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Abstract: An augment negative example discrimination paradigm based on contrastive learning was proposed to im-
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was generated, forming an augmented negative example set for each video sample. Based on this paradigm, a multi-
granularity discrimination model for video action recognition was proposed to further distinguish between positive and
negative examples. In this model, video features were extracted by the video representation module guided by textual
positive examples, while self-correlation relationships between positive and negative semantics were established by the
semantic discriminator equipped with a self-attention mechanism. Meanwhile, a coarse-grained distinction between the
video modality and the augmented negative example set was achieved, while a fine-grained distinction between positive
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KEL AL +k, pRRIEFRZERT, @R
13 B IE A5 AT A7 A B B SCAS, P 2 v g g A 4] AR
Jis o AR RN IE — 18 A)F (U “This
is a video about dunking basketball” ), Jf ¥4 1% i
SUE] TR N R S5 200 CLIP UGt as, SR 5 70
S EREAS 28 A A FII[CLSHHE, 183ISCAIRAw, =
[w? w?w’ w e w? ], weR"Y, HfL=Ix(1+
k), XFTERAFERI = 1.

TEAIE XX A 35 AN AR RN I w, 2R A
B SCAKT (e, ) IS K w, 1D IE S SCIX 73
RN o 7EIE B XX 4887, Transformer 15
HRIB A =S (SA, self-attention) HLif|E 2% >)
BN B[ w? w? wd w? oo w1 F SCAPSAE 1E 1] w?
R UG 2 T F ARG R, T SEI AR
SHMAREX 7. B30b)ER T RFERET 24
FER ) B3 2 7S ORISR = &, 8 1R X
KA AW ¢ 5 KV A7 X (1) S5 HR AN AT AR T
B, BRIRES A

s 9k

&, iy = softmax( /D ) (17)
Hrb, i=[p234,-235])=[p6.2)5,--235], D
RMANFARNLGEEL, a, ;.. Nq, 5 0, bl
NS PE=WAL) R TN = Pa = WA I L& i s

e = D™V (18)

Hr, i=[p234,--,235]. j=[p,6,2,5,--,235] .
e’ NIA—SCRIEBIT q, 5 AN FRLBIRE A KT R SCA
BNFRIE T T A key B HERE Dt . £:X17)
M) H, g+ kv vIIRE wHRFEBS . K
BE B, it E =[e" et | R E, =
[’ e’ e’ ,--,e” 173 Tl e | FIRE 2 420 — IR
SA TR B SCARIE, K EE, R P,

I MAS BRI A S O S SCIX 2 A8 1
NHHTHRZE R, 53R AR IEFUE SGRTE.

% IE A7 TR XX 43 2% F) ] Transformer 152 5 1 1)
SA HL #l , B & w5 {[wiwwi - w?],
[wow? W WP I VIEH AR R R, BB e, 5
15 BB T DO S B R . 0T e, 28000 T B
BREAS, ZIE SR X 748 AT LS SCAR RS W e,
535 S B AR 2 A B = 5 (A5 SLIX 43R AIE .

3 SLWERSDH

3.1 HEE

ARICAE 3 AN 2 A8 FH B0 VE IR B 4 o A
SCHTHE I MGDM A5 R 3R 47 254 SE 36 1A .

1) Kinetics-400 %4 42

Kinetics-400"2J& M YouTube | 3K HU ¥ 42 ,
ZAIRE A 400N N B E ARG SH], Bit
234 619 MY GRARAIAE AT 19 761 NI UEMATAEEA
FEAS VAT BT B2 10 5. A< L5256 % H Kinetics-
400 B HE IR HAT IR R, FFAESRIESE |
G SLIh g R .

2) HMDB5 1 $#i 4

HMDBS5 18392 M HL 52 RN 2 6 B0l B 5 2 4ok
TR A EOE AR, xR R B ST AT AR,
KT 6 766 MISIFEA, KRS 10140 7
Bt WA BB R4 5 s, SCHR[39182 44 T 3
WA BRI S9N GRS 77 2K

3) UCF101 ¥#i 4

UCF101M4%J& M YouTube F3REUHI B4, %
BT 101 M ESLEMMEE, it 133201
WUATREAS, BRI R BT 2126 5. 72101 NBIE
Fulrh, MRy R 25 AN, R AL AT g L
B ERRE, WAL Y A . 1E
UCF101 ##a5d, IIEMS 9 537 MEA, A
LS 3 783 NREA.,
3.2 LR ESITMNIERR

1) Ik

7E MGDM 256 H, AR YR H CLIP (140 5t 4
ARl S 7 w38 1E AU gm G 35, KA CLIP 1)
AR YRR IE S RS Es A AR I SC A Gt
o X TR, S WA B R BE T
(T=16) EUg, WAL R/NEE N 256, FR
JH BEATLAE FSORN 3 B DA S I EC 38 5, K R it 1 2y



+36 - W fE

{18 %45 %

B

224x224 N4 o F T SCARKN,  Jed IR OE
X ANBR R IE B AE TS R TR 4, PR E
By 28 00 A 2 SRR AR T A0 000 1 B A . Utk Ab
MGDM 5 74 3T CLIP-400M Il 2R B R 34711 45
HGE RN S 5. EETEINESHLE T,
SR 53107, MRALER FH AdamW, AR 7T 8x
Tesla V100 EREAT %R, 4> GPU WL IR KN A
32, FEE AR N 20, SCU6F L2 1E 4L 7
PRAH I RINPUE (e

2) VA

7E MGDM SE56 1, SF R84 N, B A0 A7 i
R RN #E R 256, K — R BT AR A O B BT
X, FRETEAS T (T=16) E1&, Wil
— RS 224x224 (0BT o X T SUAREIN
X8 I B3 4 1) P A S 0 s 2 B B N SRR AIE i
HU 2 o de gt v AR UE S R IR AR 5 A 2R b
SERHE 2 T AR ACLEE gk TH A 0 R B FE 1
Top-1 F Top-5 #EH %
3.3 fafflsEtEsastie

T XFECE R 2 FYE A R, R H 5
B S 7E A BN A R AT 55 BB R, 05l
Kinetics-400. HMDBS51 Fll UCF101 ¥4/ £ it 7451
MRS o ARV T SO SRR T NS
SR AL, RIS 7] 57451 B B 0] S e 45 SR R
M, IJCHY R AAEIERRT, AN E=0; 2
L0, £=3,5,7,9, HH, k=3 (bot)F IRk H Top-6
55 Top-9 Z A3 5y [X 43 B 48], DAAA LS (5] A 5 47
B0 A5 RS S R A SR I RE IR . g B B R B
G451 52 5 T 8 5 471 45 SRS R ARG BE IR % B SR, 46
B TS U  JC A S S e 5 R ) 2 E

1E Kinetics-400 HH5 48 I 1 5256 45 sk 1 B
TN, TR GBI, Top-1 #E#E N 85.9%,
Top-5 HERFZE N 96.6%; T & G Gl R IN), 2 25
T2 el U ST R E R I mi g N, AR5
TR AT, R 5R GG B AR IR T JE R 0
B £E 11 Top-1 #ERA 32T+ 1 1.4%, 1fif Top-5 HEHf %
PFFT 1.3%, MIfTSHIE T 38 58 fu 451 X 43 ¥ XA AL
PEo IR TR 1 R4S, AU AR R 2
FF AR S5 A 545 1) Top-5 1B, {H 3L Top-1 4
PR, XKL G R T —1E 5 u U
XTARRLE SIAE X 20 IR RE AN /R o T8 B 2R S i 3
I HE X 73 —EB 3 7], BEAAE Kinetics-400 245

£ 118 Top-1 HERRIETHI 2, 0TI 2R B384 0 (1) 97451
WAL T 1 A — AR HAH OGIE S X 43
fe . BEAh, BN A=3 (top) 5 k=3 (bot)A] 15, %
M X 3 1 S48 ZE AR Y H g 3 e R B S A TS X
I ASCHERT L SRS i AR k=T IS5 R

*=1 Kinetics-400 A9 £ {5 S 1858 SL16

SCRFIN k Top-1 Top-5
Jo i 4 5 0 85.9% 96.6%
3 (top) 86.6 (+0.7)% 97.3 (+0.7)%
5 (top) 86.9 (+1.0)% 97.7 (+1.1)%
EHERGUGIE 7 (top) 87.3 (+1.4)% 97.9 (+1.3)%
9 (top) 87.3 (+1.4)% 97.9 (+1.3)%
3 (bot) 86.1 (+0.2)% 97.2 (+0.6)%

7£ HMDBS51 #5485 F 5250 45 R 2 s,
TG R UG BRI, Top-1 HEREE N 79.0%, Top-5
HER 9 96.8%;: 7 WYk I R I, A5 1) Top-1
HEHf 22 b6 45 7 9 S e R BRI I g N, 7E k=7
k=9 Z (B T-~F- A& T2 39 5 47 451 52 1) Top-5 1
MR BARAL T RS, FEERLET
HMDBS5 1 #{#4f5 £ B A ARG U280 b, B
FKERZMMBE B . AR AFE I s RS2 HCE
ZBIME R RERFAERT, TEEEEN BOZ A2 4 = B
fEHE N RIS, 5 2 S IR] o IR 3 o 47 4 B
() TE A S IR AE ) 2> A HEAS Bz, EL %58 tH Top-5
Va5 Kinetics-400 %4 48 F ¥ s 46 45 5RAH A,
IR I T B X oy ) GBI AE IS, 3 Top-1 #EH
R ERTE, X PIAE T ¥ 5m U BIEE R A 232
FHRLTY T[] — A0 5 A DG AR P 288 0 b 28 )R il
REJJo 1M k=3 (bot) B4 58 FOR K T =3 (top), X
2 B ERME [X 7 1) B9 5o R 3 i S R R I . AR
SCAE X bl SES6 H B 2845 k=T (145

=2 HMDBS51 LAY 5a 5l SEHEsE S00e

AN k Top-1 Top-5
Tt 5 47 4 4 0 79.0% 96.8%
3 (top) 81.4 (+2.4)% 95.8 (-1.0)%
5 (top) 81.7 (+2.7)% 96.0 (-0.8)%
R RS 7 (top) 82.2 (+3.2)% 96.0 (-0.8)%
9 (top) 82.0 (+3.0)% 96.1 (-0.7)%
3 (bot) 79.7 (+0.7)% 96.5 (-0.3)%
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) B R AR - T 1 o A7 451 2 i RE DX MR B RSN A R BT -37-

7E UCF101 £d 4 b1 47451 £ 1 5 S 56 45 S
RIFR, MR AR, Top-1 IR N
96.3%, Top-5 HEMHE ] 99.7%; 5 1 i 11 51 L 1)
I 5 14 5 7 (9 B R AR Ak, BRI ) Top-5 HER %K
L AR AL HARHE T 1. 2 k=3 (bot)f, 7Y
Top-1 HERRALILE T T 0.6%, XFEIHZ 5 X 4311
SRR R SR R AN B R . Mk 4 59 7 A9
I, A ) Top-1 HERZE 4 AT T 1.8% F11.9%,
iz T-Ff, XEHMGDM A IR E] 7 5
TERRAE, HAETF 7 RSB BE R . Xt R I 7
UCF101 ##a 5 h fe = 5130 7~9, 4k 238 in 47 451
HEASAMBER BT R ERT . B i=
9 i} MGDM 7 UCF101 4 £ b 1915 71 = 90 B 4
BAT G S8, ASCLEXS s i &4 5 =7
HIEST N

#*3 UCF101 LR a5 & 1538 010
SCRHN k Top-1 Top-5
JoHg A 5R 0 96.3% 99.7%
3 (top) 97.5(+1.2)%  99.7 (+0)%
5 (top) 97.8 (+1.5)%  99.7 (+0)%
o M U 7 (top) 98.1 (+1.8)% 99.7 (+0)%
9 (top) 982 (+1.9)%  99.7 (+0)%
3 (bot) 96.9 (+0.6)%  99.4 (-0.3)%

=4  ANEFFELE Kinetics-400 AV ERRER

WARPA yllEs LTPN Top-1  Top-5
TSMY! ImageNet 16x224*  741%  91.2%
STM®7! ImageNet 16x224%  73.7%  91.6%
TDNE! ImageNet 16x224%  79.4%  94.4%
TAM?" ImageNet 16224 79.3%  94.1%
TCM# ImageNet 16x224*  77.4%  93.1%
STMH ! ImageNet 16x224%  76.9%  92.7%

MT-Net!*! ImageNet 16x224%  78.1%  93.7%
AGPN™! ImageNet 16224 77.7%  93.4%
ActionCLIP!"! CLIP-400M 16x224*  82.6%  96.2%
X-CLIP-B/16%¥  CLIP-400M  16x224*  84.7%  96.8%
ST-Adapter®¥ CLIP-400M 16224  86.9%  97.6%
VideoPrompt!*?! CLIP-400M 16224 76.9%  93.5%
S-ViT-B/165% CLIP-400M 16x224*  84.7%  96.8%
Text4Vist>® CLIP-400M  32x224*  87.1% 97.4%
BIKEP" CLIP-400M 16x224*  87.2%  97.7%
MZ2CLIP-B/16"¥  CLIP-400M 16x224%  83.7%  96.7%
MGDM CLIP-400M 16x224*  87.3%  97.9%

34 FAHER

N T 5 AE MGDM (A R, A SC LA %L
WA XL I 5398 . Hor, £E Kinetics-400
AITHMDBS 1 Hi#fs 4 b ot Lb A — 2

%o T # 4 4 Kinetics-400 fS2%:, ¥ MGDM 5
% F ImageNet!* i1 3L F CLIP-400M! ) 7 ik k47
bb 4t . 5T ImageNet Tl il £5 1) 77 2 A 46 TSMPL,
STMP7L TDNEY, TAMP1, TCM*, STM*], MT-
Netl*4, AGPN®EE, FTF CLIP-400M FHilIZRTI 2L
5 ActionCLIPIY,  X-CLIP-B/16*3, ST-Adapter®*.,
VideoPrompt2l S-ViT-B/16533] Text4Vis*®l BIKEFL
MZ-CLIP-B/16P82%, 3% 4 51| 4 7 AN [6] 77 % 1) Top-1
A Top-5 HERfZEXT LU A5 B, XL iE R RE 38K H
XFRESCHR . A, RS ot K 5 A 1A R ST S o
M sEoe g5 5, N T RIEX LI A F M, BT
Text4Vis 7k, R4 W 1777538 90— 7 Wi 45 73 )
R

M 4715, MGDM 1] Top-1 il Top-5 i %
BT Mar i AR L. BIARE, ET
CLIP-400M Tl 25 (1) 77 15344 T 2 T ImageNet 71l
W7, X3RO 2800 =K/ RE 3 7Y
M R TR R E . 7R3 T ImageNet T Z5 1Y J7 i,
R 10 A STMET, R Z 75 1R e ALAB K B [ —
2 AREREAT 1A, ERTMGIREANE, Hi
RESZ BN PR s I 2 TDNBY, %5 vk i
3k 2 RO I (a5 B 247 20 7 R3], 3 Top-1 A
Top-5 ERf 4 HIIE ) 79.4% F194.4%, 7E3ET Ima-
geNet Wl JIl 2k 1) 77 % A R I e 4 . 7£ 2 T CLIP-
400M FTRINZR K J7 3%, ActionCLIP!OVE FLH B AT
REHER TR —, HAE VIT-B/16 it A K ] Top-1
T B ROk B 82.6%. P 2 1 J7 2 42 Video-
Prompt*2, 1% 77 18 1 A AT 3 $ R ) R R
A ER S BGORI A 2 TR) ) 22 B, (H G R A
CLIP I RFEARRE T, WA B @M CAR 2
) I R s R I AT 10 U7 15 A& BIKER, R H
CLIP & ST AR~ SCAR AN SCAR R AT 8] X A B 22
DL SRAANER 7N, 127 V211 Top-1 A Top-5 R 2653
AL F) 87.2% F197.7%, {EHET CLIP-400M Tl i)ll £5
I LE vk R I i 4 . MGDM [] Top-1 #1 Top-5
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¥k 045 %

HE 250 BN 87.3% F197.9%, {E%: T ImageNet T
IR 10 J5 122 1 3 T CLIP-400M Tl 2R 1) J5 32 vh 1
T mAE. Bk, fEMSENTESUIMTES H, SEaE 0
11 X 43906 2 A RPEAR B SRHIE

ST 34 HMDBS1 F1UCF101 825, A3
¥ MGDM 5 % F Kinetics-400 ## i 1 2 T Ima-
geNet + Kinetics-400 17775347 ELAR . 25T Kinetes-
400 3 1 77 15 55 DSDMT®), % -F- ImageNet +
Kinetics-400 [ 77 % & & STMPI,  TSMPL,
TCMM*,  MT-Net®3!,  STM*®I,  CoViFocus*l,
STANet!*®), TTSNII%, K SFIFL 6 3 HFIH T 24
K4l 55 AR J7 ¥ 1 Top-1 A1 Top-5 #Efifi B %t L,
Xof B VR [ 1 R3S SR BRI SCHR . Ak, AT )
B E ARSI g R, AT IRIEXTEL
NFYE, BT DSDMT Al CoViFocus 41, # 5 A1 6
R IR 4 — ik S S TR RS

ANTF] 75 72 /E HMDBS 1 #0040 52 b (1) 5236 45 5
FKSHiam. HESH AL, T Kinetics-400 HlUif 1
J5 AN A5 DSDMTM),  J5L IR 75 - 1% J7 125 1 g A A5
SEEM . FREMZIKE, TikHEETE Ima-
geNet T Il 25 UF f) ResNet b HEAT 0, R 5 1
Top-1 #EHfi %8 74.9% . £ HMDBS1 b [ 3= ZE%f Ll
771225 N L T ImageNet + Kinetics-400 3 i i 77
s HAp RO ZE 7 STMPY, 5 7E Kinetes-
400 FHE 4R 1R R IR ARL,  H T Y45 IR B AN
A, BRI T Z e RE s R AR LT BX b
N TTSNYL, 1% 77 v 4% 43t 1 i /5 Transformer 5 £t
RS 7 B I, R R A R i Ta) A AR e ok
AL R B R A 2 P e TR AR, R R
ST S ARIEAREI RN, FLARE 1 Top-1 #EHf %
N 80.2%. A SCHE H ) MGDM # 4] 45 1) Top-1
H1 Top-5 HE# 2 43 5l N 82.2% F1 96.0%, {EE 5 BT

e AE753£7E HMDBS1 LR ERRE
ik T %k LITDAN Top-1 Top-5
DSDMT!! Kinetics-400 16x256° 74.9% —
STME7 ImageNet + Kinetics-400 16x2247 72.2% —
TSM™ ImageNet + Kinetics-400 16x2247 73.5% 94.3%
TCM* ImageNet +Kinetics-400 16x224* 77.5% —
MT-Net!*4 ImageNet + Kinetics-400 16x2247 74.0% —
STMH! ImageNet + Kinetics-400 16x2247 75.2% —
CoViFocus!*” ImageNet + Kinetics-400 8x2247 74.8% —
STANet*¥! ImageNet + Kinetics-400 16x224* 77.7% —
TTSN! ImageNet + Kinetics-400 16x224° 80.2% —
MGDM CLIP-400M 16x2247 82.2% 96.0%
*6 AREF5ETE UCF101 ERERE
WARFA Yl LT Top-1 Top-5
DSDMT™! Kinetics-400 16x256° 95.8% —
STME7 ImageNet + Kinetics-400 16x224% 96.2% —
TSM¥! ImageNet + Kinetics-400 16x224° 95.9% 99.7%
TCM# ImageNet + Kinetics-400 16x2247 97.1% —
MT-Net!*¥ ImageNet + Kinetics-400 16x2247 96.5% —
STM™I ImageNet + Kinetics-400 16x2247 97.1% —
CoViFocus!*”! ImageNet + Kinetics-400 8x2247 95.8% —
STANet¥! ImageNet + Kinetics-400 16x224? 97.6% —
TTSN¥! ImageNet + Kinetics-400 16x2247 96.8% —
MGDM CLIP-400M 16x224% 98.1% 99.7%
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) B R AR - T 1 o A7 451 2 i RE DX MR B RSN A R BT -39

A LI TR R RBLUR LT, XK MGDM RE 5 A &L
i SRS SCAKT

6 BR T ANHJ7 i1 UCF101 BdE & L1 v
% . DSDMT“I1 CoViFocus [ Top-1 M 551K
95.8%, JE3 6 1 Top-1 % &K [¥ . DSDMT
TN G555 45 AN 5 TmageNet, FEUFIZR 1R
A2 CoViFocus HRAFE T 81, X fg T EUHE it
SCBRAATIT o 3% I A5 4T 1) %oF L 75 ¥ 9 STANet*®],
27 B B[] [ 3 R ABE RN 2 (1) [ o AR R, 5%
SRR T P IR G B 2 B AT A, R A M P 1l
T EMEMERESIE &Iz, HARE 1 Top-1 1
i 2 I8 5 97.6%. A SCHE H Y1 MGDM ] Top-1 il
Top-5 HERHZ 437 N 98.1% F199.7%, AT A Xt b
JriE R R, IX 2R ] MGDM 89545 20 B
FSCANFAE,  FH R AR A 2 8] (R R AE X 55
VAR
3.5 HEtHZR

3.3 T IGAIE T 3G 5 451 X 3 ¥ 2% 47 4] Hon) A
RGE R, (et B, A58 MGDM H (1)
R 0] i 2 S5 R R, AT AR AR 25 1 1E
B SLIX oy BB TV SES . R TR TIE3 A
e £, MGDM 75 7l #% B AR AR AIE &8 A1 1E 4K
X oy 2 R0 45 B . WUATER A 28 10 1 i 2 4 i
RN RFIE R 3 N AATARAE, B RRIZRIESR G &R
R AR SR, R TE 3 AN B4 B
BRRAE A I, A U] Top-1 v 22 12 B R AR T
MGDM . 1E f 38 SCIX 4 88 1 /E F A2 2 3l Al 2 1F 47
BRI B EAHR KR, DRI AR IE
1] 5 348 5i% 471451 2 [R] (R ARE JE X ), BB BRIz A o
SO T SCETH X 45, AH AN 2 52 1 A1 3 A SC
A HIREMESREL, R AE 3 AN B 4 T8 IE Uil X
X 4 #4502 4F R Top-1 #E i 2 25 /N R A T
MGDM. ST E, @RS R AL 25 23 5 e AL AT
REAEFRE, 1 B 2% IE B3 S IX 43 2% 23 52 i S0 A
A N IE 0 () ) 8 R FE X A, 2 AN T
MGDM #fs s AN AT B R [F) «

%7 Kinetics-400,.HMDB51,UCF101 £ Top-1 %

Tk Kinetics-400 HMDBS51 UCF101

TEIRRAE 2§
TIEIEXLIX 788 862 (-1.1)% 80.1(2.1)% 97.3(-0.8)%

83.7(-3.6)% 76.6(-5.6)% 96.5(-1.6) %

MGDM 87.3% 82.2% 98.1%

7TV MGDM IR L, AT 1T
RIZEIRE (FLOP) Mz Hmxttl, seihss R
X8 in. ‘BT M CLIP ViT-L/14 () FLOP A1 2%
BN 834.7x10° F1258.7x100, fEIEAY Eifit T
MGDM. *k=0ff, FLOP AN 7T 0.4x10°, %
=N T 37.8x10% k=71, FLOPAHLL CLIP AN
k=0 i 23 530 7 0.5x10°F10.1x10°, S35 k=0
IF—%. i BRI, MGDM AHEST CLIP ft
HEIME) FLOP MIZE 5K,  H 1G5 5 ) SR 2 =0
JnEss, AN FLOPE UGN, THE AR,

*8 WRS R S
7% LTI FLOP 24

CLIP ViT-L/14  16x224*

834.7x10° 258.7x10°

MGDM (k=0) 16x224>  835.1 (+0.4)x10°  296.5 (+37.8)x10°

MGDM (k=7) 16x224* 8352 (+0.5)x10°  296.5 (+37.8)x10°

3.6 AR

MGDM # R 5 SR S T AL - SCAR R A 25 0
7, EHEAFIEICIEBR B F — 2, FIEER
PR IE R RS AE B 4 5505 . O T AP R AL
B SCARTERFALZ TR TR, R 3 A
H A A T SORH SR S RFALE 2 8] £ [X 73 JEE 8 it
BOR, AT AT A T S 4 s . DONIE
B, sim APV TR, @R D 4ERFE
B0 A KEMER2BL I 250 55
FRAURE s e o B ARVLLRE 5 SO AR B, A7 S PR AT ABL
JE5E SONH AR AZ AT T ZURT B 4ERE D D (1)
RRAE BT 2 2 dEAL BR[N] AR AL - SCA
XFHIRREE, ARPREEEIE A B, RUIZTE SURFIE
S RSURFAERRUCIC o 31 = ff1 A bR 5 (B 5 B R
R IEE SURHIE -5 B0 SCRFAIE AR X 70 B2 8

b »p
2

D
2
sim_/A : Nosim L PUBUAE
: TR

=

7 \Z,
/ { \\ Al B8 URFAE
[ b

/
—

[
K4 18 SCRAIEX 20 B A7 3K

T E

K 5 & 7~ 7 7 Kinetics-400. HMDB51 1
UCF101 B4 45 BB SCRFE X 29 B i T A0 Ak 25 51
HARIAIRAE . SCAHR N RFAEFN IE 7035 X 4R AE
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(c4) HulaHoop

» P AEbRAE
v BB-hiAE

U EARAE
M i

[ ] . -
.

i

X
(a2) Stretching Leg A5 SCAH N HHAE

X
(a3) Stretching Leg FAF 5 1E 718 L FKAE

« W-AEbRSE
M

.
I XN

‘& C .
Fod
.
%.

]
-

X

(a5) Somersaulting FRAE 5 3L A N HHAE

o UB-ERAE
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X
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X
(bS5) HugZRAE 5 SCA ik NHHAIE

(b) HMDBS 154k i AL EE G

f. .
ot gt
LY - J
LI ‘." .

I' . .'

X
(b6) HugZRAE 5 1E $13# SURATE

e | TS
¥ - AR A

« M- bR2E
WS

-

X X
(c2) Apply Eye MakeupZRAiE 5 3L AR NAFAE (c3) Apply Eye MakeupRAiE-55 1E 471 5 L RAE

o DU b7 A
MBI i

£

o BB EARA:
v WS- v

X

(c5) HulaHoopRAiE. 15 A NAFAE

(c6) HulaHoopRAiE 5 1E 5% S RAL
(c) UCF 101544 ny ML AL 45

K5 £ Kinetics-400.HMDB51 FllUCF101 ¥ 4E I AT M4k 45 5
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) B R AR - T 1 o A7 451 2 i RE DX MR B RSN A R BT 41

KEE 2, B =R RRIAS bR AR,
[ A AL BR R R AT S AEAR 2 XS SRR . NI S R
ATPATE Y, 7 Kinetics BU4E 42 & 7R R FEF] Al
FARUARRAE 5 SCA R N R AEAS45- 05 = A AL b TRV i3
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