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Multi-Modal Abstractive Summarization based Transformer using
Video Transcripts

Min Ye Lee - Sung Won Han

Department of Industrial Managem

ent Engineering, Korea University

In this paper, we propose a MASTF methodology, which is a Multimodal Abstractive Summarization based on

Transformer. Neural network models applied in the

field of generative summaries utilizing conventional

multi-modals were techniques utilizing hierarchical attention based on circulating neural networks. Although
transformers showed excellent performance in various natural language processing fields, including generative
summaries, there were no cases of application in multimodal-based generative summaries. Thus, in this paper,
we use transformers to improve the performance of multimodal image subtitle generation summary models.
Transformer-based models outperform hierarchical attention-based models by 24.17% on ROUGE-L basis and

10.52% on combining speech and text.
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LA & (Wang ef al,, 2012), Bl 2E7} 1] 7148 G4 79 243
FFE AMsted oggol Ak ofd I A
HT GG ZREF FA UL F ZR2E SFHEAM B (transcripts) S L%5tE A G4 Ud S FRE A
g FFAY ERES Fo] AR AN FFE FoiH k. T Bk of, AA 1Y s A9 IS FE3E
ohebA gk YA ZRZ A AE AT Aete B A AHEE AT
SHA| 2ha, AL EH2E F AT Qe A 2 4 ) F 80k A AA WAl w2l 3% 8 %(extractive summa-
o] Bo o] AM7FIL thSong et al, 2011; Wang et al, rization)¥} A§ 4] & F(abstractive summarization)©] T} F& 2
2012; Otani et al., 2016; Torabi et al., 2016). & SAFY A F& A& EAde #4< D= 7t en, Aok
A e GFe AE, A (description), 18| Bl 1 H2x EAY YEE GFEtA, 2L A4S HED 7|E AL
ES B4 & AT g s AAole 7h Adtet 94 oF Aol 8417 B (recurrent neural networks: RNNs)7| ¥k
£ 3T AT, G AF L AH L AL AR A AR L FAF ALY, Edawn Bo] Qo) &3
galug FHH o, ARA AAo] ofHS, G4 FRF B ol #3 AP AT+ Point-Generator Network(See ef al.,
o] AA R A5S AsAZIT T2 GAo] Y Bl1E 2017), Bottom-up attention(Gehrmann et al., 2018) 5-°] 4 2H,
2t AfoE 47t RS Aol & wotetr] ogl e Edzxw o] o AP A= MASS(Song et al., 2019),
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UniLM(Dong et al., 2019), BART(Lewis et al., 2019), PEGASUS
(Zhang et al., 2020), 18] I ProphetNet(Yan, Y. et al., 2020)&
Fzooh gnbEdl 9ok YE o2 HE AN Yo F1
By AT 25 At dY Ry ZdojAq, Y
HolE & 7*}‘1“ w4, 2891 A&H onjA Zydor T
T (multi modal)H] ©] €] ©] T}, Sanabria et al.(2018)-
241914 (automatic speech recognition), 7]
H & (machine translation), L8] 1 FA] 8.0kl 4 T 2 E-g]
RPEG Hojd e /M AP &,
d< 121 A9 %%oﬂtﬂfﬂﬂ =
w4 9 92E HoJHE T How2 HE| Y b
TG o8 g A7 2 How2 Ho|EE 7|Hto=
FEE A 24, 293 o|H A ARE FHete] Q%E
AR E= HE|RE7]Hke] YA At QokR S A G = A
7} A4 o] FY R 2 Y\ th(Palaskar ef al., 2019; Khullar and Arora,
2020). Palaskar ef al.(2019)& A3 H A2 EAE AW g2
E RggHY 94 E2EEHE 3T oEN, H F451
AT QUFS AT T3, Khullar and Arora
(2020)h <A E%ﬂ\ﬂ% %—7}’6‘}93% o, 83 ARE =

s
%o
2
g

71E E]
Hke] AS4 O1Eﬂl"‘i(hleraclcal attention) 7| & A&
FE 0| £t} Palaskar ef al.(2019)2 H|2E g o]u
W WE S AZH i S Bl A
FHE dgstoq ddRZeEH Y&
399t} Khullar and Arora(2020)-2 €] 2~
2E B S AT F &9 WE E oA
of g HY 74]27“ 015‘*_]/F]_(tr1modal hieracical attention)<
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(gradient vamshmg)l'f_r = JE*M 71 AWM (Wang et al,
2018), A&-FH A4 (Rajpurkar et al., 2016), 18] 31 A4 8.9F
(Song et al., 2019; Dong et al., 2019; Raffel et al., 2019; Lewis et
al,, 2019)% T Ao Al Eofo A ZEET HHE
Hol1 vt Exzr o] of®ld 2 7], ghol dEHE HR

of whet YH-eFA o 'l (Source-target attention) I 2L7] AFA
S Azdhe AZ o€l H(Self attention) &2 FHHTH YA-

B of’lA & 15 H-H 3 ofdAlolgta s &2 H, Ao

Bl A (crossmodal at-
tention)©] 2kl 3}, EA 2T 7] Hbl TZOA T g
S AZ FF87] Y T oE ASHTH(Tsai ef al, 2019;
Paraskevopoulos et al., 2020). Tsai et al.(2019)= ERAEH 7]

d8d dar e &4 Aol B 7], gholl 489 A=H 9
Y Ae)(hidden state) S F 23t} E| R E] Rofo A=
AH-EH oA & VWO B 7], %kol] 425t 5 e
REARE JY3Y o]Z g2 AR

/\

olae] - 3

A S AFESto] Bl o] @o] E= HH
=29 A E(alignment) S Y 8HA] AT o|H|A], 2T &
g EJ}&E% §8H3te] 7H4 914 (emotion analysis) -0kl A
Holt 45& BEAT) Paraskevopoulos et al.(2020) &4 %
283 A RDHE 56t
recognition)-okoll & &3ttt

ERrzve g Aol A EokollA 8 A7
O 253 49E RS E B35, HE R
A3 Q ok okl 283 A7} F-E3iTt. ofof] & A
ERrzn|d J22RY oS Z&3t
x].l:!]— /\(1-)]}\‘]_8_0_}: H lﬁ E
R 7 A OH_E} 4 H2rEE AYS
A, ROUGE-L7]& ZEIng
10. 52% Tatanh. Y4 Z4i9)r TFE A H2E Y9
Tt 04TF TS “ﬂ Aol 7HE ot oH, 4 4
39} Fﬁﬂ AN EgrE %]QQI 7baol 0.8Y W Aol 7F

Tatact =g, B4 A

39} T RIET i st

B =g 053 2ol 45 itk AR A= A4
/\gﬁghma 2 A
oM e ATl A ARt W&o tste] A&t
ol A= How2el o8] Al 7FA 1 AQkeh 23S 43
oA g0 2 A5G e B AT A8 E SRS A
gttt

H
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mo af ox rir > kK

2.3 A
2.1 A A 89

71E A8 dAFoll= =3417 W(recurrent neural net-
works: RNNs)7|9H9] A| @ 2T Al A2 W ERR 2w WY
o] At} &FAAE ol A AP A= Point-Generator
Network(See et al., 2017), Bottom-up attention(Gehrmann et al.,
2018)5 0] glom, Ed 22w 7]uke] thek A& A 5= MASS
(Song et al.,2019), UniLM(Dong et al., 2019), BART(Lewis et al.,
2019), PEGASUS(Zhang et al., 2020), L] 2L ProphetNet(Yan et
al., 2020)7} 9T}

A2 A E 2

-5 A 9 2 (sequence-to-sequence, seq2seq)= T /<]
Bog T4H o7gAZ &L AT HE
IHZ <Figurel>9 #Z 193 2T seq2seqe Y8 Al
2o #F M2 AFDLE S3he ol MY, A& A4,
2 il g2E Q9 ol AHEHTE 1 AF S dof HolE
Az o3 & #E(context vector) = YEHH, U=
# B = T 0 RNNs9| 2 ¢ 0.2 AH T T 2
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|4 AZEH X (softmax) &4 3} 3
satel of3) Azle] $29 o
3Tt seq2seq= wAHA Yl TolE
tire A4 @0 A7) el §
(Nallapati et al., 2016; Paulus et al., 2017; See et al., 2017).
A%, U BAS 1A 2709 B MEE YEa A
AR EAE AT 283, 4 4] Ao d A
13}1‘4 E(gradient)7} 2B F o] 2.9F 29 A 50| A3}y
EA 7 o] Yth(Werbos, 1990; Sutskever et al., 2013).
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Figure 1. Seq2Seq Architecture and Attention Mechanism based

on Seq2Seq
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A& FJEHF e
2tal ot A2 -7 & Aatshs B2 Eq. (1)% 2T Luong
et al(2015)2 A 4%@#3 Aete o i W (dot), Lk

(general), 18] 31 A4 (concat) ¥4 & A A8k om, A QoF
Tdlof A ‘Q‘?_}J} ?ﬂ%“%}*' o] F2 Ag¥th(Paulus et al,
2017; See et al., 2017). Eq. ()9 20] AL 8458 Fo45 42
e Az EM X ST AR HW 7FeA| WE 7 YA H T
VATt 2T E B AGA dE Y FYE Folok T &

o5 2 5 9tk Eq (3) &Y AH WEH 7FA S Fat
of & & hEoj 7 £ w0l
S?’,Thj dot
€ij = SiTWaligth general 1)
(Vatign) "tanh (W, 8, + Uyyight;) + by, concat
eXP( 7)
o= g @)
Eexp(eik)

2%] 3)

Eq. 3)2) B9 99 A7 AR dzrel &Y A,
Adsol 94 AAZL EaaT o] HHE B, (4) 2T
vpAleho 2 Bq. (5)ol A o8 Aol 23 volo] ta 38
BEE 24T} <Figure 25 070 o2 AQol A&
25 WEl, 9 A7) WElL BHE Ol A = oldl A WAL Z B
& yehdn

s,=tanh (W, (c;:5;)) 4)

P, = softmax VthS +bgp,) ®)

vocab,i

Seeeral(2017)& =9 @A & & 2P, . N7}
A chojo] th3t ojHlH BF BT o, 2 Tsle ZAUH YA
o

HES) El(pomter generator network)E’_

mlo
2
2
b
=
o,
o 110

[ 1 1 | [
( v ¥ ¥ ¥ ¥ )
g —UF( Cell H Cell JL{ Cell H Cell H Cell J
) hy ha ha h, g
(T3 v 5] T+ 1
[ Dense ] [ Dense ] [ Dense ] [ Dense ] [ Dense ]
5 ien iEiz i&s l in
E [ softmax
2 T Tez B T
t— — T F—
[
" (o

Figure 2. Attention Mechanism(Luong et al., 2015)
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H&-S 3o}, Gehrmann e al. (2018)8 98 4 T 29E QK™
12 pES i
S5 tolo] g3tk OBl BE Rzuk RAss Az Attention (Q,K,V) =softmax ( \/I)V )
A1 ¥} (content selector) 2.8 & Akttt o] = o 4 U £ i}
Q3 BEA o2 5= AL WA 9 = °1Ei]"d(mult1 head attenhon)% o] e of'lA
| =E AZ(concat)ste] Ay W Aojth, ~7] 4AS &
(3)_];_3“_}_\_,‘?};]11 34—2:5’_]_- %E‘ ‘:Tqal ?:}E:ﬂ‘ly’]' %—}l\—t‘é Eﬂ@’%@'jﬁ%‘@%ﬂ(la}’er
E W2 E1(transformer)= ARA WAYZIHE AHEEE 2l normallzatlofl)g ot 1 F LSS S 292 i
9.3y 7]uke] ARwo|H, TxE <Figure >3 2ot A A43 F A3 E Fstd Ay g T7)9 Y3
- HEHZE =83 o] o o] =90] Zn}l= nHlE
(Vaswani et al,, 2017). Zo]7FLQ 9 B4 Yl & 5 —]Ei‘i Ea@jHN7 l Litﬂ’]ooo’];—an b, o
Het % d, A e HEVEED Edaxm s £ AT An el 29 MEz Qe dE o2 AHSdT
A IZE 7}0}7] 9 0}031 f]xl %‘Hﬂ%( ositional embedding) 1 = embedding () (10)
o i = ] 1 -
. h! = LN(h'+ FFN(R! 12
PE,, 0 = sin ( 1000]; 02;9/(1‘“0‘1(‘1 (6) ( (h) (12)
pos O3t vt FHHE of 'l (masked multi-head atten-
PE,, 5 41 = cos ( 100002 e O tion)& F& EFY2Fo Yo E UAE —co B AA3IH, o
= v AR FzatA ¥7] Aol vt~ HEH E of
4 Ynd> ?—]ﬂcﬁe—""xcg 7]‘?4"—"‘@" a3 geEave "HAY &9 WHe Wy & ofdld B 2 (Query)E
z %/\PEM & =(head)d FHE ZMA ] AYHTS T4 AFHTE 7l(Key), #(Value)S I ZH 9 80| ALEHH, =
& % A2(Q), 7I(K), L2 %1]\.( )7k ®Th ol Bq. 8)F 2 8 dolol i 4 £ W FelloF & EES ¢ 4 U
o 2AYE -3 o el M (scaled dot-product attention)2 Q9 AZH A= A, 7], 28| gho] FY Az of’lHo|H
KE 23 8o 2AY 24 & AZENA 3§42 315 09, I3 AE 7)9) gto] 9 EA o, A7} A &
I,V Fahe FAHOZ Eq. (9)F 2o ol B9 28 WE ARl - ofdAelth HEEE ofdd fA e FHT
o o G 1z @ YL ER A DAY BAWGE T AY 4 9 ALERS 58 E3540] 1) o) A
BolSate] Ao} fAHA LBkl SEoltt Amnlel of oM 2337 3he tolo] SE REE 22T 5 Y
dAoA Q K, 183 Ve FYT 44 B dgHrg  Edzzrs odduto s JIn-.tiy F2E 745
A o] A(Self Atiention)ol 2} 5101, o] 4] 2 el of, wols} 2 o] URH = <A F2E B, 1
ol &l A 3] S (attention Head)©] T} GUAE AEEZAE FEAT o) Tk Aol A
0 wopol Al Aol 5 Al A3 =< (source domain) <53t
o= g © 2R A8Iol 1A Wang e al, 2015), FE-HY
Ve o "IV A (Rajpurkar et al., 2016), 18] 3 A3 8 2K(Song et al., 2019;
|I||||||| I
(e oo
—1 \ T - j
N
Fg,fg,d 4 Multi-Head » o oo I
- Atention "”I <—>|:| Attention(Q.K,V) I""
I=sallic=le I
£1y e || w
M —{(_AddaNom ] (CAddanNom Ja— _d d _d
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Figure 3. Transformer Architecture and Multi-Head Attention(Vaswani et al., 2017)
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Dong et al., 2019; Raffel et al., 2019; Lewis et al., 2019)%1 4 &
EZ5lukgl AIE Bola 9t}

(4) EN2ET 7)whe] A4 90

H E(bidirectional encoder representation from transformers,
BERT)= ERA~¥ o IH 72E 7o 2 w4 i 99
# E2¢ thagse ol dZaE 3909 e 242 o
23t B S FA o <58t dakbidirectional) P o] Tk
(Devlin et al., 2018). S 3K(unidirectional) TZ& A &5t &
Zo] EET #2389 Y ELMOS GPT 9AH & S5t}
StA|RF H E ] ofheF RHll-& 24 of o] 3l (natural language un-
derstanding: NLU)Z QG o] 2 §Ha}A 5k, 241 0] A A (natural lan-
guage generation: NLG)oll 2 -&3}7] o]t} o]o] EANAEH

7I9ke] AR Shg WS WE sk O AL 2yl
A QHE Th(Song et al., 2019; Dong et al., 2019; Lewis et al., 2019;
Zhang et al., 2020; Yan et al., 2020). MASS(MAsked Sequence
to Sequence learning), UniLM(UNified pre-trained Language
Model), BART(Bidirectional and Auto-Regressive Transformers),
PEGASUS(Pre-training with Extracted Gap-sentences for
Abstractive Summarization), 18] I ProphetNetZ g EH X~
Zu 7]k Ay A ok ¥ o] W Eo|T)

MASS(Song et al., 2019)2 U W ke EEE vp2aF A
g3 F, o] & o Fdhe Aolsts WHlolth dH =4 ES
ol mAY o, k= ke {lm} o MHE 7T k7 19 A,
HEQ 3 S Yeiw, k7t mY B¢, GPTY S5S
Ut 717HE E(gigaword) H| 2 E Hl o B Ab-&3ke] 4%
< %78k A, ROUGE-L A4+ 35.96°|t}. UniLM(Dong
etal,2019)& A&F QoS 94T & AEH Qo Y
A9 E22 2R AT F SAES YA A2
ol deFozi A3 2o%F Aol o] AAE StEete
H& Aot MASSE o] ¥]s) ROUGE-L7|E 2.2 7.08 4

9 A% &S BTk BART(Lewis et al., 2019)= EZ 1}
27 (token masking), EZ 2FAl(token deletion), B} ~E | -$-7]
(text infilling), 18] 3 &4 <=4 417](sentence permutation) 5
S 55 QARAL WA T, D20} 2o B A
A 3H= 2g 0|tk PEGASUS(Zhang et al., 2020)< 3hto] &4
AAE vt~ sk, Aefste A 4 A A (gap sentence gen-
eration) & AH83t= AMA 853t} PEGASUSE BARTET
=2 A5S EAT ProphetNet(Yan et al, 2020) HZH
A stke] Bhd 27 ol T gk e Zo] obd nf o] TofE o Z3}
T EYE A, ole 7H 7k EEFY & 3EAE
THA = A s A g

Helvg gged

HE| R & 34914 (automatic speech recognition), 7] Al H

% (machine translation), 12| 1 =] 8.9F 5 T}k Eofol A

£8 4 90w, B RREE M 2ERT $58 4%
< 7}z th(Sanabria et al.,2018).

WA o= o] 2 §3(early fusion),
2§ (late fusion), 18] I 57+ & F(intermidiate fusion)©] 9}
t}. |3 Y (deep neural network) LA 9] ©] A A (heterogen-
eous)Bl B} & A At ¢ HE N o ER, A 8

HE ¥g
(joint representation layer) =+ &+ X &% (shared representa-
A

tion layer)olﬂ} st Y A 33 ol - (representa-
tion)st= 7+ & WHOoE ERE ol 2% 28FE

5ol WHOZ A4 odlH(hierarchical attention)3 2}
T of 'l A (cross modal attention) ¥ ©] 1T},

AZH At N2 2 F 229 AFH(encoder) 2 F-
tol HE| 2] A3 F8(joint rep-

resentation) & 358k 7] o] Th(Libovicky and Helel, 2017).

<Figure e E2E 94, 283 A0 3 ASA oEA
< Yehdith Eq (13)€ kA E%E]EH oA FoA &

g5 2 wgel g3y ek

o2 AXE oeld A 01

04 7EEA7EHH o=
2 Eq. (15)9 2o, 1

=T %o F 7;1‘;}% A o'l stof A ol of

oA MAYES T

eﬁ“ = (valmn)Ttanh( nlignSi T [](llqu ) (13)
(k)
) eXP(ei )
= - (14)
Y exple™)
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(1)

ERGYE Y R4S AL 0TZHN T
(Tsai et al., 2019; Paraskevopoulos et al., 2020). Tsai et al.(2019)2
HE| 22 Edl 2 EH(Multimodal Transformer: MulT)E ] ¢+3}
of of Y =29 A F(alignment)©] gl 74 Q141 Eokol| A 5 o
G35 BAT MulTS 34 ZE-2 A} of 'l A(cross-modal
attention)©] T}. Paraskevopoulos ef al.(2020)2 &4 914 913
o B2 YA RE S AEete o] & wAat ol il gt

A, O

F

J

3.E

B =RdAe Edaxn 7k HElRd 4o Y
(Multimodal Abstractive Summarization based Transformer:
MASTF)& A QFstch, MASTF R - Wl d(embedding) 2
A FZ, A (encoder), BE| 29| §(fusion), T8I
FH(decoder) HAIZ FAE T AA A MASTFH - WH
<Figure 5>9F 2o}, il 9 & 4 AehS WE = 235
Q32 FEdAe 94 =5 4 Z2EHY &4
o}, Q1 ZT(Text Encoder)= U8 AlF2ZEH
W, A ojdl A F3} 7=
22e §PolAE BAE
EECE PR EESE
EEESEEEREEE:
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© 237 0.2 o] 2ol AT}
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7] Aol o WE| E Weat= 59 Hl o] E(Lookup table)o| T}
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Min Ye Lee + Sung Won Han

Transcripts

on behalf of expert village my name is lizbeth muller and today we are going to show you how to make
spanish omelet . i 'm going to dice a little bit of peppers here . i 'm not going to use a lot, i 'm going to
use very very little . a little bit more then this maybe . you can use red peppers if you like to get a little
bit color in your omelet . some people do and some people do n't.. but i find that some of the people
that are mexicans who are friends of mine that have a mexican girlfriends she like to put red peppers
and green peppers and yellow peppers in hers and with a lot of onions . that is the way they make
there spanish omelets that is what she says . i loved it, it actually tasted really good . you are going to
take the onion also and dice it really small . you do n't want big chunks of onion in there cause it is just
pops out of the omelet . so we are going to dice the up also very very small . so we have small pieces
of onions and peppers ready to go .

Summary

how to cut peppers to make a spanish omelette ; get expert tips
and advice on making traditional cuban breakfast recipes in this

free cooking video .

A&t} <Figure 7> HoJH Al £ Y& 94, =4, 9
& Ae(transcripts), 18] Q. FE(summary) o2 FAE
How2 Hlo|HAlE Yehdth 94 A2 (transcripts) < 51-1}9]
2AE A HolHE Hag 20 A Y& T
= W, QR (summary)= AA G/l dig F43td 7H§-’L
E 21 A A& 50, 897 AFE ‘cut’ ¥ ‘Cuban
breakfast recipe’ 5= G4 Aol EA81A] =L HAE B

el o G REYEH AERE AT RAFO =N, T FA 5‘}

i

g oA R W3S 1 A} Aol 6917]0]H,
ResNet 502 AHEste] Zt o]l A] =g ol A 2048 27] 9] £
FEUT oro9 Hu MEE 31,892 o]t} &Y
Al dol9f £+ 1212018 QokF ‘41 Hoj @] & 87710
o). 355, %, 282 H2E HolE 9 & 247} 12798, 520,
T 1277001, 7] AT F 3004 Tkel o

4.2 sfol¥|sjeta]e A9

Table 1. Hyperparameter Configuration

Transformer RNN
Encoder - Transformer| Encoder - LSTM
Architecture Fusion - Crf)ssmodal Fusion - Hi.erachical
Attention Attention
Decoder - Transformer| Decoder - LSTM
Hidden Size 128 128
Learning-rate 0.0004 0.0004
Training epochs 50 50
Patience 20 20
Optimizer Adam Adam
Batch Size 64 4
No. Layers 4
No. Heads 4

Aol A-8A7 AR T whe Yvldiy, &9 k29 7, &
% 1% &(learning rate), ¥H-31 5 (epoch), A3} W, 121
H| %] A}0] Z (batch size)7} AUt FFAZEL0.00042 A A3}
Ao, HHESFE 5002 AAsH, S wlolE 7} 203] o]
B FFHA BE A el 7] FREAG A3 L
o} h(Adaptive Moment estimation : Adam)¥H & AHE-SHT), H %]

Abo] 2= 640| T},

4397 AR 2l v|a

HE g gokrd o) 452 Brhety] fel FA (Recall-
Oriented Understudy for Gisting Evaluation :ROUGE)9} &
(Bilingual Evaluation Understudy :BLEU)HSTE AR&-ghoh
ROUGE-NE Ed @oFE o] NI A% 2o%Ed HA e
H&S o vlskH, Bq. (17)3 2t}

Z Z COuntm(mJL (gramn )

SE Re ference gram,, €S
ROUGE—N= (17)
E Z Count(gram,,)

SE Re ference gram,, €5

ROUGE-12 #Y 1% (Unigram), ROUGE-2& n}o] 18
(Bigram), ROUGE-N-& N1, 18] 1 ROUGE-L& 29 2.9}
T3 Y Q0T Aol 7HE 21 FF A B AA 27} 24A 5
=042 Ytk BLEUE 24 QofFo] g QR 3 4
A& &S sy, Eq. (19)3 2t} Eq. (18)2] BP(brevity
panalty)= 29 QOFE o7} AY QofR o] o] pRu} 2S 7

e E ol g

1 ife>r

BP= {e(lfr/“)ifc <r (18)

N
BLEU= BP « exp( Y, w,logp,) (19)

n=1
<Table 2>= H2E o] U3t YA == 54 tlo]H & 3239
S AN, B Jes BT av Y 2ERQIIHERE &Y
AdddY AT, 1—ae AZ2EG AR RE &Y
Y F o] AZo|th Driven> ZHAA FEH o ghS AT A
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Table 2. ROUGE-N, BELU on Test Data of Models based on Transformer

ROUGE
BLEU
1 2 L
a=0.8 41.7645 21.0421 39.9461 10.0609
a=0.6 42.3152 22.1436 41.1485 17.8997
Transformer(Video-Text) a=0.4 42.1757 22.3684 41.1866 18.588
a=0.2 40.9141 20.8752 40.6521 16.4246
Driven 43.3903 23.109 42.5416 19.0915
a=0.8 41.5403 20.5006 41.1485 17.8997
a=0.6 41.4444 20.7665 40.1941 15.5216
Transformer(Audio-Text) a=0.4 41.0353 21.1242 40.6723 17.5197
a=0.2 39.0213 18.2166 37.8464 12.3199
Driven 39.0368 19.6406 37.5474 15.7011
Table 3. ROUGE-N, BELU on Test Data of Models based on RNN and Transformer
ROUGE
" 5 L BLEU
First 80 tokens(Text Only) 22.3428 5.3609 21.8737 3.1
RNN(Text Only) 15.8475 2.5922 18.4049 0.399
RNN(Video-Text) 33.6737 17.6605 34.2591 29.9351
RNN(Audio-Text) 37.5794 18.98 37.2308 23.9267
RNN(Video-Audio-Text) 38.4739 18.4949 39.3017 18.3485
Transformer(Text-Only) 41.5003 20.5349 39.7585 17.2905
. 43.3903 23.109 42.5416 19.0915
Transformer(Video-Text)
(+28.85%) (+30.85%) (+24.17%) (-36.22%)
. 41.5403 20.5006 41.1485 17.8997
Transformer(Audio-Text)
(+10.54%) (+8.01%) (+10.52%) (-25.18%)
FE gHEt a7t 1ol 7Mhes S G 2EAR QY uFolx  dorh dgo] dnk onA g §F ER AR F|ike] B
A GFAES FHT A aZb04L W Aol M st B AU AT YR Holge A" 4T U e
AoH, 4 AEL FHT A a7b08L W Aol 7 st I b wl ek QoS T
At aATE AFRAS A, S ARG T RDA 45 we're going to be removing the scrub and you most always
o 54 ARG} T RAHEG 1 el want to use a nice warm towel on your client to remove the
<Table 3> < A4 B3 EARLEH 7)nke] HE| G A scrub, and that just to get to really remove all the granules that
Ao Bl Aee Mudth ERAZ = 8T E | are left over and a nice warm towel usually helps in doing so.
o E A, 2 Ay EAAMY AR EQ A, T8 1 |and a granular scrub like this one is really going to help slough-
GUAE 48 ZA 52 HATFEN ERN2EH 7|9 B | ed off surface layers of the skin but also, you know, if someone
Z A AR deEt YA H2ES AR |is experiencing any flakiness of the skin, if they’ve recently had
= A, ROUG -L7]—7‘f 24.17%, =33 B2ES ARSI | a facial treatment with a booster, like a glycolic peel or any oth-

er peel, sometimes you experience a little bit of flakiness a few
days after. using a gentle scrub like this one will help to remove
those flaky areas. again, you want to be extremely, extremely
gentle when using this product . but usually, you just get a softer
and more resurface texture to your skin. and again, it’s also clar-
ifying which is brightening. and again, using this every two to
three times a week is really going to help boost your skin care

regimen and your skin care goals and needs .
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Table 4. Summary Generated by Different Models for Document of G33aqW3DLpc

Reference

wash off a facial scrub cream gently and note any flaky skin areas . learn tips for removing home
facial scrubs from an esthetician in this free spa treatment video

RNN(Text Only)

learn how to make a facial scrubs from an esthetician in this free spa treatment video

RNN(Video-Text)

the skin with tips from a manicurist in this free massage therapy video

RNN(Audio-Text)

's facial products in this free dental health video from our medical care

RNN(Video-Audio-Text)

get rid of facial skin care with tips from an aesthetician in this free pet care video get rid of nail
polish facial safely by using a facial scrub with information from an experienced aesthetician

Transformer(Text-Only)

clean treatment with acid free products for cleaning and apply acid to clean your skin learn about
spa treatment for dust framed with tips from a licensed esthetician in this free skin care video

Transformer(Video-Text)

facial skin is useful for applying oily skin learn how to apply a facial scrubs for a facial skin
treatment with expertise from a licensed medical aesthetician in this free skin care video

Transformer(Audio-Text)

clean hair with dry cleaners by using a towel to clean the skin before cleaning products inside the
skin learn more about acrylic nails with tips from an aesthetician in this free skin care video

Table 5. Summary Generated by Different Models for Document of FzQPg4agNYc

Reference

how to serve apple rice salad ; get professional tips and advice from an expert chef on making some
unique, fresh salads in this free cooking video .

RNN(Text Only) chef loves you

our expert cook how to make a apple rice salad in this free recipe dessert video taught by our expert

RNN(Video-Text)

how to use this and more in this free video on home organization and maintenance .

RNN(Audio-Text) chicken fajitas

learn about the history of food, with tips from a professional chef in this free video about how to make

RNN(Video-Audio-Text) chef loves you

our expert cook how to make a apple rice salad in this free recipe dessert video taught by our expert

Transf Text-Onl L . .
ransformer(Text-Only) in this free cooking video

how to add sugar to your gourmet coffee cake recipe get expert tips on baking homemade dessert recipes

Transformer(Video-Text)

how to brown off rice for apple rice salad get professional tips and advice from an expert chef on making
some unique fresh salads in this free cooking video

Transformer(Audio-Text)

learn from an expert about how to mix the ingredients for making chocolate chip oatmeal cookies in this
free cooking video on making clouser minnows for making jewelry

<Table 5>°] A& QoFo] 2w At} & A g e
= Wl e GFolnt. oA 7|wte] Edd A RY2 A

34 A Eeke A4 Bl 2 ste] WL H PP 4o
B uolZth B9, £8A4% 7% 28 F 0|04 % &4
EE §38 RYIAE A3 4 AeSE HEE Yoz

hi ! this is rich buccola here in new york city and today on be-
half of expert village, i’'m going to show you how to make an
apple crisp rice salad. we’re back. i just took our salad out of the
refrigerator. we let it go about another half an hour. everything
fused really nice. let’s show you how we plate it. i put some
arugula. if you have any knife of lettuce or leafy greens is fine. i
have my mixing cup. what i do is just put a whole bunch in here
and give it a good pat like this. it actually takes the shape of the
cup. i’'m going to actually just spoon it right on to our salad like
so . what i 'l do then is just push some freshly ground black
pepper on this all around . i usually take an arugula leaf and just
put it right on top . stick it in . that 's how i serve that .
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