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Sentiment analysis that does not require
training data in the target language using billingual BERT

19NM716G Kyounosuke syouji
Hiroyuki Shinnou

ABSTRACT

In this paper, attenpt sentiment analysis without using training data by using BERT
and Bilingual Word Embeddings (BWE).BWE is a technology that expresses the dis-
tributed representation between two languages on the same vector space.This will I
tried to use the model learned in one language as it is for tasks in another language.

Sentiment analysis is the task of determining whether a review document is posi-
tive or negative. This is a type of document classification that can be solved using
supervised learning. But, there is a problem that large amounts of training data is re-
quired in supervised learning and the construction cost of this data is high. However,
in major languages such as English, labeled data often already exists. In this case,
since the classifier can be learned on the English side, if the learned knowledge can
be transferred to the language side that is the target of the task, the classifier can be
constructed without using the training data in the target language. In this paper, use
principles of BWE to make such a transition.

In this paper, English labeled documents are vectorized using BERT. And learn a
classifier based on that vector. Next, the Japanese document in target area is vectorized
using BERT and After conversion using the BWE principle, it is identified by the
classifier. By this way, Sentiment analysis becomes possible without using any labeled
documents on the target area side.

In the experiment, the proposed method (A method for Japanese sentiment anal-
ysis using BWE and BERT without using Japanese training data) and ”A method
for Japanese sentiment analysis using BWE and Word2Vec without using Japanese
training data” were compared. As a result, The former had less decrease in accuracy
from ”A case test document is in English” to ” A case test document is in Japanese”.
The reason is that Word2Vec vectorizes the meaning of the word itself, while BERT
vectorizes the meaning of the word in context.

The accuracy of ”A case test document is in English” was low in the proposed
method. If the accuracy can be improved in the future, the accuracy of ” A case test
document is in Japanese” will be improved accordingly.
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RENE

SGEFREDT
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Z ~JL I positive TE

BoW

| love this book.

0,0
gaE"!

cd

AAETE l, Lz
SEEEREDS

PEICVARY. N N This book is boring, [0.3-.-0.8]
- .} - .’__ .’[&Mnﬂﬁ]

[0.2-0.1]
- T T NS
ZA) 7

EHER BoW

052 000000000000000BoWO

5.2.2 0000

gboboboooobbboodsigs2uoggn

051000000000

0oooo | books | DVD | music |
000000000 | 0.69| 0.70 | 0.72
00000000
0000000 0.77 | 0.76 | 0.78

O 52 0000000000BoWDOOODOOODO

ogoooo ‘books‘DVD‘music‘
ooooooooo 0.66 | 0.69 | 0.70
Ooo0oooon
ooooooad 0.77 | 0.77 | 0.74
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5.3 BWE O Word2Vec U0 0O OOOOONO
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VecMap !0 000000000000 BWEOOOODOODOOODOOOOO BWE
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gensimU0O0O0O00000000O00OO0O0O0O0OO00O000O00OOLO Wikipediall
O0oo0oooo?20

2.00000400000

gensimJ 0000000000000 0O00O0O0O00OD0OO0O0O Wikipedial 00O
oooooo3o

3. VecMap 00O 0O BWEOOO
VeeMap 0000000000 0O0OOODOOOOO BWEOODOOOO

"https://github.com/artetxem/vecmap
’https://dumps.wikimedia.org/jawiki/latest/jawiki-latest-pages-articles.xml.bz2
3https://dumps.wikimedia.org/enwiki/latest/enwiki-latest-pages-articles.xml.bz2
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> python3 map_embeddings.py
-—-semi_supervised
3000_common_words.en2ja
wiki_en.emb
wiki_ja.emb
wiki_en_semi.bwe

wiki_ja_semi.bwe

0000 Semi-supervised 0000000 DO 3000_common_words.en2ja [ seed
dictionary 0 wiki_en.emb D00 ODOO0O0OO wiki_ja.emb DO DOOOOOO
O0Owiki_en_semi.bwe DO 00O BWE Owiki_ja_semi.bwe OO OO0 BWE
oood

5.3.3 UUOO
gbooogboobs3bood

O 5.3: BWE O Word2Vec O OO OOOO

sfsss]= | books | DVD | music |

gobooboooog |0.64 0.69 | 0.70
gobooboood 0.75 0.74 | 0.76
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5.4.2 0O0OOODOOO

oooooobOoboooooooboobobooboooooDobobo?2?0bOon

0 s55: 0000000

| oo | books | DVD | music |
oo(@ooo) 0.69 | 0.70 0.72
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000000 A.1: henkan.py

import numpy as np
from keras import layers
from keras import models

def build_model():
model = models.Sequential()
model.add(layers.Dense(1024, activation="relu’, input_shape=(768,)))
model.add(layers.Dense(1024, activation="relu’))
model.add(layers.Dense(768))
model.compile(optimizer=’rmsprop’, loss=’mse’, metrics=[’mae’])
return model

train_ja = np.load("tanaka-ja-5000.npy")
train_en = np.load("tanaka-en-5000.npy")

model = build_model()

model.fit(train_en, train_ja, epochs=100, batch_size=1, verbose=0)
model.save(’henkanki.model’)
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B.1 00U

OO00000 B.1: jsen2vec.py

import sys

from pyknp import Juman
import subprocess

import pandas as pd
import json

import numpy as np
import pickle

0 g O Ot W N

©

DIMENSION = 768

=
N = O

jumanpp = Juman()

argvs = sys.argv

arge = len(argvs)

errorfile = [|

ngnumber = 0

matrix_ja = np.empty((0,DIMENSION))

e e
N O Ot W

18

19 for i in range(2):

20 si = str(i)

21 for j in range(10):

22 sj = str(j)

23 for k in range(10):

24 sk = str(k)

25 for | in range(10):

26 s = argvs|l]+si+sj+sk+str(l)+ . txt’

27 f = open(s,’r?)

28 line = f.read()

29 f.close()

30 line = line.rstrip()

31 print(s+’\n’)

32 try:

33 #00O0O

34 result = jumanpp.analysis(line)

35 wakati_ja = result.mrph_list()[0].midasi

36 for n in range( 1, len(result.mrph_list())):

37 wakati_ja = wakati_ja + ’(,> + result.mrph list()[n].midasi

38

39 cmd = "echo,"+° "’ +wakati_ja+’">+" > /home/syouji/bert-ja/
myinput.txt"

40 subprocess.call(cmd, shell=True)

41 print(wakati_ja)

42 cmd = "caty"+"/home/syouji/bert-ja/myinput.txt"
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43
44
45

46

47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74

subprocess.call(cmd, shell=True)

cmd = "python3,,/home/syouji/bert-ja/extract_features.py, -~
input_file=/home/syouji/bert-ja/myinput.txt ——output_file=/
home/syouji/bert-ja/myoutput.json, ,—-vocab_file=/home/syouji
/Japanese_L-12_H-\
768_A-12_E-30_BPE/vocab.txt —-bert_config file=/home/syouji/Japanese_L
-12_H-768_A-12_E-30_BPE/bert_config. json —-init_checkpoint=/home/
syouji/Japanese_L-12_H-768_A-12_E-30_BPE/bert_model.ckpt ,—-
do_lower_\
case=False ,—-layers=-1 ,--max_seq_length=512 --batch_size=8"

subprocess.call(cmd, shell=True)
ds = pd.read_json(’ /home/syouji/bert-ja/myoutput.json’)

sum_vec = np.zeros(DIMENSION)

for n in range(1,len(ds[’features’])—1): #clsO sep0 00O
Ist2arr = np.array(ds[’features’|[n][’ layers’][0][’values’])
sum_vec += Ist2arr

sen2vec = sum_vec / (len(ds[’features’]|)—2)

#sen2vec = ds[ features’][0][layers’][0][ values’]
sen2vec_nor_ja = sen2vec / np.linalg.norm(sen2vec) #0 0 O
matrix_ja = np.vstack([matrix_ja, sen2vec_nor_ja])

except Exception as e:
print(e,’erro occurred’)
ngnumber = 1000%i + 100%j + 10xk 4 1
print(ngnumber)
errorfile.append(ngnumber)
ngnumber = 0

np.save(argvs[2],matrix_ja)
print(errorfile)

f = open(argvs[3],’wb’)
pickle.dump(errorfile, f)
f.close()

B.2 OO

_
= O © 0 N O U i W N =

_= =
TR W N

OOoooogd B.2: esen2vec.py

import sys

from pyknp import Juman
import subprocess

import pandas as pd
import json

import numpy as np
import pickle

DIMENSION = 768

argvs = sys.argv
argc = len(argvs)
errorfile = ||
ngnumber = 0
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16 matrix_en = np.empty((0,DIMENSION))

17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

35
36
37
38
39
40

41

42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

for i in range(2):
si = str(i)
for j in range(10):
5 = str(j)
for k in range(10):
sk = str(k)
for 1 in range(10):

s = argvs[1]+si+sj+sk+str(l)+’ . txt’
f = open(s,’r?)

line = f.read()

f.close()

line = line.rstrip()

print(s+’\n’)

try:

#0 0

wakati_en = line

cmd = "echo,"+’ "’ +wakati_en+’"’+" > /home/syouji/bert/myinput
Ltxt"

subprocess.call(cmd, shell=True)

print(wakati_en)

cmd = "cat,"+"/home/syouji/bert/myinput.txt"

subprocess.call(cmd, shell=True)

cmd = "python3 ,"+"/home/syouji/bert/extract_features.py, "+"--
input_file=/home/syouji/bert/myinput.txt,"+"--output_file
=/home/syouji/bert/myoutput. json ,"+"--vocab_file=/home/
syouji/cased_L-12_H-\

768_A-12/vocab.txt"+"--bert_config_file=/home/syouji/cased_L-12_H-768
_A-12/vert_config. json,,"+"--init_checkpoint=/home/syouji/cased_L-12
_H-768_A-12/bert_model.ckpt "+"--do_lower_case=False ,"+"--layers

==\

1,," 4" ——max_seq_lel'lgth=512I_I" +"--batch_size=8"

subprocess.call(cmd, shell=True)

ds = pd.read_json(’ /home/syouji/bert/myoutput.json’)

sum_vec = np.zeros(DIMENSION)

for n in range(1,len(ds[’features’])—1): #clsO sep0 00O
Ist2arr = np.array(ds[’ features’][n][’ layers’][0][’values’])
sum_vec += lIst2arr

sen2vec = sum._vec / (len(ds[’features’])—2)

sen2vec_nor_en = sen2vec / np.linalg.norm(sen2vec) #0 O O

matrix_en = np.vstack([matrix_en, sen2vec_nor_en))

except Exception as e:

print(e,’erro occurred’)

ngnumber = 10001 + 100%j + 10xk + 1
errorfile.append (ngnumber)

ngnumber = 0

np.save(argvs|2],matrix_en)
print(errorfile)

f = open(argvs[3],’wb’)
pickle.dump(errorfile, f)

f.close()
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