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Abstract: To improve the efficiency of practical document writing, this study proposes an automated generation
method that integrates large language models (LLMs) and vector knowledge bases. In diverse application scenarios,
manually prepared standard documents are used as templates to construct structured auxiliary files to support
document generation and vector knowledge bases tailored to specific document types. By leveraging target-type
document chapter headings and user-provided key information, the system queries the knowledge base to retrieve

relevant text segments. Prompt engineering is then applied to guide the LLM, which synthesizes coherent text by
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retrieved reference segments with user input, generating content chapter by chapter in alignment the lowest-level

heading structure. The generated texts are subsequently formatted into complete documents in compliance with

predefined standards. Evaluation results demonstrate that, using emergency plans as a benchmark, when assessed

under identical criteria with ChatGPT-4Turbo, the automatically generated emergency plans achieve 95.87%

similarity to manually prepared counterparts, demonstrating comparable quality. The proposed method can overcome

token limitations even under constrained computational resources, generating lengthy practical documents that meet

baseline requirements. These outputs serve as reliable references or be directly adopted, significantly enhancing

efficiency of document preparation.

Key words: artificial intelligence; practical document generation; large language model; vector knowledge base;

prompt engineering; model evaluation; ChatGPT-4Turbo; DeepSeek-R1

B ISCVE N — P E AR B R, A aih
AR R E A A, SR, A LGN SO
TRt 2 Ty, AR E g N 5Ll AR R
R P, B ELa e e IS H B4
T FAR L A

AR R, H R 1E F A B (natural language
processing, NLP)7ESCAA: iy T UAS 1 1 35 i Jie
KB F 5 (large language model , LLM ) A= 11 B
IR RSN Tl Sebryg . Bilan, ik
SR R BT R D HLAR 8 A R A SCAR A s 1
fff F AR 5 A OC i e B B SR B A, BT
Transformer B9 3] 4 i 5 771 (bidirectional encoder
representations from transformers, BERT) & A1 Hi
TextRank S0 AE AL SCAS . SR, IR D7k
FAVERRE , BRI MR AFERT I 2,
AU SO B Z IR0 . = S e A AR
A T e R 2 R TS, B 24 0
UERHASHESE , JHA I TR 2. 0 KRN >R
JOCA, gk A U 2 i B, (H3Z05 12
SRRV T2 B H T AR TS, RRGHT
RS FOHR, Al SOAR N AR —. FhE
A A Gl i I 2 Agent 58S, sk A N T8
REA R 5 REAR IR, 4271 7B %5 i F]
PESL (HILRERE G MR FE S RN st A ],
HAFTE—E BYA5 B ER XK

WA, ST SGESE T A AT R AL
LLM, i 7 E 4 —E BT, B Hh R
ZBR, FECE R PES A R s EE RA E R
O IR) . R, BE A AR SO R RE (1) /9 5
LLM pyR 88258, B S G B J0esiE w3
SRR SR X IZIG N TEALEI A 43 Hr AT
LA AT . TR AL 2, B R
OGS D A EE 68 7 Bl £ A3 hmnng SR . X1

B3y B4 n] A an =X (1) B AU 9 H, R
k.
H=—§P@Mmpun) (1)

Horr, P(s|e) AAERES AR XS s AR A R
BCE. W& K, HBEZ TF, BORX CHEE B
M REERE ) T RE, LI R . 7 A5 o W 2 1
LM [ A7 208 i A A, — 2 5 R
HERGRZE (€, ) BE LG R R & /iR 22

! -1
E(l)=Ye +AYee,., (2)
t=1 t=1

Forb, RZEREG FRMA S T DR BT SO AR 1Y
ARLMERORRN. . S VBRI, E(D) TR, T
BUE AN B IR E I BREAIL]0E 2 2 IR A i
AR, R, Ol A R — A R UE A ROCA
JrE R ATk

B LR, AWFFEHET LangChain HEZE
St — A LLM 55 i 0 RRUAE 14 Rz FH SC A BAE
2R i R 2R A7 B IR R ) F AR AU
S SRR SR A R 4 R AR R (retrieval-
augmented generation, RAG) ™77k, LLn) & 58 15
R BIRE R BE ) A [l AARKIIR, #2711 LLM AR
SRR E AN R SCERCHE, B Rk
R PEAGE FHYESE . O SRS B il ) )
PR, e OO K P B AL T, ST 45
PRI AL BRARBAE, SR FH—Fif 2 A SR S I I
Tt 8 VL FH SR £ AT 55

75 LLM PEREPFI AR, 5 S AR T o | Sk
i Bl N i b Bl RS N I /R S S i 1 3
TREIPEI 7. T A U S iE R E 4
b, WICIERCHYFEMEIFINER S, ATFE PR
PRI T A ARG LLM 5 )RR R A
FASCHE HEAR B R Rk e, RS 1Rt —



$5 4

ZO, S5 RbE ORI SRR ] R A A R SCAE SHE SR 599

BRI HISCAS BOPEN PR IERTIN T 1, s PAA:
N G AR 55 BEAT S8, PPAG BT B I HH 3C
M HESR A 5

1 DA FEAR A RS LM -5 i KR8 114
I FHSCAE IHERR . IR HEZR R A4 L7 o SR s Ak 2L
BEFHSCAS, i 1 o0 0 RS A A BT A,
o SCAS I SO SF R G KR OCAR Y S5 . X
CORING T SR B RE 800 M ] LLM 5 R A8 =
AREE ST, SUREAT R ) A K SO IR AR L £
B, DRUE R WS S ) PR P e o

IHERUI T N B 1 BERR PR, B T 2
A~ FUARZE TR SR ey e 21 SC B il A5k

A BG4 N ] SO B HESE . 275 3
B, AR TR B AR s AR B AR UL P bR
AR ISR, A5 R A B Az B SCE R 25 A6 an 5]
2. Hor, {—2bpi ) 5 { Zghmd ) o B AR SC
AISERR T AR, B R YR E 3
TN A AR ;. { content 1L 5% T M
T et P RS 2 O DT O A5 380 1) 5 M i 3 0 A DG B
2% S0 { prompt ) AEAE T A A EE TN A
B FH A #2750 5 { user_input }ie 5% T M P A
R I S EE PR R {5 2 . {content }, { prompt } I
{user_input}%ﬁ*@ﬁiﬁi)ﬁ%i‘iﬂéﬂ. T HESL AN
A AR 7R TRDREAHE TP e B by FH SO A A O
HEATHCE . T HESR A H AR AU S SO S
F, AR AR 1R) 2 B E RSB R T S R 7537
(1 N AR IE AR 2T BRI E

FIARZERL ) HISC

LN e B T T S L

[EREIAVES

LR

[ LU0 A R 4

BEFSCEE R R ST

A y PN s

5Kk

NS e ot : o2 MM R B
| KRR AR | [ R i
| B
atemsi | | [ommmm L | i RmESE
$§%ﬂ%ﬁ »| EHES 5 A B Brs 14 |

B RlG Ru 5 R )RR A4 0 SCAE O TR HE R

Fig. 1 Framework for practical document generation method based on large language model and vector knowledge base.
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Fig. 3 Flowchart of the emergency plan generation experiment.
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T — B HAR e R A 20 22 A A BT 3t
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Table 3 Results of ablation experiment on the knowledge base

retrieval module and the preset chapter framework module

- SCRYERA1 )
PP I5 (SCAS %) — - —
FUESLE: LS B TR THESR

SERPE(S50)  95.20 88. 02 81.48

X —H(50)  92.84 88. 16 82.70

PEA .

o, AHXPE(S0)  89.80 88. 64 85.24

15 *ﬂ? R
TR (50) 89. 84 87.70 82.58
HFEPE(50)  91.74 88. 18 81.06
HFZ(5) 91.50 83. 14 80. 45
BEyF PA(5) 92,32 89. 04 81.77
HaEss#(5)  93.13 87. 65 82.39
R (s)  92.32 89. 04 83. 34

Mz MENEs) 92,32 89. 06 83. 14

s REHE(S)  92.32 89. 37 83.59
ShHEE(5) 92,32 88. 89 82. 32
MLk (5)  93.53 88. 23 83. 08
HiFRkE(S)  93.33 88.26 83.58
1 ERAE(S)  92.32 88.91 83. 62
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3.2. LM A SE i A, (] GPT-4 1 S A
Al B4, R4, ChatGLM3-6B, Bai-
chuan2-7B Fll Qwen-7B & 8 (1) °F- 34 15 43 53 5 h
92.54. 92. 16 F1188. 78, KUk shit T4 HER .
F4  CPT-4TFEN TR BTAES R 2 3 5 F T 2155)
Table 4 Average scores evaluated by GPT-4 for different

generative models in each emergency scenario

NZYre  ChatGLM3-6B  Baichuan2-7B Qwen-7B
i 91.50 89.38 87.09
BT B4 92.32 94.27 89. 48
L RERS ] 93.13 89. 38 87. 47
TR ) 92.32 94.27 88. 88
LAY IR 92.32 94.27 88. 80
R INEL 92.32 94.27 88.72
Wt 92.32 94,27 88. 60
H, T 93.53 89. 46 88. 60
Hh B K H 93.33 89. 38 91.59
AN 92.32 92. 65 88. 58
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TEN IS SCB T, DA A [R5 it it
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221
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N
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o AR ABRIER N 2375 T 1S SCBafkRf 43 %
Fig. 6 The number of accurately recalled reference paragraphs
by different embedding models across scenarios (m3e-base

(triangle), bge-base-zh (square) and Dmeta-zh (circle)).
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