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Abstract

The recent surge in interest around agentic AI—systems that plan and act autonomously—and the long-standing study
of multi-agent systems (MAS) converge into a rapidly evolving research space where algorithmic autonomy,
coordination, safety, and societal impact intersect. This paper synthesizes foundational ideas from agent theory and
MAS, surveys recent trends in agentic systems (including autonomous LLM-driven agents and advances in multi-agent
reinforcement learning), and proposes a structured research agenda. We introduce an experimental methodology for
evaluating agentic behaviors along axes of capability, safety, cooperation, and resource efficiency, and discuss open
technical and ethical challenges. The paper concludes with prioritized research directions intended to accelerate robust,
explainable, and societally aligned agentic systems. (Wiley)

1. Introduction

Agents—software entities that perceive their environment and take actions to achieve goals—form a core conceptual
unit in artificial intelligence. When individual agents gain the capacity for extended autonomous operation, planning
across multiple steps, tool usage, and persistent adaptation, we speak of agentic AI. When many such agents interact
within a shared environment—cooperatively, competitively, or mixed—the setting is that of multi-agent systems
(MAS). Both historically grounded (agent architectures, belief—desire—intention models) and freshly energized by large
language models and orchestration frameworks, the study of agents now spans theoretical foundations, engineering
practices, and governance questions. Understanding how agentic systems behave, coordinate, and fail is essential for
creating useful and safe autonomous services. (Wiley)

This paper offers (1) a conceptual synthesis of agentic Al and MAS, (2) a literature-informed assessment of key
research threads (planning & control, MARL, communication, safety), (3) an experimental framework for empirical
evaluation, and (4) a prioritized list of research directions that balance novelty, publishability, and societal relevance.
The aim is to help researchers design reproducible studies and to guide reviewers and policymakers toward meaningful
evaluation metrics. (arXiv)

2. Literature Review
2.1 Foundational Agent Theory

Classical accounts of agents formalize how autonomous units sense, reason, and act. Textbooks and handbooks lay out
architectures ranging from simple reactive agents to deliberative, belief-desire-intention (BDI) models. These
frameworks provide the vocabulary and formal tools—beliefs, goals, intentions, percepts, and actions—that remain
useful when designing modern agentic pipelines. They also emphasize modularity: sensing, decision, and actuation
subsystems that are reassembled in new contexts. (Wiley)
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2.2 Multi-Agent Systems and Game-Theoretic Roots

MAS research draws heavily on game theory, distributed systems, and decentralized control. Core problems include
coordination, communication, resource allocation, and strategic behavior among self-interested agents. The literature
bifurcates into normative theories (what equilibria and mechanisms produce desirable group outcomes) and engineering
studies (algorithms for distributed planning, negotiation, and consensus). Contemporary MAS research revisits long-
standing concerns—scalability, robustness, and incentive alignment—now with new computational tools. (Department
of Computer Science Oxford)

2.3 Multi-Agent Reinforcement Learning (MARL)

MARL has matured rapidly and now offers a rich algorithmic toolkit for training agent policies in shared environments.
Surveys document families of approaches—centralized critics with decentralized actors, communication-enabled
policies, and opponent modeling—and catalog applications from autonomous driving to resource scheduling. Key
technical hurdles remain: nonstationarity induced by learning teammates, credit assignment across agents, and sample
inefficiency in complex domains. (ACM Digital Library)

2.4 Emergence of Agentic LLM Systems and Orchestration

The past few years have seen the practical emergence of agentic systems that use large language models (LLMs) as
central planner/orchestrator components. Community frameworks (Auto-GPT, AgentGPT, BabyAGI, and tool-use
wrappers) demonstrate how LLMs can iteratively plan, call tools, spawn sub-tasks, and persist state across steps.
Academic attention has followed, examining capabilities, failure modes, and the distinction between “assistant” versus
genuinely agentic operation. While LLM-based agents have practical utility, they also highlight new safety and
reliability challenges tied to spurious reasoning, tool misuse, and uncontrolled autonomy. (Medium)

2.5 Cooperative Al and Societal Considerations

Recent conceptual work on cooperative Al frames research questions about how to design systems that reliably
cooperate with humans and other machines to improve shared outcomes. Open problems include designing incentives,
verifying cooperative behavior, and measuring social welfare under agentic deployments. These normative concerns
intersect technical ones—mechanism design, robustness to adversaries, and interpretability—and they are increasingly
visible in workshops and funding programs. (arXiv)

3. Methodology: A Framework for Studying Agentic Systems

Because agentic behavior spans architecture types and application domains, we present a modular experimental
template rather than a single implementation. The template has four parts: (A) controlled domains, (B) agent
architectures, (C) evaluation axes, and (D) reproducible tooling.

3.1 Controlled Domains (benchmarks)

Select benchmark environments that exercise multi-step reasoning, interaction, and partial observability. Candidate
domains include:

. Cooperative navigation / resource allocation (continuous or discrete spaces),
. Negotiation and trading simulators (to probe strategic incentives),

. Tool-use tasks with external APIs (to evaluate safety of tool invocation),

. Human-in-the-loop tasks (crowdsourced evaluation of alignment).

Benchmarks should support deterministic seeding and deterministic logging for reproducibility.
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3.2 Agent Architectures (families to evaluate)

Evaluate across architectural families:

1. Classical MAS agents (BDI or rule-based),

2. Learned policies via MARL (centralized training, decentralized execution),

3. LLM-driven agentic pipelines (planning + tool calls + memory),

4, Hybrid agents combining learned low-level controllers with symbolic planners.

Implementations should be parameterized (e.g., model size, memory budget) to study scaling effects.
3.3 Evaluation Axes & Metrics

We recommend a multi-dimensional evaluation set:

. Task performance: success rate, cumulative reward, latency.

. Coordination quality: social welfare, fairness, and Pareto efficiency.

. Robustness: ability to tolerate adversarial or misbehaving agents.

. Safety violations: frequency of unsafe actions (predefined domain safety predicates).

. Resource use & cost: compute, wall-time, and monetary cost of training and deployment.
. Interpretability & auditability: availability of action traces and post-hoc explanations.

Quantitative metrics must be complemented by qualitative failure analyses and human judgments (when applicable).
3.4 Reproducible Tooling & Reporting

Each experiment should publish code, seeds, environment versions, and measurement scripts. We recommend scripts for
automated logging of actions, network traffic (for communication studies), and policy checkpoints. Where cloud
resources are used, report exact instance types and metadata to allow credible energy/cost estimation. (arXiv)

4. Results & Discussion (Conceptual synthesis and expected patterns)

This paper does not present novel empirical runs; rather, it synthesizes expected results and comparative patterns drawn
from the literature and from pilot studies reported by others. Below we articulate reproducible hypotheses and discuss
the tradeoffs researchers are likely to observe.

4.1 Expected Tradeoffs in Agentic Systems

. Autonomy vs. Safety: More agentic autonomy (longer planning horizons, more tool use) tends to increase
capability but exposes larger attack surfaces and more complex failure modes. Mitigation requires layered safeguards—
sandboxing tools, run-time monitors, and conservative action constraints. (Medium)

. Learning Efficiency vs. Robustness: MARL approaches can learn sophisticated coordination but often need
large sample sizes and remain fragile to nonstationarity. Hybridizing with symbolic planners can improve reliability in
sparse-reward domains. (ACM Digital Library)
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. Communication Overhead vs. Coordination Gains: Enabling richer inter-agent communication can improve
joint performance but increases bandwidth, latency, and the risk of deceptive signaling in adversarial settings. Protocol
design and incentive alignment help balance this tradeoft.

4.2 Safety, Verification, and Governance

Agentic systems require verification pipelines adapted to long-horizon behavior. Standard unit testing and per-step
assertion checks are necessary but insufficient; researchers should adopt scenario-based stress tests, adversarial
environment injections, and formal specification monitoring where feasible. Cooperative Al frameworks emphasize
incentives and institutional design: beyond code, organizational rules and access controls determine whether agentic
deployments behave responsibly. (arXiv)

4.3 Benchmarks and Evaluation Gaps

Existing benchmarks capture certain coordination motifs but often fail to evaluate multi-staged real-world tasks that
combine information gathering, delegation, and sustained planning. There is an urgent need for benchmarks that
integrate tool-use APIs, human feedback loops, and costed resources so researchers can study practical tradeoffs.
Standardized reporting (task, compute, seed, safety criteria) will accelerate cumulative progress. (arXiv)

5. Open Challenges and Research Directions
Based on the synthesis above, the highest-priority research problems are:

1. Robust planning under partial observability and nonstationary teammates. Methods that combine belief
modeling with opponent/adversary detection are needed.

2. Formal verification for long-horizon agentic behavior. New verification paradigms must scale beyond state-
space explosion by leveraging abstractions and runtime monitors.

3. Incentive-aware protocol design for mixed human-agent ecosystems. Mechanism design that accounts for
bounded rationality and deception is critical.

4. Efficient MARL with provable sample complexity. Improve learning algorithms to be data-efficient and
stable in large agent populations.

5. Auditability and interpretability for agentic decisions. Action provenance, policy explainers, and
counterfactual tracing will be essential for accountability.

6. Socio-technical governance frameworks. Technical solutions must be complemented by institutional policy:
access control, change management, and incident reporting standards. (arXiv)

6. Conclusion

Agentic Al and MAS together represent a frontier with both high potential and nontrivial risk. Progress will require
integrated work spanning algorithmic innovation (MARL, planning, communication), systems engineering (tool
sandboxing, monitoring), and social design (incentives, governance). The research community should prioritize
reproducibility, standardized reporting, and multidisciplinary approaches that bring together technical expertise with
ethical and policy perspectives. Rigorous benchmarking and transparent evaluation will be the pillars that allow agentic
systems to deliver positive societal value while limiting harms.
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