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Supplementary Materials

This supplementary document provides additional resources to complement the main paper. It
includes a narrated demo video, source code for reproducibility, and comprehensive comparisons
with state-of-the-art approaches focused on temporal coherence—an aspect not fully detailed in the
main paper. These materials offer deeper insight into the effectiveness and robustness of our proposed
framework. Additional visualization results and source code are available on our anonymous project
website:

https://anonymous.4open.science/r/PoseGaussian/

Due to IRB restrictions, subject test data is currently withheld but will be released upon approval
prior to final publication.

To further justify the role of pose guidance in improving temporal coherence, we conduct quantitative
evaluations on both public and custom datasets. Specifically, we use the ZJU-Mocap [4] benchmark
to ensure comparability with prior work and introduce our own captured sequences involving more
dynamic human motions. These sequences simulate real-world challenges such as rapid limb
movement and self-occlusion. By analyzing metrics including ASSIM, APSNR, and ALPIPS
between consecutive frames, we demonstrate that our pose-informed framework achieves more
consistent view synthesis over time.

Table [T] presents a quantitative evaluation of temporal coherence on selected dynamic sequences from
the ZJU-Mocap dataset. These sequences (S377, S386, S387, S392, S393, S394) feature notable
motions such as arm swings, punches, and kicks, which are more challenging than the sequences
typically reported in prior work. Consequently, absolute SSIM, PSNR, and LPIPS scores are generally
lower than those in the original benchmark. Nevertheless, our method demonstrates strong temporal
consistency across frames. In particular, we achieve the best performance across all A-metrics,
indicating smoother transitions and improved coherence. Specifically, we report an average APSNR
of 0.38, ASSIM of 0.024, and ALPIPS of 0.016, outperforming state-of-the-art baselines. While our
method does not yield the highest absolute PSNR, it consistently leads in A-metrics, highlighting its
robustness in preserving visual stability under motion. A similar trend is observed on our custom
dataset, as shown in Table [2] While our method does not achieve the highest absolute PSNR, it
consistently outperforms all baselines in other key metrics, including APSNR, ASSIM, and ALPIPS,
highlighting its superior temporal stability. Notably, we observe that all evaluated methods perform
worse overall on our custom dataset compared to ZJU-Mocap (Table I)), likely due to the increased
motion complexity and more frequent self-occlusions present in our sequences. This performance
drop underscores the difficulty of our dataset and further demonstrates the robustness of our approach
under more challenging, real-world conditions.
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Method | PSNRT 1 (APSNR) o (APSNR) | SSIMT 1 (ASSIM) o (ASSIM) | LPIPS] 1 (ALPIPS) o ( ALPIPS)

AS [TPAMI'24] [8 23.88 0.39 0.31 0.882 0.025 0.019 0.042 0.029 0.017
HumanNeRF [arXiv’22] [6] 21.05 0.74 0.56 0.81 0.033 0.029 0.058 0.042 0.038
InstantNVR [CVPR’23] [1 22.72 0.63 0.37 0.822 0.049 0.037 0.043 0.029 0.024
IBRNet [CVPR’21] 5} 22.83 0.62 0.37 0.827 0.036 0.028 0.052 0.031 0.023
GPS-Gaussian [CVPR24] [7] | 23.65 0.60 0.42 0.853 0.041 0.025 0.039 0.023 0.015
3D-GS [[ACMTOG’23]] [3 20.74 0.97 0.61 0.808 0.049 0.035 0.045 0.038 0.026
GauHuman [CVPR’24] [2] 23.70 0.61 0.29 0.876 0.032 0.018 0.035 0.021 0.016
Ours 23.85 0.38 0.23 0.890 0.024 0.013 0.032 0.016 0.010

Table 1: Temporal coherence comparison on ZJU-MoCap [4].

Method | PSNRT 1 (APSNR) o (APSNR) | SSIMT 1 (ASSIM) o (ASSIM) | LPIPS| 1 (ALPIPS) o ( ALPIPS)
AS [TPAMI'24] [8 22.5 0.61 0.53 0.815 0.028 0.022 0.053 0.028 0.020
HumanNeRF [arXiv’22] [6] 19.7 0.89 0.73 0.762 0.050 0.037 0.056 0.040 0.031
InstantNVR [CVPR’23] [1] 20.5 0.83 0.45 0.755 0.057 0.046 0.051 0.037 0.025
IBRNet [CVPR’21] [3] 20.3 0.65 0.58 0.694 0.045 0.035 0.064 0.042 0.026
GPS-Gaussian [CVPR’24] [7] 22.7 0.56 0.45 0.708 0.040 0.028 0.065 0.031 0.018
3D-GS [[ACMTOG’23]] [3 20.3 0.72 0.43 0.746 0.052 0.039 0.049 0.037 0.027
GauHuman [CVPR’24] [2 22.8 0.58 0.42 0.791 0.030 0.022 0.058 0.029 0.019
Ours 225 0.43 0.31 0.825 0.023 0.015 0.046 0.023 0.015

Table 2: Temporal coherence comparison on our custom dataset.
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Appendix

3D Gaussian Splatting Preliminary The proposed
PoseGaussian approach builds upon the core principles of
3D Gaussian Splatting (3D-GS) (Kerbl et al. 2023). In 3D-
GS, a static scene is modeled using a collection of spa-
tial primitives, where each primitive is parameterized as an
anisotropic Gaussian distribution centered at a 3D location.
The density at a spatial point x € R3 due to the i-th Gaus-
sian is given by:

1 1 _
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where p; € R? is the center of the Gaussian, and 3; € R3*3
is the covariance matrix that encodes both the shape and
orientation. This covariance can be decomposed as ¥; =
R; SiRlT, where R; is a rotation matrix and S; is a diagonal
scaling matrix representing variances along the local princi-
pal axes.

When the 3D Gaussians are projected into 2D image
space, their covariances are transformed via a view trans-
formation matrix W and a Jacobian matrix J from an affine
approximation of the camera projection. The resulting 2D
covariance becomes:

Y =Jwe,whjt,
preserving the geometric effects of both rotation and scale

during projection.

In our approach, we predict a dense 2D map of Gaussian
parameters per pixel location x, denoted as:

G(z) = {M-(2)},

where M, (x) gives the projected center position, M. (z)
the color, M, (x) the rotation, M;(z) the scale, and M, (z)
the opacity. These parameters are designed to mirror the
structure of 3D-GS after projection:
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¢ M, represents the pixel color, which is directly retrieved
as the mean color value at each pixel location.

* M, denotes the projected pixel position, computed by
transforming the estimated depth map through camera in-
trinsics and projecting it into the virtual view.

* M,(x) corresponds to the local rotation matrix R; used
in the covariance decomposition;

* M,(x) encodes per-axis scale values analogous to the
diagonal entries in S;;

* M, /() defines the pixel-level opacity, which is used in
Gaussian alpha blending as described in the following
color blending equation.

The final rendered color at each pixel x is then computed
using front-to-back compositing across multiple overlapping
Gaussians, sorted by depth:

Cl) =Y ai(@)ci(a) [T (1 - a;(x)),

i j<i
< )(a:) represents the pixel-level opacity,
and ¢;(z) = ./\/lff)(x) denotes the color directly obtained

where «;(z) =

from the pixel color map M,. This blending formulation
enables smooth, differentiable rendering and effectively cap-
tures both appearance and temporal continuity.

Therefore these five output maps—AMp(z), M(x),
M, (z), Ms(x), and M, (xz)—are visually illustrated in
Fig. 5, showing how each component contributes to the
Gaussian-based rendering process.

Implementation Details This is the architecture of our en-
coder and decoder:

As depicted in Fig. 5, the three parallel encoders share an
identical structure: an initial 3 X 3 convolutional layer with
32 channels, followed by six residual units with progres-
sively increasing channel dimensions. To enhance modality-
specific encoding and channel selectivity, each residual unit
includes a Squeeze-and-Excitation (SE) block. These SE
modules adaptively recalibrate channel-wise responses, mit-
igating modality noise and reinforcing semantically impor-
tant features across diverse inputs. The choice of a 3 x 3
kernel size and progressive channel widths (32, 64, 96, 128)
balances efficient local feature extraction with scalable se-
mantic representation. Skip connections are formed by con-
catenating intermediate encoder features at corresponding
layer indices and forwarding them to the decoder. This skip
alignment enriches the decoder with multi-level semantic in-
formation throughout the reconstruction process.
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Figure 5: Architecture of the pose encoder-decoder network.

The decoder mirrors the encoder structure to complete the
U-Net architecture, progressively upsampling and refining
the feature maps. At the final decoder stage, three output
heads are attached: a scale-rotation-opacity (SR-Opacity)
branch for predicting Gaussian parameters, a depth branch to
enforce depth consistency regularization, and an uncertainty
branch for predicting per-pixel confidence maps. The depth
branch outputs a normalized depth map via a Conv3x3(1)
layer followed by a Tanh activation. The SR-Opacity branch
applies a Conv3x3(8) layer, splitting outputs into 3 channels
for scale (Softplus activation), 3 channels for rotation (nor-
malization), and 2 channels for opacity (Sigmoid activation).



The uncertainty branch outputs 2 channels via a Conv3x3(2)
layer followed by Sigmoid activations, where Channel 1 cor-
responds to depth confidence and Channel 2 to SR-Opacity
confidence.

Detailed Configuration Variants and Their Impact

* Config 1: Simplified Architecture
This variant uses only a single 5 x 5 Conv2D layer with
32 channels followed by one Residual Block. Due to
its shallow depth and limited capacity, this configuration
struggles to capture complex features, resulting in lower
perceptual quality (LPIPS: 0.13) and reduced efficiency.

* Config 2: Deeper Residual Learning with Skip Con-
nection
This setup enhances the residual block structure by stack-
ing two Conv2D layers with a skip connection between
them. This deeper residual learning significantly im-
proves image reconstruction, achieving the highest SSIM
(0.92), lowest LPIPS (0.09), and PSNR of 26.0. These
metrics indicate better preservation of structural and per-
ceptual details compared to Config 1.

* Config 3: Adding Batch Normalization and ReLU Ac-
tivation
Building on Config 2, this variant introduces Batch Nor-
malization layers and ReL.U activations within the resid-
ual blocks. These additions improve feature represen-
tation and training stability, further enhancing the net-
work’s ability to generalize.

¢ Config 4: No Downsampling Layers
In this variant, downsampling operations (e.g., strided
convolutions or pooling) are removed to maintain spatial
resolution throughout the encoder. While this results in a
good SSIM score (0.91) and moderate PSNR (25.1), the
LPIPS metric slightly degrades (0.11), reflecting a small
perceptual quality drop compared to Config 2 and 3.

System Setup for Runtime Performance All experi-
ments were conducted on a desktop workstation with an
AMD Ryzen 9 5900X CPU, 64 GB RAM, and an NVIDIA
RTX 4080 GPU (16 GB VRAM). All input images are re-
sized to 512 x 512 pixels, and our pipeline achieves inter-
active performance with a per-frame processing time of ap-
proximately 100 milliseconds. The end-to-end processing is
decomposed as follows: the Gaussian Splatting (GS) ren-
dering module consumes ~38 ms; pose feature extraction
using a lightweight pose encoder takes ~12 ms; image fea-
ture extraction via a ResNet-based backbone requires ~20
ms; and our Temporal Pose Stabilizer (TPS), which adjusts
view blending based on inter-frame pose dynamics, con-
tributes ~18 ms. The remaining ~12 ms accounts for view-
dependent shading, memory overhead, and post-processing
(e.g., alpha blending and tone mapping). All components
are implemented using PyTorch with CUDA acceleration,
and timings were averaged over 300 consecutive frames.
This configuration preserves the core efficiency of standard
Gaussian Splatting pipelines while enabling temporally ro-
bust rendering in dynamic human scenes.

Baseline Evaluation Protocols and Setup Standardiza-
tion To enable a fair and meaningful comparison across
baseline methods that originally adopt differing evaluation
protocols and input assumptions, we took the following stan-
dardization steps:

* Wherever possible, we re-implemented or adapted base-
line methods to align with our evaluation pipeline. We
also utilized official pretrained models or public code re-
leased by the authors when available to minimize reim-
plementation discrepancies.

* Baseline methods often exclude different cameras during
testing (e.g., HumanNeRF omits Camera 1 and Instant-
NVR omits Camera 4). To unify the testing configuration,
we fixed the number of input views to 8 cameras, uni-
formly sampled across the rig. Unless otherwise speci-
fied, this view configuration was used consistently across
all evaluations.

* Input data for all methods were synchronized to share the
same temporal frame sequences and test splits. In cases
where re-evaluation of pretrained models was not fea-
sible (e.g., due to code dependency or training pipeline
complexity), we reported the published results verba-
tim, clearly annotating any protocol differences for trans-
parency.

* Some baseline methods did not report perceptual met-
rics such as LPIPS. In those cases, we attempted to run
their released models within our standardized setup to es-
timate the missing metrics. When this was not possible,
we explicitly mark the metric as unavailable to avoid mis-
leading comparisons.

* The baseline methods differ in input modality as-
sumptions. For example, HumanNeRF, InstantNVR, and
MonoHuman consume monocular video, while GPS-
Gaussian and NHP rely on multi-view images. Our
method requires synchronized multi-view video. To
adapt monocular video baselines for comparison, we ex-
tracted single-camera trajectories from our multi-view
dataset to form monocular sequences, ensuring input
compatibility with their original settings. Evaluation
metrics were then computed from the same view across
all methods to ensure alignment.

While some residual discrepancies in evaluation protocols
remain unavoidable due to fundamental differences in model
design and data requirements, the above measures help clar-
ify relative performance trends. This rigorous standardiza-
tion enhances the credibility of our comparative analysis and
supports the validity of our reported improvements.
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