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Abstract

3D reconstruction from unconstrained image collections
presents substantial challenges due to varying appearances
and transient occlusions. In this paper, we introduce Micro-
macro Wavelet-based Gaussian Splatting (MW-GS), a novel
approach designed to enhance 3D reconstruction by disen-
tangling scene representations into global, refined, and in-
trinsic components. The proposed method features two key
innovations: Micro-macro Projection, which allows Gaus-
sian points to capture details from feature maps across multi-
ple scales with enhanced diversity; and Wavelet-based Sam-
pling, which leverages frequency domain information to re-
fine feature representations and significantly improve the
modeling of scene appearances. Additionally, we incorporate
a Hierarchical Residual Fusion Network to seamlessly inte-
grate these features. Extensive experiments demonstrate that
MW-GS delivers state-of-the-art rendering performance, sur-
passing existing methods.

Introduction

3D reconstruction from images is a longstanding and criti-
cal task in computer vision, with applications ranging from
immersive virtual reality to 3D content creation. Recent ad-
vancements in this field have been driven by both implicit
representations, such as Neural Radiance Fields (NeRF)
(Mildenhall et al. 2021) and their subsequent developments
(Barron et al. 2023; Tancik et al. 2022), and explicit repre-
sentations, such as 3D Gaussian Splatting (3DGS) (Kerbl
et al. 2023) and related techniques (Yu et al. 2024; Lu
et al. 2024). These methods have demonstrated significant
progress, particularly in reconstructing static scenes under
controlled conditions, where stable lighting and minimal oc-
clusions prevail. However, real-world applications often in-
volve images captured in unconstrained and dynamic envi-
ronments, where traditional methods struggle to maintain
consistent reconstruction quality, leading to issues such as
blurriness, artifacts, and overall performance degradation
(Yang et al. 2023).

To address the challenges of dynamic appearance varia-
tions in real-world scenes, NeRF-W (Martin-Brualla et al.
2021) introduced per-image appearance embeddings, later
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refined by (Chen et al. 2022b; Yang et al. 2023) to better
handle these variations across different views. Despite these
advancements, global embeddings often fall short in repre-
senting fine-grained details, as they fail to fully account for
the significant appearance variations across different scene
locations influenced by object properties and environmental
factors. Furthermore, the high computational costs associ-
ated with implicit representations hinder their applicability
in real-time rendering scenarios.

Some Gaussian-related methods (Dahmani et al. 2024,
Kulhanek et al. 2024) have attempted to improve dynamic
appearance modeling by combining intrinsic Gaussian fea-
tures with global appearance embeddings. However, these
approaches still face limitations similar to those of NeRF-
based methods, primarily due to the less expressive nature
of global embeddings. The state-of-the-art GS-W method
(Zhang et al. 2024) has made notable progress by allow-
ing Gaussian points to adaptively sample detailed dynamic
appearance information from 2D feature maps. This tech-
nique provides more flexibility and captures richer details,
yet challenges like blurriness persist, particularly when im-
ages are closely inspected.

In this paper, we introduce Micro-macro Wavelet-based
Gaussian Splatting (MW-GS), a novel approach designed
to address the limitations of existing 3D reconstruction
techniques. Our method decomposes Gaussian features into
three distinct components: global appearance, refined ap-
pearance, and intrinsic features, which together provide
a comprehensive representation of dynamically changing
scenes. Global features capture the overall scene characteris-
tics, such as color tone and lighting conditions, while refined
features model detailed textures and region-specific effects
like highlights and shadows. Intrinsic features represent con-
sistent properties of the scene, ensuring robustness across
varying conditions.

The key innovation of our work lies in Micro-macro Pro-
jection, which significantly enhances refined appearance
modeling-a critical aspect where previous methods often fall
short. Specifically, our method employs adaptive sampling
within narrow and broad conical frustums on the 2D fea-
ture map, optimizing the 3D Gaussian points to capture both
fine-grained textures and relatively long-range features that
influence overall scene fidelity, such as highlights. Inspired
by traditional MipMap operations, we further introduce a



simple yet effective jitter to the projected position for each
Gaussian point at the micro scale, rather than relying on a
fixed position as in previous methods. This jitter introduces
variability into the sampling process, enabling capturing a
richer set of features. Additionally, we incorporate Wavelet-
based Sampling, leveraging frequency domain information
to further enhance refined appearance modeling and recon-
struction accuracy. This multi-scale approach ensures that
each Gaussian point accurately captures fine-grained fea-
tures while maintaining feature diversity. Finally, we pro-
pose a Hierarchical Residual Fusion Network (HRFN) to ef-
fectively integrate features from different levels, ensuring a
cohesive and precise 3D reconstruction.
In summary, the key contributions of this paper are:

* Micro-macro Wavelet-based Gaussian Splatting (MW-
GS): A novel approach for 3D reconstruction that effec-
tively decomposes and models global, refined, and intrin-
sic scene features.

* Micro-macro projection: An innovative sampling strat-
egy that introduces jitter and adaptive conical frustums
to capture a rich set of features, significantly enhancing
refined appearance modeling.

* Wavelet-based Sampling: This component enhances
multi-resolution sampling, leveraging frequency domain
information to refine feature representation and improve
reconstruction accuracy.

Our experiments across multiple scenes demonstrate that
MW-GS achieves superior reconstruction results and render-
ing quality, surpassing existing methods.

Related Work
Scene Representations

Existing traditional methods include meshes (Groueix et al.
2018; Kanazawa et al. 2018; Kato, Ushiku, and Harada
2018; Wen et al. 2019), point clouds (Qi et al. 2017a,b;
Shi et al. 2020), and voxels (Schwarz et al. 2022; Wu et al.
2015). Recently, Neural Radiance Fields (NeRF) (Milden-
hall et al. 2021) have revolutionized the synthesis of novel,
photo-realistic views from images. Extensions to NeRF en-
hance visual quality (Barron et al. 2022; Hu et al. 2023),
rendering speed (Chen et al. 2023; Reiser et al. 2023), and
convergence (Miiller et al. 2022; Chen et al. 2022a), though
limitations persist in speed and detail. More recently, 3D
Gaussian Splatting (3DGS) (Kerbl et al. 2023), an explicit
representation method, offers real-time rendering with high-
resolution quality. Recent advances in 3DGS include im-
provements in efficiency (Lee et al. 2024), surface recon-
struction (Huang et al. 2024), and incorporating semantic
attributes for multimodal applications (Xie et al. 2024; Shi
et al. 2024; Qin et al. 2024). 3DGS has also been extended
to various tasks, including autonomous driving (Zhou et al.
2024c¢; Yan et al. 2024; Zhou et al. 2024a), 3D generation
(Chen et al. 2024b; Chung et al. 2023), and controllable 3D
scene editing (Chen et al. 2024a; Wang et al. 2024; Zhou
et al. 2024b).
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Novel View Synthesis from Unconstrained Photo
Collections

Traditional novel view synthesis methods assume static ge-
ometry, materials, and lighting conditions. However, uncon-
strained photo collections, such as those from the internet
(Snavely, Seitz, and Szeliski 2006), often feature variable
lighting and dynamic occlusions, which challenge these as-
sumptions. NeRF-W (Martin-Brualla et al. 2021) pioneered
addressing these challenges by incorporating learnable ap-
pearance and transient embeddings for each image. Subse-
quent NeRF-based methods, such as Ha-NeRF (Chen et al.
2022b) and CR-NeRF (Yang et al. 2023), extended this ap-
proach with CNN-based appearance encoders to handle dy-
namic variations more effectively.

Despite these advancements, methods based on implicit
representations suffer from slow rendering speeds, prompt-
ing research into the use of 3D Gaussian Splatting (3DGS)
as a more efficient alternative to NeRF. Approaches such as
SWAG (Dahmani et al. 2024) and WildGaussians (Kulhanek
et al. 2024) incorporate learnable appearance embeddings
to modulate the color of 3D Gaussians using a multi-layer
perceptron (MLP). WE-GS (Wang, Wang, and Qi 2024)
enhances CNN-based appearance representations through a
spatial attention module, while GS-W (Zhang et al. 2024)
and Wild-GS (Xu, Mei, and Patel 2024) leverage CNNs to
generate feature maps for dynamic appearance modulation.
GS-W projects each Gaussian onto feature maps and per-
forms adaptive sampling, whereas Wild-GS uses depth in-
formation to construct triplane maps for local appearance
embedding.

However, projecting 2D appearance reference images to
3D space can lead to sparse features and gaps. In this work,
we address these limitations by introducing Micro-macro
Wavelet-based Sampling, which enhances sampling accu-
racy and diversity. Our approach leverages frequency do-
main information to refine appearance features, represent-
ing the first integration of frequency domain data into 3DGS
appearance representation. This innovation effectively im-
proves both the appearance representation and reconstruc-
tion results for unstructured photo collections.

Preliminaries
3D Gaussian Splatting

3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) repre-
sents a scene using a collection of anisotropic 3D Gaus-
sians. These Gaussians are differentiable and can be effi-
ciently projected onto 2D splats, enabling rapid a-blending
through tile-based rasterization. Each 3DGS is characterized
by a complete 3D covariance matrix X € R3*3, which is de-
fined in world space and centered at a point (mean) y € R3:

Ga) = eap(— gl —p) S @), ()

where z is an arbitrary position within the 3D scene. To
maintain its positive semi-definiteness during optimization,
3 is formulated using a diagonal scaling matrix S and an
orthogonal rotation matrix R:

> =RSS'R'. )



T R

e bkl Pooling MLP >
vm decoder  vm |—|

¥

g

Reference

Tile Rasterizer

2 ; Lssim
~>{Ci}—~

‘Ll

Lum

HRFN
Output

£

vm decoder

fq (0 f

Feature Map for
" Refined Feature

Figure 1: Overview of Micro-macro Wavelet-based Gaussian Splatting (MW-GS). Beginning with a reference image, CNN-
based sub-networks extract global appearance features, a visibility map, and a set of feature maps which then undergo wavelet
transform to capture multi-resolution information for refined appearance modeling. 3D Gaussian points are projected onto these
feature maps using Micro-macro Projection, which employs adaptive sampling within narrow and broad conical frustums to
capture richer information. The global, refined, and intrinsic features are subsequently fused through a Hierarchical Residual
Fusion Network (HRFN) to generate the final color, which is rendered using a tile rasterizer for high-quality 3D reconstruction.

In terms of implementation, the covariance matrix X is pa-
rameterized using a unit quaternion ¢ and a 3D scaling vec-
tor s. Additionally, each Gaussian is associated with color ¢
and an opacity factor «, which is multiplied by G(x) dur-
ing the blending process. During rendering, these Gaussians
are directly projected to the screen for high-speed render-
ing, called Splatting (Zwicker et al. 2001). After sorting the
Gaussians by depth, alpha compositing is used to compute

the final color C for pixel p. This process is expressed as:

1—1
Clp) =Y &a; [J(1 - o)), 3)
1EN j=1

where o is the product of «; and the splatted 2D Gaussian.

Discrete Wavelet Transform

Wavelet (Daubechies 1992; Strang and Nguyen 1996), has
long been a widely used mathematical tool in image analysis
(Chen et al. 2021; Duan et al. 2017; Li et al. 2022). The coef-
ficients of the Discrete Wavelet Transform (DWT) describe
signals across different frequency bands at various resolu-
tion levels, effectively capturing both local and global infor-
mation. The 2D DWT decomposes an image into four differ-
ent components in the frequency domain with low-pass (em-
phasizing relatively smooth parts) and high-pass (capturing
high-frequency signals, including local texture information)
filters, denoted by L and H, respectively. The combination
of the two filters yields four distinct kernels, i.e., LL, LH,
HL, and HH, corresponding to different frequency and spa-
tial information. Given a feature map F' € RH*W where H
and W indicate its height and width, respectively, we apply
DWT to F. The four sub-band features can be obtained by a
one-level decomposition, formulated as:

LL
Fw

FIL — LFH'™ FHH —

LFL' FLH —

HFL ',
HFH'.

“

For a feature map with multi channels, the wavelet transform
is applied individually to each channel. The resulting sub-
bands from the same filter are then concatenated, producing
four corresponding frequency sub-bands.
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Method

To achieve high-fidelity 3D reconstruction form uncon-
strained image collections, we introduce a novel approach
named Micro-macro Wavelet-based Gaussian Splatting that
decouples appearance attributes into global, refined, and in-
trinsic features, achieving a more structured and explicit
scene representation. Our method consists of the follow-
ing key components: i) Global appearance features are ex-
tracted directly from a 2D reference image using CNN-
based networks. ii) We propose a Micro-Macro Wavelet-
based sampling technique to enhance the accuracy and di-
versity of refined appearance features by capturing multi-
resolution information. iii) A Hierarchical Residual Fusion
Network (HRFN) effectively integrates learnable intrinsic
feature embeddings with global and refined features. iv) Vis-
ibility maps are employed to mitigate the influence of tran-
sient objects during the optimization process. This approach
enables high-quality 3D reconstruction with greater atten-
tion to refined detail and overall appearance fidelity.

Structured and Explicit Appearance Decoupling

In unconstrained photo collections, global appearance vari-
ations arise from factors like lighting conditions during cap-
ture and post-processing techniques such as gamma cor-
rection, exposure adjustment, and tone mapping. Addition-
ally, scene points may exhibit varying color details and the
changing appearance due to directional lighting, such as dis-
tinct highlights and shadows. Intrinsic properties, such as
material characteristics of the scene, remain constant. To ef-
fectively model these variations, we explicitly decouple the
appearance into three distinct components: Global Appear-
ance Feature (f; € R"s): Captures information about the
overall scene. Refined Appearance Feature (f. € R""):
Contains details beyond global features, specific to regional
positions within the scene, such as high-frequency details
and local highlights and shadows. Intrinsic Feature (f, €
R"™): Represents the inherent properties of the scene points.

For a point v located at x; in 3D space, its dynamic ap-
pearance is characterized by these three components. The
global and refined appearance features (f, and f,) are ex-
tracted from a reference image, while the intrinsic feature f,
is learned during the training process. This structured and
explicit appearance decoupling effectively balances global
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(a) GS-W (Zhang et al. 2024). (b) Our MW-GS.

Figure 2: Sampling comparison between GS-W and the pro-
posed MW-GS. Our approach integrates both narrow and
broad conical frustums with wavelet-based sampling, allow-
ing for a more comprehensive capture of features and result-
ing in enhanced accuracy.

scene information with local contextual details, while pre-
serving intrinsic scene properties.

In our implementation, we utilize a voxel-based organi-
zation of Gaussians as described in Scaffold-GS (Lu et al.
2024). Each anchor point v at the center of a voxel is as-
sociated with a scaling factor [, € R? and k learnable off-
sets O, € R¥*3, which collectively manage the k& Gaussians
within the voxel. To model global appearance changes con-
sistently across the scene, we assign a uniform global ap-
pearance feature f,, extracted from a reference image, to all
anchors. This extraction is performed by passing the feature
map obtained from the UNet encoder through a global aver-
age pooling layer, followed by a trainable MLP M LP to
obtain f,.

Micro-macro Wavelet-based Sampling

To enhance the accuracy of scene representation, we intro-
duce a novel approach called Micro-Macro Wavelet-Based
Sampling (MWS). This method refines the appearance fea-
tures of each 3D Gaussian by capturing more detailed
and diverse information. This approach aligns more closely
with real-world scene variations by incorporating both fine-
grained and broad-scale features. The MWS strategy con-
sists of two main components:

Micro-macro Projection (MP). In traditional MipMap
techniques (Williams 1983), jitter sampling (Cook 1986)
is used to introduce random perturbations, enhancing the
representation of texture details. Building on this concept,
we propose an adaptive jitter projection method to achieve
micro-projections. Rather than projecting each 3D point di-
rectly onto a fixed position on the 2D feature map, we project
each point within a narrow conical frustum. This approach
allows each Gaussian along a ray to capture similar yet dis-
tinct features, effectively reflecting the unique properties of
each point in 3D space.

Fig. 2a presents a comparison between our method and
GS-W. The GS-W method starts by directly projecting onto
the projection feature map, resulting in identical local ap-
pearance features for 3D points along the same ray. While
GS-W attempts to mitigate this by adaptively sampling
across multiple feature maps with varying positions, it lacks
explicit control over targeting specific local regions. Con-
sequently, the informative features within these regions are
not fully utilized. In contrast, our micro projection method

5060

employs a narrow conical frustum to project 3D points onto
the 2D feature map, with the cross-sectional radius param-
eterized by r. To further refine this process, we assign kg
learnable coordinate offsets {nc;}x, to each 3D point, en-
abling adaptive sampling within the frustum. The features
obtained from these kg samples are then averaged to pro-
duce the refined feature f;'. This approach ensures that fea-
ture sampling is diverse but still consistent, capturing rich
fine-grained details while maintaining the coherence of ren-
dered textures. By balancing variability and accuracy, our
method significantly enhances representation performance.
Additionally, refined appearance features extend beyond
fine details to encompass broader, long-range characteris-
tics such as highlights. To capture these broader aspects,
we also implement sampling through a broader conical frus-
tum, as depicted on the right side of Fig. 2b. Inspired by
the principle that the size of point projection is inversely
proportional to its distance from the camera, we parame-
terize the projection radius of the broad conical frustum as
R = Ryux /||xi — X¢||2, where x. represents the camera
center. To avoid excessively small radius, we impose a mini-
mum threshold Rmm. By assigning k, learnable coordinate
scaling factors {bc; }«. to each 3D point, we facilitate adap-
tive sampling within the broad conical frustum using the im-
plementation bc; x p;, where p; represents the projection
center of the frustum. This design encourages a broader sam-
pling range and enhances the representation of long-range
features. The features derived from these ks samples are av-
eraged to generate the broad appearance feature f2.
Wavelet-based Sampling (WS). In unconstrained image
collections, camera parameters can vary significantly, mak-
ing it challenging to handle large-scale variations across
different viewpoints with fixed-resolution sampling alone.
To address this, we introduce a Wavelet-based Sampling
technique that enhances the capture of high-frequency and
multi-scale information. Specifically, we apply the Discrete
Wavelet Transform (DWT) to the feature map FM4F gen-
erated by the UNet, producing a series of feature maps.
The DWT decomposes the feature map into four frequency
bands while simultaneously reducing its resolution, effec-
tively preserving the spatial information and enabling multi-
scale sampling that captures diverse frequency information.
The process begins by segmenting the feature map FM A7
into 2 +2 smaller feature maps {F*!, .- | F2M+2} where

each Fi € Rz XH"*W" ‘Here N represents the max-
imum number of downsampling operations or the highest
level of Discrete Wavelet Transform (DWT), which serves
as a critical hyper-parameter. The dimensions H¥ and WF
correspond to the height and width of the smaller feature
maps, respectively.

During the m-th downsampling stage, an m-level DWT is
applied to the (2m + 1)-th and (2m + 2)-th feature maps,
resulting in 4" sub-feature maps as per Eq. (4). These sub-
feature maps are then subjected to bilinear interpolation
sampling through narrow and broad conical frustums, em-
ploying the Micro-macro Projection technique, which yields
the feature sets {f,’,, ; }4m and { S, j }am, respectively.

n

Next, the refined features f”,, and ff.’ym for each down-



Brandenburg Gate

Sacre Coeur Trevi Fountain

Method
PSNR1{ SSIMt LPIPS| PSNR1 SSIM1T LPIPS| PSNR?T SSIM1 LPIPS |

NeRF-W 24.17 0.890 0.167 19.20 0.807 0.191 18.97 0.698 0.265
Ha-NeRF 24.04 0.887 0.139 20.02 0.801 0.171 20.18 0.690 0.223
CR-NeRF 26.53 0.900 0.106 22.07 0.823 0.152 21.48 0.712 0.207
WildGaussians 27.77 0.927 0.133 22.56 0.859 0.177 23.63 0.766 0.228
GS-W 27.96 0.931 0.086 23.24 0.863 0.130 2291 0.801 0.156
Ours 29.37 0.942 0.052 24.64 0.897 0.073 24.07 0.821 0.120

Table 1: Quantitative results on three datasets. Bold and underlined values correspond to the best and the second-best value,
respectively. Our method outperforms the previous methods across all datasets on PSNR , SSIM, and LPIPS.

sampling level are computed by applying learnable weight
parameters to the sampled features:

4qm

4m
b b b
fﬁm = Zw&,j : fﬁm,ja fr,m = Zwm,j ’ fr,m,jv (5
j=1 j=1

where wy), ; and wt, ; are the learnable weights for the

(2m 4+ 1)-th and (2m i 2)-th feature maps, respectively. Fi-
nally, the refined appearance features corresponding to each
anchor are obtained by concatenating the features from all
scales:

fr:fﬁo@ff,o@"'@fﬁM@ff,M~ (6)

The combination of Micro-macro Projection and Wavelet-
based Sampling supplements scene representation with
multi-scale and high-frequency features. It accurately cap-
tures refined appearance variations, providing a comprehen-
sive understanding of scene structures at multiple scales.

Hierarchical Residual Fusion Network

After obtaining the global appearance, refined appearance,
and intrinsic features, it is essential to effectively com-
bine these with the position and view direction to gen-
erate the final k£ Gaussian colors corresponding to each
anchor. Given that these features exist in different high-
dimensional spaces, simple concatenation would not achieve
an effective fusion. To address this, we propose a Hierar-
chical Residual Fusion Network (HRFN), which consists of
four Multi-Layer Perceptrons (MLPs), denoted as M
{Mif, MET ME MY

The inputs to the network include the position of the an-
chor center x;, global appearance feature f, refined appear-
ance feature f,., intrinsic features f,,, and the direction vec-

tor d;. = ===<—. The network processes these inputs to
[Ixi—xc|]2

infer the output colors {¢ } for the k Gaussians as follows:

Emb = M{I(’}/(Xl) G fo® frd fg) ® wr fr,

o 7

{er} = MY (Mgf (ME (Embe& w, f,)) @dm) , @
where @ denotes concatenation, () is the positional encod-
ing function, and w, and w, are learnable adaptive weights.
This hierarchical structure enables the network to effectively
fuse features from different levels, ensuring a comprehen-
sive integration of global, refined, and intrinsic information.
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This design improves the network’s ability to accurately pre-
dict the final Gaussian colors by capturing the complex in-
teractions among the various input features.

Handling Transient Objects and Optimization

Transient objects with view inconsistencies are widespread
in unconstrained photo collections, posing significant chal-
lenges for 3DGS, which aim to fit each view accurately. To
address this issue, we reuse the UNet encoder that extracts
appearance features, and adding a separate decoder to pre-
dict the visibility map vm. Once the vm is obtained, it is ap-
plied to the encoded intermediate features of the appearance
feature extraction network Additionally, a visibility map reg-
ularization is applied to prevent meaningful pixels from be-
ing masked out. The overall loss function between the ren-
dered image I, and the reference image I ;, incorporating
the visibility map, can be expressed as follows:

L= XssimLssiv(vm® I, om © Ig;)

8
+MLi(vm © In,om © Ige) + AymLa(vm, 1), ®)

where © denotes the Hadamard product.

Experiment
Datasets and Metrics

Following previous works (Chen et al. 2022b; Zhang et al.
2024), we evaluate different methods on three datasets:
Brandenburg Gate, Sacre Coeur, and Trevi Fountain, with
all images downsampled by a factor of 2 during both train-
ing and evaluation. We use PSNR, SSIM (Wang et al. 2004),
and LPIPS (Zhang et al. 2018) as metrics to assess the per-
formance of our method. We compare it against NeRF-W
(Martin-Brualla et al. 2021), Ha-NeRF (Chen et al. 2022b),
CR-NeRF (Yang et al. 2023), WildGaussians (Kulhanek
et al. 2024) and GS-W (Zhang et al. 2024).

Comparison Experiments

Quantitative comparison. The quantitative results pre-
sented in Tab. 1 highlight the efficacy of our MW-GS
method. NeRF-W introduces global appearance and tran-
sient embeddings, providing a basic level of scene recon-
struction. Ha-NeRF and CR-NeRF build on this founda-
tion, achieving improvements, but they still fall short in ade-
quately capturing the local contextual information of various
scene points. Similarly, WildGaussians exhibit limitations in
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Figure 3: Qualitative comparison on three datasets. Red and blue crops emphasize that MW-GS can recover finer details.

Brandenburg Gate

Sacre Coeur

Trevi Fountain

Method
PSNR1+ SSIM1T LPIPS| PSNR1 SSIM1T LPIPS| PSNR?T SSIM1 LPIPS |
w/o WS 28.88 0.939 0.055 24.35 0.895 0.075 23.38 0.810 0.127
only micro 28.49 0.939 0.059 23.83 0.888 0.081 23.47 0.809 0.129
w/o HRFN 28.69 0.936 0.057 24.45 0.896 0.074 23.68 0.813 0.125
w/0 vm 28.66 0.934 0.057 24.83 0.893 0.074 23.65 0.815 0.122
Full model 29.37 0.942 0.052 24.64 0.897 0.073 24.07 0.821 0.120

Table 2: Ablation studies on three datasets. Bold and underlined values correspond to the best and the second-best value.

appearance modeling due to their dependence on global ap-
pearance embeddings. GS-W addresses this by employing
adaptive sampling of local features, leading to enhanced fo-
cus on detailed information, as reflected in consistently im-
proved metrics. Our MW-GS method advances beyond GS-
W by seamlessly integrating long-range contextual informa-
tion with detailed localized features within the Gaussian rep-
resentations. Furthermore, it enriches multi-scale informa-
tion and captures high-frequency details more effectively.
This approach yields significant improvements, outperform-
ing GS-W by 1.41 dB, 1.4 dB, and 1.16 dB in PSNR across
the three evaluated scenes.

Qualitative comparison. The qualitative results in Fig. 3
clearly demonstrate the strengths of our approach. Exist-
ing methods often struggle to capture intricate scene details
and complex textures accurately. In contrast, our method
excels by utilizing micro-macro wavelet-based sampling to
enhance feature extraction, effectively integrating frequency
domain and multi-scale information. Furthermore, the hier-
archical fusion of structured features allows for a more pre-
cise recovery of appearance details and clear structural rep-
resentation. This results in superior visual fidelity and accu-
racy in the reconstructed scenes. For example, our method
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successfully captures finer details and more accurate colors
in the reliefs of the Trevi Fountain and the bronze statues at
Sacre Coeur, outperforming current techniques.

Component Analysis

Ablation Study. The ablation study results achieved on
three datasets are summarized in Tab. 2 and qualitative out-
comes are illustrated in Fig. 5. Key findings include: 1) MP
significantly enhances the diversity of refined appearance
sampling. As demonstrated in Fig. 5, relying solely on mi-
cro projection, without full MP and WS, results in noticeable
blurring of distant objects. 2) WS further refines attention to
high-frequency and multi-scale information. Without WS,
there is a marked loss of detail, as evidenced by the blurring
of the Trevi Fountain sculptures and a corresponding 0.69
dB decrease in PSNR. 3) HRFN facilitates a comprehensive
fusion of diverse information compared to simple concate-
nation. This results in a 0.68 dB increase in PSNR on the
Brandenburg Gate. 4) The removal of the visibility map in-
troduces significant artifacts in the rendered images, as seen
in Fig. 5, underscoring its importance in maintaining visual
integrity.

Analysis of Appearance Transfer. Our method demon-
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Figure 5: Ablation studies by visualization.

strates strong support for appearance transfer in 3D scenes,
showing its advanced appearance modeling capabilities. As
illustrated in Fig. 4a, a qualitative comparison between GS-
W and our approach reveals that our method not only trans-
fers both foreground and background elements to novel
views but also preserves the intricate details of the scene,
rather than merely replicating the overall scene tone. This
capability underscores the accuracy and robustness of our
appearance modeling. Furthermore, our approach allows for
the adjustment of dynamic appearance features during ren-
dering by modulating their corresponding weights. As de-
picted in Fig. 4b, altering these weights can effectively ad-
just the overall exposure of the rendered image. Addition-
ally, the variation in intrinsic features across different re-
gions results in corresponding changes in local highlights,
emphasizing the importance and effectiveness of disentan-
gling and capturing intrinsic features.

Analysis of Sampling. We project the sampling positions
onto corresponding camera images to generate an attention
map, where areas with dense sampling points indicate high
attention. As shown in Fig. 6a, our sampling approach ef-
fectively captures fine-grained local details and long-range
information by utilizing narrow and broad conical frustum
projections, respectively. We further visualize the features
of interest by examining the refined narrow features f and
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(a) Sampling attention.  (b) Sampling features rendering result.

Figure 6: Visualization of sampling analysis.

broad features f? at different resolutions, as depicted in Fig.
6b. The f features, focused on high-resolution details, ef-
fectively capture local texture intricacies, while the 0.5x res-
olution features, processed through DWT, attend to varying
details across different frequency bands. In contrast, the f?
features primarily target low-texture regions such as water
surfaces or highlights, which correspond to long-range fea-
tures. The combination of both enables our refined appear-
ance feature to effectively model dynamic appearances.

Conclusion

In this paper, we present MW-GS, a novel approach for
handling varying appearances in unconstrained photo col-
lections for novel view synthesis. By decomposing appear-
ance features into global, refined, and intrinsic components
and employing Micro-macro Wavelet-based Sampling, our
method captures precise and diverse appearance features
while preserving multi-scale and frequency domain details.
Extensive experiments show that MW-GS outperforms ex-
isting methods, setting a new standard in rendering quality
and adaptability to dynamic scenes.
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