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i E ASEHNERAERESPORRBSEZTERGEL SR RRAR DG FEZXEZRF A 2L K TR —5
M RMREZTEREBEAEZTEAINLEERL(LACO ., LACCELATMEREAERERANERT EWHR &G THEALLEH,
BINMEIR— MY R, FHAERBFEL AR RGBS, Elah B LACC £& T & K& 3 AR IR 349 7T 35 2 38 3%
BREB ADMEZREFARAS . H LS DEIBENH  RATARIAGRREAR S SNA TR, FHEREN,
LACC £ ST+ #) % #% % CPTD £ #9 ROUGE-L # %34 3] 56. 74,4 A &K 32 8. 99 AN F 4%, £ M5 3R — B M 3F 5 (RCS) & @ 7
BAFRERS, I, ZHF FEN GRS LN EEERIEH A 420ms AR, EFRA LA R 4.5GB, L& RIF6 T L3 F
Hh, GLHE LACCERAFABREMY S L AERE MR IRERFEEF T HESFRRT EEEAMNEGH AR
BORABEH I m FRAEG AN ADLRGELE AT,

KB ARBTAE; KE TR AR — M R R R A R I %4

FESES TP391

LLM-augmented Training Framework with Cycle-Consistency Constraints

WU Qiaorui' , LUO Li* and ZHAO Cairong'
1 School of Computer Science and Technology, Tongji University, Shanghai 201804 , China

2 State Grid Hunan Electric Power Co. ,Ltd. Changsha Power Supply Branch,Changsha 410000, China

Abstract This paper proposes a training framework termed LACC(Large LLanguage Model-Augmented Consistency-Constrain-
ed) ,designed to address key challenges in patent abstract generation,including incomplete coverage of technical features,insuffi-
cient legal compliance.and inefficiency in edge deployment. The LACC framework constructs a bidirectional reversible task struc-
ture between abstract generation and claim expansion,incorporating a cycle-consistency constraint to jointly optimize technical ex-
pression and legal formulation. On this basis, LACC integrates a controllable data augmentation strategy powered by large lan-
guage models(LLLLMs) to automatically generate high-quality patent text pairs. A dynamic verification mechanism is further intro-
duced to enhance the technical accuracy and regulatory reliability of generated content. Experimental results on the Chinese patent
dataset CPTD demonstrate that LACC achieves a ROUGE-L score of 56. 74, outperforming the baseline by 8. 99 percentage
points,and shows significant improvements in the recurrence consistency score(RCS). Moreover, the framework supports effi-
cient edge deployment, with inference latency controlled within 420 ms and single-GPU memory usage limited to 4. 5GB. Overall,
LLACC offers a practical and scalable solution for downstream tasks such as patent drafting assistance,legal text generation,and
intelligent intellectual property(IP) management.and shows strong potential in enabling the automation of the full lifecycle of 1P
processing.

Keywords Natural language processing, Large language model, Cycle consistency, Data augmentation, Knowledge distillation,

Collaborative training
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A7 Pl A4 AN A SC T Y 4 S B R B D ik
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Fig. 1 Architecture of LACC framework
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Table 1 CPTD dataset information
IPC & EHAEE  CPTD-Base CPTD-LT
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C # 20720 10000 6000
D # 19508 10000 4000
E # 21122 10000 3000
F # 15921 10000 2000
G # 21004 10000 1500
H # 20405 10000 1000
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Table 2 Evaluate metrics

5 % W
ROUGE-1 EAFLETNESLRE
ROUGE-2 Jor HB R 4L Ay — B
ROUGE-L A JF Au AR 4 A b o e B AR R
BERTScore TR E B A OE R E B
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HL 85 AL W oR, B R 4 R 3l S B E ML, Ours-Lite 1Y
ROUGE-L 53k %] 55. 93% ,RCS Ky 61. 02% , 8 L £k 43 5] 48
F17. 1% 14.5%,

3 FELEEER

Table 3 Main experiment results
%)
A% Bk ROUGE-1 ROUGE-2 ROUGE-L BERTScore RCS
Baseline 52.12 41.05 47.75 85.42 53.31
CPTD-Base LACC Lite 59. 87 50. 11 55.93 88.51 61.02
LACC 61.34 51.62 56. 74 89.12 62.13
Baseline 47. 30 35. 40 43.25 83. 80 48.50
CPTD-LT LACC Lite 54.92 45.10 52. 30 87.02 57.60
LACC 56.45 46.73 53.48 87. 80 58.70

EEAR GG SRR F  F LR (qwen-1. 5b) FE CPTD-Base
I ROUGE-L 5 RCS AL 451 47. 75% A1 53. 31 % » L Bk
B HAE SOAR AR B B T AR T AR RN R S 2 W B B AL
KB, 5GP — B0 24 9 B B 0 R g 1 LACC
Lite #8153 HIHUAS T 55. 93 % 1 61. 02 % MY 35 # L , ¢ B Hi 7
A LA 52 SCA Y DG i B DA R A5 B AR5 A i 2 A
WERI ., #F—PEEEWNE AR LACC £ ROUGE-L
5 RCS B8 T 56. 74 % F 62. 13 % i /% &% , A0 %5 T 147 4L il
ARTES TR bR /NIRRT

MeAh B ESC R B K R A RE & 20 CPTD-
Longtail $#45 , LLE — 25 56 30E 45 0 76 5270 A N iz 4k fig
J1. TR ER, LACC 7R BE 5 RIRR A EF 7RI,
ROUGE-L il RCS 43535 F 53. 48 % A1 58. 70 % , i & 1 T 3
LRAIRIY 43, 25 %M 48. 50 %6 & FHIRE A 10. 23 N EH A Y
10.20 M E 4 4. LACC Lite 78 1% 3 5t T (4 2 B W) BE 55 fgk

% ROUGE-L 24 52.30% (4 9. 05 > 43 5 vs. Baseline) .
RCS 4 57.60% (+9. 10 4~ H 43 £ vs. Baseline) , FRKIE B T
A6 1 — 35 24 o 5 B0 3 R SR W 7R B T AR U AR B — 3K
P A O E R .

g5 LTk SIS R A A E W T U 4R M LACC HE 4L
e 1 F 4 B A AT 55 v LA B K 3l T M S R, BB
TN [ BCHE 43 A 4 00 T AR08 Tt SCAS AR Y o S 58 T
HRoetk s e A R EAE B AR RESRABIES
% 358 77 T R ME AR R o 3X At g AR L R A IR AL A
FRURE S Pz N T RBE T A ) r e S d 5 SRk
B
4.3 HBLIRIS
g i — ARG A A 2 % M R A DT AR BF O T
TIHR S X A BT TS [ AR B RS Bk X A A 3 i
gER M 4 Y,
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Table 4 Ablation experiment results
[€79)
B & 5% ROUGE-1 ROUGE-2 ROUGE-L BERTScore RCS
LACC 61.34 51.62 56. 74 89.12 62.13
Cycle 53.20 42.30 50. 10 87.12 57.20
CPTD-Base
-Dyn. V. 59. 87 50.11 55.93 88.51 61.02
-LLM Aug 58.20 48. 80 55.20 88. 20 60.5
LACC 56.45 46.73 53.48 87.80 58.70
-Cycle 48. 10 37.60 46. 90 85. 90 53.40
CPTD-LT
-Dyn. V. 54.92 45.10 52.30 87.02 57.60
LLM Aug 50.70 42.30 49. 20 85.90 54.10

M B G R — M 2 K (Cycle) J5 , #5 B 7 Rouge-L Al
RCS E/HI FREZE 50. 1% Ml 57. 2% , ¢ 5 BB 10 43 1) ik
6. 64 AN E4r BRI 4,93 DN 4r . X RPIEI — B ML R AE
PRFEAE R 8 L5 B R ety R B 7O AR
Ao ik —25 b, 43 A B B 3 25 56 F 5K B (Dyn. V) LR IR 5 4
T 3R AT (LLM Aug) , B B ) Rouge-L/RCS 43 5l F [
0.81 NMEAFR/1 1L AN E 4R 1,54 S E 4 8/1.63 M
A3 R, BRORIX T I B X6 8 AR 5 0 AR A BN ABATY S TR T 8
25 96 TIE ML ) 50 M 358 8 SR I 7 41 Ak SCA R B AN 2 T S A
Jo £ 7 T A AR BT

WA | Sy B A B A A R 43 A s L iz AR i —
HAE CPTD-LT Bdla 4k L #EAT TIHmSEEe . 45 R, LACC
MR IZ AR 4 L IAE T 53. 48 % i Rouge-L 1 58. 70 % 1
RCS, B @A F IR 43. 25 % A1 48.50% . MBS BRIEA —E
PEL 5 BT PR AR R PR 5E 4 B 8, Rouge-L 5 RCS 43l T
R 6. 58 A 43 s Al 5. 30 ANH 4r ™ W T ALHIE K AR
AP EE g, R, BRIISRIES LLM 85 h
el T AN TR B B 0 PE R AR AL L 3 — 2D IR TE T 4% 21 X B R AR
Tt AR 3K 1 0 Tk

GRIE AR T MR AR B AR S KIEE
TR 58 58 1 g 1 3 11 R HE 2R CLACC) & 1 X % 4 28 A R AT
55 I TE SR LRI — B SR RCR M A T
FA RS BURI B SR Y5 2 ) B9 8L P F LS 951 A ZE R
P18 5 B A I UEAT Y, DL R Ge Ak 75 =X 5 A S0HR A i 55 02 b
BE AN Ry B) R, S B 45 SR R ], LACC 72 ROUGE-L 5 7&
P — M S G R AR b 0 AL TR S AL AL, B A
BT SCXEFRRE ) AR R E M S Tl A T,

KT 3 AT m 4740 e D 5] A B SCHE & HE B AL
il 5 DL T8 R A 22 152 T2 B 3 st b i 30K TR AR 5 AR L Ag
J152) R JRT By il M 5 & At 0 B MR G R R e, DU R
Az T ) — b 50T @ BE 5 3) 1Ak % i 50 TE B e 1Y
FERE, o — P eI S KT B S RS R
1Y 52 IR
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