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Abstract: Existing unsupervised video object segmentation (UVOS) methods often employ pixel-level dense match-
ing strategies to enchance model performance by aligning and fusing features among multiple frames or between a single
frame and its corresponding optical flow. However, in challenging scenarios such as occlusion, camera shak, and motion
blur, optical flow estimation errors can easily generate numerous erroneous matches, leading to overfitting of the fused spa-
tio-temporal representations to motion noise. To address this issue, we propose a motion-prompts guided adaptive learning
UVOS framework. By designing an unsupervised motion-prompts generation algorithm, the dense motion information en-
coded by optical flow is transformed into sparse point and box prompts. With the help of prompt learning, the segment any-
thing model (SAM) is guided to adaptively learn through two lightweight adapters designed in this paper, thereby obtaining
more robust spatio-temporal representations and enhancing the model’s noise resistance capability. To obtain effective
prompts, we design an unsupervised motion-prompt generation algorithm. This algorithm calculates a series of statistical

measures from the optical flow features to identify salient regions, then utilizes motion edge information and an adaptive
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threshold to eliminate pseudo-salient regions, ultimately generating the point and box coordinates that highlight the loca-
tions of motion-salient objects. To enhance the generalization ability of SAM in downstream UVOS tasks, an adaptive repre-
sentations learning SAM model is proposed. By incorporating two light-weight feature adapters, the model adaptively ex-
tracts knowledge relevant to the downstream UVOS task from SAM’s general knowledge base, enabling accurate coarse lo-
calization of objects. To overcome the lack of attention to details in pure Transformer-based SAM, a convolutional neural
networks (CNN)-based feature focusing refinement module guided by the location map is designed. The localization atten-
tion map generated by SAM progressively guides the refinement process, shifting the model’s focus from global coarse lo-
calization to local refinement, and ultimately producing more accurate segmentation masks. Our method has been thorough-
ly validated on three mainstream datasets: DAVIS 2016 (DAVIS16), financial and business management system (FBMS),
and YouTube-Objects (YTOBJ). Compared with current state-of-the-art methods, our approach achieves improvements of

1.8%, 1.6%, and 2.6% in the region similarity metric, respectively, thereby fully demonstrating the effectiveness of our pro-

posed method.
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unsupervised video object segmentation (UVOS); optical flow noise; segment anything model (SAM);

prompt learning; adaptive representation learning; decouple appearance-motion learning; multi-modality
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B T SAM 3 T 4li Transformer ZEA4 % 1 s XHTAHEE =il 5 B (Light Convolutional Block Attention Module,
F A L, EE AR T SR EE B LightCBAM ) , L& P& 45 [i] Fsf SHe i 42 )=y F13E A8 1Y) 2 ), & i
HA, MELLSE AR R B TR a5 B xR Ty T HARATT (S 8 s[RI S 52 0 L 42 7t
FRER E LT . P, A I B T ONN iRy PWIRTE . B, TSk CNN ) X2 R R AR AR kA T

LB A5 AT M | Se X O AT IR B AT 74 PO b ORI A i A s Sl e (5
AR EETF WL, Tl L, g sn S ma ey SR OE A0 200z 5 o R e | o (e 5
B I I L 3 A A SR B A 40 I ERRIE R A )5 R PERASAE . PR R RN T .
A 2 O S 7% , 2 WL A AR o (X.X7.X X =Enc, (I,) (6)
LG 55— A AL LT S A0 L M xio |LOEM&XLXOL), — ifi=4
55 L 6 T AR T R4 Ene, #6772 R " |LGFM(X/.X/OL.X/""). otherwise
FEAFAR IR . R, 3 2 KBRS 5| S R R A B X/=LightCBAM(X) (8)
(Location-Guided Focus Module, LGFM) 475 S8 £ | M,=CNN, (Xz] ) (9)

Hiiz gl B 7n 5 (Bt B e A 4R L 5 e Hih 0 Mg s R .

MaxPool
Shuffle-Convl X I
U

SERLE

\- Concat +———
Shuffle-Conv1 X 1

RELU
Shuffle-Conv3 X3

RELU

Shuffle-C;
L]
ean
Concat
wffle-Conv3 X3

Resize

AvgPool
Shuffle-Conv1 X 1
[ M
oncat
Sh
v
E
i
i
i
1
H
H
H
H
H
i
i
i
i
i
i
i

I Z R AR LightCBAM |
A2 AR LGFB Shuffle-Conv
e
ONE. L B wwnm () semodmmmt  Rewe RN Concat KL
ShuffleCony | S EHEAEH Maxbool | 4 AL Avgbosll) 4 RT A Max m Rkl Mean | T

K5 SRR R AS s B
3.3 MREH RIS DX WA, JC AR R F7 37 FU APk B
A5 B 5 2 R B R 58 UM (Binary Cross-  SFRORARZCR X — 40k B2 T B sl R
Entropy, BCE) 1 2K bR %X L 5 F11 38 XA ( Cross-Entropy , AR, I H5 SAM PR R —20; (2) £ W5 4k

CERR BB Lo AL MEZRWEES, BB TR 2 B RE T, X —4h
L=Lyep+ Lo (10)  ReRBEZIN T EFVR A TR H

PR BT 55 fe 2 UG BEAT 8 i 145 2R, 0 BN ]

Lrn==3 [My@prina (L)) (1) T oo 1 Lo 45K PR B P 5 A 0%

(1M 6p) on(1—o(£,6.)] B S DAL ) AT 20 R R 2
i 4 5L
[’CEz_z I:Mgt(iyj)*lth(i’j) 9_%

(12) 4TSI (S S P 2

+{1-My @) #in(1-M, )] P 45 b RIS S B S BN . 4.2 45 B e o

FEt, £yn I Log 20 0 S Wi B2 5 35 30 45075 2 o AR B TE PR REHE A5 A AT IR AL 25 3R b 5 LAt FE 9 T 4R
B 22 U 2 AR B T ) S0 MBS RD PEATXT E, DRSS UEAS SCHT 3 7 i A 30 . 4.3 T A 41
A 1R 3 5 0 B B RV B 5 0 sigmoid 0 ORI AR I IC e XF HOBER ity — 0t T
o BRI AT X8R 5210

{EUVOS h BRASI W S A AT Lo G Lot 41 RHIRE
SELTTAEGRYE SUERTEZ M U T . A S Lo, 411 BIRE
5 Lo MAGIR,, BB (1) Lo PR ALY T HE N S A3 b R A S B T v B A A AR
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SCHE =AY 2 FH T UVOSAT 45 9500 45 X AR S 25 30t
T IEAL X = > Fc 4l 4E 43 %1l J&2 DAVIS16., FBMS Fil
YTOBJ. TE I ZRBr Bt , A< SCffi T DAVIS16 Il 25 5 Fi
DUTS (DUT Salient object detection)[so]ﬁﬁ% L EI A
K B, R SCffi il T DAVIS16.,FBMS #1 YTOBJ =4~ %4
AL IR .

DUTS £ #8110 000 3K I 25kt , HLA35K E5 A
SRR B4 121 bR T A ARG G e B R ) S A
BAEEZ —.

DAVIS16 /& VOS 1T 55 & i i Bl 2 — , Al
B 30 NN ZR AL 2 1 20 A B TEALA 4] , 45— i ER
A% H bR LSS AR

FBMS £ 7 59 AN 0045 e 41, 4t 720 it . 7835653 17 51
oA 2R R X A

YTOBJ B 5 i M YouTube #1451 99 326 g £ 2] 1) K
HAUATUE S 2 A, BT eI 2R 8 Ani st 4 1Y X 43, EAX
FHFMR . HA 104X 2254 5 20 000 Wt 1% , A
R 5 9~24 MIIFH) .

4.1.2 iHEIERR

UVOSAT 55 % R IFI 35 4528 g fn . Horpr, 7
FHF DAL DX AR AR B, S 7 et 0 S A5 AR Tt s iy 22
[ AER I P e b, FLZRR

) M NM,,

M, UM

pred

(13)

o, M R LSRR s M, AR R e 2 T RS . F
g — I i LS RS AR SN R 22 7] 30 5 i 2 1] W)
FEERER, &R

Mgthpred MglnMpred
Mpred Mgt
2xPxR
]—'=‘ PR (15)
G T FRFEME, 3R
6=|7+* (16)

4.1.3 SCIYETT

Y RBCE Hh P A3 4L : (1) DAVIST6 4455 30 71
B, 2 079 gk B B 6 07 9 6 3t 1 RN B SE s b
15 (2)DUTS L5 15 572 sk BUE A B S bRiE . KB
1R AL DAVIS16 #0557 51 i 400G, B4 U1 25 S8 3 )
30T 81 43 BIBEALEZ L —IK . DUTS 5 DAVIS16 4%
L1 A5 aa 2 B, RIS 1 25 ] A X DUTS il AL 132
301K

DUTS F 3 3% £ 400007 51 4 1, Tavk A2 OG I
I, A SCR X RAF S IR AT T RSB L . ARG IR
TR I BT AR STy ST $ s A B 1k e A5
FNAFHESE S . B, ZE X RS B0, SAM R I B 7R

B, AR AT R B sl R iy 158 22 R AR

R T RFEAR SO 5 F W T IEAER L B R ASF
1@ , 2'£j(1§1}§j(@j([6 21 J%I{HKLI’VE‘ 14~16,18,19,5]~60]|:P E]/‘J
AH 2 S50 1, {8 FH G 28 4T 37 48 #: (Recurrent All-
pairs Field Transforms, RAFT)V B £k A= i 1 % i & 1E
HARSB EE B R

FEVNZRRY B, B O >k A DAVIS16 A58 1 5
5 VR B OMAESR 7 5 4 3 BOAHE >k A DUTS I, o
DG, SAM SR TCH /R B2 38 11 7 2% > o o 1) 31
AR Bbr . 525 T DUTS B4 b Kl AN TR
) 1 B e LSRR 3 o I 2 54 s i R b 2 T T A A
TETCAE T 19 53 HIRS FEAPERE

2 L& B B AR AE I ] 4E B b 5E R DR 4 A i 2L
ok 5 A B 1 5 23 5 AR A AT 1 L5204 1Y 28
T, BT PR 12 Sl IR A . PRI, AR SO
BSHE 1 5 TR W (SR T B 1) B ML K P T8 0 T
e AR B TR ALz AR ) i L [
B 3 B PR A7 M ] — Bt . Pk e 150 T I 0 A T
(Adaptive moment estimation, Adam )% IR i 5,
IX107 IX107E V8 24T 55 % FH I IR 2 2] 3, 251
RIS UE, TEA SC R Z540 T, T DAL ORFR I ZRA s PR
[F] Fsf S B PR AR S . It B2 K/ )N batch-size 24 4, B 4 —
it VI ZRE s o B AL 4 5K S SEge i 251
Linux #4E R4t 32 GB AT .8 % 16 2L A2 17 i7-10700K
b HEE 5k RTX3090 %, 7155 48— % 4444 (Com-
pute Unified Device Architecture, CUDA) Wi A< 2 10.2,
Pytorch WA R 1.12.1.
4.2 SEIEXfEE
4.2.1 TEEXE

F1ME25)2¢ 7T AT 5 HET £ TAELE
DAVIS16 ., FBMS I YTOBJ - i) &5 % L 25 8L, ol UL,
AT ETE = A E 5 EA R &AL . BT
309 5] SR = )1 2% (Guided Slot Attention Network ,
GSANet) J5 i , 75 DAVIS16 B4 45 (1 T b b, A7
BARTE T 1.8%. [AI; , A SOk iz AR el o Hh
7E FBMS Al YTOBJ Bffa 4 v, A AFAERL 2L At T4
W5 AR SO RIS T e g R . BRI
£ FBMS Sl 45 1) THE bR L, A SO 380} 32 Bl e 10
(Temporal Motion Option, TMO) #£F+ T 3.3%; 7£ YTOBJ
B 4 1 48 b b A2 URRRE XT 5% W 2% (Hierarchical
Feature Alignment Network , HFAN) BT T 2.6%, 1
10 85 iy 6 25 1 MR IR B e R sk f . o,
EANGAN SN 1 I N QY AV o0 VR % s et
HE2 H =0 TAE.

TEF 1 AR 2 82 K (4 AR, D[R] 28 0 28 4= 1 2%
(CO-attention Siamese Network , COSNet) 735 J1 &I #j 4



o1 M R4S B SRR B T B S 2 ) TO M U E Ay 2313
F1 AXFEEERIIEEDAVISI6FI FBMS HiFE LM EE LW T L& R
Tk KA R DLRE | R FPS DAVISI6/% FBMS/%
Tul [ Ful | Gu] Tul Ful | Gul
PDBSY ECCV’2018 473 X 473 v 20.0 772 | 745 | 75.9 74.0 — —
AGS™ CVPR*2019 473 X 473 v 10.0 792 | 774 | 786 — — —
AGNN'! ICCV°2019 473 x 473 J 3.6 80.7 | 79.1 | 79.9 — — —
COSNet" CVPR’2019 473 x 473 J — 80.5 | 79.4 | 80.0 75.6 — —
AnDiff> CVPR’2019 — — 81.7 | 80.5 | 81.1 — — —
MATNet"! AAAT2020 | 473x473 | J 20.0 82.4 | 807 | 81.6 76.1 — —
GraphMem''® ECCV’2020 384 x 640 N 5.0 82.5 | 81.2 | 81.9 — — —
FSNet'™ 1CCV2021 352%x352 | v 12.5 834 | 83.1 | 833 — — | =
F2Net™ AAAT2021 473 x 473 10.0 83.1 | 84.4 | 83.7 71.5 — —
AMCNet™! 1CCV2021 384 x 384 N v 17.5 84.5 | 84.6 | 84.6 76.5 — —
TransportNet!™ 1CCV2021 512%512 N 12.5 84.5 | 850 | 84.8 78.7 — —
RTNet'” CVPR2021 | 384x672 | v — 85.6 | 847 | 852 — — | =
D2Conv3D" WACV’2022 | 480 x 854 45 85.5 | 86.5 | 86.0 — — —
HFAN' ECCV’2022 — N 11.0 86.0 | 87.3 | 86.7 76.1 755 | 758
PMN®H! WACV’2023 — N — 854 | 864 | 859 71.7 774 | 716
T™O?! WACV’2023 384 x 384 N — 85.6 | 86.6 | 86.1 79.9 82.7 | 81.3
GSANet™ CVPR*2024 512x512 N — 87.0 | 884 | 87.7 79.2 794 | 793
DPA CVPR*2024 352 x 352 N — 86.3 | 87.4 | 86.9 81.2 82.1 | 81.6
A )5k — 384 x 384 N 6.8 88.6 | 90.5 | 89.6 82.5 829 | 82.7
R2 AXFEEERIEEYTOBI HEE LHEELEII L4 A 1 %
ik KAL 5 il * At 4 4| 5 BEFE | kFE | Tyl | Ful | Gul
PDBEY 78.0 80.0 58.9 76.5 63.0 64.1 70.1 67.6 58.4 353 65.5 — —
AGS™ 87.7 76.7 72.2 78.6 69.2 64.6 73.3 64.4 62.1 48.2 69.7 — —
AGNN!! 81.1 75.9 70.7 78.1 67.9 69.7 77.4 67.3 68.3 47.8 70.8 — —
COSNet" 81.1 75.7 71.3 77.6 66.5 69.8 76.8 67.4 67.7 46.8 70.5 — —
MATNet"" 72.9 71.5 66.9 79.0 73.7 67.4 75.9 63.2 62.6 51.0 69.0 — —
GraphMem!"®! 86.1 75.7 68.6 82.4 65.9 70.5 77.1 72.2 63.8 478 71.4 — —
AMCNet®! 78.9 80.9 67.4 82.0 69.0 69.6 75.8 63.0 63.4 57.8 71.1 — —
RTNet™" 84.1 80.2 70.1 79.5 71.8 70.1 71.3 65.1 64.6 53.3 71.0 — —
HFAN' 84.7 80.0 72.0 76.1 76.0 71.2 76.9 71.0 64.3 61.4 73.4 72.8 73.1
PMNPH 86.6 85.8 66.7 713 75.4 69.1 75.1 66.5 58.4 56.9 71.8 70.8 71.3
T™MOP! 85.7 80.0 70.1 78.0 73.6 70.3 76.8 66.2 58.6 47.0 71.5 71.6 71.6
GSANet™ 86.0 80.9 73.2 77.9 73.1 70.8 75.6 63.0 63.0 57.1 72.1 70.6 71.3
DPAI! 87.5 85.6 70.1 77.7 81.2 69.0 77.8 61.9 62.1 553 73.7 74.0 73.9
ATy 88.2 81.7 73.9 83.2 713 70.1 78.4 66.8 63.1 70.3 75.3 74.7 75.0
% 2 (Attentive Graph Neural Network, AGNN) &&= K tion, DPA) 2 g R AN i sh{E B (B E It &R iz 5
142 (episodic Graph Memory , GraphMem) P 4% B 259" FEONE 3 245 A 5 ), SRy B TR S B B

ok = A R (Dynamic Dilated Conv3D, D2Conv3D ) 45 R
i R 2 245 8., 32 SRS A5 A 2 ot f] o3 [)
%F‘_\ﬂéﬁﬁ%% FEIE AR LT 8 3 5 2
PHINE AR 2 H bR 9T )RS o H, 3 B
PAFE 12 90 3 0. 2502 9 (5 B . a3 3l T R ) e e o 2%
(Motion-Attentive Transition Network , MATNet) . HFAN .

TMO . GSANet , X Ji& 2 1 & 77 (Dual Prototype Atten-

,D\E’Ji'%ﬁ_i BRI AR A PERE . DL 5 IR
PR R YU AL VLTS mG , SR, e AL 8h a2 8)
B S PR TE 757 oh, B A R RS R L IE . e, A
SCTT 1 DG 2 ) 1) 4 B 3 Bl 1 S e 0 i e FIAE
$e7s 78 SAMUH AL I I 55~ | FRAT HE O R A I 28
AL, MR AR RE T .

F 3P 7T SAM B A AR 5C TAR 5 AR SOk
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BT

2 E154 2025 4F

fE DAVIS17 (DAVIS 2017)" |- i 5 ik XF b 45 5L
DAVIS17 A4 F DAVISI6, B 1 £ H AR W7 51, 5
HPREE . A T T B Oy U 3 T 00 BT AL
TG W B A g H B 4y ) (Unsupervised Video Object seg-
mentation via Segment Anything Model, UVOSAM)"** FI
fRFERLA 73T (DEcoupled Video Analysis, DEVA)'®, 7
SCT5 R B 1 R R SRS L, A EE 2 R AR A Y
UVOSAM, A3CT7 AR GHabR Emth 7.7 N or s e

Hb, B AR L T2 B T AF SAM-Track (Segment Any-
thing Model for Tracking)'®' . SAM-PT (Segment Anything
Model with Point Tracking)**/F1 TAM (Tracking Anything
Module) ', A U7 IR M PR IR 4TSS . 814, T EE T
PERE SR LAY SAM-PT, A S A AE GHabr Bl 724 F
O3 X FET IR T A SCONEE B B 2 H b7 it , 3%
PSR . Horp 2000 20 DR AR AR
TERAR HE b5 b PEREHE A — A9 TAE .

F®3 BT SAMBEHIIMEXTIEEDAVIST EHERLWI L &R AL %
ik SAM-Track® SAM-PTH TAM®! UVOSAM™! DEVA™! ARSIk
Tl 75.3 76.5 69.8 755 — 85.9
Fl 83.1 82.3 76.4 82.0 — 87.4
Gul 792 79.4 73.1 78.9 734 86.6

ARICTTIEFEN IR T ARz sh AR F VR A,

REAL 15 B/ AT 5, DT DA RS B SR B A R $ R 28OR,

BT T $E 78 A RS Bk LAMET € 7 H AR, 9 BTt
B3 O # 6 SAM BEAT T 41X UVOSAT 45 FOTM . i 3
oA = A2 B 7 7 SAM-Track .SAM-PT F1 TAM 2
BEXT AT R R AT 55 $2 1, T SAM A B B2 7 El g
I, W SO I S 6 A A 43 A SR 4 b 56 HIE
THARIMERE  H X BT I AR L T T X UVOS (155
O P Dy 5L 2 3 R K B A TE MR O v
UVOSAM A DEVA, ¥ B T —A™ . 35 B AR R 45 >k
e 5 B, LR A 2R R SAM #47438,
Wb 5 2 1 0 B PR RE AR T (0 25 ARG U0 19X 6% 1 A A
P T 25 E R AGI  28 ZEAS I IS, 55 % 1 AR
iz g5 B TR Y AR 3 B s R R T S o
EAER B AR . R, A SCE R SAM HEAT T — R A1 BT,
o AR L SAM G (A 5C TAE R PRS2

FH & 6 F1 3% 4 v A1l L Rk 1 b BR 6 S 2
PR T HE AT RE AL 1 K15 5, BB AU X T ¢ N 45 idF
AT E AL AN 43 . T A A R 10~16 405 1956 TEAE e
i S MER AR R H bR (2022 4 kLR iR ), 3]

St FIR6FER

ML

drift-chicane

parkour

breakdance

T T ARAT B AR B 5 A1 3 BURSOR, , FE 45 PR RESR AR |
WA A 25 W AR SCE$E H O T AN J2 HH 0 a5
VE R HE7R A B EULAY E T FE . Her i A
RRAEAHR AR bR M RE R A .

F4 SBESSBEI0~16 ERIERLTIETIERP NN EE R

K6 L3R 6 5 LHR 10~ 16 FIEAE AL TG X5 F4h

B %
DAVIS16 FBMS YTOBJ
BRI | Ty | Far | G | Taa | Faa| Gou | Tu | Fau | Gma
1 1 1 1 1 1 7 1 1
HBE6 | 87.9]89.6 | 88.8|81.8(82.2(82.0|74.6|73.9|743
HHE 10~
6 88.6 | 90.5|89.6 | 82.5 | 82.9 | 82.7 | 75.3 | 74.7 | 75.0
x5 HLR5EOCERRTIEFREMNEREEXE HI7:%
DAVIS16 FBMS YTOBJ
PRI T | Fau | Gua | T | Fau | G | Ta | Faa | G
1 1 i 1 1 T 1 1 T
i | 86.1 | 88.3 | 87.2| 80.6 | 80.8 | 80.7 | 73.3 | 72.5 | 72.9
FO A | 88.6 | 90.5 | 89.6 | 82.5 | 82.9 | 82.7 | 75.3 | 74.7 | 75.0
HIR6 FI R HIR10~16827R A IE10~164) F 45 F

S X LR
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AR BB R T | 5 PR R ) TG B U H B 2315

G, N T RUERE L 1 280w g Ak, I
O3 AT T 5 2853 Bk BB B2 ), AR SCHEAT T U S
Brac s, BRI R 6 i . e PR A BN AR B RT3
™, 43 & B #e 10.05,0.1,0.12,0.14,0.15,0.16,0.18,
0.2,0.25] PEATSCHS . SCI0 45 B . 7E 0 UELAE 0.12~
0.18 i}, BRI RIS AE , B N IR S o1
FHIE (410.05) B4k /5 (411 0.25) I, 43 #10K5 B2 B 5 T W
LR 75 RS RS R AR SR R 0=0.15 1B M BRI
BN BRE LR TR, tnEk 6 Rt
TR .
4.2.2 EMHLIG

7 A SC)5 ¥ AE DAVIS 3048 % | 119 libby | kite-
surf , dance-twirl , dogs-jump 5§ 8 375t 1% LE AL A [~ AY
AT s A . P B ARIEE R (libby (kite-surf) |
‘H%ii*gfﬂ(libby\kite-surf\drift-chicane \horsejump-high) N
542 4% (libby . dance-twirl ) % Z F Bk PE 7 5 . A SC
Tk oy FIERE R I @ S G Ab o EORS B L 7
dance-twirl 5 &, 15 503 Kam WA, A S AT RE
A3 EN TS R A SR AN 32T S T 5 7E kite-
surf 50 IR A6 2 S5 82 Hh B iR AR 4 i Eu g/ A

®o6 HE DS IBEMEREMNEEXE HA.%
DAVIS16 FBMS YTOBJ
T | Faa | G | T | Faa | G | Ta | Faa | G
1 1 1 1 1 Tt 1 1
0.25| 852 | 873|863 | 79.6 | 79.8 | 79.7 | 72.8 | 72.2 | 72.5
0.20 | 86.8 | 88.5 | 87.7 | 80.1 | 80.5 | 80.3 | 73.1 | 72.9 | 73.0
0.18 | 88.1 | 89.8 | 89.0 | 81.7 | 81.9 | 81.8 | 74.1 | 73.7 | 73.9
0.16 | 88.2 | 90.0 | 89.1 | 82.0 | 82.3 | 82.2 | 745 | 74.1 | 74.3
0.15 | 88.6 | 90.5 | 89.6 | 82.5 | 829 | 82.7 | 753 | 74.7 | 75.0
0.14 | 88.3 1 90.2 | 89.3 | 82.2 | 82.3 | 823 | 74.8 | 74.2 | 745
0.12 | 88.0 | 90.1 | 89.1 | 81.8 | 81.8 | 81.8 | 74.5 | 73.8 | 74.2
0.10 | 87.8 | 89.7 | 88.8 | 81.1 | 81.3 | 81.2 | 73.9 | 73.1 | 73.5
0.05 | 82.3 | 85.0 | 83.7 | 785 | 78.8 | 78.7 | 70.2 | 69.9 | 70.1

SCT7 AT RE A AR I v ] R A O3 5 7
libby 375 T B/ NHAT R4 5080 20 B RO AR 225
BRI s 75 goat i T 4 1L = I J FEIER ST A (LR AL 5
7E drift-chicane 37557 T i B 42 B¢ I (1 FUBR 2006 H AR I I
T, B XX Ll B PR A 5 AR SO A REAT AL
SEMRPRAR , SEIRE 0 73] . DL b e PR SR 25 R 5 4 UE W]
TARSOTIEAER R Iy 5 b A R

G5

libby

kite-surf

drift-chicane  dance-twirl

pigs horsejump-high goat

dogs-jump

7 ARSCITEAE DAVIS Bl fE B 5T B2 BIBOR
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2 E154 2025 4F

K 8 e /n T A7 ik 5 HoAl e T A 7E DAVIS16
B b e VS L SR . Rl UL, A X L T AR
AEZ> I A B AR, AELEE 7 MR B A HIRS FE 1 AR
SNTERIEAL . 7E breakdance Fl1 parkour%?;? /i
FETHAETENR S T4, (] AN 8535 75 J5 A WL AR | RS 35 76 K
FRRE T B B 52 3 26 40 S BOH 0T L AR 351 6
B 5 IK . 7F bmx-trees \libby F1 kite-surf 37 5t 77, 1715

kite-surf

parkour
1

libby

M

i
L

|
!

T™O PMN HFAN FLHET Hi

GSANet

DPA

\ |

AR5

8 ARk S HAWSEHE TAETE DAVIS16 8R4 I iy vk /#1451

K9 o A SC T ik 5 H A A $F T4 78 FBMS Al
YTOBJ I (A€ PESLEG X FL 45 5 . FBMS F YTOBJ 7746 K
G T 2 AN HER ) 350, WE 9 H i 8 M5
XF B AT UL, AR S A D A A 2 BN HE A Y 1 10
T ABEUS T BCAAEHER E)

MNP 8 FTEL O fR % bl il 21, HLAt T AR %) 4351 45
HAFEBUSING AR SO IR BN R A IR R fE T+, 3
b TAE 7 %% 4R DT I SR W &5 32 BG4, 2SOk
it 0 S P I 3K el 4% 42 DG TE 5 S K 9 o
DX 35 50 ), i RS B G . AR SOy 1A 25 T SAM X 4
ANV L PN B E bR B AT SCRE A B RS R . IR 10 4
BN T AEHE RV BN, SAM REA% JE 47K B A0 1 SC B
fife , WEBH 2 AL 2 B bR AR, IR B AR 59 5t IX 0 IF
Ko, ANZTE SR T . B, SAM AR i v E B )
I RESEAT R R B AR FI TS 5t X0 T . fE R L EL,
R S R 55 22 GURAE BEA T R e A Ak 20 ), AT
IR L F HARA B, 20675 Sclms 0 T4, ket T

EIEN

PR AR AT T A A RN VERAT RS AE T /N TR
AEFHAE T IR AR . 380 AR A ERAT 5 e L 2081
FUBRA— A8 23, TSR 1 B 2470 HIRE BE , T oAt 1A
ARBEFI R AL S 89 0P R AR . E blackswan 375 T, K
TG R AT — 4 1 (0 B 5 R AR AT B S D) (U
B R TR HAn . SRR R, BrAS SC T
EZ 0 HA TARR RIS o5

bmx-trees soapbo} drift-chicane b swan
E e m——
——

XY
| - |3
o | - |3
| - =
foe | - | =3
S | - [
e |~ =
e | - =)

>
e

=4

R B

4N, i SAM fai 0 R 7 1 B P e R AR ALy
BB Z 90 e it R fb 4 B . s 2y 0 v b
DK I 1 — SO BE Rk, A 23 , AR 2
Fo (1) 28 A0 73 3 0 R AR B T 5 3 118 IX Sl e 2 2 1
HAE 5| S Z YA IE R AT HARAS B, M K >
TR S A ST 5 (2) ZRAFE P AR Z R R
PR /IN AR BT HARBI IS AN (CANSCP R ) | 1
IR RAZ B, 25 B B AR AR B 18 SUE B (n B AR
FEAR KN 5 (3) R LA RS B o G ) #8254
BT ER 22 BRERGAE 122 B 2 M0 G i1 5 %2 1 Xl
A, G B — N AR S B A T AR 2 R 5 (4) 9512k
BRSO 5 S A AR PR 38 X 358 4 1 10— 80, 58 30 % G
Ak .

XHFRIE H AR, Y88 (5 BAE 55 HA28 shiif i,
SAM L AEFS 2 M (A B B AR . TR, % TR H A
U AR AR HE AN A 3 k3 40, (0 B Bhas Bl B



507 W L e S APl NG| B E B A 2 o ot ey = YRR 2 2317

FBMS
rabbits03 goats01
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