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Fig. 1. Our method learns feed-forward 3D editing without paired 3D supervision by distilling generative priors from foundation models, achieving high-fidelity
instruction-guided editing with cross-view consistency.

∗
These authors contributed equally to this work.

†
Corresponding authors.

‡
Project Lead.

Authors’ Contact Information: HaoWen, Beihang University, Beijing, China, wenhao1@

buaa.edu.cn; Weibin Yun, Beihang University, Beijing, China, 21377079@buaa.edu.cn;

Hongxing Fan, Beihang University, Beijing, China and Central University of Finance and

Economics, Beijing, China, fanhongxing@buaa.edu.cn; Haotian Lu, Beihang University,

Beijing, China, 23241121@buaa.edu.cn; Rui Chen, Beihang University, Beijing, China,

crbelen@buaa.edu.cn; Zehuan Huang, Beihang University, Beijing, China and VAST,

Beijing, China, huangzehuan@buaa.edu.cn; Lu Sheng, Beihang University, Beijing,

China and Beijing Key Laboratory of Intelligent Creative Content Generation and

Immersive Experience, Beijing, China, lsheng@buaa.edu.cn.

This work is licensed under a Creative Commons Attribution 4.0 International License.

SA Conference Papers ’26, Kuala Lumpur, Malaysia
© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2842-6/2026/12

https://doi.org/10.1145/3829340.3842352

Instruction-guided 3D editing is essential for interactive content creation,

yet it faces a significant bottleneck: the severe scarcity of high-quality paired

training data. Existing approaches attempt to bypass this by either relying

on slow test-time optimization or training on pseudo-pairs constructed via

complex pipelines, which often introduce structural drift and geometric

artifacts. In this paper, we propose a novel framework that learns feed-

forward 3D editing without paired 3D supervision via Generative Prior

Distillation. Instead of relying on ground-truth 3D pairs, our core idea is to

distill visual, semantic, and geometric knowledge from powerful foundation

models directly into a 3D editing model. Specifically, through a differen-

tiable rendering pipeline, we supervise the 3D representation using two

complementary signals: a 2D visual prior from an image editing model at

the main editing view, and a semantic prior from a Vision-Language Model

at novel views to ensure strict instruction following and source identity

preservation. Crucially, to address the geometric collapse and multi-view

inconsistencies inherent in 2D projection supervision, we introduce a 3D-

aware Distribution Matching regularization. Acting as a geometric prior,

this term operates in the 3D latent space, constraining the edited output to

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.

ar
X

iv
:2

60
9.

04
94

2v
1 

 [
cs

.C
V

] 
 4

 S
ep

 2
02

6

https://orcid.org/0000-0002-4586-9880
https://orcid.org/0009-0006-6137-5887
https://orcid.org/0009-0003-4525-8777
https://orcid.org/0009-0001-2643-2261
https://orcid.org/0009-0009-7448-4275
https://orcid.org/0009-0002-1883-0777
https://orcid.org/0000-0002-8525-9163
https://orcid.org/0000-0002-4586-9880
https://orcid.org/0009-0006-6137-5887
https://orcid.org/0009-0003-4525-8777
https://orcid.org/0009-0001-2643-2261
https://orcid.org/0009-0009-7448-4275
https://orcid.org/0009-0002-1883-0777
https://orcid.org/0000-0002-8525-9163
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3829340.3842352
https://arxiv.org/abs/2609.04942v1


2 • Wen et al.

remain within the manifold of realistic 3D assets defined by a pretrained

image to 3D teacher model. Extensive experiments demonstrate that our

method achieves superior instruction fidelity and cross-view consistency, sig-

nificantly outperforming state-of-the-art baselines. Our project is available

at: https://github.com/thiamine128/PriorEdit3D.

CCS Concepts: • Computing methodologies→ Computer vision; Arti-
ficial intelligence.

Additional Key Words and Phrases: 3D Editing, Generative Priors, Unpaired

Learning
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1 Introduction
Large-scale 3D generative models [Fan et al. 2026; Hong et al. 2024;

Wen et al. 2025; Wu et al. 2025b; Xiang et al. 2026, 2025; Zhao et al.

2025] have recently achieved strong geometric fidelity and visual

quality. However, most of them focus on direct generation from

text or image, with limited support for editable and interactive

control. This limits their practicality for real-world applications that

require flexible modification of existing 3D assets. Compared with

2D image editing, 3D editing is more challenging: a model must

not only follow editing instructions, but also preserve geometric

plausibility, maintain cross-view consistency in appearance and

semantics, and retain the global structural coherence of the original

asset. Crucially, training a feed-forward model to overcome these

challenges typically requires massive amounts of paired 3D data

(i.e., source and edited 3D assets), which is prohibitively scarce.

Due to the severe scarcity of ground-truth 3D editing pairs, early

methods circumvent the need for training data by employing test-

time optimization using 2D generative priors [Haque et al. 2023;

Sella et al. 2023], typically through Score Distillation Sampling

(SDS) [Poole et al. 2023; Tang et al. 2023; Wang et al. 2023]. While

SDS is effective for per-instance optimization, it is prone to view

inconsistency, over-saturation, and mode collapse, and its per-scene

optimization is prohibitively slow. Subsequent feed-forward ap-

proaches edit multi-view 2D images and reconstruct them into 3D

models [Bar-On et al. 2025; Qi et al. 2024]. However, independent

2D modifications lack strict spatial constraints, leading to error ac-

cumulation that inevitably causes cross-view inconsistencies and

geometric artifacts. To preserve geometric plausibility, recent works

utilize native 3D generative priors. Training-free native methods [Li

et al. 2026; Ye et al. 2026] manipulate 3D latents at test time; while

maintaining structural consistency, they suffer from slow latent

inversion and require cumbersome manual 3D masks. Conversely,

supervised native 3D editing models [Gat et al. 2026; Xia et al. 2026]

achieve fast and mask-free inference, but they fundamentally rely

on synthetic 3D pseudo-pairs. The construction of such paired data

inherently restricts the diversity of editing operations (often limiting

models to simple part addition, deletion, or replacement). Further-

more, these synthetic assets often exhibit structural drift, geometric

distortions, and artifacts, which severely bottleneck the models’

generalization and fidelity. Consequently, as summarized in table 1,

Table 1. Comparison of SOTA 3D editing paradigms. Our framework is
the first unpaired approach to achieve inversion-free and mask-free editing
in native 3D space. This is accomplished by distilling generative priors rather
than relying on pseudo-pairs.

Paradigm Representative Methods
Inv.-
free

Native
3D

No Paired
3D Data

Prior
Distill.

Mask-
free

Optimization Instruct-N2N, Vox-E ✗ ✗ ✓ ✓ ✓

2D Lifting Tailor3D, EditP23 ✓ ✗ ✓ ✗ ✓

Training-free VoxHammer, Nano3D ✗ ✓ ✓ ✗ ✗

Supervised 3DEditFormer, ShapeUP ✓ ✓ ✗ ✗ ✓

Unpaired

Distillation

PriorEdit3D (Ours) ✓ ✓ ✓ ✓ ✓

achieving scalable, fast, and robust 3D editing without paired super-

vision remains an unresolved challenge.

To address this problem, we present PriorEdit3D, a novel frame-

work that formulates unpaired 3D editing as a Generative Prior

Distillation process. Instead of relying on synthetic 3D pairs, our

core idea is to distill visual, semantic, and geometric knowledge from

powerful foundation models directly into a feed-forward 3D edit-

ing network. Specifically, at a given editing view, we differentiably

render the predicted 3D representation and supervise it with a high-

fidelity image generated by a 2D editing model [Wu et al. 2025a],

effectively distilling the 2D visual prior. To ensure the edit correctly

propagates to the entire 3D space, we render the representation

from novel views and introduce VLM-based semantic feedback [Bai

et al. 2023]. In these auxiliary views, the VLM serves as a semantic

prior, providing a dual-supervisory signal: (1) Instruction Following,
evaluating whether the target edit is successfully executed from

unseen angles, and (2) Identity Preservation, verifying that the edited
object retains its overall semantic identity and structural coherence

without unnatural distortions. Through differentiable rendering via

3D Gaussian Splatting [Kerbl et al. 2023], both visual and semantic

priors are backpropagated to optimize the 3D representation.

However, 2D distilled signals mainly constrain projections and

may still cause structural drift, geometric collapse, or multi-view ar-

tifacts. To address this, we introduce 3D-aware Distribution Match-

ing Distillation (DMD) [Yin et al. 2024a,b] as a geometric prior,

encouraging edited outputs to stay on the pretrained 3D manifold

while preserving editing semantics. We also curate a dataset and

evaluation setup for unpaired 3D editing.

In summary, our main contributions are:

• We propose PriorEdit3D, the first feed-forward 3D editing

framework without paired 3D supervision via Generative

Prior Distillation. By distilling 2D visual and VLM-based se-

mantic priors, it achieves fast, mask-free, and highly consis-

tent 3D manipulations.

• We introduce a 3D-aware distribution matching regulariza-

tion that anchors edited outputs to the pretrained 3D data

manifold, mitigating geometric collapse and cross-view in-

consistencies from 2D-only supervision.

• We curate a large-scale 2D editing dataset with a rigorous

evaluation protocol. Experiments show that our method pro-

duces accurate and plausible 3D edits, outperforming existing

SOTA methods.
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2 Related Work

2.1 3D Foundation Model
Recent advances increasingly favor native 3D generative models

built on compact structured latents. 3DShape2VecSet [Zhang et al.

2023] compresses 3D neural fields into sets of learnable latent vec-

tors, enabling Diffusion Transformers to model 3D data directly,

while CLAY [Zhang et al. 2024] scales this paradigm with a multi-

resolution VAE [Kingma and Welling 2014] and latent DiT [Peebles

and Xie 2023] for controllable text/image-conditioned asset creation,

further extending to high-resolution PBR textures via multi-view

diffusion [Cheng et al. 2025; He et al. 2025; Huang et al. 2025; Shi et al.

2024]. To achieve higher geometric fidelity at scale, recent methods

combine dataset/model scaling for mesh quality (TripoSG [Li et al.

2025]) with sparse/hierarchical representations (Direct3D-S2 [Wu

et al. 2025b]; Ultra3D [Chen et al. 2026]; XCube [Ren et al. 2024]) and

localized attention to mitigate quadratic costs on volumetric tokens.

A parallel line of research focuses on unifying 3D representations

and modalities through structured latents. TRELLIS [Xiang et al.

2025] introduces a unified Structured Latent that can be seamlessly

decoded into NeRF [Mildenhall et al. 2021], 3D Gaussians, or meshes,

mitigating cross-format incompatibilities. More recently, models

further co-encode geometry and appearance/material in a single

latent space: TRELLIS.2 [Xiang et al. 2026] proposes O-Voxel, an

omni-voxel latent jointly representing topology and PBR attributes

for generating fully textured assets with efficient mesh conversion,

and UniLat3D [Wu et al. 2026] unifies 3D Gaussians and meshes in

a shared VAE latent space for one-stage flow-based generation.

2.2 3D Editing
Early methods use Score Distillation Sampling (SDS) [Poole et al.

2023; Tang et al. 2023; Wang et al. 2023] to distill 2D diffusion editing

priors into 3D by optimizing rendered views toward the target in-

struction. Representativeworks such as Instruct-NeRF2NeRF [Haque

et al. 2023] and Vox-E [Sella et al. 2023] apply instruction- or text-

guided 2D edits to multi-view renderings and distill the edited sig-

nals back into NeRF or voxel representations via per-instance op-

timization. DreamEditor [Zhuang et al. 2023] supports localized

text-driven editing of neural fields, while SketchDream [Liu et al.

2024] enables sketch- and text-guided local 3D editing. Both rely

on localized per-instance optimization, whereas our method learns

a reusable feed-forward editor without test-time optimization. Re-

cent variants further improve this optimization-based paradigm

by correcting SDS gradients [Alldieck et al. 2024], preserving iden-

tity [Kim et al. 2025], exploiting 2D editing trajectories [Wang et al.

2024], enforcing cross-view correspondences [Zhu et al. 2026], or

operating in native 3D latent spaces [Parelli et al. 2026]. Despite

avoiding paired 3D supervision, these methods are slow and often

suffer from over-saturation, mode-seeking artifacts, and cross-view

inconsistency due to projection-level supervision. Vox-E [Sella et al.

2023] further lifts 2D diffusion-based editing into a voxel repre-

sentation, leveraging 3D regularization and 3D-aware attention

to improve cross-view consistency. To scale beyond per-instance

optimization, recent work constructs paired 3D editing data, but

typically requires non-trivial pipelines and strict quality control.

For example, 3DEditVerse [Xia et al. 2026] synthesizes ∼118K edit

Vision-Language Model
(Instruction Generation)

2D Editing Model
(Image Edit)

“Add three black whiskers to each
side of the face.”

Triplet

3D Model

Reject criteria:
Edit failed 
Background changed 
Unrealistic edit

SSIM Filter
√ Keep

× Discard

Sample 
From 

Dataset

Image

Vision-Language Model
(Filter)

Instruction Edited Image

Fig. 2. Automated dataset pipeline. Objaverse objects are rendered, edited
via Gemini3-Flash instructions and Qwen-Image-Edit, and filtered using
Qwen3-VL 32B and SSIM.

pairs via separate pose-driven geometry and text-guided appearance

pipelines, coupled with multi-view mask projection and filtering to

reduce failures. A related lifting-based paradigm builds 3D pairs by

independently reconstructing assets from 2D source/target images

and curating triplets. Native 3D Editing with Full Attention [Cai et al.

2025], built on Hunyuan3D 2.1 [Hunyuan3D et al. 2025], further

relies on manual inspection for instruction alignment and structure

preservation, yielding reliable supervision but limiting scalability.

Training-free methods avoid finetuning and edit directly in native

3D representations via inversion and trajectory stabilization, includ-

ing Free-Editor [Karim et al. 2024], VoxHammer [Li et al. 2026], and

AnchorFlow [Zhou et al. 2026]. Nano3D [Ye et al. 2026] leverages

training-free editing to automatically bootstrap large-scale paired

3D editing datasets.

3 Method
In this section, we present PriorEdit3D, a feed-forward 3D editor

trained without paired 3D supervision by distilling (i) pixel-edit loss

from a strong 2D editing teacher, (ii) VLM-based semantic feedback,

and (iii) DMD-based prior regularization to keep the edited results

on a pretrained 3D manifold.

Problem formulation. Let Asrc be the source 3D asset with

UniLat3D latent 𝑥src [Wu et al. 2026]. Given a canonical camera

pose 𝜋0, we render the source view as 𝐼
𝜋0
src

= R(Asrc, 𝜋0). As shown
in Fig. 3, a pretrained 2D editor takes 𝐼

𝜋0
src

and an instruction 𝑑 to

produce the target view 𝐼
𝜋0
tgt
, which serves as the image condition c.

Our goal is to learn a feed-forward 3D editor 𝐺𝜃 that predicts the

edited latent 𝑥0 =𝐺𝜃 (𝑥src, c). We further render two nearby novel

views {𝜋𝑖 }2𝑖=1 for VLM-based semantic and consistency feedback.

Student and teacher architectures. The student editor is

initialized from pretrained UniLat3D. At timestep 𝑡 , the noisy editing

tokens 𝑥𝑡 ∈ R𝐵×𝑁×𝐶
are concatenated with the clean source tokens

𝑥src ∈ R𝐵×𝑁×𝐶
:

𝑥𝑡 = Concattoken

(
𝑥𝑡 , 𝑥src

)
∈ R𝐵×2𝑁×𝐶 . (1)

Only 𝑥𝑡 is denoised, while 𝑥src remains fixed across timesteps as

source context. The student predicts 𝑣𝜃 (𝑥𝑡 , 𝑡, c). In contrast, the

DMD teacher 𝐺real is the frozen pretrained UniLat3D conditioned

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.
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𝐼𝐼src
𝜋𝜋1 𝐼𝐼pred

𝜋𝜋1You are given two images. < > < >…
Q: Does …apply the editing instruction {edit_inst}?

𝐼𝐼src
𝜋𝜋2 𝐼𝐼pred

𝜋𝜋2

Q: Besides {edit_inst}... is the identity preserved?
You are given two images. < > < > …

Fig. 3. Training framework of PriorEdit3D. Given a source 3D latent and an instruction-conditioned edited image, the editor predicts an edited UniLat3D
latent, which is rendered and optimized with pixel-level 2D supervision, VLM-based semantic/view feedback, and DMD-based 3D prior regularization.

only on c, without the source-token branch, and serves as the pre-

trained 3D prior during training.

3.1 Dataset Construction
As shown in Fig. 2, we build a large-scale 2D editing dataset to train

our unpaired 3D editing model without paired 3D supervision.

Source Data and Instruction-Guided 2D Editing. We render

canonical frontal views of 73,451 Objaverse objects, generate editing

instructions with Gemini3-Flash [Google DeepMind 2025], and ap-

ply them using Qwen-Image-Edit-2511-Lightning [ModelTC 2026],

resulting in candidate source-edited-instruction triplets.

Automated Curation and Quality Filtering. Since 2D editing

models may fail to follow instructions, introduce artifacts, or modify

unintended regions, we build a hybrid filtering pipeline to improve

supervision reliability. We use Qwen3-VL as a multimodal judge to

remove triplets with editing failures, background corruption, subject

cropping, or semantic implausibility. In addition, we discard source-

edited pairs with SSIM > 0.995, which usually indicates trivial or

ineffective edits.

Taxonomy and Dataset Statistics. After curation, the final

dataset contains 73,121 high-quality editing instances and 150,482

annotated operations, as one instance may include multiple edits,

see Appendix E for more details. The operations are grouped into

part-level and global-level edits:

• Part-level edits: addition (46,472), removal (22,194), replace-

ment (31,241), shape/stylemodification (1,774), and colormod-

ification (27,868).

• Global-level edits: pose/style/shape changes (10,744), such
as pose or proportion changes and stylization, and texture

changes (10,189), which modify appearance without changing

geometry.

3.2 2D Supervision via Differentiable Rendering
Given a source latent 𝑥src and an editing condition c, we do not have
paired 3D ground-truth supervision, i.e., no target 3D latent 𝑥tgt is

available for (𝑥src, c). Instead, we train the student 3D editor using

2D supervision signals defined on rendered images. Concretely, the

editor generates an edited latent 𝑥0, which is rendered by a frozen

differentiable renderer R; all 2D losses are then backpropagated

through R to update the editor. We obtain 𝑥0 by integrating a short

reverse trajectory parameterized by the student velocity field 𝑣𝜃 (·).
We fix a decreasing timestep schedule {𝑡𝑖 }𝑁𝑖=0 with 𝑡𝑁 > · · · >
𝑡0 = 0 and initialize 𝑥𝑡𝑁 = 𝜖 , 𝜖 ∼ N(0, 𝐼 ). At each iteration, we

uniformly sample an exit index 𝑠 ∈ {𝑠min, . . . , 𝑠max}, form 𝑥𝑡𝑖 =

Concattoken (𝑥𝑡𝑖 , 𝑥src) at every step, and integrate the reverse time

dynamics using a first-order Euler discretization:

𝑥𝑡𝑖−1 = 𝑥𝑡𝑖 − (𝑡𝑖 − 𝑡𝑖−1) 𝑣𝜃
(
𝑥𝑡𝑖 , 𝑡𝑖 , c

)
, 𝑖 = 𝑁, . . . , 𝑠 + 1, (2)

𝑥0 = 𝑥𝑡𝑠 − 𝑡𝑠 𝑣𝜃
(
𝑥𝑡𝑠 , 𝑡𝑠 , c

)
. (3)

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.
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To control backpropagation cost, the prefix updates in Eq. (2) are

executedwith gradient stopped, andwe only backpropagate through

the final jump in Eq. (3).

Pixel-level edit loss. Weprovide dense supervision for the 3D

editor on the edit view 𝜋0 using a 2D teacher. Specifically, the teacher

supplies a view-specific edited target image 𝐼
𝜋0
tgt

that represents the

desired edited appearance under 𝜋0. Given the edited latent 𝑥0, a

differentiable 3DGS renderer R outputs the rendered RGB image

and opacity map (𝐼𝜋0
pred

,𝑂
𝜋0
pred
) = R(𝑥0;𝜋0) with 𝑂𝜋0

pred
∈ [0, 1]𝐻×𝑊 .

Optionally, we use a binary foreground mask 𝑀𝜋0 ∈ {0, 1}𝐻×𝑊
(extracted via rembg [Gatis 2026]) to indicate the valid object region

in the image plane. Mask is not required at inference, so our method

remains mask-free in deployment. Our pixel-level objective consists

of three terms: (i) a masked ℓ1 reconstruction loss that matches the

teacher reference within the foreground, (ii) an opacity regulariza-

tion that suppresses spurious density outside the foreground region,

and (iii) a perceptual similarity term based on LPIPS:

Lpixel =




𝑀𝜋0 ⊙
(
𝐼
𝜋0
pred
− 𝐼𝜋0

tgt

)



1

+ 𝜆fg



(1 −𝑀𝜋0 ) ⊙ 𝑂𝜋0

pred





1

+ 𝜆lpips LPIPS
(
𝐼
𝜋0
pred

, 𝐼
𝜋0
tgt

)
.

(4)

The first term enforces pixel-wise consistency with the teacher in

the foreground. The second term penalizes non-zero opacity outside

the foreground mask, discouraging floating artifacts. The third term

improves perceptual fidelity by matching high-level visual features.

VLM-based semantic feedback. Pixel losses supervise only

paired views, leaving unseen views prone to view-dependent overfit-

ting, geometric degradation, or texture inconsistency. We therefore

use a frozen VLM as a semantic judge [Kumari et al. 2026] with two

complementary binary questions: Instruction Following (IF) on
side view 𝜋1 asks “Does the edited rendering follow the instruction?”,
while Identity Preservation (IP) on back view 𝜋2 asks “Is the object
identity preserved in this view?”. This provides view-aware semantic

supervision beyond the conditioning view, improving instruction

alignment and back-side consistency.

Given the source latent 𝑥src and the edited latent 𝑥0, we render

𝐼𝜋
src

= R(𝑥src;𝜋) and 𝐼𝜋
pred

= R(𝑥0;𝜋) under 𝜋 ∈ {𝜋1, 𝜋2}. We as-

sociate each task with a dedicated view–prompt pair: (𝜋IF,PIF) =
(𝜋1,PIF (𝑑)) and (𝜋IP,PIP) = (𝜋2,PIP), where PIF (𝑑) is conditioned
on the instruction𝑑 , andPIP is a fixed preservation template (cf.fig. 3).

We directly read the answer tokens (“Yes”/“No”) from the VLM’s

language head, convert their logit difference to a probability via

sigmoid, and minimize the negative log-likelihood:

(𝑜Yes
𝑡𝑎𝑠𝑘

, 𝑜No
𝑡𝑎𝑠𝑘
) = VLMlogits

(
𝐼
𝜋𝑡𝑎𝑠𝑘
src

, 𝐼
𝜋𝑡𝑎𝑠𝑘
pred

, P𝑡
)
, 𝑡𝑎𝑠𝑘 ∈ {IF, IP},

Lvlm =
∑︁

𝑡𝑎𝑠𝑘∈{IF,IP}
− log𝜎

(
𝑜Yes
𝑡𝑎𝑠𝑘
− 𝑜No

𝑡𝑎𝑠𝑘

)
.

(5)

The VLM remains frozen, with gradients propagated through the

image inputs and differentiable renderer to update only the student.

3.3 3D Distribution Matching Regularization
Single-view supervision weakly constrains 3D geometry: edits may

match the target view but suffer from texture drift, shape distor-

tion, or collapse from novel viewpoints. To mitigate this, we intro-

duce Distribution Matching Distillation (DMD), using the original

pretrained UniLat3D as the frozen 3D prior teacher 𝐺real. Unlike

the source-conditioned student in Eq. (1), the teacher operates on

(𝑥𝑡 , 𝑡, c) without receiving 𝑥src, where c = 𝐼𝜋0tgt follows UniLat3D’s
original image-conditioning interface.

Conditioned on (𝑥src, 𝑐), the 3D editor produces an edited latent

sample 𝑥0. To stabilize training, we first perform an identity warm-

up stage using only unedited data. Specifically, we set the condition

to the original image 𝑐 = 𝐼
𝜋0
src

and enforce the identity mapping

𝐺𝜃 (𝑥src, 𝐼𝜋0src) = 𝑥src. In edit stage training, we form 𝑥0 noised state

at time 𝑡 ∈ (0, 1] by

𝑥𝑡 = (1 − 𝑡)𝑥0 + 𝑡𝜖, 𝜖 ∼ N(0, 𝐼 ) . (6)

At the same state (𝑥𝑡 , 𝑡, c), the frozen teacher provides a prior

velocity 𝑣real (𝑥𝑡 , 𝑡, c), which indicates the update direction that stays
close to the pretrained 3D data manifold.

Directly matching 𝑣real may over-contract the student distribution

and cause mode collapse. Following DMD, we introduce a fake

denoiser 𝐹𝜙 to estimate the student velocity field induced by 𝐺𝜃 ,

denoted as 𝑣fake (𝑥𝑡 , 𝑡, c).
Comparing the teacher velocity and the fake velocity provides a

distribution-matching signal. The difference (𝑣real − 𝑣fake) combines

(i) an attraction term toward the pretrained prior and (ii) a self-

distribution term that prevents over-contraction. Under the DMD

formulation, this velocity difference corresponds to the gradient of

the KL divergence between the student distribution and the teacher

prior. The KL-gradient term becomes

∇𝜃𝐷KL = E𝜖,𝑡

[
−
(
𝑣real (𝑥𝑡 , 𝑡, c) − 𝑣fake (𝑥𝑡 , 𝑡, c)

)
· 𝜕𝑥

0

𝜕𝜃

]
, (7)

where 𝜕𝑥0/𝜕𝜃 is obtained by backpropagating through the differ-

entiable generation steps.

We train 𝐹𝜙 using a standard flow-matching regression objective

on samples 𝑥0 from the current student distribution. Under the

velocity parameterization, the target velocity is 𝑣 = 𝜖 − 𝑥0, and we

minimize

Lfake = E𝑥0,𝜖,𝑡



𝐹𝜙 (𝑥𝑡 , 𝑡, c) − 𝑣

2
2
. (8)

Finally, the editor is optimized with

L = Lpixel + 𝜆vlmLvlm + 𝜆DMDLDMD . (9)

We alternate updates between the editor 𝐺𝜃 and the fake model

𝐹𝜙 following the training schedule described in Appendix G.

4 Experiments

4.1 Experimental Setup
Datasets. We train our model using the curated dataset described

in section 3.1. For in-distribution evaluation, we construct a held-out

test set of 130 representative samples, balanced across 3D assets

and editing types. To assess out-of-distribution generalization, we
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Source Model

Ours

Editp23

Instant3dit

3DEditFormer

VoxHammer

Replace the current cactus 
with a barrel cactus

Add a wooden staff to 
the figure's right hand

Replace her orange hair 
with black hair

Add a bone club to the 
character's right hand

Remove the two circular ear-
like protrusions from the hood

Edited Image

Nano3D

Fig. 4. Qualitative comparison between our method and SOTA methods, including EditP23 [Bar-On et al. 2025], Instant3DiT [Barda et al. 2025], 3DEdit-
Former [Xia et al. 2026], VoxHammer [Li et al. 2026], and Nano3D [Ye et al. 2026].

further build test sets from Amazon Berkeley Objects (ABO) and

Google Scanned Objects (GSO) with manually constructed instruc-

tions. In total, our evaluation includes 130 curated samples, 236 ABO

samples, and 239 GSO samples.

Implementation Details. We build on UniLat3D with Qwen3-

VL-4B as the frozen VLM feedback model, and adapt the generator

into an editor via token-concatenation conditioning. Training uses

AdamW (𝑙𝑟 = 10
−5, 𝛽1 = 0.0, 𝛽2 = 0.9) for 18K iterations on 8 A100

GPUs, with 10 fake-model updates per editor step. Inference takes

20 sampling steps on a single A100 GPU.

Evaluation. For fair comparison, all 3D assets are aligned to a

unified coordinate system and rendered with Blender Cycles at 512×
512 resolution. For image-based metrics, we use three fixed views:

front, back, and an angled conditional view. To evaluate multi-view

consistency, we additionally render 24-frame 360
◦
turntable videos

at 8 FPS. For methods that require 3D editing masks (VoxHammer

and Instant3DiT), we manually annotate 3D editing regions on our

dataset to ensure a fair evaluation.

Metrics. We evaluate three aspects: edited-image alignment us-
ing PSNR, SSIM, and LPIPS between the 2D edited image and the

rendered 3D output from the same view; overall 3D quality using

FID [Heusel et al. 2017] and FVD [Unterthiner et al. 2018] on multi-

view renderings; and condition alignment using CLIP-T [Radford

et al. 2021] and Qwen2.5-VL-72B-Instruct [Bai et al. 2025] scores for

identity preservation (LLM-Id, %) and instruction following (LLM-

Inst, %). Details are in Appendix A.

4.2 Main Results
As shown in Fig. 4, Fig. 5 and Fig. 6, we compare PriorEdit3D with

EditP23, Instant3DiT, 3DEditFormer, and VoxHammer across di-

verse editing scenarios. The qualitative results align with Table 2:

PriorEdit3D achieves the best overall performance, with higher
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Table 2. Main quantitative comparison across different evaluation datasets. We report edited-image alignment, overall 3D quality, condition alignment, and
runtime per edit on a single A100 GPU.

Edited Image Alignment Overall 3D Quality Condition Alignment

Method PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ FVD ↓ CLIP-T ↑ LLM-Id

(%)↑
LLM-Inst

(%)↑ Runtime

PriorEdit3D

EditP23 [Bar-On et al. 2025] 16.74 0.87 0.19 184.51 286.72 0.29 82.52 64.71 18 s

Instant3DiT [Barda et al. 2025] 15.45 0.86 0.20 229.47 328.24 0.23 40.09 25.22 20 s

3DEditFormer [Xia et al. 2026] 18.89 0.89 0.15 167.85 220.91 0.28 86.31 53.39 74 s

VoxHammer [Li et al. 2026] 16.87 0.87 0.17 179.22 359.50 0.27 76.54 51.74 133 s

Nano3D [Ye et al. 2026] 19.90 0.91 0.07 103.50 189.93 0.21 85.35 60.37 14s

Ours 24.37 0.94 0.12 71.96 195.77 0.31 93.13 86.92 7 s

ABO & GSO

EditP23 [Bar-On et al. 2025] 19.13 0.89 0.10 143.31 224.74 0.14 64.64 11.90 –

3DEditFormer [Xia et al. 2026] 17.31 0.88 0.15 127.54 197.22 0.18 83.99 67.86 –

Nano3D [Ye et al. 2026] 18.39 0.87 0.10 121.66 270.86 0.20 83.50 63.26 –

Ours 20.59 0.89 0.13 117.11 168.78 0.23 91.14 68.41 –

Source Model

Ours

Editp23

3DEditFormer

Replace the beige upholstered 
headboard with a dark wood 
headboard.

Add two patterned throw 
pillows to the sofa.

Add a small decorative 
throw blanket draped over 
one end of the cushion.

Replace the round knobs 
with polished chrome 
bar handles.

Replace the light grey fabric 
with a dark blue velvet.

Edited Image

Nano3D

Fig. 5. Qualitative results on ABO dataset.

edited-image alignment, better 3D quality, stronger condition align-

ment, and improved identity preservation.

Existing methods struggle to balance editing fidelity and struc-

tural consistency. Lifting-based EditP23 often over-smooths geome-

try and removes unedited details, such as the character’s face in the

bone club case. Instant3DiT produces severe artifacts and unstable

topology, as seen in the corrupted barrel cactus and collapsed blocky

hair. Native 3D editors show different limitations. 3DEditFormer pre-

serves source identity but overly constrains new geometry, failing

to generate the barrel cactus or add the wooden staff. VoxHammer

preserves unedited regions through latent replacement, but relies

on precise manual 3D masks and rigid spatial anchoring. As a result,

it suffers from boundary artifacts and clipping when edits change

the footprint, such as the incomplete bone club and clipped wooden
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Source Model

Ours

Editp23

3DEditFormer

Replace the black body of 
the console with a red one

Replace the two red onion 
slices with two slices of 
wooden avocado

Remove the mushrooms 
from the base.

Replace the large yellow 
sphere with a stack of 
golden brown pancakes

Replace the red band 
with a green silk ribbon

Edited Image

Nano3D

Fig. 6. Qualitative results on GSO dataset.

staff, and cannot handle global transformations such as pose or

major shape changes. Nano3D maintains relatively stable global

geometry, but its edits are often incomplete or weakly localized,

causing poor object attachment, residual artifacts after part removal,

and partial appearance changes such as incomplete hair recoloring.

In contrast, our method achieves precise localized edits while

preserving global geometry, multi-view consistency, and unedited

regions, yielding fewer artifacts, better structural/texture consis-

tency, stronger instruction following, and less identity drift. As

shown in Table 2, PriorEdit3D edits a 3D asset in 7 seconds via an

inversion-free feed-forward pipeline, much faster than the baselines.

4.3 Ablation Study
4.3.1 Impact of Loss Term. Table 3 and Fig. 7 show that our losses

are complementary. Pixel supervision anchors conditioning-view fi-

delity and source identity, DMD improves 3D realism and cross-view

consistency, and VLM feedback strengthens semantic alignment in

novel views. The leave-one-out variants further show that VLM

guidance cannot replace dense pixel supervision. Raw UniLat3D

preserves texture consistency but fails to retain source geometry.

4.3.2 Impact of VLM Backbone. We study the effect of different

VLM backbones used for semantic feedback during training. All

variants share the same prompt template and training configuration;

only the VLM backbone is varied. As shown in Table 4, the 4B

VLM slightly outperforms the 2B variant, suggesting more accurate

semantic feedback.

4.3.3 Impact of VLM Prompt Feedback. We ablate the VLM prompt

used for semantic feedback during training. All variants use the

Table 3. Ablation study of loss terms. We compare pixel reconstruction loss,
VLM loss, DMD loss, and additional leave-one-out ablations.

Loss Terms Edited Image Align Overall 3D Quality Condition Alignment

Pixel DMD VLM PSNR ↑ SSIM ↑ LPIPS ↓ FID↓ FVD↓ CLIP-T↑ LLM-Id

(%)↑
LLM-Inst

(%)↑

✓ ✗ ✗ 24.00 0.94 0.12 78.90 307.58 0.30 88.35 80.38

✓ ✗ ✓ 23.21 0.93 0.12 75.13 211.08 0.31 90.10 86.92
✓ ✓ ✗ 24.45 0.94 0.12 73.67 193.44 0.30 90.92 83.46

✗ ✓ ✓ 20.99 0.91 0.14 94.11 197.79 0.30 88.29 86.92
✓ ✓ ✓ 24.37 0.94 0.12 71.96 195.77 0.31 93.13 86.92

Table 4. Impact of VLM backbone on 3D editing performance.

VLM Backbone
Edited Image Align Overall 3D Quality Condition Alignment

PSNR (M)↑ SSIM (M)↑ LPIPS (M)↓ FID↓ FVD↓ CLIP-T↑ LLM-Id

(0–100)↑
LLM-Inst

(%)↑

Qwen3-VL-2B 24.26 0.94 0.12 74.34 195.90 0.30 91.50 85.77

Qwen3-VL-4B 24.37 0.94 0.12 71.96 195.77 0.31 93.13 86.92

same VLM backbone and training setup, varying only the prompt

strategy. As Table 5 shows, with only the edit fidelity prompt or the

identity prompt, they perform worse than the full model in terms

of condition alignment. While using the identity-only prompt can

improve overall 3D quality, it performs slightly worse in instruction

following compared to the pure edit fidelity prompt.

4.3.4 VLM Metric Backbone. With Qwen2.5-VL-72B as the default

evaluator, we also use Gemini3-Flash and GPT-5.4 to re-compute

LLM-Id and LLM-Inst. Fig. 8 shows that our method consistently

ranks first across all three VLM judges.
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Source Model

Full

w/o VLM

w/o VLM, DMD

UniLat3D

Remove the cap 
from the pouch

Replace the white exterior 
walls with a light wood 

cladding

Replace the white 
color with a soft 

pastel pink

Add white spots to 
the red mushroom 

cap

Edited Image

Replace the main red 
body with a dark 

metallic grey

w/o DMD

w/o Pixel

Fig. 7. Qualitative ablation results. We compare our full method with variants w/o VLM, w/o DMD, w/o Pixel, w/o both VLM and DMD, and direct
conditional generation (UniLat3D). Red circles highlight failures: removing VLM degrades non-edited views; removing DMD causes geometric inconsistencies;
removing pixel supervision weakens edit fidelity; removing both VLM and DMD causes severe collapse; and UniLat3D fails to preserve source geometry. Our
full model ensures accurate edits and 3D consistency.

Qwen2.5-VL-72B Gemini-3 Flash GPT-5.4
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80.1
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75.4
83.2
89.4

Qwen2.5-VL-72B Gemini-3 Flash GPT-5.4

LLM-Inst (%) 

25.2
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53.4
64.7

86.9

36.5

65.0
70.9

84.6
90.4

38.1

63.4
65.5
80.0
88.1

EditP23 Instant3DiT 3DEditFormer VoxHammer Ours

Fig. 8. VLM Evaluation with different judge backbones: Qwen2.5-VL-72B, Gemini-3
Flash, and ChatGPT 5.4.

Inst. Follow. Identity Pres. 3D Quality
& Consist.
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Fig. 9. User Study Results. Average human ratings on a 1-5 scale.
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(a) Text and fine detail
Source Target Front view Back view Side view

(b) Dense instances

(c) Occluded instances

Fig. 10. Representative failure cases.

Table 5. Impact of VLM prompt strategy on 3D editing performance.

Prompt Strategy
Edited Image Align Overall 3D Quality Condition Alignment

PSNR (M)↑ SSIM (M)↑ LPIPS (M)↓ FID↓ FVD↓ CLIP-T↑ LLM-Id

(0–100)↑
LLM-Inst

(%)↑

Edit fidelity only 23.10 0.93 0.12 80.28 211.90 0.31 90.21 83.85

Identity only 24.33 0.94 0.12 71.77 187.01 0.30 91.94 82.31

Full 24.37 0.94 0.12 71.96 195.77 0.31 93.13 86.92

4.4 User Study
We conduct a user study against four SOTA baselines. Each of the

50 participants evaluates 20 randomly sampled editing scenarios. In

each trial, participants view the source 360
◦
video, text instruction,

2D edited image, and anonymized results from all five methods in

randomized order. They rate each result on a 1–5 Likert scale for In-

struction Following, Identity Preservation, and 3D Quality and Con-

sistency. As shown in Fig. 9, our method achieves the highest ratings

across all criteria. It outperforms mask-based VoxHammer in Iden-

tity Preservation and 3D Quality, demonstrating the effectiveness

of prior distillation and 3D distribution matching regularization.

4.5 Limitation
While effective, our method has several limitations. As shown in

Fig. 10, it struggles with fine-grained edits such as precise text

and dense or small instances, as global consistency is prioritized

over high-frequency details. Non-edited regions may still exhibit

unintended texture or geometric drift. Errors from the pretrained

2D editor may also propagate to the reconstructed 3Dmodel. Finally,

the method is constrained by the UniLat3D prior and differentiable

rendering, making large pose or topology changes difficult and

limiting compatibility with non-differentiable 3D architectures.

5 Conclusion
In this work, we present a novel framework PriorEdit3D for 3D

editing that eliminates the need for paired 3D supervision. By dis-

tilling pixel-level guidance from a pretrained 2D editing model and

semantic supervision from a Vision-Language Model, our method

learns a feed-forward 3D editor entirely from unpaired 3D data. To

mitigate the geometric collapse and multi-view inconsistencies that

arise from 2D-only supervision, we further introduce a 3D-aware

Distribution Matching regularization that constrains edited outputs

to lie on the manifold of realistic 3D assets. Extensive experiments

demonstrate that our approach outperforms existing baselines in

both instruction fidelity and cross-view consistency, validating the

effectiveness of generative prior distillation as a scalable alternative

to paired data collection for 3D editing.
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A LLM Evaluation Metric Prompts
We detail the prompt templates used for the two VLM-based evalu-

ation metrics introduced in Section 4.1.

LLM-Id (Identity Preservation). To evaluate identity preservation,

we independently compare the front views and the back views of

the source and edited 3D assets. For each view pair (e.g., source front

and edited front), we query the VLM with the following prompt and

calculate the average of the two scores:

LLM-Id Prompt Template

You are evaluating visual quality of a 3D edited object.
You are given: - Image 1: Rendering of the original
3D model (before editing). - Image 2: Rendering of
the edited 3D model (after editing). Question: Is
the object edited keeping the original model’s style
and preserving its identity? IGNORE the changes in
the second image because of the editing instruction
‘{instruction}’. Provide a score from 0 to 100. Answer
strictly with an integer number between 0 and 100. Do
not explain.

LLM-Inst (Instruction Following). To evaluate instruction follow-

ing, we independently assess the front and conditional views of the

edited asset. We provide the VLM with a single rendered view at a

time along with the editing instruction, querying the VLM with:

LLM-Inst Prompt Template

You are evaluating visual quality of a 3D edited
object. You are given: - Image: Rendering of the
edited 3D model (after editing). Question: Does edited
object successfully apply the editing instruction
‘{instruction}’? Answer strictly with "Yes" or "No".
Do not explain.

For the LLM-Inst metric, we map the VLM’s “Yes” and “No” re-

sponses to 1 and 0, respectively. The final score is calculated as the

average success rate across both the front and conditional views for

all test assets, reported as a percentage.

B Distribution Matching Distillation Formulation
We provide the formulation of the Distribution Matching Distilla-

tion (DMD) objective used in our framework. Let 𝑝𝜙 (𝑥) denote the
pretrained 3D generative prior (teacher) over realistic 3D latents,

and let 𝑞𝜃 (𝑥) denote the distribution induced by our 3D editing

model (student). Our goal is to align the edited latent distribution

with the pretrained prior by minimizing the reverse KL divergence

LDMD = 𝐷KL

(
𝑞𝜃 (𝑥) ∥ 𝑝𝜙 (𝑥)

)
. (10)

Although the densities of 𝑞𝜃 and 𝑝𝜙 are intractable, we only need

the gradient of Eq. (10) with respect to 𝜃 . Following the original

DMD derivation, this gradient can be written as

∇𝜃LDMD = E𝑥∼𝑞𝜃

[(
∇𝑥 log𝑞𝜃 (𝑥) − ∇𝑥 log 𝑝𝜙 (𝑥)

) 𝜕𝑥
𝜕𝜃

]
, (11)

which shows that optimization is driven by the difference between

the score of the student distribution and that of the teacher distri-

bution.

Directly evaluating Eq. (11) is difficult, since diffusion models

estimate scores on perturbed distributions rather than on the clean

data distribution itself. FollowingDMD,we therefore inject Gaussian

noise into the student sample. Given a clean latent 𝑥 ∼ 𝑞𝜃 , we

sample a timestep 𝑡 and Gaussian noise 𝜖 ∼ N(0, 𝐼 ), and construct

the perturbed latent

𝑥𝑡 = 𝛼𝑡𝑥 + 𝜎𝑡𝜖, (12)

where 𝛼𝑡 and 𝜎𝑡 are determined by the diffusion noise schedule.

We use two diffusion denoisers to approximate the score functions

on the perturbed distributions. The real denoiser is a frozen copy of

the pretrained teacher prior and provides the score of the perturbed

teacher distribution. The fake denoiser is trained to model the score

of the perturbed student distribution. With a slight abuse of nota-

tion, we denote the corresponding score estimators by 𝑠𝜙 (𝑥𝑡 , 𝑡) and
𝑠𝜓 (𝑥𝑡 , 𝑡), respectively. The practical DMD gradient is then approxi-

mated as

∇𝜃LDMD ≈ E𝑥∼𝑞𝜃 , 𝑡, 𝜖

[
𝑤 (𝑡)

(
𝑠𝜓 (𝑥𝑡 , 𝑡) − 𝑠𝜙 (𝑥𝑡 , 𝑡)

) 𝜕𝑥
𝜕𝜃

]
, (13)

where𝑤 (𝑡) is a timestep-dependent weighting factor used to balance

gradients across noise levels.

The teacher score estimator 𝑠𝜙 is fixed throughout training. Since

the student distribution 𝑞𝜃 changes as the editor is updated, the fake

diffusion model must be trained online to track the current student

distribution. Following the original DMD formulation, we optimize

the fake model with a standard diffusion denoising objective:

Lfake = E𝑥∼𝑞𝜃 , 𝑡, 𝜖
[
𝜆(𝑡)



𝜇𝜓 (𝑥𝑡 , 𝑡) − 𝑥

2
2

]
, (14)

where 𝜇𝜓 (𝑥𝑡 , 𝑡) denotes the denoised prediction of the fake diffusion
model, and 𝜆(𝑡) is the same timestep weighting strategy as used in

diffusion training.

In practice, training alternates between two updates: (i) updat-

ing the editor parameters 𝜃 using the score-difference signal in

Eq. (13), and (ii) updating the fake diffusion model parameters 𝜓

using Eq. (14). This procedure encourages the edited latent distri-

bution to move toward the pretrained 3D prior while continuously

correcting for the evolving student distribution.

C More Results
Figure 11 presents additional qualitative results across diverse edit-

ing operations, including part addition, removal, and material re-

placement. Our method successfully executes precise local edits

while preserving the unedited regions. Furthermore, we highly en-

courage readers to refer to the attached supplementary webpage,
which provides 360

◦
multi-view rendered videos to better demon-

strate the structural integrity and cross-view consistency of our

edited 3D assets.

D Comparison with VoxHammer
To compare our method with VoxHammer, we evaluate our method

on samples from Edit3D-Bench. Figure 12 presents qualitative results

on representative samples from Edit3D-Bench. Since our method is

designed to operate under view-conditioned image editing inputs

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.
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Add a simple wooden door at 
the bottom center of the house.

Instruction Source Model Edited Image

Replace the existing nozzle 
caps with chrome-plated 

ones.

Replace the purple crossguard 
with a polished gold one.

Edited Model

Add a small, red bow tie 
around its neck.

Replace the grey hooded cowl 
with a black, slightly torn one.

Replace the dark wooden 
texture with a lighter, 

polished oak finish.

Remove the glasses from 
the character's face.

Fig. 11. More results.

rather than the original benchmark setting, we render a novel view

for each sample and regenerate the edited image from that view as

the input to our pipeline. The results show that our method achieves

competitive editing quality while better preserving structural con-

sistency across views, without requiring manually annotated 3D

masks.

E Dataset Statistics
To evaluate our model across diverse scenarios, our dataset encom-

passes a broad spectrum of 3D object modifications. We categorize

the editing instructions into several primary types based on the

nature of the edits:

• Part-level Editing

– Addition(46472): Add a part to the object (e.g., “Add a win-

dow to the wall”, “Add a plate on the table”)

– Removal(22194): Remove a certain part from the object (e.g.,

“Remove the glasses from the boy”, “Remove the liquid from

the cup”)

– Replacement(31241): Replace a part into another one (e.g.,

“Replace the button on the panel with a lever”, “Replace the

trouser with a skirt”)

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.
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Source Model

Ours

Instant3dit

VoxHammer

Replace the turtle head 
with a dog head 

Replace the yellow 
lizard with a frog

Remove the house roof with 
a pumpkin-shaped roof

Edited Image

Edited Image

Replace the pink 
flowers with roses

Replace the lamp cover 
with an umbrella-
shaped cover

Fig. 12. Qualitative results with samples in Edit3D-Bench.

– Shape / Style Change(1774): Changing the geometry of a

specific part (e.g., “Make the button on the panel into a

round one”, “Make the girl’s hair curly”)

– Texture / Material Change(27868): Changing the appear-

ance of a specific part without altering its geometry (e.g,

“Make the shirt red”, “Replace the wooden handle with an

iron one”)

• Global-level Editing

– Pose / Style / Shape Change(10744): Changing the global

geometry of an object (e.g., “make it spiky”, “make the boy

wave his hand”)

– Texture / Material Change(10189): Changing the global

appearance of an object without altering its geometry (e.g.,

“make it blue”, “use a wooden texture”).

The proportion of each type is shown in Figure 14.

Detailed sample visualizations of these editing types, along with

their instructions, source 3D asset render results and expected out-

comes, are illustrated in Fig. 13.

F Detailed Experimental Configuration
Table 6 summarizes the model architecture and all tuned training

parameters used in our experiments.

G Training
The training procedure of ourmethod is summarized inAlgorithms 1,

2, and 3. Specifically, Algorithm 1 presents the 2D supervision ob-

tained through differentiable rendering, Algorithm 2 describes the

short reverse unroll used to predict the edited latent, andAlgorithm 3

summarizes the overall DMD-regularized alternating optimization

process.
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Global Texture/Material 
Change

Global Pose/Style/Shape 
Change

Part Texture/Material 
Change

Part Shape/Style 
Change

Part Replacement

Part Removal

Part Addition

Replace the dark bronze 
material with a polished 
gold texture.

Gripping an ancient 
wooden staff

Change the color of the 
entire frame to a dark, 
almost black, wood stain.

Replace the gray roller 
skates with shiny metallic 
silver rollerblades.

Replace the pink lotus 
flower with a white lily.

Category Instruction Source GLB Edited Image

Remove the metal pipe 
protruding from the left 
side of the main 
building's roof.

Replace its raised arms 
with arms resting at its 
sides.

Fig. 13. Representative samples from our 3D editing dataset. We showcase
various editing types including texture alterations, local geometric edits, and
broad stylistic modifications. Each example displays the source asset, the
corresponding instruction, and the targeted outcome.

PriorEdit3D
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Material
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Shape
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Texture/

M
aterial

(10,189)

Fig. 14. The proportion of each edit type in our dataset.

Table 6. Detailed model and training configuration used in our experiments.

Component Parameter Value

Model architecture
Denoiser Model SparseStructureFlowModel

Auxiliary model Model SparseStructureFlowModel; architecture identical to the denoiser

Both Sparse resolution; patch size 16; 1

Both Input/output channels 32 / 32

Both Model/conditioning channels 1280 / 1280

Both Blocks; attention heads; MLP ratio 36; 32; 4

Both Positional encoding; QK normalization Absolute positional encoding (APE); QK RMS normalization enabled

Both Numerical precision bfloat16

Data, conditioning, and initialization
Dataset Dataset implementation ObjaverseUniLat

Image conditioning Encoder dinov3_vith16plus

Optimization and DMD
Training Maximum steps; checkpoint interval; batch

size

18,000; every 2,000 steps; 1 per GPU

Warmup Warmup steps 500

Optimizer Type AdamW

Optimizer Learning rate; weight decay; betas 1 × 10
−5

; 0; (0.0, 0.9)
DMD Enabled; weight Yes; 0.01

Auxiliary model Updates per editor step 10

Supervision losses
Pixelwise loss Type; weight ℓ1 ; 1.0

LPIPS loss Weight 0.2

VLM loss Backbone; weight Qwen3-VL-4B-Instruct; 0.0005

Sampling configuration
Reverse denoising Timestep sequence 20 descending levels from 1.00 to 0.05 with an interval of 0.05
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Algorithm 1 2D Supervision via Differentiable Rendering

Require: Source latent 𝑥src, edited latent 𝑥0, target image 𝐼
𝜋0
tgt
, in-

struction 𝑑

Require: Differentiable renderer 𝑅, frozen VLM, optional mask

𝑀𝜋0

Require: Weights 𝜆fg, 𝜆lpips
1: (𝐼𝜋0

pred
,𝑂

𝜋0
pred
) ← 𝑅(𝑥0;𝜋0)

2: if 𝑀𝜋0
is available then

3: Lpixel ← ∥𝑀𝜋0 ⊙ (𝐼𝜋0
pred
− 𝐼𝜋0

tgt
)∥1

+𝜆fg∥(1 −𝑀𝜋0 ) ⊙ 𝑂𝜋0
pred
∥1

+𝜆lpips LPIPS(𝐼𝜋0
pred

, 𝐼
𝜋0
tgt
)

4: else
5: Lpixel ← ∥𝐼𝜋0

pred
− 𝐼𝜋0

tgt
∥1 + 𝜆lpips LPIPS(𝐼𝜋0

pred
, 𝐼

𝜋0
tgt
)

6: end if
7: 𝐼

𝜋1
src
← RGB(𝑅(𝑥src;𝜋1)), 𝐼

𝜋1
pred
← RGB(𝑅(𝑥0;𝜋1))

8: 𝐼
𝜋2
src
← RGB(𝑅(𝑥src;𝜋2)), 𝐼

𝜋2
pred
← RGB(𝑅(𝑥0;𝜋2))

9: (𝑜 IF
Yes
, 𝑜 IF

No
) ← VLMlogits(𝐼𝜋1

src
, 𝐼

𝜋1
pred

, 𝑃IF (𝑑))
10: (𝑜 IP

Yes
, 𝑜 IP

No
) ← VLMlogits(𝐼𝜋2

src
, 𝐼

𝜋2
pred

, 𝑃IP)
11: Lvlm ← − log𝜎 (𝑜 IF

Yes
− 𝑜 IF

No
) − log𝜎 (𝑜 IP

Yes
− 𝑜 IP

No
)

12: return Lpixel,Lvlm

Algorithm 2 Short Reverse Unroll for Edited Latent Prediction

Require: Source latent 𝑥src, condition image 𝑐 , student velocity

field 𝑣𝜃
Require: Timesteps {𝑡𝑖 }𝑁𝑖=0 with 𝑡𝑁 > · · · > 𝑡1 > 𝑡0 = 0

Require: Exit range [𝑠min, 𝑠max]
1: Sample 𝜖 ∼ N(0, 𝐼 ) and 𝑠 ∼ U{𝑠min, . . . , 𝑠max}
2: 𝑥𝑡𝑁 ← 𝜖

3: for 𝑖 = 𝑁 down to 𝑠 + 1 do
4: 𝑥𝑡𝑖 ← Concattoken (𝑥𝑡𝑖 , 𝑥src)
5: 𝑥𝑡𝑖−1 ← 𝑥𝑡𝑖 − (𝑡𝑖 − 𝑡𝑖−1) 𝑣𝜃 (𝑥𝑡𝑖 , 𝑡𝑖 , 𝑐) ⊲ stop gradient

6: end for
7: 𝑥𝑡𝑠 ← Concattoken (𝑥𝑡𝑠 , 𝑥src)
8: 𝑥0 ← 𝑥𝑡𝑠 − 𝑡𝑠 𝑣𝜃 (𝑥𝑡𝑠 , 𝑡𝑠 , 𝑐) ⊲ backpropagate only through the

final jump

9: return 𝑥0

Table 7. Training-time computational cost and peak GPU memory under
different supervision settings.

Setting Forward Backward Peak Memory

Fake Model (UniLat3D) 6.498 s 1.061 s –

Pixel 7.782 s 1.246 s 38 GB

Pixel + DMD 73.006 s 11.730 s 43 GB

Pixel + DMD + VLM 73.252 s 11.878 s 59 GB

Inference 7 s – 13 GB

Algorithm 3 DMD-Regularized Alternating Training of Pri-

orEdit3D

Require: Student editor 𝐺𝜃 , fake model 𝐹𝜑 , prior teacher 𝐺real

Require: Warm-up steps𝑊 , fake-model updates per editor step 𝐾

Require: Weights 𝜆vlm, 𝜆DMD

Require: Batch B = {𝑥src, 𝐼𝜋0src, 𝐼𝜋0tgt, 𝑑, 𝑀𝜋0 (optional)}
1: while training do
2: if global_step <𝑊 then ⊲ identity warm-up

3: 𝑥0 ← ShortReverseUnroll(𝑥src, 𝐼𝜋0src)
4: Lid ← ∥𝑥0 − 𝑥src∥22
5: Update 𝜃 using Lid

6: continue
7: end if
8: for 𝑘 = 1 to 𝐾 do ⊲ update fake model

9: 𝑥0 ← ShortReverseUnroll(𝑥src, 𝐼𝜋0tgt) ⊲ no grad to 𝜃

10: Sample 𝑡 ∼ U(0, 1) and 𝜖 ∼ N(0, 𝐼 )
11: 𝑥𝑡 ← (1 − 𝑡)𝑥0 + 𝑡𝜖
12: 𝑣 ← 𝜖 − 𝑥0
13: Lfake ← ∥𝐹𝜑 (𝑥𝑡 , 𝑡, 𝐼𝜋0tgt) − 𝑣 ∥22
14: Update 𝜑

15: end for
⊲ update editor

16: 𝑥0 ← ShortReverseUnroll(𝑥src, 𝐼𝜋0tgt)
17: (Lpixel,Lvlm) ← TwoDSupervision(𝑥src, 𝑥0, 𝐼𝜋0tgt, 𝑑, 𝑀𝜋0 )
18: Sample 𝑡 ∼ U(0, 1) and 𝜖 ∼ N(0, 𝐼 )
19: 𝑥𝑡 ← (1 − 𝑡)𝑥0 + 𝑡𝜖
20: 𝑣real ← 𝐺real (𝑥𝑡 , 𝑡, 𝐼𝜋0tgt)
21: 𝑣fake ← 𝐹𝜑 (𝑥𝑡 , 𝑡, 𝐼𝜋0tgt)
22: Compute LDMD from Eq. (7)

23: L ← Lpixel + 𝜆vlmLvlm + 𝜆DMDLDMD

24: Update 𝜃

25: end while

H Training Cost
We report the training-time computational cost of different supervi-

sion settings in Table 7. For DMD-based settings, the reported time

is measured over one complete student-update cycle, consisting of

one student update and 10 fake-model updates. The “Fake Model”

row reports the cost of a single fake-model update.

The additional training overhead mainly comes from the repeated

fake-model updates required by DMD. In comparison, introducing

VLM supervision adds only a small amount of computation but

increases peak GPU memory from 43 GB to 59 GB. These additional

costs are incurred only during training; the VLM, fake model, and
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differentiable supervision pipeline are removed at inference time, and PriorEdit3D remains a feed-forward editor with an inference

time of approximately 7 seconds per asset.
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