
Supplementary Material

Overview In this supplementary material, we provide ad-
ditional details and experimental results for the main paper,
including:
• Further details of our Edit3D-Verse dataset Sec. A and

BVE Sec. B;
• Additional experimental results on 3D editing and com-

parison with training-free method.
• A discussion of the limitations of our work and future

works.

A. Details of Our Dataset Construction

Recognizing that both the scale and quality of training
data are pivotal for scaling up generative models, we
meticulously curate a large-scale, high-fidelity 3D editing
dataset derived from existing open-source 3D repositories,
as shown in Fig. 1 and Fig. 2. Furthermore, we leverage the
state-of-the-art multimodal model, Gemma, to rigorously
evaluate and filter the generated assets. This step is cru-
cial to ensure that the retained 3D assets not only possess
high visual quality but also strictly adhere to the given edit-
ing instructions. Consequently, this strategy significantly
enhances the accuracy and controllability of text-guided 3D
editing.

A.1. Details of Instructional Prompts

To synthesize a rich dataset of instruction-following pairs,
we leverage the Gemma model [2] to interpret each gen-
erated source image and produce corresponding editing in-
structions. Crucially, we prompt the model to generate in-
structions across diverse editing types, ranging from object
manipulation to stylistic changes. A concrete example is
illustrated by the airplane image in the top-left of Fig. 3.
Subsequently, each synthesized prompt is paired with its
source image and fed into QwenImageEdit [3] to execute
the editing process. As shown in ??, this pipeline success-
fully yields high-quality edited results aligned with varied
instruction types.

A.2. Captioning Process

To guarantee the integrity of our constructed dataset, we
establish a systematic multi-stage data curation pipeline de-
signed to filter for both visual fidelity and semantic align-
ment. Visual Quality Assessment. Acknowledging the vari-
able outputs of open-source editing models, we first em-
ploy a pre-trained aesthetic assessment model to screen the
generated 2D image pairs, ensuring that only high-quality
imagery serves as the foundation for 3D generation. Subse-
quently, to evaluate the generated 3D assets, we render eight
images from uniformly distributed viewpoints around each

object and compute the average aesthetic score across these
views. As shown in Fig. 5, this metric effectively identifies
artifacts such as minimal texturing or simplistic geometry.
By enforcing strict thresholds (9.0 for Restyle; 7.8 for oth-
ers), we retain only assets with high geometric and textural
complexity (qualitative examples in Fig. 6 and ??). Align-
ment Verification Strategy. Beyond visual quality, ensuring
precise text-object alignment is critical. We address this via
a verification-by-rendering strategy. Specifically, we render
the generated 3D asset from the exact camera viewpoint of
the source image. Leveraging the inherent view consistency
of the 2D editing model, we treat the 2D edited image as the
pseudo-ground truth. We then quantify the alignment be-
tween this 2D reference and the 3D rendering using SSIM
and LPIPS. This step rigorously filters out low-fidelity sam-
ples, selecting only those 3D assets that are semantically
consistent with the editing instructions.

A.3. Rendering Process

For the image-text-conditioned generation model, we sam-
ple 64 camera viewpoints uniformly distributed across a
sphere with a radius of 2. Furthermore, we implement a
Field-of-View (FoV) augmentation strategy, where the FoV
is randomly varied within the range of 10→ to 70→.

B. More Implementation Details

B.1. Network Architectures

The generation framework in our method employs two dis-
tinct flow matching networks tailored for different data rep-
resentations: a dense transformer for coarse structure gener-
ation and a hybrid sparse convolution-transformer network
for fine-grained latent editing.

Structure Flow Network. To generate the global 3D
structure, we employ the SparseStructureFlowEditNet,
which operates on dense voxel grids. Following the design
of Diffusion Transformers (DiT), the input 3D volume is
first tokenized via a patchify operation with a patch size
of 23, followed by a linear projection to the model dimen-
sion. We utilize absolute position embeddings (APE) to re-
tain spatial information. The core of the network consists of
a series of Modulated Tri-Attention Blocks. We incorpo-
rate adaptive layer normalization (adaLN) to inject timestep
information, modulating the normalized content via scale,
shift, and gate parameters.

Sparse Latent Flow Network. For the fine-grained edit-
ing of structured latents (Slat), we introduce the SlatFlow-
ModelEditNet. Recognizing the sparsity of high-resolution



Figure 1. More examples of generative data from text-guided local editing in our proposed Edit3D-Verse dataset.

3D data, this network adopts a hybrid U-Net architecture

that combines the efficiency of sparse convolutions with the
global modeling capabilities of transformers. The network
features a symmetric encoder-decoder structure with skip
connections:

• Encoder/Decoder: The encoding path comprises a series
of Sparse ResBlocks utilizing sparse convolutions, layer
normalizations, and SiLU activations. We employ sparse
strided convolutions for downsampling and sparse trans-
posed convolutions for upsampling.

• Middle Stage: The bottleneck processing is handled by
a stack of Sparse Modulated Tri-Attention Blocks, de-
signed to operate natively on sparse tensors to maximize
memory efficiency.

• Elastic Management: To handle varying memory loads
during training, we integrate an elastic mixing mechanism
that dynamically manages gradient flows.

Modulated Tri-Attention Mechanism. To effectively in-
tegrate multi-modal guidance—maintaining fidelity to the
source image while adhering to textual editing instruc-
tions—we introduce a specialized Tri-Attention mechanism
applied in both networks with domain-specific adaptations.
1) Dense Tri-Attention with KV-Composition. In the
dense structure network, we employ a KV-Composer mod-
ule to facilitate deep interaction between the visual and tex-
tual conditions before the attention operation. The KV-
Composer modulates the image context based on the text



Figure 2. More examples of generative data from text-guided global editing in our proposed Edit3D-Verse dataset.

prompts via an affine transformation supplemented by a
low-rank adaptation (LoRA) branch. This injects the se-
mantic editing intent directly into the visual keys and val-
ues. Subsequently, a learnable linear Mixer fuses the at-
tention outputs from both modalities, producing a residual
update that balances visual preservation and semantic mod-
ification.
2) Sparse Tri-Attention. For the sparse latent network, we
adopt a memory-efficient Late-Fusion Strategy. We com-
pute independent sparse cross-attention maps for image and
text conditions. Similar to the dense counterpart, a channel-
wise mixing layer aggregates these distinct attention flows,
generating a unified conditioning signal that guides the flow
matching process.

Initialization Details. We follow standard initialization
protocols for transformers. Crucially, to ensure training sta-
bility, we employ a zero-initialization strategy for the final
projection layers of the KV-Composer (LoRA branch), the
Mixer, and the adaLN modulation blocks. This ensures that
at the initial training stage, the complex multi-modal inter-
action modules behave as identity functions, progressively

learning the editing dynamics.

B.2. Training Details

Both the Structured Latent (Slat) and Sparse Structure (SS)
models are trained using the Flow Matching framework
with an Optimal Transport (OT) path. The objective is to
regress the vector field vt that transports the Gaussian noise
distribution to the data distribution, optimized via a standard
squared error loss. To bias training towards critical noise
levels, we sample time steps t from a Logit-Normal distri-
bution, using parameters µ = 1.0 for the Slat model to em-
phasize structure formation and µ = 0.0 for the SS model
to ensure balanced diffusion. Conditioning signals are de-
rived from DINOv2 (image) and CLIP (text) encoders, with
a 10% random dropout rate applied to enable Classifier-Free
Guidance (CFG) during inference.

Optimization is performed using the AdamW optimizer
with mixed-precision (FP16) for 1, 000, 000 steps at a learn-
ing rate of 1→ 10↑4. We employ adaptive gradient clipping
based on historical norms (max 2.0) to stabilize the train-
ing dynamics. Crucially, to address the significant memory
variance inherent in processing high-resolution sparse grids



Figure 3. Editing instruction prompts

Figure 4. Image generation prompts

(643), we implement an Elastic Memory Controller for the
Slat model. This mechanism dynamically adjusts the batch
workload in real-time to maintain a target GPU memory uti-
lization of 0.75, ensuring efficient distributed training with-
out out-of-Memory errors.

B.3. Evaluation Metrics

To thoroughly evaluate the quality of our generated 3D as-
sets, we employ a comprehensive set of metrics covering
geometry accuracy, visual fidelity, semantic alignment, and
distribution quality.

Geometry Accuracy. We assess the structural quality of
the generated meshes using the Chamfer Distance (CD).
Let Sg and Sr be the point clouds sampled from the gener-
ated mesh and the reference mesh, respectively. The sym-



Figure 5. Distribution of aesthetic scores in different action types.

Figure 6. Image examples from Edit3D-Verse with their corre-
sponding overall scores

Figure 7. 3D asset examples from Edit3D-Verse with their corre-
sponding overall scores

metric Chamfer Distance is defined as:

CD(Sg, Sr) =
1

|Sg|
∑

x↓Sg

min
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↑x↓y↑22+
1

|Sr|
∑

y↓Sr

min
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↑y↓x↑22,

(1)
where we sample N = 20, 480 points for each set. Lower
CD values indicate better geometric reconstruction.

Visual Fidelity and Identity. To evaluate appearance
preservation and perceptual quality compared to the source
reference, we utilize three metrics:
• SSIM: The Structural Similarity Index (SSIM) measures

the similarity between the rendered view x and the ground
truth y based on luminance, contrast, and structure:

SSIM(x, y) =
(2µxµy + C1)(2ωxy + C2)

(µ2
x + µ2

y + C1)(ω2
x + ω2

y + C2)
, (2)

where µ and ω
2 denote the mean and variance, and ωxy is

the covariance.
• LPIPS: To capture perceptual similarity closer to hu-

man judgment, we compute the Learned Perceptual Im-
age Patch Similarity (LPIPS). It measures the L2 distance
between deep features extracted from AlexNet:

LPIPS(x, y) =
∑

l

1

HlWl

∑

h,w

↑wl↔(εl(x)hw↓ε
l(y)hw)↑22,

(3)
where ε

l represents the feature map at layer l.
• DINO-I: To quantify high-level structural and identity

preservation, we calculate the cosine similarity between



Figure 8. Qualitative comparison with state-of-the-art methods. The first row displays the single input image used for inference. The
other rows show the results from baselines and our method. Note that Trellis, VoxHammer, and Ours display renders of the generated 3D
assets, whereas Hunyuan shows 2D image editing results. Our method achieves superior 3D consistency and fidelity to the input instruction
compared to both 2D-lifting (Trellis) and 2D-editing (Hunyuan) approaches.

DINOv2-Base features:

DINO-I(x, y) =
Edino(x) · Edino(y)

↑Edino(x)↑↑Edino(y)↑
. (4)

Higher DINO-I scores imply that the edited object retains
the core characteristics of the original asset.

Semantic Alignment. To ensure the edited results strictly
follow the text instructions, we calculate the CLIP-Score

(CLIP-T). This metric computes the cosine similarity be-
tween the embedding of the generated image I and the text
instruction T :

CLIP-T(I, T ) =
Eimg(I) · Etxt(T )

↑Eimg(I)↑↑Etxt(T )↑
, (5)

using the pre-trained CLIP-ViT-Base-Patch32 model.

Generative Distribution Quality. To assess the overall
quality and diversity of the generated distribution, as well as

temporal consistency for videos, we employ Fréchet-based
distances.

• FID: The Fréchet Inception Distance (FID) measures
the distance between the distribution of real images (pr)
and generated images (pg) in the feature space of Incep-
tionV3:

FID = ↑µr↓µg↑22+Tr
(
!r + !g ↓ 2(!r!g)

1/2
)
, (6)

where (µ,!) represent the mean and covariance of the
features.

• FVD: For video sequences, we utilize the Fréchet Video
Distance (FVD). Similar to FID, it computes the distribu-
tion distance but uses an I3D network trained on Charades
to capture spatiotemporal features, ensuring the temporal
coherence of the generated 3D rotations.



C. Comparison with SOTA Methods

To validate the versatility of BVE in handling both local
and global editing tasks, we benchmark it against TREL-
LIS, HUNYUAN, and VoxHammer[1]. VoxHammer rep-
resents the current state-of-the-art (SOTA) in training-free
approaches but relies heavily on edited reference images
and explicit mask inputs. Our results demonstrate that BVE
preserves exceptional consistency in non-edited regions, at-
tributed to the robust generative capabilities of the Edit-
FlowTransformer and the regularization provided by our
proposed mask loss. In contrast, VoxHammer operates via
inversion and attention manipulation within a fixed native
latent space. Consequently, it inherently lacks the capacity
to perform significant global spatial transformations. This
comparative analysis underscores the superior applicability
of our method: BVE achieves SOTA performance in both
local and global 3D editing with high fidelity, all while elim-
inating the need for user-provided masks.

D. Limitations and Future work

While our model demonstrates robust capabilities in 3D
editing, several limitations remain. First, regarding the
structured latent representation, we employ a two-stage
editing pipeline that initially generates the edited sparse
structures, followed by the synthesis of the associated lo-
cal latents. Compared to end-to-end approaches capable of
producing complete 3D assets in a single pass, our method
may exhibit lower inference efficiency. Second, the fidelity
of our results is heavily contingent upon the capabilities of
the underlying Image-to-3D backbone. Consequently, the
generated assets often exhibit a strong stylized appearance
inherited from the base model. Future improvements will
focus on integrating more robust foundation models and
enhancing generalization capabilities across diverse editing
scenarios. We leave these investigations for future work.



Figure 9. More results generated by with AI Prompts



Figure 10. More results generated by with AI Prompts
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