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ﬁ?- LH-g- = Description based Video Scene Detection

Hypothesis : 7At2t 2J0IE 71AI= O[0[AI= At = &S 48/5HY

(48 282 Sa PSS 7IX[2 Ydalrt)

Shot28 Shot32

a man is doing a trick on a skateboard a man is doing a trick on a skateboard
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* Scene Detection using Keyframe Description

* Sentence Similarity
e Jaccard Similarity

+ J(A,B)= S if AUBand AN Bis 0 thenJ(4, B) = 0

* Histogram Similarity
« Color histogram SALE A4k} S
« Scene Detection
« 3| KeyframeOi|A| of2ie] A2
7% Scene Boundary® =4
Thresholda =0.25 L if], 7} F2 452 B¢

2510 Threshold ZfECt Y2

SD(HDist,]Dist) = a * HDist + (1 — a) * JDist
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+ Keyframe Description based Scene Detection Example

* Good Performance Example
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* Bad Performance Example
Ground Truth
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ﬁ?- LH% = (Object based Video Scene Detection

+ Keyframe Description based method] StA|™

» |Image Captioning &9 stA

a man Is doing a trick on a skateboard ? a man riding on the back of a brown horse .



Korea Univ. NLP&AI Lab. 2017

video

Image Sequence

v

n
l Zmeei
i=0

ek bl

RGB Histogram calculation

v

RGB Histogram Calculation

Entropy calculation

¥ : ¥

Gradual Transition
detection

Cut Transition
detection

,

’  Convolution network
s o R AN

Deconvolutional Network

Deconvolution network s,

|

Keyframe; = {0y, 0, 05,..., Op,}

Object detection vector

- Key-frame

Visual-based Shot Boundary Detection

Keyframe Extraction |

Semantic Object detection using Deconvolutional Network

‘_I

Foreground Similarity
calculate

Background Similarity
calculate

[

v

Scene Boundary Keyframe Selection

]

2 O

g /

B |

Scenes

Semantic Object detection using Deconvolutional Network



Korea Univ. NLP&AI Lab. 2017

 Semantic Object Extraction

Deconvolution Neural Network

VGG162 7|2 CNNLE A

convolutional network0i| Ci& Z|-= deconvolutional network® F7t8t0 0|& &3} up-sampling
N =HE i Estaxt &
max-pooling2| HX|E 7|t HL|X|Z #O0t7t7| f/3t switch variable 7§28 FAISHA A

2N

- |
! ; » i "asmﬂ ﬂ Caranes
Convolution network Deconvolution network ioput_— T~
|
i — " it
B ' ' unpocied
e 1 » il b Pooling Unpooling
X 1x]
| @
T o
poolng ' Unpoolng
B — ool
\‘L 4 Unpodling
N
g

Convolution Deconvolution



Korea Univ. NLP&AI Lab. 2017

» Scene Detection using Semantic Object Objct Vectrlist =,y 1. V)
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* Object based Knowledge Scene Detection

Bad Performance Example in Keyframe Description based Scene Detection

Ground Truth

Example in Object based Scene Detection
Ground Truth
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ﬂ?- LH% = Hybrid based Video Scene Detection
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* Example in Object based Scene Detection

Ground Truth

* Example in Hybrid based Scene Detection

Ground Truth
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ﬁ?- LH-g- = Experiment : Datasets

» TRECVid 2016
* 10 Video
* Manually Ground Truth

Duration
video name Number of Scene
hh:mm:ss
FalconPhysics 00:09:02 8
FincaProject 00:07:35 6
Forza_Trailer 00:06:33 6
GoodSport 00:09:28 8
HarisDone 00:07:52 6
LegoCreator 00:06:25 4
Popeye 00:06:13 5
PregameShow 00:06:39 18
SpotNews1937 00:09:14 5
WestlessAmeri 00:06:11 8
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* Open Video Scene Detection(OVSD)

+ IBM(2016)

6 Video

Duration
video name Number of Scene
hh:mm:ss
Elephants dream 00:09:22 8
Big Bug Buddy 00:08:08 13
Sintel 00:12:24 7
tears of steel 00:09:48 9
Cosmos Laundromat 00:09:59 b
Valkaama 01:33:05 49




Korea Univ. NLP&AI Lab. 2017

* Manual Dataset —

+ Movie 10 min Summary video name P Number of Scene

+ 10 Video Iron Man 1 00:09:50 12

pirate of the

carbbian 00:09:51 14

maze runner 00:11:11 13

hang over 00:10:47 18

world war Z 00:10:29 10

Finest hours 00:10:52 14

beetle juice 00:10:57 14

goodbye my friend 00:10:19 16

prometheus 00:10:43 13

man in the dark 00:10:52 16
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ﬁ?- LH-g- = Experiment : Evaluation Metrics

* Precision, Recall and F-measure
o HEMOI 2 85 B7H X[E

IRNA|
v recall= —
R

. |Rng|
' predision = ==

2+recall«precision

o F—measure = —
recall+precision

+ Coverage, Overflow and F-score

v Video Scene Az L7} X|B

(RinAjl- RinAjsx) i
Ri I

maX
v (Coverage = Zl |

| max(|Aj-Ry )smin|1/A;Ry) L
Ri—g[+[Ri1] |R|

o Overflow = Z'S

- _2(1-0)
F - score = 0]
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ﬁ?- LH-g- = Experiment : Results

TRECVid 20176 Dataset
Human

video name 5 o . - = =
FalconPhysics 0.77 0.87 0.82 0.88 0.11 0.88
FincaProject 0.62 0.83 0.71 0.85 0.12 0.86
Forza_Trailer 0.71 0.83 0.76 0.87 0.11 0.87
GoodSport 0.7 0.87 0.77 0.86 0.13 0.86
HarisDone 0.62 0.83 0.71 0.84 0.12 0.85
LegoCreator 0.5 0.75 0.6 0.78 0.16 0.80
Popeye 0.8 0.8 0.8 0.91 0.07 0.91
PregameShow 0.78 0.83 0.81 0.87 0.14 0.86
SpotNews1937 0.66 0.8 0.72 0.85 0.16 0.84
Westless Ameri 0.77 0.87 0.82 0.88 0.11 0.88
Average 0.69 0.83 0.75 0.85 0.12 0.86
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ﬁ?- LH-g- = Experiment : Human factors

OVSD Dataset
Human
video name
P R F C 0] FS
Elephants dream 0.77 0.87 0.82 0.88 0.11 0.88
Big Bug Buddy 0.78 0.84 0.81 0.84 0.12 0.85
Sintel 0.75 0.85 0.8 0.83 0.14 0.84
tears of steel 0.8 0.88 0.84 0.90 0.07 0.91
Cosmos Laundrom
0.71 0.83 0.76 0.81 0.15 0.82
at
Valkaama 0.82 0.83 0.82 0.88 0.09 0.89
Average 0.77 0.85 0.81 0.85 0.11 0.87
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manual Dataset

Human

video name
P R F C 0] FS
Iron Man 1 0.76 0.83 0.8 0.9 0.08 0.90

pirate of the
0.8 0.85 0.82 0.88 0.09 0.89

caribbian 1

maze runner 0.78 0.84 0.81 0.86 0.11 0.87
hang over 0.78 0.83 0.81 0.84 0.14 0.84
world war Z 0.81 0.9 0.85 0.88 0.09 0.89
Finest hours 0.8 0.85 0.82 0.91 0.07 0.91
beetle juice 0.8 0.85 0.82 0.92 0.08 0.92
goodbye my friend 0.82 0.87 0.84 0.87 0.09 0.88
prometheus 0.78 0.84 0.81 0.85 0.12 0.86
man in the dark 0.82 0.87 0.84 0.89 0.10 0.89
Average 0.79 0.85 0.82 0.88 0.09 0.89
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ﬁ?- LH-g- = Experiment : Results

TRECVid 2016 Dataset
Precision Recall | F-measure | Coverage | Overflow | F-Score
DB 0.29 0.52 0.36 0.64 0.31 0.66
OB 0.17 0.5 0.25 0.67 0.28 0.69
Hybrid 0.19 0.51 0.28 0.70 0.25 0.72
Human 0.69 0.83 0.73 0.85 0.12 0.86
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OVSD Dataset

Precision Recall F-measure | Coverage | Overflow | F-Score
DB - - - - - -
OB 0.35 0.54 0.42 0.68 0.28 0.69
Hybrid 0.38 0.58 0.46 0.71 0.19 0.75
Human 0.77 0.85 0.81 0.85 0.11 0.87
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Manual Dataset

Precision Recall | F-measure | Coverage | Overflow | F-Score
DB - - . - ; ;
OB 0.45 0.56 0.50 0.74 0.27 0.73
Hybrid 0.49 0.60 0.54 0.79 0.21 0.79
Human 0.79 0.85 0.82 0.88 0.09 0.89
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ﬁ?- LH-g- = Discussion

- Advantage
*  Keyframe@tS 0|28t I3 X| 2 AL &
* Low-level feature 7} Ol High—level featureE 0|2
- ARE0 m2t HE H50| 7ts¢St Scene XS HE
* Limitations
*  Keyframe 7|t 29| E{j4§X oFA|
- & HOJE 2] 2y
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Gl?- LH-g- = Condlusion
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AL L - Structure

FISM = User preference
(item-to-item similarity)

FPMC = User preference(MF) + markov chain(first ordered)

Fossil = User preference + markov chain(high ordered)
(item-to-item similarity)

GPS = Group preference + User preference + markov chain(high ordered)
(item-to-item similarity)
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AL L - User Preference

Matrix Factorization

Fui=(Py,Q; ) P Q= ZZ user, item latent factor

\ 4
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AL L - User Preference
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AL L - User Preference

-

Factored Item Similarity Model(FISM)

Tyi = (Z P]-,Qi) ltem-item YHS MF7|HS AL25I0] HEH
JET
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AL L - Sequential Patterns

Markov Chain
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AL L - Sequential Patterns

Factorized personalized markov chain(FPMC) : Markov chain + Matrix factorization

p(l) o< (Xy,Y; ) + (M;,N;)
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AL L - Sequential Patterns

Sequential prediction method(FOSSIL) : item-item similarity(MF) + Markov chain

puGiD e D' (P, Q) + (0 1) (M Np)
j"eri\{i}

AN

ltem-item similarity first order markov chain

1 L
'|Su_,Su_,,..,Su_ X B j+ - 2 P.s +z +ng) - Peu , )
Pu(lSt=1, St-2 1) B <|7;{\{]}|“ e 3\ (1) j k=1(nk Mk ) St—k Qj

High order markov chain
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ldea - Group preference
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AL LY - Process for group preference

Convert
Explicit data to
implicit data

Convert to Calculate similarity

sequential data between users

Extract
representative data Rmmw  Generate Clusters
set of groups

Model group
preference




Korea Univ. NLP&AI Lab. 2017

AL L - S3M similarity method

LLCS
SeqSim(St,S?) =
OS5 = ST 157D
IS N S?|
: 1 Q2y —
COHSlm(S , S )— m

S3M = p x SeqSim(S%,S%) + (1 —p) X ConSim(S?t,S?)
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ﬁ?- LH% = The length of Longest Common Subsequence

Algorithm 1 Longest Common Subsequence
Input : sequences S = (iy, i, -, in) » S = G, j2s s jm)s
Output : the length of an LCS L(n,m)
an m X n Matrix L« 0
1: for k from 1to n do
2 for | from 1 to m do
3 if ix =Jj; then
4 LkD) « (Lk—1,1—-1)+1
5: else
6: L(k,1) « max(L(k,1 — 1), Lk — 1,1))
7 end if
8 end for
9: end for
10 : return L(n, m)
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Q Clustering, Representative data set, group
ﬁ?’ LH ©  preference

Clustering

- CHEA QI K-means clustering 7| H& 0| 23%10] =

Extracting representative data set

- Frequency 7|2tQ| top N7{f ==
- representative data set= 1&0| AH[ot OO|H 0|2t 11 7 gt

Group preference

i'\gi — <Zi595\ {i}xj; Y; )
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QD . ) o
a?- LH S Factorized Group Preference-Based Similarity Models

Pu(IStt1, Se=z,- -+, Setp) < By + (P, Qj)

L
1 1
P = z P, + . z P., +Z(n +T]u)'Pu
[Nl AN SRR

e’ €Ga\ {j} j'eTI\

AN AN AN

Group preference User preference High order markov chain
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E?— LH-g- = Dataset

“““ o

Amazon-Auto 122,492 28,473 369,525 3.02 12.98
Amazon-Toys 259,500 51,093 860,592 3.32 16.84

176,404 19,421 630,513 3.57 32.47

Amazon-Cloth 68,096 59,036 501,152 7.36 8.49

197,671 70,621 1,738,410 8.79 24.62

Amazon-Office 7,416 5,490 52,175 9.73 13.15

M 10,258 3,807 30,577 2.98 8.03

Foursquare 34,686 5,808 261,132 7.53 44.96
Total 876,523 243,749 4,464,076 N/A N/A
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L= 2 -
ﬁ?- LH S Evaluation methodology

e sps. The Short-term Prediction Success captures the ability of the method to
predict the next item. It is 1 if the next item is present in the recommendations, 0
else. sps calculated as follows:

1
Sps@Kk = —Z 1(S{ eTY)
|'U| uetl

where TY is the recommended Top-k items for user u. The indicator function 1(b)
returns 1 if the argument b is true, O otherwise

e Recall. The usual metrics for top-N recommendation captures the ability of the
method to do long term predictions.
|GT* N T|

1
recall@k:—z
|U| Layey |GTY|

where GT" is the ground-truth item of user u.
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L =2 -
l_?- LH S Experiment results
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L =2 -
h?- LH S Experiment results
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AP LYR - nre 2z

Result View
_| 1. Result of Judgement
2. Word Game Logs
3. Learner's Ranking
@ 1Upload Extract  Extract.
Instructor S §
- C w | Word &
Video . R __i O L_Fie_q_u1eq_g:
Management | R 11
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Video T § :
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Words in Corpus

Video
Lecture
Words

Video W
Lecture Calculation

[Word : Frequency]

. . Set of
Script Morphological Noun Frequency
Extraction Analysis Extraction Calculation WO I’dS

w;j = tfi; X {log( ) + 1}

where:

wy: j B HIC|2 Zo|of| A i #IRY THOle| 71E K|

th:j A HIC|2 Z2|of A i BIRY CHojol Bl
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Motivational
design

Attention

Relevance

Minimum Learning Judgement System

Word Game & Limited Time

Confidence

Use only the word of the video lecture

Satisfaction

Score

Leaderboard

No Learning Ability

Anyone can get reward

Zichermann's Gamification

Onboarding Engagement Loop

Gamification Design

Word Game

I

Ranking Score

I

Challenge

I

Video Lecture

I

Top Ranker Badge

l

Practice Mode
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Video Lecture Length | Pass Falil Accuracy Mean
Task 1 (Attention) 49 6 89.09091
82.727
Task 2 (Non-Attention) | 13 42 76.36364

Pass and Fail numbers mean the number of students judged by the system. The calculation
of accuracy for Task 1 is Pass / (Pass + Fail), and the calculation of accuracy for Task 2 is
Fail / (Pass + Fail). The mean is the average value of Task 1 and Task 2.

W ME 2 11(80%) / Wt BHS 5= :1066.3287 /| EZHXL: 327.8564
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A LY - Al2E AEE Bt
Class A Class B
MEAN |SD Cronbach’s o | MEAN SD Cronbach’s a

e™JF Z§O] 1 [3.4651 [1.1830 |.866 3.7255 8019 849
eB7F X§O| 2 |3.4512 |1.2213 3.8431 9873
e™7} X0l 3 [3.4651 |1.0926 3.6471 8443
e 7} % 1 [2.9581 [1.1203 |.816 3.9216 19130 .836
e™7t 882 |3.2744 |1.1373 3.8627 8722
ewr % 3 |[3.6465 [1.1941 3.6863 19053

HJ7F 0|1 [3.5628 |1.1125 |.893 3.8431 9459 910
e%ﬂ 20|22 [3.9256 |1.0430 4.0392 7200
eEI7F 0|3 [4.2419 |.8576 4.2157 7566
HJF 20|4 |4.1674 |.9068 4.2745 7766
HJ7} 0|5 [4.1581 |[.9682 4.2157 7566
eEIF OF=1 (33953 [1.1136 |.931 3.7059 9443 926
eZ7F Or= 2 |3.1442 [1.1530 3.6078 1.0597
eIt Bt=3 [3.5349 |1.0926 3.8824 19929
eZ7F Or=4 |3.4977 |1.1185 3.7647 9917
e™7} OF=5 36465 |1.0392 4.0588 8102
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acERE 'mg
+—T— ¥ I1d category wrl remark
FrB SN @HA 1 T http://shopping.phinfnaver.net/main_1227065/12270... FSweater
Fra =M gHH 2 T http://shopping.phinfnaver.net/main_1227051/12270.. FSweater
FrB SN @HA 3 T http://shopping.phinfnaver.net/main_1227051/12270... FSweater
Fr3 SN @HA 4 T http://shopping.phinf naver.net/main_1227051/12270... FSweater
FrB SN @HHA 5 T http://shopping.phinfnaver.net/main_1227051/12270... FSweater
FrA SN @GHH 6 T http://shopping.phinfnavernet/main_1227044/12270.. FSweater
result
+— T — ¥ Id good tid goodbid bad_tid bad bid email expert
&8 B @ HHE 70 6019 3017 1820 7349 jaechoonjo@gmail.com 1
& T8 F£ =A@ HAH 71 677 4536 1116 498 jaechoonjo@gmail.com 1
c & T8 A @ HH 72 6318 9323 6262 4551 jaechoonjo@gmail.com 1
&8 #E5MN @ HA T3 6176 7729 6129 8786 jaechoonjo@gmail.com 1
& T8 ¥ A @ HH 74 6533 8451 1831 5330 jaechoonjo@gmail.com 1
& T8 F=A @ HH T 6243 2563 6105 3250 jaechoonjo@gmail.com 1
& T8 A @ HH 76 6778 9939 1101 3072  jaechoonjo@gmail.com 1

ALEAL M MBE £ A2
http://mljs.org:8080/fashion/start
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1. Youdong Yun, Danial Hooshyar, Jaechoon Jo, Heuiseok Lim, "Developing a hybrid collaborative filtering
recommendation system with opinion mining on purchase review", Journal of Information Science, February 1,
2017.

2. Jo, Jaechoon, Yu, Wonhui, Koh, Kyu Han, & Lim, Heuiseok. (2017). Development of a Game-Based Learning
Judgment System for Online Education Environments Based on Video Lecture: Minimum Learning Judgment
System, Journal of Educational Computing Research

3. Jaechoon Jo, Eunseon Yi, Seolhwa Lee, Danial Hooshyar, and Heuiseok Lim, “Exploring the Possibilities of
Educational Use of a Game-based E-Assessment Tool for Online Education”, Journal of Educational Computing
Research

o oie] HHRA

1. Jaechoon Jo, Heuiseok Lim, " How to Judge learning on Online Video lecture: Development of Minimum Learning
Judgement System ", The 1th International Conference on Interdisciplinary research on Computer Science,
Psychology, and Education (ICICPE), pp. 143-144, 2017.

2. Jaechoon Jo, Heuiseok Lim, " A Study on keyword of Online Video Lecture for Detecting Mind Wandering

(Rejected) ", International Conference on Educational Data Mining (EDM), 2017.

e

P Jaechoon Jo, Heuiseok Lim, "A Study of Keywords based on The Word Frequency Effect Theory in Video Lectures

of Software Engineering Education for Detecting Mind", The 30th IEEE Conference on SOFTWARE ENGINEERING
EDUCATION AND TRAINING (CSEE&T 2017)
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Language-specific Bilingual WWord Embedding
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AL LE - Word Embedding 0|2+

 Word embedding

o CHO|= densedt A4 HlIE &5710f Of
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« QAR 2|0j2| Clofs HE| 22t
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AL LE - Word Embedding 2| £4

O — —

+ CH0{ O|D| ZHo| AR = HrelE
e king — man +woman =?77?

e king —man + woman = queen
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KINGS

QUEEN
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AL LY - Bilingual Word Embedding 2| 52
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L LY - Bilingual Word Embedding 2| 22

* Machine translation (Zou et al., 2013)

Phrase

: : representation |
Cosine Similarity "“ m"
Phrase inLan B: EECD Phrase
persist stubbornly representation
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L LI - 7|2 Bilingual Word Embedding 2%

Parallel-Only

Sentence-aligned / word-aligned®| bilingual data®t At2stH & (MT aligner)

CHAE oS A0 S2¢e 22| monolingual datasetE AFESHA| Z&S

Je t’ aime
o I Love You
thol Fd 23 Hy

Joint Bilingual Training
« Monolingual 2t bilingual data& =A|0l| AF23t0 word vectorg A S5E ot 57t
Off mapping
y(Monog + Monoy) + 6Bi
* Monog: source monolingual objective
* Monor: target monolingual objective
* Bi: cross — lingual objective

o CHH : ZESEQFZIO| parallel H|O|E{7F 2AH5HR| &S

— s O
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AL LY - 7= Bilingual Word Embedding 2

» Pseudo-Bilingual Training

« Document-aligned datas AHE¢el bilingual word embedding

e TrainingA|0]| word2vec & SGNS (skip-gram negative sampling)= AtE¢et
« CH8 :aligned documentO] Cliet 2= HIAES Helstr| =20 trainingOf|
monolingual corpusE 0|8%& 4~ gl

SGNS

Apple
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AL LY - 7= Bilingual Word Embedding 2

* Post-Hoc Mapping with Seed Lexicons

e Pseudo-Bilingual Training (document aligned data) 0| 2510 seed lexicon (HEH) =
MM S0 post-hoc mappingS £33l MZ CH2 & AHO|E 5iL f9| =70 embedding

» Research question : HHHA CHO{0f| CHaH joint learning2AI 2 2 mapping matrix (W) &
St5ol 7|0 oL A2V &4E &+ U= 71sd0| S

Joint learning

Seed lexicon Seed lexicon

(F01) (F0r204)

sits | _'_'_'_'_-k,
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1]
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usyey
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AL LY - 7= Bilingual Word Embedding 2

Joint learning

Seed lexicon Seed lexicon "
EN KO T
( ) ( ) - WX xiKO
horse |— at
min( o | [ 2%,
w T —1q W : mapping matrix

xEN  xKO:words

Language-specific learning
(A|oF utH

..OoOd

Wiki vocab Seed lexi

EN
WEN X X;

v

EN :min( Order - Orderieed

\ 4

KO
WKO X xi

IT : min(
W Wen, Wko: mapping matrix

xFN  x K9 words
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AL LY - Bilingual Word Embedding |2t 2

————

RN EN
L - WEN X xl‘
SBWE-1 (Seed lexicon) —
Z ;\\
A\ Ttalian >< - T = e

@ English

Seed lexicon Al A

_ vino

wine

[—E—Q dE i El)—[ Preprocessing ]

%
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4} - norava 2 > pr— : =

o | [
X

y mapping function

I<:3

Word2vec &t

-

. min X Wir = Yir [|E + AWzl |E
o X;r:Wikiyr word (x!T € Wiki'™) IT: WreR%seed X dwiki
o Y;7:Seed lexicon IT e Seed lexicon!T . 2 2
" . " .(yl : . min || XgnWen = Yen |7 + Al Wen| |7
o Wi mapping matrixy EN : Wy €R%seed* Awiki

o Xgn:Wikigy word (xFN € WikiEV)
o Ypy:Seed lexicongy (yEN € Seed lexicon®™)

» Wgn:mapping matrixgy
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Seed lexicon =71 (1/3)
A+t LHE - SaHY AHA

La pﬁrnqru'THra e un metodo di progettazione basato su tf
cura della terra

meandri -::|l un Tiume €1 1n

ogliere 1
lamo rise

we Tavor

The low carbo

sa impronta ec
e una macchin The wheat be

Plants catc

O &2{0t0] FOf

le piante raccolgono e conser\
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o _ Seedlexicon 2+=7| (2/3)
ﬁ?’ LH ©  |ength-ratio shuffle

o 2 24 tokena2| H|E2= shuffle
— 0f) Ko = {Z£ &, ==0}}
» Token number =2
— 0Ol) Eng = {carrot, apple, pineapple, egg}
— Token number = 4
— Length-ratio=2 : 1
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 _ Seedlexicon Bt=7| (3/3)
ﬁ?‘ LH ©  |ength-ratio shuffle
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god
0
Created

43| Length-ratio shuffle
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Window size = 5
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— OPUS (¥3} 2fat FTHA) 2634M
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— Wikipedia (IT, EN)

Word2vec, skip-gram
— 300t
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At 21t

Seed lexicond| Clet A4 1§

I Seed lexicon2| M4 HI}

IT EN
lgnorava lgnored
Lasciarmi Leave
Prestatore Lender

Diurna Daytime
Rivelero Reveal
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sat= 10,0,0,1,0,0]
the= [0,0,0,0, 1, Q]
on= [0,0,0,0,0,1]
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AL LYE - Experiments

Motivation
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BHA|: Ar2AL S42| |5 T4 A gr=3sd AC|Y|0|M A|F 71
« Generative Adversarial Network2 O|2310{ E2 S 0|0|X| £20 2 YMEElst= 7| I
o =2Q| V|8t QAL O|O|R] HAH 7| 7HEY

. Q2H A2} 23 D22 7SS 0|23 AE 2H V|2 AR B2

IpA|: 20rE ALIOJMCH2| 22tekqRS et Q| W& UI/UX 71 HE
0]

« 717 B WS 083 Q17| ¥rS FAF 23} UI/UX A 24 71| TfE £ A
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128 4% 19 1F 18 2% 19 3% 19 4% 2813
(26~30) (2~6) (9~13) (16~20) (23~27: &Yt (30~3)
Bags of Features 37} 7231 L A&

ACL Conference =2 2 U z|&
e

&[0 ARpE DM Y WHALE 2

28 2%
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At 2 I

SR i hiee

1. =0l EF 2AS 26t End-toEnd Leaming BA12| S0 Al Of|2F CHSH A|AE &
Cil et
= =

*  MNEASu2l Alsd TiEA 3LjH(ol A AiE JHE
a

1. SO0 2 227|718 2 7AHSE O[0|R] 84



cojjol £ A|Al2 A
End-to-End Learnlng HFAIO
ot= 0] 415 Of|2F Clel A|AES JHE
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AP LY - =

3H0] Al OlloF TH3 A2

=> pHdside oA =cune
p: MBOIM HUE J122oR A EOHEEE RSNl
prediction : @

=
=)

Zir=

{'<party_size>': Mone, '<rest_type>': 'HY', '<cuisine>': '#H', ‘'<location>':

>> @AUsUCH

predietion : 9

{'<party _size>': None, '<rest_type>': 'HH', '<cuisine>': '§H|', '<location>':

>> 9ol ooz oofstal e
i CHIY BES
prediction : 3

{'<party_size>': 'CiM', '<rest_type>': 'HY"',

>> Y & EHSHA A’
+ OR giof
prediction : 15

{'<party size>': 'CHi", ‘'<rest type>': '3HE', '<cuisine>'

s> FOI9 ¥ I 2AES HocuHR
2
HE =

prediction : 15

{"<party_size>': 'CH', '<rest _type>': 'HE', '<cuisine>': 'EH4',

== Fote R 7H E|AER HHCSRHS

prediection : 0

{'<party size>': 'C}4', '<rest_type>': 'HE', '<cuisine>':

>> api_call B4 ME CHi g
ie
prediction : 13

{'<party_size>': 'CiM', '<rest_type>': 'Hg"',

== 0| B|AEL OffH7}2: <restaurant>

:: WHCH

prediction : 10

{'<party_size>': 'CH', '<rest type>'

=> UefE FWs=al=R spuaLch

‘<cuisines': ‘B,

e,

‘<cuisines': ‘B,

‘e, ‘<cuisine>': ‘B’

'<location>'

'<location>':

'<location>':

VB, '<locations’:

'<location>':

'=location>":z

TME'}

TME")

TME'y

ME}

TMHE'}

THE)

TME'y

ME'}

Q

Al2H

B A2 A28
9§ 5 Ut Alg A7H0) Foi?

f-
HYo| Y= of oSt 2ta?

oA

[ #1%1& oiciol ojor site? |

oiegl=e

Fol R 7tA| 2| 2EE
HocgAa

Api_call <2 4]> <OIE2|E>
<O A%Y> <F Gtk

ot=2|= ¥ EH|o|

[ 4= oA ALte?

—

EHjo| Y1 dE 2K =2
(4= wastanA aue, )
ofY
o2 A IHX| 2| AEE
2oEgAS.
Api_call <B4 <HE> <O A B>
<X B>
O] 2|AE= O{H7IR : <A
Fd

(o1ers musiceic® sias, |

AHEX}
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Slot-filling &A1 22 CHE} CHS} A|AE

L[ Q10f| Ciet A|A{O[L} hand-craft feature 80| St ClIOIE AtA|2r 22 End-to-End Learning &
Ao 2 5H50| 7Hstt Thst A|AR ZEIS0| O] A2 A US

7|2 End-to-End Learning &Alo| REIS2 st&52 Lol O B2 ¥l stE MOl S e =gt

= AL M= =0 Q0 CHSE A AIS A|AEI MM RSSO 2 0|5t O A
End-to-End Learning 24|0| REISHC AT|H O 2 {20 at5 GO 2 Tt A|AH REHIO|

51550| 7hs
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AT LY - Aot 2

Entity Extraction

Utterance Embedding ﬂ

Are there any Korean restaurants in Seoul
with reasonable price?

MEOM B Ha 2 N
HE S A= BHH ST

a

AHE XL

Bag Of Words

Sge|plgicr
o esty ke

how many people would be - I
€3
22| (location): A&(seoul)

in your party?
2} (price) : 3YEHmoderate)

Entity Tracking

22|(cuisine) : Korean Food

218l<(party_size):{empty>

Entity Extraction2 £IsH AtA 7|BtQ] slot value H2]

Hidden States

Softmax

Action Templates l

1.9%2 ¢igioz Action Templates
ofjersal H7kR?

Probability Distribution

- —
AR i —(x
- Element-Wise
16. oflapE 2Ha| Multiplication
oS AL,
Action Mask

Entity Extraction, Utterance Embedding, Bag of Words &= 0|25t A2 At 25t A4 214

—

ot=10{ 2|7|I|C|O} Ci|O|&{ f 3458tH1Z O| 8310 & A|Z! word2vec 222 Soll Utterence Embedding
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ol

AL LY 8 - e B ZolS S5t ZH|Q! 2| A

~

U geE BEse XH 1Y &S oo ot Al A0 2 e \ Action Templates

Entity Extraction | D\‘ 8. api_call <cuisine> <location> <party_size> <rest_type>',
ST Hidden States 1, 7149 H9s O=FEE dAeMe’,
A =
o+ = BT DETW I—’ Uteronce Embedaing—+[ | s _.. 2. I,
3. 4 £ #ZEsHA aye',
Bag Of Words _.[.L_f‘_ v 4, OE JAEE HOSTAR',
Softmex 5. & SocuA Que,
A2 X} { ActonTemplates | | 6. 33 oRlo2 ojoisy e,
1.3%e oo Action Templates 7. hgstde oA cefslne’,
T R bty S 5wy,
Egﬂgg,ﬁé? " . ) " | . : + _ 9. Ol B5el 228 o',
[— _] Entity Tracking - 10, Golg FedcelEE spiet,
. I Elemnent-Wise
16, Oij2HE 21w Multiphication 11, $iAle <info_address> Lt
.m. Entiy ¥ ¢ SR H2GU. g Action Mk 12, SRl oiciof slojof se’,
e HAME AR g 13, 0] YAEE OE2IR; <restaurant>’,
A| 258 BN YEAemot) 1

. Ma#sE <info_phone> RLICH,

\ ) . B0l2 % 71 BlAEE BMEYHR'

ey
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o ZO0Q A S EBSH| flo AL HE S H2

o A|AHEIO| HEE2 AREAOAH BES o5t0 Al Of|efS St=H|0f B2t slot valueS 27| I8 A| A& &, of|ofs 2l5H=
2ot S22 950 US
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AT LY -

Chd @ "EH#H 2ot

a

A& Xt

1. Apl_call cKorean» <Seouls <Five»
<Moderate>

S22 BE
Natural Language Generation

W yu g BYSE A Y

MBI ZEH o
HE 5 e VAT YR

Post-processing Module

2.0l ME2 OHATHR <M T B

How about this restaurant : <name>

Entity Tracking

4 o g2
HlefEd Urrar *

Entity  J -3
$13|(location): 4 &(seoul) 'm'
73 (price) : HE¥H{maderate) *Iﬁzé{

22|(cuisine) : Korean Food

QI =(party_size): Five

Z2l0|M slot-valueZt st A|, 22| 2F2| Entity TrackerE S

1

A oot oist A2 29 He

Action Templates

13950 glgos

wlershd Hoar

16. 0|2k 21eg
ERES saUC

i x Il
Element- Wise
Multiplication

Hidden States

-

¥
Softmax

¥
Action Temnplates
Probability Distribution

Action Mask

245t Y= entityES &
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AL LY - Evaluation

Methods Accuracy
Per-response 0.95
Accuracy

Per-dialogue 0.71
Accuracy

st& CHa} Cl|0|Ef 7597H, E|AE CHSt H|O[E 19074

=

A|AE0| EHI27| SEeHE3te| 7l
*Per-response Accuracy = DC Cal= Il &3] 7=~

i A ABIO| 25 SHIEH SESHOEH| 74
Per-dialogue Accuracy = I S ES
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O L LY - 4= oozl 257171 L RAFAE 0|0j7) HA

« CNN(Convolutional Neural Network) 22l 0| 2510 AME M| 2| S &%= O|0|R| 2x7|&
7

- 0[0]2] 2F77|E F+gst= CNN2| 2 20]0{ S (Layen) ol M T & F 0[0||Q] A 2E 2Eote 2&
HE

ofo

501 nat21o| A

« O|0R] EF7IS[2AE 22 7|52 E
= el7t 71z O[0|A|

O, #Efs e Ael

40 np 4>
A
o
4N
rr
K
mn
-
Uz

o HE] SZHSOIM A2t 7t
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AL LHE - 4= oo £37| 74

st&o| e E
Convolution layer2|

Weight AHZ
Y
<, % ¢ ojojx|§ EWSH=
y Final Feature Vector £&
=REH/
Layerd £

feature extraction

M ME 71E| 2§ I
= JEOIIJ}IJ!I-L-E-LE.JI )4 o|0|x| XHEFEE|

Bully [ Cutpat Practesans
Connacted  Connected

* Convolution2 0| % AAY

[I'— """ ety +Kernel®| 2 H|O[E{E O| 8¢ training2 2 S H
K S L UMtE o2 SN IO kernel(filter) AHS
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AL LHE - 42 ojojr 2577 7t

img_url = 'https://images-na.ss1-images-amazon.com/images/I/41s8d4b0OCIL. AC SR201,266_.jpg’
image, label, temp image = get image tensor(get file name(img url, timestr))

init = tf.global variables initializer(

sess.run(init)

saver.restore(sess, os.getcwd() + '/' + ckpt state.model checkpoint path)
tf.train.start_queue_runners(

img eval = image.eval()

label eval = label.eval()

Image.fromarray(temp image.eval(), 'RGB').save('bbb.jpeq")

feed _dict = {images: img_eval, labels: label_eval}

predictions, labels, m images, model.global avg pool = sess.run([model.predictions, model.labels, model. images
predictions = np.argmax(predictions, axis=1)

from skimage import io

io.imshow(io.imread(img url))

io.show()
T Cateog y ========
0 Clothing, Shoes & Jewelry||Men||Clothing| |Pants

50 - =========—= Image Feature Vector ========

100 [[-0.07558649 2.16240168 -0.42184603 -0.39870006 0.03916774 0.27518252
1.7862221 0.33343628 -0.02881923 0.36220819 1.38405395 -0.19276646
0.62053013 0.69328076 0.03741341 1.16429532 -0.53181541 0.30690709

150 - -0.55975258 -0.17014273 -0.15929703 0.38130242 1.48261607 -0.13506067
-0.00274542 0.61259043 -0.14852576 ©.19876912 ©.70431644 -0.11990836
1.36879015 ©.29748395 -0.26051149 0.78217185 -0.00985282 1.10916114
-0.29952109 -0.29365543 -0.32010931 0.81766123 ©0.00458247 -0.19918481

400 -0.00289544 -0.15938796 0.64092493 0.84274119 0.11906894 0.16082053
0.64006299 0.90724182 0.59659481 -0.3006635 -0.59405196 0.04658261
0.56873618 -0.17401768 -0.34832662 -0.22789852 0.42312691 0.92717624

250 1 1.37977588 -0.21212947 -0.02173169 -0.41418666]]

0 50 100 150 200
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H LY - #ieizzt 7|ut QA1 0|0J7] 24 2% st
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G|__|.I. AlZd - =2

= =71 “—-

© 23U HEA

1. 0l=g, Ra3al, Ys|H, At 241 &4 LSTM-CNN-CRF 7|2te| 5h=0f 71| QlAl 2 4, St=g¢&lote], 4| 83
122, 2017

2. 0|=Y, ZA|Z, eS|, “User Sentiment Analysis on Amazon Fashion Product Review Using Word Embedding”, 4|8
H, Al4=, pp.1-8, 2017

o R HHHA

1. 0|59, 0|2t5|, O| ™S}, ZAZ, US|M, “Deep Residual NetworkZE 0|5t INM A& 2t5 22 Ol QH|Y”, ot=2Hd B }5tH5],
2017

2. 0|59, 40, AUs|M “=0fQl EY 2|AlS A6 End-to-End Learning YAI9| S+=20{ Al Of|QF CHS} A|AE! D& JfEk
Al 292] st= Y ot=0f HEX2|stg], 2017

3. 4380, 0l=E, Ys|A, " AT 0| of Chet A|AE VNS 28t Sh=0f HIO[H M 5, A 292] st= X ot=0 HE X 2|5}5]
2017

4. 0|=9, o1&0F, Ys|4, “Hybrid Code NetworkE 0|85t ot=0] AlE Of of A| AR 22, ARE 1|3, 2017

5. 0|=g, ¥alA, “End-to-end learningE O &%t ot=0f ChE SE A|AG 7HY”, st=2-d 21tsts], 2017
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ool LH-g- - =AM 0|5H: Scene Detection

% Scene DetectionO|gt?
Scene : ¥a40| = UEL FAFet 2|0l Wist= 02 ZHe| Agt

o o

Scene Detection: OF M| SYGAF LJC| SceneS ZH A1 0421 7H9| 52| S FA:
o2 L==A

/((—‘_\\
\\\_——/
Video Video | Shot Boundary Shots . Keyframe
Repository Detection Extraction
\\\_——)j/
Shot-keyframe pairs
Scene Keyframs‘;iSrSntence Sentence
Scenes « Assemble Scene | generate from
Keyframe
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ool LH-g- - =AM 0|5H: Scene Detection

o3 Scene_o_l = E_|

Scene®| 22 YafiA= Oflol 2kRE Bl W510] Threshold(©)S HOB 2+2 Scene
o 2|23t

> M 3| AE 20| AL (CDist), 7| ZQ] RAF EIAEO| S ALE (SDist), AFZH S A0 2|4
(@)= :
T(VDlSt)

If ADist(CDist,SDist,VDist) < 6 then F; & F;, is not in the same scene
while ADist(CDist,SDist,VDist) = a - CDist + (1 — a) - SDist — VDist

= S AU Ao 2 Hel=F2 Threshold 4/2 2 éiﬂ.
2f0| 24= ThresholdQ| 2t0| HHOtX |, HCHZr0| H2™ Threshold?| 10| =

X -

> 22| 22F0| H512F0| 242 Threshold2| Zf0| &=0F&|0{, #5120 42 ™ ThresholdQ
i
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L L - sZ4osh: Motion Data

Motion Data:

ST LHOl|A] 222 HE ot LEAME U QBAHE S| 2|%|H
- SGY UL 2 LEHE 2|z| LA|etCt
- SUA Lo DE QEMES| 221/} s £
-S4 Uio] BM0| gl 2BHES BHsIC

[80 80 80 ... 80 80 80]

[80 80 80 ... 80 80 80]

[80 80 80 .. 80 80 80]

[110110 110 ... 110110 110]

[110 110110 ... 110110 110]

[110110 110 ... 110110 110]
TR QHHE
XA ER
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H: Motion Data
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H: Audio Data
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L LY - 534 0|5H: Audio Data

% Sound Spectrum
- G4 Lo HA| S0 Chet
- G Ue At 8740 Tt
- & 729 Spectrum 20| & 2A
CHSE parameterZ2M AFRSHCE,
— SHAO| Scene Detection?| &= E

[0 st &= off A e WOl noise HE{F O

HIT

Of7] 2IsHM = AFE-ELt.

Volume (dB)

Frequency (Hz)
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ool LH-g- - SALO|5H: Audio Data

Speech-to-Text :
S SALLHO| At 2M 2 TextZ HSHA|Z|= RNN 7|Hto| Ela{d pal

(@] =

Sentence label (Character level)

Y
Connectionist Temporal Classification

A

@—P@—P}lx 1’—>| softmax |

. Residual

T

Mel-frequency cepstral coefficients
A

Speech Wave
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AL LY - =34 0J3l: Image Feature Analysis

“* Image Object Detection “ Image Caption Generator
- Feature Analysis in Micro Level - Feature Analysis on Macro Level

‘construction worker in orange “two young girls are playing with
safety vest is working on read.’ lego toy.”

"black and white dog jumps over “young girl in pink shirt is
bar.” swinging on swing.’
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H: Video Understanding

o

ool LR - s34 0]

®)
i Cl|OJE{ %= 0|0

O|3h
O|A
—
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X0 040
0|0 780
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oL LYE - s34 0J5l: Video Understanding

CEECETR 1. SZ&E 02 712 t(Scene)22 T8
e St & 2t SceneS CHHESH= O|0|X|Ql 7
FEI Ao T o=
%2 gus daca 912 225101 3T O[D|AIS BA}
(_2F3H0] Ltetich. ) ene M| CHEsSH= H4
=

SRR ER

Ch3h Ly s 2. SYY oM AlHS0| HEIUS T, F

AE B8 N0 Tagging 2YUAS 2ABEALES Bl 2
\_H£EZ LIELHCE 1 SO ZM DEI0| SYA YRS O HE
2 N o2 Tjotst=2 she 20|ct,

SEY L2 FAL EEAL SAIE

QEHE ZtX| =EPLL
o J
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Cluster 01 Tag ‘47d
[SPe
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L LR - SF40|5): Image Caption?|

ST Olol| Z2HEZ 4ol Auf = A EO|M AFEEState-of-the-art Image
Caption GeneratorOf A Q

- 20| LT A2t} Y .

A2 42 W7 st 2235 HIojEAle| 27|27} o< ALY,

20| JHA|7t &=l O|0|R| & YA B B0 ZHato| |11 HEETF YOI
H 2t=20]| QE THAH|E YU O|0|R[0|AM RS HR FEETt O O RIC

A Zt= 0| QUE O|0|R| JHH| = =Tk A|HO| OfL|H 25 s AMst= A7t HL.
- Visual Agnosia ProblemO|2t H&eat

Mob Mok 1 r&

2|9 StAIES 22517| ot 40| 7= Image Caption Generator?t & 5}C}
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3L LYL - 0/0]7] 244{L: Image Caption A5 SHAt

- ObJect Detectlon Orlented Image Caption Generator
Attention Based Image Caption Generator
bouquetof  pottle of water  glass of water with

red flowers ™ 7 ice and lemon

dining table A woman is throwing a frisbee in a park.

with breakfast
items

plate of fruit

banana
slices

fork

a person

sitting at a

table A little girl sitting on a bed with
a teddy bear.
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AL LYE - Object Detection Oriented Image Caption

Image object detector + Image Caption Generator
< O|0|Z| YoM Z+2te] 7HA|IE RISt £ bounding box LH2| 0]0]Z|2F Image Caption
= ‘& dotct,

P 13

- StLto| O|OfZ|Of| Ct=2f 7HA|7t R ete|0 e St & FAlotTt

- Visual Agnosia Problem= Ct4 s At}

EL_:” Ol bouquet of bottle of water  glass of water with
== red flowers ice and lemon

QDZ{

=0 E|7| SOFA|R| =Lt

- SHA[ZO] 20 &AL

- A5l =2] 0|0]X| S Y=HollOF §50| FA| €Lt
- O|0|R] MA|E oLt 2422 2HotA| =t

ol 30
Yre
ox

dining table
with breakfast
items

plate of fruit

banana
slices

fork

a person
sitting at a
table
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ool LH-g- - Attention Based Image Caption Generator

Attention based method= =5t Image Caption Generator
< O|0|Z| LHO||M 7HA|E LA W, ol 7HAH =2 F-E AttentionE £ Attention= &R}
O|0|R| M A= &tCfst= ¥A O[T},

Qo] 2k
- OIDIZI |-HOI Attention=

= 7HA[2F 11 FHOf| Chet ZA| § YSEIC
- AttentionO] =012 7HA|E &olate2 ZDEHO| LEYS £8Y 3% 7S Qs |7t
&0[stCt.
Qo] ChA
- FHE0| 42 BAl= SiiZ0| QHEIC

- Attention0| O{L|0f| X=X 2 4 GIC
- 2F 202 O0[otY, o[of gt A= 2/ L= = 4 8l +=20|t

—

Il
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L LY - Attention Based Image Caption Generator

S wlwiwigd BER
- PERREERRR

flying over a body of water
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1. 8, g3, “S3Y OIS St B 21'd 7[gte] 29 & &4 7|87, KACE(S=HRE 1S
2. B8, 580, 488, 73|, Y54, “0|0|A| BHE Eye| g5 Blw”, KSC(et=mE21ts)

 UB|A| “HER5}0[0|2/S 23 MIE A 228 0[0|7] 2}

1. 474, es|A, “A Review of 4 Video Key Frame Extraction Methods”, 2017.02.

< O|E A|AE
1. HER3}O|0|R| &7 7] 7HE DEMO: blplab.iptime.org:7012

2. MEE3}I0|0|Z] ZHMHY 7Her DEMO: biplab.iptime.org:7011

s w717, 2017.12.


blplab.iptime.org:7012
blplab.iptime.org:7011
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AL 7|2l - o 7 28 U A

« Semantic AnalysisOf| Cli{at 2E5tC}.

« Video Understandingd|A Image Caption GeneratorQ| H|2S 7tA4 3}
Image Object Detection@ 2 H&5H0] A1&13 HE A|=lo|C},
U TH4 CHAIOf| Dialog System@| AFEALE & Yohe AAIZF SHYAMNO 2 HHY HEEE 3
W5t= T4l Dialog SystemO| &CHEO| & OIQI-‘ZI '3 ore HHE 35510 robustnessE =
Ol Zi0| S &L}

o

128 4% 1913 1923 1933 1843 2813 2823 2933 2847
(26~29) (1~5) (8~12) (15~19) (22~26) (29~2) (5~9) (12~16) (19~23)
71212 A = 71212 A =
olnjg4 3% 2 4
ICICPE
AIOEA] 2t
EHA 0|5 2E!I9] Im2txt, Object Detector=2 14|
Dialog System
Dialog System &€ SE4 28 U 4™
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At 2 I

© IRl AR
1. RONICS: RECALL OVERNEGLECTIN CARE SERVICES

< I
1. ZSE23EFASTERR-CNN



RONICS: RECALL OVER
NEGLECT IN CARE SERVICES

J2{c{stu! NLP&AI Lab.
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17 LS

Alexa, ask History Buff what happened on May 5th

Wake word Starting
Phrase
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HL L& - rONICS

Create a New Alexa Skill

Skill Information Skill Type @® Custom Interaction Model
Define a custom interaction model or uze one of the © Smart Home Skill API

. predefined skill APls. Learn more o .
Interaction Model & Flash Briefing Skill API

@ Video Skill API
Configuration

Jonguege
SSL Certificate Language of your skill English (U.S.) M

Test Name
Mame of the skill that is displayed to customers in RONICS
. . the Alexa app. Must be between 2-50 characters.
Publishing Information B e ) N
- _ Invocation Name
Privacy & Compliance The name customers use to activate the skill. For RONICS
example, "Alexa ask Tide Pooler..."

o For successful Alexa Skills Certification, please review and follow our Invecation Mame Guidelines as well as our Cedification Requirements.

Global Fields

ply o all lang

Audio Player
Does this skill use the audio player directives? © Yes @ No
Learn more.

Video App
Does this skill use the video app directives? Leam @ Yes @ No
more.

Render Template
Does this skill use the Render Template directives? © Yes @ No
Learmn more.
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|_?' LH% B

Calendar

7 Built:ins

Y

AMAZON . ReadAction<objecti@ Calendar>

AMAZON SearchAction<objecy@Calendar>

AMAZON AddAction=object@Event=
AMAZON ChooseAction<object@Event=
AMAZON DeleteAction=object@Event>
AMAZON ReplaceAction=object@Event>

AMAZON SearchAction= ct@Event>

AMAZON SearchAction<object@Event[eventStatus)>

AMAZON SearchAction=object@Event[location]>

AMAZON SearchAction<object@Event[startDate]>

BUILT IN INTENTS

(< I < I < I < I < I <
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AL LY - Confirmationintent

e Ronics what time do | have to take
e Ronics remind me to take

Confirmationintent

Ronics when last did | take




Korea Univ. NLP&AI Lab. 2017

AL L - Lambda Function

I.CUE arm:aws:lambda:us-east-1:058090188666:function:Carel

Qualifiers ¥ H Actions ¥ Carer v

ﬂ Carer

Alexa Skills Kit ! Amazon CloudWatch Logs
® saved

Add triggers from the list on the left Resources the function's role has access to will be shown here

4
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AL LY - Faster R-CNN

[ Ceramics | Food | Buiding | Painting | Clothes | MeanaP _

“ 0.930 0.903 0.822 0.896 0.810 0.87

We used the Faster R-CNN
from TensorFlow as a baseline
Implementation

As for our dataset, we
retrained using 1000 images
and 5 categories, creating an
average of 200X5 images.

[LLF W o R o) e ]

The five categories classified
were ceramics, food, building,
painting and clothes.

We also utilized the boundary
regions in order to detect the
Images

Top K region score = 0.8
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128 45 1815 18 2% 18 3% 1845 2813
5~29) (1~5) (8~12) (15~19) (22~26: M (29~2)

Complete RONICS and make several updates

IEEE ICHI =2 2Id Y #|&

D

PervasiveHealth =2 2 4 7j|&

I

Personal Research

28 2% 28 3%
(5~9) (12~16)
MICCAI =2 2t U A=
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A LHE - 25222
MOOT ALO|E
* http://www kucomputationalthink.org
Ranking
ID compthinking Score 327
Chy 257
M3
Rank Student Score
p4 1 Jeong Jin Sung 5757
P4 2 Joonhyoung Park 3823
4 3 Park chun jung 3397
4 fantom 3256
5 SyntaxError 3190
6 truekimei 3186
7 munch 3153
8 cjy1201 3111
9 bjaoh 3062
10 idea2idea 3052

wY AAH

JongMun
Python Total

F

H cwmmeet
H Python Total
o

Blockly %

Quiz Total Quiz Total

Lee Jun Seok VocallA
Python Total Python Total

Blackly %A

Quiz Tetal Quiz Total

portax? dainee
Python Total Python Total

Blockly Rtal sndence  Blockly Tota

Quiz Total Quiz Total


http://www.kucomputationalthink.org/
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Oit29| shgAts0| TextbookO|M Asst Y 247t HEE0 Aldst e
SEEAQE £ Online AsBAS  SHAASO NEHO s
Online Textbook Edl A7|REA SE S5 20t 5 C,7| sHolsh 4=
7 fs iy 02t sts
MOOTE Massive Open Online Text7|gro|2 8H50| 0| 2012 Zichermann®| st 22t MOOTL{ ol A1 2
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AL L - mooT He

-~ _[
L7
-

MOOT Model ] .....

]

</

Online Book

B &

— &

Environment Practice

—
—

Conversation

ie]

i

Learner Analysis \
- s,

« MOOTS| &34

MOOQOT (Massive Open Online Textbook)
CHr 22| AFZ A0 A AlS &= Text?|BHe| =242 Ay
=etle 2 A&t | =0 =Lt A OC|AM = £ A E20] 7ts

1. 29l eaAt=0| otg 7ts
2. H|H= 7o S40| ot
3. uAfglol egit &
4. SGAF e HRUE
5. 1A QoM HA[ZE A
6. S5 HOHEM8= S

N,
.

-~ -[
-

CT MOOT System
(Online Textbook)

print (property_nane)

oS

i
! > c
! g
\
3

L print. FETOAE |

Python & Blockly

= |

Comment

Learner Attendance
Log
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G LIS - wzn~d oh

Al Y sH(Gamification)

.
As 722
L <8 ESIEE 2 2CeE Hi | gy Rz EX I J
CT-MOQT A28 A 7| A AL
= Tam]s Ranking
(o] campthinking Score 209
2= 94
Hug
Rank Student Seare
BIOCkIy #‘l = 4 1 jedo0azs 1630
§ 2 praesental 1581
S LT = 3 haniin 1576
mﬁ _ fﬁﬁ - " _ 4 mem2551 1518
EEREEETT e oo m 5 Ktw 1486
E‘ “' & Daeysun 12
L - 7 Kghsos 1351
8 dmwni22d 1324
219 7|8 Python
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AL LR - A1 8 ohe

L

« U CHEHE 281 (Eeld: 207F, ofstd: 74F)

<HY MOOT A|AH”! BHEE

=< =y
1."dFE Atnot Lol BIHO[E" AFO|EZF AFE At 3 (Computational Thinking)= 3.7
Olofiot=0 B2 =S0| &ALt A2yt L 7t?
2. "HAFE At ED Lo EOO[H" AO|ETF 817| HE|RCH D A2 sk L 77k? 3.45
3. Li7F 2o ARE ALLH S O AR 7t E2XI0HH, L= "HRE At st gako 2| 3.57
O Ef" ArO|E§ Argot HEL I
4. wxjol LfS HiXst, KUCT AlAE(Quiz, Blockly, Python, Ranking AHESEZ| O 3.62

H|shdLtR?

110 (43.1%)

100

63 (24.7%)
50

47 (18.4%)

29 (11.4%)

1 2 3 4

U A2 cf et Eot




Korea Univ. NLP&AI Lab. 2017

Contribution
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A LY L - 552t 245 241 AI25} Data

Data Collection

« oLff et = 3479

o JHEZHPSA A E W 0| A E

o SIS SHEES S E7| |5 CT MOOT A|AEIS E5 Quiz, Python, Blockly, Attendanceg 0|&&t
« CT MOOT Data& O|&835t0] Star plot2 =2 Aot e

Data Preprocessing

« 187| S52 A 2 £ 3479HO| DataZ 0| 2510] 3~6¥2| DataZ 2 8%
« Quiz, Python, Blockly, Attendancel| & St&52F =S 2t feature?| 7|22 A L3510 Countd

e S Quiz, Python, Blocklye] M&& 5% countd
« Ranking2 Quiz, Python, Blockly, AttendanceS E &5t QO B2 A|ZtS}0|| ILSH5HR| of2
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AR LYE - =62 32w 2is 25 o4
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Input Korean Sentence
TEXT CLASSIFICATION

& BAM(HAE) #577|+= SVM(Support Vector Machine)
25719 2 A|ARAAL|CE

£ o= Ms25 28 = Ho|HE 0|83 e, IH FHE 2= & 7672 A0S
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AR A - =2

© sl AW~

1. YunA Hur, Heuiseok Lim, “Development of Learner Activity Collection Model through Online Textbook
Computational Thinking MOOT", The 1th International Conference on Interdisciplinary research on Computer

Science, Psychology, and Education, 2017.

e

*

L AHHA

1. 3|20}, 5|, “Massive Open Online Textbook 7Hgf & Ot= & ZAL, SHEAREE NKSS| , SHSEYHE =23, Al 21
12, pp. 33-35, 2017.

2. 5{&0t, YUsA, “2efel WA MOOTE &t atgAte| & 8 22 /1Y, st=AREHusS?| , sASt=LdHE =4, A
213#, 1=, pp. 38-39, 2017.

Of, Ys|M, " ARE At 7|8te] 22101 st5 A|A'RIS 2ot A ¥et GAP7, et 2utets], st RESeet=tlz

4, pp. 555-557, 2017.

4. 3{&0t, 0|=Y, AalA, “Batel b5 &= UI0|E9] A|Z3tE fIet 24 AP, st=AREH 1|, steLdE=a, Al 21

2%, pp,143-145, 2017



20y AL

Korea Univ. NLP&AI Lab. 2017

3| (Korea Software

_Z_

Congress), 2017.

4|

ol

7/
o0

2017.



ZARRILICE




2017 93
NLP&AI 1Al

a12qcl{sti? NLP&AI Lab.



Korea Univ. NLP&AI Lab. 2017

At 2 I

< il H4t
1. Korean Morphological Analyzer Development

2. Dependency Parser Development



Korean Morphological
Analyzer Development

J12{Clstw NLP&AI Lab.,

Andrew Matteson



Korea Univ. NLP&AI Lab. 2017

AL L - Morph Analysis: Overview

Tagging Output
CRF

Backward LSTM

Forward LSTM

DOOOKOOOKOOQ

Input Uni Auxiliary Attribute Nested Repre!

o b5 o

Model Architecture

Tagging (Er | [ sF | I:”*7\1|/NNP + °|/JKG
; - d ] z|9|/vv + OJ/EC + B/VX + L/ETM

Ol &/XR + SH/XSA + L /ETM

Morphing |z-keep I-KEEP| |MOD:[I, B]||I-KEEP| |B-KEEP
AAF/NNG + 7H/JKS
7} 2| 71 Ct _ H2I/NNG + &[/XSV + L /ETM

X/NNB + O|/VCP + C}/EF + /SF+
Model Actions

Model Output
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AL LY - Korean Morph. Analysis

Input
Embedding

Embed the input
sentence

The input sentence is split by
character and whitespace is
represented either by a
reserved whitespace token or
by a break-level attribute.

Morph.

Transform

Transform and
handle spelling
changes

Spelling modifications
required for recovering
original forms are handled in
the Morphing Stage.

Per-Morph
Tagging

Assign tag to each
morpheme

The Tagging Stage assigns a
part of speech tag to each
original form, corresponding
to the tags specified in the
Sejong Corpus.

Qutput

Present output
sentence

The output is then
recombined and presented to
the user, combining original
word-level whitespace with
annotated morpheme units.
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AL LY - Korean Morph. Analysis: Definition

e Detect original morphemes when given inflected input
e Tag parts of speech for each morpheme

e Adapt to flexible requirements of tagging Korean language
— Identify original inflected form
— Identify honorifics and other agglutinative forms
— Match output of Sejong corpus

« Discover innate patterns that can be used to tag even when tokens are OOV (out-of-vocabulary)
¢ Handle and preserve input whitespace
* Split output units at proper position

1 EHA|e| = BHA|/NNP + 2|/JKG

2 2UZ 2> SYU/NNG + 2/IKO

3 AAHZ = X|Z|/VW + O/EC + E/VX + L/ETM
4 OfjEst = Oj&E/XR + SI/XSA + L/ETM

5 HAE 2 HA/NNG + 7H/JKS

6 ZtA= = ZFA/NNG + Z|/XSV + L/ETM

7 ZLO|Ct. = ZI/NNB + O|/VCP + CI/EF + ./SF
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AL LY - Training: Alignment Oracle

Algorithm 1: Alignment oracle

[M]

w

Input

0 do

: A lexical form Form and target
lemma Lemma
Output: A list of actions ActionList

ActionList « [[;
IndexMap <+ {};

FormFEnd < len(Form):
LemmaEnd < len(Lemma);
while FormEnd > (0 and LemmaFEnd >

if Form[FormEnd) is
Lemma[LemmaFEnd] then
IndexMap[formEnd — 1] +
(KEEP);
FormEnd + FormEnd-1;
LemmaEnd < LemmaFEnd-1;

* Find character alignment between inflected form and lemma

* Most languages inflect at the beginning or end of the form

* Maintain beginning and end as much as possible

* |solate a modified middle portion

o KEEP: keep character as-is

e« MOD: modify character
* NOOP: no operation (ignore input character)

e B-:start new output unit

e |-: continue existing output unit

Algorithm
c r e d i b i 1 i t y
KEEP | KEEP | KEEP | KEEP | KEEP | KEEP | MOD:1 | MOD:e | NOOP | NOOP | NOOP
c r e d i b 1 e
Figure 1: Actions for transformation of form “credibility” to lemma “credible”

Output Actions
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AL LY - Training Data

8 B-KEEP
Ml I-KEEP
O| B-KEEP
_ B-KEEP
; 21M7] MIZAE #¥Y&S2(2000).zip, S B-KEEP
Written/news/8/CA96F343.txt.tag: sentence 648 A |-KEEP
1 SO BHAI/NNP + OJ/JKG 0 EBE;EEE';P
2 B9S2 BY/NNG + 8/IKO 0 _ _ X| B-KEEP
3 AHE Z|7|/W + O/EC + E/VX + /ETM _ 0 _ ‘ ﬁ '\NA(O)(E))E[Il_;lI’lB_WIB_EI’lB_LI]
4 OfE35t OfE/XR + BI/XSA + L/ETM _ 0 _ _ _ TB_KEEP
5 A7 SAMNNG + 7H/IKS 0 Of B-KEEP
£ |-KEEP
Zh2IE| 72 = N
6 ZH21Z ZFRI/NNG + E|/XSV + v/ETM _ 0 _ 3 MOD:['B-5' 'B-L']
7 20|Ct. /NNB + O|/VCP + CH/EF + ./SF 0 _ _ _
Corpus Input Output Actions
Tagging 1 ]
7}E|§'| L C}
Morphing |B KE}EP‘ l:[ KEE‘.Pl MOD: [T, E]||I KEEP| lB KAEP|

A Bl @ E [

B-/ I- actions
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L LY - Architecture (Bi-LSTM-CRF)

Tagging Output
CRF

Backward LSTM

Forward LSTM

ioééa;?aém.ool

Input Unit Auxiliary Attribute Nested Representation

o b3 o

Input unit: unit embedding vector of lemma recovery result

 Auxiliary attribute: “break-level method” and "spacing method”
— Break-level method : break-level attribute with BIO annotation of word

* Spacing method: whitespace is appended to the input unit stream as a special token
* Nested representation: character-level embedding vector of input unit contents
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AL LR - universality

« Does not require any language-specific features (not even graphemes for Korean)

» No dictionary required

» No morphosyntactic rules required

 Arbitrary input size allows input of sub-characters, characters, morphemes, words, or even entire sentences

* One stage is enough to tag many languages

* One-stage system can provide one morphological tag per input unit

« Two-stage system can provide morphological transformation and morpheme-based tagging (such as in Korean)



Dependency Parser
Development
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AT LY -

Visualization

Parsing: Overview

E0| EIC}. /roOT

EE37|E/vp_alT

158 /NP_AIT S0 vp AR /NP_AIT
0| AtE|&/NP_0B] 671/NP

POS Tagging
ID FORM
1 dOiE3Yol
2 159
3 OJAEIE
4 9o

ZE/npP_SBI EBEAMZ| 2/vp SEE2/NP_5B)

ch/op EE0/Ne_AIT HEE/NP_0BI H| =4 /NP

QU+ /vp_moD ZH. 54 %/Np E|AL|/np_MOD  XHRIDL/NP_CND

SEHE/NP_0B]

S

ATt/ve_mon  AEH/ne

E< Iyt 4

i

Parsing Tree

[B3 Dependency Parsing [EJ Reassembly [ Semantic Analysis

[ Debug Logs
DEPREL Synonyms
197841 5141

Sl ol ol2l7} WlE
Q=) 24 219
gz a3 7Y
s=ois 43 e
disav1s

EXI uad 22016l 28
[EEEEERTL
19784 €8

197311 9¢

NP_SBJ Hyundai Heavy Industries

2Mz013d 53 | EHS=Y

7= 31 O

HUSSH

o
i3
5
13
(‘=1
[=]
=
#t ]

S30[210] 24

2

NP_AJT

NP_OBJ Board of directors

Ol Atz

[+
!I

VP

Semantic Analysis (Additional)
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AL LY - Korean Dependency Parsing

POS
Tagging of
Input

Input sentence
format

The input sentence is first
input into an external Korean
POS tagger (KoNLPy /
Komoran3) and the
morpheme pieces are given to
the SyntaxNet parser.

Parsing
Model

Inference

Inference time

During parsing inference, the
greedy or beam search
SyntaxNet model parses the
input sentence according to
Arc-Standard rules.

Reassembly

Tree Repair

Reassemble
morpheme nodes

Since parsing is done at the
morpheme level, we need to
reassign each constituent
morpheme to its input word.

Output and

Visualization

Present output tree

SyntaxNet CoNLL format is
then converted to a tree and
visualized in terms of parent-
child dependency relationship.
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AL LY - Korean Dep. Parsing: Definition

[root @
dobj} pmod)
on

ROOT Feconomic news had little effect financial markets

Establish dependency relationship between parent and child words in sentence
e Assign parent (HEAD) to each morpheme in sentence

Assign label (DEPREL) to each parent-child relationship

After parsing, reassemble morphemes that constitute part of words

ID FORM LEMMA  UPOSTAG  XPOSTAG FEATS HEAD DEPREL DEPS MISC

1 Lt _ NP NP _ 2 MOD _ _
2 = _ X X _ 5 NP_SBJ _ _
3 Ao B NNP NNP _ 4 MOD _ _
o X2
4 s _ JKO JKO _ 5 NP_OBJ _ _
5  Z0tst _ wW W _ 6 MOD _ _
6 L Ct B EF EF : 7 MOD : 3
7 . _ SF SF _ 0 ROOT _ _
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AL LY - Training: SyntaxNet

e Architecture is transition system based on Arc-Standard (Nivre, 2004)

» Offers greedy and structured (beam-search) models

« LEFT-ARC: Assert a head-dependent relation between the word at the top of stack and the word directly
beneath it; remove the lower word from the stack.
« RIGHT-ARC: Assert a head-dependent relation between the second word on the stack and the word at the
top; remove the word at the top of the stack;

« SHIFT: Remove the word from the front of the input buffer and push it onto the stack.

Step Stack | Word List Action Relation Added
0 [root] | [book, me, the, morning, flight] SHIFT
| [root, book] | [me, the, morning, flight] SHIFT
2 [root, book, me] | [the, morning, flight] RIGHTARC (book — me)
3 [root, book] | [the, morning, flight] SHIFT
4 [root, book, the] | [morning, fight] SHIFT
5 [root, book, the, morning] | [flight] SHIFT
6 [root, book, the, morning, flight] | [] LEFTARC | (morning + flight)
7 [root, book, the, flight] | [] LEFTARC (the « flight)
8 [root, book, flight] | [] RIGHTARC (book — flight)
9 [root, book] | [] RIGHTARC (root — book)
10 [root] | [] Done
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ﬁ-'rl LH% = Training: Data Preprocessing

; A0 NAIMR oY CjAfo|H AOHRA SIt27F AU FME A= HAOIHE LiMGH

(S (NP_SBJ (NP (NP_MOD ZEZfA/NNP + 2|/JKG)
(NP (VNP_MOD M|A|/NNG + Z/XSN + O|/VCP + L/ETM)
(NP (NP 2JAH/NNG)
(NP C|Z}O[LH/NNG))))
(NP_SBJ (NP QO}+=2/NNP)
(NP_SBJ 27t2/NNP + 7}/JKS)))
(VP (NP_AJT (NP (NP (NP AILIZNNG)
(NP ZAI/NNG + £/XSN))
(NP ZI2/NNG))
(NP_AJT C|Z}O[L{/NNG + 2/JIKB))
(VP LIM/VW + QU/EP + CH/EF + ./SF)))

Corpus Input

‘D@\IG’U’!&-UM—IE

2l a a ala
LTI I

FORM
E=1-TEN
2l

A

sl

=

ol

| .

ofat
ojxtoly
o
Lo

=
=7t=7t
o

=4

UPOSTAG
NNP
JKG
NNG
XSN
VCP
ETM
NNP
NNG
NNP
NNG
JKO
NA
NNG
NNG

XPOSTAG FEATS
NNP
JKG
NNG
XSN
VCP
ETM
NNP
NNG
NNP
NNG
JKO
NA
NNG
NNG

CoNLL

DEPREL
MOD
NP_MOD
MOD
MOD
MOD
VNP_MOD
NP

NP

NP

MOD
NP_0BJ
NP
NP_AJT
MOD
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HL L& - Training: Arc-Std. Static Gold Oracle

Training Data
CoNLL Input

Arc-Standard Actions

ID FORM

o4k

ol tol

© B N e R W N =
=]

Aok
ol

" =

=
=

12 S7t=7t

Transitions Log:

(o [T el oo
D €5 0 6 =60
(e ] - TaiT oo
(o [ ciora [ Tar] <eoor
0

0 0 O )
0 1 )

Cea o] soor ]

=TT <woor ]

=T <woor |
EE) O EER

D S5 6 R

LEMMA UPOSTAG
NNP
JKG
NNG
XSN
VCP
ETM
NNP
NNG
NNP
NNG
JKO
NA
NNG
NNG

(D 0 D) D D)

XPOSTAG
NNP
JKG
NNG
XSN
VCP
ETM
NNP
NNG
NNP
NNG
JKO
NA
NNG
NNG

FEATS

&s2a

HEAD

10

DEPREL DEPS
MOD
NP_MOD
MOD

MOD

MOD
VNP_MOD
NP

NP

NP

MOD
NP_0BJ
NP
NP_AJT
MOD

EDLEEBas

06D 0 B2 £) £ 6 B I 8 M 8 0
060 0 B2 £) 36 B I 8 [ B8 0
0ER HC6EE MNamBan
0 ER G EEE EMamBan
CEREGHE N E B0
CEEHGHEENE B En
CEEHGHEENE B En
SEHGHEENEmBEs

EE] € 55 5 EE EXN 6 E B 0
EE] B ER
EDE1 6 G EN e BEe

(gulelasjomouf=frafapc] |

croe L= Tu PR e

SHIFT
LEFT_ARC(NF)
SHIFT
LEFT_ARC(NP)
SHIFT
LEFT_4RC(HP)
LEFT_ARC(YNP_MOD)
LEFT_ARCHP_HOD)
SHIFT
LEFT_APC(MOD)
SHIFT

SHIFT

LEFT_ARC(HP)
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AL LY - Architecture (SyntaxNet FFNN)

Input/TransitionState (C++) Network (TensorFlow)
Sentence w/ partial annotations f
00000 Softmax
Farsing: T
o~ . (000000000000000)
| (booked ] a [ ticket ) (to Google ) TYY ? YT Hidden layers
Stack Buffer [ DDO?OOO ]
Tagging: yemmmsmasmsssssssssssmsa=== ) |
" ere veo oer (000 ©00) (000) (000) ; ~mbedding
: . . Concatenation
(I saw the] (man with glasses. ) by R T --------- - &= -
o \E”ffer (GO00@0000000) | input.word=man
OOOOOO0.0000] stack.word=the

Sparse feature extraction input.prefix=ma

[OOOOOD.O stack.tag=DET

Feed-Forward SyntaxNet Architecture (Overview)
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AL LY - Architecture (SyntaxNet Beam Search)

Training with Beam Search:

Sum scores of all decisions across entire history.... VRN @

Incorrect det nsubj ROOT mark det nsubj advel punct
The horse raced past the barn fell .
parse
S S S S
> NN NN Fo{ NN Jo{ NN Jo{ NN} -
Exa Correct ¥ /\f\/_f\\. 0"
ese parse det nsubj partmod prep det pobj ROOT punct

The horse raced past the barn fell .

TS S S S
= NN o NN | NN | NN || NN -

Update: maximize P(correct parse) relative to the set of alternatives

Globally Normalized SyntaxNet Architecture (Overview)
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HL L8 - Visualization: Arc-Standard Transition

Stack Size Limit: Parsing success: all arcs match
(-1 for unlimited)

4

[ ECIES A ] CI%H0]LSNNG

NP_M NS

Transitions Log:

(o cimo | | woor- i+ =] s7=7t] 24 ] &s] & [ 5= o [ = [us [ 2] 4] ] (e ecte
(& =] =] <roor | DOESDCDOEEnBmens e
OO0 SCEHECOEENnanns e eote
S]] =] <woor ] B CEE OB ENanns et
(ST =] croor] (=] o] =[5 [ 2] o [omom ] = ol a] 7] B
B CEE OB ENanns e
] CEECOEEHaans BT
=T oo | EDECOMEnacIans e
(877 =] <voor] DO aEnemans e
(5] e7=o] =] -roor- QRN =~ ] 5] == ] o 1 =] i l= ] o] ] e eote
(ST =] <roor] OB CEHanns e

(S5 TENT= roor | OOECIHnamans e
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AL LY - Visualization: Input POS Tags (external)

e http://andrewmatteson.name/psg_tree htm

Sentence to Parse: l =2t~0| M A= 2l 2|4 C|Ato|H Aot 27127 2L Zhel2 == C|Ao|H 2 Lhd T l

Visualization

ZEFA  NNP

m—

727}
C|X}o| L

N EoT e
ESE

EINS SN S
e NS

LA vy

Ct EF

aghA o MA A 0l v oly DAY A0 <0l 2 s/t Ul &
A 8 Az Aol = LA ¢ .


http://andrewmatteson.name/psg_tree.htm

Korea Univ. NLP&AI Lab. 2017

AL LY - Visualization: Dependency Parsing

e http://andrewmatteson.name/psg_tree htm

20+ /NP_OBJ & LH/NP_AJT CI A0l 2 /NP_AJT
ZSAO/NP_MOD  HIHIE 21 /VNP_MOD CIZOILA /NP EJFEJH/NP ZHE/NP
O| & /NP A Z /NP

CoNLL-U Output
Details

[} POs Tagging [EJ Dependency Parsing [E) Reassembly ) Debug Logs

ID FORM LEMMA UPOSTAG XPOSTAG FEATS HEAD DEPREL

1 ZZA0 EZFA/NNP + lJKG B B B 5 NP_MOD

2 MIAESl  MIAHINNG + S/XSN + O[VCP + L/ETM _ B B 5  VNP_MOD

3 ol S| &F/NNP _ _ _ 4 NP

4 C|Xold  CXHO|L{/NNG _ _ - 5 NP

5 QIOM-  AOHNNP + £0/NNG + =/JKO B B B 11 NP_OBJ

6 27127} 27}=7HNA B B B 7 NP

7 Ay HLI/NNG B B B 11 NP_AJT

8 TAL ZFALNNG + 2/XSN B B B 9 NP

9 =2 = 2/NNP B B B 10 NP

10 CIZHO|HE  CIXAFO|LH/NNG + E/JKB 11 NP_AJT

-
=y

LhsdLbsich LhMVY + QUEP + CHEF + JSF 0 ROOT


http://andrewmatteson.name/psg_tree.htm
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