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Self-paced Learning Method with Adaptive Mixture Weighting
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Abstract: Self-paced learning (SPL) is a learning regime inspired by the learning process of humans and animals that gradually
incorporates samples into training set from easy to complex by assigning a weight to each training sample. SPL incorporates a self-paced
regularizer into the objective function to control the learning process. At present, there are various forms of SP regularizers and different
regularizers may lead to distinct learning performance. Mixture weighting regularizer has the characteristics of both hard weighting and
soft weighting. Therefore, it is widely used in many SPL-based applications. However, the current mixture weighting method only
considers logarithmic soft weighting, which is relatively simple. In addition, in comparison with soft weighting or hard weighting, more
parameters are introduced in the mixture weighting scheme. In this study, an adaptive mixture weighting SP regularizer is proposed to
overcome the above issues. On the one hand, the representation form of weights can be adjusted adaptively during the learning process; on
the other hand, the SP parameters introduced by mixture weighting can be adapted according to the characteristics of sample loss
distribution, so as to be fully free of the empirically adjusted parameters. The experimental results on action recognition and multimedia

event detection show that the proposed method is able to adjust the weighting form and parameters adaptively.
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1 35l

H 2% 2] (self-paced learning, SPL)" J& —Fh 52 N\ JRIBh~F 2] L FE IS R LA 2 ST L. B 0% 2] e T i
WNEREFLS: 2] (curriculum learning, CL)™, =% #R FH& A5 44 17 22 21 5 53 A% MR RE AN NI GREEIEA T2 3 (11 ks £
TR E o o, PR B — R e (5 B R ER AR 8, 5 M5 BRFEAAL. SR, B 252 I P ] LARE 2% 2
B OAE I MNRNSERRTRE B, B4 AR LIk, &) Z M TR R H AU b 55 4
RET i, AT R R 2 AR S AR P L AT E N Y e o) U A R 2 AT R
T 2D 2 ) et 8 S B0 e N R AR /M, I RAFSEAF Az A RE ) L T, B A SR RS hR 9 B
WSt 75 1 5 0 BT AT O A R, AT 1A T bR g 2 5] 11010

AR, HABS RS T Z MR R P Jiang 25 NHEH T 2% BB FEA ZHEVE ) F 25 2% 2] 571 (self-paced
learning with diversity, SPLD)™ | 1% J5 V38 1k MAS[F] (1158 55 v 3 6 25 53 IR AR, DASR T 4w VI 2R SR 10 22 FE1E, Mt
BE G T T A S 8 AN )i AR AR AN 1 1) . Gong S NSRS TR T L BRI B 2% 2 ik
(multiobjective self-paced learning, MOSPL)™™ | i i 51 A 2 H ARLALH A [ IR 3453 2% 56 BORT B 25 1 E Mt A T 1 1k
ZTTAE F A SR SE I A U ELE DU 3 R 0 SRR I B 222 2] 1) 58 3 I R A2, DA T AR RSB ER A0 R ) i)
7L, Jiang %5 JOBURAR 2 S) R A D2 S MHAT Ay, S T BB IRER % 2 (self-paced curriculum learning, SPCL)™, i
2% B8 T U kAT I 5G 30 AR R 24 S L FE P R (5 . Liang 28 A$EH T £ 3 H P24 3] (active self-paced learning,
ASPL)! %0 ik T 82 3 5 D S M A, AR AR AR AR B D (A LR A5 4 2 s HLAT I L 1 4y
FERE BRI B R, 3230 B P2 SR A )/ SEIR T 99N AR T IS i 2% 3] O T v BB 2 B S 4L
TR ), PR A A S T 00 2% SINLER I [ 25 2% 2] 73, 7V Re A B 40 2% X b T 0 2 B LSO 3R 30 1)
T A HE Y R NS T T AP SRR [ Rk 0 B 2T Ik, O VAR R I B D2
2T, A AR AR LR R AR R 4 ATk, WP REARHEAT 2 3] B B DA S R — R FE S
PRAR, XA ST L L2428 CMU informmedia BB IT ) R e, Jf7E TRECVID MED/MER FE4€H1, 761 X
A1) (SQ)/000Ex {145 HU 5 T 42 (1 g B

1 25 2 20 TE DU 100 S T 4 SR A BTN B IR B S5 7 i U7 L [ 202 S R 45 A PR AR A i — AL R
PREUREAS X SRR, 20 1E NI gk 58 T REAS 3 SR AR 15 B2, WRFEAR BRI 280 3 3 1A Q3 S A AR
BB S H0 7 BTS2 2] . Kumar 256 AUV 38 1856 F kR B 805 I ABCEE AR B0 L1 YE801E 2 H s a6 30 1 )
Tz i) H b ek B PL A R A AR B R PR EEDIR S <0V B 1R R Zn A R T g R B, X2 45 4% 2] ) il
BCE . TR IR A (LA LA R AR 1 SRR, Jiang 26 N U7 B2 T 202 ) IR I A SR X 2%
PERBE 6 BB T FR S A T A5 T 2 R I D50 DA e A ) s A0 ) 2075 57T 1R 27 > Il L R ARt A
BN, AT HABACE T AR UE, IR AR RS A REA I A KAOACE, JTLOR SRR e B B 2 1k
TE/NIIREA, BRI AR 2 T S8 2 IR H.

R TR A B [ R s 0 1 a8 —, A RS T — BB (R X 17 A A AN [ 1 ) R S RO o A
R FH I AL 4 et Bk LA AN [ SR A AR S H s s AT A T T B — R A
LT DARR 4 52 1) RBURIRE 5 B8 0 A g AT B IE N I B A A, s> R E. 53— J7 1, IREBGETIN TR Z NS
5, XL P SHEUE, Fle S8R, S0 B2 S g R R E LY. BT RA & — A U
R P SHOIATROE. B SN RO S 2008 T 810 AR 256, B8] —HE SN AP SRR B
KBRS b i), A SCHR 5 3G R G AN ) 2% 5] 7V (adaptive mixture weighting self-paced learning,
AMSPL) Kt P JE 25— 1 2 50 15 1 i L.

AR EZEARIAE 3 ASJ7T: (1) 200 T —Fh B I&E IR A AR B 25 5F 2 5, AN ] 00 T A AN . L T I
ety RTS8 — HE s R TE L, BEAE S50 R n] DS A R T8 2 10T -G BT, 3R 17 A% AR 4 A 7] ) e 2
P oAt B ARSI T IET. (2) 2 IS H0 H IE R G AT AR R R T TR 2 3 ik A A2 TR B A B R 23 A B

illl
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P

ES

AR HEAT R RE, NI AE A2 ) R AN 2 B — B U PR, ST T AN RIS A ) — 2 STl i v 2 10 35 1
(3) % FE& ER A AU IE M IS A7 5 22 1924, AR SCRAT B 38 N IR 7 3080 2 06 N R 4256 AR

2 HBXIIE

2D = {(X1,71), (X2,2) - » (K v)} BRI B AE. Horh, x; € R R85 i MREA, v, WIZRIRER § AMFEA PN
PIAREE. 70 2% S8 IR EE AR 5ok S AR AR R S FR I, 2 v = [vi,vas .o v, ) RARFER B E AL &, 0 RS
B, Horp, ve [0, 177 W 252 S0t Ak R DB 358 R TTURH [ 25 10 W T4 e i) B b B AL (1) SEIRSHE I S8 o FH
WEAR & v A I 25

n

minE (,v;.0) = ) WL g (i )+ £ (v; ) (1)

i=1

Horb, L(yi,g (%1, ) RORFEATTSERRRE y; TR g (x, ) Z TN RIFUR BREL, ¢ RIS 4. A2 P22
R Z 8, FIDAE 22 I DK f (v ) W AP TE NI B b bR 80 S0l 5 8 M R AT Ik, B
8IS, A SHWEE, X5 — A SHAT . B B 2D S EA R, B8 24 0 AR AR & v IS
IRAEAFREA L A28 1075 SO AN R EEEAT VI 2.

PEEEK, B S IE WIS BT O TN B2 R RO T 1) AN [l FR) TE IR e 20T 25 27 20 44K 1K)
2 S PEREPE AR RO I M. AE SR D% S Sl d H A e S N AR () L1 S BUE R B AR e B IE
R A ) H AR R A LR, a3 2). e, BUE T R T RIS AR P RS REAR B L 5. EIEAR
MR AR R ER v, 7T LR A (3) TR

n

IginE(w,V;ﬁ) = ZviL(yi,g(xi,w)) —AZ Vi )
v i=1

i=1
L, L(yig(xi,w)) <A
WZ{O,E@
FEAF— R IEART, M o B I, EFEARII/N T A, A S T R, TRk S A I A I ZREE . Bl A
PRI, BT INNARE A (1) 52 A% R B i 1 K. BRIk, A 43I 384N B 2D 22 SRR RS, 2 v i e ), T DU FH e 2
Fy i 24 14 7 A PRE A D A 7.
BHAE XS 2D 2 DN IS, KA 2 A R0 20 15 I i 72, TR AR e — RIS R (Y TR
A RS BCE I L R (4) Fros, HBCEAR R FSRE LA R (5). Hd, = [(L) /-], H
1>A>0.

3

Z 1
fv; )= —§Zlog (Vi + A—f) “)

i=1 !

1, Li<A,

0, LizA 5

Vi =
£ & g
L HoAth

TR AU LE U IR B T I AU T 5 U P50 T A 453 AR /IS FRURE A 23 BE R (KOS R, S0 S 2 PR I A 522 454
SRAE/NIREAS. TR A B (K BB B 3 T ol 00—, AN S A AR B P OB T 7 70 RE 6 S B0 ) 2 e
X5 SEAMAN T T3, 2 T BEAS B0 AN [l B e i 5% BB e s xR AT 5 AR R 5 B X R 138 20 T
SRR, WA B ] LA A A 3 7s B AR ARDE TR SRR e £IL A ZE M E R, $hZ 88— 3R B
2 ARSCHR 11 19 3 1 ¥ T I U s T 2 1) 2 10 2K 2 HORAU 15 AN (K90 5 AT 3K, 2k TR VR 5 B4R
JERITE 3K, RN AT BLAE A2 2 Rl R o6 SR AT AR AR, BEAh, AR b 2o SR 50 ) B
[ENEREINIIRES Tk S S NS AL [yl

© A

AT httpy/ www. jos. org. cn




2340 HAFFIR 2023 FF 34 5% 5 A

3 KXFE

ARk, V% A2 IE WA . R, AR E B — ﬂinfﬂézaﬁﬂAﬂwa >J e AR, 4
T BIE R A B I AR PRGN ZE AR SCHR 1Y) BOE VR A 8 52 5 5. L, iR H AR R 4L
FIE I N7 AMSPL BEAY, -3E F AS SCHE H 1) 22 00 QIR A BT 1 U J0056 A2 18 25 2% ) 6k 15 I e S, R iE
A 12 10 D) T 3o 6 22 T S 30 00 0 B s Bl & AR A B 3. #2585, R B i db Je /M S0k S A B g AT
Ptk 5Kk M. B 20— MR BE R S50 QG N7k, 45 A D S50 2 X S 50 % 58 2 AR B0 A
%iﬁﬁ 3R . L 2 TS0 B & A AR A D% SR AR R, 1 TSR DL Y. 1 AT B A T
B 1 AR VE T HE SR BB R REAR AL T — AR Sk R WO A [ B R B, B R A A 2 TR A A
HEIE IR H A5 R B0 A RO B () S gEA T e 2 2.

Bk R
" GGEE ! S——
I | = EERARE

A3 ﬂ

HEp &R

" 0 I
Y ffﬁxn 0 o AR
2  RAIgR

Bl 1 BENREBEE A P e

3.1 BEMBREWNERE

SERT IR A AR ik TR T R AN SR AR S5 A 10005 2, R B AR S B AR IR A A
JE BN E— I, FHEREME AR i) T SR 23 A B N R B T AR R LA . O T e Lok ) 8,
AP T —Fh B IE RIS BE %, WA (6) Fis.

fw)= Z(M\é—ﬂlvi) ©)
Hrb, 4> 4, >0, t AEBEETE AR RIS HL /rEiE’\Jt(@ Tf%ﬁ?ﬁluf“/ﬁa PR Y [ 25 5] H AR R D 1
mlnE(w v;d) = Zv L(yi, g (X, w))+Z( v —/Ilv,) @)

ERHIENY LW 02 A bR MU T 1 7

X V= [1vae ) FORREARISUT R, L= (L, La.... L) (RE A SREAH AL, AR 5 1R,
FAL T 3 AR, W £ (ve ) BERRTE 1125 A

(1) F 0% T vi € 10, 1B

(2) B vi B4, AT B HOBE 2, W vy 36 T L 0, AT fim v = 1, Jim v =0,

(3) v KT LB, FATlimy, =0, lim v, = 1.

AT 22 TR A B T I AL 4 1. f(vid) = Z(Llﬂzv;-alvi) AR ARG |

(= ) (£ = 1)vi2 0 0
0 A=) (- Dy 0
He | (4 2)(:1 V) y | ®
(.) 0 e (4 —/12)&1’— 1)th72

e, A4 =2 >0, He> 1, v W88 i MREARIIBGE, Hy, e[0,1]. B, 47 (4 — ) (1= DVi2 > 0. R WL X £
HHE B SCIRT g 5 f B (AR AE A D E X A 20 3, W B | (K 306 e B3 KT 0, NI i AR R FE ] IE 5
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%‘*

0. ik, f(vw)—z(¥ V= A R v € 10,1101

o, L B ROV, S T v IR R AR (9) TR,
1, Li<A,

1
—J.\T
y=d (AL L L<Li<l ©
-1

0, Li>A
AR, v B L PRI, B TR G PR B Jimvi=1, lim v;=0. DRI 6 A2 461 (2). X — 58 R
LAY RE A 11 1) T3 B8 T PR AR, RIZRE A 15/ (K450 R AR 48 k7 268 e OB TR, ZEVR A AL T, 2 4=,
FORBAL AR, W v, 2 BAT 4y ORI, 2 A BT T2, A0 (9) 3 limy, =0, 9 4 B T IET ST, WA
limv; = 1. [ A 45 (3).
2 AR A BCEAE ¢ ORI N 6 50t 22 €] 2 o,

0 ! i L L oy
0 0.1 02 03 04 0.5 06 0.7 0.8 09 1.0
FEARTR K

B2 HWES =13,1.6,2,3,4 2 HRABEN G E

N T AT XL, 1 8T B 0 g TR AT S RCEA =1.8, 1.4, 2 I 2 TR A A AU HUE N L,
Herp ZE 0 Z WOR AR 520t 0 EE At LEBCE TR U0 22, 250800 1E, R W12 SR A B UK T
Xt b AR IR 220 A7, W P 2 190 2T BT IR/ s EE OB IO, S E T DU, 24 =2 I, 2
TR A AR R PR A W e 2 =1.8 I, 2 IR S AU A OB B 0 I LT OB K 24 =1.4 1,
20 TV A TR 1 ST 8 2 AR TR VR A LR 5 1) BRI, A ST £ 22 T R A A R T LK TR A L
IR S RIATE X, A R0 e T B TR A AR R [ ) R BTN Sa) DOl e S M 2 A S
HORFAFIE A IR S AL . 45 G ASOR SR IR B IG5 V5 RS AR R — S IR AR A A () 45 155 DU B
FERIEAT B A .

K1 =08, =02 NI I AFTE R AR =1.8, 1.4, 2 I8 2 AR A BRI L

) X EE 62 63
EZEN - - — ; " ;
24 =2 71 PO =1.8 ZMH TREAE =14 ZEMH

0.1 1.000 1.000 0.000 1.000 1.000 0.000 1.000 1.000 0.000
0.3 0.833 0.833 0.000 0.748 0.796 0.048 0.555 0.633 0.078
0.4 0.666 0.666 0.000 0.569 0.602 0.033 0.333 0.362 0.029
0.5 0.500 0.500 0.000 0.430 0.420 -0.010 0.200 0.177 -0.023
0.6 0.333 0.333 0.000 0.317 0.253 -0.064 0.111 0.064 -0.047
0.9 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

3.2 IRBUKER
I A I /MY (majorization minimization, MM) 53k 7] ARG A 3 (7) AT PLAL. 575 B Rl 2 R
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ity 2 DL AL BR BRI S5 /N IE P AN oK — AN S 2 I DAk 1) R A D — A7 BRI 8. 7R 45 2 1IE I £ (v; ) 5, 7T A4S
2 v* (L, ) A A

F/,(L)=va*(l,/l)dl (10)
é@m@m@ﬁmQW@%@ﬁAm@%Aaémww;
OV (lw") = Fy(Li(@") +v; (A Ly (") (Li (@) = L; (")) (11)
HA:
inmwxipmww (12)
= 5

A WF SEASEA RS 2 k FIER A S H, B ALE T —RIEARH, P2 AS B {7 DAB R S — At
] MM HEZE,
(1) itk
AT A Q(;) (w |wk ) , AR BRI AR AL 1) A 2 v (L(wk) ; /l) ;
v* (Li (wk),/l) = VI;I[(I)I}] viL; (wk) +f(vi,d) (13)

FRAEAT 55 3.1 75 [P 5% o) i O 4 fF () IRERH AT, DG T v, F RS eREUR ™ R 4R, DR IE A SRy de /D vl DL Rk
A (14) k1

oF =L+ —A)vi'=2,=0 (14)
c')v,-
GIEES
A —L;
-1 1 i
Vi FRN s)
2, v N3 B T LA R R R :
L, Li<a
1
Vi = (/ll_Li) . /12<Li<ll (16)
A -1
0, L=z
(2) e/t
BB IS
W = argminZv* (L,- (wk),/l) Li(w) an

i=1
X LA SR ) AL (support vector machine, SVM) 1E 4 [ 25 2% 2 24 2 SR BT 48 & 1 Sk i AL 2D
2 RS AT Ao LR B

nml,ibﬂ%||w||2+C;Vi~max(O,l—yi(w'xi+b)) o
23X (18) G hinge loss 120 HAR UKL, C AT SIAFA AR S5, 00 a1 ) e 20 T 30 h -

max=3 3. S (-3 + Y
i=1

i=1 j=1 (19)

n

s.t.Za,-y,-:OandO<a/,-<Cv,-,i:1,2 ..... n
=1
33 BHBEN
H b 2% S )2 2 RSB B AR A RO T ARSIk W e i, LR 2 IR A B P4 2 ikt
WE3RSBH A, LMZBIASH . 2ASE00H T ERR S AN T TR A SCRH—M B IEN T

“FEEAFIFSEIT  http:/ Wwww. jos. org. cn
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i

ES

BIE 73053, AEAT H 2D 28030 e th s A 5 (B RAB 0 A1 R e . IS ACBIEVE P2 N T B R 2 1
L LI 5 7 3%, B4R AP REAS I B R AR AE G T 5 SO 23 A RS A RT3 B o3 A 2. ATk, S AR i ik
RE A5 M4 Bl A 5 (B A s I I PR 5 S B X T2 KB, M A, , JE B N HUE A 235X (20) Al
A (21) Fis:

Iteration_threshold (LO), g=0

’l?’ = /1?,_] + average(Lg)xr, 250 20)
8
A5 = Iteration_threshold (Lig) @D
1

Hp, ¢ RIRA DS IMATINGE g #IE, Ly BRBURM/DNT A R R AU I HT 751, average K%t 741
WP, r AR B D5 DRI R, B IR AR B I3 0, DA (85 DBt BRI, 33 i OR T B032: i
SUVE. Iteration_threshold &7 %5% e 5 44 FH 3% A 1 (2 3K BOUCHE 2 PR 2 B0, LSRR TRRE WALV 1 o,

ik 1 BB HIE N RIS BEE.

BN FEASRAEF 91 L S KIEAIKEL M,
fth: HIEN S,

LR L o e KA ANSURARL L B L, TR WIARBUE N I° = #;

2. for k=0 to M do:

30 AR BME B Lo AR AN T RO T I PR EE5y, BV 1 B AR B 2R A 4
4. SYARERHE 3 P T PR AR A B i NE RN ISR X A B3 A REAE 1, R, -

Z L) Z L)

L)<tk I L)>T
d = s bu =
Ny N;
1 et e W 4 [
5. RHFMBEE M = —
6. end for
7 AF BN LA A = MY
8. return A.

T2 A SHL ¢, WFFCN 53T LUK i 5T im0 00 75 2T 4 5 1A, LASS 38038 -4 o In) ) 1 20 1 )
T A ST R e RS A A5 — e AR P AR A AR 400 R 1 190, 3 A DR AT TR v B T AN R A [l — 2 3 i
Hh S I R A 125 30 BT, R B R AR AR AR, e AT T A IR, PRIk, IX AN B ¢ AT
KIGBUAE. AN fE, 3 2 5 R FEAR R NIGREE, T4 ¢ g — A ENABUE. 75 ¢ IEUE RS AT
FEWCSL RIS, B0k ¢ BB SR AR T 1, MIEIL R S IR IS HUHSE —, i A A A B & N A e . 3
Fakm A (22) fros:

N

len(Lig)
=tan|[1- —— "/ |.Z 2
e S  Ten (L + 1| 2 @2

Horh, len(L) &7n P9 L FCHRECR. & A GV IR AR H 2% 2] (AMSPL) [ A8 WHE 2 Pk
Bk 2. BIENIREBCE A 2 Sk,

BN INZREE Dy S KIEARIKEL N,
i B S o,

© PHEBEEEK IR http www. jos. org. cn



2344 HAFFIR 2023 FF 34 5% 5 A

IR S o M HIE NS A, L1
. for =0 to N do:

b A (16) EHEAE v;
HAME: FIBAL (17) TS o
HIENEHZHA, LM

. end for

S

. return w = w*.

4 LWERSH

BT REAN R P 80, AN /) A T A A S BUR RIS 56 45 51, BRI, T N 0 e DU e — N7 30 3 T A i)
R T 2. AR SCR I 2 0O AR TE T e % A A5 (R TR A BGE R 48— 1 faf sk e o, AT T
B 6 AN [ 4 i R 5 e B P53 1) 2 Wi S 4, 1T T ARl R AR T XL RIRE, 456 T 28 RE N
% TR A A R BB S B LE W IAE B PR FR v ¥ B IS MO L. O T 36 0F B IE MR A BCE B 2P %% 2] (AMSPL)
TR A R, N PEAEAT MRS (action recognition, AR) A1 SR FHAFH M (multimedia event detection, MED) 1%
PSR ) AT, SEBG AR SCHR ) AMSPL SERUETE RS AE . PORE TR 73 A R GAE . 4K
BCEFR 53 A BRTR A BOE S A R PR A AR TE 2 B 2P 4% 2] 771 7E AR T MED 1) 3 AN & EEAT LU, BeiiF
AMSPL J5 M PEfe. S2ie T SVM A B 25 2% b (1) 7 8L SFIS 23 H (mean average precision, MAP)
FHRVAS A ST 1R i s LSRG P e
4.1 SLIEEHER

A7 4185 (action recognition, AR) & & UUMARSI - A HIZNVEAT R ASCKAE AR P Edhi 4 L 38UE AMSPL
[ %M. Hollywood2 £dii 82 (4G 7ok B 69 HiF I HIRZ I 1707 BoAldin, X Lot & T 12 84724, Hp, il
YRAEL 823 By, MAAE 1L 884 BRI . Olympic Sports 05 T 783 Bolltdi T YouTube 35 5) bt
TR VIR, I A dE 16 2R FIRIIZEhAT h, 649 BERUTAE 4 I R4k, 134 BV IR4E P .

Z AR AR (multimedia event detection, MED) 15 7E AR H5 A0 P 256 0 IR (1) FEAR A TAI. th FA7E S
Dl 3y SRARMLIE B FEE RS A J5 8] P01 IXIGUT 4510y HAT Bk vk, 925 | TRECVID MED13Test £
MED (MR &, Z B A& T 32000 B ML LA, 3L 3490 MUK H 20 A S A%, B R I3RS
SR, 5286 K A i NIST (National Institute of Standards and Technology) & A7 (MR K 4> Bk BT AT (145 AE AR L HL
R 2 B2
42 BENREWNEBSFEILRERS SR

2 WA SR ) BIE NI G BGE H A 5] SARMETE R G BGE . OB EE 43 b 2t (1) VR G B R OR R
T3 by o B PTR A A R S At B 25 2% ) J7 5 AE Hollywood2 i 45 L EERERT ELEE. o, X EE B IIEE B 2P 25
Ay R 10 RS 45 U AR, 13k 2R 4 IR, IZIBELK 4, = 0.2 x4, . FIPSEIWIUE A R e 2 143 85 1
378 MRS, RN AR R AW ST AL — N I 5 3, 30— Sl 2l g (i 7. sl
36 b A8 H YRS EE I (E (MAPX100) AL &8 7 VA RIPERE. £ 2 45 H T Bl NI -G ACEFIN L EVETE Hollywood2
it ERANEINN AP E. 1 3 45t T AMSPL Rl U SE72:7E Hollywood2 i 46 11 MAP fi. A4 2 Fil
Kl 3 mI LA H A& VIR AR B A2 I 7R 12 MTAZ P 1) 10 AR BB M R R RE, Hoh 4 AR HIH
B ABCE R A RIFER) AP fH, RIFIN B, 6 NS00 AP (5w T 2oAth 3 R E B . H MAP 2 67.48.

33 RN ATt 1 1 3G ARG AR A 2D 2% 3] 5 AR T EELE Olympic £ind Bkrebbis. Mk 3 L
F i AENEAREE B EITE 16 MT A 14 NMEBA RS RBIEGE. BT B4R kiR fa e, L
T 7 AN AP EEIA ] T 100 R 3 6 AMSPL 5 HARACE E 7 7 Olympic didk 2 MAP {HIF EER,
T LA AR SCERE A 3G N TR A ACEE H 224 21 7E Olympic 20di4E R15 2] T &R TERE, JE MAP 4 94.02.
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#£2  HENIEASMEMHLAE IR A BEELE Hollywood2 Hidi 4 i Hhig

YE A y o
e AR Gt X SPL
AP A AP i AP A

AnswerPhone 41.66 0.59 40.70 0.42 39.96 0.39 42.25
DriverCar 96.06 0.48 95.80 0.50 95.80 0.42 95.80
Eat 71.83 0.45 71.83 0.35 71.83 0.52 71.83
FightPerson 82.15 0.41 82.15 0.29 82.15 0.31 82.15
GetOutCar 62.27 0.45 62.27 0.42 62.27 0.53 62.27
HandShake 50.90 0.48 42.93 0.36 51.25 0.39 51.25
HugPerson 59.27 0.48 59.27 0.41 59.27 0.50 59.84
Kiss 60.95 0.60 60.06 0.54 62.73 0.55 61.68
Run 79.05 0.52 79.26 0.42 79.69 0.48 84.97
SitDown 81.35 0.45 81.58 0.63 81.48 0.44 82.26
SitUp 40.01 0.50 40.01 0.56 40.01 0.50 41.54
StandUp 55.90 0.59 80.67 0.45 80.89 0.61 81.00

* 3 AEMNIRA BRI ARG BCEAE Olympic #dife E L

JH A .
- RGN s X AMSPL
AP A1 AP A1 AP A1
Basketball layup 100 0.48 100 0.45 100 0.38 100
Bowlling 90.53 0.63 90.14 0.40 90.53 0.53 90.53
Clean and jerk 100 0.48 100 0.65 100 0.44 100
Discus throw 92.61 0.53 92.61 0.55 92.61 0.49 92.61
Diving platform 10m 100 0.50 100 0.50 100 0.47 100
Diving springboard 3m 100 0.29 100 0.44 100 0.45 100
Hammer throw 98.61 0.53 100 0.46 100 0.51 100
High jump 79.49 0.62 79.99 0.56 79.99 0.54 79.99
Javelin throw 100 0.66 100 0.61 100 0.54 100
Long jump 89.72 0.53 89.72 0.53 89.72 0.51 94.84
Pole vault 98.61 0.40 98.61 0.59 98.61 0.54 98.61
Shot put 91.50 0.56 94.76 0.70 94.00 0.51 94.76
Snatch 94.36 0.60 92.88 0.62 92.37 0.55 98.89
Tennis serve 100 0.53 100 0.52 98.21 0.49 100
Triple jump 79.35 0.65 67.33 0.51 67.50 0.51 72.69
Vault 80.67 0.62 82.04 0.48 79.93 0.56 81.40

B A JTRASCHR 0 S N A BCE B A2 21 5 AR FL U7 E TRECVID MED13Test £ 4 EVERELE
BN 4 v LU B IS MRS BCE A 57 21 HE 20 A S0 T 12 A S8 B R AL UM PR RE, JEh g
“Birthday party”“Changing a vehicle tire”“Getting a vehicle unstuck”*Repairing an appliance”#1“Working on a metal
crafts project” () AP {HAH b HAt s b 7 vE 3 R B3 T, A SCHe i HiE N TR SR H 2% S fE MED 114
AR T SRR ML RE, T MAP 4 11.48. I 3 7T LU Hh, ArdETB SRS AT . BB 820 2 ME RO S A
AT 8 93 Dy Xk B )98 45 B U5V EAE MED S5 (1 MAP {E53 34 9.32 9.59 A1 6.98. [Hlk, AMSPL 7£i%
Hei AR L BRI R e AR L T AT 50 A 252 2 7 A A BROR I T

N TR Z IS HL ¢ AEIEAGERE T AHUE T L EEAT 2387, 735504 Hollywood2 %ifii £ Ef¥I4T i “AnswerPhone™.
Olympic ¥4l 4E - i14T A “Basketball layup”#l TRECVID MED13Test ¥4 4 L i) 3i4“Birthday party”2+H ¢ {8 b
IR ALK, W&l 4 PR, Wl LA H, 2 TS H0 ¢ I B IR AR B 18 n g i ek, 9 BT e vk 14 22 T3
KNS H B~ 3 (22) WA, BIAE B 2024 2 IR, a7 5 AR A At 4, eI BOR RLE, PRI,
XA BL e NATECR . SRR, B2 RARIIFEA L NZREE, A ¢ DAz — NN RUE.
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2346 AR 2023 55 34 AF S

R4 HIENREASBEEMIALE TR -G FEAE TRECVID MED13Test 285 L ELEs

R AE Yotk e
L (AN AMSPL
AP A1 AP A1 AP A1
Birthday party 6.66 0.48 5.35 0.51 6.56 0.60 9.93
Changing a vehicle tire 8.25 0.55 11.34 0.43 6.53 0.70 15.85
Flash mob gathering 24.45 0.73 23.34 0.48 18.93 0.36 25.46
Getting a vehicle unstuck 35.53 0.49 25.13 0.42 16.82 0.45 39.44
Grooming an animal 523 0.47 6.09 0.56 8.64 0.58 5.56
Making a sandwich 10.37 0.32 11.03 0.80 6.14 0.67 10.24
Parade 14.94 0.35 14.98 0.63 15.92 0.49 16.24
Parkour 20.83 0.43 22.57 0.42 23.83 0.50 22.20
Repairing an appliance 19.33 0.61 20.59 0.55 2.83 0.44 24.04
Working on a sewing project 0.48 0.14 1.39 0.62 1.46 0.72 1.87
Attempting a bike trick 7.19 0.47 6.65 0.46 4.27 0.57 8.97
Cleaning an appliance 4.74 0.41 1.16 0.57 1.45 0.64 3.11
Dog show 0.96 0.51 20.38 0.41 3.74 0.70 17.93
Giving directions to a location 0.73 0.32 0.51 0.39 0.35 0.32 0.79
Marriage proposal 0.27 0.58 0.25 0.65 0.18 0.29 0.30
Renovating a home 1.47 0.55 0.72 0.42 1.46 0.52 1.25
Rock climbing 5.64 0.61 3.63 0.49 3.24 0.49 5.66
Town hall meeting 4.11 0.64 5.92 0.40 6.60 0.56 5.95
Winning a race without a vehicle 3.52 0.61 9.89 0.59 10.09 0.60 9.70
Working on a metal crafts project 1.41 0.52 0.96 0.55 0.56 0.52 5.09
100
93.47 93.01 92.72 94.02 gl iR &AL
I A L B 3 R S IR S AL
80 ] WAL 43 e B s IR 5 AL
SRR A
65.12 66.38 67.28 68.07 Wl EE RR A AR
§ 60 T
z
=%}
<
> 40 {
200 11.48
9.32 959 cge AL
Hollywood2 Olympic TRECVID MED13Test
3 AMSPL 5xf HUEVATE 3 M Eda Sk LK MAP
10 5 10 e
=~ 9 Y ~ 10 Y ~
® 8 L& E= & & 8 F 'y
= 5 F S = o IS
B 4t P R 4t e, ) S
3t o e 5 L o
2 4 6 8101214 2 46 8101214 2 4 6 8 10
IEARE IEARTREL AR
(a) 174 “Answer phone” (b) 177 “Basketball layup” (c) ZH{F “Birthday party”
K4 2O BB ISR B AL R
5 45RiE

2 ST IR A A R — P R R IR S T 3, (AR AR 0 B . AR A 2 PR 5
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I, BETIS H AR b8 AT 1 G 24 P 5O 55 22 Py QR R 1. X LUAN[R] (7R & DU IE I 300k = 48— HLf] R
Rt o Jrin, WG BCERATEZ (2 508 T S AR s 2256 D 1 gk BB 1), AR R E
NIRRT RCE A LA 1T

BRI 5N 2 AR A B IE W TR R A B & 21 5 — e o ARSI ELE il W] 1 2 00R &
BUEE RENS I 720 22 S HOR I A AN R TR S AL A [RIIN AT DR — A2 SRl R rpon B AT A I N 1
BNAS L, P T AR 3UAE [ — 27 )ik R b N ) RG22 22 TR A B IE IS T R 2 S 4,
ASCRAYHE T IS BRI S K B 38 N7 59800 2 B00 N D 2236 R, AT D00 R0 22 SRR L 1 ST 36 45 2R
RNA SO EAE T St 1 SR A BRI B AR PR R A e R LA BUFRTT. A B UR B X 22 30
I BN W BE L AZ T A R T (0 AT SR (B 7.
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