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Wave-particle duality-driven feature representation paradigm for point cloud

place recognition
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Abstract: Objective As a fundamental data modality for autonomous driving, robotic navigation, and large-scale environ-
mental perception, 3D point clouds pose stringent demands on place recognition technologies. Accurate place recognition
relies on extracting robust environmental descriptors; however, despite recent advancements, mainstream deep learning
methods are fundamentally constrained by three prominent limitations. First, conventional feature representations are
strictly confined to the real-number domain, which inherently restricts models to capturing only geometric coordinates and

local structural information. This paradigm discards crucial spatial attributes such as the point distribution phase, the rela-
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tive positions of non-adjacent points, and complex global topological relations. Consequently, this leads to low recognition
accuracy for places exhibiting similar local structures but possessing distinct global configurations. Second, existing feature
interaction mechanisms struggle to align with the "unordered, sparse, and irregular" intrinsic properties of raw point clouds.
Traditional grid-based convolutions, which rely on fixed local receptive fields, often suffer from "local information over=
focus, " severely neglecting long-range semantic associations necessary for holistic s place understanding. Finally, resolving
the pervasive trade-off between recognition performance and computational efficiency remains elusive. High-accuracy base-
line models typically demand excessive network depth and parameter scales—often reaching tens or hundreds of megabytes
—vyielding inference latencies that far exceed the 10ms real-time threshold, thereby failing to meet the strict practical appli-
cation requirements of autonomous systems. Aiming to systematically address these limitations of traditional real-number
domain operations, this study explores a novel point cloud feature representation paradigm deeply integrated with interdisci-
plinary theories, striving to significantly enhance both the performance and interpretability of large-scale point cloud place
recognition. Methods Inspired by the foundational wave-particle duality theory in physics, this study abstracts each indi-
vidual point in the 3D point cloud as an elementary particle with fundamental physical states, innovatively constructing a
comprehensive point cloud feature representation framework that embodies both "wave nature" and "particle nature". Corre-
spondingly, an end-to-end place recognition method consisting of three synergistic core modules is proposed, with two spe-
cific implementation instances designed for each module to demonstrate the paradigm’s remarkable flexibility. 1) Point
Cloud Wave Property Expression Module: Leveraging the wave attribute of single particles, this initial module maps raw 3D
point clouds from the constrained real-number space into a high-dimensional Hilbert space, representing each point as a
complex-valued wave function. The amplitude component encodes fundamental geometric positions and local structural
details, whereas the phase component intricately captures relative spatial relationships and global distribution trends. This
dual encoding achieves comprehensive modeling of both geometric and semantic point information, vastly enhancing local
context perception. 2) Point Cloud Particle Property Information Interaction Module: Emulating the "particle nature"
behavior observed under multi-particle coherence, this phase-driven interaction mechanism constructs a dynamic spatial
graph based on the wave function similarities between points, treating individual points as graph nodes and interaction inten-
sities as adaptive edge weights. By mathematically simulating particle energy transfer and interactive information exchange,
it facilitates the adaptive fusion of high-dimensional feature information across both immediate adjacent points and semanti-
cally correlated non-adjacent distant points. This efficiently characterizes the dynamic dependencies and high-order seman-
tic interactions that conventional real-number convolutions miss. 3) Point Cloud Feature Compact Encoding Module: To
address the inherent high dimensionality and computational burden of complex-valued features, this final module leverages
parameter-sharing complex-valued convolutions for deep feature extraction. It then applies efficient aggregation strategies—
specifically proposing a Generalized Mean (GeM) pooling approach or a structurally refined Soft-NetVLAD instance—to
compress these high-dimensional interactions into a highly compact, representative global feature vector tailored for the
final retrieval and recognition task. Results Comprehensive and rigorous evaluations were conducted across four founda-
tional benchmark datasets (Oxford, U.S., R. A., B. D. ) and two complex generalization datasets (KITTI Sequence 00,
RobotCar Season). The empirical findings confirm that all instances of the proposed interdisciplinary paradigm effectively
and consistently enhance the performance of established benchmark models—including PointNet++ , MinkLoc3D, and
PCAN—in terms of both top-1% average recall and retrieval precision. Notably, the specific combination of direct wave
function modeling and GeM pooling achieves an unprecedented balance between performance and deployment efficiency.
Requiring merely 6. 12MB of learnable parameters, this streamlined instance nearly doubles the model convergence speed
during training and reduces the inference time to a mere 8ms, strictly satisfying the critical 10ms real-time processing
requirement dictated by autonomous driving and robotic navigation systems. Furthermore, the wave-particle paradigm
exhibits exceptional robustness; in rigorous perturbation tests, it delivered a 7. 1% average performance gain under severe
rotational variances and secured a 5. 8% average performance enhancement in demanding cross-domain environmental
tests. Extensive ablation studies unequivocally corroborate the structural necessity of modeling wave-particle coherence,
demonstrating that the removal of any core module directly leads to immediate and notable performance degradation. Con-

clusion The proposed wave-particle duality paradigm exhibits excellent architectural versatility and plug-and-play charac-
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teristics, enabling significant performance enhancements of existing baseline models without necessitating extensive struc-

tural modifications. It empirically verifies the profound effectiveness of interdisciplinary theoretical fusion in successfully

breaking through traditional point cloud feature representation bottlenecks, resolving issues including real-number domain

spatial limitations , mismatched feature interaction mechanisms, and rigid performance-efficiency trade-offs. This work pro-

vides a robust, interpretable, and highly efficient new research direction for point cloud place recognition, paving the way

for future optimizations in complex-valued computation and expanding scenario-specific applications.
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Fig. 1 Wave-Particle Duality-Based Feature Representation

Paradigm for Point Cloud place Recognition
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Fig. 2 Point-Wave Interaction of Point Clouds
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Fig. 3  Network Instance of the Point Cloud Particle Interaction
Module
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S AYET 4096 A s H T . 2) RobotCar Season
(Maddern W 2, 2016) B4 42 , 453 K {8 42X B — 5K
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Tablel Summary of Experimental Configurations for Different Method Instances

i 5 44 B S PR AATR MR P T NSRS g R
o s fege, Dl R SR siacon 1as2s6
] 4#-NetVLAD-128D N N N N
] #2-Net VLAD-256D N N N N
] -GeM—128D N N N
Jii] 4% -GeM-256D N N N
T $-NetVLAD-128D N N N N
1 #2-NetVLAD-256D N N N N
B #%-GeM-128D N N N N
Hi#%-GeM-256D N N J J
F2 AEAZHILBLER
Table2 Experimental Results of Different Instances
Oxford Us. R.A. B.D.
Methods
AR@1%  AR@I AR@1%  AR@I AR@1% = AR@I AR@1%  AR@I
JH]4%+NetVLAD+256D 85.9 70.9 74.8 61.6 71.3 59.0 66.6 59.3
]34 +Net VLAD+128D 84.3 69.1 79.1 64.4 71.0 57.7 65.5 58.1
8] 42+ GeM+256D 85.0 71.6 93.8 69.4 77.6 66.8 72.8 65.6
[ 8Z+GeM +128D 86.5 73.5 83.4 71.8 77.9 65.4 72.6 65.9
H#+GeM+128D 84.5 72.0 87.6 75.8 71.6 70.2 76.5 70.2
H#+GeM+256D 82.6 69.3 87.0 73.8 78.0 68.6 74.1 66.7
B E+NetVLAD+128D 82.2 67.1 78.4 64.2 69.7 58.7 66.8 59.9
T HE+NetVLAD+256D 84.4 70.0 79.7 65.8 73.7 60.5 67.9 60.5

Sk B8 T vk R A R A AR BT i
Uz G 2e M H w5 | R 0 5 AR SRR A T LA .
T LA K B 28 B v b W T AR SO DT VA RE SR B
UEJIT £ 7 1 X A% GEE R A 538 P |, I LA SR
J7iE LT PR PR RERCR ORI L E VS
Fil 28 L e XF J5 45 o PN-VLAD (Uy M A %, 2018) |
PCAN (Zhang W 4 ,2019) . LPD (Liu Z %, 2019) .
PPT-Net(Liu C %5 ,2024) .MinkLoc3D (Komorowski J
4%,2021)

TE LU XA 5 BT £ b 0 1) 42 07 i ), R T B
MinkLoc3D J7 k40, A7 L34 F Net VLAD 4
HSEPAE LUER , £ MinkLoe3D Fo ) 7 6 , S 45
LA EE X 57— B0 Net VLAD i 75 5K
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LPD J7 ik B R G FEBON S 2%, s YIZRIHC 3G
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TR AR 2 T LPD AR JE A S R A T
FEXT, BRiR oy LPD* - Bl HX 0 128 07 v B ik 45 SR A
RIPR AERZEUFILT AT T #2009 W Fh
SR HERE R R TR . HIIEIE, B Y
WIGREARRECE D . X RWIAWI T 7 i B U
PRz ACE, B 52k . T4 TR R E 5 i Hoxg o
MinkLoc3D 7£ Oxford F E M Hh HUAS T B I 45

EF T e B AR Oxcford B2, 1 75 7E HoAth = 4> 3
AEMNX Az A M RE I A . X T B, S A
FNIA Ik PEREER IR T U H R =K%
AR A 1o X HURT LA O A R O IRl
1 R B A SR AR R AR SR R A A 3 S AE R 1Y
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Table3 Generalization Test Performance of Models Trained on Benchmark Datasets

‘ Oxford University Sector (U.S.)  Residential Area (R.A)  Business District (B.D.)
s @% @1 @% @1 @% @1 @1% - @1
PN-MAX 79.6 61.3 67.8 53.5 60.2 449 54.4 46.1
PN-VLAD 80.3 62.6 727 63.2 60.8 56.1 65.3 57.2
+EEE T 83.7 68.3 80.6 67.3 722 58.1 69.2 62.6
+HET . 84.5 72.0 87.6 75.8 77.6 70.2 76.5 70.2
PAN 81.9 65.4 78.5 62.6 69.7 57.8 63.9 57.2
PCAN 83.8 69.1 79.1 62.5 712 56.9 66.8 58.1
+E T 86.0 722 74.9 59.7 69.6 55.6 65.3 57.0
+HET 84.5 72.0 87.6 75.8 77.6 70.2 76.5 70.2
LPD 94.4 85.4 927 79.4 87.4 778 83.3 75.8
LPD* 84.0 69.8 77.8 62.9 73.7 60.2 66.7 59.6
+E BT 94.4 85.9 93.7 83.5 88.4 80.4 86.3 81.4
+HE 82.6 68.0 81.5 67.7 76.2 63.2 69.9 62.6
PPT 97.2 92.1 96.5 88.3 89.1 79.8 85.6 79.4
+E BT 97.9 93.2 97.9 923 929 85.7 89.0 82.9
+HE . 98.1 93.5 97.6 91.8 929 85.7 90.8 85.6
MinkLoc3D(NetVLAD) 95.2 86.8 79.5 71.3 79.8 66.1 88.7 73.9
+E BT 92.9 82.4 79.7 72.4 83.9 70.1 89.2 75.3
MinkLoc3D (GeM) 92.5 83.1 86.0 76.5 83.5 76.8 91.0 78.5
+HEF % 97.1 91.3 94.6 83.8 90.6 80.8 85.6 78.4

4.2.2 BIREEST

RATEY T 52 S8 B w s il i T i
6] A1 iz BT 54 (Floating Point Operations, FLOPs) 1Y
b e Ho LPD*E AT F THME AL BFERT . 5
PN-VLAD .PCAN 1 LPD =28 7 i M b, ARWF 5T 4
()22 7 s JE B0t A B e ) A B (S B AU
14.4MB, H iz 17 BF 8] £ PR, o 11lms. S 4 Min-
kLoc3D T4 3D #i i 45 AR A 7E S 80 - HA e 4
71, A MinkLoe3D 7524 2 i) 2805 /b , (B Has 17 Bt
() 243 SRy IR0 7 v MR A

i — 20 Hh ARG T 4 B O VA R T R A
() GeM Zi i S , B9 T NetVLAD & 24 B2
R, LA RN, HET RN SR ECH
6. 12MB, $H17 Bsf 18] 45 46 28 Sms, i &0 T A £
Jiiko BeAh, B 4 SR Tl A 5T T 4 B 4 T vk

JEIZEEREA . i TS s a5 R aE A
SRR S R R, BT A A U R ad R AR A
TP, T 2L — 2 BT 8], O HLITG 192
B R R

BHME

B RS
B AR |

PN-VLAD PCAN LPD PPT-Net

K4 Prid IR S BA T IES B0 LU

g.4 Parameter Quantity Comparison Between the Proposed

Fi

=

Direct Representation Method and Existing Methods
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Table4 Complexity Analysis of Different Models P& ﬁE[EI LR, Eliﬁ{iﬁ JEENGE S
R/ Ik o TR IR FLOPs 32, BRI AHAL TR TS8R I U7k (A (B A
PN-VLAD 19.8MB 15ms 4.2GB C) I EEX AU SR a4 #0207 PR R £
PCAN 20.4MB 55ms 7.7GB T, P — 2 0 e A 5k
LPD 19.8MB 26ms 7.8GB XFASHIFSE 4 B B A B A A A
LPD* 19.8MB 917ms 7.8GB iz AR RE I 5 e, BT A R A Al T R
PPT-Net 13.2MB 22ms 3.2GB JEEU.S. (R A 5B, D. Bdladi b5 HoAe 3 o Kbl
MinkLoe3D LIMB 2 1ms 3.5GB £ I 7EBR B. D. B A0 HAh = AN B AR b L)
il 14.4MB 1ms 10.7GB TR AF , M7E B, D. Bs 4w foeh ¢, {0
T M Sms 10.7GB T AT SRR AR T RE 5 DI 2R 5

B AE BB TR T Oxford BT 4E 240 , B MA T
Foh = A BARAE . HRTABRR T R 7 R R
NetVLAD 55 B , BE % SRS 240 Myl 412 Jmy 5015 6L, AT
PR REAS LASR & o SR ELEE 7 1R FH GeM 2t 1iC
A R AR A, AR SEEL T R R (A
&7, AELAE T X I R 1S 22 A 0T 33K G 5 SR s
I S 785 2o T 7 BT 5 OB 43 4 400 T e e
I, 76 AL B 4 /N B DL SR SE T, B B HE R
AT T 4R (R 2 5 1% 04 G R R ), 2E T 5 T e
T

4.2.3 PERRSETH T

S UE B AR 5% T 12 07 0 9 B, AR 40 7 SR o
2 AN IR SRR TR, o A RN R i
KA AR, B £ F Net VLAD 4%, ifif C s
fiiJH NetVLAD Zifith fin bR SCvE xSy ALl

5 IR T U SR A s AR A AR T YR AL
T UNZREEE 0007 AL P BE A 1 25 L T I 2 5
HCHE 5 D) T VA 1 I A KSH e S5 MERE ARG 45 . 8
o S S AT RIS S BT B ) 4 T TR A R

®5 EEEBEESHEERBEE LRGSRt

Table S Performance Comparison of Test Results on Benchmark Datasets and Augmented Datasets

Oxford University Sector Residential Area Business District
i Tk (U.S) (R.A) (B.D.)
@1% @I @1% @l @1% @1 @1% @l
A 796 613 67.8 53.5 60.2 44.9 54.4 46.1
B 803 626 72.7 63.2 60.8 56.1 65.3 57.2
SRR R C 838 69.1 79.1 62.5 71.2 56.9 66.8 58.1
M4 837 69.3 80.6 67.3 72.2 58.1 69.2 62.6
HEE 845 720 87.6 75.8 71.6 70.2 76.5 70.2
A 739 542 79.3 62.2 75.1 60.2 69.5 59.0
WA B 80.1 633 90.1 86.1 93.1 82.7 86.5 80.1
C 864 707 94.1 83.7 923 82.3 87.0 80.3
¥ 847 69.3 95.8 87.2 925 85.6 87.6 82.6
HE 878 1750 96.5 87.3 94.0 85.9 85.3 79.5
4.2.4 JrkE N M o=0. 05, 33 & s vl ASWF 58 i g [l 45 7

N T KRR SRR, R o e RENLBE B ok R RERME O N R B BRI

PEAT MR AT LG . RN S 0=0. 005 1T, C 7R TE Oxford B4R 4 E IS4, (H HAE TR AR %L
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Table 6 Performance Results of Models Trained on Benchmark Datasets for Input Noise Tests

MhEs vk Oxford University Sector (U.S.) Residential Area (R.A) Business District (B.D.)
@1% @l @1% @l @1% @1 @1% @1

A 79.6 61.2 68.5 532 61.1 46.0 54.6 46.7

000s B 81.1 62.7 71.5 62.9 70.0 56.2 65.3 67.4
C 83.7 69.1 78.6 61.9 70.8 57.4 66.4 57.8

[EiE 3 83.4 68.2 80.2 67.0 71.6 58.7 68.2 60.9
Hi 84.4 71.9 87.6 75.7 715 70.1 76.4 70.1

A 747 56.4 67.0 50.0 63.9 49.0 55.2 47.5

005 B 80.9 62.4 77.4 63.3 69.2 56.1 65.4 67.3
C 80.2 63.3 76.0 60.6 69.6 56.5 66.9 58.9

i3 80.6 65.2 77.0 65.1 70.8 58.9 67.1 59.8
HE 85.5 70.3 84.6 72.6 76.9 68.0 75.2 68.3

h TR R B R, R T D TS R e FE
TR TEREE R . ARSI (A1 R B
PO ook T e I MERBIG 25, 0 WIS T 6. 2%
M7 1%, 8T A B CERfMEE, X—BERHN

BE— 2 8 T IOR R i I BRI AR Y
TAFPEH, RIIE DR L = AR R T AUBESR TS
IN5E £ BIAFAEZR I , i REHY SRS A RS E 1

%7 7TEKITTIS RobotCar Season #{#F5% &4 14ELIE
Table 7 Robustness Experiments on the KITTI and RobotCar Season Datasets
Jrik 30 60 FZ 90 Ji 120 Ji# 150 Ji 180 i -1
A 29.3 18.4 14.1 17.7 15.6 14.2 18.2
B 34.2 24.4 14.7 16.9 14.6 13.5 19.7 (+1.5)
C 39.3 23.1 16.1 19.6 16.8 15.8 21.8 (+3.6)
EIE?4 42.6 26.9 184 224 18.2 17.7 24.4(+6.2)
BHE 45.0 29.4 18.3 22.5 19.1 17.2 25.3 (+7.1)

R T DR B ek R, 3 8 SR AR B
P4 L I S lg (A7 | A PN-VLAD J7 ik 17 1
XoF , ML 7E KITTI F1 RobotCar Season 304 5 I 14 %5
WvkRe. WLAE T AHECT PD-VLAD, A B 5% BT 44
)42 77 IR 7E KITTLER AR PR Re 4 1 2. 4%,

A 5T BT R 5 EE7E RobotCar Season 548 4
BRI 4. 0% F1 5. 8%, HEAKTT F AW
JIT 45 79 b 5 v 5 PN-VLAD A 5 47 (1% 55 B 45 2 vk

W B D7 AR KITTLEUE 4 BRI, Hrp—4>
Jirt R g e 22 et R, HNRAE BN 25 5
FEEER A e ZE
4.3 HELKIE

AT TR IO — M S s R
STE FEERCIE B (AT 1% B9-F-34 A R PERE T 07
ASEES , FFUR AT HT AT 0 A R S
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%8 KITTI S RobotCar Season ##E5% Ry B 1T &M 216
Table 8 Cross—Domain Robustness Experiments on the KITTI and RobotCar Season Datasets

RobotCar Season

ik KITTI@1%
Summer Snow Dusk Sun Night-rain Average
PN-VLAD 524 85 84.9 78.1 78.0 8.5 66.9
EE:3p7S 54.8 90.5 85.8 85.6 78.5 14.0 70.9(+4.0)
HEE 50.0 90.0 87.4 86.6 86.1 13.4 72.7 (+5.8)
4.3.1 HAEHANEHT B HE A ) 4 B (A RRAIE 5 3) JoBE e 3, B R A ek

AR B AR A B PERE RS, e Ak S i 2 f A Rl RO R AR ZERE . ASS Rl 2y
O TR, W B =R B0« D TOREHRE 1, B “PetE™  rfs i, R RAT— B 2 S EUPERE T 1%, iIX 4B
Fik 8 ] PointNet 2 HURAFER R s 2) TR 2, TABIGR iy =X rh i g — B B AR
BIVAS el ) Aer A8 T T A0 ) R 2 R A 4
x99 TERRI R RN

Table9 Impact of Different Modules on the Final Performance

S A1 87 R 2B (Oxford) Oxford US. R.A. B.D
Teidk 1 -3.1 80.5 75.5 65.3 64.1

Fix Tk 2 -16.8 66.8 77.3 71.4 65.1
ek 3 -2.5 81.1 69.8 60.1 55.1

g 0 83.6 78.4 72.2 69.2

oAb 1 -3.92 81.8 82.5 75.3 71.0

A T2 -55.48 33.1 24.4 23.2 23.7
T 3 -7.99 79.7 80.9 68.8 64.9

Xy 0 84.5 87.6 77.6 76.5

H HE R E A B AN 10 BTN o X R) 4 O F10  SLAHER 4 KNS T 28 BT 1% 1R
T, YERE R 256 B AR A, 4 B 0 Ak 2 3 O To vk #
% 7‘[% 4 1[3 ﬁ(:}ﬁ % E/J ‘@ ﬁ'é 1 2% Ej( Wi H'X D=256. %t T Tablel0 Impact of the Final Feature Output Dimension
H ‘ =] ) ’ - e} >
R . . N . Size on the Top—1% Average Recall Performance
EA TR, S YE R 128 B 1A 25 fedd: , 4k BE (1)

104 SR T | BRI D=128 . S FRIE4EEE Oxford U.S. RA. B.D

1452 774 K NetVIAD 525 B0 1 3 11 7 D64 81.0 774 656 609
SR R 4 T R 256 NetVLAD i i [ 3¢ D128 82.4 782 704 65.1
RHR N K, BEHRRABE SR gk M pase 836 784 M2 692
TR EE A R BRI YR m T 32 ), D512 82.8 80.1 747  69.0
PEREN 2T B AR IR e A L T R D64 81.8 8.1 762 717
FBOEE N 32, M LT At O ok R B B D128 84,5 876 716 765
64, R T IEREUE A R A L RS 2E 2T il ] . D256 226 870 780 741

HH TR I SRS A RO AR 12 iR AR FE D56 96 g70  780°\ Y41
FEHA T e KAk  Net VLAD il GeM X i it 6 B
BE, AR ZE TR 0(n).0(In) 1 O(n?), T

D512 84.2 86.8 80.1 75.3
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Tablell Impact of Cluster Size on the Top—1% Average

Recall Performance

RENMEK  Oxford U.s. R.A. B.D
16 82.7 77.2 72.7 67.9
32 83.6 78.4 72.2 69.2
64 82.5 78.5 71.0 65.9
128 83.7 76.0 72.0 67.6

F12 AREFHBERE THRIAERE
Tablel2 Performance Under Different Encoding Strate-

gies
Remg Oxford us. R.A. B.D
Max—Pooling 79.7 80.9 68.8 64.9
NetVLAD 82.2 78.4 69.7 66.8
GeM 84.5 87.6 77.6 76.5

4.3.2 YIFEME AT

MR N3 PR, LI A5 R R, B XA 5 BT 42
PRIV AR BRI 4R T, S R DU T 4 2k R
TP AR MERE . BE X B3 DR 6T R /N ARLEL
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Tablel3 Impact of Different Training Strategies on the

Top—1% Average Recall Performance
S5 USRS
SV kTS 798 729 663 59.8

Oxford U.S. R.A.. "B.D

SRR ER 88.0 833 817 81.6
B gk —=goadik 894 877 847 841
AT IBIR 907 86.2 83.0 84.1

= oAk 82.4 83.6 762 73.6
L pRAETES 82.4 81.8
WAKZILHBIR 824 847 714  73.1

749 722
Hi%

BRPUICAHg 8445 876 776 765
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