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From Video to Language: Survey of Video Captioning and Description
TANG Peng-Jie' WANG Han-Li***

Abstract The task of video captioning and description is to summarize and re-express the visual content of video
with natural language/text. It is challenging because it involves the transformation of different modal information,
and there exists heterogeneity between the visual data and language. In this work, the models based on the “en-
coder-decoder” pipeline are mainly elaborated in detail. According to the encoding and usage of visual features, the
current models are classified into four types: the models based on mean/max pooling feature, the models based on
video sequential memory, the models based on 3D CNN feature, and the models based on hybrid features. A num-
ber of popular works of each type are described and analyzed. Finally, the existing problems and possible trends
worth studying are summarized. It is pointed out that the prior knowledge including emotion and logical semantics
in complex videos should be further mined and embedded for the generation of logical paragraph description.
Moreover, it is still desired to further investigate the techniques of model optimization, dataset construction and
evaluation metrics for video captioning and description.
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(Visual semantic encoding) — XA AAEFLH S0,
v (A couple of lovers are
FUAAE RS walking in the grass.)

(Visual semantic decoding)
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Example of video captioning and description

Fig.1

PEATbR RR A B R T 58 D SR OISR AR
KRR, AT ZAEB T SIFT FHE (Scale-in-
variant feature transform, SIFT)!. J5 [ ¥ & B 7
EIFHIE (Histogram of oriented gradient, HOG)™
ST RHE, R GETH 77 SO N B AT A,
SEILA 75 SURFAE, SRR I8 FIDLER 7 )L 702K/
WU KR R I S5 BRSBTS R, I8 3
22 R TR RS SR U SEC N AR S A 2 AT i )
AT JER, AIME SNSRI PR, Wt
REMS AE i m) AU Dy R IR O R s B “Omhd—fe
i HEZRGEHK, /T T A TR HZR T
TARFIERI R ILRE I3, Fe AR B ) 52 HERR PR A
FEMEEETT S N TREABORZER, ML
RNTHI TR B IR 7 S R B R e, BTN
SR R AL I B8 0 VR B2 S AR 22 M 4% (Deep
convolutional neural networks, DCNN) #4714k
AR IR F ST T AR AL B R PR B RFAE
o g, RiE G HE R, KIS A W 4%
(Recurrent neural networks, RNN) #1745 4, fff
7542 B B 7l I HER . TR R N R B
i, CNN-RNN HEZR O A ML IR AT 55 ) ik 2R
K. FESCFERE B BTN R G5 S = 4R R 42 1 2%
(3D CNN)™151 [TIREH #.70 (Gated recurrent
unit, GRU)!". 3 & S pL S A58 & /& L )
S, Bk T 2 E N E AR 550, P
T AL S A 2R R

Box fa BRI AT 5 P R 45 S R, A
fE] B IR 2 AN, NATTHAE T3-SR0 58 O 52 2% i) AR Aotk
ISRk, B LS /3 B AR AR, X Herp
AL SE T8 SR BodhAT SE N B F IR, s SR IR
MIREZ ARG X, ¥ & Bomid A& N BA —
WA M RR T B H i T IR 1 52 A
F LT SO R L I ARAR L 25 X0 R T8 [ 38 5 5%
W S FL A8 LA AT A7 AE AR VR A $2 908 5 0 AN T 0y
SRk, RN, K WS B i R R R A S
WARAT BB AR AERA I 3 BT Sl SUMESE D T A7 A
BORHRAR, A B il X DA A2 SE PRz sth . i
Ah, R AP 29 5 e R& 5w, H
il T T BN B TR SR, R R s = A2
LSRGy, BRI RS S R P E8 BT A 1

C i
NPT RE I AMEAS BEAT HEBE AL 5 R IR, (5
B5TE T Z 8 TE U AT AR BN W .

H AT A &8 7 TAEX AR R A 55 B AT B S
S5, N Aafaq 5S4 T A ETAILIRE IR (1) 00 07
AR EAPEN TR AR, AR ARATTON = T A5 > SEmg (n
FP o 2] am Al 5 o) 56 ) B S R kAT )4 28 )
B0l Li SN BRI A R, RGtags 7
(B0 35 B ARLAN) B8 5 M@ BE X, AR
et 77 2 2 BT AR R 23R TAR AT T
P RS T AT R, B T S N4
T 775 P b 52 AR AR R 5 43R A B AR BE Uik 4%,
e (BB R AR IR B A R R R D s, X rh SR Y
FE AT IEAT T M 1S s AR H RTIRAT Y
TIERAT TR, JUHR I TR BE I 28 RS AU HE 4
DAARATUREAE 4 i 77 KON AR, $ RS [ (1) 40 5 R ik
N EST DNy W e~y it /= BRSPS R K
YA /B RAERFE R T4 2T RNN W45 7 51 45
T BT 3D BRI 7%, LR TR G4
TEGm B ) 7732 AERERTTVE T, B SE X A0 T B 4
BRI AT T 25840 545, SR )5 0 AR 2 Rl
BUE R SRS A RIS AU 7 i 5045, IbAh,
AR T ARSI IR AT 55 ¥ 4% 2 FA 90 UE $0dm 48 S 3
TR FRAR AR &R, F1 28 7867 S BB R Ve e R TR,
FEE G5 AT TR EC A BT, S5 JE X AR AR IR AT 5% T
i £ I 25 2 RT BE A 7207 1) AT 1 ek 5 15 .

1 BT AEAR /AL a9 sTisask

AN TS B, AR AL P 25 2 sh 25 AT
AR, CE B AS I 4 A S at ) B0 T i e gE R
AWM B NFEE, HEIRSE R T 2.
TE RS b 5 R I AN 7 2 2% e A i
(AL VB O 5, 3 75 S 6 52 o 5 B[] F A8 Ak
Je H B IREE, HoAhIE O RS B, [F IR g
Z RN 2 L B E R, (s it m g
M5, Ik R AR IREA S, E2LHT
WA T oA E E M E R, AMIT— 880
ARAR AR A B 1A A BLSE R X, AE E SR
45 B A A5 5 TR BRI N AN, R B
D3 BRI T BAR TR T, R T
B 2 A B T AR BB s RN RO S, T TR
FIE AT SR AL 1 R IE, B8 F 1R AR I
ARAI AP SE B2, B T 8 )
RRRR A, B 4% R ] 5 U 4 i i i A A
HEZEUN K 2 B,

20 {22 90 £E4X, Nagel HRHE 255054 B0 432 &
HizghZO, ff RN R, #4512 3),
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[A man is slicing an onion with a knife in kitchen}
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The template/rule based framework for video

Fig.2
captioning and description

H¥ 12 B IS — & R A B A AT B e B B
SRAE RIS, o RE R, CBEr, “BIA7 SRR,
Kojima %5}y 4 /N EUR 5 SRSl 2 18] 1) 75 L
MV, ST R /B AE 5 R E ML (8] R LS
KZ, FHHfhE H R AL RSy (TR, IR,
BET4H & B AT ARSI R 75 A Y. Guptas 42
P LR, DI E s R, K
H “5-a & BB A A 128 581k, 1%
I 5 LI Y BEAS BIAE Fr B AR BB 2% 0] 1, AR JE R
“H-miE R R, KA THE AR —ERE
K AMIEBHIARP. Guadarrama S50 i 44 2 )2 Ik
HTE SCBERSFNEA 22 ST HOR (INFREA S 2T ) T
AT AT BE R BHAE R, IRE5-6 AW X R K3 5%
SEALE R 2R, AR AR T e I A) AR T 4H, AR
A BCRT F A S A IR,

ATLVEH, B TR s s e, DL EWESE T
VEXT T2 VR TE SR SR B A 550, BRI 1 IR A
ARSI E VR AT 55 rh X REARHE LA N 25 i HE A7 PR B)
PERB B ). HER R FHE =S, BT HE R
ARG X, ZAL T R A 1) AR s 4y, 1E
B EE R RE VR IA S5 T TH R 2 BIRCORHI12). [H]
RS HOG. Jtif 7 i B 7 Bl (Histogram of
oriented optical flow, HOF). iz 31 # B 5 K
(Motion boundary histogram, MBH) 1] JEAZ
AR (Deformable parts model, DPM) %53 T.4F
FEFIARSAESE, A B T 3 HF A B AL (Support vec-
tor machine, SVM) 543 2845, i f2RNE ¢, HH
Ko IR A) S B, P ] ) R T e R A A
A LIS B AT ZEK.

B CAEJ7¥EAN, W FEN DR 456 B M AATT
FEIE SR I IR AEANE ZE S ph 22 WX 48 SRR TT ik, 1 —
AT TR TR BN D ) AR A R A SR A 2
Rohrbach % & Ja# th 1 76 W5 1 3 AT 55 o 46 H
“Ui A — A IR AR HE S, K AAIT ) AR5 AR B AE
RIEEY, FRAERBIIREAER B E 0.
AT s H & A FEHL% (Conditional random field,
CRF) Al 21 (A0 5 18 UM RIFEAT R R, &5

SRR L P R VD AR AT D9 AT 0 ) R RV B
A ISR IULRFAE, SR 5 R AL R IR 51 5 Rk
BEATHR A RN, XA HEAT AL, f i R Ml m]
B SCEAT 5 I G Bdhe AR UL A B ik R B
XA  EAR A TR TR 0, O
R R Rl -7 B, ARSI TN
BER B AT, AL IR T — 0 K R g
BE TR AT B AR 3 T AR s U R
IR A O EMCT 2 Il SR S D i SRR
B BE SN LB RIAE SR, A ) (5T B A AN
T, HEANFFE AIRE RS0, AR IEA 2%
SRE M ST I 9 i, [ E IR S
FRNATS 2= BR A AL B SR iR R A

2 ETHEMKRIILTTEIL

SRR B U R RT3 32 W i e
B, ZE R IR ) AR TE R S R 1 SCRIESE T
A RIS, HAT, BEE R ST EOR T2 M,
AT LN AE DL I s, AR ik G
i, BIHRIE AR, Wit T 2R AR S Ty
%, KIgSETT 7 RALERE, A R0E 1A RiE A1)
. BARRIAE, NMISHHLAEHES KEME
HhRAT B0, 1 TR BE G AR 22 p 4 [ = 26 0
M2 P 2 S5 X ALIEAT AR S 6, 2R )5 66 RNIN
90 28 AU R AEREAT AR, B A AT I 2 A
T e A HES S R R IR R A, R LR
SRR T, B ERA TN CHIREST. B
AR, Hik AR AR A M e A EE R N
BEE B B BEAT T, 102 B I 2Rt o
BEAT H B IR, BT, T MR
SHEZL, Bt COT A 2 MR B2 R 5 5
% EAFRDT IR B Z S ER, Fra & KRR
WAL 1 PR S AR 5 5 L T R T AR
& TR RS ST SR S SIS AR ST BT
LG 65 ) 11 BEX AR OC AR HEAT AN S AR B, X 2546
M5 75 BT BHLS SR R T Y B BoR BEAT
ot

AFEF S EE, A iash(E
S BRI, AN B R Ik G B 0 20 A AT I 5 A
3, MUBURFALE (103 R AL 5 R IKBE )
AEA & BEE K e 0 R L SR D 3, IR ELER S i
JREETE S AR T A R T IR B LR AL
SRR, AT O 2 P CR B2 K 5 ik (W

2 DB NARBNE 5 R AR B 5 Rl I 7T 25k 377
E LI TR IRTER | [HAcHu B WL B T N TR P S 6 KR, RLAULL 2 B PR

! - (OO T2, A B S R (R £, X S FH VR FE
- ] =g e 2 TR B HEA T T, IR (5 Word2Vee
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WURFAE MR SRR AL ME 3D B R RNN M 4%
5), ANF RIS AL SR O ik e T HAE SR
i PR AR D7 2. RS UAURFAE SR IS A, A
SCRBUA 32 TARRI 2 DA RAL: 1) AR AL
M /B RAE 5 2 2) RNN R4S 7 BIRRAE 2S5 X
3) 3D BRURHIE @7 3 4) A7

E T EFHIEYE / &R XN ERI SR

AR EAT 22 WURe M, BEMIR) PN 45 7T g B ANAH ],
B SCRH BRI, 2 RSl A HG b — it SR PR SRR, XS
TRV BRI (s 5t A SIESE), [FIFE
LR 8 AE T F AR ) 7 (H XM R AR R 1]
IR ALy BB AR A 1, T A P A At DG K
FHIE S8 N RHE, H AR B 7 AR AR B 1 AL S #E
S BRARFEW, JoHXT T2 280, B st ahifE
(107 46 e DAE R MO 3t R S5 R RIA k. AR
I3 M R ATE | 9t 98 3 3 SK0B P A7 A 300 S5k
ITRb S, AEASRE I L AL N A RE S 2 SRR
%, Venugopalan 55 # H — Ff it 45 iE 35 {8 Wt Ak
(Mean pooling) )77 2L B RFAE T A 78431 F 129
AT S A PR KR B8 73 28 5 VR 0 0 4R T-
ageNet®! FHIZ5R5¢ AT AlexNet #5840 $& HUAR
ST CNN HRFAE, SR 5 4 I A7 AR A0k 45 FH 35
B A DASR A 24 AR AR AIE [ B, o Jm s FLIE N
RNN W& (a0 R I2 12 M4 (Long-short term
memory, LSTM)) &N 825, 456 A KK
AT SR, TR0 =4 Fi I 1) 20 e eV o, O 2H )
T RO VE IR R AR SR ] 3 R

KRR A BRI T A E S, H
TRHA 7TiHEPER 7 2, AMUERE T & w5
A TE S G R, IR IR BT T2 5)
5, EURRE R A 52 3 — s RIR, DRt R
IR A B8 EL HL A 2 T AR 0 7V ek, (H A 4K
g5 AT HE LA 2 AT, Pan S50 R L T 284U
732, AEABATIANUAE HY 7 R AR ) NN S4B R
fiE, IEAEH 3D & AR M 28 S AN [A] v B b = 4y
fiE, MGt E 2 A =B e E 3, RS
CNN B RFIESS & AL — A AR R AR IR 2R s ),
AR T R AR 518 A A ) T 1,
BB RIAUR RO R 2% 4) 7 5L5EE B
w2, FHERM TR R BT B A A T 5 2% )
T AR 22 IR M v BAR N R R AT T ¥ME
THE, H T 3D BRRHER & 7RI &S 7 33
G, T PR RO R B[R] RS
ISR TT i, A T BN R S s OIRAS, Bty

! https://github.com/vsubhashini/caffe/tree/recurrent /examples /you-
tube
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Fig.3
framework for video captioning and description

Fe T I /B KABRFAIE ARSI IR AE 2

The mean/max pooling visual feature based

Mo TR R S, AT R T S A —
i 2D /3D B RURHESIMA K 7%, JF48 & 2 7l
= 2JFR (Multiple instance learning, MIL) % 2]
FRAT A (A e R, FEf RTS8 (B R AR — ik AT
A, R AR A AN, BN S R A
ARURFALE [8] SR A W] B3 e i) AR o A3 J2 25 2% Il i, 42
HR i i T B AR W SR A I A IR BT
T &5 57 [A] BE R AR (R 7 1, T2 — B TRl N B BT
TR ) FH S ke, 88 FH e KA Tt A 1) 77 USRI A3 =)
ERRAE R AL, AR 5 R AL JE I RR AR 4% 0 18 N
LSTM M. XI5 T T RHAE MR, A
BT e A Rz A RE ), RIS T 7E LSTM 41
I [A] 25 b AL FR I 2 SR R AR, — e R A i
A ERAE XA E SO £ 4645 B BA.

ET RNN FHIHHEZ RIS E

T MR ALE 25 1 A B R RABL T AR 1) T 2OuE A
TR BEA B PR AE, & i sh 2545 B BAR
HZER S, NSRBI FPAFIE, O 7T 5
T 7 2 ML IR 7 SRR, 4 B RO AR
% HOF. MBH™. Z £ Hi% (Dense trajectories,
DT)®L gk 2 £ 97 (improved Dense traject-
ories, iDT) HEZEM DL H HIH FH HIXGR CNN AE
28 (Two-s)P' RNN fig #2245 BRL 0T, 3D 45 41
P g 110l A X e T LR B AL EN R 5 47 iR
WAS T RAVEBE R . AR, Bl G X I PP R AE 42 4
IR ANBIE T, BIFFE 3 ok He RN BRI SR A 8 o
B — BRI SRR A . 2 R T A,
RNN 58 4 0 JAL A M 45 A1E 25 4T Fp 51 A5, Btk AR

2.2
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By 1) 238 5 1AC 51 AR R SO A R
R ) L IZHT O — R T .

Fe 51 21 e 51 B 407 Xt 2 e R TP 2 8
XFYRIE B BEAT R SR G i 25 A0 2E B ARIE S 1
F A A543 A — A RNN 2% ZEAN[F] i ] 25 |
SKELS HThRe. XA S, A S5 S
BAMUARRIIE A, #EA N PR, BkR s
B P B A7 3O R R T T AR AR 55 R
R TP 71— R AR SR & 4 B,

Iy

Bl 4 T RNN PRI R MU IR AE 2L
Fig.4 The RNN based framework for video captioning
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and description

2.2.1 EF RNN FHIFHERILSR & Sk

PRSI BLRIR AT 55 R PR 25 7 — BUN B IBON TR
E%ﬁﬁiﬂx&"ﬂ’ﬂ‘)ﬁ)ﬁ SRR EE N H R A A
BEAT R AN RS A, A ROR) T AR R B
RILHE T B R 5] (— O — B A
A A ) . AT B R ] B R AT 55, A IR
FRATRFAE ) A0 3 7 20k FL 73 g s TR A 4 ey A 1Y)
T BT AR B B BT VE S TR A
MARFAE R J7 5, AR EVE S EEAT TS
7.

FE TR A R RRAE R 7 V2 A RNIN Y 28 %)
MR PP 51 HEAT GRS, 4 B2 HUE B0 B WA Ak 42 i P
IEN RNN Mg SREAR IS 7 Sh A& RE; 285
K G T J RO RL B R AIE A% NI 5 AR AT R, 724
AN ]2 BB RN, B 2 2H B nT R ) R TR
). Venugopalan S57E H W 11 S2VT (Sequence
to sequence: Video to text) F84? f #5fd H DCNN
Y R IO AT AR O AR URFAE, SR 5 2 0l
FEIFIE N 2% LSTM W28 o o HLAIEEAT 2 45
TEZR 5. P RR AT 't JAT I 5 ALE 20 L) 45 TR i, A
RUTE NS RY BE, AEREAN I [R] 25 B 4 Ak BT A3 ot
LSTM FIA8 2 th 5 Ab BB IR LSTM ME2 46
T G @A (Late fusion), fi o f# H @& 5 1M
ZE TR 1 ARV AT AR A R R 5 B A R AL S
1 5 b i RS = O, IR SR i 21 s £ 077 5,
TGS FEa N R e e, MR R RR S A AL
JEFMTT CNN FFE 751, RIRT R AH L PR LSt
& 2R AR T A R 2 3 PP SR AR R AR

? https://github.com/vsubhashini/caffe/tree/recurrent /examples/s2vt

AR A 0] R R, AN SOR R ) B S AR AT 78
A, BARBOFR H 3h & P 54 E, BN
{1, AR R B T AE AERA PR AIE SOVETT TN T4
KIEFF, (HRAETWIE) CNN FRAEXS 7 51 # B
TUR. B, JGiRA S RIS X WA Eh &5 R AE 1) K
WS ¥298, s 8E BaUb, Stimmidh s
E&Biﬁdﬁﬂi%{, W, R LSTM X H AR e, /]

RE T 0L, 38 RS B T A 75 K, 5 AL
fllﬁ LSTM MM HEAT Rl J5, S vl fg 23 PR A 44
PERE.

DL S2VT BEA N EAl, W90 N G2tk Hdb 47 T
Z J7 . Venugopalan 5575 f5 2219 TAEH,
A RS B, FE 0 42 9808 5 e iR, E
S2VT KRt 7RI T — 2616 5 248 0 32, Hihi
LR A A R Tang AR S2VT HEHL A
(e, 45 SR ZENLH] 2451 LSTM FPolft& 5
PR AR B AN S5 AR Tmu”j i Res-F2F (Resid-
ual based fusion of imporved factored and un-
factored model) HJMATRHEZLEY ) F 55 18 O
T CNN RRAE 1) 7 3. A ATT B Sk T LSRRy
FEFR B DCONN A Y 7E FUR  A £ s A A8 v
) it (4 7V HEAT TN SR, RSS2 AR At CNN
R ALE B W DR N AR IR AT 5% D A R A A
DCNN A5 AL K2 B AR 5 A5 iE AN 68 4 T8I 179 i 23, A6
%/ DONN #%! (GoogLeNet!"”, ResNet101"',
ResNet152M) 43 B FE HAMURAE, S8 )54 &
LA E AN 72, AR, fi5 % ResNet FF 5L Z ML, #4
TR LSTM W4, (e UIEh SR L 518 5
RIS i %, W0 7 HERIARE ). Bhob, flfiTie
F 7o i SRR T 20 R LSTM W28 BEAT Rl
0 [F) e SEAEAN I 8] 22 _E ARV . 1 AS R e AR AE
BRI 5 R,

Bin & &1t 7 —F XA LSTM M 4% (Bidirec-
tional LSTM, BiLSTM), M Al J& B4~ J7 17 L4 EL
PRAT I PP AR AE R BN 8] 25 4 5 7 19 1 %
th A iy 41 CNN R fEfl &, IE A 51— LSTM
W 26 vhr ) SRIBCEE A THI IR I AR AR, 3 JE g FLIE N
T F B AT RSP, Pasunuru SR 17X
LSTM X AR AL BEAT RFAE S i, (E A ATTIA D9
FAR AT R AT 55 3 DAR AL o (I P45 R 2 R 5l
AAF BHEAT 7870 L. NI, ﬂﬁﬂli‘mth AL
55 2177 3, A8 ARSI TRINAT: 5527 =) 55 2 i AR
R SCHER, RIS R A2 i S A S
5%@71"}“%43%% 18 A B, e =AMMESS
WRE o ), 4R THAE B ) 7 I AR P AT SR 1
B 7385 2 AF 55 5 20 10 5 2 AR ) 1 1


https://github.com/vsubhashini/caffe/tree/recurrent/examples/s2vt

380 H | th =2 i 48 &
RNN Fea‘Fure Factored Factored [’ Factored ’J
iR 2 fusion RNN RNN RNN
I[N "y Residual  Residual A BEL
Tn)l’?%m 5% oAy
% CNN A |25 % ONN i K.
8 O Two zebras
: O are playing
O : in a field.
O , : }
Q 3 [‘Un-§t§;)re(l E{Un-ffial\cltl\?red ) L{ Un-}f;\cf;)red}—]
Residual Residual
K 5 Res-F2F MR A s FE
Fig.5 The framework of Res-F2F for video captioning and description

B, BA RIFAMES % S (8 HAE B o Ath 55 b A
%, TV A AT TN I A& 25 35 18 SUHE S48 )& T A0 A0
TR AE SCFR AR, AR R R A AT I B AR YR I
DA B R G TR 10 B 1 SR LA AR P R
P, LT () AR e R S R S 1 e ) 25 SRR AN R

IE G/ U 58 2 T IRE Sy R, 3L
RO 5 2k A fridk— P o 51k, Li &8
LSTM M &g X Mt 47 7 s i@ dd ) R T 24155
23177 3 AR R AT A5 i o e R i e
TR 22 Jah v B K b R A RS AT S5 R B T A ity 2
Ui A AL IR R AL 2 ST R A s T )T i
{EAE BAT 55 58 ik F v v a) 25 AT i R S
DOE & PR T H RS P il G 38 (B R AE, R | T AR A
PERE.

W4 B0 ) LST M. ¥ 28 o ML 431435 AF 34 47 8 397
AN, BFTT 2 T2 I AT A S 1 B R SR Bk
PRI FRRIE R IA A D ANE L EREE. Pan 4R
H—FE kL LSTM M%%, JiKJZ LSTM #E U AL 4
it CNN HREAE, 200 — 5 [ 52 (A1 B@ (i ()20 f5 , oA
HIENEE LSTM, & /2 LSTM I i &4 A AL
A i J2 15 L FRIKIENAE & BRI 7 v BE R
IR TR I S 4 B, X RB 8 SR ECFE Ay 5 () i
JPHFE. Baraldi 2R H T FFEZ 4084, (H
FEARAM ) CNN FAE S A — AR5 LSTM
HIoH, 1% LSTM oo BAA KB 710 5 1) D g ;
I8 B3 5 AESE R A AR, AT (A 20 Lk
(g AR Nz i BRI IE R R, IR RN S 4h—
JZ LSTM . DLSEISHE, ff &2 LSTM %t 7E
JEEAS A Bt 24 ) PR AIE, RN GRU W 23t
ITHRRY A IR A) T8, 5 Pan SEH9 7 VEBIAR
XA A e R B RS B S A AR
AR BRI T, AN 2 e R 8 A % B K
B, B NEEE LSTM FIRHIE R IERE 58, 15
N NFE.

ST A4 JR R AR T BE 05 (1518 5 B TE
RIS 22 8 2 MM (S B, JTHEE R,
BE F& T AT (A28 UE S, W T B
FINEZE LT XS, AT ocE A loa) 7 1k
TS A FEF A, A 4 R A R AE TT
Re2x 5l NBUAM AR S e i | 7RISR L 21 ) 5%t
) 2 TG SR IR S A5 U2 AT e 2 X B 3 ol — 2 1)
T, SR TR v A . BT % ) R BN
TS SN B3 S EE R IRAT 55 P v = i pL,
HAHH SN AT S, BAm S, B85
fE S By B, FEAS [R]B [8] 25 1 5@ v AN [ 16 A A9 AiE
(AT AN ] PRI DX 3k AN 8] P s 1 B2 ), AR FE I
SRAE PSR IGAR, EIE N S ) SR
REAIE, $RE T A1 TR F o

Xu 2 = IHLE] 51N B AR IR AT 55
G A ARMWURFAE L 3D 25 BUREAE DL K 35 A4 AIE
F LSTM W48 3E47 3 AR, A fe il i —Fh 3 & M.
(Rl PR T 2 BURRE 45 & 7E — k2, 32 NAE & Y
R FRAE 2 g = AL il A R AE 5 S5 A
FRAESEAT L8, 7RI (A5 i S AN [F (1A
i AE S, SERLEVC R HE T Y. Song S5 WK E =
FTIHLEISI N Z AL LSTM M2gdr, Mgt 7 —AMa
VRSB ITINE LSTM M4 hLSTMatt!*. &
Je i DCNN 588 S B ATUMURR A, 48 J5 13 v
B AIHUHTEREAN I B] 25 1 v 75 2 8 5 Sy A
Mt Il A TR B QAR SR X R T vk AR
HE A B RNN ) 48 X6 A0 A0 ) 25 4 R E 3 AT
Fr HERAR, (A T R IR AS B s )2 1
KEFEAF RIS B, ST %8 540, H
ST AT I T Y A0 AR B AR RS AW R 1) 3 W
T ER N IR EE B 5B S A I A LA A,
N T A R R M 5B UM Li S R EUE
HLAR X P AR AR, R T L],
TRYIZR DCNN #5842 EUAIL A i ) CNN 4R AIE 5
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PSR NN T 2w i BURE N = WA R i vi e N L Uit K S
ik, FF &5 G 150 S i e AZ 9 2 2 R A3t 1Y) 7 31
FHIE, NRAIA: BB ) #5IA . Chen I ANATTHE
MBS, %F 18 315 B 5 Jy okt Rt AT 6 ot
TR T = B ST G, A RS ) B v 1 TR
JERE /1 RNN $.70 (Gated attention recurrent unit,
G-ARU), X EHMIKT CNN FRAE B BEAT R AE %,
5 S8 B BAO AT CNN SRR 3T iR,
e AR A IR ) 1 I e T AR AE A A S
TEA RN AE b BT E NS S8 AL 58 A
B, R RERTURRHEREAT T ik, SEM 1 A0 5
PO T B AR, AR T 1A A ) AR
PE. JCHR S G S U B ZE 0 RNN 288y,
BB Ny v, 0PI P 5 0 ) D SE N5 & AT
B, Sen g R U R e AR OUBR; T H., 2
A RNN 0 28 AN A8 A= B B ) 4ok Hh 250R
S XTI B AR S A R A A —
SE IAE S X

B BT RNN 28 0 MR AE 3 AT 2L 2
A, NATTHAE R AE FH B8 A 3800 e SRR A 7
%, Zhang SE WU T — R 7 B (Bidirection-
al temporal graph) B XFRLAT A 1915 SO0 Rk
ITAT MR, RALHEh A AL AR 5 A A — A
BTG #.9T (Convolutional gated recurrent
unit, C-GRU) XJ %18 SO0 RIFATRAE RIS, 1R
JLVERME, MR IE R IERE V), WG 46 = IE
AN (W PR S BisiERE ), i GRU
WX 2 X REAE BEAT AL Wang R H 7 —Fh 5
2 T8 V7 PR AR AR I A8 FH 7 2071 i BRI 25 ot
1) CNN FHIE 5, 5% Yao S5Fr# H AvE B R E
SR TTEN ) AR NS B, FEAS [F] R [R] 2
A TR MR REAE I AN [F) AL, FE AT A R
A, CAAE ARG AR SR . A dnitt, e kit 7 —
ANEE R G, AR YR AR RNV, AL R AR AT
oy, FErt S E A, DAL A S

L ETAERTBAE th, L RNN [ 28 Jy 2Eal, %t
MRS A BEAT FP 2 AL, JF A0 AR B ) B4 R

JIMLH, LSRR AR REAT ik B S U4, RSk AR
SN FIR B AP A B AR S X LA
VB SO G Bl A A8 Dy A 1) T 5 g . (LA
AW PR TR L RE R R, AL 1 K 2 AR A
PEAL. B i AR RN B, AT BONRIR, ShZ
Wl . Bk, /5 BRI kiR bk R
RIATIZE 5 RAL, AR RAIARIE R TP I E 2
SRR S e e, W) T <R

2.2.2  ET RNN FHHEHERI 52 S fmdk

X1 N BN A A, A R TR B I PR A
R DG F3E AT N sE B 2Rk UL R AR TH A &
e N, 7 O A B D AT I VE A 2
AR, N, BN ORI I 5N B
PSR S R T 2R e vk S
AL,

BRI, AR IR T4 e A E
N2 ARG T N A, A R B R Bk O
R 22 N SR B AR O A IR, IR Se iR 2
F) A LA A B S ), AT LR — s R KT
AR, o3 R AT 55 AU T B e 2 )
Pl X385 B, EHREFEN IR 2R/ 2 R
FEREE R, AT RBIWE 6 Fis.

e;: The little girl starts to climb up the slide and the man helps her get to the top.

Bl 6 A SRR 55
Fig.6 Example of dense video captioning
and description

Shen F54& tH — Mk 55 B 2 75 9] 2 KR 255
> PR PR AT B R ABE AR 01 7 S TR AT i B[]
58 B PR o T SO, 4 AN [ i o (3 X 35
MR Z Sa B X U7 21, A48 R B e i ik
TAEF AT 4G M4 (Fully convolutional
network, FCN)P Jy % X £ CNN $#E, 2R )5
B HAE AR S2VT AT I 5 3 25 45 1k 2 i 711 it
fi5h. 2% 77 VE P IB ERAS [F) A0 00 7 SO R A2 AL, I xS
HHT BB SRR, fE LA b, P AT AR o
bra oK 5 S AP R E X R (A A\
YRaE), @il ik 6] 1 1 AR b AT R K
AL AR H T X 77 K H &8 %, HAE
FH UK b 0 KK (Submodular maximization) )
T3 AT H A I PR S A G IR L I R . I
Gb, ZITEWR BRI T ARG R AR RE
L, T R O SR R, A& R B )
55 SEBR N AT REAFAE LR W 22

Wang 5 W AR M B2 K, E e H 3D
T AR ) 2 2 BAUIVRRAE, i i R LIk N — P T~ XU
I) 33 S LA ) LSTM WX 2% Yt v g = A 1 121
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S 48 %

G, RS0 A P A A AT BT R AT I P R SR
HoR L S E N SORHERT R &, 1A 5 AP
XTI EARIE AR B AR E, DL A AR iR
AL, SEONFRTE NTHIN S 5 308 S EAERF
RIS 5 O R AR (0 F— A BN B 2
SRERE), DU AE R B BRI ) 1 T W i AN B8
Y RIS E B 0 B[R, Zhou &5 R
FARIRE S, DA b A3 SO AR AT o R
R B AR P AEARATT A ok 2
FARSRIS R AE R S HORSE l J, 4 e e 2 (Trans-
former)® 5] N BRI T FIRHE AR, AR RNN
W 28 5 AR AT A 78 A7, 189 5 W 5 1 B R AIE 1 36
WL RES). [F A —FhaE R (Mask) HLE, FH A2 B
)RR A 1 R A7 A B AT SERTE IR, X g
el 5 A ch 98 8 2 247 e 80 i N . XA AR P e
REALGE RNN W45 (A5 RLATY J 456 H e 51 i AL
0T AR AT B A FHAE i, (H T3 2 A R
A1ESE RNN 0 28 3 DS o) HE & | W] JFAT 255
P, FEARSR TAE D, JU X T 00 = 2 15 SCHL AR
1E5%, (A58 — D2 L Thae, IR BRI 7.
BEAN, Zhou S5 42 H — i T X 4 2 0 AL 2%
R B E e PRE R-CNN (Faster re-
gion based CNN, Faster R-CNN) fa il # i 4 (1] 1
B SR, SR 5 A A A T R 0 BT LSTM )
LD DX IRBEAT P B A, I8 FH e 9 S R AE (I
Fr AR B SRR ) 1 4 SR ARRAE, T4 S
BObRICAE B (a0 Bezg gl JFUG I a] 45 S (A 55,
DRI B A R B U D7) P etk 1 ).
2.2.3  £TF RNN FHHEHER NG R
R SRR SRR I, BRI AR
FEARYE, $RTF T A BT, (2 A B A A
TSI, B AR E & ST A2 B, 2
LT H N AEAE SCORIE, LBl TR I 3 i) 4 A
—fd 2, AR TURTEROR. N, BFRE R
RS M FIR AT 55, AL 3 AR F AR P B il L
WAL RIS SO Brit iR BTSN R — e
S AL AR B . Mun S5\ 9 A — MR -4
Z A BA I PR &, NOUFIRIX MR R RS
AR ANHER, 5 SEBR N B E W ZE. VI,
AT Se e A PREEAT 55 7y, SR C3D #EAT ¥R
fEGmhs, SR JE K HIEN GRU M8, 2= nl e i) S
G SRR b = L B RNN R 2%, @57
B F A IR RIBRARAE, JF A A2 78 N\ 5 A
BB KAERER), AHMEA —EN T RARM
TR PP XA 7 V2% AN A B G A A AT B A
R, MR NFIERN T B 2 A I Bk, R

SRR AR (1) 2 2% 32 B0 e LA AT B ORI 5 1248
{E A 2 ) i a7 B A ) mT DAE 3 38 49 B ARl
FRACIAC SR >k, 1908 7 RIBHE BT, RIE
PES WG] 77, SEJ b B AT 45 KAk BV i A
s TR Z 850N B B R, A s 1712
AR S S E R IA, AR S A
SRIE 5 RIE L NAE X8 ) ELR T

Wang 554t — Pl & T 540 % =) 1 2 A g
MEZE, DA A AR FE R IR v B PO i Je kAl
BT CNN RFAER A 2] —WUR LSTM R4,
73 R B AR AR 2 A0 e JE I PR AL, IR I PR
TG ER VLGN B TAEB (Worker), HR¥E
EHBH (Manager) W B8 1 HARIEEAH N ERAE (W0
SRR RS EE), 1 )2 5 R AL (R R 25
AR JIRNBE BB, Oy TARBH & H br.
SR G S PEAN IR (Internal critic) 35 TAE
B H AR 2 65 e, JF 58 BB SGHEIT A H,
HAERREZL A 7 B, 12 AR R 5 g3 G 40 4
7 B R A N\ 30 B, A FLRE S SO RLIE BE K
(1) 4 Jm B A RRAE; T B8 9 FLAR I IS P e ik i A\ T
PEREHR ) JVERUINRLEE (1 R B 3 & FRAE; HEAE P&
it WS R EME (L3 PR B
P IE], A2 CEL A A AR (S B R . X R FH SR Ak
= 2] B REARAE A NATDOS ] B S A R, HO
B 2 IR TT 1N A BE bR ON B 58 44 52 5T (1 HE 22
o T R H RS S A IR Rt B AR K
IEY3-9'8

Xiong SFtR A T 9k IR B, N T AR
ARV S IE T MR, HAE 5 WG M BORIR, B
15 S5 f AL A A0 Bz Wl 9 4% (Structured seg-
ment network, SSN) XFREA A1 (1) F A FEAT 40 I 5
SEANL; SR FE A IS P B 2% (Temporal segment
network, TSN) B 6 MURFAE, FFH5% H
EAN—NH T3 R BO&#20 LSTM M 4%, i %
BROCAR, X Tk th AN SR B, FLAE st
IR, F A H G A — 8 R A R v B
Bk EE, BT AR T, B R
B TE BN EEE PRI, DLy il 0 A 1 e
— B TAE AL G A ORI R Ty ik, R, AE
Ff DR A IR ) R L X PO IEE AR I PR R
R, XA A AL AL SN DL PPAN FiE B o
fitts, ROAEALA R F AR AL B VP F8 bR & IE R 1. (.
ST, IR & PEAN R AR I B Rl e (AR SRR 4.1
), B R AR R TE K 2 R E T ) R — T T
P, FEARELRE T &) T2, By
VI R B e 1 BRI 7R A AR VRN T iR AT
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Fig.7  The reinforcement learning based framework for video captioning and description

VS EAIE AT

P X3 AT RNN 0 45 3547 e P R i 5 ) 4L
WA 7 R A 5P 2 T 5T TAE AT LA
A, H AT RNN /A & U 1) A5 ) 3=
W7 BARTT LA RNN I 2 4 HCUE A3t 1) 3 26
R, HE B RNN Xt g7 @ i fr e 5
HAE BRI AATE 7 R A A L ki 5l
AV IR, B 008 A G 56 X 2 3 P SR A A 3
ITREE S R, IRTURME KGR, BaE A A
T AERR PEAITE SO A, T ) B A 2R B S A AL
RS, DTN GOSN TR P AR 5 Ak
SJREROR, B 2D PR AEBEAT Y208 S .

2.3 £7T 2D/3D B & BIRFIERIILSRTEA

ff I RNN W % 55 Al [ 288 77 925 6 40 43
CNN HFEHEAT G 1 75 15 0] DA 7 (8 S0 B A5 REAE
PEHUBL e 5518 5 B ) o 2 v I 2k, (H CNN BB
AR A — R SR AT 1, L 5 AN R R AT AR 02 43
B, 1 H ONN $FEL 51384 2 )5, Al fES
AT S I AE R E R TR, BR iR Tk,
WFFE IR L 3D B AR 1 77 26 A0 AT ) B 25
TEIEAT G, K 2 Sl R AE $2 B 55 B JaRr A1E S Bl oy
— A, B BB 0% 4 EURL A ot A (1 B A SURRAIE,
REB8 12 18 I S B S FRAE.

Ji T 2013 FF4EH —Fh 3D BAAMLS ) T
SIAER 0. A AR B TR 2 FE 51N CNN 4%, AH AR
(1) 22 AN AT A R 2 38 38 (5 B kAT B LS whi ik AR
e, TN BT B REAE A R AE — A A )
FER L. AH BTz B F S B BOR, HIR
g, ke S5 HAh 7 A AR A IEA A . Tran
SR ZEE FHENIERZ, BT R
R 3D M4 (C3D), FHIEshEIRAMTES L3RBT
PEREZAEY. BLJE, AT C3D MR /E AR ATERE
R EIZEF B2 —, ¥ C3D Rk HEZ Fh
MBEAT 55 b FEAAT R A0, WF 75 N 03 4 FH 7K
B AT N EAE S (W0 Sports 1MPPY, Activity
NetP9 25) F IR 5e SR 1) C3D AR B B AR 1) I

THRHIE, FR454 RNN. LG8 M V2= JIHLH] 254
K, CHUF— R TR, i 0 1) & 52 4
TR RS, JET 3D B FURRIE B AL AT I8 3 A HE
2l 8 Frow, XA Bk T 3D BAREZ )5,
— M T LG I ME /B KA RS RNN 751
LB E = IHLEINT 3D SRS AE AT B IR AL BE ) AR
JEIENIE 5 B AT fRD, AR IR B A
2.3.1  ET 3D EFRFFERIL I & R ik

5 RNN FHIEEAE, 3D BRI L e [H 4
FRAWAT (1) 25 350 5 A5 R, 6o e b ) 5 2 i 1
SO GARHE R B AL S RHIE B A BT R A e
7. Yao 25K 3D 5 AR W48 BB, K 25
FH T 185 R AT 55 . 127 7 8 e F MAT s ) 24 5
R ESARM, FEEH HOG. HOF A1 MBH
X H AT RIE, AR5 K ik Ntk 52 5E 1 3D B
W 2% SRR BRI S5 R RFAE. MATTIE I N T iE R
JINLE, FEAS R BF [8] 25 AN R 9 3D B 25 KR 4iE 2 e
ANFEFIALE, 18 FH/E A) T 2E R, Shetty 55 93K
AP RN R 3 A T AT CNIN 44 RFAIE
C3D FFAE K ZFhF THFAE, FE08 A F 14 6% 3L
EN LSTM M4, A i idiBa); R B W0 W
2806 A2 BRI A REAT VR, RS ALE B A A
MIREAEZH &0 eI TAE/E 2016 4/ MSR-VTT
LA IR K FE 3R TR 7 s, X3t C3D 4F
FEAY RE BN IR BE 10k (A I 2SRRI, 3B mT 53
2R 15 BE S 59 RFAE REAT ELAR, 3E— B3R T A2 ik
AV R, JLSE, 7F Pan 254 HSE LR T
PER20 7 Mun S5 56 WA AR Jld s 6 4 1 AR o,
WA T C3D RRE, Al 5 HAWRE 5 7 % [
TAE, BRE TR M RE.

Yu e — T A 2R PR ER SR D e R
2% K NS PR BR R AL ) Rl N B 3 R B A
AR B T — P E AL TN (Recurrent gaze
prediction, RGP) &, fEFERALST) 2D /3D &

* https://github.com/gtoderici/sports-1m-dataset /blob /wiki/Project-
Home.md
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DT,

v % 48 %
3D HFE
AL by
== PN NFE
N RN FARAT I
| okt - JrEk.
::> R?\T'N fl> Two men
I— | t, are shown
I WI;IT 5;‘3‘: I in playing
Co— X racket ball.
: o
[T
I EEI |
e __l 1y

K8 HT 3D BRI KLU IR AHE L

Fig.8

FRAE )&, K Hak Nzt 15 202 (a4 B i =
1D, FFXF 183 BUK XS REAT AL R TX
I AL GRU M2 RN IE 30 Fr BURS AR EAT 1N 35
EREED, HEE& B IE R R
AR IR TE R, Wang S804 1 fif tk LSTM M 28+ £
B S B R  18 SR A 1R) i, SR 7 —Fof
Z R ILIZEA (Multimodal memory model, M3).
W S FEEUATI 2D (VGGNet? GoogLeNet!'”)
13D (C3DM) BRURFL, R JA & ek JIL, K
HIE A M3 #on, WG AE B ATE 5 5 I
Az R AE B XA TR T A B AR
KT REALAURS AL AT P S AR 5 2, HS 1
GBI B 24 RNN AL BT Z 4L, (2
EARIE 5 F R SN R G, (I
LIz, LR 51 F 115 SO 57, 1 30R
TH T AR T AR A A HERA 1

Pei SN 2/ B E R AEI GRS 5 7873
FZYRAS R A SR AL (A R —1A)iE), 23
A IR )T AN BEA ROM FH HAd L e B 1) bR S0
BN, AR T M R R L RS A
/2% (Memory-attended recurrent network,
MARN), H 5535 0050 78 SO0 R R BE . 1% 77
V1 PR AT 2D A1 3D B RURHIE, JEiE vE
B AIHUEAS R REAT Bl 4, R E A —Fhciz
SRR TN ST SR 58 &R B e F
GRU W4 28 ££ & A~ I 8] 22 b At 500031 V27T, Li
SR T 2D /3D B B 2% S UL 1 5% S AN 2l
I AR, BT E T ARRIEE R,
MALGE DX IRIE T 0 MR B KOCARER 155 )R
T 22 B A A5 R BEAT O AU, BT A 1) 1 1)

The 3D CNN based framework for video captioning and description

W7, Chen &K H T Rl & 2D /3D & HRRHIE.
MFCC (Mel frequency cepstrum coefficient) ¥ 4l
RPAE (0 22 BEARFAIE, X AAIREAT BE N 41T B0 (H
HATIAS R ELRERE b 5 R RFAEIE NS 5 AT AT A
i, MR BT 1 —FhdE T G| 3 R IR A A .
IR B e B LB RHIE NS5 5] 1 208 AT REN)
Fe i AR A R 5 T U A R AR s M i e
B LA S RO SE T, B e R R B A AL T AR
PR 23 e 0 05 SR N 2038 5 AR b R 08 A e
TR 5] SRR A T AR, SRR
AR SR HEAT I 2 A B, TR S A
ARA] T R B ORALGE A 2 AT e 4 A g [
e NEHE A S HEAT Y2408 5 20 #r s IR 3 X LSTM
W0 28 R IBCEE DR 7 AR REAT 20 R, R R N e
— T H AR BRI AP o 3 5 BG4
AT Gan 58 TARC BAARIEZ AL, # A2 K 2
—J7 I RLE A AR R K — 38 73, Sl Ay
S Z T T A B IR 53R Pan 25 MAESS
i RE AR, N JORT I 2 SO0 B e 2= TR e A
) TR AR Z ARG 2D /3D &
BURFEAR N3 SURFAE, AR T S0E R, A
Mg e A 0 SR S R o 1) 254 SR B
fiE, JF#E LI 25 Bl (Spatio-temporal graph), i
P 2 A 48] 2% 412 B 2% 1 SR BAE I 3 38 1) 5 LR
fib. BEAh, MATTIE SR HY T — b3 X R KR
FETULH], @I TSR O RAEH 55 BT O
AN 03 SRR RN A ) KL B AT A R AR
e, EErMER, LOAT AR S RiL. Hem-
alatha 5552 H—FPRE g kil 51 HIAURR A B
JiEM, HEg Se A A 2D Al 3D R I 2% SR I ATURR
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fiE, SR e — R B 5 IR TR A R (Vec-
tor of local aggregated descriptors, VLAD) $ZH(J7
IEXPRFEEAT B A 3L, IFARYE S 2 AR U 1
PR2E (Tag) W ALATHEAT #5318 . Cherian 55y LI
B B AR B AN, BT T R s R
14 (Spatio-temporal and temporo-spatial atten-
tion model, STaTS)™, H&fiiH 13D (Infalated
3D CNN) #AI & Faster R-CNN $2ELARAFE,
A 2 (BRI T 5 A 2 TN R A0 L. 2Bk,
Wang 55 A F 17 oAt 08 2 115 PR 2%, i H
2D /3D J Faster R-CNN X AR E2E 4T $2 U,
LB ER, SRR A AR, AN, Hou 55
S A P i T T VR R K A i 24 2 R 1 AR AL
IR TTVE, AATHOR A T 2D /3D HFAE xS HL At
1T9mts, SR G @It R AR % (Part-of-speech, POS)
AR ) T RO AR S R AT 2RIE, S5 AR
SHEHATRR A 2] AU,

AN, Zhang ZEWAIH T 2D /3D FAEXS #1401
BEAT AL GE FFAE G 6. A T8 S A S — R B X B ok
F 2 S T A R e R AL E K 2R, 3R E 2 1Y
T SCHARTT, PRAT TIN5 AL AR AE, IR UM
HiF7 5~ 2] (Teacher recommended learning, TRL)
SRIE, 5INKREANERIE 5 B8 AR, a1
K J2 @ (Long-tailed problem)™. Zheng &5 42 H
— b AR RN S B A 1T AN R A R,
AT T AL bR A B 32 H R B AR TE S
TR 0 R SIS, T TAR 2 R T
PLBE XS BRI 5 08 T, 3 H A2 BLoR i RD
D9t A AT I T[] A A 0 3 641 SO RN SN
5B S ST 3, R 2 A A S
REAT I, Hou S84EAEA] 3D A5 R 3 B ATURFAIE
Ji, MR R AL DR ALE R N T SO TRV TR B SO,
T 3 A P o 2 X 24 0o T S P HEAT G i 5 Ok R AR
T A A R .

bR 1 ELIEAE 3D BAREFESL, DHICEIE T K
T EATALL T BE (I PR SR IR, DAY BE 8 5
TN FE 73 M P2 8 R AL A I 2245 5. Chen 5504
G A RININ ) 28 6 R AU AT 20 285 i 5% P PO 5 52
TR JBKE R, etk 7 — R P T AR B AR 45
R AR CNN RFAEBEAT 86 R s A5 2%
WIRFAE 5. SR TSR B R AR A S EA R D 2 R s
AER AR F R, I 5] NI R & L AN R
I3 AR AE BEAT DOl S9E , 38 5 78 265 AR X 28 5
By N R PRFALE 25 6V S AL AT R . XA
I EXT 3D BARM 28 BEAT 1 FRRRIT, R 2 45k
R4 X I SR A S BB R =B i 1 70,
TS TR RETT 2 (P HES ) 6 AR I 28 5 B ) 2%

BAREEAT A4, 5ok 7 3D B 5 RNN ¥
2 KB [ 5 R ey, EDRE EA R 1IN R RRAE IR TR
M. Liu 888 1 5N 7 o3 A 2 R A A5
B, R T —Me 7 EREH (Temporal convolu-
tional block, TCB) fAE RNN Xf #4147 REAE
i, BT BT T A B RS S “HLETE -
BT WA B A 5% 505, AR TR I
AR PR 2% 70 SR A [ At 3 7 kAT X ) ke, JF 4
& RNN W28 4 Bie N Bk 0. iz 07k H 75X
P DAL R, LEAR D PN 25 G AL 3 23 A 45 &
7 TCB W Hahdmbd s, i JE AL B A iz
(A PR 22 e v SR O, 6Pz 20 SR AT AR AL [ I {5 FH
454 TCB IR —TH & BRE 18 SR 73 > SEBLAR
WA 515 T B SO SF. 55 a2 A
W EE PR AT RS, 3R T4 TR, Aafag
SV WIEAT BN RO REE e b 2 SR THE
REMCBER R 2 —. AT EARMAEH T 2D /3D FF
AiE, AHFFEAS K H B A TR 5 LAY el d i HoAth
77 %) 2D /3D FRAE AT I BT, R4 JE K
AR N (8 B AR e SR AE BEAT BRI B 5 R4,
R 2 RN 4L ARG 456 H bRl )1k
W, Y240 58 2 A 0 0 RAE S, HRAE CE N FE
B INPIRAE . e a0l e e e, Hof ik A
WZ GRU W28 34T fifehsy, gk AF pfiiadk &) 151, ]
DA, X5 TAE AN R T 3D UL 1) faj
A, T2 A = O B FE AT AR e, SO
A THT TR N A2 3 WA (A 50T 2 R AE, I3
BUCEF S, BHEARGEANZIE ST, K
A R o AN AR R 5
2.3.2  ET 3D BRFEMINE KRR 554
kxR

548 7 51 X 28 A B i ik 25100, AATTH 4R
A 3D BRURHIE IR A i R i iR 1 ) B 45
I RIR BB, Yu 508 T oRAb R SR ) T ANRE 8 B
TR AN 25 1 Bk e, Bt 7 — M2 ik RNN #
AL, R —RUARAE 182 2% N 5 T BRI R iR ) 2,
ZITVEE S C3DM 5 iDT B $ B AUy
fiE, RN 55 AH L &) IR R R BEAT k&, TR
P —2 RNN Mzg b (AR H GRU). ZZEHith
SRR AT 455 )5, A8 R T 2 5 L] S I
M s 5B F Z AP 55 [R5 —48 RNN (1)
R IE N 4 RNN W%, 5479k A Uk
fE )i, I EBCE K EDIRAS, IR H R [R5
— 2% RNN 2%, XM 777 AR IE & RNN
W 28 P R BB S B 3 AR AR, (H L RN & T 428818 5
(F)F) ZIE IR FR, BAL T AN Z B e 2
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NORER, [FI s = T Ik 8 2% Bk, RAEH
) G R N RO BAE BUAE R, A R 22 26 6)
T B R IR L B, B B I 25 K A RRALE
f) 4% R A Rl Bk = RAE 1. Tashin N4 5
13D ik 5 VGGish & SRR XS FE A 3E 47 9 B 3R
ik, W T — RO 0 28 (Bi-modal trans-
former), 3T SIS A7 5 2% AR IR AR B R A
PAE MR HARE AL fai v, PERE LB, Park S5 )42
HH — ol T By 3 R R R PR 22 5% ) T AR AR 1),
AT IR A 13D R AL SR BRI, R AE, 45 &
FRAE, 88 FH % e 2 A 0 AR i R 2 SR 1B R iR
It I NV B A Ak L 22 2% 15 A1) 2 18] B AH LA UK
. X7 SO RS MRRAE, (BT ECRIRS, %
VB BN BEAR A 2 (AT RN e DRI A8 4R O .

Krishna S WHH T —Fpii m) F4E 1 2% /A
JHER A 3D A M S R BABUREE, 28 J5 ks 3
IEN— Pk IR FE BEHE (Deep action pro-
posals, DAP) fH0 - DISRECAS [R] S50 R L rT g
AT, I o TR FAT RS2 50 H IR N TE
A A 25 G A AR A I T SOAE B AR R A
WA ZITEAB RS BUE A, A Z]
RAZYE A TR TR SOORTE, T A& LA RE S A B
InATH T VR R O B bR, @ik 51 N 2R
PR IHLR, {575 H P Be 8 38 #IR 42 07 o th 1 A
AN 5. Li S WSk — A A AR e Ar 5 4
A AT B S A, T S B R P N SR B e AR
BARK, %718 R 3D B A 2% 5 B A
M BB SRR, SR 5 45 A Al B s S S A
AT HEE ) A, IR R R AL . %
MR HEMH T G, EREEMERNES, 460
@M, IENE F A AT AR (1 S B AT B
KM% METEOR 4845 1 56 5 ST HE 2828479
1b). BA R, HEE A DR A
S S T T R FH i 380 0 (14) 7 SR AT YN, B9 15
i, WGRBON T, HAEA AR, 288 T REIU
RA)T, BEREMSEHANE. Wang S/ C3D
TR SE AR AL 5 , A58 — it e A R A5 B
XTSI A AT HEIR , SR A g — P T A () It
=18 SCORIRAGE AL A0 A 1 25 B iR .

Park 55 Wt WL ES R 40 138 A= Bl i) @3, % FH
T X4 2] (Adversarial learning) B, f#F A2
A RS F A A B 2 Ak T gk ) 1, R
F 0 2 6 FLFEAT B AR R B, fhATTE S g
HCALA) 2D /3D 45 AR RFAE B A0 o X 38045 ARRALE
FAE A B MU REAESEAT Rl G, ARG A kN
TEE A AEVNZRIN ) JE I B v Ao ) ) 2 ) BT )

TS AH R A R ORICRE I, A A 5 P00 4% VAl A1)
TN 5 E SE B ER R, SRR R EA)
X 5 s T SEAS R R 2 1A R SR IR R 5 A Jm AR
i = IR ZE R AL s P (N S RO AT AL ST

BEAR

I A R AL AT AR AT DUR I, 1R 2
BRG] 7 2 P RrAE AL B 75, T 3D &
BURFE RO H— o 456 Fr A A RFE S RNN
FE VR AR B B T7 V5, WA R 4T BE N 7870 Y
ZH8 5 R M T e M 2 e SRR R L,
ST AVIERHE, 18 FHRTE A B4R

W A8 FH 5 53 2% 1 7 9200 A AR AIE 1E 4T 2 10 4h,
WHCHE 5 FE AL SRS IS 5 Y, LA A5 515
B PR A SR AR LR A 55 7 AR T M e
BEE H ARG 5 A B ORI R, B FiE S 2 T
ORI SERFAE R 7870 4248 15 ) FH 45 7 T e R 3R
B, T2 ATE F R SCRBRZ I8 A L 5L B
RIRW R A, R — 2D ER TR RE.

AN T AL GEHESR T AL T 5 2 ) I ] SR Ak
i (One-hot) 8t Word2Vec 2 g fix A R a) & 1 7
%, WEFCE T URAT T S 9 B AR T8 = AL AR A
PASRE R X ) B AR TE S RFE. 40 Sun 9T R T
VideoBERT HAL™, A5 FIZRAGIE 5 B3 BERT™
SINE T WS AAT 55 o AT Y 35 - i 301 S
e de KL A RE S R VideoBERT #2 BUAR
WU TR 5 RITE SURHIE, JFR 5 S3D (Separable
3D CNN) HpfE S5 & 70—k, il 3% i 48 LA
A2 TR RJHIR . AL, ARATTIE SR T —FhonS B X 1]
s (Contrastive bidirectional transformer) 151
R0 B FEAE FH S3D SR B, 3 F TN 25 5¢
Y BERT BARYSRHUCARFAL, S8 5 4 PRy L8
AN 4 ds, FRES GUER NG, 2172
5%, Luo SR EME M T2 HEHERS
A2 B G — LG8 TINZRA A Ao AT] R o 46k
Al E RS, Wit AR S AN AR g
s A8 5 A8 X Ymb A% SRR 2 S5 AE A 2
A, JFIEE 2 A H bR e O & 2 AR KRR AR A
Bl g b T S AL, DLIRAS SE 47 iR i AE 5
FRIEF L,

Wi
RS S BT, 0 T AR R A B
WEIWEFT H AT 2 BUS EORERE . (HIG 102 Al
FH R 20 0 28 o A AT AE E AT AR, 3D 5 AR I 2% $i
B 25 R AL, 38 2 & MR & 7 1%, HOBA ) T

* https://github.com/google-research /bert
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ML A 8 1 B AL B2 B R k. —
Jit TN R AR R 2 AR, e TR
A BRI (A 9 fror), e d 2 AR
RO R LA, A EARBEE I R 2 g fEat,
TR AT RE R R, HAR IS B I R LS R AL
B IR A

9 EHEERS SN FE KR RS
Fig.9 Video with rich emotion and motion feature

T35 T, A R A PR A R A S
5E BV I7%, Toe TSRS AR
HRAZAY (Bl P AS PR B i 57 T A LAAE
I AMAT 55 Bl S B 9 ey, 9% ), HAB RS A1k
IV A AR BRI WL 7>, 385 A s i 1
B PEAL RN $8 b BT 72 & BEPE MR L A 2 PEE
B 45 7 TR AF AEAR R BReRS . X ix g ] j, AT A2
B SR FIA TAR, $Z a0 AF s X A AT R
gr; A ARSI R R SEHOR, A
BEATIB R 5 RAL. RIS, ZESLI 215 IR,
Hh B AR B S L S IRACHEAT 2R OR . B Al
SEUCER 5 bR R ME ()8, — 7 T AT 45 A A 2
TR, AT PR 52 S FEAS, X6 AR 0 10 A0 A 5 2t
ATV, 53 —J7 i, AR S R R S U0, B
B dhs 22 S KR SR IR AR, 45 5 BT I ZREE
A, B R R A A T AR AR T T RS
MEAPRAN T5 3%, 57T 25 BLA 1 B Sh PRIl 7%,
BT ZE vt L TR PR LA, G5 e FH ] T 0 1
T IR 71 SO PR SE, JF o W S5, K 4
REALGHRPRHEAT XS L, R 75 T R A 5C 320
S, WESRFR AR 5 AN FIE R AR B AR &
REFE, X A B ATV 5 AR HEATIE Y.
S, AU T RUBUbR A S R AT 55, T EIER
ik, H AT RS A B R T5 % B R L
P FR 0 0000 EL A e R R B R RS A T R
TR BRI 55, FIRE R ZAE TV Bl gk
RIE L e A FIRCE 8

SR, 4RI AR XE DAL Py 78 P 46 55 F) 1 Je
AR SCHATIZ I 5 3RS, HR RIS T 5T
SR Z I B AR /RS 2 T R e = %
A B AR 0 M. AR IR, 1E F S AL
AR B T PR B A R AR BE A5 B, i s
H 5 % Mo S A 2 M) R RIS AL B 156 S 2,

W e RIAE BRI RS SESdg srh, A%
LR ZUE R (0% B4R B YEECA AR S (T
AL RS AR A R AE B 1), E IR L
RS (A0 K RAREE) I, WA 2 4 2 Pl o
G (I BTN SCERL 58 R AE) X AT 4R HERE.
Toie R A o S 5 A 518 5 A2 4K
B, I 2 AR 25 b S 50 RO 1 SRR AT HE R, #RR
TN AR R ()R] AR PR HEAT IR N B PR AR S 20T
BETT R L IR s AT HLEE, e A Wt 5
k.
3 HEXBEESITNGE

PRATR AR 1 A5 463 R 36k 5 PR e A AL 4
FIAL AT S5 (A2 200, H Fnfarinhe1l, E g/
PR, R0 10° 48 BEINA 2% . AR AR B 5
BT GE Tt o3 i, AP $R AR AT ZEXHRIE T
TEIRERE S A TR B B HEAT VRO, 38 75 2 X A1)
THITE X E AT & R HE S A Ry
J7 T, AT R R SRR, FEARTE
I, 340 75 e A FH ] A HE B 2 5 AP A 1 SR B
JE, VA RCEE S A)T I RE BT VE 518 S, M R AR
DNFEIN | By TN T B i = O AL A
155, anRha 15 B AR B KRS TE SUIZ 3 AL
FIR , OO T bR BT 5 HE B A g T D IR
H AT, B1x HLA0 fa] B IA L 5 S 1A 5 G5 M AL il ik
SN AT REHRLE; R, AR ARS8
PEH Y BLEU (Bilingual evaluation understudy)™,
METEOR (Metric for evaluation of translation
with explicit ordering)", ROUGE-L (Recall-ori-
ented understudy for gisting evaluation)"™ ZPFAf
Jiik, JER SN B R R AT 55 b Onk AR B
RBEAT 22 77 25 B A B AT H ) BRI
KA M OVEMN 7 1%, LA /- R M e AT T
P 5 L4

3.1 STk B RN G ESENR

H TS (SR A 5 B IR ) 4
K5 HLEE R R AL RmAR, KRt 2 2
HLas B ie b i AR S5 05, Bl EF S5 4]+
551 i A) -3 AT R B A, vt v P R B A
i, HRSEN T S5E RGP ESE.
AT, 7E 2 B Hd TR, AMT—ffEH] BLEUM,
METEOR!"", ROUGE-L" 5 CIDEr (Consensus-
based image description evaluation)!"" Z&F5HR%}
A R IR ) AT 25 S VRN . X T BLEU #8475,
N A1 4 PUASFHEFR BLEU-1 (B-1)s BLEU-2 (B-
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2). BLEU-3 (B-3) 5 BLEU-4 (B-4). % /jEE %
WA TR AR T 52 %F A T “n-Jul (n-gram)”
MIDCECRERE (Horh ne {1, 2, 3, 4}), NAERAFiE
T4, n BUEBK, H BLEU-n 2MES &,
)7 & SRR G . ZFRbs TR ot T BT
YA TR N TS A) 7, AT IR,
BEARAH S 436 . BLEU $EARAE 0S5 AL i) 7 it
WATRONE B R, (BT HE g4 AT
IR/ AR T A AR 22 (Precision), K EH
[1]2R (Recall), [F e DL B AE BRA) T 1018 EE
FERE.

METEOR. 752 ] [F) i e Joit 1 A= i) 73] 7/
FOEEFS A HNERES AR EfHZ T
Fic Xt 55 9 7 3% ORE B DT IC S [+) SR DT IRE S 3] KR DT 7 )
AT A, FELLZES KNS A K1)
P N HERR %, LS S 0] 7K E A A R 2,
SR A8 R R AE I 7 3, TR B AR R T BTN 4
. A, METEOR J7 ¥4 52 ST AR R 4E i (A
T, AR T ) 7 & B R OE, YA T )
WL /AR T 525 A T A — 8, HESTHE T
KRR, BRARXS BB AN IT AU A
)T R I T T VR AT RO A BRIV, X
HiE N FEEHEE MR T — R E N (]
7R SR VLR SR AR U AT ), R b N o2
WITE MR 5 G MRIRT S, R EE Y
PEIZRIE, METEOR J7 % AE05 55 o & #i i e ik H
ZX4A)TIEXEEEE. B METEOR 74,
ROUGE-L J7 ik B[R 25 1& 1 i 2 5 B 4>
RE. 17750 LT K AL T H# (Longest com-
mon subsequence, LCS) B S, &% 4] F1E4
AT R K AT R KRS AR T KER
EENHERZ, LSS %0 7KW HEE 8 A B
R e it E IR EE TN o E. XTI,
ROUGE-L J5 i B et 7 A [l 2, (HH T OS]
THIETHHE, TP BN R,

Xt & BLEU. METEOR, £+ ROUGE-L,
FARL T H R L2 B PR 1 IR 55, (EAE ML A B i
R4, HiB s & LEA M, AR B
Hk A Z 0 8. TR EERE T S, A E R
NHTHAR 56, I, BLRCS T4 50 A 25 1) B A
ETTREA IR KX A, PRt AR 1 7] 77 A1) U5 44
FHAR] /R 15 BEAR RIS S5 7 AR AR R 22 3. I,
Vedantam 5542 — M5 Thryd <L (18R, IF
Wit 7 CIDEr $8Ax"", S3l 58 B AT o 14 i 40 vt
A )E SCHEVEAY . BARCR UL, CIDEr #5556
G/ ARATUN B (1) B 2 2% 1) T4 A — A 34K,

geit e “n-guf oA, IR CAON IR, AR
AT “n-JTH” BT AFEK TF-iDT (Term
frequency-inverse document frequency) HUH; 285
DL TF-iDT E 58 “n-Judl” AEER, iHE S
F 4] 54 A1 2 (AN AHABLRE 45 H VT A 1A
AN, Anderson %5 U] AR B 15 SO G vHERF 1A 1) AR B
H&, Wit 7 SPICE (Semantic propositional im-
age caption evaluation) FFANFEARML 1% 77 A8 A
BT WRN LN R SGERWTT %, MEHH) T
54 Bua) TR AT O TE SO S SRR, R
JE oy A R “n-Jnd7 S DL R,
THEA )T 522 0) 1 SRR SO R TLAS
FEJE, BRfE% METEOR W75, KA R IL
B [F] S inl TUAC 5 4 AR DT E () 77 SR Gi b 5 B &
SRJG VAR BA) O SO R HETR RS 1 0] %
KA RFIE R J7 ikt H 2454y SPICE #Ehrtl
B8 50y - T 467 B A i) 1 PR S, (H N
FIEFFA NG SO R (A0, Bita. J& 1 5%), Xt
ANASTE L (ISR, % RAALEE) [ n] AN 08 1
Ty, 5 0T 88 2% ) - R0 SO 4 . AE 6 ABE A ik AT
ARV IS, — AR 456 2 P dabs, 2 AN
AR ) TR BT, PR R AT S A B PEA
(3%F BLEU. METEOR. ROUGE-L. CIDEr ¥
h¥abr, HETCA BAARRAID SR

B LB B SR vES, AT AN T
VEXTA)FREAT AT 2 P WAE SRR S A5 ARSI R ST
A MSR-VTT Hetl e vhr | 20 23355065 $2 58 1 AE
) FAUE R BLEU. METEOR. CIDEr 548 b5 %
g5 FFAT VR, A AN 6 AR ) 1 1 3 B
FHOCME K n] I O6F B N BT 35 B AR BE) &6 07 T i
AT VR, 703K 58 Ay o) B R 1 e AT VR AELRS
TR R, N TmFestE R, H2R
TUFHE AN NGS, A RAH — @m0,
ERR SIS Xy, A S 8E, ANFE RV AT
Reor HEAN R 45

IS LA SR PPN 7V S S 5 2 B AT
PAACIR, =4 HH8 bR — s 2 1 [ 8 FH A R 155
FEAN R AR FL A B 00 2 AT BEA T AN TR, (AT Ay B
i — AR AR HAE DL TR 4] 1 B AT BN & B
PO, JU R S dn Rl A 1 B S0 ML XU
AT SCAE 7 T B S f R AT 55, AT 7 Ve LUK
FLHEAT A RO, Aokt T Rl 15 BAE SRR IR
1155, A3 BLEU 8i# CIDEr (7 EH G, (HA)
THIHFA—EOEHERE R, MM, A s
BAHBOVEE RIS S B E PN AR 2B

® https://github.com/tylin/coco-caption

® http://ms-multimedia-challenge.com /2017 /challenge
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WA RER, R R A P BLAT (DA 48 A xE DLX 3k
1T X AT 55 A R BEAT BON & B A HE 51T
M. FEARRIX — o) RIS, 75 BT B F 1] A A
PR FVC RN A PR 548 RS 5 BT A
Wrighs, [FIR 555G 00E ) H A8 65 (10 BLEU,
METEOR. CIDEr %) %f f) 7T 255 VP

3.2 PRSEREE SR BIESR

XF AT, H R Y S RS A
JEAl XG0 7 TR 4ERE, B A TN Ak,
BEATE Ui R IRl B ARE S 3T RIS E N
Me. PRI, HCHE 4R (R g B INRERST 3% 0. H Rl A T
A IR B SR 2 b TR G A A A IR
PIRLAAE 2 & AN S BB, WA BN .
EWFFCRIRN, A3 AR % SR IR 5 B s i iR
PAESS, B =4 7 H T IR AR5 R 4. &
BN B =R R AT A, IR A R
RERIZE L B R R B, I 24 A A7 AE 14 Il 8 A
THT I P IR 3
3.2.1 N R BIEE R SREMEE

TEAL GEANATRE IR A0, 5040 3 iIUIURR AL, 5F
T b A A S v P R R ) T SRR AR Y
PERE, BN L A 2 2 AU — A DG B e
. HETRAT IR A s 4 32 24 MSVD™,
DL B K MSR-VTT2016%MY. MSVD $#i 4 th
T e e AT, S8 1970 AN, I — R
F2 (10 ~ 25 7)), MU BB R, 228 —40g
s fE (WYIse. 855, R ES A 24
RIS A7, — M A S o, e 80827
AT, A IAO B 1 A) T BN — (B 2 HUER
76 20 25 LA b 32 BECE FH R 2 bR, 1200 AR
JOOF L 48 774 2] H TR ZE, 100 SR
LRI 4290 A7 TS50, K4 670 N
A $L 27763 457 TR RLIUAR. % E s 4
R Rz, AR sz —. HA
ol 10 fros.

F T AN [ AR AT AIE A8 7 2010 38 40 VAR 7R A
% MSVD _ERIMRERIWIER 1~3% 4 fioR. 4,
AT, AR [RIASE A BT A5 FH A A0 o R 2R 28 T g
A, B sk = A, Bk b X TR
REAE PR Ak 38 AN 2 T v e 1 7R 12 R 1 = LA
oy RIS A0 15 S 2R ] BE M IR 1 B S R
fiET7 3K, TERRL JE W FL kAT & B R AR S, ThRE
RAFECN RUF R RER I (W1 RecNet FE 17450,
(H5 R A S S BFHESEAH LG, HrERe I A 75 5,

=

R1: A squirrel is eating a peanut.

R2: A chipmunk is eating a nut.
R3: A squirrel eating a fruit.
R4: A rat is playing and eating something.

R5: A small animal is chewing on a nut.

——_

.
— W | —p

=t -
- = m wEillllTs " " = = .

R1: A woman is slicing a strawberry.
R2: She teaching strobery food making.
R3: A chef cuts the leaves off of strawberries.

R4: A person is cutting the stems off of strawberries.

R5: A woman is removing head of strawberry.

K10 MSVD Hdlaf i nan ] (IZR5E)
Fig.10 Examples from MSVD (training set)
R T UIFSRHESIE /R KA FREAE MS-
VD Hfi sk LR TERER L (%)
Table 1  Performance (%) of a few popular models
based on visual sequential feature with mean/max

pooling on MSVD

Methods (77%) B-1 B2 B3 B4 METEOR CIDEr

LSTM-YT® 333 291
DFS-CM(Mean)?  80.0 67.4 56.8 46.5  33.6 —
DFS-CM(Max) " 798 67.3 57.1 47.1 341 —

LSTM-E®! 78.8 66.0 554 453  31.0 —
LSTM-TSAp 82.8 72.0 628 528 335 74.0
MS-RNN(R)!"? 82.9 72.6 63.5 533  33.8 74.8

RecNet . (SA-LSTM)H! 52.3 341 80.3

PRl g 5 A, 2 2 e A AR B AR A (1) H A 5 R PR R —
. R, SR S A 2 5T SR % A M AP R 2
BONE R BARF B2 — (W1 SibNet FLAIN) i
Ah, ¥s 2 FRFE AL BE 5 VR4S A ik, d3E— 2D ik
TBE AL 5N 2 A S 56 KU (AR T RO
P00 ) A ATk B R T Y TR £ v A 1 N
BT UM

XFF MSR-VTT2016 £ Ha4EM ) 2 it
FBEUCEE I R AT . HoR A T £ r 778, A
20 Mo, B E 257 AN R ZRAH S, AH
tT MSVD, a4 8 K, 45 7 10000 B

" http://www.cs.utexas.edu/users/ml/clamp/videoDescription/YouTubeClips.tar

% http://ms-multimedia-challenge.com /2017 /dataset
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F 2 AT HFH RNN MR SR AR R E MS-
VD Hfla g ERPERERIL (%)
Table 2 Performance (%) of a few popular models based

on visual sequential feature with RNN on MSVD

Methods (777%) B-1 B-2 B-3 B4 METEOR CIDEr
S2vVTE _ = = — 29.8 —
Res-F2F(G-R101-152)%  82.8 71.7 62.4 524 35.7 84.3
R
HRNE with attention®™ 79.2 66.3 55.1 43.8 33.1 —
Boundary-aware encoder® — — — 425 324 63.5
hLSTMat!*! 82.9 72.2 63.0 53.0 33.6 —
Li et al™ —  — — 480 31.6 68.8
MGSA (I+C)® — 534 350 867
LSTM-GAN! —  — — 429 30.4 —
PickNet(V4+L+C)"  — —  — 523 333 765

R 3 HEET 3D BRURFERIBIRAE MSVD Kt B
PERERIL (%)
Table 3 Performance (%) of a few popular models based

on 3D visual feature on MSVD

Methods (/77%) B-1 B-2 B-3 B4 METEOR CIDEr
ETS(Local+Global)™®  — — — 419 29.6 51.7
M? -inv3® 81.6 714 62.3 52.0 32.2 —
SAAT —  — — 465 33.5 81.0
Topic-guided® 493 339 83.0
ORG-TRL™ —  —  — 543 36.4 95.2
F4 FAES ERBAE MSVD _EMPERERIL (%)

Table 4  Performance (%) of a few other popular
models on MSVD
Methods (J77%) B-4 METEOR CIDEr
FGM™ 13.7 23.9
TDConvED I™ 53.3 33.8 76.4
SibNet™! 54.2 34.8 88.2
GRU-EVE, g qom(CI)™ 47.9 35.0 78.1

(BT 29 41.2 /BT BB B 20 26575
F)F-. HRRAE FFIN, 7010 BRASR K =t 4] 1 FH
TR ZRANIGAE (Hodh 6513 BLAA S 5% 4) 1
T gk, 497 BN S % 4) 7+ H T 28310,
HAR 2990 Bk 2% A) 5 H Tk, B 114
22 G SN I

TEAZEHE b, HArs HorErf s R Ik 5~
xS PN, HEERATUE W, iz b, S
IPERER IS TE MSVD a4 L1 1 Re il H2A,
{HEEART 5, K S0 /B AR AR B R AE Ak
7 MR MR VK )5 T RNN Pl i S
3D G RRHIE B VAT, B 12 R RER T

¥ M 48 &
2 S ~R1: A cat and a monkey are playing|
E s g - R2: A monkey and a cat playing
e =] with each other.
S R3: Adorable monkey playing with
' l - a kitty.
g | R4: Monkey swinging from a tree.
o A

~ R5: Amonkey and cat are fighting.

®R1: A crazy man interacts with
abraham lincoln.

R2: A man is wearing a top hat.

R3: A man walks with a friend.

R4: A play is acted out.

R5: A skite played for vote
canvasing by abraham lincon.

B 11 MSR-VTT2016 Hils i o n bl (VIZxd)
Fig.11 Examples from MSR-VTT2016 (training set)
®5  EET UG SIE /R E R AE MSR-

VTT2016 FHE4E LRI (%)
Table 5  Performance (%) of visual sequential feature
based models with mean/max pooling on MSR-VTT2016

Methods (777%) B-1 B2 B3 B4 METEOR CIDEr
LSTM-YT® 75.9 60.6 46.5 35.4 26.3 —
MS-RNN! 39.8 26.1 40.9

RecNetjoe(SA-LSTM) — 391 26.6 42.7
ruc-uva'? —  —  — 387 26.9 45.9
Aalto™ —  —  — 411 27.7 46.4
R6 T RNN MG T AR AL @R AR MSR-
VTT2016 #a e ERITERERIL (%)
Table 6 Performance (%) of a few popular models based

on visual sequential feature with RNN on MRT-VTT2016

Methods (77%) B-1 B2 B3 B4 METEOR CIDEr

Res-F2F (G-R101-152)% 81.1 67.2 53.7 414  20.0 489
hLSTMat!"" 38.3 26.3

Li et al*? 76.1 62.1 49.1 375 26.4 —

MGSA (I+A+C)™ —  — — 454 28.6 50.1
LSTM-GAN! 36.0 26.1

aL.STM!M7 — —  — 380 26.1 —

VideoLAB!M¥ —  —  — 395 27.7 44.2

PickNet (V4+L+C)! 413 277 441

DenseVidCap*! —  —  — 442 29.4 50.5

ETS(Local+Global)!®™  77.8 62.2 48.1 37.1 28.4 —

H5E T 3D BAVRFIE M) SAAT BRI Ffp A i 1) )
Tl
3.2.2 WSMEE /SR IERE R S RETRE
MBI AR AR, B XENEE, §
AT INAE DO AT RO e B RR. Dk,
FE R T — R HI U G 1l ik B ¥ A 4 3
%, R T 2 AN B0 BRI IE R 4R 123K
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Table 7 Performance (%) of a few popular models based
on 3D visual sequential feature on MRT-VTT2016
Methods (/71%) B-1 B-2 B-3 B4 METEOR CIDEr

ETS(C3D+VGG-19)!"  81.5 65.0 52.5 40.5 29.9 -
M? —inv3® - —  — 381 26.6 —
Topic-guided®! —  —  — 41 293 49.8
ORG-TRL™ 43.6 28.8 50.9
SAAT(RL)™ 79.6 65.9 52.1 39.9 27.7 51.0

* 8 HAhF AR MSR-VTT2016 L ffHERE (%)

Table 8 Performance (%) of other popular models on
MRT-VTT2016
Methods (J7%) B-4 METEOR  CIDEr
TDConvED (R)™ 39.5 27.5 42.8
SibNet™ 41.2 27.8 48.6
GRU-EVE 4 4 s (CD)®™ 38.3 28.4 48.1
v2t navigator!""’ 43.7 29.0 45.7

RF: {*A man explains how to solve a rubik s cube.’; ‘A
man points at a rubex cube.’;'A person discussing how
to solve square puzzle.’; ‘A person is solving a rubik sc-
ube.’; ‘A person showing how to solve a rubix cube.’}
SAAT: A person is solving a rubik s cube.

RF: {‘A man is placing a cup into a microwave.’; ‘A man
using a microwave.’; ‘A man heated a cup of coffee in
the microwave.’; ‘A man is operating a microwaveoven.’}
SAAT: A man is putting a container in the microwave.

B 12 SAAT #RAE R TRl (‘REERSH
BT, “SAAT” FoRBR TR A1)
Fig.12 Candidate sentence examples with SAAT model
(“RF” stands for references, and “SAAT” denotes the
generated sentences with SAAT)

TR PR ke 4 ) T 5 PR L — AW AT A 3 B S PR e
AL 75 B2 FEAR AP (B ik 3 B e, iE
S S A% AL D T SN GRS [RDRE BE 0] R, bR ) T
RS, H AT T P00 4L i st A iR
FIEHE 4 F B FHE ActivityNet Captions®™. You-
Cook]:[l[)[lz[)] %'

¥ ActivityNet Captions it 4E, L5 T

2920000 NS Be, ZHAEAH 3 N RS
f, BEAS SRR AR T T 46 B R R0 45 A ], A
HHREELIH 100000 ZHRIER) . X T 5 BRI
IR, 21 94.6 % WAL N 25 #1 BE 8 4 35 87 Rk
kK, FIRZ)E 10 % PR N2 EE W, X 15
AN TR B S A S A7 A A L B S e i O i —
M A8 7, AR AR 10 024 AN R
(Rt E A T 25, 4926 AL B o3tk T 56
E, FARM 5044 AP K A A T BB, 78
ZAHE A RIS UESE b, R0 o B ) M R
PN 9 ML 10 B, Hh SDVC (Streamlined
dense video captioning) #5845 Az g #1358 7 F A 78
B 13 fros.

x99 T RNN T HRAE R AR BILE Activ-
ityNet captions Z#i4E (3IEHE) MERERIL (%)

Table 9

on visual sequential feature with RNN on ActivityNet

Performance (%) of a few popular models based

captions dataset (validation set)

Methods (771%) Bl B2 B3 B4 METEOR CIDEr
Masked transformer™  9.96 4.81 2.42 1.15 4.98 9.25
TDA-CGPY 10.75 5.06 2.55 1.31 5.86 7.99
MEFT® 13.31 6.13 2.82 1.24 7.08 21.00
Spvce! 17.92 7.99 2.94 0.93 8.82 30.68

£ 10 HAHET 3D HBIUFEFIBIAYLE ActivityNet cap-
tions HUHRAR (WiEAR) T HOMERREIL (%)
Table 10  Performance (%) of a few popular models
based on 3D visual sequential feature on ActivityNet
captions dataset (validation set)

Methods (5%) Bl B2 B3 B4 METEOR CIDEr
DCEM 10.81 457 1.90 0.71 5.69 12.43
DVCH 1222 572 227 0.73 6.93 12.61

MRS A 1, HATH EREAAE BLEU
A CIDEr 2848 b5 ERPEREIF AL, X WA B
Jl ) A R HE AR T B BT 5 1 SOV T T AR A A
FEAR KM BT A 18] i L, 0 ) 2540 AL il ik A Y
AR AE AR R B R L AT IR, W AR BT B
[ B A B 5 A A Sk = AT B R PR AR PP A
PRI, FERTIRIRS 20 AL F U7 T, B0 95 35 SR A L 45
AR Bilig, Dk & G MR/ KUg 5124
B S AR AL T TR A5, 3 A A KR 1] R R A5 A O
FERERS U R A2, AR N &L 2T (PP
Fabs i ST HIE AR Z 2 A, [ERE BT,

? https://cs.stanford.edu/people /ranjaykrishna/densevid/

9 http://youcook2.eecs.umich.edu/
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e, Ground-truth

€
Predicted
RF-el: A man is seen speaking to the camera that leads into
several clips of a gym.
RF-¢2: Many people are seen performing gymnastics on a
mat while the camera follows close behind.
RF-e3: People continue flipping around the gym while also
stopping to speak to the camera.

SDVC-el: A man is seen speaking to the camera while holding
apole and speakingto the camera.

SDVC-e2: The man then jumps onto a mat and begins
performing a routine.

SDVC-e3: The man continues to perform several more tricks
and ends with him jumping down.

Kl 13 SDVC B A I fE R ] (“RF-¢” Ran$%
4], “SDVC-¢” s SDVC B i A)T)

Fig.13  Description examples with SDVC model (“RF-¢”
stands for the references, and “SDVC-¢” denotes the gen-

erated sentences with SDVC)
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