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Abstract—EARENLER, RIMEHT —MERLERBHIESH (Data Efficient) BJZ MLP £5#), Vision Permutator, FIM#L
HiRE. SRAME MLP BEEREFUNZALEERDTEABEAR, RNBREA-HEBFUERTAETHVLEEENEEYE, At
Vision Permutator ¥if & B EM A4 E S 5 BE R R RIDEHERR. XRIF Vision Permutator #RCIZHKH, A
FE(EH Transformer FEE NG RE, ZERMHUBEENMENARNLCR, EREMEERENIFLERT. BITAA, HIR
iy Vision Permutator 2 ERHEMLE (CNN) Fifii Transformer KB NZEHIF. EARBFZBAERIERINFINERT.
Vision Permutator £ ImageNet E#Y top-1 EMZRILST 81.5%, BEANEEFTIMNIAMENZEEE (H1I, ImageNet-22k) . Ik
4p, Vision Permutator WA JSHENE 25M, BHEMGLEASHEFHEX/NMY CNN 5 Transformer HERERFRS.
LURANSHEY ER 38M K, BR Top-1 AMERXE 83.2%, KKIZEET SOTA MLP FERAMGIRANAEAERE. H1H
BT TERBEMANEFEEZ AEENREAN, HRHEHE MLP AR EZR. PyTorch/MindSpore/Jittor ZRRAK K ABEL

Fhttps://github.com/Andrew-Qibin/VisionPermutator.
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7 = MLP(LN(Y)) 4 Y, )
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Table 1

AEH Vision Permutator #HAMEE . RIMRBEARMERRT, FIHT=MHAEMEER (/).

. X). 5 “Small/16” $57EHIEE Patch

Embedding $&3RF1, Patch K/\H 16 x 16 &R,

Specification ViP-Small/16 ~ ViP-Small/14  ViP-Small/7  ViP-Medium/7  ViP-Large/7
Patch size 16 x 16 14 x 14 TxT7 7 X7 7Tx T
Hidden size - - 192 256 256
Number of Tokens 14 x 14 16 x 16 32 x 32 32 x 32 32 x 32
Number of Permutators - - 4 7 9
Downsampling Rate - - 2x2 2x2 2 %2
Hidden size 336 384 384 512 512
Number of Tokens 14 x 14 16 x 16 16 x 16 16 x 16 16 x 16
Number of Permutators 18 18 14 17 27
Number of layers 18 18 18 24 36
MLP Expansion Ratio 3 3 3 3 3
Stochastic Depth Rate 0.1 0.1 0.1 0.2 0.3
Parameters (M) 23M 30M 25M 55M 88M

IIAFRE—MER We € RO e ExmA X o
TTERMRE, 183 Xoo £, RAPFFHRrE S5 A
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BN E e ENHEREREE >N S 4 Segment, 5%
Xy, Xy, s Xag], WE C = N' xS. £ Patch ks
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> Segment Xpg, #ﬁ*/l\mr Llﬁﬁiﬁ@%dﬁ?, 55
(X, Xirys o Xirg] RGUEELE R EREA, PALAE N

1xXH, N%&FT H.
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EHATREEEEGER. A TIWE X WIEGAEES, A
HTE A T— K BE A BB, ik X o [FFE, 7558
Ay S, FATTE TS RIS R, X XA TR 4R A
EAEFEBAT EA, 1538 Xw . fa, A=A 38 Token
FAEFEA DR ER)Z, PARTS Permute-MLP JZ )
By, WA

X = FC(Xg + Xw + X¢), (3)

Hr FC() FR Wp € ROXC e dEsz, By 1h%k
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Algorithm 1 Permute-MLP [t (PyTorch-like)
#H: BE, W: BE, C: i, S: Bk
# x: KK (H, W, C) # g
def init():
proj_h = nn.Linear(C, C) #
proj_w = nn.Linear(C, C) #

proj_c = nn.Linear(C, C) #
proj = nn.Linear(C, C) # @&

HH A forward #H#HHHHHHHHHH A
def permute_mlp(x):

N=C//S

x__h = x.reshape(H, W, N, S)

x__h = x_h.permute(2, 1, 0, 3).reshape(N, W, H*S)

x__h = self.proj__h(x_h).reshape(N, W, H, S)

x_h = x_h.permute(2, 1, 0, 3).reshape(H, W, C)

x_w = x.reshape(H, W, N, S)

x_w = x_w.permute(0, 2, 1, 3).reshape(H, N, W*S)
x_w = self.proj_w(x_w).reshape(H, N, W, S)

x_w = x_w.permute(0, 2, 1, 3).reshape(H, W, C)

x__c = self.proj__c(x)
x=x_h+x w+x_ c

x = self.proj(x)

return x

WS4 B S (Split Attention) HLHI [7] BAAEH. A
FE, 2 EEEILHg N T Xa, Xw Ml Xo, A2 H5
HERPEM—HKE. Z)5, BATHAE Permutator HERIA
AL Permute-MLP

5GBRMEH Transformer Z [AIFIHE -

5 Mixer-MLP #H{2l, Fef1H) Vision Permutator 3%
i MLP g0, {H)2, MBBISCELAf e, IRl T
BRORIEAT Patch IR ASRAE, XA A — T RAE
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M MLP HRE &, H AN RZHE T2 EERZ.
Transformer # i MLP 4%, HENKEE A EZE PG
SRS N Token 2 [AJAECEXS K £ o FATHY Permutator (%4
A AL BN Token FYAAMIYE, PRIHAT Transformer £ %5
RIAIA .

3.2 Vision Permutator B & HpiicH

e 19, FRATEZE T Vision Permutator ) 4-FHL & . FA151
H T =AU R Vision Permutator (ViP), H$pHEAELA
FNRFER A ViP-Small’, ‘ViP-Medium’ #] ‘ViP-Large’,
‘ViP-Small/14" FR/RTEWI UG Patch Embedding H Patch K/
% 14 % 14 /MR 75 ViP-Small/16” Fl ViP-Small/14°
Bidrp, 7 —> Patch Embedding Bibk, Z )5 —iEHH)
Permutator, #MEZIF 18 4 Permutator,

FAIMY ViP-Small/7’, ‘ViP-Medium /7’ 1 ‘ViP-Large/7’
HWAB B 55— BB Patch Embedding BHIFIG . 3K
113450 T JLAS Permutator, PASLXTARLEER) Token FAFHIT

G, FATE DX PEREA Grab . FE5E I BoR, &
IAETFAR I BT 77— AR RFEERAE, A Token FALBRSFIR
Ko X R RIBAL, FRAMEYE T2T-VIT £ [30] 5
MLP {4/ g (Expansion Ratio) $ 3. FATABY R
B 4 i, BRPERELT RO EGE, BRI T E 2 T EAC
o

4 X

AL IZ I ImageNet-1k [1] Hdlask XA Vision
Permutator #F47 T 5E5;, FAH T SLIREE R, LI 2 R
T PyTorch [37] fl timm [38] T.HALHA. HE, EI%
e, FRATIAS AT AT S I 2500

41 ERWFRIEE

RIESEHT LAE (8], [36] Mg, FRATEH AdamW LA
[39), Gl I 2k Py o) R TR Ir = 1077 x batchsize gy
5 x 1072 BRCE B CRAAAL LI PR T A B, AEFRATTY
Vision Permutator #1, Batch Size %4 2048, 1 sZIGFAT]
KX HLRF Batch Size #50h 1024 HURE . (LT, &
I THEPLIARE (Stochastic Depth) [10]. 3 UR/R T
HARR N2 (Drop Rate) o FATHE ImageNet s bt
17 300 4~ epoch [illgk. FA1{# H Random Erasing [41],
RandAug [17], MixUp [13] Al CutMix [11] {0 5cim
Tk R, A Vision Permutator HoA il A7 & g
i, PERFAT R ERRAR TR ERE . IIZR/ MRy Vision
Permutator BRI ZEZE—A 47 8 4~ NVIDIA V100 GPU (32G
memory) FIALEETT A XA ALY Vision Permutator
B TR BB AHLART A

4.2 TImageNet FRYEELER
AN, ATRFRATHE 1 1) Vision Permutator 52 Hi7E
ImageNet [4]., ImageNet Real [45] 1 ImageNet-V2 [16] #Y
HT CNN, F& T Transformer F12& MLP BRI T ILEL . 7E
F 2, FRATE SRR H A Vision Permutator 55T
2K MLP $EEFT% G . “Train size’ 1 ‘Test size’ 43 Hll 75wl
SRR I BRI R 0 P . ATRAE R, FAT 1)
ViP-Small/7 #8158 HE 26M (1S40, (HH top-1 A5
BT 8L.5%. XMEERCAEM T REEIMANAE MLP 5L,
HHATVAS el 1) gMLP-B [33] BERARIESE, h)aEH 73M
SE, I T UARA SRR 55M i, [HFRATY
ViP-Medium/7 1% 82.7% HERR. 03 20w, BT HrH
HAR 2 MLP #8L, UH8 SRt 20k 5] 88M B, AT A
BN HEIFSH: 83.2%. FF ImageNet Real £l ImageNet-V2
AR b AT DO R B KR ek, X R AT S
HAMABT A LY AT DATE G- B 1 E 2t LA BRI A=

FATIN Ny, FEIATH Vision Permutator AH H T HoAt
BB el b E R 2 28 3790 rh i 4kt 2 B 45 5L Y
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Table 2

FIFIAAZE MLP A7 [4], ImageNet Real [45] #1 ImageNet-V2 |

| HiE& £ Top-1 AWEMLRER. MAREARI LR FIMNIYIRERNIERL

Tlge . ERRMTERRENSHENART, RIWERBLATFEMRAFBMELSE (Throughput) MFE. X8 3], FHERE—EF

A V100 GPU (32GB) KHEE ENER, Batch Size 2 32. T HAVZIEATHIIILRRAE LL 18 3T IR 80115 RIS RE T -

Networks ‘ Parameters FLOPs Throughput ‘ Train size Test size ‘ ImageNet ImageNet Real ImageNetV2
EAMLP-14 [31] 30M - 711 img/s 224 224 78.9 - -
gMLP-S [33] 20M 4.5B - 224 224 79.6 - -
ResMLP-S24 [3] 30M 6.0B 715 img/s 224 224 79.4 85.3 67.9
ViP-Small/14 (ours) 30M 6.9B 789 img/s 224 224 80.5 86.1 69.6
ViP-Small/7 (ours) 25M 6.9B 719 img/s 224 224 81.5 86.9 70.9
EAMLP-19 [31] 55M - 464 img/s 224 224 79.4 - -
Mixer-B/16 [2]' 59M 11.6B - 224 224 785 - -
ViP-Medium/7 (ours) 55M 16.3B 418 img/s 224 224 82.7 87.4 72.2
gMLP-B [33] 73M 15.8B - 224 224 81.6 - -
ResMLP-B24 [3] 116M 23.0B 231 img/s 224 224 81.0 86.1 69.0
ViP-Large/7 (ours) 88M 24.3B 298 img/s 224 224 83.2 87.6 72.7
Table 3

FnLZeipy CNN B 535 Transformer #£BY7E [1], ImageNet Real |

] #0 ImageNet-V2 |

| BiiR&E £ Top-1 ABEMLLRER. MEEAHKI

EREMBEHRER TSR . EHERMNTERENSHENART, RINHERS—EEXMET CNN FET Transformer FIRMELLRE

=N,

Network ‘ Parameters  FLOPs ‘ Train size  Test size ‘ ImageNet  ImageNet Real ImageNetV2
NFNet-F6 + SAM [6] 438M 377B 448 576 86.5 89.2 75.8
CaiT-M48 [9] 356M 330B 224 448 86.5 90.2 76.9
VOLO-D5 [17] 296 M 304B 224 448 87.0 90.6 77.8
ResNet-50d [13], [18] 25.6M 4.3B 224 224 79.5 - -
SE-ResNeXt-50 [14], [18] 27.6M 4.3B 224 224 79.9 85.3 68.7
RegNet-4GF [19] 21M 4.0B 224 224 80.0 - -
ResNeSt-50 [7] 27.5M 5.4B 224 224 81.1 - -
DeiT-S [36] 22M 4.6B 224 224 79.8 85.7 68.5
T2T-ViT-14 [30] 22M 5.2B 224 224 81.5 86.8 69.9
Swin-T [10] 29M 4.5B 224 224 81.3 86.7 69.5
ViP-Small/7 25M 6.9B 224 224 81.5 86.9 70.9
ResNet-101d [13], [48] 44.6M 7.9B 224 224 80.4 85.8 69.0
SE-ResNeXt-101 [14], [18] 49.0M 8.0B 224 224 80.9 86.0 70.0
ResNeSt-101 [7] 48.3M 10.2B 256 256 82.9 87.3 72.6
DeepViT [31] 55M 12.5B 224 224 83.1 - -
ViP-Medium/7 55M 16.3B 224 224 82.7 87.4 72.2
RegNet-16GF [19] 83.6M 15.9B 224 224 82.9 88.1 72.4
DeiT-B [36] 86M 17.5B 224 224 81.8 86.7 71.5
T2T-ViT-24 [30] 64M 13.8B 224 224 82.3 - -
TNT-B [29] 66M 14.1B 224 224 82.8 - -
ViP-Large/7 88M 24.3B 224 224 83.2 87.6 72.7

i, 53R 205 MR MLP BIAURE, R4
T o N 58 B2 B 48 BE 43 Bl 4wt Token RAE. AL, FRATHY
Vision Permutator AUZAS 7RI HY) Token FA4FE (16 x 16
) Token) , Tfii FLiAgfith T 4k FEFFAE (32 x 32 1Y) Token),
X RAEMGE Transformer [47] gl @R B . A TFAE

/NPT X —

FEFE 3, F/AT4E Vision Permutator 54 ML ET CNN
FRZFI LT Transformer (AT . 5201 CNN

BERUAH I, 40 ResNets |
Net |

], SE-ResNeXt [
|, ATy Vision Permutator ZEAHUTARBL R SF I8 T

I [

| #1 Reg-
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3N TSR . DA VIP-Small /7 #8054 i, HAE TmageNet
HdmsE 1 Top-1 MERIF N 81.5%, X H % . ResNeSt-50
(81.5% v.s. 81.1%) Wi, S5HT Transformer RFERIAH L,
1 DeiT [36], T2T-ViT | ], FAr
B ZR W TR X — IR Y], 26 MLP #2802 5T CNN
Fl Transformer FIRALAYA Jj5e5+4 . AT, FAIHY Vision
Permutator 5 & CNN Fl Transformer ) SOTA ##H, 4
NFNet [6]. CaiT [9] 1 VOLO [17], Z[AMBHRAZER.
IS, S5 Transformer —#, 28 MLP B#AGAH R K
ik s ] o

| 1 Swin Transformers |

43 HEGH
FEA/NA L FATHEAT 7 — RPN KR T WKL B b

BUPAE . B8 F Permutator B MSCEE. AT ViP-

Small/14 #i%U4f# Baseline.

Hik:)E Token ARGty ZEME: FATIA A G i BT 40 B2 1)
Token FALXE MLP SRR E 2L FA AR FI )y =ik X —
e I) ) h Patch Embedding JZH1Y Patch k)N, 3
{&Fr Backbone B4} AAL; I0) Ki451> Patch iR/, FF
Sl AJUA Permutator SEZit 40k JE 1) Token FEAF, £ 454
257 ViP-Small/16. ViP-Small/14 1 ViP-Small/7 ¥4 8.
1 ViP-Small/16 #iE, ViP-Small/14 & /N #) I A5 B

R-FFEE Z 3 Token #ij A E Permutator. MR#E4EH, ViP-

Small/14 H. ViP-Small/16 ZUEH L (80.5% v.s. 79.8%). &
EHE ViP-Small/14 Hffi j T £ 1) Token FIHE Z SR,
ERCR () FEEA AT A28 IX FRBHFRAT AT DAIE 24 b 8 )
BOINPHIG Patch ROT R4 S BB MERE . FATTRAWILG Patch
KN 14 x 14 /D FE 7 x 7. 5 ViP-Small/14 1,
ViP-Small/7 2R | 4 4~ Permutator Imfid it & Token FAL
(32 x 32 1) Token). HRHEFR 4, XFHERGLAIE BT ATEAR KL
FE_F PR PRI AL S50 . Top-1 HERR KA 80.5%
2T E 81.5%. XK, WANKIEER Token FRAEVEATHILHA
SCA B TR SR ATWAEVERE, AES R SCR S
T

RO BB £ SR B 28 ) 455 () A B AL 0 2 2 4
R PERR A RGERAE . FEX B, FRATTE A 38 2 BORN S 4
BE, R TRIBLHIEDY Vision Permutator (501, 3 551

H T Z/AAFEARANE) Vision Permutator: ViP-Small/7, ViP-

Medium/7, and ViP-Large/7. FA1W PAFH], #0250
Rt 4 B mT DA I AT 11 Vision Permutator =4 W U145 R .
ViP-Medium/7 7] AYF ViP-Small/7 [ T 82.7%,
PR an I 1%, FE— B3GR I N a2 i — 20
REET 83.2%

B3 W g e B2 B IR B 2 ) LA
PEREMI R RO I [5], [36], (48] PATR 2 PURh o B o 49
J 75 Random Augmentation [42], Random Erasing [41],

MixUp [43] F1 CutMix [44]. iXH, FRATEAR T LIRS R
MEIAUPEREISE . R O SEIREE R . TEBCA BRI
FITESL T, FRA1AY ViP-Small/14 AL Top-1 HEMRILF
T 75.3%. {#i/f] Random Augmentation f#HI A PEREFETI &
77.7% (4+2.4%). 31 Random Erasing (HZ5 5T 2 78.0%
(+2.7% ). 28im MixUp &2 Top-1 R KT T 80.2% (+4.9% ).
7 CutMix 59E— PR R E2TH 2 80.6% (+5.3%) . %
ey R, FEIIZE CNN [48] FIHLSE Transformer (5], [36]
BF, FEyg) ey .
M\ Mixer #] Vision Permutator: JF#7#) Mixer [2] i@ w4k
JITA 1) Token SR4utdZSAME B . o~ T Bom Rl 4 it 25 (a5 5
IOLT, FRATRFEL 2ep R 43 3R i Mixer-MLP Hr ()
token-mixing MLP #43. 3 79t TSI MEER . R 756
SR, BB ERE R 78.9% , il it FATH IR
%) Mixer-B/16 W4, {HEKA16 ViP-Small/14 2% (78.9
TRLESLIGFAT 43Rt R A B R A R AT A i XA 1
HHEH.
X Permutator [iiRisss: fEx B, FATUEW] T &
T B A FE oy 5 e s )5 S B S M, O HUBOR TR
Permutator {0 #5 BB mdEfRE. 2% 7, RAITEEE T
Permutator [ FZER . TR BE R U AT
PATERASI UL 4R 3] o FRATAT AR B, o B s BB
FEAR B AmAD AR 2 S 221 M B (80.2% v.s. 72.8% or 72.7%).
K R AN e RS B R AR S . A, FRATTIE AT A
WZLF, AU Permute-MLP AL ERIA Y Permute-MLP,
A PABE— 2D MRS A ) HEBR 2 80.2% 4271 2 80.6%.

aE 28R, FAT A AN A e RN TE A 4 S G
Token FAE (I N4r32) o A ZS MBI 5 —F =02
FFATIA 2 A FH A, BIVEE A 25 () 2 AR A 3R
fiE, X SRmEERE AR [24] el SR, FEARIEL R K&
PR, T G A 2 (B4 R A anRAT T ) A A 5
ISH, WA KT B4 R s (R0 B A 7 iy g i 2 P
OB MERE . IR TR, X FPERVERFBIALA 2 KRB
80.2% ML E 79.8% (-0.4%).
ILRE] TR = ey, A=l ViP-
Small/7 £ CIFAR10, CIFAR100 #1 iNaturalist 2021 [50] %X
PR FHEAT S . FRATH A T2T-VIT —FERiRE. 3% 841
TSR EE R AT AES], il ViP-Small/7 &
CIFAR10. CIFARI100 FI iNaturalist 2021 %{{E4E FHEAS T
S imAT) T2T-VIiT MRS R A E5 R . X R, 34
ff) Vision Permutator /N4 Ery i) 3k
IR AT
PLEGiS: Mixer 1) TAERM, WA MLEFEE MLP BiAh
7 Embedding. FEixXHL, FRATHAT TH LT HA T
BREAFT AT Vision Permutator. FATIKEITESH—14>
Permutator Z §ififi f {7 & Embedding, FHHHAI#E2%>], [H
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Table 4
YKL E Token FRAELRAZAIIER. ‘Initial Patch Size’ FR#E Patch Embedding #3RA) Patch X/, ‘Fine Token’ R rZBAL4A%LE Token FTAERY
R, R 1FTAER, X Patch PRSFEKREMA Permutator i) Token HE2S T . HATATINER], 7ETHEH Patch K/NEH, RBEIRE
MEHEEEERKNE L. HRATFIHTE T4 Batch Size (32 #1128) HIFIHE.

Models Patch Size Fine Tokens Params FLOPs Peak Memory Throughput (32) Throughput (128) Top-1 Acc. (%)

ViP-Small/16 16 x 16 No 23M 4.0B 240 803 img/s 1110 img/s 79.8

ViP-Small/14 14 x 14 No 30M 6.9B 300 789 img/s 944img/s 80.6

ViP-Small/7 Tx7 Yes 25M 6.9B 342 719 img/s 800 img/s 81.5
Table 5

BEPEEIER. BANBITEMER AN (BREEH. REERE) Ry BERME. Hidden Diny. EE_MRMIRHHEE, TEE—MERERE.
B BRI IR AR SR B AR R RE

Models Layers Hidden Dim. Params FLOPs Peak Memory Throughput (32) Throughput (128) Top-1 Acc. (%)
ViP-Small/7 18 384 25M 6.9B 342 719 img/s 800 img/s 81.5
ViP-Medium/7 24 512 55M  16.3B 596 418 img/s 452 img/s 82.7
ViP-Large/7 36 512 88M  24.3B 815 298 img/s 322 img/s 83.2

Table 6 FIEBNFATAR B R, FATTAR R LA RS TE R

RS RN RSN . HA1EET CNN # Transformer FARE!
HhEtATE AR AMEERES A E#T T SR8, XETEERE Random
Augmentation [42], Random Erasing [41], MixUp [43] 1
CutMix [14]. FATATLEER, FH 4 A EHIHRFHEE R TR
48

Data augmentation methods Layers Params Top-1 Acc. (%)

MLP #ITF5 b o BARYL, FRATRFARSERT T A ro iR
MLP R R R, RIJCiR At BLEAE B R A KA
PARCEATAE R AL RN, iy A s Loy

Bt
T AR R Tk EE R R R kR (S

Baseline (ViP-Small/14) 18 30M 75.3 2018AAA0100400) /374 . Ming-Ming Cheng 75| T CAAI-
+ Random Aug. [12] 18 30M 77.7 (+2.4) Huawei Open Fund {37 .

+ Random Erasing [41] 18 30M 78.0 (+2.7)

+ MixUp [43] 18 30M  802(+49)  pogon

+ CutMix [11] 18 30M  80.6 (+5.3)

AT T 22 iR B A X B Embedding [51]. SCEEB], X
PN AR AT A A R R T 24 0.3%. X2 A FRATTY
A AR PR S RV FRE BT D & A T EAR R . B, 78
FATHY Vision Permutator AT 2 B Embedding.

5 RES5RE

AT, A T —FpH TSR S 8L 28 MLP %)
2R 45Ky . FRoA Vision Permutator. FATIAN, S5BEMHA23H
HEFE R — RG2S MLP BIRIHILE, 40 306 B A28 ) Bk
Tt Al DATEAR RFEFE Bt B bE g . FRAT I ny se ot 7840
R T A HATTRY Vision Permutator 5 H Bt
J¢ MLP AU AR, IR E Permutator
o8RG — ARG 5, BIAS1A) 46 B b A 4 i i JE, e Hofh
J¢ MLP fAIHAerE. T aEEE PSR RZ & E
), PTCEA R B B RS A ES . xX fif52E MLP
BERIARAERE I T BA 45 Fp R B 5 A R ) R 5

[1] Q. Hou, Z. Jiang, L. Yuan, M.-M. Cheng, S. Yan, and J. Feng,
“Vision permutator: A permutable mlp-like architecture for
visual recognition,” 2021.

[2] 1. Tolstikhin, N. Houlsby, A. Kolesnikov, L. Beyer, X. Zhai,
T. Unterthiner, J. Yung, D. Keysers, J. Uszkoreit, M. Lucic
et al., “Mlp-mixer: An all-mlp architecture for vision,” arXiv
preprint arXiv:2105.01601, 2021.

[3] H. Touvron, P. Bojanowski, M. Caron, M. Cord, A. El-Nouby,
E. Grave, A. Joulin, G. Synnaeve, J. Verbeek, and H. Jégou,
“Resmlp: Feedforward networks for image classification with
data-efficient training,” arXiv preprint arXiv:2105.03404, 2021.

[4] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei,
“Imagenet: A large-scale hierarchical image database,” in 2009
IEEE conference on computer vision and pattern recognition,
2009.

[5] M. Tan and Q. V. Le, “Efficientnet: Rethinking model
scaling for convolutional neural networks,” arXiv preprint
arXiv:1905.11946, 2019.

[6] A. Brock, S. De, S. L. Smith, and K. Simonyan, “High-
performance large-scale image recognition without normaliza-
tion,” arXiv preprint arXiv:2102.06171, 2021.

[7] H. Zhang, C. Wu, Z. Zhang, Y. Zhu, H. Lin, Z. Zhang, Y. Sun,
T. He, J. Mueller, R. Manmatha et al., “Resnest: Split-attention
networks,” arXiv preprint arXiv:2004.08955, 2020.



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 8

Table 7
¥} Vision Permutator KJiHRESEY . ‘ViP-Small/14 w/o Height’ 2§ ViP-Small/14 A& EERRMEHNSHBERERK (B 2PREEES
F). EUWEXIERTF ‘ViP-Small/14 w/o Width’, ‘ViP-Small/14 w/ Permute-MLP’ $§HI2EIAH Permute-MLP. ‘ViP-Small/14 w/

Cascaded Permute-MLP’ 3§82 A RBXH BTN = E 48 E X = EE R #THRD.

Model Specification Layers Hid. Dim. Params FLOPs Peak Mem. Throughput Top-1 Acc.
Mixer-B/16 (original) 12 768 50M  11.6B 521 - 76.4 (-4.2)
Mixer-B/16 (w/ our training recipe) 12 768 50M  11.6B 521 - 78.5 (-2.1)
ViP-Small/14 (sep. enc. — token-mixing MLP) 18 384 29M 8.3B 296 763 img/s  78.9 (-1.7)
ViP-Small/14 w/o Height Information 18 384 29M 6.9B 288 844 img/s  72.8 (-7.8)
ViP-Small/14 w/o Width Information 18 384 29M 6.9B 288 843 img/s  72.7 (-7.9)
ViP-Small/14 w/ Cascaded Permute-MLP 18 384 29M 6.9B 279 847 img/s  79.8 (-0.8)
ViP-Small/14 w/ Permute-MLP 18 384 29M 6.9B 288 847 img/s  80.2 (-0.4)
ViP-Small/14 w/ Weighted Permute-MLP 18 384 30M 6.9B 300 789 img/s 80.6
Table 8 [17] C. Szegedy, V. Vanhoucke, S. Ioffe, J. Shlens, and Z. Wojna,

X TiFEEE (CIFAR10, CIFARI100 #0 iNaturalist 2021 [
BilZH ViP-S7 f94i8 (FineTurning) £58R. #0 [

1) #1T
| —#, ®ANXAT
BRIEEIHITT 60 4 epoch FIRIIA.

Models Params (M) CIFARI0 CIFAR100 iNaturalist
ViT/S-16 48.6 97.1 87.1 72.5
T2T-ViT-14 21.5 97.5 88.4 73.0
ViP-Small/7 25.0 98.0 88.4 73.8

(8]

[10]

(11]

(12]

(13]

(14]

(15]

[16]

Z. Jiang, Q. Hou, L. Yuan, D. Zhou, X. Jin, A. Wang, and
J. Feng, “Token labeling: Training a 85.4% top-1 accuracy vision
transformer with 56m parameters on imagenet,” arXiv preprint
arXiv:2104.10858, 2021.

H. Touvron, M. Cord, A. Sablayrolles, G. Synnaeve, and
H. Jégou, “Going deeper with image transformers,” arXiv
preprint arXiv:2103.17239, 2021.

Z. Liu, Y. Lin, Y. Cao, H. Hu, Y. Wei, Z. Zhang, S. Lin,
and B. Guo, “Swin transformer: Hierarchical vision transformer
using shifted windows,” arXiv preprint arXiv:2103.14030, 2021.
A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet classi-
fication with deep convolutional neural networks,” Advances in
neural information processing systems, vol. 25, pp. 1097-1105,
2012.

K. Simonyan and A. Zisserman, “Very deep convolutional
networks for large-scale image recognition,” arXiv preprint
arXiv:1409.1556, 2014.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning

” in Proceedings of the IEEE conference

for image recognition,’
on computer vision and pattern recognition, 2016, pp. 770-778.
S. Xie, R. Girshick, P. Dollar, Z. Tu, and K. He, “Aggregated

9

residual transformations for deep neural networks,” in Proceed-
ings of the IEEE conference on computer vision and pattern
recognition, 2017, pp. 1492-1500.

S. Zagoruyko and N. Komodakis, “Wide residual networks,”
arXiv preprint arXiv:1605.07146, 2016.

C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed, D. Anguelov,
D. Erhan, V. Vanhoucke, and A. Rabinovich, “Going deeper

)

with convolutions,” in Proceedings of the IEEE conference on

computer vision and pattern recognition, 2015, pp. 1-9.

18]

(19]

20]

(21]

(22]

(23]

[24]

(25]

[26]

27]

28]

“Rethinking the inception architecture for computer vision,” in
Proceedings of the IEEE conference on computer vision and
pattern recognition, 2016, pp. 2818-2826.

J. Hu, L. Shen, and G. Sun, “Squeeze-and-excitation networks,”
in Proceedings of the IEEE conference on computer vision and
pattern recognition, 2018, pp. 7132-7141.

H. Hu, Z. Zhang, Z. Xie, and S. Lin, “Local relation networks
for image recognition,” in Proceedings of the IEEE International
Conference on Computer Vision, 2019, pp. 3464-3473.

X. Wang, R. Girshick, A. Gupta, and K. He, “Non-local neural
networks,” in Proceedings of the IEEE conference on computer
vision and pattern recognition, 2018, pp. 7794-7803.

I. Bello, B. Zoph, A. Vaswani, J. Shlens, and Q. V. Le, “Attention
augmented convolutional networks,” in Proceedings of the IEEE
International Conference on Computer Vision, 2019, pp. 3286—
3295.

J.-J. Liu, Q. Hou, M.-M. Cheng, C. Wang, and J. Feng, “Improv-
ing convolutional networks with self-calibrated convolutions,” in
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2020, pp. 10096-10 105.

Y. Chen, Y. Kalantidis, J. Li, S. Yan, and J. Feng, “A™ 2-nets:
Double attention networks,” in Advances in neural information
processing systems, 2018, pp. 352-361.

H. Wang, Y. Zhu, B. Green, H. Adam, A. Yuille, and L.-C.
Chen, “Axial-deeplab: Stand-alone axial-attention for panoptic
segmentation,” in European Conference on Computer Vision.
Springer, 2020, pp. 108-126.

A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn,
X. Zhai, T. Unterthiner, M. Dehghani, M. Minderer, G. Heigold,
S. Gelly et al., “An image is worth 16x16 words: Transformers
for image recognition at scale,” arXiv preprint arXiv:2010.11929,
2020.

D. Zhou, Y. Shi, B. Kang, W. Yu, Z. Jiang, Y. Li, X. Jin,
Q. Hou, and J. Feng, “Refiner: Refining self-attention for vision
transformers,” arXiv preprint arXiv:2106.03714, 2021.

A. Vaswani, P. Ramachandran, A. Srinivas, N. Parmar, B. Hecht-
man, and J. Shlens, “Scaling local self-attention for parameter
efficient visual backbones,” arXiv preprint arXiv:2103.12731,
2021.

H. Wu, B. Xiao, N. Codella, M. Liu, X. Dai, L. Yuan, and



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 9

(29]

(30]

(31]

(32]

33]

(34]

(35]

(36]

(37]

(38]
(39]

[40]

41]

(42]

(43]

[44]

[45]

(46]

L. Zhang, “Cvt: Introducing convolutions to vision transform-
rs,” arXiv preprint arXiv:2103.15808, 2021.
K. Han, A. Xiao, E. Wu, J. Guo, C. Xu, and Y. Wang,
“Transformer in transformer,” arXiv preprint arXiv:2103.00112,
2021.
L. Yuan, Y. Chen, T. Wang, W. Yu, Y. Shi, F. E. Tay, J. Feng,
and S. Yan, “Tokens-to-token vit: Training vision transformers
from scratch on imagenet,” arXiv preprint arXiv:2101.11986,
2021.
D. Zhou, B. Kang, X. Jin, L. Yang, X. Lian, Q. Hou, and J. Feng,
“Deepvit: Towards deeper vision transformer,” arXiv preprint
arXiv:2103.11886, 2021.
J. Ho, N. Kalchbrenner, D. Weissenborn, and T. Salimans, “Ax-
ial attention in multidimensional transformers,” arXiv preprint
arXiv:1912.12180, 2019.
H. Liu, Z. Dai, D. R. So, and Q. V. Le, “Pay attention to mlps,”
arXiv preprint arXiv:2105.08050, 2021.
M.-H. Guo, Z.-N. Liu, T.-J. Mu, and S.-M. Hu, “Beyond self-
attention: External attention using two linear layers for visual
tasks,” arXiv preprint arXiv:2105.02358, 2021.
A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N.
Gomez, L.. Kaiser, and I. Polosukhin, “Attention is all you need,”
Advances in neural information processing systems, vol. 30, pp.
5998-6008, 2017.
H. Touvron, M. Cord, M. Douze, F. Massa, A. Sablayrolles, and
H. Jégou, “Training data-efficient image transformers & distilla-
tion through attention,” arXiv preprint arXiv:2012.12877, 2020.
A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan,
T. Killeen, Z. Lin, N. Gimelshein, L. Antiga et al., “Pytorch:
An imperative style, high-performance deep learning library,” in
Advances in neural information processing systems, 2019, pp.
8026-8037.
R. Wightman, “Pytorch image models,” https://github.com/
rwightman /pytorch-image-models, 2019.
I. Loshchilov and F. Hutter, “Decoupled weight decay regular-
ization,” arXiv preprint arXiv:1711.05101, 2017.
G. Huang, Y. Sun, Z. Liu, D. Sedra, and K. Q. Weinberger,
“Deep networks with stochastic depth,” in European conference
on computer vision. Springer, 2016, pp. 646—661.
Z.Zhong, L. Zheng, G. Kang, S. Li, and Y. Yang, “Random eras-
ing data augmentation,” in Proceedings of the AAAI Conference
on Artificial Intelligence, vol. 34, no. 07, 2020, pp. 13001-13008.
E. D. Cubuk, B. Zoph, J. Shlens, and Q. V. Le, “Randaug-
ment: Practical automated data augmentation with a reduced
search space,” in Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops, 2020, pp.
702-703.
H. Zhang, M. Cisse, Y. N. Dauphin, and D. Lopez-Paz,
“mixup: Beyond empirical risk minimization,” arXiv preprint
arXiv:1710.09412, 2017.
S. Yun, D. Han, S. J. Oh, S. Chun, J. Choe, and Y. Yoo, “Cutmix:
Regularization strategy to train strong classifiers with localiz-
able features,” in Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2019, pp. 6023-6032.
L. Beyer, O. J. Hénaff, A. Kolesnikov, X. Zhai, and A. v. d. Oord,
“Are we done with imagenet?” arXiv preprint arXiv:2006.07159,
2020.
B. Recht, R. Roelofs, L. Schmidt, and V. Shankar, “Do imagenet
classifiers generalize to imagenet?” in International Conference
on Machine Learning. PMLR, 2019, pp. 5389-5400.

[47]

(48]

(49]

[50]

[51]

L. Yuan, Q. Hou, Z. Jiang, J. Feng, and S. Yan, “Volo: Vision
outlooker for visual recognition,” 2021.

T. He, Z. Zhang, H. Zhang, Z. Zhang, J. Xie, and M. Li,
“Bag of tricks for image classification with convolutional neural
networks,” in Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2019, pp. 558-567.
I. Radosavovic, R. P. Kosaraju, R. Girshick, K. He, and
P. Dollar, “Designing network design spaces,” in Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2020, pp. 10428-10436.

G. Van Horn, O. Mac Aodha, Y. Song, Y. Cui, C. Sun, A. Shep-
ard, H. Adam, P. Perona, and S. Belongie, “The inaturalist
species classification and detection dataset,” in Proceedings of
the IEEE conference on computer vision and pattern recogni-
tion, 2018, pp. 8769-8778.

A. Srinivas, T.-Y. Lin, N. Parmar, J. Shlens, P. Abbeel, and
A. Vaswani, “Bottleneck transformers for visual recognition,”
arXiv preprint arXiv:2101.11605, 2021.


https://github.com/rwightman/pytorch-image-models
https://github.com/rwightman/pytorch-image-models

	引言
	相关工作
	Vision Permutator
	Permutator
	Vision Permutator的各种配置

	实验
	实验环境及设置
	ImageNet上的主要结果
	方法分析

	总结与展望
	References

