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Abstract

The demand for sequence segmentation
and tagging has recently extended to
different professional fields. The most
commonly used model in conventional
solutions is Bidirectional Long Short-Term
Memory-Conditional Random Fields (Bi-
LSTM-CRF), which combines deep
learning and supervised learning. As the
importance of unsupervised learning has
become equal to that of supervised learning,
this study proposes a Bidirectional Long
Short-term Memory-Unsupervised
Supervised Learning-General Conditional
Random Field (Bi-LSTM-USL-GRF)

Matus Pleva, and Daniel Hladek
Technical University of Kosice, Slovakia
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model that combines General Conditional
Random Field (GRF) with Unsupervised
Supervised Learning (USL) and Bi-LSTM,
achieving a conceptual combination of
supervised learning, unsupervised learning,
and deep learning. In this study, we provide
an innovative GRF architecture to replace
the traditional CRF architecture, as well as
the USL principle, which combines
unsupervised learning with supervised
learning. We demonstrate that this model
not only demonstrates specialized ability in
the use of the USL principle but also has the
special advantages of GRF, outperforming
the previous Bi-LSTM-CRF architecture
with a performance improvement of 1.45%.
The proposed USL and GRF has more
flexibility in its combination and could
even be used and promoted in different
fields.
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1 Introduction
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2 General Conditional Random Field
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4 Bi-LSTM-USL-GRF Model

% Bi-LSTM-USL-GRF ez F > & *
# Bi-LSTM e gtfc— i GRF 38t > 11 2 ﬁ_
USL &% & ™ GRF 675 - -4 4 #0554
Leh- Bz & - 2 fA 0 4 AR RS
USL+BI-LSTM+GRF #3] o H ¢ - :§ »
GRF & 55eh% - EAF Y #R > Fla i ¥ 7
USL s & i ¢ GRF 109 ~ 4 s -4t
Bei2 B g Al R de o T - 3 0 GRF
@ 2 Bi-LSTM 5 > £ & B F 2 i eho

-

305



The 35th Conference on Computational Linguistics and Speech Processing (ROCLING 2023)

SRS ) S R PR o T
A RSN FPLghT o BY 0 FE
Bi-LSTM e jt &2 % - 45 ¥ #& > 2 GRF
at‘mﬁf_z\ [EE 0 S ‘*F‘;—%‘mvilif’f
FTOoHGRFAZ o A ApEan, 0 (7
T|- B Y A 075 SR o FM A GRF
EEE YRR L 2 R e

L) A 3;35'3 P PR 2 B e
ﬁ#ﬁ' “L’fﬁ- ,\?4 "Lﬁ;‘- » ¥ *'\ﬁxw ﬁ'—%&ﬁﬂ
A A RFmﬁgﬁ;}L T RE

eV * j\rﬁ'ﬁ}_ﬁ%?/?q@ ﬂl‘ T i T
EREE L FaER A o AP E-E - ©

B2V R ORRE AT 5 f([x]" )
Bi-LSTM # ki e &) 4 77 NGO REEER
i%%%ﬁkﬁwzw,a[i]“ ¢ [x]” a%—ﬁi

B8V eR o R4 [y]T 5 Bi-LSTM &
Vm%”%&-T%/pﬂiﬁéToﬁg,

¥ A @'ﬁtﬁﬂ sl Ak EESE
0 R %A R RN SR R 20T
FEARGTZARMEL > T - A g
s it 4t 5 [f5 (0 D]e * oM
B BB o ¥ o MRRBEEE T PR

e d SR RAEE > ¥ A L RS iR
w3 évjm%ﬂrfqm 2 xgﬁ_ FL T LA A

{M];;Vi,j} > 2 LB & RTS8 710 F
i % GRF crugzahk fi &2 B
[fs([X]T)]ie » "2 % (55 GRF e % fi & e
*ﬁﬁﬂduﬁh’ﬁ&@ﬁ;mmﬁﬁg
AR B2 B [M ] e L

s([x]7, [yI™, [i]", w) =
[M1pa,_ i1,

T

> +[f}s([x]T)] .

t=1 +[f9( oot
2 o [i], &7 5 %lmﬁ’—f\«fééﬁ'—*“%tm B
2 f3s 0 P HEMGRFA 3
FEORFRYEHGRG Bf kel
Vo8 R R R R Sl AE E‘[M]i,j VS
@ fe b i R 7 o

i

L))

(26)

VBT T AR FRen

Taipei City, Taiwan, October 20-21, 2023. The Association for Computational Linguistics and Chinese Language Processing

5 Training procedure

A3t Bi-LSTM-USL- GRF i mll
g R E 2 B A Algorithm 1+ > ¥ A
“%?ﬁﬁﬁﬁ»%@?ﬂmﬁigiu%
1";&1‘91)%."’ ",i 2 SGD w7 3¢ ke 7 { A 0
Sfco ¥ A& - =t epoch» B3R E L
%¥ % ehbatch > ¥ & batch #4 (7 - = #73] B 47
@ H P enbatch 2. 8P &7 F BB E RESF 0
Bl i PR PEARAE > § LA 5
i# 7 Bi-LSTM-USL-GRF ¢ forward pass ¥
backward pass © # Bi-LSTM-USL-GRF <5
forward pass ® » & A 4 & TI%%?]:‘: iTh 2 18
1 GRF & 2.5 ~ » 4 %5 Bi-LSTM § ¢
B2 fo(yI") + 1% & USL e ™ e - &
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Alzow o ,T.*{?".sﬁ GRF % 2= » B & 43
zﬁﬁﬁ_s’é;ﬁs 3/%;0'—"%!‘}’%?—?%‘ 33%
2 7h g% fieg 2 ) ik PR 46 L iterations shk i
DI L FTE Sl 208 0 #a r[%%?]»%E »
GRF % ig {7 forward pass » # ¥ 3| GRF & mﬁia?
Mz BAF A Sl PR E 0 TR #;‘
A Tz R w2387 GRF & ¢ backward
pass "4 2 Bi-LSTM-USL-GRF 1‘“‘“'] &1 backward
pass » » FEJE “]:",iﬁaal rE 3w R FTHEE
#Ye 70 HRREL[M], Vi, jfo Bi-LSTM
BO2 [ 47 RV A& 5 GRF & eh 375
% B e Bi-LSTM-USL-GRF 1 forward
pass 42 0 & 2 VR ILE L AT o Bfs 0 A2 D
FH%? o #* 7 batchz #&p 5 32> P;k%-ﬁ@?l
LR EAI00F 5 T T
Bi-LSTM-USL-GRF s #-3] = £ 23" o
Algorithm 1. Bi-LSTM- USL-GRF model training
procedure
1:  for each epoch do
2: for cach batch do

3: 1. Bi-LSTM-USL-GRF model forward
pass:

9

r el F 2

4 (1) forward pass for Bi-LSTM layer

5: (2) USL-Supervised learning layer:

8: for each iteration do

9 update USL-Supervised learning
layer-parameters

10: end for
11: 2. GREF layer forward and backward pass
12: 3. USL-Bi-LSTM-GRF model backward

306



The 35th Conference on Computational Linguistics and Speech Processing (ROCLING 2023)

pass:
13: (1) backward pass for Bi-LSTM layer
14: (2) update Bi-LSTM-parameters
15: (3) fix USL-Supervised learning layer-
parameters
16:  end for
17: end for

6 Experiment
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AR o &% 0 R A Bi-LSTM %
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2 Jp &9 CRF &> # 11 7 3] BILSTM-
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F 4 AR 0 3t NLP KLY G5 7R

73 PR o

7 Word embedding and Bi-LSTM-USL-
GRF Model
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8 Parameter Setting
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9 Results and Discussions
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F1 | Recall | Precision | Accuracy (non-0)
Model using validation set
Bi-LSTM-
Adaboost- 62.22 | 58.28 66.75 92.72 64.28
GRF
Bi-LSTM-
CRF 61.99 | 58.45 65.98 92.67 64.68
Bi-LSTM-
SVM.GRF 63.00 | 60.31 65.94 92.74 66.36
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LSTM-

Adaboost- 60.45 | 55.74 66.03 92.38 62.30
GRF
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LSTM-
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Model using testing set
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