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Editing 3D Scenes via Text Prompts
Without Retraining
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Abstract—Numerous diffusion models have been developed for
2D image synthesis and editing, and recently they are extended to
3D scene editing tasks. However, editing 3D scenes is still in its early
stages, and the challenges of scene representations and multi-view
consistency need to be addressed. A notable limitation of existing
approaches is the need for specific modules for different edits and
model retraining for each scene. To tackle these issues, we propose
a novel and versatile text-driven 3D scene editing method, termed
DN2N, which allows for the direct acquisition of the editing re-
sults without the requirement for retraining. Our method employs
off-the-shelf text-based editing models of 2D images to modify the
multi-view images of a 3D scene. A content filtering process is then
applied to discard poorly edited images that disrupt 3D consistency.
We consider the remaining inconsistency as a problem of removing
noise perturbations and solve it by generating data with similar
perturbation characteristics for training. We develop a versatile
NeRF model structure and propose two novel cross-view regu-
larization terms to help the DN2N mitigate these perturbations.
Empirical results show that our method achieves multiple editing
types based solely on text prompts, including but not limited to
appearance editing, weather transition, object changing, and style
transfer. Most importantly, DN2N exhibits a versatility of editing
capabilities, eliminating the need to customize or retrain editing
models for specific scenes or editing types. Namely, DN2N achieves
comparable total editing time to the 3DGS-based editing method,
enhancing its practical value.

Index Terms—3D scene editing, 3D object editing, text prompts,
NeRF, IBRNet, diffusion model.

I. INTRODUCTION

S IGNIFICANT advances in neural radiance fields (NeRF)
techniques [1], [2], [3], [4], [5], [6], [7], [8] and Gaussian-
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Splatting [9], [10], [11], [12] have been modeled for specific
types of 3D manipulation, such as appearance editing [13], [14],
scene composition [15], [16], weather transformation [17], mul-
tiple editing [18], [19], and style transfer [20], [21], [22], [23].
Despite the demonstrated success, existing methods [13], [14],
[15], [16], [17], [18], [19], [20], [21], [22], [24] often require user
manipulations and typically rely on known editing types in ad-
vance, resulting in limited modification capabilities. To address
these challenges, several approaches leverage existing multi-
modal models [25], [26], [27] on 2D images to enhance editing
capabilities, while utilizing NeRF [1] or Gaussian-Splatting [9]
frameworks to represent 3D scenes. This combination has suc-
cessfully enabled text-driven 3D scene editing, significantly
improving the model’s editing capabilities and user-friendliness.
However, all the above methods are not versatile since they
require training 10,000 models for 100 types of editing on 100
scenes. Thus, this paper aims to design a novel approach that
provides diverse and user-friendly editing capabilities while
allowing users to directly edit new scenes without retraining,
i.e., using one single model to perform different edits on various
3D scenes.

With advances in NeRF models [3], [28], [29], one goal is
to increase versatility for diverse scenes. Nevertheless, directly
designing it this way poses two challenges: (1) insufficient task-
specific training data to ensure strong versatility; (2) inherent 3D
inconsistency due to directly using a 2D image editing model
for 3D scenes. To address these issues, we propose directly
modeling the inherent 3D inconsistency and leveraging existing
tools to generate sufficient training data with similar charac-
teristics. This enables the model to acquire robust versatility
to mitigate this inconsistency. We show this idea of treating
inconsistency as unknown perturbations in Fig. 2 and propose
the Direct-NeRF2NeRF (DN2N) model.

Within DN2N, we first utilize a 2D editing model [27] to
perform the preliminary editing on the multi-view images of a
3D scene, and then apply a designed content filter to remove
several images with poor editing results. The remaining images
may still contain inconsistent 3D results, which we consider as
perturbations to the ideally edited images due to the inherent
stochastic and diverse nature of the 2D model (see Fig. 2). To
remove such perturbations, we generate numerous training data
pairs with similar characteristics to train our model. First, we
utilize the BLIP model [30] and GPT model [31] to obtain the
input and target captions required for editing, then apply random
slight edits to the 3D scene images to simulate the perturbations.
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Fig. 1. Visualization results of our method in 3D scene editing. The proposed DN2N method enables users to obtain realistic and 3D consistent novel views that
correspond to the target caption without retraining a new model.

Fig. 2. Overview of DN2N. Left: While directly applying a 2D image editing model to pre-edit multi-views of a scene can generate an edited result Ĩi, it introduces
noticeable 3D inconsistency (marked by red box). Middle: Unlike previous methods that iteratively train a new model to achieve 3D-consistent results, we consider
inconsistency as an unknown perturbation �Ii to the desired results Îi and focus on modeling and mitigating �Ii. Right: Within DN2N, we propose a versatile
model designed for 3D scene editing tasks. This model synthesizes 3D-consistent novel views from several 3D-inconsistent pre-edited views Îi, without the need
to retrain new models.

As such, images with added random perturbations are utilized
as inputs, while clean images serve as ground truth for training a
versatile model. To further remove perturbations, we develop a
NeRF architecture and introduce two cross-view regularization
terms during training to facilitate 3D consistency, including the

self and neighboring views. The former requires the model to
generate consistent results for the same target view derived from
two different source views. Meanwhile, the latter enforces the
overlapping pixel values between the target and adjacent views
to be approximately close.
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The main contributions of this work are:
� We develop a novel and versatile 3D scene editing frame-

work, named DN2N. It employs off-the-shelf 2D editing
models for 3D scene manipulation. The induced 3D in-
consistency is modeled as perturbations and addressed by
generating training data pairs with similar perturbation
characteristics for optimization.

� We present a versatile NeRF model for 3D scene editing,
incorporating multi-view aggregation and unedited image
information to render consistent results. To train such a
model, we generate over 480,000 training 3D scenes.

� We integrate cross-view regularization terms in the training
process and develop a content filter in the inference pro-
cess, enabling DN2N to acquire the capability to eliminate
perturbations more efficiently.

� We conduct extensive experiments across multiple datasets
and editing types. DN2N eliminates the need for scene-
specific customization or retraining, achieving runtime and
memory storage comparable to state-of-the-art methods.

II. RELATED WORK

Novel View Synthesis: Novel view synthesis (NVS) based on
NeRF and Gaussian-Splatting has recently gained significant
attention in the vision and graphics communities [1], [2], [3],
[9], [10], [11], [12], [32], [33], [34], [35], [36], [37], [38],
[39], [40], [41]. As this work aims to exploit the potential
of NVS techniques for 3D scene editing tasks, we review the
NeRF models closely related to this task. NeRF represents
the structure and appearance of a 3D scene by using a neural
network that takes the spatial location and view direction as
input and outputs the corresponding color and opacity at each
pixel. Subsequent works further improve NeRF, such as speed-
ing up the training process [2], [36], designing better sampling
strategies [33], and enhancing versatility [3], [28], [29]. These
NeRF models primarily involve learning a universal network
across different scenes, leveraging features from multiple views
to render novel views. However, a trade-off of generalizable
models is their reliance on image data during the forward pass,
which incurs additional storage overhead for these images.
To repair degraded 3D representations, Difix3D+ [42] utilizes
single-step diffusion to mitigate artifacts in under-constrained
regions, while SimVS [43] employs a harmonization network to
resolve multi-view inconsistencies in casual captures.

Diffusion-based Image Editing: Diffusion-based models have
been widely used in image generation [44], [45], [46], [47],
[48], [49], [50], [51]. Numerous text-based image editing meth-
ods have recently been developed, such as GLIDE [52] and
Stable Diffusion [49]. Imagic [53] finetunes images according
to text, and Prompt-to-prompt [54] preserves unedited regions
by utilizing cross-attention information. In [55], Pix2pix-zero
employs embedding vector mechanisms to establish controllable
editing directions for images. Recently, InstructPix2Pix [26]
trains a model by generating many text-editing image pairs
using GPT [31] and Stable Diffusion. Null-text inversion [27]
enhances image-controlled editing through an accurate inversion
process. While these methods perform well in editing images,

they fail to achieve 3D-consistent edits when confronted with 3D
scenes comprising multiple views, This limitation highlights the
need for more sophisticated approaches to maintain consistency
across multiple views in 3D scenes.

3D Scene Editing: Numerous 3D scene editing approaches
have been developed based on point cloud [56], [57] and
meshes [58], [59], [60], but their inherent representations limit
scalability and editing flexibility. Recently, NeRF and Gaussian
Splatting-based approaches have emerged for 3D scene edit-
ing. [10], [13], [14], [15], [16], [17], [18], [19], [20], [21],
[22], [24], [37], [57], [61], [62]. However, they are usually
restricted to performing a single editing type. Several approaches
are proposed to address this issue [63], [64], [65]. Instruct-
N2N [65] enables diverse controllable editing of 3D scenes by
pre-editing 2D images using InstructPix2Pix [26]. GaussianEd-
itor [10] achieves comparable results by employing Gaussian-
Splitting for scene representation. FocalDreamer [66] enables
fine-grained editing by fusing base shapes with editable parts.
TIPEditor [67] facilitates precise localization using reference
images and bounding boxes, while DGE [68] ensures efficient
3DGS optimization by enforcing multi-view consistency via
geometric priors. However, previous methods, such as Instruct-
N2N or GaussianEditor, have two notable drawbacks. First,
retraining is necessary for each scene, resulting in significant
computation and memory overhead. Second, they require con-
tinuously generating new training data and updating model pa-
rameters during training, which is time-consuming and requires
a lot of storage space. In contrast, our method addresses these
two challenges by only using a single editing model for all 3D
scenes and editing types without retraining, decreasing model
storage consumption and training time.

III. PRELIMINARIES

Neural radiance fields: NeRF utilizes an implicit function
to represent a 3D scene, which maps the spatial point x =
(x, y, z) and view direction d = (θ, φ) to the density σ and
color c. The implicit function is represented by an MLP network,
FΘ : (x,d) −→ (σ, c), where Θ represents the weights of the
network. For a ray r originating at o with direction d, the RGB
value Ĉ(r) of the ray is estimated through numerical quadrature
of the color c and density σ of the N spatial points:

Ĉ(r) =

N∑
i

Ti(1− exp(−σiδi))ci, (1)

where Ti = exp(−∑j=i−1
j=1 σjδj), and δi is the distance be-

tween adjacent sample points.
Text-guided diffusion models and image editing: Text-guided

diffusion models aim to generate an output image z0 from a
random noise vector zt under a textual condition P . To denoise
the input sequentially, the model εθ is trained to predict artificial
noise by minimizing the objective function:

min
θ

Ez0,ε∼N(0,I),t∼Uniform(1,T ) ‖ε− εθ(zt, t, C)‖2 , (2)

where C denotes the embedding of text condition, and zt is a
noised sample at timestamp t. For inference, given a vector zT ,
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Fig. 3. Illustration of the DN2N framework. See Section IV for the detailed description.

sequential prediction gradually removes its noise using a trained
network for T steps [50]. Amplifying the effect of conditioned
text is a significant challenge in generation. To address this issue,
Ho et al. [69] propose a guidance technique that eliminates the
need for a classifier in unconditional prediction and extends it to
conditioned prediction scenarios. With the null text embedding,
∅, and a guidance scale parameter w, the guidance prediction is
given by:

ε̃θ(zt, t, C,∅) = w · εθ(zt, t, C) + (1− w) · εθ(zt, t,∅). (3)

In this work, we adjust the parameters w and T to control the
degree of image editing.

IV. METHOD

A. Overall Framework

Fig. 3 shows the main components of the DN2N model. It
first involves training the model on a variety of scenes. For
each scene, we first utilize BLIP [30] to obtain its description
as the input caption and then employ GPT [31] to randomly
modify this caption to create the target caption. We then use a
2D image editing model [27] to apply minor perturbations to the

scene based on these captions to obtain training data pairs. The
training objective of our model is to remove these perturbations
and reconstruct the 3D scene (see (8)). We devise a novel NeRF
model structure with versatility for rendering consistent results.
In addition, we introduce cross-view regularization terms to
aid model training. Specifically, we use two sets of randomly
sampled source views to render the same target view, resulting
in Tgta and Tgtb, respectively, and render a neighboring view
around the target view to obtain Nbr. We then impose a con-
sistency loss (see (9) and (10)) on the three rendered results.
During inference, we begin by applying standard magnitude
editing to a new scene and filter out images with poor editing
effects (see (13)). Finally, we feed the filtered images into
the well-trained versatile model to obtain edited novel views
directly.

B. Mathematical Model

In this part, we systematically provide a theoretical derivation
and mathematical modeling of DN2N and noise perturbations.

A 3D scene consists of N images and corresponding camera
parameters, {Ii, Pi}Ni=1. We employ a 2D editing model F to
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obtain the pre-edited image Ĩi for each Ii:

Ĩi = F(Ii, C
i
in, C

i
tgt, θ), (4)

where Ci
in is input caption for the unedited image Ii, Ci

tgt

is target caption for the edited image Ĩi, and θ is the hyper-
parameters of modelF . After removing the poorly edited images
in {Ĩi, Pi}Ni=1, the resulting data is denoted as {Ĩm, Pm}Mm=1,
where M ≤ N . When Pk �= Pm, the versatile NeRF model G
with parameter Θ predicts the target view Îm using K source
views {Ĩk, Pk}Kk=1:

Îm = G({Ĩk, Pk}Kk=1,Θ). (5)

Assuming the ideal ground truth (GT) of edited images with 3D
consistency is denoted as Igtm , the objective function is:

argmin
Θ

M∑
m=1

∥∥∥Igtm − Îm

∥∥∥
2

. (6)

However, the ideal GT of the edited scene is not at our disposal.
Thus, we express the pre-edited image Ĩm as:

Ĩm = Igtm +�Im. (7)

This implies that the inconsistent image Ĩm can be perceived
as the consistent GT image Igtm with perturbations �Im. The
consistent editing results can be obatained by Igtm = Ĩm −�Im.
Thus, we introduce similar random perturbations �Ii to the
clean 3D scene images {Ii}Ni=1 by adjusting the parameters θ
in F . This process generates the perturbed dataset, {Ĩi, Pi}Ni=1,
where the unedited images {Ii}Ni=1 serve as pseudo GT. This
formulation theoretically addresses the challenges of perturba-
tion modeling and dataset construction. It is important to note
that the perturbation �Im is not a fixed additive term, but rather
conforms to the inherent editing characteristics of the model
F , enabling it to apply scene-specific perturbations during the
editing process. Furthermore, the pseudo GT is equivalently
substituted for the ideal GT used in inference editing, ensuring
that the inconsistencies between them are similar. The model G
can then be trained as follows:

argmin
Θ

N∑
i=1

∣∣∣Ii −G({Ĩk, Pk}Kk=1,Θ | Pk �= Pi)
∣∣∣
2

. (8)

C. Generate Training Data Pairs

Training the versatile model G in (8) needs ample data.
Consequently, we construct vast training data pairs of perturbed
scene and pseudo label, {Ii +�Ii, Ii}, to enable the model to
synthesize 3D-consistent novel views while effectively remov-
ing the perturbation �Ii.

Generate input and target captions: We utilize BLIP [30] and
GPT [31] to generate training data pairs. As shown in Fig. 4, we
randomly select a scene image into the BLIP to obtain its input
caption, such as “a white shoe.” Then, we use GPT to rewrite it
into a target caption, such as “a purple slipper.” The four prompts
for GPT are: (1) List 100 famous painters; (2) List 50 famous
painting schools; (3) List 100 famous paintings; and (4) Replace,
add, or delete partial words in the following sentences: X (X is

Fig. 4. Examples of the generated perturbed scene. We utilize the BLIP
model [30] and GPT model [31] to obtain the input and target captions required
for editing, then add perturbations to the original scene to get the perturbed scene
by controlling key parameters of the 2D editing model [27]. In this work, we
construct over 480,000 diverse 3D scenes for training our versatile model.

the input caption). For (1), a chosen painter like “Van Gogh”
could transform the caption “a blue and white vase” into “Van
Gogh painting of a blue and white vase”. Similar procedures
apply to (2) and (3). For (4), GPT might get a target caption like
“a yellow and white cup.”

Generate perturbations: After obtaining the input and target
captions, we can construct perturbed scenes with inconsistency.
For each image of a scene, we apply random perturbations by
controlling the hyper-parameters in (3).

D. Model Design

The proposed approach differs significantly from existing
models designed solely for NVS tasks on clean data. Our method
aims to generate consistent novel views from inconsistent, edited
source views. Fig. 3 illustrates the novel architecture designed
for model G. We design the following two modules to complete
3D editing tasks.

Feature aggregation: Directly editing scenes from multi-
views can disrupt the consistency between these views and
result in losing information from the original scene. To address
this issue and enable the model to capture the disrupted scene
information better, we first incorporate multi-view aggregation
and integration of unedited image information to render con-
sistent results. Specifically, we use a UNet-like network with
the ResNet34 [70] backbone to extract features from both the
unedited views Ii and pre-edited views Ĩi. These feature maps
are then concatenated and input into subsequent CNN networks
to derive the feature maps Fi.

Versatile volume rendering: When estimating the color c and
density σ of sampled points along the rays, we use the MLP
networks to integrate information from the edited images Ĩi,
feature maps Fi, and viewing directions d. For density predic-
tion, we adopt a design of transformer networks [71] inspired by
IBRNet [3]. For color estimation, we incorporate additional pixel
difference information among source views to capture the extent
of editing across different perspectives, aiding the network in
improved learning.
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The detailed model architecture and the data propagation
process are delineated in the supplementary material.

E. Loss Function

We use a training approach similar to that of the versatile
NeRF models [3], [29], which involves predicting the target view
based on several source views. Unlike these methods, our train-
ing data incorporates perturbations. In addition to generating
novel views, the training objectives of our model also aim to
eliminate perturbations. Thus, beyond the specific design of the
network architecture discussed in Section IV-D, we develop two
loss functions to remove these perturbations.

Self-view robustness loss: We use two independent predic-
tions, A and B, in this work. For A, we use source views
{Src1a, Src2a, . . .} to predict the target view Tgta. For B, we
use different source views {Src1b , Src2b , . . .} to predict the same
target view Tgtb. Then, we calculate the L2 loss to ensure
consistency between the two predictions:

�self = ‖Tgta − Tgtb‖2 . (9)

Neighboring view consistency loss: Empirically, we observe
that there are often noticeable texture or color discontinuities
between adjacent views when rendering along a smooth camera
path. To address this issue, we enforce a smooth transition
between adjacent views. Specifically, we slightly perturb the
pose corresponding to the target view and generate a neighboring
view Tgtnbr based on the perturbed pose. We then project the
pixel points from the target view onto the neighboring view
using the depth rendered by model G. We further minimize
the following loss to reduce image discontinuities caused by
changes in the viewing angle:

�nbr = ‖M(Tgta − Tgtnbr)‖2 + ‖M(Tgtb − Tgtnbr)‖2 ,
(10)

where M refers to a mask that discards some pixels on the target
view that are not visible to the neighboring view.

We note that the weights of some sampled points are uni-
formly distributed along the rays, leading to floating objects
in the predicted results and inaccurate depth estimates, which
may affect the accuracy of the target view to neighboring view
projection. Thus, we introduce an entropy loss [72] for the
weights of the sampled points:

�en = −
∑

Ti(1− exp(−σiδi) log (Ti(1− exp(−σiδi)),

(11)
where Ti = exp(−∑i−1

j=1 σiδi). σi is the density and δi denotes
the distance between adjacent sampled points.

Total loss: During training, the model cannot render a com-
plete image in a single forward pass due to GPU memory
limitations. The loss is computed on the patch level, and the
total loss function is as follows:

� = �rec + λ1�self + λ2�nbr + λ3�en + λ4�tv, (12)

where �rec is the reconstruction loss obtained from (8), and �tv
is the total variation regularization term [73].

F. Content Filter

During the inference stage, applying normal amplitude edits
to 3D scene images may lead to poor editing results for certain
views. These poor editing results cannot be fully remedied solely
through the model G. Thus, we first design a content filter to
remove these edited images. The goal is to maintain the degree
of editing consistency across various views. To achieve this, we
consider the following two situations: (1). A smaller degree of
editing implies fewer changes in the edited image relative to
the original image and input caption, while a larger discrepancy
with the target text. (2). Conversely, a higher degree of editing
denotes more significant changes in the edited image compared
to the original, bringing it closer to the target text.

The evaluation metrics used in the content filter can be mea-
sured through the relationship between the original image Ii,
edited image Ĩi, original text description Cin, and target text
description Ctgt. Combining evaluations of editing results from
previous methods [64], [65], we propose a content filter based
on the following four tuples:

⎧⎪⎪⎨
⎪⎪⎩

(a). SSIM(Ii, Ĩi)

(b). CLIP(Ĩi, Ctgt)

(c). CLIP(Ii, Ĩi)
(d). CLIP(Ii, Ĩi)− CLIP(Cin, Ctgt)

(13)

Metrics (a) and (b) assess the image similarity before and after
editing. The metric (c) gauges the similarity between the edited
image and the target caption, while the metric (d) evaluates the
relative offset between the text and the image. These indicators
assess the editing results on different dimensions. After this
process, only minor perturbations remain, which can be elimi-
nated using the well-trained model G. For all edited images, we
compute and sort the four metrics individually. We then discard
the top and bottom 10% of outliers, retaining only values close
to the mean to reduce the differences among the edited images.
We provide the impact of different discard ratios on the editing
results in the supplementary materials.

V. EXPERIMENTS AND ANALYSIS

A. Implementation Details

Datasets: The training data for DN2N are sourced from
Google Scanned Objects [74], NeRF-Synthetic [1], Spaces [75],
and IBRNet-collect [3]. Specifically, Google Scanned Objects is
trained at 512 × 512 resolution, NeRF-Synthetic at 800 × 800,
Spaces at 800 × 480, and IBRNet-collect at 504 × 378. The
evaluation is conducted on entirely unseen datasets, including
LLFF [76] and NeRF-Art [64], as well as outdoor datasets with
characteristics entirely distinct from the training data, such as
OMMO [77] (drone scene captured from a 360-degree drone
perspective) and KITTI [78] (street scene captured from a vehi-
cle perspective). All text prompts presented in the experimental
results were excluded from the training process.

Training details: We use the PyTorch framework to implement
our method and employ the Adam optimizer [79] with the initial
learning rates of 1e-4 for the CNN and 5e-4 for the MLP. The
training process runs for 300 K steps with a batch size of 500
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rays. The initial values for the loss weight in (12) are set as λ1 =
1e-3, λ2 = 1e-3, λ3 = 1e-3, and λ4 = 2e-3, respectively. The loss
lnbr is computed after the iteration count exceeds 10K. During
the training phase, we randomly select a variable number of
source views ranging from 6 to 15, while using 15 source views
during inference. The number of sampled points on a ray is set
to 64.

Metrics: To evaluate the model’s versatility in removing per-
turbations, we compute the PSNR between the original clean
scene and the scene after perturbation removal by the model.
We conduct an additional user study to assess the editing results
more comprehensively. To evaluate model efficiency, we report
the run time for scene editing and model size. We also employ
the quantitative CLIP Directional score (CDS) and CLIP Con-
sistency score (CCS) as outlined by Instruct-N2N [65], and show
this result in the supplementary materials.

Baselines: We evaluate the proposed DN2N model against
the state-of-the-art NeRF methods, including PixelNeRF [80],
MVSNeRF [28], IBRNet [3], and Neuray [29]. For 3D scene
editing experiments, we draw comparisons with text-driven
approaches such as NeRF-Art [64], Instruct-N2N [65], Clip-
NeRF [63] and GaussianEditor [10], image-driven style transfer
methods like ARF [22] and Learning-to-Stylize [56], and the
DFF [14] method for scene decomposition based on semantics.

We generate training datasets and train our model on 8 V100
GPUs. The data generation takes approximately ten days, while
model training requires about six days. The inference is per-
formed on a single V100 GPU.

B. Versatility of DN2N

As shown in Figs. 1 and 5, DN2N supports a wide range
of editing capabilities, including modifying scene appearance,
altering weather conditions, performing style transfer, and re-
placing objects. Moreover, even when applied to datasets with
characteristics entirely distinct from the training data, DN2N
demonstrates remarkable generalization, as illustrated by the
autonomous driving scenes in Fig. 5(b) and the 360-degree
drone-captured scenes in Fig. 5(c). Notably, our method con-
tinues to produce correct editing results even when given un-
conventional target texts that differ substantially from the input
text (see Fig. 5(d)). These results indicate that, by training on a
dataset with perturbations generated through slight adjustments
of editing parameters, DN2N can successfully generalize during
inference to unseen text instructions and scenes, even in the
presence of inconsistencies introduced by “normal editing.”

C. Qualitative Results and Comparisons

Text-driven 3D scene editing: We compare our approach with
state-of-the-art text-driven editing methods in Fig. 6(a). NeRF-
Art uses multiple loss functions to retrain a model when given
target words but struggles with complex and precise editing
effects. Instruct-N2N and GaussianEditor iteratively edit 2D
images and retrain models, consuming significant resources. In
contrast, DN2N is directly inferred after giving a text without
any intervening training process. The editing results by DN2N

TABLE I
MODEL PERFORMANCE TO RESIST PERTURBATIONS. THE METRIC VALUES REFER

TO THE DECREASE IN MODEL PERFORMANCE AFTER INTRODUCING

PERTURBATIONS TO THE SCENE. A SMALLER VALUE INDICATES A STRONGER

RESISTANCE TO INCONSISTENCY, MAKING THE MODEL MORE SUITABLE FOR 3D
SCENE EDITING TASKS.

are more realistic and retain more areas unrelated to the target
caption, as shown in Fig. 6(a).

Appearance editing: Editing an object’s appearance involves
two implicit steps: locating the target area and modifying its
appearance. As shown in Fig. 6(b), DN2N accurately identifies
and edits the target area without retraining, aligning with the
target description. While Clip-NeRF fails to locate the target area
precisely. DFF employs DINO or Lseg for accurate localization
but requires manual image editing and scene-specific training,
making it less efficient than DN2N. Furthermore, both methods
require training separate models for each scene, making them
less efficient than DN2N.

Style transfer: Fig. 6(c) compares DN2N with other style
transfer methods. Learning-to-Stylize mimics reference image
colors but misses curved strokes, while ARF overemphasizes
strokes, degrading visual quality. In contrast, DN2N synthesizes
the scenes by capturing the target style’s color and stroke.
Furthermore, both Learning-to-Stylize and ARF necessitate se-
lecting a reference image first and then training an editing model,
making them less efficient and practical than the DN2N.

Geometric editing: We conduct comparative experiments on
geometric editing, as shown in Fig. 7, which demonstrate that
our method also performs well in this category of edits. It is im-
portant to note that Instruct-NeRF2NeRF and Gaussian-Editor
require retraining and storing a new model for each edit, whereas
our approach is training-free and offers an O(1) model storage
advantage.

D. Quantitative Results and Comparisons

Resistance to perturbations: DN2N is designed for scene
editing and aims to eliminate the 3D-inconsistent perturbations
introduced by 2D editing models. To this end, we evaluate the
PSNR degradation after applying editing perturbations across
different methods, as reported in Table I. The results show that
existing methods suffer significant performance drops due to
inconsistencies introduced during multi-view editing. In con-
trast, DN2N demonstrates much greater stability under these
conditions. Moreover, Fig. 8 further illustrates the correctness
of the perturbation modeling in DN2N, enabling it to effectively
eliminate perturbations introduced by 2D editing models and
achieve superior 3D consistency in the editing results.

Model efficiency: Table II shows the merits of DN2N over
state-of-the-art methods in run time and model storage. Regard-
ing run time, DN2N does not require training for new scenes or
new types of edits, only necessitating inference time for editing,
making it more time-efficient than, or comparable to, alternative
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Fig. 5. Versatile editing capabilities of DN2N.
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Fig. 6. Comparison with other 3D scene editing methods. DN2N achieves editing results comparable to or surpassing those of previous methods requiring
retraining for every edit, while eliminating the need for repeated training iterations.

techniques. Regarding model storage, DN2N can be applied to
all scenes and types of edits, and it entails a constant space
complexity of O(1) while other methods necessitate the space
complexity of O(n). It is important to note that our method
inherits a limitation common to feed-forward approaches [3],
[28], [29]: inference relies on extracting features from input
images, necessitating the storage of source views. However,
the advantage is that, compared to methods that require storing

model weights, managing, compressing, and distributing stan-
dardized image files is often far more maintainable.

E. User Study

We perform a user study of 50 participants to choose preferred
editing results generated by DN2N and other methods. There are
1700 votes based on three evaluation metrics: 3D consistency,
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Fig. 7. Comparison for geometric editing. Our approach performs well on geometric editing and requires no retraining, whereas baseline methods necessitate
retraining and storing a new model for each individual edit.

Fig. 8. Comparison of other NeRF models on the fern scenes. The greater the degree of editing, the more inconsistency it brings to the scene. DN2N can generate
more consistent images than other methods.

TABLE II
QUANTITATIVE COMPARISON OF TIME AND SIZE FOR EDITING THE FLOWER

SCENE IN LLFF DATASET. ‘TC’ AND ‘SC’ ARE TIME AND MODEL STORAGE

COMPLEXITY, RESPECTIVELY. DN2N REDUCES THE MODEL’S STORAGE

COMPLEXITY FROM O(n) TO O(1).

preservation of the original scene content, and faithfulness to
the text description. Fig. 9 shows that DN2N is overall favored
in these evaluation metrics. For more details on the user study,
please refer to the supplementary materials.

F. Visualization of Geometric Information

We visualize the depth maps before and after scene editing
in Fig. 10. This is divided into two cases: first, when only the
appearance is edited, the depth maps before and after exhibit

negligible differences. Second, for edits altering the geometry
of objects, the depth maps correspondingly exhibit changes as
well, validating the 3D awareness of our editing approach.

G. Ablation Studies and Analyses

Visual quality: We demonstrate the contribution of each com-
ponent of DN2N in Fig. 11. Overall, the absence content filter
results in significant image distortion. This can be attributed
to the fact that applying normal amplitude edits to 3D scene
images may produce extremely poor editing results for a few
views, making it difficult for the model to generate consistent
results without the content filter. In addition, omitting the data
perturbation process or removing the cross-view regularization
terms during training would significantly affect the model’s
performance on edited results. This is primarily because the
model needs to eliminate inconsistency from the perturbed data
constructed, and constraints on the training process are required
to foster the emergence of this capability. Furthermore, we
evaluate DN2N’s ability to remove perturbations by applying
several random disturbances to the scene depicted in Fig. 11.
The PSNR results are presented in Table III. These results show
that training the versatile model with perturbed data is crucial,
and enforcing cross-view consistency can also enhance model
performance.
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Fig. 9. User study. The overall performance of DN2N surpasses previous methods in three evaluation criteria.

Fig. 10. Visualization of geometric information. When only editing the ap-
pearance (first row), the depth maps exhibit minor changes. For edits altering
the geometry of objects (second row), the depth maps correspondingly exhibit
changes as well, validating the 3D awareness of our approach.

Fig. 11. Ablation studies for key components in DN2N. We recommend
referring to the video demo in our supplementary materials to observe the
consistency differences.

TABLE III
PSNR RESULTS OF ABLATION STUDIES FOR DATA PERTURBATION (DP), lself

AND lnbr . EXPERIMENTS ARE CONDUCTED BY APPLYING FOUR RANDOM MINOR

PERTURBATIONS (ID 1 ∼ 4) TO THE SCENE EDITING IN FIG. 11.

3D consistency: We show ablations on consistency between
different novel views. Without perturbed data, we observe sig-
nificant color and gloss discontinuities between different novel
views in the editing results, as shown in Fig. 12. Normal editing
may cause substantial consistency disruption in 2D editing re-
sults at the inference stage, which the content filter can mitigate.
Removing this filtering process leads to noticeable inconsistent

Fig. 12. Effect of data generation and content filter. Without the data gen-
eration and content filter, the rendered novel views may contain inconsistent
glossiness and color.

Fig. 13. Effect of different types of noise perturbation. We use diverse noise
types to construct perturbed scenes for training and then use these models to
edit the house into a cyberpunk style. DN2N performs favorably in eliminating
inconsistency compared to random Gaussian or fixed-parameter noise type.

Fig. 14. Effect of the lself and lnbr . Without lself , the 3D consistency of the
rendering results under different source views is poor. Without lnbr , generated
images contain inconsistent color or brightness among different neighboring
views.
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Fig. 15. Failed editing cases. The editing ability is limited by the 2D multimodal models. In addition, the text format needs to follow the form required by the
2D model.

Fig. 16. Visualize the editing results of the 2D editing model, as well as the
maximum, minimum, and median values for each metric of the content filter.
The images that correspond to the minimum and maximum values often exhibit
either low or excessive editing degrees. By discarding them, we can enhance the
3D consistency among the remaining images.

results. Fig. 14 shows that generated images contain noticeable
color or brightness inconsistency when removing the lself and
lnbr regularization terms.

Analysis of noise perturbation: We consider the inconsistency
arising from multi-view editing to be inherent to the character-
istics of 2D editing models. Consequently, we construct training
data pairs exhibiting inconsistency by manipulating two crucial
parameters in the editing process: guidance scale w and sample
steps T , as detailed in Section IV. We empirically demonstrate
that the DN2N trained on such data can eliminate inconsistency.
To further validate this, we reconstruct the training data using
two types of noise and trained corresponding models. The first
approach simulates post-editing inconsistency using Gaussian
random noise, while the second applies perturbations to the
scene using a 2D editing model with fixed w and T values.
The experimental results in Fig. 13 show that models trained
using these two methods still contain significant 3D inconsistent
results after editing. In contrast, DN2N effectively mitigated
the inconsistency issue, showing that the noise perturbations
we introduced closely approximate the real perturbations, as
theoretically derived in Section IV-B.

Analysis of content filter: In Fig. 16, we present the maximum,
minimum, and median values of the filtering criterion defined in

Fig. 17. The sensitivity of our method and Instruct-NeRF2NeRF to varying
prompts. Our method performs better when the prompt provides precise descrip-
tions, while Instruct-NeRF2NeRF lacks the capacity to handle complex prompts
effectively.

(13), along with their corresponding original and edited images.
It demonstrates that the metrics employed in the content filter
effectively identify edits that are either insufficient or overly
aggressive. A discard ratio that is too small fails to remove inad-
equate edits, while an excessively large ratio may erroneously
eliminate satisfactory results. As an engineering trade-off, a
discard ratio of 10% effectively removes these extreme editing
cases, thereby facilitating superior 3D editing performance. For
sensitivity analysis of the parameter discard ratio, please refer
to the supplementary materials.

Sensitivity to varying prompts: We further analyze the sen-
sitivity of different methods to diverse prompts. As shown in
Fig. 17, both our method and Instruct-NeRF2NeRF exhibit a
certain degree of prompt sensitivity. Some types of prompts
may lead to suboptimal editing results, manifested as artifacts
or blurriness, but overall, our method outperforms Instruct-
NeRF2NeRF. In general, our approach achieves better results
with more detailed prompts, likely because precise descriptions
enable the 2D editing model to produce more consistent multi-
view edits.

H. Limitation and Future Work

Experimental results show that DN2N exhibits strong gen-
eralization capability in scene editing tasks without requiring
the per-scene or per-edit retraining that is necessary for existing
methods. However, several limitations remain. First, employing
a 2D multimodal model for 3D scene editing inherently inherits
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the constraints of the underlying 2D approach. This limitation
is common across methods in this research line. For instance,
CLIP-NeRF [63] is constrained by CLIP [25], while Instruct-
N2N [65] and GaussianEditor [10] are restricted by Instruct-
Pix2Pix [26]. Similarly, our method is limited by Null-text [27].
As shown in Figs. 15(a) and 17, a single 2D editing model cannot
robustly handle the full diversity of prompts, which can result
in degraded editing performance. In addition, when significant
textural or geometric conflicts arise among the input 2D edited
views, our network tends to produce an “average” of these
conflicting inputs to satisfy multi-view consistency constraints,
leading to blurriness. Potential avenues for improvement include
enhancing the consistency of upstream 2D edits, appropriately
reducing the number of reference views, and incorporating prior
models to refine the blurred outputs. Moreover, although our
method eliminates the need for retraining, its rendering effi-
ciency remains limited. However, the core idea of DN2N is
highly extensible and could be further enhanced in the future
by integrating efficient, generalizable 3D representations, such
as 3DGS variants [81], [82], [83], [84], to improve our method’s
rendering performance.

VI. CONCLUSION

In this work, we propose a text-driven method, DN2N, for
editing 3D scenes that exhibits strong versatility and enables
realistic novel view editing without additional training for each
modification task. DN2N leverages existing 2D editing methods
to perform initial editing of 3D scenes based on textual prompts.
We then filter out poorly edited images, treating the remaining
inconsistency as perturbations on top of consistently edited
results. We present a NeRF model to eliminate such perturbation
and provide effective training approaches, including creating
sufficient training data and strengthening cross-view robustness.
Extensive experimental results demonstrate DN2N makes edit-
ing easier, supports multiple editing capabilities, and eliminates
the need for training on new scenes.
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