T 4 FRERIRER LG T2 FERHE IR LA 5K
(Emme L A3
BERT ZRWIEXEDHEZZXVICHITS
Mix-Up FEDENEREE

g THHR T2k

EE MMM (2INMT720N)
BEHE IR AN
S5 2 A3 H (8)

op



b

TH 4 FERBR ARG TAFERME I TR B2 0Em

=1
H

BERT ZRHWEXEREXXVICEITS
Mix-Up FEDBIMEREE
=5
ZH S (21NM720N)
EEHE
Gl MRS 6

WXEE

HARSFENH D X 2 7 #BMEEE O 7 Ta—F TR L & 5 ¢ LEGA, il —
ZOMERE X MDRENWZ EHMEICR S, ZOORERI DEEL LA ZINT
W3, ZOPTHFED Py 70O—>2& LTF— XLk (Data Augmentation) [1]
BH3. 7—RPRFIREIKRELSMT L ERD 2 BEICH T 6N 3. Hl2EEGD
Wil chiuE, T —2XNOEBREREESERLD, YDl o7%b LEEETH -
THZDOEED Z OUZEIZ R VDT, 20X 51 U TN L = HE{§%EFI#T —
ZIEBMT 2 Z e TIMT —XEHWEPLT N TES. HHWVWIE GAN R 2FIH
LCATIRT =R EERT 2FED 7 —XIRO—@e w2 5. EREFHLZ
7= ZILRFIEDO—DOTH % Mix-Up Fik [2] 1F, fICEETEHRbE VL
DHISNTWS. Mix-Up FEFEGEHA 2RI LATFIETH 50, BASHE
U B ISHMTTRETH % [3].

A TWd BERT [4] ZHWAXEFESE L R 2712 Mix-Up FEZ#EHT 2L
kAT, BARIZIE BERT & 2 XOANDARETH 5720, 2 XED ID ¥z
fELTASIL, one-hot X7 bLERIF L THEEZ 7 AOM N EATREIC LIzb D%
T — &2 U7z, livedoor =2 — R —RZAEHAWEFEERT, 2 XEFRGXY
BRRDEW S - BRAETERER AR —TilL, 2hzhicoVnWTOENEDOR
AERAT o 7.

FEBROMER, 1. AL 2 XEB2OMAEDLEHTHRIMBRDIEFICE > THERIPED
Ze, 2. BRAEDHEIF 7:3(3:7) &b 55 MWL TVWE I, 3. FA—7LDX
HFELEZHAGOELBICHBERENM LT 22, 4 2BERBEORVINLD
T—=RIRHLL TT = &R 21T o THRED FRIEA RN, D4 m8HD
nole.
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Abstract

When natural language processing tasks are to be solved with machine learn-
ing approaches, the high cost of constructing training data is a problem. One
of the recent topics to solve the problem is Data Augmentation [1]. Data Aug-
mentation methods can be divided into two main categories: processing and
generation. For example, in the case of image identification, Processed images
such as flipped or cropped images can be added to the training data. Artificial
data generation using GAN and other methods can also be considered a type
of Data Augmentation. Mix-Up method [2], one of the Data Augmentation
methods using generation, is known to be easy to implement and highly effec-
tive. Mix-Up method was originally developed for image identification, but it
can be applied to natural language processing as well [3].

In this paper, we apply Mix-Up method to a document classification task
using BERT [4]. Specifically, since BERT allows for the input of two sentences,
we concatenated the two documents and used them as the input data, and
used the one-hot vector to output multiple classes as the teacher data.

In an experiment using the livedoor news corpus, we tested multiple patterns
of mixing methods and verified the effectiveness of each method. Experimental
results showed that the results varied depending on the order of the combina-
tions, that mixing ratio of 5:5 is more suitable than 7:3 (3:7), that classification
accuracy was improved when documents with the same label were combined
and that increasing data with labels that originally have lower classification

accuracy than others does not increase accuracy.
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HASHEUHED XX 7 WA E D7 Fua—FTHRIRL L5 & LGS, T —%20
MR X b hEWZ e IR S, ZOOIERE DA RRARZINTVWS. £
ODHTIHED by Z7D—2r LTF—&YE5R (Data Augmentation) 1] B3, 7—
ZYFERFIRIIARE LM T 2 AR 2 BT 6N 5. Bl X IXHEGOFAITHIUE,
T — 2 NOEGRE KIRXED, UUDE-/D LB TH > TH ZDEIRD T NI
ZAIZIZND T, ZD XS LTI L ZE Gz T — 28NS % 2 & THl#T —
REWERTZEeNTES. H5WVIE GAN R ZMHALTATNZR T =2 24K T 5 F
B 7 — 2RO —EEWR 5. AREMAHL 77— XHERFED—D>TH % Mix-Up
FIk 2] 1%, HEICEETEHRDE VI LH SN TV S, Mix-Up FIEKEHRRR] %
WRIZLIFETH 20, BASHLHIZSICHNRETH S (3]

R TlE BERT 4] Z W XESEX R 712 Mix-Up FiEOHMEA AR, A
KIV121E BERT & 2 XOANDARETH 2728, 2 XFED ID Fl 2 #iE L TANL,
one-hot X7 PV ZHHL TEEZ 7 ADOH N ZAlEEIC L DA T— 2 & L.
livedoor =2 — 23— A ZHWIERT, 2 XEZREAIE2B0ENGE - BREFIE
PEBARR =TI L, ZRZ2UTOWTOEMEDKREEEIT - 7=,
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2.1 EOHRAHRIA

BB ICCHRSHER W T 20, 7XXA M2 ZDEFDOETHWS Z I TET,
N7 MOBIEHLUEITHDEND S, X7 MULT 2 2 ZHDAAE W, HDHIA
AIZE O TTELRY ML EHDIAARB R, HOAARTEZERST2ET L L
THRENZ S DI Word2Vec 5] 235 5.

22 Za—JIRxrYy s D=L

ANE OO A Yy bV =27 2 TRIEZONHHEETLTH Y, HBD=2—
oy oINS, (K2.128) EAMCANE, T, HhEo=EMKT, Ah
ICEA (W) ZDFRE, N4 TR (D) ZMALORRDBADHENIENE. wib®
Rt L, HENEHIEy Z2RkD2 2 2HNE TS, ¥/, ZO=a2—F1% v b
T— I %ZEL, XH5IEMIIRobDNT 4 —T =2 —F vy VT —TTHD,
FNEHCTEBNT 4 =T 7=V TIN5,
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X 21 —a—Slxv 7 —2Z DG

2.3 RNN

SRE IE U < BT 208, XEFORRYIZIEL K HEX 20825 %. RNN(Recurrent
Neural Network) i¥=2—F 1% v hT—2ZZIRL, MRIIFT—Z2EW/ZZ L5111
72bDTH%. RNN OfEx K 2.2 1RkF. RNN X, FHEBENLV— 7T 2/ ko
THED, THEIHIORLOTHEDHEEZIT 5 DT, =2— 7%y b7 —2HLHi
ORANCBI 2 EREHFHTES. 20D, BEDOEHRE HWTHW % T3 2 20
REIZ72oTW5. L2 L RNN TREMOGELZRR T2 2 L ICHRNDH 5.

ANE | e | FIFEE | e | HHE

[ 2.2: RNN ik
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24 LSTM

RNN OEHGEEZHRFFT2 2 e p#LVAZRAR L 72028 LSTM(Long short-term
memory) TH 5. LSTM &7 — + &N 2 LA ZERHA ST 2 Z £ T, RNN LEW,
R M7 O EZRF T2 Z e AR Ko TWwW5. LSTM g #X 2.3 1IZ7R
F. LSTM ZHREDRbHbDICLSTM 7 u v 7 2B L, BEDERESH 20 HET
2h iS22 T, BELREROAZRORLNIGIZ/HE S Z L ZAAEIZL T WS,

ANE | =—p | LSTM | | HE
block

2.3: LSTM O##i

2.5 Transformer

2017 4F1Z Ashish Vaswani I Ko THRRS W EEFXEET L [6) THDH, HAS
PR DZ S DR 27 CHIT & %. Transformer 1& Attention ¥ ¥ FEIZA 3 (1HH A
KEDXELNTE D, ZRLENCRRIIT — XD othicfiibiTuw RNN % LSTM
OMHER LAY, REBLr223DTHS. RNN 2T Attention BEZBIML 723 D
DIFFH X TW7z23, Transformer Tl Attention ##D &% FF U CHGER O BEfRD
ST, XARHIMIZATS 2L DS AMRETH 5. ETNLOMEEK 2.4 1ITRT.
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Qutput
Probabilities
|
| Softmax |
| Linear |
d Y
| Add & Norm Je=
Feed
Forward
, y
s | ~ | Add & Norm Je=
g EE—— Multi-Head
Feed Attention
Forward I Y N x
T, —
x I
— Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At At >
'L\_ A _JJ
Positional @—O Positional
. ¥ & .
Encoding . i Encoding
Input Output
Embedding Embedding
Inputs Qutputs

(shifted right)

2.4: Transformer OHEIE (JLaX [6] 225 D5 H)

¥ 7z, Transformer ZF|H L7 Hii#EHE7 L2 LT BERT 235 5.
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2.6 BERT

BERT (Bidirectional Encoder Representations from Transformers) 1% 2018 41
Google ZMER L CTUEFAPSEH SN TV 2 EMHRERHEMEZEBEAET I 4 TH
D, S, HEETH, SUIRHIW 2 CIWiERAATE 5. BiEe LTE, Transformer THW
5417z Multi-head attention % 12 JEERTESLN TV, ERDE TN TIEIXIRHEGE
DEE/IEDOHGED HH HXREFE L T2 L, BERT TIENREGEDH[ER
DHFEN O XMREHIWTT 2720, XD IEMICLERZLETEZ X5 Ch->TW5. Fi,
MERDETMILESE, IR, BEIMREREDRRA I ZIZ1 DDET A EZREL
LTWed, RRAIZPEDIWIET NV =P o/EDETHREDND - 7253, BERT I&—
DDEBETNAVEZEMEEESE, ZIHhLHNCEDELERYER 7 74 v Fa—=
Y IERATV, BARBRWERITHOEZ D TES. XRIBPEb-> THHEINFEET L
WCREZEMT 2720 TR 0dAENEWE F 2 %5. BERT Ozl MIci 7.

2.6.1 BERT O%3¥
BERT XL T D oD HFIEICTHAIFEEZITS.

(1)Masked Language Model(BEEEDFHl)
XHDNWL O DHFEDHIOHGEICERI N, ARZEICHINEHTEZ T
MTB205b0THL. ARNICEIUTOEEITONS.
1. 15% OMERTHRHFEN TR 7 SN 5.
my dog is hairy = my dog is [MASK]
2. YRAZ v =2 VP, 10% DIERT T > X LA THIDHEEIZ,
my dog is apple
D 10% DHERTITDHFRIZ,
my dog is hairy
T D 80% DHERTI A DEFICEINS.
my dog is [MASK]
3. XA ZE ZRIERD R 5 FHT 5.
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(2)Next Sentence Prediction(2 XD BRI DIERR)
ANE LTHIBOBBREZF 722 200X03H D, 50 %DHERTHRS DA
BREDRNICEELD 2. XOORBDPIEL WA S IsNext, &> T
W37 5 NotNext OHEZHF. BRfIZ LIRS,
AB . [CLS] the man went to [MASK] store [SEP] he bought a
gallon [MASK] milk [SEP]
¥IFE :  IsNext
A71: [CLS] the man went to [MASK] store [SEP] penguin [MASK]
are flight ##less birds [SEP]

$JFE: NotNext

2.6.2 BERT O1%gEFF{fi

ETNLVORBEZAEETHLIUTORYFv—7 X2 11 MTHFOETLVEZEZ
REFFEZERL TW5.

GLUE 9MEHOSFEOHMICET 227 55 8 I TEM

SQUAD ERELE X R 7 BB & BRI DS % il

CoNL [EFERBME xR 7 HEEIIAY, Hilk, MEZREZX 7T 5
SWAG  ANXiZHiK X% 4 DDBEHDH» HFER

I ZE TR & 9512, BERT ZEHASELUHIZBWTHAMED G WETLTHD,
AT Mix-Up FiEZFAHT 2 22T, T —2EEOa X+ 2 TiF7=5 2T,
BERT Z HWEXENEEA A7 DX 5 3 EER F2iRA 3.
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2.7 ERIEFTDOT—24L5R (Data Augmentation)
27.1 EfROMI

B O T — 2 BB LT, BlE, FATRE), 5K, BROLEE, /4 X [wA
J) DAL EDMLZRL, FLilfT -2 LTEMT 2 WoZFiEDDH 5. (A
i flice 2, JLOEGRERGE DI 45 oM X ¥/ d 0% FEFI L TE-
TWHE AT 2 £ TIZ 7T ROF7 R EGZERTE, HRINCHIT —28% 8 ffi2
TE%. ZOHE, HBEOIEMI NVITOEETH 5.

2.7.2 GANICKDER

GAN(Generative Adversarial Network : BHOMHVAER A v bV —2) I3EKET LD
—HETHD, THEZ > D OBYOBEBDOIEREITI I eNTES. ZAUTLDH
Kb o T BEREH AN T — X e LTHES 28 TF —&XIERE %%, GAN T
3, ARy PT =27 #AIEER Y P = DHNED XS LTHEERITS. AiE
13 —f%IC Generator(JEFE) LN, BEIE—RIC Discriminator (#E#) & FFIEN
%. Generator ¥ Discriminator Z Bt % & 5 (ICBEBRD5ERE 2 E®, Discriminator
l& Generator I[ZBR SN W K S IZHEAIREN ZED TV e o L BRICEE 2D 5.
GAN OfEE T K 2.5 1T

- Genuine Data
\ /I' rue
or
\False
—_— /
Fake Data

2.5: GAN DS
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273 Mix-Up ik

Mix-Up 1%, 2017 4£iC Hongyi Zhang 12 & h BR X N-HERDEH TOF — XILET
ETH B 2. HfRrF—XICBELTIER 2.1, SRMCELTRER 2212k > TF— &k
BREATS.

r=Ax; + (1 —Nz; (2.1)
y=Ayi+(1—Ny; (2.2)

X XERT — X DRZ bL, yIiEZTIRALD one-hot X7 ML TH B, ANIEEDEE
ZRODLTVWS., ZNETOT—XINRERERD, JHRLTHELNE T —XD T NILH,
TED T NNVFEITDIRE T NLE LTHRRIHES N2 DD ZOFEDORITH 5. Hiflik
BERDOMEEEONEDFEHITRE T —XERTFIEL S X, REBTHMHL-.

2.8 nlp TOT—AHLER (Data Augmentation)

28.1 FAEBEH:

TXZAMNRDOFAERALPDIERICHE S E, MOTFANCEEHMZZICL->T, H
T AR T — X 2B 2 FiENH 5. fEEOHIE LTIE, FFEE, X7 FAKRB ORI
WD, AMELREND 5. FFETHIUL, FFFEICESE Uk = UkE) ICERT
Vo BETHE. NI MLRBOIIWD DANBHT 5 51ETIE, FIZ Word2Vec
Y, HEEOMOAARREZER T2V -V 2HHAT 2. FAZEOR L ITEY, cat 2
lion WEIMIN LR Vo GEREZONS. BRIEL WS DX, FITEFETEHD
NI XEHIIBWT She is & She’s ZEB#T 2LV obDTHS. LOLEEITANRE
S LT, Sheis 7 51% She’s 23 D Lo DIzxt LT, She’s 72 51F She is L 1R & 72
V. WIS DIE She has DEMIETH25E508H 2500 THS. oT, ZOL5%HE
BOFTREMEDI D 2 B R BIRTE 2 IR T DIEEFAI LRV E W o e TRPMETH 5.

282 /A XDEN

BB TETAZEL R, TULEREZ Kk 2 BEA D 5. GllfT — %7 Z b
7 — X TORMIELE TS, D7 — X TIIMEREZRETERVET VIR WET L
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LIFE AR, Fi, WS T—RIANNMED D B EDONHOERIIH LTS, HE5FE
EMZON2ETVEESE I CIZEETHE. /A XCHNREELZ IR xkn
NZ b (HEE, BE)ESHDE LV, EFANBANRMIREZEEHNE Lzd D,
JARXDBEINT L 27T —XILRTDH 5. BRI, BB L TORERKINIZARIL I
2EMZBHER, XEBEDEER2S v v IVTE2REDTGEND . AL ZADEM
HiEx LT, 7177y b qwerty ¥— R — FOEE EFW7 L7 » Xy MIBEWRT
50V olbDRDH 5.

2.8.3 BEMER

TX¥RA P MBIV ARRL T 5, BUTTOSHBICHRLET Z & 2 HHIE]
ERES. BEMEER 2 A LSERIER 21TV, TTOTF A M ERR L THF A MR o R5E
W7 R T — 2 LTMA S e WVWole 7 —XIRRFEDNH 5. B2, Google
AR EAAL, THHEHERLS & Wi Z25EECEIERT % &, 7T hope it will be fine
tomorrow” 1272 D, HUHAGEICHRLEST HHHBOAL2 L WD TTH | 1K 5.
ZDYE, TTOXEWFIRBROIDPERL > TWEDTH B XEEETELIITRkS.

284 FFZRAD Mix-Up

2019 £, Hongyu Guo & & D, Mix-Up FiE% nlp ICHWZHFEATHI T [3]. Mix
DRI FTEHOEBTETONEERTL, 21 2K221KXoTToTWA. nlp D
BE1E, x PHFEOHDAARRE I LDOHEDIAARTTH 5.

() 6:4 DEIAT Mix-Up § 254

XE1DRI ML
[0.2,-0.3, 0.5, -]
XE2DRI ML
(0.4, 0.1, -0.5, -]
HI-AXEDORY L
[0.2,-0.3, 0.5, -] X 0.6 + [0.4, 0.1, -0.5, ---] X 0.4 = [0.28, 0.22, 0.1, -]

*1 https://translate.google.co.jp/?hl=jaktab=uT


https://translate.google.co.jp/?hl=ja&tab=wT
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E3IE

BERT ICH T NBREAND
Mix-Up FEDER G E

FATHZETD Mix-Up F£% BERT TOXEDFICH TR T2 £ 722 L M@#ENIET T
LE 5. BITMEOTFETIE, NN OEEHMANIXEDREANR Y Ve ffo TE S BHED
»H5H, BERT 2R L7=XERFETIE NN O¥E 0t A TXEDRENRZ L EG
2780, AT BIEFREL 5. RIHERITHIEOFEZRHAT 225, BERT
WX BFHEAARD PV ORIEETIIFEE DN TR Z 82k, DHERBEIHRFTE R,
(K 3.1 )

[ L4 ?%T%@L\ L] '. eoee ?%%ﬁlﬁl (I Y
D5 —-—»‘ %E}g — o | EBIE |—=— FHS~IL
- SRR

B 3.1: JeATW5EFE% BERT THRAT 23586 O 8 #ipH

Z OREZ RS % 72D DFED 2021 F12 Kikuta I X DIRR XNz [7]. SREIOHE
B Z D FIRIHENMT o 2. FEOHHZ LI TITRT.
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3.1 T—42®D Mix Fi&

2 ODNEIZBWT, BERT ICANT 2D ID AL ZEET 2 WS FIETH 5.
HE X5 XERRGOHEZ IDIROERIIIKMEETWS. BEMIZIX, BERT O
ANEBmARINRIZ 512 D728, 5:5 TIRET 23 ID 5K % 256:256 12, 7:3 TIRET 5%
13 358:154 THFE X Bz, ID"27 13X DEHEHZEXT H DT, ID FDFkBEICf 5L, ID”3”
132 EOHHIRERDTHDOT, 208 (i) o ID FOLFHICTELTWDE. T
BkH RS, ZOFERTHIUILFORMENRZ M L2155 BERT #7 DEE HIA[RET
»% (43.220H).

(1)

128D ID %
[2, 6259, 9, 12396, 14, 3596, 3]
2 2H® ID 5
[2, 11475, 9, 3741, 5, 12098, 75, 3]
Mix-Up D% 7=% 1D 5l
2, 6259, 9, 12396, 14, 3596, 3, 11475, 9, 3741, 5, 12098, 75, 3]

:000000000000$>3$ﬁ-|§| ooooooooooo.

D5 —— BERT — | EJE |—— FHIS~IL
(12/&) 158

NI <V

3.2: AWFFETFIET DAL #ilH
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3.2

SRILD Mix BiE

BN EET O 1543 onechot RZ ML TR L. Mix X8 3 BIE LS
X2 20DXEDOKEEEZNRY PAATHILT 2 EATICK X 72, DUT I BRG] %

Y.
(1)

SRIL3

[0,0,0,1,0,0,0,0, 0]
SRIL6

[0,0,0,0,0,0, 1,0, 0]
FRIL3 L 6% T7:3TMixT358

[0, 0, 0, 0.7, 0, 0, 0.3, 0, 0]
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EA4E

AR

\lul

4.1 HE

Mix-Up FikE W2 Z & Tl T — X B X 2 72K T D BERT 1< & 2 XXE5)
¥iY, BERT 2o @ O EDHOBEZ L, AARFEOMRZHN. £
7z, Mix-Up iICHW 2 XEDEH L, BAEOHIE, ERLREEEE 2 —-VAL, &b
SR 2 TR T D 2 D REE L 7z

42 &
421 HITRE

FZB#1% Google Colaboratory™ @ GPU(Tesla T4) BE%FIH L TIT - 7.

422 {ERALT BERT €7/

BERT &, HILKYE 62 - SAARFFFRESER L 72 HAGEM BERT O H#i¥E €7 1"
DHIBED—DOTH %, bert-base-japanese-whole-word-masking | ZfHH L 7.

*1 https://colab.research.google.com/notebooks/intro.ipynb
*2 https://github.com/cl-tohoku/bert-japanese


https://colab.research.google.com/notebooks/intro.ipynb
https://github.com/cl-tohoku/bert-japanese
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423 EALEO-—NZR

livedoor =2 — 22— 2" Z2/HAL, UFD 9P v LN L TOXESER

1To7=.

o T~UL 0 MLGE(E

e SNV IT 7471y 7

e INL2: REF v AL

e 7L 3 : livedoor HOMME
e 7~ 4: MOVIE ENTER
e 7L 5 : Peachy

e IN)L6: TAT YT A

e 7L 7 : Sports Watch

e TN\JLR: Py I =—a2—X

43 RERFIR - Fi&
431 T—HEDO#EH

AFER T livedoor =2 — 23—, Xk h 3870 HOFH (A30) ZHHL, 1 I~
H7b, AT —X L LT30ME, 7R b7 =X LT400 HZIRD I 7. (K 4.1 5H)

*3 https://wuw.rondhuit.com/download.html#ldcc


https://www.rondhuit.com/download.html#ldcc
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#* 4.1: T —2DWNER

L | train | test sum

30 400 430
30 400 430
30 400 430
30 400 430
30 400 430
30 400 430
30 400 430
30 400 430
30 400 430
sum 270 | 3600 | 3870

0N ||| |W|IN |+~ O

train TRV 7 — &, test [ FHIK EAY 5 72 7V D mef B 72 70 FERS 2 2 el
FTEBIMHEH LT AN T =X TH5. /2, IBOFIHIZBWTEXEIZX BERT 12X
DIERERMENT e ID (L2 8RBT - TV 3.

432 FHIET—2 DR

AT — &I L Mix-Up FIEZH W T T —RILEZ2 1T o 72, REBTIEIR—Z 74
Y& Mix-Up 2 Zh 2z — Vi3 2T, REFEOAEMEOERELHFN, 5
[l Mix-Up FiRICBT 2IRAESG - XEOEMTIE - RAESE2BOIEFIHERICY
SWEB LB Z 5 OMEE T o7, ABE LR =V TOR 421317,
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3+ 4.2: FHEEBRR—
| No. | MixUp | R&#A | RAXHO®ENE | i
1. ®L R—=RF7A4
2. »HY 5:5 SYR N
3. »HH 5:5 TN 1. ITBI 2 EGDOHIBANE R
4. HH 7:3 2 3:7 VAN
5. Hh 7:3 % 3.7 SVR N 3. B BRADHIHRANE X
6. »Hh 37k 73 5 VRN 3. B2 REHEE AN Z
7. HY 37 T3 SUR A 5. 128} 2 IRA DHIERANE 2
8. »HY 5:5 T VRN (G E) DEREDEW T L+ 2Dt 5
9. »Hh 5:5 T YR L (G E) E—Z~LE+E
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