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Abstract

Reconstructing dynamic objects from monocular RGB-D
video is critical for advancing 3D vision applications and en-
hancing user experience. However, monocular RGB-D video
provides limited 3D observations, making the reconstruc-
tion of unobserved regions highly under-constrained. De-
spite recent advances that combine neural implicit surfaces
with diffusion models, the inherent limitations of implicit
representations and the lack of effective guidance in dif-
fusion priors lead to blurry appearance and inaccurate ge-
ometry in dynamic object reconstruction. To address the is-
sue, we present MGD, which leverages scene-adaptive dif-
fusion priors and Mesh-guided Gaussians for realistic ren-
dering and geometrically accurate reconstruction of dynamic
objects, including unobserved regions. The dynamic 3D ob-
jects reconstructed by MGD are represented using our pro-
posed Mesh-guided Gaussians, which leverage global and lo-
cal Gaussians to capture large-scale deformations and fine-
grained appearance details, respectively. Additionally, in or-
der to utilize depth information, we integrate a depth Con-
trolNet into the diffusion model and conduct scene-adaptive
fine-tuning. We design a self-generated image-pair strategy
to produce image pairs used for fine-tuning. Extensive exper-
iments demonstrate that MGD achieves state-of-the-art per-
formance in both high-fidelity reconstruction and structural
completeness, while maintaining real-time efficiency during
training and rendering.

Introduction
Fast and high-fidelity 3D object reconstruction from a set
of input images is necessary for many applications such
as AR/VR, 3D content production and entertainment. Al-
though RGB-D cameras provide depth information, the lim-
ited viewpoints in monocular videos still pose a significant
challenge for high-fidelity 3D reconstruction.

Early methods leverage Neural Radiance Fields
(NeRF) (Mildenhall et al. 2020) to reconstruct dy-
namic scenes, focusing on observed regions while exploring
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extensions to unobserved regions. NDR (Cai et al. 2022)
reconstructs dynamic scenes from monocular RGB-D
videos, recovering observed geometry but struggling with
unobserved regions. MorpheuS (Wang, Wang, and Agapito
2024) employs diffusion models to supervise unobserved
regions, achieving full 360° reconstruction. Nevertheless, it
exhibits geometric inconsistency and unrealistic textures in
unobserved views. Moreover, the high computational cost
of training and rendering in NeRF-based methods further
limits their practicality. To improve rendering efficiency
and visual quality, recent studies have integrated diffusion
priors into 3D Gaussian Splatting (3DGS) (Kerbl et al.
2023). Some methods (Wang et al. 2025; Zhang et al. 2025)
leverage explicit templates (e.g., SMPL (Loper et al. 2023))
for structural guidance, but their performance heavily relies
on template accuracy, limiting generalization to non-human
or freely deformable scenes. Template-free approaches
like DreamGaussian4D (Ren et al. 2023) enhance texture
synthesis via diffusion but often produce floating artifacts
and structural distortions due to the lack of stable geometric
constraints. From existing studies, although diffusion priors
show strong potential in texture generation, they remain
limited by weak structural awareness, poor geometric
consistency, and insufficient scene adaptability, which
hinders the realism of completion. Therefore, the task of
dynamic 3D object reconstruction from monocular RGB-D
videos currently faces two major challenges: (1) the lack
of an effective representation that can reliably establish
accurate geometry and efficiently reconstruct high-quality
textures from monocular input; (2) the lack of a strategy to
fully exploit the generative capabilities of diffusion models
while effectively leveraging additional depth information to
overcome the limitations imposed by single-view input and
complex scenes.

To address the aforementioned challenges, we present
MGD for high-quality 3D reconstruction from monocular
RGB-D videos. To tackle the first challenge, some exist-
ing methods (Guédon and Lepetit 2024; Liu, Su, and Wang
2025; Zheng et al. 2025) combine mesh and Gaussian repre-
sentations, leveraging the rendering flexibility of 3D Gaus-
sians along with the strong geometric priors provided by
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mesh structures. However, these approaches often rely on
point-wise deformation strategies, which are inefficient and
tend to produce low-quality results due to the lack of mod-
eling of deformation similarity among neighboring vertices.
Moreover, Gaussians constrained to the mesh surface suffer
from limited degrees of freedom during deformation, which
further degrades the rendering quality. To this end, we pro-
pose a novel Mesh-guided Gaussians hybrid representation,
as illustrated in Fig. 1, which consists of two complemen-
tary components: a Global Gaussian Deformation Module
(GGDM) that drives mesh deformation to model large-scale
object motion, and a Local Gaussian Adjustment Module
(LGAM) that adjusts the attributes of Local Gaussians at-
tached to the mesh for capturing fine-grained dynamic de-
tails. For the second challenge, we incorporate a depth Con-
trolNet into the diffusion prior to enhance texture-geometry
alignment using additional depth information. To further
adapt the diffusion prior to scene-specific geometry and ap-
pearance, we design a two-stage scene-adaptive fine-tuning
strategy.

In summary, the contributions of our method are as fol-
lows: First, we propose a novel Mesh-guided Gaussians
representation that integrates global and local Gaussians to
capture large-scale deformations and fine-grained appear-
ance details. Second, we introduces ControlNet-based geo-
metric conditioning to improve texture-geometry alignment
and propose a scene-adaptive fine-tuning strategy to improve
the diffusion prior’s adaptability. Third, the overall frame-
work MGD consistently outperforms current SOTA methods
in both high-fidelity reconstruction and structural complete-
ness, while maintaining efficiency during training and real-
time rendering.

Related Work
RGB-D based dynamic reconstruction. Neural implicit
representations provide strong expressive capabilities for
RGB-D based dynamic reconstruction. Some works (Bozic
et al. 2020; Lin et al. 2022; Cai et al. 2022) extend
NeRF (Mildenhall et al. 2020) to dynamic reconstruction,
effectively enhancing the modeling of geometry and appear-
ance. Subsequently, 3DGS (Kerbl et al. 2023) has been ap-
plied to dynamic reconstruction due to its highly efficient
rendering, but suffers from limited geometric consistency.
To address this, some methods (Guédon and Lepetit 2024;
Liu, Su, and Wang 2025; Zheng et al. 2025) further incorpo-
rate explicit meshes with Gaussians, introducing structural
priors to improve the stability and fidelity of dynamic re-
construction. Although existing mesh-Gaussian hybrid rep-
resentations enhance structural consistency, they remain in-
sufficient in handling large-scale non-rigid motion and rep-
resenting local fine-grained details. To this end, we propose
a novel Mesh-guided Gaussians representation that jointly
models deformation and high-frequency details through a
coordinated design of global control and local flexibility.
Compared to NeRF (Mildenhall et al. 2020)-based repre-
sentations, our method significantly improves training and
rendering efficiency while maintaining high reconstruction
quality.

Diffusion Models for dynamic reconstruction. In recent
years, diffusion priors have demonstrated powerful capabil-
ities in generative modeling, 3D reconstruction, and other
fields. Since DreamFusion (Poole et al. 2022) introduced
Score Distillation Sampling (SDS), a series of follow-up
works (Chen et al. 2023; Lin et al. 2023; Wang et al.
2023) have extended this approach to enable the genera-
tion of dynamic 3D scenes from text prompts. Another cat-
egory of methods (Tang et al. 2023; Yi et al. 2024) leverage
3D Gaussian representations to achieve efficient 3D con-
tent generation under multi-view inputs, balancing render-
ing quality and generation speed. MorpheuS (Wang, Wang,
and Agapito 2024) is a notable work that combines diffu-
sion priors with SDS loss to optimize NeRF representations
from monocular RGB-D videos, enabling dynamic 3D re-
construction across 360° viewpoints. Although these meth-
ods fully demonstrate the potential of diffusion models in
dynamic scene reconstruction, they lack sufficient adaptabil-
ity to specific scene geometry and appearance, resulting in
difficulty generating highly consistent and detail-rich recon-
structions. Our method explores scene-adaptive fine-tuning
of diffusion models to better align with the geometry and
appearance features of input scenes, thereby improving the
modeling of object surface geometry and textures.

Method
We introduce MGD, a novel Mesh-guided Gaussians rep-
resentation equipped with a scene-adaptive diffusion prior
enhanced by a depth ControlNet. This design enables high-
fidelity reconstruction and structural completeness of dy-
namic objects from a single viewpoint. As shown in Fig. 1,
MGD comprises two components: the Mesh-guided Gaus-
sians representation and a two-stage training strategy, which
are detailed in the following sections.

Preliminary
3D Gaussian Splatting. 3DGS is an explicit and differ-
entiable scene representation that models a 3D scene as a
collection of anisotropic Gaussian primitives. Each Gaus-
sian primitive Gi is defined by a center xi ∈ R3, a color
vector ci ∈ R3, an opacity σi ∈ R, and a covariance matrix
Σi ∈ R3×3 that controls its spatial extent. The covariance
matrix Σi is further decomposed as: Σi = RiSiS

⊤
i R

⊤
i ,

where Si = diag(si) is a diagonal scaling matrix with
si ∈ R3, and Ri is the rotation matrix from the quater-
nion ri ∈ R4. During rendering, the Gaussians are projected
onto the image plane and composited via differentiable al-
pha blending. The color is further modulated using spherical
harmonics to model view-dependent appearance, enabling
real-time photo-realistic synthesis.

View-Conditioned Diffusion and ControlNet. Diffusion
models generate images by gradually denoising Gaussian
noise through a learned reverse process. Latent Diffusion
Models (LDM) (Rombach et al. 2022) improve efficiency by
operating in a compressed latent space. ControlNet (Zhang,
Rao, and Agrawala 2023) builds on LDM by introducing a
parallel branch that takes structural conditions, enhancing
spatial consistency during generation.
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Figure 1: The framework of MGD. Mesh-guided Gaussians: We employ a GGDM to drive mesh deformation to model
large-scale object motions, and design a LGAM to adjust Local Gaussians attributes attached to the mesh for capturing dynamic
details. Two-Stage Training: In Stage1, we employ the Mesh-guided Gaussians with View-Conditioned Diffusion to obtain a
coarse object representation. In Stage2, a depth ControlNet is integrated to enhance texture-geometry alignment of the diffusion.
Then, leveraging the coarse representation, we generate paired training images to fine-tune the diffusion for each scene, adapting
it to the scene-specific data distribution. Finally, the coarse representation is refined with a scene-adaptive diffusion prior for
high-fidelity reconstruction.

In view-conditioned generation, models such as Zero-1-
to-3 (Liu et al. 2023) synthesize novel views based on an
input image and a relative camera transformation ∆v . The
camera pose is typically represented in spherical coordinates
(α, β, ρ), where α, β, and ρ denote the elevation, azimuth,
and radius. The relative transformation is defined as ∆v =
(αt − αs, βt − βs, ρt − ρs), enabling view synthesis from
monocular input for downstream 3D reconstruction.

Mesh-guided Gaussians for Dynamic
Reconstruction
We propose a hybrid Mesh-guided Gaussians representation
for dynamic reconstruction that combines global and local
Gaussians to capture both large-scale deformations and fine-
grained appearance variations.

Mesh-guided Gaussians. We utilize a mesh representa-
tion as a structural prior and distribute N Local Gaussians
GL on each triangular face. Each Local Gaussian is rep-
resented using a local coordinate system (u, v, d), where
(u, v) ∈ [0, 1]2 indicates the relative location on the face,
and d ∈ R denotes the offset from the surface along the nor-
mal direction.

Given a triangular face f with vertices {V1,V2,V3} and
normal vector n, the point p on the face corresponding to
the barycentric coordinates (u, v) is computed as:

p = Vp(f, u, v) = u ·V1 + v ·V2 + (1− u− v) ·V3, (1)

where V(f, u, v) interpolates per-point geometric attributes
(e.g., position, rotation, scale) on the f -th triangle using
barycentric coordinates (u, v) and the attributes of its ver-
tices. The global position xL of the Local Gaussian is then
obtained by offsetting the interpolated point p along the face
normal n by a distance d:

xL = p+ d · n. (2)

Deformation for Mesh-guided Gaussians. We design
two modules: Global Gaussian Deformation Module
(GGDM) and Local Gaussian Adjustment Module (LGAM).
GGDM predicts global deformations, while LGAM adjusts
the position, rotation, and scale of Local Gaussians.

Global Gaussian Deformation Module. We simplify the
modeling of large-scale non-rigid deformations using a set
of Global Gaussians GG. Each Global Gaussian GG

i is rep-
resented as a 3D Gaussian distribution, parameterized by a
center position xG

i , scale sGi and rotation rGi . We define a
transformation function FG that transforms Global Gaus-
sians from one space to another by:

(∆xG
i ,∆sGi ,∆rGi ) = FG(ℓ

t
i, γ(x

G
i ), γ(t)), (3)

where γ(·) is a frequency-based embedding function used
to enhance the spatiotemporal modeling capacity. Specifi-
cally, to capture complex variations of the global transforma-
tion across spatial and temporal dimensions, we introduce a
learnable, frame-dependent latent code ℓti into the function.
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To enable the geometric deformation transfer from Global
Gaussians to Local Gaussians, we augment each mesh ver-
tex V with additional deformation attributes: scale sV and
rotation rV . Following SC-GS (Huang et al. 2024), we com-
pute the deformation of each mesh vertex V by interpolating
from its K nearest global Gaussians in space, with weights
determined by the Mahalanobis distance:

(∆xV
t ,∆sVt ,∆rVt ) =

∑
k∈C

wk · FG(ℓ
t
k, γ(x

G
k ), γ(t)), (4)

where C denotes the set of K Global Gaussians neighboring
the vertex V, the weights wk are computed as follows:

δk = (xV − xG
k )

⊤(ΣG
k )

−1(xV − xG
k ), (5)

wk = softmax([−δ1,−δ2, ...,−δk]), (6)
where δk is defined as the squared distance.

Local Gaussian Adjustment Module. Despite the
GGDM’s strength in modeling global geometric dynamics,
our experiments show that the strict fixation of Local
Gaussians to the surfaces of triangular faces limits the
expressiveness of Mesh-guided Gaussians representation in
capturing complex and fine-grained local texture variations.
To address this limitation, we introduce an adjustment func-
tion FL that adjusts the attributes of each Local Gaussian
and grants it a certain degree of freedom within the local
region of its associated face. The adjustment function FL

takes as input its local coordinates xLC = (uL, vL, dL) and
the time step t:

∆xLC
t = (∆uL

t ,∆vLt ,∆dLt ) = FL(γ(x
LC), γ(t)). (7)

Then, the deformed vertex V and the local coordinates of
the Local Gaussian are given by:

xV
t = xV +∆xV

t , (ut, vt, dt) = xLC +∆xLC
t . (8)

Here, the final attributes of the Local Gaussian can be ex-
pressed as:

xL
t = Vp(ut, vt) + dt · n, (9)

sLt = sL · Vs(ut, vt), r
L
t = rL · Vr(ut, vt). (10)

Two-Stage Training Strategy
In the first stage, we learn a coarse object representation us-
ing Mesh-guided Gaussians from a single RGB-D video,
aided by a pre-trained diffusion prior to complete unob-
served regions. In the second stage, the representation is re-
fined by a diffusion model enhanced with depth ControlNet
and fine-tuned for scene adaptation.

Stage 1: Mesh-guided Gaussians with Diffusion Prior.
We leverage pre-trained diffusion priors from unobserved
views to optimize the Mesh-guided Gaussians via the SDS
loss:

LSDS = Et,ϵ

[
w(t) · ∥ϵϕ (zt, t, Ir, ∆v)− ϵ∥22

]
, (11)

where ϵϕ(·) denotes the noise predicted by the diffusion
prior ϕ, ∆v represents the relative camera pose with respect
to the reference view r, and w is a time-dependent weight-
ing factor. Inspired by GaussianObject (Yang et al. 2024),

we weight the SDS loss from unobserved views according
to the Euclidean distance between a novel view q and the
reference view r:

λ(q) = min (1, κ · ∥q − r∥2) , (12)

where κ is a scaling factor that controls the influence of the
confidence weight. The loss function of unobserved regions
is defined as:

Lunobs = λ1 · λ(q) · LSDS, (13)

where λ1 is a global weight for the unobserved-view loss.
For the observed regions, to preserve mesh surface smooth-
ness and local rigidity, we adopt the Laplacian regularization
following DG-Mesh (Liu, Su, and Wang 2025) and incorpo-
rate the As-Rigid-As-Possible (ARAP) loss as introduced in
SC-GS (Huang et al. 2024):

Llap =
1

n

n∑
i=1

∥Vi −
1

|Ni|
∑
k∈Ni

Vk∥22, (14)

Larap =
∑
k∈Ni

ωik∥(Ṽi − Ṽk)−RVi
(Vi − Vk)∥22, (15)

where Ni denotes the one-ring neighborhood of vertex Vi,
and n is the total number of mesh vertices. RVi

is the lo-
cal rotation matrix associated with Vi, and ωik is the edge
weight between Vi and its neighbor Vk. The loss function of
observed regions is defined as:

Lref = λ2LC + λ3LM + λ4LN

+ λ5LD + λ6Llap + λ7Larap. (16)

Here, λ2 to λ7 denote the weighting coefficients balancing
the contributions of the respective loss terms. The RGB re-
construction loss LC, mask loss LM, and depth loss LD are
all formulated using the ℓ2 norm, while the normal con-
sistency loss LN is implemented following the PyTorch3D
framework. Hence, the overall loss in the first stage is de-
fined as:

LStage1 = Lunobs + Lref. (17)

Stage 2: Mesh-guided Gaussians Refinement with Scene-
adaptive Diffusion Prior. We first enhance the diffusion
prior by incorporating a ControlNet, followed by a fine-
tuning process. Subsequently, the fine-tuned diffusion model
is employed to further refine Mesh-guided Gaussians repre-
sentation obtained from stage 1.

Adding Depth ControlNet. Despite the strong genera-
tive capabilities of diffusion models, they often struggle to
maintain spatial and geometric consistency. To address this
limitation, we incorporate a depth ControlNet to condition
the diffusion process on depth maps derived from RGB-
D inputs, serving as geometric priors. Following Control-
Net (Zhang, Rao, and Agrawala 2023), we design the mod-
ule to guide the frozen diffusion model via an additional
trainable branch, enhancing spatial controllability, structural
consistency, and texture fidelity.

Learning Scene-Adaptive Diffusion Prior. Although we
introduce a ControlNet to provide geometric priors dur-
ing the generation process, directly using a ControlNet pre-
trained on general datasets still presents certain limitations.
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Figure 2: Qualitative comparison on three datasets. We compare the novel view synthesis quality with Morphues and NDR.

We observe that the pre-trained model struggles to fully
adapt to the unique geometric characteristics and texture
distributions of a specific scene. Therefore, to further en-
hance structural consistency and detail fidelity in the target
scene, we perform targeted fine-tuning of the entire diffusion
model, enabling it to better align with the depth distribution
and visual features of the current scene.

We design two image pair construction strategies based
on Mesh-guided Gaussians trained in the first stage: Cross-
View Supervision and Gaussian Perturbation Simulation.
For the Cross-View Supervision strategy, considering that
the input data consist of monocular RGB-D video sequences
where each frame contains only a single ground-truth view-
point, we leverage the rendering capability of the trained
Mesh-guided Gaussians across different views. Specifically,
at each time step t, we select a viewpoint within Mesh-
guided Gaussians that differs from the current real viewpoint
r, and render the image I ′. The second strategy, Gaussian
Perturbation Simulation, involves statistically analyzing the
temporal variations of Local Gaussians’ attributes across ad-
jacent frames to extract their mean and standard deviation.
Based on these statistics, controlled random perturbations ∆
are applied to the current Local Gaussians GL

t . The perturbed
Local Gaussians GL′

t = GL
t +∆ are then rendered from the

real viewpoint r to generate a rendered image I ′. Thus, we
construct image pair (I ′, (Ir, Dr)).

We adopt the Low-Rank Adaptation (LoRA) (Hu et al.
2022) strategy to efficiently fine-tune the overall diffusion
model. LoRA layers are injected into both the ControlNet

and the U-Net, and only the parameters of these inserted lay-
ers are updated during training, which preserves the stability
and generalization ability of the pre-trained model. During
training, the rendered image is used as the input to the dif-
fusion model, the ground-truth depth map serves as the ge-
ometric condition, and the ground-truth image provides the
supervision target. The loss function used for LoRA fine-
tuning is defined as:

L(θ′) = EI′, Dr, t, ϵ ∥ϵ− ϵϕ(zt, t, I
′, Dr)∥22 , (18)

where θ′ denotes the trainable parameters introduced by
LoRA in both the ControlNet and the U-Net. Fig. 5 presents
the ablation study results, demonstrating the effectiveness of
our ControlNet and scene-adaptive strategy.

Refining Mesh-guided Gaussians. The effectiveness of
ControlNet relies on accurate alignment between input depth
maps and target views. In early training, incomplete 3D
reconstruction leads to unreliable depth maps, which can
destabilize training if used for condition. Therefore, we ex-
clude ControlNet in stage 1. After obtaining a structurally
coherent Mesh-guided Gaussians representation, we intro-
duce ControlNet and jointly fine-tune it with the diffusion
prior, enabling more effective integration of geometric pri-
ors and enhancing scene-specific adaptability.

In the second stage, we further refine Mesh-guided Gaus-
sians representation obtained from the first stage. The pri-
mary difference lies in the introduction of a scene-adaptive
diffusion prior and a depth ControlNet. It is worth noting
that the loss function used in this stage remains consistent
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Method Metric KillingFusion DeepDeform iPhone Avg. Train time FPS

NDR

Acc. [cm] ↓ 1.27 0.76 3.83 1.97

∼22h 0.06Comp. [cm] ↓ 1.03 0.65 1.72 1.13
Clip sim. ↑ 81.82 81.66 75.65 79.71

PSNR [dB] ↑ 26.69 26.38 25.09 26.05

MorpheuS

Acc. [cm] ↓ 1.00 0.71 1.17 0.96

∼12h 1.01Comp. [cm] ↓ 0.84 0.57 1.02 0.81
Clip sim. ↑ 91.57 85.58 82.65 86.60

PSNR [dB] ↑ 27.09 26.87 25.37 26.44

Ours

Acc. [cm] ↓ 0.89 0.63 1.06 0.86

∼1h 35.26Comp. [cm] ↓ 0.77 0.48 0.97 0.74
Clip sim. ↑ 92.12 87.08 84.69 87.96

PSNR [dB] ↑ 32.34 27.58 28.63 29.52

Table 1: Quantitative results on real world datasets. Our method achieves superior results across all evaluation metrics.

with that of the first stage:

LStage2 = LStage1. (19)

Figure 3: Qualitative comparison with 4DTAM on the
Haru scene from iPhone dataset. Our method generates
high-quality appearance and smoother, more complete sur-
faces.

Experiments
Experimental Setup
Dataset. To comprehensively evaluate MGD, we con-
duct experiments on three real-world datasets: KillingFu-
sion (Slavcheva et al. 2017), DeepDeform (Bozic et al.
2020), and iPhone (Gao et al. 2022) Datasets. For each
dataset, we select three representative scenes following the
MorpheuS (Wang, Wang, and Agapito 2024). The videos in
these datasets are captured using consumer-grade RGB-D
cameras. The training data for our ControlNet model is pri-
marily derived from Objaverse (Deitke et al. 2023), an open-
source dataset containing a large number of high-quality and
diverse 3D models. In accordance with the data prepara-
tion procedure of Zero-1-to-3 (Liu et al. 2023), we randomly
sample 12 viewpoints for each 3D model in the dataset and
employ a renderer to generate the corresponding images,
which are used as training samples.

Metrics. To comprehensively evaluate our method, we as-
sess it from two perspectives: appearance quality and geo-
metric accuracy. For appearance evaluation, we compare the
rendered images with the ground-truth images using three

Figure 4: Qualitative Comparison with MorpheuS on the
Teddy scene from iPhone dataset for Novel View Synthe-
sis. Our method generates images that are visually consistent
with the captured GT images.

standard metrics: PSNR, SSIM, and LPIPS. For geomet-
ric evaluation, we follow the evaluation protocol of Mor-
pheuS and adopt two commonly used metrics, Accuracy
(Acc.) and Completion (Comp.), which measure the average
distance between the reconstructed surface and the ground-
truth surface. We also introduce CLIP similarity (Radford
et al. 2021) to evaluate the realism of completion.

Implementation details. For the diffusion model, we ini-
tialize the U-Net using the pretrained Zero-1-to-3 (Liu et al.
2023). During fine-tuning, we adopt the LoRA approach (Hu
et al. 2022) by inserting trainable LoRA modules into the
ControlNet and the U-Net. We adopt the minLoRA ap-
proach, where the LoRA rank is set to 64 and the learn-
ing rate is 10−3. The Mesh-guided Gaussians representation
model is trained using a two-stage strategy. We first perform
30K iterations for base training, followed by an additional
20K refinement iterations, which completes in roughly one
hour. All experiments are conducted using NVIDIA A100
GPUs.

Quantitative and Qualitative Results
Table 1 reports quantitative comparison results on nine
real-world scenes, where our method consistently outper-
forms MorpheuS and NDR across all evaluation metrics.
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Method Metric KillingFusion DeepDeform iPhone

4DTAM
PSNR ↑ 31.13 24.15 27.54
SSIM ↑ 0.934 0.902 0.799
LPIPS ↓ 0.132 0.274 0.265

Ours
PSNR ↑ 32.34 27.58 28.63
SSIM ↑ 0.957 0.921 0.820
LPIPS ↓ 0.114 0.198 0.201

Table 2: Quantitative comparison with 4DTAM.

Method Acc. ↓ Clip sim. ↑ PSNR ↑
w/o diffusion prior 1.03 83.07 29.14
w/o depth ControlNet 0.95 86.93 29.25
w/o fine-tuning 0.89 87.29 29.34
w/o GGDM 1.10 87.21 28.96
w/o LGAM 0.92 87.33 28.01
Full model 0.86 87.96 29.52

Table 3: Ablation studies on three datasets.

In particular, we achieve significantly higher CLIP simi-
larity scores, indicating stronger realism in the completion
results. As shown in Fig. 2, our reconstructions also sur-
pass those of MorpheuS and NDR in terms of geometric
completeness and local detail quality. These improvements
stem from the proposed Mesh-guided Gaussians represen-
tation, the integration of a depth ControlNet into the dif-
fusion prior, and a scene-adaptive fine-tuning strategy. To-
gether, these components enable more realistic and struc-
turally consistent 3D reconstructions while demonstrates su-
perior training and rendering efficiency. In contrast, Mor-
pheuS and NDR employ neural implicit surface modeling,
which often fails to recover fine details in complex struc-
tures, requires extensive training time, and cannot support
real-time rendering. As shown in Fig. 2, although MorpheuS
is able to hallucinate unobserved regions, the results exhibit
inferior texture-geometry consistency and overly smoothed
meshes. Furthermore, since the Teddy scene contains video
frames from additional viewpoints, we present a novel-view
completion comparison in Fig. 4. The results show that our
method maintains high geometric consistency and visual re-
alism even under novel viewpoints, with the generated im-
ages closely resembling real captured ones. In contrast, Mor-
pheuS still suffers from noticeable deficiencies in both struc-
tural consistency and fine-detail reconstruction.

To further validate the effectiveness of our Mesh-guided
Gaussians representation, we compare with 4DTAM (Mat-
suki, Bae, and Davison 2025) under observed viewpoints, as
shown in Table 2. Our method achieves higher PSNR, SSIM,
and LPIPS scores. While 4DTAM also adopts Gaussian rep-
resentations, it lacks global geometric priors and relies on
TSDF fusion to extract the mesh, resulting in noisy sur-
faces and poor structural consistency, as shown in Fig. 3. In
contrast, our mesh-guided approach provides a stable global
scaffold for Local Gaussians, enabling more coherent and
high-fidelity reconstructions.

Figure 5: Ablation study about ControlNet and Fine-
turing. (a) conditioning image for SDS. (b) w/ diffusion
prior only. (c) w/o fine-tuning. (d) full model.

Ablation Study
We examine the effectiveness of each individual module.
The results, presented in Table 3, indicate that each element
significantly contributes to performance, with their absence
leading to a decline in results.

Ablation on Mesh-guided Gaussians We first analyze
the key modules of Mesh-guided Gaussians representation.
As shown in Table 3, ablating GGDM results in a noticeable
drop in Acc, indicating that Global Gaussians play a crucial
role in driving mesh deformation and improving geomet-
ric alignment. In contrast, disabling LGAM leads to a sig-
nificant decline in PSNR, suggesting that Local Gaussians
are essential for capturing fine-grained details and enhanc-
ing texture fidelity.

Ablation on Scene-adaptive Diffusion Prior We further
investigate the contribution of modules related to the dif-
fusion prior. When the diffusion prior is entirely removed,
the CLIP similarity drops significantly, indicating that the
model loses its ability to semantically complete unobserved
regions. Moreover, the ControlNet and scene-adaptive fine-
tuning play key roles in structural recovery and more real-
istic texture synthesis for unobserved regions. As shown in
Fig. 5, the comparison between (b) and (c) demonstrates that
ControlNet substantially enhances geometric consistency in
unobserved regions. Furthermore, (d) shows that fine-tuning
not only improve texture-geometry alignment but also en-
hances detail expression. It is worth noting that these mod-
ules also exhibit positive effects in observed regions, as
shown in Table 3. The reconstructed mesh becomes more
accurate, and rendering quality is significantly improved.
This suggests that the design of the diffusion modules not
only improves the generative quality in completed regions
but also enhances global consistency and expressiveness.

Conclusion
In this paper, we present MGD, a novel framework for dy-
namic 3D object reconstruction from monocular RGB-D
videos. By introducing a Mesh-guided Gaussians represen-
tation and integrating a depth ControlNet into the diffusion
prior with scene-adaptive fine-tuning, MGD effectively ad-
dresses the inconsistency between multi-view geometry and
texture. Extensive experiments demonstrate that our method
achieves state-of-the-art performance in both texture fidelity
and structural completeness, while significantly improving
training and rendering efficiency.
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