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[ Abstract] A patent is a legal right conferred to inventors té,protect their inventions for a limited time, and it plays
a crucial role in present-day social activities. Existing résearchihas not optimized the adaptation of patent similarity
data, which has negatively affected matching patent phrase(similarity. Previous research has shown that in low-
resource scenarios, prompt learning uses text fragments (i. e. , templates) as input, transforming the classification
problem into a mask language modeling problem; heres a key step is to construct a projection between the label
space and label word space. This study presents a knowledge-based prompt learning method and applies it to the
similarity matching of patent phrases. Lo selvéithe problem of insufficient information related to patent phrases,
this study uses similarity label information in patent phrases and knowledge to enhance the patent phrases and label
information. This study first establishes the relationship between patent phrases and external knowledge using
entity-linking technology. The study then designs a neighborhood information filtering mechanism based on the
degree of entity influence t@wexpand the problem of insufficient patent phrase information. Finally, based on the
effects of different typestof external knowledge on the similarity calculation of patent phrases, the study generates
a variety of enhanced prompt text applied to patent phrases. Experimental results show that the Pearson
Correlation Coefficient (PCC) and Spearman Rank Correlation (SRC) of the proposed method are increased by
6.8% and 5.7%, respectively, as compared with the suboptimal method.
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Table 1 Example of semantic matching data for

patent phrases similarity

Anchor Target Context  Rating Score
acid absorption  acid absorption Bo8 exact 1. 00
gasoline blend petrol blend C10 synonym  0.75

gasoline blend  gasoline mixture C10  hypernym  0.50

faucet assembly tap inputs A22  not related, 0. 00
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Table 2 Examples of extended label words

AL %<3

0.00  not related

LAt

not related, irrelevant, totally different

0. 25 low low, holonym, domain related, field-related
medium, hyponym, hypernym,
0. 50 medium
structural match
antonym., meronym, holonym, high level,
0.75 high

domain match, synonym

1. 00 very high very high, exact, same
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Fig.1 . The framework of the model in this paper
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Table 3 Performance of different semantic

similarity calculation methods/on PPSD

Jr i PCC SRC
Word2Vec 0. 139 0.488
GloVe 0.431 0. 449
FastText 0.412 0.467
BERT 0.419 0.411
PatentBERT 0.532 0.538
Sentence-BERT 0.597 0.579
P-tuning 0.648 0.631
KPT 0.672 0.668
Patent2Vec 0.668 0.656
Our(T ;) 0.718 0. 706

SR AR M PatentBERT Fll Sentence-BERT
BRI AR 2] T — A5 B 25 58 IR o B e 5F X T
S VB AR AL M DT JC BCHE 1 TN R iE AT T O . KPT
VA SC 7 15 0 J2 38 1 4 7R 2 >0 R A7 00 1 32 7R I8 4R
Tk, # 3 WoR, A S R R A LR T 5 O ik
(Our (T BT KPT .t b Br A5 1 X L 3k £k 07
DA K B UE T AR R b 2 i AR g AR
A 2 O v i O R A R .

4.5 XIaH
4.5.1  FEIRSCA 5

4 PR Sl AR TR 2 7R SCAR ) PCCL SRC,
HERG R RSR[5 F1(E RS2 56 45 58, fe il 45
R FRE, £ 4 BORERCAKR T, ~T, 8 PCC
Wb R, 78 T, LBUS T &b i PCC HERE.
MO FTHT, T, %8 T 1 F 3¢ Context FRfEfF B
FIA 58] relatedWord FAFE AR B, Ul BAA SCIH 8B J7
REA A, FEEE el N T, 78 SRC 1Y
PERER AT i,

MWZ 4 T LB T, ~T, WHERRE RN,
TE T, AT, FWAS T BAFAHERf 2, AT AR SCO7 %
XPIEREA () A& MEROR T 4F s T~ T, (RS 8 % 0% 3
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Table 4 Experimental results of different prompt texts

R XA PCC SRC  Riaccurey Rprecision R gecan F,
T, 0.674 0.661 0.669 0.669 0. 647 0.658
T, 0.678 0.662 0. 664 0.654 0. 644 0. 649
T, 0.685 0.676 0.673 0.663 0.633 0. 648
T, 0.681 0. 680 0. 685 0.674 0. 647 0.660
T; 0.718  0.706 0.683 0. 680 0.643 0. 661
T, 0.705 0.696 0.668 0.658  0.648 0.653
T, 0. 689 0. 688 0. 680 0.679 0. 640 0.658

B AP QRIS YRR N K SN 3y € g SRR A I
I TE B P00 & ) i 4 2R 8 S s & PPSD iz
) S B AL 4G L FUECR B L FE T~ T, L RBAH
MR Ul B AR SCO R N I RR AR A A 4 R R
F1 (B K B0 R A3 [0 5 00 RO 50, 253 A T
Wi B MBI 5 T, ~T, FHRMIES TN, U
B A SB35 5 I B AR o3 28U BT

&l 2 R AN [ B8R SCARLE SR b i 8
AR L CE AR WL G5 AL T /2 ) B W HTML
W) . M 2 o] LLFE .78 Epoch b 5 Z i A [R] 41
78 SCAS B 56 T AR 58 2R A8 U 2 A KL (B B S el AR
Tk, U B AR R AR A, il — 2D U T
Rk .
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Fig.2 Changes in loss values of different prompt texts on

the validation set

4.5.2 JHERSZE M

M6 IR /R A T, ~ T, ik R ek
T, T, T, Fl T; #HAT AL 53 Hr. NFE S5 AL
B EE 0] LUE W AR 3 R B B, AS [R] B B 7R SCAR X
i) PCC Al SRC A [R) HAH 25 38 K 7R SCAR K BE
R3¢ Contexct FlAH G 1] [ 1 45 1 45 52 i) e 2K 114 5
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SRC B, B, 3K A3 5278 SCA & 4 7R 2 )
AT MRS B0 PE R Y G 5
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PCC #1 SRC 18R}
Table 5 PCC and SRC performance of prompt text

considering different feature information

BRI RIEAE B
R a
N Anchor., PCC SRC
SCA Context relatedWord
Target, Score

T, 4 0.674 0.661
T, v v 0.678 0.662
T, v 0.681 0.680
T, v v v 0.718 0.706

XFRRICAR T T, T, AT 78R CA
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TR R
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