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In this supplementary material, we first quantify the dif-
ficulty of our downsampled datasets in Section 1. Then we
provide additional implementation details in Section 2 and
additional results in Section 3.

1. Dataset Analysis

To quantify the difficulty of our problem setup, we mea-
sure the Angular Effective Multi-View Factor (Angular
EMEF) [1] for both the original datasets and the downsam-
pled versions used in our experiments. The Angular EMF
measures the average angular change of the camera around
a centered target per unit time, which is used as an approxi-
mation of how much multi-view information is available in
a monocular video sequence. A higher value indicates more
viewpoint variation within a short time period (an easier re-
construction problem), while a lower value corresponds to
a more challenging setting. Note that this metric only con-
siders the average camera motion but not the target motion,
nor does it consider the number of observations and their
temporal sparsity.

We compute the Angular EMF for the sequences in the
original datasets and for our downsampled versions. Ta-
ble 1 shows that the Angular EMF of our downsampled
datasets is an order of magnitude lower than that of the
original datasets, demonstrating the increased difficulty of
our setting. Even without considering scene motion or the
reduced number of observations, our setup is significantly
more challenging than those used in most existing works as
indicated by the Angular EMF metric.

Table 1. We present the Angular EMF metric [1] on both the orig-
inal dataset and the downsampled dataset used in our experiments.

D-NeRF [9] DG-Meshh [3] ZJU-MoCap [7]

Original 21323 2700.9 13952
Ours
(downsampled) 217.8 265.4 2717
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2. Implementation Details

2.1. Initial Static 3D Reconstruction from multi-
view images.

In the main experiments, we use the same set of multi-view
images at the first time step for all methods to ensure a fair
comparison. Since the original datasets do not provide such
multi-view images, we render them from the training cam-
era viewpoints using the pretrained checkpoints released
by [14]. These multi-view images, together with the sparse
temporal observations, are used to supervise the baselines
throughout their entire optimization process. In contrast,
our method only uses the multi-view images during initial-
ization but not during the deformation optimization. The
deformation field in our approach is learned solely from
sparse observations.

In our initialization stage, we uniformly sample 3D
points within the scene bounds as the initial Gaussian cen-
ters. We then follow the original 3DGS [2] optimization
process, including Gaussian densification and pruning, for
80,000 steps using the multi-view images by minimizing

»Cperceptual .

2.2. Replacing the Multi-View Initialization with a
Pre-trained Generative Model.

Score Distillation Sampling (SDS). To relax the need for
multi-view initialization at the first time step, we leverage a
learned generative prior to provide an initial 3D reconstruc-
tion from a single image. We adopt the Score Distillation
Sampling (SDS) technique introduced by DreamFusion [8],
which optimizes a NeRF [5] representation under the guid-
ance of a pretrained 2D diffusion model. The key idea is
to align the rendered images from NeRF with the genera-
tive prior without direct multi-view supervision. Since 2D
diffusion model does not guarantee to generate consistent
3D object across different viewpoints, the output cannot be
directly applied to supervise a NeRF representation like the
traditional multi-view setup. Instead of direct image super-
vision, SDS guides the NeRF optimization through gradi-
ents computed in the denoising space. Specifically, an im-



age rendered from NeRF is perturbed with Gaussian noise,
mimicking the forward diffusion process. Then the noised
image is passed into the pretrained diffusion model to pre-
dict the added noise. Finally, the difference between the
predicted and actual noise is then backpropagated to update
the NeRF parameters.

Image to 3DGS. Following [11], we adopt Zero-1-to-3 [4]
as our 2D diffusion prior. Zero-1-to-3 [4] trains a 2D Diffu-
sion model conditioned on a single input image and a rela-
tive camera pose to generate novel views with explicit cam-
era control. To initialize the static 3DGS at the first time
step from a single observation I, we optimize the Gaus-
sian parameters with Lpcrceptuar Only at the corresponding
viewpoint, and employ the Lspgs [8] to guide the optimiza-
tion for all other viewpoints without observations. Specifi-
cally, the SDS formulation is:

VgLsps = Eipe [w(t)(es(IP;t, 17, Ap) — €)F=] (1)

where t ~ U/[0.02,0.98] is the diffusion time step sampled
uniformly at random between 0.02 and 0.98, w(t) is the
weighting function from DDIM [10]. €4(-) is the predicted
noise from the pretrained Zero-1-to-3 [4], conditioned on
the sampled time step ¢, reference image I and the relative
camera pose Ap which transforms the reference viewpoint
r to the rendering viewpoint p. We follow the configura-
tion used in [1 1] and run the optimization for 1,000 steps to
initialize the canonical static 3DGS.

2.3. Deformation Field Optimization.

Our learnable deformation field consists of the joint local
pose predictor M L Pg, the bone influence radii r;, the skin-
ning correction field M LPg, and the detail deformation
field M LPyg. All MLPs use 8 linear layers with a hidden
dimension of 256. To stabilize optimization, the final layer
weights of M L Pg and M L Py are initialized with a zero-
mean Gaussian distribution (¢ = 1le-5), and their biases
are set to zero. This enforces the networks to predict small
initial displacements from the canonical Gaussians, which
correspond to the first time step. When optimizing these
parameters, we keep the Gaussian parameters in the canon-
ical frame fixed. In the multi-view initialization setup, we
set A7 = 2, Ay = 1, A3 = 1, and run the optimization for
40, 000 steps with the ADAM optimizer [6] to minimize the
total loss:

L= )\1 Lperceptual + )\2£motion + )\BEdetail (2)

In the experiment where the pre-trained diffusion model
replaces the multi-view initialization, we add Lgpg to
Equation (2) with Agps = 1, A1 = 1leb, Ag = 2e4, A3 =1
for optimizing the deformation field. The reference image
I" in Lgpg is updated at each iteration to the corresponding

observation of the sampled time step. The relative camera
pose Ap is uniformly sampled from [—180°,180°] in az-
imuth and [—30°, 30°] in elevation, keeping the same cam-
era distance. We optimize the deformation field for 60,000
steps where the Gaussian parameters are fixed during the
first 40,000 steps to stabilize motion estimation. Since the
canonical Gaussians are initialized from only a single image
at the first time step during the initialization stage, we allow
the canonical Gaussians to update during the last 20,000
steps such that other observations can refine the canonical
Gaussians after the motion estimation has converged.

3. Additional Results

Results with multi-view initialization at the first time
step. In Fig. 1, we show the input training views at 6 sparse
time steps, along with the corresponding renderings from
all methods. To visualize the motion, we also render from a
fixed front-view camera at those 6 time steps. While exist-
ing methods reproduce the training views well, their recon-
struction and estimated motion suffer from artifacts when
viewed from novel viewpoints, likely due to sparse obser-
vations and heavy occlusions. Similary, we present more
front-view qualitative results in Fig. 2 and Fig. 3.

Results without multi-view initialization. We present
quantitative comparison on the Jumpingjacks scene from
the D-NeRF dataset [9] in Table 2. All methods are evalu-
ated with and without the multi-view initialization at the ini-
tial time step. By leveraging a pre-trained generative model,
our method outperforms the baselines that have access to
multi-view information, despite relying only on sparse ob-
servations with a single image per sparse time step. How-
ever, the diffusion-based initialization does not always pro-
duce good initial reconstruction, particularly when the ref-
erence image suffers from heavy self-occlusion or when
the initial target pose involves significant part overlap (e.g.,
crossed limbs). In future work, we plan to explore skeleton-

Table 2. Quantitative results on the Jumpingjacks scene from D-
NeRF dataset [9] downsampled at 0.1 intervals (11 frames). Re-
sults are reported for all methods with and without multi-view ini-
tialization at the first time step.

w/ multi-view initialization at the frist time step

Method SSIM T PSNR T LPIPS (x100) |
4DGS [13] 0.881 21.19 8.83
SK-GS [12]  0.908 21.94 7.95
RigGS [14] 0.812 20.40 10.64

Ours 0.950 25.30 4.73
w/o multi-view initialization

Method SSIM1 PSNR1 LPIPS (x100) |
4DGS [13] 0.839 18.84 10.35
SK-GS [12] 0.861 19.25 12.11
RigGS [14] 0.819 19.67 14.04

Ours 0.935 22.62 6.58




conditioned generative models or category-specific priors to
improve robustness.
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Figure 1. We present additional results on the Jumpingjack scene, showing the input training views and the rendered front views at 6

discrete time steps.
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Figure 3. We present the front view rendering at 6 discrete time steps on the DG-Mesh dataset.
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