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Abstract

In this paper, we propose an Attention-based BLSTM for predicting the video compression standard of a video. Recently, in
NLP, many researches have been studied to predict the next word of sentences, classify and translate sentences by their semantics
using the structure of RNN, and they were commercialized as chatbots, Al speakers and translator applications, etc. LSTM is
designed to solve the gradient vanishing problem in RNN, and is used in NLP. The proposed algorithm makes video compression
standard prediction possible by applying BLSTM and Attention algorithm which focuses on the most important word in a sentence
to a bitstream of a video, not an sentence of a natural language.
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.M E
HL 59 AAo] Az (natural language processing;
NLP) o] A 3= AR, 24214 297, ‘ﬂdg ol
EA A TR FEstEo] ARG A5 B
Fi Atk olgg EdE wal, T 247 AR
H AAE HolHE o84 A% (recurrent neural net-
work; RNN)Hell st £739] g3 A58 A, &
e Gvlo] met Rt Mo se ]'cTT——': HFoldte o
FEEo] Bol AltE o] gkt kA 719 RNNS 2
E EYo2RE Yold4E 943 (backpropagation)™!
7F S0 AHA A7 o] AdtE e @S gra-
dient vanishing problems Y A1717] ftt. o] & s A3}7]
9] NLP 2oFE %33 RNN2S Q2 3= RE Holo
A& o]2 B3 LSTM (Long Short-Term Memory)™* <
o] &gttt &3} T4 =Z tanhE ©]-8-314 gradient vanish-
ing problem= WA A1 E RNNZ} TF2 A, sigmoid$} tanh
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(Attention algorithm) ©]2}3L —‘?—E
el F-85 AR AGP B =Rl M=
AR5 FAstA setetr] el /\1 AL weolg e &
A ok B FahE 7129 LSTMOIA 4
ol WA AT F ULF: U AN P
LSTM (Bidirectional Long Short-Term Memory ;BLSTM)
R fmalcg ROE Bl BEITE
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PAe AT AE o FIP) 4F BES dFeo)
o) 2 952 FEetH gHHoT EdAte] AHS
HES S glrho] Hol FEao] B =RNE FI &
 BF0Z ¢E ¢ ARHIYE TP MEAEY
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1. Qkkst LSTM (BLSTM)

719 RNN2 AlAIG dlol, & 248 Az kol A

0 A77HACZ WA HolE g olgak Hol A
oI A9 ek Bgeke HolelE w4 g 5
ol 9lE RNNE 27 5o} A vlolEle] el 17t

27 AR 87 ’z}%ﬂ% AL,
A Al T 712l HIL 9

J1Ev 11 o] F el vlolE 7t oA AL Al Rro] Zlof A
A 283 HoF 45 AT} (backpropagation) 71 FE
A+ gradient vanishing problem™ o]l 2]&j <1527 -2
FAZIE AL AU o]H 7 + =
£ 743 o] Hochreiter 5] A< LSTMo]t}, 7]&
o] RNNoAE 4845 tanh shaE 0] 83151 7] W
o, A7%E AXE FHNAM T2 gAY ol -1
1 AtolZ w3 == #go] ¥hEH o] gradient vanishing
problem= A 3}A| 71T}, LSTM2 &4 <7 sigmoid& E3+
g AAS F7Hst JEE S Algete AlolES IS

$HH, RNNZ LSTM 5 AIAIE diolHE 48k 217
FE @A 9o they WIS ek A (uni-
directional) 3& AU Atk RNN X & £33l o]F
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RE dAr5o] dAl 9] o] Wiks Fste LSTIMZHA t}. 7129 output vector Yol oJElA WE & FalF ot
Hhg et a2 (bidirectional) 725 MY O EHA T = AT tanh s AAH EF A AR EE Y] tER)
S 2L AFHE e A9 oy o)A dAFES T o] & 4 3tk ol AT softmaxE 7H 2173 ol A
ZH o] AP meb B =2 M E BLSTMS ©] FTHS AAFH 7 S7F dete S 7 g5 W
£3lo] GAF HIEAEYS EF3h HE dS 7 A Ak 4). o] o, i el 7
=& gE55 /HE ge] s 5849 7hsAel
2. O{HIM 2712|5 (Attention algorithm) 7HE =4 5).
ofel A A2 FL < NLP Eopoll A A& 54, 717 p(ylS) = softmaz (W vaT) +59) ()
W, 573 Q14 SellA gol AREE Stk 7 daEE
o] ZFAl Qi olfrE AEolA AFstRol TellA y=argmaz,p(ylS) (5)
7P 23 AAE B JX FHY EF E HolA
=2 AFHE Hol7] wEelth 3. SolAl otE Tl synt
_ = = H52] syntax
Y7} (B)ILSTM] output vector2} 7. 312}, J12thd y= e BA y
2} 0] o] =2 & ES o o
A= vector7t Bl= Zlolt} 242+ output> U€1€] embed- a o1 o
=9 ojA}o] EAEQS =2 e)
ding size dOFEEe] AH-S F4AE WE o]t A )5 §HY GV EES U HEZEYS 167 Y
ng size dREE s 7S BEAEE DT ehd R0 ALg-heh 7120 ) MIEAEYS RNN 7
. Z9] A ¥t 94 dF EEe TR oA
Y=[y 4 y5 - yn ynh YERTY M o= ;O . [15] OLO lj,c 5} Ol=E 2z Ha)
= SABHAIREY, O Ade 95E vE F4E X3
e s e Al s394 &

o’ deFo A WA AL AT Vo A E
m7]= dojrh v HE A WA 7Ee R w7)7] ¢
3l| ‘alignment model’E AHE-31H, o]& =itdl W} T

_ = 7] AAZ | Fell Hls) G HIEAEHE <l
5] JEXEHE 21737 (feedforward neural network) ©]2FaL bol Eelnp ob2 Z: e j :] 140 HL <9
7ko = gzl & = 3MA o] FH= ¢
- =] =] . A5 oA T e L
xHetE 4= AN, 217372 trained parameter vec- . O»Lf_oﬁﬂo . LE; =T M‘on:}noli s
torE wet & u oleS78s} o] TAsI|E T4 2). 'S Z+= o] Brlsstth 18y 3% o5 259
HEXEGE 594 45 252 AAske FgAM A
T T 3l ‘AELE lel’o] &x)]35 Stk H|EELS 2l o jac
(alignment model) = w”M =w"tanh (V) (2) s < AELE 9" ZA e Y HEES HOH ojF
TGN 4 YA & F T Ao] gy olAnh &
oA dvEEe = wx FAL R wa BAA A EwlXe G HIEXEFC] doje] W] ofs] W
o gzoo] MEE sofimaxE o] &ate] ool 10 Wigw  © Holk I 5SS Aol $9 4F EEw £RE
Blto} Zth o] WMEIE ofeld W (attention vector) 2 T AT 7S AlAL olF AF AN 452 Aol
T o] i HYS Ba ofdld el ARE VY se TR
3 to] T 23 FES AALETHA] 3). £ =2l AE MPEG-2, H263, H264, T 371¢] 5%9%
U B ol &3tk 19 13 o] Al 5 BT 559
a = softmazx (w M) (3) TZE o|FolA AT FaFe] ZAAH HEIF 7 F
& B HEXAER 9 oo EAldte 3 8S %
o’ dvFe viAY RS BFRE A3 el gk
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shute] #A7t 471e) HES ojwlsy] Wl F i) #at
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oL Ax ZEE £ A MZg 5o X 7} oA b= Fig. 2. The data sampling of a bitstream (N = 10)
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X=[x, x5 24 o x5, 2y, XERTY (6)
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Fig. 3. The structure of proposed algorithm
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BLSTME 841717] $lalAE 94ke] mE~E Qo)
1 byte Z7]9) @o} NAIE 713 £43 1 wEAEY

w EwdlAe & 13 2ol F 22709 9dE FE H
A% dolH R ARG, A Qe ‘”lil o Axz

5 594 ¢F FFS MPEG-2, H.263,
H.264 37FA] 5 sputolth kA 7t g dnict 3714 F3
]
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q g Bl AP G Fulsan,

E 1. AlE0| AIS3 SN0 =2
Table 1. The list of videos for training and testing

MPEG-2 H.263 H.264

Name (m2v) (h263) (.264)

FVDO_Freeway_cif
FVDO_Girl_cif
FVDO_Golf_cif

FVDO_Shore_cif
FVDO_Plane_cif
FVDO_Freeway_qcif
FVDO_Girl_qcif

FVDO_Golf_gcif H.263
FVDO_Shore_qcif
FVDO_Plane_qcif H.264
FVDO_Freeway_A4cif (level 4)
FVDO_Girl_4cif
FVDO_Golf_4cif
FVDOQO_Shore_4cif
FVDO_Plane_4cif
FVDO_Freeway_720p
FVDO_Girl_720p
FVDO_Golf_720p
FVDO_Shore_720p
FVDO_Plane_720p

MPEG-2

H.263+

akiyo_cif H.264

H.263
news_cif (level 1.3)

o] W, 5o Ur E}— ot St YR A L8l &
3 o o] RIEXZEYR x3e7] flal

o] BHAAE 7474 m2ve} h2633 2642 3T
H2633% H264°] Aols 94 45 £59 ¥d
EA87] wel <>1E1 Qtell o] & EFAIA
&

(variation)©] z

Tk H263<> HD 4% oo 5974e HdoE AR
F (7] wEel o]5 Heg Ao H263+“8]°lv}
H.2642] 7% 94+e] vJEXE" Zuke] SPS (Sequence

Parameter Set) oA HIEG ] &g AalF=H, level 4
o| )= SPS Al vui_parameters_present flag 7} 0°]3L
level 1.3914E 10]7] wj¥&ol VUI "7} <(Video Us-
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ability Information parameter)-% Z7) ¥ o)z} YTl

1:1:—6} H264-4 Eoi)\} ]:]]E/\EFH ]-,4 PPS G’ic—
ture Parameter Set) Oﬂ A AEZ3] §353} (entropy coding)
o 2REZ Hazy, Zul suk AoA od AER 53
2] (Context-Adaptive Binary Arithmetic Coding; CABAC)
S A 7§ entropy coding mode flag 7} 00|37, &1
719 A-54 7hH 7o) F33} WH4(Context-Adaptive Vari-
able Length Coding; CAVLC)S AHE- 7 10]7] wj ol
AEZ T F53le] FHol Zo)7t 9 = AH? g

R e EMEE— 7@‘ F UAR, & =EAAME
CABACE °l & 1 &ataich #d ool
H264 598 4= E%% T 8 98 A A
HE 7HAAL 9l SPSet PPS %
3L SPSQ} PPS"]
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Agel 2 9Pl S ole waA,
B Rolii E 19 94 g D) BE se
% Sk @ QAT N byte Aelel B4 S byte

A o] FAIZIHA DS TS 7HA 7] wEell, A7 el
= ° o]

37 ]
dg dlolEZA He Ao sMseith 7EFeZ D =

200, N = 640|t}.
wetA NS g&Et 7

[e}
grol AAFE AARS GAye] MEXEYS] FukRix

o\

st dlell & 440071 €]
s A Heul, AF Aol 90%°] +gs T3l
ARESEAS YA 10%0] w2 AEell AREshTh &
3, A5l AMES 440709 RS dideR EF Y
(confusion matrix) & @IUL °]E o]&dte] +EE 4%
ARE QoA L FolME &7 #d Aol 7P &
w317 2ol AP L (accuracy) 9 F1 H4= (F1 score)S

3

3 2004 z%akxq 72 A A]»Q—o}oi\:} 7< o= Ax B3
of hell &) ehd, & YT 45 2ES A el %=
=4 HE WEER UrEM Aotk F1 A= A2k
(precision) F A A& (recall) o X3P Holth FhE+
A7} 279 el E7E 24E SOl AR = A7
=749 e, & AdES %W 20 veolth Ade

A A7 £ 2 EBE T4 A7 230l 24
oj2}3 H-Fa Fe) w] Lo Fl Aol ¢ 7t 5
44 BEEE B2T 5 30 dEdl 594 4% wE
o) uig EAstm, webd 3709 Fl 42 BRE gk
A9 AH2 AT
¥ 2. ZZ Ho|EfHlof CHEE M=ot F1 A4
Table 2. Accuracy and F1 score for test dataset
RNN | LSTM | BLSTM | AttLsTm | "roposed
Algorithm
acc. 96.14 97.20 97.05 99.09 99.39
F1 96.16 97.19 97.04 99.08 99.39

2 & RNNL LSTM™, BLSTM!'Z, o]
g4 &3 El5 7|9 LSTM (Attention-based LSTM; Att-
4 T;}‘ 242]:3_41 /H‘.:_ X]J__‘L_l_“ By 294. 7]—]:]..

Aoz & A9 Fl A48 7}x_g olg= A
[e]

7 o apol7k A9 gl AL ¥
% 9k ol el MEZEYe] Q17 Gloj2 | B4
A Sgobi A7) ol

a4 9k RNN# LSTM, BLSTM 3} Al¢tsls &3 g &9

Aol = Fo v gk 2ol 7k ek MAke] 7 ol
o 4] ™3} gradient vanishing problem= éﬁﬁé}i’i 7]
Roli FAe] AeE ot AT EY HE4L FaA
MEZEYY FYY 4 BFE 30 T2 4BL
= @ole 9IRS etets Aol A7) wWEolt
ojeld & =&elMe G4 d 249 & D, £4=
AEY @0 o) Bake Aol 5, I AE T w) B3
o] Ng R Acksts 2T ER AP usin
E 3. 230 M40l 02 Mewot F1 He
Table 3. Accuracy and F1 score for D
D D =100 D = 200 D = 400 D = 800
acc. 98.78 99.39 97.95 97.86
F1 98.76 99.39 97.94 97.86
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Table 4. Accuracy and F1 score for S

S (byte) S=8 S=4 S= S =
acc. 75.23 87.42 96.89 99.39
F1 75.04 87.37 96.89 99.39
¥ 5 29| Zolof ME Metzet F1 e
Table 5. Accuracy and F1 score for N
N (byte) N = N =16 N = 32 N = 64
acc 69.92 81.89 91.59 99.39
F1 69.80 81.97 91.49 99.39

9% 722 FEATE Qo) O $& AFE 32 Aol
2 Z1ASleh. et o2 EYshs TG Ass e
A ok, MESERS] TR A £ Y o]}
g & 92 AFdan

E 4 50 BE A% AR WS U Aol §
g 2ol 7 B4l FHE oo ML Felt AL
Aoz NRWe F&2 Folahl AFAUx, 1Rl
! »}

A %] Msks vedth N2 5
% (feature)s S8lv > A3
&olstA s FAk

o
Ao g gde] HIEXREY S Yoo e s

;‘.9,

rir
i

O ot

o

of M o &

o

< HEHE 9bd (bitwise inversion) o2 s}

‘01010110° o]gh= H|EX ] ‘101010012 3
EX
z

xR
)

ofl
oo e

#0171 o], & EFANE 1638
& olga7] izl BEY B £HE W
3]

= RS AH) 8 tlolH

(o 1m

O

to]E o] 1l H| o] H(data augmentation)©
itk webA AF wlelEl = 11 10%¢<1 8807H 0
63} 2.

4 AEE ¥

E 6. H0| IE Y= F1

o=

Table 6. Accuracy and F1 score for encoded bitstream

Encoded default bitwise inversion
acc. 99.39 98.64
F1 99.39 98.64

I 62 5o, At A ES FFe] RIEAREG0]
HYH Il s B30 WHEAE 24345 EE3%es
Holth

v.d B

2 =R e 7]E£9] NLP ®okollA 39| tha ©hof
A, 27 AAF B3 MY Sl AFEEE g sl
w4 7P T 8% SIS Al vt ol g
ZEe Btk B3, olF 9] 4F HE 5
Ao EA Hed FTEC 594 E EES o
Zal Holo] 2 £g0] © F U AR o)d A
BI7 @48 ez A9S WYL 61% ~ 75%2] AA
HOog 2y e ASEE B3l whde £ =Rl
B o4 s Y sk B0 4, S A o Fae
o), AEY A B s Zolg WeE AFe U
4397 g4 A 4o RS Sl

T3 o) MYE MEAEYS o Agal 5
B 4 229 5HS Hohlel BG4 F #F9) o
Zo] 7h5Ee AT BHE FA PYpei 2
Rl A AY3 AR A BY} HE BT 2]
E70] Q& v Alehe QIIEL B B B
o] o F o]fle = EAEAY WK HFH HAe] &
AE dEste] R AEES EHeE &S U3 T
F e AoZ2E At}
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