Nt —T

TEZIAAR

REZIRNSTERT LA EE g A—Fh e & AIFE AR ER,
HohERICNEMEZE— MBI BZEAOVEA. EXNES, 80 RESRFEEmEE— LR
NEE, MIIFESEEE— N 2FFIWIEEA, BIBECHARRRE. X MIEIE S REINEMEFT
RINEE A ——BF 2RI AR R P——IFEE IS EE, FHBeIILCEFRINA R EFEBESTIES,
Ban, BIRE—mICIEY T —M B R KRN IR, IXECRRRE(E 28 ATES Tt _LEPEEiaE
17%£;

M BRI UAR T —FEE U TRAOBREN O, IEEHEEFRSA SR8,
BIXEANBFTRESIEESR, — M MAREBRESIITE— N FHWIEEA, BMNEEBENEZWINAZ, IR
BEKAT A S R0ETT, MXESIZFREICSIHIZ .

HIHR, MRESMHR—MER, XMERETWHE, RATARERANR. LRSI TERA
B. MEBCEEENX, MEKRRSLER. E/MER, BCiiieXER. BRERA, FEEER
RABERFERAR, SXECERENIMER, —NMEX, Rk, ZHRZED.
REBRIFEEESTHEIREE.

BB, ERRXFIRR. RZAIRXEERY. BRIk, FURIEXNIIE, Mk, BBS7T £
REHSONERER, NRRRER, ZIEL VFRIGMAMRR, SMER, KEUHE—T, &R
RE. RRREE, BHAIRNCERRETRT, BEHEEGIEN, BAGICNHAEENXLE™,
LIRS, ARBEAEENRE, 15, AREMERIEZEAR TR TIHA!

X—EpoRERIE, FREEFINL, FAEARREENRHAER,

BMELR, FEDEMIDMRERGES: 1. EF 2. 60 3. IR 4. 8. MIX MU MRIREREE
MBI EEHSRAT,

AURENEABMIANHECRERER, BENFABINTERF. MERHLEBEERZH.
EA—RCSERRER A Bl LIEPRESHT, FRLAESRFIRTUGEMERSE. FMUAARARMUE, BE=
RART. MABCHMEES, NMRERARTUEBFEEIMIRONE. MREA, HRIRR,
ERESIIRIR, BR—RESIFRY.

INFBFE TR, FTLBSREAERICGFAE. MMEE, MEREABINENRAEELERERAMT.

1. SE Neti=iR

X {Squeeze-and-Excitation Networks)

1. {EH

SENetiBId B I N—NTHE I8 TT——"Squeeze-and-Excitation” (SE) 3R——SEiEimEiRma MKHHML
FeeH., RIRSETRMERMLEE (CNN) BIERMIREH, BB EESTUS BB BRI, N
ME/VFEAEINTTERANER T EERF GRS, SEHERAMNEZIRIEARL: E45 (Squeeze)
FOEED (Excitation)
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2,

1. ESERME:

SERRESEE 2B HERETRNEFIENTEEE (BEHIEEW) #TRE, AEMEE
ER—MBEERAR, X—PEREERTAEEEER—NBERE, MK BERHEnNEE
oM. X—2REENTE SRNEFIMETEEXEE.

2, BHhiRAE:

TEEELSRZ R, MRA— RS, ZIVHAR ERER &R (FC) BEH— MRS REL
(BHRsigmoid) HARIBI =, B—ANFCERE T BIEMATTAI4ERE, NAReLUIFZIERIE,
MRS _NFCESERTRRNEEERE. XMIERE T BEAENIEEMRE, FrET—HBEN

=1

3, FHIEEHBOE:

AR FRYE BT B RUERIRRNFHEE. MAHEER S MEEER R XS N AR ER T
T, X—LSEAEREMERAEEFEANFE, FERHIEIACERINHE, FEEREBETTESIR
LEPSENESEN

3. RIS
1. BRI

SE Netiy# O RA BT SER BV IEEEREAKIER R, BRUHRT 7 MBI R EEEREEEEAY
ENAEFNBURNE, XMITERIFRESFSSIER S MEEAFERLN, LIEEE RRHEFDHIA
APAEEAIHHIE.

2, BERBEBYW:

RESERAMBZSINTEMITE, EERITIFESN, SYMISHETEEENR/. XE®E
SENetRLAE LA IEEL A/ IIHERERERIBR , BERFHEEIERE.

3. RBREFRIEME:

SERRATLAMMA—MELR, BMEAZIIIECNNZRM PR IME, BiEResNet, InceptionFIVGGER
TR, XFMESRCRITHRE TIRKRIENE, [F5SENetm] LU 2 NBTRFZEFES S, TEXT
[RIAMEEBRIA T IR EIE L,

4. BESHESIRERAZLEED:

SENetfEZ M EVEAUES ERIMM T MURAMEE, SEEGS XK. BReUMEN S EIFZ MIRE
5. XFRPASERAMNBERFHFEES MRS, TEERIFRIZIEEN, REBEESTIEAIESER R
ISR

5. VESRRYISERTERED

BYEBEERIEEN, SENetRiBERXUFIBREAMHERIIAEN. XMIERAIFRIENES
REREEEE MR CIRREGAE, NMRSRRAVEHENSEE.
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4, X§58:

import numpy as np

import torch

from torch import nn

from torch.nn import init

class SEAttention(nn.Module):
# WIUGLSERER, channel NiEIE%, reductionARF4ELlx
def __init__(self, channel=512, reduction=16):
super(Q).__init_Q
self.avg_pool = nn.AdaptiveAvgPool2d(1) # HiGER VINALE, WL B 2 a4k
45 H1x1
self.fc = nn.Sequential( # & XWHANEREEAEIEE, 8 P4 R0 T4 0 5 =

B
nn.Linear(channel, channel // reduction, bias=False), # [&4:, Ji/bZ%
WA
nn.ReLU(inplace=True), # ReLUMIGH%L, I NApLkit
nn.Linear(channel // reduction, channel, bias=False), # J4E, k&35
GRUEB R
nn.sigmoid() # SigmoidifE ek, fith &R/ N i E 2 R4
)
# BV I E
def init_weights(self):
for m in self.modules(): # i HRE A TG Tk
if isinstance(m, nn.Conv2d): # X T GH)E
init.kaiming_normal_(m.weight, mode='fan_out') # ffifikaiming¥is
M IERTAR AL
if m.bias is not None:
init.constant_(m.bias, 0) # WA fED, MWL A0
elif isinstance(m, nn.BatchNorm2d): # Xt THtH—{k2
init.constant_(m.weight, 1) # K EYIHILNL
init.constant_(m.bias, 0) # {mEW/LH{L A0
elif isinstance(m, nn.Linear): # X} |4iE#2
init.normal_(m.weight, std=0.001) # FLEfE LAY
if m.bias is not None:
init.constant_(m.bias, 0) # fW&EWiH1L N0
# AFAERE TR
def forward(self, x):
b, ¢, _, _ =x.s1ze() # FIEAXPHLE R/ NbFIEES C
y = self.avg_pool(x).view(b, c) # il HENFEMWILEE, AR CAVLE 4%+
JIOETPN

y = self.fc(y).view(b, c, 1, 1) # EideEEEHAEEERENE, JHBRRLLHE R
UEERRNREERPIAIN
return x * y.expand_as(x) # RpiiE s RN H B R AGRIEE L, BT RRE SUETA

# flfE
if _name__ == "_main__":
input = torch.randn(50, 512, 7, 7) # BEHLAR— AN EREE]
se = SEAttention(channel=512, reduction=8) # sCfil{LSEMIH, 58 FHEYElL%E RS
output = se(input) # ¥4 NRHIE E T SERH T Ab 3
print(output.shape) # FTENACHLERIRFEEITEIR, B0 UESERBLEI1E
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2, CBAM{=IR

1832 {CBAM: Convolutional Block Attention Module)

1. {EH

BN T RIS ESIRHE MBS EREMIR A — R R MA AN EEER, CBAMIBIS T HEHERRTF
HEFREEHE (BENTE) , AR IENEFRISNFEEH TR ENAFES .

2,

1. BEFEEIIER (Channel Attention Module)

BEN AL ERBEXZREMBETENE. SMEEANHEERMA—MHERNRE, BEE
BAXETEEBNEGH HAREREXN. ATEMHEBETE], CBAMBELIHNEER
TRMEEHITESS, RRERTSEAMEAHCRERERTERTE LT SHARF, XA
FRZERFIN (MLP) LIEBEEEIE.

2. FEFEHIER (Spatial Attention Module) :

FRFHEC BN RXFRERT RIS HE. SEEIEATRE, FEEEARETEREE—
BEERHD, XSBEIEHRE M. ATIHEZETEHN, CBAMBEGEREMMNATIHL
MEAHIERE, RRREIEREREN— N SHRWHEEAR. EzEAtT ENB—MERERE
PEEEESE.

3. RIS
1. WEEESN:

CBAMENREIBEEES (Channel Attention) FIZS[ELEES] (Spatial Attention) [RFEESHESE, Xt
BINFHEH TN RIS, XM HHERSGT T BB EEERN", AEBR T T =E L
MEREER, NMENSEERITORER.

2. EliERHSISEIRE:

BYBETEOMTEEENNELMNA, CBAMBEE BEMEEERNHIEFEMNBE=EE
REEM. XMPTEENEFENHAIHEREREESFIRIAE LGSR ETREBIHE, A
MRS REIRIRAERE DR R AR,

3. RiEMHHMEMMT:

CBAMIRBIRITHENE, PIREMEEREISFIIBRICNNSEGH, WResNet, Inception®, MAREXIR
SRBERIH T RAUERL, XM RIEMFIBAMHECBAMB A—FEXRES, AILU 2R AT SRR
BES, BEEGSR. BMRUMEY S EIF.

4. HEHES:


af://n40
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RECBAMMEEIS INTHESOMILME, EERTERTIHENER, NBETEBHIIRBARE
HwBETEONTTE, BYEBNESRIBERLITRIERE. XERITHESCBAMBESERRIERER
FHIRERT, RIFRIRAVEIMTERA.

5. EEHRIRRNE:

CBAMAREEMZ BT MIRFRA, FZpL T —MZESAE iR N\RHERRER, X MNBIERI=EANE
SHWISRE, BEITREESUEHBEEEOIE, iR RAEINEEXANFE, MAE—RME
A ERFFBER.

4, 159

import torch
from torch import nn

# IEIEVE R B
class channelAttention(nn.Module):
def _init__(self, in_planes, ratio=16):
super(ChannelAttention, self).__init_(Q)
self.avg_pool = nn.AdaptiveAvgPool2d(1l) # Hi&EMN ik
self.max_pool = nn.AdaptiveMaxPool2d(1) # [i&M i Kibik

# BAGIER T DAL G RRE o 2 S B E

self.fcl = nn.Conv2d(in_planes, in_planes // ratio, 1, bias=False) # %
—NERE, g

self.relul = nn.ReLU() # ReLUMI5 %L

self.fc2 = nn.Conv2d(in_planes // ratio, in_planes, 1, bias=False) # %
“ANERE,

self.sigmoid = nn.Sigmoid() # Sigmoidpf%i it i & I E

def forward(self, x):
avg_out = self.fc2(self.relul(self.fcl(self.avg_pool(x)))) # X Ptk
FRAEEAT b 2R
max_out = self.fc2(self.relul(self.fcl(self.max_pool(x)))) # Xl Kibiki
FRAEEAT Ab 2R
out = avg_out + max_out # MGPIRIBALIIRFEITBRIE A%
return self.sigmoid(out) # f§fHsigmoidiEguid k&t B = IRGE

# FAER IR
class SpatialAttention(nn.Module):
def __init__(self, kernel_size=7):
super(SpatialAttention, self).__init_(Q)

assert kernel_size in (3, 7), 'kernel size must be 3 or 7' # LA/ HfE
387
padding = 3 if kernel_size == 7 else 1 # ¥ A/NEEER

# BRZ T MBI Bt AR i Rt A RFAE B 2 3] 2 (Al R A R
self.convl = nn.Conv2d(2, 1, kernel_size, padding=padding, bias=False)
self.sigmoid = nn.Sigmoid() # Sigmoidef%is: plid &M JIALE

def forward(self, x):
avg_out = torch.mean(x, dim=1, keepdim=True) # X \4FULEHAT T Ltk
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max_out, _ = torch.max(x, dim=1, keepdim=True) # i NEFLEHIT &AL
x = torch.cat([avg_out, max_out], dim=1) # F b iR et ok

x = self.convl(x) # HEILHZAEER 5 R E

return self.sigmoid(x) # fliHsigmoidiiid kil HEE IE

# CBAMBR
class cBAM(nn.Module):
def __init__(self, in_planes, ratio=16, kernel_size=7):
super(CBAM, self).__init__Q
self.ca = ChannelAttention(in_planes, ratio) # ifi&yEz /il
self.sa = SpatialAttention(kernel_size) # =[]yt )yl

def forward(self, x):
out = x * self.ca(x) # @R IBG N RHE K
result = out * self.saCout) # {liFHZ5IAE & )yt AU AE 1€
return result # R[EHANFFEE

# ol

if _name__ == "'_main__":
block = CBAM(64) # @il —~CBAMELHR, % \ifiE }64
input = torch.rand(1l, 64, 64, 64) # FEHLAM M ALK
output = block(input) # it CBAMEE B AL HF 4 N HEFE K]
print(input.size(), output.size()) # FTHIHAIIHLH

3. ECAf=IR

16X {ECA-Net: Efficient Channel Attention for Deep Convolutional Neural Networks)

1. {EH

ECARIR EHIEIT 5 I \—MERAEE TR DRGSR REETRHENSANHER TN, BEET
RBEENEIERIR R, IWMEMNSBEEEE NSRRI SIS EERAHE, RAHEEES
FMNTEESS ERIMERE.

2,

ECAEIRAYZ OHFI 2B — Ma SR ME— STk BB tHEEBE 2 BRREHE, MAHREE
FMIFHERNTIRE, XMRITHER TEFEEIEDNSITERNSERAN (MLP) &, B TRESHRE
MitHEGE, ECABTIHTE—MBENZA)N, BEREEEREENA—4ESR, NEIENE
ERENTRMEENEEM.

3. IS
1. HEEH:

ECAIRLRIEIT B R EFERAIMLPEER, KIRFHE T B MU ERAMIREISE, XSRS
ECABBBRAENENNEETTERIBRIER T, SRR,
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2, TRbEMEFSE:

SEGHIESINSIELE, ECARRTTHHATIFEFTHHERVERNE, XENMURE T RIGBEERIANEE
TEM, BH—DRH TRESRE,

3. BliERH#ZKI:

ECAIELRIRIEEE A BB N ERE— ST/, (EEES RIEHRIE AR EE A REE L,
XM B ENAHESECAERRMER NS RRENEX PERREE L.

4. BFERL:

ATHEHEERMSMAMTE, ECARRILIBIEIRAZHHAIMERICNNE GG, TTHEXI IR EERE
PHTARRHENR, TR IERERML T — MBS MA RIS .

4, X85

import torch
from torch import nn
from torch.nn import init

# € N ECAVE: = I r) 2%
class ECAAttention(nn.Module):

def _init__(self, kernel_size=3):
super(Q).__init_Q
self.gap = nn.AdaptiveAvgPool12d(1) # & X Afm FHihib)=, K2 a4e s 40 A 1x 1
# N —AIDEM, HTAHEIER PSR, AN, padding il B EHA2e
self.conv = nn.Convld(1l, 1, kernel_size=kernel_size, padding=
(kernel_size - 1) // 2)
self.sigmoid = nn.Sigmoid() # Sigmoidei¥t, JH T IH&&HIVER SR E

# BCEYIGEN T
def init_weights(self):
for m in self.modules():
if isinstance(m, nn.Conv2d):
init.kaiming_normal_(m.weight, mode='fan_out') # XfConv2dZ=fiH
Kaiming#lahik
if m.bias is not None:
init.constant_(m.bias, 0) # WA MmES, ML N0
elif isinstance(m, nn.BatchNorm2d):
init.constant_(m.weight, 1) # it (L 2R EMILH N
init.constant_(m.bias, 0) # itV (k2R E I A0
elif isinstance(m, nn.Linear):
init.normal_(m.weight, std=0.001) # 4%/ BE Al 1] 1E A0 A a1k
if m.bias is not None:
init.constant_(m.bias, 0) # 4% WEYIIHIL N0

# ATRMERE T
def forward(self, x):

y = self.gap(x) # X AxR 4R TFik, B2bs,c,1, 1415 H

y = y.squeeze(-1).permute(0, 2, 1) # RBEREJa —MEEIFKE, NIDGMHER, &
Nbs,1,c

y = self.conv(y) # MWHERMNyNHIDER, fH3lbs,1, 4 1%L

y = self.sigmoid(y) # RiSigmoide%uiis, B3 &MERINE
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y = y.permute(0, 2, 1).unsqueeze(-1) # A EIFMIN-—A4EE, DLIVLHELE 4G A X
(14 g

return x * y.expand_as(x) # MR AENHBFEGEMAX b, @) LY R 4R
HPATIZE TC R TiE

# RIS
if _name__ == "_main__":
block = ECAAttention(kernel_size=3) # SEHIMLECATE S I, fawiz K/hn3
input = torch.rand(1l, 64, 64, 64) # A — BN
output = block(input) # K N\l ECAREH L3I
print(input.size(), output.size()) # FEVHAFGH T, BAUFECARBE/EH

4. CoordAttentiontsiR

18X (Coordinate Attention for Efficient Mobile Network Design)

1. {EH

Coordinate Attentionf2 i T —FAGERNG, BT ERIMESFIRANIEEREBE TP,
XMFEMUK T BLBEREREN", MEXTEREXE, BUEEMtES=ERFEEEEHE
A9ERL, H—TIRTHERMERE,

2,

1. BIRMEREA:

SEaEE IR NET2 DBt BRIk EEIENBE—FIEAEARE, Coordinate Attentioni&iE@
EIFENDEATRN DIFERIDITIRE, 23RN ERAE. XS LB HiEs— 1 =as
MR, ERREEE— M RARNERUEER.

2, BIRESHERK:

BREENKFS AR SAHEERISR X AR ESERSEENE, XA NEEHEHRE
HERT FREINAEE L, 1538 7 XSRSV,

3. MIHKEB
1. RIS E S

Coordinate AttentioniBid 475 MRBANFNMEBURAGTENE, (ERELEEH B EREEANRBIE
MR, XMEENEREEEHEERGEXE, B 7R ESERIEFRET.

2, RiBHEMRER:

Coordinate AttentionfiZIHE G, TLUSIABRAZIE BRI EEIH, tNMobileNetv2,
MobileNeXtflEfficientNet, JLFEAENMTEIE, ERTFITESRESZIRAIRIE.

3. BS(ESSTHERERH
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Coordinate AttentionfMYXfEImageNet ({155 LB, FHE NHESUINSICUFHE X o8 ERILH
BiFaItERE. X T X FREXRREENEESD, THESEZEMUNESHRINEE.

4, X85

import torch
import torch.nn as nn

import torch.nn.functional as F

# € Xh_sigmoidBufkE, X2&—FilsigmoidikiiL

class h_

def

def

sigmoid(nn.Module):

__init__(self, inplace=True):

super(h_sigmoid, self).__init_Q
self.relu = nn.ReLU6(inplace=inplace) # fli/lReLUGSH

forward(self, x):
return self.relu(x + 3) / 6 # AANReLU6(x+3)/6, HIUSTgmoi diis k%L

# €N h_swish¥ig k%, X2&5TFh_sigmoidifiswishgar i

class h_

def

def

swish(nn.Module):

__init__(self, inplace=True):

super(h_swish, self).__init_(Q)
self.sigmoid = h_sigmoid(inplace=inplace) # f#Jf i X h_sigmoid

forward(self, x):
return x * self.sigmoid(x) # ~xlx * h_sigmoid(x)

# £ X Coordinate Attentionfibt
class CoordAtt(nn.Module):

def

def

__init__(self, 1inp, oup, reduction=32):

super(CoordAtt, self).__init_Q

# 58 XOKFAEE By R E IE RCE AL

self.pool_h = nn.AdaptiveAvgPool2d((None, 1)) # KV /i
self.pool_w = nn.AdaptiveAvgrPool12d((1l, None)) # 1EF Jjlnl

mip = max(8, inp // reduction) # it HiEIE%L

# IxLER T4k

self.convl = nn.Conv2d(inp, mip, kernel_size=1, stride=1, padding=0)
self.bnl = nn.BatchNorm2d(mip) # fit)1 {k

self.act = h_swish() # BUGHAEL

# IR, 73 Hl%d NoKFF 3 BT R
self.conv_h = nn.cConv2d(mip, oup, kernel_size=1, stride=1, padding=0)

self.conv_w = nn.Conv2d(mip, oup, kernel_size=1, stride=1, padding=0)

forward(self, x):
identity = x # {REMAENKRZEER

n, c, h, w=x.size() # AT
x_h = self.pool_h(x) # /KFJmikit
x_w = self.pool_w(x).permute(0, 1, 3, 2) # &)yl Ab A0 Hege i DLk N %


af://n106

= torch.cat([x_h, x_w], dim=2) # PHEKFHIEE 7 A 1RE
= self.convl(y) # iEidIx1ERELE

= self.bnl(y) # HtH—1k

= self.act(y) # BIGEEH

K K K K

x_h, xw = torch.split(y, [h, wl, dim=2) # FRHFALIRIT [EIKCT RIS BT A
X_w = x_w.permute(0, 1, 3, 2) # MKEx_wHJRIH4EE

a_h = self.conv_h(x_h).sigmoid() # lilIxTEFHHNHSTgmoi d3REUKF 7 i &
JIRE

a_w = self.conv_w(x_w).sigmoid() # @#HitIxTHEFIEN ST gmoi dIRHEE 5[4 (1=
JIRE

out = identity * a_w * a_h # MNHEEIIBERIRNRE, 55k EERAHTE

return out # R[l%iH

# ol

if _name__ == "_main__":
block = CoordAtt(64, 64) # s:fflfk.Coordinate Attentionfilh
input = torch.rand(1, 64, 64, 64) # @& HEHLEA
output = block(input) # iEilfidesb g A
print(output.shape()) # 7 ENGAFIEH )

5. SimAM#EIR

1B {SimAM: A Simple, Parameter-Free Attention Module for Convolutional Neural Networks)

1. {EH

SimAM (Simple Attention Module) fRHT—MESERBIFEBRITEER, BTERMHLEN
&, SENBEEEMNTEHERETRIERARE, SImAMBEE AFHEERIEMRETHERH3DIER
INE, MITHFERBMNEFRIISEL.

2,
1. SRR

SIMAMETZERIHEMFIEE, BN EERECkEHE ML THNERN. X MNIERRI
HETFHFSEHEIRBEMET,

2, REASHABREGE:

T RERREL, SImMAMEESH T —MRERNASHIUFRL R, HRER T X MERL EILUEREHAT
REePsEHl, XM iRER T SRR EBITE, ERRANRITEAEEEX.
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3. 3RS
1. EBBGT:

SIMAMBI— P BENBZENBEIMETEIMISE. XEESImAMA LIRS NEHETIARICNN
LR, JUFAIEINT B,

2, ER4ERM3DIE:

SXRZHINBRITIENERARE, SImAMBEBER NS MRMETTEMEIERI3DNE, MAREEE
BEEMEE L. XFrEEREE OISR Bt e EI R AL E R,

3. ETHERZMNET:

SIMAMRJIRIT RESKE T AKIRFRGER O, CER=EMHIS, EEERRITESPRIX
RESHEENSIEA.

Ik

4, X85

import torch
import torch.nn as nn
from thop import profile # 5l Athop/EkilHHIA M FLOPSHIZ 43 &

# E L STmAMER R
class Simam_module(torch.nn.Module):
def __init__(self, e_lambda=1le-4):
super(Simam_module, self).__init_Q)
self.act = nn.Sigmoid() # ffHSigmoidiiifek%L
self.e_lambda = e_lambda # X Figlie_Tlambda, [jil7EEA0

def forward(self, x):
b, ¢, h, w=x.size() # JHEAXTIS
n=w®*h -1 # IIEREEMNICHEEER—, HT FHHE—k
# IFENRHEXS HSE 2 Z 1
x_minus_mu_square = (x - x.mean(dim=[2, 3], keepdim=True)).pow(2)
# ITEEEINEY, XL STmAMPIZ O E AR
y = x_minus_mu_square / (4 * (x_minus_mu_square.sum(dim=[2, 37,
keepdim=True) / n + self.e_lambda)) + 0.5
# IR B2y B I B N RAE
return x * self.act(y)

# A
if _name_ == '_main__":
model = Simam_module().cuda() # =ZffbsimAmME IR #IGPU L
x = torch.randn(1, 3, 64, 64).cuda() # @& - EEHGAITFZEIGPU L
y = model(x) # FiNfeifish it
print(y.size()) # FTENHIH R
# (i thopE i H BN 1 FLOPS FISHU AR
flops, params = profile(model, (x,))
print(flops / 1e9) # FTEILIGiga FLOPS N EF M EFEAL
print(params) # fJEIRTSH =
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6. ACmixf=EiR

18X {On the Integration of Self-Attention and Convolution)

1. (€@

ACMIXIZIFA—MES TEFAIEIEEITHNBIIREGER, SEETRSHEIHAIRRIERE
BIRYFRBEIFOMERE,

2,
1. RAHH:

ACMIXEITEES BRI NEBRAIENTIEFRINEEHRINGES, LT — SR IRS
SRIg. XFPRISET R MESR PR FI BRI, ETHRERIHERIAIEREN.

2. ERERFEHIRIKEL:

Bt ACmiXBIZ 1 X1 EFRIMNHEERR TR, FE—HFENTEGIE. AE, XEPEHFER
ERFREARRSEEHTRE, BEEENIEITH. XMMRIHEACMIXERREE R BiE IR
RORIENE, BRERAETRRIEERRZ IS,

3. BUHRITSSRIEE:

ACMIiXPEFRERFRPENHBERAABFIKRTIHRE, RUTFERETUER, A TIESLIREERE,
ACMixKATRERIDEBR (depthwise convolution) RAERRHITKERIFRIE.

3. IYSEE
1. e

ACMiXBEMUHEBEMALESIHTE, RE7TBMIRITENR, RSNt ERIE
HUIE MRTHEREEE,

2, MHREIRH:
BYBRESSHRMEEENIMNR, ACMXESMITRES LERHATRE—H ((ERENEE

) psE, R TEMZINAEES.
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# FAPyTorchHocHis, H THIEFII Z5ph 42 2%
import torch

import torch.nn as nn

import torch.nn.functional as F

# X NRECRAERALE Y, REl NS EE B E
def position(H, W, is_cuda=True):

# R AR RN ERE S, JCEE-1312 0H

if is_cuda:


af://n131
af://n133
af://n136
af://n144
af://n150

Toc_w = torch.linspace(-1.0, 1.0, w).cuda().unsqueeze(0).repeat(H, 1)# N
B I AR RS 1 R R PR A R I B I B G PU
Toc_h = torch.linspace(-1.0, 1.0, H).cuda().unsqueeze(l).repeat(l, w) #
N FE AR R M TR ER A A7 B S B IF BB GPU
else:
Toc_w = torch.linspace(-1.0, 1.0, w).unsqueeze(0).repeat(H, 1) # {:CPUL
N T AR IR P T B AT AR R
Toc_h = torch.linspace(-1.0, 1.0, H).unsqueeze(l).repeat(l, w) # fECPU L
N e T AR R TR] BRI A7 B A R
Joc = torch.cat([loc_w.unsqueeze(0), loc_h.unsqueeze(0)], 0).unsqueeze(0) #
HIEEMEENMEGER, Hm— 4
return loc

# SR KARE, TR
def stride(x, stride):
b, c, h, w = x.shape
return x[:, :, ::stride, ::stride] # il K REMICRRERE

# VIR, Kok E AR A0.5
def init_rate_half(tensor):
if tensor is not None:
tensor.data.fi11_(0.5) # fiifH0. 5k wika

# WG E, Ik EREER A0
def init_rate_0(tensor):
if tensor is not None:
tensor.data.fi11_(0.)

# 5B LACMT xRREH K
class ACmix(nn.Module):
def __init__(self, in_planes, out_planes, kernel_att=7, head=4,
kernel_conv=3, stride=1, dilation=1):
super(ACmix, self).__init__Q # AWM R %L
# WIHWEI S
self.in_planes = in_planes
self.out_planes = out_planes
self.head = head
self.kernel_att = kernel_att
self.kernel_conv = kernel_conv
self.stride = stride
self.dilation = dilation
self.ratel = torch.nn.Parameter(torch.Tensor (1)) # V&)1 RE
self.rate2 = torch.nn.Parameter(torch.Tensor(1)) # RV ZRE
self.head_dim = self.out_planes // self.head # % /:Lif4E)E

#  H TR SRR 2

self.convl = nn.Conv2d(in_planes, out_planes, kernel_size=1)

self.conv2 = nn.Conv2d(in_planes, out_planes, kernel_size=1)

self.conv3 = nn.cConv2d(in_planes, out_planes, kernel_size=1)
self.conv_p = nn.conv2d(2, self.head_dim, kernel_size=1) # {7 &Zmh515&F~

# & X HEFER AT Mpadding Mg HEAE
self.padding_att = (self.dilation * (self.kernel_att - 1) + 1) // 2
self.pad_att = torch.nn.ReflectionPad2d(self.padding_att)



self.unfold = nn.unfold(kernel_size=self.kernel_att, padding=0,
stride=self.stride)
self.softmax = torch.nn.Softmax(dim=1)

# E XH T A BB S BT AR ZFIR ] 7 B ERZ
self.fc = nn.conv2d(3 * self.head, self.kernel_conv * self.kernel_conv,
kernel_size=1, bias=False)
self.dep_conv = nn.cConv2d(self.kernel_conv * self.kernel_conv *
self.head_dim, out_pTlanes,
kernel_size=self.kernel_conv, bias=True,
groups=self.head_dim, padding=1,
stride=stride)# REWHpEERZE, HTNHIIEERZ

self.reset_parameters() # Z¥wiahiik

def reset_parameters(self):
init_rate_half(self.ratel) # HIGALIER /14 XM ENO.S
init_rate_half(self.rate2) # WIHLERYTHENO.S
kernel = torch.zeros(self.kernel_conv * self.kernel_conv,
self.kernel_conv, self.kernel_conv)
for i in range(self.kernel_conv * self.kernel_conv):
kernel[i, i // self.kernel_conv, i % self.kernel_conv] = 1.
kernel = kernel.squeeze(0).repeat(self.out_planes, 1, 1, 1)
self.dep_conv.weight = nn.Parameter(data=kernel, requires_grad=True)# <
BAWFISH
self.dep_conv.bias = init_rate_0(self.dep_conv.bias)# #ifithimE ~0

def forward(self, x):
q, k, v = self.convl(x), self.conv2(x), self.conv3(x)# M|
scaling = float(self.head_dim) ** -0.5# %iAr, AT HEE I
b, ¢, h, w = g.shape
h_out, w_out = h // self.stride, w // self.stride # it&4H 1 m G

pe = self.conv_p(positionCh, w, x.is_cuda))# Epifi &gt

# ANEEBEIINEESg, k, v

g_att = q.view(b * self.head, self.head_dim, h, w) * scaling
k_att k.view(b * self.head, self.head_dim, h, w)

v_att v.view(b * self.head, self.head_dim, h, w)

if self.stride > 1: # WHIPKKTL, WX QAL E 34T B KA
g_att = stride(g_att, self.stride)
g_pe stride(pe, self.stride)

else:
gq_pe = pe

# JRITKAG B, W& BFEEIITE
unfold_k = self.unfold(self.pad_att(k_att)).view(b * self.head,
self.head_dim,

self.kernel_att *
self.kernel_att, h_out,

w_out) # b*head,
head_dim, k_attA2, h_out, w_out

unfold_rpe = self.unfold(self.pad_att(pe)).view(l, self.head_dim,

self.kernel_att * self.kernel_att, h_out,

w_out) # 1, head_dim,
k_attA2, h_out, w_out



# THEER I
att = (g_att.unsqueeze(2) * (unfold_k + g_pe.unsqueeze(2) -
unfold_rpe)) .sum(
1) # (b*head, head_dim, 1, h_out, w_out) * (b*head, head_dim,
k_attA2, h_out, w_out) -> (b*head, k_attA2, h_out, w_out)
att = self.softmax(att)
# NV JIRE
out_att = self.unfold(self.pad_att(v_att)).view(b * self.head,
self.head_dim, self.kernel_att * self.kernel_att,
h_out, w_out)
out_att = (att.unsqueeze(l) * out_att).sum(2).view(b, self.out_planes,
h_out, w_out)
# ARG
f_all = self.fc(torch.cat(
[q.view(b, self.head, self.head_dim, h * w), k.view(b, self.head,
self.head_dim, h * w),
v.view(b, self.head, self.head_dim, h * w)], 1))
f_conv = f_all.permute(0, 2, 1, 3).reshape(x.shape[0], -1, x.shape[-2],
x.shape[-1])

out_conv = self.dep_conv(f_conv)
# W 15 ORI AR 43 S AR D
return self.ratel * out_att + self.rate2 * out_conv

# N NCHW, % NCHW
if _name__ == "_main__":
block = ACmix(in_pTlanes=64, out_planes=64)
input = torch.rand(1, 64, 64, 64)
output = block(input)
print(output.shape)

7. Axial attentionfEiR

183 {AXIAL ATTENTION IN MULTIDIMENSIONAL TRANSFORMERS)

1. {EH

Axial Attention 12 T — M BT EGHIEMEABSEKEELNEIENE TR HENBRITFEE, E5%
HNBERIFRAEEARSHEHIEMSEITERRERRKIKR, BANT RO RRFRRMEDHRE LI
EE A EME . Axial Transformers 1t SEEFSEUE LEXES D HRIRERAMMZ T ERR
EREFIEENNEN, EXRGENAFINITERR, HEinEEmEEsEE LR THhIE
R,


af://n153
af://n155

2,
1. WS

SxdikETRmNFIINBNERIERNAR, Axial Transformer JBEKEMENENEFES, FRA
"“HEFEN, MAREFKE. XMEEETENNEER LIRERFENTEEE, RAEBEA
MERENZ MEEXIST.

2, ¥HITEH:

Axial Transformer RIEEMRIFEMBBIFTITEBAZE ETX, MEHSINHRIZIERIKR, XX
FEMFEEIEFE ABIAxXIal Transformertb 22N,

3. 5SS
1. HERE:

Axial Transformer B3 FE IR EFERRER LM TEE TS, WFEBN=N1/dx---x
N1/d iZIRBY d k=, BHRERITRD, MEFENEZERELTET O(Nd-1)/d) BAF.

2, RE|FTEN:

REAxial TransformeriBFBMNANFLFEN, (BEHEWZITHRE 7TERETUUFRASENSBEEE, *
ELIIBI— MR RAUKTRE.

3. EERZBEM:

Axial Transformer REEANGPUSTPUREIFENTIER, BrlERREFIELEF Iz HE
BE (EEEZENMatMuli®f(E) s,

4, 188

import torch

from torch import nn

from operator import itemgetter

from torch.autograd.function import Function

from torch.utils.checkpoint import get_device_states, set_device_states

# B AR, BRI R A AR S LA BLEs (RNGD RS2 AT .
class Deterministic(nn.Module):
def __init__(self, net):
super(Q).__init_QO
self.net = net # ZALLEKR%%
self.cpu_state = None # CPU RNGIRZ
self.cuda_in_fwd = None # Hi[alf&i# /&5 7 CUDA
self.gpu_devices = None # {fiJlJ{IGPU %
self.gpu_states = None # GPU RNGIRZS

# AT BEALIRES
def record_rng(self, *args):
self.cpu_state = torch.get_rng_state()
if torch.cuda._initialized:
self.cuda_in_fwd = True


af://n158
af://n164
af://n172

self.gpu_devices, self.gpu_states = get_device_states(*args)
# i1 443
def forward(self, *args, record_rng=False, set_rng=False, **kwargs):
if record_rng:
self.record_rng(*args)

if not set_rng:
return self.net(*args, **kwargs)

rng_devices = []
if self.cuda_in_fwd:
rng_devices = self.gpu_devices

with torch.random.fork_rng(devices=rng_devices, enabled=True):
torch.set_rng_state(self.cpu_state)
if self.cuda_in_fwd:
set_device_states(self.gpu_devices, self.gpu_states)
return self.net(*args, **kwargs)

# TIPSR, ST ) 2 A — N
class ReversibleBlock(nn.Module):
def _init_(self, f, g):
super(Q).__init_Q
self.f = Deterministic(f) # (U, mifincit
self.g = Deterministic(g) # iigR%l, Mifrimett
# AR, SR
def forward(self, x, f_args={}, g_args={}):
x1, x2 = torch.chunk(x, 2, dim=1) # %4 AP
yl, y2 = None, None

with torch.no_grad(Q):
yl = x1 + self.f(x2, record_rng=self.training, **f_args) # ilfiyl
y2 = x2 + self.g(yl, record_rng=self.training, **g_args) # il'5y2

return torch.cat([yl, y2]1, dim=1) # ik[nl&IF)5 045
# Jfti, HTERELHE
def backward_pass(self, y, dy, f_args={}, g_args={}):
yl, y2 = torch.chunk(y, 2, dim=1)
del y

dyl, dy2 = torch.chunk(dy, 2, dim=1)
del dy

with torch.enable_grad():
yl.requires_grad = True
gyl = self.g(yl, set_rng=True, **g_args)
torch.autograd.backward(gyl, dy2)

with torch.no_grad():
x2 =y2 - gyl
del y2, gyl

dx1 = dyl + yl.grad
del dyl



yl.grad = None

with torch.enable_grad():
x2.requires_grad = True
fx2 = self.f(x2, set_rng=True, **f_args)
torch.autograd.backward(fx2, dx1, retain_graph=True)

with torch.no_grad():
x1 =yl - fx2
del y1, fx2

dx2 = dy2 + x2.grad
del dy2
x2.grad = None

X = torch.cat([x1l, x2.detach()], dim=1)
dx = torch.cat([dx1l, dx2], dim=1)

return x, dx

VNI BULR=RY B G s A BULR = 82
class IrreversibleBlock(nn.Module):
def _init_(self, f, g):
super(Q).__init_Q
self.f = f# BEEMEHATRE
self.g = g# HIEMHgE

def forward(self, x, f_args, g_args):
x1, x2 = torch.chunk(x, 2, dim=1)
yl = x1 + self.f(x2, **f_args)
y2 = x2 + self.g(yl, **g_args)
return torch.cat([yl, y2], dim=1)

# AT RR SN, AR AT g b S E e ST AR
class _ReversibleFunction(Function):
@staticmethod
def forward(ctx, x, blocks, kwargs):
ctx.kwargs = kwargs
for block in blocks:
x = block(x, **kwargs)

ctx.y = x.detach()
ctx.blocks = blocks
return x

@staticmethod
def backward(ctx, dy):
y = Cctx.y
kwargs = ctx.kwargs
for block in ctx.blocks[::-1]:
y, dy = block.backward_pass(y, dy, **kwargs)
return dy, None, None

class ReversibleSequence(nn.Module): #iWiHed PR, A~ nl i i 2 25 44
def __init__(self, blocks, ):



super(Q).__init_QO
self.blocks = nn.ModuleList([ReversibleBlock(f, g) for (f, g) in
blocks1)# FAL N[ BEOG @ NPT, FEIn AR

def forward(self, x, arg_route=(True, True), **kwargs):

f_args, g_args = map(lambda route: kwargs if route else {}, arg_route)#
A8 N BT RREO RO T, RIS %

block_kwargs = {'f_args': f_args, 'g_args': g_args}

X = torch.cat((x, x), dim=1) # BRWARH—MmIEEIE, AndH S %

X = _ReversibleFunction.apply(x, self.blocks, block_kwargs)# ifiil
_ReversibleFunction$h 7 m e 51 (1 g w5

return torch.stack(x.chunk(2, dim=1)).mean(dim=0)# 4455 9% IFHUNME, ¢
Iri) 4% 3

# fREMEZ5IENone
def exists(val):
return val is not None

# MBI R 5 WS TR
def map_el_ind(arr, ind):
return list(map(itemgetter(ind), arr))

# P AT HE T R F R AR 2 5
def sort_and_return_indices(arr):
indices = [ind for ind in range(len(arr))]# @lidZ5| 5%
arr = zip(arr, indices) # BEHM LR S EMNZRESIERT
arr = sorted(arr) # SEGEATHET
return map_el_ind(arr, 0), map_el_ind(arr, 1) # iR[EIHEF o BRI R MG 2 5

# R4

def calculate_permutations(num_dimensions, emb_dim):
total_dimensions = num_dimensions + 2
emb_dim = emb_dim if emb_dim > 0 else (emb_dim + total_dimensions)
axial_dims = [ind for ind in range(l, total_dimensions) if ind != emb_dim]

permutations = []

for axial_dim in axial_dims:
last_two_dims = [axial_dim, emb_dim]
dims_rest = set(range(0, total_dimensions)) - set(last_two_dims)
permutation = [*dims_rest, *last_two_dims]
permutations.append(permutation)

return permutations

# WIEZEH—1b
class ChanLayerNorm(nn.Module):
def _init__(self, dim, eps=le-5):
super().__init_Q



self.eps = eps
self.g = nn.Parameter(torch.ones(1, dim, 1, 1))
self.b = nn.Parameter(torch.zeros(1, dim, 1, 1))

def forward(self, x):
std = torch.var(x, dim=1, unbiased=False, keepdim=True).sqrt()
mean = torch.mean(x, dim=1, keepdim=True)
return (x - mean) / (std + self.eps) * self.g + self.b

# ATEE—1k
class PreNorm(nn.Module):
def __init__(self, dim, fn):
super(Q).__init_Q
self.fn = fn
self.norm = nn.LayerNorm(dim)

def forward(self, x):
X = self.norm(x)
return self.fn(x)

# AT AR
class Sequential(nn.Module):
def __init__(self, blocks):
super(Q).__init_Q
self.blocks = blocks

def forward(self, x):
for f, g in self.blocks:
X =x + T(X)
X =x + gx)
return Xx

# Y E
class PermuteToFrom(nn.Module):
def __init__(self, permutation, fn):
super().__init_QO
self.fn = fn
_, inv_permutation = sort_and_return_indices(permutation)
self.permutation = permutation
self.inv_permutation = inv_permutation

def forward(self, x, **kwargs):
axial = x.permute(*self.permutation).contiguous()

shape = axial.shape

*_, t, d = shape

axial = axial.reshape(-1, t, d)

axial self.fn(axial, **kwargs)

axial = axial.reshape(*shape)



axial = axial.permute(*self.inv_permutation).contiguous()
return axial

LSRR PN
class AxialpPositionalEmbedding(nn.Module):
def __init__(self, dim, shape, emb_dim_index=1):
super().__init_QO
parameters = []
total_dimensions = len(shape) + 2
ax_dim_indexes = [i for i in range(l, total_dimensions) if i !=
emb_dim_index]

self.num_axials = Ten(shape)

for i, (axial_dim, axial_dim_index) in enumerate(zip(shape,
ax_dim_indexes)):
shape = [1] * total_dimensions
shape[emb_dim_index] = dim
shape[axial_dim_index] = axial_dim
parameter = nn.Parameter(torch.randn(*shape))
setattr(self, f'param_{i}', parameter)

def forward(self, x):
for i in range(self.num_axials):
X = X + getattr(self, f'param_{i}"')
return Xx

#EER IR
class SelfAttention(nn.Module):
def __init__(self, dim, heads, dim_heads=None):
super(Q).__init_QO
self.dim_heads = (dim // heads) if dim_heads is None else dim_heads
dim_hidden = self.dim_heads * heads

self.heads = heads

self.to_gq = nn.Linear(dim, dim_hidden, bias=False)
self.to_kv = nn.Linear(dim, 2 * dim_hidden, bias=False)
self.to_out = nn.Linear(dim_hidden, dim)

def forward(self, x, kv=None):
kv = x if kv is None else kv
g, k, v = (self.to_g(x), *self.to_kv(kv).chunk(2, dim=-1))

b, t, d, h, e = *q.shape, self.heads, self.dim_heads
merge_heads = lambda x: x.reshape(b, -1, h, e).transpose(l, 2).reshape(b

* h, -1, e)
g, k, v = map(merge_heads, (q, k, v))

dots torch.einsum('bie,bje->bij"', q, k) * (e ** -0.5)
dots = dots.softmax(dim=-1)
out = torch.einsum('bij,bje->bie', dots, v)



out = out.reshape(b, h, -1, e).transpose(l, 2).reshape(b, -1, d)
out = self.to_out(out)
return out

i R AR
class AxialAttention(nn.Module):
def __init__(self, dim, num_dimensions=2, heads=8, dim_heads=None,

dim_index=-1, sum_axial_out=True):

assert (dim % heads) == 0, 'hidden dimension must be divisible by number
of heads'

super(Q).__init_Q

self.dim = dim# JHE4EE

self.total_dimensions = num_dimensions + 2# J4E[E4L

self.dim_index = dim_index if dim_index > 0 else (dim_index +
self.total_dimensions)

attentions = []
for permutation in calculate_permutations(num_dimensions, dim_index):

attentions.append(PermuteToFrom(permutation, SelfAttention(dim,
heads, dim_heads)))

self.axial_attentions = nn.ModuleList(attentions)
self.sum_axial_out = sum_axial_out

def forward(self, x):
assert len(x.shape) == self.total_dimensions, 'input tensor does not
have the correct number of dimensions'
assert x.shape[self.dim_index] == self.dim, 'input tensor does not have
the correct input dimension'

if self.sum_axial_out:

return sum(map(Tambda axial_attn: axial_attn(x),
self.axial_attentions))

out = X

for axial_attn in self.axial_attentions:
out = axial_attn(out)

return out

class AxialImageTransformer(nn.Module):
def __init__(self, dim, depth, heads=8, dim_heads=None, dim_index=1,
reversible=True, axial_pos_emb_shape=None):
super(Q).__init_Q
permutations = calculate_permutations(2, dim_index)

get_ff = lambda: nn.Sequential(
ChanLayerNorm(dim) ,
nn.Conv2d(dim, dim * 4, 3, padding=1),
nn.LeakyReLU(inplace=True),
nn.Conv2d(dim * 4, dim, 3, padding=1)



self.pos_emb = AxialPositionalEmbedding(dim, axial_pos_emb_shape,
dim_index) if exists(
axial_pos_emb_shape) else nn.Identity()

Tayers = nn.ModuleList([])
for _ in range(depth):
attn_functions = nn.ModuleList(
[PermuteToFrom(permutation, PreNorm(dim, SelfAttention(dim,
heads, dim_heads))) for permutation in
permutations])
conv_functions = nn.ModuleList([get_ff(), get_ffQO1)
Tayers.append(attn_functions)

Tayers.append(conv_functions)

execute_type = ReversibleSequence if reversible else Sequential
self.layers = execute_type(layers)

def forward(self, x):
x = self.pos_emb(x)
return self.layers(x)

if _name_ == '_main__":
block = AxialImageTransformer(
dim=64,
depth=12,
reversible=True
).cuda()
input = torch.rand(1, 64, 64, 64).cuda()
output = block(input)
print(output.shape)

8. CoTAttentionf&EiR

18X {Contextual Transformer Networks for Visual Recognition)

1. {EH

Contextual Transformer (CoT) block IRt AMIIRBIRI—FPHEEREY Transformer KUSIER, 1ZiRItT7E
DHRBMAREZ BN L TXERIESMSTENERFNFS, MmisamR 9867, CoT block &
SoiBI 3x3 BIRXTEMANBI T ETXRE, BEMANGSLETIER. RE, BREENESHAE
WEH, BEEMNEEN 1x1 SREINEEZLEIENHEE. FIERTTEEMERLBANE, THHE
NBIENES ETRERR. REEFHSHIS L TGRS ERE.
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2, L

1. E XGRS
BT 3x3 BIERESEENSPTE_ L T ENER R, BREZ NSRS ETXEER.
2. SSEEHES:

ETEEN EFORRRER:, BERmMNELSN 1 SREETRENERE, X—IRaRA MR AE
BIMERZBEEXRHTERESNESY, FHEHFSLETIES.

3. ESHIEIE L TXRIRS:
BES ETRANEE E R EIEENBERIEIS LTSS, 157 CoT block BIRLLHIL.

3. RIS
1. EFsem:

CoT BEERFENEITREMARZANE L TXER, HIREEHEERIbRIRIN SRSV
=5,

2, BEFSETXRSR—:

CoT iRitIShiE E RIS ES BIEFRNFIR—EIR—2Rat, BEFIRRZERIESKE RRSS
HIERE, 17t T RERIRIARE

3. RiEHRSMH:

CoT block RILAEZEE#I1E ResNet ZEgpItESTR, AEINSEF0 FLOP FIERIE R FCIaER )y
Transformer XUERIBETML (CoTNet) , B ZAISCIOIGUE T HESHNA (WEEGIRE). Bine
MFNSEAFISE]) PTG,

4, 159

# SANMERPyTorchfEh

import torch

from torch import nn

from torch.nn import functional as F

class CoTAttention(nn.Module):
# PG b CoTy = Jutkh
def __init__(self, dim=512, kernel_size=3):
super().__init_QO
self.dim = dim # #HANIEIEL
self.kernel_size = kernel_size # HHIZIN

# EXHTE (key) FIERZ, BF—N04E/, BatchNormflIReLUB
self.key_embed = nn.Sequential(
nn.cConv2d(dim, dim, kernel_size=kernel_size, padding=kernel_size//2,
groups=4, bias=False),
nn.BatchNorm2d(dim),
nn.ReLUQ)


af://n180
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# & XHTE(value) FIEREZE, A4 1x1E&EHfMBatchNorm
self.value_embed = nn.Sequential(
nn.conv2d(dim, dim, 1, bias=False),
nn.BatchNorm2d(dim)

# GNRT, TR R IR B4R
factor = 4
# ESERIHBNE, HANERZE. —4BatchNorm/ZFIRe L US4 %
self.attention_embed = nn.Sequential(
nn.conv2d(2*dim, 2*dim//factor, 1, bias=False),
nn.BatchNorm2d(2*dim//factor),
nn.ReLUQ),
nn.conv2d(2*dim//factor, kernel_size*kernel_size*dim, 1)

def forward(self, x):
# T [ 7 R K
bs, c, h, w = x.shape # Hi N\IFMLEMIJST
kl = self.key_embed(x) # AW HH &R
v = self.value_embed(x).view(bs, c, -1) # ‘EMRMEMFTRIEHEIR

y = torch.cat([kl, x], dim=1) # 80 &SRR G %
self.attention_embed(y) # ZElah&Em HACE

att = att.reshape(bs, c, self.kernel_size*self.kernel_size, h, w)
att.mean(2, keepdim=False).view(bs, c, -1) # it5yE R E KT

Q
+
t
]

o]
+
+
1]

LTI2N

=~
N
Il

F.softmax(att, dim=-1) * v # NHEZE R ERE -
k2 = k2.view(bs, c, h, w) # J5T2IR LLTCACS H

return k1 + k2 # R ERSMEIERRE SR

# SzflfbcoTAttentionfib 3f il

if _name__ == "'_main__":
block = CoTAttention(64) # Gl — M A\EIEE N641ICoTAttention Ll
input = torch.rand(1, 64, 64, 64) # @& PHEHLEA
output = block(input) # iEjiZCoTAttentiontHiib 4 A
print(output.shape) # T E[I4 A R4 19 <)

9. TripletAttentionf&EiR

18X {Rotate to Attend: Convolutional Triplet Attention Module)

1. {ER

Triplet Attention2—MFFRRES VS, CEERRBERERE, FIBR=2XEERIITETIEIN
B, WFHAKE, Triplet AttentionBITheteR PR HERERIKIIAR, MR AEZEIEEM
TSR TR, LTIV ERANER T, USRI RAI6E
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2,

1. E%4EE:

Triplet AttentionBB&=NDX, BMDXARMRKBANT ALEEHRW SEEHECZ BNRER
fiE,

2, BHERE:

BIESFN D XPXIBAKEHITHS (permute) #B{F, FIEISZ-poolflk<kEIEIREIE, LAEER
RIS EAHIE.

3. iEEHINERNER:
FRsigmoidFiEREMTEINE, ANATHSIGRIMNKE, ARHERFIRIRIGEAIAR,

3. W5
1. BEERE:

Triplet AttentioniBT RN KENBERERE, RETFERFIBHERIE, RZRBGEEIHE
(40SENet, CBAMZ) BEBEERRUBIEIRMLSHIMERE.

2. NFETERRAFEM:

BEETHERAGER IS, Triplet AttentionfEfRFHWESMERERIRIRY, JLIFAEINEIMNYTTERATISEL
HE, (HECHLIREMEIEHIETRESH,

3. TEhE4E:

SEMEESINEIARRE, Triplet Attention R THERRHRAME, X% T FFERTRESHINEEEXR,
RIE T EESNERRNERE N KR,

BRI, Triplet AttentionBIT EIRSH =5 SIS ERER BN, EIREEEIERENRN, RiF
TUHENER, Bx7HAESHRRESPRINAEES.

4, X85

import torch
import torch.nn as nn

# B X—ANEEARERS, AR fH—LFIReLUBLE
class BasicConv(nn.Module):
def __init__(self, in_planes, out_planes, kernel_size, stride=1, padding=0,
dilation=1, groups=1, relu=True, bn=True, bias=False):
super(BasicConv, self).__init_Q
self.out_channels = out_planes
# ENERE
self.conv = nn.Conv2d(in_planes, out_planes, kernel_size=kernel_size,
stride=stride, padding=padding, dilation=dilation, groups=groups, bias=bias)
# AP INAE 2
self.bn = nn.BatchNorm2d(out_planes, eps=1le-5, momentum=0.01,
affine=True) if bn else None
# AR IR e LU o 5L
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self.relu = nn.ReLU() if relu else None

def forward(self, x):
x = self.conv(x) # RN JHEH
if self.bn is not None:
x = self.bn(x) # MNAHLIE—1k
if self.relu is not None:
X = self.relu(x) # N JReLU
return x

# & XZPoo 1B, i i Kb FNF 3t AL 45 R
class zpPool(nn.Module):
def forward(self, x):
# 4G R EMNTFHE
return torch.cat((torch.max(x, 1)[0].unsqueeze(l), torch.mean(x,
1) .unsqueeze(1)), dim=1)

# EXERI], T ARYE R AN REAE O R E
class AttentionGate(nn.Module):
def _init__(self):
super(AttentionGate, self).__init_(Q
kernel_size = 7 # UEERIZ AN
self.compress = zPool() # flifizPooT/¥itk
self.conv = BasicConv(2, 1, kernel_size, stride=1, padding=(kernel_size
- 1) // 2, relu=False) # @AM IEEEL

def forward(self, x):
x_compress = self.compress(x) # JHzPool
x_out = self.conv(x_compress) # ifiid & FAE it JACE
scale = torch.sigmoid_(x_out) # M JHSigmoidiiis
return x * scale # BiERJIBETRDLFEMHEME

# EXTripletAttentiontidl, 456G 17 =FAEJ5 MR I
class TripletAttention(nn.Module):
def __init__(self, no_spatial=False):
super(TripletAttention, self).__init_(Q)
self.cw = AttentionGate() # J& X Wi/E77 AHIVER JIl]
self.hc = AttentionGate() # & X &Sy HHIVEE 1]
self.no_spatial = no_spatial # J&{&ZIESRER

if not no_spatial:
self.hw = AttentionGate() # & X &7 HIIHEE ]

def forward(self, x):
# BHER I HGEEER
x_perml = x.permute(0, 2, 1, 3).contiguous() # & LI %5 7 el
x_outl = self.cw(x_perml)
x_outll = x_outl.permute(0, 2, 1, 3).contiguous() # ifJi4LE
x_perm2 = x.permute(0, 3, 2, 1).contiguous() # ¥ & LI 7 vEsl
x_out2 = self.hc(x_perm2)
x_out2l = x_out2.permute(0, 3, 2, 1).contiguous() # ifJi4E
if not self.no_spatial:
self.hw(x) # MNAZEEERN
1/ 3 * (x_out + x_outll + x_out2l) # Z5i& =/ J7IMss

X_out

x_out
else:



x_out =1/ 2 * (x_outll + x_out2l) # ZE&MATKILE (W¥no_spatial
NTrue)
return x_out

# AR

if _name__ == "_main__":
input = torch.randn(50, 512, 7, 7) # AplBtALAmA
triplet = TripletAttention() # sZflftTripletAttention
output = triplet(input) # MNJTripletAttention
print(output.shape) # TEN4HEZAR

10. S2Attentionf=EiR

18X {S2-MLPV2: IMPROVED SPATIAL-SHIFT MLP ARCHITECTURE FOR VISION)

1. (€@

S2-MLPV2E— TR Z ERAIR: (MLP) MIIEERME, BT BEEERE RS
BN RABDEIESS (split-attention) BRFRIEREISIRAIERME. SEFRAIS2-MLPAELL, S2-
MLPV2EARBRISB DI T AR ERE, REFIRSEIEEHRERRSXERD. o, %73
ERATRIRENBGRIIEFEEE, H—SRABGRIEE.

2,

1. $SEET B E:

BB REHEET RISIEE, AR RErNFIED RS ME.

2, AR

MENDEREBDPUT BB, LUISRIHERILE.

3. FEESHIRE:

A EIEE DR GRS T ENBIRNS MY, ENEEEIMFIEE.
4, BFIELEN:

KABRNRENEGRIIBEXMINESFEEN, LIBREBMEIMTET, RSEEINREIEE.,

3. RIS
1. SEASERAERET:

BEHFEERATT . DEFIARSRRSENAEERIE, S2-MLPV2EESEAENNFERNFILER, =
FHERIRIZRAERES,

2. FEGESHME:
MRS EEEHRFERRE T FARTANFBIEANHE, H—P g8 TRHERIRIEN.
3. EFEEHHNA:
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I RARNRENEGRMBER NSRS, S2-MLPv2tEAIgES Bt EIR Ry E 4
T3, NMEEGIRBNESS LIARIESRIERRER,

4. SRROMERE:

RMEESE BT R NSIFIEIN) I 4E0RRIER T, S2-MLPv2thgEfEImageNet-1KELE FIXEI83.6%HY
TR 1R, RN TEMMLPER, RNSHHEE), RPRELGHETEETRS:N.

4, 159

import numpy as np

import torch

from torch import nn

from torch.nn import init

def spatial_shiftl(x):
# SRS —Fh S aAiAs, A BRI 2 —
b, w, h, c = x.size()

# DURDUATARE A 2y A by A R sh B RIY 7> 2 — 3k

x[:, 1:, =, :c // 4] = x[:, w-1, :, :c // 4]

x[:y 'w-1, :, c // 4:c // 2] = x[:, 1:, :, ¢ // 4:c // 2]

x[:y =, 1:, ¢ // 2:c *3 // 4] = x[:, :, :th -1, c // 2:c * 3 // 4]
x[:, ¢, th -1, 3 *c // 4:] = x[:, :, 1:, 3 * c // 4:]

return x

def spatial_shift2(x):
# SEILEE RS hiRs, @RS spatial_shiftlHBL, (B AR
b, w, h, ¢ = x.size()

# XU KIY 73 2 — Pudb AT 22 (| Ao

x[:y, =, 1:, :c // 4] = x[:, :, :h -1, :c // 4]

x[:, ¢, th -1, c // 4:c // 2] = x[:, :, 1:, c // 4:c // 2]

x[:, 1:, =, ¢ // 2:c * 3 // 4] = x[:, 'w-1, :, c // 2:c * 3 // 4]
x[:, w-1, :, 3 *c// 4:] =x[:, 1:, :, 3 *c // 4:]

return x

class SplitAttention(nn.Module):
# B ENER IS, [ HAMLPE R TRAE R A E R R E T
def __init__(self, channel=512, k=3):
super(Q).__init__Q
self.channel = channel
self.k = k # &Ik
# B XMLPJZE I R 5L
self.mlpl = nn.Linear(channel, channel, bias=False)
nn.GELUQ)
nn.Linear(channel, channel * k, bias=False)

self.gelu
self.mlp2
self.softmax = nn.Softmax(1l)

def forward(self, x_all):
# HEAEEE D), HNH T NRRIE
b, k, h, w, c = x_all.shape
x_all = x_all.reshape(b, k, -1, c) # FE¥P4)F
a = torch.sum(torch.sum(x_all, 1), 1) # B&HEHE
hat_a = self.mlp2(self.gelu(self.mlpl(a))) # BEMLPIHEIEEJIHE
hat_a = hat_a.reshape(b, self.k, c) # JERIR
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bar_a = self.softmax(hat_a) # N HsoftmaxikBUd= 1A
attention = bar_a.unsqueeze(-2) # HIN4ErE

out = attention * x_all # JiEis JORLE N H 4R

out = torch.sum(out, 1).reshape(b, h, w, c) # E&HFEIR
return out

class S2Attention(nn.Module):

# Sk IR, RGN EIE R )

def __init__(self, channels=512):
super().__init_QO
# JEXMLPZ
self.mlpl = nn.Linear(channels, channels * 3)
self.mlp2 nn.Linear(channels, channels)
self.split_attention = SplitAttention()

def forward(self, x):
b, ¢, w, h = x.size()

X = x.permute(0, 2, 3, 1) # 4N

X = self.mlpl(x) # HEIIMLPEY JEEHIE

x1 = spatial_shiftl(x[:, :, :, :cl) # NHHE FEEL#E

x2 = spatial_shift2(x[:, :, :, c:c * 2]) # MNJHZE Fi=smAF
x3 = x[:, :, 1, ¢ * 2:]1 # {REBEURKHIER—HE2

x_all = torch.stack([x1, x2, x3], 1) # HESHHIE
self.split_attention(x_all) # NJHBEEET
x = self.mlp2(a) # @S —AMLPZEAEIREFESEE

X = x.permute(0, 3, 1, 2) # %4 0] JR 4G
return x

a

# AR

if _name__ == "'_main__":
input = torch.randn(50, 512, 7, 7) # Q&K
s2att = S2Attention(channels=512) # S:fl{bS27E7E Syt
output = s2att(input) # iEidS2y 5 /B HAb A A
print(output.shape) # FTENFIHHIKETIR

11. ASFF{RIR

18X {Learning Spatial Fusion for Single-Shot Object Detection)

1. {EH

ASFF (Adaptively Spatial Feature Fusion) 3% 3 BURSIEMIAG N ZRAMHE S FHEPFER A
IEREZERIA—EMERRE, RE T —Mn iRk sRsH T ERG. BIFI=E L
EPSRERRTE, B TRAEZENA—EE, BE THRIINREARZY, FR/VFAEINHEERF
%ﬁo
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2,

ASFRERIEE SR AR ERAMFDREZERNS YR, ARBTG5 EIRMNREE. E81=E
VE L, FTEEFIHIRKEN RS, BREHIRNET rRES MR, MAMSENES
BESHFIMERMAESM, X—IREATMOH, BRALIBTREIEFRRES.

3. MIHHKES
1. SRR

FUFBASFFERERFI—PIRSLAIYOLOV3EL,, #EMS COCORIRES L 7 RIERVRE RS, KET
38.1%HIAP (SEIIFEEE) #1060 FPS (EHFIMEN) AUHGMNERE.

2. t5BYERM:

ZEEEMERTX, ERTEAHISFEEMNERGTEaNEE, SSRER, SYNTERAR
g,

3. BRISIEREAR—EE:

BENMF IRAERENE, BIRR T FIEFERRRREREZ BN —EIEEE, &7 )
ZGUERPIBER—EIR, &S TGRSR,

4, 159

import torch
import torch.nn as nn
import torch.nn.functional as F

def autopad(k, p=None): # kernel, padding
# Pad to 'same'
if p is None:
p=%k// 2 if isinstance(k, int) else [x // 2 for x in k] # auto-pad
return p

class conv(nn.Module):
# Standard convolution
def __init__(self, cl, c2, k=1, s=1, p=None, g=1, act=True): # ch_in,
ch_out, kernel, stride, padding, groups
super(Conv, self).__init_(Q)
self.conv = nn.Conv2d(cl, c2, k, s, autopad(k, p), groups=g, bias=False)
self.bn = nn.BatchNorm2d(c2)
self.act = nn.SiLU() if act is True else (act if isinstance(act,
nn.Module) else nn.Identity())

def forward(self, x):
return self.act(self.bn(self.conv(x)))

def forward_fuse(self, x):
return self.act(self.conv(x))
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class ASFF(nn.Module):
def _init__(self, level, multiplier=1l, rfb=False, vis=False, act_cfg=True):
multiplier should be 1, 0.5
which means, the channel of ASFF can be
512, 256, 128 -> multiplier=0.5
1024, 512, 256 -> multiplier=1
For even smaller, you need change code manually.
super(ASFF, self)._init_(Q)
self.level = level
self.dim = [int(1024 * multiplier), int(512 * multiplier),
int(256 * multiplier)]
# print(self.dim)

self.inter_dim = self.dim[self.level]
if level ==

self.stride_Tlevel_1 conv(int(512 * multiplier), self.inter_dim, 3,

2)

self.stride_level_2 conv(int(256 * multiplier), self.inter_dim, 3,

2)

self.expand = Conv(self.inter_dim, int(
1024 * multiplier), 3, 1)
elif level ==
self.compress_level_0 = Conv(
int(1024 * multiplier), self.inter_dim, 1, 1)
self.stride_level_2 = Conv(
int(256 * multiplier), self.inter_dim, 3, 2)
self.expand = Conv(self.inter_dim, int(512 * multiplier), 3, 1)
elif level == 2:
self.compress_level_0 = Conv(
int(1024 * multiplier), self.inter_dim, 1, 1)
self.compress_level_1 = Conv(
int(512 * multiplier), self.inter_dim, 1, 1)
self.expand = Conv(self.inter_dim, int(
256 * multiplier), 3, 1)

# when adding rfb, we use half number of channels to save memory
compress_c = 8 if rfb else 16
self.weight_level_0 = Conv(
self.inter_dim, compress_c, 1, 1)
self.weight_Tevel_1 = Conv(
self.inter_dim, compress_c, 1, 1)
self.weight_Tevel_2 = Conv(
self.inter_dim, compress_c, 1, 1)

self.weight_Tevels = Conv(
compress_c * 3, 3, 1, 1)

self.vis = vis

def forward(self, x): # 1,m,s



#

256, 512, 1024

from small -> Tlarge
x_level_0 = x[2] # f RFHEE
x_level_1 = x[1] # thial4FaLz
x[0] # H/HIEZ

x_level_2

if self.level == 0:
Tevel_O_resized = x_level_0
level_1_resized = self.stride_level_1(x_level_1)
Tevel_2_downsampled_inter = F.max_pool2d(

x_level_2, 3, stride=2, padding=1)

Tevel_2_resized = self.stride_level_2(level_2_downsampled_inter)
elif self.level == 1:

Tevel_0_compressed = self.compress_level_0(x_Tevel_0)

Tevel_0O_resized = F.interpolate(

Tevel_0_compressed, scale_factor=2, mode='nearest')
Tevel_1_resized = x_level_1
level_2_resized = self.stride_level_2(x_Tlevel_2)

elif self.level ==
Tevel_0_compressed = self.compress_level_0(x_Tevel_0)
Tevel_0_resized = F.interpolate(

Tevel_0_compressed, scale_factor=4, mode="nearest')
x_level_1_compressed = self.compress_Tlevel_1l(x_Tevel_1)
level_1_resized = F.interpolate(

x_Tlevel_1_compressed, scale_factor=2, mode='nearest')
Tevel_2_resized = x_level_2

Tevel_0_weight_v = self.weight_level_0(level_0O_resized)
Tevel_1_weight_v self.weight_Tevel_1(level_1_resized)

Tevel_2_weight_v self.weight_level_2(level_2_resized)

Tevels_weight_v = torch.cat(

(level_0_weight_v, level_1_weight_v, level_2_weight_v), 1)
Tevels_weight = self.weight_levels(levels_weight_v)
Tevels_weight

F.softmax(levels_weight, dim=1)

fused_out_reduced = level_O_resized * levels_weight[:, 0:1, :, :] + \
level_1_resized * levels_weight[:, 1:2, :, :] + \
level_2_resized * levels_weight[:, 2:, :, :]

out = self.expand(fused_out_reduced)

if self.vis:

return out, Tlevels_weight, fused_out_reduced.sum(dim=1)
else:

return out

if _name__ == "_main__":
# B NRIE B, B AN FRE RRHAE ], sk F — A 22 OB R AE S I 285 1y i
level_0_feature = torch.randn(l, 1024, 20, 20) # K ~FHAIEE
level_1_feature = torch.randn(l, 512, 40, 40)  # " ~FE-EE



level_2_feature = torch.randn(l, 256, 80, 80)  # /IR JHHFE

# YIIGWASFREEL, TevelRix MATASFFRIHUGCEE KR A RE FIRHE S, X B DU RSFRHEE N
vl

# multiplier TUHBMEIES, rfbRIvi s/l &5 H B 3= I RE R R AL 5 v A4k

asff_module = ASFF(level=1, multiplier=1, rfb=False, vis=False)

# JEITASFEBIHAL R K
output_feature = asff_module([level_2_feature, level_1_feature,
level_0_feature])

# ATEVHRHE EITAR, TR IRASFREIHIE & T AR
print(f"output feature shape: {output_feature.shapel}")

12, MSCAfSIR

18X {SegNeXt: Rethinking Convolutional Attention Design for Semantic Segmentation)

1. {ER

SegNeXtSEMEN D ENESRE— N ERMERAIETRAMEIEL, BYEREEEREISIMRT,
R T —M SRR EE O ESIR S AR RIS EE .

2,
1. SegNeXtA THEANMDE. £RESSLENEEERFIRFELS LS,

2. BIXRBEENSTRIEEWEZIT, SegNeXtSLI T 5555 ABL N EEM4EeRT, FRTKIE
LT SHHE,

3. RERBIERZRESTIHERMATREIEE, REERNTERISRERRE, IR TXMIL
ESTHE B NS A ERREB L EE S,

3. IS

1. SegNeXtTEZMATHIELENIRXH, HIFEADE20K, Cityscapes, COCO-Stuff, Pascal VOC, Pascal
ContextfiSAID £, REXE T ZRIRSTHFIERIMERE.

2. $BI2, SegNext{EFARAEfficientNet-L2 w/ NAS-FPN 1/102#4891E/R T, #EPascal VOC 2012
IR THE EiXF 790.6% mloURIAER.

3. Y=, SegNeXtEADE20KEUEE FHURITHTTIERE 7£92.0%8ImloU, ERSIHEEE/DEHE
CiR
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import torch
from torch import nn

class AttentionModule(nn.Module):
def __init__(self, dim):
super().__init_QO
# (EHSXSIZIERE, NHREER
self.conv0 = nn.Conv2d(dim, dim, 5, padding=2, groups=dim)

# WHBRZE, aUEHIx7M7x1%, HFEEARFRRESEE, 20 IR G
self.conv0_1 = nn.cConv2d(dim, dim, (1, 7), padding=(0, 3), groups=dim)
self.conv0_2 = nn.cConv2d(dim, dim, (7, 1), padding=(3, 0), groups=dim)

# BANHAGIRE, T RPAZHTRAESE R, Al Ix11/I1x1, WRREEH
self.convl_1 = nn.Conv2d(dim, dim, (1, 11), padding=(0, 5), groups=dim)
nn.cConv2d(dim, dim, (11, 1), padding=(5, 0), groups=dim)

self.convl_2

# A R RST FIRZEATRE SR, NIx21F121x1, REEH
self.conv2_1 = nn.cConv2d(dim, dim, (1, 21), padding=(0, 10), groups=dim)
self.conv2_2 = nn.conv2d(dim, dim, (21, 1), padding=(10, 0), groups=dim)

# BE—NIXIERZ, HTHEE LRI ARERIUN 4 R
self.conv3 = nn.Conv2d(dim, dim, 1)

def forward(self, x):
u = x.clone() # TEBEHIAX, DMEZ G 50EE SINBRERE AT A 3
attn = self.convO(x) # MNJHWILEHISX5FEF

# NHIX77XTER, #E— B3R BURE
attn_0 = self.conv0_1(attn)
attn_0 = self.conv0_2(attn_0)

# NAHIXIIMLIIXTER, #E—D3RERHE
attn_1l = self.convl_1(attn)
attn_1l = self.convl_2(attn_1)

# NAHIx21F2IXIER, #—PAEHURHIE

attn_2 = self.conv2_1(attn)

attn_2 = self.conv2_2(attn_2)

attn = attn + attn_0 + attn_1 + attn_2 # WA R aEsL i 4l S

attn

self.conv3(attn) # NH&EKIXIERZE SR
return attn * u # BEGERAFER INBEEA e, R B HR& kR
if _name__ == "_main__":
# A& AttentionModule SZ#, ixHLLL64-MiHiE Al

attention_module = AttentionModule(dim=64)

# B MEREANEGE, 452N [batch_size, channels, height, width]
# Pln, IAEEAR, 644NHIE, 64x641 &%
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input_tensor = torch.rand(1l, 64, 64, 64)

# iidAttentionModulekbFEim A
output_tensor = attention_module(input_tensor)

# FUENGH TR = EAR
print(output_tensor.shape)

13. EMAfEIR

18X (Efficient Multi-Scale Attention Module with Cross-Spatial Learning)

1. €M

IEXRET—MHFRNERNERETIE] (EMA) &R, SFTERES MBEREEAIEREFETEN
A, EMARRBISERDBEEEEHBEREFSBEEERE D ENS N AL, FETEEHIIES
MHEERBEIRF DT, ZERINRITT SRS EGR D RSN ES PIFERIEED, B
BeRERREFRES N HTAXTHIBENSE, FESBEHEEREH—LREMW N HITO AT
FHE, FERGERAIBRIRE,

2,

1. EMAER:

BEDREER T RIRESS (CA) HIFLIESZE, RET — IR THERENSHSREELR
PER, EMABRBRIBIT TR 4R THRHES EIZ REGENE, BRIt 7 BRI
BXER, LALHIEFAIMERE.

2, BEAFEIFE:

EMARIBT IS RF 5%, BT FMSMERHEERS, XM AE R AR Eskim
REZFHINIRR, ARHEBETY, UFERERS.

3. IRYSEE

1. RS RERMEED:

EMARBRIBITZE S 1 x 1 FI3SEIRRIIATFMNGEG, BXUBRARRENTENSE, R RESHII=E
ERER.

2, EETAFHIERMS:

BEETEFIGE, EMARBEERESREAETBUEHEER, B8 TR NFEMME
k.

3. SEEMTERE:

SMERTEEONGIELE, EMAEERSMRERIER, AL T BRISHEMEMTEERE, $BIEHE
FTEG D EAS SIS,
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import torch
from torch import nn

# & LEMAREER
class EMA(nn.Module):
def __init__(self, channels, factor=8):
super(EMA, self)._init__QO
# WESHEE, HTHRAEH
self.groups = factor
# iR A G RIEIEHCCT0
assert channels // self.groups > 0
# softmaxigudFms, HTH—fk
self.softmax = nn.Softmax(-1)
# SRk, AR RGEE R T
self.agp = nn.AdaptiveAvgPool2d((1l, 1))
# AT A, T K7 I 4 JE s R
self.pool_h = nn.AdaptiveAvgPool2d((None, 1))
# TEE7ASERRAL, T AL IE BT M AR E
self.pool_w = nn.AdaptiveAvgPool2d((1, None))
# GroupNorm/J—1k, Yk PSR HM AR 2w Fs
self.gn = nn.GroupNorm(channels // self.groups, channels // self.groups)
# IxLEMR, T 5 > Bl I 4L
self.convlxl = nn.Conv2d(channels // self.groups, channels //

self.groups, kernel_size=1, stride=1, padding=0)

# 3x3B, HTREEFEE N2 EE R

self.conv3x3 = nn.Conv2d(channels // self.groups, channels //
self.groups, kernel_size=3, stride=1, padding=1)

def forward(self, x):

b, ¢, h, w = x.size(

# NP N B BEAT > AL AL PR

group_x = x.reshape(b * self.groups, -1, h, w) # b*g,c//g,h,w

# 7K FIEE BT ) B4 R Pk

x_h = self.pool_h(group_x)

x_w = self.pool_w(group_x).permute(0, 1, 3, 2)

# Wit Ix1EB M s gmod digim sk, REEE IRE

hw = self.convlxl(torch.cat([x_h, x_w], dim=2))

x_h, x_w = torch.splitChw, [h, w], dim=2)

# N FGroupNo rmAlyE R /)R R 1

x1 = self.gn(group_x * x_h.sigmoid() * x_w.permute(0, 1, 3,
2).sigmoid())

x2 = self.conv3x3(group_x)

# CFRRE B I A R ik Al s o ftmaxdb AT b B, 19 BIAE

x11 self.softmax(self.agp(x1l).reshape(b * self.groups, -1,
1) .permute(0, 2, 1))

x12 = x2.reshape(b * self.groups, c // self.groups, -1) # b*g, c//g, hw
il

x21 = self.softmax(self.agp(x2).reshape(b * self.groups,
1) .permute(0, 2, 1))

x22 = x1.reshape(b * self.groups, c // self.groups, -1) # b*g, c//g, hw

# ISRV A s 1 gmo T A ARG I 2 M R URLE, AR A

weights = (torch.matmul(x1l, x12) + torch.matmul(x21, x22)).reshape(b *
self.groups, 1, h, w)

# VU G R E 1) B (] SR AR R~
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return (group_x * weights.sigmoid()).reshape(b, c, h, w)

# JHREMARE b

if _name_ == '_main__":
block = EMA(64).cuda() # SEHMLEMAREHR, Jf#% 2 CUDAKR &
input = torch.rand(l, 64, 64, 64).cuda() # GI&HEHLG AL
output = block(input) # HifE4E
print(output.shape) # FTEMGA R4 19

14, SKAttentionf&iR

183 {Selective Kernel Networks)

1. {EH

SKEIRR LARIE M AFHER A ER D BEN AR T, XHENEREBEIIRIEHIEZIAER
EREE. EEGSR. BMRUMEX S EISFNRES S, BEXMHOIUES T RENRARNITZ
gen.

2,

SKNets5IANT —MEERY SR (SK) BRI, ZRANBE T SISERESTRIRAI K/ KB AR
RZEHEHXK. BBTREFARRINERZEMEEIIN, BRGERENBNHIEERAER IS
R TR, RERE—NERDNGEISEE A RETRIERHAS.

3. IYSEE
1. EEREEE:

SKSTRBIHIEREIRYT, (ENESESREEGATNARBsIEREERZE /), B0HiEs
ZRERER.

2, ERHNFISISHYERE:

BEEEINENFRR I ERZNBEHTIMES, ERENSRETENEEINHE, RETH
AERIZRIATIR,

3. 1EIEIRBLZ{bEEN:

AT REBHREIEFENRERS, SKNetstEZSMURIES LRZR T I THESETRMERIMRE, ERT
RERGZIHRES.
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4, X85

import torch.nn as nn
import torch

class SKConv(nn.Module):
def __init__(self, in_ch, M=3, G=1, r=4, stride=1l, L=32) -> None:
super(Q).__init_Q
# Wik SKConviE
# in_ch: fEIEL
# M: o CHE
# G: B
# r: AT RIS, dETHEzimERKE
# stride: JS&, BRiAN1
# L: WX sz ERNER, il R32
d = max(int(in_ch/r), L) # iF&EdMME, BRAADNTL, DAE Bk
self.M = M # 7 ¥E
self.in_ch = in_ch # fA\iEiE
self.convs = nn.ModuleList([]) # A(FflAE D LG
for i in range(M):
# NN INERRZE, B /INE T BT hn
self.convs.append(
nn.Sequential(
nn.conv2d(in_ch, in_ch, kernel_size=3+i*2, stride=stride,
padding=1+i, groups=G),
nn.BatchNorm2d(in_ch),
nn.ReLU(inplace=True)
)
D)
self.fc = nn.Linear(in_ch, d) # —AN&EEZ, KL R G ERE R 4E2]d
self.fcs = nn.ModuleList([]) # {AER O XMAERE, HTARERINE
for i in range(M):
self.fcs.append(nn.Linear(d, in_ch))
self.softmax = nn.Softmax(dim=1) # Softmaxiiif, HTH—AbiEm i

def forward(self, x):
# AL R R A
feas = None
for i, conv in enumerate(self.convs):
# 0PN XL F RS 43 S A AR
fea = conv(x).unsqueeze_(dim=1)
if i ==
feas = fea
else:
# VA 9 SCRHE B P E— il
feas = torch.cat([feas, fea], dim=1)
# NPT S SCNRHE AR, 33— —REHiE Bl fea_u
fea_U = torch.sum(feas, dim=1)
# X fea_UHHT &R FHuhik, AR4RFER R fea s
fea_s = fea_U.mean(-1).mean(-1)
# Wit g E ok fea_sWit 3 M & fea_z
fea_z = self.fc(fea_s)
attention_vectors = None
for i, fc in enumerate(self.fcs):
# NEN IERGER IR
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vector = fc(fea_z).unsqueeze_(dim=1)
if i ==
attention_vectors = vector
else:
# AR SRR M B PR
attention_vectors = torch.cat([attention_vectors, vector],
dim=1)
# SHEE R EN A Softmaxiig, #ATIH— 1A
attention_vectors =
self.softmax(attention_vectors) .unsqueeze(-1).unsqueeze(-1)
# R E N T A RHE E feas, @I IR RIS 21 i 4 (10 4 L RRE K fea_v
fea_v = (feas * attention_vectors).sum(dim=1)
return fea_v

if _name__ == "_main__":
X = torch.randn(16, 64, 256, 256)
sk = SsKkConv(in_ch=64, M=3, G=1, r=2)
out = sk(x)
print(out.shape)
# in_ch ZAEMANYEE, MRS, GConv2d)ZMdH%L, AW E NL, rHREAT RN Z i\

15, SCSEfSIR

18X {Concurrent Spatial and Channel “Squeeze & Excitation' in Fully Convolutional Networks)

1. €M

SCSEREIREEATIEIRF-CNNEER D ENES PaMERE, BB T B BN ARSI TSRS
B EERFHERINEARES. ZERET RIS EEE EXBMANF B TROE, SENEFEIE
MEEX. EZEFEE CERERAMHEE.

2,

SEFTEMEERE (scSE) :

SCSERRIRBBITIGBIERR (cSE) FOZSEEMR (sSE) HERAVEmHHTTRRINARFEEIRY. X—iF
HESRNFIENES MIETRN B EE T A RS EE MG ESHAEE. BIX
MIEST, WESEEBEINBRU R ETEGHNERHE, RNBZRAEZERIER.

3. RIS

1. 1RBISIRERRMEN:
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af://n333
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SESCSEERIIF-CNNSINTHOMNISEL, BEHBEANSSFERIEINEEEN. fln, LT ER
AIU-NetiRINScSEARR{(IENN T KEI1.5%RISEE, RIFSERRAFR/NISREIEMHET SR

BE.
2, BRtIERE:

SCSERIRAJLATAEER AR EIAREIRYF-CNNZRIGR, T2 EIR S BNESS EERREEUS—EAYIEREIRF. IXIE
BT scSEERE— I EEEREENIIMEAN, B ESTESN AP/ R MEIERHEMER
e

4, 158

import torch

import torch.nn as nn

class sSE(nn.Module): # “[il(Space)il& /s
def _init__(self, in_ch) -> None:
super().__init_QO
sehc conv = nn. Conv2d(1'n_ch, 1, kernel_size=1, bias=False) # & X ~HEM
2, F T N\ 4
se'lf.norm = nn. S1gm01d() # N ST gmod digus s FudE T I3 —1k

def forward(self, x):
q = self.conv(x) # HEMZMEEREL: bchw->b1lhw
q = self. norm(q) # WERE S RN HSTigmoidiEhE%: b 1 h w
return x * q # 1B RERHLEPRE S IACE N 2R EE B

class cSE(nn.Module): # ifi&(channel) ity
def __init__(self, in_ch) -> None:

super().__init_Q

self.avgpool = nn.AdaptiveAvgPool2d(1) # {li/f [1i&E M T Hihib, i A/ h1xd

self.relu = nn.ReLU() # ReLUMUH %L

self.cConv_ Squeeze = nn.conv2d(in_ch, in_ch // 2, kernel_size=1,
bias=False) # HEELELEMZ

se1f.norm = nn.Sigmoid() # SigmoidiihekEutiTIH—1b

self.Conv_Excitation = nn.Conv2d(in_ch // 2, in_ch, kernel_size=1,
bias=False) # HEHMIHEMZ

def forward(self, x):

z = self.avgpool (x) # XFIANFHEFAT AR FMM: b c 1 1
= self.Conv_Squeeze(z) # HWilBEEAGF N EEE: b c//2 11
= self.relu(z) # EEH]ReLU%&Eﬂﬁ%&
= self.Conv_Excitation(z) # MWidEEMMERMEEELR: b c 11
= self.norm(z) # XTiEihss %F“Hé&gmmd{ri&@iﬂleﬁﬂ .

return x * z.expand_as(x) # B EIFLUEGERAME, {£Hexpand_as E4EE SR

TRRFEAH T IE

N N N N

class scSE(nn.Module):
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def __init__(self, in_ch) -> None:
super(Q).__init_Q
self.cSE = cSE(in_ch) # BiEyEs kit
self.sSE = sSE(in_ch) # =[alykE fukbikh

def forward(self, x):
c_out = self.cSE(X) # N JHIBEES
s_out = self.sSE(x) # NAFAEES
return c_out + s_out # AIFEIEMASEVER S H

x = torch.randn(4, 16, 4, 4) # A
net = scSE(16) # SLflfbibi
print(net(x).shape) # TR

16, EMSAfSIR

18X {ResT: An Efficient Transformer for Visual Recognition)

1. {ER

ResTR—MEMRIZREM I Transformer, {EABGIRBINURANEREEE. SIERITransformerfs
AR, ResTHREAEARESHENFIISEGHNEGZ MIR: (1) BT I NEESMRIZLEETES

W, BIERORESIREERNTE, FEREEZLIENNSHEMENNER, BEELEEH
IRE; (2) MEREHERITATEERND, EMRE, aLBEEXNNIBANEG, MmIcHEEES
18, (3) SEB MBI ERENFIREIGHITIIR (tokenization) RE, RIT 7D REBRANES—
RYESETUREAHERE, ST T BB MRVHEHRE.

2,

1. BXEETHES:

ResTIBISEBRISRESTRIRMEERRNT, FELIENLEEHTRRE, M T MSAETransformertien
AT EMREER.

2, FEEEHER:

ResTSRANERBENTANESS, (ERERESRIECERRRITIRAEE.

3. ESTTRNSREIA

BRI DRERANESETURFRIHE, ResTEARARMERBIUERDUFHE, eI TSREMMSIESF

-+
17,
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3. RIS
1. ERRRIE:

ResTBIS 5 INEERIZ L BIEEONSIMTEESTHRINERD, ERHTESERNERN, RAtTH4E
FRDHHREIGRIRIE .

2, PHAFIERRENEESD:

BYESSRIIORIRN, ResTREBEERIUHFBAEIGTHIBEILBER, RS 7 EENIEIGAFIAY
EBfEREN.

3. BRIt

ResTIEA—MBERABR, HEGDRMTHES (INSENFILEISE]) CRIT SHaItEeE, I
TEAEEAEIRMERIE S,

4, X85

import numpy as np

import torch

from torch import nn

from torch.nn import init

# ZRIEFE S (EMSA) , HTS2B 2 RERE L]
class EMSA(nn.Module):

def __init__(self, d_model, d_k, d_v, h, dropout=.1, H=7, w=7, ratio=3,
apply_transform=True):

super(EMSA, self)._init_Q

self.H = H# Hi NAFE B0 =

self.w = W# it NAFAE 11 56

self.fc_q = nn.Linear(d_model, h * d_k)# i E 4tz
self.fc_k = nn.Linear(d_model, h * d_k) # H &4t
self.fc_v = nn.Linear(d_model, h * d_v)# {HE4iEs2
self.fc_o = nn.Linear(h * d_v, d_model)# #ithf4=id4i)
self.dropout = nn.Dropout(dropout)# Dropout), HTRiitils

self.ratio = ratio # #F[AIFERFELLEI
if (self.ratio > 1):
# IR R PR LU R T 1, A 6] kAt 2
self.sr = nn.Sequential()
self.sr_conv = nn.Conv2d(d_model, d_model, kernel_size=ratio + 1,
stride=ratio, padding=ratio // 2,
groups=d_model)
self.sr_1n = nn.LayerNorm(d_model)

self.apply_transform = apply_transform and h > 1
if (self.apply_transform):
# RS, WSR2
self.transform = nn.Sequential()
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self.transform.add_module('conv', nn.conv2dCh, h, kernel_size=1,
stride=1))

self.transform.add_module('softmax', nn.Softmax(-1))

self.transform.add_module('in', nn.InstanceNorm2d(h))

self.d_model = d_model
self.d_k = d_k
self.d_v = d_v

self.h = h

self.init_weights(
# WIHWAE
def init_weights(self):
for m in self.modules():
if isinstance(m, nn.Conv2d):
init.kaiming_normal_(m.weight, mode='fan_out')
if m.bias is not None:
init.constant_(m.bias, 0)
elif isinstance(m, nn.BatchNorm2d):
init.constant_(m.weight, 1)
init.constant_(m.bias, 0)
elif isinstance(m, nn.Linear):
init.normal_(m.weight, std=0.001)
if m.bias is not None:
init.constant_(m.bias, 0)

def forward(self, queries, keys, values, attention_mask=None,
attention_weights=None):

b_s, nq, c = queries.shape

nk = keys.shape[1]

# ARRE W BEANME )

qg = self.fc_g(queries).view(b_s, nq, self.h, self.d_k).permute(0, 2, 1,
3) # (b_s, h, nq, d_k)

if (self.ratio > 1):
# GRS R FRRAE, ALPEAT U LR plBERNE 1) B
X = queries.permute(0, 2, 1).view(b_s, c, self.H, self.w) #

bs,c,H,w

X = self.sr_conv(x) # bs,c,h,w

x = Xx.contiguous().view(b_s, c, -1).permute(0, 2, 1) # bs,n',c

X = self.sr_1n(x)

k = self.fc_k(x).view(b_s, -1, self.h, self.d_k).permute(0, 2, 3, 1)
# (b_s, h, d_k, n")

v = self.fc_v(x).view(b_s, -1, self.h, self.d_v).permute(0, 2, 1, 3)
# (b_s, h, n', d_v)

else:

# AHAT A R, B A UM ) &

k = self.fc_k(keys).view(b_s, nk, self.h, self.d_k).permute(0, 2, 3,
1) # (b_s, h, d_k, nk)

v = self.fc_v(values).view(b_s, nk, self.h, self.d_v).permute(0, 2,
1, 3) # (b_s, h, nk, d_v)

if (self.apply_transform):
# A S A



att

att
else:

# HEOIMREENE

att = torch.matmul(q, k) / np.sqrt(self.d_k) # (b_s, h, ng, n")

att = torch.softmax(att, -1) # (b_s, h, ng, n')

torch.matmul (q, k) / np.sqrt(self.d_k) # (b_s, h, ng, n")
self.transform(att) # (b_s, h, ng, n")

if attention_weights is not None:
att = att * attention_weights
if attention_mask is not None:
att = att.masked_fill(attention_mask, -np.inf)

att = self.dropout(att)# Jv/lldropout

# TFE

out torch.matmul (att, v).permute(0, 2, 1, 3).contiguous().view(b_s,
ng, self.h * self.d_v) # (b_s, nqg, h*d_v)

out = self.fc_o(out) # (b_s, nqg, d_model)

return out # IR [l4thah B

if _name__ == '_main__
block = EMSA(d_mode1=512, d_k=512, d_v=512, h=8, H=8, w=8, ratio=2,
apply_transform=True).cudaQ# GIFHEMSARLER ], FE $ICUDA b (WAl HD
input = torch.rand(64, 64, 512).cuda()# KA A EIE
output = block(input, input, input)# Hil{EHE
print(output.shape)

17. ExternalAttentionf&iR

18X (Beyond Self-attention: External Attention using Two Linear Layers for Visual Tasks)

1. (€@

AR T — A ER NS ——IMEBESS (External Attention) , (BT EREFMIMBINELAT
INHERERELI. XMHIBES AR MELRIZ I EMP NI — (LB EBSTI, #ETL)JJWE&%
BRI TP BB INE. 9I‘ﬁl3,$ﬁjj§-ﬁf£r$amf£ , FEBSHEET B EiEFEAZIE
ROKERE, AEGSER. BREl, 1BEXDEL hHE. BERERURREZOTFNRESREETS
BiEEHHAESEA A TRIMERE, HETkIIJEan:{EéTﬁ'%%DP\]TEZZKO

2,
1. BRI

S58IEAARE, INEHEENBEITHERNFIESANINBEINFZBRFEAIREFFHE, XB
SRR ER MRS THE, s mRRIBEIEENER LT, BHERIIHRZHEE

2, ZHERE:

SNERERIDANTEERENLY, BERPAFTTENE, TWM TN AHIRRANNERZNA, &
RBe TR,
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3. BAHNEREEN:

BESIAZAANSE, SNERESDEBRREANARSERIRER, 18 T RERIFRREEN. XSRS
FTEMNTESEHIFEEIL.

3. A
1. BREREENKIER:

SMERERDBE ERROHNSHMEMATTESRE, SN TSHEWHEEH, FAERTRFETRE
HIESEHZR, FRICEABANENIER, RE TEENZKEE

2, FBHFRIXEREEE:

FRFTEEEDNKERMERRIIHHEREK, SMNBEENREBHBIERRF R ZEREERIK, NE
RN T RIS,

3. BFER:

BRTFEBERMY, INEEENTUBRMAMEERZEIENETEEE DA, HRMNRESRAEEE
RFRIRERS, AT BT,

4, X85

import numpy as np

import torch

from torch import nn

from torch.nn import init

# ENANEER S, K Enn.Module
class ExternalAttention(nn.Module):

def __init__(self, d_model, S=64):
super(Q).__init__Q
# WA VA2, T2 e = s
# mk: R NRIED_mode 1 4ERILS BISHE, B R4k 2L 5 YA A (] R R/
self.mk = nn.Linear(d_model, S, bias=False)
# omv: R ERYE S IORFE N SYERUS [RI 5 AR 1) d_mode 14
self.mv = nn.Linear(S, d_model, bias=False)
# A Softmax o7 IH—fh b2
self.softmax = nn.Softmax(dim=1)
# RBCEBIGE R
self.init_weights(

def init_weights(self):
# HE R EYIGEN T
for m in self.modules():
if isinstance(m, nn.Conv2d):
# XBEZMACE I TKaiming IEAS 2R PIiG
init.kaiming_normal_(m.weight, mode='fan_out')
if m.bias is not None:
# WMARAMWED, PR HIE A0
init.constant_(m.bias, 0)
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elif isinstance(m, nn.BatchNorm2d):
# A — 402 FBCE VR BT I aa 1
init.constant_(m.weight, 1)
init.constant_(m.bias, 0)
elif isinstance(m, nn.Linear):
# XRMEENREIATIES A mYIGEA, MED CWRAALE) ¥IaEih0
init.normal_(m.weight, std=0.001)
if m.bias is not None:
init.constant_(m.bias, 0)

def forward(self, queries):
# T 7 R AL
attn = self.mk(queries) # i FHmk /=5 NEFEFE 4 3 S Yk
attn = self.softmax(attn) # XFF&E4E)5FFIEE T Softmax )T —1bab#
# P —E BT R ) BOEAT bR AEAG, (A1
attn = attn / torch.sum(attn, dim=2, keepdim=True)
out = self.mv(attn) # {(FHmv/Z2800 8 R ERCGT [R5 Gn 4
return out

# RBIRES, Bl ExternalAttentionsifil, FFxt— BN N BT 27
if _name__ == "'_main__":
block = ExternalAttention(d_model=64, S=8).cuda() # SEHI{LALAYIFF2 £ CUDAK %%
input = torch.rand(64, 64, 64).cuda() # GIZEFENLEA
output = block(input) # iR AL A
print(output.shape) # T E[I 4 N Fl4H 19 <)

18. GCNet

18X {(GCNet: Non-local Networks Meet Squeeze-Excitation Networks and Beyond )

1. {EH

GCNetBIREEIMNETIIMENE B L T EERMRIKIERERBIRR, NMKETEGR/IMDE. X
SN EIE—RINRBMESAIMEE. EBEMLS (NLNet) BURIREH T BIREEISENEBE L
T RGN TN BRI IE R RIS E. GCNetFELER Fi T 7 ROEFIEW, SEUEDHT
BHEFHENLNet i SRt

2,

GCNetiBILA F=NTBREESF ET™X:

1. ETFEEE:
B ISR E U ERNHERFE RSB L T UFE
2. YfiEssin:

THIRREEAREER R,
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3. @&

BB LTS EEHEIS MBI, GCNet RTINLNethHI2F T FEIGRINAREIR
UENFEEEN, EFX—KI, GCNetRATERHZANEENEREITEETE,

3. RIS

1. WHEHE: GCNetBIIFHEEIIMANTIRNBEZ D TITEE, SNLNetiBll, (RIFT/ERMER
IR AR TitEER,

2, BEH: GCNethIRITAFERNATEEMNSBHZSMNER, SSENetiBlll, CRIIFHIERENSE
BETGEERIESMRE, B5INGTEMSEIEEIFRE/.

3. BAMMEEN: TS MEEEENAENRERAES (NSNS E]. Bi&sEMaFR
Bl) £, GCNetZiBMUFEICAINLNetFISENet, Brr 7 EOUHAIMERER 2SR M.

4, X85

import torch
import torch.nn as nn

# EX&R T
class GlobalcContextBlock(nn.Module):
def _init__(self, inplanes, ratio, pooling_type="att", fusion_types=
('channel_mul')) -> None:
super(Q).__init__QO
# 8 A RN R 2R A
valid_fusion_types = ['channel_add', 'channel_mul']
# Wi s aNavg B att!
assert pooling_type in ['avg', 'att']
# s 2= — P a7
assert len(fusion_types) > 0, 'at least one fusion should be used'
# WIAHEEAR S
self.inplanes = inplanes
self.ratio = ratio
* ratio)
self.pooling_type = pooling_type
self.fusion_type = fusion_types

self.planes = int(inplanes

if pooling_type == 'att':
self.conv_mask = nn.Conv2d(inplanes, 1, kernel_size=1)
self.softmax = nn.Softmax(dim=2)
else:
# SN, R B IE R
self.avg_pool = nn.AdaptiveAvgPool2d(1)
# IR "att !, [ IXTERUE AR, FEHSoftmaxidi T IH—1
if 'channel_add' in fusion_types:
self.channel_add_conv = nn.Sequential(
nn.Conv2d(self.inplanes, self.planes, kernel_size=1),
nn.LayerNorm([self.planes, 1, 1]),
nn.ReLU(inplace=True),
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nn.Conv2d(self.planes, self.inplanes, kernel_size=1)
)

else:
self.channel_add_conv = None
# WWRAAIAEE channel_mul’', & SGEIEH LM
if "channel_mul' in fusion_types:
self.channel_mul_conv = nn.Sequential(
nn.cConv2d(self.inplanes, self.planes, kernel_size=1),
nn.LayerNorm([self.planes, 1, 1]),
nn.ReLU(inplace=True),
nn.cConv2d(self.planes, self.inplanes, kernel_size=1)
)
else:
self.channel_mul_conv = None
# 5 XA E)h Ak R £
def spatial_pool(self, x):
batch, channel, height, width = x.size()
if self.pooling_type == 'att':
input_x = x
input_x = input_x.view(batch, channel, height * width) # {#iH1x1EF4
JRARERY
input_x = input_x.unsqueeze(1l)
context_mask = self.conv_mask(x) # fiiJH]IxTEA A G
context_mask = context_mask.view(batch, 1, height * width)
context_mask = self.softmax(context_mask)# JfsoftmaxitiTIH—1b
context_mask = context_mask.unsqueeze(-1)
context = torch.matmul(input_x, context_mask) # 1[5 [
context = context.view(batch, channel, 1, 1)
else:
context = self.avg_pool(x) # iy [ id N -FHibil
return context

# 78 SCHT In) AL 4% s 2
def forward(self, x):
context = self.spatial_pool(x)
out = X
if self.channel_mul_conv is not None:
channel_mul_term = torch.sigmoid(self.channel_mul_conv(context)) #
R BT OGN
out = out * channel_mul_term # 5S5xitirifise
if self.channel_add_conv 1is not None:
channel_add_term = self.channel_add_conv(context)
out = out + channel_add_term
return out

if _name__ == "_main__":
input = torch.randn(16, 64, 32, 32) #4pibENLEL
net = GlobalcContextBlock(64, ratio=1 / 16) #if/&sflibms
out = net(input)
print(out.shape)
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19. SAFM{SiR

18X (Spatially-Adaptive Feature Modulation for Efficient Image Super-Resolution)

1. (€@

e BT IRE =B EIENAF AT (Spatially-Adaptive Feature Modulation, SAFM) #1#l, BTE
FRIREIREEDHFE (Super-Resolution, SR) HERURIHEM, FEEGESHEREEMEIESTEE
MR, XUERBEEAAREZNEEN, NERTRINERSE, IRTTEIFEESR. SAFMEBEY
MIIEFIZRER RN, HaISREXWRHBHTEES], iR XLk,

2,
1. SEENERSERR (SAFM) B:

SAFMEFBZ REFERTENFS), HSsT=aEsl. SAFMEETFIBIEEISERKEE, &
—25|\NERIBEES=E (Convolutional Channel Mixer, CCM) , LU4wfBEER L TXEEHERES
IR

2, BRBERESE (CCM)

ATHRBFBHLTER, RETETFFMBConviICCM, BT RIEEIMSIIFESEE, 1558 riEikt
BHIERTBESD,

3. IS

1. BRIEARIEE:

SAFMNIEEHEL T IVEHIRRISR ISR N3AE, MIMDNE, RIS DMP PRSI T BTt AL,
2. ENRSZIIRA:

B S RESERTHTEIASEES, SAFMNASBE SR EIHE, B EEERE, BEHHHE
THEMERERAS.

3. REMHHEREMSINENES:

BIISAFMEFICCMBYES, SAFMNBES T BEMFIIEREMHIEHER, LU T B ENEGB L R
B,

4, 189

import torch
import torch.nn as nn
import torch.nn.functional as F

# € XSAFME, 4k7K Hnn.Module
class SAFM(nn.Module):
def __init__(self, dim, n_levels=4):
super(Q).__init_Q
# n_levelsHIRRHES Y 7 I Z DA AR R
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self.n_levels = n_Tlevels
# A RERFIE I TE 5,
chunk_dim = dim // n_Tlevels

# Spatial weighting: £F0EEANREEMIFREIE, AR ESIEAT 2 R0
self.mfr = nn.ModuleList([nn.Conv2d(chunk_dim, chunk_dim, 3, 1, 1,
groups=chunk_dim) for i in range(self.n_Tevels)])

# Feature Aggregation: HTRA&AFENEAHE S FIRFIE
self.aggr = nn.conv2d(dim, dim, 1, 1, 0)

# Activation: ffi[HGELUFIE &L
self.act = nn.GELUQ)

def forward(self, x):
# XA (B, C,H,W), HAFBRRIK KA, CRBIER, HMWEEATE
h, w= x.size()[-2:]

# BN EE L S in_level s RE
xc = X.chunk(self.n_levels, dim=1)

out = []
for i in range(self.n_levels):
if i > 0:
# THEARA R R REEE B
p_size = (h // 2%%i, w // 2%%i)
# OPRHIEEAT HIE N RO, PR R

s = F.adaptive_max_pool2d(xc[i], p_size)

# 0 BEAR A R IR R AR S R P A A

s = self.mfr[i](s)

# A4 F e AR B R R B SRAE 20 J 4R K/

s = F.interpolate(s, size=(h, w), mode='nearest')
else:

# BT HEBENHIRESER, AT TR
s = self.mfr[i](xc[i])
out.append(s)

# VbR BT R I RAEAE B 2 B AT
out = torch.cat(out, dim=1)

# T IXIER RSP RFE

out = self.aggr(out)

# NHGELUBOE M5 R AR ARG,  SEIURHE A ]
out = self.act(out) * x

return out

if _name__ == "'_main__":
# B —NSAFMSEBI I — N BEAL N AT b3
X = torch.randn(l, 36, 224, 224)
Model = SAFM(dim=36)
out = Model(x)
print(out.shape)
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20, PPM{ELR

18X {Pyramid Scene Parsing Network)

1. (€@

SFEMRETME (PSPNet) FRSFEMUERRSTRAKENEB L TXER, BRRSTHR
FRATROMERBIE, PSPNetBEBSAMBFIRICRTHERIR, FXNE MEERHITHEIRAID LT,

2, H#

PSPNetBHTERELIRMLE (WResNet) HNRE—EGFHEE LN AEFEBRIERARR
BB LTYER. SFEHHEREARRAERRISHRIE, S ERISTENARD T XigH
Tttt LR EEEIZBN LT ERS. BExXMAR, HEIUESEENTSRER, NE78
FRATAOMERE.

3, SIS
1. @RETFXEA:

BYEFEBHURRES SRR L TXER, AUEKIISNERERIE, RS TNERRAE
fRREN.

2. R

PSPNetfEZ MESEMETEENNFEUS TILRAMEE, BiEIimageNetZRMEfHkik. PASCAL VOC
20128/ CityscapesEifE, BRHESERMUFIZHEEN.

3. BRRIMAALERRS:

SINREERK (deeply supervised loss) , T —MEMEIMMURES, (EISETResNetBJFCN
PILRRETS SCIME I AT I45505R.

4, K88

import torch
import torch.nn as nn
import torch.nn.functional as F

class PPM(nn.Module): # pspnet {4 ih fi e
def __init__(self, down_dim):

super(PPM, self).__init_Q)

self.down_conv = nn.Sequential(
nn.Conv2d(2048, down_dim, 3, padding=1),
nn.BatchNorm2d(down_dim),
nn.PReLUQ)

)

# EHAFRRER B ERCSFEAL, IR Ix TG AR R Jk /b R ik 4
self.convl = nn.Sequential(
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nn.AdaptiveAvgPool2d(output_size=(1, 1)),

nn.conv2d(down_dim, down_dim,

nn.BatchNorm2d(down_dim),

nn.

)

PReLU(Q)

self.conv2 = nn.Sequentiall(

kernel_size=1),

nn.AdaptiveAvgPool2d(output_size=(2, 2)),

nn.conv2d(down_dim, down_dim,

nn.BatchNorm2d(down_dim),

nn.

)

PReLU(Q)

self.conv3 = nn.Sequential(
nn.AdaptiveAvgPool2d(output_size=(3, 3)),

nn.conv2d(down_dim, down_dim,

nn.BatchNorm2d (down_dim),

nn.

)

PReLUQ)

self.conv4 = nn.Sequential(
nn.AdaptiveAvgPool2d(output_size=(6, 6)),

nn.conv2d(down_dim, down_dim,

nn.BatchNorm2d (down_dim),

nn.

# AEAN

PReLU(Q)

[l RUBE PR RS

self.fuse = nn.Sequential(

nn.

nn.

def forward
x = sel
convl =
conv2 =
conv3 =
conv4 =

kernel_size=1),

kernel_size=1),

kernel_size=1),

conv2d(4 * down_dim, down_dim, kernel_size=1),
nn.BatchNorm2d(down_dim),

PReLUQ)

(self, x):

f.down_conv(x)
self.convl(x)
self.conv2(x)
self.conv3(x)
self.conv4(x)

# g

# Ix1R
# 2x2RE
# 3X3RJE
# 6X6RJF

# Jgnh Ak S5 RRAE - SRAE B NRFAEAR R PR, R T R
convl_up = F.upsample(convl, size=x.size()[2:], mode='bilinear',

align_corners=T

rue)

conv2_up = F.upsample(conv2, size=x.size()[2:], mode="bilinear",

align_corners=T

rue)

conv3_up = F.upsample(conv3, size=x.size()[2:], mode="bilinear",

align_corners=T

rue)

conv4_up = F.upsample(conv4, size=x.size()[2:], mode='bilinear',

align_corners=T

rue)

return self.fuse(torch.cat((convl_up, conv2_up, conv3_up, conv4_up), 1))
# {EIEE4ERE LT PR E il Ix LG A

# ML A 51
if __name ==

# B NRHIEEE /22048, FRATARZEAES512

"_main__":

ppm = PPM(down_dim=512)



input_tensor = torch.randn(64, 2048, 32, 32) # EifllfmA
output_tensor = ppm(input_tensor)
print("output shape:", output_tensor.shape) # ] 4EE

21, gami=EiR

18X {Global Attention Mechanism: Retain Information to Enhance Channel-Spatial Interactions)

1. {ER

XRIeXIRH T 2BEEINE (Global Attention Mechanism, GAM) , EEBIIREBEFITIES
HENEERIGREHERT, NMEFHREREMEHIMRE. GAMEID S| \3DHI SZ ERG188
(MLP) BFEE&ETES, HiELSERTEEIENFER, B8 TRGO ISR, 1Z5EE
CIFAR-100f1imageNet-1KEUWEEE FRIEIG SIS IO EEN 7 /USRS ERONE, S8iEE
ResNetfliz 22k MobileNett&EEY FHIR A,

2,
1. BEEEATER:

FFSDHIFURBE=MENER, FHEIHEMLPABHEENBEE-SEkE. XN FERED
JmiDes-RRORREEHY, LA—MERLLGIr (5BAMAER]) SKSCIL,

2, FEEFEEHFER:

ATRETEAER, ERTHRIMEHEHITTAERNME. B, ATH—SRERIE, BT
IR, Lo, ATEBSEEIEREIEM, SNATResNet50ry, RKATHHRERSEERE.

3. RIS
1. BESRE:

GAMER T SIBEREMSRITIEAELL, 20IMDN, EMREIA/IVNT 3(E, ERSSSI Fabeaotse, =
TERFER LS.

2, EhFSESEEH:

B AMIIF IS REFIER TS T EES], GAMBESSEXURERHAE, BAEEM%
e, EIRMRIHEITEAERERA.

3. BUESHEEMIEBERISE:

GAMIBITHEMCCMIES, Bt E T BHMIFREHREHEER, ST EEHNEGRESHRE
EO
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4, X85

import torch.nn as nn
import torch

class GAM_Attention(nn.Module):
def __init__(self, in_channels, rate=4):
super(GAM_Attention, self).__init_(Q)

# IR )RR

self.channel_attention = nn.Sequential(
# FR4E, WOSEEENTRERE
nn.Linear(in_channels, int(in_channels / rate)),
nn.ReLU(inplace=True), # JFZVEHOS
# JH4E, WE 2R IRiEIE
nn.Linear(int(in_channels / rate), in_channels)

# SRR )R
self.spatial_attention = nn.Sequential(
# A7 X7 B R Z AT 2 (AR AE B PR 4R AL 2
nn.conv2d(in_channels, int(in_channels / rate), kernel_size=7,
padding=3),
nn.BatchNorm2d(int(in_channels / rate)), # fitV1—1k, Iniklesy, $eThfae ik
nn.ReLU(inplace=True), # JAFZEMERUS
# AL 7 X7 BARZ AT 2 AVRRAE 1) T4 b 7
nn.conv2d(int(in_channels / rate), in_channels, kernel_size=7,
padding=3),
nn.BatchNorm2d(in_channels) # {ltI1—{k

def forward(self, x):
b, ¢, h, w = x.shape # HAKEMYEE(5R
#ﬁ%%%%%%ﬁ%@ﬁ&aﬁmﬁ
x_permute = x.permute(0, 2, 3, 1).view(b, -1, ©)
# NHBET RS, IR R %iﬁh
x_att_permute = self.channel_attention(x_permute).view(b, h, w, )
# FRuEiE R B
x_channel_att = x_att_permute.permute(0, 3, 1, 2).sigmoid()

# LI IE R B AT R AL
X = X * x_channel_att

#AE RS TR T B S AT R ANAL
x_spatial_att = self.spatial_attention(x).sigmoid()
out = x * x_spatial_att

return out

# RBIRHY . I GAM_Attentionxf —ANFENLAIEE L 15K B AT AL BE
if _name__ == '_main__
x = torch.randn(1, 64, 20, 20) # BEHLERGATKE
b, ¢, h, w = x.shape # FEUGIAIKELEE(E R
net = GAM_Attention(in_channels=c) # SZfI{LGAM_Attentionitkk
y = net(x) # iBiIGAM_AttentionfidsbiTim Nk
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print(y.shape) # FTER4H ok SEHI4EEE(E 2

22, PSAf=IR

18X {EPSANet: An Efficient Pyramid Squeeze Attention Block on Convolutional Neural Network)

1. €M

EPSANetiBd 5 I NSV FEFEERS] (Pyramid Squeeze Attention, PSA) 185k, BERA TR
BEEREHEMEERGS K. NSRENASLASEIS T ENMEIES FaIMERE. BIIEResNetfURIAR
hEHR3X3ETA/IPSARRIR, EPSANetBEBEMEMEZHERIENER T, REFEFENSRERER
THEBMAEETARE.,

2,

1. EFEREISHIER (PSA) :

BEFRZRESFESRENBORAIENGEE, FEIFERNKENBEERE RGNS
MEEIHHIEFRNARRENZEER. W, BRENESREFHIENBE TR INEHER
SoftmaxiB{FEFUEINIBERNEE NG, E 7 KIZEEKLE.

2, BMEFIEEETSN (EPSA) R

BPSAEREIREIResNetAGRITNRF, FREX T B HEPSARIRTELRRIR, EPSARG FEHRNRERDFAEM
AINEIMENE TS, FEEBEREEITE BREREERTT.

3. EPSANetZ243:

BT HEEResNet KUSAYEPSALR, & T B BEMAYEPSANet B2, EPSANeti@ITHRHAIPSAIE
R, AEMTENMEESRETERNSRERTEC, FHEBEN I EEF I ERHENEE TR
JINE.

3. M
1. MEBEEF

FBELFSENet-50, EPSANetfEImageNet#iEE LATTop-ERERIZE 71.93%, EMS COCOFURESE

2, iHEHE:

EPSANetiZBURJ/NFE3MSRAA, WIIMDN, BERERFER LEAS.

3. HIESEIEREH:

EPSANetBIIZNSTHEFIBRERS THAL, B T EERE, RIGRE TR EMEERA.
4, BHESRERNIAERARFIIE:

EPSANetiBISPSARFIGTRBE RS (CCM) HNES, BXES T REHERHILER, KUTE
TEIRREGE D HRER,
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import torch

import torch.nn as nn

import torch.nn.functional as F

# JE X PSAMLERL

class PSA(nn.Module):

def __init__(self, channel=512, reduction=4, S=4):

super(PSA, self).__init_Q)
self.s = s # REMHE, H 62 R4

# & XARRERERZ
self.convs = nn.ModuleList([
nn.conv2d(channel // S, channel // S, kernel_size=2 * (i + 1) + 1,
padding=i + 1)
for i in range(s)

D

# 8 SUREAN R0 B (1 S ERE R
self.se_blocks = nn.ModuleList([
nn.Sequential(
nn.AdaptiveAvgPool2d (1), # Hi&N -FHbibF|1x1
nn.conv2d(channel // s, channel // (S * reduction),
kernel_size=1, bias=False), # /il
nn.ReLU(inplace=True),# ReLUMT A%
nn.conv2d(channel // (S * reduction), channel // S,
kernel_size=1, bias=False), # k&EiHiEA
nn.Sigmoid()# Sigmoidiidek %, it iEiE s /IR E
) for i in range(s)
D

self.softmax = nn.Softmax(dim=1) # XFEEAM7 B [ R dE T 01k

def forward(self, x):
b, ¢, h, w = x.size()

# BNTCIE 4 Loy B ysty, X RIAS R 1R
SPC_out = x.view(b, self.s, c // self.S, h, w)

# XN R BRFE R X RIS R 2
conv_out = []
for idx, conv in enumerate(self.convs):
conv_out.append(conv(SPC_out[:, idx, :, :, :1))
SPC_out = torch.stack(conv_out, dim=1)

# AN RBEIRHE SR LR SERRER, SRAR I T8 {3 2 A

se_out = [se(SPC_out[:, idx, :, :, :1) for idx, se in
enumerate(self.se_blocks)]

SE_out = torch.stack(se_out, dim=1)

SE_out = SE_out.expand(-1, -1, -1, h, w) # ¥ JELLILAISPC_out <)

# N softmax)d—biEmE S AGE
softmax_out = self.softmax(SE_out)
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# R SIBE G I N EERHIE
PSA_out = SPC_out * softmax_out
PSA_out = torch.sum(PSA_out, dim=1) # VSR JEYEE & IR

return PSA_out

if __name__ == '_main__":# JPSARiLL
input = torch.randn(3, 512, 64, 64)# G&E—FENLGHA
psa = PSA(channel=512, reduction=4, S=4)# S:f{tPSAFELL
output = psa(input)# HiliEHs
print(output.shape)

23. HalLoAttentionf&iR

18X {Scaling Local Self-Attention for Parameter Efficient Visual Backbones)

1. €M

HaloNeti@id 5| \Haloing#llEIFIEMANER LM, FEEGRAMES PIAR T RITHAVERRME, XER
HBIFEHEEENNE, BtERGERENEERE, FIfETSRMHaloingtklg, EERS T4
ESCIEZI N2 E

2, L

1. HaloingsRHg:

AT RRERBIENTEMAGFRE, HaloNetRFA T HaloingZkg, SEUGDEIKS MR, FAE
MY R—ENHaloXE, (WEXEXENITEETE. XMLERLD TIHER, RIRE TRAR
RZEY,

2. BRERIERIX:

HaloNetf9i2 7 Z REFHERREH, BEDERFERERNERER, BB RRENERES
fIE, 138 T HREIEHR PR AN RIEN .

3. BRREIEEHEM:

BESHMNEEENEE, SEFROHRIEEREENMOEERIEENTREEIE, HaloNetfERiFS
HERMERIRERS, BS TISFHEEERE,

3. RIS
1. BHRE:

HaloNeti@IBEBEIESIHHIF0HaloingsRlg, AIBERL TEATRITEEMRERRK, ST 558
RESTIERASEEEFIMLRE, BEREDNSEH.

2, BNZRE:
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ZREFHERREMESHaloNet BB BXUERRIRERINSR, 188 7SR ESHIEN 4 E
T,

3. {RFHEE®E:

BINHREEE DL, HaloNetTEARHEERMERIRIIR T, SEIL T EEIE R IRAD) 1SRN HERIE
B, EHEEGSEMA.

4, 159

import torch
from torch import nn, einsum
import torch.nn.functional as F

from einops import rearrange, repeat

# R Bl A B SR I B i 0 7 lup% 5

def to(x):
return {'device': x.device, 'dtype': x.dtype}

# B fRE N 2 e e A
def pair(x):
return (x, x) if not isinstance(x, tuple) else x

# fEfR e LY ke

def expand_dim(t, dim, k):
t = t.unsqueeze(dim=dim)
expand_shape = [-1] * len(t.shape)
expand_shape[dim] = k
return t.expand(*expand_shape)

# AR B G i A 4 SR 00 A B e
def rel_to_abs(x):
b, T, m = x.shape
r=m+1) // 2

col_pad = torch.zeros((b, 1, 1), **to(x))

x = torch.cat((x, col_pad), dim=2)

flat_x = rearrange(x, 'b 1T c -> b (1 ")

flat_pad = torch.zeros((b, m - 1), **to(x))
flat_x_padded = torch.cat((flat_x, flat_pad), dim=1)
final_x = flat_x_padded.reshape(b, 1 + 1, m)

final_x = final_x[:, :1, -r:]

return final_x

# R YERAER A E Togi ts

def relative_logits_1d(q, rel_k):
b, h, w, _ = g.shape
r = (rel_k.shape[0] + 1) // 2

logits = einsum('b x y d, rd ->b xyr', q, rel_k)
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logits = rearrange(logits, 'b x y r -> (b x) y r')
logits = rel_to_abs(logits)

logits = logits.reshape(b, h, w, r)
logits = expand_dim(logits, dim=2, k=r)
return logits

# FIXHLE AR
class RelPosemb(nn.Module):

def __init_(
self,
block_size,
rel_size,
dim_head

)&

super(Q).__init_Q
height = width = rel_size
scale = dim_head ** -0.5

self.block_size = block_size

self.rel_height = nn.Parameter(torch.randnCheight * 2 - 1, dim_head) *

scale)
self.rel_width = nn.Parameter(torch.randn(width * 2 - 1, dim_head) *
scale)

def forward(self, q):
block = self.block_size

g = rearrange(q, 'b (x y) ¢ -> b x y c', x=block)
rel_logits_w = relative_logits_1d(q, self.rel_width)
rel_logits_w = rearrange(rel_logits_w, 'b x iy j->b (xy) (i j)")

g = rearrange(q, 'b x yd ->byxd")

rel_logits_h = relative_logits_1d(q, self.rel_height)

rel_logits_h = rearrange(rel_logits_h, 'b x iy j -> b (y xX) (3 1)")
return rel_Togits_w + rel_logits_h

# HaloAttentionZs

class HaloAttention(nn.Module):

def _init__(
self,
dim,
block_size,
halo_size,
dim_head=64,
heads=8

super(Q).__init_Q
assert halo_size > 0, 'halo size must be greater than 0'

self.dim = dim
self.heads = heads



self.scale = dim_head ** -0.5

self.block_size = block_size

self.halo_size = halo_size

inner_dim = dim_head * heads

self.rel_

pos_emb = ReTPosEmb(

block_size=block_size,
rel_size=block_size + (halo_size * 2),

dim_head=dim_head

self.to_q = nn.Linear(dim, inner_dim, bias=False)

self.to_kv = nn.Linear(dim, inner_dim * 2, bias=False)

self.to_out = nn.Linear(inner_dim, dim)

def forward(self, x):
# GRS NRRE B 4E R e DR & 2R

b’ Cl hl

w, block, halo, heads, device = *x.shape, self.block_size,

self.halo_size, self.heads, x.device
assert h % block == 0 and w % block == 0,

assert c

== self.dim, f'channels for input ({c}) does not equal to the

correct dimension ({self.dim})’'
g_inp = rearrange(x, 'b c (h pl) (w p2) -> (b h w) (pl p2) c', pl=block,

p2=block)

kv_inp
padding=halo)

kv_inp =

#ERE . B

self.

F.unfold(x, kernel_size=block + halo * 2, stride=block,

rearrange(kv_inp, 'b (c j) i -> (b i) j c', c=0)

to_q(g_inp)

q:
k, v = self.to_kv(kv_inp).chunk(2, dim=-1)

# Yor il

d, k, v = map(lambda t: rearrange(t, 'b n (h d) -> (b h) n d', h=heads),

(g, k, v))

# SR )

g *= self.scale

# THIERT)

sim = einsum('b i d, b j d -> b i j', q, k)

# N INAH S AL A

sim += self.rel_pos_emb(q)

# A



mask torch.ones(1l, 1, h, w, device=device)

mask = F.unfold(mask, kernel_size=block + (halo * 2), stride=block,
padding=halo)

mask = repeat(mask, ') j i -> (b i h) OO j', b=b, h=heads)

mask = mask.bool()

max_neg_value = -torch.finfo(sim.dtype) .max
sim.masked_fi11_(mask, max_neg_value)

# ERIPLH

attn = sim.softmax(dim=-1)

# RE

out = einsum('b i j, b jd->b id"', attn, v)
# GIFFH A KR

out = rearrange(out, '(b h) nd -> b n (h d)', h=heads)
out = self.to_out(out)

# R HeE IR Rl JER R

out = rearrange(out, '(b h w) (pl p2) ¢ -> b c Ch pl) (w p2)', b=b, h=(h
// block), w=(w // block), pl=block,
p2=bTock)
return out

#EINNCHW, HiHNCHW
if _name__ == "_main__":
block = HaloAttention(dim=512,
block_size=2,
halo_size=1, ).cudaQ# fl#HaloAttentions:fl
input = torch.rand(l, 512, 64, 64).cuda(Q)# GIZFENLHA
output = block(input) # Hllf&4E
print(output.shape)

24, ViP{REIR

18 (VISION PERMUTATOR: A PERMUTABLE MLP-LIKE ARCHITECTURE FOR VISUAL
RECOGNITIONY

1. €@

1BIIRHAYVision Permutator@—fPiEE, FIEEXAIEMLP (ZERFINL) 2818, BFRmiRE. &
BEIFEMMLPEIER, BiBIg &S B IR N ED B S E AR TIRID, Bei5(REB2DIFIER
PN EER, B — T EAENKIESKRXER, BIHERES—AB LHERLSER.


af://n534
af://n536

2,
1. MRERE:

Vision PermutatorsRFESM IR CRMLERE, HRABGISSMD MR, FETLMRT
BENmRga<ShEmAN. Ba, XESHBMAREAN—FRSIPermutatorfREpH{THRHERE.

2. Permute-MLP:

Permutatorii 85— NEHF = EEEHEBAIPermute-MLPAI— N FEBBE(EE;RSHIChannel-MLP,
Permute-MLPEIIHIIAMNES RN ESENRENEE, EhEEHERREENSHE, XXNFn
REEXEE,

3. bhfPermute-MLP:

EfEEAIPermute-MLPERE £, SIAIIMPermute-MLPREFIDEARDZHEEY, H—TIREE
BUttge

3, IS
1. SRR

Vision PermutatoriBidEEEMRELE o3I DR THE, B TFEMSERIMTREE RS N—
TRIERIMLPZRIER] | BEEAMINREENEER, NMiESEE S EGHIISRANREEE

2, THaeRRH

SCIOFREA, BIEEAEREIMAHUE)IZGEEAIER T, Vision PermutatortBgBiAZ81.5%HY
ImageNetTZk-1/EMZE, FEEMSMAZEISE, XEIEAZHEFA/IMEELAICNNSFI w3 HEss
EBELF,

Vision PermutatorAIEEHIEIER. HIEE, ERREEMENRRES TISMERRE, RN TMLP
RIRBEMTIRBUES PRIE .

4, 189

import torch
from torch import nn

class MLP(nn.Module):
def __init__(self, in_features, hidden_features, out_features,
act_layer=nn.GELU, drop=0.1):
super(Q).__init_Q
H— Rk
self.fcl = nn.Linear(in_features, hidden_features)
# WOE R
self.act = act_layer()
# B )R REEE
self.fc2 = nn.Linear(hidden_features, out_features)
# Dropout/)z
self.drop = nn.Dropout(drop)


af://n539
af://n547
af://n555

def forward(self, x):
# B — 2 AeERE . BISREL Dropout. 24 ER:)Z. Dropout
return self.drop(self.fc2(self.drop(self.act(self.fcl(x)))))

class weightedPermuteMLP(nn.Module):
def __init__(self, dim, seg_dim=8, gkv_bias=False, proj_drop=0.):
super(Q).__init_QO
# OrBUYERE, HTEREYERE by B BEARRAE
self.seg_dim = seg_dim

# ESOIEIEC, mEH. B EWHIMLPAR T E

self.mlp_c = nn.Linear(dim, dim, bias=gkv_bias)
self.mlp_h = nn.Linear(dim, dim, bias=gkv_bias)
self.mlp_w = nn.Linear(dim, dim, bias=gkv_bias)

# HENERMLPZE
self.reweighting = MLP(dim, dim // 4, dim = 3)

# AP E
self.proj = nn.Linear(dim, dim)
self.proj_drop = nn.Dropout(proj_drop)

def forward(self, x):
B, H, W, C = x.shape

# IMIE4EE AT
c_embed = self.mlp_c(x)

# Y I AR

S =C // self.seg_dim

h_embed = x.reshape(B, H, W, self.seg_dim, S).permute(0, 3, 2, 1,
4) .reshape(B, self.seg_dim, w, H * S)

h_embed = self.mlp_h(h_embed) .reshape(B, self.seg_dim, W, H,
S).permute(0, 3, 2, 1, 4).reshape(B, H, W, C)

T 4 P (1 b 3
w_embed = x.reshape(B, H, W, self.seg_dim, S).permute(0, 3, 1, 2,
4) .reshape(B, self.seg_dim, H, W * S)
w_embed = self.mlp_w(w_embed) .reshape(B, self.seg_dim, H, W,
S).permute(0, 2, 3, 1, 4).reshape(B, H, W, C)

# UM AN AE IS softmaxdt T IH—1k

weight = (c_embed + h_embed + w_embed).permute(0, 3, 1,
2).flatten(2) .mean(2)

weight = self.reweighting(weight).reshape(B, C, 3).permute(2, O,
1) .softmax (0) .unsqueeze(2) .unsqueeze(2)

# OAURRA AL EE 5 4R
x = c_embed * weight[0] + w_embed * weight[1] + h_embed * weight[2]

# N ZMDropout
x = self.proj_drop(self.proj(x))



return X

if _name_ == '_main__":
input = torch.randn(64, 8, 8, 512) # il A\
seg_dim = 8 # & W BYEE
vip = weightedPermuteMLP(512, seg_dim) # #uhifbfiizl
out = vip(input) # BG4
print(out.shape)

25, SKAttentionf&iR

1832 {Selective Kernel Networks)

1. €M

ZIEXNE TG MM (SKNets) |, XR—MEEFREHEMNE (CNN) RISEEE, 7iFsE
MEZTTRIEMA BENEREERZ AN, XF5EAREINE R EHE T R ERIBE R A RS2 EF
KNEWRIEAR, FECNNIRIRARER AL,

2, fEl

SKNetsFIA T —MRAFIEEEZ (SK) BTaIEEER, ZERESEEARRANNIZ IO, X
DBI— M softmaxiEFRIIGIRE, HEXESTHREESIS. XIMBMETEEEHETRBRE
MNBENHEBEE MBI AN,

3. RIS

1. BiSMEAEEH:

SKNetsHREJFRETTRI AR TSNS RERRZE AN, BHEYMRETRIENED. XATFERAER
B LEERU BN EER.
2, iR

REATEMNEMPNT SFZARNN, SKNetsBARE TRITIMRELIERE, SIBRTHAVEME
tt. EIFENIRITIERE, WERSNAISE REETRESIIH PR R HSHEE,
W T IXFPREER,

3. MREIRHA:

fElmageNetFICIFARFEENIN EAISLIRERER, SKNetsEEARSERERERENRBR T, B
T BfthiRSTHAVZRN. ENIERERZ IR EM TEERUBIERARRENBIIIR, RS

RBIMERE,


af://n558
af://n560
af://n563
af://n566

4, X85

import numpy as np

import torch

from torch import nn

from torch.nn import init

from collections import OrderedDict

class SKAttention(nn.Module):
def __init__(self, channel=512, kernels=[1, 3, 5, 7], reduction=16, group=1,
L=32):
super().__init_QO
# VPR R S ) K
self.d = max(L, channel // reduction)
# A RS ERIZ A BN ERRZ 53R
self.convs = nn.ModuleList([])
for k in kernels:
self.convs.append(
nn.Sequential(orderedDict([
('conv', nn.conv2d(channel, channel, kernel_size=k,
padding=k // 2, groups=group)),
('bn', nn.BatchNorm2d(channel)),
('relu', nn.ReLU())
1
)
# IWIEHUEAN kR
self.fc = nn.Linear(channel, self.d)
# NN R R ST R ARE B SR R R E R SR
self.fcs = nn.ModuleList([])
for i in range(len(kernels)):
self.fcs.append(nn.Linear(self.d, channel))
# FEEISIMEPISoftmax/Z
self.softmax = nn.Softmax(dim=0)

def forward(self, x):
bs, ¢, _, _ = x.size()
conv_outs = []
# A E RS SR A PR
for conv in self.convs:
conv_outs.append(conv(x))

feats = torch.stack(conv_outs, 0) # k,bs,channel,h,w

# WA B RAZ 5 SR A4S 31 A R E B U
U = sum(conv_outs) # bs,c,h,w

# XA RHE U T A R AL, JRE i B R IR 4E1S 3 Z
S = U.mean(-1).mean(-1) # bs,c
Z = self.fc(s) # bs,d

# TSR GO B R AR
weights = []
for fc in self.fcs:
weight = fc(2)
weights.append(weight.view(bs, c, 1, 1)) # bs,channel
attention_weights = torch.stack(weights, 0) # k,bs,channel,1,1


af://n574

attention_weights = self.softmax(attention_weights) # k,bs,channel,1,1

# OBE R IRUEE N B R R L, ST AT A RRAE R AT I AR AN 15 B i & H v
V = (attention_weights * feats).sum(0)

return Vv
# IRV
if _name__ == "_main__":

input = torch.randn(50, 512, 7, 7)

sk = SKAttention(channel=512, reduction=8)

output = sk(input)

print(output.shape) # Hith&id SKiER /LB S MRHE ETEAR

26, UFOf=IR

183X {UFO-VIT: High Performance Linear Vision Transformer without Softmax)

1. €M

UFO-VITEEERESA TransformerfE M ESHrEIGRIEEN i —: SAYEIAITE R RS KGR
ARTHIEAER, XEEMES O PRGNS EARYISLRR, UFO-VITIBIZ IR E—FraaSAtLE, Eks
TIEERMRIE, LTI EESENSEMEE, R RE T S Mee.

2, L

1. BiEEiHERYET:

UFO-ViTEidiEkRsoftmaxdE&ett, BT BiFENTE. BREEBENL2BEEsoftmaxREl, FIA
PR AN S SR EREMNENRR, ARBSEIRHETRE.

2. BtrEd (XNorm)

UFO-VITSINT —M#BIAGBI T iE——BStEN. (XNorm) |, FBF&E#fsoftmax. XFUZEGHEINE
HBEIXE IR ER R, FRSSREEREEE, DEMEREMER TR,

3. RIS

1. SHESRE:

SEHERHEE0N\)ERERSATIEARRE, UFO-VITHISAHEIEELMSRE, FHEABEIESS
HEREIN.

2, ERTERER:

UFO-VITIEEG S RANZETUMES PRI T EE B EREAE D, RESHEZLM, (BUFO-
VITHEREER RS EFFLOPS MAAREM 7 KRS EIMNEHIE T TransformerfJt&EEY,

3. #EEEER, GPURTERRIE:


af://n577
af://n579
af://n582
af://n588

UFO-VITIRBIEEERAVHEERE, FEESMOMHETZNCPURTRY. HRIRELES SR
WA, PTRANTERIRARBEEEM.

4, X85

import numpy as np

import torch

from torch import nn

from torch.functional import norm
from torch.nn import init

# & SUXNormef &, K AXIEAT I

def XNorm(x, gamma) :
norm_tensor = torch.norm(x, 2, -1, True)
return x * gamma / norm_tensor

# UFOAttentionZi4k/k Hnn.Module
class UFOAttention(nn.Module):

KB At B L, RAALMER R

# WAL R
def __init__(self, d_model, d_k, d_v, h, dropout=.1):
:param d_model: FAIYEE
tparam d_k: iR )4
tparam d_v: {H4ERE
tparam h: VERJLE
super (UFOAttention, self).__init_(Q)
# PIEALDUA MR vEif). . (EA 0 H R el
self.fc_q nn.Linear(d_model, h * d_k)
self.fc_k = nn.Linear(d_model, h * d_k)
self.fc_v nn.Linear(d_model, h * d_v)
self.fc_o = nn.Linear(h * d_v, d_model)
self.dropout = nn.Dropout(dropout)
# gammaZ A H TRtk
self.gamma = nn.Parameter(torch.randn((1, h, 1, 1)))

self.d_model
self.d_k =
self.d_v
self.h =

= d_model
d_k
d_v

= |

self.init_weights()

# BUEYIHL
def init_weights(self):
for m in self.modules():
if isinstance(m, nn.Conv2d):
init.kaiming_normal_(m.weight, mode='fan_out"')
if m.bias is not None:


af://n596

init.constant_(m.bias, 0)
elif isinstance(m, nn.BatchNorm2d):
init.constant_(m.weight, 1)
init.constant_(m.bias, 0)
elif isinstance(m, nn.Linear):
init.normal_(m.weight, std=0.001)
if m.bias is not None:
init.constant_(m.bias, 0)

# LR
def forward(self, queries, keys, values):

b_s, nq = queries.shapel[:2]
nk = keys.shape[1]

# EI PR A B E RS B A ]

q = self.fc_q(queries).view(b_s, nq, self.h, self.d_k).permute(0, 2, 1,
3)
k = self.fc_k(keys).view(b_s, nk, self.h, self.d_k).permute(0, 2, 3, 1)
= self.fc_v(values).view(b_s, nk, self.h, self.d_v).permute(0, 2, 1,
3)

# TFEEEAMERIREN, SRJE X g AT YL

kv = torch.matmul(k, v) # bs,h,c,c

kv_norm = XNorm(kv, self.gamma) # bs,h,c,c

g_norm = XNorm(q, self.gamma) # bs,h,n,c

out = torch.matmul(q_norm, kv_norm).permute(0, 2, 1,
3).contiguous().view(b_s, nq, self.h * self.d_v)

out = self.fc_oCout) # (b_s, nq, d_model)

return out

if _name__ == '_main__":
#
block = UFOAttention(d_model=512, d_k=512, d_v=512, h=8).cuda()

input = torch.rand(64, 64, 512).cuda()
output = block(input, input, input)
print(output.shape)

27, ASPPi=IR

18X (Rethinking Atrous Convolution for Semantic Image Segmentation)

1. (€@

DeepLabv32—MEHANENEGSEIRS, EEIERTRERIMRERE LT ICRES R ERE,

FEKi#fiDense CRFEAME,


af://n599
af://n601

2, L

DeepLabv3fyzOEIEIS=A (773K) BRI, XMRARIHREUZHIEMRRIMEr, EREBE
ZPRE LERZE LT3, Deeplabv3fE EREAFNFEASRIIPERTHETRIZINEERNHIE, 78
HBEZRERES. XEXEME T Atrous Spatial Pyramid Pooling (ASPP) 151, 1ZiERIEITES
PMRE LRFZEFUHHIAESEGRFE, BTHRBERBLTX.

3. IS
1. SREETFXHH:

BEEAERETERTIRET, Deeplabv3gEBNZNREMIX L TXER, X THERDEIREX
IMIREXREE,

2, SRS
RSB EAFTEIIMSHETERRNER MERNEEFIIE, 'S 7THENE,
3. MHREIRH:

ASPPSEIGRIFIIRIES BERRS TREMRE, FETEPASCAL VOC 201 2FEHHIRSE F SEMERT
HAEES,

4, RiBMHEMZILEEN:
Deeplabv3RUiEZRZEBARI, ALANAT AN, AENABRNSEHESRE T RiEH.

4, 159

from torch import nn
import torch
import torch.nn.functional as F

# X —NEEIAGI. i H— L FIRe LU B AT TR
class ASPPConv(nn.Sequential):
def __init__(self, in_channels, out_channels, dilation):
modules = [
AR, @ EREdT 1ationSHCkFIRA R R (G B
nn.Conv2d(in_channels, out_channels, 3, padding=dilation,
dilation=dilation, bias=False),
nn.BatchNorm2d(out_channels), # &4 -1k
nn.ReLU() # ReLUMT k%
1

super (ASPPConv, self).__init__(*modules)

# AR EEEE L R — L RIRe LU iR
class ASPPPooling(nn.Sequential):
def __init__(self, in_channels, out_channels):
super (ASPPPooling, self).__init_(
nn.AdaptiveAvgpPool2d(l), # 4/ Fiibfk
nn.conv2d(in_channels, out_channels, 1, bias=False), # 1x1&H!


af://n604
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nn.BatchNorm2d(out_channels), # Jlt&El1 {b
nn.ReLU()) # ReLUMIR k%L

def forward(self, x):
size = x.shape[-2:] # {RA7%0NFFIE B 2% ) 2
X = super(ASPPPooling, self).forward(x)
T T R AT B KRR PR DR /N 2 [ L i AN K/
return F.interpolate(x, size=size, mode='bilinear', align_corners=False)

# ASPPHEHR AR, 255 [FIRZIK 2 (1 2 T B AR 42 R P35 tAL,
class ASPP(nn.Module):
def __init__(self, in_channels, atrous_rates):
super(ASPP, self).__init__Q
out_channels = 256 # #itiiiE%
modules = []
modules.append(nn.Sequential(
nn.Conv2d(in_channels, out_channels, 1, bias=False), # Ix1 &M TF4E
nn.BatchNorm2d(out_channels),
nn.ReLU(Q)))

# ARIEAS R 2 A 2R s I 2 R 6 R
for rate in atrous_rates:
modules.append(ASPPConv(in_channels, out_channels, rate))

# WA RRE A
modules.append(ASPPPooling(in_channels, out_channels))

self.convs = nn.ModuleList(modules)

# F P LA S B2
self.project = nn.Sequential(
nn.conv2d(5 * out_channels, out_channels, 1, bias=False), # fl&EHE
J 4
nn.BatchNorm2d(out_channels),
nn.ReLUQ),
nn.Dbropout(0.5)) # Pilbidil&HIDropout/z

def forward(self, x):

res = []

# AN S AT

for conv in self.convs:
res.append(conv(x))

# SR BN R e 4 B

res = torch.cat(res, dim=1)

# NP RHIE AT A3

return self.project(res)

# filfe FHASPPIEHL

aspp = ASPP(256, [6, 12, 18])

X = torch.rand(2, 256, 13, 13)
print(aspp(x).shape) # fijth A 5 R AE 4k 2



28. ShuffleAttentiontEik

183 {SA-NET: SHUFFLE ATTENTION FOR DEEP CONVOLUTIONAL NEURAL NETWORKS)

1. {EH

SAERF AT IRRARE STRANESIEIEEIG SR, WSENFISEAISBSESaIeE. BlidEs
ZWBPSINESNE, EREEEEINKETEGRTHNERE, RIHDHAEXIEE.

2,

1. $S1ERA:
SAIRR B 7B NI B GBIEEE D SN THRAEE, XES N FIEARTLAFHTRE,
2. iBAiEEH:

MENFEEE, SAERER—ShufleBrTkEITEBEIENNTEEEN. XBIEMEUE
ER—MNEEEIERSEI, 1% IE3REIE I nT SEAYIR A FF SR I B IEFRRTE )AFEX 12,

3. FHIERS:
RhiEsEEER, B FHIENREG, AERAEERE BELUSSIA R FAHERRERESSR.

3. SN

1. BESHRTE:

SAIRIRB RIS 7 RFEERGFR NS, MURSFTEENEEN, REEIRE TIREAIMRE.
2. HiTEEED:

BB EERH TR TR, SMEREEBERRDITERRNHSE, ERINEEEAILIEE
JEO

3. RiE:
SAIEHRATLURHAEREITIERICNNZE T, AR FRESIRE 7 — M E R mE = a5k,
4, TTiZROER:

BEES MERIES CRISCIRIIE, SMEREEIGD . MSRIENFILHIDEISES LIBUETILT
LRIRSCHTTERIMRE, B T EUBAZEEN.

4, X85

import numpy as np

import torch

from torch import nn

from torch.nn import init

from torch.nn.parameter import Parameter


af://n620
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class ShuffleAttention(nn.Module):
# Wikbtkshuffle Attentionfiih

def

e, M=

73

__init__(self, channel=512, reduction=16, G=8):

super(Q).__init_Q

self.G = G # HHHE

self.channel = channel # ifii&#;

self.avg_pool = nn.AdaptiveAvgPool2d(1) # 4= F&ilit, FT/AEpamiEEs /)
self.gn = nn.GroupNorm(channel // (2 * G), channel // (2 * G)) # 4rdlH—
S EIPE=wj

# DL NI = A (R A A B 2 4

self.cweight = Parameter(torch.zeros(1l, channel // (2 * G), 1, 1))
self.cbias = Parameter(torch.ones(1, channel // (2 * G), 1, 1))
self.sweight = Parameter(torch.zeros(1l, channel // (2 * G), 1, 1))
self.sbias = Parameter(torch.ones(1, channel // (2 * G), 1, 1))
self.sigmoid = nn.Sigmoid() # Sigmoide&#y, TR /iK

# BUENIRTT 5

def

init_weights(self):
for m in self.modules():
if isinstance(m, nn.Conv2d):
init.kaiming_normal_(m.weight, mode='fan_out"')
if m.bias is not None:
init.constant_(m.bias, 0)
elif isinstance(m, nn.BatchNorm2d):
init.constant_(m.weight, 1)
init.constant_(m.bias, 0)
elif isinstance(m, nn.Linear):
init.normal_(m.weight, std=0.001)
if m.bias is not None:
init.constant_(m.bias, 0)

# EIETRVE VR, AR LA 5 FE AT
@staticmethod

def

channel_shuffle(x, groups):
b, c, h, w = x.shape
X

x.reshape(b, groups, -1, h, w)
X = X.permute(0, 2, 1, 3, 4)

X = x.reshape(b, -1, h, w)

return x

# ATIAMERE Tk

def

forward(self, x):
b, ¢, h, w = x.size(
x = x.view(b * self.G, -1, h, w) # U NIGAE KGR o> 4 2 1 3k AT FAHE

X_0, x_1 = x.chunk(2, dim=1) # FER > NPEERS, 20 5 B T30 i w0 A 2 ()T

# BIEER T

x_channel = self.avg_pool(x_0) # XF&5 ¥ 4 = bk

x_channel = self.cweight * x_channel + self.cbias # %> 2 ACEA &
x_channel = x_0 * self.sigmoid(x_channel) # iifiitsigmoi diih e BOr 5 aa45 1L

FHTE, 15V IMALIRFAL R



# TR0
x_spatial = self.gn(x_1) # X&5 R aaIT—1k

x_spatial = self.sweight * x_spatial + self.sbias # M JH*%>]FIfAE A E
x_spatial = x_1 * self.sigmoid(x_spatial) # iifiidsigmoi difli o HOr 5 ih i

FHE, 13 BINBLIRHE K

# VG IE T R RN A () R P SR T P P
out = torch.cat([x_channel, x_spatial], dim=1)
out = out.contiguous().view(b, -1, h, w) # IR LLULE R G5 A B4

# NLAHIEIE Y, CAEAS R 53 2H (8] R RRE n] AR H (5 S
out = self.channel_shuffle(out, 2)
return out

#HINNCHW, H#MHE NCHW
if _name__ == "'_main__
input = torch.randn(50, 512, 7, 7)
se = ShuffleAttention(channel=512, G=8)
output = se(input)
print(output.shape)

29. ResNeStfsEiR

18X {ResNeSt: Split-Attention Networks)

1. {ER

ResNeSHRH T —MEHIRIRUSZERT S (Split-Attention) R, EISEIFEERESLINER IS,
BSEESIXEDEEEFRSIR, LResNet KItEHEE, A2k T #HHIResNetZ{K, BIResNeSt. IZMEIREET
BRRIResNetEHy, BT AENENMFYMNTERASIBR T, BRAT NFES.

2,

1. ResNeStEII D ZEENBRIMFEEER TR, FESMANFIERFETHFAININNASS
3, NEETERLTXER. XMZEEMtER TEEEEENRE, NREEFEANHER
ﬁo

DRIBNREFERHEESEMS \%,Iﬁj]ﬂ’ﬂ'/\h%{’ﬁ BRSRNSIEEDAZME (FR) , A5

7‘ MERRE—SESNETFH (B | BEFIERRINEXEHEHITINGD, LEREE
MRRIETR, BEBIIE RRNRTGFHER, FRHRAYEL.
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3. WSS

1. ResNeSHERIENEIMTEMANRHET, BERS TREAIMRE. 5140, ResNeSt-507EImageNet
FIXEIT81.13%ATRR 1R, LULARTERIFAIResNet RS 7 1%L L, X—XH BT it
%, BIEEREN. TAISEFHEXSE.

2. B EEResNet-501 5 /9ResNeSt-50, BIRIFEMS-COCO_E¥Faster-RCNNAIMAPI39.3%42
=Z42.3%, FHEADE20K EDeeplabV3imioUM42.1%2=F45.1% ,

4, 159

import torch
from torch import nn
import torch.nn.functional as F

# T UIBEE, (EHTT DR EABRECE R, % T M2 s iE ) wE .
def make_divisible(v, divisor=8, min_value=None, round_limit=.9):
min_value = min_value or divisor
new_v = max(min_value, int(v + divisor / 2) // divisor * divisor)
# IRV E 2 A S —E s (round_Timit)
if new_v < round_Timit * v:
new_v += divisor

return new_v

# Radix SoftmaxH T4 HAFERH—1L
class RadixSoftmax(nn.Module):
def _init__(self, radix, cardinality):
super().__init_Q
self.radix = radix
self.cardinality = cardinality

def forward(self, x):

batch = x.size(0)

# M radixe B KT LRk e H softmaxid &sigmoididti7)9—14k

if self.radix > 1:
x = x.view(batch, self.cardinality, self.radix, -1).transpose(l, 2)
X = F.softmax(x, dim=1)
X = x.reshape(batch, -1)

else:

X = x.sigmoid()
return x

# SplitAttnBELSEI o 24T = JIHLA
class SplitAttn(nn.Module):
def __init__(self, in_channels, out_channels=None, kernel_size=3, stride=1,
padding=None,
dilation=1, groups=1, bias=False, radix=2, rd_ratio=0.25,
rd_channels=None, rd_divisor=8,
act_layer=nn.ReLU, norm_layer=None, drop_block=None, **kwargs):
super(SplitAttn, self).__init_Q
out_channels = out_channels or in_channels
self.radix = radix
self.drop_block = drop_block
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mid_chs = out_channels * radix
# IR GEES. radixMrd_ratioit &k AL § b e 2 8 58 2
if rd_channels 1is None:

attn_chs = make_divisible(

* *

in_channels radix rd_ratio, min_value=32,
divisor=rd_divisor)
else:

attn_chs = rd_channels * radix

padding = kernel_size // 2 if padding is None else padding
# BZOGRE
self.conv = nn.Conv2d(
in_channels, mid_chs, kernel_size, stride, padding, dilation,
groups=groups * radix, bias=bias, **kwargs)
# Ja8L)Z Ll KkRadixSoftmax
self.bn0 = norm_layer(mid_chs) if norm_layer else nn.Identity()
self.act0 = act_layer()
self.fcl
self.bnl
self.actl = act_layer()

nn.Conv2d(out_channels, attn_chs, 1, groups=groups)
norm_layer(attn_chs) if norm_layer else nn.Identity()

self.fc2 = nn.conv2d(attn_chs, mid_chs, 1, groups=groups)
self.rsoftmax = RadixSoftmax(radix, groups)

def forward(self, x):
# G
X = self.conv(x)
X = self.bn0(x)
if self.drop_block is not None:
x = self.drop_block(x)
X = self.act0(x)

# IITESREET
B, RC, H, W = x.shape
if self.radix > 1:
# XPRHERE T AR &
X = x.reshape((B, self.radix, RC // self.radix, H, W))
X_gap = x.sum(dim=1)
else:
X_gap = x
# AR AT 2 A N 4, N HRad i xSoftmax
X_gap = x_gap.mean(2, keepdims=True).mean(3, keepdims=True)
x_gap = self.fcl(x_gap)
X_gap
x_gap = self.actl(x_gap)
x_attn = self.fc2(x_gap)
x_attn = self.rsoftmax(x_attn).view(B, -1, 1, 1)
if self.radix > 1:
out = (x * x_attn.reshape((B, self.radix, RC // self.radix, 1,
1))).sum(dim=1)
else:
out = x * x_attn

self.bnl(x_gap)

return out



# AN NCHW, HH NCHW

if _name__ == "'_main__":
block = spTitAttn(64)
input = torch.rand(1l, 64, 64, 64)
output = block(input)
print(output.shape)

30. Partnetf&EiR

18X {NON-DEEP NETWORKS)

1. {EH

R T "Partnet”, IXE—FPFEIAHREMLELEY, BEMKIESH R BT EENTIRENES
PikAEIEMNEE. BR T EAMEEENSR0ImageNet, CIFAR-10F1CIFAR-100L, BMEREEALR
(KRA12E) HIMEHEEBRIST =R,

2,

1. PartnetRAFHITFREMAZERNINFESE, NMEDTRERE, ERIRSESESER Tt
B XM NMEAEIF T R HESEAZIMRE Z I SRR N AU TIHHERE,

2, ZZRIBI I RAOVGGUIEIR, IINT BRERIERE. E4EFIRURD (Skip-Squeeze-and-Excitation,
SSE) =, FHEATSILU (Sigmoid Linear Unit) ZiEREL, LABREBTRERMNDOESEBIZRTEED
PRI EIE.

3. RIS
1. T

PartnetfIFHTEMAITFERIEEITESES MUER T E, BEIRS THEBERE, MAEINMEISR
E.

2. {RIER:
BT R RELZE, PartnetBelsLIUMILIRETR, ERTEEREMNANEDS.
3. AR

xf
F

CXRR T IIENER. DHERNFTOSAIEERY fRPartnet, RRMRIFMEREIEE.
A RIEE— PR BRI TR, MABINER
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4, X85

import numpy as np

import torch

from torch import nn

from torch.nn import init

class ParNetAttention(nn.Module):
# PliGtbParNetiE s Sy
def __init__(self, channel=512):
super(Q).__init_Q
# A B &Rt AN Ix LS ARSI 25 () R 46, 98 5 80 S gmo dis ki 4™ AR A K]
self.sse = nn.Sequential(
nn.AdaptiveAvgrPool2d(1), # 4/ Fiibdh, K23 mgeE k465 1x1
nn.conv2d(channel, channel, kernel_size=1), # Ix1#&F, F T80 AL

H
nn.Sigmoid() # Sigmoidek#l, T4t K
)
# W IXVERSEIURHE L, A s [a) R
self.convlxl = nn.Sequential(
nn.conv2d(channel, channel, kernel_size=1), # 1Ix1H&/, AXSCREAEER S
I R ~F

nn.BatchNorm2d(channel) # #lt&EIH 1k

# I 3x 3B A A LR SUE R
self.conv3x3 = nn.Sequential(
nn.conv2d(channel, channel, kernel_size=3, padding=1), # 3x3G, {#
FERHE B R AR
nn.BatchNorm2d(channel) # #lt&ET—1b

self.silu = nn.SiLUQ) # SIiLUBGEEREL, P swishik$

def forward(self, x):
# XM MEEE, IR N (Batch, channel, Height, width)
b, ¢, _, _ = x.size(Q
x1 = self.convix1(x) # iBEiFIx1#EFALFEX
X2 = self.conv3x3(x) # iHi3x3HEAbHx
x3 = self.sse(x) * x # RHIZEARIER I ERX L
y = self.silu(xl + x2 + x3) # ¥ LR =g RAIMIFIELST LUBIE R E0E, 55
2SIl

return y

# MikParNetAttentionfitk
if _name__ == "'_main__":
input = torch.randn(3, 512, 7, 7) # GlE YA
pna = ParNetAttention(channel=512) # sZflfbParNetyt s it
output = pna(input) # Xif A\dkqT b
print(output.shape) # TEIFH IR, N3, 512, 7, 7)
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31. Cloattentionf&iR

18X {Rethinking Local Perception in Lightweight Vision Transformer)

1. {EH

CloFormer (Context-aware Local Enhancement Vision Transformer) E—fRE%RMNEE
Transformer, FIFAEFRFRIMZEMNEN, ESESMURESTOMEE, SEBGSE. Bira
WFMEN S El, HFEEBREREARMRE LRAIMEREMEE, SIREREERMITVEVIT (Vision
Transformer) REIRTSERIMRE TR,

2,

CloFormeri@ig3| NAttnConv (Attention Style Convolution Operator) &SI TR SCRRKIRY S ERIE
B, NMEMUEASEEMER. 1ZIEERAMD &

1. BEA®:

FRAttnConvRl S HE=NEF L N BAINERR E=MEEMER. 87, FRRETLBEER
(Depthwise Convolution, DWconv) REVSERF, RGERE LT S RKINERIGRFEMHIE.

2. 2RNX:
KERERFR NS, EIIXTKAIVEIT FRIERIREFLOPs, EEMERNHEIMTRERER.

3. RIS

1. ETFXREHAOEEREE:

EBigAttnConv, CloFormerBitteES T HENEF L FXBAINERMLE, LI T SEENF/EMHE
1R,

2, MAREN:

B RS EER, REREBEARINREES PIAZEFAIMLE.

3. BEigit:

CloFormer&ARBanR &R, BB ORMEEIZINIHIIINEL =G, ST T ERFREWRIER

IESRERE,

4, K88

import torch
from torch import nn
from efficientnet_pytorch.model import MemoryEfficientSwish

# 5 AN B RS R BRI AR
class AttnMap(nn.Module):
def __init__(self, dim):


af://n682
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af://n694
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super(Q).__init_QO

self.act_block = nn.Sequential(
nn.conv2d(dim, dim, 1, 1, 0), # Ix1H&EAUHTIHREEE
MemoryEfficientswish(), # {lifHiMemoryefficientSwish{f v g%
nn.conv2d(dim, dim, 1, 1, 0) # FIRIX1EM

def forward(self, x):
return self.act_block(x)

# 8 LR R B IR B A
class EfficientAttention(nn.Module):
def __init__(self, dim, num_heads=8, group_split=[4, 4], kernel_sizes=[5],
window_size=4,
attn_drop=0., proj_drop=0., gkv_bias=True):

super(Q).__init_Q

# SEWIRANE X

assert sum(group_split) == num_heads # #fifi/2lE0E 2 F%E T L%

assert len(kernel_sizes) + 1 == len(group_split) # #aliZ /Ny n—2% 1%

self.dim = dim # i \iHiEL
self.num_heads = num_heads # I/ k0%E:
self.dim_head = dim // num_heads # &}/ 3k(fJ4E)%
self.scalor = self.dim_head ** -0.5 # Z5AT
self.kernel_sizes = kernel_sizes # %)/ ol#k
self.window_size = window_size # %Il A/N
self.group_split = group_split # 7p4l%#
# ARG BRI 2 AIQKVZ
convs = []
act_blocks = []
gkvs = []
for i in range(len(kernel_sizes)):
kernel_size = kernel_sizes[i]
group_head = group_split[i]
if group_head == 0:
continue
convs.append(nn.Conv2d(3 * self.dim_head * group_head, 3 *
self.dim_head * group_head, kernel_size,
1, kernel_size // 2, groups=3 * self.dim_head
* group_head))
act_blocks.append(AttnMap(self.dim_head * group_head))
gkvs.append(nn.Conv2d(dim, 3 * group_head * self.dim_head, 1, 1, O,
bias=gkv_bias))
if group_split[-1] != 0:
# WG — A EERE IR E X
self.global_gq = nn.cConv2d(dim, group_split[-1] * self.dim_head, 1,
1, 0, bias=qkv_bias)
self.global_kv = nn.conv2d(dim, group_split[-1] * self.dim_head * 2,
1, 1, 0, bias=gkv_bias)
self.avgpool = nn.AvgPool2d(window_size, window_size) if window_size
I= 1 else nn.Identity(Q)

# W8 B TR
self.convs = nn.ModuleList(convs)
self.act_blocks = nn.ModuleList(act_blocks)



self.qkvs nn.ModuleList(gkvs)
self.proj = nn.conv2d(dim, dim, 1, 1, 0, bias=qgkv_bias) # #iHi{&iZ)2
self.attn_drop = nn.Dropout(attn_drop) # £ /Jdropout

self.proj_drop = nn.Dropout(proj_drop) # #i“dropout

# EER IR

def

high_fre_attntion(self, x: torch.Tensor, to_gkv: nn.Module, mixer:

nn.Module, attn_block: nn.Module):

(3 b (m

x: (b c hw

b, ¢, h, w = x.size()

gkv = to_gkv(x) # (b (3 md) h w)

gkv = mixer(gkv).reshape(b, 3, -1, h, w).transpose(0, 1).contiguous()
d) h w)

g, k, v=qgkv # (b (md) h w)

attn = attn_block(qg.mul(k)).mul(self.scalor)

attn = self.attn_drop(torch.tanh(attn))

res = attn.mul(v) # (b (m d) h w)

return res

# ARSI = S AL P R B

def

Tow_fre_attention(self, x: torch.Tensor, to_q: nn.Module, to_kv:

nn.Module, avgpool: nn.Module):

x: (b c hw

b, ¢, h, w = x.size()

g = to_gq(x).reshape(b, -1, self.dim_head, h * w).transpose(-1,

-2).contiguous() # (b m Ch w) d)

kv = avgpool(x) # (b c h w)
kv = to_kv(kv).view(b, 2, -1, self.dim_head, (h * w) //

(self.window_size ** 2)).permute(l, 0, 2, 4,

3).contiguous() # (2 b m (H w) d)
k, v=kv # (bm (Hw d
attn self.scalor * q @ k.transpose(-1, -2) # (b m (h w) (H w))
attn = self.attn_drop(attn.softmax(dim=-1))
res = attn @v # (bm Chw d
res = res.transpose(2, 3).reshape(b, -1, h, w).contiguous()
return res

# REHI T 1 AE 4

def

forward(self, x: torch.Tensor):

x: (b chw
res = []
for i in range(len(self.kernel_sizes)):
if self.group_split[i] == O:
continue
res.append(self.high_fre_attntion(x, self.gkvs[i], self.convs[i],

self.act_blocks[i]))

if self.group_split[-1] != O:



res.append(self.low_fre_attention(x, self.global_q, self.global_kv,

self.avgpool))
return self.proj_drop(self.proj(torch.cat(res, dim=1)))

# N N C HW, fii NCHW

if _name_ == "_main__":
block = EfficientAttention(64).cuda() # Fflfbits ik
input = torch.rand(1, 64, 64, 64).cudaQ# G A FEHLAIA
output = block(input)
print(output.shape) # {TENHHL IR

32. BiFormeri&iR

18X {BiFormer: Vision Transformer with Bi-Level Routing Attention)

1. €M

BiFormer STEfERI I TransformerfEAMEEGRIATTTENRFERETR, CBE5INNEBREEES
(Bi-Level Routing Attention, BRA) , SEELT#ISH). ETABHIRINESONG, LIERE. S50t
DB EEIR.

2, fEl

BiFormerfJ O2WEEHIEES (BRA) , ZAFIESWIEELSE: XEFIXERHBEMSHEIS
WMEGESA. B, BIWE— I RERIFREKEFSERTESR, FMEMLEXIHIER, FN
ZHH—EER, HR, EXUEENXEYS, NAMUENSHERISHESN, UES M FERNRED
HRAERNB-EHTRE. XMiAAFBiFormersiditt X BIG+H SiSEEIAREXNES, ™
FREMETEME LITERSNSERZE, NMEZFRD T IHESFREIREFSA.

3. MBS
1. e

BiFormer@ S EXVEIREITEANG, LT 5EASEIENELNEETTEMAERENH, BN
RIEREE BN RABR AR F R TIH L

2, ISR

SEMBIESNIEARR, BiFormerfEBRIBRSANSIER TR, FHAEBETtL
EEMNRES.

3. osE:

SLILARERAR, BiFormerfEBH& DK, MSIGNFMEN S EISF S MURIES LM T IRFA0MRE, TH
BESEEMITESRERISNER T, BBl T MERTHTE.
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4, X85

from typing import Tuple, Optional

import torch

import torch.nn as nn

import torch.nn.functional as F

from einops import rearrange

from torch import Tensor, LongTensor

# & XTopkRoutingZt, sLIUAIFEItopkis HALH
class TopkRouting(nn.Module):
def __init__(self, gk_dim, topk=4, gk_scale=None, param_routing=False,
diff_routing=False): # Mm%, WiHILIEH
super(Q).__init_QO
self.topk = topk
self.gk_dim = gk_dim
self.scale = gk_scale or gk_dim ** -0.5
self.diff_routing = diff_routing

self.emb = nn.Linear(gk_dim, gk_dim) if param_routing else nn.Identity()

self.routing_act = nn.Softmax(dim=-1)
# T AL R R A
def forward(self, query: Tensor, key: Tensor) -> Tuple[Tensor]:

if not self.diff_routing:
query, key = query.detach(), key.detach()
query_hat, key_hat = self.emb(query), self.emb(key)
attn_logit = (query_hat self.scale) @ key_hat.transpose(-2, -1)
topk_attn_Togit, topk_index = torch.topk(attn_logit, k=self.topk,
dim=-1)
r_weight = self.routing_act(topk_attn_logit)

*

return r_weight, topk_index

# KvGatherBiblk, ML 2R 5] ik BEAE A X
class KvGather(nn.Module):
def _init__(self, mul_weight="none'):
super().__init_QO
assert mul_weight in ['none', 'soft', 'hard']
self.mul_weight = mul_weight

def forward(self, r_idx: Tensor, r_weight: Tensor, kv: Tensor):

n, p2, w2, c_kv = kv.size()
topk = r_idx.size(-1)

topk_kv = torch.gather(kv.view(n, 1, p2, w2, c_kv).expand(-1, p2, -1,
_11 _1) 3

dim=2,
index=r_idx.view(n, p2, topk, 1, 1).expand(-1,
-1, -1, w2, c_kv)


af://n721

if self.mul_weight == 'soft':
topk_kv = r_weight.view(n, p2, topk, 1, 1) * topk_kv # (n, pA2, k,
wA2, c_kv)
elif self.mul_weight == 'hard':
raise NotImplementedError('differentiable hard routing TBA')

return topk_kv

# QKVLinearfill, HTA M. BEME
class QKVLinear(nn.Module):
def __init__(self, dim, gk_dim, bias=True):
super().__init_QO
self.dim = dim
self.qk_dim = gk_dim
self.gkv = nn.Linear(dim, gk_dim + gk_dim + dim, bias=bias)

def forward(self, x):
g, kv = self.gkv(x).split([self.qgk_dim, self.qk_dim + self.dim], dim=-1)
return q, kv

# BiLevelRoutingAttention3%, SCHIXUZE M tvE = L]
class BiLevelRoutingAttention(nn.Module):

def _init__(self, dim, n_win=7, num_heads=8, gk_dim=None, qgk_scale=None,
kv_per_win=4, kv_downsample_ratio=4, kv_downsample_kernel=None,
kv_downsample_mode="1identity"',
topk=4, param_attention="gkvo", param_routing=False,
diff_routing=False, soft_routing=False,
side_dwconv=3,
auto_pad=True):
super().__init_QO

self.dim = dim

self.n_win = n_win # wh, ww

self.num_heads = num_heads

self.gk_dim = gk_dim or dim

assert self.gk_dim % num_heads == 0 and self.dim % num_heads == 0,
'gk_dim and dim must be divisible by num_heads!'

self.scale = gk_scale or self.gk_dim ** -0.5

self.Tepe = nn.Conv2d(dim, dim, kernel_size=side_dwconv, stride=1,
padding=side_dwconv // 2,
groups=dim) if side_dwconv > 0 else \
Tambda x: torch.zeros_1ike(x)

self.topk = topk
self.param_routing = param_routing
self.diff_routing = diff_routing



self.soft_routing = soft_routing
# router
assert not (self.param_routing and not self.diff_routing)
self.router = TopkRouting(gk_dim=self.gk_dim,
gk_scale=self.scale,
topk=self.topk,
diff_routing=self.diff_routing,
param_routing=self.param_routing)
if self.soft_routing:
mul_weight = 'soft'
elif self.diff_routing:
mul_weight = "hard'
else:
'none’
KvVGather (mul_weight=mul_weight)

mul_weight
self.kv_gather

self.param_attention = param_attention
if self.param_attention == 'gkvo':
self.qgkv = QKVLinear(self.dim, self.gk_dim)
self.wo = nn.Linear(dim, dim)
elif self.param_attention == 'gkv':
self.qgkv = QKVLinear(self.dim, self.gk_dim)
self.wo = nn.Identity()
else:
raise valuetError(f'param_attention mode {self.param_attention} is
not surpported!')

self.kv_downsample_mode = kv_downsample_mode
self.kv_per_win = kv_per_win
self.kv_downsample_ratio = kv_downsample_ratio
self.kv_downsample_kenel = kv_downsample_kernel
if self.kv_downsample_mode == 'ada_avgpool':
assert self.kv_per_win is not None
self.kv_down = nn.AdaptiveAvgPool2d(self.kv_per_win)
elif self.kv_downsample_mode == 'ada_maxpool':
assert self.kv_per_win is not None
self.kv_down = nn.AdaptiveMaxPool2d(self.kv_per_win)
elif self.kv_downsample_mode == 'maxpool':
assert self.kv_downsample_ratio is not None
self.kv_down = nn.MaxPool2d(self.kv_downsample_ratio) if
self.kv_downsample_ratio > 1 else nn.Identity()
elif self.kv_downsample_mode == 'avgpool':
assert self.kv_downsample_ratio is not None
self.kv_down = nn.AvgPool2d(self.kv_downsample_ratio) if
self.kv_downsample_ratio > 1 else nn.Identity()

elif self.kv_downsample_mode == 'identity':
self.kv_down = nn.Identity()
elif self.kv_downsample_mode == 'fracpool':

raise NotImplementedError('fracpool policy is not implemented yet!")
elif kv_downsample_mode == 'conv':

raise NotImplementedError('conv policy is not implemented yet!")
else:



raise valueError(f'kv_down_sample_mode {self.kv_downsaple_mode} is
not surpported!')

self.attn_act

nn.Softmax(dim=-1)

self.auto_pad = auto_pad

def forward(self, x, ret_attn_mask=False):

X = rearrange(x, "n c hw->nhw<c")

if self.auto_pad:
N, H_in, w_in, C = x.size()

pad_1 = pad_t = 0
pad_r = (self.n_win - w_in % self.n_win) % self.n_win
pad_b = (self.n_win - H_in % self.n_win) % self.n_win
X = F.pad(x, (0, 0, # dim=-1

pad_1, pad_r, # dim=-2

pad_t, pad_b)) # dim=-3

—_, H, W, _ = x.size() # padded size
else:
N, H, W, C = x.size()
assert H % self.n_win == 0 and W % self.n_win ==

x = rearrange(x, "n (3 h) (i w) c ->n (j i) hwc", j=self.n_win,
i=self.n_win)

q, kv self.gkv(x)

g_pix = rearrange(q, 'n p2 hw c -> n p2 (hw) c")

kv_pix = self.kv_down(rearrange(kv, 'n p2 hw c -> (n p2) c h w"))

kv_pix rearrange(kv_pix, '(n j i) chw ->n ( i) ¢hw) c',
j=self.n_win, i=self.n_win)

gwin, k_win = g.mean([2, 3]), kv[..., O:self.qgk_dim].mean(
[2, 3D
Tepe = self.lepe(rearrangeCkv[..., self.gk_dim:], 'n (j i) hw c -> n c

(G h) (w', j=self.n_win,
i=self.n_win).contiguous())
Tepe = rearrange(lepe, 'n c (j h) (i w) ->n (3 h) (iw c',
j=self.n_win, i=self.n_win)

r_weight, r_idx = self.router(q_win, k_win) # both are (n, pA2, topk)
tensors



kv_pix_sel = self.kv_gather(r_idx=r_idx, r_weight=r_weight, kv=kv_pix)
# (n, pA2, topk, h_kv*w_kv, c_gk+c_v)
k_pix_sel, v_pix_sel = kv_pix_sel.split([self.gk_dim, self.dim], dim=-1)

k_pix_sel = rearrange(k_pix_sel, 'n p2 k w2 (m c) -> (n p2) m c (k w2)"',
m=self.num_heads) # flatten to BMLC, (n*pA2, m,
topk*h_kv*w_kv, c_kq//m) transpose here?
v_pix_sel = rearrange(v_pix_sel, 'n p2 k w2 (m c) -> (n p2) m (k w2) c',
m=self.num_heads) # flatten to BMLC, (n*pA2, m,
topk*h_kv*w_kv, c_v//m)
g_pix = rearrange(g_pix, 'n p2 w2 (m c) -> (n p2) mw2 c',
m=self.num_heads) # to BMLC tensor (n*pA2, m, wA2,

c_gk//m)

attn_weight = (
q_pix * self.scale) @ k_pix_sel # (n*pA2, m, wA2,

c) @ (n*pA2, m, c, topk*h_kv*w_kv) -> (n*pA2, m, wA2, topk*h_kv*w_kv)

attn_weight = self.attn_act(attn_weight)

out = attn_weight @ v_pix_sel # (n*pA2, m, wA2, topk*h_kv*w_kv) @
(n*pA2, m, topk*h_kv*w_kv, c) -> (n*pA2, m, wA2, c)

out = rearrange(out, '(n j i) m (thw) c ->n (F h) (Giw) (ma',
j=self.n_win, i=self.n_win,

h=H // self.n_win, w=W // self.n_win)

out = out + lepe

out

self.wo(out)

if self.auto_pad and (pad_r > 0 or pad_b > 0):
out = out[:, :H_in, :W_in, :].contiguous()

if ret_attn_mask:

return out, r_weight, r_idx, attn_weight
else:

return rearrange(out, "n hwc ->nc hw")

class Attention(nn.Module):

def __init__(self, dim, num_heads=8, gkv_bias=False, gk_scale=None,
attn_drop=0., proj_drop=0.):
super(Q).__init_QO
self.num_heads = num_heads
head_dim = dim // num_heads

self.scale = gk_scale or head_dim ** -0.5

self.gkv = nn.Linear(dim, dim * 3, bias=gkv_bias)
self.attn_drop = nn.Dropout(attn_drop)

self.proj = nn.Linear(dim, dim)

self.proj_drop = nn.Dropout(proj_drop)



def forward(self, x):

H, W = x.size()

X = rearrange(x, 'nc hw->n (hw c")

B, N, C = x.shape

gkv = self.gkv(x).reshape(B, N, 3, self.num_heads, C //
self.num_heads) .permute(2, 0, 3, 1, 4)

g, k, v = gkv[0], gkv[1], gkv[2] # make torchscript happy (cannot use
tensor as tuple)

attn = (q @ k.transpose(-2, -1)) * self.scale
attn = attn.softmax(dim=-1)
attn = self.attn_drop(attn)

(attn @ v).transpose(l, 2).reshape(B, N, C)
self.proj(x)
self.proj_drop(x)

X rearrange(x, 'n (hw) c -> nc hw', h=H, w=w)

return x

class AttentionLePE(nn.Module):

vanilla attention

def __init__(self, dim, num_heads=8, qkv_bias=False, gk_scale=None,
attn_drop=0., proj_drop=0., side_dwconv=5):
super(Q).__init_Q
self.num_heads = num_heads
head_dim = dim // num_heads

self.scale = gk_scale or head_dim ** -0.5

self.qkv = nn.Linear(dim, dim * 3, bias=gkv_bias)
self.attn_drop = nn.Dropout(attn_drop)
self.proj = nn.Linear(dim, dim)
self.proj_drop = nn.Dropout(proj_drop)
self.lepe = nn.Conv2d(dim, dim, kernel_size=side_dwconv, stride=1,
padding=side_dwconv // 2,
groups=dim) if side_dwconv > 0 else \
lambda x: torch.zeros_Tlike(x)

def forward(self, x):

_, _, H, W= x.size(Q
x = rearrange(x, 'nc hw->n (hw) c")

B, N, C = x.shape



gkv = self.gkv(x).reshape(B, N, 3, self.num_heads, C //
self.num_heads) .permute(2, 0, 3, 1, 4)
q, k, v = qgkv[0], gkv[1], gkv[2]

Tepe = self.lepe(rearrange(x, 'n (hw) c -> n c hw', h=H, w=W))
Tepe = rearrange(lepe, 'n c hw ->n (h w) c")

attn = (q @ k.transpose(-2, -1)) * self.scale
attn = attn.softmax(dim=-1)
attn = self.attn_drop(attn)

(attn @ v).transpose(l, 2).reshape(B, N, C)
X + lepe

self.proj(x)
self.proj_drop(x)

X rearrange(x, 'n ¢(h w) ¢ -> n c hw', h=H, w=w)

return Xx

def _grid2seq(x: Tensor, region_size: Tuple[int], num_heads: int):

B, C, H, W = x.size()

region_h, region_w = H // region_size[0], W // region_size[1l]

X = x.view(B, num_heads, C // num_heads, region_h, region_size[0], region_w,
region_size[1])

X = torch.einsum('bmdhpwg->bmhwpgd', x).flatten(2, 3).flatten(-3, -2) #
(bs, nhead, nregion, reg_size, head_dim)

return x, region_h, region_w

def _seq2grid(x: Tensor, region_h: int, region_w: int, region_size: Tuple[int]):

bs, nhead, nregion, reg_size_square, head_dim = x.size()
x = x.view(bs, nhead, region_h, region_w, region_size[0], region_size[1l],
head_dim)
x = torch.einsum('bmhwpqd->bmdhpwq', x).reshape(bs, nhead * head_dim,
region_h * region_size[0],
region_w * region_size[1l])
return Xx

def regional_routing_attention_torch(
query: Tensor, key: Tensor, value: Tensor, scale: float,
region_graph: LongTensor, region_size: Tuple[int],
kv_region_size: Optional[Tuple[int]] = None,
auto_pad=True) -> Tensor:

kv_region_size = kv_region_size or region_size
bs, nhead, g_nregion, topk = region_graph.size()

q_pad_b, g_pad_r, kv_pad_b, kv_pad_r =0, 0, 0, O



if auto_pad:
—, —, Hg, wg = query.size()
g_pad_b = (region_size[0] - Hq % region_size[0]) % region_size[0]
g_pad_r = (region_size[l] - Wq % region_size[l]) % region_size[1l]
if (g_pad_b > 0 or g_pad_r > 0):
query = F.pad(query, (0, g_pad_r, 0, g_pad_b))

—, —, Hk, wk = key.size()
kv_pad_b = (kv_region_size[0] - Hk % kv_region_size[0]) %
kv_region_size[0]
kv_pad_r = (kv_region_size[1l] - wk % kv_region_size[1]) %
kv_region_size[1]
if (kv_pad_r > 0 or kv_pad_b > 0):
key = F.pad(key, (0, kv_pad_r, 0, kv_pad_b))
value = F.pad(value, (0, kv_pad_r, 0, kv_pad_b))

query, g_region_h, g_region_w = _grid2seq(query, region_size=region_size,
num_heads=nhead)

key, _, _ = _grid2seq(key, region_size=kv_region_size, num_heads=nhead)

value, _, _ = _grid2seq(value, region_size=kv_region_size, num_heads=nhead)

bs, nhead, kv_nregion, kv_region_size, head_dim = key.size()
broadcasted_region_graph = region_graph.view(bs, nhead, q_nregion, topk, 1,
D. \
expand(-1, -1, -1, -1, kv_region_size, head_dim)
key_g = torch.gather(key.view(bs, nhead, 1, kv_nregion, kv_region_size,
head_dim). \
expand(-1, -1, query.size(2), -1, -1, -1), dim=3,
index=broadcasted_region_graph) # (bs, nhead,
g_nregion, topk, kv_region_size, head_dim)
value_g = torch.gather(value.view(bs, nhead, 1, kv_nregion, kv_region_size,
head_dim). \
expand(-1, -1, query.size(2), -1, -1, -1), dim=3,
index=broadcasted_region_graph) # (bs, nhead,
g_nregion, topk, kv_region_size, head_dim)

attn = (query * scale) @ key_g.flatten(-3, -2).transpose(-1, -2)
attn = torch.softmax(attn, dim=-1)

output

attn @ value_g.flatten(-3, -2)

output

_seqg2grid(output, region_h=g_region_h, region_w=q_region_w,
region_size=region_size)

if auto_pad and (g_pad_b > 0 or q_pad_r > 0):
output = output[:, :, :Hq, :wq]

return output, attn



class BiLevelRoutingAttention_nchw(nn.Module):

def _init__(self, dim, num_heads=8, n_win=7, gk_scale=None, topk=4,
side_dwconv=3, auto_pad=False,
attn_backend="'torch"):
super(Q).__init_Q

self.dim = dim
self.num_heads = num_heads

assert self.dim % num_heads == 0, 'dim must be divisible by num_heads!"'
self.head_dim = self.dim // self.num_heads
self.scale = gk_scale or self.dim ** -0.5

# MmRESER, TR Ty
self.lepe = nn.Conv2d(dim, dim, kernel_size=side_dwconv, stride=1,
padding=side_dwconv // 2,
groups=dim) if side_dwconv > 0 else \
Tambda x: torch.zeros_Tlike(x)

self.topk = topk
self.n_win = n_win

# SRR TARER (@) « 8 (k) FE (v
self.gkv_Tlinear = nn.Conv2d(self.dim, 3 * self.dim, kernel_size=1)
self.output_linear = nn.Conv2d(self.dim, self.dim, kernel_size=1)
# PR v SE I R AL
if attn_backend == 'torch':
self.attn_fn = regional_routing_attention_torch
else:
raise valueError('CUDA implementation is not available yet. Please
stay tuned.')

def forward(self, x: Tensor, ret_attn_mask=False):

N, C, H, W = x.size()
region_size = (H // self.n_win, W // self.n_win)

# S0 Mg, ke vasiE
gkv = self.gkv_linear.forward(x) # ncHw
g, k, v = gkv.chunk(3, dim=1) # ncHw

# P XEI XS H

g_r = F.avg_pool2d(qg.detach(), kernel_size=region_size, ceil_mode=True,
count_include_pad=False)

k_r = F.avg_pool2d(k.detach(), kernel_size=region_size, ceil_mode=True,
count_include_pad=False) # nchw

g_r: Tensor = qg_r.permute(0, 2, 3, 1).flatten(l, 2) # nChw)c

k_r: Tensor = k_r.flatten(2, 3) # nc(hw)

a_r = q_r @ k_r # nChw)(hw), adj matrix of regional graph

_, idx_r = torch.topk(a_r, k=self.topk, dim=-1) # n(Chw)k long tensor

idx_r: LongTensor = idx_r.unsqueeze_(1).expand(-1, self.num_heads, -1,
-1



# B=0. Es3Hikitoken-to-tokeniE &/
output, attn_mat = self.attn_fn(query=q, key=k, value=v,
scale=self.scale,
region_graph=idx_r,
region_size=region_size

)
output = output + self.Tepe(v) # ncHw
output = self.output_Tinear(output) # ncHw

if ret_attn_mask:
return output, attn_mat

return output

# BN N C HW, %ith NCHW
if _name__ == "_main__":
block = BiLevelRoutingAttention_nchw(256).cuda() # SEfilthiEss /b
input = torch.rand(1, 256, 64, 64).cudaQ# Gz BN
output = block(input)
print(output.shape) # TEN4 AR

33, STVitf&EiR

18X (Vision Transformer with Super Token Sampling)

1. {ER
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af://n724
af://n726
af://n729
af://n732

4, X85

import torch
import torch.nn as nn
import torch.nn.functional as F

# unfoldiEH 4 E fkernel_sizextfi A #EAT R IT
class unfold(nn.Module):
def _init__(self, kernel_size=3):
super().__init_QO
# kernel_sizewE X 1 I AR E 0K/
self.kernel_size = kernel_size
# WA AR, SR DN TR B RS H 205
weights = torch.eye(kernel_size ** 2)
weights = weights.reshape(kernel_size ** 2, 1, kernel_size, kernel_size)
# W EBENATESRE, FOAETIA SR R 4 5
self.weights = nn.Parameter(weights, requires_grad=False)

def forward(self, x):  # FREUMARIHEE R/, wEE . &R 52
b, ¢, h, w = x.shape
# A e S B R i N AT SRR, SEILURIT D Re
X = F.conv2d(x.reshape(b * c, 1, h, w), self.weights, stride=1,
padding=self.kernel_size // 2)
# REH R, RS RITME N
return x.reshape(b, ¢ * 9, h * w)

# FoldiiHt5unfoldifif, H 1K RITHIRHIE EHr & bl 5 4R TR
class Fold(nn.Module):
def __init__(self, kernel_size=3):
super(Q).__init_Q

self.kernel_size = kernel_size

# SunfoldtfE, WIARMELE A s

weights = torch.eye(kernel_size ** 2)

weights = weights.reshape(kernel_size ** 2, 1, kernel_size, kernel_size)
# PEANTEMNE

self.weights = nn.Parameter(weights, requires_grad=False)

def forward(self, x):
b, _, h, w = x.shape
# HEEER GEERD BAIEWRE RGN REE
X = F.conv_transpose2d(x, self.weights, stride=1,
padding=self.kernel_size // 2)
return Xx

# AttentionfBSIIlHER NS
class Attention(nn.Module):
def _init__(self, dim, window_size=None, num_heads=8, gkv_bias=False,
gk_scale=None, attn_drop=0., proj_drop=0.):
super(Q).__init__Q

self.dim = dim# dime X THAELERE, num_headsiE X T & 713k M%E
self.num_heads = num_heads
head_dim = dim // num_heads


af://n735

self.window_size = window_size

# FRYELE e R 7 80 E B E B R BT 47
self.scale = gk_scale or head_dim ** -0.5

# gkvH— G2 FIN A RS #) . FEAE
self.gkv = nn.conv2d(dim, dim 3, 1, bias=gkv_bias)
self.attn_drop = nn.Dropout(attn_drop)
self.proj = nn.Conv2d(dim, dim, 1) # projsefii#ses:
self.proj_drop = nn.Dropout(proj_drop)

*

def forward(self, x):
B, C, H, W = x.shape # 3KHUa AR
N=H?%*W
# gk it BSOS A EER T ERTRIR
d, k, v = self.gkv(x).reshape(B, self.num_heads, C // self.num_heads *
3, N).chunk(3,

dim=2) # (B, num_heads, head_dim, N)
# EERIIE, ERE I EER R R T
attn = (k.transpose(-1, -2) @ q) * self.scale
# N softmaxskEE R JAE
attn = attn.softmax(dim=-2) # (B, h, N, N)
# N AR J1dropout
attn = self.attn_drop(attn)

x = (v @ attn).reshape(B, C, H, W)
x = self.proj(x)

x = self.proj_drop(x)

return x

# StokenAttentionBiHul it EACHANL 7 (B Token LAKE SRAFIE R 75
class StokenAttention(nn.Module):
def __init__(self, dim, stoken_size, n_iter=1, num_heads=8, qgkv_bias=False,
gk_scale=None, attn_drop=0.,
proj_drop=0.):
super().__init_QO

self.n_iter = n_iter
self.stoken_size = stoken_size

self.scale = dim ** - 0.5

self.unfold = unfold(3)
self.fold = Fold(3)

self.stoken_refine = Attention(dim, num_heads=num_heads,
gkv_bias=qkv_bias, gk_scale=qgk_scale,
attn_drop=attn_drop, proj_drop=proj_drop)

def stoken_forward(self, x):

x: (B, C, H, W)
B, C, HO, wO = x.shape
h, w = self.stoken_size



# 1% padding
pad_1 = pad_t = 0
pad_r = (w - WO % w) % w
pad_b = (h - HO % h) % h
if pad_r > 0 or pad_b > 0:
X = F.pad(x, (pad_1, pad_r, pad_t, pad_b))

_, —, H, w = x.shape

hh, we =H // h, W // w
# A8 BE i1 2] Rl Token Y RFAE
stoken_features = F.adaptive_avg_pool2d(x, (hh, ww)) # (B, C, hh, ww)
# JEITRAE DU T RS 20 A b
pixel_features = x.reshape(B, C, hh, h, ww, w).permute(0, 2, 4, 3, 5,
1) .reshape(B, hh * ww, h * w, C)
# 13 BB AR E AT A 414k
with torch.no_grad():
for idx in range(self.n_iter):
stoken_features = self.unfold(stoken_features) # (B, C*9,
hh*ww)
stoken_features = stoken_features.transpose(l, 2).reshape(B, hh
* ww, C, 9)

affinity_matrix
# (B, hh*ww, h*w, 9)

pixel_features @ stoken_features * self.scale

affinity_matrix = affinity_matrix.softmax(-1) # (B, hh*ww, h*w,
P

affinity_matrix_sum affinity_matrix.sum(2).transpose(l,

2) .reshape(B, 9, hh, ww)

affinity_matrix_sum self.fold(affinity_matrix_sum)
if idx < self.n_iter - 1:
stoken_features

affinity_matrix # (B, hh*ww, C, 9)

pixel_features.transpose(-1, -2) @

stoken_features
1) .reshape(B * C, 9, hh, ww)).reshape(
B, C, hh, ww)

self.fold(stoken_features.permute(0, 2, 3,

stoken_features = stoken_features / (affinity_matrix_sum +
le-12) # (B, C, hh, ww)

stoken_features = pixel_features.transpose(-1, -2) @ affinity_matrix #
(B, hh*ww, C, 9)

stoken_features self.fold(stoken_features.permute(0, 2, 3,
1) .reshape(B * C, 9, hh, ww)).reshape(B, C, hh, ww)

stoken_features = stoken_features / (affinity_matrix_sum.detach() + le-
12) # (B, C, hh, ww)

stoken_features self.stoken_refine(stoken_features)

stoken_features self.unfold(stoken_features) # (B, C*9, hh*ww)



stoken_features = stoken_features.transpose(l, 2).reshape(B, hh * ww, C,
9) # (B, hh*ww, C, 9)
# B affinity_matri xRl 44 KRR B (Bl 5 4515 2 200

pixel_features = stoken_features @ affinity_matrix.transpose(-1, -2) #
(B, hh*ww, C, h*w)
# PTBFHE, WA RIBTER

pixel_features = pixel_features.reshape(B, hh, ww, C, h, w).permute(0,
3, 1, 4, 2, 5).reshape(B, C, H, W)

if pad_r > 0 or pad_b > 0:
pixel_features = pixel_features[:, :, :HO, :w0]

return pixel_features

def direct_forward(self, x): # EHEXIxMNHAttentionik4T 41k
B, C, H, W = x.shape
stoken_features = x
stoken_features = self.stoken_refine(stoken_features)
return stoken_features

def forward(self, x):
if self.stoken_size[0] > 1 or self.stoken_size[l] > 1:
return self.stoken_forward(x)
else:
return self.direct_forward(x)

# WIANCHW, HMH NCHW
if _name__ == "_main__":
input = torch.randn(3, 64, 64, 64).cuda() # Gl ML
se = StokenAttention(64, stoken_size=[8,8]).cudaQ# @byt i
output = se(input)
print(output.shape) # TEN4 AR

34, IRMBfEIR

18X {Rethinking Mobile Block for Efficient Attention-based Models)

1. {EH

ARH T —MBEMAVEERRIIRITGE, EEFAIMKAEINEERER, BTFEEmUES, H
I SEESE. FLOPSFOMERE, (FEBITEHFEES I Inverted Residual Block (IRB) FOTransformer
NBEXMAE, Na—RIBEA, TERTEFCNNBIRBEIEFMeta attentionftEEY, FHimg 7—Fp
—IRF%ZRIMeta Mobile Block (MMB) , BIFREHRIERIZIT,
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4, 188

import math
from functools import partial

import torch
from timm.models.efficientnet_blocks import SqueezeExcite as SE
from einops import rearrange, reduce

from timm.models.layers.activations import *
from timm.models.Tlayers import DropPath
inplace = True

# “HEEA—M, ENTERERH
class LayerNorm2d(nn.Module) :

def __init__(self, normalized_shape, eps=le-6, elementwise_affine=True):
super(Q).__init_QO
self.norm = nn.LayerNorm(normalized_shape, eps, elementwise_affine)

def forward(self, x):
X = rearrange(x, 'b c hw -> b h w c').contiguous()

x = self.norm(x)
X = rearrange(x, 'b hw c -> b c h w').contiguous(Q)
return x

#AR N A JZ RO R 25000 % ) R
def get_norm(norm_layer="1in_1d"):
eps = le-6
norm_dict = {
'none': nn.Identity,
'in_1d': partial(nn.InstanceNormld, eps=eps),
'in_2d': partial(nn.InstanceNorm2d, eps=eps),
'in_3d': partial(nn.InstanceNorm3d, eps=eps),


af://n743
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'bn_1d': partial(nn.BatchNormld, eps=eps),
'bn_2d': partial(nn.BatchNorm2d, eps=eps),
# 'bn_2d': partial(nn.SyncBatchNorm, eps=eps),
'bn_3d': partial(nn.BatchNorm3d, eps=eps),
'gn': partial(nn.GroupNorm, eps=eps),
'Tn_1d"': partial(nn.LayerNorm, eps=eps),
'"Tn_2d"': partial(LayerNorm2d, eps=eps),

}

return norm_dict[norm_layer]

# AR A AR R R IR BOROE B2
def get_act(act_layer="relu'):
act_dict = {
'none': nn.Identity,
'sigmoid': Sigmoid,
'swish': swish,
'mish': Mish,
'hsigmoid': Hardsigmoid,
'hswish': Hardswish,
"hmish': HardMish,
'tanh': Tanh,
'relu': nn.ReLU,
'relu6': nn.ReLU6,
'prelu': PReLU,
'gelu': GELU,
'silu': nn.SiLU
}

return act_dict[act_layer]

# RS RO
class LayersScale(nn.Module):
def __init__(self, dim, init_values=1le-5, inplace=True):
super(Q).__init_Q
self.inplace = inplace
self.gamma = nn.Parameter(init_values * torch.ones(1l, 1, dim)) # ffiJfi=%"]
2 it gamma S Hik 47 45 il

def forward(self, x):
return x.mul_(self.gamma) if self.inplace else x * self.gamma

class LayerScale2D(nn.Module):
def __init__(self, dim, init_values=1le-5, inplace=True):
super().__init_Q
self.inplace = inplace
self.gamma = nn.Parameter(init_values * torch.ones(1l, dim, 1, 1))

def forward(self, x):
return x.mul_(self.gamma) if self.inplace else x * self.gamma

# ERER. TS T2
class CconvNormAct(nn.Module):

def __init__(self, dim_in, dim_out, kernel_size, stride=1, dilation=1,
groups=1, bias=False,



skip=False, norm_layer="'bn_2d', act_layer="'relu', inplace=True,

drop_path_rate=0.):

super(ConvNormAct, self).__init_(Q)

self.has_skip = skip and dim_in == dim_out

padding = math.ceil((kernel_size - stride) / 2)

self.conv = nn.Conv2d(dim_in, dim_out, kernel_size, stride, padding,
dilation, groups, bias)

self.norm = get_norm(norm_layer) (dim_out)

self.act = get_act(act_layer) (inplace=inplace)

self.drop_path = DropPath(drop_path_rate) if drop_path_rate else
nn.Identity()

def forward(self, x):
shortcut = x
self.conv(x)
self.norm(x)

X

X

x = self.act(x)
if self.has_skip:

x = self.drop_path(x) + shortcut
return Xx

class MSPatcheEmb(nn.Module):

def _init__(self, dim_in, emb_dim, kernel_size=2, c_group=-1, stride=1,
dilations=[1, 2, 3],
norm_Tlayer="bn_2d', act_layer="'silu'):

dim_in: #NiBiE%L.
emb_dim: fitimiES, BN ERANLERL .
kernel_size: HRHIZK/N.
c_group: HRHIHE, HTHHER. B N-1, Foaidsi A HisiE s | shit
.
stride: H#KLK.
dilations: ¥ ik&EFIE, HTHEHIERZIRT K, DERRERGER EFXER.
norm_layer: ZEFMHPMIELZEIT,
act_layer: JEFEHH 1355 RS 1Y
super(Q).__init_Q
self.dilation_num = len(dilations)
assert dim_in % c_group == 0
c_group = math.gcd(dim_in, emb_dim) if c_group == -1 else c_group
self.convs = nn.ModuleList()
for i in range(len(dilations)):
padding = math.ceil(((kernel_size - 1) * dilations[i] + 1 - stride)
/ 2)
self.convs.append(nn.Sequential(
nn.cConv2d(dim_in, emb_dim, kernel_size, stride, padding,
dilations[i], groups=c_group),
get_norm(norm_layer) (emb_dim),
get_act(act_layer) (emb_dim)))

def forward(self, x):



if self.dilation_num == 1:
X = self.convs[0] (x)
else:
x = torch.cat([self.convs[i](x).unsqueeze(dim=-1) for i in
range(self.dilation_num)], dim=-1)
x = reduce(x, 'bchwn->bchw', "'mean').contiguous()
return x

# iRMBsE kA EHnn.Moduleff)3s, FTSLBlE 7R Zmit, SZREE IMLHIfIsqueeze-and-
ExcitationffE.
class iRMB(nn.Module):

def __init__(self, dim_in, dim_out, norm_in=True, has_skip=True,
exp_ratio=1.0, norm_layer="bn_2d',
act_layer="relu', v_proj=True, dw_ks=3, stride=1, dilation=1,
se_ratio=0.0, dim_head=64, window_size=7,
attn_s=True, gkv_bias=False, attn_drop=0., drop=0.,
drop_path=0., v_group=False, attn_pre=False):
super(Q).__init_Q
self.norm = get_norm(norm_layer) (dim_in) if norm_in else nn.Identity(#
IR S H e 2 A REAE o S P 0] 6 %o 92 R AL 2 S
dim_mid = int(dim_in * exp_ratio)# {15l u|4EfE, T4 F ol k46 imiE %
self.has_skip = (dim_in == dim_out and stride == 1) and has_skip# ¥I/&
et JURLE s
self.attn_s = attn_s# trid &= AER
if self.attn_s:
assert dim_in % dim_head == 0, 'dim should be divisible by
num_heads"# AL Refl Sk B0 bR
self.dim_head = dim_head# ¥ &4 LI4E)E
self.window_size = window_size
self.num_head = dim_in // dim_head
self.scale = self.dim_head ** -0.5
self.attn_pre = attn_pre
self.gk = convNormAct(dim_in, int(dim_in * 2), kernel_size=1,
bias=gkv_bias, norm_layer="none',
act_layer="none")
self.v = ConvNormAct(dim_in, dim_mid, kernel_size=1,
groups=self.num_head if v_group else 1, bias=gkv_bias,
norm_layer="none', act_layer=act_layer,
inplace=inplace)
self.attn_drop = nn.Dropout(attn_drop)
else:
if v_proj:
self.v = ConvNormAct(dim_in, dim_mid, kernel_size=1,
bias=gkv_bias, norm_layer="none',
act_layer=act_layer, inplace=inplace)
else:
self.v = nn.Identity()
self.conv_local = ConvNormAct(dim_mid, dim_mid, kernel_size=dw_ks,
stride=stride, dilation=dilation,
groups=dim_mid, norm_layer="bn_2d",
act_Tlayer='silu', inplace=inplace)
self.se = SE(dim_mid, rd_ratio=se_ratio, act_layer=get_act(act_layer))
if se_ratio > 0.0 else nn.Identity()



self.proj_drop = nn.Dropout(drop)

self.proj = convNormAct(dim_mid, dim_out, kernel_size=1,
norm_layer="none', act_layer="none', inplace=inplace)

self.drop_path = DropPath(drop_path) if drop_path else nn.Identity()
# IR

def forward(self, x):

shortcut = x # {R{FHNH TS &S

x = self.norm(x)# N AMEILE

B, C, H, W = x.shape

if self.attn_s:
# padding
if self.window_size <= 0:

window_size_W, window_size_H

else:

W, H

window_size_W, window_size_H = self.window_size,

self.window_size

pad_1, pad_t = 0, 0

pad_r = (window_size_W - W % window_size_W) % window_size_Ww

pad_b = (window_size_H - H % window_size_H) % window_size_H

X = F.pad(x, (pad_1, pad_r, pad_t, pad_b, 0, 0,))

nl, n2 = (H + pad_b) // window_size_H, (W + pad_r) // window_size_Ww

x = rearrange(x, 'b ¢ (hl1 nl1) (wl n2) -> (b nl n2) c hl wl', nl=nl,
n2=n2) .contiguous()

# attention

b, ¢, h, w = x.shape

gk self.qk(x)

gk rearrange(gk, 'b (gk heads dim_head) h w -> gk b heads (h w)
dim_head', gk=2, heads=self.num_head,

dim_head=self.dim_head).contiguous()
a, k = gk[0], gk[1]
attn_spa = (g @ k.transpose(-2, -1)) * self.scale
attn_spa = attn_spa.softmax(dim=-1)
attn_spa = self.attn_drop(attn_spa)
if self.attn_pre:
x = rearrange(x, 'b (heads dim_head) h w -> b heads (h w)
dim_head', heads=self.num_head).contiguous()
X_spa = attn_spa @ x
X_spa = rearrange(x_spa, 'b heads (h w) dim_head -> b (heads
dim_head) h w', heads=self.num_head, h=h,
w=w) .contiguous()
x_spa = self.v(x_spa)
else:
self.v(x)
rearrange(v, 'b (heads dim_head) h w -> b heads (h w)
dim_head', heads=self.num_head).contiguous()
X_spa = attn_spa @ v
X_spa = rearrange(x_spa, 'b heads (h w) dim_head -> b (heads
dim_head) h w', heads=self.num_head, h=h,
w=w) .contiguous()

\Y

\%

# unpadding

x = rearrange(x_spa, '(b nl n2) c hl wl -> b c (hl n1) (wl n2)',
nl=nl, n2=n2).contiguous()

if pad_r > 0 or pad_b > 0:



x = x[:, 1, :H, :W].contiguous()
else:
X = self.v(x)

X = X + self.se(self.conv_local(x)) if self.has_skip else
self.se(self.conv_Tocal(x))

self.proj_drop(x)
self.proj(x)

X = (shortcut + self.drop_path(x)) if self.has_skip else x

return Xx

# WIANCHW, HMH NCHW
if _name__ == '_main__
input = torch.randn(3, 64, 64, 64).cuda() # A& PEEHLAA
model = iRMB(64, 64).cudaQ# SZlibiEE 7l
output = model (input)
print(output.shape) # FTEI4iHZIR

35, AFTiEIR

183 {An Attention Free Transformer)

1. (€@

EEHBEHEETIREE (AFT) STmEIERERTransformerhfRIRRIEREIVE, BE—FESHH
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4, X85

import numpy as np

import torch

from torch import nn

from torch.nn import init

class AFT_FULL(nn.Module):

# WIHELAFT_FUL L ER

def _init__(self, d_model, n=49, simple=False):
super (AFT_FULL, self).__init_Q

#

JE QR =AM AR =

self.fc_q = nn.Linear(d_model, d_model)
self.fc_k = nn.Linear(d_model, d_model)

self.fc_v = nn.Linear(d_model, d_model)

#

R4k simp1eZHk e o B i B 91460 77 X

if (simple):

self.position_biases = torch.zeros((n, n)) # fasaisF hZ5E

else:

self.position_biases = nn.Parameter(torch.ones((n, n))) # JEfi#afiT

NS S

self.d_model = d_model

self.n = n # WMAFIINKE

self.sigmoid = nn.Sigmoid() # {{i/fISigmoid%L

def

def

self.init_weights() # WL EIRIRLE

init_weights(self):

#

X i S HAT YA

for m in self.modules():

if isinstance(m, nn.Conv2d):
init.kaiming_normal_(m.weight, mode='fan_out')
if m.bias is not None:
init.constant_(m.bias, 0)
elif isinstance(m, nn.BatchNorm2d):
init.constant_(m.weight, 1)
init.constant_(m.bias, 0)
elif isinstance(m, nn.Linear):
init.normal_(m.weight, std=0.001)
if m.bias is not None:
init.constant_(m.bias, 0)

forward(self, input):
bs, n, dim = input.shape # H AR/ JFHIH L RIBFELE

< X O #

#

I QRVARH AR AT ) B RIE

self.fc_qCinput) # bs,n,dim

= self.fc_k(input).view(l, bs, n, dim) # 1,bs,n,dim, AN JGsz5 57§
self.fc_v(input).view(l, bs, n, dim) # 1,bs,n,dim

R L LA R AT AR A

numerator = torch.sum(torch.exp(k + self.position_biases.view(n, 1, -1,
1)) * v, dim=2) # n,bs,dim

denominator = torch.sum(torch.exp(k + self.position_biases.view(n, 1,
-1, 1)), dim=2) # n,bs,dim


af://n766

# TFEIBCRAEE R, Hilid s gmo dek EE il & m) &=
out = (numerator / denominator) # n,bs,dim

out = self.sigmoid(q) * (out.permute(l, 0, 2)) # bs,n,dim, &z/al4as Rk
5|

return out
# A
if _name_ == '_main__":

block = AFT_FULL(d_model1=512, n=64).cuda()
input = torch.rand(64, 64, 512).cuda()
output = block(input)

print(output.shape) # TEN4 AR

36, CrissCrossAttention{&EiR

18X (CROSSFORMER: A VERSATILE VISION TRANSFORMER HINGING ON CROSS-SCALE
ATTENTION)
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&R,
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3. iEAYMERE: S ZAYSLIEEREE, CrossFormerEEl& o, WG, LA EIFMEN D EIEES L
ik 7 HtERTAAIMm Transformert&sy,

4, X85

import torch
import torch.nn as nn
from torch.nn import Softmax

# E X —ANTCIR/NIIHERE, TR A R R B R e b
def INF(B, H, W):

return -torch.diag(torch.tensor(float("inf")).repeat(H),
0) .unsqueeze(0) .repeat(B * w, 1, 1)

class CrissCrossAttention(nn.Module):

Criss-Cross Attention Module
def __init__(self, in_dim):
super(CrissCrossAttention, self).__init_(Q)
#Q, K, VE#HE
self.query_conv = nn.Conv2d(in_channels=in_dim, out_channels=in_dim //
8, kernel_size=1)
self.key_conv = nn.conv2d(in_channels=in_dim, out_channels=in_dim // 8,
kernel_size=1)
self.value_conv = nn.cConv2d(in_channels=in_dim, out_channels=in_dim,
kernel_size=1)
# A softmax i 1o T H—1t
self.softmax = Softmax(dim=3)
self.INF = INF
# =GRS H, AT RERE IR
self.gamma = nn.Parameter(torch.zeros(1))

def forward(self, x):
m_batchsize, _, height, width = x.size()
# FEENQ . B H) R
proj_query = self.query_conv(x)
proj_query_H = proj_query.permute(0, 3, 1,
2).contiguous().view(m_batchsize * width, -1, height).permute(0, 2, 1)
proj_query_W = proj_query.permute(0, 2, 1,
3).contiguous() .view(m_batchsize * height, -1, width).permute(0, 2, 1)

proj_key = self.key_conv(x)

proj_key_H = proj_key.permute(0, 3, 1, 2).contiguous().view(m_batchsize
* width, -1, height)

proj_key_W = proj_key.permute(0, 2, 1, 3).contiguous().view(m_batchsize
* height, -1, width)

proj_value = self.value_conv(x)
proj_value_H = proj_value.permute(0, 3, 1,

2) .contiguous().view(m_batchsize * width, -1, height)
proj_value_w = proj_value.permute(0, 2, 1,

3) .contiguous() .view(m_batchsize * height, -1, width)

# VTR E AT R B 8, IR TR TS MRS B B R


af://n788

energy_H = (torch.bmm(proj_query_H, proj_key_H) + self.INF(m_batchsize,
height, width)).view(m_batchsize, width, height, height).permute(0, 2, 1, 3)

energy_W = torch.bmm(proj_query_W, proj_key_w).view(m_batchsize, height,
width, width)

# {EEEE KT BN softmaxH—14k
concate = self.softmax(torch.cat([energy_H, energy_w], 3))

# EIEENKFIT A LREST), MAEME (V)RR L

att_H = concate[:, :, :, O:height].permute(0, 2, 1,
3) .contiguous() .view(m_batchsize * width, height, height)
att_W = concate[:, :, :, height:height +

width].contiguous() .view(m_batchsize * height, width, width)

# UPEEANRIE, N BRI LS B 2 i

out_H = torch.bmm(proj_value_H, att_H.permute(0, 2,
1)) .view(m_batchsize, width, -1, height).permute(0, 2, 3, 1)

out_W = torch.bmm(proj_value_w, att_w.permute(0, 2,
1)) .view(m_batchsize, height, -1, width).permute(0, 2, 1, 3)

return self.gamma * (out_H + out_Ww) + X

if _name_ == '_main__":
block = CrissCrossAttention(64)
input = torch.rand(1l, 64, 64, 64)
output = block(input)
print( output.shape) # I EN4H R

37. A2AtttentionfsEiR

183 {A2-Nets: Double Attention Networks)
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# A2-Nets: Double Attention Networks
import torch

from torch import nn

from torch.nn import init

from torch.nn import functional as F

class DoubleAttention(nn.Module):

def __init__(self, in_channels, c_m, c_n, reconstruct=True):
super(Q).__init_Q
self.in_channels = in_channels# % \ifiE%
self.reconstruct = reconstruct # J&{ T i 4 DLUCEC A 1) 4E
self.com = com # EE—ANERJIHLH] )t i 5L
self.c_n = c_n # 5 ANVERJIHLH] ) Fy i 4L
# EXEAIXIERZE, HTARA. BFIVRHE
self.convA = nn.Conv2d(in_channels, c_m, 1)
self.convB nn.conv2d(in_channels, c_n, 1)

self.convv = nn.Conv2d(in_channels, c_n, 1)
# WMRFEEW, & L—NIxIEREH T ER
if self.reconstruct:
self.conv_reconstruct = nn.Conv2d(c_m, in_channels, kernel_size=1)
self.init_weights()

def init_weights(self):
# BEYIGL
for m in self.modules():
if isinstance(m, nn.Conv2d):
init.kaiming_normal_(m.weight, mode='fan_out')
if m.bias is not None:
init.constant_(m.bias, 0)
elif isinstance(m, nn.BatchNorm2d):
init.constant_(m.weight, 1)
init.constant_(m.bias, 0)
elif isinstance(m, nn.Linear):
init.normal_(m.weight, std=0.001)
if m.bias is not None:
init.constant_(m.bias, 0)

def forward(self, x):
# AR


af://n800
af://n805

b, ¢, h, w = x.shape

assert ¢ == self.in_channels # Hfiffim \iEiEE SHIHILN —2

A = self.convA(x) # b,c_m,h,w# 4RAREKE

B self.convB(x) # b,c_n,h,w# 4B K

V = self.conww(xX) # b,c_n,h,w# ERVIFiEE

# VR AIE PR 4 R R S O (SR R B TRV (R TR

tmpA = A.view(b, self.c_m, -1)

attention_maps = F.softmax(B.view(b, self.c_n, -1))

attention vectors = F.softmax(V.view(b, self.c_n, -1))
BR1: HHEMHE

g1oba1_descr1ptors = torch.bmm(tmpA, attention_maps.permute(0, 2, 1)) #

b.c_m,c_n
# LER2: FRESrAC
tmpz = global_descriptors.matmul (attention_vectors) # b,c_m,h*w
tmpz = tmpz.view(b, self.c_m, h, w) # b,c_m,h,w
if self.reconstruct:
tmpz = self.conv_reconstruct(tmpz)# it E, Wik &) 21 5 Him i %

return tmpz

#HANNCHW, %H NCHW
if _name__ == "'_main__
block = DoubleAttention(64, 128, 128)
input = torch.rand(1l, 64, 64, 64)
output = block(input)
print(input.size(), output.size()) # FTEHHIEIR

38, fcanetf&iR

18X {FcaNet: Frequency Channel Attention Networks)
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4, X85

import math
import torch
from torch import nn

# IR IR R 5]
def get_freq_indices(method) :# {72 TiE L%
assert method in ['topl', 'top2', 'top4', 'top8', 'topl6', 'top32',
"botl', 'bot2', 'bot4', 'bot8', 'botl6', 'bot32',
"Towl', "low2', 'low4', 'Tow8', 'lowl6', 'Tow32']
num_freq = int(method[3:]1) # M iyl i &
# FRYEA R LR ESR B [ x Fly 2 5
if "top' in method: # EHIES
all_top_indices_x = [0, O, 6, O, O, 1, 1, 4, 5, 1, 3, 0, O,
0, 3, 2, 4,6, 3, 5,5, 2,6,5,5, 3, 3, 4,2, 2,
6, 1]
all_top_indices_y (o, 1, o, 5, 2, o, 2, o, 0o, 6, 0, 4, o,
3, 5, 2,6, 3,3, 3,5,1,1, 2, 4, 2,1, 1, 3, 0,

mapper_x = all_top_indices_x[:num_freq]
mapper_y = all_top_indices_y[:num_freq]
elif 'low' in method:# {#iZ 5]
all_Tow_indices_x = [0, O, 1, 1, O, 2, 2, 1, 2, O, 3, 4, 0,
1, 3,0, 1, 2, 3, 4,5,0,1, 2, 3, 4,5, 6, 1, 2,
3, 4]
all_low_indices_y = [0, 1, O, 1, 2, O, 1, 2, 2, 3, O, O, 4,
3, 1, 5, 4, 3, 2,1, 0, 6, 5, 4, 3, 2, 1, 0, 6, 5,

mapper_x = all_low_indices_x[:num_freq]
mapper_y = all_low_indices_y[:num_freq]
elif 'bot' in method:# JKHMIXERT
all_bot_indices_x = [6, 1, 3, 3, 2, 4, 1, 2, 4, 4, 5, 1, 4,
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3, 6]
all_bot_indices_y = [6, 4, 4, 6, 6, 3, 1, 4, 4, 5, 6, 5, 2,
2, 5,1, 4, 3,5,0, 3,1, 1, 2, 4, 2, 1, 1, 5, 3,
3, 3]
mapper_x = all_bot_indices_x[:num_freq]
mapper_y = all_bot_indices_y[:num_freq]
else:

raise NotImplementedError
return mapper_x, mapper_y

# ZIET R
class MultiSpectralAttentionLayer(nn.Module):
def __init__(self, channel, dct_h, dct_w, reduction=16,

freqg_sel_method="topl6"'):
super(MultiSpectralAttentionLayer, self).__init_()
self.reduction = reduction# [#4:LL{]
self.dct_h = dct_h# DCTAf =%
self.dct_w = dct_w# DCTASH[H) % %

mapper_x, mapper_y = get_freq_indices(freq_sel_method)# #HUNIZRLEPENZE

self.num_split = len(mapper_x)# 7> % =

mapper_x = [temp_x * (dct_h // 7) for temp_x in mapper_x]1# ii%Z 5] LLidMN
DCT= /%

mapper_y = [temp_y * (dct_w // 7) for temp_y in mapper_yl# 142 5| DIiE RN
DCT %[

self.dct_Tayer = MultiSpectralDCTLayer(
dct_h, dct_w, mapper_x, mapper_y, channel)

self.fc = nn.Sequential(
nn.Linear(channel, channel // reduction, bias=False),
nn.ReLUQ),
nn.Linear(channel // reduction, channel, bias=False),
nn.Sigmoid()

)

self.avgpool = nn.AdaptiveAvgPool2d((self.dct_h, self.dct_w))

def forward(self, x):
n, c, h, w = x.shape # B NIZIR
Xx_pooled = x
if h != self.dct_h or w != self.dct_w:
x_pooled = self.avgpool (x)# %4 AR AL, #EATHIAk

y = self.dct_layer(x_pooled)

y self.fc(y).view(n, c, 1, 1)
return x * y.expand_as(x)

# SLULZMHEDCTE
class MultiSpectralbDCTLayer(nn.Module):

def __init__(self, height, width, mapper_x, mapper_y, channel):
super(MultiSpectralbCTLayer, self).__init_()



assert len(mapper_x) == len(mapper_y) # HifaxAlyZ 5] 1K A A
assert channel % len(mapper_x) == 0 # #fi{RIEEL AT LLyE A H0 BB

self.num_freq = len(mapper_x) # #Hi%%&

# FREDCTIEN: 7%
self.weight = self.get_dct_filter(
height, width, mapper_x, mapper_y, channel)

def forward(self, x):
assert len(x.shape) == 4, 'x must been 4 dimensions, but got ' + \
str(len(x.shape))
#n, c, h, w = x.shape

X = X * self.weight # Y4DCTIEH &N H THiA
result = torch.sum(torch.sum(x, dim=2), dim=2) # KA &LE 5
return result

def build_filter(self, pos, freq, POS):# JZEDCTIENAIGHBIR KL, THETDCTIE bR EUH
result = math.cos(math.pi * freq * (pos + 0.5) / P0OS) / math.sqrt(POS)
if freq == 0:
return result
else:
return result * math.sqrt(2)
# A RDCTIEN: %5, mapper_xHlmapper_yE X T ks KIDCTHIZ
def get_dct_filter(self, tile_size_x, tile_size_y, mapper_x, mapper._y,
channel):
dct_filter = torch.zeros((channel, tile_size_x, tile_size_y))# itE&/MHi%
X I8 ) 368 T

c_part = channel // len(mapper_x)

for i, (u_x, v_y) in enumerate(zip(mapper_x, mapper_y)):
for t_x in range(tile_size_x):
for t_y in range(tile_size_y):
# WEANLE R Hbuild_filtersk%l, MEDCTIEM 5
dct_filter[i * c_part: (i + 1) * c_part, t_x, t_y] =
self.build_filter(
t_x, u_x, tile_size_x) * self.build_filter(t_y, v_y,

tile_size_y)

return dct_filter

#HINNCHW, %H NCHW
if _name_ == "_main__":
block = MultispectralAttentionLayer(64, 16, 16)# SZfiitk ik 2
input = torch.rand(1l, 64, 64, 64) # WuHLA kA K
output = block(input)# it Z ik /2 ab #ldm A
print(output.shape) # TEiLIEIR
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39, CFPNet

18X {Centralized Feature Pyramid for Object Detection)

1. €@

CFPETEZ— P MUATHIER, BRESTREFRENER, LIS RERENAEE. X
SEhRFEEN BMENRE T — N EFEHERT, BITIRS/NEFAEUERIARESTIRE
LEROMERE.

2,

CFPRA—MRIUMUHERFAZLD, ZEBTICREEARESHERHEEEREE, BIXMS
I, CFPREBRIGARIRERMHE, HRXLEEREIMEREEFENS RG], MmsCIE Y
Btriil.

3. RIS

SEGHUFIESFEMNE (FPN) 18, CFPRIEERMBETHRESERMERGE RERFIHRHESE
INFERMFERT. X OMCAHER IR A E TR/ NEfravellge], ErHERS THESRT
= PRI, st CFPRIXFMRIHERNTRMITESRE, REERNEITHE.

4. {EH

import torch
import torch.nn as nn
from torch.nn import functional as F

import warnings

try:
from queue import Queue
except ImportError:
from Queue import Queue
from functools import partial
from timm.models.layers import DropPath, trunc_normal_

# LVC
class Encoding(nn.Module):
def __init__(self, in_channels, num_codes):

super(Encoding, self).__init_(Q)
# init codewords and smoothing factor
self.in_channels, self.num_codes = in_channels, num_codes
num_codes = 64
std = 1. / ((num_codes * in_channels) ** 0.5)
# [num_codes, channels]
self.codewords = nn.Parameter(
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torch.empty(num_codes, in_channels, dtype=torch.float).uniform_(-
std, std), requires_grad=True)
# [num_codes]
self.scale = nn.Parameter(torch.empty(num_codes,
dtype=torch.float) .uniform_(-1, 0), requires_grad=True)

@staticmethod
def scaled_12(x, codewords, scale):
num_codes, in_channels = codewords.size()
b = x.size(0)
expanded_x = x.unsqueeze(2).expand((b, x.size(l), num_codes,

in_channels))

# ---4t# codebook (num_code, cl)
reshaped_codewords = codewords.view((1, 1, num_codes, in_channels))

# fBscalell, num_codeZEfk  batch, c2, N, num_codes
reshaped_scale = scale.view((1l, 1, num_codes)) # N, num_codes

# ---it%Hrik = z1 - d # b, N, num_codes

scaled_12_norm = reshaped_scale * (expanded_x -
reshaped_codewords) .pow(2) .sum(dim=3)

return scaled_12_norm

@staticmethod
def aggregate(assignment_weights, x, codewords):
num_codes, in_channels = codewords.size()

# ---4b# codebook
reshaped_codewords = codewords.view((1l, 1, num_codes, in_channels))
b = x.size(0)

# —-—MbHEEFEFEX b, cl, N
expanded_x = x.unsqueeze(2).expand((b, x.size(l), num_codes,
in_channels))

# Z¥rei b, N, num_codes,-
assignment_weights = assignment_weights.unsqueeze(3) # b, N, num_codes,

# ———FFEiEeik, WIitEReTHE 522 G

encoded_feat = (assignment_weights * (expanded_x -
reshaped_codewords)) .sum(1)

return encoded_feat

def forward(self, x):
assert x.dim() == 4 and x.size(l) == self.in_channels
b, in_channels, w, h = x.size()

# [batch_size, height x width, channels]
x = x.view(b, self.in_channels, -1).transpose(l, 2).contiguous()

# assignment_weights: [batch_size, channels, num_codes]
assignment_weights = F.softmax(self.scaled_12(x, self.codewords,
self.scale), dim=2)



# aggregate
encoded_feat = self.aggregate(assignment_weights, x, self.codewords)
return encoded_feat

# 1*1 3*3 1*1
class convBlock(nn.Module):
def __init__(self, in_channels, out_channels, stride=1, res_conv=False,
act_layer=nn.ReLU, groups=1,
norm_layer=partial(nn.BatchNorm2d, eps=1e-6), drop_block=None,

drop_path=None):

super(ConvBlock, self).__init_Q

self.in_channels = in_channels

expansion = 4

c = out_channels // expansion

self.convl = nn.cConv2d(in_channels, c, kernel_size=1, stride=1,
padding=0, bias=False) # [64, 256, 1, 1]

self.bnl = norm_layer(c)

self.actl = act_layer(inplace=True)

self.conv2 = nn.conv2d(c, c, kernel_size=3, stride=stride,
groups=groups, padding=1, bias=False)

self.bn2 = norm_layer(c)

self.act2 = act_layer(inplace=True)

self.conv3 = nn.Conv2d(c, out_channels, kernel_size=1, stride=1,
padding=0, bias=False)

self.bn3 = norm_layer(out_channels)

self.act3 = act_layer(inplace=True)

if res_conv:
self.residual_conv = nn.Conv2d(in_channels, out_channels,
kernel_size=1, stride=1, padding=0, bias=False)
self.residual_bn = norm_layer(out_channels)

self.res_conv = res_conv
self.drop_block = drop_block
self.drop_path = drop_path

def zero_init_last_bn(self):
nn.init.zeros_(self.bn3.weight)

def forward(self, x, return_x_2=True):
residual = x

self.convl(x)

self.bnl(x)

if self.drop_block is not None:
x = self.drop_block(x)

X = self.actl(x)

X
X

X = self.conv2(x) # if x_t_r is None else self.conv2(x + x_t_r)
X = self.bn2(x)
if self.drop_block is not None:



x = self.drop_block(x)
x2 = self.act2(x)

self.conv3(x2)

self.bn3(x)

if self.drop_block is not None:
x = self.drop_block(x)

X

X

if self.drop_path is not None:
x = self.drop_path(x)

if self.res_conv:
residual = self.residual_conv(residual)
residual = self.residual_bn(residual)

X += residual
x = self.act3(x)

if return_x_2:
return x, x2
else:
return x

class Mean(nn.Module):
def _init__(self, dim, keep_dim=False):
super(Mean, self).__init_(Q)
self.dim = dim
self.keep_dim = keep_dim

def forward(self, input):
return input.mean(self.dim, self.keep_dim)

class Mlp(nn.Module):
Implementation of MLP with 1*1 convolutions. Input: tensor with shape [B, C,
H, W]

def __init__(self, in_features, hidden_features=None,
out_features=None, act_layer=nn.GELU, drop=0.):
super(Q).__init_Q
out_features = out_features or in_features
hidden_features = hidden_features or in_features

self.fcl = nn.conv2d(in_features, hidden_features, 1)
self.act = act_layer()
self.fc2 = nn.conv2dChidden_features, out_features, 1)

self.drop = nn.Dropout(drop)
self.apply(self._init_weights)

def _init_weights(self, m):
if isinstance(m, nn.Conv2d):
trunc_normal_(m.weight, std=.02)

if m.bias is not None:



nn.init.constant_(m.bias, 0)

def forward(self, x):

x = self.fcl(x)
X = self.act(x)
x = self.drop(x)
X = self.fc2(x)
x = self.drop(x)
return Xx

class LayerNormChannel(nn.Module):

LayerNorm only for Channel Dimension.

Input: tensor 1in shape [B, C, H, W]

def __init__(self, num_channels, eps=1e-05):
super(Q).__init_Q
self.weight = nn.Parameter(torch.ones(num_channels))
self.bias = nn.Parameter(torch.zeros(num_channels))
self.eps = eps

def forward(self, x):

u = x.mean(l, keepdim=True)

s = (x - u).pow(2).mean(1l, keepdim=True)

X = (x - u) / torch.sqrt(s + self.eps)

x = self.weight.unsqueeze(-1).unsqueeze(-1) * x \
+ self.bias.unsqueeze(-1).unsqueeze(-1)

return x

class GroupNorm(nn.GroupNorm) :

Group Normalization with 1 group.

Input: tensor 1in shape [B, C, H, W]

def __init__(self, num_channels, **kwargs):

super().__init_(1, num_channels, **kwargs)

# !/usr/bin/env python

# -*- encoding: utf-8 -*-
# Copyright (c) 2014-2021 Megvii Inc. All rights reserved.

class SiLu(nn.module):

export-friendly version of nn.SiLuQ)

LIRIRT]

@staticmethod
def forward(x):
return x * torch.sigmoid(x)



def get_activation(name="silu", inplace=True):
if name == "silu":
module = nn.SiLU(Cinplace=inplace)
elif name == "relu":
module = nn.ReLU(inplace=inplace)
elif name == "lrelu":
module = nn.LeakyReLU(0.1, inplace=inplace)
else:
raise AttributeError("Unsupported act type: {}".format(name))
return module

class BasecConv(nn.Module):
"""A Conv2d -> Batchnorm -> silu/leaky relu block""" # CBL

def __init_(
self, in_channels, out_channels, ksize, stride, groups=1,
bias=False, act="silu"
):
super(Q).__init_QO
# same padding
pad = (ksize - 1) // 2
self.conv = nn.Conv2d(
in_channels,
out_channels,
kernel_size=ksize,
stride=stride,
padding=pad,
groups=groups,
bias=bias,
)
self.bn = nn.BatchNorm2d(out_channels)
self.act = get_activation(act, inplace=True)

def forward(self, x):
return self.act(self.bn(self.conv(x)))

def fuseforward(self, x):
return self.act(self.conv(x))

class bwcConv(nn.Module):

Depthwise Conv + Conv

def __init__(self, in_channels, out_channels, ksize, stride=1, act="silu"):
super(Q).__init_Q
self.dconv = BaseConv(
in_channels,
in_channels,
ksize=ksize,
stride=stride,
groups=in_channels,
act=act,
)

self.pconv = BaseConv(



in_channels, out_channels, ksize=1, stride=1, groups=1, act=act

def forward(self, x):
X = self.dconv(x)
return self.pconv(x)

class LvCBlock(nn.Module):
def __init__(self, 1in_channels, out_channels, num_codes, channel_ratio=0.25,
base_channel=64):
super(LvVCBlock, self).__init_Q)
self.out_channels = out_channels
self.num_codes = num_codes
num_codes = 64

self.conv_1l = convBlock(in_channels=in_channels,
out_channels=in_channels, res_conv=True, stride=1)

self.LVC = nn.Sequential(
nn.conv2d(in_channels, in_channels, 1, bias=False),
nn.BatchNorm2d(in_channels),
nn.ReLU(inpTlace=True),
Encoding(in_channels=in_channels, num_codes=num_codes),
nn.BatchNormld(num_codes),
nn.ReLU(inplace=True),
Mean (dim=1))
self.fc = nn.Sequential(nn.Linear(in_channels, in_channels),
nn.Sigmoid())

def forward(self, x):
X = self.conv_1(x, return_x_2=False)
en = self.LvCc(x)
gam = self.fc(en)

b, in_channels, _, _ = x.size()

y = gam.view(b, in_channels, 1, 1)
X = F.relu_(x + x * y)

return x

# LightMLPBlock
class LightMLPBlock(nn.Module):
def __init__(self, in_channels, out_channels, ksize=1l, stride=1l, act="silu",
mlp_ratio=4., drop=0., act_layer=nn.GELU,
use_Tlayer_scale=True, layer_scale_init_value=le-5,
drop_path=0.,
norm_layer=GroupNorm): # act_layer=nn.GELU,
super(Q).__init_QO
self.dw = bwConv(in_channels, out_channels, ksize=1, stride=1,
act="silu")
self.linear = nn.Linear(out_channels, out_channels) # learnable
position embedding
self.out_channels = out_channels

self.norml = norm_layer(in_channels)



self.norm2 = norm_layer(in_channels)

mlp_hidden_dim = int(in_channels * mlp_ratio)
self.mlp = Mlp(in_features=in_channels, hidden_features=mip_hidden_dim,
act_layer=nn.GELU,
drop=drop)

self.drop_path = DropPath(drop_path) if drop_path > 0. \
else nn.Identity()

self.use_layer_scale = use_layer_scale
if use_layer_scale:
self.layer_scale_1l = nn.Parameter(
layer_scale_init_value * torch.ones((out_channels)),
requires_grad=True)
self.layer_scale_2 = nn.Parameter(
layer_scale_init_value * torch.ones((out_channels)),
requires_grad=True)

def forward(self, x):
if self.use_layer_scale:

X =X +
self.drop_path(self.layer_scale_1l.unsqueeze(-1).unsqueeze(-1) *
self.dw(self.norml(x)))

X =X +
self.drop_path(self.layer_scale_2.unsqueeze(-1).unsqueeze(-1) *
self.mlp(self.norm2(x)))

else:
X x + self.drop_path(self.dw(self.norml(x)))
X = X + self.drop_path(self.mlp(self.norm2(x)))

return Xx

# EVCBlock
class EvVCBlock(nn.Module):
def __init__(self, in_channels, out_channels, channel_ratio=4,

base_channel=16):

super(Q).__init_Q

expansion = 2

ch = out_channels * expansion

# Stem stage: get the feature maps by conv block (copied form resnet.py)
#E N\ conforme riE4e 2 /i ) kb3

self.convl = nn.Conv2d(in_channels, in_channels, kernel_size=7,
stride=1, padding=3,

bias=False) # 1 / 2 [112, 112]

self.bnl = nn.BatchNorm2d(in_channels)

self.actl = nn.ReLU(inplace=True)

self.maxpool = nn.MaxPool2d(kernel_size=3, stride=1, padding=1) # 1 / 4
[56, 56]

# LVC

self.lvec = LvVCBlock(in_channels=in_channels, out_channels=out_channels,
num_codes=64) # cl{HEN A%

# LightMLPBlock



self.1_MLP = LightMLPBlock(in_channels, out_channels, ksize=1, stride=1,
act="silu", act_layer=nn.GELU,
mlp_ratio=4., drop=0.,
use_layer_scale=True,
layer_scale_init_value=1e-5, drop_path=0.,
norm_Tlayer=GroupNorm)
self.cnvl = nn.Conv2d(ch, out_channels, kernel_size=1, stride=1,
padding=0)

def forward(self, x):
x1 = self.maxpool(self.actl(self.bnl(self.convl(x))))
# LVCBlock
x_lvc = self.lvc(x1l)
# LightMLPBlock
x_Imlp = self.1_MLP(x1)
# concat
x = torch.cat((x_Tvc, x_Tmlp), dim=1)
X = self.cnvl(x)
return x

if _name__ == "'_main__":
a = torch.ones(3, 32, 20, 20) #/4& kL%
b = EvcBlock(32, 32) #5Lfifk
c = b(a)
print(c.size())

40. ScConv&ifEiR

18X {SCConv: Spatial and Channel Reconstruction Convolution for Feature Redundancy)
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import torch
import torch.nn.functional as F

import torch.nn as nn

# GroupBatchnorm2dfid & FrAEft &I — LIy R, B BRHEEE A7 13—,
class GroupBatchnorm2d(nn.module):

def

def

__init__(self, c_num: int,

group_num: int = 16,

eps: float = 1le-10

DE
super(GroupBatchnorm2d, self).__init_(Q)
assert c_num >= group_num # Hi{iEIEHCR TS T 45
self.group_num = group_num # 4%
self.weight = nn.Parameter(torch.randn(c_num, 1, 1)) # WEZH
self.bias = nn.Parameter(torch.zeros(c_num, 1, 1)) # (W& =%
self.eps = eps # BHILRRUE

forward(self, x):

# SEPLSr AL A — AR HT A

N, C, H, W = x.size()

X = x.view(N, self.group_num, -1) # 845 HHESIX TR
mean = x.mean(dim=2, keepdim=True) # it+E&4LHHNMHE

std = x.std(dim=2, keepdim=True) # ilHAF21briEZ

X = (x - mean) / (std + self.eps) # H—{k
X = x.view(N, C, H, W) # WEXHEIHTZIR

return x * self.weight + self.bias # MNJHIRENHE

# SRUBEHLFFHZS A Tk el o 23— A A0 — /N T3 ML SE B
class SRU(nn.Module):

def

__init__(self,

oup_channels: 1int,
group_num: int = 16,
gate_treshold: float = 0.5,
torch_gn: bool = False
):
super().__init_Q
# WEFAEH torch BT IGroupNo rmit & [ & X fIGroupBatchnorm2d
self.gn = nn.GroupNorm(num_channels=oup_channels, num_groups=group_num)

if torch_gn else GroupBatchnorm2d(
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c_num=oup_channels, group_num=group_num)
self.gate_treshold = gate_treshold # W& |#H
self.sigomid = nn.Sigmoid() # {#i}1]SigmoidefZiff: G sk %L

def forward(self, x):

# SCHLSRUMTHT AL 3%
gn_x = self.gn(x) # NS4k
w_gamma = self.gn.weight / torch.sum(self.gn.weight) # iR¥IT (LA i5E

BPEAL
w_gamma
reweigts = self.sigomid(gn_x * w_gamma) # {5 fFE
# YR HERE, HEEE S 9 E B E G BRI
info_mask = reweigts >= self.gate_treshold

w_gamma.view(l, -1, 1, 1)

noninfo_mask = reweigts < self.gate_treshold
x_1 = info_mask * gn_x

X_2 = noninfo_mask * gn_x

x = self.reconstruct(x_1, x_2) # HEHHIEE
return x

def reconstruct(self, x_1, x_2):

# SRR ) E

x_11, x_12 = torch.split(x_1l, x_1.size(l) // 2, dim=1) # J(5E L5 MHEEE
Iy NP

x_21, x_22 = torch.split(x_2, x_2.size(l) // 2, dim=1) # (5 E5/D 14
NP

return torch.cat([x_11 + x_22, x_12 + x_21], dim=1) # ididfee 7 0 a e
B, HaRRHER A

L&

# CRUBLHLH TACBEE TUAR . Bl — ARG - -3 i FE KBS s R e AR 1
class CRU(nn.Module):
def __init__(self,
op_channel: 1int,
alpha: float = 1 / 2,
squeeze_radio: int = 2,
group_size: int = 2,
group_kernel_size: int = 3,
):
super(Q).__init_Q
self.up_channel = up_channel = int(alpha * op_channel) # {14 F/psfiEin%
self.low_channel = low_channel = op_channel - up_channel # iI5 /% Zfid
TEA
self.squeezel = nn.Conv2d(up_channel, up_channel // squeeze_radio,
kernel_size=1, bias=False) # |4 ZI\E%i)=
self.squeeze2 = nn.Conv2d(low_channel, low_channel // squeeze_radio,
kernel_size=1, bias=False) # 9 ZIE%)=
# OB RE, QRS HER G
self.GWC = nn.cConv2d(up_channel // squeeze_radio, op_channel,
kernel_size=group_kernel_size, stride=1,
padding=group_kernel_size // 2, groups=group_size)
self.PwCl = nn.conv2d(up_channel // squeeze_radio, op_channel,
kernel_size=1, bias=False)
# T XMERE
self.PwC2 = nn.conv2d(low_channel // squeeze_radio, op_channel -
Tow_channel // squeeze_radio, kernel_size=1,
bias=False)



self.advavg = nn.AdaptiveAvgPool2d(1) # Hi&N i)z

def forward(self, x):
# SCHICRUMIAD A5 3%
# B NFHEE 58 TR PRER Y
up, low = torch.split(x, [self.up_channel, self.low_channel], dim=1)
up, low = self.squeezel(up), self.squeeze2(low) # Xf b [P0 ) W FH 4 )2
# X E5r 3 M HER
Y1l = self.GwC(up) + self.pPwCl(up)
# WO HERE, 5 RS R SR E A I
Y2 = torch.cat([self.pPwC2(Tow), Tow], dim=1)
# GIF ER A SCRRERE, IR B &Rt Rl soFtmax ki 4L
out torch.cat([Y1l, Y2], dim=1)
out F.softmax(self.advavg(out), dim=1) * out
outl, out2 = torch.split(out, out.size(l) // 2, dim=1) # W& IFEM LR
NPT
return outl + out2 # PRI AIRAE AN, 15320 H

# ScConviEHLEE & | SRUMICRUPIAS ALk, FH 3+ [R] IR AL 25 2 () OB TE TUAR
class Scconv(nn.Module):
def __init__(self,
op_channel: 1int,
group_num: int = 4,
gate_treshold: float = 0.5,
alpha: float =1 / 2,
squeeze_radio: int = 2,
group_size: int = 2,
group_kernel_size: int = 3,
DE
super(Q).__init_QO
self.SRU = SRU(op_channel, # #Jufifbas (o]0
group_num=group_num,

gate_treshold=gate_treshold)
CRU(op_channel, # WJih bimiE HE i) T
alpha=alpha,

self.CRU

squeeze_radio=squeeze_radio,
group_size=group_size,
group_kernel_size=group_kernel_size)

def forward(self, x):
x = self.SRU(X) # #idSRUAHEZEA]TT 4
x = self.CRU(X) # iHiTCRUAIELHIE TR
return x # REIACELJERHRRE K

# Wi Scconvigil

if _name__ == "'_main__":
x = torch.randn(1, 32, 16, 16) # & /YLK NGKE
model = ScConv(32) # flE—4ScConviEHesf
print(model(x).shape) # 4TEIScConvAib# 5 K H sk & AR

41, R EFEIR
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18X {Run, Don't Walk: Chasing Higher FLOPS for Faster Neural Networks)

1. {EM:

FasterNetSTEIRITMRIEARENE, TEXTHNFREBRIEFLOPS)EE. A, FLOPSEERRMIFF
F—ESEREMFIIRERMHE, TERATEENFRIEBFEIFLOPSIIERET. H7SLBERAIMN
4%, FasterNetBHEIL T RATAURIERF, FHIEBE T XAMMEFLOPSEER M TIEE IR REETRAIRN
ZRFHESHE. B, FasterNetfRH T —MEEAIERSEFA(PCony), BIRD TRITEMREFS
IBSREA RN [ E4FE, EFPConv, FasterNet2— MNVHEMNERIE, RETHHEMNEES
ROIETIRE, MASESTMIIESAOERIE L= .

2,

BB EFAPConVRIIRITFIA THHEEINERIUR, REUERERNBEN—BD ENAENEIR
(Conv), MIREBERBEARE., XFHRFEMNEEME: Bk, SENSRIELL, PConvEFERAN
FLOPs; EUR, SRESTVEBIMELL, PConvilBEERHIFLOPS, XEREPConvEIFIIFIATIRE
ERITERES. W5, ATRSBEIUFIBREEERNER, FasterNet?EPConvZ FH—EMIIN T ER
BIR(PWConv), XWENBIUEZIZRMUT TSR, BMXEHMUE, SENSRENT L
AUSIRLEMELE, XIRH T — M EPTHROMERTIENS .

3. RIS

FasterNeti@ZPConvilIl 7 BERNETIRELRF, RRRF 7 &R, $120, EimageNet-1k Lk,
FasterNetfJ—NNEURRZAE, MobileViT-XXSTEGPU, CPUFIARMAMEEE 5 BIR2.815. 3.3(5F12.41Z,
EIRHERRIEE 72.9%, HABRAFasterNet-LFEGPU_FRGHEIBERMELLSwin-BE36%, ECPULTS
BT 37%HITERTE, FERFSEI 7 5Swin-BHEZAY83.5%A top- TR, IXLERHER 7 EERMmAERH
Mgt e, MYURTEAWR, BEBNEEZMTIFFIMX .

4, 188

import os
import sys
import inspect

from torch import nn
import torch

class Partial_conv3(nn.Module):
def __init__(self, dim, n_div, forward):

super(Q).__init_Q

self.dim_conv3 = dim // n_div # vF8EENH3X3EFERAEMIEE S, P8 E £ DL
n_div

self.dim_untouched = dim - self.dim_conv3 # Jl4&AHEATH R 1IEIE L

# WAL —A3x3MBIE, ZEREMER T35 i8iE

self.partial_conv3 = nn.Conv2d(self.dim_conv3, self.dim_conv3, 3, 1, 1,
bias=False)


af://n870
af://n873
af://n876
af://n879

# ARIPEAT LRGN GAd forward SHURE) ERAH R AL RE Tk
if forward == 'slicing':
self.forward = self.forward_slicing
elif forward == 'split_cat':
self.forward = self.forward_split_cat
else:
raise NotImplementedError # WIIELE AR HT M AL RRSH0E, WP H 55

def forward_slicing(self, x):
# YR 5 AT A 3
x = x.clone() # FifERIATKE, TARASBESIEGHIA
x[:, :self.dim_conv3, :, :] = self.partial_conv3(x[:, :self.dim_conv3,
D, 1) # FUWERNTR R B o miE v B AR R
return x # R[FI4EEE 5K S

def forward_split_cat(self, x):
# A SR GEE 0 7 AT A AR R
x1, x2 = torch.split(x, [self.dim_conv3, self.dim_untouched], dim=1) #
PN RE B 5 P 4
x1 = self.partial_conv3(x1) # XF&s—iBJr BT A
x = torch.cat((x1, x2), 1) # KAbs)EiEE— &0 AR AL R IR 58 —FB /- P4
return x

if _name_ == "_main__":

block = Partial_conv3(64, 2, 'split_cat').cuda() # s:fflf{tPartial_conv3fE, 5
SE 73 EN RN I 0] 4% 46 SR s

input = torch.rand(1l, 64, 64, 64).cuda()  # & ~BENLIKE K&

output = block(input) # AT HIHAEHE

print(output.shape) # #ithif R~}

42, FRERIER

1632 (MULTI-SCALE CONTEXT AGGREGATION BY DILATED CONVOLUTIONSY) BIFEiREZBEFASPP
1w, FTLARES R LAEEEASPP

1. (€@

EIRESIREEEIT ASRZINEZFMMENSHHESITTER, BSRENERE LT XER4Y/H
IREE]. XTEEEGIIESESIMSRIEN, B EATNERER R BFaI .

2,

1. [BkEIR (Dilated Convolution) :

BEENESTRZATREBATE B ER%) | THEENSMIH ERBREY KZE.
2. BRELTXERS:

BYASAERKERNRAKSETR, REEBEINEESSMRENLETIXER, REFERTES.


af://n882
af://n884
af://n887

3. MESEWRMEHTEE:

SEINEFRERE AR IEL, WRESTERARZENERN, RV ENSHHENTEN

IR

1. IEENSREESLEGED:

RSB RIEEEKR, AIFNESEARRXEEEINBREZHEAERER, 1ER T AR
REFHERIIHIREEN .

2, RisSHEAHE:

T AREZENREN, WAKSIRNEIENISE, (EEEEREIEINIRAREDINRRIRT T St
3. INiZHRAn=:

EARETRIIXEMREREEGDE. EER. BRESMESS MBI T 2N A,

4, 159

from torch import nn
import torch
import torch.nn.functional as F

# EX—NMEETER . s — W FIRe LUBLE iR £ Tk
class ASPPConv(nn.Sequential):
def __init__(self, in_channels, out_channels, dilation):
modules = [
# B, W HEdT TationZECkHiRA R RE G B
nn.Conv2d(in_channels, out_channels, 3, padding=dilation,
dilation=dilation, bias=False),
nn.BatchNorm2d(out_channels), # #itsl1 -1k
nn.ReLU() # ReLUMIE %L
1

super (ASPPConv, self).__init__(*modules)

# & XN 2RI RS #EIH— W RIRe LUK Tk
class ASPPPooling(nn.Sequential):
def __init__(self, in_channels, out_channels):
super (ASPPPooling, self).__init_(

nn.AdaptiveAvgPool2d(1), # 4 )= kit
nn.Conv2d(in_channels, out_channels, 1, bias=False), # 1x1%&
nn.BatchNorm2d(out_channels), # flt&EIH—1{k
nn.ReLU()) # ReLUMIFK%L

def forward(self, x):
size = x.shape[-2:1 # {RAFHINERIE B0 25 (01 4k S
x = super(ASPPPooling, self).forward(x)

# I A A (AR P R/ 1 28 [ 5t s A\ K/


af://n895
af://n903

return F.interpolate(x, size=size, mode='bilinear', align_corners=False)

# ASPPEIMIAE, Z5GAFIMIKERN S IRER 4T
class ASPP(nn.Module):
def __init__(self, in_channels, atrous_rates):
super(ASPP, self).__init_(Q)
out_channels = 256 # fjiifiEky
modules = []
modules.append(nn.Sequential(

nn.conv2d(in_channels, out_channels, 1, bias=False), # IxLGHIHTFH4E

nn.BatchNorm2d(out_channels),
nn.ReLUQ)))

# R AN [R] 0 2 I 23 5 o 2 ] s R e
for rate in atrous_rates:
modules.append(ASPPConv(in_channels, out_channels, rate))

# US4 R A R R
modules.append(ASPPPooTling(in_channels, out_channels))

self.convs = nn.ModuleList(modules)

# B PR A R 2
self.project = nn.Sequential(

nn.conv2d(5 * out_channels, out_channels, 1, bias=False), # fl&

JG |’ Q{L
nn.BatchNorm2d(out_channels),
nn.ReLU(Q),
nn.Dropout(0.5)) # PjlLidil&HIDropout)z

def forward(self, x):

res = []

# WS AT AR

for conv in self.convs:
res.append(conv(x))

# PSS BRI 4R P

res = torch.cat(res, dim=1)

# TP G R RFE R AT AL 2]

return self.project(res)

# flfE FHASPPAEHL

aspp = ASpPp(256, [6, 12, 18])

X = torch.rand(2, 256, 13, 13)
print(aspp(x).shape) # &l kb5 (ARFE 4

43, TSR

18X {Internimage: Exploring Large-Scale Vision Foundation Models with Deformable
Convolutions)


af://n906

1. (€@

ZXENE T —METSIREEMES (CNNs) FIAHUEIITEEAESY, &Jvinternimage, SiTEFRE
BERHENAMEMIEEIREE (ViTs) AR, EFCNNRIANUEEEN AT REIMER. Internimage
BIRAIEESREMROEER, MUBEBHRTNFES QUMD E]) rRiKExuRiss,

MEEEBIRIEMAESERHTEBN T ARE.

2,

InternimageF|FA SR (DCN) |, SERNNRBIREZEERDEERAR, BER—FaISHER
B, RKABENICEOXN. XEEREEBENEEIMETHIEFIGERTRNFR (THIKER
gi2) , FREMASIEEENBERFHREBIIEGIRE, RKUTVITs, BDTERESRNSEINR
1

3. RIS

Internimagei@id LA, SILISRUHT BREIAMESE, ANAISEIIGEIEFZEIERBAER
~, MifiEEEImageNet, COCOFIADE20KERRIEBHERMAIENENINAIER TRENEHE. &
B—IEAIZ, Internimage-HECOCO test-dev EEIIE THILER, 1AZIT765.4 mAP, FEADE20K LA
762.9 mloU, BT HRIMSTHICNNFIVITS,

4, 189

import torch
from torch import nn

class DeformConv2d(nn.Module):
def _init__(self, inc, outc, kernel_size=3, padding=1, stride=1, bias=None,
modulation=False):

super(Deformconv2d, self).__init_Q)

self.kernel_size = kernel_size

self.padding = padding

self.stride = stride

self.zero_padding = nn.zeroPad2d(padding)

self.conv = nn.Conv2d(inc, outc, kernel_size=kernel_size,
stride=kernel_size, bias=bias)

self.p_conv = nn.Conv2d(inc, 2 * kernel_size * kernel_size,
kernel_size=3, padding=1, stride=stride)

nn.init.constant_(self.p_conv.weight, 0)

# register_backward_hook /&K T HHEEEIXJLZ5 RV R, XL LR TERm .

self.p_conv.register_backward_hook(self._set_1r)

self.modulation = modulation


af://n909
af://n912
af://n915
af://n918

if modulation:

# self.m_convilE=3] 2, 2FRIHIE - ANMRANEREHL AN (3D fidkKER.

# kernel_size*kernel_size: & 7 HEFZH AN ICRIIRLE.

self.m_conv = nn.conv2d(inc, kernel_size * kernel_size,
kernel_size=3, padding=1, stride=stride)

nn.init.constant_(self.m_conv.weight, 0)

# register_backward_hooks &N | 7 HIXJLJES HRIIEE R, X 4% 2546 o s o

self.m_conv.register_backward_hook(self._set_1r)

@staticmethod

def _set_Tr(module, grad_input, grad_output):
grad_input = (grad_input[i] * 0.1 for i in range(len(grad_input)))
grad_output = (grad_output[i] * 0.1 for i in range(len(grad_output)))

# AR AR AL AR
def _get_p_n(self, N, dtype):

torch.meshgrid() :Creates grids of coordinates specified by the 1D 1inputs
in attr:tensors.

ThRERERIMME, AT LA T A2 sRAR AR o
PR AU P B SR A R 1 — 2k, P KR AT HON SR — MR A TKE I TT R MG
TEONE AN TKER TR, SN KRR I A [ 3 A2 — 4RI 2Rk b

Hi g — Mk EEAE - MIANKETRITR, ST nR A
B oA K EIRT S AN K E T TR &S e = MIE .
p_n_x, p_n_y = torch.meshgrid(
torch.arange(-(self.kernel_size - 1) // 2, (self.kernel_size - 1) //
2 + 1),

torch.arange(-(self.kernel_size - 1) // 2, (self.kernel_size - 1) //
2 + 1))

# p_n ===>offsets_x(kernel_size*kernel_size,) concat
offsets_y(kernel_size*kernel_size,)

# ===> (2*kernel_size*kernel_size,)

p_n = torch.cat([torch.flatten(p_n_x), torch.flatten(p_n_y)], 0)

# (1, 2*kernel_size*kernel_size, 1, 1)

p_n = p_n.view(l, 2 * N, 1, 1).type(dtype)

return p_n

# BT Feature map EFTA XM TR OAKR, Rl p0
def _get_p_0(self, h, w, N, dtype):
p_0_x, p_O_y = torch.meshgrid(
torch.arange(1l, h * self.stride + 1, self.stride),
torch.arange(1l, w * self.stride + 1, self.stride))
p_0_x = torch.flatten(p_0_x).view(1l, 1, h, w).repeat(l, N, 1, 1)
p_O_y = torch.flatten(p_O_y).view(1l, 1, h, w).repeat(l, N, 1, 1)
# (b, 2*kernel_size, h, w)
p_0 = torch.cat([p_0_x, p_O_y]l, 1).type(dtype)
return p_0

# W RBUARX AR S B H O AR A IR IR AR T BRI BTG A h%
# [ bz a8 3offset/s, AN b WG 1AAARE .
# B RES3C A 2K(2) H B (pO+pn+Apn)

def _get_p(self, offset, dtype):



N, h, w = offset.size(l) // 2, offset.size(2), offset.size(3)
# p_n ===> (1, 2*kernel_size*kernel_size, 1, 1)

p_n = self._get_p_n(N, dtype)

# p_0 ===> (1, 2*kernel_size*kernel_size, h, w)

p_0 = self._get_p_0Ch, w, N, dtype)

# (1, 2*kernel_size*kernel_size, h, w)

p=p_0 + p_n + offset

return p

def _get_x_q(self, x, g, N):
# b, h, w, 2*kerel_size*kernel_size
b, h, w, _ = qg.size()
padded_w = x.size(3)

x.size(1l)

X ===> (b, c, h*w)

= x.contiguous().view(b, c, -1)

F ux2 Shih i Ar, y&Swilli T, Sk 206210 L, B AR T
BN BRI O LA B AR E Gl offsets_x * w + offsets_y

# (b, h, w, kernel_size*kernel_size)

index = gq[..., :N] * padded_w + q[..., N:]

H O H X H N

# (b, c, h, w, kernel_size*kernel_size) ===> (b, c,
h*w*kernel_size*kernel_size)

index = index.contiguous().unsqueeze(dim=1).expand(-1, c, -1, -1,
-1).contiguous() .view(b, c, -1)

# (b, c, h*w)

# x_offset[0][0][0] = x[0][0][index[0][0][0]]

# index[1]1[j] [k]BMERIZAEE ——X A RAXE Ch*w) P44, HAEZ drkiindex [][5] [k]
F{EcTampfE[0, h]1 &[0, wlVGH H.

# (b, c, h, w, kernel_size*kernel_size)

x_offset = x.gather(dim=-1, index=index).contiguous().view(b, c, h, w,
N

return x_offset

@staticmethod
def _reshape_x_offset(x_offset, ks):
# (b, c, h, w, kernel_size*kernel_size)
b, ¢, h, w, N = x_offset.size()
# (b, c, h, w*kernel_size)
x_offset = torch.cat([x_offset[..., s:s + ks].contiguous().view(b, c, h,
w * ks) for s in range(0, N, ks)],
dim=-1)
# (b, c, h*kernel_size, w*kernel_size)
x_offset = x_offset.contiguous().view(b, c, h * ks, w * ks)

return x_offset

def forward(self, x):
# (b, c, h, w) ===> (b, 2*kernel_size*kernel_size, h, w)
offset = self.p_conv(x)
if self.modulation:
# (b, c, h, w) ===> (b, kernel_size*kernel_size, h, w)
m

torch.sigmoid(self.m_conv(x))

dtype = offset.data.type()
ks = self.kernel_size



# kernel_size*kernel_size
N = offset.size(l) // 2

if self.padding:
x = self.zero_padding(x)
(b, 2*kernel_size*kernel_size, h, w)
self._get_p(offset, dtype)

~

#
p
# (b, h, w, 2*kernel_size*kernel_size)

p = p.contiguous() .permute(0, 2, 3, 1)

# YpMtensormaim v E AR EC R, Jf R T HECER R ARG t.
g_1t = p.detach().floor(Q)

# Ypin BEUCE, B304 T AM8IRg_rb.

g_rb = g_1t + 1

# EIRmMEEE R T ToateA, 752 XA A A B 7 vk 25 HEEAH R R

# [N IE R K, Wiifeature map, % torch. clampk4Ik.

# Clamps all elements in input into the range [ min, max ].
# torch.clamp(a, min=-0.5, max=0.5)

# p/e EfAxT7 AR A D, y 7 A R RS A e
g_1t = torch.cat([torch.clamp(q_Tt[..., :N], 0, x.size(2) - 1),
torch.clamp(q_1t[..., N:], 0, x.size(3) - 1],
dim=-1).7long()
# pA N AXTT R AR, yI7 R R R A w.
q_rb = torch.cat([torch.clamp(g_rb[..., :N], 0, x.size(2) - 1),
torch.clamp(g_rb[..., N:], 0, x.size(3) - 1],
dim=-1).7long()
# pZc LA MR BRI T Ay 7 MR e AR, 327l T A E.

g_1b = torch.cat([q_Tt[..., :N], g_rb[..., N:]], dim=-1)

# pfa N7 M mE ER L B Ay 7 R e A Ak, 5 EIpt B E.

g_rt = torch.cat([g_rb[..., :N], g_Tt[..., N:]1], dim=-1)

# clip po

p = torch.cat([torch.clamp(p[..., :N], 0, x.size(2) - 1),
torch.clamp(p[..., N:]1, 0, x.size(3) - 1)], dim=-1)

# WEEHEREAX MU R4 Blbilinear kernel.
# EEARRN T REEST, BTSRRI —FE, BT CATH 55 M — AU B AR & (16 ARk

g_lt = (1 + (g_1t[..., :N].type_as(p) - p[..., :NI)) * (1L + (q_Tt[...,
N:].type_as(p) - p[..., N:1))

g_rb = (1 - (g_rb[..., :N].type_as(p) - p[..., :N])) * (1L - (q_rb[...,
N:].type_as(p) - p[..., N:1))

g_1b = (1 + (g_1b[..., :N].type_as(p) - p[..., :NI)) * (1 - (q_1b[...,
N:].type_as(p) - p[..., N:1))

g_rt = (1 - (g_rt[..., :N].type_as(p) - p[..., :NI)) * (1L + (q_rt[...,
N:].type_as(p) - p[..., N:1))

# VBB 1) VYA A AR T B R 2R AE

# (b, c, h, w, kernel_size*kernel_size)
x_q_1t = self._get_x_q(x, gq_1t, N)
X_g_rb = self._get_x_q(x, gq_rb, N)
x_g_1b = self._get_x_q(x, g_1b, N)
Xx_g_rt = self._get_x_q(x, g_rt, N)

# WM E e 5



# (b, c, h, w, kernel_size*kernel_size)

x_offset = g_lt.unsqueeze(dim=1) * x_q_1t + \
g_rb.unsqueeze(dim=1) * x_q_rb + \
g_1lb.unsqueeze(dim=1) * x_q_lb + \
g_rt.unsqueeze(dim=1) * x_qg_rt

# modulation
if self.modulation:
# (b, kernel_size*kernel_size, h, w) ===> (b, h, w,
kernel_size*kernel_size)
m = m.contiguous() .permute(0, 2, 3, 1)
# (b, h, w, kernel_size*kernel_size) ===> (b, 1, h, w,
kernel_size*kernel_size)
m = m.unsqueeze(dim=1)
# (b, c, h, w, kernel_size*kernel_size)
m = torch.cat([m for _ in range(x_offset.size(1))], dim=1)
x_offset *=m
# x_offset: (b, c, h, w, kernel_size*kernel_size)
# x_offset: (b, c, h*kernel_size, w*kernel_size)
x_offset = self._reshape_x_offset(x_offset, ks)
# out: (b, c, h, w)
out = self.conv(x_offset)

return out

# GPU I 51
if _name__ == "_main__":
# HifrCUDAT]
if torch.cuda.is_available():
# VIR — AN LRERZEGPU Lig/T
deform_conv = DeformConv2d(inc=3, outc=16, kernel_size=3, padding=1,
stride=1, bias=True,
modulation=True).cuda()

# QIE—/FENE A KR HTGPU
input_tensor = torch.randn(l, 3, 64, 64).cuda()

# W ARG E IR K &
output_tensor = deform_conv(input_tensor)

# ITEN G Tk E AR

print (F 4k &R {output_tensor.shape}™)
else:

print("CUDAATTH], JCIEfEGPULIK. ")

44, TEHZETEIR

18X {Dynamic Snake Convolution based on Topological Geometric Constraints for Tubular
Structure Segmentation)


af://n921

1. {ER

AR T —FRFTHIMEZRDSCNet, STEBMAOENRINEIREE, MMMEFNER, XEEHTERARRN B
BRNAPEXEE, HERIDERIT N ESIEHEIINEEXEE.

2,

1. ShSEERZER (DSConv) :

BENMERETRIMITNEERENE, BHERE NGRS FARTAERSIR, DSConvE
[EEREERIEIZ S, FHBESLIRINGEERFEITRE, TETERGHRIRA].

2, SMAIHERS RS

ETFDSConvAEMSHIZSNIARIER, NS AENRBIMEHIRE, FiEdoEEERIX R
SLHEEAF RS

3. MIMNESMLRIREFE (TCLoss) :

BETHHEENE (Persistent Homology, PH) $EHH—FELRIHLIRIRKRREL, LALIRSBIRTFAFNESHE,
BRI E IR SR B .

IRIFIESS

1. FERRIRERFHIEEIR -

DSConvEETSEMN MR ST HRSFNRMITRIBERRHME, SHRASIEL, EREFBZSHIRR ISR
TIIEIREHIRIRANRESD.

2, BHRYSIRS

BYSMARINGRE, REEBNS I BESEEEENEUINHE, RETREFRLBIEN
BEER.

3. FRIMELEIERIRIS:

FIRATCLosSTEMRIMAENI D ELELMEHITLR, AR5 | SAREL T T AR RAIXEL, 1B 7 EIRE
5 EIRELL AR,

4, X85

# FNLERE

import os

import torch

import numpy as np
from torch import nn
import warnings

# 2

warnings.filterwarnings("ignore")

# EXDSConvs, E4t#& EHnn.Module


af://n923
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af://n942

class DSConv(nn.Module):
# BV RS
def __init__(self, in_ch, out_ch, kernel_size, extend_scope, morph,
if_offset, device):

super(DsConv, self).__init__ (O # HHAKMAILHILER L

# N —AERZE T A RS

self.offset_conv = nn.Conv2d(in_ch, 2 * kernel_size, 3, padding=1)
self.bn = nn.BatchNorm2d(2 * kernel_size) # &L/ HtH—1b)2
self.kernel_size = kernel_size # [#FERIZMINT

# EXHNRETEERE, —MH TR, — KTy
self.dsc_conv_x = nn.Conv2d(
in_ch,
out_ch,
kernel_size=(kernel_size, 1),
stride=(kernel_size, 1),

padding=0,

)

self.dsc_conv_y = nn.Conv2d(
in_ch,
out_ch,

kernel_size=(1, kernel_size),
stride=(1, kernel_size),
padding=0,
)
# BN —NHEA—ZE
self.gn = nn.GroupNorm(out_ch // 4, out_ch)
self.relu = nn.ReLU(inplace=True)# & X/ ReLUMH %L

self.extend_scope = extend_scope # {#174i4MIZ%L
self.morph = morph

self.if_offset = if_offset

self.device = device

def forward(self, f):
offset = self.offset_conv(f) # Elfmfs i
offset = self.bn(offset)
# A tanh R B s &
offset = torch.tanh(offset)
# DA TR
input_shape = f.shape
# QlE—ADSCH R, HTHITLEER
dsc = DSC(input_shape, self.kernel_size, self.extend_scope, self.morph,
self.device)

deformed_feature = dsc.deform_conv(f, offset, self.if_offset)
if self.morph == 0

X = self.dsc_conv_x(deformed_feature)

x = self.gn(x)

X = self.reTu(x)
return x
else:

self.dsc_conv_y(deformed_feature)
self.gn(x)

self.relu(x)



return Xx

# DSCHRIIE S, HTFHITEEGR
class DSC(object):

def __init__(self, input_shape, kernel_size, extend_scope, morph, device):
self.num_points = kernel_size
self.width = input_shape[2]
self.height = input_shape[3]
self.morph = morph
self.device = device
self.extend_scope = extend_scope

self.num_batch = input_shape[0]
self.num_channels = input_shape[1]

# EN—AREL T A 3DA R
def _coordinate_map_3D(self, offset, if_offset):

# Sy EMRFE E Ny 77 [ AIXTT ] 10 P R 45
y_offset, x_offset = torch.split(offset, self.num_points, dim=1)
# VIR O s AR
y_center = torch.arange(0, self.width).repeat([self.height])
y_center = y_center.reshape(self.height, self.width)
y_center = y_center.permute(l, 0)
y_center = y_center.reshape([-1, self.width, self.height])
y_center = y_center.repeat([self.num_points, 1, 1]).float()
y_center = y_center.unsqueeze(0)

x_center = torch.arange(0, self.height).repeat([self.width])
Xx_center = x_center.reshape(self.width, self.height)
X_center = x_center.permute(0, 1)

x_center = x_center.reshape([-1, self.width, self.height])
x_center = x_center.repeat([self.num_points, 1, 1]).float()
X_center = x_center.unsqueeze(0)

if self.morph == 0:

y = torch.linspace(0, 0, 1)

x = torch.Tinspace(
-int(self.num_points // 2),
int(self.num_points // 2),
int(self.num_points),

y, x = torch.meshgrid(y, x)
y_spread = y.reshape(-1, 1)
x_spread = x.reshape(-1, 1)

y_grid = y_spread.repeat([1l, self.width * self.height])
y_grid.reshape([self.num_points, self.width, self.height])
y_grid.unsqueeze(0) # [B*K*K, W,H]

y_grid

y_grid

x_grid x_spread.repeat([1, self.width * self.height])



x_grid = x_grid.reshape([self.num_points, self.width, self.height])
x_grid = x_grid.unsqueeze(0) # [B*K*K, W,H]

y_new = y_center + y_grid

X_hew = x_center + x_grid

y_new = y_new.repeat(self.num_batch, 1, 1, 1).to(self.device)

X_new

Xx_new.repeat(self.num_batch, 1, 1, 1).to(self.device)

y_offset_new = y_offset.detach().clone()

if if_offset:

y_offset = y_offset.permute(l, 0, 2, 3)
y_offset_new = y_offset_new.permute(l, 0, 2, 3)
center = int(self.num_points // 2)

y_offset_new[center] = 0
for index in range(l, center):
y_offset_new[center + index]
- 1] + y_offset[center + index])
y_offset_new[center - index]
+ 1] + y_offset[center - index])

(y_offset_new[center + index

(y_offset_new[center - index

y_offset_new = y_offset_new.permute(l, 0, 2, 3).to(self.device)

y_new = y_new.add(y_offset_new.mul(self.extend_scope))

y_new = y_new.reshape(
[self.num_batch, self.num_points,
y_new = y_new.permute(0, 3, 1, 4, 2)
y_new = y_new.reshape([
self.num_batch, self.num_points
D
X_new = X_new.reshape(
[self.num_batch, self.num_points,
X_new = x_new.permute(0, 3, 1, 4, 2)
X_new = X_new.reshape([

self.num_batch, self.num_points *

D

return y_new, X_new

else:

y = torch.linspace(
-int(self.num_points // 2),
int(self.num_points // 2),
int(self.num_points),

X
I

torch.linspace(0, 0, 1)

y, X = torch.meshgrid(y, x)
y_spread = y.reshape(-1, 1)
x_spread = x.reshape(-1, 1)

1, self.width, self.height])

* self.width, 1 * self.height

1, self.width, self.height])

self.width, 1 * self.height

y_grid = y_spread.repeat([1l, self.width * self.height])

y_grid

y_grid.reshape([self.num_points, self.width, self.height])



y_grid = y_grid.unsqueeze(0)

x_grid = x_spread.repeat([1l, self.width *

x_grid = x_grid.reshape([self.num_points,
x_grid = x_grid.unsqueeze(0)

y_new = y_center + y_grid

X_hew = x_center + x_grid

self.height])
self.width, self.height])

y_new = y_new.repeat(self.num_batch, 1, 1, 1)

X_new = x_new.repeat(self.num_batch, 1, 1, 1)

y_new = y_new.to(self.device)
X_new = x_new.to(self.device)
x_offset_new = x_offset.detach().clone()

if if_offset:
x_offset = x_offset.permute(l, 0, 2,

3)

x_offset_new = x_offset_new.permute(l, 0, 2, 3)

center = int(self.num_points // 2)
x_offset_new[center] = 0
for index in range(l, center):

x_offset_new[center + index]

- 1] + x_offset[center + index])

(x_offset_new[center + index

x_offset_new[center - index] = (x_offset_new[center - index
+ 1] + x_offset[center - index])

x_offset_new = x_offset_new.permute(l, 0, 2, 3).to(self.device)

x_new = x_new.add(x_offset_new.mul(self.extend_scope))

y_new = y_new.reshape(

[self.num_batch, 1, self.num_points,
y_new = y_new.permute(0, 3, 1, 4, 2)
y_new = y_new.reshape([

self.num_batch, 1 * self.width, self.
D
X_new = X_new.reshape(

[self.num_batch, 1, self.num_points,
X_nhew = x_new.permute(0, 3, 1, 4, 2)
X_new = Xx_new.reshape([

self.num_batch, 1 * self.width, self.
D

return y_new, X_new

# RNVERE R AL TR A AARR AR IR B REAT A

def

self.width, self.height])

num_points * self.height

self.width, self.height])

num_points * self.height

_biTinear_interpolate_3D(self, input_feature, y, x):

# TELE S A A A s

# AUFE RS E AR R AR, A o AR B R A AR i N RRAE B3R AT SR A
y = y.reshape([-1]).fToat()

X = x.reshape([-1]).float()

zero = torch.zeros([]).int(Q)
max_y = self.width - 1
max_x = self.height - 1



y0 = torch.floor(y).int()

yl=y0 + 1
X0 = torch.floor(x).int()
x1 =x0 + 1

y0 = torch.clamp(y0, zero, max_y)
yl = torch.clamp(yl, zero, max_y)
x0 = torch.clamp(x0, zero, max_x)
x1 = torch.clamp(x1l, zero, max_x)

input_feature_flat = input_feature.flatten()

input_feature_flat input_feature_flat.reshape(

self.num_batch, self.num_channels, self.width, self.height)
input_feature_flat = input_feature_flat.permute(0, 2, 3, 1)
input_feature_flat = input_feature_flat.reshape(-1, self.num_channels)

dimension = self.height * self.width

base = torch.arange(self.num_batch) * dimension
base = base.reshape([-1, 1]).float()

repeat = torch.ones([self.num_points * self.width * self.height
1) .unsqueeze(0)

repeat = repeat.float()

base = torch.matmul(base, repeat)
base = base.reshape([-1])

base = base.to(self.device)

base_y0 = base + y0 * self.height

base_yl = base + yl * self.height

index_a0 = base_y0 - base + x0

index_cO0 = base_y0 - base + x1

index_al = base_yl - base + x0

index_cl = base_yl - base + x1

value_a0 =
input_feature_flat[index_a0.type(torch.int64)].to(self.device)

value_c0 =
input_feature_flat[index_c0.type(torch.int64)].to(self.device)

value_al =
input_feature_flat[index_al.type(torch.int64)].to(self.device)

value_cl =

input_feature_flat[index_cl.type(torch.int64)].to(self.device)

y0 = torch.floor(y).int(Q
yl yO + 1



X0 = torch.floor(x).int()
x1 =x0 + 1

y0 = torch.clamp(y0, zero, max_y + 1)
yl = torch.clamp(yl, zero, max_y + 1)
x0 = torch.clamp(x0, zero, max_x + 1)
x1 = torch.clamp(x1l, zero, max_x + 1)
x0_float = x0.float()
x1_float = x1.float()
y0_float = y0.float()
yl_float = yl.float()

vol_a0 = ((yl_float - y) * (x1_float - x)).unsqueeze(-1).to(self.device)
vol_cO0 = ((yl_float - y) * (x - xO_fTloat)).unsqueeze(-1).to(self.device)
vol_al = ((y - yO_float) * (x1_float - x)).unsqueeze(-1).to(self.device)
vol_cl = ((y - yO_float) * (x - xO_float)).unsqueeze(-1).to(self.device)

outputs = (value_a0 * vol_a0 + value_cO * vol_cO + value_al * vol_al +
value_cl * vol_cl)

if self.morph == 0:
outputs = outputs.reshape([
self.num_batch,
self.num_points * self.width,
1 * self.height,
self.num_channels,
D
outputs = outputs.permute(0, 3, 1, 2)
else:
outputs = outputs.reshape([
self.num_batch,
1 * self.width,
self.num_points * self.height,
self.num_channels,
D
outputs = outputs.permute(0, 3, 1, 2)
return outputs
# PATLIERAN R EL
def deform_conv(self, input, offset, if_offset):
y, X = self._coordinate_map_3D(offset, if_offset) # HUTAILEINHE
deformed_feature = self._bilinear_interpolate_3D(input, y, Xx)# fliHXZVELE
AR HE BT 1R AL AR I % 0 i N R AIE 3R AT SR
return deformed_feature

if __name__ == "_main__":# WD, QIE—/DSConvILB X BE LA PE 3T Ab 2
os.environ["CUDA_VISIBLE_DEVICES"] = '0' # % CUDAMIEA &A%
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

A = np.random.rand(4, 5, 6, 7)# Gk AL
A = A.astype(dtype=np.float32)
A = torch.from_numpy(A)

# SflfEDSConvikERL
conv0 = DScConv(



in_ch=5,
out_ch=10,
kernel_size=15,
extend_scope=1,
morph=0,
if_offset=True,
device=device)
if torch.cuda.is_available(): # ¥ Sl bt 2lcPu k
A = A.to(device)
conv0 = conv0.to(device)
out = convO(A)# AT (&
print(out.shape)

45, FETFBEGIRRR

18X {DeepLab V3)

1. {EH

Depthwiseseparableconv HRFEBRTHUTAEI D BEIERE, SRE—MEMISIRGE, | iZN
BT HMERSHME. TERAUNESETHESIR, FRERIIRANRE LAREFS
RzFReh.

2,

1. FESHHE (Depthwise Convolution) :

SHENEMNBIES BN AETRIRIE. XMNEFEANE nn.conv2d , Hf groups SHETHNBEE
¥, IMTRESLSH, X—EZEEEE—MYA—E (nn.BatchNorm2d ) FI—/ LeakyReLU EiiE
@%&o

2. ZREHE (Pointwise Convolution)

BRER (BRMEIXER) NENREGHRESIENRHE, BElRGEZEmI=E+ (BEXUs
EERRE) . SFREESHERM, BrEREREEII—A LeakyreLy BUEREL.

3. IHIFHE
1. SHHE:

BESBEREENRENZERR MRS E, REUSBESHES R THEESHNHE, XEE
BREENRE, ETERRERANRE LHE.

2. THEE:

HOSHEEAHET AFER, BRSO THEERE., mFERA T, REISBEETREBEINRY
SGAAERITRE, REREATHRITIER.

3. RiEHE R


af://n945
af://n948
af://n951
af://n957

Depthwiseseparableconv SEANRTHEM T RiEME, FTLUMREEMAISEENSENEE (FlIn, SR
RN ERIMESR) | LIENARRMAREIRR, NMiES 7 &EASEREEM R,

4, X9

# 5 XDepthwiseSeparableConvk, 4k7kKHnn.Module
import torch
from torch import nn

class DepthwiseSeparableConv(nn.Module):
# RIILRNTTIE
def __init__(self, in_channels, out_channels, kernel_size=3, stride=1,
padding=1):
# AWM T
super (DepthwiseSeparableconv, self).__init_()

# RELBRE, MHSHNEEEAHEFEMHE, A EE S
self.depthwise = nn.Sequential(nn.Conv2d(in_channels, in_channels,
kernel_size,
stride, padding,
groups=in_channels),
nn.BatchNorm2d(in_channels),
# WoEREUZE, (i LeakyRelLU
nn.LeakyReLU(0.1, inplace=True)
)
# ERERE, FHIXIERZETER, DlmiE s
self.pointwise = nn.Sequential(nn.Conv2d(in_channels, out_channels, 1),
nn.BatchNorm2d(out_channels),
# WoEREUZE, {fHLeakyReLU
nn.LeakyReLU(0.1, inplace=True)
)

# 8 XTI R
def forward(self, x):
# FAXIBIRE SR E
x = self.depthwise(x)
# ZLIREERZAEE RIXIETE AR Z
x = self.pointwise(x)
# [ A A
return x

if _name__ == "_main__":
# EXEINTKE, KAALL, 3, 224, 224], #HAl—"batch K/NAL, 3iEiE1224x22411 K14
input_tensor = torch.randn(1l, 3, 224, 224)
# SzfflftDepthwiseSeparableConv, #iNiBiEXC N3, HlliEES 64
model = DepthwiseSeparableConv(in_channels=3, out_channels=64)
# W N TR EOE AR AR B AT AT AL H
output_tensor = model(input_tensor)
# TRk AR, N1, 64, 224, 224]
print(f"output tensor shape: {output_tensor.shapel}")


af://n965

46, ODConv&iRiER

183X {OMNI-DIMENSIONAL DYNAMIC CONVOLUTION)

1. {EH

ODConviBI 5IN—FrEFSHEET NG, H—TREA TREETRHEME (CNNs) RIZFRREE
. EEBEIESHELERTENRENMEZ ISR TESS, B TRIRLI. X
EEEAENTENE. FIERABE. RN ATEZ LSRRI ANEB R RERFIE,
MITANESRT T BN ETRIR EIRHERENBES.

2,

ODConviEFREFREER T — M4 I, XMEIRESH Tt SRR o R R

N BANEEH. BHBERANSIRZHEX N MEZFIHNFAGES . XOFEREENEY
DRIMAZ LB NERITESE, FEBEEWT, #E—PRE T CNNARHMEREEED. ZiRitHEE
ODConvEMER ERBNESIRZBEESIBNSZANSERNARFEHEN, BERD TIIINSHNE

3. YSEE
1. SEEEES:

ODConvEHE—MNAEESIRZTARIE N MEERIZIEENRIGE, XEEHEBREAEFEN
ETXER, SHARNSSERIRITEL, CRATT BFrIREERERAE.

2, BHHES:

REODConv3INTERIGESNSE, EERITHBERT RFLEFVNISH. FHIIR, HBRES
MBS ERTERL, EREX/NTEERRS.

3. EAE:

{ERN—FhRIFERIA BYIRTt, ODConvAJLURHAERREIZFRCNNIRAH, TTREXIMARELHIHTEX
1801, fERTZRIGIEREIRTT.

4, BESERM:

fEimageNetFIMS-COCO¥ESE ERIIiZ5KI05RA7, ODConvAMNBERRTHEIG D EMRE, HMRERTTE
BERRGEEI NFESS (Wistanl) £, WIE T HRIFAZ AL


af://n968
af://n970
af://n973
af://n976
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import torch

import torch.nn as nn

import torch.nn.functional as F
import torch.autograd

# TERE TN
class Attention(nn.Module):
# WIUBA R L
def __init__(self, in_planes, out_planes, kernel_size, groups=1,
reduction=0.0625, kernel_num=4, min_channel=16):
super(Attention, self).__init_Q)
# A reductiontb il BE R UHLEIFIBIEE, HEAKTmin_channel
attention_channel = max(int(in_planes * reduction), min_channel)
self.kernel_size = kernel_size
self.kernel_num = kernel_num
self.temperature = 1.0# HESE, H T % softmaxifEAIE
# “Figihil, H T R4
self.avgpool = nn.AdaptiveAvgPool2d(1)
# Ix1EM, H TR
self.fc = nn.Conv2d(in_planes, attention_channel, 1, bias=False)
self.bn = nn.BatchNorm2d(attention_channel)
self.relu = nn.ReLU(inplace=True)
# EIEE RN SRR
self.channel_fc = nn.cConv2d(attention_channel, in_planes, 1, bias=True)
self.func_channel = self.get_channel_attention
# 0 S N s E A o AU R, A8 Bk i
if in_planes == groups and in_planes == out_planes: # depth-wise
convolution
self.func_filter = self.skip
else:# BN, HHIERSERD
self.filter_fc = nn.Conv2d(attention_channel, out_planes, 1,
bias=True)
self.func_filter = self.get_filter_attention
# WHEFZ RN AL, 8 Bk
if kernel_size == 1:
self.func_spatial = self.skip
else: # W, MHAMEED
self.spatial_fc = nn.Conv2d(attention_channel, kernel_size *
kernel_size, 1, bias=True)
self.func_spatial = self.get_spatial_attention

if kernel_num ==
self.func_kernel = self.skip
else:
self.kernel_fc = nn.Conv2d(attention_channel, kernel_num, 1,
bias=True)
self.func_kernel = self.get_kernel_attention

self._initialize_weights()
# BUEYIHL
def _initialize_weights(self):
for m in self.modules():
if isinstance(m, nn.Conv2d):


af://n986

nn.init.kaiming_normal_(m.weight, mode='fan_out',
nonlinearity="relu')
if m.bias is not None:
nn.init.constant_(m.bias, 0)
if isinstance(m, nn.BatchNorm2d):
nn.init.constant_(m.weight, 1)
nn.init.constant_(m.bias, 0)

# EHEESH
def update_temperature(self, temperature):
self.temperature = temperature

@staticmethod
def skip():
return 1.0

# IMEEEE R
def get_channel_attention(self, x):
channel_attention = torch.sigmoid(self.channel_fc(x).view(x.size(0), -1,
1, 1) / self.temperature)
return channel_attention

# TR IR A ER T
def get_filter_attention(self, x):
filter_attention = torch.sigmoid(self.filter_fc(x).view(x.size(0), -1,
1, 1) / self.temperature)
return filter_attention

# IPEA R R
def get_spatial_attention(self, x):
spatial_attention = self.spatial_fc(x).view(x.size(0), 1, 1, 1,
self.kernel_size, self.kernel_size)
spatial_attention = torch.sigmoid(spatial_attention / self.temperature)
return spatial_attention

# THEREET)

def get_kernel_attention(self, x):
kernel_attention = self.kernel_fc(x).view(x.size(0), -1, 1, 1, 1, 1)
kernel_attention = F.softmax(kernel_attention / self.temperature, dim=1)
return kernel_attention

def forward(self, x):
X self.avgpool(x)
x = self.fc(x)
self.bn(x)
self.relu(x)

X
X

return self.func_channel(x), self.func_filter(x), self.func_spatial(x),
self.func_kernel(x)

#obConv2dJE X
class obconv2d(nn.Module):
def __init__(self, in_planes, out_planes, kernel_size=3, stride=1,
padding=1, dilation=1, groups=1,
reduction=0.0625, kernel_num=4):
super(obconv2d, self).__init__(Q)



self.in_planes = in_planes
self.out_planes = out_planes
self.kernel_size = kernel_size
self.stride = stride
self.padding = padding
self.dilation = dilation
self.groups = groups
self.kernel_num = kernel_num
self.attention = Attention(in_planes, out_planes, kernel_size,
groups=groups,
reduction=reduction, kernel_num=kernel_num)
self.weight = nn.Parameter(torch.randn(kernel_num, out_planes, in_planes
// groups, kernel_size, kernel_size),
requires_grad=True)
self._initialize_weights()

if self.kernel_size == 1 and self.kernel_num ==
self._forward_impl = self._forward_impl_pwlx
else:
self._forward_impl = self._forward_impT1_common

def _initialize_weights(self):
for i in range(self.kernel_num):
nn.init.kaiming_normal_(self.weight[i], mode='fan_out',
nonlinearity="relu')

def update_temperature(self, temperature):
self.attention.update_temperature(temperature)

def _forward_impl_common(self, x):

channel_attention, filter_attention, spatial_attention, kernel_attention
= self.attention(x)

batch_size, in_planes, height, width = x.size()

x = X * channel_attention

x = x.reshape(1l, -1, height, width)

aggregate_weight = spatial_attention * kernel_attention *
self.weight.unsqueeze(dim=0)

aggregate_weight = torch.sum(aggregate_weight, dim=1).view(

[-1, self.in_planes // self.groups, self.kernel_size,

self.kernel_size])

output = F.conv2d(x, weight=aggregate_weight, bias=None,
stride=self.stride, padding=self.padding,

dilation=self.dilation, groups=self.groups *

batch_size)

output = output.view(batch_size, self.out_planes, output.size(-2),
output.size(-1))

output = output * filter_attention

return output

def _forward_impl_pwlx(self, x):
channel_attention, filter_attention, spatial_attention, kernel_attention
= self.attention(x)
x = X * channel_attention



output = F.conv2d(x, weight=self.weight.squeeze(dim=0), bias=None,
stride=self.stride, padding=self.padding,
dilation=self.dilation, groups=self.groups)
output = output * filter_attention
return output

def forward(self, x):
return self._forward_imp1(x)

if _name__ == "_main__":

a = torch.ones(3, 32, 20, 20) #4MbENL%L
b = obconv2d(32, 32)  #5:filfk
c = b(a)

print(c.size())

47. Non-local NeuralfsiR

183 {Non-local Neural Networks)

1. {ER

IFEEB MBI I E R FHRRIKIER K, XN TRAEHENESRRERER, XEBRERIFER
BlfE=sia), MEEREFRREHIEREZTEEEFR, NMBARKIEERNRERERR. X7
BTG E. SN/ 5 BIARESE T HESRINE T BZA90H.

2,

IFEEEREEIERMNFIENEME EIHEmNAIMAAIRSEE, EPNERMEZENXRE (U0
BtE) #e. XMRMETLUERBATSITTENRZRET, EISMEENAES, IFEHR (BXE
) AILAERLARTISRT S TURBRRT Sk,

3. IS
1. ENEATRICIERI:

SESNARRERE (WNEFAEIEERE) BREEESAE, FRHEEFTUERGEEERME
BREEIER, T EEEEZE.

2, MHEHES:

RERBIIBRIEE WK, (BIFFHREERB/LENER FRIANAZIRENR, a0, T
Sh, BMERAEEHEIEIMRID, IFREMEENEES SRR RSB,

3. FRISBAKDRORIENE:

IEREBBRAESHFI RN, FRERFHHANSMNGER, FEZTSEMRE (FINEiR) &
afER.

4, EZHMESS LROEBHEMBMILE:


af://n989
af://n991
af://n994
af://n997

T RENSHBEREFHSEGRIMES £, IIAIERERRAREER R T X R EAREIRI R R ot
REIRFERSMITT ERAR/N.

4, X85

import torch

import torch.nn as nn

import torch.nn.functional as F
import torch.autograd

# AR R I S
class _NonLocalBlockND(nn.Module):
def __init__(self, in_channels, inter_channels=None, dimension=2,
sub_sample=True, bn_layer=True):
super(_NonLocalBlockND, self).__init__(Q)

assert dimension in [1, 2, 31# W=, #afege)s 1, 2, =53

self.dimension = dimension# {74215 R
self.sub_sample = sub_sample# J&{illtr 1%kt

self.in_channels = in_channels# i \iliE%
self.inter_channels = inter_channels # i[alifif%
# WERA TR R ANEE A, B N B TE R, HE R
if self.inter_channels 1is None:
self.inter_channels = in_channels // 2
if self.inter_channels == 0:
self.inter_channels = 1

conv_nd = nn.Conv2d
max_pool_Tlayer = nn.MaxPool2d(kernel_size=(2, 2))# f libfb=
bn = nn.BatchNorm2d# #t)1—1k
# giR L. PR4E
self.g = conv_nd(in_channels=self.in_channels,
out_channels=self.inter_channels,
kernel_size=1, stride=1, padding=0)
# WEE A — 1
if bn_layer:
# WeRH: FHAEIHEA A1k
self.w = nn.Sequential(
conv_nd(in_channels=self.inter_channels,
out_channels=self.in_channels,
kernel_size=1, stride=1, padding=0),
bn(self.in_channels)
)
nn.init.constant_(self.w[1].weight, 0) # W/fithwes A E N0
nn.init.constant_(self.w[1l].bias, 0)
else:
self.w = conv_nd(in_channels=self.inter_channels,
out_channels=self.in_channels,
kernel_size=1, stride=1, padding=0)
nn.init.constant_(self.w.weight, 0)
nn.init.constant_(self.w.bias, 0)


af://n1007

self.theta = conv_nd(in_channels=self.in_channels,
out_channels=self.inter_channels,

kernel_size=1, stride=1, padding=0)

self.phi = conv_nd(in_channels=self.in_channels,

out_channels=self.inter_channels,

=

AR

|

=3
X

kernel_size=1, stride=1, padding=0)

self.concat_project = nn.Sequential(

nn.conv2d(self.inter_channels * 2, 1, 1, 1, 0, bias=False),
nn.ReLUQ)

)

# WMRMAT R, WAEgMphi & 253 i KL Z

if sub_sample:

S
S

elf.g = nn.Sequential(self.g, max_pool_layer)
elf.phi = nn.Sequential(self.phi, max_pool_Tlayer)

def forward(self, x, return_nl_map=False):

batch_size = x.size(0)

g_X
g_x

# (b,
theta_x = self.theta(x).view(batch_size, self.inter_channels, -1, 1)# 7t

Yrz FHEE

# (b,

phi_

h =

W =

X

t
p

self.g(x).view(batch_size, self.inter_channels, -1)
g_x.permute(0, 2, 1)

c, N, D

c, 1, N)

= self.phi(x).view(batch_size, self.inter_channels, 1, -1)

heta_x.size(2)
hi_x.size(3)

theta_x = theta_x.repeat(l, 1, 1, w)

phi_

X

= phi_x.repeat(l, 1, h, 1)

concat_feature = torch.cat([theta_x, phi_x], dim=1)

f = self.concat_project(concat_feature)
b, _, h, w= f.size(

f = f.view(b, h, w)

N = f.size(-1)

f divc=f /N

y = torch.matmul(f_div_C, g_x)

y = y.permute(0, 2, 1).contiguous()

y = y.view(batch_size, self.inter_channels, *x.size()[2:])
w_y = self.w(y)

Z =W,y + X

if return_nl_map:

r

eturn z, f_div_C

return z



if _name__ == "_main__":

a = torch.ones(3, 32, 20, 20) #4:sbENL%L
b = _NonLocalBlockND(32, 32)  #::filfk

c = b(a)

print(c.size())

48. GNConv&iRiER

18X {GCNet: Non-local Networks Meet Squeeze-Excitation Networks and Beyond)

1. {EH

GCNet (Global Context Network) & 7TIEEEBMLE (Non-Local Network, NLNet) BYKEEEKES
FYEREIFNSqueeze-Excitation Network (SENet) FURRER4FE, BRUEEIRLB LETXER. Bl
EIERERHR (NL block) , RIINFEGFAREENE, EFENEFHER, RBEFINLBLE
TYESENEMIN., X—RIFESGCNeta LATERIENLNe/EMMIIRRT, BEREITESR
E.

2,

GCNetRAT—# 2B LT (Global Context, GC) R, ZREEINIIFFEBMLZAIMERELISE
B, GCRES=ANEESR: 2R LTNER. HHERIIRGERER., 2B L T BEraErNS
B TIN s RER, HPNERBE2REENUEEIRY, FHEERRAREMMERmEAE
EERHEE. MERERGER LT SXIHEMIZIE MBI L, NTI0sE T RIS,

3. IS

1. BERGT: GONetBIXRAERIRIEWHIRERIE, HEREGTEERNEN, EEE
BREERY, JVFAEINEIMITEERE.

2, BEEELRBLTX: GCNetEUREEIRSWRTIKIERKIRR, BT REEEIEN T
SEVIERREN.

3. INiZiEMl: GCNetESNMEEMIEEMNARIMIRBNES LERME TSN, BENR
W/ E., BGoXaERE, IR T HEEMM 2 ER.

4, 159

import torch

import torch.nn as nn

import torch.nn.functional as F

from timm.models.layers import trunc_normal_, DropPath
import torch.fft

from torch.nn import LayerNorm


af://n1010
af://n1012
af://n1015
af://n1018
af://n1023

# E X — AR RSIOR W] 5 B ERE
def get_dwconv(dim, kernel, bias):

return nn.Conv2d(dim, dim, kernel_size=kernel, padding=(kernel - 1) // 2,
bias=bias, groups=dim)

# AR R I e A
class GlobalLocalFilter(nn.Module):
def __init__(self, dim, h=14, w=8):
super().__init_QO
# IR 2 B AR — 2 1) iE
self.dw = nn.conv2d(dim // 2, dim // 2, kernel_size=3, padding=1,
bias=False, groups=dim // 2)
# Vs —NEENESH, HT R8s E
self.complex_weight = nn.Parameter(torch.randn(dim // 2, h, w, 2,
dtype=torch.float32) * 0.02)
trunc_normal_(self.complex_weight, std=.02)
# o U N T2 A — 1k
self.pre_norm = LayerNorm(dim, eps=1e-6, data_format='channels_first')
self.post_norm = LayerNorm(dim, eps=1le-6, data_format='channels_first")

def forward(self, x):
x = self.pre_norm(x)
# VN5 Py
x1, x2 = torch.chunk(x, 2, dim=1)
# X5 IR EE R 43 B A AR
x1 = self.dw(x1)
# 05 AT HL R e
x2 = x2.to(torch.float32)
B, C, a, b = x2.shape
x2 = torch.fft.rfft2(x2, dim=(2, 3), norm='ortho')
weight = self.complex_weight
# WRACE AR RIX 2 JEARAVCHE, ) BEA 2 /)N
if not weight.shape[l:3] == x2.shape[2:4]:
weight = F.interpolate(weight.permute(3, 0, 1, 2),
size=x2.shape[2:4], mode="bilinear', align_corners=True).permute(l, 2, 3, 0)
weight = torch.view_as_complex(weight.contiguous())
# N 52 HORC R I kAT A AR 4
x2 = x2 * weight
X2 = torch.fft.irfft2(x2, s=(a, b), dim=(2, 3), norm="ortho')
# WP SR EHHEE = H—
x = torch.cat([x1l.unsqueeze(2), x2.unsqueeze(2)], dim=2).reshape(B, 2 *
C, a, b)
x = self.post_norm(x)
return Xx

# m AR RS TSE
class gnconv(nn.Module):
def _init__(self, dim, order=3, gflayer=None, h=14, w=8, s=1.0):

super().__init_Q
self.order = order
# R e A A (R RS I 4 B 51 3R
self.dims = [dim // 2 ** i for i in range(order)]
self.dims.reverse()
self.proj_in = nn.Conv2d(dim, 2 * dim, 1)# Hi A\ EH



if gflayer is None:

self.dwconv = get_dwconv(sum(self.dims), 7, True)# FRILHIZT /)5

else:

self.dwconv = gflayer(sum(self.dims), h=h, w=w)# EGE{6 1 E L4 )=

PR/

self.proj_out = nn.cConv2d(dim, dim, 1)

self.pws = nn.ModuleList(

[nn.Conv2d(self.dims[i], self.dims[i + 1], 1) for i in range(order -

D]

)

self.scale = s

print('[gnconv]', order, 'order with dims=', self.dims,

self.scale)

def forward(self, x):
fused_x = self.proj_in(x)

'scale=%.4f" %

pwa, abc = torch.split(fused_x, (self.dims[0], sum(self.dims)), dim=1)

dw_abc = self.dwconv(abc) * self.scale
dw_Tist = torch.split(dw_abc, self.dims, dim=1)
X = pwa * dw_1ist[0]
for i in range(self.order - 1):
x = self.pws[i](x) * dw_list[i + 1]
x = self.proj_out(x)
return Xx

if __name__ == "_main__":

a = torch.ones(3, 32, 20, 20) #4MbENL%L
b = gnconv(32) #%filfk
c = b(a)

print(c.size())

49. AKConvH&iRfEiR

18X {AKConv: Convolutional Kernel with Arbitrary Sampled Shapes and Arbitrary Number of

Parameters)

1. {EH

AKConv EERERRE S I PIrESTURFRIM T EBRE: REECHFMEOR, BRET AEfLERER
SRHIEEN; BREREEX/), RETHARRBEFIARIA/NIENRE]. XMHTEAFERRES

EESHAIREIR, RUETFMRERORRSTR, NENSHCAIZHRIBER.

2, H#

AKConvBINT —FE ER K/ INETZAIWIRA ERFT AT ER RS, BEREEES MBS
KA BFRE. XMTEEETLSIZESEERERIANISIRZ, ST NESTRIERE

IEFSFERAARBR S


af://n1026
af://n1028
af://n1031

3. RIS
1. REEAERIE:

SEEERRIIA NS ESIRETRR, AKConvAFEEERS MRS, BETHY
R BRI TS .

2, RHESEIRK:

AKConviESFREHIVEET LI SEFRRAIR/ NG IHER, SREETlr ERZETRAI T B KEE TN
XL, XTI E R, FBIEF T SRR B ENREREE,

3. MREIRF:

B RIF AR NSRRI SR AR RIENE, AKConvASIAREI KR RIRH TESE
M, XS THEHHBEBGERMEMEERIMuE, £C0C02017, VOC 7+12F1VisDrone-DET20214i4EE
TRYCIE SR TIUERA,

4. BDHEBDER:

AKConvATLUARHREERKEIIVE MR ZR T, BT ESTURIE, RITI4RE, MARIMBEHITEXE
B8

4, 188

import torch.nn as nn

import torch

from einops import rearrange
import math

class AKConv(nn.Module):
def __init__(self, inc, outc, num_param, stride=1, bias=None):
super(AKConv, self).__init_Q)
self.num_param = num_param
self.stride = stride
self.conv = nn.Sequential(nn.Conv2d(inc, outc, kernel_size=(num_param,
1), stride=(num_param, 1), bias=bias),
nn.BatchNorm2d(outc),
nn.SiLU()) # the conv adds the BN and SiLU to
compare original Conv in YOLOVS.
self.p_conv = nn.Conv2d(inc, 2 * num_param, kernel_size=3, padding=1,
stride=stride)
nn.init.constant_(self.p_conv.weight, 0)
self.p_conv.register_full_backward_hook(self._set_1r)

@staticmethod

def _set_Tr(module, grad_input, grad_output):
grad_input = (grad_input[i] * 0.1 for i in range(len(grad_input)))
grad_output = (grad_output[i] * 0.1 for i in range(len(grad_output)))

def forward(self, x):
# N is num_param.
offset = self.p_conv(x)
dtype = offset.data.type()


af://n1034
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N = offset.size(l) // 2
# (b, 2N, h, w)
p = self._get_p(offset, dtype)

# (b, h, w, 2N)

p = p.contiguous() .permute(0, 2, 3, 1)
g_1t = p.detach().floor()

g_rb = g_1t + 1

g_1t = torch.cat([torch.clamp(g_1t[..., :N], 0, x.size(2) - 1),
torch.clamp(qg_1t[..., N:], 0, x.size(3) - 1],
dim=-1).7long()
g_rb = torch.cat([torch.clamp(g_rb[..., :N], 0, x.size(2) - 1),
torch.clamp(g_rb[..., N:], 0, x.size(3) - 1],
dim=-1).1long()
g_1lb = torch.cat([g_1t[..., :N], g_rb[..., N:1], dim=-1)
g_rt = torch.cat([g_rb[..., :N], gq_T1t[..., N:1], dim=-1)
# clip p
p = torch.cat([torch.clamp(p[..., :N], 0, x.size(2) - 1),
torch.clamp(p[..., N:1, 0, x.size(3) - 1], dim=-1)

# bilinear kernel (b, h, w, N)

g1t = (1 + (g_1t[..., :N].type_as(p) - p[..., :NI)) * (1 + (q_Tt[...,
N:].type_as(p) - p[..., N:1))

g_rb = (1 - (g_rb[..., :N].type_as(p) - p[..., :NI)) * (1 - (q_rb[...,
N:].type_as(p) - p[..., N:1))

g_1b = (1 + (g_1b[..., :N].type_as(p) - p[..., :NI)) * (1 - (q_Tb[...,
N:].type_as(p) - p[..., N:1))

grt = (1 - (g_rt[..., :N].type_as(p) - p[..., :NID)D) * (1 + (g_rt[...,
N:].type_as(p) - p[..., N:1))

# resampling the features based on the modified coordinates.
x_g_1t = self._get_x_q(x, gq_1t, N)
X_g_rb = self._get_x_q(x, g_rb, N)
x_q_1b = self._get_x_q(x, q_lb, N)
X_g_rt = self._get_x_q(x, g_rt, N)

# bilinear

x_offset = g_lt.unsqueeze(dim=1) * x_q_1t + \
g_rb.unsqueeze(dim=1) * x_qg_rb + \
g_1lb.unsqueeze(dim=1) * x_q_lb + \
g_rt.unsqueeze(dim=1) * x_qg_rt

x_offset = self._reshape_x_offset(x_offset, self.num_param)
out = self.conv(x_offset)

return out

# generating the inital sampled shapes for the AKConv with different sizes.
def _get_p_n(self, N, dtype):

base_int = round(math.sqrt(self.num_param))

row_number = self.num_param // base_int

mod_number = self.num_param % base_int

p_n_x, p_n_y = torch.meshgrid(



torch.arange(0, row_number),

torch.arange(0, base_int), indexing='xy')

p_n_x = torch.flatten(p_n_x)
p_n_y = torch.flatten(p_n_y)
if mod_number > 0:

mod_p_n_x, mod_p_n_y = torch.meshgrid(

torch.arange(row_number, row_number + 1),

torch.arange(0, mod_number),

mod_p_n_x

indexing="xy")

torch.flatten(mod_p_n_x)

mod_p_n_y = torch.flatten(mod_p_n_y)

p_n_x, p_n_y = torch.cat((p_n_x, mod_p_n_x)), torch.cat((p_n_y,

mod_p_n_y))
p_n = torch.cat([p_n_x, p_n_y], 0)
p_n = p_n.view(l, 2 * N, 1, 1).type(dtype)

return p_n

# no zero-padding

def

def

def

_get_p_0(self, h, w, N, dtype):

p_0_x, p_O_y = torch.meshgrid(
torch.arange(0, h * self.stride,
torch.arange(0, w * self.stride,

p_0_x = torch.flatten(p_0_x).view(1,
p_0_y = torch.flatten(p_O_y).view(1,

self.stride),
self.stride), indexing="xy')

1, h, w).repeat(l, N, 1, 1)
1, h, w).repeat(l, N, 1, 1)

p_0 = torch.cat([p_0_x, p_O_y], 1).type(dtype)

return p_0

_get_p(self, offset, dtype):

N, h, w = offset.size(l) // 2, offset.size(2), offset.size(3)

# (1, 2N, 1, 1)

p_n = self._get_p_n(N, dtype)

# (1, 2N, h, w)

p_0 = self._get_p_0Ch, w, N, dtype)
p=p_0 + p_n + offset

return p

_get_x_q(self, x, g, N):

b, h, w, _ = qg.size()

padded_w = x.size(3)

c = x.size(1)

# (b, c, h*w)

x = x.contiguous().view(b, c, -1)

# (b, h, w, N)

index = gq[..., :N] * padded_w + q[...

# (b, c, h*w*N)

, N:1 # offset_x*w + offset_y

index = index.contiguous() .unsqueeze(dim=1).expand(-1, c, -1, -1,
-1).contiguous() .view(b, c, -1)

# RSB O B

index = index.clamp(min=0, max=x.shape[-1] - 1)



x_offset = x.gather(dim=-1, index=index).contiguous().view(b, c, h, w,

N

return x_offset

# Stacking resampled features in the row direction.
@staticmethod
def _reshape_x_offset(x_offset, num_param):
b, ¢, h, w, n = x_offset.size()
# using Conv3d
# x_offset = x_offset.permute(0,1,4,2,3), then Conv3d(c,c_out,
kernel_size =(num_param,1,1),stride=(num_param,1,1),bias= False)
# using 1 x 1 Conv
# x_offset = x_offset.permute(0,1,4,2,3), then,
x_offset.view(b,cxnum_param,h,w) finally, Conv2d(cxnum_param,c_out, kernel_size
=1,stride=1,bias= False)
# using the column conv as follow, then, Conv2d(inc, outc, kernel_size=
(num_param, 1), stride=(num_param, 1), bias=bias)

x_offset = rearrange(x_offset, 'b chwn ->b c (hn) w")
return x_offset

if _name__ == "_main__":
a = torch.ones(3, 32, 20, 20) #4NbaEHLE
b = AkConv(32,32,64) #5:Hik
c = b(a)

print(c.size())

50, CCNet

183 {CCNet: Criss-Cross Attention for Semantic Segmentation))

1. {ER

CCNetSEBI—MFFAMENIE NI, MERER ETXER, LURESEN S ENESAIMRE. 1M
HEIFAKFEESEN L TYER, SEBaRutEEE MEEIUHERT.

2,

1. EREEINH:

CCNetBITHAIFHIEINERE IS (Criss-Cross Attention) , TEEMERMIE LRERBE/KFEM
FEERR FEGEN LT ER. XMEISFEMEENERE TN EMEGEESTZEI LT
X, HRAHBIER TR ER<AYEE

2. fEIRIR(E:

AT BRI E TSR, CONetSEIRNERIHINAZIR, BTIESTURRERERT
2B ETXIER.


af://n1047
af://n1049
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3. RIS
1. R

SEGHIRBEEERSTVBAER L T XERIIMSHEL, CCNetBTEENERIHHIAIRRFE T
HESRENANTER.

. HEBEMRNS:

CCNetBEBASMEIENIHAISERRN A RIS B SRR ST ARRIMRE, FRIRERRTSANEN
DENES,

3. Ri&fME:

CCNetBIIRTH RTFRIAM R Z A R STRRE MRS, JIRFHNESHY_E NS RAIRE IR T —FF
BUFE.

4, 189

import torch
import torch.nn as nn
import torch.nn.functional as F

# 8 SRR AT S5 ORI AR R, T R AL o B A
def INF(B, H, W):

return -torch.diag(torch.tensor(float("inf")).cuda() .repeat(H),
0) .unsqueeze(0) .repeat(B * w, 1, 1)

# 8 ST E IR
class CrissCrossAttention(nn.Module):
def _init__(self, in_channels):
super(CrissCrossAttention, self).__init_(Q)
self.in_channels = in_channels# % \ifit%
self.channels = in_channels // 8# #iJkffimiEsy, vl N@EiE%I1/8
# EX=AIxIERZH T4 query. keyfilvalue
self.ConvQuery = nn.Conv2d(self.in_channels, self.channels,
kernel_size=1)
self.Convkey = nn.cConv2d(self.in_channels, self.channels, kernel_size=1)
self.Convvalue = nn.Conv2d(self.in_channels, self.in_channels,
kernel_size=1)

self.softMax = nn.Softmax(dim=3)# & X —/softmax/Z, JHFil&EEE HiE

self.INF = INF # 5|HZaiE XAIINFREEL

self.gamma = nn.Parameter(torch.zeros(1)) # & — /%> Z4%gamma, HTiH71E
swalia)-Al|

def forward(self, x):
b, _, h, w=x.size(

# ‘Equery
query = self.ConvQuery(x)


af://n1058
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query_H = query.permute(0, 3, 1, 2).contiguous().view(b * w, -1,
h) .permute(0, 2, 1)

query_W = query.permute(0, 2, 1, 3).contiguous().view(b * h, -1,
w) .permute(0, 2, 1)

# ‘Erlikey
key = self.cConvKey(x)

key_H key.permute(0, 3, 1, 2).contiguous().view(b * w, -1, h)

key_w = key.permute(0, 2, 1, 3).contiguous().view(b * h, -1, w)

# “tvalue
value = self.cConvvalue(x)

value_H = value.permute(0, 3, 1, 2).contiguous().view(b * w, -1, h)

value_w value.permute(0, 2, 1, 3).contiguous().view(b * h, -1, w)

# TFEKCEAI I B 5 W VR R 4, RN IS KIS
energy_H = (torch.bmm(query_H, key_H) + self.INF(b, h, w)).view(b, w, h,
h) .permute(0, 2, 1, 3)

energy_W = torch.bmm(query_w, key_w).view(b, h, w, w)
# BIKCFRTEE 7 R 1504 IFiEd softmax)3—1b

concate = self.softMax(torch.cat([energy_H, energy_w], 3))
# BRI E G W VRS T, RN HBlvalue &

attention_H = concate[:, :, :, O:h].permute(0, 2, 1,
3).contiguous().view(b * w, h, h)
attention_W = concate[:, :, :, h:h + w].contiguous().view(b * h, w, w)

# WIER I EIIR vaTue, FRR /KRR B [ (1) 45 S AH

out_H = torch.bmm(value_H, attention_H.permute(0, 2, 1)).view(b, w, -1,
h) .permute(0, 2, 3, 1)

out_W = torch.bmm(value_w, attention_Ww.permute(0, 2, 1)).view(b, h, -1,
w) .permute(0, 2, 1, 3)

return self.gamma * (out_H + out_Ww) + X

if _name__ == "_main__":
model = CrissCrossAttention(512)# SLHlfbmy, (B &4 N\ i8iE 5512
x = torch.randn(2, 512, 28, 28)# AM—/FEHLMHNTKE, BRN[2, 512, 28, 28]
model.cuda() # HHEFLEIGPU -
out = model(x.cuda())
print(out.shape)
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