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Symplectic Dual-Path Decoupling 3D Gaussian Splatting for Motion Deblurring

Qiu Wenan, Qian Wenhua, Liu Peng, Li Huaguang
School of Information Science and Engineering , Yunnan University , Kunming 650500, China

Abstract: Objective Motion blur is a common degradation in image acquisition that severely degrades three-dimensional
scene reconstruction and novel view synthesis. In practice, motion blur arises from prolonged camera exposure or relative
motion, causing loss of high-frequency details and geometric degradation. Existing deblurring methods based on neural
radiance fields or 3D Gaussian Splatting have made notable progress. However, two critical limitations remain. First, cam-
era trajectory modeling relies on discrete interpolation or standard neural ordinary differential equations, lacking physical
consistency guarantees. Second, a single global transformation is adopted, which is insufficient to capture complex non-
uniform motions such as curved trajectories and acceleration phases. This study aims to develop a motion deblurring 3DGS
framework that ensures physically consistent trajectory modeling and enables precise representation of complex non-uniform
motions. Method The proposed framework introduces two core technical contributions. First, a Hamiltonian dynamics
framework based on symplectic geometry is established for continuous camera trajectory modeling. The camera state is rep-
resented as a position-momentum dual vector in phase space, coupled through the canonical symplectic structure. A sym-

plectic neural derivative network parameterizes the Hamiltonian, and a symplectic Euler integrator performs numerical inte-
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gration by alternately updating position and momentum components. This alternating update preserves the symplectic struc-
ture at the discrete level, thereby guaranteeing trajectory continuity and long-term numerical stability. The camera pose is
decoded from the position component via the Rodrigues formula and SE (3) exponential map. Second, a dual-path adaptive
motion decoupling framework is designed. This framework decomposes motion into two independent branches: a rigid
motion branch that inherits the symplectic trajectory estimation to ensure physically consistent global camera motion, and a
continuous motion refinement (CMR) branch that learns residual adjustments in an unconstrained space to compensate for
discretized integration errors. An orthogonality regularization is applied to the CMR rotation matrix to maintain geometric
plausibility, and the two branches are combined via matrix multiplication to produce final virtual camera poses. For deblur-
ring rendering, a 3D frequency constraint filter is applied to Gaussian primitives to suppress aliasing artifacts. Multiple vir-
tual cameras are sampled along the estimated trajectory, each rendering a sharp image via 3DGS. A pixel-level weighted
fusion module and a blur-region mask network are introduced to adaptively synthesize the deblurred output. The experi-
ments are conducted on the Deblur-NeRF synthetic dataset (5 Blender-rendered scenes with blur simulated in linear RGB
space) , the Deblur-NeRF real-world dataset (10 scenes captured with a Canon EOS RP camera) , and the ExBIuRF
extreme blur dataset (8 scenes with challenging camera motions). Camera poses and initial point clouds are recovered
using COLMAP. Three evaluation metrics are adopted: PSNR, SSIM, and LPIPS. Ablation experiments are designed to
independently verify the contributions of the symplectic geometry module and the dual-path decoupling framework. Result
The experiments are conducted on the Deblur-NeRF synthetic dataset, Deblur-NeRF real-world dataset, and ExBluRF
extreme blur dataset. On the synthetic dataset, the proposed method achieves 30. 74 dB in PSNR, 0. 901 in SSIM, and
0. 073 in LPIPS, outperforming all compared methods in PSNR and LPIPS. The PSNR improvement over the second-best
method SMURF reaches 0. 12 dB, while the LPIPS improvement over the second-best method Deblurring 3DGS is 0. 032.
On the real-world dataset, the proposed method achieves optimal performance across all three metrics : 28. 45 dB in PSNR,
0. 853 in SSIM, and 0. 084 in LPIPS, surpassing all compared methods. On the ExBIuRF extreme blur dataset, the pro-
posed method maintains robust performance with 30. 74 dB in PSNR, 0. 752 in SSIM, and 0. 307 in LPIPS, where the
PSNR advantage over the second-best method Deblur-NeRF (28. 87 dB) reaches 1. 87 dB. The experimental results dem-
onstrate that the proposed method achieves optimal performance on all evaluation metrics across the real-world and
ExBluRF datasets, and optimal PSNR and LPIPS on the synthetic dataset, with particularly pronounced advantages in com-
plex non-uniform motion scenarios. Conclusion The proposed framework successfully addresses the stated objectives by
integrating symplectic geometry-based Hamiltonian dynamics with a dual-path adaptive motion decoupling strategy. The
symplectic neural ordinary differential equation ensures physical consistency and numerical stability in trajectory estima-
tion, while the dual-path decomposition enables accurate modeling of complex non-uniform motions. The method demon-
strates superior reconstruction quality on standard and extreme blur benchmarks. The findings suggest that enforcing physi-
cal consistency in camera trajectory modeling substantially benefits motion deblurring in 3D scene reconstruction. How-
ever, the current method is designed for static scenes and has limited handling capability for dynamic foreground objects.
Additionally, the high-dimensional symplectic neural derivative network introduces non-negligible computational over-
head. Future work will focus on reducing computational complexity while preserving trajectory modeling accuracy, as well
as extending the framework to dynamic scenes.
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Table 1 Rendering results

Synthetic Scene Real-World Scene ExBluRF Real-World Scene

i PSNR 1 SSIM 1 LPIPS | PSNR T SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |
ExBluRF 23.54 0.662 0.388 23.41 0.675 0.219 23.45 0.550 0.381
Mip-Splatting 23.28 0.677 0.282 21.87 0.627 0.307 24.52 0.566 0.600
Deblur-NeRF 28.40 0.866 0.118 24.75 0.806 0.155 28.87 0.709 0.402
Deblurring 3DGS 28.24 0.858 0.105 25.65 0.822 0.114 27.36 0.680 0.399
BAD-Gaussians 29.43 0.793 0.248 19.66 0.635 0.353 26.83 0.663 0.322
BAGS 27.34 0.835 0.112 26.70 0.824 0.096 24.70 0.584 0.528
SMURF 30.62 0.912 0.117 26.33 0.790 0.188 16.52 0.331 0.669
ours 30.74 0.901 0.073 28.45 0.853 0.084 30.74 0.752 0.307

E AL R RIZ 7 A0 3 s 45 B el LA 2R

% 1. 2%, A 7E LPIPS by Ja TR S 6 37. 6%, &
B SMURF 11 55 i 3 55 85 S R0 I AN WA SO0 i
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SRS RAL T7 B BAGS 35 1. 75 dB, SSIM F1 LPIPS ¥ 1)
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A 37 ¥ BY PSNR & 30. 74 dB, 4 58 Wk AL 5 1
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el e
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Fig. 2 Comparison of deblurring results
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Fig. 3 Ablation study results

R2 HEAXBEER
Table 2 Ablation study results

Real-World Scene

Synthetic Scene ExBluRF Real-World Scene

ik PSNRT SSIMT  LPIPS| PSNRT SSIMT  LPIPS! PSNRT SSIMT  LPIPS|
bRt 22 ODE 28.12 0.840 0.089 30.42 0.893 0.074 30.49 0.743 0.317
AR ek 27.85 0.834 0.096 28.91 0.869 0.112 30.73 0.751 0.308
S JLART Ri A # 28.45 0.853 0.084 30.74 0.901 0.073 30.74 0.752 0.307

TE O TR R & 9 e L4 2R

N,y = STF PERERG AR TT, 26 B 22 (VR AT s BEAS
SRS 40 b 3 AR AR i AR Y N, = 9 I IR FIE
REWE(E , — TS AR IR B iR LK 4 N, = 151,
PERE BRG] v, X AT REE i T i B A B i )
FIA T BN BAE R ZE

M BRAR S5 Br , SR A i R 438 75 ) e

JEARVCHC , X T 52 BER 3 5, B0 KA i 2B vl 52
Sy AR T 6F T AR 37 50 W) 75 B SR A LA
AR R PUE A Z ZhEST . SR, i B HRAE S TIA
AN T G I B AN B B 1w A4 B AL, T RE S 0l
ATRIE o AN ICERE B JERTIE SRR I -y, e+

N, = STERBRIALE. |
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Table 3 Computational efficiency comparison

7 YLK (s) HEFR R 7] (ms/img) FPS  mligod SHok(M) B EBAF(GB)
PRt 2 ODE 9241 334.57 2.99 72804 5.35 2.67
ASC M it 13059 334.69 2.99 69764 5.20 2.64
2 JLART R it A 16736 342.18 2.93 55677 4.37 2.54

R4 FERERHIEER

Table 4 Comparison of time sampling points

PREIET PSNR 1 SSIM 1 LPIPS |
3 26.65 0.807 0.142
5 27.72 0.836 0.108
9 28.45 0.853 0.084
15 28.15 0.844 0.085

T L P SRR S S R A4 2R

3.4 LB

R B IE S LAY KU it R A A AR AL I T8 ) S PRk
F AR AL T AT B A LIE Sh L . K] 4
JE7R T INZRAL A B AP A, P& ep TR (S A2
AE IR A B ARBLAL S, O s 200,
PN A BRI o LAET 4 SHE v A9 18 £ A 491
5 J7R 1A T Uiz s I R ) K SUAR DL
Y IR e R n U Al 1 1912 Sh B e B L v
[E] AR AE B B 22 A K SUARBILAL B, 20 AL (s
R OFRPUL A RIEALT5 1 o P HR] L
B, FBLHER AT 12 307 0 4 20 70 A1, B -3
2% WY R D0 3 RE 3 2 4T A A BLIZ Bl i 1 B
pS/IKE L8

x5 HMTEME-HFUSTEELER
Table S Quantitative results of physical consistency analy-

sis of trajectories

T ATE | ATEP |
FRAfERIZE ODE 1.966 2.254
ASC PP i 2.461 3.042
S JLARD RS fife RS 1.501 1.774

T L P SRR 5 S R A4 2R

SRy — 25 B O ARAL B ) B A, AR 5 SR
AR IR R 2E (ATE) X 95 11 703 (ATEP) /2 i
PEA AL 1 B ARG . ATE il i KA i i
5 FAEBUE HEAT Sim (3) X 57 5 7138 4 07 M R 22

B4 YIGRB L m  ah i O

Fig. 4 Training view coverage

K5 F S i sk

Fig. 5 Single-view motion trajectory

(Sturm %5, 2012), ATEP W 7E ATE JERE FH 95 7
A7 B UL s B2 22 B R 3 43 A (Cadena 45, 2016) .
%5 7R T #E Deblur-Nerf A BB 4E T 4 ) = FhiH
T B 8 A AL P — SO A b B SR . v L
B 2 LA UL i R T 9 AH AL 1z 2 30 7 79 30
SE AR AR LS e LR ATE H AW 1 ik #
B 2.46 m FHEZE 1. 50 m, HIXFFEIRIL 39. 0%:;
[F] B ATEP Hi 3.04 m FFEZE 1.77 m, FHXFRE IR I8
41. 6%, FREIRKH], 5 TUT LR i 2 3R T
T AL i A, H AR 25 1 R A TR
FEIS 53, 90 ik 1 A SO A i AR AL Iz 3l
TIE 1 ) B — O
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