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Abstract
The popularity of smartphones and video cameras have led to an exponential increase in video
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data every day. Accurate and reliable video summarization techniques are of great significance for
video summarization, video browsing, and video retrieval. The current mainstream video summa-
rization methods are based on LSTM (Long Short-Term Memory) with convolutional neural net-
works. However, these methods have inherent limitations: first, LSTM can only process one frame
per time step, which is slow in training and not conducive to parallelization, and second, the repe-
titive down-sampling and maximum pooling operations in convolutional networks lead to the loss
of a large amount of detailed information. Based on the above problems, this paper proposes a
multidimensional attention model based on cavity convolution DCMAN (Dilated Convolutional
Multi-Dimension Attention Network). The model firstly extracts short-term temporal information
and visual features of the video using cascaded dilated convolutional network without using
maximum pooling, while setting appropriate expansion coefficients to ensure that the network
perceptual field is not affected. Second, the combination of spatial and channel attention captures
the long-term dependence of the video, assigning a corresponding importance score to each video
frame. Finally, more hop-connected structures fuse more scales of information, and different in-
itialized attention query vectors bring more complete video information. Experiments are con-
ducted on four public video summarization datasets, and the experimental results show that the
DCMAN model proposed in this paper significantly outperforms with other state-of-the-art video
summarization methods.
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UK, BEAE BRI B H 28 &, a8 & L. AHBLEIE A DL R AR B T B, A I S8
B 15 B A BB AR R AR IO 2845 B B U —, WU ECE TR0 1 DR B 1 % ik
FEC, BT R — SRR AR SRR R, /i RE RS AR e a Y] . I 2182 e
TS B o EoR el R FR 2 — o AR 2L B R — MR 4 i — D TR R . S A LG,
TR FE B S B R, KOR4ER T A K

LA 225 . Pleiffer [2]52tH)E, BT HERKSERRMHE L, 1K TRZFERRE. I
PSR EEAE AR 2 5T F THRUETTVE[3] [4], P& TR E S IR R, VF 2 5 T IR L 2% 2] BRS04
JRERARAR IR, FF HEUS AR . X E R Ea I A IR E SHERE, HTRA N TERE
NZZ, Tl B WITEARIR L AR AR N ZS, DR, A B B AR He e i BT R UR S i
ASORRAUA B T oA AR B I B A 222 5 T LSTM [5] (Long Short-Term Memory).
B LSTM A B[ A (1) s BRYE, A — WAl 75 25 A 3 — Wb 3 58, ASRe SEIIFAT AL B L7840 F H GPU
i, I ELIX PN 285 25 K SE AR BE oM, VA SR R B IS A AROR SR AERR FE T R ZE R . B AR
FHZE M 2% (Convolutional Neural Networks, CNN) [6 ]2 73 7 — b 32 2L ()R 2277 7%, (HIX S 28 A7 AR
BT R R KA, X RECREMMATE BN AR, Bk ERERE .. BiEEI[T7)
AR A T AR BRI 22 1) R, 4928 T H S RUTHE R, IS T ANVEIRCR, (R T BER
ARSI HE 5 AR A T I A PR R 1. Z PR TR K, ASCHEH — R T 2 G AR 1 2 4 v

DOI: 10.12677/s€a.2023.123043 434 B TR R


https://doi.org/10.12677/sea.2023.123043
http://creativecommons.org/licenses/by/4.0/

ZAEM

= 71 4% (Dilated Convolutional Multi-Dimension Attention Network, DCMAN).

ZINE B FEAE SN LSTM 4544, {8 BT FA M 28 S A B I B AR 2%, SR s A F
RS R, BT E A EREIK R R ERZEF, KB padding K/MRUEJFERHE EIR/NAS
B, WEEZNPLEEREEEEG B IARRENER, WA, SRMERE 17520 SEiE ) 2 48
EPER=WAITEEH ETRVIIIEIRIS L7 U P NS U a3y

1) MR TG IRG, ZNEAAE N RS RO, SORBREECREE 7 A H 405
FE, Wid&E padding TRIEEFFEINAZ, I HiXE &K RET RN RIRZE . ZN%E
B8 2 RS , G TEZARIRER TR, e EEE k.

2) TEBRA N2 I Rl Ny i o3 B A AU S0 T B S 2 BB R SRR, 2R B A ]
RS, HORREE S m 1 AL 2L ) o & .

3) TEVUANSAFEE AR Fadb T KR Sess, LI s RRHASC I A ER T H BT B 72
2. EARSMARINR

NLERE, MRS, IREZ R A5 AR, IR ) CA IR T8 E o P f se 1 1)
FRZ —, BHTILT RIS 715 R 2 A T IR FES ) . Zhang %5 A\ [8]f#1 ] LSTM EEBLLAI Z [F] A
Hff i I TR, I ad 47 ) 2 o R R DA ) 2 A PE R IR . Zhao 58 A [9]4 I XUZ LSTM 4544 28
— J2 F RFE IR g A NRHAE P 51, 5 — R 26— Z 9 A J5 IS Bk SRR S8 v B o 7E B HER |
Zhao FFEN[101H138G 1 — M INZREF A B2 Sk SO ) I [R) S5 44, I8 I 1% S8 SR A il oGS B Sk T
AP EL . 3 SN[ BER LS, B &SR Y RS B SCRESRFE R JINE, %2
X AL L 5 E LA, IX I T AR SCER[12]15 292, FEMZE Hhad AN 1 —/ME AR M4 . Lal [13]
SN AT A B LSTM B Al iR a5, 188 45 SIS DAL o) 38 e 7 22 1) A0 == 12

Rochan 55 \[14]#5# 7 LSTM 2544, £E1H X o B SIS S (BT THRR, @57 T 2ET 1M Z-FCSN
ARG EE ) 8, ST NG I FRATARAC B, (R N 4 2 T IR B AR, — TSI IR
MRS, JF HLI 2% b B R R S ORI IR E R BUR 24015 B Rk, Bkl RS . Fajtl
SEN[1515E H—F 7 5 27 5 ) Al = )W 4, 0T8T 51, dd i B BE eyt ol LIRS M40
AR B, RORPRAK TSRS R B, BUAS T AN R RACR, (R 28 1 38 3E (R VE & 7T - Gupta 58 A [16]
BERSER NG AA—E, Liang FA[17HE, FEII, LSTM AR Hi 7 Xt &£ —k. =
TS AR IR 2% th— R T BN SRR S S A B A DL A 1 (] Ry T

3. BFgiT
3.1. &R A4y

A SCHGEE T W BRI EEALAE D9 e 5 21 e A1 AT e, R DCMAN 888, 5% St s
fERS 25 AN [F], DCMAN TG 7 [ e K BE 1) i R BBl 2R A, XA T K ALY 1A 2 38U = 1AE
BERK. BRBME 1 s, ATV WSS, S—WEET—KkEE, Hibatd—eEm
TURIBE, B, AR B EMGIA, M2 ATHERFE, B RIS R RAEME BT
BEARRERY AT SR RAS o 3] 1 B, AR A N BRI TR AL S AR IEE SUN F = [Fy F,e Fy e R o Ji F
FORMAIWEL, d FR AL 4L L . BT LD F NN — AN RHE 5 P=[ B, B, B | e R™ .
W IRMEHRFAE F 5E B MG RFAEF S P —RAB B RES I 5@EEFE R IF, &&7 LT
Y =[Y,.Y,, .Y, e R™, AFAEF— UMW) E 2NV B . DCMAN RERUREA L5 PR, 1o
TIRERE, J5RBE RIS, IO TEA N X P,
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Figure 1. The architecture of DCMAN network
& 1. DCMAN #8424y

3.2. RELTRERMLE

AR SO G TR AR 28 A F BRI (K 4 JR R SR U, AR [ 4EFE 3T — R PG BURIE.

5 Rochan [14] BRI LHIAF, EHATACEEER TR SR, BOYOR 3 SURHIE
REMWERER. ASCRATFAER, BRERNIHE T BT LUEE 5 E padding FRIEJFRFFIE R K
INAAE, SCATCLIE I BE AE MK R KR 2 B o Ak, ASCHE AR R R 48 2 Z RPN T B
SO MR R RGN, R R A RE RS AL 5 TR 2 FRORS SRR AL 25 5 SRR BUE 2 U I [R5 8 . J0ks
TG 2 fos, B e = HE R R XWURHEREAT VPRI, = HERZ B = 3 x 3 I} H]
GRUZALR, A SR S5 AR 2 — MR B 3 — 4 — A RELU o . A5, i 4 A~ =5n)
AR ZRY e R B o X PR =B BRZ B =A 3 x 3 ARG Z H . U0, A
P IKEHE G AR F A — A RELU #0f . & =N EHRZIIK RERBE (1] [6] [12] (F LR
(AR CATIRES{ €/a s a= NI P e B SRS Y S BN 2 N NETDANE 7 O ol A G PSP N SR i B b e |
FEEAREZ RE LT XUER, F2EE RrEEE.
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Figure 2. The architecture of cascaded dilated convolutional network
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33. ZEB BRSNS

AR bSO A ot (K 4 U 1 I 2% T DU SRAILI 14 4 J s AN A 0, (B 5 R YT ]
AR ZXT T A R — A R PR A EOR Ui R R E . K, ASCHEBRM 4 5 BN EE R PR
GRANZ —BRIE . SRTATT AR, AN BE R L], i ERAEIEE & A i . liE
EBEERGOUKCAYAEN RAA EEEM, A LSO e 7 BG5S OUEE 2 A AR .
UE, BATA S TETE & 70 A B

R AAR L MR AL, T SCSEER 0 ORI B UL A

EEE U RE AT CL =08, W& 3 Fos. B e 2 s AR L B R, B
BUULERE, SREEITATAR, RSO EREERME F EAEsvia b & h s R arse, m
A FIARHIE F WAL E R F R, TR RT DASREOGC T B AMUIE s B 5 2, X — Wi e N 3
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Figure 3. The calculation process of self-attention

E 3. BEBNTEIE

HIRGSCAT R, B e BT BRI AT ), B DA i, BN
F=[F,F, - Fy]eR™, BRNEREL A P=[F,B, -, P ]eR™, NERHE O, #IIE K,
fe 15 VA BLR AR
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K=Xxw*eRrR™ )
V=xw"eR"™ 3)
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Hwe eR™, wreR™, w" eR™ 552 MEERACR 725 ST BCEAERE, F RRIImiE, 4 %
AN PLSTURFAIE ) 248 52 o
BEFETEEBE . B SRHER O A K LA/ S AT EAT B SN 2 ¢ (0% N E
Fi 58T BIRARNE, 5 PR ERME MR 0, o &M, HIZHHERRES
1) B[R] ) RO, TSR T IR 2% 1) S Tl 4 o 2 ) 5 3 0 23 B o S AR o sl =X (4), - 1C
G, Hi<>FoR Gt
E,(0.K,)=<0,,K] >*0,Vi,te[N] “
E, (0.K,)=<0] K, >*0,Vi,t e[ N] (5)

SR JEARAEAT B BE R 7 Bt SR UBCE, A HalE s U AE g i e), (s, Hrp
#ALF softmax BRECHEAT IH— 1L 4.
Spa,; = softmax(E’ (Ql.,K,.))V (6)

spa

Cha,; = soﬁmax(E£,1a (0.K, ))V (7)

FE IR A2 R, PR R R A ST R, 35 ). 55
461 transformer 4544 —HF, 5 — 2 A48 %5 SRAN A 45 50 N = 9 — 1k (Layer Normalization), i G527
LA R T 250 3 1024 A6 A1 1 AN 6 AT FT DL S4B R . 2
571 Sigmoid B RL (THLBIAL 4

Y = sigmoid (linear(norm(Spat,i +Cha,, ))) ®)

T, BATEFE 7% 2% (MSE, Mean Squared Error)35i 2% B #1548 1Y B br ek #. MSE @i 115 ™
28I 3 B0 5 N LR o B ZE (A 1~ 5 AU e PR3, o) o, i S A 3% 524845 H AR
BRI AR L B

/b, 138w

MSELoss(S,Y) =13 (5.~ ¥’ ©)

4. SCHET S
4.1. VTR BERERSHIERRE

WATEMAE WA B IR EFEAT T 925, B SumMe #1 TVSum. SumMe Hi 25 MRS A, T
d AN VB A 38, B UIEF S 1A 1.5 2] 6 70, XL 15 & 18 44 ASRLAWIZR LA
I ARBATIERE . TVSum &5 50 MAF LB BRSSPI FFSES TN 1 2 5 b, FERE
XM EEZNEAG 7, TR B SE NIEAS 2 LN ZRa e 2%, BA LR OVP (50 ASHLH)
A YouTube (39 MM ZREE £ . OVP Hdladet & L3 AL A RIS YouTube )
AR RIE AR ERE, WO A A o KPR R DO GEEAT R . DUAMSHR RS S0 1 For.

WRIEEE R AT A IR SR SR B R SR . RIG5EA AT O SumMe 5 TvSum #idfs
AT, Kb 80% BRI N ZREE, HARMEIIREE . SEommEa N AR ARG 5 A ZE AL 139 hn 17
HR=AEIREY 78 T FRMINGE. A SCZE 80%INZRE, 20% NS LLBIRENRI 7> 5 Ik, 4% 5 Ik
LRI E R R R I B BRI EE B W& 2 s,
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Table 1. Dataset description

* 1. BEERER

EVE/IE R RS H SR It (min) EDRRER S R
SumMe 25 N T4 1.5~6 18 e EE S
TvSum 50 R 3y AL AT 1~10 20 Wik A3 73

OVP 50 B 2 1~4 5 AT
YouTube 39 R 355 40 A5 1~10 5 AT

Table 2. Dataset settings
2. BURERE

KA TR A WREE M ER
SumMe A5 80% SumMe 20% SumMe
SumMe prili 80% SumMe + TvSum + OVP + YouTube 20% SumMe
TvSum b Ll 80%TvSum 20% TvSum
TvSum b 80% TvSum + SumMe + OVP + YouTube 20% TvSum

42. IR SRS

T AT AT, ASCRFISUAS R E T SR 01T B _Score fEHIRE,

I, F_Score W5 EAEUITEL P IEROIBLEE . B S, REURTINE, S RAFTAME, &

JEABIE S, 1 S, (RIS 1) L2 P SRR P A1 R FCof P e UMW 0 2 1 30 S O

TG, R FR TN EGHTE & AR KM b, P AT R (03 F
p_ SOISMITEAS

- 10
AR R S, (10)
_ Sy 5 S H TRl E A o an
TEREEAC S,
M F_Score 0] LLENLA:
F=2x DR 100% (12)
P+R

ST, ARSCRA AT U 7% I BN N R R E N 2 fps, T
KFRE 5 B —AUIMLE Sy 1024 4, iZ3d R 285 M ImageNet Y1125 (1) GoogLeNet [W4% (111815055 — )2 42 HL
HoR A I ZRid AR, SR ADAM 146 88 B K L2 [ 1E NAK, epoch 3 B A 300, 22 2] K rate BB N S x 107,
A S (R BC BN : PyTorch 1.10.1, python3.6 W77~ 16 GB ) NVIDIA GeForce GTX 3090 GPU
M E L

UbAh, WA AR A3 5 72 A PP A I B 1500 o FEVPAN S, A SCOR A KTS [3)574 1% e i 27 531
1 3 U M 9 B Sk GO 43 0, P ER R e Sk 231 1 43 BV D KA PR H A Sk T B ¢ PR A A

43. ZWERS 5

N T BAEA ST DCMAN #8045 21, B DCMAN B8 5508 5 MR ST LR G, B TIEE
FINLEIRT, FEF LSTM PA A2t RNN 9, PARETEERFHINEF . K DCMAN fEALER 6 I
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14, T — BTG W B I TV (R 485 R 2 LA I B D722, BT DAAR & R pkode A M B (0 D7 VR % B X 5. 1) Zhang
[8]5F N2 i — /Mg ] LSTM i sRAAI - i RS (145 2, JF3E H DPP 5 M $ SGBt it 7] (1 22 etk . 2)
Fajtl [ 15742t —Fhaliyk & Sy ML, 7751 35 41 11 R 48 ——V ANSNet. 3) Ji % A[11]32 HH A-AVS AT M-AVS,
H R TR b fEag, Horh M-AVS RaEIE AT T, A-AVS R INZEERE R 7T . 4) Rochan [14]
R T8 XAy BT S ST B2 (M R R, FEN 2 IR 0035 S oy E1 N 4 50 Ja S TR 22 e, B
TANEEZR I . 5) Mahasseni [ 18142 & T 42 xS H1 ¥ 4% (Generative Adversarial Network, GAN)[¥/77%, H
Pl /MU A 2T N IR AR BE RS, AR G A A IR BT, 31X 5 By ki seie g 1
I T 53

%% 3 JE7R 7 DCMAN R 5 HoAth 757 7E SumMe F1 TvSum F3E4E _F 45 Rntbl, s 7 om 5 ok
SR PR R FE B . T B WL, DCMAN BEAY 7 i ANt B B 1 R L4056 AR 7772 . M-A VS BE451%% A-AVS,
YA TR I NE R, HIsEE T A% . VANSET B84 T FCSN. FCSN HIRZRHX
BIAAT ) 4 Jm 2 5 B, (R A SO It I 2 A VANSET 583% . VANSET B RAL T
DPP-LSTM 5 GAN (sup), 4 LSTM TGRS KEAR, Hig BN, A mxyihikies
WELE Rk BRI E M. /£ SumMe $di4E -, ARSI DCMAN it VANSET, £ A $%55 %
B TE VANSET #2711 1.87%, fESGIRB X FHET 7 1.38%, f£ TvSum ##fde b, RN E NI
VANSET 27t 7 0.88%, {EIGGEAE FHET T 1.14%, IXUF BB IE R S0 45 BRI TFHE A A1 . eAt,
5 FCSN Eb%:, DMCAN #2TFRCRSE A&, K DMCAN H 2% 1 23 i 5 FR I 28 AR B 1 A0ATK R O =
BE, IMHERE T HEE ISR L E 2 MPGERREN, TR T AR, Eame TE
Z1 ETFREER.

LA 3 AR, DCMAN LT HAh 773 1 J5 R AT LA S5 N DUR LA

1) —4EB RO b7 41 1] 5 B 5, BREA A 2 [R] AR TRIAE 2., 1 FLJG RR DG AR DR AL ELAS R
2) BRI Z EF T RO B RE, R T EZ M TEE, FR SRS SRR 2
HAZ R, A, 2 PRSI E 2 AR RERER, ARERT 7R IEME, 3) TN
HIERIE T W28 AN 52 7 FIH FE 2, 5 FLIEE 7 37 I NG AR AR i 1 SR T — AN

Table 3. Comparison of DCMAN model with other methods
3 3. DCMAN &2 5 H Ath 75 7% %fEE

SumMe TVSum

Method
REE5E 3 REE5E 3
DPP-LSTM 38.6 429 54.7 59.9
VANSNet 49.71 51.09 61.42 62.37
A-AVS 43.9 44.6 59.4 60.8
M-AVS 44.4 46.1 61.0 61.8
FCSN 48.8 50.2 58.4 59.1
GAN (sup) 41.7 43.6 56.3 59.6
DCMAN (ours) 51.58 52.47 62.30 63.51

4.4. JHRASCIE
AL DCMAN A S AR AR R R B, DLW SGAFIIREM . Oy T RiFER I, RAEARIY
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PREYE W E AT . R T =R AR DCMAN (FSCN), DCMAN (w/0-CA), DCMAN (Q = P).
A — MR SCHER[14]H ) FCSN B8 #48 DCMAN T i 45 TR 5 AR 45 1) . 35 —AMR R 2B DCMAN
IR a5 B8 = MR TG AR M 2% 15 ) P AR PIsaLAl a) & Q (I Ls &ty . =M Ap
FER R 14 4 iz - DCMAN (FSCN), DCMAN (w/o-CA) IR BLE %A DCMAN #, iEH] 7 DCMAN
HEERY 73 VIR A5 R DX 28 45 F RTIE T V8 8 ) R SE P2 FHE AR 1 B . DCMAN (Q = P)FRILA 4 DCMAN it B 4
SCHIRARHHIE F W16 A ) m) B Q i SERe 345 B8 58 B RS B

70
59.81 59.13 60.17
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Figure 4. Comparison of the effect of DCMAN’s variant models
B 4. DCMAN YR BIAR XL

4.5. B

AAiE X DCMAN BB AFZAK REAIE O, PSR AR IR R AT TSk, v T RsEE W,
RAERMG R MR B E P RATSCI . SRR 4 Pon, RDTIREHE K RECE K, Aok BEdr, EXEnT
B RESRINEISE 3= 5 (K B R ARRUZRE R, (HEK R0 — PR, a0k 4 SBIUT PR, BURER
LR B, ARSI e i T BEE K R HOE K, D9 PRIER AN RFIE B RN ST ANAR,, padding 2B 2 18K,
FEAEALR BV 2 G S AL ARV MK R EON] [6] 121, BUSEc R L

Table 4. Effect of different expansion coefficients on the model

4. TRIEKAKIHRERIFNT

Ik F %1 SumMe TvSum
[1][2][4] 46.70 57.21

[1]1[6][12] 51.58 62.30
[1][12] [24] 49.72 60.11

5. ZHRiB

AR — A B A A AR 1A 22 28 PR RO U 2L 4% DCMAN. e 0B 2 1 6 AR 25 A 3R IHL
B 4 JRy 2 LA R A 3R 1 RSB R SO, 12 AN 1 B T SR DL ORI R A, SRR
REFEQRAE AL AR 15 B IR B, [FI IE v B A & IR R B K 48 RS2 BT o 7R B T AR
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DCMAN AU PERE, SKIRZ REN], 0T HAh ol 7 ik DL R SR A
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