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graphics, serving as the fundamental differential operator for a wide array of algorithms including spectral shape analysis,
geometry compression, mesh smoothing, parameterization, and physics-based simulation. In the context of manifold trian-
gular meshes, the Laplacian operator (often discretized via the cotangent formula) is well-defined and theoretically rigor-
ous. However, with the rapid development of 3D acquisition technologies such as LIDAR and RGB-D cameras, point
clouds have become a ubiquitous representation for 3D geometry. Unlike meshes, point clouds lack explicit topological con-
nectivity and often exhibit irregular sampling densities, making the definition of a robust and accurate Laplacian operator a
mathematically ill-posed and challenging problem. Traditional approaches typically attempt to approximate the underlying
manifold by constructing local triangulations (e. g. , Delaunay triangulation) or estimating tangent planes. While effective
on high-quality data, these geometric methods are inherently fragile and computationally expensive when processing
sparse, noisy, or non-uniform data common in real-world scans. Recently, the Neural Laplacian Operator (NeLo) has
emerged as a promising data-driven alternative, utilizing Graph Neural Networks (GNNs) to learn edge weights on K-
nearest neighbor (KNN) graphs. By imitating the behavior of the ground-truth Laplacian on a set of probe functions, NeLo
achieves high accuracy on clean data. However, Nelo and its variants suffer from two critical limitations that hinder their
practical application in "in-the-wild" scenarios. First, they typically rely on relative Cartesian coordinates as the primary
input feature for the neural network. This design implicitly entangles the learned geometric descriptors with the global pose
of the object, rendering the operator highly sensitive to rigid transformations. Consequently, the performance degrades sig-
nificantly when the input point cloud is arbitrarily rotated, which is a common occurrence in robotic perception and autono-
mous driving. Second, existing architectures predominantly employ single-scale feature aggregation mechanisms. This
design struggles to resolve the inherent trade-off in differential operator estimation: suppressing noise in flat regions
requires a large receptive field, while preserving high-frequency details in sharp feature areas requires precise local infor-
mation. A single scale often leads to either over-smoothing of sharp edges or under-smoothing of noise. To address these
limitations, this paper proposes a novel Rotation-Robust Neural Laplacian Operator (RR-NeLo) , a geomelry-aware and
pose-invariant framework designed to predict accurate, intrinsic Laplacian matrices for unoriented and noisy point clouds.
Method The proposed RR-NeLo establishes an end-to-end learning framework comprising three synergistic components: a
Local Reference Frame (LRF) alignment module, a dual-channel multi-scale backbone network, and a rotation-consistent
training scheme. First, to fundamentally eliminate the interference of global pose variation, we introduce a robust LRF
alignment module. Instead of feeding raw coordinates directly into the network , we compute-a weighted covariance matrix
for the local neighborhood of each point. By performing Eigen-decomposition on this covariance matrix, we derive a stable,
content-bhased local coordinate system (canonical frame) that aligns with the principal geometric directions of the local sur-
face. All neighboring points are then projected into this rotation-invariant canonical space. This transformation ensures that
the input features to the subsequent GNN are intrinsic to the shape and invariant to any global rotation or translation,
thereby guaranteeing the SE (3) -invariance of the learned operator. Second, to address the scale dilemma, we design a
dual-channel multi-scale backbone network. Unlike previous methods that operate on a fixed KNN graph, our network con-

structs two parallel graph branches with varying neighborhood radii: a local detail branch (K,,,,) focused on capturing fine

small

geometric structures like corners and edges, and a global context branch (K,,,) focused on integrating broader neighbor-

large
hood information for robust noise suppression. The features extracted from these two branches are fused via a Squeeze-and-
Excitation (SE-Block) channel attention mechanism. The SE-Block adaptively recalibrates the channel-wise feature
responses, assigning higher weights to fine-grained features in high-curvature regions and higher weights to coarse-grained
features in planar regions. This mechanism allows the network to dynamically balance the trade-off between detail preserva-
tion and smoothing based on local geometric complexity. Finally, the network is trained using a hybrid loss function. In
addition to the standard supervised loss that minimizes the discrepancy between the predicted Laplacian and the ground-
truth mesh Laplacian on a set of spectral and spatial probe functions, we incorporate a novel rotation consistency loss. This
regularization term explicitly enforces the network to-produce identical Laplacian matrix values (up to permutation) for a
shape and its randomly rotated counterparts. This constraint further regularizes the solution space and improves the general-
ization ability of the model on unseen orientations. Dataset DOI: 10. 57760/sciencedb. 31651. Result To validate the effec-

tiveness of the proposed method, extensive comparative experiments were conducted on the synthetic ShapeNet dataset
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(comprising 12k shapes across 17 categories) and real-world noisy scans from the Kinect v2 dataset. We benchmarked RR-
NeLo against representative traditional methods, including the Graph Laplacian, Heat Method, and NManifold, as well as
the baseline deep learning model Nelo. Quantitative evaluations demonstrate that RR-NeLo significantly outperforms exist-
ing state-of-the-art techniques. More importantly, on the randomly rotated ShapeNet test set, where the baseline NeLo suf=
fers a severe performance drop due to pose variation, RR-NeLo maintains high accuracy, reducing the Mean Squared Error
(MSE) by 27. 6% and improving the F-measure (a metric for structural fidelity) by 3. 1% compared to NeLo. This result
confirms the effectiveness of the LRF module in achieving robust rotation invariance. Furthermore, qualitative and quanti-
tative evaluations on downstream geometry processing tasks—including heat diffusion, Laplacian smoothing, and geodesic
distance computation—reveal that RR-NeLo effectively removes noise while preserving sharp features. The experiments on
real-world Kinect v2 scans further demonstrate that RR-Nelo generalizes well to uncontrolled data with severe noise and
non-uniform sparsity, generating plausible Laplacian matrices without requiring explicit mesh reconstruction. Conclusion
This paper presents RR-NeLo, a robust neural framework for learning the discrete Laplacian operator on point clouds. By
integrating Local Reference Frame alignment, the proposed method successfully disentangles geometric feature learning
from global pose, solving the rotation sensitivity issue inherent in previous neural operators. The introduction of the dual-
channel multi-scale attention mechanism further enhances the operator’s ability to preserve high-frequency geometric
details while suppressing noise. Experimental results confirm that RR-NeLo sets a new state-of-the-art in terms of accu-
racy, robustness, and generalization capability. This work provides a reliable mathematical tool for differential geometry
processing on unoriented, non-uniform point clouds, bridging the gap between deep learning and classical geometry pro-
cessing. Future work will explore extending this framework to learn other differential operators, such as the gradient and
divergence, to support a wider range of physical simulations on point-based representations.

Key words: point cloud processing; Laplacian operator; graph neural network; local reference frame; attention mecha-

nism; rotation invariance
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THEBERSEE

A ICTT 5 RR-NeLo RYL 5« A SCHE H 9 RR-
NeLo Htf5 1 St RUPERETE bR o 1545 T LRF SR L
TUALREERE o AR B B AL 1 Jm i 2 2%
9, WA EIHER T2 RS2 4.

1) A5 E T M LT NeLo, RR-NeLo [ MSE
WFEBEAR T 27.6% (M 0.058 [ £ 0.042) , F-

measure FEF- T 3. 1%, UEAH T HCALAE T3 T g )
A SE BRI

2) RCROREE  AERT EESR THIY A, RR-NeLo 2E
B B B 32 (9. 8) 5 NeLo #5°F, H o (LT
Heat Method (10. 2), DB 1% 7 1 76 52 T+ 1 1 19 [)
I, AR5 ABAN TS, CRAF T ARG R v A
BRI

N T RGBS [ U H NS5 T 1Y
ZALRE Ty AT T BA RN 3 ST
TEIXT L (W4 2) .

H R 2 AP0, 7R RAL M RS e
S 300 8 RN AE R A 200 ey, A ST VR 1Y i T
[EEcoh 3. XA T2 REEEE LS, ERets

K2 TEFENER ERYEREE 4 3T (MSE x107°) Table

2 Performance comparison on different categories

RR-

NelLo B

%5“ IL{EJ YRR (Baseline) NeLo i E
(Ours)

’HL gIRHLE B ERA 0.062 0.045 274%

T KReEEMD CFgHE 0055 0.039  29.1%

BRIA  ARMRSEE KR MA 0038 0.035  7.9%

LA AT B LA

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

35 7 L 1 588 T i A T 200 1 DG 5 T A Bk AR
X WA R I, B T A G AN 1 B A
GNN T AR5 i it T

TERHL A F X200 1 RR-NeLo I T
BE M PL B BT B I 30%. KL R
R 5 R (R AR B b 100 i 245 4 N A K B 14 o
FEIX S X, A58 10 . — U KNN MR 5 51 A s
1 B TC AR S AL, SRR ME LU B
FAULMTANTY . X IETFARSCS A RGHEE 2 RE
IO o 76 AR 12 5 RE DX 8, 4 by 2
(/N K AH) RE SRS fiff 58 A5 1 300 S 0 %) JRy B 48 4k, ki
B 7 HRRAE A3 BE IR A5 TR i 3 1 3% S AL (SE-
Block) (Hu 45 ,2018) BEWZ 5 BE b 1R H 3¢ 4 =g 4 4
fIE3E 8 A M TR T S AE . XS

AR AR BLLM {5 E M BE J) I i i Baseline
Tk

1717 A5 JLART 445 F R X B B A © kA" 26 51 |-, RR-
NeLo [ T BEAIXTHL/IN(T. 9% ) o H TR M
AR AT 22, AL S 2R B A A5, i LAXE T it
JEV- R, HEA GNN S T4 B — RUBE B 4% [v] [ 7
FRESR A O N E & e B 40L& Ho ) i LA &
PE o BRG, 22 ROBE AL ok 1Y) 321 B 280 i AH A BIR
{H RR-NeLo MCARRAF 1 d5e Ui 0 FMDORS B L SIERH 1 H:
TEAFE U 28 F Ry Asfa
2.3 MEEXRESTBITHESN

N T BAEAR SO AR B R A, FeA T e T
SR BE 24 2] J7 7 0 2 80 (Parameters ) F1 LT 4fE 2
B[] (Inference Time ) , 25 U014 3 iR,

K3 MEERESIEITHEIL

Table 3 Comparison of network complexity and inference efficiency

ik SHE /M BRERE /G HEH AT B] £ ms MSE(x107?)
PointNet++ 1.48 1.8 25.1 0.089
DGCNN 1.84 2.4 425 0.076
>
NManifold - - ( j;;fé? 0.067
NeLo (Baseline) 0.95 0.8 124 0.058
RR-NeLo (Ours) 1.08 1.1 15.6 0.042

0 IR 5 i . HESES (]2 76 NVIDIA RTX 5090 GPU b FHEAIT 1024 4S5 B985 2= B i F- 3418 . NManifold
Tk T A E R AE T R, AN B ST SR 51 S H0E R FLOPs . MTHLBOIE 22 /R i 0048 f v A B e

(Params, FLOPs, Time)8{ i 23548 (MSE)

& 3 MRS 2% B A TRICR P 4 X AN [F]
T AT T VAR o AR EE T Y A 2 Ak B N 2%
PointNet++ (Qi 2§, 2017) # DGCNN (Wang % ,
2019) , A SCHE HE ) RR-NeLo £ 2 %0 e £ 3 15
¥ EA O IR BSAE B  R FAT 45
P TE AR B (MSE FRIR T 40% LA b)),
4 1) JL ] 8 4k 7 72 NManifold (Sharp F1 Crane,
2020) B RAE FE 1 AT A H A 1 R T A BN ) 2%
PR A, JE T 2 S R AR 2R AR SOy 5K
T RGO T AR R, TR
T e i 6 P ULl 4015 PR AFRE 1, A SCHIAM B A
T LRF A4 AR H R O0GE 38 1 S p e . OB -
B X SR R AT AR R Y . 280
AN T 0. 13 MCHEME 13. 7% ) , B hot #3500 (1] (W 48
KT 3.2 ms (M4 25. 8%) o SR, X A /NI LA

AR T MSE 1522 3% F R 27. 6% R E KPE
REC S o

RR-NeLo 7£ R 47 154 5 2 5t {6 Fi 52 i) 4b 28 g
(15. 6 ms/Wi, 2945 64 FPS) Ay A, SBT3 F G
(A R B, 3k e B AR SCI BT T 7E RS B2 - 503 " A
iy h £ Ik B T — AW AR 0 S 0, AR S A B
TXF A R B 302 5 HLER 0SS S PR
N e
2.4 AL HENA

R T B R AR AN [ 7 i A i ) P R 1
Jiia, & 4 HEAE T 7E YT B (Heat Diffusion ) T 55
B 15 22 4 KX A L] S 3 (Geometric
Smoothing ) 14 W FH 7R T

WE 4 FHEFTR e 5 A BELIER; 5 0+
MR BT 55 B AN 7 TR R 2 S 2
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Fig. 4 Visual comparison of thermal diffusion error and geo-

metric smoothing applications

NeLo J7 i iR 22 T of  fE R 77 B AR G0 5%
R AR A5 T LAY R AE 2 35 B sl B T ] R R 21 6
IR ZEBEH . X & NeLo A REA SO DL E s S 20
AR ZR AR )L, B 5 R TR AR 4R B i 2%
FHZ T ARSI (Ours) 115 22 $4 7 51 8 K 52 B
FURAR TR ZE TRl (0, 13 22 0 A Al 1 50 EUR(E R
Mo FEARAEIRBURIA AL , A ST AR IR BEAE i
i 3 PR 35 P A 1 LA IR 254, FEnT A AL 45 2R
55 FL{E (Ground Truth) JLF-5¢ 4 —2 , A7 S e 1
AR S5 AR A SR pt 2 s LA B SR P B A e A o

iR
4 T HER JLAR -0 L R B3 — 25 B8 UE T A
SCHIERIPL R AT 55 R TE 25 % 55 2= W 75 (1) )

I, S AT RE LR B WA R R BETLAT R AE o DA Rl L

At NeLo Jr ¥ TEAL BRERL J5 19 S0 J7 RN, AL by 5
RN T Bk = A R RHEE SR, S EBOF 5 4
TER I AN A A H BT B S %t A P
S, AN IR B A A AR A IR I R . i A SO v
(Ours) 545 751 A T8 S I HLH], BESS H i N
Hi PR - 8 E A J LA ARRAE o PR, AR SO R TR
AR 1 T DI R R [ I U A R 2 O R
T LT IR T BB AR i . Hm A n) i as
RAEAL G E a5 B 52 0 AR AR S (Ground Truth ),
FEOTRIL T ARSI RS A TR A5 R A5 O T A
ERE
2.5 EXARBEELNEESESESN

T PEAR AR SCHE H ) RR-NeLo A5 75 7 i 7™
TS RIS RAE AL AL B S R FEAR LS
TR S S M A SO SR AR AR Scan-
Net AT T ERA M & 85 8 AL o
1) R

R T R R R AR Y IR 4T
=, TR RS 1 R BRYE | = SR T R 1Y
e R S AL o FRATE A SO S Graph Lapla-
cian, Heat Method DA & NManifold #4177 X It o B&
THI7iR 2% (MSE) MM (Sparsity) 4b, 51 AT
J 7 (Failure Rate) 154 PFA% 3 764 i 25 X
ST A 03 0t DL RO SE bR o B e g R ANk 4
Bl

R4 ZOERERKIE S RITEE

Table 4 Comparison of ablation experiment results for core modules

ik MSE(X107) KRB Failure MiHi [ Sparsity
Graph Laplacian (Belkin % .2009) 0.3120 11.53% 9.6
Heat Method (e 5. 2013) 0.0264 047% 9.4
e (Sharp il Crane,2020) 0:0246 0% "
RR-Nel.o (Ours) 0.0034 0.02% 9.6

T L 7 A B9 B L B

M 4 BEHE T IR FE S i O A%
Gk pyERE B T B IR AL o Graph JrikZ
W& T LA B FRAE , 1% 25 B = o Heat Method I
NManifold = & W8 J) &8 v o7 £ 1Y = £ 1) 3 5L U1
T A 7E T X & B AFAE LI A AR X S S R =

B, ARG T S PR ENE B2, S BUR S I R AL LR
(53500 0.47% F11.0.33%) . tHELZ T, R ICHRH
) RR-NeLo B3 H T #5543 iR 200
0. 0034, #H EL IR ARBERY FRAR T — 5t 9, [WIRE 2R A%

FEAARAR (0. 02%) o XKW, 15 45 T WU 16 2 ]
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FRIE RS B, I 28 BE A% [ 3 7 1l 77 KA B R 40
HH ST Ry S T R 2ok R 408 38 PR B 5 R R
ik, B AL Y I =X g A% A Ok 1Y 4 AN B 2
% o
2) Sz

Y R s AR R N A2 2 g e Y S BE L
IR BRI FLSE i 25 L A 3R e 1 9647 1
AL . ARG 7 VA R 2 23 I 0 RN R 7 X ek 2
W S A AR WA B BEHOIR B TN 5, 17 A SC
T3 5 A S R S B 0 3 1 HLR AR
FLRE & A 5 A RS BE A A R S ) LA
(Ground Truth) = —2,

AR, S B RS R 58 42 R DL i i 58 K3 5

Iz ALRE ), T T B {XUAE ShapeNet 74 Eil|
2511 RR-NeLo ## F A (Zero-shot) i | T Scan-
Net % NI S B8 46 o S5 R R B, TF AT AL
P ECEIIZR, ASCO BARIRBE S TE B A B0 T )
SRR AR % N4 i AR AT B
JUAr] 5 B8 37 5 7 e 731, IR BH 1 0R T A LS
S A 2 gl S P A B R Y
w1,
2.6 JHRELSEI

F T RS S  FRATTHE ShapeNet %X
P 4E (Chang 55 ,2015) FiEAT T IHRAESEE: . AS[EIBC
BRI AIRER 5 PR .

RS OERIERCIE RIS

Table 5 Comparison of ablation experiment results for core modules

RERYAR {A fic & i A MSE(x107%) AH LR 1R T
1) #£ZL (base) JEUR Nelo 0.058 -
2)+LRF RL+ RS % R 0.049 15.5%
k4 LRF + .
3) + MS—Attn P 0.042 27.6%
4) + L,,(Ours) STHEASIRY (+JESE —BUEBR) 0.041 29.3%

T : MSE SRR/ N R PERERRGT . IR IR R A S P i 58 BT 15

1) 28 (Baseline) : JEIR NeLo AR 4E -
1) MSE 24 0. 058 , /4 JR 2L LU Y 2 Al

2) + LRF: fE SL L A R ILRE AR 2% &
(LRF)#He)5 ,MSE M 0. 058 i F &% 0.049, X
— 2R Sy HAE I T LRF A5 i i A RLTE Ak
SN Ry EB AL AR R, AU T TR AR BB X 4 2 e
JERI I L, 0 BT TR

3) + MS-Attn: 75 “ 5248 + LRF” By LN b iF—20
FIAZ R L (MS-Atin) J& , MSE #E— 2%
RZE0.042. XUEW T 2 RERERL A 25 AT
HIL T RE % B8 g b fofi 482 RV 52 52 2 %) JLART 407, X 4
AR ZE N T

4) + L, FERCEEAL LRGN L, J5  MSE 58] T i
P 0. 038, 7E I 25 B Be 51 A BE i — S0 451 2K bR
B, A AR AR R W —8ehE o %
LY — 20 E L T SR A2 0] T bR T R Ak bR &R
g St o DR o M S 3 Bl ) Bl L B KA TR R
FER DB T IZALEE S .

(] Ff 3 AT 78 LRE 4 £ FARRAE $2 U Be sl
TR K EREFIK (LR 6)

F 6 SRR/ K ITIEB AR R MR ND5 17
Table 6 Analysis of the Impact of Neighborhood Size on
Model Accuracy (Acc)

SBIA (K) )72 MSE(x107)
2 0.063
3 0.041
4 0.052

SLE R, M K = 3 IRUPERE I B A AL, 07
REMRERM. Kid/NK =2)2FBUR LM
HEANAR, 2R R K, R 22 R E TR K iR
(I K = )M e5| Ak ZAR B A0, Bt
FHOm, BT R E B T
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3 & i

A SN BT DR BE 5 ) B B b 0 -k =
T AN AR ELO JULART 20015 TR e 0 AN 2 1 [R) At 2
T — e B 5 s 1) e 22 P R 3T T2 S A 4
(RR-NeLo) o 4 1 e % AN 72 ity JLAnf J8 BL A | 38
ot W FEHCOR AR X AR BRI A Gk A D7 2, it 1R T
7 2250 B JR 82 2% 2 (LRF) # AL, A
Ui T T X 48 T A B WA T 2 AN AR M IAARAS I fi
P 7RI 1 s AR R B o [RIEHR T ONGE
T8 2o RUBE T B2 ) RRAE S O, ) FH 3 T8 v 5 L
il A2 7 Rl AT B 5 AR LA REAE . AL
AR T B — RUBE SR AR AR B0 30 A AP L B
SAH BTN R B o A SR T Y R A
P & E  1E ShapeNet 20854 1 A5 80 2 B, RR-
NeLo 7F FALE i %25 R 114 TURS B A b 3 45 70
PTHT 27. 6% (MSE [ & 0.042) , HIEARFRZ R
S A B R A (R, 2 O T RO B LA AR AR
IPRFFRE T -

X RR-NeLo 7E 25050 F R 5 (HA L
T3 AR R HLA Bt R T AR 2K 1Y) 5 = 3 e b AT
TEAE—E R R PRYE . LRE Ao v 8 A4 81 41 1) Bl
J7 ZEHE I, > SR s SR AR B R i nl L T, PRy 2506
W oy B AR A, B by 1) 2 A BEAIL B | ki 7
Bt % 300 5 b 15 | A i 38 7 3 AR I o PROAS i B Y
“WrEE SR 2E o R AR B ARG E SR ER
S HT T R B AL Ar R 00 SR, DA o JIR AR iy
B B G R B S P e R AR R AL R L, It
S, ATEK B TR ZBE TV REDNE S =PI
(A B PR AR FLAE AR R TR AR 43 B S KA 3 5%
T SCHLgE T g T T o AR TARISBUI TH %
ATV REHBS =PI R HAEAEN
PRI 3t S R A by s s SCRR e v %) 2 R 0o
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