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CNN(Convolutional Neural Network)S ©]83lo] 23} 4] b5 EF task® multi-labeling
W, cluster WHS o] &3dte] Faetal, 72 W o MSE(Mean Square Error), softmax
cross—entropy, sigmoid cross—entropy= %83} ATS WU TF. Network:s 224 @9 =
tokenizedtil, FALARE ZF token® F7}3F sequence?}, Naver DBE E35Fe] 9-& named
entity AR E ¢z o=z Atg3ttt, AH AT cluster HHOE EAS WAL, signoidS
output layer?] activation function® = A}F83}1l cross entropy cost functioneS ©]-83}o]
networkE ShFAIZS Wl F1 0.98732.2 7H¢ £ 45S HlTh.
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1. A& a8y AEHowr dAFEHAYW  CRF(Conditional
A dedoz 23k 2401A7|% zFedolo] 7] 7] Random Fields), SVM(Support Vector Machine)® @&
so] wa Qe 7MY vA, AFAT 239A Fo v U i taskel]l TR AREEY] ofHup[1]. = B
U3 ez t3te g Ho]x 7go] EAXOT A %l«] d=8S AFaA 2AT 4 Ue deep neural
2o Agx 3 ), networks AHEE A9olk, Adg g5 WHI, cost
3ty <lEso]2~e] a4l st ~Ele] H-& H  functions ARESHA| ¥ethd, AlnHe] Aes HAE
o] A Wyoly, AN Y= glo] Adde] & T §iHh
Blo] 918 wol, Algxle] 2HS oldsta, dF & 2B =wdAE W@ FA vs BF taskE
AS AL, AFExle] w3l —O—d'o]—L 740]1:} t] CNN(Convolutional Neural Network)S o]&3alo] =3)3a}
A 2Ee Ade] e AbgA wrEE A xHlo] o] o Hal, ¥E FaA| B taskES 3 w] multi-label
g S+ gt o wWyow WA= /&S "ew taskE TV A% WREI cost functiono] wWE A
3t ol & ZFd 1o o] 3l (Natural Langue ‘&= H|ughc},
Understanding)&} 3t}
drbH oz tispA] 28-S 01%3}% AbgAbe] whEle 2. BE AT
FAol wet e o3 A A oolslg daR ¥ F ) )
AT}, g Ho] FHolelol %}' of $4s9g 45 @ 2.1 Domain detection
o wsle] F=AE stol & 2 oubw, A4 AFse= u /12 domain detection ﬂ:rf% el domain EFHE ‘%
ol @ gle ABEY & FY 4 Ak gia HoE TAHAAG. £ ASHE dve sHem @
w3le] FAE zbolJ|E domain detectionS X ¢lof domain®t}, ) o] text® wHFLE 2 topic
olg] WA MuRo|A Zralsli, d|Y task A== A detection(topic modeling)o] FE A o] gk
glak xow ol 4 uiu, faAsEe ggx= AT A7 M= FA e ASs AeoR 7HI
Adelo] ola) 34 ke FANL 5 Ark. A, FAHT R LA sl sz
Abg2Le] Wahe= o FAE Al 2EE 5 Qo 2 2 Molti-label Classificati
w3l =47 53 Ex F 343517 .2 Multi-labe assification
A ;{ﬂ L ;;ﬁﬂa}a}t %prf_i AFHor AEHE A%y U5 9Y dolHE
Ae W sY wepwom Axue]  “weather” , Ofel class® wipeh wule] SbAolut. Wi t
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=5 taskEs FASIY F3 & & Aok, dzke] A5 cost function o W& ATHIIE I Hx9
T w77t 7bedteE 4 2 A 7IA%E Edol activation functions AHESHA et

W] gks Wl oy, Y EES g&5ste 2 E 7} cost functions H7Fe ] cluster WHS ARE-SH
Aoy, EA T Alge] Hadtrh, 2k AHS-, cluster7t Aol Networke] &% 3Fh& argmax 3}o] ARE-3FQlar,
AAsA dAdE HAo] gl taske] A, classE°] Y multi-label WH-S threshold(0.5)E ¥7l &35E59 A}
et 2FoR clusterd F Uv A5, Edo] a3t §3lo] Hriekglnt.
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Neural network®] 74 R output layerS A3}
o multi-label ol AFEE 4 Aok, oW cost
function®}, activation function, 3t ZHEF S <3| LLLIZLIL]B metal
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Aol AREE R [3]odA AVfE EdEE WMo R
st fdEom FUHAQ YdES AT F dESs a9l 1=
I} o] £k md2 2709 projection layerE o]& \max-over-time
sto}, ¥ TS EFZE fgHoR AREG. sk | LTI Lol \ pooling
lexiconol™ 545 TIdE AMEE A5 54 AA7F 2t
= TS =ol7] HAste, 54 dHE FAE FES )
lexicon& AM&-at93, e shube Fez wele AR “anualitin
L %3|5lo] D& type ARE AWHA 4=} aliegn sf
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feature= lexiconTto 2+ & 4 Sl 95 A4S o with dropout and
ELQArt g5 & 7 A g, without activation
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feature Y& time-step T o2 702 labelo] ¥Ho
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49 49 72+ 4ES projection 3Fil, element-wise
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AHERE el Q1 whe By FAlE Hajste] 3.2 Cluster method
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g9z Halste], BIO tag® 273l 7 lexicono] @ control, reminder, memo®F @ < Sltk. ojw o]E
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3.3 Cost functions

B oAFoME F AZFA cost functionS HL3Fe] H
Skt}. Cross entropy cost functione multi-class
classificationd] = 2o]x S v} 1929
Aog epbd 4 otk 929 7 A2 b7 9hA
Z=70%t network®] wlX]%}; activation functions 3E3}s)
i o™, 5= network®] EF¥E EETE. Legv network
upA 2 Jayere] = ( 9 )ol sigmoid & A8 cross
entropy costo]il, softmax & #-&3% cross
entropy cost®]th. sigmoid(9) &= Z+7He] output unitoll
g classel gk 0FH 1AFole dF ks ZEATH,
softmax(y) &= E& classE % 7 class7t o5 2 &
e zE7] w o) (3, softmax(,) = 1), thresholdE o]-&
3k multi-label taskel Lsce(y, 9= AHE Sk 4= g},
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Lee(y,9) = —log(sigmoid(9)) y
—log(1 — sigmoid()) (1 — )
Lsce (3, 9) = —log(softmax(9)) y
—log(1 — softmax(9)) (1 — y)
1¥2. Cross entropy cost functions

2o AF83F MSE(mean squared error)+ 1939 &

Aoz YERRRAT.

Luse 0, 9) = —(y — sigmoid(ﬁ))z
133, Mean squared error
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T label™ st Mg ths w29k AU E 2004
$media + music, radio, news, control, audioclip,
broadcast @3} FAZ FHo] EHI clusterS 9u| s},
$local® local®} transportatione FAlo] EH3
cluster, $temps= control™} weather, $cycletimee
alarm, control, reminder, memo, $domestic sport,
news, transportation, local, weather 3 FA|ZS &
A YeEhl = clusterolth. Ao AFEH clusters<
G2 Az FANA BAS AA] ALE T 5 9
T3 5L Vo R, =% e o @i 4
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¥2. Cluster® 43}l 74

LAl oltt

Domain Count Domain Count
alarm 2095 | music 7720
audioclip 5720 | news 5809
broadcast 4250 | radio 5494
control 5907 | reminder 593
local 1620 | sports 2089
memo 848 | transportation 2146
movie 2000 | weather 4181
3k whato] S ¥7]1%¥ domainES HO] cluster® wF

Domain Count Domain Count
alarm 2000 | reminder 498
audio clip 2000 | sports 2000
broadcast 530 | transportation 2000
control 2000 | weather 4000
local 1474 | $media 3720
memo 753 | $local 57
movie 2000 | $temp 92
music 4000 | $cycletime 95
news 2000 | $domestic 89
radio 1774
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FAF ARE A 3] tokeno® AFE3FSITE. Neural
network®] YHOoE = tokend 7|FowE HEQ pre-
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trainingS 33}4 100 =¥ 2] word embedding™},
Naver DBE Z3|5}o] ¥ type AHE 16200 =2
embedding 34 AF&3l3lth. dlolHE WA %S ul
% 103] ngto 2 543k word tokend}, feature label
2 unknown word® X|#3ste] g5eklom | A& word
tokenE 9 AFd A 7]E 3274, feature labeld 7N4+=
3313%©]t}.
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MSES o] &3l & WHEe] Ass 43,
softmax-CE:= multi-label WA= ALEE = gl

costo] 22 (3.2 cost function) Cluster W ol tis)A
T desS 574390, A8 convolution layer <]
window size:x Z+ZF 3, 4, 5 & 393, Z+ convolution
layer ¢ filter 7R+ 330l HAI3 = 64709} 128
WA Fo] Btk CNN layer =29l 0.5 352
dropoute F9 31, weight decays= AF&381A] &gkrh. &
3} batch sizeZ 642 TAS}II, adam[5] YTFZE o]
23} networkE 53 o™ | validation set< H}E
© & learning rate decayS AFESSTE. HA 23
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epochs 2499 cost7} &H3slo] dt5S 53 epoche
ofn) g},

Cluster WHES A3 9SS H7hsk g &= 2t
clustero] YelY&= WelFAEZ BF X &sto] H7ls)
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AA=Z fdg oz veld w3l FAE] clusterZ 1
X3. cost functiond] @& H7}
Filter Multi-label Cluster
Exact match | Hamming | Precision | Recall F1 Epoch |Exact match {Hamming|Precision| Recall | F1 |Epoch
Simoid 64 88.78] 0.040008 0.92513] 0.8952| 0.8999| 39 08.1671) 0.032805 0.9853] 0.9862|0.9843 43
1Mol
Cross Entropy
128 88.97| 0.039342 0.93507| 0.8985| 0.9041 32 98.5089| 0.031656( 0.9887| 0.9884/0.9873 27
Softmax 64 98.1671| 0.038283] 0.9847] 0.9847|0.9835 26
Cross Entropy
128 08.2914) 0.035663| 0.9863] 0.9843|0.9853 27
64 88.78] 0.041051] 0.9089] 0.8925| 0.8952| 28 97.0177] 0.062545 0.98] 0.9772({0.9756] 34
MSE
128 88.78] 0.039875 0.9258 0.8953| 0.9000[ 29 97.3284' 0.056539 0.9812 0.9785|0.9777| 14
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