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Recent progress in rotation-invariant point cloud networks
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Abstract: In recent years, deep learning networks for point clouds have achieved remarkable advancements, with their
robust semantic understanding capabilities propelling research across the entire field of three-dimensional (3D) computer
vision. These advancements have enabled accurate and efficient processing of 3D data, supporting applications in autono-
mous driving, robotics, remote sensing and mapping, and augmented reality. However, 3D point clouds often exhibit com-
plex transformation symmetries, with rotation being a particularly challenging yet critical factor. The spatial coordinates of
point clouds, which are the fundamental input to point cloud networks, undergo substantial changes, resulting in feature
output variations. However, the semantic information embedded within point clouds theoretically remains consistent under
various rotational transformations. This spatial variability substantially impacts the stability and reliability of conventional
point cloud deep learning networks in semantic perception tasks, such as recognition, classification, and segmentation,
reducing their effectiveness in real-world scenarios characterized by arbitrary orientations and poses. Early studies primar-

ily relied on rotational data augmentation to enhance the robustness of point cloud networks against rotational variations.
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While data augmentation can improve generalization to some extent, it falls short of addressing the fundamental issue posed
by the infinite and continuous nature of the rotation group. Acknowledging these limitations, an increasing number of
researchers have shifted their focus toward designing rotation-invariant point cloud deep learning networks, which aim to
mitigate the impact of rotation on feature extraction at the architectural level. Therefore, researchers seek to achieve consis-
tent semantic perception regardless of point cloud orientation, thereby enhancing the applicability of deep learning models
in real-world scenarios where data can be encountered in arbitrary poses. This paper presents a comprehensive survey of
the current state of research on rotation-invariant point cloud networks. The research background is first outlined to high-
light the importance of rotation invariance in 3D vision tasks and the challenges posed by rotational symmetries in point
cloud data. Then, a systematic categorization of the prevailing mainstream methods is investigated. Particularly, the
rotation-invariant point cloud networks can be broadly classified into the following three categories: 1) geometric-guided
rotation-invariant methods: Using the traditional geometric analysis algorithms, these methods extract rotation-invariant
geometric representations such as relative distances, angles, local reference frames, and canonical poses. These represen-
tations are then integrated into point cloud networks, facilitating learning of high-level semantic features and maintaining
robustness to rotational transformations simultaneously. 2) Feature-guided rotation-invariant methods: These methods
employ rotation-equivariant point cloud networks to extract point cloud representations that contain shape and pose informa-
tion. Leveraging the inherent principles of equivariant networks, they subsequently remove the pose information from the
rotation-equivariant representations, obtaining rotation-invariant point cloud features. 3) Training-guided rotation-
invariant methods: These methods focus on designing sophisticated and highly generalizable rotational data augmentation
training schemes, allowing non-rotation-invariant point cloud networks to gradually acquire robustness of rotations and
achieve stable performance simultaneously. An in-depth analysis of the core concepts and algorithmic improvements that
support these methods is provided for each category. The current research content on this issue and methodologies within
the academic community are outlined, and the advantages and disadvantages of each method are summarized and com-
pared. Subsequently, a comprehensive overview of the prevalent downstream tasks in the research of rotation-invariant
point cloud networks is presented. These tasks include point cloud classification, point cloud segmentation, and point
cloud retrieval. For each of these tasks, an in-depth discussion of the commonly employed datasets and evaluation metrics,
which are essential for assessing network performance, is provided. Additionally, the quantitative performance metrics of
mainstream rotation-invariant point cloud networks applied to these tasks are summarized and analyzed, offering a compara-
tive perspective on their efficacy and robustness under rotational variations. Afterward, the downstream application pros-
pects of rotation-invariant point cloud deep learning networks, including point cloud self-supervised representation learn-
ing, end-to-end point cloud registration, and point cloud completion, are examined and summarized. Finally, an outlook
on future developments and research hotspots is presented. In addition to the ongoing development of new rotation-invariant
point cloud networks, three primary issues warrant further research: 1) discrimination of effective geometric attributes.
Current approaches are limited by the design of geometric attribute extraction algorithms. An in-depth discussion and deter-
mination of the effectiveness of different rotation-invariant geometric attributes within deep learning frameworks could yield
novel insights and foster the development of innovative strategies to advance this field. 2) Highly integratable rotation-
invariant mechanism. On the one hand, existing non-rotation-invariant point cloud networks continue to demonstrate strong
performance on aligned data. The challenge lies in incorporating rotation invariance into these networks in a straightforward
manner degrading their original performance. This challenge remains a key research topic because seamless integration
requires innovative architectural designs and methodological approaches. On the other hand, rotation-invariant point cloud
networks should also exhibit simplicity and reusability, enabling their direct application to downstream tasks with minimal
adaptation. 3) High computational efficiency in invariant feature extraction modules. Although many existing methods
demonsirate commendable performance, they often incur substantial time and computational costs, making it challenging to
efficiently process large-scale point cloud data. Therefore, designing more efficient rotation-invariant point cloud networks
that maintain robust feature extraction capabilities while minimizing computational overhead is crucial. Addressing the
aforementioned challenges will notably enhance the effectiveness and practicality of rotation-invariant point cloud deep

learning networks, facilitating their widespread adoption in complex 3D environments. This survey aims to provide
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researchers in 3D computer vision with a foundational understanding of current methodologies, highlight key challenges,

and suggest potential avenues for future research.
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Fig. 1 Taxonomy of rotation invariant point cloud networks
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5 AR AIE DR i A B AR IE SR RO A T 5
X7 3 OB, Bl EE R 4 08 T P4 A5 R
B BE 7 5 AECNN (aligned edge convolutional neu-
ral network ) (Zhang %5 , 2020a ) DI A Ay A7 % 28 285 [n)
H B 0 24 B v V2 U R A i BT B, 7 K L
B, SRS AR AR F HT—ARAE SR I BE AN ] )
TS5 A&, TR0 45 354 1 X U R AR X 57 Ak B R AT
JRERTE RA . Wik, AECNN B¢t 17—
RRAEXT AR, B A RSB AFE RS 25 R AR
ARG I AT ROXS SRR B AE T AT
AR B FFIESR L ; 22 T AECNN (WA, PARI-Conv
(pose-aware rotation invariant convolution) (Chen 7/
Cong, 2022) Fil LocoTrans 77 ¥ 241X 1% 11 8 &6
T AR SR R R AN 5 E B . Hoh,
PARI-Conv & F-4B 35 LRF A A5 LRF 22 8] (945
Bl Sy AT R DG B R =2 18] AR X 2 A A T LA
J& P ] 7 APPF (augmented point pair feature) , 3 H]
HAE S = B BIAE , LocoTrans W H VNN

800 1) A AR AR A B G B A R s a5 5 B
1) 614 S AR O 28, I P2 b A 1l s BN
RotInv-PCT (rotation invariant point cloud Transformer)
(He % ,2025) W) 1 4% 4 %5 LR, I 0 2 1 Ll
FEFHET S = 2RI RTE B
1.3 ETERALETHREAESZME

Tt U R PR 2R iS5 R i m 2% H
TR AN BE T AR AR 1 2 AR 2k — i 2 R I IR AR B
AR B, I AR 5 T7 1248 9 R RS ) e B 4
KIEE T B, A — 2 TAE L T 4R AR
FRIIE — MBS 25 R S35 N B i = A D e e
AARRFIE , T RAIE A SR IR0 BN sz 41 2k ARt
J7 ¥4 PRinvNet (Yu %5 ,2020) #l PCA-RINet (Li %%
2021),

Hor, PRinvNet B4 Jay LIS 28 25 1038 € SO0
— AR IR, AT A7 ] 1 5 I e i SR
Hhig A T RE SR IS LS TR I RZOT R AE A
ARz AL AT RAE SR UL B . HUATIT |, PRin-
vNet T SCITT BT e AR , #2270 5300 4y g
VARG X A 5 W PCA 3 Hir 3R 33 A ¢
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k) A S5 2R WP IR s 38 BT
B JR %75 22 3 AT ) BRSO M ] R, Mo i A T
RERY TS 01 L5, ARl 1 BAT 8 b 4225 ] REME: A o 12k
GEAAEAR M AT B B — 20 9 e A 1 22 75
e, IR R 0 AN R B 3 feA e . MR 1k
PEAMBIH T | 0 288 [ I3 B X4 18 22 A8 AR B i DR SR )
i, R 1) P d RAE O Y AR G T R AR B A K
AR MAE 2 . PCA-RINet WP A F T 1 fif
F PCA B 3 W A JR I 2287 3k — i R AP AR A AL
BRSO TR AR SR B 2, JF Bt 1 — N
BB IR A T A e 2835 T B i = AR BRI L
PN LS R RCE , LU 2 828 1Y
PG LY 78

SRTT , T 5 s AETE A BB M A3 R [
— 2N A TR S 191 24 T 45 B2 A 1Y R, 4 g O
—BREZE S XE AT e 2 . BRI IR AE AT 5 i1
L R AR AR AT S RN E S A R, O B %
JE A B R LA 2 MM 25 TS5 40 . EIP (effi-
cient invariant pose) (Fei fll Deng, 2024a) $i H —Fh
TR Ry Y B35 2D O ik i M 2 B 5 =
e JUE e AN A2 ) JLART Ja 1 , I ik 17 3k 28 J L] Jag 4 25
IAERE IRl X SR T A R A2
EIP J7v5 B A 0] LLZ WS AT 52 2 A R S 9 3
FEf, SZAF T 2y MR CENE B AR e AR M
2, R T A R LT S A T e AN S 5 s 4 4
BT K SR SR
L4 JLHREERETTENE

YOBAT T T7 1%, e e AN B ) iR 2 1
KA, BT LA M B e % N2 1 2 P 285 BT 3
RS2 Z M AR L LS AEA R A T
Pl — B0 [P TS S A S5 TLART s M AH X R
W SN E 5 DN SCAR B R B BE ) R, T ey
227 ZR M TEHE AR I 245 FEE T4 SR R 8 28 1 e e
AR 2 IV B Sy 5, B 1) L AR] T Al 1 5 125 , o
LA Wi — RO B B O e B iE AR R . A,
biti & F 5% B9 AS T R A, 15 W1 PARI-Conv (pose-aware
rotation invariant convolution) , EIP (efficient invariant
pose) . EFRI-N (ellipsoid-fitting-based rotation invari-
ant network) (Z245 £ %5, 2022) . GLC-HCANglobal-
local-consistent hypergraph cross-attention network
(Dai 4, 2025) M 4045 LT R Rl 2% & A0 4
S ML A I F T AN, LS RE B 8 |

TR TR A Bl TR 2 1 1 25 YR 2 T [ 24
2 AHEREEART

TR S5 AR ) i S R IR SR UM 45 HAE X — R
P FER A S = P e RV RAETER R e SO(3) 1
B A REAE 23 AH N M & A2 A B B A8 4 (Deng
45,2021a) . Hif A2
F(RP)=T(R)F(P) (2)
S FORTERE AR 0 0 S R SR B 4%, T AR 3R
BN 12 T T A D 1 AREAE 14 2 o 2 [ Y e S5 G
F XA LT O R R4S R A AR N 2% i 1A T i 3 ik 5
WaE o DI, e 4570 () 2% B 075 480 5 A 1Y
JUMRI A3 BT AL B2 SR | BB ARG 1) 05 25 A b, 3
A TEARAT BN AE B W S R E, AT
FE AR A5 R R 2 1 YR SRR, T AR B SR K
A7 BNFRAE R B, DT AR AR G AN AR 1) 15 2
TE o AR SCRE 3 G NAR 5 2 45 (A9 1 iRl
RRAEBERE AR T, SR R E 8 R . ARAE
TS 25 A 2 T 44 AR VB2 BB R R TR] i 8 7
T4 R 525, 35 R < BEAS R 2 K 1T 4 LI
NS eI E N ORIV 9w

a v,ﬁ»;&gﬁ‘ﬁ%:&
o NS

$ 4%
FHIE

WHATIE | e ARE
el

K8 iR fese ATk R R
Fig. 8 The logical framework of feature-guided rotation

invariant point cloud networks

2.1 BHERMYE

e B A 22 I 4% (group equivariant convolu-
tional network , G-CNN) (Cohen F Welling, 2016) F: 4]
FH T i e U5 0 445 v () — e e s - M 1k I O, 32
BT B 226 BARIRBISEAT 55 DFS0 Wk %4k
AR =L %

HEA B BV AR TE T SC— B HOny e e
e ACERE P g — DI B ST R IBUZE S T A
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ZRHIE . BRI MIZE O PR AR, A A B
PR T 2 78 8 U ] L RS Ay 4% 8 5 R Y HE S IR
J, 3 T HE S VT M e 12 RS 5 R 4 e A
A BRI 25815 3 (14 Jie e S5 8 RPALE o

Z 5 TS X R 1o B 2 2 Ak
E TS ) A BRI A0 Ry e e A AR R AiE , (M7
%4 Rot-SO-Net (rotation self-organizing network ) (Li
45 2019) .EPN (equivariant point network ) (Chen &
2021) #1 E2PN (efficient equivariant point network )
(Zhu%,2023) . H1, Rot-SO-Net 7 1k 2% 50K B 45
FUBAHGIA S = P4, 12 0 45 Tk =2 (0 AR Ak 2 B
R RS HIOHE Th 25 N B2 (R T RS B R AE
F e R" JFIEATA P HES , 19 B ERe 4578 )RR AR
FEFE, WP 9 7R . 2, Rot-SO-Net iy 4 A5 2k e 1]
PR R A B P49t A 2 R A DA T R S A A A A
bR e RN ASEAE F e RV, IR F F #4025
I HIZEALSS o EPNIUE RS E LT M= My
B B T, IFE X WI AR 42 B (special euclidean
group in 3 dimensions,SE(3) ), & 45 AR FRAE $1E H
%% M B ERE T S E TR
SE (3) B4 B 43 fiff S W > W] 73 B i 45 BB B4 L 18
= HRICES 7 R SO (3) 3 25 [R] i 28 BEAT A 12
YR, TEAN 52 ) 1 RE A 17 0 T S 2 B AR T B A
IEAh  EPN 2858 5 AT REEE B AR AL , o B i
iR i A v ) e o 8 A5 TR AR, AR 2R

B A LSRR ARG B HA IR BE ) e A R
fiE. E2PN B AL SE(3) BE& BN ] L, il
IR A (S* x R, Horp 2 7R Z 4 Bk =5 [a])
ol AT B I MO 1 B IO A5 B, B 2 PR AR
“EBEPUTE AT B A . BT  E2PN
B SO EUALS , 41 T e #f (special orthogo-
nal group in 2 dimensions, SO (2) ) /E N E & F#f, X)
BIHCSO (3) HESR B, E 174 )5t 5 e SCHE SO (3) #F |
(6 FRER AR R 4 B 7 25 ) Bk AT, Ak T & AR
o MA E2PN BT T — AN HES 2, I/ AR
AT 25 ] I 52 SO (3) B 19 55 A2 R i, AT O TIE 1)
2K S5 AR ME . E2PN ANUAREE T EPN f e v
LW ESETE T RAFR RS
RGN, BRI s =BG RIN 28 H B R IETE
BB R RE L e A (A5 Tk R A
B R I e i AN S R IE ARG E  TEAT BBE % 15
DL 326 O EUTESS T REE RN ZR U PERE SR B 2 K
R TR o PRI 2 TR AR 0 286 i 2 Bl B e 7
A B TR SR S, G2 0 % B e e 25 Il T 1Y
Rz bR J1 8k . A, SE3Conv3D (Weijler Fll Her-
mosilla, 2025) 4545 PCA S35 73485z BF Py i A e 1o
JtR S G I LUZE G B OIS R A T R
G RUR TR RE SR I, S T RS B S A =
2, XA SRS A AR AS S I,
SE3Conv3D YERE A ERF 2] T R IEHE 5 o

MxC
— R, 0y i
' —/
I '
ol | 1 e V| i
I
.i.. 1% lr_]
“FHIE
N x3 H
— R, , fRH L

MxC'

M x2C"
HEHE |
s L C)
— ?
=N T e i |lw
: N ‘IJ
L)) o VAl Pl ULC
— |
M Gt !
BRIREE )
::J sk [0
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19 Rot-SO-Net [ £ HESL
Fig. 9  The overall architecture of Rot-SO-Net

2.2 KEERML

PG A BRI 4 b A KGN A Hh AR 24 2 —
PP S A B & A7 A 8 e, Hh RR TR 25
HEAT AR PR A8 48 . ARl , R T 45 BRI 4 44
N FUHE B i — Fh ERTE 15 5 (Cohen 55 ,2018) . 4

i NS A T e 3K T A AR BB RRAE
23 AR AR SE D JE B 7 ff , (A5 BR 1T A5 R R 25 45 5 e
Fo e X

AN 25 d5c W0 T A (mesh) B30 R 208 19
HARFRAE PRI, v, S2CNN (spherical convolu-
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tional neural network ) (Cohen %5 ,2018) FH ST £k % 52 11
T3 2B AR TR B 52 B 8 A A AR | DA e R T {5
S I SCERTH B CERAE R KTH 5 5 e el
SO)fET & MY R IKAE Sy, FT8L 1 i g akim
B RUE U BB T M AR BRI o H T BR T
AHOC 9 2 T SCAR B 5 B, S2CNN BB 1 FI ™ L
PR T B I 6 B R U B S AR R . 2
J&i , S2CNN P 48 15 45 Ji — JZ X AE SO (3) 25 [A] L A e
R R FH 42 Jeg fie KAk, 15 31 Jie A 72 e Ak A i 5 A
<, Spherical-CNN (Esteves Z¢,2018) /N £ Bk 1 5 _I-
SEBLERTA A AR, HIBROE 8 B ot A2 e 25 BB A BRIE
F S TEN R TIT, JF LA R 3fe i (1 7 AR 1 Bl
SEPERTIE ZINETERIE — BT AR RE R
INECT- A2, 7 A e AN B RHIE . Z 05 B
S0 8= B0 88 I BK T 45 AL . PRIN (pointwise
rotation-invariant network ) ( You 5%, 2020) % 55 = #47
BOBREAL, BB IR R A Btk A
2% ME 10 PR BB SIA R T, A TER R
Z A A0 AT AN A 1) R0, PRIN 35 148 5 B A 1 38

SREERHGEA T AR AT ERTE AR 24k, IR IE B =
TS FEBRIEAR R 34 50 43 A A8 T )5 28 FURRIE 32
. ZJ&,PRINE R A R BT, A BRE
TRZR i HH RO R 032 S G AN AR AT, BRI
A28 (B B P RRIE H S FORRA ¢, ABRE 1
RGeS H o 3 80 BV AR R RRIE & A AR N
(A7 , I AN S s IS E 2 T i X A7 AR 2R )RR A
[i) {4 2B 28 Ak s SPRIN (You 25,2022 ) W J& X PRIN
R R (ISP €/ MER U RS SIS % o
SR TR F AL R T B RS WA R T
PRIN HV3Z (e AN A8 A OB

H #ir , PRIN F1 SPRIN 52 31 (1 BRIE 1k £ 5 B
Wi AE mi s NS LA RN . Flin, LEAD (Mar-
con %5,2022) I FERIE AR Z B BURBU= SRR A,
T 5 = B YE ; Compass (Spezialetti 55 , 2020) 2 T BRI
KRB IR GRS PR R s, B
JREB IR B LRY . HBRIE 1A 28 36 Rt 3 ol L A
e EAT NS i L AR e P A T ) R T, R
SCER AL R AR R AL, X BRI T4 1 A AR T o

1B AR

L s

| — HEFE A A
-8 o8-

#110 PRIN P Z8HESR
Fig. 10~ The overall architecture of PRIN

2.3 KEHWEK
ik 8 b7 ) 2% 38 il SO (3) B IR 1] 29 R
(irreducible representation, IR ) SZ Bl #5 %A PE . X
7 AR BRI A3 [A] O s 8 BEA TR RS I, IR 1R 4
— JZHARORUE T X e 7% 1 5 AR HE S A S5 AR
H. A, TFN (tensor field network ) (Thomas 25,2018 &
UK AN AT 2 3R 3k —BUF e A B 52 =
O 25 I 5, HoR A A 1 R R 5K 3 (tensor
fields, TF) , 4 HeRk i AN [A], Kkt b ] LA G4 0
Prid BT E sk 20 TEN BT ERIE bR
HOM] 27 o] By A 1) Bk R BSOS B, LUOR KRB A
Wb AR . BUARIT S TEN BB F Y (r) H
e sRECR" " (r) FIERIE RREL Y (7) AL BN
F@(r) = R (r)Y" (r) (3)
A, 1AL 53 0 Z 7 A Rl R RPE S AT 2380

WYES, r 2327 PR TR) R X D o o) &5, r U A7 32 1) 1]
AR, BIVARG BE S, 7 Ry B D7 o) ) o G BTETT
DU o A S s RN RERE T Z BRI, 32 2%
T8 SUE BIERABE TT o o T NIERE S5 A8 R ik Hh 3145
TR AN AR RFAE , TEN EE T 0 B AR AE 1 74325 43 1
AT S5 o XIEPBCHES I, 0 B AN AT 2 KR o 51
B, X T B AR

SE (3) -Transformer ( Fuchs 2§ , 2020) & %} TFN
2 Ok T SR o N 4 =57 Nl N RE i = WA K VI
LIRS TFN A& FRERAE . BRI &, A T 29 oK
T BYRRAE N B i B N AR L R TE BB
3 T 08 B A5 A R I R G B A AR R R AR 1Y
PR, DT AR BBUIE 5 AN A2 B AR O i A E it
Ab, SE (3)-Transformer %} TFN /X £& FHBR 1 pR 219 AH
RITEFEAT T EA R R T T B2 3K
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LI R T TR 3 P 28 REAS b B S S B A

SPHNet (spherical harmonics kernels network )
(Poulenard 4% , 2019) W J2& 5K it 475 [ 24 () — Ff A2 {4¢
T 2[RI ST A28 o) e o BSORSsK e RIS T 25
A RUZ AR B &, SPHNet B 6285 45 2k hr v I i
(Escobedo, 1986 ) s5 = 854" Jre SMABUE 5, itk
Friie i S 4 BR, fie i Fg 4 R BR ) (0] B 0 1 s AR
VA% R e S5 AR R IR, K A R T A
TEHBOE SCN e AN HHAE

Aid, sk iR N 20t T 2 YR SR Bl R
il 7T R e L JF H LSS INAS ] 25 3RR iY B
2 B RN R PRI AR AR S IS, (A5 7K i
25 1) 00 245 T JRE R U 248 2 TS LU/ N ME LA T
2.4 mEM%

A LE T 52 25007 BR S A 0 K v 4 FR W 2% Al 5k
T 2% [ A 2 0 4% (ST i A e 22 0 A i
J& Sk =M, SEELT SO R AR, i 11
78 o VNN (Deng %5, 2021a) B UK 4R H 18] 40 22 0 1
ML, AT AL A 2 e 5 R T 728 46 22 (1] ) S5 718 e S
KF I HTEH WA #2828 A (IRt J2
I PRI AL 2 ) 28 ) B 2R OT AR o BTk S
Z MY )Z VNN SEBL T B A i % 25 72 P TR (Y VN-
PointNet F1 VN-DGCNN [ £ . 4 9 25 17 FH] %8 43
X O EIEAL S5 b VNN IR E LT AR R 4 1n)
i REAE 22 8] A PN R D e e AN AR AL i A B s
TR AL ; VN-Transformer ( Assaad 25,2023 ) i#F — 4
SE SCIa) A 2800 T BYTERE L, LA e 1] i 1 2%
M RFESEECEE 7 o AR, VN-Transformer & BiL [n]
2 JZ A A BRI U JE i PR A R E AR
A 2N 2k, TR AE ] 2 P2 b B B T 4
TR B 2 BOR B = VI e PR AR i i

PLAR, — 2B 5N VNN Y [n] & 2800 A
=g SRR T ) B 2R YRR AE SR ICBE ) o i,
TetraSphere (Melnyk %5 , 2024 ) ¥ [i] H #ft 28 50 () 4 i
BT R U4, IR 85 A SRR M 2 o0 BT TT 2
(tetra-transform layer) , Wi A S5 2 FR 4 BUIE 6% S5 A5 1Y
VU A4 [ 5 A A0 R AR D 0 B AL, O 21 DU 24 VNN
W 2% rh JE 17 J5 2L R AE 42 B ; FER-VNN (frequency-
based equivariant feature representation for vector neu-
ral network ) (Son 45,2024 ) Wi 13 A4 42 555 3 By A4
PE S B BHE PR Z A B TR =4 5
55 3] g A A AR A5 [R] , O A1 5 1] 5 e 4

JEE ) VNN R

T ) 245 1) 502 BV B2 ARG /0 L AR B )
TR AT SR bR AR5 (Lei 55, 2023) A
ZILHE(Yao 55, 2025) AT 55 34 W .
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4
4 é/
4
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BT Fritpizeon S )t p 2200t He A

Fig. 11  Comparison of scalar neurons and vector neurons

2.5 MM

0 G KR 0 265 T U TR0 7 i ARz R T
ik, FH EE AL GE L T bt i 2 R 245, DU T AL 465
RAEALE TR ERe s A AR BAT S AL Jm ko AR DUTHON
2% g R BRI SR A e B A x,
S, 3R WX A5 2 i A e 72 45 RAH >4 7 X e
A R TE] 2 A PH ST RCRRAE IS A ) B e 2 22 48 , DT
BORTEERE T AR IE—Z0hE, i 12 Fs

TEdEEEASE . g (RXR) = Rg(x)R

X =0+xi+yi+zk f=0+aji+bi+ck
o e ~o ] 4
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<,

—>

<) —s

X', = Rotate(x)
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DNN i

[ =Rotate,(f,)
12 REQNN PUTCHE R 2 A2 FF Ak
Fig. 12 The illustration of the rotation-equivariance of

REQNN’s quaternion features

REQNN (rotation-equivariant guaternion neural
network ) (Shen 4§ ,2020,2024) 1 e X T 97T EMN
2R SERNENAL , JF ) — AL, REASRE 5 DL Y
S 45 (0 PointNet , DGCNN 45 ) 18 25y kg % 46 4%
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M PUTCER 22 N4 . Z 5, REQNN K DU STHCRAE 1)
YA R 2 B T TE AN AR RRAIE s QMLP-RlInv
(quaternion multi-layer perceptron for rotation invari-
ant network ) (Zhang 2§ , 2020b ) W15 i DU ST 44 FX
JC , BRI RE S TR AR AR S BT A b A R e e AN 72
FEAE ARG AR R o (B A% — 4R A2 , QMLP-RInv
MRS EUER T ST EOR AR BT Y A BRPE AR ;
QEC-Net(Zhao 55 ,2020) W 455 Ji 2 W 25 HA , it
T AT TR £ 1 e R 4 R
P HET B AR 3k (Aftab 55, 2015) BETHAY
QEC FiHk (quaternion equivariant capsule module) , %
B A 525 B — RS BUR) &R S A i e 15
A TR S 2 i e 25 72 B DU ST BURRAIE
TR ANAE B SCBURFAIE , LR SRR AR B

DU TR ) 28 55 i) 9 29— ELAT 0 ] A AR
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3 lgREEARE
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HEARP e RV, JF N = 4ETie e #f SO (3) H Bl HL R
FEBEREHEIE R € SO (3) X i A i = EAT W P A2 4
) I ZREE (R, x P Y JFIAL AT HARpR%L,
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mﬁinEReSOm[L(F,,(RXP),y)] (4)

Ao, LRSI B AR, — B & 7 125 40 2% R AL,
y RN E bR F AR AN E 2%, 0 R nT I 2k
MRS o R A A T AL B o 3 A
RUTE N oo 72 rh i 1 B HLBE e e 3 i O =X, 3K 50 1)
2% 2400 1) [ B X B e e AN A8 1 Dy [l J Ak

B fe ke 2 8 i A8 I 25 07 58 B A IR AR i LA
FesE 1Y ey BRE B KB 5 T SRR e A
R Z MBS AT A . i, —SEAF5E
H AR AL = 2% F AL B bR LR R
TR 3 PR RO A I i e AN T 52

AR E % N AR 5 25 ) 4 F (0 A5E 70 S 4 £ 3
&, PointNet 23 fEAFAE SR I T T Z AN 35
FEIEFHAR B T-Net (transformation min-network ) , B i
A KR B E LA N SEAT AR I, An &) 13 fiy
TN GEA eGSR LR, T-Net SSHLREAG R A i A
F Al R D A A S A, TR A R B 4 B
FEA A5 0]  Ja 2k 145 A i T-Net 331,
DA I SRR Y RS AL A T RE ), Al IT-Net(Yuan
85,2019) [N DU TTECER R , [A]I RLTE AL e s AT 52 5
RTN (rotation transformation network ) (Deng s
2021b) [l B HCH R A, R RS R s 855 . A
if, T-Net B HA LUT JR BRI : 1) s i a9y R
FERG B AR5 T FE ] 29 T T-Net BEHR A RME IR
REAA Dl th B 0l i B SR B AR B E T A S
BT 5 RS 5 2) R i AL 28 48 P4 1E ) Ak
T, A0, JC VA DR IR AR 30 R B 58 4 1 A8, S i A A
Jo R NI B Ui Y 2 o e = o R DI R R DS
T SUE B 23 R A 72 AR R IS S IBUE e AN A8 PR AR
TR

ANF T IR A% 5597 20, SPE-Net (selective
position encoding network ) (Qiu 45,2022 ) 35 £38 A
P AR 25 1] 55 A 22 38R DG AR BN i HR AR Y
TUBRIE o I 284 ) — b R 0L 5 o ) SRt , 45
B R HLE], TERAE S (8] b R 35 B350 QAR
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Fig. 13 The illustration of the T-Net module

A TRE 2 i 5 F) SRAE SR 14 %, ART-Point (adver-
sarial rotation point network ) (Wang 5 2022) 22108
Xt 0P I 25 (adversarial training, AT) AR 51 A I %k
TR GHRIET Ao B 15 KA s e
B — R Sty TE I Rt 2= R 28 X [ I , A4 sy
IR A Ao M B2, S 7 A B X 2R Y e e e
Sz o X 00 28 AR A o M SR A ) B, A AR
P T LR I BUIERE RE )

MAL AL B A5 L B3 1 5 W &, PaRot (Zhang
45,2023) 5 AR YN 2R 7 A& BORE e A AL AL
BRI E 2R i A s = B o TR
FRHRAN A JRy B, 0 A Bt fin— X AL IR 45
X LR I 1) i s Hed i A 5 A R 2% O SO AT O
i, MM, PaRot 152 0K B S L) £ 8 kg L ART P A ) o
gy, XF T L RAE ) 5, PaRot I ERE A
AR PEAR G PRI, Fie/ MU B 8 o i 2 B ] J LA AT
[ri) e P 5, 20 T P 22 o] g e AN 738 BT IR N 25 5 X6
TI7 1) ) i, PaRot B e % 5 A2 401K pR &L, 29 27
> B Y5 6] (] RS R R A0 5 AR SE AR LA
IR SR SR AN SN

SR F L BR T T-Net #5285 LLAh , ART-Point ,
SPE-Net , PaRot 5 71 f SR Jo 7k (il 21 B8 1 58 75 /Y i
AISRE T BRI EE R -, &5t 45 A T R,
JEAR A JE e AN 1) s, = I A RERS FEAT BB S LT
732 TP BRSO TR E IPERE KT

4 HIFEERITFNHIEER

MR 25 SR A8 1 2 I 45 AH O SR , A 79 A

45 FW AT O W PR AR 55 B A PN
PRATINR I A o BRIl L 55, e A
7 52 2 A AR R B T R 3 AN [ )l
SR/, XAE 55 N AR PPN R PR IEAT 3 TPFA
DA SEC TS Tfy b A5 D00 485 R SR MRE O RN e e
71 (Zhang % ,2019b) :

D) ZIZ o FnTEANINGE Z 3l R e 0 e i X a1
SN NG, TRVREFE A IR 5% 7 Sl SR B 1 e s o 348 o
IRIL% v

2)ZI80(3) o FINAEANIRGE Z Jil RAF: (19 e e 24
P 3858 T IR (EAEREHLRAE SO (3) BE Ay gk i
5T

3)S0(3)/50(3) . F/NTEREHLRAE SO (3)HEHY
i i K 1 o R 2, [R)RETE BEALRAE SO (3) FERY
TR RCE 1 2 T D
4.1 RAEHE

S SATE 55 B RS AR RS AE DA
55 o ZAL S T IFO R AR A B 70 2K FE (overall
accuracy , OA ) (Zhang %5 ,2019b ) %5 , 38 1E 8/ 73 211 5
B MRAE P = B (B SR B
£ ModelNetd0 (Wu 55 , 2015 ) Fl ScanObjectNN (Uy
4,2019)

ModelNet40 ZHa 52 i 73 i 49 1R B8 21 0, It
15 B s A CAD W 4% (computer-aided design mesh) .
ARSI 2 TR T TS B R R
- ) 32 0, S A T R )2 B9 1 s e A A
Z—o MT R MEITEN, F5E 8 5 56 CAD
A% 2 1T 44 &) SR i 45 3 o = B, AT A0 R
AT I 1) A s B0 55 B AR A 2) ¥ s
A = LRI

ScanObjectNN £ 4f 5 43 & X% 2 902 /4~ B 5 A7
PIAAREAF R 15 000 MRS 5 &, 47 7y 2R Ok
2Pk, A9 AT 7 52 48 (background,, BG) | il
HLFF% (translation, T) | Bl HLEF% (rotation, R) Fl fifi
MLk A% 35 2z~ R (scaling, R) %5 4 31 (perturbation,
PB) , Xt 41 45 2 (object, OB Mg , ] 43 1 5 %
PN Lot E= W o1 o S (1

1) OBJ_BG /R A1 1 5 il IR s 5

2)PB_T25 /R £ 25% I R EE Y X 9 1 i 5 it
PR ZiRsIF

3)PB_T25_R F7R7E 25% FY KR JEE P4 X #1445 2=
Ttn-F- R4 3l , I I BERLIER ;
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FIEE, Bk, EKPEEF, FRRYE, =hA, HEH
REAT AR MEHRER

4)PB_TS0_R /R 7E 50% Y B B 4 XF ) A 185 ==
Tt~ # L3l , It i BELER ;

5)PB_TS0_RS 75 1E 50% 1 B 2 P4 % ) 1 nit
RN RSN, IE N BEALIEFE MBEHLRL S =
Ko

I3 Hb—A~ I 3 3 I3 - 48 OBJ_ONLY (object
only) o &% 1 49 J& OBJ_ONLY . OBJ_BG #i
PB_T50_RS 3™ T4 . WFE# — AU R A
D34 N 1Y 23 SRS B2 L JF AN IO AR 4R TR 11
K)oy
4.2 HE=RHE

FBIrEE S5 T LASE i s s AN R A 53R - )
R EI MG SR E. Kb YiksE s
(1) 53 F FREBAFE 53 #) (part segmentation) , 2 HEFE A
ASRHE AL T R 2 BS54RS T IR
FEbrA SE A5 9% 5] 17 22 FF HE (intersection over union at
instance-level , ToU (ins. ) ) F12E 2% 51l 1 22 IF: EE (inter-
section over union at classification-level , ToU (cls. ) )45
(Lou 5§ ,2023) , W5/ F5 br Bl A, 15 B I 46 7E 5 =
EME S LR TERE Y o H TR B4 2 0 ShapeNet-
Part(Chang % ,2015) , iz B AL 52k A 16 12551
(¥ 16 881D = AWK i, MALHRTE T 50 FER1F:

TEY st o BT B 50 B ATEAS e A2 5
2= 8 1 A S 20 )3 SO IS5 . AR T
PE A 45 A5 A F 3 22 I H (mean intersection over
union, mloU ) %% (Zhang 45 ,2025) . % H MK EH
S3DIS (the Stanford 3D indoor scene dataset) (Armeni
55,2016) 55, S3DIS A 7 6 AN A7 271 [0 % b3 i K AL
EWNXEEM A S, A n PR SRR TE TR
], A E R A R 13 SR,
4.3 ZHEREER

AP RK R B E A S o 2 RRHE , A
B RRIPR W E = WM R
K R K (precision at n, PN) | 4 [A] % (recall at n,
R@N) .F1 3% (Fl-score at n, FI@N) 324K & 14
{E (mean average precision, mAP) Fll 5 —4k B2 Fl18 25
(rormalized discounted cumulative gain, NDCG) 4
(Zhang %5 ,2022) . & 19 %548 £ 5 ShapeNetCo-
re55(Chang 5% ,2015) o 8R4 6 5 5541201, A
FE51 1904 =4I AR Al 73 P14 - IR B4R
RS EAEEE . WFFEE W 2 NS T2 10 I 4R
MBI b X 5 RAEAT B s 2 8

4.4 MEEELLER

WA 25 G AL 55, 25 W 265 FH DG Sk, AR S0k
FHE: 38 16 FH ) ModelNetd0 73 25 5i 5 4E  ShapeNetPart
o3 VR B X A AR M T R AT R SR T T RN EL A,
SERGIT NG 1 MK 2 PR,

WA % AN 25 B8 1 fA FE R B, B E2PN . SPENet
A, HA R AN 7 VA W SL 98 PERETE 2/2..2/S0(3) |
S0(3)/S0(3) 3FPINAFEA TR & , A2t BRI A PE
REIE 30, X S 1A E2PN & T B BURE S B i, Hoie
S RE TANATAE T M2 1 2 SCAY B O e B o i
SPENet J& T I ZRlERE A A I, M 45 3 H eSS
A A B TR AE B IR 5200, AN i k47
SR . M5 VERE A EER R, JL R AN A8 I vk
i P TR S AN A ik I S lie i AN ik . H
71, RISurConv 7F ModelNetd0 & =/ 25805 4E FEUS
T R T R 7 1k 1 e fE K- . SPENet 7 Shap-
eNetPart 73 E B I ToU (ins. ) 845 FEUS T B
P T W e A KO o X Uk B IR i AR T ik
TE AV 352 10 15 438 A0 7 T A a3 imi
FRIE T 5 A8 5 1 R SR 2 AR E 25 T 29 3, DL e
ANAERFAE R e FR (0 0 8 5 0%, R Mk RE R A T
7] s 03 14 At e e AN A8

Zx LRTR B E A L] e AN AR 7 A IS A 2
RUF o3 2T 55, H AT I ZRIE AN A8 07 A
TRV A 52 0 o A v SR T 2 BT e i E
T AR AR I T 2 AN 7228 7 YR AE 43208 40 80 4 5 A e
ANPEER RS ERSHb—2 . ARIE AT SO R Ge
PHEFIE SR GeIT , AR LR IR e PEIH 94 845 17 L
TEE AN AE RRAE BE G AS AR RN 2R e e N A 3 2051k
IS 3, N 3 7 o

5 REATRZMEN A=

W5 e e AN 1 2 P 28 BT S 1B TR, 7536
AT 55 BT 5 T R TR B AN A R AL AY fr
(B, IFRE N 2 A B A FFE b, i Sh 3 25 A ATy
KRB AR R T AR LA S ) A 55

Dz ARy o 2R 55 BIEMRARIC
AR B Ty ) T A R R s R
— MW TR A ATk, BIX A AT R
HLIERR , UM AT AR 73 Hh 27 > AL, B A A F)

= o RI-MAE (rotation-invariant masked autoencoder)
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&1 ModelNetd0 HiFE T EXREL LR ZMERRET ER LR

Table 1 Classification performance of representative rotation

invariant point cloud networks in the ModelNet40 dataset
/%

ST FEHRERE(OA)
25 i
717 7/S0(3) SO(3)/S0(3)

ClusterNet(Chen %5,2019) 87.1 87.1 87.1
RIConv(Zhang%:,2019h) 86.5 86.4 86.4
RI-GCN (Kim %,2020) 89.5 89.5 89.5
PRinvNet(Yu%§,2020) 89.2 89.2 89.2
SGMNet(Xu%,2021) 90.0 90.0 90.0
Rl-framework ( Li % ,2022) 89.4 89.4 89.3
LGRNet(Zhao %% ,2022) 90.9 91.1 90.9

JUART e AN A% T 1% PARI-Conv(Chen 1 Cong,2022) 91.4 91.4 91.4
CRIN(Lou %#,2023) 91.8 91.8 91.8
RISurConv(Zhang % ,2025) 95.6 95.6 95.6
LocoTrans(Chen % ,2024) 91.6 91.6 91.5
EIP*(Fei fll Deng,2024a) - 89.6 -
GEConvNet(Bello %5,2025) 91.7 91.7 91.7
GLC-HCAN(Dai%%,2025) 925 92.5 92.5
RotInv-PCT(He %,2025) 91.1 91.1 91.1
TFN(Thomas %5,2018) 88.5 85.3 87.6
PRIN*(You%%,2020) - 72.4 -
REQNN*(Shen % ,2020) - 84.6 -
QEC-Net* (Zhao 4§, 2020) - 74.1 -

FENERERE AR Ty 1 SPRIN*(You%,2022) - 86.1 -
VN-DGCNN (Deng % ,2021a) 89.5 89.5 90.2
E2PN*(Zhu %5,2023) 90.5 44.4 88.6
TetraSphere( Melnyk 25,2024 ) 90.5 90.5
SE3Conv3D(Weijler fll Hermosilla, 2025) - 87.0 89.0
RTN(Deng%:,2021b) - - 90.2
ART-Point(Wang %5 ,2022) - - 90.5

IGRRERE AL 512
SPE-Net(Zhang %% ,2022) 92.7 89.7 91.8
PaRot(Zhang %5 ,2023) 90.9 91.0 90.8

T L PR ERR A R A AR o 3R 7 i U e R SR P AT e e M i 5t (ELJAE BEATLRAE SO (3) R A0 e A 504 1 i
NI, Sy SRR PRI A LR T VR A SE R, AR SOR BRI R HER =" FOR IBUOCI %A

(Su %, 2024) . MaskLRF (masked autoencoding of local
reference frame ) (Furuya,2024) 78 J5ih 5% & T gt
AR ZRHE, PR S R T RIER A =,
1175 B 25 s e e AN

2) ¥ 3 sl = PO R o 1A 55 1 SRR A AN [ I

PR S R O A 2 oy, SRR 1 SO0 DS T
KE, AR IE IR T E R AL E . W), v 3 3
2 TC TR X 28 ) AL e 2 5 o 418 e 5 R ) g e
E M, I, RolTr (rotation invariant Transformer)
(Yu %, 2023a) . PARE-Net (position-aware rotation
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%2 ShapeNetPart HEE T R LXREAE A ZMERRMET EH S RIMERE

Table 2 ShapeNetPart segmentation performance of representative rotation invariant point cloud networks

/%

SAFIFIE ToU (ins.) K IMH ToU (cls)
B ik AR
717 7/180(3) SO(3YSOB3) Z/Z  7/S0(3) SO(3)SO(3)
RIConv(Zhang %% ,2019h) 2019 - 80.2 80.2 - 753 75.5
RI-GCN(Kim %, 2020) 2020 - - - - 712 77.3
PRinvNet(Yu%#,2020) 2020 - - - 794 79.4 79.4
SGMNet(Xu%,2021) 2021 - - - 793 793 79.3
RI-framework ( Li 2§ ,2022) 2022 - 82.0 82.3 - 792 79.4
LGRNet(Zhao %% ,2022) 2022 - 82.4 82.7 - 80.0 80.1
JUTiEREARASJ59%  PARI-Conv(Chen F Cong, 2022) 2022 83.8 83.8 - - -
CRIN(Lou %,2023) 2023 - - - 80.5  80.5 80.5
LocoTrans(Chen %5 ,2024) 2024 - 84.0 83.8 - 801 80.0
EIP*(Fei fl Deng,2024a) 2024 - 84.9 - - 821 -
RISurConv(Zhang % ,2025) 2025 - - - - 813 81.3
GEConvNet(Bello % ,2025) 2025 - - 825 82.5
RotInv-PCT(He %,2025) 2025 - - - 823 823 823
PRIN*(You % ,2020) 2020 - 712 - - 668 -
SPRIN*(You % ,2022) 2021 - 82.7 - - 795 -
FHIETERE A T7 1k
VN-DGCNN(Deng%,2021a) 2021 - 81.4 81.4 - - -
TetraSphere(Melnyk %5 ,2024) 2024 823 823 - - - -
RTN(Deng%§,2021b) 2021 - - 82.8 - - -
YIhe i A4k SPE-Net(Zhang %5 ,2022) 2022 - 87.1 87.8 - - -
PaRot(Zhang % ,2023) 2023 - - - - 792 79.5

T L P SRR S B A R o 3R A I 7 i U g R SR P AT e e B i, (ELJ A BETLRAE SO (3) R AR e A 4 1 i
TN, Sy SRR PRI A LR T VR B SE R, AR SORS B P FER - FROR BRI B

equivariant network ) (Yao 55 , 2025 ) 4351 3% T JL{] J&
P 6] () 28 42 JBURE e A28 R AIE T 00 DR I R B
P24, A 28 A AR R 1 OO T A TC v D3
AT TR RER B

3) M Abar. ZAES BTEN H a8l B ittty
AEPE B AR FR B 2 AN R R Y S L T4
155t TG AN A5 2 FRAE AR DR BE RS S A [R] 25 285
TR — S a BB R— B A 245 2R . RICNet
(rotation invariant completion network ) (Chen 1 Shi,
2024) . CF-Net (complementary fusion network ) (Chen
5 ,2022) F HIHE T T UAR T PR A T AN A8 s 2 R 445 42
WURAE , RRHEAT IS A2 I 28 1 TSR 27 > il A b
BERAEAF LS TR —E

HfEFER . ZES BEAGR A B T
BN HAERA G P A, Al —Fh DL RO 55 .
PRI S BC AT 55—, R SRR RS B A e A
254 . RIANet (rotation invariant aware network ) (Hao
45 2024) . LR-Net (lightweight and rotation invariant
network ) (Zhang %5 , 2024b ) [7] ¥ 3 F e 54 A 22 JL A
JEPEER I 5 8 = VTR A2 Ry R AE X A4S 5 22 1Y
PERCd A 2 AW, ot — P IR iZ S
e

5) =4E BAnkaill . AT 55 B TR AL AR
LR UL 7/LE N EUS IR R A s I VA S | DN N N (2R
SRS TR A e B AN AR R i B
st HARi 25 /N ETECRPE . RIDE
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R3 BERBRALERZMEERIEFNEE

Table 3 Summary of different types of rotation invariant point cloud networks

R

P

%W

1k R
RIConv(Zhang 5%,2019b)
. LGRNet(Zhao % ,2022)
m
%Q et PARI-Conv(Chen Fl1 Cong, 2022b)
- EIP(Fei fil Deng,2024a)
RISurConv ( Zhang 4 2025)
TFN(Thomas %5,2018)
PRIN(You %,2020)
FFAEBER: REQNN(Shen % ,2020)
AR TetraSphere(Melnyk 55,2024 )
SE3Conv3D
(Weijler #ll Hermosilla, 2025)
RTN(Deng%,2021b)
2% ART-Point( Wang ZE.2022)
AR SPE-Net(Zhang % ,2022)

PaRot(Zhang 45 2023)

HTEG LM P (i ke
RS E R RS
G5 AE AL B LA J 1
23 (] s A s 8] L fe s =
FHIE

T T e S48 45 25 P 285 R
Jig i 55 AL AL e A 5 Ak B
Al AR A ) 31 8 2 A8
fiE P A 22545 5L B A BE e
AL KL BHFAE

T 1 B 1 (BEMLTE )
I AL (T-Net) L} &
Aok s Pl g A2k
222 ) IR B H RS 2 2
) N S

PR A fi] 5, ] i
Ferbss . MR A =
P 26 3 1o JL AT Ak
P BRERE S0 ,
FERE TR AL TE

Mg sE e . A
O R O 4%
AL B s

S SEt C

AL IRAES 2 EFN
AN SECEE
TG W wi = M 45
FEARL

FECT HAB W7, 1 5t
JUAR] 53 A B Ak PR AF AE — E
MR B

Sk 0 0 2% BT PR 1 1
A SR T7 1 M L ¥ 3 TR
ML i =8, OF BUR Ak
BHAP BRAE DGR IE 56 B 2
ToRAG LR

TCTE AR PR E e AN
H. SO(3)H¥ 4 JC BR 14 2 A
i@ 2 43 5 X LA B o T A S
&, HAvk = 5047 1 5 S
BER

(Wang 45, 2024a) § i SURFE S LSS , —J5 T OE
SHUBAE LT B 5835 19 B AR AL ; 75— J5
S UE G AR o AR AR 3 AR A8, 76 DR IE Sk
AL RE A [R] I, 39 58 i 2 F AR A IS R ) e 2 14
BRI

6) =#EHbrd i, ZIESF BEEMNMA R o E
a7/ LN EE QIR N VSR S
N o A T 2R PR b 3B R w1
HAEAER (H YA B R A I, I ST vk Y
RS & 0 EREL. XTUE, ART-InvRec (adversarial
framework for rotation invariant 3D object reconstruc-
tion) (Yang 5% , 2025) 5 ART-Point (adversarial rota-
tion for point cloud network ) J7 A AHAL , 1 55 = B e %
W —Fh ety 7 I 5 g 2% A4 TRl 2
ey A I 2% P T R

D s e ZAESS B TEHE T A R ERAE
Az e B ) A s AR RS | A 3l gk A
45 4 B4 & B0 ] . SE (3) -Diffusion (Peng %5 ,
2024) $2 i H A TERNME T Z 9 i 1 = B AR (B0
SE(E R S A8 B0 R Bl 8 5 LA e
B RHZS A, 8 I BE B A A LR S ST SE (3) AR Y
JUTJEPEZS ] o 20T AR A (A 2 ) R R SR
fiE, FERFRR A T f 1 ) B B T T 0 2 A A 2 Xof
JigHe RS AE LA AL e ) R I

6 & i&

ARERIR IR T BUA Ele AL i3 2 M 28 A5 I
REANE Z R o R AH T IR F e e AN AL TR A A IR0
O3 JUARTTEAE ANAL T30 RAIE RS AN T7 i LA K
GRBERE AL Tk IS — R A vhig . R
WG Tz B F A TR i AT 55 A0 43l
A VRRIT T e AN AL K 2 I 24 1) MR O 1 A 5%
FEXPARARMIFETT 10 AT T R, A By AT 5T
H L

1) T [ S PR R A R B e AN AV . B
JRERE ANE 53 = 28 BIE 5T 22 I EL A B9 5 5 MU 2
FINWr BEALHE RS a5 25 K00 190 265 i HE A2 7 — 2K
(E0 20 T AESE PR p , RAEA R S W R A i
BRI R A R R AR AR AR
FIABIMEFS [ fan, A 3h 2 3 b ot E A
5238 B AZ R (6] — W) R AE AN R A7 28T AT g S B
BFERREEZES SRR, UALAFRESTY
PRE A SRR AR AT Al LUK i SO0 3 LS )
BHSRAE (0 e 5 04 560 07 1%, IR AR WG 5 R 1k A5 e e A
ARPE RIS AL HIL ] LR TR R AR & 2 B 5t
iz AL e

2) AR B ERE AL G R HL25 5 o LTt
B AL PR AN S e e AN 7 YR AR BEE
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FIEE, Bk, EKPEEF, FRRYE, =hA, HEH
EHEAE R MEHRHRE

sea e TR U GE R B R B B
AR AT AR R AR AT AN [7) 2K Y 1) Jig e A 8 SR A
gh4, s s XU E I 2R B R S % R HE
EENAE, e MR P e e | SO P e S5 R S
DA S B L IRl oD IR AT

3) e e AN 78 K2 ) 48 7 22 5 285 A o g i
FH o Bl AR SR KR A TSR & e, 21838 KA AY
WK = B B L 8 A0 T = 4 5 T
(Thengane 55,2025) . 7EALEZS AN H =00 A sh & 58
RS2 PRy s, R R Ak BEORALAE 20 A |
SR R EE TS 2R S BN RIEZ
o) 2 fid 25 e AT RS B A TR IO v 1) o SR T
B . AT 7 AR BEA TR X 5 IR 22 2R T3] B e
R sR , DURIIE— & Y BRI (B S ehe A8 1
M AFE—SE BUEE B (Yi 55 ,2023) o BRI, R ORATFAY
A DUIR R e A8 25 = W 2% 55 Z2 B8 R T 1y 45
B LARIE B RN TP IR L 25 ) e

SMARE LT A TR R BB BR T 1
TR R JR B LN R Ak S 4R BT ) e e A8 s I 4%
P FUHE S PEREZ A0 B A AN R LA A 1F
BE—EHFSE , LA FEZ IR A K e

DABIUEPER XS5 o JayER4&R B vl LA o
Z M5 A IR A E R, HE k)R
FR T LA PR B R B TR AR TR B 2 )
HEZEN AN [ e 2 A A2 TUAw] Jag P A A 0P A R TU 4R
175 DU REAS SRy 12 0T ) i e i — S50 T ) S 6

2) e AT AR S P AN AR R ARSI, H AR TE
e AR BN A7 1 0 I 2 R SR DR L
M TR IL SRR, AT A8 A5 A T
77 3 R AN A PR B X 2L R 2% v 2 —MH
RO T8, I B B AL s 2 B AT —
SE W T IR PE RN AT 52 FHPE 7 (3 T AT 55 0

3)EHARCRI AR RESR I, BRI 25k
AR RENE IS R AP PERE | (BRI ) T8 A3 T
B HELUAL BB i = B , 6 T T 55
YRR 32 R o 3% 2877 R 2 RE AL I/ IMA 5 1)
PR R = o TECRIERFIE S IR ) AT T, it i
TR RA TR 2 A7 A 25 I 2 T g 2 B R Bl i = TR
IR

Bt A AR ARG TR PR T RS
— AR B A FARE R T E TR G G5
FTERABRGELEESEZR TN L, AEAT

Bt
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