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B B AU R A SO B AL AR e T U 6 R AT 4, X —1E 500 B AR RGBSR A 2P A5 &R F
T A R R — T X RN E, A TR A A AT B . T A R R o — A KR
) ALIRDL (B AL IR KA D) SR 3B 18R 5 K K AEAIR F FRAE AP T A B — ANREE RN, & ARG B4 s &4
R OB T A S KGR, RIA 7 R G A Z A 513 BB IR T R TE 0 A8, RS 5 Hra il A%
8 E e T A T R R B AR AR, 4 R — A R e W AR AR GL3E 3 KA, A BN
B HAETHEESE. W E P, BT R RSN T R AFAEA R AR, FAE R RS BT RA SRS
ARG K e Fo b, B M Bl a3 - TR A K AR AT Sk i B TR 209 2 AR, 18 i F A 4F AR Fe BT B 4 AR 4
RN, VATRANIAT AR B B A5 S AT 0 AR i3 B S AR 0) T Ao bl AR RBFAER T 1 T 4-69 9 AL
RN AR R BT A0t KA p#r, I T Br4RARA 694 20td.

KRR MR px; = B I M4 VILBERT; 4F/ERk A S 44

hEES S TP391

g AR 2R, A, kT, KRR, RS, BRI I AR I 4 R AT A . AR AR, 2022, 33(9): 3195-3209. htp:/
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Video Summarization Based on Spacial-temporal Transform Network

LI Qun, XIAO Fu, ZHANG Zi-Yi, ZHANG Feng, LI Yan-Chao

(School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: Video summarization is an indispensable and critical task in computer vision, the goal of which is to generate a concise and
complete video summary by selecting the most informative part of a video. A generated video summary is a set of representative video
frames (such as video keyframes) or a short video formed by stitching key video segments in time sequence. Although the study on video
summarization has made considerable progress, the existing methods have the problems of deficient temporal information and incomplete
feature representation, which can easily affect the correctness and completeness of a video summary. To solve the problems, this study
proposes a model based on a spatiotemporal transform network, which includes three modules, i.e., the embedding layer, the feature
transformation and fusion layer, and the output layer. Specifically, the embedding layer can simultaneously embed spatial and temporal
features, and the feature transformation and fusion layer can realize the transformation and fusion of multi-modal features; finally, the
output layer generates the video summary by segment prediction and key shot selection. The spatial and temporal features are embedded
separately to fix the problem of deficient temporal information in existing models, and the transformation and fusion of multi-modal
features can solve the problem of incomplete feature representation. Sufficient experiments and analyses on two benchmark datasets are
conducted, and the results verify the effectiveness of the proposed model.

Key words: video summarization; spacial-temporal transform network; ViLBERT; feature fusion; multi-modal
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FERRUITTRAT KR AR, B B0 KA BT Ty & BTN (R R AT A BRI ) 3 5 3 4 A8 WA 5
L XS 2T 1 PR G AT R AT A, TSR A DR A R AN g S R 1K) I A R 4
TXPPAT g TR A <l W, AR 22 0 28 ARATCF 6 2 T R FH P (R — A7, BRAE T 1 e WA T B> o il 88 4 2%
Thig, CLRHE TR P 30 AR S, AR, AR IR S840 7 P2 A5 B R LA P 32 I A R G5 R, SR 15 I T 7 2
FER KRN ). A5 BENE R AR AT AT R B 1 B A, S RENS 1 SO NS g W4T Ok, FRRAT REH SR A
TATR AV SEBAS WU Be @ Sk AT BB PERG I, — FL3 B g S S5 AN EAR (N TN, A
2R AL M0 A B R AR k.

PR 2L R BER I VT S LA A0 B 72 AN 1] 2D 1) SCHAT 45, 31X — AT 45 30 5 S AR A A0 AR 2 24 JA T
45 W, U 2 2 BT DA SCOh A AU e ke A B FE A P B (R A A, AT 60 WU ek LA AT 2.
PR B2 A (1 A T S R R P 25 P A5 R 05 = o PRI 20 SR 2 Bl BRIy S50 3 R WAL 22, AT A 4
AP 2T AL BT A R AT B0 5 Sk — A ARV AR (L R A% STy s e B [0 MO 487 K S AL A5
B PO R — AN IR 17— B QR AR S WA AR, J5 — P bl R A M AIeS W LATES B3 D At
CIGF IS B0, FEAE ASRAIMCERRGR, JFIE7E M 50 28 I8 M R ATE 22 BT A% 08 B 5 0. BR A, X6 W ax
SR, WL A L TG 200 A S AT . e AT AR A 52 i ] 8 v 245 ) 1 A, DT st i i 1 2 A I 2 L 31
WA B P AT B R (W AR A R A T W 22 AR B Py 2 B L R

i f5e 40 i 1R 5 10 MO TR FE A 46 4 R B8 2 ) vk U0, 9F LA 17— IO RCR, SRR T - EH LA
BOARTE ARV F3A il FURI Pk T 2 A 10 R LA e, BARZEOR TR U T M K, AR TR0 B2 7 VAT
PER Z I A5 B FIRRHE R R AN 58 4% 110 1) 0, R 2% ) 532 Wi AU 22 (1 L 0 ek R 5 ek LA S22 g V0l 3 4 3
AUIR L 1) WUATTRFE SR E 2) AT SR S BTN ; 3) GBS Sk . I H I CUAT IR DG T IR 2 A p 7
(RIAH SCAIF R R LAAR 260, AR AT AE B X — 25 BT T AN AT 2% 22 OC T 22, v 3 5 M Aff 5 50 4% (1 R AR AT
9T, Ay AL AT B 43 B TN FT 4 R, 0K TH A ST AT 45 BT I I 0 de KBk k. BRSO AT 2 T4 B4 36 B 5%
TR, E R S R T N SRR AR M 4% (convolutional neural networks, CNN) 45 B ¥ 415 &
RIFERIAT BUR 23 25, 2208 1 SUADAS [ 2 (AR SEAFAE (Hb 2118 B LA S SCASRFAE A B B0 4 B il b v
R 2 17 .

TR IR ), AR SCHRE Y — T A B A g I £ AR AR T () I N 2 AV RN PR E, DATR RN LA A5
RSN A5 B R AN AR 9 ) L. b A, REAE AR I 5 A )2 ) SR 2 SRR (K e Rl B, AR PRI B RS
FORATEE I M. FATTAE SumMe F1 TVSum AN SEMERRAE FASCT 7000 B SR BR R4S AT, B0 E T FA TR 047 5%
PE. AR A0H 8 EEAFTLLT 3 A1

(1) $2 0 — b 5E T4% I AT e o0 4% PO R0 S A R 92, 2% 592 AR (1 I 3 A0 245 ) A 2 Bk Bl AT 2%
SRR FEAASI AR 1) 22 REASSRATE, WAL I PP A B SR, A 2 A e 7 AL A il v L. BAT 14t P D7 ¥ iy
MK LA SEREAE AT A 2] T A7 W 0 WA A A A ) S T AR AT (R

(2) BRIy 23 (AR SCAR S5 22 B2 SR AE R 2 A 1l b 0, A A e Rt 2 A ol A 8 ot R s e
I8 B HER N AS R [ ) . hy T SRR A N FPREAE, BRATT v T 3R R KA A A Gm i 38 126 F Sl 28 1E T
o0 JSE AR IR R PR, R A8 AR L7t S AE R (R I RO SRR, SRR T AT B A USSR F I ) R Bl RFAIE R AR
AT A

(3) FEZE IR I 2 Hp, FATTHIN ) AL R = L. 5 R A R 7R 2 A L, JE R ) 2
B4 T SR ARV S RN AS L, A TTAREIL T A G G 45 PF 1 F AR TR SR A B AR S i
FA T EGER .

1 HxIE

N T 58 AR B AT 5%, TS ATI3R T T MR B L 5% > T I il i A 48 G M R
SR M AW 1) 2B 1T i
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L1 TEmESTHHEE K

T B 2 S (W vE R B 32 SIS A AT AR OAH A% B2 R e 0, AN 55 BN LAR A (A 22 2 5
g5, B OB T BB HE T B 5 PO R4 0 JE B vk 2 A T IR 2RI, Ll Hadi 45 A PVEL B4 A 0
TRAAVEA AT ZE, Avila 2 N CHEH ) VSUMM B 56 ARS8 B E R AL, AR5 T 0 R ok
SREUOCE I, X 887575 L TR TIRZ AP IERIZ 3015 B, BARBUS T8O RIFIPERE, (R REA R Ab 71
BBHISHER . HIEA LRI 5 G A ME O T SRR AT

TR, VL SR TE B 24 S I 7 i e, X ST VR KRBT LAy o 4 28 ST e ) 7k, &
FEEEEM TV BT A S 0738, BE T S 0732 5T 2% ST 5 iR A 2 e S — M
Pk ) 85, 41 Elhamifar %5 A UV A 2 gt (AR R P G 220 SR RATUIEAT T S A4 3T 1 PR () 7 120l ok ik % AR
AT AR B AR T S K o A B Y WA, 0 Elhamifar 25 A PV 6 EE MR ARIEIR 270 H AR 2 T8 (14 5
PESR SR Pk B A T4, (L RE AT 7 3k HARAR. 5 T4k 2% 20 1 5 32 32 L0 b W AR A T 2 FSCR A SR A ik
32, I Zhou 2 N PHR T Bl TSR 2 2 1) FRE 0 B2 100 46 SR AT AR B T TP S e T
T IR S5t = A AT B2 N R A 1 v A T AR 1D, %5 R 2 ) N Rl v I xf: DL DX AR ATI B, BE AT i
HiR I 2585095 . Mahasseni 25 A PSR T — R 5 K4 13042 (long short-term memory, LSTM) 4% SUM-GAN,
h 2 RPN SR BRI B A 24 5 T LA, Jung 25 A U] SUM-GAN fE ke, 2 7 Fhie 5
#5044 (chunk and stride network, CSNet), fif ¥t T Ab BRI A I FRIA6 5 S0 ol 10 80, A B by -4 i 1 78 22 vk
53 ER S M 53 A T 2 B0 AR R AL 27 =) 1) i)

1.2 BEEEBWSTHEER

A B S 7RI I I 2R R A SIE T Bt TS S i B, ol T ] DA AN ARy B I 254K
i, DRI A R AT AT AR T T e B I g 2. S ) B 2 ST T R 22 B T AR G I8 27 ) ik, I 8 5 32 o 1
CARRAT 3 B R 56— 35, BN MUARIA) 50 3 43 O [F) /N R B, 22 A F A% I 3543 %] (kernel temporal segmenta-
tion, KTS) 53 "RIEAT WA 4> F1. 61401, Gygli 25 N "G5 & 2 I U AE TR T — PR bE IR, AR [ HEEA T
IBGR AR FLAEAN 5 B BE DS 535 Song 2 A U H 1 VI 5 DRI 32 40 MRS TR A ek AL AUy f) o 3224k 3k A 7 T
Potapov 2 N I H T — Pl TS F ) AL KTS ARG 23 25 7 ik,

Wt A R RE 2 ST AR N R, AR AR T 4 22 35 TR 88 2 S0 (R0 AASU G B2 26 ) 7 7% Zhang %5 A VR HILUH LSTM
ST KA o 1) 2 43 K, Zhao 2 AU 03 S P L5 KR AR 40 JE AR PR A 22 I 4% (recurrent neural network,
RNN) FI53 JZ 4546 F & R LSTM RAE 7R AR R 2 4548 . teAh, v A 24 5 | N B B dl (1 A0 B e 2
T, FEEUE T KA RCR. i, 3 25 N U T AR R B O A RS- % X 4%, Fajtl 25 A1
P T R BEE PRI VASNet B2 59 4k, Rochan 45 A PHE H 458U 51 4% (fully convolutional
sequence networks, FCSN) B AL A5 A0 )3 41 B 4% 5| N SIS AT 55 vh. LA B IR B2 2] vl B N P i 4 v 1)
LU0, DRI 5 2 3 B0 — A0 3 B v B it T B 43 BN e HE A R s i B A AR A B, O T AR I — ]
Zhu 285 N CHRE T A I B LR B 2% (detect-to-summarize network, DSNet), fUARSH I 224 1 sg Xk —ANM
FP A NI AR, T AR AR B SL 53 B ()T B A b LA R AR S ) BB E 4345 DL B R 2 S Iy iR R AR FH ) 25 CNN
SR IR AT ) OE DA AL, 8 T AR RIS B (R ML AR AE (LIS A IE S PP AR i) DA R SCARRRAE A JE B 43
HOP by SRR SR TSI FRREE, B T TR 245 0. i Yao 25 N ORI T —Fh on R
FEFPARL, DAJR] I 45 A AT ) IR 25 358 £ U, Zhang 45 N PR RUAT 2252 YOk 381 31 7 8102 2] () ) 181, Huang 2%
N PP T — ] DA 3 22 B B IR 2 R ARV FEE I 48 3.

T AR AT 55 1) 52 e, RIAEARER T B BRI B 450 R S 7K1+ 1) DSNet, HAE SumMe F1 TVSum #4f
AR LRSI 25 AR AN SRAR, AT AR RIS A5 18], S5 4b, 2% FEEAE B WL 2 1528 Rl & A AR vt SN LA o 1] 7
RS N A B, AR ) 255 ) /B (visual question answering, VQA)Z I G B AR TE = ik ) g 2526,
FATTLL DSNet A58 RUHE R g Fafih, BT B3 = ) ASE R B I HLHIE N T 2B RHE RN . ARl A, DL ok
PR 2 AR i ]
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2 BT ERTRM ST EE RARE

AT BATHE T bk 22 I A4 o 208 ORI 2 A4 PO R, A2 T B R IR N R L IR S i 2
AN L2 3 AR, A 1 B AR R AAHE SR LUK A BRI S A
2.1 [EIRRE R EEARHELR

AR 22l i A1) N SR SRR SR TR AL At 6T AR AS [ I B4 AR R R, A SOl
X = (X0, X1, eens Xps s X7)s X €R" 1 €0, 1,0, T, 2 A ¢ WFZI ARSI AL BEAF AL, JLUESE O n, TG MBI I G, T+1 04
R FR) S B, AW A A P A 55 4 AT T R T B Y = (o, yts v Vo oo yr) - RE— 201, FRATTIE L 53
T T S 2 4, MR S PR R R i PR T, T DA R A

ARTCHE Y 3 T N A F o 24 B LA A PR R B 3 KRR, 250 RN RS IR e S a2
2 AR A AR RE SR I P 1 TR, B A, HRON 2 BRI RN 22 A D R i N PR AL B i T DU YR
BRBNZ 2R AE, 1 GoogLeNet™, 8 A] LU HE T+ Py 81 B BURF AE. AR T, S LURHIEE 5 & A U1 2 1Al 45
K, T2 T I S AN A S B, o T 5 sh AR (R, AN (B /RS S RO T2 (R AT I P PR UCEARFALE, T AN PR
BT AR BB A A H ARSI S S AR AIE. B T DA 5 8, 55 DRI AR AR, FATI20 ey s 17 2 ) ) 2 Al
IF > 94 0%, 5 ) SR R 14 4 DR AL AT I PR AL, A s Ao PO A 0 5 L . b0, 2 (AR AL I o
A2 RN IR NRFIE AR S 5 Rl 17 2 122 5 BT 22 I 22 350 o 208 ARV Rl 5 1 02, R, 2 I 2 400 o 9% () A A A 2
T AR ML, T2 258 AL 1 255 1) 2 7n AN e 27, AR R 15 2 22 58 RS (A R s A PP R IR £ ),
LA RFEBEE N BV R ot R 2 I PR WU R 73 FEMIRN, f5e 28 A AU 22

4 > PR [O]
- bR : )
| SR > . O L— o '
. 7 . -
i =19 1 i
i e e 4|0 ol B
e P
~ —| M FR% céo———*% 2
2 |

N A S AR o
BT s I AR e o 246 FR R 2 pl e 7R S

NEFE BT, BRI S 1K) 3 KB E R F.

(1) RN 123 ) Y 4 RN S ) 465, SR ECRLATL (04 7 MVREAE RIS FPAREAIE, R R — BN

(2) FRAEAR e 5 Rl 23 BT 25 I A 450 o 2%, S BRI 1) 2% ) 7 AN e 2, T 5 Rl 45 ) SR B R 45 R A

(3) fvth = FE T PR A A 23 AN T U, i AR AR S 3 K, D 2 AN A
22 ETEREHRMEIISTIHEEE K

(1) 25 [AVRFAE AL IR R HE AR HL

il 2 o, T SR IS R, AT S AR A UG IR A Ok A BEVRAR, SRS AT ¢ ) 220 (R A0 A,
DA% 55 FEAH R £ — 3 I6F 2 £+ 3 ISP 20 (R AR ATUTR A2 it FE TR . B, R £ R 5 5 N BIHE RS X Sl AR A 2 I
#% (mask region-based convolutional neural network, Mask-RCNN)7, %y 1 X Sk 45 B 4E. £E 1125 Mask-RCNN % £%
(18 T P2 A 8 ) DX BB S o 4 R ISP AR N PN AR B R 28, F T2 2 IN P RP RS B R 45 d i, S B 2 [ RN
FHE LABSCARRHE — [FIEN R — B I i A 2. [ 2 vh, 31T V-BERT I L-BERT U 2 I AL [ 2%, 1% 1
WA N TN 4.
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/

- e
7/

Kl 2 A% BRI B R A S A 42
BT, BATTUIZRAT 2 3 ANFFAEFEEUM 45, b BT IR AT I 25 1) Mask-RCNN 3= ZE2% )RR, 25T
B0 JE BRI ZR 038R 1 Y i 2% 32 22254 ] R 112 B4R AE. X L Mask-RCNN W 45 FATT3%E FH 2G5 H T VQA 1318 1)
WA 2 70 7)Y VQA ) LR R B T AR R AP I PE . Mask-RONN R 4% 2 B i [X 3 35 00 28 B 28 (faster
region-based convolutional neural network, Faster-RCNN)Z V47 Ji2 j 2%, FLAE 4% 720 A 000 H AR 0 ] I e ve Bk
S 73 B HERS. 15 Faster-RCNN AHLE, ‘& HI B ER X 15K (region of interest, Rol) X 78 T Rol b4k, ML T
BRI T, T340, EIATI T 55 3 A BIHERG 53 3¢, ISR T DG 28 3R 25 10 77 2 F0 7 B HERY. FeA1
1% H Mask-RCNN [ £ (1) Ji R AR T~ HAT AR IF IRz AGRE ), 8 2 T s R &8 M 25 HEJR 45 5
Mask-RCNN W25 R GG =T 4%, X Ik Ape & I 4% (region proposal network, RPN). Rol 732845, U FHEM]
VR R0y B A1) 7 Bl S B ER. Mask-RONN 0 45 A5 20 (1) 1 I 8% 1% % 9 4% ResNet 10 17VFIRFF 42 7 15 ) 4%
(feature pyramid network, FPN)P & 2 76— /NMRUE ResNet101 FIZ% 4 T FPN, HoAt: g 48 AL SR B A% 40 4 4ot
M 1024 x 1024 x 3 (RGB) HIFK AR 32 x 32 x 2048 FIFFALIE]. 1% 3 T E8 RENS 71 22 FURE F S0 MR AL H b, SEBL
fa AR GRFAE AR EL 45 . 32T P 4% 2% 30 30 BRI A DA B0 AN 008 381 DX Al A0 328 0 8%, 12 I 8% o — A e 0 4 22 0
2%, e I B a R X I, DA SR A AE H AR 8. A RPN, 24 nT DU H S UL L5 B s 104 X 3, I
Xof FLA BT R ST SERURG . BT, SRET) DX IR 180K 4 4% 326 1] Rol 43 SN FHARE (Bl A5, iZ A5 S LS 43 S0
ARG, 2%, Rol 73 2R UL R MM IEREAR DX Il i N B HERD B AR 4%, IFA42 7 28 x 28 15 R HERT.
BAT RIS B G i 28 FIAE 2 — MR R R4, B min s A 3 ANMERURECR LB, f#i0a a3
A FRFERE B, HAT MRS T I I — N SRR N B S, A G RUZ AR 3 x 3 I8 A%, B T g 2%
MBI B2, HAh A2 S5 #0128 M35 B 8L (rectified linear unit, ReLU)> 58 B0 . 4 it 28 16 5 4N 5502
5 32 NIEBERS, Bon — BT 16 MBS, Bt 2238 T DK N 2 162 x 2 9. TEMRGAR b, R FRAE
RS B AR T R N OIS (L ERFE P A, RTS8 RS — DR A S 16 AN IES, BN ERE &0
32 N ERR, AN (MERE N GRZEAE 1 A aEEE. IRATRH B &N FEAL VL4 7 1 (adaptive
moment estimation, Adam)m]XTJL H gnhd 2SS4 T AL, FEE G =I5 Z54F ik sk B, Hoe Sk :
¢ w
Loss(I,I") = gXLW Z Z Ui =1, 1)

j=1 k=1

For, 1R T R R, SR KNl g xw.

e M, B Mask-RCNN FIEA [ G fith 25 LI 223 RV REAE M P R ALE B0 N 225 I AR AR AR 86 o) 248 A TARFIIE AR He.

(2) ZE IR AE AR 4 5 it

h TSI IR AR AR, FRATT SN T T R LR R AR 5 2%, A e 2 1) A 9 2% v A A RO HL
20 . B AL -1E S R G A AL e 2% (vision-and-language bidirectional encoder representation from transformers,
ViLBERT)™ ) Ji3 %, FAITRE 23 MV« IE PP RN SCACRRAE AE AR AN, 5 AR 25 5 5T Jin = & (¥ 905 A0
HARTE S 5 I IR G 3K, ASCH, BATIE VILBERT &Rl A (A0 SE B A, ST R 2% S M5
SRy BTN B AR B 0] F. VILBERT K7 M Conceptual Captions $it 58 B9ef 2% 5] 51 7 FHIUE 45 6 X (FAR
B A AN TR, FATT 2SS R AT AL B FRATT (¥ A0 A A e TR e, A R A RO S FRATY 1 A AR B A A 5

VILBERT A (1) SEHLAEAE Ky AN BRI SCA I XA 44, IR V-BERT Hl 3 S8 5 Ui L-BERT, W% 3
IR . TR SR 0 RGN SCA P FOREAS 73 | AT SR, P A SEIINT AN B SR Y PR 1) 19 46 R S (AL R
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MGz, BRE SRR G R), Il A DAL FE S B S B AR A T AR, VILBERT B2 MY
AP SR VQA L JET- WA I B B AL SE W IR HEBE AR 55, SIS T N I RCR. (7N 25 18
B2 WAL M T2 B, A0, AT VILBERT BEAL2: o) S () WL ST B ST B AL AR 4, JHE
PIRTRLS KRN T 3 Ff, BRI T I PP RAE A RN

. "

s
hy |

] ]

aty
IENE
[ o

o]
p—
s | <CLS> | |<MASK>|| ToK2 || <SEP> |

[ [w ]l

A
K3 250 VILBERT SZHLHELE

W 3 s, 4552 BB KIEEFIE R = (0. 71w Yer oo yr) 2T €0, 1,1, T 1A DXERRFAERIANEL, 5 KB T DX
WAL, FISCARTINL = oy by v s eos g € 0, 1oy My M+ 1R SCAVIC AL, 1, A3 m AN ST, ZAR A
TR N Hy = (hyo, byt oo Byes oo Byr) FVHE = (i Bty oy i <o uag) - it 2200 WY (12, 33 B I A5 X IR AE L 5 44 )
DXARAFAIE Ryt RN 3 X IRFAE R , PIRMRFAIE S P B N B VILBERT #5711, J5c 2%, VILBERT #5784 15 (it 1)
& Hy,, R Hy,, AN, AE b e 28 iRl 5 FFAE Hy , B Hy = Hg, + Hp,,, -

o 7 AR 0 [0 248 K 7 i

5 I AR 0 ) 45 4 ] VILBERT REAY b (R 0 254, bl 45T R 0 AR 4 |2 R L )i 7 0 A 4 2 A . i 4
7R, AR TN A b B 2 AR AE RIS R AE, ARG 5 VRN S AR SRR AE, U0 45 4 38 i LRI VE 35
A J I R ASHL. Forpy, M2 AR 1 1) DX A AR v B A2 A PR e

__________________ .
4

2 (Al i RN A Lol e A | 22 s

T G e ﬁl;tnm_jam;H R A \—:-»} SIHER \

Kl 4 I RAE A e ) 45 S A

FEE N2 O 2 S 0 AR 4 Bt 3 By, JLE5 MR 25 i A2 e 4% (bidirectional

encoder representation from transformers, BERT)P* ) 45 My AF [, A5 45 9% B A< 5 2 [ Gt B, 7E4 DR B, BN ) k20

T 2 Sk R BT B IAURFAE 17 B Z. 2 S B BIHUR 24 B R BRI RS, — N BRI e
AL AL (2) Rnh:

Z: Attention(Q,K,V) = Softmax(QKT/ \/Z)V @)

Hrp, Qe R4 i, Kk e Rk AREALRYE O VST IS, Ve R™ ARG O 1 K IR AR 43 21 1) DT TC 4 7%,

di,dy 5300 K R0V I 4ERE . IX B QKT VS B S ARALLRE 734, I Ve, BUH—46. Horh O, K, v IS5 E R

{ AxW?=0

AxWK=K 3
AxXWY =V
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Horfr, A e Rodmosa J RN ) i, WO € Rfmoaexde | WK € Retmorxde FI WY € Rtmoserxd 2 GHEE O K,V JT 7 B2 IR, RV
BT E 7 BB, dimoder TS IILEFE . AR ) F2 23 SN 2 2 A B R OB, Bl 2 SR, wilsl 5 pr
IR ZRTER IR O, K, VB AL M SHGER AT S MR ¥, AR5 AT BYERE P, FEE 2R Mk, £
SRR E XNy

{headi = Attention(QW2, KWK, VW) @

Multi_head(Q,K,V) = Concat(head,, ..., head,, ..., heady,)

o, (€ 1,20, 0% SVE BB Sk AN, A AV B AT AR, 46 SR T % L R
vty

j+1 K+l
HY Hi

ARANATY—4k AANANA—16 <

H

HRIANE 46

I

puial
S

HRIANA 46

i ol x1v vtk tot
Q‘ K‘ V“ K - ] ] j K j
N— \ J \_ i
H H, HY
(@) EIER AR (b) SR R

5 R A E A3 R A R ) AR e S5 A

P, 22 S B R AR SR R 5 D RN 7] 2 58 R ZE AT IO T U — Ak, ARG IR Tt 4. v R ) A 4
S R T R 4% O TR BT 4 i B2 N 4% (position-wise feed-forward networks, FEN), H: X &AM & 1 7] 5 v € R 4351
O IR PR AR B R — IR ReLU $43%, 5 AT

FFN(y) = max(0,xy W™ + b)) W™ + by 5)

Forp, (WEEN by B (WEEN by ) Ry 2 MEAR He (AL TR &, 220k — 12 FEN J 4t e 2 1 IABURFAE 1 5 Z. W] 5(a)
Fiw, DOAURFAE ) B Z 15 5 2 SR R s A A — 4k, Ve B NEE BN 4 e b2
PSR B RVE 5 R Hy FH,, , LRI SRR RS O, K VAR, (RSP AR 1) K F 7 N
TIAN—ABEES I 2 SkiE R IBEE, il 5(b) s, thitk, 5 R B R D) AR E AR LG, 3 RE R A 2 B T A
A AR TE T IR AS T, AT T AR5 i v AL 45 4 T 10 B ARTE SV B A B ARG 5 il &5 400 R
BiEEJ).

o R M) 3K 7R JT i

o TS0, AR AT YR /N R AR SEPL CLS Fil MASK 20 J I8 BbRic e b AT 345 i T4
SE IRRIL, iR SRR R TARIC I 2 i (RIIA 1) 5 P45y A B gn it (U8 ARic MR 5 1) FOR B (RTFR
PRI IE S AL

ST EUG, AR b 20 TR S5 ) 25 (8] R 7 ) 0% £ X0 A B LA B AR AE S AR B I A XIS AE . 55 30 AR
BT AR R, BRI I Z BARHET. 0 T R R BRI S A BT B, AR A AN 5 4 ) 2 B 3
BT T it 31X 5 4 i i 0 A e B8 VA — 4k 5 G DX el AR (R Ze BRI T AR AR KR, DL 5 X 3k 1) 7
i oy b, AR EOE I WS S S AR REAE 4 B R R — B A, BATTH R IR AR I <IMG> 1 8 G X 3807 F1 ik 4s,
H<IMG> #5 )5 I iy tH R AEHEAN G (Al 3 BT oR).
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o R Z5

5 VILBERT A, 3AI 175 EEPIAN TN Zi AT 55: HERH 20 B35 I 22 BEZS T 55 Pl HERY 22 S e AT 45 (I
Kl 3 BroR) MAEFSME BERT I HENDIE 5 AT 45, HERD KE) 15% I Sl fl R X SN, IR 4 B IR BTN
(R OO0 X AR B E AT FE A HERE T T AT 25 B ALK i AT 23 A FEFE AT Xyask AOMLE BB Xunmask
(Xmask T Xunmask ToACEE). 80% MG UL, HEMDIAIC £ B RF Ik 1) <MASK> brid B4, 7 10% £ 4 L1 B 4k,
P 10% A K, SR )5 WIS B TR 45 o WL 28 1) I L S i SepE AL . HEAY PR X 8k 1) PR BURF AR TR 90%
G L T2, 10% BN OL T ORER BRARFAEANAS . HEAD UG AT 45 ANt B 4 [ HE R ARF AR A, T 2 Tt A 7 el £
DRI FAIE U A T B — T, FATT AARFAE SR A5 FH (A ) TR0 AR A 28 rp R B DX s i o0 AT AT
RSB o fe /DX PR AN 73 A0 18] () K-L 5 SR S

FE 2K FAT 45 o, B DL ER - SCAR S8 3% 0 {IMG, 0,71, v ¥rs CLS, Do, Ly evy Iy SEPY , I FLTSUI 4500 5L
AR XS FF, BISCAR AR T BHE. FATE 4 hag A hors 1B 952N E SR8 5 80N I BARR IR, hivg F1 hews
TCE MRS, VBN B MIRE RN, ARG, 52— PR E R EAT A Tl GRS A A 506 55

MR B8, FRATVZE S8 BAT55- 3 T3 b s 1) 25 58 i N, TUU A9 88 il V9 S A 1) Y1 R UG DX 38 )3 S 2) Tl (] 4540
SCARETTE O FF. 5 VILBERT BLAY FU N UG 25 RRFAEAS [, FRATT IR B fan N G 1) 23 [B) R 7R A P, LA
TN A Al Py PR DX SR S, L B PRI I SOAS RS 0 5

T ERE N UL, AP ERATI4E VILBERT & fi—Ffi B (A0 08 SIS 2R, ] [0 70 P A ZE A i A 55
T I b R AE AT AL . PR, JRATE ] T Lu 28 N PPIFE 12 AN S BR 45 B TN S5 i 0 PR, SR i 3000 o A 2
T8 FUFAT 25 L RO 7 925, il RS R EAT T A0 LAE R AT T4 2%, Horp, SCARIR]IE K I & Conceptual Captions
KA G BRI 2 AR 25

(3) PRATHH A il

PRATE B BB B B R B Pl A DGR B S B 40 AR i BB LA, FAT13RAS T ARl 24 1)
FHIERIR, B2 N RBA TR ZETMAEA LA S o 4. By RN bt [ 4040, 1 FLARRIT e B 0 2 S S 4ok
Bk B B T UL (D, BRI BRI T A U A BE C = (12, 16, 50} il KTS" R 0/1 5 st
B, Horh, 01 Flls S ERIRES ¢ AN BURITTARIN R S5 AN RN ZEME 20 40, Ne ARSI EE P k)7 B

o 43 Byl

S BeiRE 3 Ny SCALRE, a3 B RS A E A SR O B R4 32, B RS S B
Iy RN G3 BN B 45 78 MR, AR TE 2 S BTN A 4, 0 B SR b0 B Sy B BARSK UL, TEUIZRRY B, 45 ¢
T 7 B ST A AT B gl 6 TP T, UZ Ul R LIEARE AR, 5, DR SRR AR, i Tt U T AN I B, Rt
PR AT PRI F5 25 73T A2 A A ).

BEAN, X TREANIEREAR, 22 2) AN HEIILF R F A, = (An, A, P ALHFTA, RATIAIE e 5B o il
St b e Z (AR, & SN

A=t -1
(6)

A=ttt
BATD R K Lossa, “MHTE B /325, e ik MK 20 258 RLUT (R RE AR [R5 2 sk A BESROR S48 il i, 9 HL3%,
AR TE] 22 3T EE (temporal intersection over union, tloU) 3%k Losseq ' 3EA 747 B [, JHt6F AN [ 1) il 0 12 2%
BAGEHME. T2, NEBRpie Xoh:

Loss = Nlp Z,: Lossqs(sy, 7))+ Nip Zk: LosSweg (A, A) 7

o, s, R sy AR ER ¢ AN TN PR R LS BT GR EBEE 3 H, Ar R A 23 MR IR kAN IEREAR TR R B SE AL, N,
HEREAR AL, A JIAE 20 SR 457 2K

TR 22 TE A AR 1R I )57 B 0 0 AH B B SEAR PRI A, ER M FRATT I 5 20 A BV AR ey B O T e A

I R, FRAT TR A7 5 [ Y A T A 23 S PR b, 360 T b BE L, ) P e B 24 SRR O N ) 7 5 S P B
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(L, BT XUb:
center _ min(A’*’A’*_)
max(An,Ay)

TATR B AT P B u 19— 7628 XUf (binary cross entropy, BCE) $512% Losscener SR 3150 & 20 %, i),
BATHG 3 AT, W & 2 AT SR R HON

u
Losss = Loss + ~— Z LoSScenter (ST, 5557)
N, T

®)

1 A
= o D Lossa(s1: )+ 1 3 L0SSag(B A+ A D LosSaamen(5™ 7 55) ©)
Py Pk Pk

Forp, sgenter 1 sgener 73 GRS ke AN TEREAS TR (R0 3055 (R o0 B 2 K

I3 BOPG B L 5 — AN I e i A 3 AN 70 52, 23 sl T i SRy e L [l A A0 ot B
JAL A AR O3 SR AR 5 [0 23 SR A AT TRD. AE I 2R B, BT I A 28 3K (9) 4 Hh 1K) 224 55 B3 K R 4K
RO 25

o CHEGk Ik FE

AT A R B, BTV EEAG A 5 23 T B Sk AL VHBE L S A T BRSO . o, AT AR AT R T
B N TSIV SR T VAR AU 51 43 A A k.

FEPRB BE, LA I ZRBE, AT AT LASRA AN I T A2 ¢ PR S 3 M s, AL BTN A, A A, DU L
BEY L siemer . B, FATIVE SRR TN BEIK TR AN GE SN 1] o2 Rt e, oSO 40T

P =t-A 10
=t+A,

Serp, ¢ FoRPUBUT IR 1R R 51 % 000 BE B ML B2 SN s = s s, IR —ANF K BN iz R AT IR
(1 T B 22, (R I AH ST 12 A8 BE ) o 50
G341, H TSI B e T S AR A, JRATV A B A 5 KW 577 (non-maximum suppression, NMS) !

TEE I TR AT ARy BE AR5, R385 ¢ AN I TR AL L 0 F00I B B AR 2 R 2 ¢ AN 243 . — H3R
FoHoU e T EAE Sp H, AT~ 88 [ — Sk P9 (R 20 T A HOR TV S BESR E EE 0 B, T SE I
1 No
Yo = Ezso,i (11)

b, Ny 255 0 MEERICRE, 5o, 255 o MBEER i MRS B0 O T A TR AT LU, FRATTRER LA
TR o ST 15% 2R B R, A 0/1 TS e Sk B B 3k, 58 LI

o o
maxZuoya, S.t.ZuOyo <15%%xT (12)

o=1 o=1
Hh, u, €0, 1) R R BT E P ILFRH o AMBik, O ABREL T S, TATI R H BRI 5 ¥k it pheax
AN KA T T u, = 1B SRR A R 2 AR 2L

3 TR RS

3.1 BIBENE

A 17E SumMe Hodls 5 I TVSum Hodl 8 U L VEAL T BER K P A, SumMe RN 25 NI A1, i
B FAT A B SRR S ERAR B T B ORI A, FAAA 15-18 N ARE, B
B 32 s, el 324 s, SFHII K 146 5. TVSum $¥E4: M YouTube F#(K) 50 NRUAT T 414 ik, & & RIS Hi 1)
PUAT (1T i . FE RS AT A5). ZEIR AR TP AR ST 20 AN BRI, JEEREE T RN IR bR R, i
Kl fii 83 s, & 647 s, PN 235 s, AR AL AR T 2 AT P bR AT 2. Bk, T TIEA6 DL AT
) TAE IR BT A 30 fps J 3R B BT A AL R AL S 2 fps, LUAL PRI 1) TU A% JF a1 5. Fedi iR AE ] T 9 A B
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P4, B OVP 1 YouTube ™, k4 78 I i didli 2. OVP Sl 447 50 M1, YouTube Hrii S48 5 39 LA
P8 (B2 T FREMAR). XA SR S I K380 83 s, Kl K34 647 s, P4 235 .

T B, T IS4 BEbRAS. AR1T, SumMe Il TV Sum $0s S48 FUBRAL T i T Sk 0 4. DRt FhA 1
WAl 4 757190 R KTS B4 3 e ) LA B 3k, Hodp ek gl m e 3o A0 (D) W 805, A o1
F AR A R T OB S IR . > — AN BURL B GBI, BRATT o S8 e AT TP SRt 4 Ay DGR B Sk Ak i, AR
JE IR O/1 5 Ak il R AR AT FE 1Y) 15% (LT3R,

BATRIA 3 FOTAh B B VP Al T A B (PR e, HIRIYE . B SmA AL RS R B 6 TV R SR R B, FAT TR 3
PRAERANL A ]y 5 Ao, BT R E T, 80% MEHRA T TR, 4 20% FI T VP44, A &, 8 540 3
ARG SR I BAR AR 80% M TR, AEde B &, 3 NEURAE T-UNZE, Bl R i — MR T V7. 7Sk
B, BATTR MG B O BRIA R B AT B IS AT RATMBAL 5 3K, 5 IX 5 Y T Tt gE.

3.2 fhiERR

BAVRIH F -0 5 AT AR A e (R 22 25 2R i R g, FH P QIR B3Ry g, WK FE p 0

[EIf S W B Wk
_ length(gsn gr)

length(gs) =
_ length(gsNgt)
~ length(gr) 19
HARM, Fp-IN 58071508
_(+p)xpxr
E @ xp)+r 1

TERRAISEEG b, AT R RAISESS Fy S (8= 1) EWERIN F-r 805572, 14l SumMe F1 TVSum FPHL
BRSO, P AN, Bl T I SRR 2 p P 255 2 A FH P B R O B2 2 TR ) -2 R P S ) o
3.3 LWERESH

PATA Mask-RCNN HHZELT 2 048 4EHFAE, 22 ki 2002 T 1S A8 & 8, MRFAEAR 4 15 il 2% H 1
FRIERTR A 1024 4. A (9) HPHTSE A R p BBy 1 X T SHR, o Fy 435I E N 0.25 F1 2. seak, A
{FHH Adam PRAC T2 BRI ZRR AR T 300 4K, 2% 21 3600 5x 107>, AN 1x 107 . NMS BEK E N 0.3. &
TR g T i AN AW AT FIE 3 fix N SCARHFAE. 5T SumMe 2048 48, FATTHCALANA FX ik A SCAR, W“Base
jumping”. %f T TVSum 548, JoATHAAIR 5l Ay RN SCAS.

(1) 5UA it Ik m i

T BRI AL KA A, FRATITE 3 MR RS (BE MR E, R E T B R E) TR
TS e TR RMT T . R 1 JBIR T4E SumMe F1 TV Sum 42 b Al B S [R] A0 22 7 vk 1) s 06 45 R
KT R TTE, BATTHOAS S H )2 I AR 3 Y 28 578 (spacial-temporal transform network, STTN) 5 24 STTN.
M ATAT ISR, FERTEBE T, 4 SumMe £dlidk b, JATH F-2B0AF) 52.9%, 5 CA MRk
AT 1.7%; 7€ TVSum 4L L, TA1H) F-93 B0 63.3%, 5 O MBI LI T 1.4%. 7EH Mk
BT, RATRE B I T 55 4F 0P RE, 75 SumMe i & BTN T 1.3% MR ST, 78 TVSum #dii & - Seil
T 1.6% MRS, SbAh, FER TR E T, B BT MR SO0 T HIVa s B . chtbmg D, B bt nis o o 400 (v 4 b
FESEREM AR THE R (R . ZEXT % E R, B T TVSum %0445 19 DR-DSNPYZ AR, TRAT10 7 VELE A B a4
LT Ho At g S R 77 v

STTN FEBE TR SV, BATRFF IR AR RN Z . FRIE AR 5 Rl& EAAR, B i 224 DSNet A4
10 5 T 0 2 USCAE AN 23 R B, B SR A TR AL O T AP LLER, TR LA BN S 5 A
DSNet B b 5 24— 80P 38 2 thgil T 38 T 7 i RJCHE VR I Foy % NGE 2 W] LU, 3T 10 7 vk
76 TVSum F¥ade b g REL T B8, S R mT 842 TV Sum 3040 46 19 B 52 B RESE A ] A4 Lk SumMe 24
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R0 K, I ELEE T4 10 7 158 25 5 Ab B A BE. FRATT3E T4l 10 5 Ve WA Bl 45 1Y) F-y 308 s 1 3R Al R
DSNet 7775, HIEAH UL T BAT AT B BT 2 I A5 ke E 104 250k
F 1 7E SumMe Ml TVSum ##i4E L S5HA L &2 JETHIN7VEAE SumMe FIl TVSum 4k L1

1 -3 3L (%) F 8 (%)
SumMe TVSum SumMe TVSum
=Pl =Rl
B c A T c A T R C A T C A T
vsLSTMI'Y 376 416 407 542 579 569 DSNet™! 512 533 476 619 622 580
dppLSTM!'Y 386 429 418 547 596 587 HTHIMDSNet™ 502 507 465 621 63.9 59.4
SUM-GAN'" 417 436 — 563 6l2 — STTN 529 54.6 489 633 638 585
DR-DSN® 421 439 426 581 598 589 ETHHMSTIN 515 528 472 635 641 59.9
A-AVS! 439 446 — 594 608 — e CRAAMTE R PSR, AR R E PSR, TR
MAVS™  asa 461  —  6lo els —  TEBRETFRGRE
FCSN® 488 502 450 584 591 574
DSNet™” 512 533 476 619 622 580
STIN 529 546 489 633 638 585
T CRAIIVER B NI R, ARSI REE P8R, TH
INIER BB TSR,

6 JEIR T RUBIAG SE A e 281, (0 i 2 Sy FH PR bR ) B S PR T2 A S B, € it e D BT R SR £
PRATUIIRR 1L, A5 SR 3% 2 JC I bR ic 2 1, A& h IARIE A 0. Horhr, ¥l 6(a) 24 Video_22 “Valparaiso_Downhill”
(R ARSI B AR A 00, MR T DL Y, FRATT R S50k TPl 4R 3 77 4 3 0 S 1R OGBS, RO s B 6(b) A
Video_17 “Saving dolphines™ [FI #1454 2 A4 B A 5L, MBI a] BLE L, JATIMRRas T R E 2 S8k, BORER
2. X T Video 17, R [ JU DN S SEA UMY 5t (REdE) AT (PRRGREIR) 3 BT IR — RSP AR, 6 T it
K ULZAIER W DX A3 PEAN SR, 25 20 0 9698 55, T LA S 80T JsE i M A BAE NI i G B & T 0.5 19, J5
TG T 0.4, X TSR AR, Toi2 AR I M Xl A H S8 595 5 | R AR R 22,

ST B — B e i

bl FLIL Lo R

Cooo—
[STSEFSCN-SI)

0 50 100 150 200 250 300 350
(a) Video-22 A AR S|

T 191

0 50 100 150 200 250 300 350 400 450
(b) Video-17 KA RS

6 MU 2 SR AL [ 5 481 &

() ZH

T VS S B RS, BT A 7] 09 2 B U SR R A 2.

o S ) H oyt

FATIRH WM 3R 22 0, LA 0.25 (HIAIBEZE [0.25, 2.00] TEFE P RAES L A R u. NI, B804 A IMIE SR
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{0.25, 0.5, 0.75, 1.00, 1.25, 1.50, 1.75, 2.00}. S48 & 18 1ol 41 341X Le (1 (A A — P mT BE M2 A A ), IRk R 3545 64
RSEHG. 87 45T SumMe $HRAE BN AR g (0 AT WAL S0 45 5, B b R DU S B FRATTIN J5 250 Y T P 1 2
B AR g AT, Sy R PR L, FRATTAE S 56 rh R R w (E A 1.00.

o NMS B AT 5T

FHT NMS i g TR A TR I BOT B e 2 45 RARH 2, o 1k — @47 T NMS BIE 7. 341
[FIFELL SumMe 24 804, B 8 2o TR [F NMS BIE RIS 6 45 9. W 8 T TnT LLE H, 24 NMS BI{E A
0.3 I, FATIM T VESZIL T FetEtkfe. Rtk FArI7E S8 ot NMS BIE I ERIAE R 0.3.

NMS BUHE K 0.1-0.9 B 1] F-43 %

0.530 0}1
0.9 0.528 0.2

0.8 0.3

0.7 0.4

0.6 0.5

7 AE SumMe FHiAE AR A A g HUE R F-o3 8 NMS F{H 7 HT
HoT AL

o ZREME BT

2 PR B0 — AN SR B k. B TR SCHR [16] A S ut B, R 3L 2 AR M B oR VP4l SumMe
ATV Sum Hdi 5 EAR B R ZE ) 2 B0 T8 2 PRI B0 N T 38 M M 2 AR 4. R 3 8o TR [R) U7 v
2 FEPEAS 4y, Horh dppLSTM F1 DR-DSN #B8HFIH T 2 FEPELI . K 3 W LIS 2, 55 dppLSTM 1 DR-DSN #f]
bb, AT V3RS T s 4.

# 3 {F SumMe Fl TVSum #i#hi % L2 FEPES 4

g dppLSTM"® DR-DSN™ DSNet"! STTN
SumMe 0.591 0.594 0.664 0.718
TVSum 0.463 0.464 0.477 0.592

3.4 JHRLSCI

N T S M U BAT AR AL AR A R, BRI T 4 AN RRSE.

a) AR A I AR 0 ) 24 T ) SCARFAE iR N, K7~ 4 STTN-txt;

b)) Jad 2 I AR 4 o 266 v PRI FPAEAE RN, 7R STTN-tmp;

¢) ZAmIAS I AR I X 4% H IR 7 77 )2, 7R 0 STTN-atn;

d) FEB AR A4 AE T I GoogLeNet 454F, 754 STTN™,

TR A, 2o I AR B ) 4 o fR SCAREAE BN S, STTN-txt ALK AR B T I = PG, 4R, i
2 IR B X 4 v 1K) 75 72 1 STTN-atn AR LSTM BERVE T SR AR 2.

T AL T IO E FIHAlSEI0 45 3L, W3 4 57 4 4745 B Pm, TP s 2o 25 I AR 4 X 45+ 1) SCAR R
TEHRAN S I PR AR NG 2 1 50 2 AR T R AL A Pk, RIS AE . I R FIE AR T L3456 B e
THER BT LATT A ER. Si4h, LB 2 e, A0 v e BRI W 2, AW T 38 LI 2. s 56
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BT STTN-txt 2 T SCARKHEELREE T BiE R IHLE, 5 RIFEAE A B P DSNet BEBIARLL, H F-73 3
PR T 1.2%, I3 4h—AN A BE UL T ISP AR TR g 2 P k. 2% R B 1) S 77238 % ] GoogLeNet 41
P AT I AR DEAFAE, 201 DSNet AR AR SR ER (WA FERRAE ) SEAE B B B2 I GoogLeNet FFAEAE Jy I 28 (1 AL AT
T, T UL BAVRFE SR B A R, T 7RI AR R SR B Al A R AE At 2 | GoogLeNet FAEAE
I RFIE R R, DA BEE T VA SERR A STTN'. K 4 (g vl LUA H, STTNS STTN AHEL A 0.2%-0.3%
(AR T, T L FRAT AT (1) Rl 25 AR AL B SR W 0 2 A R

* 4 7F SumMe F1 TVSum FHE A L0 BlSI6 45 1 (R4 50 (%)

el i) SumMe TVSum
STTN-txt 52.4 62.1
STTN-tmp 525 62.8
STTN-atn 51.0 61.6
STTN' 53.1 63.6
STTN-grad' 52.8 63.4
STTN-grad® 53.0 63.2
STTN-grad* 52.8 63.3

VE: STTN-txt i T 205 I AR 4 Y 465 1R SCARRFAE 1N, STTN-tmp 2451 T 2% B 245 8t ]9 264 o (1) I PR AE TR,
STTN-atn 23 T 28 I 254 0 2% b i9E 55 0 )2, STTN ZE S & i il & R-E FR NN T GoogLeNet!HF 1k
T3Ah, FEBEEUR P RFAE IR, BT T AR T R ¢ 15 20 AR, LA R 5 AR IR ¢ — 3 I 220 £+ 3 1N %1
AR T 25 BB B PR A T 0 P AT BT st o D0 e ) B2 25 RO AN, BT TR T 3 SV RS B8, 40 5 A
a) JEHLr— 1, ¢, ¢+ LIS 20 B RUATIEFE 126 b B2 P1%, 2858 STTN-grad';
b) $EHL e -2, ¢, ¢+ 2 I Z PR 4 BB i PR, %782 STTN-grad’;
o) $EHr—4, 1, ¢+ 4 I ZI R RLATIT A 25 Bebh B2 P%, 88 STTN-grad”.
K 4 5 3 1745 B fi7s, STTN-grad'. STTN-grad®. STTN-grad* 1 STTN #LL, H45 HALH 0.1%-0.2% (113
B, BRI AT ARG 28 o B A A B S B 4D ) B ) P 2 A 1. A L R = 20 1) BATHAT S AN Te L2 B H
P R IE I, FOMT 6] B OS] W) 5 8% 37 A TE 25 2) SumMe T TV Sum B3 42 A< £ J2 17 5 S I WIS, 086 B vF 8T
T IR B[R] [7) B P 2475008 & SR S A5 /)N,

4 4

MU 2 AT BN A SR L AR, I T BL 32 N TS R s R ) 5, LR
HAT ) B R SOM S PN A SCHR T Tl e 2 I 246 o 9% R R 47 S 7 B Y, A2 20 2 SO T
U AL (R 2B . 2 I AR Je W 2 I T B T T R R R L], SEBL T 2 BRI IR . A &, 519
MU S I HERA A 58 26, 25 FE B IARAE B K 22 FEE, 22 BASRAE (10 I A A B A (R RS 2R mT LU B Gy e o P 80 1 3l
BEARAE AR R FAT, A2 A AR S TS N AR AT il 15 B B AE AR K A, SRATTRE S MU 222 i
B, BT an T B vk 5 hn & B 2 SN B 05 5.

References:

[1] Fajtl J, Sokeh HS, Argyriou V, Monekosso D, Remagnino P. Summarizing videos with attention. In: Proc. of the 14th Asian Conf. on
Computer Vision). Perth: Springer, 2019. 39-54. [doi: 10.1007/978-3-030-21074-8 4]

[2] Rochan M, Ye LW, Wang Y. Video summarization using fully convolutional sequence networks. In: Proc. of the 15th European Conf. on
Computer Vision. Munich: Springer, 2018. 358-374. [doi: 10.1007/978-3-030-01258-8 22]

[3] Zhu WC, Lu JW, Li JH, Zhou J. DSNet: A flexible detect-to-summarize network for video summarization. IEEE Trans. on Image
Processing, 2021, 30: 948-962. [doi: 10.1109/TIP.2020.3039886]

[4] Ghauri JA, Hakimov S, Ewerth R. Supervised video summarization via multiple feature sets with parallel attention. In: Proc. of the 2021
IEEE Int’l Conf. on Multimedia and Expo. Shenzhen: IEEE, 2021. 1-6s. [doi: 10.1109/ICMES51207.2021.9428318]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1007/978-3-030-21074-8_4
https://doi.org/10.1007/978-3-030-01258-8_22
https://doi.org/10.1109/TIP.2020.3039886
https://doi.org/10.1109/ICME51207.2021.9428318
https://doi.org/10.1007/978-3-030-21074-8_4
https://doi.org/10.1007/978-3-030-01258-8_22
https://doi.org/10.1109/TIP.2020.3039886
https://doi.org/10.1109/ICME51207.2021.9428318

3208 HAFFIR 2022 FF 33 5% 9 &

[5] Hadi Y, Essannouni F, Thami ROH. Video summarization by k-medoid clustering. In: Proc. of the 2006 ACM Symp. on Applied
Computing. Dijon: ACM, 2006. 1400-1401. [doi: 10.1145/1141277.1141601]
[6] De Avila SEF, Lopes APB, da Luz Jr A, de Albuquerque Araujo A. VSUMM: A mechanism designed to produce static video summaries
and a novel evaluation method. Pattern Recognition Letters, 2011, 32(1): 56—68. [doi: 10.1016/j.patrec.2010.08.004]
[7] Elhamifar E, Sapiro G, Vidal R. See all by looking at a few: Sparse modeling for finding representative objects. In: Proc. of the 2012
IEEE Conf. on Computer Vision and Pattern Recognition. Providence: IEEE, 2012. 1600-1607. [doi: 10.1109/CVPR.2012.6247852]
[8] Elhamifar E, Sapiro G, Sastry SS. Dissimilarity-based sparse subset selection. IEEE Trans. on Pattern Analysis and Machine Intelligence,
2016, 38(11): 2182-2197. [doi: 10.1109/TPAMI.2015.2511748]
[91 Zhou KY, Qiao Y, Xiang T. Deep reinforcement learning for unsupervised video summarization with diversity-representativeness reward.
In: Proc. of the 32nd AAAI Conf. on Artificial Intelligence. New Orleans: AAAI 2018. 7582-7589.
[10] Mahasseni B, Lam M, Todorovic S. Unsupervised video summarization with adversarial LSTM networks. In: Proc. of the 2017 IEEE
Conf. on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017. 2982-2991. [doi: 10.1109/CVPR.2017.318]
[11] Jung Y, Cho D, Kim D, Woo S, Kweon IS. Discriminative feature learning for unsupervised video summarization. In: Proc. of the 33rd
AAAI Conf. on Artificial Intelligence. Honolulu: AAAI, 2019. 8537-8544. [doi: 10.1609/aaai.v33i01.33018537]
[12] Zhang K, Chao WL, Sha F, Grauman K. Summary transfer: Exemplar-based subset selection for video summarization. In: Proc. of the
2016 IEEE Conf. on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016. 1059—-1067. [doi: 10.1109/CVPR.2016.120]
[13] Gygli M, Grabner H, Riemenschneider H, Van Gool L. Creating summaries from user videos. In: Proc. of the 13th European Conf. on
Computer Vision. Zurich: Springer, 2014. 505-520. [doi: 10.1007/978-3-319-10584-0_33]
[14] Song YL, Vallmitjana J, Stent A, Jaimes A. TVSum: Summarizing web videos using titles. In: Proc. of the 2015 IEEE Conf. on Computer
Vision and Pattern Recognition. Boston: IEEE, 2015. 5179—-5187. [doi: 10.1109/CVPR.2015.7299154]
[15] Potapov D, Douze M, Harchaoui Z, Schmid C. Category-specific video summarization. In: Proc. of the 13th European Conf. on Computer
Vision. Zurich: Springer, 2014. 540-555. [doi: 10.1007/978-3-319-10599-4 35]
[16] Zhang K, Chao WL, Sha F, Grauman K. Video summarization with long short-term memory. In: Proc. of the 14th European Conf. on
Computer Vision. Amsterdam: Springer, 2016. 766—782. [doi: 10.1007/978-3-319-46478-7_47]
[17] Zhao B, Li XL, Lu XQ. Hierarchical recurrent neural network for video summarization. In: Proc. of the 25th ACM Int’l Conf. on
Multimedia. Mountain View: ACM, 2017. 863-871. [doi: 10.1145/3123266.3123328]
[18] Zhao B, Li XL, Lu XQ. TTH-RNN: Tensor-train hierarchical recurrent neural network for video summarization. IEEE Trans. on
Industrial Electronics, 2021, 68(4): 3629-3637. [doi: 10.1109/T1E.2020.2979573]
[19] 1Ji Z, Xiong KL, Pang YW, Li XL. Video summarization with attention-based encoder-decoder networks. IEEE Trans. on Circuits and
Systems for Video Technology, 2020, 30(6): 1709-1717. [doi: 10.1109/TCSVT.2019.2904996]
[20] Yao T, Mei T, Rui Y. Highlight detection with pairwise deep ranking for first-person video summarization. In: Proc. of the 2016 IEEE
Conf. on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016. 982-990. [doi: 10.1109/CVPR.2016.112]
[21] Zhang K, Grauman K, Sha F. Retrospective encoders for video summarization. In: Proc. of the 15th European Conf. on Computer Vision.
Munich: Springer, 2018. 391-408. [doi: 10.1007/978-3-030-01237-3_24]
[22] Huang SY, Li X, Zhang ZF, Wu F, Han JW. User-ranking video summarization with multi-stage spatio-temporal representation. IEEE
Trans. on Image Processing, 2019, 28(6): 2654-2664. [doi: 10.1109/TIP.2018.2889265]
[23] Nguyen DK, Okatani T. Improved fusion of visual and language representations by dense symmetric co-attention for visual question
answering. In: Proc. of the 2018 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 6087-6096.
[doi: 10.1109/CVPR.2018.00637]
[24] Yu Z, Yu J, Cui YH, Tao DC, Tian Q. Deep modular Co-attention networks for visual question answering. In: Proc. of the 2019
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 6274-6283. [doi: 10.1109/CVPR.2019.00644]
[25] Yu J, LiJ, Yu Z, Huang QM. Multimodal transformer with multi-view visual representation for image captioning. IEEE Trans. on
Circuits and Systems for Video Technology, 2020, 30(12): 4467—4480. [doi: 10.1109/TCSVT.2019.2947482]
[26] Cornia M, Stefanini M, Baraldi L, Cucchiara R. Meshed-memory transformer for image captioning. In: Proc. of the 2020 IEEE/CVF
Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 10575-10584. [doi: 10.1109/CVPR42600.2020.01059]
[27] He KM, Gkioxari G, Dollar P, Girshick R. Mask R-CNN. In: Proc. of the 2017 IEEE Int’l Conf. on Computer Vision. Venice: IEEE,
2017.2980-2988. [doi: 10.1109/ICCV.2017.322]
[28] Ren SQ, He KM, Girshick R, Sun J. Faster R-CNN: Towards real-time object detection with region proposal networks. IEEE Trans. on
Pattern Analysis and Machine Intelligence, 2017, 39(6): 1137-1149. [doi: 10.1109/TPAMI.2016.2577031]
[29] He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the 2016 IEEE Conf. on Computer Vision

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1145/1141277.1141601
https://doi.org/10.1016/j.patrec.2010.08.004
https://doi.org/10.1109/CVPR.2012.6247852
https://doi.org/10.1109/TPAMI.2015.2511748
https://doi.org/10.1109/CVPR.2017.318
https://doi.org/10.1609/aaai.v33i01.33018537
https://doi.org/10.1109/CVPR.2016.120
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1109/CVPR.2015.7299154
https://doi.org/10.1007/978-3-319-10599-4_35
https://doi.org/10.1007/978-3-319-46478-7_47
https://doi.org/10.1145/3123266.3123328
https://doi.org/10.1109/TIE.2020.2979573
https://doi.org/10.1109/TCSVT.2019.2904996
https://doi.org/10.1109/CVPR.2016.112
https://doi.org/10.1007/978-3-030-01237-3_24
https://doi.org/10.1109/TIP.2018.2889265
https://doi.org/10.1109/CVPR.2018.00637
https://doi.org/10.1109/CVPR.2019.00644
https://doi.org/10.1109/TCSVT.2019.2947482
https://doi.org/10.1109/CVPR42600.2020.01059
https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1145/1141277.1141601
https://doi.org/10.1016/j.patrec.2010.08.004
https://doi.org/10.1109/CVPR.2012.6247852
https://doi.org/10.1109/TPAMI.2015.2511748
https://doi.org/10.1109/CVPR.2017.318
https://doi.org/10.1609/aaai.v33i01.33018537
https://doi.org/10.1109/CVPR.2016.120
https://doi.org/10.1007/978-3-319-10584-0_33
https://doi.org/10.1109/CVPR.2015.7299154
https://doi.org/10.1007/978-3-319-10599-4_35
https://doi.org/10.1007/978-3-319-46478-7_47
https://doi.org/10.1145/3123266.3123328
https://doi.org/10.1109/TIE.2020.2979573
https://doi.org/10.1109/TCSVT.2019.2904996
https://doi.org/10.1109/CVPR.2016.112
https://doi.org/10.1007/978-3-030-01237-3_24
https://doi.org/10.1109/TIP.2018.2889265
https://doi.org/10.1109/CVPR.2018.00637
https://doi.org/10.1109/CVPR.2019.00644
https://doi.org/10.1109/TCSVT.2019.2947482
https://doi.org/10.1109/CVPR42600.2020.01059
https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.1109/TPAMI.2016.2577031

B AT T u A B R - 9 AR B A R, 3209

and Pattern Recognition. Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.90]

[30] Lin TY, Dollar P, Girshick R, He KM, Hariharan B, Belongie S. Feature pyramid networks for object detection. In: Proc. of the 2017
IEEE Conf. on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017. 2117-2125. [doi: 10.1109/CVPR.2017.106]

[31] Glorot X, Bordes A, Bengio Y. Deep sparse rectifier neural networks. Journal of Machine Learning Research, 2011, 15(1): 315-323.

[32] Kingma DP, Ba J. Adam: A method for stochastic optimization. In: Proc. of the 3rd Int’l Conf. on Learning Representations. San Diego:
ICLR, 2015. 1-15.

[33] LulJS, Goswami V, Rohrbach M, Parikh D, Lee S. 12-in-1: Multi-task vision and language representation learning. In: Proc. of the 2020
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 10434 -10443. [doi: 10.1109/CVPR42600.2020.
01045]

[34] LuJS, Batra D, Parikh D, Lee S. VILBERT: Pretraining task-agnostic visiolinguistic representations for vision-and-language tasks. In:
Proc. of the 33rd Int’l Conf. on Neural Information Processing Systems. Vancouver: NIPS, 2019. 2.

[35] Sharma P, Ding N, Goodman S, Parikh D, Lee S. Conceptual captions: A cleaned, hypernymed, image alt-text dataset for automatic
image captioning. In: Proc. of the 56th Annual Meeting of the Association for Computational Linguistics. Melbourne: ACL, 2018.
2556-2565. [doi: 10.18653/v1/P18-1238]

[36] Chen YC, Li LJ, Yu LC, Kholy AE, Ahmed F, Gan Z, Cheng Y, Liu JJ. UNITER: Universal image-text representation learning. In: Proc.
of the 16th European Conf. on Computer Vision. Glasgow: Springer, 2020. 104-120. [doi: 10.1007/978-3-030-58577-8 7]

[37] Yu Z, Cui YH, YuJ, Wang M, Tao DC, Tian Q. Deep multimodal neural architecture search. In: Proc. of the 28th ACM Int’l Conf. on
Multimedia. Seattle: ACM, 2020. 3743-3752. [doi: 10.1145/3394171.3413977]

[38] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I. Attention is all you need. In: Proc. of the
31st Int’l Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 6000-6010.

[39] Wu YH, Schuster M, Chen ZF, et al. Google’s neural machine translation system: Bridging the gap between human and machine
translation. arXiv: 1609.08144, 2016.

[40] Lin TY, Goyal P, Girshick R, He KM, Dollar P. Focal loss for dense object detection. In: Proc. of the 2017 IEEE Int’l Conf. on Computer
Vision. Venice: IEEE, 2017. 2999-3007. [doi: 10.1109/ICCV.2017.324]

[41] Xu HJ, Das A, Saenko K. Two-stream region convolutional 3D network for temporal activity detection. IEEE Trans. on Pattern Analysis
and Machine Intelligence, 2019, 41(10): 2319-2332. [doi: 10.1109/TPAMI.2019.2921539]

[42] Rochan M, Wang Y. Video summarization by learning from unpaired data. In: Proc. of the 2019 IEEE/CVF Conf. on Computer Vision
and Pattern Recognition. Long Beach: IEEE, 2019. 7894-7903. [doi: 10.1109/CVPR.2019.00809]

FRE(1984 ), &, L, AIHUR, 1 EHT SR
A AL,

A 48(1989—), B, 1L, YW, CCF Elkar i, 1
BRI ST ATI A B U, TN L.

B RI(1980—), 93, 1, #z, {1 4E 200, CCF
RIS B, WAL T AL 4.

ZEFERB(1990—), T, 1+, PRI, CCF Lk 4 i,
FEWF A HLE2E X, N ET.

SKFUZ(1998—), T, M+ 2F, 3= BRI oY 4Tl I
BES ), AR AT

© PEBEERKCEIFR  htps/www. jos. org. cn


https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1109/CVPR42600.2020.01045
https://doi.org/10.1109/CVPR42600.2020.01045
https://doi.org/10.18653/v1/P18-1238
https://doi.org/10.1007/978-3-030-58577-8_7
https://doi.org/10.1145/3394171.3413977
https://doi.org/10.1109/ICCV.2017.324
https://doi.org/10.1109/TPAMI.2019.2921539
https://doi.org/10.1109/CVPR.2019.00809
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1109/CVPR42600.2020.01045
https://doi.org/10.1109/CVPR42600.2020.01045
https://doi.org/10.18653/v1/P18-1238
https://doi.org/10.1007/978-3-030-58577-8_7
https://doi.org/10.1145/3394171.3413977
https://doi.org/10.1109/ICCV.2017.324
https://doi.org/10.1109/TPAMI.2019.2921539
https://doi.org/10.1109/CVPR.2019.00809

	1 相关工作
	1.1 无监督视频摘要生成
	1.2 有监督视频摘要生成

	2 基于空时变换网络的视频摘要生成模型
	2.1 问题定义及整体框架
	2.2 基于空时变换网络的视频摘要生成

	3 实验及分析
	3.1 数据集介绍
	3.2 评估指标
	3.3 实验结果及分析
	3.4 消融实验

	4 结　论
	参考文献

