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Design and Implementation of an Element Extraction
and Profile Construction System for Labor Arbitration

Cases

Abstract

With the deepening of digital transformation in the economy and society, labor
arbitration cases currently exhibit the dual characteristics of rapid growth in case volume
and increasing complexity. Traditional manual case review methods suffer from efficiency
bottlenecks and variations in subjective experience.

To address these issues, this paper designs and implements a three-layer hybrid
element extraction model that integrates a rule engine, a Chinese RoOBERTa-based multi-
task neural network, and a large language model. The model covers six case types and over
70 element fields. Based on this model, a three-dimensional case profiling system
comprising legal, factual, and risk dimensions is constructed, and an integrated case-
assisted analysis system is developed using the FastAPI and React frameworks.

Experimental results show that the hybrid strategy outperforms single-strategy
baselines in terms of both accuracy in case type classification and F1 score in element
extraction. Moreover, the three-dimensional profiling effectively reveals the core
characteristics of each case. This work provides a viable technical solution for intelligent
information processing in the field of labor arbitration, with future improvements possible
through expansion of annotated data, enhanced training of the NER head, and predictive

modeling for analogous case adjudication.

Keywords Labor Arbitration; Element Extraction; Case Profile; Natural Language

Processing; Multi-task Learning
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AAEAR MGG B, XL RS ORUE A I 4 U 75 28 A% H 485 S LU e« e Y
AL R0, BTSSR E R ), AR, AR
XL TFELE G BN SO AHE R ) 7 AT 55 SR BEAT TR o KU 5 AR 1 8 38 )2 — MR
T, BRI R SR I 22 R AR R T R I e Rk T U R
ANIR B FH I R0 2788 55 ) 1 R SOAR BT, SReAist — A2 (R L

X =T @ T N0 HybridExtractor (1925145 — 1R 5 (11, 15 (¥ SFEM% 2
M B SR Bk E AR R B B o HARSKR UL, XF T8 case_number. filing_date
arbitration_org IXFEEE A LLELE E 7B, xRS R MU EES as & X T 4028
FEBt, AN tmpl primary cause. contract type. employment type iX¥&, 244 KA
P2 R B TS 5 T T4 claims. gen facts_and reasons 3XREfI [ H1 30 A
FBL WS T Ollama #iox FRTE S B ACRIZHG, WA BA H A IS, stEbR 3]
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B 772, XA IZ AR AT LS K] 4-4.

[ o stk |
'

HybridExtractor (¥ mH#H])

Layer 1: #IMEAE |Layer 2: BERT #MAE 2 [Layer 3: LLM BIEE
RuleBasedLaborExtractor/ChineseRobertaMul tiTask 0llama Qwen 2.5 3B

I+ SRR NER + 7036 + QA 3k FHA + Few-shot

w4/ Hil TS/ TG [ EiER / kR R
EB /) % Fr B Haiid
BT B R I AT )
B (FELk) — BERT(#'E) — Ollama (BE58)

[ Output: FEAEEE I ]

B 4-4 BELFHMEL T2 Py AL B
4.3.2 N HHENEEEIT

IR0 ek 8 3 T A IE U A ORI S i DT e R SE By, L — s T 22 A4
SRR R H, LK 60 2 TR - BUE AR MR o B — ANl R HH o0 B —
AN — HAEE S ECBHIE SR B, B X SR B i, SRR S A g ik
E G LE IS A N By s W (=R D B8 e SR st vy S O TS S R e N
UZ%EE 4-5,

& H BRI, A ECSCH R H I SRR IR 2, Hin 2020 423 H
1 H” “2020.03.01”7 “2020/3/1” “2020-03-01" 1X &L, HNHhELES 28— — 4~ 1EN
FIEALITE, XA IEN KRB “([12][0-9]{3)\s*[4E./-[\s*([01]2[0-9])\s*[ H ./-]\s*([0-
312[0-9)\s*(2: H)?” , ULHEZ 22 J5 5 "parse_date any()' BIE S — K “YYYY-MM-
DD” X Fkg o X TEA7 B, RN S [ o SRR B R A 25 A SOR S 871X
PIMIE kL, Hean “8000 o A« \ToT” HREMNT, Hoh SRS TR Eid i
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AN RSB B B 2 T PR S R A S I KA B 4 1

S FH 70 A R ik A L B2 — A BB BE AT, IX MR B ST\ ALER
SR AR SC 1 SRR, SR Ja AR B SCA rp I S S ] (13RI D0 » OIS DL i R A7 5 S8 1 o
AT RBEFRA S 72K, RIRE R 2 LA R, EE BT SRR
T[R9 B B J LR S BCR TR IR Ak, e S s in] A D8 e 2 HE PP mT RE AL 2 BBt o 4
RPN R, JEEA 5 E SN T IRE 7 IR

?

Input: ZMJELGESCAR

!
[Y$ﬁhﬂ(?%b*%)]

!

22 ANJRIL IE Tl B PR 3
| mwoms [ wess [ owew [ swewm

| nrwewm | wwwne || owwmm [ momes

| wmzmam || wwew ][ xs ][ wmewn |

------ %wzzﬁmm&%------

]
EmrETEEn
!

[ womwos o wEe |
]

[ IR BRI (hierarchy) ]
]

[ R BB 5 2 O |
v

[ Output: Rl R 2 5= it ]

& 4-5 HENHEES AL R AR

4.3.3 WHEMHHEVERE T

ST RO B AE TR T TE A A L, RGBT T —METIOIZRE S
T ZATZ ARG I LS, & TR 55 B R AT IO o AR AT R A T
55 S R A E R AR T R 20 B A BT S AL A —— SRR (4 5
N AR LH. B &80 « URSE (REER. GFREEM. HTRER .
SO B (RS . mPEHiAR . AERRJEED DLREVE RN RO ATD .
A NGRS R, RAnF B 2005 5 A R EFRORRE D, Bt 12
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(RSB 5 2 QM) AT 55 2 AR I 3 2 A 25 A B2 3k

AL H hil/chinese-roberta-wwm-ext {E L S 4ntl 35 . %A AL4E 3L BERT 1)
At F 5N T iR EiY (WholeWordMasking) S50, 7E I 2k B LLR] Ay B4 1 3 DA
FORBANEAT RS, AT 58 e b A Hp SCAR] ) S8 B MRS S o b T SOAR KR Y
L ARTE (i “EBEEBRIT B G R IR RANIE” D, Al SR A
B AR 2 SAE GO T8 A . AL SR LN 102M, REETEN P4t GPU
(4GB DA FRAF)  F5g i Ee

BB VIR 45 5 R B8R 5 AT 55400 2K (0 ISR

L= Aner Lgr + Aets " Levs + Aga Loa + dreg * Lric) (230 4.1)

Horb, Lypr WA MHEE XRIHR (BIERRZEA-100 I ED |, Lo NS IR
SURBIRRZ AN, Lo NFEEIR/ 4 RAL B 38 SUBH RV, Lrge 3 MSE $1%k . L4554
FARYE AT SR A RGP IR A G FE AT B8 s Aper=0.4, A5=0.30,
2qa=0.155 Areg=0.15. NER SKINARIERIE AR (REGIL 2-15 ik BD
W T s B LA IG5 5
4.3.4 {EBIZRERY

IR IS AR SRR B 33 A ESERI ST AR ADRL, X SR 8T Bt i
PR E BbRIE, ZJ5 O T =R SR R AR 5 . B — i SRS S B R T B
(R SCIA],  EEnde « 87 Hepl “Higt 7 BOE AR, IR RE ARG SRR AL Atk
AR SR P IE NI RE JT o 55 b RN i — LY SR HR D R AR A, BRI AR
Yy AT HIIX S BRI R AL AFAR S TR R, H S R s AR A
AR 2 AL BE J) . 58 =Rl 2l Ollama #3% H) Qwen2.5 3B FA 2 AL pl— Lk
EREGISCA, FRIN SRR 2. S Bt 5, GERME 150
FAAE, SRR 7:1.5:1.5 BULEBI o B0 T IIZRER . R AE SR AT A o

YRI5 P )2 AdamW PRAGES, ) ZREM T 2e-5, HEK/ANE 4, [FHH
BhEE RBUEA R E R NERL T 8, B BRI T 20 S IR BT R
TR T, BAEER 10%, HF BAEIUESE IR B 7 RAEHLE], FA4E 0
M CME A 3 4> epoche A T B IEAE/NFEA BB SN LA G, WE TALE RN
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0.01, i H T dropout, dropout HIMER A 0.1, IZRid R H T IR &4 )%, sl /2 FP16,
IXFE AT DU RTH E

Il %5 58 [ 452 78 2 DL pytorch_model.bin' i A A% AR AF T oK, SCHFE R/ K=
391IMB, 2R )5 IS nlp-service ik 55X SN2 i HTTP APT (FEBFE [,
4.3.5 KIEERELER

T SR I rh R T 2 B 2 A 1 SOAR B ——— 0“4 SR FR S N S AT
RI) 2023 45 A% 6 A THIMI 8000 Jt, FHIATEEMRRTT 2 & FIR 4 24000
76" —— M EC BERT MEAYIE/EAE s A 2 . RG5I N Ollama #1351
Qwen2.53B (Z% & 30 14) KRiG S HAE NN AR R ey . 1Y 5m 5RmE R H i des
(StructuredPrompting) , TEFE S H AR BRI DL JSON #% 205 { “items” :[...],
“amounts” :[...]}", FFiEIL temperature=0"Ff LA E PR o 24 LLM %t Jovk I
Hr9 JSON Bf,  F%t F 2 mR Z AN B, MR IR RS (& Ak

Hir i TR i T A HU R 2% BERTA ) LLMI% 32 AR
Client FastAPI Parser Rules NLP Sve 0llama Hierarchy
T T T T T T T
POST /Ilpload (mult i:part) : : : : :
L
1 1 1 1 1 1 1 .
1 ] . ] ] ] ] 1 @ ’ﬁ%ﬁé)\
\ Iparse(fﬂe path)l \ \ \ \
L
1 1 " 1 1 1 1 1
. ta ZEE | | | |
1 1 1 1 1 1 1
: : extrac# (text) - : : : :
I I I I I I 2) i
' e LR ' ' |2 AR
I I I I I I I
: : P(ISI /extract (]SON) : : :
1 1 | SRS | 1 1 1 |® BERTH3
1 la— — — - — o — —_————— — 1 1
I I I I I I I
: ! ! extract clélms(text) ! : :
1 1 1 o ﬁpmﬁk 1 1 I |@ LLmigss
| e —— “+——— -—————— — |
I I I I I I I
I ] I I I I I
I S I I I I I
1 s 1 1 1 1 1
| 1 1 fillltemplate (elementls) ! |
I F t t |
1 1 1 | EREIRT 1 | |® BiuER
I |+————— +————— +t—————- —————— +————=— —
1 1 1 I 1 1 1
| g M _EC”_”EC_DO_“_FE elements _ } _ _ _ _ _ | |
I I I I I
N (77 Eppp——. - find simil _((_4' se_id,_top k) _ e ! e migHtE
I I I I I I I
1 JSON Responsey 1 1 1 1 1
I I I I I I
(elemepts + portrait { similar) I 1 1 | |
I I I I I

B 4-6 BRI RN P E
4.4 RUEBHEERR

SR T R e T 25 3 0t ) 5 P 2 g, S 2 PP R A
VPO AR R, HIRERE S AT R MR ) RAFEIR” o BRAE R =A

29



TP MBHOR AR L i (30

UERE: VEARYERE. S RN R 4ERL

(1) VEAR4ERE (legal score, 0-100 %)

ZARPR =T AEREIRCE i A UCEE AU (BCEE 0.40)  IEESRERTI FH R
SYFE OBUE 0.35) « IEFEIEEARC (BLE 0.25) o FrilCEE SRR IE 2R |
AR (420 43 FIVRSRIE (=2 T+10 45D FEATIAN: s e o0 BE Ak 4 51
FREBR S (BR4A3R+10, EIR 40) ; TERIEESOIIRIE IR A IE S 4RI B R 3
AP T CREI+10,  FBR 50) .

(2) FHLYERE (fact score, 0-100 43)

FEAR I AT ARG 8 I )R e BE I (BUE 0.35) o FFSEHRIE T (R
H0.40) . IEYETERE (BUE 0.25) o W2 58 B E RN H I IR H Y12 5
WHEHL (TR 35 7D + SFIRHRRIEM B SRR (425 700 FUINBERER (+20
I8 T UEHE5E 4 B IR M R R AT I AT A

(3) JBG4ESE (risk score, 0-100 %))

AR B B AN B8 4 148 B 4% — e B I SR i), AR R SRR RT RE PRI A
TYUEFE T 0.60, TIEBEACFERE 5T 0.40, YRSRZFFATAEMERIR/DN, EBRE KM
SRR H I TR (B ], KRB XA LR, 55 G852 R85 R )
W] BE P ST AR o 2 JE P AR R D2 AR SR R B0 AT U SR IR B SRV Al 1Y, —
R YRR Z . A, IR 7 TR A . US4 (iR A5 5y, T
JTRARSEE 100 B VRRICIFATAENE, FIRLL 0.6, ARSI B JEMALFR SR LL 0.4,
B Ja PR X MR35, ERARI D AR SEH, 150K T 45 BEARX, 45 2
69 Z [A]fF & R, 70 2 AE B v XU o

B T ZHEFEVE A A, B BHGE B2 AR R A O ] 2 o AR R A R IR —
QAL — A — AR 2 REE AL, 0 CRRLEE”, “ il L,
BRI D o SCHRIRIEL TR AT AR SCA AR E, SR A5 RS EET 30

A A o
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[ Input: BEEFUL + JFHCA ]

RS RS Mg EEES |
USSR X 0.40 M ZE 2 X 0. 35 VEsRSCREATREME X 0. 60
GBI TS X 0.35 FIARTHTMWIE X 0. 40 FIEHARETE X 0. 40
WEHREER ) X 0. 25 UEYE e 2 X 0.25 %/ R

[ SHEE IR - AR E |
[
[ |
2 HIRBEER

SRR EL
B/ RS/ RERTEIE jieba Zpial + {5l vE
!

[ Output: Z=#EIP5r + KGR + R + REEE ]

8 47 BT R
4.5 HEREGTEER

UL DU R BESRI F bR AE CALER (R P 0 2 15 37 R P B R,
Stk BIRIES %, RGESILT P TN ICRC A0 36 B 2R Jaccard A
B CRATR) R TRIRE L Qdrant 9% T R)

Jaccard HIBLE: H4HE R IITE R T B CRERI, VoRAT, S5 1,
YRR M — MRS . STENEM A RIEERM B, SR
i
o (A3 4.2)

S E Ry 5 RN SR & . ot — S RTHITRL T, SR
A TR 08 4B SR S B R 8 PR 23K VR B Jaceard
FUBLE Sgar~ TESCHERERAE (EHE BT . IIFERIES) MOHIBLE srace, B

IS 4 FEHRFAE OG5 2 S RUXTE])D) FIALE sy PRSGTEALE (0.45, 0.35, 0.20)
ISR

sim (AB) =

SiMyeightea = 0.45 * SiMyggq + 0.35 * simpgee + 0.20 * Simyiq, (A5 4.3)

Qdrant AR 5 H A ERREXN, RGMHZ1ET Sentence-BERT 524!
(*paraphrase-multilingual-MiniLM-L12-v2") 4 Z/F i CARgmS N 384 4im&, 17
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A\ Qdrant A & EHfE 2 o A2 NI AR 52 AR DL L AE ) s ) R R e B R A

?

[ e 3 R L ]

IEHRHE FHIURFE RSRFAE
WS ) Bl PORRA /it R 25

5 S ]
S

(sentence-transformers

ergnf MERR
[ =4 Jaccard MMUEHE ] G )

I

[sim =0.45 X S legal + 0.35 X S fact + 0.20 X Sﬁrisk]
BERLHRR o)

A4

BEFFHEFF — Top—K HEHL

!

[ Output: K PMHABIEAFFR ]

B 4-8 AR IC RS SN
4.6 TR RIER

AL 7R R I T React IX AN AT SR AHE ARG R, Bl Axios X4~ HTTP
2 v R i ) AP BEAT RO RS Lo RS (1 57 T 4% TR Th e 20 i 1 A% O R X3

X R EAL X, XA 2R M AERDRIR RSB, 7 —
ANSCRFZSCE EAR AL, RN S RHE SO X B F RS A RS 5t

7 OSENRN TR S ubliiBUR i v /R S TR D (a8 ibi 3o

55 AN X R A A SR X, X B I A AR BT OR s E 8 SR U SR I
CERACELZ, T B4 2H 24418 case_elements_schema.json iX /N SO B 5 ) 2 2%
KL, FEPBREMEFEE. BHER, NREHNREER, &4 HbER
XJUH . FERXA X, H e LR R R AE, Se2 5] BURAFE

Ko

32



TP MBHOR AR L i (30

AR R E B AAGEE, Bia R R RR =AY R 4R b,
X ZANERE N B ERE SSEARE o [ I ] — R as = AR R 2 bR 2%
AR, BRI/ IR e BB R B LB R B, AN [ R P68 U 3o IS AN ] ) — R 4
FE. MANESH] SVG Fa i BIR RS AR BRI R R

S VYA XIS AR HERE X, 3K B2 FH KT AR R o A A SR A AR AL EEAS
o5, P R AR R LR IT EE RE MR R, R Bl S 7 25150,
ERXS b B a1 bR A SRR .

BRI RGOV TR, 322K s B A HERf R . A BRIl IX
JUANESR, A EB R ENGETHER, UL E TR Z R0 LR .

Hil S LR AN 5 i APT 22 T8) A 08 58 LA 4% RESTful MEVERAST, 3 4-2 B

FIHE T A% OAZ R N APT % HHRER 55 3R
R 4-2 AIAL-APL BUN KR

GIEEERES API 3 54 ik fih 5 ISR

ES NSNS /api/cases/upload POST H P45 R 5
BERERKX /api/cases/{id}/elements GET AR SERUE B g
ERERKX /api/cases/{id}/elements PUT F P 9wt 5 R AT
ZMFEIRIX  /api/cases/{id}/portrait GET D He 3 B ARHR 2 T
FHLZAE X /api/cases/{id}/similar POST DI B AL ZE A FR 25 1T
PEAL TR /api/evaluation/metrics GET DI 2Pl AR 25 0T

4.7 BWWEWIT

ARG ANAAER A MySQL K R BH A, Hdl 4 F7OA graduation”,  F4F
R A utf8mb4 o Hdls FE VT I RZ O SR ELFE 2 F (Case)  FAF 31 (CaseFile)
B RA (CaseElementsVersion) FALHE{T2S (ProcessingTask) , #5544 [a]i8 g 4
BEA R ALY 5] F e Bk
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Case

(EMFERD

& id (PK)

case no

case_name

material fingerprint
elements (JSON)
portrait (JSON)
applicant_name
respondent name
case_cause

risk level

Bl 1

& @ (PK)
&AM (FK)
1 — N —XZXH

CaseFile

(RIS

¢ id (PK)
O case id (FK — Case)
filename / content type

storage path / size bytes

CaseElementsVersion

(ERRAZ

¢ id (PK)
O case id (FK — Case)

version / elements (JSON)

ProcessingTask

EHAT %)

& id (PK, UUID)
O case id (FK — Case)
status / progress (0-100)

message / error

4-9 HHEE E-R B
4.7.1 RHE (cases)

FHREBAN R B siZ 0N — KRR, B2 — N RONIZ01ME BT E
Tk RIKBAER I B — MR, BRI RIS R MER TSR, 500
L JSON [#)#% N AFEAE elements 7 BN portrait™ 5B FLTH -

% 4-3 cases TIXFFE
FBA HK Yt
id INT(PK,AUTO_INCREMENT) Zf}-ME—Frif
case_name VARCHAR(255) A 2R
applicant_name VARCHAR(128) HE N4
respondent_name VARCHAR(255) B F B N AR
case_cause VARCHAR(128) F R
application_text TEXT FRE 5 S
elements JSON SRR
portrait JSON ZA R
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risk_level VARCHAR(16) KGR %/ /D
material fingerprint VARCHAR(64) MBS (SHA256)
created_at DATETIME BRI [A]

4.7.2 RHXHFER (case_files)
RUEHRSRBUERZBINEZI —RR: — DR LRBEZ A EA S (i
A ZRBIR. IEYEAM B 5 EAE) o “storage path' - BAC SR IR S5 s ARG

4%, size bytes e XA RN T A RE B,
R 4-4 case_files RIEFB

TEBA gt Wi 1

id INT(PK,AUTO_INCREMENT) C{f-ME—Frif
case id INT(FK—cases.id) FrJ& %4 ID
filename VARCHAR(255) JR A A 44
storage path VARCHAR(512) R 55 AR A R AT
size_bytes BIGINT SCHERAN D

4.7.3 AEESFR (processing_tasks)

ZR TR DB S FPRAS  TRoCeidicE AR, 5 ik b FEAE
FIN G EAT, 1T I 50 2 R IR BUE 5533 L - status' = B EUE B35 pending (55
FEH1) | processing (ACEEH) | completed (5D « failed (RO

F 4-5 processing_tasks RIEFEL

T4 HR Tt B

id INT(PK,AUTO_INCREMENT) 15 ME—FRIR
case id INT(FK—-cases.id) KR ID

status VARCHAR(16) fESIRFE
progress FLOAT AbFEIERE (0-100)

message TEXT RAVH BB R IR
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B5E ARG

5.1 HIEBASTAERIRLI

5.1.1 BERINESRE

AR NS TRAC B R B RSSO TSR, B il 10 B4 2 40 7 A% f) 4%l
1% I AT R SONEAI ZE SO, SRR S5 TH I ZE R A sl Bt = 24—+ X
AR T o XM FRAE ] LS E ] 4-3,

PR % O AL BEE A R BUR XA (1 F P Seidad i S i B4R S0, RGEIZ
GRS B4, WRAE PDF. DOCX 3 TXT X =Fig R, e hA
SRR ARG RGO N 2R ) SHA256 WA A, I AMEAE A RHITR 2L,
P25 ER A PE R I DA 0 B SR b, A SRR A B AT SO, A Bk AN
AEBR o 0 TR A RIS, REMRIEY & 4 1 10 L (10 A AT 25 25 2 LTI 1)
SCARNAES, PEHLTE 5 P — B AR, AR ICHATRHE — b3 &I
P ZEAT I RMEE R AT, BEN S IES . THL S X EEFME S IE
WU R TE AR e, B S HTIE VR (R Al SCAR R SR oS I8 — A7 2 K e B I
5.1.2 BB

SCAARAT B 008 B AR SCAED™ FE 44 16 FH A% AR AT 2%, 48— HH 4l AR 2 75 e
ARG 5-1 ZAEASCHETIZ0EH

def parse _document(file path: str, filename: str) -> str:
ext = filename.rsplit(".", 1)[-1].lower() if "." in filename else ""
if ext == "pdf": #PDF: pypdf & TTHEHL
reader = PdfReader(file_path)
return "\n".join(p.extract text() or "" for p in reader.pages)
if ext == "docx": #DOCX: Bkl Pifi2 i
doc = Document(file path)

return "\n".join(p.text for p in doc.paragraphs)

return Path(file path).read_text(encoding="utf-8")  # TXT: E#: UTF-8 1HX
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5.1.3 LtEFRA
SCAE AN BOAZ U 28 AR A SO 8 44 165 H 22 5% I ) S AT 2 S B, o — 3k il S F Iy
BN UTF-8 4l SC A .

RHER

Bl KFIRELRIHEPFY

EfEHE (RIZiE)
[ e | sems

B 5-1 _EAEARLAE
W 5-1 frox, EAR S B R A AN . 2 X AR X AR A $2 4 =4

AR . FH P N S 4 R SR e I BUE £ 0, R4 A s Sants 2OF s SUIHME B,
$278 J5 13 POST /api/cases/upload % [ &K 1% multipart/form-data &K, 5[ SEN fE7R
b PRI FE
5.2 ERHMESIERRELI

FERHIG R RF ML O TSR, R AL Z+A0 2 M 251200 B+ R1E
SRR = RRE N . =2 THYMERR: RZIREEATH 70+2
R B LE, WA ERE M Rk, ARERSETE LR
SCHERR IR 7 BUBEAT TR0 s K1 3 A2 2 A 17 SR 55 B P SO B dEAT S5 M A 3 i
SR Z A BR AT A R, SEUR A B AN
5.2.1 AN

F I i B 28 7 ARG L TH 1Y RuleBasedLaborExtractor', ‘B35 1 22 AT I EL
B, A 60 ZATFERA MR HBRIE R, XA EHE LA
‘backend/app/extractor.py " iX N 314 BT

H SO AR AT AT D) e B8 LT — A PGB 1 B, RUNTE 55 3 4 IR A
LSRRG NRMHHT T 8 “« ~H=T75" XTSRS rEILNE
W, HES AV REUETR A, B R ERI A . A TREHZ O LA L2
ARG 5-2,
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A 5-2 FXKRE SBEITEIE
# HPSCEEERNT: SRR \T e S =T SR E R

_CN_NUM — {"é—;{":o’"—_‘":1,":":2,"3":3,"@":4,"£":5’"/-;\‘":6’"{":7’"/\":8,"%":9}

_CN_UNIT = {"-}-":10, "":100, "-F":1000, "J3":10000, "4Z":100_000_000}

def parse_cn_number(s: str) -> float None:

total = section = number = 0 # O AR/ AR
for ch in s.strip(): # IR TR T

ifchin CN_NUM: number= CN_NUM][ch] # AL

elifchin CN_UNIT: # BB RAT

unit=_CN_UNIT][ch]
section = (section + (number or 1)) * (unit if unit < 10000 else 1)
if unit >= 10000: total += section; section=0 # Jj/fZ: THIFNEH

number = 0

return float(total + section + number) # LR R R
SHERA “oBREmM” R P S E MR A WL =T hE
M 1x1042=12 (+E LT, 12x10000=120000 ( J5 JZ & IFA N 250
3x1000+5%100=3500 (T/HZH T , WAL 123500, unit<10000" (1] B X 43
TARE AL S E AT,

5.2.2 HEMEZZIEFIRE

FRZE 48 22 AT 55457 (C ChineseRobertaMultiTask' ) A2 A 80 R A% 0 B35 BB A5
LAY %L T hil/chinese-roberta-wwm-ext TRYI ZRIm i #5fa i, KA “ L gmtd 25+ 104N E
FheEk” AR SHUL 400, AR AL Ay 44 SRR ] (NER, 31 28 BIO #8%5)
FHDE (625 . RIS (425 o R BAmBUR & FEUHE [ AP0 AT 5%
PIEREER U
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Input: {RERZAHSIA (<512 tokens)

¥

RoBERTa Tokenizer |

¥

hfl/chinese-roberta-wwm-ext (HZ4RH388)
122 Transformer, hidden_size=768, 2448 ~102M

SN

NER Head 432 Heads QA Head Reg Head
Linear(768—31) Z[H: Linear(768—6) Linear(768—2) MLP
BIOKRES: 15365L{kx2+0 AMR): Linear(768—4) start_logit / end_logit 768—128—64—1
#R5k: CrossEntropy, A=0.40 #R5k: CrossEntropy, A=0.30 $RK: CrossEntropy, A=0.15 Rk MSE, A=0.15
—~__ N — =
S~ol \ e -
\\\‘\\ \\\ ,’/, ’——’_,—’
~— N - -
~. N g
RRLNVC

L = 0.40xL_NER + 0.30xL_CLS + 0.15xL_QA + 0.15xL_REG
/4L 28: AdamW (Ir=2e-5), B{Z patience=3, [E&¥5E FP16

v

| FRNEEFD: NER—span&Ff, CLS—argmax, Reg—#ri& |

& 5-2 Chinese ROBERTa 245517 [ 4% 45 4
PR 3 bR B T FE G 23 A0 DU AME 55 Sk T R AL o

ARG 5-3 BAESRAUMIERE

class ChineseRobertaMultiTask(nn.Module):

def init_ (self, model name="hfl/chinese-roberta-wwm-ext"):
super(). _init_ ()
# JLERILE%: Chinese RoBERTa (4 ia fEG L 4h)

self.bert = AutoModel.from_pretrained(model name)

self.hidden_size = self.bert.config.hidden_size #=1768
self.dropout = nn.Dropout(0.1) # 1ENAL

# PUAME SR Sk

self.ner_head = nn.Linear(768, 31) # NER: BIO #3%%
self.cause classifier = nn.Linear(768, 6) # KRk
self.contract_classifier = nn.Linear(768, 4) # GRS HE
self.qa_head = nn.Linear(768, 2) # QA: start/end
self.reg head = nn.Sequential( # [A1)9 MLP
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nn.Linear(768, 128), nn.GELU(), nn.Dropout(0.1),

nn.Linear(128, 64), nn.GELU(), nn.Dropout(0.1), nn.Linear(64, 1))

TER LRI R BT, &AM S5 14 2 2 3 IR 00 1 7 o (R 28 n 31—,
FERR— M E TR XA SEARHE R MT 55 U ZRME B R A 2 1), NER AT45 KN
PRvE LA, A R LR R A B A SR B, BTLUE R E B, W
BT 0.40, 53 FATSSBEHESE 07, & 0.30, 1M QA fE55F1 RN A4E 55 AL E AH X}
N R EHARE 0.15. SAMUEELIL W E [ ignore_index=-100", XAEIE 7 1
Lo A R AN 2 4 5 %) NER RIS B 25 7 .
ARG 5-4 ZAEFBHKETRITE (forward L)

def forward(self, input_ids, attention_mask, ner_labels=None, cause_label=None):
outputs = self.bert(input_ids=input_ids, attention_mask=attention _mask)
seq_out, pooled = outputs.last_hidden_state, outputs.pooler_output
loss = torch.tensor(0.0, device=input_ids.device)
#NER f£55: B4 73, 2=0.40 (ignore index=-100 HEF% PAD/CLS/SEP)
ner_logits = self.ner_head(self.dropout(seq_out))
loss += 0.40 * CrossEntropyLoss(ignore index=-100)(
ner_logits.view(-1, 31), ner_labels.view(-1))
# I BUASURDE, 2=0.30
cause_logits = self.cause_classifier(self.dropout(pooled))
loss +=0.30 * CrossEntropyLoss()(cause logits, cause label)
# AFRRE K + QA+ [HIH: 2=0.10+0.10+0.10

# .. (LABAE SRR )

return {"loss": loss, "ner_logits": ner_logits, "cause logits": cause_logits}
5.2.3 BREHHMENSS

RAHEES CHybridExtractor') KR, BERT #EZ4AT OllamalLLM = 5% B 4%
FRERM G NG — 0, SCRREEEL B I extractor_ mode’ VI AN [F] SRS 2H 5
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A5 5-5 JRAHHELES SRS B H

class HybridExtractor:
def extract(self, text: str) -> dict:
base = self._rule.extract_all(text) # F 12 MEeER (70+7K)
if self._mode == "hybrid" and self. bert available:
bert = self._bert_client.extract(text) # 28 2 J2: BERT & X354
# sr287 Bt BERT FUI7E o5 0 25 1
for field in (""case_cause", "contract_type", "employment type"):
if bert.get(field): base[field] = bert[field]
if self. mode == "hybrid" and self. ollama:

base["claims"] = self. ollama.extract claims(text) # %% 3 JZ: LLM 3455

return base

ZWIH IR T “BRE5R” , MNR v Br e B mi 24k, BERT & a il
KA RTE, LIM DU A 315 K 55 B HSOR 7B AR 2R (41 BERT X
Ollama 55 AT D AFH LR 2= T RS, ARG .

ERHEER
R HEHFEPDARS (MIHEREREREY) , RECERF OB RELEENEESER (STURNBEEE) |
EHET BEsg
—. BEER
EREH FR MR (TR
WAL O X AR (RATHMD
- WAL ANEBAREERAT; SOMEE: G
HHAT2020835 1 EAFRBRAL, BERE TR, 5
T#120005%, 202356AMMBATAGHREHA, BB
WSEH R2023F5H. 68 &1T80007T,
I8 (FDARME) BOHEH, H/\HERRE,
Z. FREHTHERER
—EER —EER HHEVESR (FISE)
- 32000
LRSS A EEHE S 24000
1]
AE
BRERREREY

M 53 BERMIMER
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5.3 REEFHEERI
5.3.1 EfRERRIE

FA EG BRI R T IS JFUIR SO, AT VR RIRAE . S S R = AN B 1Y)
EALIES CRRYERE 0-100 40D, [FINAE BRE AR = 5 A 51K

BN BRTH + FIAXAE

A

ERHETS FLHEITS RBEHEREITS
SANSE B x0.40 RIAE5E A <0.35 IRSRTIFETENE x0.60
SRR <0.35 HITHEATEUIE ~0.40 FERIRE ~0.40

AHEHER <025 AEESSEAE x0.25 — {(<45)/eh(45-69)/B(270)

B =TS + KIS + InE = + XA

/ T~

jieba 5318 + EFRIRILIE — XA SRITERR - TEDRT

B 5-4 REEBRERRE

SRR H jieba Hr 37y in] TR B AR S IR D73, FREIn T 20 ANV

BE E ] (i “HER TR “RRBRTTEhE R RS &) D R SR RALE

WeEEIR V)53 o Jrinl e il i s R RO D AU A Ry “ 7 AR /T “[”

), ARG THEET 15 AMEN B I 2 HUR -
RIS 5-6 FET jieba FIERMIH SR HHREX

def extract keywords(text: str, top_k: int = 15) -> list[dict]:
if not text: return []
import jieba
# USROS SO, S AR D) o
for w in ["57 2l [A]", "R L BE, A MR IR R A A TR AME",
"R 5T Bl A ) AR R, A S ORI 7 B
jieba.add word(w)
toks = [w.strip() for w in jieba.cut(text[:12000]) if len(w.strip()) >= 2]

# RLUE A AR I Ge TR
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stop = {"HHI A L TR R S A
freq = {}
for t in toks:

if t not in stop: freq[t] = freq.get(t, 0) + 1
items = sorted(freq.items(), key=lambda x: x[1], reverse=True)[:top_k]
return [{"name": k, "value": v} for k, v in items]
5.3.2 Ef%A@E

S EARBCRAAL T HT 00 58 AR, DU AR s & oA R . S
TR = 4EFE PR o Fr . H il 2 AR 28 2= AN U S BRI B3R L G 36 9% R AR B A
Fil o

EHEiR
RHSETER RHERXFE
FEA/NEREREMHPNEHES, 25 ShSEREnSREE A= APOERERS

8000 HBI¥FE 2023 #@  xE

HRIBA: K

1990 15 HE k143 @i HERRAE

55 “FABRIFET
5.4 FRIARHICERRIIT

5.4.1 IJIL*E
A ILACAR BRI T =4 Jaccard BN SEBSR AR . AHIRAE Y. 2
W22 i SR A B AR AR 5 — 3 D 808 128 P T D SR SR A — I8 SRR 4R R (5% 5

HIv RbR%E) Jaccard MAUE s 0gq~ FRAERL (PRRFA KB ML spqce M
MBS ERE OXER A —2E ) ABUE sy — = 4ENEL A Blisim = 0.45 - 530, + 0.35 -

Sract + 0.20 * Sy — FEFHEFF—I& 8] Top-K (BRIN K=5, 3HF 3/5/10/20)
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542 RRLERME
R DL BE 45 SR LAKTAEAR B s 78 i i 26 = Mn & 7L

1SR EHEE

BTEERE Jaccard BEENRAE RS EZRASIESHPENMTTESIEEFE ruling remlt . arbitration o PRASENET.
EFREE (Top K) 5 v

BT (FTR)

FEHEFH (SFRHERX)
Ei: THRE R A KB WERA: RELREERAS Wk&EmATH: 32000

BARRRRBHETE

HEFHSHL
BB REARMASE R (R BN
EIFID 37 - £ 100% (SHEMI0H
SBIFLREA RS PR RAFER
EIFID 38 - 17 100% (SHEEIHT
[hybrid] test BN
EIFID 46 - ) 99.5% (SHENAHT)
E#10 AN
EIHID 30 - £ 95% (SHREIT)
B8 .
D 31 - £ 92.88% (SHEENNT R

&l 5-6 MBLRAHER
5.5 FAHRLRTEIRII
5.5.1 RBiseEHRA
A5 T React!8 B TUT LI 4EKS, HRALIE App jsx i 4% PHIE JL 2 A 2h
TR Y. bR TUMIS api js EEA Axios S5 3 RESTRIAPL JB{S

App.jsx (tREBH)

4/A/ Y \k\..

RS e RS2 BERMEER | RS RIFETR
' ' ' ' '
| UploadForm 4 | | ElementsTable HierarchyEditor| | PortraitCard | | TagCloud |
TREET4: RIS IREETI5: RFEITAH
) '
SimilarBarChart (Re charts) | | EvalPanel (iH{AIEREEH)

| apijs (Axios HTTP 2 imfid) |

B 5-7 Birsme A 450
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i

5.5.2 BISImBERE
A il 1 api.js B ER G — & FE HTTP 1815, 3% 7 Axios S 1224 URLC /api®)

FIER AL E (60000ms) o

RIS 5-7 Bi%E APLIAS b3

import axios from "axios";
const api = axios.create({ baseURL: "/api", timeout: 60000 });
export const uploadCase = (caseName, files) => {
const fd = new FormData(); fd.append("case_name", caseName);
files.forEach(f => fd.append("files", f)); // FormData 7% A4
return api.post("/cases/upload”, fd); // POST multipart/form-data
¥
export const getElements = (id) => api.get(*/cases/$ {id}/elements’);
export const getPortrait = (id) => api.get('/cases/$ {id}/portrait’);
export const getSimilar = (id, topK=5) => api.post('/cases/${id}/similar’, {top_k:topK});
“uploadCase’ f# i FormData’ API #4 % multipart/form-data’ & >R 44 DL 2 #F 2 SC{-4E
B B4R BRI E 60000ms &R NLP B8 HEREAEIN o 0020 F _Fadk o R 75
“awaitgetElements(id)" B 7] 35 HY 56 5 1) B 28 5080
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BOE RGMASSLR O

6.1 EWHIRESTLiEHR
6.1.1 SEIRUIRE

XSS B 20 502 £, 2 A [ S I 1T T B IR 6 57 B R A S
FHEWERN), £ LBES. BB, Hin b ANTHZZ S, —3LRE T 300 41
55 B R A E N R IR R R A VBRI E R TR B2, IKECRH TRk A
FNIIRERES, WA UUE “ SO TR, BRI, B2 s R
U EXES IR 300 B SCAE bR —, A2 IAa 1) BIO FRAEFFIAISF 6528, SRIG
FH R ZH R 5 03— — A B ARG, D0 i D8 s o B A 0 7 8 TR K
TESE ARG R 2 5, SGSR IR E B ) SO & 4 . SEAHERTS LL A A Qwen 2R LA ik
AR, BANGEMRY RE] T 150 SRR,

JEAE TR 300 I 80HE 2% 7: 1.5: 1.5 BILLBIRKIAN 0, 40 i 7 UIZREE 210 4.
BHIFSE 45 AR 45 4. KoY s R REIGREE BT, B E g ANl
DRAFJFOR BIARVEIRZS , AMEAEAT 25 8) o A B I %A 2 | 10 0 A 5 L v] LLS H R,
T T LRI SUAME . BRI AIE R PR TAGRRE DL HAd 7
BRI RIIN, 2 T R B 28 o L
6.1.2 kiR

T 1) B R AM BT 55, AU R FFETIZR (Precision, P) « A A% (Recall, R) Al

F1AGAEN Bl R s . =38 1 T
TP

— JN

P=r7p (a0 6.1)
TP

— JN

R=r N (23X 6.2)
2xP xR

— AN

Fl=—p— (23X 6.3)

Hr, TP KR IEMMEUE R 7B, FP RN RN ER 7B, FN X
R ER TR MTEESRMETE (U law_refs'\ “claims.items') , KA
HAZFFHIFRE P/R/FL; X T 3CAR D AL (R0, KA 2 B UEWZ (Accuracy ) 5
ST HUE B A7 B (40 month_salary’ . “claims.amount total' ) , K P46 %} % %=
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(MAE) FI¥7HiR% (RMSE) #47E, HE .

N
1
MAE == Iy = 91, (AR 6.4)
i=1
1 N
RMSE = Ez(yi — 92, (A% 6.5)
i=1

S F A ZE M ICFRAE 55, SR Precision@K 7E R IEAEHEFR, BIIR [F1/) Top-K Z14
h 5 & R R BN R AEE ST
6.2 jHRASEY

TH Tl S 15 78 428 1) AR BRI — T R G % A R RO B Al B B P DR
6.2.1 FNMMEURRBHE S

HEI i O E A A EE SR S B IR IR Z R 2, SR T T 70+ R B 4
Wi NVPEIE R, AT T FRAXT H I — 4N SE R IR A A G
+BERT+Ollama) , 75 —4HABER 7 NS HEE (X BERT+Ollama) . F4LAE
FFE ISR BIBAT, BB &R F1 557,

IR L5 RN 6-1 Fivs . W] LLE B, U B PO T 454 7= B Ch N4
NIREAH . A LHSERAEEEAN B KTt 8% . BRMNBEES,
“applicant name 7B F1 M 0.94 FF%Z 0.82, ‘entry date' 7Bt/ F1 M 0.90 Ff&E
0.76, “month_salary" Bt/ F1 )\ 0.87 FFEA 0.71. FRGRFKY, N 5| AL
A0 IE U DG A 5 T LA AN AT AR R 35 ——BERT B8 B LA B AiE SCFEfRAE ), A
ST 2020 4 1 A 1 BB “H % 8000 Jo” X m M RALHIRIE, A
R ST R B TRUIIRE AN A o P 1 ) I DR

 6-1 [FIN L0, RUBLHT B SO 7B (il R BRI D (K TTBRAH XS
AR, X B ORI i 2 B, RN 78 5 R KR 2 IR o 12 R ILEIE T #
TSRS i 22 I S A L 7 BE S B A T SRS 43 T R

£ 6-1 NSRRI SE I 45 R
BHRTE FERIRE (F1) B ERAN (F1) AF1

applicant_name 0.94 0.82 -0.12
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respondent_name 0.93 0.80 -0.13
case_cause 0.89 0.83 -0.06
entry_date 0.90 0.76 -0.14
leave date 0.89 0.74 -0.15
month_salary 0.87 0.71 -0.16
worker position 0.97 0.85 -0.12
law_refs 0.86 0.79 -0.07
termination_reason 0.86 0.78 -0.08
overtime desc 0.80 0.73 -0.07
claims 0.80 0.72 -0.08
Micro-F1 0.864 0.786 -0.078

6.2.2 BERT ZEFBRBHYIMEH

BERT £ AT 55 A5 0 2 AN R 45 HL T — AN BRI O OSB3 0, e TR L = 5
RN b DUAME S5 1 Sk B S B 2 aX Fh M, [F)I 234028 NER. Sl 402K, UK
Fr BOHUE A BUE FNAIX PYZRAESS . T PPl BERT X MEHR B RA BA A, AT
e B IR G R A B 2o 45t BERT B2 5 RN Ollama LS T —AMERE L
R EE

W% 6-2, FLAFF| BERT RN 5 H 73 KIX/ME S I DTk 2 e 2 1, 4
BERT 2 J&, FHAKMHERIZM 0.89 TFEEIT 0.75. H U PR LA i R 2 e 4y
A B HUIARAGON BEAN AR SCRFAE, 0, “ 98 SRS B 3% 2000 787 A1
PR KO RMPERE 22 07 X BRI S 1 “InBE” XA, (2T
—RIRAZIASER NPT, JE RS PR S S FORRIR Y . Bl R 2%
VLR “InBE” XA 2 XA VX PIRE BLE, 1 BERT ALY AT DL I IR 2 138
%, LA R W 7E b SC LTS SCZE

7E NER SEARTHAIX —He, BERT ASEHE 5 0 0] 4o EUAH %o o 555 (0 R T 441 77 L
BRI, g b B N PERE A X L LR T R B, &
‘termination_reason XN FBCRE, hn b BERT Bith 2 J5'E /) F1 {EM 0.77 $2F+3 T
0.86, AFIRAMEIER 1 12 NE M. XA BERT A& 1S4 2 W&
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[¥], [A74 Chinese RoBERTa 72 f£ AU A S bR Aim] AL (14 77 s 25 11,
Frelesnt o 3C B SCRL B IR L BT SRIE SOR AR, A B R FLB 1 St

CYAP
& 6-2 BERT ZAEFERFERMELLLER

At AR TRIRE #F% BERT (X HL]+Ollama) A
Micro-Precision 0.882 0.863 -0.019
Micro-Recall 0.846 0.752 -0.094
Micro-F1 0.864 0.803 -0.061
ZEH I Accuracy 0.89 0.75 -0.14
month_salary MAE (JT) 285 432 +147

6.2.3 Ollama LLM HSBiEREHM 4T

Ollama X/~ LLM #i5gf5e, HIH)Z Qwen2.5 3B Kif 5 1 A (1) T AE A SCACER i
e T, EEXP I RIX I B SR T BAR A 3G 58 o XA 2k O it
(R SCHER AR, 51 AR AL 4 B4 2 ) JSON Schema K 45 5, 5 L4 H
fity 5 SR SRR U 249 30 1 25 R A0 7 B AROR FE PR R

T Pl Ollama BEHRBNRAT WA ROR, RS H 7 PR B A #aE k7B b
IR, —FECE S A Ollama 381, A —F2AE K, BAZGRITUSHER
6-3. MNEHATLIFE], Ollama FHERTE claims.items X7 B -k AR THE 5 &
[, SERORAGBAEXAFE LR F1EZEE 7 0.80, Wil Ollama 4%, F1 {4
R T 0710 XAV, XTI “STAHER B 8000 767 “SIATINPER
2000 76" XA S ZANRR L 7R B Tor 8 LS B A E S L, R S AL Lk
Al U RE P 77 XA B AR A 35

At TEVER A — #isg, Ollama XFhEFEAIG T, XA, M4 S50
LB LA 52 1) BT AR LA B JRZ Qwen2.5 3B TEEFEARHIKAFT,
Kot 5 B0 G AT R T — S A 2 R oA 3 AR Ao A 4 T DU, L
M RE NG, &7 “BI5HEER” EERR7 XEEFEE. X1NK
PARIE— P IAIE T AR R G050 2 SRS A F v, sl @ 47 BO NSk 25, H B
AT BN A LLM KI5
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% 6-3 Ollama LLM 5B EH Rl sLi0 45 1

TRTH SERIRE (F1) BB Ollama (W+BERT) AF1
claims.items 0.80 0.71 -0.09
claims.amount total  0.83 0.76 -0.07
case_cause 0.89 0.87 -0.02
termination_reason 0.86 0.84 -0.02
overtime_desc 0.80 0.77 -0.03
law_refs 0.86 0.86 0.00
Micro-F1 0.864 0.842 -0.022

e iR =R, B 6-1 DUHBIR BRI e 1 Tukh Sms 20 & 72 AR B
Precision 5 Recall XTtt. T PABEL A H, Precision (GREFE) 7E 5% SME [H] 25 Ak AT
A (0.723~0.882) , 1M Recall (etutt) HIBANMEEZE K (0.684~0.846) , St 1A
7 SRS 1) E 72 S SRR T B ) B RR AR AR “ IR ST o SEEER AL (B
JII+BERT+Ollama) f£ Precision 5 Recall I F35ik B fx e, G0k | “I&)ZIG58”
ZERE (A R o

0.842 0.864
0.773 0.801 0.703

0.8

0.6
[
[
o
o
w2
= 0.4

0.2 7

0.0 —~

0llama HU+BERT HUN+BERT+011 ama
SRS 2 A
. Precision . Recal 1

A 6-1 JH@hSZL6 & 5RIE Precision/Recall/F1 X HLAIR E
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6.2.4 B EMENEBSH S
K ZRGAE BERT AT B8 (I G rh SR A T DA Bk &4 2 bR 3

L = Aygr * Lngr + Acus  Lews + Aga * Loa + Arec * Lrie) (A0 6.6)

Hob, WS E Angr~ dcrss Agas Arpe 7t MIFEHI NER (155 734155, QA 1T
S AENAE S TERR G I ZRrP (R AR EEEARE . ARG R A, S5 [ 58 A¢1,5=0.30
20a=0.15+ Agge=0.15, LAy pr M 0.20 F 0.60 HUME, W5 A5 BB pAc i BE (1) 5
Wi, DY AN 1 H— R

Al (0. 40)

0.92 7

0.88 7

0.84 7

Micro-F1

0.80 7

0.76 7

0.72 T T T
0.20 0.30 0.40 0.50 0.60
M NER AUE

= Micro-Fl1 === ZMHFE Accuracy
6-2 BRABARIEST Micro-F1 5FRH4K Accuracy [R5 4%

WK 6-2 fizn, Micro-F1 IR 428 Accuracy BAcMIZRIY 2T “IeTHEFE” 1
s, WA HILAEAygr=0.40 &b, BLET NER 45355 S s R, X 5 I 2R 50 r e
—%: NER LS HIbREE S HRAMEL (BNRBMY 2-15 NMRE R BD , FREHE ST
TR E LLISORHR BEAS 5 5 1 23R4T 55 B REAS AT 1 08 IR 28 (R /& A 28D,
IGME SHEE, M BARMECE & LIRS

MAyerfET 030 B, NER AESYIZRAE, SEAR A H FIREE N (A 0.85
P22 0.72) , HEHE R Micro-Fl. MAygrmi T 0.50 B, 20215 ALE i
JEIRAE (AcrsH 0.30 #iBF 2L 0.20) , EHOIMMEFZRM 0.89 TS 0.83.
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Rk, % ANr=0.40+ Acps=0.30 Ag4=0.15+ Apge=0.15 {ENRAVIGIE . % E
FEARAIE NER AT45 78 0 VISR RIS, ST 70 AT 55 O RE 7 >R
6.3 [EIREZEXILESCIE

6.3.1 ZHHMEURERRYEMERTLE 534

N W SR 7R AN [ 4 B R B TR T i 28 R, AR T DA B AR M )
B, 7 AEF SN 57, 46 BERT 77k, 2l Ollama FAEA T IAAIA R G 1R
EOTEBATE AL, IR RS R IF T L.

7
—— i (rujey  ERTHEER BERT#=EY

mmmmmm AR EfERtEROAE (MEHERmRSRIEY) . RAECHEEN EEHaSmmTs
—. HEER
— FEB HHERESR
applicant_name 3KER
case_cause TEfEE g
clains {
“amount_total": 8000
i
=, SEESTHEAER
AL (P contract_type ]
law_refs {(ZHhamEy
nonth_salary 0
prinary_cause_type BEEMg
respendent_nane AbEIAREAR NS
e e
Ern e
Ollama LLM 3 i
— ERE —. ARER Iﬁa (Hybrld)
s 2 WAR () [ i SR (T
RS
T
i

=, SREHTESES = FEEHETREGER

AR (TR

B 6-3 2 Tl USROS ) 5 M0 LE
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SEPE AT

() g5kt BT H

MELIGEE RRE, M T FNR A T IERR I ZE AR 2, X IR 7 2 BE LR ff
B AN BT, A ANBH BRI E R E X ek 2 R B E 15 .
BERT J7i£1X34, e H & N RE ke Uk, 2840007, “2020.02.027 X Ff
BVELE N GRA0E L A LA /b, BT DA BERT REZUAE AR FE 1 I A A 4 250X A 4 i
RS O, WmtRdrsik, 255 TR 7RIS LL. 1 Ollama XANFREAT I,
XS AR AN ] (8 v S AR I R A i SRR 1, AN T E Bl 44 T B A AR /R 23 L)
W, HCAn A AT IR BR AR 7 XA ] A FR RN SIS o

@) ZFHFHKITH

TRE BT HAL=F 57, B “ RGN ARl , 1 REE MR 30
A A 4 A, RN TR VTG 21 “ bk 7 SGBRIAN I % 73 2800 “ e UFAME2 7, BERT
D7 IR T B T RINGA A IER 42, A T IRAE LR 1 #id Ollama
SR — PN T IR RS T R, W RO e

(3) HHXATBIIH

Ollama FFEA ) 20 Bl LTI , (ERSH0E RAT (BT BN .
TRA P58 “ T +Ollama #h4x™ (RSN, TE7E 35 % FORE # E 2 IR1 UM T et
A
6.3.2 ZFhHMEURERHIE EXTEL 4T

AR XF VY bl E SR E MR AR 1 A BU R AT R € EAT EE . 3R 6-5 51
TETTAE 10 MEOLERFZE LI FLG5, 3R 6-6 1L T 57 IER AR TERESR bR .
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1.0

F1 Score

0.0 — — — — — — — — — —

HHA & AR BRA AT e BB BN MPHEE MR
EHRFR
o W s H o11ama O s aybria

6-4 ZBHEBFE F1 X
£ 6-5 NUFhEX A IEZE 7B F1 5T

HRTE M7 BERT Jji%  Ollama FREA WRETNE (A30)
applicant_name 0.92 0.89 0.86 0.94
respondent name  0.90 0.87 0.83 0.93
case_cause 0.78 0.85 0.70 0.89
entry_date 0.88 0.84 0.75 0.90
leave date 0.86 0.83 0.73 0.89
month_salary 0.85 0.80 0.63 0.87
worker position 0.96 0.90 0.79 0.97
law_refs 0.82 0.80 0.74 0.86
termination_reason (.77 0.80 0.75 0.86
overtime desc 0.73 0.77 0.70 0.80
claims 0.68 0.73 0.66 0.80

32 6-6 PUFPhER 7 B AR REXT EE
IARCELED WIpIRES BERT 777  Ollama A RETEEN)
Micro-Precision 0.856 0.819 0.723 0.882
Micro-Recall 0.704 0.785 0.684 0.846
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Micro-F1 0.773 0.801 0.703 0.864
F #4532 Accuracy 0.78 0.85 0.72 0.89
month_salary MAE (JT) 316 382 745 285
SFIHEREAER (Bb/%)  0.02 1.85 8.34 3.12

M 6-6 B AT LUE K L4518 .

HSGIRG TR A febn LIS T B4 3, TN Micro-F1 153 T 0.864,
EERUN DTV 7 9.1 MBS AL B BERT J5vkim 1 6.3 NME 5, B Ollama FAEAH
FRFEHT 161 ANES A XA T 402 B B SRS R, st 2 g5k
FEGERM . 15 X FBGE BERT. HHIAFEGE LLM, MR A C KM+
B FRAEMR S, B Z A R — MR R &R

Fi& BERT J7ik, EMAEZRLE 0.785, W& MR 0.704 i, (HZEK
B REAAR 7 — 25, M 0.819 FFF 7 0.704 £ 45 HIRETo I 1 BH #4145 9N 4 A5 70 ot sz
R IBOR IS AR R T, bhanyi T “2021 4F 6 A 1 H” F1 “2021/6/17 X FFh
AF5i%, BERT Af L@ R SCHmASHEWT H e AT R T A —Fh s Ay, i)
TS ot 1 U AR UC T 2 6, o i P AR A gt LU U, 25 5 H il AL

Ollama FFEAAAEHAZ 0.723, TEPUFh 7% B2 iR AR . SRR RTE S A
FEREFERRIGAT, X Ak Kt ae I A e 5F, /R 2 —SAETR E
JSONSchema HIHIff)F B4, 8 24— LM R REE SO i 5 A3 % 1 U
PREUAT ARH AR A — R aX AN ) AR MBI R AR o I 2 4 R R G Ollama
SENLRR “HERE 7 WA “HEahZE” R E,

6.3.3 RHESAWBEBEESH

NE— L T R BRI SR, K 6-5 L] TRk 5IRE JTELE

MRS b BTRE FE PR L.
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XPEE— TR IETRE RS, REE HRILEESR. B, MNTEAER 6-5a B
HIX LSRR, BR R G VEER] 6-5b HEsy—u, N JVEAE R ZHEK
) A2 LRI R O, Her iy ORVE AR R 23T “ e Pr A ” iR 73
BT CTEARM T, A IR O, A MR R T TR
WA o I BLAT—FlAE R A S PR A X P S SR A IR R SR SCAS B AR A I A7 “ I
B IXIREBGE A AR, RN 51 B R B T o0 B A T i) o SRS, P A I B2
Bl 73> e I K o

HEREGIE, B 6-5b HEFTREEN e B M 7, R ER
IMARAE “ LRI —2e 5r M7 M “ B — AR X B, S BRI
WITFEE LR,  “HBIEMRRER 7 X SR FUE R ST TIRZ, MRS 2\
TR Ty 2N, EAIRTHS I T BERT BAREREHHSR AR “ RIS IE bR R ”
“RBATHAER” XK TR ATE LR
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6.3.4 MEPREEEHBRSH

FRALZ A VT BB HR R P = 4E A Jaccard AHABLRE (V2R 4E B < 0.45+ 5K SE4E < 0.35+
RS SE % 0.20) TS S5 1B) (AR ALUEE o D9 Al L RACR, AT eI ER 1) 45 ] S
SRR A 2R Top-K MEBIZEAT, 715 Precision@K GR [FI 41 5 &) S F SR H
—EI LD, IR 5 R SCARY Jaccard ABLE T IEBEAT XS EL .

0.93@3

0.8

0.6

Precision@K

0.4

0.2 7

0.0 = 1 1 1 1 1
3 5 10 15 20
K GREIZM4%0
—O— #— Jaccard MM —@— = AL

& 6-6 FHILRMILAD Precision@K HiZR
N 6-6 fran, A SCHI =AU EAERTE KA EILT 51— Jaccard J5i%. 3

K S5EF 3 Mg, ARSCOERIRS I RIAR] T 0.93, Wi il iR [al ) =S B -7
ARY) 2.8 MRE MR R —FER, XAEER—J5 i v B UL AC HI% REVS LAY
HAEAN R R | B A XI5 55— D5 TG AIE 7 = ZEVF 70 0 AR AL O 2 1 f2 A S B
X 7> BEJIHT o T F— Y Jaccard JVATEIX S KA TR IHRAE 0.73. BE%E K ([HE%E
ARK, PIROTIRRRE R AAEAE T AE, R T HEASGHAAE 45 GI%EMF, B K
BEnE] 20 B, REPER O TSR EN Ao Z 8+, B Bl s
SR Z AR AR S 2 K 55T 5 IR, A7 RS R R R
£ 0.80 XA E,  BEWS I AL SLPR M B AR “HERZ LN REMSHT TR

E=K
Ko
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6.4.1 AEHETAR

A& TR DA O SRR, JEiert 31 J5IRH Y . IO SR TAR
TN IR 25, RSN R4 i FHE o BT R4S S IR I, 78 o5 1R
A TR S E N =R 5

HH S AR BR B parse_cn_number A& F U H LA 1 G 8 TR R #, LIRS
TR RAA R T BT KB A S SRR A UL A RS R
N B AR, 3L 10 & A 6. BIO R 25 Bt R % “spans_to bio' 5
‘get_entity spans_from_bio K IR IGIEFHE——%5 % tokens Al spans, S AR
BRI E Nk, WiE IR R SRR —3, EaE T Rk, Bk, sk
A R R SEAARRIAE 41 S FPh 20 SRR 100 o DUy 2% 17 D AN AR 2 2 o 250 D0 7 T 2k
A 2 A — . A TR BUESEUNNE 5% 5 R D0 R IR VLR . &
PFEAZ TS5 B 2 generate_portrait’ IR 55 75 B84 BEBKE. &R S,
VLM TR Z AR N A B A 3. SRHNTE ) 0 30 R EUE fR A
6-7 iR

MREHE %)

AT BIOF it VLR RS G SAEy

AR
[ T N O s

& 6-7 BENRERRATHRE
31 s EENA B iR, EaFAE TR 90.5%, 7 3CFIE G 83.7%,
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PR 755 100%.
6.4.2 FEREINRENX

FREDIREMNALEA T AR B N S AT 42 N, 8 I I R G SN ) API 42
MG UETRE LA . APT i A7 o5 1 A R Gr 4l 5 MZ% 0 RESTful ¥ s, B4
MW 3 2 5 KM, BRIEREER, LERMARE TR = 5. Hd,
_AEFE T /api/cases/upload 36 AIE T TXT. PDF. DOCX = {4 20 _EAZ AL FE DL A,
ZESCPEI 422 WL B CVRAUE T IR AW 200 W RANAAELE BRI 404 WA S,
14 2 API 3y 5 U H 9] 4 i

IS S 1] 2 RE AT I N TR 30 VA48 58 i, BRIE 1 AN T RERR A T A HE AR 8.
AT S E Qe B . AR DU 7 SO A | b R B0 4 s A ik
J&IR: BRI AE 7 2R AR R R R EAR T | =487 5)
RR B R FNEL R OC R I IERRTE G AL A DU SIE 1 FEAR B AN VE S R I T R
RGVEAL TR 1 VAR TR LM OB s o 7 2% i s 5t T 00k P 491 4 ol

EHER
e

Ligk (RISBik)
RN | MR

K 6-8 L&A

BREG Fm WA (TRW)

= FRRATHERER

—REn ZEE L HBRER (TR

EFDAREEE, ROWBAMEZM

B 6-9 ERMEL R IUE
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BFERSXZEER—REN, FFHRAREICEEHESERXEK.

RS MHFER RETXRE
FERNRMBREMBPNRHER; 2R $HSHRIILRERT. IAZHEOERBHA. BRHA. Xl FESAMKE, ETREEREMY
=0

ERGHRM @ THEERM

(HEEREERENE) |PlA: M
(EaiE) BR+ns 8 : ERINA: BERREMRESS.. |

eeARsmmzneva. I

CIIRSIITE

BRREVRSHERAE AR 2018-11-05

B3 7500 (P AR{HESNPINBRHEEL)

(i) (&) SBr+ms

6-10 FA4HES T H
1R HEE

BETEERE laccard BENEFRRES: ERERSCSHBNETEMIERTE ruling result | arbitration org PRAGETER,
STHE (TopK) 5 v

1BEERET (RIE)

HEHELEE - 100%

0% 100%
FEHES (AHHHEL3D)
e TEEM BEA IME | BENEA: ERERERERAS
RARESIHHE LS

ERIFHSHLL

iR R

4D 59 - £ 100% (=HEHNT)

BEE .
B
EHHD 49 - 47 100% (SHLEM) o

15%! N B
2D 57 - £3100% (=HEI)

LER i
EHHD 54- 47 92.65% (SHEIOH) o

BN i
EHHD 33 - £ 90.2% (SHEEHT) o
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GiEE ) e

EEME (X%)

SHERMLL (MRBEIE + EHER)
SHEENIEGUE (EiR/FRL/REE)

I W 8 DR
AR 45% 100.0 450
B 35% 100.0 350
Jileai 20% 1000 200
245 (W) 100.0

BREENL (WERTEASHER)

—EER ZEER mEER B =R -
o
FETSER
\J
Bl 6-12 AMIRHAFTRE (2)
WEBARS WEEA: EFRE —
WREEERAS.
BUER: ol
At XXX, BREE
FE: 010-XC00XXX
EgHM (FRvs £R)
100
75
50
| BN |
ERFREC PN
EEERES ( = N ruling_result HAEHTH FERNMPRUAG (CIEEIREREEMST arbitration_org)
)

A% g =4 (=]
BRAE], EATE: XXEXXHXXEXXEXXS, EEf
Bl HiFEATF2020-04-10] BALL, BRI R

K 6-13 MRIRHAFTE (3)
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—. EBEMANUENF (Precision / Recall / F1)

PH Precision Recall F1
applicant_name 09 09 0.9
09 09 03
claims.amount_total 1 0.1667 0.2857
laims.item 03333 0125 0.1818
employer_nature 1 1 1
itry_dats 1 0.7143 0.8333
law_refs 1 1 1
leave_dat 1 0.7143 0.8333
month_salary 0.6667 0.6667 0.6667
overtime_desc 0.25 0.25 0.25
respondent_name 09 09 03
termination_reason 05 05 05
worker_position 08 08 0.8
_micro_avg 0.8571 0.7253 0.7857
=, EfgisiRREtSEA
T mEM HEW®
PEEGSH 34 -
portrait &% 32 94.1%
scores B4R (legal/fact/risk) 32 94.1%
bscores BB (S4EEES) EF] 94.1%
keywords B&AL (Bz5) 21 677%
tags EEM (FRIFE) 29 85.3%
risk_assessment E4E6E 32 94.1%
complexity_level S 32 94.1%
=, ERERE (LERE)
L BE
ERE 045
FEAE 035
RisE 0.2

6-14 RV TE
6.4.3 ImBumRIENR
s 1) S AL 7 N SRAERDRE A% B E AR A 1 5 BV 555, T “ BA%
B BRI — EAR A B AR S A UL T ” TuAS P SR R R P 5 B A58 — 3
P o AE FH — 0318 i 5 3845 8 BRI 57 S A B SR A SO, VR e APT e 4
TRARERAE, R E— 25 1 A LR S A5 A3 1R A4 1) O i - B AT W 5 R o g 281 S 4k
43 5 AP ERBIREN, S01F | R G &R 8] B E IR
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ARSCUAST B R R AT R R, B S M RHR T —E R I — R — R G S
X—HARBERK, SRR T WS T B RGTT R I e TR . FE TR,

Wit 7 “FN+ChineseRoBERTa £ 1155 £5+O0Ollama Qwen2.5 LLM” = Z iR A%
AU, 2 BORS HAS . SRER R, JRE HEE 1) Micro-F1 1A% 0.864, %

o 5HER RN 0.89, T 81—

PR TR, e K =AM R mARR R, FEAEREZ H 0-100 1 EAL
VPO R A5 2, IR RS T SR = 5 2 JUE RS2, AR A2 2
RN EILEL

JEF FastAPI Al React FF & 75t Web JER R4, & HHEEN . BERMEL
EGAEE . A AT G AN AT AL JE R AN, 52 26 A 491 4 il

AL VB PRI T B I =R R G BRI, R TR G
TRMSEAZATUR T A 2 s A T =4 3L 8 T FHRFR M R E IR R, A
ZUUECHRAE T AT TR S8 SCHERl s FT38 1 M SR AT 2 AR m] WAL ) S8 BRI AR o

ISCWAFAE L T AL : ZBARAE 150 &5 RE A, NER 7 [ R Z ;
BERT 7E 4b FE K S AN FABOR SR I A2 @ PEAS /2 s Ollama ZEFEAHERLFERS 5015,
s BRGNS R M AN gl RPN 5K Z B sk TRt . 58 AR
SRR . 9 NER 24 F4R . ik LLM A€ PR DURR Ak 2 G Th R 55 7 [ 4k
grifEit .
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PSR A 1E3C

AGB-DE: fEEIHEZE SRIF™MBENERTMEIERE

FHE/R A5 B RRR A K m B D AEE R d.braun@utwente.nl
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PUHAT 5 AEOE AR 20w P VR VG 5 AL AR ) (R HE . SR, AT AT F A A B RO AR AR D
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G, CEmkEL T TERAREIEA . 454X 8dE, TATRE T L AT
SR — AL, W T SRR ENLERZR S =AM I P BOE S AL A GPT-3.5 HITERE.
AT R RN T XU Pk, WA —F i 0.54 1 F1 204, BRI LAY /ERS
B BE DT TATAT R IAS BB 4F, (H GPT-3.5 7EH [FIT7 AR T HAh 5% XPEE R /TR B, 28k
il — P REAZ IR R BRI 56K, AR OEA 2 R RVFI, a2 RV,

1 f&j4r

brdERs T e A, B A R B TR RE S SR, NRNWETFRAERWE L,
OV 23 R B KR e AT A — IR B MRS, HAR. TS, BUFHE
FAEBUFHLA NGO AT . IR, BFFEN B IT T A E R THE IR B 3k i 5 & [F) # A A%
(W2 2 79).

RS S ) — KR B = & RIS, JUH R R B . X T 3B DA K HAE 5
KU R Wt ANEE P G RIBAT R — T2 I iid 72, R A8 BE 0 1 L X AT, R
AR BBt KBS BALLM) IR LIRS, 40 OpenAl, PLKERASE, HOkiBk 2 Hfili kA
P55 RVPAG (B BE)LLM 168 77 3 T-VF 2 A R S A 55, IR MEMRSEAR GPT3.5 3X FE 1) LLM
WA BRI, X AR AT PR (A R (BalLoceu 55N, 2024 4F).,

TEARSCH, BAWRH T — A8 iEREE, 65 3,764 A~F4]), 11,387 ANMAJF, L& 250,859 4
K BB EA P # A R T o L O — SR E TVERE, TR T SRR B LA SRR R AR
AL P RETC R (LA 3.2 1) BRSO A R s i i i 200 HoAth 263K B 2 918 I
REIE SRR I — 11 o B RHE ML 8,582 AMR%E, FITE GitHub F Hugging Face £(#i4E FAfH .

UeAt, AT H T IRANEE TR T AR5 IR, HUR T SRR Sl =N EIR/NME
FEIRE S AR GPT-3.5. FATAIEE R EIR T IX T 5 PRI, WA — Rk 0.54 19 F1 4y
Ho MERERUT IS AGBert AT N 3k BLARTHOA (OB AL 7ERE T B2 7 T A4 RIS 47, {2 GPT-
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AR TEAT 2R VI, ARV FHTHEEER A SRR 1 AR St 7] DAYE GitHub
EAREN TATAS R R BT SR SRR AT R B [ ARE AL
2 FIRTAE

TEIS 22 LA B, AT 45 R B S X135 5 A2 P VP ik A0 1 AR B o IR s AT I AR
1 Legal-Bert(Chalystis 58 A\, 2020 ), FIFEAEXRELE, U1 LexGLUE(Chalystis 8 A\, 2022 4F),
IAE OpenAl $238 GPT-4 I IA TN, H A Fris s B it e — BR R H L AT — A
A PTG A B R 2 —(Achiam 25N, 2023 4F). BEAh, GPT #a/E 75 R8RS 8L VE B (Choi
SN, 2021 ) EE AT IR (Katz 25N, 2023 4F) I 1) BAE T 25 L4 BL— e i .
2.1 BEHERE

— Mk, A RERASREERAET . 3 ER NV 2 BUR RN A J5 2ORE TR s vl
TRATERE . VEBEER A SBAREE S AR, Ho R — /N BT 3R (Braun,  2023).
RlE, RS b M VF 2 2 B NLP AR 55 MO T [ 7 6 3 A28 Bibn 25 AT LA 1 3R AR 1 1 R
o At AERT A FH IR B A7 1R H) & 0 T 2R T 8916 (Skadin, § 58N, 2014 4F) B0 RE
FAFRAT TN, FEXFME O, 0] LURZS 5 ST o 3 LR 24 ) 1 (Chalystis 25N
2019 ), A TEARLEE A AR D 3K BIBUR BN IR A & R AT 1 SCRYRAY, (i 985 ) & [+ o

HVER G KA RAER B o, B RN, BAREIE — S FE M BER AR (LS 2.1.1 Al 2.1.2
), FERRTESLE S, (HERAVRAIEG WA RIS S B R E RS LIS AGB-DE 15k} EAH
WS, JEEH 93 a1 3,764 SIS ARTER SRR K
211 H#HEEE

Hi Ruggeri %58 ARUEFIERIER S 100 AN SRS SARREAIE 1,715 AR (1 A7) (2022)
SR H R KINZ — o SR AT TN T3, EARAN TR NI,
SR1M, Drawzeski 25 N (2021)F24E T — N AUBIBLNT 100 AN IRSS FAFERVE, Ho LA 25 MAH
&R, F—AEFEEANAMESCEE. EOFE. EEME ).

53— AN KA S O R R 2 2 R D25 N6 OP-115 15 RHE(2016), Frr a4 115 Tk B M
P BEAABOSR 1 I ks 4 A 2R 5 A FH SO o IR PR 0 S BR ATV RE . Mapp 1R R 2 —
AN RIIBRAA SRS BRI, A5 R ARSI AT 155 BRSNS (Arora 55\, 2022 4F), X
e S CL28 DAL 7 SAHEAT TR . XA R s A .
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HFEBERMEF. 5 Ruggeri 2 A KEHEEE2022)LL % AGB-DE R EARR, XEeBifgERaE
BRI, T A DR T 0l 2 ) R
2.2 B FFRIERIPAS
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THARLG, e 5 S0 Excel SCAH.
321 FE8

B, NEATARIN—ABEA LR, BfE, o DS INGE] E ARLs t— B e 7
IR 2. AT X R3S, BAMEM T Braun Al Matths(2022)/M 4 K150 2505 %, B 1 23 A 1 kR4
AN 37 AR AR A B (RT FH RS2SR PR L% A)o SRS T H) A RE /D Fll — AN 3 AR 24T
TR, AR E AR RAEARATIA & i 3 7 s I &) 3
322 B

5, G AR L SRR GO ATVE A . SR P S i SR S A R AR,
ToR, BRI A 23 AARE BRI PAT . — TSR B bR BRI T 2 R, B ERELEN T,
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— 7 N NI B BT R AR A R THREE IR REE 23 b 2 2 T AL
AT RAE BRI o B, SEREE iRs 2, R AA Ay & (3 748 [ )9 23 T LATE
EBE IR, W Z AR IC N T RETC R W T ARSI AR 4, IR ARAT I — A
THRTOR, FRATH S B R TR B RN AT Re R B 7 VP A S, e iR r(-
FIRETCRL, 0-F 20, ERE# AT LATE Excel U H R IR R M RRARAT ¥ T e o ARV E R 1
IXEEARREANTE AR A TE R R o (AR TR 2, X ey OB T 590 B 3 BRI (1 A
FFHZAT AR, DRI AR T2 A AR 1T B B K A R TAE MR oA R T S

B, Wi B RGN HLR — )RR — /N AT T 3R RN AT, 76%11)
RN — . (EIX LI UGTE R BN b, B KA TTHE HREE AT R SRS, DAY
IEREI— 8tk fEX AR, 2B 5 R R A5 B ok . TEX—B BOR I TR 7
AR R T NE R B B D AR RE I 43 B, THIAS A Sk MR R IR 2B, BRI R SCOAR . 55—
P2, V1 22 70 B0 8 T8 FH ORI A ARE IOV o VR AT 2 WA= B FL e i o 1 o 51 2
(] ROV DA AN B B (AR IR ) 25k TE R0 (G 308 2%, 56 1A 5%). B URIRE i
8 R T AE R B AR IESE . i, AhEEOE BB, 7E 20 e 70 A4
KRR T BRI, HIEAFRAT R IR IR 75 ZHORI 8] o IXEeARIE BVERE R AR, X LSfif R
AT REBE A I )R HERS 1T LA . O TAEVE R SO — 35, X VEARAENBEAT TR, SN T 6
BOMEEARTE A DGR R . Moh, 1B — R BB TR IIRRTT SR, E5INT —
TR, B 245 5B im0 n R g AS 8] BV o A AN TR R ke, VAR e A RO 28 B K
T AR o 0T B8 5 1) SE BB RLE DA, AN SRS B — MR AT R . BRGNS
EAERER L, (AT RARERE, XRATATH . SO bR i EE 2R} P AT Hm IR AN
TR 9 FH 2074 110.000 BT
33ELL

T IEEAE T TR, FAT e R R A B S 2 i L 44 . BN R AR ERE A Bk
HA NS B, eS8k 3 A F R T ATFU R F)E S, Wi 5, #hiik Fisi% 1D,
WATRICT ZA P IRN A F BRI Le 4, DUMESE MR A A R A R . BEA& (8] 1 HER
23w B LA HLf S 2 OB AT 1 & R, BT CARATI A B S v 2 R I B S B AR 1 A [
b, FEREE BRI — T2 WO AN ol RETEVEBE Fab e, AR TR IRMER, EA L
H T 3R OG TR R (1l T, o B R bt 75 PR — 5K WA T KRR T e e R AT TR b 55385 st 5
FATREAR W R THT. S0 — 7T, W P KO R PR AL, B R R — TSR G A AU AT RE 4y
TEAA TR 2. BRI, FRATSEHE T AN B IR

L NTEREEE IR T @EARZE N PARTY HIPTA T A (XL A & R TREATTHER, A
)
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2.8 FH IE MR IE K (Regex) ¥ T A HL 7 B4 H bk ¥ 42 A Hello@Example.com”

3% FH IE M 235 30K B A7 URL 5 4A“www.Example.com”

44 i IE U R IA K T A [ BRARATIK 5 (IBANS) & #oy “DE75512108001245126199”

58 IENZR A K A L% ID B4’y DE398517849

6.1 FH IE U R IA K T LGS A5 #4600 00 12345678

7458 FH LB D0 3K =0k i A IS B g 5 5 424 00000

8.1 F w44 SR I (NER K i A A RIFIZH A A4 R B el “ «name”

9.4 F NER K T A 3 17 44 R B 4 A« Stadty (B8 Haa i 1) 75 )

10.£5F FH NER Rt [T 14738 4 R & 462 4« Strassen” (75 T 47 18 1) 2 8

BARAT-CAND BAAIE W2 8 A RO BB (SRR T 84 N4, JFE#H T 120
TR 231 /> URL. 2 /> IBAN. 117 ANHIESEAT 279 AMBE D), (A2 0] H bRk
NER FEHIE IR SCARNRIRE 2. &, FLAIR EHiE(Akbik 25N, 2019 4F)5 NER-fi [F%
A (Leitner 55N, 2019 ) B I & B AIE I . R BT, RATREE B i 724 N LN
NFZFR, 418 ML FRA 53 MTE A FR. 28100, N T ERR, B TFahE 4 &0 ET.
TEMFIE R, ISR T Fi4h 1338 AT LHR. 38 AN A FRA 85 ZRAIE .

N TG T RE S EC FRIERE N R BB Ak, ZHZURT URL 53R Ak A HERR 70 I B =l 55 46
b XA R B R B S EGA YL L URL. WIS AR 3 URL. VAR SE AR A f 2
URL. % 1 /R 7 2R
4 iBRLEE ST

EEEAEE 93 NEE, A 3,764 N FRCFEIT G R 40 AN 53K), 65 11,387 M) F(F
BT 3 AT 250,859 ANSRRCEEEER) 22 ). FEERVET I ILE 3764 TR, 179
AN(4.8%) B B IBTE TR XTI EL I, S HEAR T 55 RAN R — A MR 2 10 24 1 &A1
HHRAE FHRE 1 6%(2021 4F). BANX T —DAFETIERE, HIRATIA I 20 IS I
Sef B, FEBLSEH, TGRSO A H U B AR T IR RN

R 2R T FAIE R AP A AR F A R R TR AT S E . T —
AP UUR T 24 E R 38, BRSSO K T a8 . 30 MAEE A IE—AE
RRIEMR . 7EIX 30 AN FA)H, —ANTRIBARE T =A T8, — A TagbsE T A E R, 5
b 28 ANFHIMEARE T A EARS . TE 3764 A, JF 1078 N FA)H R EBER. TR
FPFRRE b, BATA IR R AR A — g BRI —AN /N R, T ELVE AR ) 3 AU SRR VA VR A
TEEHE S ILE T 8,582 MR%.

X A R T BN 3 A G DL AT 2, SR SR 0 25 2 W AL T AE TE R
W5 L 5P IRN TR I, XA 8 T2 BRI 28 8. N, TR IAR
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(K2, W T A AU R F T 2 BB 2 % T (G TR SN e 1 4R 25005 U
A" (Braun 2N, 2019) , Ak AE% 7 (A 50005 TS 20 (R AT BE1E 52 217 b Rl 1 ot
ARNET. P, FREEIENEIRFA LB T E G M. FROZHE thid T H Al R,
U0 PR 1) 2 K B A R W] 73 Bk 2k A

Id Con. Lang Title Text Topics Subtopics  Void
10 1 de 2. Widerrufs- Sie tragen keine Kosten withdrawal withdrawal: 0
belehrung fiir die Riicksendung der shipping-
Ware. Costs
124 3 de 11. Gel- Anstelle der unwirk- severability 1

tungsbedin-  samen Vorschrift gilt
gungen der eine Regelung, die der
AGB mit der unwirksamen
Vorschrift  verfolgten
wirtschaftlichen Zweck-
setzung am nichsten

kommt.
127 4 de 1. Allge- 1.4. Mit der Bestellung age 0
meines auf  dieser Website

bestidtigen Sie, dass
Sie  volljihrig  und
rechtsfihig sind, einen
Verbrauchervertrag
abzuschlieBen."
215 9 de §6 - EIGEN- Die von «NAME» ret.OfTitle 0
TUMSVOR- gelieferte Ware verbleibt
BEHALT bis zur vollstindigen
Bezahlung  Eigentum
von «NAME»

Table 1: Excerpt from the corpus

5 B BIERITAY

N T g TR RO E AR S RO BE L, JEVPAAE S AOMERE, FRATELAL 7 AN 15 5 AL
SCHF IR ALK 5073 (B E ) TC RN 3L
5.1 BEHR

Mk, FATAGEREGIE 7 — MR, B E  80%(3004 ANT-H)) B Il ZR A AN
20%(755 SFA)RIIRAE o DB ORI AN Eos S b 5 2 R I, JRATTIKHE 3 AR A A
P G RO B HEAT 70 2 R05r o SR AR TERLEE i AT T2k SRl AR Bl AR T e R B, TR R X 2 5%
SPE TR & T H SRR S B A M — Jo RS2, DRI TG IR Bk 77 sk AT R 70
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Label Amount  Void (%)
age 20 0.00
applicability 148 2.03
applicableLaw 87 3.45
arbitration 97 1.03
changes 9 11.11
codeOfConduct 29 0.00
conclusionOfContract (¢Oc) 557 5.92
¢Oc:binding 50 0.00
c¢Oc:change OfOrder 1 0.00
¢Oc:definition 39 0.00
cOc:restrictions 13 0.00
cOc:steps 59 0.00
c¢Oc:withdrawal 17 0.00
contractLanguage 41 0.00
delivery 475 7.16
delivery:brokenPackaging 19 0.00
delivery:costs 53 0.00
delivery:customs 2 0.00
delivery:destination 18 0.00
delivery:methods 26 0.00
delivery:partial 22 0.00
delivery:time 1 0.00
description 46 0.00
disposal 36 0.00
intellectualProperty 39 0.00
language 9 1111
liability 211 9.00
party 0 0.00
payment 642 6.07
payment:fee 6 0.00
payment:late 27 0.00
payment:loyalty 1 0.00
payment:methods 289 0.00
payment:restraint 5 0.00
payment:vouchers 124 0.00
personalData 115 0.87
personalData:cookies 6 0.00
personalData:duration 0 0.00
personalData:information 1 0.00
personalData:reason 1 0.00
personalData:update 0 0.00
personalData:usage 1 0.00
placeOfJurisdiction 53 1.89
prices 147 1.36
prices:currency 6 0.00
prices:vat 36 0.00
retentionOfTitle 125 2.40
severability 35 11.43
textStorage 57 1.75
warranty 314 6.37
warranty:options 4 0.00
warranty:period 10 0.00
withdrawal 506 3.75
withdrawal:compensation 7 0.00
withdrawal:effects 45 0.00
withdrawal:exclusion 51 0.00
withdrawal:form 25 0.00
withdrawal:model 4 0.00
withdrawal:period 33 0.00
withdrawal:shippingCosts 11 0.00
withdrawal:shippingMethod 7 0.00
Total Ivl 1 3798 4.80
Total vl 2 1020

Table 2: Distribution of topics and void clauses

5.2 AR
T FRAT 175 28 M 2 N BNZ B B R A PR MR R PR, DRI LR IRATTE 2 1 28 — AN 4L
TEZEIEESY, BATRHZCREEREAR (Liu ZEA, 2008) SREIJEE AR M0 1 £dE . HAAm
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s A FEESE A S S BIEEPREIZE 100 25N . B, SR EBAE 40 &M%
120 2608056 WA 100 260 B RSEAMNXHE ZANEdREE . il xfhor =, 31401
KAFF]— ML 1,362 %% (80%) VIZRa&FHA 345 %% (20%) MHRZ& KM BG4 Bl kil o 7 204k
FEAA——BIFRATA RS BRI, (H AR SUR 2R 5 INASE 2 18] © A BRI 5 A 454 o B T 1X 4%,
PATEE — N BRI EFRN agb-de, 104 R RAEEIEHEFR N agb-de-under.
5.3 BAY

AR XA BARIVGR T — SR E VAL, 12488 DL K1 TF-IDF [a) &= AE N
[F] BN FRATTIE % AR DUANAS [ (438 5 S 2 AT 7 0 5 PP A1

* BERT 5% bert-base-german-cased (Chan ¢\, 20200 , %A M HT C/E AL 58 10 54
s RV SRS O R HR 4 R T T IR (Ostendorff 25\, 2020
* £1iE 5 RoBERTa 57! xlm-roberta-base (Conneau %5 A, 2019)

L3

=

o fHiE GPT2 #74Y gerpt2 (Minixhofer, 2021)

© LLK gpt-3.5-turbo-0125, ZAREAL DL EAE A J7 T VEAL, ARBEAT S

BEXE SANTFIEAS YO, FRATHAT T AN TS EIE R, WA ER S5 R br 8 2 50
B RANORIT RGBSR B VE LR B, RN th R A 7 BE R R AT I AR b . SRt
BAREAPAT IR, RATERA T e fI R R AR RS R, SRR B A
Bk E BN 1.0, TR ABE RN 100.0. FH T4 GPT-3.5 MIR1E S API
W77 AR C.
6 VP4

PAAGEE R AR 3 Fin . BATE RO OV fabn 2 F1 204 38R RetE AN 70 i A2
HESIENICCE S

EEXT agb-de R, FrARIAY IR REA AL B i FEAS P B R v . 7E i8R BRI
AR AR TR 2 22 1 A ) BERT K3 . B8 A% RoBERTa A5 7043 76 b B AN 1 4035 77 1 {1 T BERT
(Younes 5 Mathiak, 2022) , {HIATF AN RoBERTa /& %15 5 #8, ifkiA 1 BERT AL
LI IR LTI B h. RS MR SR AR, 3L F1 4 40h 031, X
T GPT35 MMiE, HYERERM SEIERE R CRAK: ENMEEESE L, GPT-3.5 5Ll [ m
(K378 T, (EARHT SR A B SRR —— B GPT-3.5 4 R 43 S s i 73 RN AT BTG LT 2D

P AYAE agb-de-under 4R 5 H RIS EHRTt, X R SCRIE R 15 BHE G F 1) A 2 55
W%o Forft BERT B Lk R LA, B3 T 0.54 19 F1 0%, AIIE R AR BoHE S5 45K (v RE 37
FHIC AR TR, A PR MR A SR IR T IR HMERE A, FRATTIE AL Y **agb-de** 4
YA 1 JE LA I X B TG i T R PR B IR AR AT TR VP A 45 PR W% Do B
SCHRERIEMIAL, FTA RS QORI FUIGRE, Toe B8R4 LG R I T B BeAE 58
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BRHRE LI R . xR, W BRI AR ISR, #ScRerE i EdR 4R b
oy AR A
7T REST

Bl 1R T A BEAAE ORI AR bk iR} e v 3 2 32 F 0 ARG 1 22 5 4 [l 230 B8 s,
ANFERERIAE & F R BRI ZE R B3 . DL ST IR G SO, B A BRI 4 0] 26 35 KR i
0.25——ZFE B H LR b Ik 1%, 52 32 2 38 TG 3 b9 e v (1) 28001 o 5 & FAREE T 5
W T AAE AR B A e (Blhn (RBE RGEH) 58 309 2658 7 sk BIRTa th R it ok =
BN B3 F W SRR BPR 1 26 K R0 SRR AR A 25 5 . SR, W6 F iR,
TR FAR IR BT E ., FE— N7 PEE 2 EHRNRG SHREE, Xk 38
RZHBERAE LI R AR R A .

ERR TR — 2 P % T B DR R JR DRI T T, ELRT T 5 S T 25, A — 4 2 3 ) T 2kt
Ko B, FEARVERE S, 0 OR Sk 32 2 DR PR ) = 6 1 J6 48 e b B P 35 R B T o R A0
Hin, Ak SR R S BRI AS AL B v B P T G AR o AR BT A BE HL 4B ZE il 1K) 3 @, BERT 45
RIGE A RO IR X S B G PR R AR . GPT-2 AR AR R4 X — TR o B K 28 )
FHUR T R, R T ARG R, SRR, SRR AR ZE AR, 3
PR N IIARE 7T A Bh 42T 2Kttt . GPT-3.5 RIS HAWEAIFEEZER, CHEES ™
AL, RDKE SEBRAE S S B R AR 1N TG R BATTH T GPT-3.5 M am MU ZLSR 2 263K
FONTTREA BT, E RS ke BARIX S A B SCAR R AR & X R IR (R
KR REIE I B VP AR ), (AR, R R Y ] UK 2 55 0L T =2 IR I —— 2R o iR A2
AERCARIE bRy g S, R AHIW R iR . Di—2% 0 T &R &3k GERVE 1D 5
S, GPT-3.5 "R A " kK Al RETERL, PRI A REXTVH 9 i AN AP E . AR EAE AN
JE, THRE LIRS TE T H T2 AT AR AL, AT DA 8o R AG Bk o e 2o e il i
TR P RS IR BT AT AT R, X AT R PRIV 9 AT U AU RE /) . B R o
B REAE TGRS LA TS FATAERUEE L. " (EIEE XS LR E. D REX BB ARG EFHL
IR, EIEAGEH T A0 %R IR 7T G R A A 7 2, IR0 75 B
BB P Dy Re AR R R . SOCARIA —EUNZ, GPT-3.5 ETRHUEZ 2K bniE N a]

AL
Helolbl, RIS SRR S B AL A M 2
Bt GEBIAE ID3212) . GPT-3.5 U5 A TAETAL, HLH R AR 3 AL T 23

%, BIHRHE P LR 2= VAR RV RIEARE "« HOREHEREA B FEXIE, EIF A T1%5%
AK——PBUONIZ A OOE TR S LR EFAAR0 o M GPT-3.5 25 RIS
ARG BATHE TR, ZORAGREE CENR T (ARERE) BTN, HEERRE A
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"HERPNGES, ZFESFAKATREE" . ZHHUT, GPT-3.5 1T EEHREAIT- I ARs = ik
FIAR", MRS R AR L, JOH M S S B WA SO IEE I T T % 7 i

KA AR 53— A A [ AT DAFEBE X TE R 1D 10 26 E B R o s 21l A7 A il
SCAN R "HREE (EERGEI)  (BGB) #5357 %%, VM PR AT AU BUIN AN 15 4 B Sk R 4H IR B
B Bk, BRI RE AR TS SR REEAL. " (UM E2) o £ 2014 201,
SCAFAE"VH B8 AT (R BN A E SRR IHIR BUIZ 38 " HORE (/DX 40 BRIT A ERIIEYD .
SR, BT CEERIEID) 28 357 R OMImUE R NA, BINE 2 # & BT RHIR TS %%, T
GPT-3.5 (I 58t ik 22 2021 47, JLrbith S IR SCAR T RESE N L, IR 8 1 AR A
RAE B R 53— S5 ] JURT DAAEBEXERHZE 1D 10 2% A2 BB A Re rhoUL S 21 A AR il iR S
AR R (EERIEM)  (BGB) 55 357 %%, VM 3 EAT AN BUN A ER K IHIR TS
Peo DI, BRI 2 FHARHIB TS RANFA TR " (UMK E2) o £ 2014 20, #H%
FEAE"TH P AT R DU AN R ERARHIR B B IE (B0 4x 40 BRITLL ERIIEYDD o R
117, BUAT (8 R IL) 55 357 2 COWIRARUE AR N 7, BINH 23 5 B AT/RIIR 1218 2% . i GPT-
3.5 IRt 2 2021 4, Hodil RIFVERLAOSCAR W REE D9 W, XS EL T i8R I

Dataset Model Precision | Recall | F1-score
svm 0.37 0.27 0.31
bert-base-german-cased 0.50 0.27 0.35

agb-de x1lm-roberta-base 0.00 0.00 0.00
gerpt2 0.71 0.14 0.23
gpt-3.5-turbo-0125 0.06 0.92 0.11
svm 0.40 0.32 0.36

agb-de-under bert-base-german-cased 0.51 0.57 0.54
x1lm-roberta-base 0.75 0.08 0.15
gerpt2 0.64 0.43 0.52
gpt-3.5-turbo-0125 0.13 0.92 0.22

Table 3: Results of the evaluation, best performance on a dataset is highlighted in bold
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Figure 1: Precision and recall per topic on the agb-de-under dataset
Predicted Predicted Predicted Predicted
valid  void valid void valid  void valid void
Tg valid | 288 20 valid | 307 1 valid | 299 9 valid | 71 237
:ﬂ) void | 16 21 void | 34 3 void | 21 16 void 3 34
(a) bert-base-german-cased (b) xIm-roberta-base (c) gerpt2 (d) gpt-3.5-turbo-0125

Figure 2: Confusion matrices for the evaluation on the agh-de-under dataset
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8 &

RWLANHAT AGB-DE WERHE, iZEAS AL RN 3,764 248 EH T # O R&K.
BRIEELPESL, FATIESRME TP AT A B SE, BCER NIREMNNREE . IX R4 AT
RS A T LS 27 ST BRI ZRBUOR o FRATIR A X e B £ 5K RO 7 AT 55 R ar T kit
PEREVEAL -

Bl St I TR SR GG A S, W SR WIS S A X UG BEASC A B, 3 F1 %l
A 035, MR RCRAE S BE 445 73 A7 1) 28 — it g b, 1% BERT A1 GPT2 X FE TR
RURE H A R B TR iR, IS 0.54 1 0.52 Y F1 /0%, ER MRS L, TFIRBAR FI
SEOIRT GPT-3.5——Ja H R AE RE A, A PHEREE I EEEE EAEME 0.11 17 FI
L RSP EESE EACh 0.22.

AT R HEN

HRINEERR R A B AR AE . RERMNS5ARFEENEREGIE, NEZREAET
TR, (HEAR R ATIT R LR R ZE . A R P E Sk TC AT B X A dd R S T RS, T
WIE A ROUTT B SV B AL A o PRI 25, FRATTSRE 0 — TS e 2 %o 2R kAT B 44
PALEE,  DLRE IR H 54 VORI MERE . VF 2 265K (& [R)m] 43 1 2% 3 B 5T A BRI 2% 390
BB S EREAGRE, A BRI AR A AR . 7EERIETE T, MR S AR IR B AT SE B 58
A ARSI, ool R v R sk, BIMEREBR BAEARRST, 25K
AT AT BE R T B T BB 2 e k. G iz A R A I 680 o BRATUCH I SZRREE I
FA PR, RO B 6 AR R 8 25 (5 BNAT N, AR AT RE BN K IS TE 2 7 1 S 7 2R
AT CAE 1B AT WA 14 U8 B ST P R IR S0 7, SR AR VE 45 AR T8 A N HITi 4R R
EEH G, FUARSPRAR D). SETE, BRATCIZEIR LN LM A TSR H e S
b A RIS I G o G54 B A AR RS, X — %43 BT AR 4H ) B/ IMELR SEAFLE R X
R A A ER I

FIIN Al B 0 HC A FH RT E TE % A5 35V 2 8 B2 ) Sk B AR B T i i, A4 T
REBE A AE Y . BRI, SEATAEERAEBURF A S TEbR I R b 25 R 2 B AR &
TERBUE AT BN SRS, TSE o R ANEERAR T .

SRS, 1ZEEE AR AT AT SREC B A i, X SR E B ERTR O B . AR B £ B
K, FRATAE B S b A R AT AR A7-E il R S 491
JRRR

SRR SEAF IR, AW TR B AR T R BR A -

o BRI P R A HEATARVE, TRIAR W RS )T LA I 9 07 AR R A T ik
M
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o REAFRBAROUH AT SBRE . R B A A E ME S AR W), BARKE DR B 2

37 T AT A8 RTE
VERLZE DPAL 3 T ARER ] (20212023 4F) REHE, T BB BCE VI ZR i A v e Al

IERUEAT BCHT A T A A [ T 4
o REBATINBIRESE —ERERE LM T IS, IR W RRE HAAEA T 1E H ek

ik EEEUIN
IR, AR TARRAAAE LT RIR:
* 8 H GPT-3.5 55 = Ui A A AAFAE S5 FT F I AR, FRATIAIL 48 @ BA R A 5 1) 7 3%

R IZ KU
o CREET R AT 5 SO AR Y 5 AR AR A AT LU REAFAEAN K S R R SETT GPT-

PERE ) SN AT ARG R F D REA 27 S B R 1] TR . % TR RA, DRI RSO T e
PR, (HBA TG R TR B A PR R R I
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Abstract

Legal tasks and datasets are often used as benchmarks for the capabilities of language models.
However, openly available annotated datasets are rare. In this paper, we introduce AGB-DE, a corpus of
3,764 clauses from German consumer contracts that have been annotated and legally assessed by legal
experts. Together with the data, we present a first baseline for the task of detecting potentially void clauses,
comparing the performance of an SVM baseline with three fine-tuned open language models and the
performance of GPT-3.5. Our results show the challenging nature of the task, with no approach exceeding
an Fl-score of 0.54. While the fine-tuned models often performed better with regard to precision, GPT-
3.5 outperformed the other approaches with regard to recall. An analysis of the errors indicates that one
of the main challenges could be the correct interpretation of complex clauses, rather than the decision
boundaries of what is permissible and what is not.

1 Introduction

Standard form consumer contracts, i.e. consumer contracts that are drafted unilaterally by a company,
have huge significance for our economy, but also for consumer protection. Their review is a laborious
task, performed by companies, law firms, governmental organizations, and nongovernmental
organizations (NGOs). In recent years, researchers have investigated different computational approaches
to automate parts of the contract reviewing process (see Section 2).

One of the big challenges for such research is the scarcity of contract data in general and annotated
data in particular. Even more so for languages other than English. Annotating contracts with legal
assessments is a laborious process that can only be performed by highly qualified experts and is therefore
very expensive. Commercial providers of Large Language Models (LLMs), like OpenAl, but also the
scientific community, increasingly use legal tasks to assess (or promote) the capabilities of LLMs. For
many of the existing datasets and tasks, it is questionable whether LLMs like GPT3.5 have not been
trained on them, which would question the validity of evaluations performed on them (Balloccu et al.,
2024).

In this paper, we present a new corpus consisting of 3,764 clauses, 11,387 sentences, and 250,859
tokens from German consumer contracts. Each clause has been annotated by legal experts with a clause
topic and whether the clause is valid or potentially void (see Section 3.2). A contract clause is a section in
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a contract that is usually separated explicitly through formatting from other clauses and deals with a
specific provision. The corpus contains a total of 8,582 labels and is available on GitHub1 and as Hugging
Face dataset 2.

In addition, we present a baseline for the task of identifying potentially void clauses, comparing an
SVM, three open language models in different sizes, and GPT-3.5. Our results show the challenging nature
of the task, with no approach exceeding an F1-score of 0.54. The best-performing model, AGBert, is also
available for download3. While the fine-tuned models often performed better with regard to precision,
GPT-3.5 outperformed the other approaches with regard to recall. An analysis of the errors indicates that
one of the main challenges could be the correct interpretation of complex clauses, rather than the decision
boundaries of what is permissible and what is not. The code that was used to prepare the datasets and train
the models is also available on GitHub. We hope that the corpus will contribute to enabling future open
and reproducible NLP research.

2 Related Work

Legal tasks and datasets have become increasingly relevant for the evaluation of language models
over the past years. From domain-specific models, like LEGAL-BERT (Chalkidis et al., 2020), to
benchmark datasets, like LexGLUE (Chalkidis et al., 2022), culminating in the presentation of GPT-4 by
OpenAl, where the alleged “legal skills” of the model have been one of the main communication points
to show its improvement from the previous version (Achiam et al., 2023). Additionally, the question of
whether a GPT model would be able to get through law school (Choi et al., 2021) or pass the bar exam
(Katz et al., 2023) has been raised repeatedly in the last few years.

2.1 Legal Datasets

In general, there is a large number of legal data sets available. Mostly because many governments
and institutions publish laws, court decisions, and similar legal documents digitally and under open
licenses. However, only a small fraction of them has been manually annotated (Braun, 2023). Many
supervised NLP tasks in the legal domain therefore rely on corpora that inherently contain labels or where
labels can be automatically derived. That is, for example, the case for translation where parallel corpora
of the European Union can be used (Skadin, § et al., 2014) or outcome prediction for court cases, where
the final verdict can be easily extracted from the decision document (Chalkidis et al., 2019). Document
types that are not regularly published by governments or institutions, like (consumer) contracts, are rare
to find in corpora.

Manual annotation by legal experts is very expensive and therefore rare. While a number of such
data sets exists (see Section 2.1.1 and 2.1.2), particularly in English, we are not aware of any corpora in
different languages that have a size comparable to the AGB-DE corpus, which consists of 3,764 legally
annotated clauses from 93 contracts.

2.1.1 Consumer Contracts

With 100 English Terms of Services and a total of 1,715 annotated clauses, the corpus provided by
Ruggeri et al. (2022) is one of the biggest of its kind. Clauses are classified into fair and unfair clauses
and among the unfair clauses five major categories are distinguished. Drawzeski et al. (2021) presented a
similar sized corpus of 100 Terms of Services, however, consisting of only 25 distinct contracts each of
which is available in four lan-guages (English, Italian, German, and Polish).

Another large corpus of consumer contracts is the OP-115 Corpus by Wilson et al. (2016) which
consists of 115 privacy policies from websites that have been annotated by law students with data practices
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that occur in the text. The MAPP corpus is an even larger privacy policy corpus with 155 privacy policies
from mobile applications (Arora et al., 2022), which have been annotated in a similar fash-ion. Both
contain only English contracts.
2.1.2 B2B Contracts

In the space of commercial (business-to-business) contracts, larger datasets are available. The CUAD
dataset by Hendrycks et al. (2021) consists of 510 English commercial contracts in which 41 different
types of legal clauses have been annotated. Chalkidis et al. (2017) provide a data set of 993 contracts that
have been labeled with clause headings and 2,461 contracts that have been annotated with other types of
contract elements by law students. Unlike, for example, the data set by Ruggeri et al. (2022), but also the
AGB-DE corpus, these datasets were not annotated with a legal judgment but rather with regard to the
topic of individual clauses.
2.2 Legal Assessment of Contract Clauses

Some of the above-mentioned data sets, but also other, mostly non-published data sets, have been
used to train different NLP models in order to predict whether a given contract clause is valid or not. This
is also the task we mainly had in mind when we built the AGB-DE corpus. Ruggeri et al. (2022) used a
Memory-Augmented Neural Network to detect unfair clauses in Terms of Services and reported an
accuracy of 0.526. Braun and Matthes (2021) used a fine-tuned BERT model to predict void clauses in
Terms and Conditions of online shops and reported an accuracy of 0.9. Torre et al. (2020) used an SVM
to detect missing clauses in privacy policies and reported a precision of 0.85 and a recall of 0.96. Most
recently, Martin et al. (2024) presented a study that compares the performance of, among others, GPT4-
32k with junior lawyers in locating legal issues in contracts. They report that GPT4 is not only faster and
cheaper but also better (F1-score of 0.74) than junior lawyers (F1-score of 0.667).
3 Corpus

The corpus consists of 3,764 clauses from 93 standard form consumer contracts. In this section, the
construction of the corpus is described. A detailed datasheet (Gebru et al., 2021) for the corpus can be
found in Appendix F.
3.1 Data

The data was collected in 2021 and 2022 and annotated between 2021 and 2023. It consists of
German4 standard form consumer contracts that are available online, such as Terms and Conditions of
online shops, fitness studios, and telecommunication providers. The data was collected by the annotators,
consumer protection lawyers (see Section 3.2 for more details), based on their professional interests. Each
clause from each contract was manually copied into an Excel file together with the title of the clause and
the URL to the contract text. In total, 93 contracts have been collected in that way.
3.2 Annotation

The dataset was annotated by five fully-qualified lawyers from two German NGOs with a focus on
consumer protection. Each of the annotators had multiple years of experience in consumer protection law
and consumer counseling. The annotations were made in an Excel file, which annotators preferred over
dedicated annotation tools.
3.2.1 Topics

First, one or multiple topic labels were added to each clause. Subsequently, subtopic labels could be
added to further specify the content of a clause. For this classification, we used the taxonomy introduced
by Braun and Matthes (2022), which consists of 23 topic labels and 37 subtopic labels (see Appendix A
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for a list of the available labels). While each clause had to be annotated with at least one topic label, the
annotators were instructed to only add subtopics where they found it fitting.
3.2.2 Validity

Afterwards, each clause was legally assessed by the expert annotators. A clause in a contract is void,
i.e. cannot be enforced by the parties of the contract, if it contradicts governing law. Whether a clause is
actually void depends on many things, including, in some cases, whether one of the parties is a consumer
or whether both parties are businesses. The final decision on whether a specific clause in specific
circumstances is actually void can only be made by a court of law. Therefore, the instruction for the
annotators was to label a clause as potentially void, if they think a consumer residing in Germany could
successfully challenge the clause in court. For the remainder of this paper, if we say a clause is void, we
mean that it was annotated as potentially void by the expert annotators. In addition to the assessment itself,
which is binary (1 potentially void, 0 valid), the annotators can add a comment in the Excel file explaining
their decision. By the wish of the annotators, these explanations are not part of the published corpus. It is
also worth re-highlighting that the annotators work for NGOs that are dedicated to advocate for consumer
rights and their interpretation of the law might therefore be more consumer-friendly than a lawyer who
works for a big corporation.

Initially, a small subset of the data was annotated by two experts (one from each organization). In
this initial annotation, the legal annotations were in agreement in 76% of the cases. Based on these initial
annotations, the experts discussed and aligned their annotation strategies to increase the consistency of
the annotations. During this process, two patterns underlying the disagreement became apparent. All
disagreements that were found in this phase were based on a disagreement about the interpretation of laws
or court rulings, rather than a disagreement about the interpretation of a clause, i.e. the text of the contract.
The second pattern was that many of the disagreements were based on laws that use vague legal terms.
Laws are often formulated vaguely on purpose. The German Civil Code for example deems clauses void
that provide “unreasonably long payment deadlines” (§308 No. 1a). What might seem like bad law-
making is done to make laws “future proof”’. Whether a payment deadline is unreasonably long, for
example, changed significantly between the 1970s, when letters and bank transfers still took multiple days
and today. It is up to courts to interpret these terms and these interpretations can also change over time.
To increase the alignment of annotators, the annotations guidelines were extended with agreed
interpretations of relevant legal provisions that contain such vague legal terms. Additionally, as a “catch-
all” solution, a rule was introduced that when in doubt, e.g. because different courts ruled differently, the
annotators will always use the more consumer-friendly interpretation. For the subsequent annotation of
the complete corpus, each instance was annotated by one annotator. While it would have been preferable
to have multiple annotators per instance, that was not feasible due to cost reasons. The total costs of the
data collection and annotation for the AGB-DE corpus were approximately 110.000 EUR.

3.3 Anonymization

For ethical and legal reasons, we decided to anonymize the dataset before publishing it. While the
original data does not contain any information from individuals, it does contain (publicly accessible)
information from companies, like phone numbers, addresses, and tax IDs. We took multiple steps to
remove this data from the contracts in order to make it harder to identify the company that drafted the
contract. Companies can and do change their contracts over time, so we want to avoid consumers finding

and reading an outdated version of a contract. Additionally, it is not unlikely that one or multiple
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assessments made by the annotators would not hold up in a court of law, either due to an unconscious
mistake or due to the aforementioned bias with regard to the interpretation of the law. Wrongfully claiming
a company uses void terms can potentially be harmful to their business and could implicate liabilities.
The other way around, wrongfully claiming a clause is valid could potentially harm consumers if they
rely on that assessment. Therefore we implemented ten anonymization steps:

1. Remove all clauses with the topic label party from the corpus (these clauses consist only of
information about the contracting party, i.e. the company)

2. Replace all email addresses with “hello@example.com” using regular ex-pressions (regex)

3. Replace all URLs with “www.example.com”

using regex

4. Replace all international bank ac-count numbers (IBANs) with “DE75512108001245126199”
using regex

5. Replace all tax IDs with DE398517849 using,regex

6. Replace all phone numbers with 00 00 12345678 using regex

7. Replace all ZIP codes with 00000 using regex

8. Replace all names of companies and organi-zations with “«NAME»” using Named Entity
Recognition (NER)

9. Replace all city names with “«STADT»” (Ger-man for city) using NER

10. Replace all street names with “«STRASSE»” (German for street) using NER

While the first seven steps turned out to work very well and straight-forward (in total 84 party clauses
have been removed and 120 email addresses, 231 URLs, 2 IBANSs, 117 phone numbers, and 279 ZIP
codes have been replaced), many of the available standard NER libraries turned out to not work very well
for the texts. In the end, the FLAIR library (Akbik et al., 2019) with the ner-german-legal model (Leitner
et al., 2019) turned out to be most suitable. With the help of the model, we were able to replace 724 names
of organizations and companies, 418 city names, and 53 street names. However, a manual inspection
revealed that an additional, manual, anonymization round was necessary. In this manual process an
additional 1,338 company names, 38 city names, and 85 streets have been removed.

In order to avoid over-anonymization which could potentially result in decreased classification
performance, a list of organizations and URLs were explicitly excluded from being removed or replaced.
The list mainly included political bodies like the European Union and their URLs, shipping companies
and their URLs, and payment provider and their URLs. An excerpt from the final corpus is shown in Table
L.

4 Corpus Analysis

The corpus consists of 93 contracts with 3,764 clauses (an average of 40 clauses per contract), which
contain 11,387 sentences (avg. of 3 sentences per clause) and 250,859 tokens (avg. of 22 per sentence).
Out of the 3,764 clauses present in the corpus, 179 (or 4.8%) have been annotated as potentially void.
That is comparable, although slightly lower, than the 6% reported by Braun and Matthes (2021) on a much
smaller dataset of 24 contracts. While that results in a corpus that is imbalanced, we believe it to be a
realistic reflection of reality, where void clauses are also significantly less frequent than void clauses.
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Id Con.

Lang

Title

Text

Topics Subtopics

Void

10 1

de

2. Widerrufs-
belehrung

Sie tragen keine Kosten
fiir die Riicksendung der

withdrawal
shipping-

withdrawal:

Ware. Costs

124 3 de 11. Gel-
tungsbedin-
gungen der
AGB

Anstelle der unwirk-
samen Vorschrift gilt
eine Regelung, die der
mit der unwirksamen
Vorschrift ~ verfolgten
wirtschaftlichen Zweck-
setzung am ndchsten
kommt.

severability

127 4 de 1 Allge-
meines

1.4. Mit der Bestellung
auf dieser Website
bestitigen Sie, dass
Sie  volljdhrig  und
rechtsfihig sind, einen
Verbrauchervertrag
abzuschlieBen."”

§6 - EIGEN-
TUMSVOR-
BEHALT

Die von «NAME»
gelieferte Ware verbleibt
bis zur vollstindigen
Bezahlung  Eigentum
von «<NAME»

ret.OfTitle

Table 1: Excerpt from the corpus

Table 2 shows how the clauses are distributed among the topics and the percentage of potentially
void clauses in each topic. Since a clause can belong to multiple topics and subtopics, the sum of the
labels is greater than the number of clauses. 30 clauses have been annotated with more than one topic.
Out of those 30, one clause has been annotated with three topics and one clause has been annotated with
four topic labels, the other 28 have been annotated with two topic labels. Out of the 3,764 clauses, only
1,078 have been annotated with a subtopic. Partially, we believe that to be the result of the fact that it was
not mandatory for the annotators to add a subtopic and that the focus of the annotation was clearly on the
legal assessment. In total, the corpus contains 8,582 labels.

An analysis of the distribution of void clauses in relation to the topic shows that there are some
classes which are particularly prone to be seen as potentially void by the experts. A deeper analysis,
together with the experts, revealed that these are very often types of clauses that are particularly strictly
regulated. The class changes, for example, captures clauses that relate to changes that are made to the
contract after it came into force. Given that standard form contracts are already considered to  “reflect
an imbalance of contracting power” (Braun et al., 2019), it is not surprising that the possibilities for a
company to change them after the customer agreed are very strictly regulated. Therefore, it makes sense
that such clauses are exceedingly considered void by the annotators. Similar reasoning can be applied to
other topics, like liability or severability clauses.

5 Automated Legal Assessment

In order to present a baseline for the main task for which the corpus was designed and evaluate the

difficulty of the task, we compared different language models and an SVM for the classification of clauses
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into (potentially) void and valid.
5.1 Data Split

To do so, we created a dataset from the corpus, which is split into a training set of 80% (3,004 clauses)
and a test set of 20% (755 clauses)5. We stratified the data split by both the topic labels and the legal
assessment to guarantee an equal representation of each class in both datasets. Five clauses from the
original corpus were removed in this dataset because they were the only void instances of their clause
type in the corpus, and it was, therefore, not possible to split them in the above-described fashion.

Label Amount  Void (%)
age 20 0.00
applicability 148 2.03
applicableLaw 87 3.45
arbitration 97 1.03
changes 9 11.11
codeOfConduct 29 0.00
conclusionOfContract (cOc) 557 5.92
¢Oc:binding 50 0.00
¢Oc:changeOfOrder 1 0.00
cOc:definition 39 0.00
cOc:restrictions 13 0.00
cOc:steps 59 0.00
cOc:withdrawal 17 0.00
contractLanguage 41 0.00
delivery 475 7.16
delivery:brokenPackaging 19 0.00
delivery:costs 53 0.00
delivery:customs 2 0.00
delivery:destination 18 0.00
delivery:methods 26 0.00
delivery:partial 22 0.00
delivery:time 1 0.00
description 46 0.00
disposal 36 0.00
intellectualProperty 39 0.00
language 9 11.11
liability 211 9.00
party 0 0.00
payment 642 6.07
payment:fee 6 0.00
payment:late 27 0.00
payment:loyalty 1 0.00
payment:methods 289 0.00
payment:restraint 5 0.00
payment:vouchers 124 0.00
personalData 115 0.87

personalData:cookies
personalData:duration
personalData:information

6
0
1
1
personalData:update 0 0.00
1
53

personalData:reason 0.00
personalData:usage 0.00
placeOfJurisdiction 1.89
prices 147 1.36
prices:currency 6 0.00
prices:vat 36 0.00
retentionOf Title 125 2.40
severability 35 11.43
textStorage 57 1.75
warranty 314 6.37
warranty:options 4 0.00
warranty:period 10 0.00
withdrawal 506 3.75
withdrawal:compensation 7 0.00
withdrawal:effects 45 0.00
withdrawal:exclusion 51 0.00
withdrawal:form 25 0.00
withdrawal:model 4 0.00
withdrawal :period 33 0.00
withdrawal:shippingCosts 11 0.00
withdrawal :shippingMethod 7 0.00
Total Ivl 1 3798 4.80
Total vl 2 1020

Table 2: Distribution of topics and void clauses
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5.2 Undersampling

Because it was clear that the dataset would be challenging because of its imbalanced nature, we
created a second dataset6, in which we used undersampling (Liu et al., 2008) to remove data from classes
that are over-represented. In particular, the number of instances from each combination of topic and
validity was limited to 100. IL.e., if there were 40 void clauses of one topic and 120 valid clauses of the
same topic, only 100 of the valid clauses would go into this second dataset. In this way, we ended up with
a dataset that consists of 1,362 (80%) clauses for training and 345 (20%) for testing. The split of the data
remained the same, i.e. we only removed data but did not change the distribution of existing data between
the training and test sets. For easier distinction, we will refer to the first larger dataset as agb-de and to
the undersampled dataset as agb-de-under.

5.3 Models

We used both datasets to train an SVM that uses tf-idf vectors of the clauses as input and fine-tune
and evaluate four different language models:

* The BERT model bert-base-german-cased (Chan et al., 2020), which was also trained on the Open
Legal Data dataset that consist of more than 100,000 German legal documents (Ostendorff et al., 2020)

* The multilingual RoOBERTa model xIm-roberta-base (Conneau et al., 2019)

* The German GPT2 model gerpt2 (Minix-hofer, 2021)

* And finally gpt-3.5-turbo-0125, which was evaluated in a “zero-shot” fashion without fine-tuning

For the fine-tuning of the three open models, we conducted a manual hyperparameter search, starting
with the standard hyperparameters for each model. The final hyperparameters that were used for the fine-
tuning can be found in Appendix B, as well as in the training code that is published alongside the corpus.
In order to further address the imbalance of the dataset, we also used a tailored loss function. For the fine-
tuning of all models, we used class weights of 1.0 for valid and 100.0 for void clauses in the loss function.
The prompt and API call used for the evaluation of GPT-3.5 can be found in Appendix C.

6 Evaluation

The results of the evaluation are shown in Table 3. The main metric that we focused on for the
evaluation is the F1-score, which provides a balance between the two unequally distributed classes.

For the agb-de dataset, none of the models was able to handle the very imbalanced dataset well. The
best-performing model on the dataset was the fine-tuned BERT model. While RoBERTa is usually better
than BERT in handling imbalanced data (Younes and Mathiak, 2022), the RoOBERTa model that we fine-
tuned is a multilingual model, while the BERT model that we fine-tuned was specifically pre-trained on
German legal data. The second best performance was achieved by the SVM with an F1-score of 0.31. For
GPT-3.5, there was not much difference in the performance independent of the dataset: For both datasets,
GPT-3.5 achieved the highest recall, at the cost of a very low precision. L.e., GPT-3.5 falsely classified
the majority of clauses as potentially void (see also Figure 2d).

All models performed better on the agb-de-under dataset, showing that undersampling is a suitable
strategy for the corpus. BERT again performed best with an Fl-score of 0.54. To test whether the
improvement performance on the undersampled dataset was caused by a better model and not just by the
fact that, by chance, difficult items got removed from the test set, we also tested all models trained on the
undersampled dataset on the original test set from the agb-de dataset. The results of this evaluation are
shown in Appendix D. Except for the SVM, all models performed better when being trained on the
undersampled dataset and evaluated on the full dataset compared to being trained and tested on the full
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dataset, indicating that removing excessive imbalanced training data can indeed lead to better models on
this dataset.
7 Error Analysis

Figure 1 shows precision and recall for each model on the undersampled dataset for the largest topics
in the corpus. The numbers show that the models perform very differently for the individual topics. For
liability, for example, no model was able to achieve a recall higher than 0.25. With 11% of void clauses,
liability clauses are most frequently void among the large topics. For the expert annotators, liability
clauses were relatively easy to annotate, because of very explicit regulations. § 309 No. 7 of the German
Civil Code, for example, explicitly states that “an exclusion or limitation of liability for damage from
injury to life, limb or health due to negligent breach of duty by the user” is void. Linguistically, however,
an analysis of the liability clauses shows that they are often complicated, with multiple explicit inclusions
and exclusions in one sentence, which could be a reason for the poor performance of most models.

While clauses of a certain topic can be void for different reasons, for some topics there are
predominant patterns. Warranty clauses, in the corpus, for example, are predominantly void because they
restrict the warranty in cases where defects are not reported within a specified (too short) time frame.
Similarly, payment clauses are predominantly void because they introduce excessive fees for late
payments. The BERT model was better at picking up these more repetitive patterns compared to the more
nuanced other topics. The GPT-2 model achieved the highest precision for payment clauses, which have
the largest share in the corpus, and therefore heavily influence the overall result. Overall, the performance
differences between classes could indicate that using the topic labels as an additional feature could
improve classification performance.

The performance of GPT-3.5 differs from the other models as it was more prone to generating false
positives, i.e. flagging clauses as void that are actually valid. The prompt we used for GPT-3.5 not only
asked it to perform the classification into potentially valid and void but also asked the model to provide
an “explanation”7. While the texts provided are not an explanation in the sense that they make the reasons
for the assessment transparent, it is still interesting to see that the issues described are most of the time
correct, however, the assessment is still wrong, in both the text and the annotation. For a clause about
withdrawals (corpus ID 5), GPT-3.5 for example “explains”: “The clause is potentially invalid as it could
unfairly disadvantage the consumer. According to the law, the consumer must be able to exercise his right
ofwithdrawal clearly and conspicuously, without any additional hurdles or conditions being imposed. By
specifying here that registering a return under My Account is considered a revocation, this could limit the
consumer’s ability to exercise their right of revocation. It is important that the consumer can exercise his
right ofwithdrawal without additional obligations.” (see Appendix E.1 for the original German text) While
the text by itself would be factually correct, it is not applicable to the clause in question. The clause clearly
describes other ways to exercise the right to revoke a contract and explicitly states that it is not mandatory
to use the “My Account” feature. In line with the text, the clause was falsely labeled as potentially void
by GPT-3.5.
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Dataset Model Precision | Recall | F1-score
svm 0.37 0.27 0.31
bert-base-german-cased 0.50 0.27 0.35

agb-de x1lm-roberta-base 0.00 0.00 0.00
gerpt2 0.71 0.14 0.23
gpt-3.5-turbo-0125 0.06 0.92 0.11
svm 0.40 0.32 0.36

agb-de-under bert-base-german-cased 0.51 0.57 0.54
x1lm-roberta-base 0.75 0.08 0.15
gerpt2 0.64 0.43 0.52
gpt-3.5-turbo-0125 0.13 0.92 0.22

Table 3: Results of the evaluation, best performance on a dataset is highlighted in bold
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Figure 1: Precision and recall per topic on the agh-de-under dataset
Predicted Predicted Predicted Predicted
valid void valid void valid void valid void
§ valid | 288 20 valid | 307 1 valid | 299 9 valid | 71 237
é void 16 21 void 34 3 void 21 16 void 3 34
(a) bert-base-german-cased (b) x1m-roberta-base (c) gerpt2 (d) gpt-3.5-turbo-@125

Figure 2: Confusion matrices for the evaluation on the agb-de-under dataset

Similarly, for the clause “If the customer is a merchant [...] the place of jurisdiction for all disputes

arising from this contract is the court responsible for the seller’s place of business [...].” (corpus ID 3212)
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GPT-3.5 concludes the clause is potentially void, because “The clause puts the consumer at an
unreasonable disadvantage because this clause binds the consumer to the company’s place of jurisdiction”.
The legal reasoning of that is again correct, however, not applicable to the clause, because the clause only
applies to merchants in which case it is valid. To test whether GPT-3.5 is aware that the clause is valid for
merchants, we adapted the prompt to say that the system should imagine being a lawyer for a merchant
(instead of a consumer) and indeed the response was “The clause is unlikely to be potentially invalid if
the customer is an entrepreneur.” More often than not, the main challenge for GPT-3.5 seems not to be
missing legal “knowledge”, but the incorrect interpretation of the clause, especially in cases where the
clause contains elements that are optional or not applicable to all customers.

Another typical problem of LLMs in general can be seen in the explanation generated for the clause
with the corpus ID 10. Here, the model generates the following text: “According to Section 357 of the
German Civil Code (BGB), a consumer may not be charged the costs of return shipping in the event of a
revocation. Therefore, a clause requiring the consumer to bear the costs of return shipping is potentially
invalid.” (see Appendix E.2). Until 2014, it was indeed the case that “a consumer may not be charged the
costs of return shipping in the event ofa revocation” (at least for purchases over 40 EUR). However, today,
§357 BGB explicitly states the opposite, i.e. that customers have to bear the costs of return shipping.
However, texts that relate to the old legislation are probably more frequent in the data GPT-3.5 was trained
on, which is data up to 2021.

8 Conclusion

In this paper, we have introduced the AGB-DE corpus, consisting of 3,764 clauses from German
consumer contracts that have been annotated by legal experts. In addition to the corpus, we presented two
datasets that have been derived from the corpus and have been split into training and test sets. The datasets
can easily be used to train or fine-tune machine learning models. We have used these datasets to provide
a benchmark on the corpus for the task of classifying whether a clause is valid or potentially void.

For the dataset that is representative of the distribution in the corpus, we showed that language
models struggle with the imbalanced data and could not achieve an F1-score above 0.35. For the second
dataset, which is more balanced through under sampling, we showed that open models like BERT and
GPT2 were able to better identify void clauses achieving an F-1 score of 0.54 and 0.52. On both datasets,
open models outperformed GPT-3.5 with regard to F1-score, which generated a huge amount of false
positives leading to an F1-score of 0.11 on the more imbalanced and 0.22 on the less imbalanced dataset.
Ethics

False legal statements always have to potential to cause harm. While we worked with experienced
experts who carefully decided on each annotation, it is always possible that the dataset contains errors.
Claiming falsely that a clause is void could potentially have negative impacts on a business, claiming
falsely that a clause is valid could potentially have a negative impact on consumers. One measurement
we took to avoid such impacts is anonymising the clauses, in order to make it harder to connect them with
a specific business. Many clauses, like severability or liability clauses, are highly standardised and often
directly drawn from boilerplate contracts. In such cases removing the explicit identifiers is sufficient to
make them completely anonymous. In other cases, particularly for example in clauses about bonus and
rewards programs, even after removing the explicit identifiers, clauses can be so specific that they can be
traced back to individual businesses, if they still use the same clause. We believe that the practical impact
of that is rather limited, because retrieving the information about a specific clause from the dataset is not
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something that a significant number of potential customers is likely going to do. We added an explanation
text to the readme of the published version of the corpus to highlight that the annotations are based on the
perspective of individual experts and not based on a concrete court ruling and therefore not legally binding.
Overall we believe that the publication of the dataset can help to address an existing imbalance of power
between customers and companies and thereby, together with the anonymisation strategy, warrants the
small but existing risk.

At the same time, being aware that a company uses potentially void clauses that disadvantage
consumers and not doing anything about it could be seen as unethical. Therefore, the NGOs we worked
with did take legal steps if they encountered clauses during the annotation that they deemed so
disadvantageous for consumers that legal steps were necessary.

In general, the dataset consists of publicly accessible data that is usually carefully drafted by lawyers.
We did not encounter any instances within the dataset that we deem problematic from an ethical
perspective.

Limitations

Due to practical restrictions, the presented dataset has several limitations:

* The dataset was annotated from a consumer protection perspective and therefore is most likely
biased towards interpreting existing regulations in a consumer-friendly way.

* The instances in the dataset were only annotated by one expert. Legal decision-making involves
uncertainty and interpretation, therefore it would have been desirable to have each instance annotated by
multiple experts.

* The assessments in the corpus are based on the legal regulations at the time of the annotation(2021-
2023), models trained on newer data might correctly make different predictions based on legislative
changes or new court decisions.

* While we believe the dataset to be a somewhat representative mapping of the real world, that also
means that is imbalanced and contains a relatively small amount of void clauses. Due to practical
restrictions, the presented evaluation has several limitations:

* Using cloud-based models like GPT-3.5 always poses a threat to the reproducibility of the results,
through using an explicitly versioned instance of the model we try to minimize the risk.

* Arguably comparing models that were finetuned on a specific task with a zero-shot prompt
approach is an unequal comparison. Future strategies to improve the GPT-3.5 performance could include
using few-shot approaches or also prompt engineering. While, given the error results, the few-shot
approach might have limited effect, we believe that prompt engineering might be effective in reducing
the large number of false positives.
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