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Abstract. As geoscience research becomes increasingly data-intensive and inter-
disciplinary, researchers require efficient access to authoritative, multilingual, 
multimodal, and large-scale scholarly resources.  
    However, conventional academic retrieval systems remain largely constrained 
by keyword-based search paradigms, making it difficult to support deep 
knowledge discovery in the geoscience domain. To address this challenge, this 
study takes the Chinese geoscience research community as the target service sce-
nario and develops GeoSearch, an AI-era integrated literature knowledge discov-
ery system. Based on a corpus of 34 million geoscientific records and large lan-
guage model technologies, the system integrates literature acquisition, metadata 
organization, semantic indexing, retrieval-augmented generation (RAG), and in-
teractive knowledge services to conduct intelligent literature retrieval and dis-
covery research.  
    The resulting system provides multiple key capabilities, including high-preci-
sion literature search, semantic question answering, automatic review generation, 
and paper-level conversational analysis. Experimental deployment and usage 
data demonstrate that combining structured bibliographic databases with vector 
retrieval significantly improves the relevance and depth of literature discovery, 
while Large Language Model (LLM) -enabled services enhance users’ efficiency 
in evidence acquisition, topic understanding, and synthesis of related studies.  
    This study offers a practical framework for next-generation domain-specific 
scholarly information systems and fills the gap between traditional retrieval in-
frastructures and AI-driven scientific knowledge services. 

Keywords: Literature Retrieval System, Knowledge Discovery, Large Lan-
guage Models. 
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1 Introduction 

Academic literature retrieval systems follow a core pipeline of collection, parsing, in-
dexing, ranking, and interaction, and they serve as infrastructure for scientific research 
and innovation. These systems are undergoing a paradigm shift from search-oriented 
services to discovery-oriented services, with increasing movement toward agent-based 
models. 

Geoscience is a complex and highly interdisciplinary field, integrating knowledge 
and methods from the physical, chemical, biological, environmental, and computational 
sciences. With a history of 110 years, the National Geological Library of China 
(NGLC) is the largest and most specialized geoscience library in China. It has long 
been committed to collecting, organizing, and curating geoscientific literature data, 
while providing diverse literature services for the geoscience community. 

Geoscience researchers have a growing demand for authoritative, domain-specific, 
multilingual, and multimodal literature resources at multiple levels of granularity. In 
response, the NGLC has continuously collected and organized domestic and interna-
tional geoscience literature data and has developed a literature knowledge discovery 
system capable of revealing relationships among scholarly data resources. Advanced 
and mature technological approaches have also been adopted where appropriate. 

This paper introduces GeoSearch, an AI-driven literature knowledge discovery sys-
tem developed over the past eight years for geoscience researchers in China. GeoSearch 
was developed and is operated by NGLC. The authors of this paper participated in the 
design, development, deployment, and evaluation of the system. Specifically, Feng 
Zhou was responsible for system architecture and search services. Pengfei Lv and Jing 
Zhang contributed to AI-enabled functions and data integration. Zhangbing Zhou gave 
his advice on system architecture, while Xing Jiang did the function test and evaluation. 

2 Related Work 

2.1 Literature Retrieval Systems 

The goal of literature retrieval systems is to help users efficiently identify relevant 
knowledge from massive and heterogeneous information resources. Historically, such 
systems evolved alongside information technology: from early keyword matching 
based on Boolean logic and vector space models, to citation-network and graph-based 
semantic retrieval, and more recently to deep learning–driven intelligent discovery sys-
tems. Early milestones include TF-IDF weighting and inverted indexing (Salton & 
Buckley, 1988), which laid the foundation of modern search engines, followed by prob-
abilistic ranking methods such as BM25, which became strong industrial baselines 
(Robertson & Zaragoza, 2009). Later, web link analysis and citation signal inspired 
authority-aware ranking methods such as PageRank (Page et al., 1998), leading to sys-
tems like CiteSeer (Giles et al., 1998; Lawrence et al., 1999), which automatically in-
dexed scholarly citations. In recent years, pre-trained language models such as BERT 
(Devlin et al., 2019; Nogueira & Cho, 2019) and efficient neural retrieval models such 
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as ColBERT (Khattab et al., 2020) have substantially improved semantic matching and 
re-ranking, forming the mainstream architecture that combines sparse retrieval, dense 
retrieval, and re-ranking (Johnson et al., 2019). 

Representative literature retrieval systems illustrate this evolution. PubMed empha-
sises authoritative biomedical indexing and controlled vocabularies (National Library 
of Medicine, 2025). Google Scholar popularized web-scale academic search and cita-
tion tracking (Noruzi, 2005; Jacsó, 2008). Semantic Scholar introduced large-scale het-
erogeneous scholarly graphs connecting papers, authors, and concepts for discovery 
and recommendation (Ammar et al., 2018). Dimensions links publications with grants, 
patents, and clinical trials to provide a broader research context (Hook et al., 2018). 
OpenAlex represents a new generation of open scholarly infrastructure, offering trans-
parent APIs and reusable data snapshots (Priem et al., 2022).  

2.2 Knowledge Discovery System 

Knowledge discovery systems focus on extracting implicit and potentially valuable 
knowledge from large-scale literature corpora. Their modern foundations lie in 
knowledge graphs and scientific information extraction. General knowledge graph re-
search has addressed graph schemas, entity disambiguation, and reasoning, while open 
infrastructures such as DBpedia demonstrated the value of linked open data (Auer et 
al., 2007). In the scholarly domain, systems such as Microsoft Academic, which was 
shut down in 2021 (Sinha et al., 2015), Semantic Scholar (Ammar et al., 2018), and 
OpenAlex (Priem et al., 2022) organize authors, institutions, venues, papers, and disci-
plines into heterogeneous entity networks that support search, recommendation, and 
science-of-science analysis. 

Recently, large language models (LLMs) have accelerated the emergence of intelli-
gent research assistants. These systems combine conversational reasoning with external 
retrieval, structured memory, and workflow orchestration for searching, screening, 
summarizing, and report generation. Retrieval-Augmented Generation (RAG) is widely 
recognized as a key paradigm that links parametric model knowledge with external 
scholarly databases (Lewis et al., 2020). Dense retrieval models and vector indexing 
systems such as FAISS further enable scalable semantic search (Karpukhin et al., 
2020). Products such as Elicit demonstrate semi-automated evidence synthesis inspired 
by systematic review methodology (Stuhlmüller & Byun, 2022), while multi-agent ar-
chitectures extend scalability in planning, reading, and synthesis tasks (OpenAI, 2025).  

Despite rapid progress, significant challenges remain. Generative systems may hal-
lucinate facts (Maynez et al., 2020; Ji et al., 2023) or fabricate citations, especially in 
long-form academic writing (Chelli et al., 2024; Jain, 2025). Additional concerns in-
clude bias in training data, reproducibility, environmental cost, academic misconduct 
risks, and unclear accountability (Bender et al., 2022). Current research increasingly 
emphasises transparent evaluation protocols, version-controlled data and code (Pineau 
et al., 2021), retrieval verification mechanisms (Asai et al., 2023), and tool-augmented 
reasoning frameworks (Yao et al., 2022) that interleave generation with external evi-
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dence access (Borgeaud et al., 2022; Izacard et al., 2023). These directions aim to im-
prove the factual accuracy, interpretability, and trustworthiness of next-generation 
scholarly information systems. 

2.3 Representative Literature Retrieval and Knowledge Discovery 
Systems 

A systematic survey of representative literature service systems is presented in Table 
1. In this table, the year refers to the key point at which a system was publicly released, 
became available, or was described in a landmark publication. Authoritative sources 
were used where possible, such as NLM technical announcements for PubMed, system 
papers for OpenAlex, and official or team announcements for Elicit. 

Table 1. Representative Literature Retrieval and Knowledge Discovery Systems 

System Year Strengths Limitations 
PubMed 1996 

• Authoritative in medical and bio-
logical fields 

• Strong structured search capabil-
ities 

• Supports systematic retrieval 

• Limited cross-disciplinary coverage 
• Full texts are often linked externally 
• Semantic search and multilingual dis-

covery rely on external tools 

Google 
Scholar 

2004 
• Broad coverage 
• Convenient citation tracing 
• Low entry barrier 

• Coverage and ranking mechanisms are 
opaque 

• Difficulties in deduplication and ver-
sion control 

• Challenging to conduct reproducible 
systematic literature reviews 

Dimensions 2018 
• Strong "research context" and 

evaluation scenarios 
• Enables tracking from papers to 

broader research outputs and ap-
plications 

• Inconsistent quality of multi-source 
data 

•  Access barriers to advanced data/fea-
tures 

Elicit 2021
-
2022 

• Workflow-oriented filtering, ex-
traction, and reporting 

• Improves efficiency of system-
atic reviews 

• Relies on underlying index coverage 
• Requires human verification 
• Citation accuracy and reproducibility 

records still need improvement 

OpenAlex 2022 
• Open and reusable 
• Beneficial for meta-science and 

secondary development 
• User-friendly API 

• Data cleaning remains an ongoing chal-
lenge 

• Author/institution disambiguation and 
citation completeness remain ongoing 
engineering challenges 

Consensus 2024
-
2025 

• Focuses on "conclusion/consen-
sus" style Q&A 

• Emphasizes evidence linkage 
and readability 

• Conclusion aggregation may be biased 
by corpus or prompt design 

• Requires transparent evaluation and au-
ditable mechanisms 



GeoSearch: Transforming Geoscience Literature Discovery for Chinese Geoscientists with AI          5 

3 Methodology 

Geoscience researchers acquire research information through multiple channels, in-
cluding academic search engines such as Google Scholar, publisher databases such as 
Springer and Elsevier, and individual journals followed over long periods. A new do-
main-specific literature retrieval and knowledge discovery system is necessary for do-
main-specific researchers, which should provide authoritative data resources, user-
friendly interfaces, convenient functions, and scalable technologies. 

The architecture of GeoSearch integrates multi-source geoscience literature data and 
implements easy-to-use functions. The system enables researchers to discover re-
sources from commercially purchased geoscience literature databases, open-access ge-
oscience information resources, and content-level data derived from digitized library 
collections, such as book illustrations, terminology encyclopedias, and statistical data. 

3.1 GeoSearch Core Features 

Several core features have been implemented for researchers, including frequently used 
search functions and AI-assist features (see Error! Reference source not found.). 

Cross-database search for multiple literature types. Users can perform integrated 
search across various types, including journal articles, books, theses, conference papers, 
glossary terms, book illustrations, and more, all from a single search box. Titles, key-
words, and abstracts of resources participating in the cross-database search are assigned 
different relevance ranking weights to contribute to a unified scoring system. 

Multi-dimensional filtering of search results. The system supports clustering and 
filtering of mixed results from cross-database searches based on document type, publi-
cation date (usually the year of publication), author, institution, keywords, etc. When 
users select a specific document type, the system also provides specialized filtering 
dimensions for that type, such as selecting paper inclusion for journal articles, degree 
levels for theses, validity status for standards and regulations, and so on. 

Associated recommendations. In addition to focusing on research outputs related 
to searched keywords, information about associated scholars, research institutions, 
other relevant keywords, etc., is also highly valuable. The system provides recommen-
dations for this kind of information on the right side of the search results list. For ex-
ample, when a user searches for "shale gas", they can not only find relevant results but 
also view recommended information about experts in the field, research institutions, 
other strongly related research areas, and more, thus further enhancing user engagement 
and product value. 
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Fig. 1. Core Features of GeoSearch 

A pre-trained LLM with 13 billion parameters, trained on scientific literature data, was 
locally deployed for GeoSearch. AI-driven auxiliary functions based on LLMs include 
RAG-based Q&A, review generation, paper chat, quick knowledge overview, and au-
tomatic translation. 

RAG-based full-text Q&A. A vector database containing core geoscience docu-
ments has been constructed. Using Retrieval-Augmented Generation (RAG), an AI-
driven Q&A application has been developed to provide sentence-level summaries with 
textual references, recommendations for the most relevant literature based on query 
inputs, and suggestions for follow-up questions. The application supports switching be-
tween the locally deployed 13B literature LLM and DeepSeek R1/V3 for answer gen-
eration. The 13B-parameter pre-trained LLM for scientific literature was developed 
based on iFLYTEK’s Spark LLM and further trained using a scientific literature corpus 
provided by the National Science Library of the Chinese Academy of Sciences. Com-
pared with traditional keyword-based literature searches, AI search focuses on credible 
and concise answer-level results rather than prioritizing high recall or complex facet 
filtering. It represents an important product form for future interaction methods in geo-
logical knowledge services. 

Review generation. On GeoSearch search result pages, researchers can select up to 
30 target documents for automatic review generation. The generated review, analyzed 
and summarized by large models, includes sections such as an introduction, thematic 
progress automatically clustered from the input documents, conclusions, and citations 
for review sentences. This function provides preliminary research overviews for scien-
tists and reduces the time required for early-stage literature synthesis. 
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Paper chat. This feature enables researchers to open single or multiple documents 
online and use LLMs for AI-assisted reading, including content summaries, methodo-
logical analysis, innovation highlights, and responses to user queries about the full text. 
It helps re-searchers understand and analyze papers more efficiently. 

Quick knowledge overview. After entering search terms, researchers receive an in-
itial LLM-generated response at the top of the search results list. This direct answer 
helps users quickly understand basic concepts related to their queries and supports rapid 
knowledge acquisition. 

Automatic translation. The system supports bidirectional translation between Chi-
nese and English for text paragraphs and documents, as well as automatic translation 
of English literature search results. This feature improves the efficiency of literature 
reading for researchers. 

Based on the above core features, architecture, and design, the system integrates and 
aggregates data across five major categories, 68 geoscience-related disciplines, and 34 
million Chinese and English literature records. By deeply integrating text search with 
LLM-driven research assistants, GeoSearch provides practical functions tailored to re-
searchers in China. 

 
Fig. 2. Screenshot of GeoSearch.  

The interface language is now available only in Chinese. 

3.2 GeoSearch Technical Architecture 

A cloud-native microservices architecture is used in GeoSearch to support scalable ge-
oscience information retrieval and intelligent search services (see Fig. 3). 
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Fig. 3. Technical Architecture of GeoSearch 

When users access the GeoSearch APP interface, all external requests are routed 
through the Spring Cloud Gateway, which serves as the unified entry point for traffic 
control, authentication, and request forwarding. To improve system reliability and 
availability, Ribbon is used for load balancing across service instances, while Hystrix 
provides circuit breaking and fault-tolerance mechanisms to ensure stable operation 
under heavy load or partial service failures. 

The service layer is divided into front-end and back-end micro-services. The front-
end layer includes ACE-ADMIN, ACE-AUTH, ACE-DICT, and Eureka, which respec-
tively provide system administration, identity authentication, dictionary management, 
and service registration/discovery. The back-end layer contains core business modules 
such as FILELOADER, GRAPH, TERM, SEARCH, ANALYSIS, CLASSIFY, NLP, 
RESOURCE, PROCESS, SCHEDULE, and CONFIG. These modular services support 
data ingestion, semantic terminology management, intelligent retrieval, workflow or-
chestration, and centralized configuration management. The clustered deployment 
model enables flexible scaling and independent maintenance of each component. 

The dictionary management service in GeoSearch is a locally developed component 
designed to organize and manage authoritative terminology collected from the Chinese 
geoscience research community and the Chinese Geoscience Thesaurus. These data are 
used to support query expansion and the refinement of search results. 

Inter-service communication combines synchronous and asynchronous approaches. 
Feign is used for lightweight REST-based service calls between microservices, while 
RabbitMQ provides message queue services for asynchronous tasks such as bulk data 
loading, indexing, and background processing. This hybrid communication model im-
proves system decoupling, enhances throughput, and supports both real-time user que-
ries and large-scale backend processing workloads. 
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The data infrastructure integrates multiple storage engines to manage heterogeneous 
geoscience resources. MySQL stores user and business data, Redis provides high-speed 
caching, Elasticsearch supports full-text indexing and search, and MinIO manages large 
unstructured files such as paper files, data tables and images. In addition, the ELK Stack 
(Elasticsearch, Logstash, Kibana) is deployed for centralized logging, monitoring, and 
operational analysis. Overall, the architecture provides a robust technical foundation 
for large-scale geological data discovery, semantic knowledge services, and future AI-
enabled geoscience applications. 

Technically, deep integration is achieved through data interfaces and application-
page integration. A synonym repository enables semantic expansion and cross-lan-
guage search. LLM-based semantic understanding interfaces are invoked to interpret 
natural-language search conditions, thereby improving the accuracy of returned search 
results. 

4 Results 

GeoSearch was launched for trial operation among all China Geological Survey (CGS) 
users at the end of 2024 and is accessible at https://geosearch.cgl.org.cn/#/. Since its 
launch, the service has received positive user feedback and has recorded an average of 
approximately 8,000 page views per month. Users from the broader Chinese geoscience 
research community are also actively applying for trial access. However, due to insti-
tutional Web Application Firewall (WAF) policies, access for geoscientists outside 
China may currently be restricted. Table 2 compares the advantages and limitations of 
GeoSearch with those of commonly used LLM-based literature services in China. 

Table 2. Comparison of GeoSearch and the commonly used LLM-based literature services. 

 GeoSearch THU Aminer CNKI Research AI 

Pros • Higher data authority and credi-
bility. 

• Integrated with local knowledge 
base, resulting in more accurate 
results. 

• Deep integration of LLM into lit-
erature search services, signifi-
cantly improving efficiency. 

• Supports research 
hotspots, citation rank-
ing, and other fine-
grained search func-
tions. 

• User-friendly interface 
design. 

• Rich data resources (over 
600 million literature rec-
ords), supports progres-
sive Q&A and multi-docu-
ment comparison without 
limitations. 

•  Offers advanced docu-
ment analysis features. 

Cons • Automatic review generation is 
currently based only on titles and 
abstracts, lacking detailed content 
analysis. 

• The automatic review generation 
workflow requires further refine-
ment and simplification. 

• Interface design is rela-
tively complex. 

• Summaries are limited 
to general overviews 
without categorized sec-
tion summaries. 

• Document Q&A does 
not support source 
traceability. 

• Paper reading and review 
generation lack precise 
source attribution. 

• Review generation perfor-
mance is suboptimal, with 
limited summarization 
ability and weak profes-
sional topic comprehen-
sion. 
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5 Conclusion and Future Work 

5.1 Conclusion 

The application of LLMs, machine learning, and intelligent search, among other new-
generation artificial intelligence technologies, is reshaping the acquisition, organiza-
tion, and dissemination of geoscience literature knowledge. LLMs provide new possi-
bilities for intelligent question answering and knowledge generation, while knowledge 
graphs offer unified semantic support for integrating multi-source heterogeneous data. 
Machine learning and intelligent search also improve the efficiency of information re-
trieval and knowledge discovery. 

However, several technical bottlenecks remain, including the deep integration of 
multi-source heterogeneous data in the geological domain, the accuracy of geoscience 
semantic recognition and knowledge extraction, the spatial representation of geological 
knowledge, and the credibility and explainability of generative geological knowledge 
answers. These challenges remain active areas of research and development. 

5.2 Prospects 

In the future, geoscience knowledge services will closely revolve around the in-depth 
application of new-generation AI technologies. Key areas of focus will include enhanc-
ing foundational knowledge data, improving knowledge semantics, and developing in-
telligent knowledge service products. 

Enhancing the intelligence of geological knowledge foundations. Under the 
AI4data paradigm, large-scale and lightweight model technologies are widely applied 
to support fine-grained information extraction and semantic data construction from ge-
ological documents. This approach improves the efficiency and scalability of building 
fine-grained geological databases. By integrating geospatial information with struc-
tured geological knowledge, annotation of geological knowledge onto maps is enabled, 
facilitating spatially explicit knowledge representation and analysis. 

Developing intelligent geological AI search. The technical framework based on 
Retrieval-Augmented Generation continues to be optimized to enhance answer gener-
ation quality and improve the precision of source attribution. These advancements con-
tribute to more reliable knowledge discovery and better support both scientific research 
and applied geological investigations. 

Deep integration of knowledge graphs and LLMs. Methods combining 
knowledge graphs with large language models, including Retrieval-Augmented Gener-
ation and Graph Reasoning-Augmented Generation, are increasingly adopted to miti-
gate the hallucination issues inherent in large models. This integration strengthens rea-
soning capabilities and enhances the accuracy and reliability of solutions to complex 
geological problems. 
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