interaction vulnera-
bilities, and operational security concerns identified throughout the reviewed governance and security literature. The
figure highlights major security and governance concerns including prompt injection, memory poisoning, unsafe tool
execution, privilege abuse, role drift, and broader operational harm, together with mitigation mechanisms such as sand-
boxing, approval gates, logging, monitoring, and rollback control. Future research is expected to increasingly focus on
oversight-aware orchestration, auditable autonomy, embodied interaction, neuro-symbolic reasoning, adaptive memory
persistence, and secure human-supervised operational control within next-generation agentic artificial intelligence
systems.
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Threat Model for Agentic AI Systems
Attack surfaces expand from prompts to memory, tools, permissions, and multi-agent workflows
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Figure 10: Threat escalation model for agentic AI systems across prompts, memory, tools, permissions, multi-agent
workflows, and operational execution environments.

5.1 Future Research Directions and Governance Challenges

Despite rapid progress in agentic artificial intelligence, several important technical, operational, and governance-related
challenges remain unresolved throughout the current literature. Existing systems continue to exhibit limitations
in long-horizon reasoning, environmental grounding, memory consistency, autonomous recovery, and operational
reliability under dynamic real-world conditions (27; 32; 29). In addition, current benchmark environments often
simplify organizational constraints, regulatory requirements, human interruption, authentication workflows, and
adversarial operational conditions (26; 30). These limitations suggest that future research must increasingly prioritize
robust evaluation methodologies, reproducibility, oversight-aware orchestration, and governance-oriented deployment
strategies. Another major direction identified across the included studies involves the integration of neuro-symbolic
reasoning, adaptive memory persistence, multimodal environmental interaction, and secure tool-mediated execution
(54; 53). Several recent studies also emphasize the importance of bounded autonomy, human-supervised operational
control, policy-aware orchestration, and auditable execution mechanisms for real-world deployment (37; 36; 38).
Future systems will likely require stronger integration of monitoring frameworks, rollback capability, approval gates,
access-control enforcement, and continuous operational validation to support safe deployment in healthcare, finance,
public services, and enterprise environments.

Figure 11 summarizes several emerging research directions expected to influence the next generation of agentic artificial
intelligence systems, including oversight-aware orchestration, neuro-symbolic reasoning, secure tool interaction, embod-
ied autonomy, adaptive memory persistence, and human-supervised operational safety. The future research directions
were synthesized from recurring limitations, benchmark gaps, governance challenges, and emerging architectural trends
identified across the included studies.
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Future Directions of Agentic Artificial Intelligence
Roadmap for safe, auditable, governance-aware, and embodied systems

Future Agentic AI
verifiable, governed, auditable

Neuro-symbolic agents
reasoning + verification

Embodied agents
robotics and physical interaction

Governance-aware
orchestration

policy control and approval gates

Self-healing systems
recovery and fault tolerance

Auditable autonomy
traceability and logging

Adaptive memory
persistent contextual adaptation

Secure tool interaction
sandboxing and API security

Human-supervised
autonomy

oversight and intervention

Figure 11: Emerging future research directions in agentic artificial intelligence, including neuro-symbolic reasoning,
oversight-aware orchestration, embodied interaction, auditable autonomy, adaptive memory systems, and human-
supervised operational control.

6 Conclusion

Agentic artificial intelligence highlights an important transition in the evolution of artificial intelligence systems
from passive language-generation models toward operationally interactive architectures capable of planning, memory
utilization, tool-mediated execution, and adaptive environmental interaction (1; 2). The reviewed studies indicate that
recent advances in large language models, reasoning frameworks, retrieval systems, and execution-oriented workflows
have considerably expanded the practical capabilities of AI systems across software engineering, web automation,
scientific research, healthcare, finance, and multimodal operational environments (6; 9; 12; 28). The reviewed studies
indicate that modern agentic systems increasingly rely on multiple architectural components., including planning
mechanisms, memory structures, feedback loops, external tool interfaces, and orchestration layers (21; 26). However,
evaluation-oriented studies consistently demonstrate that substantial limitations remain in long-horizon reasoning,
environmental grounding, tool selection, memory consistency, and recovery from unexpected operational states
(27; 32; 29). Although contemporary systems demonstrate meaningful progress compared with earlier conversational
architectures, current evidence does not support the interpretation of agentic AI as fully reliable or unrestricted autonomy.
The review additionally highlights that operational governance and security have become central challenges within
agentic AI deployment. Because modern agents increasingly interact with APIs, browsers, execution environments,
databases, and external workflows, model failures may directly translate into organizational, cybersecurity, financial,
or safety-related consequences (33; 34). Oversight frameworks proposed by NIST, OWASP, CISA, and related
organizations therefore emphasize principles such as least privilege, sandboxing, auditability, approval gates, rollback
mechanisms, and continuous monitoring (37; 35; 36; 38). The reviewed evidence strongly suggests that controlled and
supervised autonomy currently highlights a considerably more realistic deployment model than unrestricted open-ended
execution. This review also introduced the Five-Level Agentic Autonomy and Governance Model (FAAGM), which
classifies agentic systems according to operational authority, environmental interaction capability, and required oversight
mechanisms. The proposed framework attempts to address a recurring limitation within the literature, where systems
with fundamentally different operational risks are frequently grouped under the same conceptual definition of “agent”
(11; 2). By aligning technical capability with oversight requirements, the FAAGM taxonomy provides a more structured
basis for evaluating deployment readiness, operational risk, and oversight requirements across heterogeneous agentic
architectures.

Figure 12 summarizes representative agentic AI frameworks according to autonomy level, reasoning structure, memory
integration, tool interaction capability, and operational limitations.
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Comparative Profile of Agentic AI Frameworks
Sorted by governance control strength; heatmap compares autonomy, memory, tool authority, and benchmark realism
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CAMEL Collaborative
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ReAct Medium
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Toolformer Low
1 1 3 1 2
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Scale: 1 2 3 4 5 1 = limited capability/control evidence; 5 = strongest or most realistic evidence within the reviewed frameworks

Figure 12: Comparative matrix of representative agentic AI frameworks across autonomy level, reasoning capability,
governance support, operational scope, and deployment limitations.

Scoring rubric for Figure 12: Autonomy (1 = no execution authority; 5 = open-ended goal pursuit); Memory
(1 = stateless; 5 = persistent cross-session retrieval); Tool use (1 = no external calls; 5 = broad real-world
API execution); Governance (1 = no access controls documented; 5 = explicit least-privilege, approval, and
audit mechanisms); Benchmark realism (1 = toy tasks only; 5 = executable real-world validation with human
comparison). Scores reflect the strongest evidence available in the reviewed literature for each framework; they
represent qualitative synthesis and should be interpreted comparatively rather than as absolute capability ratings
(12; 13; 24; 25; 9; 23; 47; 6; 22; 7).

Several important research gaps remain unresolved. Current benchmark environments frequently simplify organiza-
tional constraints, regulatory requirements, authentication mechanisms, user interruption, and real-world operational
uncertainty (26; 30). Benchmark contamination, reproducibility limitations, and inconsistent evaluation methodologies
further complicate comparative analysis across studies. In addition, many application-domain investigations remain
limited to simulated environments or exploratory deployments rather than long-term real-world operational validation.
Future research should therefore prioritize reproducible evaluation methodologies, longitudinal deployment studies,
hybrid neuro-symbolic architectures, operational safety metrics, memory-security mechanisms, and governance-aware
execution frameworks. Overall, the findings of this review suggest that agentic AI should currently be understood as
a spectrum of partially autonomous, tool-mediated, and restricted operational systems rather than fully independent
intelligence. Existing systems already demonstrate practical utility in constrained environments where monitoring,
verification, rollback, and operational supervision are technically feasible. However, the reviewed evidence collectively
indicates that safe and sustainable deployment will depend not only on model capability, but also on governance design,
permission boundaries, verification mechanisms, and continuous operational supervision.
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Supplementary Evidence Appendix

Evidence Mapping for Figure 5 and Figure 12

This appendix documents the literature evidence underlying Figure 5 and Figure 12. Figure 5 was derived from
year-by-year thematic grouping of reviewed studies. Figure 12 was derived from qualitative scoring of representative
agentic AI frameworks using a predefined evidence rubric. These materials improve traceability, reproducibility, and
methodological transparency of the visual synthesis process.

Coding Procedure

Each source was coded according to publication year, primary contribution type, architectural characteristic, benchmark
or evaluation characteristic, governance characteristic, and operational characteristic. Architectural characteristics
included reasoning, planning, tool use, memory, orchestration, multi-agent coordination, and embodied interaction.
Governance characteristics included human approval, logs, sandboxing, rollback, least privilege, auditability, policy
control, and external guidance.

Figure 6 OpenAlex Keyword Network Methodology

Figure 6 was generated using OpenAlex keyword and topic metadata retrieved through structured keyword-family
searches associated with agentic AI, AI agents, autonomous agents, large language model agents, orchestration
frameworks, governance, and benchmark environments. Node size reflects metadata recurrence frequency, while edge
thickness represents pairwise keyword co-occurrence relationships extracted from the retrieved metadata corpus. The
visualization is intended as a metadata-supported thematic synthesis rather than a complete Scopus or Web of Science
bibliometric export.

Figure 5 Evidence Mapping: Evolution of Major Research Themes

Figure 5 was constructed from thematic coding of reviewed sources by publication year. It summarizes dominant
emphasis across the corpus rather than claiming that each year contains only one topic.

2022 — Prompting, reasoning, tool grounding, embodied planning, and early web/task interaction Studies:
Ouyang et al. [4]; Wei et al. [5]; Karpas et al. [50]; Ahn et al. [54]; Huang et al. [55]; Yao et al. [56]; Luo et al. [70];
Perez et al. [79]. Architecture: Instruction following; chain-of-thought reasoning; modular neuro-symbolic tool use;
language-conditioned planning; embodied reasoning. Benchmark: Early grounded web interaction; embodied/planning
tasks; biomedical text-generation evidence. Governance: Mainly capability-focused; governance treated indirectly
through alignment, red teaming, and task constraints.

2023 — Tool-mediated agents, memory, reflection, multi-agent coordination, and early security concerns
Studies: Yao et al. [6]; Schick et al. [7]; Patil et al. [8]; Xi et al. [10]; Shinn et al. [22]; Wang et al. [23]; Wu et al. [24];
Park et al. [46]; Li et al. [47]; Chen et al. [48]; Greshake et al. [33]; Liu et al. [34]. Architecture: Reasoning-action
loops; API/tool selection; reflection; persistent skill libraries; role-based multi-agent workflows; memory mechanisms.
Benchmark: Tool tasks; simulated environments; multi-agent demonstrations; early workflow evaluations. Governance:
Prompt injection; memory contamination; role drift; early recognition of tool-mediated attack surfaces.

2024 — Benchmark expansion, software/web/OS environments, architecture synthesis, and governance formal-
ization Studies: Wang et al. [1]; Qin et al. [9]; Jimenez et al. [12]; Yang et al. [13]; Zhou et al. [14]; Drouin et al. [15];
de Chezelles et al. [16]; Sumers et al. [21]; Hong et al. [25]; Masterman et al. [26]; Liu et al. [27]; Xie et al. [28]; Huang
et al. [31]; Wang et al. [32]; Autio et al. [37]. Architecture: Agent architectures with planning, memory, tool access,
orchestration, and workflow execution. Benchmark: SWE-bench; WebArena; WorkArena; BrowserGym; AgentBench;
OSWorld; MLAgentBench; MINT. Governance: Reproducibility; task realism; executable feedback; sandboxing; AI
risk-management guidance.

2025 — Governance, safety, enterprise deployment, orchestration frameworks, and financial-domain synthesis
Studies: Plaat et al. [2]; Evaluation survey [30]; OWASP [35,36]; OpenAI [61]; Google Cloud [63]; IBM [64];
Salesforce [65]; ServiceNow [66]; LangChain [67]; CrewAI [68]; AutoGen Studio [69]; Khan et al. [73]. Architecture:
Enterprise agent orchestration; agent platforms; tool workflows; multi-agent automation; domain-specific agents.
Benchmark: Deployment-oriented and system-level evaluation rather than only benchmark tasks. Governance: Approval
gates; monitoring; policy controls; enterprise governance; security controls; financial-domain oversight.
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2026 — Consolidated agentic-AI reviews, healthcare agents, and adoption guidance Studies: Abou Ali et al. [11];
CISA [38]; Healthcare scoping review [71]. Architecture: Consolidated taxonomy of architectures and applications;
healthcare-oriented agentic workflows. Benchmark: Review-level and domain-specific evidence synthesis. Governance:
Careful adoption guidance; high-impact domain oversight; validation; privacy; operational governance.

Figure 7 Publication Trend Methodology

Figure 7 was generated using normalized OpenAlex keyword-family retrieval trends collected across the 2022–2026
publication window. Overlapping keyword families were normalized to reduce duplicate counting effects across partially
overlapping metadata records. The resulting indexed trend reflects representative research-activity growth rather than
exact deduplicated publication totals.

Figure 12 Qualitative Scoring Rubric

Figure 12 compares representative agentic AI frameworks using a qualitative 1–5 scoring rubric. The matrix is intended
as a comparative synthesis, not as an absolute ranking.

Score 1 Minimal autonomous action; no durable memory; no tools or tool suggestion only; governance absent or not
discussed; toy or narrow task setting.

Score 2 Limited reasoning-action loop; short trace or task-local state; optional/restricted tools; manual gates or weak
logs; limited QA/tool/web tasks.

Score 3 Bounded multi-step behavior; dialogue/reflection/history; multiple tools or API interface; basic approvals or
monitoring; realistic task/domain benchmark.

Score 4 Strong multi-step or collaborative autonomy; reusable artifacts, skills, or project memory; broad tools/code
actions/workflow interface; structured process governance; operational benchmark with feedback.

Score 5 Open-ended persistent goal pursuit; durable long-horizon memory; high-authority execution; strong formal
controls indicated; executable high-realism validation.

Framework-Level Scoring Evidence for Figure 12

MetaGPT | Autonomy 4 | Memory 4 | Tool use 4 | Governance 4 | Benchmark 3 Rationale: Role-specialized multi-
agent software-development process; persistent project artifacts; structured process governance; moderate benchmark
realism compared with executable issue-resolution benchmarks. Sources: Hong et al. [25].

SWE-agent | Autonomy 4 | Memory 4 | Tool use 5 | Governance 3 | Benchmark 5 Rationale: Repository-level
autonomous workflow; maintains repository context; shell/test/editing authority; sandbox needed; strongest benchmark
realism through SWE-bench executable validation. Sources: Jimenez et al. [12]; Yang et al. [13].

AutoGen | Autonomy 4 | Memory 3 | Tool use 4 | Governance 3 | Benchmark 3 Rationale: Multi-agent conversation
and configurable tool/function execution; conversation history supports coordination; approvals/configuration provide
moderate governance evidence. Sources: Wu et al. [24].

ToolLLM | Autonomy 3 | Memory 1 | Tool use 5 | Governance 2 | Benchmark 3 Rationale: Large-scale API
interaction capability; limited durable memory evidence; weak permission/governance treatment; tool-use evaluation
gives moderate benchmark realism. Sources: Qin et al. [9].

Voyager | Autonomy 5 | Memory 4 | Tool use 4 | Governance 2 | Benchmark 3 Rationale: Open-ended embodied
exploration; persistent skill library; executable skill/tool use; limited governance controls; interactive environment gives
moderate realism. Sources: Wang et al. [23].

CAMEL | Autonomy 4 | Memory 3 | Tool use 2 | Governance 2 | Benchmark 2 Rationale: Role-playing multi-agent
interaction; dialogue context supports coordination; limited external tool authority; weak governance and benchmark
realism. Sources: Li et al. [47].
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ReAct | Autonomy 2 | Memory 1 | Tool use 3 | Governance 2 | Benchmark 2 Rationale: Reasoning-action loop; no
durable memory; explicit tool/action calls; governance limited to task structure/manual constraints; limited-to-moderate
benchmark realism. Sources: Yao et al. [6].

Reflexion | Autonomy 2 | Memory 3 | Tool use 2 | Governance 2 | Benchmark 2 Rationale: Iterative self-feedback
and episodic reflection logs; limited tool authority; traceability improves interpretability but not full governance.
Sources: Shinn et al. [22].

Toolformer | Autonomy 1 | Memory 1 | Tool use 3 | Governance 1 | Benchmark 2 Rationale: Self-supervised
tool-use learning; low autonomy; no durable memory; minimal governance evidence; narrow tool-task evaluation.
Sources: Schick et al. [7].
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