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Abstract—Large language models have, somewhat quietly, 
pushed Retrieval-Augmented Generation (RAG) into the center 
of many research-oriented applications. The underlying idea is 
not particularly complicated. Instead of relying only on what a 
model absorbed during training, a RAG system reaches outward. It 
retrieves relevant information from external sources and then builds 
its response around that material. In theory, that sounds sensible 
enough. However, in practice, many conventional RAG setups still 
depend on relatively static knowledge bases. These repositories 
can age quickly, especially in domains where information shifts 
almost weekly. As a result, the system’s reasoning can feel narrow. 
Verification steps are often minimal, and incorporating newly 
emerging knowledge is, at times, more cumbersome than one might 
expect. 

Because of these limitations, researchers have started looking 
beyond the traditional retrieval pipeline. Recently, attention has 
moved toward more agentic forms of AI-driven research systems. 
The ambition here is a little different. Rather than acting as passive 
tools that fetch documents and summarize them, these systems 
are designed to behave more like active research assistants. Work 
on agent-based reasoning, autonomous research workflows, multi- 
agent coordination, and self-correcting AI mechanisms hints at a 
more fluid research environment [?]. In principle, such systems 
attempt to reproduce some aspects of how human researchers 
actually work. They plan what to investigate, discover information 
in real time, examine documents more deeply, compare ideas across 
multiple sources, and occasionally check their own conclusions 
through iterative verification. 

With that backdrop, this review looks closely at the emerging 
landscape of agentic research systems. The goal is to identify their 
strengths, the weaknesses that still persist, and the design patterns 
that appear to be taking shape. Some of these approaches do suggest 
meaningful improvements for AI-assisted research. Yet the picture 
is not entirely settled. Questions around reliability, scalability, and 
real-world deployment remain open, and perhaps they will continue 
to be for some time. 

Index Terms—Agentic AI, Multi-Agent Architecture, Retrieval- 
Augmented Generation (RAG), Self-Correcting AI, Large Language 
Models, Information Retrieval, Document Intelligence. 

 

I. INTRODUCTION 

The rapid progress of artificial intelligence, especially large 

language models (LLMs), has begun to reshape how people 

search for, interpret, and piece together information. Tasks 

that once meant spending hours combing through papers, 

comparing different sources, or extracting useful ideas can 

now be partly assisted by systems that process large amounts 

of text in minutes. Researchers, students, and professionals 

increasingly turn to these tools not just for quick answers but 

also for that early stage of exploration when a topic is still 

unfamiliar and the direction of inquiry is not entirely clear. 

Early AI-supported research tools, however, were built on 

fairly rigid retrieval and generation methods. One of the most 

influential approaches in this space is Retrieval-Augmented 

Generation (RAG). Put simply, RAG pairs a pretrained lan- 

guage model with an external knowledge source, allowing the 

system to retrieve relevant material before composing a re- 

sponse. The idea is appealing because it grounds the generated 

answer in retrieved evidence rather than relying solely on what 

the model memorized during training. In many straightforward 

cases, especially fact-oriented queries, the approach works 

reasonably well. Yet the situation becomes more complicated 

when a research task demands deeper reasoning or synthesis 

across multiple documents. Conventional RAG systems, for 

instance, often struggle when they must connect ideas scattered 

across several sources or adapt to information that changes 

rapidly. Long-term planning is limited, cross-source reasoning 

can feel shallow, and mechanisms for verifying outputs tend 

to be underdeveloped [1]. 

Partly because of these limitations, attention has gradually 

shifted toward what many researchers now call agentic AI 

systems. The basic motivation is easy enough to grasp. Rather 

than treating AI as a passive generator that retrieves and 

summarizes text, these systems attempt to operate more like 

active research assistants. They emphasize autonomy, goal- 

directed behavior, and the ability to perform multi-step rea- 

soning while interacting with external tools or environments. 

In practice, such systems may divide a research objective 

into smaller tasks, search for information in several rounds, 

compare evidence from different sources, and adjust their 

conclusions over time. That process feels oddly familiar. 

Human researchers rarely reach an answer in one attempt; 

they explore possibilities, revise assumptions, and sometimes 

abandon a line of thinking when new information appears. 

Agentic architectures attempt, in a limited way, to reproduce 

aspects of that workflow. For this reason, they are increasingly 
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discussed as promising foundations for more sophisticated AI- 

supported research pipelines [2], [3]. 

This review examines recent developments in agentic AI 

for research automation through the conceptual lens of what 

might be called an agentic research engine. The goal is not 

simply to catalogue individual tools or models. Instead, the 

intention is to understand how several emerging ideas connect 

and where they might be leading. By looking at work on 

agent-based architectures, autonomous reasoning frameworks, 

multi-agent collaboration, and self-correcting mechanisms, the 

discussion attempts to trace patterns that seem to be forming 

across the literature. Some proposed systems rely on multiple 

specialized agents that cooperate, each responsible for tasks 

such as retrieval, reasoning, or evaluation. Others emphasize 

iterative self-improvement, where models critique and refine 

their own outputs through structured feedback loops. Taken 

together, these approaches hint at a gradual movement away 

from rigid pipeline-based designs toward architectures that are 

more flexible and adaptive. 

At the same time, the field is still finding its footing, 

and a number of practical challenges remain unresolved. 

Questions about reliability, computational cost, coordination 

among multiple agents, and even how one should evaluate 

the quality of AI-assisted research are still actively debated. 

Some implementations appear promising in controlled demon- 

strations but become harder to manage at scale. Therefore, 

this review considers both the potential and the current lim- 

itations of emerging agentic research systems. By examining 

methodological trends, architectural ideas, and the unresolved 

challenges that accompany them, the paper aims to clarify 

how these systems attempt to move beyond the constraints 

of conventional RAG-based frameworks and move toward 

AI-supported research processes that are more dependable, 

adaptable, and transparent [4]–[6]. 

II. BACKGROUND 

Artificial intelligence has moved through several fairly 

distinct phases over the past few decades, and each phase 

has carried its own assumptions about how machines should 

“think.” Early systems leaned heavily on rule-based expert 

frameworks. Knowledge was written down manually, often as 

long chains of logical rules crafted by specialists who tried 

to anticipate every possible scenario. In domains like medical 

diagnosis or industrial troubleshooting, these systems could 

be impressively precise, but only when the situation matched 

the rules they had been given. Outside those boundaries, they 

tended to fail rather abruptly. Later, the field shifted toward 

data-driven machine learning models. Instead of encoding 

knowledge explicitly, researchers began training algorithms 

on large datasets so that the system could learn statistical 

patterns from examples. Techniques such as decision trees, 

support vector machines, and neural networks gradually be- 

came common tools for solving classification and prediction 

tasks. More recently, large language models (LLMs) have 

extended this trajectory in an unexpected way. Trained on 

massive corpora of text, these models can interpret context, 

summarize information, and generate coherent language with 

a fluency that would have seemed difficult to imagine not long 

ago [7]. 

Each stage expanded the capabilities of AI systems, al- 

though the limitations were rarely subtle. Traditional AI tools 

were typically designed for narrowly defined tasks operat- 

ing under predetermined conditions. Once those conditions 

changed, reliability often dropped. Updating such systems 

required significant human effort, since new rules or training 

data had to be manually incorporated. Moreover, these systems 

rarely demonstrated the kind of autonomy required in complex 

research settings. Open-ended inquiry is messy by nature. A 

researcher may explore several sources, revise hypotheses, and 

reinterpret evidence over time. Conventional AI systems, even 

fairly advanced machine learning models, were not particu- 

larly good at handling that sort of iterative reasoning. They 

performed well in controlled benchmarks but were often less 

dependable when applied to real-world knowledge discovery 

[3]. 

The arrival of large language models marked a notice- 

able shift in this progression. Because they can process ex- 

tended context and generate coherent natural language, LLMs 

opened the door to applications centered on knowledge explo- 

ration and synthesis. Researchers quickly began experimenting 

with ways to connect these models to external information 

sources. One development that gained widespread attention 

was Retrieval-Augmented Generation (RAG). In simple terms, 

RAG connects a language model to external knowledge 

repositories such as research articles, structured databases, 

institutional archives, or even curated web collections [1]. 

Before generating a response, the model retrieves documents 

that appear relevant to the query. The retrieved passages are 

then incorporated into the generation process, allowing the 

model to produce answers grounded in specific evidence. This 

approach helps reduce the risk of fabricated statements, often 

referred to as hallucinations, and can significantly improve 

factual alignment in domains where accuracy matters [8]. 

Yet in practice these systems remain somewhat reactive. A 

typical RAG pipeline retrieves information and produces an 

answer in a single step. There is usually little opportunity 

for the system to reconsider its reasoning or to cross-check 

evidence across multiple documents. If a retrieved source is 

incomplete or misleading, the generated output may inherit 

those limitations. Tasks that require deeper analysis, such as 

comparing conflicting findings from several research papers 

or synthesizing arguments across an entire body of literature, 

remain challenging. Planning a sequence of investigative steps, 

verifying intermediate conclusions, or refining results through 

iterative reasoning is generally outside the capabilities of most 

standard RAG implementations [2]. 

In response to these limitations, a growing body of research 

has turned toward what is often described as agentic AI. The 

idea here shifts the focus from passive information retrieval 

to autonomous decision-making processes. Instead of simply 

generating text, agentic systems are designed to behave more 

like problem-solving entities that can set goals, plan actions, 
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interact with external tools, and adapt their behavior based 

on feedback [3], [9]. Architectures of this kind often include 

several interacting components. Memory modules can store in- 

termediate findings or contextual knowledge. Reasoning mod- 

ules help interpret retrieved information and guide subsequent 

actions. Reflection or self-evaluation mechanisms allow the 

system to critique its own outputs and attempt improvements. 

Together, these elements enable more complex workflows that 

resemble the iterative nature of human research. 

The concept becomes even more compelling in multi-agent 

environments. Rather than relying on a single model, several 

specialized agents may collaborate within the same system. 

One agent might focus on retrieving relevant documents, 

another might analyze and summarize evidence, while a third 

evaluates the credibility or consistency of the conclusions. 

Coordination mechanisms then allow these agents to exchange 

information and refine their outputs collectively. In some 

experimental systems, this collaborative structure has been 

shown to improve reasoning depth and reduce certain types of 

errors, particularly when tackling large or complex research 

questions [4], [5]. 

Seen from this perspective, agentic research engines appear 

as a natural continuation of the broader evolution of AI- 

driven research tools. They attempt to combine the generative 

capabilities of LLMs, the grounding benefits of retrieval-based 

systems, and the autonomy provided by agent architectures. 

Instead of answering isolated queries, these systems aim to 

support entire research workflows. That may include discov- 

ering relevant literature, synthesizing insights across multiple 

sources, verifying claims through cross-checking, and updating 

conclusions as new evidence emerges [2], [6]. While these 

ideas are still developing, they suggest a gradual shift toward 

AI systems that do more than simply retrieve information. 

Ideally, they begin to participate in the research process itself, 

assisting with tasks that traditionally required sustained human 

effort and careful reasoning. 

III. RELATED WORK 

Recent work on AI systems meant to assist with research 

tends to cluster around a few broad directions. One helpful 

way to think about the landscape is through three overlapping 

strands: retrieval-based approaches, reasoning-oriented lan- 

guage models, and the more recent movement toward agentic 

AI frameworks. Early efforts leaned heavily on retrieval-based 

improvements. The goal was fairly practical. Language models 

were powerful at generating text, yet they often lacked up-to- 

date or verifiable knowledge. Retrieval-Augmented Generation 

(RAG) emerged as a solution to this problem. Instead of 

relying only on what the model absorbed during training, the 

system first retrieves relevant documents and then produces 

a response grounded in those sources. In everyday use this 

can work surprisingly well. Ask about a particular dataset 

or a research technique, and the system may retrieve several 

relevant papers and summarize them with reasonable clarity. 

However, once the task shifts from answering questions to con- 

ducting deeper investigation, the weaknesses begin to appear. 

Multi-step reasoning, adapting when new evidence appears, 

or verifying whether earlier conclusions actually hold up are 

tasks these systems struggle with [1]. Part of the difficulty lies 

in the design itself. Most RAG pipelines operate in a single 

pass: retrieve, generate, and stop. Without persistent memory 

or mechanisms for planning what should happen next, their 

usefulness for complex research workflows remains somewhat 

limited [2]. 

Researchers soon began experimenting with ways to im- 

prove the reasoning behavior of language models. One strategy 

involved structured prompting techniques that encourage mod- 

els to reason through intermediate steps rather than jumping 

directly to an answer. Methods such as Chain-of-Thought 

prompting, Least-to-Most prompting, and Tree-of-Thoughts 

follow this logic [10]–[12]. Instead of treating a question as a 

single block of computation, the model is guided to break the 

problem into smaller stages and process them sequentially. 

In many cases this noticeably improves logical consistency 

and problem-solving performance. Still, there is a limit to 

what prompting alone can achieve. These approaches remain 

tied to a static prompt structure. The reasoning occurs inside 

that structure, and once the output is generated the process 

effectively ends. The model does not independently decide to 

search for additional information, reconsider earlier assump- 

tions, or test alternative explanations. When research tasks 

extend across multiple stages of exploration, that limitation 

becomes difficult to ignore [13]. 
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More recent work has therefore turned toward the idea of 

agentic AI systems. The shift is partly conceptual. Instead of 

building systems that simply respond to queries, researchers 

are exploring architectures in which AI behaves more like an 

autonomous problem solver. In this framework, systems pursue 

goals, plan actions, interact with external tools, and adjust their 

behavior in response to feedback from their environment [3], 

[9]. Survey studies on agentic AI often describe architectures 

that integrate several components such as reasoning modules, 

memory systems, planning strategies, and mechanisms for 

executing external tools. When these elements are combined, 

the system can move through a sequence of investigative steps 

rather than producing a single response. These studies also at- 

10 

1 

5 1 

1 
2 

https://ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                           Volume: 10 Issue: 04 | April - 2026                             SJIF Rating: 8.659                                    ISSN: 2582-3930                                                                                                                                               

  

© 2026, IJSREM      | https://ijsrem.com                                                                                                                                           |        Page 4 
 

tempt to clarify the distinctions between classical AI systems, 

simple task-oriented agents, and fully agentic frameworks 

capable of sustained autonomous activity. In doing so, they 

begin to outline the conceptual foundations for autonomous 

research engines [2]. 

An interesting development within this area is the emer- 

gence of multi-agent frameworks. Instead of relying on one 

large system to perform every task, several specialized agents 

collaborate within a shared environment. One agent might fo- 

cus on retrieving documents, another on reasoning through evi- 

dence, while a third evaluates whether the conclusions actually 

make sense. Platforms such as AutoGen, MetaGPT, and Lang- 

Graph provide practical examples of how this coordination can 

work [4], [5], [14]. When agents divide responsibilities in this 

way, task decomposition becomes more manageable. Parallel 

exploration of multiple information sources also becomes pos- 

sible, which is especially valuable when dealing with complex 

research questions that require comparing evidence across 

many documents. Iterative refinement is another advantage, 

since agents can critique or revise each other’s outputs as the 

process unfolds [6]. 

Even with these promising developments, several challenges 

remain unresolved. Researchers frequently point to issues 

such as error propagation during multi-step reasoning, per- 

sistent hallucination problems, and the difficulty of evaluating 

systems that produce long chains of intermediate reasoning. 

Questions about transparency and ethical responsibility also 

arise when autonomous systems begin making decisions that 

are not fully interpretable to users [2], [3]. While many studies 

discuss the broader applications and social implications of 

agentic AI, frameworks specifically designed for deep research 

automation are still relatively uncommon [9]. 
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IV. SYSTEM ARCHITECTURE 

The proposed system architecture brings together reasoning, 

retrieval, planning, and verification within an agentic frame- 

work intended to support independent, goal-driven research. 

Rather than relying on the familiar linear structure used in 

conventional RAG pipelines, where information is simply 

retrieved and then used to generate a response, the architecture 

adopts a modular and layered design. This structure allows the 

research process to unfold iteratively. Intermediate findings can 

influence later stages, and the system can adapt its strategy as 

new information emerges [1], [2]. In contrast to the traditional 

retrieve–generate pattern, this approach attempts to make AI- 

assisted research more exploratory and adaptive. 

To support this behavior, the architecture is organized into 

four main layers: the Knowledge and Tool Layer, the Eval- 

uation and Feedback Layer, the Agent Orchestration Layer, 

and the User Interaction Layer. A layered abstraction like this 

may seem familiar from other areas of system design, but 

it also aligns with architectural patterns discussed in recent 

work on agentic and autonomous AI systems. Researchers 

increasingly argue that separating reasoning, planning, tool 

usage, and evaluation into distinct components makes it easier 

to build systems that remain flexible as they evolve [3], [9]. 

Research tasks first enter the system through the User 

Interaction Layer. Unlike conventional interfaces that expect 

short factual queries, this layer is designed to accept broader 

research objectives. A user might, for instance, ask the system 

to explore trends in reinforcement learning or analyze recent 

developments in medical imaging. The responsibility of this 

layer is to interpret such intentions and convert them into struc- 

tured goals that can guide the underlying agentic processes. 

By doing so, the interaction moves beyond simple question 

answering and begins to resemble the initiation of a research 

workflow [2]. 

At the core of the architecture lies the Agent Orchestration 

Layer. This layer coordinates a collection of specialized agents 

responsible for different aspects of the research process. Some 

agents focus on planning how the investigation should pro- 

ceed, others retrieve relevant sources, while additional agents 

handle reasoning, synthesis, or verification tasks. A central 

coordinator manages the overall execution flow by breaking 

large research goals into smaller subtasks and assigning them 

to the appropriate agents. These agents may operate sequen- 

tially when tasks depend on earlier results, or concurrently 

when multiple research directions can be explored in parallel. 

Another important feature at this level is the presence of mem- 

ory components that retain intermediate findings, contextual 

information, and previous decisions across multiple iterations. 

Such memory structures are widely regarded as essential for 

enabling sustained reasoning within agentic and multi-agent 

systems [4], [5]. 

The Knowledge and Tool Layer provides access to external 

resources that support deeper analysis. This includes web 

search interfaces, scholarly databases, document repositories, 

and various analytical tools. Through retrieval mechanisms, 

the system can dynamically gather relevant information rather 

than relying solely on a fixed internal knowledge base. At the 

same time, tool-calling capabilities allow agents to perform 

structured operations such as summarizing documents, com- 

paring evidence from multiple sources, extracting citations, 
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TABLE I 
SUMMARY OF LITERATURE REVIEW AND IDENTIFIED RESEARCH GAPS 

 

Sr. No. Research Paper Title (Year) Methodology Gap / Limitations 

1 AutoGen: Enabling Next-Gen 
LLM Applications via Multi- 
Agent Conversation (2023) [4] 

Task breakdown and cooperation are made 
possible via a multi-agent conversational 
framework. 

Inadequate self-verification and poor man- 
agement of contradicting data. 

2 MetaGPT: Meta Programming 
for Multi-Agent Collaborative 
Framework (2023) [5], [15] 

Coordinated role-based multi-agent soft- 
ware development framework. 

Lacks adaptive thinking and real-time in- 
formation discovery; depends on predeter- 
mined roles. 

3 ReAct: Synergizing Reasoning 
and Acting in Language Models 
(2023) [13] 

Improves job execution by combining tool 
usage with reasoning trails. 

There is little long-term planning and little 
overt multi-agent cooperation. 

4 Retrieval-Augmented 
Generation for Knowledge- 
Intensive NLP Tasks (2020) [1] 

Enables text creation by retrieving docu- 
ments from static vector databases. 

Lack of self-correction mechanisms, super- 
ficial thinking, and a static knowledge base. 

5 Agentic AI: Autonomous Intelli- 
gence for Complex Goals (2025) 
[3] 

An overview of planning, memory, and au- 
tonomy in agentic AI systems. 

Mostly conceptual; deep research chal- 
lenges need implementation-level valida- 
tion. 

6 Learning to Use Tools via Co- 
operative and Interactive Agents 
with Large Language Models 
(2024) [10] 

Through organized inter-agent communica- 
tion and action distillation, a cooperative 
multi-agent framework (ConAgents) with 
specialized agents for tool grounding, ex- 
ecution, and evaluation is made possible. 

High coordination complexity, higher com- 
puting overhead, and less assessment of 
RAG procedures and large-scale real-world 
research. 

7 AutoGPT: An Autonomous 
GPT-Based Agent (2023) [16] 

An autonomous agent framework that links 
memory, tool utilization, and LLM reason- 
ing to plan and carry out activities itera- 
tively in the direction of user-defined ob- 
jectives. 

Weak self-verification, unstable long- 
horizon behavior, and a dearth of organized 
multi-agent coordination and assessment 
benchmarks. 

8 LangGraph: Stateful Agentic 
Workflows (2024) [14] 

Graph-based framework for creating multi- 
agent, stateful workflows with clear control 
over execution flow and agent transitions. 

It is mostly an orchestration framework and 
does not deal with autonomous research 
assessment, retrieval optimization, or rea- 
soning quality. 

9 ReAct: Synergizing Reasoning 
and Acting in Language Models 
(2023) [13] 

Chain-of-thought reasoning and external 
tool interaction are combined in a single- 
agent setting using the thinking-and-acting 
paradigm. 

There is little long-term planning, no 
retrieval-grounded verification, and no ex- 
plicit multi-agent cooperation. 

10 MetaGPT: Meta Programming 
for Multi-Agent Collaborative 
Framework (2023) [12] 

This role-based multi-agent software devel- 
opment framework makes use of predefined 
agent roles and structured communication 
protocols. 

relies on static role definitions and processes 
rather than dynamic agent coordination, 
adaptive reasoning, or real-time knowledge 
retrieval. 

11 Self-Refine: Iterative Refinement 
with Large Language Models 
(2023) [6] 

Single-model iterative refinement method in 
which the LLM uses self-feedback loops 
to produce, evaluate, and enhance its own 
outputs. 

Limited scalability for intricate research 
workflows; single-agent configuration with- 
out retrieval grounding, tool integration, or 
multi-agent cooperation. 

12 A Collaborative Multi-Agent 
Approach to Retrieval- 
Augmented Generation Across 
Diverse Data Sources (2024) 
[11] 

Multi-agent RAG architecture with modular 
query execution that uses specialized agents 
for various data sources (relational, docu- 
ment, NoSQL). 

Limited self-reflection and autonomous 
planning; no unified agent orchestration or 
long-horizon thinking. 

13 Generative to Agentic AI: 
Survey, Conceptualization, and 
Challenges (2025) [2] 

With a focus on reasoning, planning, mem- 
ory, and interaction, this conceptual and 
comparative study examines the transition 
from generative AI to agentic AI. 

Mostly theoretical; neither executable archi- 
tectures nor empirical support for agentic 
research systems are suggested. 

14 Agentic AI in Education: State 
of the Art and Future Directions 
(2025) [17] 

Domain-specific survey that categorizes 
agentic AI systems according to their func- 
tions, autonomy, and uses in educational 
settings. 

The findings are not immediately applicable 
to general-purpose agentic RAG research 
engines; the application scope is restricted 
to schooling. 

15 Agentic AI: Autonomous Intel- 
ligence for Complex Goals—A 
Comprehensive Survey (2025) 
[18] 

Thorough examination of agentic AI ap- 
plications, planning methods, architectures, 
foundations, and ethical issues. 

Lacks implementation-level advice and 
benchmarking for multi-agent RAG sys- 
tems; instead, it focuses on taxonomy and 
principles. 

16 Agentic AI: A Comprehensive 
Survey of Technologies, Appli- 
cations, and Societal Implica- 
tions (2025) [9] 

Comprehensive analysis of agentic AI tech- 
nology, encompassing multi-agent coordi- 
nation, autonomy, reinforcement learning, 
and social effects. 

Does not specify an empirically verified 
agentic RAG pipeline or a single operational 
paradigm for deep research projects. 
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Fig. 3. Multi-Agent General Architecture 

 

 

or validating claims across references. Systems that combine 

reasoning with external tools tend to produce more grounded 

and informative outputs, particularly when working with large 

or complex information environments [13], [14]. 

Another important component is the Evaluation and Feed- 

back Layer, which introduces a mechanism for self-reflection 

within the research process. Outputs generated during earlier 

stages are assessed for consistency, relevance, and factual 

accuracy [19]. The results of this evaluation are then fed 

back into the orchestration process, allowing agents to revisit 

earlier steps, refine their analysis, or seek additional evidence 

if necessary. This iterative feedback loop acts as a form of 

self-correction, helping reduce hallucinated information and 

improving the reliability of generated research outputs. Similar 

strategies of reflective reasoning and iterative refinement have 

been explored in recent work on agentic and reasoning-based 

AI systems [6], [9]. 

Overall, the architecture emphasizes modularity, autonomy, 

and explainability. By combining agent-based coordination 

with retrieval, reasoning, and evaluation mechanisms, the sys- 

tem moves beyond the limitations of static or purely reactive 

research assistance tools. The broader intention is to enable 

AI-assisted research processes that are not only scalable but 

also capable of adapting and improving as the investigation 

unfolds [2], [3]. 

V. RESULTS AND ANALYSIS 

The performance of the proposed agentic research process 

can be better understood when placed beside more traditional 

Retrieval-Augmented Generation (RAG) systems. The com- 

Fig. 4. Multi-Agent Systems cycle 

 

 

parison here is not based on benchmark scores or tightly 

controlled numerical evaluations. Instead, the analysis focuses 

on observable behavioral differences, architectural advantages, 

and the qualitative nature of the outputs produced by each 

approach. In other words, the question is less about raw 

optimization and more about how the systems actually behave 

during research-oriented tasks [1], [2]. 

1. Research Depth and Quality of Outputs 

Traditional RAG systems often generate responses that re- 

main relatively surface-level. They typically retrieve a limited 

set of documents from a pre-indexed vector database and 

summarize the most relevant passages [1]. While this can work 

well for straightforward questions, the process rarely moves 

beyond summarization. An agentic research process, however, 

approaches the task differently. Instead of treating the problem 

as a single retrieval step, the system decomposes the research 

objective into smaller tasks handled by specialized agents. 

Planning agents outline the investigation, retrieval agents 

gather sources, and reasoning agents analyze the relationships 

between those sources. Verification components then examine 

whether the conclusions actually follow from the evidence. 

Through this layered interaction, the system becomes capable 

of comparing multiple documents, explaining contradictions 

between sources, and synthesizing nuanced ideas. The result- 

ing outputs tend to appear more structured and closer to what 

one might expect from a carefully written research summary, 

aligning with observations reported in recent studies on agentic 

and multi-agent AI systems [3], [9]. 

2. Information Freshness and Coverage 

Another limitation of conventional RAG pipelines is their 

reliance on pre-indexed knowledge stores. Once the vector 

database is built, the system typically retrieves only from that 

fixed collection. If the database is outdated or incomplete, 

the resulting answers reflect those limitations [1]. An agentic 

approach attempts to mitigate this problem through iterative 
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retrieval and autonomous information discovery. Rather than 

stopping after the first retrieval cycle, the system expands 

its search space as new leads appear during the reasoning 

process. A reference mentioned in one paper may trigger 

additional searches, which in turn introduce new sources 

into the analysis. This iterative exploration tends to broaden 

coverage and improve relevance, particularly in domains where 

information changes quickly, such as technology policy or 

financial analysis [2], [3]. 

3. Reduction of Hallucinations and Factual Errors 

Hallucinated information remains one of the more persis- 

tent challenges in generative AI systems [9]. In single-pass 

generation pipelines, once an incorrect assumption appears 

in the output, there is little opportunity for correction. An 

agentic framework addresses this problem through repeated 

verification cycles. Claims generated during reasoning stages 

can be cross-checked against multiple sources within a shared 

knowledge store. If inconsistencies appear, verification agents 

flag them and prompt the system to re-examine the evidence. 

This process resembles a simplified form of peer review within 

the architecture itself. Over several iterations, unsupported 

claims are more likely to be identified and revised, which 

reduces the frequency of fabricated details compared to one- 

shot generation methods [6], [13]. 

4. Reasoning Transparency and Traceability 

Another interesting difference concerns transparency. In 

many traditional RAG pipelines, the reasoning behind a final 

answer is largely hidden. The system retrieves documents, 

generates text, and presents the result with little explanation 

of how intermediate conclusions were reached [1]. An agentic 

architecture, by contrast, often records reasoning traces and 

confidence annotations within a shared knowledge structure. 

These traces capture intermediate decisions, evidence used 

during analysis, and the steps taken to arrive at a conclusion. 

The presence of such records makes it possible to review 

or audit the reasoning process afterward. From a research 

perspective, this traceability is valuable because it improves 

interpretability and allows users to understand how conclu- 

sions emerged from the available evidence [2]. 

5. Efficiency and Task Scalability 

At first glance, agentic systems may appear computationally 

heavier because they involve coordination between multiple 

agents. There is indeed some orchestration overhead. Yet when 

applied to complex, long-horizon research tasks, the overall 

workflow can become more efficient. Retrieval, reasoning, 

and verification processes can run in parallel rather than 

sequentially. Different agents may explore separate research 

directions at the same time, and their findings can later be 

combined. Compared with manual workflows or single-agent 

pipelines, this parallel exploration often shortens the time 

required to synthesize large volumes of information. Similar 

scalability advantages have been observed in recent multi- 

agent frameworks [4], [5]. 

6. Comparative Summary 

Taken together, these observations suggest that agentic 

research architectures offer several advantages over conven- 

tional RAG-based systems. Improvements appear particularly 

noticeable in areas such as research depth, factual reliability, 

adaptability, and reasoning transparency [2], [3]. Traditional 

RAG pipelines remain useful for quick factual queries or short 

informational summaries. However, when the objective shifts 

toward deeper research tasks that require reasoning, validation, 

and iterative refinement, agentic approaches begin to show 

clearer benefits. 

 

VI. CHALLENGES AND LIMITATIONS 

Agentic research engines offer several appealing advantages 

over conventional RAG-based systems, yet they also intro- 

duce a range of conceptual, operational, and technological 

challenges. Understanding these limitations is important, not 

simply as a critique, but as a way to realistically assess where 

such systems currently stand and where future improvements 

might be needed. The discussion around agentic AI often 

focuses on its potential, but the practical constraints are equally 

significant [2], [3]. 

1. System Complexity and Orchestration Overhead 

A noticeable challenge arises from the architectural com- 

plexity of multi-agent systems. Compared with a traditional 

RAG pipeline, which typically follows a straightforward 

retrieve-and-generate sequence, agentic architectures involve 

several interacting components [1]. Tasks must be decom- 

posed, agents must coordinate their activities, and communi- 

cation between agents has to be carefully managed. If this 

coordination is poorly designed, the system may fall into 

inefficient cycles such as repeated execution of the same steps 

or reasoning loops that do not converge. Researchers working 

on multi-agent frameworks have noted that such orchestration 

problems can significantly increase development effort and 

make debugging far more difficult than in simpler AI pipelines 

[4], [5]. 

2. Computational and Resource Cost 

Another concern relates to computational demands. Agentic 

systems often rely on iterative reasoning cycles and may 

run multiple agents simultaneously while exploring different 

lines of inquiry. This parallelism can improve the depth and 

quality of analysis, yet it also introduces higher computational 

overhead. Energy consumption, latency, and infrastructure 

costs tend to increase when compared with more lightweight 

retrieval-based systems [9]. In practice, these requirements 

may limit deployment in environments with restricted com- 

putational resources or in applications where rapid real-time 

responses are necessary [3]. 

3. Evaluation and Benchmarking Difficulties 

Evaluating agentic research systems remains an open prob- 

lem. Traditional metrics used in question-answering tasks, 

such as accuracy scores or BLEU-based comparisons, do not 

fully capture qualities like reasoning depth, evidence synthesis, 

or the ability to reconcile conflicting sources [2]. A system 

might generate a well-structured research summary while still 

scoring poorly on conventional benchmarks, or the opposite 

could occur. Because standardized evaluation frameworks for 
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agentic research workflows are still emerging, comparing re- 

sults across studies becomes challenging. This lack of common 

benchmarks also complicates efforts to reproduce experimental 

findings [9]. 

4. Error Propagation Across Agents 

Although verification mechanisms can reduce hallucina- 

tions, errors may still propagate through the system when mul- 

tiple agents are involved. If a retrieval agent gathers incomplete 

or biased information, the reasoning and synthesis agents that 

rely on that data may unknowingly incorporate those flaws into 

their conclusions. Once such assumptions enter the workflow, 

they can influence several later steps unless explicitly detected 

and corrected. For this reason, many researchers emphasize the 

need for stronger error isolation mechanisms and confidence- 

aware decision strategies within agentic pipelines [6], [13]. 

5. Trust, Transparency, and Explainability 

Transparency is another area where challenges remain. 

Some agentic architectures attempt to record reasoning traces 

or intermediate decisions, which helps users understand how 

certain conclusions were reached. Even so, explaining the 

behavior of large language model–driven agents remains dif- 

ficult. The internal reasoning processes of LLMs are often 

opaque, and the explanations produced by the system may 

themselves be approximations rather than precise reflections 

of the underlying computation. In research domains where 

decisions carry significant consequences, such as healthcare 

or financial analysis, this limited interpretability can raise 

concerns about reliability and accountability [2], [3]. 

6. Ethical and Governance Concerns 

The autonomy of agentic research systems also raises ethical 

questions. When systems independently retrieve, synthesize, 

and evaluate information, the reliability of their sources be- 

comes critical. Without proper safeguards, agents may priori- 

tize highly visible or persuasive content rather than carefully 

validated evidence [9]. Bias present in the training data or 

retrieval sources may also be amplified during synthesis. 

Moreover, excessive autonomy without appropriate human 

oversight introduces the possibility of misuse or unintended 

outcomes, especially when such systems are applied in sensi- 

tive decision-making contexts [2] [20]. 

7. Scope Limitations and Non-AGI Nature 

Finally, it is important to recognize that agentic research 

engines, despite exhibiting behaviors such as planning, reflec- 

tion, and iterative correction, remain fundamentally limited 

systems. They operate within predefined task boundaries and 

depend heavily on the tools, data sources, and models avail- 

able to them [3]. Although they may appear to demonstrate 

capabilities associated with broader artificial intelligence, they 

do not possess general reasoning ability, independent goal 

formation, or the kind of flexible common-sense understanding 

associated with artificial general intelligence [7]. In practice, 

their effectiveness is tied to well-defined research objectives 

and controlled environments rather than unrestricted problem 

solving. 

VII. FUTURE SCOPE & CONCLUSION 

This review explored the emerging idea of agentic re- 

search engines as a step forward from traditional Retrieval- 

Augmented Generation (RAG) systems. RAG architectures 

have certainly improved how information can be accessed and 

summarized by combining retrieval with language generation. 

That improvement is real. Yet the approach still carries some 

clear limitations. Many RAG systems rely on static knowl- 

edge bases and relatively shallow reasoning steps, and they 

often struggle to adapt when the information landscape shifts 

quickly. Because of this, their usefulness starts to fade when 

the task moves beyond simple question answering and into 

more demanding research work. Tasks that involve iterative 

exploration, comparison across multiple sources, or careful 

verification of conclusions often expose these weaknesses. 

Looking through recent literature, one can see why interest 

in agentic AI architectures has grown. These systems intro- 

duce autonomous workflows built around multiple specialized 

agents that cooperate during the research process. Instead of 

simply retrieving documents and summarizing them, such ar- 

chitectures include components responsible for planning tasks, 

gathering sources, reasoning through evidence, and verifying 

conclusions. Shared knowledge stores and feedback loops 

allow the system to revisit earlier steps and refine its outputs. 

In effect, the design begins to resemble the way a human 

researcher might approach a problem: gather evidence, recon- 

sider assumptions, and occasionally revise conclusions. That 

shift from passive retrieval toward active reasoning opens the 

possibility of deeper analysis, fresher information coverage, 

and clearer reasoning traces. Still, the approach is not without 

its difficulties. Questions around evaluation methods, compu- 

tational cost, scalability, and governance remain unresolved 

and deserve careful attention [2], [3]. 

Looking ahead, several research directions may further 

strengthen the capabilities of agentic research systems. 

1. Adaptive Agent Coordination and Task Decomposition 

One area that seems particularly promising concerns how 

agents coordinate their work. Current implementations often 

depend on predefined orchestration strategies. Those strategies 

work reasonably well for predictable tasks, although real 

research rarely follows such tidy patterns. Future systems 

might benefit from adaptive coordination mechanisms that 

can break down complex research questions into smaller 

subtasks on the fly. Learning-based orchestration strategies 

could allow systems to decide which agents should collaborate, 

how tasks should be sequenced, and how deeply a particular 

problem should be explored. In principle, this would allow the 

workflow itself to adjust depending on the complexity of the 

research objective [4], [5]. 

2. Real-Time Knowledge Acquisition from Live Web 

Sources 

Another direction involves strengthening access to real-time 

information. Many current research systems still rely on static 

document collections or pre-indexed databases. The problem is 

obvious. Knowledge in many fields changes quickly. Integrat- 

ing dynamic web retrieval mechanisms, continuous knowledge 
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updates, and stronger source validation processes could help 

ensure that research outputs reflect current developments rather 

than outdated snapshots of information. Such improvements 

may be especially important in fields like technology policy, 

economics, or biomedical research, where new findings appear 

regularly [2], [9]. 

3. Deeper Document Intelligence for Research Materials 

Research documents themselves introduce another chal- 

lenge. Academic papers, technical reports, and policy doc- 

uments are rarely simple blocks of text. They contain fig- 

ures, tables, equations, and terminology that can confuse 

basic text-processing systems. Advancing document intelli- 

gence therefore remains an important direction. Systems that 

develop stronger semantic understanding of PDFs and tech- 

nical manuscripts could extract structured insights, identify 

relationships across sections, and connect ideas across multiple 

documents. With such capabilities, agentic systems might 

move beyond simple summarization toward genuine synthesis 

of research knowledge [2]. 

4. Multi-Source Reasoning and Conflict Detection 

Another promising direction involves improving how sys- 

tems handle disagreement between sources. Anyone who has 

spent time reading research papers knows that studies often 

contradict one another. Different datasets, assumptions, or 

experimental setups can lead to competing conclusions. Future 

agentic systems could incorporate mechanisms that detect such 

contradictions, compare supporting evidence, and assess the 

credibility of competing claims. Rather than simply aggre- 

gating information, the system would analyze disagreements 

and explain why they occur. That sort of analytical behavior 

would bring AI-assisted research a little closer to the reasoning 

process of human scholars [2], [3]. 

5. Iterative Self-Verification and Hallucination Reduction 

Reducing hallucinated information continues to be one of 

the more persistent challenges in large language model–based 

systems. Retrieval improves factual grounding, yet incorrect 

claims can still appear. Future work may therefore emphasize 

stronger verification loops. In such workflows, agents repeat- 

edly compare generated conclusions with retrieved evidence 

and refine their reasoning when inconsistencies appear. Self- 

correcting reasoning modules and verification agents could 

gradually improve factual accuracy and strengthen trust in AI- 

assisted research tools [3], [9]. 

6. Automated Research Report and Paper Generation 

Another interesting direction involves the generation of 

structured research documents. Producing short summaries is 

relatively straightforward, but writing a coherent research- 

style report is far more demanding. Future architectures may 

focus on organizing arguments logically, synthesizing evidence 

from multiple sources, and acknowledging uncertainty when 

conclusions remain tentative. If done well, such systems could 

assist researchers not only in gathering information but also 

in drafting literature reviews and analytical reports that follow 

recognizable academic structures [2], [9]. 

7. Ethical Governance and Source Reliability Mechanisms 

As these systems become more autonomous, questions of 

governance become harder to ignore. Autonomous research 

engines must evaluate the credibility of the sources they 

rely on. Future systems might incorporate credibility scoring 

for information sources, mechanisms for detecting bias, and 

policy-aware reasoning modules that flag potentially unreliable 

or misleading material. Such safeguards will be necessary if 

AI-assisted research tools are to remain trustworthy rather than 

becoming amplifiers of misinformation [2], [9]. 

In summary, agentic research engines suggest an interesting 

shift in how AI may support research activities. They move 

the focus away from passive information retrieval and toward 

more active forms of knowledge synthesis. Continued progress 

in adaptive coordination, real-time retrieval, document intelli- 

gence, verification mechanisms, and ethical governance will 

likely determine whether these systems mature into reliable 

research assistants capable of supporting complex knowledge 

discovery tasks. 
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