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Abstract 

Agentic artificial intelligence (AI) has emerged as a defining paradigm of 2024-2026, in 

which large language models (LLMs) are coupled with planning, memory, and tool-use 

mechanisms to act autonomously over extended horizons. This paper presents a structured 

analysis of agentic AI, covering its conceptual foundations, architectural building blocks, 

multi-agent orchestration strategies, evaluation benchmarks, and unresolved engineering 

challenges. We examine prominent frameworks including ReAct, Reflexion, Toolformer, 

AutoGen, MetaGPT, and Voyager, and analyse how reasoning-acting loops, hierarchical 

planning, and inter-agent communication enable progress on benchmarks such as GAIA, 

WebArena, and SWE-bench. The paper further discusses safety, alignment, cost, and 

reliability concerns that arise when LLM-based agents operate against real tools and 

external environments. We argue that progress in agentic AI is constrained less by raw model 

capability and more by orchestration design, evaluation rigor, and the engineering discipline 

applied to long-horizon execution. 
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I. INTRODUCTION 

The release of GPT-3 in 2020 [1] and the subsequent emergence of instruction-tuned and chat-aligned models 

such as InstructGPT [2] and GPT-4 [3] established large language models (LLMs) as general interfaces for natural 

language tasks. By 2023, however, attention shifted from pure text generation toward agentic AI: systems in which an 

LLM is given access to tools, memory, and a planning loop, and is allowed to act autonomously to achieve user-specified 

goals [4], [5]. Such agents can browse the web, execute code, query databases, control software user interfaces, and 

coordinate with other agents. The field has expanded rapidly, with new frameworks, benchmarks, and deployments 

appearing almost monthly. 

This paper provides a coherent technical survey of agentic AI as it stands in early 2026. Section II introduces 

background concepts and traces the historical line from reflex agents to LLM-based agents. Section III decomposes a 

typical agent into perception, planning, memory, tool use, and reflection. Section IV examines multi-agent orchestration 

patterns. Section V discusses evaluation benchmarks. Section VI surveys representative applications. Section VII 

analyses safety, cost, and reliability. Section VIII concludes with open research directions. 

II. BACKGROUND AND RELATED WORK 

Russell and Norvig's classical formulation defines an agent as any entity that perceives its environment through 

sensors and acts upon it through actuators [6]. Earlier symbolic agents, including the BDI (belief-desire-intention) 
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family, planned over hand-engineered representations and were limited by the brittleness of symbolic knowledge bases. 

Reinforcement-learning agents replaced engineered planners with learned policies and achieved superhuman 

performance on Atari and Go [7], but required vast amounts of environment interaction. 

The decisive step toward modern agentic AI was the demonstration that pre-trained LLMs can perform in-context 

learning and follow natural-language instructions [1], [2]. Yao et al. proposed ReAct, which interleaves chain-of-

thought reasoning with tool-using actions in a single prompt [4]. Schick et al. showed that LLMs can be trained to call 

external tools through a self-supervised procedure, yielding the Toolformer system [8]. Park et al. demonstrated that 

prompted LLMs equipped with long-term memory and reflection produce believable behaviour in simulated social 

environments [9]. These works seeded the family of agent designs analysed in this paper. 

III. ARCHITECTURE OF AN LLM-BASED AGENT 

A typical LLM-based agent decomposes into five interacting components. The perception module ingests user 

goals and environmental observations, often as text or structured tool outputs. The planner decomposes the goal into 

sub-goals, either through chain-of-thought prompting [10], tree-of-thought search [11], or explicit hierarchical planning. 

The tool-use module exposes external capabilities such as code interpreters, web browsers, or database APIs through a 

structured function-calling interface [8], [12]. A memory module persists past observations and intermediate 

conclusions across turns, typically using vector retrieval over an episodic store [9]. The reflection module reviews 

failures and updates the agent's internal trace, as in the Reflexion framework of Shinn et al. [13]. 

Figure 1 summarises the prevalence of these components across a sample of widely cited 2023-2025 agent 

frameworks. Action and tool use are nearly universal, while explicit reflection remains the least standardised 

component. The choice of prompt format, function-calling protocol, and memory encoding remains an active 

engineering concern. Recent work has explored learned planners distilled from agent traces, in addition to prompt-only 

approaches [14]. 

Fig. 1. Coverage of canonical agent components across surveyed LLM-agent frameworks (2023-2025). 

 

IV. MULTI-AGENT ORCHESTRATION 

Many real tasks decompose naturally across roles: a planner, a coder, a critic, a tester. Multi-agent orchestration 

leverages this decomposition by spawning multiple LLM-driven agents that communicate via structured messages. Wu 

et al.'s AutoGen [15] provides a conversational programming model in which agents are typed by role and exchange 

messages until a termination condition is reached. Hong et al.'s MetaGPT [16] encodes the standard operating 

procedures of a software-engineering team to coordinate agents that produce specifications, code, and tests. Wang et 

al.'s Voyager [17] embeds an agent in the Minecraft environment with a curriculum and a growing skill library, 

demonstrating open-ended skill acquisition. 

Empirically, multi-agent orchestration improves task success on several benchmarks but at the cost of additional 

inference calls. Figure 2 contrasts single-agent and orchestrated multi-agent setups across five benchmarks. Gains are 

largest on tasks that admit natural decomposition (SWE-bench, WebArena) and smaller on tasks dominated by raw 

knowledge (MMLU). The cost of multi-agent execution must be weighed against the marginal benefit, and recent work 

has formalised this trade-off as a budget allocation problem [18]. 
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Fig. 2. Reported task success rates: single-agent vs. multi-agent orchestrated systems. 

 

Table 1. Representative LLM-Agent Frameworks and their Coordination Models 
Framework Year Primary contribution Coordination model 

ReAct [4] 2023 Reasoning-acting loop Single agent 
Reflexion [13] 2023 Verbal self-reflection Single agent + critic 
Toolformer [8] 2023 Self-supervised tool calling Single agent 
Voyager [17] 2023 Open-ended skill library Single agent + skill store 
AutoGen [15] 2023 Conversational programming Role-typed multi-agent 
MetaGPT [16] 2024 SOP-encoded software team Pipelined multi-agent 

Generative agents [9] 2023 Memory + reflection Multi-agent simulation 

V. EVALUATION BENCHMARKS 

Evaluating agents is substantially harder than evaluating single-turn LLMs. Benchmarks must capture long-

horizon reasoning, tool use, and recovery from errors. GAIA [19] presents real-world questions that require web 

browsing, multimodal reasoning, and tool composition; even strong models score below human level. WebArena [20] 

embeds agents in self-hosted realistic web applications and reports task-completion rates. SWE-bench [21] tasks agents 

with resolving real GitHub issues by editing production codebases. AgentBench [22] consolidates eight environments 

and reports a marked gap between state-of-the-art LLMs and oracle policies. The common pattern across these 

benchmarks is that headline accuracy on knowledge benchmarks does not translate directly to agentic competence. 

VI. APPLICATIONS 

Agentic AI is now deployed across software engineering, data analysis, customer service, scientific research, and 

personal productivity. In software engineering, agents driven by GPT-4 and Claude have demonstrated end-to-end 

resolution of routine GitHub issues on SWE-bench [21], and code-focused agents underpin commercial products such 

as GitHub Copilot Workspace and Devin. In data analysis, code-interpreter-style agents synthesise SQL queries, 

visualisations, and reports from natural-language specifications. In scientific research, autonomous laboratory systems 

such as Coscientist [23] couple LLM planners with robotic equipment to perform chemistry experiments. In personal 

productivity, browser-driving agents automate booking, research, and form-filling tasks. Each domain raises distinct 

reliability and oversight questions. 

VII. CHALLENGES AND OPEN PROBLEMS 

Despite rapid progress, several challenges constrain the deployment of agentic AI at scale. First, long-horizon 

reliability remains poor: agents accumulate errors over many steps, and small mis-specifications compound into failure 

[24]. Second, the cost of agentic execution is dominated by repeated LLM inference, often by orders of magnitude 

relative to a single-shot prompt; cost-aware orchestration is therefore essential. Third, tool-use safety is non-trivial 

because agents can execute code, modify files, and send network requests on behalf of users; sandboxing and least-

privilege design are mandatory but not yet standardised [25]. Fourth, prompt-injection attacks introduced through tool 

outputs can hijack agent behaviour [26]. Fifth, evaluation is itself expensive and noisy because end-to-end runs are slow, 
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non-deterministic, and depend on external services. Finally, alignment of agent objectives with user intent in the presence 

of ambiguous goals remains an open research problem [27]. 

VIII. PRACTICAL DEPLOYMENT AND OPERATIONS 

Teams shipping agent products in 2024 and 2025 have learnt several practical lessons that the academic literature 

has been slow to absorb. The first concerns cost. A single completion request to a frontier model on a moderate context 

costs, at the time of writing, in the order of half a US cent; an agent that takes twenty-five inference calls before 

terminating costs roughly that amount multiplied by twenty-five, with extra overhead for cached prefixes and retries. 

The order-of-magnitude difference is decisive for product economics. Routine internal automations that pencil out as a 

single-shot prompt quickly turn unprofitable when wrapped in an agent loop. Cost-aware routing, in which cheaper small 

models handle simple sub-tasks and a frontier model is reserved for genuinely hard reasoning, is now the default pattern 

in production, and Anthropic, OpenAI, and Mistral each expose explicit pricing tiers around this idea. 

Observability is the second concern, and it is more often underestimated. Agent runs are non-deterministic and 

not easy to debug from logs alone. A small ecosystem of tracing tools has appeared in response, including LangSmith, 

Phoenix, Helicone, Langfuse, and the open OpenLLMetry convention. The shared primitive is a span tree, in which 

every model call, every tool call, and every message is recorded with timing, inputs, outputs, and computed cost. Without 

such tooling a developer cannot reason about an agent failure after the fact; with it, the offending step is easy to locate, 

and prompt iteration sits on a foundation of evidence rather than guesswork. A small but growing literature is now 

building on these traces, including work on automatic regression detection and on programmatic test generation from 

successful runs. 

A third lesson is the practical ceiling on horizon length. Few agents operating in production survive much past 

thirty steps without intervention. Errors compound, the model loses sight of the original goal, and minor drift in tool 

outputs aggregates into outright mis-specification. Several teams have responded by deliberately keeping each agent 

shallow and chaining specialist agents together, with hand-written orchestration in between. The architecture that 

emerges is closer to a pipeline of small experts than to a single autonomous worker. This shape does not appear cleanly 

on benchmark leaderboards because most benchmarks evaluate end-to-end success, but it matters a great deal for 

reliability in the field. The next frontier in academic evaluation, in our view, is to capture this gap. 

Finally, safety in agentic deployment is a different problem than safety for single-shot prompts. An agent that can 

execute code, browse the web, and write to a database needs a sandbox boundary, an audit trail, and a circuit breaker. 

Industry practice is moving toward least-privilege tool grants, dry-run modes that surface intended actions before 

execution, and rate-limited environments that contain the blast radius of a misbehaving agent. The recently published 

OWASP top-ten for LLM applications enumerates the principal risk classes, and frameworks such as Microsoft's PyRIT 

and Anthropic's automated red-teaming pipelines have begun to address these concerns at scale. Even so, the discipline 

of agent security is in its infancy, and most production deployments rely on operator vigilance rather than principled 

guarantees. 

The longer-term picture is harder to forecast. There is genuine, sustained progress in the headline benchmarks, 

with SWE-bench resolution rates roughly tripling between 2023 and 2025 and GAIA scores closing about half of the 

original human-versus-model gap. There is also a quieter trend that may matter more, namely the slow accumulation of 

best practice around evaluation, observability, and orchestration. Frameworks that looked novel in 2023, including 

ReAct prompts and reflection loops, are now baseline expectations. Production teams have moved on to second-order 

concerns: how to budget LLM calls against business impact, how to test agents in continuous integration, how to gate 

destructive actions behind human review, how to monitor for prompt-injection drift in tool outputs. None of these 

problems is glamorous, and few of them appear in academic conference papers, but together they are doing more to 

make agentic AI deployable than the next ten-percent benchmark improvement is likely to. The honest summary, in our 

view, is that the technology is maturing more quickly than the discipline around it, and the gap between the two is where 

most current operational risk sits. Bridging the gap requires the kind of mundane engineering work that does not produce 

easy publications: shared evaluation harnesses, reproducible cost reporting, common safety primitives, and a culture of 

post-mortem analysis when agents fail. Several open-source projects are now consolidating these primitives, and the 

next twelve months will probably see a small set of de-facto standards emerge from the current proliferation of 

frameworks. 

IX. CONCLUSION 

Agentic AI represents the synthesis of language understanding, planning, tool use, and memory in a single 

autonomous system. Frameworks introduced between 2022 and 2025 demonstrated that LLMs, when embedded in the 

appropriate orchestration loop, can perform extended sequences of useful work. Progress has been uneven: scores on 

GAIA, WebArena, and SWE-bench have improved sharply but remain well below human level, and reliability, cost, and 

security concerns prevent unrestricted deployment. The next phase of research will prioritise principled orchestration 

design, reproducible evaluation, tool-level safety, and tighter integration with formal verification. Agentic AI is no longer 

a speculative concept but a maturing engineering discipline, and its trajectory will substantially shape software 

development, scientific research, and digital labour over the next decade. 
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