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“Replace the belt with 
a heart guard”

“Add a bird on the 
shoulder”

“Change the style from 
monkey to Loong”

“Change the pose 
from hands joined to a 

heart gesture”

Figure 1. Overview of 3D Editing Results from AnchorFlow Across Diverse Editing Tasks. We present four major types of edits
supported by AnchorFlow: (1) Action Change: altering the pose or articulation of the 3D shape; (2) Object Addition: introducing new
geometric elements; (3) Object Replacement: substituting existing components with new ones; (4) Style Change: modifying the shape
style while preserving the overall.

Abstract

Training-free 3D editing aims to modify 3D shapes based
on human instructions without model finetuning. It plays
a crucial role in 3D content creation. However, existing
approaches often struggle to produce strong or geomet-
rically stable edits, largely due to inconsistent latent an-
chors introduced by timestep-dependent noise during dif-
fusion sampling. To address these limitations, we intro-
duce AnchorFlow, which is built upon the principle of la-
tent anchor consistency. Specifically, AnchorFlow estab-
lishes a global latent anchor shared between the source and
target trajectories, and enforces coherence using a relaxed
anchor-alignment loss together with an anchor-aligned up-
date rule. This design ensures that transformations remain
stable and semantically faithful throughout the editing pro-
cess. By stabilizing the latent reference space, AnchorFlow
enables more pronounced semantic modifications. More-
over, AnchorFlow is mask-free. Without mask supervision,

it effectively preserves geometric fidelity. Experiments on
the Eval3DEdit benchmark show that AnchorFlow consis-
tently delivers semantically aligned and structurally robust
edits across diverse editing types.

1. Introduction

3D content editing is essential for applications such as
games, films, and AR/VR. However, producing high-
quality edits remains difficult, often requiring extensive
manual work and geometric expertise. This has motivated
growing interest in training-free 3D editing, where users
specify semantic editing instructions and generative models
apply the modification automatically. Recent progress in
3D flow-based generative models [51, 61] provides strong
priors that make such editing feasible. Yet, despite these ad-
vancements, current training-free editing methods often fail
to produce sufficiently strong or structurally stable edits, re-
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vealing fundamental limitations in existing formulations.
A key challenge lies in how these methods handle in-

version within the editing process. Current inversion-free
strategies [26] implicitly rely on stochastic Gaussian noise
as latent anchors at every timestep. Because 3D flow mod-
els [51] are highly sensitive to noise perturbations, these
timestep-wise anchors drift unpredictably, leading to incon-
sistent flow directions. As a result, semantic changes intro-
duced during editing tend to cancel out, producing insuf-
ficient modifications or distorted geometry (see Fig. 2(a)).
The reliance on unstable latent anchors restricts the reliabil-
ity and controllability of training-free 3D editing.

To overcome these limitations, we propose AnchorFlow,
a mask-free and training-free 3D editing framework cen-
tered on latent anchor consistency. Specifically, Anchor-
Flow introduces a global latent anchor shared by both
source and target trajectories, and enforces its consistency
through an anchor-alignment loss. In practice, we optimize
a relaxed anchor-alignment loss that encourages the single-
step inversions of the two trajectories to remain close in
latent space. Building on this principle, AnchorFlow de-
rives an anchor-aligned update rule that progressively trans-
forms the source shape while preserving its structural iden-
tity, without model finetuning or mask annotation.

AnchorFlow can be justified as follows. Effective
3D editing demands stable latent references instead of
timestep-dependent noise anchors. By enforcing pairwise
consistency at each timestep and leveraging the continu-
ity of the flow, our method naturally propagates these lo-
cal constraints into a globally consistent latent anchor. As
a result, AnchorFlow enables sufficient semantic modifica-
tions with improved geometric fidelity. To further evaluate
the method, we introduce Eval3DEdit, a benchmark dataset
that categorizes 3D edits into five types: addition, removal,
replacement, style change, and action change. Extensive ex-
periments on this benchmark demonstrate that AnchorFlow
produces robust, structure-preserving edits and achieves
performance comparable to state-of-the-art training-free
and mask-free 3D editing methods [1, 5, 13, 20, 26, 51].

In summary, our contributions are as follows:
• We introduce an implicit anchor-alignment mechanism

that resolves the latent anchor inconsistency problem in
inversion-free editing.

• We develop AnchorFlow, a mask-free and training-free
3D editing framework that also enables scalable and low-
cost curation of pairwise 3D editing data.

• We build Eval3DEdit, a benchmark dataset covering rep-
resentative rigid and non-rigid edits for comprehensive
3D editing evaluation.

2. Related Work
Shape Generation. Early progress in 3D generative mod-
eling was constrained by the lack of large-scale 3D data,

(a) Inversion-Free Editing
(Random Latent Anchors)

Balanced Editing

(b) Inversion-Free Editing
(Fixed Latent Anchor)

(c) Ours
(Aligned Latent Anchor)

Under-Editing Over-Editing

“Add a large sword on the character’s back.”

Figure 2. Effect of Latent Anchor Selection on 3D Editing. (a)
Random timestep-wise anchors cause inconsistent flows, resulting
in under-editing and geometric breakage. (b) Fixed anchors over-
constrain trajectories and push the model away from the source
manifold, causing over-editing. (c) Our aligned anchors maintain
consistent latent references, enabling balanced editing.

leading researchers to lift 2D supervision into 3D. Build-
ing on text-to-image diffusion priors [44], methods such
as DreamFields [19], DreamFusion [41], SJC [53], and
their follow-ups [7, 23, 56, 60, 65, 73, 74] enabled text-
guided 3D generation. With the emergence of large-scale
3D datasets [10, 11] and multi-view diffusion models [33–
36, 47], 3D generation became more scalable and efficient.
These advances further enabled large reconstruction mod-
els (LRMs) [18, 27, 50, 57, 62, 75] that recover 3D assets
from multi-view inputs. Parallel to these developments, na-
tive 3D diffusion models have also been explored. Some
encode 3D shapes into latent spaces using VAEs before dif-
fusion training [17, 21, 58, 67, 70], while others first ob-
tain neural 3D representations [24, 66] and then train diffu-
sion models to generate them [21, 37, 39, 40, 48, 55, 68,
72]. Building on these advancements, large 3D founda-
tion models (LFMs) [30, 51, 52, 59, 61, 64, 69] have re-
cently emerged, showing substantial improvements in qual-
ity, efficiency, and robustness. Among them, vecset-based
LFMs [30, 51, 52, 69] stand out for their scalability and
practicality, providing strong base capabilities for down-
stream tasks.
Shape Editing. Editing 3D shapes has been a funda-
mental challenge in computer graphics and vision. In the
early stage, shape editing focuses on geometry-based de-
formation methods [9, 45, 49], which enabled smooth local
manipulations. Other classical techniques, including cut-
and-paste editing [4] and sketch-based interfaces [22, 38],
allowed interactive mesh fusion and shape manipulation.



While these methods provided geometric control, they re-
quired extensive manual intervention, making large-scale
edits infeasible. With the advent of deep learning, the
field transitioned toward 2D diffusion-driven 3D editing
via score distillation sampling (SDS). These methods typ-
ically harness pretrained 2D diffusion models to guide 3D
shape optimization, enabling semantic and text-driven con-
trol. Representative works [2, 6, 13, 15, 25, 31, 46, 54, 63]
optimize implicit or explicit 3D representations under CLIP
or SDS-based guidance. While these approaches opened a
path to generative 3D editing, they suffer from unstable gra-
dients and high computational cost.

More recently, research has moved toward multi-view
diffusion and LRMs to overcome the efficiency and con-
sistency limitations of SDS-based optimization. These
methods [1, 3, 12, 14, 29, 42] generate multi-view im-
ages from edited inputs and reconstruct the edited 3D ob-
ject via a LRM, achieving higher semantic fidelity and effi-
ciency. However, these pipelines still rely on external diffu-
sion models for view synthesis, which often leads to view-
inconsistent artifacts and inaccurate geometry. Recently,
LFMs [51, 61, 69] have achieved significant advances in
quality and robustness, offering a new paradigm for 3D cre-
ation. Early attempts [28] rely on precise 3D masks, limit-
ing their practicality and scalability. Our work takes a step
forward by enabling mask-free and balanced 3D shape edit-
ing tailored to foundation models [51, 69].

3. Method
In this section, we formally introduce AnchorFlow, a
training-free and mask-free 3D editing framework.

3.1. Preliminaries
We first review the formulation of flow matching and its
training-free editing extension.
Flow Matching. Flow matching formulates generative
modeling as learning a continuous-time probability flow
from a simple prior distribution to a complex data distri-
bution [32]. Let {Xt}t∈[0,1] denote the latent trajectory,
where X1 is commonly initialed from a Gaussian noise and
X0 corresponds to a data sample (e.g., meshes [51]). The
dynamics are governed by an ODE:

dXt = vθ(Xt, t, c)dt, (1)

where vθ is a velocity field conditioned on an optional input
c. At inference, samples are obtained by integrating this
ODE backward from noise X1 to data X0.
Inversion-Free Editing. Let Xsrc denote a source asset,
and csrc and ctar denote source and target conditions, re-
spectively. Editing in flow-based generative models aims to
obtain an edited asset Xtar that satisfies the semantic mod-
ification of ctar, while faithfully preserving the identity of

Xsrc. FlowEdit [26] introduces an inversion-free formula-
tion. It constructs an editing trajectory {XFE

t }t∈[0,1] that
connects the source to the target:

XFE
t = Xtar

t −Xsrc
t +Xsrc

0 , (2)

with boundary conditions XFE
1 = Xsrc

0 and XFE
0 = Xtar

0 .
The editing trajectory XFE

t evolves under the velocity dif-
ference v(XFE

t ) = vθ(X
tar
t , t, ctar) − vθ(X

src
t , t, csrc),

where the target trajectory is defined as Xtar
t = XFE

t +
Xsrc

t −Xsrc
0 and and the source trajectory is obtained by

linearly interpolating between the source latent and Gaus-
sian noise:

Xsrc
t = (1− t)Xsrc

0 + tNt, Nt ∼ N (0, I). (3)

For simplicity, we omit auxiliary arguments in the notation
of v(XFE

t ). Then, the edited sample is updated using an
Euler solver with the velocity difference, where δt denotes
the integration step size:

XFE
t−δt = XFE

t − δtv(X
FE
t ). (4)

Discussion of Inversion-free Editing. While inversion-
free editing performs well in 2D image manipulation, di-
rectly extending it to 3D foundation models introduces new
challenges. The naive extension often causes insufficient
modification (see Fig. 2 (a)). A toy experiment helps reveal
the underlying cause and motivates our method.

Specifically, we observe that fixing the Gaussian noise
during inference alleviates insufficient modification, but al-
ters the object identity (see Fig. 2 (b)). This observation
suggests that the insufficient modification originates from
the random Gaussian noise sampled in the denoising pro-
cess. In inversion-free editing, each denoising step samples
a new Gaussian noise, resetting the latent anchor at every
timestep. The stochastic flow directions under timestep-
wise latent anchors tend to cancel each other out, leading to
a near-zero velocity. Consequently, the update trajectory re-
mains close to the source manifold, resulting in insufficient
modification. Therefore, the key challenge is to stabilize the
latent anchor across timesteps, to maintain a consistent la-
tent reference throughout the entire denoising process. This
insight motivates our method, which explicitly aligns source
and target trajectories through a global latent anchor, ensur-
ing temporally coherent and geometrically stable edits (see
Fig. 2 (c)).

3.2. Latent Anchor-Aligned Flows
Global Latent Anchor. To alleviate the inconsistency
across timesteps, we introduce a global latent anchor that
provides a consistent latent reference for both the source
and target trajectories. We define an ideal latent anchor A as
a latent point that can simultaneously reconstruct the source
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Figure 3. Overview of the AnchorFlow for Training-free and Mask-free 3D Editing. Given a source model and an editing instruction,
AnchorFlow first constructs the source sample Xsrc

t and forms the editing sample XFE
t at the t step. A 3D flow-based model vθ predicts

velocity fields for both the source and target sample. To stabilize the editing process, AnchorFlow performs a single-step inversion to
approximate the latent anchors Ft(X

src
t ) and Ft(X

tar
t ), and aligns them in noise space via the anchor-aligned update guided by ∇Lalign.

This design enforces consistent latent anchors, mitigates geometric distortions, and produces structurally stable 3D edits.

and target under their respective conditions:

A = Ft(X
src
t , t, csrc) = Ft(X

tar
t , t, ctar), ∀ t ∈ [0, 1],

(5)
where Ft(Xt, t, c) denotes the mapping that approximates
the latent in the noise space (e.g., the noised latent at t = 1).
For notational simplicity, we write Ft(X

src
t ) and Ft(X

tar
t )

to denote Ft(X
src
t , t, csrc) and Ft(X

tar
t , t, ctar), respec-

tively. This equality implies that both trajectories share a
globally consistent latent anchor throughout the entire flow.
Latent Anchor-based Optimization. Directly enforcing
A to be identical for all timesteps is intractable, since the
mapping Ft is implicit in the diffusion dynamics. We there-
fore relax this hard constraint into a differentiable least-
squares objective by minimizing the deviation of both re-
constructions from a global anchor:

min
A

∑
t∈[0,1]

(
∥Ft(X

src
t )−A∥2 + ∥Ft(X

tar
t )−A∥2

)
. (6)

Solving for the optimal A yields A∗ = 1
2T

∑
t[Ft(X

src
t )+

Ft(X
tar
t )]. Substituting A∗ back yields the strong-form

latent anchor consistency objective, as detailed in Ap-
pendix A. For computational efficiency, we adopt a re-
laxed form, leading to the following practical latent anchor-
alignment loss:

Lalign = 1
2

∑
t∈[0,1]

∥Ft(X
tar
t )− Ft(X

src
t )∥2. (7)

This relaxation serves as a lower bound of the full objective,
enforcing both trajectories to reconstruct toward a global
latent reference across all timesteps in an implicit manner.

Single-step Approximation. To make Ft tractable, we ap-
proximate the inversion using a first-order backward step:

Ft(Xt, t, c) ≈Xt + (1− t)vθ(Xt, t, c), (8)

which introduces negligible computational overhead while
retaining differentiability. This allows us to express the
alignment loss purely in terms of the velocity field.
Latent Anchor-Aligned Update. Then, we compute the
gradient of Lalign with respect to the current editing state
XFE

t :

∇XFE
t
Lalign =

(
∂Ft(X

tar
t )

∂XFE
t

)⊤

(Ft(X
tar
t )− Ft(X

src
t ))

=
[
I+ (1− t)Jθ

]⊤
(Ft(X

tar
t )− Ft(X

src
t )),

(9)
where Jθ = ∂vθ(X

tar
t , t, ctar)/∂X

FE
t . In practice,

computing Jacobians for high-dimensional data is expen-
sive. Following the Jacobian-free approximation in prior
work [41], we approximate the term

[
I+ (1− t)Jθ

]⊤
as a

scalar multiple of the identity and set
[
I + (1 − t)Jθ

]⊤ ≈
(2− t) I. This yields:

∇XFE
t
Lalign ≈ (2− t)(Ft(X

tar
t )− Ft(X

src
t )). (10)

Replacing the conventional velocity-difference update
with the gradient-derived latent anchor-aligned direction
yields:

XFE
t−δt = XFE

t − δt(2− t)∇XFE
t
Lalign, (11)

which corresponds to a gradient descent step on the latent
anchor alignment loss with respect to the editing state. This



reformulation explicitly aligns the source and target trajec-
tories through a shared latent anchor rather than implicitly
relying on stochastic noise correspondence. Each update
step, therefore, becomes geometrically consistent, progres-
sively transforming the source into the target while preserv-
ing structural identity.

3.3. Training-Free 3D Editing
We detail the implementation of training-free 3D editing
with AnchorFlow.
Condition Construction. Given a source model and an
editing instruction prompt, we first construct the corre-
sponding source condition csrc and target condition ctar.
Specifically, we render 8 image-condition views of the
source model following a predefined camera distribu-
tion [61]. We then employ a large multimodal model (e.g.,
Gemini-2.5-Flash [8]) to rank the alignment between each
rendered image and the editing instruction, and select the
highest-ranked view as the source condition csrc. Subse-
quently, an image editing model [8] modifies this selected
view according to the instruction to generate the target con-
dition ctar. The conditions (csrc, ctar) are then used to guide
the editing process.
AnchorFlow Sampling. Given a flow-based 3D generative
model vθ [51], the source shape (e.g., a mesh) is encoded
into its latent code Xsrc

0 . With Xsrc
0 , (csrc, ctar), and vθ, we

perform sampling (Algorithm 1) to generate an editing tra-
jectory in latent space. The editing process integrates over
T time steps, where editing is from nmax to nmin, and the
balance between source and target guidance is controlled
by ssrc and star. In our experiments, we use T = 50,
ssrc = 3.5, star = 7.5, nmin = 1, and nmax = 41 as
default. The resulting latent XFE

0 is finally decoded into
3D space, producing an edited shape that incorporates the
desired modification while preserving the source identity.

4. Experiment

4.1. Experimental Setups
Datasets. We first construct Eval3DEdit, a benchmark
dataset designed for evaluating 3D editing performance.
Eval3DEdit consists of 100 editing samples, evenly dis-
tributed across five editing categories: action change, ob-
ject addition, object removal, object replacement, and style
change. Each sample includes an editing instruction, a
source 3D shape, a source image, and a target image. The
source 3D shapes are selected from Objaverse-XL [11] us-
ing an aesthetics score threshold of 7.0, ensuring high-
quality geometry. Editing instructions are generated using
Gemini 2.5 Pro [8] to promote editing diversity and main-
tain semantic consistency with the source 3D shapes. Addi-
tional details are provided in the Appendix B.1.
Metrics. We quantitatively evaluate the editing perfor-

Algorithm 1: AnchorFlow Sampling
Input: Source Xsrc

0 , conditions csrc, ctar, flow
model vθ, time grid {ti}Ti=0, schedule
{σti}Ti=0

Output: Edited asset XFE
0

Initialize: XFE
tti
←Xsrc

0 ;
for i = T, . . . , 1 do

δi ← σti − σti−1

Nti∼N (0, I)
Xsrc

ti ←(1−ti)Xsrc
0 + tiNti

Xtar
ti ←XFE

ti +Xsrc
ti −Xsrc

0

Anchor-Aligned Update

Fti(X
tar
ti )←Xtar

ti +(1− ti)vθ(X
tar
ti , ti, ctar)

Fti(X
src
ti )←Xsrc

ti +(1− ti)vθ(X
src
ti , ti, csrc)

∇Lalign ← (2− ti)(Fti(X
tar
ti )− Fti(X

src
ti ))

Update: XFE
ti−1
←XFE

ti − δi∇Lalign;

return XFE
0

mance using two CLIP [16, 43]-based similarity metrics.
Specifically, CLIPimg measures the similarity between the
rendering from edited 3D shape and the target condition im-
age, reflecting the identity preservation. CLIPtxt quantifies
the correspondence between the rendering from edited 3D
shape and the target editing prompt, reflecting the semantic
modification.
Baselines. We compare our approach against seven
baseline methods specifically designed for mask-free 3D
editing, comprising optimization-based, LRM-based, and
LFM-based methods. Among optimization-based methods,
we adopt TextDeformer [13] as the representative approach.
For LRM-based methods, we include MVEdit [5] and Ed-
itP23 [1]. For the LFM-based methods, we adopt Hun-
yuan3D 2.1 [51] as the base model and implement three
representative paradigms: (1) direct editing, which per-
forms inference directly using the edited image as input; (2)
editing-by-inversion, which first applies flow-based inver-
sion [20] followed by editing inference; and (3) inversion-
free editing, realized through FlowEdit [26]. Further imple-
mentation details are provided in the Appendix C.2.

4.2. Comparison with Prior Methods
4.2.1. Qualitative Comparisons
We first evaluate the effectiveness of our method through
qualitative comparisons. As shown in Fig. 4, our method
achieves consistent improvements in both geometric in-
tegrity and instruction following. Compared with the base-
line method inversion-free editing [26], our method effec-
tively mitigates the issues of insufficient editing (e.g., the
second row in Fig. 4) and geometric distortions in the edited



MVEditSource Model EditP23 Direct Editing Editing-by-
Inversion

Inversion-Free 
Editing OursCondition

“Add a small wicker basket to the front of the scooter, below the handlebars.”

“Change the character's T-pose to a waving gesture with one arm raised.”

“Remove the green combine harvester from the yellow crop field.”

“Replace the white lute with a small, wooden drum.”

“Change the worn yellow fire hydrant to a polished brass, steampunk-inspired design with visible gears.”

Figure 4. Qualitative Comparisons. Each column shows condition pairs, source model, and the corresponding results from various
baselines and our method. Compared with previous approaches, especially Inversion-Free Editing [26], our method produces edits that are
both semantically faithful and geometrically consistent, effectively mitigating cases of insufficient edits and distorted geometry.

regions (e.g., the first row in Fig. 4).

Moreover, as a mask-free editing method, we validate
the effectiveness of our approach in both rigid and non-
rigid editing scenarios. For rigid editing, including object
addition, removal, and replacement, the goal is to enable
precise local editing while preserving the unchanged re-
gions. As shown in the second to fourth rows of Fig. 4, our
method achieves high-quality local edits without explicit
masks. Consequently, our approach facilitates the construc-
tion of large-scale pairwise 3D editing datasets at mini-
mal cost, highlighting its strong potential for scalable 3D
data curation. For non-rigid editing, including action and
style change, the task requires global transformations while
maintaining object identity. For instance, editing prompts
such as “Change the character’s T-pose to a waving gesture
with one arm raised.” (the first row in Fig. 4) require flexible
yet consistent shape adaptation. Experimental results show
that our method exhibits global editing capability while ef-
fectively preserving identity, highlighting the advantages of

mask-free 3D editing.

4.2.2. Quantitative Comparisons

We quantitatively evaluate our method on the Eval3DEdit
benchmark. As shown in Tab. 1, our method achieves
the best overall performance, with CLIPimg = 0.7173
and CLIPtxt = 0.4866. Compared with the baseline,
inversion-free editing [26], our method improves the aver-
age CLIPimg and CLIPtxt by 0.0067 and 0.0161, respec-
tively, demonstrating a more favorable balance between se-
mantic modification and identity preservation.

Compared with LRM-based 3D editing methods [1, 5],
LFM-based methods show improved consistency. This in-
dicates that performing edits through multi-view diffusion
models can introduce cross-view inconsistencies, which
may reduce editing quality. In contrast, LFM–based meth-
ods use end-to-end editing pipelines that operate directly in
3D latent space. Within the LFM-based 3D editing meth-
ods, we conduct three comparative experiments to examine



Table 1. Quantitative Comparison on Eval3DEdit. We report results using CLIPimg ↑ for identity preservation and CLIPtxt ↑ for
semantic modification, where higher values indicate better performance. Metrics are evaluated across five editing categories and the
Overall denotes the average performance across all categories. Bold indicates the best result and underline indicates the second-best result.

Method
Action Change Object Addition Object Removal Object Replace. Style Change Overall

CLIPimg CLIPtxt CLIPimg CLIPtxt CLIPimg CLIPtxt CLIPimg CLIPtxt CLIPimg CLIPtxt CLIPimg CLIPtxt

Optimization-based 3D Editing Methods
TextDeformer [13] 0.5030 0.4389 0.5081 0.3859 0.4969 0.4268 0.5355 0.4281 0.4923 0.3926 0.5074 0.4150

LRM-based 3D Editing Methods
MVEdit [5] 0.6015 0.4346 0.4753 0.3232 0.4784 0.3679 0.4982 0.3511 0.4836 0.3391 0.5074 0.3632
EditP23 [1] 0.5312 0.4221 0.4561 0.3313 0.4686 0.3918 0.4620 0.3549 0.4697 0.3493 0.4775 0.3699

LFM-based 3D Editing Methods
Direct Editing [51] 0.6709 0.4784 0.5990 0.4287 0.5668 0.4321 0.6737 0.4732 0.5659 0.4131 0.6152 0.4451
Editing-by-Inversion [20] 0.7109 0.4742 0.7081 0.4622 0.7282 0.4830 0.7189 0.4825 0.6933 0.4666 0.7119 0.4737
Inversion-free Editing [26] 0.7096 0.4710 0.7023 0.4441 0.7293 0.4884 0.7187 0.4787 0.6929 0.4701 0.7106 0.4705

AnchorFlow (Ours) 0.7313 0.5085 0.7050 0.4758 0.7167 0.4735 0.7272 0.4975 0.7061 0.4778 0.7173 0.4866

the behavior of different methods. 1) Direct Editing suf-
fers the lowest identity preservation score, indicating that
directly generating from the 2D edited image causes the
loss of identity information. 2) Editing-by-Inversion per-
forms well and achieves the second-best results in several
categories. Compared with this method, our method main-
tains comparable performance without using inversion an-
chors. 3) Inversion-free Editing tends to produce insuffi-
cient changes for rigid edits, while introducing geometric
distortions in the edited regions for non-rigid edits. The
quantitative results show that our method alleviates these
issues and achieves balanced performance in both semantic
modification and identity preservation. The result for object
removal is moderate, which may be attributed to parameter
selection. Adjusting the editing parameters (see Fig. 6) can
further improve performance.

4.3. More Analyses and Justifications

The Effect of Average Directions. Inversion-free edit-
ing [26] proposes to average multiple noisy flow directions
to obtain a stable update. Theoretically, it achieves more
faithful edits by averaging the results of multiple random
anchors, thereby reducing stochastic deviations and incon-
sistent directions among them. This aligns with our moti-
vation to mitigate randomness in anchor estimation, and the
two methods are thus compatible. When combined, they
can yield enhanced performance. Fig. 5 shows results for
inversion-free editing and our method under different num-
bers of averaging samples. The experiments show that both
methods benefit from averaging directions. Moreover, com-
pared with the additional computational cost introduced by
averaging, our method achieves a larger performance gain
with almost no extra time overhead.
The Analysis of Parameter Selection. We further analyze
the influence of editing parameters. In our experiments, we
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“Add a single blueberry placed on the peak of the white whipped cream swirl.”

Figure 5. The Effect of Averaging Directions. Averaging navg

noisy flow directions stabilizes updates. Compared with the com-
putational cost introduced by averaging, AnchorFlow achieves
better results with almost no extra time overhead.

fix T = 50, ssrc = 3.5, and nmin = 1, and investigate how
variations in nmax and star affect the editing results. Specif-
ically, we vary (nmax, star) among (35, 5.0), (37, 6.0), and
(41, 7.5), which jointly control the strength of the editing
process.. In general, Fig. 6 shows that larger values of nmax

and star lead to stronger semantic modification, whereas
smaller values favor better identity preservation. A bal-
anced setting of nmax = 37 and star = 6.0 provides a good
trade-off. Meanwhile, different editing types show distinct
parameter preferences, which can be summarized into three
patterns. 1) Smaller (nmax, star). For object removal and
object style change, smaller values yield simultaneous im-
provements in both CLIPimg and CLIPtxt. 2) Balanced
configuration. For object addition and object replacement,



Figure 6. Quantitative Analysis of Parameter Selection. We
investigate the effect of (nmax, star) across five representative
editing categories. We report results using CLIPimg ↑ for iden-
tity preservation and CLIPtxt ↑ for semantic modification, where
higher values indicate better performance.

moderate values (nmax = 37, star = 6.0) achieve balanced
results, maintaining structural consistency while introduc-
ing intended semantic changes. 3) Larger (nmax, star). For
action change, stronger edits are generally required to ac-
complish the desired motion transformations, as shown in
Fig. 7. The results demonstrate that parameter selection has
a substantial impact on editing performance, and proper ad-
justment can improve performance.
The Analysis of Time Cost. We further analyze the compu-
tational efficiency of our method. As shown in Tab. 2, com-
pared with LRM-based 3D editing methods, LFM-based
methods incur lower computational costs due to their one-
stage 3D editing process. Moreover, our method achieves
comparable runtime to inversion-free editing [26], while
achieving higher editing quality.

Table 2. Comparison of the Time Cost. Our method matches the
runtime of [26] while achieving higher editing quality.

Text-
Deformer [13] MVEdit [5] EditP23 [1]

Direct
Editing [51]

Editing-by-
Inversion [20]

Inversion-free
Editing [26] Ours

Time (s) 2229.75 513.55 50.91 21.01 34.86 25.77 26.71
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“Add a small watering can on the ground next to the striped pot.”

Figure 7. Qualitative Analysis of Parameter Selection. We visu-
alize the effect of (nmax, star). Parameter selection varies across
editing types, and proper adjustment can improve performance.

Source  Model Reconstruction  Model Edited ModelCondition

“Alter the character's T-pose so she is striking a confident pose with hands on her hips.”

“Change the character's neutral pose to flexing his bicep.”

Figure 8. Limitation. The reconstruction fidelity of the 3D VAE
constrains detail preservation, and the fine features may appear
degraded. Future high-fidelity 3D foundation models are expected
to alleviate this limitation.

4.4. Limitation

Although our method shows good editing performance, it is
limited by the reconstruction capability of the 3D VAE [51].
Compared with the source model, the reconstructed results
lose high-frequency geometry (e.g., facial details in the first
row in Fig. 8) and structural features (e.g., overalls in the
second row in Fig. 8). As a result, the reconstruction in-
herently limits detail preservation during editing. As 3D
foundation models evolve with higher-fidelity latent repre-
sentations and improved reconstruction quality, our method
will benefit from these advances, enabling more accurate
and detail-preserving 3D editing.



5. Conclusion
In this work, we present AnchorFlow, a training-free and
mask-free framework for 3D content editing that resolves
the instability caused by timestep-dependent latent anchors.
By enforcing global anchor consistency and updating tra-
jectories through anchor-aligned flows, our method enables
stronger semantic edits while preserving geometric struc-
ture. Evaluations on the newly constructed Eval3DEdit
benchmark demonstrate that AnchorFlow achieves seman-
tically faithful and structurally coherent 3D edits across di-
verse editing types, establishing a baseline for future explo-
rations in controllable and scalable 3D content creation.
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Appendix
The Appendix provides additional technical details, derivations, implementation procedures, and experimental results that
complement the main paper. It is organized as follows:

• Appendix A presents the full derivation of the latent anchor-based optimization framework introduced in the main
paper, including the strong-form global objective, its closed-form solution, the reduced objective, and the relaxed
per-timestep formulation adopted in practice.

• Appendix B provides additional implementation details for our framework, including dataset construction, training-free
3D editing, scalable dataset curation, and the experimental pipeline.

• Appendix C summarizes supplementary experimental settings, covering evaluation metrics, baseline implementations,
and further comparisons.

• Appendix D reports additional qualitative and quantitative results that further validate the effectiveness and robustness
of the proposed method.

A. Derivation of the Latent Anchor-based Optimization
In this section, we detail the derivation of the latent anchor-based optimization introduced in Sec. 3.2.
Definition of Latent Anchor-based Optimization. As defined in Sec. 3.2, we assume an ideal latent anchor A. Let

st ≜ Ft(X
src
t , t, csrc), gt ≜ Ft(X

tar
t , t, ctar),

where Ft(·) maps a latent state at time t to a reference latent (e.g., via a single-step inversion approximation). The strong
form of the global anchor objective is

J (A) =

T∑
t=1

(
∥st −A∥22 + ∥gt −A∥22

)
, (12)

which enforces a single latent anchor A to explain both the source and target reconstructions across all timesteps.
Solving for the optimal latent anchor A∗. The objective in (12) is quadratic and convex in A. Setting the gradient to zero

gives

∇AJ (A) = 2

T∑
t=1

[
(A− st) + (A− gt)

]
= 4T A− 2

T∑
t=1

(st + gt) = 0.

Hence,

A∗ =
1

2T

T∑
t=1

(st + gt) (13)

That is, the optimal latent anchor is the mean of all per-timestep midpoints mt ≜ 1
2 (st + gt).

Substituting A∗ Back. To obtain the reduced objective J (A∗), we use the parallelogram identity:

∥x−m∥2 + ∥y −m∥2 = 1
2∥x− y∥2 + 2

∥∥m− x+y
2

∥∥2. (14)

Applying (14) with x=st, y=gt, and m=A yields

T∑
t=1

(
∥st −A∥2 + ∥gt −A∥2

)
=

1

2

T∑
t=1

∥gt − st∥2 + 2

T∑
t=1

∥∥∥A− st + gt

2

∥∥∥2.
Minimizing the right-hand side over A gives A∗ = m̄ ≜ 1

T

∑
t mt, and the exact reduced objective is

J (A∗) =
1

2

T∑
t=1

∥gt − st∥2 + 2

T∑
t=1

∥mt − m̄∥2, mt =
1
2 (st + gt), m̄ = 1

T

∑
t

mt. (15)

The first term measures pairwise alignment between source and target reconstructions, while the second term enforces the
midpoints to remain consistent across timesteps, corresponding to a single global anchor.



Relaxed Latent Anchor-based Optimization. For computational efficiency, we adopt a relaxed formulation. Since the
second term in Eq. (15) is nonnegative, the objective satisfies

J (A∗) ≥ 1

2

T∑
t=1

∥gt − st∥2, (16)

with equality if and only if mt = m̄ for all t. In practice, we adopt the simplified per-timestep form

Lalign = 1
2

T∑
t=1

∥gt − st∥2 = 1
2

T∑
t=1

∥Ft(X
tar
t )− Ft(X

src
t )∥2, (17)

which corresponds to the natural relaxation (i.e., a lower bound) of the strong-form objective (15), obtained by omitting the
temporal midpoint-consistency term.

B. Additional Implementation Details
B.1. Details of Eval3DEdit
Eval3DEdit is a benchmark dataset specifically designed to evaluate 3D editing performance. It comprises 100 samples
tailored for 3D editing tasks, categorized into five distinct types: action change, object addition, object removal, object
replacement, and style change, with 20 samples allocated to each category. Each sample consists of an editing instruction, a
source 3D shape, a source image, and a target image. The dataset is constructed through a multi-stage pipeline that collects
high-quality 3D shapes, generates editing instructions, selects optimal source viewpoints, produces target images, and finally
curates representative samples for comprehensive 3D editing evaluation.
• Step 1: Source 3D Shape Collection. We collect source models and their corresponding captions from Objaverse-XL [11].

To ensure data quality, we filtered for high-quality shapes using an aesthetics score threshold of 7.0.
• Step 2: Editing Instruction Construction. Given the caption associated with each 3D shape, we employed Gemini 2.5

Pro [8] to assign an appropriate editing category and to generate a corresponding editing instruction. The prompt used for
this process is shown below.

Step2: Editing Instruction Construction

[Task Definition]: Generation of a Balanced Editing Instruction Dataset
[Objective]:
Given an input CSV file containing assets (e.g., images or videos) and their corresponding textual captions, generate
a dataset of editing instructions. This task involves assigning each asset to one of five predefined editing categories
and subsequently formulating a precise instruction based on the caption and the assigned category.
[Editing Categories]:
The five (5) mandatory editing categories are:
Object Addition
Object Removal
Object Replacement
Style Change
Action Change
[Procedure and Requirements]:
Data Processing: For each asset in the input CSV, analyze its original caption.
Category Assignment: Assign one of the five predefined editing categories that is semantically appropriate based on
the content described in the caption.
Instruction Generation: Based on the original caption and the assigned category, generate a specific, textual ”Editing
Instruction” detailing the desired modification.
Balanced Distribution: The final output dataset must maintain an approximately equal (balanced) distribution of
samples across all five editing categories.
Constraint 1 (Contextual Relevance): All generated instructions (e.g., specifying additions, removals, replacements,
or action modifications) must be contextually relevant and semantically coherent with the content of the original asset



caption.
Constraint 2 (Specificity): Instructions must be unambiguous and explicit. They must clearly define the specific
outcome expected after the edit is applied. Avoid generalized or vague commands. The content to be edited should
be specifically designated and clearly defined. For example, for a water cup, the content to be edited should not be a
general ’accessory’ but rather a specific ’cup handle’.
Constraint 3 (Content Preservation): The edit must not constitute a complete replacement of the original asset’s core
subject or scene, as this would be equivalent to new generation rather than modification. The core identity of the asset
must be preserved.
Constraint 4 (Instructional Diversity): The set of generated instructions must exhibit high diversity. Repetitiveness
should be minimized, particularly among instructions generated within the same editing category.
Constraint 5: Action change is only applicable to assets such as humans, animals, and others capable of producing
actions. Careful selection of assets suitable for Action change is required when generating editing instructions.
[Output Format]:
The results should be delivered in a structured CSV file mapping each original asset (and its caption) to its assigned
Editing Category and the corresponding generated Editing Instruction. Please generate this CSV file for me.

• Step 3: Source Image Selection. We rendered eight viewpoints for each source model using the rendering scripts provided
by TRELLIS [61]. To select the most suitable source condition for editing, we used Gemini 2.5 Flash to identify the optimal
viewpoint. The prompt used for this selection is provided below.

Step3: Source Image Selection

You are an expert visual assistant. You will be given an editing category, a specific instruction, and 8 images of the
same object from different angles, labeled Image 0 through Image 7.
Your task is to determine which single image is the most suitable canvas for the requested edit. The best image should
provide a clear and direct view of the object or area that needs to be modified.
- Editing Category: ”{category}”
- Editing Instruction: ”{instruction}”
Analyze the 8 images provided and identify the best one for this edit.
Your response MUST be a single integer number from 0 to 7, corresponding to the best image. Do not add any other
text or explanation.

• Step 4: Target Image Generation. Next, we combined the selected source condition with the editing instruction and used
Nano Banana [8] to generate the target condition. The prompt used for this generation is given below.

Step 4: Target Image Generation

As an expert image editor, your task is to edit the following image.
You must strictly and precisely follow the provided category and instruction. The edit should be realistic and seam-
lessly integrated into the image.
- Editing Category: ”{editing category}”
- Editing Instruction: ”{editing instruction}”

• Step 5: Final Sample Selection. To ensure high-quality editing outcomes, we prioritized samples where the source
condition represented a frontal viewpoint. Ultimately, we selected 20 samples for each editing category to construct
Eval3DEdit, a benchmark dataset covering representative rigid and non-rigid edits for comprehensive 3D editing evaluation.

B.2. Details of Training-Free 3D Editing
This section describes the implementation details of our training-free 3D editing pipeline. Given a source model and an
editing instruction, we first construct the source and target conditions, and then apply the proposed AnchorFlow sampling
procedure to perform 3D editing.
Condition Construction. We construct (csrc, ctar) following Step 3 and Step 4 of Appendix B.1. We begin by rendering
multiple candidate viewpoints of the source model and use an vision language model-based selector [8] to determine the



optimal source view as csrc. We then pair this selected view with the editing instruction to generate the target condition ctar
using a text-conditioned image editor [8]. This produces a condition pair that jointly encodes the source appearance and the
desired editing semantics.
AnchorFlow Sampling. We adopt Hunyuan3D 2.1 [51] as the base shape model vθ. Hunyuan3D 2.1 is a high-fidelity 3D
generative framework combining a ShapeVAE with a flow-based DiT backbone, and operates on compact vector-set latent
representations suitable for 3D geometry encoding. The source 3D shape is encoded into a latent code Xsrc

0 . Given Xsrc
0 , the

condition pair (csrc, ctar), and the base model vθ, we perform AnchorFlow sampling following Algorithm 1 to generate an
editing trajectory in latent space. The trajectory integrates over T time steps, evolving from nmax to nmin. Source and target
constraints are balanced by two guidance scales, ssrc and star, which regulate identity preservation and editing strength,
respectively. We use the default configuration T = 50, ssrc = 3.5, star = 7.5, nmin = 1, nmax = 41. The final latent
XFE

0 is decoded by Hunyuan3D 2.1 into a mesh, producing an edited shape that incorporates the desired modification while
preserving the source identity. On an NVIDIA H100 (96GB) GPU, each editing instance takes approximately 26.71 s.

B.3. Scalable 3D Editing Dataset Curation

Building upon the construction pipeline in Appendix B.1 and our training-free 3D editing framework in Appendix B.2, we
develop a scalable and fully automated procedure for curating large-scale 3D editing datasets. Requiring no training or
manual mask annotation, the pipeline efficiently produces richly annotated editing pairs.
Condition Pair Construction. Our curation pipeline begins by collecting high-quality 3D shapes and their associated
captions from 3D shape datasets. Given the captions, we employ an LLM to assign an editing category and generate a
corresponding editing instruction. To establish the source condition, we render multiple viewpoints for each 3D shape and
use an LLM-based selector to identify the most suitable view. The selected view and the editing instruction are then fed into
a text-conditioned image editor to generate the corresponding target condition, forming a semantically aligned condition pair.
Training-Free Shape Editing. We then leverage our training-free 3D editing framework to synthesize the edited 3D shape.
The source model is encoded into the latent space of flow-based 3D generative model, and AnchorFlow sampling produces
an edited latent trajectory that faithfully applies the specified modification while preserving shape identity. The resulting
latent is decoded into a mesh, yielding the edited 3D shape paired with its source shape and editing instruction.
Dataset Curation and Applications. Our pipeline enables scalable creation of high-quality 3D editing pairs, producing data
in the form of (editing instruction, source shape, edited shape). It offers an efficient approach for constructing large-scale
training data for instruction-following 3D editing, thereby supporting the development of more capable and generalizable 3D
editing models.

C. Supplementary Experimental Settings

C.1. Details of Measurement Metrics

In the main paper, we employ two evaluation strategies to demonstrate the superiority of the proposed method. Here we
supplement the details of the measurements.

C.1.1. Evaluation with CLIP.

Based on the CLIP (EVA02-E-14-plus) model [16, 43], we introduce two CLIP-based similarity metrics CLIPimg and CLIPtxt
to assess the editing performance on identity preservation and semantic modification, respectively.

• Quantitative Evaluation of Identity Preservation. Since the image editor [8] shows identity-preserving edits, we treat the
target image as the ground truth. Based on this assumption, we quantitatively evaluate identity preservation by measuring
the alignment between the edited 3D shape and the target image. Specifically, for each edited shape, we render six views
at a resolution of 512× 512, with a 15◦ elevation and a camera radius of 2.4. We then compute the CLIP image similarity
between each rendered view and the target image, and use the average similarity score across all views as the identity
preservation score CLIPimg.

• Quantitative Evaluation of Semantic Modification. To evaluate semantic modification, we first construct a textual de-
scription of the edited shape based on the source shape caption and the editing instruction. Specifically, we use the prompt
shown below. We then compute the CLIP image-text similarity between each rendered view and the generated target
caption, and use the average similarity across all views as the semantic modification score CLIPtxt.



Target Image Caption

You are a rewrite assistant. Given the original object captions and an editing instruction, produce ONE English
sentence that describes ONLY the final, edited state:
- Describe the final state only, in the format ’subject + change’. Do NOT mention the editing process or use verbs like
add/remove/replace/change.
- Be specific and objective; avoid first/second person and irrelevant speculation.
- Output exactly one English sentence. No numbering, no explanations, no quotes.
- Keep it short (<= 10 words), lower-case, no quotes, minimal punctuation.
- Examples:
instruction: ’change the robot’s pose to be kneeling on one knee.’ -> ’robot kneeling on one knee’
instruction: ’add a hat’ -> ’figure with hat’
instruction: ’remove the sword’ -> ’knight without sword’
instruction: ’replace chair with stool’ -> ’scene with stool’
Editing category: {category}
Editing instruction: {instruction}

C.1.2. Evaluation with Uni3D
For further validation of identity preservation and semantic modification, we introduce two metrics based on Uni3D [71]:
Uni3Dpc and Uni3Dtxt. Unlike CLIP, Uni3D processes 3D shapes in the form of point clouds. All evaluations are conducted
using the Uni3D (eva giant patch14 560) model.
• Quantitative Evaluation of Identity Preservation. We measure identity preservation using the Uni3D similarity between

the source shape and the edited shape. Specifically, we extract point clouds from both shapes and assign them a fixed
color (e.g., gray with RGB values (100, 100, 100)). Features are then extracted using Uni3D, and identity preservation is
computed as the cosine similarity between the two point-cloud feature vectors.

• Quantitative Evaluation of Semantic Modification. Similar to CLIPtxt, we evaluate semantic modification Uni3Dtxt by
computing the similarity between the Uni3D point-cloud feature of the edited shape and the target caption.

C.2. Details of Baselines
In this section, we give the implementation details of the baseline methods, including TextDeformer [13], MVEdit [5],
EditP23 [1], Direct Editing [51], Editing-by-Inversion [20], and Inversion-free Editing [26].
• Implementation Details of TextDeformer. We reproduce TextDeformer [13] following the official implementation1.

TextDeformer deforms a source mesh into a text-specified target shape using differentiable rendering and CLIP-based
semantic alignment. Instead of directly optimizing vertex displacements, it optimizes per-face Jacobians and reconstructs
the deformation via a Poisson solve, enabling smooth, globally coherent geometry updates and mitigating artifacts from
noisy CLIP gradients (see Fig. 4 in the original paper):contentReference[oaicite:1]index=1. The method also employs a
view-consistency loss to enforce multi-view coherence and a Jacobian regularization term to preserve source shape identity.
TextDeformer requires a pair of captions: a source caption describing the input mesh and an edited caption specifying
the desired target geometry. To obtain these, we first construct the target caption following Appendix C.1. We then
generate a concise source caption from the original asset description using Gemini 2.5 Pro with the prompt below. For each
editing shape, we select the output from the mesh best clip directory as the final edited result. Since TextDeformer
occasionally fails to optimize certain shapes (as noted in the original paper, where optimization may diverge or produce
degenerate geometry), we exclude failure cases when computing the final averaged quantitative metrics.

Concise Source Caption

Write EXACTLY ONE short English noun phrase (<= 5 words) that summarizes the primary subject(s)
described below. Use lower-case, no quotes, no punctuation.
- examples:
captions: ’a humanoid robot ...’ -> ’humanoid robot’
captions: ’a low-poly house ...’ -> ’small house’

1https://github.com/threedle/TextDeformer

https://github.com/threedle/TextDeformer


captions: captions text or ”,
Now output the phrase:

• Implementation Details of MVEdit. MVEdit [5] is a training-free 3D editing framework that adapts pretrained 2D
diffusion models into 3D-consistent multi-view editors using a 3D Adapter that jointly denoises multi-view images and
reconstructs coherent geometry. For each editing task, the input consists of a source shape and an editing instruction, and
the output is an edited 3D shape. We reproduce MVEdit using the official Gradio-based implementation2. Specifically,
we use the Instruct 3D-to-3D mode, which performs instruction-guided 3D shape editing. We fix the random seed
to 42 for all experiments, and keep all other hyperparameters identical to the “polnareff” example provided in the official
interface. The edited shape produced by the pipeline is used as the final result.

• Implementation Details of EditP23. EditP23 [1] is a mask-free and training-free 3D editing framework that propagates
a user-provided 2D edit to a full multi-view editing. We reproduce EditP23 following the official implementation3. For
each sample, we first render six multi-view images of the source shape using the rendering setup described in EditP23.
Each editing run takes as input the source view, the edited target view, and the rendered multi-view grid. EditP23 outputs
an edited multi-view grid, which we then reconstruct into a 3D mesh following the reconstruction pipeline detailed in the
official implementation. Following the configuration strategy in [1], we adopt different presets for different editing types.
For style-change edits, we set the target guidance scale to 5.0 and use nmax = 31. For all other editing categories, we set
the target guidance scale to 21.0 and use nmax = 39. The resulting reconstructed mesh is used as the final edited shape.

• Implementation Details of Direct Editing. Given the target image, we perform inference using the flow-based 3D gener-
ative model [51] to obtain the edited shape. All experiments follow the official implementation4.

• Implementation Details of Editing-by-Inversion. Editing-by-Inversion extends Direct Editing [51] by inserting a flow-
based inversion prior to inference. We follow the conditional inversion procedure of UniEdit-Flow [20]. UniEdit-Flow
introduces Uni-Inv, a predictor-corrector inversion method designed to more accurately recover the flow trajectory by miti-
gating the error accumulation inherent to straight, non-crossing rectified-flow paths. In our setting, we perform conditional
Uni-Inv using the source image as the conditioning input during inversion. In specific, we set the target guidance scale to
1.0 and run 50 inversion steps to obtain an latent aligned with the source geometry, following the official implementation5.
After inversion, we perform standard flow-based inference using the editing image to synthesize the final edited shapes.

• Implementation Details of Inversion-free Editing. We reproduce the inversion-free editing [26] on top of the flow-based
3D generative model [51]. It constructs a direct ODE between the source and target conditioned distributions, avoiding
the Gaussian-noise traversal required in inversion-based editing. Concretely, it introduces a stochastic forward process
that linearly interpolates between the source latent and random noise, and uses the resulting paired source-target latent to
compute the velocity difference field, which is then averaged across multiple noise samples to update the editing trajectory.
For fair comparison, we use the same hyperparameter settings as those in our method.

D. Additional Experiments

D.1. More Quantitative Results.

Quantitative Evaluation with Uni3D-based Metrics. Beyond the CLIP-based evaluation in main paper, we further validate
these observations using Uni3D-based identity and semantic metrics (cf . Appendix C.1.2), as reported in Tab. 3. The results
show a consistent trend in Tab. 1. LRM-based methods exhibit the weakest performance across both identity preservation
and semantic modification due to multi-view inconsistency. LFM-based approaches achieve substantially higher scores,
confirming the benefit of operating directly in a 3D latent space. Within this category, editing-by-inversion and inversion-free
editing obtain strong identity preservation but either rely on expensive inversion or tend to produce under-edited or distorted
geometry. In contrast, our AnchorFlow method achieves competitive identity scores while delivering the strongest semantic
alignment among all LFM methods, showing that our approach provides a more balanced and reliable editing results. These
Uni3D results corroborate the CLIP-based findings and further demonstrate the effectiveness and robustness of our training-
free 3D editing pipeline.

2https://github.com/Lakonik/MVEdit
3https://github.com/editp23/editp23
4https://github.com/Tencent-Hunyuan/Hunyuan3D-2.1
5https://github.com/DSL-Lab/UniEdit-Flow

https://github.com/Lakonik/MVEdit
https://github.com/editp23/editp23
https://github.com/Tencent-Hunyuan/Hunyuan3D-2.1
https://github.com/DSL-Lab/UniEdit-Flow


Table 3. Quantitative Comparison across Different 3D Editing Methods on the Eval3DEdit benchmark. We report results using
Uni3Dpc ↑ for identity preservation and Uni3Dtxt ↑ for semantic modification, where higher values indicate better performance. Metrics
are evaluated across five representative editing categories, including action change, object addition, object removal, object replacement,
and style change. The Overall denotes the average performance across all categories.

Method
Action Change Object Addition Object Removal Object Replace. Style Change Overall

Uni3Dpc Uni3Dtxt Uni3Dpc Uni3Dtxt Uni3Dpc Uni3Dtxt Uni3Dpc Uni3Dtxt Uni3Dpc Uni3Dtxt Uni3Dpc Uni3Dtxt

Optimization-based 3D Editing Methods
TextDeformer [13] 0.1321 0.1393 0.2170 0.1293 0.1549 0.1249 0.2579 0.1269 0.1444 0.1288 0.1818 0.1298

LRM-based 3D Editing Methods
MVEdit [5] 0.4891 0.1204 0.1366 0.0653 0.2224 0.0571 0.2741 0.0859 0.2162 0.0685 0.2677 0.0794
EditP23 [1] 0.1272 0.1527 0.0879 0.0667 0.0733 0.0774 0.1240 0.0862 0.0887 0.0743 0.1002 0.0915

LFM-based 3D Editing Methods
Direct Editing [51] 0.2611 0.2227 0.2982 0.1878 0.2658 0.1184 0.4006 0.2250 0.2485 0.1274 0.2948 0.1762
Editing-by-Inversion [20] 0.4512 0.2432 0.4990 0.2445 0.5094 0.2320 0.5807 0.2767 0.5317 0.2609 0.5144 0.2515
Inversion-free Editing [26] 0.4701 0.2375 0.5242 0.2377 0.5447 0.2436 0.6052 0.2742 0.5407 0.2566 0.5370 0.2499

AnchorFlow (Ours) 0.3123 0.2756 0.4438 0.2504 0.4501 0.2314 0.5220 0.2788 0.4577 0.2494 0.4372 0.2571

D.2. More Qualitative Results.
Beyond the qualitative comparisons provided in the main paper, we include additional examples in Fig. 9 and Fig. 10 to
further assess the effectiveness of our method. Note that in all comparative experiments, AnchorFlow and the baseline [26]
share same hyperparameter settings to ensure a fair comparison. The results demonstrate that our method produces edits
that are both semantically faithful to the instruction and geometrically coherent. Across non-rigid editing tasks such as
action change (e.g., rows 1–5 in Fig. 9), AnchorFlow generates smooth and globally consistent articulations. In contrast,
inversion-free editing often exhibits insufficient deformation (e.g., rows 2 and 4 in Fig. 9) or noticeable distortions in limb
shape or body proportions (e.g., rows 1 and 5 in Fig. 9). These additional examples confirm that our method maintains
stable geometry even under large pose changes while accurately following fine-grained instructions such as “saluting” and
“waving.” For rigid editing tasks, such as object addition (e.g., rows 1–3 in Fig. 10), AnchorFlow performs precise and
localized modifications without affecting unrelated regions. This further supports that AnchorFlow enables mask-free editing.
Overall, the extended qualitative results provide additional evidence that AnchorFlow achieves strong semantic modification
while preserving identity across both rigid and non-rigid editing tasks.



OursInversion-free Editing

“Change the character's pose so she is sitting down with her hands in her lap.”

“Change the figure's pose to a salute.”

“Adjust the waitress's pose so she is gracefully skating in a circle, holding the tray aloft.”

“Change the robot's action so its claw hands are waving hello.”

“Change the figure's pose from a T-pose to one where they are giving a 
thumbs-up with their right hand.”

“Add a small gingerbread man cookie leaning against the side of the light blue cup.”

“Add a window box full of red flowers beneath one of the front windows.”

Figure 9. More qualitative results using AnchorFlow.



“Add a vintage-style luggage rack with a suitcase strapped to it on the cream roof.”

“Add a pair of cartoonish sunglasses to the pineapple.”

“Add a simple cork stopper fitted into the rectangular spout.”

“Remove the skewer topped with a green olive from the sandwich.”

“Remove the red ladder that is leaning against the structure.”

“Replace the humorous blue boxing gloves with sharp, metallic silver claws.”

“Convert the armchair into a steampunk-inspired design with copper pipes, 
gears, and pressure gauges.”

OursInversion-free Editing

Figure 10. More qualitative results using AnchorFlow.


	Introduction
	Related Work
	Method
	Preliminaries
	Latent Anchor-Aligned Flows
	Training-Free 3D Editing

	Experiment
	Experimental Setups
	Comparison with Prior Methods
	Qualitative Comparisons
	Quantitative Comparisons

	More Analyses and Justifications
	Limitation

	Conclusion
	Derivation of the Latent Anchor-based Optimization
	Additional Implementation Details
	Details of Eval3DEdit
	Details of Training-Free 3D Editing
	Scalable 3D Editing Dataset Curation

	Supplementary Experimental Settings
	Details of Measurement Metrics
	Evaluation with CLIP.
	Evaluation with Uni3D

	Details of Baselines

	Additional Experiments
	More Quantitative Results.
	More Qualitative Results.


