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Large language model-based legal defense document generation for
power grid enterprises with data augmentation and rule guidance
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Abstract: To enhance the ability of large language models to generate legal documents for the power grid sector under few-shot conditions, a
few-shot legal document generation method based on LLM( large language models) was proposed, integrating data augmentation and rule guidance
techniques. The proposed method addressed key challenges in power grid legal document generation, such as data scarcity, high domain

specificity, and the complexity of legal practice. Experimental results show that the method achieves excellent performance in generating power grid

legal defense documents, significantly improving the quality and professionalism of the generated texts.

Keywords : generation of legal defense document; few-shot; large language models; rule guidance; data augmentation

PEAFE R, KiE H # A (large language model,
LLM) 75 3 SR 75 5 AL s e B S s K Re Ty, 18 40
BONE T T B2 7 L A R Ml PR R Y T O
R X AT 455 R B = Rl
PEFIERE | DRI A R SR IR 1 s 2550 1) ik o
ZHAHREEE L AR SCRFER P A S A U E:
55 RV D FEA S5 AR A TR TR S Ay
F, O ol A o o i 1) R S

PSR 5 AR R S SR A
5, UHAEE L 2y H 23 B 2408 50T 01 2Pk AR
PEo BEE N TR Rer &, Rl & K 5 BRI AE
HARIE S A AT 55 rh i S8, R R RIS 5 1 AL

W Fs B ER:2024 —12 - 13

B S AR U AR DGR W 1 = B
WFFERER T RIE 5 BT A 10 A B A T T
LARPR S 3 = L A OIS R S e g
(Ul PRk fiE

BB LS B — R, HAT 2 5™
R AL AT A PR S A R L, AR B
i AL DI AT R RIS T o L ARl
SO ¥ A AT 55 T I 2 AR Bk — R R
Bl 8 B H AR 5 ik A LSS 3L, 2R 3C
PR EE AL, SUARB T AL — SRR Rk,
BV RABR R 23 I Bl 1 2, A BEAS 2 P i ) 11 X
JE s RSO 2 R R S B 2 I AL A A,

E&WE : ERKHEMNARAFRH BB H (1400 -202318637A -3 -2 - ZN)
F—1EE WA (1992—) , £ VEAHUIE N AR L1 58 A, E-mail ; chengyanhuang@ 126. com
#BISIER W6 (1982—) 55 VLRI ot A, U8R, W, 10 A 0, E-mail ; whu@ nju. edu. en
SI AR A, A, THEZ, &5 BUR R SN 51 S A RIE S AT i Rk B A S AE R LT ] EI B R R 23R,

2025, 47(4): 180 - 188.

Citation :HUANG C Y, ZHA X Y, DING Q Y, et al. Large language model-based legal defense document generation for power grid enterprises

with data augmentation and rule guidance[J]. Journal of National University of Defense Technology, 2025, 47(4) . 180 - 188.



4

EHE , 5 - B S RN 5 | S 0 T TR r R T A R ST AR A + 181 -

MELL A RNPE , S A U . TR DA AR 55
RS BRAL SHIN, 51 5 R SRR i
A AR R R R R, WP IZATE 55 AN A
SFARME AL L I Al S B HAT R

R E R D REAR Y 5 R Il A 55 A 31
ZRN Iz R Bl s e S AR AR TRl 32
W7 % 8 S B S SCAR R T R s 2
BEREO 1 Xu S5 RIS ZRAE AL A LA
A BB, Zeng!' 3 5t 4R A5 B T 75 K08 5
FARTHEIE AT RCR o T B = 0 E R
SRR R, SR RIE SSRGS
JRE )5 i BB S R IR G AL, BT —
Z RS G R 58 7505 AR T A IR «

BRI R S R P U ZHE P T 55
H B, BN 5| 5 R g ka2 3
ZHE T Chen ZEU AR LN 51 S 104G F
4 1% (rule guided retrieval-augmented generation,
RuleRAG) 7712 , 1| i RHTR 38 ALy i KD 126 -5 )
20, 3 3 B T A2 % 1) 25k i s Wang 2510 Y
1% 5 ¥ BB U] A= 5% (logic scaffolding inferential
rule generation, LOIRE ) HE 28 i y3 A {4 % 42 412 Bt
455 KR SR T g . R E AR
SR ORI 5RO S I R R LA sk
HI A RE S 7 AR v R S A A B
FA N A o B IEFNZ G IN LA
B, A TTEMELL TR . A SCER T — P A T
RIE F R B S L BT %, LS 5%
WL A B, BT A OCAS B & PR Tl

25 F BN R O 3 A S A AR R AR AR A

PRI 2 1) ) L, 2 1 — L T R 5 AR Y AR
Tk, FE AR AR A R A 1 - R 5 AR
PIER Iy o BT T H S BER Y TS S BMCEHES, A
BEAL TR SOR Y SOA 4R THNZRifoRt 2 A 32
T IRAE S ALY B Sh AR POk, @ >
AR ML A RO, IF T 5 | AR AR A,
R S R B B A R, SEER AR R
B, A SCONEAEZ A RIE SRR BRI, &L
e 55 MU 5| 5 SR AR $E T2 B R T A
TIRBEE, UL S5 St TRl S H A .
1 BMEREBRXHERFTEEIT
1.1 ESHRERFEZMEER

ARSCHEFEAE D REA AR T, R B0 5 KT
B A AL Al RS . AR 55 H AR
BT i R A SO S A R SCBREA IR AR
SRR L B 3 A S B O BRI . AT 55
s [P ESF FERAE P DO M AR T AN H ARTE 55, TG
HSCH R 5 25, HAT R R o

SMATT v T R (% 32 ] % n el A A i o
SRR ) [ i v A B SR )l P A R
B R T AR A SO AR B R 3
PRA, BT T — P e TRl 1 R S R 51 R
T R R 3k A B SR AR T U5 (large
model-based
with data augmentation
guidance , LADDER) , i1 [& 1 /x4 C 05 Bk it
AT RLST A BB AR 43 s — S 1 R I 2R

language legal defense document

generation and rule

FESHIAN
[ &R {
JE 775 24 [ R B X A Sl SR
2015425 H 1 HIGS I, BE XA Bk
A EEGET. FRER SR
oy ARGRAE R R SRR R SR, B
Y %l R BRI, B2 6 F B e
AP, Wb, BB BEE TP TR
gt RS RS R E R %, MRS IRE
EhE, WRHA
L Bt RIS 22 B 45t e A 1433 9007T 5
\ 2. SRR RIRIL B o

el i L

£ miRmA 3 ﬁﬁi
BRWAL: ’

RS, Z R T AR Rk
BEBEHLIE, BT

BRI

ARG 4 P S AL A

PR R
B3

JREAE AT TR, B E % R AL
&b, TEREBER R & AR

BS54

&l 1
Fig. 1

ET KBRS s AL S BOR IR

BERI%
ECE L) €S %
[ e mng: R =
Prr ERAAL -~
el jilubrnss e PR
Rk B, kst 4
ATV BRI —
WA —
LoraZ 3 B34
- siog | ora %Tmﬁﬁ
5 CMEREER
ot ,
A — mELE (D
o U o E%gp’
ORRT 7 s L e o -~
I X
R I YTV " |,
12 :
o SR %2 AR A
Lﬂﬁﬂ%ﬁmm, Wb HiE RV Hn,
A #l4 HLIE
T R BRI
SR 2 A e

FE TR 58 S RN 5| A AT R v O YR A S A A T TR HE SR

Framework of the proposed LLM-based model for generating legal defense documents in power grid



- 182+ EZ VIS AN 4

547 %

SSCHR R (R P [ LR 3 ) 25 T DR 5 R R 1Y) 22 SR
HAEBIRIREAR o IZEARMZ O A i 4
S Y ZRBE 1) 2 R, R FETHRIE F R iz 4L
AES . RIET IR H I B S se
Ao Dol i A B HE LR BE AER 1, i 4
T — R TR SR A S AL S
Ao AT AR R A Sh BN s R, #
B RS 5 AR A A i A P R R e A 2 4R
A RHESE o 25 b, AR SCH 4R 2 T 10 G ik S5 8L
W51 B LERTT i, B AESE T AL L TR AE S
(L R , AR DR A HEAS I 5 R A PR, D S B
BRI S A AT B BOR SCH s

1.2 ETRESEENZRIBASHIELE

SRy X EL R TR A SO A A AT 55 R I
ARAS RGN, $ IS B T — bR T ad TR
ERR Y S S HER . 2T IR RR
FEI F AR A REE ) A Shy e e,
TREACHE A B U R ERSL, S T FEREAS Y
RS 2R

RIS IR 1 SCAS 5 AR SCA Dl L — 2K
SRR B AR T B IR R . D, AR
FL BT T4 Y4278 (Prompt) 3l 1 51 5 K1
R BRI A X S S, A B RES TR AR A
HSCA I DR B SR SR DR B AR R T
LB — AR, A SO R BOE TUF 205, B 5
e BB <, BIE 1R R0 5 A 45 4 I, I A
BORMAE S IR IR R IECA TR Lo IRl
G153, MG SRR R S T Re )y, $ 0 —
BT, 3 B R R B b PR R

PRAUETE C—EE R LA 1, A SCBet 17 27
T R WA SE T AR ) ZAEA:

1) R RS A ffe « 3 2od 1 B SOA 1 2 1k 055X
KIGINZ RN . ARRE IE SR BB R THE ALY
Tk, R SR AR O fa B o S DR
CEMWRETSF AR T 9 ORI E AR Rk
I

2) AE B S : BEALE SR AN S
Pl SR SEAR, A4 455

INWEY HAXWE O E AT E,
1111 A2 JRG T SCRH MB8T5 AN R R SCAS

N HE— AR R SRR AR ) A, AR SOR A
—Rh 2R A5 T e ROk, X TR
SESRAEAS , AR SCT5 150 FL A o0 o 2 A8 03 (Ui
ERPREL B BEFR A R , I 4543
Oy BEATLIEAE — Bl s SR AT AL Bl X Rl BEHLZL
A7 BERE A OIS I BAEAR I R .

FET R , Bl s A 18 BRI RE Rk 1
ZRENE 3 T BEOREHE 958 {5 B O SO —
Bk A SO AR RSO Ja , 50 1 i 98
ARBR, BRIV FHE R 3 5 R R XF BA 24 5 38 e il
Ja— BT HI W, 2T A — SO TR ST AR
GRS M AT S o BRI A R Y
HRIE F BN ChatGPT (HART ChatGPT,

AR SR AR s 58 D5k e o MU TR
R B 3 R RE T, 8 B R T #Y Prompt FIZH 5
T R SR, S 1R R 3 S A e R
Waslsm . 2T IEARES A S N GR84S
AR IRV, 11 HRERS SR TR R (992 AL RE T, o FL I
RAE R A SR R T 30
1.3 ETXESHRENBIHURNY

DR R R TE MR AR B R E SO R A
WL RS BEFIMERR P, 32 1 T — PR T ORIE S
R A SN Fe 05 o 05 i MY ZR%L
Y& b A S IBCE AR, IR A e M 5 | 5K
T S R AR AT 5 VA R S B 2 6 A T A
Mo ARG A — ZR IR T VRIA SCAT S0
ARG o RUE 50 Ar SCAS ML AL =[]
245 5C 2R 5 IE AR IR SR UM A, O ROH 5 R A
PRt B A P AR S AL R o B L
e, 8 2l B0 T3 3 A 15 R0 D S (L 5
5 2) AR A R (LS 3) , 3 KR H AR
W bR SCA I fE Sy o Herp iRk 2 R RN D iR
TR D R SRR AL (R 45 25
WL ) D I A AR B8, o D 4 225 0 O A i 1
R B LU P o 5 2 I 3220 B R I o g
ST SRR AL G 5o T 2 R AT
B 25 HLIN D JE A4 R A5 P02 AL 5 00, BRIV
AODERCBE o 2525 AL AR i mh R UL A 0 U
I, AR 3 RN U A RSB0 0 AR AL U 2 b £ R
DN A BT R R o e 5 A 22 A 48] A B
KBTI RE S B4 HB iR, BE— 22 e AL
JE, BARERAE WA 3. 353 A b A A 37 ML
D] 2 36 Ao R DG P 3 R AT BRI, K DS T JEE 55
(9 b 2GR B AE R v o R 2R B, —
ARG CHA — s WA AT BEDL 2 2
W, 3 R ¢ 18 P S B S = D — R T
(S BIRCR o A IBCR A E il MU DE e 5
SRAE RN DT e 5905 o 13 B A 52 0 K dl 4R s 1 5
Bk 1 2P0 S) o HEERRT 4T HUE M{E
¢ IEREAE RAEIF (A SCZ B E N 0.7) o 1
RT3 TR S LAY ChatGPT, {H
AT ChatGPT,



EHE , 5 - B S RN 5 | S 0 T TR r R T A R ST AR A $ 183 -

ikl HMMETREE

Alg.1 Rule base expansion algorithm

BN AR S rule_set ; 422850 53 5 I R B A typed _
examples_set ; 3 55 R BUE ¢ TEFC BT IME AL &
Wl NEES rule_ser

1. rule_set«—RMA (rule_set, typed_examples_set)

2. rule_cover_rate<—i1 38 4T HLIN JE rule_set %o} fif A5 %2
5] typed_examples_set [¥)75 56 %

3. while rule_cover_rate <t do

4. rule_set«—NREA (rule_set, typed_examples_set, k)

5. rule_cover_rate«—i1 8 BT HLW JZE rule_set X fiT A5 %
5] typed_examples_set )78 55 3%

6. return ML rule_set

L2 MNEEREZE
Alg.2  Rule matching algorithm

BN : BUNES rule_set ; ZZHEES examples
wid: MW rule_set

1. for each example in examples do

2. for each opinion in example do

3. rules «— i Fi K18 = B B4R 2] rule _set T 5
opinion UG J f¥ H 0]

4. end for each

5. rule_set«—¥% example ({95510 5K 1E rules

6. end for each
7. return NS rule_set

HiE3 #HRNEREE

Alg.3 New rule generation algorithm

BN NS rule_set; ¥ H A ZHIE A typed _
examples_set ; L TR INECE &
B AR rule_set

1. for each typed_examples in typed_examples_set do

2. examples«— 1t typed _examples F BN K FEHE T 4%
eS|

3. new_rules«—{fi FKIE SRR\ examples 42 HUH

|

4. new_rule_set<—new_rule_set U new_rules

5. new_rule_set«—RMA ( new_rule_set , typed_examples_
set )

6. new_rule_set<—Tifi 1% new_rule_set ¥ DU R 55 i &
I kAR

7. end for each

8. rule_set<—rule_set \U new_rule_set

9. return LINEE S rule_set

BRI F AN A SN e T i g

FRIM DEIE 5 £ U A5 5 L RERE AR FE RN, OF
P fe R S Y A B R R SO R ER PR AN &
e T DA R B S AR A
T AR ER S
1.4 ERGIZGSHEE

TR EVIRBOR I S50, A SCR
TARFLIE " (low-rank adaptation, LoRA) J7¥ .
LoRA il i 5| AREREERE A F1 B KX HOI ZhAsi Bl
FROAS R A M A TR0, RO A 0 -

W=W,+A B (1)

Hrp, W, 2R IRAE A F1 B 2R, LoRA
TIEREBAEAI IR R Z BRI T , $ THS Y
TERFEESS FIRBL.

TEMN R R, A SOl LoRA J7 i 4k T4
FE R AN E BRI GO R TR SR R AR
Zrad FEH LA Prompt BFE RN A A, 35 B 5
AU A T A AU o PR sRECANT

T
L=- Zlﬂp(%‘y<,,x) (2)
t=1

Hry, 5 ¢ ASIFEE A I 5 y o, Z T
A A R X AR A SO SO AE B
P(y, |y, X) FE 45 52 B F SO A B &1
Ay A il e S BB S PN A% S
PRI BV AR A BT & BT SCRIRLIN 29 5 1% v
C'Ei

h TSRS Bl A% 1 4 R 5 A b R U
SR BN, A SO 2R T — S5 T Transformer
B9 X [\ g 15 %% 3 7~ ( bidirectional encoder
representations from Transformer, BERT) [ #01] /3
Kt o TR IUTLF AR L B U
PR A0 o B RS R I AR SR AT 55 A
KA o e ), o g 13 280 12
AL 3 T R I AR AR 2 LA B T A
TCRMZG o A ZE 4 AT BEXT I 22 SR, =oA
AL EARATREIN , DR 23 2R AT 55 O 2800 50 13,
PRI G451 2 R 500

C

Loy = - 2 [yiln<5/i) + (1 =y)In(1 _&i)]

(3)
o, C I ZE, v, Je S brbr sy, BRI
P& UIZh S 22 b 26 BT 14 552 B b 468 E Af 5
0. 93, B T HERLE T BLAY B TN . £ HEHLF B,
B SCAS AR 732 5 , DA HR SR EBCH X 7 Py R
PSR SC A — AR N i A A% i 25 i 5
o RIEFE BB E B, N 5] S A4
A B AT VT R AR SO o A S HY



- 184 - EZ VIS AN 4

547 %

BEHESCAT R A RN A RIS AR A

[\9}
)
=

2.1 XWigit
2.1.1 %%

S0 Pt S 4R 2 R T v TR Al A TS 1
VRN SRR B SCBER S , WA S T &
W] 24 %y |l o N B 450 5 3 AT 2 A0 7 451 3 i 4%
NGy Z AT, L WV S 15 2] 1 249 4
FEAS , AR AL 105 A~ Z RV Ry ik 4
TR B9+ 1 1y Le o 4l 43 Sy I 25 4 i g
RS
2.1.2 &gk

AR SCEFEIIR T 253 OBA I KIES
BT, 40 fF @ ] OR IR F BB LLaMA-2-7B-
Instruct** \QWen2—7B—InstructL23J 1 GPT-40-mini,
DA T[] v i N R T R R S R A
LawGPT™* ; Q¥ 5] 5 (975 1% RuleRAG-ICL, %
T3 AR A S A G R 5 | A A ) A et
T, TCAE MGk R a] 52 71 R T 5 A B A X 45 e
R4 R R ; @K T LawGPT HEAT 4842 R0 (1 7
2 LawGPT (3] ) o 7EAS SCSE 55 7 43, RuleRAG-
ICL 4 GPT-4o-mini /2 SCAE AL, DFIQ)
W R 3 MR T BT SR o AT
P& 1 J7 % LADDER 43 ) 3% H 38 ] K18 5 B Al
QWen2-7B-Instruct 1 H A ¥ £ &0 3k A2 19
LawGPT {2 B fit K38 5 88 347 52 5, T LA
UEZE L A i ERE R B2 . TR
R UL RGBT, LADDER BRIAffi ] LawGPT,
2.1.3 #EHE

BB R T B AR TR SUR A U 55
SCAA: JBAT: 55 DL PEAN 8 B A 15 SUEPPAl 2R AR
J71% ( bilingual evaluation understudy, BLEU) . Jfj
] H [l /Y B 345 2 PF Al 5 5 (recall-oriented
ROUGE ) #0
Perplexity, H:H: BLEU 3155 Ak il SCAS 1 5 25 3¢
A Z 8] n JCAH A B, T IRAL LA B
it s ROUGE F25%2 T4 22 A UAT: 55, PP A AR
A S SR Z 8 1 S G O, N E A ] 5
Perplexity J8 1315 5 BRI T3 A BCSCAS ) R 2R3
S WA JSCAS 1 it i M A B o

ERESCAS AR B E B Sy L il AR A B
BSOS, S GEIY SUA A AT 55 AR i
ARBFATE 5 27 SR B AR S5 A [ 2, 3
NI A JROSCAS Hh 2 754, 85 228 28 S0 Hhoxt i
BRI, A PPN 8 AR A8 T4 55

understudy for gisting evaluation,

BLEU 2T n JULLRORTHRICHC, 20 115 A5
K TEAESC A Hh Y WL AR R AA W] RE A4, AL5E n
JCAH PERCTCEAM R 2008 S E R . ROUGE fi]
FIPAE SO G REEE  (HE RIS P AL 5 2
SENANEC )T SCHRAR 2 AE bR IO AR -3 S e WL A5
ZIA A, Perplexity F T PRAL 6 5 1R 1
P AN A BSOS BT S, T U W 1 28 A S AT
RETETE X SSHERCBA—EL
HF BERTScore ™ | AL H T —Fh 3 F15
SCRARLRE 1) 85 SCA PPAl I i, BRI, 43
ZHEIOR T, MERSOR T, , 656 1 R 73 1
FTAEREMAL S, = Lsr, sty st LS, = Ly,
sz ,ous™ Lo ZJ5, FIFH Sentence-BERT™ % M i,
SCAS AT G % , 459 320 A UL SCRY 1] A s
e = Sentence-BERT(s) (4)
Hr e ZWE s 24593 Sentence-BERT % it 15 2| )
iR o IR, T 3k A SRR ) BT W A e
HEAL :

1, cos(e;,e;) =0

MWM&W={ (5)

0, cos(e,,e;) <0

ele
Horr,cos(e, e;) = m%é@ﬂa{urﬁ,e &
i J

350 1 I (A S S230 MU 4 0.8) ., %
ool | A4 ORI, ), R 5 525 304 Y
WA S, T R — AW DS BT, 2 2, %
TFok (1B MW o), LB 5 4 A 1Y
WAL S, HT B — AW A DGR BT, £ 7
WL B 2 L A SO T AR 2 R
FI(HHE8 MRS 9987, JErp e o
A T R S B S R DA RSO AR
AL B 7 4 3 B % SR R L IR
SRR L 5% SR L A

L b AT A I A A B B
B O AL, W S B B
B, RHTLIA 3 RIS AR AR e AT
22 EXH

Sl H AR ] 75 3 7 L 0 o S 2 AT 55
EEIFBL. PR 3 A BSOS T
o AU T ARIRERILE 3 A HebR T 10 T4 (8 DA%
FRfEE (45 R ILF 1) . LI 5, LADDER 7£4
TR WS T BE R A S
AT B SRS, R ¢ X H A SO
755 444 OB 4 A AT 4 5 R R, P
(RO EERS p (HE R M 0.019 7 (/NTF 0.05)
A SR ERE R 3 U 503 5 B 5 1



554 ] TRHE , S B i S LU 7 | 5 ) R 5 AR v O YR A A SO A A T + 185 -
®1 ETH 1 LADDER R RSO AR UE 55 P AR EE
Tab.1 Main experiment
Ik g mer R w2 HERE

LLaMA-2-7B-Instruct  0.314 £0.003 0.487 £0.002 0.382 +0.002

QWen2-7B-Instruct ~ 0.531 £0.001 0.592 £0.003  0.560 +0.002

GPT-40-mini 0.493 +0.000 0.607 +0.003 0.544 +0.001
LawGPT 0.546 £0.009 0.546 +0.008 0.546 +0.008
RuleRAG-ICL 0.567 £0.002 0.685 £0.007 0.621 +£0.003

LawGPT (fififl)  0.611 £0.004 0.626 +0.007 0.619 +0.003

LADDER Z:F QWen2-

0.643 £0.004 0.751 £0.006 0.693 +0.001
7B-Instruct

LADDER 0.660 £0.005 0.781 £0.006 0.715 +0.005

R AR TR R R, A UL T 45 th T
R 2 PR DG I S R 0 s SRR R
IRHER K AEE, QWen2-7B-Instruct 7£ 4L H F S S0 AS |
A, W R 80T LLaMA-2-7B-
Instruct , H BARBCRIE LT GPT-40-mini,

I TR HE TR YR, RuleRAG-ICL /]
DL U OO A i e, SR T A KBS
BRI I AR L, R B A4 T 1545 TR0
[958, RuleRAG-ICL 7E £ 225 F4&THI .

T 5 1 LawGPT 3R B HE A, U BT XHRF
155 YR BEAT R TSR 1) Tl PR AR 1

J£F LawGPT ) LADDER %R 16 T % T
QWen2-7B-Instruct FYRHE | X2 K0 b QWen2-
7B-Instruct, LawGPT 3427 > 1 3 41 40 3k (1) A 5 1
P, DR SE AT B T S A AR il

5 0M J5 %) LawGPT AH [t, LADDER 7 fif §
febn FESA W AR T SRR T BT SR EE 1 5 R A
MIFE P 1 SOR 5 X 45 R AR T R

2 B P&, LADDER QI T 1 R iE &5 B Al
A R il 2 S A AR U 55 T ) R I
2.3 HEZK

Xt LADDER ) S BB B 17 78 b 52 36, 45 21
WA 2, FEBR— B BIR ] 27 78 K 1 0 i IO
MREAGHIME S — SR 290, SR, ixX 3 A4
BRI BIPEREA 1% TTMk, 5¢% LADDER &
RUFL o Bl . KRB R 5, F1 TR
0. 654 , P IE 1G5 7] =3 AR AR Z R N THZ
FLREST  WIBRIES B 2 . SBRAEIN 5 | F 5, FL
%2 0. 687, FHIRLN 5| 30 1o e A 2 KL U RO 254
MG B A RERTE 1 A A 25 08 2 M AR 1
FBR— PR R ] 2 RE TR, =2 3R At
JEe T R, 5 M BB X VA A A 0k 25
b BRI 5 | A AR A 8, SR T

Tab.2  Ablation experiment
ik iR R FL{H
LADDER 0.660 £0.005 0.781 £0.006 0.715 +0.005
PR B
RN | 5
FBR—E PR % 0.638 £0.002 0.743 £0.003 0.687 +0.002

0.628 £0.004 0.683 +0.007 0.654 +0.004
0.641 £0.004 0.741 £0.002 0.687 £0.003

2.4 BESHWELI

ARSCRAE AW AR TZ AT B J3E D e B (L AT T
ST, RS T A SCE I 7 1280 3 AR
BAF XTIk AR I 2 Bk, AT AR
H B B {ELTH g , X REAS VT IE L UL ) FIR s,
B UE B BORE A A B VE C P W s 0, TR i
I Y FL(EBAR . SR TASIEAR UL B {E e+
2/ ARIOT I N HEIT RIS AP IRCR .

1.0 _
0.9
0.8
0.7
0.6

FUHE

0.5
0.4
0.3

050 055 060 065 070 075 080 085 090
UL A% AR DL I

LawGPT#IH)
e LawGPT

s LADDER
RuleRAG-ICL

B2 B FL S-SR AR TE AT L
I EEALIINESEN
Fig.2 Relationship between F1 score and cosine

similarity threshold for evaluating opinions

XA o R B (E AT S o A S 5, 245
W 3 fras e A H AT LAA i T80 5~ HL0 A
0.720
0.715
0.710
0.705
0.700
0.695

FUHE

0.690 ——
0.685
0.680
0675 1Ll
0 01 02 03 04 05 06 07 08 09
F 00 7 5 1L
B3 B RES ML o R B (E 2 ) 56
Fig.3 Relationship between model performance

and rule coverage threshold



- 186 - B BE K 2= 2 i

547 %

By AT LA R 27 % (RG] , PRIt > 7 o 56 ) {1 150
Sk O 1] 0. 2 AR AU 55 SR AN AR 5 7 e AR A5k SR o 7
TP T b T E S 55 A0 0. 7 BB
RORA PR A SCA R X2 B TR 3 55 30
PETF, KO FREARA RNz A I A
PEAL B I XS — B 22 B (1 5| = AR T E AR o
2.5 AIFfhm

Sy i B 3 S 5 AR AL BE AT R TE Y R BR
TR LR TAEE N TP S8 . B 2%
FEXT AN Z AT AR LSS R A3 N 3 A BE AT
g3 WA RICNE (A B 28 B A A ik
B AR ATV R, B A RO R T
S T A SRR R (RN A R T B
S, CEE G B stls) " Rk mmrE” . 3
NHERE S | AT 1 ~5 o (1 43 2,5 Jr ik
fE) LRI Ty A& 4 B E A1,
£ Fleiss’ k R VPG [ — B0k R 0. 61,
A IES 3 AWK E i AE R4 EdkAT HE
B, 3 AL HL R Al A AR T A ST P4, 5
WA RN 3 PR, WS bl LA
LADDER 7EXL 55 A3 %0t F N 75 58 3 vk 3T
B X . TEAE ] QWen2-7B-instruct £ Jy Kk
RS (56 3 4745 R ) , RIB WA — 14
Th, A SCIA R X 3 22 i F A AT LawGPT,
QWen2-7B-instruct 3 FH (1) Hh SCIE 5 3R35 T 5%

R3 ERHERERXBHATITMEIRE
Tab.3 Manual evaluation experiment on generated

legal defense documents

Sk ML A, NE Fik
EE: SEREPE e

RuleRAG-ICL 2.45 2.94 4.29
LawGPT

o 2.41 2.65 4.12

(f49)

LADDER %t

=T 2.63 3.10 4.31

QWen2-7B-instruct
LADDER 2.81 3.33 4.14

ST RN 5 5 A N I SR B0 E AR S i
MRRETE. 2 R4 O BL 56 1 3 2 B REA
TEAE R 7058 0.3.0.5.,0. 7 F1 0. 9 W&t fir
A SO A SR o DRI 5 B (R DU 2 75 4
PIEANE A S SRIE A TS, BB A B T 3¢
R 7L 5) MFB MG TEP A HERE AT 1 ~5
SINLVEr . W3k 4 PR, B Rk 0.3.0.5,
0.7 F10.9 I, AF SO 5 B8 235 O 25,8 Al

14, R TAEPIA RS L2 {E, Fleiss” «
FBCR/RTE 3 A AL Al R A A T Y — Sk
J0.58, RTLAFE Y, AR S5 IR AR O R ot A1
XFEE . R 0. 7 IR RIFE AR89 T e n] fiE
Je T MR R Y 5 | S AT A T — S
HEAH S5 0 A B AL, X S0 B B A —
E SN E, (EATESR M EAETE N .

x4 MMM ATITMHELE

Tab.4 Manual evaluation experiment on rules

B BT R
=N
0.3 0.5 0.7 0.9
SR 55 2 5 8 14
I AEM 4.00 3.60 3.92 3.88

Fikmmtt  3.67 3.67 3.63 3.74

2.6 EBIZH

XA A B PR 22 L L B A Sl IR H F R
AT I3 AT o R T A I 5 WL AL, AR S #% 1
BB REGI AT 78T, X EE LawGPT (R ) A1
LADDER )i t SCAS 5 b5 1 19 2 2% SO Z 18] 1

Sto RBIFEMZES PR,

Z Wil — i, LawGPT (098 ) 1) fan Hh A0 &5 4758
Wil C 2 HHBURER T HIE T RO E
7 R ARSI R O MR B, BICF K
fa, R AT RE - B 124 . LADDER B % i
SR SRR AR, HERR IR T KR SR A B
AR VR A g ) TR AL, BT H BN S5 R
X HW] LADDER iy (i FH 2t 1 e AR U 51 5%
TEAR B AR ORI AR )3 5 i 5 2 HE B, A 30kE e T
ZI5E

F) o rp, LawGPT (Bl ) 19 i H ¢ 4 i 5
FL, AR R ST G B Z A AE R O
Z X5 REAFFLAMT, o H xSRI R
fift . LADDER [ i B AR 45 i 7 A& A% 1
W7 AHAR R MR, HS 200 S A TELT 5,
(T L K FNFE T I R A BRI . A S X
B PO RIE Y o 7 rp S A B SR E AR L
MR AT T —E R M. BAR S ZSE
BERALT AHR B TR AL . X
f] LADDER 74b B 28 G2 AF AT A7 e sk 45 1], 47
I e R T G A R DR 2R S R ) B
ST i IS ARL S B i JS A 2R L
oSS AR T LA e i 45 1 PR AR A Bk e A
TG AR SR A AR AR R 408 B b e A



EHE , 5 - B S RN 5 | S 0 T TR r R T A R ST AR A $ 187 -

xS E=HISH
Tab.5 Case study

FEpil—

ES -

742 JEUE BRI A BE AR HURIA TR & PO 2
Fe 4.5 FRMBUR K 31 500 JT; URTA P B S R, F

602 : JE4EIEFR 2016 4F 4 H 21 HEgE 1 A 30
SIVE ARZENGRE (B W) AR KA
KK (EKEFRAW]) . SR RPE B
MW FLE, H—- LR, ST
(PR 2B MR E , A R B % 4

JEEE RIS SCH B 2017 4F 6 H 19 H B i IRER AT AE 2 4
B, /N B2 e K, SR KK R R A 4
iyt ety

P 2|-<%J<%JEI§H<W§,%E\%‘/J\%ﬁﬂ%ﬁ%%%% E5l

Sk &, BEA IR AR AT AR 5

JESE VR RS & B A KR

U R B 5 X 5

T A EA G IE AR A, AR 2 T R HLA
A KA IR T i SR 5

FEF AR SET RN 5 BTy ook, oy AR
HRATT TR A e M 35 1 I o X 37

/SIS

ARG I AW 2 15 /N 5 48 3 Bl 2R % L 5

A&, B AN HIE 5

BRI RSET S WO Z AR R G &, Bk

LawGPT
(%ﬁ) KI5 B ELAA T S M BUR BB TS T A REMOA S5 BB AT N S B R TE T, IR M7 24 7R 4
"’ P AL S MBI — A O AE R AT
T (40 S B AT IR, 0l 25 A ) 2R H 4T
FRMARBE 5T TR « S50 35 ok I % LG4 — 5045 A VR 4
I FAUN, 2 R85 5 0
BRI LA R LIRTREN TR
o7 AN AR B 1T A B
ARSI SR AR I, 2 76 /N B 5 28 B E B
5 Sy L R 2 G EITHFH
LADDER &, KK MG T LIRS, Eigﬁjﬂ%%ﬁ REEAHR, SR AH

IR VRI RIS , B TR AR

PEHEFRFMIE TR, BT AR 5T

QLB R AR SE 2, B Rod i AT 557 ), 15t
BREREARIE A B N REZ AL RE T , o HLAE v X
SR 2R SR A N B S VA M A B T R S

M —JE4 12 %, A58 A A iR
4 55 BT A S ECR R 8 ko A SCIEFE 2 &
P HUUA 2 2% A S B EA T 20 o AL
ALAE RN K (TR ) AR (A (4538 ) AR 23, —
ZERN g« U Sk — RN (A ol LIy

1) ks i — 805 F T R 4 B AT Ak AL
R IE Y, BeA kg RS T
R LA SR IDURFL I 1 e R 0 2k e S B AT
R

2) P A R AT R A, HLR TR Bl
P A A — SR AR AR SRR B R B
PR AN B3R BLBT AT D Al 2 3 1k, I 1k
Phrs, LR 2 TR R A0 IR B R TE
(LA

N2 2% A S LI

1) AR T 8 A 1 G 53— gt A i)

YU AN R F IR HAT e st i8I, 9005 X 4
FHLM AT

2) Jit 63 L — S B R St R e
Bt fift o, B Jeid A9 5T, A DRI 54T
B R AR R IV 2% H R

b5 BN Fg U Sk DAy St R Hh S A6
NG, MR T DAy Xof IO 1) 25 5 SR o A 1 Sl DU
PR R, IR AR R AR AR AU AT A
SR, ey RS TR SK AR AR A S AR
BTS2 L X8 I ) 225 SR G

3 #Hit

ARSCHEH T — T R H BB A H
RRERESCA AR T ¥k, 45 A 1 o S5 ML 5|
R, B AR H I Aol A= il e S5 9 25 8 S AR
BT L O 30 T L P RO A R 1, A
FELL R IUANTT S T QT ogmk -

) Bt s 5 OS5 HE AL BTl A 3 A
SR FNTE SCHTIE IR SCAS , e T /D REAR AL, 4



- 188 -

(FE TR SR S AN S

547 %

TH T s AR E R ZRACR o

2) T RIE ST B S BT % A

SCERH T — i AL [ Sl Rk O 2%, F A
RN TTARE il d KIR H R e 5 51
BRI, SR T 1 SCA AR s R P RS U

AR A SRR 1R T A AR L RS

VoA A 55 AT R, TEHRAEDREAR R T,
WA i S RN 5 | 05 R A U A 4R T £
T RREZEME,

2 2 3R ( References)

(1]

[10]

[11]

CHEN Z, MA J, ZHANG X L, et al. A survey on large
language models for critical societal domains:
healthcare, and law[ EB/OL]. (2024 —11 -21) [2024 -
12 -01]. https://arxiv. org/abs/2405.01769.

YANG C H, XU C J, QI Y Y. Financial knowledge large
language model [ EB/OL]. (2024 -6 —29) [2024 - 12 -
01]. https://doi. org/10. 48550/ arXiv. 2407. 00365.

XU Z, WU F, ZHANG Y Y, et al. Retrieval-reasoning large
language model-based synthetic clinical trial generation[ EB/
OL]. (2024 -10 -16) [2024 - 12 - 01 ]. https://arxiv.
org/pdf/2410. 12476.

ARBEL I, REFAEL Y, LINDENBAUM O. TransformlLLM .
adapting large language models via LLM-transformed reading
comprehension text[ EB/OL]. (2024 - 10 -28) [2024 -
12 -01]. https://arxiv. org/abs/2410.21479v1.

COLOMBO P, PIRES T, BOUDIAF M, et al. SaulLM-54B &
SaulLM-141B; scaling up domain adaptation for the legal
domain[ EB/OL]. (2024 - 07 -28) [2024 - 12 -01].
https : //doi. org/10. 48550/ arXiv. 2407. 19584.

HOU A B, JURAYJ] W, HOLZENBERGER N, et al. Gaps or
hallucinations? Gazing into machine-generated legal analysis
for fine-grained text evaluations[ EB/OL]. (2024 -09 -23)
[2024 - 12 -01]. https://arxiv. org/abs/2409. 09947+v2.
BARRON R C, EREN M E, SERAFIMOVA O M, et al.
and Al

finance

Bridging legal knowledge retrieval-augmented

generation with vector stores, knowledge graphs, and
hierarchical non-negative matrix factorization [ EB/OL ].
(2025 -02 -27) [2025 - 05 -28].
abs/2502.20364v2.

FARZINDAR A, LAPALME G. Legal text summarization by

exploration of the thematic

https://arxiv. org/

structure and argumentative
roles[ C]//Proceedings of the Text Summarization Branches
Out, 2004.

GALGANI F, COMPTON P, HOFFMANN A. Citation based
summarisation of legal texts [ C]// Proceedings of PRICAI
2012 Trends in Artificial Intelligence, 2012.

SHNARCH E, LEVY R, RAYKAR V, et al. GRASP: rich
patterns for argumentation mining [ C ]//Proceedings of the
Conference on Empirical Methods in Natural Language
Processing, 2017 1345 —1350.

ZENG L D. Leveraging large language models for code-mixed
data augmentation in sentiment analysis[ C]//Proceedings of
the Second Workshop on Social Influence in Conversations

(SICon 2024) , 2024.

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

SHIM H S, PARK H, LEE K, et al. A persuasion-based
prompt learning approach to improve smishing detection
through data augmentation [ EB/OL]. (2024 - 09 - 06)
[2024 =12 -01]. https://arxiv. org/abs/2411.02403.
GOCERI E. Medical image data augmentation; techniques,
comparisons and interpretations [ J ]. Artificial Intelligence
Review, 2023, 56 12561 - 12605.

CHEN Z W, XU C J, WANG D M, et al. RuleRAG: rule-
guided retrieval-augmented generation with language models
for question answering [ EB/OL]. (2024 —10 - 15) [ 2024 -
12 -01]. https://arxiv. org/pdf/2410. 22353.

WANG S Y, WEI Z Y, CHOI Y, et al. Can LLMs reason
with rules? Logic scaffolding for stress-testing and improving
LLMs[ C]//Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics, 2024. 7523 -
7543.

EDGE D, TRINH H, CHENG N, et al. From local to global ;
a graph RAG approach to query-focused summarization [ EB/
OL]. (2024 -04 —-24) [2024 - 12 - 12]. https://arxiv.
org/abs/2404. 16130v2.

JIMENEZ GUTIERREZ B, SHU Y H, GU Y,
HippoRAG : neurobiologically inspired long-term memory for
large language models [ EB/OL]. (2024 —05 -23) [2024 —
12 —=12]. https://arxiv. org/abs/2405. 14831.
RAM O, LEVINE Y, DALMEDIGOS I, et al.

retrieval-augmented language models[ J]. Transactions of the

et al.

In-context

Association for Computational Linguistics, 2023, 11 1316 —
1331.

LIJ, QIAN L, LIU P F, et al
knowledge graph based on knowledge-enhanced large language
models[ J]. Information, 2024, 15(11) : 666.

SHU D, ZHAO H R, LIU X K, et al. LawLLM: law large
language model for the US legal system[ C]//Proceedings of

Construction of legal

the 33rd ACM International Conference on Information and
Knowledge Management, 2024 . 4882 —4889.

HU J E, SHEN Y L, WALLIS P, et al. LoRA: low-rank
adaptation of large language models[ EB/OL]. (2024 - 10 -
16)[2024 —12 - 01 ]. https://arxiv. org/ahs/2106. 09685.
TOUVRON H, MARTIN L, STONE K, et al. Llama2: open
foundation and fine-tuned chat models [ EB/OL]. (2023 -
07 —=19) [2024 — 12 —01]. hitps://doi. org/10. 48550/
arXiv. 2307. 09288.

YANG A, YANG B S, HUI B Y, et al. Qwen2 technical
report [ EB/OL]. (2024 - 07 - 15) [2024 - 12 - 12].
https://doi. org/10. 48550/ arXiv. 2407. 10671.

ZHOU Z, SHI J X, SONG P X, et al. LawGPT; a Chinese
legal knowledge-enhanced large language model [ EB/OL].
(2024 -06 - 07) [2024 - 12 - 01]. https://arxiv. org/
abs/2406.04614.

ZHANG T Y, KISHORE V, WU F, et al. BERTScore:
evaluating text generation with BERT [ EB/OL]. (2020 -
02 -24) [2024 - 12 =01 ]. https;//arxiv. org/abs/1904.
09675.

REIMERS N, GUREVYCH 1. Sentence-BERT:

embeddings using Siamese BERT-networks [ C]//Proceedings

sentence

of the Conference on Empirical Methods in Natural Language
Processing and the 9th International Joint Conference on

Natural Language Processing ( EMNLP-IJCNLP) , 2019.



