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Combining dilated convolution and multiscale fusion
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Abstract: Objective Spatial-temporal action detection (STAD) represents a significant challenge in the field of video
understanding. The objective is to identify the temporal and spatial localization of actions occurring in a video and catego-
rize related action classes. The majority of existing methods rely on the backbone for the feature modeling of video clips,
which captures only local features and ignores the global contextual information of the interaction with the actors. The
results are represented by a model that cannot fully comprehend the nuances of the entire scene. The current mainstream
methods for real-time STAD tasks are dual-siream network-based methods. However, a simple channel-by-channel connec-
tion is typically employed to handle dual-branch network fusion, which results in a significant redundancy of the fused fea-
tures and certain semantic differences in the branch features. This scheme affects the accuracy of the model. Here, an effi-

cient STAD model called the efficient action detector (EAD) , which can address the shortcomings of current methods, is
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proposed. Method The EAD model consists of three key components: the 2D branch, the 3D branch, and the fusion head.
Among them, the 2D branch consists of a pretrained 2D backbone network , feature pyramid, and decoupling head ; the 3D
branch consists of a 3D backbone network and augmentation module; and the fusion head consists of a multiscale feature
fusion unit (MSFFU) and a prediction head. First, key frames are extracted from the video clips and fed into the pretrained
2D branch backbone (YOLOv7) to detect the actors in the scene and obtain spatially decoupled features, which are classifi-
cation features and localization features. Video spatial-temporal features are extracted from video clips via a pretrained
lightweight video backbone network (Shufflenetv2). Second, the lightweight spatial dilated augmented module (LSDAM )
uses the grouping idea to address spatial-temporal features, which serves to save resources. LSDAM consists of a dilated
module (DM) and a spatial augmented module (SAM). The DM employs dilatation convolution with different dilation
rates, which fully aggregates contextual feature information and reduces the loss of spatial resolution. The SAM takes the
key information in the global features captured via the DM to focus and enhance the expression of the target features. The
LSDAM receives the spatial-temporal features and sends them first to the DM to expand the sensory field, then subse-
quently to the SAM to extract the key information, and finally to the global, low-noise contextual information. Then, the
enhanced features are dimensionally aligned with the spatially separated features and fed into the MSFFU for feature
fusion. The MSFFU module refines the feature information via multiscale fusion and reduces the redundancy of the fused
features, which enables the model to better understand the information in the whole scene. The MSFFU performs multiple
levels of feature extraction for the double-branching features by utilizing different DO-Conv structures, and the individual
MSFFU uses different DO-Conv structures to extract features from the dual-branch features at multiple levels, integrates
each branch via element-by-element multiplication or addition, and then filters the irrelevant information in the features via
a convolution operation. DO-Conv can accelerate the convergence of the network and improve the generalizability of the
model, thereby improving the training speed of the model. Finally, the features at different levels are fed into the anchor-
less frame-based prediction head for STAD. Result Comparative detection results between EAD and existing algorithms
were analyzed for the public datasets UCF101-24 and atomic visual actions (AVA) version 2. 2. For the UCF101-24 data-
set, frame-mAP, video-mAP, frame per second (FPS), GFLOPs, and Params are used as evaluation metrics to assess the
accuracy and spatial-temporal complexity of the model. For the AVA dataset, frame-mAP and GFLOPs are used as evalua-
tion metrics. In this work, ablation experiments on the EAD model are performed on the UCF101-24 dataset. The frame-
mAP is 79. 52%, and the video-mAP is 49. 29% after the addition of the MSFFU, which are improvements of 0. 41% and
0. 14%, respectively, from the baseline. The frame-mAP is 80. 96%, and the video-mAP is 49. 72% after the addition of
the LSDAM, which are improvements of 1. 85% and 0. 57%, respectively, from the baseline. The final model of the EAD
frame-mAP is 80. 93%, the video-mAP is 50. 41%, the FPS is 53 f/s, the number of GFLOPs is 2. 77, and the number of
parameters is 10. 92 M, which are improvements of 1. 82% and 1. 26%, respectively, compared with the baseline frame-
averaged accuracy and video-averaged accuracy. The leakage and misdetection phenomenon of the baseline method also
improved. In addition, EAD is compared with existing real-time STAD algorithms, in which the frame-mAP is improved by
0.53% and 0.43%, and the GFLOPs are reduced by 40.93 and 0. 13 compared with those of YOWO and YOWOv2,
respectively. On the AVA dataset, the frame-mAP and GFLOPs reach 13. 74% and 2. 77, respectively, for an input frame
count of 16; moreover, the frame-mAP and GFLOPs reach 15.92% and 4. 4%, respectively, for an input frame count of
32. Compared with other mainstream methods, EAD uses a lighter backbone network to achieve lower computational costs
while achieving impressive results. Conclusion This study proposes an STAD model called EAD, which is based on a two-
stream network, to address the problems of missing global contextual information about actors’ interactions and the poor
characterization of fused features. The results of the experimental results of the proposed model on the UCF101-24 and
AVA datasets verify its robustness and effectiveness in STAD tasks by comparing it with the baseline and current main-
stream methods. The proposed model can also be applied to the fields of intelligent monitoring, automatic driving, intelli-
gent medical care, and other fields.

Key words: deep learning; spatial-temporal action detection (STAD) ; two-branch network; dilated augmented module

(DAM) ; multi-scale fusion
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PR 445043 2K«
DAL

A=1-2x sinz(arcsin(%) U

7) (9)

0 S HLSEHE S PRNAE hO S R 22, 0
SCHE 55 FENAE P R AR

2) B e
A=Dl1-er (10)
b — b, b — b,
p.=(—=), p,=(—), y=2-A
Ci2 Cho

A, (02, 02) J FLHERY hb AR (b, b, ) S T
HERY L AR, ¢, € 23 ) DAy L SEHE 1IN AE S5 /)
IMEFETE Y TN o
3)I AR R
0= 1-e"y (11)

|h = h*|
max (h, h*)
A, w0, b F w0, R 43 ) A T HE 1 EC SEHE (1) FE AN
1o O T T T AR I ) S AR BE

|w - wg'|
w _— ——————————
" max (w, w)’

4)ToU P12k
jou = |1BNB7] (12)
|B U B
U, B AT BCT 43 5 Ay TN AE A1 SEHE
SToU it 2k PREN IR X M 5248 E LUK
L=1—IoU+A;Q (13)

2 3§

2.1 BUREMITMIEER

AR FEAE UCF101-24 FI AVA Bdi 4 [ FAY
EAD#i#] . UCF101-24 j& UCF101 (Soomro %5 ,2012)
) —AF 4 o & 24 SR I, 3 2L 28 510
TR EE, BIEAE S 8 BRI, 213 2074
P, P2 HE T AH R A I 28 TR

AVA (Gu 5 ,2018) Fdi B 61 7 80 A4~ it + # 3
AE, 1 YouTube H S8 1Y 430 S AT ZH A, Hovp
YIGRFEA 2351, WA & 64 4, ML
1314 SHAEARZEAEIX 4301 15 min BORELS - BE
AT T AR FRTE , 2R B A 23 ] b #2 R i

Xt T UCF101-24 B ds 45, AR SCR T frame-
mAP | video-mAP | I # & (frame per second, FPS) |
GFLOPs (giga floating-point operations per second ) Fll
Params 7E R PEAT 6 A5 , LPTAG AR Y (0 v 6 B2 AN s 25
SEORPE RS 1 IRR 3y B AT A 92 . oA, %0 1
AVA BE4E | L) frame-mAP Fl GFLOPs 75 2 WA 48
B, Bk EAD B9 A RO FIZ AR A 41 AVA 4
2. 2 AR
2.2 KHAET

DETRZ . Sy 1 ZRmg ), A SR H
YOLOv7 (you only look once version 7) Flfif kil Sk HE Z2
YE R B skl 5= 1, 3F 18 ] ShuffleNetv2-2. Ox (Ma
%, 2018)FE 2 3D P . SRR A 3D CNN i
PRSI, LA R A T8

2)YNZRANTY o A SCHARE Y L T PR JBE 5 S FE AL
PyTorchl. 10. 0 Al CUDA11.3 &8 & , Ff A 52 & 7F
NVIDIA Geforce GTX 4080(16 GB) I 5¢ i, 7%
FH AdamW fL AL &5 DA I 25, 90 46 27 2] R E
0. 000 1, AF LU N 0. 005, Hb ik /N E Hy 8, IR
FHBRJEE SRS (45 16 U AUIIA T — IR AB HE T )
TERT 500 RIEACH R HAAMEFHENS . ££ UCF101-
244 5E FUINZRT A epoch, JF 43 IFESS 2.3 4 5 Al
6 YK 25 2] Pk o 7 AVA B IR 9 A
epoch, 715 7E 3 .4 .5 Fl1 6 1> epoch 1427 ) I .

B)HERRANY o A SCIERY ) H ARSI 73 3 i A
AL, DA 23 S AR 16 T RGB ot , AL A3 it
RN R 224 x 2248 3% . TEMERd R, HAR 32
T 43S0 BUE R 3, LSDAM H A4 g BUE A 8,
Ik I I RT dim 2 64, 351 5% - N1 A B
5,0 EHBEE 4, B ES KT 0.5 K
DIAE
2.3 HBRSELE

ARICAE UCF101-24 i 4 L ab AT 1 PRA0 A I
Sy, AT ST R AN ] J80 o 6] T AR R Y 520
SCH Y R AL E T 25 (YOLOVT + decoupled
head, ShuffleNetv2 ) F1 5.2 () S 7E /S8 4L
2.3.1  HEURGSHY I RS

AT 53 BT EAD H £ A2 LR 43 %o B AR PE R Y
s, 5 R 1 s . EAD K H ShuffleNetv2 {4
FETRZ, USSR RSB0 A s A,
FZIE AN ShuffleNetv2 4 Bf J& T2 R 9 M 2% . %
Xof Bk G IO 250 THRFAE B R T AN I L AR SO At
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T LSDAM B, 2R FH 43 21 S0 A o A1 384 i B e 1) 3
S [A) I A Y SR A 8 T 2R E R T T
R ARY B RGN A B . 5 R 45 R T, GFLOPs Al
Params 34 11 T 0. 03 A1 0. 51 M, frame-mAP #il video-
mAP £ T+ T 1.85% £10.57%. Z5 R F W, fin A
LSDAM #5E B 45 1 A5 R (18 A6 1000 o 1 %6, [) Asf oK
PRI 2 W TR S B, R AR AR G T SR S e
BN WA AE I SRR R i A Tt
7 MSFFU B, 3 SR B0 8 HRRIE flS 7 ik
BB, K i 2 B DO-Conv 450 58 45115 B, 12
FHAS Y A I SRS . B A MSFFU B3t , GFLOPs
H1 Params 73 %I &A% T 0. 06 1 0. 18 M, frame-mAP
Al video-mAP 43 5l #2 T+ T 0. 41% F1 0. 14%. 25 5%
F U, MSFFU < B A e L 28 1 i & 07 Xk — 254
27 VTSGR () SRS 0 o A R A AT TR T . B

2R ) frame-mAP Fl video-mAP 43 5l $ T+ T
1. 82% Fll 1.26% , Jo ik 1 A SCAL R B2 1 1 R 1k 2
FRUBE Bl 5 A H R % £ G0 I 25 SRR AR 1 s B B 2 R
B

[F] A, A SN HE T B4k F EAD 7E UCF101-24 %%
P e th &K WY frame-mAP, {1 & 6 It 7R, A< SCHEE A
1E Basketball , GlofSwing , IceDancing F1 RopeClimbing
LA VRN FAR R AR T IR EAD 38 i 1
SREFIER )R R SOF R A T A BT SUFE R,
HE—2IFSE T EAD R A A 250k
2.3.2  LSDAM A I 5L 55

HIE LSDAM BB 1) A B 54 850, 43
S SAM | B 1] 34 58 A5 B (temporal augmented mod-
ule, TAM) Fll DM 4 BUAN R A 206, SEAT I LS 36 , 25
WRMFE 2R (29 S T D 75l 3 7m SAM AR B |

&1 FEUCF101-24 $i#E & _FIRE EAD R EG T A H BRAA 5%
Table 1 Ablation study exploring EAD model design on the UCF101-24 dataset

ik frame-mAP/% video-mAP/% GFLOPs Params/M
Hotg 79.11 49.15 2.74 10.41
H4 + MSFFU 79.52(+0.41) 49.29(+0.14) 2.68 10.23
Hk + LSDAM 80.96(+1.85) 49.72(+0.57) 2.77 10.92
H4 + MSFFU + LSDAM 80.93(+1.82) 50.41(+1.26) 277 10.92
L FAR IR frame-m AP Fl video-m AP AR A5 T, 365 PN /s B B e () v E$2 7T -
100 [ ==& HE
901
801
701
X 4
£ 60
<
£ 50
£
£ 40+
301
201
10
0 T T T T T r T T T T T T T T T
SN 000D DS 0D RS 25 D DD DL
P S S S ST s F eSS
FFIVESVESFEFFTEISTTS T "FFT S AL
& S LR &I TLO TR 3 SEEEN
F OF gV 4 S5 Ss
; S S
Q;? & Q’\§ 7 & & &Q° Q\\“"&@*’
&@. Py

K6 7EUCF101-24 %di 4 E) frame-mAP
Fig. 6 Frame-mAP on the UCF101-24 dataset
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TAMBEH N DM A5 H)

%2 TEUCF101-24 ##E S _F LSDAM K3 RERA 5T
Table 2 Ablation studies of LSDAM on the
UCF101-24 dataset
1%

S T D frame-mAP  video-mAP
- - - 79.11 49.15
N - - 80.11 49.04
- N - 80.95 49.70
N N - 80.03 49.77
N N N 80.66 49.60
N - N 80.96 49.72

LT AR 2R 2 I e g SR N R e L - Feom ok
HEH .

SAM FI TAM Fp o fiy 75 B[] 25 8] 48 B2 1
TPRRHE AR, Y REE T frame-m AP il video-mAP.,  fij
454 SAM FITAM 25 A BT T B, 322 i R R A
Hh )RR 2 T 19 245 R P 5 0 78 4 BRMp 28 1) 2% Shaf-
fleNet, 55 ResNet . SlowFast W 840 Lt , 457 1F Z AL HE
A, G Z R IERIRERS 2 7 AR R IE U AR, 3K
BRI BE T . 5602 SAM . TAM Al DM (1) 45 51 5
W AFT 45 JL AL, frame-mAP 2 TF T 0. 63%., 4
SAM 5 DM (1) & 4 3K 30 5% 1£ , frame-mAP FI video-
mAP 43 53K ] T 80. 96% H149. 72%, A LI &%
JHDM 5 SAM R 5 1 ) A T LSDAM ARk
2.3.3  MSFFUREH Y I fil 55 5

B UE MSFFU RSB T4 %50, AT AN
I fl 5 7 2R T Al S B, 4 SR N ER 3 TR . AR
(Y 28 SR Concat FRIE RS /715 . 5 Concat # 1L,

Sum TEXG R Al A FRAEE BEXT SF it B b 5 RRAER
i fifi 42 780 B R % o iAFF (iterative attentional fea-
ture fusion) (Dai %5, 2021) A FH 14 5 S L] R REAE 5
BCA L , o/l G B )8 SO RUBE I ARAE . 1T
IAFF 5 25 1) SR A6 fif HAE R AY vh iy I, 25 5 32 3 ik
AR, TR A E . MSFFU #5
FELRER D i S BT R (9 R B A frame-m AP 42 FF
T0.41%,video-mAPHEFF T 0. 14%.

%3 7EUCF101-24 ##E % _E MSFFU K38 BRI 53
Table 3 Ablation studies of MSFFU on the
UCF101-24 dataset
/%

i frame-mAP video-mAP
Concat 79.11 49.15
Sum 77.61 48.93
iAFF 78.90 49.27
MSFFU (A 3C) 79.52 49.29

T L P SRR 5 8 B A2 2R

2.4 IftEXLE
2.4.1 UCF101-24 a5 b H9XS LLSL s

ASORE EAD 73 51 55 S SRR I | s SRR
T H S 3 (5 AE UCF101-24 R 48 1 3fF AT 25 3
VERCI PR REXS e, 7ER 4, 41 T EAD 5 A 52
A7 A K 7 25 ACT (action tubelet detector) \MOC
(movingcenter detector) . SAMOC (self-attention mov-
ingcenter detector) , YOWO (you only watch once) Fll
YOWOv2(you only watch once v2)Z£7E UCF101-24 %
P g L RUXT HLEE R . BUA SERAT M AGIN JT i R 22k
FH % 38 1 45 AU 2 M 25, 40 VGG (Visual Geometry

®4 FEUCF101-24 #iE & £ 5 H A STRT AR 2B LL B
Table 4 Comparison with other real-time action detectors on the UCF101-24 dataset

Iy ik K FF frame-mAP/%  video-mAP/% FPS/(Mi/s) GFLOPs Params/M
ACT(Kalogeiton % ,2017) 6 VGG 67.1 51.4 25 - -
MOC (Li %:,2020) 7 DLA-34 78.0 53.8 53 - -
SAMOC(Ma%,2021) 5 DLA-34 79.3 52.5 40 - -
YOWO (Kopiikli 45 ,2019) 16 3D-ResNeXi-101 80.4 48.8 34 437 121.4
YOWOv2-T( Yang %% ,2023) 16 3D-ShuffleNetv2-1.0x 80.5 51.3 50 2.9 10.9
EAD(A30) 16 3D-ShuffleNetv2-2.0x 80.93 50.41 53 2.77 10.92

T KF R RN, P A R ERTE Kineties-400 F#ET T HUIZ: ., ML AR TR BRI 48T, =" FoR B SCR 4 1 B0E
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Group) .ResNet (residual networks) . ResNeXt(residual
networks with next generation) %5 , ‘& 1A S 80 i AR 4¢
KNI BON ZH B % . EAD fii ] ShuffleNetv2
VE Ry F2 1 2%, 1) S8 i B 28 I 28 RT3 AR AT
SRR O0 R, S B N AL SRR . EAD 1E
G 1 B P 22 [ IR T B4 P-4, HEFPS i
2T 53 1i/s, frame-mAP #1 GFLOPs Y35 8| T Al 2%
H. 5 YOWOv2H L ,EAD Al YOWOv2 K FHAH A (1
ShuffleNetv2 F= 1, {0 AR SCH UG I J32 A1 59 i B
%o EZIEPE YOWOv2 ) FI3% 58 8 % H2 9 A
I IE T ASE BRI SRR AR Bl 3 3 i
J5 RO ARRAE 2 B R 36 R S 18 38 T 2 ) AR AL
I 2377 A B AR TG A 8 T 532 Wi A 2R A 00k
EAD £ 55 5 38 A Rl 13 T SR BB A T MSFFU

AR, o0 bR 19X 4 AC SI0REE B2 O B8 e A B0 )2 Ak g 0, )
B4R T LSDAM AR 7= Ax [ 2 506 455 70 3 38 114) 52
Wi, 20 BT T AR () R, B S T
(ARSI 7 A 5 [ A0 3 A5 3 2 7

5 JEIR T EAD 5 5 #F 0 B s R I AR vk AR
UCF101-24 50454 Ao xt L85 5. 26T 2D CNN Jf
VE | AR 8 18 I BEARKL DU 2K 5 . %6 3D CNN Jr ik
S B AP PERE Y 32 i DR T I 28 5 KR AR 2
BERE ST o SR, BE T UL W 45 1) O vkl ] A 5 0k
F-3D CNN B J7 32 A 3 0 4G I o A B [ B B2 AIG T
WAL 4 E . EAD LAE /DIt B S B T
AR PERE , frame-mAP 35 %] T 80. 93%, video-mAP
IKFN T 50. 41%.

&5 FUCF101-24HiE& E SRR LR
Table 5 Comparison with state-of-the-art on the UCF101-24 dataset

1%

Tk RGBT SEREE  frame-mAP video-mAP
T-CNN(Hou % ,2017) N - 414 -
13D(Gu%,2018) N N 76.3 59.9
3D ACAR(Pan%,2021) N - 82.4 -
Tuber(Zhao % ,2022) N - 83.2 58.4
STMixer( Wu % ,2023) N - 83.7 -
ACT(Kalogeiton % ,2017) N N 67.1 51.4
TACNet(Song % ,2019) N N 72.1 54.4
MOC(Li%,2020) N - 73.1 51.0
20 MOC(Li % ,2020) N N 78.0 53.8
SAMOC(Ma%5,2021) N - 74.2 49.8
SAMOC(Ma%,2021) N N 79.3 525
YOWO(Kopiiklii % ,2019) N - 80.4 48.8
Two-stream YOWOv2-T(Yang % ,2023) N - 80.5 51.3
EAD(A30) N - 80.93 50.41

T R R s AN [ D5 3 B R PR AE S =" R JEUSOR 4 B

AN AR SO IR T REAE UCK101-24 13848 I
() — BRI 25 1, AN 7 s . ST 151k
JE LR AT, 555 2 3] hy SELRABT AL (1 A 45 5%, 565 3 81
ARSI RN 25 5 o A2 B 2SR ] v, 2k
PR AN AR 51 = 90 445 TG 72k 4 T % 18 3 55 v 1) 52 AR
BB A 25 AR IR R K I 5 . AR SCHIF
FEXTBIVER 4 R A8 B AR B AT T 1G5, (3 2

SLH R, 5 AP 1 MSFFU R4 9 45 43 S 15 8.
5 B TR B G b B R I B b {5 B SR o
T A B A R O
2.4.2  AVAEESE LA HSC 5

AVA B G 2 — B PR R B 45, JL
Y5 B A, IF HARA sh VR LR bt T 241
B BT, B EN R 2B T AR T 3D
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K7 UCF101-24 MR ) nT AL 4S
Fig. 7 Visualization results of the UCF101-24 test set( (a)basketball ; (b)skateborading )

CNN k. FR6 /R T 5T 3D CNNI Tk, LA
3T RO 25 10 5 U 7E AV A BUi 48 b st e 45
o T 3D CNN 7 LR 5 KA I 25 shVE R
TP R, (LA 50 oo W o) ) 5 2 B, e DAt A S )
Rl . 53T 3D CNN [ 5 A1 Eb , 35 T 0L M 4%
() EAD J7 36 MG AR A T AR NS B T B 2

To P IR PERE . EAD THEBUAAIR Y 38 R R R
H ShuffleNetv2+YOLOvV7 fEN ET M4 . BT AVA
G PAREAT AR B 2t EAD 78 5 HoAlh
S 1E 00 B VAR S AR RS G 0 o B A — 2
ZH. 5YOWO.YOWOv2HH L, EAD SR 3 i
o B U /S (3¢5 = 7o NP 4 G R 2= o £

F6 FEAVAKIESE LSHEMHEABLLE

Table 6 Comparison with state-of-the-art on AVA dataset

Ik Ean HiA frame-mAP/% GFLOPs
13D(Gu%,2018) 13D-VGG 32%x2 14.5 -
SlowFast(Feichtenhofer %,2019) SlowFast-R50 16 %2 242 308
X3D-XL(Feichtenhofer,2020) X3D-XL 16 x5 26.1 290
WOO(Chen%,2021) SlowFast-R101 8 x4 283 252
ACRN(Sun%%,2018) S3D 8x8 17.4 -
ACAR(Pan%§,2021) SlowFast-R101 8x8 333 -
Tuber(Zhao % ,2022) I3D-ResNet50 16 x 4 26.1 132
Tuber(Zhao % ,2022) 13D-ResNet 101 16 x 4 28.6 246
Tuber*(Zhao % ,2022) CSN-152 322 31.7 120
SE-STAD(Sui%%,2023) SlowFast-R101 8 x4 29.3 165
STMixer( Wu %,2023) SlowFast-R101 32%x2 30.1 -
YOWO (Kopiiklii % ,2019) 3D-ResNeXt-101 + Darknet-19 16 x 4 17.9 44
YOWO(Kopiiklii %,2019) 3D-ResNeXt-101 + Darknet-19 32%x 4 19.1 82
YOWOv2-T(Yang Fl Dai, 2023 ) 3D-ShuffleNetv2-1.0x + YOLOv7 16 x 4 14.9 2.9
YOWOv2-T(Yang # Dai, 2023) 3D-ShuffleNetv2-1.0x + YOLOv7 32 x4 15.6 4.5
EAD(A3C) 3D-ShuffleNetv2-2.0x + YOLOv7 16 x 4 13.74 2.77
EAD(A ) 3D-ShuffleNetv2-2.0x + YOLOv7 32 x4 15.92 4.4

1 :frame-mAP 75 ToU 2 0. 5 YW BIfErf i, JIr A RIS AE Kineties-400 F#FAT T TYIZR. M FIRFIR &) g R -7

R JFCA A B
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FAEAH AR BE ) A 2 I )0, 4 2 LSDAM AR, 75 fi
R AR AR T4 1 [ R U T mT ORI 25 21, S B
B AT R s

I8 /R T AVA DUIRAE H s 4041 v G B it 1Y
Kzt S o 565 130 A A B A - B A Sk A
Wi, 555 2 51 SR R AR v A e BE ) AR s 1) %

5S¢ FARER UL, 5 3 81 S AR SORE SRS T IR AS 7S 491 )
SVERIN AR o A SORBERSER 5 o7 Hh AT B i
AATEhE RIS AT s A A fag Ll A . H
Xt 52 2R 58 LB B BT A T A — 2 R 22 , R T
Fr BErp s 18] 52 B B @A AR A AL, AR SRORE R I —

K18 AVATIRAE T ML fL4S
Fig. 8 Visualization results of the AVA test set
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