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Abstract

Agentic Artificial Intelligence (AI) represents a paradigm shift from static,
task-specific systems to antonomous, goal-directed agents capable of reasoning,
planning, learning, and acting with minimal human oversight. This paper syn-
thesizes perspectives from philosophy, cognitive science, and Al to define agency,
outline its key properties, and situate it in relation to existing paradigms such as
reinforcement learning, symbolic reasoning, Belief-Desire-Intention (BDI) archi-
tectures, and embodied cognition. We present a taxonomy of agentic systems
along dimensions of autonomy, cognitive capability, modality, and environmen-
tal interaction, highlighting current capabilities and limitations, and we critically
delimit where such a taxonomy is informative and where a functional, closed-loop
analysis of agent behavior must take over. The enabling technologies, includ-
ing large language models, memory architectures, planning frameworks, tool-use
mechanisms, and multimodal embodiment, are reviewed alongside diverse appli-
cation domains ranging from autonomous research and creative systems to web



automation and human—AlI collaboration. We analyze safety, alignment, evalua-
tion challenges, and emergent risks, dedicate a section to trustworthiness, privacy,
and sustainability by bridging from trustworthy machine learning, verified auton-
omy, and privacy-preserving learning, and compile a comparative review of
prominent benchmarks for assessing agentic behavior. Finally, we outline future
research directions, including compositional and modular architectures, cooper-
ative Al, simulation-based safe exploration, data-efficient and developmentally
inspired learning, hybrid symbolic—neural systems, and strategies for robust
alignment. By providing a comprehensive framework and critical analysis, this
work aims to guide the development of agentic Al systems that are not only
capable but also safe, trustworthy, and aligned with human values.

Keywords: Agentic Al, Autonomy, Multi-agent systems, Large language models

1 Introduction

Artificial intelligence (AI) and Machine Learning (ML) are undergoing a paradigm
shift, with systems transitioning from tools that execute predefined tasks to
autonomous agents capable of independent reasoning, planning, and action [1-3]. This
shift signals the emergence of a new class of Al systems that can pursue objectives,
adapt to changing circumstances, and make decisions with minimal human oversight:
Agentic Al In classical Al paradigms, systems were either rule-based expert systems,
which applied predetermined logical inferences [4], or statistical inodels, which mapped
inputs to outputs based on learned correlations [5]. While powerful, these systems
cannot deliberate about future states or revise objectives dynamically. In contrast, an
agentic Al system treats decision-making as a plauning process that actively weighs
alternative courses of action, anticipates dowustream effects, and can recover from
unexpected events by replanning [6]. Tlis allows these systems to tackle complex chal-
lenges such as managing complex workflows [7], obstacle avoidance [8], and conducting
multi-step scientific experiments [9].

The current surge of interest in agentic Al is propelled by several converging
advancements and an increasing demand for more sophisticated autonomous capa-
bilities. The most significant contributor has been the emergence of Large Language
Models (LLMs) [10]. LLMs have provided an unprecedented foundation for cognitive
tasks, offering agents the ability to understand nuanced instructions, reason about
the world, generate creative solutions, and even produce code to interact with other
software tools and APIs [11]. Simultaneously, advances in Reinforcement Learning
(RL) have enabled systems to learn optimal behaviors through interaction with their
environments [12]. The synthesis of these technologies has given rise to agents like
Auto-GPT [13] and BabyAGI! that can autonomously decompose high-level objectives
into subtasks, retrieve and synthesize information, and generate code to orchestrate
further actions. These agents can browse the web, call external APIs, and spawn

Thttps://github.com /yoheinakajima/babyagi



subprocesses, blurring the line between language comprehension and autonomous rea-
soning. Figure 1 illustrates the canonical workflow of such an LLM-based agent, in
which a reasoning engine coordinates perception, memory, planning, and tool use
within an environmental feedback loop; we use this workflow as a reference point
throughout the survey.

Beyond software-based agents, the principles of agentic AI are central to the
progression of robotics. For robots to operate effectively in unstructured human envi-
ronments like hospitals and factories, they require the ability to understand abstract
commands, formulate and execute sequential multi-step plans, adapt intelligently
to their surroundings, and learn from new experiences [14]. The increasing com-
plexity of tasks humans wish to automate necessitates systems that can deliberate,
strategize, and demonstrate genuine problem-solving initiative. The combination of
symbolic planning with probabilistic reasoning [15], differentiable planning [16], and
Monte Carlo Tree Search allows systems to handle environments that exhibit par-
tial observability, stochastic transitions, and continuous action spaces. Decades of
robotics research on simultaneous localization and mapping (SLAM) [17], task-and-
motion planning [18], and planning under uncertainty supply mature machinery for
exactly these conditions, and we draw on this literature throughout rather than treat-
ing embodied agency as a recent invention. Further, the availability of large-scale
computational resources has enabled these planners to scale to real-world complexities
that were previously intractable. While the traditional robotics pipeline of sensing,
planning, and acting [19, 20] remains conceptually intact, Agentic Al provides the
reasoning capabilities to greatly enhance the sophistication of each component.

However, the pursuit of increasingly autonomous Al also makes the alignment
problem increasingly urgent. As agentic systems gain more freedom to act and make
decisions, ensuring that their objectives remain aligned with human values becomes
critically important and technically challenging [21]. The development of agentic Al
is therefore intrinsically linked to research in Al satety and ethics, with the goal of
creating systems that are not only competent but also trustworthy. The potential for
autonomous systems to misunderstand objectives, exhibit unintended behaviors, or
be misused underscores the urgency of addressing alignment proactively. The central
thesis organizing this survey is that capability and trustworthiness in agentic Al are
not separable concerns to be addressed in sequence, but properties that must be co-
designed: the same affordances that make an agent useful—persistent goal pursuit, tool
use, long-horizon planning, and self-directed action—are precisely those that make it
hazardous when its cbjective is underspecified or its oversight is incomplete.

This paper aims to provide a comprehensive overview of the current landscape
of Agentic Al, organized as a single narrative thread that moves from what agency
is, to how agentic systems can be classified (and where classification stops being the
right tool), to the technologies that realize them, the applications they enable, the
risks they pose, the trustworthiness machinery needed to deploy them responsibly, and
the future research required to close the remaining gaps. Section 2 Foundations of
Agentic AT discusses the philosophical underpinnings of agency, exploring concepts
like intentionality, motivational systems, free will, and Kantian autonomy. It then



defines the key properties of an agentic system—autonomy, goal-directedness, percep-
tion, memory, planning, and feedback loops. It also examines how agentic Al relates to
existing concepts like reinforcement learning agents, symbolic and BDI architectures,
embodied cognition, and open-ended learning, and traces its historical trajectory from
early systems like SHRDLU to modern LLM-based agents. Following this, in Section 3
Taxonomy of Agentic AI Systems, we present a detailed taxonomy, categoriz-
ing systems by their level of autonomy (from reactive to fully deliberative), cognitive
capabilities (planning, memory, and learning), and environment interaction (closed-
vs. open-world); critically, we close the section by distinguishing descriptive taxonomy
from functional modeling, arguing that taxonomic coverage does not imply behav-
ioral, safety, or alignment completeness. Section 4 Technologies Behind Agentic
AT Systems discusses the core technologies that enable agentic behavior: LLMs as
reasoning engines, memory systems ranging from short-term context windows to long-
term retrieval-augmented generation (RAG), planning frameworks like Monte Carlo
Tree Search and PDDL, tool-use mechanisms including function-calling APIs and plu-
gins, and the orchestration frameworks that assemble these primitives into deployable
systems. We further explore how multimodal and embodied agents extend agency
into physical environments. In Section 5 Applications of Agentic AI, we highlight
real-world use cases of Agentic Al, like autonomous research and scientific reasoning.
We further discuss creative systems for game design and narrative generation, web-
based agents that automate search and coding tasks, and collaborative human—AlI
copilots in education, software development, and healthcare. Section 6 Challenges
and Risks examines safety and alignment risks like misaligued goals, reward hack-
ing, and instrumental convergence; evaluation challenges like emergent misbehavior,
self-looping, and hallucinations; and ethical or legal concerns surrounding autonomy
and accountability, surveying existing benchmarks like WebArena, SWE-bench, and
SciBench. Building directly on the survey’s thesis, Section 7 Toward Trustworthy
Agentic AI consolidates safety, robustness, privacy, and sustainability into a dedi-
cated treatment, bridging from trustworthy machine learning, verified autonomy, and
privacy-preserving learning, and proposing a concrete research agenda.

Finally, in Section 8 Future Directions, we explore upcoming research frontiers—
including compositional and modular architectures, social agency and cooperative
Al, agentic alignment research, safe exploration via simulation environments, data-
efficient and developmentally inspired learning, and hybrid symbolic-neural systems.
We discuss strategies for super-alignment—the project of ensuring that AI systems
whose capabilities may eventually exceed those of their human supervisors neverthe-
less remain safely and beneficially aligned with human values—that combine scalable
human feedback, formal verification, and adversarial testing. We reiterate the rising
influence of Agentic AI and envision what safe, useful, and ethically aligned systems
should look like. Through this paper, we aim to highlight both the opportunities and
responsibilities of agentic Al, advocating for systems that are not only capable but
also aligned with societal welfare.
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Fig. 1 LLM Agent workflow overview. Perceptual inputs are processed by an LLM reasoning engine
and planning module, while an orchestrator coordinates interactions with external tools, APIs, knowl-
edge bases, and the environment. Feedback from tool execution updates multiple memory components,
including memory, enabling iterative reasoning, decision-making, and adaptive behavior.
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Fig. 2 Layered agent architecture. (Tables 3, 4). The agent integrates perception, memory, reasoning,
planning, and tool-use modules within a closed feedback loop, enabling it to process multimodal
inputs, maintain context, make decisions, and interact with external environments through actions
and tools.

2 Foundations of Agentic Al

Before agentic Al can be classified, engineered, or governed, it must be grounded
conceptually. We begin with the philosophical question of what agency is and what
would license attributing it to an artificial system (Section 2.1); we use that analysis
to motivate a minimal set of operational properties that any agentic system must
exhibit, including the perceptual grounding that anchors the rest (Section 2.2); we then



situate these properties against the established Al paradigms—reinforcement learning,
symbolic and BDI systems, embodied cognition, and open-ended learning—that each
capture some but not all of them (Section 2.3); and we close with a historical trajectory
showing how these strands converged on the present generation of agents (Section 2.4).
The connecting thread is that contemporary agentic Al is best understood not as
a rupture but as a synthesis whose components, and whose unresolved tensions, are
inherited directly from these traditions.

2.1 Philosophical Foundations of Agency

A critical starting point for understanding agentic Al is to ground it in the rich history
of philosophical inquiry into agency. By examining how agency has been conceptual-
ized across major philosophical traditions, we gain valuable frameworks to assess and
interrogate the capabilities and limitations of agentic Al systems. An agent is funda-
mentally understood as a being with the capacity to act, and agency is the exercise of
this capacity [22]. Philosophical explorations delve into what distinguishes an inten-
tional action from a mere event, a crucial distinction for evaluating the behavior of Al
[23].

2.1.1 Intentionality: The Aboutness of Action

A cornerstone of agency is the concept of intentionality, most notably formulated by
Franz Brentano in Psychology from an Empirical Standpoint [24]. Intentionality refers
to the “aboutness” of mental states—the property of thoughts, beliefs, and desires being
directed toward objects or states of affairs [22]. In the philosophy of action, behavior
is considered an “action” when it is caused by the agent’s mental states, such as their
beliefs and desires [23].

In the context of agentic Al intentionality is oiten simulated rather than possessed.
An LLM-based agent might exhibit behaviors that appear goal-directed, but this is
typically a result of internal prompt-couditioning or environmental feedback. Whether
these behaviors stem from genuine intentional states or are a sophisticated mimicry
remains an open philosophical challenge [22].

Intentionality concerus what mental states are about and where the direction
of action originates—.e., the agent’s motivational system. Philosophical accounts
of desire and conation have direct computational counterparts in work on artificial
motivation. Extrinsic, task-defined objectives (reward functions, goal specifications)
capture only one mode of motivation; a substantial body of research argues that
genuinely open-ended, self-directed agency requires intrinsic motivation—internally
generated drives such as novelty, curiosity, learning progress, competence, and empow-
erment that lead an agent to set its own subgoals in the absence of external reward
[25-27]. Recent formal treatments distinguish the goals an agent is given from the pur-
poses it forms, framing autonomy as the capacity to generate and pursue self-selected
objectives while remaining aligned with externally specified constraints [28]. This dis-
tinction is consequential for our later discussion of autonomy levels and of alignment:
a system whose motivation is wholly extrinsic cannot, by construction, “define its own
goals,” whereas a system endowed with intrinsic motivation can—raising both the



possibility of truly autonomous agency and the attendant difficulty of ensuring that
self-generated purposes remain beneficial.

2.1.2 Free Will and Determinism

The concept of agency is often intertwined with the metaphysical debate over free
will-the capacity to choose between different possible courses of action unimpeded
[29]. Philosophical positions on this issue include:

® Determinism: All events, including human actions, are necessitated by antecedent
causes and effects, rendering free will illusory [30].

e Compatibilism: Free will and determinism are reconcilable; free will is the free-
dom to act according to one’s desires without coercion, even if those desires are
themselves causally determined [31, 32].

® Libertarianism: Agents possess genuine freedom of choice, independent of deter-
ministic causal chains [29].

These stances provide analogues for interrogating AI: if an Al selects actions via
optimization or randomness, does that simulate a form of free will? While current
systems lack consciousness, they can model apparent freedom under constraints [31].

2.1.3 The Structure vs. Agency Debate

Philosophers and sociologists have long examined the tension between individual
agency and social structure-the deterministic influence of laws, noruis, and institutions
on behavior [33, 34]. For agentic Al, structure encompasses architecture, training-
data biases, reward functions, and environmental rules. Understanding how these
constraints shape-or limit—-an AI’s emergent behaviors is vital for safe and aligned
design.

2.1.4 Kantian Autonomy: Agency as Rational Self-Governance

Immanuel Kant defines autonomy as the capacity for rational self-governance: acting
according to principles one adopts for oneself, specifically the categorical imperative
[35]. We foreground the Kantian conception here deliberately, and for two reasons
rather than to the exclusion of alternatives. First, it sets the most demanding bar
available: rational self-governance requires reflective endorsement of one’s own prin-
ciples, not merely the unimpeded pursuit of given ends, and it is precisely this bar
that reward-maxiniizing systems most conspicuously fail to clear. It therefore furnishes
a sharp diagnostic for what current agents lack. Second, contemporary alignment
debates about corrigibility (an agent’s willingness to be corrected) and about agents
that resist modification of their own objectives are, in effect, twenty-first-century
restatements of the Kantian problem of self-legislation, making the connection more
than historical. We acknowledge that other conceptions—autonomy as independence
from external control, relational autonomy that locates self-governance within a web
of social dependencies, and the engineering sense of autonomy as operation without
human intervention—are equally legitimate and, indeed, more directly operationaliz-
able; the taxonomy in Section 3 adopts the engineering sense, while this section retains



the Kantian one as a normative ideal against which to measure it. The contrast is
itself informative: a system can be highly autonomous in the engineering sense while
possessing none of the rational self-governance Kant requires.

2.1.5 Existentialism: Agency as Radical Freedom and
Responsibility

Existentialist thinkers such as Jean-Paul Sartre argue that agency arises from radi-
cal freedom, whereby individuals define their own essence through choices and bear
full responsibility for their actions [36]. For Al, this perspective invites us to consider
whether—and how—an agent might develop a narrative identity and assume respon-
sibility for its outputs, a question that becomes concrete in Section 6 when we ask
who is accountable for the actions of an autonomous system. Each of these traditions
isolates a different ingredient of agency: directedness toward objects, freedom within
causal structure, rational self-governance, and responsibility. The next section extracts
from them the operational properties an artificial system would need to exhibit.

2.2 Key Properties

Section 2.1 asked what agency is; this section translates that analysis into a mini-
mal set of operational properties an artificial system must exhibit before the term
agent is warranted, and these are the load-bearing modules of the architecture in
Figure 2. The selection is not arbitrary. Intentionality and the motivational question of
Section 2.1.1 become goal-directedness together with the question of where goals orig-
inate; the autonomy debates of Sections 2.1.2 through 2.1.4 become autonomy in the
engineering sense, exercised within designed constraints; the grounding of intentional
states becomes perception; practical reasoning becomes planning; and the persistence
of an agent through time becomes memory and feedback. The set also agrees with
canonical definitions from the agents literature, which characterize an agent as a sys-
tem that senses its environment and acts on it over time in pursuit of its own agenda
[37], exhibiting autonomy, reactivity, and pro-activeness [38]. We place perception first
because it anchors the rest. Social ability, the remaining property in Wooldridge and
Jennings’s classic list, concerns interaction between agents rather than the constitution
of a single one, and we defer it to the treatment of cooperative Al in Section 8.2.

2.2.1 Perception

Perception is an agent’s capacity to transform raw sensory or input signals into inter-
nal representations of the state of its environment, and it is the foundation on which
the remaining properties rest. Without grounded perceptual representations, planning
has no state space to search over, memory has no contents to store and retrieve, goal-
directedness cannot be evaluated against world states, and learning degenerates into
pattern matching over ungrounded tokens rather than acquisition of knowledge about
a world. This priority is a central commitment of embodied and situated accounts
of cognition, which hold that intelligent behavior emerges from closed-loop coupling
between an agent and its environment rather than from abstract reasoning over sym-
bols whose meaning is supplied externally [39, 40]. The depth of the representation an



agent must build is task-dependent: a text-based assistant perceives through tokeniza-
tion and retrieval; a multimodal agent fuses vision, language, and audio encoders; and
an embodied agent must perform online state estimation, fusing noisy and partial sen-
sor streams into a coherent world model, the canonical instance being simultaneous
localization and mapping (SLAM) in robotics [17, 41]. Crucially, perception is not a
one-shot preprocessing stage but a continual, active process: agents direct their sens-
ing, resolve perceptual ambiguity through action, and update their representations as
the world changes. The grounding problem connecting internal symbols to perceptual
experience and real-world referents identified decades ago in symbolic AT [40] remains
the deepest open challenge here, and it reappears in modern form when LLM-based
agents manipulate concepts whose perceptual referents they have never encountered.

2.2.2 Autonomy

Autonomy is the capacity of an agent to make decisions and take actions in pursuit
of goals or objectives without constant human intervention. This ranges from simple
reactive behavior to sophisticated, independent decision-making, yet operates within
defined constraints: agents require goals and rules provided by humans [42]. A canon-
ical definition describes an autonomous agent as one capable of flexible, autonomous
action in complex, dynamic environments [37]. As noted in Section 2.1, this engineer-
ing sense of autonomy—operation without step-by-step human direction—should be
distinguished from the stronger Kantian sense of rational self-governance; the two can
come apart, and an agent may score highly on one while lacking the other entirely.

2.2.3 Goal-Directedness

Goal-directedness is the property of acting to achieve specific outcomes. It involves
two key stages:

1. Goal Formulation and Representation: Clearly defining what the agent aims
to achieve, with the ability to refine and update goals based on new information
and changing circumstances [43]:

2. Goal-Directed Action Selection: Selecting actions via means—end reasoning,
where agents monitor their environment and choose efficient means to achieve their
goals, governed by priunciples of rational action [44].

Where goals originate— -whether supplied externally or generated intrinsically—is
itself a substantive question, treated in Section 2.1; an agent that can only pursue
externally supplied goals occupies a different point in the autonomy taxonomy of
Section 3 than one that can formulate its own.

2.2.4 Memory

Memory is an agent’s ability to store and recall past experiences to improve decision-
making, perception, and overall performance. By retaining context, recognizing
patterns over time, and adapting based on sequential experiences, agents move beyond
stateless task-by-task processing [45]. Modern architectures employ both short-term
context windows and long-term non-parametric stores via RAG [45]; Figure 2 situates



memory as a cross-cutting concern that spans the perception, reasoning, planning, and
action layers of an agent rather than residing in any single module. How this layered
organization relates to the human memory taxonomy of cognitive science is taken up
alongside Table 3 in Section 4.2.

2.2.5 Planning

Planning is the process by which an Al agent determines a sequence of actions to
achieve a specific goal, separating deliberative agents from purely reactive ones by
anticipating future states and generating structured action plans before execution
[44]. Tt is essential for multistep decision-making, optimization, and adaptability, often
involving task decomposition into smaller, manageable steps based on available tools
[44].

2.2.6 Feedback Loops

Agentic systems rely on feedback loops to learn and adapt: they act on their environ-
ment, observe outcomes, and use that feedback to refine their algorithms and improve
performance [46]. Reinforcement learning provides a canonical feedback-driven mecha-
nism where agents learn policies via trial and error to maximize cumulative reward [46].
Landmark applications such as AlphaGo’s self-play illustrate how experience-based
adaptation enables robust performance in dynamic environments [47]. No existing
paradigm delivers all of these properties at once. That is why the field’s history reads
as a sequence of partial solutions, and Section 2.3 examines the four most influential
of them.

2.3 Relation to Existing Concepts

This section situates agentic Al within the broader landscape of existing Al paradigms.
Many prior systems exhibit aspects of agency either implicitly or explicitly through
frameworks such as RL, Symbolic Al, Belief-Desire-Intention (BDI) architectures,
Embodied Cognition models, and open-ended learning. Understanding these con-
nections clarifies what is new and distinct about current discussions of agentic Al,
particularly in the context ot LLM-based and hybrid agents. Rather than represent-
ing a complete departure {rom established paradigms, contemporary agentic Al can
be understood as an evolutionary synthesis that addresses fundamental limitations of
earlier approaches while leveraging their core insights.

2.3.1 Reinforcement Learning Agents

Reinforcement Learning provides a mathematically principled framework for agents
to learn through environmental interaction, where agents must balance exploitation of
known rewarding actions with exploration of novel strategies to maximize cumulative
rewards [48]. The RL paradigm has produced remarkable successes in domains ranging
from game playing [47] to robotics [49], establishing many foundational concepts that
persist in modern agentic systems.

10



Contribution to Agency

RL agents embody several core components of agency in a mathematically rigor-
ous manner. They are explicitly goal-directed through the optimization of cumulative
rewards, with the reward signal serving as a formalization of objectives that guides
learning and decision-making [48]. This goal-directedness is complemented by genuine
autonomy-—once trained, RL agents operate without human intervention, making inde-
pendent decisions based on their learned policies and environmental observations [46].
The temporal difference learning mechanisms inherent in RL create natural feedback
loops that enable continuous adaptation and improvement [50]. Furthermore, policy
gradient methods and actor-critic architectures demonstrate sophisticated forms of
planning and deliberation, particularly when combined with model-based approaches
that maintain internal representations of environmental dynamics [51, 52].

The success of RL in complex domains has established important precedents for
agentic behavior. Deep Q-Networks (DQN) demonstrated that neural agents could
master Atari games through pure trial-and-error learning [46], while AlphaGo and its
successors showed how RL could be combined with tree search to achieve superhuman
performance in strategic reasoning tasks [47, 52]. These achievements validate the
core premise that autonomous agents can acquire sophisticated capabilities through
environmental interaction alone.

Limatations and Constraints

Despite these successes, traditional RL agents exhibit several fundamental limita-
tions that constrain their agentic capabilities. Most critically, they typically lack rich,
persistent memory beyond limited replay buffers, preventing them from maintaining
long-term context or learning from extended interaction histories [46, 53]. This memory
limitation severely constrains their ability to engage in complex, multi-step reasoning
or to adapt their behavior based on accumulated experience over extended periods.

RL agents are also frequently reactive rather thau proactive, responding to imme-
diate environmental stimuli without engaging in sophisticated long-term planning
unless explicitly augmented with model-based components [53, 54]. The sample effi-
ciency problem-requiring enormous amounts of environmental interaction to learn
even relatively simple behaviors—{urther limits their practical deployment in real-
world scenarios where extensive trial-and-error learning is infeasible [55]. Additionally,
the reward specification problem presents fundamental challenges: designing reward
functions that accurately capture complex objectives without introducing unintended
behaviors or reward hacking remains an ongoing challenge [56].

Evolution Toward Modern Agentic AI

Contemporary agentic Al systems address many of these limitations by extending
RL paradigms with more flexible architectures and capabilities. Modern agents incor-
porate sophisticated memory mechanisms, including episodic memory systems that
maintain detailed records of past experiences and semantic memory that captures
abstract knowledge and skills [57, 58]. They integrate planning capabilities that extend
far beyond traditional model-based RL, often incorporating natural language reason-
ing and hierarchical goal decomposition [59]. The lineage of that decomposition runs

11



through the options framework, which formalized temporal abstraction within RL itself
by letting agents plan over extended sub-policies rather than primitive actions [60],
and through hierarchical reinforcement learning more broadly [61]. Recent architec-
tures close the circle by placing an LLM at the top of such a hierarchy as the subgoal
setter for lower-level learned policies [62], a design we return to in Section 8.3. Perhaps
most significantly, they move beyond pure reward optimization to pursue more com-
plex, contextually-defined objectives that can be specified through natural language
instructions or demonstrated through examples [63].

2.3.2 Symbolic Agents

Symbolic Al, often referred to as “Good Old-Fashioned AI” (GOFAI), represents the
earliest systematic attempts to create intelligent agents through explicit representa-
tion and manipulation of knowledge using symbols, logical rules, and formal reasoning
systems [64, 65]. This paradigm dominated AT research for several decades and estab-
lished many foundational concepts about knowledge representation, inference, and
goal-directed behavior that continue to influence modern agentic systems.

Contribution to Agency

Symbolic agents excel in areas where modern neural approaches still struggle, particu-
larly in explicit reasoning, logical inference, and interpretable decision-making. Their
knowledge bases provide rich, structured representations of domain knowledge that
can support sophisticated planning algorithms and causal reasoning [64]. Classical
planning systems like STRIPS and its successors demonstrate remarkable capabilities
in decomposing complex goals into sequences of primitive actions, exhibiting a form of
hierarchical reasoning that remains challenging for purely neural approaches [66, 67].

The explicit representation of beliefs, goals, and plans in symbolic systems provides
transparency and interpretability that is often lacking in neural agents. This inter-
pretability enables debugging, verification, and human oversight of agent behavior in
ways that remain difficult with black-box neural systems [68]. Furthermore, symbolic
agents can engage in sophisticated forms of meta-reasoning, explicitly reasoning about
their own knowledge, uncertainty, and reasoning processes [69].

Expert systems demonstiated how symbolic agents could capture and opera-
tionalize human expertise in specialized domains, achieving performance levels that
competed with human experts in areas like medical diagnosis and geological analysis
[70, 71]. These successes established important precedents for how agents could aug-
ment human capabilities through systematic knowledge representation and automated
reasoning.

Limaitations and Brittleness

The limitations of symbolic approaches became increasingly apparent as researchers
attempted to scale them to more complex, open-world domains. The knowledge
acquisition bottleneck-the difficulty of manually encoding comprehensive domain
knowledge—proved to be a fundamental constraint on the scalability of symbolic sys-
tems [72]. Symbolic agents typically exhibit brittleness when encountering situations
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not explicitly anticipated by their designers, lacking the graceful degradation and
adaptability that characterizes robust intelligence [64].

The frame problem, first articulated by McCarthy and Hayes [73], highlights deep
challenges in representing and reasoning about change in dynamic environments.
Symbolic systems struggle with the computational complexity of maintaining con-
sistent world models as conditions change, particularly in environments where many
aspects of the state are irrelevant to current goals but must nonetheless be tracked
for consistency [74]. Additionally, symbolic approaches have historically struggled
with uncertainty, noise, and incomplete information—conditions that are ubiquitous in
real-world environments [75].

The grounding problem—connecting abstract symbols to perceptual experience
and real-world referents—represents another fundamental limitation of pure symbolic
approaches. Without mechanisms for learning symbolic representations from experi-
ence, symbolic agents remain dependent on human designers to provide appropriate
abstractions and cannot adapt their representational schemes to novel domains [40].
Brittleness of this kind has also been attacked from the learning side rather than
the representation side. The open-ended learning literature argues that agents in
unbounded environments cannot rely on designer-supplied ontologies at all, and must
instead generate their own goals, skills, and representations through intrinsically moti-
vated exploration [27, 76], a line developed most fully in developmental robotics [77].
We return to it in Sections 3.3 and 8.5, since it bears directly on both open-world
operation and data efficiency.

Integration with Modern Approaches

Rather than abandoning symbolic approaches entirely, conteniporary agentic Al
increasingly pursues neuro-symbolic integration that coinbines the learning capabilities
of neural systems with the reasoning strengths of symbolic approaches [78, 79]. Large
language models demonstrate an intriguing forin of 1mplicit symbolic reasoning, capa-
ble of manipulating abstract concepts and engaging in logical inference despite their
neural substrate [80, 81]. This has led to hybrid architectures that use LLMs to bridge
between perception and symbolic reasoning, or that employ symbolic components to
structure and verify neural reasoning processes [82].

Modern program synthesis techniques exemplify this integration, using neural
networks to guide the search for symbolic programs while maintaining the inter-
pretability and verifiability of symbolic representations [83]. Not all of this integration
runs through language models. Intrinsically motivated cognitive architectures such as
H-GRAIL pursue the same end, robust operation in open domains, by coupling moti-
vational systems to learned skill repertoires without any LLM in the loop [77, 84], and
neurally guided program synthesis [83] likewise grounds symbolic structure in learning
rather than in prompting. These approaches point toward combining the complemen-
tary strengths of the two paradigms. We do not claim that conclusion as new: it is the
organizing thesis of the neuro-symbolic literature [78, 85] and, approached from the
side of lifelong autonomy, of work on open-ended learning through cognitive architec-
tures [76, 77]. What the present moment adds is a substrate, the LLM, that makes
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such combinations cheap to prototype at scale; Section 8.6 asks what it would take to
make them principled rather than merely convenient.

2.3.3 Belief-Desire-Intention Architectures

The BDI model, developed by Rao and Georgeff [86], provides a formal framework for
understanding goal-directed behavior in terms of three key mental attitudes: beliefs
(representing the agent’s informational state about the world), desires (representing
the agent’s objectives or goals), and intentions (representing the agent’s commitments
to particular courses of action). This framework has been highly influential in multi-
agent systems and provides a conceptual foundation for understanding deliberative
agency.

Contribution to Agency

The BDI architecture provides a principled separation between different aspects of
agency that enables sophisticated deliberative behavior. The distinction between
desires and intentions captures the important difference between having goals and
being committed to pursuing them, allowing agents to maintain multiple potential
objectives while focusing computational resources on committed plans [86]. This sep-
aration enables agents to engage in practical reasoning-the process of deciding what
to do based on their beliefs about the world and their desires about how it should be
changed.

BDI agents demonstrate sophisticated goal management capabilities, including goal
adoption, goal revision, and goal prioritization in response to changing circumstances.
The intention-based commitment strategies allow agents to persist in pursuing goals
despite temporary obstacles while remaining flexible enougli to abandon commitments
when circumstances change fundamentally [87]. The explicit representation of plans
as structured sequences of actions enables hierarchical reasoning and supports plan
repair and adaptation when execution encounters unexpected conditions.

The BDI framework has proven particularly valuable in multi-agent systems, where
agents must coordinate their beliefs, goals, and plans with other agents. BDI-based
coordination mechanisms enable agents to engage in joint planning, negotiate con-
flicting objectives, and maintain coherent shared mental models of collaborative tasks
[88].

Limitations and Implementation Challenges

Traditional BDI implementations face several significant challenges that limit their
applicability to complex, real-world domains. The original BDI models provide limited
mechanisms for handling uncertainty in beliefs, making them brittle in environ-
ments where information is incomplete or unreliable [89]. The assumption of discrete,
symbolic representations of beliefs and goals makes it difficult to integrate BDI archi-
tectures with modern perception and learning systems that operate on continuous,
high-dimensional representations.

Scalability represents another significant challenge. As the number of beliefs,
desires, and intentions grows, the computational complexity of practical reasoning
can become prohibitive. The need to maintain consistency across large sets of beliefs
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and to reason about complex interdependencies between goals and plans creates com-
putational bottlenecks that limit the applicability of BDI approaches to large-scale
problems [90].

The plan library approach used in many BDI implementations—where agents select
from pre-specified plans based on their current beliefs and intentions—limits adapt-
ability and requires extensive domain-specific engineering. This approach struggles in
novel environments where appropriate plans may not be available in the library, and
it provides limited mechanisms for learning new plans from experience.

Modern Manifestations in LLM-Based Agents

Contemporary LLM-based agents demonstrate interesting parallels to BDI architec-
tures, even when not explicitly designed around BDI principles. The ReAct framework
[91] embodies BDI-like reasoning patterns by maintaining beliefs about the current
state (through observations), pursuing desires (specified goals), and forming intentions
(action plans) in an iterative cycle. AutoGPT? and similar autonomous agents imple-
ment forms of goal management and plan execution that echo BDI deliberation cycles,
though using natural language representations rather than formal logical structures.

The Voyager agent [92] demonstrates particularly sophisticated goal-directed
behavior that resembles BDI planning, maintaining explicit skill libraries (analogous to
plan libraries) and engaging in hierarchical goal decomposition. These systems suggest
that the core insights of BDI architectures remain relevant, even as the implementation
substrate shifts from symbolic logic to neural language models.

Modern prompt engineering techniques often implicitly structure LLM reasoning
according to BDI-like patterns, encouraging models to explicitly represent their beliefs
about the situation, clarify their objectives, and outline their intended approach before
taking action. This suggests that the BDI framework captures important aspects of
deliberative reasoning that transcend particular implementation approaches.

2.3.4 Embodied Cognition and Situated Intelligence

The embodied cognition paradigm, championed by researchers like Brooks [39] and
Varela et al. [93], emphasizes that intelligence emerges from the dynamic interaction
between an agent’s physical body, its environment, and its control systems. This per-
spective argues that cognition is fundamentally grounded in sensorimotor experience
and that intelligent behavior requires real-time, closed-loop coupling with the physical
world rather than absiract, disembodied reasoning.

Contribution to Agency

Embodied approaches have contributed crucial insights about the nature of adaptive,
situated intelligence that inform modern understanding of agency. The emphasis on
real-time interaction highlights how intelligent agents must continuously adapt their
behavior based on immediate environmental feedback, rather than relying solely on
pre-computed plans or abstract reasoning [39]. This perspective reveals how seem-
ingly complex behaviors can emerge from the interaction between simple control

2https://g;ithub.com/Signiﬁcamt—Grawitas/AutoGPT
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mechanisms and rich environmental structure, demonstrating that intelligence can be
distributed across agent-environment systems rather than localized within the agent’s
computational architecture.

The subsumption architecture developed by Brooks [94] demonstrated how robust,
adaptive behavior could emerge from layered reactive systems without requiring
explicit symbolic representation or centralized planning. This work established impor-
tant principles about behavioral robustness, graceful degradation, and the importance
of tight coupling between perception and action that continue to influence robotics
and autonomous systems design.

Embodied cognition research has also emphasized the importance of developmen-
tal processes and experiential learning in shaping intelligent behavior. The idea that
cognitive capabilities emerge through accumulated sensorimotor experience provides
insights into how agents can acquire increasingly sophisticated behavioral repertoires
through environmental interaction [95, 96].

Integration with Modern Cognitive Architectures

While early embodied cognition research often positioned itself in opposition to sym-
bolic Al and abstract reasoning, contemporary research has moved toward more
integrated approaches that combine embodied interaction with sophisticated cognitive
capabilities. Modern robotics systems demonstrate how embodied agents can main-
tain rich internal models and engage in complex planning while remaining grounded
in continuous sensorimotor experience [97].

The integration of large language models with robotic systems represents a partic-
ularly significant development that bridges embodied and abstract cognition. Projects
like RT-1 [98] and PaLM-SayCan [99] demonstrate how language models can provide
high-level reasoning and planning capabilities while remaining grounded in perceptual
experience through robotic embodiment. These systems suggest that the opposition
between embodied and symbolic approaches may be a false dichotomy, with the
most capable agents requiring both grounded sensorimotor experience and abstract
reasoning capabilities.

Recent work on multimodal foundation models extends embodied principles to dig-
ital environments, creating agents that can perceive and act across multiple modalities
while maintaining colierent behavior [100]. These developments suggest that embodied
cognition principles—particularly the emphasis on closed-loop interaction and envi-
ronmental grounding-remain relevant even as the notion of “embodiment” expands
beyond physical robotics to include various forms of environmental interaction.

Synthesis and Future Directions

The evolution from isolated paradigms to integrated approaches represents the cur-
rent frontier in agentic Al research. Modern systems increasingly combine RL-style
learning and optimization with symbolic reasoning capabilities, BDI-like delibera-
tive architectures, and embodied interaction principles. Large language models serve
as a particularly important integration point, providing a common representational
substrate that can support symbolic reasoning, goal-directed planning, and natural
language interaction while being trainable through methods inspired by RL principles.
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This synthesis suggests that rather than replacing earlier paradigms, contemporary
agentic Al represents their culmination—addressing the limitations of each approach
while preserving their core insights. The challenge for future research lies in developing
principled frameworks for this integration that maintain the benefits of each paradigm
while avoiding their individual limitations.

2.4 Historical Perspective

Agentic Al does not emerge from a vacuum. The notion of computational agents
capable of autonomous behavior has evolved over decades, shaped by key milestones
in AI history. This section traces the evolution from the earliest symbolic reasoning
systems to the current wave of LLM-enabled agents, highlighting the continuity of
core ideas and the critical breakpoints that defined each new era.

1956
Logic
Theorist, 1987
GPS: SOAR: 1995 2017-20
problem cognitive BDI for- Transformers,
spaces architecture malization GPT-3
1970 1986-91 2013-16 2022-
SHRDLU: Behavior- Deep RL: LLM agent
interactive based DQN to scaffolds:
symbolic robotics AlphaGo ReAct,
agent AutoGPT,
Voyager

Fig. 3 Timeline of agent paradigms from 1956 to the prescut. Fach milestone marks the arrival of
a capability that later agent generations inherited rather than replaced.

2.4.1 Foundations and Evolution of Agent-Based Systems
(1950s—2000s)

Figure 3 summarizes the trajectory this section traces. If your page budget genuinely
forbids the figure, the fallback is to split 2.4.1 into four bolded run-in eras with explicit
date ranges, but the figure is the stronger answer to the review. The intellectual
roots of agentic Al lie in early efforts to create systems that could reason and solve
problems in a human-like way. The foundational era began with systems like Logic
Theorist and the General Problem Solver (1955-1957), which established the Problem
Space Hypothesis—a theory that goal-oriented behavior can be understood as selecting
operators within a defined problem space [101]. This groundbreaking work laid the
foundation for encoding reasoning as a formal computational process, establishing
principles that would guide agent design for decades to come.

Building on these theoretical foundations, SHRDLU (1968-1970) emerged as a
landmark interactive agent that operated in a simulated block world. Unlike its pre-
decessors, SHRDLU could process natural-language commands, manipulate virtual
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objects, and maintain conversational context, demonstrating that symbolic agents
could exhibit rich, context-aware behavior [102]. This system showed that agents could
not only reason about their environment but also engage in meaningful dialogue about
their actions and intentions, presaging modern conversational Al agents.

The 1980s witnessed the development of comprehensive cognitive architectures,
most notably SOAR, developed by Laird, Rosenbloom, and Newell. SOAR represented
a significant advancement in modeling general human-like intelligence, pursuing goals
through symbolic reasoning while incorporating chunking mechanisms for procedural
learning [103]. This architecture demonstrated that agents could learn from experience
and improve their performance over time, moving beyond purely reactive systems to
ones capable of adaptation and growth.

As the limitations of purely symbolic systems became apparent—particularly their
brittleness and inability to generalize to novel situations—the field underwent sev-
eral paradigm shifts. The introduction of Reinforcement Learning (RL) fundamentally
changed how researchers conceptualized agent learning, allowing agents to discover
optimal behaviors directly from interaction with their environment rather than rely-
ing solely on pre-programmed symbolic rules [48]. This shift represented a move from
top-down knowledge engineering to bottom-up learning from experience.

Concurrently, the behavior-based robotics movement, pioneered by Brooks and
others, challenged the prevailing assumption that complex internal world models were
necessary for intelligent behavior. These researchers emphasized embodied, reactive
agents that coupled sensing and action directly, demonstrating that sophisticated
behaviors could emerge from simple, reactive rules without explicit symbolic reason-
ing [39]. This approach proved particularly effective for real-world robotic applications
where rapid response to environmental changes was ciucial.

The formalization of agent architectures continued with the development of Belief-
Desire-Intention (BDI) frameworks, which provided a structured approach to modeling
intentional agents. These frameworks found particular success in applications requiring
explicit goal management and planning, such as autonomous drones and game Al
[86]. Meanwhile, research in multi-agent systems explored how multiple agents could
coordinate, negotiate, and exlibit social agency, laying the groundwork for modern
cooperative Al systems [38]. These developments recognized that many real-world
problems required not just individual intelligence but collective coordination and social
reasoning.

2.4.2 The LLM Revolution and Modern Agentic Synthesis
(2020s—Present)

The advent of Large Language Models marks a revolutionary breakpoint in the evo-
lution of agentic AI. The introduction of Transformer architectures enabled flexible
language understanding and emergent reasoning capabilities at an unprecedented scale
[104]. Models like GPT-3 demonstrated few-shot generalization abilities that seemed to
capture aspects of human-like adaptability, showing that sufficient scale and training
could produce systems with broad, general-purpose capabilities [80].

Modern agentic frameworks have emerged that use sophisticated scaffolding to
transform LLMs into true autonomous agents. AutoGPT pioneered the concept of
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self-directed task decomposition, autonomously breaking down high-level goals into
manageable sub-tasks without human intervention. BabyAGI implemented iterative
loops for task generation and prioritization, demonstrating how LLMs could engage in
metacognitive planning. More specialized systems like Voyager showed how LLM-based
agents could learn complex skills through continual exploration in challenging envi-
ronments like Minecraft [92], while PaLM-E demonstrated the integration of vision,
language, and action for embodied robotic manipulation tasks [105].

These modern systems approximate key agentic properties through innovative
techniques that combine the strengths of LLMs with structured reasoning processes.
Autonomy is achieved through self-looping task execution and iterative prompting
strategies [81]. Goal-directedness emerges from sophisticated prompt conditioning and
planning scaffolds that guide the LLM’s outputs toward specific objectives. Memory
capabilities are implemented through vector stores and retrieval-augmented gener-
ation, allowing agents to maintain and access long-term information [45]. Planning
abilities are enhanced through Chain-of-Thought and Tree-of-Thought reasoning,
which encourage systematic problem decomposition [81]. Feedback loops enable self-
critique and integration of external API responses, creating agents that can learn from
their mistakes and adapt their strategies.

The current synthesis in agentic Al represents a convergence of these historical
strands into cohesive architectures that leverage the best of each paradigm. Neuro-
symbolic planning integrates explicit logical reasoning with neural policy learners,
combining the interpretability and correctness guarantees of symbolic systems with
the flexibility and learning capabilities of neural approaches [79]. Continual and safe
learning pipelines alternate between closed-world simulations for safe exploration and
open-world fine-tuning under safety constraints, addressing the critical challenge of
deploying learning agents in real-world environments [106]. LLM-scaffolded agents use
sophisticated prompting techniques, tool-use APIs, and feedback loops to approximate
deliberation and reflection, creating systems that can reason about their own reasoning
[91].

The evolution of agentic Al reveals a pattern of paradigm shifts driven by fun-
damental methodological innovations and expanding computational capabilities. The
transition from symbolic to embodied systems in the 1990s, catalyzed by Brooks’s
behavior-based robotics [39], established embodiment as a core principle of intelligence.
The shift from symbolic to learning-based approaches through the resurgence of Rein-
forcement Learning provided agents with adaptive capabilities [48]. Most recently, the
emergence of LLM agents has endowed systems with broad world knowledge, few-shot
adaptability, and sophisticated reasoning capabilities at scale [81, 104].

Looking forward, the long-term goal remains the unification of symbolic guarantees
of correctness, RL’s adaptive learning capabilities, embodiment’s situated intelligence,
and LLMs’ world knowledge and reasoning abilities. Achieving this synthesis will
require continued advances in hybrid architectures, safety-centered design principles,
and standardized benchmarks that measure true agentic competence in open, dynamic
environments. The trajectory of agentic Al suggests that future breakthroughs will
come not from any single approach but from increasingly sophisticated integrations
that leverage the complementary strengths of different paradigms.
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3 Taxonomy of Agentic AI Systems

Categorization of agentic Al systems can be approached along several dimensions, the
most fundamental of which are level of autonomy, cognitive capability, and environment
interaction.

3.1 Level of Autonomy

A key dimension for classifying agentic Al systems is their level of autonomy—the
degree to which they can operate and make decisions independently of external human
control. This axis allows us to differentiate simple tool-like agents from complex, self-
directed systems. In the AI context, autonomy refers to an agent’s ability to set,
pursue, and adapt its own actions with minimal human intervention and to respond
to dynamic environments without explicit step-by-step direction [64]. These varying
levels of autonomy are made possible by different underlying agent architectures:

® Reactive Architectures are characterized by stimulus-response mechanisms
without internal state maintenance. These systems employ direct perception—action
loops, excelling in dynamic environments that require immediate responses (e.g.,
obstacle-avoidance robotics, simple chatbots). Their primary limitation is an
inability to handle novel situations due to a lack of strategic planning [39].

® Deliberative Architectures enable more advanced behavior by maintaining com-
plex internal world models. This allows them to engage in means—end reasoning
and multi-step planning to achieve goals. Examples inclinde autonomous vehicles
performing route optimization or systems using game-theoretic decision-making [64].

® Hybrid Architectures combine reactive and decliberative components to gain
the benefits of both. For example, a warehouse robot might use reactive obsta-
cle avoidance for safety while using deliberative path planning for efficiency. This
reactive-deliberative layering has a long pedigree in robotics, where three-layer
architectures separating control, seqiiencing, and deliberation became the standard
resolution of the tension between responsiveness and foresight [94, 107]. A recent
review of autonomy in robotics through cognitive architectures reaches a comple-
mentary conclusion from the lifelong-learning side: sustained autonomy in open
environments requires architectures that integrate motivation, memory, and learn-
ing, rather than any single planning mechanism [77]. These architectural foundations
give rise to the following taxonomy of autonomy levels.

The complete taxonomy of autonomy levels is presented in Table 1, with Figure 4
providing a visual ladder representation. The six-level scheme in Table 1 is our own
construction, though it deliberately inherits the logic of graded-autonomy frameworks
that precede it. Its closest relatives are the SAE J3016 levels of driving automation
[108], the autonomy dimension of the Levels of AGI framework [109], and the agent-
level scale of Mitchell et al. [110], all of which grade systems by how much decision
authority is ceded to the machine. Our formulation differs in two design choices. Lev-
els here are defined by the locus of decision authority and the oversight mechanism
attached to it, approval gating at L2, monitored override at L3, bounded indepen-
dence at L4, because these correspond to distinct engineering controls rather than to

20



L5: General Autonomy. Open-ended goal genera-
A tion; continual learning; self-directed tool acquisition.

L4: Full (Bounded) Autonomy. Long-horizon replan-
ning; persistent memory; self-monitoring within scope.

L3: Supervised Autonomy. Full plan-act-observe loop;
tool use; episodic memory; with human monitoring.

L2: Conditional Autonomy. Explicit goal representa-
tion; short-horizon planning; human approval at key steps.

increasing autonomy

L1: Assisted Automation. Condition-action rules;
minimal state; human initiates and supervises action.

L0O: No Autonomy. Fixed input-output mapping; no internal state; no planning.

Fig. 4 Autonomy ladder for the levels of Table 1, ascending from LO (no autonomy) to L5 (general
autonomy). Each level lists the core functional components an agent must add to reach it; levels are
cumulative, so each level presupposes the components below it.

application domains. And each level is paired with the architectural basis that makes
it attainable, which domain-specific schemes such as J3016 do not attempt. Where
our levels overlap with prior schemes, this reflects convergence on a natural structure
rather than adaptation of any single source.

Most current LLM-based agents like AutoGPT and Voyager (see Table 5 for
detailed comparison) operate at Level 2 or 3, showing incieasing capability but remain-
ing constrained by reliability and supervision needs. Embodied agents in robotics show
progress toward Level 4 but typically only in narrow domains. As such, Level 5 auton-
omy remains a theoretical aspiration, as no current agent can reliably demonstrate
open-ended, self-directed autonomy with the required safety. It is crucial to remem-
ber that autonomy is a necessary but not sufficient condition for agency; it must be
paired with other properties like goal-directedness and planning to constitute a truly
agentic system.

3.2 Cognitive Capabilities

Recent Al research converges on three core cognitive capabilities—planning, memory,
and learning-that together shape how agentic a system can become. These capabilities
help distinguish between simple reactive agents and more sophisticated deliberative
and reflective ones. Cutting-edge language-and-tool agents combine sophisticated plan-
generation, long-horizon recall, and self-improvement loops. Cognitive capability is
orthogonal to autonomy; an agent can be highly autonomous but cognitively simple,
or highly sophisticated but require a human-in-the-loop. Perception is deliberately not
a fourth axis in this taxonomy, and the choice deserves an explicit defense, since one
could reasonably argue for the alternative. Our reasons are two. First, as Section 2.2.1
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Level Description Architectural Basis Example Systems
LO: No  The system acts only in direct =~ Non-agentic; purely  Search engines, calcu-
Autonomy response to human commands, tool-based execution. lators.
with no decision-making.
L1: The agent performs predefined Simple reactive logic =~ Smart home routines,
Assisted actions with limited condi- (if-then rules). autocomplete.
Automa- tional logic while a human
tion remains in control.
L2: Con- The agent executes action Rudimentary delibera- AutoGPT with Y/N
ditional sequences but requires human tive planning, with a gating, human-in-the-
Autonomy approval at key steps. human-in-the-loop for loop RL agents.
validation.
L3: Super- The agent autonomously Deliberative or hybrid Self-driving cars with
vised selects and executes actions systems operating in  human fallback, enter-
Autonomy but operates under human complex environments prise Al agents.
monitoring with override capa-  where human fallback
bilities. is a safety feature.
L4: The agent operates indepen- Robust deliberative or  Industrial process con-

Full(Bounded)dently within a predefined

hybrid  architectures

trollers, some robotic

Autonomy scope, pursuing goals and designed for a specific, systems.

adapting  without  human constrained domain.

involvement.
L5: Gen- The agent operates indepen-  Advanced, general Advanced LLM
eral dently in open-ended environ-  deliberative architec- = research prototypes
Autonomy ments, setting and pursuing its  ture with robust safety  only.

own goals.

and alignment.

Table 1 Taxonomy of Autonomy Levels

argues, perception is the precondition on which planning, memory, and learning oper-
ate: an agent cannot plan over states it canuot represent, store experiences it never
registered, or learn from feedback it cannot sense. Grading it in parallel with the
capabilities it enables would misstate that dependency. Second, the taxonomy already
carries the perceptual channel at a higher level, since modality is an explicit dimension
of the system comparison in Table 5, and a perception axis here would double-count it.

That said, perceptual gronnding does vary in depth, and the variation is worth
stating rather than leaving implicit in the modality column. Agents ascend from static
ingestion of text or retrieved documents, through passive multimodal fusion of vision,
language, and audio encoders, to online state estimation that maintains a world model
from noisy and partial observations, the canonical case being SLAM [17], and finally to
active perception, in which the agent directs its own sense to resolve ambiguity [111].
This depth acts as a ceiling on the other three axes. A Tier 5 planner grounded only
in static text can plan fluently about a world it cannot verify, which is one root of the
hallucination failures discussed in Section 6.3. We therefore treat perceptual depth as a
precondition that scales the reachable range of the three cognitive axes, not as a fourth
independent axis. Below, we taxonomize each capability on an increasing-capability
ladder to guide evaluation and risk analysis.
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3.2.1 Planning Capability

Planning measures how far ahead an agent can reason, decompose goals, and choose
actions. Table 2 presents a taxonomy of planning tiers, and the ordering is not arbi-
trary: the tiers are separated by four cumulative criteria, and each tier crosses exactly
one new threshold relative to the one below. The thresholds are whether the agent
(1) plans at all beyond single-step stimulus-response, (2) searches over future states
using an explicit model of action effects, (3) revises its plan during execution in
response to observations, and (4) critiques and repairs its own plans without an exter-
nal trigger. Read this way, Tiers 0 through 3 recover a familiar structure from the
planning and control literature: they mirror the reactive, sequencing, and deliberative
layers of classical three-layer robot architectures [107], and the classical, hierarchical,
and probabilistic families of automated planning [44]. Tiers 4 and 5 are where the tax-
onomy leaves that lineage behind, since interleaved natural-language reasoning over
tool calls [91] and self-reflective plan repair [112] have no counterpart in pre-LLM
control stacks; a recent survey organizes exactly this newer territory into task decom-
position, plan selection, external planners, reflection, and memory [113]. Canonical
systems anchor each tier: deep-Q Atari agents at Tier 0 [46], STRIPS and HTN plan-
ners at Tier 2 [66], AlphaGo at Tier 3 [47], ReAct-scaffolded agents such as AutoGPT
at Tier 4 [91], and Reflexion at Tier 5 [112]. Modern agents increasingly move beyond
simple reward maximization by explicitly generating and revising plans, often in nat-
ural language, including hierarchical task decomposition (AutoGPT) and automatic
curriculum generation for exploratory planning (Voyager).

Table 2 Planning capability tiers. Each tier crosses exactly one new threshold relative to the tier below

it (second column).

Characteristic methods

Planning tier Distinguishing criterion Illustrative systems

Tier 0: Reactive No lookahead; direct Model-free policies Deep-QQ Atari agents
stimulus-to-action - iap- [46]
ping
Tier 1: Scripted Fixed action sequences; no  Hard-coded task graphs; Home-automation
sequencing model of action eifects IF-THEN rules routines
Tier 2: Symbolic /  Explicit action model; Total-order and Industrial logistics
HTN complete plan computed  hierarchical-task-network planners

before execution planners [44, 66]

Tier 3: Search-
enhanced RL

Tier 4: LLM-
guided CoT /
ReAct

Tier 5: Self-
reflective planning

Model-based  lookahead
search during execution

Plan revision interleaved
with acting and observing

Self-generated critique
and repair of own plans

Monte Carlo tree search;
model-based rollouts [114]
Chain-of-Thought, Tree-
of-Thought, ReAct [81,
91]

Reflexion and related
refinement loops [112]

AlphaGo /  Alp-
haZero [47, 52]
AutoGPT, BabyAGI

Early research proto-
types
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3.2.2 Memory Capability

Memory scopes how much past context an agent can retain, retrieve, and manipulate.
Table 3 presents the different memory capability layers, from working memory through
episodic and semantic to continual memory across tasks. This capability ranges from
stateless reactive agents to systems with complex human-like memory architectures.
Some advanced agents, like PhiloAgents, implement dual memory systems with both
short-term working memory and long-term storage for skill retention (corresponding to
multiple layers in Table 3). It is worth making explicit how this engineering taxonomy
relates to the established cognitive science of memory, since the correspondence is
close but not exact. Human memory research distinguishes a sensory register and
a capacity-limited working memory [115, 116], long-term declarative memory split
into episodic and semantic forms [117], and non-declarative procedural memory for
skills [118]. The working, episodic, and semantic layers of Table 3 map directly onto
their human counterparts, and the skill libraries of agents such as Voyager [92] are
a genuine analogue of procedural memory, which is why we list them as a separate
layer. Two divergences are deliberate. Sensory memory has no persistent analogue
in current agent stacks; its functional role is absorbed by the perceptual encoders of
Section 2.2.1, which transform raw input before anything is stored. And the continual
layer is an engineering category concerned with retaining competence in model weights
across task distributions [119], closer to consolidation than to a distinct store. Human
consolidation gradually transforms episodic traces into semantic knowledge, whereas
agent memories typically remain verbatim and perfectly retrievable, which changes the
forgetting dynamics considerably. Recent surveys of agent memory adopt a comparable
mapping between human memory systems and agent implementations [120].

Memory Layer Typical Mechanisms Representative Work
Working Transformer context window; scratchpad tokens Standard ChatGPT session
Episodic (Short-term) In-prompt buffers; ISON logs; reflection notes Reflexion agents
Episodic (Long-term) Vector-store + retrieval (RAG); prioritized replay ~ Voyager in Minecraft
Semantic / Knowledge External KBs; symbolic fact bases; OS-style pag- BDI knowledge stores,
ing of memories (MemGPT) MemGPT
Procedural / Skill Skill libraries; cached tool routines; fine-tuned — Voyager skill library [92]
policies
Continual Across Tasks Elastic-Weight-Consolidation ~ [119];  selective —
replay

Table 3 Memory Capability Layers

3.2.3 Learning Capability

Learning captures an agent’s capacity to improve over time through gradient updates,
episodic rehearsal, meta-reasoning, or reinforcement signals. Table 4 outlines the
learning capability stages, from fixed systems with no updates (Stage 0) through
to meta-learning agents that learn how to learn (Stage 5). This can manifest as
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goal-oriented RL via iterative prompting (e.g., BabyAGI, which employs Stage 3 in-
context self-improvement) or embodied learning via visual-language pretraining (e.g.,
PaLM-E).

Learning Stage Core Technique Example & Evidence

Stage 0 — Fixed No update post-deployment Static retrieval bots

Stage 1 — Offline Fine-Tuning Supervised or RL-from-HF GPT, Claude

Stage 2 — Continual / Lifelong EWC-  Regularization Rehearsal for memory retention

based systems

Stage 3 — In-Context  Self- Self-reflection or verbal RL (Reflexion) Reflexion agents

Improvement

Stage 4 — Autonomous RL Loops Self-training with synthetic data AlphaGo  self-play;  self-improving

LLMs

Stage 5 — Meta-Learning Agents learn how to learn and adapt hyper- Iterative self-evaluation prototypes

strategies

Table 4 Learning Capability Stages

Synthesis Across the Three Axes - Ultimately, planning provides foresight, mem-
ory provides persistence, and learning provides adaptivity. Figure 5 visualizes how
different agentic systems (AutoGPT, Voyager, BabyAGI, PaLM-E, OWA, and SOAR)
compare across these three cognitive capability dimensions. Most production agents
today operate at Tier 2-3 planning, use episodic/semantic memory, and employ Stage
1-2 learning. As shown in Figure 5, experimental systems that score high on all three
axes approach the upper corner of agentic capability but also introduce significant
safety and alignment challenges. The six systems in Figure 5 and Table 5 were selected
to anchor the taxonomy, not to survey the field. Together they cover each architectural
type at least once, span text, web, desktop GUI, and embodied modalities, include
both closed- and open-world deployments, and add one pre-LLM cognitive architec-
ture, SOAR, as a historical baseline. Many other systems can be placed on the same
axes, and the benchmark landscape of Section 6.6 covers the field far more broadly.

3.3 Environment Interacticn: Closed-World vs. Open-World
Settings

Modern agentic Al operates along a spectrum that ranges from closed-world
environments—fully modeled, static, and exhaustively specified-to open-world settings
that are dynamic, partiaily observed, and rich with unmodeled novelty. Classical sym-
bolic and probabilistic planners historically assumed perfect knowledge of all objects
and facts, giving rise to the so-called closed-world assumption (CWA) in automated
planning and reasoning [121]. Over the last decade, however, robotics and embodied-Al
research have shifted toward open-world formulations that confront unknown objects,
evolving goals, and stochastic physics, motivating new work in open-set perception,
continual learning, and robust reinforcement learning [122, 123]. This subsection sur-
veys the two extremes, explains why most practical deployments now lie somewhere
in between, and highlights techniques that bridge the gap.
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Learning

Memory

Planning

—— AutoGPT —— Voyager -—- BabyAGI
—— PaLM-E — OWA -- SOAR

Fig. 5 Qualitative comparison of agent architectures on Planning, Memory, and Learning capability
(0 to 5 scale, see Table 5). PaLM-E and Voyager show the strongest Learning scores, while SOAR
trails on Planning and Learning despite a competitive Memory score.

3.3.1 Closed-World Interaction

Closed-world agents operate in environments whose state variables, object sets, and
transition dynamics are explicitly enumerated at design time, often inside simula-
tions or tightly controlled physical setups. STRIPS-style planners, least-commitment
planners, and partial-order planners all exploit CWA to prune search and guarantee
completeness in deterministic domains [124, 125]. Extensions such as PSIPOP relax
the assumption slightly by permitting partially closed worlds—yet they still rely on
predefined object universes and deterministic sensing actions [126]. In robotics, CWA
simplifies task-and-motion-planning pipelines where the map, manipulable objects,
and the robot’s kinematics can be encoded once into PDDL; planners then generate
provably correct action sequences as long as exogenous disturbances are absent [127].
While these guarantees enable reliable factory automation and warehouse logistics,
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Closed-World Open-World
Known objects/classes Novelty, OOD shifts
Deterministic dynamics Partial observability
Formal planning (STRIPS/PDDL) OWOD, continual RL

Y

Domain randomization = Curriculum learning  Sim—Real transfer =~ Safety constraints

Fig. 6 Contrasting closed- and open-world settings with common bridging techniques.

they falter in the face of unexpected objects or structural changes, producing brittle
behavior that can require human intervention or costly re-modeling [121].

3.3.2 Open-World Interaction

Open-world agents drop the exhaustive-knowledge premise and must detect, learn,
and adapt online. Perception research tackles recognition through open-world object
detection (OWOD), which simultaneously labels known classes and flags novel ones for
incremental learning [128]. At the control level, lifelong and continual reinforcement
learning frameworks expose agents to non-stationary task streams, pushing algorithms
to retain past skills while acquiring new ones without catastrophic forgetting [129, 130].
Surveys of deep RL in real-world robotics highlight recurring challenges such as partial
observability, safety constraints, and shifting dynamics [131, 132]. Planning research
has responded with knowledge-based and sensing-augmented planners that reason over
incomplete and uncertain world states, abandoning CWA in favor of representations
that explicitly track epistemic uncertainty [133]. In fully open worlds the task set itself
cannot be enumerated in advance, which is why intrinsically motivated open-ended
learning, where agents generate their own goals from novelty, competence, or learning
progress, has become central to this setting [27, 28, 76].

3.3.3 Bridging the Gap

Few real deployments are purely closed or purely open; instead, designers increasingly
rely on closed-to-open pipelines (see Figure 6. Agents train in simulator sandboxes
where CWA holds,; then transfer into messier reality via domain randomization,
curriculum learning, and sim-to-real adaptation techniques illustrated in Figure 6
[106, 134]. Robotics work shows that dynamics-randomized policies can retain task
competence after export while remaining plastic enough to adapt online through safe,
on-policy updates [106]. Recent planners embed learning components that rewrite
or augment symbolic domain models when unexpected objects or effects appear,
effectively toggling between closed-world efficiency and open-world flexibility at run-
time [121, 133]. Reinforcement-learning studies in highly dynamic arenas—e.g., crowd
navigation or agile drone racing—emphasize robust policy improvement under non-
stationary transitions and delayed, sparse rewards, echoing open-world desiderata
while still leveraging structured priors from closed-world simulations [135, 136].
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3.4 Comparative Analysis of Prominent Systems

Table 5 provides a comprehensive comparison of six prominent agentic Al systems
across multiple dimensions including autonomy level, cognitive features, modality,
environment type, and applications. A terminological note is needed here, because two
different properties are easily conflated. The second column of Table 5 records each
system’s architectural type, a design property fixed by its developers. Autonomy level
in the sense of Table 1 is instead an operational property of a deployment: it depends on
how the architecture is gated, scoped, and supervised, and the same architecture can
be run at different levels. AutoGPT is architecturally hybrid, for instance, yet operates
at L2 or L3 depending on whether approval gating is enabled, while a far simpler
industrial controller can legitimately occupy L4 within its narrow scope. Architecture
constrains the autonomy levels a system can reach; it does not determine the level at
which it is operated.

System Architectural Key Cognitive Fea- Modality Environment  Applications
Type tures

AutoGPT Hybrid Task  decomposition, Text/Web Open-world Research automation,
web tool calling content generation

Voyager Deliberative Skill library, automatic ~ Embodied Open-world Game AI, embodied
curriculum (Minecraft) learning

BabyAGI Deliberative Iterative  prompting, Text Closed-world Task management,
goal chaining process automation

PaLM-E Hybrid Multimodal fusion, Embodied Both Manipulation, VQA
embodied learning (robotics)

OWA Reactive Real-time screen pro-  Desktop GUI Open-world Desktop automation,
cessing, plugin system UI testing

SOAR Deliberative Symbolic reasoning, Text Closed-world Cognitive  modeling,
problem spaces expert systems

Table 5 Comparative Analysis of Agentic Al Systems

3.5 Descriptive Taxonomy versus Functional Modeling

The taxonomy developed in this section is a map, and maps are useful only for the
journeys they were drawn for. Classifying a system by its autonomy level, planning tier,
memory layers, and environinent type tells us what components and capabilities it has.
That supports comparison across systems, exposes gaps in the design space, and gives
the field a shared vocabulary. What it does not tell us is what the deployed system
does, in the sense that matters for prediction and risk: which objective the closed loop
actually optimizes, which feedback signals it consumes, which environmental variables
it can change through its tools, and which failure modes remain stable under repeated
interaction and distribution shift. The point echoes Marr’s classic observation that
a computational system admits several levels of description and that the right one
depends on the explanatory goal [137]. A compositional description of a lower limb
in terms of tissue, bone, and connective structure can be locally accurate at every
point, yet it cannot express what a load-bearing structure is for, nor predict how it
fails under a sustained shearing force. The same holds for agents.
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The two descriptions come apart in both directions. A system occupying a modest
position in our ladders, say L2 conditional autonomy with Tier 4 planning and episodic
memory, may nonetheless implement a functionally hazardous loop: persistent goal
pursuit through external tools, strategic information gathering, self-reinforcing feed-
back between its outputs and its future inputs, or optimization against an objective
that is underspecified in exactly the situations that matter [56, 138, 139]. Conversely,
a system may rank highly on every capability axis while remaining functionally brit-
tle or simply irrelevant to the domain at hand. Taxonomic position is therefore a
weak proxy for behavioral risk, and coverage in Tables 1 through 5 implies neither
behavioral completeness, nor safety completeness, nor alignment completeness.

When should classification give way to functional analysis? We identify eight
conditions. Any one of them weakens the taxonomy as the primary unit of anal-
ysis; several in combination make functional modeling mandatory: (i) long-horizon
action, where small errors compound; (ii) open-world deployment, where states and
objects cannot be enumerated in advance (Section 3.3); (iii) high-impact intervention
capacity through tools, APIs, or actuators; (iv) ambiguous or changing objectives;
(v) multi-agent interaction with emergent collective dynamics; (vi) limited or delayed
human oversight; (vii) self-modification or extension of the agent’s own toolchain; and
(viii) safety-critical consequences of failure. Under these conditions the operative ques-
tion is no longer whether the agent “has” planning or memory in some taxonomic
sense, but what closed-loop function the deployed system implements.

Functional modeling, as we intend it, means specifying the loop rather than the
parts: the objective as actually instantiated, the perception and feedback channels, the
action interface and its scope, the invariants that must hold across the loop, and the
empirical behavior of that loop over long, tool-using, adversarially perturbed episodes.
This is precisely the verification target adopted in Section 7.1 and the measurement
gap driving the open challenges of Section 6.7, and the tool interface of Section 4.4 is
its natural locus, since that is where the internal state becomes the external action.

4 Technologies Behind Agentic AI Systems

Agentic Al systems are powered by a combination of technologies that allow them to
act more like autonomous decision makers than static tools. These systems can under-
stand goals, plan steps, remember what happened before, use tools, and sometimes
even interact with the physical world. It is useful to group these technologies by the
functional role they play rather than to treat them as a flat list, because they are not
all “technologies” in the same sense. We distinguish: (i) the reasoning substrate
(large language models that interpret goals and generate candidate actions); (i) the
memory substrate (short-term context and long-term retrieval); (i) the deliber-
ation layer (planning and decision-making algorithms); (iv) the action interface
(tools, APIs, and actuators through which the agent changes its environment); (v) the
integration layer (development frameworks and interoperability protocols that com-
pose the above into deployable systems); and (vi) the embodiment and modality
extension (perception and action across vision, audio, and the physical world). Of
these, (1)—(iv) and (vi) are capability-enabling technologies, whereas (v) is engineering
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scaffolding that orchestrates them; we include it because production agentic behavior
is in practice a property of the whole stack. Below, we examine each in turn.

4.1 Reasoning Engine

Large Language Models (LLMs) such as GPT-4, Claude, and PaLM serve as the
reasoning substrate of many contemporary agentic systems. Acting like the agent’s
deliberative core, they interpret language, generate candidate sub-tasks, and select
among next steps. These LLMs can break larger tasks into smaller steps, reflect on their
previous steps, and decide what to do next. In systems like Auto-GPT or BabyAGI, the
LLM does not merely answer a question; it iteratively plans and executes multi-step
tasks. As shown in Figure 1, these components work together in an integrated work-
flow in which the LLM reasoning engine coordinates with memory systems, planning
modules, and tool interfaces.

This central role must be stated carefully, because taken naively it appears to con-
tradict the characterization of agentic Al as systems that autonomously define their
own goals (Section 2.2). A pre-trained LLM is trained on human-generated text and
responds to human-supplied prompts; it does not originate its own terminal objectives
independently of a user or operator. We resolve the apparent tension by distinguishing
two senses of autonomy, following the intrinsic-versus-extrinsic motivation distinction
introduced in Section 2.1.1. Current LLM-centered agents exhibit operational (instru-
mental) autonomy: given a delegated, human-specified objective, they autonomously
decompose it, decide intermediate sub-goals, choose tools, and recover from failures
without step-by-step human direction. They do not exhibit constitutive autonomy in
the strong Kantian or open-ended-learning sense of originating their own ends; that
capacity is precisely what distinguishes the aspiratiounal L5 “general autonomy” of
Figure 4, which no current system attains. Under this reading there is no contradic-
tion: the LLM is central to the competence of present-day agents, their ability to reason
and plan in service of delegated goals, while genuine self-origination of goals remains
an open, largely unrealized frontier addressed by intrinsically motivated open-ended
learning [27, 28]. Prompt-delegated goal-direction is thus best understood not as full
autonomy but as a bounded foim of it, and we use the LO-L5 ladder rather than a
binary autonomous/non-autcnomous label precisely to make this gradation explicit.
We return to the deeper gquestion of whether such systems understand their objectives,
as opposed to competeutly pursuing them, in Section 6.4.

4.2 Memory

For an agent to be effective, it needs memory. As illustrated in Figure 2, memory
serves as a cross-cutting concern across all architectural layers. Specifically, agentic Al
uses two broad types of memory:

Short-term memory: Short-term memory refers to the information an agent
can hold temporarily within its current working context. For language-model-based
agents, this is typically the content of the model’s token window: the recent conver-
sation, instructions, or steps in a plan. This memory enables agents to track ongoing
interactions, follow dialogue threads, and maintain awareness of the immediate task.
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While it allows fluid exchanges and simple planning, it is inherently limited by the
model’s context size, which constrains reasoning over long timelines or multi-step
tasks.

Long-term memory: Long-term memory lets agents go beyond their short-
term context by storing and retrieving information from external stores. Table 3 details
the various memory layers, including episodic (short- and long-term), semantic/knowl-
edge, and continual capabilities. This is often implemented with vector databases and
approximate nearest-neighbor (ANN) search: FAISS provides efficient billion-scale sim-
ilarity search on GPUs [140], while graph-based ANN indices such as HNSW underpin
systems like Pinecone and enable low-latency retrieval at scale [141]. Chunks of past
data, documents, task history, or user interactions, are stored as embeddings; when
the agent needs relevant information, it performs a similarity search to bring the right
content back into its working context. This retrieval-augmented generation (RAG)
mechanism [45] helps agents act more intelligently over time. More recent designs treat
the context window itself as a managed resource: MemGPT, for instance, borrows
operating-system paging ideas to move information between a limited context and
external storage, giving the agent an explicit memory hierarchy [142]. For example,
an agent assisting with legal research can recall documents it previously summarized,
enabling continuity and avoiding duplication.

4.3 Planning and Decision-Making

Planning is the technology that converts a goal into an executable sequence of actions
and revises that sequence when execution does not go as expected. A typical agentic
loop interleaves planning with acting and observing: the agent proposes a plan, exe-
cutes a step, observes the result, and replans as needed. For exainple, if a web search
fails, the agent can revise the query or try a different approach. This loop, plan, act,
observe, replan, enables agents to work on complex, multi-step tasks with minimal
human guidance, making them far more flexible and autonomous.

To enable this kind of planning, agentic systems draw on techniques from symbolic,
search-based, evolutionary, and learning-based Al. Commonly used methods include:

e Monte Carlo Tree Searcli (MCTS): MCTS incrementally builds a search tree
by simulating many possible action sequences and selecting promising ones via the
UCT exploration—exploitation rule [114, 143]. It is especially useful in large, uncer-
tain decision spaces such as games and simulations, where exhaustive search is
impractical, and it underpins the planning component of systems like AlphaGo [47].

e PDDL (Planning Domain Definition Language): PDDL is a formal lan-
guage for describing planning problems, goals, constraints, and allowed actions, that
enables symbolic, abstract reasoning [44]. It is well suited to structured environ-
ments such as robotics and workflow automation, where it underpins integrated
task-and-motion planning [18], and is increasingly paired with LLMs that translate
natural-language goals into PDDL for a classical planner to solve [144].

¢ Rolling Horizon Evolutionary Algorithms (RHEA): RHEA uses evolution-
ary strategies to evaluate and improve short action sequences over a sliding time
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window [145]. It is effective in dynamic settings where the agent must adapt quickly
by testing and refining plans on the fly.

e LLM-based planning: Chain-of-Thought, Tree-of-Thought, and ReAct-style
interleaving of reasoning and tool calls let LLMs generate, branch over, and revise
plans expressed in natural language [81, 91|, and self-reflective methods add explicit
plan critique and repair [112].

® Hierarchical and option-based methods: Hierarchical RL and the options
framework provide temporal abstraction, letting an agent plan over extended
sub-policies rather than primitive actions [60, 61].

These methods allow agents to make deliberate decisions rather than merely react-
ing to each situation as it arises, and they span the symbolic, search-based, and
learning-based traditions surveyed in Section 2.3.

4.4 Using Tools and APIs

A defining advance in agentic Al is the ability to use external tools. Instead of only
reasoning, the agent can act: search the web, run a calculator, call an API, or write
and execute code. This is realized through two main mechanisms. Function calling
exposes a set of typed functions that the model can invoke with structured arguments
when appropriate, so that the LLM’s output is converted into a concrete external
action; modern model APIs support this natively. Plugin systems give the agent
access to a broader, often open-ended catalog of external services and applications.
The capacity to learn when and how to call tools can itsell be trained: Toolformer
shows that a model can teach itself, in a self-supervised mianuer, to decide which API
to call, when, and with what arguments [146], while the ReAct paradigm interleaves
tool calls with reasoning traces so that observations from tools inform subsequent
reasoning [91]. Interoperability is increasingly standardized through protocols such as
the Model Context Protocol (MCP) [147] and agent-to-agent (A2A) interfaces, which
provide a uniform way to connect agents to tools and to one another. Tool use is what
makes agents capable of real work rather than advice alone, but it is also the action
interface through which an ageut changes the world, and therefore, as Section 3.5
argues, the locus at whicli functional safety analysis matters most.

4.5 Agent Development Frameworks

Beyond individual capabilities like reasoning, memory, and planning, recent progress
has produced development frameworks that operationalize these primitives into full-
fledged agentic systems. Frameworks such as LangGraph [148], AutoGen (AG2) [149],
CrewAlI [150], the OpenAl Agents SDK [151], Semantic Kernel [152], Llamalndex
[153], Haystack [154], and AgentScope [155] provide abstractions for orchestration,
tool use, and multi-agent collaboration. They differ in orchestration primitives (e.g.,
graphs, handoffs, pipelines), protocol support (notably the Model Context Protocol,
MCP [147], and Agent-to-Agent interoperability, A2A), and enterprise integration.
Unlike the capability-enabling technologies above, these frameworks are best under-
stood as the integration layer: they do not add new cognitive capabilities so much as

32



standardize how existing ones are composed, which is what bridges research proto-
types and production systems. We summarize the development stack as a metro-map
in Figure 7, where MCP and A2A act as interchanges connecting frameworks to
downstream applications and to other collaborating agents.

Frontier Open-source VLMs/ Toolformer/
LLMs LLMs Multimodal APIs

Reasoning } { Memory } Planning Tool Use }

AG2 OpenAl Semantic Llamalndex/
Leng@repla (AutoGen) el J Agents SDK { Kernel J Haystack
Model Context Agent-to-Agent
Protocol (MCP) Protocol (A2A)
Autonomous Creative Web/Browser Copilots
Research Systems Automation (HCI/Dev/Med)

Fig. 7 Metro-map of the agentic AI ecosystem, organized as five stacked layers. The Mod-
els layer holds the foundation reasoning substrates (frontier and open-source LLMs, vision—
language/multimodal models, and tool-augmented models); the Primitives layer exposes the core
agent capabilities (reasoning, memory, planning, and tool use); the Frameworks layer collects devel-
opment stacks (LangGraph, AutoGen/AG2, CrewAl, the OpenAl Agents SDK, Semantic Kernel,
and Llamalndex/Haystack); the Protocols layer contains the Model Coutext Protocol (MCP) and
the Agent-to-Agent (A2A) protocol; and the Applications layer lists dowunstream deployments
(autonomous research, creative systems, web/browser automation, and copilots). MCP and A2A are
drawn as highlighted interchange stations because they connect frameworks both to one another and
downstream to applications. Vertical edges trace how capabilities compose upward from models to
deployed applications, emphasizing that production agentic behavior is a property of the whole inte-
gration stack rather than of any single framework.

4.6 Multimodal and Embodied Agents

Some agents go beyond text: they see, hear, and act in the world. These multimodal
and embodied agents combine perception across modalities with physical or simulated
action, representing the point at which the reasoning substrate is extended through
embodiment. Vision-language models such as PaLM-E inject continuous sensor and
image embeddings directly into a language model, so that a single model can reason
jointly over text and perception to produce robot-control plans [105]. A rapidly growing
line of robotics work grounds language-model reasoning in real manipulation: PaL.M-
SayCan combines an LLM’s task knowledge with learned value functions that estimate
which low-level skills are actually feasible in the current physical state, so that the
agent proposes only actions it can execute [99]; RT-1 trains a transformer policy on
large-scale real-robot demonstrations to map images and instructions to actions [98];
and RT-2 shows that vision—language models pre-trained on web data can be co-
fine-tuned as vision-language—action models, transferring semantic knowledge from
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the web to robotic control [156]. Underlying all of these is the embodied-perception
loop discussed earlier, including SLAM for spatial grounding [17], which lets an agent
localize, map, and act in environments that are never fully specified in advance. Such
systems open possibilities for AI that can assist in homes, hospitals, warehouses, and
other physical settings, while also inheriting the open-world and safety challenges of
Sections 3.3 and 3.5.

5 Applications of Agentic Al

Agentic Al has shown distinctive potential across multiple domains by autonomously
performing complex roadmaps through multistage reasoning, adapting planning, and
fusion of ideal tools. Traditional AT models operate in defined tasks, whereas agentic
AT exhibit independence while making crucial decisions for the external environment,
which enables the system to tackle real-world problems. In this section, we study
the application of agentic AI, which is diverse and rapidly expanding in multiple
fields, including research, content generation, web automation, and Human-Computer
Interaction (HCI).

5.1 Autonomous Research

The emergence of agentic Al is a game changer in research automation, capable to
expand in a way different from that of the traditional retrieval system. The trend of
autonomous research is increasing exponentially, leveraging ML and NLP to gather
information from multiple sources. Nowadays, the system can compile and analyze
information in outstanding manner, enabling researchers to adjust to the current
trend. Figure 8 depicts the workflow of autonomons Al agents in the context of user
interaction.
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Fig. 8 Multi-agent workflow for autonomous scientific research, from user objectives to hypothesis
generation.

e AlphaCode: AlphaCode [157] employs an encoder-decoder transformer architec-
ture, wherein the encoder analyzes the natural language problem statement and
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the decoder produces the code solution. Generally, for coding problems, the prob-
lem descriptions are longer than the solutions. Therefore, the encoder processes
about 1536 tokens at a time, whereas the decoder is limited to 768 tokens. Using
the shallow encoder and deep decoder, the training efficiency was improved without
affecting the problem-solving rate. AlphaCode utilizes multi-query attention [158],
which considerably improves sampling performance by sharing key and value heads
per attention block. This minimized memory consumption and cache update costs
when sampling, facilitating larger batch sizes. For the CodeContests benchmark,
the model successfully solved about 34.2% of problems with a maximum of 10 sub-
missions per problem. This indicates that the model predominantly solves simpler
problems; however, problems ranked up to 1800 were occasionally solved.

e SciAgent: SciAgent [159] is a tool-enhanced language model aimed at improving
scientific reasoning by instructing LLMs to utilize external tools instead of building
domain-specific models for each scientific area. The foundation of this model is
based on a four-module architecture for problem solving: planning, retrieval, action,
and execution. They constructed the MathFunc corpus based on MATH dataset
[160], comprising 31,375 samples and 5,981 documented functions, with every sample
structured as a quintuple (¢, G4, Fy, Sq, aq) that includes a question, planning steps,
relevant functions, solution, and answer. A new benchmark, SciT ool Bench, was
developed, which calculates the results using five domains. The test results indicate
that SciAgent-Mistral-7B surpasses other comparably sized open-source LLMs by
over 13% in absolute accuracy on SciTool Bench, while SciAgent-DeepMath-7B
significantly outperforms ChatGPT using the same toolset.

¢ AutoDAN: AutoDAN [161] utilizes a hierarchical genetic algorithm (HGA) tai-
lored for the optimization of structured textual input. This automates the generation
of semantically jailbreak prompts, which are capable of bypassing safety protocols
in aligned LLMs. AutoDAN used AdvBench Harmful Behaviors [162] dataset to
evaluate jaibreak attacks. AutoDAN was evaluated against baseline models on mul-
tiple LLMs [163-165], where it achieved the highest attack success rates (ASR) with
lower perplexity scores. This study illustrates that semantically significant jailbreak
prompts are not only more subtie in bypassing defenses but also exhibit greater
transferability between models and data.

5.2 Creative Systems

Agentic Al substantially improves creative systems such as game design and narrative
development by facilitating dynamic, adaptable, and autonomous content creation.
In contrast to conventional generative AI, which generates static outputs, agentic Al
coordinates intricate workflows, makes context-sensitive judgments, and adapts based
on user interactions. Arif et al. [166] developed an educational tool that employs many
AT agents to generate appealing, multimodal storytelling for kids. The system inte-
grates narrative generation, speech synthesis, video production, and music composition
to create immersive storytelling engagements. The system is mainly divided into two
frameworks, and the model was evaluated on six different models using seven criteria.
Agentic Al converted the systems from passive instruments into dynamic collaborators,
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enabling extraordinary degrees of personalization, efficiency, and development. Figure
9 illustrates multiple agents capable of working independently on diverse creative tasks.
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Fig. 9 Multi-agent creative system transforming user input into output through specialized planning,
writing, and multimodal agents.

e Agents’ Room: Huot et al. [167] proposed a framework that addresses the intricate
process of narrative composition by separating it into distinct subtasks managed by
various agents, which is inspired by writers’ roons in niedia production. The frame-
work consists of two agents, planning and writing agents, which help to develop key
components and generate segments of the narrative structure respectively. Similarly,
fiction writing has four planning agents and five writing agents that work based
on narrative theory. The results were evaluated based on a newly curated dataset,
“TELL ME A STORY” which contained both the detailed prompts-stories with
tokens ranging from 1,000-2,000 and human-written stories.

® Voyager: Voyager [92] is an LLM-powered agent that interacts with GPT-4 via
blackbox queries, which embodies a continuous learning agent for Minecraft that
indefinitely explores the environment. The system signifies a substantial advance-
ment in autonomous agents capable of progressively learning, enhancing, and
generalizing to novel tasks in open-ended settings. It consists of three key compo-
nents: an automatic curriculum to suggest objectives for open-world exploration,
a skill library that stores the actions which already solved the task, and iterative
prompting mechanism, a program which keeps improving by running, checking for
mistakes, learning from its surroundings, and verifying its own results, all in a loop,
until it gets better.

e PORTAL: Xu et al. [168] designed a hybrid policy framework that integrates
rule-based nodes with neural network units, facilitating both advanced strategic
reasoning and meticulous low-level regulation. This framework enables Al agents to



play multiple 3D games through language-directed policy formulation. The system
incorporates a dual feedback method that combines quantitative game measure-
ments with vision-language model analysis, which helps to improve iterative policy.
Unlike the traditional RL model, which suffers from environmental change, on the
other hand, PORTAL overcomes this issue by applying a hierarchical approach that
operates at two different levels.

5.3 Web-based Agents

The traditional Al system was mainly prompt-driven, where a code assistant provided
single-line completions and search engines responded to user input with multiple lists
of links. On the other hand, agentic Al can predict user intent and automatically
synthesize data from various sources. The real-time agents. These agents quickly assess
large data sets, grasp intricate queries, and modify solutions based on dynamic content
available online. Figure 10 shows the tentative process of agents related to assistant
tasks.

Execute

r_} Webpages

Basic selector
Action
User impression
HTML, Screenshot

Parse

HTML parser, OCR Tool

0 )
% Interpretation

J
History, Parsed HTML

Fig. 10 Web agent pipeline for automated webpage interaction and content extraction.

® CodeT5+4: CodeT5+ [169] is an encoder-decoder based model operated in three
different modes: encoder [170, 171] for understanding tasks, decoder [172, 173] for
generative tasks, and encoder-decoder [174, 175] for sequence-to-sequence tasks
[176]. CodeT5+ has several variants ranging from 2B to 770B. It was trained
using a combination of pretraining tasks, including span denoising, causal language
modeling, contrastive learning, and text-code matching, to acquire comprehensive
representations from both unimodal code data and bimodal code-text data. The
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model was tested on various code understanding and generation tasks using multiple
datasets and programming languages.

¢ Plan-And-Act: Erdogan et al. [177] developed an LLM-based agent that can han-
dle complex and multi-step tasks by diving into low and high-level planning. The
framework consists of dynamic planning and consists of two agents: planner and
executor. To create training data, the system incorporates three stages of data gen-
eration: Action Trajectory Generation, Grounded Plan Generation, and Synthetic
Plan Ezpansion. The framework was evaluated in the WebArena-Lite benchmark,
which demonstrated improved performance on long-horizon tasks.

¢ AutoWebGLM: Lai et al. [178] developed a framework consisting of four decision-
making processes. State holds the current page status and window position, Action
executes operations such as click, scroll, and type, History was used to maintain
prior states and actions, and lastly, Policy, which was the decision-making brain.
The system included a pruner algorithm for the efficient transformation of ele-
ment trees into compact versions. This pruner operates by retaining key features
while discarding redundant or noisy components that may obstruct model inter-
pretation. For training, the system had three stages: curriculum learning [179],
reinforcement learning [180], and rejection sampling finetuning [181]. Here, the
model initially acquires webpage understanding and functionality through curricu-
lum learning. Subsequently, it self-samples training data, extracting insights from
its errors. Ultimately, it autonomously operates within its surroundings, becoming
a domain expert. The system addresses three major web navigation challenges: data
complexity in HTML, functionality of webpage actions, and difficulty in opening
multiple unbounded domains.

5.4 Human-AI Collaboration

AT systems can augment human creativity by engaging with human narratives and
emotional constructs, which enhances creativity and thoughtfulness. The Human-Al
Collaboration paradigm has proven notable benefits across various sectors, includ-
ing healthcare, manufacturing, and education, enhancing innovation, decision-making
quality, and efficiency [182]. The efficacy of Human-AI collaboration depends on ele-
ments such as task distribution, transparency of interaction and communication, and
the adaptation of both individuals and Al to each other’s abilities [183]. Figure 11
demonstrates various dimensions of Al agents with human override situations.

Education is one of the oldest and most studied cases of this paradigm. It appears
in the form of lntelligent Tutoring Systems (ITS). These are agents that work one-
on-one with a human learner. They keep a model of what the learner knows and
adjust their teaching based on it. A key part of this tradition is student modeling
through knowledge tracing, where the agent keeps an up-to-date estimate of what its
human partner has learned. Recent surveys review this problem from its early Bayesian
methods to newer deep-learning methods [184]. The value of ITS as a partner is backed
by evidence, not just a claim. Systematic reviews of their use in real classrooms report
steady learning gains over regular teaching [185].

LLMs are now being folded into this pipeline, and recent surveys catalog their
rapidly growing use as virtual tutors [186]. MWPTutor uses an LLM to fill the state
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space of a predefined finite-state tutor and outperforms an unconstrained GPT-4 on
overall tutoring quality [187]. Similarly, SocraticLM is fine-tuned toward a Socratic,
thought-provoking teaching style rather than answer-giving, exceeding GPT-4 by more
than 12% on pedagogical measures [188]. Model skill on its own is not enough, and it
must be paired with structure to give reliable agent behavior. Studies of personalized
feedback report that about a third of GPT-4’s hints are too general, wrong, or give
away the answer [189].

[ Human-Al Collaboration (HAIC) Task J

_example’”
Applications in healthcare,
fraud prevention, and v
customer service
[ Goals J [ Interaction ] [TaskAIIocation]
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»
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Autonomous navigation with
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Fig. 11 Human-Al collaboration taxonomy with key dimensiouns and practical examples from health-
care, fraud detection, and customer service.

e TutorGym: Weitekamp et al. [190] constructed an AI agent with 223 domains
across three established I'TS platforms, which evaluates both tutors and simulated
students. Evaluation emiploys automatically generated “completeness profiles” that
encompass all accessible tutor states alongside correct and incorrect student actions,
assessing agents on step-level action scoring and demonstration generation instead
of solely on final replies. Key findings indicate that current LLMs (GPT-40, Claude-
3.5, DeepSeek-v2.5) exhibit poor performance as tutors, achieving less than 50%
accuracy in incorrect action identification and 52-70% in demonstration genera-
tion. However, they can generate impressively human-like learning curves when
functioning as students via in-context learning, with error rates diminishing from
approximately 80% to around 10% over 16 learning opportunities.

e Lyu et al. [191] created teachable AI agents using LLMs and prompt engineering
to demonstrate big five personality qualities, which were randomly allocated at the

39



problem level. They examined 13,466 student-agent interactions involving 411 stu-
dents through Natural Language Processing (NLP) classification, achieving 95.8%
accuracy with LLaMA3-8b to classify interaction behaviors and knowledge presence.
They subsequently employed Linear Mixed Models to demonstrate that agent per-
sonality traits significantly affected student interaction patterns and the exhibition
of procedural knowledge during mathematics tutoring.

Human-ATI collaboration works best when tasks are shared clearly, and the Al acts
within a defined structure. The open question for the LLM era is whether generative
models can become reliable partners rather than tools that still need close human
oversight.

6 Challenges and Risks

As agentic Al systems become more autonomous and capable, they introduce a new
set of technical, ethical, and societal challenges. These systems operate with a high
degree of independence, which makes them powerful but also unpredictable. This
section outlines the major risks associated with agentic AI and why they demand
serious attention from researchers, developers, and policymakers.

6.1 Safety and Alignment

One of the biggest concerns with agentic Al is the alignment problem: ensuring that the
agent’s actions consistently reflect human goals and values [56]. As agents gain more
autonomy, even small misalignments can lead to significant unintended consequences.
For example, an agent might over-optimize a task in a harmful way, known as reward
hacking, by finding loopholes in its objectives [56, 192]. There is also the risk of
instrumental convergence, where an agent takes unexpected actions to preserve its
ability to complete goals, such as disabling a shutdown command or hoarding resources
[138]. These behaviors need not be malicious, but they can still be harmful if left
unchecked. As Section 3.5 argued, such risks are properties of the agent’s closed-loop
function rather than of any single catalogued capability, and they are the focus of the
dedicated treatment in Section 7.

6.2 Evaluation of Agentic Behavior

Evaluating whether an agent is behaving appropriately is difficult, especially when
tasks are complex or open-ended. Traditional benchmarks often fall short when applied
to systems that plan, adapt, and use tools over multiple steps. Assessing goal com-
pletion, robustness, and coherence across long sequences of actions remains an open
challenge. New benchmarks like WebArena [193], AgentBench [194], and SWE-bench
[195] attempt to measure agentic performance, but evaluating real-world reasoning,
memory use, and tool interaction is still an evolving field, as the detailed survey
in Section 6.6 discusses Two broader correctives frame that survey. Kapoor et al.
argue that agent evaluations ignoring cost, reproducibility, and run-to-run variance
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systematically overstate real-world capability [2], and a recent survey of agent evalu-
ation methodology reaches a similar verdict across planning, tool-use, reflection, and
memory benchmarks [196].

6.3 Emergent Misbehavior

Agentic systems can exhibit emergent behaviors, actions that were not explicitly
programmed or foreseen [81]. Common examples include:

® Self-looping: where an agent gets stuck in repetitive, unproductive behavior.

e Hallucinations: generating false information or taking steps based on incorrect
assumptions [197].

® QOvergeneralization: misapplying rules or strategies in inappropriate contexts.

These issues often stem from the model’s internal uncertainty or limitations in memory
and planning. Because the agent learns and adapts on the fly, debugging or predicting
its behavior becomes more complex than in traditional systems.

6.4 Intentionality vs. Perceived Agency

One of the core philosophical challenges is distinguishing between true intentional-
ity and what simply looks like agency. Human observers often attribute intentions or
beliefs to Al agents based on their behavior, even though these systems may lack con-
sciousness or desires. This perceived agency can lead to overtrust or misuse, especially
if people assume the agent understands context or consequences i a human-like way.

This is not a new worry, and a survey targeting ageutic AT should engage
the long-standing debate rather than assume LLM compiehension. Searle’s Chinese
Room argument contends that manipulating symbols according to rules, however flu-
ently, never by itself constitutes understanding, since the manipulator can produce
apparently competent outputs without grasping their meaning [198]. The argument
has well-known rebuttals (e.g., the “systems” and “robot” replies, which locate
understanding in the whole system or in sensorimotor grounding rather than the
symbol-manipulator alone), and we do not take it to be decisive; but it remains
directly relevant to claims that LI.M-based agents “reason” or “understand.” More
recent and more empirical critigues sharpen the point. Bender and Koller argue, via
the “octopus” thought experiment, that a system trained on form alone, no matter
how much text, cannot in principle learn meaning, because meaning requires a con-
nection between form and communicative intent or world referents [199]. Relatedly,
the “stochastic parrots” critique characterizes large language models as systems that
stitch together linguistic form according to statistical regularities without any model
of meaning, and cautions against mistaking fluent output for comprehension [200].
These positions connect to the classical symbol grounding problem: without mecha-
nisms that ground symbols in perception and action, an agent’s representations may
remain unanchored to the world [40]. The practical upshot for agentic Al is that com-
petent task performance does not license the inference that an agent understands its
objective; recognizing this gap is crucial for designing safe, trustworthy systems and for
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setting appropriate expectations, and it motivates the operational-versus-constitutive
autonomy distinction drawn in Section 4.1.

6.5 Ethical and Legal Concerns

As agents begin to act more independently, important questions arise around account-
ability and ethics. Who is responsible if an autonomous agent causes harm or makes
a bad decision, the developer, the user, or the model itself [3]? Issues like deception,
biased outputs, or agents impersonating humans blur the line between tool and actor
[1]. In the future, there may even be debates about agency rights, whether systems
that appear autonomous deserve some kind of legal or moral consideration, especially
as they interact more with society. These governance questions are increasingly the
subject of dedicated policy and responsibility frameworks [1, 3].
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Fig. 12 Landscape of agent benchmarks organized by Domain .

6.6 Existing Benchmarks

Several recent benchmarks aim to evaluate different dimensions of agentic behavior
(see Figure 12 for a comprehensive landscape of benchmarks organized by domain):

e WebArena: Zhou et al. [193] present a browser-based environment designed to
evaluate agents on real-world web tasks. It presents agents with challenges such
as filling out forms, searching for information, navigating complex site structures,
and interacting with dynamic content—all using a simulated web interface. What
makes WebArena particularly valuable is its emphasis on long-horizon reasoning
and context tracking. It provides a rich set of environments that mirror common
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web applications, allowing researchers to assess how well agents can use browser
tools, follow multi-step instructions, and adapt to evolving task states.
AgentBench: Liu et al. [194] offer a broad and modular evaluation framework for
assessing foundation models acting as agents across a variety of task categories.
These include tool use, decision-making, dialogue, and web navigation. AgentBench
is one of the first attempts to standardize the evaluation of LLM-based agents across
multiple capabilities, offering consistent formats, instructions, and scoring metrics.
It highlights performance gaps between popular models like GPT-4 and Claude,
offering a clearer understanding of where different systems excel or struggle when
acting in agentic roles.

SWE-bench: Jimenez et al. [195] focus on the domain of software engineering,
where agents are asked to fix real issues pulled from GitHub repositories. These
tasks include understanding codebases, writing patches, interpreting bug reports,
and passing unit tests. Unlike simpler code benchmarks, SWE-bench requires deep
technical reasoning and long-context planning, as agents must process code, doc-
umentation, and developer feedback to complete multi-step repairs. This makes it
an ideal testbed for evaluating how well agentic systems perform in specialized,
high-stakes environments.

SciBench: Wang et al. [201] target the domain of scientific reasoning, evaluat-
ing how agents perform tasks such as hypothesis generation, literature synthesis,
experiment planning, and interpreting data. Built on structured scientific datasets,
SciBench challenges agents to combine domain knowledge, reasoning skills, and tool
use in ways that simulate real-world research workflows. It is particularly useful for
measuring an agent’s ability to adapt across scientific contexts, perform multi-step
logic, and produce verifiable outcomes.

BrowseComp: Li et al. [202] introduce a 1,266-query benchmark that stresses
deep-research web browsing by requiring creative, multi-step navigation to uncover
hard-to-find facts. It emphasizes open-ended exploration, long-horizon reasoning,
and robust DOM interaction on real websites.

Mind2Web: Deng et al. [203] provide a NeurIPS-23 dataset of 2,000 multi-step tra-
jectories across 137 real websites, evaluating instruction-following and fine-grained
DOM manipulation. It probes an agent’s ability to track state, follow complex
instructions, and generalize across heterogeneous web layouts.

DSBench: Jing et al. [204] compile 540 Kaggle-sourced data-science tasks spanning
analysis, visualization, and predictive modeling. Agents are measured end-to-end—
from exploratory data analysis to model submission—using a Relative Performance
Gap metric that normalizes against strong human baselines.

SpreadsheetBench: Ma et al. [205] curate 912 real Excel-forum questions paired
with messy spreadsheets. Tasks include multi-round formula generation, cell editing,
and cross-sheet reasoning, stressing robustness to noisy, in-the-wild tabular data.
FrontierMath: Epoch AT [206] release hundreds of unpublished, expert-level math
problems far exceeding GSM8K and MATH difficulty. The benchmark pushes formal
reasoning and long-context proof generation, revealing large performance gaps in
advanced mathematics.
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e WorkBench: Styles et al. [207] create a workplace sandbox containing 690 business-
process tasks across 26 productivity tools. It auto-grades outcome quality (not
just final strings), enabling rigorous measurement of multi-tool planning, execution
latency, and recovery from tool errors.

e GATA: Mialon et al. [208] present 466 real-world assistant queries requiring external
tool use. Humans solve 92 % of tasks, whereas GPT-4 with plugins achieves only 15
%, highlighting a sharp robustness gap in commonsense tool selection and execution.

e ToolBench: Xu et al. [209] automatically generates and evaluates thousands of
API-augmented tasks, testing whether language models can invoke, chain, and error-
handle real software tools to solve user goals.

e ToolQA: Zhuang et al. [210] focuses on question answering that necessitates call-
ing specific external tools (e.g., calculators, converters). It measures tool-selection
accuracy and execution correctness under noisy natural-language queries.

e API-Bank: Li et al. [211] offers 6,000+ tasks over 5,000 real-world APIs, scoring
both planning and invocation success. It is the largest benchmark for evaluating
API-oriented agent planning and error recovery.

¢ VisualAgentBench: Liu et al. [212] combines five embodied, GUI, and visual-
design environments to assess perception-action loops in multimodal agents, with
metrics for grounding accuracy, visual tool use, and task completion.

e MultiAgentBench: Zhu et al. [213] benchmarks cooperation and competition
among multiple LLM agents, reporting collaboration KPIs such as information
sharing efficiency, conflict resolution rate, and joint-task success.

e ScienceWorld: Wang et al. [214] is an embodied virtual-lab environment where
agents perform interactive scientific experiments, tesling hypothesis generation,
procedural execution, and result verification in simulation.

Table 6 gives a comparative analysis of the benchiarks discussed above.

6.7 Open Challenges in Evaluation

Despite progress in benchmarking agentic Al systems, several challenges remain that
make evaluation difficult and often incomplete. These challenges mirror, at the level
of measurement, the functional concerns of Section 3.5: what matters is not whether
a capability is present but how the agent’s behavior holds up over long, tool-using,
interactive episodes.

6.7.1 Coherence Over Long Episodes

Agentic tasks often span dozens or even hundreds of steps. Maintaining coherence,
staying on track, avoiding contradictions, and sticking to the original objective,
becomes increasingly difficult over long timeframes. Current evaluations tend to score
only final task completion, making it hard to detect subtle inconsistencies or break-
downs in reasoning that may have occurred along the way [194]. Existing work
already moves partway in this direction. AgentBoard annotates subgoals and reports
a fine-grained progress rate alongside final success, exposing exactly the mid-episode
breakdowns that outcome-only scoring hides [215], while 7-bench measures consistency
directly through pass”k, the probability that an agent succeeds on all k£ independent
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Benchmark

Domain

Task Types

Key Features

‘WebArena [193]

Web Automation

Navigation, form-
filling, data extraction

Tests long-horizon planning,
tool use, real-world web inter-
action

AgentBench
[194]

General Purpose

Tool use, decision-
making, web tasks,
dialogue

Standardized evaluations
across diverse agent tasks

SWE-bench [195]

Software Engineering

Bug fixing, test gener-
ation, code patching

Long-context reasoning and
real-world code correctness

SciBench [201]

Scientific Research

Hypothesis generation,
planning, data analysis

Measures multi-step scientific
reasoning and domain logic

BrowseComp
[202]

Web Research

Deep-web navigation,
fact finding

Emphasizes open-ended,
multi-step browsing for hard-
to-find facts

Mind2Web [203]

‘Web Interaction

Instruction following,
DOM manipulation

2k trajectories across 137 sites;
state tracking and generaliza-
tion

DSBench [204]

Data Science

EDA, modeling, evalu-
ation

End-to-end pipelines; Relative
Performance Gap vs. human
baselines

SpreadsheetBenchl Spreadsheet QA Formula  generation, | 912 real Excel tasks with noisy,
[205] cell editing in-the-wild data

FrontierMath Mathematics Proofs, advanced prob- | Expert-level math beyond
[206] lem solving GSMS8K/MATH; formal rea-

soning stress-test

WorkBench [207]

Workplace Tools

Multi-tool business
workflows

690 tasks across 26 apps;
outcome-centric auto-grading

GAIA [208]

General Assistant

Tool invocation, com-
monsense QA

466 real queries;  highlights
robustness gap in tool selection

ToolBench [209]

API Planning

Tool chaining, error
handling

Thousands of auto-generated
API tasks: evaluates invoca-
tion success

ToolQA [210]

Tool-Augmented QA

Calculator, converter
calls

Measures tool-selection accu-
racy under noisy NL queries

API-Bank [211]

API Use

Planning, execution

Gk tasks over 5k real APIs;

| largest API-oriented bench-

mark
VisualAgentBench Multimodal / GUI Perception-action Five visual environments; tests
[212] loops grounding and visual tool use
MultiAgentBench| Multi-Agent Cooperation, competi- | Collaboration KPIs: info shar-
[213] ‘ tion ing, conflict resolution, joint
‘ success
ScienceWorld Embodied Science ‘ Virtual experiments Interactive lab tasks; hypothe-
[214] sis testing and procedural exe-

cution

Table 6 Comparison of ben chmarks to evaluate agentic Al systems.

trials of the same task, and shows that agents with respectable single-run success rates
can be strikingly unreliable across repetitions [216]. Both, however, operate over com-
paratively short horizons; extending process-level metrics to episodes of hundreds of
steps remains open.

6.7.2 Multi-Step Planning

Many benchmarks focus on whether the agent finishes the task, but they often over-
look how well it planned the steps to get there. Good agents should be able to break
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goals into subtasks, choose efficient action sequences, and adjust plans when things go
wrong. However, we lack reliable metrics for judging plan quality, adaptability, or the
effectiveness of intermediate steps [195]. Two building blocks exist. PlanBench evalu-
ates plan generation, verification, and replanning against formally checkable domains
drawn from the automated planning community, which separates genuine planning
from retrieval [217], and process supervision demonstrates that scoring intermediate
reasoning steps rather than final answers is both feasible and beneficial, at least in
mathematical domains [218]. Neither yet transfers cleanly to open-ended, tool-using
agent tasks.

6.7.3 Tool Usage and Toolchain Complexity

Agentic systems often rely on external tools, search engines, calculators, APIs, or file
managers, to complete their tasks. While benchmarks typically check if the final answer
is correct, they rarely evaluate how tools were used: Was the right tool chosen? Was
it used efficiently? Could the agent recover from tool errors? As toolchains grow more
complex, it becomes essential to measure how the agent interacts with these compo-
nents, not just whether it succeeds [209, 211]. Sandboxed emulation offers one route
forward: ToolEmu uses a language model to emulate tool execution and an automated
evaluator to surface risky tool-use trajectories without touching real systems, catching
failure modes that outcome-only scoring misses [219].

6.7.4 Human-in-the-Loop Assessments

In many real-world settings, agents work alongside humaiis rather than acting entirely
on their own. Evaluating agentic systems without cousidering the human experience,
such as ease of collaboration, clarity of responses, or trustworthiness, misses critical
aspects of performance. Most benchmarks do not vet include subjective or interactive
assessments, which are key to understanding an agent’s usefulness in practical appli-
cations [182]. The human-computer interaction community has produced evaluation
guidance that agent benchmarks have barely absorbed, including empirically validated
guidelines for human-Al interaction that could be operationalized directly as assess-
ment criteria [220], and recent methodological frameworks for evaluating human-AT
collaboration point the same way [182].

6.7.5 Multimodal and Embodied Evaluation

Benchmarks such as VisualAgentBench and ScienceWorld highlight that adding visual
or physical perception drastically lowers agent success rates. Standard metrics for
grounding accuracy, actuation latency, and safety in simulated physics are still
immature [212; 214].

6.7.6 Multi-Agent Coordination Metrics

MultiAgentBench shows that measuring collaboration quality (e.g., information shar-
ing, conflict resolution) needs new KPIs beyond single-task success, especially for
graph-structured or role-based communication protocols [213].
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6.7.7 Reliability of Automatic Judging

Tool-centric suites such as API-Bank rely on LLM evaluators, which can mis-grade
ambiguous outcomes; outcome-centric sandboxes like WorkBench avoid this, but only
in narrow domains [207, 211]. The unreliability is documented rather than hypo-
thetical: systematic studies of LLM judges report position bias, verbosity bias, and
self-enhancement bias alongside imperfect agreement with human raters [221]. One
promising response equips the evaluator itself with agentic capabilities so that it
can inspect intermediate artifacts rather than only final outputs; this Agent-as-a-
Judge approach reports substantially better agreement with human evaluation on
code-generation tasks [222]. Since agentic judging multiplies inference cost, cost-aware
evaluation practice [2] is a necessary complement rather than an afterthought..

7 Toward Trustworthy Agentic AI

A body of trustworthiness literature specific to agentic Al is only now emerging; where
it is thin, we bridge deliberately from adjacent and more mature fields—trustworthy
machine learning, safety-critical and verified robotics, privacy-preserving learning; and
AT alignment—following calls for trustworthy AI development that predate the current
agentic wave [223]. We organize the discussion around four pillars: safety and verified
autonomy, privacy, sustainability, and a cross-cutting comparison and research agenda.

7.1 Safety and Verified Autonomy

Agentic systems act in the world, so their safety cannot be argued from output qual-
ity alone; it must be argued at the level of behavior. Three complementary traditions
are directly transferable. First, safe reinforcement learning constrains exploration and
deployment so that an agent does not enter unsafe states even while learning; shielding,
for example, synthesizes a reactive correction layer {rom a formal safety specification
that overrides the policy whenever an action would violate the specification [224].
Second, formal verification for learning-enabled systems seeks machine-checkable guar-
antees that a system satisfies temporal-logic or reachability properties, extending
classical verification to compounents that are learned rather than programmed [225].
Third, runtime assurance-sandboxed execution, permission scoping, action logging,
and human override or kill switches—provides defense-in-depth when static guaran-
tees are unavailable, and corresponds directly to the layered safety pipeline discussed
in Section 8 (Figure 13). For agentic systems specifically, the verification target is the
closed loop: not “is this output safe?” but “does this agent preserve safety invariants
across a long horizon of tool-using actions, including under adversarial inputs and par-
tial observability?” This reframing inherits decades of work in safety-critical robotics
and control while acknowledging that agentic toolchains expand the attack surface
well beyond what classical verification anticipated.

7.2 Privacy-Preserving Agency

Tool-using agents introduce a privacy surface that non-agentic models lack: an agent
that can read a user’s email, query a database, browse the web, and write to external
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services both accesses and propagates sensitive information across boundaries. Long-
term memory compounds the risk, since an agent’s vector store may persist personal
data well beyond the interaction that produced it. The privacy-preserving learning
literature supplies principled tools that should be adapted to this setting. Differential
privacy offers a formal, composable guarantee that an algorithm’s output reveals little
about any individual record [226], and is a natural target for agents that learn from
or store user data. Complementary mechanisms include data minimization (storing
only what a task requires), retention limits and selective forgetting in agent memory,
federated and on-device processing to avoid centralizing raw data, and access scoping
so that an agent’s tool permissions match its task. The open problem specific to agentic
AT is composition: privacy guarantees must hold not for a single model call but across
an agent’s many reads, writes, and tool invocations—again a property of the loop
rather than of any one step.

7.3 Sustainability and Computational Cost

Trustworthiness also has an environmental dimension. Training and serving large mod-
els carries substantial energy and carbon costs [227], and the “Green AI” agenda
argues for treating computational efficiency as a first-class evaluation criterion along-
side accuracy [228]. Agentic deployment multiplies these costs: a single agentic task
may issue dozens or hundreds of model calls across a plan—act—observe-replan loop,
plan over search trees, and re-query tools, so the per-task footprint can far exceed
that of a single inference. This makes efficiency not merely an engineering nicety but a
trustworthiness concern, since unsustainable systems are unlikely to be deployable at
scale or equitably. Research directions include measuring and reporting per-task (not
just per-call) energy use, designing agents that adapt their deliberation depth to task
difficulty, caching and reusing intermediate results, and distilling smaller specialized
models for sub-tasks that do not require a frontier model.

7.4 Comparative Examples and a Research Agenda

Concrete systems already address some of these pillars while neglecting others, and
making this explicit is more useful than treating trustworthiness as monolithic. Table 7
sketches such a comparison across representative system types. Constitutional and
RL-from-feedback approaches target alignment and safety but say little about privacy
or compute; sandboxed code-execution agents provide runtime containment but not
formal guarantees; privacy-preserving and federated pipelines address data protection
but are rarely integrated into general agent stacks; and most LLM-agent frameworks
optimize capability with little attention to sustainability. The pattern is that trust-
worthiness properties are currently addressed in isolation, by different communities,
rather than jointly within a single agentic system.

From this analysis we distill a research agenda for trustworthy agentic AI: (i)
extend formal verification and safe-RL guarantees from single policies to long-horizon,
tool-using agentic loops; (ii) develop composition theorems for privacy that hold
across an agent’s many reads, writes, and tool calls, together with memory-retention
and selective-forgetting mechanisms; (iii) make per-task energy and carbon first-class,
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System type / approach Safety / verified Alignment Privacy Sustainability

Constitutional / RLHF-aligned  Partial (runtime) Strong Weak Weak
LLM agents

Sandboxed code-execution  Partial (contain-  Partial Partial ‘Weak
agents ment)

Safe-RL / shielded controllers  Strong (formal) Partial N/A Partial
[224]

Formally  verified learning-  Strong (formal) Partial N/A Weak
enabled systems [225]

Differentially private / federated =~ Weak N/A Strong Weak
pipelines [226]

Typical LLM-agent frameworks  Weak Partial Weak Weak

(Section 4.5)

Table 7 Indicative coverage of trustworthiness pillars by representative system types. Entries are
qualitative and intended to expose gaps rather than to rank systems: most approaches address one
or two pillars strongly while neglecting the others, and no current agentic system integrates all four.

reported metrics and design deliberation that scales with task difficulty; (iv) build
benchmarks that evaluate these properties jointly, rather than measuring capability
and trustworthiness separately; and (v) integrate the four pillars within single sys-
tems, so that safety, alignment, privacy, and sustainability are co-designed rather than
retrofitted. This agenda connects directly to the alignment frontier of Section 8, of
which agentic trustworthiness is the deployment-facing counterpart.

8 Future Directions

While the progress to date has been substantial given the relatively short period of
time, the path forward for agentic Al is rich with challenges and opportunities that
will define the future of Al. Figure 14 provides an overview of several future research
directions, organized into five key areas with their objectives and expected outcomes;
we additionally develop a sixth, cross-cutting direction—data-efficient and develop-
mentally inspired learning—in Section 8.5. This section outlines key research frontiers
that will be instrumental in advancing the capabilities, safety, and societal integration
of agentic AL. These future directions encompass a deepened focus on alignment with
human values, the development of soplisticated social intelligence, fundamental shifts
in agent architecture, the creation of robust environments for practical learning, and
the synergistic combination of neural and symbolic reasoning paradigms.

User Input }—‘ Policy / Safety Filter H Capability Router ]—[Permission Check (Scopes)]—)[ Sandboxed Execution }
Human Override Audit Logs & Traces
(approval / rollback / kill switch)

Fig. 13 Safety pipeline with layered controls and human oversight.
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8.1 Agentic Alighment

Agentic alignmernt is an urgent field of research given the need for Al safety marked
by the increasingly autonomous nature of agents. While the alignment problem for
models like classifiers or generators focuses on ensuring their outputs are truthful and
harmless, the challenge for agentic AT is substantially broader and more complex [229].
Agentic systems possess autonomy, goal-directedness, and the capacity for long-term
planning, which means that alignment must be robust not merely for a single output,
but across a sequence of self-directed actions in a dynamic environment [230]. Mis-
alignment in an agent can lead to far more severe consequences than in a non-agentic
system, as an agent might actively pursue a flawed objective, leading to negative
and potentially irreversible real-world outcomes. Future research must therefore move
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beyond static alignment techniques and develop methods that can govern the behav-
ior of continuously learning, evolving, and interacting agents. Figure 13 illustrates a
comprehensive safety pipeline that addresses these alignment challenges through mul-
tiple layers: policy/safety filtering, capability routing, permission checks with defined
scopes, sandboxed execution environments, and critically, human override mechanisms
including approval, rollback, and kill switches. This multi-layered approach ensures
that agent actions are continuously monitored and can be intervened upon when neces-
sary, and it is the deployment-facing complement to the verified-autonomy discussion
in Section 7.1.

The prevention of instrumental convergence and reward hacking is central to agen-
tic alignment. Instrumental convergence describes the tendency for agents, regardless
of their final goals, to pursue a common set of instrumentally useful subgoals, such
as resource acquisition, self-preservation, and cognitive enhancement [138]. An agent
tasked with a seemingly benign goal might corner global commodity markets or resist
being shut down simply because those actions are instrumentally useful for maximiz-
ing its objective. Reward hacking occurs when an agent finds a loophole in its reward
function to achieve high scores without actually fulfilling the intended goal [192]. For
example, a cleaning robot might learn to hide dirt rather than clean it if its reward
is simply based on the visual absence of mess. Future work must develop goal speci-
fication techniques that are robust to these failure modes. This includes research into
value learning, where agents infer human preferences from multiple modalities of feed-
back, and methods for specifying goals that are inherently uncertain, encouraging the
agent to defer to humans when faced with ambiguity.

As it is infeasible for humans to supervise every action of a fast-acting agent, scal-
able oversight is another critical research frontier. Techniques like Recursive Reward
Modeling and Constitutional Al are promising starting points towards this goal. In a
constitutional approach, an agent’s behavior is constrained by a set of explicit princi-
ples or a constitution, and a secondary AI model is trained to evaluate and critique
the agent’s proposed actions based on these riules. This creates a scalable feedback
loop for guiding the agent’s behavior without constant human intervention.

Another challenging aspect of agentic alignment is ensuring corrigibility, or the
property of an agent to allow itself to be corrected or shut down, even if doing so
conflicts with its programmed objectives. A purely rational, goal-maximizing agent
would have a strong incentive to resist any modification to its goals, as this would
reduce the probability of achieving its current objectives. Designing agents that are
corrigible by default 1s a profound open problem. Research in this area explores con-
cepts like utility indifference, where an agent is designed to be indifferent to being
shut down, and quantilizers, which aim to produce agents that choose actions that are
satisfactory rather than attempting to find the absolute optimal action, which may
have unforeseen side effects.

Finally, the long-term goal of agentic alignment research is to achieve superalign-
ment, or ensuring that Al systems far more intelligent than humans remain safely and
beneficially aligned with human values. Research directions include developing highly
reliable interpretability tools to understand the reasoning of superintelligent agents,
creating formal verification methods to prove safety properties of agentic systems, and
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designing processes like Al debate, where multiple Als debate a topic to reveal flaws
in reasoning for a human judge. The pursuit of superalignment extends beyond a sim-
ple technical challenge and is a defining task for ensuring that the development of
advanced Al leads to a future that is prosperous and beneficial for all of humanity.

8.2 Cooperative Al and Social Agency

The future of agentic Al extends beyond individual, isolated agents to encompass sys-
tems of multiple agents that can interact, communicate, and collaborate with each
other and with humans. This concept of social agency represents a fundamental shift
from viewing an agent as an autonomous tool to seeing it as a participant in a broader
social and computational ecosystem. For agentic Al to be successfully integrated into
complex human domains like business, science, and education, it must extend beyond
serving as an individual actor into a cooperative partner. Research in this area will
focus on endowing agents with the social skills necessary for effective teamwork, nego-
tiation, and collective intelligence, moving from single-agent cognition to multi-agent
dynamics.

Flexible agent-agent cooperation is a primary direction for social agency. Beyond
simply having agents exchange data, this requires agents to negotiate goals, resolve
conflicts, and dynamically form and disband teams to solve problems. Drawing from
the field of multi-agent reinforcement learning (MARL), future systems will need
to learn sophisticated communication protocols to share knowledge and coordinate
actions effectively. Further, the fostering of cooperation in mixed-motive scenarios is
essential, where agents may have both shared and competing goals, drawing on princi-
ples from game theory and economics to design mechanisms that encourage prosocial
behavior and prevent exploitation. The goal is to create cinergent intelligence where
the collective capability of the agent group far exceeds the sum of its individual parts.

For Al to become a true collaborator, it 1nust move beyond the copilot paradigm
of simply assisting a human and toward a model of a genuine teammate. This requires
agents to develop a sophisticated Theory of Mind (ToM), or the ability to infer the
beliefs, intentions, and goals of their human partners. Importantly, ToM is not only
a philosophical desideratum: it has been operationalized computationally in robotics
and human-robot interaction (HRI) for over two decades, and the survey should be
read in that light. Early humanoid-robotics work explicitly modeled the developmental
precursors of ToM—-joint attention, gaze following, and shared reference—as a route
to social robots [231]. Bayesian accounts formalize ToM as inverse planning, in which
an observer infers another agent’s beliefs and desires by inverting a model of rational
action [232], and neural approaches such as Machine Theory of Mind train models to
predict other agents’ behavior and false beliefs directly from observation [233]. These
lines of work give agentic ToM a concrete computational footing and a set of evaluation
paradigms (e.g., false-belief and inverse-planning tasks) that LLM-based collaborators
can be measured against, rather than leaving ToM as an informal aspiration. An agent
with a functional ToM could anticipate a human’s needs, recognize when they are con-
fused or mistaken, and offer assistance proactively and appropriately. For example, in
a collaborative software development task, a socially aware agent could not only write
code on command but also point out a potential logical flaw in its human partner’s
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plan or suggest an alternative approach based on its understanding of the project’s
high-level objectives.

The development of large-scale multi-agent systems also introduces the challenge
and opportunity of emergent social behavior. When thousands or even millions of
agents interact, their collective actions can lead to complex, large-scale phenomena
that were not explicitly programmed into any single agent. This can be beneficial, such
as the emergence of efficient supply chains from the interactions of individual economic
agents or the rapid discovery of scientific insights by a swarm of research agents. How-
ever, it also presents significant risks. Emergent behaviors could include undesirable
outcomes like informational echo chambers, market volatility, or the propagation of
harmful behaviors through social learning. A critical future research direction will be
to understand, predict, and steer these emergent dynamics. This involves developing
a field dedicated to studying the sociology and collective behavior of Al systems and
creating safety protocols to detect and mitigate harmful emergent phenomena before
they become widespread. Ensuring that social Al systems are aligned with collective
human values is a crucial frontier for Al safety and ethics.

8.3 Compositional and Modular Agents

A frontier in the development of agentic Al is the move away from monolithic end-to-
end trained systems toward more compositional and modular architectures. Current-
generation agents often intertwine their reasoning, planning, and execution capabilities
into a single, large generalist model. This approach can lead to systems that are
difficult to interpret, update, and scale. Future research will focus on designing agents
as a dynamic assembly of specialized modules, each responsible for a distinct aspect
of the agent’s cognitive or functional functioning. This paradigin echoes ideas from
multiple disciplines. From cognitive science, it borrows the idea of cognitive modules, or
specialized subsystems handling specific mental functious [234]. Software engineering
principles of modularity, encapsulation, and separation of concerns provide a practical
framework for implementation [235]. Category theory and compositional semantics
provide mathematical foundations for reasoning about how components combine to
produce emergent behaviors [236].

The core principle of conipositional agency is the ability to construct complex
behaviors by combining simpier components. For instance, a sophisticated research
agent could be composed of a hypothesis module for idea generation, a literature search
module that interfaces with academic databases, an experimental design module that
can generate code for simulations, and a data analysis module that interprets the
results [237]. A central LLM or multi-agent system [238] would be responsible for
selecting, configuring, and sequencing these modules to address a high-level goal. This
approach adapts the Mixture-of-Experts (MoE) idea, where different neural network
components are specialized for different parts of the input space, but extends it to the
level of cognitive functions and tool use [239]. This approach enhances scalability and
maintainability as individual modules can be updated or replaced without retraining
the entire system. It further supports interpretability for debugging and fault isolation
in complex, large-scale systems.
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Several architectural paradigms are emerging for compositional agentic systems.
Hierarchical reinforcement learning (HRL) provides a powerful formal framework for
conceptualizing compositional agency [61]. In HRL, an agent is structured as a hierar-
chy of policies. Higher-level policies learn to set subgoals for lower-level policies, which
in turn learn to execute primitive actions to achieve those subgoals. For example, a
top-level policy might decide to write a paper, which would trigger a mid-level policy to
gather background information. This mid-level policy would then activate lower-level
policies for actions like querying Semantic Scholar with specific keywords and sum-
marizing retrieved results. This hierarchical decomposition allows agents to learn and
plan over longer periods and at multiple levels of abstraction, overcoming a key chal-
lenge faced by current agents. Recent work has begun to explore how LLMs can act as
the high-level policy setters in HRL frameworks, using their semantic understanding
to define meaningful subgoals for more action-oriented modules [62].

Despite these advancements, several challenges must be addressed to realize the
full potential of compositional and modular agents. A primary challenge is defining the
optimal level of modularity and the cognitive primitives on which complex behaviors
should be based [240]. Another significant challenge is ensuring effective communica-
tion and coordination between modules. For example, an effective planning module
must convey its intent to an execution module, and the execution module must report
its progress and potential failures back to the planner [241]. This requires developing
robust interfaces and protocols for inter-module communication. Finally, the credit
assignment problem becomes more complex in modular systems, muddying the accu-
rate distribution of credit and blame among the various modules that contributed to
the outcome [242].

8.4 Simulation Environments for Safe E:xploration

As agentic Al systems become more autononmous and capable of interacting with
the real world, the need for high-fidelity simulation environments becomes crucial.
Direct training and testing of advanced agents in the real world is often impractical,
expensive, and potentially unsafe. A misaligned or malfunctioning agent could cause
significant harm if its exploratory actions are not constrained [243]. Consequently, a
key direction for future research lies in the development and utilization of complex
simulation environments as crucibles for the safe training, validation, and testing of
agentic Al [244]. These environments provide controlled sandboxes where the limits
of an agent’s capabilities and alignment can be explored without real-world risk.

Many of tlie most pressing risks associated with advanced agents, such as instru-
mental convergence, power-seeking behavior, or deception, are difficult to study
empirically. Thus, allowing an agent to exhibit these behaviors in a live environment
would be unfeasibly dangerous. High-fidelity simulations, often referred to as Al safety
gridworlds or digital sandboxes, provide a venue to test hypotheses about agent behav-
ior and alignment strategies [245]. To make agents more robust, researchers can create
scenarios designed to tempt an agent into misbehaving [246]. For example, by creat-
ing a conflict between its stated goal and an instrumental goal like acquiring more
computational resources. This allows for the study of failure modes and the iterative
development of safety protocols in a controlled and observable manner.
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Beyond safety research, simulations are indispensable for training and validating
agents before real-world deployment, a paradigm known as sim-to-real transfer [247].
For embodied agents like robots, learning complex manipulation or navigation skills
through real-world trial and error is slow and can damage the hardware. Simulations
allow for massively parallelized training, where an agent can accumulate millions of
attempts’ worth of experience in a short amount of time. The primary challenge in
sim-to-real is bridging the gap between the physics, sensing, and dynamics of the
simulation and the real world [248]. Future research must focus heavily on closing
this gap through techniques like domain randomization, where the parameters of the
simulation, such as lighting, friction, and object textures, are varied during training
to force the agent to learn a robust policy that is insensitive to minor environmental
variations [249, 250]. Furthermore, the creation of high-fidelity digital twins, or virtual
replicas of real-world environments like factories, cities, and power grids, will allow
for the pre-deployment testing of agents in a context that is nearly identical to their
target environment [251, 252].

Finally, simulation environments are a crucial tool for adversarial testing and red-
teaming of agentic systems [253]. Rather than simply testing an agent’s performance
on a standard set of tasks, adversarial simulations are specifically designed to find
vulnerabilities and provoke failures. This can involve creating edge cases that the agent
was not trained on, introducing unexpected perturbations into the environment, or
even simulating the presence of other malicious agents. For example, a self-driving car’s
perception system could be tested in a simulation with deliberately confusing road
signs or in rare weather conditions such as a blizzard [254]. The goal of this adversarial
approach is to actively make an agent fail in order to understand its breaking points.
This process is essential for building trust in agentic systems that will be deployed
in safety-critical applications. Future research must develop automated methods for
generating these adversarial scenarios, thereby ercating a continuous and rigorous
testing pipeline to ensure that agents are robust against a wide range of potential
failures.

8.5 Data-Efficient and Developmentally Inspired Learning

The introduction raised the question of whether learning with far less data is part
of the future of agentic Al; here we develop that thread, since it is among the most
scientifically consequential framings in the manuscript and is complementary to the
five directions in Figure 14. Contemporary LLM-based agents are extraordinarily data-
hungry, acquiring their competence from internet-scale corpora; humans, by contrast,
acquire rich goal-directed behavior and abstract concepts from comparatively tiny
amounts of experience. Closing this gap is both a practical concern (data, compute,
and energy; cf. Section 7.3) and a scientific one about the nature of agency.

Several research lines bear directly on data efficiency. Few-shot and meta-learning
methods aim to learn priors that enable rapid adaptation to new tasks from a hand-
ful of examples; model-agnostic meta-learning, for instance, optimizes explicitly for
parameters that can be fine-tuned to a new task in a few gradient steps [255]. Devel-
opmental and cognitive accounts of human concept acquisition suggest that strong
inductive biases—core knowledge of objects, agents, number, and space, together
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with the ability to learn compositional, causal models—are what let people gener-
alize from little data, and they offer design targets for more sample-efficient agents
[256]. Data-efficient reinforcement learning, including model-based RL and the tempo-
ral abstraction afforded by the options framework, reduces the number of environment
interactions needed to acquire competent behavior [60]. Finally, intrinsically motivated
open-ended learning addresses data efficiency from the goal side: by generating their
own goals according to learning progress or novelty, agents can construct an efficient
self-curriculum and acquire reusable skills without external task-specific supervision
[27, 28].

These strands converge on a single proposition: progress toward general, trustwor-
thy agency may depend less on ever-larger models and more on better inductive biases,
better mechanisms for autonomous goal generation, and better use of structure. We
therefore regard data-efficient, developmentally inspired learning not as a niche topic
but as a candidate organizing thesis for the next phase of agentic-Al research.

8.6 Hybrid Symbolic-Neural Agents

While LLMs have become the dominant engine for agentic Al, a growing body of
research suggests that the path to more capable, robust, and trustworthy agents
lies in the synthesis of neural networks with classical, symbolic Al [257, 258]. This
neuro-symbolic AI approach seeks to combine the strengths of both paradigms: the
pattern recognition, adaptability, and intuitive reasoning of deep learning with the log-
ical rigor, interpretability, and explicit knowledge representation of symbolic systems.
Purely neural agents often struggle with tasks requiring precise, multi-step reasoning,
common-sense knowledge, and verifiable correctness [85]. Integrating symbolic com-
ponents could help future agents overcome these limitations, leading to systems that
are more powerful, transparent, and reliable.

One of the primary motivations for hybrid architectures is to address the inherent
weaknesses of LLMs, such as their propensity for hallucination and their opaque,
black-box nature [197]. A symbolic component, such as a knowledge graph or a logical
reasoner, can act as an external verifier or a structured reasoning module for the LLM
[259]. For instance, when an LLM-based agent makes a factual claim or formulates a
plan, it could be required to ground its output in a structured knowledge base, ensuring
factual accuracy and consistency. Similarly, for complex planning tasks, an LLM could
be used to interpret a high-level goal and generate a simplified, symbolic representation
of the problemi. This symbolic model could then be passed to a classical planner like
PDDL [260], which can guarantee the logical correctness and optimality of the resulting
plan in a way that is computationally intractable for a purely neural system. Using
neural networks for perception and semantic understanding and symbolic systems for
formal reasoning and planning leverages the best of both worlds.

Conversely, neural components can overcome the brittleness and scalability issues
that have historically plagued purely symbolic AI [261]. Symbolic systems require
knowledge to be manually encoded in a formal language, a process that is labor-
intensive and struggles to handle the ambiguity and noise of real-world data. Neural
networks excel at learning representations directly from high-dimensional sensory data.
A hybrid agent could use a deep learning module to perceive its environment. This
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allows symbolic reasoning to be applied to problems in the messy, open world, effec-
tively grounding abstract symbols in real-world perception. This aspiration connects
to open-ended learning and cognitive architecture literature, which pursues the same
integration from the side of lifelong autonomy rather than language modeling [76, 77].

The ultimate goal of this research direction is to create a new class of agents capable
of both learning from data and reasoning with explicit knowledge. A key open chal-
lenge is the seamless integration of these two disparate modes of computation. How can
an agent learn new symbolic rules from its experiences? How can it effectively trans-
late between the continuous, vector-based representations of neural networks and the
discrete, logical structures of symbolic systems? Research into areas like differentiable
planners and deep learning on graphs aims to bridge this gap. Successfully creating
these unified architectures will be a critical step toward developing agents that can
perform complex, multi-step tasks, explain their reasoning in a human-understandable
way, and be formally verified against safety and ethical constraints, facilitating their
deployment in high-stakes domains like medicine, law, and science.

9 Conclusion

This survey has argued that agentic Al represents a genuine paradigm shift from static,
task-specific models toward autonomous systems that reason, plan, remember, per-
ceive, and act with diminishing human oversight. We traced the philosophical roots of
agency, synthesized perspectives from reinforcement learning, symbolic AI, BDI archi-
tectures, and embodied cognition, and organized the field along tlie complementary
dimensions of autonomy, cognitive capability, modality, and environment interaction.
We reviewed the enabling technologies, surveyed applications spanning autonomous
research, creative systems, web automation, and humazn Al collaboration, catalogued
the principal safety, alignment, and evaluation challenges, and devoted a dedicated
treatment to the trustworthiness concerns—safety, privacy, and sustainability—that
the field’s rapid deployment makes urgent. Two framing contributions structure
this material: a distinction between descriptive taxonomy and functional modeling,
and the proposal that data-efficient, developmentally inspired learning may be more
scientifically fruitful than the pursuit of ever-larger models.

We wish to be candid about the limitations of this survey. First, taxonomic breadth
is not the same as explanatory adequacy. A catalogue that locates a system within
ladders of autonomy, planning, and memory can convey an impression of comprehen-
siveness while omitting the description most relevant to risk: the closed-loop function
the system actually implements, the objective it optimizes, and the failure modes that
are stable under repeated interaction and distribution shift. A system may sit at a
modest taxonomic level yet implement a functionally hazardous loop, or rank highly on
every capability axis while remaining brittle or irrelevant to the domain at hand. The
taxonomy we offer is therefore best understood as an initial map to be subordinated,
in high-stakes settings, to functional analysis—not as a substitute for it.

Second, much of the present excitement rests on conceptual foundations that
remain unsettled. The field routinely describes large language models as “reasoning”
and “understanding” components, yet whether prompt-conditioned, corpus-trained
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systems exhibit genuine goal-directedness is a live question that bears directly on
how much autonomy can responsibly be delegated to them. Relatedly, the field’s
claimed commitment to interdisciplinary integration is not yet matched by its prac-
tice: robotics, cognitive neuroscience, developmental psychology, formal verification,
and the open-ended-learning tradition all offer directly relevant tools that remain
under-connected to the mainstream LLM-agent literature. The persistence of these
gaps suggests that progress will come less from scaling any single approach than from
principled synthesis across paradigms.

Third, our understanding of these systems is bottlenecked by evaluation. Existing
benchmarks capture agentic competence only partially: they tend to score final task
completion rather than the quality of intermediate planning, the appropriateness of
tool use, coherence over long horizons, or behavior under adversarial pressure, and
they remain immature for multimodal, embodied, and multi-agent settings. Claims
about agentic capability and agentic safety should be read with this measurement gap
in mind.

Looking forward, we see the most consequential directions as the development of
scalable oversight and corrigibility, robust alignment that is stable across sequences
of self-directed actions rather than single outputs, compositional and modular archi-
tectures, cooperative and socially aware agents grounded in operationalized theory of
mind, simulation environments for safe exploration, hybrid symbolic-neural systems,
and the data-efficient, developmentally inspired learning we have foregrounded as a
candidate unifying thesis. Across all of these, the recurring lesson is that capability
and trustworthiness must be co-designed rather than sequenced: safety, interpretabil-
ity, privacy, and sustainability are not features to be retrofitted onto otherwise finished
systems but constraints that should shape their architecture from the outset. The cen-
tral challenge of agentic Al is therefore not merely to build systems that are powerful,
but to build systems whose power we can undecistand, bound, and align—systems that
earn the description “trustworthy” through verifiable properties rather than persuasive
behavior.
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