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Graph Convolution with Multi-Scale Attention
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(1. School of Data Science, Qingdao Huanghai University, Qingdao 266427, China;
2. College of Computer Science and Technology, China University of Petroleum (East China) , Qingdao 266580, China)

Abstract; In the remote sensing image classification task, considering that the traditional convolution filter is
limited in the receptive domain, it cannot effectively capture the rich detailed information of the ground objects.
At the same time, it is to strengthen the multi-scale spatio-temporal interaction between the pixels in the
neighborhood. A hyperspectral image classification method based on Multi-scale Attention Aggregation
Convolution ( MAtt-AGCN) is proposed. First, in order to enhance the space-time representation ability of the
ground objects in remote sensing images, topological maps of different scales are constructed to realize the
modeling of space-time information. Secondly, the graph convolutional neural network is used to strengthen the
interaction between adjacent nodes and improve the convergence and transmission of spatiotemporal information ;
at the same time, the self-attention guidance layer is used to adaptively refine multi-scale information to capture
spatiotemporal information in the channel and the correlation and location information. In addition, the norm of

the feature difference between adjacent nodes is the edge weight between nodes, and the transmission of
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information between layers adopts a dynamic aggregation method. Experimental results show that the overall
classification accuracy (OA), average classification accuracy ( AA) and Kappa coefficient ( Kappa) of the
proposed classification framework on the Indian Pines baseline data set are (99.80+0.15)% and (98.30+
1.28)%, and (99.77+0.17) %, respectively.

Keywords: remote sensing image classification; Multi-scale Attention Aggregation Convolution ( MAit-AGCN)

Graph Convolutional Network ; dynamic aggregation; self-attention network ; multi-scale information
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(1) 53 A1 AN 24 ) TR B 114 1 443 B TUAR A B DA K R S A ] 2l 1] e D 33 22 S, 4 v D6 LR b st 1
ERA 7 2025 18] 6% F RS IBGTT R 1 B PR

AR, E NS A Bt T 2RO R R A TR0 AR5 eI R o, R Boek) o3 D g 1Y 1 3
A 00 L A 2 0 1 T A P R B A R AR 2 S AR A T 0 2, AN keI R R S AR [ L ( Support
Vector Machine, SVM) %57 53k | i s 3 DR LA o f87 80 76 1o 206 8 6 1 M0 40 2641 55 b ik A 7)1z 1
FH BRI Z A0 W B 5T ) B 2R 4500 2607 1k o e FH R B 30 v DS SR v ) 9 K AR T, A
DTS BARMEA ZX 0 AN [F] Y - 7 55 288 25 B R A BGOSR AR DGR R, Sh/R AT R
K137 ( Markov Random Field, MRF) FIJE 252 J@ P 1 7™ 4507 1l P2 1) M 45 B B0 3R B, - U
TRUFR Iy R RE.

SR, R AR BT T L HIVE R IS 25 [RVRRAE , ™ E RO T 3= %l FHR. O 1 ik DR 3k S B
TR 2 T ARSI 25 20 R 7 RVRRAE FeR ™™ k)™ 2 107 P T 180 D R Py M) 43 24T 55 % A T L)
I B BRI B SRS A 0 R , T A R0 R e N T2 55 AR S 3 0 8] {8 )
DRARZ I HE S B 3l 4% i #5 (Stacked AutoEncoder, SAE) F1 VR & & {5 M 4% ( Deep Blief Network,
DBN) "B N ZRREA i - AL ) — 2, 78532 U ZRBE X SR BOIR P R AE . — 4k 5 B 28 4% (2 Dimensions
Convolutional Neural Network , 2D—CNN ) & 5] 1 32 504373471 i %08 i e g A AR HEA TR 4E , SR 05 AL A R
LSRRG P o P 8 25 [FRSAE. (L SAE, DBN I 2D-CNN'' S B B B T JBUAR 95 66 Pl 1510 5 1] A
IS B, T LT — RN A n TAL 3, Z 0 1 AR ABAR T Z A1 B AH S, - ELAS BB A RO XF JLAAT 43 A
CUNTAR SR E B AR ) M A2 2% A s e G L 28 (0 PR HE 35 B U 28 I 45 2 3] AR AR T o R RRAE
FERE K A AR G TTR 1 0245 5 5 Qing 27 4R T — AN RlVG R AIGE 3 B 45 (MRA-NET) 1)
2 RO AR 224 B 22 P 45 R SRR i P v DI i 5 002 RS DA RO 22 I 2% g BE Al ) o DY i L 1%
I3RITIERE B SR IBOGIE A 5 B, (X SE6 8 23 (R RAAE A A 85 AT 52 21— L R, 20 e 1T 75] SR b0k [ 5
A AL T s SIS AR A ) DX, R 2% P A Jmy 38 DX ) JLAT S A2 A, ] i, 7E 45 B A i 7
o BB AAUEL R AR ) 1, R, 7R AL S IO 7 vh i) B 2 2R s W) i 320 15 B, 3 A R A iR
I3k

GRS 28 32 B M A 15 By, XIS ARAR R OT 2 18] i 30 G AUE I E AN BEA R0 2R AT 8] 1 4
TEAAIE. I Ah 15 G 5 B 22 9 2% ( Convolutional Neural Network, CNN) H BB HIFEAR IR T I 61 A=) K
23 [AVRRAE , T 2008 1 22 Jm i bR SCE R B 2345 B Z IR 32 8 )i, PR DXk A AR T 2 T A FE R R
[F) 21 1) BN [ 00 18 22 S, 203 280 R vh 2 S B0 FUGOTHER I3y 1 Ak DR G S8 (Rt S 4 —Fh 22 RUBE
T BEEEH ML (Multi-scale Attention Aggregation Convolution, MAtt-AGCN) T & G1% 432K MAtt-
AGCN 3t T AR R E R HFMNA , 37068 B &R 2% ( Graph Convolutional Networks, GCNs) X} X 637+ A
BT AL ARG A A5 8 HU, AU B E ) w222 A0 2 RERAER], DL — D4R
AOLAL = 6T Bt i i 15 B

25 bRk, g MAu-AGCN Sk n) EEAH A LT 3 4S5

1) Mt TAFEREE R FR A, R B S BRI 25 (GCNs ) XA M BEAT LA , S BLAR N 23 5 2 AL
MG AEAFTE R A NE P YA E S & B 1 S 2 2 8L (Multilayer Perceptron, MLP) $§4iE
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(0 22 (B YO ]I, 2 ) s ek R R gl AR 3R G Uy =X, DA DX AR e i 28 ek 3R s i 25 45 LY 32

2) FIH A SRS M, )z Ml 4 18 B B R b i i e 23 (A5 S Rl SRR S Bk T T8
AEFRE ARG T AR RIERR.

3) N TR T AL AT R R detim A 5N IS )5 (Locally Linear Embedding-Simple
Linear Iterative Clustering, LLE-SLIC) XJ [#] % i 47 5 &b 3, H v J5y 38 4k P 4k A 553 (Locally Linear
Embedding, LLE) JEATRE#OR B = G it h i 5L a6 ik (5 5., BVE A A= (5 5. Ak, SR & e
A JTIETE Indian Pines SR BHRAE i T TS gw k.

1 MAu-AGCN # A

MAt-AGCN 43 2B HEZR () FEA L F 055 GCNs F T (9 # # | 3h 245 IR A SRS A1 XL ) [ S0 5 4%
GERIEVETE H Rz A3 /1) , MAt-AGCN [ 28 25/ 1 5.

CS 2y B 151532 GAP & R Pt Ak 5 flatten( + ) g FALHRAE s FC 2 HE)2 s ConvIX L ( -+ ) FR BRI/ 1 x 11
B
B 1 MAt-AGCN 49 F % 25 4y

1.1 ZREEER

EI G2 ( GCNs ) 22— RE EHEEAEH FMA]_ BT B R (R PP 28 X 2% A% 290 46 LRI 28 I 245 TR 2 32 3
B B A, Xof R A5 A A5 R ) i 0 R e 22, T GCNs ASAXRE AT &5 Al 2R R RO L B A h i A 1 (5
[R] Bt BB A A5 SR AR IR A Y S5 8 SR AR I NG T Z R B 32 B, KBRS TURME B, s R e S B
HFAERE 1. A, SB35 BAE 2 MG T , A B 2R B KRB AR MR A @ AL AL B AT

Step 1 4 T AR 24k, (i H LLE-SLIC X J5 4G = G i B0 51 73R 26 1 e 4 b BRAER 15 R 40 545
YE B EisEdE B N AN IXIR, FTRIR R v = vy ,u,y, oyt 0= oy oy, x| L0 e v, Hidry SR
SRS, v WA DT R BT R o o m DN EURGOCE L, B &y L xy oo x, , HoH x, FORIZIET S
% m EBRIGIT.

Step 2 fy T ARARIk Py FEL A9 401 {5 8 L SIS AR NS T Z (B 32 B, M T RN £ BBy A
Wi, e = e ey, eyt AT EZBIBNES, THINE ¢ WFR R L = (v,€).

Step 3 b T W4T MR BRI 8., LA S 20535 P A AR A% 0 22 (R A AR5 1A FUAF S A, s Y9 0 L7
I B R 45 001 5 B R AL 38 . AR 38 B R AL B an=C (1) i,

H" = g(D*AD*H "Wy,

D=3 A,
St H s LIRAHIRA s 0 () J Leaky Relu MO BC: D SRR U SR s A JyHoFE
e R 30 AL AT HEAE RS s WAL AERE s [ NJZHG A, LD, 538 @ N1 A5 A 418 F32 0 I AR R

M TR S T A KREM IR R, R, 25 s Rk 8y 15 s A8 T Z (8] 1 38 B A%, 28 AN [R) 28
1R ITCHRHIE B 25 S0 RSP B EEA T AL R, B FH 22 )2 B HTIL ( MILP ) (R A 15 s =2 1B B S A
Hptbad X (2) Fis.

(1)
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I oyp(0) = owe(o) o 7 055
Aij= l,vi=vj; (2)
0, others.
s Ay T v, R R o AORREHERE s 11 -1 R s o e (0) oy (o)) 23005 4719 55 0,
557 R v, 2R ERFIHL(MLP ) RHAE.
Step 4 2 RUE (5 BA B THGERAERYRAERE ) , HtL, 2 RE 254 T #HMEITE GONs Hhy Rl
HY = (DA DTH WD), (3)
s R BV RE -1 2 s RO MG R, (R, ) i Y SRy RO RSB T i i
MRS B WY 5 -1 2 s RBEMAUE AR ; A, S s RUBE (4B B I
G G TR BT A G BEE 23 1R DG b 1A A R) B AL, (EAS [R] D' 38 B B 25 )45 ST %
EIARIEE BAFEE RZE S, I, O T e Sl 5ot 7 30e) 3-SR M2, DL 2 oe A
A3 SR 9 A A SR PR T 3 8 ) A0 s i) P 3 3 A h A e S AR A A L, Ayl 3
FIFFI5E 73 B W] A B, PG AR A R (RLBROA , DU 350 I ARRAIE e B 22, o 22, AU A Y e S M .
Step 5 PE1TiE R I HRAERT, T 200 2 R UG BN 26 4 1 A RRAE A5 8 EA T A3, ok 6
BRI R 11 AR AR [ RUBE A M B A T84, R J LA 388 8 235 6] 2 9] 3 2 4
PRy SN, BRIV Ix 1 B RUZ A FZAE RN F— R BT AR A, 32 m R R AY o, [R]
MRS
Jev.ey = Convl x 1[flatten(H )] . (4)
s fry ) NG Z R 2% 14 HEARRIE s H DRSS s > RUBE i P 4 AR s
Step 6 fdf Fla i 11 &M, BE— DAL RRAE AR R, RIARAS 2404 A 0615 13 B 0 RRAE I 48R i R an =X
(5) Fr7.
fo D =AY (flma) +as;
exp(a,a;) (5)
2 iczlexp(aiaj)
P foa () NEE A RSB B JVRAE s A N— 0460 0 B AT 22 ) B4 € s AR 138 E 5
Ly FVES AT ORISR j AT R Z N Y 22 RO RS BRRAE 5 @, 0 S35 0 AN SRS ) A1 SR )
23 (BP9 T AL 1 A [aE B s Ak T &R AR AR o Z [a] iy AH D, Ik — 2P e 4R {5 ot
Z B YA H A 23 (8] P ) ) WA R AR A =X (6) B
fn (D =8F " (fluwD) +a;
exp(B; + C;) (6)
2 ?:Iexp(Bi +C;)
s fon () NS AT A RO E R TR 5 8 A— A WIHG R 0 A4 3 B8 D, A4S j AT S
FPRFAE s B, 55 A1 ISR ARAE s €, D8 7 AN 19 i A Hs i e J0 AL
1.2 HERERMS
T iR 2 REEAR BIE ARG B Z BB B AR, LSRRI OC R, XS B R A G2 REF
BT 2R E ik (GAP) #:4E , &5 )5 F 42 3% 422 (Fully Connect, FC) SEHL4R 26 HARBRAE N (7)
Jr 7.
fon = [ 2 (D]

= (1)
0 =GAP(fp,)-

i =
L(v,e)

i =
{(v,e)
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s fon AEISRARHE; £ 0 BIAER s RUBE Y28 R)L B T8 0 R AE 00 38 7 0 R AE s D el
YE5 O i sGAP( -+ ) N Jr- Pt b A

TER DI X 2R 55 v, 8 R FH 58 SO B PN 45 SR A5 B S =2 ] 25 5.

T = X 0,(log 3, €™ —0,). (8)

K 70 HERK; 0,0, HH m G n AEMGBITHHIARE.

H1 B AT B MAw-AGCN Zp AEZRAUCA ORI 23 5 8, [R) i i iod 2R A i 46 45 55t
AT A LA L Z 1A A O 2R, i — 2P e 1 AR BN AR OT Z 1A A SE HL, F KPR EE MR B 1 B B2 4 1
(EYSEIUETS SIMib)E iy ap

2 RBLERE M

NEUEFTE MAt-AGCN 430 JSHEZL A4 541, LA Indian Pines 5 5t i 56 48 B b 345, # MAt-AGCN
OrIMERL FLA et 7 it AT U D TR W B o0 JERE L PR R AR PR RE , 68 T AS R O 2L AR 2 A7 iR
B, B IEIRAE S4B DX I A 1 SR TT A R 36 LB AR 23 SR JBE (Overall Accuracy, OA) SF24)
ML (Average Accuracy, AA) IR (Kappa) RECHIFIFETR. AN, B Bdlidy 2ad LLE-SLIC $E17
AL BRERAE.OA, AA il Kappa AT AN130(9) B,

OA-p  GT xTP
Kappa = P = ;
1-p N x N
TP
0OA = .
TI()lal’ (9>
1
AA =—T.
N

U OA Sy ARG ERE E sp M IERRFEACRS BE 5 GT Sy ELAEAE A Kiam s TP S B I AR A B s V B REA
B s T N SREAS R T, S AT 2R 0 RS
21 HHEKIR
Indian Pines $rfasE """ HHLE AT MRLL MRS AL (AVIRIS ) F 1992 473 36 [ EL 45 e 4 H — B Bl
JERMB AT IS, SRRy 145%145, 24355 220 63 B, HARc 8o~ 80k 10 249, )25 16
T EANE S A bR DL 1 AT 2 fs.
A1 Fmeh ity £ A F R TA K

1D Class Samples
1 Alfalfa 46
2 Corn-notill 1428
3 Corn-mintill 830
4 Corn 237
5 Grass-pasture 483
6 Grass-tress 730
7 Grass-pasture-mowed 28
8 Hay-windrowed 478
9 Oats 20
10 Soybean-notill 972
11 Soybean-mintill 2 455
12 Soybean-clean 593
13 Wheat 205
14 Woods 1 265
15 Buildings-Grass-Trees-Drives 386
16 Stone-Steel-Towers 93
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2.2 RIGIE

TR A RO K R BEDLI 3R 3 A ER A3, B FH 40% M I Zhie A2 ) I 45 288, 10% 1Y
B HEA T AL , 50% AL R Bk 4y SSHE AL i PE g AE DI 2R B2 v, 1 ) Adadelta /R A AL, H:
Hag 2] g 3e—4 B IEIHA Y 0.000 1, EACIRECH 800 YK, Dropout 2y 0.25, KA ZE 2, R 2.
R ITE 2 4~ RTX 3080 () GPU 4~ _F 47, Python fiRA & 3.6.10, Torch kiiAs A 1.7.1+cull0.
2.3 HHMEHTENLER

T AR $E MAt-AGCN Jr2HEZR A9 G RCPE  F MAw-AGCN 5 2Nk 5 i A7 LA, - LAE
SEVERY 7 VAL T8 MAU-AGCN J5 i 73 8 ERE. I Ah , O 1 it — 2B R IR i 2Pk, B 5 iR
AATA] A FAL B, BISR T LLE-SLIC 7R AE SR AR FEAE A AR R 70 51 BRI A ] B4 R W4 2 sl 3 fr
- 3a g B SER L) A3 A O, 18] 3b g SVM 4326, 8] 3¢ ol Bk 22 M 4% ( Spectral-Spatial Residual
Network , S-SRN) , & 3d Ry yGil % 4 1% e FR M 4% ( Spectral-Spatial Densely Convolution Network , S-SDCN) ,
K] 3e N4y Y 221 B2 1 %% ( Double-Branch Multi-Attention Mechanism Network, DBMA) |, [ 3f A SC
2 MAtt-AGCN 432K HEZR.

%2 AREF x4 Indian Pines # 3£ LogiXib 4 %

Model ID SVM/ % S-SRN/ % S-SDCN/ % DBMA/ % MAtt-AGCN/ %
1 0 2.439+0.048 7 48.80+0.315 52.63+0.416 75.00+0.190
2 72.76+0.257 0 91.02+0.083 0 91.42+0.181 90.92+0.072 100.00+0.040
3 59.49+0.348 6 88.20+0.012 4 96.20+0.113 97.56+0.011 100.00+0.070
4 13.93+0.260 1 47.49+0.377 9 84.22+0.027 96.38+0.049 100.00+0.090
5 44.60+0.363 5 84.89+0.080 3 87.03+0.152 99.62+0.004 97.87+0.140
6 76.80+0.385 2 97.11+0.040 5 96.83+0.038 96.52+0.063 100.0+0.060
7 0 0 0 13.33+0.266 100.00+0.100
8 97.18+0.032 0 99.85+0.001 8 99.01+0.015 97.54+0.031 100.00+0.018
9 0 0 0 0 100.00+0.130
10 85.32+0.142 3 86.03+0.144 2 93.22 95.18+0.033 100.00+0.080
11 72.39+0.285 1 79.67£0.221 2 85.63+0.034 93.99+0.074 100.00+0.070
12 80.35+0.226 9 97.64+0.028 3 98.63+0.008 97.72+0.035 100.0+0.016
13 43.80+0.418 7 62.11£0.341 1 77.58+0.388 99.02+0.013 100.00+0.054
14 99.78+0.001 6 93.14£0.136 6 98.73+0.015 95.60+0.053 100.00+0.092
15 30.95+0.386 6 47.26+0.418 1 69.93+0.314 92.27+0.106 100.00+0.380
16 14.45+0.289 1 71.95+0.231 5 71.58+0.356 95.40+0.014 100.00+0.021
OA 71.97£0.150 8 84.58+0.076 7 90.30+0.077 94.50+0.029 99.80+0.130
AA 49.19£0.151 8 65.57+0.091 1 73.61+0.105 82.11+0.042 98.30+0.095

Kappa 68.16+0.170 8 82.51+0.086 3 89.05+0.086 93.76+0.033 99.77+0.010
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B3 RREA LR

HIZ% 2 AP AL AR BT Al A 22 R 2%, SVM A 1 S AR 70 K28R, HE OA, AA Rl Kappa R B0 51 0
71.97% ,49.19%F1 68.16% , [K 2y SVM 221 1 My (425 [F] &I 4845 8 , 1o HL At o 22 I 2% A 23 SN Rl 5 1 245 1]
FEREE s HHEL T S-SDCN Al S-SRN [#4% , DBMA iy T FH AN [A] 73 32 73 3] 3 H st ) 114 225 18] MO R AE
FFIATE B AL RS B 78 3 IR FE bn_EIUT T 8Lhy 197r 2R PERE , T S-SDCN R 1 A 4 i #6K #he
AT, H Kappa R S-SRN $255 T 7.92%.

i 2 ME 3 dn] Ut — 22 A B B ZRFEA AL DI, SVM, S-SDCN, S-SRN I DBMA 115 2K J
PSRARIE  ANeH O M 7 P 0 KRG O, rTREH BE T #5 BEAR , i A SC 4 i 1) MAt-AGCN 4y
FHERAEVGRAEA B DI DL N ARSRIT T e L1 20 AR, I 9 SRS 7 JE M 73 JENG BE AR
100% . MAtt-AGCN 73 ZAHES A I 22 RUBE B P 45 BRI 48 BRI T S 4 RO B8 A5 5, [Tk, 3o 3k #4181 v oy i A
SHERAML I INss TR0 B i3S H., ok MU BER 51 22— 2 AR LS R, 32w 702k
PERE.

24 AEAHHSEERE

T oM MAw-AGCN HEZEH A R AL 70 FEPERE RO Z A , 7 A [ 410 A7 gl it e 45 51 4n
B 4 FroR, [ 4 i BE o Kappa 28, No-CS FOmiZA a8 A0 A R 51 5 414F, No-DA KA
L BRI A F.

I 4 AP1:No-DA Hl [=3, s =2 BEHRS T Gl B kA IR UF 19 70 JERCR B (e T A 1l L
T, No-DA PP HAEREMI AP T [=3, s=2 B, 7R MAU-AGCN HERUHER T T 2 REFRZ
41, No-DA 73 ety 1) £ B IR 1 T No-DA AR T80 &3 i) B B BUZ KL, e KBRBE sl 3k 71
S IA) AN R 2 (8] AR 56 R MIAS M, T =3, s=2 Ffi RS2 B n, K& i 0 A 15 Bopk
A

BEEREZ s(s=1, 2, 3) FIEBRIZ ((1=1, 2, 3) B3I, 732 MERESE NG BRI, 3 22 P2 B K]
ERUZ BRI, SRR I 23 05 SR AR {5 8 (B Z IR PR AT ) M E  (E AR R, €S Al
DA ZHPFAESRE 1 MAU-AGCN J32HEZE st 7= A T PEREOL S, A5 A [A) RUBE A9+ AT rp 3 g HL AN
I, 1] LR e 2] A SO ES B A i , LA — 2D 32 e R 25 PR RE.
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B4 KRR KA
2.5 HRbiKIE
2.5.1 W EAHKE
R TR AEAFECR AR FEREART , rft MAtw-AGCN 43S HE R R H A 3 BI040 NG B, G, B
WIGREA R N 5% 38 E] 30% , 375 Indian Pines FELRELHa4E F A TR0 0 3. 056 45 S ANl 5 i,

BS FREAHAIKFH Kappa &%

H &l 5 AT BEE VI ZRRRAS 380, B 2 ZRHE SR (0 2 PR REARAE R i, H. SVM 1 Kappa R HURAIK,
HAENGAEAR 5%}, Kappa RECH 14.92% H(E151F Z /&, DBMA, S-SDCN, S-SRN fEYIIZRFEAE#
ARRAEOLT st Re AR 22, RIAE N ZRAEAS SN 5% B, A0 1) Kappa ZR %053 510 21.40% , 20.24% Fil
19.55%. JAM I PT LIRSS R, & AR IO AR B AU B I, T8 1 i MAR-AGCN 4328 HEZR 1) Kappa REUIG 4
o T HAB AR SRR, RSN ZRAEAH 5%, MAt-AGCN 3 HESLY Kappa RECHK 49.77% , i — KW T
JITHE MAtt-AGCN 43 JSHESL A 50k e e k.

252 FRABEFSE T E0 5 Ekk

AR AR R EE R 03 3 FroR. .l 3R 3 AIH1: 55 SLIC, LDA-SLIC Fl No-LLE-SLIC J7iAAH L, $2 1 /Y
MA-AGCN R HHES AR AR 25 4 F1 J7 WE UG T e 19 43 28 M 8. AH b No-LLE-SLIC J53%, SLIC, LDA-
SLIC Fl MAtt-AGCN [ FLOPs 1 BA7 — 3 I 58 4 D0 4. 3 38 WA SO S A8 28 O v e A A3 R (IR 7Y
TR IR
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£3 RABLER

Model 1D SLIC LDA-SLIC No-LLE-SLIC No-CA No-PA MAtt-AGCN
OA/ % 94.16+0.45 96.57+0.23 90.78+0.51 96.77+0.08 97.15£0.18 99.80+0.13
AN/ % 91.97+0.840 95.99+0.120 90.25+0.260 95.86+0.150 96.95+0.190 98.30+0.095

Kappa/ % 93.85+0.72 96.07+0.26 90.49+0.32 96.42+0.04 97.08+0.24 99.77+0.01

FLOPs/GB 3.7 4.1 11.8 3.9 4.2 4.3
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