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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
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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
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5 Training procedure

A3t Bi-LSTM-USL- GRF i mll
g R E 2 B A Algorithm 1+ > ¥ A
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Bl i PR PEARAE > § LA 5
i# 7 Bi-LSTM-USL-GRF ¢ forward pass ¥
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BO2 [ 47 RV A& 5 GRF & eh 375
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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
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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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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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