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Abstract

In patent classification using user—defined classes, the detailed description of a patent sometimes plays an important role
in the classification point of view depending on the patent classification point of view. If such patent classification is
automatically classified using a recurrent neural network, good performance may not be achieved due to the long length of
the detailed description. As a method of applying the data having such a long sequence to classification, there is a method
of reducing the long sequence by using a 1D convolutional layer and then applying it to a recurrent neural network or
using a model using only the 1D convolutional layer.n this study, we intend to measure the performance of patent
classification using detailed descriptions of patent documents. The existing LSTM model, which is a recurrent neural
network, a method applied to the LSTM model after going through 1D convolutional layer (1D Conv. LSTM), and a model
using WaveNet using only 1D convolutional layer were defined. The classification performance of three patent datasets
with a sequence length of 6,000 or more was applied to three models to compare the accuracy. WaveNet showed the
highest accuracy for the three datasets, and LSTM showed the lowest accuracy. WaveNet showed a stable trend in
verification loss compared to the other two models. In dataset #1, WaveNet uses 1D Conv. Accuracy was recorded 14.5%
higher than LSTM and 17% higher than LSTM. In dataset #2, WaveNet uses 1D Conv. The accuracy was 3.1% higher
than that of LSTM and 9.8% higher than that of LSTM. WaveNet and 1D Conv. LSTM recorded the same accuracy, and
7.3% higher accuracy than LSTM. When classifying user—defined classes of patents made using detailed descriptions of
patents, WaveNet is judged to be a more suitable model compared to the existing recurrent neural network.
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Layer (type) Output Shape Param #
input_1 (InputLayer) [(None, 6053)] 4]
embedding (Embedding) (None, 6053, 100) 1075400
convld (ConvlD) (None, 3825, 10) 4010
convld_1 {ConvilD) (None, 1511, 20) 820
convld_2 (ConviD) (Nene, 754, 30) 2430
batch_normalization (BatchNo (None, 75%, 3@) 120

elu (ELU) (None, 754, 3@) 0

bidirectional (Bidirectional (None,

20)

3280

dense (Dense) (None,

5)

1@5

Total params: 1,086,165
Trainable params: 1,086,105
Non-trainable params: 60

22! 1. 1D-Convolutional Layer LSTM =2 (dataset #1)
Fig. 1. 1D-Convolutional Layer LSTM model (dataset #1).
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Layer (type) Output Shape Param #
embedding (Embedding) (None, 6053, 100) 1075400
convld (ConviD) (None, 6053, 20) 4020
convld_1 (ConviD) (Mone, 6053, 20) 820
convld_2 (ConviD) (None, 6053, 20) 820
convld_3 (ConviD) (Mone, 6053, 20) 820
convld_4 (ConvlD) (None, 6053, 20) 820
convid_5 (ConviD) (None, 6053, 20) 820
convld_6 (ConviD) (Mone, 6053, 20) 820
convld_7 (ConviD) (None, 6053, 20) 820
convid_8 (ConviD) (None, 6053, 5) 105
global_average poolingld (Gl (None, 5) @

Total params: 1,085,265
Trainable params: 1,085,265
Non-trainable params: @

a2l 2. WaveNet 22 (dataset #1)
Fig. 2. WaveNet model (dataset #1).
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length
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LSTM lfs%z/r[l ' WaveNet
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0 20 40 100

2.00 LOSS of the Validation Data in Dataset #1

175
1.50
1.25
1.00
0.75
0.50
— LST™M

—— 1D Conv. LSTM
—— WaveNet

0 20 40 60 80

0.25

0.00

100

3 4. HolEM #12| o ZEH Haxd AT
Fig. 4. Average validation loss per epoch in Dataset #2.

A Al
=

[
o
Lo
S
o,
ot
e
b
>
=)
o
olN
o,
.

2

¢

o M
lo,

o,
[N

M jo
R
R

w
Y
U
B &
9#

lo =
i
Lo

o
i
>
>

2 H]
WaveNet, 1D Conv. LSTM
a7t o] ozl

WaveNet 14 ol Z74A] 3] i
FrA = ik ¥kde] 1D Conv. LSTM

£l

%0,
&2 o
&
=

My ROrE
ux
lo,

|o
fu

o
olN
b

>
Mo

2
ol

=
ez
o
2
i
N
N,
N
[
o
ful
ful
>
2,
ol
ol
rlr
o
-

St |o

o ¥ &

¥ ox i Ao
=
2

o= 2

lo 01l>
I

=)
e
rir
rO
ol
a2
o
HU l.o
F
i
i
XN,
&2
ful
fd
i
4

accuracy
1.0

0.805
0.8

0.635

06

0.4

0.2

0.0

LSTM 1D-Conv + LSTM WaveNet

g3

a2l 5. HioleM #1 EHAE Ho|E
Fig. 5. Test data accuracy of Dataset #1.

B

% 57 HA9 AT &4 BdS o] &34 200
o] HZE do]H AEE HolFth

A8+ WaveNet(0.805) > 1D Conv. LSTM(0.66)
> LSTM(0.635)¢] o]t}

WaveNet= 1D Conv. LSTM of H]3] 145%, LSTM
of Hlel 17% w2 A=E 7|58l

1D Conv. LSTM ©] LSTMel| vl&l] 25% =2 A<
71 E8k Tk

i

L=E=N
=

L. HIOJEfAl #29 2™

==
=
dloE| Al #20l| 4] 2 el



26 S5lZM AME
HAYA oA FH ol 9 losset AZHOlEH Y lossE
=4stga AEHoR H2E dolHe 4w =4
EiiA=s
2.00 LOSS of the Train Data in Dataset #2
' — LSTM
1.75 ~— 1D Conv. LSTM
—— WaveNet
1.50
1.25
1.00
0.75
0.50
0.25
/\LL
0.00—5 20 70 60 80 100
12 6. ClOlEfA #20| o By HRN FEaA
Fig. 6. Average training loss per epoch in Dataset #2.
2.00 LOSS of the Validation Data in Dataset #2
1.75
1.50
1.25
1.00
0.75
0.50
— LSTM
0.25 ~—— 1D Conv. LSTM
—— WaveNet
0.00 0 20 40 60 80 100
T2 7. lo[E{M #29| o EH WX AT &4
Fig. 7. Average validation loss per epoch in Dataset #2.

% 6, 79 T EAF AT EHY FolE AR
W37} 2de] Fd Ae wud ggror g
I Qo™ WaveNet, 1D Conv. LSTM 18|31 LSTM
Eow &0 favt offojxit,

HE £42 WaveNet2 5 o Z71x] 53] A &
otgx o g FAFHALE whde] 1D Conv. LSTM
LSTM= 50| &7HA] Fhadtet thA] Asshes Fol& v
2},

dolgAl #2 olAdE 1D Conv. LSTM ©] LSTMel
Hls vk A5 &4 7158t ARE, WaveNetol
vls) e F wae onvge] wasn bl
o]& Holil A= Fskrh

2E o]E3)A 560

8= WaveNet(0.893) > 1D Conv. LSTM(0.862)
> LSTM(0.79%)9] <=o|tt.

WaveNet= 1D Conv. LSTM el #®]3] 3.1%, LSTM
o B3] 98% ¥ ASEE 7=

1D Conv. LSTM ©] LSTMell Hl&} 6.7 %

EE 7I5S9ITh

e
o A5

3T

A™EE 0|88t £5] XFs5230| 1D-Convolutional Layers M5t ZHO|

gstln

o
0x
ol
o

accuracy
1.0

0.862 0893

0.795
0.8

0.6

0.4

0.2

0.0 +

LST™M 1D-Conv + LSTM WaveNet

J% 8 Clo[HAl #2 HAE GHjo|E Mtk

Fig. 8. Test data accuracy of Dataset #2.

C}. C|O|E{Al #3929 PHH NMatr
dlolE Al #3 oA Zt mdle] A58 dolry] 95
A go A FHdolE 2 loss?t ASHoIE S loss

LOSS of the Train Data in Dataset #3

— LSTM
— 1D Conv. LSTM
—— WaveNet

1.75
1.50¢
1.25]
1.00
0.75{
0.50]

0.25]

AN o

0.00 0 20 40 60 80

100

T2 9 Hio[HAM #39| o Y oA =H &4

Fig. 9. Average training loss per epoch in Dataset #3.

2,00 LOSS of the Validation Data in Dataset #3

175
1.50
1.25
1.00
0.75
0.50
— LSTM

—— 1D Conv. LSTM
—— WaveNet

0 20 40 60 80

0.25

0.00

100

T2 10. HiolHAM #39| o ZE o AT &4

Fig. 10. Average validation loss per epoch in Dataset #3.

a9 09, 109 ¥4 £43 HE
el 3 wdle] ¥ &S v
stz o™ WaveNet, 1D Conv. LSTM
LSTM =02 29| 7147} o] FofZit)

Rl
42

AZE £48 WaveNet 5 A Z7kA] 53] 1A &
kg og  FAFHUTE dhdHo] whHe] 1D Conv.



20223 18 ©ASee ==X X59H M1=

Journal of The Institute of Electronics and Information Engineers Vol.59, NO.1, January 2022

LSTM 3 LSTMS 5 ~8 o|Z7}A] 743ttt thA] 4
St FolE ke

to]E| Al #3 oA+ 1D Conv. LSTM ©] LSTMd

Hlg w2 AS £48 7St JAT, WaveNetol
Hlg] T2 7 Edd ewuglo] BAsta oAl F

accuracy
1.0

0.816 0.816

0.8 -

0.743

0.6 -

0.4 -

0.2 -

0.0 -

LSTM 1D-Conv + LSTM WaveNet

11. Clo[HA #3 EIAE Clo|H H&E

11. Test data accuracy of Dataset #3.

=
Fig.

a9 11+ HAe] AT &4 29 o] &34 760
9] HAE HolH AL E HolFEt

A8 == WaveNet(0.816) > 1D Conv. LSTM(0.816)
> LSTM(0.743)9] <=o]ct.

WaveNet# 1D Conv. LSTM &
71551913, LSTMel H18) 7.3%
Ak

1

o] 3k zg

J
il

sy
= -
e gomE %

s W

ofr
_

-
o
-

05

=

U

ol
2l
(i)
o
o
g 2

e
2
4
o)
X
e

I off )
s
v
il
o
B
rot
i
ol
o
M
Koo g
™
ﬂllﬂl Y, o
o
Lo,
>
EHIe U ix)

oo
2

=

3

=

ko

(i)

mlo

¢ o K

Of
-

e
;

oo of ¥e O Mz A
N

37HA Eﬂ

2 o = A oox 2 [y fow
o2
ob
2

0 or

g ngon £d 43

Xl%]—% g2l stk HAE
2714 mdlof Bls] =A o

ooy

o
oY
oom

o A=
HZE tolEe] Jgk
Fs] WA gk 6,000

8 OH/ﬂ LSTM2] E_E“Oﬂ/ﬂt

Hols o At

1D Conv. LSTM

Convolutional Layerg EAAA AlE 2

o]il o] FolE A|UAE LSTME F3HA7

o} 37HA eIy Aol A —Era’\]ii%

2 sy nzrR R kA d o7 7

U 7

ox > Hloax

2 #
Xi:rﬁ‘ﬂ

o 1o

[e]
AAR=I R

>
L

b W I

12
il
5

o
il

(i)
ar b x2 8 2 my

%_/}_/\1]

&0 glojA+= LSTM¥} whzl7hx
S7He  wHEEkslTh djo]E 9]
LSTMell vl8l =4 Yebst ot WaveNetol] 1] &l

2 Jo 1

Eﬂ AE

djo]E 9]
A7 Agse 7
SAZE ek o= 71Ed 2
ukabof] o] 3 A 7F A3 Ao
Toll A AGER - 7hA] RElE o]
) 43t7] Ysll 1D Convolutional LayerE o]
% 714 % 1D Convolutional Layer2}
WA ARgske Hla 1D
Convolutional Layerit2 A& WaveNeto] =2 A
el Ase Byt
E35]9] A dHS
|2 A9

g 7)E

A

10 o
N N
= = oo
N

>

Job of

1o

B ox
> ol
_\'i_lt
Lo
ST
my)

o go H1otl

2

—m r

_L_4
rot

HU rl

vy %

o]

o] galA ezl 53¢ A}
FYPAE EFsE 7 WaveNete] HE &
ol vla] s N

r_{
Fl[‘

< L
T 'C

oy, M
—

s
SRl

2dole} e,

REFERENCES

[1] A. J. C. Trappey, F. C. Hsu, C. v. Trappey, and
C. L Lin, “Development of a patent document
classification and search platform using a
back-propagation network,” Expert Systems with
Applications, vol. 31, no. 4, pp. 755 - 765, Nov.
2006, doi: 10.1016/j.eswa.2006.01.013.

[2] Shaobo Li, Jie Hu, Yxin Cui, Jianjun Hu,,
"DeepPatent: patent classification with
convolutional neural networks and word

embedding” Scientometrics(2018) 117:721-744

Chih-Hung Wu, Ynn Ken, Tao Huang., "Patent
classification system using a new hybrid genetic
algorithm support vector machine” Applied Soft



28 So{EMo| HATt HEE 0|8t S5 XMHSEFM 1D—-Convolutional LayerE & &3t

Computing Volumel0, issue 4(2010)

Jieh-Sheng  Lee, Jieh  Hsiang., "Patent
Classification by Fine-Tuning BERT Language
Model” Word patent Information Volume6tl, June
2020. 101965

S. Hochreiter and J. Schmidhuber, “Long
Short-Term Memory,” Neural Computation, vol.
9, no. 8 opp 173-1780, Nov. 1997, doi:
10.1162/nec0.1997.9.8.1735.

[5]

5]
L e s

2| YSH 1

o
0x
Mol
o

[6] A. van den Oord et al., "WaveNet: A Generative
Model for Raw Audio”, Sep. 2016, [online].
Available: http://arxiv.org/abs/1609.03499
European Patent Office, United States Patent
and Trademark office, "Cooperative Patent
Classification”, [Online]. Available: https:/www.
cooperativepatentclassification.org/cpcSchemeAnd
Definitions/table

[7]

4 & =AY

19944 290 AT Sha A A-F s
SPAF E (A,

199640 290 AAT|eka 758}
HA} S (38 A

19994 891 SLAlENsL 714 %)

& &2 (F sk AL

2000 19 ~2001 19 Univ. of Sydney
Research Fellow

2001 2€ ~2003 8¥ LGZH A DTV/DA T4
A A4

2009 79 ~2010d 7€ Univ of Oregon W<l

2003 39 ~&A) Pt IT &3 u

<FIAEoF: HES A HE EEAQ AHl~

AFEQIE Yl WOt 5G o] FE AW AHAa>



	특허문서의 상세한 설명을 이용한 특허 자동분류에 1D-Convolutional Layer를 적용한 모델의 성능비교
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 본론
	Ⅲ. 실험
	Ⅳ. 결론
	REFERENCES


