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Motivation

e Summarization for Japanese statutes
» using Random Forest Classifier
» based on sentence extraction
» good result

e Qur method Is also useful for
assembly member speeches?



Problems

1. Correct summary is not made by sentence
extraction
< random forest is based on sentence extraction

2. Imbalanced data
< different imbalance form statute summary

3. Length limit
< random forest Is a binary classifier



Problems ¢

—LTogikai dayori]

)—
e .
1. Correct summary Is not made by sentence
extraction from the source document

< random forest Is based (fn sentence extraction

[Assembly members speeches]

[How to make correct data (training data)?]




How to Make Training Data

e Positive sentence: used in the summary

» speech sentence that contains most words In
the summary

» If the speech sentence Is shorter than the limit,
we add the second-most sentence

e Negative sentence: not used in the summary
» otherwise



Training Data

Formal-run
documents 596
sentences 9979
positive 825
sentences (8.3%) [ImbalanCEd]

@ [different]

statute summarization: 70%




Problems

1. Correct summary is not made by sentence
extraction

[making training data choosing similar one ]

2. Imbalanced data

[progressive ensemble random forest]ary




Undersampling

'Which classifier should we use?

Document ID|111|106| 23| 19| 92

# of sentd All classifiers step by stepl

s N[PTI[ 1] 9] 3] 7] 5
NIN(P[|2] O] 5 2 3| 3
NIN[NP|3 0 2 1 3 1
NINN[NP|[4| O 0 0 1 1
NININ[N[N|P|5 0 0 0 0 1

[ progressive ensemble random forest

—
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Problems

1. Correct summary is not made by sentence
extraction

[making training data choosing similar one ]

2. Imbalanced data

[progressive ensemble random forest]

3. Length limit
[sentence reduction] binary classifier
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Sentence Reduction

mRD HH HEE BEIANSE FAFIHN MEO FRZERVET,

1. Preprocessing:
Replacing the end of sentences
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Preprocessing: String Replacement

target string

replaced string

TZSWVET, | TY,
fRILVET, o
THYFEIT., |[TLVS,
THYFEI ., |[TLVS,
TEWET, [T,
TEWIFET, | TL,
ThHYEFJ, |TT,
WE=LEFT., |95,
BVET, |,

EE-TULVAS,

(o)
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Sentence Reduction

A

amRD || BB || HEE || BEIARSE || BATTA || MNFEOD || i RERNES

1. Preprocessing:
Replacing the end of sentences

2. Analyzing dependency by CaboCha
3. Choose the last segment (=bunsetsu)
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Sentence Reduction

A

ARD || B || BT || BEIARSL || BAFTH || AF0 || ERERVET
100 || 200 || 300 400 500| 500
40| O 20 0 0 40
off o© 13 108 0 61
140 200|| 333 508 500| 601

4. Scoring each segment

» dependency depth

» case Information
» frequency In all summaries
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Sentence Reduction

R~

=%

BEIANSE

EAFTIN

MED

Ft R 2455,

100
40
0

200
0
0

300
20
13

Z10]0)
0
108

500
0
0

500
40
61

140

200

333

508

500

601

5. Adc

Ing the segment with t
» adding the other segments on the path

6. Stopping when exceeds the limit

ne highest score
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EXPERIMENTS
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Random Forest Features

e Sentence position
e Sentence length

e Presence of a word
» noun
» occurs more than once in the summaries
» not within the top 20 occurrences in the source

32



Experimental Setting

e Training data
» 596 documents 9,979 sentences

e Test data
» 146 documents

e Random Forest by scikit-learn
» 992 words as features
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Quality Question Scores

all-topic single-topic multi-topic
content |formed| total content [formed| total content |formed| total
X=0 | X=2 X=0 | X=2 X=0 | X=2
KitAi-01 0.856| 1.134] 1.732/ 0.912] 0.953] 1.170] 1.660| 0.995| 0.745( 1.092| 1.815| 0.815|
KitAi-02 0.788] 1.035 1.308| 0.667| 0.849| 1.028| 1.340] 0.722| 0.717| 1.043] 1.272 O.603|
TTECH-01| 0.290| 0.644] 1.783| 0.402| 0.274] 0.575| 1.755| 0.401| 0.310| 0.723| 1.815 0.402|
Inagoy-01 | 0.886| 1.104] 1.619| 0.899 0.953] 1.179| 1.642| 1.028| 0.810| 1.016[ 1.592 0.750|
akbl-01 0.722| 1.005/ 1.833| 0.826| 0.708| 1.009| 1.844| 0.849| 0.739| 1.000, 1.821| 0.799
akbl-02* | 0.707| 1.000; 1.837| 0.793 0.707] 1.000| 1.837| 0.793
|KSU-01 0.043| 0.043| 1.955| 0.048| 0.052| 0.052| 1.934| 0.057| 0.033| 0.033| 1.978 0.038|
|KSU—02 0.076| 0.121] 1.745| 0.071] 0.080| 0.156] 1.722| 0.104| 0.071] 0.082| 1.772 0.033|
|KSU—03 0.091] 0.157| 1.715| 0.104| 0.104] 0.179] 1.731] 0.156| 0.076| 0.130| 1.696 0.043|
|KSU—O4 0.111] 0.167] 1.419 0.093| 0.118] 0.193] 1.420| 0.132| 0.103| 0.136| 1.418 0.049|
|KSU-05 0.048 0.078| 1.692| 0.048 0.057| 0.085] 1.726| 0.057| 0.038 0.071| 1.652| 0.038|
|KSU-06 0.078| 0.169| 1.535| 0.091| 0.085| 0.151] 1.542| 0.094| 0.071] 0.190| 1.527| 0.087
[LisLb-01 | 0.720/ 0.942| 1.237] 0.591] 0.722| 0.920 1.349| 0.684] 0.717| 0.967| 1.109| 0.484
TO-01 0.504| 0.846| 1.763| 0.551| 0.464] 0.794| 1.778| 0.521| 0.550( 0.905| 1.746| 0.586]
laverane 10423 0603 1 ARRI 0435 0387/ 0535 1 532104141 0 4061 0 500 1 RAA ).394
formed score Is low: bad sentence reduction

content score is high: good sentence extraction
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ROUGE Scores (Surface Form)

recall F-measure

N1 | N2 | N3 [ N4 | L [suafwi2z] N1 | N2 | N3 [ N4 | L [susa [wi2
[itAi-01  |0.440[0.185/0.1210.085(0.375(0.217/0.179(0.357/0.147/0.096/0.067/0.299/0.168/0.188
[itAi-02 |0.390[0.174{0.113]0.078(0.320[0.200[0.154/0.343/0.154/0.101/0.069/0.281/0.173/0.176
TTECH-01/0.278/0.060[0.035/0.020]0.216/0.092|0.096/0.240[0.055/0.031/0.018/0.187/0.079[0.111
Ihagoy-01 |0.459(0.200]0.131/0.089|0.394{0.229(0.186/0.361/0.151/0.097|0.064/0.305/0.169(0.192
lakbl-01  |0.400[0.173]0.113/0.0760.345|0.189(0.157|0.361/0.156/0.102|0.068(0.310/0.167/0.185
lakbl-02  |0.326(0.124{0.080/0.057|0.269(0.147/0.112/0.320/0.119]0.077/0.055(0.262(0.141/0.144
[ksu-01 |0.158/0.028|0.009|0.002/0.147|0.043|0.071/0.210]0.039]0.013(0.004{0.196/0.059/0.107
[Ksu-02 |0.185/0.043]0.021/0.014/0.167|0.063(0.080]0.230[0.056/0.027|0.017/0.209]0.080(0.116]
lksu-03  |0.172/0.036/0.008]0.002/0.157|0.050]0.075/0.211/0.043/0.011/0.003/0.192/0.062/0.106|
[ksu-04 |0.171/0.044{0.013]0.002/0.153(0.055/0.072/0.219/0.056|0.017/0.003/0.195/0.072/0.106
[KSu-05  [0.227/0.029]0.010[0.002|0.195(0.064/0.089|0.231/0.0290.010|0.003(0.196/0.065(0.110]
[ksu-06 [0.221/0.038]0.013/0.004/0.187|0.065(0.086/0.230/0.038|0.012|0.004/0.192/0.067/0.108
lLisLb-01 0.251/0.120[0.079]0.058/0.211(0.1320.103/0.226/0.107|0.071/0.051/0.188/0.115/0.118
TO-01  [0.267/0.093/0.061/0.045/0.230[0.117/0.105/0.272/0.086/0.052/0.036/0.233(0.110[0.133

good sentence extraction

random forest Is good
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Successful Example

RIZCFHLWLWAEIZDWTRIVET . YLV EEWLSEZ B X, FAE-BAER
BRSO EL T B EERELELIZ. D SDHEIRETHESBRELTIBIF -1
DTY , WNBARTIE, &<MBE, . 3B, E. HHWIXEEFHGEDERMBRH O™
HOFFE.BEEVSBDRIUTATHEEHLGENETNHIATRIESEIEHST
WELTz. ¥FTLWWVAEDZEZ AL, LRIH 2 I-CDIOEHEEREIZSSHLLY
HMCHEEBEIAILEBIETINTT WNERBAKREXK DL TIE, DR
FUTAT BB ITONTUVET  YWniEH TG AT AL DER THIETEZS
NTW=ZLDARDEIFEREIFITHY . AHTARDDENYEBITELD K]
SERLIEONFEL . WnRREAE L. BDOHKEHIGIESHZH LT, BB, &

BIDBIEICDNVTIRARSNTULET  WnITBUKTFE TIF AL — A— ABIZL=EM,

Mg L RZEFARRIZEBENFTOLG B, KFFHFICIEIFRARGELD T, ¥n¥E
CTRIVWET . NEEHICEWTIE, COLITEFHLLVA LB DERZBEL.

XABVWEERDHAIHRTIBELTUKRSEZZFTIN . NEOFRRZANET,

¥¥n

CS: XABWEERDHAHAIUBRTEBEIT NS, MEDMRZ,

NHEFHSDEIRZBIEL. XABVEEFRDHIULESEHEELT
LRELEZZFTITHA. NEORRE,
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Unsuccessful Example

EAEDOREICHoTIE. BN OEBBRCELNEASEEN. BEDKLNRR I
ESITAVKEATETOET, e 2 IS OBIM I RBRSEELTEY, SHOH
BURAANDZBILRF DN EE Ao WnT5U T, MIZ(E. PFSEROh/N 2
78 LT HREICH L THEMLFETEEL . BFORERETLHY . BRITE
HERBVREL TS ERROONTOET, WneYhblt, B~ DG LLEDRET
T B AR LR AAKESE R EEN E R E AR CEREEL. £ 8.
B3 MR IEICE P TOIRE 2 FVELE, WniRENALSD. BENHSHTOEREIS
A -IYBAEIET 5 LT, EAELROBEHEOHEERTRTHY ., 5%
EBYBETESEITRRHILDTHYET , Wn DR, ENALELERHHD
£ 2 HICHIBLEE =D L LR BRI, B L EEG TR ENREE ML TEEL],
WNE BN DEE A SE S TERVSEMBCE, IR EDZTREE S OTHE
ESERBL. B HRIEICHET AR ENRECHEERYAT LN BETHYE
T WNChETUEICHYEYEDT. BRICRDEFLEEL 5T FEET L HE
EFEEBRELELEDINELEZETA, REMNET,

GS:A)N)ZDH T MRICKRIDEREZL 0T FRICT IS,
FTR I,

DT, BRICRDEFEZLHT FEET I FEEFERK
EXRZEDIRSEZZFTIN.FTRE,




DISCUSSION
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Random Forest with Probability

e Proposed method (progressive ensemble RF)
uses multiple classifiers step by step

e Scikit-learn's random forest

» outputs results with their probability

> IS able to choose the sentence with the
highest probability

‘Which is better?]
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Comparison with using Probability

using the same model but outputs the highest-probability sentence

N

Precision

Recall

F-measure

closed

open

all

single

multi

closed

open

all

single

multi

closed

open

all

single

multi

0.860

0.465

0.482

0.450

0.785

0.437

0.432

0.441

0.821

0.450

0.456

0.446

0.967

0.471

0.464

0.477

0.893

0.406

0.411

0.402

0.929

0.436

0.436

0.436

0.973

0.520

0.560

0.483

0.875

0.452

0.495

0.412

0.921

0.484

0.525

0.444

SHIWIN [

0.983

0.526

0.588

0.466

0.886

0.462

0.526

0.402

0.932

0.492

0.556

0.432

0
i
-

5

0.987

0.511

0.553

0.473

0.886

0.457

0.495

0.422

0.933

0.483

0.522

0.446

all

(0]0]0)

0.523

0.571

0.477

0.896

0.457

0.505

0.412

0.945

0.488

0.536

0.442

[proposed

0.963

0.446

0.481

0.417

0.967

0.523

0.526

0.520

0.965

0.481

0.503

0.463

o

4 . .

e Our method scored the highest in recall
e Our method does not need to tune the balance
of positive and negative data
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Conclusion

e Summarization task using
progressive ensemble random forest

» good results in ROUGE Scores

e Future task
» Improve the sentence reduction module

» Investigate the relationship between the
proposed method and the RF with probability
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