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Abstract—The exponential growth of academic literature
challenges researchers in information discovery and
knowledge syn- thesis. This paper presents Second Mind
Al a novel multi-agent framework that functions as an
intelligent research assistant using Retrieval-Augmented
Generation (RAG). The system combines Large
Language Models with real-time data from the Semantic
Scholar API through a unique two-phase iterative
refinement mechanism. Our empirical evaluation against
manual search and general- purpose LLMs shows that
Second Mind Al reduces literature search time by 5.4
times (28.2 vs 152.5 seconds) while eliminating source
hallucination entirely. The system maintains high
relevance scores (4.3/5.0) with zero fabricated citations,
validating its effectiveness for reliable academic research
workflows.

Index Terms—Academic Research Assistant, Iterative
Refinement, Large Language Models, Multi-Agent
Systems, Retrieval- Augmented Generation, Semantic
Scholar.

[. INTRODUCTION

The digital transformation of academia has
precipitated an unprecedented expansion in the
volume of scientific literature, with over 2.5 million
new papers published annually across various
disciplines [1]. This exponential growth, while
indicative of thriving research ecosystems, creates
significant challenges for individual researchers
attempting to stay cur- rent with developments in their
fields and discover relevant prior work.

Traditional academic search engines, despite their
widespread adoption, remain fundamentally limited
by their reliance on keyword matching algorithms [2].
These systems often fail to capture the semantic
nuances of research queries and may miss relevant
papers that use different terminology to describe
similar concepts. Conversely, modern Large
Language Models (LLMs) such as GPT-4, Mistral,
and Claude [3], [4], [5], while offering sophisticated
natural language wunderstanding and generation
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capabilities, suffer from critical limitations in
academic contexts. Most notably, these models are
prone to generating factually incorrect information,
including fabricated citations and non-existent
research papers a phenomenon known as
hallucination” [6], [7].

This dichotomy between the precision but limited
flexibility of traditional search systems and the
flexibility but un-

reliable accuracy of LLMs creates a critical gap in the
re- search landscape. Researchers need tools that
combine the conversational fluency and reasoning
capabilities of modern Al with the factual grounding
and reliability of curated aca- demic databases,
following established guidelines for effective human-
Al interaction [8], [9].

To address this need, we developed Second Mind Al a
novel framework that implements a Retrieval-
Augmented Generation (RAG) paradigm specifically
optimized for academic re- search workflows. Unlike
simple search interfaces, our system functions as a
comprehensive research assistant that automates and
enhances the discovery, summarization, and iterative
refinement of academic knowledge through a
sophisticated multi-agent architecture.

The primary contributions of this work include: 1)
Novel Multi-Agent Architecture: A modular system
design that employs specialized agents for different
aspects of the research process, enabling efficient task
delegation and collaborative problem-solving. 2) Two-
Phase Iterative Refinement: An innovative mechanism
that improves response quality through structured self-
review without requiring multiple expensive API calls.
3) Empirical Validation: A quantitative evaluation
demonstrating significant performance improvements
over established baseline methods in terms of speed,
relevance, and reliability. 4) Real-World
Implementation: A fully functional system that has
been tested and validated in practical research
scenarios.
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II. RELATED WORK

The landscape of Al-powered research tools
represents a rapidly evolving intersection of
information retrieval, natural language processing, and
human-computer interaction. Our work builds upon
and differentiates itself from three primary categories
of existing systems.

A. Traditional and Semantic Information Retrieval
Classical information retrieval systems, exemplified
by early versions of PubMed, Google Scholar, and
institutional databases, rely primarily on inverted
indices and keyword matching algorithms [2]. These
systems, while reliable and fast, are limited by their
inability to understand semantic relationships between
concepts and their dependence on exact or near-exact
keyword matches.

The advent of deep learning has led to significant
improvements in semantic search methodologies.
Modern  approaches  utilize  dense  vector
representations of text, such as those generated by
Sentence-BERT [10] and similar transformer-based
models, to identify documents based on semantic
similarity rather than mere keyword overlap. While
our system lever- ages a keyword-based API for initial
retrieval from Seman- tic Scholar, the downstream
processing by specialized LLM agents performs
sophisticated semantic analysis and synthesis.

B. General-Purpose LLM Chatbots

The emergence of powerful general-purpose language
models has transformed user expectations for Al
interaction.  These systems offer remarkable
conversational fluency and can pro- vide sophisticated
reasoning capabilities across diverse do- mains.
However, when applied to academic research,
standalone LLMs exhibit several critical limitations
including temporal bounds in their training data and
tendency to generate fabricated citations [6].

Our work directly addresses these limitations by
implementing  Retrieval-Augmented  Generation
(RAG) [11], [12], where the LLM is provided with
externally retrieved, factual context before generating
responses. This approach is similar in principle to other
works that ground LLMs with external knowledge
sources [13] but is specifically optimized for aca-
demic research.
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C. Specialized Al Research Assistants

A new generation of specialized tools has emerged to
address specific research needs. Systems like Elicit.org
focus on identifying conceptual patterns across large
collections of papers, while Scite.ai [14] analyzes
citation contexts to determine whether subsequent
research has supported or contradicted specific
findings.

Second Mind Al distinguishes itself by integrating
multiple research capabilities into a single,
conversational workflow managed by a sophisticated
multi-agent system. This approach is conceptually
similar to generative agent systems

[15] but is specifically applied to academic research,
providing a comprehensive user experience.

III. SYSTEM ARCHITECTURE

The Second Mind Al framework is designed with a
modular, scalable three-tier architecture that ensures
maintainability, extensibility, and reliable
performance. Figure 1 illustrates the high-level
system organization.
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Figure 1: The high-level system architecture of
Second Mind Al

D. Frontend Interface

The wuser interface layer is implemented as a
responsive single-page application (SPA) using
vanilla HTMLS, CSS3, and JavaScript. This
architectural choice prioritizes performance and
compatibility while avoiding complexity overhead of
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larger frontend frameworks.

Key features include: dynamic chat container with
real-time message rendering and markdown
formatting support; persistent sidebar for chat history
management with search and categorization
capabilities; intuitive user controls for conversation
management including clear, export, and settings
functions; and asynchronous communication using
modern Fetch API with proper error handling.

E. Backend Core

The backend is built using the Flask micro-framework
[16], chosen for its simplicity, flexibility, and extensive
ecosystem. The server architecture follows RESTful
principles and implements clear separation between
API endpoints and business logic.

Core components include: API gateway with
centralized re- quest handling, authentication, rate
limiting, and input validation; agent orchestration
engine managing multi-agent work- flows and
coordinating between system components; external
service integration with robust interfaces to
OpenRouter.ai and Semantic Scholar API including
retry mechanisms and fallback strategies; and response
processing pipeline with advanced text processing and
quality assurance mechanisms.

The entire application is containerized using Docker
[17] with multi-stage builds, ensuring consistent
deployment across different environments and
simplified scaling operations.

F. Data Persistence Layer

MongoDB [18] was selected as the primary data store
due to its flexible, document-based structure that
naturally accommodates the variable nature of
conversational data and research metadata. The
database layer implements proper indexing strategies
for optimal query performance and includes automated
backup procedures to ensure data reliability.

G. External API Integration

The system’s effectiveness relies heavily on seamless
integration with two critical external services:
OpenRouter.ai serves as a unified APl gateway
providing access to multiple state- of-the-art language
models including GPT-4, Claude, Mistral, and others,
ensuring system resilience through model diversity;
Semantic Scholar API [19] provides programmatic
access to over 200 million academic papers with rich
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metadata including abstracts, citations, author
information, and publication venues.

IV. METHODOLOGY

The core innovation of Second Mind Al lies in its
sophisticated methodology for processing user queries
through a coordinated multi-agent framework. This
approach enables the system to decompose complex
research tasks into man- ageable subtasks while
maintaining coherent, high-quality responses. Figure 2
illustrates the process.

A. Query Triage and Agent Specialization

The system initiates each interaction with an
intelligent ”query triage” process implemented by the
Master Al Agent class. This component analyzes
incoming user queries against a carefully curated list of
RESEARCH KEYWORDS and contextual patterns to
determine the most appropriate processing pathway.
The classification process involves: academic query
detection through keyword matching and semantic
analysis; task delegation with assignment of queries to
specialized Sub Agent in- stances based on query
characteristics; and dynamic resource allocation based
on query complexity and priority. This approach
enables collaborative problem-solving between agents
[20], where each agent focuses on its area of expertise
while contributing to a unified response.
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Figure 2: The Two-Phase Iterative Refinement process
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B. Dynamic Tool Use

A critical component within each agent’s execution
pipeline is the intelligent decision-making process
regarding the use of the Semantic Scholar Search Tool.
When invoked, this tool dispatches carefully crafted
queries to the Semantic Scholar API and preprocesses
the retrieved results before integration with the LLM
prompt.

The tool integration process includes: query
optimization with automatic refinement of search
terms for optimal API performance; result filtering
based on relevance scores and publication metrics; and
context preparation with structured formatting of
paper metadata and abstracts for LLM consumption.
This technique has been demonstrated to significantly
improve factual accuracy in language model outputs
[11], [13].

C. Response Ranking and Synthesis

After collecting responses from all active agents, the
Master Al Agent performs a sophisticated ranking and
synthesis operation. This process leverages the
evaluative capabilities of modern LLMs [21] by
sending all candidate responses to a high-capability
language model with a specialized meta- prompt.

The ranking process involves: quality assessment of
response coherence, factual accuracy, and relevance;
completeness analysis of how thoroughly each response
addresses the user’s

query; source verification through cross-validation of
cited sources and factual claims; and final selection of
the optimal response based on multi-criteria
evaluation.

D. Two-Phase Iterative Refinement

The iterative refinement feature represents a key
differentia- tor, implemented as a resource-efficient
two-phase loop that enhances response quality without
computational overhead of full system re-execution.
Phase 1 (Initial Generation): The system performs a
complete processing cycle including query triage,
agent delegation, tool utilization, and response ranking.
This produces the initial, source-grounded response
that serves as the foundation for subsequent
refinement.

Phase 2 (Iterative Refinement): For subsequent
iterations, the system adopts a more efficient approach.
Rather than re- executing the entire multi-agent
pipeline, it takes the output from the previous iteration
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and subjects it to a specialized critical review process
involving a single LLM instance with a carefully
designed meta-prompt instructing it to act as an expert
editor and critic.

This approach offers several advantages: resource
efficiency with significantly reduced computational
cost compared to full re-execution; quality
enhancement through systematic improvement of
response  quality via structured self-review;
consistency maintenance preserving factual accuracy
while enhancing presentation quality; and user control
allowing users to request additional refinement
iterations.

V. EXPERIMENTAL SETUP AND RESULTS

To validate the efficacy of our framework, we
conducted a comprehensive quantitative experiment
comparing its performance against two relevant
baselines across a series of representative academic
search tasks.

A. Experimental Design

We defined five representative research queries
spanning di- verse academic domains: “Latest papers
on machine learning interpretability,” “Research
papers on quantum mechanics,” “Articles on
mathematical modeling of epidemics,” ”Re- search
papers on neuroplasticity,” and ”Papers on molecular
thermodynamics.”

Systems under evaluation included: Second Mind Al
(pro- posed system) with complete framework
including multi- agent architecture and iterative
refinement; Manual Search Baseline with human
expert performing searches directly on official
Semantic Scholar website; and General LLM Base-
line using state-of-the-art general-purpose LLM
(Mistral ~ 7B)  without external  knowledge
augmentation.

Performance metrics measured three key indicators:
Time to First Relevant Paper (TTRP) as elapsed time in
seconds from initial query submission to identification
of first genuinely relevant research paper; Average
Relevance Score (ARS) as mean relevance rating of
top three results on 5-point Likert scale (1=completely
irrelevant, S5=highly relevant); and Hallucinated
Sources as total count of non-existent papers,
fabricated citations, or factually incorrect references.
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B. Results and Analysis

The aggregated results from all five tasks are
presented in Table I, demonstrating clear performance
advantages for the Second Mind Al framework.

Table 1: Performance Comparison Across Systems

Metric Manual LLM Second Mind

TTRP (seconds) 152.5 25.0 28.2
Avg. Relevance 4.6 3.8 43
Hallucinations 0 9 0

VI. DISCUSSION

A. Principal Findings

The experimental results provide compelling evidence
for the effectiveness of the Second Mind Al framework
across multiple performance dimensions.

Efficiency Improvements: The most striking finding
is the dramatic improvement in research efficiency.
Our system achieved an average TTRP of 28.2
seconds, representing a 5.4-fold improvement over
manual search methods (152.5 seconds). This
substantial reduction demonstrates that auto- mated
retrieval and intelligent summarization processes
significantly reduce both cognitive load and time
investment for researchers.

Reliability and Trust: The experiment highlighted a
critical distinction between speed and reliability.
While the General LLM baseline achieved fastest raw
response time (25.0 seconds), it fundamentally failed
the reliability test by generating 9 hallucinated sources
across 5 tasks. This failure mode renders standalone
LLMs unsuitable for serious academic work where
source accuracy is paramount. Our system achieved
zero hallucinations while maintaining competitive
speed.

Quality Preservation: Most importantly, our system
success- fully maintained high relevance quality with
an Average Relevance Score of 4.3. This performance
nearly matches the gold standard of human-driven
manual search (4.6) while significantly outperforming
the General LLM’s factually re- liable outputs (3.8).
This demonstrates that Second Mind Al achieves
optimal balance, offering conversational convenience
and speed while preserving factual accuracy and high
relevance standards.
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B. Implications and Contributions

This work represents a significant contribution by
demonstrating that multi-agent RAG systems can be
effectively implemented to create practical, reliable
research tools. The key insight is that by strategically
combining complementary strengths of different
technologies structured, verified knowledge of
academic databases with flexible reasoning and natural
language capabilities of modern LLMs we can create
systems that transcend limitations of individual
components.

Our two-phase iterative refinement mechanism
presents a novel approach to quality improvement in
Al systems. Un- like traditional methods requiring
complete re-execution of expensive computational
processes, our approach achieves quality enhancement
through structured self-review, offering more
resource-efficient pathway to improved outputs.

C. Limitations

We acknowledge several important limitations. The
current evaluation was conducted on relatively small
set of queries (n=5) and involved single evaluator for
manual search base- line. A more comprehensive
evaluation would benefit from larger sample sizes,
multiple independent evaluators, and broader domain
coverage to strengthen generalizability of findings.
The system’s performance is inherently constrained by
quality and coverage of upstream Semantic Scholar
APL. If the API fails to return relevant papers due to
database gaps or search algorithm limitations, entire
system performance will be correspondingly
degraded. The current keyword-based query triage
mechanism represents relatively simple heuristic
approach that may not handle ambiguous or complex
queries optimally.

VII. CONCLUSION

This paper has presented a comprehensive evaluation
of Second Mind Al, a novel multi-agent framework
designed to enhance academic research workflows
through intelligent automation and augmentation. Our
empirical findings demonstrate that the system
successfully addresses key limitations of existing
approaches by combining reliability of traditional
academic databases with flexibility and user-
friendliness of modern conversational Al.

The core contributions multi-agent architecture, two-
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phase iterative refinement mechanism, and hybrid
knowledge retrieval approach have been validated
through structured experimentation as effective
solutions for improving research efficiency while
maintaining high standards of accuracy and relevance.
The system’s ability to reduce research time by over
5-fold while eliminating hallucination errors
represents significant advancement in Al-powered
research tools. These improvements have immediate
practical implications for researchers across diverse
disciplines and contribute to broader goal of making
scientific knowledge more accessible and discover-
able.

Future work will focus on addressing identified
limitations through expanded evaluation studies,
enhanced query under- standing capabilities, and
broader integration with academic research ecosystem.
The ultimate goal is to create Al research assistants that
not only improve efficiency but also enhance quality
and comprehensiveness of academic inquiry itself.
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