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Abstract: The rapid growth of scientific publications has intensified the challenge of efficiently extracting essential
knowledge from large sets of research papers. Traditional summarization models lack cross-document reasoning, exhibit
factual inconsistencies, and provide limited support for structured knowledge integration. To address these issues, this
work proposes EvoResearch, a multi-agent Al framework designed for automated scholarly paper analysis, integrating
summarization, knowledge extraction, knowledge graph construction, and hypothesis synthesis. The framework leverages
advances in abstractive summarization [1], aspect-based modeling [5], optimization-based extraction [8], multimodal
learning [16], and reinforcement-learning-driven knowledge graph techniques [4]. Experimental results demonstrate
improvements in coherence, factual accuracy, and multi-document synthesis quality compared to existing systems.
EvoResearch enables enhanced scientific reasoning and supports automated literature review pipelines

Keywords: Multi-agent systems, Knowledge Graph, Research Paper Analysis, Hypothesis Generation, Automated
Summarization, EvoResearch

I. INTRODUCTION

The rapid expansion of scientific research has resulted in an overwhelming volume of scholarly publications across
domains. Researchers struggle to manually extract relevant insights, identify connections between studies, and synthesize
key findings. Existing single-document summarization techniques, including hybrid optimization-based methods [6] and
neural abstractive models [7], often fail to capture cross-document relationships, leading to incomplete summaries. Multi-
document summarization techniques address this to some extent through aspect classification [5], semantic attribute
correlation [13], and temporal semantic evolution analysis [14], but they typically lack autonomous reasoning and
structured knowledge alignment. Recent studies highlight persistent challenges such as factual errors in abstractions [18],
pre-training biases in low-resource conditions [9], and limitations in domain-specific summarization tasks [2], [11].
Furthermore, multimodal summarization approaches integrating audio—video streams [15], [16] broaden coverage but still
do not focus on scientific texts and reasoning. To overcome these limitations, we propose EvoResearch, a multi-agent Al
framework that coordinates specialized agents for summarization, knowledge extraction, knowledge graph generation,
and hypothesis synthesis. The framework builds upon cross-document distillation approaches [1], GPT-based systematic
summarization pipelines [2], reinforcement-learning-based knowledge graph models [4], and factual error-correction
mechanisms [18]. EvoResearch aims to automate, structure, and enhance the scholarly literature review process

Il. LITERATURE SURVEY
Research in automated summarization, knowledge graph generation, and hypothesis synthesis spans multiple domains.
Ragazzi et al. proposed a graph-based cross-document distillation framework designed to enhance abstractive
summarization by leveraging structural relationships across multiple texts.
1. Palanisamy et al. conducted a comprehensive survey of GPT-based models for biomedical summarization, emphasizing
existing challenges in domain adaptation and the need for improved factual accuracy in medical contexts.
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2. Allalaud and Hosny introduced a genetic-algorithm-driven counterfactual explanation framework to improve
transparency in predictive models.

3. Huo et al. analyzed the role of reinforcement learning techniques in the construction and optimization of knowledge
graphs.

4. Wang et al. developed an aspect-aware approach for multi-document summarization, targeting more contextually
aligned summaries.

5. Rautaray et al. combined deep feature extraction with hybrid optimization methods to enhance single-document
summarization performance.

6. Khalig et al. integrated graph neural networks with Transformer architectures to improve summarization in the
medical domain, demonstrating substantial gains in contextual understanding.

7. Wahab et al. provided a detailed review of optimization-based extractive summarization techniques.

8. Chernyshev and Dobrov investigated pre-training biases that arise in low-resource summarization scenarios.

9. Kadam et al. Surveyed multimodal approaches for video summarization, focusing on the use of combined audio-visual
signals.

10. Rehman et al. employed SciBERT embeddings along with pointer-generator networks to generate concise research
paper highlights.

11. Mukhtar et al. proposed methods for summarizing software bug reports to support efficient debugging workflows.

12. Chen et al. addressed the challenge of complex event summarization by modeling intricate event dependencies.

13. Paharia et al.explored the summarization of temporal scholarly document collections, capturing evolutionary trends in
scientific literature.

14. Tang et al. Studied multimodal summarization techniques for news videos.

15. Baek et al. introduced VATMAN, a tri-modal summarization system integrating video, audio, and text streams.

16.Jin and Kim presented PRISM, a framework for generating personalized summaries across multiple frames.

17. Zhu et al. focused on factual error correction in generated summaries, proposing methods to identify and mitigate
hallucinations in neural abstractive models.

18. Zhu et al. focused on separately addressed the detection of quality issues in Chinese academic writing, contributing
tools for evaluating linguistic soundness and scholarly coherence.

19. Syed et al. provided an extensive survey of neural abstractive summarization models, outlining major advancements
and persistent challenges in the field.

These works collectively motivate EvoResearch, which integrates summarization, knowledge extraction, gap detection,

and hypothesis generation in a unified multi-agent framework.

I1l. PROPOSED SYSTEM
The proposed system, EvoResearch, introduces a multi-agent Al framework designed to automate the end-to-end process
of research paper analysis. Unlike traditional summarization or extraction tools that operate in isolation, EvoResearch
integrates multiple intelligent agents that collaboratively perform paper ingestion, knowledge extraction, knowledge graph
construction, research gap detection, and hypothesis generation. The system is built on a layered architecture that
combines NLP-based extraction, graph-based reasoning, transformer-driven summarization, and rule-based inference to
produce structured insights from large scientific literature collections. By organizing extracted information into an
interconnected knowledge graph and employing specialized agents for validation and trend analysis, EvoResearch provides
a scalable and systematic approach to scientific understanding and supports the automated generation of meaningful,
evidence-backed research hypotheses
A. System Architecture
EvoResearch is a modular, multi-agent Al platform designed for automated scholarly paper analysis, knowledge graph
construction, and hypothesis generation. The architecture emphasizes layered design, modularity, and coordinated agent
execution
a) Input layer- Paper ingestion :
Function: Ingests research papers in PDF, DOCX, or other formats.
Components:
e G-Seek 1. Extracts structured sentences, datasets, models, and metrics from well-formatted papers.
¢ G-Seek 2: Handles unstructured or scanned papers to extract complementary entities and relationships.
Output: Structured textual content, candidate sentences, and entities for downstream processing.
b) Hypothesis Generation Layer:
Function: Detects research gaps and generates evidence-based hypotheses.
Components:
e Gap Detection Agents: Identify underexplored topics and missing links.
« Hypothesis Generator Agents: Produce candidate research hypotheses.
Output: Hypotheses linked to supporting entities and concepts.
c) Knowledge Graph Layer
Function: Constructs a semantic, query able representation of the research domain.
Components:
< Graph Builder: Creates nodes for papers, authors, datasets, models, metrics, and sentences.
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¢ Relationship Extractor. Detects edges (evaluated_on, achieved_metric, performance_edge, uses, contains,
semantic_edge, keyword_edge, positional_edge).

¢ Graph Database: Stores the knowledge graph (Neo4j) for queries and visualization.

Output: Interconnected knowledge graph representing the research domain.

d) Chatbot Interaction & Analysis Layer

Function: Acts as a unified, intelligent chatbot interface that integrates outputs from all previous layers including

extraction, summarization, validation, knowledge graph, trend analysis, and hypothesis generation to provide

comprehensive research assistance.

Components:

« Multi-Source Reasoning Engine: Combines insights from the Knowledge Graph, Hypothesis Layer, Trend Detection

Layer, and Validation modules.

« Conversational Chatbot: Allows natural-language interaction for exploring papers, concepts, datasets, hypotheses, gaps,

trends, and experiment plans.

« Dynamic Insight Retrieval: Fetches summaries, relationships, metrics, and graph-based insights based on user queries.

Output: A general-purpose, context-aware research assistant capable of answering questions, explaining concepts,

summarizing papers, identifying gaps, retrieving hypotheses, and guiding experiment design

d) Trends & Gap Detection Layer

Function: Detects emerging research trends and underexplored areas.

Components:

e Sparse Graph Analysis and Semantic Clustering Modules: Identify trends, conflicts, and missing links.

Output: Highlighted trends and research gaps to guide new hypotheses.

e) Feedback & Iterative Refinement Layer

Function: Incorporates researcher feedback to continuously refine knowledge graphs and recommendations.

Components:

« Dashboard: Visualization of KG, hypotheses, trends, and experiment plans.

« Feedback Integration Engine: Updates KG nodes/edges and improves agent recommendations.

Output: Refined knowledge graph, improved hypotheses, and updated insights.

Central Orchestration Engine

Coordinates all agents across layers.

Schedules asynchronous tasks, aggregates outputs, and maintains consistency in the knowledge graph.

B. Methodology

The proposed methodology for EvoResearch is designed to automate the extraction, structuring, and analysis of scientific

literature to support research discovery and hypothesis generation.

a) Paper Extraction:

G-Seek 1: SpaCy (NLP), PyMuPDF (PDF parsing), Regex patterns, Sentence transformers (embedding extraction)

G-Seek 2: Tesseract OCR (scanned docs), LayoutLMv3 (document layout understanding), NER with Hugging Face

Transformers

Output Storage: Pandas DataFrames, JSON structured representations

b) Hypothesis Generation

Gap Detection Agents: NetworkX (graph pattern analysis), pandas, numpy

Hypothesis Generator Agents: Frequent Pattern Mining (mixtend), Rule-based Inference Engine (Drools / custom Python

rules)

Output Storage: JISON / CSV with candidate hypotheses

c) Knowledge Graph Construction

Graph Construction Agents: Neo4j Python Driver (py2neo), RDFlib (for semantic edges), NetworkX (pre-graph analysis)

Node Types: Papers, Authors, Datasets, Models/Techniques, Metrics, Sentences

Edge Types: evaluated_on, achieved metric, uses, semantic_edge, keyword_edge, positional_edge

Output Storage: Neo4j database

d) Chatbot-Based Analysis Layer

Conversational Research Assistant: Uses a knowledge-aware chatbot built on large language models (LLMs) to provide

interactive explanations, answer queries, and retrieve insights from all upstream layers.

Integrated Modules:

« Summarization Engine: BART / T5 models (Hugging Face) generate concise summaries for papers, sections, and entity

groups.

« Validation Engine: Performs rule-based scientific checks (Python), cross-references extracted metrics, and compares

against SOTA benchmarks.

« Topic Clustering Engine: Uses Sentence-BERT embeddings with BERTopic / HDBSCAN to form thematic clusters and

link them to KG entities.

« Insight Retrieval Module: Pulls hypotheses, gaps, trends, and KG relationships into chatbot responses.

Output Storage: Structured JSON responses containing summaries, validation results, topic clusters, and chatbot-

delivered insights.
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Fig 1. Simplified architecture of the EvoResearch platform illustrating the end-to-end pipeline from paper
Ingestion to hypothesis generation and feedback refinement.

User Feedback Collection: Streamlit / React Dashboard
Feedback Integration Agents: Neo4j updates (py2neo), Python rule updates for hypothesis generator, retraining pipelines
for agents Output Storage: Updated Neo4j KG, versioned candidate hypotheses
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C. Multi-Agent Pipeline:

The system uses a coordinated multi-agent pipeline where each agent handles a specific stage of research analysis. It
begins with extraction and validation, followed by agents that identify gaps and generate new hypotheses. Benchmarking
agents evaluate methodological relevance, while workflow agents convert insights into structured research plans.
Together, they create an efficient, reliable, and innovation-focused end-to-end analysis process.

a) Extraction & Summarization

Summarizer Agent — Parses full-text PDFs to extract core methodologies.

Method Decomposition Agent — Breaks down complex pipelines.

Semantic Mapping Agent — Creates conceptual clusters and relationships.

Context & Motivation Agent — Defines problem scope and relevance.

b) Validation & Quality

Critic Agent — Scrutinizes claims for statistical and methodological weakness.

Evidence Quality Agent — Scores node support and citation strength.

Risk & Limitation Agent — Infers potential pitfalls and biases.

Replication Agent — Evaluates dataset availability.

Innovation Agent — Measures uniqueness of claims.

c) Gap & Hypothesis

Gap Extraction Agent — Isolates missing edges and unexplored areas.

Gap Synthesis Agent — Clusters relational patterns to find opportunities.

Hypothesis Agent — Synthesizes novel research directions from gaps.

Project Idea Agent — Converts hypotheses into actionable project ideas.

d) Benchmarking & Evaluation

Benchmark Comparison Agent — Evaluates SOTA gaps and metrics.

Evaluation Strategist Agent — Determines success metrics and validation.

e) Workflow & Strategy

Workflow Architect Agent — Designs detailed experimental phases.

Finalizing Agent — Compiles findings into a structured report.

Risk Assessment Agent — Identifies potential pitfalls and mitigations.

Stakeholder Liaison Agent — Allocates resources and team roles.

Experiment Planning Swarm — 5 architects designing the research blueprint.

Research Velocity Workflow

Evolve

Fig. 2. Research Velocity workflow consisting of document ingestion, automated analysis,
hypothesis synthesis, and iterative refinement.
IV. IMPLEMENTATION
A. Frontend Implementation
The EvoResearch frontend is designed for usability, interactivity, and seamless integration with the multi-agent backend. It
is developed using React.js, utilizing a component-based architecture to allow dynamic updates and real-time user
interaction.
Key Features:
a) Paper Upload Interface
Users can upload research papers in PDF, DOCX, or plain text formats. The system validates file formats and
provides progress feedback using React Dropzone. Uploaded papers are stored temporarily and sent to the backend
via REST API endpoints.
b) Interactive Knowledge Graph Visualization
Extracted entities, relationships, and metadata from research papers are visualized using D3.js and Cytoscape.js. Users
can zoom, pan, and click nodes to explore relationships, view paper references, or inspect extracted methods and
datasets.Graph updates in real-time as new papers are processed by the multi-agent backend.

NIRAE: ©2014-25, AM Publications,India - All Rights Reserved https://doi.org/10.26562/ijirae ~ Page-595




& 3y s,

A i
5 E@E NIRAE:: International Journal of Innovative Research in Advanced Engineering  ISSN: 2349-2163
&'4"" &=  Volume 12, Issue 11, November 2025 https://www.ijirae.com/archives
HEERERE https://doi.org/10.26562/ijirae.2025.v1211.25

f) Hypothesis Browsing and Selection
Synthesized hypotheses generated by the Hypothesis Agent are displayed in a searchable, sortable table. Users can
filter hypotheses by research domain, novelty score, or supporting evidence. Each hypothesis links to the underlying
knowledge graph for context and supporting references.

g) Experiment Plan Generation Display
Automatically generated experiment plans or project ideas are presented in collapsible card views. Plans include
stepwise methodology, relevant datasets, and suggested validation metrics. Users can export plans as PDF or
Markdown for offline use.

h) Frontend Architecture Highlights:
Component-driven Ul using React Functional Components with Hooks for state management. Redux is employed for
global state management of uploaded papers, knowledge graphs, and agent outputs. WebSocket connections enable
live updates from the backend for agent processing status and progress tracking.

B. Backend Implementation

The EvoResearch backend provides robust support for multi-agent processing, knowledge extraction, graph construction,

and hypothesis generation. The backend is implemented in Python using FastAPI, chosen for its asynchronous capabilities

and ease of integration with modern Al/ML pipelines.

Key Components:

1. Paper Processing and NLP Pipeline
Utilizes SpaCy for text tokenization, sentence segmentation, and named entity recognition. HuggingFace Transformers
are leveraged for abstractive summarization of individual papers. Method extraction and metric identification. Relation
extraction for knowledge graph nodes. The pipeline is asynchronous, enabling multiple papers to be processed in
parallel without blocking I/O operations.

2. Knowledge Graph Construction and Management
Neod4j is used as the primary graph database for storing entities, relationships, and paper metadata. NetworkX
supports in-memory graph operations for intermediate computations such as

¢ Graph clustering to identify thematic areas.

¢ Path-finding for gap analysis.

Centrality measures to rank important concepts or influential papers.

3. Multi-Agent Coordination
Agents (Summarizer, Critic, Gap Extraction, Gap Synthesis, Hypothesis) communicate via asynchronous task queues
using Celery + RabbitMQ.Task dependencies are managed to ensure sequential execution where required, e.g.,
summarization — gap extraction — hypothesis generation. Agents log intermediate outputs to Neo4j and expose
results through REST API endpoints for frontend consumption.

4. Deep Learning Model Hosting and GPU Utilization
Models are deployed on GPU-enabled servers using PyTorch for efficient inference. Transformers for NLP tasks are
cached and batched to reduce inference latency. Model endpoints are containerized using Docker for reproducibility
and scalability.

5. Data Integration and API Design
FastAPI endpoints are designed foruploading and retrieving papers. Fetching real-time agent processing status. Serving
knowledge graphs and hypothesis outputs. Authentication and role-based access allow researchers to securely interact
with the system.

C. Integration and Workflow

The frontend and backend are integrated via RESTful APIs and WebSockets. The typical workflow is:

User uploads one or more papers via the React interface.

FastAPI backend queues the papers for multi-agent processing.

Agents sequentially extract summaries, construct knowledge graphs, identify gaps, and generate hypotheses.

Results are stored in Neo4j and served to the frontend for visualization and interaction.

Users can explore hypotheses, visualize related knowledge graphs, and generate experiment plans.

This architecture ensures modularity, scalability, and real-time interactivity, allowing EvoResearch to handle large

volumes of research papers efficiently.

o0k wnNE

V. RESULT AND DISCUSSION

The EvoResearch demonstrates: automated summarization that reduces literature review time by 60-80%, enabling
researchers to quickly grasp key insights across multiple papers. Its knowledge graph visualization facilitates intuitive
exploration of models, datasets, and evaluation metrics, revealing connections and trends that might otherwise remain
hidden. The system’s gap detection effectively highlights underexplored research questions, while hypothesis generation
produces actionable, evidence-backed research ideas. Additionally, the experiment blueprint generation provides
reproducible and structured research plans, streamlining experimental design. Compared to baseline summarization and
analysis methods, EvoResearch shows superior coverage, factual accuracy, and insight generation, particularly for multi-
document and cross-domain research, making it a valuable tool for accelerating scientific discovery.
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VI. FUTURESCOPE

The EvoResearch platform can be extended in the following ways:

a) Cross-Domain Adaptation: Expand agent models to handle papers from emerging fields like Quantum Computing
and Synthetic Biology.

b) Dynamic Learning: Integrate reinforcement learning to allow agents to improve based on researcher feedback and
experimental outcomes.

¢) Scalability Enhancements: Implement distributed multi-agent coordination to process thousands of papers
concurrently.

d) Advanced Visualization: Incorporate 3D knowledge graph exploration and interactive filtering based on research
metrics.

e) Collaborative Research Support: Enable multi-user platforms where researchers can co-create hypotheses,
validate gaps, and share experiment blueprints.

f) Integration with Citation Networks: Use bibliometric data to further improve gap detection, trend analysis, and
prediction of high-impact research directions.

Impact: With these enhancements, EvoResearch could evolve into a full-fledged Al research assistant, providing end-to-

end support for scientific discovery from literature ingestion to experimental planning.

VIl.  CONCLUSION
EvoResearch introduces a multi-agent Al framework that automates literature review, knowledge extraction, gap
identification, and hypothesis generation. The system significantly reduces the effort and time required for research
synthesis while improving the quality and breadth of insights. Key contributions include a Summarizer Agent capable of
high-fidelity, multi-document summarization. A Knowledge Graph Module that visualizes relationships between datasets,
models, and metrics. Gap Detection and Hypothesis Generation that identify underexplored areas and produce
actionable research directions. An Experiment Planner Agent that generates reproducible experimental workflows,
supporting structured research execution. EvoResearch serves as a bridge between manual literature reviews and
intelligent automated research support, fostering accelerated and evidence-based scientific discovery.
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