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Abstract: Current applications of large language models (LLMs) in geological
prospecting face challenges including insufficient domain expertise, data privacy
concerns, and model hallucinations. Furthermore, there remains a lack of efficient and
rapid knowledge recommendation methods for LLMs in this filed. This study
proposes a KG-RAG (knowledge graph-embedded retrieval-augmented generation)
framework that automates the extraction and structured representation of geological
prospecting knowledge under the constraints of a geological ontology, leveraging
large LLMs as tools. It further employs multi-hop retrieval algorithms within the

knowledge graph to enhance the depth and breadth of retrieved content, thereby



constructing an intelligent question-answering model for geological prospecting.
Experimental results demonstrate that KG-RAG achieved scores of 0.807 (Precision),
0.833 (Recall), and 0.819 (Fl-score) in knowledge graph construction tasks.
Compared to direct knowledge extraction using the baseline LLM (GLM4-9B),
KG-RAG delivers improvements of approximately 50% (Precision), 8% (Recall), and
29% (F1-score), respectively. In question-answering tasks, KG-RAG achieved 0.917
(Recall) and 0.88 (Precision), outperforming document vector-embedded
retrieval-augmented generation methods by approximately 24% (Recall) and 22%
(Precision), respectively. KG-RAG exhibits superior performance in both knowledge
graph construction and intelligent question-answering. It effectively collects and
represents geological prospecting and mineral exploration knowledge, providing a
valuable reference to geologists for the combined application of LLMs and
knowledge graphs.

Key words: Geological Prospecting; Knowledge Graph (KG); Large Language
Models (LLMs); Retrieval Augmented Generation (RAG); Geological Ontology;
Chain of Thought (CoT).
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Fig. 1 KG-RAG: knowledge graph-embedded retrieval-augmented generation framework



for geological prospecting.
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Fig. 2 Ontology Schema of geological prospecting knowledge graph.
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Table 1 Pseudocode of triple extraction through chain-of-thought.

&% 1. TripleExtractionByChainOfThought

WA
Q: AFE
K: GUSHEIIR XA
E: few-shot RBIES




Ontology: ARERENX (LKA, XRAR)
i
Triplets(Q, K): #iERFY=JTHES [Subject, Rel, Object]
R EE X
parse(Q): Xf (o) i1 7IE X T 5 X $EIR1R B
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extract(K, Q): 1RIBE)FAFM AR X AIHEUFELE LA 5 X R
validate(triple, Ontology): 3 UE=JCH RS E1B X FAREKLAR
normalize(triple): 3 =JCEERFITHSEILTRIA
B
1. keywords < parse(Q)
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/I REFH e iZ=TA
5. Return Triplets
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Fig. 3 Prompt engineering framework for triple (head entity, relationship, tail entity)

extraction constrained by the geological prospecting ontology schema.
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Fig. 5 Prompt engineering for geological prosecting question-answering model.
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Table 2 Geological prospecting documents of the study area.
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Table 3 Some triple instances in the geological prospecting knowledge graph.
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Table 4 Evaluation metrics of the constructed knowledge graph
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Table S Manually annotated corpus for KG comparison.
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Table 6 Evaluation of knowledge graphs for geological prospecting.

Precision Recall Fl-score
KG-RAG 0.807 0.833 0.819
ChatGLM-9B 0.537 0.768 0.632
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Fig. 6 Instances of question-answering by (a) KG-RAG and (b) LLM directly.

BEA, B FT 7 T X B bR SR R R BEAT S 1], (R A R 8 RE M
RZPRBEIIT A5 B = e PR FE AR SC R 5 B3 AT B B, Wi 7 Pw .



Question:

JEVE B AR A B A A e 7 I

I Question:

YN E R R bR A e

Answer:

NEaE XE e b EEAELL T 1,
BT 22 e I T X (R B 2 B0 B F LA
1. W RRE: NP EAATE S S8 S a T &M %EE
A, LK R S R U R R R R, SX A
FEREE A E R E .

L4820 X 8 A 2 BT A0 R s
AR EE ZE R D S, e R L A ) S T
AR XTI I T R 43 A A S B

2. PEfh A R B S — R bR S S OB AR I
HHE R fiath, SMEMESREHENY R
. REGAE, A3 Gk giikar, gl SRBL NS
i

2 A N OE XA Pl E bk DLW, %
Wi 240 AR R LA 2 AR B T R,
R S T AL A AR S k. ULSNJZNE. NNEf
LR Y b

Iahtrd: RV EREABAZREREM SRS
FRATHL RS S I R T AL . SRR . R
e R O IR R 2

G = eI A5

|
I
|
I
I
I
I
I
I
I
I
I
I
I
I
I SRR O RET S ) s EEa S
I

I

I

I

: JIUEF K, R bk, fithsd

I

I

I

I

I

I

I

I

I

I

1

1

1

1

1

BHERCA M R BHEN S, RIER S ST RAE Y]
P

LHETY: IO X EET YR RET, L8051
SE T I A A TR 11 FRLAH G

PR IR A — mﬂlﬁ&lﬁﬁ L, LA, AhEE R DU R R
MR = EE . Mk

o A8 S R S AL — B bR, B, AR e 4 s R
M RE . KIS

M AR e S — ’“.Mi&b!l‘]’ﬂ.‘ A%, A9 (REARD fbka
o3 7R R R AL .L,Ehr‘ st

&, 4, R S AR

I =M E R

SB[, 20 A, =2

ST, F R, R Hyis

SRR AR R A, B, N RS ERD B = BHE R

SSAER A, B, L EEN S RHER A

JIAF X, thEEAHZ, 7 A 0 R R A
JIEET X, 8RR, Bk i

SN, B, TS W T R A A A

IR, FE 9, RN

<INV H, 44 T, B A=A L g

SE K, 48, ITSNJNE NNE[a] {r) Hi Rk it

, wm%, o RHE R
BTN, — = BN
L, B R S, VR AR DR R . SRR

(a) (b)
7 BIRXAERT MREESER: (a) LY HE, (b) BYPER
Fig. 7 Question-answering instances of geological prospecting knowledge in the study area:

(a) prospecting clues and (b) ore-forming conditioning factors.
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Table 7 Evaluation metrics of question-answering models.

Recall Faithfulness Accuracy
KG-RAG 0.917 0.808 0.88
GraphRAG 0.785 0.808 0.73
Doc RAG 0.735 0.813 0.72
No RAG 0.38
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