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Abstract 

Creating and stylizing 3D scenes traditionally requires expertise, complex tools, and paired 
data, limiting accessibility. To address these challenges, we propose GANcraft-Art, a novel two-
stage pipeline that transforms semantically labeled voxel-based 3D worlds into photorealistic 
scenes with customizable styles driven solely by text prompts. Using neural radiance fields 
enhanced with CLIP (Contrastive Language-Image Pretraining)-guided learning, our method 
enables flexible, view-consistent stylization without requiring reference images or paired datasets. 
Validated on Minecraft voxel maps, GANcraft-Art generates high-quality, coherent 3D scenes in 
diverse styles. While occasional artifacts and reliance on clear text prompts remain limitations, 
GANcraft-Art significantly lowers the barriers to 3D content creation, opening up new possibilities 
in game design, film production, and artistic expression. 

Keywords: Novel view synthesis, Neural radiance field, CLIP, Text guided stylization.  



1.  Introduction 

Artistic representation has been a key for human development, it allows for the expression 
of thoughts beyond words. In the contemporary world, our means of expression jumps out of the 
boxes of traditional art. We took 2D scenes into 3D, enabling us to explore a scene in different 
perspectives. Traditionally, creating a 3D scene require extensive learning of modeling software 
such as C4D or Maya, which despite various resources on the open internet and documentations 
can still be a painstaking task. Not to mention, creating a realistic scene may take years of training 
and months to complete. With an increasing demand and fierce competition in 3D related industries 
such as film and game design (Figure 1). There is demand for a faster, reliable way to create 3D 
scenes.  

The most intuitive way for 3D scene construction is to “build it”. Like building houses with 
LEGOs. Desirably, we want to first build the scene with blocks representing the real-life objects. 
We then feed the built scene into an algorithm to turn it in to a realistic 3D scene with trees water, 
and grass. Obviously, the real-life application of 3D scenes in beyond representing the real world. 
We would want to alter it to differing styles to fit our needs. What if we can describe the desired 
style with words and run another algorithm to transform it to that style? In this way would 
significantly reduce the workload for prototyping and allow for faster production. 

In this paper, we set the goals to create a pipeline that allow for easy style transfer based 
on a realistically rendered scene build upon 3D block worlds. We use the video game Minecraft as 
our main tool for 3D block world synthesis. It is a popular game developed by Mojang studio that 
sold 300 million copies worldwide. (Mojiang Studio, n.d.) Players interact with the world by using  
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Table 1 Comparison of methods in novel-view synthesis 

 

semantically labeled blocks. Different blocks represent different object in the corresponding real 
world. It is not only a beloved video game, but also a popular creation tool. Players have created 
numerous buildings, namely replications of the Forbidden City, The Great Wall, and even the city 
of Shanghai! This owes to the extremely easy, intuitive playing method, allowing for scene creation 
in a relatively short amount of time.  

Building upon this foundation of 3D world creation, previous methods in the domain of 
3D view synthesis have explored combining traditional graphics pipelines with neural networks to 
achieve view-consistent outputs (T. H. Nguyen-Phuoc et al., 2020; Sitzmann et al., 2019). By 
incorporating differentiable 3D projection and trainable layers operating in both 3D and 2D feature 
spaces, these approaches successfully model scene geometry and appearance from 2D images. 
Although some works have integrated adversarial training to eliminate the need for posed training 

Representative Methods View 
Consistent 

Paired 
Data 

Stylization Text-
driven 

Voxel 
Based 

NeRF (Mildenhall et al., 2020), 
NSVF (M.-Y. Liu et al., 2020) 

✓ × × × × 

Text2Mesh (Michel et al., 2021), 
AvatarCLIP (Hong et al., 2022) 

✓ × ✓ ✓ × 

StyleGAN-NADA (Gal et al., 2021) × × ✓ ✓ × 

StylizedNeRF (Y.-H. Huang et al., 
2022), Chiang (2022), ARF (Zhang 
et al., 2022) 

✓ × ✓ × × 

GANcraft (Hao et al., 2021) ✓ ✓ ✓ × ✓ 

NerF-Art (C. Wang et al., 2022) ✓ × ✓ ✓ × 

Ours ✓ ✓ ✓ ✓ ✓ 

Figure 2 GANcraft-Art Pipeline. This is a two staged process. In the training stage, we first pre-train the Voxel-based spatical 
neural renderer, which can generate photorealistic rendering of the voxel world. In the finetune stage, our method stylize the model 
with 𝒕!"! and  𝒕#$% as additional input. 



images (T. H. Nguyen-Phuoc et al., 2020; Niemeyer & Geiger, 2021), they remain limited to single 
objects or simple scenes due to the under-constrained nature of the problem. 

To address these limitations, a breakthrough came with NeRF (Mildenhall et al., 2020), 
which achieves remarkable novel view synthesis by encoding scenes in neural networks that 
produce volume density and view-dependent radiance. This sparked numerous improvements, 
including enhanced computational efficiency (M.-Y. Liu et al., 2020), adaptation to unstructured 
photo collections (Martin-Brualla et al., 2021), and the addition of generative capabilities 
(Niemeyer & Geiger, 2021). However, despite these advances, challenges remain in handling 
complex scenes with diverse training data and varying camera pose distributions. Furthermore, the 
implicit representation of neural radiance field makes it more difficult to stylize the colors and 
shape embeded in feature radiance fields. 

In response to these challenges, NeRF-based 3D stylization has emerged as a promising 
direction. Several works (Chiang et al., 2022; Y.-H. Huang et al., 2022; Zhang et al., 2022) have 
adapted NeRF for style transfer by predicting color-related parameters based on reference style 
images. In parallel, approaches like GANcraft (Hao et al., 2021) successfully mapped a voxel 
based scene into a realworld-like one using GAN, which consist of a generator and a discriminator 
engaged in a minimax game, in the absence of paired training data. Nevertheless, while these 
approaches achieve view-consistent stylization, they are limited to appearance modifications only, 
without altering geometric properties.  

While these reference image-based methods show promise, they still require explicit visual 
examples for style transfer. To address this limitation, natrual language has emerged as a more 
intuitive way for humans to interact with machines. Text-guided manipulation has emerged as a 
powerful approach through CLIP (Radford et al., 2021) which bridges visual and textual 
information. On one hand, existing methods have achieved text-guided stylization in both 2D (Gal 
et al., 2021) and 3D domains (Hong et al., 2022; Michel et al., 2021), but they either lack view 
consistency or require explicit mesh inputs, making them unsuitable for neural radiance field 
representations. On the other hand, most recently, NeRF-Art (C. Wang et al., 2022) has displayed 
promising results in style transfer of neural radiance fields, which do not rely on mesh inputs and 
can product consistant images. Yet, it requires paired ground truth, which in our case is not possible 
to obtain. 

In our work, we propose GANcraft-Art, a two staged pipline that overcomes the challenges 
view consistancy in the circumstances of missing paired data in novel view synthesis, while also 
providing text driven stylization that maintains the consistancy. Our approach works as follows: 
In the first stage, we train upon photorealistic images generated on the go from segmentation maps 
sampled from the voxel based Minecraft world to create a photorealistic represenation of the 3D 
scene. Building upon this foundation, we apply stylization with the help of CLIP (Radford et al., 
2021) through directional and contrastive learning to result in a styilized scene matching the users 
desire. In Section 2, we review related works on text-guided synthesis, 3D stylization, and neural 



radiance fields, highlighting their limitations. In Section 3, we introduce the our data and the 
preprosses workflow. In Section 4, we describe the GANcraft-Art pipeline, including its 
photorealistic rendering stage and text-driven stylization using CLIP-based learning. In Section 5, 
we present experimental results, demonstrating the effectiveness and consistency of our approach 
compared to existing methods. In Section 6, we discuss the implications, limitations, and future 
directions of our work. 

In summary, our contributions are: 

• We propose GANcraft-Art, a novel two-staged pipeline that combines voxel-based 3D 
scene generation with text-driven stylization, achieving both view consistency and flexible 
style control without requiring paired training data. 

• We develop an efficient approach to generate photorealistic 3D scenes from Minecraft 
worlds by leveraging on-the-fly segmentation map sampling and adversarial training, 
making 3D scene creation more accessible to non-experts. 

• We provide a user-friendly pipeline that significantly reduces the technical barriers to 3D 
scene creation and stylization, enabling rapid prototyping and production in various 
applications such as game design and virtual environment creation. 

2. Related Works 

In this section we review works related to this work, so that we identify the shortcomings 
of prior works and the challenges that we face. In Section 2.1, we first introduce works in the field 
of image-to-image translation, which produces inconsistent views in our setting. Thus, in the 
following section, we review works in 3D neural rendering that overcome the limitation of 
incoherent views, and we discuss the implication of 3D neural rendering in the absence of ground 
truth training images. In Section 2.3, we review existing works in the field of stylization, 
particularly focusing on neural radiance fields. We first review style translation in Section 2.3.1 
with reference images. Then, we explore text-driven approaches in Section 2.3.2 that provide a 
more intuitive, user-friendly means of style specification. 

2.1 Non-view-consistant 2D image-to-image translation 

There are many ways to effectively map an image from a domain to another with high 
fidelity. This task can be approached in both supervised (Isola et al., 2016; Lee et al., 2019; X. Liu 
et al., 2019; T. Park et al., 2019; T.-C. Wang et al., 2017; Zhu et al., 2017) and unsupervised 
settings. (M.-Y. Liu et al., 2018, 2019; X. Liu et al., 2019; Sushko et al., 2020; Zhu et al., 2020) In 
the supervised setting, where pairs of corresponding images are available, methods often utilize 
stronger losses like the L1 or perceptual loss (Johnson et al., 2016) alongside the adversarial loss. 
In contrast, the unsupervised setting, which lacks paired data, typically relies on shared-latent 
space assumptions (M.-Y. Liu et al., 2018) or cycle-consistency losses. (Zhu et al., 2020)  

In our scenario, the goal is to translate a scene from one domain to another. The most 
intuitive way is to generate a view and use image-to-image translation to transform the image to 



the desired style. However, this may result in differing views across different images. Thus, while 
these aformentioned 2D translation approaches have shown impressive results, they face 
fundamental limitations when applied to 3D scenes where view consistency is crucial. 

2.2 View-consistant 3D neural rendering 

Several works have explored the combination of traditional graphics pipeline strengths, 
such as 3D-aware projection, with the synthesis capabilities of neural networks to produce view-
consistent outputs. By introducing differentiable 3D projection and employing trainable layers that 
operate in both 3D and 2D feature spaces, recent methods (Aliev et al., 2020; Henzler et al., 2021; 
T. Nguyen-Phuoc et al., 2019; T. H. Nguyen-Phuoc et al., 2020; Sitzmann et al., 2019; Wiles et 
al., 2020) have been able to model the geometry and appearance of 3D scenes from 2D images. 
Some works have successfully integrated neural rendering with adversarial training (Henzler et al., 
2021; T. Nguyen-Phuoc et al., 2019; T. H. Nguyen-Phuoc et al., 2020; Niemeyer & Geiger, 2021; 
Schwarz et al., 2021), eliminating the need for training images to be posed and from the same 
scene. However, the under-constrained nature of the problem has limited these methods to single 
objects, synthetic data, or small-scale simple scenes. Hence, the above mentioned is insufficient to 
handle the larger and more complex nature of our input scenes. 

In solving the limitation, most recently, NeRF (Mildenhall et al., 2020) has achieved unseen 
results in novel view synthesis by encoding the scene in the weights of a neural network that 
produces volume density and view-dependent radiance at every spatial location. NeRF's 
outstanding novel view synthesis capabilities has encouraged many following works aimed at 
improving output quality (L. Liu et al., 2020; Zhang et al., 2020), speeding up training and 
evaluation (Lindell et al., 2020; L. Liu et al., 2020; Neff et al., 2021; Rebain et al., 2020; Tancik et 
al., 2021), extending it to deformable objects (Du et al., 2021; Li et al., 2021; K. Park et al., 2021; 
Pumarola et al., 2020; Xian et al., 2021), accounting for lighting (Bi et al., 2020; Boss et al., 2021; 
Martin-Brualla et al., 2021; Srinivasan et al., 2020), and enhancing compositionality (Guo et al., 
2020; Niemeyer & Geiger, 2021; Ost et al., 2021; Yuan et al., 2020), as well as adding generative 
capabilities (Chan et al., 2021; Niemeyer & Geiger, 2021; Schwarz et al., 2021). Most relevant to 
our work are NSVF (L. Liu et al., 2020), NeRF-W (Martin-Brualla et al., 2021), and GIRAFFE 
(Niemeyer & Geiger, 2021). NSVF (L. Liu et al., 2020) reduces NeRF's computational cost by 
representing the scene as a set of voxel-bounded implicit fields organized in a sparse voxel octree, 
obtained by pruning an initially dense cuboid made of voxels. NeRF-W (Martin-Brualla et al., 
2021) learns image-dependent appearance embeddings, allowing it to learn from unstructured 
photo collections and produce style-conditioned outputs. 

These novel view synthesis works mentioned above learn the geometry and appearance of 
scenes from ground truth posed images. In our scenario, the problem is inverted—we are provided 
with coarse voxel geometry and segmentation labels as input, without any corresponding real 
images. Similar to NSVF (L. Liu et al., 2020), we assign learnable features to each corner of the 
voxels to encode geometry and appearance. However, instead of learning the 3D voxel structure 



of the scene from scratch, we implicitly refine the provided coarse input geometry (e.g., the shape 
and opacity of trees represented by blocky voxels) during training. Prior work by Riegler et al. 
(Riegler & Koltun, 2020) also used a mesh obtained by multi-view stereo as coarse input geometry. 
Like NeRF-W (Martin-Brualla et al., 2021), we use a style-conditioned network, allowing us to 
learn consistent geometry while accounting for SPADE's (T. Park et al., 2019) view inconsistency. 
Similar to neural point-based graphics (Aliev et al., 2020) and GIRAFFE (Niemeyer & Geiger, 
2021), we use differentiable projection to obtain features for image pixels, followed by a CNN to 
convert the 2D feature grid into an image.  

2.3 Stylization 

2.3.1 Neural radiance fields stylization 

With the improvement of NeRF’s quality, efficiency, generalizablilty, three recent (Chiang 
et al., 2022; Y.-H. Huang et al., 2022; Zhang et al., 2022)  works employ NeRF in the field of 
stylization.  In Zhang et al. (2022) and Chiang et al.’s (2022) work, a style transfer loss (Gatys et 
al., 2016) is applied during training on the rendered views, while Huang et al.’s solution is to 
employ a stylization network that is mutually learnt. In addition, in the situation of missing paired 
training data, GANcraft (Hao et al., 2021) uses the ideas proposed in GANs (Generative 
Adversarial Network)(Goodfellow et al., 2014), by having a discriminator and a generator playing 
a minmax game. The above mentioned methods produced view consistant results, but they only 
alter the surface color of the radiance field. Both apperance stylization and geometry alteration is 
supported in our method to produce results that better resemble the given style. 

2.3.2 Text-driven stylization 

Using natural languages to interact with machines has always been a much more user-
friendly mean than providing a reference picture. Our goal is to use text descriptions to manipulate 
the style of a scene. By using CLIP (Radford et al., 2021) to bridge the input image with the target 
text in a shared latent space. Gal et. al. (2021) successfully transformed a pretrained StyleGAN2 
into the desired style using text guidance by proposing a directional CLIP loss. However, this 
method will lead to view inconsistencies due to its image-based nature. Text2Mesh (Michel et al., 
2021), AvatarCLIP (Hong et al., 2022) demonstrated the implication of CLIP in the 3D world 
utilizing text to guide the stylization of a given mesh. Despite this, they require the input of a mesh 
grid which is not possible in our situation as we are using neural radiance field to synthesize our 
scene. NeRF-Art (C. Wang et al., 2022) do not rely on mesh inputs and can synthesis consistant 
results in novel view stylization, but it still do not fit the requirement of our use case: to train a 
neural radiance field with not avaliable ground truth. Our method improves upon NeRF-Art, by 
using L2 loss to further preserve geometric consistency and scene structure, even in the absence 
of ground truth data.  

3. Data and data preprocess 



This section we introduce the two stages of data preprocessing before the training of neural 
radiance field. First, we detail our approach to extracting and preprocessing Minecraft world data 
(Section 3.1), converting it from the game's native format into a representation suitable for neural 
rendering. Then, we address the challenge of missing paired training data by introducing a pseudo-
ground truth generation pipeline (Section 3.2) that bridges the domain gap between Minecraft's 
voxel-based representation and photorealistic imagery. 

3.1 Minecraft world loading and preprocessing 

The Minecraft world is generated by the game automatically upon a creation of a new 
world. However, the game itself does not provide the tools to allow third parties to access the 
game data. We employ a software Mineways (Eric Haines, n.d.) to export the data from the 
game. A specific area of the world is chosen and exported. The voxel data is read as a contiguous 
array of 32-bit integers, which is then reshaped and transposed to match the desired 3D world 
structure. The resulting tensor represents the Minecraft world, where each voxel is identified by a 
unique integer ID corresponding to a specific block type. To optimize the world representation 
for our GAN model, we implemented a series of filtering and simplification steps:  

a)  Block type filtering: Certain block types that do not significantly contribute to the 
overall structure (e.g., lily pads, vines) were removed by setting their voxel values to 0 (air). 
Some block types were remapped to similar, more common types to reduce the overall 
variety of blocks. 

b) Voxel simplification: We applied morphological operations to simplify the voxel 
structure. Corresponding to the configuration, we implemented a "hollow bottom" 
technique using binary erosion or first perform binary dilation followed by erosion to close 
cells before hollowing the bottom. These operations help reduce noise and simplify the 
internal structure of the world. 

To further decrease that computation load, we compute the maximum height of non-air 
blocks for each (x, z) coordinate. This 2D representation is then used as reference to truncate the 
voxel data to remove unnecessary empty space above the highest point and below the lowest point 
of the terrain.  

The data points in the exported data are represented as the center of a voxel. We convert 
this representation to corner representation. This is beneficial for subsequent calculation of ray 
passing through the neural radiance field, as there is less calculation need to determine the borders 
of each voxel.  

3.2 Pseudo-ground truth data generation 

Given that our training setting is exclusively categorized as unsupervised due to the 
unpaired nature of the training data, the conventional approach involves the application of 
techniques such as CycleGAN (Zhu et al., 2020) or MUNIT (X. Huang et al., 2018), which 
incorporate adversarial loss and regularization terms to connect Minecraft segmentations with real 



images. Nonetheless, the results achieved are suboptimal, primarily owing to the significant 
domain gap between the sparsely represented Minecraft environment and the richly detailed real 
world. A more effective strategy would entail utilizing a rendering model that is trained with 
ground truth paired data. Subsequently, the incorporation of L2 reconstruction loss into the model 
would suffice to yield superior outcomes. However, the circumstances we encounter do not permit 
the application of this method. Rather than seeking an alternative solution, we choose to implement 
additions and modifications to our data to satisfy the necessary prerequisites. 

In order to address the domain disparity between the voxel environment and our real-world 
context, we proxy the training dataset by generating pseudo-ground truth during training. During 
each training iteration, we randomly select camera positions from the upper hemisphere and 
choose a focal length at random. Subsequently, we project the semantic labels of the voxels onto 
the camera perspective to create a 2D semantic segmentation mask. This segmentation mask, along 
with a randomly selected style code, is then input into a pretrained image-to-image translation 
network, specifically SPADE (T. Park et al., 2019) in this instance, to produce a photorealistic 
pseudo-ground truth image that maintains the same semantic structure as the camera perspective. 
This methodology allows for the application of reconstruction losses, such as L2 loss, as well as 
perceptual loss (Johnson et al., 2016), between the pseudo-ground truth and the rendered output 
from the corresponding camera perspective, in addition to the adversarial loss. This approach 
notably enhances the overall results.  

While SPADE (T. Park et al., 2019) solves the issue of missing paired data, and 
significantly reduces the domain gap, SPADE can still render blocky images due to the features 

Figure 3 Sample of input voxel world. The above four photos are from the same Minecraft world in different angle. 



parsed into the model from Minecraft. Artifacts can be produced for certain camera angles and 
style code. Thus, the weights of the reconstruction L2 loss and adversarial loss must be cautiously 
balanced to achieve successful training and photorealistic results. 

 

4. Method 

Essentially, the objective is to transform a scene represented by semantically labeled blocks, 
which in this case is the world generated by the game Minecraft, into a realistic scene that can be 
outputted with significant consistency when rendered from different viewpoints. Landscape scenes 
are our main point of focus in this paper, which differs from the typical single objects and small 
scene used in training. To be more specific, in all the experiments, Minecraft world with the 
dimension of 512´512´256 blocks. (a rectangular space with a 512´512 as base, and 256 blocks 
tall) Moreover, the rendered scene must fill in the details, such as trees, grass, and leaves, of single 
blocks in an unsupervised manner, since blocks in Minecraft only entail enough detail to let users 
identify the type of the block, which is far from realistic. Thus, the relative semantic information 
and geometric arrangement must be constituted into the model. After this objective is 
accomplished, we set our goals to stylize the reconstructed photorealistic scene using text 
descriptions as the sole guidance. This involves adapting the appearance of the scene to match the 
semantic and aesthetic elements dictated by the target text, while preserving the content and 
geometry of the original reconstruction. The stylization process must ensure consistency across 
multiple viewpoints, avoiding artifacts or distortions, which is crucial for maintaining coherence 
in 3D scene rendering.  

We will illustrate the voxel rendering procedure in Section 4.1. Then, we introduce 
stylization calculations in Section 4.2. 

4.1 Voxel-based spatial neural renderer 

We use the model proposed in GANcraft (Hao et al., 2021) for our 3D neural radiance field 
representation, which considers the ground part and sky part of each generated photo separately, 

Figure 4  Pipeline of voxel-based spatial neural renderer. We sample random views from the voxel world and take the segmentation 
map of the views to generate pseudo-ground truth with SPADE. For the same views, we allow rays to travers through the voxel 
world and process it in a MLP to obtain the per pixel feature vector, which is then converted to RGB values using the CNN renderer. 
Note that the style encoder will condition both the MLP and CNN renderer based on the style of the pseudo-ground truth. We then 
calculate GAN, L2, VGG loss with the pseudo-ground truth and GAN loss with the additional style image. 



then, it assembles them by cumulating feature upon a ray passes through the radiance field. We 
first introduce the representation of neural radiance field bounded by each voxel. Then, take sky 
into consideration by covering the voxels with an infinitely far sky dome. After that, we travers 
rays through the radiance field to acquire the feature, which is then transformed into RGB values 
displayed as the final output.  

4.1.1 Voxel neural radiance fields 

The Minecraft voxel world can be represented by neural radiance field given by  

𝐹(𝐩, 𝐳) = )𝐹!(𝐩, 𝐳), 				if	𝐩 ∈ 𝑉! , 𝑖 ∈ {1,⋯ , 𝐾}
(𝟎, 0), 				 otherwise				 (1) 

This is the union of the individual radiance field bounded by each voxel and the empty 
voxels. Assuming the number of voxels in the world is 𝐾, the total blocks in the world will be 
represented as 𝑉 = {𝑉", … , 𝑉#}. To distinguish the texture that each block represents, voxels are 
given a semantic label of {𝑙! , … , 𝑙#}. In the equation, 𝐹 is the radiance field of the whole scene and 
𝐹!  is the radiance field of each individual voxels. Upon calling the function with a location 
coordinate returns a feature vector and a density value. If the query is an empty voxel, the function 
will return the null state of a feature vector 0 and 0 density. A style code 𝑧 is given to the model to 
account for the different requirement in the appearance of the same scene.  

𝐹! is given by 

𝐹!(𝐩, 𝐳) = 𝐺$(𝑔!(𝐩), 𝑙! , 𝐳) = (𝐜(𝐩, 𝑙(𝐩), 𝐳), 𝜎E𝐩, 𝑙(𝐩)F, (2) 

where 𝑔!(𝐩) is the location code at 𝐩. The notation 𝑙! can be extended into 𝑙(𝑝), indicating the 
label that a given voxel belongs to. 𝐺$ is a MLP that is used to predict the feature 𝐜 and density 𝜎 
at the location 𝐩. The 𝐺$ MLP is a shared network covering all the voxels. We implement the same 
idea in NeRF-W (Martin-Brualla et al., 2021): the color output 𝑐 is style-dependent, while density 
σ is style-independent. For spatial encoding, we implement a location code system where each 
voxel 𝑉! is characterized by learnable feature vectors at its eight vertices, with 𝑔!(𝑝) computed 
through trilinear interpolation. Assuming operation within a unified coordinate system of unit-
dimensioned voxels (1×1×1), we enhance feature vector sharing across adjacent voxels' common 
vertices, ensuring smooth inter-voxel transitions and output continuity. This approach effectively 
generalizes NSVF (L. Liu et al., 2020) by introducing comprehensive style and semantic label 
conditioning mechanisms. 

4.1.2 Sky representation 

To ensure a photorealistic and continuous render of the scene, the appearance of the sky 
has to be also dependent on the viewing angle. We employ the same method as used in computer 
graphics i.e. environment mapping to consider the sky as an infinite-distance element. The sky 
portion of the photo can be seen as an infinitely big sphere covering the voxel world. We implement 



this through a MLP 𝐻∅ that maps viewing direction 𝑣 to sky color (or feature) 𝑐&#' ≡ 𝐻∅(𝑣, 𝑧) , 
with style conditioning through code z.  

4.1.3 Volumetric rendering 

With the terrain part and the sky prepared, we now use rays traversing through the voxel 
world to “assemble them up” to form a picture. Within a perspective camera framework, each 
image pixel corresponds to a parametric ray 𝒓(𝑡) = 𝑜 + 𝑡𝑣	, emanating from the projection center 
o along direction v. As this ray traverses the radiance field, it accumulates both features and 
transmittance values. 

𝐶(𝒓, 𝒛) = S 𝑇(𝑡)𝜎 U𝒓(𝑡), 𝑙E𝒓(𝑡)FV 𝒄E𝒓(𝑡), 𝑙E𝒓(𝑡)F, 𝒛F𝑑𝑡	 + 	𝑇(+∞)𝑐&#'(𝒗, 𝒛)	
()

*
, 

𝑤ℎ𝑒𝑟𝑒	𝑇(𝑡) = 	exp(−S 𝜎(𝑟(𝑠)
+

*
)𝑑𝑠). (3) 

The accumulated feature along ray r is denoted by 𝐶(𝒓, 𝒛) , while 𝑇(𝑡)  represents the 
accumulated transmittance at distance 𝑡. Given the voxel-bounded nature of our radiance field, 
rays inevitably exit the voxel structure and intersect with the sky dome, which we model as a fully 
opaque terminal point along each ray—represented by the final term in the intergral. This 
continuous integral is discretized through sampling and quadrature rules, following methodologies 
established in NeRF (Mildenhall et al., 2020).  

Our implementation adopts the stratified sampling approach from NSVF (L. Liu et al., 
2020) for point sampling within voxel-bounded regions. To enhance computational efficiency, we 
implement ray truncation upon reaching a predetermined accumulated distance through valid 
regions, with regularization applied to encourage opacity saturation prior to maximum distance 
threshold. Point sampling is executed through a modified Bresenham algorithm (Amanatides & 
Woo, n.d.) , achieving computational complexity of 𝑂(𝑁), where 𝑁 represents the voxel grid's 
maximum dimension.  

4.1.4 Hybrid neural rendering 

Our methodology diverges from previous approaches (L. Liu et al., 2020; Martin-Brualla et al., 
2021; Mildenhall et al., 2020) by decomposing the rendering pipeline into two distinct stages, 
rather than directly accumulating colors through volumetric rendering.  

a) We first implement volumetric rendering via an MLP to produce per-pixel feature vectors.  
b) We employ a CNN to transform these features into final RGB images of corresponding 

dimensions. 
Both networks incorporate activation modulation (X. Huang & Belongie, 2017; T. Park et al., 2019) 
conditioned on style codes. This method allow for higher image quality and reduced memory usage.  

4.1.5 Losses 



The training framework of our model incorporates both reconstruction and adversarial 
components. Our reconstruction objective evaluates the disparity between network predictions and 
their corresponding pseudo-ground truth counterparts, utilizing a composite loss that combines 
perceptual (Gatys et al., 2016), and L2 loss. In our adversarial network, we designate generator 
outputs as 'fake' samples, while categorizing both real images and pseudo-ground truth samples as 
'real'. The discriminator architecture, which takes semantic segmentation maps as conditioning 
input employs hinge loss (Lim & Ye, 2017) as its training criterion. 

To enable appearance control through reference imagery, we integrate a style encoder 
module. This encoder estimates the posterior distribution of style codes from pseudo-ground truth 
images, working in concert with the reconstruction loss to facilitate style-guided image generation. 

As mentioned in Section 3.3.3, we truncate the ray when the it reaches a certain distance. 
This may lead to potential artifacts, To mitigate this, we implement an opacity regularization term. 
This regularizer, expressed as ℒ,-./012 = ∑  𝐫∈𝐑!"#$% 𝑇,61(𝐫), operates on truncated rays and serves 
to minimize residual transmittance beyond the truncation threshold. 

4.2 Text-driven stylization 

After the reconstruction of voxel world. The objective is to train a stylized model which 
coincide with the provided target text while preserving the content and structure from the original 
model.  

To bridge this domain gap, we employ CLIP, which facilitates semantic alignment between 
visual and textual modalities through a shared embedding space, leveraging dedicated image and 
text encoders, ℇl!(∙)	and ℇl+(∙) respectively. This method is inspired by NeRF-Art (C. Wang et al., 
2022). While CLIP's semantic representation capabilities enable text-driven stylization of Neural 
Radiance Fields, several fundamental challenges persist in achieving optimal results. These 
challenges manifest in three critical aspects:  

a) Maintaining content fidelity while incorporating stylistic elements. 
b) Calibrating appropriate stylization intensity to accurately reflect the semantic intent of 

textual prompts. 
c) Ensuring view-consistent rendering without introducing artifacts in the resulting radiance 

field representation. 
 

4.2.1 Directional CLIP loss 

The most straightforward approach to achieving text-guided stylization for a neural 
radiance field is to directly calculate the cosine similarity (〈∙,∙〉) between the target style from the 
text description provided and the stylized rendering of the voxel-based spatial neural renderer 
given by: 



ℒ7!89 =p  
:&'&

q1 − rℰt!E𝑰+;+F, ℰt+E𝒕+;+Fwx, (4) 

where 𝑰+;+ is the rendering by the spatial neural renderer, and 𝒕+;+ is the target text. This absolute 
directional CLIP loss guides the stylization in the CLIP space with no reference to the starting 
point of the style. The loss was first proposed in StyleCLIP (Patashnik et al., 2021) and later used 
in CLIP-NeRF (C. Wang et al., 2021). However, this approach frequently leads to mode collapse, 
leading to limited diversity in generation. (Gal et al., 2021) 

Thus, the solve this problem, we use a relative directional CLIP loss proposed by NeRF-
Art, which is given by: 

ℒ7!88 =p  
:&'&

q1 − rℰt!E𝐼+;+F − ℰt!(𝐼&8<), ℰt+E𝑡+;+F − ℰt+(𝑡&8<)wx, (5) 

where rather than utilizing a single text prompt, we provide CLIP with a pair of text 𝑡+;+and 𝑡&8<, 
representing the target and the source text description of the style.  𝐼+;+ and 𝐼&8< represent the same 

Figure 5 Pipeline of text-driven stylization. We stylize the model in the 
training stage by finetuning it with relative diectional CLIP loss and 
global local contrastive CLIP loss in the latent CLIP space. In addition, 
be also calculate perceptual loss and reconstruction loss. 



view, but 𝐼+;+ is the view rendered from the pretrained neural radiance field, and 𝐼&8< 	is rendered 
by the stylized network.  

4.2.2 Global contrastive learning 

While the directional CLIP loss effectively captures the relative direction of style 
transformation through normalized vector embeddings, it falls short in delivering sufficient 
stylization intensity when modifying the pre-trained NeRF model. To enhance stylization control, 
we improve upon the contrastive learning framework proposed in NeRF-Art (C. Wang et al., 2022). 
This approach leverages the rendered view 𝐼+;+ as a query anchor, establishing positive samples 
from the target style text prompt 𝒕+;+ , while constructing a set of negative samples 𝑡=>; ∈
	𝒯=>;using text descriptions semantically distant from 𝐼+;+. 

The foundation of our CLIP-space contrastive loss can be expressed as:  

ℒ<?= = −p 
𝑰&'&

log �
exp �𝝊 ⋅ 𝒗

(

𝜏 �

exp �𝒗 ⋅ 𝝊
(

𝜏 � + ∑  𝝊( exp U𝝊 ⋅
𝝊B
𝜏 V
� , (6) 

 

In this formulation, {𝝊, 𝝊(, 𝝊B} denote the query, positive sample, and negative sample vectors 
respectively, with 𝜏 representing the temperature parameter (maintained at 0.07 throughout our 
experimentation). For the global contrastive loss ℒ<?=

; , we establish the relationship  

�𝒗 = ℰt!E𝑰+;+F, 𝒗( = ℰt+E𝒕+;+F, 𝒗B = ℰt+E𝒕=>;F� (7) 

by considering the complete view 𝐼+;+ as the query anchor. 

In principle, the synergy between global contrastive loss and directional CLIP loss should 
be complementary –– the directional component establishes the trajectory of style transformation, 
while the contrastive element determines the magnitude of stylization along this path. However, 
we observed that the global contrastive loss alone proves insufficient for achieving uniform 
stylization across the entire NeRF scene. This limitation manifests as inconsistent stylization 
intensity, with some areas experiencing oversaturation while others remain understylized. The root 
cause likely stems from CLIP's inherent tendency to prioritize distinctive local features over 
holistic scene comprehension, allowing the global contrastive loss to reach minimal values despite 
uneven or inadequate overall stylization. 

To address these spatial inconsistencies we employ a method proposed by NeRF-Art which 
is built upon PatchNCE loss (T. Park et al., 2020). This approach uses a local contrastive loss term 
ℒ<?=C  that operates on randomly sampled patches 𝑃+;+ from 𝐼+;+, where  

�𝝊 = ℰt!E𝑷+;+F, 𝝊( = ℰt+E𝒕+;+F, 𝝊B = ℰt+E𝒕=>;F�. (8) 



  The final loss function combines both global and local components: 

ℒ<?=
;(C = 𝜆;ℒ<?=

; + 𝜆Cℒ<?=C . (9) 

The final training objectives are: text-driven losses (global and local contrastive loss), 
content preservation loss (perceptual loss (Gatys et al., 2016)), and reconstruction loss (L2 loss). 
We calculate the total loss as follow: 

ℒ = Eℒ7!88 + ℒ<?=
;(CF + 𝜆DℒD>8 + 𝜆CEℒCE (10) 

where the perceptual loss is applied between the original photorealistic rendering and the stylized 
neural radiance field on a pre-determined VGG layer 𝜓 ∈ Ψ: 

ℒD>8 =p  
𝐈&'&

p  
G∈H

∥ 𝜓E𝐈+;+F − 𝜓(𝐈&8<) ∥EE. (11) 

4.2.3 Training  

Training consists of two distinct training phases: initial model training followed by style-
specific fine-tuning. In the first phase, we train our neural radiance field model to capture the 
scene's geometric and appearance properties using a combination of adversarial, reconstruction, 
and regularization losses. The second phase focuses on stylization, where we fine-tune the pre-
trained model to adapt its rendering to match a target style while preserving the learned scene 
structure. Below, we detail the specific training procedures and hyperparameters for each phase. 

We use Xavier initialization (Glorot & Bengio, 2010) to initialize the weights with gain of 
0.02. During training, we employ distinct learning rates across network components: 4e-4 for the 
discriminator, 1e-4 for the generator, and an elevated rate of 5e-3 for processing voxel features. 
Our loss function combines multiple terms: perceptual and L2 losses are weighted most heavily 
(10.0 each), while GAN and L1 losses receive lower weights (1.0 each). To ensure proper 
regularization, we incorporate an opacity term weighted at 0.5 and apply a 0.05 weight to the style 
encoder's Kullback-Leibler divergence. We sample randomly sample 2 positions in the scene that 
are above the ground. One determines the position of the camera, the other indicate where the 
camera is directed. Ray sampling is performed with 24 points per ray, with a maximum traversal 
distance capped at 3 units. In our implementation, the distance metric only considers ray segments 
that intersect with voxels, excluding empty space traversal. Camera poses are filtered using two 
criteria: the depth map's mean value must exceed 2 units, and the segmentation mask's label 
entropy must be greater than 0.75. These thresholds ensure sufficient geometric information is 
encoded in the segmentation masks. This ensures that enough information is provided to the 
SPADE generator to produce pseudo-ground truth outputs that accurately reflect the underlying 
scene structure. 

We then findtune the model by first rendering views from the trained network. This will be 
𝐼&8< mentioned in Section 4.2. We provide a description of 𝐼&8< as 𝑡&8< and the target style prompt 



𝑡+;+. We adopt 1.5e-4 as the learing rate for the generator and 1e-3 for learning voxel features. The 
weight 𝜆;, 𝜆C, 𝜆D and, 𝜆CE are 0.2, 0.1, 4 and, 10 respectively. For computing the local contrastive 
loss, patches are extracted at one-tenth the dimensions of the input image. To manage memory 
constraints during training, we implement a two-stage process: first, we perform a full-image 
render across all rays to generate a complete view, computing stylization loss gradients during 
forward propagation. Subsequently, we conduct patch-wise backpropagation through the neural 
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Figure 6 View consistency evaluation. We compare two differing results,  stylized with “Van Gogh” and “Yellow grass, with vibrant 
sky”,  with the unstylized rendering in the same viewing angle. We demonstrate that the model can produce consistent views both 
before stylization and after stylization. 



radiance field model, rather than processing all rays simultaneously. This optimization strategy 
enables training with high-resolution imagery while substantially reducing memory overhead, 
ultimately leading to improved stylization quality. 

5. Results and analysis 

We finetune the model with two prompts on the same base model. We compare our results 
with GANcraft and NeRF-Art in two aspects: view consistency and stylization. Results from 
NeRF-Art cannot be compared due to the voxel-based nature of our model, as NeRF-Art can only 
be trained using ground truth images, which we lack in our condition. 

5.1 View Consistency Evaluation 

As can be seen in Figure 6, GANcraft can successfully translate a source view from the 
voxel world to a photorealistic image, while maintaining consistency. Same for our model, we 
produce consistent image both with no stylization and stylization.  

It can be clearly distinguished in the render with “Van Gogh” stylization that the pattern of 
the sky remains the same regardless of the viewing angle. In addition, the rendered views 
demonstrate the relative position of each object i.e. the position change of the hill in the foreground 
of the image is differs from the position change in the sky and the coastline in the background. 
Both methods show tantamount ability of generation coherent view in the context of missing 
ground truth data. However, GANcraft can only translate the voxel-based scene to a photorealistic 
one, lacking the flexibility to customize the style due to the predetermined style setting in SPADE 
and style images fed to perceptual loss during training. To change the style outputted by GANcraft, 

GANcraft Source “Yellow grass, 
with vibrant sky” 

“Van Gogh” 

Figure 7 Stylization comparison. We compare the results of GANcraft with two stlization results, one 
with the text prompt “Van Gogh”  and the other with “Yellow grass, with vibrant sky”, to illustrate that 
while GANcraft has stylization ability, the target style is fixed. Our stylization method, on the other hand, 
can be guided with natural text prompts. 



SPADE must be trained on the desired style, which requires plethora computational power. On the 
contrary, our method posses the ablility stylize by using only textual guidance. 

5.2 Stylization comparisons 

To experiment the stylization capability of our model, we finetune our model in two styles: 
“Vincent Van Gogh” and “yellow grass with vibrant sky” (Figure 7). This is to test the ability of 
both using names to represent the target style and using general description to guide the stylization. 
Comparing to the rendering with no stylization, there is significant change in the appearance of 
the image. 

In the generation using “Van Gogh” as target style, the image by large resemble the style 
of Vincent Van Gogh, exemplified in the unique bush stroke and swirling patterned sky. The 
“yellow grass with vibrant sky” rendition changes the style by brightening the whole scene and 
covering it with more saturated colors.  

Despite the notable successes in view consistency and stylization, artifacts are often 
generated during the process. As shown in Figure 7, the hill in the foreground of the "Van Gogh" 
images has turned black. A possible explanation for this phenomenon lies in the substantial 
differences between the sky and ground regions. These two parts of the image exhibit drastically 
different color and surface characteristics, which are challenging to effectively represent or capture 
using a single loss function. The pronounced discrepancy between these regions makes it difficult 
for the loss function to balance or generalize across the distinct features, thereby leading to the 
observed artifacts. 

6. Conclusion 

In this work, we introduced GANcraft-Art, a novel, two-staged pipeline for voxel-based 
3D scene generation and text-driven stylization. Using voxel worlds such as Minecraft as a starting 
point, our method transforms semantically labeled block environments into detailed photorealistic 
3D scenes and enabling dynamic stylization through natural language input. Unlike prior 
approaches like GANcraft and NeRF-Art, which lack flexible style customization or require paired 
ground truth data, GANcraft-Art combines voxel-based neural radiance fields with CLIP-based 
directional and contrastive learning to achieve both view consistency and stylistic adaptability. 
Experimental results demonstrate our method’s ability to synthesize high-quality, coherent views 
across varying styles indicating substantial improvements in user-friendly and intuitive workflows. 
These results underscore GANcraft-Art's potential to redefine rapid prototyping and production in 
applications such as game design and virtual environment creation. 

Despite its contributions, our method has limitations. While effective, stylization 
sometimes introduces artifacts, especially in regions with stark differences, such as the transition 
between sky and ground. This highlights challenges in balancing loss functions across diverse 
features. Furthermore, the quality of results heavily depends on the clarity of the textual prompt, 
with ambiguous or complex descriptions occasionally producing inconsistent outputs. Additionally, 



while patch-based training mitigates memory overhead, it introduces computational complexity 
and may limit scalability in larger, more detailed environments. Future work could explore 
improved loss balancing for artifact reduction or calculating the loss value of sky and ground 
separately, better disentanglement for stylistic control, and enhancements to CLIP’s embedding 
space for handling ambiguous prompts. By addressing these challenges, GANcraft-Art could 
further advance the capabilities of neural rendering, facilitating seamless, user-friendly pipelines 
for creative 3D scene generation and stylization. 
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