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Abstract—The academic community is facing challenges due to the overwhelming amount of information available from
scholarly articles. This makes conducting a literature review both time-consuming and increases the risk of overlooking
key studies. Traditional tools are not effective in understanding complex ideas or comparing different studies in a
meaningful way. Research Compass addresses this issue by providing an Alpowered platform that automates the literature
review process. It uses a multi-agent system to access databases like ArXiv and Semantic Scholar to locate relevant papers.
Rather than relying on exact keyword searches, it employs semantic search through a vector database to identify papers
that are conceptually related. A summarization agent, which utilizes Large Language Models (LLMs) and Retrieval-
Augmented Generation (RAG), creates clear and structured summaries that include methods, results, and limitations.
Users can view multiple papers simultaneously, helping them identify similarities and differences. This platform speeds up
and improves the efficiency of literature reviews, allowing researchers to focus more on generating new ideas and
advancing scientific knowledge.

Index Terms—AI research tools, scholarly platforms, literature review, semantic search, citation analysis, research
synthesis, RAG, large language models. [1, 2, 3].

L.INTRODUCTION

A. Background and Motivation Retrieval-augmented generation (RAG) is a method where a generative large language
model (LLM) is used along with a system that retrieves or searches for content [19]. A search engine works on top of a
database or content library. When a user asks a question, the system finds relevant content from the database. The LLM is
then given this content along with the user’s question and is asked to create a response. The answer can also include links
to the original content, allowing the user to check the information against the source. Using RAG helps reduce the chance
of the model making up false information and makes use of a collection of expert knowledge for accurate facts.

In the fast-growing world of scientific research, it’s hard for researchers to find, compare, and extract useful information
from the growing number of papers [2], [3]. Current search engines mostly use keyword matching, which can miss
important related papers or not properly explain findings. Large language models can make summaries, but by themselves,
they might create false information or lack solid support [8]. To fix these issues, we introduce Research Compass—an Al
tool that helps navigate research by combining smart search with LLM-based summaries. Our goal is to give users a tool
similar to “Consensus” [21], but focused on academic research, allowing them to ask meaningful questions, get organized
summaries, and compare papers with support from the evidence.

B. Scope of the Survey The survey looks at the current state of Al tools used in academic research, including systems that
help find and understand literature better [7]. It covers semantic search platforms and automated summarization tools
that aim to improve how researchers discover and grasp knowledge. This study examines how existing services like
Semantic Scholar [10], ArXiv, IEEE Xplore, and Google Scholar mainly rely on keyword or citation searches. These methods
often miss the deeper meaning and context behind a user’s query, causing confusion and frustration.

The survey explores newer methods that use Large Language Models, vector embeddings, and Retrieval-Augmented
Generation to deliver more relevant and context-aware results. It highlights how these approaches can shift academic
searching from simple keyword matching to a more intelligent and interactive way of exploring knowledge.

C. The Research Challenge Despite making big strides in combining Al with information retrieval, there are still several
research problems that are holding back the creation of a full, dependable, and scalable semantic research assistant. One
big issue is integrating and ensuring the quality of data. Academic databases vary a lot in how they’re structured, how
complete their metadata is, and how easy they are to access, which causes problems in getting consistent information.
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Things like incomplete abstracts, missing DOIs, and not having full-text articles can limit how well summarization and
semantic analysis work. Getting a uniform and high-quality dataset for large-scale embedding is still a tough challenge.

Another major problem comes from the limits of current embedding and semantic models. Models like MiniLM and
Sentence-BERT give general embeddings, but they often miss the specific details found in scientific and technical texts.
This leads to results that are semantically similar but not relevant in context. Also, there is ongoing difficulty in balancing
how close the semantic matches are with how relevant they are to the topic, while making sure the results are accurate
and meaningful.

Generative summarization adds another layer of complexity. While large language models can create structured and
coherent summaries, they can also make up facts, especially if the source text is unclear or incomplete [8]. Making sure Al
summaries are true to the original content without spreading misinformation is a big challenge. Also, figuring out good
ways to prompt these models and create context-aware strategies for academic summarization is still an open question.
Scaling up and optimizing performance are also big technical hurdles. Doing real-time queries, embeddings, and
summaries on large datasets needs a lot of computing power, which can cause delays and increase costs. Finding a balance
between scaling and efficiency, especially in cloud or low-resource settings, is key for using these systems widely. Lastly,
the lack of standard ways to evaluate how good semantic search and summarization are makes it hard to measure system
performance well. Existing NLP metrics like BLEU and ROUGE don’t fully capture the semantic accuracy, factual
correctness, or research relevance of Al outputs.

All these challenges show how complex it is to build a truly semantic, context-aware, and fact-based research assistant.
Solving these issues needs improvements in combining data from different sources, fine-tuning models for specific
domains, creating scalable RAG (Retrieval-Augmented Generation) systems, and developing reliable evaluation methods.
Overcoming these barriers is crucial for turning Research Compass from a smart research search tool into a full Al-
powered knowledge exploration system.

II. LITERATURE REVIEW

The fast-growing amount of academic research has made it hard for researchers to find and understand the right studies
quickly. Tools like Google Scholar, IEEE Xplore, and ACM Digital Library mostly use keywords to search, but this often
misses the actual meaning and intent behind a user’s question. Because of this, researchers often get too many papers that
are not useful, which makes going through them take a lot of time [9]. This issue has led to the creation of smarter research
systems that use Al and natural language processing to make searching and understanding academic work more accurate
and efficient.

Newer platforms such as Semantic Scholar [10], Scite.ai, Consensus [21], and Elicit [6] use semantic and generative
techniques to improve academic searches. Semantic Scholar uses neural embeddings and context-based similarity to find
studies based on concepts, not just keywords. Scite helps by figuring out which references support or challenge each other.
Consensus and Elicit use large language models to explain research findings in clear, evidence-based summaries [16], [17].
These tools show a move toward smarter, Al-powered discovery, combining search, reasoning, and summarization.
However, most of these systems are private, which makes them less open and harder to adapt for academic use or open
development.

Recently, techniques like Retrieval-Augmented Generation (RAG) have improved the connection between searching and
generating content by combining semantic search with context-based summaries [1], [19]. Even though these methods
make information more accurate and relevant, they still have issues like inconsistent data, difficulty adapting to different
fields, and making up facts. The proposed system, Research Compass, builds on these methods to offer an open,
transparent, and flexible framework that brings together semantic search, structured summaries, and smart ranking. This
system aims to help move academic research discovery forward with Al support.

III. METHODOLOGY

The Research Compass - Intelligent Research Paper Navigator is being developed using a layered and modular approach
based on the principles of semantic information retrieval, retrieval-augmented generation, and agentic orchestration. The
system is designed to fill the gap between basic metadata retrieval and smart literature synthesis. It uses a pipeline that
includes API access, semantic embeddings, caching, and reasoning based on language models.

A. User Interaction and Query Processing The user starts the process through an easy-to-use web interface built with
Streamlit. This interface lets researchers enter natural language questions instead of specific keywords. The system can
handle various research topics like "Al in climate change prediction” or "blockchain in supply chain management." Once a
query is submitted, it is cleaned, standardized, and sent to the agentic layer, which manages the following steps.

B. Agentic Orchestration Layer At the heart of the system lies an intelligent Al Agent, built using frameworks like
LangChain, which coordinates tasks between multiple subsystems. This agent handles:

®  Query interpretation and validation.
e Communication with academic APIs such as Semantic Scholar and IEEE Xplore.
e Triggering embedding generation and ranking mechanisms.

e Managing interactions with the large language model (LLM) for summarization.

The agent effectively acts as the brain of the system—breaking down the user’s request into structured subtasks like
fetching, filtering, summarizing, and caching.

C. Data Retrieval from Academic APIs The retrieval layer is responsible for fetching raw metadata and abstracts from
trusted academic sources. The current MVP integrates the Semantic Scholar API [11], while future extensions plan to
include IEEE Xplore, ArXiv, and SpringerLink APIs. For each paper, key attributes such as title, authors, abstract, year,
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venue, DOI, URL, and open access availability are extracted. Unlike traditional scraping or static datasets, this API-based
dynamic retrieval ensures access to the latest and most relevant academic publications.

D. Semantic Representation and Search Once metadata is fetched, both the user query and paper abstracts are
converted into dense vector embeddings using transformer-based models such as a11-MiniLM-L6-v2 or Sentence-
BERT. These embeddings represent textual content in high-dimensional semantic space, allowing the system to measure
conceptual similarity beyond literal keywords. The semantic matching is performed using cosine similarity, ranking
papers according to how closely they align with the conceptual intent of the user’s query. This approach resolves major
shortcomings of traditional keyword-based systems—where exact word matches may overlook highly relevant but
contextually different studies.

E. Large Language Model Integration After identifying the top relevant papers, the system leverages a Large Language
Model (LLM)—currently Google Gemini Pro—to generate structured summaries. The model is prompted with metadata
and abstract text to produce a JSON-formatted summary containing:

e  Methodology
° Dataset
e Results

e Limitations

This step effectively transforms unstructured academic text into a machine-readable, comparative format, reducing
cognitive load for researchers and accelerating literature understanding.

F. Caching and Storage To improve efficiency, the system maintains a caching database that stores previously retrieved
metadata and generated summaries. The caching mechanism reduces repetitive API calls, ensures faster access to
frequently searched topics, and minimizes load on external APIs. This database can also be extended to include semantic
indexes (via FAISS or Pinecone) for hybrid RAG-style retrieval.

G. Semantic Synthesis and Result Delivery The final stage combines semantic ranking results with structured LLM
summaries. The results are then rendered on the Streamlit front-end in an interactive format, with expandable sections
showing:

e Title, authors, publication venue, and links.

e  Generated summaries with key insights.

° Filters for year, citation count, and open access status.
This pipeline transforms the act of literature search into a dynamic, Al-assisted exploration—delivering not only the most
relevant papers but also instant comprehension of their contributions.

IV.PROPOSED SYSTEM

The proposed architecture integrates all key modules in a cohesive workflow designed for extensibility, scalability, and
intelligent interaction.
A. System Components

e User Interface (Chatbot / Web App): Developed in Streamlit with a clean interface for research topic input, filters,
and result visualization. Provides search customization options such as year range, access type, and sorting criteria.

e Agent (LangChain Orchestrator): Coordinates communication between the user, API layer, and LLM. Executes
subtasks such as preprocessing, embedding, summarization, and caching. Enables integration of multiple APIs while
avoiding redundancy.

e Academic APIs (Semantic Scholar, IEEE Xplore, ArXiv): Serve as data sources providing metadata, abstracts, and
links to full-text papers. Ensure authenticity and currency of retrieved research.

e Large Language Model (Gemini Pro): Handles semantic summarization and synthesis of multiple papers. Capable of
producing concise, structured summaries or narrative comparisons across multiple studies.

e Semantic Search Engine: Embeds queries and abstracts into vector space and retrieves top-K semantically similar
documents. Forms the backbone of the retrieval-augmented generation (RAG) pipeline.

e Caching Database: Stores previous API responses, embeddings, and LLM summaries. Enables quick lookup, reduces
external dependencies, and improves responsiveness.

e Result Generation & Visualization: Merges semantic results and Al-generated summaries into a coherent, user-
readable interface. Allows users to quickly interpret, compare, and follow links to the original publications.
B. Workflow Summary

e User enters query — agent processes and validates it.

e APl layer retrieves research papers dynamically.
e Papersand queries are embedded for semantic similarity comparison.
° LLM generates detailed, structured summaries.

e Results are cached and displayed interactively to the user.
This architecture enables real-time, intelligent academic exploration without the need for a pre-built large-scale vector
database, ensuring a scalable balance between efficiency and flexibility.
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V. EXPECTED RESULT

The Research Compass system is designed to bring about these results:

A. Efficient Research Discovery It will greatly cut down the time needed to find relevant papers by offering the most
related results in just a few seconds [12].

B. Al-Generated Summaries It will create organized summaries that include details on how the research was done, the
data used, the findings, and any limitations. This helps users quickly grasp complicated papers [3].

C. Cross-Paper Insights The system can show common topics or conflicting conclusions between different papers, helping
users form a more complete understanding and reach agreements.

D. Scalability and Extensibility The system’s design is flexible, making it easy to add more tools and features like citation
checks and plagiarism detection through extra APIs and Al helpers.

E. Enhanced User Experience A built-in memory system makes the experience smoother and quicker by reducing the
need to rely on external services every time.

F. Future Enhancements In the future, the system will move toward using a multi-agent approach where different Al
tools, like a Retriever, Summarizer, Comparator, and Citation Tracker, work together automatically to create a full research
assistant [4].

VI.ARCHITECTURE DIAGRAM
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Fig. 1. System Architecture of the Proposed Mode

VII. DEDICATED PLATFORM ANALYSIS: SEMANTIC SCHOLAR AND CONSENSUS

A. Semantic Scholar: Al-Powered Research Infrastructure Semantic Scholar, created by the Allen Institute for Al, marks
a major change from old search methods that rely on keywords to a system that understands the meaning of scientific
papers [10].

Core Architecture:

®  Document Processing: Processes over 200 million papers using advanced OCR to recognize formulas, tables, and
figures.

e  Semantic Understanding: It uses SPECTER embeddings and transformer models that are specially trained for
scientific text [20].

e  Knowledge Graph: It links papers, authors, institutions, and ideas by analyzing how they cite each other [11].
Key Features:

e  Semantic Search: Grasps the overall purpose of the research, not just the individual words used.

e  TLDRs: Creates very brief summaries, usually around 20 words, that highlight the main points of the research
[13].

e  (itation Context: Explains how papers are referenced by others and what specific impact they have had.

®  Research Feeds: Offers tailored suggestions based on what the person has read before.
Developer Ecosystem:

e  Open API: Access to paper metadata, citations, and embeddings through a RESTful API [11].
®  Public Datasets: Use of the S2AG academic graph and S20RC corpus for natural language processing research.

®  Performance: Search latency under 500 milliseconds with coverage of over 200 million papers.
B. Consensus: Evidence-Based Research Synthesis Consensus is about gathering and putting together evidence from
many different studies instead of just finding individual papers [21].
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Core Architecture:

e  Evidence Extraction: Recognizes the main points, methods, and findings in research papers.
®  Quality Assessment: Judges how well the study was designed and identifies any biases in the methods.

e  Synthesis Engine: Processes multiple papers at the same time and evaluates the strength of the evidence
presented.
Key Features:

e  (Consensus Meter: Displays the level of agreement among scientists regarding particular topics.
e  Direct Answers: Provides clear, straightforward answers that reference multiple sources.

®  Quality Indicators: Includes details about the study design, the number of participants, and the journal’s
reputation.

®  Domain Specialization: Mainly covers medical and health-related subjects, including clinical trials.

Technical Implementation:
e  Hybrid Search: Combines meaning-based searches with careful selection based on reliable evidence.
e  (Custom Models: Uses specially trained language models to extract key evidence from scientific texts.

e  Performance: Reviews between 10 and 50 papers for each query and delivers quick results in just a few seconds.
C. Comparative Analysis
Focus: Semantic Scholar is good for finding papers [10], while Consensus is better for combining and analyzing
evidence [21].
Architecture: Works with whole documents rather than just focusing on individual pieces of evidence.
Interface: Uses a question-answering approach to give concise, supported answers rather than just listing search
results.
Use Cases: Offers detailed literature reviews or quick checks of evidence for systematic studies.
D. Semantic Search Implementation Semantic search is a big improvement over older keyword-based searches because
it understands what someone is really looking for, not just the words they use. In Al research platforms, semantic search is
usually carried out through:
Transformer-based Embeddings: Platforms use models like BERT, SPECTER, and SPECTERZ2 to create dense vector
representations of documents and search queries [20]. These vectors help capture the meaning and relationships
between words and phrases.
Vector Similarity Search: Documents are found by comparing how closely the vectors of the search query match the
vectors of the documents in a high-dimensional space. This is done using a measure called cosine similarity.
Multi-modal Understanding: Modern systems can understand not just text, but also figures, tables, and
mathematical formulas, allowing for more comprehensive searches.
Cross-lingual Capabilities: Many platforms support searching in multiple languages, but English is still the main
language used in most current systems.
For example, Semantic Scholar uses SPECTER2 embeddings, which are specially trained on scientific writing [20]. These
embeddings help find papers that are semantically similar even if they don’t share the same keywords.
E. Retrieval-Augmented Generation (RAG) Architectures RAG (Retrieval-Augmented Generation) has become
important for reducing the risk of false or made-up information in Al systems [19]. Different platforms use RAG in various
ways:
e Document Chunking and Indexing: Research papers are split into smaller parts, usually between 512 and
1024 tokens, and stored in vector databases for quick access.

e Retrieval Mechanisms: When someone asks a question, the system finds pieces of text that are most similar in
meaning to the query.

e Context Augmentation: These found pieces are then used as background information for the Al model when it
creates a response, making sure the output is based on real data.

e (itation Generation: The original sources of the found information are tracked and mentioned in the final
answer, helping users check the facts.

Elicit is an example of a platform that uses RAG very well, as it provides citations for every claim made by the Al at the
sentence level [6], [16]. This allows users to check the information against the original source, making hallucinations less
likely than with pure Al generation.
F. Keyword-Based Search In today’s world where there’s too much information, researchers often struggle to find the
right scientific papers quickly. One common way people search for information is by using keywords. This method lets
users look through big databases by entering specific terms or phrases. The system checks where these keywords
appear—in titles, summaries, and other metadata—to find papers that match the search.
In the Research Paper Navigator project, users type in a research topic or keyword through a simple, easy-to-use interface
made with Streamlit. The system then connects to the Semantic Scholar API to find papers that include those keywords
[11]. To make the results more useful, the system uses filters like the year the paper was published, how many times it’s
been cited, and whether it’s freely available. This helps show the most relevant and trustworthy papers first.
The system doesn’t just stop at finding papers. It also pulls out important keywords from the titles and summaries of the
papers it finds. These keywords are then displayed as word clouds and trend charts, which help users quickly see the main
topics and new trends in the research area. Moreover, the extracted keywords are used with an Al tool called Google

IURAR25D3384 | International Journal of Research and Analytical Reviews (IJRAR) www.ijrar.org | 667



© 2025 IJRAR December 2025, Volume 12, Issue 4 www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)

Gemini to create summaries. These summaries highlight the main points, common themes, and areas that still need more
research. By combining keyword searches, visual displays, and Al summaries, the system turns a basic paper search into a
smart and interactive way to help with research.

VIII. CONCLUSION

The number of research papers is growing very fast, making it harder for scholars to find, understand, and connect
important information quickly. This highlights the need for smarter systems that go beyond simple keyword searches and
can truly grasp the meaning of research content. The Research Compass project addresses this challenge by creating an Al-
powered research assistant that combines semantic search, organized summaries, and smart filtering all in one place. By
using methods like semantic embeddings, summaries from large language models, and retrieval-augmented generation,
Research Compass provides a new way to discover and explore research. The system uses tools such as Semantic Scholar
for gathering basic information [10], a11-MiniLM-L6-v2 for converting text into meaningful vectors, and Gemini Pro to
generate clear summaries. This approach leads to more accurate and reliable search results. The first version of the system
demonstrates that real-time semantic search and structured summarization are possible, significantly cutting down the
manual effort needed to review and explore academic literature. The framework introduced here paves the way for future
improvements, such as using multiple Al agents to handle tasks like searching, combining, and verifying research data. It
also enables customization for specific fields and the use of citation-based ranking methods to enhance accuracy and trust
in academic searches. In short, Research Compass represents a big step forward in making research more intelligent, user-
friendly, and context-aware. Its combination of deep understanding, smart summaries, and interactive visual tools shows
how modern Al can transform how researchers access and use knowledge. With more development and expansion, it
could evolve into a full RAG-based system that helps researchers understand the ever-growing amount of scientific
information with greater clarity, speed, and depth.
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