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Review on artificial intelligence-based large language models for
geological hazards

TONG Bin', YIN Yueping', LI Bing', TANG Jiting’, YANG Xudong', XU Zixuan®
(1. China Institute of Geo-Environment Monitoring ( Guide Center of Prevention Technology for Geo-Hazards, MNR), Beijing
100081, China; 2. School of Artificial Intelligence, China University of Mining and Technology (Beijing), Beijing
100083, China; 3. School of National Safety and Emergency Management, Beijing Normal University,
Zhuhai, Guangdong 519087, China)

Abstract: Currently, the technology of large language models is evolving rapidly and accelerating its integration in geological
disaster prevention and control. It has been expanding the application scenarios and breaking the limitations in data analysis and
complex modeling capabilities as well as innovating the traditional research paradigm. To further promote new breakthroughs in
Al technologies in the intelligent prevention and control of geological disasters, this article reviews the evolution characteristics
of large language model technology and the application scenarios in multiple fields, and also discusses the key technologies

including small sample learning, multimodal data fusion, lightweight model and transfer application, as well as expert
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knowledge embedding and human-computer collaboration, which are also the main ideas and research focus directions for

achieving intelligent identification of geological disaster hazards. The article also proposes an "AI + geological disasters"

research framework, technical ideas and typical application scenarios based on core elements including "application scenarios,

key issues, mechanism of action, data modalities, sample characteristics, model development, expert knowledge, and human-

computer collaboration". This highlights the important value of Al technology in geological disasters research in solving the

dealing with multi-dimensional, multi-scale, nonlinear and complex relationship modeling problems. The purpose of this article

is to promote Al technologies to integrate into geological disaster prevention and control work at a deeper level, from data,

models, and knowledge, and also better leverage Al technology to promote the development of disaster prevention and

mitigation towards a greater precision and intelligence.

Keywords: DeepSeek large language model; “artificial intelligence (AI)” +landslide; Al-based landslide detection; data-

model-knowledge synergy; Al-based landslide prevention and control
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Fig. 1 Development strategies and key technologies of large language models



4 - Hh [ M KCE 5 B iR A 4R

%24

AR, SCHEA IRAEAS T AR R Bl A
PRAE AR T, T A E ] S B RS X R EOR
(contrastive language-image pretraining, CLIP), & F+%f £
TE SR BHE G AL BBOR . AR A S PR D71, 15
B N2 2 554k 27 2] (reinforcement learning fromhuman
feedback, RLHF ) F f * i s /% 60 - 1§ 4f 30 - phe 55 i 1y ™
PRI IR, 38 AR AT fig Rk 20,

IR —FRIWH L M FOCHERAR (32 1) #E3) DeepSeek

IR AR 2B E R Al A AL PR | B M T U L AVEEAR 2
> | BEAVR AL SATAE M . AWLER S & RS
857 TH U R B e, IR AR SOAR A B R PR . B
R AR AR B DA K A 3 AU 2 AR R L £
BAES R B, il N T8 fiE (artificial general
intelligence, AGI) 1) & Jié 4 5 2 A B 420, S 3K gh A
(] AT AP 58 AL 138 AT BT %

&1 LLMs HH& RIS KRB AR

Table1 LLMs development strategies and core technical components
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Fig. 2 Framework for intelligent geohazards risk identification empowered by LLMs and Al technologies
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