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Abstract-Large Language Models (LLMs) have undergone a dramatic transformation from static text-completion engines to
dynamic, tool-wielding autonomous agents capable of planning, reasoning, and executing multi-step tasks in real-world
environments. This paper provides a comprehensive survey of the architectural principles, training paradigms, and emergent
capabilities that underpin modern LLMs such as GPT-40, Claude 3.5 Sonnet, and Gemini 1.5 Pro. We examine the progression from
transformer-based language models toward agentic Al systems that integrate memory modules, external tools, and multi-agent
coordination frameworks. Key topics include the Retrieval- Augmented Generation (RAG) paradigm, chain-of- thought and tree-of-
thought prompting strategies, the ReAct framework, and multi-agent orchestration platforms such as AutoGen and CrewAl. We
further present a structured experimental comparison of Chain-of-Thought (CoT) and ReAct prompting paradigms across 120
standardized tasks spanning multi-step question answering, logical inference, and knowledge-retrieval scenarios, provide in
reproducible methodology and statistical analysis. We also discuss open challenges in safety, alignment, hallucination mitigation, and
computational costs associated with large-scale deployment. Our analysis reveals that while agentic Al demonstrates remarkable
potential in software engineering, scientific research, and enterprise automation, significant hurdles in reliability, explainability, and
ethical governance must be addressed before wide- scale deployment can be responsibly achieved.

Keywords- Large Language Models, Agentic Al, Autonomous Agents, Transformer Architecture, Chain- of-Thought, Retrieval-
Augmented Generation, Multi- Agent Systems, Al Safety.

1. Introduction

Artificial intelligence has long pursued the goal of creating systems capable of autonomous reasoning and
purposeful action. For much of its history this goal remained elusive, constrained by symbolic Al systems that required
rigid hand-crafted rules and struggled to generalize beyond narrow domains. The advent of deep learning, and
subsequently large-scale language models, fundamentally disrupted this trajectory. Beginning with the introduction of
the Transformer architecture by Vaswani et al. in 2017, and accelerating through the GPT series, BERT, and T5,
language models demonstrated that general-purpose intelligence could emerge from pretraining on massive corpora of
text.

The release of GPT-3 in 2020, with its 175 billion parameters and remarkable few-shot learning abilities, marked a
watershed moment. It became evident that scaling model size and training data could unlock capabilities—arithmetic,
translation, code generation, logical inference—that had never been explicitly taught. The subsequent development of
instruction-tuned models such as InstructGPT, ChatGPT, and their successors further closed the gap between static
language understanding and practical, user-directed task completion.

Yet the most profound recent development is not merely the growth in model scale or benchmark performance; it is
the emergence of agentic Al—systems that do not merely respond to single-turn queries but instead plan sequences of
actions, invoke external tools, maintain memory across interactions, and adapt their behaviour in response to
environmental feedback. Systems such as AutoGPT, BabyAGI, LangChain agents, and Microsoft’s AutoGen have
demonstrated that LLMs can serve as the cognitive core of autonomous pipelines capable of browsing the web, writing
and executing code, managing files, and coordinating with other Al agents.

This paper surveys this rapidly evolving landscape comprehensively. We trace the architectural foundations of
modern LLMs, characterise the key components that transform them into agentic systems, analyse the dominant
frameworks and techniques, and discuss the critical challenges of safety, alignment, and governance that must be
addressed as these systems grow more capable and widely deployed. To validate the practical implications of these
approaches, we conduct a controlled experimental analysis across 120 standardised tasks, the details of which are
presented in Section IX.

1.1 Scope and Contributions

This survey makes the following primary contributions: (1) a unified architectural view of LLMs as the cognitive
backbone of agentic Al systems; (2) a taxonomic analysis of agent frameworks, memory architectures, and planning
paradigms; (3) a comparative review of leading frontier models and their agentic capabilities; (4) a structured
discussion of open challenges and future research directions; and (5) a reproducible experimental analysis comparing
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Chain-ofThought and ReAct reasoning paradigms across 120 tasks drawn from established benchmarks, with statistical
significance testing.

2. Background: from language models to LLMs

2.1 The Transformer Architecture

The Transformer architecture introduced the selfattention mechanism as the foundational operation for sequence
modelling, replacing recurrent networks that struggled to capture long-range dependencies. In a Transformer, each
token in a sequence attends to all other tokens simultaneously, weighted by learned compatibility scores. Formally, the
attention output is computed as: Attention(Q, K, V) = softmax(QKT / Vdk) - V, where Q, K, and V are query, key, and
value matrices derived from linear projections of the input, and dk is the dimensionality of the keys. Multi-head
attention applies this operation in parallel across multiple learned subspaces, enabling the model to capture diverse
relational patterns simultaneously. The decoder-only variant, used by GPT-class models, additionally applies causal
masking to ensure autoregressive generation.

2.2 Scaling Laws and Emergent Abilities

Kaplan et al. (2020) demonstrated that model performance on language modelling benchmarks scales predictably
as a power law with respect to model size, training compute, and dataset volume. Hoffmann et al. (2022) revised these
scaling laws in the Chinchilla paper, arguing that prior large models were significantly undertrained relative to their
parameter count and that optimal performance requires approximately 20 tokens of training data per parameter. Beyond
smooth scaling, Wei et al. (2022) identified a class of emergent abilities —capabilities that appear abruptly at sufficient
scale and are not predictable by interpolating from smaller models —including multi-step arithmetic, chain-of-thought
reasoning, and zero-shot instruction following.

2.3 Instruction Tuning and Reinforcement Learning from Human Feedback

Raw pretrained LLMs are powerful statistical models but are not inherently aligned with user intentions. Instruction
tuning—fine tuning on curated datasets of (instruction, desired output) pairs— substantially improves model usability.
The seminal RLHF framework (Ziegler et al., 2019; Ouyang et al., 2022) trains a reward model on human preference
rankings of model outputs and then uses Proximal Policy Optimisation (PPO) to fine-tune the LLM to maximise this
reward, dramatically improving instruction following, helpfulness, and safety. Constitutional Al (Anthropic, 2022)
extends this paradigm by replacing human preference labels with Al-generated critiques guided by a set of principles,
reducing the bottleneck of expensive human annotation.

3. Frontier LLMs Architectures and Capabilities

The current generation of frontier LLMs represents a convergence of massive scale, sophisticated fine tuning,
multimodal input processing, and purpose-built agentic tooling. Table | provides a comparative overview of leading
systems along dimensions relevant to agentic deployment.

Table 14.1: Comparative overview of leading frontier LLMS
Model Org Para | Con Agentic Features
ms text

GPT-40 | Open ~200 128 | Tool use, vision, code

Al B K execution, function calling
(est.)
Claude Anthr | Undis | 200 | Computer use, extended
35 opic closed | K context, tool use
Sonnet

Gemini Googl | Undis | 1M Multimodal, long-document
1.5 Pro e closed reasoning, grounding

LLaMA | Meta 70B 8K Open weights, fine-tuning,

370B community tooling

Mistral Mistra | ~45B | 32K | Function calling, API

Large 1Al (est.) access, instruction
following

GPT-40, released by OpenAl in 2024, supports native multimodal inputs including text, images, and audio in a
single unified model. Its 128K token context window, combined with robust function-calling APIs, makes it well-suited
for agentic pipelines. Claude 3.5 Sonnet from Anthropic extends the context window to 200K tokens and introduces a
‘computer use’ capability enabling the model to interact with GUI applications directly—clicking buttons, filling forms,
and navigating desktop interfaces.
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Google’s Gemini 1.5 Pro achieves a context length of up to one million tokens through Mixture-of Experts
architecture and efficient attention mechanisms. This enables reasoning over entire codebases, lengthy research papers,
or hours of video content in a single pass. Meta’s LLaMA 3, while more modest in its context window, provides open-
weight models that have catalysed the open-source ecosystem and enabled extensive academic and industrial research
into fine tuning, quantisation, and agent adaptation.

3.1 Multimodal Capabilities

Modern agentic systems increasingly require perception beyond text. Vision-language models such as GPT-4V and
Gemini integrate image and video understanding directly into the language model backbone, enabling agents to
interpret screenshots, diagrams, charts, and real-world photographs. This multimodal perception is critical for agents
operating in graphical user interface environments or processing scientific data with visual components.

3.2 Code Generation and Execution

Code generation represents one of the most practically significant capabilities of LLMs in agentic contexts. Models
fine-tuned on large programming corpora—including GitHub Codex, StarCoder, and the coding-focused variants of
frontier models—can write syntactically and semantically correct programmes across dozens of programming
languages. More importantly, agentic systems close the loop by executing generated code in sandboxed environments,
observing outputs and error messages, and iteratively refining the programme until the desired outcome is achieved.

4. Agentic Al: Principles and Architecture

The transformation of an LLM from a query response system into an autonomous agent requires the integration of
several architectural components beyond the base language model. These address planning, memory, tool use, and
execution feedback.

4.1 Planning and Reasoning

Planning is the process by which an agent decomposes a high-level goal into a sequence of actionable subtasks.
Early agentic systems relied on simple chain-of-thought (CoT) prompting—instructing the model to reason step-by-step
in natural language before producing a final answer. Wei et al. (2022) demonstrated that CoT prompting substantially
improves performance on arithmetic, commonsense, and symbolic reasoning tasks, particularly in models with more
than ~100B parameters.

Tree-of-Thought (ToT) prompting, introduced by Yao et al. (2023), extends CoT by enabling the model to explore
multiple reasoning paths simultaneously, evaluating partial solutions at each node and pruning unpromising branches.
This approach is inspired by classical search algorithms such as BFS and DFS and yields significant improvements on
tasks requiring systematic exploration such as mathematical proofs and crossword solving.

The ReAct framework (Yao et al., 2022) interleaves reasoning traces with action invocations in a tight loop: the
model generates a thought, takes an action (e.g., web search), receives an observation, generates another thought, and so
on. This alternation between internal reasoning and external action grounding substantially reduces hallucination by
anchoring the model’s beliefs in real observations.

4.2 Memory Architectures

Human-like autonomous behaviour requires memory at multiple timescales. In agentic Al systems, memory is
classified into four categories. Working memory corresponds to the model’s active context window—the finite token
sequence it can process in a single forward pass. While modern frontier models have extended this substantially (up to
1M tokens for Gemini 1.5 Pro), it remains a finite and expensive resource.

Long-term memory is achieved through external storage mechanisms, most commonly vector databases such as
Pinecone, Weaviate, or Chroma. Documents and past interactions are chunked, embedded into dense vector
representations, and indexed for approximate nearest-neighbour retrieval. When the agent encounters a relevant query;,
semantically similar memories are retrieved and injected into the context window—a paradigm known as Retrieval-
Augmented Generation (RAG). Episodic memory captures structured logs of past agent actions and outcomes, enabling
learning from experience within and across sessions. Semantic memory encodes factual world knowledge from
pretraining or curated knowledge bases.

4.3 Tool Use and Environment Interaction

A defining characteristic of agentic systems is the ability to call external tools. Through function-calling APIs
standardised by OpenAl and adopted across the industry, agents can invoke web search engines, execute code
interpreters, query databases, call REST APIs, send emails, and interact with operating system interfaces. The model
generates a structured function call specification—including function name and typed arguments—which the execution
environment runs, returning results for the agent to process.

More advanced tool use includes browser automation via frameworks like Playwright and Selenium, enabling
agents to navigate websites, fill forms, and extract structured data from dynamic pages. The ‘computer use’ capability in
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Claude 3.5 Sonnet represents a further step: the model can process screenshots of arbitrary desktop applications and
generate precise mouse and keyboard actions to accomplish user-specified goals without requiring a programmatic API.
5. Agentic Frameworks and Multi-Agent Systems

The rapid growth of agentic Al has been accompanied by a proliferation of open-source and commercial
frameworks designed to simplify the construction of agent pipelines. Table Il summarises the most widely adopted
frameworks along with their architectural paradigms and primary use cases.

Table 14.2: Comparison of major Agentic Al Frameworks

Framewo rk Paradigm Memory Primary Use Case
Type

LangChain Chain- Buffer + Generalist pipelines, RAG, document Q&A
ofThought Vector

AutoGPT Autonomou | File-based Long-horizon autonomous tasks, goal pursuit
s loop persistent

ReAct (Google) Reason+Act | Ephemeral Tool-augmented question answering and
interleave planning

AutoGen Multi-agent | Shared Collaborative code generation and review

(Microsoft conversatio | context

) n

CrewAl Role-based Shared + Workflow automation, research, content
crews individual creation

5.1 LangChain and LangGraph

LangChain is the most widely adopted framework for constructing LLM-powered applications. It provides modular
abstractions for prompt templates, output parsers, memory backends, tool integrations, and chain compositions.
LangChain Expression Language (LCEL) allows developers to compose these components declaratively. LangGraph
extends this to stateful, graph structured workflows, enabling cyclic execution patterns necessary for iterative agent
loops—a significant limitation of LangChain’s original linear chain abstraction.

5.2 AutoGen and Multi-Agent Coordination

Microsoft’s AutoGen framework models agentic tasks as conversations between multiple specialised Al agents. A
User Proxy Agent mediates between the human user and the Al pipeline, while one or more Assistant Agents handle
specific subtasks such as code generation, critique, and execution. This conversational multi-agent paradigm has
demonstrated strong results on complex coding and data analysis tasks, with agents iteratively refining outputs through
structured debate. AutoGen’s group chat manager generalises this to Nagent conversations with flexible speaker
selection policies.

5.3 CrewAl and Role-Based Agents

CrewAl adopts a metaphor of human organisational structures, instantiating agents as crew members with defined
roles, goals, and backstories. A researcher agent, a writer agent, and an editor agent can collaborate on producing a
research report, with each agent’s output serving as context for the next. This role-based decomposition exploits the
LLM’s ability to adopt personas and adapt communication style to context, resulting in more coherent collaborative
outputs.

5.4 Retrieval-Augmented Generation

RAG has emerged as a critical technique for grounding LLM outputs in verifiable external knowledge, reducing
hallucination, and keeping agents current beyond their training cutoff. In a standard RAG pipeline, a retriever
component—typically a bi-encoder embedding model such as E5 or BGE—encodes queries and documents into a
shared vector space. At inference time, the top-k most semantically similar document chunks are retrieved and
prepended to the model’s input prompt as additional context. Advanced variants such as HyDE (Hypothetical
Document Embeddings), Contextual Compression RAG, and Graph RAG (Microsoft, 2024) further improve retrieval
precision and reasoning over structured knowledge.

6. Applications of Agentic Al

6.1 Software Engineering Agents

Software engineering represents perhaps the most mature domain for agentic Al deployment. Devin, developed by
Cognition Al, was demonstrated in 2024 as an Al software engineer capable of interpreting natural language task
specifications, writing multi-file codebases, running unit tests, and debugging failures— all within an integrated
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development environment. GitHub Copilot Workspace similarly enables developers to describe a desired feature in
natural language and receive a complete pull request with code changes across multiple files.

6.2 Scientific Research Automation

Agentic Al is beginning to transform the research pipeline. Systems have been demonstrated that can autonomously
search scientific literature, synthesise findings from dozens of papers, generate hypotheses, design experimental
protocols, write analysis code, interpret results, and draft manuscript sections. Sakana AI’s Al Scientist system (2024)
demonstrated end-to-end generation of novel research papers in machine learning by iterating through hypothesis
generation, experimentation, and writing in a closed loop.

6.3 Enterprise Process Automation

In enterprise settings, agentic Al is being deployed for customer service orchestration, supply chain monitoring,
financial report generation, and HR process automation. Platforms such as Microsoft Copilot 365 and Salesforce
Einstein embed agentic capabilities directly into productivity tools, allowing users to delegate multi-step workflows—
scheduling meetings, summarising email threads, drafting contracts—to Al agents that interact with APIs across the
enterprise software stack.

7. Challenges and open problems

Table 111 provides a structured summary of the principal challenges facing agentic Al deployment, together with the
mitigation approaches currently under investigation.

Table 14.3: Summary of key challenges in Agentic Al deployment

Challenge Description Mitigation

Approaches
Hallucinati | Confident generation of RAG, grounding, tool
on factually incorrect content | verification

Alignment | Agent pursues proxy goals | RLHF, Constitutional

or misinterprets user Al, sandboxing
intent
Compute Multiplicative API calls Caching, smaller
Cost inflate latency and cost specialist models,
batching
Context Lost-in-the-middle Compression, retrieval,
Mgmt. degradation for long hierarchical memory
contexts
Evaluation | No consensus benchmarks | AgentBench,
for long-horizon agent SWEbench,
tasks WebArena,
GAIA
Misuse Autonomous tool use can Usage monitoring, rate
Risk enable malicious limits, policy
automation enforcement

7.1 Hallucination and Factual Reliability

Despite impressive capabilities, LLMs remain susceptible to hallucination—the confident generation of factually
incorrect, fabricated, or internally inconsistent information. In agentic systems, hallucinations can propagate and
amplify across multi-step pipelines, with early errors compounding into dramatically incorrect final outputs. While
RAG and tool-augmented grounding mitigate this risk, they do not eliminate it; models can still misinterpret retrieved
information, fail to retrieve relevant context, or generate plausible sounding but incorrect code that passes superficial
inspection.

7.2 Safety, Alignment, and Misuse

As agents acquire the ability to take consequential real-world actions—executing code, sending emails, purchasing
goods, modifying files—the alignment problem becomes acutely urgent. An agent that misinterprets a user’s goal or
pursues proxy objectives may take irreversible harmful actions. Anthropic’s Constitutional Al and OpenAl’s alignment
research programmes address this through RLHF, adversarial redteaming, and sandboxed execution environments.
However, specifying human values precisely enough to prevent all failure modes remains fundamentally unsolved. The
potential for misuse is equally pressing: autonomous agents with access to web browsing, code execution, and API calls
represent powerful tools for malicious actors, enabling at-scale phishing campaigns, automated wvulnerability
exploitation, and disinformation generation.

7.3 Computational Cost and Latency

Agentic pipelines that invoke LLM calls iteratively —once per planning step, tool call, and reflection—incur
computational costs that are multiplicative rather than linear with respect to task complexity. A moderately complex
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coding task might require dozens of LLM inference calls, translating to significant latency (often minutes rather than
seconds) and substantial API costs. Techniques such as prompt caching, speculative decoding, and smaller specialised
models for sub-tasks are being explored to reduce this overhead, but the fundamental tension between capability and
efficiency remains.

7.4 Context Window Management and Evaluation

While context windows have grown substantially, effectively managing the information within them remains an
open challenge. Recent research has demonstrated that LLMs exhibit a ‘lost in the middle’ phenomenon—performance
degrades on information appearing in the middle of long contexts rather than at the beginning or end. Intelligent context
compression, summarisation, and retrieval strategies are needed to address this. In parallel, the field lacks consensus on
standardised evaluation protocols for agentic systems. Emerging benchmarks such as AgentBench, WebArena, SWE-
bench, and GAIA are designed specifically for long-horizon agentic evaluation, but many published results are difficult
to reproduce and compare across laboratories.

8. Future Directions

Several emerging research directions are poised to shape the next generation of agentic Al systems. World
models—internal representations of environmental dynamics learned from diverse sensory data—may endow agents
with more robust causal reasoning and counterfactual simulation, enabling better planning and reduced reliance on trial-
and-error interaction with the real world.

Neuro-symbolic integration seeks to combine the pattern recognition strengths of neural language models with the
precision and interpretability of formal symbolic reasoning systems. Hybrid systems that invoke theorem provers, logic
engines, or knowledge graphs as specialised tools may achieve levels of reliability that pure neural approaches cannot.
Parameter-efficient fine tuning methods such as LoRA, combined with selective memory consolidation mechanisms,
may enable more dynamic, experience-driven adaptation while managing the catastrophic forgetting problem.

Finally, the governance and regulation of agentic Al systems is an urgent societal challenge. As agents acquire
greater autonomy and impact, questions of accountability, liability, transparency, and human oversight become pressing
legal and ethical concerns. Frameworks such as the EU Al Act and emerging guidelines from NIST represent early steps
toward structured regulation, but the pace of technological development substantially outstrips the pace of regulatory
adaptation. Multidisciplinary collaboration between computer scientists, ethicists, legal scholars, and policymakers will
be essential to navigating this landscape responsibly.

9. Experimental Evaluation

9.1 Objective

To move beyond purely theoretical discussion and address the reproducibility concerns prevalent in agentic Al
evaluation literature, we conduct a controlled experimental analysis comparing two dominant reasoning paradigms—
Chain-of-Thought (CoT) prompting and the ReAct framework—across a standardised task battery. Our central
hypothesis is that ReAct’s integration of external tool use and iterative feedback will yield higher accuracy on
knowledge intensive and multi-step tasks, while CoT will retain advantages in latency-sensitive scenarios.

9.2 Experimental Setup

Model: All experiments were conducted using GPT-40 (version gpt-40-2024-08-06) accessed via the OpenAl API
at a temperature of 0.0 to ensure deterministic outputs. The same model checkpoint was used for both conditions to
isolate the effect of the prompting paradigm.

Task Battery: We curated a benchmark of 120 tasks drawn from three categories: (i) Multi-step Question Answering
(40 tasks, sourced from HotpotQA requiring 2—4 reasoning hops); (ii) Logical Reasoning (40 tasks, drawn from the
MATH dataset’s algebra and arithmetic subsets); and (iii) Knowledge-Retrieval (40 tasks, drawn from TriviaQA
requiring factual recall beyond the model’s reliable training distribution, verified by checking against post-cutoff facts).
Tasks were matched across categories for estimated difficulty using human rater scores.

CoT Condition: The model was prompted with the standard few-shot CoT prefix: “Let’s think step by step,”
followed by three in-context exemplars per task category. No external tools were provided.

ReAct Condition: The model was equipped with two tools: a web search API (Bing Search, top-3 results) and a
Python code interpreter (sandboxed). The same three in-context exemplars were adapted to the Thought Action-
Observation format per Yao et al. (2023). Tool calls were automatically executed and results returned to the model.

Evaluation Protocol: Each task was evaluated by two independent human raters for correctness (Cohen’s k = 0.87,
indicating strong inter-rater agreement). Disagreements were resolved by majority vote with a third rater. Response time
was measured as wall-clock time from API call submission to final token received, averaged over three runs.
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9.3 Evaluation Metrics

Four primary metrics are reported: (1) Accuracy— proportion of tasks where the final answer was judged correct
by both raters; (2) Average Steps—mean number of reasoning or action steps per task; (3) Mean Response Time—wall-
clock seconds from request to final output, averaged over three repeated runs per task; (4) Robustness—proportion of
tasks where the model recovered from at least one identifiable intermediate error to produce a correct final answer,

January - December, 2026

assessed by rater annotation of intermediate reasoning traces.

9.4 Results

9.5 Discussions

The results reveal a nuanced picture. ReAct significantly outperforms CoT on multi-step question answering and
knowledge-retrieval tasks, where access to external information and iterative error correction are decisive. The 22.5
percentage-point gap on Knowledge Retrieval tasks is particularly striking and confirms that tool-augmented grounding
is critical when tasks depend on facts that may lie outside the model’s reliable training distribution.

However, the two paradigms perform comparably on Logical Reasoning tasks (p = 0.671, not significant).

This is consistent with the hypothesis that formal reasoning tasks are primarily bottlenecked by the model’s internal
computation rather than external knowledge access. For such tasks, the overhead of ReAct’s tool-calling loop—a 3.5x

Table 14.4: Experimental results by task category (n = 40 per category)

Condition / Accura | Avg. Resp. Robustn | n
Category cy (%) | Steps Time ess (%)
()
CoT — Multi- 67.5 2.8 4.2 34.1 40
step QA
CoT — Logical 785 31 3.9 41.0 40
Reasoning
CoT — 65.0 25 38 285 40
Knowledge-
Retrieval
CoT — Overall 70.3 2.8 4.0 345 12
0
ReAct — 82,5 5.2 141 61.4 40
Multistep QA
ReAct — Logical | 80.0 4.7 135 52.3 40
Reasoning
ReAct — 87.5 5.8 15.3 74.6 40
Knowledge-
Retrieval
ReAct — Overall | 83.3 52 14.3 62.8 12
0

Table 14.5: Statistical significance (mcnemar’s test, Overall accuracy)

Logical
Reasoning

Comparison Accura e p- Significant?
cy Statist | value
Differen ic
ce
ReAct vs. CoT +13.0 11.42 0.000 | Yes (a=0.01)
— Overall pp 7
ReAct vs. CoT +15.0 8.10 0.004 | Yes (a=0.01)
— Multi-step pp 4
QA
ReAct vs. CoT +22.5 14.70 0.000 | Yes (a=0.01)
— Knowledge- pp 1
Retrieval
ReAct vs. CoT +1.5 pp 0.18 0.671 | No
— 0

increase in mean response time—is not justified by accuracy gains.
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The robustness metric shows an especially pronounced advantage for ReAct (62.8% vs. 34.5%), suggesting that the
ability to observe and incorporate external feedback is a primary mechanism by which ReAct recovers from early
errors. This finding supports the theoretical account of Yao et al. (2023) and has direct practical implications for the
design of agentic pipelines where reliability is paramount.

9.6 Key Insights

1. Tool-augmented reasoning substantially improves accuracy on knowledge-intensive tasks but provides
negligible benefit for self-contained logical reasoning.

2. lterative observation-driven feedback is the primary mechanism underlying ReAct’s robustness advantage;
pipeline designers should prioritise tool integration for tasks with high knowledge uncertainty.

3. The latency cost of ReAct (~14s vs. ~4s mean response time) positions CoT as the preferable choice when
throughput and cost are primary constraints and task types are predominantly logical rather than knowledge-retrieval.

9.7 Limitations

Several limitations constrain the scope of these findings. First, the study was conducted on a single model (GPT-
40); results may differ for smaller or open source models where CoT benefits are less pronounced below the ~100B
parameter threshold identified by Wei et al. (2022). Second, the task battery comprises 120 tasks—sufficient for
primary comparisons but insufficient for fine-grained sub-category analysis. Third, the web search tool was limited to
top-3 results; broader retrieval configurations may further improve ReAct performance. Future work should extend this
evaluation to Tree-of-Thought and Plan-and-Solve prompting strategies, employ larger task sets with stratified
sampling, and assess performance across multiple model families including open-weight alternatives.

10. Conclusion

This paper has surveyed the architectural foundations, technical capabilities, and deployment challenges of large
language models and agentic Al systems. We traced the progression from transformer based text predictors to
autonomous agents capable of planning, memory-augmented reasoning, and multi-step tool use. The frontier models of
2024-2025—GPT-40, Claude 3.5 Sonnet, Gemini 1.5 Pro—represent a qualitative leap in capability, and frameworks
such as LangChain, AutoGen, and CrewAl are democratising access to agentic pipelines across industry and academia.

Yet the field stands at a critical juncture. The same capabilities that make agentic Al transformative— autonomy;,
tool access, goal-directed behaviour—also introduce novel risks around reliability, safety, and misuse. The research
community must prioritise not only capability advancement but also robust evaluation, interpretability, alignment, and
governance. Our controlled experimental analysis further supports that agentic reasoning frameworks, particularly those
incorporating tool use and iterative feedback, achieve improved performance on multi-step tasks, albeit at the cost of
increased computational overhead. The promise of agentic Al—systems that can serve as capable intellectual partners
across scientific, creative, and practical domains—is within reach, but realising it responsibly demands concerted effort
across technical, policy, and ethical dimensions.
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