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Abstract—This paper presents the implementation and 

experimental evaluation of DeepRAG, a multi-agent 

Retrieval-Augmented Generation (RAG) frame-work 

designed for autonomous and verifiable research 

synthesis. Building upon a previously proposed con-

ceptual architecture, this work details the systematic 

transformation of DeepRAG into a fully functional 

system, integrating Autogen for multi-agent orches-

tration, ChromaDB for semantic vector retrieval, Ser-

pAPI for curated web search, Crawl4AI for structured 

web scraping, and Azure OpenAI for language model-

backed synthesis and embedding generation. 

The implemented system introduces a parallel sec-tion 

drafting mechanism coordinated by multiple anal-ysis 

agents operating concurrently. An automated Quality 

Evaluation Module validates each generated section 

against predefined criteria of coherence, rele-vance, and 

citation completeness prior to its inclusion in the final 

output. A knowledge base reuse mecha-nism leverages 

historical query analysis to minimise redundant 

retrieval operations and accelerate response generation 

for related research tasks. 

Experimental results from representative evaluation runs 

demonstrate that the system successfully gener-ates 

structured, multi-section research reports contain-ing an 

average of 12 sections, drawing on 18 unique web sources 

processed into 53 indexed knowledge chunks. The 

scraping module achieved a success rate of ap-

proximately 67%, with residual failures compensated 

by redundant source selection. The parallel agent ar-

chitecture and validation-driven pipeline collectively 

improved both efficiency and output reliability. These 

findings validate the feasibility of deploying coordi-

nated multi-agent RAG systems for real-world research 

automation and underscore the practical advantages of 

parallelization, citation traceability, and validation-

driven synthesis. 

 

Index Terms—Multi-agent systems, Retrieval-

Augmented Generation, Autonomous research 

synthesis, ChromaDB, Agent orchestration, Parallel 

processing, Citation validation, Azure OpenAI, 

Crawl4AI, SerpAPI. 

 

I. INTRODUCTION 

 

The exponential growth of digital information has 

fun-damentally transformed the landscape of 

academic and industrial research. Researchers are 

required to process large volumes of heterogeneous, 

rapidly evolving data drawn from journals, preprint 

repositories, technical blogs, and open-access web 

resources in order to extract mean-ingful and timely 

insights. While Large Language Models (LLMs) have 

demonstrated remarkable capabilities in gen-erating 

fluent and contextually coherent text, they remain 

susceptible to critical limitations including 

hallucination, factual inaccuracies, and the absence of 

verifiable source attribution [1]. These shortcomings 

substantially constrain 

their utility in research-oriented workflows where 

accuracy and traceability are essential requirements. 

 

Retrieval-Augmented Generation (RAG) has 

emerged as a principled paradigm to partially address 

these lim-itations by combining external knowledge 

retrieval with generative language models [1]. By 

grounding model re-sponses in retrieved documents, 

RAG systems improve factual accuracy and 

contextual relevance. However, the predominant 

RAG implementations follow linear, single-agent 

pipelines that lack dynamic coordination, adap-tive 

reasoning, and structured validation mechanisms. In 

research-oriented applications, the demands extend 

con-siderably beyond simple retrieval and generation: 
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effective research synthesis requires multi-step 

reasoning, citation consistency, source credibility 

assessment, and structured report generation in formats 

suitable for academic dissem-ination. 

Traditional RAG architectures are not designed to 

han-dle such complex, multi-stage workflows. They 

are limited in scalability and reliability when 

confronted with research tasks that span multiple 

domains, require real-time data acquisition from live 

web sources, or mandate systematic cross-verification 

of retrieved content. The shortcomings of these 

systems motivated the prior conceptual proposal of 

the DeepRAG framework—a modular, multi-agent 

ar-chitecture designed to support coordinated and 

verifiable research synthesis [10]. 

This paper extends that conceptual work by 

presenting a complete, functional implementation of 

DeepRAG. The implemented system integrates 

multiple specialized agents responsible for query 

planning, semantic retrieval, web scraping, content 

analysis, quality validation, and struc-tured report 

generation. It introduces a parallel processing 

architecture in which multiple analysis agents operate 

con-currently on independent sections of the research 

report, significantly reducing end-to-end execution time 

compared to traditional sequential pipelines. A 

validation-driven synthesis workflow ensures that 

each generated section satisfies predefined quality 

criteria before inclusion in the final report. 

Furthermore, the system incorporates a knowledge 

base reuse mechanism that analyzes historical queries 

to iden-tify overlapping information requirements, 

thereby reduc-ing redundant retrieval operations and 

improving consis-tency across related research 

outputs. The integration of Azure OpenAI models 

[11] provides high-quality embed-dings and language 

generation capabilities, while SerpAPI 

[12] and Crawl4AI [5] collectively enable real-time, 

struc-tured access to current web-based knowledge. 

The primary contributions of this paper are as 

follows: 

• A complete, functional implementation of the 

Deep-RAG multi-agent architecture, integrating 

Autogen, ChromaDB, SerpAPI, Crawl4AI, and 

Azure OpenAI into a unified research synthesis 

pipeline. 

• A parallel section generation pipeline in which 

mul-tiple analysis agents operate concurrently, 

reducing overall report generation time compared to 

sequential alternatives. 

• A validation-driven synthesis mechanism 

incorporat-ing an automated Quality Evaluation 

Module that as-sesses coherence, relevance, and 

citation completeness for each generated section. 

• A knowledge base reuse system that leverages 

histor-ical query analysis to minimise redundant 

retrieval and improve cross-query consistency. 

• Experimental evaluation demonstrating system per-

formance and reliability across representative research 

queries, including quantitative metrics for retrieval 

coverage, agent efficiency, and report quality. 

 

II. RELATED WORK 

 

Retrieval-Augmented Generation (RAG) has become 

a widely adopted paradigm for improving the factual 

grounding of language models in knowledge-

intensive tasks. The foundational work of Lewis et al. 

[1] demon-strated that combining dense retrieval 

mechanisms with sequence-to-sequence generative 

models significantly en-hances performance 

compared to purely parametric ap-proaches. Since 

then, RAG has been extended and refined across a 

range of architectures, retrieval granularities, and 

application domains. 

 

A. Modular RAG Frameworks 

Frameworks such as LangChain [2] and LlamaIndex 

[3] have provided developers with modular building 

blocks for constructing RAG pipelines. LangChain 

offers ab-stractions for document loading, embedding 

generation, retrieval, and memory management, 

enabling rapid pro-totyping of RAG-based 

applications. LlamaIndex extends these capabilities 

with efficient indexing structures tai-lored for large 

document collections, facilitating semantic search 

over structured and unstructured data. However, both 

frameworks rely primarily on sequential processing 

architectures and do not incorporate advanced multi-

agent coordination mechanisms or systematic validation 

of retrieved content. Their output formats are also 

primarily textual, lacking support for structured, 

citation-annotated report generation. 

 

B. Multi-Agent Systems and Autogen 

Recent advances in agent-based artificial intelligence 

have introduced the concept of multi-agent 
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collaboration for complex reasoning tasks. Autogen 

[4], developed by Microsoft Research, provides a 

framework for building conversational multi-agent 

systems in which specialized agents interact, 

coordinate tasks, and engage in structured dialogue to 

accomplish shared objectives. Autogen has 

demonstrated effectiveness in code generation, 

debugging, and complex problem-solving workflows. 

However, it does not natively integrate retrieval-based 

knowledge grounding or citation-aware validation, 

which are critical require-ments for research synthesis 

applications. DeepRAG builds upon Autogen’s 

orchestration capabilities while extending them with 

retrieval, scraping, and validation components. 

 

C. Web Data Acquisition 

Web-based information retrieval has evolved signifi-

cantly beyond traditional HTML parsing and 

keyword matching. Tools such as Crawl4AI [5] 

apply struc-tured crawling and AI-based semantic 

filtering to ex-tract domain-relevant, contextually 

coherent web content. This approach produces cleaner 

and more relevant data compared to legacy scraping 

methods, reducing noise in downstream processing 

stages. SerpAPI [12] provides a programmatic 

interface to curated search engine results, enabling 

structured access to high-quality web sources without 

the unpredictability of direct crawling. However, 

ensuring source credibility, citation consistency, and 

trace-ability of extracted web content remains an open 

challenge in existing systems. 

 

D. Vector Databases for Semantic Retrieval 

Vector databases have become integral components 

of modern RAG architectures, enabling efficient 

similarity-based retrieval over large document 

collections. Chro-maDB [6] provides an open-source, 

lightweight vector store with support for embedding 

storage, semantic search, and persistent retrieval. It 

integrates seamlessly with transformer-based 

embedding models [7] and offers effi-cient indexing 

structures suitable for real-time retrieval workloads. 

In the DeepRAG implementation, ChromaDB serves 

as the primary knowledge store for processed web 

content, enabling the Retriever Agent to identify 

semanti-cally relevant passages across previously 

crawled sources. 

 

E. Research Gaps 

Despite these advances, a significant gap exists in the 

literature: no existing framework integrates multi-

agent orchestration, real-time web retrieval, 

automated citation validation, parallel synthesis, and 

structured report gen-eration into a single, cohesive 

pipeline. LangChain and LlamaIndex address 

retrieval but lack multi-agent coor-dination and 

validation. Autogen supports agent collab-oration but 

does not integrate retrieval or citation man-agement. 

Crawl4AI and SerpAPI provide data acquisition 

capabilities but require external integration with 

synthesis and validation layers. The DeepRAG 

implementation ad-dresses this gap by combining 

these complementary tech-nologies into a unified, 

end-to-end research automation framework. 

 

III. SYSTEM ARCHITECTURE 

 

The DeepRAG system is structured as a layered 

multi-agent framework in which each component is 

responsible for a specific, well-defined stage of the 

research synthesis pipeline. The architecture is 

designed to support both sequential and parallel 

execution paths, enabling adaptive and efficient 

processing of diverse research queries. The layered 

design ensures modularity, facilitating independent 

testing, targeted optimization, and future extensibility 

of individual components. 

The architecture consists of the following primary 

lay-ers: 

• User Interaction Layer: Handles query input, 

progress monitoring, and report delivery through a 

lightweight web interface. 

• Planning Layer: Decomposes the research query 

into structured sub-tasks and determines the optimal 

execution strategy based on query complexity and 

knowledge base coverage. 

• Retrieval Layer: Performs semantic similarity 

search using ChromaDB to identify relevant 

passages from previously indexed knowledge. 

• Data Acquisition Layer: Employs SerpAPI and 

Crawl4AI to gather real-time web content when in-

ternal knowledge coverage is insufficient. 

• Processing Layer: Coordinates multiple analysis 

agents operating in parallel for section generation, 

with a Quality Evaluation Module providing auto-

mated validation. 

• Output Layer: Produces a structured, citation-
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annotated research report in PDF format. 

The interaction between agents in the DeepRAG 

system is coordinated dynamically by the Planner 

Agent, which serves as the central orchestration 

point. Based on the complexity and domain of the 

incoming query, the Planner determines whether 

internal retrieval, live web scraping, or both should be 

invoked. It constructs a dependency graph of subtasks, 

assigns each to the appropriate agent, and monitors 

execution progress. 

The system supports both sequential and parallel exe-

cution paths. Sequential execution is used for tasks 

with strict data dependencies, such as quality 

validation, which must follow content generation. 

Parallel execution is em-ployed for independent report 

sections, which can be gen-erated concurrently by 

multiple analysis agents without blocking each other. 

 

IV. SYSTEM IMPLEMENTATION 

 

The DeepRAG system is implemented as a modular 

multi-agent architecture designed to support scalable 

and autonomous research synthesis. The 

implementation fol-lows the layered design specified 

in the conceptual frame-work and translates each 

architectural component into concrete, operational 

modules integrated through the Au-togen 

orchestration layer. Fig. 2 provides an overview of 

the implemented system. 

 

A. Planning Agent 

The Planning Agent serves as the entry point and 

orchestration controller for the DeepRAG pipeline. 

Upon receiving a user query, it analyzes the query to 

identify the primary research domain, key concepts, 

and information requirements. It then decomposes the 

query into a struc-tured set of sub-tasks, including 

search query generation, 

 

 

Fig. 1. Agent interaction and execution flow in 

DeepRAG, illustrat-ing coordination between the 

Planner, Retriever, Scraper, Citation Manager, 

Analysis Agents, Quality Evaluation Module, and 

Report Generator. 

 
Fig. 2. Overall architecture of the DeepRAG 

system showing multi-agent orchestration, data 

flow, and integration with external services 

including SerpAPI, Crawl4AI, ChromaDB, and 

Azure OpenAI. 

 

retrieval directives, and section drafting assignments. 

The planning output includes a dependency graph 

specifying execution order and parallelization 

opportunities, as well as retry policies for fault-

tolerant operation. 

The agent generates between three and six targeted 

search queries per user query, optimized for SerpAPI 

retrieval. It also evaluates the internal knowledge 

base to determine whether existing embeddings in 

ChromaDB provide sufficient coverage for the query, 

invoking the Scraping Module only when a coverage 

gap is detected. 

 

B. Search Module 

The Search Module interfaces with SerpAPI to 

retrieve curated lists of web sources relevant to the 

generated search queries. SerpAPI provides 

structured access to search engine results, returning 

source URLs, titles, and snippets that serve as seed 

inputs for the Scraping Mod-ule. For each planning 

cycle, the Search Module issues the generated queries 

and aggregates the resulting source lists. Duplicate 

URLs and sources previously indexed in ChromaDB 

are filtered out at this stage, ensuring that the 

Scraping Module processes only novel content. 
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C. Scraping Module 

The Scraping Module employs Crawl4AI [5] to 

extract structured content from candidate web pages. 

Crawl4AI applies AI-based parsing and semantic 

filtering to produce clean, contextually coherent text 

passages from target URLs, handling diverse page 

structures including news articles, academic preprints, 

technical documentation, and blog posts. In a 

representative evaluation run, the Scraping Module 

achieved an approximate success rate of 67%. 

Failures were primarily attributable to dynamically 

ren-dered JavaScript content, anti-scraping 

protections, and temporarily inaccessible pages. 

 

D. Vector Storage and Retrieval 

Processed web content is chunked into passages of 

approximately 512 tokens and embedded using Azure 

OpenAI embedding models [11]. The resulting 

embeddings are stored in ChromaDB [6] alongside 

metadata including source URL, retrieval timestamp, 

and domain classifica-tion. In a representative run, 18 

unique web sources were processed into 53 indexed 

knowledge chunks. 

The Retriever Agent queries ChromaDB using cosine 

similarity search to identify the most semantically 

relevant passages for each report section. Retrieval 

uses a default top-k setting of k = 10 passages per 

section, providing sufficient context for each 

Analysis Agent while avoiding information overload. 

 

E. Analysis Agents and Parallel Section 

Generation 

Section generation is performed by multiple Analysis 

Agents operating in parallel, each responsible for 

drafting a distinct subset of the report’s sections. In 

the evaluated implementation, three Analysis Agents 

operated concur-rently, collectively generating 12 

structured sections. Each agent receives a dedicated set 

of relevant knowledge chunks from the Retriever and 

synthesizes coherent, citation-annotated prose using 

Azure OpenAI language model calls. 

The parallel execution model significantly reduces 

total processing time compared to sequential section 

generation. The Autogen orchestration layer manages 

agent initial-ization, task assignment, inter-agent 

communication, and result aggregation, ensuring that 

section outputs are con-sistent in format and citation 

style. 

F. Quality Evaluation Module 

Each section generated by an Analysis Agent is sub-

mitted to the Quality Evaluation Module before 

inclu-sion in the final report. The module evaluates 

sections against three predefined criteria: coherence 

(logical flow and grammatical consistency), 

relevance (alignment with the query and section 

topic), and citation completeness (presence of 

adequate inline citations traceable to indexed sources). 

Sections failing any criterion are flagged for targeted 

refinement, with specific feedback provided to the 

generating agent. 

In the evaluated runs, all 12 generated sections met 

the predefined quality thresholds on the first 

evaluation pass, resulting in a zero-re-generation rate. 

 

G. Report Generator 

The Report Generator compiles validated section out-

puts into a structured PDF document. The generator 

for-mats the document according to a configurable 

template that includes a title section, structured body 

sections with inline citation markers, a consolidated 

reference list, and metadata such as generation 

timestamp and source count. 

 

H. Data Persistence 

Data persistence in the implemented system uses a 

lightweight, deployment-friendly approach. SQLite is 

em-ployed for user management and session state, 

storing query histories and user preferences. JSON 

files store query history and knowledge reuse 

metadata, enabling the knowledge base reuse 

mechanism to identify overlapping information 

requirements across related queries. Chro-maDB 

provides persistent vector storage for embeddings, 

ensuring that previously processed knowledge 

remains available for future queries. 

 

I. Knowledge Base Reuse Mechanism 

The knowledge base reuse mechanism improves 

system efficiency for repeated or related queries by 

leveraging previously indexed embeddings in 

ChromaDB. When a new query is received, the 

Planning Agent computes a semantic similarity score 

between the incoming query and a stored index of 

historical queries. If the similarity exceeds a 

configurable threshold, the Planner suppresses or 

limits web scraping and directs the Retriever to 
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serve the new query from existing ChromaDB 

content. This mechanism reduces redundant network 

requests, accelerates response times for familiar 

research topics, and improves cross-query 

consistency by reusing validated, previously pro-

cessed knowledge. 

 

V. FORMAL SYSTEM REPRESENTATION 

 

The DeepRAG pipeline can be formally represented 

as a composed function mapping a user query 

through suc-cessive transformation stages to produce 

a final research report. Let Q denote the user query. 

The pipeline is defined as: 

 

Q → P (Q) → S(P ) → D(S) → A(D) → 

R(A) (1) 

where P (Q) denotes the planning output produced by 

the Planner Agent; S(P ) denotes the set of 

retrieved web sources and ChromaDB passages; D(S) 

denotes the extracted and embedded document 

corpus; A(D) denotes the set of generated section 

analyses; and R(A) denotes 

 

 
Fig. 3. Workflow of the DeepRAG pipeline 

illustrating query pro-cessing, data retrieval, 

parallel section generation, quality validation, and 

report synthesis. 

 

the final structured research report compiled from the 

validated analysis set. 

The parallel section generation step is formally repre-

sented as the union of independently generated 

section analyses: 

 

A(D) = A1(D) ∪ A2(D) ∪ · · · ∪ An(D)              (2) 

where each Ai(D) represents the output of the i-th 

Analy-sis Agent operating on a dedicated subset of the 

document corpus D. Quality validation is applied 

element-wise to each Ai(D) before inclusion in the 

union, ensuring that R(A) contains only validated, 

citation-complete content. 

The knowledge base reuse condition is expressed as a 

binary routing decision: 

 
 

where sim(Q, Qhist) is the maximum cosine similarity 

between the incoming query Q and the set of 

historical queries Qhist, and θ is a configurable 

similarity threshold. The operational workflow is 

illustrated in Fig. 3. 

 

VI. RESULTS AND ANALYSIS 

 

The DeepRAG system was evaluated using 

representa-tive research queries to assess its 

performance across mul-tiple dimensions: retrieval 

effectiveness, synthesis quality, computational 

efficiency, and agent coordination reliabil-ity. 

 

A. Report Generation Performance 

In a representative evaluation run, the system generated 

a complete research report consisting of 12 structured 

sec-tions. These sections covered distinct aspects of 

the query topic, ranging from background and 

literature context to technical methodology and 

future directions. The report 

was synthesized from 18 unique web sources, which 

were processed and converted into 53 indexed 

knowledge chunks stored within the ChromaDB vector 

database. 

 

B. Retrieval and Scraping Effectiveness 

The scraping module achieved an approximate 

success rate of 67% across attempted source URLs. 

Failures were primarily attributable to three 

categories: dynamically rendered JavaScript content, 

anti-scraping rate limiting, and temporarily 

inaccessible pages. Despite these limita-tions, the 

system maintained sufficient knowledge coverage 

through source redundancy. 
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C. Parallel Processing Efficiency 

Three Analysis Agents operated concurrently in the 

evaluated configuration, each responsible for 

generating a subset of the 12 report sections. This 

parallelization reduces total synthesis time by 

approximately 60% com-pared to an equivalent 

sequential pipeline. The Autogen orchestration layer 

introduced minimal coordination over-head, accounting 

for less than 5% of total end-to-end execution time. 

 

D. Quality Evaluation Outcomes 

The Quality Evaluation Module assessed all 12 

gener-ated sections against three criteria: coherence, 

relevance, and citation completeness. All sections 

satisfied the pre-defined quality thresholds on the 

initial evaluation pass, resulting in a zero-re-

generation rate in the evaluated run. 

 

E. System Performance Summary 

Table I summarises the key performance metrics ob-

served in the representative evaluation run. 

 

TABLE I SUMMARY OF KEY PERFORMANCE 

METRICS FOR THE DEEPRAG EVALUATED RUN 

 

Metric Value / 

Outcome 

Report sections generated 12 

Unique web sources retrieved 18 

ChromaDB knowledge chunks 

indexed 

53 

Scraping module success rate ≈67% 

Sections passing quality eval (1st 

pass) 

12 / 12 (100%) 

Re-generation rate 0% 

Concurrent analysis agents 3 

Synthesis time reduction (parallel 

vs. seq.) 

≈60% 

Coordination overhead (% of total 

runtime) 

<5% 

 

VII. DISCUSSION 

 

A. Effectiveness of Parallel Processing 

One of the most significant findings is the effective-

ness of the parallel section generation architecture. 

By decomposing report generation across multiple 

concur-rently operating Analysis Agents, the system 

achieves near-linear throughput scaling with respect to 

agent count. 

 
Fig. 4. Sample output generated by DeepRAG 

showing structured sections, citations, and 

synthesized research content. 

 

 
Fig. 5. User interface of the DeepRAG system 

showing query input, execution flow monitoring, and 

generated outputs. 

 

The Autogen framework’s message-passing 

architecture facilitates smooth inter-agent 

coordination with minimal overhead, demonstrating 

the practical viability of multi-agent parallelization 

for document synthesis tasks. 
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B. Validation-Driven Workflow Benefits 

The validation-driven synthesis workflow, anchored 

by the Quality Evaluation Module, provides a 

systematic and automated mechanism for ensuring 

output reliabil-ity. Rather than relying solely on the 

generative model’s intrinsic quality, the module 

enforces explicit, measurable 

criteria that each section must satisfy before inclusion 

in the final report. The zero-re-generation rate 

observed in the evaluated run suggests that the 

combination of se-mantically retrieved, citation-

anchored input context and structured quality 

validation is highly effective in steering generation 

toward reliable outputs. 

 

C. Hybrid Retrieval and Web Integration 

The integration of both vector-based semantic 

retrieval and real-time web scraping provides a 

hybrid knowledge acquisition strategy that balances 

currency and consis-tency. Vector retrieval from 

ChromaDB offers fast, repro-ducible access to 

previously validated knowledge, while live web 

scraping via SerpAPI and Crawl4AI provides access 

to the most current information unavailable in the 

static knowledge base. 

 

D. Lightweight Deployment Strategy 

The implementation’s use of SQLite and JSON files 

for session and query persistence demonstrates that 

complex research automation systems can be 

deployed without requiring heavy infrastructure. This 

design choice substan-tially reduces the barrier to 

adoption, enabling researchers and organizations with 

limited technical infrastructure to deploy and operate 

DeepRAG. 

. 

E. Implications for AI-Assisted Research 

The experimental results collectively validate the 

feasi-bility of deploying coordinated multi-agent 

RAG systems for real-world research automation. The 

system produces outputs that are not merely text-

based responses but structured, citation-annotated 

research artifacts directly usable in academic and 

professional contexts. These find-ings suggest that 

multi-agent architectures with integrated validation 

represent a meaningful advancement over exist-ing 

RAG frameworks for research-oriented applications. 

 

VIII. COMPARISON WITH EXISTING 

FRAMEWORKS 

 

DeepRAG extends substantially beyond 

traditional RAG frameworks such as LangChain [2] 

and LlamaIndex [3]. Table II provides a detailed 

feature-level comparison. The comparison highlights 

several dimensions in which DeepRAG provides 

meaningful advances. The parallel sec-tion generation 

capability is unique to DeepRAG among the 

compared frameworks. The automated Quality Eval-

uation Module and the dedicated Citation Manager 

rep-resent explicit architectural commitments to output 

relia-bility and traceability absent from general-

purpose RAG and agent frameworks. 

 

IX. LIMITATIONS 

 

A. External API Dependencies 

The system relies on external APIs including 

SerpAPI, Azure OpenAI, and Crawl4AI. These 

dependencies intro-duce potential challenges related 

to latency variability, operational costs, and service 

availability. API rate lim-its may constrain throughput 

in high-volume deployment scenarios. 

 

B. Scraping Module Limitations 

The Scraping Module is constrained by website struc-

tures and access policies. Dynamic content rendered 

by JavaScript frameworks, anti-scraping rate limiting, 

and subscription-based paywalls reduce effective 

coverage. The 67% success rate indicates that 

approximately one-third of candidate sources are 

inaccessible in a typical run. 

 

C. Unimodal Text Focus 

he current implementation is limited to text-based 

knowledge acquisition and synthesis. Scientific 

research outputs frequently present key findings in 

figures, tables, charts, and images that cannot be 

processed by the exist-ing pipeline. 

 

D. Single-User and Monolingual Constraints 

he current implementation does not support collab-

orative multi-user workflows and primarily operates 

on English-language sources, limiting its applicability 

in mul-tilingual research environments. 
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E. Evaluation Scope 

he experimental evaluation presented in this paper is 

based on representative test runs rather than a large-

scale systematic benchmark against standardized 

datasets. Future work should conduct formal 

comparative evalua-tions against LangChain and 

LlamaIndex baselines using standardized retrieval 

and synthesis metrics. 

 

X. CONCLUSION 

 

This paper presented the complete implementation 

and experimental evaluation of DeepRAG, a 

multi-agent Retrieval-Augmented Generation 

framework for au-tonomous and verifiable research 

synthesis. The system successfully transforms the 

conceptual DeepRAG archi-tecture into a functional, 

end-to-end pipeline capable of generating structured, 

citation-annotated research reports from live web 

knowledge and persistently indexed vector 

embeddings. 

The implementation demonstrates several key technical 

contributions. The parallel section generation 

architecture, coordinated by Autogen across three 

concurrently operat-ing Analysis Agents, achieves 

approximately 60% reduc-tion in synthesis time 

compared to sequential pipelines. The automated 

Quality Evaluation Module ensures output reliability 

through explicit, measurable validation criteria 

applied to each generated section, achieving a 100% 

pass rate in the evaluated run. The knowledge base 

reuse mech-anism improves efficiency for related 

queries by directing retrieval to previously validated 

ChromaDB content. 

The principal contributions of this work are: a 

complete, operational implementation of the 

DeepRAG multi-agent architecture; a demonstrated 

parallel synthesis pipeline with quantified efficiency 

gains; a validation-driven work-flow with automated 

quality assurance; a knowledge base 

 

TABLE II FEATURE COMPARISON OF DEEPRAG AGAINST EXISTING RETRIEVAL AND AGENT FRAMEWORKS 

 

Feature / Capability LangChain LlamaIndex Autogen DeepRAG 

Multi-agent orchestration No No Yes Yes 

Parallel section generation No No No Yes 

Real-time web retrieval Limited/Custom No No Yes (SerpAPI + Crawl4AI) 

Automated quality validation No No No Yes (QE Module) 

Citation validation & tracing No No No Yes (Citation Mgr.) 

Knowledge base reuse Partial Partial No Yes 

Structured PDF report output No No No Yes 

Fault tolerance & retry Limited Limited Limited Yes (Planner) 

Lightweight deployment Yes Yes Yes Yes (SQLite + JSON) 

 

reuse mechanism for cross-query efficiency; and 

experi-mental evidence validating the system’s 

capabilities in representative research synthesis 

scenarios. 

Future work will address the identified limitations. 

Planned extensions include support for multimodal 

knowl-edge acquisition integrating OCR and 

vision-language models; multilingual retrieval and 

synthesis capabilities; collaborative multi-user 

workflows; and formal large-scale benchmarking 

against standardized evaluation datasets. Cloud-

native deployment with Kubernetes-based horizon-tal 

scaling will be pursued to support concurrent multi-

user sessions and research-as-a-service deployment 

models. DeepRAG provides a strong, extensible 

foundation for future advancements in AI-powered 

research automation. The combination of structured 

multi-agent orchestration, hybrid knowledge 

acquisition, automated validation, and citation-first 

synthesis establishes a practical pathway to-ward 

autonomous research assistants that balance effi- 

ciency, reliability, and factual traceability. 

 

XI. ETHICAL CONSIDERATIONS AND RESPONSIBLE 

DEPLOYMENT 

The DeepRAG implementation incorporates explicit 

safeguards for ethical data use and responsible AI de-

ployment. Web data acquisition via Crawl4AI and 
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Ser-pAPI is conducted in compliance with applicable 

usage policies and robots.txt directives. The system 

does not attempt to bypass paywall-protected or 

access-restricted content, and all retrieved sources are 

explicitly tracked with provenance metadata to 

support transparency and reproducibility. 

The Citation Manager component enforces source 

trace-ability throughout the synthesis pipeline, 

ensuring that all claims in generated reports are 

grounded in verifiable, accessible sources. For high-

stakes research domains such as medical, legal, or 

policy analysis, the system is designed to function as a 

decision-support tool subject to human expert review, 

rather than as an autonomous decision-making 

authority. 

User session data and query histories stored in the 

lightweight persistence layer are intended to be 

handled in accordance with applicable data protection 

guidelines. Personally identifiable information 

collected during user studies should be anonymized 

and stored securely. Future deployments should 

incorporate explicit data retention policies and user 

consent mechanisms where applicable. 
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