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171 LHE - st amA 7%
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171 LHE - st amA 7%
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171 LHE - st amA 7%
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171 LHE - st amA 7%
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U7 LI

CHet IHA 75

\/
% To|E| 5
slot
XtAl | Dialogue N =%
aody ¥ABMBR| MZ | WM | Nz | o® | ok ojeem s Fa | 00| EW

1Kt 192 7 561 374 686 531 530 483 201
2Xt | 306 12(6/6) 725 645 2242 720 721 581 429 40 244 268 117 21
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4Xt 1 210 12(6/6)
skt | 2dE | 12(6/6)
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Question Answer

n2{Cistn NLP&AI Lab.
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Q171 742!
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* Sequential Short-Text Classification with Recurrent and
Convolutional Neural Networks

A joint Model of Intent Determination and Slot Filling for Spoken
Language Understanding

 ONENET: Joint Domain, Intent, Slot prediction for Spoken Language
Understanding

 Attention-Based Recurrent Neural Network Models for Joint Intent
Detection and Slot Filling
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0151 LHL - Introduction
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0151 LL - Dialogue Breakdown

o AR AIAR] ALO|S] CHRIO[M ZHO| SFO| A AFFO| I Of4)
CHet S0 & =+ g =le 4
» Dialogue Breakdown Detection (Walker et al., 2002)

= A|AHBIO| &30} Dialogue Breakdowns RHot=X| BMMHGH= 2
(Martinovsky et al., 2006)
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0151 LL - Dialogue Breakdown

System
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L - Motivation (1/2)

o Lz} A|AHILHO| Breakdownolt'e**H = 0|
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o171 LHE - 917 LHE - Motivation (2/2)

e Breakdown detectionS &|ot 7| & HIHH=2 hand-crafted feature=
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01-1 LHE - Proposed model

« Temporal Utterance Encoding model
= End-to-End

= Memory Attention (memory network based)

o X|Qtot EE2 LSTMZ 0|86t CHtLHOf| AFEXIR) A|ARIC| &otE Q17
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01-1 LHE - Proposed model

LSTM

= (OO0 O OO0 ——

ut [ “My day was ok”

st [ "How was your day?” ::|
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Attention weight

-
P
i
s
’
!
1
!
i
s
A
-

Embedding B

st: system utterance at time step t
u: user utterance at time step t
{m?}: system memory vectors
{m?}: user memory vectors

Attention weight

e
e Y

softmax
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O01-1 LHE - Dataset

« DSTC6(Dialog system technology challenges)

« DBDC3 dataset for training
= |RIS-100, TKTK-100, CIC-115, YI-100 (English)
= Dialogue 4157}
= 20 = 21749 etz 14l dialogue

= 2F system utterance0|| CH3H AFEEO| M| 12| label (Non breakdown, possibly
breakdown, Breakdown) & EfQ 50 voting

 FEvaluation dataset
= |RIS-50, TKTK-50, CIC-50, YI-50
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0121 LHE - Evaluation

» Baseline - CRF(Conditional random field)
» Evaluation metrics

» (lassification-related: Accuracy, precision, recall, 1

= Distribution-related: JS divergence, Mean squared error
e H|m 2=

= X[otet BRI - TU(no memory net), TU+S(system memory),
TU+U(user memory), TU+S+U(sys+user memory)

= KTH-LSTM, SVM
= PLECO -Memory network
= RSL17BD - ExtraTreesRegressor
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O1-1 LHE - Experiment results(1/3)

 (lassification-based
= TU+S+UOA 7|E REIECH FOH 452 EY

Model

Proposed model
CRF Baseline  Majonity Baseline KTH run? PLECO munl  RSLITBD run2

T TU+S TU+ TU+5+0

Accuracy 0458 0464 0467 047 0.4285 0.3720 04415 0, 2950) 04310

Fl1(B) 05146 0532 (1,533 0.556 (L3543 0.3343 02949 03636 0.3201
Fl

FlIFR+H) 06737 06906 06679 07441 0.7aT22 053927 (. 7440 08744 (0. 2diW)
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O1-1 LHE - Experiment results(2/3)

» Distribution-based

- J|E 22O 90| M FoS

Muodel

Proposed model
CRF Baseline  Majonty Baseline KTH run2 PLECO runl  RSLITBD run2

TU TU+S  TU+  TU+5+U

JSINNB.PB.B) || 00775 0.0749 0075 00A76 {1,440 00393 (L0481 0.0714 0.0412
JSD 1 JISDiNE PEB+B) || 0056 00483 00478 00536 - 02687 0.0237 0.0267 0.0427 00256
JISDINB+PB.B) || 00375 00388 0.0367 0.0 (1.2985 0.0257 (L0262 0.0535 00225
MSENB.PE.B) (| 0.0452 (L0435 0.0432 0.058 (0.2185 00224 0.0281 0.0415 0.0241
MSE | MSEINB,FPB+B) || 00651 00567 00561 00622 0.2171 0.027% 0.0315 0.0455 00,0301
MSE(NB+PB.B) || 0.0413 036 00413 00707 (.2578 00264 (L0256 0.0632 0.0246
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O1-1 LHE - Experiment results(3/3)

e Qualitative evaluation

= Memory attention distribution(TU+S+U)Z 0| &%t

A Bt

Role Uttreances Memory Attention Distribution
| I user memory | system memory

Userl Hello how are you? I 0.004
System1 | Hello, I really like movies. how about we talk about movies? 0.063
User2 That sounds good i like movies. what is your favorite movie? | Il 0.0365
System2 | Hello, I really like movies. how about we talk about movies? 0.063
User3 That sounds good i like movies. what is your favorite movie? | Il 0.0365
System3 | Ok. Let me know something you're interested in. 0.178
Userd I would like to talk about movies. Il 0.0366
System4 | Ok. Let me know something you're interested in. 0.178
User5 I would like to talk about movies. M 0.0366
System5 | I like pop music. 0.258
User6 Do you like avril lavigne? I 0.849
System6 | I like pop music. (Dialogue break down) 0.258

Table 3: Example predictions of user and system memory attention distribution on DBDC3 task.
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0121 LH-E - The Ultimate goal

- ATTACK FOUND BY Al!

Predictive Protection
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0121 LH-E - The Ultimate goal

« A system that anticipates attacks and automatically reconfigures
for protection.

« Real-time conversation monitoring for
= Social engineering
= Cyberbullying
= Fake news etc

* Threat detection systems that learn to learn
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0151 LHE - Powered by Learning

** Yet Another Threat Detector
.
 Data with labels

4
* Debate about techniques

Training Algorithm

L Trained Model Researcher/Scientist

l Updated Classifiers

* Rely on data scientists
= Feature engineering

»  Updates & tweaks
“ Primarily by automation

Yet Another Threat
Detector (YATD)

J

A

. -

Ve
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O01-1 LHE - The Actors

Abundant Leading
Features Techniques
Data Experts

9 Trillion rows of security data * Dedicated organization e« Static attributes » Ensembling

4.5B queries processed daily of experts  Dynamic behaviors  Boosting

from 175M endpoint devices * World renowned attack ¢ Reputation  Sequential Learning
2B emails scanned daily investigation team * Relations  Deep Learning

1B previously unseen web » Centuriesof combined * Sequential state » Automation

requests scanned daily Al experience.
Outputs from other systems
and products
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0121 LHE - The Tools

e Supervised or Unsupervised Learning

» |nthe field of malware classification many of the techniques used to
implement supervised or unsupervised Machine Learning offer
significant benefits in terms of accurate and fast classification of
malware with very low False Positive rates, but it does require a large
training base, extensive data expertise and resources.

= Supervised: Malware classification, Spam identification, MLSec project
on firewall data

= Unsupervised: DNS analytics, Threat intelligence, Tier 1 analyst
automation, User and Entity Behavior Analytics.

e Deep Learning
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0121 LH-E - The Challenges

e Ransomware Evolution
o Al Expa nsion 2017 Android Samples Distribution
 |OT threats

PUA samples count
 Blockchain 23%
e Serverless Apps
 Network traffic data

Malware

e Real time scenarios

e Adaptive attacking behavior
« Anomaly detection for cloud servers
« Testing deep learning based intrusion detection
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0121 LH] - Future Direction

* Reducing training and detection time
 Real world scenarios

» Qutlier detection algorithms to take into consideration the evolving
nature of threat

» Integrate file specific behavioral detection into endpoint anti-virus
systems
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Topics Documents Topic proportions & assignments

gene 0.04

e OG Seeking Life’s Bare (Genetic) Necessities

vy COLD SPRING HARBOR, NEW YORK—  “are not all thar far apart,” cspecially in

How many genes does anjorganism negd to - comparison to the 75,000 genes in the hu
une, notes Siv Anderssor <

f survive] Last week at the genome meeling

here,” two genome researchers with radically University in 3
different approaches presented complemen- . 804
life 0.02 tary views of the basic genes needed for life
evo]_ve 9 91 One research team, using c MTPUTET :m:tly
Organ1sm 9.91 LIl Y] Ll‘|'|1[‘:l|(. Llll’\\]l LCnomes, Ll)]lLllll{Ld maore .

number:

[h:l'. [l‘\.]:l\l‘- DIEEETHSINS Cian |‘L' \LI‘-[.\'I][CJ \\'llh *L'L|'.IL"I'.L'L'\1. ..]1 may De a way \’f Organizl

s just 230 senes, and that the earliest life forms— any newly sequenced genome,” explains
required a mere 128 genes. The e Arcady Mushegian, a computational mo
\_//— other researcher mapped genes 47 “'\\ lecular biologist at the Natiaggl Center
ma "implu parasite and esti _,/ : Y for Biotechnoloey Information T_F
mated that for this organism, | gename 1 in Bethesda, Maryland. Comparing @
1709 s :

800 penes are |\|cnty todothe

bra1n e'a-" Jnh—hul that :uv_.1hin‘_I short ll\. E
neuron 0.02 of 100 wouldn’t be enough. \ S g
nerve 0.01 Although the numbers don't 2 | i ET, L LT, L N
e match [‘rcu-i.‘ly. those |':"\'\|'.i.||'. NS Mycaplnsmn _.: ;7.“., | %mt | ;L’i,., f
'-\miglm , i \ﬂhjj _:-5:-_" E:

\_/_- * Genome Mapping and Sequenc- - )

ing, Cold Spring Harbor, New York, Stripping down. Computer analysis yields an esti-

May B to 12, mate of the minimum modermn and ancient genomes.

data 0.02
number ©.02
computer 0.01

L
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SCIENCE = VOL, 172 = 24 MAY 1998
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0121 LH-8 - Latent Dirichlet Allocation(LDA)

o LDAZ?

= | DA(Latent Dirichlet Allocation) 0TI 2A0] CH8HAM 2t 2EM = Ot =H|S0|
ZEISH=X| 2HEX 0 2 FE38H= Topic Modeling 7' & SHLFY

[ LDA 22 of|A| ]

Document 1: | had a peanut butter sandwich for breakfast.
Document 2: | like to eat almonds, peanuts and walnuts.
Document 3: My neighbor got a little dog yesterday.
Document 4: Cats and dogs are mortal enemies.
Document 5: You mustn't feed peanuts to your dog.

4

LDA B2 S8 SA0A LIEL = 02 FH|1S L2
[LDA Z1}]

* Topic 1: 30% peanuts, 15% almonds, 10% breakfast::- (-> food 2} 11 S{Ad)
e Topic 2: 20% dogs, 10% cats, 5% peanuts- (->&=0|2t11 lj4)
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0121 LH-E - Latent Dirichlet Allocation(LDA)

o LDAZ?

= | DA(Latent Dirichlet Allocation) =Xl 2A{0]| CHBHA] 2

1 —
ZXst=X| &EX 0 2 FE5H= Topic Modeling 7|8 & St
[ LDA 2 CGflA] ] [Topic Z2i]
Document 1: | had a peanut butter sandwich for breakfast.
Document 2: | like to eat almonds, peanuts and walnuts.

2N Ol RIS

» Document 1 and 2: 100% Topic 1

Document 3: My neighbor got a little dog yesterday. » * Document 3 and 4 :100% Topic 2

Document 4: Cats and dogs are mortal enemies.
Document 5: You mustn't feed peanuts to your dog.

4

LDA RE 2 S8 2A{0j|A] LIEH= o2 X2 gr2st
[ LDA 24} ]

* Topic 1: 30% peanuts, 15% almonds, 10% breakfast:- (-> food 2}11
« Topic 2: 20% dogs, 10% cats, 5% peanuts--- (->&=0|2}11 5HA)

» « Document 5 : 70% Topic 1, 30% Topic 2

ofi4)
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0121 LHE - Topic Modeling

«* Procedure

« TIH| ZMof| et HXE|2f Topic O] & =~ U= THo| M--d= 2Idh
K22 XISt

L- OO

am/is/are/of /a/the/but/..2t &2 = " =H|"0f CH3t HEDt
7| 20| MAHY

« 2 2AM UM SRt 2HQI HOE #1900 HO ZEfs HdY
«  2H 2A(d) oM 2t Bl wE Sol Adtet

= p(topict | document d): A H|A] topic(word)O| L2 H|Z(ZHE)

W1 W2 W3 | Wn

D1| o 2| 1] 3
D2 | 1| 4] 0| 0©
D3| ol 2 3| 1|
Do| 1| 1 3| o
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0121 LHE - Topic Modeling

“ Topic Model Definition

o ZH MK ZXO|A TopicE == E= FHo= A

Proportions " _Per-mfn:‘crln ot
parameter opic assignme
Per-document Observed ) Topic
topic proportions word Topics  parameter

e
OO0 OO
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0121 LHE - Topic Modeling

\/
000

SN EL XI5 & AlAH

B1M

| love this movie! I's sweet,
but with satirical humer, The
dialogue is great and the
adventure scenes are fun...
It manages to be whimsical
and romantic while laughing
al the conventions of the
fairy tale genre. | would
recommend it to just about
anyoane. I've seen it several
times, and I'm always happy
1o see it again whenever |
have a friend who hasn
seen it yal!

., Topic 1 o

.
Pesaaane®

A

.

L TP

anttt i,

and
SEan
yet
would

timas
sweat
satirical

ganre
Tairy
hurmor
hawe
great

e ® o
R W 8 1
§ e @®: gle
e s i m
% s %

"._. Topic 2

o~
s
o

.
s
.

. .
teapaann®

whimsical

adventure

5
5
4
3
3
=
1
1

LT

Ad

=
™™

Topic 1 Topic 2
A 0452  0.025
® 0032 0512

B 0.015 0.080

=)

L B NN

Tapic 0
Topic 1
Topic 2
Topic 3
Topic 4
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O1-1 A1} - Topic Modeling

ktop [~ /Desktop] - ... /KI5ATopic_Modeling/madefile_test.py [Desktop] - PyCharm

137 FireEye_Privileges-Credentials-Phished-Request-of-Counsel(06-06-2017).pdf.txt(top topic: 4)
138 ESET_Gazer(08-30-2017).pdf.txt(top topic: 1)

139 Intezer_Evidence-Aurora-Supply-Chain-Attack-CCleaner-Part2(10-02-2017).pdf.txt(top topic:
1)

140 ArborNetworks_Additional-Insights-Shamoon2(02-21-2017).pdf.txt(top topic: 3)

141 FireEye_APT28-Center-of-Storm(01-11-2017).pdf.txt(top topic: 0)




Character-Level Feature
Extraction with Densely
Connected Networks

n2{Cistn NLP&AI Lab.
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Introduction | Background
ISO{LE 242 B X[R101X{2] taskollA

« RIAHQI ZAt 9| featureE T

e s
Named Entity Recognition (NER), Part-of-Speech (POS) Tagging
Tt featureE &

Slot tagging &
State-of-the-art method=& H{H FEfZ= EX}

= -

St
|
» Hand-crafted feature
= Convolutional Neural Network (CNN) &=
= Recurrent Neural Network (RNN) &
O| = CNNOJ|L} RNNZt 22 Neural Network2 %*%&E UEH=S U=
St M=o 1o 2+a Ht
o= -1 0O [

° x
X|A|0|L} A2t EXfO| MR 0| LB E &t

—_—

Ojo
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Introduction | CNN

e Convolutional Neural Network (CNN)=
0|28} CHHZE 1AMt EXt2EH
feature vector AM

= Word embeddingzt &t o=z
2t BX}Z character embeddmgi EH et

» CHHE LAMSH= 2XH=9| character
embedding0i| convolution X& =,
poolingE AFE5H0{ THo] HIE] 4o

o M - HHO| LH n-gram| &A1} tHoq
HE D E21H0|D 2 QX| HEI| &A=

""""""

..................

M

W
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Introduction | RNN

* Recurrent Neural Network (RNN)=
0|85} Lt E 71d5tE A= R
feature vector 4+
= CHE LHSHE EX1=2| character
embeddingdl| RNN2 X 235}0{ £tof
HIE] 24

=  Word embeddingg EX6t= AHEt=2
AHE, 22 word embedding 20|
character RNNEZHS AL

. CHY - 2X12 a%H0 2 Halefo}
ofEE AlthSE0F =8

..................

""""""

M
W

apP
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Introduction | Contribution

* Densely connected network (i.e. feed-forward NN, fully-connected N
I’HT1I_LI:J|_||’EI Ia{vgrr eerceptron) | 23810 X0l BX} CHe| featureE '}'_F;oﬂ_Hl_
o X re)

e  X|QHE HftHO| XbX]

e Hand-crafted featurelL} data AX2|7| B QE}X| 42

 RNN/CNN CiH| #E At S5 E0FHM sk 2+

e EX O*Oﬂ—r taskO| :?OFEIII OfS - LOBlIHOof| Pt =XHSt= CHAEXE HELE
NERO] 20| 22| gazetteer - OKRIE ) 2.

 Contribution

« RIHEQI ZA0| 2EXQ X} Y| feature Mg S Kokt

o Ciof 2S Solf Motz 20| CNN 2 RNNEL} 2422 HFHo=z %

o DT | ?_—115_ NLP sk%?_l NER, POS Slot taggingdi|A| state-of-the-
(POS, Slot) =& J0j 27t (NER) A58 HY
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Proposed Method | Overview

o X|Ot=l HHHE2 Bag-of-Characters (BOC)E HIE O = of

= AL =M FEIt &4 5P| THE0 word collision 91440 /it
= \Word collision - M2 C}E THo{7} Lot vector EHHS 2= a4

0|2 557 flsl T E E2&dtL, =182l featureE 2}

= 0|, featureE2 25 £7 A10]/task0f| ZotE|X| &40 XASXHOE FE s

=X BOC, Xt =X feature, £F0| 20| feature= concatenate S
sparse vectors 444t

= O sparse vector= THO{OIC F &St HHSHX| S0 = £ g3 2ol IH

Sparse vectorE otLt2| hidden layer?t = densely connected
network2| Y2 2 AE3HA dense feature vectorZ MM

°
o
@)
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Proposed Method | Overview

0
D )
IIRIRENRERERNRENRRRNEND S 0%

HANEEEEEEEEEER

“research”
Eéing')?
@
%@

“researching”



Korea Univ. NLP&AI Lab. 2018

Proposed Method | Splitting Words

. 2ol ol Z2o R Hud
=  Word collisiong 0|7 &
+ o LEX|Qf n-gram SHIE EE, ot DHIE n-gramER BEEE
2 &t
—/ 4
 Byte-pair encoding (BPE) 21} SALSHX|TH BPE= 9|9| J4~2 THO]
£ Sehshe uiE ToHEl YRS Choftkole 2202 BaEle BN
= ConcatenationZt Densely Connected Network= 0|-&36}7| 20f €2t JH
A2 HSHS |. Ol ]IIA
T =
e 2t X212 BOCE 0|25t vector= izt
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Proposed Method | Splitting Words

Algorithm 1: Splitting word into £ pieces

Input : word w = (cy,¢a,- - - ,¢y,), n-gram statistics C,, ,, number of pieces k
Output: S = (s1,---,s;) where 1+ so+ -+ s, = w
1 S+ w
2 while |S| > k do
3 m = argmax Cy,,(¢c; + ¢it1)
1
4 S ( ;Sm—laS’m+3m—|—175m—|—2;"')
5 end
¢ while | S| < k do
7 | Append empty string to S
s end
9 return S
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Proposed Method | Character Order Feature

« BOCZ @It &t =X g7t &4E[E2, 0|F E5Y featureS 71t

o LC|X|E2 B Jtset 2= 2Xt= character-set (e.g. UTF-16)2 2 £ E
A2 #HetE + O, 0|0 L2} EX} 2 &=A H| W2} It

« ZO|nQ EX& T={c_1,c_2,, c_n}=FH Ol A0f| 2} C_asc (T)2f
C_des (T)& ALhet

o LI X2UE C_asc(T)>C des (T), C_asc (T)=C_des (T) ,

C_asc (T)<C_des (T) & otLI= 25|, 0| §EE 3X}& one-hot vector=
B

Liif e < cpaq Lif cp, > ¢4
+ ) +

Fasc(T; k) — { ) Fdes(Ta k) — {

0, otherwise 0, otherwise

n—1 n—1

Oasc(T) — Z Fasc(T; k) ) Cdes(T) — Z Fdes(T: k)
k=1 k=1
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Proposed Method | Word Length Feature

 Word collision?| 7M1 ZAE 2|8, 2 THo{E Ld5t= 2X1e| &
feature2 &&

¢ 0~202| =X}= one-hot encoding= 0| &6} vectorZ HPSHH, 202 XE
Z1ok= THol= 202X E F g
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Experimental Setup | Model

« Sequence tagging Bidirectional-LSTM-CRF 222 At2at

Input,_4 »

Input, »

Input,yq ©

ﬁb\lllllll HNEEEEEE EEEEEE
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Experimental Setup | Evaluation

ot
=

HIOHEl DS 39HO| taskE S3) HYHOR 2

Slot tagging

Ol

= Airline Travel Information System (ATIS) dataset A&

= B8432|slot label (BIO M2 =2 1275 2] class label)

Part-of-Speech Tagging

=  Wall Street Journal (WSJ) portion of the Penn TreeBank (PTB) dataset A&
= 4532 POS label

Named Entity Recognition

= (CoNLL-2003 dataset AE

= 439| entity label (BIO 82 = 9% 2| class label)
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Experimental Setup | Baseline Models

« CNN/RNNS 0|85t X T featureE - ddt= RES
baselineC E ALE

« =X TR feature dd HE 22l E= B2 = SO HE
|

« CRFlayers 2& X2 #H3t0]| CHSH robustdSA| THHE= 0| A B =,
D 2F X0 E 20150 | 2/8H baseline ™M A= CRF Ci4l softmax layer

AR

o
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Results and Discussion | Baseline Models

Method Task
Slot POS NER
Char-CNN 96.22 (SD 0.08) 97.68 (SD 0.03) 89.08 (SD 0.20)
Char-RNN 96.25 (SD 0.09) 97.68 (SD 0.03) 90.15(SD 0.14)
Char-Dense (Ours) 96.28 (SD 0.07) 97.69 (SD 0.02) 90.10 (SD 0.13)

e Baseline model=2}2| < H|n!. SD=standard deviation
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Results and Discussion | Baseline Models

97.775 90.50
97.750 90.25
97.725 90.00
97.700 89.75
97.675 89.50
97.650 89.25
97.625 89.00

Score
Score

97.600 88.75
97.575 88.50
Char-Dense Char-CNN  Char-RNN Char-Dense Char-CNN  Char-RNN Char-Dense Char-CNN  Char-RNN
Method Method Method
(a) Slot (b) POS (c) NER

. M5 BEIE LIERH violin plot. M2 quartileS LIERH
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Results and Discussion | Tagging Speed

1200 1140 499
1100
1000 969
900 867
816
800 776 745
685 696 1

700 63
500

Slot POS NER AVG

B Char-Dense m Char-CNN ® Char-RNN

o HEH tagging S H|W. (XY M| 22X =)
e XN|Qt=l 2EIO A RNN CHH| 16.32%, CNN CHH| 6.29% =T gFAFO| LIES,
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Results and Discussion | Comparison

Slot POS NER
Approach Fl Approach Acc. Approach F1
Mesnil et al. (2015) 94.73 Toutanova et al. (2003) 97.24  Ando and Zhang (2005) 89.31
Yao et al. (2014) 94 .85 Manning (2011) 97.32  Collobert et al. (2011) 89.59
Liu and Lane (2015) 94.89 Shen et al. (2007) 97.33 Huang et al. (2015) 90.10
Yao et al. (2014) 95.08 Sun (2014) 97.36 Chiu and Nichols (2015) 90.77
Peng and Yao (2015) 95.25 Moore (2015) 97.36 Ratinov and Roth (2009) 90.80
Vu et al. (2016) 95.56 Hajic et al. (2009) 97.44 Lin and Wu (2009) 90.90
Vu (2016) 05.61 Sggaard (2011) 97.50 Passos et al. (2014) 90.90
Kurata et al. (2016)  95.66 Tsuboi (2014) 97.51 Lample et al. (2016) 90.94
Zhu and Yu (2017)  95.79 Huang et al. (2015) 97.55 Luo et al. (2015) 91.20
Zhai et al. (2017) 05.86 Choi (2016) 97.64 Ma and Hovy (2016) 91.21
Char-Dense Char-Dense Char-Dense
w/o CRF (Ours) v6.36 w/0 CRF (Ours) 9773 w/0 CRF (Ours) 20.28
Char-Dense Char-Dense Char-Dense
w/ CRF (Ours) 96.62 w/ CRF (Ours) 7765 w/ CRF (Ours) o113
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Conclusion

o RAIHOI SA|0| 22X ZAt the| feature dd WS H[QI5I1S

o X[zl HIHE2 parameter initialization2] @&F= CNN/RNNO| H|SH0| A
A 2=

o H|QHEI HIHO EX HOL} taskOl| 2BHE|X| %O M generalizability?} 2
A S}
T O

e Future Work
= HX} 220 CHSH robustness AH

= Machine translationO|L} automatic text summarization? 22 =Jt&QI X}
AN X 2| taskd| H&



Structured “Image - Text” Mapping
for Bidirectional “Image - Text"
Transitions

n2{Cistn NLP&AI Lab.
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AT A - BAE L S8 29

* Image-Text processingl| =4|H:
= O|DX| - HIAEQS| H:
> H|FF) XA H2LE Q5 2F 7 U S50 i | &E
= HAE - Objecte 2

(@)
> HEIAET Hoddh= Cief(0|0]X])

|O

| 82 10| E0F Fiet =24 2t
=
=

O|x| %'c')'l'

L— - |

o =H:

= JIXXQI 0|0|X| - A E Embedded Map2 F#+=6t0{ L XXHQI 0|0|X| £ 1t
[ &4 12{5l= Semantic Text Embedding2 7ts71| ot= R&Q| 1=
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AL LAE - 28I U S 94

o O|IZI|X| — E-IIAEOl L

o 2i2f Deer, Zebra, Okapi

2|
ﬁ e
=AM Fal

 O|D|X|Lie] +~E2 Features& 24JotA| f5 0 SHHO| Xe|oHH A 42| = 2ot
=

o Ol 0| M= O|2{et Feature=2| 1AM 2MEZ HX|= RecognitionZ2
=gt
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o171 LI - 2XH U 28 A

+ BAEC| ZQ: iFOt T4 £40) CHSH Ofsh Hod

1 oT (@) D1
A: My fingers hurt. . ! : Object ZH& £ 0|5}
| A

B: Show me your hand. ? : Object?t ZHA|0f TSt 3t

« Finger2t Hand?t 7tX|= & WMt 255 £HS HAE HO|EHIICZ =

oOF XN HOS
= T HADO

*  Ol= O|O|X| FHM|ZNM = HFL} ST}, HAED = offd 40| ZHE0

L—

QrEfA Y= =X

e Bl 91710f| M= O|0|X| FeatureS2 Sdlf ElAE0| Object?t 7tX|=

S48 HefE 4 A B

|
=

2
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AL LHE - 2R MR

- R 0IE'III RHE 23| oW R
o Abstract
lcd
m) - | (oo
- J - J

Paired v

Image-Text

=d J >~

Image - Text Lexicon
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Q141 L& - Output

Z

Text Semantic

UL

Feature 01

}I

Feature 02
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Q1L LH% - o Ao

RGB channel seperation Edge Detection

* O|OJX| LiC| 2} Featurel| £ STzt & CHY=oho| 2{of 371X EHC =
O[D[X|E XMelet

«  Mc|E o|O|X|of|M EOotH XHES2 SHE Objecte| Feature= #22| 2Lt
CEASH



Korea Univ. NLP&AI Lab. 2018

i7l LS - & MY
« O|0|X| XH& ==

/ Dog 01 N\ / Dog 02 N\ / Dog 03 N\

Feature 02 Feature 02 Feature 02

reare 05
. /L N\ )/

\ J

|
Lo W W W]

Abstract Feature for Dogs

» Train a classifier that classifies features based on which object it belongs to.

« Based by this trained classifier, construct “Abstract Features” for each
class(object)
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AR LHE - 2 M

« Aligning with Semantic Embeddings
= The embeddings are based from BERT embeddings
= As each paired sentences contains similar contexts, so does the entities within it.

= Based by this we align the amalgamation of the abstract feature to become like
this.

— In other words, the amalgamation is used like a sentences used in BERT

=N =D
a2 Jl s+

LAbstract Feature for Dogs

[ Amalgamation = Embedding ]

Shared Semantic Vector Space

A Dog is chasing a ball
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e Experiment: Visual Question & Answering

= A setof images paired with questions which requires visual understanding to
answer

= A fair test for testing both Text-to-Image and Image-to-Text

— The model itself will be a pre-existing model, but trained with our vector space.

Who is wearing glasses? Where is the child sitting?
arms

man woman

Is the umbrella upside down? How many children are in the bed?
yes
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=
a5

 Contribution:

= Constructing a true bidirectional Text-Image semantic space that benefits both
Natural Language Processing and Image Processing

— Binding Text to physical information via Image Features

— Structural Image Feature Analysis/Processing via Textual information

e Futureworks:
= Asthisis only a construction of a shared semantic space...
— Generating Images via Text description
— Describing Image features via Text

ex) finding common features between 2 images and point out the different ones



Utilizing Dual Memory Network
with Domain Knowledge for
Goal-Oriented Dialogues

n2{Cistn NLP&AI Lab.
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System Action Templates

hello what can I help you with today

any preference on a type of cuisine

api-call <price> <number of people>
<cuisine> <location>

great let me do the reservation

here it is <info._address>

here it is <info_phone>

how many people would be in your party

I’mon it

is there anything i can help you with

ok let me look into some options for you

sure is there anything else to update

sure let me find an other option for you

what do you think of this option: <restaurant>
where should it be

which price range are looking for

you're welcome

SO|Ql K|ALS HHoi0] A| A
ST oM HZa 7

542 ofo| L|O|E{ 2, Cizt 2ol
8150] 7hs
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o171 LYL - o= njz2|= 08¢ CH3} O

il
2l

S
~

o ArEX} et AA” SH Y2t HS(rerpesentation)E /4ot
Ol A ALEAL ot O2E|, A|AH S5 HEE 2 13

o« FOTAREXA L0l tieh SE S SAl, 0| HIE2{0i| A o Zoto] 22
HE e X 1ot0] A|AE SH Y
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looking for”

‘I'm on it"

“How many people «
would be in party”

“which price range are

“where should it be”

“Ok let me look into
some options for you"

System Action
Templates System Action

Slot Tagger Utterance
Representation
Slot Value -

L . | Entity
ocation seou Features
Cuisine  korean
Number  <empty> Utterance

of people Embedding

Price {empty> Bag Of
Waords

|

)
[

)y

I'd like to book a table
with korean food in seoul

User

A

W3
Prediction
~®—W1 Wo2—@®—
U s
C3¢ C3t
/_H
O] ql q3
oty [ i
u 5
Cot X Cot
{1
@ g
e [N m
u 5
C C
Weighted sum Lt E 1t Weighted sum
/_H
LSTM
[] l:| l | @
User Memory Systemn Action Memory
Representation ht Representation
{m}'} prppp—— | {mgj}
eeeee )

o}

-

ol
23
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O1Z1 LHL - 4% oo|E

Dataset Task S Task 6
Training dialogs 1000 1618
Validation dialogs 1000 500
Test dialogs 1000 1117
Slot label size 4 3
System action templates size 16 58
Vocab size 3747 1229

Table 4: Statistics of the bADI task datasets.

* End-to-End ZAIQ| EX X|akN Lzt A|A- DRSS 2ot TIIE 0|
AL E|= bAbl HIO|E{E AR

+ 8 ClO|Efi= AlTt oflofol] Bzt ZHQl Bo|E)
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o pam LH-g- - Evaulation Matrix

 Evaulation Matrix

(Number of Correct Utterance)
(Total Number of Utterance)

= Per-response accuracy =

(Number of dialogs(every response is corret))
(Total Number of Dialogue)

= Per-dialogue accuracy =
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AL LHE - At 2 M

Task-5(00V) Task-6

Apporach Per-response  Per-dialogue Per-response Per-dialogue
(Bordes et al., 2016) 71.7 0.0 41.1 0.0
(Perez and Liu, 2016) 79.4 0.0 48.7 1.4

(Seo et al., 2016) 96.0 - 51.1 -

(Eric and Manning, 2017) - - 48.0 1.5
(Williams et al., 2017) 100 100 53.1 1.9
BoW 99.9 98.6 54.9 1.0
UE 99.7 97.3 55.1 0.9
BoW+UE 100 99.3 55.1 1.1
BoW+UE+EF(RB) 100 100 55.8 1.3
Proposed BoW+UE+EF(ST) 100 100 55.8 1.4
Model UM 100 100 55.5 1.8
1-hop SM 100 100 55.2 1.5
UM+SM 100 100 55.9 2.0
2-hop | UM+SM 100 100 55.7 2.1
3-hop | UM+SM 100 100 55.7 2.3

Table 6: Performance results of per-response and per-dialog accuracy on bAblI tasks. Key: BoW = bag-of-words
representation; UE = utterance embedding using a word2vec; EF(RB) = entity features representation with rule-
based entity names; EF(ST) = entity features representation with slot tagging model (section 3.1); UM = user
memory representation; SM = system memory representation. Experiments on memory hop(l to 3) were based on
utterance representation utilizing BoW + UE + EF(ST).

HetEE Ss



Adversarial Learning for
Natural Language Understanding

n2{Cistn NLP&AI Lab.
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AR LHE - 21218

+ Xiolof 08 B TS QI3 WHORL CRF, LSTMI 20| 2412
2felzlg 9Ist 20| §o| 0125\ YU
+ SIE|T02f3t UG B SAshME B2 Yol 2fHa B Clo|EE
Q2 3
O

o HIOIMER ECOQICZE RAZ 2SR I, 22 =010 TSt
H|O|E{Z CiA| 2 & SlOoFet (non-scalable)
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Q1L LHE - =rj a2 0|88 xt10f 0f3}

e Motivations
= MER Z0Ql(target) 22 A|ARS 2HSIIX; & Y, 2HAQUE 7|E =02
(source)| G|O|E{E &23}0] CHA

. "*EH otg= 0|80t & =0l = X
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O1-1 LH-E - Learning Shared Features

« Negative Gradient 2 0|83l Domain Classification Loss &&2

=1
Yol
oL
Domain Label A 26,
oL, oL, - oL,
Slot Label 90, Y1 90, Y2 Attention Sum g9 Yp
Bi1-LSTM State hg,1 hg_z """ hg‘T
oL, B )\aLd oL, _y 0Lg4 oL, _y 0Lg
00 s pg. 00 00, 00,
Word Embedding W, ° w, w

Multi-Domain Adversarial Learning for Slot Filling in Spoken Language Understanding [NIPS 2017]
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O1-1 LH-E - Learning Shared Features

« Random Prediction

- COQ EfES HEOP 2EorL, TRIZRE YAoK 2 = Q! 2fE
5

ZSE2 HO 2K TR A Bt

|0

vl

-/ O—

Aaversarial Adaptation of Synthetic or Stale Data [ACL 2077]

« & OHX[2| T|O|E| 0] (data shift) =XI& =7| 7loH ¢t
= Synthetic data => Live user data (deployment shift)

= Stale data => Current data (temporal shift)
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ool LHE - myot oy 1x

s
tag

[y

Source
Slot Filling
Model

4

58
*— 38 —~r—0
i

S
Lorth
A'

LQ

adv

|

Domain
Classifier

s
tag

|

Target
Slot Filling
Model

Input representation:
X,: Labeled source domain data
X,: Labeled target domain data
U;: Unlabeled target domain data
Parameters:
hs: Source domain-specific features
hg: Domain-general features

h.: Target domain-specific features
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o pam LH-g- - Adversarial Domain Classification Loss

 Adversarial Domain Claasification Loss

=09l 3R A St 2ot Hof 3t 287IS ¥

oTr
JHEH ot HHAlO 2 domain random prediction B S

ZEEH Q) d™i 0|ZA| Source =21 50%, Target =09l 50% &2
H':**Pﬂ 0% => HIO|H 28 H T H|O|E Q] Eﬂﬂ.o_'; H AE0HK| ZotEE
SO0| TIAE[7] 20 =0Q 58 XIAo| a5

L OTT

|.

- 1

ALY ., = — Y logp(d|hy), where 4 is coefficient
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O1-1 LH-E - Joint Optimization

Input representation:
X,: Labeled source domain data
X,: Labeled target domain data
U.: Unlabeled target domain data
Parameters:
hs: Source domain-specific features
hg: Domain-general features

h.: Target domain-specific features

Each epoch
1) Train source slot filling model with X; based
on hg and hy

2) Train domain classifier with X, X, U, based on
hy
3) Train target slot filling model with X, based on
h. and h,
End of epochs

%32

1Y)

|& 1] Joint Optimizationg S8 & M7 2

8

I'.:.;_I

0
>
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O1Z1 L - 4 ool

R ol

Train .
Datasets Slot Label/Unlabel Test Description
ATIS 127  4978/0 893 Flhight
reservation
MIT 17 766/6894 1521 Restaurgnt
Rest. reservation

[ 1] €9 HIo|H 4 8=

= Slot Filling 2& 2t&52 2[8l ATIS(2hS 0f|2F)2 MIT Rest. (A& 0|2f) HIO|EE
olg

= UEFMOl =Rl HE A =t et 2P 2=l Source =0|Q] H|O|H= S&
St Target =021 G|O|E{= 10%EF 28 al E|0{QUCt ] 1

=  Source =M@l : ATIS, Target =21 : MIT Rest.
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= Slot Filling 2&2| 45 H2}t= ?I6H f1-score metricg AtE
= TGT= AL ehz2 M E85HA| pi2 22, ADVE Al g2 %

n AS A A=01YM, 67.129] f1-scoreZ & =2 M= LEpH

|
|0

Target MIT Rest.
Source
TGT 66.10
ADV(@ = 1) 65.32
ATIS ADVQ = 0.1) 67.12
ADVQ = 0.01) 66.41

[ 2] HOf o5 YHS X8 =X M7 2E 85
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4| @14l (Named Entity Recognition)
A| AR Q11 SIOHY

n2{Cistn NLP&AI Lab.

21240
OO -
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O1°1L AJH - 149 QlAl

. Z2J

= J|E Yo =22 6tZ 7|8 XY QIAIA| AR base modelg 7|22 word,

— o
char, morpheme X2 883t BI-LSTM-CRF B2 712
. M2 HI0[EE 1X5104 7| E U H|0|E0f 2Tt 2 st
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0121 AJH - Bi-LSTM-CRF 7|Hte] JHA||2 QIAl meh

Create Features

I Backward

(T/;l)O o
Word
"1 Features W} B PS

concatenation

Morpheme
™ Features I > ﬂ) o
Training Data . | Char @Q o
Features T

1800 22 g2 Bt

r=
rin

r=
il
:

é
!
;

ot
é:
Q

fltok

« Word, Morpheme, Char EtQ|2] 2f2to] XtE S
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Q11 AJl| - 2= dojE{7|¥oz 7| 2o 3}t 8

>

Backward
=7} go|g| 1%

M )
oy il B
2 ? . ar

T G

: R ';,’rfi?«'-“;'{ X P B PS

H I "R
=o= H I © 'n s ? —
EE3HO0IH = i fj;’ g :'E;.! > J‘:\#Izj % concatenation concatenation
l

¥ Ly 2 ‘..‘ .,

| A 208 p || oz
i LS T AL
» €.% ’::' w'd A ;
 geglEn | W ?va!f-;.ue.#ﬁ?m} e o ) o
L AR Aaidg b AN SRR -
. o e o k. I‘ 4 ) .".“;?- 5 ¥ ":: . - ’3 Pr!.-tlaimd | > -
: 2 }f:‘.:".:‘:‘ ‘.‘; :: - : 'ﬁ\,p* %‘itﬂ lexicon Features
AR G
T MZE Embedding B o
7|E Embeddmg Features
Features E

forward

BI-LSTM-CRF

7|ZE embedding featured| 1= H|O|EE £} Q20 2 sH&8H0
MZ& Embedding FeatureE 44

MAMEl 242 J|= Bi-LSTM-CNN-CRF 20| Ql240 2 o As IJ}
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0131 AJH - R=dojg] 2o J|E o) 37} 3k

input> 1597 HQWH0| LojLixt #F

2 dESTSHAMIE =0 22 S0 EOL =M £22 CHiE - BHT
A CHOfsio] ®MsiAS MusiEn 23 0jY7| S

of F4t HAL.

output> <15973H:DT> <HEM2t:DT=0| LOLIx} HFS HELEIZEFAMI = <
DT> 2 <CIHE-EMZ: LC>0fA CHofsto] HMsizs dadstEn =t 0]Y97] 5

15973 DT
yeue o7
2= LC
=M DT
ooE-EEy L

« & NME AL 2ot

"JHAIE Q1A ZEIp "<1420F:DT>0f CHA| ESFO| LA S W= 10FHM <1423E:DT> 16210|RUCHF <1435E:DT> 0= 32Q07HX| 7+
Ch 7|5 =3t 2T guFo|d o, Mz, 23to| ™a| ArYQl IX A7t WA ALY 0| AR E|RUCH <=M BF:06>0| SSHHAM EBTHO|
Ozt A=0 2H7} &l =7t A EXQl HEte = HSHGICEH

- MZ2HME AL 2ot

ZHAIE Q14 Z1f:
"<1420H:DT>0| CHA| < H&H:0G>0| 42 EIAS
Oixlof a0l o2, M=, =ste| F2| Argel 1

7H 50 =2t EX QI HEe = Ho A" —
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Enhanced Sequential Representation
Augmented with Utterance-level
Attention for Response Selection

n2{Cistn NLP&AI Lab.

el
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Q171 LHE - Response Selection

=
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= 0S50

= AR XEQ| Multi-turn CHSHO||A] OFX]
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Q131 LHL - Multi-turn CHa} LY 23} oij

My skype doesn’t start, anyone knows why?

Skype is having an issue; https://twitter.com/#!/Skype &

So | can only wait?
At this time, that's what | suggest &

Thanks, better to know that its in progress than missing out. Maybe
skype has this problem with Ubuntu because MS bought skype

te (o (o

—_—

have you tried right shift?
2. there are several apps for data backup, after that do
. a 64 bit clean install

aB 3. Don’t bessilly, it’'s a cross-platform issue

o
>

Response .

Selection 99. It is cool, one sec

i 100. thanks for the link

Kummerfeld et al. 2018. Analyzing Assumptions in Conversation Disentanglement Research Through the Lens of a New Dataset and Model.
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AT LY -

I 22X (Context)2}
(Response)Q| £t0{=0|
STMe| ¢He 2 S0

« LSTMZ 5%t word-sequence 222
CHetr ek turnEB 2 01240HX| 857

20| s} 201X AL thgtel F2t
W2ro| i A0 EHE 4 9IS

Dual Encoder w/LSTM [Lowe et al, 2015]

- , h , , c=h

€1 ] G Y

o iy

ol

Mr)

A
- , hi ’ , r=h

M 2 Mt

Lowe et al. The Ubuntu Dialogue Corpus: A Large Dataset for Research in unstructured Multi-Turn Dialogue Systems.

In Proceedings of SIGDIAL, 2015.
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?_1—_|J- LH% — ESIM [Dong and Huang, 2018]

« NLI(Natural Language Inference) task
O-”*-I ElElo-Il—l_l- *C-)I%% E(I)_l ESlM E%% Prediction Layer [ Fuly Connected feed-forward NN _ |
Response Selection0f|AM AFE I =M 1
CHet 3 SE Zotel 2 HESS U | j ' i |
« ESIMO[EIO| DR AL F O & | |
ol 52| YEE HFSHX| 2 tizi(Dialog T o
Context)’r Utterance(Z=h) Eel2r ol [ 1 a4 -1~
oA otLre| £ ©R= S021| & [Ch=t = Tl ] -
L ote| 222 __eot_ (end of turn) NN Pt
EiOS AtEE] 5,
;:;t:;ﬁon Matching —|[a:4;5 — &80 4
- = REO|ME Oie Hot turnE 2 1185t -
X| QT CHat MK|E Stte| 2oz Hby) JUT T T
IHE0| CHot S 2t 2ok o] 200t of g bl L
2 3R EE &40 Y = US ‘ o AOEE
DL;;; e | 11D et
EﬂdinglCharE C1C2-.-¢j---Cm r1 T2 T Tn

Dong and Huang. Enhance Word Representation For Out-Of-Vocabulary On Ubuntu-Dialog Corpus. arxiv preprint 2018.
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0171 LHL - Multi-view [Zhou et al, 2016]

word-level gated recurrent unit layer .__—— word sequence view ———
R e aETne 1 e T T

— T

— T
Pw = U(Cw Wyry + bw)

.’.

r———————=—==-==-9

YY)

J
|

word embedding layer

XX

@00 {ee®
000000
000000
000 Heee®

OO0 O
@00-{000
000000

uttexan

O
=
jab)
>
Q
D
=
[y

temporal convolutional
layer with padding size 1

| o -

i @) ltterance |@ max pooling layer Response

i @ embedding u, |@ uZ embedding 7,

| T 3 -

e O = o(ca W, + b

! pu = o(c, Wyn, w)

. o N

I_ __________ l ___________________________________________________ 1. !
utterance-level gated recurrent unit layer T utterance seguence view —

Zhou et al. Multi-view Response Selection for Human-Computer Conversation. In Proceedings of EMNLP 2016.
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0171 LHL - Multi-view [Zhou et al, 2016]

word-level gated recurrent unit layer word sequence view

T e =Fe_  peememooozha T
o @ @ [ @ oiiﬂ“\\ GG
00000 0-0-0-0 p, = 0@, WFWRJr{W)L o- o-0
g. o o o o @ o o . @ @ O |
e T e ey
® O 0 0 e 0 |® o @ ® o

O O O O O O O O O word embedding layer o ©

o (o o)io||® ol|el @ ® .

a ncoder w/LSTM[Lowe et al. 2015]2| 21} H|==5}| CH=}(Dialog Context)2t

IoH(Response) YUH|E = GRU(Gated Recurrent Unit)2| YIEHO 2 ALE

20 CHSH LY wi3to] 152 DH0| shS A Qe a
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0171 LHL - Multi-view [Zhou et al, 2016]

CHet LY ol(Utterance) T2 ot& 2 LIS | 28 CNNE AHESIIS. 2F Hale| Convolved
featureE2 max poolingdto] GRUS| 0 2 AL, Multi-view R0 A= CHSIO| THoy, W3t £He|

= 9.*2%* = W& 2= 24

==

; 2otol it 22 B ofg0f S0 Y

word embedding layer

temporal convolutional

layer with padding size 1 i QOUO O

Utterance max pooling layer Resp:ponse | ®
embedding u, embedding 7 ®
- 1
: e
pu = o(c, Wy, + by) ! @
e
___________________________________________________ __;:::-—v Sommmmsmmmmmmeme

*—_‘_‘___E 3 .
utterance-level gated recurrent unit layer utterance sequence view
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?_1—_|-|- LH% - ESIM w/Utterance-level Attention

Softmax

!

Prediction Layer Feed Forward Neural Network

!

@ ,
‘ Concatenation
Q _

Max Pouling T

OB
Aggregation Layer .'! '. ” " . I

+

’ :-_. mr:‘l ?n52 mr:i mcp 2 mcp lmcu ..;
-v
C

T Z Weighted e k Wﬂghted
Sum L

Attention Layer ‘\

Pooling Layer

Q00000

.

BiGRU Layer

Word Embedding

Dialog Context Response Candidates

Utterance-level
Attention
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?_1:['- LH-g- — Utterance Representation

« Sentence Embedding

= 2o} LY o H|E 2] W+ (Avg. word embeddings)2f bidirectional GRU2]
hidden statesE g6t 0|2 &Het 28 UH|YO = AR

» Position Embedding

= Oz LHOIA 2 Hzl(utterance)=2| $IX| HE = OFX|2 &3S Of|F6H= H|of
ZQTHHHEZ M 2 912 HI510| position YH|E-E Vaswani et al. (2017)0]|
M K[QFSHE JrAInt S US| gt

- AN -

= J|& PF0M position YHITS YHO| Het 21 Fe| = A0 =
gt 2ot Arget

» User Embedding

= 5 AREAS| multi-turn it LHO|M = 2PXe| £ B ter SX0] &4
EXI=2 one-hot encoding@ & HIE{2t5H0 utterance feature= Af
advisor:[1,0], student[0,1])

|.

ot 2H At
Z(e.q.
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?_1—_|-|- LH% — Utterance Representation
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o ! LH-g- — Experiments

e Datasets
= Dialog System Technology Challenges 7(DSTC7)
- Ubuntu IRC (Internet Relay Chat) Dialog Corpus
« Ubuntu A|AE] LA Z/85H= X0l CHell 22 3 BHH5HE Ciet 2 A
= Advising (Flex) Dataset

- SPlo| .t S ofl o =& S X| Course Adviser0i|| ZAHE F15H=
CH=t Ci| O] E

e Task Description

= Task 1:5 100702 8H ot 2E 5 1He MHE 1=2=4A
» Task 4:Task 17} aLotX|2F HEO| 9= BLE US(NONE)
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o ! LH-g- ~ Experiments

Ubuntu Advising

Task Dataset #Avg. turns #Avg. turns
#dialogs  #tokens per%ialog #dialogs  #tokens pergdialog

Training 100000 221112 5.490 100000 5302 6.985

Task 1 Develop. 5000 117853 5.436 500 2433 7.234
Test1 1000 49788 5.588 500 2494 7.232

Test2 - - - 500 2332 7.166

Training 100000 220999 5.446 100000 5304 6.985

Taskd Develop. 5000 118229 5.431 500 2415 7.234
Testl 1000 49772 5.588 500 2466 7.232

Test2 - - - 500 2316 7.166
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o ! LH-g- ~ Negative Sampling

t(Dialog Context)OtE} 17H2| positive S &2 99712| negative
Hoot= 100202] HE S 2S0[ &M, ohX|2F s Al O

o
=
10071 & ofLte| Hefet HEHE t5o=s A2 2E os I?_*Oléﬂ%'

<1 a a2,
1001|*1—'T'—E1 3077PE| 5l R = A Z Tl Zf 200HE AFESIURE U
IR |.;<o Mo E@X

SL OoOo= =

M 1007HE AHE

ol 2 ELE =A%l negative MES AFESIUZ )
O|=2 30/ =0 ML %

=2 452 EHF M, Of epoch OIC} CHE negative HE2
AMESIUZ I 5~6% £2 d= EXHE
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?_1:['- LH-g- — Evaluation

« Baselines
= Dual Encoder w/LSTM(Lowe et al. 2015)
- THOof THR{Of|l M CHetet HE £ 2 59] sequence HEEHE AR
= ESIM(Dong and Huang 2018)
- Context-aware, response-aware Attention= AF22 O 2 M CH2t2}
N SRHEDO| 4 EIS BIet0] e S T
. Horel o
= ESIM+ SE
*r-RSentence embedding(2d YHIF)S 4-d5t0 THo{ THe| ESIM 2t eP)|
= ESIM+SE + PE + UE

- Utterance embedding(22} YH[F)S sentence, position, userdi| CHE A
21X
feature2 71445t THO] £H2| ESIM 2R} aA| ALE
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O] 1L £ - Experiments
L. H (@ P
T .
Task 1 Ubuntu Advising
R@] R@2 R@5 R@l0 R@50 MRR R@] R@2 R@5 R@Il0 R@50 MRR
(Lowe et al. 2015) 0.211 0.307 0.446 0.569 0.921 0.320 | 0.074 0.108 0.210 0.342 0.802 0.162
(Dong and Huang 2018) 0.367 0.452 0.558 0.651 0917 0.465 | 0.086 0.156 0.256 0.376 0.834 0.187
ESIM + SE (GloVe) 0.377 0460 0.568 0.657 0.929 0.473 | 0.098 0.160 0.294 0.430 0.834 0.204
ESIM + SE + PE + UE (GloVe) 0.384 0.464 0.575 0.662 0.921 0480 | 0.112 0.166 0.298 0438 0.859 0.214
ESIM + SE + PE + UE (ELMo) 0.406 0.493 0.606 0.691 0928 0.505 | 0.106 0.160 0.306 0.460 0.858 0.213
(a) Model performance for task 1
. .
Task 4 Ubuntu Adyvising
R@] R@2 R@5 R@]0 R@50 MRR R@] R@2 R@5 R@Il0 R@50 MRR
(Lowe et al. 2015) 0.215 0.328 0.500 0.622 0.925 0.351 | 0.162 0.200 0.262 0.346 0.736 0.228
(Dong and Huang 2018) 0.378 0.507 0.634 0.717 0.931 0.500 | 0.156 0.242 0.400 0.546 0.888 0.278
ESIM + SE (GloVe) 0.386 0.512 0.636  0.722 0.939 0.507 | 0.170 0.278 0.406 0.536 0.894 0.293
ESIM + SE + PE + UE (GloVe) 0.394 0.515 0.651 0.728 0.941 0.512 | 0.190 0.272 0.424 0.578 0.908 0.311
ESIM + SE + PE + UE (ELMo) 0.417 0.542 0.662 0.735 00938 0.533 | 0.186 0.266 0.386 0.498 0.854 0.291]

(b) Model performance for task 4
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?_1:['- LH-g- — Results

Task Dataset Submitted Results Improved Results
R@]l R@10 R@50 MRR R@1 R@10 R@50 MRR
Ubuntu 0.471 0.700 0.926 0.5570

Task 1 Advising casel 0.122 0.474 0.868 0.2337 0.290 0.614 0.898 0.4019
Advising case2  0.064 0.398 0.800 0.1611 0.106 0.436 0.826 0.2071

Ubuntu 0.487 0.772 0.936 0.5932 - - - -
Task4 Advising casel 0.224 0.552 0.896 0.3276 0.340 0.782 0.974 0.4926
Advising case2  0.178 0.470 0.856 0.2703 0.196 0.544 0.898 0.3154

» Batch Shuffling on Advising Dataset
= J|E 2Y0|M Advising Cl|O|E{0f| CH3H st50| & TIlE(X| GEUS

=
= Response Selection H[O|E| 312 A SHLI2| L0 A turn E = [O[E| A5
=ot0q CH2} O[O[E L2t L7SHK| pioF HE of50| TIME|X| = —‘?'—Xﬂ?f

__l'L — LS —
= £ 100,0007H2| H|0|E] Allgj| CHt Batch Shuffling= TISHY 22| 2XIE
SHHSISS

=



Answer Generation from
Span Prediction in MRC Tasks

n2{Cistn NLP&AI Lab.

o715
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0 ! LH% - Span Prediction in MRC Tasks

Passage Sentence

In meteorology, precipitation is any
product of the condensation of
atmospheric water vapor that falls
under gravity.

Question

What causes precipitation to fall?
Answer Candidate

gravity

Example of Span Prediction in MRC Task
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?_1—_|-|- LH-g— = Answer Generation Model

I El o l—> Generated Answer

Representatio
n

Predicted Span

t t

——  Question Paragraph

Evaluation pam

A

Target Span

Figure of Answer Generation Model
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0121 LHE - Related Works

BERT

Inputs: [CLS] + Question + [SEP] + Paragraph

Encoding the Inputs through Pre-trained BERT Model

Multiple Fine-tuners
» First of all, train the span prediction fine-tuner, then freeze its variables.
» Second, train the answer generation fine-tuner

4. Related Experiments

« Text Classification with Bidirectional Encoder Representations from Transformers(BERT)
in a Korean Language Classification Task

EI“._'DI', Ef'

EI:'!I. o] =
I'l _|I:I-_T_-'|—.-]'-'|
Héﬁ oIH SLIOE|SOIN W”ﬂ'

R —

Lt HmA29 S R ¢S £ Qs

Korean Language Distinction Dataset
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0121 LHE - Related Works

Text Generation

1. Decoder
 Train to generate answers from hidden representation
2. GAN with RL e.g. SeqGAN(2017), LeakGAN(2017), GAN with IRL(2018)
» Being actively researched, but there is no placeholder for the hidden representation

3. Related Experiments

 Style Transfer in Korean Text using Sequence-to-Sequence(S2S)
 Image Generative Adversarial Networks(GAN) with Densely Connected Layers
« "Auto Thinking” Game Development based on Reinforcement Learning(RL)

3| sunks =|7| FISHH O|=245hAH HSHFELE, SENDS

UNKS SEEIOIAM ISt EIMES=E =05t TCH. SENDS
Example of Text Generation using Seq2Seq
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0121 LHE - Related Works

Evaluation

1.

2.

BLEU score — when comparing with an original Question

» Having a lack when a target text is too short and when similar yet different words are

generated.

14 Metrics in 'The Evaluation of Sentence Similarity Measures (2018); — with a predicted span

Sentence Similarity
Measures
S":m,furmrd
s ":muwr.’u;:
'S‘Emm'wrfup.:’f)!f'
s imrwr’n’uﬂ.&hmw

SIMTE vector
SIMTEIDE vector
SIMTEIDE nov
SiMidoniry
ST,

STM gy

s im.\'fm.mn. 1DF
sim,,

SIM gt vo

S Em.\'('l" + Wil

14 Sentence Similarity Measures

Metrics | MLE SeqGAN RankGAN LeakGAN IRL G{z’&‘l‘i
BLEU;-2 |0.798 0.821 0.829]| 0.836
BLEU:-3 |0.631 0.632 0.662|| 0.672
BLEUx4 |0.498 0.511 0.586|| 0.598
BLEUg-S |0.434 0.439 0.542|| 0.557
BLEU:-2 [0.801 0.682 0.790 [0.868] 0.869
BLEUg-3 0.622 0.542 0.605 |0.718] 0.710
BLEUs4 |0.551 0.513 0.549 |0.660] 0.649
BLEUs-5 |0.508 0.469 0.506 |0.609] 0.601
BLEUur-2/0.799 0.745 0.847 |0.848] 0.852
BLEUu-3/0.626 0.584 0.695 |0.689] 0.690
BLEUur-4/0.523 0512 0.615 0.622
BLEUuA-5(0.468 0.454 0.562 0.578

Results on COCO image caption dataset
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0 ! LH% — Expected Contribution

1. To derive complete sentence through answer generation instead of span
prediction

To propose multiple fine-tuners of BERT
To improve generative models by feeding sentence representation to GAN
To generate meaningful text by combining to MRC tasks

ok W

Answer Data Augmentation (QG is also possible with this model)
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0151 L - Ante AlLjo) w=¥

(o]

22| F 2

=

I =

Cognitive

" Satisfaction |™= Visiontest

test

Web text

View I :
v NEENEE
Feature Selection
Unsupervised leaming Supervised learning

K

Semi-supervised learning

fiss

AOLE AlL|0] EE Z20tY 22| Al2H-

ALE O ¥

A+ 2}




Korea Univ. NLP&AI Lab. 2018

Q1L L8 - Ant= AlLjof B8 28 Al A= H

°
N

hang et al. (2017)0] SIGIRO|A ZESt Contractive Auto-encodeE Of
.|

ot Collaborative Filtering 2&Q! AutoSVD++ 2EZ AFESI0 =M Al
E: % jHI:IEI-'('j-O:IQ

1> oo

=
o AM2X|7}O|O| 2t
O| &% K2l E=
latest-small 4| O]
« [O|O|E] Alof| EXHS
c| AEY S TS}

L2 CHE UI/UXZE AR XA XS &

F Fot0f| CHSH 1~5 & AHO|Q| HAZ LH2|H =X 2 &
SXH0f[A| =Mt 2 AN A A= Movielens-

| CHSHOd RMSE 0.8872] 452 &9l
2057101 sHHSt= T E ASto)| CHSE TAE G £
|

tot

rot

i
209
0

d|

_r."'_m
>_>-
Q

QrIr
|0 ©
L
St
o}l
H
|-
m
p
Ilib
~
L]
rr
>
oo
ba
10
|-O
Ral
olr
1
<




Korea Univ. NLP&AI Lab. 2018

KE

1He EE0| =22 £ CH I s B

RO = | =
Ki KO | RO
e B RIEE

0 B[0] [0
= g ok B
6 KH | Kh
Ok H | H

B0

10

s

o

X0

_.._I

<l

[=)

- | B

% O

ol | &

TA

Kl oo

E —t

M| =

oo | B

wt o

K r

—I— e
or o | o —
= ™ ok |._._1._.H
ol | o <
oF | 3l mm
om |~ | _ | K
K| oaw | < KD ok
= - K|
ol | < | X | B |30
g |3 K| W R
W | X | ol or | Ar
HE g | ™R oo
K@ W %o Bl
oo | Ml K B0 K
< | gu | O | H | o
Kl | K | o] o 0
H] (] o o ok
oo wn | ay w
o K K | K K
T | WO | WO | WO | MO
o = & H A
T X x|
ERR:RE:RE:
=
o <
mn mn m m




Korea Univ. NLP&AI Lab. 2018

n2{Cistn NLP&AI Lab.




Korea Univ. NLP&AI Lab. 2018

O1-L LH-S - et argnt ws mpd menieszy. o) 9 oy 1 o

o =

& O™ 2K 7| N s
. AC| =H O%
. Aol yste

Style recommendation top5

.w-

Eikitt: W d

-
' Al
3

°
-

o
Jas

38
t
[ [ [ [ ]

o
o L £l0| X% (t33,b%) (t3,b3) (t,b3) (ts,bis) (tfio, bﬁn)/
" O‘IEE': Ol-'_'l T L Viop @ Vhottom |
Matching recommendation topb
o — A Ol b -
u O-Igalt OI-_ Tx|_ Viop Vbottom § """"""""""""""" (t;—) -'tl”
t t User upload image I‘l'l\
- AEY | Un g .
Image feature extractor " “ n jg\ti
t t (th,b5) (&,b) (tf,bd) (t.bjss) (tf,bzt))/
Top apparel Bottom apparel
image features image features

by(]




Korea Univ. NLP&AI Lab. 2018

ML LHE - c2Y R 2S5

- CNN&FFNN &S 2800 E=2 O|0[X| X2 F=525 Y
= Oid OLO|" APEIE S O|0|X] HX | 2PE = Soll =2 O|0|X| 2 FHEAF
ol HIO|H=Z ArE

o

T, NRR, - CNNe| -
NN i e F=7|
olmA| 40}
CNNEH M8 (s
°s e o|o|x|/=
aa -
£+
2= TN 0|0/ x|

ojoxl N\ [} [ %}@‘:\%\ -
FHx2] 1 %%»]
L] NN W NS

CNN#E 58

{4 OfO|E AttlE =

I 0| 0fX| HX 2] 2= 20j0 2 iz}



Korea Univ. NLP&AI Lab. 2018

Q1L LH-E - =aid vigtel i 42 QA ojojx| 24 =

« CNN 23S 0|R3104 T AHE 0]0|X|9| XFUS £58H 5 0|2 J|uto 23t
QAL O[OJX| ZAH D JH
+ O|0|X|2| RALZE M, DO THE 52 Taislo] ZHY 4 AUS

admin Senior style

TH28304o)6) 71890
giwlelrjtiviujlijolp
alsidiflglhlilkll
wlzixlciv|binjim@c

e /, 9 — N e



Korea Univ. NLP&AI Lab. 2018

O171 LHL - =z ool mji ALE QAL o|0|X] 2

+ IHH AE ERUoRRE YMEYE IHH AE 0|0|X|S 0|83
O*l. O||:||X| j-IAH EI:—II jH F

TOII%M 25 9:22

Sma "M 84 Smart Fashion

[B57E M Z & Academy
Drake Waterfowl Mens
Wingshooters Game

Day Button-Down Shirt
A/ HE00CHY. .

89.700 &

Aransas Pass Heather
Fishing Shirt

41,400 &

Woodman Long Sleeve

MM AZE 2018:05:23 10:45:47 Shirt

84.470 &




Korea Univ. NLP&AI Lab. 2018

MEDS 23 /AU Y3
re} =
X|58 2M SUE 2%

n2{Cistn NLP&AI Lab.

» Meta Learning based Global Relation Extraction

o DRYA N4 D= HE =2t A+ - HIO|H 2=



Meta Learning based
Global Relation Extraction

n2{Cistn NLP&AI Lab.



Korea Univ. NLP&AI Lab. 2018

| 24 J|¥ O 2 Relation Extraction2 AEHS!

E
— 1

A 2= (Relation Extraction)O|2t?

=1 LH OHAIZE AT

SIAE L I 2t 2

fujru

Bl AEQ| o|0|= EIAE LHO| JHA|

=Lt

AL,

Efe| BIAER B

M|SERACE.

|_

OO0 K
mi— e

hasCreated}

o
O Oy

_I

a—ml‘
= -

X
fo!

O

—_—
o
| I

I

-
(MBTHY

14464 9FH M| ELHE0|




Korea Univ. NLP&AI Lab. 2018

T LHE - AHS

. 2H
+ YRo|MAEZS MY HL, of
2ils s
+ Oli= Z0f U 2Xo{o| 240

- Cg B2 7IHEL

=
L.

A
o

il
I'-IIZI

7| =HIE S Zol?| ?lotH 2|7 HEe| &

goll 28 BoE|=

|

2.4 L J4H]| 2o

Of 2X|H0| & 3| F=2{ZICt.

(A, C} 2 A b

{C, B} 2H &%} Jts

{A, B} 2 2% 20ts

AMRBH= RE BRI X|A[SICH



Korea Univ. NLP&AI Lab. 2018

L

- |nitial Relation Extraction

o4
= = 0O

=l A

O™ HX e

.|

<

A=

=R

Tk

Otst
= O

HHE UADIE S 2A1 L 2HA| ot

Word Embedding

Sentence Tokens

Entity Marker

€2

€1

lapodu3 uonejay

=Kk
T oK
|—II_|_|

Ok IR



Korea Univ. NLP&AI Lab. 2018

pEl M0 - Augmented External Memory

. B
+ CHHE| 2D 23 DU OfH ATHS L J21Lt OlCIIIRILE o1 4F0| 2IS

O 20 2MH A= AE 71 K ES =46k 26

N T=EIPAX-!

1O 2 9|2 0B 2|0 IAEN|A RojLh o1F £F0| 2SO SHHEIS
AT M0 BYE ARS8 SREE 2

26 I AfOlofl BREIE F2HIHHISO| U BASS 2E S0l M2
ol HElS A8y
AT O HELS ST 0122 5 NYYS SO HHHIS 2tol e S

x{o|&}
(@) [



Korea Univ. NLP&AI Lab. 2018

pEl M0 - Augmented External Memory

(6 [n Te ]
| El | T | e | | .E1 ‘T1+T3| Ez ‘
:: | (=] | T3 | E2 | _| Ez ‘r1+r3‘ 53 ‘
—_—
|Ei—‘l |"1+T3| Ey |
[6 [ n [e ]]
—
At—1 at At4+1
Tk-1 4% Tk+1 Bt-1 Bt Bt+1

ar—q as At+1 Te—1 Tk Tk+1
be_q b; btiq




Korea Univ. NLP&AI Lab. 2018

P e ™I} - Experiments & Results
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o CHHA A =Z0F MAX™ 2| ==2| Precision, Recall 22|10

F1 Score= H|1at

[A] [B] [C] AEMM
Local Precision 0.327 0.341 0.390 0.269
Local Recall 0.315 0.347 0.259 0.307
Local F1 Score 0.321 0.344 0.311 0.287
Global Precision | 0.194 0.183 0.198 0.383
Global Recall 0.313 0.332 0.262 0.287
Global F1score | 0.240 0.236 0.226 0.328
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Q171 LHE - Keyword Extraction
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Q131 L - Keyword Extraction
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| lowe this mevie! If's sweet,
but with satirical humor, The
dlaloguc Isgrealar‘d the ] Thiv tcheas = [t fer d Lo trals decw fer o la #00)) N
adveniure scenes are fun, .. . ¢
It manages to be whimsical
and romantic while laughing
at the conventions of the
fairy tale genre. | would
recommend it to just about
anyone. |'ve seen it several
times, and I'm always happy
10 see il agan whenever |
hawe a friend who hasn
sean it yat!
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Q131 Z 1} - Keyword Extraction

o« 2t QIHMB|MA B A Ot keyword =&

Desktop [~ 2 1SAK: d keyword ariginal.py pl - PyCharm

Top words in document 1
Word: shady, TF-IDF: 0.01893

Word: wada, TF-IDF: 0.0097

Word: alperovitch, TF-IDF: 0.00848
Word: mcafee, TF-IDF: 0.00815

Word: e-mail, TF-IDF: 0.00754

Word: says, TF-IDF: 0.00754

Word: olympic, TF-IDF: 0.00689

Word: rat, TF-IDF: 0.00672

Word: cyber-espionage, TF-IDF: 0.00539
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Q131 Z 1} - Keyword Extraction

o ZUQIHE|MA HM keyword F£ 5
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ARIQOR A0 I|Y ot et HIM A| 80%2] HEES HY

|
SIS EUINY= FE | 22U 0IBUIY=F2 SRS EUINYSFE | HEYS0SIY=FE
MSPs Word: apt10 Utc+8 Word: dynamic-dns
APT10 Word: plugx Chches Word: utc+8
Cloud hopper Word: msp poison Word: annex
Threat actor Word: organisations Japen Word: hopper
Plug X Word: msps Annex Word: quasar
PWC Word: chches Poision ivy Word: ivy
BAE Word: china-based Attack Word: 2016
China based Word: pwc \A'4 Word: poison
Organisation Word: japanese C2 domain Word: actor
Dynmaic-dns Word: bae FYP Word: fyp
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=  Know What You Don't Know: Unanswerable Questions for SQUAD
» |arge-Scale QA-SRL Parsing

» |earning to Ask Good Questions: Ranking Clarification Questions using
Neural Expected Value of Perfect Information

= Multi-Relational Question Answering from Narratives: Machine Reading and
Reasoning in SimulatedWorlds

= Question Answering on Knowledge Bases and Text using Universal Schema
and Memory Networks

= Attention Is All You Need

» |earning to Paraphrase for Question Answering

» |atent Space Embedding for Retrieval in Question-Answer Archives
= The NarrativeQA Reading Comprehension Challenge

» Adversarial Adaptation of Synthetic or Stale Data
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= New Transfer Learning Techniques for Disparate Label Sets

= ONENET: JOINT DOMAIN, INTENT, SLOT PREDICTION FOR SPOKEN LANGUAGE
UNDERSTANDING

= ReadingWikipedia to Answer Open-Domain Questions

= Never-Ending Learning

= Visual Relation Extraction via Multi-modal Translation Embedding Based Model

= Training Classifiers with Natural Language Explanations

= Zero-Shot Transfer Learning for Event Extraction

= Cross-Domain Sentiment Classification with Target Domain Specific Information
= Question-Answer Driven Semantic Role Labeling

=  Zero-Shot Recognition via Semantic Embeddings and Knowledge Graphs

=  Semantic Parsing of Technical Support Questions

= Adaptive Document Retrieval for Deep Question Answering
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