Generalizable Human Gaussian Splatting via Multi-view Semantic Consistency

Supplementary Material

1. Introduction

In this supplementary material, we provide additional ex-
planations of the proposed method. First, details of im-
plementation are described in Section 2. In the following,
the detailed architecture of the proposed method is demon-
strated in Section 3. Further ablation study on the proposed
method is presented in Section 4. Finally, additional quali-
tative results with discussion are given in Section 5.

2. Implementation Details

Pre-trained backbone configuration. To encode multi-
view inputs into latent embeddings, we adopt the pre-
trained VGGT encoder [7], which consists of 24 trans-
former layers. As follows [7], latent embeddings are taken
from the 4", 11", 17", and 23" layers. Each layer pro-
duces latent embeddings E € RY *(H/P)x(W/p)xC (where
V' is the number of views, p = 14 is the patch size,
H = W = 518, and C' = 2048). In addition, we extract
semantic features from the last layer of the DINO vision
transformer [4], which is included in the VGGT encoder.

Details of unprojection process. To associate each la-
tent embedding with a 3D position, we first downsample
the depth map estimated from each viewpoint to the spatial
resolution of the latent embeddings (i.e., (H/p) x (W/p))
by using nearest-neighbor interpolation. The camera intrin-
sic parameters are scaled accordingly, where both the fo-
cal length and the principal point are divided by the same
downsampling factor. By using rescaled results of the depth
map and the camera intrinsic parameters, each pixel is un-
projected into a 3D point in the camera coordinate system.
The points are subsequently converted into the world coor-
dinate system by leveraging the camera extrinsic parame-
ters. Since each latent embedding corresponds to the same
spatial index on the downsampled depth map, its 3D posi-
tion is determined by the unprojected result.

3. Architecture Details

Recalibration of latent embeddings. We provide addi-
tional details to recalibrate latent embedding via cross-view
attention in the 3D space. The proposed method follows
the structure of a standard transformer encoder [2], while
being extended to account for the spatial relationship and
the semantic consistency between latent embeddings. For
each embedding, we identify its local neighborhood using
K -nearest neighbor (KNN) search with K = 64. The latent
embedding and its neighbors are then normalized and inde-
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Figure 1. The detailed architecture for recalibration of latent em-
bedding via cross-view attention in the proposed method.

Attribute Layer Type | Input Dim. ‘ Output Dim.

1 x 1 Conv. 32 128

Position offset | 1 x 1 Conv. 128 32
1 x 1 Conv. 32 3

1 x 1 Conv. 32 128

Scal 1 x 1 Conv. 128 32
cae 1 x 1 Conv. 2 3
Softplus 3 3

1 x 1 Conv. 32 128

Rotation 1 x 1 Conv. 128 32
1 x 1 Conv. 32 4

Norm. 4 4

1 x 1 Conv. 32 128

Ovacit 1 x 1 Conv. 128 32
pacity 1 x 1 Conv. 2 1
Sigmoid 1 1

Table 1. The detailed architecture of Gaussian header for each
attribute.

pendently projected through linear layers to obtain query,
key, and value representations. The cross-view attention
scheme is applied to each local neighborhood to generate
recalibrated latent embeddings (the detailed explanation is
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Figure 2. Results of novel view synthesis via generalizable human Gaussian splatting on the THuman?2.0 [9] dataset. (a) Input images. (b)
Results by GPS-Gaussian [10]. (c) Results by GHG [3]. (d) Results by RoGSplat [8]. (e) Results by the proposed method. (f) Ground

truth.

provided in Section 3.3 of the manuscript). The output
of our cross-view attention is processed through a feed-
forward network with residual connections. The detailed
architecture is illustrated in Fig. 1.

Gaussian regression. After obtaining the recalibrated la-
tent embedding, these embeddings are projected back into
the 2D grid and processed by a DPT-style decoder [6] to
generate per-pixel Gaussian attributes. The decoder pro-
duces a dense feature map Xz € RT*WXD (where D =
32), from which each Gaussian attribute is predicted using
an independent regression head. Each head is implemented
as a sequence of 1 x 1 convolutions with ReLLU activations,
followed by a final projection layer whose output dimension
matches the corresponding Gaussian attribute. The detailed
architecture for each header is provided in Table 1.

4. Ablation Study

In this Section, we analyze the influence of adjusting the
number of neighbors (i.e., K in KNN search) for computing
cross-view attention of latent embeddings. For this experi-
ment, three values of K € {32,64, 128} are tested on the

# Neighbors (K) PSNR(1) SSIM(1) LPIPS(})
K =32 30.57 0.9700  0.0344
K =64 30.93 0.9710  0.0334
K =128 31.01 0.9708  0.0335

Table 2. Performance analysis of the proposed method according
to the number of neighbors (K') used in KNN search.

THuman2.0 [9] dataset with four-view inputs. As shown
in Table 2, the configuration with K = 64 achieves the
highest overall performance. Increasing K from 32 to 64
yields the meaningful improvement in PSNR, whereas us-
ing K = 128 does not provide additional gains. Based on
this observation, we adopt K = 64 as the default value in
all experiments.

5. More Results and Limitations

5.1. Qualitative Results

To show the effectiveness of the proposed method, addi-
tional qualitative comparisons both on THuman2.0 [9] and
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Figure 3. Results of novel view synthesis via generalizable human Gaussian splatting on the HuMMan [1] dataset. (a) Input images. (b)
Results by GHG [3]. (c) Results by RoGSplat [8]. (d) Results by the proposed method. (e) Ground truth.

HuMMan [1] datasets are presented in Figs. 2 and 3, re-
spectively. Specifically, the proposed method successfully
represents textural details without significant distortions in
complicated regions, e.g., facial regions, compared to pre-
vious methods (see the 1% rows in Figs. 2 and 3). In addi-
tion, the proposed method accurately renders boundaries of
loose clothing, where existing methods produce incomplete
reconstruction (see the 3™ row in Fig. 2).

5.2. Limitations and Future Work

Although the proposed method reliably improves the
quality of human rendering, it may still struggle to recon-
struct very thin or highly articulated structures, such as fin-
gers. As shown in Fig. 4, these regions appear slightly
blurred in the rendered results. This limitation arises be-
cause thin structures occupy only a small number of valid
pixels across different input views, which limits the influ-
ence to the computation process of cross-view attention and
thus reduces the reliability of the semantic consistency. As
a result, the recalibrated latent embedding for such regions
may lack sufficient support to precisely regress Gaussian
attributes, thus leading to loss of details in the rendering
result. Extension of the proposed method to handle dy-
namic inputs or editable representations remains as the fu-
ture work.

6. Ethics Statement

We use publicly available human datasets, including
THuman2.0 [9], ZJU-MoCap [5], and HuMMan [1], all of
which provide properly released data for research purposes.
Our work focuses on generalizable human Gaussian splat-
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Figure 4. Limitations of the proposed method. Note that thin struc-
tures, e.g., fingers, remain challenging to reconstruct, which leads
to slightly blurred results.

ting from sparse-view inputs, a technology that can benefit
applications in graphics, telepresence, and virtual environ-
ments. However, as this technique enables the reconstruc-
tion of a realistic human appearance from limited visual ob-
servations, it may raise concerns related to privacy, identity
misuse, or unintended replication of personal likeness. We
emphasize that our method is intended solely for research
use and should not be applied to scenarios involving unau-
thorized digital reproduction of individuals. Responsible
deployment and adherence to ethical guidelines are strongly
encouraged.
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