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Interpretable Video Captioning Guided by Language Structure

LI Guan-Bin'?, ZHANG Rui-Fei', LIU Meng-Meng', LIU Jing', LIN Liang'
'(School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou 510006, China)
*(Guangdong Artificial Intelligence and Digital Economy Laboratory (Guangzhou), Guangzhou 510320, China)

Abstract: Video description technology aims to automatically generate textual descriptions with rich content for videos, and it has
attracted extensive research interest in recent years. An accurate and elaborate method of video description generation not only should have
achieved a global understanding of the video but also depends heavily on the local spatial and time-series features of specific salient
objects. How to model a better video feature representation has always been an important but difficult part of video description tasks. In
addition, most of the existing work regards a sentence as a chain structure and views a video description task as a process of generating a
sequence of words, ignoring the semantic structure of the sentence. Consequently, the currently available algorithms are unable to handle
and optimize complex sentence descriptions or avoid logical errors commonly seen in the long sentences generated. To tackle the problems
mentioned above, this study proposes a novel generation method for interpretable video descriptions guided by language structure. Due
consideration is given to both local object information and the semantic structure of the sentence by designing an attention-based structured
tubelet localization mechanism. When it is incorporated with the parse tree constructed from sentences, the proposed method can

adaptively attend to corresponding spatial-temporalfeatures with textual contents and further improve the performance of video description
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generation. Experimental results on mainstream benchmark datasets of video description tasks, i.e., Microsoft research video captioning
corpus (MSVD) and Microsoft research video to text (MSR-VTT), show that the proposed approach achieves state-of-the-art performance
on most of the evaluation metrics.

Key words: video captioning; encoder-decoder framework; tubelet; attention machanism; dependency parsing
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kAN JRERNERE Y = {vi,va, ... v, FeEE i AN RIEBERIETC R v, € R, Horb 132 o B A Be KB VB 58
DAL R AR ] F IR 51, 2 RRH RS TA & SRR .. (F, 2R RHEMN S | AR n 5 R
—ANYERE L ANHRDY, Forh n R AEAS SRS, T 1 ARER A EI AR B RS 52 SCHR [42] Rt PR I T B ) 5%
[0 JE 2, AR SCASE AN AT P B 8 SRR T — R 8 T 6 B SR HEA T 1 (DA IR 71, 3 L 7E Bl A TR A0 LA AR
ATERARAT: 25 HR R W — b =y R R RRATUR IR 6 s . DRT b, 38 el o 2/ 4 FR R AE Rl 40 1At [RIU S 1) 1 B, 4R JE B
— BOPBHHLRAE — WU ], 23 8] —ANREE IS I 4 AR IE £, € R IXAS BB AT REGS R & AR Bl A1
4 SR IE I RER Z € RO (g = 1+ k) VE NI LSTM HIHIA.
FRAR SCHR [41], JEHE LSTM 7R3 ¢ MNP Il FR o] DL RO :
hi = LSTM (Z,.h!_,)) (13)
o, bl e RO4GERE KN d BIBRIECIRES T, Z, € RCEFEHTL Z NI EE ¢ ASMURFAE & 703X T 1) R0k ZS h) 4t
BT 200 e = 1A K B A B Tl 45 Q.
R TR TR R AR TR A LA A PR A (i B ) A, B BOIRES B RN Z, B HGR R R G RN — MR A
Ix 1 IERUZ, DAE R — N REE T E WS, AT DRI A
W5 = convy,, (h,' GBZ,,W(.) (14)
Horb, @ RORUTE FAIE I IE 1) 4E AT BARAE, W, B2 S EUERE. IR E R WS e R' RRTERANE
FEAE IR S ¢ ANt R, AR IX AR = ) B AT B B TR D A I A, IR AR BRI L B B B B SR
P PR, LB G PR 7 52 M T A 48 AN HE A S RS ot DABT T30 A B Rk . A ik, AR SCHAFIE hl @ Z 3E N
—A~MLP 7332, Hh W & A2t AR 4 )2, JFIRBEA — MRV Softmax AL, ARG AT —> argmax $#4Ek A
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Jldm 24 AR R P WH L SZ AN AR AT LA IR Ay

&= w,Tntanh(W,%ltanh(W,ll (h,1 GBZ,)+b,1,,) +b,2n) 15)
7, = Softmax (&) (16)
WH = argmax () a7

HH, w, eR?, W) e ROy R I UERE, W2 € R, bl € R" F1b% € R? j&: MLP JZ [ FTH W2 S50 555,
& € R? RORE A2 A, 7, € RPRIR[0, 1] LIk Re oA, At LA, XA S0 WH e [0, 17256 ¢ i (1 i i
PR, Ho 0 1 1 43 513875 25 FE MR £t

o, Tk FH AT T WS R e P WH JEAT 03 AR RS 55 ¢ ANWURTHE T Z, TR A I, 4R JE e Lk
FTIA—4k, JEBs AR HEALRFAE 16 A T3 22 ST (0 T LSTM, 1 AR IR A

= Wiewsez

s S (18)
2w

n= LSTM(Z,hf_l) (19)

Horp, @ fR1AE 0 G TIRAE. FE58 ¢ A1 1 BOBOIRAS h2 6 S i A I 36 T s B A AR 2 i e - 1
AN R SCRR AT R A R, B 5 A BREOIRES B2 G T BANRRHE T TE 045 L, TEMRRS I BE Y AR
ey MERA I S A 2 ok A AR TE 5 )T
2.5 {REB RIS ARRD 28

ARSCRF T — P EE SOLISR BRI b 50 A1 B 1) /NP AR R, AN 2 B2 FH ) B LSTM A it i
PRI L LEA G TR R ST B A D 8 2 T, A 0 S (RT3 T, R 3 a4 gt A
HHTE UK R S50 TR s 454 LK. arc-standard REE & AT R R G2 —, S FAEMRAT e 1 36 al, o
H—AIE C 4T MR S, — MAZIIX B FI—AMKEOIE 4, iLE C ¥e Ch:

C=(S,B,A) (20)

S AT Y = (01,2, oy} UL, WIIAWLE Co &S = [root] , B=[y1,y2,....9u], A=@ . ¥ (=1,2,....n) %
IRAKRTRIEE i NICE, by (i=1,2,...,n) B NEMIX IS § N ICE, arc-standard R85 X T 3 B 45 46

« Shift: ¥ by W X # 50 B HEA.

« Left-arc(l): s IN— N RBRREE LK s, — 55, T4 s, WAL R BR.

* Right-arc(l): I IN— AN HAIBRZE LR 55 — 51, IR 51 WNER P RS BR.

WIRZEPX g4, I HAHEARAL & AN 15 roor, THRATI B Ac 25 1, WITE & C 4 UE.

T U M B, AR SCHE I 5V R N I X B AR N AR R R, RS n AR, RoR

HY ={y1.y20. o n} s PASCEAT 25 P 26 2 S B 1) 42 SR Rr il e A1 & DN IS IR E = {er,ea,..., e} 19D, 1047
H T R TIN5 10 AR AT 5% A L AT 3 405 50 P = {p1, pa, . D} - CERRRTRAIG (K I 40, O C R I HER D

S =[root], ZZMX N B = [y1,y2,....yn] . WIS HRIE LS € 54T H P PATIRAER e, HEGEE C H# o i
RN 1, A= HEA). AE58 ¢ BTSRRI PRI R R T

(1) Shife: WS4 P 2Ky Shift, WK TES A7 y, WNZEIIX B B2 BIHER: S. Wi SR TRk S W4 ZEA: i) A

F, R TAERRAT S AR R — ANy, . AEIXFPI B0, R 0 S e A N R E S D

SAE B AR DS SR T — A5 3d] y, . e i, 25 8 — 2RI E = (ey, e, .. ., e} FUMRAL AR 99 255 (17 77— A5t

TR By, IR N — AR R B — AR — AR DA o &, , ARG B RE— 2P — A Softmax pREUL

AV SLAE & AMRRIE R & BB R A o, TR
& = w tanh (W, E + Uyh,_| +by) (21
a, = Softmax (&) (22)
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K, w, € RERIW,, U, € R™EPTA T B2 S IS HGERE, ¢ RonTBIEEL 714, by € RE 0] LAUIZRAC fhi 17
., € RYERAL k ANV LA GECIR S HHid sk 145 B 1) RO R RO BCE. B R SO R Ak ) e,
A7 P B PR R B R, L S R T AR A

k
= e 23)

TP R WL AR AL 25 0 28 ] AR AN [R) PR IR T 25 Ak 6 3 DG 5 1) /N EPRFALE ¢, 1RFAE 55 S 1T R B

ARZS oy LARZSE R R y, o AL BIHT AR BBURAS h e IG5 LSTM, LASE 3T 2 A7 (K BEIRAS by , AR

hy = LSTM (¢;,y1-1,hi-1) (24)

SRIGRE AT R BRFECR S by € R (/2 RNN BRFRK /N 4EE) 26N> MLP 23K il 76 4 % BT m] g i 1)
W B AN A p

P = Sofzmax(th, + b,,) (25)

Horp, W, € R Flb, € R® 3o Al I 1 Z O B R i L ) &, o, s ORIV KD, py € R RORAETREZR L
U AR RES, W] DABE AR A :
pi=P(vlyriser E30) (26)

e,y FRREE 1AL 258 ¢ — LS D5 0 83, 0 o T I 2k 0 3 50 AR R 00 A p, , HLA R
fH) BT 1 R 5 ¢ AN TR 4 BB

y: = argmax (p;) @7
Forb, 2] y, A R HA LU 3 P 2T S AR DG T B3]

Lefi-arc: Wb —A> Left-arc 10454k P I, R4S R 58, MR S (58— N TIFEICE y; BI5E 2 NIRICER y; I
M=y, -y, W AR RE Ry, . R, % 4 )5 PR E WEAT shA 6 0k, 389 n S0 ke i L ad 5 5. Rk
L GBS ) U 0y, A AT RY = 312y MR i e FUE = e] €2, el) ,
JRUEINEE I T AT = {Til,Tf,...,Tl."}, FG e, FIE £E N M FTH IXLE (n+ 1) Gl g i N INERRIEE S E Bk, FF
T ANRINE] E P BRE e . o T HAFPRAE &, A SRR — A /N/NE T RIA 351X 2 (nk1) MFEAT
KR TE T o BT A /N, AR5 ARG I AN NI AS BT IR AE 1) e, SRS 10— 20 01 G 1) ) 4% S A LA Pl e 24
() SERIRHAE & . JXASFTIN N BREAE & 4510 (E y,; IOFE 719 U TAREI NS Z IR R AR B, B BT A l— A SRS U
R4k,

Right-arc: Jb¥E—A> Right-arc B Lefi-arc RHARL. 7EXFHE LT, MR S 5 2 ANTHRITE y,o FIEE 1
AT ICE y I ymy -y, XA R R 7T LS H TR left-are AL FL.

2.6 HKEH

WA (26) FTor, WSR2 104 58 T 56 AT B B0 507 yoy, CAnBS 4 RIRRIE e UL AR 2 N ARSI b
PRSI B A5 SR R0 /INE IR B R B E AR, 2% I AE AN [0 5 P00 B4 y, . B3]y, & A MLP J2 (1)
s R B, R AN R AR L AR oA, R, A S AR B FEADLAR 1) SO0 B A A R iR Ok R T
SR 2

L@ =" logP(ylyisr.ef.E:6) 28)
Horp, T RS AR AT TP A S, 0 BRI SR A A BE LG R R BRIOR TR A, L 1R R 1Y
IR I A4 e A PO,

N T A R R AU, AR SR B A R T 1, 1A R B 18] ¢ 2 110 k A RctE A) 4R AR R
t+ VAT IR AU 7, IR B B BT I k AN A) T 24k ANA) 758 U, S b S A4 5 B e K i U 11
B 28 A IR 5 R A D AR R 53 A p, %o L S M 1 B EAT SR 1) U 125 ORI R SR 5 125) 6K 2 Bt
NERIAT T AR5 5, TR AR R AR 5 0] LA AR S AR 4 IR, AR SO A AR R R UV
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3 SIsrAh

AT A SR I 5 AT AT VPSR 30T, 27 58 28 T A0 526 vl A e DL SO -1 VPG 6 IR 45 SR 145
B, F R R VEGN B T 77 A S0 ) AR GN Y. AR T Al 50 4 BT T4 R R A SRS, SR sEE
FEEAT T XA
3.1 iRk

RSO T PRANAE AR AR )32 A P 0 0 4 2508 B Sk DPAG B 11 1R V.

® The Microsoft video description corpus (MSVD)™*: iZ 5445 111 1970 ML, SN A i Amazon
Mechanical Turkers A7 ict (1) 2 AN, WA BRI IR X 1R 020 0 80 000. A SCAE SR80 b A8 SCHR [4] rh 44y
FrdERI 23 7 2K, B R AAEAR A5 A 1200 NPT B, 100 AR F BeRIR8) 43343, 20 AR A I 2Rk, Sk 42 iR
4, DMIT 5 S5 e AR 2R 0 (B 1 SCiik [4,10]) BEAT AT LA,

® MSR video to text (MSR-VTT)": MSR-VTT J& 5T ) — AN WATH AR 1) KABEEAE. I — AN i ML AL AT
RO (g AR, N3 AN W, BRI H) il 17 20 NS 1 AN B B BOSRES A
20 AMAJTREIR, B 1327 bR TAEZHIE, JR B EL 2 20 J5. AR R S Rle, A SCHeR 515 X #dls: 6513
ANHTIZR, 497 A HTHAE, 2990 A~ H T
3.2 FENIERR

AL TG RINLAR L, AT DUR LK A e AT A 15 F) 5 — 41 2 % 5 Ak AT BB DRI L e e . HLRs 0
BT 4 AN TR T VRS A 45 5 BLEUM, METEOR™, CIDEr**/fl ROUGE-L™.

e BLEU: BLEU J& H T VRS #3 A g 6 A 00 BE s, T3S 700l e a1y 1 5 ol T NI B 5 ) 72
T E) n JGAL RS . B, 1 TG4l BN TSR T A 1 RIEAT 2 2% ) 1 o4 B D0 A B Bk, AR5 B DA% 38 B3l
R R R, AR AN RSN 1 RIS R AR SO ] BLEU-4, T JLATP34 1 a4, 2 o4, 3 o4l R 4 ot
ALy B G4,

o CIDEr: CIDEr S /& 4 VIS BUGHEIR I H 140, e 38 | AN TSR A ) B s bmitk, T304 s )

15 ARG S 10— RS T IR EIWE. b TV SEAZ 0 B, 6 0R T AT S W B T E0A ROE L RS, R
)T RN AL LA TF-IDF B n Jedl. d)a, SRR n SRl oE SR IE 7)1 M S 2% 1)1 Z IR )P 2 A s
.

e METEOR: # [ 3|4 [1]%, METEOR 15 I F BI{E 53 45, 125 08 I YR S50R0RG R4 (Bl AR 45 4
¥ )7 5 2501055, LAUH B GO AR D4y 6Tk -2 25 %), METEOR #i#% WordNet 24 &
P HORS B 1 B C A, ) DR C, B SCUTTC LA A% v SCRABL DAL,

® ROUGE-L: ROUGE RZtHi ¢ th T A 3 e MEZE (1) i . ix R 482 ROUGE-N, ROUGE-L, ROUGE-W
F1 ROUGE-S(U) X 4 AMRAS, HH ROUGE-L #)¥Z F T VP WA A 45 5. ROUGE-L febiols F ¥{H M FH 1
WA F RS HAF 200 1 TR KA.

A SE R AR T A SR Microsoft COCO Pl T LA R AR HUA SCrh 3 45 ) i A X S P4l &8 51, DA f
BEAT N TE (R AEAY.

3.3 LIRS

ARTVEGNAN AT T3 1 7 i LR SE IR, VEAN UG T A &5 s 500 A4 A JR R0 R S ARe AiE 10 U vk, DA SO )
THITRALBE, 34538 T 76 PyTorch HE4Lr SEL KB (R0 AL MR EE.

o TRANEE: Xt T HUME R, BSR4 IR 2 A 20 A B, WAEAN A B BEH LR AL —ot, SR 5 K RRE IR
ENAE TmageNet”™ AT TRUIZEI ResNet-152%", SR 55 iZ I 44 1) poolS JZHLHL— A~ 2048 4E[FIFFAE. JX LeAE1E
LSV A I 1) K B 2, A A SR RS IR . Ny T SR/ INE R AE, ASCR AT T SiamMask™, & Ml 145 2
(T AR T2 FEHE . 45 52 BOALATRE 20 Wi 20 %0 — vk, JErP s 1 ik 15026 31 Mask R-CNNUO DUP=2E 404k F AR i

© A

EBEAAFRFSERT  httpy/ www. jOS. 0rg. cn




=2

=AM BT AT 0 T RN iR 5915

SiamMask K ix $65 FHE LA TELEI 19 WfE A 5 A\ R H — 2/, Wik 7 30 N B R /NS HF A
HoARTEI AR SR, A FH X 81 5 (KN M ResNet-152 (1] convs R 2048 x 7 x 7 4E 145 4E Kl 14T RolAlign
(BB DI 55), LAAR BRI B R . b T 08 8 3 7 2 88 /N 4 R AT 78 SR AR A1 . % T 1) F TRUAR 28, i
Stanford CoreNLP . & P () PTBTokenizer ¥ i ik B Wk /NG, 3o ) T AT ARG IR T bR 545 5. 3%
B BT SR TR BRI ER, YT MSVD B4R, IRV KN 12593, KT MSR-VTT #i#lifE, L
TR IR N N 22925, A1) 7 R IAGEAN BRI R g GRS ) e (BA)YHp 0 2B %R 5 | i ), {8 Stanford fi#
M CIRARAT I 258 51 AR A A . [ 13 41,

o YIZ5: ARG B, ¥ T4 ) 7 IR Sk AT L (BOS) A 45 A ANAJ 1 1A 1 45 5 bR 12 (EOS)
IR INERIC R LA AT A BT SR BE IR A0 1 MRS 2 B 0 T4 P s &, B A s K B B Ol 20 AN ], K
TS PR A 14 ) Ko A A B 1T B 1) ) A B AN 2. AR rp Ty LSTML BT IR R/ N1 B R 1000, FH4x R 5044
R AL N K/ LB B i N K /NS BN 512, BT A 49 2 A0k N2 AR {3 ) Kaiming Uniform™ )4
b ASCAE ARG )75 EXFEE 2.6 F5 91K B Ar ek 307 AT AR AL, £ MSVD I MSR-VTT E /Mt K
ANBEE 50 AT AdamPRALES, RN BEE A ) %y = 13107, FAESH B, = 0.9, B = 0.999 KA H ARSI
K WPBREAT 50 KNGk, B4 H RS TR ARE IR IR A B adt s LN 45, AN Ui 2 T — 3K NVIDIA
GTX 1080Ti GPU.

o YR ZEMREY B, KA F I Uabsic (BOS) i N\ BV ZR A7 AR 2 o DL i 2 WUATUR ik A= i 2, %o Fek —
BRI AT 45 AR IR (BEOS) . 5N BN, th BT3RS 215 4y, Ik Be i BB 6 4. (B2, 4
L) 388 R T — AN B I, 2B HAHE AT VR S B s B I MR T SCHR [43] 10 AR, v DAOE T HERRIR S K Ik
MEHGITUAAT 2. T3 A F TN 2 B AR IT 8, A ST o] DUARFR A A HEARAS B e N — A5 D& R AT B, IR
FHARSCHE H IR IR S5 403 52 I BLH. A TPk e 45 R, ANSCR RN A 5 (RAR RAS R 5 vk IR B LA A B 1A 2
BRI B KRR 18 5 AN i ial, B 5 AT i i iRl # LA (EOS) 5 R I i B B AR 11— A
3.4 SR&HNFGENLLE

FEAATH, FATTZE MSVD 4R MSR-VTT AR I, S A% SCHR HA FRIAR 750 65 A 3 ) /N O R 2 - AR A 2 A
B (TSAT) 55 seit (77 10347 LA

o MSVD i 4RI 45 JL: 2 1 JE/R T 14 N7 ik i e Bevk e R L, A48 )2 LSTM (LSTM-YT)', JLfi
G 2% - 2% (S2VD)!™Y, BT HE B 10 LSTM M4 (SA!Y, 6T 2 b FE A i 4% (HRNE)®, B F I A522 2]
ff] LSTM ik AR 4% (LSTM-E)!, 2 v 9 #0282 (h-RNN)7, £ 40803 25 ) LSTM 4% (MA-LSTM)™!, 445 3K
BNENASFIE M4 (TDDF)PY, 1 S AN 2 gl 88 (BAE)™, 25 T4 2 ) 193 L —35d: LSTM (aLSTMs)™®, 2517
2 S) (P43 BT E £E R 2% (PickNet)™", I eyl 2 M 2% (STAT)PY, i 3h 5 | 5438 1AV B M 2% (MGSA) LA 7 15218401
IEH bR (SAATY. i — 4TS T A SCHR I I 7 VAR 45 9L T A LA 1 4 E (%) BRI, Rk
S5

ASCHEH ) TSAT 78 BLEU-4, ROUGE-L e ks LB T B fy fR A s ek 7 vk, [FIRT k43 T 1R &1 CIDEr
I METEOR #34%. T8 HAKI 5, TSAT ¥i%7E BLEU-4 1 ROUGE-L _I- bt H B & 56 HE 0 7 vEM AR T T 0.19% 1
0.43%, 7F CIDEr B3k THRIRA 75.4 BI45 R, #XTF SA. h-RNN. aLSTMs. STAT F MGSA 4354 m T
45.84%. 14.59%. 0.80%- 2.16% 1 1.62%. X848 BIGSIE T Bt i 5 2 1A Rt

© MSR-VTT #HRAEM LR 38 2 M4 T MSR-VTT #nE Lk ae L. fEZ B 4E b, ASCK T TSAT
575 LSTM (LSTM-Y )M, KEfilighi i #e-fhih e (S2VT)™, JE T HyE 2 I 1 LSTM M 4% (SA)!'Y), T T4 2 ST 1Y)
LSTM # A4 (LSTM-E)'®, £ K715 % /) LSTM %% (MA-LSTM)™. Hi2 2 fJ %41, TSAT HiBI7E 4 Mg ksrh i
3 MNEbr B X B AE, BLEU-4 4 39.3%, METEOR 4 27.1%, CIDEr Jy 43.4%, 3453 7 B4 v HeVE () ROUGE-L
355, 80 59.1%. 5 H 4T I L 7 vER LG, A SO ) TSAT #8906 BLEU-4 MPEREHRE = T 7.67%, FF
METEOR e &1 T 2.26%, ¥+ CIDEr [FIPERESR R T 5.85%.
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F 1 18 MSVD J:HE 1 HERELLES (%) # 2 1 MSR-VTT 4 FIPERELLER (%)
i BLEU-4 METEOR CIDEr ROUGE-L FHEAY BLEU-4 METEOR CIDEr ROUGE-L
LSTM-YT! 33.3 29.1 — — LSTM-YT!" 35.7 25.6 38.1 58.2
S2vTi! — 29.8 — - s2vT™ 36.0 26.0 39.1 58.4
SAM 41.9 29.6 51.7 — SAIM 34.8 25.1 36.7 57.1
HRNE® 438 33.1 — — LSTM-E™ 36.1 25.8 38.5 58.6
LSTM-EX 45.3 31.0 — — MA-LSTM® 365 26.5 41.0 59.8
h-RNN 499 1.6 65.8 _ TSAT 39.3 27.1 434 59.1
MA-LSTM® 573 33.6 70.4 —
TDDFP 458 333 73.0 69.7
BAEP” 425 32.4 63.5 -
aLSTMsP 50.8 333 74.8 -
PickNet™” 52.3 333 76.5 69.6
STATE® 52.0 33.3 73.8 -
MGSA®! 49.5 32.2 742 -
SAAT!™ 46.5 335 81.0 69.4
TSAT 52.4 333 75.4 70.0
3.5 EMESH

MEPEMIAA KT, K 3 JE7R T MSVD BdadE b it 3 AN IET A 1 AN sl . 48 BSR4 ik
e, FEATRAL DGR HARDI/NE, RIS RS AH R R AR 1 ), BTG HH R A (R 4 i 2R AD B ATE S (baseline) FIASSCHE H
(1) TSAT AL sE A1) 7, A S — B A T (reference). iR 45 & MU IO MR B35 T £0 (biad, FELS R R4 26
1 B3] FH S bR i WP BTR, S EEAR I i) SR S HE A0 A L, A SCHE HH K TSAT BRI AT LA R 45 5 AR AT 114
TR AT G, B, 7E20 B A b, TSAT RS AT LLAR G M e 30k ST 0> A< AR A “aifs), 1
AN I K AR b fifiad A — AN N IEAEOR . AT LT RIS T 7 R ke (0 oAt A I T s 451t T LA 75 HH 28 AL AR 485 4.
XL FUERH T TSAT BEB P (08 1) /N E LI AT LA R0 S TE A b B 1) BAASS IR AR b 78, 2 T4 v T A
R I HEAG . TR, AR SOAS Bl s oAU S AN /N REAE (4 100G S R R i, AR 24 i TR0 (4 2 3m 15 230
A VHEE NG G5 M) S TR N AT AR AE, — 8 R BN T B AN R 45 RISk, R, 7R R R L,
VNS 45 SRS 2 25 R M ASE IR (1 1 3R A 1, B AT R AR BRI S i s 8, h NI AR, AT SR T = AN,
A2 HERR I PIAS T3 FPIAS L2 N7, AHSK A 55— 77 101 36 W AE 2B R IR 1, BLAT AR BEAS B 1 35/ B
TR RS R T . FUEASTIA S, B 6% NI 1R BE, TSAT B8] e 4575 2030 — 5 st
3.6 HELSCIGHRASR

0 TAEBS TSAT w1 3E T /NE 1K R SIS R 7w, IIok 3% 4 ) 38 VR LR 85 460 v T L (0 285 vk, AR SCsz il 7
SEHAER 1) 3 AN, IFAE MSVD BR4E kAT T 556 DUBAT P93 Lh L.

o JEARGM AL AR -AL A (ED): (N AFH 4 JRFFEVE A AR B, JEFH A LSTM #EAT 4 i FH A 7.

o BRI /INERLY (SAT): A1 T 4 JRRRAIE LU SCEE TN (1 J) SRR E . 0 A28 v | R B ke AIF Pl — AN AR
LSTM #ifith, F i —A BAHER I LSTM fi#hs.

o WL A BRI (TST): 4§ Fl 4% e AN T/ N8 (1 = SR IE. ZE X ALY v ) WLBEARAE B — AN A LSTM
gitis, I — N AW G5B ALEIT LSTM i,

W 3 FroR, AN BA /NS B LA G0 Y 25- i 22 M 4% ED 7E BLEU-4, METEOR, CIDEr #l ROUGE-L K35
b EALG AIE R 47.3%, 32.3%, 69.4% Fl 67.4%, FHET HA P Z PRI/ NEBTY SAT 73 5liB 4L T 1.69%,
2.79%, 7.78% 1 2.67%, UF 5L T HET-/INE (WAL DEREAE A6 2008 i LS R 12k B8 TST R BRIR G5 R v = LI,
{f BLEU-4 [{PERESE =1 T 5.6%, METEOR HIPEfEEE = T 2.71%, CIDEr [{PERESE 51 T 0.27%, ROUGE-L 7% g4
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T 0.87%, IXUEM] T BPIRS5 A3 R D MUK AT 0. TSAT R TV 577 WUt PE 2 it 2 8 Vi a 1) i, 3t —

Baseline: a man is cooking. Baseline: a dog is playing.

TSAT: a man is pouring pasta in a bowl. TSAT: a panda is playing.
Reference: a man is pouring pasta into a bowl. Reference: pandas are playing.

Baseline: a woman is talking. Baseline: a man is dancing.
TSAT: a woman is applying something. TSAT: three people are dancing.
Reference: a woman is applying eye shadow. Reference: two men are watching two women.

K 3 MSVD a4

# 3 A MSVD Hefii B bR ASORIR A A A AR IEAT 52 B LA (%)

LAY BLEU-4 METEOR CIDEr ROUGE-L
ED 473 323 69.4 67.4
SAT 48.1 33.2 74.8 69.2
TST 51.4 34.1 75.0 69.8

TSAT 52.4 333 75.4 70.0

ASCHE T — PR 2R 25 1) (3 7 7 /N S A A AT 4, b NP e FH A A0S P Ak S AE B 15 R I 4
BRI DL IR, A T AR HERAS W, 5N T — i i 6 2w A i SRR AN R I SR I, SRR IR,
A T BACRPEIRFAE. MhAb, 25T R) 715 SCE R R B I ML S8 RE AR R T8 2 AR FE IR B, &N
PRAR P 2528 T MERA IR . |32 i) S 45 SRR, 42 1Y) TSAT J5 78 MSVD il MSR-VTT #i#ii s F3yis sl T
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