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Summary

Large language models (LLMs) are widely used in research workflows but struggle with
hallucinations, short context windows, and weak reproducibility in literature reviews (Huang et
al., 2025; Ji et al., 2023). Nexarag is a modular, open-source platform that lets researchers
curate, visualize, and share custom knowledge graphs (KGs) from academic sources stored in
Neo4j (Neo4j Inc., 2024). Through native support for the Model Context Protocol (MCP),
any MCP-compatible LLM can access these curated KGs for controllable, reproducible context
injection (Anthropic, 2024; Model Context Protocol Contributors, 2024)—including fully
private, air-gapped deployments via containers (Boettiger, 2015)—so research teams can explore
relevant literature more deeply and transparently. Nexarag provides interactive graph/semantic
visualizations using Cytoscape.js and D3 (Bostock et al., 2011; Franz et al., 2023).

Statement of need

Retrieval-augmented generation (RAG) has become a standard approach for knowledge-intensive
NLP (Gao et al., 2023; Guu et al., 2020; Lewis et al., 2020), but systems built primarily
on embedding-based similarity (Guu et al., 2020; Lewis et al., 2020; Reimers & Gurevych,
2019) can miss long-range semantic structure and cross-document relationships, especially
in long-context and multi-document settings (Gao et al., 2023; Wang et al., 2024). For
literature synthesis and related research workflows, this limits transparency, controllability, and
reproducibility.

Knowledge graphs address part of this problem by representing entities and relations explicitly,
enabling path-based queries and more interpretable reasoning over document collections
(Reinanda et al., 2020; Sahlab et al., 2022; Xu et al., 2024). However, existing KG-based
tooling is often either proprietary or too technically demanding for routine research use.
Nexarag addresses this gap with a researcher-friendly, self-hostable platform for constructing
and curating literature knowledge graphs and exposing them to language models through MCP
(Anthropic, 2024).

State of the field

Open-source RAG frameworks such as LangChain, Llamalndex, and Haystack provide reusable
components for ingestion, indexing, and retrieve-then-generate pipelines (deepset Haystack,
2026; LangChain, 2026a; Llamalndex, 2026a). They are effective developer libraries, but they
are mainly designed for assembling application-specific pipelines in code.

Graph-augmented retrieval tools extend this ecosystem. Llamalndex includes a
KnowledgeGraphlndex (Llamalndex, 2026b), LangChain provides graph QA utilities
such as GraphCypherQAChain (LangChain, 2026b), and packages such as Microsoft GraphRAG
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and Neo4j GraphRAG support structured extraction and graph-aware retrieval (Microsoft, 2026;
Neo4j, 2026). These projects show the value of graph-based retrieval, but they are generally
aimed at developers rather than at reproducible, literature-centered research workflows.

Literature discovery platforms such as Connected Papers, ResearchRabbit, and Litmaps
support citation exploration and related-work discovery (Connected Papers, 2026; Litmaps,
2026; ResearchRabbit, 2026), but they do not provide a researcher-owned, versionable graph
substrate for controlled LLM experiments. Nexarag sits between these tool families by packaging
persistent Neo4j-based graph construction, interactive curation, and standardized model access
through MCP into a self-hostable research application (Anthropic, 2024; Model Context
Protocol Contributors, 2024). It complements existing RAG and GraphRAG libraries by
turning graph-based context construction into a reusable and shareable research workflow with
user-friendly Ul tools, visualization, and pluggable MCP integration.

Software design

Nexarag was designed around four principles: ease of use, flexibility, modularity, and
privacy/security. The system uses a containerized, microservices design orchestrated
with Docker Compose (Docker, Inc., 2024; Merkel, 2014). Primary services include: a
FastAPI service for HTTP coordination (FastAPI Contributors, 2024), a Neo4j database
for graph storage (Neo4j Inc., 2024), and a Knowledge Graph service for document
processing/embeddings/Al tasks. Services communicate asynchronously via RabbitMQ,

enabling horizontal scaling (VMware, Inc., 2024).

Design choices in Nexarag

Tradeoffs

Ease of use: Nexarag uses familiar frontend
technologies, including Angular, D3.js,
Cytoscape.js, and PrimeNg, to provide an
intuitive interface for building knowledge
graphs, finding papers, interacting with
LLMs, and visualizing results. Nexarag is fully
containerized and can be deployed with a
single command.

Flexibility: Nexarag integrates with Ollama
and supports any embedding model or LLM
that the user's hardware can run, making it
easy to switch models across tasks or adopt
new ones as they become available. Users can
also connect their preferred LLM or coding
agent through the built-in MCP server.
Modularity: The system is organized as
distinct services for the REST API, Neo4;j
knowledge graph, MCP server, and frontend
application, connected through a RabbitMQ
messaging backbone. This supports
horizontal scaling and reduces the blast radius
of changes made within any single service.
Privacy and security: Nexarag supports
on-premises, air-gapped deployment,
providing a level of privacy and security that
cloud-based applications typically cannot
offer.

Multiple component libraries increases
frontend maintenance overhead and
onboarding cost for new contributors.
Container deployments add complexity and
additional software dependencies (Docker).

Users have more choices but also more
responsibility for hardware configuration,
model selection, and staying up-to-date on
relevant tools and architectures.

Service decomposition improves scalability
and isolates changes, but increases
deployment complexity, inter-service
coordination, and operational overhead.

Air-gapped deployments can offer heightened
security and privacy, but place more burden
on the user for hardware configuration,
deployment, and maintenance. Local
compute resources may also be limited
compared to cloud services.
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Nexarag brings these design choices together in a research platform that offers:

= Automated KG construction from BibTeX, paper lists, search queries, and citation
expansion (Semantic Scholar integration) (Kinney et al., 2023; Semantic Scholar, 2024).

= Interactive graph and semantic visualizations (Cytoscape.js and D3.js) (Bostock et al.,
2011; Franz et al., 2023).

= An Al “Talk To Your Data” interface that supports both simple retrieve-and-generate
and ReAct-style agentic workflows (Yao et al., 2022).

= An MCP-compatible server that exposes graph querying, semantic search over embedded
content, and external search via Semantic Scholar to any MCP-enabled LLM (local
via Ollama or remote via hosted providers) (Anthropic, 2024; Model Context Protocol
Contributors, 2024; Ollama Team, 2024; OpenAl, 2026).

= Neodj-backed storage and Cypher querying (Neo4j Inc., 2024).

= Tools to share/export/import graphs across teams to support longitudinal projects.

= Entirely offline (air-gapped) deployment with local LLMs for sensitive domains (e.g.,
healthcare, legal, proprietary research) (Boettiger, 2015).

Research impact statement

Nexarag addresses a growing need in LLM-assisted research for transparent, reproducible,
and inspectable context construction beyond embedding-only retrieval by operationalizing
knowledge-graph—based context building in a locally deployable, visually inspectable form that
can be shared across projects while lowering the technical barrier to constructing, inspecting,
and reusing reproducible graph-based contexts. By combining Neo4j-backed knowledge graphs
with standardized model access through the Model Context Protocol (MCP), it creates a
reproducible bridge between structured scholarly knowledge and LLM-driven analysis while
remaining model-agnostic, allowing researchers to interchange local or APl-hosted LLMs
without changing the underlying knowledge graph or retrieval logic. This makes Nexarag
well suited as shared research infrastructure for retrieval-augmented generation, knowledge-
graph—augmented reasoning, and Al-assisted literature review, enabling direct comparison of
model behavior under identical graph-derived contexts and facilitating methodological work on
controllability, hallucination reduction, and long-context reasoning.

Al usage disclosure

Generative Al tools were used in the development of the software, supporting code reviews,
providing minor features in the frontend, and identifying and fixing bugs. Generative Al tools
were also used to generate some of the documentation, and assisted with paper authoring. We
primarily used:

= ChatGPT with the GPT-40 model for writing tasks.
= Claude Code with the Sonnet 4 model for coding tasks.

All Al-generated material was explicitly reviewed by at least one author, and all major design
decisions were formalized by multiple authors.
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