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Abstract

3D Style transfer is a pivotal aspect in the field of
computer vision. Traditional 3D stylization approaches
have predominantly focused on stylizing entire scenes, of-
ten overlooking the nuanced details of individual objects.
While there have been strides in object-specific style trans-
fer, they are primarily instance-based and suffer from ar-
tifacts. Addressing these limitations, we introduce L-3DS,
Language-driven 3D Stylization, a framework that lever-
ages open-ended language queries for precise object selec-
tion and stylization within a 3D scene. Our approach al-
lows for the language input to specifically choose the ob-
jects to be stylized, thereby enabling a more focused and
detailed stylization. Experiments show that our method ef-
fectively achieves language-driven object-level targets se-
lection and completes 3D stylization tailored to the specific
targets. Some experiment results in video format are ava-
ialable at our Google Drive.

1. Introduction

As 3D reconstruction technology become widespread,
the demand for editing and manipulating these scenes is also
increasing. The ability to edit 3D scenes has empowered
creators to break through the boundaries of imagination and
precision. A prominent application in this area is 3D style
transfer, which aims to transfer artistic features from a sin-
gle 2D image to a real-world 3D scene. Several significant
works [2, 3, 9, 15, 17] have already achieved success in this
domain. However, these methods predominantly focused on
applying a singular style image to stylize the entire scene.
While there are stride [7] in object-specific 3D stylization,
it is primarily instance-based and still suffer from artifacts.
While an intriguing study known as Sine [1] , offered a de-
gree of flexibility for user-edit based stylization, it necessi-
tates that the user edits a single image, and these edits are
limited by semantic constraints and geometric priors.

To enhance the level of target control in the stylization

of 3D scenes, we introduce L-3DS, Language-driven 3D
Stylization, which leverages open-ended language queries
to precisely select and stylize objects within 3D scenes. Un-
like previous approaches, our method allows language in-
puts to directly target objects for 3D stylization with any
chosen style, resulting in more detailed and focused out-
comes.

Specifically, L-3DS facilitates language-driven 3D styl-
ization of specific objects in a radiance field using calibrated
scene images, a natural language query for object identifi-
cation, and a style image. The framework includes three
main phases: i) Generating a photo-realistic radiance field
using Plenoxels for 3D representation; ii) Detecting objects
within the radiance field using GroundedSAM, a combina-
tion of GroundingDINO [8] and SAM [6], for accurate seg-
mentation based on text prompts; iii) Applying stylization
to the identified object, employing a VGG-based Masked
Nearest-Neighbor Feature Matching (NNFM) Loss for style
alignment while maintaining the object’s geometry. This
process integrates precise language-guided segmentation,
effective style transfer, and robust optimization for targeted
3D stylization.

The qualitative experiments showcase advancements in
3D scene stylization, demonstrating that our method, L-
3DS, enables precise language-guided object selection and
accurate 3D stylization. Our approach highlights the po-
tential of merging 3D visualization with language modality,
leading to more intuitive and adaptable 3D stylizaiton, de-
sign and editing.

2. Related Work

3D style transfer: In the burgeoning field of scene style
transfer, several key studies stand out. Kai Zhang et al. [17]
revolutionized 3D scene stylization by integrating 2D artis-
tic elements. Yi-Hua Huang et al. [4] and Hsin-Ping Huang
et al. [3] focused on consistent style transfer across 2D and
3D domains. Fangzhou Mu et al. [12] explored generating
stylized views from a single image. Kangxue Yin et al. [15]
and Oscar Michel et al. [9] introduced innovative methods
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for creating and transforming 3D shapes and meshes with
style variations. Lastly, Lukas Hollein et al. [2] applied
style transfer to indoor 3D reconstructions, enhancing the
aesthetic appeal of interior models. Together, these studies
exemplify the dynamic interplay between artistic creativity
and technological innovation in 3D environments.

Most stylization approaches above focused on the styl-
ization of entire scenes and use either image- or language-
based style transfer techniques. Unlike previous studies,
our approach focuses on developing a novel 3D stylization
method that enables object-level selection, achieving style
transfer tailored to the specific targets.

ARF: Artistic Radiance Fields [17] marks a signifi-
cant advancement in 3D stylization by introducing a novel
radiance field-based approach that enables high-quality,
consistent transfer of artistic styles from 2D images to
3D scenes. It incorporates the Nearest Neighbor Fea-
ture Matching (NNFM) Loss and a new deferred back-
propagation method, improving detail preservation and re-
ducing GPU memory demands. Extensive evaluations and
user studies demonstrate the method’s superior ability to
handle complex scenes and a wide range of artistic styles,
resulting in detailed and immersive stylized 3D renderings.

LERF: Language Embedded Radiance Fields [5] is a
technology that integrates natural language processing with
3D scene understanding. It combines language embed-
dings, similar to those from CLIP [11], with Neural Ra-
diance Fields (NeRFs) [10] to create a dense, multi-scale
3D environment that can be interactively queried in real-
time using natural language. The key feature of this tech-
nology is its ability to support a wide range of long-tail,
open-vocabulary queries, demonstrating strong capabilities
in scene localization and understanding of abstract concepts
across different scales of a volume. LERF’s relevancy maps
generated by language queries can be leveraged to harvest
activation maps and accurately segment the objects targeted
for stylization. However, this method is comutationally
slow due to real-time rendering.

Grounding DINO: This method [8] innovatively com-
bines the Transformer-based DINO detector with grounded
pre-training for open-set object detection, significantly im-
proving performance by fusing vision-language modalities.
It extends evaluations to Referring Expression Compre-
hension (REC) and shows exceptional results on various
datasets.

Segement Anything: This work [6] presents the Seg-
ment Anything Model (SAM) and the unprecedented SA-
1B dataset, which is the most extensive segmentation
dataset currently available, featuring over 1 billion masks.
This study is notable for SAM’s remarkable zero-shot capa-
bilities, enabling it to adapt and perform efficiently across a
diverse range of tasks and image distributions. Additionally,
the work addresses responsible AI practices and contributes

significantly to the field by making both SAM and the SA-
1B dataset available for further research, thereby setting a
new benchmark in the domain of computer vision.

3. Method
Our method enables language-driven 3D stylization of

specific objects within a radiance field. Specifically, the
method utilizes a set of calibrated scene images, an open-
ended natural language query identifying an object, and a
style image. Taking these, our framework trains a photo-
realistic radiance field in which the identified object is styl-
ized according to the chosen style.

The framework L-3DS, depicted in Fig. 1, consists of
three key components:

1. Generation of Radiance Fields: The initial phase in-
volves training a photo-realistic radiance field using
the scene’s calibrated images. Building upon ARF
[17], our method is flexible regarding the represen-
tation of radiance fields. In this work, we employ
Plenoxels [16] which utilize a sparse voxel grid to ef-
ficiently represent the 3D scene. Each voxel stores a
scalar opacity and a vector of spherical harmonic co-
efficients for each color channel. The radiance field is
defined through trilinear interpolation over this sparse
voxel grid, employing differentiable volume rendering
as described in NERF [10]. We employ the losses
and training methodology as outlined in the original
Plenoxel method.

2. Object Detection within Radiance Fields: Initial at-
tempts to use LERF [5] for joint training of a language
field with the radiance field yield suboptimal segmen-
tation masks due to noisy relevancy maps (Fig. 2).

To address this, we adopt GroundedSAM (Ground-
ingDINO + SAM) for precise segmentation mask gen-
eration of user-specified objects, detailed in Section
3.1.

3. Stylization of the Object within Radiance Fields:
The final stage involves fine-tuning the radiance field
to apply stylization to the object. This is achieved by
employing a VGG-based Masked Nearest-Neighbor
Feature Matching Loss [17], ensuring that the style
closely mirrors the reference image while retaining the
object’s inherent geometric characteristics. Detailed
elaboration is provided in Section 3.2.

3.1. GroundedSAM

In our L-3DS framework, we incorporate the Grounded-
SAM to enhance segmentation accuracy. GroundedSAM
represents a fusion of GroundingDINO [8] and Segment



Figure 1. Pipeline of L-3DS. It consists of 3 components: a Radiance Fields for view rendering (green block); GroundedSAM for language-
driven object selection (purple block); a Radiance Fields for 3D stylization based on NNFM loss (pink block).

Figure 2. Segmentation Masks obtained from LERF vs Ground-
edSAM

Anything [6]. This integration aims to detect and segment
objects in images based on text inputs. In GroundedSAM
pipeline, given any text prompts, GroundingDINO initially
identifies targeted boxes. Subsequently, SAM utilizes these
identified boxes as prior knowledge to perform precise seg-
mentation masks. This process forms a critical component
of our pipeline, enabling enhanced object-level target selec-
tion based on textual descriptions. The accurate mask can
then be applied for targeted 3D stylization, thus contribut-
ing significantly to the overall efficacy of our approach.

We present the process from a calibrated 2D view to seg-
mentation mask by GroundedSAM in Fig. 3. When given
the text prompt ’desk’, the model successfully generates
an accurate segmentation mask of the television within the
scene. Additionally, we have optimized the response mech-

Figure 3. A accurate segmentation mask returned by Grounded-
SAM, given text prompt=’desk’ under room scene.

anism of SAM for instances where certain objects are un-
detectable or when masks cannot be generated, thereby pre-
venting errors and enhancing the robustness of our system.



Figure 4. Masked NNFM. It minimizes the cosine distance between features in the rendered views’ feature map and their nearest counter-
parts in the style images’ feature map.

3.2. Masked NNFM and Stylization

Utilizing the photo-realistic radiance field reconstructed
as per Section 3, along with masks generated via the ap-
proach in Section 3.1, our framework fine-tunes the radi-
ance field for object-specific stylization. This is accom-
plished by applying Nearest Neighbor Feature Matching
(NNFM) loss [17] to the object. The NNFM loss minimizes
the cosine distance between features in the rendered image’s
feature map and their nearest counterparts in the style im-
age’s feature map. This loss is selectively applied to the ob-
ject using masks from Section 3.1, effectively confining the
style transfer to targeted objects. For background preserva-
tion, a mean squared error (MSE) content loss is applied to
the background pixels, as illustrated in Fig. 4.

These image losses, both content and style, are applied
using the deferred backpropagation method introduced in
[17]. The process involves initially rendering the image
for a given viewing direction, from the radiance field with
auto-differentiation disabled. Subsequently, image-level
losses are computed using the rendered image, ground truth,
and mask, giving a cached gradient image. Finally, auto-
differentiation is re-enabled and in a patch-wise manner the
image is re-rendered and the cached gradients are back-
propagated to the scene parameters for accumulation.

4. Experiments
Due to space constraints in this paper, we primarily

showcase our results through static images. However, for
a more comprehensive view, including dynamic visualiza-
tions, we invite readers to explore additional results avail-
able in video format on our Google Drive.

4.1. Experiments Settings

Similar to previous work [17], in our study, we trained
L-3DS over a spectrum of 8 different 3D scenes, includ-

ing Fern, Flower, Fortress, Horns, Leaves, Orchids, Room
and Trex. We build L-3DS through the PyTorch [13] frame-
work. All models are trained with 1 RTX-3090 GPU.

For the style images, we primarily use 3 different style
images as difined in Fig. 6.

We pretrain the radiance field for 10 epochs, and fine-
tune for style transfer for another 10 epochs.

4.2. Qualitative Results

Initially, we focus on experiments with different text
prompts under the same scene. In most of the 3D scenes,
the targeted object constitutes a major portion of the scene’s
space, leading us to select the room scene for this experi-
ments. When presented with different text prompts such as
’tv’ in Fig. 7a and ’desk’ in Fig. 7b, GroundedSAM profi-
ciently returns precise segmentation masks for each. The
capability of L-3DS to distinguish and act on varied object-
specific prompts demonstrates its proficiency in achieving
object-level selection for 3D stylization in complex scenes.

We then shifted our focus to experiments featuring con-
sistent text prompts paired with varying style inputs under
the same 3D scene. Fig. 5 illustrates this concept: for the
prompt ’fern’, the top row displays a series of different 3D
stylization, each corresponding to a unique style input as
categorized in Fig. 6. A similar pattern is observed in the
bottom row for the prompt ’flower’. These results collec-
tively demonstrate the adaptability and precision of the L-
3DS framework. It not only maintains accurate object-level
stylization across diverse style inputs but also seamlessly
adjusts to these varying inputs to execute effective 3D style
transfer.

What if we change the text prompt and the style input
together? Does the L-3DS framework maintain its robust-
ness? Fig. 8 demonstrates this scenario within the same 3D
fortress scene. In the left Fig. 8a, we depict the 3D styliza-
tion achieved using the text prompt ’castle’ combined with
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(a) text prompt=’fern’, style=1 (b) text prompt=’fern’, style=2 (c) text prompt=’fern’, style=3y change 3D scene

(d) text prompt=’flower’, style=1 (e) text prompt=’flower’, style=2 (f) text prompt=’flower’, style=3

Figure 5. Different Styles, Same Text Prompt under Different Scene. Given 3 different style images input: from left to right, style 1, 2,
3 as we defined in Fig. 6), the first rows show the 3D stylization given text prompt=’fern’ and the second row shows the 3D stylization
given text prompt=’flower’.

(a) style 1 (b) style 2 (c) style 3

Figure 6. Style Inputs. We named these three styles, from left to
right, as style 1, style 2, and style 3.

(a) text prompt=’tv’, style=1 (b) text prompt=’desk’, style=1

Figure 7. Different Text Prompts under Same Scene ’Room’. The
left one shows the 3D stylization given text prompt=’tv’, while
the right one shows the result given text prompt=’desk’.

style 1. Conversely, in the right Fig. 8b, we present the styl-

(a) text prompt=’castle’, style=1 (b) text prompt=’fortress’, style=2

Figure 8. Different Text Prompts & Different Styles under Same
Scene. Change the text prompt and the style input together.

ization resulting from the prompt ’fortress’ combined with
style 2. The experiment indicates that L-3DS adeptly han-
dles simultaneous changes in both text prompts and style
inputs, successfully executing object-level 3D stylization.

4.3. Ablation Study

Our ablation study explores various content weights
and VGG block selections for computing the NNFM loss.
Fig. 10 compares different content weights, revealing that
excessively high content weight introduces artifacts, while
too low a weight impairs background reconstruction due to
insufficient training signal for background pixels. An opti-
mal balance is achieved with a content weight of 1e-3, as



Figure 9. VGG Block Ablation

Figure 10. Content Weight Ablation

empirically determined for the best qualitative outcomes.
Additionally, Fig. 9 contrasts style transfer results using

different VGG blocks. Early blocks result in blurry recon-
structions due to the lack of detailed features, whereas the fi-
nal block introduces artifacts. Thus, we empirically choose
block 2 features for NNFM, as it provides a balanced out-
come.

5. Conclusions and Future Work
5.1. Conclusions

In this work, we present L-3DS, a novel framework
termed Language-driven 3D Stylization. This approach
harnesses the power of open-ended language queries to
precisely select and stylize objects within a 3D scenes.
Our method stands out by allowing language inputs to di-
rectly target objects for 3D stylization, leading to more de-
tailed and focused results. Experiments and qualitative re-
sults demonstrated that L-3DS not only facilitates language-
guided selection of objects under different camera views but
also successfully accomplishes the accurate 3D stylization
tailored to the chosen targets. The outcomes of our research
highlight the potential of integrating 3D visualization with
language modality.

5.2. Limatations and Future Work

Our L-3DS is subject to the limitations inherent in
GroundingDINO and SAM. Notably, SAM only cares

(a) SAM Failure (b) Grounder Failure

Figure 11. Limitations

about segmenting foreground and background instead of
given text or labels, thus its segmentation is influenced
by GroundingDINO bounding boxes, rather than the in-
put query directly. A typical failure example is shown in
Fig. 11a. This dependency can result in variability in the
segmentation quality due to differing bounding box scores
that GroundingDINO output across different 3D views, po-
tentially leading to inconsistent mask generation and, thus,
inaccurate 3D style transfer.

Besides, under some complex scenes, GroundingDINO’s
output boxes vary as camera views change, reflecting dif-
ferent scores for bounding boxes under various viewpoints.
This variation allows for multi-object stylization to a certain
degree, contingent on GroundingDINO’s output. An exam-
ple of this can be seen in our experiments with room scenes
and the prompt “chair” shown in Fig. 11b. However, this
implementation, while functional, does not align with our



envisioned approach of true multi-object style transfer. Our
goal for GroundedSAM is to attain the capability to simul-
taneously segment dense targets, enabling dense and accu-
rate multi-object style transfer. This is in contrast to relying
on the variability of scores from the grounder to randomly
generate different masks for style transfer.

To improve the L-3DS, our future endeavors will focus
on extending the work in several key areas:

1. Multi-Object Stylization: Exploring the stylization of
multiple objects within a single scene. By enhancing
GroundedSAM’s precision in segmentation, we aim to
move beyond the limitations of score-dependent mask
generation and achieve a more controlled multi-object
stylization.

2. Individualized Multi-Instance Stylization: Enabling
the application of distinct styles to different instances
of the same object. We aim to achieve the styliza-
tion of the same target (text prompt) within a single
scene with different styles. This method necessitates
the linking of segmentation masks and style images,
thereby facilitating the style transfer of distinct styles
to the different instances of the same object.

3. ”Stylize Anything”: Achieving language-driven style
specification, combined with the current language-
driven object specification. This involves integrating
text-conditioned style image generation using a gener-
ative model like Stable Diffusion [14]. By combining
GroundedSAM’s object-focused capabilities with style
images generated through Stable Diffusion, we aim to
realize a comprehensive ”stylize anything” model. The
goal is to interpret text inputs such as ”stylize [object]
with [style]” and execute the 3D stylization accord-
ingly.
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