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Abstract

Point cloud classification, as a core task in the field of 3D vision, is faced with the dual challenges of
limited feature expressiveness and insufficient handling of alignment invariance. Aiming at the
problem that traditional multilayer perceptron (MLP)-based networks can hardly effectively cap-
ture global features and dynamically aggregate local information, this paper proposes a dual-
stream augmented point cloud classification network based on Mamba and cyclic max-pooling. First,
the original point cloud is serialized and modeled by introducing the Mamba module, and its long-
range dependency capture ability is used to extract global features with strong discriminative prop-
erties; second, the Recurrent Maximum Pooling (RMP) module is added to explicitly extract the
point cloud arrangement-invariant features through multi-level iterative pooling operations, and
combined with the recurrent mechanism to achieve dynamic enhancement and contextual fusion of
local features. In the dual-stream architecture, global features and local features are adaptively
weighted and input into the MLP classification header to complete the higher-order semantic infer-
ence. Experiments on ModelNet40 and ScanObjectNN benchmark datasets show that the classifica-
tion accuracy of this paper’s method reaches 93.9% and 86.8%, respectively, both of which are
higher than the state-of-the-art classification methods. The ablation experiments further validate
the global modeling capability of Mamba with the robustness enhancement effect of the RMP mod-
ule on disordered point clouds.
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FRJERRERAT E— A0 B, BT = R B R R

2) B 5N M (RMP) B, 5 & 04T max-pooling #1E LA EEHEFIAARRHE, S8 5 A 3
TRLGRFAE R it MR SR AR R (P e

2. xR

14t i = 7 RTT R E BB T F LRE RO S & gllas 2 S 5k, MR ORISR is Ay
KRBT =B B BARILSRTEAE R E 5 PRI A Rk, (H i TR TR %E, XECUie =
AU S SERZE UE R, AR BT A R I SR o IR SRR I SIN TR T AR G710 )=
BRYE, T TR B KITEN A=K BT ARBSRI I RTTE. BRGS0
TTE AR S & Ry BRI S B AR 1) 7 K07 ik

21 RETREAR

=W R SEHRLA(X, y, D) AAR N EERER AL LS S, W AN NE LY SRR IR IE . ARG TS
FAOBT TBH I GETHRAE, R 70 R 58 A4 BAT AN LI W AERFAE A MERFIE PR . T R B 1
TEFPERFAL,  WIFTCE B A U SEUA P I e, (BRI B R AN 2 A . SR b B Ty
PR A AR 152 4 g ) = 2 A 3% WA S5 2 CNIN [7]EATRFAE BRI o 127V THI G F 53 2 0 JEE e (1
RO ST I R) B AR B A A D Bk, BB R A BRAUA TSR, (EHE DRI RIS A5 25 Ak
BFK. 53—7J7i% Multiview CNN [81:2 45 =4E il Z B2 A Z AL 2D R JE M 2D CNN A2 %757k
FEFRDRAESS PRI, (HZIRT B RE T R UAE B BUL, £ RERAMES PR ZIR
UEAk, P ) B T i T LR s S HONRFIE B R4 A DNN [9]#E4T 7338 BARTRIL 1 Bt AL 2E
Wike, (HRZMRTHRE CRERRIERE ST, MELUEN B3 /K.
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RWPETAE: PointNet [3]E RSEHL 1 Rl s = (i Bl AL, FAZO 2R 5 = MEIHTIREL: XAReR
H(Maxpooling) FRilE B He AR L (175 AL A 2 SRTHRAE S (B0 55« 2 R BRI LSEURAIEh 5o e 8Eeait i
PointNet++ [41E 1L 73 JZRAEAN k I SRHEMN R AT B, 38 AN PointNet [3]SKEL2 JRRHIES . #&
Wit fE: PointMLP [10]/ECRFFAKIEBALHIFEAN I, 51 NFRIE MLP BN L7 5 A8 e, AEAHE R 5 Ry
MU FRIK BE 7 18] UG 217« ISR 0 e 1 Bl e ot R AE B BUK, (BRI AL BSR4 T

2.3. REFHERIEAR

T I S R T E AR PSR A ¥, B ik R BRI E . BRI
U =AN @S, PointConv [111i831 £ 2 BAIHLMLP)Zh A S S F U, HE % R BE A=
FIFAERIIN A% ()50, B IRTT T R B AE AR 6E 17 . BSC-Net [12]32 HH —#kHI i B A B AL 77 %, @it
TR MBI TR IR E A R 2, FEAI T E A LRSI R 48 /N T A A P28 5 S B X 2% (1 PR Re 2 8
BT B 758 M g 2 A B S BLAR IR AR SR A . Wang 55 A [13]42 tH 56 T BR AL bR 2 1) B A5 X 45
(GCN), I Z 25 Ak v B X 28 T et 1 B A0 Ak, A BRI T BB RIS e () B 1« 127 s B R
AR BERAAR R, AL T BRI R TR AR . TR UL B A PR B R OB RE S
I, PCT [14]K FH izt rii R AE SRS AL Joy 3B X 3, J sk 480 X 28 4t 3K 22 2 R LA 4RFAIE « LGR-Net [15] 1211 XX
I35 MLP VERE IR, flé 4 RGN AR REIE S R0 ) U e AR ARAE, SEIL B AMERHIESS 58 . 1tk
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Figure 1. Overview of the DMR model
& 1. DMR 8T

3.2. $FHERE——Mamba &3k

FER T IAES, B AVERE R AR TR AL UM AL BRI A RcdE - 3R T — 45 & Mamba FEHLA
Z FIRFIHU(MLP) ALK, DARFF S M HEmfPE . Mamba [17]/2 —FhsE ToRA 2 ALY (SSM) I 4244,
HA LN (8] S A58 R 2 R RE ). SR T R L, Mamba 7E4C B RE RS ZR N
KU Hafant . HEIHEIC, RE A Ruliie a8 2 RRHIE. ARdETEE R, M E %
#:3d Layer Normalization (LN)BEATIH—4k, SRJEHE LR R (Linear) . BEJa, JEILIRE R 72 &G
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XHEEAS AT A R A AL A AN e i o [RIE, R Mamba SR 42 R R A E] MLP 1, BERS 780K
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Figure 2. Mamba module diagram
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(AL G KA TT E 25 75— L5 A A A5 B (RIS 38 DX A R B KRFAIE) 3K 5 JE AR S LA 0L 7T REX
RADRERAH Y. WA 3 Pox, AT BERESF A MERFEE, RA RMP [18]BHUE & 270 B N
JZ, MONHERE . R EHAT R AE IR, Z R R AT G A, AT ERIBCE 2 AR TRHEE R, N5
S EARAE T B IRAE, AT EETH 2 2R B . RMP REERGE It B th— > 43 IR 45 0 bR ORI 2% 1 it
AT, MRS T R SRHERI AR o 12450 B0 0] AR IR A

Lawe = lelHFI -F; "i 1)

Horh R FROREE VRRHEE S, Ry 2R BIRRE S B .

A IZA R L, R A RO E ZRIE R, IFRERIERIERE ). LG mo R LR
YRR e TRIALASAE, B T A FRHEZ B RI5C R . B MR A, RMP RERS A EE 02 (A A1 E il e
R ZREE, WSR2 AL BE 7T BT RMP AREEL R 1 58 2 (5 B ANA0TY, SR DAL TR F
B IVRFEEAT R 202K, AT $ i 70 S K HE R L A8 e

3.4 MEERY

T SEBUN s W HERR 7S, Pk R R A SURS R R AN L2 TE AL TR A R s, 30 2R BRI Ly 7E X
.
Liotar = Lee +4- Lo +algye 2

HoA RO FEfENEREE, HOR G AE DL R R 2 A — O, BORLRWCHZEAZ UL, S a5
e ELWE, 2N - o i, REM WS FBURIG, BRUREHIGE . a fE Ley, TURKIBEE S,
F T4 Ly 107 2R A S50 451 2R FP AR X B 4
A2 SR A A L A B RN AR A 5 SRR AT L I 22 5, IRBIRE I 2 S HD R E . e X
N
1NC
Lseg = _WZZYLC |Og( pi,c) (3)

i=lc=1

Horb: N AR REA SR (Batch Size), C FnJsH 5% (ModelNet40 ' C = 40C = 40, ShapeNetCore ' C

= 55)e{0, 1}yi, vy, 1 ce{0, IPFEAR i fEK ¢ ERIRSERREE, . :Softmax(zi,c):% TN
k=1

A —REE,  e%e S MLP &5 — 21 logits . 18 i S KA IERA I PR BB, I8 B R 71 4
HEZS ] HoB R R S RIRE A > B8, M T 2077 18 25 (MSE), 38 SUIRIXT b 25 e 75 FL AT B 5 I 28 0, (R HLAE 5T
TSR RO R

B AR AR A I 50 AR OO R A R AR P A RO (G L E), BIN L2 TE DA TR A B 2 H i N 44
ﬁi:

din doyt

L, = kZ:;"Wk "2 = ZZZW.Z i Q)

k=li=1 j=1

ok, K R BRI SRR, W, € RO Ay K ERURLESENE, ||, %7 Frobenius fi%L.
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4. SKEWERS5H
4.1 BREAIEMEIERR

ModelNet40 [19]€L % J& T 40 N5 9843 NI Zribi AL Al 2468 ANl CAD A . 4% fE+EX 1)
PRAESEE, i 1A B 2R R 2 (Acc) .

ScanObjectNN [20]& — /N T FL St S8R 1) 2 0 REER R . 2 HER A5 4 15,000 /524
PR, 8 15 29, 5 2902 AN SEB . BRI SR SRR 24, B TR TI
B SE R R PR . IhAh, EIRIRGE T AR AR AR . VR B I DL AE AR .

4.2. SLIRLETS

YRR E: £ ScanObjectNN ##i4E Al fEYIZd e+, batchsize v 24, epoch 24 300, #]

G242 %N 0.001. 7E ModelNet40 FE4E E(1)I1%, batchsize A 24, epoch A 300, #J4f2% 313K 0.001.

SIS EEIR B 55 UBUNTU 18.04, CUDA 11.3, pytorch 1.8.1 il python 3.8. H#{F3 it NVIDIA
GeForce GTX 3060 f1—~ Intel i7 CPU,

4.3. ScanObjectNN RYSEIS4ER

TEATTH, K45 ScanObjectNN #dfi4E etk kAT b g Ransk 1 fos, it 5485
FBTIHEAT R LG o 43 2KE P A8 v MRS B3 3 19 SR AIE A FL(Wn MLP 2 2R IR R &) SR B2 T+ 0 ke,
PointMLP. DensePoint %5t A RGBT B 1 F AT ICES S SR REIIR, bl 8%,

DMR Zr 5 S HRA T 25 B8 . 78 ScanObjectNN #di 5 F#EATIRAY, A 594 Accuracy A
86.7%, =T HIZeE k. A MUY PointNet++, BERUIRENE| T 5 2 MEEA T, IWI$EE T
B4y K45 R . PointMLP 1 DualMLP ff] Accuracy 43l 4 85.4 % + 0.3%71 86.4%. PointMLP J7 %45 &
T MLP ZER =t 2 ROERHERLE B8 1 KO p s AR CE T AR & RC, 7RI T TR 1
[FI B ST T 20 NG BEFIHER AR, BT A3 1 73 K45 5% . DualMLP REME 4T HL =y 280 AR B it 2 4
MERGEE, TERT S B AL RE R E e, DA BUF I e R .

Table 1. Classification results for the ScanOjectNN dataset
% 1. ScanOjectNN HIEER T XKER

Method Parameter Accuracy (%)

PointNet [3] - 63.0
PointNet++ [4] 1.4 M 77.9
SpiderCNN [21] - 68.2
PointCNN [6] - 78.1
DGCNN [5] - 78.1
DRNet [22] - 80.3
PRANEt [23] - 82.1
MVTN [24] - 82.8

PoiNtMLP [10] 12.6 M 85.4+0.3
DualMLP [25] 14.3 M 86.4
Our 151 M 86.7
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1E42 2 4341 7 DMR 5 DualMLP 7EAN[F] $ i SparseNet i A\ £ N HITERE, FK DenseNet i 5 %5 [
JEN 1024, ATLLEE], XFT 128 #1256, DMR AHX T DualMLP il 43 51 0.20%7F1 0.37%. 512 4™
AN SSRGS BN 0.25%. (R, TRATR IS5 /2, DMR fEA A mBUEHE GO T, o2t
B EE DualMLP 47,

Table 2. Comparison of DMR accuracy (%) with existing works

%% 2. DMR 5 G1ERERZE(%)HIELEL

Points DualMLP Our Improvement (%)
128 86.36 86.56 0.20
256 86.36 86.73 0.37
512 85.67 85.92 0.25

Table 3. Results of SparseNet and DenseNet on ScanOjectNN dataset with different number of points
52 3. TEIS#AY SparseNet 5 DenseNet 78 ScanOjectNN HiEsEfI4E R

SparseNet DenseNet Accuracy (%)
64 512 82.71
64 1024 84.32
64 2056 85.12
128 512 82.78
128 1024 85.39
128 2056 86.73
256 512 83.57
256 1024 84.93
256 2056 86.71

7f ScanOjectNN %45 4E I, @it 5 B A 550/ SparseNet 55 DenseNet, fHH 455817 3 frow, Al
DI ! DenseNet [ 5 2056 I}, B&% SparseNet fAAtftihn, 70 ZSaith B LTt

4.4. ModelNet40 iRIE 4R

N T BSUERE Y Rz A R ) AR SRR HE R BEVPAL, ZEATTH, 445 ModelNetd0 #dfls 4 I Je i 1 7510k
ITHARR . 3¢ 4 2gh TAFHI Input 7E1Z 5088 45 119532565 % Acc Al Parameter 15256045 5. Fds 4 il
el 4 Frow.

A 5 Mo S RIFAT XL, RIS SN A I 7 kA e LA SR ) SR 4 A R AR R
1 DensePoint. DGCNN 5584 AP DU ZR-IE ;s 1T 55 5 7540 PointNet RS 45 o itifk, 6]
BIRJRERIEAR . PointFeatNet 7£ 7 K% FEAN G sibG BRI T e i izl . 7 ModelNetd0 %ffs 4 kAT 7
fhif3 . J77H Accuracy 4 93.9%, = T2 1B SeidE T % . DualMLP ] Accuracy 4 93.7%, HAS#i T %
JEUFFESREL . SR I RFE LA B8 1A R AR LR PR BB RE /), AT DA BUUF 7 2R E5 3 IbAMALE LT
Transformer #1777, DMR WS /ELRIF4 R RE 1 RINE, 5t Tiat e, THE &

XSS A% 5 Fias, fE4 5 4041 7 DMR 5 DualMLP 7EAS A % fe SparseNet fi A\ s B 1 BE,
JfF DenseNet ) 3 [H €y 1024, FTLAE R, X7 128 1 256, DMR AHXf T DualMLP )kt 7 7
0.36%7#1 0.31%. 512 M\ s SEILI e S i fik, 4 0.19%. ik, FTLARHIZ 82, DMR 1E M=k
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ARBOEFE RO, 28R 45 R DualMLP 47

Table 4. Classification results for the ModelNet40 dataset

3% 4. ModelNet40 #IBERN D LER

Method Parameter Input Acc (%)
PointNet [3] - 1K 89.2
PointNet++ [4] 14M 1K 90.7
Improved PNet [26] - 1K 922
PointCNN [6] - 1K 92.5
PointConv [9] 18.6 M 1K 925
KPConv [27] 152 M 7K 92.9
DGCNN [5] - 1K 92.9
RS-CNN [28] - 1K 92.9
DensePoint [29] - 1K 93.2
PointASNL [30] - 1K 92.9
MLMSPT [31] - 1K 92.9
Point Transformer [16] - 1K 90.6
LGR-Net [15] - - 91.1
PointMixer [32] 39M - 914
Atten.EdgeConv [33] - 1k 915
PointMLP [10] 126 M 1K 94.5
PointMLP (Re.Imp.) 126 M 1K 92.9
DualMLP [25] 143 M 0.5 ki1 k 93.7
Ours 151 M 1K 93.9

Table 5. Comparison of DMR accuracy (%) with existing works
% 5. DMR S B {EmERHR (%) RILLE
Points DualMLP Our Improvement (%)

128 93.31 93.67 0.36
256 93.31 93.62 0.31
512 93.72 93.91 0.19

7t ModelNet40 $#E 4 I, @it ¥% B A 2801 SparseNet 5 DenseNet, 5 Hi 455414 6 fiar, w LA

% 1 DenseNet [l 5& 2056 I}, [ SparseNet s3trsahn, 2> 2ksHR i pr LT,

Table 6. Results of SparseNet and DenseNet on ModelNet40 dataset with different number of points

52 6. INES#H9 SparseNet 5 DenseNet £ ModelNet40 iR SEHIZE R

SparseNet DenseNet Accuracy (%)
64 512 82.71
64 1024 84.32
64 2056 85.12
128 512 82.78
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=
128 1024 85.39
128 2056 86.73
256 512 83.57
256 1024 84.93
256 2056 86.71

“'\m/

Figure 4. ModelNet40 dataset visualization
4, ModelNet40 HHEE ML

45. iHEEAR

Xt DMR ZEAT T — R AN A s g . frA R R A A8 Bt 48 Bt AT 2, IR SRR SR B AT Bk
AFRIEC BRI AR A 7 . #E72 7, J7ik a 3 DualMLP #)7p2RE45 58, J7i% b Z A Mamba
BERGEIEMMEE R, TiiE ¢ ZIIA RMP BEREE R, Tk d 245G MAmba Bt 5 RMP B[] 45
R

Table 7. Experimental results of different models
F 7. PEERIEER

Method Mamba 1 RMP ScanOjectNN [J Acc (%) ModelNet40 1] Acc (%)
a 86.36 93.72
b N 86.52 93.84
c N, 86.57 93.85
d N, N, 86.71 93.92

AN IR AL B ) SR ae g5 R 5 Fon, J7iE b B8R T SRINA R RE R IUE B RS ), ER AR SE
A SRR BT . J7iE ¢ il RMP AR BRI A b A Sms , TSR AL SR HCRE 22 (1A [H) 48
TRHES . 77k d SERRRUR BT, ML 7% a, 7E ScanOjectNN %4 4 F11 ModelNet40 4 4 11 7 J5 it
T2 53 B4 0.35%F1 0.2%.
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94 —03-7r 93-84 93-85— 93.92
9
90
88
36 8636 8652 8657 86.71
84
82
a b c d
ScanOjectNNIfJ Ace (%)———ModelNetdoff] Acc (%)
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