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Abstract. Local editing of 3D objects remains a long-standing chal-
lenge. When interacting with 3D content, humans naturally tend to spec-
ify a coarse region of interest for modification rather than defining pre-
cise editing boundaries. However, previous methods rely on fully edited
2D images, precise 3D masks, or redundant pipelines, which present a
gap. To bridge this gap, we propose EditVerse3D, a novel 3D editing
framework that enables high-quality object editing under such coarse
guidance. Our approach takes as input a 3D object to be edited, a coarse
3D bounding box indicating the target region, and a reference 2D image
describing the desired modification. It produces a coherent, high-fidelity
edited 3D object. To facilitate this editing, we introduce a novel region-
aware adaptive loss that emphasizes hard-to-learn regions and balances
the objective between target and preserved areas. Complementing our
loss function, we enhance model robustness and generalization through
targeted data augmentations, such as training with scaled 3D masks
and filtering out unrealistic editing pairs. We construct a large-scale 3D
editing dataset derived from parts information. Extensive experiments
demonstrate that EditVerse3D achieves superior visual quality and quan-
titative performance compared to existing 3D editing approaches. Please
visit our project page at https://editverse3d.github.io.
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1 Introduction

Local editing of 3D objects has been challenging due to the inherent complexity
of the 3D context compared to 2D. However, the broad applicability of 3D editing
has attracted significant attention from the research community [20425\/26[30}65)
68185901/101|. Existing approaches can generally be divided into three categories.

The first approach |2}/5,(181/221341/43./63/[88./97] involves rendering multiple 2D
views of the input 3D object, editing these views, and subsequently lifting the
edits back into 3D. However, this method faces two significant challenges. First,
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Fig. 1: Editing results of our method. Given a 3D object, a user-specified coarse
3D bounding box indicating the target editing region, and an image prompt defining
the editing goal, our approach generates high-quality, coherent edits. Our method does
not require fully edited 2D views, precise 3D masks, or redundant pipelines.
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the back-and-forth between 3D and 2D introduces cumulative errors, resulting in
a decline in editing quality. Second, editing in the 2D context ignores 3D struc-
ture, often leading to inconsistencies across multiple views. Moreover, although
large vision models (LVMs) [24}[36//47,/66,[82] have achieved remarkable results,

precise 2D edits [15) l...,.,.-,m remain a considerable challenge.
The second approach | @....lll- is based on the Score

Distillation Sampling (SDS) scheme and its variants, which use 2D models
to guide the 3D reconstruction process toward the edited 3D representation.
However, these methods are computationally intensive, time-consuming, struggle
with network optimization, and often fail to produce high-quality results.

Recently, the development of 3D generative models
has shown great promise, achieving impressive results in 3D generation tasks.
Some methods have explored training-free 3D editing based on 3D gen-
erative models, which modify the inference process to output an edited 3D object
conditioned on editing instructions. These methods typically adapt training-free
2D editing techniques developed for 2D generative models to the 3D
models. However, due to the increased complexity of 3D objects, their general-
ization ability is limited, and they often work only in specific cases.

Leveraging advances in 3D generative models, we propose an end-to-end 3D
editing framework that overcomes the limitations of existing methods that rely
on complex, multi-stage pipelines. Our approach eliminates the need for addi-
tional inputs such as pre-edited 2D views, 2D masks, or precise 3D masks, while
maintaining the efficiency of 3D generative models to produce high-quality re-
sults within minutes. The framework takes three key inputs: (1) the 3D object
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to be edited, (2) a coarse 3D bounding box specifying the target region, and
(3) a 2D image defining the editing goal. Using these inputs, the model directly
generates the edited 3D object in a streamlined manner.

Specifically, we build our 3D editing model based on the 3D generative back-
bone, TRELLIS [86]. We carefully design the model architecture (Sec. and
training strategy (Sec. to preserve the original model’s generative capa-
bilities while adapting it to support our input format. To train our model for
high-quality edits under relatively loose inputs, we introduce a loss strategy that
adaptively forces the model to focus more on the poorly learned region. Moreover,
data augmentation techniques are applied to improve the model’s generalization.

Due to the unavailability of large-scale 3D editing datasets tailored to our
setting, we construct a comprehensive dataset of 3D editing pairs using 3D seg-
mentation information (Sec. . The construction process follows a straightfor-
ward approach: we remove a part from a 3D object and treat its restoration as
an "add" editing operation. Specifically, the 3D object after removal serves as
the input, while the original 3D object acts as the ground truth. The removed
part is used as the 3D mask, which is rendered to generate the corresponding
2D image prompt. Although this dataset primarily consists of "add" edits, our
experiments demonstrate that models trained on it can generalize effectively to
"replace" edits. Conceptually, "add" can be regarded as a special case of "re-
place," where the target region lacks any existing 3D structure.

To address the scarcity of 3D segmentation datasets, we further expand our
dataset by incorporating data from existing 3D object repositories, such as Ob-
javerse |13l|14], which contain objects naturally composed of multiple parts. As
a result, we curate an extensive 3D editing dataset comprising approximately
85k meshes and 500k editing pairs.

In summary, our method has the following contributions:

— An end-to-end 3D editing framework with adaptive loss reweighting and data
augmentation, enabling robust generalization and practical usability under
coarse input settings.

— A large-scale 3D editing dataset that addresses the long-standing challenge
of lacking supervised training data for 3D editing.

— A novel 3D editing pipeline that produces high-quality results, outperforming
previous methods in both visual quality and quantitative assessment.

2 Related Works

2.1 3D Generation

With the rapid advances in diffusion [66] and flow-matching models [47] for
language and 2D vision tasks, researchers have increasingly adapted these archi-
tectures for 3D generation |3}10L/11}27,/37,/38,/40,41,/44,/45,/51-53,71}79,(81,[83L(84)
87.1941(95|99L/105], achieving remarkable results. The development of large-scale
3D generative models has established a strong foundation for downstream appli-
cations, accompanied by the emergence of extensive 3D object datasets |13}[14]
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86,{102|. Furthermore, many studies have focused on 3D segmentation-related
tasks, such as jointly generating 3D content and its corresponding semantic
segmentation |6}46(70,73,(93], or directly segmenting 3D assets [4,[8l|21}23]
50,56}, 72},189},191},92],|104L|107]. These tasks typically rely on 3D segmentation
datasets |4655,70492], further bridging the gap toward 3D editing. Consequently,
with the progress in 3D generative modeling and the availability of large-scale 3D
data, supervised training of 3D editing models has become increasingly feasible.

2.2 3D Editing

3D editing has long been an actively explored research topic, yet there remains
substantial room for improvement. In the absence of large-scale 3D generative
models, earlier approaches [11/2}/518}[22}[341/43,/63}88.(97] typically render several
2D views, edit the rendered images, and then lift the results back to 3D. Nat-
urally, this 3D-2D—-3D process accumulates errors and often leads to poor 3D
consistency. Other methods [7,94/16,(17}39,/48.149,[58}/69,|108] adopted score dis-
tillation sampling (SDS) |62] to optimize 3D representations under the guidance
of 2D priors, but such approaches are usually hard to train and yield limited
visual quality. With the emergence of 3D generative models, recent work has be-
gun exploring training-free 3D editing [42,/61,96]. However, these methods often
apply 2D training-free editing techniques [35}/54}/78] to 3D models, still relying
on edited 2D views and suffering from the same 3D-2D-3D inconsistency is-
sues. Existing 3D editing approaches also typically require precise 3D masks or
well-edited 2D views, which hinder practical usage.

3 Method

We detail our approach in four stages. First, we describe the selected genera-
tive backbone, TRELLIS [86], in Sec. Next, we explain how our network
architecture supports coarse inputs in Sec. [3:2} Third, we introduce the train-
ing strategy and data augmentation techniques applied to improve the model’s
performance in Sec. [3.3] Finally, we describe the construction of our large-scale
editing dataset in Sec. Fig. 2| shows an overview of our method.

3.1 Preliminary

Our 3D editing model is based on TRELLIS, a 3D generation framework. TREL-
LIS generates high-quality 3D objects conditioned on either images or text. It
uses an encoder-decoder architecture, where the encoder compresses 3D assets
into latent representations, and the decoder reconstructs them into various 3D
formats, such as 3DGS [33,/98|, NeRF [59], and Mesh. To enable 3D object gen-
eration conditioned on image or text prompts, rectified flow models [47] are
employed. The ground truth for these rectified flow models is the latent repre-
sentation obtained from encoding the 3D object. During inference, the rectified
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Fig.2: An overview of our method. Given a masked 3D object as input, we first
extract its structure and texture latents using the TRELLIS encoder. The input latents
are concatenated with a binary mask and random noise along the feature channel
dimension, then fed into the flow-matching model, which takes the editing target as a
condition. The flow model generates edited latents, which decode into the final result.

flow model samples the latent from a noise distribution conditioned on the image
or text prompt, and the decoder decodes it into the desired 3D format.

Specifically, TRELLIS handles structure and texture separately. For a given
3D object, TRELLIS first normalizes its vertices into a unit cube within the
range of [—0.5,+0.5], then voxelizes it into a 64 voxel grid p (N x 3, N is the
number of active voxels) for the structure encoder input. The structure encoder
transforms p to a structure latent Ly (16 x 16 x 16 x Cs, Cj is the feature channel),
which is then decoded back to the voxel form p by the decoder.

For texture, TRELLIS renders 150 2D views and extracts feature maps using
the DINOv2 [12}131}/60] model. The active voxel coordinates p are projected onto
the multi-view feature maps to retrieve features at the corresponding locations.
The average of these 2D features {z,p} is used as input to the texture encoder,
where z is the gathered DINOv2 feature (N x Cy4, Cy is the feature channel
of DINOv2 output). The texture encoder encodes {z,p} to a texture latent L,
(N x Cy, Cy is the feature channel). The texture decoder then decodes {L;,p}
into the desired 3D output.

Rectified flow models are introduced to integrate image or text conditions.
The flow model follows a forward-backward process similar to that of diffusion
models [66]. In the forward process, noise € is added to the data sample z¢ with
x¢ = (1 — t)xo + te at each timestep t. The backward process is defined as:

dSUt
P v(z,t), (1)
which moves noisy samples toward the data distribution. We learn v using a
neural network 6 that minimizes the difference between the predicted vg(z¢,t)

and ground-truth vector fields, computed from the forward process:

L(0) = Bty ellvo(ze,t) — (e — zo)[3- (2)
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Flow models for structure and texture are trained separately, with the learning
targets being the corresponding structure latent Ly and texture latent L;.
Since TRELLIS’s encoder-decoder network is highly effective at compressing
and restoring 3D objects with nearly lossless perceptual quality, we directly
leverage these models and train the rectified flow models for 3D editing.

3.2 Network Architecture

We encode 3D objects into a latent representation using TRELLIS’s encoder,
which produces both structure L and texture Li" latents.
Structure. For the structure, we concatenate the encoded latent Li" (16 x 16 x
16 x C5), the boolean mask M (16 x 16 x 16 x 1), and noise €5 (16 X 16 x 16 x C5)
along the feature dimension as the model input L, (16 x 16 x 16 x [2C, + 1]).
The output is the edited structure latent L2“* (16 x 16 x 16 x C). We decode
Lo to edited geometry p°** (N°“ x 3) with TRELLIS’s decoder.
Texture. For the texture, we first combine the input 3D object’s texture latent
Li" (N x () and the coordinates of the edited voxels p°“! (N°“! x 3) into
{Li™ p°¥t}. Note that the input shape to be edited N and the predicted output
shape N°“! are misaligned. For coordinates that are not covered by the input,
we pad the corresponding features with zeros. We then concatenate {L:", put},
the boolean mask M, (N°“ x 1), and the noise ¢; (N°“! x C}) along the feature
dimension, resulting in the edited texture latent {L¢“*, p°ut} (N°“ x [2C; + 1]).
For the condition, we use images with partial elements that indicate the
editing target, rather than the complete edited 2D view, for both the structure
and texture models. Given an image prompt, we add the encoded latent from
the input 3D object and the 3D coarse bounding box, then sample the edited
structure and texture latents from noise.

3.3 Training Strategy

Region-Aware Loss Reweighting. Unlike optimizing a generative model,
the editing task inherently involves an imbalance between regions that need
editing and those that do not. Areas that do not require editing tend to converge
more easily, while the target editing regions incur higher losses that are more
difficult to reduce. The loss function for the generation task is simply an MSE
loss between the predicted velocity and the ground truth

1 — i i
Loon = = [[0(al”,8) —vo (1) 1 ()
i=1

Here, n is the number of elements for the flow model’s vector field, and vy and v
are the predicted vector field and ground truth, respectively. For simplicity, we
abbreviate U(:vgz), t) — Vg (mgl), t) as v — vg.

We apply a loss reweighting strategy by normalizing the loss so that both
regions (masked and non-masked) receive proportional attention. We scale the

loss by the number of elements in each area, ensuring that both masked and



EditVerse3D: High-Quality 3D Object Editing with Region-Aware Learning 7

Separate Norm Joint Norm

» U b

(1) Input (2) Mask  (3) Masked (4) Input (5) Mask  (6) Masked

Fig. 3: Effect of joint normalization. Separate normalization leads to overlapping
(3), whereas our joint normalization preserves the correct spatial relationship (6).

non-masked regions contribute equally to the overall loss, even if one region is
significantly larger than the other. Suppose M is the boolean mask, and m and
m are the number of elements in the masked and nonmasked region, respectively.
The loss terms are

1 & 1 &
Em=EZ|Iv—v9II§Mm £m=%2|\v—vel|§ (1-=M). (4
=1 =1

Through this loss decomposition, we obtain more balanced loss terms for both
the unchanged region and the target editing area.

Moreover, we adopt a hard-example mining strategy to emphasize regions
that are more difficult to learn. Specifically, we select the hardest regions corre-
sponding to the top 7% of per-index losses:

1
Lhara = MZHU—W 12, H:TOp-T%(HU—U@ ||§), (5)
1€EH

where H denotes the set of hard examples whose per-index losses rank within
the highest 7% of all losses.
To balance each loss term’s value, the overall loss is formulated as:

Lo
[Lom]

Lo

Ee it = ‘cm +
it |£hard|

Lo+

Ehard . (6>

Joint Normalization for Spatial Alignment. A potential issue with the
input data is normalization. If the input 3D object and the 3D mask are inde-
pendently normalized to a unit cube, this can distort their relative positions.
We observe that if the 3D object and the mask are not spatially aligned, the
model struggles to learn the mapping between the input and the edited output.
To address this, we treat the 3D object and the mask as a whole and compute
a single normalization factor for both. This normalization factor is then applied
uniformly across all relevant content. During inference, we use a similar nor-
malization process to ensure consistency in spatial alignment. Fig. 3| shows the
necessity of our joint normalization.
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Fig. 4: Overview of our 3D editing dataset. Left: Parts Distribution across the
dataset. Right: An Ezample Editing Pair illustrating the ground truth (top left), seg-
mentation (top right), source object (bottom left), and editing target (bottom right).

Training with Coarse 3D Masks. In practical scenarios, users prefer to
provide a coarse 3D bounding box that is larger than the actual region to be
edited rather than defining precise 3D editing masks. To ensure the model can
work with the arbitrary coarse 3D mask during inference, we synchronize its use
during training. Experiments show that models trained with exact 3D shapes
as masks converge well during training but perform poorly when tested with a
coarse bounding box. Furthermore, compared to using the minimum bounding
box of the accurate 3D mask, applying random disturbances to the box size and
position further improves model performance.

Filtering Unrealistic Editing Pairs. We filter out data pairs in which the
target editing region is too small based on the volume occupied by the 3D voxels.
This operation aims to ensure that the training data primarily consists of cases
likely to occur in real editing scenarios. Target regions with tiny volumes often
correspond to editing pairs that lack practical significance. The effectiveness of
this data filtering strategy is further validated in our experimental results. Please
refer to the supplementary materials for more details.

3.4 Dataset Curation

To train our model end-to-end, we create a large-scale dataset of 3D editing
pairs. The basic idea is that, for a given 3D object, we can treat its partially
deleted version as the object to be edited, with the original 3D object serving
as the ground truth. These two objects form an editing pair. However, directly
deleting parts of the 3D object can result in missing information at cut or fracture
regions, hindering model performance. To address this, we collect 3D objects with
complete part information whose distinct parts still preserve a whole structure
and are suitable for constructing editing pairs.

We organize our dataset using manually validated 3D segmentation data
from the Partverse dataset and 3D assets with part information from the
Objaverse dataset . We clean the data by removing low-quality instances
(e.g., geometric distortions or missing textures). In the end, we construct a
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dataset comprising approximately 85k meshes and 500k editing pairs. We com-
pute bounding boxes and generate image prompts from the deleted 3D parts.
Fig. @] shows an overview of our dataset.

4 Experiments

4.1 Implementation

Train. For each editing pair in our dataset, we use the TRELLIS encoder to
extract the structure and texture latents of the input 3D object, which serve as
inputs to the flow-matching model. We compute the minimum 3D bounding box
of the target 3D part and apply our box augmentation strategy to formulate
the 3D mask for training. Subsequently, we render 24 views of the 3D part from
cameras uniformly sampled across a bounding sphere. At each training step, one
of these views is randomly selected to act as the condition. The flow-matching
models for structure and texture are trained independently, each for 10k steps
with a batch size of 1 on 96 V100 (32GB) GPUs. The complete two-stage training
process requires approximately 10k GPU hours.

Evaluation. We use Chamfer Distance (CD) [19] to measure geometry quality
and render 32 views to assess texture quality using PSNR, SSIM [80]|, LPIPS
[100], DINO feature similarity [60], and FID [28]. We build a test set of about
200 meshes and 1500 3D editing pairs from the PartObjaverse-Tiny [92] dataset,
following our data generation pipeline, serving as the benchmark for adding.
Additionally, we use the VoxHammer [42] dataset, which contains 100 meshes
and 300 editing pairs, as an evaluation set for replacement. Since this dataset
lacks ground-truth edits, we compute quantitative metrics only on non-edited
regions. To simulate real-world scenarios in which users may not provide accurate
bounding boxes, we use bounding boxes of varying sizes and positions during
evaluation, rather than those used in training. Note that during training, each
editing pair is associated with 24 condition views. During evaluation, to assess
the robustness of our model against image prompts from varying viewing angles,
we report the average performance across all 24 views.

4.2 Main Results

We compare our method to Instant3dit |2], TRELLIS [86] (two re-implemented
local editing variants), and VoxHammer [42]. Instant3dit renders four canoni-
cal views, applies text-driven edits on those renderings, and reconstructs a 3D
result from the four edited views. For TRELLIS, we re-implement two local
editing strategies: (1) Repaint [54] — which mixes the model-predicted target
region with the preserved region (the input injected with noise) at each inference
timestep, and (2) FlowEdit [35] — which directly drives the input toward the
target prompt by computing a new vector field guided by both the source and
target prompts. VoxHammer adapts RF-Edit |78] to TRELLIS, achieving more
accurate inversion and applying Repaint not only to the latent representation
but also to intermediate-layer features.
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Table 1: Quantitative comparison of different edits. Repaint and FlowEdit de-
note two 2D editing approaches applied to TRELLIS. For Replace, since ground truth
is unavailable for edited regions, the results shown correspond only to the preserved
regions. For Add, we report metrics across the entire edited results.

Replace Add
CDJ] PSNR? SSIMt LPIPS| DINOt FIDJ | CD] PSNRf SSIM? LPIPS| DINO?T FIDJ

Instant3dit | 0.297 13.06 0.868 0.255 0.732 73.86|0.110 8.075 0.664 0.501 0.681 81.78
Repaint | 0.007 35.96 0.992 0.010 0.980 29.32|0.008 27.44 0.960 0.038 0.978 3.408
FlowEdit |0.071 17.93 0.917 0.109 0.902 40.76|0.017 19.46 0.886 0.102 0.945 6.129
VoxHammer| 0.022 24.51 0.961 0.043 0.955 36.28|0.023 21.16 0.923 0.095 0.919 8.281

Ours ‘0.005 36.32 0.995 0.008 0.981 28.34‘0.005 28.67 0.962 0.029 0.984 2.960

Method

Table 2: Quantitative comparison for different regions. Since some texture
metrics (e.g., LPIPS, DINO feature similarity) do not support irregularly shaped im-
ages, the Target Editing Region is computed with the minimal 2D bounding box. The
Unedited Region is evaluated by treating the edited region as consistent with the ground
truth. The above estimation yields a higher metric for actual performance but does not
compromise consistent comparison. Because the Target Editing Region’s sizes vary, FID
is not reported because it does not support inputs of different sizes.

Target Editing Region Unedited Region
CDJ] PSNR7 SSIM1 LPIPS| DINO?T| CDy PSNR? SSIM1 LPIPS] DINO?t

Instant3dit |0.052 3.698 0.119 0.194 0.406 |0.105 8.529 0.746 0.425 0.660
Repaint |0.019 19.00 0.726 0.032 0.862 |0.006 31.16 0.945 0.012 0.983
FlowEdit [0.020 14.31 0.512 0.055 0.783 |0.022 23.01 0.931 0.057 0.952
VoxHammer| 0.039 14.26 0.499 0.087 0.696 |0.019 25.86 0.964 0.044 0.948

Ours 0.009 21.01 0.811 0.030 0.899 |0.002 35.45 0.987 0.008 0.990

Method

Quantitative. Our method outperforms existing approaches on both replace-
ment and addition tasks (Tab. , in terms of both edit-region fidelity and preser-
vation of unedited regions (Tab. . (1) Instant3dit: Its 2D editing capability is
limited, and its 2D-to-3D process relies solely on reconstruction from four sparse
canonical views rather than dense views, and lacks mechanisms to resolve 3D in-
consistencies. These factors contribute to a significant performance degradation,
resulting in the worst quantitative results among all evaluated baselines. (2) Re-
paint & FlowEdit: Repaint significantly outperforms FlowEdit. This superiority
stems from Repaint’s mask-based fusion, which leverages the unedited region
to constrain the generated content within the target editing area. In contrast,
FlowEdit predicts vector fields corresponding to the source and target prompts
to compute the editing direction. This guidance mechanism is relatively weak.
(3) VoxHammer: By utilizing intermediate network features, it should achieve
better performance than the direct application of Repaint. However, based on the
authors’ implementation, we observed slightly inferior results. This discrepancy
may arise from differences in our specific evaluation configurations.
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Fig. 5: Qualitative comparison. Our method yields prompt-aligned edits while pre-
serving unedited regions. Repaint aligns structures in rows (1, 4) but misaligns textures
in (2, 3). VozHammer shows partial consistency in (1, 2) but fails in (3, 4).

Qualitative. We visualize the editing results produced by our method and
existing approaches in Fig.[5] As shown, our method delivers clearly superior vi-
sual quality. Additional results are presented in Fig. [f] demonstrating the strong
generalization ability and robustness of our approach. Across diverse test cases,
our method consistently produces realistic and high-quality 3D editing results.

4.3 Ablation Study

To validate our method, we perform a detailed ablation study on the PartObja-
verse Tiny test set. Variant without Joint Normalization fails to converge and is
thus omitted. Beyond the components discussed in Sec. [3.3] we also examine the
impact of data Segmentation Quality and training conditions’ View Variance.
Tab. [3]shows that our training strategy consistently improves performance, with
Exp.#5 achieving the best results. Notably, segmentation quality has a limited
impact at the same data scale (Exp.#5 vs Exp.#6), indicating that 3D assets
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Fig. 6: Qualitative results. See additional examples in the supplementary material.
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Table 3: Ablation study of our method. The Mask column indicates the scale of
the 3D mask used during training: Ezact uses the precise shape, BBox uses the minimal
enclosing bounding box, and BBoz™ applies additional perturbations to simulate real-
world scenarios. v /X denotes whether a data filter is applied. MSE and Ours refer to the
original generation loss and our optimized loss, respectively. Seg indicates the quality of
data segmentation, with High representing human-annotated 3D segmentation datasets
and Low representing 3D assets with built-in part information. Cond refers to the
strategy for selecting 2D conditions during training described by View Variance. The
CD metric is scaled by 102 for better visualization.

Exps‘ Mask Filter Loss Seg Cond ‘CD><102¢ PSNR1 SSIM?T LPIPS| DINOt FID|

#1 | Exact X MSE High random| 2.502 21.03 0918 0.113 0.902 9.329
#2 | BBox X MSE High random| 0.701  24.65 0.946 0.057 0.960 3.709
#3 [BBoxt X MSE High random| 0.692  24.75 0.946 0.056 0.962 3.573
#4 |BBoxt « MSE High random| 0.658  24.82 0.947 0.055 0.962 3.542
#5 |BBox™ ¢ Ours High random| 0.635 25.01 0.947 0.054 0.963 3.496
#6 |BBox™ ¢ Ours Low random| 0.636 24.90 0.947 0.054 0.963 3.474
#7 | BBox X MSE High traverse| 0.850 24.41 0.946 0.059 0.953 4.129

with partial information are usable, enabling us to construct a large-scale dataset
despite the scarcity of 3D segmentation datasets.

Region-Aware Loss Reweighting. As shown in Tab. [3] our improved loss
function (Exp.#5) outperforms the vanilla generation MSE loss (Exp.#4).
Training with Coarse 3D Masks. We observe that as the training mask pro-
gresses from the exact mask shape (Exp.#1) to the minimal enclosing bounding
box (Exp.#2), and further to the dilated bounding box (Exp.#3), model perfor-
mance steadily improves. Notably, although training with the exact mask shape
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Fig. 7: Qualitative ablation results. 8D Object displays the masked object alongside
the target prompt (a sword). Ezact Mask (Exp.#1) is trained with precise 3D masks.
Ours BBox" (Exp.#4) utilizes our mask augmentation strategy. Ours Loss (Exp.#5)
further incorporates our region-aware loss.

achieves good results on the training set, it generalizes poorly to the test set and
produces meaningless outputs.

Filtering Unrealistic Editing Pairs. Filtering out tiny abnormal instances
(Exp.#4) improves performance compared to the unfiltered dataset (Exp.#3).
Segmentation Quality. Regarding data sources, datasets with segmentation
annotations yield higher-quality segmentation (Exp.#5) than 3D assets with
part information (Exp.#6). Experiments show that models trained on these two
sources achieve comparable performance.

View Variance. In real-world scenarios, the orientation of the 3D object
and the 2D prompt are often misaligned. To improve generalization to the 2D
prompt’s view angle, we render 24 views from the partial 3D object and ran-
domly select one per training iteration. Comparing this random selection strat-
egy (Exp.#2) with traversing all 24 renderings (Exp.#7) shows that the random
approach performs better, a counterintuitive result.

Quality. Fig. [7] shows that exact 3D masks yield blurred geometry in the tar-
get area, whereas our mask augmentation strategy significantly improves visual
quality. Furthermore, our region-aware loss refines fine-grained details. It pre-
serves unedited attributes (e.g., hat dots, arm tattoos). It enhances consistency
between the image prompt and the edited geometry, particularly at transitional
boundaries (e.g., the sword’s hilt-to-blade junction).

Robustness to Input Variance. Fig. |8 demonstrates the robustness of our
method against input perturbations. Our approach consistently produces plausi-
ble 3D editing results, despite variations in the positions and scales of the coarse
3D bounding boxes and in the viewing angles of the image prompt.

4.4 Inference Efficiency

Tab. [4] presents a comparison of inference efficiency between our method and
the baselines. (1) Instant3dit: It is slow due to inefficient 3D reconstruction
and impractical because it demands exact 3D masks. (2) Repaint & FlowEdit:
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Fig. 8: Robustness to input variations. Base shows editing results using an ideal
bounding box and a 2D prompt. Scale enlarges the baseline box by 1.5x. Shift trans-
lates the scaled box to the right. Finally, Pose demonstrates results when the image
prompt (Cond.) features a different viewing angle than the Base.
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Table 4: Efficiency Comparison. Ezact and Bboz" indicate whether the method
requires an accurate 3D mask or only a coarse 3D bounding box, respectively. A v
denotes that the resource is required, while a X indicates that it is not.

Method |TRELLIS|Instant3dit Repaint FlowEdit VoxHammer| Ours

3D Mask - Exact BBox™ X Exact |BBox™
2D Mask - v X X v X
Edited 2D - Ve v v v X
Runtime(s) 20 30 20 20 120 20

The modifications applied at each inference timestep do not introduce computa-
tional overhead, thereby maintaining the efficiency of vanilla TRELLIS. However,
utilizing resampling steps repetition introduces a trade-off between generation
quality and inference speed. Regarding inputs, both variants require a pre-edited
2D view as guidance. Specifically, while Repaint does not strictly mandate an
exact mask, providing one yields higher-quality results by ensuring the faithful
preservation of larger unedited regions. Conversely, FlowEdit operates entirely
without a mask, but this lack of spatial constraint renders its inference trajectory
highly uncontrollable. (3) VoxHammer: It exhibits a significantly longer infer-
ence time due to the computational burden of integrating inner-layer features.
Furthermore, it shares Repaint’s stringent input requirements, putting it at a
distinct disadvantage compared to our approach. In contrast, (4) our proposed
method operates as a streamlined, end-to-end framework, preserving inference
efficiency comparable to the vanilla TRELLIS while reducing the input burden.
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5 Conclusion

In this work, we propose a novel end-to-end pipeline for local 3D object editing,
which takes as input a 3D object, a coarse bounding box, and a reference 2D
image. Our approach achieves high-fidelity results by introducing region-aware
adaptive loss and data augmentation techniques. Extensive experiments demon-
strate that our approach achieves state-of-the-art performance, outperforming
existing methods in both editing quality and efficiency. Furthermore, we con-
struct a large-scale dataset of 3D editing pairs, facilitating supervised training
and future research in 3D editing.
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