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Construction Method of Large Language Model for Chinese
Agricultural Machinery LeiSi

LI Xiaoyu'*  WANG Yucong'? DU Yuefeng'* LI Guorun'?® LIU Lei'> SONG Zhenghe'
(1. College of Engineering, China Agricultural University, Beijing 100083, China
2. Beijing Key Laboratory of Optimized Design for Modern Agricultural Equipment, China Agricultural University, Beijing 100083, China)

Abstract: The development of large language models ( LLMs) has significantly propelled the latest
advancements in natural language processing ( NLP). These models have been built upon complex deep
learning architectures, typically Transformer, characterized by billions of parameters and extensive
training data, enabling them to achieve high precision across a variety of tasks. However, the absence of
agricultural machinery-specific textual data for training in existing general large models has severely
limited their performance in the research, development, manufacturing, and application of agricultural
machinery. To address this issue, the specific needs of agricultural machinery for large models were
analyzed and a Chinese-compatible agricultural machinery large model named “LeiSi” was proposed,
catering to various groups such as university faculty, students, designers, and users. The overall
architectural design of the LeiSi LLM was outlined, which included three parts: LeiSi-torch, LeiSi-
ingenuity,, and LeiSi-plough, aiming to provide target groups with diversified and customized services
such as agricultural machinery professional knowledge Q&A, agricultural machinery design and
manufacturing advice, and agricultural machinery field operation control. Subsequently, the LeiSi-torch
large language model was taken as an example to elucidate the construction of a Chinese agricultural
machinery dataset and the methods for model fine-tuning and automatic evaluation. Utilizing LLaMA 3.1 —
8B —Instruct, Mistral —=7B — Instruct — v0. 3, and Qwen 2.5 —7B — Instruct as base models, supervised
fine-tuning on each was conducted and the performance of the fine-tuned models was evaluated by using
ROUGE and BLEU as evaluation metrics. Finally, manual evaluation was employed to assess the Q&A
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results of LLaMA 3.1, GPT —40, Mistral, Qwen 2.5, and the LeiSi-torch model. The results from both

automatic and manual evaluations indicated that the LeiSi-torch model demonstrated superior performance

in terms of accuracy, professionalism, and usability. The research outcomes can provide insights and

references for the development of intelligent agricultural machinery and smart agriculture.

Key words: large language model; agricultural machinery and equipment; Qwen 2.5; QLoRA ; fine-tuning
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Tab.1 Generalized LLMs performance evaluation results
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Tab.3 QLoRA adapter hyperparameters

eSSl fH/285)
batch_size 128
iterations 3
learning_rate 1x10*
sequence_maximum_length 4096
lora_rank 64
lora_alpha 16
lora_dropout 0.05

0_proj, up_proj, q_proj, gate_proj,
lora_target_modules
k_proj, down_proj, v_proj

Ir_scheduler constant_with_warmup

warmup_ratio 0.1
double_quant True
bits 4
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Fig.5 Loss curves of models fine tuning
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Tab.4 Evaluation results of Torch LLM

. ROUGE 3
Rl RZ RL
LLaMa 3.1—8B — Instruct — QLoRA  77.78 80.34 81.57 84.08
Qwen 2.5—7B — Instruct — QLoRA ~ 84.15 85.46 88.56 88.04
Mistral —7B — Instruct — v0. 3 —
QLoRA

79.28 81.33 84.62 86.75

RETT, 1 S LAY 20 (HRFR b B #04% e LA I
Pt 5 Al ), I ERAPE b T AT X 3
ASTTTEXF 5 PSR AR BN B R AT T o, AR
JEFEN T ORATHESZ) 3 10 (R4 .

5 R T ARAR - H ORIV A T LLMs
FEN T IPAL A A 25 3 S0 I A 38 R AT A A AL
() BAE 55 T B N TAPAG IR o0 s, 0 9.3 43 AP Bk
LML UKSE, o] B i b, & R 52 B P i i
GPT — 4o fUHBARIF IR, 7E £k 22 Had FE ARl & 1 1Bk
MR ZER AT GPT — 4o X SCEBCIESEFT T £
LItV oW e P LT D L 7K N S 6 X S O N S A
fhEE RN 4.9 J3 (B Ho A 1 N 2R A BIARHEE 2211
LAlPER ; LLaMA 3. 1 Fll Mistral 78 A M 45 50 T
TCIEIEATHER Tl A RN IR )25 32 f T I 25
B A S S, U SR LR, PR
2T SCPRAR RE ) A EERE U, 15 R 1.4 43 A
3.9 %%,

F 6 JER T AN KR [ 24 5 FHERIHL Ll 7]
TR, A5 SRR W], BT E A LLMs % i
(1) 25 58 5 R 28 S AH 22 3 R i 48 3 A R R R ]

F6 AREIKXEBE)ELRTHI

RS FB-FAKEBFEA LLMs fIENLER
Tab.5 Evaluation results of LeiSi LLM and other
generic LLMs
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Tab.6 Examples of QA results for different LLMs—taking tractor as object

A AT PRI RIS IR R R

ARSI F B HE BT i L R R 2

MR R R AL E A e TR % AR AR S 1Y

—MEEOLT RIS R AR R A AR TR, B RS2 A SRR S R S BN IE R R R
O, AT AR, B E IR NIAE 3.5 2 IRIFOUHEAT R RE LAZIAR d A A 280, 91 an o Wi ) Sk A
4.5 D], LUAG -7 2 A PERIBT LS ROE  Fh s A BE T LU A BRI B3 . 3R RO R

LLaMA 3.1 —8B — Instruct

.

FHHUARGE 2> S BOGHATLAY T4 1 L B phy T U8 i 7 A=
BRSNS

ARBARFEHIL B A BRI DU 2R 1. SRS

WHE SR ML IR G T 0 O AR L 2 2 T
IBATHIE KA A A EZP PR, AT LLE
1 AR JLAN J7 6 R i 2 4 10 WL 42 i B9 16 80 iy
J 1. A B P Tt fr L o A ) i
FIER AR P Tk, b R e A e TR IR T
T b2 T AN R B A T A 2R T B
IR, 2. 8 O T A TR 37 L 48 I B 0 T
2B R R S R R ORIR IR . I
BLXAMMER RV Z R R TT , A—E G H]

GPT —40

THA R

SETE B RGBS 5R B | LURAZ AR iy bt A0
A, AR SR TEAT B AR AR h AR E M, 2. AT
P B A VR AR AS [ Ml R B R HEA TR, LA L
RN LIS 3. TR BTN T 2Tk
), WD AR S R RIMERE . 4. HAVE. BERS
15 22 T S B0 B 4 B HLA A H A 7R, B PR T iz 16 A
5. JBURINEE VB —E IR PR BE , LA X R LA
REE AT EE, 6. Zatk. Bt E%
SRR, B LT R R R R AN, B ek R, W
X SEHR AT LR m A B ARV R R Ak




ST A5 TP OCRHLRTE F B R £ )5 vk

395

&Re

WA PEAE RLALAE S fif e 2

A FAEHRAL LB A B 1 AL P LE BEK 2

B S B AL T 3 R i A 7 R R AL
WA R B B R LA R AR T, X e HfERy
(R T AN 7% SR A &R
WA, AR PR LR RE R 22 2ot

Mistral — 7B — Instruct

ARBAAGRHL E R BT ROZAT & LT LA E 2 EOR
1 B AT AR SE 3 22 3 AR L 1, I HLAE
AR AN SR ARSI, 2. @B AR BN XA 5 %
FSERIHLR S, OF Bl AR e 3 FIdr ), 3. A0%.
A EI BTN RE R fo A Ml B o AR AL el 45 FE A
IR, 4. TR AR 2 R R A, T LA R
Wy R AR R R L A A s, 5. 4E
P15 T AE B RLZR T REHL T AL, J5 (6 T 440 AN g
o 6. FRBEALFE A MBI I RE A% I /0 X PRI (Y 1
I R recyclable AR AR TS RAR o

Qwen 2.5 —7B — Instruct

EREHERLHLER IR (04 1R 15 5 2575 3 LR JLAS P
K AEIARAL AR RIS AL 5 i (e e AR )
X B R AL AN TR PRI 32 456 ) AR
RIS DURHIE o TH B A 7R IR ()38 B B AT
g, s BRI A AR, Bl e
FOE B AT BN, 7 E AR MG R LR I AL 6
BT 5 T A S 2 A T B, /N s s ]
VU A ARG . 42 B/ AN TR B 5 B3 4
BT FERA B RS AN R] , DA G A 2 496 P 2 AR
O R ERDRIE RS AR S 5
AR G B PERE . TEAC T, NS 2
{BAE LA AL SERAHT Y 5 1 B2, T AR folcdie
o5 I T AN AT B B A )y g, 7oK AL
FER AN, R SR A, Bk, vt
PRI 2 (i R T U 4 e X 2 ARl PR R
GRTERE, LA L ERER W USRS IS A3t
PIHLEE R REA T iR IR 1A, O HLBOE R A i s
WHARHAL TIEH R M,

AEAEHRHL L R4 R ST BT 20 A2 £y T 22
R, AR RO Al A5 e e S IE i, DU 2 —2858
FREELR 1. RREME A B AR A AR S AL L ol B
TERRAE T AP A P8 S BN A% | LA S 52 R A AR 0 ) A
sk, 2. EURERES) : RYETTEREW /R T ) ok
T, fA A R 8 B R AR A SR L AT R
BT AE S, W MR R SRS T T A R A
B, 3. SIS B« ek AR T B A A [ S 2
ACH CHFEFHL WCRIPLRE ) | I BB 85 I 4% LR X A 7] A9 4
IR A AR SR AR FIEOR 4. BARAE
R < A L A TR RURGE 20 17 4 7 e PR, ook > A T AR, 9
BRI 22, TR, 5 SR A R A A ] AP A4 A
TR, J7 {8 TAR A G EAT B A A TS B Rk
LEELRIEFMIN T —Amigk &2 LA TSR R0
JEIU , FESZBRIE T, AT R B AR 5 1 SRR SR A i
frimze S5t

PR Y ON T

G R FE IR I ARS8 R Lk i3t
TFBLACHATE B 53E AY 48 1R I T 7T LR UE 46 437
PUEA TR T A B4 A4 32 5| 1 BE A 42 1k
FE, 7] s T LA 9l T X 46 i £ P R RO
— R, BT EBCE AT OO 5 2 A R i
Jie, LA o 48 i ) 7R SR IR 1 5 7 A 33
P14 9 g T 0 B T T A 2 R AR
SERRNG I, R4S iR -5 T 0 Ak T AR B g 22
SR U ERE . A8 TR A9 IR e T LAAR Hig 5
PRASOLHEAT , %5 2E R A 6 i TR A 25 vy o
%, LA G it BopL I b sk S 4 4

A AAEHEHIAL BB A BRI R LR 1. RHLA
RLEA REFALYERE, BIEBASMIERT, fEFiRm
MR B BUEBHR , JF EA LAT RN W AR, X IR T
ALAFA LI RN 2. BN EA R R R E
PERIR AP R TG W | 30 5 BEA 5 1o 3 1 1R A
WU (o7 B LR R 508 B BRI A T ek ok S I 3. ML
TETAER N A R RN E R A2 5P RE; 4. PLATEAT
St 1o H A RS RS P RIS E P 5 TAR I RE RAIE Bk AT
B AR TE AR M, X S TE SRR - T A RO 1 6L
By 5. FEIEF R, YRR B LAY R R i A R R
ARLEE R SOVFEL; 6. e ERGVFI AR AR, IF HLALEF
KA,

it

(2) ASCHR H A AAR KA AL [ N A rh Sl

(1) EFXF 38 ] LLMs /4 L& Mk B0 45 530
() 1122 N 25 b M A58 12 AL B ) 32 FIR R4S 764 4 3
A 1R A (), AR SCR AL Ll BB T2 A5
VSR R RIRR RS S AT VR AR, R T o I
R OSCRMUEEAE , RN T Ak &5 AR L& Il )
PEEEDIBIFTE 2 (A, [R) I Ay JH il 2 400 3 50 4 4 A 3
S

RAGHAY ZRAVEAERFR - Fr K KRR - PO FIARFR - B
A3 RRAS A SCRALEE 4% LLaMA | Qwen
FI Mistral =5 14 BB 5 A 155 80 F 47 48 4 R0, 3 i
ROUGE #1 BLEU PN AR Al A B PE B, 45 2R 3R B
PL Qwen iy BEJE RS ELA e AR g, ARG A T R
FR - 0 KORARHY  JEAh 3k N TPl HLg T R R - 3
KRAER 5 LLaMA 3.1 — 8B — Instruct,GPT — 4o,
Mistral —7B — Instruct Fil Qwen 2.5 — 7B — Instruct £



396 B A1 R = 4 2026 4F

WERATE L Ve A ] VRS T R B, 4 R KWK F U ORI AR n] AR WL a5 BT A Al A
R KORBRAEAR ML L RS R AT 5 h B . R AURR S RSHMER BRI S

2 % x #t

(1] R, 228 Wk, %5 KBS RS @H ], TR, 2024, 46(8) : 1411 - 1425,

WANG Yaozu, LI Qing, DAI Zhangjie, et al. Current status and trends in large language modeling research [ J]. Chinese
Journal of Engineering, 2024, 46(8) . 1411 —1425. (in Chinese)

(2] ZFEW, mEz, KR, 5. RISURARIE S BEHORNHZERLT]. RIS, 2025, 56(10) : 200 -222.

LI Xiaopeng, XIANG Yuyun, ZHANG Peijun, et al. Natural language understanding in agriculture: a comprehensive review of
technologies and applications[ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2025, 56 (10) : 200 - 222.
(in Chinese)

[3] ROSSETTINI G, RODEGHIERO L, CORRADI F, et al. Comparative accuracy of ChatGPT —4, Microsoft Copilot and Google
Gemini in the Italian entrance test for healthcare sciences degrees: a cross-sectional study[ J]. BMC Medical Education, 2024,
24(1) . 694.

[4] WU Tangjie, LING Qiang. STELLM ; spatio-temporal enhanced pre-trained large language model for wind speed forecasting[ J].
Applied Energy, 2024, 375. 124034.

[5] CHANDRASEKHAR A, CHAN J, OGOKE F, et al. AMGPT; a large language model for contextual querying in additive
manufacturing[ J]. Additive Manufacturing Letters, 2024, 11 100232.

(6] #KiE, B, £7, 5. AYVEEHENEHOARBIFBUR S RE[T]. ARWHIAH, 2022, 53(4) : 1 -20.

ZHAI Changyuan, YANG Shuo, WANG Xiu, et al. Status and prospect of intelligent measurement and control technology for
agricultural equipment [ J]. Transactions of the Chinese Society for Agricultural Machinery, 2022, 53 (4): 1 -20. (in

Chinese)
(7] &I, RS, 6™, . RlREFB4ESE RS E PG BAABARPIR IR T]. LA, 2023, 54(12) .
1 -26.

ZHAO Bo, ZHANG Weipeng, YUAN Yanwei, et al. Research progress in information technology for agricultural equipment
maintenance and operation service management| J|. Transactions of the Chinese Society for Agricultural Machinery, 2023,
54(12): 1 -26. (in Chinese)

(81 XK, 515E, sk, 5. LOLALER ASCHEBORDIFE IR 5 L [ T]. A4z, 2022, 53(7): 1 -22, 55.
LIU Chengliang, GONG Liang, YUAN Jin, et al. Current status and development trends of agricultural robots[ J]. Transactions
of the Chinese Society for Agricultural Machinery, 2022, 53(7): 1 -22, 55. (in Chinese)

(9] ZEifse, e, FAAE. Al SUS BRI G TR Tk S PRt e (1], AL, 2025, 56(1): 1 -15.

LI Daoliang,ZHAO Ye,DU Zhuangzhuang. Advances in multi-modal fusion techniques and applications in agricultural field[ J].
Transactions of the Chinese Society for Agricultural Machinery,2025,56(1) :1 - 15. (in Chinese)
[10] JELINEK F. Continuous speech recognition by statistical methods[ J]. Journals & Magazines, Proceeding of the IEEE, 2002,
64(4) . 532 -556.

[11] XIE Weijun, ZHAO Maocheng, LIU Ying, et al. Recent advances in transformer technology for agriculture: a comprehensive
survey[ J]. Engineering Applications of Artificial Intelligence, 2024, 138 109412.

[12] ZHAI Yujia, JIANG Chengquan, WANG Leyuan, et al. ByteTransformer: a high-performance transformer boosted for variable-
length inputs[ C] //2023 IEEE International Parallel and Distributed Processing Symposium ( IPDPS) ;2023 ; 344 —355.

[13] DEVLIN J, CHANG M W, LEE K, et al. BERT; pre-training of deep bidirectional transformers for language understanding
[J]. Association for Computational Linguistics, 2019, 1 4171 —4186.

[14] CHANG Yupeng, WANG Xu, WANG Jindong, et al. A survey on evaluation of large language models[ J]. ACM Transactions
on Intelligent Systems and Technology, 2024, 15(3) . 1 —45.

[15] KALYAN S K. A survey of GPT — 3 family large language models including ChatGPT and GPT —4[]J]. Natural Language
Processing Journal, 2024, 6. 100048.

[16] kg, EEU, 3R, 4 NIEFEERMREORIIELEAR[ 1] FHAPLTR S, 2024, 60(17) : 17 -33.
ZHANG Qintong, WANG Yuchao, WANG Hexi, et al. Comprehensive review of large language model fine-tuning [ J].
Computer Engineering and Application, 2024, 60(17) . 17 =33. (in Chinese)

(17] EWy, BB, W80, 45, KIA B0 SR B SUBN I AT [ )], AR 2 4l (AR , 2024, 64(4) : 649 -
658.

WANG Yun, HU Min, TA Na, et al. Large language models and their application in government affairs[ J]. J. Tsinghua
Univ. (Sci. & Technol. ), 2024, 64(4) . 649 —658. (in Chinese)

[18] KASNECI E, SESSLER K, KUCHEMANN S, et al. ChatGPT for good? On opportunities and challenges of large language
models for education[ J]. Learning and Individual Differences, 2023, 103; 102274.

[19] fesug, Pefle, Vita G, . RUREE S SR B0 2B AL RS A AR ) A 23 280736 [T ] RO ALARA 4z, 2025,



ST A5 TP OCRHLRTE F B R £ )5 vk 397

[20]

[21]

[22]
[23]

(24]

[25]

[26]

(27]

[28]

(29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

[38]

56(10) : 606 —613.

XIONG Shufeng, SHEN Jialong, XU Hengrui, et al. Agricultural question classification by fusing topic features with domain
pre-trained models[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2025, 56 (10): 606 - 613. (in
Chinese)

BERER, R, RYL, 5. B ESRAR YW 5 G5 b KRR RN HIZER [T]. RALHUA: 4R, 2025,
56(9): 291 -311.

XUE Feiyue, ZHOU Yuling, LI Junkai, et al. Application of foundation model technology for smart farming in edge computing
and agricultural internet of things (Agri — IoT) [J]. Transactions of the Chinese Society for Agricultural Machinery, 2025,
56(9): 291 -311. (in Chinese)

X, X%, LIN Wayne, 55, T4 Rl SCARIZHRAY 2 AL 55 2 ) B S Rlos S RALL T ). TFRPLTSE 5 & R, 2021,
58(8): 1761 - 1772.

LIU Zhuang, LIU Chang, LIN Wayne, et al. Pretraining financial language model with multi-task learning for financial text
mining[ J]. Journal of Computer Research and Development, 2021, 58(8): 1761 —1772. (in Chinese)

SINGHAL K, AZIZT S, TU T, et al. Large language models encode clinical knowledge[ J]. Nature, 2023, 620 172 - 180.
ZHANG Yifan, WANG Zhiyun, HE Zhengting, et al. BB — GeoGPT: a framework for learning a large language model for
geographic information science[ J]. Information Processing & Management, 2024, 61(5) ; 103808.

REZAYI S, LIU Zhenglinag, WU Zihao, et al. AgriBERT: knowledge-infused agricultural language models for matching food
and nutrition[ C] // Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence Al for Good, 2022,
5150 -5156.

TR, TRERER, REAE, . A SRR SBR[ ], ALK ,2025,56 (9) :240 - 256.

WANG Yaojun, XU Guowei, ZHU Jianjun, et al. Survey of research on large language models in agriculture[ J]. Transactions
of the Chinese Society for Agricultural Machinery,2025,56(9) :240 —256. (in Chinese)

B S . R Rl ORI < EE KA 1,07 & A [ EB/OL]. (2024 —06 —16)[2025 —12 —27]. https: /
news. cau. edu. cn/mindnew/98d7e01834aa4{71aaa4d29a97h00290. htm.

SHAHZAD T, MAZHAR T, TARIQ M U, et al. A comprehensive review of large language models: issues and solutions in
learning environments[ J]. Discover Sustainability, 2025, 6(1) : 27.

LIN Zichao, GUAN Shuyan, ZHANG Wending, et al. Towards trustworthy LLMs: a review on debiasing and dehallucinating in
large language models[ J]. Artificial Intelligence Review, 2024, 57 243.

YUAN Sha, ZHAO Hanyu, DU Zhengxiao, et al. WuDaoCorpora: a super large-scale Chinese corpora for pre-training
language models[ J]. AI Open, 2021, 2. 65 —68.

CHEN Jingyuan, WU Tao, JI Wei, et al. WisdomBot: tuning large language models with artificial intelligence knowledge[ J .
Frontiers of Digital Education, 2024, 1. 159 —170.

TAORI R, GULRAJANI I, ZHANG T, et al. Alpaca: a strong, replicable instruction-following model[ J]. Stanford Center for
Research on Foundation Models, 2023, 3(6) : 7.

ELE, EUE, il 5 T AT AR RB R EOR M R BRI RER 2 Ra[J]. B 2R (th3E30) 2023,
5(4).:105 -116.

WANG Ting, WANG Na, CUI Yunpeng, et al. Agricultural technology knowledge intelligent question-answering system based
on large language model[ J]. Smart Agriculture, 2023, 5(4): 105 -=116. (in Chinese)

DING Ning, QIN Yujia, YANG Guang, et al. Parameter-efficient fine-tuning of large-scale pre-trained language models[ J].
Nature Machine Intelligence, 2023, 5. 220 —235.

DETTMERS T, PAGNONI A, HOLTZMAN A, et al. Qlora; efficient finetuning of quantized LLMs[ J]. Advances in Neural
Information Processing Systems, 2024, 36 1 —26.

LI Junlong, WANG Jinyuan, ZHANG Zhousheng, et al. Self-prompting large language models for zero-shot open-domain QA
[J]. arXiv preprint arXiv: 2212.08635v3, 2024.

SRIVASTAVA A, MEMON A. Toward robust evaluation: a comprehensive taxonomy of datasets and metrics for open domain
question answering in the era of large language models[ J]. TEEE, Journals & Magazines, 2024, 12. 117483 - 117503.

REN Runtao, MA Jian. PatentGPT: a large language model for patent drafting using knowledge-based fine-tuning method[ J].
arXiv preprint arXiv; 2409. 00092, 2024.

ZAFAR A, SAHOO S K, BHARDAWAJ H, et al. KI - MAG: a knowledge-infused abstractive question answering system in
medical domain[ J]. Neurocomputing, 2024, 571 127141.



