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Building intelligent agents capable for autonomously perceiving, reasoning,

and acting to achieve goals has been a central pursuit of artificial intelligence
(Al) since its inception. For decades, the notion of agency was dominated by
symbolic architectures that represent information as formal knowledge and

use deliberative reasoning to derive rational actions, offering reliability but at
the cost of brittleness and limited generalizability. The recent advancements in
large language models (LLMs) and their integration into tool-using, environment-
interacting “agentic” systems have reignited interest in Al agents. However, while
LLM-based agents provide the flexibility that symbolic systems lacked, they
introduce new challenges in reliability and control. We posit that the future of

Al agents lies not in indefinitely scaling the model size, but in synthesizing the
methods and theories developed by the autonomous agents and multiagent
systems community with modern neural architectures to create neuro-symbolic

agents capable of trustworthy autonomy.

mous entity that perceives inputs from environ-

ments, reasons over trajectories, and takes ac-
tions to achieve its goals, has been a central pursuit of
artificial intelligence (Al) since its inception in the mid-
20th century,®® and later has been intensively studied
by the autonomous agents and multiagent systems
(AAMAS) community. In the early decades, the notion
of agency was dominated by symbolic architectures,
where information is represented as formal knowl-
edge (e.g., first-order logic,® production rules,” and
early formalisms, such as STRIPS'®) and agents lever-
age deliberative reasoning to derive rational actions.
Subsequent work introduced more expressive and
solver-friendly formalisms, such as constraint-based

The concept of “intelligent agent,” i.e., an autono-
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encodings,"? answer-set programs,” and planning

languages like PDDL." Such techniques and formal-
isms led to the first wave of progress in agency, in-
cluding early general problem-solving architectures,
such as the General Problem Solver (GPS),?® and lat-
er expert systems like MYCIN* and the famous Deep
Blue'® that defeated a reigning world chess champion
in 1997.

Unfortunately, manually encoding the infinite vari-
ability of real-world scenarios into formal rules before
performing deliberation proved to be prohibitively
difficult. As a result, the late 1990s saw a shift away
from symbolic agency toward statistical learning and
reinforcement learning (RL),” where the focus moved
from deliberatively reasoning about rational plans and
actions to finding the policies that maximize reward
functions. TD-Gammon® is a notable example of RL
agents, which leverages temporal-difference learning
to reach human master level in backgammon. Beyond
board games, RL was also successfully deployed in a
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variety of sequential decision-making problems, such
as elevator group control” autonomous helicopter
flight,?® and RoboCup soccer.*®

However, classical RL largely relies on tabular
representations or relatively simple function ap-
proximators, which limits its ability to cope with raw,
high-dimensional sensory inputs. The rise of deep
learning in the 2010s catalyzed a new wave of deep
RL (DRL) agents, in which deep neural networks are
used as powerful function approximators for value
functions and policies. Landmark work, such as the
Deep Q-Network that achieved human-level perfor-
mance on Atari 2600 games directly from pixels,?
and AlphaGo that mastered the game of Go with
deep policy/value networks,***> demonstrated that
end-to-end training from perception to action could
scale to complex domains previously out of reach.
Subsequent advances, including deep actor-crit-
ic methods™¥“? and multiagent deep RL frame-
works,'®¥ further broadened the applicability of RL
to continuous control, cooperative, and competitive
multiagent settings.

Despite their impressive empirical successes,
DRL agents are trained from scratch for specific
tasks, which is not only time-consuming but also se-
verely limits the capability of generalizing to novel
or unknown tasks. The recent emergence of large
language models (LLMs)>** has opened a new par-
adigm for agency. Trained on web-scale corpora
with autoregressive objectives, LLMs acquire broad
world knowledge and emergent capabilities in rea-
soning, question answering, and code generation
as model size scales. By integrating with scaffolds
like tool use, memory, and environment interaction,
LLM-based Al agents demonstrate stellar perfor-
mance on various challenging tasks, such as soft-
ware engineering,®>*® computer control,*® and Al
for science?®®2 without costly task-specific re-
training. An illustration of the evolution of agency is
displayed in Figure 1.

LLM-based agents?** use LLMs as the core of a closed

perception-reasoning-action loop. At each step, the
agent receives a (typically natural language) descrip-
tion of the current state and goal, together with auxil-
iary context retrieved from memory or tools. The LLM
then deliberates and selects an action, such as calling
an external tool or executing code, after which the en-
vironment returns observations that are appended to
the context for the next decision. In this view, the LLM
functions as a planner or policy over textual states,

with agency expressed in natural language rather than
through explicit symbolic algorithms or purely learned
control policies. Specifically, a typical LLM-based
agent consists of:

> aplanner LLM that serves as the reasoning and
decision-making module

> an interface that mediates the interactions with
external environments [e.g., application pro-
gramming interfaces (APIs), code interpreters,
computers, or tools]

> a memory that maintains both short-term work-
ing context for the current task and longer-term
information such as user specifications, past ex-
periences, or acquired skills.

Planner and Control Loop

Planner is the central control module in the percep-
tion-reasoning—action loop of LLM-based agents. The
LLM is treated as a goal-conditioned policy over textu-
al descriptions of state, deciding at each step whether
to decompose the task, call a tool, request more infor-
mation, or terminate.”"3* It interprets the current state,
the goal, and retrieved context, and produces the next
action or intermediate subgoal. This mechanism, how-
ever, is far from robust. Planner outputs are stochastic
and uncalibrated, long reasoning chains accumulate
errors and hallucinations, and plans may violate safety
or user constraints®* at the same time, limited context
windows, underspecified goals, and ad hoc prompt
engineering make behavior brittle and difficult to ana-
lyze. To mitigate these issues, current systems encode
planning primarily in prompts (e.g., chain-of-thought,
ReAct”) and wrap the LLM in an explicit loop that al-
ternates “think—act-observe” steps, while more struc-
tured variants perform search over LLM-generated
thoughts,®® use self-consistency or self-critique for
verification,”**" and apply reinforcement learning to
bias the planner toward safer and more goal-aligned
trajectories.’

Interface With External Environments

The interface with external environments connects
semantic outputs of LLMs to rigid external systems,
such as APlIs, code interpreters, or simulators, there-
by turning LLM-generated actions into concrete calls
and feeding the observations obtained from environ-
ments back to the textual context.>**° Given a plan-
ner's output, the interface selects the appropriate tool,
validates arguments, executes the call, and formats
the result into a concise description suitable for the
next reasoning step, while also exposing environment

AuthorEd licensed use limitécEto:| Narijigiegn T Sglsbetogical University Library. Downloaded on April 28,2026 at 02:39:26 UTC from IEEE Xphdierc REstridtDaapply.



Phase I: Symbolic & Logic Agency
(1950s - 1990s)

ii( Characteristics: Dominated by
symbolic architectures, formal knowledge O
representation, and symbolic reasoning

Phase II: (Deep) RL Agency
(1990s - 2010s)

¥ Characteristics: Shifted from symbolic ¥ Characteristics: Utilizes Large
reasoning to (deep) reinforcement learning,
focusing on maximizina reward functions

AI'S 10 POSITION PAPERS

Phase III: LLM-Based Agency
(2022 - Present)
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FIGURE 1. The evolution of agency from symbolic to modern LLM-centric architectures over the past decades.

state (files, databases, web, devices) as snippets that
can be appended to the dialogue history. Designing
this layer is also challenging: One must handle ro-
bust parsing and tool selection under free-form lan-
guage, defend against malformed or unsafe actions
(e.g., arbitrary code execution), and cope with latency,
failures, or nondeterminism in external systems*° As
the number and diversity of tools grow, choosing the
right one and summarizing noisy outputs becomes
increasingly difficult. In response, most LLM-based
agents adopt function-calling-style prompting and
tool schemas that specify names, arguments, and
documentation, enabling the LLM to generate valid
calls.*® Frameworks, such as LangChain, encapsulate
execution and error handling behind adapters, spe-
cialized models for API calling, or code execution are
fine-tuned on synthetic tool-use corpora,®* and many
agentic architectures further constrain the planner
through ReAct-like formats where the model inter-
leaves natural-language “thoughts” with discrete tool
invocations,” making the interface an integral part of
the control loop.

Memory and Experience

Memory provides persistence beyond the planner’s
short-term context, storing user preferences, world
knowledge, and the agent’s own past trajectories,
thus turning the stateless LLM into the agent that can
accumulate experience, personalize behavior, and
handle extended tasks that exceed a single context
window.”® Memory modules record episodes (dia-
logue turns, actions, outcomes) as well as more ab-
stract summaries or skills, and expose them through
retrieval at decision time, supporting both episodic
recall and semantic recall.*®*® The main design ques-
tions are what to store, at what granularity, and how
to retrieve selectively. Simple accumulation leads

to unbounded logs and expensive prompts, where-
as aggressive pruning or summarization risks losing
important details.’® In addition, retrieval over large
memories requires efficient indexing and relevance
scoring, and the stored information can become stale
or misaligned with evolving user preferences. Con-
sequently, most agentic frameworks adopt retriev-
al-augmented memory, where interactions are em-
bedded into a vector space and indexed in an external
database, with top-k relevant items injected into the
prompt on demand.*® Systems then differ in how they
segment and score memories (raw turns versus hier-
archical summaries, recency, and importance weight-
ing) and in how they combine these with short-term
“working memory” inside the context window,*® while
some work goes further and uses fine-tuning or light-
weight parameter editing to encode stable knowledge
directly into the model, trading flexible retrieval for
longer-term parametric adaptation.

As the capabilities of LLMs continue to improve, LLM-
based agents are emerging as a key paradigm for de-
ploying general-purpose models to concrete tasks. On
the one hand, they integrate perception, reasoning,
and action, updating internal state, and making de-
cisions in pursuit of long-term objectives in complex
environments. On the other hand, they are embedded
in real-world environments, operating over extended
periods in production code repositories, scientific ex-
perimental platforms, and office desktops. Compared
with traditional Al systems that primarily optimize
for specific tasks, LLM-based agents directly reflect
how contemporary Al is actually used in practice with
generalizability and adaptability. This section surveys
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several representative applications of LLM-based
agents to sketch the main contours and emerging
trends of agentic Al in the real-world deployment.

Software Engineering

LLM-based agents in software engineering are evolv-
ing from function-level code generation into auton-
omous developers that can process long-horizon,
repository-level tasks. "Agentic IDEs,” such as Cursor,
maintain built-in agents that can traverse a reposito-
ry, execute shell commands, and coordinate multifile
refactoring from within the editor interface.® Windsurf
places particular emphasis on long-horizon “flows":
The agent maintains state across many compilation
and testing cycles, adjusting its plan as new errors and
signals arise.’ Devin, described as an “Al software en-
gineer,” runs in a sandbox that includes its own brows-
er, terminal, and editor, and has been demonstrated
on end-to-end tasks that require understanding tick-
ets, modifying code bases, and submitting patches
back into existing workflows.® In parallel, research
platforms, such as SWE-agent, expose standardized
interfaces to real GitHub repositories.”® They allow
LLM-based agents to browse, edit, and test code in
open source projects and serve as benchmarks and
reference implementations for this class of systems.

Al for Science

In scientific domains, the agentic use of LLMs is most
apparent where systems are asked not only to make
predictions, but also to help carry out the scientific re-
search processes. One prominent line of work is the
“Al scientist” paradigm, exemplified by Sakana Al's
system that automates substantial portions of the
research loop: Given a loosely specified topic, it can
search and summarize literature, propose hypotheses,
generate and modify code, run experiments, analyze
results, and draft structured research reports.?’ Re-
lated efforts argue more broadly for “agentic” scien-
tific workflows where Al systems take actions, such
as selecting which experiments to run next, deciding
which baselines to compare against, or organizing the
structure of a study.>®> A complementary development
is the rise of autonomous or “self-driving” laborato-
ries in chemistry and materials science, where an Al
agent chooses experimental conditions, controls ro-
botic hardware, and updates internal models based on
measured outcomes.®® In many such systems, the LLM
plays the role of planner and coordinator, translating
high-level goals into experimental processes and or-
chestrating domain-specific solvers and optimizers.
In more specialized settings, materials-design agents

combine LLM planners with physics-informed simula-
tion tools and curated databases to propose and eval-
uate candidate materials with target properties, iterat-
ing automatically over large-scale design spaces that
would be infeasible to explore manually.??

Computer Control and Tool Use

A primary environment for LLM-based agents is the
computer itself. Instead of using structured APIs,
recent LLM-based agents perceive screens and win-
dows and act via keyboard and mouse events. For ex-
ample, OpenAl's computer use agents receive visual
observations of an application window or browser, is-
sue low-level interaction commands, and are trained
to complete multistep tasks, such as filling out
forms, booking travel, and aggregating information
across multiple sites.*° Anthropic’s Claude “Comput-
er Use” mode similarly runs as a remote worker on a
user's desktop, combining GUI operations and com-
mand-line tools to execute long-running workflows
that would previously have required human assis-
tants.! Underpinning these systems is a rapidly devel-
oping infrastructure for structured tool use, including
function-calling interfaces and the Model Context
Protocol, which standardizes how external tools and
data sources are exposed to LLM-based agents and
discovered at run time.”> Computer use agents and
tool-use protocols are thus mutually synergizing: Pro-
tocols provide safe, auditable channels for tool use,
while agents supply the decision to determine which
tools to invoke.

Agent-Based Modeling

Early work on “generative agents” demonstrated that
LLM-powered characters in a simple sandbox envi-
ronment could maintain memories, form plans, and
exhibit plausible emergent social behaviors over ex-
tended time horizons.*? Building on this idea, several
frameworks represent households, firms, or other
actors with LLM-based agents whose micro-level
decisions about work, consumption, saving, or com-
munication collectively generate macro-level dynam-
ics. For example, EconAgent and related systems use
LLM-based populations to study macroeconomic
phenomena and policy interventions, suggesting that
LLM-based decision rules can reproduce patterns
that are difficult to capture with simple hand-crafted
behaviors.” In epidemiology and public health, multi-
agent frameworks that integrate LLM-based individu-
als with traditional compartmental or network mod-
els are being explored as “virtual policy sandboxes”
in which alternative communication or intervention
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strategies can be tested before real-world deploy-
ment.?° Recent surveys refer to this broad line of work
as "LLM-empowered agent-based modeling,” and em-
phasize both its potential for computational social
science and the challenges of calibration, validation,
and ethical use that arise when simulated agents are
powered by large pretrained models rather than ex-
plicitly designed rules.®

The notion of agency has undergone a profound trans-
formation over the past decades, evolving from sym-
bolic architectures to deep neural models, and arriv-
ing at a modern renaissance where LLMs serve as core
engines for perception, reasoning, and action. While
this reemergence brings unprecedented generality
and adaptability, LLM-based agents also introduce
significant challenges regarding hallucinations, align-
ment, and long-horizon planning. Below we outline the
critical open challenges that must be addressed to
advance the field of LLM-based agents, and highlight
the key opportunities where the AAMAS community is
uniquely positioned to contribute in the era of LLMs.

Open Challenges in LLM-Based Agents
Long-Horizon Planning and Grounding
LLM-based agents demonstrate critical limitations
when applied to long-horizon tasks involving exten-
sively many steps (e.g., >1000 steps) or extended tem-
poral durations (hours to days). This primarily stems
from the fact that LLMs are trained to predict the next
token based on statistical patterns in large text corpo-
ra, not to explicitly model the underlying dynamics of
environments or causal logics. Besides, the internal
world knowledge of LLMs may be incomplete, out-of-
date, or misaligned with real environments, leading to
compounding errors when decisions must be chained
over long horizons. As a result, agents may produce
plans that are semantically plausible but functionally
invalid, due to violating implicit constraints, halluci-
nating unavailable capabilities, or overlooking environ-
mental preconditions.

Memory

Effective agency requires a coherent memory of the
learned skills, experiences, and working context for
the problem currently being solved. Current memory
architectures for LLM-based agents still remain prim-
itive along three dimensions. First, pattern-matching
approaches (cosine similarity, BM25, or LLM-based
selection) decouple retrieval from decision making,
retrieving semantically similar content while missing
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causal dependencies crucial for reasoning in deci-
sion-making tasks. Second, heuristic, rule-based mech-
anisms for determining what to store, update, or delete
often lead to out-of-date or conflicting information
that exacerbates planning errors and hallucinations.
Third, the absence of unified schemas for indexing and
retrieving heterogeneous data types (text, graphs, au-
dio, video) remains a fundamental architectural gap for
LLM-based agents.

Multiagent Interaction

Multiagent LLM systems show promise for solving
complex tasks like software development, but still
face critical deployment barriers. First, hallucina-
tions and errors from individual agents cascade and
amplify throughout the system, undermining the
reliability and auditability of the systems. Second,
interagent communications cause token flooding
and context explosion, incurring substantial com-
putational costs and reducing the efficiency of the
systems. Third, existing architectures (sequential or
hierarchical) lack principled frameworks for task al-
location, role specialization, and conflict resolution,
requiring extensive task-specific tuning and manual
configuration, which significantly limit the applica-
bility of multiagent LLM systems. Therefore, develop-
ing the unified coordination protocols for heteroge-
neous agent cooperation remains an open challenge
for LLM-based agents.

Opportunities for AAMAS Community

Over the past decades, the AAMAS community has
developed extensive theories and techniques for
trustworthy autonomy, ranging from decision making
and knowledge reasoning to principled mechanisms
for coordination and cooperation. These foundations
offer a rich toolkit for addressing emerging challenges
in LLM-based agents due to the intrinsic similarities to
the classic problems extensively investigated by the
community. In the following sections, we outline sev-
eral key directions where the expertise of the AAMAS
community can make a unique impact in the LLM era.

Symbolic Integration for Verifiable Reasoning

Classical models of planning, decision making, knowl-
edge representation, and automated reasoning can
endow LLM-based agents with explicit, verifiable rea-
soning structures. For example, integrating symbolic
and domain-specific solvers to provide accurate feed-
back signals, enable long-horizon planning, and miti-
gate hallucinations through constrained generation.
Under this paradigm, LLMs function not as monolithic
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decision-makers but as interfaces between unstruc-
tured natural language and formal symbolic languag-
es, with computationally intensive reasoning delegat-
ed to provably correct symbolic systems.

Principled Memory Architectures

The AAMAS community is uniquely positioned to
advance memory architectures beyond current ap-
proaches. Decades of research on belief revision,
knowledge maintenance, case-based reasoning, and
multimodal representation learning provide theoreti-
cal foundations for agent memory systems. By estab-
lishing rigorous criteria for knowledge storage, update
mechanisms, and epistemic justification, the commu-
nity can build memory modules that are dynamically
coupled with decision-making processes, grounded in
causal relevance, and robust to noise and adversarial
perturbations.

Coordination Mechanisms for Multiagent

LLM Systems

Classic AAMAS research on coordination, negotiation,
and distributed problem solving can contribute to the
design of scalable and reliable modern multiagent
LLM systems. For instance, established frameworks,
like teamwork and coalition structure generation, can
inspire architectures that mitigate context overflow,
regulate communication bandwidth, and support role
adaptation. Similarly, insights from distributed prob-
lem solving can help to develop robust coordination
protocols for heterogeneous LLM-based agents with
different specialized capabilities.

Together, these opportunities highlight the piv-
otal role the AAMAS community can play in shaping
the next generation of Al agents. By combining the
generative flexibility of LLMs with principled models,
algorithms, and theories developed over decades of
AAMAS research, we can move toward agents that are
not only more capable but also more trustworthy, ro-
bust, and aligned with human and societal values.
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