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Fig. 1: Rendering comparison of 8 Formula racing cars. (a) Our InstGS represents
multiple cars with similar geometry but distinct appearances using only a small set of
shared parameters. (b) Compared with existing methods, our method achieves lower
memory, higher PSNR, and significantly faster rendering in repetitive-object scenes.

Abstract. 3D Gaussian Splatting (3DGS) and Neural Radiance Fields
(NeRF) have demonstrated remarkable capabilities in photo-realistic novel
view synthesis. However, their practical adoption is often hindered by
substantial storage requirements and limited rendering efficiency, partic-
ularly for scenes with repetitive structures. While existing acceleration
methods primarily focus on optimizing individual Gaussian primitives
or neural network architectures, they fail to address the fundamental re-
dundancy inherent in repetitive content. To overcome this limitation, we
introduce InstGS, the first Gaussian instancing-based accelerated ren-
dering framework. To eliminate redundancy at the representation level,
we perform gradient-driven cross-frame instance segmentation to group
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similar Gaussians into reusable components. A shared Gaussian template
with instance-specific offsets is optimized to replace all similar instances,
yielding substantial memory saving with negligible loss in visual fidelity.
Extensive experiments demonstrate that InstGS achieves high-quality,
high-frame-rate, and low-memory rendering performance.

1 Introduction

Recent advances in implicit [10, 11, 30, 31] and explicit 3D representations have
significantly improved the fidelity of novel view synthesis. Among them, Neural
Radiance Fields [32] and 3D Gaussian Splatting [17] have emerged as two dom-
inant paradigms for reconstructing and rendering photorealistic 3D scenes from
multi-view images. NeRF leverages volumetric neural fields to model continu-
ous radiance and density, achieving impressive results but often suffering from
slow rendering due to its reliance on neural network inference at each pixel. In
contrast, 3DGS represents scenes as a collection of explicit Gaussian primitives,
enabling real-time rendering with competitive visual quality.

Despite these successes, both NeRF and 3DGS face challenges in scalability
and efficiency when applied to large or structurally repetitive environments, such
as urban scenes with buildings or indoor spaces with chairs. The sheer number of
primitives or network parameters required leads to substantial storage overhead
and inefficient rendering, limiting their deployment in resource-constrained or
interactive applications.

Existing acceleration techniques primarily focus on optimizing Gaussian prim-
itives [4,5,36], network architectures [1,2,34], or rendering pipelines [21,29,37,41]
to improve performance. However, these approaches typically treat each prim-
itive or voxel as independent, overlooking the inherent redundancy present in
repetitive content. These challenges suggest the potential of leveraging instance-
level priors to share information among repetitive structures. Instance-based
Gaussian representations have been explored in tasks such as semantic under-
standing [3, 23, 39], scene decomposition [7, 44, 49], and reconstruction comple-
tion [24, 48]. None of them focus on instancing-based acceleration at the GPU
level for rendering. As a result, repetitive structures in real-world scenes are
still redundantly encoded and rendered multiple times, leading to unnecessary
memory usage and computational overhead.

To address this gap, we present InstGS, a novel GPU-accelerated instancing-
capable pipeline for object-redundancy-free rendering. First, we perform instance
segmentation via gradient-driven segmentation using consistent 2D masks. Then,
we introduce a template-and-offset instancing scheme, enabling efficient opti-
mization and rendering of repetitive objects. InstGS enables reuse of a learned
template Gaussians, together with lightweight per-instance offsets in position,
base color, and opacity. By decoupling the shared geometry/appearance from
per-instance variation, InstGS supports high-frame-rate rendering and low mem-
ory footprint for redundant scenes.

Our contributions can be summarized as follows:
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– We propose an improved instance segmentation approach that achieves seg-
mentation with low memory usage and no additional training cost.

– We propose a compact, learnable template-and-offset representation and a
differentiable instancing rasterizer, which jointly enable GPU heterogeneous
instancing for low-memory, high-FPS rendering by decomposing repetitive
objects into a shared template and lightweight offsets that capture geometric
and appearance variations.

– We construct a diverse dataset consisting of both synthetic and real-world
scenes, all of which contain similar and repetitive objects to varying degrees,
for evaluating the effectiveness and robustness of our method.

2 Related Work

2.1 Memory-Efficient Representation

Early efforts aimed at accelerating NeRF training and inference through multi-
resolution hash encoding [34] or sparse voxel grids [12]. 3DGS achieves faster
rendering through rasterization, at the cost of higher data volume. Some works
employ template pruning, clustering, and vector quantization to achieve high
compression ratios [8, 35, 36]. Others utilize structured or hierarchical represen-
tations, such as grid- or tri-plane-based layouts [21,50], to compactly encode spa-
tial redundancy. Hash-grid–assisted contextual coding and constrained Gaussian
counts [4, 9, 14] are further explored to improve efficiency and scalability, while
several extensions support both static and dynamic scenes [27]. A few lossless
strategies aim to reduce memory footprint through resolution-aware pruning or
2D Gaussian reformulation [37, 58], maintaining visual fidelity while improving
rendering performance.

However, most of these methods focus solely on individual Gaussian opti-
mization and overlook repetitive or shared structures. Moreover, they require
decompression before rendering, meaning that the runtime data size remains
nearly unchanged.

2.2 Large-Scale Scene Reconstruction

NeRF-based methods [40,46,47] have been extended to city-scale scenes through
various scalable designs, but struggle with slow rendering rates and excessive
memory consumption. Recent works extend 3D Gaussian Splatting to large-scale
and hierarchical settings to improve scalability, memory efficiency, and render-
ing stability. They introduce block-based [25, 28, 51] or octree-structured hier-
archies [41] to manage massive urban scenes, enabling adaptive Level-of-Detail
(LOD) control and consistent rendering across scales [56]. Others employ pro-
gressive or multi-resolution optimization [6,16,18,22] to reconstruct and render
large scenes efficiently.

However, these approaches mainly rely on divide-and-conquer or LOD strate-
gies, without considering instance reuse or shared Gaussian representations, lead-
ing to redundant storage and computation across repeated structures.
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Fig. 2: Overview of our InstGS pipeline. 1) Template Initialization. All object
instances are �rst segmented and registered to build a shared geometric template that
captures their common structure. 2) Di�erentiable Instancing Rasterizer. For each
instance, we apply learnable attribute o�sets, such as appearance and �ne geometry,
to adapt the shared template for instance-speci�c rendering.

2.3 Instance-Based Gaussian

One popular task of instance-based Gaussians is segmentation. Recent studies ex-
tend 3D Gaussian Splatting to semantic and instance segmentation. These meth-
ods leverage 2D-3D mask lifting, open-vocabulary models, or graph-based opti-
mization to assign semantic or instance labels directly in the Gaussian domain [3,
13,38,57]. Another task focuses on modular reconstruction. Recent works explore
modular and hierarchical Gaussian representations [44, 54], enabling instance-
level decomposition and part-controllable 3D generation for more e�cient and
adaptive rendering. The most representative works include: ProcGS [24], which
decomposes and recombines architectural components (such as windows) to gen-
erate diverse urban landscapes, and Splat-and-Replace [48], which completes
identical instances to improve reconstruction completeness. However, their im-
plementations mainly rely on copying identical Gaussians, without considering
GPU-level acceleration for rendering similar Gaussians.

Inspired by these instance-based designs, we extend the concept to e�cient
Gaussian rendering, aiming to reuse shared Gaussian templates while maintain-
ing instance-speci�c appearance and full di�erentiability.

3 Overview

The pipeline of InstGS is illustrated in Figure 2. The input of our method is
a well-trained 3DGS representation. First, we initialize a shared template from
similar instances (Section 4.2), which involves open-vocabulary-based instance
segmentation followed by instance merging. Next, we design a di�erentiable in-
stancing rasterizer (Section 4.3), which takes the template derived from the orig-
inal scene, along with instance-speci�c o�sets and the background, and jointly
optimizes Gaussian attributes to render scenes with many similar instances using
lower memory and achieving higher frame rates.
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4 Method

4.1 Preliminaries

Given a training dataset of multi-view 2D images with camera views V, 3DGS
learns a representation with a set of 3D Gaussians G. Position, scale, rotation,
opacity, and color features (SH coe�cients) of every Gaussian are optimized
during training. For a speci�c view, 3DGS rasterizes the Gaussians onto the 2D
screen and computes the color C of a pixel p:

C(p) =
NX

i=1

ci � i

i�1Y

j=1

(1 � � j ) =
NX

i=1

ci � i Ti ; (1)

where N is the total number of Gaussians, each indexed by its sorted position,
ci and � i are the color and opacity associated with the i-th Gaussian, and
Ti =

Q i�1
j=1 (1 � � j ) is the transmittance of i-th Gaussian at p.

According to Equation 1, one Gaussian can correspond to a pixel. Conversely,
from a pixel, we can obtain the Gaussians that contribute to its color:

@C
@ci

= � i Ti ; i 2 [1; N] (2)

This derivative is positive if and only if both the transmittance and opacity are
positive, indicating that the Gaussian contributes to the �nal color [15]. This is
quite useful for the task of mapping image segmentation to 3DGS segmentation.

4.2 Template Initialization

Our method depends on known repeated categories, which is acquired by open-
vocabulary instance segmentation. Subsequently, a template is initialized via
merging similar Gaussian instances.

Instance Segmentation. Existing 3DGS segmentation methods often face
the following challenges: 1) Occlusion and cross-frame inconsistency introduce
noise into the segmentation results. 2) Feature learning based on contrastive
learning requires high training time and memory costs. Moreover, most existing
methods tend to focus on panoptic segmentation, whereas we only care about
repetitive objects. So we �rst need to obtain cross-frame consistent masks based
on object tracking. To address this issue, inspired by InstaScene [55] and Equa-
tion 2, we introduce gradient-driven 3D segmentation based on object tracking.
Given brief text prompts for all target instances, Grounding DINO [26] is em-
ployed to provide 2D bounding boxes around the instances. Since it incorporates
semantic understanding, segmentation can resist interferences such as lighting
and shading variations. Then, we utilize SAM [19] to perform pixel-level segmen-
tation of the same instance across frames. Since the masks generated by SAM
are inconsistent across frames, we need to determine which two masks belong
to the same object. We adopt the view consensus rate as proposed in [53] to
obtain cross-frame consistent masks M = fM k g for the same object.
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Next, we propose a gradient-driven segmentation method. Given an instance
mask M 2 f0; 1g H�W , where M ij = 1 marks pixels inside the mask, we con-
struct a masked MSE loss to activate gradients of Gaussians within it. During
rendering, the function outputs per-Gaussian gradients, and the squared error
ampli�es deviations, ensuring all relevant Gaussians are captured. To further
re�ne segmentation, we introduce weighted background removal, as large back-
ground Gaussians may still a�ect masked pixels. For each camera view vk 2 V
with mask M k , the gradient of G is computed accordingly.

g =
X

v k 2V

GSeg(G; vk ; M k ) � � �
X

v k 2V

GSeg(G; vk ; 1 � M k ); (3)

where � serves as a weighting factor for background removal. It is set to be less
than 1 because some Gaussians of the instance may lie outside the camera view,
and the gradients of these Gaussians need to remain positive. We encourage � to
be set to 0.8. GSeg(�) is de�ned as a function that performs a single iteration of
optimization and retrieves the gradients of Gaussians. For instance, its Gaussians
should correspond to the subset of Gaussians with positive gradients:

Ginst = fG i 2 G j gi > 0; i 2 [1; N]g (4)

The masks of di�erent instances in each frame are non-overlapping. Therefore,
we apply the aforementioned algorithm across the entire video, thereby accom-
plishing Gaussian instance segmentation.

For background, its Gaussians should correspond to the subset of Gaussians
with negative gradients:

Gbg = fG j 2 G j gj < 0; j 2 [1; N]g (5)

Instance Merging. For a group of similar instances, one instance is �xed,
and the remaining instances are registered with it pairwise. We always select
the �rst instance as the �xed one, as this choice is not critical. We utilize Fast
Point Feature Histograms (FPFH) [43] for global coarse registration and point-
to-point Iterative Closest Point (ICP) [42] for �ne registration. The registration
produces a 4Ö4 transformation matrix between each pair of instances. We use
these transformations to align all instances to a common pose and then perform
a merge-and-sampling procedure, where the number of sampled Gaussians equals
the average number of Gaussians per instance. Only the Gaussian positions and
base colors are preserved, while all other Gaussian attributes are reinitialized to
form the Gaussian template.

4.3 Di�erentiable Gaussian Instancing

The Template and O�sets. The template is a complete representation, where
each Gaussian contains position, scale, rotation, SH coe�cients (including base
color and rest terms), and opacity. It serves as the average representation shared
by all instances. However, appearance di�erences between instances are inevitable,
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such as variations in lighting, subtle geometric discrepancies, or even entirely
di�erent textures. To address this, we design three types of Gaussian o�sets
corresponding to position, base color, and opacity. These o�sets are added to
the corresponding attributes of the template to maintain variations of instances.
Unlike ProcGS and Splat-and-Replace, our template�o�sets paradigm has the
following characteristics: 1) The o�set mechanism supports substantially larger
appearance variations across instances, such as di�erent liveries of Formula rac-
ing cars in the teaser. 2) All template�o�sets computations are performed en-
tirely on the GPU, rather than relying on simple CPU-side duplication.

Fig. 3: Illustration of the forward rendering equation. (a) On the GPU, the template
and o�sets reside on the host side. Each square represents a Gaussian primitive. N
and K denote the number of Gaussians and the number of instances, respectively.
Each Gaussian in the template is combined with its corresponding o�set Gaussian and
computed on the device side. (b) Visualization of the template, o�sets, and the rendered
instances. � k

i are approximately spherical, as the position o�sets of most Gaussians
between instances are close to zero.

Forward Rendering. Now we have the initialized Gaussian template, the
transformation matrix from template to each instance, and the per-instance
o�sets. These data are transmitted from the CPU to the GPU. On the GPU,
each CUDA kernel is responsible for processing one Gaussian point, performing
the following operations sequentially: 1) applying the transformation matrix to
map the template Gaussian to the instance space. 2) applying the corresponding
o�set to adjust its geometric or appearance attributes. Formally, the process can
be expressed as:

gk
i = T k (g i ) + � k

i ; (6)

where gi denotes the i-th Gaussian in the template, Tk (�) is the geometric trans-
formation of the k-th instance, and � k

i represents the o�set applied to that
instance. More speci�cally, the transformation is applied only to the positions
and rotations of the Gaussians, while other attributes remain unchanged. The
o�sets are applied in an element-wise additive manner to these corresponding
attributes, enabling each instance to exhibit subtle geometric and appearance
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Fig. 4: Representative scenes in ReScene range from indoor scenes with single category
and few objects to outdoor scenes with multiple categories and many objects. We
intentionally retain noticeable di�erences among instances to better demonstrate the
robustness and scalability of our method.

di�erences while maintaining the shared structure of the template. Figure 3 vi-
sualize the process of forward rendering.

Joint Optimization. We use the same loss function as vanilla 3DGS to com-
pute the gradients of the rendered Gaussians. The loss function L consists of an
L1 term combined with a D-SSIM term. Then, we jointly optimize the template,
o�sets, and background Gaussians during training. According to Equation 6, the
gradients of the template gi and o�sets � k

i are derived from the gradients of the
Gaussians actually rendered in each CUDA kernel, according to the chain rule.

Let @L
@gki

denote the gradient obtained from the rendered Gaussian. Then, the

gradients of � k
i are computed as:

@L
@�k

i
=

@L
@gki

@gki
@�k

i
=

@L
@gki

� I =
@L
@gki

; (7)

the gradients of gi are computed as:

@L
@gi

=
X

k

@L
@gki

@gki
@gi

=
X

k

@L
@gki

@Tk (g i )
@gi

; (8)

where the transformation Tk is de�ned as Tk (g) = R k g + t k , and Rk is an
orthogonal matrix. We compute the Jacobian matrix Jk , and Equation 8 can be
further written as:

@L
@gi

=
X

k

J >
k

@L
@gki

(9)
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Here, we map the gradients from the instance space back to the template space.
These formulations enable end-to-end optimization of both the shared template
and the per-instance o�sets within a uni�ed di�erentiable rendering framework.

Table 1: Overall comparison on synthetic and real datasets. We highlight the �rst ,

second , and third best results for each metric.

Synthetic Real
PSNR" SSIM" LPIPS# CPU Mem# FPS" PSNR" SSIM" LPIPS# CPU Mem# FPS"

InstantNGP 33.1 0.977 0.105 3.8GB 33 22.2 0.639 0.392 4.6GB 56
3DGS 34.9 0.985 0.026 198.4MB 117 27.4 0.912 0.089 312.7MB 98
3DGS* 35.2 0.986 0.024 200.1MB 120 27.2 0.918 0.084 315.6MB 101
Splat&Replace 23.8 0.872 0.179 218.6MB 116 19.9 0.785 0.249 338.9MB 92
SOG 32.4 0.974 0.042 212.0MB 189 26.7 0.904 0.103 324.5MB 118
OctreeGS 35.1 0.985 0.016 31.2MB 141 27.6 0.915 0.083 53.2MB 106
CompactGS 34.8 0.982 0.028 23.9MB 196 26.9 0.906 0.101 42.3MB 113
Ours 35.2 0.983 0.026 20.4MB 204 27.8 0.913 0.089 37.9MB 128

5 Experiments

5.1 Dataset

We propose ReScene, a dataset containing repetitive and similar instances in
both synthetic and real-world environments, comprising more than 20 diverse
scenes on which we evaluate our method. The synthetic data consists of images
collected from the public dataset like Replica Dataset [45] as well as images
rendered from manually created 3D models. The real-world data are captured by
drones �ying at low altitude in outdoor environments. To validate robustness and
scalability, our datasets span highly consistent man-made objects (e.g., chairs in
a hall) and naturally diverse scenes with signi�cant variations in size, color,
shape, and external factors like lighting and shadows.

Figure 4 shows representative scenes spanning diverse scales and complex-
ities. For visualization, image sizes are scaled; in experiments, all images are
resized uniformly, as detailed in Section 5.2.

5.2 Implementation

Experimental Setup. We implemented our method using the PyTorch framework
and wrote custom CUDA kernels for a di�erentiable instancing rasterizer. All
experiments are conducted on a workstation running Ubuntu 24.04 with 16 GB
of VRAM.

Data Preprocessing. For synthetic data, we construct scenes using Blender
and render a total of 200 images per scene at a resolution of 1600Ö900. For real-
world datasets, all input images are resized while maintaining their aspect ratio,
with the image width standardized to 1080 pixels. All 3DGS-related training
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iterations are set to 30000, while InstGS is trained for 10000 iterations. We set
the densi�cation start and end iterations to 500 and 30000.

5.3 Evaluation

Comparison Results. Our objective is to achieve high-frame-rate rendering
with low draw call memory, which inherently represents a multi-objective opti-
mization problem. To this end, we conduct comparative experiments across sev-
eral specialized domains using state-of-the-art methods. We adopt 3D Gaussian
Splatting (3DGS) as the baseline. We compare against Hierarchical 3DGS [18]
(3DGS*) for large-scale scenes, while for instance-level redundancy reduction, we
include Splat-and-Replace [48] (Splat&Replace), which shares a similar instance
substitution concept with ours. Additionally, We evaluate against the most ad-
vanced compression method: Self-Organizing Gaussians [33] (SOG), compact
representation method: OctreeGS [41] and CompactGS [21], as well as NeRF-
based method: InstantNGP [34]. The overall performance across all datasets is
summarized in Table 1, where we report results separately for synthetic and real-
world scenes. The table results shows that advantages of our method are re�ected
in lower CPU memory consumption, faster rendering speed, while maintaining
high visual quality. From a technical perspective, Lower memory consumption
stems from a more compact and cleaner representation. Faster rendering speed
is achieved through a GPU-based instanced renderer. High-quality visual results
are attributed to the learned o�sets. Detailed comparisons on individual scenes
are presented in Table 2. Furthermore, We compare our method with Instant-
NGP, 3DGS, Splat&Replace, and CompactGS. Figure 9 shows the visualization
comparison.

Fig. 5: Ablation studies on template initialization and o�set choice. Using the Merge-
based initialization preserves the appearance of all instances and yields superior visual
quality. Employing the three o�set types (� cf0;0g ; � o ; � p ) achieves the best trade-o�
between data e�ciency and visual �delity. cfl; mg denotes the color with SH coe�cient
of degree l, order m, and cf0; 0g denotes the base color.

Instance Segmentation. Gaussian instancing relies on accurate and e�-
cient instance segmentation. We �rst conducted comparative experiments be-
tween existing segmentation methods and our proposed segmentation module.
We compared state-of-the-art methods, including LangSplat [39], SAGA [3], and
OpenGaussian [52], evaluating instance segmentation performance in terms of
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CUDA memory consumption, runtime, and mean accuracy (mAcc). Detailed
results are presented in the supplementary material. The visual comparison be-
tween our method and SAGA is shown in Figure 6.

Table 2: Comparison of di�erent methods in our teaser.

PSNR" SSIM" LPIPS# Train # CPU Mem# FPS"

InstantNGP 29.61 0.945 0.152 8m36s 4.61GB 50
3DGS 35.18 0.986 0.025 28m48s 200.51 MB 115
Splat&Replace 23.28 0.866 0.184 +18m39s 216.89 MB 118
SOG 32.16 0.972 0.043 29m04s 211.33 MB 191
OctreeGS 35.07 0.984 0.015 28m48s 30.04 MB 139
CompactGS 25.53 0.937 0.054 24m43s 84.50 MB 171
Ours 35.12 0.981 0.027 +3m11s 41.24 MB 201

Multiple Similar-Instance Cases. Our method can also handle scenes
containing multiple groups of similar instances, as shown in Figure 7. In a kitchen
scene with twelve chairs, two tables, and four vases, we store instance relation-
ships in a JSON �le, where instances belonging to the same group share the
same template ID. During optimization, all templates are concatenated, while
the start index and length of each template are recorded to separate them within
the CUDA kernel for individual instancing. During gradient computation, the
same ordering is preserved to ensure correct backpropagation.

Fig. 6: Comparison of instance segmentation: (a) Grounding DINO generates bounding
boxes and masks from text prompts. (b) SAGA su�ers from noisy outputs, especially in
the second scene. (c) Our method suppresses this noise, yielding cleaner segmentation.

5.4 Ablation Study and Discussion

Choice of O�sets. One might ask why o�sets are applied only to position,
color, and opacity. In theory, every Gaussian attribute can have its o�set. In the
extreme case where o�sets are applied to all attributes, it becomes equivalent to
deforming two entirely unrelated objects. Our experiments show that applying
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Fig. 7: Support for multi-similar-instance scenarios. We use the prompt �table, chair,
vase� to segment instances (blue, orange, and green). Then, we jointly optimize three
templates and their o�sets.

o�sets to position (� p), base color (� c), and opacity (� o) are su�cient to cap-
ture most inter-instance variation, achieving high visual quality with compact,
lightweight o�sets. Figure 5 shows visualizations and comparisons of applying
di�erent o�set types to the template. Spherical harmonic o�sets alone cannot
capture geometric variations, while covariance o�sets introduce excessive data
growth. Fundamentally, � p enables Gaussians to tightly align with the instance
surface, � o suppresses irrelevant Gaussians by making them invisible, and �c
captures color variations across di�erent instances.

Initialization Strategy of Template. Beyond merging, alternative tem-
plate initialization strategies exist, but are suboptimal. 1) Directly using a single
well-trained 3DGS instance avoids re-optimization but su�ers from arbitrary in-
stance selection and mismatched Gaussian counts, causing artifacts. 2) Choosing
the instance with the most Gaussians ("Max") ignores inter-instance variation,
yielding blurred details, as shown in Figure 5, whereas merging better captures
shared structure.

Initialization of the Position O�set. Initial position o�sets � p are set
as the di�erences between the template and instances. As shown in Figure 8,
compared to zero initialization, this leads to more accurate surface alignment
within the same training budget, eliminating blurry, fog-like artifacts.

Capability Boundary. For objects with similar geometry and appearance,
instGS can achieve very high reconstruction quality, as shown in Figures 7 9.
Here, we further discuss whether the instancing mechanism of instGS remains
e�ective when the Gaussian instances exhibit signi�cant appearance di�erences
or are even completely unrelated. First, consider the case where the geometry is
similar but the appearance di�ers substantially. In principle, � c and � o can learn
optimal solutions within a relatively small RGB and opacity space. Therefore,
instGS can still achieve high-quality reconstruction and rendering under such
conditions, as illustrated by the di�erent Formula racing cars in Figure 1. Next,
we consider an extreme scenario: two completely unrelated scenes. In this case,
instGS still attempts to merge them into a shared template and processes them
using the same pipeline. As shown in Figure 10, we treat the Truck and Train
scenes from the Tanks and Temples Dataset [20] as two instances (despite their
complete dissimilarity) and apply instGS to perform instanced rendering. The
results show that, due to the large distribution discrepancy between the two
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scenes, regions with sparse Gaussians cannot be reconstructed well. Although
the opacity parameters attempt to learn near-zero values to make these regions
fully transparent, ghosting artifacts still appear, which represents a typical failure
case.

Fig. 8: Ablation study on the initialization of position o�sets.

6 Conclusion

We have introduced InstGS, a Gaussian instancing framework that signi�cantly
improves the e�ciency of 3D Gaussian Splatting for repetitive scenes. By lever-
aging a shared Gaussian template and learnable instance-speci�c o�sets, InstGS
reduces redundancy while preserving per-instance appearance variations. Our
method enables high-quality, di�erentiable rendering at high frame rates and low
memory footprint. Extensive experiments demonstrate that InstGS consistently
outperforms existing baselines in both rendering e�ciency and visual �delity,
making it particularly suitable for large-scale, editable 3D environments.

Limitation and future work. The advantage of our method scales posi-
tively with the number of repeated objects in the scene: the more repetitions and
the larger their spatial coverage, the more pronounced our gains become. Conse-
quently, our approach is inherently limited to such structured, repetitive scenes
and is not a general acceleration technique. Nevertheless, we remain optimistic
about the potential of instGS. for example, in scene editing and interaction,
where users could populate large groups of objects by manipulating just a single
instance. In the future, we will extend InstGS to scalable and editable customized
instancing applications.
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