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Abstract

Recently, 3D Gaussian Splatting for scene rendering has at-
tracted much attention in computer vision and graphics, but
generally suffers from large burdens of both computation
and storage when handling large-scale scenes. Some exist-
ing works in literature employ a divide-and-conquer strategy
for alleviating this issue, where an input large scene is di-
vided into lots of local blocks, and each block is handled sep-
arately. However, such a strategy generally leads to limited
performance due to the inevitable inconsistency among the
3D Gaussians from different blocks. To address this problem,
we propose a Consistent Anchor Guided Gaussian Splatting
for large-scale scene rendering under the divide-and-conquer
strategy, called CAG-GS. In CAG-GS, a set of learnable an-
chors for each local block is injected with the corresponding
semantic features from a pre-trained semantic segmentation
model SAM2 through an explored semantic mapping mod-
ule, and then these anchors are used to predict the attributes
of 3D Gaussians. Moreover, we explore a coarse-to-fine train-
ing strategy for CAG-GS, where each local block is optimized
independently while being guided by globally consistent se-
mantics. Extensive experimental results on five large-scale
scenes demonstrate the superiority of the proposed method
over five state-of-the-art methods in most cases.

1 Introduction
In recent years, 3D Gaussian Splatting (3D-GS) (Kerbl et al.
2023) has emerged as a promising rendering technique. By
employing an explicit 3D Gaussian scene representation
and an efficient differentiable rendering pipeline, it achieves
high-fidelity and real-time rendering performance. However,
the basic 3D-GS technique requires a vast number of Gaus-
sians when handling large-scale scenes, leading to severe
computational and storage burdens.

To address this issue, some methods in literature (Lin et al.
2024; Kerbl et al. 2024; Chen et al. 2024b) generally adopt a
divide-and-conquer strategy, where the scene is divided into
multiple blocks, each assigned a subset of training views
for independent optimization. However, given the significant
variations in visual appearance, including lighting and color,
across the captured image collections, such a division strat-
egy inevitably leads to an imbalanced distribution of train-
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ing data across blocks. Due to the lack of effective global
consistency constraints, existing methods are subject to in-
consistent optimization objectives between blocks resulting
from this imbalance (Fan et al. 2024a; Wu et al. 2025). As
a result, the overall quality of the merged reconstruction is
degraded. For instance, Figure 1 illustrates that the exist-
ing methods tend to introduce floaters in the airspace to fit
the imbalanced lighting distribution, resulting in unrealistic
brightness variations in the synthesized novel views.

To alleviate the above problem, we propose a Consistent
Anchor Guided Gaussian Splatting for large-scale scene ren-
dering, called CAG-GS, which incorporates semantic guid-
ance to improve global consistency under the divide-and-
conquer strategy. In CAG-GS, the scene is implicitly repre-
sented by a set of anchors, each associated with a learnable
feature to neurally predict the attributes of nearby Gaus-
sians (Lu et al. 2024; Ren et al. 2024). Building upon this
foundation, a semantic mapping module is introduced to
inject semantic information into anchor features for con-
structing semantically consistent implicit Gaussians. Con-
cretely, the semantic mapping module is trained using the
visual features extracted from a pre-trained segmentation
model SAM2 (Ravi et al. 2025) as supervision. In addition, a
coarse-to-fine training strategy is explored for the proposed
CAG-GS. We first train a coarse global model using all train-
ing views and then divide the scene into multiple blocks.
The training views are assigned to each block according to
the blending weights during rendering, ensuring sufficient
supervision for each block. Subsequently, each block is fur-
ther fine-tuned using the assigned training views. With the
semantic guidance from SAM2 and the priors provided by
the coarse model, the subsequent block-wise fine-tuning en-
ables finer-grained modeling of scene details while preserv-
ing global consistency. Finally, the blocks are cropped along
their division boundaries and then seamlessly merged to ob-
tain the final reconstruction.

In summary, the main contributions of this paper are as
follows:

• We propose CAG-GS for large-scale scene rendering,
which uses an anchor-based Gaussian construction that
injects semantic features from a pre-trained segmentation
model into the anchors. Thanks to the injected semantic
features, the anchors from different blocks are endowed
with certain consistent scene information so that the in-
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Figure 1: Visual comparison with the existing methods. The compared methods lack effective global consistency constraints and
thus struggle to handle complex lighting variations within the large-scale scenes. In contrast, our method incorporates globally
consistent semantic guidance, which implicitly regulate the color distribution of Gaussians, leading to more realistic brightness
variations in novel views.

consistency problem among the 3D Gaussians caused by
the divide-and-conquer strategy is alleviated to some ex-
tent.

• We explore a coarse-to-fine strategy for training the pro-
posed CAG-GS, which enables fine-grained modeling of
scene details while preserving global consistency across
the entire scene.

• We conduct extensive experiments for evaluating the pro-
posed CAG-GS in comparison to five SOTA methods.
The results in Section 4 demonstrate the effectiveness of
the proposed CAG-GS.

2 Related Work
3D Gaussian Splatting
By representing scenes with explicit 3D Gaussians, 3D
Gaussian Splatting (3D-GS) (Kerbl et al. 2023) achieves
high-fidelity and real-time rendering. Subsequent develop-
ments refined vanilla 3D-GS in various dimensions, includ-
ing rendering quality (Yu et al. 2024; Liang et al. 2024;
Yan et al. 2024), speed (Navaneet et al. 2023; Fan et al.
2024c; Hanson et al. 2025), and storage efficiency (Chen
et al. 2024c; Wang et al. 2024; Liu et al. 2024a). Moreover,
several works extended it to related tasks such as surface re-
construction (Huang et al. 2024; Chen et al. 2024a; Huang
et al. 2025) and semantic understanding (Qin et al. 2024;
Zhou et al. 2024; Ji et al. 2025).

However, the gradient-based heuristic densification strat-
egy adopted in 3D-GS can lead to redundant Gaussians,
which in turn increase rendering latency and compromise
robustness to view changes. Although several works have al-
leviated this issue through efficient pruning algorithms (Na-
vaneet et al. 2023; Fan et al. 2024b,c) and controllable den-
sification strategies (Mallick et al. 2024; Li et al. 2024; Zeng
et al. 2025), the resulting point-cloud-like 3D Gaussians re-
main unorganized. In light of this, Scaffold-GS (Lu et al.
2024) proposed a structured scene representation, where the

scene was discretized into a voxel grid, and each voxel in-
stantiated a set of implicit Gaussians for rendering. Octree-
GS (Ren et al. 2024) extended the above work by incorporat-
ing multi-resolution grids and tailored optimization strate-
gies, thus improving the capability of modeling scene ge-
ometry across varying levels of detail.

Large-Scale Scene Reconstruction
Large-scale scene reconstruction has long been a central re-
search topic in computer vision. Traditional methods aim to
recover sparse scene geometry and camera parameters from
the input images (Snavely, Seitz, and Szeliski 2008; Agar-
wal et al. 2011; Liu and Dong 2025). These are then used to
generate a mesh-based representation of the scene (Bleyer,
Rhemann, and Rother 2011; Lafarge et al. 2013).

With the advancement of neural rendering techniques,
various methods have introduced novel scene representa-
tions and differentiable rendering pipelines for large-scale
view synthesis. For instance, concurrent methods Block-
NeRF (Tancik et al. 2022) and Mega-NeRF (Turki, Ra-
manan, and Satyanarayanan 2022) adopted the divide-and-
conquer strategy, training separate NeRF modules to rep-
resent sub-regions of the scene. Switch-NeRF (Mi and Xu
2023) introduced a gating network to fuse the outputs of the
NeRF modules, thereby improving consistency of the entire
scene.

Recent methods leverage 3D-GS for large-scale scenes
owing to its superior rendering efficiency. VastGaussian (Lin
et al. 2024) was the first to incorporate the divide-and-
conquer strategy into the 3D-GS framework, where each
block is represented by an independent Gaussian model. In
the follow-up work, CityGaussian (Liu et al. 2024b) pro-
posed to first train a coarse global Gaussian model, which
serves as the basis for scene division and provides global
priors for subsequent block-wise fine-tuning. To further im-
prove consistency across blocks, DOGS (Chen and Lee
2024) and Momentum-GS (Fan et al. 2024a) jointly opti-
mized different blocks through inter-GPU communication.
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Figure 2: Anchor representation in CAG-GS. (a) Implicit Gaussian Construction: the semantic mapping module encodes an-
chor coordinates into semantic vectors, which are subsequently fused with anchor-specific features and passed through MLP
decoders to predict the attributes of the implicit Gaussians. (b) Semantic Mapping Module Learning: the semantic mapping
module is trained by aligning its outputs with semantic features extracted by SAM2.

Our method shares similarities with Momentum-GS in
the use of implicit scene representation and the divide-
and-conquer optimization strategy. Unlike Momentum-GS,
which implicitly regularizes anchor features by sharing the
same MLP decoders across different blocks, our method di-
rectly incorporates consistent semantic information to guide
feature learning.

3 Method
In this section, we begin by reviewing the fundamentals of
vanilla 3D-GS. Then, we describe the proposed CAG-GS for
large-scale scene rendering and its training strategy in detail.

Preliminary
3D-GS represents scenes using anisotropic 3D Gaussian
primitives, where each Gaussian Gi is defined by its position
µi and covariance Σi. The covariance matrix Σi is param-
eterized by a scaling vector si and a rotation quaternion qi.
For color representation, each Gaussian is further associated
with opacity σi and spherical harmonic coefficients.

During rendering, Gi is projected onto the image plane
and approximated as the 2D counterpart G′

i (Zwicker et al.
2001), and its spherical harmonic coefficients are decoded
into view-dependent color ci. Subsequently, the rasterizer
sorts the 3D Gaussians in depth order and performs α-
blending to composite their colors at each pixel:

C(x′) =
∑

i∈I(x′)

ciαi

i−1∏
k=1

(1− αk) , αi = σiG
′
i(x

′), (1)

where x′ is the queried pixel and I (x′) represents the sorted
indices of the Gaussians that contribute to this pixel.

For each training view, the 3D Gaussians are optimized by
minimizing the photometric loss function between the ren-
dered image I and the ground truth image Î:

L3DGS = (1− λ)L1

(
I, Î

)
+ λLSSIM

(
I, Î

)
, (2)

where L1 and LSSIM denote the L1 loss and the SSIM
loss (Wang et al. 2004), respectively, and λ is a weighting
coefficient.

Consistent Anchor Guided Gaussian Splatting
In this subsection, we present the proposed CAG-GS. We
first provide the definition of anchors, and then describe the
process of constructing implicit Gaussians based on these
anchors.
Anchor Definition. Given the large variations in geometry
and texture scales in large-scale scenes, a hierarchical scene
representation based on Level-of-Detail (LoD) is adopted
to model details at different granularities, following Octree-
GS (Ren et al. 2024). Prior to training, the sparse point cloud
P obtained from SfM is voxelized at L different resolutions
to generate a set of anchor points:

A =
{⌊ p

δ/2l

⌉
· δ/2l

∣∣p ∈ P, l = 0, . . . , L− 1
}
, (3)

where ⌊·⌉ is the element-wise rounding operation, and δ rep-
resents the base voxel size. Each anchor Aj is uniquely de-
termined by its LoD level lj and position pj , and is further
assigned a learnable feature f j ∈ Rd and K learnable spa-

tial offsets
{
o
(1)
j , . . . ,o

(K)
j

}
∈ R3K . Here, D denotes the

dimensionality of the anchor features and K denotes the ex-
pected number of Gaussians to be generated per anchor. An-
chors with higher LoD levels are located on denser grids,
allowing them to capture finer details.
Implicit Gaussian Construction. We introduce a seman-
tic mapping module to incorporate semantic information,
guiding the construction of implicit Gaussians. This module
learns to map 3D spatial coordinates into a semantic feature
space.

During rendering, visible anchors are first selected based
on their LoD levels and their distances from the target view-
point. For instance, when observed from a distant viewpoint,
anchors with higher LoD levels are excluded from the ren-
dering pipeline. As illustrated in Figure 2(a), for each se-
lected anchor, the semantic mapping module encodes its
spatial position into a high-dimensional semantic vector,
which is then fused with its original feature, yielding an en-
hanced anchor feature as follows:

f̃ j = W · γ(pj) + f j , (4)
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where γ : R3 → RD represents the semantic mapping
module, D denotes the dimensionality of its output, and
W ∈ Rd×D is a learnable weight matrix. Finally, the seman-
tic feature is fed into MLP decoders to predict the opacities,
colors, and covariances of the implicit 3D Gaussians, while
their centers are determined by applying K learnable spatial
offsets to the anchor position.

In our method, the semantic mapping module is imple-
mented by a compact multi-resolution hash grid (Müller
et al. 2022). During training, it enables efficient queries of
semantic features at arbitrary spatial locations through hash-
based feature indexing and trilinear feature interpolation.
Notably, since the feature hash tables are fixed in size, the
memory consumption of the semantic mapping module re-
mains constant, regardless of the number of anchors.

Coarse-to-Fine Training Strategy
CAG-GS is designed to incorporate semantic guidance to
improve global consistency under the divide-and-conquer
strategy. To this end, we explore a coarse-to-fine train-
ing strategy for the proposed CAG-GS, consisting of three
stages: coarse global model training, scene division, and
block-wise local fine-tuning. In this subsection, we first
present the optimization objectives employed in both the
coarse and fine stages of training, then elaborate on the scene
division strategy, and finally describe the process of merging
the blocks into the final reconstruction.
Optimization Objective. Beyond the photometric loss used
in vanilla 3D-GS, we additionally introduce a semantic fea-
ture alignment loss and geometric consistency constraints to
jointly optimize the proposed CAG-GS.

The semantic feature alignment loss is introduced to train
the semantic mapping module by encouraging its embedding
space to align with the feature space defined by SAM2 (Ravi
et al. 2025). We use SAM2 as the source of semantic guid-
ance due to its fine-grained perception of semantically ho-
mogeneous regions in images, which facilitates the con-
struction of semantically consistent Gaussians in 3D space.
As illustrated in Figure 2(b), during training, the positions
of the implicit Gaussians are fed into the semantic map-
ping module to obtain the corresponding embedding vec-
tors. Then, the 3D-GS rasterizer is reused to composite the
embedding vectors into the feature map as follows:

F (x′) =
∑

i∈I(x′)

γ(µi)αi

i−1∏
k=1

(1− αi), αi = σiG
′
i(x

′),

(5)
where γ (µi) represents the embedding vector associated
with Gaussian Gi. To reduce computational overhead, fea-
ture maps are synthesized at a downscaled resolution while
maintaining the original aspect ratio.

The semantic feature alignment loss is defined as the L1
loss between the feature map F and the extracted semantic
features:

Lfeat =
1

|X |
∑
x′∈X

∥∥F (x′)− F̂ (x′)
∥∥
1
, (6)

where X denotes the set of pixels, and F̂ represents the per-
pixel features extracted using SAM2. For training efficiency,

these features are extracted and stored during pre-processing
and loaded at each training iteration.

To improve the robustness of the synthesized feature
maps to view changes, additional geometric consistency
constraints are introduced. These constraints include a flat-
tening loss and a normal consistency loss, encouraging the
implicit Gaussians to align with the local surface of the
scene. First, the flattening loss is applied to compress the
Gaussians along their shortest axis:

Lflat =
1

|I|
∑
i∈I

min(si), (7)

where I denotes the indices of all implicit Gaussians and
si ∈ R3 is the scaling vector of Gaussian Gi. Thus, each
Gaussian defines a local plane, with its normal ni given by
the direction of its shortest axis, and its distance to the cam-
era center computed as di = nT

i (µi +RTt), where (R, t)
denotes the transformation from the world coordinates to
the camera frame. The normal map N r(x

′) and the unbi-
ased depth map D(x′) are rendered following PGSR (Chen
et al. 2024a). Subsequently, the unbiased depth map is back-
projected into 3D space to recover per-pixel 3D coordinates.
For each pixel, the surface normal N(x′) is estimated from
the 3D coordinates of its adjacent pixels. The normal con-
sistency loss is defined as follows:

Lnorm =
1

|X |
∑
x′∈X

w(x′)
∥∥N(x′)−N r(x

′)
∥∥
1
, (8)

where the weighting term w(x′) is given by

w(x′) =
(
1− |∇Î|(x′)

)2
, (9)

and |∇Î| denotes the normalized image gradient magnitude,
scaled to the range [0, 1].

Accordingly, the overall loss function is formulated as:

L = L3DGS + λ1Lfeat + λ2Lflat + λ3Lnorm, (10)

where λ1, λ2, and λ3 denote the weighting coefficients for
the semantic alignment, flattening, and normal consistency
losses, respectively.
Scene Division Strategy. The divide-and-conquer strategy
is required to balance workload across different blocks and
provide sufficient supervision for each block. We design a
scene division strategy based on the trained coarse model,
which primarily involves determining block boundaries, as-
signing training views, and instantiating local models.

To obtain the block boundaries, a scene bounding box is
first estimated based on the anchor positions in the coarse
model. We sequentially divide the scene along the two axes
of the bounding box, ensuring that each block contains an
approximately equal number of training views to balance the
optimization workload across blocks (Lin et al. 2024).

During subsequent training view assignment, views
within each block boundary are initially assigned to the cor-
responding block. To ensure sufficient supervision for each
block, additional views outside the boundary are selected ac-
cording to blending weights during rendering. Specifically,
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Scene Building Rubble Residence Sci-Art SmallCity

Metric PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

VastGaussian† 21.80 0.728 0.225 25.20 0.742 0.264 21.01 0.699 0.261 22.64 0.761 0.261 28.33 0.835 0.220
CityGaussian 21.55 0.778 0.246 25.77 0.813 0.228 22.00 0.813 0.211 21.39 0.837 0.230 27.46 0.865 0.204

DOGS 22.73 0.759 0.204 25.78 0.765 0.257 21.94 0.740 0.244 24.42 0.804 0.219 28.58 0.847 0.219

Octree-GS 23.66 0.776 0.267 25.34 0.763 0.299 22.29 0.762 0.288 23.38 0.828 0.240 27.31 0.849 0.229
Momentum-GS 23.23 0.815 0.194 25.93 0.827 0.201 22.21 0.818 0.197 23.02 0.856 0.205 28.01 0.880 0.179
CAG-GS (Ours) 23.46 0.814 0.198 26.18 0.816 0.221 22.62 0.820 0.202 23.80 0.863 0.201 27.79 0.879 0.179

Table 1: Quantitative comparison of rendering quality on the five scene. The methods listed in the first block adopt explicit scene
representations, while others adopt implicit ones. The best and second best results are highlighted in bold and underline, respec-
tively. VastGaussian† denotes the DOGS implementation, with the results from the DOGS paper. The results of Momentum-GS
are cited from the v1 version of its paper, and those of other comparative methods are from their original papers.

the blending weight of Gaussian Gi when querying pixel x′

is defined as follows:

α̂i(x
′) = σiG

′
i(x

′)
i−1∏
k=1

(
1− σtG

′
t(x

′)
)
. (11)

By accumulating the blending weights of the Gaussians con-
structed by anchor Aj over all pixels, the importance score
of Aj for the current view is computed:

s(Aj) =
∑
i∈Ij

∑
x′∈X

α̂i(x
′), (12)

where Ij denotes the set of indices corresponding to the
Gaussians constructed by anchor Aj . The ratio between
the sum of importance scores of anchors within the block
boundary and the total importance score is computed. If this
ratio exceeds a threshold ε, the corresponding training view
is assigned to the target block.

Finally, a local model is instantiated for each block, with
modules and anchors initialized from the coarse model. The
parameters of the MLP decoders and the semantic mapping
module are inherited from the coarse model. To initialize
anchors, we iterate over the assigned training views, and se-
lect those with positive importance scores as initial anchors.
This process introduces a considerable number of out-of-
boundary anchors. Although these anchors will be discarded
during final merging, their involvement in the fine-tuning
helps provide reliable estimates for neighboring regions.
Block Merging. Once all blocks are fine-tuned, anchors
falling outside the block boundaries are discarded, and the
remaining anchors are merged along the shared borders. The
features of these anchors are then fused with semantic fea-
tures queried from their corresponding semantic mapping
modules. Finally, the semantic mapping modules of all local
models are discarded, while the MLP decoders are retained
for predicting Gaussian attributes.

4 Experiments
Experimental setup
Datasets. We conduct experiments on five large-scale scenes
drawn from three benchmark datasets: Building and Rubble
from Mill19 (Turki, Ramanan, and Satyanarayanan 2022),

Residence and Sci-Art from UrbanScene3D (Lin et al. 2022),
and SmallCity from MatrixCity (Li et al. 2023). For the
Mill19 and UrbanScene3D datasets, the images are down-
sampled to 25% of their original width and height, and the
camera parameters are provided by MegaNeRF (Turki, Ra-
manan, and Satyanarayanan 2022). For the SmallCity scene,
we use aerial images and resize them to a width of 1600
pixels while maintaining the original aspect ratio. The as-
sociated camera parameters are provided by the MatrixCity
dataset. For all scenes, we use COLMAP (Schönberger and
Frahm 2016) to reconstruct sparse point clouds from the im-
ages using the provided camera parameters.
Metrics. We evaluate rendering quality using the standard
PSNR↑, SSIM↑ (Wang et al. 2004), and LPIPS↓ (Zhang
et al. 2018) metrics, where ↑ indicates that higher is better
and ↓ indicates the opposite.
Implementation. Our method is implemented by Pytorch
and all experiments are conducted on 8 RTX 3090Ti GPUs.
For each scene, we optimize the coarse global model
for 60,000 iterations and fine-tune each block for another
60,000 iterations. Specifically, we use SAM2-L to extract
semantic features. For each anchor, the feature dimensional-
ity d is set to 32, and is used to construct K = 10 Gaussians.
The output dimensionality D of the semantic mapping mod-
ule matches that of the extracted features. The weighting co-
efficient λ in the photometric loss is fixed to 0.2, while the
other loss terms are weighted by λ1 = 1.0, λ2 = 100.0, and
λ3 = 0.015. During scene division, the threshold of the im-
portance score ratio ε is set to 0.1. For SmallCity, the entire
scene is divided into 4× 4 blocks, whereas the other scenes
are divided into 2× 4 blocks.

Comparative Evaluation
We compare the proposed CAG-GS with five state-of-the-
art methods, including VastGaussian (Lin et al. 2024), City-
Gaussian (Liu et al. 2024b), and DOGS (Chen and Lee
2024) based on explicit scene representations, as well as
Octree-GS (Ren et al. 2024) and Momentum-GS (Fan et al.
2024a) based on implicit ones. Among these methods,
Octree-GS represents the entire scene with a single model,
without employing the divide-and-conquer strategy.
Rendering Quality. We evaluate the rendering quality of
CAG-GS on the five scenes in comparison to the five afore-
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Figure 3: Qualitative comparison on the five large-scale scenes. The results of the comparative methods are rendered using their
publicly released checkpoints.

mentioned methods. The corresponding results are reported
in Table 1. As seen from the table, our method outperforms
the comparative methods in most cases, demonstrating its
effectiveness. In particular, it achieves significantly better
SSIM and LPIPS scores than the methods based on ex-
plicit representations. It is worth noting that Momentum-
GS shows competitive or even better performance on certain
metrics, mainly owing to its use of a much larger number
of anchors. Several rendering results of CAG-GS as well
as three comparative methods (CityGaussian, DOGS, and
Momentum-GS) are given in Figure 3. As shown in the fig-
ure, the comparative methods often struggle with thin struc-
tures, resulting in noticeable blurring and artifacts. In con-
trast, our method better preserves fine-grained and intricate
details, thus producing clearer and more faithful renderings.

Rendering Efficiency. We report the rendering speed and
peak GPU memory usage of CAG-GS on the Building, Rub-

ble, Residence, and Sci-Art scenes, alongside those of City-
Gaussian, Octree-GS, and Momentum-GS for comparison.
The corresponding results are presented in Table 2. As seen
from the table, our method and Octree-GS generally re-
quire less GPU memory than CityGaussian, yet their ren-
dering performance is slower due to the additional overhead
of Gaussian construction. Our method uses a similar num-
ber of anchors as Octree-GS, but its sequential decoding of
Gaussian attributes from anchor features across blocks leads
to slightly lower peak memory usage and slower rendering
speed. Meanwhile, Momentum-GS employs a large num-
ber of anchors, resulting in reduced memory efficiency and
slower rendering compared to our method.

Ablation Study
This subsection verifies the effectiveness of each key el-
ement in CAG-GS by conducting ablation studies on the

11393



Ground Truth w/o Semantic Guidance Full

Figure 4: Visualization of the effect of semantic guidance in CAG-GS. Anchor feature maps and rendered RGB images of
CAG-GS with and without semantic guidance are shown, along with the ground truth RGB image. The current view covers two
blocks, and the color shift in the first feature map marks their boundary.

Scene Building Rubble Residence Sci-Art

Metric FPS Mem. FPS Mem. FPS Mem. FPS Mem.

CityGaussian 36 9.04 57 5.47 45 6.21 85 2.60
Octree-GS 41 3.91 38 4.61 28 6.08 42 4.86

Momentum-GS 21 8.02 24 4.83 17 6.60 16 8.08
CAG-GS (Ours) 28 3.38 27 3.16 26 3.38 31 3.13

Table 2: Comparison of rendering speed and peak GPU
memory usage (GB). Octree-GS is reproduced and tested
following its official implementation. The results of City-
Gaussian and Momentum-GS are obtained using their pub-
licly released checkpoints.

Scene Building Residence

Metric PSNR SSIM LPIPS PSNR SSIM LPIPS

w/o semantic 22.68 0.788 0.229 21.86 0.792 0.206
w/o geometric 23.18 0.812 0.208 22.32 0.808 0.201

from scratch 22.89 0.802 0.217 21.95 0.796 0.213
Ours 23.46 0.814 0.198 22.62 0.820 0.202

Table 3: Ablation study on the coarse-to-fine training strat-
egy. The best results are highlighted in bold.

Building and Residence scenes.
Training Strategy. We first analyze the impact of the se-
mantic guidance and geometric constraints by respectively
taking out the corresponding loss terms, and then verify the
effectiveness of coarse model training by training the local
models from scratch without initialization. The correspond-
ing results are reported in Table 3. As seen from the table,
the performance of CAG-GS drops when the semantic guid-
ance or the geometric constraints are removed. In addition,
training the local models from scratch also results in infe-
rior performance, demonstrating the effectiveness of using
the coarse model for initialization. To intuitively demon-
strate the effectiveness of the semantic guidance, we pro-
vide an example of the rendering results in Figure 4. It can
be seen that, without the semantic guidance, the learned an-
chor features show abrupt transitions at the block boundary,
along with visually irregular color variations on the build-
ing facade crossing the boundary. In contrast, the semantic
guidance improves feature consistency and leads to better vi-
sual quality in the corresponding region. The above results

Scene Building Residence

Metric PSNR SSIM LPIPS PSNR SSIM LPIPS

DINOv2-L 23.03 0.805 0.211 22.35 0.812 0.209
DAnyV2-L 22.82 0.793 0.223 22.16 0.796 0.227
SAM2-S 23.26 0.810 0.212 22.44 0.818 0.203
SAM2-B 23.29 0.814 0.206 22.47 0.822 0.202
SAM2-L 23.46 0.814 0.198 22.62 0.820 0.202

Table 4: Ablation study on foundation models and SAM2
sizes for semantic guidance. The best results are highlighted
in bold.

demonstrate that our training strategy is helpful for CAG-GS
to produce higher-quality renderings for large-scale scenes.
Foundation Model. We first evaluate the effectiveness of
SAM2 by replacing it with DINOv2 (Oquab et al. 2024)
and DepthAnythingV2 (Yang et al. 2024), and then analyze
the impact of SAM2 with different model sizes. The cor-
responding results are reported in Table 4. As seen from
the table, among the foundation models evaluated, SAM2
achieves the best performance for semantic guidance in most
cases. On the other hand, despite being specifically designed
for geometry-related tasks, DepthAnythingV2 performs rel-
atively worse in our setting. This is possibly because the ge-
ometric priors it provides mainly focus on depth informa-
tion, which may lead to suboptimal guidance for construct-
ing consistent Gaussians. Furthermore, it can be seen from
the table that SAM2 with larger capacity generally yields
better rendering quality. Please see the supplemental mate-
rial for more experimental results and discussions.

5 Conclusion
In this paper, we propose CAG-GS, a semantic-guided an-
chor representation for large-scale scene rendering, while a
coarse-to-fine strategy is explored for training. The proposed
method integrates semantic features from the pre-trained
segmentation model SAM2 into the implicit Gaussian con-
struction via a semantic mapping module, enhancing global
consistency across different blocks under the divide-and-
conquer reconstruction strategy. The experimental results
on the five scenes demonstrate that the introduced semantic
guidance and the explored training strategy enable the pro-
posed CAG-GS to produce high-fidelity and visually consis-
tent renderings for large-scale scenes.
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