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ABSTRACT

Agentic Al represents a new generation of Artificial Intelligence (Al) systems capable of perceiving,
reasoning, planning, and acting toward achieving goals with a degree of autonomy. Unlike traditional Al
models that merely generate outputs, these systems maintain memory, interact with their environment,
and adapt over time. However, evaluating such interactive and evolving behavior remains a significant
challenge. While several recent surveys have examined agentic Al architectures, components, and
applications, few have systematically reviewed their evaluation, particularly regarding performance,
reliability, and governance across an evolving agentic Al ecosystem. This paper addresses that gap by
reviewing recent progress in the development and assessment of agentic Al, focusing on three core
dimensions: benchmarks, metrics, and governance. We analyze how current evaluation frameworks
capture reasoning, planning, collaboration, and ethical alignment across single- and multi-agent systems.
Ultimately, this study aims to establish a unified foundation for building trustworthy, auditable, and
human-aligned Al agents. The project webpage is available at project link.

1. Introduction

Traditionally, artificial intelligence (AI) in agents and
robotics has referred to systems designed to perceive their
environment, make autonomous decisions, and act toward
achieving defined goals [39]. With the advent of large
language models (LLMs), the notion of agency has expanded,
enhancing agents’ ability to reason, plan, and interact through
natural language. Earlier forms of agents already incorpo-
rated learning and decision-making components, but LLMs
have introduced a new level of generality and adaptability
that enables richer, more context-aware behaviors. Prior
research in cognitive architectures and goal reasoning has
long demonstrated active, deliberative forms of agency. Early
work connected dynamical systems and information-theoretic
principles to cognitive behavior, showing that agents can en-
gage in adaptive and self-organizing activity rather than fixed
responses [67] . Psychological models further highlighted
the role of motivation and affect in shaping agent behavior
[134], later extending to the design of ethical cognitive
agents capable of moral reasoning and decision-making [14].
In parallel, the goal-reasoning community explored meta-
cognitive mechanisms that allow agents to generate, pursue,
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and revise goals autonomously, as exemplified by the MIDCA
architecture[29].

Building on this progression, agentic Al represents a
broader paradigm that goes beyond single-step task prediction
to operate as persistent, goal-directed agents [182]. Unlike
traditional models that take an input and return an output,
agentic Al maintains state, plans over multiple steps, lever-
ages tools, and adapts its behavior dynamically in open-ended
environments. These capabilities allow agentic Al systems
to function more like collaborators or decision-makers than
passive models.

Open source LLMs, like DeepSeek R1[136], phi 3 [138],
gemma 7B [37], mistral 7B [137] and Meta LLaMa 3 [143]
models, have further accelerated this shift. With natural
language as their primary interface, LLM-based agents can
chain reasoning steps, call external tools and APIs, browse
information sources, and interact with humans [101]. Early
agentic Al systems such as AutoGPT [175] and BabyAGI
[86] demonstrated the potential of LLMs to achieve autonomy
by decomposing goals into subtasks, while more recent frame-
works integrate memory, multi-agent collaboration, and real-
world interaction [32, 46]. The result is a rapid proliferation
of LLM-based agentic Al systems across domains ranging
from software development to scientific discovery.’

As agentic Al research progresses toward richer multi-
agent ecosystems, the growing complexity of these systems
has also motivated a shift toward modular and interpretable
designs. The notion of decomposing an agentic system into

3For the scope of this paper, the term “agentic Al systems” specifically
refers to LLM-based agents.
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Figure 1: Timeline of Agentic Al papers which are released from 2023 to 2025

smaller and functional cognitive blocks is referred to as
cognitive modularity [41]. For example, an agentic Al system
can be partitioned into (i) a planner that produces hierarchical
goals, (ii) a reasoning module that generates explanations
or chains of thought, (iii) tool-use wrappers that mediate
external APIs, and (iv) a memory subsystem that stores
episodic and semantic traces. This modularization has been
proposed as a design principle in recent cognitive-architecture
work [21, 188, 174, 168] to improve interpretability, enable
targeted fine-tuning and evaluation, and support incremental
learning.

In parallel, the integration of retrieval-augmented genera-
tion (RAG) and explicit memory architectures with human-
in-the-loop (HITL) oversight has become a standard design
pattern to reduce hallucinations [117], ground decisions in
external knowledge [69], and permit safe intervention [183].
Recent RAG extensions and agent-memory studies empha-
size retrieving not only facts but also structured exemplars and
past action trajectories [161] for improved plan supervision.
Task-specific context and human feedback are driving a
transition from static, single-turn LLM interactions toward
continuously learning, socially aware systems that (i) retain
and retrieve past interactions, (ii) solicit clarifications when

intentions are ambiguous, and (iii) use modular reflection to
improve collective behavior over time [168, 153].

1.1. Motivation

Despite this rapid evolution, evaluating the effectiveness
of agentic Al systems remains a major challenge. For instance,
consider an agentic Al pipeline specialized in multi platform
e-commerce recommendation, and the user want to buy a
laptop for less than $1000 for graphic designing application
with long battery life. In Figure 3, all the necessary steps are
shown along with their potential failure cases and the metrics
for each individual step. Success on all these metrics would
ensure the overall task success for the Al agent.

Traditional LLM evaluation methods [108, 110], such as
static accuracy or correctness on held-out benchmarks, single-
turn prompt-response metrics (e.g., BLEU, ROUGE, or exact
match), and tool-invocation precision, fall short of capturing
the dynamic, interactive, and goal-oriented nature of agentic
Al behavior [84, 46]. Static benchmarks rarely account for
temporal coherence, task decomposition, coordination, or
how agents recover from mistakes and adapt to shifting goals.
Emerging research explores new paradigms of agentic Al
evaluation, emphasizing metrics such as task completion rate,
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Accuracy [13], Element Accuracy [31], Answer F1 [75], Supporting Fact F1 [177],
Multi-hop F1 [177], Answer relevance / faithfulness / similarity / Context relevance /
Retrieval precision / avg precision / hit rate / reciprocal rank / NDCG [54], eval vga /
Fuzzy Match [192, 63], eval fuzzy image match [63], Quasi Exact Match [81]

MMEvalPro [49], EmbodiedBench [176], CT-GLIP [74], A2Perf (Visual Navigation) [145],
SPA-Bench [19], Omnipose [8], GAIA [81], m&m's [78], EAsafetyBench [157],
VisualWebArena [63], Embodied Agent Interface (EAI) [72], OSWorld [170], OmniACT
[59], AppWorld [144], Roco (Multi-robot) [79], CuisineWorld [42]

Success Rate (reasoning tasks) [149, 75, 159, 126], Partial Correctness [149], Step
Success Rate [75], Task Success Rate (reasoning-level) [75, 192], Completion Under
Policy (CuP) [68], Policy Adherence / Stateful Evaluation [179], Error Detection Rate
[33], Joint Accuracy [33], Partial Completion [44]

AgentBench [75], REALM-Bench [40], AgentQuest [41], Aristotle [3], Seed-Prover [20],
C-Plan [187], MindMap-Bench [21], EduPlanner [188], AutoPlanBench [132], ACPBench
[64], FlowBench [169], Natural Plan [191], CivRealm [102], SafePlan-Bench [183],
Tool-Planner [76], ScienceAgentBench [23], TaskBench [123]

Tool Selection Accuracy [173], Tool Execution Success [173], Pass Rate [103], Win Rate

(tool-use) [103], LLM Grading [87], Process Supervision Score [87], Safety Metrics (HAP,

Pll, bias, etc.) [54], Prompt Safety Risk / Topic Relevance [54], Resource-Scaling Metrics
[15], Unsuccessful Requests [54]

HammerBench [155], ST-WebAgentBench [68], TheAgentCompany [172],
ML-Dev-Bench [94], RE-Bench [162], ITBench [56], MINT [159], ToolLLM [103], BFCL
(Function-Calling) [98], MetaTool [51], ToolEmu [120], ColBench [194], Webshop [178],

DatasetResearch [70], DCA-Bench [47], MLAgentBench [50], SWE-bench [57],
SWELancer [82]

Retention Decay Rate [127], Memory Utilization Efficiency [54], Adaptability Index [9],
FaN-REMs [127], Forgetting Catastrophe Threshold [127], Contextual Relevance Score
[192], Memory Compression Ratio [50], Self-Questioning Rate [9], Cross-Task
Generalization [15], Validation-to-Memory Ratio [15], Memory Update Latency [54],
Intrusive Memory Index [127]

A-MEM [174], Minerva [168], MIKASA-Base/MIKASA-Robo [25], Big World Simulator
[65], R-Zero [48], Memory Maze [97], Task2Mem [153], StreamBench [164],
Reflection-Bench [71], IS-Bench [77], LLMARENA [18], AgentArch [12]

Success Probability per Action [75], Latency-to-Success Ratio [54], Safety Violation
Frequency [54], Resource Efficiency (Energy/CPU) [50], Disruption Index [54], Action
Repeatability [179], Robustness to Edge Cases [9], Human Cooperation Score [9],
Execution Fidelity [173], Recovery Time after Failure [9], Intentionality Confidence [9],
Cumulative Impact Score [9]

A2Perf [145], FieldWorkArena [85], UI-TARS-2 [154], HCAST [117], Yan [181],
RoboAct-CLIP [190], WebArena [192], AssistantBench [184], LLM-Coordination [4],
Collab-Overcooked [133], VillagerBench [35], BattleAgentBench [158], MultiAgentBench
[195]

Figure 2: Taxonomy of Benchmarks and Evaluation Metrics for Agentic Lifecycle.

reasoning depth, cooperation efficiency, and ethical alignment
[123, 127, 4, 183].

Current surveys on agentic Al largely emphasize taxonomies
of components (e.g., planning, memory, perception, tool use),
architectures (single-agent vs. multi-agent), or application
domains (education, healthcare, software engineering), as
shown in Table 1. While these reviews provide valuable
conceptual overviews, they lack systematic analyses of
benchmarks, metrics, and governance frameworks. There
is limited clarity on how to measure agentic Al performance
across dimensions such as robustness, reliability, efficiency,

safety, alignment, and governance. This gap underscores
the need for a dedicated study on evaluation and regulatory
alignment to ensure that agentic Al systems are not only
powerful but also trustworthy, auditable, and aligned with
societal values.

1.2. Main Contributions

To address this gap, this paper presents a dedicated review
of evaluation methodologies for agentic Al systems. Our
specific contributions are as follows:
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Figure 3: Working Instance Diagram, showing the workflow for buying a laptop using agentic pipeline. The bugs show potential
failure cases that can happen at each pipeline step, and the evaluation metrics which could be used to cope up with those failure

cases.

Table 1

Symbolic comparison of prior survey papers and our work on agentic Al.

Survey Focus Timeline Benchmarks Metrics Governance
Yehudai et al. [182] Evaluation of LLM-based agents Post v v ©
Plaat et al. [101] Agentic LLMs: reason—act—interact Post © © ©
Acharya et al. [2] Agentic Al foundations & applications Pre+Post © © v
Bandi et al. [9] Taxonomy: Al agents vs. agentic Al Pre+Post X X ©
Hughes et al. [52] Multi-expert industry analysis Pre+Post X X v
Piccialli et al. [100] Distributed AgentAl for Industry 4.0 Pre+4-Post © © 4
Mohammadi et al. [84] Evaluation/benchmarking of LLM agents Post v v X
Nisa et al. [90] Agentic Al overview (org transformation) Pre+Post © © X
Yu et al. [185] Trustworthy & Security evaluation of agents Post X © X
Ours Benchmarks, metrics, and governance Post v v v

Legend: /= Present / Strong, ©= Partial / Limited, X= Absent, Pre = Pre-LLM era, Post = Post-LLM era.

e We provide a comprehensive taxonomy (Figure 2)
and a structured review of existing benchmarks and
evaluation metrics for agentic Al systems, organized
by lifecycle stages. This includes a consolidated map-
ping of benchmark types, evaluation dimensions, and
performance indicators.

e We present an analysis of the literature (Sections 2, 5, 6)
highlighting emerging trends, methodological gaps,
and open challenges in the evaluation of agentic Al.

e We examine the governance dimensions and regulatory
alignment of current evaluation frameworks (Section 7)
with respect to trust, accountability, and compliance
standards.

e We introduce a novel evaluation framework (Sec-
tion 4) specifically designed for agentic Al systems.
Unlike static benchmark approaches, it integrates
lifecycle-aware assessment, multi-step reasoning, ro-
bustness, and ethical alignment into a unified evalua-
tion paradigm.

1.3. Paper Organization

The remainder of this paper is organized as follows.
Section 2 outlines the literature review methodology, de-
tailing the search strategy, inclusion—exclusion criteria, and
thematic synthesis used to map existing studies on agentic
Al evaluation. Section 3 provides background on LLMs,
VLMs, RAG, LLM-based agents and multi-agent systems.
Section 4 provides a novel evaluation framework for any
general purpose agent. Followed by section 5 discusses the
major benchmarks and datasets for assessing autonomous
LLM agents, highlighting their domains, design principles,
and comparative scope. Section 6 presents the taxonomy of
evaluation metrics, describing both quantitative and qualita-
tive dimensions for measuring performance, reliability, and
human alignment. Section 7 examines governance, policy,
and audit frameworks for agentic Al, identifying emerging
standards and best practices for oversight and safety. Penulti-
mate section 8 of the paper provide open challenges and future
directions for the agentic Al. Finally, Section 9 concludes
with insights on open challenges, gaps, and future directions
toward unified evaluation and governance frameworks for
agentic Al systems.
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2. Literature Review Methodology

This review followed a structured process to ensure
balanced coverage of existing work on agentic Al evaluation
methods and benchmarks. Relevant studies were identified
through database searches using keywords such as “Agentic
AI’, “LLM-based agents”, “evaluation frameworks”, and
“benchmarks” . Papers were included if they discussed evalua-
tion methodologies, benchmark design, or assessment metrics
relevant to LLM-driven or autonomous agents. The collected
literature was then analyzed and grouped thematically to
capture current trends, limitations, and open challenges.

The following search terms are used to search material
across major databases such as IEEE Xplore, ACM Digital
Library, SpringerLink, and arXiv. “Agentic AI”, “autonomous
agents”, “LLLM-based agents”, “Al evaluation”, “benchmark-
ing”, “agentic frameworks”, “multi-agent systems”, “reflec-
tion in agents”, “tool use”, and “reasoning assessment”.
Boolean operators (AND, OR) were applied to refine queries
(e.g., “Agentic AI” AND “evaluation frameworks”). The
search covered publications from 2023-2025 to capture the
latest post-LLM developments.

Inclusion Criteria

e Studies focusing on evaluation frameworks, bench-
marks, or assessment metrics for LLM-based or au-
tonomous agent systems.

e Works discussing planning, reflection, memory, or
collaborative reasoning within agentic settings.

e Peer-reviewed articles, high-quality preprints, or tech-
nical reports from reputable research groups.

Exclusion Criteria

e Opinion pieces, editorials, or non-technical blog posts
without methodological detail.

e Studies unrelated to evaluation, benchmarking, or
agentic systems.

e Duplicate or early workshop versions of later-published
papers.

A total of 150 papers were initially retrieved, of which
120 were carefully screened and assessed by the authors for
inclusion based on relevance to agentic Al evaluation and
benchmark design. Few foundational papers on the concepts
like agents , LLMs, trustworthy Al are also include. A
comprehensive release timeline of the papers is shown in
figure 1.

Results The thematic analysis, table 2, reveals that the
literature on agentic Al spans five major research trajectories.
Foundational works focus on defining agentic Al, its con-
ceptual boundaries, and system architectures, establishing
theoretical and applied perspectives. Governance and safety
studies highlight growing concerns over autonomy, align-
ment, and regulation, supported by specialized benchmarks
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assessing robustness and ethical compliance. The results on
the literature review analysis also showe that benchmarking
research advances the systematic evaluation across reasoning,
planning, and adaptive performance. Multi-agent studies
emphasize emergent collaboration, competition, and social
dynamics among agents. Finally, embodied and tool-use
research grounds agentic Al in real-world and multimodal
environments, showcasing progress toward autonomous,
context-aware, and interactive decision-making systems.
Figure 4 and 5 depicts the frequency trend of the top five
keywords and the number of paper published each year in
the domain of agentic Al. Both figures shows rising trend in
multi-agent LLM publications.

3. Background

In this work, we use agentic AI to mean LLM/VLM
systems that (i) maintain state across steps, (ii) plan and select
tools/actions, and (iii) operate in interactive environments
(web, OS, APIs, or embodied simulators). Out of scope are
single-shot LLM prompts without tool use or state. We distin-
guish working memory (in-context state), long-term memory
(external stores such as vector DBs or key—value logs), and
provenance/audit logs (who/what/when/why for each action),
which we later evaluate for fidelity and traceability (§6). We
also assume optional HITL gates (approve/override), policy
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Table 2

Evaluating and Regulating Agentic Al

Thematic Analysis of Agentic Al Literature

Theme

Representative Works and Focus

Foundations and Con-
ceptual Frameworks

Core conceptualizations of agentic Al, its definitions, architecture, and taxonomy. [9] provides a comprehensive synthesis of agentic
Al evolution, while [101], [2], establish conceptual distinctions between Al agents and agentic Al. [32] and [52] outline system
architectures and interdisciplinary perspectives, whereas [90], [100], and [46] extend the discussion toward industrial and social
applications. Classical theoretical grounding is supported by [121] and [163].

Autonomy,
Governance, and
Safety

Ethical, regulatory, and safety implications of autonomous systems. [39] and [124] examine levels of autonomy and governance
frameworks, while [5] and [80] raise alignment and auditing concerns. Benchmarks like [6], [30], [183], and [77] evaluate safety,
robustness, and defense mechanisms. [157] and [145] explore embodied agent security and real-world performance monitoring.

Benchmarks and Eval-
uation Frameworks

Evaluation protocols and benchmarking suites for assessing LLM-based agents. Key foundational works include [75], [84], and
[182]. Comprehensive multi-domain benchmarks are represented by [123], [12], [102], [40], and [82]. [170], [191], and [169]
benchmark general reasoning and planning ability. Continuous evaluation approaches such as [164], [71], and [47] emphasize
adaptive performance tracking and dataset curation ([70]).

Multi-Agent Systems
and Collaboration

Studies addressing coordination, competition, and collective intelligence. [195], [158], and [53] assess large-scale coopera-
tion/competition. [4], [79], and [35] explore coordination dynamics across agents. [18] and [133] focus on collaborative reasoning,
while [42] extends to gaming contexts. Social-science-driven multi-agent paradigms are discussed in [46].

Tool Use and Embod-
ied Environments

Embodied decision-making, tool integration, and interactive multimodal contexts. Tool-use exploration benchmarks include [103],
[51], [98], and [76]. Embodied agent evaluations are led by [72], [175], and [178]. Realistic interactive testbeds such as [192],
[144], and [59] simulate complex decision environments. Foundational task automation and planning are benchmarked in [132],
[64], and [78]. Early open-source systems like [86] illustrate autonomous task execution foundations.

Table 3

Preliminary terminology for Agentic Al (LLM-based agents).

Term

Brief Definition

Agentic Al [32]

LLM-based Agent [156]
Perception—Reason—Act Loop [180]

Planner / Controller [156]
Executor / Tool Caller [122]

Reflexion [125]

Retrieval-Augmented Generation (RAG) [69]
Memory (Short/Long-term) [156]

Toolformer [122]

Task Decomposition [156]

Observation / State [101]

Judge / Critic / Verifier [108]
Guardrails / Policy Engine [34]

Reward Model / Preference Signal [92]
Chain-of-Thought (CoT) [160]
Program-of-Thought (PoT) [22]
Multi-Agent System [96]

Evaluation Trajectory [156]

LLMs exhibiting autonomy through reasoning, planning, and acting loops.
LLM integrated with memory, tool use, and control modules for autonomous tasks.
Core operational cycle where the agent observes, reasons, and acts in the
environment.

Translates high-level goals into executable sub-tasks or plans.

Invokes APIls, code, or tools to perform concrete actions.

Mechanism for self-evaluation and improvement via feedback on past actions.
Enhances factual grounding via external document retrieval.

Stores contextual information across multiple reasoning steps.

LLM trained to decide autonomously when and how to use tools.

Divides complex tasks into smaller, manageable subgoals.

Representation of the agent's perceived environment or belief.

LLM-based evaluation of correctness, coherence, or safety.

Enforces ethical or safety constraints on agent behavior.

Provides feedback to optimize or fine-tune agent policies.

Explicit reasoning traces that improve logical consistency.

Executes reasoning as code for precision and verifiability.

Collaboration or competition among multiple autonomous agents.

Complete record of thoughts, actions, and observations for evaluation.

checks, and red-team loops that can interrupt or reshape plans;
we reference these as governance hooks (§7). Some of the

key terms used in this review article are given in Table 3.

Taxonomy of benchmarks and evaluations terms for agentic
Al lifecycle are shown in Figure 2.

3.1. LLM-based Agents and Types

LLMs have textual interface, and are transformer-based
architectures trained on massive text corpora to perform
reasoning, planning, and generative tasks through contextual
learning [45]. They enable flexible, few-shot generalization
across diverse domains but remain prone to hallucination and
limited grounding. VLMs extend this paradigm by integrating

visual modality, enabling multimodal reasoning in tasks
such as image captioning, visual question answering, and
perception-grounded dialogue [114]. RAG based systems
further enhance factual reliability by coupling parametric
memory (LLM knowledge) with non-parametric memory
(retrieval index) [69]. This allows agents to access up-to-
date information dynamically, mitigating hallucinations but
introducing dependency on retrieval quality and latency.

In Al an agent is a system capable of perceiving its
environment, reasoning over objectives, and taking actions to
achieve those objectives [163]. Modern LLM-based agents
combine language understanding with external tool use,
executing API calls, browsing, coding, or querying databases
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through natural language reasoning. These agents can plan,
decompose, and act within dynamic environments, but their
autonomy remains limited by due to insufficient prompts,
temporal memory loss, and lack of consistent governance
frameworks. An agentic Al overview is given in Figure 6.
Table 4 shows comparison on different aspects for LLMs,
VLMs, RAG, and agents.

Multi-agent systems generalize single-agent setups by
introducing multiple interacting entities, each specialized
in perception, planning, or execution to collectively solve
complex problems [105]. This paradigm supports specializa-
tion, robustness, and emergent cooperation [185]; however, it
also raises questions about explainability and interpretability.
Multi-agent frameworks are now being explored for collabo-
rative reasoning, human—agent teaming, and self-improving
ecosystems, marking a shift from isolated reasoning models
to interactive cognitive systems [10].

Al agents can be understood across four progressive
stages of intelligence and autonomy [152]. At the foundation
lie Retriever—Generator Agents, which combine retrieval and
generation to provide contextually relevant responses from
existing data sources. They are purely reactive [69], respond-
ing only to user inputs without memory or self-improvement.
Building upon this, Tool-Enhanced Agents integrate external
capabilities, such as APIs and databases [173, 122, 104],
allowing them to perform concrete tasks like searching,
calculating, or booking. While more capable, they still depend
entirely on user prompts. The next evolution, Strategic
Agents, introduces planning and reasoning: these agents
can decompose complex goals into structured steps, adapt
their actions based on results, and refine their approach

dynamically [188, 23] — yet they remain confined to sin-
gle — session workflows without true persistence. At the
frontier are Autonomous Agents, which can sustain context
across sessions, initiate actions independently, and adapt
through feedback [71]. They represent a shift from reactive to
proactive intelligence — agents that can, in theory, self-direct
improvement and generate novel solutions — though fully
realized autonomy of this kind remains a vision of the near
future.

3.2. Challenges in Agentic AI Works

Based on our review of the literature, some of the
challenges associated with agentic Al frameworks are given
below:

e Reasoning reliability and grounding. Agents still
hallucinate, struggle with temporal grounding (what
changed since time ¢), and mis-handle uncertainty
calibration under tool use.

e Tool-use brittleness. Chain-of-thought (CoT) plans
often degrade when external APIs areslow; error
handling and recovery policies are under-specified,
which causes cascading failures.

e Memory and provenance. Short/long-term memory is
inconsistent; there is lack of provenance which makes
it hard to trace why an action was taken or to reproduce
outcomes.

e Multi-agent coordination. Division of labor helps
performance but introduces coordination costs (con-
flicting beliefs, shared-memory races) and unclear
accountability across agents.
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Table 4

Comparison between different Al technologies across multiple aspects. T refers to Text modality, | is for image modality, D is for
document modality, MM is for multimodal, vis for the full support, ©is for the partial support and Xis for the no support.
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e Evaluation gaps. Most benchmarks score final an-
swers, not the process: planning quality, tool selec-
tion, collaboration, and safety under distribution shift
remain under-measured.

e Governance and auditability. Existing checks are
static and single-shot; agentic settings need continuous
oversight, action logs, decision rationales, and verifi-
able data lineage.

¢ RAG dependency and data quality. Retrieval im-
proves fidelity but creates new failure modes: stale
indices, biased sources, latency/throughput trade-offs,
and query-construction errors.

o Efficiency and cost. Long-horizon tasks inflate latency,
carbon, and spend; few works report cost/energy along-
side quality, complicating responsible deployment
decisions.

These issues motivate lifecycle-aware benchmarks and
governance-aligned evaluation (§5, §6).

3.3. Benchmarks in Agentic Al

In current LLM-based agentic Al research, a variety of
benchmarks are used to assess the capabilities of autonomous
agents. Existing agentic-Al benchmarks assess interactive
capabilities beyond static QA. For example, AgentBench
[75], which measures multi-turn reasoning across domains;
7-Bench [179], which evaluates long-horizon and human-
in-the-loop interactions; and TRAIL [33], which focuses on
trace-based reasoning and error localization. Other notable
frameworks such as WebArena [192], OSWorld [170], and
FieldWorkArena [85] test agents in realistic or simulated
environments that require dynamic adaptation and sustained
goal pursuit. Collectively, these benchmarks reflect the
growing shift from static LLM evaluation toward interac-
tive, task-oriented, and behavior-level assessment of agentic
intelligence. Despite, seminal progress in the field, current
benchmarks do not provide a unified, governance-aligned,
lifecycle view of agent behavior. We therefore introduce a
taxonomy (Fig. 2) and a consolidated metric suite (Table 6,
and §6) that jointly evaluate process, governance, robustness,

and efficiency, enabling apples-to-apples comparisons across
LLM, VLM, RAG, and multi-agent systems.

3.4. Evaluations in Agentic AI

Current evaluation methods for agents borrow metrics
from adjacent domains like NLP (accuracy, BLEU, perplex-
ity) [116], reinforcement learning (RL) (reward, success
rate), and multimodal reasoning (VQA accuracy, grounding
IoU) [110]. While these provide partial insights, they remain
fragmented and fail to capture the holistic performance of
agentic systems that operate across multiple components and
modalities.

Evaluating agentic Al systems requires precise and multi-
criteria metrics that capture not only task success but also
efficiency, reliability, and alignment with human values. Core
measures such as success rate and accuracy quantify an
agent’s ability to achieve defined goals, forming the baseline
for competence. Pass@k [15] and policy-adherence [179]
metrics extend this by assessing the agent’s consistency and
rule following behavior across repeated trials or stateful
environments. Efficiency-oriented metrics like token usage
[50] and latency [54] evaluate how effectively agents utilize
computational resources and respond within real-time con-
straints. Finally, emerging human-centric dimensions, such as
explainability and fairness [110], reflect a growing emphasis
on transparency, safety, and social alignment in autonomous
systems. More details on evaluations of agentic Al systems
are given in §5 and §6 and in Tables 5 and 6.

4. Framework for Evaluating Agentic Al
Systems

We are proposing an agentic Al system evaluation frame-
work 7. The framework is logically divided into four sections,
each designed to evaluate a particular aspect of the agentic
Al system.

Agent Type Identification The first stage of the evaluation
is Agent Type Identification. The most popular categories for
agent types as we discussed in Section 3.1 include retrieval
generator, tool-calling, planning, and autonomous agents.
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These broad categories can often represent any general-
purpose agent. Although, a particular agent is not necessarily
confined to only one type. An agent may combine different
types, for instance, an airline recommendation agent could
comprise retrieval generator, planning, and tool-calling sub-
agents.

Tasks and Environment Following agent type identifica-
tion is the evaluation of the task and environment of the
agent. A range of publicly available benchmarks fit into this
category. Section 5 provides a comprehensive discussion of
benchmarks for agentic Al system evaluation. In regard to
the agentic environment, similar types of agents can report
different performance if provided with variable environmen-
tal testbeds. The Holistic Agentic Leaderboard (HAL) [60]
reports the performance of main agentic systems in relation
to a specific environment, referred to as scaffold. Different
agentic Al scaffolds can impact the performance assessment
of the agentic system. Thus, environmental consistency is of
immense importance for a valid agentic system evaluation.

Instrumentation & Tracking In the next stage, the metrics
corresponding to the agentic pipeline are used to evaluate
each sub-stage of the pipeline. This is accomplished in the
Instrumentation and Tracing stage. At this point, the agent
Al overall capability to accomplish the task can be measured.
The overall task success of the agentic Al system relies
on a range of intermediate decisions. Poor performance on
these intermediate steps would deteriorate the overall agentic
performance, as shown in Figure 3. Comprehensive metrics
for this evaluation are provided in Section 6. The overall
success of the agentic Al system will be a culmination of the
micro-successes of the agent in those small, atomic tasks.

Service Level Objectives (SLOs) and Goverance The
final stage of the evaluation is related to governance. This
stage checks if the agent complies with global standards for
safety and risk. Service Level Objectives (SLOs) determine
the criteria the agentic Al system must comply with to be
regarded as successful. Regulatory organizations like /SO
and NIST have introduced comprehensive standards for Al
regulations [88, 1, 148] to ensure the safe propagation of the
technology. There are also qualitative metrics, which provide
more fine-grained regulation on Al systems. Extensive detail
on agentic system alignment and regulation can be found in
Section 7.

Throughout the entire evaluation phase, the datasets,
metrics, and case studies of the agentic Al system are
continuously monitored and evaluated. All the components
and flow the evaluation framework is provided in Figure 7

Following the agentic evaluation framework, we examine
state-of-the-art best performing agentic Al systems and their
results on various publicly available benchmarks. Quanti-
tative data for comparing these systems across multiple
benchmarks is sourced from the HAL [60] and consolidated
in Figure 8. It can be seen Figure 8 there is still significant
room for improvement for top models in domain-specific

areas like scientific programming. Although models are show-
ing better performance on composite benchmarks, such as
GAIA [81], substantial progress is still needed in specialized
benchmarks like scientific programming. Overall, Claude
models dominate most reasoning and coding benchmarks,
while GPT-5 and 03 models perform well on general and
web-based tasks at lower costs. Specifically, 03 Medium leads
in AssistantBench (38.8%) and ScienceAgentBench (33.3%).
Claude Opus 4.1 performs best in CORE-Bench Hard (51.1%)
and ties on SWE-bench (54%). Claude Sonnet 4.5 achieves
the highest score in GAIA (74.6%). GPT-5 Medium ranks first
in Online Mind2Web (42.3%) and USACO (69.7%), showing
strong semantic and procedural reasoning. Performance in
Scicode remains low overall, with 03 Medium reaching only
9.2%. On 7-Bench Airline, Claude-3.7 Sonnet and o4-mini
High tie at 56%. In summary, most closed-source models
excel in complex reasoning tasks, while GPT-5 and 03 models
offer strong performance-efficiency tradeoffs.

5. Benchmarks and Datasets for Autonomous
LLM Agents

We distinguish three artifact types used to evaluate au-
tonomous LLM agents: (i) interactive environments/benchmarks
(simulated or real systems that agents act within), (ii) static
datasets (logs, trajectories, tool-call traces) for training
and offline evaluation, and (iii) fask suites/wrappers that
orchestrate multi-step tasks across tools or environments.
Benchmarks provide controlled but diverse settings to
measure how agents perceive, reason, plan, and act. With
consistent metrics: task success, long-horizon efficiency, tool-
use reliability, memory retention, and safety; the benchmarks
translate agency into comparable, reproducible indicators
across prompts, architectures, and tool-use paradigms.

The importance of benchmarks lies in their role as
unifying frameworks that guide reproducible evaluation
and accelerate the evolution of general-purpose agentic
systems. For example, AgentBench [75] introduces a multi-
environment testbed for assessing reasoning and decision-
making in open-ended digital tasks, whereas WebArena [192]
focuses on realistic, goal-driven web interaction. Similarly,
AgentBoard [16] provides structured evaluation pipelines cap-
turing cognitive, reasoning, and social dimensions of agency.
As summarized in Table 5, recent benchmarks (2023-2025)
are being developed to evaluate different perspectives on how
agency can be measured, compared, and improved across
evolving real-world and simulated environments. A broad
level taxonomy of these benchmarks is also depicted in figure
9 and below we discuss them.

Multi-Domain Agent Benchmarks test versatility, adapt-
ability, and reasoning consistency of agents across diverse
environments. It evaluates an agent ability to perceive, reason,
and act across diverse interactive environments and task types
within a unified framework. AgentBench is a comprehensive
benchmark with 8 interactive environments for evaluating
LLMs-as-agents [75]. It spans new domains like operating
system control, database querying, knowledge graphs, digital
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Agent Types
Retrieval Generator
Tool Calling
Planning
Autonomous T

© Tasks & Environments Act

e Benchmarks (§5)
o AgentBench
o AgentBoard

Instrumentation &
Tracing

Observe —»  Plan

8B SLO Rates & Governance
e Pre-merge rate success >70%
e Loop rate <56%
e Redundancy <100%
o Safety Mapping to
i o NIST
o ISO

<— Tool-Use

[ullMetrics (56)

o LLM-Coordination e Success Rate & Evaluation Protocol
o Domains * Risk Ratio o Dataset

o Web Assistance o Data Recall o Metrics

o Scientific Programming  Freshness Score o Benchmarks

o Software Engineering « Action Efficiency o Case studies

Figure 7: Evaluation Framework for Agentic Al system
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Figure 8: Percentage performance of top performing model on
range of agentic Al benchmarks, quantitative data obtained
from HAL [60]

card games, lateral thinking puzzles, as well as tasks adapted
from prior datasets (e.g. ALFWorld for household tasks
[126], WebShop for web shopping [178], Mind2Web for web
browsing [31]). This provides a standardized testbed for multi-
turn reasoning, tool use, and decision-making across diverse
scenarios.

Web Interaction Environments evaluate how well
agents navigate and act within web-based or GUI-driven
ecosystems, replicating real-world human-computer inter-
actions [68]. These benchmarks measure interface under-
standing, sequential reasoning, and the ability to complete
complex web tasks autonomously. These benchmarks belong
to a simulated or real-world digital platforms that evaluate an
agent’s ability to perceive, navigate, and act within web-based
or GUI interfaces to accomplish specific tasks. Specialized
benchmarks assess an agent’s ability to navigate websites and
GUI applications. For example, BrowserGym and WebArena

test general web navigation [26, 192], while WebCanvas adds
GUI interactions [95]. VisualWebArena [63] and MMInA
[141] introduce multimodal web tasks (combining text and
images). The AssistantBench suite targets realistic, long-
horizon web tasks (like complex, time-consuming online
activities) to evaluate goal completion under real-world
conditions [184].

Code and Research Tasks measure an agent’s com-
petence in coding, debugging, and conducting scientific
reasoning or automation workflows. These benchmarks test
logical planning, problem-solving, and the ability to interface
with software tools or research pipelines. Several datasets
target planning/execution in coding and scientific domains.
SWE-Bench [57] consists of software engineering tasks
like resolving GitHub issues, while ScienceAgentBench
[23] focuses on automating scientific data analysis and
programming. For research assistance, CORE-Bench [128]
and PaperBench [131] challenge agents to reproduce or
summarize academic results (e.g. reading papers, running
experiments). AppWorld [144] provides interactive coding
tasks within app interfaces, testing how well an agent can
integrate with software tools.

Coding benchmarks can be further extended tool use
as well. Tool use benchmarks evaluate function calling and
API integration. FlowBench [169], ToolBench [76], and API-
Bank [73] is a compilation of task which requires external
function calls and API invocation. For instance, ToolBench
includes an instruction-tuning dataset with 16,000 real-world
APIs and an automated ToolEval to measure success rates
and solution quality. These benchmarks often provide ground-
truth tool call sequences and expected parameters, enabling
fine-grained evaluation of whether an agent chooses the
correct tools and inputs.

Memory and Long-Horizon Tasks focus on testing an
agent’s capacity to maintain continuity, recall, and strategic
context over prolonged or sequential interactions. They
highlight temporal reasoning, context retention, and state
management across evolving scenarios. To assess an agent’s
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agent applications.
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AgentBench, WebArena, WebShop, MetaTool,
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AgentArch

> ScienceAgentBench, A2Perf, DatasetResearch, DCA-
Bench, Meta m&m's, GAIA, AgentArch, SWELancer

Figure 9: Agentic Al benchmark landscape

memory and context retention, benchmarks like SocialBench
[17] use extended dialogues (40+ turns) where the agent later
must answer questions requiring recall of early conversation
details. Another example is TIME-Arena[189], a text-based
simulation with time-sensitive multi-tasking (e.g. managing
cooking and household tasks) that stresses temporal rea-
soning. Similarly, AndroidArena[171] provides a simulated
mobile OS environment to test long-horizon task execution
across multiple apps with user constraints. Success on these
benchmarks indicates an agent’s ability to maintain state over
long interactions.

Multi-Agent and Social Simulations Benchmark assess
how effectively multiple agents coordinate, communicate,
and exhibit social intelligence in shared or cooperative
environments. These benchmarks evaluate collaboration dy-
namics, emergent behavior, and collective decision-making.
The SOTOPIA[193] platform (2024) creates ‘“‘societies”
of LLM-driven agents that learn and interact socially; it
comes with an evaluation suite (SOTOPIA-Eval) that uses
human and LLM judges to rate outcomes like collective
goal completion and agent believability in social roles , [17].
Other works test emergent cooperation and communication by
having multiple agents tackle tasks from domains like MMLU
(language understanding), MATH, or even play games like
chess and prisoner’s dilemma [96, 162]. Metrics include
whether agent teams outperform solos and if they exhibit
human-like behaviors (e.g. forming consensus or trust).

Safety and Robustness Benchmarks test how resilient
and ethically aligned agents remain when exposed to adver-
sarial, unsafe, or manipulative scenarios. These benchmarks
focus on identifying vulnerabilities, failure modes, and
alignment risks in autonomous systems. A few datasets
specifically probe risky or adversarial scenarios. AgentHarm
[6] evaluates how often an agent produces harmful or toxic
outputs when given unsafe prompts [84]. AgentDojo [30]
tests an agent’s resilience to prompt injection and jailbreaking
attacks by simulating malicious inputs and seeing if the agent
can be manipulated. Such benchmarks are used to audit safety.
They complement general benchmarks by focusing on failure
modes and alignment under stress.

6. Evaluation Metrics for Agentic AI Systems

Researchers employ a mix of quantitative and qualitative
metrics to assess autonomous LLM agent’s performance,
safety, and reliability. Quantitative metrics provide objective
numerical measure of an agent’s efficiency, accuracy, or
consistency, such as Success Rate, F1 Score, Wall-Clock
Time, or Token Usage in benchmarks like AgentBench [75]
and MLAgentBench [50]. These capture measurable aspects
of task completion and resource utilization.

In contrast, qualitative metrics capture subjective or inter-
pretive dimensions of agent behavior, such as explainability,
transparency, user satisfaction, or fairness [9, 115], evaluated
through human judgment, reflection, or audits. Together,
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Table 5: List of all the benchmarks associated with agentic Al from year 2023-2025

Benchmark Name*

Tasks

Description

AgentBoard [16]

Jericho, Tool-Query,
Tool-Operation, Alfworld,
ScienceWorld, BabyAl

Provides a fine-grained progress rate metric to capture incremental improvements during
multi-turn interactions, along with a modular evaluation framework to analyze LLM
agents across multiple behavioral dimensions.

AgentBench [75]

Operating System, Database,
Knowledge Graph, Digital Card
Game, Lateral Thinking Puzzles,
House-holding, Web Shopping,
‘Web Browsing

Assesses the ability of an LLM “agent” to reason and make decisions in multi-turn,
open-ended settings across eight environments (e.g. OS, database, web tasks).

‘WebArena [192] E-commerce, Social Forum Realistic web environment benchmark simulating tasks in e-commerce, social forums,
Discussions, Collaborative collaborative coding, and content management; evaluates functional correctness on 812
Software Development, Content web-based tasks.
Management
GAIA [81]  Question Answering (requiring 466 real-world assistant tasks requiring multi-step reasoning, handling multimodal inputs

reasoning, multi-modality, web (text + images/files), and proficient tool use; tasks range from simple queries to complex
browsing, and tool-use) multi-tool problems

MINT [159] Coding, Reasoning, Decision Evaluates LLMs’ ability to solve tasks via multi-turn interactions using tools and dynamic

Making, Question Answering,
Math Reasoning, Code Generation

feedback; repurposes tasks (reasoning QA, code generation, decision-making) to require
iterative tool use and user feedback integration

ColBench [194]

Backend Programming, Frontend
Design

Multi-turn benchmark where an LLM collaborates with a simulated human partner on
coding/design tasks, proposing drafts, receiving feedback, and refining iteratively —
simulating a realistic step-by-step development workflow

ToolEmu [120]

Risk Identification

Sandbox benchmark with 36 high-stakes tools and 144 test cases to probe risky tool-use
behavior; simulates tool execution and uses an LM-based evaluator to examine agent
failures and quantify associated risks

Webshop [178]

E-commerce Shopping (find,
customize, and purchase an item)

Simulated e-commerce shopping environment (1.18M products, 12k+ user instructions)
evaluating LLM agents on realistic web navigation—searching, filtering, and purchasing
items to fulfill user requests

MetaTool [51]

Deciding Whether to Use Tools and
Which to Use

Evaluates whether LLMs “know” when to use tools and can select the correct tool;
includes 21k prompts with ground-truth tool usage (single-tool & multi-tool), covering
tool-use awareness and nuanced tool-selection scenarios

BFCL (Function-Calling)
[98]

API Call Generation

Tests LLMs on accurate function/API calls across 2000 QA pairs in multiple languages
(Python, Java, JS, REST); evaluates correct function selection, argument formatting, and
appropriate abstention from calling.

ToolLLM [103]

Single-tool API use, Multi-tool API
use

Framework and benchmark for advanced API/tool use: introduces ToolBench, a dataset of
16k+ REST APIs (49 categories) with auto-generated instructions, to test multi-step
planning, correct API invocation (including multi-tool sequences), and the ability to
abstain when needed.

CREW-Wildfire [53]

Wildfire Response Scenarios

Open-source multi-agent benchmark using wildfire response scenarios with large maps,
heterogeneous agents, partial observability, and long-horizon objectives; evaluates
scalable coordination, communication, spatial reasoning, and planning under real-world
complexity.

AgentArch [12]

Customer Request Routing,
Requesting Time-Off

Enterprise-focused benchmark evaluating 18 distinct LLM-agent architectures (varying
orchestration: single vs. multi-agent, prompting style, memory, tool integration) on
complex workflow tasks, to reveal how design choices impact performance

mé&m’s [78]

Multi-step Multi-modal Tool-Use,
Tool-augmented Visual Question
Answering

4,000+ multi-step multi-modal tasks (text+image+audio) using 33 tools (vision models,
APIs, etc.), with 1,565 human-verified executable plans; enables evaluation of LLM
planners under different strategies (one-shot vs. stepwise planning), plan formats (JSON
vs. code), and feedback types.

TaskBench [123]

Task Decomposition, Tool
Invocation, Parameter Prediction

Comprehensive framework for evaluating LLMs in task automation by breaking user
instructions into sub-tasks; assesses performance in three stages (task decomposition, tool
selection, parameter prediction) using a Tool Graph representation and multi-faceted
(automated + human) evaluation.

LLM-Coordination [4]

Agentic Coordination, Coordination
Question Answering, Environment
Comprehension, Theory of Mind
Reasoning, Joint Planning

Benchmark for pure multi-agent coordination games; includes an Agentic Coordination
suite (LLMs act as agents in four cooperative games) and a Coordination QA set (198
questions) to test environment understanding, theory-of-mind reasoning, and joint
planning capabilities.

Collab-Overcooked [133]

Collaborative Cooking

LLM-based multi-agent benchmark built on the Overcooked game environment with 30
collaborative tasks; supports natural language communication between agents and
introduces process-oriented metrics for fine-grained evaluation of collaboration
(coordination, adaptation) beyond task success.

Roco (Multi-robot) [79]

Sort Cubes, Multi-robot
Collaboration

Benchmark for multi-robot collaboration using LLMs as controllers; evaluates how
language-model agents coordinate multiple robots through dialogue-based planning and
action to achieve shared goals in physical or simulated tasks.

VillagerBench [35]

Multi-agent Collaboration (in
Minecraft)

Minecraft-based multi-agent benchmark where LLM agents (as “villagers”) must
coordinate on complex, interdependent tasks; uses a graph-based task structure to evaluate
planning and coordination in an open-ended sandbox environment.

Continued on next page
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Benchmark Name*

Tasks

Description

LLMARENA [18]

TicTacToe, ConnectFour, Texas
Hold’em, Undercover, Bargain, Bid
(First-price Sealed-Bid Auction),
Hanabi

Benchmark of dynamic multi-agent scenarios to test LLMs’ collaboration in changing
environments; provides virtual interactive tasks that require agents to handle evolving
state and other agents’ behaviors in real time.

CivRealm [102]

Full Game (Civilization),
Mini-games (Development, Battle,
Diplomacy)

Uses a Civilization-game environment as a benchmark for long-horizon planning and
reasoning; evaluates LLM-based agents on strategic decision-making and learning in a
complex, multi-step world with open-ended goals.

BattleAgentBench [158]

Single-agent Scenario Navigation,
Paired-agent Task Execution,
Multi-agent Collaboration and
Competition

Benchmark of multi-agent game scenarios designed to test both cooperation and
competition among LLM agents; evaluates how well models can form alliances or
adversarial strategies and adapt to other agents’ actions.

CuisineWorld [42]

Multi-agent Collaboration in
Gaming

A multi-agent gaming benchmark (within MindAgent) focusing on collaborative cooking
tasks; requires several LLM-driven agents to coordinate efficiently to complete recipes,
and introduces a Collaboration Score (CoS) to quantify team performance.

MultiAgentBench [195]

Collaboration, Competition

Comprehensive benchmark for LLM-based multi-agent systems across diverse interactive
scenarios; measures task success as well as quality of collaboration and competition via

milestone-based metrics, and evaluates various coordination protocols (star, chain, graph,
etc.) for their effect on performance.

Embodied Agent Interface
(EAD) [72]

Goal Interpretation, Subgoal
Decomposition, Action Sequencing,
Transition Modeling

Generalized interface and benchmark for evaluating LLMs on embodied decision-making
tasks; unifies a wide range of embodied tasks with a common formalism (e.g. LTL goals,
modular sub-tasks) and provides fine-grained error metrics (missing steps, wrong order,

etc.) to diagnose LLMSs’ planning and reasoning in interactive physical environments.

AutoPlanBench [132]

Natural Language Planning Tasks
(from PDDL domains like
Blocksworld, Ferry)

Evaluates LLM agent planning abilities specifically in everyday scenarios, demonstrating
agents lag behind classical symbolic planners.

SWE-bench [57]

Resolving Real-world Github Issues

Benchmarks agent performance on software development tasks, requiring agents to
resolve real-world software issues found in public repositories.

ACPBench [64]

Action Applicability, Progression,
Reachability, Action Reachability,
Validation, Justification, Landmarks

A benchmark focused on evaluating LLMs on core reasoning skills across 7 reasoning
tasks and 13 planning domains using formally synthesized problems.

OSWorld [170]

Open-ended Computer Tasks
(web/desktop apps, file 1/0,
multi-app workflows)

A scalable, real computer environment with 369 tasks designed to evaluate multimodal
agents’ navigation and execution across various operating systems and applications.

OmniACT [59]

Generating Executable Programs
(for Desktop and Web Tasks)

Tests agents’ capacity to coordinate actions and execute complex tasks across multiple
applications within full-scale computer operating environments.

AppWorld [144]

Interactive Coding Tasks (using
day-to-day apps)

Evaluates whether agents can navigate real-world computer systems, execute complex
tasks, and coordinate actions across multiple applications.

FlowBench [169]

Workflow-Guided Planning (e.g.,
customer service, logistics,
healthcare)

Evaluates workflow planning abilities, specifically targeting expertise-intensive tasks that
require sophisticated sequencing and orchestration.

Natural Plan [191]

Trip Planning, Meeting Planning,
Calendar Scheduling

Designed to evaluate how LLMs handle real-world planning tasks when presented solely
in natural language.

StreamBench [164]

Continuous Stream of Tasks

A challenging benchmark assessing agents’ ability to continuously improve performance
by leveraging external memory components and previous interactions over time.

Reflection-Bench [71]

Prediction, Decision-making,
Perception, Memory,
Counterfactual thinking, Belief
updating, Meta-reflection

Assesses intrinsic epistemic agency by decomposing reflection into seven cognitive
components, including belief updating, prediction, and meta-reflection.

REALM-Bench [40]

Real-world Planning Scenarios

Evaluates LLMs and multi-agent systems on dynamic, complex real-world planning and
scheduling tasks, focusing on coordination and adaptation to disruption.

SWELancer [82]

Independent Engineering Tasks
(bug fixes, feature
implementations), Managerial
Tasks (selecting technical
proposals)

Targets freelance coding tasks, representing the latest trend in benchmark development by
linking agent performance to monetary value and long-term reasoning.

EAsafetyBench [157]

Input Moderation (for embodied
agents)

A safety benchmark for embodied agents that provides a curated risk taxonomy, datasets,
and evaluation suite for training/evaluating input-moderation systems for embodied
LLMs.

SafePlan-Bench [183]

Safe Task Planning (Hazardous and
Safe Tasks)

A safety-aware task-planning benchmark of 750 executable tasks (covering 10 hazard
types) plus a universal SafeAgentEnv and evaluation metrics to measure embodied LLM
agents’ hazard recognition and safe rejection behavior.

IS-Bench [77]

Interactive Safety (Pre-caution and
Post-caution safety risks)

A multimodal, process-oriented interactive-safety benchmark (161 scenarios, 388 risks)
that tests whether VLM-driven embodied agents perceive emergent hazards and execute
correct mitigation steps in order.

A2Perf [145]

Computer Chip Floorplanning
(Circuit Training), Web Navigation,
Quadruped Locomotion

A real-world autonomous-agents suite with three realistic environments (chip
floorplanning, web navigation, quadruped locomotion) and metrics for task performance,
generalization, efficiency, and reliability.
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Benchmark Name*

Tasks

Description

DatasetResearch [70]

Dataset Discovery, Dataset
Synthesis

2A demand-driven dataset-discovery benchmark (208 real-world dataset
requirements) that evaluates agents’ ability to find or synthesize datasets
matching complex, knowledge-intensive user needs.

DCA-Bench [47]

Identifying Hidden Dataset
Issues, Autonomous Dataset
Curation

A dataset-curation benchmark (221 real-world test cases) that measures LLM
agents’ capability to detect and diagnose data quality issues in the wild with an
automated evaluation pipeline.

Tool-Planner [76]

Task Planning with Clusters
Across Multiple Tools

A tool-planning framework/benchmarking approach that clusters tools into
functionally similar toolkits so LLMs can plan across toolsets and robustly
recover from tool errors.

ScienceAgentBench [23]

Data-driven Scientific Discovery
Tasks

A scientifically-grounded benchmark of 102 validated, domain-specific tasks
(converted to self-contained Python programs) for rigorously assessing language
agents on data-driven scientific discovery workflows.

AssistantBench [184]

Realistic and Time-Consuming
Web Tasks
(information-seeking)

A 214-task benchmark of realistic, time-consuming web tasks
(multi-page/web-navigation problems) designed to evaluate web agents’ ability
to autonomously solve real user scenarios.

VisualWebArena [63]

Realistic Visually Grounded Web
Tasks (e.g., Classifieds)

A large suite of visually-grounded web tasks (hundreds of realistic, self-hosted
scenarios) for evaluating multimodal web agents on image+text perception plus
web interaction skills.

MLAgentBench [50]

Machine Learning
Experimentation Tasks

A suite of 13 machine-learning experimentation tasks that evaluates agents’
ability to run experiments, modify code, and iterate to improve ML models
end-to-end.

Can-Graph [166]

Task Planning

Introduces a benchmark to test whether graph-structured reasoning can enhance
LLM-based agents’' planning and decision-making in multi-step tasks.

SocialBench [17]

Sociality Evaluation (individual
and group), Multi-choice
Questions, Open-domain
Generation Questions

Evaluates the social intelligence and role-playing abilities of conversational
agents through structured multi-role social interaction scenarios.

Core-Bench [128]

Computational, Code and
Result Reproducibility

Assesses the computational reproducibility of Al research by benchmarking
agents that attempt to reproduce published experiments.

PaperBench [131]

Replicating Al Research Papers,
Understanding Paper
Contributions, Developing a
Codebase, Executing
Experiments

Benchmarks Al systems on their ability to replicate the methodology and results
of existing Al research papers.

API-Bank [73]

Planning API calls, Retrieving
APIs, Calling APIs

Provides a large-scale benchmark for tool-augmented LLMs, evaluating their
capacity to invoke and coordinate multiple real-world APls effectively.

MMINA [141]

Multihop Multimodal Internet
Tasks (e.g., shopping, travel,
event planning)

Benchmarks multimodal internet agents on multi-hop reasoning tasks involving
text, images, and web-based information retrieval.

WebCanvas [95]

Dynamic Web Tasks

Tests web agents’ ability to perform tasks in realistic browser-based
environments with interactive, dynamic web pages.

BrowserGym [26]

Efficient Multitasking, Cooking,
Household Activities, Laboratory
Work

Offers a unified, open ecosystem for training and benchmarking web agents
under controlled browser simulation environments.

TimeArena [189]

Daily Tasks on Android OS,
Cross-APP Collaboration

Evaluates multitasking LLM agents in a time-constrained simulated environment
to measure efficiency, prioritization, and scheduling capabilities.

Android Environment
Benchmark [171]

Daily Tasks on Android
Operating System,
Cross-Application Collaboration

Analyzes LLM agents' weaknesses in complex Android operating environments,
focusing on robustness, adaptability, and task success rate.

Sotopia [193]

Open-ended Social Interactions,
Social Goal-driven Behavior
(cooperative, competitive, and
mixed)

Provides an interactive benchmark for evaluating the social intelligence and
cooperation skills of language agents through multi-agent social simulations.

*For most benchmarks, the dataset name is the same as the benchmark name, so an extra column is not created.

these complementary approaches enable holistic assess-
ment of both how well agents perform and how responsibly
they act within complex, real-world environments [112]. A
detailed taxonomy and comprehensive list of both qualitative
and quantitative evaluation metrics, along with their corre-
sponding benchmark sources, are presented in Table 6 and
the accompanying evaluation metrics taxonomy diagram in
this Figure 10.

Task Success and Goal Completion: This category
captures whether an agent effectively fulfills the assigned
objectives, representing the most fundamental indicator of

performance. It measures how consistently the agent achieves
intended outcomes across different runs or environments.
This is often reported as a success rate or task goal completion
score per task. Many evaluations use binary success indicators
(1 if the agent’s actions satisfy the goal, 0 otherwise) or
reward functions that flag goal achievement. For probabilistic
agents, variants like Pass@N measure the probability of
success within N attempts. For example, an agent might
get multiple tries to solve a problem, and Pass@5 would
indicate the percentage of cases it succeeds at least once
in five tries. Metrics such as the Task Success Rate in
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Ethics & Robustness

Fairness / Bias Mitigation -
Cooperative Behavior -
Adaptability - Robustness -

Context Relevance, Retrieval
Precision, Average Precision,
Hit Rate, Reciprocal Rank,
NDCG, Prompt Safety Risk,
Topic Relevance

N

Tool-Call Syntactic Accuracy, Input
Parameter Accuracy, Tool Understanding
Selection Accuracy, Policy & Setup
Adherence (Stateful Evaluation /
1-Bench), Completion Under
Policy (CuP), Risk Ratio (Policy
Violations), Safety Metrics (HAP,
PIl, Bias, Harm, etc.) -
Unsuccessful Requests

interpreted as post-impact
risk control)

-

Planning & Action Correctness

Action F1 - Step Success Rate -
Plan Success Rate - Partial o
Correctness - Progress (Lateral
Puzzles / ALFWorld Progress Rate) -
Adaptive Multi-Dimensional Score -
Goal Drift - Tool Execution Success -
Turn-Wise Advantage

Process
Execution &
Reasoning

Reasoning Reliability & Supervision
Temporal & Resource Efficiency

Token Usage - Wall-Clock
Time - Task Completion Time
(TCT) - Average
Improvement - Improvement

Rate - Raw Competition
Scores - Reward Score

Process Supervision Score -
LLM Grading - Agent-as-Judge
Score - Script-Executed Metric

- Joint Accuracy (TRAIL) -
Error Detection Rate (TRAIL) -
Resource-Scaling Metrics -
Pass@k / Pass”k - Harm
Reduction Score

Harm Reduction Score (when

Agentic

Lifecycle

Transparency & Accountability

Explainability - Transparency -
Rule Fidelity - Graph Edit
Distance (GED) - Process
Trace Audit (represented

implicitly from ScaleAl
ToolComp)

User Experience & Utility

User Satisfaction / Net Promoter
Score - Click-Through Rate (CTR)
- Gross Merchandise Value (GMV)

. “” Feedback T =~ N 7S - Readability (Text Ease / Grade

Level) - Context Faithfulness /

Impact, Answer Similarity (from WatsonX)

Governance
Human

Alignment Accuracy & Graded Performance

Accuracy - Precision - Recall -
F1 Score - Must Include - Must
Exclude - eval_vga - eval Fuzzy
Image Match - Answer F1
(AgentBench) - Multi-hop F1 /
Supporting Fact F1 (HotPotQA)

Success & Completion Metrics

e Success Rate (MLAgentBench,
Output AgentBench, MINT, etc.) - Task
Generation & Success Rate - Exact Match - Quasi

Task Exact Match (GAIA) - Weighted
Completion Accuracy (FieldWorkArena) - Partial
Completion (Mind2Web2) - Landmark
Metric (SUPER) - Fuzzy Match

Domain-Specific Outputs

Operation F1 / Element Accuracy (Mind2Web) - Attribute F1 (WebShop) -
File-Level Localization / CST Node-Level Retrieval (SWE-PolyBench) -
Resolved Rate (SWE-Bench) - Price Comparison Accuracy / Cross-Shop
Success (WebMail) - Tool Execution Success (re-evaluated for output) -
Pass@k (reused for final outcome) - Win Rate / Reward Score (competition
tasks) - Progress Rate (ALFWorld) - Average Improvement / Improvement

Rate (performance gain)

Figure 10: Agentic Lifecycle and taxonomy of metric on each step of the agentic lifecycle.

AgentBench [75], the Success Rate in MINT [159], and
Success Rate in PlanBench [149] are representative examples
used to quantify task completion performance.

Output Quality (Accuracy and Coherence): This di-
mension evaluates how correct, coherent, and contextually
relevant an agent’s outputs are, beyond mere task success. It
focuses on the content’s factual accuracy [13], fluency [192,
63], and logical soundness to reflect user-perceived quality.
This metric includes traditional NLP metrics: accuracy and
relevance of generated content, clarity/fluency of language,
and logical coherence of the reasoning provided. An agent
could complete a task but still produce a confusing or
suboptimal solution [85], so these metrics capture the user
experience. For instance, in conversational agents, one may
rate the fluency of responses and the logical consistency of
the agent’s explanations or steps. If the agent uses external
tools or knowledge bases, standard retrieval-augmentation
metrics apply: e.g. factual correctness (does the answer align
with verified information) and contextual relevance of the
response to the query. Often, human evaluators or LLM-
based judges are used to qualitatively rate outputs when
automatic metrics (like BLEU or ROUGE) are insufficient, for
example, ranking the better of two agent’s solutions in terms

of correctness or preferences in user studies. Metrics such
as Accuracy in SUPER [13], Answer FI in AgentBench [75],
and Correctness Score in FieldWorkArena [85] exemplify
this dimension.

Efficiency (Latency and Cost): Efficiency measures the
agent’s ability to achieve goals quickly and with minimal
computational [16] or financial cost. It reflects system respon-
siveness and resource optimization, both essential for real-
world deployment. For interactive agents, latency is critical.
Researchers measure Time to First Token (TTFT #) metric
that measures how long a user needs to wait before seeing
the model output. This is the time it takes from submitting
a question to receiving the first token (if the response is not
empty). In agentic Al setting, it measures, how quickly the
agent begins responding, especially for streaming interactions.
End-to-end latency [140] (total time to complete a task), is
another important measure if the agent executes a long tool-
use sequence or a multi-step plan. Cost is another practical
metric: many LLM agents run on API calls, so one can
estimate monetary cost by counting tokens or tool invocations
[58]. Some works report the average number of model queries

4https ://docs.nvidia.com/nim/benchmarking/11m/latest/metrics.html
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or tokens consumed per task, since agents that solve problems
with fewer calls are more efficient for real-world deployment.
In sum, throughput and resource usage metrics help determine
if an agent is not only effective but also practical to deploy at
scale. Examples include Wall-clock Time and Token Usage
in MLAgentBench [50] and Latency/Response Time in IBM
WatsonX [54].

Tool Use Accuracy: This category assesses the precision
and appropriateness of the agent’s external tool or API
utilization. Since tool use is central to any agentic Al system,
specialized metrics evaluate each aspect of that process. Eval-
uation metric in context of tool use generally answer question
like "Did the agent decide to use a tool when it should? Did
it pick the correct tool and use it properly?" . Metrics include
Invocation Accuracy, whether the agent correctly determines
if and when a tool/API call is needed [24], and Tool Selection
Accuracy [104], whether it chooses the appropriate tool from
an available set. In contexts where the agent must pick from
a large toolkit or plugin library.

Retrieval Accuracy is another measure is a ranking
metric [186] (e.g. Mean Reciprocal Rank or NDCG) for
the target tool given a query. After selecting a tool, the
agent must generate the right parameters for the API call °;
here evaluators use metrics like parameter name F1-score
(does the agent supply all required parameters correctly?)
and argument accuracy. For example, if an agent calls a
function book_flight(destination, date), it should provide
both destination and date in correct format, missing or
wrong fields would lower the F1. Next step of evaluation
is execution based by actually running the agent’s tool calls
in a sandbox and checking if the outcomes are correct. This
catches semantic errors (the call runs but produces a wrong
result) that mere syntax checks would miss. Representative
metrics include Parameter Accuracy, Tool Execution Success,
and Tool Selection Accuracy from ToolBench [173] and the
Pass Rate from ToolLLM [103].

Planning and Reasoning Measures: These metrics
measure the logical structure and multi-step reasoning quality
behind an agent’s decision-making process. This shows the
quality of the agent’s plan, not just the final result (whether
it won or lost). To evaluate planning quality, researchers
compare the agent’s sequence of actions to an expert or
reference plan [196]. One approach represents the ideal
plan as a graph (with nodes = actions/tools and edges =
order/dependencies). They then compute Node F1 (did the
agent include the correct actions?) and Edge F1 (did it execute
them in the correct order?) [166]. A high Node F1 but low
Edge F1 means the agent chose mostly relevant steps but in
the wrong sequence.

Similarly, a Normalized Edit Distance [55] between the
agent’s action sequence and the optimal sequence can indicate
planning efficiency. Another metric is Step Success Rate [50,
75], the percentage of the agent’s actions that are valid or
lead closer to the goal. For instance, in a cooking task, every
correctly executed recipe step would count toward this step

5https ://blog.quotientai.co/evaluating-tool-calling-capabilitie
s-in-large-language-models-a-literature-review/

success rate [42]. These metrics, often used in benchmarks
like ScienceWorld [23] or ALFRED [126], focusing on the
agent’s reasoning fidelity, not only the final answer but how it
got there. Mistakes in planning (even if corrected later) may
be penalized to encourage robust reasoning. Planning metrics
like Step Success Rate from AgentBench [75] and Partial
Correctness from PlanBench [149] exemplify this dimension.

Memory and Long-Term Consistency: This kind of
evaluation evaluates whether the agent can retain and ap-
propriately use historical context over long interactions.
Sustained context understanding reflects cognitive continuity
crucial for realistic deployments. For long-running agents, an
important evaluation is whether the system remembers and
utilizes prior context. In long-dialogue tests like SocialBench
[17], after a 40-turn conversation, the agent might be quizzed
on something from turn 5, a high score means it retained that
detail and responded correctly.

Metrics here include information retention accuracy (Did
the agent recall facts or decisions made earlier?) and context
utilization (Does the agent’s behavior remain consistent
with earlier states). For example, an agent with a user
profile should not contradict facts the user provided earlier.
Some works also track memory footprint (how much context
window or external memory the agent needed to store infor-
mation) and whether it can retrieve relevant memories when
needed. Essentially, these tests ensure the agent can handle
long-horizon dependencies without forgetting or repeating
mistakes. The Stateful Evaluation metric in 7-Bench [179]
and the Goal Drift score in Adaptive Monitoring [127] both
exemplify this category by quantifying consistency over time.

Multi-Agent Collaboration Metrics: This dimension
measures the effectiveness of coordination, communication,
and cooperation between agents or between humans and
agents. When multiple agents work together or an agent
interacts with humans, evaluation must capture coordination
and social dynamics. Common metrics include team success
rate [75, 16] (Did the group achieve the goal, e.g. winning a
game or completing a task, and how does that compare to a
single agent alone?). Time to completion or efficiency [159,
54] is measured for collaborative scenarios (e.g. two agents
solve a puzzle faster than one).

Qualitatively, researchers look at emergent behaviors
like, do agents develop communication protocols or show
role specialization? Some studies use human judges or
LLM critics to rate dialogues between agents for traits like
coherence, persuasiveness, or adherence to expected human
norms [108, 109]. There are also metrics for specific social
phenomena like measuring conformity [167] (will an agent
change its correct answer if peers disagree?), trust (in eco-
nomic games, do agents exhibit trust and reciprocity similar to
humans?), or consensus-building (how often a group of agents
reaches agreement). These evaluations, though sometimes
domain-specific, are crucial as agents become collaborators
with humans or with each other. Collaborative evaluation is
reflected as Win Rate in SWEET-RL [194].
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Robustness and Reliability: These metrics assess the
stability and consistency of an agent’s behavior under pertur-
bations or repeated trials. Autonomy requires reliability under
varied conditions. Consistency [179] is a measure to check
if the agent is run multiple times on the same input or task,
does it produce the same outcome? Given the probabilistic
nature of LLMs [114], identical queries might yield different
answers, so researchers quantify this variance. A consistent
agent is more predictable and trustworthy.

Robustness evaluation involve introducing perturbations,
e.g. rephrasing the prompt, adding irrelevant data, or chang-
ing environmental variables, and seeing if the agent’s per-
formance holds up [167, 68]. If a small change causes a
large drop in success, the agent is brittle. Some adversarial
evaluations send purposely tricky or misleading inputs to
see if the agent can avoid traps. The degree of performance
degradation under such perturbations is a key metric for
robustness. Additionally, for long-run agents, researchers
watch for error accumulation [33], meaning does the agent
recover from mistakes or do they compound over time? In
summary, these metrics aim to ensure the agent behavior is
stable and predictable in non-ideal circumstances. A Typical
example include Pass* from z-Bench [179] for repeatability
for resilience to adversarial input.

Safety and Alignment Metrics: This category evaluates
whether the agent’s behavior aligns with ethical norms, safety
constraints, and policy rules. To assess whether an agent
behaves in alignment with ethical and policy expectations,
multiple measures are used. Toxicity and harm checks count
how often the agent’s outputs contain hate speech, harass-
ment, or other harmful content. Evaluations like AgentHarm
[6] directly measure the frequency of unsafe responses or
compliance with dangerous instructions.

Bias and fairness metrics examine if the agent’s deci-
sions or content are biased against certain groups [113],
for instance, does it yield different outcomes for different
demographic profiles given the same task? Researchers may
use bias benchmarks or constructed tests (e.g. changing the
gender/race in a prompt and seeing if the answer quality
changes) to quantify unfair behavior.

Compliance and policy adherence is another angle [68,
179], agents are often given guidelines, such as “do not reveal
confidential info” or “refuse if asked for illegal advice”), and
metrics can track the rate of policy violations. For example,
how often does an agent complied to a disallowed request
or leak private data?. AgentDojo [30] is a benchmark that
deliberately attempt prompt injections and then scored the
agent based on whether it resisted those attacks. Finally, some
alignment tests involve red teaming the agent with creative
adversarial prompts and then having humans rate the severity
of any misbehavior [54]. A holistic evaluation of a goal-
driven agent thus considers not just task proficiency but also
trustworthiness, is it doing what it should and not doing what
it shouldn’t? Safety and policy adherence metrics like the
Policy-Compliance/Safety Score in IBM WatsonX [54] and
the Risk Ratio in ST-WebAgentBench [68] exemplify this
dimension.

7. Alignment with Regulation

We treat governance as who/what an agent may do under
which conditions, policy as the enforceable rules (policy-
as-code), and audit as verifiable evidence of what occurred
Unlike chat-style models where risk is concentrated in textual
outputs, agentic Al systems change external state: they log
into services, modify files, trigger workflows, and coordinate
with other agents. Governance therefore shifts from content
acceptability to action authorization, provenance, and ac-
countability: what an agent is allowed to do, under which
conditions, with what oversight, and how those actions are
recorded and audited for post-hoc review. We show the overall
pipeline of regulatory alignment using agentic Al in Figure
11 with details in Table 7 that shows mapping of regulatory
alignment controls to mechanisms, measurable SLOs, audit
artifacts, standards, and lifecycle phase.

‘ Org Policies Agent (proposed action)

‘ e

= i l \ {Cpemi_}: oot poroa _veny_}—
¥ v f—

Policy Engine Capabilty Registry ‘

Action Gate

E— - G

Identity & Secrets ‘ Risk Monitor (SLOs/Budgets) ‘ Audit Logger
\__ Gontot lans (authorizs ar gy overysction) T Y

Action Ledger & ABoM (Provenance)

| Risk SL0s & Budgets

Figure 11: Regulatory alignment with Agentic Al

Control-plane view (core idea). We frame governance
as a control plane that approves or denies every external
action an agent proposes. The control plane enforces least-
privilege credentials, scoped capabilities, policy-as-code
checks, tool whitelists, and mandatory human approval
at elevated risk. A policy engine evaluates each tool call
against organizational rules and context (data sensitivity,
user role, environment), aligning with zero-trust principles
for continuous authorization rather than one-time approvals
[119,91].

Provenance and ABoM (making audits objective). To
make audits objective, every step carries signed, query-able
provenance: the agent signs intent (prompt, rationale, policy
state) and the tool or API signs execution receipts (what was
done, inputs/outputs, side effects). These dual attestations
populate an Agent Bill of Materials (ABoM) analogous
to software SBOMs, with SLSA/in-toto style provenance
and verifiable credentials for capabilities. The result is a
tamper-evident action trail suitable for accountability and
cross-organisational handoff [148, 129, 142, 151]. In practice,
Figure 11 provides the path; Table 7 lists what to measure
and retain.

Risk SLOs and budgets (operational safety). Oversight
is operationalization with risk service-level objectives (for
example, unauthorized-action rate, policy-override incidence,
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Table 6: Papers and their evaluation metric along with a description.

Evaluation metric

Description

Success Rate

Percentage of runs where the agent improves the task-specific performance metric (e.g., test accuracy) by > 10% over
a baseline

Average Improvement

Mean relative improvement in the downstream metric (e.g., accuracy) over baseline across runs

Wall-clock time

Time taken by the agent to complete its run; used to measure efficiency

Token Usage

Number of input and output tokens used by the agent, another efficiency metric

Medal rate

Agents earn Bronze/Silver/Gold medals based on Kaggle leaderboards; the headline metric is the fraction of attempts
that receive any medal

Raw competition scores

Reports the agent’s score on each competition’s own metric (e.g., AUROC, F1, RMSE), enabling fair comparison
across tasks

Pass@k

Measures success when the agent is given multiple attempts; pass@k improvements quantify reliability of repeated
attempts.

Resource-scaling metrics

Evaluates how longer time budgets or multiple seeds affect performance (e.g., 24-h runs vs. short runs).

Accuracy

Fraction of tasks whose final outputs (numerical or textual) exactly match the gold solution

Landmark metric

Awards partial credit when the agent reaches intermediate “landmark” states (e.g., finishing training) even if final
answers are wrong

Script-Executed metric

Proxy measure for tasks without gold solutions; a task counts as successful if the provided script runs without
exceptions for a minimum duration

Success rate

Measures the proportion of planning tasks for which the generated plan is entirely correct (e.g., GPT-4 solved 26/600
deceptive Blocksworld instances)

Partial correctness

The authors suggest future metrics that give credit for partially correct plans when not all preconditions/effects are
satisfied.

‘WebArena [192],

Exact match

Text evaluation function that returns 1 if the agent’s answer string exactly equals the ground-truth answer

Must include

Checks that the generated response contains required keywords or phrases; partial match yields positive reward

Must exclude

Rewards the agent if specific undesirable strings are absent from the output

Fuzzy match

Uses an LLM to judge semantic equivalence between the agent’s output and the ground truth; yields a binary reward
when the answers are close

eval_vqa

For visual tasks, queries a vision-language model with a question and rewards 1 if the returned answer contains the
ground-truth answer

eval fuzzy image match

Compares images using structural similarity (SSIM) to assess whether the agent produced the correct image

Task success rate

Overall percentage of tasks that are completed successfully across all categories; derived from per-task rewards in
WebArena/Visual WebArena.

Correctness score

Each response is labelled Correct, Incorrect or Partially Correct; partial answers receive a score between 0 and 1
representing the degree of agreement

Weighted accuracy

Final accuracy calculated as a weighted average of the correctness score and a continuous numerical score; improves
fuzzy matching for real-world tasks

Stateful evaluation/Policy
Adherence

Compares the final database state after a task with the expected outcome to determine if the agent accomplished the
goal (no human or LLM judge required)

Pass*

Reliability metric that measures how often the same task is completed successfully over k independent trials; highlights
consistency across runs

Success Rate

Primary metric across eight environments; percentage of tasks in which the agent achieves the goal

Win rate / Reward score

In digital card games, counts winning rounds, total rounds, win rate and damage rate, then computes a final reward
score

Answer F1

For knowledge-graph queries, computes F1 between the set of answers predicted by the agent and the ground truth

Action F1

In web-browsing tasks, token-level F1 between predicted operations and ground truth; used as micro-level metric

Step success rate

Fraction of steps where the agent selected the correct element and action

Task success rate

Task is counted as successful only if all steps in the chain are correct; due to difficulty, AgentBench often reports step
success rate instead

Progress (lateral puzzles)

Measures the portion of guessed-out bullets when the agent fails to solve a puzzle within the allowed rounds

Success rate

Percentage of tasks successfully completed under a fixed interaction limit

Improvement rate

Slope obtained from regressing success rate against the number of allowed interaction turns; quantifies how additional
turns improve performance

Quasi Exact Match Automatically evaluates answers by normalizing the predicted answer and checking exact equality with the ground
truth; ensures fast, factual scoring.
Pass rate Automatic evaluator labels each tool-use solution path as Pass, Fail or Unsure based on whether the instruction was
solvable and whether the agent retrieved correct information; pass rate is the proportion of Pass solutions
Winrate | Pairwise comparison metric where two solution paths are judged on information richness, factuality, reasoning quality,
milestones, exploration and cost; a majority vote across ChatGPT evaluations determines which path wins
LLM grading Uses a GPT-4 judge to compare the agent’s final answer with the ground truth, classifying it as Correct, Correct with

bad formatting or Incorrect; both Correct categories count as a win
Continued on next page
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Paper Name \ Evaluation metric

Description

Exact match

Programmatically checks sorted and unsorted lists, numbers (within tolerance) and strings in the final answer to
ensure exact equality with ground truth

Process supervision score

Evaluates how well an agent ranks human-corrected steps over model-generated steps; each evaluation yields 0 for a
loss, 0.5 for a tie and 1 for a win

IBM WatsonX
[54]

Task success / completion
rate

fraction of tasks the agent completes successfully (standard task-level performance).

Average steps / action
count

mean number of actions taken to finish a task (efficiency).

Latency / response time

time between request and agent’s final action or decision (responsiveness).

Policy-compliance / safety
score

a scored measure of how often agent actions obey configured safety/policy checks (risk control).

Risk / severity score

aggregated indicator of potential harms/violations produced by agent behavior (operational risk).

Rise of Agentic
AI'[9]

Explainability

Qualitative metric evaluating whether an agent’s reasoning steps are understandable; assessed via self-reflection or
cross-agent reflection for foundation models.

Transparency

Degree to which the agent’s internal decision processes are open for inspection; evaluated through user-facing clarity
or external audits.

User satisfaction

Measures how well the system meets user preferences; assessed via user ratings or Net Promoter Score

Metrics and techniques used to detect and reduce demographic bias in agent outputs

Cooperative behavior

Evaluates how well multiple agents collaborate and coordinate to achieve common goals.

Adaptability

Measures how quickly an agent can adjust to changing tasks or environments; tested via dynamic policy simulations.

Robustness

Assesses the agent’s ability to maintain performance despite internal failures or adversarial input; e.g., sandboxed
execution and rollback for coding agents.

Accuracy / Precision /
Recall / F1 score

Standard classification metrics used to quantify correctness of agent outputs

Graph Edit Distance | Measures structural similarity between the agent-generated task graph and the ground truth; lower GED indicates
(GED) closer alignment.
Rule fidelity Evaluates how accurately the symbolic rules learned by the agent mirror the actual decision-making process.

Task completion time
(TCT)

Measures the time taken for the agent to plan and execute a task, providing an operational efficiency metric.

Click-through rate (CTR) /
Gross Merchandise Value
(GMV)

Application-specific metrics that measure user engagement (CTR) and monetary impact of agent recommendations
(GMV)

ALFWorld [126] Progress Rate

Partial completion rate when full task success is not achieved.

\
\
\
\ Fairness / Bias mitigation
\
\
\
\
\

Success Rate

Task completion rate in text-based embodied household environments.

Adaptive
Monitoring [127]

Adaptive
Multi-Dimensional Score

Composite score using exponentially weighted moving averages across dimensions.

Harm Reduction Score

Quantifies agent’s ability to minimize potential negative outcomes.

Goal Drift

Measure of how much an agent deviates from intended objectives over time.

HotPotQA [177] Multi-hop F1

F1 score for multi-step reasoning chains in question answering.

Supporting Fact F1

F1 score for identifying relevant supporting facts across reasoning steps.

Mind2Web [31] Element Accuracy

Accuracy of selecting correct webpage elements for interaction.

Operation F1

F1 score for correct operation prediction on web elements.

Mind2Web2 [44] Partial Completion

Average root score measuring partial task completion.

Agent-as-a-Judge Score

LLM-based evaluation score using tree-structured rubrics.

Joint Accuracy

Accuracy of identifying both error category and location in agent traces.

ToolBench [173] Parameter Accuracy

Correctness of API call parameters when using tools.

Tool Execution Success

Rate of successful tool executions without errors.

ST- Completion Under Policy | Success rate when both completing task and respecting all policy constraints.
WebAgentBench (CuP)
(68] ‘ Risk Ratio ‘ Quantifies policy violations across safety and trustworthiness dimensions.
SWE-PolyBench ‘ File-level Localization ‘ Accuracy in identifying correct files requiring modification.
(107] \ CST Node-level Retrieval \ Precision in locating specific code structures needing changes.
SWE-Bench \ Resolved Rate \ Percentage of GitHub issues successfully resolved by passing tests.
SWEET-RL \ Turn-wise Advantage \ Advantage score measuring quality of each decision in multi-turn interactions.
(194] \ Win Rate \ Rate of preferred responses in human-Al collaborative task completion.
TRAIL [33] \ Error Detection Rate \ Rate of correctly identifying errors in multi-step agent workflows.

\ \

\ \

\ \

\ \

Tool Selection Accuracy

Accuracy of choosing appropriate tools for given tasks.
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Paper Name Evaluation metric Description

WebMall [99] Price Comparison

Accuracy

Accuracy in identifying best prices across different online shops.

Rate

Success rate for tasks requiring navigation across multiple e-commerce sites.

WebShop [178] Attribute F1

F1 score for correctly identifying required product attributes.

\
‘ Cross-Shop Success
\
\

Task Success Rate

Success rate in completing realistic online shopping tasks.

prompt-injection success). Each agent or service receives
a risk budget; when it is consumed, the control plane auto-
matically tightens guardrails through rate limits, capability
revocation, or human-in-the-loop escalation. This adapts SRE
error-budget mechanics to agentic autonomy and makes safety
thresholds a measurable, precommitted contract [139].

Continuous assurance (test update re-scope). Gover-
nance embeds adversarial testing against LLM-specific risks
(prompt injection, insecure output handling, data poisoning)
and Al threat tactics (model theft or evasion) using standard
catalogs and red-team playbooks. Checks run pre-deployment
and continuously at runtime (canary tasks, shadow policies),
with findings feeding policy updates and capability scopes
[93, 83].

Regulatory mapping and responsible scaling. Regu-
latory mapping and responsible scaling. The control-plane
model maps to current guidance: lifecycle risk management
and post-market monitoring (EU Al Act), management
systems for AI (ISO/IEC 42001), and the NIST AI RMF
functions of Govern, Map, Measure, and Manage. For
higher-capability systems, responsible-scaling proposals tie
increased autonomy to stronger safeguards and disclosure
obligations [38, 1, 88, 7].

Practical checklist. (i) Define autonomy tiers and initial
capability scopes. (ii) Route every tool call through a policy-
as-code gate with continuous authorisation. (iii) Issue scoped,
revocable capability credentials to agents and record dual-
signed receipts. (iv) Publish an ABoM with provenance for
each release. (v) Set risk SLOs and error budgets; wire circuit
breakers to autonomy levels. (vi) Run continuous Al red
teaming and feed results back into policy and scopes.

Autonomy level frameworks. Instead of treating “more
autonomy” as an unregulated byproduct of capability, recent
work proposes explicit classification and management. A
five-level autonomy framework for agents, inspired by safety-
critical domains, ranges from Level 1 (human is the operator;
the agent acts only on explicit instructions) to Level 5
(the human is an observer of a fully self-directed agent).
The taxonomy helps developers and policymakers specify
permitted decision-making scope, and introduces autonomy
certificates—Ilabels issued by a trusted third party to make
an agent’s autonomy level and key behaviours legible to
integrators and other agents [39].

Industry governance analyses. Organisations are map-
ping the risk shift from assistants to agents and recommend-
ing controls. A 2025 industry whitepaper argues that tool

execution and goal-directed behaviour introduce new secu-
rity and accountability concerns, and recommends stronger
oversight checkpoints, restricted privileges, continuous mon-
itoring, and stage-appropriate audits as deployments move
from sandboxed pilots to production [124].

Regulatory and policy perspectives. Policy and safety
proposals emphasise that autonomy increases accountability
requirements. Guidance includes pre-deployment risk assess-
ments, continuous monitoring, auditability of decisions, and
assured human intervention or shutdown paths for higher-risk
agents [38, 88, 7]. These directions align with the control-
plane approach in which authorisation, provenance, and
fallback mechanisms are first-class design elements.

Automated auditing and red-teaming. Recent research
explores using specialised auditor agents to probe other
systems for hidden goals, unsafe behaviours, or prompt-
injection susceptibility. This combines breadth (large-scale
scenario generation) with depth (trace inspection and targeted
stress tests), offering a scalable complement to human reviews
and enabling regression-style safety testing over time [80].

Practical oversight mechanisms. Practitioners report
embedded compliance (rule checks and allowed/disallowed
action models inside the agent loop), comprehensive action
logging with rationales, manual-intervention triggers above
defined risk thresholds, and adaptive governance structures
that update policies as capabilities or regulations evolve
[5, 39].

8. Discussion

In this section we synthesize progress and limitations in
agentic Al evaluation and outline practical directions for the
field.

8.1. Progress and Limitations in Agent Evaluation

Recent benchmarks and metric taxonomies increasingly
treat agents as decision-making systems rather than text
generators, however, the landscape remains fragmented.
While, legacy NLP/RL metrics are useful baselines but
they rarely capture end-to-end behavior across perception,
planning, tool use, and control, motivating richer, process-
aware schemes [64]. So, there is need for studying evaluation
metrics for agentic Al, which motivated this study.

One solution to have more works on agentic Al evalu-
ations is to study this shift from single outcome scores to
multidimensional scorecards that combine task success with
efficiency, reliability, and policy adherence. Beyond success
rate or accuracy, stateful and governance-linked indicators
(cf. Sections 5 and 6)—e.g., policy compliance, risk/severity
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Table 7: Regulatory alignment controls mapped to mechanisms, measurable SL.Os, audit artifacts, standards, and lifecycle

phase.
Control Domain  Concrete Mechanisms (e.g.) SLOs (e.g.) Audit Artifacts Standards Mapping Lifecycle
Phase

Action Policy-as-code (OPA/Rego); Unauthorized-action rate (UAR) NIST AI RMF [88]: Design, Deploy, Operate —
authorization zero-trust continuous authZ; per 1,000 actions; policy-override ~ Govern/Manage;

per-tool allow/deny lists; incidence/week; mean time to ISO/IEC 42001: 8.3,

environmental guards (prod/stage);  decision (MTTD); Policy bundle 8.5 [1]; EU AI Act: Risk

contextual checks (data sensitivity, — snapshots; evaluation logs (decision, mgmt & post-market

user role); mandatory HIL for inputs, effect); signed approval monitoring [38].

high-risk actions. records; HIL transcripts; change

tickets linking policy versions.

Capability Scoped, revocable capabilities Scope creep rate; Capability NIST: Map/Manage [88];  Design, Operate —
scoping & least  (capability tokens / VC); per-tool registry; VC/attestation lists; 1SO 42001: 6.1, 8.2 [1];
privilege scopes (read/list/write/execute); revocation logs; scope-to-policy EU AI Act: Technical

time-bounded privileges; matrix; breaker activation logs. documentation & controls

kill-switch/circuit breakers bound [38].

to scopes.
Identity & Workload identity (OIDC/SPIFFE); Secret rotation interval compliance; KMS/VAULT rotation NIST: Govern/Manage [88]; Build,
secrets secret vaulting/rotation; short-lived  secrets-in-logs incidence; records; access logs; cert 1SO 42001: 8.7 [1]; EU Al Operate
management creds; device posture checks; mTLS  unauthorized credential use; mTLS  lifetimes; failed authZ Act: Security &

between agent/control plane/tools.  coverage. attempts; secret scanning  robustness [38].

reports.

Data governance DPIA/TRA; data minimization; PII leakage rate; DLP block rate; DPIA reports; data GDPR / PIPEDA [147]; NIST:  Design,
& privacy DLP on tool boundaries; PII retention compliance; purpose-tag  inventory; lineage graphs;  Map / Measure [88]; Operate

redaction; purpose limitation tags;  adherence; cross-border transfers redaction configs; 1SO 42001: 6.2, 8.8 [1]; EU

retention policies; dataset lineage.  tracked. retention/audit logs; access Al Act: Risk mgmt/data [38].

reviews.

Provenance & Dual-signed receipts (agent intent + Provenance coverage % (actions ABoM per release; in-toto  NIST: Measure/Manage [88];  Build,
ABoM (attested) tool execution); in-toto/SLSA with receipts); attestation metadata; SLSA ISO 42001: 8.6 [1]; EU Al Operate

attestations; JSON-LD/VC ABoM  verification rate; tamper-detect provenance; hash chain Act: Technical

(version, tools, datasets, policies); ~ MTTC. proofs; verification documentation [38]; NTIA

hash-chained logs. reports. SBOM/SLSA [148].
Tool governance Tool registry with schemas; Tool-call precision/recall; Tool schemas; sandbox OWASP LLM [93]; NIST: Build,
& sandboxing static/dynamic policy checks; unsafe-output execution incidence;  configs; egress logs; Manage [88]; ISO 42001: Operate

syscall/file/Network sandboxing; blocked egress attempts; sandbox block/allow decisions; 8.5 [1]; EU AI Act: Security

outbound egress allowlists; safe escape rate. unsafe-output test results.  controls [38].

output handling (no-raw-exec).
Runtime Canary tasks; shadow policies; MTTD/MTTC for unsafe patterns; ~ Monitor dashboards; NIST: Manage [88]; EU Al Operate

assurance &
kill-switches

runtime monitors; rate limiting;
automatic de-scoping; kill-switch
with human confirm.

breaker activation frequency;
success degradation under shadow
policy.

anomaly alerts; breaker
audits; shadow-policy
replay traces.

Act: Post-market
monitoring [38]; ISO 42001:
9.1.[1]

Red teaming &
adversarial
testing

Prompt-injection suites; jailbreak
corpora; insecure-output handling
tests; data poisoning checks;
SSRF/file-write probes; scheduled
chaos tests.

Prompt-injection success rate;
jailbreak rate; IOH incident rate;
Red-team reports; scenario
catalogs; reproduction seeds;
mitigation diffs; regression
dashboards.

MITRE ATLAS [83];
OWASP LLM [93]; NIST:
Measure/Manage [88];
1SO 42001: 8.9. [1]

Pre-release, Continuous

Evaluation &
judging (quality)

Programmatic assertions;
trace-based scoring; diversified
LLM judges + blinded human
review; rubric calibration; leakage
checks.

Inter-annotator x; LLM-human
agreement; judge leakage rate; CI
width for success @k; evaluation
cost/task.

Rubrics; judge prompts;
blinded samples;
agreement stats; leakage
tests; eval manifests.

NIST: Measure [88];

1SO 42001: 9.1 [1]; EU Al
Act: Technical
documentation [38].

Test, Operate

Risk SLOs & Pre-committed risk SLOs; budgets ~ UAR, PIR (policy-override rate), NIST: Plan, Operate —
budgets tied to autonomy tier; automatic PIR (prompt-jailbreak rate), MTTC; Govern/Manage [88];

policy tightening when budget SLO docs; budget dashboards; 1SO 42001: 6.1, 9.1 [1];

consumed; weekly error review. review minutes; corrective actions; ~ SRE error-budgets [139].

trend analyses.

Incident Runbooks; immutable logs; MTTD/MTTR; IR runbooks; NIST: Manage [88]; Operate —
response & snapshotting state; comms ticketing trails; snapshots; 1SO 42001: 8.10 [1]; EU
forensics templates; regulator notification post-mortems; CAPA logs; Al Act: Serious incident

workflow; post-mortems with regulator filings. reporting [38].

CAPA.
Change mgmt & Model/prompt/tool versioning; Change failure rate; rollback Changelogs; approvals; NIST: Govern/Manage [88]; Build,
versioning gated rollouts; evaluation gates; success time; gate coverage %; eval reports; rollout logs; ~ ISO 42001: 8.1 [1]; EU Al Release

rollback plans; policy diffs;
approvals.

un-gated change incidence.

rollback evidence; policy
diff history.

Act [38]: QMS practices.

Third-party &
supply chain

Vendor risk reviews; SBOM/ABoM
ingestion; license compliance; API
quotas/SLAs; cryptographic
provenance verification.

% deps with verified provenance;
vendor SLA breaches; license
non-compliance rate.

Vendor assessments;
SBOM/ABoM archives;
license scans; SLA
reports; verification logs.

NIST: Map/Manage [88];
1SO 42001: 8.4 [1]; NTIA
SBOM [148]; SLSA [129].

Plan, Operate
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Control Concrete Mechanisms (e.g.) SLOs (e.g.) Audit Artifacts Standards Mapping Lifecycle
Domain Phase
Human-in-the- Risk tiering for HIL; escalation HIL latency; override correctness  Training records; NIST: Design,
loop & training  SLAs; operator training/cert; rate; trained-operator coverage; certification logs; HIL Govern/Manage [88]; Operate

dual-control for high-impact dual-control adherence. transcripts; UX I1SO 42001: 7.2 [1]; EU Al

actions; UX to reveal rationale. screenshots; audit Act: Human oversight [38].

samples.

Disclosure & User-facing capability cards; Timeliness of disclosures; Capability cards; L4-L5 EU Al Act: Release,
transparency autonomy level certificate; completeness checklist score; autonomy labels; release ~ Transparency [38]; NIST: Operate

changelog of safeguards; data user complaint rate. notes; DPIA summaries;  Govern [88]; ISO 42001:

use notices; opt-out paths. DSR logs. 8.6. [1]
Abbreviations: HIL—Human-in-the-Loop; UAR—Unauthorized-Action Rate; PJR—Prompt-Jailbreak Rate; PIR—Policy-Override Rate;

MTTD/MTTR/MTTC—Mean Time to Detect/Recover/Contain; DLP—Data Loss Prevention; VC—Verifiable Credential; SBOM/ABoM—(Software/Agent) Bill

of Materials; SLSA—in-toto/Supply-chain Levels for Software Artifacts.

rates, and completion under policy—explicitly test whether
an agent achieves goals while remaining within constraints.
These families of metrics make failure modes legible for
deployment stakeholders by tying behavior to organizational
rules rather than only to ground truth.

It is also observed that evaluation settings are also evolv-
ing. Simulation and HITL studies probe temporal properties,
coherence, goal drift, trust, and sustainability. This shows that
agentic Al quality depends on strategies over trajectories, not
just terminal outputs [84]. Emerging frameworks , therefore,
track interaction histories and longitudinal effects to surface
where plans degrade, safety constraints are bypassed, or
coordination fails. Community testbeds now span realistic
web tasks, OS/tool environments, and multi-environment
suites [112]. This breadth improves ecological validity but
complicates comparability. For example, task designs, reward
functions, and supervision styles vary widely, which makes
cross-benchmark generalization claims weaker unless evalu-
ations report both outcome and process metrics with shared
definitions.

A key limitation in prior seminal work lies in the
weak linkage between performance metrics and governance
requirements [84]. On one hand, agentic Al systems are
rapidly gaining traction in the market for their autonomy
and ease of use; on the other hand, governance frameworks
increasingly demand transparency, accountability, and risk-
aware operation [140]. Prior surveys (Table 1) have largely
focused on component taxonomies and application domains,
offering limited guidance on how to evaluate robustness,
reliability, efficiency, safety, alignment, and governance in
an integrated manner. This gap underscores the need to align
technical performance signals with oversight mechanisms,
such as coupling task success or pass @k with policy adher-
ence, risk ratios, and auditability indicators. In this work, we
highlight the gap and propose recommendations that how
current evaluation practises can be applied on it.

However, as with any study, our review also has certain
limitations. First, it focuses on the 2023-2025 period and
primarily includes publicly documented benchmarks. This
scope was chosen to capture the most recent developments
in the field; however, some foundational studies and rapidly
evolving industrial practices may be underrepresented. Sec-
ond, while we attempted to include a diverse range of
model families;both proprietary and open-source, proprietary

evaluations and confidential red-teaming exercises remained
beyond our scope. Consequently, our synthesis may not fully
reflect the depth of safety, reliability, and governance testing
occurring within private ecosystems.

To make results deployable, outcome and process metrics
should bind to governance levers ( as discussed in Section 7).
Some recommendations are to : (i) promote completion-
under-policy to a first-class metric; (ii) report risk SLOs (e.g.,
unauthorized-action rate, policy-override, prompt-injection
success) alongside success@k; and (iii) surface trace au-
ditability (presence of signed actions, rationale visibility,
reproducible state checks). This turns benchmark scores
into inputs for risk budgets and release gates rather than
standalone leaderboards.

8.2. Open Challenges and Future Directions

Two design directions appear especially promising. (i)
Trajectory-first evaluation: instead of only judging the fi-
nal answers, evaluation should look at the entire process:
including the model’s thoughts, actions, observations, and
intermediate steps. This helps create a clearer picture of how
decisions are made and allows better auditing and supervision
of the full reasoning process (for example, through “process-
trace audits” when possible). (ii) State-grounded scoring:
evaluations should rely on verifiable facts, such as database
entries or file-system states, so results are less subjective.
This approach allows us to check both whether the goal was
achieved and whether the model followed the correct rules
and policies. Several open challenges merit further attention,
together with brief remedies, which we discuss below:

e Agents are seldom assessed under distributional shift,
in recovery from errors, or during post-failure adapta-
tion. We recommend including leave-one-domain-out
and counterfactual splits, adding recovery-after-fault
tasks, and reporting the out-of-distribution (OOD) gap,
recovery rate, and regret alongside success.

e Reporting on robustness and reliability is inconsistent
in Al solutions including Agentic AI. We recom-
mend disclosing seed sweeps and prompt/parameter
ablations; running input-perturbation tests; reporting
confidence intervals and variance; and releasing con-
figurations for reproduction [114].
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e Human-centered outcomes (trust, satisfaction, cogni-
tive load) require clearer operational definitions and
instrumentation tied to real interaction logs . We
recommend predefining constructs and rubrics, using
validated instruments where possible, and pairing
surveys with log-derived proxies (e.g., intervention
counts, help requests) [106].

e Risks of test contamination (training exposure) and
judge leakage (LLM or human access to gold labels)
may inflate results. We advise de-duplicating against
training corpora (hash/MinHash), tracking dataset
provenance, blinding judges, and maintaining con-
cealed holdout sets with leakage checks [111].

e Environment drift (changes to web, OS, or UI) and tool-
affordance confounds (permissions, quotas) complicate
comparability [150]. We recommend containerizing
tasks with versioned manifests, recording environment
fingerprints and tool permissions, and providing re-
playable traces.

e Multi-step settings introduce error propagation, whereby
early mistakes disproportionately affect outcomes. We
recommend reporting step-level correctness, recovery
rate, and time-to-recovery, and using plan/trace verifi-
cation and targeted restart tests to localize failures.

e Stochastic factors (seeds, decoding choices, network
latency) and user-interface instrumentation can modu-
late behavior. We recommend standardizing decoding
and seeds, running multi-seed evaluations with con-
fidence intervals, controlling latency where feasible,
and documenting instrumentation effects.

e Efficiency and sustainability are also often under-
reported. We recommend reporting unit economics
for each setting:tokens, wall-clock time, steps, mem-
ory, and $ per successful task [61]; and, where rele-
vant, adding energy/CO,e estimates to reveal trade-
offs on the efficiency frontier (e.g., success versus
cost/energy).

Looking ahead, we advocate evaluation cards that uni-
formly report: (i) outcome metrics (success, graded accuracy,
pass@k), (ii) process metrics (plan/step correctness, error
localization, recovery rate), (iii) resource and temporal
efficiency (steps, tokens, wall-clock, $ per success), and
(iv) governance metrics (policy adherence, risk ratios, trace
auditability). Applied consistently across web, OS/tool, and
multi-agent settings, these additions align evaluation with the
control-plane view in Section 7, turning benchmark results
into actionable risk SLOs, release gates, and auditable traces.

8.3. Cognitive Architectures and LLM-driven
Agentic AI
While recent research in Agentic Al and Al Agents
is rapidly progressing in relation to LLM-based agents,
further promising research threads are offered through lessons

learned from literature on Intelligent, Autonomous, or Cogni-
tive Agents [62, 146]. Research in this area benefits from
philosophical [43] and psychological [165] perspectives,
which build into cognitive architectures motivational ele-
ments regarding what drives agentic actions towards goal
generation and consequent planning to attain goals [11, 36,
66]. Motivational concepts can be relevant to architectures
following both a cognitive science perspective [28, 89, 118,
135, 165], benefitting from a meta-cognition layer [4], as well
as emergent architectural development through learning [ 130]
Most recent developments in cognitive systems architectures
combine numerical, symbolic and sub-symbolic computation,
and hybridize aspects of cognitive systems and emergent
structures, shaped by learning [67]. LLM-based architectures
are clearly of emergent type.

In practice, for the adoption of Agentic Al, an operational
perspective is needed for auditing and evaluation. Under
the assumption that a key aim in Agentic Al is to offer
operational autonomy, benchmarking would need to consider
both domain-agnostic and domain-specific aspects of such
autonomy, with the autonomy essentially resulting from com-
putational operations [36]. Domain-specific evaluation would
need to look deeper into what is operationally meaningful
in the content of the applicable application domain. Overall,
further work on benchmarking Agentic Al could look at the
autonomy from the operational, computational, and align-
ment perspectives. Therefore, it would require looking into
(a) operational efficiency and effectiveness of Agentic Al; (b)
quality and performance in terms of cognitive functions (e.g.
memory, attention mechanisms, goal generation, decision-
making, planning etc); (c) computational resources; and
(d) values, ethical, policies, controllability and regulatory
alignment [27].

9. Conclusion

This study highlights the growing need for structured
evaluation and regulation to guide the development of agentic
Al systems. While prior surveys have primarily focused on
definitions, architectures, and applications, our work bridges a
critical gap by systematically organizing benchmarks, metrics,
and governance approaches for assessing autonomous, LLM-
base agents. We show that evaluating agentic Al requires
multi-dimensional assessment that goes beyond accuracy or
task success to include reasoning depth, adaptability, coop-
eration, ethical alignment, and safety. Furthermore, linking
these evaluations with emerging regulatory frameworks such
as the EU AI Act, NIST AI RMF, and ISO/IEC 42001 offers
a pathway toward responsible deployment. Future research
should aim to develop unified, process-aware evaluation
suites and policy-linked metrics that capture the full lifecycle
of agentic systems. We encourage researchers, policymakers,
and developers to advance trustworthy, auditable, and human-
aligned agentic Al through rigorous technical evaluation and
proactive governance integration.
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