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1. Basic Concepts of SLU
=Domain Classification

=Object Classification

=NE Recognition

=Operator Classification

2. Speech-act Classification
= What features are effective for speech-act classification?
= How do we estimate the weight of features?

3. Simultaneous Recognition Model
4. Deep Learning in Speech-act Classification

5. OOV Handling Module




Basic Concepts of SLU
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Basic Concepts of SLU

+ Spoken Language Understanding
> 24214l + Natural Language Understanding(NLU)

SLU
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Basic Concepts of SLU
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Basic Concepts of SLU

«» Domain

> NN 2&0| 2= Y3 (Category) &£ = = Ml(Topic)

«» Domain Classification
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Basic Concepts of SLU

+ Named Entity

> QY (Person), Xl & (Location), 7|2 H(Organization) St 22 DS F Al

< Named Entity Recognition (I M| & 0l 4!)
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Basic Concepts of SLU

+ Object
> MEXI Xt ote 38
> YW & 2 (weather_info), & & & & (humidity_info), 8 A 21 S (bus_number)
+ Object Classification
> USHUAM AFE XL RIoh= Z20HE BEE = s 72tS CIAIGHH AFZ XL
DA ol= HEEER
e ~
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weather_info
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Basic Concepts of SLU

+ Operator
> MEXIt Fots &
> & & (set), =& (mod), 2 Hi(del), & Il (lookup) S

=
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+ Operator Classification
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Basic Concepts of SLU

+ Speech-act

oI A8t A2 2 E AL

ask_ref Ay 23 SHARE B AUIH HE H=9 gtE R+ (WH-question)
ask_if HE @7 SHARIE A AFOl HI Yes/No2l ©F 2 & +*(Y/N-question)
inform A2 M2 SHAL EANOH 828 ME
response 2 ask_ref, ask_if0il CHSH CHEH
request M R SHAJE ZXOIH O &t HPIE R+
accept 22 EEPIEREETEN IS
confirm Efl S0lZ2 QFole Zatol st 2
reject = TSE NS 88 & o= 58
+ Speech-act Classification
> Yo S0 ZEE MEXDIL gFots dss EFot= A
Ol‘a* f%‘ 3?*%_'.:_ ask_ref
LM = (Y @ g
=M= oEL (wh_question)

Basic Concepts of SLU

+ Overview of SLU systems
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Basic Concepts of SLU

+ Overview of SLU systems
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Speech-act Classification

+ Natural Language Dialogue System

» Speech-act Classification
= S0l LIEHS SEXH0I Qo QIS E A S

=
= CHSHAIAEOIA CHEHE Olchotl) 23S Meot=ed 282 24

Natural Language
Dialogue System
“OlE ZFA Y0 UAX?”

a (=“What kind of room do you have?) o= NLU
CL1D) ( [ask-ref (doom_type)]
N Cd

Speech Acts ¢ ~ =~ -
: . — = NLG
“AZEUCEB0ASLCL” [response(toom_info)]

(=We have single and double rooms.) < r g

NLU : Natural Language Understanding
NLG : Natural Language Generation Knowledge Base
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Speech-act Classification

+ Two Approaches
» Rule-based Speech-act Classification
= QIO K& 5Ha2te] 2HE HOst RE S ALE (Lee's work, 1996)

Rule 1. If the utterance have the unknown type pronoun such ag “F3(=wio)”, “FH(=what)",
the utterance is classified as ASK-REF

Rule 2. I the utterance have the unknown type pre-noun such as “E(=What)”, “o=
{=whick)", the utterance is classified as ASK-REF

Rule 3. If the utterance have the unknown type adverb such as “of E4(=How)”, “ Ha(=whea)",
the utterance is clagsified as ASK-REF

Rule n. If the utterance start the “of 42 (=io]”", the utterance is classified as CORRECT

= A XANAEHOD| MHEN LW OIME00EAHA

» Machine Learning based Speech-act Classification
= SVM, CNN etc.
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Speech-act Classification

+ What are main issues in speech-act classification using machine
learning techniques?

» What features are effective for speech-act classification?
= Previous Speech-act: Sub-Dialogue Problem
= Syntactic features?, Lexical Features, Bigram or Unigram?

» How do we estimate the weight of features?

= Data Sparseness Problem in small size of Categories
= Utilization of the category distributions of features




Speech-act Classification

+ What Features?
» Previous Speech-act
= Sub-Dialogue Problem

DATHE 01F FH2BS 01T

I I 5 #
s = R P
User s s usi o H2e Inform Dialog-start  Dialog-start, NULL
Agent HY wE gt ar Ack-ref Inform Inform, NULL

User HY 89 wh] 915U Ask-ref -8 Asleref, NULL
Agent HESaE250] gl Response Askref, 55
User whoh] Gopa? Ackref Response SE
Agnt A2 HUH0|UHEZ ATE YUY Response Askeref AdcrefS5
User 42202 4244, Response \ARespmse AskrefSE
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Speech-act Classification

+ What Features? (Ko et al, 2012)
» Proposed Solution of Sub-Dialogue Problem: Discourse Stack
» Adjacency Pairs: Request Type - Response Type
= Request Type: ask-ref, ask-if, ask-confirm, offer, suggest, request
= Response Type: accept, reject, response, acknowledge

= QOthers: opening, introducing-oneself, correct, inform, expressive, promise, closin

For each utterance
Begin
Reference :
If (Stack is Empty)
Use Speech acts and DSI of previous utterance
Else
Use Speech acts of discourse stack’s top and DSI of previous utterance
Operation :
If (Utterance is Request Type)
If (Stack is not Empty)
Give SS to DSI of current utterance
Push speech acts of current utterance in discourse stack.
Else if (Utterance is Response Type)
Pop speech acts in discourse stack
If (Stack is not Empty)
Give SE to DSI of current utterance

End

18 { [@




Speech-act Classification

+ What Features? (Ko et al, 2012)
» Syntactic features?, Lexical features, Bigram or Unigram?
» The Problem of Syntactic Features?
" PEREY P [EEREY, FSAL AN, REA R, 24, HAE]

= Low accuracy of Syntactic Analysis

Input uttcrance

Ul o152 82 s2uch
(My name is Hongkildong)

l

{ Morphological Analyzer }

I

The resull ol marphological analysis

LE/np 21/j 0l S/nen 2/ &2 &/ng 0l/jicp wL|CHel /s,
(My/np name/ncn is/jcp Hongkildong/nea ./s.)

I

[ Feature Extractor J

— —
_— —
— —

—
Content Words POS bi _gram

LE/np 0l &/ncn &2 =/na Ol/icp ./s. i o ieD iep— _.
(Mv/np name/ncn Hongkildona/na ./s.) ne—i j=nen nen—i jmna na—jep jep-ef ef-s.
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Speech-act Classification

+ Experimental Data
» Korean Dialogue Corpus
= 530 St RAHE RS Y2 =S EUAN ALS
s SEHE, ZZHAUE

= 528013t 10,285 23t (19.48 LHEtE &St

Tag Values

3P Custorer

K3 O3 220t HErd 4o F0FHE S T YU A

BN "t a student and registered for a language course at University of Greorgia in
..

Sk Introducing-oneself

D5 =

SP: 3tAt KS: =01, EN: &0, SA : Speech Acts, DS : Discourse
Structure

20 /@
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Speech-act Classification

+ Experimental Data
» Speech-act Distributions
Speech act type Fatio (%) Bpeech act type Fatio (%)
Accept 2.49 Introducing: 6.75
otieself
& cknowledge 5735 Offer 0.4
& sk-confirm 318 Opening 658
2 gkeif 5.36 Promize 2.42
2 sk-ref 13.39 Feject 1.07
Closing 339 Reguest 4.96
Correct 0.03 Response 2473
Expressive .64 Huggest 1.98
Inform 11.9 Total 100
21 /@

Speech-act Classification

+ Experimental Results
> #E S8 (SP)
> S S 23 L KHE (TLIF)

MNE k<IN = TA

S 51.05 565.1 55.33
TLIF 7 1.22 ~4.38 79.95
25
80
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0
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55
50
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a0
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Speech-act Classification

+ Experimental Results
> Evaluation of Discourse Stack (& 3} A EH)
= TLIF + PU (0| M & 3t0| 5}84)

= TLIF +DS (B3ASE 0|8 0|HE 3 5t&)

B b ] =
TLIF+FL 3,43 a2 S5 13
TLIF+D S 5. 1 ra=ras= S5 . 95

83
E=1s3
sS4
=2
S0
ve
TS HTLIF+D s

Ta
=
Kiel
53
[=1s3

B [N I | =

23 @

Speech-act Classification

+ The Weight of Features (Ko et al, 2012)
» The problems of previous feature weighting scheme
= Data Sparseness Problem in small size of Categories
» The new feature weighting scheme
= Step 1: Construction of two-level Speech-act Hierarchy
= Step 2: Shrinkage-based estimation of feature probabilities

» Two-level Speech-act Hierarchy

Parent Child

Agle-if
Asle-ref
Aisk-confirm
O ffer
Suggest
Reguest
Accept
Response
Reject
Acknowledge
Expressive
Type3: Utterances with a spealker emotion Promize
Closing
Opening
Introducing-oneself
Correct
Inform

2 @

Typel: Utterances of request type

Root Type2: Utterances of response type

Typed: Utterances of usually life

12



Speech-act Classification

+ The Weight of Features
» Shrinkage-based Estimation

P(fls;30,)=2%6 + 236 + ..+ 256

Jt

AFypet.accept

ROOT
PoeCra/np” | root)
e ~~
o 7 \\‘
AZpet.accept — \\\\‘
TYPE1 TYPEZ2
P eCria/inp” | lypel) Py eCrra/np” | lype2)

ACCEPT - - e = -
P ra/np” | accept)
Psnipimkace Crra/np” | accepl) = ANiynaiaccenr P eCra/mp” | accepl) +
2onet accent Prac(T72/0p7 | typel) 1
Alpet.accept Prae("7a/np™ | root)
25
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Speech-act Classification

+ The Weight of Features
» Parameter Estimation on EM

Initalize:

Set the A; ’s to some initial values, say ,lf,— = FIJ
Tterate:

1. Calculate the degree to which each estimate predicts the features f, in the held-

out feature set, /7, frora speechacts 5; :

s ~4 2
il
By = ,,EE P(&% was usedto generate ;) = “,E, 41};‘9:‘:— [&3]
v L (3 L ZM

2. Compensate the degree for loss that is caused by large vanation of each degree :

2 ou B3
m

B =80+ ®)
3. Derive new weights by normalizing the &'s :
i
2% £; I}

Terminate: Upon converge nce of the likelihood function

26
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Speech-act Classification

+ The Weight of Features
» Result of Parameter Estimation on EM

# training Speech Acts Mixture Weights
documents | Root | Parent Child Foot | Parent | Child
Aakeref 0229 032 0.39

Trpel o eest | 0257 | 0275 | 0.467
250 Root | Type2 | Expressive | 0.263 | 0.335 0.4
Type3 | Reject | 0.259 | 0.269 | 0.47
Typed | Inform | 0.297 | 0.336 | 0.366
Tunel | Aekef | 0282 [ 0.295 | 0.422
FPEL | @ugmest | 0.217 | 022 | 0.562
B340 Foot | Type2 | Expressive | 0229 [ 0279 0.4a
Typed | Reject | 0.212 | 0.215 | 0.571
Typed | Inform 0.26 | 0.332 | 0.406

» Feature weighting scheme for SVM
w, =1.0+P(f; |s,:0,)
27 c)]

Speech-act Classification

+ Experimental Results
» Shrinkage-based feature weighting scheme

N B =W
Baseline 5.1 85.95
Shrinkaage T SE.D

86

s4

52

ig
5 B Shrinkage

WA
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Speech-act Classification

+ Experimental Results
» Shrinkage-based feature weighting scheme

|+SHFHNKAGE —= NO_SHRINKAGE distribution of speech act|

A

29 @

Speech-act Classification

+ Experimental Results
» Comparing Other Methods
hAERA H hAbA ME S
21.9 21.5 774 26,5
E==]
a6
a4
g2
g0 ——
s —
TE ——
74—
K=
FAER HbAR ME S
30 @
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Speech-act Classification

+ The Weight of Features (Ko, 2012 and 2015)
» Category Distributions of Features

» Binary feature in Speech-act classification
= Simpler but more effective than other schemes such tf, idf, and tf.idf
= Why? An utterance is much shorter than a document

» Two weighting schemes for the classification cases with the small number
of features

= 1) Apply to the entropy concept to estimate the feature importance with all
category distributions of each feature

= 2) The ratio of positive and negative category distributions

31

Speech-act Classification

+ Category Distributions of Features
> Estimation of feature probabilistic distribution for categories
= ELE (Expected Likelihood Estimator)

N(fi.c)+05
P(flhj}]: 7 {ft ‘I) 2
Sy Nife.g)+05 x |V

- N(f. ) +0.5
P{fl'g) = 1] . _J. 2
i N(fe.g) +0.5 < |V]

» Entropy value of Category Probabilities (ECP)

MaxEntropy

ECP(f;) = : ;
— ¥ PGlf) logP(1fi)

MaxEntropy = — Z‘Ii'] Pyniorm (67) 108Pynirorm (67)

= ZJ.Z] 1 logh =log|Cl,

32
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Speech-act Classification

+ Category Distributions of Features
» Log-Odds Ratio (LOR) of positive and negative categories

P(fi
LOR(f;. ;) = log (P&E; —a),

» For test utterances

TW(fi) = n}axLORU'.—. G
7

+ Traditional Feature Weighting Scheme

oo 1 itz
blnary,}_(o ifef=0

[ty =1
%i=10" =0

iaf, = [loe () Hefy=1
0 ifefy =0’

ay_ |08 (&) =1
[f.ldﬁ)—[DJ (HE) H’rf;:l)'
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Speech-act Classification

+ Experimental Results
» Two Data Sets
= 1) RES: Hotel, Travel, Airplane Reservation

= 2) SM: Schedule Management (New)

v' SM-11: 954 dialogues (22.3 utterances per a dialogue and 11 speech-acts, 23,310
utterances-17,054 for training and 4,256 for test data)

v' SM-8: 8 categories after removing 3 rare categories

» Performance Comparison of Conventional Schemes

SVM k-NN

Micro-avg F1I Macro-avg F1 Micro-avg F1  Macro-avg F1

RES Binary 85.72 7584 79.82 7141
tf 853 756 78.01 69.15
idf 8541 7577 7734 60.46
tf.idf 8463 7488 7713 70.59

SM-8  Binary 94.31 85.94 90.8 85.17
tf 94.17 EB.48 90.52 8477
idf 94.09 B834 B9.42 B4.46
tfidf  94.09 E8.54 B9.42 8433

SM-11  Binary 4.1 73.27 90.34 6142
tif 94.00 73.00 90.01 60.9
idf 94.08 7324 89.38 61.29
thidf 9396 7316 80.26 61.16

34




Speech-act Classification

+ Experimental Results
» Performance Comparison of the Proposed Schemes (ECP and LOR)

SVM k-NN

Micro-avg F1  Macro-avg F1  Micro-avg FI - Macro-avg F1

RES Binary 8572 75.84 79.82 7141
ECP 86.39 75.06 2018 7165
LOR 8515 76.71 823 7449
SM-B Binary 9431 28,54 50.8 8517
ECP 9478 5943 91.63 BG14
LOR 93.18 8831 91.93 8712
5M-11  Binary 941 7327 9034 6142
ECP 9467 73.79 91.33 7116
LOR 93.04 7278 91.7 71.99

» Performance Comparison of the Proposed model and other Models

Classification model Classifier Micro-avg Fi
Choi's madel MEM B83.57
Lee's model HMM with decision tree 815
Kang's model SVM B84.52
Proposed model SVM 86.39

35

Simultaneous Recognition Model

+ Traditional SLU Model
» Pipeline Process
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Simultaneous Recognition Model

< Problems of Traditional SLU Model

» Error Propagation
» Duplicated Features, Not share useful features

» Required 4 different classifiers

+ Solution of these Problems
» Simultaneous Recognition model (Ko et al, 2015)

+ Example of SLU Recognition

AFE2L a2 F82 L0 HY?

4| : X2 / Time , %2 / Location
248 7| 2™ E [ Temperature_Info

S2t 1 23| / Lookup
Stal 1 231 / Request

Simultaneous Recognition Model

+ Pseudo Tag Addition Method for Sequential Analysis

» Different Recognition Units
= POS Unit for NE
= Sentence Unit for Object, Operator and Speech-act

ne

OfLt i9y?

A8 et A3 e

7h4 B S0l WS S ALSA Wik

2"
[SA] [OP] [0B] Z|2 22 0fLt Ci9y?




Simultaneous Recognition Model

User utterance
S w22 2OLIE A2
How hotis it in New York now ?

POS tagging
Matched NE
Dictionary

<

SA = Speech-act, OP = Operator
Attached the New Tag Addition Method

20t k=)

(MAG) (va) (Ec) (sr)

TG= Target
wn
--{ ) ][(a Locatm]{ o ][
York
How Hot
--{m, }[m]{m}[ an J o Hmm}[ & ) 5]

e\plZZA filte .t F)I

Performing SLU using CRF
P(T W)=
?GlOP:F;;\ NE dictionary “Basic
features [T features [T features
After performing SLU using CRF, User utterance with NEs, target, operator and speech-act
sA op ) =1 10 =) of 2
(Wh_guestion) (Lookup) (Temggatme Info) B»l'xme 8§ enbion (m (MAG) a) (EC) (sF)
v.m
et o e =) :
(wh_guestion) (Lookup) (T emggame Info) (wlm) (JJ) (\mz) (vm’) (lll) B ) (- mm" (8-Time) (6]

Simultaneous Recognition Model

+ Example of Simultaneous Recognition Result for SLU

A8 2t et
2.2 oLt oig?

AF =

it

JHL =2

2| Z/MAG 72/NNP+2/JX A0tL}/MAG B /VA+OL/EC+?/SF

o

7HAIH At 02| & BIO EBj1 B2t
2| 2/MAG [52/NNP/B_Location]+&/JX ZOFLE/MAG & /VA+OL/EC ?/SF
7H B Bof B Ag
[SA] [OP] [OB] 2| 2/MAG +-2/NNP/B_Location+2/JX QOHLY/MAG &/VA+O/EC ?/SF
845 CRF 2212 EO|E JHHH

[SA/Request] [OP/Lookup] [0B/Temperture_Info] [Z]|-Z/MAG/B_TIme] [%2/NNP/B_Location]+2/JX
A 0tLE/MAG/ & /VA/+OL/EC ?/SF

BYSY, SN A B

40




Simultaneous Recognition Model

+ Three Feature Sets for Simultaneous Recognition Model
» Example of Utterance
= A FE2 GO O YT - HAE AR OHR] - wS

= XIZ2/MAG = =/NNP/B_Location+2/JX & 0tLI/MAG &/VA+0L/EC+?/SF

> Basic Feature

SR e B YRS J|E0 AT BEQ ARIZ

- T 9 Feh ofBl/E1 Hx >2 7I T OfFl -
FE of2l/ef 1 i3t S13(6l SELAT ~LE" O %O (-1,0) (0,1) (-2-1,0) (0,1,2) (-1,0,1) (-2,-10,1)
2 (Ex. A =9 FE47F 7" @ B e g FaL (2,10,1,2)
F2/NNG) A2 2P

HA HHl4 off] YA 27|20 A HEQ AR
28 7 EjA 0f3] R -
(-1,00 (0,1) (-251,0) (0,1,2) (-1,0,1) (-2-10,1)
LEE] (-10.1,2) (-2-10,1,2)
| B Hefla 0fF] YA AT BHESIT

>
il
-
2
N
[en

oz 1 o2 R8/NNP+2/IX OfRe] XS 9IX/0|az
(Ex 23 FE|A FE{AI "L2/NNP” € HQ pren) StartO|d, Start, Continue, End2 4
(A3/-1+58/0) (F8/0+2L0OMLN) HEj4 E{1 / OfF Z0]
(null/-2+212/-152/0) ... A HEj4 B9 HEjAS ZHSHs ofH| 20|

4 {r @>

Simultaneous Recognition Model

+ Three Feature Sets for Simultaneous Recognition Model
» Example of Utterance
= A FE2 GO O YT - HAE AR OHR] - wS

= XI2/MAG ==/NNP/B_Location+2/JX Z0LH/MAG &/VA+OL/EC+?/SF

> NE Feature Sentence Feature

B QA9 AT A AR E e HRE A A B R S

AT A A | HO WERA OE/EUAHY AES HUE AR (Ex_ oA Z5i0fAe "HVAOIECT
igram AR

o Zeh+ 013 Al el i OfF |
(Ex NGB Location) Unigram (3 (Ex 1B, 9, 2 @O B 01 P
A A7 FEf4 7|F0= 0 Y|o] AHY Y E— 2 —
- o S S ARG 26 e oala Al el el Of/E L Bigram A
oA et =3 g ap | (B BELS OIF S A2 58, 42 2 2 wony )
= A - vo igram Af2!
ol ﬂ_EHﬁBI J44Y “B_Location”E AR E AR g (Ex. 14 F9  MAG_NNP. NNP. %, JX_MAG)
i 230 29 A2 S 35 A1 w10 el Ofen T Trigram AW

HEHA O3
e B8 A2 (Ex. 43 23 “SN B Location’) Se o/

Y Trgram A2 (Ex. FE4 0131 : AZ_H3_2, £8_2 Wt )
4

O A2 £4 MAYE2 4 =HRlqMT Los ( . HEi~ E13 0 MAG_NNP_JX, NNP_JX_MAG.)
SHOE Qlsh AE A WSO ST (9, LA, 2. ] A
|EPE2 A 0|71 AFLEM ERYSIH True, ZAGIEA| U2H False

(Ex. 3| EOME “ROIL"7F ZA4SIE 2 “True”

42 /@>
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Simultaneous Recognition Model

+ Experimental Settings
» MADS (Multi-Applications Dialogues for Smart phones) data set
= 6 domains: weather, clock, alarm, schedule, exchange and traffic
= 1,925 utterances, 8 NE, 28 objects, 5 operators and 6 speech-act tags
» Five-fold cross validation and CRF (Mallet toolkit)
» Accuracy in utterance level
» Paired t-test and Wilcoxon signed rank test

+ Performance Comparisons

B Simultaneous recognition framework M Pipeline framework

100 m Simultaneous recognition framework m Pipeline framework
97.41973 9782974
84 23,41

g a
B £e1
] & 79.51
2 g
g =
2 =
q 3 .

T 75

NE Target Operatar Speech-act Accuracies of entire SLU on the utterance level
“ @

Simultaneous Recognition Model

+ Processing Time and Significant Test

Test Data
Proposed Framework 15 sec.
Pipeline Framework 19 sec.

Proposed vs. pipeline

Paired ftest 0.00001

Wilcox signed rank test 0.021

+» Comparison of Other Method (Jeong and Lee, 2008)

NE+Speech-act All (four components)

Proposed Framework 90.61 83.48

Triangular-chain CRF 87.07 16.4

44 /@>




Deep Learning for Speech-act Classification

+ Word Embedding (Ko et al., under review)
» Train with 31 billion lexical from several corpora in Korean
» Vocabulary Size: 100,000
» Dimension: 64
» Two Approaches
= Ranking-Based Word Embedding (RBWE)
= Continuous Bag-of-Words (CBOW)

input projection hidden output input projection  output
Wz Wea [
] sum
e L
Wi Wy
g(sd) or W L
gls"d)
Wi OF W, Wiz E
RBWE CBOW
45

Deep Learning for Speech-act Classification

+ Convolution Neural Network (CNN)

wailt
for | TV |
the
video -
and T T T 11
do 11 4
n't '
rent | I 1T 1T 1 H
it

s

46
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Deep Learning for Speech-act Classification

+ Distribution of the Training Data and Three Types of Test Data

RES SM-8
Train 8,349 17,054
ALL 1,932 4,254
1,494 4,036
No-OOV
Test 7% 95%
438 218
In-O0V
23% 5%

o ®

Deep Learning for Speech-act Classification

+ Experimental Results

SFM DBN RBWE (:BOW
Micre | Micro ER Micro ER Micro ER
ALL 84.9 86.2 8.6 87.0 13.9 86.7 11.9

RES | Ne-00V 85.3 86.9 10.9 874 14.3 87.3 13.6
In-00V 83.8 83.8 0.0 87.4 22.2 87.0 19.8

ALL 93.1 92.1 -14.5 94.8 24.6 944 18.8
SM No-00V 93.7 924 -20.6 95.3 254 948 17.5
In-00V 81.2 87.6 34.0 92.2 58.5 86.2 26.6

STM DBN RBWE CBOW
Macro | Macro ER Macro ER Macro ER
75.7 78.0 9.5 85.4 39.9 85.0 383

713 79.8 11.0 87.0 42.7 85.6 36.6
70.0 65.7 -143 §6.0 33.3 85.6 52.0
85.0 815 -233 92.6 50.7 91.5 433
85.7 823 -238 93.1 51.7 923 46.2
74.4 76.7 9.0 87.6 51.6 80.7 246

s ®




Deep Learning for Speech-act Classification

+ Experimental Results
RES SM
unigram 84.9 931
Ll unigram + bigram | 85.3 (+0.5) 93.1 (+0.0)
REWE unigram 87.0 (+2.4) 94.8 (+1.9)
CBOW unigram 86.7 (+2.1) 94.4(+1.4)
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OOQV Handling Module

< How to handle OOVs from Speech Recognition (=& &4 &)
» OOV detection module
» OOV correction module

+ Necessity of OOV Handing for SLU
» Output of speech recognition is the input of SLU
» Very important for obtaining the accurate results of SLU
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Simultaneous Recognition Model
+ Example of OOV Handling Process
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< Performance of OOV Candidates Detection

550 £8 5 45 (CRP) (%)

25 S Qrat ge A2
90.24 93.21 96.82 93.58 96.67
<+ Error Reduction Rate of OOV
A 0| 520] FME (%)
s LA | =2 | A
58.07 34.04 34.40 44.61 52.57
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Simultaneous Recognition Model

+ Reconstruction Rate of Speech Recognition Results to Original
Sentences
24 AUA 227t QL= E 2L UX|E (%)
s L ot 28 A7
S Q1A At 67.6 71:2 72.93 57.76 66.5
0|550] %2
HEg
+=345t0] 9= 85 78.27 79.19 72.02 81.4
A== o oA
23
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