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Abstract: Pre-trained language model-based legal question answering systems struggle to flexibly understand users' intent and lack
the integration of external knowledge, making it difficult to achieve desired results. To address this, this paper proposes a fine-
grained legal question answering dataset based on the criminal law articles library (FCL-QA). Based on FCL-QA, this paper propos-
es a Statutory Articles Retrieval Augmented Question Answering Framework (SaRAF) based on large language model. The core idea
is to locate the category of the question through multi-level classification, narrow the scope of statutory articles through the category
to facilitate retrieval, and finally generate the answer using a large language model. Experimental results show that the SaRAF out-
performs both without statutory articles generation method and Retrieval-augmented Generation(RAG) method, achieving ROUGE-
L F1 score of 42.27%, BLEU-4 score of 27.78% and BERTScore of 72.52% on the FCL-QA dataset.
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[) 70 AH 26 19 5 480 B 43 08 A Nee ~ Ny 5
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1 BLEU-4 , 4R #i& 5 & i8] o5 () A5 0L B & PF Ak
He i &, % BERTScore , MR 4 15 SCAH L) BE 3T
i A BB R . ROUGE-L 48 5 76 313 i i 1] 1T
HLER i C5 2 H B E SR KA LT TS
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mp1 gy = BP * exp( D w,logp, ) (11)
HoA A oo T8 15 28 25 I, g T SCAS 3 2L
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1
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1
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Fpppr =2 X —————— (14)
e Prgrr = Rygrr

3.3 BELRiEE

SEH R R T 10 AR B A O B 4R By
FELAAY, 3 )R

(1) ChatGLM3-6B: & i AL Hl i £ K °%
KEG 58 % % B 5 A A 09 % 135 1)1 2R Y

(2)1L.1LaMA3-8B ( Large Language Model Me~
ta Al 3-8 Billion Parameters) : Meta & i [] K i
AR AL H R S TR AR

(3) Qwen-7B (T[] =7B) : F] L = JF 5 1)
ORI F B AL TR e SR AR 55 b R
A,

(4) LegalEagle : #£ Intern.M2-chat-7B f*) F&
filt b A () 2B AT T AR A O, R il
[ SCAS b L A 4 JHORN RN TR A 2R fig

(5)LaWGPT : DA Chinese-11aMA~7B A K 5
AU, AT T OROREAEE Y Sk A T R I
Gk, JF T P T RO SR AT AR R

(6) K2 : A Qwen—7B Jhy J Jis f AU | 45 &
I SCAT A TR Al w2 B AT R R I 2 Y
CIN N RV

(7)GPT3.5: openai & A1 1 FH 4R 15 5 Ak #LA
A, HArsE AT ey E 0

(8) T5 PEGASUS (Text-to-Text Transfer
Transformer with PEGASUS Pre—training ) : 4= %
2T ZRAs A it O 40 2 X% 31 25 B e A5
R SCA R R B

(9)T5 Copy: 7E T5 PEGASUS By EERl A
T Pointer 4514, [RIAE AT L T 24 55

(10) SBERT : fili ] 27 £ [ 4 ] 12t 1 4> g A
SCAS Y AH LR B, AR A i AE B A
[F
3.4 KIEE

AT BT A S 0 L T IR B A S HE 42 Py-
torch, 7E Linux ¥ & I f# A — 5k RTX4090 & k
Wk, LB 2 s

TESC I, A SCHEHE AR b B AS [R) A K
A 3T Firefly W0 H #F 17 &8 6K B i BE (Quan-
tized Low-Rank Adaptation , QLLoRA ) #§ 4 1% 1 ,
56 BCHESE T /9 45 AT 55 AR o B T R BEARLA)
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T SBERT #5& B | 75 25 58 A= B Beilll 2k 1 T5 A8
TR g X B o AR SCAE B 4R 1 DL 2X00 4 i 2
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Table 2 The settings of experimental environment

TiH ZHLE

BIERS Ubuntu 22.04
AbFRES Intel(R) Xeon(R) Platinum 8352V CPU @ 2.10 GHz
TS NVIDIA GeForce RTX 4090
CUDA A 12.1
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7, 5 SaRAF HE 28 iy 52 50 45 S 9F 17 X b, 45
W 4 FTm o S 45 5L B, 0 40 5 AU 7E fifi
il SBERT ## & K & B 19 K5 o0 Rt + 6
SaRAF HEZE , — & 8] w] AH 25 1.11~7.84 1~ & 4r
S EAERE BT LawGPT B AL Ak, fii
SaRAF HE 42 (1) 45 S L T SBERT £ & | /7 #F
1.21~3.35 M H o S Z (R ) 22 8E o 78 AR
e R ARG T, 5 E R kA
A Z /D IEFAR R AL, EFEAMNE S
R B v 4G 2R B ) R R TR R [l 25 TA) Y
e R A B R i E 2L [ SaRAF HE 22 5 4F
BR RPN EAES MR, 3.6 T, AL
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F 5 BIR T A [A) 455 R A 25 58 A W o B 1Y)
& W AE b bR SR A5 R o 7R RAG B L
T AR SR i S A TP T 2R R e ok il
I 55 A DL EE A R ARAR T A5 R B, X TRl
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Table 3 Experimental results of category prediction and topic

prediction (%)

AR BT SaRAF
R  Fl P R Fl  Acc

A

GLM3-6B  80.63 74.10 77.23 93.47 89.72 91.56 88.08
LLaMA3-8B 76.26 68.17 71.98 78.33 71.59 74.81 87.68
Qwen-7B  82.02 73.09 76.86 81.70 74.26 77.81 88.77
LegalEagle  81.75 74.85 78.15 81.53 75.61 78.46 89.37
LaWGPT  71.25 60.23 65.28 75.82 67.58 71.47 86.29

K% 77.36 69.93 73.34 78.44 72.01 75.08 88.68

T - P(Precision) {UFRMHI R, i 1 S RIHINZE R (9 26
EMEH . R(Recal )fURA 14 i 1 P A IE 8 14 328
A Z DRI R . F1EZEG PS5 RIS A 724
Ace ARFRRTM B B HERR R , M 7 RSB Ber 45
REVIERATE.

R EFBEEFRRER(%)
Table 4 Experimental results of statutory articles retrieval
(*0)

SBERT SaRAF
P R F1 P R F1

Y

GLM3-6B 61.09 78.02 6852 5598 81.37 66.33
LLaMA3-8B  53.55 64.16 58.38 55.89 6541 60.28
Qwen-7B 56.54 66.83 61.25 50.89 68.76 58.49
LegalEagle 56.01 68.42 61.60 48.17 71.35 57.51
LaWGPT 51.41 61.06 55.82 5597 59.57 57.71

K4 54.59 6549 59.55 53.48 66.67 59.35

KPS R . LR AR WoR, i ] SaRAF
VEAT K 2R 38 i A0 R 2w A T RAG . 7
ROUGE-L F1 fil BLEU #§ #x L., — 3 2 [a] 5 3l
FEAE 2.62~11.17 1 2.63~13.40 4~ H 43 &5 Z [6] 1)
#Z#0 . # BERTScore 8 #5 I, — & Z 0] {7 ¢
1.54~5.75 M H o s Z M . X &l T RAG K
F 0 R B JC L) HL T AR, R (] 2 () A
B A BR, nl B8 S S0t A G 15 IE B Hb 3% 48 4,
NI o= G T S IR = 2B u =Rk 1 §
R T 9B T 2%, TUIN 2R TS AR AR A 6 AT
SRANGN SaRAF HEZE R iy AR B |, #F = T 45 b I
Iy S AEAE 0.25~7.78 . 1.59~6.57 1 1.21~5.80 4>
A sl Z R 220, 8 REBLRIN &R, GPT3.5 1
T4 b b0 2 B R RE N U0 28 5 4 A T 1
JE R B AL FE = I 48 AR b AF 7E 10.85~13.87 .
10.67~14.01 F1 8.44~10.41 4~ [ 4y 5 Z 18] 1y 22
PE . GPT3.5 4 W 1 K &t BT & 09 IE 8 01 &2 5
Bt B R 253 1008 B9 GPT3.5 [a] B o 2k 1 7 K&
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Table 5 Experimental results of answer generation (%)

o ROUGEL-F1 BLEU BertScore
RAG SaRAF RAG SaRAF RAG SaRAF
TS5 PEGASUS  — 34.49 - 21.22 — 66.72
T5 COPY — 39.00 - 24.61 - 69.34
GPT3.5 — 28.40 - 13.78 - 62.11

GLM3-6B  29.72 40.89 13.09 2649 6586 71.61
LLaMA3-8B 32.19 40.51 16.16 26.67 66.89 71.39
Qwen-7B 39.33 41.95 25.16 27.79 70.89 7243
LegalEagle  35.88 4227 20.15 27.50 68.85 72.52
LaWGPT 31.31 39.25 14.07 2445 66.06 70.55

K4 34.77 40.69 19.27 26.20 6841 71.37
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Fig. 8 The analysis of statutory articles retrieval metrics
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Fig. 9 Ablation study on the impact of statutory articles retrieval

T SaRAF HEZE T (9 A nle 25 2% o 1 76 4l 1E
L4 0a A B AR i B B R AR AT T T, X
Ut B SaRAF HE 48 v il o &5 R AR LI TE A 2
B, BB A% X 25 58 A B A AR 1) RE ) . 3 R
HE— AL ) 25 B TR, SaRAF HE R R A %
LT 25 8]

3.8 ZHISH

B0 i R T ANl £ 45 9 = 8y 2k
F PR L, B R R A LR TR Sk
FPEEHR TR RN EE R, v LLE ], 7E 3R
vkt R rp, R B T U OGO Bk
FWER . AR K ERE, S EEA R
(4% DL T ) AH AL BE TG o B M 2w A
B ERE, S8R B K& S P& R8I
ORFRP SN (S ol W = S v S (R = 1
by W R R AR R, RS R T A R Y
BE,

B 11 o J@ 7R T fiff H SaRAF #E 42 5 FCL-
QA ] A 24 R — A HEIREER . AT LR
L EAMAEESSNERTEAE HENE
M) AR 1 oK RE 4R B 5 VE O T8 09 & R 4 BHH ¢
(B 2, AT 4 L 4 22 W T[] i rp 5007 19 52
M, 8 5% 0152 T R AT CVE SR A A 5 o A Bk
Z R BAIRLE AT MR LSO A
2 109 [l 52 WAL 455 B3 A 20 36 VF O 98 A7 76 57 %8 b
(AR BE b, % T 500 J0 02 A5 3k B 57 R bR i, 1k F
b o J a0 e Ak 51, B AR AT AR TG Tk 4 U
[l

AR RERERRFRRRAILERIERD?

SEFRENRR:

(HiE) B=E=+=%, &
RN
(%) BHES, BHHA

fRERREER:

(%) BoE=+=%, &
BRAR e
(MiE) EHER, SR

RSN, MSRAER BFHMAICE, R4S

e e

(L) F1AF ARE
BRRS AL SRR — 4 -
(HiZ) BB 1%,
R IUTE BIFEENA -
T B ZE I SORE R URMAZ R I 0 N B R A R
W BTE 2% A T SORRE S B IERR Y 2%
B0 L RK RS
Fig. 10 The case study of one FCL-QA dataset example on

articles retrieval
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Fig. 11 The case study of one FCL-QA dataset example on

answer generation
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