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Figure 1. Our method supports diverse 3D scene edits, including semantic, additive, subtractive, and non-rigid modifications. Under a
24 GB GPU memory budget, 100Editor scales to batch sizes of over 100 views (up to 120) with minute-scale editing latency, yielding an
order-of-magnitude larger batch size than existing methods. The CLIP direction scores show that edit quality consistently improves as batch
size increases. To make such large-batch editing usable in practice, we provide a 3D editing software that integrates scene visualization,
reconstruction, interactive 3D segmentation, and edit control in a user-friendly interface.

Abstract itor, a training-free framework that scales multi-view 3D

editing to the hundred-view regime while preserving cross-

Editing 3D scenes with diffusion models and 3DGS remains view consistency. The system combines four complementary
slow: most pipelines update one view at a time and are con- components: (1) a batch-consistent multi-view editing mod-
strained by VRAM-limited batch sizes. We introduce 100Ed- ule that aligns overlapping content across views at the token

level with chunked execution; (2) an efficiency suite that in-
tegrates a lightweight 3DGS renderer, a sparse optimizer,
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a CLIP-guided Patience Stopping (CPS) rule, and paral-
lelized diffusion inference to reduce editing latency; (3) an
interactive 3D segmentation module with point prompts and
3D back-projection for accurate, object-level local editing;
and (4) a practical 3D editing software that unifies these ca-
pabilities for semantic, additive, subtractive, and non-rigid
editing. Together, these designs enable large-batch and
efficient 3D editing without modifying the image-editing
model’s weights. On a single 24 GB GPU, 100Editor edits
100+ views per batch (up to 120) and achieves minute-scale
3D scene editing latency (59.60 s). Experiments across di-
verse scenes and edit types show improved multi-view con-
sistency and high perceptual quality compared to single-
view and small-batch baselines, while supporting precise,
interactive 3D edits.

1. Introduction

Editing 3D scenes with image-editing models, such as
diffusion-based editors [5, 52, 65, 69], has progressed
rapidly. Early NeRF-based pipelines [21, 31, 44] typically
edit one rendered view at a time and supervise the 3D model
with the edited image. Because these methods lack ex-
plicit cross-view consistency guarantees, they require many
optimization iterations to converge and are further slowed
by NeRF’s expensive volumetric rendering with dense per-
ray sampling. 3DGS [29] offers higher training and ren-
dering throughput and has been adopted by recent 3D edi-
tors [11, 18, 35, 60, 62, 75]. However, the core limitations
persist: per-view pipelines remain slow, while batch-based
variants [10, 19, 36, 61, 63, 73] are constrained by GPU
memory to relatively small batch sizes and often struggle to
maintain cross-view consistency within the batch.

Our objective is to scale the per-edit batch size under
a tight VRAM budget while enforcing cross-view consis-
tency, so that a single scene edit can be executed at minute-
scale latency on a single GPU and becomes practical for in-
teractive use. At the same time, we require the pipeline to be
training-free with respect to the diffusion-based image edi-
tor (no fine-tuning), while still delivering view-consistent,
high-quality results. Achieving precise local edits intro-
duces an additional challenge: reliable masks are crucial.
Purely text-driven or 2D-only segmentation is often brittle
on fine-grained objects or cluttered scenes, whereas native
3D segmentation approaches typically rely on costly per-
scene training [7, 23, 47, 66]. We thus target precise, in-
teractive 3D masking that is cross-view consistent, does not
require per-scene training, and integrates seamlessly with
our large-batch editing pipeline.

We present 100Editor, a large-batch, fast-editing frame-
work that combines three main components. First, for
large-batch, view-consistent editing, we chunk the VAE and
UNet within a diffusion-based editor to avoid peak VRAM
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exhaustion, and employ a token-level mechanism [4, 38,
53] that merges semantically corresponding feature tokens
across views within each batch. This token merging re-
duces the attention cost inside the diffusion model and pro-
motes multi-view consistency, without altering the model’s
weights. Second, we employ a set of accelerations for both
the 3D representation and the diffusion editor: an efficient
3DGS renderer [42] and a sparse Adam optimizer reduce
the cost of 3DGS updates; a CLIP-guided patience stopping
rule prunes non-productive iterations; and on the diffusion
model, we reuse encoder features across timesteps to en-
able parallel decoding. Third, we provide an interactive 3D
segmentation module and editing software that allow users
to specify target objects through click-point prompts within
a graphical user interface (GUI). Compared to text-driven
or 2D/3D segmentation methods, our method yields more
precise results for fine-grained objects in cluttered scenes,
without per-scene training.

We highlight our contributions as follows:

e A training-free module for large-batch, view-consistent
editing that encourages token-level cross-view alignment
without modifying the image editor’s parameters.

A minute-scale editing pipeline that accelerates both
3DGS optimization and diffusion inference via efficient
rendering, sparse optimization, CLIP-guided patience
stopping, and parallel decoding.

An interactive 3D segmentation module and accompany-
ing 3D editing software that provide precise local con-
trol over scene edits via cross-view—consistent masks and
user-friendly GUI interactions.

Experiments on public datasets demonstrate that 100Ed-
itor improves cross-view consistency and perceptual qual-
ity over per-view and small-batch baselines, and we provide
extensive ablations and timing analyses. As shown in Fig. [,
on a single RTX 4090 with 24 GB of VRAM, 100Editor
processes batches of over 100 views (up to 120 in our exper-
iments) and achieves minute-scale latency (59.60 s) while
delivering high-fidelity edits and precise local control. In
addition, the accompanying editing software integrates our
large-batch pipeline and supports semantic, additive, sub-
tractive, and non-rigid edits, enabling fast and practical in-
teractive workflows.

2. Related Work

Scene Reconstruction with 3DGS. With markedly im-
proved training and rendering efficiency, 3DGS [29] has
surpassed NeRF [43] as the leading paradigm for 3D scene
representation. Recent work explores feed-forward 3DGS
reconstruction [8, 22, 27, 54, 70], aiming to predict scene
representations directly from input views. However, these
methods still require considerable computational resources
at reconstruction time. Other studies improve the quality
and efficiency of 3DGS optimization and rendering [12,



14, 16, 20, 41, 64, 68]. For example, Speedy-Splat [20]
improves 3DGS efficiency through more precise Gaus-
sian localization and training-time pruning of primitives;
DRGS [14] introduces depth regularization to mitigate over-
fitting in few-shot 3DGS optimization; and SparseGS [64]
leverages depth priors and pruning to mitigate floater arti-
facts under sparse-view settings. Most closely related to our
setting, 100Editor also adopts depth regularization to reduce
floaters and thereby enable more accurate local editing in
3DGS.

3DGS-based 3D Scene Editing. Although NeRF-based
methods [15, 17, 21, 24, 31, 44, 45, 51, 55, 58, 59] have
advanced scene editing, recent works are increasingly shift-
ing toward 3DGS [29]. Studies [26, 40, 67, 74] utilize a
reference image to optimize the explicit properties of Gaus-
sian primitives, thereby achieving style transfer for the en-
tire 3D scene. However, they can only perform simple scene
transformation operations and fail to achieve more detailed
editing. Scene editing [28, 32-34, 48, 71, 76, 77] based
on Score Distillation Sampling (SDS) [46] has recently at-
tracted increasing attention. To improve consistency across
edited views, recent methods [13, 57, 72] typically fine-tune
2D diffusion models. Despite their promising results, these
approaches often incur substantial computational overhead
and require time-consuming editing procedures.

Furthermore, several methods [9, 11, 60, 75] perform
scene editing through iterative dataset updates, while oth-
ers [35, 62] rely on editing a source view followed by filter-
ing high-quality 2D results. However, these approaches still
face challenges in maintaining consistency across views and
remain computationally expensive. More closely related to
our work, recent studies [10, 19, 36, 61, 63, 73] adopt batch
view editing for full-scene 3D editing. Specifically, Gauss-
Ctrl [63] maintains multi-view consistency during editing
by leveraging additional depth maps. DGE [10] improves
cross-view consistency through geometry-aware multi-view
editing and directly optimizing the 3DGS representation.
VcEdit [61] employs a cross-attention consistency mod-
ule to better align multi-view features and mitigate incon-
sistencies across edited views. Nevertheless, these meth-
ods remain computationally inefficient in batch editing and
do not fully exploit cross-view feature interactions, which
can result in less consistent edits across views. In con-
trast, 100Editor improves editing consistency by merging
overlapping content across views, while accelerating edit-
ing with a lightweight 3DGS renderer, a sparse optimizer,
and parallel diffusion inference.

3. Method

In this section, we describe the components of 100Editor
and how they are composed into a full editing pipeline. An
overview of our framework is shown in Fig. 2.
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3.1. Large-Batch, View-Consistent Editing

Most prior methods (e.g., GaussianEditor [11], Instruct-
NeRF2NeRF [21]) update a 3D representation by editing
one rendered view at a time and supervising the 3D model
with the edited image. Because per-view edits are not guar-
anteed to be multi-view consistent, many optimization itera-
tions are required before the 3D representation converges to
the edited state. A natural acceleration is to edit many views
in one shot. However, existing batch-editing approaches are
constrained by VRAM and typically use small batch sizes.
Our goal is to scale a single editing batch to the order of
hundreds of views on a 24 GB GPU (RTX 4090), while
(i) preserving multi-view consistency and (ii) remaining
training-free, without fine-tuning the image editing model.

Our key insight is that different views of the same
scene overlap in content. This cross-view redundancy
can be exploited during large-batch editing. Similar ideas
have been explored in other domains, such as 3D vi-
sion (FastVGGT [53]) and video editing (VidToMe [38]).
Diffusion-based editors first encode images into a VAE la-
tent grid (tokens), and then apply stacks of self and cross-
attention. If we temporarily merge tokens that correspond
to overlapping regions across views, two benefits follow: (i)
semantically corresponding regions share a common repre-
sentation, promoting consistent edits; and (ii) the number
of tokens decreases, lowering the cost of computation. This
operates entirely at the token level, leaves model weights
untouched, and is therefore training-free. Specifically, we
(a) chunk large batches to avoid peak VRAM, (b) perform
Local Views Token Merging within each chunk, (c) ex-
change features across chunks via a Global Token Bank
for consistency propagation, and (d) run self-attention on
merged tokens before unmerging them to restore the origi-
nal per-view shapes for subsequent modules.

Local Views Token Merging. Let X € REXN*C be the
tokenized inputs of a batch of B views, where NV is the num-
ber of VAE-latent tokens per view and C' is the channel di-
mension. To control memory, we chunk X into {x;} ,
with z; € Rbi*NxC and > ;bi = B. Given a chunk
x; € RbixNxC split it into an anchor set x?“Ch"r and a
source set 25°""®. We flatten view and spatial axes so that
xz;nchor c R(b,‘;N)XC and xzource c R(be)XC with bf’ + bf _
b;. Compute a cosine-similarity matrix S € R N)x (i N)
between all source and anchor tokens:

(@) (@
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|| (x§0urce
K3
For each source token k& € {1,...,b7N}, assign a near-
est neighbor: j*(k) = arg max je (1, e N} Sk,j- Select the
top-m source tokens by descending Sy, ;- (1), where
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m = LpbeJ, p € (0,1], m<bN. (2)
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Figure 2. Overview of 100Editor. 100Editor primarily comprises three key modules: (1) a large-batch, view-consistent editing module
(Sec. 3.1) that enhances multi-view consistency during batch editing via views token merging; (2) a fast editing module (Sec. 3.2) that
accelerates both 3DGS optimization and diffusion inference, enabling minute-scale editing latency; and (3) an interactive 3D segmentation
module (Sec. 3.3) that leverages point prompts and 3D back-projection to enable precise editing.

These m tokens are merged into their matched anchors,
while the remaining b; N — m source tokens are kept.
This reduces the token count within the chunk from b; N
to b; N — m, improving the efficiency of subsequent self-
attention while aligning semantically similar regions across
views. For a detailed analysis of computational complex-
ity, see the Appendix B.1. The original tokenization is later
restored by the unmerging step.

Global Views Token Merging. Local merging only en-
sures consistency within chunks, while insufficient cross-
chunk feature alignment leads to inconsistencies in the over-
all batch editing. To address this, we maintain a global to-
ken bank G that stores representative tokens from previ-
ously processed chunks. Let 2™ denote the locally merged
tokens of the ¢-th chunk (the output of Local Views Token
Merging). When processing the i-th chunk, to mitigate or-
dering bias, we randomly swap the roles of z!™ and G as
source/anchor with probability p, and then apply the same
procedure as in Local Views Token Merging (cosine simi-
larity, greedy nearest-neighbor assignment, and top-m se-
lection) with a global ratio p, to merge the source into the
anchor, yielding 2"*"®°. The unmerged source tokens are
subsequently used to update G. This cross-chunk sharing
via the global bank creates long-range dependencies and en-
hances multi-view consistency for large-scale batch editing.
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Views Token Unmerging. After the self-attention oper-
ation, we restore the compressed tokens to their original
shape for subsequent processing. Token Unmerging acts
as the inverse of Token Merging: the output tokens are first
separated into global and local tokens, after which the lo-
cal tokens are unmerged to recover the original number of
view tokens for cross-attention. In this way, our method in-
tegrates seamlessly into the original pipeline without modi-
fying any parameters of the image editing model.

3.2. Toward Minute-Scale 3D Editing

Low-latency feedback is critical for practical 3D scene edit-
ing. We target minute-scale latency on a single GPU by
accelerating both 3DGS optimization and diffusion-based
image editing inference.

3DGS Optimization Speedups. We adopt the efficient ren-
derer from Taming-3DGS [42] to speed up Gaussian prim-
itive processing without degrading quality. Moreover, we
use a sparse Adam optimizer that updates only parameters
with non-zero gradients. These choices lower per-iteration
computation and improve convergence of the 3D repre-
sentation during editing. To avoid redundant iterative up-
dates, we propose CLIP-guided Patience Stopping (CPS).
‘We monitor several held-out viewpoints using a CLIP-based
direction similarity [49] and, at fixed intervals (e.g., every
s = 20 steps), evaluate the score. If the score decreases
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Figure 3. Encoder-Cached Parallel Decoding. We enable par-
allel decoding for multiple non-key steps to accelerate diffusion
inference. Please refer to Sec. 3.2 for details.

for P consecutive checks (e.g., P = 4), we terminate the
current 3DGS optimization round and proceed to the next
batch editing round. This criterion prunes non-productive
iterations while preserving quality.

Diffusion Acceleration via Parallel Decoding. For diffu-
sion inference, the main bottleneck is the U-Net forward
pass, repeated across many denoising steps per sample.
Prior analysis [37] shows that the U-Net encoder changes
little between adjacent timesteps, whereas decoder features
vary substantially within a timestep. Leveraging this ob-
servation, we propose a parallelization scheme for Instruct-
Pix2Pix[5] that reduces inference time without compromis-
ing quality. As shown in Fig. 3, we partition the U-Net into
Encoder, Bottleneck, and Decoder, and divide the sampling
trajectory into key and non-key timesteps. Encoder outputs
from key steps are shared with the Bottleneck and Decoder
of subsequent non-key timesteps to enable parallel decod-
ing. In addition, because encoder features change more in
early steps and less in later steps, we adopt an early-biased
key-timestep schedule, selecting more keys early and fewer
in later steps.

Together, these components cut both 3DGS and diffusion
computation. The accelerations are training-free, require no
changes to the image-editing model weights, and comple-
ment the batch-consistent editing in Sec. 3.1. In practice,
they enable minute-scale editing latency on a single GPU
and scale to 100+ views per batch.

3.3. 3D Segmentation and Editing Software

To enable precise local edits, we develop an interactive 3D
segmentation module that produces cross-view—consistent
region-of-interest masks. While SAM2 [50] yields tempo-
rally consistent 2D masks in videos, it assumes sequential
frames along a single camera trajectory. To support ar-
bitrary viewpoints (not restricted to consecutive frames),
we lift a few clicks in a reference view to 3D via back-
projection using rendered depth, and then forward-project
them to all views as 2D point prompts. Feeding these
prompts to SAM2 in image mode produces per-view masks.

As illustrated in Fig. 2, let the reference image be I, with
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depth D,., a shared intrinsic matrix K used for all views,
and a camera-to-world matrix 7°?V. For a clicked pixel
p?P = [u, v] T with depth d = D,.(u,v), we back-project
to world coordinates:

xiam _ dK71 [pED, 1]T’

world __ 2w cam T
X - Tr [Ir ) 1] )

3)

where XWrld ¢ R* denotes the homogeneous world-
coordinate of the clicked point p2P. To address depth arti-
facts induced by floaters in 3DGS, a gentle regularization is
applied to the depth during the reconstruction process (ad-
ditional details are provided in the Appendix A).

For any target view j with world-to-camera matrix TjWQC,
the 2D point is obtained by

pr ~ K jv]\l)v’QCAX'VVOlfld7 (4)

where ~ denotes equality in homogeneous coordinates. For
brevity of notation, the homogeneous-to-inhomogeneous
conversion is performed implicitly; that is, T]‘-”QCX world
is dehomogenized before multiplication by K. The
propagated foreground (and optionally background) point
prompts are fed to SAM2 in image mode to produce per-
view masks. To precisely optimize the Gaussian primitives
within specific regions, we then lift these 2D masks back
to 3D and construct a mask over Gaussian primitives. A
blending operation is then applied using the 2D masks to
avoid affecting irrelevant regions. More details are provided
in the Appendix B.

3D Editing Software. We develop a 3D editing software.
It supports mouse and keyboard interactions and integrates
our interactive 3D segmentation module and various editing
functions (see Fig. 1): (i) semantic editing (text-guided or
region-conditioned); (ii) additive editing (inserting objects
into a user-selected region); (iii) subtractive editing (remov-
ing selected objects); and (iv) non-rigid editing (dragging
for local geometric adjustments). Combined with 100+
views-per-batch processing and minute-scale latency, users
can perform multiple precise edits on a scene without long
waits, substantially improving the interactive experience.
The software also provides COLMAP sparse point cloud
visualization, 3DGS training and visualization. Further im-
plementation details are provided in the Appendix D.

4. Experiments

In this section, we present implementation details, com-
pare 100Editor with existing methods through qualitative
and quantitative evaluations, and conduct ablation studies
to validate the contribution of each component.

4.1. Implementation Details

Our implementation is built on a 3DGS variant, namely the
efficient renderer from Taming-3DGS [42], which acceler-
ates Gaussian primitive processing. We further extend its
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Figure 4. Qualitative Comparison. Compared to baseline methods, 100Editor produces more pronounced and detailed editing effects. In
cluttered scenes, it enables more precise manipulation of designated objects, leading to cleaner and more faithful edits.

CUDA rasterizer to support our 3D segmentation. We eval-
uate 100Editor for 3D scene editing on a diverse collec-
tion of datasets, including scenes from Mip-NeRF 360 [3],
IN2N [21], 3DEgo [30], NeRF-Art [59], PDS [34], scan105
from the DTU dataset [1], as well as additional real-world
scenes captured by us. All experiments are conducted on
a single NVIDIA RTX 4090 GPU. Additional implementa-
tion details are provided in the Appendix C.1.

4.2. Qualitative Analysis

We present qualitative comparisons of 100Editor against
competing methods on semantic, additive, subtractive, and
non-rigid editing tasks.

Semantic Editing. As shown in Fig. 4, we qualita-
tively compare 100Editor with existing 3DGS-based edit-
ing methods, including GaussianEditor [11], DGE [10],
GaussCtrl [63], and EditSplat [35]. Under the prompt “Turn
his face into vampire”, GaussianEditor, DGE, and GaussC-
trl produce only subtle changes to the human face, while
EditSplat introduces noticeable background artifacts. In
contrast, 100Editor generates more pronounced facial edits
while maintaining high visual quality and minimal artifacts.
For the instruction “Turn him into Super Mario”, baseline
methods either fail to refine details such as the hands or pro-
duce structural distortions (e.g., GaussCtrl reduces the sub-
ject’s five fingers to four), whereas 100Editor enables high-
fidelity 3D editing without such distortions. For cluttered
scenes, we further examine the prompt “Turn the small sofa
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Figure 5. Additive Editing Comparison. Compared to Gaus-
sianEditor, 100Editor adopts a coarse-to-fine editing paradigm that
combines initial object insertion with subsequent batch multi-view
optimization using our large-batch editing module, resulting in
higher-fidelity outputs with fewer artifacts.

into red color”. Existing methods struggle to accurately lo-
calize the target object in complex environments and tend to
introduce severe artifacts in the edited scenes. In compari-
son, 100Editor accurately identifies and edits the small sofa
while preserving the surrounding content.

Additive Editing. As shown in Fig. 5, 100Editor achieves
superior additive editing compared to existing approaches.
GaussianEditor [11] edits a single view and then embeds
the generated mesh (from a background-removed image)
back into the original 3D scene. This often fails to integrate
the inserted object coherently, leading to noticeable artifacts
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Figure 6. Subtractive Editing Comparison. With the interactive
3D segmentation module, 100Editor enables more precise removal
of objects in scenes, while its large-batch view-consistency mod-
ule effectively minimizes artifacts in the inpainted regions.

Table 1. Quantitative comparison with other models. Com-
pared to other methods, 100Editor achieves superior editing qual-
ity while attaining the shortest editing time.

Method CLIPgn t  CLIPg: T MEtR |  User Study T  Time |
GaussianEditor [11] 0.2222 0.1039 0.0746 12.34% 184.29s
GaussCtrl [63] 0.2389 0.1209 0.0737 9.42% 259.86s
DGE [10] 0.2455 0.1525 0.0756 20.78% 133.95s
EditSplat [35] 0.2471 0.1318 0.0771 15.58% 470.44s
100Editor 0.2597 0.1726 0.0726 41.88% 59.60s

and inconsistencies. In contrast, we employ a coarse-to-fine
strategy for additive editing. We first apply BrushNet [39]
to edit a single view, then use SAM2 [50] to segment the
target object and DreamGaussian [56] to generate a coarse
3DGS representation, which is inserted into the original
3D scene. Finally, we perform batch multi-view optimiza-
tion with our large-batch editing module to refine the scene,
yielding more accurate and high-fidelity additive edits. Ad-
ditional details are provided in the Appendix C.2 and B.2.

Subtractive Editing. As shown in Fig. 6, 100Editor de-
livers cleaner subtractive edits with fewer artifacts and
smoother boundaries. For the prompt “Delete the truck”,
GaussianEditor [11] introduces noticeable color shifts and
blurry boundaries in the edited region. In contrast, by lever-
aging LeftRefill [6] which enables multi-view consistent
editing guided by a single reference view, 100Editor ef-
fectively suppresses artifacts caused by inconsistent edits
across views. For the prompt “Delete the vase”, our inter-
active 3D segmentation module enables complete removal
of the target object, and the inpainted background produced
by 100Editor is substantially more seamless and coherent
than that of GaussianEditor. Additional examples and de-
tails are provided in the Appendix C.2 and B.3.

Non-rigid Editing. We achieve non-rigid editing by build-
ing on PDS [34] and SC-GS [25], with examples shown in
Fig. 1. For PDS, an extension of SDS, we integrate our
batch-consistent multi-view editing module into the origi-
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Figure 7. Editing Time across Scenes of Different Sizes. Editing
time (in seconds) of each method on four scenes whose complex-
ity increases with the size of the reconstructed 3DGS model. The
legend in the top-left corner shows the .ply file size (MB) of
the 3DGS reconstruction before editing for each scene. 100Editor
consistently achieves the lowest editing time across diverse sce-
narios, keeping the editing time around one minute for both small
and large scenes.

nal framework, yielding higher-fidelity deformations with
fewer artifacts. For SC-GS, which manipulates 3DGS via
sparse control points but often causes unintended distortions
in unrelated regions, we incorporate our interactive 3D seg-
mentation module to restrict dragging to user-specified ar-
eas, enabling more precise local deformations. Further de-
tails are provided in the Appendix C.2 and B.4.

4.3. Quantitative Analysis

As reported in Table 1, we evaluate editing quality using the
CLIP [49] similarity score CLIPg;, and directional score
CLIPg; for text-image semantic alignment, MEt3R [2]
for multi-view consistency, and editing time for efficiency.
Specifically, MEt3R score is computed on adjacent frame
pairs in the rendered image sequence, and we report the av-
erage score over all adjacent pairs as the measure of multi-
view consistency. In addition, we conduct a user study in
which, for each test scene, participants are shown the results
of all methods and asked to select the best one. 100Editor
consistently outperforms competing methods on both CLIP
metrics, indicating better text—image consistency. More-
over, 100Editor achieves the lowest MEt3R score, suggest-
ing improved cross-view 3D consistency after editing. To-
gether, these gains support the effectiveness of the large-
batch multi-view editing strategy. In the user study, 100Edi-
tor is chosen as the best result in 41.88% of all votes, reflect-
ing better perceptual quality. In terms of efficiency, 100Edi-
tor achieves the fastest editing time, reducing the time over-
head by up to 7.89x compared to EditSplat. More metric
evaluation details are provided in the Appendix C.3.

Editing Time across Scene Sizes. Fig. 7 reports the
editing time of different methods on 3D scenes of vary-
ing sizes, where more complex scenes require more Gaus-
sian primitives and thus lead to larger 3DGS .ply files
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Figure 8. Ablation on Views Token Merging. With views token merging enabled, batch-edited 2D views exhibit strong cross-view con-
sistency, leading to clearer and more faithful renderings of the final edited scenes. In contrast, disabling this component causes noticeable
inconsistencies among the batch-edited images and ultimately results in lower-quality 3D editing outputs.

Table 2. Comparison of Batch Scalability. 100Editor supports
multi-view editing with larger batch sizes while achieving more
efficient memory usage.

Table 3. Impact of Individual Modules on Editing Time. We
report ablations over batch editing, lightweight renderer, parallel
decoding, and the CLIP-guided patience stopping (CPS) strategy.
Each component contributes to reducing the overall editing time,

Batch VRAM[GB] and their combination yields the fastest configuration.
GaussianEditor[11]  GaussCtrl[63] DGE[10] EditSplat[35] 100Editor
1 8.23 17.01 7.00 15.88 7.51 Modules enabled Time [s] A [s]

10 - OOM 14.07 - 11.85 Batch Editing  Lightweight Renderer ~ Parallel Decoding CPS

20 OOM 16.62 12.09 -

40 00OM 00M 12.57 & (baseline) 184.29 -

60 0OM 0OM 13.05 v 11624 68.05

100 0OM 0OM 13.98 v v 9524 21.00
v v v 86.83  8.41
v v v v 5960 2723

(in MB). Here, the .ply size refers to the reconstructed
3DGS model before editing begins. Across all scene
scales, 100Editor consistently achieves the shortest editing
time. For larger scenes, GaussCtrl [63], DGE [10], and
EditSplat [35] frequently run into out-of-memory issues,
whereas our chunk-based strategy effectively manages GPU
memory, enabling editing on larger scenes and with larger
view batches.

Batch Scalability Evaluation. As reported in Table 2,
we evaluate the VRAM scalability of 100Editor for multi-
view editing. With a batch size of 1, its VRAM con-
sumption (7.51 GB) is comparable to that of DGE [10]
(7.00 GB). As the batch size increases, the advantage of
100Editor becomes more evident: when the batch size
reaches 40, all baseline methods encounter out-of-memory
(OOM) failures, whereas 100Editor remains stable and can
scale to a batch size of 100 with a VRAM footprint of only
13.98 GB. In principle, 100Editor can support even larger
batch sizes. In the experiments, the maximum batch size
is limited by the number of available views (slightly over
100), and we provide additional tests on more scenes in the
Appendix C.3.

4.4. Ablation Studies

To assess the effectiveness of our design, we conduct a se-
ries of ablation studies. Fig. 8 highlights the role of the
views token merging strategy in maintaining multi-view
editing consistency. Without views token merging, the edits
become noticeably inconsistent across viewpoints, leading
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to incomplete changes and visible artifacts in the final re-
constructions. In contrast, enabling views token merging
yields more consistent edits across views, with higher color
fidelity and more refined local details.

Table 3 reports the impact of each component on editing
time. Introducing the batch editing strategy first reduces
the total time by 68.05 seconds. Adding the lightweight
renderer and parallel decoding yields additional savings of
21.00 seconds and 8.41 seconds, respectively. Finally, in-
tegrating the CPS module contributes a further reduction of
27.23 seconds, bringing the overall editing time down to
59.60 seconds. These results show that all modules are im-
portant for accelerating the pipeline, with the batch editing
strategy providing the largest gains.

5. Conclusion

We propose 100Editor, a training-free framework for large-
batch 3D scene editing. The method combines a batch-
consistent editing module with an efficiency-oriented de-
sign that includes a lightweight 3DGS renderer, a sparse
optimizer, CLIP-guided patience stopping, and parallelized
diffusion inference, enabling hundred-view batches under a
single 24 GB GPU with minute-scale latency. An interac-
tive 3D segmentation module and unified 3D editing soft-
ware further provide precise object-level control, support-
ing semantic, additive, subtractive, and non-rigid edits.
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