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Abstract

The keyword for Chinese video transcriptions on the Ul is missing. It
is necessary to provide tags for user to better understand the uniqueness of
each individual Chinese video transcription. In this report, we use natural
language processing techniques to find tags from the eight Chinese video
transcriptions. This includes two parts: keyword extraction and common
word removal. The final result will then be incorporated into the UL

1 Introduction

Thanks to the advancement of technology, there are a variety of online videos
available to us. These videos are in different languages and come from different
cultural background. The goal of this project is to discover the cultural dif-
ference based on the analysis of news videos. We specifically focus on the Go
match between Kejie and AlphaGo. Kejie is the No. 1 Go player in China while
AlphaGo is a Al developed by google. This event is covered by large amount
of both Chinese and US media. We hence focus on this specific news topic to
analyze the cultural difference between China and US.

My research this semester focus on generate unique tags for individual Chinese
news video transcription among 7 others. We explore Chinese NLP library to
pre-process data. With the help of NLP technique such as TF-IDF algorithm
and LDA topic modelling, we will be able to extract keyword from documents
and further find out the uniqueness of individual documents. There are also
many Chinese news training corpus available. These corpus enable us to train
our model and algorithm with more specific data set than the general corpus.

The main contribution of my research can be summarized as follow:

(1) Keyword extraction using TF-IDF algorithm.



(2) Generate IDF corpus from two Chinese news corpus that can be used as
training data for Jieba.

(3) Common word removal with IDF corpus.

(4) LDA topic modeling based on the eight Chinese news transcripts.

2 Related Work

2.1 Data Set

The data for the analysis is the video transcript from the audio corresponding
to a particular video frame. Each text corresponds to one of the eight Chinese
news bubbles on UI.

2.2 Jieba

In order to do keyword extraction on our video transcript, we need to tokenize
the Chinese text. Jieball, a Chinese word segmentation module, is used to
achieve this task. Jieba is "based on a prefix dictionary structure to achieve
efficient word graph scanning.” It ”builds a directed acyclic graph (DAG) for all
possible word combinations” and "use dynamic programming to find the most
probable combination based on the word frequency”. ”For unknown words, Jieba
use a HMM-based model with the Viterbi algorithm”2. In our project, we use
Jieba to remove stopwords, tokenize sentences and compute TF-IDF.

2.3 TF-IDF Algorithm

TF-IDF is used to measure how important a word is to a document in a cor-
pus. TF is term frequency. IDF is inverse document frequency and it is first
introduced in 1972 by Karen Spdrck Jones.

TF: term frequency

number of times term t appears in a document

t(t) =

Total number of terms in the document

IDF: inverse document frequency?®

idf(t) = log( Total number of documents

Number of documents with term t in it

tf-idf = tf(¢) - idf(¢)

*https://github.com/fxsjy/jieba




2.4 LDA topic modeling

Latent Dirichlet Allocation is used to classify tokens in a document into specific
abstract topics. The alBgorithm is described in Thomas Hofmann’s paper!. The
Python library gensimll is used to compute the LDA topic modeling. The class
gensim.models.ldamulticore® is used.

3 Experiment

3.1 Chinese News Corpus

A Chinese news corpus is required to serve as training corpus of tf-idf algorithm.
We want a more specific data set than a general Chinese corpus, since we want
our model to learn vocabulary and idf that have distribution more similar our
text. Hence, a Chinese news corpus is required rather than a general Chinese
corpus. We explore multiple Chinese news corpus, including some from the
Linguistic Data Consortium. Since the match between Kejie and AlphaGo oc-
curs in 2017, we want a news corpus latter than that. We experiment with two
Chinese corpus: toutiao news description ¥ (in 2018) and 250 million pieces of
Chinese news (from 2014 to 2016)H.

3.2 Stopword Removal

We need to remove stopwords from our data set since we only want to focus
on the words that define the meaning of the text. We first experiment with
Jieba’s stopword corpus, which only includes 51 Chinese stopwords. This is way
too few for us. We then find a stop word corpusl which contains 794 Chinese
stopwords. We use this stopword corpus to remove stopwords for our project.

3.3 IDF Corpus

To calculate the tf-idf of tokenized words. We calculate the idf score of each
individual words using the selected Chinese news corpus. We only use the news
content. The news content is tokenized into words with Jieba. The idf score is
then calculated with stopwords removed. The tokenized word and its idf score
in the corpus is stored as the following format. This news idf corpus contains
688,100 words with its idf value in the corpus (all stopwords removed).

Thttps:/ /pypi.org/project /gensim/

thttps:/ /radimrehurek.com/gensim/models/ldamulticore.htmlmodule-
gensim.models.ldamulticore

Shttps://github.com/skdjfla/toutiao-text-classfication-dataset/blob

Thttps://github.com/brightmart /nlp.hinesecorpus

Ihttps://github.com /stopwords-iso/stopwords-zh


https://github.com/brightmart/nlp_chinese_corpus

Ok 2.6187561857974053
A 3.227008076887095
IR 7.5853592097431575
{87% 4.3441700859109655
#B8h 2.240819074530935
F 1.6622695932188083
EA 8.35854909797664
Bl 1.115671699720891
&0 3.586453040672567
'£{Z 5.240107670430209
FFH 5.897062722396738
1T 4.989339391807881

3.4 TF-IDF

With the idf corpus described above, we use Jieba’s tf-idf function to extract
key words from our 8 pieces of Kejie and AlphaGo news. We first experiment
with selecting words with top 5 tf-idf score as the key words for the 8 pieces of

news.

1:

Fe/Rik, B, iA%E, FH1E, inca

2:

albergo, 13, %, E=, 5@

3:

ER, R, BiS, TR, A
Common 1:

iIeTF, &, KiE, hA, &R
Common 2:

HE, gk, BiR, i, RiE
Common 3:

=R, BR, JIRE, KEF, A4
Common 4:

Alphago, #&, EX#S, BN, &t
common 5:

ATEEE, SAER BR, #5321

In order to select keyword that is a good summary of text, we then need
to decide the cutoff point for tf-idf score. We want to decide the number of
keyword we need for each document based on the tf-idf score. The tf-idf score

of tokens in each document is shown as follow
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The tf-idf score for each document is plotted to find the number of tags we
want for each document.
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Looking at the plot, we select the top 3 tokens as tags for this document. The
top 3 word in this document with its tf-idf value are (* fif/R¥£’, 0.35105149139505704),
(C FEIAL, 0.328749475298605), (" A%, 0.12094622696663791)
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Looking at the plot, we select the top 7 tokens as tags for this document. The

top 7 tokens are ("albergo’, 0.3515287767460251), (’13’, 0.17576438837301256),

(4, 0.17576438837301256), (" Z==", 0.17576438837301256), (" F1H’, 0.17576438837301256),
(’15°, 0.17576438837301256), (’12’, 0.17576438837301256).
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We select the top 5 tokens as tags: (* F#H’, 0.15915649200964208), (* i /R¥A’,

0.10197209988142134), (* 545, 0.09295846771202944), (" F#’, 0.09055960236121707),
(P, 0.06093044129449528).

Common 1



There are only 6 tokens in this documents with stopwords removed. We
select the top 2 tokens as tags: (* 3 JE T, 1.0258617758443402), (" & i,
0.6614854338314361).

Common 2

0.7

0.6 | ®

0.5

0.4 1

0.3 4 ®

0.2 ®

0.1+




We select the top 4 tokens as tags: (" #[i’, 0.7455279802398965), (* Fi[ /K%,
0.5948372493082911), (’ IR, 0.5570477220337473), (’ E- 9= 0.4360636413478709).

Common 3
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We select the top 4 tokens as tags: (" Z={H47°, 0.9350786124240654), (* EF)’,
0.6716685247089574), (’ SR, 0.6249400475484891), (’ K47, 0.48244286102284817).

Common 4



We select the top 4 tokens as tags: (’Alphago’, 0.7539838339509185), (* A%,
0.6390239830627685), (" Bk, 0.6202836784579476), (° £, 0.5075561521058051).

Common 5
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We select the top 3 tokens as tags: (© N L% fE’, 0.805416261512308), ( 4 A
A48 0.6741549389296003), (7 FE#H’, 0.5141978972619206).

For the 5 common news text (the last 5 documents), the keyword we selected
based on the graph have tf-idf value greater than 0.4. However, the selection
based on the graph is relatively arbitrary. Future can potentially focus on
refining this result with the support of some algorithm and extending the data
set to get a more accurate result.

3.5 Common word removal

In order to show the uniqueness of each video in the tags, the common word in
the 8 texts need to be removed.

idf value To remove common words, we first experiment with the idf weight
of words in our 8 pieces of text. After stopwords, punctuation, and spaces are
removed, we construct a small idf corpus in the following format.

— 1.3862043611108906
albergo 2.0794415416798357
Al 2.0704415416798357
BHE 2.0704415416798357
EXi#i% 2.0794415416798357
5% 2.0794415416798357
& 2.0794415416798357
4% 1.3862943611198906
ik 2.0794415416798357
EFRE 2.0794415416798357
% 2.0794415416798357

[FE 2.0794415416798357
HZ 2.0794415416798357
£7 2.0794415416798357

i 2.0794415416798357

LAE 2.0794415416798357

% 2.0794415416798357

Efft 2.0794415416798357
FIA 2.0794415416798357
&T 2.0794415416798357

# 2.0794415416798357

% 2.0794415416798357

8 2.0794415416798357

EW 2.0794415416798357
Whisky 2.8794415416798357
% 2.0794415416798357
ATEEE 1.3862943611198906
fZ: 2.0794415416798357

The idf weight of words in the 8 pieces of text is calculated and plotted.
Words with smaller idf weight are more common.
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2.0794415416798357

13862943611198906 reeeesemmeminn

f
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0.47000362924573563

This corpus contains 365 words and its idf weight and is constructed from 8
documents. The words and its idf weight correspond to the above graph:

2.0794415416798357': ['albergo', 'AIZ', 'B#t, 'BEkitw, 'g@, X&', 'EE, ‘Kb, 8B, 'FE, "/E,
A, e, UEE, CH, CER, R, BT, M, &, M, CER, Cwhisky', ‘%, R, A, AT,
VR R, AR, CE, CEE, CFE, R, CEE, R, S, T, IR CRR, v, &, HE,
R, R, GEIE, 0, CHTU, BN, CRNET, BAE, R, CEE, HEE, CER, RS, B, a, mE,
R, MR, CMEY, CBERY, CEiz, S, RS, M0, UEh, CER, B, 5, C&E, 85, CRE, wh,
W, C@E#E, —x, R, CEE, CEX', CER, R, -0S, 8, 8, R, RE, wE,

EFE, CE, CER, CEE, CRR, CBR, CER W, AN CSAY, B, UmE, CEE, W, R
R, CREA, GEA', R, HF, B, RS, a8, EW, EF, 'Z»', '$E8', 'R, 'F=,
CEHLEE, G, uERe, vAm, sk, =, &, CHA, C®IEE, FLE, A%, CWE, R, dEE,
EE, CEE, WS, WA, CERE, Cmx, CHR, CEST, CHE, W, CFHE, CAmE, -9, R,
=g, CHE, CHAY, BE', RE, A, CER, CBE, CBE, CRT, CEREN, CEE CWEE, A,

i, CEER, A, B, RN, CRTF, B, ds, CEHEE, BN, C#Im, 9, R, EER

E', GEM', 'Alphage', 'M®', 'R, 'ET®R', 'K, ‘A, '89F, ‘85, 'BR, FE, 'ZE, W,
B, RE, CEF, CWE', Clh, CH®, CBR, &R, R, R, AR, C6F,

EEG, ', CFE, CEF, R, CER, CBE, CH%, CFE, CH, SE. CBR, CER, =&, RE,
UROARE', A, B, @Y, 3, BN, EAS, CER, CER, CEER, AR, R, RE, AT,
RE', CWE', R, CRE, CBE, CER', CeR, ¥, CREER, CKE, AT, R, R, CES, CHE,
VEA, TR, AW, R, MR, SR, B, SR, aRE, CHRY, B, CERY, CRED, B, B,
VR, CRMRE', UM, A, CFRL, CEBD, Ubd, TR, A, WY, R CAE', BT, CBH,
VR, B, CRA, R, R, BT, CFEE, CRE, B, CHhE, RER, TR, AR, CHE, R,
VR, @R, CHED, R, C¥E, B, -, CEE, CSALR, AR, WM, TR, R, ',

R, CUFEY, R, MR, CER, CER, %, KT, ER, CRAE, 'EE, BT, EEE, PR,

KR, CF, inca', 'EEE, =T, '@, U, EE'],

'1.3862943611198906": ['—m', 'SK', 'ALEE', 'S®', 'FE', 'A%, ¥, #®EF', 'HR', 'mE', '—E', '@,
B, R, FR', ER, OGS, '3F', R/, ER, CERW, 'BE, AN, RS, CBE, aERm, KA

'9.9808292530117262": ['iREF', 'fE', A&, '@, &R, CHE, #T, BT, CFAMRE, K],

'0.47000362924573563': ['E#R"']

More than 300 words out of 365 words have idf weight of 2.07, which indi-
cates these words only appears once. The one most frequent word appears in 5
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documents.
8
ln(i) =2.079
8
In(=) = 1.386
(3)
8
In(<) = 0.981
3
8
In(-) = 0.470
5
However, the idf graph also indicates that the data set is too small for idf to
display a curve. Based on this result, we decide the token > F|#’ with idf weight

0.470 and * WA, " R, TR, T BT, T RN, R, T HEFT, ) 287, 7 TR
V%, 7 K with idf weight 0.981 should be removed from our key word set.

For reference, we also plot the idf value of the large news corpus which contains
688,100 words with inverse y axis.

—

T T T T T T
0 10000 20000 30000 40000 50000 60000

We can see there is a clear cutoff point in this large idf corpus. The tokens
with idf weight smaller than this cutoff point can be seen as common words in
the corpus. After taking the log of idf, we get the following graph

12
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The result of a larger idf corpus indicates that extending our idf corpus
(currently only contains 8 documents) might be helpful in finding a cutoff point
of common words.

Latent Dirichlet Allocation (LDA) LDA is used to model topics from our
8 texts. Since our data set our small, we experiment with k = 2 topics. The 8
Chinese news text are used as the training corpora. Gensim python library is
used to do the computation. The code is in the Appendix.

lda_model_tfidf = models.LdaMulticore(corpus_tfidf, num_topics=5, id2word=dictionary, passes=2, workers=4)

The result of selecting 2 topics is:

Topic: © Word: ©.004*" A" + 0.003*"IE" + 0.003*"H{F" + 0.003*"/LFE" + 0.003*"HALR" + 0.003*"#%" + 0.003*"Hi&E" + 0.003*"HAHEA" + 0.003%"HF"
Topic: 1 Word: 0.004*"EEfI" + 0.003*"FHE" + 0.003*"&" + 0.003*" A" + 0.003* K" + 0.003*"}Y/RE" + 0.003* 1" + 0.003*"Z/F" + 0.003*"EM" + 0.003+"

This result can potentially used to sort documents into topics and select
common words from there.
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4 Final Result

After the experiments above, we decide to construct the final keyword tags
based on the TF-IDF score and removing common word from there. The final
keyword for each documents is listed as follow:

1 N
2 albergo, 1 H 13 H, 4, 2=, Fm, =H 15 H 12 %
3 WA, TEL

Common 1 MNET, B

Common 2 F5

Common 3 i, R, KA

Common 4 Alphago, B, 3K

Common 5 NILE R, S NAE#-

Note In text 2, the tokens 13, 12, 15 are manually turned into 1 A 13 H and
=H 15 H 12 f. Jieba fails to tokenize these numbers as date and time as a
whole but tokenize them into individual numbers instead.

5 Future Work

1. Refine the process of deciding cutoff in keyword extraction based on TF-IDF
value. The current cutoff point is made relatively arbitrary from the TF-IDF
value plot. Research to see if there any algorithm to decide the cutoff point.

2. Define cutoff for common word removal in keyword extraction based on
the idf weight. Extend the data set to see if there is a clearer trend. Explore
algorithms to define the middle frequency.

3. Remove common words based on LDA modeling result.

14
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7 Appendix

7.1 TF-IDF keyword extraction with Jieba

import sys

import jieba

import math

import os

import jieba.analyse

from optparse import OptionParser

def small_corpus_idf(directory):
documents = []
word__set = set ()
stop__words = []
with open(”stopword.txt”,”r”) as f:
lines = f.readlines ()
for line in lines:
stop__ words.append(line.rstrip(’\n’))
for filename in os.listdir (directory):
=[]
dic_file = os.path.join(directory, filename)
with open(dic_file, "r”) as file:
lines = file.readlines ()
for line in lines:
jiecut = jieba.lcut(line)
1 += jiecut
word__set.update(1)
documents . append (1)
total document = len (documents)
diction = {}
for word in word_ set:
if word.isspace() or word.isnumeric():
continue
if word in stop_ words:
continue
count = 0
for d in documents:
if word in d:
count +=1
idf = math.log(total document / count)
print (word + 7,7 + str(idf))
diction [word] = idf
a = sorted(diction.items (), key=lambda x: x[1], reverse=False)
return [each[0] for each in a[0:30]]
# print (a[0:10])

def jieba_analyze(filename):
USAGE = "usage: ., python extract tags.py.[file name] —k  [top k]”
parser = OptionParser (USAGE) #
parser .add_option("—k”, dest="topK”)
# opt, args = parser.parse_args()

jieba.analyse.set_stop_ words(”stopword.txt”)

16



content = open(filename, ’rb’).read()
jieba.analyse.set_idf_path(”/static/id/news_idf.txt”)
tagsl = jieba.analyse.extract_tags(content, topK=5)

)

print(”,”.join (tagsl))

7.2 LDA topic modeling with gensim

select__topics.py

import numpy as np

from collections import defaultdict
import os

import jieba

from gensim import models

matrix = np.zeros((365,8))

def extract_idf(filename):
idf dict = defaultdict(float)
index_ dict = {}
i=0
with open(filename,”’r”) as f:
lines = f.readlines ()
for line in lines:
word = line.split () [0]
idf_dict [word] = float (line.split () [1])
if not word in index_ dict:
index_dict[word] = i
i+=1
return idf_dict, index_ dict

idf__dict, index_dict = extract_idf(”chi_small_idf.txt”)

def small_corpus_idf(directory):

documents = []

stop__ words = []

with open(”stopword.txt”,”r”) as f:
lines = f.readlines ()

for line in lines:
stop_ words.append (line.rstrip(’\n’))
for filename in os.listdir (directory):

L =1]

dic_ file = os.path.join (directory, filename)
with open(dic_file, 7r”) as file:
lines = file.readlines ()

for line in lines:
tmp = defaultdict (int)
jiecut = jieba.lcut(line)
for word in jiecut:
if word.isspace() or word.isnumeric() or word in
stop__ words:
continue
else:
tmp [word] 4= 1
documents . append (tmp)

17



return documents

documents = small corpus_idf(”static/small corpus”)
corpus_ tfidf = []
for i in range(len(documents)):

document = documents|i]
total_word = 0
tmp =[]

for key, value in document.items():
total word += value

for key, value in document.items():
tf = value / total word
tfidf = idf_dict [key] * tf
matrix [index_dict [key]][i] = tfidf
tmp.append ((index__dict [key], tfidf))
corpus_ tfidf.append (tmp)
dictionary = {y:x for x,y in index_dict.items()}

lda_model_tfidf = models.LdaMulticore(corpus_tfidf, num_ topics=5,
id2word=dictionary , passes=2, workers=4)

for idx, topic in lda_model_ tfidf.print_topics(—1):
print (’Topic: {} Word: {}’.format (idx, topic))

7.3 First 100 tokens in the news idf corpus

I 5.309596075925945
48R 6.47823623140714

— 4 3.2740439553139282
— %I 6.986240978831489
FAK 4.605131122725132
o 9.30301070681749
LK 2.8769846771137053
B 2.6187561857974053
X175 3.227008076887095
I 7.5853592097431575
148 4.3441700859109655
F ) 2.240819074530035
4 1.6622695932188083

3 N 8.35854909797664

DA 1.115671699720891
50> 3.586453040672567
1R 5.240107670430209
VRIRHL 5.897062722396738
4T 4.989339391807881
Feilll 7.814933651387658
& 1.8409598808134976
T 1.1302009632938024
B 4.525088415051596
1% 2.38813796006649
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WA 4.6531403419114925
Il 7.278628942320682
T 8.476332133633022
JE34 3.667201215747496
TR 3.821182015339911
FvEE 1.94965427470222
YE7k 3.214938121189584
5 H 3.20911851213632
1 0.3423962295915959
A AA] 6.918187515586473
T4F 5.020409852281621
F:3 1.6506006901294765
7 3.239890170803074
15 2.983785225935419
FI 1.6276635971102118
/N2 3.8325423766798767
5 0.6961596434707181
FEFE 6.461429113090758
I 6.9051154340191205
17 1.069887073229418
fif1 2.0846244223980284
FHYE 3.5622995209281845
It 3.8875454268954557
1% 2.479413735842577

H E 4.9499716090168615
4T 6.512722407478309
FRE 2.73774573678213
SR5 2.3298690519425143
WA~ 2.0833686666867557
K 3.9009770327241173
FhT- 4.804789599172364
HiS2 1.9348512981341446
Tfi 2 2.4828383967239414
JRE 2.27721845616948
MAS 2.5852060117937996
7 2.713887746328236
el 4.741643143487792
5236 2.985330423255485
#0i 3.9593103344216365
M 0.9253423430331922
PEF% 1.732935711070668
Hik 4.115624900976736
AT 11.248920855872804
% 2.9912758976645764
PriE 22 7.138046991699493
1 0.317082547709233
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—{if 2.4884678095575326
i 2.0775292340351963
T 1.1606148663441342
Hb 1.4057673423763757
JEFE 4.006838496615843
) 6.336265970136752
T 0.886996310462406
F4E 1.4359599425362344
T 2.4122562695153786
NZE 2.9397363281865063
4 5.054515464768132
¥ 4.168894355950214
JNEERE 7.752413294406324
# 1.6613776855064286
KT 2.2339872802392318
i 1.2566443405226169
BRI 1.9732610177759788
X 1.5116649989816828
A2 1.5381688984795034
H1 0.6301088661653788
ID 3.667201215747496
A 5.194481509603434
XS 5.654209476270965
—#f 1.9367461780153534
%247 2.6455499682155144
#AS 3.273700017219394
551 1.9724182816429527
MA T 6.7056260736028
E % 1.965422963278895
FIH 2.8144573120555627

7.4 Small idf corpus constructed from our 8 Chinese news
text

— 1 1.3862943611198906 albergo 2.0794415416798357 ] 7% 2.0794415416798357
HELZE 2.0794415416798357 E A HEA 2.0794415416798357 4138 2.0794415416798357
XA 2.0794415416798357 4> K 1.3862943611198906 il 2.0794415416798357
S2BR b 2.0794415416798357 %% 2.0794415416798357 J5E 2.0794415416798357
S 2.0794415416798357 4x 7 2.0794415416798357 Hi 2.0794415416798357 52
16 2.0794415416798357 2% 2.0794415416798357 £ 4y 2.0794415416798357
A 2.0794415416798357 T 2.0794415416798357 i 2.0794415416798357 #
2.0794415416798357 48 2.0794415416798357 HIY 2.0794415416798357 Whisky
2.0794415416798357 % 2.0794415416798357 A T2 fE 1.3862943611198906 &
X 2.0794415416798357 /A 2.0794415416798357 A A 2.0794415416798357 %
A 0.9808292530117262 457 1.3862943611198906 HLAH 2.0794415416798357 7
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A 2.0794415416798357 £ 2.0794415416798357 4% 2.0794415416798357 HE
H 2.0794415416798357 A~ 2> 2.0794415416798357 2% 2.0794415416798357 £
JE 2.0794415416798357 Jij 2.0794415416798357 HilH 1.3862943611198906 JJj 45
2.0794415416798357 E T 2.0794415416798357 HiEkF}=# 2.0794415416798357
Hgk 2.0794415416798357 2 fi 2.0794415416798357 #f 2.0794415416798357 Hi
[a] 2.0794415416798357 #l£> 2.0794415416798357 A2 1.3862943611198906
I 2.0794415416798357 JHE 2.0794415416798357 1 2.0794415416798357 H:
57 2.0794415416798357 & Y. 2.0794415416798357 Sehif5 2.0794415416798357
Fi[3E 0.9808292530117262 145 2.0794415416798357 Bt 2.0794415416798357 &
75 2.0794415416798357 FH{E 2.0794415416798357 H-3k 2.0794415416798357 iX
3 2.0794415416798357 A% 4k, 2.0794415416798357 $i 2.0794415416798357 Y
2 2.0794415416798357 4] 2.0794415416798357 HUXE, 2.0794415416798357
2.0794415416798357 A 2.0794415416798357 [ i% 2.0794415416798357 i it
2.0794415416798357 ‘Ht iRk 2.0794415416798357 #i 2.0794415416798357 4 2.0794415416798357
H I 2.0794415416798357 A5 Y, 2.0794415416798357 —1% 2.0794415416798357
£5i 2.0794415416798357 25 2.0794415416798357 #k 2.0794415416798357
2577 2.0794415416798357 AR 2.0794415416798357 AL T 2.0794415416798357
—¥Kk 2.0794415416798357 FRF 2.0794415416798357 =T 2.0794415416798357
MER 2.0794415416798357 H:7 2.0794415416798357 # 2.0794415416798357 —
05 2.0794415416798357 435 2.0794415416798357 42 2.0794415416798357
[F% 2.0794415416798357 772 2.0794415416798357 Hi 2.0794415416798357
T 2.0794415416798357 4 2.0794415416798357 #; 1.3862943611198906 T
>k 2.0794415416798357 5 1.3862943611198906 I 2.0794415416798357 fif
#k 9.0794415416798357 L4 2.0794415416798357 Bt 2.0794415416798357 3
HiL 2.0794415416798357 14 2.0794415416798357 4 A 2.0794415416798357 5K
2.0794415416798357 /R¥E 2.0794415416798357 45 2.0794415416798357 A i
2.0794415416798357 — £ 71| 2.0794415416798357 EJ%: 1.3862943611198906 15
2.0794415416798357 fa s A 2.0794415416798357 #E A 2.0794415416798357 A
51 2.0794415416798357 ik 0.9808292530117262 ¢ 2.0794415416798357 1}
Wt 2.0794415416798357 Hi4E 2.0794415416798357 /AT 2.0794415416798357
B\ 2.0794415416798357 1Rif 2.0794415416798357 523 1.3862943611198906 =
4 2.0794415416798357 H1[E 2.0794415416798357 = J& 2.0794415416798357 Z=
= 2.0794415416798357 [EIHL L2 2.0794415416798357 ZRAE: 2.0794415416798357
i3k 2.0794415416798357 S 2.0794415416798357 — 1. 1.3862943611198906
MR 2.0794415416798357 F 2.0794415416798357 Hi#E 2.0794415416798357 EL
7K 2.0794415416798357 ik 1.3862943611198906 i 0.9808292530117262 444
3% 2.0794415416798357 F | 2.0794415416798357 75 2.0794415416798357 DA
J5 2.0794415416798357 1714 2.0794415416798357 ik 2.0794415416798357 H
BE 2.0794415416798357 ELRY 2.0794415416798357 M7 2.0794415416798357 52
B 2.0794415416798357 Kk 2.0794415416798357 B 2.0794415416798357
H13H 2.0794415416798357 & 1.3862943611198906 & 4125 2.0794415416798357
4 2.0794415416798357 ] 2.0794415416798357 4 2.0794415416798357 M
VU5 2.0794415416798357 —41) 2.0794415416798357 Bl 2.0794415416798357
—AN%) 2.0794415416798357 P 2.0794415416798357 Bk ik 2.0794415416798357
JET 2.0794415416798357 524> 2.0794415416798357 [ 2.0794415416798357 14
R 2.0794415416798357 #J5) 2.0794415416798357 Eh[E 2.0794415416798357 Wi
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T 2.0794415416798357 JE#; i 2.0794415416798357 Fr 0.9808292530117262
HE 2.0794415416798357 [ 2.0794415416798357 HilL 2.0794415416798357
Va1 2.0794415416798357 5 i Bl 2.0794415416798357 #L 2.0794415416798357
BB} 2.0794415416798357 $ i 2.0794415416798357 FEF 2.0794415416798357
77 2.0794415416798357 4k%k 2.0794415416798357 HIHLFE 2.0794415416798357
[\ 2.0794415416798357 (AL 2.0794415416798357 17 2.0794415416798357 Lk
£ 0.9808292530117262 Fl$7 2.0794415416798357 [l 0.47000362924573563 32
% 2.0794415416798357 {KF 2.0794415416798357 ITHHl 2.0794415416798357 Al-
phago 2.0794415416798357 {HA5 2.0794415416798357 A4 2.0794415416798357
BTk 2.0794415416798357 R 2.0794415416798357 4+ 2.0794415416798357 A
ZZ 2.0794415416798357 B & 2.0794415416798357 Hic 2.0794415416798357 FF
J&) 2.0794415416798357 2 J5 2.0794415416798357 Xf5F 2.0794415416798357 iX
Ff i 2.0794415416798357 = A 2.0794415416798357 / 2.0794415416798357 ¢
B 2.0794415416798357 XfF 2.0794415416798357 MF 2.0794415416798357 I,
i 2.0794415416798357 T 2.0794415416798357 Hiffi 1.3862943611198906 7=
A7 1.3862943611198906 ixX Fl 2.0794415416798357 FHiE 2.0794415416798357
) 2.0794415416798357 —4H 2.0794415416798357 FFf&& 2.0794415416798357
)T 2.0794415416798357 K2R 2.0794415416798357 4£ 2.0794415416798357
F4i 2.0794415416798357 FJF 2.0794415416798357 1% 2.0794415416798357
Pz 2.0794415416798357 M % 2.0794415416798357 =32 1.3862943611198906 )
¥ 2.0794415416798357 AN 2.0794415416798357 4y 2.0794415416798357 4 J5
2.0794415416798357 B & 2.0794415416798357 /7 2.0794415416798357 L0 7%
1.3862943611198906 =% 2.0794415416798357 iF 7= 1.3862943611198906 1t3
2.0794415416798357 HLLy I JIH 2.0794415416798357 H i 2.0794415416798357 Bt
Z 2.0794415416798357 24 2.0794415416798357 F 2.0794415416798357 FB/Mif
#% 2.0794415416798357 K% 2.0794415416798357 Wi/ 2.0794415416798357
JETIT 2.0794415416798357 K fi4x 1.3862943611198906 1 /K 2.0794415416798357
H# 2.0794415416798357 — J& 2.0794415416798357 % 2.0794415416798357
2T 2.0794415416798357 B )i 2.0794415416798357 #E4T 0.9808292530117262
Z)5E 2.0794415416798357 Fft 2.0794415416798357 5L 2.0794415416798357 K
75 2.0794415416798357 JiE & 2.0794415416798357 4 MR 2.0794415416798357 2
>] 2.0794415416798357 2547 0.9808292530117262 T 7% 5K 2.0794415416798357
KT 2.0794415416798357 N F 2.0794415416798357 Fyf 2.0794415416798357
JR1 2.0794415416798357 #H 2.0794415416798357 X} J5 2.0794415416798357 =
A~ 2.0794415416798357 L[5 1.3862943611198906 THiZR 2.0794415416798357 A5
P 2.0794415416798357 F 4L 2.0794415416798357 i 2.0794415416798357 =,

i 2.0794415416798357 F7 2.0794415416798357 Ay 2.0794415416798357 Xif

A 2.0794415416798357 | H 2.0794415416798357 FEHI 2.0794415416798357

ABF 2.0794415416798357 THAl]) 2.0794415416798357 4% 2.0794415416798357

—F35 2.0794415416798357 I AL 2.0794415416798357 Xif /K14 2.0794415416798357
m#E 2.0794415416798357 /i~ ffi 2.0794415416798357 F I 1.3862943611198906

FFL 2.0794415416798357 HIiE 2.0794415416798357 E. 4 1.3862943611198906

it 2.0794415416798357 T H 2.0794415416798357 /R 2.0794415416798357

M 2.0794415416798357 R 2.0794415416798357 K fH 2.0794415416798357 4 -f-

2.0794415416798357 AAML 1.3862943611198906 H.{k 2.0794415416798357 FHy

2.0794415416798357 R £ 1.3862943611198906 fRE 2.0794415416798357 JEifft
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2.0794415416798357 4 N 2.0794415416798357 JLA 2.0794415416798357 HH=H
2.0794415416798357 #4517} 2.0794415416798357 F-Aufjik 2.0794415416798357 K. &F
2.0794415416798357 % 2.0794415416798357 P /K% 0.9808292530117262 H
2.0794415416798357 A% 2.0794415416798357 [ 15 2.0794415416798357 K JiKi
2.0794415416798357 Hf5 1.3862943611198906 #F- 2.0794415416798357 [F]—
2.0794415416798357 24 i} 2.0794415416798357 — A 2.0794415416798357 #t
71 2.0794415416798357 FK £ 2.0794415416798357 4F 2.0794415416798357 T
I 2.0794415416798357 —A4b 2.0794415416798357 [F]RE 2.0794415416798357 4>
ANAE 2.0794415416798357 J5H 2.0794415416798357 411 2.0794415416798357
PATE 2.0794415416798357 {1 2.0794415416798357 18 2.0794415416798357
4 2.0794415416798357 "R #k 2.0794415416798357 K 2.0794415416798357 It
T 2.0794415416798357 P& 2.0794415416798357 5K 2.0794415416798357 4
2.0794415416798357 BUF 2.0794415416798357 &3] 2.0794415416798357 B K
T 2.0794415416798357 HiJE 2.0794415416798357 i T 2.0794415416798357 &
4 2.0794415416798357 £PEE 2.0794415416798357 AR 2.0794415416798357
¥ 2.0794415416798357 K 0.9808292530117262 inca 2.0794415416798357 2K
1.3862943611198906 fif5 2.0794415416798357 — | 2.0794415416798357 #il 2.0794415416798357
HEF] 1.3862943611198906 14k 2.0794415416798357 Z+4F 2.0794415416798357
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