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Figure 1. Perturb-and-Revise takes a source NeRF and an edit prompt as input and produces the edited result through: (1) versatile ini-
tialization via parameter perturbation, (2) multi-view consistent score distillation, and (3) refinement with the identity-preserving gradient.

Abstract

Recent advancements in text-based diffusion models
have accelerated progress in 3D reconstruction and text-
based 3D editing. Although existing 3D editing methods
excel at modifying color, texture, and style, they struggle
with extensive geometric or appearance changes, thus lim-
iting their applications. To this end, we propose Perturb-
and-Revise, which makes possible a variety of NeRF edit-
ing. First, we perturb the NeRF parameters with random
initializations to create a versatile initialization. The level
of perturbation is determined automatically through analy-
sis of the local loss landscape. Then, we revise the edited
NeRF via generative trajectories. Combined with the gen-
erative process, we impose identity-preserving gradients
to refine the edited NeRF. Extensive experiments demon-
strate that Perturb-and-Revise facilitates flexible, effective,
and consistent editing of color, appearance, and geome-
try in 3D. For 360° results, please visit our project page:
https://susunghong.github.io/Perturb-and-Revise.

1. Introduction

Neural Radiance Fields (NeRFs) [34] have revolutionized
the creation of high-quality 3D scenes, marking a signifi-
cant advancement in 3D reconstruction technology. Beyond

their initial applications, NeRFs have enabled flexible gen-
eration of 3D content from models trained solely on image-
text pairs [18, 40] through score distillation [25, 40, 58].

However, editing 3D content—an essential aspect of
refinement and customization—remains a time-consuming
and labor-intensive process across various industries, in-
cluding animation, manufacturing, design, and gaming.
This challenge is particularly pronounced with NeRFs,
where color and density attributes are intricately encoded
within their parameters. Consequently, there is an ongoing
need for more intuitive and universally accessible tools for
editing NeRFs, leveraging user-friendly interfaces such as
text prompts for broader applicability and faster production.

Fortunately, recent innovations in text-conditioned diffu-
sion models have enabled significant advances in 3D edit-
ing using natural language prompts. For instance, leverag-
ing diffusion models [2, 43], recent works such as Instruct-
NeRF2NeRF [8] and Posterior Distillation [25] propose
methods that use text prompts to modify 3D scenes. While
these methods excel in altering the color or style of an ob-
ject, they struggle with edits involving significant geometric
or appearance changes, limiting their applications.

To overcome these limitations, we propose a 3D ob-
ject editing framework called Perturb-and-Revise (PnR),
which leverages existing 3D generation methods for editing
in a flexible and natural way (Figs. | and 2). Drawing on the
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Figure 2. We qualitatively compare our method to Instruct-NeRF2NeRF [8], Instruct-GS2GS [54], and Posterior Distillation [25]. In this
task, the goal is to edit the source “bear” into a “polar bear.” Compared to related works, our approach reconstructs a more realistic face
and better overall geometry. An asterisk (*) denotes that we use an identical update rule and schedule.

notion that NeRF parameters optimized with score distilla-
tion can be considered as a particle [60] or data point [6], we
propose a novel method that leverages perturbation at the
parameter level to perform text-based edits requiring vari-
ous changes. Specifically, we construct versatile NeRF ini-
tialization by interpolating the source NeRF and a random
NeReF initialization. Intuitively, perturbation in the parame-
ter space helps the particle escape local minima and facili-
tates its following of the natural trajectory of the generative
ODE towards the distribution of the desired edit (Fig. 3),
allowing for a wide range of challenging edits including
changing the pose and introducing new objects.

Additionally, to determine the amount of perturbation
needed to escape the basin of attraction without costly
searching algorithms, we propose an algorithm based on
the loss landscape near the source parameters, by simu-
lating a few score distillation steps ahead of the parame-
ter perturbation and optimization. After the early step of
our framework, to achieve more similarity to the original
object and refine the quality of the result, we employ the
Identity-Preserving Gradient (IPG) to increase the fidelity
of the edited NeRF to the source NeRF. As a result, the
output closely resembles the source while still maintaining
fidelity to the intended edits.

We extensively evaluate our method on 3D fashion ob-
jects, as well as general objects in Objaverse [4], on a vari-
ety of appearance- and geometry-based edits. Furthermore,
we demonstrate that our method achieves state-of-the-art re-
sults on various 3D editing baselines.

2. Related Work

Diffusion models. Diffusion models [9, 49], which are
closely associated with score-based models [21, 50, 51],
have recently shown remarkable sample quality in image
synthesis. Latent Diffusion Models (LDM) [43], which per-
form the diffusion forward and backward process in the la-
tent space [7], have demonstrated their efficacy and genera-
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Figure 3. Conceptual figure. The target distribution in the figures
represents the conditional distribution of NeRF parameters relative
to the edit prompt, and P(©) denotes the distribution of randomly
initialized NeRF parameters. First, parameter perturbation enables
the parameters to escape from local minima and follow a natural
generative path. Subsequently, during the refining process, the tug-
of-war between two vectors, AqVod(0-, Osc) (the red arrow) and
df- (the blue arrow), pushes the actual parameters into a region
that is closer to either the source parameters or the high-density
region specified by the edit prompt, following the purple arrow.

tion quality. This trend has been scaled up by training diffu-
sion models on large-scale text-image datasets [45] for text-
conditional generation. The prosperity of text-to-image dif-
fusion models has led to their application in complex con-
tent creation, such as 3D scenes and videos [1, 10, 12, 14,
15, 23, 27, 33, 40, 46, 58, 60, 62]. Recently, many adapt-
ing methods of text-to-image diffusion models have been
proposed to achieve either generation with additional con-
ditions [2, 11, 13, 20, 35, 64, 66] or to maintain consistency
needed for videos [14, 23, 41, 62] or 3D scenes [29, 47].

Score distillation. Score distillation [40, 58, 60], a re-
cent trend in synthesizing underlying parameterizations,
mostly in 3D scene generation, uses only score-based mod-
els [43, 44] operating on 2D data. This approach has rev-
olutionized text-to-3D generation by introducing an ele-
gant method that does not require intense training on a
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3D dataset. It enables the rich and flexible knowledge of
2D text-to-image models to be transferred to 3D genera-
tion [12, 27, 33, 58, 60]. However, due to bias in 2D mod-
els, a multi-view consistency problem has arisen, neces-
sitating further analysis and generalization of the original
method [12, 29, 47]. Another limitation of score distillation
is its time-consuming optimization, with the controllability
and editing capability remaining underexplored.

Text-based NeRF editing. In recent years, neural radi-
ance fields (NeRF) [34] have emerged as a groundbreak-
ing approach for generating photorealistic novel views of a
scene captured in photographs, and have been extended in
many follow-up works [22, 32, 36, 39]. In response to these
advancements, several techniques for modifying NeRF have
been proposed. Traditional methodologies for editing NeRF
include the alteration of materials and lighting [37, 52, 55],
as well as the spatial manipulation of objects via bound-
ing box frameworks [38, 63]. Additionally, there has been
exploration in the stylization of NeRFs, including Edit-
NeRF [30], Clip-NeRF [56], and NeRF-Art [57], as well
as in distilling 2D features into radiance fields, such as
in Distilled Feature Fields [24] and Neural Feature Fusion
Fields [53], which enables nuanced, guided edits based on
language or images. Crucially, Instruct-NeRF2NeRF [8] fo-
cuses on user-friendly, language-based editing commands,
using an instruction-driven, 2D image-conditioned diffu-
sion model [2] for more intuitive and context-aware 3D edit-
ing. However, even in a trend using 2D language-based
models such as CLIP [42] or text-to-image diffusion mod-
els [2, 43, 44], these methodologies are unable to control
large geometrical changes, such as changing the pose or in-
troducing a massive object. Posterior Distillation [25], in-
stead of naively matching the noise, proposes a way to use
a loss that matches the stochastic latents [16, 61] of source
and target images. Still, this method falls into issues such
as slower convergence and large computational costs.

3. Background

Diffusion models are a type of generative model that itera-
tively restores an image from Gaussian noise. The training
objective of diffusion models involves training a neural net-
work to estimate the score for a noised image y given the
noise level o via denoising score matching [17]. Following
the preconditioning convention [21], a diffusion model, pa-
rameterized by ¢, can be interpreted as a denoiser Dy (y; o),
which minimizes the weighted L2 loss across different o
values in data samples.

In the context of text-based 3D scene generation, Score
Distillation Sampling (SDS) [40] updates the 3D scene rep-

resentation given a text caption c using the following rule:
VG£’SDS(¢7 C,Tr = g(gv ¢)) =
83:}

- EO'NZ,TLNN(O,O'2I) [w(a) (D¢($ +n;o, C) - Jf) %
ey

In this equation, ¢(-) is the differentiable renderer, ¢ is the
random camera pose, Y. is a predefined distribution from
which the noise level for the denoiser is sampled, and w(-)
denotes the weighting function.

SDS can be viewed as a form of particle-based varia-
tional inference [3, 5, 28, 31, 59, 60]. In this context, the up-
date rule can be expressed as a generative ODE over an op-
timization step 7, derived via Wasserstein gradient flow [3]:

de;
% = 7EUNZ,TLNN(O,O'2I) |:(-L)(O') <D¢ (I+TL7 g, C)ix)

ox
897} ’
2
For further details, please see the supplementary material.
As background, multi-view diffusion models [47], de-
noted as { DY (¢(6,1:) + n; 0, ¢,1:) };L,, consistently gen-
erate multi-view images simultaneously. Here, /N denotes
the total number of multi-views generated simultaneously,
and ; denotes the ¢-th viewpoint. Note that for N = 1,
these are ordinary diffusion models. For N > 1, they are
implemented by adapting the attention module to attend to
different frames [47] and by training on 3D assets [4].

4. Method

In text-based editing scenarios, we assume that a user pro-
vides a text prompt, ceqi;, and a source 3D object represented
by the parameterization 6. The aim is to modify the 3D
object into a new form 6* = & (O, Ceqit), €nsuring that the
transformation aligns with the text prompt and retains a re-
semblance to the original 3D object.

At a high level, we leverage the generative ODE of 3D
objects through novel parameter perturbation while preserv-
ing proximity to the source object. In Sec. 4.1, we introduce
perturbation in parameter space that enables the parameters
to escape local minima and converge to natural generative
trajectories. In Sec. 4.2, we propose a novel algorithm to
determine the degree of perturbation by analyzing the local
loss landscape. Finally, in Sec. 4.3, we propose balancing
fidelity between the text prompt and the source object to
place the final output in the desired region.

4.1. Parameter Perturbation for Flexible Object
Editing

Given the generative ODE in Eq. 2, which minimizes the

energy functional between distributions, a fully-optimized

NeRF of a 3D object is considered to exhibit relatively low

energy. This state corresponds to the particle residing in a

local minimum, which remains stable despite alterations in
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the text prompts, as it is still capable of producing realistic
renderings. As exemplified in the first row of Fig. 4, naively
using 6. as initialization and making independent predic-
tions on 2D noisy images with diffusion models are insuffi-
cient to handle the consistent changes in overall appearance
and geometry that occur in a 3D object.

Interpreting neural fields as a particle [60] or a data
point [6], we propose parameter-level perturbation for an
editing task, which facilitates changes in 6y by enabling
the editing particle ODE to hijack the natural, coarse-to-fine
generative process in Eq. 2 that the parameters are likely to
follow. In other words, since adding more noise to the pa-
rameters is equivalent to undoing more of the optimization
process, this approach enables the parameters to be flexible,
allowing for significant changes.

Specifically, let P(©) denote the probability density
function over ©p, which is a set of random parameteriza-
tions. Further, assume that we have a fully optimized 3D
scene, 0. Then, we obtain the perturbed version of 6y,
by using linear interpolation:

eperturbed - Lerp(asrca 00> 77) where 00 ~ P(@O) (3)

where 77 € [0,1] denotes the perturbation amount and
Lerp(Ose, 00,m) = (1 = n) - Osc + 1 - 6. Note that n = 1
indicates Operurbed is the random parameters. Theoretically,
the interpolation makes the distribution of perturbed parti-
cles similar to the initializing distribution of NeRF, making
it versatile. See the supplementary material for details.

Subsequently, we run the parameter ODE for textual
editing, starting from Operurbed, USINg a new prompt Cegit.
However, we observe that adopting ordinary single-view
diffusion models (when N = 1) poses ambiguity when an
edit introduces asymmetry or adds a new object. Therefore,
we execute multi-view consistent updates as follows:

z.)%}
i 807— )

4)
9(0-,1;) and omit the weighting

¥ = T o,n ¢\~ 3 0, Cedity, Yi) —
dr N P

where we define z; =
factor for brevity.

The conceptual illustration of parameter perturbation can
be found in Fig. 3. This approach essentially reverts the op-
timization process by interpolating between the initial state
and the fully optimized state. Consequently, the particles
are relocated to a less-optimized state characterized by a
more moderate energy landscape. This repositioning allows
the particle ODE (Eq. 4) to intervene in the generative pro-
cess with a new text prompt ceqj;, guiding the parameter tra-
jectory. As shown in Fig. 4, increasing the noise level in the
parameters inversely correlates with the degree of reversion
of the optimization, allowing for more radical modifications
in the model outputs.
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Figure 4. Effect of parameter perturbation. In this example, we
aim to make a NeRF model of a standing person sit down using
the word “sitting.” The scene converges quickly even with large
perturbations (n = 0.6), while complete regeneration yields blurry
rendering results given the same number of optimization steps.

4.2. Determining n by Analyzing Loss Landscape

In Sec. 4.1, we see that 1) controls parameter versatility by
determining how similar the distribution of parameters is
to the distribution of random NeRF initializations. The re-
quired degree of versatility depends on both the type of edits
and the current source NeRF parameters. However, finding
an optimal 7 through standard mechanisms, such as grid or
random search, is computationally expensive. Therefore,
we propose a novel algorithm that explores the basin of at-
traction surrounding local minima to determine 1 by ana-
lyzing the loss landscape.

Specifically, we leverage the loss function as a proxy
to measure the depth and volume of the basin of attrac-
tion. Interestingly, for some examples, we observe that the
loss function even increases during optimization steps, sup-
porting our claim in Sec. 4.1 that the parameters are in a
low-energy state. To address this, we simulate several op-
timization steps with cegix and calculate the total loss de-
crease prior to parameter perturbation. For algorithmic sta-
bility, we compute the difference between the averages of
the first few steps and the last few steps. We then deter-
mine 7)(fgc, Ceair) based on the source parameters .. and
the text prompt ceq; using an inverted exponential decay
function. Subsequently, we apply parameter perturbation
in Eq. 3 with 7 = 1(0gc, Ceqit). The complete algorithms for
our parameter perturbation and 7 selection are provided in
the supplementary material.

4.3. Identity-Preserving Gradient (IPG)

While our parameter perturbation in Sec. 4.1 successfully
enables flexible changes, there are still some estimation er-
rors or biases arising from the diffusion model during this
phase. On the other hand, imposing constraints that make
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Figure 5. Baseline comparisons with a wide range of edits. We compare our method with Score Distillation Sampling (SDS) [40],

Posterior Distillation Sampling (PDS) [25], and Instruct-NeRF2NeRF [8]. For SDS and PDS, we use MVDream [47] as the backbone for
fair comparison. SDS alters the appearance and texture of the source objects and is unable to handle edits that require extensive geometric
changes (3rd, 4th, and 5th rows). PDS is not capable of making significant edits and cannot deviate far from local minima due to its high
preservation term from the start [25]. While Instruct-NeRF2NeRF changes the texture of objects as desired, it cannot address geometric
changes. In contrast, our method is capable of various types of edits, including those involving large geometric changes.

Score Distillation

it similar to the source object (e.g., L2 distance) conflicts
with the generative ODE, making the optimization chal-
lenging. To counteract the estimation error and to circum-
vent the conflict, we introduce the Identity-Preserving Gra-
dient (IPG) term that is added at later steps to the editing
gradient presented in Sec. 4.1.

Initially, we assume that the ideal parameters are closer
to the source parameters and the high-density region of the
target distribution. Then, as conceptually shown in Fig. 3,
we instigate a tug-of-war between two vectors: one sym-
bolizes the velocity consistently pointing towards the high-
density region as dictated by the edit prompt, and the other
symbolizes the velocity towards .. Specifically, the ve-
locity in Eq. 4 propels the particle towards the region with a
high likelihood given the text ceq;;, while the other gradient
represents the pull towards the original NeRF parameteri-

Posterior Distillation

Instruct-NeRF2NeRF  Perturb-and-Revise (Ours)

zation 6. This effectively corrects the shift caused by the
error in the editing process, ensuring it resembles the orig-
inal while maintaining the intended edits. To this end, we
extend the optimization process and compute IPGs during
these additional steps.

Formally, we combine the result of Eq. 4 with the IPG to
define a refinement step as follows:

d@fﬁne =db, + /\dVGd(gﬂ osrC)v ®)

where d(-,-) is a similarity metric. In practice, we ob-
serve that the combination of L; and perceptual loss [19],
which is also the preferred choice in NeRF [34] training,
is more robust and less susceptible to noise than using Lo
loss. Thus, given a random camera pose v, we use a combi-
nation of L1 distance and perceptual similarity between the
rendered images g(6;,) and g(fsc, 1), weighted by Ar;
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Figure 6. Baseline comparisons of editing various general 3D objects from the Objaverse dataset [4].

Metric Score Distillation [40]  Posterior Distillation [25]  Instruct-NeRF2NeRF [8]  Perturb-and-Revise (Ours)
CLIP-Dir-Simy;ir.p/32T 0.0480 0.0287 0.0583 0.0594
CLIP-Dir-Simy;r/16T 0.0418 0.0304 0.0549 0.0534
CLIP-Dir-Simy;ry /14T 0.0415 0.0264 0.0539 0.0567
CLIP-Dir-Simgyeraged T 0.0438 0.0285 0.0557 0.0565
LPIPSyggl 0.1273 0.0337 0.1065 0.1060
LPIPS, jex | 0.1533 0.0215 0.1112 0.1034

Table 1. Comparison of different methods for fashion object editing. The best, second-best, and worst values are highlighted in bold,
underlined, and gray, respectively. Values represent averages across all edit types and prompts. Our approach achieves a better trade-off
between faithfulness to edit prompts and preservation of source 3D objects. While PDS exhibits lower LPIPS, it mostly generates edited
objects that are nearly identical to the source, as evidenced by CLIP directional similarity.

and )\, respectively.

4.4. Timestep Annealing

In text-based 3D generation, some recent works have re-
vealed that using timestep annealing, which adjusts the
noise level added to the 2D rendered images according to
the global optimization step, boosts the quality of the re-
sults [47, 60]. In the editing task, while we use a smaller
noise level at the start, we also identify the annealing
method as crucial for maintaining the original quality of the
3D object while reducing blurry textures. To this end, we
regard ¥ as a function that depends on the editing step 7,
Y (7), from which the noise level o is sampled. Specifically,
for 7 < T, where T is the final step of the schedule, X(7)
is gradually annealed from U(c?. ;00 YtoU(oL ol ).
This approach initially facilitates low-frequency edits, fol-
lowed by fine-grained ones.

5. Experiments

As baselines, we adopt two distillation-based methods:
Score Distillation Sampling (SDS) [40] and Posterior Dis-
tillation Sampling (PDS) [25]. Bolded red in the prompts
indicates the intended edits. We use the exact weighting
factors for the losses as originally proposed in [25, 40]. For
fair comparison, we use MVDream [47] as their backbones.
Also, we use Instruct-NeRF2NeRF [8] as our baseline for
the iterative dataset update strategy. We use several back-
bones for each metric and note them in the subscripts, while
averaged refers to the average value across all backbones.

5.1. 3D Object Editing

Fashion object editing. In our fashion object editing ex-
periment, we use MVDream [47] to generate a synthetic
dataset of 3D fashion objects and perform edits using our
framework. Specifically, we categorize the fashion object
edits into color, pattern, shape, pose, and object edits, and
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Figure 8. Ablation study on the selection of 7. (a) and (b) show the CLIP direction similarity and the percentage of successful experiments
(without errors) for different n values, respectively. When averaged across all types of edits, our adaptive method achieves near-maximum

performance on these metrics compared to all fixed 7 values.

synthesize a total of 150 editing examples, with 30 for each
type of edit. In this experiment, our framework takes as
input a source object in NeRF with the desired edits to
its characteristics, such as color, pattern, shape, pose, and
added objects. Note that, unlike some previous work [25],
we do not require a description of the original object.

The qualitative results, as shown in Figs. 4 and 5, demon-
strate the versatility introduced by parameter perturbation
and our method’s capability to perform various types of
edits, respectively. In Fig. 5, we apply five types of ed-
its: color, pattern, shape, pose, and object additions. We
show that our framework supports a wide range of edits,
including those requiring pose changes and introducing ob-
jects, corroborating its capability for significant geometric
modifications, which have rarely been addressed in previ-
ous work [8, 25].

General object editing. We show a general object editing
capability for our method, with objects from Objaverse [4].
We first optimize InstantNGP [36] with 200 rendered im-
ages and camera transforms extracted from an object. Then,
we apply our editing method.

We display the qualitative results of our method in Fig. 6.
In addition to textural changes, our method successfully en-
ables structural changes. In Fig. 7, we also demonstrate our

CLIP-Dir-  CLIP-Dir-
Method ‘ Sim{ Cont LPIPS|
w/o Refinement 0.0624 0.7572 0.1147
w/ Refinement 0.0565 0.7642 0.1047

Table 2. Ablation study on the IPG steps. We present average val-
ues across all edit types, prompts, and evaluation backbones. Our
approach yields a substantial reduction in LPIPS while balancing
faithfulness to the source object and edit prompt.

method’s ability to perform creative edits anchored by the
source 3D object. Here, to demonstrate flexibility, we use
two prompts with different animal motifs. We can see that
regenerating the object with MVDream produces results
that appear completely different from the source 3D object.
In contrast, our method successfully anchors the original
shape while changing it to align with the edit prompt.

5.2. Comparison with Baselines

We compare our method against baselines to demonstrate
our clear advantage in complex edits, as shown in Figs. 5
and 6. For the comparison, we display editing results using
SDS with MVDream, Instruct-NeRF2NeRF, and PDS. Ad-
ditionally, we compare our strategy with dataset update and
regeneration strategies in Fig. 7.

Different from other methods, SDS exhibits blurry tex-

16299



“... a cactus plant with flowers”

“... with windmills”

“... with a snowman”
Instruct- Posterior Perturb-and-
NeRF2NeRF Distillation* Revise (Ours)*

Figure 9. Real scene editing results. An asterisk (*) indicates we
use the exact same update rule and schedule.

Source 3D Scene

tures and lacks the capability to perform complex edits.
Although it can handle simple changes, it inadvertently
changes the appearance and texture of the source objects
and cannot perform edits that need extensive geometric
changes, as seen in the 3rd, 4th, and 5th rows of Fig. 5.
While Instruct-NeRF2NeRF successfully achieves simple
color edits or symmetric edits, we observe that even when
the editing process converges, it is not able to address ge-
ometric changes in the objects, such as a change in the
pose. PDS, while maintaining similarity to the source ob-
ject, is unable to make proper edits according to the prompt
and cannot deviate far from local minima. As shown in
Figs. 5, 6, and 7, our method is capable of various types
of edits, including those involving large geometric changes,
achieving state-of-the-art results for editing color, appear-
ance, and geometry in a flexible and consistent manner.

We have to consider both the similarity to the source ob-
ject and faithfulness to the edit prompt. To this end, we
evaluate these aspects using CLIP directional similarity [8]
across ViT-B/32, ViT-B/16, and ViT-L/14 [42] for measur-
ing faithfulness to the edit prompts and LPIPS [65] across
VGG [48] and AlexNet [26] for evaluating the similarity be-
tween original and edited objects. The results are shown in
Table 1. We can see that our method excels at both metrics
and achieves a better trade-off than other baselines. This,
along with the quantitative evaluation, corroborates the ef-
fectiveness of our approach.

5.3. Real Scene Editing

Our parameter perturbation approach described in Sec. 4.1
can be readily extended to real scene editing scenarios [8,
25]. We present real scene editing results in Figs. 2 and 9,
building upon Posterior Distillation [25]. Using the same
number of iterations, we can better modify the scene geom-
etry through parameter perturbation. We refer the readers to
the supplementary material for details.

5.4. Ablation Study

Parameter perturbation. In Fig. 4, we display the ren-
dered images based on the amount of parameter perturba-
tion and optimization steps. This demonstrates that param-
eter perturbation facilitates easy alteration of the source ob-
ject’s structure while keeping crucial parts unchanged. Ad-
ditionally, we present a quantitative study of 7 selection
in Fig. 8, where we categorize edits into five categories:
color, pattern, shape, pose, and object edits. We observe that
pose changes and object additions generally require a larger
degree of versatility and thus need a larger value of 7 to
achieve maximum performance. Furthermore, we demon-
strate that, when averaged across all types of edits, the adap-
tive 7 selection approach outperforms strategies using fixed
n € {0.0,0.2,0.4,0.6,0.8} while maintaining high experi-
mental success rates across various edit categories and sig-
nificantly reducing computational costs compared to grid
search. This indicates that our method dynamically selects
an effective 7 value while remaining robust in terms of opti-
mization. We present additional metrics in the supplemen-
tary material.

Identity-preserving gradients. We demonstrate the ef-
fect of identity-preserving gradients. In Table 2, we present
diverse metrics. Our results show that the refinement steps
with IPG achieve a significant decrease in LPIPS while de-
creasing CLIP directional similarity, due to their trade-off
relationship. In addition, we observe an overall increase in
CLIP directional consistency [8].

6. Conclusion

In this paper, we present Perturb-and-Revise (PnR), a
framework for text-guided 3D object editing. By introduc-
ing adaptive parameter perturbation and identity-preserving
gradients, our method enables extensive geometric and ap-
pearance changes that adhere to the text prompt while also
maintaining fidelity to source objects. Our experiments cor-
roborate that PnR achieves state-of-the-art results across di-
verse editing tasks without requiring model retraining or
multiple input images. We discuss various limitations of our
method in the supplementary material for future research.
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