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Figure 1. Adaptive source driven editing by CustomNeRF. Our method can accurately edit the original NeRF scene according to text
descriptions or reference images, which are formulated as textual prompts or hybrid prompts. After editing, the foreground regions exhibit
appropriate geometric and texture modifications consistent with the editing prompts. The layouts and background contents of the edited
scenes remain almost the same as the original ones.

Abstract unifies a text description or a reference image as the edit-

ing prompt. However, obtaining desired editing results con-

In this paper, we target the adaptive source driven 3D formed with the editing prompt is nontrivial since there ex-
scene editing task by proposing a CustomNeRF model that ist two significant challenges, including accurate editing of
only foreground regions and multi-view consistency given a
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we propose a Local-Global Iterative Editing (LGIE) train-
ing scheme that alternates between foreground region edit-
ing and full-image editing, aimed at foreground-only ma-
nipulation while preserving the background. For the sec-
ond challenge, we also design a class-guided regulariza-
tion that exploits class priors within the generation model
to alleviate the inconsistency problem among different views
in image-driven editing. Extensive experiments show that
our CustomNeRF produces precise editing results under
various real scenes for both text- and image-driven set-
tings. The code is available at: https://github.
com/hrz2000/Cust omNeRF.

1. Introduction

Characterized by the ease of optimization and contin-
uous representation, neural fields (e.g., NeRF [23] and
NeuS [43]) have garnered extensive attention, further in-
spiring numerous studies in the field of 3D scene edit-
ing, such as retexturing [34, 45], stylization [50], or de-
formation [7, 47] of 3D objects or scenes. In order to
enhance the flexibility and accessibility of editing, recent
works [8, 39, 51, 52] have proposed text-driven 3D scene
editing, utilizing textual prompts to enable editing with
more freedom. These methods take advantage of the pow-
erful capabilities of pre-trained diffusion models [4, 35]
to provide visual information conformed with the textual
prompts, thereby achieving semantic-aware editing.

However, these text-driven methods are only able to
achieve general editing to the original 3D scene, leading
to a wide range of possible editing outcomes. To meet more
customized requirements of users, a reference image could
be introduced to depict the desired outcome precisely, in-
spiring a more challenging but under-explored task of spe-
cific editing. In Figure 1, the textual prompt “a dog stand-
ing in the forest” is an example of general editing, which
replaces the bear statue with an arbitrary dog. By further
restricting the visual characteristics of the dog with a ref-
erence image such as a black dog, one can realize specific
editing to replace the bear statue with the desired one.

In this paper, we present a unified framework named
CustomNeRF to support adaptive source driven 3D
scene editing, where a subject-aware Text-to-Image (T2I)
model [16] is employed to embed the specific visual subject
V* contained in the reference image into a hybrid prompt,
meeting both general and specific editing requirements as
illustrated in Figure 1. The key to obtaining desired editing
results lies in the precise identification of the foreground re-
gions, thereby facilitating view-consistent foreground edit-
ing while maintaining the background. This poses two sig-
nificant challenges: Firstly, since NeRF is an implicit repre-
sentation of 3D scenes, editing NeRF directly is difficult in
terms of accurately locating and manipulating only the fore-

ground regions, which necessitates a well-designed train-
ing scheme. Additionally, the lack of accurate inter-view
calibration data during training may lead to inconsistency
among views, i.e., the Janus problem. This problem wors-
ens in the image-driven setting, as the diffusion model fine-
tuned tends to overfit the input viewpoint of the reference
images as encountered in [30].

To tackle the first challenge, we propose a Local-Global
Iterative Editing (LGIE) training scheme that alternates be-
tween foreground region editing and full-image editing.
Concretely, a foreground-aware NeRF is designed to esti-
mate the editing probability in addition to color and density
to distinguish between foreground and background regions,
enabling the separate rendering of the foreground region. In
the local stage, we feed the foreground-only rendered im-
ages and corresponding editing prompt into the T2I model,
so that the parameters of NeRF are optimized to only edit
the foreground region. In the global stage, the T2I model
takes the fully rendered images and editing prompt as input
to optimize NeRF, leveraging useful clues about sizes, po-
sitions, and postures contained in the background region to
prevent layout drifting from the original scene. Through the
local-global alternating, we can simultaneously constrain
the foreground layout and maintain the background content.
To tackle the second challenge, we design a class-guided
regularization that only uses class words to denote the sub-
ject of the reference image to form a textual prompt during
the local editing stage. In this way, the general class pri-
ors within the T2I model can be exploited to promote geo-
metrically consistent editing of the novel subject. Together
with the specific subject appearance learned by the hybrid
prompt in the global editing stage, we can gradually trans-
fer the subject’s visual characteristics to different views for
producing view-consistent editing results.

Our contributions are summarized as follows: (1) We
present a unified framework CustomNeRF to support adap-
tive source driven 3D scene editing, achieving accurate edit-
ing in both text-driven and image-driven settings. (2) A
Local-Global Iterative Editing (LGIE) training scheme is
proposed to accurately edit foreground regions while main-
taining background content. (3) We design a class-guided
regularization to exploit class priors within the T2I model
for alleviating the Janus problem in image-driven editing.

2. Related Works
2.1. Text-to-Image Generation and Editing

Text-to-image generation [3, 5, 13, 31-33, 35, 37], which
aims to generate high-quality images according to given
text prompts, has gained considerable attention recently.
Among these methods, diffusion model based methods,
such as Stable Diffusion [35] and DALL-E 2 [32], have
shown remarkable image generation ability as a result of
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training on massive text-image datasets. Ultilizing the rich
cross-modal semantic knowledge inherent in pre-trained
text-to-image generation models, several works [1, 4, 9, 20]
have employed them in text-guided image editing, which
aims to modify given images based on text descriptions.
However, these methods are limited to editing styles or con-
tents of images but fail to perform well when faced with
more complex modifications, e.g., layout adjustments, sub-
ject posture transformations, etc.

To preserve subject identity between the generated and
original images while achieving more intricate control
over the appearance and posture of these subjects, some
works [6, 16, 36] have explored the task of subject-aware
text-to-image generation. For example, Custom Diffu-
sion [16] realizes faster tuning speed with efficient pa-
rameter optimization, and further explores multiple subject
combinations through closed-form constrained optimiza-
tion, thereby extending the capabilities of subject-aware
text-to-image generation. In our work, we employ this
method for reference image embedding, thus unifying text-
driven and image-driven editing settings.

2.2. 3D Generation and Editing

With the significant progress made in text-to-image gen-
eration, there has been an increasing exploration of text-
to-3D generation where pretrained visual-language mod-
els [38, 41] (e.g., CLIP [29]) or text-conditioned diffusion
models [12, 17, 28, 30, 42, 46] (e.g., Stable Diffusion [35])
are leveraged to generate realistic 3D objects or scenes from
textual descriptions. DreamFusion [28] proposes a Score
Distillation Sampling (SDS) loss to use a pre-trained 2D
diffusion model as a prior for optimization of neural fields,
but cannot be used to edit existing real-world scenes due to
lack of full alignment between images and text descriptions.

Given a pre-trained NeRF of a photo-realistic scene, neu-
ral field editing allows for manipulation at varying degrees,
resulting in an edited NeRF that is visually coherent and
cross-view continuous [2, 8, 18, 25, 34, 39, 41, 48, 52].
Leveraging the powerful text comprehension and genera-
tion capabilities of text-guided image generation and editing
models, some works [8, 39, 51, 52] have enabled complex
textual instructions to freely manipulate 3D scenes at local
or global levels. In order to achieve accurate 3D editing, it is
critical to determine precise editing regions while avoiding
unnecessary modifications to non-editing regions in a 3D
scene, which is relatively challenging for the implicit NeRF
representation. To this end, Vox-E [39] and DreamEdi-
tor [52] adopt explicit 3D representations (e.g., voxel and
mesh) and utilize the cross-attention maps to selectively
modify the target regions, RePaint-NeRF [51] constrains
background contents with a semantic mask. Compared with
these methods, our method edits directly on NeRF and con-
ducts foreground-only edits with a well-designed Local-

Global Iterative Editing training scheme. Furthermore, our
method supports both text-driven and image-driven editing,
which allows users to freely customize existing NeRF mod-
els according to their requirements.

3. Preliminary
3.1. Latent Diffusion Model

Latent Diffusion Models (LDMs) [35] is a variation of De-
noising Diffusion Probabilistic Models (DDPMs) [10] that
operate in the latent space of images. It consists of an auto-
encoder and a UNet-structured diffusion model. The auto-
encoder is composed of an encoder £(-) that maps an image
x into a spatial latent code z = £(x) and a decoder D(-)
that maps the latent code back to image D(£(x)). The dif-
fusion model is trained to produce latent codes within the
encoder’s latent space with:

Lrom = Epmgx)yeno),elll€s(zet,y) —€ll3], (D

where z; is the noisy latent code at timestep t, € is the sam-
pled noise, €4 (+) is the UNet that predicts the noise content,
and y denotes the text description. During inference, a ran-
dom noise zr is sampled and iteratively denoised to pro-
duce zg, which is mapped back to the image space through
image decoder x’ = D(zg).

3.2. Score Distillation Sampling Loss

Score Distillation Sampling (SDS) loss [28] optimizes a
NeRF model under the guidance of a 2D text-to-image dif-
fusion model mentioned in Section 3.1 to realize text-to-3D
generation. Let 6 denote the parameters of NeRF model,
and ¢g(-) denotes the process of image rendering. The NeRF
model first renders a randomly viewed image x = g(6),
which is then transformed to noisy latent code z; by feed-
ing to the latent encoder £(-) and adding noise sequentially.
The SDS loss is calculated as follows:

VoLss(6,9(0)) = e wt)(colzeit9) — ) ], @)

where w(t) is a weighting function depending on timestep ¢
(Equation 1). During training, the above gradients are back-
propagated to the NeRF model only, enforcing it to render
images that look like outputs of the frozen diffusion model.

4. Method

Given a set of well-calibrated images representing a 3D
scene, our goal is to edit the reconstructed 3D scene un-
der the guidance of a textual prompt or a reference im-
age, enabling editing of the foreground regions while pre-
serving the background regions simultaneously. The over-
all pipeline of our CustomNeRF is illustrated in Figure 2,
which consists of three steps. First, to reconstruct the orig-
inal 3D scene, we train a foreground-aware NeRF where
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Figure 2. The overall pipeline of our CustomNeRF. Given an original 3D scene, CustomNeRF aims to edit it according to a textual
description or a reference image. Our pipeline consists of three steps in total. (a) Reconstruct the original 3D scene with a foreground-
aware NeRF, which enables the identification of foreground regions. (b) Finetune the pre-trained text-to-image diffusion model to embed
the visual subject in the reference image into a special token V*. This step is only required in image-driven editing. (c) Optimize the
given NeRF with our proposed Local-Global Iterative Editing (LGIE) training scheme to align with the textual description or the reference
image. The local and global data flows occur in an alternating manner. Prompt2 is employed in image-driven editing whereas Promptl is
utilized in text-driven editing. Prompt0 is shared in both editing settings.

an extra mask field is introduced to estimate the editing
probability besides regular color and density prediction as
shown in Figure 2(a). The editing probability is utilized in
the last step to discriminate regions to be edited (i.e., fore-
ground regions) from irrelevant regions (i.e., background
regions). Second, as illustrated in Figure 2(b), we em-
ploy a subject-aware Text-to-Image (T2I) diffusion model
to encode the subject in the reference image as a special
token V*, thus forming a hybrid prompt for image-driven
editing (not required for text-driven editing). Finally, we
train the edited NeRF conditioned on the textual prompt or
the hybrid prompt using the Local-Global Iterative Editing
(LGIE) scheme, allowing it to render images that conform
with the editing prompt while preserving background con-
tents, which is presented in Figure 2(c). The class-guided
regularization is further adopted in image-driven editing to
alleviate the Janus problem.

4.1. Foreground-aware NeRF Training

Given a 3D point p and a view direction d, a typical
NeRF [22] defines MLPs to output view-dependent color
¢(p, d) and the point density o(p). Considering a pixel’s
camera ray r(k) = o + kd starting from origin o in direc-
tion d, with k representing the distance from o. The color

of this pixel can be obtained by volume rendering:

kg
C(r) = /k T()o (r(k))c(r (k). d)d,

. 3)
where T'(k) = exp —/ o(r(k))dk |,
ky

where k,, and k; are the near plane and the far plane,
T'(k) can be regarded as transparency. MSE loss between
the rendered color C'(r) and the captured color C'(r) is cal-
culated for supervision.

In our method, to identify foreground regions, we ex-
tend the typical NeRF with an extra mask field estimating
the editing probability m(p, d) € (0, 1) of point p from the
view d, which is shown in Figure 2(a). Pixel editing prob-
ability of ray =, denoted by M (r) can be rendered in the
same way as Equation 3. To acquire the ground truth of
M(r), we incorporate Grounded SAM [11, 15, 19] to ob-
tain the binary segmentation mask M () of each captured
image according to a textual prompt describing the edited
region, e.g., “a bear statue” in Figure 2(a). BCE loss is
calculated between M (7) and the pseudo label M ().

4.2. Reference Subject Learning

In order to unify the formulation of image-driven and test-
driven editing tasks, we adopt an efficient subject-aware
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text-to-image generation model Custom Diffusion [16] for
reference subject encoding. Custom Diffusion is built upon
a pre-trained text-conditioned diffusion model and fine-
tuned on several reference images to generate images of the
specific subject while preserving its key identifying charac-
teristics. As illustrated in Figure 2(b), a special word V'* is
defined to uniquely identify the reference subject in the ref-
erence image, which is optimized by the LDM loss (Equa-
tion 1) to map it to a proper word embedding. After train-
ing, V* can be treated as a regular word token to form a
hybrid prompt, e.g., “a photo of a V* dog”, for customized
generation of the specific black dog. In this way, our Cus-
tomNeRF is able to conduct consistent and effective editing
with adaptive types of source data including images or texts.

4.3. Adaptive Source Driven NeRF Editing

In this step, we aim to obtain an edited NeRF that can
re-create the 3D scene aligning with the text description
or the reference image. An intuitive way to obtain this
edited NeRF is to first initialize it as a copy of the origi-
nal NeRF obtained in Section 4.1 and then optimize it with
the SDS loss calculated using the pre-trained T2I model
to align with the textual or hybrid prompt. However, due
to the implicit NeRF representation, naively applying SDS
loss to the whole 3D scene results in changes to the back-
ground regions, which should be kept the same as the origi-
nal scene. To this end, we propose a Local-Global Iterative
Editing (LGIE) scheme that alternates between foreground
region editing and full-image editing. Furthermore, to mit-
igate the Janus problem in image-driven editing, we design
a class-guided regularization to exploit general class priors
contained in the T2I model to inject novel concepts into
scenes in a more geometrically consistent way. Details of
the above training scheme can be found in Figure 2(c).
Local-Global Iterative Editing. Our LGIE training
scheme alternates between the local editing stage which
separately renders and edits the foreground regions only,
and the global editing stage which edits foreground regions
contextualized on background clues. We first take text-
driven editing as an example for illustration. As illustrated
in Figure 2(c), given a 3D scene of the bear statue, our goal
is to edit it with the textual prompt “a dog standing in the
forest” to replace the bear with a dog. In the local editing
stage, we modify Equation 3 to render foreground regions
using the editing probability m(r(k), d):

ky
Cy(r) = /k Ty (k)os (r (k). d)e(r(k), )k,

‘n

& “)
where Ty(k) =exp (—/k af(r(k)7d)dk> ,

n

where point density o () is adjusted by m(r, d) to elimi-
nate the background contents in the rendered image as fol-

lows:

op(r(k),d) = m(r(k),d)) - o(r(k)). )

The rendered foreground image x; is then fed into the
frozen T2I model together with the foreground part of the
above editing prompt (e.g., “a dog”). Following [28], view-
dependent words, e.g., “front view”, “side view”, and “back
view”, etc, are appended to the prompt to alleviate Janus
problem in text-driven editing. Due to the absence of a
standardized definition of direction in the captured dataset,
instead of manually rotating the scene to the standard front-
view orientation, we conduct matching between the CLIP
features of images and view-dependent descriptions to as-
sign an appropriate view-dependent word to the rendered
image. Afterward, the local SDS loss Els"fjasl formulated in
Equation 2 is calculated to optimize the NeRF parameters.
In the global editing stage, we render the full image and
feed it into the T2I model together with the complete editing
prompt “a dog standing in the forest” to calculate a global
SDS loss Egslf,bsal. In this stage, the context information in
the background regions serves as a useful clue for editing,
realizing foreground-background harmony. To further avoid
changes to the context of the background region, we detach
the gradients of the background region in fully rendered im-
ages to prevent them from affecting the NeRF parameters.
Class-guided regularization For image-driven editing
where hybrid prompt (e.g., “a V* dog standing in the for-
est” is provided to replace the bear statue with a specific
black dog, we apply a class-guided regularization method
to mitigate the Janus problem which becomes severe due
to the single-view reference image. Concretely, in the lo-
cal editing stage, we remove the special token V* from the
foreground part of the editing prompt, so that the class word
“dog” plays a major role in the local optimization process.
In this manner, the general class priors embedded within
the T2I model are effectively leveraged to guide geometri-
cally reasonable optimization. The global stage runs in the
same way as the text-driven setting, except that the hybrid
prompt is adopted to inform the NeRF model with the ap-
pearance information of the reference subject. By alternat-
ing between local and global stages, the appearance of the
reference subject can be transferred to various views gradu-
ally, producing view-consistent editing results.
Loss functions. Apart from the above two SDS losses, we
further explicitly constrain the rendered pixel color of the
background region to be the same as the original one for the
goal of background preservation. We render the background
regions before and after editing, which are denoted as xj
and xj. Concretely, we first calculate the background point
density oy, (r(k), d) for background rendering:

ap(r(k),d) = (1 = (m(r(k),d))) - a(r(k),  (6)

where subscript o and e are omitted for simplicity. The
background image is rendered using Equation 4 except that
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of(r(k),d) is replaced with o4(r(k),d). An MSE loss
Ly is calculated between x% and x5 to enforce the edited
NeRF rendering similar background contents with the orig-
inal NeRF.

The overall loss function for the third step is summarized
as follows:

L = AspsLsps + MpgLog, (7N

where Asps and Ay, are hyperparameters to balance dif-
ferent losses, which are empirically set as 0.01 and 1000
respectively. We use Lsps to represent both L1954 and

L9174 which are alternately calculated during training.

5. Experiments
5.1. Experimental Setup

Datasets. To validate the effectiveness of our CustomNeRF,
we test on 8 real scenes from BlendedM VS [49], LLFF [21],
IBRNet [44], and Bear Statue [8]. These scenes feature
complex backgrounds, including outdoor statues and ob-
jects frequently encountered in everyday life, efc. For text-
driven editing, 4-6 textual prompts are adopted for each
scene. For image-driven editing, we use images down-
loaded from the Internet as reference images, with 3-5 ref-
erence images available for each scene.

Baselines. For text-driven editing, we compare our method
with two recent editing methods based on NeRF represen-
tation, including: (1) Instruct-NeRF2NeRF [&], which edits
NeRF by iteratively updating dataset with images generated
by a 2D editing model [4]. (2) RePaint-NeRF [51], which
uses SDS loss for NeRF optimization and keeps non-editing
regions unchanged by 2D semantic masks.

For image-driven editing, due to the absence of existing
methods for this setting, we modified several existing works
to serve as baselines for comparison with our method, in-
cluding: (1) Ours+Splice Loss: It is hard to directly com-
pare with SINE due to different task settings and its non-
public training code. As an alternative, we combine Splice
Loss [40], which plays an important role in transferring
reference image information to the edited NeRF in SINE,
with our method to build a feasible baseline. We apply this
loss to our foreground-aware NeRF during the editing stage
to transfer appearance information from the reference im-
age while maintaining the structure layout of the original
scene. (2) RePaint-NeRF*: Since the original framework
of RePaint-NeRF only supports text-driven editing, we re-
place its employed T2I model with the Custom Diffusion
finetuned on reference images. In this way, the reference
image can be embedded as a special token in the editing
prompt, thereby equipping RePaint-NeRF with the capabil-
ity for image-driven editing.

Evaluation metrics. Following [8, 52], we use the CLIP
Text-Image Directional Similarity to evaluate the alignment

between the images and text prompts before and after edit-
ing, reflecting whether the image editing direction is con-
sistent with the text changing direction. The DINO [26]
Similarity used in subject-driven image generation is also
adopted as a metric. By calculating the average of the DINO
similarity between the edited images from different views
and the reference image, we can measure whether the edited
NeRF is consistent with the reference image. Furthermore,
to compensate for the lack of objective metrics in subjective
editing tasks, we also conduct user studies in text-driven and
image-driven editing.

Implementation details. In our experiments, we employ
Instant-NGP [24] to learn the original neural field and make
necessary extensions to enable the prediction of editing
probabilities. The training of original NeRF takes 3K it-
erations with the supervision of both rendered image and
editing probability. We use Stable Diffusion v1.5 and fol-
low the Custom Diffusion training process to conduct ref-
erence subject learning with 250 steps. In the editing step,
we use the Adam optimizer [14] with a learning rate of Se-4
to optimize the NeRF parameters. The duration of the edit-
ing process varies from 10 minutes to 1 hour depending on
the complexity of the scene and the editing type on a single
NVIDIA RTX 3090 GPU. We implement our model using
PyTorch [27].

5.2. Qualitative Results

Image-driven editing. We provide qualitative results of
image-driven editing in Figure 3 to compare our CustomN-
eRF with other baseline methods. It is shown in Figure 3(b)
that Splice Loss can only transfer superficial attributes such
as color and texture from the reference image to the edited
NeRF, while it fails to modify the geometry of the edited ob-
ject. For instance, in the 3rd row, where the statue of David
is replaced with a comic character, it only turns the statue
into red. Although RePaint-NeRF* (Figure 3(c)) learns the
texture and geometry information of the reference image
to some extent, it is still limited in the richness of details
and similarity to the reference image, e.g., the hairstyle and
clothes texture of the comic character are not presented in
the edited NeRF. Moreover, background contents are not
well-preserved in this method. In contrast, our method is
able to generate edited results that not only maintain the
background effectively but also bear a closer resemblance
to the reference image compared to the two baselines. For
example, in the 1st row, our method successfully maintains
the ring of yellow fur on the leg of the black dog. In the
more challenging scenario depicted in the 3rd row, our ap-
proach preserves intricate details such as the hairstyle of the
comic character and the folds in the clothes, which further
demonstrates the superiority of our CustomNeRF. More vi-
sualization results are included in supplementary materials.
Text-driven editing. We also provide qualitative results
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Figure 4. Qualitative comparison on the text-driven editing setting.

of text-driven editing in Figure 4. Compared to baseline
methods, our approach is capable of realizing editing with
more substantial shape and semantic changes and main-
taining consistency between different views in complex
scenes, such as transforming a bear statue into a corgi dog.
Instruct-NeRF2NeREF still retains the bear’s body shape and
RePaint-NeRF tends to produce abnormal renderings. In
terms of background preservation, our method also signif-
icantly outperforms the baseline approaches, particularly
RePaint-NeRF, which tends to have its background styles
easily influenced by the foreground content.

5.3. Quantitative results

We present the quantitative comparison with other methods
on the image-driven editing and text-driven editing tasks in
Table 1 and Table 2 respectively. For user study, we dis-
tribute 50 questionnaires for both image-driven editing and
text-driven editing, including 10 image-driven edits across

Method CLIP4;- T DINOg;,, T Vote Percentage 1
Ours+Splicing Loss 15.47 46.51 10.6%
RePaint-NeRF* 16.46 38.74 13.8%

CustomNeRF (Ours) 20.07 47.44 75.6%

Table 1. Quantitative comparison on the image-driven editing set-
ting. CLIPg;, is short for CLIP Text-Image Directional Similarity
and DINOy;,,, is short for DINO Similarity.

Method CLIPg4;, T Vote Percentage 1
Instruct-NeRF2NeRF 11.48 10.6%
RePaint-NeRF 16.34 4.2%
CustomNeRF (Ours) 22.66 85.2%

Table 2. Quantitative comparison on the text-driven editing set-
ting. CLIPg4;, is short for CLIP Text-Image Directional Similarity.

5 scenes and 10 text-driven edits across 2 scenes, asking
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Figure 5. Ablation study of Local-Global Iterative Editing. Local-
only and Global-only denote editing with only local SDS loss and
global SDS loss respectively.

users to choose the best editing results. Our CustomNeRF
significantly outperforms baseline methods and achieves the
highest editing scores in both tasks, especially in user eval-
uation performances. Although Ours+Splicing Loss in Ta-
ble 1 also achieves a relatively high DINO Similarity, this is
largely due to the fact that it is optimized based on DINO-
VIiT features, giving it a significant advantage when com-
puting DINO feature similarity. However, as indicated by
the other metrics and qualitative results in Figure 3, it is sub-
stantially inferior in performance compared to our method.

5.4. Ablation study

Effectiveness of Local-Global Iterative Editing. We con-
duct ablation studies on our LGIE training scheme in the
text-driven editing task in Figure 5. For the local-only
setting, conducting local editing without considering the
global context can lead to a discordance between the gen-
erated foreground content and the background region. For
instance, in the second row, the right part of the sunflower
is obscured by leaves. Conversely, performing global-only
editing may change the background region, especially in
complex scenes, e.g., the blurred background area above the
dog in the first row. By iteratively optimizing between these
two stages, we can achieve better background preservation
and foreground-background harmony.

Class-guided regularization. We conduct ablation stud-
ies on class-guided regularization and present the results in
Figure 6. Removing the class prior regularization from both
local and global stages results in edited outputs that more
closely resemble the reference image, but also lead to ab-
normal views and greater influence from the background in
the reference image. Applying class prior to the global stage
leads to an obvious Janus problem, indicating that class pri-
ors tend to work in scenarios with simpler backgrounds. We
include more ablation results in supplementary materials.

Global
Class Reg.

Original /
Reference

Class Reg. Class Reg.

Figure 6. Ablation study of class-guided regularization. In the first
column, large images depict the original scene, and small images
with black borders are reference images. w/o Class Reg. denotes
apply V™ to both global and local stages. Global Class Reg. de-
notes removing V™* from the global stage, and Local Class Reg.
applies similar removals in the local stage.

6. Conclusion and Limitation

In this study, we present the CustomNeRF model, designed
for adaptive source driven 3D scene editing with unified
editing prompts from either texts or reference images. We
tackle two key challenges: ensuring precise foreground-
only editing, and maintaining consistency across multiple
views when using single-view reference images. Our ap-
proach includes a Local-Global Iterative Editing (LGIE)
training scheme for editing that focuses on the foreground
while keeping the background unchanged, and a class-
guided regularization to mitigate view inconsistency in
image-driven editing. Extensive experiments validate Cus-
tomNeRF’s capability to accurately edit in diverse real-
world scenarios for both text and image prompts.

Our method transfers subject appearance from reference
images, yet it faces limitations with Custom Diffusion’s in-
ability to perfectly replicate references, resulting in some
inconsistencies in details in our image-driven editing re-
sults. In addition, we are also facing issues inherited from
DreamFusion, such as oversaturation of generated results.
Currently, our approach is also limited to text and image
prompts, but future work could expand to include other edit-
ing sources like audio, sketches, etc.
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