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A pirate with a menkey fox on his
shoulder.

A turtle rabbit is walking forward.

A large building with ice-eream
balloons on its roof.

A truck transporting a load of
goods watermelons.

Figure 1. High-quality 3D assets edited by our method using text prompts. Our method uses a training-free approach to perform percise
and coherent 3D local editing, transforming multiple 3D assets in the scene (left) into high-quality results (right). The bottom row shows a
detailed comparison of each 3D asset before and after editing, as well as the conditioning texts.

Abstract

3D local editing of specified regions is crucial for the
game industry and robot interaction. Recent methods typi-
cally edit rendered multi-view images and then reconstruct
3D models, but they face challenges in precisely preserv-
ing unedited regions and overall coherence. Inspired by
structured 3D generative models, we propose VoxHammer,
a novel training-free approach that performs precise and
coherent editing in 3D latent space. Given a 3D model, Vox-
Hammer first predicts its inversion trajectory and obtains its
inverted latents and key-value tokens at each timestep. Sub-
sequently, in the denoising and editing phase, we replace
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the denoising features of preserved regions with the cor-
responding inverted latents and cached key-value tokens.
By retaining these contextual features, this approach en-
sures consistent reconstruction of preserved areas and co-
herent integration of edited parts. To evaluate the consis-
tency of preserved regions, we constructed Edit3D-Bench, a
human-annotated dataset comprising hundreds of samples,
each with carefully labeled 3D editing regions. Experiments
demonstrate that VoxHammer significantly outperforms ex-
isting methods in terms of both 3D consistency of preserved
regions and overall quality. Our method holds promise for
synthesizing high-quality edited paired data, thereby laying
the data foundation for in-context 3D generation.


https://huanngzh.github.io/VoxHammer-Page/

1. Introduction

In recent years, the rapid advancement of generative Al has
greatly facilitated the creation of 3D assets [32, 47, 53, 62,
90, 97], providing powerful production tools for industries
such as gaming, robotics, and VR. Among these, 3D local
editing [2, 6, 41, 71, 72, 106] is a crucial task that enables
partial modification of existing or Al-generated 3D assets
while keeping other regions unchanged. It presents chal-
lenges in maintaining consistency in preserved regions and
ensuring overall coherence in the edited model.

Existing 3D editing methods can be broadly categorized
into two pipelines. One approach [6, 13, 15, 51, 71, 106]
employs Score Distillation Sampling (SDS) [62] to opti-
mize 3D representations so that it aligns with input prompts,
but per-scene editing typically takes minutes or even hours.
Another approach [1, 5, 20, 26, 42, 63] attempts to edit
multi-view images [34, 73] rendered from the 3D model
and then reconstruct the 3D model from the modified views.
These techniques achieve higher efficiency through a feed-
forward process. However, editing in 2D space instead of
3D space usually introduces position bias in the 3D re-
construction stage, making accurate local editing difficult.
In addition, inconsistencies among edited multi-view im-
ages [2, 4, 20] lead to artifacts in the edited 3D model, com-
promising quality and coherence [42, 104].

Recently, advanced 3D generative models [43, 47, 48,
86, 90, 96, 97], trained in native 3D space, can generate
high-fidelity 3D content from text or image prompts. These
models exhibit significant advantages in 3D consistency and
quality, inspiring us to edit 3D assets in native 3D space.
However, fine-tuning these models for editing is constrained
by a critical data bottleneck: large-scale paired datasets
for 3D local editing are exceptionally difficult to acquire.
Therefore, our research focuses on unleashing the potential
of pretrained 3D generative models for precise and coherent
3D editing, eliminating the need for additional training.

We propose VoxHammer, a training-free framework for
precise and coherent 3D editing. Our method is based on
a pretrained structured 3D latent diffusion model [90], and
introduce a two-stage process: precise 3D inversion, and
denoising and editing based on the inverted latents. Given a
3D model (mesh, NeRF [58], or Gaussian Splat [38]), Vox-
Hammer first predicts its inversion trajectory of 3D diffu-
sion process and caches its inverted latents and key-value
tokens at each timestep. We demonstrate that the inversion
can reconstruct the given model’s 3D geometry and texture
with high precision. In the subsequent denoising and editing
phase, we denoise the edited region, and replace the denois-
ing features of preserved regions with the corresponding in-
verted latents and cached key-value tokens. By retaining
these contextual features, our approach ensures consistent
reconstruction of preserved areas and coherent integration
of edited parts. This is achieved without training the base

model and only through feature replacement at inference,
allowing high-quality 3D local editing at minimal cost.
The lack of labeled editing regions in existing datasets
makes it challenging to objectively evaluate consistency in
preserved areas. To address this, we constructed Edit3D-

Bench, a human-annotated dataset comprising hundreds of

samples with carefully labeled 3D editing regions. Quan-

titative and qualitative experiments on Edit3D-Bench show
that VoxHammer significantly outperforms existing meth-
ods in terms of both editing accuracy and overall quality.

Our training-free method also holds promise for synthesiz-

ing high-quality edited paired data, thereby laying the data

foundation for in-context 3D generation. Our main contri-
butions are summarized as follows:

* We propose a training-free, native 3D local editing frame-
work that leverages a pretrained 3D generative model for
highly precise and coherent editing.

* We introduce precise 3D inversion and denoising-based
editing using inverted latents, where we replace inverted
latents and key-value tokens in the 3D latent space to en-
sure consistent reconstruction of preserved regions and
coherent editing.

* We built Edit3D-Bench, a benchmark to thoroughly vali-
date the superiority of VoxHammer in both editing accu-
racy and overall quality. Our method holds promise for
synthesizing high-quality edited paired data, thereby lay-
ing the data foundation for in-context 3D generation.

2. Related Work

3D generative models. Recent advances in diffusion
models [31, 74] and the availability of high-quality 3D
datasets [11, 12] have significantly accelerated the devel-
opment of 3D generative models [8, 9, 14, 25, 27, 28, 32,
35, 43, 45, 50, 52-55, 57, 67, 75, 77, 80-84, 86, 89, 91,
95, 97, 101, 103]. Some methods [33, 34, 54, 55, 64, 75,
77, 81, 83, 91] generate 3D models by first synthesizing
multi-view images and then reconstructing 3D from these
views. But inconsistent multi-view synthesis may lower the
quality of the final 3D model. A series of methods [10,
16, 43, 44, 46, 47, 49, 76, 85-87, 90, 97, 102, 103] train
native 3D generative models that comprise of a variational
autoencoder [39] and a diffusion transformer (DiT) [61] for
denoising in latent space. These approaches unify 3D gen-
eration with high fidelity and consistency, laying the foun-
dation for downstream inversion and editing.

3D editing. Early 3D editing methods [6, 13, 15, 51, 71,
100, 106] employ Score Distillation Sampling (SDS) [62] to
optimize 3D representation to align with the input prompts,
but the per-scene editing requires minutes or even hours.
Subsequent works [1, 2,4, 5, 20, 26,42, 63, 104] attempt to
edit multi-view images rendered from the 3D model and re-
construct 3D from the modified views. But the lack of con-
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Figure 2. Pipeline. Given an input 3D model, a user-specified editing region, and a text prompt, the off-the-shelf models [3, 40] are used to
inpaint the rendered view from the 3D model. Subsequently, our VoxHammer, a training-free framework based on structured 3D diffusion
models [90], performs native 3D editing conditioned on the input 3D and the edited image.

sistency across edited images frequently leads to degraded
reconstruction quality. In contrast, our method operates di-
rectly in the native 3D space, enabling precise and coherent
editing that integrates seamlessly with the overall structure.

Image generation and editing. Diffusion models [21, 31,
40, 66, 68, 70, 74] synthesize images through a gradual de-
noising process starting from standard noise. To enable im-
age editing with pretrained image diffusion models, several
methods [18, 23, 24, 37, 59, 69, 78, 105] employ inver-
sion techniques, which map real images into the diffusion
model’s denoising trajectory for precise controllable manip-
ulation. Inspired by these approaches, we explore inversion
within native 3D generative models [90] and further pro-
pose a native 3D editing framework. Our method achieves
training-free precise and coherent 3D editing through 3D
inversion and novel contextual feature replacement.

3. Methodology

We propose VoxHammer, a training-free framework for 3D
local editing, aimed at achieving precise and globally coher-
ent modifications on 3D models. As shown in Fig. 2, given
an input 3D model (mesh, NeRF [58], or 3DGS [38]), an
editing region and a text prompt, our framework first ren-
ders a view from the 3D model and utilizes advanced im-
age diffusion models [3, 40] to produce an inpainted image.
Subsequently, VoxHammer performs native 3D editing con-
ditioned on the input 3D model and the edited image.

The illustration of VoxHammer is shown in Fig. 3. We
first invert the 3D asset to noise and cache the inverted la-
tents and key-value tokens at each timestep, which are then
masked and used to guide the denoising process. We first
introduce our base model [90] and inversion design [78] in
Sec. 3.1. Then, Sec. 3.2 explores the 3D inversion and vali-
dates its consistency in geometry and texture reconstruction.
Based on these findings, Sec. 3.3 presents our training-free
3D local editing method through inversion and re-editing.

3.1. Preliminary

Structured 3D diffusion models. VoxHammer is based

on structured 3D latent diffusion models [88, 90], which
are generative models that operate in a sparse voxel-based
latent space for high-quality and scalable 3D generation.
They represent a 3D asset (mesh, NeRF [58], or 3DGS [38])
as structured latents (SLAT), i.e., a set of local latent vec-
tors {(2;, pi) } 2, anchored to active voxels p; that intersect
the object surface, where each z; € R encodes fine-scale
geometry and appearance. During inference, the model first
samples noise in the voxel-based latent space, followed by a
two-stage denoising process. In the first stage, referred to as
the structure (ST) stage, the diffusion model predicts voxel
occupancy over a 642 grid to obtain sparse structures, where
each location corresponds to a surface-intersecting voxel in
the coarse space. In the second stage, called the sparse-
latent (SLAT) stage, the structured latents are denoised to
produce fine-grained geometry and texture, thereby enhanc-
ing the visual fidelity of the 3D output.

Rectified Flow Inversion. Several methods [37, 59, 69,
78] explore flow inversion for downstream editing tasks.
The challenges associated with achieving accurate inver-
sion stem from the accumulation of numerical errors dur-
ing ODE integration, which lead to noticeable deviations in
the reconstructed samples. To address this, RF-Solver [78]
introduces a training-free, plug-and-play sampler that im-
proves inversion fidelity by analytically approximating the
ODE solution using high-order Taylor expansion. This for-
mulation significantly reduces integration errors and en-
ables more faithful reconstructions. Given a state z¢’, it
integrate the rectified-flow ODE from data to noise using a
second-order Taylor-improved Euler scheme:

1
Ti—n =2 + A folag,t) + §A2 O fo(xe,t) (1)

where x; represents the state of the data at the current time
t, and x;_ A is the predicted state for the next denoising step,
which is a time interval A away. fy(z;,t) denotes the noise-
prediction network, and ; fp (x4, t) is the second equation
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Figure 3. Architecture of VoxHammer. Our framework adopts TRELLIS [90] as the base model, which predicts sparse structures at
the first structure (ST) stage and denoise fine-grained structured latents at the second sparse-latent (SLAT) stage. VoxHammer performs
inversion prediction in both the ST and SLAT stages, which map the textured 3D asset to its terminal noise, with latents and key/value
tensors cached at each timestep. Subsequently, VoxHammer denoises from the inverted noise, and replace the features of the preserved
regions with the corresponding cached latents and key-value tokens, thereby achieving precise and coherent editing in native 3D space.

approximates using a finite difference scheme. The Taylor-
improved update yields a local truncation error O(A$) and
a global error O(A?), which is crucial for high-fidelity re-
constructions of fine structures. Inspired by it, we explore
inversion within native 3D generative models [90] and fur-
ther propose our precise and coherent 3D editing framework
through our novel contextual feature replacement.

3.2. 3D Inversion

We introduce an inversion prediction strategy within the
structured 3D generation pipeline [90] to map the textured
3D asset to its terminal noise. The inversion proceeds in
both the structure (ST) stage and the sparse-latent (SLAT)
stage, with latents and key/value (K/V) tensors cached at
each time step for later reuse during editing.

The inherent invertibility of the underlying Flux model
enables this inversion strategy. In the forward pass, the
pipeline generates assets by following a predefined discrete
time schedule, denoted as 0 = sg < s1 < -+ < s = 1.
To perform the inversion, we reverse the execution of this
schedule by traversing the trajectory from timestep s back
to sg. This reversed traversal deterministically traces the
generation path backward, allowing us to map a final 3D
asset to its corresponding source noise.

During the ST stage, the K,V tensors from all attention
layers are stored into a dictionary V' indexed by latent
time, block order, positional encoding, layer ID, and atten-
tion type. In the SLAT stage, we first extract the preserved
set {deep from the decoded output of the ST stage by re-

moving the edit voxels, normalize the features, and run the
same Taylor-improved inversion scheme. During this pro-
cess, K/V tensors are cached into V!t Throughout both
stages, we apply classifier-free guidance (CFG) [30] only in
a late-time interval ¢ € [0.5,1.0]:

Jetg = (1 +w) fo(cond) — w fg(neg) (3)

and revert to fy(cond) otherwise, thereby stabilizing early
inversion steps and improving fidelity. In practice, we keep
w fixed and activate guidance only in the late interval, which
preserves the invertibility of early steps while providing suf-
ficient semantic sharpness for the features in Qyeep. Dur-
ing the next editing stage (Sec. 3.3), the denoising features
of the preserved regions are directly overwritten by the in-
verted source features, ensuring geometric and textural fi-
delity in unedited regions.

3.3. 3D Editing

Based on the inversion strategy, we further introduce a
training-free local editing strategy, where the model de-
noises from the inverted noise, and performs latent replace-
ment and key-value replacement on the unedited regions.
Both operations are guided by 3D edit masks, to achieve
precise preservation in unedited regions.

Latent replacement. In the structure (ST) stage, la-
tent replacement is performed using a binary edit mask
M € {0, 1}H>*WxD At each denoising step ¢, the latent
is blended with the inverted source latent 2;°:

e MP O+ (1- M®) 02 @)



Table 1. Quantitative comparison on our Edit3D-Bench. We compute Chamfer Distance (CD.), masked PSNR, SSIM, LPIPS of unedited
region to evaluate 3D consistency, FID, FVD to evaluate overall 3D quality, and DINO-I and CLIP-T to assess condition alignment.

‘ Unedited Region Preservation

‘ Overall 3D Quality ‘ Condition Alignment

Method
‘ CD. | PSNR (M) 1 SSIM (M) 1 LPIPS M) | ‘ FID | FVD | ‘ DINO-1 1 CLIP-T ¢

Vox-E [71] / 13.84 0.827 0.316 87.41 3000.3 0.721 0.274
MVEdit [5] 0.017 26.12 0.945 0.070 58.53 946.5 0911 0.281
Tailor3D [63] 0.043 20.94 0.861 0.148 110.52 3812.1 0.704 0.258
Instant3DiT [2] 0.016 27.70 0.957 0.067 45.93 450.1 0.903 0.260
TRELLIS [90] 0.047 23.64 0.919 0.131 38.19 757.2 0911 0.283
Ours (full) ‘ 0.012 41.68 0.994 0.027 23.05 187.8 ‘ 0.947 0.287
w/o Attn KV 0.015 35.71 0.986 0.042 27.68 361.8 0.938 0.285
w/ Noise Re-init 0.014 36.31 0.989 0.038 25.71 259.6 0.945 0.287

To mitigate visible seams at mask boundaries, M can be
replaced with a soft mask M € [0, 1]7XW D obtained by
dilation and Gaussian falloff. In the sparse-latent (SLAT)
stage, features at the unedited coordinate set e, are re-
placed with the inverted source latent at each denoising step:

VU € Qeep © 252 1] < 251 [u] 6))

Similar to the ST stage, coordinates near the boundaries can
be weighted to ensure smooth transitions, effectively apply-
ing a soft-mask-like effect.

Key-value replacement. Beyond latent replacement,
feature-level consistency is enforced by our proposed key-
value replacement in the attention mechanism. In the ST
stage, self—attention use binary masks W*!f to indicate
edited tokens. During editing, K/V tensors in unedited re-
gions are replaced by their cached counterparts:

K+W O} Knew + (1 - W) O] Kcache (6)
V <_ W @ Vnew + (1 - W) @ chache (7)

Optional attention masks can be supplied to attention calcu-
lation to block mixing between edited and preserved tokens,
which is especially helpful when the edited region is small
but semantically strong. Similar to the solution used in in-
version, the model also adopts strategies of rescaled time
scheduling and late-time CFG [30] in the denoise phase.
All the above modifications are implemented by dynami-
cally adjusting forward functions at inference time, without
retraining or weight updates.

4. Experiments
4.1. Setup

Implementation details. Our method is built on TREL-
LIS [90] and executed on a single NVIDIA A100 GPU. We
set the sampling steps to 25 for both the inversion and de-
noising phases, and set the classifier-free guidance (CFG)

scales of both stages to 5.0 to balance reconstruction fidelity
and edit creativity.

Baselines. We adopt five competitive 3D editing methods
as baselines. Vox-E [71] performs per-scene optimization
on voxel representation with the guidance of image diffu-
sion models. MVEdit [5], Tailor3D [63] and Instant3dit [2]
achieves customized 3D asset editing through multi-view
editing. TRELLIS [90] provides a native 3D editing method
based on RePaint [56], which guides the denoising process
by sampling from the known regions.

Evaluation dataset. We conduct an evaluation on Edit3D-
Bench, a new benchmark we curated for systematic 3D edit-
ing assessment. It consists of 100 high-quality 3D models,
with 50 carefully selected from Google Scanned Objects
(GSO) [19] and 50 from PartObjaverse-Tiny [92]. For each
model, we provide 3 distinct editing prompts that cover a
wide range of modifications. Each prompt is accompanied
by a complete set of annotated 3D assets, including the 2D
renderings of the original object, a 2D mask of the edit re-
gion, a 2D edited image generated by FLUX.1 Fill [3], il-
lustrating the intended target edit, and a 3D mask specifying
the precise editing region in 3D space. This well-structured
dataset serves as a rigorous benchmark for assessing the ac-
curacy, robustness, and fidelity of 3D editing methods.

Evaluation metrics. We use three aspects of metrics to
comprehensively evaluate performance. First, for unedited
region preservation, we assess the fidelity of preserved re-
gions by computing Chamfer Distance (CD) [22] for ge-
ometry consistency, as well as masked PSNR, SSIM [79],
and LPIPS [99] on rendered multi-view images for texture.
Second, for overall 3D quality, we evaluate holistic per-
formance by computing FID [29] on rendered images and
conducting a user study to capture human perceptual pref-
erences. Finally, for the alignment with the input prompts,
we evaluate the alignment of the edited 3D assets with the
edited image using DINO-I [60], and its alignment with the
text prompt using CLIP-T [65].
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Figure 4. Qualitative comparisons on Edit3D-Bench. Our method achieves best performance on precision of editing and overall quality.

4.2. Main Results

Quantitative comparison. As shown in Tab. 1, our
method significantly outperforms all baselines across nearly
all metrics. For unedited region preservation, our approach
achieves the best scores in Chamfer Distance, PSNR, SSIM,
and LPIPS, demonstrating its superior ability to maintain
the original geometry and texture. This is because our
method operates directly in the native 3D space and lever-
ages latents and key-value replacement to explicitly en-
force consistency. In contrast, multi-view based methods
like MVEdit [5] and Instant3DiT [2], which rely on lifting
multi-view edits to 3D space, usually introduce multi-view
inconsistency and spatial bias, and struggle with maintain-
ing 3D consistency. TRELLIS [90] adapts Repaint [56] to
achieve native 3D editing, but lacks inversion and key-value

replacement to introduce the context of the reserved region,
thus showing poor performance in 3D consistency. For
overall 3D quality and condition alignment, our method fur-
ther demonstrates superiority by achieving the lowest FID
and the highest DINO-I and CLIP-T scores. These results
collectively indicate that our editing operations yield coher-
ent and accurate outcomes in high-fidelity 3D models.

Qualitative comparison. The qualitative results in Fig. 4
highlight the superiority of our method. Our approach
consistently generates edits that are both locally accurate
and geometrically coherent, while preserving unedited re-
gions with high fidelity. In contrast, the baselines exhibit
various artifacts. Some methods suffer from poor recon-
struction quality, leading to blurry outputs and distortions
in preserved regions, as observed in Vox-E [71] and Tai-
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Table 2. User preference study. Our method achieves consis-
tently higher preference than Instant3DiT and TRELLIS in text
alignment and overall 3D quality.

Method ‘ Text Alignment T Overall 3D Quality 1
Instant3DiT [2] 4.7% 1.6%
TRELLIS [90] 25.0% 17.2%
Ours 70.3% 81.2%

Table 3. Analysis of two-stage inversion. We report Chamfer
Distance (CD.) and PSNR, SSIM, LPIPS of rendered views to an-
alyze the reconstruction consistency.

| CD.L PSNRT SSIM?t LPIPS |

0.0094 37.68 0.936 0.067
0.0055  39.70 0.987 0.012

Inversion Stage

ST stage
ST + SLAT stage

lor3D [63]. Others are overly conservative, retaining most
of the original content with only minimal edits, as is the case
for MVEdit [5]. Instant3DiT [2], by contrast, often fails to
generate results that align with text prompts, resulting in
misplaced or misrepresented modifications. In particular,
the native TRELLIS [90] editing method, lacking inversion
and KV-cache mechanisms, fails to effectively constrain the
original 3D structure, often resulting in positional shifts and
inconsistencies in the preserved regions. Our method effec-
tively avoids these issues, demonstrating the robustness of
our native 3D, inversion-based editing framework.

User study. To evaluate the perceptual quality of our
editing results, we conducted a user study with 30 partic-
ipants. For each editing task, participants were presented

Source Model

A

Inversion on Only ST Stage
Inversion on ST + SLAT Stage
Figure 6. The impact of inversion stages on reconstruction. ST

stage inversion lacks detailed consistency, while inversion on both
stages achieves fine-grained geometry and texture reconstruction.

with the input 3D models and the edit prompts, paired with
the edited 3D assets by VoxHammer alongside two strong
baseline methods TRELLIS [90] and Instant3DiT [2]. They
were then asked to select the result that best aligned with the
text prompt and exhibited the highest overall quality. The
study results demonstrate a clear human preference for our
method, confirming its superior performance and robustness
across multiple evaluation aspects.
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Figure 7. More applications. VoxHammer easily generalizes to part-aware 3D object, scene, and NeRF [58] or 3DGS [38] editing. We
show the input models in the top row and the edited results in the bottom two rows.

4.3. Ablation Study

We conduct a series of ablation studies to analyze the re-
construction performance of two-stage inversion, and the
contributions of the key components of our editing strate-
gies, particularly the feature replacement strategy and the
inversion-based initialization.

Analysis of two-stage inversion. We conducted analy-
sis of doing inversion (1) only in ST stage, and (2) in both
ST and SLAT stage, which is our full setting. As shown in
Tab. 3 and Fig. 6, we found that the initial ST stage in-
version provides a reasonable reconstruction of coarse ge-
ometry, but lacks detailed geometry and appearance consis-
tency. After incorporating the second SLAT stage, which
handles high-resolution geometry and fine-grained texture
details, the reconstruction quality improves significantly. It
demonstrates that our two-stage inversion process faithfully
restores the source 3D model with high fidelity, offering a
robust basis for the subsequent editing stage.

Assessment of editing strategies. We compare our full
setting against four variants: (1) w/o Attn KV, where we dis-
able key-value replacement for attention mechanism; and
(2) w/ Noise Re-init, where we initiate the denoising pro-
cess from randomly sampled Gaussian noise instead of the
inverted noise of the source 3D asset. The quantitative re-
sults are presented in Tab. 1, and a qualitative comparison
is shown in Fig. 5. Missing key-value replacement leads to
a significant degradation in preservation quality, as the edit
concept leaks into unedited regions. Re-initializing noise
leads to a loss of positional information, causing unexpected
alterations in preserved areas. In contrast, our full setting
effectively maintains the consistency of the preserved re-
gions and achieves overall coherent editing, which validates
that our inversion and key-value replacement is essential for
achieving high-fidelity local 3D editing.

4.4. More Applications

Part-aware object editing. VoxHammer enables flexible
editing of part-aware generated 3D assets [7, 17, 49, 50, 76,
92, 93, 98, 102], where the pre-segmented structure offers
3D masks for us. We report visualization results in Fig. 7.

Compositional 3D scene editing. VoxHammer further ex-
tends to compositional 3D scene editing [36, 94]. As shown
in Fig. 7, it supports fine-grained local modifications while
preserving the integrity of the surrounding scene.

NeRF or 3DGS editing. Benefiting from the versatility of
the base model, VoxHammer also generalizes NeRF [58] or
3DGS [38] editing, as visualized in Fig. 7.

5. Conclusion

We presented VoxHammer, a training-free framework for
precise and coherent 3D local editing. By leveraging accu-
rate 3D inversion and feature replacement in the latent space
of a pretrained structured 3D diffusion model, VoxHammer
preserves unedited regions with high fidelity while seam-
lessly integrating edits. To enable objective evaluation, we
introduced Edit3D-Bench, a human-annotated benchmark
for 3D local editing. Comprehensive experiments demon-
strate that our method outperforms prior approaches in both
consistency and quality. Beyond editing, VoxHammer also
enables the synthesis of paired data, laying a foundation for
future in-context 3D generation.
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