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Abstract: To solve the problem that the mainstream network based on Transformer only does self-attention com-
putation on the input pixel blocks and ignores the information interaction between different pixel blocks, as well as the
blurring of local feature details due to a single input scale, a backbone network based on Transformer and used for pro-
cessing vision tasks is proposed called ConvFormer. ConvFormer aggregates the semantic information between multi-
scale pixel blocks through the designed channel-shuffle and multi-scale attention (CSMS) and dynamic relative position
coding (DRPC) modules, as well as introduces deep convolution in the feedforward network to improve the local model-
ing capability of the network. In the image classification, target detection, and semantic segmentation experiments on
public datasets ImageNet-1K, COCO 2017, and ADE20K, ConvFormer-Tiny compares with the optimal networks of the
same magnitude RetNetY-4G, Swin-Tiny, and ResNet50 in different vision tasks, the accuracy is improved by 0.3%,
1.4%, and 0.5%.
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I 10001251 9 128 73 3k I 25 151 )7 A1 5 7 5K 36k 4]
AL AR ZRAE EVNGRAEERL, I 56 uk A 00 30y 44 56
— Y 28 51 5 5 B 25 SR AR AT (4 HE B 3 (Top-1 accuracy,
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Top-1). YR £ 1727 2] F 5 0.001 FFAEH] T 3298
FUFE K 0.05 A T AL 25 Adam W™ H 3h i &
0.9, FHE 3 5 Ty ok FH REAILAR BY | B AL B0 R bR 2
S, 1E Ak 79 2K FH Cutmix Al Mixup[m. BT A AR
#AE 4 7k NVIDIA Tesla V100 & | L 128 4t &
(batch-size) M3k FF @R Y1 25 300 %2 UK (epoch) , T A K
AR BT RSt — B 224x224 15 Z ATV ZR AL .

G 53 A S50 25 2R 4 3% 3 FiR |, ConvFormer 32 HHAl
PRI RE A . 55 [R] B 9% Top-1 45 B fic o 1Y X 256 %) L

ConvFormer-Tiny, ConvFormer-Medium H1 ConvFormer-

Base FE#¢ RegNetY-4G, CAT-S Fll Swin-S SR AR
34.3%,34.9% F114.4% WIFTHRE T KSR 0.3%,0.4% FI
0.3%, % F T ConvFormer {E Ayl FHALSE = TR 1 7 .

—J7 I, 2 RBEIRUE A TE & S CSMS FE Je i HAAth
PONEACE 2R S O RERE = WAL SIS BUE AN oy v
WIETRVEALH , B B2 R R MR 1R U
LA S 00 248 R I B AR R ) L (AR R A Y T R 4%
AR R SR IBCRE ), T 23 NG sy s ) — T
[RSCEURON=RE=WAk: 8°:37 J-DO M DA LTy 8- ail]
5 D0 2% 1 1T AL R AT, 15 19X 26 S 500 IR T At R 245

R3 BEBRSEIBERE

FT M Eel IHRR/G Top-1/% SR ik
R18Y 11.7 1.8 68.5 CVPR 2016 CNN
DeiT-T!"® 5.7 1.3 72.2 ICMR 2021 Transformer
pvT-T" 13.2 1.9 75.1 ICCV 2021 Transformer
CeiT-T* 6.4 1.4 76.4 ICCV 2021 Transformer
DPT-T 15.2 2.1 77.4 ACM 2021 Transformer
RegNetY-4G" 21.0 4.0 80.0 CVPR 2020 CNN
ConvFormer-Tiny 13.8 1.8 80.3(+0.3) — Transformer
ResNeXt-50") 25.0 4.3 77.9 CVPR 2017 CNN
R501 25.6 4.1 78.5 CVPR 2016 CNN
pvT-s!"” 24.5 3.8 79.8 ICCV 2021 Transformer
DeiT-s!"¥ 22.1 4.6 79.9 ICMR 2021 Transformer
DPT-SP! 26.4 4.0 81.0 ACM 2021 Transformer
TNT-S2" 24.0 5.2 81.3 NIPS 2021 Transformer
Swin-T"¢! 29.0 4.5 81.3 ICCV 2021 Transformer
CrossViT-15"" 27.0 5.8 81.5 ICCV 2021 Transformer
RegNetY-8G™ 39.0 8.0 81.7 CVPR 2020 CNN
CAT-S"™ 37.0 5.9 81.7 ICME 2022 Transformer
ConvFormer-Medium 24.1 3.9 82.1(+0.4) — Transformer
ResNeXt-101% 44.0 8.0 78.7 CVPR 2017 CNN
R101% 44.7 7.9 79.8 CVPR 2016 CNN
pvT-M"7" 44.2 6.7 81.2 ICCV 2021 Transformer
PVT-11"7 61.4 9.8 81.7 ICCV 2021 Transformer
DeiT-B" 86.6 17.5 81.8 ICMR 2021 Transformer
DPT-M™ 46.1 6.9 81.9 ACM 2021 Transformer
CrossViT-18"" 44.0 9.0 82.5 ICCV 2021 Transformer
CeiT-B™ 94.4 17.6 82.5 ICCV 2021 Transformer
CAT-B" 52.0 8.9 82.8 ICME 2022 Transformer
TNT-B2 66.0 14.1 82.8 NIPS 2021 Transformer
RegNetY-16G"™! 84.0 16.0 82.9 CVPR 2020 CNN
Swin-S"® 50.0 8.7 83.0 ICCV 2021 Transformer
ConvFormer-Base 42.8 6.2 83.3(+0.3) — Transformer
Kl 6(a) K 6(b) h & BAEANFSE ST A ET LA RO

Y Top-1 K I 45 44 1, DRI HmT DUSE BB H [R]
SRR A SCHE Y IR ConvFormer 42 TG T~ HoAth %
el | 15 6(c) B ConvFormer Y Zhita 55 HI% A

WSS B TR AR T 2 R e e —
JZ2 A AR R i AR B0 AT o0 Mg )R A
BRI R /MBS [ 3 R BT AL P e 7 B
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o1 W W Z%:ConvFormer: 3T Transformer A 058 32 1 % 2% 53
85 85 85
428,833 : s
24.1,82.1 Jogan 62833
83 83 83
138,803 18,803 201,833
81
—e—ResNet 8l —e—ResNet 81 299, 82.08
—e—DeiT 7 —=DeiT 79
—PVT = p
= —ePvr < 287,8033
*—Swin =17 Sw w77
—e—RegNetY = —e—RegNetY =
L 3
—e—CAT e ~e-CAT &7
—eDPT ‘; e [ —e—ConvFormer-Tiny
—eCeiT = 73 s 5 73 —e—ConvFormer-Medium
i & ——Conv] -Bas
o RENEXE Co e g ConvFormer-Base
——TNT —TNT
69 ——CrossViT 69 ——CrossViT 69
~e—ConvFormer(Ours) —e—ConyFormer(Ours)
1 67
65 65 65
0 10 20 30 40 50 60 70 80 % 100 0 2 6 8 10 12 14 16 18 20 0 100 200 300

B 24 /M

(o) BEBIS K

BRI 58G

(b) FEBUTHET 4

I REE R/

(ORIER

Ko Semnaiiirels

3N E K /INE) ConvFormer 15 Y 357 68 45 i b 4t 12 40 1
142 )R {5 2. . ConvFormer-Base [N B2 | A 11
BYENEZ ) 2 ARG BRI E , BHA
TR 15 R T MITORS o b e O R P B F

ConvFormer-Base ConvFormer-Medium ConvFormer-Tiny

4.2 BFR&EN

ARSI S 36 18 FH 9 COCO 2017 X4l 4540 5 11.8
Tk .5 Tk IRk A A 4.1 7 skl A .
RITE YR R b4 b AT Y 2R A 2, I 2E D4R
R S Y98 BE (Mean Average Precision, MAP). 72X

SCAE b EAS U 28 Mask R-CNN''Fl RetinaNet ! I 34t
EF R4 . IR A 417157 TmageNet R 432552
WA B I A AT G Ak T R 4%, IE R FH Xavier #14R
A6 397 U5 0 ) P 2% )22 . A5 %4 Batch-Size 1 8l 2, 16 4 5K
NVIDIA Tesla V100 i Y114k 124> epoch, I FIHAL
R 0.05 IPLALER AdamW , IPKERIIR2: ) 361524 0.000 1,
YILRAIMCRY & R RSTBCE A 1300 pixelx800 pixel.

H ARSI S 060 25 AN e 4 M 5 s . 5 mRgoks
JE fe e N 45 5 EL L A6 COCO L ARKS I 52 56 v, A SCRTF %
T A A 7Y ConvFormer-Tiny TF Mask-RCNN 3411 & 1 43¢
Swin-T S50 K 27.9% R4 T, 3585 B MAP 2 5
1.4% , H i (& F #E BEAERT 63.5 ms, #¢ ResNet50 Ji /)
9.7 ms; 7€ RetinaNet P1- fit 5 1t # PVT-S Z: 5§ 2 % 1%
30.7% R T, FH0H FE MAP 42 55 0.4%, HL 8 il A #E
FEFERT 49.1 ms, B ResNet50 /) 6.8 ms. X 15 B 2 C iy
2 D00 2 il i SR PR SR R S R AR R 1 [
Pt v o DR 2 B HE AR

*4 Mask R-CNNEE T BirteiNLIe £ RE

BN e S FTM% ZHEM | mAPY% | APY/% | APL/% | mAP"/% | AP%/% | AP%/% | #ESE/ms
ResNet50™ 44 38.0 58.6 414 34.4 55.1 36.7 73.2
pVT-st! 44 40.4 62.9 43.8 37.8 60.1 40.3 81.4
Mask R-CNN 5
CAT-S"" 57 41.6 65.1 45.4 38.6 62.2 41.0 87.6
Ixschedule
Swin-T"% 48 422 64.6 46.2 39.1 61.6 42.0 83.1
ConvFormer-Tiny 34.6 43.6(+1.4) 64.8 47.9 39.6 61.9 424 63.5(-9.7)
&5 RetinaNet BT BEMLINERR
LBy i FET ML SHUEM | mAP% | APY/% | APY/% | mAPyJ% | mAP,/% | mAP,/% | ¥/ ms
ResNet50™ 37.7 36.3 55.3 38.6 19.3 40.0 48.8 55.9
ResNet101" 57 38.5 57.8 412 21.4 42.6 51.1 69.2
RetinaNet
CAT-S"” 47 40.1 61.0 42.6 24.9 43.6 52.8 82.4
1xschedule
pPVT-S"7 34.2 40.4 61.3 43.0 25.0 42.9 55.7 76.9
ConvFormer-Tiny 23.7 40.8(+0.4) 60.3 43.9 26.0 44.8 53.3 49.1(-6.8)

€l 8 & PVT-Small fI4 3 ConvFormer-Tiny 7£ B L Hk
e 215 T B COCO 2017 di 48 &1 Fr H AL R BE
RetinaNet | B4 H #5400 %F H 18] . ConvFormer 3 PVT H

BUTAS: RS S T ARG A R B TEARG, Ui CSMS [ 7
IR BB A v IR B R ) , EL7E R 15t 9 4%
G AL 25 RELR B F AR A AL RAAIE , [R] I 2
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B DRPC AR BB X AR 28 B = S i - AR v aff 1) 45
EE BRI E 3T 28 PERE . R ConvFormer X5
ZRINIE T 1 H AR AN T AT H A S AR R R B S 4y

HEHE

C i
E8  COCO 2017 $dEsE 75 H ARG

R Tk M R AR & 22 3 50T iz Ak RE
F A& 9 fir R i 5 42 E70 B #5800 Tk AHAL GIGE
Camera SR 42 2] (1 £ el $icd & 5 AT I, A LA Reeti-
naNet A FEHE ConvFormer-Tiny H o R T A 750 X6t A A
& A TR 3

R A 10 s . TEie AT A I AR iR

< LESIFIEEN
] #H.HF
r,,, 2 il -
RS AN
N
LY SIT PN
BRI

YN ]

Ko SBAT-H

8, ConvFormer Y BEAERARIN 2 My (A4S 8T , 2 IR B
—EZ AT AR AR R e s T R B AR

* i v
— = <
F E o
*®
e -

K10 A bel B 5 F ArAssi

4.3 BEXDE

T A3 ) S fd P A9 ADE20K 344 42 405 ok A
15018 SRS 2 05 N ZRIE .2 Tk gk 1 i3
Tk . BEARLLE VI ZREE P B E4E b E AT Y 250
JE 2 78 AR b 03X JE T S A T 1 P A~ SR 1
I Z [t (Mean Intersection over Union, MIoU).
[ 7 TmageNet b I 2545 2] 9 ACE R i 1L £+
W &4 It F H Xavier #) 16 A6 5 45 0 (4 99 2% )22, ff H
MMSegmentation'“ H1 ) FPN'* 6 45 1 Ay 3L Rl HE 48 | fs
Batch-Size % ' 4 4, 7 4 5Kk NVIDIA Tesla V100 & & I+
AR 80K YK . X F FPN Al FH#) 2 2] %4 0.000 1 HAY
FEEW A 0.9 19 AdamW AL AL AR | i AR i B oy 512x
512. 2K JHl MMSegmentation 3K A A4 5040 184 58 7 32, B
X R BERILKT-BHES  BEALZE ORI BRI H

T Sy B SLIe 25 AN 6 Ff R . LLFPN Ry JEfiEnt
ConvFormer-Tiny ¢ CAT-T, PVT-T Fll ResNet50 [ MIoU
Hh BE R AR 43 I $2 55 1.3% , 0.6% 1 0.5% ; B 1] 4 34
FEMT 37.5 ms, 8 CAT-T /> 8.2 ms.

Ro ENFEZBERE

ST ERELES E MIoU/% L /ms
CAT-T" 17.3 35.9 45.7
PVT-T!'" 17.9 36.6 46.1
Semantic FPN
ResNet50™ 29 36.7 45.8
ConvFormer-Tiny 18.3 37.2(+0.5) 37.5(-8.2)

11 97 ADE20K 4 4 h ML Bk BE R I 7 T
PVT-Small Fl ConvFormer-Tiny LA FPN 1 > 55 4 (38 X
SRS H . ConvFormer X K H AR ¥ A Ab 34 ) 58
ST XN BRI AR IRAS IR KA R T /N . R CSMS 5
Heg| A& RBEGE B, BT LA HoAh 9 2% g A 350 R 3R
EINEASE

N —H 55 E ConvFormer 73 58 1 W3z Akt , 1
FARE e B e e A T8 S EI . Ak R 12
JIi 7 . ConvFormer BE HE A 43 #1147 A S 245 95 A /) R

FE R WA, BB CSMS B 3 & A e g IR i 3K B AR
AELARL BE AN AR AR . PRI , ConvFormer BE HER X & 4%
W 2 YR TR R R ).
4.4 HEAZIW

R 86 UE 3 1 9 4% ConvFormer £ B H 1 A7 & ME , A
SCHET ConvFormer-Tiny Wit T AN F M AL S . I
B s SRR S IR — 3K

(1) CSMS [ 1 & iAoy i 4 A B M A5 45 i
I 22 R 3R 4 8 (Channel-Shuffle attention, CS) F1iH
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T s

——t

11 ADE20K ¥ 85 518 S 43#)

12 b Bl it o3

TE IR %k (Multi-Scale attention, MS)FE e . Fif Z BUE 434>
W B i 2 RO A ATER 3 o 2 MR R B2 5 X i
R MG TE TR Y . AN 7 P, SEgoRS B PR AR 1.5%, 16
W 22 RUBE i AR G AR R B ) RUEE TR AR B )
RENNABRARETE . |58 AR 2 R R B ZBOH
HEELOT 380 T TR O , S 000 B AR 0.7% , R WK T 223
IR VERAERE A AR R P A {5 B AC ., M4 &
BEAYK B 26 5L R

(2)¥% DRPC 357 G i AT ST 15t 19 46 FEN 5
2 PVT rf i 4 X7 8 gt o7 =X S i it i 46 =X
TR, B RBER0.6% , Wil | A SCIr i 1+ i) 4w i 7
e o B AR R I B IE B A RO G R SR fibh
1 00 57 2 A B A5 2., DT 348 5 D) 286 1 4 B 8 A
DA K AT D 246 v SR 5 A FEURH 28 X 45 R N T Jm) A8 AR
R R

#7 ETF ConvFormer-Tiny BB S L HREWERE

Z R RGHY | BRI | S0 E gD | Top-1/%
N N N 80.3
N N 79.7
N N 78.8
N N 79.6

AP Rl S 96 1) 3 RISE 28 53 531 Jon 2 )1 45 3]
19 R L S AR Ak R 22 RUBE TRT A, AT RetinaNet A6 Sk
K 28 4 A B 1 B R AT 0 28 T - e S [ D [0 74 3]
Z ROZR BARRY T .k 13 fes 36 R R
B A o B R G 3 s L 1 13 () S DL AR BT s [
13 () R IAS SR it i A TR ) AL B 2 AR
K13 (d) i THUH 1 2 RO FEARBEZ RO A AR
S 73 TR AN b i 03 1 i HLURL B A AR JEE Ry

1iE 5 13 (e ) FET 13 (o) 531 Sy BT 380 3 18 5 45 11 A1 3l
AL E 2 A DRPC BN L R T BT, P T 2 W A
Al 5 2R P 2 8]k = A5 B A2 B 25 0 26 L H- e Fe
JEE T SCF A

(¢) MS+DRPC

(d) CS+DRPC

P13 JH RS A 5]

5 Z5FiE

ARSCHR T —FPFE T Transformer B L5 1 P 4%
ConvFormer, % [ 3] 323 Transformer 3= W45 ZA0L T A
)5 3R P i) 15 B S8 EL LA Kt /D g AR R S22 RUE TR X
FEOERY IR AT, B3t 1 CSMS | B B . it 2 Rz
eI £ DL S B R DR A AMAAE A [AAR 28 Bl
AT AR I ELAR S T 2R R A A A 22 RUBE H AR i X
7R RE T s BT DPRC Sh 2507 B G i A 4 X060 67 1
T, 3 2o R 5 A8 Sl A L BB AR 1 K 2 A ABE B ) O
AT LAl 25 3 0 i A PR R0 5 38 e 7 i 45 ) 285 v AR
B A5 TRV 25 190 248 Joy F8 S A 114 1 3ok = T R &1 A0 R B2
TR AR SO R AR AE A FF A 4R ImageNet-
1K, COCO 2017 # ADE20K =43 5l E47 B8 5525 L H b
K AN oy ESE 8 . 4538 8K, ConvFormer VN 1
W 2% 75 22 TR 58 AT 55 v S 000 T HAB X B ) [] 2 25 0
26 AR SCRERIE Sy 321 N 268 BE AT R0 34 A L AT 55
IEA BTN SEAT 55 38 H 32 T . Ak,
QAT 5| A % 2800 o458 R Bk 1A 0 H bR RAE D gk
B ) 2L B0 SUE B BIR , IFREARAE AL I ki (1
ZRHURNE P RN GG et DTN — 2P 4 e
RIVERE B2 2B TR SL T 9E 07 1n)

S Sk
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