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Abstract—The rise of large language model (LLM)-powered
agents is transforming services computing, moving it beyond
static, request-driven functions toward dynamic, goal-oriented,
and socially embedded multi-agent ecosystems. We propose
Agentic Services Computing (ASC), a paradigm that reimagines
services as autonomous, adaptive, and collaborative agents ca-
pable of perceiving, reasoning, acting, and evolving in open and
uncertain environments. We organize ASC around a four-phase
lifecycle: Design, Deployment, Operation, and Evolution. It is
examined through four interwoven research dimensions: (i) per-
ception and context modeling, (ii) autonomous decision-making,
(iii) multi-agent collaboration, and (iv) evaluation with alignment
and trustworthiness. Rather than functioning as isolated layers,
these dimensions evolve together. Contextual grounding supports
robust deployment; autonomous reasoning drives real-time ac-
tion; collaboration emerges from agent interaction; and trust-
worthiness is maintained as a lifelong, cross-cutting commitment
across all lifecycle stages. In developing this framework, we also
survey a broad spectrum of representative works that instantiate
these ideas across academia and industry, mapping key advances
to each phase and dimension of ASC. By integrating foundational
principles of services computing with cutting-edge advances in
LLM-based agency, ASC offers a unified and forward-looking
foundation for building intelligent, accountable, and human-
centered service ecosystems.

Index Terms—Agentic services computing, LLM agents, multi-
agent systems, service lifecycle.

I. INTRODUCTION

The field of services computing is undergoing a paradigm
shift that fundamentally redefines what constitutes a “service”.
Traditionally, services have been modeled as function-oriented,
modular components, typically exposed as APIs or microser-
vices, designed for predictable request-response interactions.
The advent of large language models (LLMs) and multimodal
foundation models has catalyzed the emergence of a new class
of software entities: agents. These agents are autonomous, goal-
driven, and context-aware; they can perceive environments, rea-
son over tasks, execute actions, and collaborate with users and
other agents. Building on this transformation, we propose Agen-
tic Services Computing (ASC), a paradigm in which services are
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Agentic Services Computing
A paradigm in which intelligent, goal-driven entities that are designed,
deployed, and operated with full lifecycle support
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Figure 1: We define Agentic Services Computing as an emer-
gent paradigm that reimagines services as adaptive, goal-driven
participants in a dynamic ecosystem, formed through the con-
vergence of services computing, multi-agent systems, and LLM-
based agents.

no longer invoked but orchestrated, no longer reactive but proac-
tive, and no longer static but evolving participants in dynamic
ecosystems.

Historically, the integration of MAS and services computing
relied on symbolic, rule-based architectures. The Belief-Desire-
Intention (BDI) model [38], [76] provided a cognitive archi-
tecture in which Beliefs represent an agent’s knowledge of the
world, Desires encode its goals, and Intentions denote actions
to which the agent has committed. This architecture was imple-
mented in practical systems such as PRS [77] and dMARS [59].
To facilitate interoperability, FIPA standards [71] introduced
a standardized Agent Communication Language (ACL) along
with protocols such as Contract Net for service discovery [99],
composition [197], [128], and negotiation [137], [186]. Plat-
forms including JADE [32], Jason [37], and SPADE [169] oper-
ationalized these principles and enabled the development of dis-
tributed, cooperative agent systems. However, these approaches
were constrained by hand-crafted knowledge bases and rigid
planning mechanisms, limiting their adaptability in open, dy-
namic environments.

The rise of LLMs and vision-language models (VLMs) [34]
has overcome many of these limitations. These models serve as
general-purpose cognitive engines that enable agents to inter-
pret natural language, process multimodal input, and generate
contextually appropriate actions with minimal task-specific pro-
gramming. The REACT paradigm [195] exemplifies this trans-
formation by interleaving Thought and Action within a closed
reasoning-acting loop. Systems such as VOYAGER [177] extend
this capability by supporting autonomous exploration and self-
improvement in complex domains. Benchmarking frameworks
like WebArena [204] and VisualWebArena [105] evaluate agent



Table I: A comparative analysis of survey perspectives on agentic services. Our work uniquely integrates historical foundations,

modern LLM capabilities, and a full service lifecycle.

Governance Architectures Domain-Specific Classical  Agent
Work & Trust & Collaboration Applications MAS  Evolution Ours

[198], [70], [95] [179], [107] [196], [64], [193], [171], [115], [88]  [63] [180]
Covers Classical MAS X X X v v v
Covers LLM Agents v v v X v v

Multimodal Integration Implied Text-Centric Domain-Dependent Limited X Explicit

E2E Service Lifecycle X X Partial X X v
Goal-Driven Composition X X X X X v
Unified Governance Model Partial X X X X v

performance on real-world tasks. At the system level, platforms
such as AutoGen [188] and Magentic-One [72] facilitate collab-
oration among teams of specialized agents executing intricate
workflows. This evolution marks a revival of coordinated intel-
ligence, now powered by neural cognition rather than symbolic
reasoning.

Yet as agents become increasingly autonomous, they intro-
duce new challenges in governance, safety, and trust. The inter-
action model has fundamentally shifted: from static, protocol-
driven exchanges to dynamic, cognition-driven engagements
that continuously evolve over time. In this new landscape, a
service is no longer a fixed function awaiting invocation; it is
a proactive entity capable of perception, reasoning, action, and
collaboration. This transformation exposes critical limitations
in existing paradigms when considered in isolation. Classical
MAS offer rich theoretical models of autonomy and coordina-
tion, but lack systematic support for full-lifecycle engineering,
operational governance, and integration into real-world service
infrastructures. Traditional services computing provides robust
principles for designing, deploying, and managing distributed
systems [197], [128], yet it treats services as passive, state-
less components devoid of cognitive capabilities or behavioral
agency. Meanwhile, LLM-based agents exhibit remarkable rea-
soning and adaptability [195], [177], but often lack mechanisms
for auditability, value alignment [198], safety [95], and long-
term operational rigor. ASC addresses these gaps not by com-
bining the three domains additively, but by unifying them into
a coherent discipline. As illustrated in Figure 1, ASC integrates
cognitive autonomy, multi-agent coordination, and lifecycle-
centric service engineering to support the development and gov-
ernance of intelligent services that are both capable and trust-
worthy. Within this paradigm, agentic services are first-class
citizens whose identity is defined not by static interfaces, but by
their intent, behavior, and evolutionary trajectory. In our opin-
ion, ASC reorients the focus of service design: from service
invocation to agent orchestration, from predefined workflows
to emergent collaboration, and from functional correctness to
behavioral trustworthiness. ASC embeds technical capabilities
within a structured agentic service lifecycle, ensuring continuity,
resilience, and adaptability across deployment, operation, and
evolution.

While numerous surveys on MAS and LLM agents exist, they
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Figure 2: The orchestration of core sections in this paper.

exhibit critical limitations. As shown in Table I, current works
fall into disconnected categories. Some provide taxonomies
of agent architectures [179], [107] but lack historical context
and comprehensive coverage of the service lifecycle. Domain-
specific surveys in robotics [196], medicine [171], and software
engineering [115], [88] offer deep insights but remain isolated
from classical MAS and service engineering principles. Sur-
veys on governance [198], [70], [95] treat trust and safety in
isolation. Classical MAS surveys [63] do not incorporate the
capabilities enabled by LLMs. Although [180] bridges classical
and modern paradigms, it omits engineering considerations and
lifecycle management. To the best of our knowledge, no existing
survey integrates the three foundational pillars: classical MAS
principles, LLM & VLM cognitive capabilities, and lifecycle-
centric services computing. Our core contribution is a unified
framework for ASC that bridges these domains. This framework,
detailed in Section IV, establishes ASC as a principal discipline
by defining core concepts, identifying essential features, and
proposing a structured research agenda. A central innovation is
the agentic service lifecycle as the organizing principle, ensur-



ing that technical capabilities are analyzed within the context
of service continuity, operational resilience, and evolutionary
adaptability.

The remainder of this paper is structured as shown in Figure 2.
Section II traces the evolution from classical MAS to modern
LLM-based agents. Section III introduces agentic services and
a four-phase lifecycle model. Section IV formalizes the ASC
paradigm with a structured research framework. Sections V
through VIII examine technical foundations through the life-
cycle lens. Section V covers perception and environment mod-
eling. Section VI investigates decision-making and execution.
Section VII explores multi-agent collaboration. Section VIII fo-
cuses on evaluation, value alignment, and trustworthiness. Sec-
tion IX discusses trends and challenges. Section X concludes.

II. FOUNDATIONS

ASC emerges from the convergence of three foundational
paradigms: services computing, MAS, and LLM-based agents.
Each paradigm contributes distinct and essential capabilities.
Namely, engineering rigor and lifecycle governance from ser-
vices computing; decentralized autonomy, coordination, and so-
cial interaction from MAS; and generative cognition with nat-
ural language understanding from LLM-based agents. While
each domain has significantly advanced the design of intelli-
gent systems, all face inherent limitations when applied in isola-
tion, particularly in open and dynamic environments. This sec-
tion examines their complementary strengths and shared chal-
lenges, arguing that only through deep, principled integration
can their collective potential be fully realized. ASC synthesizes
these paradigms into a coherent framework that inherits their
core advantages while mitigating their individual shortcomings,
thereby enabling the development of robust, adaptive, and intel-
ligent service ecosystems.

A. Services Computing

Services computing provides the engineering backbone for
constructing modular, scalable, and maintainable distributed
service systems. Its evolution spans from service-oriented ar-
chitecture (SOA) [133], [36], [134], [57], [199] to microser-
vices [127] and, more recently, serverless computing [29]. This
progression has steadily enhanced system agility, scalability,
and operational efficiency through increasingly fine-grained de-
composition of functionality. At the heart of this paradigm lies
the principle of encapsulating functionality as reusable, inde-
pendently managed services that expose well-defined interfaces.
SOA established standardized protocols such as WSDL, SOAP,
and REST, along with orchestration languages like BPEL [54],
to ensure interoperability across heterogeneous platforms. Mi-
croservices extended this vision by decomposing monolithic
applications into independently deployable units, thereby sup-
porting continuous integration and delivery practices. Server-
less computing further abstracts infrastructure concerns by of-
fering event-driven execution models with automatic scaling and
pay-per-use pricing, as exemplified by platforms such as AWS
Lambda and Azure Functions. A defining characteristic of ser-
vices computing is its emphasis on end-to-end lifecycle gover-
nance. The ISO/IEC/IEEE 15288:2023 standard [97] prescribes

systematic processes for the conception, development, opera-
tion, and retirement of systems, encompassing configuration
management, risk assessment, and verification activities. Oper-
ational practices reinforce this governance through mechanisms
such as service-level agreements (SLAs), monitoring tools (e.g.,
Prometheus [8]), visualization dashboards (e.g., Grafana [4]),
and distributed tracing frameworks (e.g., OpenTelemetry [7]),
all of which ensure observability, reliability, and regulatory com-
pliance. Additionally, frameworks like ITIL [73] institutional-
ize best practices for service management across organizational
contexts.

Notwithstanding these strengths, traditional service models
remain function-centric and statically defined. They lack intrin-
sic autonomy, goal-directed behavior, and the capacity for adap-
tive reasoning. Consequently, they perform effectively within
deterministic, pre-specified workflows but are fundamentally
unable to support entities that must perceive their environment,
formulate plans, learn from experience, or evolve in response to
changing conditions.

B. Multi-Agent Systems

MAS model decentralized intelligence through autonomous
entities that perceive their environments, reason about goals,
and coordinate with one another to achieve complex objec-
tives [185]. These agents exhibit both proactivity and reactivity,
enabling them to act independently and adapt to dynamic condi-
tions without requiring explicit external control. A foundational
cognitive architecture for such agents is the BDI model [76],
which structures decision-making around three internal mental
states. In this framework, Beliefs represent an agent’s knowledge
of the environment, Desires encode its objectives, and Inten-
tions correspond to the courses of action to which the agent
has committed. To support interoperability and structured inter-
action, the Foundation for Intelligent Physical Agents (FIPA)
established formal standards [71] that define message formats
and interaction protocols. Among these, the Contract Net pro-
tocol [158] is widely used for task negotiation and service allo-
cation. Practical implementations of these theoretical constructs
include systems such as PRS [77], dJMARS [59], and Jason [37],
which operationalize BDI reasoning and agent communication
in real-world settings. To balance deliberation and responsive-
ness, hybrid agent architectures integrate high-level planning
with low-level reactive mechanisms. An influential example is
the subsumption architecture [41], which enables layered be-
havior control without centralized reasoning. Furthermore, or-
ganizational models such as AGR (Agent, Group, Role) [69]
provide abstractions for structuring large-scale multi-agent sys-
tems, thereby facilitating scalable coordination and role-based
interaction.

Despite these advances, classical MAS faces limitations in
modern service contexts. Its reliance on hand-engineered rules
and domain-specific knowledge restricts adaptability in open
and evolving environments. As system scale increases, com-
munication overhead grows nontrivially, and the verification of
emergent collective behaviors becomes increasingly difficult.
Most critically, classical MAS lacks native integration with con-
temporary service infrastructure, e.g., versioning systems, con-



tinuous deployment pipelines, runtime monitoring, and service-
level agreement (SLA) enforcement mechanisms. This gap has
impeded the adoption of MAS principles in production-grade,
industrial-scale service ecosystems.

C. LLM-based Agents

LLM-based agents utilize LLMs to generate human-like lan-
guage and carry out complex reasoning tasks. The Transformer
architecture [175] laid the foundation for these capabilities by
introducing self-attention mechanisms, which enable efficient
parallelization and the modeling of long-range dependencies in
sequential data. This architectural innovation gave rise to in-
creasingly powerful models, including GPT [141], GPT-2 [142],
GPT-3 [42], and GPT-4 [23]. These models demonstrate emer-
gent abilities in few-shot learning, multi-step reasoning, and
cross-domain generalization, even without explicit task-specific
training. These LLMs serve as cognitive engines for agentic
systems, which are instantiated through several distinct archi-
tectural patterns. Reactive Agents rely on prompting strategies
such as Chain-of-Thought [183] to perform stepwise reason-
ing; however, they lack persistent memory and the capacity for
long-term planning. In contrast, Act-and-Reason Agents inter-
leave reasoning with action execution. A representative exam-
ple is REACT [195], which generates explicit thought traces
while invoking external tools, such as web search or code inter-
preters, to interact with dynamic environments. A third category,
Reflective Agents, incorporates mechanisms for self-evaluation
and iterative improvement. For instance, Reflexion [156] sim-
ulates internal reflection to refine future decisions, and Tree-
of-Thoughts [194] explores multiple reasoning trajectories to
identify globally optimal solutions. Frameworks such as Au-
toGPT [192] and BabyAGI [2] illustrate how these agents can
autonomously pursue high-level goals through recursive task
decomposition and execution. Meanwhile, evaluation platforms
like AgentBench [116] provide standardized benchmarks for as-
sessing agent performance across diverse domains. Collectively,
these systems exhibit unprecedented levels of adaptability and
natural language fluency.

Nevertheless, LLM-based agents are frequently developed
as isolated cognitive prototypes, disconnected from operational
service infrastructures. They also lack essential engineering fea-
tures such as version control, runtime monitoring, SLA enforce-
ment, and systematic failure recovery mechanisms. Moreover,
their black-box nature introduces significant challenges related
to reliability, safety, auditability, and reproducibility. Without a
formal engineering discipline that governs their design, deploy-
ment, and evolution, their use in mission-critical applications
remains fragile and impractical.

D. Convergence: Toward Agentic Services Computing

The limitations inherent in each foundational domain high-
light a compelling need for their integration. Services comput-
ing provides strong engineering rigor and lifecycle management
but lacks intrinsic intelligence and autonomous behavior. Multi-
agent systems offer models of autonomy and coordination yet
struggle with scalability and integration into modern operational
infrastructure. LLM-based agents deliver remarkable cognitive

flexibility and natural language fluency but remain largely dis-
connected from systematic engineering practices, resulting in
insufficient reliability and poor system-level integration.

ASC addresses these gaps by unifying the three paradigms
into a coherent, next-generation computing model. ASC defines
agentic services as autonomous, goal-driven entities that inte-
grate generative cognition, decentralized coordination, and full-
lifecycle engineering discipline. These entities are not merely
APIs wrapped with large language models; rather, they function
as intelligent participants within dynamic service ecosystems.
Specifically, agentic services operate under SLAs, are observ-
able through standard monitoring and tracing tooling, and pos-
sess the capacity to perceive their environment, plan actions,
adapt to changing conditions, and collaborate with other agents
and users through natural language. ASC introduces three foun-
dational shifts in how intelligent services are conceived and de-
ployed. First, it moves from state-based execution to goal-driven
execution. Second, it transitions from passive service invocation
to active, intent-aware engagement. Third, it replaces static or-
chestration with dynamic, decentralized coordination. Together,
these shifts enable the scalable deployment of intelligent agents
in real-world applications, including customer service automa-
tion, advanced digital assistants, and autonomous operational
systems.

III. AGENTIC SERVICE: CONCEPT, CHARACTERISTICS,
AND LIFECYCLE MODEL

A. The Structured Characterization of Agentic Services

At the core of ASC lies a fundamental reimagining of the
service as a computational entity. In our definition, agentic ser-
vices are persistent, goal-oriented agents that can initiate ac-
tions, maintain internal state, reason about their environments,
and adapt autonomously. Rather than functioning as passive
endpoints, they act as active participants in dynamic and open-
ended ecosystems, thereby fundamentally transforming how
distributed service systems are designed, operated, and gov-
erned. This paradigm shift is formalized in the SCALE frame-
work, which articulates five interrelated characteristics that col-
lectively define agentic services. As illustrated in Figure 3,
agentic services diverge from classical services across multi-
ple dimensions: they replace reactive invocation with proac-
tive agency, isolated transactions with contextual continuity, and
static composition with emergent collaboration.

a) Stateful and Context-Aware Interaction: Traditional
services process each request in isolation and discard contextual
information after the interaction concludes. In contrast, agentic
services maintain persistent memory of user interactions, envi-
ronmental states, and past decisions, which enables coherent,
personalized, and long-horizon engagement across multiple ses-
sions. This memory is typically implemented through vector
databases such as Pinecone [19] and Weaviate [21], knowledge
graphs, or session-aware storage layers. Nevertheless, persis-
tent memory introduces significant challenges, including the
need to ensure data privacy and regulatory compliance (e.g.,
GDPR [173]), maintain consistency across distributed agents,
and prevent cognitive overload caused by excessive context ac-
cumulation. Consequently, effective memory management re-
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Figure 3: Comparison between agentic and traditional services.

quires mechanisms for selective retention, contextual summa-
rization, and fine-grained access control.

b) Cognitive Autonomy: Whereas classical services op-
erate in a purely reactive manner, agentic services exhibit cog-
nitive autonomy by proactively managing internal states, plan-
ning sequences of actions, and adapting strategies based on ex-
perience. This capability is supported by LLM-based reason-
ing architectures such as REACT [195] and Reflexion [156],
which enable stepwise reasoning, self-correction, and reflective
learning. Coupled with persistent runtimes, these architectures
shift the service model from ephemeral function calls to contin-
uous agency. However, such autonomy entails risks, including
unbounded resource consumption, execution of unauthorized
actions, and difficulties in debugging non-deterministic behav-
iors. Therefore, autonomy must be constrained by safety guards,
policy-based limits, and comprehensive audit trails.

c) Agent as Goal Executor: Traditional services are in-
voked through fixed interfaces such as REST APIs to execute
predefined functions. Agentic services, by contrast, respond to
high-level goals. For instance, “Prepare a market analysis report
for product X.” Upon receiving such a goal, the agent decom-
poses it into subtasks, selects appropriate tools (e.g., web search,
code execution, or external API calls), sequences actions, and
monitors progress toward successful completion. This shift from
specifying how a task should be performed to declaring what
outcome is desired enables flexible and adaptive behavior in un-
predictable environments. Yet it also introduces new challenges,
including ambiguity in goal interpretation, fidelity of execution,
and accountability for emergent or unintended outcomes. To
address these issues, formal goal specification languages and
robust outcome validation mechanisms are essential for reliable
deployment.

d) Lifelong Collaborative Learning: Conventional ser-
vice composition relies on predefined workflows and static or-
chestration. Agentic services, however, engage in emergent col-
laboration by dynamically forming coalitions, negotiating roles,
delegating tasks, and resolving conflicts through established
protocols such as the Contract Net [158] or auction-based mech-
anisms [154]. This self-organizing coordination enhances sys-
tem resilience and collective intelligence. Realizing such col-
laboration demands advances in decentralized control, incentive
alignment, and stability analysis within evolving multi-agent

ecosystems. Furthermore, agents can learn from past interac-
tions, e.g., by refining coordination strategies or optimizing team
composition, thereby enabling lifelong, collective adaptation
that improves performance over time.

e) End-to-end Lifecycle Governance: As autonomy and
persistence increase, so does the necessity for comprehensive
governance throughout the agent’s entire lifecycle. End-to-end
lifecycle governance ensures accountability, transparency, and
trust from inception to decommissioning. It encompasses three
key aspects:

« Versioning of agent logic, memory schemas, policies, and
training data;

o Auditing for safety, fairness, regulatory compliance, and
ethical alignment [100];

e Secure decommissioning procedures to prevent “zombie
agents” from operating unattended.

Drawing upon principles from DevSecOps [31], Al ethics [100],
and GDPR [173], this governance model ensures that scalability
does not come at the cost of responsibility.

Collectively, the SCALE framework provides a principled
foundation that harmonizes cognitive intelligence with engi-
neering discipline, thereby enabling the systematic design, de-
ployment, and governance of agentic services in real-world ser-
vice ecosystems.

B. The Lifecycle Model of Agentic Services

We formalize the lifecycle of an agentic service as a con-
tinuous, closed-loop process comprising four phases: DESIGN,
DEPLOYMENT, OPERATION, and EVOLUTION. This model
extends traditional paradigms such as SOA [134], microser-
vices [127], and DevOps [31] by integrating cognitive reliability,
adaptive coordination, and ethically grounded autonomy. Unlike
static services, agentic services are engineered for persistence
and continuous evolution, wherein operational feedback directly
informs subsequent adaptation and redesign.

a) Design: The DESIGN phase establishes the cognitive
and structural blueprint of agentic services. It builds upon classi-
cal MAS methodologies, including Gaia [187] and Tropos [39],
with an emphasis on agent roles, goals, and social dependen-
cies. Using the AGR framework [69], designers specify organi-
zational topologies, e.g., hierarchical or peer-to-peer structures,
and coordination protocols, including the Contract Net [158]
and auction-based mechanisms [154]. Cognitive workflows are
modeled using LLM-based agent architectures such as RE-
ACT [195], Reflexion [156], and Tree-of-Thoughts [194], and
are formalized into modular components: perception, plan-
ning, action, and reflection. These components are orchestrated
through workflow engines like LangGraph [14] or Cadence [18].
Design also embeds safety-by-design principles, incorporating
content moderation filters [56], action guards [178], and fall-
back mechanisms [85] to mitigate operational risks. To ensure
interoperability with legacy systems, agents expose standard-
ized interfaces such as REST or gRPC, along with service con-
tracts that align with SOA principles [134]. Domain-specific
languages (DSLs) or UML extensions for agent systems [44]
further support early validation through simulation and model
checking [50].



b) Deployment: The DEPLOYMENT phase instantiates
agentic services on scalable and resilient infrastructure. Con-
tainerization via Docker [121] and orchestration through Ku-
bernetes [43] enable dynamic, large-scale lifecycle manage-
ment. For event-driven or sporadic workloads, serverless plat-
forms such as AWS Lambda and OpenFaaS [109] provide cost-
efficient, auto-scaling execution environments well suited to
goal-driven agents. Continuous integration and continuous de-
livery (CI/CD) pipelines [31] automate testing, security scan-
ning, and configuration validation to ensure reliable deployment.
Agent-specific artifacts, including prompts, tool bindings, poli-
cies, and memory schemas, are versioned using MLOps tools
such as MLflow [126], Weights&Biases [35], or DVC [108],
thereby guaranteeing reproducibility and auditability. Deploy-
ment strategies such as canary releases [ 182], blue-green deploy-
ment [191], and feature flags [66] facilitate gradual rollouts and
rapid rollbacks. Service meshes like Istio [98] and Linkerd [53]
enhance reliability through secure communication, traffic shap-
ing, circuit breaking, and retry mechanisms. In edge computing
environments, efficient deployment requires optimized image
distribution. PeerSync [58], a decentralized peer-to-peer sys-
tem for edge computing, reduces cross-network traffic through
network-aware downloading, autonomous tracker election, and
dynamic caching, thereby accelerating container startup and im-
proving responsiveness under resource constraints.

c) Operation: The OPERATION phase ensures reliable,
secure, and accountable execution in production. Given the non-
deterministic nature of LLM-based reasoning, operational prac-
tices extend beyond conventional monitoring to encompass cog-
nitive observability [60], which captures not only system-level
metrics but also internal reasoning traces and decision pathways.
Key operational practices include the following:

o Structured logging and tracing: OpenTelemetry [7]
records structured execution traces that include reason-
ing steps, tool invocations, and inter-agent messages. Dis-
tributed tracing systems such as Jaeger [52] provide end-to-
end visibility across complex multi-agent workflows.

e Metrics and alerting: Core performance indicators, in-
cluding latency, error rates, token consumption, and cost,
are monitored using Prometheus [8] and visualized via
Grafana [4]. Service-level objectives (SLOs) guide inci-
dent response and capacity planning in accordance with
Google’s Site Reliability Engineering (SRE) model [33].

o Anomaly detection: Statistical methods and LLM-based
validators identify hallucinations, policy violations, or infi-
nite loops [48], enabling proactive intervention before fail-
ures propagate.

o Human-in-the-loop (HITL): For high-stakes or ambiguous
decisions, frameworks such as Argilla [27] integrate real-
time human feedback, corrections, and learning signals to
refine agent behavior iteratively.

Security adheres to zero-trust principles [160], implementing
identity-based access control (e.g., OAuth2, OpenID Connect)
and encryption both in transit and at rest. Regulatory compli-
ance, such as with GDPR [173], is enforced through compre-
hensive audit logs and data provenance tracking. Efficient task
scheduling and resource allocation are critical to operational ef-

ficiency. OBTA [201] leverages data locality and job reordering
to minimize task completion time. ONSOCMAX [202] is an on-
line scheduling framework that maximizes social welfare by uti-
lizing a spatiotemporal resource pool and a marginal cost-based
pseudo welfare function, achieving a provable a-competitive
ratio (o > 2) without assumptions about request distributions.
d) Evolution: The EVOLUTION phase enables continuous
adaptation, transforming static deployments into self-improving
systems. It closes the lifecycle loop by feeding operational in-
sights, e.g., failure patterns, performance bottlenecks, and user
feedback, back into the DESIGN phase. This phase integrates
principles from MLOps [106] and continual learning [135],
adapted to the unique characteristics of LLM-based agents:

e Online adaptation: Agents employ self-reflection mecha-
nisms such as Reflexion [156] to analyze past actions and
refine future decisions at runtime. Memory-augmented rea-
soning and in-context learning [124], [61] support real-
time behavioral adjustment without full model retraining,
thereby enabling low-latency responsiveness.

o Offline learning: Historical execution logs are used for
deeper model refinement, including prompt optimization,
fine-tuning of base LLMs, or retraining of policy networks.
Alignment techniques such as reinforcement learning from
human feedback (RLHF) [48] and direct preference opti-
mization (DPO) [143] ensure that agent behavior conforms
to human values and domain-specific norms.

All evolved artifacts are versioned through the MLflow Model
Registry [126] to ensure traceability and enable safe rollback
when necessary. Systematic evaluation employs controlled ex-
periments such as A/B testing [167] to compare agent variants
across dimensions including task success rate, safety compli-
ance, and user satisfaction. The results of these evaluations in-
form data-driven decisions regarding promotion to production.

Together, these four phases constitute a resilient and adap-

tive lifecycle model that empowers agentic services to operate
sustainably, evolve intelligently, and maintain trustworthiness in
complex, open, and dynamic environments.

IV. AGENTIC SERVICES COMPUTING: THE RESEARCH
FRAMEWORK

A. Redefining Services Computing in the Age of Agency

The era of services computing is undergoing a tectonic shift.
Where once we orchestrated stateless functions, we now coor-
dinate intentional agents. Where once we modeled linear work-
flows, we now design dynamic societies of collaborating en-
tities. And where once we optimized for correctness and la-
tency, we must now guarantee trustworthiness, alignment, and
accountability in open, evolving environments. ASC is not an
incremental extension of classical service models, but a foun-
dational reimagining. ASC positions intelligent agents not as
wrappers around APIs, but as first-class, evolvable services with
lifecycles, responsibilities, and social contracts. It replaces brit-
tle, one-shot invocations with adaptive, context-aware agency
that persists, learns, and collaborates across organizational and
technical boundaries.

Definition 1 (Agentic Services Computing): Agentic Services
Computing is a lifecycle- and capability-driven paradigm for



Task-Oriented Benchmarking Frameworks (AgentBench, VisualWebArena, Voyager), Process and Behavior Evaluation (AgentBoard, SafeArena)

Agent Evaluation

Evaluation, Alignment,
and Trustworthiness

Feedback-Driven Alignment (ReAct, Least-to-Most Prompting, Constitutional Al), Explainability and Goal Transparency (Process Supervision,

Value Alignment

TruthfulQA)

Building Trustworthiness
Auditable Decision Logs (LangSmith, Data Cascades), Trust-Enabling Architectures (Guardrails Al, Model Cards, Datasheets for Datas,
Rationale-Augmented Agent)

Coordination Paradigms & Role Modeling &
Behavior Schemas

Multi-Agent Collaboration VR, QIAIFS GRS

Emergent Role
Specialization & Team
Formation

Dialogic Coordination and Negotiation
MetaGPT, Generative Agents

and Organization

LangChain, Llamaindex, A2A, MCP, ToolFormer, API-
Bank

Cultural Knowledge

Control & Workflow Orchestration Propagation

& Runtime Plan Synthesis

Protocols and Interoperability } E

Autonomous Decision- HTNs, TaskMatrix.Al

Dynamic Service Orchestration
ReAct, CoT, HuggingGPT, ToolFormer

Making and Task Execution

Four Research Dimensions

Cognitive Offloading
PAL

E

Embodied Execution and Affordance
Grounding
SayCan, ACT-R, RT-2

Meta-Learning and Strategic
Adaptation
Metal LM, AutoGPT

Dyanmic Task Allocation & Execution }

Architecture

Perception, Context, and Flamingo, PaLM-E

Multimodal Fusion as Service Integration
ImageBind, CLIP, BLIP, Voyager, ACT-1

Continual and Self-
Supervised Learning
EWC, BEIT, MAE, CLIP

Environment Modeling
Structured Representation
OWL-S, ALFRED

E Hierarchical Task Networks ]
[ Modality-Agnostic } [

Active Perception & Contextual Grounding
SQA3D, MemNets, DNC

Feedback-Driven Perception
Refinement

E ]
E ]
[ s
E ]
E ]
E ]

Feedback

i Design
Architecture & Roles

Deployment Operation
Orchestration & CI/CD Monitoring & Control

Evolution -
Learning & Adaptation

Lifecycle of Agentic Services

Figure 4: Research framework of Agentic Services Computing, mapping core research dimensions across the service lifecycle. Each

cell highlights key technologies and research topics.

engineering intelligent agents as first-class services. It enables
agentic services to perceive multimodal environments, make au-
tonomous decisions, collaborate within organizational contexts,
and evolve through continuous evaluation, while ensuring align-
ment, transparency, and trustworthiness throughout their opera-
tional lifespan.

B. The ASC Framework: A Matrix of Agency and Evolution

As illustrated in Figure 4, the ASC framework is organized
along two orthogonal axes that together define the space of next-
generation service engineering:

o Horizontal axis lies the agentic service lifecycle, including
DESIGN, DEPLOYMENT, OPERATION, and EVOLUTION.
This axis captures the full temporal arc of an agentic ser-
vice, from specification to retirement.

e Vertical axis lies four pillars of agentic capability, includ-
ing: (i) Perception, Context, and Environment Modeling,
(i) Autonomous Decision-Making and Task Execution,
(iii) Multi-Agent and Organizational Collaboration, and
(iv) Evaluation, Alignment, and Trustworthiness.

Unlike classical service stacks, ASC treats these dimensions
as co-evolving: each lifecycle phase deepens engagement across
all four pillars. In DESIGN, agents are grounded in seman-
tic world models (e.g., OWL-S [118], ALFRED [157]) and hi-
erarchical planners (HTNs [65]). In DEPLOYMENT, they ac-
quire tool access via interoperability standards like MCP [16]

and ToolFormer [152], and instantiate collaboration topologies
through frameworks like LangGraph [14]. During OPERATION,
they perform real-time contextual grounding [139], [110], dy-
namic orchestration [195], [155], and auditable reasoning [15],
[47]. Finally, in EVOLUTION, they refine themselves through
self-supervised learning [89], [30], meta-adaptation [129], and
human-aligned feedback [195], [203].

To appreciate ASC’s transformative potential, consider three
fundamental contrasts:

e From functions to agents. Classical services are passive:
invoked, executed, forgotten. ASC services are active: they
observe, decide, initiate, and persist. They carry memory,
intent, and responsibility.

o From workflows to societies. Traditional orchestration
assumes centralized control and deterministic paths. ASC
embraces decentralized, emergent coordination, where
teams of agents self-organize [162], [145], negotiate roles,
and resolve conflicts under shared norms.

o From correctness to trustworthiness. Correctness asks:
“Did the service return the right output?” Trustworthiness
asks: “Can we understand why? Was it fair? Is it safe to rely
on it tomorrow?”” ASC embeds interpretability, alignment,
and auditability into the service fabric.

In each case, ASC transforms agents from fragile, opaque

tools into accountable, evolvable participants in socio-technical
systems.



C. The Milestones

Realizing ASC demands more than algorithms. It requires
new infrastructure, standards, and governance primitives. We
propose a three-phase roadmap:

o Short-term (1-2 years): Lifecycle-aware observability.
Build mandatory agent registries (for prompts, policies,
memory schemas), standardized audit APIs that expose
reasoning-action traces, and runtime monitors. These form
the bedrock of reproducibility, debugging, and compliance.

o Mid-term (2-4 years): Agent-governed contracts. For-
malize ASLOs as machine-enforceable service level objec-
tives covering alignment, safety, interpretability, and sus-
tainability (e.g., energy-per-decision). Integrate reputation
systems and safe retirement protocols to enable dynamic,
open-market composition.

o Long-term (5+ years): Interoperable agent societies.
Achieve ecosystems where heterogeneous agents that built
by different vendors, governed by different constitutions
can discover, negotiate, and co-evolve under shared meta-
governance. This requires standardized ontologies for in-
tent exchange, cross-registry identity, and constitutional in-
teroperability.

ASC is more than a research agenda; it is a call to rebuild
services computing for an age of agency. The following sections
dissect the four pillars of agentic capability, analyzing their tech-
nical foundations and the unique challenges they pose at each
stage of the agent lifecycle. Together, they form the blueprint
for a new generation of intelligent, responsible, and resilient
digital services. The following sections elaborate on each of the
four research dimensions in the ASC framework, analyzing their
technical underpinnings and the distinct challenges they pose at
each stage of the agentic service lifecycle.

V. PERCEPTION, CONTEXT, AND ENVIRONMENT
MODELING

Effective operation in real-world environments requires agen-
tic services to perceive and model their surroundings with se-
mantic coherence. This environment modeling underpins all
decision-making, planning, and interaction. Unlike traditional
agents that operate in symbolic domains, modern agentic ser-
vices operate in open-ended, dynamic, and multimodal settings.
These settings include physical spaces equipped with sensors as
well as digital ecosystems governed by social dynamics. Such
environments demand perception mechanisms that are both ro-
bust and adaptive. Environment modeling is not a one-time de-
sign artifact. Rather, it constitutes a cross-cutting concern that
must be integrated throughout the service lifecycle. During the
DESIGN phase, perception architectures are co-developed with
functional and non-functional requirements to ensure semantic
alignment. In the DEPLOYMENT phase, context-aware models
are instantiated under real-world constraints, including latency,
privacy, and resource availability. Throughout the EVOLUTION
phase, these models are continuously monitored and updated
to address concept drift, accommodate new modalities, and re-
spond to shifts in user behavior. Figure 5 illustrates the key di-
mensions of this modeling process.

Perception, Context, and Environment
Modeling

Evolution: Learning to

Perceive and Adapt

Deployment: Real-Time
Multimodal Perception

Design: Service-
Environment Interface

+ Modality-Agnostic Interfaces
+ Structured World Models

« Safety & Privacy by Design

N
°
aul®

Figure 5: Key dimensions of perception, context, and environ-
ment modeling in agentic services.

A. Design: Modeling the Service-Environment Interface

The DESIGN phase establishes the agentic service’s epistemic
boundaries by defining sensory modalities, such as text, vision,
audio, and sensor streams, along with observation spaces and as-
sumptions about environmental dynamics. These dynamics in-
clude partial observability, noise, and temporal coherence. This
foundational stage shapes the agentic service’s capacity to inter-
pret stimuli and ground decisions in real-world contexts.

1) Decoupling Perception and Reasoning in Modality-
Agnostic Architectures: A key trend in agentic service design
is the adoption of modality-agnostic architectures that decouple
perception from reasoning. This separation supports modularity
and reusability. Flamingo [25] employs a perceiver resampler to
condition a frozen LLM on interleaved images and text. This
approach enables few-shot multimodal reasoning without re-
training the core language model. Similarly, PaALM-E [62] fuses
visual and robotic inputs into an LLM to support embodied plan-
ning. This architectural pattern enables perception pluggability,
which allows developers to replace sensor stacks without modi-
fying the reasoning logic.

2) Structured World Representations for Grounded Rea-
soning: The design phase also involves constructing semanti-
cally rich world models to support grounded reasoning. Knowl-
edge graphs encode domain-specific facts and relational con-
straints [92]. When these graphs are aligned with formal
frameworks such as OWL-S [118], they facilitate machine-
understandable service composition. Spatial memory maps and
neural scene representations are used to support navigation and
manipulation tasks [82]. The ALFRED benchmark [157] for-
malizes complex household tasks in simulated environments
with visual and linguistic inputs. It serves both as an evaluation
platform and as a design pattern for goal-oriented, contextually
grounded agents.

3) Designing for Safety, Privacy, and Uncertainty: Non-
functional requirements must be embedded during the design
phase. Agents may be restricted from processing biometric
data or required to anonymize inputs using techniques such



Table II: Key multimodal perception models in agentic services. For modalities, t=Text, i=Image, s=Sensors, c=Code, u=UI,

ac=Action.
Model Modalities Core Mechanism Service Interface
Flamingo [25] t, i Perceiver Resampler + LLM API-style input
PalLM-E [62] t,i, s Embodied LLM fusion Task-level commands
CLIP [139] i,t Contrastive pretraining Zero-shot classifier
BLIP [111] i, t Generative + contrastive fusion Captioning/QA API

ImageBind [80] all included

VOYAGER [177] i,c t
MobileVLM [189], [49] u t
ACT-1 [24] u, t, ac

Zero-shot alignment
Iterative prompting + skill library
Mobile UI grounding

Imitation learning + API calls

Embedding service
Minecraft command API
App automation API

App interaction engine

as differential privacy [22]. These practices align with regu-
latory frameworks like the GDPR [173] and the FAIR princi-
ples [184]. Policy annotations and access control mechanisms
enforce compliance-by-design, which ensures that ethical and
legal constraints are integral to the system architecture. Addi-
tionally, uncertainty modeling is implemented through Bayesian
networks or confidence scoring, and it supports robust decision-
making under conditions of partial observability.

B. Deployment: Real-Time Multimodal Perception and Service
Activation

In the DEPLOYMENT phase, agentic services process mul-
timodal inputs under conditions of uncertainty, partial observ-
ability, and strict latency constraints. Robustness, efficiency, and
contextual grounding are critical to meeting SLAs, ensuring a
positive user experience, and maintaining system reliability. Ta-
ble II summarizes key multimodal perception models and their
deployment characteristics.

1) Multimodal Fusion as Service Integration: Integrating
heterogeneous data relies on established fusion strategies. Early
fusion combines raw inputs before feature extraction. This ap-
proach captures low-level correlations but requires precise syn-
chronization, which is often impractical in distributed systems.
Late fusion processes each modality independently and then
combines decisions at the output level. It enhances modularity
and fault isolation, making it suitable for microservice-based ar-
chitectures. Cross-modal attention enables dynamic interaction
between modalities. Models such as CLIP [139] and BLIP [111]
learn joint image-text embeddings, supporting zero-shot re-
trieval and semantic grounding without retraining. Modality
translation aligns disparate inputs into a shared latent space.
ImageBind [80] embeds six modalities, which are image, text,
audio, depth, thermal, and IMU, into a unified representation,
enabling zero-shot transfer when certain sensors are unavail-
able. Frameworks such as VOYAGER [177], ACT-1 [24], and
MobileVLM [49], [189] integrate these models into produc-
tion systems. These frameworks are optimized for edge deploy-
ment through techniques such as model quantization, embed-
ding caching, and adaptive sampling.

2) Active Perception and Contextual Grounding: Passive
perception is insufficient for complex tasks. Agents employ ac-

tive perception to gather informative observations. This includes
asking clarifying questions, adjusting camera angles, zoom-
ing into image regions, or requesting additional context from
users [55]. Active perception transforms agents into proactive
information seekers, enhancing robustness in ambiguous en-
vironments. Contextual grounding enables agents to interpret
perceptions within the broader task, social, and environmental
context. The SQA3D benchmark [117] requires agents to answer
questions using spatial and temporal context. In human-agent in-
teraction, pragmatic understanding allows agents to infer intent
from tone, gesture, and conversational history [26]. Memory-
augmented architectures such as MemNets [164] and Differen-
tiable Neural Computers (DNCs) [83] store and retrieve past
interactions. This capability supports coherence across sessions,
enables counterfactual reasoning, and facilitates experience-
based learning. These mechanisms form the foundation for long-
term adaptation and continuous evolution.

C. Evolution: Learning to Perceive and Adapt

In the EVOLUTION phase, agents refine their perception
through experience, feedback, and environmental interaction.
This process transforms perception from a static design arti-
fact into an adaptive, living component of the service lifecycle,
thereby enabling long-term resilience in dynamic real-world set-
tings.

1) Continual and Self-Supervised Learning: To sustain
performance under distribution shifts, such as the appearance
of novel objects, changes in lighting conditions, or evolving
user demographics, agentic services employ continual learning
strategies that balance plasticity with stability. Elastic Weight
Consolidation (EWC) [104] protects critical weights associated
with prior tasks, while experience replay [149] revisits represen-
tative samples from past environments. Both approaches miti-
gate catastrophic forgetting and enable incremental model up-
dates without requiring full retraining. Complementing contin-
ual learning, self-supervised learning reduces reliance on costly
labeled data. Models such as BEiT [30] and MAE [89] lever-
age masked image modeling to pre-train visual encoders on
unlabeled data, achieving strong downstream performance with
minimal fine-tuning. In multimodal contexts, contrastive frame-
works like CLIP [139] enable large-scale pre-training on web-



scraped image-text pairs, supporting zero-shot transfer and rapid
adaptation to new domains. Together, these approaches form the
foundation for lifelong perceptual learning, allowing agents to
expand their sensory understanding autonomously.

2) Feedback-Driven Perception Refinement: Real-world de-
ployment generates rich signals that support iterative refinement.
Agents exploit both explicit and implicit feedback to correct er-
rors, close performance gaps, and drive higher-level adaptation:

e Human-in-the-loop correction: Users provide direct cor-
rections (e.g., “That’s not the file I meant”), which are
logged and used for targeted retraining [190]. This closed-
loop interaction enhances accuracy, personalization, and
user trust.

o Uncertainty-aware escalation: Anomaly detection identi-
fies low-confidence or out-of-distribution inputs [90], trig-
gering human review or fallback behaviors. This ensures
robustness in safety-critical scenarios while capturing edge
cases for future learning.

o A/B testing and telemetry: Controlled experiments com-
pare perception variants, such as object detectors or fusion
strategies [167]. Task failure logs and engagement metrics
reveal persistent blind spots, including challenges in oc-
clusion handling or modality misalignment, which in turn
prompt architectural improvements such as enhanced sen-
sor integration or redesign of fusion mechanisms.

This feedback-driven adaptation not only improves percep-
tual accuracy but can also initiate broader evolutionary changes.
Such changes may include redesigning the service-environment
interface (discussed in Section V-A) or reconfiguring active per-
ception policies during deployment (discussed in Section V-B).

D. Summary and Challenges

Perception and environment modeling constitute the cogni-
tive foundation of agentic services across the entire lifecycle:
from the DESIGN of sensory interfaces and world representa-
tions, through the DEPLOYMENT of real-time multimodal pro-
cessing, to EVOLUTION via experience and feedback. Despite
advances in fusion architectures, active perception, and self-
supervised learning, significant gaps remain between controlled
development environments and the complexity of open-world
settings. We identify three cross-cutting challenges that define
the frontier of future research:

1) Generalizable Contextual Representation. Perception
models trained under narrow assumptions often fail when
deployed in novel or culturally diverse environments. The
challenge lies in moving beyond surface-level statisti-
cal patterns toward semantically grounded, invariant rep-
resentations, such as object affordances, spatial hierar-
chies, physical dynamics, and social norms. Achieving
robust generalization requires integrating structured priors
(e.g., ontologies, physics engines, commonsense knowl-
edge bases) into the architecture during design, thereby
enabling zero-shot transfer and contextual adaptability.

2) Robustness to Environmental Uncertainty. Agents face
sensor noise, occlusions, and partial observability, with
individual modalities degrading unpredictably. For exam-
ple, cameras in low-light conditions or microphones in

noisy settings. Although multimodal fusion improves re-
silience, many systems remain brittle. The key challenge
is to design adaptive perception pipelines that dynamically
assess uncertainty, reweight modalities according to relia-
bility, and invoke graceful fallbacks. Addressing this chal-
lenge requires tight integration of uncertainty quantifica-
tion, active perception, and fault-tolerant mechanisms.

3) Continual Environmental Understanding. Environments
evolve: new objects emerge, interaction patterns shift, and
task goals change over time. Static models suffer from
semantic drift and performance decay. The challenge is
to support lifelong learning, where agents continuously
update their perceptual and contextual knowledge through
feedback, exploration, and anomaly detection [177], while
balancing plasticity with stability. This demands learning
algorithms that resist catastrophic forgetting and architec-
tures that support modular, interpretable updates.

VI. AUTONOMOUS DECISION-MAKING AND TASK
EXECUTION

Autonomous decision-making and task execution constitute
the behavioral core of agentic services, transforming high-
level intent into concrete actions within complex environments.
While perception establishes the input boundary, agents mani-
fest their agency through reasoning, planning, and adaptive ex-
ecution. Modern agentic systems no longer rely on rigid, pre-
scripted workflows; instead, they dynamically interleave cog-
nition and action, recover from failures, and reconfigure strate-
gies in response to environmental feedback. During the OPER-
ATION phase, agents function as self-governing orchestrators,
composing modular tools, grounding plans in physical or dig-
ital affordances, and enforcing runtime resilience. In the Evo-
LUTION phase, execution strategies are refined through expe-
rience, enabling adaptation to novel tasks and changing condi-
tions. The (RE)DESIGN phase incorporates insights from oper-
ational failures and environmental shifts to restructure reasoning
pipelines, tool interfaces, or recovery protocols. This transfor-
mation closely parallels the design principles of cloud-native
and microservices architectures [127], [148]. Figure 6 illustrates
the fundamental paradigms and mechanisms that underpin this
execution layer.

A. Operation: Dynamic Service Orchestration and Real-Time
Execution Control

In services computing, OPERATION ensures reliable delivery
through state management, failure recovery, and SLA compli-
ance. For autonomous agents, this operational paradigm mani-
fests as multistep task execution under uncertainty, where rea-
soning, tool use, and environmental interaction are tightly cou-
pled within a continuous control loop. Unlike static workflows,
agents function as self-governing orchestrators that dynami-
cally coordinate actions, adapt to feedback, and maintain con-
textual awareness. Four interdependent pillars underpin robust
execution: (i) reasoning-action interleaving for adaptive plan-
ning, (ii) modular tool composition as dynamic service integra-
tion, (iii) embodied grounding to ensure physical feasibility, and
(iv) fault-tolerant mechanisms for resilient operation. Together,
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Figure 6: Core paradigms and mechanisms for the autonomous
decision-making and task execution.

these components constitute a runtime control architecture that
mirrors the principles of resilient distributed systems, enabling
agents to operate reliably in unpredictable environments.
REACT [195] interleaves natural language reasoning with ex-
ternal actions, thereby enabling adaptive planning grounded in
real-world observations. In contrast to static Chain-of-Thought
(CoT) prompting [183], which produces a monolithic reason-
ing trace prior to any action, REACT revises its strategy itera-
tively based on environmental feedback, emulating the princi-
ples of model-based reinforcement learning [163]. Formally, let
mo(st) — (a¢, ) denote a policy that, given state s;, generates
an action a, and a reasoning trace 7;. The environment returns
observation oy 1, updating both state and reasoning via:

o State transition: s;11 = f(s¢, a),
o Reasoning update: rry1 = g(s¢+1,K), where K is back-
ground knowledge.

This closed loop implements real-time control, supporting re-
covery, exploration, and incremental refinement, which are key
to agile operation in unpredictable domains.

1) Tool Use as Service Composition: Agents treat exter-
nal tools as modular, composable services. HuggingGPT [155]
exemplifies this approach by employing a LLM as a meta-
controller that routes tasks across specialized models such as
BLIP [111] for vision, Whisper [140] for speech, and Stable
Diffusion [150] for generation, thereby realizing a Function-as-
a-Service (FaaS) architecture [29]. The LLM assesses task re-
quirements, selects appropriate services, sequences their invoca-
tion, and synthesizes the results, effectively functioning as an in-
telligent orchestration engine. This paradigm differs fundamen-
tally from predefined workflow systems like Apache Airflow
[1] or Kubernetes [5], where orchestration logic is statically en-
coded. In contrast, agentic orchestration is generated on demand
through semantic understanding of the task context. ToolFormer
[152] further advances this capability by learning when to invoke
tools, such as calculators or question-answering APIs, through
self-supervised prompting, thereby acquiring a latent policy for
service invocation. This shift from static pipelines to dynamic,
just-in-time composition enables agents to respond flexibly to
novel and unforeseen tasks.

2) Embodied Execution and Affordance Grounding: Suc-
cessful execution in physical or simulated environments requires
grounding high-level commands in perceptual and physical con-
straints, a challenge known as the symbol grounding problem
[87]. SayCan [62] addresses this by decoupling semantic plan-
ning from feasibility assessment: a language model proposes
semantically coherent action sequences (e.g., “bring me a glass
of water”), while a separate value model estimates the likeli-
hood of successful execution for each candidate action given the
agent’s current capabilities and environmental context. Only ac-
tions with high feasibility scores are executed, ensuring compat-
ibility with real-world affordances. This architectural separation
mirrors cognitive frameworks such as ACT-R [147], which dis-
tinguish between declarative knowledge (what to do) and proce-
dural knowledge (how to do it). Building on this, RT-2 [205] inte-
grates language and vision inputs into an end-to-end model that
maps directly to robot motor controls, thereby bridging symbolic
reasoning and physical action. These approaches collectively
narrow the gap between abstract intent and embodied execution.

3) Execution Robustness and Fault Tolerance: Operation in
noisy and dynamic environments necessitates resilient execution
strategies. Agents employ adaptive recovery mechanisms that go
beyond simple retries: they rephrase queries upon search fail-
ure [195], switch to alternative tools when primary services are
unavailable, and parse structured error messages, such as HTTP
404 responses or rate-limit headers, to infer corrective actions.
These behaviors parallel established resilience patterns in cloud-
native systems, including circuit breakers, timeout policies, and
graceful degradation. Furthermore, agents leverage episodic and
semantic memory to avoid repeating past failures, thereby im-
plementing a form of learned fault tolerance. This transition
from passive error handling to active recovery positions agents
as self-healing endpoints within service ecosystems.

B. Evolution: Lifelong Learning, and Meta-

Cognitive Control

Reflection,

Unlike traditional software systems that rely on periodic, ex-
ternally driven updates, autonomous agents enable continuous,
self-directed evolution through internal feedback loops. This
capacity supports long-term adaptation in open-ended environ-
ments by integrating mechanisms such as verbal self-reflection
[156], code-level self-debugging [72], cumulative skill acquisi-
tion [177], and meta-strategic adjustment [161]. Through these
processes, agents transcend the role of static service endpoints
and emerge as self-evolving entities that learn from experience,
refine their behavior, and autonomously expand their capabili-
ties over time.

1) Verbal Reinforcement Learning and Self-Critique: Ver-
bal reinforcement learning [156] leverages natural language cri-
tiques generated after task failure, such as “I assumed the flight
was domestic”, to construct interpretable, context-sensitive re-
ward signals. These critiques are stored in semantic memory and
retrieved during subsequent task attempts, forming a dynamic
reward model that evolves with experience. This approach of-
fers three key advantages: first, it enhances interpretability by
producing human-readable feedback; second, it enables precise
error diagnosis by linking failures to specific reasoning steps or



assumptions; third, it facilitates cross-task transfer, as lessons
learned in one domain, e.g., handling date formats in travel
planning, generalize to related tasks like calendar management
or document parsing. By transforming failures into structured
learning opportunities, verbal RL fosters a form of operational
self-awareness that mirrors reflective practice in human exper-
tise.

2) Self-Debugging and Code-Level Adaptation: Agents
are capable of detecting and repairing code-level errors au-
tonomously. Systems such as REACT [195] and APRMCTS [68]
implement closed-loop debugging cycles in which generated
code is executed, runtime exceptions are parsed, and fixes are
proposed through in-context learning, iterating until successful
execution is achieved. Critically, large language models infer
the intended semantics behind the code, enabling them to cor-
rect deep logical errors that extend beyond syntactic mistakes.
This represents a significant departure from classical automated
program repair (APR) techniques [119], which rely on syntac-
tic mutation and search heuristics without modeling high-level
intent. From a systems perspective, this capability allows agents
to function as self-healing components [102], a feature that is es-
pecially valuable in edge or distributed computing environments
[200] where external intervention is impractical and resilience
must be internalized.

3) Cumulative Skill Learning and Cultural Accumula-
tion: True intelligence entails not only adaptation but the struc-
tured accumulation and reuse of knowledge across tasks and
time. VOYAGER [177] demonstrates this principle in the open-
ended environment of Minecraft, where sustained exploration
and procedural mastery are required. The agent maintains a
versioned skill library composed of executable functions (e.g.,
craft_iron_pickaxe ()), which are discovered through
trial and error, refined via repeated use, and composed into in-
creasingly complex behaviors. A curriculum agent proposes new
skills based on exploration progress, while an instructor agent
generates natural language descriptions that specify usage con-
ditions and compositional rules. This process mirrors cumula-
tive cultural evolution [170], wherein knowledge compounds
across iterations. By institutionalizing experience into reusable,
evolvable components, agents shift from reactive execution to-
ward proactive capability building. This model aligns with SOA
principles of modularity and reuse, now extended into the cog-
nitive domain where skills function as versioned, composable
services.

4) Meta-Learning and Strategic Adaptation: To operate
effectively across diverse and novel domains, agents must not
only learn new tasks but also improve their learning process
itself. This is a capability known as meta-learning. Frameworks
such as MetaLLM [129] and AutoGPT [10] implement this
through meta-prompts that encode higher-order cognitive strate-
gies, such as “Break the problem into subgoals” or “If stuck,
search for examples.” These prompts serve as internal heuris-
tics that dynamically adjust the agent’s reasoning trajectory in
response to task complexity, ambiguity, or feedback. This em-
bodies the principle of learning to learn [94], where adaptation
occurs at the algorithmic level rather than merely at the output
level. Functionally, these mechanisms resemble self-configuring
middleware: the agent autonomously tunes its cognitive pol-

icy based on task demands, resource constraints, or interaction
patterns. For instance, it may activate hierarchical decomposi-
tion for complex planning tasks or invoke clarification protocols
when faced with ambiguous instructions. Such meta-cognitive
control is essential for scalable, general-purpose agents that
must operate across heterogeneous environments without man-
ual reconfiguration.

C. Design: Emergent Planning and Meta-Architecture Gener-
ation

Traditional service design is static and pre-deployment. Agen-
tic services perform runtime design: dynamically decompos-
ing tasks, synthesizing plans, and reconfiguring cognition in re-
sponse to environmental demands. This enables flexible, goal-
driven behavior in open domains. Agents act as self-designing
entities, composing and coordinating functional components at
runtime. Three key mechanisms underpin this capability: hier-
archical task decomposition, multi-agent self-organization, and
modular cognitive offloading.

1) Hierarchical Task Networks and Runtime Plan Syn-
thesis: Agents implicitly realize Hierarchical Task Networks
(HTNs) [65] through language-driven goal decomposition. Sys-
tems like REACT [195] and TaskMatrix.AI [113] translate high-
level goals, e.g., “Plan a birthday party”, into executable sub-
tasks such as venue search or email drafting, dynamically in-
voking external tools. Plans adapt in real time: if a venue is
unavailable, new subtasks are generated on the fly. The resultis a
dynamic workflow graph that enables autonomous, adaptive ser-
vice composition, which is similar to event-driven architectures
enhanced with semantic reasoning.

2) Multi-Agent Societies as Self-Organizing Service Ecosys-
tems: Design can also emerge from structured interaction
among specialized agents. MetaGPT [93] simulates a software
startup with roles (CEO, PM, Engineer, QA), each communicat-
ing via standardized messages (e.g., specs, code reviews). The
CEO sets goals; the PM refines them; the Engineer implements;
QA validates. This mirrors service-oriented organizations [134],
where loosely coupled services interact via contracts. The sys-
tem architecture emerges from roles and norms, not top-down
specification, enabling scalability, fault isolation, and organiza-
tional learning. It foreshadows agent-based enterprises capable
of autonomously managing full software lifecycles.

3) External Reasoning and Modular Cognitive Offloading:
Separating reasoning from execution enhances reliability and
auditability. The Program-Aided Language (PAL) framework
[74] offloads symbolic computation (e.g., arithmetic, data trans-
forms) to an external interpreter like Python, while the LLM
handles planning and language. This hybrid neuro-symbolic
pipeline ensures precision without sacrificing flexibility. Ar-
chitecturally, it embodies “cognitive microservices”: modular,
composable intelligence units that encapsulate distinct capabili-
ties (planning, computation, tool use) and can be independently
scaled, versioned, and orchestrated at runtime.

D. Summary and Challenges

Agentic services leverage dynamic reasoning, adaptive com-
position, and emergent design to autonomously orchestrate and



evolve service workflows. Agents no longer merely consume
services; they actively design, coordinate, and refine them at
runtime. However, as these systems transition from research
prototypes to production-grade infrastructures, their autonomy
introduces critical challenges in predictability, reliability, and
maintainability. We identify three core challenges aligned with
key phases of the service lifecycle:

1) Emergent Planning with Predictable Outcomes. Dy-
namic planning via hierarchical decomposition, role ne-
gotiation, or multi-agent consensus enables flexibility but
often yields inconsistent, redundant, or unverifiable work-
flows. The challenge is achieving guided emergence: sup-
porting adaptive planning while respecting safety, budget,
and intent constraints. This requires (i) plan traceability,
linking goals to executable steps, (ii) versioned workflows
for rollback and A/B testing, and (iii) interoperability with
standards like OpenAPI or BPMN for enterprise integra-
tion.

2) Robust Execution in Dynamic Service Environments.
Agents face volatile conditions in deployment, shifting
APIs, network failures, or semantic drift in tool affor-
dances. Yet they lack systematic fault isolation, transac-
tional semantics, or graceful degradation. The challenge
is principled fault tolerance: modeling actions as stateful
services with clear pre/postconditions and side-effect con-
tracts, and integrating microservices patterns such as cir-
cuit breaking, idempotent retries, and compensating trans-
actions to ensure reliability at scale.

3) Cumulative Learning without Knowledge Entropy. As
agents accumulate skills, reflections, and code over time,
they risk knowledge entropy: redundancy, drift, conflict-
ing behaviors, and inefficient retrieval. Sustainable learn-
ing demands active curation through (i) knowledge distil-
lation [91] to compress memories into compact policies,
(ii) modular abstraction to extract reusable functions, and
(iii) consistency validation to resolve behavioral conflicts.
Without these, cognitive overhead can undermine long-
term autonomy.

VII. MULTI-AGENT COLLABORATION AND
ORGANIZATION

As service systems grow in complexity, single-agent archi-
tectures struggle with open-ended, dynamic tasks. Effective so-
lutions increasingly rely on multi-agent collaboration, where
agents coordinate through structured interaction, knowledge
sharing, and adaptive behavior. This section analyzes collabo-
ration across three lifecycle phases: DESIGN, OPERATION, and
EVOLUTION. We argue that successful collaboration requires
more than task decomposition; It demands role specialization,
shared norms, and intentional architecture. While deployment
and retirement support continuity, core collaborative dynamics
emerge during design, execution, and long-term adaptation. Fig-
ure 7 outlines key paradigms and mechanisms.

A. Design: Architecting Agent Interaction

The DESIGN phase establishes the structural foundation of
multi-agent systems, defining topologies, roles, protocols, and
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Figure 7: Core paradigms and mechanisms for multi-agent col-
laboration.

governance. As these systems evolve into open ecosystems, in-
tentional architecture becomes essential for scalability, robust-
ness, and trust.

1) Coordination Topologies: Three primary models shape
system behavior:

o Centralized orchestration uses a single controller (e.g., Au-
toGen [188]) to assign tasks and resolve conflicts. It ensures
consistency but risks bottlenecks and single points of fail-
ure [72].

o Decentralized negotiation enables peer-to-peer coordina-
tion via dialogue or auctions [79], improving resilience and
scalability at the cost of higher communication overhead
and potential inefficiency.

e Hybrid hierarchies combine both models dynamically. For
example, Magentic-One [72] employs planner-executor hi-
erarchies for structured workflows but allows local negotia-
tion when obstacles arise, balancing control with adaptabil-
ity.

Frameworks like AGENTSOCIETY [138] support configurable
topologies, enabling performance trade-offs in domains such as
healthcare and disaster response.

2) Roles and Behavioral Schemas: Roles define functional
responsibilities, such as Planner or Critic, as well as in-
teraction patterns. Static roles provide predictability, whereas
dynamic roles adapt to contextual changes or performance
feedback, thereby enhancing flexibility. Multi-Agent Reinforce-
ment Learning (MARL) methods, including VDN [162] and
QMIX [145], facilitate emergent role specialization by opti-
mizing global rewards under decentralized execution policies.
Beyond functional assignment, behavioral schemas, e.g., turn-
taking, politeness norms, or conflict resolution strategies, reduce
coordination friction and promote social coherence. In Genera-
tive Agents [136], memory, reflection mechanisms, and scripted
behaviors enable agents to produce socially plausible interac-
tions. This demonstrates that normative behavior can emerge
when grounded in structured cognitive models and sustained
environmental feedback.

3) Protocol Standardization and Interoperability: As multi-
agent ecosystems transition from closed systems to open, hetero-
geneous networks, interoperability becomes a foundational de-
sign challenge. Without shared communication standards, data



Table III: Comparison of Agent Interoperability Protocols. Columns: A2A (Agent-to-Agent), MCP (Model-Context-Protocol),
FIPA (Agent Communication Language), OpenAl FC (Function Calling). Rows: Model = interaction paradigm; Msg. Format =
message syntax; Stateful = persistent context support; Auth/NID = identity/authentication; Tool Support = interoperability with
external tools; Discovery = capability/service discovery; Semantics = level of shared meaning; Use Case = typical deployment
scenario. v = supported, X = not or limited. *: authentication via API key.

Feature A2A [11] MCP [16] FIPA [71] OpenAl FC [17]
Model A2A dialogue Resource-oriented ~ Speech-act ACL Function call
Msg. Format JSON (streaming) JSON (typed) XML/SL JSON Schema
Stateful v X X
Auth/NID v X X

Tool Support Indirect Limited v
Discovery /spec Context-aware Yellow Pages Manual
Semantics High High High Low

Use Case Secure collaboration Data workflows Academic MAS LLM tool use

models, and behavioral expectations, agents cannot collaborate
effectively or compose into higher-order services. Standardiza-
tion efforts address four key dimensions: (i) semantic communi-
cation, (ii) message schemas, (iii) interaction protocols, and (iv)
tool interoperability. Table Il compares representative protocols
across these dimensions.

e Semantic communication standards. The FIPA initia-
tive [71] pioneered agent interoperability through its Agent
Communication Language (ACL), which is grounded in
speech act theory. FIPA-ACL standardized performatives
such as request, inform, and propose, with content en-
coded in formal languages like SL. Although influential in
academic multi-agent systems research, FIPA’s complexity
and misalignment with modern web practices have limited
its real-world adoption.

e Message schema and payload standards. Contemporary
frameworks, including LangChain [14], Llamalndex [6],
and Semantic Kernel [9], adopt lightweight, JSON-based
message formats inspired by REST APIs. These schemas
typically include fields such as role, content, tool_calls, and
tool_results, which enable basic cross-platform compati-
bility. However, they lack formal semantics and persistent
context modeling, which reduces their reliability in long-
running or multi-turn collaborations.

o Interaction protocol layers. Recent advances introduce
structured protocol layers for agent-to-agent (A2A) in-
teraction. The A2A protocol [11] defines a REST-like
API for secure, stateful communication. It supports capa-
bility discovery via GET /spec, conversation initiation
withPOST /messages, streaming of responses and tool
calls, and standardized error handling. A2A emphasizes
agent identity, authentication, and intent clarity, which en-
ables trust and provenance tracking. Its support for asyn-
chronous workflows and callbacks makes it suitable for
complex, long-term tasks.

In parallel, the Model-Context-Protocol (MCP) frame-
work [16] proposes a layered architecture, as illustrated in
Figure 8. The Model layer captures shared domain seman-
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Figure 8: The workflow of the MCP framework.

tics, such as those of a CRM system or simulation envi-
ronment. The Context layer maintains task-specific state,
including interaction history and collaborative goals. The
Protocol layer defines standardized operations, including
read(),write (), request (), and subscribe ().
MCP extends REST principles with typed, persistent con-
text, thereby facilitating dynamic composition across het-
erogeneous domains, particularly in enterprise data integra-
tion.

While A2A prioritizes secure dialogue and agent identity,
MCP focuses on resource-oriented, stateful interactions.
Their differing emphases suggest future standards could
integrate both: using A2A for discovery and negotiation,
and MCP for deep, context-aware resource access.

o Tool and Function Interoperability. Standardized tool in-

terfaces are critical for service composition. The OpenAl
Function Calling schema [17], which is based on JSON
Schema, has become a de facto standard for structuring tool
requests from LLMs. It is widely adopted in Vertex AI [81],
Copilot Studio [122], and open-source platforms such as
Haystack [13] and LangGraph [14], enabling consistent
tool invocation across ecosystems. Research efforts such
as Toolformer [152] and API-Bank [112] explore agents’
ability to autonomously learn and use APIs, underscoring
the need for machine-readable and semantically rich spec-



ifications. The broad adoption of OpenAPI for API docu-
mentation signals significant progress toward universal tool
discoverability and self-service integration in agent ecosys-
tems.

4) Governance, Accountability, and Ethical Alignment:
As agentic systems grow in autonomy and complexity, robust
governance must be operationalized through concrete, lifecycle-
aware mechanisms. In decentralized environments, where out-
comes emerge from distributed interactions, traditional over-
sight models fail to answer foundational questions: Who bears
responsibility when a team of agents causes harm? How are
norm violations detected, attributed, and remediated?

To address these challenges, we call for a lifecycle gover-
nance toolkit that embeds accountability into every phase of
an agentic service’s existence. First, agent registries serve as
mandatory, version-controlled repositories for an agent’s core
artifacts (e.g., prompts, memory schemas, policy constraints,
and tool bindings, etc.), functioning as a “GitHub for agents”.
Such registries enable reproducibility, provenance tracking, and
rollback in case of failure or drift. Second, retirement protocols
define safe shutdown procedures that deactivate agents, purge
sensitive state, and revoke access rights, thereby preventing the
emergence of unmonitored “zombie agents” that persist beyond
their operational mandate. Third, audit APIs require every agen-
tic service to expose structured, interpretable logs that capture
not only executed actions but also the reasoning traces behind
them, enabling external verification, debugging, and compli-
ance checks. These mechanisms extend familiar concepts from
services computing into the agentic era. SLAs are generalized
into Agent Service Level Objectives (ASLOs), which specify
measurable commitments not only on latency or availability but
also on alignment fidelity, interpretability thresholds, and safe
action boundaries. For instance, an ASLO might constrain an
agent to reject requests that violate a constitutional principle or
to escalate decisions involving personal data to human review.

Emerging architectural patterns support this vision. Decen-
tralized Autonomous Organizations (DAOs) [166] use smart
contracts and on-chain voting to enable transparent, rule-based
coordination among agents. While promising, DAOs require
secure identity anchoring and defenses against manipulation,
such as Sybil attacks. Complementary reputation systems like
TrustChain [20] assign dynamic trust scores based on interaction
history, informing behavior-based access control and role dele-
gation, making agent conduct observable and its consequences
tangible. For high-stakes scenarios, human-in-the-loop gover-
nance [165] ensures ethical alignment by escalating policy am-
biguities or moral dilemmas to human reviewers, preserving
judgment where automated reasoning is insufficient. Proactive
safety is further reinforced through a safety-by-design approach.
Runtime monitors, behavioral sandboxes, and action constraints
limit the blast radius of unintended or malicious behavior. The
Constitutional Al framework [28] exemplifies this by equipping
agents with a normative “constitution”, arule set that guides self-
critique and action validation. Agents can autonomously reject
requests that violate these principles, reducing dependence on
external enforcement.

Nonetheless, challenges remain in reconciling competing im-
peratives: autonomy with accountability, transparency with pri-

vacy, and decentralization with systemic coherence. Sustainable
governance will require open and inclusive standardization pro-
cesses that prevent centralized control while ensuring that tech-
nical mechanisms are not only functionally effective but also
ethically robust and broadly accountable.

B. Operation: Real-Time Coordination and Task Execution

Agentic service systems must coordinate and execute tasks in
real time under uncertainty while adhering to core principles of
services computing: modularity, loose coupling, composability,
and QoS-awareness. Unlike deterministic choreographies, agen-
tic ecosystems rely on decentralized, intent-driven coordination
that continuously adapts to dynamic goals and environmental
changes. This section examines four operational dimensions that
underpin real-time effectiveness: (i) dialogic coordination, (ii)
dynamic task allocation, (iii) execution control, and (iv) fault
tolerance.

1) Dialogic Coordination and Negotiation: Agents coor-
dinate through structured dialogue grounded in speech act the-
ory [153], negotiating roles, commitments, and obligations in
a manner analogous to service negotiation protocols. In these
interactions, agents assume the roles of providers or consumers,
dynamically establishing runtime contracts. Common dialogue
patterns such as propose-justify-revise facilitate iterative align-
ment of goals and expectations. Neural-symbolic systems en-
hance the semantic grounding of such dialogues. For instance,
MetaGPT [93] employs role-specific prompts to enable col-
laborative planning, while Generative Agents [136] integrate
memory and social reasoning to sustain long-term coordina-
tion across interactions. Reliable coordination demands more
than linguistic fluency; it requires explicit commitment track-
ing and robust conflict resolution mechanisms. Without clear
assignment of responsibilities, such as “who is responsible for
what”, dialogues risk producing misaligned actions or unpro-
ductive loops. To address this, future systems may adopt formal
logics of agency, such as STIT logic [40], or commitment-based
models [120], to ensure that agreements are both interpretable
and enforceable in open, heterogeneous environments.

2) Dynamic Task Allocation and Service Composition:
Task allocation in agentic systems is increasingly conceptual-
ized as dynamic service composition, wherein agents select,
bind, and sequence services in response to evolving conditions.
Extensions of the Contract Net Protocol (CNP) [158] incorpo-
rate machine learning to support adaptive bidding, preference
learning, and reputation-based selection. Figure 9 illustrates how
CNP facilitates agent collaboration and task delegation through
a structured negotiation process.

Reinforcement learning enables agents to optimize task as-
signment by balancing factors such as historical performance,
current workload, and peer reliability [130]. Graph neural net-
works (GNNs) model complex task dependency structures and
agent skill profiles, supporting efficient matching in large-scale
workflows [146]. Acting as service brokers, agents decompose
high-level goals into subtasks and dynamically compose service
chains from available capabilities. QoS-aware composition al-
gorithms rank candidate services based on latency, cost, success
rate, and trustworthiness [45]. Two key challenges persist in this
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domain. First, agents must navigate the exploration—exploitation
trade-off: whether to reuse a known but suboptimal service or ex-
plore potentially superior alternatives under uncertainty. Bandit-
based methods offer principled approaches to this dilemma. Sec-
ond, in open markets, self-interested agents may strategically
misrepresent their capabilities or manipulate bids. Mechanism
design frameworks, for instance, Vickrey-Clarke-Groves (VCG)
auctions [176], [51], [84], are employed to incentivize truth-
ful reporting and promote socially optimal outcomes, ensuring
alignment between individual incentives and collective perfor-
mance.

3) Execution Control and Workflow Orchestration: Once
tasks are allocated, execution control ensures reliable plan en-
actment through continuous monitoring, adaptation, and syn-
chronization. While this function parallels traditional workflow
engines, such as Apache Airflow [1] and Camunda [3], agentic
systems differ fundamentally in their decentralized decision-
making and autonomous adaptation capabilities. HTNs and
behavior trees provide formal structures for goal decomposi-
tion into executable steps, supporting modularity and reusabil-
ity [78]. Some agents adopt a “plan-as-you-go” strategy, refining
abstract tasks into concrete actions at runtime by invoking exter-
nal tools through standardized interfaces, such as OpenAl-style
function calling schemas [17]. Coordination is further enabled
by shared state spaces or blackboard systems, which serve as dis-
tributed memory layers for event-driven communication. For ex-
ample, the emission of a data_ready event by one agent can
trigger downstream analysis agents, preserving loose coupling
and enhancing scalability. Real-time monitoring, augmented by
belief tracking and uncertainty estimation, allows agents to de-
tect deviations from expected behavior. When uncertainty ex-
ceeds predefined thresholds, agents can initiate replanning or
invoke fallback strategies, ensuring robustness in dynamic envi-
ronments.

4) Fault Tolerance and Resilient Service Invocation: Re-
silience to failures, whether due to network disruptions, agent
crashes, or semantic misunderstandings, is critical for reliable
operation. Agentic systems extend classical resilience patterns
(i.e., retries, timeouts, and circuit breakers [144]) with au-
tonomous recovery mechanisms. Heartbeat monitoring and live-
ness probes detect unresponsive agents, while reputation sys-
tems continuously assess peer reliability based on interaction
history. Upon detecting a failure, agents may employ several
recovery strategies:

e Dynamic role delegation. Tasks are reassigned to alterna-
tive agents through SLAs or real-time discovery mecha-
nisms.

e Graceful degradation. Agents report partial or degraded re-
sults to inform upstream adaptation before complete failure
occurs.

e Task replication. Critical tasks are redundantly executed
across multiple agents to improve availability, albeit at in-
creased resource cost [200].

Service mesh technologies such as Istio [98] and Linkerd [53]
offer sidecar-based resilience, transparently handling retries,
load balancing, and circuit breaking without embedding re-
silience logic into business code. However, significant chal-
lenges remain. When agents maintain private memory, i.e., con-
versational context or planning state, recovering consistent state
after failure is nontrivial. In safety-critical domains, decisions
must also be explainable and verifiable. To address these needs,
future systems may integrate blockchain-based logging or con-
sensus protocols like Raft [131] to ensure tamper-proof audit
trails, coordinated recovery, and verifiable execution histories.

C. Evolution: Emergent Organization and Adaptive Collabo-
ration

The operational dynamics of agentic service systems extend
beyond real-time coordination to encompass long-term struc-
tural and behavioral evolution. Unlike static multi-agent systems
with pre-defined roles and fixed interaction protocols, evolved
agentic ecosystems exhibit self-organization, role specializa-
tion, cultural learning, and architectural plasticity. These sys-
tems do not merely execute tasks; they learn how to organize,
whom to collaborate with, and what norms to uphold over time.
This section examines four key dimensions of evolutionary ad-
vancement in agent collaboration: (i) emergent role specializa-
tion, (ii) adaptive team formation, (iii) cultural knowledge prop-
agation, and (iv) co-evolution of architectures and behaviors.

1) Emergent Role Specialization through Interaction Feed-
back: In evolved agentic service systems, functional roles are
not statically assigned but emerge from performance differen-
tials, social reinforcement, and selective pressure. Agents that
consistently demonstrate higher success rates in specific task
domains gradually become recognized as specialists by their
peers and are preferentially selected for related tasks. This pro-
cess mirrors the division of labor observed in biological colonies
(e.g., ant foragers vs. nurses) and human organizations, where
specialization enhances system-level efficiency and scalability.

Recent advances employ intrinsic motivation signals such as
curiosity, competence progress, or prediction error within RL
frameworks to drive behavioral differentiation [103]. For exam-
ple, in spatial exploration tasks, agents receiving higher explo-
ration bonuses naturally evolve into scouts, while others special-
ize in resource processing or defense. These emergent roles are
stabilized through reputation mechanisms and social memory,
forming dynamic role graphs that adapt to shifting task demands.
From a services computing perspective, this phenomenon cor-
responds to dynamic service role binding [46], where agents
dynamically assume identities as service providers, brokers, or
orchestrators based on proven capability and contextual rele-



vance. This reduces configuration overhead in open, heteroge-
neous ecosystems and supports self-configuring architectures.
Moreover, role emergence enables functional redundancy, i.e.,
multiple agents may specialize in similar tasks, enhancing re-
silience and load balancing.

However, challenges remain in ensuring equitable role dis-
tribution and preventing monopolization by high-performing
agents, which could reduce diversity and increase systemic
fragility. Future systems may integrate fairness-aware learning
or diversity, preserving selection mechanisms to maintain robust
collective intelligence.

2) Adaptive Team Formation and Structural Plasticity:
A hallmark of evolved agentic ecosystems is their capacity for
adaptive team formation: the ability to dynamically form, dis-
solve, and reconfigure teams in response to shifting objectives,
environmental conditions, or agent availability. Rather than rely-
ing on fixed coalitions, agents learn compatibility models from
interaction history, enabling the spontaneous assembly of high-
performing, trust-based teams. Affinity-based matching algo-
rithms allow agents to maintain preference rankings over poten-
tial collaborators, leading to the formation of stable, high-trust
cliques [168]. These affinity models can be learned via collabo-
rative filtering, Bayesian inference, or graph-based embeddings.
GNNs are increasingly used to model agent compatibility as a
dynamic interaction network, supporting team assembly through
community detection, spectral clustering, or combinatorial op-
timization. Some systems apply evolutionary operators, i.e., se-
lection, mutation, and crossover, to team configurations, treating
team structures as evolvable units [123]. Suboptimal teams are
selected out over time, while successful configurations are pre-
served and refined. This process resembles agile team reorgani-
zation in DevOps environments, where service ownership shifts
based on expertise, workload, and past performance.

3) Cultural Knowledge Propagation and Collective Mem-
ory: A defining feature of evolved agentic service systems is the
emergence of cultural knowledge, including shared practices,
communication norms, cooperative strategies, and problem-
solving heuristics that persist and evolve across agent gener-
ations. This goes beyond individual learning to include social
transmission mechanisms such as imitation, teaching, and obser-
vational learning, enabling cumulative cultural evolution within
artificial agent populations. Recent work by Vallinder etal. [174]
demonstrates how cooperation norms can emerge and stabilize
in populations of LLM-based agents through cultural evolution-
ary dynamics. In their framework, agents interact in repeated
social dilemmas (e.g., prisoner’s dilemma), and successful be-
havioral strategies, e.g., conditional cooperation or punishment
of defectors, are propagated through a cultural selection process.
New agents acquire these strategies via exposure to experienced
peers, either through direct interaction or environmental records
(e.g., shared logs or memory repositories), forming a collective
memory that enhances group-level cooperation over time. This
process does not require centralized control; instead, cooperative
norms self-reinforce when they yield higher long-term payoffs.
Cultural knowledge can also include domain-specific heuristics
that are refined and passed down through generations of agents.

From a system design perspective, supporting cultural evolu-
tion requires infrastructure for persistent knowledge storage, se-

mantic indexing, and context-aware retrieval. Vector databases,
knowledge graphs, and retrieval-augmented generation (RAG)
are promising technologies for enabling scalable cultural mem-
ory. However, risks such as the propagation of harmful norms or
outdated strategies must be mitigated through mechanisms like
norm validation, forgetting schedules, or adversarial auditing.

4) Co-Evolution of Architectures and Interaction Patterns:
The most advanced models of agentic service systems concep-
tualize organizational structure and interaction behavior as co-
evolving elements, where changes in one drive adaptations in the
other. Rather than assuming a fixed topology, these systems sup-
port meta-organizational learning. A key demonstration comes
from the Generative Agents simulation by Park et al. [136], in
which LLM-based agents populate a virtual environment and
develop emergent social structures based on trust and routine
interactions. While not explicitly optimizing architecture, the
system illustrates how stable interaction patterns can arise from
decentralized behaviors, forming de facto organizational forms.
Further evidence comes from self-reflective agents. The Reflex-
ion framework [156] enables agents to simulate past failures and
verbally critique their own behavior, leading to improved task
performance over iterations. Although focused on individual
improvement, this meta-cognitive mechanism provides a foun-
dation for structural adaptation: when repeated failures occur,
agents may initiate organizational changes, such as delegating
tasks, forming review chains, or restructuring communication
flows.

Future systems may extend this to autonomous architectural
evolution, where agents use learned models of organizational
effectiveness to propose and negotiate structural changes. For
instance, an agent detecting chronic bottlenecks in a workflow
might suggest introducing a new intermediary role or split-
ting a monolithic team into specialized subunits. While fully
autonomous co-evolution remains largely aspirational, these
works establish core mechanisms that may one day enable self-
designing agent organizations capable of lifelong adaptation.

D. Summary and Challenges

Agentic service systems are evolving from static workflows
into self-organizing ecosystems, leveraging dynamic commu-
nication, role specialization, and cultural learning to achieve
collective intelligence. These capabilities enable scalable task
decomposition, resilient problem-solving under uncertainty, and
lifelong adaptation. Yet the transition from simulation to practice
reveals a critical tension: the very mechanisms that empower
autonomy can undermine trustworthiness through opacity, inef-
ficiency, and semantic instability. To bridge this gap, we identify
three core challenges:

1) Self-Organizing Architectures with Auditability and
Control. As agents autonomously form teams, specialize
roles, and reconfigure interaction topologies in response to
tasks, traditional governance models (e.g., SOA or work-
flow engines) become inadequate. Emergent structures of-
ten lack traceability, compliance guarantees, or human-
interpretable rationale. The challenge is to enable au-
ditable self-organization: systems must support real-time
logging of structural changes, role provenance, and de-
cision justification. Drawing from infrastructure-as-code



Table IV: Frameworks for Evaluating LLM Agent Performance and Safety.

Work Key Features and Applications

AgentBench [116]
VisualWebArena [105]
VOYAGER [177]
AgentBoard [47]
SafeArena [172]

Multi-environment platform (OS, DB, browser); evaluates tool use, memory, error recovery across 8 domains.
Simulates e-commerce, banking sites; tests accuracy, robustness in complex user workflows.

Lifelong learning in Minecraft; measures skill library growth and reuse as evaluation metric.

Progress rate metric for long-horizon tasks; visualizes trajectories and rationales for process analysis.

500-task web safety benchmark (250 harmful); assesses risk in misinformation, cybercrime, harassment.

and DevOps, a living organizational ledger,i.e., atamper-
resistant, versioned record of all reconfigurations (includ-
ing triggers, participants, and outcomes), could provide
audit trails, rollback capabilities, and alignment with ethi-
cal or regulatory constraints.

2) Scalable Coordination with Bounded Communication
Overhead. Many current frameworks (e.g., Generative
Agents [136]) rely on broadcast-style memory sharing or
global attention, leading to quadratic or worse communi-
cation complexity as agent populations grow. This results
in congestion, latency, and degraded performance under
real-world resource constraints (bandwidth, API costs,
compute). Achieving scalable yet effective coordina-
tion demands architectural innovations: hierarchical coor-
dination layers, role-based routing, sparsified interaction
graphs, and adaptive message filtering. Techniques such
as gossip protocols [101], publish-subscribe models [67],
and learning-based communication pruning (e.g., via re-
inforcement learning) are essential to maintain situational
awareness while minimizing redundancy.

3) Cultural Accumulation without Semantic Drift. Long-
term memory systems like MemGPT [132] enable inter-
generational knowledge transfer, forming a foundation for
cultural evolution. However, decentralized imitation and
iterative reuse risk semantic drift: the gradual corruption
of shared norms, strategies, or skill interpretations (e.g.,
“conditional cooperation” degrading into passive compli-
ance). Preserving semantic fidelity requires cultural gov-
ernance: mechanisms for knowledge versioning, prove-
nance tracking, consensus-driven updates, and periodic
validation. Analogous to schema governance in databases,
such protocols could regulate how practices are intro-
duced, revised, or deprecated. Semantic embeddings or
contrastive learning can further detect drift by measuring
alignment with canonical representations, enabling timely
correction.

VIII. EVALUATION, VALUE ALIGNMENT, AND
TRUSTWORTHINESS

As autonomous agents evolve from scripted tools into adap-
tive collaborators, their safety, predictability, and societal im-
pact necessitate a fundamental rethinking of traditional qual-
ity assurance paradigms. Conventional metrics such as latency
and availability are insufficient to capture emergent behaviors,
long-horizon reasoning, or ethical implications. A new evalua-
tion framework is required, one that integrates functional perfor-

mance with behavioral integrity, interpretability, and alignment
to human values. This section reviews recent advances across
three interdependent dimensions: (i) agent evaluation, (ii) value
alignment, and (iii) trustworthiness engineering.

A. Agent Evaluation

Evaluating autonomous agents demands a shift beyond binary
success metrics to assess not only what they achieve but also
how they achieve it. Their non-deterministic and adaptive na-
ture, particularly in OOD settings, calls for evaluation frame-
works that account for process transparency, ethical compli-
ance, and systemic risk. Table IV summarizes key benchmarks
in this domain. AgentBench [116] evaluates tool use and error
recovery across eight distinct environments, including operating
systems, databases, and web browsers. VisualWebArena [105]
tests agent robustness within simulated e-commerce and bank-
ing workflows. VOYAGER [177] measures lifelong skill acqui-
sition in the open-ended environment of Minecraft. While these
benchmarks effectively assess functional competence, they of-
ten lack mechanisms to evaluate behavioral transparency. Recent
research has increasingly emphasized process-aware evaluation.
AgentBoard [47] introduces a “progress rate” metric that quan-
tifies incremental advancement in long-horizon tasks and en-
ables visualization of reasoning traces. SafeArena [172] evalu-
ates agent behavior under deliberate misuse scenarios, revealing
that GPT-40 completed 34.7% of harmful tasks. These findings
highlight the critical need for risk-sensitive evaluation frame-
works that support proactive safety assurance and institutional
accountability.

B. Value Alignment

Value alignment ensures that agents act in accordance with
human intentions, ethical norms, and societal values. As agents
gain greater autonomy, risks such as specification gaming, goal
misgeneralization, and instrumental convergence become more
pronounced. Consequently, alignment strategies must extend be-
yond reward modeling to encompass goal representation, prefer-
ence learning, and moral reasoning. Table V outlines represen-
tative approaches. REACT [195] interleaves reasoning and ac-
tion, thereby creating natural intervention points for feedback on
thought processes. Least-to-Most Prompting [203] decomposes
complex tasks into sub-problems, enabling fine-grained align-
ment and improved generalization. Constitutional Al [28] em-
ploys self-critique against predefined ethical principles, reduc-
ing dependence on human supervision. Process Supervision [96]



Table V: Methods for Aligning LLM Agent Behavior with Human Values.

Work

Key Features and Applications

REACT [195]

Least-to-Most Prompting [203]
Constitutional Al [28]

Process Supervision [96]
Truthful QA [114]

Cooperative IRL [86]

Interleaves reasoning and action; creates intervention points for feedback on thought traces.
Decomposes tasks into sub-problems; enables fine-grained alignment and generalization.
Self-critique using predefined principles; promotes safety with less human supervision.
Provides feedback on reasoning steps (not just outcomes); improves generalization.
Benchmark for truthfulness; evaluates resistance to generating false or misleading information.

Agent learns uncertain human utility; remains deferential and avoids goal exploitation.

provides feedback on intermediate reasoning steps rather than
final outcomes, enhancing generalization. TruthfulQA [114]
serves as abenchmark for truthfulness under adversarial prompt-
ing. Cooperative Inverse Reinforcement Learning (IRL) [86]
models human utility as uncertain, encouraging agents to re-
main deferential and avoid goal exploitation. Collectively, these
methods reflect a paradigm shift from outcome-based to process-
oriented alignment. By embedding ethical constraints directly
into the reasoning process and enabling explainable decision-
making, they support the development of agents that are not only
capable but also principled and self-correcting.

C. Building Trustworthiness

Trust in autonomous agents arises not from accuracy alone
but from transparency, accountability, and the preservation of
human control. In high-stakes domains such as healthcare and
finance, trustworthy agentic systems must integrate three foun-
dational pillars: auditability, architectural safeguards, and hu-
man oversight. Table VI highlights key mechanisms that sup-
port these pillars. LangSmith [15] and OpenTelemetry [7] en-
able traceability through structured logging of prompts, tool
calls, and execution latencies. Data Cascades [151] draws at-
tention to the risks of error propagation stemming from in-
adequate data provenance. Guardrails Al [12] enforces output
schemas and content policies at runtime to maintain system in-
tegrity. Model Cards [125] and Datasheets [75] provide stan-
dardized documentation that forms the basis for agent profiles.
Rationale-Augmented Agents [181] generate natural language
explanations to improve interpretability, though they carry the
risk of producing plausible but factually incorrect justifications.
Stop Button mechanisms [159] ensure corrigibility by prevent-
ing agents from resisting shutdown, while Human-in-the-loop
designs [165] support adaptive autonomy through override in-
terfaces and escalation protocols. A central challenge lies in bal-
ancing the completeness of logging with considerations of scal-
ability and privacy. Hierarchical logging and semantic compres-
sion offer promising trade-offs in this regard. At the same time,
over-reliance on automated safeguards may foster complacency,
particularly in novel or adversarial contexts where unforeseen
failure modes can emerge.

D. Summary and Challenges

This section has examined the triad of responsible agent de-
velopment: evaluation, alignment, and trustworthiness. Despite

progress, integration remains fragmented: evaluation often ig-
nores alignment goals, alignment is treated as static rather than
dynamic, and trust mechanisms are typically added post-hoc.
These disconnects undermine the coherence and accountability
of agents operating in high-stakes domains. Three core chal-
lenges define the frontier:

1) The Evaluability-Alignment Gap. Current benchmarks
focus on task success but neglect value-laden qualities
such as fairness, humility, or long-term impact. Alignment
methods like RLHF or Constitutional Al lack robust post-
deployment validation, creating a risk that agents appear
benign while violating implicit norms. Bridging this gap
requires co-designing evaluation and alignment: develop-
ing observable proxies for values and embedding them
into both training and benchmarking. Evaluation must be-
come a continuous, value-aware feedback loop that cap-
tures not only what agents do, but also why, how, and for
whom.

2) Trust at Scale. Trust mechanisms remain confined to
developer tools or isolated audits. To be operational at
scale, trust must become an institutional property sup-
ported by standardized, machine-verifiable audit trails,
open provenance protocols, and governance models that
balance transparency with privacy. Without such infras-
tructure, accountability stays fragile and localized.

3) Dynamic Value Specification under Uncertainty. Hu-
man values are context-sensitive, pluralistic, and evolving,
yet most alignment approaches assume fixed objectives.
In real-world settings with conflicting stakeholder prefer-
ences, this assumption fails. Agents must instead reason
about value uncertainty, negotiate trade-offs, and adapt
to shifting norms through interactive learning, multi-
stakeholder modeling, and deliberative alignment. Rather
than merely following values, they should help clarify
them.

IX. FUTURE TRENDS

ASC marks a shift from passive, transactional systems to
proactive, goal-driven agents capable of perception, reasoning,
adaptation, and collaboration. As Sections V-VIII show, ASC
integrates cognitive, behavioral, and normative dimensions into
aunified framework for intelligent service ecosystems. Its future
hinges not only on technical advances but on reconciling au-
tonomy with ethics, sustainability, and sociotechnical resilience.
We identify five interrelated frontiers:
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Table VI: Mechanisms for Building Trustworthy LLM Agent Systems.

Work

Key Features and Applications

LangSmith [15], OpenTelemetry [7]
Data Cascades [151]

Guardrails AI [12]

Model Cards [125], Datasheets [75]
Rationale-Augmented Agents [181]
Stop Button / Corrigibility [159]

Human-in-the-loop Design [165]

Logs prompts, tool calls, latency; enables traceability and debugging of agent workflows.
Highlights risks of error propagation from poor logging; motivates rigorous provenance.
Enforces output schemas, content policies, and API access rules at runtime.
Standardized documentation for models and datasets; basis for agent profiles.

Generate natural language explanations; improve interpretability (risk: plausible fictions).
Prevents agents from resisting shutdown; ensures human control in safety-critical cases.

Supports intervention via override interfaces, escalation protocols, adaptive autonomy.

a) From Reactive to Anticipatory Service Orchestration:
Current agents are largely reactive. The next leap is anticipa-
tory autonomy: using long-horizon planning, counterfactual rea-
soning, and deep user modeling to infer latent goals and act
preemptively. This requires causal inference over intent, inte-
grating temporal dynamics, context, and psychological priors.
For example, health agents could predict hypoglycemia from
circadian and dietary patterns; urban agents might simulate traf-
fic responses to policy changes. Yet proactivity risks overreach
under uncertain preferences or consent boundaries. Future work
must establish principles of anticipatory legitimacy, balancing
efficacy with privacy, agency, and ethical constraints.

b) Scalable and Sustainable Multi-Agent Ecosystems:
As ASC scales across edge, cloud, and robotic platforms, energy
consumption, especially from LLMs, raises environmental and
economic concerns. A shift toward green ASC is needed, em-
phasizing computational frugality, energy efficiency, and life-
cycle accountability. Architectural strategies include sparse ac-
tivation, modular specialization, federated reasoning, and neu-
romorphic execution. At the ecosystem level, self-organizing
agent societies guided by market incentives, reputation systems,
or swarm intelligence can improve cooperation and reduce con-
tention. However, scalability may obscure transparency and trig-
ger emergent failures like coordination collapse. Formal tools
from statistical physics and evolutionary game theory are essen-
tial to analyze macro-level dynamics.

¢) Human-Agent Co-Evolution in Pluralistic Contexts:
Human—agent interaction is dialectical: agents shape behavior,
and feedback reshapes agent objectives. This calls for value co-
evolution, moving beyond static alignment to dynamic norm
emergence and moral deliberation. Agents must exhibit epis-
temic humility, deferring in ethical gray zones. In pluralistic set-
tings (e.g., global telemedicine), they must navigate conflicting
norms through meta-reasoning: representing diverse values, de-
tecting inconsistencies, and engaging in justificatory dialogue.
Drawing on Habermasian ethics and value-sensitive design, fu-
ture systems should support deliberative architectures that me-
diate stakeholder input, such as balancing patient autonomy,
clinical guidelines, and family concerns, requiring deep integra-
tion of ethics, law, and HCI.

d) Unified Agentic Architectures: Current ASC systems
suffer from modular fragmentation, impairing end-to-end per-
formance. The future lies in unified architectures: end-to-end
trainable frameworks that integrate perception, planning, col-

laboration, and evaluation into coherent, self-improving stacks.
Inspired by cognitive models and Al operating systems, these
should offer standardized interfaces for memory, tools, commu-
nication, and ethical reasoning. A key challenge is preserving
interpretability as systems become more integrated. To avoid
black-box opacity, designs must embed explainability-by-design
and trust-by-construction via introspection, causal tracing, and
runtime justification, enabling verifiable autonomy under safety,
fairness, and compliance constraints.

e) Regulatory-Aware and Institutionally Embedded
Agents: In high-stakes domains, agents must operate within
complex legal frameworks. Future agents must be regulatory-
aware, parsing dynamic laws (e.g., GDPR, MiCA) using NLU,
temporal logic, and defeasible reasoning to handle ambiguity
and jurisdictional conflict. Beyond compliance, they must be
institutionally embedded, interfacing with audits and oversight
via agent passports, model cards, and explainable logs. We
anticipate hybrid human-machine institutions that combine
algorithmic monitoring with human judgment for dispute
resolution and norm evolution. These demand governance
models that balance automation efficiency with democratic
legitimacy, informed by computational law and participatory
design.

Together, these trends point toward human-centered agentic
ecosystems, where autonomy serves to augment human agency,
enhance collective intelligence, and uphold dignity, equity, and
sustainability. Realizing this vision requires ASC research to
evolve from technical optimization into a deeply interdisci-
plinary endeavor, integrating computer science with philosophy,
law, sociology, and cognitive science.

X. CONCLUSION

Agentic Service Computing represents a transformative evo-
lution in intelligent service systems, advancing beyond tra-
ditional service-oriented architectures toward a paradigm de-
fined by autonomy, proactivity, adaptability, and social embed-
dedness. In this paper, we have systematically examined ASC
through four interdependent research dimensions: Perception,
Context, and Environment Modeling; Autonomous Decision-
Making and Task Execution; Multi-Agent Collaboration and
Organization; and Evaluation, Value Alignment, and Trustwor-
thiness. These dimensions collectively constitute a comprehen-
sive framework that enables agents to interpret complex envi-



ronments, make goal-directed decisions under uncertainty, co-
ordinate with other agents to achieve collective outcomes, and
operate in ways that are accountable, aligned with human val-
ues, and worthy of trust. We have further identified key trends
that will shape the next generation of ASC, reflecting a broader
transition from viewing agents as standalone components to rec-
ognizing them as active participants in complex sociotechnical
ecosystems. Nevertheless, significant challenges remain. These
include the tension between system scalability and effective
oversight, the difficulty of aligning with pluralistic and dynam-
ically evolving human values, the risks associated with long-
term autonomous operation, and the imperative to build sys-
tems that are robust, auditable, and equitable. Addressing these
issues requires sustained interdisciplinary collaboration among
computer scientists, ethicists, legal scholars, social scientists,
policymakers, and end users.
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