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Abstract

Large language model-based question-answering systems deployed in enterprise environments of-
ten face several practical challenges, including incomplete domain knowledge, generic responses,
weak capability in extracting entity relations, and limited answer traceability. To address these is-
sues, this paper proposes a retrieval-augmented and generation-enhanced framework for the drill-
ing geological design domain in oilfields. The framework incorporates Ict-Retriever as the retrieval
module. Enterprise documents are segmented into manageable passages and encoded into a vector
index to support efficient retrieval of relevant external knowledge. In parallel, a domain-specific
instruction-tuning dataset, named ICT-DrillGeoDesign, is constructed for drilling geological design
tasks. The dataset covers key technical topics, including formation lithology, pressure prediction,
drilling fluid design, and wellbore structure design. Based on this dataset, ChatGLM3-6B is fine-
tuned using QLoRA to obtain IctLM-Drill, a domain-adapted language model for drilling geological
design. In addition, a domain knowledge graph will be developed from core technical materials in
the future, including drilling geological design specifications, reservoir characteristics, drilling en-
gineering parameters, and safety warning standards. The knowledge graph enables the system to
support multiple downstream tasks, such as domain question answering, entity and relation extrac-
tion, and drilling design parameter recommendation. Experimental results show that IctLM-Drill
achieves BLEU, PPL, and Distinct scores of 0.458, 6.82, and 9.15, respectively, outperforming the
original ChatGLM3-6B model. After integrating Ict-Retriever, the end-to-end system further im-
proves the corresponding results to 0.658, 6.42, and 16.87. These results demonstrate that the pro-
posed framework can effectively improve the accuracy, domain relevance, and practical usefulness
of question answering in drilling geological design scenarios, providing intelligent support for oil-
field drilling engineering design.
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Figure 1. Overall framework of the retrieval-augmented and generation-optimized method
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Figure 2. Construction pipeline of the instruction-tuning dataset
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Figure 3. Construction of ICT-InstructTech and training pipeline of IctLM
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Figure 5. Memory requirements of different fine-tuning methods

E 5. TRMRIEGEREREFERK

K CAE ICT-DrillGeoDesign $#E5 _FXF ChatGLM3-6B HEATATIRAE A MR, A4 7Y 2 =) 55 457 3 11
ARG, SHOCR, VERIE T NS A A, e 245 3T ) Bl b 5 15 1 55 1 sl A=
PR TetLM-Drille 2584 3 S0 7] = SRR 55 T FE I R A HERE

H—FONE I BT R ) B AT 5% o A2 Gk AR [B] (R U 48 , X HhERHAE L R 7 T
iRt G G5 RO SR AR AT B2 . 2 RN AU S ER TS, BT st
ety LREIVE R SGBOR BOR R IR i Bt Z 2 FR . IRFEEX IR, R A28 SRR, B8 NIR
SRS R . BB ORGSR O R A AT, B IR TUE S JSON B, Hrih)2 . Ak E77.
Bt B8 O RR R S SR, IR SR 2 A ) TR OGO &R .

FEHEFEFR A, RGE SRS AN [FAE 55 R AL T AH L) Prompt #5545, PR H IS Ict-Retriever
IR B A ZRUEHE L [N TetLM-Drille % Tk 45 10 %4155, Prompt B £ o0 H 7 [l @5 46 2 U4l DA A 2B
J R Z [ X R F, 5] SRR T AR AR B E R . TSk e RAE AT S5, Prompt 3 —25
SRS . KR ES S JSON Hrth kg NER, DA m S Mg S m) — S Aaie vk .

I FAR BT, IetLM-Drill AMYAES8 A 5 Mk 55 R N A — B0 HARIE S R, I Re s mT
B 5 B35 R G EAR AT AR I A A 45 2R AT A Bl R BT v 35t R AR I 2L A5 BRI S0
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4. S2I%
4.1. SCERIESHIERISY

SLIGLERC % NVIDIA T4 GPU ik %5 #s TR, ##4E RSi4 Ubuntu 22.04, RFZ% SIHESEA PyTorch
2.0.1, CUDA }iA A 11.7, Transformers BAA 4.30.20 N T FEBZAVTAL 5 5LBURAS, A SR FE 5 1
8:1:1 LLBIRI N4 . BUEERIINALE, T2 4728 IRIE . BB LRI G 3 Fios.

Table 3. Partition of the experimental dataset

3. LRBIEER S

EAGITE S kS KUEE Mk
ICT-InstructTech 1200 150 150
WuDaoCorpora T4 1200 150 150
=it 2400 300 300

4.2. HARBS)ILEE

AL E = A OB AT SIS X b, BRI IG ChatGLM3-6B £:27 . 2 LoRA il J5 1
ChatGLM3-6B 1 4! PL [z 4858 QLoRA il J5 IctLM BEAY . 75 b 2o 0] 25 PEI H, idE— 20 %5 Tct-Retriever
5 1ctLM O35 B SZI8 R0 . BRI R R AdamW 04628, FEMRIEH A BEE K Z SIS M S5
HECK token KB, BATRBIAR ORI KA e . SRR FENGES W% 4 FiR.

Table 4. Key training hyperparameter settings
F 4. EEVNSGEBHIKE

ZH WHEME
LYK /N (batch_size) 16
b BAUE $(gradient_accumulation_steps) 8
W 4r%e H(epochs) 30
2% 3] % (learning_rate) le—5
itk ds AdamW
LoRA #k(lora_r) 8
457 A -F(lora_alpha) 32
Dropout (lora_dropout) 0.1

4.3. THLIERR

A FH BLEU. PPL #l Distinct =M Fa5 K 42 PP AL [ % HH iR & . BLEU &HLE IR 5
AR AT S5 R Az O VRN Fe b, i e AR iU 5535 SO 2 R 1) n-gram 55 8 2 P R &40
SERARAIE[19]. HEARI T .

N
BLEU =BPx exp(z w, log p, j

n=l1
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Hoof BP WK BT T, p, 8 n-gram BFE, w, WXRALE, ASCRA LR BLEU-4 1457,
PPL (Perplexity) 5 I i 0707 TR A b 1 PR AP, S0 6 2 T ABL200 6 LS 404 4345 0L 25 R AT
LA SR TR

i
PPL(D)=2">"" log P(w,)

Horf, DOAMREUHESE, N AMTEEL P(w ) ABEHET w B,

Distinct JJIH 1 4 T+ A48 BOCA HHANE] n-gram 1 EOBISRAT &40 H I 2RI, BUEDBORARTR 2B Rlesh bk
A G AN E[20], THE ARG R s
Zi]il nlmique

N

i=1 ntotal

Hb 1y HIEF n-gram BB, n,,, 9 n-gram FUEECR . BRI SEROR R S K55 1) 7 2L RIS
B BRI, a0 RO E IR AR A 2 LA A TH R BB R . (R, AR Sees &b N T,
X BRI . TR S B0 L RN 55 R v B I SR AT A B

5. BRE5Sh

5.1. RUBERBIMEEELLRE

Distinct-n =

Table 5. Performance comparison of baseline generative models

3?5, Bt RAERMERELLAR

R BLEU PPL Distinct Epoch
ChatGLM3-6B 0.302 10.06 6.15 30
ChatGLM3-6B (LoRA) 0.385 7.65 8.32 30
IctLM (QLORA) 0.413 7.14 8.47 30

SRR S HE A BRI R 5 Bk, WEERWTLLEH, 438 LoRA fMRE,
ChatGLM3-6B (LoRA)CL/E =i ks b AL T 4G ChatGLM3-6B, B S35 = AR T £ M ATk AT 45
HA 2. 2K H QLoRA J&, IctLM 7£ BLEU. PPL 5 Distinct 4> HlikF] 0.413. 7.14 £l 8.47,
BARR I A fd.

PLUE SR ChatGLM3-6B 7 A3 2L, IctLM 7E BLEU.PPL F Distinct 845 _E 73 BT+ 5 1L 4 36.8%.
29.0%7F1 37.7%. FH, BLEU ARG R S5 SHE R 2 WA E S —8%. PPL T
e H AR S A ST A A B T AU RE . Distinet B TR0 AR R A= i A 25 (3R] E 22 BEPE AN R
BFEFEMRENGER. RS R, S5E0ETE S EUE S SO 7, BRI — DR TR 7R
bR BT N A R BT S IE R AR 7T, TG TR A YT T IR T K
G GBS AT

IR FE P () PPL A8 4k th S e 28 Aelka%h, &l 6 Fom . ARIEIIZRH &, #4287 10 4 epoch P, IctLM
MR R T BT AR, BEBNIERE /N T R AP RY, B B S 0= U FE AT 55 Hh B BT sk
itk 258 BEhIRbR T LA, TctLM OB AR A AT AL s 78 iy ml 4

5.2. BFR - EBRER
N T W AUEAS I 985 A AU I P RISCR s ASCEE— 2% Tet-Retriever 5 IctLM FRIBRENAS A HE4T b
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B3 ] 2P, S5 5404 6 . Iet-Retriever + IctLM (QLoRA)E = Tif& 5 B3 f 45 5, BLEU ik
F]0.612, PPL A 6.76, Distinct A 15.39,

Perplexity of Different Models During Training
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Figure 6. Training results of Perplexity for the three model groups
& 6. =4A#REAY Perplexity IEFRIIZGLE R

Table 6. Performance comparison of end-to-end question answering models

3 6. ImBimE)EARE M RELLAT

it BLEU PPL Distinct Epoch
ChatGLM3-6B 0.394 6.87 8.16 30
ChatGLM3-6B (LoRA) 0.552 7.23 13.47 30
Ict-Retriever + IctLM (QLoRA) 0.612 6.76 15.39 -

N R B JE R AN [ AE BLEU PPL A1 Distinct —IUFEFR LB S, AT — 02 i v 21 oy
) BRI PERERT LL B, el 7 B

(a) BLEU (b) Distinct (c) PPL (Lower is Better)
0.65 ]
7.3
0,617 161 153 723
0.60 1 724
0552 14 13.47
0551 714
E E 12 =
& 050 a 5701
6.9 168
0.45 10
6.8 1
39, 8.1 76
0.40
g
ChatGLM3-6B ChatGLM3-6B Ict-Retriever+  ChatGLM3-6B ChatGLM3-6B Ict-Retriever+ ChatGLM3-6B ChatGLM3-6B Ict-Retriever+
(LoRA) IctLM(QLORA) (LoRA) IctLM(QLORA) (LoRA) IctLM(QLORA)

Figure 7. Performance comparison of end-to-end question answering models
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5% 5 FF i) ChatGLM3-6B JE£EBAUA L, il & Ict-Retriever ()3 Ei f5 %4 7E BLEU. PPL Al Distinct
fabns b R B 55.3%. 1.6%F1 88.6%. HHET ChatGLM3-6B (LoRA)E:%Y, BLEU. PPL #l
Distinct FEHRIR 7 53— 20521 10.9%. 6.5%M 14.3%. SZIGSE BRI, 2 5458 10 A B Al 2
A B P FFE R R R AR08 A B AR AL 22 1 o) A G (1 A SR AR, 2 AR AR o
AN B RN B BT J ) I A AU R AR 2R U i 4% B G FR AR A R M R B R B ARE . SEOC R
RS EESR, IR TH R 45 R . TR R IA P&

TERGIE MR B AR & 3 sk, R R i E ZAR I DL = AT Ho—, Befg A
JRETHR . LARTE R SR GO A 5] 5 F P i) A DG FRIESE v B, AL A el AR LA 4
=, aepRgsh=. R, K. 8RR AIF 4SS 6 E RAHLS F R0, BsRBERON S S5 K&
HORHRR RIAM AL ) B =, BEW SRR A A RFEE S, b ss T 5 LA A SR G 7
HH S HHANI RN TR RAEH, RT3 s R GO0 BoR v TH BRI 55 En R AR A6 (1 1& B g

BN T, FA1E—5 K, ChatGLM3-6B (LoRA)EIE M M5 T O B A Bl £ I,
B K258 T SO b 9 S S i 2 Bz A R s . Iet-Retriever 5 IetLM H& 78 2 fe X G i 2
Hh e 88 T L R RS R B S5 E s, 1B SGRIATEHERS, MIEWEMEAR. BE B RGUR ). HikAT
W, ERAR ARG 2% BB AR A TR T DA B B SR, 8 IR B R A A R il 25 3 i DG4

5.3. iHRASEIR

NAEASZ OB IST TR, ASOT RIHRESEY, 45 RAE 7 Frm. (AN 5 B AN
BEHORH AL RERIFE, AL HE— P el DRI SR 45 R, nlEl 8 pis.

Table 7. Ablation results of core modules

% 7. B BRERSER AR

LAY BLEU PPL Distinct
ChatGLM3-6B 0.394 6.87 8.16
¥ QLoRA i 0.358 8.22 7.63
X ICT-InstructTech {4 0.376 7.89 7.95
IctLM(QLORA) 0.413 7.14 8.47
Ict-Retriever + IctLM (QLoRA) 0.612 6.76 15.39
(a) BLEU (b) Distinct (c) PPL

ChatGLM3-6B 6.15 10.06

Only QLoRA

Only ICT-
InstructTech

IetLM
(QLoRA)

Ict-Retriever
+ IctLM

15.39 6.76

0.0 0.2 0.4 0.6 0 5 10 15 0 2 4 6 8 10 12
BLEU Distinct PPL

Figure 8. Comparison of ablation experiment results for different model variants
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HRbSZIG 45 R K], QLoRA %NS S ICT-InstructTech 4TI TE 4 HE 535 Ao g X wi A VE Re pm AR AR
WeFomi . 5EA ChatGLM3-6B ML, 1K QLoRA #iif 5, #7% (% BLEU i 0.302 #2712 0.358, PPL
FH 10.06 P54 8.22, Distinct B 6.15 #&F+ 4 7.63, Ui B 2% imy U i e AE BRI ZRSiA N BB A AL 1K 7
SUCHECRE 7 V8 5 B AL J7 R0 8] & 2 K AR ICT-InstructTech $03E 65 #E AT AT BGE BC IR, #4784 /) BLEU.
PPL #lI Distinct 4} 5llik %] 0.376. 7.89 1 7.95, BEARFLIBE R TIUEFH QLORA Fif A, %45 FKH,
e OB AT 4 B BR A A O R A R0 B b R B AR L B ) B R S BRI O R I B AR
REJTo MR TACABERA 4, AIgdE 2 20 R 08 R AL S A S0 MG SE brolk 55 o s AR S5 IR . TR
BEAE bR IR, AT HE T O SIS SORIMT 25 LK 138 . 6

TESEHER |, 588 1ctLM (QLoRAE Y — 3D 45 & 280 = R i S 5 ICT-InstructTech 413k fis 4
Bl &, A2 S TN fabn B3 T OCR H B — IR g 58 . Forr, BLEU #2713 0.413, PPL [ %2 7.14,
Distinct $&7+ %% 8.47. %45 R UL, QLORA Tl 5 4Is45 4%t 2 M AR e Re S n, M A —
SERIEFEVER . — 75T, QLoRA A PRI E B IE A& AF T IS S B Sl le B2 it T 8O i RN 2507
Ko H—J7MH, ICT-InstructTech MAERIR AL T 5 Ak AR M 235 S A ICEL (O HR S FEAR . ol RIE 7 %
SEMIMAT . S H A S, AR AR S T AT R SR ST B AT R AR R IE AT A R T K,
T4 v 1] 25 o 2o

#E—2 5| X Ict-Retriever /& , Ict-Retriever 5 IctLM (QLoRA)IZH & 1E i b BUS RAILS R,
BLEU i£#] 0.612, PPL [4% 6.76, Distinct $2F+% 15.39. 55% IctLM (QLoRALL, Atk 1
N E IR T, JUIHAE BLEU M Distinct fib5 FISGERCN IR . XK, KRR 4 K
PEFI AN 78 55 P 1) BB SR A AN R RAIE S s A Ao i i 2 v DL AR B B AN . R S B S
(B N 22 A S ) . TEAS AR S 3N, BB AR sl AR SR (5 RN E MRS
Ji 343 20— 1T

SRS, PR SEOS R BUEEE 2 BRIE RS, YIRS AE — e B b G BRI A R B T
BT s R I, (R R T R A7) 52 SR P 0 R R 5 Y L PRI BR ], A DA TR 4 RO R A
ARABIT A Je bR SURIE SR 1 M AR R B AT 55 AHELZ R, A3 @ AL 5 A Ab AE i 284 (1 by ) 45
B, RERE RN KSR AN AN USRI AL IPE . BT AR AR P B TR L S5 e, 5
PRTBRLS LAV ARE . SHOCRFUL S ZR AR RE 1, I RGUAE 8 A OB HERG . Bl H B
R A B SE [E2 . R, Y RAkSEI6HE— B I0AE T A ST HE H A R4 0 5 AT A AR A Py [FTHE
BRI R, AR B AZE B R AL ST Aol e ) 5 2R SR A P R I SRR R 3

6. &g

AR SCER I RS 5 R AR b S B R ) B AR AU AN . T RE S A BN HE R K
Zr WA AE LB S5 0], $2 tH — P R IG5 5 AR R A P R T 7 07V DL Tet-Retriever AR R AT I, A
Bt R TR . IXERBORL, TR RAT bR AT e 38 XU o AR S M = AL,
PR A AR ZE s[RI, 26T ICT-DrillGeoDesign £#5%, KA QLoRA %} ChatGLM3-6B #4748 &E AL »
33 IctLM-Drill. R4t G — B H U 7 R, ke R UESE I 200, 1T S8 SRR ) 28 DG
SHFEI S AR A TR G R A AT 55 o

RIS SRR, AR A HOR SR RIS BAMEM . ItLM-Drill 8% %% S & i st R i &
WARTE . SO RS RN, 2 mE B ST 55 (¥ BE AR 5 R SR8 7T s Tet-Retriever MK it
B BYE SO R X B R B AE U HE 5T AR RO R, IR AR IR S A R ) R B R R
JE MM A L. Gi—$Em ARG — S W 1, IR S B AR RIS RSE R, e TR
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RNAERMA AR, SEMBUMLL, EERGMELAT R, 815 F LI TE SO B B b
FTEARRIEAR, SUE T Fre 7 iE A Rk .

MBI, ZIRER AR BRI AW DGR E . RS HEMIG BB B A B 451
Ji FA RISy, MR ORI gt — B E 5 RIRE M . ARIETE R0 18 o B & R B WINE, 454
TG FR G5 RAL T 5 S AR SR SRR BE A o (AR ST R A B S AR P PR B B A B E R BT AL
R OARRBMPRRR RN, AR TREHME T F 32— PPl

AICANAFAE— SRR . DUA SR IC R R T B i O SR R R SC R, WS HE . BEIX B, BE S0
A2 BRRIRIIR RIS RE A PR AR ZR VAR 1 K R AL 5 e R 205, R 51N s
P ESE AN AR B M, AR R R 22 2 IR AL TS AT RESZ BIRIAG # [B FER H BLA
B AN VIR AR A BR, ATAEAS R X B S Sl 55 3 5 b )2 AU RE 0 S e e VRS itk — 2D Bk
BEAh, T RGBS AR R = u i, HORSERSRTE B SRR A B LR, Bt
FNR S A A S C S B PRSI DI RE .

JREEWTSUR B ROT AR B IEYE A A2 B R, R TR A% R RS A [ S5 R AT RE
FEBUA SR ZR S B SR AR Aty R e USRI A , JF I S b 5 T Rl S 90 B0 UE HL SEPRIg a5 s[RI
FRE DL A0 A S 2 RIS TOR, IR RSN BB, IFETE 2l X PRI REN IRIE, B
PR ARG F LT AR R RS

E ST H
T H R AR R v R BB (U H %5 : 2025BA0066).
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