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Transformer-based video captioning with object motion in video

Abstract: Video captioning is the task of describing the events in a video in natural language. However,
few recent studies have focused on the motion” of objects appearing in video. This study aims to generate
captions considering the ”motion” of objects in videos. The proposed method incorporates Cross Attention
that learns the relationship between Optical Flow and RGB values into Transformer. Our method achieves
the same or better results than the conventional methods for evaluation metrics BLEU and METEOR. Our

proposed method were able to produce grammatically and semantically consistent text.
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fN U 724538 Encoder @ 2 -2 ® Encoder % AW T, Optical

Flow & RGB F#OBE#EE 5 L. Transformer &

Decoder, [A] Generator Z3@ L CT¥ v > a Y EERT 3.
MSVD ¥ MSR-VIT D 225D F—&X+t vy FBHWTHE

%17\, BLEU ¥ METEOR % W TR R k% i &

%. X 51T, Optical Flow Z W2 HOFAEICOWTD

RS 5.

2. Transformer

Transformer (& Vaswani 5 [1] 1IZ & » TIRE I N7z, #%
EERZ HRY & L7z ATHIGEET L TH D, RNN % CNN
DfKH DT Attention KRS [2] ZFFD. Attention FEHE %
DI L&D, FHEaXFOETREEOUHNLATFRE
725 TW53. Transformer |& Encoder ¥ Decoder ® 2 DD
BV a—ADLERENS. RS TIE. Transformer %
HifoE7 L LTHRALTE D, LUK T Attention A%
% R X 72 Multi-Head Attention ®DE2>, Transformer
PR T A FEEREY 2 —ICOWTEHHT 3.

2.1 Multi-Head Attention

Encoder. Decoder W75 THW 5TV 3 Multi-Head
Attention 1. AJTOREEFTICEH T 2 Attention HHE
ZEICL TV S, Attention B, HIBRPLEN AN
Nzt =, EGROMEIESCHEER T OBk & OREER DI
EHT 5.

Multi-Head Attention D X— X ¥ 72 - T\ % Attention
B cOMEOHNEZR 1 1TRT. 1 @ matmul, scale,
softmax & Z 2., 1THIE. R —V ¥ 7| softmax B4
BERT. Attention X, ETADPEHETET—& L
AN OBEHEEZHET 5.

ETADENET 57— X% Memory, AJ1% Input &F
% & %, Input 2*5 Query. Memory 2*5 Key & Value D
3ODITHNI AT 5. Attention F¥FEIE. Query & Key @
BEEZEE L, BEHEICHEDO W Value 21T 5. B
ERENZIX. Query & Key DRNFEIC softmax BAECZ B H LT
MR L, ZOfEYL Value & DITFIMEZEHE T 5. Query
% Q. Key % K. Value # V & L7 & %, Attention 135X
(1) TEFEINIS.

matmul H scale ]——[ softmax ]

matmul

Output

B 1 Attention #&HE DR
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Attention(Q, K, V') = softmax < ) V =AV

(1)

Z 2T, di 1¥ Key DRITEL. A X attention weight & M
. Query 25 Memory 2 & 15#H % ¥ ORES| ZH T D
PERTESVWERT. attention weight 23K Z 1 HLUEK
XY, Query & Key ODBHEENEWVWE WS Z 2ITR
3. s VA BAT =V VT T7 722 —=ThHYH. Rtk
PRELLZ D ENEDOEPIKREL R 2D 2P CIREIZ
5, K1 Dscale IZMET 5. R —1 > 7 L7 Attention
% Scaled Dot-Product Attention ¥ ML, F 7z, Input &
Memory 232 [{] UE— K7 — X DI Id Self Attention,
Bz 2E— K7 — X DK:Z Cross Attention & XN 5.
Self Attention (% Encoder & Decoder @ Z 3241 T, Cross
Attention & Decoder DATHEHZXNTWVS.

Attention BT FEE T X — X 2Rl w0, FHT
BT EMTERV. ZORMEZMRT 572912, Multi-Head
Attention MR XN 7.

Multi-Head Attention 3 &RHEEZ L D /NS WRITDIT
FNzaE L. ZRENDOFHE Z L1 Attention ZFtHE L
HAZRLTHET S Z 2T, HHD Attention ¥ 3
2HEMTHE. Q K,V zzheh HEZH T, #heh
head & FHIN 2 H fHD Attention I A1 T5. ¥—72
TV AR S, FHERTC doder D35 2 SR, Multi-Head
Attention N\DAN Q, K,V &, Q,K,V € R5%dmoact T
HH., HIE% head TEHE L7z Scaled Dot-Product At-
tention DAERZFEE L. MMBPEREZIT o 7170 TH 5.
MIEEB DR Z NI X=X 552 e TEEAREL L,
Attention P ORIEZ IR L T\ 3. BIBEHTIE, &
BATHI WS, WK € Rimoaerxd - WV ¢ Ribmoderxdv 72 ]
W, AJMTH Q, K,V ZRRIT2BICH T 5. B,
dgs dy W& dy = dy = dinoder/H TH 2. h HHEOD head 12
Bl 3 Attention TH % head,(Q, K, V) 133 (2) TEFE
N5,

head, (Q, K, V) = Attention(QWS2, KWK VW)
(2)
H fHD head ZFEE L. WO € RlvdvXdmoder 224575357

T3 Z 22k o T, B\i&AY7 Multi-Head Attention D HH
MA(Q,K,V) T» 3K (3) 2185

head; (Q, K,V)
heady(Q, K,V)
heady (Q, K, V)

2.2 Encoder
Encoder i3 LD L A ¥ — MR EINTED, &L
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4 ¥ —1% 2.1 §i T X7z Multi-head Self Attention & .
Position-wise fully connected feed-forward network(FCN)
D2ODY T LAY —hbks. FONZIANEEZERE, B
ML 2FD=a—F 0y VT —2THYH, 2 EIOFEMIE
BriEh=a—n O LBEEIC ReLU BIBZ VT
%. ReLU BIEUIANIA 0 IR THAUX 0, 0 LD KRET
NEIANZZOFEH T 5. BT LA Y —DH 3K
SerE (3] RBIERIL [ L7 b0y s, Hammiy s
LAY —ANDOANTHNE[FA—F T L A ¥ —h 6O 175
ZRELEDEZZETHD., BESLIZLA Y —Z ik
HEZEHLTZ I THS.

ANiT5% X, 1 J@H D Encoder D /1175 % 2 & F
2. 1BHOMH 2 13 (4) TREh 5.

z1 = LayerNorm(z; + FCN(z;)) (4)
z1 = LayerNorm(X + MA(X, X, X)) (5)

Z ZC. LayerNorm 3B EFZERT. 2 JEHURIIFE
DN E AT L. B L EHOHI15 Encoder D 7]
&5,

2.3 Decoder

Decoder {%. Encoder & [AFRIZ LIEDL A Y —H 57
%. %L A4 ¥ —1% Multi-Head Self Attention ¥ Multi-
Head Cross Attention. Position-wise fully connected feed-
forward network @ 3 D% 7L A ¥ —»n 572 %. Encoder
¥ B2 2P, Multi-Head Self Attention ® /7 ¥ En-
coder 205D J1% AJ1 ¥ % Multi-Head Cross Attention
DIFETH 5.

Decoder ND A% Y. Encoder >5DH 1% 2z, De-
coder D 1 BHOH1TH %2 g £ T 5. 1 EHDOHI g4
133K (6) TRENS.

g1 = LayerNorm(a; + FCN(ap)) (6)
a1 = LayerNorm(g; + MA(gy, 2, 2)) (7)
g1 = LayerNorm(Y + MA(Y,Y,Y)) (8)

Z ZT. o & Multi-Head Cross Attention ®H 7% J&1E
L7478 TH 5. Encoder [EIkE. 2 & HLEIERIED
HAHBRENDAT 72D Bk L JEH D HI 153 Decoder
oz, X (7)ITEH, BTORITBWT, Encoder
D J1% Key & Value, Decoder D AJ1% Query & LT,
Encoder ®HJ1 ¥ Decoder D ASJDBEHEZFTHE L TW5.

2.4 Transformer N— X DESERZE

EFtFy 7Y a = IOSTIZEWT, Transformer
Z WO HIHNE 2018 £ D Zhou & [5] 18Xk 2 dH D
TH5. Zhou BIF., BIHANDAXRY MG Ty —V %
XUH, Rjoey—rZiixy 7> avaAEmT 5
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M8 REFF Xy TP a=v 703 XAZ7ICBVT,
Transformer Wz, BRI NLFKIE, BIEORHME
HHT2zya—KEYa—L, ARV IFORYD R
RT27a—KXEVa—), Fx T arviERT 57
I—REI 2= LRI TWS. Zhou 5D ERBRIX.
RNN RX—=Z2DE7/N% WS, Transformer % FWT %]
RETHXFY T a VIl 2EB LI THS.

Tashin 5 [6] &, MR FFD X SRV FE—X N7
[E# %, Transformer ZFHWTHEE TI3ETALEHEL T
W3, WUROAEFE LIGEICHRT, BEEZHHAL T
FET B e TRHEifEEAA LT 2 Z e 2R L.

IS OIFEE. LSTM % Attention % W THAEEH
EF TV 27 OB EEILFE—XURBEKRE LTEY
LTW32, 7Y =2 DX % Transformer % T
EE U TR0,

3. ’EFE

ARETIE, Optical Flow il ¥ RGB Rk > 72D
Transformer XR—2AD7 —F 7 7 F ¥ ITOWVWTtHT 5.
M2RB3IRRTLETLVORAKKTHZ. K2I1ITRT LD
12, $BEFHIZFIT Encoder, Decoder, Generator ® 3 D
DEY 2 —AHhLHEEATVS.

AILERY LT, 7—&ty MIET2Fy 7> a >0
P2 AMEE1TS. F=2 VR ¥y T a VBT
SHEEIZ —HOBKMELH D Y TRT b T 21EHT
H3. b= MLOBET, BEEMTHZEERT A AT
B35, /o, MR TI2HED> SFHBELHMET 2729
12, CNNR—=ZXDETILTDH S Two-stream Infrated 3D
ConvNet (K, I3D)[7] (2. BIiEiD 7 L — 2D RGB AL
Teed & [8] 2ME% L7z RAFT % i\ T457 Optical Flow
AN UL dim RITORHEUE 2 RGB il &E & Optical
Flow F8%15%. Rz, Optical Flow £#% Transformer
L[ABED Encoder NASI L. BED AN LT L OEY
WEHTZRE2ERD S, ZD Encoder LU R Pure
Encoder] & MEX.

Pure Encoder 2> 5 D72 RGB F##% Cross Atten-
tion % 2 7z Encoder ICAJ1$ 5. Z® Encoder % [Cross
Encoder] ¥ MR, Cross Encoder ® ) & R 23
AFENTZT ¥ A b % Decoder NATI L. 2 DD ASIDBER
BB LUIRZ bLVEHTIE 5. Generator Tl Decoder
DHFID SEEEELE TV, softmax BAEIC K - TFER T
OHBHRNPE IR, I 2 THRLERIEVHEL
BEBIRT2ZERDIRT KD XEERERT 3.

3.1 Pure Encoder

Optical Flow Ff#% A 13 % Pure Encoder 1%, Multi-
Head Self Attention 2 & V. Optical Flow R D EE 2
#i87 % R 3 % 1% & 2 D, Pure Encoder & L(> 1) 2»
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Optical Flow
feature Pure
]
5 Encoder
>| RAFT i
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[*]
S
\ 4 \ 4
_ Cross
» 13D > —» Decoder —» Generator —>
| Video RGB Encoder
| oy \ J - —— ~
Frame feature A
Video
[tlall, llmanrl, "Cuts", llalr' "piece", ”Of", ltpaperl!] Emb

Text

B2 REREF oK%K

575 Encoder TH D, ZDHEE X Vaswani SRR L
7z Transformer @ Encoder ¥ 1ZIXF U7ZH, BiEHLE
T RGP ERL S, Vaswani 52484 L 7z Transformer @
Encoder & Attention % FCN ORICBIEFRILZIT-> TWH
B, TBREFIETIX Attention ° FCN DFENZIERLE1T
5. ZAUX, Wang 5 9] XX > TH T LAY —DANICHE
EFULZ B LD EEDPEET B RmENTVEDH
TH5. | JEHOD Pure Encoder DEIEIZR (9) 225K (12)
TERINS.

(zp)iy1 =7 + FCN(¥)) (9)
7i = LayerNorm(~{) (10)
i = (zp)i + MA((2p),. (=p),. (zp)))  (11)
(zp), = LayerNorm((zp)}) (12)

ZIT. SEANDOEARE TS, (2p) € RO¥™ 1
Encoder WO MEERIL, MA 133X (3) T/R L 72 Multi-Head
Self Attention 12 & 2 7#HHE., FCN X Position-wise fully con-
nected feed-forward network %3 3. Vaswani & [1] 25
2 L7z Transfromer ¥ [AFRIZ, [ = 1 D ¥ =13 Optical Flow
R v, AT 1> 22 DI QPR zp)_ | 5
ANes. =10t ZONEEE zp} 53 Pure Encoder
DEMEH I 725,

3.2 Cross Encoder

Cross Encoder 1%, Optical Flow £ ¥ RGB f#4 DB
HE R L EE T 2182+, Cross Encoder $ Pure
Encoder [Alfk. L(> 1) B2 572%. Cross Encoder D AJ]
\&. Pure Encoder 2»5DHIJ1¥ RGBFRHETH . HIJNZ
Cross Encoder ODNERFR z¢! 72 5.

312 Cross Encoder DG % "3, Cross Encoder
'¥ Decoder ¥ FIFkDMEEZFFD. £ 3. Multi-Head Self
Attention 12 & h. AJJTH % RGB FlcBWTIHEHT %
#5r% 713 3. Multi-Head Self Attention 25 DH J1%
EFE L7227 L e Pure Encoder DH 143, Multi-Head
Cross Attention ND AT & 5. RBEFIETIE. Query 1
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RGB F##. Key ¥ Value I Optical Flow FffiTH 5. Z
AT XD, RGB R & Optical Flow R D BHHEE AR =
W Z S 2 Z 2D TE 5. Cross Encoder @ [ J§H
DOEEZERELT 5. K (13) 2530 (18) THRE N 5.

(z_c); = LayerNorm((zc))) (13)
8 = (ze)i + MA((z0)y, (z0),, (2¢))  (14)

8! = LayerNorm(é}) (15)

€ = 0] + MA(S;, (zp)". (2p)) (16)

€ = LayerNorm(e}) (17)
(20)i., = € + FON(é]) (18)

Z T, (ze)' € R¥*¥™ % Cross Encoder ® MR %
£7.

Pure Encoder & F#RIC, | =1 D ¥ = RGB ¥ ’Uf.gb
ZEANTS. 1> 200 3HEONEERR z¢_, AN
%%. 1l=L0DrEDNERB zc} 5. Cross Encoder d
A& e 725, ®#EIZ. 31X (16) T Pure Encoder DHT)

K (15) D1 8 D Cross Attention 23K 3.

3.3 Decoder & Generator

Decoder & Cross Encoder & [FEREDHEZ#HH, L(> 1)
EBDLAY—0567 5. Decoder NDANIX, TF R b
% dim KICDRHZERNICHEDIAA TR Y bl e Cross En-
coder D)) ze THH . Hi/11Z Cross Encoder DI ST &
TXAMOMEEZRTNIRETH 5.

%1 A4 ¥ —1% Multi-Head Self Attention ¥ Multi-Head
Cross Attention, FCN ® 3 2DH% 7L 4 ¥ —h bk 5.
Multi-Head Cross Attention Ti&, Cross Encoder DHiJ] &
TXADOBEEZRDTED, 7F A I & Cross Encoder
DOHIIETBHED R 2 WE3030 025 £ 512725, Decoder
TR, U7 L 4 v — @ Multi-Head Self Attention ~\®D
ATNZEIATIRY P ADERRIT, Tib b FEREN % HEE
DERETEENTVEIDT, INHEIAF VI T
BE0H5. YAF V7B TFAPRRIFHURS PO
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Optical Flow

feature

Pure
Encoder

RGB feature

3 Cross Encoder N i

EMTOEEERMNC 01T S 22T, YEMBoEEY
LI e THhB. BRI, i HFHOHGER THIT 2
LESAFUACED i -1 BHETOHERDAE W
TTHlsT 5.

MR T FAMATE LT, £3 <start > b= >
M5 X 54, Decoder D8 & Generator T, KITkK
LHEERTHT S, T LZEEEERRT v 7O AN
AbMs. Ot % <end > b—2 BT 5
ETHDIRT.

Generator 1% Decoder @ HJ7% I HEEZ T35 2 1%E|
ZF5D. Decoder DI BFEREY A X dyoe KITICEART 5
728, BEAITH| Wg € RO Xdvoe o REESEIC AT
5. ZOHINZ softmax B ZEA T % Z ¥ T, HEEICE]
DY ToHN/ZID T IXHERNRRDOLNE. D55, &%
LHERDEN ID IR E A, MG T 2 BEFICERT 5.

4. RERCEE

4.1 REBRERER

ARFZETIE, MSVD ¥ —& £ v b [10] £ MSR-VTT 7—
Xty b11] Z¥ET—K LTHWS. MSVD 7—%
v ME, 2011 FIHERINZZT—XEy b THDH. 2010
FEDOTANPS9IHAD 2 » ATIEXNT= 2,089 O &,
ZRSITRIEMT S/ 85,550 DHFEFX ¥ 7 a2 Y DIF
. 15 BEOF Y S arhrolaIng. BHEEZ, N
EBILDY VI PEREL R WA EIZ & D 1,970 DEEHF
AJREIC IR > T3, AR THEH L7 SBI3EEDO X v 7
TarvpAETHH, MEFEDF ¥ I a VFFALEVL
MSR-VIT 7 =&+t v M, 20073V Z 2124 1,000 D
EFA 2V Ihois. 12O FF 7Yy FAITIFTGE
TR ENZ200F ¥ P2 arhdH b, 29,000 OEHED
HEIOHEREINS. AIRATEEELDT—XEy MC
DWTHIT0%% L —= ZIEA L. 20%DHEE .
HOETANHEHTS.

PN, BRIREIAR S CEAR R D X X 7128w
TR H XN TWa BLEU ¥ METEOR %3
%. BLEU I3FSMBIER % 5T 3 2 72 DI E R I /- F51E
ThHDH., BROBEMRENERL-Fy T arr—
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B3N T2 Ra7PEL K5 XD EEIEIRTY
%. BLEUQ@3 X 3-gram B 2R %E L. BLEUQ4
¥ 4-gram B 2R EFET. METEOR X, BLEU X
Db NDFHi e MBS K 725 kS kit hitws. B
RENIZiE, BLEU D XS WCERL7zF v 7> a2 v e B
Xy 7T arveDHEO—HERDOAIE IS DTIFRL,
HFGER AR LGB B IEMRICT 2 2 & T, BAWRED
Xy T arEIMiT s e BHERBIEETH L. b
DFHMFEREIE. 0~1 OFEF TR XN, EIE T IUTE VI
CRVEHiiE 72 5.
EERTHWEEBZANA—RF Y 2 7IZOWTER 1L ITRT. E
BREATIZBREN T — 2ty NTER S, R11ET—X
£y FZEIATTRLTWS. HETKIZ. Python3.9.17
T L. Pytorch D N— 3 > 2.0.1 ZHWTHEET 3.
AR TRELIZNANR—NRTX—RER2IIRT. £C
DEEFRT R —=2F, /— R n I L TFEY 0, 1R
# /2 THBERIMIHE S TRES N, TAF 2—=
T TIT>TW5.

®1 HHLIENA—=FYz7k OS

MSVD MSR-VTT
CPU Intel Core i9-1270 Intel Xeon 6326
GPU NVIDIA RTX A5000 24GB  NVIDIA A30 24GB
Memory 128GB 128GB
(O] Alma Linux(WSL2) Ubuntu 22.04 LTS

K2 NANR—RFTX—&

NAR=RFT X =& fi

IRy 7¥ 50

Ny FH A X 64
Embedding ORIt 1,024
RGB ROt 1,024

Optical Flow RO 1,024
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& 3 HIHIHEEIC B B AT L HREE 7L DL

Method MSVD MSR-VTT
BLEU@4 METEOR BLEU@4 METEOR
PickNet[12] 22.3 33.3 41.3 27.7
OA-BTGI13] 56.9 36.2 41.4 28.3
POS+CG[14] 52.5 34.1 42.0 28.2
STG-KDJ15] 52.2 36.9 40.5 28.3
ORG-TRLI[16] 54.3 36.4 43.6 28.8
SwinBERT[17] 58.2 41.3 41.9 29.9
CLIP4Clip[18] 55.9 36.9 49.8 31.4
TextKG[19] 60.8 38.5 46.6 30.5
Our Model(RGB+Flow) 26.9 40.3 25.2 32.7
#+ 4 Optical Flow OHEHEIZ & 5 [Li#g
Model MSVD MSR-VTT
BLEU@3 BLEU@4 METEOR BLEU@3 BLEU@4 METEOR
RGB only 51.1 32.5 41.0 43.0 24.1 32.0
RGB+Flow 47.3 26.9 40.3 42.9 25.2 32.7

4.2 FEITHRE DL

RGB F## & Optical Flow % Cross Attention 2 AJJ L
TEH LTV, TR X 2R E KT 5. £3
12, MSVD ¥— &+t v b ¥ MSR-VIT 7 —&t v MZBIF
%, IREE TN ETHEOFETEREZ RS, £ 3 DHR
ERIZE 2TV E D EIZ CNN R RNN #XR—2 ¥ L7z
EFLTH Y. R Transformer ZR— ¥ L72ETI/ILT
H3. K3 T LI, BEETVEIMSVD 77—ty
MIZBWT BLEU 28 26.9, METEOR 253 40.3 Z7&¢ L 7=.
F72. MSR-VIT 7 — &t v MZBWTIX BLEU 28 25.2,
METEOR 73 32.7 #/R L7-. LSTM % GRU % ¥ RNN ¥
CNN DIR—R ¥ 72 o 25 L LHi U 72356, BLEU OfiEild
BDEFLOAAEATVS. —/5T. METEOR DfEl
OWMF L kR TE L #2272, F /2. Transformer % X—
2 ¥ L=WgE e ot Tid. METEOR 23fh o S #hige &
FIEAREOMREEZH T Z e TE .

2D &I RFERITR - 7-HHIE, BLEU ¥ METEOR 2
BUIZHEHEDECDDHZEZLNS. TTLITLD
ERENBZXER, BlEF Y 7o a I hdEI RZ e
2. 207z, BLEU OFEFETIERF VT 4 BEL
2D FHEHEEN RS>/ E X 603, £, METEOR
TRERIE TN GG, HEISRX Yy > arviEo
TWTHRE—HErEIN3., Zhuckb, ZAOHEENRE
ZoTWTH, FAULAEREEOHENFbLATHIUL
IEfge Rinxh, BIFREEZBRLeEILNS.

4.3 Cross Encoder OB

RGB Fi# & Optical Flow Fif#i’% Cross Attention TB
AT 2 Z e DEMPE D PITOVTIHNS. £ 413,
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HEBERTH 2 RGBRBOAZEE LT A M2iTo 7k
#iR (RGB only) &. RGB % & Optical Flow % Cross
Attention 1T AJ) L#E L7485 (RGB+Flow) &2 2h
RT. MSVD 7—&+t v D5, METEOR & RGB +
Flow D& 523 0.7 R4 ~ MEL, BLEU@4 % 5.6 KA
MEWEIR 72572, Lo L. MSR-VIT =%t v bD
%E. Cross Encoder 2B L72E 71D 5 2 BLEUQ4
& 1.1 84 > b, METEOR & 0.7 KA > b L 25558
o7,

BLEU@4 ¥ METEOR IZBWT, MSR-VIT 7—&t v
FOHEDEL o 72HBE LT, T —ZNBZ N 2H
EZobhd. MSR-VIT 7—&ty PEF ¥ 7 a V8
TH 2.5 5. BIEETH 5 5. MSVD 7—&%+t v b kD
2 TAEDIZ. Transformer 1% Kaplan 5 [20] 12 & -
T, FHT—REBL T X —=XEDPHEKRT 512 2 HEEED A
EFRAREMEA R I N T VWS, ZOZRFERT DL,
MSVD 7 =&+t v b B LTI KR —Xty
FTH 3 MSR-VIT 77— Xt v F DI BFERPEL 2o
TeEBEZOND. XD KEERT -4ty hTHET 25
&, Cross Encoder ZN X 72ETFIADITHINT X —XEH
ZVTDRERVPBL BB EZ NN, SEREEDHE
TH5.

4.4 TEHHER

X 40%, EBCHERL-BEE 283y 7> a v, ROTE
RETNADEBICER Lzxy 7> a v OllERLIZDD
ThH%. Pred B3IBRETNADERLzF ¥ T ar, GT
FENEICHNET 2% v 7> a Y OFRLEASLSRIY v 7
ParThb M4DLEENMSVD F—&Xty b, FE
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[a]
>
(%] B
E Pred: a boy is kicking a soccer ball into the goal. Pred: a man is doing karate.
GT1: men are playing a football. GT1: a chimp is kicking a target.
GT2: a goalie blocks a kick. GT2: a chimp is doing karate moves.
GT3: a soccer goalkeeper makes a save. GT3: a monkey is fighting with a man.
GT4: two teams are playing soccer. GT4: a monkey is practicing martial arts moves with
aman.
-
; v
o
v Pred: a group of people are talking. Pred: a man is riding a motorcycle on a mountain.
E GT1: a family is having coversation. GT1: agirl is surfing and a guy is riding a bike on

GT2: a girl sings i wish that i could be like the cool kids. mountains.
GT3: a video song about cool kids.

GT4: a woman is lipsyncing on the couch with her

riding a trail.

GT2: a man and woman doing extreme sports.
GT3: a person on a motorbike riding thru snow.
friends. GT4: a surfer is riding waves and a person on a dirt bike

Pred: a man is making a magic.

GT1: a lighter is ignited.

GT2: a person lights a lighter in slow motion.
GT3: a person is igniting a lighter.

GT4: a lighter is being lighted in slow motion.

Pred: a person is cutting a watermelon with a knife

GT1: a man cuts a bell pepper and describes how to

easily cut it and he crushes garlic and describes how to crush it.
GT2: there is a man with white dressing slicing garlic in the kitchen.
GT3: a man in white chops a red bell pepper and garlic cloves.

GT4: a chef cuts a bell pepper in half and shreds it and crushes garlic
cloves with the knife.

K4 #EEERLEZTFRDH

2 MSR-VIT F—&Xt vy v TOHITH 3. ZHoDHE»
5. BEETVEIAMPHENTTODA TV BB L ZD
TENIGAR T E TV B A, B mAEMETRTER W
BB D, FlIZR EEHII L E AR 2R
L TWE, LBREDOHITH, A\DBFA4 X—%HKT?
BHEZ~Y v 7 (i) ZL TV R LTV .
K4 WRLEREET VDX v I a vk, TEXRH
Y —)b [Grammarly] [21] IZAJI L. SAEINTIE LW b7
RT3, EELZ620F Yy T a oW, 1 2%FRVWT
XIEMIZIELWZ e g otz 2D e, IBEET
IESOEINIRIFIEME R CERER T 2 Z 2RI LT
BeWVR 5. BIRMNRESD 5D, AR I E
D=y FLTWVWRLEZONS. LEHROAER
FyTravid,. NeEHYIOREWIH 20, ¥ 7=
HIZ Tdoing karatel] £H D, ZBREF» > a g
lkicking, doing karate, fighting] £ &2 Z 55, EEEH
WIEEEICHE L2F ¥ 7> a VRERTETVWE 2 W
5. INHORRD S, BEFHRIIAB L ZOH X120 L
THYIRF Y T a v BERTEIENTERD, V=V
DYINEZ DD ZBEICH L TXEEERLTERN LD
HBIEeBnhol. Fio NHEUS OB mAEYN T
LTDFx v 7Y a VERIIIRED RN H 3.

5. HHOHIC

A= b7 F YRET I I X T2 ¥ DIRRLMGHE S A
RO 2 DA EESHE DR PHE © HHER
WCHLATWS. IREINLEEPLHBEO—FIIA > & —
v b b ah, MRFOADEKD B 2 5EF i D
BEHSLEHEZMRREL, LTV, BIEZ2HBRRT 2B,
FHEICT T SN TWE R IRF ¥ 7Y a VB RITRRELT
S0, BHRARVETHIMBRMERE LTOREND DD 5.
FRE LT, 7%Fy 7Y ardpfhiyshtunizy,
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LEAREEERZ B2 N5, RERRDIZDITEIE
LWERTRX v 7Y a eI 2R0ENRD LD, 4V &R—
Fv b RICHBE IR TV 2BEEIKREICHEES 2720, F
TERTER 7Rx v 7Y a v i) 5 2 L I3BERNTIEZ V.

HEONEZ Al DPHBTEN T 2MANR LT F v 7
YaZ v THB. A2 —XEIa O THiEE
TAXY T a sy JRBERACHIESNATNS. Ly
L. BENTHET2A 7Y 227 b0 T8jE ) oW TH
WMEFWINCFH L TORVWE WS ERERD L. DFD,
A7 POFEICHETI2EREBEOOIERTDH 2
RGBHOBEZ#E T2 Z e AHRNUE, KDRULF+
T a VHERTEZAREMD D 5.

ARFZED HIE, AL Z W CEIEANICHET 24 7Y =
JrOEEEED, ERF Yy T a v EENTEZ
ETHB. ZDRD, BEFEHIBIL2FEDO—DOTHS
Transformer {27 EH U7z, Transformer (ZEEMENFR D 708
THRRINLEMTDH 20, BHETIIRAIREX R 7 IZIGH
IR TW5S. Transformer (&, Multi-Head Attention {2 &
D AN EDFFIER TIUI LV & WS FRZ %
I FETEZ. AFAETIE. BEOAHEHRTDH 2 RGB
HEORH . A7 =2 + DE)Z %K T Optical Flow O
% Multi-Head Attention IZAJJ L THEE T 5 Z T,
FT7T 2 VOEEEEDIEHERF Y T a VEERT
2ZrzHfEL%.

FERTlX, MSVD 7 — &+t v b & MSR-VIT 7— %
o FEHWTIHEZITW., BEOMBE IR L. £
7=. Optical Flow Z i\ % Z & OF AN Z RS 255D
fTo7-.

FEBROMER, MSVD 7 — X+t v MIZHBWT BLEU 2%
26.9. METEOR %% 40.3 Z&C# L. MSR-VIT 7—&t v
MIZBWT BLEU 2% 25.2, METEOR 723 32.7 Z/~ L 7=.
IR BEOMSHER L FREE 32U ETH o 7.
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DIRFEIERE 7% X b BFETE 3 Encoder. Decoder @
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