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Figure 1. Our NVC-GS method develops Geometry-aware Normal Regularization (GeoNR) and Diffusion-based Multi-view Consistency
(DMC) for high-quality monocular dynamic scene reconstruction, addressing three critical challenges: (a) Reducing Surface Noise, (b)
Correcting Structural Deformation, and (c¢) Enhancing Reflection Rendering. In dynamic scenes with reflective surfaces, our method

achieves higher consistency while maintaining real-time performance.

Abstract

High-quality, real-time dynamic scene reconstruction
and rendering are essential for immersive applications.
While techniques like 3D Gaussian Splatting (3DGS) suc-
ceed in static scenes, dynamic monocular scenarios still
suffer from deformation, surface noise, and inconsistent
view-dependent effects due to insufficient geometric con-
straints and inadequate multi-view consistency enforce-
ment for monocular input. To address these challenges,
we present Normal-Regularized and Multi-View-Consistent
Gaussian Splatting (NVC-GS), a novel approach combining
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geometry-aware normal regularization with diffusion-based
multi-view consistency. Our method explicitly preserves
geometric consistency in dynamic objects through tailored
normal constraints, while leveraging diffusion-driven latent
space regularization to ensure cross-view rendering consis-
tency, particularly for complex materials such as reflective
surfaces. Experimental results demonstrate that our ap-
proach effectively improves geometric accuracy and visual
quality in dynamic scenes while maintaining real-time ca-
pabilities, outperforming existing methods in terms of de-
formation handling, surface noise reduction, and rendering
of reflective materials.



1. Introduction

Novel View Synthesis (NVS) involves generating images
of a scene from arbitrary viewpoints using a limited set of
known views. It has demonstrated significant value in fields
such as virtual reality (VR) [23, 33], autonomous driving
[30], and robotic manipulation [31, 45]. NVS techniques
have evolved from early image-based rendering methods
[4, 16, 24] to geometry-driven approaches [6], and more re-
cently, to neural representations [8, 9, 25-28, 40]. Recently,
3D Gaussian Splatting (3DGS) [15] has made significant
strides in 3D reconstruction, using explicit Gaussian dis-
tributions to represent geometric and appearance attributes,
and synthesizing images via efficient rasterization, offering
a balance between quality and efficiency.

3DGS has evolved from multi-view to single-view sce-
narios and expanded from static [5, 20, 42, 46] to dynamic
[17, 22, 36, 41] scene modeling. Key improvements have
been made in sparse view input processing [5], Gaussian
kernel construction [46], and final rendered output [20].
Monocular dynamic scene reconstruction, known for its re-
source efficiency, versatility, and real-time rendering, faces
critical challenges, particularly the lack of effective geomet-
ric constraints and multi-view consistency, which limit its
application in complex scenarios.

The main challenge in monocular dynamic scene recon-
struction with 3DGS is maintaining geometric consistency
during deformation. Vanilla 3DGS [15] uses Gaussian ker-
nels with smoothing properties, favoring gradual transitions
over sharp details. Methods like Deformable 3DGS [41]
optimize only position, rotation, and scaling, lacking sur-
face continuity constraints, leading to high-frequency detail
loss and artifacts. From a differential geometry perspective,
normal vectors characterize surface properties such as ori-
entation and curvature, and help address related challenges
by promoting surface smoothness and preserving features.
While methods like [13, 18] have integrated normal estima-
tion to constrain geometry, they focus primarily on static
scenes and overlook the relationship between deformation
fields and normal updates, limiting their application to com-
plex deformations. To address these challenges, we pro-
pose Geometry-aware Normal Regularization (GeoNR): 1)
tightly coupling normal updates with deformation fields to
ensure natural normal variation during motion; 2) intro-
ducing self-constrained normal smoothness regularization
to promote geometric consistency.

Multi-view inconsistency is a key challenge in monocu-
lar dynamic scene reconstruction. In dynamic scenes, ma-
terial appearance changes with viewpoint, but monocular
reconstruction relies on single views at each time point, fo-
cusing on appearance matching and neglecting cross-view
consistency. This lack of constraints causes artifacts dur-
ing viewpoint transitions, particularly on reflective surfaces.
Diffusion models [12, 29], trained on diverse datasets, pro-

vide rich visual priors and ensure semantic consistency in
latent space, offering potential for addressing multi-view
consistency. However, existing approaches face two limita-
tions: implicit methods [10, 19, 38, 39] suffer from NeRF’s
volumetric rendering overhead, affecting real-time perfor-
mance, while explicit methods [2, 21] improve efficiency

for static scenes but fail to capture temporal variations, lim-

iting their application to dynamic reconstruction. To ad-

dress these issues, we propose Diffusion-based Multi-view

Consistency (DMC): 1) a spatio-temporal constraint that

samples images from different time points and viewpoints,

ensuring consistency in latent space; 2) a regularization
strategy employing optimal noise levels to prevent unrealis-
tic scene generation.

Our Normal-Regularized and Multi-View-Consistent
Gaussian Splatting (NVC-GS) method eliminates surface
noise, artifacts, and unnatural deformations in dynamic
scene reconstruction by integrating normal constraints with
diffusion-based multi-view consistency (see Fig. 1). To
summarize, our contributions are as follows:

* Geometry-aware Normal Regularization (GeoNR): A
mechanism that couples normal updates with deformation
fields, ensuring natural normal variation with object mo-
tion and maintaining sharp edges and smooth surfaces.

* Diffusion-based Multi-view Consistency (DMC): A
lightweight framework that leverages diffusion model pri-
ors through efficient latent space projection to enforce
cross-view consistency in dynamic scenes.

* Progressive three-stage training strategy: An effective
pipeline that introduces constraints gradually through
weight scheduling, ensuring stable optimization and high-
quality reconstruction.

2. Related Work
2.1. Novel View Synthesis

Early novel view synthesis evolved through two main ap-
proaches. These include image-based techniques [4, 16, 24]
requiring dense sampling, and geometry-aware methods [6]
that struggled with complex lighting effects. NeRF [25]
revolutionized the field with continuous volumetric mod-
eling that achieved unprecedented visual quality. Dynamic
scene extensions incorporated deformation fields [28], tem-
poral embeddings [26], and surface constraints [27, 40], but
remained computationally intensive for interactive applica-
tions. 3D Gaussian Splatting [15] addressed efficiency chal-
lenges by combining point-based representations with dif-
ferentiable rasterization. Dynamic scene synthesis has since
advanced through time-dependent modeling [17], deforma-
tion techniques [41], and 4D representations [36], with spe-
cialized approaches addressing sparse views [5], continuous
transformation [46], multi-view generalization [20], and de-
tail preservation [42].



Despite these advances, two challenges remain: surface
distortions in deforming regions due to insufficient geomet-
ric constraints, and multi-view inconsistencies causing arti-
facts across viewpoints. Our work tackles these issues with
geometry-aware normal regularization and diffusion-based
multi-view consistency.

2.2. Normal-based Geometric Constraints

Surface normal constraints provide effective geometric reg-
ularization for 3D Gaussian representations. NeuS [32]
utilizes SDF gradients as surface normals for high-quality
static reconstruction, while recent work has integrated nor-
mal estimation into the 3DGS framework. GS-IR [18] and
GaussianShader [13] estimate normals in different ways,
the former for inverse rendering constraints, and the latter
using the shortest axis of 3D Gaussians for reflective sur-
face reconstruction. Wu et al. [37] address surface discon-
tinuity using density consistency and normal-based reflec-
tion modeling, while Normal-GS [35] incorporates normals
into physically-based rendering equations. Other geometry-
aware methods, such as Gaussian Opacity Fields [43], cal-
culate ray-Gaussian intersections to derive geometric priors,
and VCR-GausS [3] optimizes Gaussian geometry via view-
consistent depth-normal regularization.

Unlike previous methods that ignore normal constraints
or require dense normal maps, our approach uses self-
supervised normal regularization to address geometric in-
consistencies while maintaining real-time performance.

2.3. Multi-view Consistency Constraint

The first enhances implicit representations (NeRF) with dif-
fusion priors. Zero-1-to-3 [19] combines diffusion models
with geometric priors for 3D reconstruction. DiffusioNeRF
[39] uses denoising diffusion models to improve view con-
sistency. Control3Diff [10] and ReconFusion [38] guide
NeRF optimization with score distillation and conditional
constraints, respectively. While these methods improve
quality, efficiency bottlenecks limit their real-time applica-
bility. The second paradigm focuses on enhancing explicit
representations (3DGS) for static scenes. 3DGS-Enhancer
[21] addresses sparse-view artifacts using video diffusion
models. MV2MYV [2] offers a unified framework for multi-
view image translation with high quality and consistency.

However, these methods struggle to model temporal
variations, limiting their use in dynamic scenes. Our DMC
module overcomes these challenges with a lightweight dif-
fusion prior projection mechanism, seamlessly integrating
with deformation fields and normal constraints.

3. Preliminaries
3.1. 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) [15] represents scene geom-
etry and appearance using 3D Gaussian primitives. Each
Gaussian is defined by a center position € R? and a co-
variance matrix ¥ € R3*3:

G(x) = 6*%(X*IL)TE_1(X*M)7 (1)

where Y is optimized using a rotation matrix R and a scal-
ing matrix .S:

¥ = RSSTRT. )
The optimization of 3DGS relies on a photometric loss that
combines L1 distance and structural similarity:

ERGB = (1 - ADSSIM)ﬁl + )\DSSIM(I - SSIM)7 (3)

where £ represents the L1 distance between rendered and
ground truth images, while SSIM quantifies structural sim-
ilarity.

3.2. Deformable 3D Gaussian Splatting

To model dynamic scenes, Deformable 3D Gaussian Splat-
ting (D-3DGS) [41] introduces a time-conditional deforma-
tion field that adjusts Gaussian parameters over time. This
approach decouples static and dynamic components using
a deformation MLP network Fp, which maps 3D Gaus-
sians into canonical space and predicts position, rotation,
and scaling offsets:

(0x, dr, 6s) = Fo(v(x, 1)), )

where x represents the 3D Gaussian position, ¢ is a tempo-
ral variable that extends the static 3DGS framework to dy-
namic scenes, and y denotes the positional encoding. These
outputs transform static Gaussian parameters into their dy-
namic counterparts. However, D-3DGS faces two key lim-
itations: 1) geometric inconsistencies at object boundaries
due to the absence of surface constraints, resulting in unnat-
ural deformations; 2) view-dependent appearance instabil-
ity, which causes flickering and inconsistent material ren-
dering across different viewpoints. Our proposed method
effectively addresses these issues, as demonstrated in the
experimental results presented in Sec. 5.2.

4. Method
4.1. Overview

We propose Normal-Regularized and Multi-View-
Consistent Gaussian Splatting (NVC-GS) to address
geometric and temporal inconsistencies in dynamic scene
reconstruction. As shown in Fig. 2, NVC-GS introduces
Geometry-aware Normal Regularization (GeoNR) and
Diffusion-based Multi-view Consistency (DMC), via a
progressive three-stage training protocol.
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Figure 2. Pipeline overview. Our approach extends D-3DGS through a progressive three-stage training process: Stage 1 (blue region)
performs static initialization where we optimize Gaussian properties and initialize surface normals while freezing the deformation network;
Stage 2 (purple region) implements deformation-aware normal updates that maintain geometric consistency during object motion; and Stage
3 (green region) introduces diffusion-based multi-view consistency by encoding renders from different views and time steps into a shared

latent space with calibrated noise.

Stage 1: Static Base Initialization. We freeze the defor-
mation network, and optimize Gaussian properties through
RGB reconstruction loss Lrgp, while initializing normals
using the shortest axis of each Gaussian ellipsoid.

Stage 2: Normal-guided Deformation. After static op-
timization, we activate the deformation network with
deformation-aware normal updates and normal smoothness
constraints to ensure geometric consistency during motion.

Stage 3: Diffusion Consistency Enforcement. We intro-
duce DMC, which randomly samples rendered images from
different time points and viewpoints, applies VAE encoding
and decoding with calibrated noise to generate regularized
representations, thereby enhancing multi-view consistency.

4.2. Geometry-aware Normal Regularization

Traditional 3D Gaussian Splatting relies solely on RGB re-
construction loss and does not provide explicit geometric
constraints, resulting in inaccurate surface reconstruction at
object edges and curved regions. To address this limita-
tion, we propose Geometry-aware Normal Regularization
(GeoNR) to enhance surface reconstruction accuracy.

4.2.1 Normal-enhanced Gaussian Representation.

Physically based rendering (PBR) [11] demonstrates that
surface normal information is critical for both realistic ren-
dering and accurate geometry representation. However,
vanilla 3D Gaussians lack explicit surface orientation infor-
mation, resulting in loss of geometric details. We therefore

extend the standard 3D Gaussian representation by intro-
ducing normal attributes n; € R for each Gaussian point:

g:{(Xi7ri,Si,Ci7OZi,ni)|i:172,...7N}, (5)

where x; is the center position, r; is the rotation, s; is the
scaling, c; is the color feature, «; is the opacity, and n;
provides explicit surface orientation information essential
for accurate geometric reconstruction.

4.2.2 Adaptive Normal Updating.

To ensure normals accurately reflect surface properties and
maintain consistency during scene deformation, we design
an adaptive normal update mechanism. As shown in Fig. 3,
this mechanism adjusts computation according to training
phases, with geometry-based initialization in stage 1 and
deformation-aware updates in stages 2-3.

Normal initialization. We leverage the geometric prop-
erties of Gaussians to initialize normal vectors. 3D Gaus-
sian representation is tied to Singular Value Decomposition
(SVD) in Principal Component Analysis (PCA) [14], where
data exhibits minimal variance along the eigenvector corre-
sponding to the smallest eigenvalue. For 3D Gaussians, this
implies their shortest axis aligns perpendicular to the local
surface, yielding a suitable normal approximation:

n = R[:, k] € R} k = argmin([sy, s2,53]),  (6)

where R is the rotation matrix, and k represents the index of
the smallest scaling parameter, indicating the shortest axis.
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Figure 3. Adaptive Normal Updating. In Stage 1 (left), normals
are initialized using the shortest axis of each Gaussian ellipsoid.
In Stages 2-3 (right), our deformation-aware update mechanism
adjusts normals based on the deformation field, using scaling and
rotation parameters to construct orthogonal bases that ensure geo-
metric consistency during dynamic motion.

Phase-based update strategy. We employ a staged nor-
mal update strategy. In stage 1, we use the shortest-axis-
based method in Eq. (6) for initial geometry establishment.
In stages 2-3, we use deformation-aware normal update
strategy, which is based on the principle of coordinate sys-
tem transformation in differential geometry [1].

n' = VUTn, (7

where n’ € R3 is the transformed normal vector. The ma-
trices U = [v,, vy, v¢] and V = [v/, v}, v}] are orthogonal
bases before and after deformation, with v, v; being short-
est and longest axes, and v, their cross product.

4.2.3 Self-constrained Normal Regularization.

In contrast to methods requiring explicit normal super-
vision, we propose a self-constrained approach that pre-
serves geometric properties without external normal maps.
Our method employs smoothness constraints that encourage
sequentially adjacent Gaussians to maintain continuously
varying surface orientations:

N-1
1
LNORMAL = N_o1 Zl lniy1 — niH%v (®)

where NN is the total number of Gaussian points and n;
denotes the normal vector of point z. This constraint pro-
motes local smoothness between adjacent normals without
enforcing global consistency. Balancing with Lrgp pre-
vents over-smoothing that would degrade rendering quality.
Combined with deformation-aware normal updates, this ap-
proach significantly enhances geometric reconstruction in
dynamic scenes.

4.3. Diffusion-based Multi-view Consistency

While GeoNR enhances geometric quality, monocular dy-
namic reconstruction suffers from appearance inconsisten-
cies across temporal views, causing flickering and arti-
facts. We propose Diffusion-based Multi-view Consistency

(DMC) that leverages pre-trained diffusion priors to har-
monize visual appearance while preserving dynamic de-
tails. Unlike conventional iterative denoising approaches,
our DMC introduces a lightweight diffusion-based VAE
regularization with minimal computational overhead.

4.3.1 Multi-view Batch Sampling

To effectively address spatio-temporal inconsistencies, we
design a periodic batch sampling strategy that collects ren-
dered images from diverse temporal points and viewpoints
during training:

B={I(t;,v)]i=1,2,..,N}, 9)

where I(t;, v;) represents an image rendered at time ¢; from
viewpoint v;, with both randomly sampled to ensure broad
spatio-temporal coverage, and N is the batch size.

4.3.2 Latent Noise Augmentation

After collecting the multi-view batch, we transform the im-
ages from pixel space to the diffusion model’s latent space
through a VAE encoder and apply a calibrated amount of
noise:

z=EI)+o-¢ e~N(0,1), (10)

where £(-) denotes the VAE encoder, o controls the noise
magnitude, and € is random noise sampled from a standard
normal distribution. Our approach encodes multi-view ren-
ders into a common VAE latent space with calibrated noise
to create a shared optimization domain. This encoding pro-
cess guides optimization toward more coherent representa-
tions across different viewpoints and time steps.

We then project the noise-augmented latent represen-
tations back to pixel space through direct decoding I =
D(zt), where D(-) is the VAE decoder. This operation
leverages the learned priors of the VAE to regularize the la-
tent space, preserving key structural and semantic informa-
tion such as object positioning and color distribution while
working with perturbed representations.

4.3.3 Multi-view Consistency Loss

Through this latent noise augmentation process, we define
the DMC module’s loss Lpyc as:

Lome = Y 11t v:) = I(ts,v3)]3, (11)
i€EB

where I (t;,v;) represents the originally rendered image and
I (t;,v;) is its corresponding version reconstructed through
VAE with calibrated latent noise. Although formulated as
pixel-level MSE, this loss fundamentally differs from direct
image comparison because the VAE bottleneck emphasizes



As Basin Bell Cup
Method PSNRT SSIM?T LPIPS| PSNRfT SSIMt LPIPS| PSNRfT SSIMT LPIPS| PSNRT SSIMt LPIPS]
NeRF-DS* [40] 2534  0.8803 0.2150 20.23  0.8053 0.2508 22.57 0.7811 0.2921 2451 0.8802 0.1707
HyperNeRF* [27] 17.59 0.8518 0.2390 22.58 0.8156 0.2497 19.80 0.7650 0.2999 1545 0.8295 0.2302
4DGS* [36] 24.85 0.8632 0.2038 19.26 0.7670 0.2196 22.86 0.8015 0.2061 23.82 0.8695 0.1792
D-3DGS 26.12 0.8845 0.1806 19.61 0.7941 0.1915 25.17 0.8426 0.1619 24.66 0.8883 0.1589
Ours 2622 0.8849 0.1817 19.65 0.7962 0.1890 2528 0.8465 0.1583 24.82  0.8901 0.1585

Plate Press Sieve Mean
Method PSNRT SSIM{T LPIPS| PSNR{T SSIMtT LPIPS| PSNR{T SSIMT LPIPS| PSNRT SSIMT LPIPS|
NeRF-DS* [40] 19.70  0.7813 0.2974 25.35 0.8703 0.2552 2499 0.8705 0.2001 23.24 0.8384  0.2402
HyperNeRF* [27] 21.22 0.7829 0.3166 16.54 0.8200 0.2810 19.92  0.8521 0.2142 19.01 0.8167 0.2615
4DGS* [36] 18.77 0.7709 0.2721 24.82 0.8355 0.2255 25.16 0.8566 0.1745 2279 0.8235 0.2115
D-3DGS 20.27 0.8096 0.2260 2543 0.8623 0.1946 2540 0.8726 0.1491 23.81 0.8506 0.1804
Ours 20.56 0.8161 0.2241 25.63 0.8655 0.1910 2546 0.8726 0.1504 23.96 0.8531 0.1790

Table 1. Quantitative comparison on the NeRF-DS dataset. We report the average PSNR, SSIM, and LPIPS (VGG) of several previous
models on test images. Best, second best , and third best results are highlighted in red, orange, and yellow, respectively. The results
reported in [7] used the same dataset split as ours and conducted a unified evaluation of these methods. Note that the original 4DGS work
did not test on the NeRF-DS dataset. The slight differences in our measurement metrics, compared to those in NeRF-DS and HyperNeRF,
arise from their use of MS-SSIM instead of SSIM and LPIPS with an AlexNet backbone instead of VGG.

structural features that persist through encoding-decoding,
rather than exact pixel alignment. This promotes cross-view
consistency while preserving scene-specific details.

4.4. Training Loss

To balance RGB fidelity, geometric accuracy, and spatio-
temporal consistency, we define a joint optimization loss:

L = A\gpLRGB + Anormal LNORMAL + Adme £DMC, (12)

where Lrgp ensures rendering fidelity by enforcing pixel-
level and perceptual consistency between rendered and ref-
erence images. LNorMAL promotes geometric consistency
by regularizing normal variations between adjacent Gaus-
sian points, reducing surface artifacts. Lpyc leverages
diffusion priors to enhance cross-view consistency, par-
ticularly for reflective surfaces and viewpoint transitions.
Both the Lrgp and LyormaL are optimized across all three
stages, while the Lpyc is optimized starting from stage 3.
Through joint optimization of these complementary losses,
NVC-GS achieves high-quality dynamic scene reconstruc-
tion, ensuring both realistic appearance and geometric accu-
racy while eliminating common artifacts such as ghosting,
blurred edges, and deformation.

5. Experiments
5.1. Experimental Settings
5.1.1 Datasets and Metrics.

To validate our NVC-GS method, we conducted evaluations
on two representative dynamic scene datasets: NeRF-DS

[40] and D-NeRF [28]. The NeRF-DS dataset contains 7
real-world dynamic scenes featuring challenging specular
objects with complex reflective properties, while D-NeRF
consists of 8 synthetic dynamic scenes with varying camera
poses at each timestep. We employ standard image quality
metrics including PSNR, SSIM [34], and LPIPS [44] to as-
sess rendering fidelity, along with frames per second (FPS)
to evaluate computational efficiency.

5.1.2 Implementation.

Our PyTorch-based implementation runs a total of 20k it-
erations for NeRF-DS and 40k iterations for D-NeRF to
accommodate their varying complexity levels. Progressive
weight scheduling is applied to all regularization terms,
gradually increasing their influence throughout the train-
ing process. All experiments were conducted on a single
NVIDIA RTX 3090 GPU, using the original train-test splits
of the respective datasets. D-3DGS results are reproduced
using the official implementation, with minor variations due
to framework updates and training randomness.

5.2. Comparisons

5.2.1 Real-World Dataset.

We compare against state-of-the-art approaches on the
NeRF-DS dataset [40], including the NeRF-DS, HyperN-
eRF [27], 4DGS [36], and D-3DGS [41]. Quantitative re-
sults are shown in Tab. 1. Our method achieves an av-
erage PSNR of 23.96 dB (+0.63% over D-3DGS), SSIM
of 0.8531 (+0.29%), and LPIPS of 0.1790 (a 0.78% im-
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Figure 4. Qualitative comparison on the NeRF-DS dataset between ground truth (top), D-3DGS (middle), and our NVC-GS (bot-
tom). Our approach demonstrates noticeable improvements including clearer reflections (As, Press), more accurate geometry in rim areas
(Basin), reduced surface noise (Bell), corrected distortion (Cup, Sieve), and eliminated artifacts (Plate). These enhancements are particu-

larly evident in challenging scenes with reflective materials.

Method PSNRT SSIM?T LPIPS| FPS?

D-NeRF [28] 30.43 0.95 0.07 <1
TiNeuVox-B [8] 32.67 0.97 0.04 1.5

K-Planes [9] 31.61 0.97 - 0.97
4DGS [36] 34.05 0.98 0.02 82
D-3DGS 38.68 0.99 0.02 1
Ours 38.83 0.99 0.02 127

Table 2. Quantitative comparison on the D-NeRF dataset. We
report the average PSNR, SSIM, and LPIPS (VGG) across all 8
scenes. ‘-’ denotes that the metric is not reported in their works.

provement, lower is better). In the Plate scene with com-
plex curved surfaces, our GeoNR reduces geometric distor-
tion, delivering PSNR gains of +0.29 dB over D-3DGS.
For scenes with reflective materials such as Bell and Press,
the DMC module enhances consistency across viewpoints,
driving perceptual quality improvements (LPIPS reduced
by 2.22% and 1.85%, respectively).

The qualitative results presented in Fig. 4 further vali-
date the visual advantages of our method. The comparisons
reveal that NVC-GS effectively mitigates three key issues:
geometric edge errors in dynamically deforming regions,
noise artifacts on reflective surfaces, and blurring artifacts
caused by inconsistent rendering.

5.2.2 Synthetic Dataset.

To verify the versatility of our approach across different
scene types, we evaluate NVC-GS on the D-NeRF syn-
thetic dataset [28]. As shown in Tab. 2, our method
achieves a PSNR of 38.83 dB (40.15 dB over D-3DGS)
while maintaining equivalent SSIM (0.99) and LPIPS (0.02)
scores against both neural implicit methods (D-NeRF [28],
TiNeuVox-B [8], K-Planes [9]) and Gaussian-based ap-
proaches (4DGS [36], D-3DGS [41]). The method also
demonstrates significant rendering efficiency improvements

on these synthetic scenes, further verifying its generalizabil-
ity to both real-world and synthetic dynamic scenes with
different motion and appearance characteristics.

Bouncing Balls T-Rex

Jumping Jacks

Hell Warrior

42
1PS: 0.0249

Figure 5. Qualitative comparison on the D-NeRF dataset be-
tween ground truth (left), D-3DGS baseline (middle), and our
NVC-GS method (right). Yellow boxes highlight detailed re-
gions. NVC-GS effectively reduces geometric deformation arti-
facts and improves surface consistency in complex areas.

As shown in Fig. 5, qualitative comparisons demon-
strate that NVC-GS effectively enhances detail represen-
tation across diverse dynamic scenes, achieving superior



NeRF-DS D-NeRF
Method PSNRT SSIMT LPIPS| FPST PSNR?T SSIM?T LPIPS| FPST

D-3DGS 23.81 0.8506 0.1804 46 38.68 0.9854 0.0176 77
w/o DMC 2391 0.8524 0.1787 49 38.77 0.9851 0.0177 98
w/o GeoNR 23.87 0.8512 0.1791 47 38.72 09854 0.0175 124
Full Model 23.96 0.8531 0.1790 57 38.83 0.9857 0.0173 127

Table 3. Ablation Study of Our NVC-GS Components. Starting
from the baseline D-3DGS, we incrementally add components to
evaluate the contribution of each module.

| PSNR: 24.66 PSNR: 24.69 y ‘ PSNR: 24.82 P e
f A | cow 4 !
P Corrected / ;
Distortion
[

GT D-3DGS w/o GeoNR Full Model

Figure 6. Ablation study on reflective surface reconstruction in
the Cup scene from NeRF-DS dataset. From left to right: ground
truth, D-3DGS baseline, our method without GeoNR, and our full
model. The yellow boxes highlight the challenging reflective area
with complex specular highlights. The GeoNR module improves
geometric accuracy and surface detail preservation.

rendering quality to D-3DGS. Specifically, it preserves fine
horn structures in T-Rex, enables more accurate reconstruc-
tion of the blue ball’s boundary in Bouncing Balls, renders
hand-region details with higher precision in Jumping Jacks,
and achieves clearer knee geometry in Hell Warrior.

5.3. Ablation Studies
5.3.1 Quantitative results

To evaluate the contributions of key components, we per-
form ablation experiments on the NeRF-DS [40] and D-
NeRF [28] datasets. Using D-3DGS as the baseline, we
progressively incorporate the GeoNR and DMC modules,
with results shown in Tab. 3.

Our ablation studies demonstrate individual module con-
tributions. GeoNR provides quality improvements (PSNR
+0.10 dB on NeRF-DS, +0.09 dB on D-NeRF) via effec-
tive geometric constraints. While DMC alone shows mod-
est improvements, combining it with GeoNR creates syn-
ergistic effects, exceeding DMC alone by +0.09 dB and
+0.11 dB on NeRF-DS and D-NeRF respectively. This syn-
ergy confirms that diffusion-based consistency constraints
require accurate geometric foundations to realize their full
potential in 3D reconstruction. Furthermore, the full model
improves rendering efficiency, achieving 57 FPS on NeRF-
DS and 127 FPS on D-NeRF.

5.3.2 Qualitative results

We present qualitative ablation results on representative
scenes from both datasets. As illustrated in Fig. 6, the

PSNR: 43.76 PSNR: 43.80
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Figure 7. Ablation study on multi-view consistency in the
StandUp scene from D-NeRF dataset with large viewpoint
variations. From left to right: ground truth, D-3DGS baseline,
our method without DMC, and our full model. The yellow boxes
highlight facial details that benefit from consistent multi-view rep-
resentation. The DMC module improves rendering consistency.

GeoNR module demonstrates effectiveness on the reflective
Cup scene. While D-3DGS struggles with specular high-
lights and geometric distortions, integrating GeoNR with
DMC further yields superior surface geometry and clearer
reflection patterns in the red highlight region. Figure 7
shows the DMC module’s benefits on the StandUp scene
with large viewpoint variations. Beyond baseline incon-
sistencies and GeoNR’s geometric improvements, our full
model maintains coherent facial features across viewpoints
through multi-view consistency optimization.

These results validate our architectural principle.
GeoNR provides reliable geometric representations to en-
hance DMC’s consistency constraints, while DMC boosts
cross-view coherence. Their complementary effects jointly
improve reconstruction quality beyond the performance of
either module alone.

6. Conclusion

We present NVC-GS, a dynamic scene reconstruction ap-
proach that addresses insufficient geometric constraints
and inadequate multi-view consistency in 3DGS. Our
method combines geometry-aware normal regularization
and diffusion-based multi-view consistency to address sur-
face noise, structural deformation, and reflection render-
ing challenges, thereby improving overall rendering qual-
ity. Experiments demonstrate that these complementary
constraints create a mutually reinforcing effect, where bet-
ter geometry enables more consistent views, which in turn
refines the underlying representation. Future work could
explore adaptive regularization strategies and explicit re-
flectance modeling for more robust dynamic scene recon-
struction in challenging environments.
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