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Figure 1 (Color online) Web videos are surrounded by a lot of natural language sentences, such as video titles, video
descriptions, and video comments

JETR TR AR A L I AL RIS B, LE NS B SE iR 2 AT H S e F I, AT B SRR A P 251
IS 1) 13 B 5] 352 S AN 7 T OIS T SE A, MBI 5 B0 A7 2 ), 0z R T B R M. 534k, JAiTid
A LA EE S, WA B IR AT SRVE B B AEAE 2 0 A ). i, A8 I A b A AT B8 v — £
S H G BT AN TCK I IE 8 AR WG 355, 8 BRI AT SE O30 38 A b i I HE A T AN 2 4R R 37
IS AR REE. BRI, anfrTE AR Fh s st 5 A SIUBELAS AT « A OB AR A 25, R PRt 48 2R
HLLEfids AR T AT OB AR A 56 A7 4 B 20 = 3L

o B )R, AR T ATTHEARATOCE BN AE RN (action detection) IX—4F5% F#EAT T K&
RER U~ BAAT &, SO SN R RN & ZE RS b R 38 S B S A RN SR IAT Bl 1, K kA7 7
K, e A AL B (A2 & SR, FEALROC B S A A X — v @ v, BE g4 )3 SR 20 I H Fn
HI A RIS E RN AT B, oI e A R A SR8 N . BRI, AT R 55K USE I R & 1 77 20
K E LRI ARAT () A 2. S b RRAIT PN 25 AE X 28 5[] AN S MO AR ), T 1 P, I 4 4000
AR KB HRTE S CAE R, BIanimibs @ e « Pre s, XECARE R, el
AT FO1E & R A H P B S 45 2, BRI AT DA OG8N 25 1 e R f kg 3. AHEL TR
S ARSI i R Ak I B A SR R IR T AR E KA A, BRE SR RIAENFEERS LH
AR, HeT R ATFEIR T —TUR AE 5 001 ] 2 fis, 45 8 — MU — ) 4
RAZRLARA 25 000 IRE 5 0) 1, 77 EEIIZ )7 Bl 19 5 AR AR BOEALAR b I R0 &, 124 E 5%
WHEFRN B RE 5 A FAERTH I 7 € A7 1] @ (temporal sentence grounding/localization in videos).

1418



HEB FERE B 528 8

Sentence query: She pins her hair followed by curling it along the sides
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Figure 2 (Color online) The illustration of temporal sentence grounding in videos

N T R B IRVE S B AE A (IS e E A e 8, LR T 32 R FH ) 2 PR B et
VAHE (VUED)” M2 BAS VU RCAE L. 31X — 28753 BO~121 S R F g 3 i 1 AE A 3 Bt R At %
Tof A [F1) 25 P55 AN [) (0 g e A0 1 B, AR5 P B OB & ) 1 5 ax e ik Jy B — — AT Z RS LI, %%
P VAT BE 5t i R 30 1 B AR I PP @ LI 5 . 0 — 2RO iE & 38 1 iR B W BOE 22, e A 18k )
KGO IZE PR 0 22 ) 24 A BRS04 00 H AR AR A0 B i) A B 031 BRI MR — > 4k 1)
B, A SIS [ P A R P 25 A0S 6 FR kAT S AT F300 H A BRI B D). 3 — Rk &
T Ak S ) AR ] g — AN AT AT AR Ak 1) F s i A B Bk R S R 1) 7 2B A ) H bR
PR B AL B . R FIR T RIS T AN I 75 AL PERE, (R AT RAEAE W T BRBF:

o FIRET RS UL NCAE L RS Y 75 EEAE AT Hh R Vi 3 B 3 SR I SRR Asade 1y B, Xk 1 K&
Qb B A BTSN TR, O RIS AN . e A, B RIR 0 B B ARE & ) AT B AR Y Y
JEFRULAD, — W TR BRSOk &R, 2 T HARTE S AT I E AT (a0 N R E AL
FRBLICHE A R TE  FAESE), ATIREIE J I 7 8 o (1 A 1%

o FIRTNEVAMIMA LS HIRTE S A1) 7 R AELE R 10 2 B8 LILRL G &R, 128 T HARES H)
X AILAI PN S A B R b B B AR AR A G0 AR AE AL 2 T AT DABIZRE B PR A A,
H AR 5 )1 A 8 RIRERAE A — DN e B R R F A 20, T, WA E N 2 &
Bl — R E . ] B 2 RS TE SCUL I OC 2R JCVE LA ALAR A N 25 TR ) SR, BRIt oAy — g
) ) PR A

o RS R ATE AN R (R v B JE At 330 TR I A B A B SR A AT A
B E. R, FRATTAT LA < Begonl AOREDRLEE T, AR H Ak Bk Fr B 7 A
BeiseE X, FERIE BN E . KEHAE RIEZFE, BB B bs i Bl 6 B WA
R, T AT SRS 2 R B

DR DA b i R AR SCHR AR AR TE B ) A RS A AR SOORIRTT %, A S B,
HE) 4075 (18 UL R &, 1035 B B 2RE 55 Bk 78 0 MG A ARG A 2%, AT SE RS T
LTI E ARE AT ER 0 B AR B BRI B BRI S, AASCH TAEFRZEMNLLT 3 N7 EFT

o TAMRH 7 —F R FyEE I BIAME P e 5, EF M VRSP B e s fE
28, R —Fh 2 B SL R 2 DAL AR BB ARG & AP AR e IR, )i S A E e 1Y
5 E) - O IS s AR DG B A FH ) B AR ) SR MARE B A AT DA S BRI 4 N A S
)7 SCUUHEC R &, BEIM R G A R EE AL, JERENS itk BB m b a3 H H Fr v B AL B AR R

o PORFETYE R Iy al VA I e 58 3 77 5 RE M AR HE AN A 25 3 2 i B ) 1 rp 5 I R SE LA SR R
BRI, JEAE BOE R T IIAUR B) 1 RAE; FEGERRE B AR T — M SRS A H—4k (semantic
conditioned dynamic normalization, SCDN) #Liil, ‘EA1EH T £ Z 0 7 &ML, RE LT A FELLE
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RIS A1 5] 5 7= AR R IR &) 3 3RAE, I LR S 7 B AR I 48 HURHE A — e 7R, 1%
BRI B BBt A, 3E T et 55 A0 718 SR SRR AL 2 S s AR 5, O F AR A BRI 4R fit 5
9T i BRI 7> A T 5

o ST EIRVE SR — LR N AR PSRRI 48, AT — 2D 51N R I [) 32 5 4
BB, BRI T BRI, it S A7 [ADRLEE B R BORI &) 1938 SCULACSG &, AT A s =
AR 2% T T FRURELRGL P8 P 26 WAL B B 3 BE J/hs 4 PO I ) 30 5 1 4, 418 a1 5 7 R HE TR FE

T THDRE B [ B SR 5 TR B R A AR S5 A T, SRS SR IRATT TR e 1Y

3 NI AR, JFREAT RIS T

2 FMXIIENE

T B ORE F A EA I 58 A7 1) B 2 U TR A I e (BT By L Skie s
55), FREDH 2 ANESE HAH B OCHER) &) 7[R I AE R AT AT I 7 g o R6~191 ST 4ESK, Gao &5 (11 AN
Hendricks 55 101 3 — il Bk — 2Bz Ak, #6725 2 ol st 5, B mER A HRE S A7
TERRATH BEAT ML B 7 4. Hendricks 2 1O 2 H 7 B B R 3% (moment contextual network,
MCN), PA—7Fh 2 BEAS LT A HE SR AR e H SRR 5 0 T AEAI b (IS 5 e A7 o) @ 5 2, A AT IR T T )
T VLEAIAI Fp 25 B 41 4 SR A L % A I 17 5 P AN [ R e MR AT B, A% 05 B X eI BRI B R 5
)7 B [F] — BRARRAE 2 18], LI E AR TE & 0] T 5 IR ik Fr BorE R s A) v R ) e 8 IR 5
I F SRR S AT 1 BAE B P @ AL 45 . Gao 45 W AT Liu 45 12044 HARAIN 7 12 1) SEVAE R FH s
Jr e AL PR T BRSSP [RH B L4 (cross-modal temporal regression localizer, CTRL)
FER I B K R 2% (attentive cross-modal retrieval network, ACRN). {EIX— 7k, pAY
5 EAEMB AR KA BAT 2 it ) RO AU v B, AN T MCN 2, CTRL Al ACRN ¥
RS2 P BOM BV ORIE 5 001 RORFER &, FFB0E 17— AN B 0] U 190 286 MR S R5 A1 Hh F0 L e v B
5 BRI B IR B B i #% AL B B 5 B IR RS AR Akl Fr BOHEIRT Y H AR BORI AL Ge
25 ROV it — 0 et T B B AA Wé%, R T AT HARE S LS I 1 B A A (activity concepts
based localizer, ACL), ‘& Be g WS B SR E 5 A1) 7 rh 4R B2 4 H 8 32 () SH S sh I RE S ok it — D 42
TEEF P A7 P HERf 5. Wu 55 R IZE CTRL FIEEAE B 5IN T8 1 2 B & 4% (multimodal
circulant fusion, MCF) SRyEACKAN B SRE 5 6) THRHMER LS, BETIRTHN PP e Aok . i Bk fr
A TTEAS T ER T B & DA P SRR R Rt B, BRI 7 it R KRB R EIUR, &
BRI ) B2 2% FE AL

N T Bk BRI B B R I B S, Xu &8 22 SR SRR B ARE AT IR
SCAERAT FIH) — L8 Fy B R 2, SR )5 15 NI L8y B 58 R T A il B ARE 5 7)1, Il T ST AR
BH)E) 75 R SRE 5 B )7 ARSI Fr BUR R BT HER, HEFP B 3R S AR N e 4 8 i 25
REAEERE, SN FERAE AL R RGN BOH B, FOAHIAL T B 28 i 8 H RO,
BAEA) 5 46T T RS R& HbR B E BORERME, BRI AT DUBR THES R A I [B] R0, 3X — 7 VAt
PR FET0) 7 BHA AL BOE A 1%, 288, Chen %5 31 $& L 7 3T RS ME 4248 1) 58 A 75 1%
(semantic proposal for activity localization, SAP), 1X— 7 {E NG HARE S A) T 18 UG B A A4
B AR B AR R e A AR A SR 7 A AN B M R 1) B, H B SRS E AT
ARLIAIL 5 ML 2 R 14 i 15 R AR e SRt — 2D VP A AR A Pl AL AR BUR RIILFHE B Bk
PRI IZATISRIG AT BL S AR A HE Ry 70 BT R, RIH R AR (IS e 5 A AR B v R & LA
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BRULZ At A —FTTVEA TR EEAR AT RAE AN A AT AT a2t Fr BORIER 22, T A2 PA— b 33 14 77 20
KK H ARTE S A FEAA R AR 7 2 A2, Chen 25 181 3 H T W P27 4% (temporal ground-net,
TGN), B H AR MY 55 7 8 et A e, ARG R — DK F iCIZE A 4 M 4% (long short-
term memory, LSTM) 7€ i &5 K 2N A HUL AT AR oA H AR TE 5 0) 1. R — U AL, LSTM &
KL A5 K 26 b R UL T RSB T N ) A AN [R]Is) T) ROBE (AR B, B AT IR H bR B
FINEZR, I DARRT X Seq80 Fr BOdAT HE 7, SRAS IR P B AL 45 . Zhang 55 24 MIFEHH T F BowS
524 (moment alignment network, MAN), AT FH S 3 26 AR ) 4% A st 18] 5 802 (P RRAE 5 0 BB RE XS
RLT AR R 8 Fr B BRI, AR Ot g S T A BRI B R AT B 1) (R B SRT [R] IR S )
F BRI 8 5] (graph convolutional network, GCN) SR ZI i % #AT H B AE H SR1E & A7) 118 4R
(PP ERORER DG 2R, AT I i B () 22 S F0 () AE A P, e 43 st — YR X 48 AT st v S8 R 8 75 21 B AR AR 40
F B E . Rodriguez 45 26 $H 7 —Fh 3T 5] SyEZ HLHIT “FIR B I 7 ELJ71 ProFree,
BT EER H — AN BhAS S A8 B ARG 5 A7 1018 SUE BT A% 2 o . — I50HT 408 2% ek B 48 5|
ARG SRR R R IR PE S HARE S A B SR R AT BEIX 3. Hahn 55 051 42 H 74 A
I 1989 B AL AT B 5 A7 O ity B HE S TripNet, & ) 540 2 57 1) AR i 27 > dnn] %25 e Hb ik
IR X Sl RAT RHAE AR 78 7 5 ) 715 SO R B, 72 G 2% vhoR F T 14203 2 AL e
ARUF E ARTE 5 R 1 RIS SO 5550 2R R IR BT R 0 E ARG & )1 AGERLEE S ool Br e
V) 1) 20 AN A2 LA T R ABE, T B 7 A7 1) 0000 ) i A AN [ RUBE AR A8 Fr B kAT 1. DRI, Bk U7
RS T HARE T A1 5 AN FRL R BRI A 25 2 TR) 52 A DU TC O 2R, XK 52 MBS 28 () IR P (K
.

3 ETEENEVAREFEN

N T R B ARAE S ) TAEARI R B e e 7 ) e, FRATTAN S A SR TGS I — ] N AT e R LR
TG FEIT 2. PAIIAS B th %, NATAEAE S5 T Mk 381 8 e B st ) S A, A% )5 1 e 45 7 ) L AR
B & )T USRS BT AR R R Ay i B, T AS AR AT IR 1) T B BOHE 2R 1K) T VR TR, 38 Bt 25
VAL )7 5 S AU B 18] (938 SCRIRYE. 76 56 B 3 WA AR SR SR IS D0 R, B - SUE B2
SERERY, T HAEE S 1B TR D) FEIRA R Bras B T B R 1) R, XM 2 A4S TR
AU B A BB 04 DA =y %80 INE) T B A A, NATAEAE 2 IR = B ARAE 5 601 ) — LE G H 1) 5
| B RV, T AT LIS M SR AL — SR 2 2R B ARSI B T8I QT 5 X S S B R A G 1Y) SRS
AR 2, NATTRT DLZ T HERR SR X5k, 2 e Arth B v BO AL B PRIk, ZEI e 5 A ) i, 3141
1% BN ORI 1K B ) 5 (4R, DASET SE AR AR M T H AR B

FET UL BB FRATEE 7 — i 21 (1) 238 T3 200 A R @ A28 (attention based location
regression, ABLR). ABLR A | ILH 1) ZHASILE T, o] AE— IR R #T 5 2 f5 B
i H BT R L AR B TR AR bR, BUARTIT R, ABLR. 1 56 F P AN U] 6 8 I 0 1208 B 4 48 o 2%
LSTM 271 43 % MRAT R BORI B3R 7 51 EAT S, R LSTM 28 1) B/ H SR e Re AR #0K 2625 e 471
H R SOE L BTG R TRAE, FRATT B T b 2 B IL RV R LR 2 S RS
BT Z AT R R AR e B E S B AN RIAAI F BO 45 78 1 SR 5 6] Z AV SORIER,
DR e AT DA S e 4 SR AT S 44 ) 7 B U9 H R T B 3 B R (1 SRR AT, R B e TT DAY S 8
I E) o B PN SR BEIE I B0 48 T, B, AR T — AR TR R D RO AL E TN R 4%, RE N ART IR i
TOUIU 3 = 70 b DA 45 21 H BRI BO IS [ A8 A%, IS0 IR FF B SCRRFIE S A X 45 . 24
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Contextual incorporated feature encoding Multimodal co-attention interaction Attention based
v coordinates prediction
_. L (BsTm-l
[t c : :
| ] [ BILSTM ' Strategy 1: attentlor} weight
C3D 5 : 1 based regression
Network| . - s se
| L (Gasml 2 (t°, t%)
y |
— — Bi-LSTM il :
_S_

Strategy 2: attended feature
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] 1
1
-y 1

H Glove H H
liing —» i Bi-LSTM
v 1
weight —s — Bi-LSTM

£

k2

T

ox
|
|

3 (MEMRFE) £ETEENEVFMEFEMNEER ABLR #E£%2E, ABLR #£8% 3 MBS: (1) ®FLTIXH
FHEMISMLE; (2) ZESHEIEENREMLE; (3) BT EENMAETNMELL. thsh, AR T RAERYIR
B SRFUN R L B BRI A BRI E, BIETEENINENEAFMET B MAEHERE)A.

Figure 3 (Color online) The framework of the attention based location regression (ABLR) model, which consists of
three parts: (1) contextual incorporated feature encoding; (2) multimodal co-attention interaction; (3) attention based

coordinates prediction. Besides, we design two different regression strategies to predict the target segment locations, i.e.,
attention weight based regression, and attended feature based regression.

A HCRNE B DA B 28 AN 3 B AL E TN R 2%, ATt i) ABLR. BERL e vy RCHERf 1L 52
B B IRTE S R T AEAUI A B
A Y W TC I, P A A BRAT TR I T R 0 IRlH I 8 2B ABLR. PR E Y

2 )R
3.1 [EREENX

OB V 5—H BARE S A TAEE X {(S,7°, 7)) MIKEE, TR — N HRIES AT S #/E
AR VA BERS R B — AN B, AR GG AN S5 RIS TE] 5500 5 A e, BTN BN R IE 2 S
IR, AL MM V MERES AT S, TATRALS 2T S Frfiiid s A B B i i [a]
AR (75, 7°).

3.2 ABLR &%

W 3 foR, ZETER I RVARE e AR ABLR B 3 AMEEL RIGRRE B ST gw i
%%, RS ILAE R 7728 B N 28 R T T A BT 2. TN BIRRATURT B SRAE & ) B 5
[PIESS TE) A AR, FRATTHTHE A ABLR B AL nT DU e o 2o 11 7 XECG L. NIHPEXT ABLR ) 3
MY AT BAR 4.

R¥F LT SXCRVEHESRE L. T € 67 5 £ 2 R i E — A BRLAILIE B AR & A 12
BEIE SUE B, BRI E BN 2204 JR A b T S5 B R A ] BRI R TR, — S 7k
BERENTCH BT UE BRI Berb. (2, BTl — S ad g 5 07 AT g BIRh & 4
JRARATR S-S54 AE 01 BRDATIUE IR RUBE (10120 FE — @ FE RS B R AT B . sb b, 200
iRl 54 SR MR ATURE FIEKs 200 I 5 A AR R A SR 4, DATIUE SOREE BRI Bt 9 F A Je ik 4 RF
P KPR 5. R T S IR L o) JE, FRATTR A A K I IR AZJE R & 2% (bi-directional LSTM)
HEAT AR G A
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TNV, & S B WK P4 R M A AT BE {orov,e .o o). SRUE,
AT FH 2 1 F B = AR 0 3 e L P Bl A7 S

T; = SDCNN(U]), (1)

Horp w; AT BL vy I=4EGRBURFIE. 285, BATEADE LSTM ARt & B R SO B
BURFIE. B30I E SCan T

hi,ch =LSTM'(z;,hf_| ¢t }), h2 b =LSTM"(x;,hb,,,cb,y). (2)

j—1=j—1 Jr g

A LSTM  H 5 ML T 48 2H %, FErpal e LSTME MARAT T Sk 1k 45 R A2 30, 1 J& 1A LSTMP
ARSI )5 R [ TS Fe 3y, AT B vy B ERFIE v AATEALE § Abad i EaT 1A AL ) LSTM (1)
i A Ra R SIOR

v; = f(W,(hj|[h}) +b,). (3)

F() FEARS R RIRBOE RS, B ReLU. MKHEKAGRHCAZIE A LS LSTM (e, AHAR AL A
BO A B, BRI, RN RAT B SRAE AR 2 G B I ) R SUE B A BNTHEIIR RNV =
[V1,. ., 04, .., vpr) € REPM H AT 55— B F RN HE— AT BE) by, 4ERFAE.

NTHREHRES A5 S, AT XA LSTM Kgmbd )1, #iAR SClk 28] —#f.
H—f1 LSTM B 826 0] 7 RER G AL A — MRFAE A [F], XA LSTM 4] 7 S 5 1 i 4f 5 i R iF
FEHE RSN, EERHE— 50 s, B — AN AT R SUE B BRIA R E A s, i) T
FRAEMAA) LSTM HoAE A 2 ST 20 (2), Hod i N (0 46 Frial BRI 2 300 4EM Glove 291 JAlHR A
M. R, BRESATIRFERRERN S = [s1,...,8),...,sx5] € RPN N3OKA)FRATN
M LSTM [ b 4E 29 —A h, Bl hy = hs = h.

SIRSHENFENRZEMLE. 1ELAATII 7, ol & AL H] 32 ZAE Hr 7R RS A S AT 55
() <H R EL ). IR, B RRE B T B AME S A PRSI R B e AL 1, RO I — AR A LT
Je TR A TE TR S R AER e A AT T B A B AN, W R MERT X—), BRER EIA)
T NI s A R A DGR 2R 2R ()R] B E AR B RO O I e A I R e AR A R
B 11 H b

T UL EFEE, FATE 5] N 2B R Z LS B0 @ SZ S A) 7 2 A CBOC R, 7EIX
Tl B WU R BRATTR A A AR AT 1) 7 3 & 1 B 2 (AT A & iU R S R e
3P (1) RIEYILEA) FHRAEFE T AE AR = 70 18 & (2) MR R I InBUS AR fE e 5
AR TR IR E; (3) MRE HER IIAUS A FRHETE A s A I MAE R B BARck
Ui, VER TR 2 = A(Z;g) AR (BLA)F) 951E Z Fid8 S e g MENRN, A (3805 1) 1)
HERIIBE o DL HRER I IAUS BIFFIE 2. BARE L F:

a® = softmax(uaTtanh(UZZ + (Uyg)1™t + balT)), zZ= Za]z-zj, (4)

Hi U, U, e R"" by, u, € RY RIEBTIREINSAE, 1 R TERE08 1 AR, W 3 f a &
TPHR, LB AR R IEE 1 2, Z2 UL VORI, g s8R T2 T SRR RIE SRS R 4R A 1R
fit. 7255 2 2, Zz UL S WA, g R HEE 1 P4 B0y B 0B InAUR IRIUIIRHIE. fEf)e —2h, Z
LA S TAME, g 25 2 D B3 R U R E AU 1 A) 3R

i AR, AT DR AR R A o AL RV L ) — FRHE, et AN TER o) RN
3 MRS BOM B AR 5 A7 Z IRV SOORER. Bl itk AN 2 0 AL B0 S AL A ) 42 J P 1] £
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4, TRV d it v B A IR AN AS 21 42 R AUUREAE A, 55 ) 38 SORH O B4R 78 A0 AT P 25 11 2 il 44 4
WK, R, FRATEIE TN 25 K S A) 7 AR 5135 3 B RCE, R A) 7 iR B R = R
B A o e AL R IR R R S

ETFIENNAETUNMLE. %4 E MBI ERE oV, &6 B AR B A & 1) —Fr ] 5e
[ 7 5 B I — Sy R B (B B = (A B 153U (R IR s R T — ol S AL B SR M,
T ELR AL B TR R 5 IR Y 28 B HEN B TR, 4 2308 BB AR W 28 B N IR, 9 1 38 B 3% A )
AV T — R A TV E R RO E T 2%, %N 4 BEAR R TR E W 25 B AR A
BT B 2 AR S, BRI &, JE T 2 0 B B TN N 44 4 A R 9 B ER ) B R AU
MIRFIEAE SN, B EE B AR BB (R AL bR, 5340, FRATEARYE s LB B T WA B
(5] U SR — i B iR B I R, 5 — o 3 B IR (1 |1 3.

BB BRI RN A A oV VB9 T4 BE 1 — FheRRAE, i (=] )5 X 2545 21 H
FRAATF B 1R B[] AL -

t=(t",t°) = f(Waw(a”)" + bow), (5)

H W, € R®>*M Fl b, € R?2 ZEEASHL, £ 2BOHREL ReLu. (¢5,¢¢) 43 72 B WU AR AT F B (1)
GRS TA) R 25 SRS A], {BIRAE 0~ 1 Z 18], "EAT 12 BRI B i 4 xod o7 B Bk DA 4 SR MK P2 J5 49 31 1 U —
LS T

BTV BT INBCRFAE A [EA 1 Sk = 1 IAUS FAAURRE o AIA)FRHIE 8 filG N 2 A FFE
m .

o

f=r(We(o|3) +by), (6)
Hrb Wy e RP20 fl by € R 2 THHERN GRS SR, TATIG £ 51005 9 45 f i N o0
H b b B BRI [E] 457 A A
t=(",t°) = f(Wasf + bay), (7)
Hrh W, € RPN fll b,y € R? REETVERJJIBURFE R [ I 2% 1 280, X (5) A1 (7) s, kA4
DL 2 S S R AR A 2 ST I () ARAR LA MR 2. s b, EFRATTA SR s B B b, S NS A
HH B[] A AR 2 TR PR AN e A& TR 2
PR [ U S R A R AN P AR BT R A, L3 & AN [F A . FRAT
W AE S8 0 43 5 R B AR M 1 EAT T 52 .

3.3 ABLR #&HE3]

48, # ABLR MINZRERIRN (Vi i, Si 75, 79) ey, Vi RKIEN = IHUIR, S; 2Rk FrE M
PR BUR B ARG 5 )T, O BUEAUR V; B B B RN R (75, 79) IR SRR, LT
LRI T2 5] B ARE S AT, 70 A HASF O RSF BE, DRLEAS [ ARSI R A AT BE T B[R] — LA

AT S5 s BRI BeRJT IR M Es R IR AL B —A6 N & = (85,8) = (77 /73,78 /7).
XA AL 9 BTN H AR, AR SR BRI B TR AAAR XS (2, 8:), FATBEHE T —/MER AR5k
BRI A LARAG IR [ AR AR TR, & DA L1 e R(x) B2 B30 X

K
Lieg = Y [R(E; — 5) + R(E — £))- (8)

i=1
WH, ARG SS T, R IR R i R B E B NS
FELE ABLR o, FRA1TR B E 4 WAL 7 BCE A [l [R] AR AR, AL, ABLR. Bira 2] S AL &
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TR R PR X B Ja A B e P AR AR ORI RE . B B8, JATer 17— MEE R e
KA, B T 2SI FE R A 28 A S RS B 18] AL A3 — SR UIE B B

K M Vi
>_j—1 mijlog(a;")
Lea = — 4 ! 3 (9)
l ; Sy mi
Hort my ; RV, BRI 5 AN BOR AER) T S, BT B B ARSI B E S [E]
(75,78) Z W, B W my; =1, B m, ; = 0. BAR, FERE IR S E TS5 1A BRI B
BAEmmES NE. X Ta RS E, T EER, AT BB — BB SRR A
R rp R 2 30
ABLR JE i 2 Gt (1) S A5 25 B 3036 E IRV 2 07 I R R R A 2k
L= aLreg + 5Lcala (10)
Forr, o F1 B SAZ PN R T TR E AR 2, EATT AR el A 5 R
BT Bk Bk R ek EL, AT Y ABLR B gk AT DL MRFAE 2 ) 190 2 3] A2 bR 5000 D) 28 136 47
i B3 PRI Sk, AEMRBY B, FRATH AR B 285 5 4] T N3] ABLR B S8 54 Hh &) 7 Bodt 2
FIRRATR B U — A IS TR] A AR, R FL3fe ARR AR T84 SR 3R A5 Fe 4 xf A

4 ETIEXFHHEE—HHERFEM

BEXT B ARE A AU R IR e A R R, AT A i 2 N E A S VLS AR A
RS B, T 2200 1 )1 (R AE S IR BRI 2% 0 70 N A TP K R AR T B, B 4 b BoRi H AR
MR B B B S A A FRESD: < KB G E) M AR R B3, RASHE AT, XM
MATFRE S AR — DR RBGEK. (HI2, 2 M HRE S A FIERILERY] A ANEEDT
R a R R B Y. B T AT I SR S0 AT AT DU UK P AN B ORI AE — ke, AT RS 7
Huf 2 ) Pt R ) R RS SO AE A RO AL B BRI, BT ) P )1 T LA SRR AR AR SR A
Wt 5 I 18] A SR IRAARR 5, 0 A T AEALA R R I P s X — AR 55 A8 OQ EE B8, Lo, MU A 35 i shid
HA AR RIS RFAE RS A TR]RUEE. AL, B ARTE 5 R 745 S SR I P 350 P 2 It 1% 55 8
A AL R AR RS, JFREVSBE B DU N 2 A T Bh A A R

BT RIS, TATRM T —MoFr B SCDN AU, iZAL A A &) 538 UE B RER A 2 )2 i
FPAS R4 P RFE H — i AR, BUATT S, SCDN S8 id 255 ) 15 SCRAESE = A AN 45 Fp R AE
A ALERAT B4 AT 52 S8, TS ALAAE % I 2 B AR R R 20 AT 3XFE, B — UURFIE R B
HORHE It T — 2 I 5 5 B SR G s ) 138 SOFT e s AU N 2 A I TR] B ELAR SQIRANRR & . B4, S
AR FE TR R 7 B B PP @ AR, SCDN FE AR & 2 5 BURFAE I A AN [F) AL B, 34 4 H s [
HIE AR S 57 AL SR AN [ 60 720755 (A1) B3 e B 1 3RALE, 453 T A) 338 ORI — 1k
AR R 05 3 A HUBE A I R AR A A R e, E I LEAN R L A FALE R RS A 25 SE i 5 B ARG
AT TE R FE. K SCDN R 22 JZ I R AR M 2 vh ) AT T3 AR T mT DL SR g s a) 5 A4l
BB IS AT N, NN AR & R T AERUS P I P 5 AT 55 S 04 17— i atin 43 25 1 28 44y

4.1 BXFEHEEF—AFIES TN FERMERE
M vV AN ERIET AT S, BARE S AT A g LA 55 B A
B — A B IO A RAL E, (453% Fr BOVR AL N 28 5 80 1 (38 S8 SO R 8 T
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Sentence query: The woman takes the book across the room to read it on the sofa.

[ (=58 cecit® osif® snR sl sl -

4 (MEEFE) AERRT BRIES ATF AN IR FEALGIRE. 1R S rE X EHan7sV3— 1l HiF B
AFIENEERIESHFESRMERAFERI—HERE, EMATLURHAFEXFAERNARES (FInE+RLE
M EIEMRENMNAER) e EEHEXEKFREE.

Figure 4 (Color online) The illustration of temporal sentence grounding in videos task. Our proposed SCDN relies on

the sentence to guide the temporal convolution operations, which can thereby temporally correlate and compose the various
sentence-related activities (highlighted in red and green) for more accurate grounding results.

Multimodal fusion Semantic normalized temporal convolution Position prediction

Input video

Predicted
segments

A

B 5 (MEEFE) BEXZFHEDTE—UNGEIES THRFERMERIERE. HEE—®HEE 3 MFRR: %
ESRMAEME . BEFENEGHEE— AR FERMEMLETUME. X 3 M RREERE, TUABREMHK.
Figure 5 (Color online) An overview of the proposed temporal convolution architecture with semantic conditioned dy-

namic normalization, which includes three fully-coupled modules that can be globally optimized: multimodal fusion, se-
mantic normalized temporal convolution, and position prediction.

fRPRIK T 5, BRI MU R A — S R UTUA B, (video clip, IHEN 1 s HZNILIR) 0551
V = {o )", AT IFR e B R A S = {s, ).

FATHR T — Pl R R Sk A3 1 SR 254 TR LS O 5 A4, B (AR 22 B A 5
Fir. BARTT S, FATHR I R 3 3404, B 2 BEASAh & 4%, 36 T35 U AF3h 13— (LI
5 25 U 4% RS B TR 2. 36 3 NI4T 58 A BB A 70 — L, DR AR R 7T LA LSk 303 1y 7 2
T,

4.1.1 ZIRETSHEMLE

H AR & ) FAERAI R (B 7 58 AT 55 5 22 70 43 B A - AT & S0, R ST 3 G SORER.
PR, BRATTE ek AN AL BUAR S )1 R SUE BT S R A

fi = ReLU (W' (v||3) +b'), (11)

Hrp, Wi bf B3NS s Fon e /N TRALGES, TR DUE R R S P A e
RHEIRAT. I X P 2 B A F A RHE F = {f,}], € RT*r Befg LLIS A RLE il 38 ) 1 FI AL
Fr B T SO EL. T T RIPRE S 2R IR 2 T8 SR AR B3 A — LI P A 28 R X e 2 B R 1
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FHIEAE I 7 AL ORI, ANTTAE 555 73 SCH S AL N A & 21—, DU e 8 L3R BB T I i
I [A) L 55 2

4.1.2 ETEXFHHEFA—UHERFERMLE

WIHT AR, AN[F) )7 PR (A0 N 25 T LLEAT 2 Bl T RUEE, o5 48 AN TR By Te) 67 . DRIt 3RAT]
NEAZAH 2 B R & 3RAE F AR 22 P () ROBE T 4 1 20 A A3 o 30 N 5 10 22 RE . 52 21 s R A4
BNVERTINN 45 1413 & (2330 FRA 1K —F 2 2B P B BN 4516 Bl T 2 B Rl & RAE b, W2t = A2
B Z P a) RS FRFIE B, DL a5 A0 R RF SR 2 Fh 2 FE RS BIAE. b4k, SN T 7840 R A+
(18 A FAEH, FAT52 7 SCDN ML, ZMLRIKEEF) 15 SORTR T 7 AR W 28 (AR I3 — 4k
bR, DAMERE A I 8] HERS B8 4 QAR & 5 0] T AH SR IR N 25 . T ST Ja [l S Al ) i e 48 A0
WRZ%, SRR R 4H P4 ¥ SCDN L.

SRR, A SCHIFRAER 7S HR IR A Conv(0y, 05, dn), FoH 0y, 05 F1 d), 53034
FRRZ IR/ . IR/ FIER A 2. [FI, JEZeME s R4 (1l ReLU) M RIKAER— MBI
HZJa, IR REEA RN FPEii =, il nlls 6, &N 3 30K 0, BN 2, BMERERS M
NIREAE P BTN [ 4 P2 R F, R e SRR A P PN AR AIE B TG A SR 2 BT Y BBl E 2SRl & 3R AE F B3t
BEZANMFERE, AVE R EE N BAEREWPRF SR, 12 TR — ERHIE
o) BN RRAIE B T AR o T SR A AR AT () — MR E AU B, 9 T TR JE 825 X, FRATIEEE & AN
FPERUZ IS B RE RN N Ay, = {ag )ik, € R dn Hod Ty = Ty /2 S RI4ERE, T ay,; € R
TR k ERAEE A E @ ANMRFIE G

1B X ENZSIA—HLE. FER AR e i BB, B T RS B BAR N AN, BT
B B DRI R RS+ EE R . B0 B ARG 5 A FEST I 7708 ALK — 4155, FriR i
N BRI 25 2 A AR DG RS A 1 328 1E BTN, e ReATE AT A AT A 25 ) [) A L G TG
WE, HEN— e SR, BT DL R, AR 7 — M BE k8l 3 — L] SCDN,
AL BRI AR 5E 1) 715 S Bl Mz dil A 7582 R — g 2.

BARTF, W 6(b) Fiw, 4EfFIRHERR S = {s, 10, FH—I e 5 AR =5t 1Rk K
A = {a;} FRAEMANE TZ5), SO0 R I —DMHERTT a;, RATLLVE RIERE R, KH
VE B WL AE BOZ AR BT AN T8 AN s, BVERIRE pr, FRSREFE R TINAUN A 13
ik ¢;:

N
p} = softmax(w” tanh (W?s,, + Wa; +b)), ¢; = Z Pl Sn, (12)

n=1
Hrw, Ws, We fl b A2 ZH8. AR5, AEHWANAA tanh BUE KRB 2 ERE (fully-
connected layer, FC) JZ K4 Al B M EHI & 4¢ € R Fl g8 € R
7§ = tanh(W7¢; + b7), S5 = tanh(W¥¢; + b°), (13)
Hh wr, by, Wh M b8 AR NSHL Ba, IRPEEREFER] AR ¢ A 88, ATRAFLEHRTT a;
THE N

a; =n; - + By (14)

K SCDN Ui, FATTRE W 4] T RAALRE A0 M P2 0 I P2 AR X 2% v 48 2 R A P PR 4 TR P R i
P2 XA, B JRAFAE B SR AR 78 70 32 2 6] 11 U BT TSR &, 3t — D2 i 5 8L Fr R
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x a4

”
< f Conditional
<i + ..////
1 normalization,
e A

B

o4
—

()

)

L " scoN

—J

(b)
Bl 6 (MERFE) FAVR—LARIFILNFTRH EE X F ST — Al B LR E

Figure 6 (Color online) The comparison between conditional normalization and our proposed semantic conditioned
dynamic normalization. (a) Conditional normalization; (b) semantic conditioned dynamic normalization

Target segment

| ] A ]
|
|
L | | | |
| | I 10
0.75 Temporal scale ratio »
0.5 center = (i+0.5)/T,, width = /T,

Feature map with temporal dimension 7, (7,=4 here)

7 (MERRRFEE) 1302 T 000 45 4 B ij AR &

Figure 7 (Color online) The supplementary illustration of the position prediction procedure

JZ BB I 8] I HERS 58 R 5 5 A0 AR QIR AL N 78 A 5 1) PR IR0 20 s, K5 BTd L i) SCDN
2 TR PSRRI 2 G AR 2 18], AR 3] 7 3 Tl SR AFEh VA — L I R B R R 4.

8. WE 6 P, FAFEH ) SCON SHUA 56 AHtt / SLBIRETE AL B350 A T AR 7225 A4t/ 5k
IR, FHIRI) e A ge SHCREREAN LR/ el R, T ansEs (12)~(14) Fror, 341 SCDN
i S AN F A 2, 2283t 0 55 1 P AN [ B FR) S 0 S A ot I (9 T IS B4 ) 1 1 SRy
ik, AT EEANRAAE B R A A FIRFAE BT A T AR e AT e S50 XA B I — A AR AL 5
JEHS AT LA SRS BRI BEAT 1R O B, I 8 R AT ST AR BT A R E MR . BRI, &) 7RI A
T SCORIBE AT DA 7 I 8] (R A% S0 U 5%, DASZHRR SRS B (10320 77 T

4.1.3 {(IEFUNMLE

SR A I W 4 12331 AL, FEFRATH 22 2 I e A8 AR 208 o A1 0 8 2 ) A BPURFAE 18193 3l
FH 5 A7 18] 5 S SO A . il 7 BoR, BOE BATR — MU ST — 408 1, 84T
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F—ANEA T MFFESRICRRRE B, LARRANREE B O E AT R I X 35 ) [R]85 P U 1/ T FRATT
X0} A — N RFAIE B T TR A A X 38 0 B ) %5 S AT — s FEFE R4 8, e TR BB 728 r € R =
{0.25,0.5,0.75, 1.0}, b4, XF T SLARAEEI SR I EE & ANRFAESC, e AR X B35 - E A AN [B] B[]
P FE I XA, IX S8 IR A 7/ T, O (i +0.5) /Ty ST TEEAFIER, MEIEE T - |R| AR
B DX 5K, B AT AR PR A — AN B — M AT A B

BAERS P B RRHE I E i — AR UE 5, DA B AR B B ARk, B xd &AM i
e B, AT A B AS EII—NHE p = (0, Ac, Aw), Hirr pover ik Fr B S Ese B A
BLZ R HIVCHECEE, Ac F1 Aw SRR Fr BT 352 H br v B O A BE (. Bse e v Be i)
ORI E S TN e R e, 82 AR 00 ) 2, FRATTAT ATHE ) p b A 328 1 B R R 45 28] 00 T 40830 1
Bt ¢ MK v

¢° = pC+a p - Ne,  ¢Y = pt - exp(a - Aw), (15)

Horlr a¢ Bl av S FEHI LB MEE L Ac R Aw HOSEVIREE, R0 B BINRESE ke, JATAR4R
ZORAG L E g 0.1, JRF, S0 T — A T, AN TE IR AE P, BT BA A — A T Bede
By = {(p9er, ¢, o)} TR IR 4, A RSB ST A B A RN @ = (@), b K RHHE
VR SR BRATT I 0 5 ) 38 SUR SR IR B 2E @ e .

4.2 BEN)IEEBfrRH BTN

AL, SCDN FMEJNIGMEAGE 3 ANJnE: WA, BRI S 57 M54 7R RH )
Hbr v B . W — g i Be 5 H AR BU) “SC4EBR JF 8 R 2L (intersection-over-union,
IoU) KT 0.5, MK FAL R IEREA Fr B, B (R I 25401 2K R H0C B 48 VT T B2 TR0 453 2K PR A Lower FALE
TR BREL Lioe. Lover PASE USRI ASEI, Hog SN

N,

Lor= Y0 = D62 log(f™™) + (1 g7 log(1 — 57", (16)
z€{pos,neg} i

SO, gover (i BUR ELARLIUY B2 ) ToU i, 7 pover S BURT 0 — -2 19 O ILACRE. G

FAIEAL Lioe JITHREEREAS B 5 F AU B2 IR B O 22, AP0 L, 00k o6 o2

IR S

Npos
Lioe = 3~ Z SLi(gf = ¢F) + SLalgi" - ¢1'), (17)
Horr ge F g J3 2 BRI B i b A7 BRI L.
AR R AELRE 75 JEX PP 2% R B IS 0 N AT IZRIG, o X T 2 P73 T T0T408 2K bRy
HoTEk S
Lall = )\Lover + nLloc' (18)

BirF BTN, BRI ZR5E B, BATRANAUIAN B 2R 5 A 7R A BB b SRAS T A B
EH @ K @ WAL R BAZEXT RN pover 70 Badt AT He e IF 48 A 3 S K] (non-maximum
suppression, NMS) HEAT AL, HEFP 55— AOM%IE Fr BRI oA R B 5000 1) 5 6 77 1 SCARL S 1K) H AR AL
ABL
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LSRR N EhASA— LR gk B i R R B E L

(934

AR T8 SR AR Eh A — AL T T I 7 5 R R 2% BORTT DUEE 2 )2 I e B AR 28 vh B 2R 5
N2 R MR E P B, IFAE — IR AT A P o 55 A ade Fr BURRO T B b i BUi i 22, (BRI e 2 R
FEHIRLI e 28 P BATY AR SR e T — L6 T0E LIRS (0 4.1.3 /NS i), T E SRS 5 A5 P i i AL
T LI ] | 7 R P R AN S AR BV S AT Y AR R L 67 B SN I 4 X A P B e
(A1 G BEAT 15, SX SR BEATY IR = BT T0UE S A A B R &L DXk, S B0 e 5 A7 45 R (R e 032 57475
AN R, & —FRURLEER <R BO Zonl ITL. PR, dn el RO I 4) 515 SR AN 4840 i 7
IR BUAR) IS TR) 3 57+ 70 B ).

BT LR, WAVEE RSN — LR T TR PSR R L, SEi T — Dl
L FEE I (8] 3 R B bR, B AR FAE R P B RS R, LA 715 U8 BON9R =, A S A AL
B (video clip) Az T H AR BORIEC SR £ 1A a] XS B ME R 7 P A 28 T 1 H A
BB LU, FATTREA FH F R B i AR af « 2% b0 o e DX B SRR H A Fr B i 13 A
LA R SENORSHE RN 7€ 245 R 7 3 D ATTEE AR LR SEIR S5 RAR W, Frie i i gk 2 i [a) 32 514
ML A RE 063 — 2D FRTHE SRS A — (AL 55 T B 2 B AR 2% 1 58 (S AE AR 3, AT 62 F
THA R

5.1 ZRRE R E) L R AEIRR
5.1.1 MEEHREER

WK 8 Frux, AT H B4R 55 I (] 120 SR AR H oy SR 3 AN R T A — AN 5 A0 Bt
P F B AR BR s . & bR A XA R . 1X 3 AN T INIE T 2 20 7 B M2 10 25— ANRFE
Bl Ay, I H PG, BA AR MESSE. AT W B2 B8 A Eh A I3 — L) i i
7B RUZ AR, CATRN A (] X S 2 17 X o, FE58 1 E I P B Z BRI ANA 3, P IR KN R
1, WPEREEN d),, 5N Conv(3,1,dy), FHUMHL, 26 2 EN FERZEEN Conv(3, 1,1). HITIXFF
1 3 AT M, ATK RS 3 MERITH] Ps = {pil_,, P° = {psyi_,, P™ = {p}F_,, Hop p3, ps M
P A IFRIRES kAL B T AR BRI AR GG A 8 AT ) DX R

FRFTIAG 3 MR FE SR HE— 0 F TR S A ARSI — LR S N IR R
R 28 B T (R0 LA F BRI TR0 . 53 4, bl A 58 I ) 3 S ) A bl 5 I o R ) 4 1 2 JES 3
(B B FUZ, AR B ()30 S R AR B 1) 27 =) ok RE AR (R R 22 J2 6 7 46 A IR 285 1) 2 ST i .

5.1.2 IZRIRS R

H T R FEE IR ) 320 57 ] B A R 2 N A BT LR BT 3 MR8 P, Pe AT P AL
TITEN SR, BATE e ZONEEA AL P B 2R A B R A6 A5/ 2% 1k s /i 8] DXCSEAR 28 25 78 I 2
H—A BRI AT IO AU BREIAL B (¢, ), BRI TR ¢ (¢0) 1 3 AL T — S BRAL A B,
W2 B AR BORD T3 — B ARE 5 ) T IR AL (B R ) MRS E DY 1, I8 0. [FI,
VEAE (t°,t°) BB B AL B, Herp ] XU AR SO BN 1, I 0. XK, FRAVEDRAGE
6 i/ 2B R TR OB AR P, Rom N G = {gi oy, G° = {ggio, T G™ = {g}]_,.

20 72 TN B RE 3 P SRR ZE 7 51, FRATTRASE SO A3 (G, Po) X 2 e il ok s &, Herp
z € {s,e,m}, JFAINHIFRAFEIG mBUR R L), £ G R B A Ly A 8] DX 2k iR 2 L7,
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Multimodal fusion Semantic normalized temporal convolution ~ Segment-level proposal prediction
Y
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4 h Starting prob L [
7'SCDN

Temporal

- e /Z.‘_. j Middle prob ding results
B Temporal boundary adjustment g results
A Ending prob
I

Clip-level actionness prediction

(2)

3

Semantic conditioned dynamic normalization
(SCDN)

(b)

8 (ML E) (a) HHMKEREILFEERIRIIE X FAEIF—HHHES THNFERMEERIEL
El. BRTEXFHEF—NFES THNFERMNERE T 3 N FRIR (SESMEMSE, BTEXFGEES
VF— LB R SR BRI ETUNMLE) Sb, ATEEIMEL T — AR E R EG FAEER, BT84 E UMM
Frif i ARSI R R B TROA. (b) & XEHISIT— LS REE.

Figure 8 (Color online) (a) An overview of the temporal convolutional architecture with semantic conditioned dynamic
normalization and fine-grained temporal boundary adjustment. Besides the three modules (multimodal fusion, semantic
normalized temporal convolution, and segment-level proposal prediction) proposed in the previous sections, we further

propose a clip-level actionness prediction module in this section, which will adjust the temporal boundaries of the predicted
candidate segments in a fine-grained clip-level. (b) The illustration of the semantic conditioned dynamic normalization.

B2, FATTHTHR A AIRLEE IR 1) 30 5 1 S A B L S AR5 % s 0 B3R 3 T LS A

Lclip = AsLilip + /\ELglip + /\Hngllip7 (19)

o g, Ae AT Ay FERUHTAS [R5 B8 50 A7 LR IR AR B

AL RE I 8] 300 S I A TR 518 SR ARSI — LR 3 T RN PR BB S DU, FATR
4.1 NI AR 28 RS R R EARIC N Loeg, A BEFA I FPEARINLE, SO I 8] 12 7 1 B A
R B AR IR 45 % R 0

Lan = Lseg + Lclip- (20)

5.2 YRR ERTED R EBERIES TR ERA RAE TN

AT, T A Eh A 3 — AL 5 T B P AR W 2% e 000 A s i MR BB & @ PTT LA
St B AR R AL B I R 8 AL 45 2R, (ER e ikik v BeTh a4t e T~ — Le FE ORI 1, AT A6 45
I 7 T8 AL R 45 SR AN AE R 0. T ZARARE 2 P (]9 5] BE R T 1 A Bz I TR A B AL T
FUbR R BEAHER A6 A/ 2 0k s /v ) DS B RO, 3K — AR RxT s P B 557 B 1 T B k.
b, FATHR AL H A A BSr B A TR BRI P Z0L B I [ 320 5 FE AR R A I e 25 R 10 2% I Tt F
MR BRI TRIAFE. D 1 3 BB F AR Py B AR, A/ N A i) — S8R S0 AER 1 .
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®1 KPHHREREINFSEX

Table 1 The definition of symbols in this subsection

Symbol Definition
P Segment-level proposal set
P; One segment-level proposal from ®
&3/ PS Starting/ending point of ®;
PVt Overlap score between ®; and groundtruth
ps Starting probability sequence
Pe Ending probability sequence
pm™ Middle probability sequence
& Relaxation interval around the starting point of ®;
& Relaxation interval around the ending point of ®;
e Point of maximal starting probability in &3

@7 Point of maximal ending probability in £§
o Proposal after adjusting the boundary of ®;
77" Starting/ending point of ®F
P Overlap score between ®7 and groundtruth
PP Proposal set after boundary adjustment and NMS
Ptag TAG-based proposal set with respect to P™
Pb.tag Proposal set after intergrating ®P and $t28

ETRIGRME I i ReRTENA R R, BRI, Bk ©; = (45, ¢, pyver) £ SRAFEIE A
AL T N B S R R BN A R I Be R & @ = (@)L, I AMiRiE Bl X
@5 A @5 R iy B @, FE A2 R, T pgver SRt i Be S 1S Hbm v BEZ ML RCEE, M 52 @
M BB . BRATTH 20 AR 0 (2 2 AN & 1k s MR P 1) P R Pe YREE g5 R g, G, R
TR Fr BE SCPAN KR X TR

& = [0F —dife, ¢} +dife], & =[0F —di/e, b7 + di/e], (21)

Horb d; = ¢f — ¢ RARIE T BL ©; BIKIE, M0 e SEAEHIAR st IX [ /N ELBI R 7. BATE— 2B AE &
HAT B R IR M B TA) jU0E SON 7™, IFAE P iR B0 R B RS IARE AR, 108 p) ™. 2840,
FEDXIA]) &8 AR R 26 b M3 RIAR S (R IR 1) R 70 AIARE SO py ™™ AT 7™ s py ™™ i py ™™
RTTE LHIBRME v, R B @, BIECAR m B 1k s R T

@77 =007+ (1=8)¢™™, ¢ = g7 + (1= 6)¢™™, (22)

Horpw A6 AT [0,1) XTAIA, FRRAT A R BIR SR EAT I E. 75h, IR ¢f B ¢f #EHr, W%
Py B S HSE H AR A B2 18 VLB EERHBOR: py™ ™ = 7pgver (r > 1). XFE, iR4E LR A, BAi 14
PRI MEE TR AR BT RIE F BER S ©F = (677, 0", )" ).

FERRAKAEINFISLIR. FEHAT LRI (R TR B2 )5, JATHE— D AR AR S8 UL T2 73 pover X
{8 Fr BUE & @) BEATARMOAEAME] (NMS) HEFPAbEE, JFEG TR B AR S S ] A 2 52 BE 5

MR B AL @

1432



FEEBE EERE B 5285 8

ET X RMRIE AR, Ja XM 751 P 8 AN AL BT B AR B
BERIONER, AT e S G 747 8h A& JF M4 (temporal actionness grouping, TAG B0), K B % &
H ] X IEURE 26 0328 88 B ST RRAT Py B 9 31— AR o figeade lv B, 10 2R T TAG Wi v Bt i otee =
(@M o pptes R @tes g BUSK T b A XIS R T B 130 U, AT S @b
AT ptas K= B AE A I I 7758 g . Bk, X1 &P sy Mt iy B oF, JATiH 5 HAH
XTT @tas HHTE B ToU A, WK ToU KT 0.95, ALK otee il o> BAGHK ToU 1H
A B e ob. &, AT EH G BEEG I N ®vtee 2L G RN i 1IN 5 AR R 25 Al
AL P [R) 320 R B ABE R PR TR0 45 2R, WA AR Y () d 28 S

6 SLIE

AR IR S H T R RN R PR LAY, 1 SR AT B H— LR S T N P
RADR £ AR, PN UL AL B2 I [ 320 53] AR R (R I P A AR N 2 A T R AT S 56 23 A, IR0 H T 2 A 7 1%
BEATLEAL. RIS, FRAT MG HEAT — Ly il S48 DABGHIE & TR H BT AT R, S 4h, AT RRAL 1 s e 25 S
AR R MR AT o, AR X i S A R St — 0 1) 1 fi.

6.1 HBIE&ENE

FATFIH 3 NAFFEHEEE Charades-STA, TACoS Al ActivityNet Captions XA BE4T 1A .

Charades-STA [M1: Fifa e = BAL SRR = NG AN, Charades-STA H HLAIF 314K 30 s,
MISE R 24 BIRE S ) TR, Haxge g i0E 5 A7 ER R BT iR e B, TR B
IR EE 7 #] 9 | Charades-STA J£74 5338 ANMIAIAT 12408 AN (HARE A1 AU BY) Bt T
YIZE, 1334 NASIRT 3720 A (BARIE S A)TF M BY) B Xt B Ik,

TACoS ']: 5 X ER I T = 8R4 (TACOS) B8 K& AR A) 7 UL e id
RRAT R BAE AT A7 B ARVE . ZEAR A S ILH 127 AN, X AT L T AT S AR5 I 5
AR AP IR, IEAE 17000 4H (F)F . AT BY) X 5B ik B —RE, A TR ER SR 50%
TR, ¥ 25% HIT5A0E, ¥ 25% 3.

ActivityNet Captions 37l PEERAEELE 2 J5AIAIFT 1 x 10° N ARG S A TR, B0 Fifid
A BT — A A — AN e AR B, X SR B A B S BRI ARTE . ActivityNet Captions
HOR A MSECE L TACoS #¥EsEm 7 A2, I A 2 #e 1 50K, T BAA AR ME. BT itk
PEAE IR EE L B /BN ActivityNet-Challenge FbZE IR EE, 7EFRA T SLLG T, K HAFF 1145
ST SR, B uE4E T

6.2 TNIERR

WAGIA JyiE 132124 AR “R@n, ToU@m” {E AR AN Fabr. Bk, £ X H—A
B, AR HE R AERT n BIRIE B B — A 5 ESE AR BUR ToU KT m, BATL %A
TRIEBBIKI AT, “Ran, loU@m” W ONIEB T A) 1 &5 g Il &7 /0 i 0 b ERER
(R, BTAFATHTSEH (1) ABLR #AY BT — LA BEVE DU e 5 A5 AR 435 SR A 4 Tk
Bt ATHere, Bl Tz R AT e 2 “Ra1, ToU@m” [R14h
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6.3 1RBISLINEATS

ETFENEVIAMBTFEMRER. R A0, FATH Charades-STA, ActivityNet Captions
A1 TACoS Hed 4 RT3 253 64, 128 AT 256 AN EALTARST A B, AN, MUAAIE) T~ LSTM
(IBRIBUIR S ZE IS b H BN 256, FF (dropout) A 0.5. KT 2 ILFEE & S B L%, FATK R
BORE RN EN k=256, FlI U, U, € R¥6%256 4, b, € R0, LATELMIFHE R, KiESH o M
B ol BN 1A 5. BRI ZRAREAHREE K/ batch size B BN 64. TR ActivityNet Captions
BARAEFAT IR, BRI 2 S) 2P BN 0.001; fEf8TH Charades-STA Ml TACoS ¥ & ik AT Il 25
I, BT ) 2 ) AR A BB D 0.0001.

BN EENST— A GIIE S TR FETRMEER. 288 T B 38 UK A AN RHAIE S e AR
—NKON 1 s BRI B, R EEAS R EHE G2 BRI K 40 A, X T ActivityNet Captions F1 TACoS
IR, NS I KK BN 1024 s, BIZ 20 BRI 4 — RTS8 2 1] DAL EE 1024 AN FLA7
PSR B % T Charades-STA HHR 4R, M NS o KK FE R B A 64 s, I ORI U] 245
b, MR SR IA R R &, 0T 2 2 PR E TE, TA402E Charades-STA ¥ 4R
LR 3 6 J2, B 208 {32, 16, 8, 4, 2, 1} ML TT; T4 TACoS ik 4t
WA I 6 J2, 820 3 E {512, 256, 128, 64, 32, 16} MR HIT; H T ALFE ActivityNet
Captions ¥4 PN ILE 8 |2, H— 20l & {512, 256, 128, 64, 32, 16, 8, 4} MMFFIEH
JC. FTAME 1 BEERURHERECA S F 00 B I, PRy FLRRAE B o0 1 B RS2 B RS, A4 o2
T AN, O T AR A AR G R, AT B R T E TN RHE B E RN SCDN AL
XA Fomh, JATE e Glove 29 1] [y X RN BLIR HEAT g, S48 5 158 FH XU 142 978 2R #2824
(gated recurrent unit, GRU) 381 X BRI RFAE 7 F1 AT HE— D IR AR R, 3R, A) 7 Hp 1) 53] B 2 DAL}
Niff] GRU BRCIRAS RN, XA GRU. ZHIASRLS S IBRZ4ERE d,p UK RS RUZ H T e s A
K dy, BIVE N 512, BIHRR KA R B N A g 20 E Sy 100 A1 10, FRAVEAH Adam B A0S
SHERIHEAT S, 22 SR E N 0.0001, FEAHLE K/ batch size & E A 16.

S AR B R (E)50 BB EE AR AN TE R Eh7SIA— KL EIIE S TR R BT MEIRE. 5 %M
A AHLHIE S N B 2 R 00 2545 7 L S 40 5 5 BT SR [R]. S - 40 Ao i) 3 7 e B A e
g A 2k g AT ] DX S R BR B R B {0\, ey A} TEA—E0dR 4 FORFF 5, XFT Charades-
STA, TACoS il ActivityNet Captions Z(#E45, ‘EATER /> HIBEE A 10, 100 F1 5. 75 H A5 b B AL B 0 Ey
B, S {e, v, 6} FITE R A MR ILAE 0 SR 2 b Ve AR S 5000 8, S BAIAE Charades-STA,
TACoS Fl ActivityNet Captions F(4E4E 70l 8% % BN {6.0, 0.9, 0.7}, {5.0, 0.7, 0.8} F1 {5.0, 0.9, 0.1}.
T 1 3 MRS EWE N 1.15.

HARIA J778, A5 — R =4GR 4 a8, C3D [0 /28 H - F-H2HL TACoS Hl Activi-
tyNet Captions 34 £ o FIRUASAE, 13D (41 4% F T 42 HL Charades-STA 545 A AAT AL .

6.4 EZLFENE

FATE B4 H AL 5 DR B 7R T . CTRL M. ESAEESI 1 [F U 2 288 (cross-modal
temporal regression localizer); ACRN 12 FEFiEE I MBS BERK R M4 (attentive cross-modal re-
trieval network); TGN [13]: i 5 27 4% (temporal ground-net); MCF PU: ZASTEIARA ML (mul-
timodal circulant fusion); ACL 2% J&T-ZH{FiE BN ME S MK € A7 8% (activity concepts based localizer);
SAP 2. 35T PSRRI E BT Xu et al. 22 3640 F IS BOE RO MAN (24,
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# 2 £ TACoS #1 Charades-STA ##E& FRERIMHEELLE (%)
Table 2 The performance comparison on the TACoS and the Charades-STA datasets (%)

TACoS Charades-STA
Method R@1, R@1, R@5, R@5, Ra@1, Ra@l, R@5, R@5,
oU@0.3 IToU@0.5 IoU@0.3 IoU@0.5 IoU@0.5 IoU@0.7 IoU@0.5 IoU@0.7
CTRL (C3D) [11] 18.32 13.30 36.69 25.42 23.63 8.89 58.92 29.52
MCF (C3D) [21] 18.64 12.53 37.13 24.73 - - - -
ACRN (C3D) 12! 19.52 14.62 34.97 24.88 - - - -
SAP (VGG) [23] - 18.24 - 28.11 27.42 13.36 66.37 38.15
ACL (C3D) [20] 24.17 20.01 42.15 30.66 30.48 12.20 64.84 35.13
TGN (C3D) [13] 21.77 18.90 39.06 31.02 - - - -
Xu et al. (C3D) 2] - - - - 35.60 15.80 79.40 45.40
MAN (I3D) 24 - - - - 46.53 22.72 86.23 53.72
TripNet (C3D) [17] 23.95 19.17 - - 38.29 16.07 - -
ProFree (I3D) [26] - - - - 52.02 33.74 - -
ABLR-aw (*) 18.92 9.33 - - 42.21 21.42 - -
ABLR-af (*) 19.54 9.38 - - 40.78 20.20 - -
SCDN (*) 26.11 21.17 40.16 32.18 54.44 33.43 74.43 58.08
SCDNcap (*) 27.64 23.27 40.06 33.49 54.92 34.26 76.50 60.02

Fr B 55 4% (moment alignment network); TripNet 1°): 4 F 714593 2 JIH L HEAT B P 5 A5 ) s 1) o
AL SIHEZE: ProFree (201 5] S 2 ML «HIR T4 W7 e Tk,

e AN, FAT TR R J T3 2 D BRI Y e A A - ABLR %7, 1TABLR-aw SRR 2B R
FETHEIRERENE, ABLR-af WFRIR 1R R 5 T3 SO MBURFAE R A, 57 5 SR Eh A
IH—LHLEFE T T FIE P SR 28 FHSCDN R, 1 75 St b 20040 A5 4 58 e ) 120 S R A
AT HSCDNap 7.

6.5 1EEIREELES

2 M 3G TIRABERAE iR 3 AN ATHER R S I Tk TR PR R B AL, Horh % B4
TrEm g R B G| - ARG SRR . ST, RATR ) SCDNcap £ Charades-
STA 1 TACoS #¥a4E &8 EA & sy I 7 e ALAERf 1, T ABLR FBYUIAE ActivityNet Captions £
e EIAT T SRR RE, 1R Le s ie 45 SRR I 1 JATHr R H AR () 0 R

FART 5, AEIRAT AL I )3 S BRI B 50 T, SCDN B2t L2l T HoAth B 47532, i 5
NI ] 12 PR SRR B — b 1 i SCDN IR 7 5 5 HERA . 3%t F T B 4R B AR 4 o5
2 b SR R ] XSSO 28 5 0 R DR — 25 FH T VR R 56 35 B A R IR 8% N F fig e AL B P B T 32
Fr, M 3RA3 S RE B A 7 8 A 45 . R% SCDN 7E Charades-STA #(#i4E b Ra@5, IoUQO.5 11 RE
IS, (HIX 3 2% ORI FR T EROR R 22U, B0, £ Charades-STA (385 1 T briE 1) HAx
PR BEKFE P08 10 s, AP IR KANCA 30 s, 7ELEIE LR BEALIE R —AMkiE A Beth n] LA 2
ANEE RIS 7 5 AR BE . DR A ORI 2R P A 1 mT S, FRATT AR AE R R ToU IR 2644 T iHBE Air
HER L.

XFF ABLR /12, BATRIILLE ActivityNet Captions £i#a4E FHUS T LM B8, (H/27F Charades-
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< 3 TE ActivityNet Captions #iF&E _ FRERIMEELLE (%)
Table 3 The performance comparison on the ActivityNet Captions dataset (%)

Method R@1, IoU@0.3 R@I1, IoU@0.5 R@1, IoU@0.7 R@5, [oU@0.3 R@5, oU@0.5 R@5, [oUQ0.7
TGN (INP) [13] 45.51 28.47 - 57.32 43.33 -

Xu et al. (C3D)[22] 45.30 27.70 13.60 75.70 59.20 38.30
TripNet (C3D) 23] 48.42 32.19 13.93 - - -
ProFree (I3D) [26] 51.28 33.04 19.26 - - -
ABLR-aw (C3D) 57.00 39.12 20.54 - - -

ABLR-af (C3D) 53.56 35.52 18.11 - - -
SCDN (C3D) 54.80 36.75 19.86 77.29 64.99 41.53
SCDNgap (C3D) 55.25 36.90 20.28 78.79 66.84 42.92

Sentence query: In the end they are shown speaking again outside

Predict coordinates: (58 s, 90 s) k ....... eaee LT - .)l
Ground truth coordinates: (57 s, 88 s) k------=---- -4

(@)

Sentence query: She opens the drawer and gets out a
spatula and adds potatoes to the pan and then stirs

I( _________________________ ﬂ Predict coordinates: (230 s, 320 s)
|< ..... g e -->| Ground truth coordinates: (224 s, 314 s)

B o (MEFE) ABLR HEMNFEMHATRLER. EEERMKERTMEEFMUBAGAER, K858
KERTESLNSAFIEX BN NABFISAAER. ABLR #ERZIFNISUEIENNEREETRERT, B
RESATHIBENINERSHRITRIEFHFREET.

Figure 9 (Color online) The qualitative results of the ABLR model. The bars with blue background indicate the predicted
segments of ABLR, while the bars with green background indicate the groundtruth segments. The video attention weights
learned by the ABLR model are illustrated with blue wavy lines, and the words with higher attention weights are highlighted

with red. (a) A temporal sentence grounding example from ActivityNet captions; (b) a temporal sentence grounding example
from TACoS.

STA 1 TACoS ¥4t FRIPEREM L SCDN 1 SCDNeap BAK. FoA TN X Fiai 5t 2 v B 45 1) 4
PESIER. WE 9 B, ActivityNet Captions 4 W IR & & Az s AG 2, RISZE A A0
o RF B B i 2 AR . 52 MR, TACoS Hdf 4 () e AL = — AN LR 5
WA — b b 5 EE BN AT R (BIRnAk AR . ]« ERAE# S AR Ar, 1X S bE b sk DX 4
PR Fr B 3 FAH o 8 A it ~F R 78 0 28 ZESX R 0 R, ABLR, BB 0] LAAG 2580 52 457 A - okt o
(AR R BRI A B, 7ERUER ToU 18 P3RBT R H, (HAEE S ToU BIE 244 X i e
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R R Bl SO BCA&R. seAh, 5 82A 2 TR ActivityNet Captions Z(#E5EAH L, TACoS
e A 127 MM, TACoS A PR AR SR R ) 7 8 A 715 15 2T 514k, X ok sz ma i 2 v
Ae. M4k, 7E ActivityNet Captions 203545 I, 2Ty E I EREH ABLR-aw PRI TR TEE
FIIAVERE I [E1)H ABLR-af, i 7E TACoS I, ABLR-af A4 EAEH. 1T ABLR-aw HZEMASTZ
FIBLE Bl AR ] AR AR, DR TACOS H-FHH FI9E: & 7 i 28 ABLR-aw X LLHERF TN H ks BeAL B
5 ABLR-aw #H G, ABLR-af IS@EE T LA A 2845 5, X 3E— 5158 7 A7 B 7] U5 WX 28 465 N R0 A 2 34
NIiTKi & W i

6.6 AMUSIEERRETR

HAVERE 9 thfefit 7 —12& ABLR BRI 7€ L T AL A R BRI, dnB 9(a) Fiiar, & A
MIAEAT N R s AR L 7 PRI, T B ARE S A e T “BJa (End)” B9IX —E 2R, Bk
JaE RN IR E. B, BT AR MR IR R RO, RO E AT S I A B Mty B, I
HARTC R BN 2515 4 JR MU I 2 TR AR S & AHEEZ R, 3RATTH) ABLR AR RS AN i 3o X i)
LSTM RiFHiged 7 EF3AE R, i Ha i MU e B Z) m AL i) 42 R I A1 4544 AL, ABLR
RIS P 58 o7 R S SRR AN 2. R Ah, 38 Id 2 RCEIRFEE R B, FATETT A 9 i 2, Fi
S RIR AR B R T ABARE S TR S Se A, Blandt ekt & SR A B A I A
SCHTERAR]. XS 7R (3] I e AL SR TR M2 R, FEHT R 1IN e AR R B Rl R

N T 20 AR BATTHE H A AL B2 I 1) 320 R B At (R e 9, FRATTAE R 10 T #iLtk 13 Fr i
HITJ PR S8 e s R 2R, DURASE R P F000 (R k2 4 o/ o 8] X3/ 26 0 i B3 AEL. AR X S8R 5] o, I T3
T EE 5 R 2L s B TR B b A € R LA BB i SO H A AR B, TR, i
SR FI PR EC 46 A/ o 18] DX/ 2% L E R BERAEL I 81, BRATT e AL A A v 14 IX 3 S 2 AU
R g TG BN AR /R 2R ) 4 b DX THF I 25 SRR X S I 2 (R B F500 e 471 T DAAR &5 LSl R LA
FRITE BHIAL, W AT DUORE IS P2 AR X 22 SN F) i 32 v B 1320 51 28 B SE OV RS R AL L. (AR N2,
1 FHAEETH SCDN AR Tl (AR 45 B o7 Bt L2+ 2 Hedls LS H AR i BB, X IR IE 1 3%
AT FR 3 SRS A — WL T T A P B AR I 45 AR R ) fig

6.7 ERASCIG AR
6.7.1 ABLR ERASCIG 4T

N T IAEIRATN ABLR Wik i sk, FRATIEAEF LR AS A (G B R A i — 28 ABLR (198 fil
B

o ABLP. It MU 5 J A 5 Ab B R AT I 7 5 7. MR e 2 T )5 ABLR AR e () 2 T
VERE TN AE BT X2 5 28 BT FR0I0 (0 KT B PO ) A1 A A2 388 3t et LA 7 A AT e 1) 320 4
1k, 18] 5 .

o ABLR-reg-aw/ABLR-reg-af. fESURIAL it FATAALE FH I3 0 [R50 2k bR B0 AT I 25, AR T v
TIRHESR R R AL, Fi4b, “aw” RN R HE TR R B R H SRS, 17 “af” 2R A3 TR 7
REAE (1 [5] 5 SEHE

e ABLR-c3d-aw/ABLR-c3d-af. fESARA JRATAEAN S AL B 1 XUR) LSTM, PRIAR AR B
I Z4EBRRHER R, MiRARE L UE R

o ABLR-stv-aw/ABLR-stv-af. ZEMERIA FIT-6) F4mbd A XA LSTM #% Skip-thought 42 4] fi%
NRAEFTBAR. BRI, AN ) 7Rl H i B ANRRAE [0 B RoR, A1) 7R 1 AR5 B AN 2 b B 2 2 51
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Sentence query: They are demonstrating how to lift weights.

‘ Starting I I I ‘

‘ Middle

‘ Ending

Sentence query: A person standing in the doorway holds a broom.
-

0.0 0.2 9.1 10.0

Itarting I |
Middlel |
s} ol |

(b)

I Predicted segment before boundary adjustment Predicted segment after boundary adjustment W Groundtruth

& 10 (MEEFE) HHEMEAERMERFEEERNNFEMERN MU ER. FEKEFFETSAENE

SRIBES A FIBEN XM BRI BRNME, MR eKEs T T B T AERENERMNFEMSER (],
Lmﬂ%ﬁﬁﬂ’lﬁ*%m SCDN #aGH, B R EREHNERE SCDNcap i), SETEREKIFN 3 MCER
MEERR T R ERED R AR AU ARG S PEXIEFMLLESBEREFES]. iR, KREERELS
(a) ATMILER 15 (b) AJHMLER 2

Figure 10 (Color online) The qualitative results of the temporal convolutional architecture with semantic conditioned
dynamic normalization and fine-grained temporal boundary adjustment. The green bars indicate the groundtruth video
segments of the sentence queries, and the brown and pink bars indicate the model predicted segments before and after the
temporal boundary adjustment (The segments indicated by brown bars are predicted by SCDN, and the segments indicated
by pink bars are predicted by SCDNgap), respectively. The three heat maps at the bottom of each subgraph show the
starting point, middle point, and ending point probability sequences predicted by the clip-level actionness prediction module.
The darker the color, the higher the probability. (a) Qualitative example 1; (b) qualitative example 2

ZRSILFRE R B SR ER, AR T AT = A E T
e ABLR-aw/ABLR-af. 5% (%) ABLR B2,

FAHE ActivityNet Captions £ b ik Sy A R BEAT T 5256, &5 Rk 4 fon. BT
T VRUER 1 [ A RS TR T IIAURRAE (1 (=1 VA S g ) SE 41 ABLR B AT JLAh v A 8. Ak
&, ABLR-af f] RQ1, IoU@0.5 . ABLR-c3d-af A 1 3.91% HIedt, X UEBH 7S _E R SCfE B AE R[]
ER R EEE. HAh, AT ABLR-stv-aw 5 ABLR-aw #E47 E04L, AT LLE 26 718 & 1051 Al
f3RQ1, IoUQO.5 $EAr4E M 1 8.18%. ©R M, F I8H) 4075 FH1E HAAE 5 A) 7 o A DS T L3R =
SERLRE L. R 5 NTE R IR HER SRS, ABLR [T REEAR T ABLR-reg, X BN T VER SR HERIR
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* 4 ABLR JHRMERLERILE (%)
Table 4 The performances of the ABLR ablation models (%)

Method Ra@1, IoUQO.1 R@1, IoU@O0.3 R@1, IoU@O0.5
ABLP 68.04 45.03 23.04
ABLR-reg-af 69.22 51.84 33.53
ABLR-reg-aw 69.82 51.87 33.39
ABLR-c3d-af 68.10 51.13 31.61
ABLR-c3d-aw 55.78 39.43 18.35
ABLR-stv-af 68.41 50.83 31.53
ABLR-stv-aw 71.77 54.42 30.94
ABLR-af 70.91 53.56 35.52
ABLR-aw 75.04 57.00 39.12

# 5 SCDN HRRBLERILE (%)
Table 5 The performances of the SCDN ablation models (%)

Method R@1, IoU@O0.5 R@1, IoU@O0.7 R@5, IoU@O0.5 R@5, IoU@O0.7
w/0o-SCDN 47.52 26.91 69.85 49.35
FC 46.33 25.94 68.96 49.81
MUL 49.08 28.77 72.68 51.02
SCM 53.07 31.41 71.71 54.57
SCDN 54.44 33.43 74.43 58.08

A RI'E SR 22 RS JE [R)VE R UM 2 2 55 0 TR) A AR — B AR AT 5 TR, I — 25 A B[R]
HILAEEAER AN, LN, ABLP LT ABLR B HERE N, XIESE 1T A BRI T
Jei A SRS
6.7.2 SCDN ;ERhSZIg o 4f
T BSUEFTHR ) SCDN ML DTk, FATH AT A SLa, JEH LR 4 Fhis e Eogr il A .
e w/0-SCDN. JHA 1) SCDN L] FH M 8 kAL B AN Ak 43) B4R,
o FC. NEZJZIFER ML Fik N SCDN, TMi&H — M EERZH RGN T EREZ G, #
AL IS &R A FRAE 5 fvh.
e MUL. NEZJZH P Fik N SCDN, RN 7682 2 E MRS & RA) 1
RAE 5 AHIe LTS A R REET 1) 2 RS R A
e SCM. ff A RAITHRIR 5 KAERK v F pe S8, BIHE SUFAFH— I FEA 2 BEAS R A4 P 25
5 T ERAFEEE T H) SCDN Al AI/E Charades-STA #(#i4E ERITERE. WIRAHE
SCDN, w/o-SCDNASE R [ B KK FEAR, 1X 38 B AN AK FE 22 R4S Rl A5 Sk S AR ATIURN 2] - 2 [R] PR L%
AR LS A A FAEAAT R IR 5 2 6. FRATTSEZ R F ) I8 SOnsade 50 7 B R AR, DMEREE
(6] O HERS T U M B 2 5 A) F AR S ORI N 25 (B2, 1% MUL Rl FC IXAEAERS 58 R A R R oRl B
FINA)TFAS BIHARIRELS N EMER. B T0) 75 B COEZSBESRE W& b 5IE BT T2
B, HMEA G RRHE R O 4 R 2 RERIE. BERA)FRIE 5 SH P EREHER THERS
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#& 6 SCDNcap HRERERLEE (%)
Table 6 The performances of the SCDN¢cap ablation models (%)

TACoS Charades-STA

Method R@1, R@1, R@5, R@5, R@1, Ra@1, R@5, Ra@s,
IoU@0.3 IoU@0.5 IoU@0.3 IoU@O0.5 IoU@O0.5 IoU@0.7 IoUQ0.5 IoU@QO.7

SCDN 26.11 21.17 40.16 32.18 54.44 33.43 74.43 58.08

CAP 26.28 22.72 37.89 31.79 42.72 23.49 69.36 43.31

SCDNcap (trainOnly) 27.49 22.33 39.92 33.30 54.36 33.81 76.21 59.42

SCDNcap(TBA) 27.61 23.17 40.01 33.42 54.82 34.15 76.53 59.99

SCDNcap(TAG) 27.53 22.94 39.99 33.38 54.52 33.80 76.23 59.42

SCDNcap 27.64 23.27 40.06 33.49 54.92 34.26 76.50 60.02

T HE 2 BRI (R 58 AH DG RN T AR50 2R, K X I P 5 A ag B A i), AHEE 2, BTl i Y
SCDN HL[E I AEA) 715 5 N IEHEPUFIE I B A — LA, O L BE A O, X R LA
THHRREY, v LLUE R ARIZCR.

6.7.3 SCDNcap ;HRESEIE S #7
AUNFTEAE T a0 TUAN W RS 80 SR 3k — 25 B AIE AN 23 BT BT B H R 00 FEE ) ) 32 5 1)) A .

o CAP. {EIHAY FR | FRATVASE AR FE i) (8] 120 I B ATH R AN ] F ARG 5 ) EAL BB 7
FIAESs. BARSR UL, FRATTE So R B F0 i Hh (8] DX I 26 7 ) AR i T TAG (i i BtAR & dtee,
WG, BAME ARG AL bR 27 1 8 ®tae ik v BRI . B TR S ik v BOlE 3RS
POAP = pPmax  pemax o plag O TTRE EE Ay, Horh pP ™ Rl po™ [ LVEN 5.2 /T, pl*8 2 TAG
B it ARt v B BB FE AR 7. AR pCAY 28, FRATTEAT NMS HILHI X i 58 5 J5 e Jr B
AT A BEANHE . I B BAAE T Loy, #0315 REGHAT 11 25

¢ SCDNcap (trainOnly). {6 Loy 1 Loy, HRRBNZREAME (02 3T 004 SUMZ L &
N 1) I () 30 8 AN 5 ) X 33OME 26 Mg e v B B AN 2 AT . FRATTE A8 B S 3h S
VA— MR T B 375 AR X A5 TR F i H A DA e e 67 PR 25 Y, 20007 P58 A T) i S A AN T
BRI 25, T AR AN 2 FH T R R 0 P BRI ] 32 5L

e SCDNcap(TBA). fESCDNcap (trainOnly) BRI FEA b, F—PPAT I TR 4G s F 28 b SN
R ()32 T

e SCDNcap(TAG). fESCDNcap(trainOnly) #2284 ()30 b @3 — D3 AT 5T [a] X S0 5 1) i
1 B .

e SCDNcap. FRATHTHEH BH A HARLEE IS (8] 120 7 B AR H 18 SR AR A H— AL 48 3 N Y
PSR G AERY . AZARIYAE Loeg A1 Loy TR BRECT HEAT TINS5, 72 B Ax v Bewiillp B, wizs 5.2 /)
THTIR, AR 51N T FET AL AG s 2 1k SURE 2 (14 BRF 7] 32 57 B 0 25 T m i) DX 3aiE 236 110 i e v B i
BOAEE R, SRR RIS NMS 45415 FTA W v 2 vh g AT

FIRTH R E TACoS A Charades-STA Hdfi 4 ERISKIREA RN 6 Far. X T CAP KITERE, €
15 TACOS $HE4E FIPEREIUIRIE T SCDN, 1K 3% WIaNA 11/ 1k 1 /o ] X S TUM) T DAAR A 56
SREATRA T BN H ARTE S 0] T SN 25 AR DI, EH IR I SRS 24 1A Bk 128 o B T L
T RGP A 8 IR T AR R IR BT AR B R R BRI Leysp, A9\ SCDNap (trainOnly) )
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Table 7 The comparison of run-time efficiency and model size

Method Run-Time (s) Model size (M)
CTRL Y 2.23 22
ACRN [12] 4.31 128

ABLR 0.15 7.6

SCDN 0.78 15
SCDNcap (trainOnly) 0.80 18
SCDNcap 1.48 18

grd e, HABH M GETE Charades-STA Al TACoS $#i4E 3 F SCDN ML, IX RN Loy, H5K
BRI K 4 S AE SERE AN 0 B AT B Rn) ST B ARE F )T S AR SORE SR, HLAIRLE I ]34
TR S8 SR B A B4R 5 T 1 P B AR 2% 2L 22 i ZRAAE 11, T8 JE J2 A0RE FE 1) B AT
R R B 5] 0 TR 45 T KA 5 P JEL A B K i I 5 2 PR A0 BT, 7E SCDN @ (trainOnly)
BRLIEA |, FRATILEEBIPAT I T LR RURNZE 1k pURE e I (]2 R B¢ (B SCDNcap(TBA) #Y) B
PAT HE T H ) XM 2R f % v B R (R SCDNap (TAG) A5E58Y) $570] LAdE— 35 35 SR i P 8 A3 1)
RESRTE. [R5 RE IR BT, FRATTHE H M 5E BB SCDNeap IEH T S AEMERE, IXUERH 176 H s B
(TN a2 P R L 0 5/ 24 b R/ ) DX UM 236 43 BOR A A e ATy B 7 R A 21

6.8 HRAIELLIR

X7 WE T AR IEAE TACOS B 45 L3 AT SLIG I BIS AT I O AR R/, Bkl “iz
ATHSE] (Run-Time)” FR/NFEMMH € AL —ANA) T 1R R, AT 28 A kARSI CTRL 1
ACRN 77v: A 341142 ¥ ABLR, SCDN, I SCDNgap J7¥57E—BAA Nvidia TITAN XP GPU
(PR 55 2% Eat AT, nTCLE i, ABLR iEEA SN RIBA N, SRS TR ), X2 B8 ABLR
PRI L AW AT S e o R (S 7 BT XU ) LSTM 5 VI DI ARSI, 884 1 TUAR 5, AT 3RS T 354 1
I TR P RE. CTRL Al ACRN J7 v # 75 B/ UM b 6 FH Vi 3 T 1 (e B EAT SR, SR )1
SR BOATUC L. T3 T8 S0 & 1 A UC AT R AR FERT, SR S AN AT G F i e
FENL IR, SCDN KA T Z 20 PR M4, HE TR R 200 3R HE 55 7 2 R0 B
Uh, FATA FEALE L Z 0P B AN T Ik, SR CASRAZ I 5 A 45 9L, AT BAS B g 1R Ak
#. 534k, SCDN HFR B HIRHE A — S5, AT 2 H T GBI, XA B Rk R A8 KL
RSN EN. Rk, SCDN R K /NBARNT B B4, & — AN RE RN 52

S 3k B8 I s B ) A S AR R B SCDNap (trainOnly) Fl SCDNcap 7EIZRHT B Y
KNG BT n. AEAE TR B SCDNcap (trainOnly) #7715 7 —ANA) 1 P28 T 398 5 SCDN
IRl X2 H T RAT/E SCDNcap (trainOnly) HAIEIN 7412 SR Loy, FHTAIEYIZE, 1045 TOII B B
AN 2 40047 B 1) 3 S 1 82, IR SCDN@ap (trainOnly) #58L f FIIIREFE 5 SCDN A AY {72 52
FHE. AESE, G RPAT T IR D S W 5E B SCDNap BTN [A] 2 B K. 31X A2 T 5 )0
WA R0 5/ 21k S R X ISME R 551, I H TAG BR/EVR 75 BTSN NMS 0, X #2 Lh i
. 1 6 Fizs, HIT SCDN Al SCDNcap (trainOnly) R 48 B AT RAFHITERE, Dt dn A —
SR L T B R AR (I TR R AT DL B e X S 8 F T I AT 45 T AN it 43 SR
AT UERFE B 5 1Y) SCDNeap FRAY.
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AT HARTE 5 A AR B PP 58 AL ] R ) AR SRBIE T 77 170, A4 (1) BI85 35
SAEALSEAE BN TE, 75 B A SR I A 3 MR SO (2) 25 8 AE 55 T B (A B T gt e e
s LA, BASURI et AR 1 2815 5 R 1 PR B B 2 o] (1 B Hcdie, 1o AN B B AR5 5 R T4
RSB BRI B R A 25 (3) 24 TN e S 7 it £ v A7 A8 )™ B IR (8] (5 B ARV A O (bias), 1S VR 5
RN T 5 S H A L R BRI, T 200 T RRABURT [ SR ) 2 RS UL EC O AR R A TG i DL ) A R
ANAS 52 S50 Al DL 520 FR) IS 5 A2 759 o AR OR— A S ZE R AF 72 7 7.

7.1 FRAENERHBRES A F AT A9 FE (Le) R

2T HARTE S A TR P I R A 7 A FEAL R RO AL S BN B ARE F A TE B iR
SCULEESR &, T 20 1AL 5 E B FSL b, F 005 B Res it i e A R A oC i 2R, filan,
RRAR BRIV 7 5 8 P Bt AL BRIS 3] BN T 1IX B AR I, A 2445 58 HARE = ) TR 12 5 20 TR
RITP AR, A A 7 LR P B U AT BAg 3. BB, AR AT 5 1 ARt mT B
I A TR A TR, TR T AN R AUIHE SCA RS I3k, S AL IE A — s ik
AT SCULECRINS 55, K A8 R SCAAE B s RS 18 SCULRC IR AL AN R B, FERA 7 1 (video
captioning) A, CZA W TR IUE B S UEE SR G, A 23EEm 7R A AU A
TR AR (44~46) AR RSR AR o, ey SE A ) P S5 A S A B B AR )T AE R I i
I, B2 — MR EZ BT .

7.2 BEEMETHBERIES QO FEN R FE L)

N TN EARIE S AT AERUI R R I Py 58 7 R 7 ik, R 2B 220 3 I RETAR Y
MU 5 RUAE SCA AR B ARIE 5 A0, BB ARG 5 A1 It B AR A B R I TR AR LS 2.
FERGIEIX — SR HAEIT, briEF & ZA A 7108 3, 5 BOWA MU g IER bR IE AL B, 1X—1d
PR BT, BRI SR BN AR+ 20 B s b, SR 5 L UL R ) B AR 15 5 R B IR A
A (275 AR AR L IR AR, B Rid i seAs 1 28 e 0y B SR8 5 A0 1 W1 B I
FER. A, T AERZ - PREIHH, ANIIF6 825 1 59 B A ST T ok B ARG 5 A) T AE
RO 7 S A7 ), RS (At Bt ORI B 2838 5 A0 715 2., AN B B 2818 5 A0 TE AU I R]
58 (o455 JE R 58 BB AR A )11 5.

TEFS U BN, AT W FOR AT I8 A s 1) RN 7 5 7 I R TG, A T — SN AE AT
SENL B ARTE S AT, BRI R g G iR BE RS B I B ARE S A1 I IRlEE, R BRIE S AT
(1 HE B % R HORFS Bl 1 8 ALY I 2 2 7481 G W Fu A Bl “HERA IO 5 58 6 45 R 2y RS vk
IR — SCABEARIL LR R IR BRI — AR, R4 R (AN SO R UG 2% AR AR 2 SR AL
BMISCARIULHD, 7 P45 O UL R % R U 2 U5 5, 36 B s M B 2 1 R I e 2 R 2R g 2 = 149,
SRR T AT 1 — it RE, (B H 95 B 8 A 5 VA IV RED AR 5 A B ) D AR AE
BORZ2 0, AT AN B 2% 70 59 B P T OIS e 5 O 1) i, B LR AR o 2 th i — A+ 0 i L HE
TFARBERNRR BT LT 7.

7.3 TRILHEFEMBIREREMSGEMR
H #0 E SR8 5 ) T AEAUAT B 5 58 A e 8 B FE I /2 ActivityNet Captions P71, Charades-
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FrE L a5 R, WARREGIE ISR e AL VERE. 73 4b, ITWIE AT FORBUA B S AT 7 B0 A, NN
PR N ZRAE AR I AT ARV AT 1 22 3, FEAG I (RN 3 18 A 7 VR AE B AL A M B 4R L gE AT A
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TEMIFEEE, EATE 25 S 1IN A B AR 70T, T2 TSR B SR S ORISR &, X
FERRERL A BEAEAF AEAR RIRRVERFE 37 5 T S ANER (I P s L RCR, T CVAHE) IS B ARE &
B FAEAAI I R S AL AT 55

DRI, AEAROR 1 AT S AT it 4R, sy ST 10 0t £ LA AR IR e S 7 i) 7L P F) IS TR RE fiv
WILR, FFHE AT A TA] bR i UL A Py e A2 78, X 515 B ORTE 5 5 AU R IR 5 € £or
I ) R F R S R B .

8 RLE

ARSCWEIT T HARE ) AR P RISy e oz a4 HH DA D7 28 T B ARTE S BT e i
TENLRER, BAL T BARE S 67X T R A B A 5 A 2 O B 284 A, DT 3 B30 e 5 o7 HE 1
AT T L DA LR MERE, A St T TR A g AT i, 12T AR 2 S
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SRR, AR T AN GHDRL S I ) 32 57 B Al ) 0ol 8 5 R I 4 i 390000 ) AL A0 BLIR 3 7 [X 3
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Temporal sentence grounding in videos with fine-grained multi-
modal correlation

Yitian YUAN, Xin WANG & Wenwu ZHU"
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Abstract Videos have become a new way of communication among Internet users with the proliferation of
sensor-rich mobile devices. Due to the redundant background information in video data, people usually spend
much time browsing and analyzing video content. This necessity motivates us to investigate the temporal sentence
grounding task in videos. Formally, given an untrimmed video and a natural language sentence query, the task
is to identify the start and end points of the video segment in response to the given sentence query. With such
a technique, people can quickly find specific content of interest in the video by providing a clear and concise
text description, thereby improving users’ video browsing experience and search efficiency. Previous methods
often formulate the temporal grounding task as a multimodal matching problem. Doing so ignores the important
sentence details for grounding and neglects the important guiding role of sentences to compose and correlate video
contents over time, causing limited temporal grounding accuracy. To solve the above problems, we first propose
a multimodal co-attention mechanism to mine important semantic details for temporal grounding in the given
query and finely construct the semantic correlation between each word in the sentence and the video content.
On this basis, we then propose a semantic condition dynamic normalization mechanism to tightly compose the
sentence-related video content over time, including a clip-level actionness prediction module for fine-grained
temporal boundary adjustment, thus making the temporal grounding results in the video clearer, more flexible,
and more accurate than usual. Experiments on public datasets also verify our effectiveness and superiority over
the state-of-the-arts. Last but not least, we present our insights on future research directions that deserve further
investigations in the areas of audio-enabled temporal grounding techniques, weakly supervised grounding problem
formulation, and debiased temporal grounding dataset construction.

Keywords temporal sentence grounding in videos, semantic correlation, multimodal co-attention mechanism,
temporal convolutional network, semantic conditioned dynamic normalization
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