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ABSTRACT

With the rapid development and commercialization of large-scale generative language models, concerns regarding the appropriateness
of model outputs, expertise, and data security have been emerged. In particular, Korean generative language models specialized in the
field of geoscience have not yet been studied due to difficulties in data processing, preprocessing and a lack of development cases.
This study conducted the entire process for developing a Korean language model specialized in the field of geoscience and evaluated
its applicability in related fields. To achieve this, academic data related to geoscience were collected and preprocessed to create a
dataset suitable for the training of the language model. The dataset was applied to the Llama2 model for the training. The trained
model was quantitatively evaluated using 19 different evaluation datasets from various fields. The results demonstrated improved
functionalities related to scientific question-answering and Korean text interpretation compared to the original model. The language
model developed through this study can potentially enhance research productivity in the field of geoscience, offering benefits such as
idea generation. The outcomes of this study are expected to stimulate further research and the utilization of generative language
models in geoscience in the future.
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Fig. 1. Evaluation results for each learning stage of the pre-
training model using 9 evaluation datasets. (a) 0-shot; (b) 5-shot.
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Fig. 2. Comparison of 0-shot scores using 9 evaluation datasets
for models trained using each instruction tuning dataset.
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Table 1. Hyperparameters and time required for the pre-training

Hyperparameter and variable Value

Learning rate le-5

Learning rate scheduler type constant with warmup

Warmup steps 100
Torch data type bfloat16
Per-device batch size 4
Gradient accumulation steps 8
Training steps 5,506
Training runtime(hr) 182.4
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Table 2. Hyperparameters and time required for the fine-tuning

Hyperparameter and variable Inilt;li:;on Altlli:iilgem
Learning rate 3e-5

Learning rate scheduler type cosine

Torch data type bfloat16
Per-device batch size 4

Gradient accumulation steps 8

Target modules q_proj, v_proj
Training epochs 5

Training steps per epoch 363 484
Training runtime per epoch(hr) 591 214

£ SHe 8 BoRA, TR £ 7 1
WS 7|HFo 2 3§t RLHF(Reinforcement Learning from

Human Feedback, Ouyang et al., 2022)7} d&] AR5 Q)

ok o] WAL Qlzte] M £ dAe] £91E B

of BHgate] WA melo] Y w9 B2 HHE #
A

Fhe Ao R FASHY, S48 2L stolwulein)
Eloll wigshe dldto] Expsiehs W] glt.

°f
F|Zoll= HAF mEe] YAl A glolk w2 ds
& W3%|5k= DPO(Direct Preference Optimization, Rafailov
et al., 2023)7} A2t Atk DPO= RLHFS} F-ARGE As
= HolHA L o] vzl 7hslal ¢ito] a0
2= Aol Ak ol= Qlal 2T FAEA Q= diF
1745 LLMOj| A= njA|=27gollA DPOE &8sl
W, & AFollME s 7IHe Zote] HE KL
=i eFstarat skGict. ofof whet Table 29} 2
2l ARESEe] 5 epochol] A4 sh52 dYstA L
Z} epoch®] F& Alguith e Agslo] o]%
| 82 = A=F kAT

Alignment tuningS 434t Al o] A 17
¥} go] shsgo] 3ol whet HAAQl H7F A+
of Uebgth. 22y 2t F7to Al epoch 4 5o %
7F tha skt dAto] UEhgo, wEhA He
& dolEAls &85t HHlo] A7 75 S 0l= ol
Ao 7z mdd Hrks o FE RE® ofyzt o]
LE7HA] B 2 egshit.

lo 1o

]

O

N
i

S Eorlo 1o 30 dr
ox
olr
filo

35 c

-

|

N el
1
]
&
(0}

o,
b of L

Y

o XN
N
N

3. 2% Hrt

3.1, BN @t
£ ATAE A B DA B ARES B
aho] ol 2l A4S ¢ %

o g 81 ol F

o
B
N
A=)
L
rJ
u}
_]Oll
iy ¥
2
Al
rE
o
N
N



A|apst Hof gh5to] dita olo] md) At 345

o7 g % 9k o]F] BAlolAE LoRA
3 n o &3] mdo| g3}y 2 43
o A sgsislor, Y Aol e AR
457 ghgkona A sisol A9 2 4E olRs|
BRI Ql=n l°ﬂ et Aol Jlﬁown} weba o}
& A7} SpEA) ore Qi wdl, Abdsks o m
2 u| 24 o5 2do) Zk %27:5_ Y (ZEZE)S
Saotol &2 ATE v|ws R L

47
Y dlof mRlo] Ze Fofx o] T

=
PN o
o

[o
OHTI

_{\1

T

rlo rfr

o
A

o
ol
of B8 53 7 mao) sgoltt
of th2ol 28 EES AHet= 114
Qo] 75 HelolAl oz muzhel 3
= Y] 27El A Eg s
sttt dultd o w2 AZzg AL clofst 7
2 Apgstel AL, B BrlAL Bzl
A 71 dE] AMEE= top p2t temperatureThS &85
ATk top_pe= 72 0| p oshr} HEE MEY A
EZ $RE Aghel= QAo ™, temperaturei= HH 2]
gtk 2 A 2 gk Aolg 2USRE g S
o E Qa BE 0o eSS O oGBS 2
29 F S HH, 19 49 o AES A
$31A ke AT 2t B WA AE A BE w
ti5le] top pe} temperatureE 0.52 A3} &L 4
ket

Table 32 501{2} A=

A Vehitt. 9

f Hn
Oo}‘i

1o
_EL
i u]

o

_ _{lN _lhol JE
Bl oo ﬂj
el o
ol o
flo @
i)

1!

O

+
ox

ol
-
2

o]
-

(ol

u:E
)
o o
N

Hﬂ

of et Al HHle] =2 Aut o
< 0]% H4l(Base)d} APAEHGE 2d
(Pretrained)> Eﬂﬁw A=ol 7lste] d=HE =% o]
FE th= FEHE W&ol S=E, nhzAol
25 RE(DPO-4E J2E B shtel s Ui
o2 ZhEsial ofof tigh HHel Jeje FEo] 3y
o}, wheba 7 mlo] Bl Q2 Ay glate]
£ 98 9L 7157} AlelE ARel Jel2 Faect.
=8 oM AAAoR APdeER nAl=A ol
Soisl melol A Qe B o Hgke Aw wof 9
Uhgo] ek Agro] kEn, So] dvtdozs A}
S ohe Tl el P ARASE Teje A
o] FEFAER Sh5o] frasHA +3E A E%‘JQ
T Atk AEoA dojmdo] S5EA] 2 WES
o 79 mue AAAQ) Yol gl 2R aﬂﬂ(ﬂ
he =25k =™, Table 30 yehd ks o) Hdll
S 2o} olof ajgith. HEAeR 24 o9
G 712 mEoA ShEEAY e T EEY Al
THMC(Thermal-Hydraulic-Mechanical-Chemical)2} 7}
} S-AFet E 2|32 W ek (Trihalomethane, THM)o| 225
HHOEA FEH Aoz Holu, ARt oo df

e

i ]Io|| _lolt

O

0, on, 1o N ]

o

)

o]
)
i

fu
HU
i)
i)

, 7b, 7Tc, 8¢), ﬁ‘] T}
A A HEE B 497, 8) 2uE To]
0l Al Sl AolA vy w
T UEE 47 £Alsks 0w Relt

?Ii & dstr] fsixle APdeks diolH 9
A A nA2d dAeA Z-8E = HolHE
AT W8z FSstojop & Fart glov, e &
opollAi o] BHes djofEl F7ke b oR e EE o
ofo] Tgt Wtolu} sk Aol X 0 AT BT
9 A S Shzho 2 HESHE BAI(ShE BN 4 9
o}, wheha] 2| Qs Hope] ARSIE SRelEAE of
23t FAIE WA flsiA = A F et Zopol] ARt
58 dlole 9] 7ol Ao R Fadh ZHog Hel
oh E3F FToll= Tl Zast &S AM ¥ ol
ool et @S st A58/ (Retrieval-
Augmented Generation, RAG) 70| A& AMH|AE &
Alo g gbs| EH8-5] 9] O B2 (Lewis et al., 2020) O]
B 2AE shdety] 98 BRA wHoRs neld
olrt.

o ¢

o

_Lm{m 2o ox ool
o :
iy
Ef'

ol
ob
)
_;
mko
=)
=AY

_L4 O]I, ol_m
x

o)
_“.-L

mlo

4

3.2. M IR olojy 1A
wg Aol Ak HrE 9F) AMREE= 7]‘ﬂ3’_]( 3

71RO e FRE glovl, Aot wed] 1
o] B4 A %W YEAE Frlshe e dol B

Agpo] FolAe w1 AHLS AXstel LulE e
=
=

H7ke] e of

st gl 7] wopoll A e thFgt ol Alo] AA o
o, ojggt P75 F2 oA ARdolu g o
i3l R AR A0l ARS 23kl gk a8y} A AE A+
Haeh, st 5 54 Hopol| E3td #E B A
T EASHA ghow, 18t B thiok glo]ElAl] ARC
L SciQ FollA G A dast W 7% wao] 3
Ao 123l Q). 5 Add) A(Deng et al., 2023)

ofl M= thet 19hd 9] A|EsE Al 8= 25t
glolEAlo] AREE o, & Aol A= s HolEAl
= ol §ste] &85l

ng i oAl 3 B7HE fIste] 970 HolH
A& AlgHA o2 2853l oLy, 2 7ol A= et 1+
P, 7120 4P 4% ARES SN S shatol

9 ojoiz ¥l 1979] g0 e Al AME-STHTable 4). T



546

Table 3. Examples of responses to the
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Table 4. Datasets used for the evaluation of the language model

Dataset Abbreviation Description
ARC Challange ARC-C . . o .
AI2 Reasoning Challange, Basic level scientific reasoning test
ARC Easy ARC-E
BoolQ BoolQ . .
A test to determine the consistency of content between short passages
BoolQ (Korean) BoolQ-K
COPA COPA Choice of Plausible Alternatives, A test that infers which of two causes given
COPA (Korean)” COPA-K for a fact is more reasonable
AP Exam (Geoscience) AP-Geo Questions related to geology in Advanced Placement examinations
HT Astronomy* HT-Astron
HT College Biology™ HT-Bio
HT College Chemistry’ HT-Chem Hendrycks Test, a science-related dataset among multiple choice tests organized
HT College Physics” HT-Phys by various fields
HT Conceptual Physics” HT-CPhys
HT High School Geography" HT-Geo

HellaSwag (Korean)

HellaSwag-K

A test that predicts the next situation using common sense after a sentence
describing a certain state

SentiNeg (Korean)' SentiNeg-K A test that classifies whether a sentence contains a positive or negative meaning
OpenBookQA OBQA Multiple choice questions on basic scientific facts

PIQA PIQA S:I}Iflsinlcglll_ir;:fsr:c;;izi S}f;ssitci;)nperglsxsring, multiple-choice questions on
SciQ” SciQ 13,679 multiple choice questions on physics, chemistry, biology, etc.
WinoGrande WG A two-choice test of the appropriate word to fill in the blank in the sentence

OlEIAEE Tt Aple] 2T <l
#e o] o]} (OpenBookQA), 3} %] 4]
Hendrycks Test, SciQ), @44 +=

PIQA),

A=

& mE TSt
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FE(ARC), 1}t
B 7HAP Exam,
2] 2 (COPA, HellaSwag,
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A} GAFSE FAFS H 1o, DPO epoch 594 o)A
ndlvoh Pt J47t stebels A Yo UEkst
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gz Pastgon, 7t 4o uek Fl scorert A
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ik 7} GAF BEe R mel(Base), ARABHSO] 9
55 X d(Pretrained), H|A| 27 = instruction tuning©|
=¥ md(Instruct), DPO 8159 epochd &3 wd
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0.6

Averaged 0-Shot Score

0.53
Base Pretrained Instruct DPO-1 DPO-2 DPO-3 DPO-4 DPO-5

Fig. 4. Average score of final evaluation results using 19 evaluation
datasets.
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Table 5. Final quantitative evaluation results for each model

Raw Pretrained Instruct DPO-1 DPO-2 DPO-3 DPO-4 DPO-5
ARC-C 0.4130 0.4172 0.4445 0.4531 0.4599 0.4642 0.4616 0.4642
ARC-E 0.6886 0.7012 0.7247 0.7319 0.7311 0.7315 0.7298 0.7298
BoolQ 0.7789 0.7495 0.7679 0.7927 0.7927 0.7969 0.8064 0.8034
COPA 0.8800 0.8700 0.8900 0.8900 0.8900 0.8800 0.8800 0.8800
AP-Geo-K 0.2889 0.2853 0.3118 0.3168 03118 03111 03111 0.3125
HT-A 0.4605 0.4803 0.4671 0.4474 0.4671 0.4803 0.4737 0.4737
HT-CB 0.2708 0.2986 0.3542 0.3889 0.3819 0.3958 0.3889 0.4028
HT-CC 0.2500 0.2500 0.3400 0.3300 0.3400 0.3500 0.3900 0.3800
HT-ColP 0.2255 0.2451 0.2451 0.2941 0.2941 0.3235 0.3529 0.3333
HT-ConP 0.3787 0.3234 0.4000 0.3787 0.3872 0.3660 0.3660 0.3702
HT-HG 0.3687 0.3636 0.5303 0.5303 0.5354 0.5354 0.5404 0.5404
BoolQ-K 0.5677 0.5556 0.7934 0.7080 0.8405 0.8618 0.8618 0.8597
COPA-K 0.7970 0.7770 0.7860 0.7900 0.7930 0.7920 0.7920 0.7910
HellaSwag-K 0.5000 0.4780 0.5040 0.5000 0.4940 0.4980 0.4960 0.4960
SNeg-K 0.5340 0.7128 0.7053 0.7103 0.7305 0.7380 0.7456 0.7431
OBQA 0.3260 0.3020 0.3220 0.3180 0.3200 0.3240 0.3220 0.3240
PIQA 0.7802 0.7720 0.7824 0.7851 0.7818 0.7840 0.7840 0.7824
SciQ 0.9120 0.9220 0.9330 0.9430 0.9430 0.9460 0.9440 0.9420
WG 0.7040 0.7080 0.7040 0.7103 0.7088 0.7088 0.7064 0.7088
Averaged Score 0.5329 0.5375 0.5792 0.5799 0.5896 0.5941 0.5975 0.5967
Scientific
ARC-C | inference —
Language and WG e ARCE ?:rllegztalgz
3(:;3);;:1]”% SentiNeg-K - 1.5 0BQA understanding
o7 14
BoolQ-K %g 3 AP-Geo
N %12
: 11
BoolQ HT-Astron
poal | LU UL L) L TS HT-Bio
HellaSwag-K HT-Chem

COPA-K

Loginal
reasoning

COPA HT-CPhys

SciQ HT-Geo

67l sttt AE sz Ueptons 3
22 wsl7] $j5) DPO4E HE mulw

At

HT-Phys

Fig. 5= & KHo

Scientific
knowledge
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