creative
commons

C O M O N § D

Ol2XtE= otele =2E 2= R0l 8ot 7S

o Ol == SH, HHE, 85, Al SH L 58 = U
o OIXH MAEESE HdE = UsLICH
Ol HHES del SR 0|8 = AsU T

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

o 7lot=, Ol M& =2 MOISO0ILE HHEZ2l H<, 0l A =0l HE= 0125
S Bt LIEHLHO10F B LICH
o MNAEAXNZRE EE2 3IIE &2 0lE ZHE2 HEL X ZSLICH

AEAYH OHE 0I8XA2 dele f12 W20l 26t gets 2 X ZSLICH

01X 2 0l Ed = 772 (Legal Code)S OloiotIl &Ml kst 23 LI CY.

Disclaimer |:|._'|

Collection



http://creativecommons.org/licenses/by/2.0/kr/legalcode
http://creativecommons.org/licenses/by/2.0/kr/

AL S =E
Sol ud B HolH A7YL

o] &% Y Al AHE EHIY
oAl AF TH

2022 1€



Sol ud B HolH A7YL
o] g% the AW AHS Eupd
SESEREREER S

A% 55 A7

o] EEL FANA APETOT ASH

2022 14
AEdista oishd
AsHESTE AT
SH <
FH Y FFHA =TS AT
2022 14
AR ol EF (]
43 A7 (]

4 4 ol n T (e



x F

o Aol ARE mukd ofEFEAlold oF Al Next
Application Most Likely Used(o]3} NAMLU) = 71AlE ©]-8-3to
ApoE  HEutd  riupol e AREAZE thy Al AREE
ofZFg Aol o]l FARIA AS5st= FAlolth V& EAIE ESl
AR EA dde] Bed o4E Al Rt 1) AR
olFg Aol AHE U ule] olEAlOlAE o] AHEE A
drel ol AE ARE Tefate AR 2)  AREAL
S ARESE AlIZE Sl AlRhel ALESE o EE] Aol A

N9
|
s M
X
3
10

2 Aged = NAMLU 2418 sidsta Al 714 2A4E &7
9& TED(Time Series Deep learning) E@-S Aetstty. TED
Rde o] Il AAD dHolE dxd 7I¥s AHES= CNN
7k §led mdelty, TEDS 74 &4 4 o5 352

fsl dld @ Aas AL ey 4 dugser 244
MESHAR WSt 5 fed e o s ARgsiit. o Hl
A5 A deld BEE ARgAblA S7AAQ ERS &

YLD WE FE £EE wAtnA YAsgo] 7

I
(o
O
Z
z,
N
(T

2]

2 AFelAE s AP AR S AFS AFEeltE ds
Ao TED X492 Livelab HOJE|A|EA Recall@s 7]F
84.5%% 71533l on, ol FY HolHAES AHEE 7]E A3
AT ¥l °oF 5% ¥RJE F Awolth Fek M A o

—

i ’;r“‘-'! ; C':l -L ]

| &1

1



AT E
-2

w2

Transfer learning WH 9=
AREAES] o EE Aol ARE-
Al gelstdnt. 1231 TED
NAMLU ZAell4 Convolution AZe

Ao Abel= TEla

FLol: us AH AR ofZgAold |5 (predict  next
application most likely used), ©°] 9¥|d (word embedding),
A AL Hjo] E 91374 (time  series  data  encoding),

2l (Mobile), =24 (Prediction Model)
H: 2020 — 29879

i3
o

i &

| &]



A1l &AA B e ree e —aaee—aaeen—aran—atan—aaranaaaaa 1
AT A AT I e, 1
Al 2 A AT U e, 4
Al 2 A T Bt i eeeeeeeeeeereeeeeeeeeenreeeenaeeanaaaaernaaeeennns 7
A1 A oAZgAeld AL oA B AE] JRE S5 7
A 2 A A ofEFZ Al AIZE BAIL] S5 13
A 3 A NAMLU oS 2dlo] wela] HFH . 16
Al 3 A AT R e 21
Al 1 A AT B e 21
Al 2 8 TED e 22
Al 4 T AT A E e 31
A1 A HOTED A E e 31
A2 A B AS Z3 A e, 34
A3 A AR A A A B e 36
Al 5 A AT AT L A e e eeree e aann, 38
A1AdA 2d s SE AY A3 2D B 38
A2 A AR AT A A3 W B 47
A 6 A AE D B e eeeee e rrree e aaa 50
A1 A AT O e 50
A2 A AT A e 52
B T T B et eee et e e ee e e e e e e e eeeeaaarateeeaaarraeeeaaaraaeeaaans 54
A D S ACE cniniiieieeieeeeeeeeenenensasesasasanensasesesnsasasensnsasesnsnsasansnsnsee 63
i 21



[T

[EA TR TR TRTNT)

£ 23

11 NAMLU ZA°1A AFEEH= F8& SHF i 1
2] Livelab € Q& HOIH .o 32
3] Livelab & HIOTE] A HE . oot 33
4] Ablation StUAY B I oo 38
5] @ dWigd & dlojy AxZY 2 AF ... 42
6] Hlo]AE e Bl Bl AT} e, 44
71 TED 24 9&v)g $£¢9 &5 vlw dF................... 46
o Y s e s B R~ e 47
a8 3

¥ 1] Next App Most Likely Used &A412] Q... 2
Y 2] Do HES BA HAE e 11
g 3] AAIE HolH O oA Q1=T A

(GAF, MTE, RP S5) oot eeeeeea e 15
Y 4] Bi—directional LSTME] X ...iiiiiiieeeeeenneenn. 18
Y 5] TED EZY T et eve e, 22
4 6] AAE AR /‘}%‘3} AFEUg e £33 ... 24
2 7] &4 2 A ARE VMR E HolH 1E9 ... 28
Y 8] TED CNN EE T'F it 30
Y 9] S GHIE AZEBHL i 40
Y 10] ¥ LHIE A2 oo 41



A1Z3A

A 1A AT wA

2utEED matd o EE Aol AMEHE udo] FUtsta
Aom, o5 7 A wyor W F gl AV HATH
YEE[1]e] M= o & §f AEojo= oF 220 7, 75 Ed°]
AEojofli= 2801 TR E 7hs et o] ZE Ao EC] G5 o
Atk EF, AAEAEL mig F 30709 o ZYAAE At
60 ~ 90719 ofZFAlcl o] AREAFS] wike] X Eo] lria
gty AntEEC] MAEE ofEFAeld 7 FUkskel uhet
AbgAZ S stelg ek o EEAoAE Wy e S Q%
ToFEE, ol wWE A7 gt 2Y &= AL ARAS AFEA
EEolAl T o]t HAoH, SAMAE e #HS VAL
chekst A7 W E a9l [2]

AFoz AHEATE thEel AREE mukd o ZEAlo] A (Next
App Most Likely Used ©]3t NAMLU)= ©I53h= Z4l=
~utEZES] giFdtel JAlE ol g3t Asom o sk W
B wep ekst A7E ololReh [2, 3] ©1714 NAMLU

A AAA AGATE AT F BAAES W ] AT
Yol FoAIA oHsh= EAlh T Seof, teI ol AHgATH
AZE A met n- 1WA AR AR AR dde] 9

W,HWNM%@ﬁWﬂ%ﬂ}E.HQ%AHnggﬂiﬂnﬂﬂ

o Zg Aol o] FallA dSsk= Al & & St
AHEAZE AREE e vE oFske NAMLU o5 2de
TS AMEAe] wR AMgA ) SUy 2o G AA

(Operating system)?] A|A®l gliaA~ #y] 781 8je g AL

1 .-':rx-'! 'k::l' 1_-” ."‘.l.i =
¥ | I


https://buildfire.com/app-statistics/

To, mutd EFAAY AAR gAs #E SHelA &
tol AR ofZgAleldE  ASFstel JPE &Eo] w2
ofEgAloldE WIEe Aol &8 o M8 ¥ 2Y SRS
FgAA 7 3o, AREE FEo] P W2 olEg Aol
Yars diAE Eud AAE gasEs derd A

8 &
nlxulo 2 wWlEE A e S=Won 7lejsk 2= gk
AREAZE S thgell ARG o
%2 (Force stop) A 7Z-¢ wlgzk-

a e
us 5 glom Al SEo] & oZelAolde tAdtel HE e

fo
Al
o
M N0
flo

1 n-1

19 1. Next App Most Likely Used &A1& A<

NAMLU #AZ Azor Z7] galA, 71Ae FoA
olF# Aol A Yo WX ojEZEAlolAE 1] Ao
AMBARE F53t0] o5 & 5 olojersitt. 53], mukd
ARgol ®E3 HHA AFAES AsoE NAMLU #A4E

El Ry Q= 2de sstr] 98] w==sl . Hand—crafted

X

2 < x-S )8k w



feature® o] EA[12]FE Al#sto] FHIToles Aso=
ly , 717 &< (Machine
T4 Y EY A (Neural

£/ (Feature)
learning) o] S Fa, dF ATA=
network) & ARgste] REE ntEo] AEo® 54 (Feature) &
FEstal U= ARE ofEYACIdE dSske EAE Fe
710138k 3A . (3, 4]

NAMLU #AE5 #Azoz E7] A, H 7AEsE
Z1ke] ATE e e Ju Qlmg WS ARgdtel Jus
FEotee AEE AW EAM7F e BERE skl Sl
Recurrent Neural Network AL RS Ab&ste= HHE
AlEsdnk shAIRE olEd WHEES ded #2 dAdS

A

ftlo
all
e
U
+
¥,
N
L)
¥Q
o
o i
ﬂ‘.

=Y £ Lol FAFEAY [1, 2, 5] 53], YA Fre} AR

Hol EA Z9%(feature importance)”’} =SS Qs
WNATH[6] aFAIRE 912 RO A 719 H B35 gt ¢
W71 wel]l AR ARR-S QM= o Eg Al ARE W
7 WPE Jday WHEe] Qs o
A R Wl AH ARE
A arelske W ARRSE o EY Aol A AR BAE 9

2
!
)
)
9
2
>
oo
:T:U
192
)
1o,
P
12 W
IR

Alolde]  FldA = = oEgANdE  ASs=d

w3, AFAd RS SEiMe Butd 9ol FHE

mdel 545 addol A VE A dATelAM= oI

3 .-_;l'x_-! _'k.:_'l' ] -



Byo o3t uasl ueksldtl. E3], AlE Ao we A"
olZeAeld AHE U9 E sEsty] flel AFEE= AR el
T2 A8¥%" Recurrent Neural Networki W  &50]
o]g7] wWEe =2 2%yt w=x X dAS 3 9t

=
Web FE SEZ FAAY S b e ez

of Aget ATz
Agkstz] S8l AlAG doly JdzmY W ot dWdS o] g
Held EY TED(Time series Embedding Deep learning)
29 Agkstth, Aty REEE HIyAT dAAES FHIFIA

37HA =RAIAE st olE AT oERHA d5EE %

dE Jdad WHoer oEFgAeld AR dds FAse
zeiAlolds e &AM dAE 9 9Ee Y ARE

5
wukel welA Abgsts #FL uHE wE FB
$5% M £t TERE ALT $ oo @k

A7 BASAE BF] SsiA, sEs v Al 7HA
Nes olgdgith A WAl =ARAS Ay S8 maid
ol Aol AHE Wt dd AR Wil e 9o A
AEE oY #3 FHE WEeta ol wol obd e
AbgEte] ShpatEE shodrh FHA =ARAZ sdsy] s

=
AAIE  doly Jd3Y  HHE(time series data encoding

ol

! SE-RUE



method) [7]E AR&Ste] dHld # AR Wiodel A7k ARE
F71e & AEE Sidlth mpx e s AWA A AAE A
$13l Convolutional Neural Network 7]4F¢e] R4S o] g3}5ith
ol Tl WY gFo] 7hes 72 E 7493t Recurrent Neural
Network 7]%Fe] =d gy wWE =2 &2 714 4 9u=
soAtt.

Akl 71%50] 3744 EAHAZ DY 5 Q=A s

e 2 =R 2do A3 X4 (result analysis) & 3},
A F 7R AdS AYet. A WA A3 NAMLU
A

s Aol Al sidel Aee wof duWd W dolH
A:E WY =FE A olE WHEY AWHE AU T
gj/yﬁ AlE] o 7= H

ddo2= NAMLU ZAl A = shg YHS
Ak AR AT AYPE Abgstel A7 vE 4R HF
S ARESReith 2 Ad WHE Mixed, User dependent, User
independent 1#]3 Transfer learning WO = 33} 11,
Aol F4E F3 NAMLU #A Aggst =md g5 s

gostgry. AW & APe BAS BAA B ATE g g

d

re
ol

L

I

sperstgich. wel @y Wi AAL delge
Q=Y WA WA A JBedold Mg oS

=
o]F= ofFgAlolAE e Hz A U AAAE
ZAo] 95w 3lo] NAMLU FEAo] 4duke o]y
¥ & (Representation) &% XAFSE &= Q3T

=4, Convolutional Neural Network 7|¥Fe] =24

Tz A HAs 7S AT oEHN NAMLU Txﬂ



sdel e ma U s FEE ALt

f
td
e

AA, NAMLU Ao 24 33l g5 WRls AREA
A5 Ades  FIAld Fdslv. Mixed,  User
dependent, User independent 12]3 Transfer
learning WS Axd Hokon FHEAHow NAMLU
Aol Transfer learning ¥Ho] =0 € 4 S5

e

d

ol =R FxE= gLy gk WA 24804 Al A
E=AgA #HEE NAMLU o= »d  7pue A Esdd

AP AAD dolE e oluA] QluY WHES 7/ AR

geiy mae Aoketh 2 AT Astud s mde

= g
Zoltt. old "ol AlEe st vyt dA dHstaAt sk F
7HA Al dE RS e Jlolth ofil AFtellM 3%
7HA A el it A= 58 =2 Jlolvy 7 g d¥3E
gelsta date] wmE 245 @ FIS oAHoIrh viAHoR
68M= A A3 9 B4e mEeR 3 2 AT dEs
ojo7]& Zot}. olwj, NAMLU &A1& #£7] S8 A4 Al 7HA
Ao HRE P AR Ao dytel] wE Ao o ejef
A A Hste] =ed Aol

6 &

| &]



A 2FBd AT

ol AE FEl 37MA =AHA #AAT Ay AFE
A w=osjraizr gtoh 37FA] ZA Al ik M AR
AW va3 2ol E7e & 4 vk (1) ofEgAeld AR
AR e JRE F5ste WHE, (2) A7 FRE SGS
=, (3) NAMLU &A1& 3si4dsty] ¢t
718 PR WHE, o) ZH7te] WRlel didlA NAMLU 45

F= A d7 2 NAMLU ®AIE tFx duzte H
W B Ado] e A ATE w3l R A st

mln

NAMLU &AE #7] 98 ARgEH= ofEFgAlCld AR
Wele] A =4 Ar7E SAH] wiitel A3 dATelM= olE
5ot Al e AlX=7F oigkth. WA, hand crafted features
ol-&sto] A AES ol #HE AW FRE T stEotuA
sk Wl qdlew, dWdE ol&ste] =4 AR AAE
grFstazt st A-97F AT

WA, NAMLU 2415 siZ3t7] 98] hand crafted feature®
=< oEdAlolAd ARE 3 d AR el g
el Y ARE FEer FEISI SEsth dE S50l
Shin[4]1¢ <9+ hand crafted feature &< 7z H=
ozl & 37709 54 (feature) & o] &30 thekst 714 <%

oS AR & TAlY 7 EAY ZQ % (feature

S
>,
ofo
o
2
|\
to
i

¥ . 1
7 "':I'H-_E _'H.I.-._ T LI



importance) & ZAlAFSFSI T o]l# st A5 F3 NAMLU A&
0T Bdo Ao 9FS A Q4E HH AR Azt

JE7F s wEol 95 & & d9lth. I #lelk: NAMLU
o

vAE g oW AgHE S4oRE oldd A&
olZeAleld=y el dAl dd ARy To% SY°o=
AT NAMLU 2AlelA] AR® F2 5453 dizl 2okl
717104 ARE = Al AR Zketet Add A [4, 5, 6]lA]

Sensor Context Information
A=, A,
GPS A AR
GPS “JH| =
O 0)
QT =,
Time Az AR

AA AT 5

Battery HiE 2] & e g FE
2= 5
AR Ul
o] Z g Alo] A
App A E
AHS AR
(AHolE o7
3G, LTE o F-
Network UEAA He AW
Wi-Fi 92 o5
552 A4
Setting st g E o A 4R
% 5




e ATE[2-61% i AW FEHA Fo SHom:
A

thoolFeA A4 gne A
Q759 Dongl719l @79 A% AH§ATF mukel tupo]xg
8

3t A A2 Point—of—interest

il
N
o,
ol
K
N
ko
lc]
B
i)
ot

HE B4 7A= ARE ol&s HE

sk, ZHzb FAel ARl Bukd  fdlolA ARG U9ES

%353 th. Huandong[8]2 A&zt HHE 7|Wtoz
s &8§3to] AHEgA B =

stoitt. el RdE #H Abgx RdS o]gslo] ofEFE| Aol

AR oS 9 ARS A& oS &85kl T. Do [9]19] A+

[e=]
gAMbl e A Al de A% A
A

2 Abgste] o5 2l
ol4r7F wkAlg 4= glt}. 53] GDPR(General Data Protection
Regulation) [10]1 % 72 7HQJIF K WEAM= fx FRE FQ
MY AR F shdE EFstar 9lom JiQl AR Hoo] g

ZoT 7 ER2  ZolAE ted el AHo] wZdt HAHES
A

[-‘O
59
o
rlj
i
o
o
=
ro,
o
s
f
fol
2,
=

il

ML Are] wizkeh 91x FH7E obd T2 54 T sl

Akl A ATER A AREATE JEEAeld e AR

Fotel 54 ARAE o Akl ojwd

ofE Al AREEHEA Eelste dAyEolth dHE Y.
9

.__:l'x . _'k.: 4 -I_-li '-".ll_ T_III
¥ I



&gkl AREARE oj &
3 C. Tanll12]9] A7 AyAoz AZE of 8 o] ZgAolA
Apgel  diE EAA

ofEeAlol el AREESIE=A VIESSIY. VIsE HelHE

o% 29 SAL AET A5 dolHd Tz WsAY

S
=
-
=
oo
)
e
0%
et

»
xS,
ne

=
Zof A3 AFZE Hwangl[1312 A77F Qo o A4+
ko] AdE] ARl ofZe Al AFE Hels B el HE o
1 FH dugss AREEA thael AFRE o Eg Aol A
TA SFATE o] AFE] RS AFR Wlols XS WE =
ATF(App usage Tracking Feature)® ™WWsto] $x AHn
i g ARl T2 WAE BAES @7 gl ARgE A
dyYHFE TSI oW, ATF A F4& FRe 3
AR AF M =2 Ass BYe 9T 5 %o Y. Xu
[14]18] AF-olA = o= Aol

Fo Bl wAREL olF wmel Au AR @A Aot

o)
>
w o
)
192
S
>
o
o
oy)
[ab)
0]
©
®
Ir



sto] ARE U9 ujell FAle=(latent) FRE ShEstaar b

AEEE AT 53] ofFgAeld AR WY AR

FAFSHAl =471 = Al (Sequence) Ho]7] wtol] A

Ao A A-gE dHld WHE=C] TF AR S
HZol A g5 Vlsd AR @, A=

Atghol #lolEs &< M9 HolHE &8k ¢hal o] S

st5 Al 7]+ H|AE <5 (unsupervised learning)

W sl &betAl AlRFEGITH 5], o]st A dFoR <l
= A

WOMAN QUEENS
AUNT

MAN /7
UNCLE KINGS \

/QUEEN \ /QUEEN

KING KING

I 2 Dol dHIFS AHSE BAE o] HEY B FR

ojeigh wo] Wy Ik W ES W' Apdo] A Fof

o= Fd AAEY o] A7 Sl AR, AEA HolH

JRE ZHstedE AT AREEGT21, 22]. FH AAES
ofolele FAsh= A% odel ALgE ofolgle] Yol Helstu
0% e 2 2Hoz AN

Ach[23]. webd wo]
AGE clolgEe] ¢4 BAS WE ] BYSHE B PAS

11 ; »H =T



A Jud olE el AAEE ¢ A dd = A AH
oo mutdd dHolE st dAHE AFoAME WY HHE FE3
A7-=o] M3AEUATH[24]. Feng[25]19] A+ word2vec[16]
AREElA AEA Rl o EE Aol AR WielE HlEY 33t
Feta dnbAolx] ke o)A e Hol: AR U=
gtopfjo] ool Malware) ol EgAloIAS I ATE
E A

P71 E skglvh e, FAsHAl Rkl Helkwh e

-

o2 Le Yul26]9] A-ollA

ki
A%
2
e/
=
oll
o
>
>
ofo
_O|L
9
>
>
ofo
Y
1o

=
Aol AHE UodS AR thF= NAMLU A<}

L owo] HWEHE HES dHdES ARES
5ol o Qo] gtk Zhaol27]19 & Doc2Vec[17]3
gl (Attention) = ©]&3ato] ARG WS #E el EAFStaL
= gl (Attention) o]  23E AT AATS  AHEE
g5t eE shglth o] AFoA A|9rst AppUsage2Vec HE
oAEgAeld AR WS stuel AR st A9
B2 (Tag)E AFHEAFE F9 Doc2Vec Qag|Fo=x AW st

2

REQGst7] etk #AE 7HA 3 Sl

T 9ok ARgARe] whel of Aol AR UoS Y
i ol el olfste thFd AR AFEo] AT
Chen[28]9] A9 Zhoul29]¢] A+ 4 @ e HH

AR WS B g shol TEiE 7)be] Rdls AREsho
1 SEA=E



she A78 AASIE Sk Xiang[3019 A§ @

By
=]
e ARE H]FE Context RS WE3} o] BAE o=

o AeIdY A Are "L HH HEE TE5H

NAMLU #AlE sidsts ohekst e d3 A-=o] lojstot
FEOE BAES v WHARE Aol Ay WHES
AFEEIA A A AR Yol A% ARE 58] $% ARE]
Aol gk SEARE T o] BE A eAE A ok WA,
FEoE BEAE FobA Abgshe WS AETbel oJgh FEo
dosty olof] mE A A9 n]go] Wo] sHEHET:
o] EAjETE mEh, Aol Ay WHES AR ould
PHE A A BRE AEs] wgskA EshAd ol
Apo) =7 AUAA AR 7] e shgo] BQd w g3 &0
dlE S T Sd FUHAR] vl go] AREThE dHAF o]
ATE ole] & ofEgAleld AL U9 wE AdH FRE
A S5 FAl dHPel AeHE BES Haisgkehr] 9%

= =] A

deolg o] <z ®HEo] Ak AAIE ©lolele s
12092 AAD wolEE 224 FH (matrix) & WO
AZE HolElE He] S #AA AHE dAEEs 2dE
Ue EY W Eoltt. o] d AAE dHolE g =Y W

A dole el i (classification) -Ald] Wo] §8EH I
Ath[31-34]. thxEAQ due=o 2= GAF(Gramian Angular
Field), MTF (Markov Transition Field) 183 RP(Recurrent

T

13 'S ‘“._, 1_]|



Plot )7} 2t} 2447 dag&FL a3 2}
(1) GAF(Gramian Angular Field)+ WA 2 (1)¥ 7]
AAIEG "HolH X9 HAa9 x 55 0¥ 1 Alo] o= Aqfs)

x—min (X)

(X)) —min (X) (1)

a=la st x5 SH33A e ¢ eSS A @9 Q)=
AgaTh 2zt e FRER £dE AAD e s
A Es UERE 5253 delA AAIE dHolH e ®WEE

=
Il
g
I
[
[
La
Qo
|
=
i}
]
I
Lol
]
i
=y
o
N—

Y= LEN (3)

GAF: 4 (2 9 ()2 Fd FHEAN AAL dolHE
RET A4S 4w FuAel BARS W} vwat] @A U9
3}

Aigel Az dAE BED ¢ e e 7 ¢ dTSB1L

A1) ~ 3)E EI AR HIH AALE dHolHE
HTA o7 2 (4) ¢ o] Gramian Matrix & 3% o] GAF=
el 4 gl

cos5(@y +0y) - cos(0;+0,)

G = LCOS(0,+0y) - CO5(D,+0,) (4)

GAF ¥ AAD dHolgs Mz u&E AAL dole 3He
A gEAE BT
ey wje] of Aol
T Atk
(2) MTF (Markov Transition Field)&= GAF ¢} AR
14 % A -Cf,-L'.H =187

RoA
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ol = wgo] o uwe} ojux] &7 AN w2 dT
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o
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2
o

NAMLU EA9 A% Aol Ay EAL  FASHA
ofZgAlolAe AHE U A7 TLRIAIT FAl s
A Qe i Ao AREE A7 AH ] FQ St

Hol Aol A ek NAMLU A2t & Hdolzgk & 4 SQloh
stANE obA 7] AlZE HHE o] ZE Aol AR WY W AYAE

Auol FAA0R dmPa] 9 WPS AOm, NAMLU
2AZ AAL dolHE BRua AR ATE AARK 2AHE
aholl olabdl Bl 4 Itk whebA Aa@ AFelAq | A

O:

Aay LI ol HelA At ol dHE WHe I
A8 A AW Al 2ERlE] ofdRld Al BALE

%8 (Represent) 7] 0]% 2 0% o)
Al 3 8 NAMLU ol% 599 mdsg 34

NAMLU A& sldsty] el vkt o] Ajkso] gt
53] A AEE M= ofEgAelAd ARE Wee] SAl wet
Al HolHE A48t shudked Bold Zlow Ayl
nal o] ARE-Eo] gt} A 9% Recurrent Neural Network
dol EdSo] AkHglen, wmEzz dF 545 18

A3 VAT BHe 28% RdEr 27Ho skt

-
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A2 = A dH= vz
o] &S k= r}= upE 33 EA (Markov Property) &
S&3 AYAFEo] Qlrh. Huang®l AF([38]19 4§ 38 W
AHEAE e R ojZ Aol 1t o] gE qyYS TEISha,

AHEE Top—5 ol &A1 71 69%2 5 Hes 71533t
09 A% Y. Xud A[14]9), Parated AT[39]1% AT

ARG o EE Aol P Frhe Aol ol AW A
ojHell AMGEHAH ofEE Aol EF] WANS EEH
of i EAZE AT

T ous Poers JMAEE WS ARESte] NAMLU
wAE ddstazt g AlmEo] STk Dol AT [9]1= whkE
et g H (Context Feature)E 3|7 4l (Regression Model) 4
e ¥ 2E(Random Forest) KPS AMga|A &5k
NAMLU %#AE sidstax AxEdey. =3, Xuo dAF[14]+
2HA] 5% (Classification) - ARt A HAA DA oA =
WA ARRAE ERskal olF 7 WAl dAleA thgel ARSE
ofZgAelAE A5t e AET Xud EEE
46009 8 AHEAE tdo R sl Top—5 ol&Z Aol 7+
67%2 = A& BT 1 9elk Xiangd A7-[30]¢F ol

=
o] X ¢k dE A}&3sle] NAMLU EA41E Z3x 8= AEE

L

rlr

ololskeh. olelat waley Ju wuEel Ag ApgAle] o9
229 54 (feature) 59 JFE A/ wide A3 A7 YR
o) % A% dolH mA WAE

HNOoT
2ds &= WHol A" o iAo =
s



Recurrent Neural Network 7|HFe] RS FHs RASS & F
Qlth Xul40]9 94+ Recurrent Neural NetworkE F % o7
AREstel NAMLU  #A1E  siZstde A=E sl aid
ATeM = ofEAClA AFE WS R Qlmdolyt Y
flo] LSTM= AREsliA ghgetalon, ofm Ak SA3 914
SAE A &E&stel T 7HA Aol Aeel mAleE IS
X

Sy 7% Skl

Heart is not enlarged

Embedding Layer 11 [OOJOd _1_1 |_|__1_1
Forward 0 @
LSTM

Lo«
Pt () %9« (om0

Concatenate & L J
Flatten IllllllllllllIlllllllllll

1% 4 Bi—directional LSTM9] +*%

Recurrent Neural Network o] 7[RES & B4l FoAx
Moreira[41]9] AT+ NAMLU &AM 71 F& de2
7155 mdoltt. sl A7t Aket REl> NAP(Natural App
Processing) E®ZE AFEALY] o EFg Aol ARG Wil T
AH ARE Yo A o® ®E3 Bi—directional LSTM=S
Abgal] whx] o] ®€l(Language Model) & AHE-3to] thg wol&
ASetxo] wHACE T4 ofEFYAlelA AR WYE &kt
aar e mpA e yebd dolE o Sex B4R FAE
oAZg Al AHE W] mhAT FR9 o &

2|7
W2 o7 NAMLU ZA5 k. =, Ao ‘Moﬂ@l AL
18 A



71 el dojRd (Language Model) S AFgs] 2RdS =3
989 7IHF W ES AFESEe]  3lo] Recurrent Neural

Networkel] 71¥Hs & WHET Qe A2 oYy oA AFd

Xao[27]12] <A++= Doc2Vecs o]g3sle] o]ZgyAlolAd AR

A=7HA A]kE Hed

FEPHEORE AR AR &4 JEIE HAE dE dAdE
Aol AN el ekt E, A ARl ARgo] areEofof

& NAMLU &A41¢] 545 agetA ostvh. 5, we 2 5
2uld oA On—device learning®]

g=olddt. CdE =o oHld Aol ARREH=
Qo] akde] Aol Ar EAE EFX°] 100 ~ 2002Hd
olds Ab&stZl wiiEel Erkd wide] il XA A
A= 3ol qlel gtk olek 7 NAMLU Edlo] F=
Recurrent Neural Network 7]¥Fe] RIS & ALE-3he) wpe} F=&
L% o] F& 7FA7] oJH At} Recurrent Neural Networki=
Tx 4 WwWE At E7bser] wiEed A ox dagas
F38foF str}[43]. o] Recurrent Neural Network %7} ofbd
WE Aot vhed AEFA Ade Rds AMgeHA 2 AR

y

Atk AEFA AL 2do A AldA HolHel o] £A
HAZY A= AFEE AT FH3xY dHlolHel 54l ot
Recurrent AlG2 Rdo] vlsjA Rt} wE &% *é%ij ol S

.-';rxl 'k|:|'.|_-_
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olo] ¥ AFelqE NAMLU ¥4 aide sla) thew 2o
Y AT BAYE AdstE A BER s AT Bug
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Aag F F Jle WS AL wolE 9 A U
dstal, voprh 2ak o R Qlmy ® ElojEE AEF
R AREE el 8 SRE EolEle ARE stuA @
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Al 2 2 TED 24

$EE= B dola NAMLU FA49 o= 59
o] Wy WA AAYE dolH Jd3IY WHE TAdo=
2833 ©]= Convolutional Neural Network 7]¥Fe] =RdlS
AMg-3] 8t53Ele TED(Time series Embedding Deep learning)

59 P2 08 ol Astudt k.

Target Apps Output
CNN Model - Deep learning
- Model

Channell Channel2 Channel3
m

Time Series
Data Encoder

App Usage
Embedding

App usage

user time appl app4 label
Sequence Input

1% 5 TED(Time series Embedding Deep learning) 299 +%*

TED 29e AA AZMA #Eoz FA=0 gtk 3 WA
A

PR AR Uy RO



A8 A2 (Sequence) & Wobem o] ol Yy duelF
Abgetel MR Wasl frk T oaA $Ee deoly el
oz WHZ WY dolHE 2xde] AP Juz W

i

F= FEo|t}, mix|gow Hyy 2Rd FEEOFZ  Convolution
Adel BEdE AR thgel AREAE AREE ofEEAlol A
g5 YW oSt E it

TED E&3 A&l NAMLU 2419 14 585 %0171 3
Foof gk Al 7HA ATt EEel dig A AR A AA g
ATolA FE32F sk AR H3x A A el oisk 7 W8
Uha 3 o] AlF-Ael Argete] st

1A 3. 1doM = Holy dAe sgor ofZgAeld AE
U sid AlA A (Sequence) & 7FA= A4 (Session) oA 9
@] el YR (Context) & w3 stal olE weol dWd
ke

Ags QY sk WA dgdd. w3 doly AEE

H HolHE olwA AAD HolH Ay WAL AEsAEA
Agach A A gl QW 1 olSelzlold Abg
¥

=
9ol AH AEe AAE delye  Jdad W

]
Ao R 21 AR ) AR =4 AR U9 qiEo]
M= AFRAE S olslEd & Qloob Fhel g A i
Avsitt wpxgor 3.3deA= EE T2 F 8 wWeke] dished
Argstazr stk ols Fal Al WA SAIA] A-HJA AMSS
el =] wE F2 £55 7 7 e 729 7 diste
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3.2.1 AHgUG e E43e wof Y

[2% 6] A A 34 (Preprocessing) & &3l o|¥A ¥
dolHAds =% e dHoldz wss J4S Hosoh
AREAE HE AIZE oA el JEE HolHE ofEY Al AE
Al (Session) Wz Egsta 7+ Adola ApgA D9 AIZE

HE FEoT Al AREE AR 2937 A AR AIRE
Ad T8 AZFE ARgETE olw MM V]2 5719
ofZg Aol A WS e AdewE At SEke @
throl Add AT[27, 40, 411904 dde S8 2AE shelv -
ste}bv]E (Hyper parameter)th. 28-S F3 NAMLU ZA°
A3et AR W9 AolE Ae Fele d A AAFE A5t

AR HE 28stE Faet

id.uid,name. time

572166,B04,SpringBoard, 1287334395
572167,B04,com.facebook.Facebook,1287334398
572167,B04,com.facebook.Facebook,1287334398

871844,D03,SpringBoard, 1294630876,3
871845,003,com.apple.MobileSMS,1294630879
871846,D03,com.apple.mobilecal, 1294630951
871847,D03,SpringBoard, 1294661064
871852,D03,com.facebook.Facebook,1294661926

single session

I8 6 AT AHS AT ARG Y £33

Axe spgel A ge ted e wAw Fasad.
S dolEE AR W, A fom U Fo B owhew

dolg s  wWaskslt. =, 1% dd 22 ARATE 22

24 2w A2 Eﬂ '*.51’ iTu



ofZgAlold A HIZETE S AS ole FHE HolH=E
A sto] AAlEElth. o] Feol= AIZE FRAA AFEE Y AR
o8& oA @k 5719 ojZg Aol AFE ©HE o] 5719
dz=7t 3o Al (Session)= TAS F£ UYEE HolH
AAe s Fdeth olw) Friy e JREE AR AR g 7
o ZgAleld e telae] AEE Al Frrekith AREAF HHs}
AZE AR a8y oZAlelae] Jhelae] gRel AR o]
shte] Mg ol FEE FdET

A EZ dlolEE dvra vd 7 AAE s 2RO

SdetA nFHEM AL Aol Tek B Aol Fdsith =,
AA AL dol= sdst Al W] Arel o]ZgAlold AR
e oA B FdstA At HEH R AREAR dd,
8, ARA AR AR AEA FROARE o)A ofEg Aol
471 ghelag, ol ofEFEACld 4719 ol 1¥x HF
ofZelAlol e ® o]z} 13:1 Aol - EolxlTh

{User Id, Day, Start Time, End Time,
0" App” s Category, 1° App’ s Category, -
0" App, 1%t App, 2" App, -~ N—1th App, Nth App}

o2 Fal wA  AREA 1& 29 13A%H 144 E
e, delan, AF, WA A4S AHgSATt ehe 4w
B3 e BRS WERe] 7 AMS BRs k. A
Zol7t 1302 wAHM oy mAwe Y BFOR o ZFm

gtk B AFAE BY FAow

st B dolH @ & 9
£
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AL SRR, S5 AREAE ARe AR AR UE

=4 gt HEF FH (Meta—information) &2 H7|%E 3}ST)

Ade] FEes e ARE B Agods o]Fo oldA:=
Eg Aol AFE WS AA FCE HSk

o] dlds A&st7] fa & ATeM s E3E @ A

v
4z
M
o

o)F= 7} @A4E5S e EFZ(Token)lo® HFsta zhzto)
Eds hE™ ogint ol epaE S wE R tisiA s A
e gderion, ofEg Aol el disid s dlolE  wWellA
A W Ao webd ghe dderith. g wol e
ofEgAeldel o AL @es @9t P AA 2
ofZg Aol del o & s FIadirh olw kA mHE He

el dlolE 2] el gt ol EE|Alo] ] ebd Fho] HAA] gEE
ST tlolE Wel el g Wise] webs ghs FEekith
el S 3 Fol= do] MY WS A&tk o W &
ATolAeE To] dWlE WHE F Word2vec W [25]3
Doc2vec[26] WWH= AREslth. Doc2vec® A% F+ 7HA
dudEs 7ML Qv v PV-DM daEgeld e
sttbi= PV-DBOWolth, PV-DM & A¢ % 5& &4 9
oS gte] =M E BEstal dld sk Wiel, PV-DBOW:
o] & FA (Bag—of—word) WAo® dols 7HY £A AHRE
yEeA ok A dWlE sk WAolth. NAMLU #4118 4%
olZgeldE e w=A ARV Festy] wie] PV-DM
Ao R AMdS Faslon, ofZgAeldy Fhelae] &A
ARE 747 2dow AAsta, 72 AAY WE FH (Meta
information) Q1 A=} ofojt]el AlZF JRE FA19 Hl1(Tag) =
Adstel  dWids Ayt Word2Vecl®  IWld et
H

BFele A de REeE ARE dol2 A O]‘ﬂ]“o]
26 .__:l'x Lk ] |



TS ol d-e dAY A
TED 229 3 WA 25 TAsg 3
ATelM = NAMLU A9 sfdg st 3 A
A =4 AR Y BE 3

Fasrele,
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il
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et
4y
30,
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%
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3.2.2 9H3 € dHeolg2 AALE HolE A=A

s oo WEE " 74 e4ss vHA
TAeRol Ak o R ydEol vk ol, drbA] asfjor &
A HE o EY Aol ARE Wl Al ARE 23 sh3iARE
NAMLU A4S Ao A WHEnts ARgsl 2 & d=
Aok, Ad A4S s w3 Hke] NAMLU 24 sid= %
TR AR AREel] g HAo] Stk shARE who] Y
How= 74 ofEYACId A LTt oFe AR WA=
<A3] gFey]l o EAZE vk mEd ARE #AdE

dolel & Aol Qlxd a7l fls AAL dolH e dolH

A, due ¥ ZF WEEe] she] Ao ZhH = ghel WEkE
[ZRA7] A9} Zo] AIZE =Ale] whel Wstehe AlAE dlo]E &
pFetch ey ® WE(S] Zb Akde FAUE o] Wgkshe
AAE delHZ 3 A4S 74 Ad HE AAG dolHe
Adxy WS AL £ gk dolE9 dmYe AF Aol
43 E MTF, RP, GAFE AR&8lA o] Folxnt, MTF+= w2
J 2 (Markov Property) ol 7]¥kst zko] W3l &5S 2319 FH=
Zdst= Waloln, RPE AAIY ol Wgsts Jmel oA

4

;
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o] =ols &l fist ;g gloloh. mixjEo® GAF= T4
wkalo]l whebA  Summation W3 Difference WS F 7FX7}
Ak ZF AzF E dlolyE e A #AE SFuAE o] &3l

= =
dsta o] 5 2xkd FY gtow Hdste= dugFoltt

N

Fl

Graph Representation of 1-D vector Encoded Image Representation
@ Time Series
) Image Encoding
® Algorithm
» S

T T T T T
0 2 4 6 B

I8 7 €4 9 Az FEE JHAE HolH Y AAE dHeolH d3d

(23 712 AAL dHolH el dolg <lad WHEE ARS-sho]
1akgle] dlolel & 22 dolg 2 wgshs spgolth. ofu wiA|
olPIx]7F RGB 370 Ad= o]Foj4 9lRo] WEel 7 A5
shute] Adw pFEeta A4 Ww ouAE A= @
HAEHow I BALS 9wl FEuFe Ade M=
shube] oA WMEH RS AL dE o ol WY
ARgE] 62Rle] o] WEZE mhEeigivtd 6719 Ade THA=
shuel ojulA]l G2 22k wlolErE AYHA At olE F
Tl NAMLU wAlE 271 9 FiA SdaAQ 9 AR

A AR W gsel T AlEAdE oldld 5 3lofof

e AFsma st F 0 wel  gugel e
o) ZAolAEe] o FE A% 0o WANEL P Fa WA
stesta olge] Wete: AEE AAY dHolEel ojuA qlmy
PHES AEFOEH A WE BAYE ) Admd @ F
AEE sl



3.2.3 Convolutional Neural Network &€ +&

e mde] wE FE
£55 7K ¢ e Bds fE & dAFelA = Convolutional
Neural Network 7]HFe] B &S A QFelI Tt Convolutional Neural
Network®] 7% NAMLU EAlelA F=2 AW Recurrent
Neural Network 7]wte] HHHE3 <] wWEAE7F 75387

BH BAZ A@sto] 7o) 13y @ HolHE VIRt ® e
AR oIS Y52 & s Eds TEskld
ojulx] i wAlZ A fsid AAE ElelH e s

Atk F WAZ Convolutional A9 EES AFE3toexn F
Hr9 s 7S 4 v RNN ALY &
Convolutional AlFe] Edo] 7k & Sl A4 5 sty ¥4
A9 7teAsE =Y 4 k. ®EsH 3AFEH glom HlnF
Z(12 step) AlAX HolE 7Hd A5 s Hof HolHE

%+ Convolutional AlFe] Edo] A4 o|dS 71 % QA
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e

ot
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il D © D o D
: | 1
i epmpmeymmyy———————Tp—————————————————————
F D
| D r D
a e 0 e
t n p n [ Target Apps
t S 0 S
B E u 3
n t

I¥d 8 TEDCNN EE& F&

TEDe|A A}&3k= Convolution %EE< Convolution 2D
#go]oje}  Batch Normalization, MaxPooling2D®.2 JFA%
Convolution &S 3T5C% 43 o]o]A Flatten #olojs} A3
gololE 22 e] FE R WgkE ofEgAlold A WY s

Convolution E&°] 5% & Jes FA43I3H

Convolution 2 ¥ Z=7rel  Batch  NormalizationS
F7tgo RN AarstE Fd &5 dolHel HEstA 5EE
A4S wa ndo Adnkst AFS =4 A [46]8t A4 sFSIH

.

2]12 Convolution2D d#o]o]& AFE3 0 Z M ddz H3lg
dolg o] 712 AlZ AxR 9 Y AR7A] A g5ste] on
=  5A4& BHolda olF HFHoR g5 4 5T F Qe

=8 T4,
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A 47 AIAF

ol AMelx, TED RHe ds& S4st7] s 43 AL
NAMLU Aol A3st g% BHs =37 fst 438 A
a8 deoly AEe diaix AhE dth WA, ths AR 2ukd
o ZglAlo| A o= <l TEDY A2 Hrlshr] slal Ahed
tolE HMELE F/lE wiXvia dolg AME<Q Livelab[45] &
Abgeteh Ela A WA A¥S TED Ry oE Agd

State—of—the—art =9 v w3s}7] ¢t 23S 283514 31,

A¥E 3 TED Ede] 7HE Agd e Wy did
W ety g F WA A o=+ TED 293 NAMLU
Aol Agst 2d shg W AMEAF S AdEs T gl
Hauzp ek dloly AESE 7+ A3 wlHel oig AF g 4
AgS v 2o

A 1 A dolg ME

Ao AFEE  dolg AEQ  Livelab HolH AEE=
2REE ALGAF 347 9] oF 6701€ k] o EE Aol AME 71ES
7dgt  dlolgl  Alojth. ARgAES dHelE] =7 7|z 2t
F Aoz oF 140709 ofZgAelAE AFgglon A 407]00A
Hol 535719 ofZgAlolAS  ARESIGITE & dHIE e
572,165 zolty. As34 Aol HA AFgAbel diElA
5o Mayatglon A7 o7 AHH UolHE 7:39 HER
&5 AESE HAE AE HEE o] AFS HAlth

Livelab Hlo]E] AEXx= dgjyd Rdo] o] 23 okoln &y

al
off
0
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dole] AMEE o] &g el o] EHo] Ass Hrlstr|el 2 gst
tlo]E Alo] 7] o] & Ao AE Holg® MdAdst

Livelab H|o]E¢ Raw HolH= &
olef= wiElE] AbE AR W ofEZgAleld E FHHaE A
Jela @ A JE 5ol 3
ofZg Aol AR WSS v o] 743

id, uid, name, time

572166, B04, SpringBoard, 1287334395

572167, B04, com.facebook.Facebook, 1287334398
572168, B04, com.facebook.Facebook, 1287334601

871844, D03, SpringBoard, 1294630876,3

871845, D03, com.apple.MobileSMS, 1294630879
871846, D03, com.apple.mobilecal, 1294630951
871847, D03, SpringBoard, 1294661064

871852, D03, com.facebook.Facebook, 1294661926

¥E2 Livelabs] 9 HolH

b dEaEs BF 409 Agoem #AEe Qv WA 7
gFEe] ofoltirt FAHOl glom, AHgA H ofolr]zh thi
Adow geoxo] Qlrh. o]ojA AREAIE ARESE o] EE Ao 9
olF &2 H7IA ol AHo] itk mpAmom AREATL
S ARESE Al digt Az AEIE ZA ] Qi
Livelab Raw dlo|H & ol EeAlol e Fhe| el A7 K oA
2 Al(hour) AHE o] &3to] shte] A

H
JH AR 9 =AM ARES 23 Ao A Ads) el

2

[f
o
h
o
r

A3 T Livelab HIolH AHAEE= 7 HolE H=Z NAMLU
of Agst AR7E FAFH Q7| AFE & AP vt

2 :
T ", 11 =
32 A =1



deole] AMEe & =

Livelab ol AEx Jr 37 S oMz d4%
olg] AA= wisl dolg] MEo|th, NAMLU 242 £7] 3
AHEE HlolE MES] it FlE A ¢ dlolE AER]
A7 Bt ol Eutd @ e] ARG uiold dHe] e AR T
AR AR wE s Il sk 54l 7] wEo|th
Ho AFelM = di7ll FAARSE A7 FYGske] FAAIESH
H 7 dlolgE Alzwtel A5E sk A7 @k olel

dkal Livelab dlo]E] AES] A9 71 HAEE A <93 NAMLU

dz=s 7 em F 3499 AMEAE F 7437K9
oAl =¥ oF 6718 T AREF dHlolE AEOth
Aol oA Al MR AA7E drE dolH 9 Jig= oF 207t
Aoz A Ayt ¢xd HelEE oldse] TED RES

Category Value
User 34
Original Records 572,165
Preprocessed Records 199,191
Total # of Apps 743
Recorded duration 6 months
Collected By Rice University

¥3 Livelab¥ Hlo]E AR

33 M =T



TED 2®e A5 4 &M TED 2HEe 4 229l

W RAF Fol wolxetel RUSN M vag A% AEE

R

wsk7] Yot HolAgel EdElEE MRUMost Recently
Used), MFU(Most Frequently Used) 8} 712 A& oA
AHEE R Recurrent Neural Network 7]HF Rl NAP
EEl[41]5 HlojaEile® Akgith. 53], NAP:= # dAF-olA
AHEFE Livelab H|oJElE o] &ald A5 x3Astlom, Az
Hgold oJEFgAeld AR Ude =& siithe AHelA

2EAS Mm dd F& owam 2dz AFs

#H = fal AT AFEEE R4 dagls F ostuelth 2 e]
ojFolM AAAowE o £ Qo] MRU= 7Hd FH<teol AHEH
ofZelAlol S wWheel= daElFolw, MFUE  FHZol AREg
oAEgAeld T 7 AF AR ofEFeAlCldE  whghsle
dare]Folt.

Aol RESS Hwsr]  fs AREE AXEERE
Recall@KE  A}F&3}th  Recall@KE  AFg-ste]  Ho] A el
Ry 2 Ao ARk BrEe] sg W FES F3 5%
ofEg Al A= 49l Kol ddol &l A& dddte] RHl]
e 58S 9. Recall@Ke A% Hlw Rdz AREsH
NAPOIAM = FAsHA AREH I Slo] A2 Hluwrl 7hssk3ith
Recall@K®e] A% A3 AF[27, 41]oA AFEHE AxZE A 3E9
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gl gt gk

gelg e JgE oujstth gl #x9 0 1(x) 2
A A8+ (Indicator function) ©|™, A|Alg Yo 21 T AR+
A oEFYACIAE vk, FA9 Af K
M= ol EYACIAY gES on|eith weEbd ARE VIEoR
Ua 3t o] Als At

AE =ol HAE dolHe g7t 10702 7Hgeta 7H2te
HAE Holgo A4, 5, AARN HEFAox AFEA7E AMEE
ofZelAlold, NAMLU of&gAloldo] sh7]ef zFo] Aol of
At st olwl ZF A= 7 o EYAlOldE u|dtha
74g gkt

[13, 86, 13, 330, 75, 13, 13, 90, 357, 75]

g 2dS EaiA SR AA ofZEAelAe gF5 3 5
NAMLU ¢ &5& U Aoz Adste] 7B =2
5/M(K=5)5 3+ gko] sh7]eF Zrhar 714 sk,

HAE do]e19] o5 3k [77 83 86 13 75]
HIAE HolE29] o= gk [87 247 75 86 13]
HAE o392 o= #t: [87 86 77 13 75]
HlAE HolE49] o5 gk [88 247 75 86 13]
HAE dHole59] o= %k [84 87 247 75 13]
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HAE
HAE
HAE
HAE

HAE

E HolH69 o=
tlol8 72 o5
teole8e] o=
tlolE 92 o=
ol 109 o=

2k [83 87 86 75 13]
7k [83 90 247 87 13]
7k [86 84 87 75 13]
7k [247 84 87 75 86]
7k: [247 83 86 75 13]

8o oA S & u gAE do]gl, 2, 3, 5, 6, 7 1¥I

109 A5
ol Zg Aol A
I8y HAE

Az 7HAA

AT A AFEH Recall@K =

A5Y5 W

FHH o=

stefof sk

Zdo] o=
ZY2rE o =

dlolE 4, 8 183 9¥2] A4
5o 2 5/ (K=5) oJEFgAeld YArE Y
ar glol 2B gk ol

AolH Recall@K+= HFEHOZE 70% =
Ak 2 AFA AMgE Bl HF Axe A
, A (B)E AMEE] 574

Frt
=
£
o
R
At
Fri

b 2 &

Fol WAL e FB &% oA mawstgov,

A3sksl Convolution Neural Network —T%5 27| Q& A3

AFAH AHEHAE FEE

585 FPHoR welsgr

Adx Yk, o
Doc2Vec ol A3

o,
ojr
|\
o

R R
AFEE A a8lar AAG dolE 9
2 MTF, RP, GAF ®Ho] AR&H AT o] =9

sto]lH —getuyH  FEds &3 TED REEe

solgly 7+ wele] shepue 49

ole} g HA == 3] fl%
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[ i
2 WA w2 S Mixed WA otk Mixed W22 AFgAFo] 148
glo] gt HlolEl gt HIAE HolEE TAshE WAoE AY 1+
Mixed wW2ao= &gty F+ WA WAL User dependent
e AR ShE HolH gt HAE HolEE

e wAew Al AEA sagel oA A7 Ade
jl

Al WA WAlS User independent 2ot} Al AFEAE A4 3
ol Bl AREAFE Algsta st HolHE AT Fol BA
ARG o m HAE HolElE FASe Adolth AT
Transfer—learning W2jo|t}.  wpxu} W22 g7l AMSALE
Al 3ol User independent 23} FUstrt, B AFG-ALE]
dolgE st H 9 A-3t5S 93t dolE g HAE HolH=E ir
t= AolA zkelz vk WA, g5 dHolHE AR ShF (Pre—
training) ¥ Fofl Ak gFoR AdE A A-8hy Ho|E R
Bl 7bg Al (weight)  #& vAl =24 5o
ety HAE dHolHz EYe AHese FAstuA dvh 7

A S sk Aol BAS vhs FelA =2t
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é
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=
5
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o
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=
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2,
olr
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2

Z
rlo

Ablation studyE %3] TED E99 7} &9
a2 WA GAdTh olo]A solsl seule  Fd (Hyper

5.1.1 Ablation Study

Models Recall@5
Vanilla 75.1
TED_embedding only 81.4
TED_data-encoding only (GAF) 81.7
TED 84.5

¥4 Ablation study A%

Livelab Hlo|H 2 HAHe & ¢kxsty & olF HolH+= 2 A
AR T AH R ofEg Aol ARIE AR bl Qe
€ Yo FEE Adoh. kA, Vanilla 29, S dud Ho]
B dzdo] 5 AHLEA 42 2dle 2D Convolution ©] ofd
1D Convolutiong AFEalA StFafjof sk FHE AYA @ o

2}A], Vanilla 229 4% 1D Convolution 22 [50]S A3l

Stee A e Recall@d A% 7% 75.1%° des HY=
& AU

olojx] A WA AT BEQ) ol ZelAolA AHg U e FATH=
¥ F I:
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& ) 9% EIAE olge] % FHL mglom, Py ol
=

AAG dolE AmY BET AgE 479 Ao w1
°F 3% LAE Aol wohdE & % 9lgirh o]F uHoR ol
DY 2EF AL dolE AFY BES VF EFE 49 ¥
Wol 4% FAS ERY F UeE FAT 5 A

5.1.2 4HIE A3t

Auid el dyE gstr] fEl Alzste e ®Bokoh Al Zbs)
+ Tensorflow Embedding Projector[51] AB]|AZS o] 8313 01
ol Atg¥ duE]FS UMAP[G2]olt). Al43te] A= o3t
Fdguy

d

Mearest points in the original space:

Gom.apple.compass navigation 0077
com.apple.Maps

trave

navigation 014

e-; aaaaaaa wayiphone

- lifestyle 015

systemn 0.164

I8 9 Ax o ZHAIAY FulE AAs B /A o A0l
7telae] fAE

sl

il
[ & o

AN A AR ofZE Aol Al AHEMN, AE o3
Aol dst 7 77k A, = 7B AR MEE 7= ol &
Alo] &) Fhelare]= UlnjAlo]/d, 913, gfo] ZT—-AE] 1 al

of el Aol wo AHT. Ak o EFY Al
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Az4sl & w I} vnjAlold o EeAlolde] 2 FAIEES
A deg e At FovetA olfR S st & F 3l
ok ojglel®= M3hr] o ZElAloldoly AR A
AuE o fAREE o EeAlold Fe #REY

=
AL
o o EF A APAhe SIKe] AP HAL 5 gk

n:&
2

‘.:c'n =ppleMobileAddressBack

| ] MNearest points in the original space:
com.google.GVDialer 0184
com.whitepages.maobile 0266
m.apple efddressB 0.289

com.apple.mobilephone e mnmla Bk ke ke a0

. PP p com.apple. MaobileSMS W.als

Nearest points in the original space:
\ photography 0103
[ — photography 0.169
.'Cc‘ifm”.:.fiii%\?ﬁiﬁfff-SP'aS“OfCO'“ photography 0182
e;rr spritelabs photocaptionsFree photography 0.247
photograpny 0.253

¥ 10 A3 AAZFA el A AHA BA o] Zg Aol A IHd Az}
4d FAF A ZGA0lA d JHe g A E

_

Az olEgAleld Y 7k A oEdAeldeREE Ho
A8 ol ZAlold, A EAF o Ze Aol So] FlHS
W, AL B o EZY Al A 2ol RS HH AR F0] &
shel o EEACIAY A BEF A2 FARE A= JHH e R

= S8 ol=gACld Il

PN
T
of folv] B olRH S HAY F ANT, AA B o] T
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Models Recall@5

Word2Vec

TED + RP 79.1

TED + MTF 80.9

TED + GAF(DIFF) 83.7

TED + GAF(SUM) 83.9
Doc2Vec

TED +RP 78.2

TED + MTF 81.6

TED + GAF(DIFF) 84.1

TED + GAF(SUM) 84.5

¥5 do] dulg 9 "oy A3y %3 H Recall@5 3 AFH

Ablation study 2 &ef] o]ojx] NAMLU #A19F TED Edo &
et who] S| W AAIE dloly Qlad W 23e &
Al wort wo] 9wy WA Word2Vec ¥ Doc2Vecs 7+t
Abgell Botek Iela AJAE dHelE e Qlid WA o® RP,
MTF Z12]3l GAF (DIFF), GAF(SUM) 4]
o AvE Ade vdad Zu oA do] dWE e o

Aol W3 Sy dol AWl wAe] AH¢
Word2Vec® Doc2Vec ©] 4 ARE stHste W20 FAlst
7] Wizl dulgo] kA= Aol &g Wsh= md|sqlh o)A
g9 Hole] mAR AP e AT AlR2olY] wel] AL
s 7 7HA elY WMRloEE A Y & WItE THA Y] o
A dlolH 9] oY WRe wekM = A
FEHAS AT 5 AAH o= 7} AAIE HlofE]

7t =
AEd aEse 7 WAl NAMLU tAleh o9 A5k

o
R=)
B
f
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i)
)
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g
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ojr



AAG deolE 939 WHoZ MTF, RP 183 GAFE 1]
sttt GAFS] B¢ =3l WHAFI Z4eE ol & Azt
HAE 23T o F(Summation) S olEdh= WHIY A
(Difference) & ©] &3t WHOoR Uy ojx]7]d Z+2hS U9l

e, Wne duElE FME GAFS Aol gE T 7

2
=

)
b=
=)
1o
>~
X,
2
2
E
i
o
i
rlr
>,
X
30 iy
L
1o
>,
L
r o
X
oX,
o

olof Wka]l RPS] 7%~ Ablation Study®] Vanilla 222 X5}

FAFSA et @8le gt g ArsE A% A el
obd siete] 9@E 714 2o malth o RPY A4 94
T AEE GAS o\ AZo] old JuT BoblEAE £

gFor dulder WEst @ ko] Aol o A
ob7b= AEE detety] 7] o2 gAY,

npxjuko 2 MTFS 4% dzdgel mE Fxrh RPe vlsir &
A5k Ablation studyollAl AW =E 2 &st 99 nlws] =Rk
= W & a%E Avtin B7] oy g Helt o= 54 el W
3lsls FES vf2 32 54 (Markov Property) 2 ¥d3l= &
2= B4 A WE 9 Y Ao] FES L= Zo] NAMLU &
7)ol WA Aitolet oA AXI T

Ao TED Bde 7Ashs daglgo= o] s W
M Doc2Vecs AHEsth a8lal AAE dHeoly e <lsad W
Mo 2= GAFE AFE3IY v, Summation W ¥ Difference W

W Zo| A% Summation WS AFLEIEE ndS EASIIT)

JN o
=
rr

o
Kl

mlﬂm
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5.1.4 HjolA&l ndx}e] vl W

5 =
g sty HHe 28 2 5 Ytk olojAE dgomt

3t Convolution 725 gelslr] 9&f Aa A9} vlus 3
A&k, Convolution T7%29 HlwE g ALEE A8y
T+ VGG16[53] 7 MobilenetV2[54]1 5 AHE-3F . VGG169
749 "epnele] £ = 2d Alo]=7} LSTM Alde State—of—
the—Art R 2l NAPS} vlws] fAkstz] wjite] MAsiglod,
MobilenetV22] 7% Z&s ® ez wutd oA =2 4
g Holal Q7o AAskAdrt. AP A= o9} 2t

Algorithm Recall@K

MFU Most Frequently Used 28.6 (K=1)
MRU Most Recently Used 31.3 (K=1)
Architecture Model Recall@K
LSTM base NAP 78.9 (K=5)
VGG16 79.2 (K=5)

CNN base MobileNetV2 82.7 (K=5)
TED 84.5 (K=5)

6 HlojaZl EdAe vjuw A3

Agofq Felst Ay TED Ed2 MFU, Most Frequently
Used®} MRU, Most Recently Used$} 2 7|& 2dg]< diy)
S A%S BUS ¥ F S8tk MFUS MRUE 7H¢ A5 ARE-

1 5
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ek, LSTMol2k= RNN A9 ®HE& 743 State—of-
the—artE E/43% NAP 223 v]wd] RS wx oF 6% X<
E 22 A5 AFAEE & F AU o= wojagl 2
7 vE] ®Boks W TEDZ7F o Z@ Aol AbE A 2 o]
FE] ARG AZE BA Rl 9 QEE Ao EN Ko a8
o= wdg g4ty Qrkal & F S Flolth

o]ojx 22 Convolution AIFe] EA#e] vlusE 98 VGG16
7} MobilenetV2E A3 NAMLU A4S Zo]® 14} 3k A
3o AvE AdHHkS v VGG169 ¢ NAMLU #AE o+
Zlels Bde] Ato]=rt iAoz IAY ndle] Zlojrl zlo]
FEAQ o] oy Aow BAHITE T3 MobileNetV29]
7d-$- Depth—wise convolution #@|°]o]E AFg3she] whe} 334 3
ARE 858HA Har, Adel digtk st o]9f EEste] MER 3
F57] wEel gEel AgtekA &otrh. ool Rkl TEDY]
Convolution ®E® XE° F%+= 3-—depth® CNN doJojg}
Batch—norm= 7FA™, 22+ 4ol ¥4 AR Ad HJRE
B osdet Adel 34 g5 7l Awlde A FRkE

ARz agste] Ak ARE Shsts TED T2 4#s, =

3t
@ Aol oAl NAMLU #A1Z %70 A T22 S5k

5.1.5 ¥ Alo]|= 9l &

=

1

T vy

A wA A v GAR A8 AFEY TED R F&

LT g 7d xlo]| =E n) ] Rt el Alo) == ghebuE] 4
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= Vo r SAseler FE S U3 HAE AEE AL
goto] Bdo] o F3h= AlZka wiA (Batch) @912 574 Al W
Z S92 S8, AdA HAE HolHE o EE = W=
St B9 Ato]= S4 W £ 4 AP digh A=
Uedk 2k [ 719 Al = S Slko] TED RHel vie}
e F7F 7P Aom 28 Sk A P wE Ale Fdd
AT ©ol& Fal TED RHS AREsto] wE F2 $E5 7HA
Al et A7 FEE ST 7 AT
Model Parameters Bateh bas:e Total )
Inference Time | Inference Time
NAP 10,609,841 62.6ms 4.5s
VGG16 15,087,828 102.2ms 7.3s
MobilenetV2 3,538,984 83.2ms 6.4s
TED 1,962,716 48.8ms 3.5s
¥7 TED 249 mgvg F9 &% vlw 23
5.1 2o ddds Tl & dyelMe Al 7HH A7 F53x AVHA
= 2 ee Flsisith
- D ofFgAlold AR dlds FAske ofEeAlodE
e ARE Ul A wAY W dEe] AH ARE
g5k Al
— 2) A7 ARE AT 2x 19 Aue 3 Admy & 5
AES S A
- 3) mule wwely Aget B4g ned mE FE
£5% 7 4 e TRE ALE A



=

=2 =
sderE SR e AvS /e nde 7EE £ USS
dds Fd AT 5 JASdTh olox= AFelM= A WA

Adoa] FE=9E 2SS JHlow Abgx AE AdS 13Yshe]
NAMLU &E=o ZA3gtst wd sk uES 893 B 4y
thal] EA1s) WA} s},

A 22 AR AT A

) Performance
Train Data Test Data
(Recall@5)
Mixed All All 84.5
All 82.4
User-dependent Target User Target User top-5 91.3
bottom-5 75.2
All 81.5
User- All except
) Target User top-5 89.2
independent Target User
bottom-5 74.9
All 85.6
. All except
Transfer-learning Target User top-5 93
Target User
bottom-5 78.9

8 AHEA AT Ad 2

18] o Al AF2-E Livelab dlo]E o= & 3499 A&7 9o,
ol AREAE AA el thaiA AR HE Ads TSI A
7

34
2 AT Aol ARgE R Al ZEAelt kM A

3

f

~
>
ofo
>

A= Ad W o2 Mixed, User dependent, User independent

1213 Transfer learning ¥WHo] 21om o]= Mixed WH2 A9
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AREAE T2 glo] Sk HlolEl g} HIAE HolHE TEshs WAL
2 1 Aol F3g Aaolrt. olo] whel Mixed 9]¢ A7FA] W
of theh d¥s s o, ojef tidh dyb= vhadt 2k
User dependent WS Alga] Ade Wasd A9 MH ARgx
o] "olErt= 7FA L gk HolE & HAE HolEE FASH ¥
th. TED Bd-& Ag3|A] User dependent WH O =2 858 & 7

$ AA 349 AFEAFY] W BE AT Recall@b 7=l =E
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AE HolHZ skl 1 218 AA| AMRANE g5 HolHE 7
o] 8t&3sl= WHAlo|t) User independent WS AFEFS o] A
AFEA}S] H 81.5%% User independent W ol Hl&l] A% A4
shom, HA9 e 58I Heksl e 5 Ax JA s
= ¢ ARduh vl AAAQD skt ARt A el &
) thE AREAFS] S ElolE|7F g AREAF HoE Shgeo] ol

npA|uo 7 ek AMEl A5 A3¥-S Transfer learning 4
olt}, NAMLU Ao Agst A5 312 User—dependent W
H 3} User—independent WHS 27 A3 RS w th& AR

kel HolEE E&EHOR o|&d F oS W BY g5 Aee =
4 F Aes AT 5 At o] User independent &} &3t
Al 8 dlolE 9 HAE dolHE FEIE HAE dolEHo AME

e B ALEALY HOlEl S ASES % UolE g HAES ¢

@ HOIEE M E Fae] HE AR S8 L9 o
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dolee] Az A 4 F Frhssinh ol W Ashz AA A
x|

Aol st Ftg wEs BE NEIF 3%~4% EJE G5 A

.

S g F JdAom Mixed HHel HIsiIME X %7} A3 A
S AT F Qb o] o] &< (Transfer learning) [55]¢]
a9z gE AR dlolHE Fa A st o el AFE-xb

o] dlolel & oln 3t5E 7hEAl (weight) 9ol & W o 3h53ke
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A6 EdE H FARH

2 A= NAMLU #AE sidshr] 98 37k« =-3AE ¢
Asl7] Y3 TED(Time Series Embedding Deep learning) =2
= Aljbsty A¥S S8 EHEY Aess ST 5 AT dHld
o AAYE dlolH e oy 3Y WAS FAAo® A gste] B
do] ofZg Aol ARE HolE olF= ofEFeAlClAE e A%
AT ABABAN S BF Sae 5 ARS e wol o
Qe ARESte] WEe] AE] A Re) AFRAE ALEE ol & Al
o1 ALg el ARE QMY dlo] stealE® stk 1 A
A dlolEl 9 dHeolE 3y WAS ARRsto] o EFg Al ARE
N=3 Az BAE QT Yste] el F4353i

S

Z47ke] @9 Ablation StudyE 3 Flskglon, o] |

g3t AAD dolelg dolE dzygoe] BFE gl Rl ulsA
o] Adugd 3t AlAA dlolEl e dolE qlzyo] I rix|EE A
d A5 Aol 47 oF 6% EQE Egow F A F9Ut B
T AEE BAols 9% IQEC /M A TS RIS ¢
& otk FhH e R mE FE £55 7§ 9lE% CNN A

| —

= state—of—the—art 249l NAP R do tjn]sfs oF
Eo A5 s Bl 7]

gl Az tst Ade o]Joja NAMLU Ao A&3t g
Wle] oist Ad T3k AYETE AR AS APS F5H
Mixed—model, User—dependent model, User—independent
model 2183 Transfer learning modelS A3ttt dxpdo=w
Transfer learning model W2 S AFE3t g5 o] thE W29

o Bdl Asg Hd 5% ERIE o 3]skt

o
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Al AAE NAMLU ZAlel 2 gt 8k
o Ad 2)E T AHEA AT AdS s o] ths A
Z NAMLU R 9ol Transfer learning W2)o] 8h5o] To] =
T Slas Feint Livelab dlolBl= AREAFS] F7F AA] 87
5

Mol AA wrtdl AF§ B
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oy
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Al
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rlr
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Aol UL AL ARgALe] HolHE Fsl7] wieol AFA A
S Adel golstth= el vt

A2 e A A Transfer learning ol vE W<l
Mixed, User dependent “1#] 1. User independent el Bv]&|
T Aee BY T A4 AL g5l AR dHeoly AE W
AHEAES] S AFE- EHE
o 7}s 3k Zo® Heltl o] User independent HHH 3}
User dependent Hel A§ A7t A Zfo] WA e+ FelA
A5 F vk ole uE AREARY] o EY Aol A WYo] 5
d AHEARS] NAMLU oSe =xo] E  Aaes udtt &
Atk wekA, B 2 e dHloleE §3dl4 User independent
W3l User dependent "W xpol7F IA v A3
Transfer learning "¢ NAMLU °|A4¢ a3E =29 HoA
2 Ut} AW aHeE E3lal, Transfer learning X o
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Abstract
Predicting Next Application
Most Likely Used using Word
Embedding and Time—Series
Data Encoding

Taieul Song
Department of Transdisciplinary Studies
The Graduate School

Seoul National University

Predicting Next Application Most Likely Used (NAMLU) is a
task that automatically predicts a mobile application that most
likely is used next using a machine. There are three factors
needed to solve the task examined through previous studies. 1)
Identifying usage order information and device state information
between applications in the user's application usage history. 2)
Identifying the correlation between the time the user used the
application and the application used. 3) Ensuring fast inference
speed to provide immediate feedback to the user.

In this paper, a Time Series Deep Learning (TED) model is
proposed to solve the NAMLU problem and satisfy those three
factors. The TED model is a CNN—based deep learning model
that uses word embedding and time—series data encoding
techniques. The components and prediction flow of TED are as
follows. Word embedding will be wused to learn the
interrelationship between apps in the app wusage order
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information. After that, to understand the time relationship
between apps, the embedded results will be converted into
two—dimensional metrics with time—series data encoding
algorithms and then learned into a deep learning model. The
deep learning model for TED will use a CNN—based model
capable of parallel learning.

In this study, performance experiments and user validation
experiments were conducted. The TED model recorded 84.5%
based on Recall@5 in the Liveab dataset in the performance
experiment, about 5% point higher than the previous paper
using the same dataset. In addition, only about 20% of
parameters were used compared to previous studies, and it was
confirmed that the speed was 1 sec faster. It was also
confirmed through the user validation experiment that the
model training method suitable for solving the NAMLU problem
is a transfer learning method.

This study reaffirmed the importance of the user's application
usage history and time information. Using the TED model
confirmed that the convolution could be used in the NAMLU
problem. Considering the model's performance, size, and
inference speed, it could be a reasonable choice. In addition, the
significance of the study could be found in finding a training
method suitable for the NAMLU problem through user

validation experiments.

Keywords: predict next application most likely used, word
embedding, time—series data encoding, Mobile, Prediction
Model
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