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Figure 1. Stylized voxel art with controllable abstraction. Voxify3D converts 3D meshes into stylized voxel art using discrete color
palettes, pixel art supervision, and voxel-based radiance fields. This teaser showcases the flexibility and quality of our method. (a) Diverse
voxel art outputs across object types and use cases. (b) Comparison of different palette selection methods. (¢) Control over the resolution of
the voxel grid (20, 30, 50x) allows a balance of detail and abstraction. (d) The variation in color count (2, 4, 8) shows the impact of
palette size on expressiveness. (e) Input-output comparisons on multiple objects demonstrate faithful voxel structure, semantic clarity, and

voxel art aesthetics.

Abstract

Voxel art is a distinctive stylization widely used in games and
digital media, yet automated generation from 3D meshes
remains challenging due to conflicting requirements of geo-
metric abstraction, semantic preservation, and discrete color
coherence. Existing methods either over-simplify geometry
or fail to achieve the pixel-precise, palette-constrained aes-
thetics of voxel art. We introduce Voxify3D, a differentiable
two-stage framework bridging 3D mesh optimization with 2D
pixel art supervision. Our core innovation lies in the synergis-
tic integration of three components: (1) orthographic pixel
art supervision that eliminates perspective distortion for pre-
cise voxel-pixel alignment; (2) patch-based CLIP alignment
that preserves semantics across discretization levels; (3)

palette-constrained Gumbel-Softmax quantization enabling
differentiable optimization over discrete color spaces with
controllable palette strategies. This integration addresses
fundamental challenges: semantic preservation under ex-
treme discretization, pixel-art aesthetics through volumet-
ric rendering, and end-to-end discrete optimization. Experi-
ments show superior performance (37.12 CLIP-1QA, 77.90%
user preference) across diverse characters and controllable
abstraction (2-8 colors, 20x-50% resolutions). Project page:
https://yichuanh.github.io/Voxify—-3D/

1. Introduction

Voxel art is a distinctive form of 3D digital artwork, char-
acterized by its minimalist aesthetic and discrete volumet-
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Figure 2. Existing methods often miss key features in voxeliza-
tion. While IN2N [28], Vox-E [80], and Blender (Geometry Nodes)
generate outputs that are coarse, blurry, or semantically inconsis-
tent, they frequently lose critical elements such as facial features.
In contrast, our method preserves structural details and produces
visually appealing voxel art with sharp abstraction.

ric structure. Despite its growing popularity in games and
digital media, creating high-quality voxel art remains chal-
lenging, requiring significant artistic expertise and manual
effort. While recent works have achieved promising results
in 2D pixel art stylization [4, 17, 27, 99], these techniques
do not trivially extend to 3D voxel art. Directly using 2D
pixel art for 3D reconstruction faces fundamental obstacles:
projection-induced misalignment, multi-view inconsisten-
cies, and ambiguous color representations.

Current voxel art generation from 3D meshes is lim-
ited. Simple downsampling loses semantic features, yield-
ing overly coarse outputs. Voxel-based neural radiance
fields [7, 21, 84] target photorealistic rendering, not stylis-
tic abstraction. Neural editing methods [9, 28, 92] struggle
with clean, discrete representations. Procedural tools like
Blender’s Geometry Nodes require extensive manual tuning
and lack unified optimization for discrete color control and
semantic preservation, both critical for voxel art aesthetics.
As Fig. 2 shows, existing methods miss key features.

Voxel art generation poses three interrelated challenges
that cannot be addressed by naively combining existing tech-

niques: (1) Alignment: Perspective projection causes pixel-
voxel misalignment, producing blurry gradients during op-
timization. Prior neural stylization [53, 91] uses perspec-
tive rendering, unsuited for discrete art styles. (2) Semantic
Preservation: As resolution decreases, critical features (fa-
cial details, limb articulation) collapse. Standard perceptual
losses on full images fail to capture local semantic impor-
tance. (3) Discrete Optimization: Voxel art requires small
palettes (2-8 colors), but gradient-based methods produce
continuous values. Existing quantization [19] lacks differen-
tiability or user-controllable palette extraction.

We present Voxify3D, a principled framework addressing
these challenges through synergistic technical design. We
bridge 3D optimization with 2D pixel art supervision via: (1)
six-view orthographic rendering that eliminates perspective
distortion for precise alignment; (2) patch-based CLIP loss
adapted to preserve semantics across discretization levels; (3)
palette-constrained Gumbel-Softmax enabling differentiable
discrete optimization with flexible extraction strategies. This
integration requires careful synchronization of rendering
strategy, loss formulation, and quantization timing, not a
simple combination.

Our two-stage pipeline first initializes coarse voxel geom-
etry and color via neural volume rendering, then refines using
orthographic pixel art supervision with semantic and discrete
color constraints. Our technical contributions include:

* Orthographic pixel art supervision. First framework to
bridge 2D pixel art with 3D voxel optimization by elimi-
nating perspective misalignment, enabling precise gradient
flow for discrete stylization across six canonical views.

¢ Resolution-adaptive semantic preservation. Patch-based
CLIP formulation maintaining object identity under ex-
treme discretization (20x-50x), addressing semantic col-
lapse that standard perceptual losses fail to prevent.

¢ Palette-constrained differentiable quantization. End-
to-end optimization pipeline integrating Gumbel-Softmax
with flexible palette extraction (4 strategies), temperature
scheduling, and logit-based representation for controllable
discrete color spaces (2-8 colors).

2. Related Work

3D Representations: From Pixels to Voxels. Pixel art
generation evolved from interpolation [25] and content-
aware downscaling [38, 41] to deep learning: paired [35]
and unsupervised translation [27, 99], GANs [17, 81], dif-
fusion [4], and vector methods [34, 36, 102]. For 3D,
voxel-based methods accelerate neural fields [57, 63, 65]
through explicit grids [7, 23, 68, 76, 79, 84, 105], differ-
entiable voxelization [60], unified frameworks [98], hierar-
chical structures [77], sparse architectures [13], and com-
pression [45, 109]. Multi-scale voxel representations [51],
geometry-aware voxel features [87], tensorial decomposi-
tion [8], and MVS-based methods [83] further enhance



reconstruction quality. Voxels support geometry process-
ing [16], storage [69], and simulation [59]. Recent feed-
forward generation achieves scale through structured la-
tents [100], hierarchical diffusion reaching 10243 [77],
cascaded point clouds [108], transformers on voxelized
shapes [06], and voxelized SDFs [46]. Unlike 2D stylization
or 3D photorealism, we address discrete, palette-constrained
voxel art by bridging pixel art supervision with volumetric
optimization via orthographic alignment, extending voxel
radiance fields [84] with palette quantization.

Stylization and Discrete Color Control. Neural 3D styliza-
tion progressed from score distillation [72] and CLIP guid-
ance [64] to zero-shot transfer [53], painterly rendering [15,
22,91, 111], high-resolution generation [12, 50], and local
control [14, 18, 26, 55]. Gumbel-Softmax [37, 61, 82] en-
ables discrete optimization in NAS [5, 52], VQ-VAE [85, 88],
and neural fields [11, 56]. Score-based generative models [6]
provide conditional generation through likelihood match-
ing. Palette methods include 2D quantization [4], 3D color
decomposition [42], material extraction [58], vector quan-
tization [31], and interactive editing [43], with alternatives
like VQGAN [19] and latent upsampling [62]. In contrast
to continuous stylization and fixed codebooks, we integrate
Gumbel-Softmax with user-controllable palette extraction
(K-means, Max-Min, Median Cut, Simulated Annealing),
synchronized scheduling, and logit-based representation for
pixel-precise voxel art.

Multi-view Supervision and Semantic Preservation.
Multi-view consistency uses RL refinement [101], view
aggregation [83, 104], and latent diffusion [89]. Ortho-
graphic projection serves specialized domains: aerial or-
thophotos [107? ], CAD reconstruction [112], and fur-
niture assembly [30]. CLIP [75] enables semantic guid-
ance [1, 10, 20, 40, 67, 70, 86, 90], with text supervision
extending to semantic segmentation [96]. Semantic preser-
vation under discretization uses masked autoencoders [48],
context-aware transformers [106], semantic structures [49],
geometry-aware downsampling [71], and hierarchical upsam-
pling [78]. Unlike perspective stylization or orthographic
reconstruction, we combine orthographic rendering with
pixel art supervision, designing resolution-adaptive patch-
based CLIP loss preventing semantic collapse at 20x-50x
discretization where image-level losses fail.

Applications and Datasets. Mesh generation exploits diffu-
sion and sparse views [3, 29, 33,47, 50, 54,93, 95, 100, 103],
with character datasets [94, 97]. Game assets require struc-
tural decomposition [32], PBR materials [110], and proce-
dural libraries [39, 74]. Fabrication includes LEGO gener-
ation [24, 73], Earth voxelization [44], and 3D printing [2].
These inform our evaluation but don’t address mesh-to-voxel-
art conversion with semantic fidelity, palette constraints, and
controllable abstraction.

3. Method

We propose a two-stage framework for converting 3D
meshes into stylized voxel art with high fidelity and semantic
consistency (Fig. 3). Stage 1 (Sec. 3.1) builds a coarse voxel
radiance field using DVGO [84] to establish geometric and
color foundations. Stage 2 (Sec. 3.2) refines the grid under
orthographic pixel-art supervision, with CLIP-based loss
(Sec. 3.3) for semantic alignment and depth loss for geomet-
ric preservation. To achieve clean abstraction and a coherent
palette, we replace the RGB grid with a learned color-logit
grid and apply Gumbel-Softmax for differentiable palette
quantization (Sec. 3.4). This pipeline retains abstract details,
enforces a dominant palette, and conveys the distinctive style
of voxel art across resolutions.

3.1. Coarse Voxel Grid Training

The first stage adapts DVGO [84] to build a coarse voxel
representation. Unlike NeRFs using MLPs, DVGO directly
optimizes two explicit voxel grids: a density grid d for spatial
occupancy and a color grid ¢ = (r,g,b) for appearance.
This explicit structure enables faster training and efficient
rendering.

We partition the object’s bounding box into a grid of
resolution (W/cell size)?, where W is the canonical
orthographic image width (pixels) and cell_size is the
number of pixels per voxel edge. Each voxel stores density d
and RGB color c. The rendered color C'(r) along a camera
ray r is computed as:

N

k-1
C(r)= ZTkOéka, T, =exp | — Zdjéj ,
k=1 j=1

o = 1— exp(—dkék)7 (1)

where N is the number of samples along the ray, dj, the

density, J, the distance between consecutive samples, T}, the

accumulated transmittance, and oy, the opacity at sample k.
The coarse voxel grid is optimized with:

Etotal = [frender + )\d[fdensity + )\bﬁbga 2

where Lender minimizes the MSE between rendered and
target colors to ensure visual fidelity, Lgensity Tegularizes
the density to suppress noise, prevent near-clip artifacts,
and employs total variation (TV) regularization to enforce
spatial smoothness, and Ly, uses entropy loss to maintain
clear geometry and reduce background artifacts. This stage
provides a good initialization for color and density.

3.2. Orthographic Pixel Art Fine-tuning

To utilize the abstract features and clean edges of pixel art for
3D grid supervision, we fine-tune the voxel space by render-
ing orthographic projections from six axis-aligned views and
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Figure 3. Our two-stage voxel art generation pipeline. (a) Coarse voxel grid training: Given a 3D mesh, we render multi-view images and
optimize a voxel-based radiance field (DVGO [84]) using MSE loss to learn coarse RGB and density. (b) Orthographic pixel art fine-tuning:
We refine the voxel grid using six orthographic pixel art views, which also serve to extract a discrete color palette (e.g., via k-means).
Optimization includes appearance, depth, and alpha losses. (c) CLIP-guided optimization: A CLIP loss computed over rendered patches and
mesh images encourages semantic alignment while being memory-efficient. (d) Differentiable discrete color selection via Gumbel-Softmax:
Each voxel stores palette logits. Gumbel-Softmax enables differentiable sampling for end-to-end color optimization, yielding coherent,

stylized voxel art.
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Figure 4. Perspective vs. Orthographic. (Left) Six-view pixel art
pipeline. (Right) Perspective views (red) misalign pixels, while six
orthographic views (green) enable precise pixel-voxel alignment.

comparing them against pixel art supervision generated by
the pixel art generator [99]. This six-view setup compactly
covers the major surfaces of the object, while orthographic
rendering formulates parallel ray casting r;(t) = o; + td,
where o; is the ray origin of pixel p; and d is the fixed
ray direction. All rays are parallel, ensuring pixel-to-voxel
alignment without perspective distortions (Fig. 4).

We apply two foundational losses to supervise geometry
and structure:
3

2
pixel | | 2

Lo = C(x) ~ G

‘Cdepth = ||D(I') -D (4)

where C(r) and D(r) are the rendered color and depth along
ray r, Chixel is the RGB color from the pixel-art supervision,
and Dy, is the mesh-projected depth.

We also use an alpha loss to suppress density in back-
ground regions, enforcing background transparency to avoid
floating density artifacts:

gt”la

Lo=|Msoal? )
where M,, € {0,1}7*W is a binary mask from the pixel
art alpha channel (1 for background), and & denotes the
accumulated ray opacity from volume rendering, which is
encouraged to be 0 for background rays to allow full trans-
parency. This encourages transparent regions in the pixel
art to remain fully transmissive, preventing the formation of
undesired voxels in areas without valid supervision.

By leveraging pixel art as the supervision signal, each
voxel grid more effectively captures and expresses the most
important structural and appearance information.

3.3. CLIP-based Semantic Loss

To incorporate semantic supervision, we sample half of the
total rays to form patches for computing a CLIP-based per-
ceptual loss. During training, we randomly sample patch rays



(Opatch, dparcn) from rendered images Imesn of input mesh.

Given the rendered patch I pach and the corresponding mesh-
based patch I;;fg‘l}, we extract CLIP features [20, 75] and
compute a perceptual loss via cosine similarity:

Leip = 1 — cos (CLIP(fpm), CLIP(Ig;fgg)) (6

where cosine similarity is defined as cos(a,b) = %,
and CLIP(-) denotes the CLIP image encoder output. This
loss encourages voxel-rendered outputs to remain semanti-
cally aligned with the input mesh while supporting stylized
abstraction, as illustrated in stage (c) of Fig. 3.

3.4. Discrete Color Selection via Gumbel-Softmax

To generate clean and stylized voxel appearances while al-
lowing flexible color selection strategies, we adopt a palette-
based quantization scheme where each voxel selects a color
from a predefined palette. This palette is extracted from the
six-view pixel art images using a chosen clustering method
before Gumbel-Softmax quantization.

Instead of regressing RGB values, each voxel (i, 7, k)
stores a color logit vector A; jr € RY, where C is the
number of discrete colors in the predefined palette.

During training, Gumbel noise G; ; r ~ Gumbel(0,1) €
R is added to produce noisy logits:

Yok =Xijk+ Gijk, @)

where Y; ; 1. » denotes the noisy logit for the n-th palette
color at voxel (4, j, k), withn € {1,...,C}. A temperature-
controlled softmax [37, 61] is then applied:

xXp(Yi,j k,n/T)
C )
2onr=1 XP(Yi gk /T)

where s; ; 1 »(7) is the probability of selecting the n-th color
in the palette for voxel (4, j, k), and 7 is the temperature
parameter controlling distribution sharpness.

In early training, we use the soft distribution s;_; . directly.
Later, we switch to the straight-through variant, where the
forward pass uses a one-hot selection at argmax,, s; ; k.
while gradients are backpropagated through the soft weights.
We anneal the temperature 7 during training to encourage
smooth exploration in the early stages and sharper, more dis-
crete selections later. The sampled RGB value is computed
as:

®)

Si ik (T) =

c
RGB; ;1 = Z Si.j.kn * Cn, 9

n=1

where c,, € R? is the n-th color in the palette.
After training, we directly select the color with the highest
logit:

voxel
RGBi,j,k = Cargmax \; jk,n> (10)

producing fully discrete voxel outputs. This process is illus-
trated in stage (d) of Fig. 3.

To enhance flexibility in stylization, this strategy allows
users to choose the color selection method and number of
colors, enabling explicit control over both color richness and
overall style of the voxel art, making the design process more
aligned with practical usage scenarios.

3.5. Loss Summary and Training Procedure

The overall loss optimized during fine-tuning is a weighted
sum of multiple components that jointly supervise pixel-art
faithfulness, geometry consistency, semantic alignment, and
spatial regularity:

»Ctolal = )\pixel'»Cpixel+)\depth'»Cdepth"‘/\alpha'£alpha+)\clip'£clip7

1D
where Lpixel, Laeptn, and Lgjip encourage pixel-level accu-
racy, depth consistency, and semantic alignment, respec-
tively, while Lpna suppresses background opacity to yield
clean silhouettes. In Stage 2, rays are split into two groups:
(1) Lpixels Laepth» and Lyipha, and (2) Leiip on rendered patches,
all computed via volumetric rendering (Eq. (1)). Thus, geo-
metric supervision of the density grid is provided by L,
Lepth, and Lyipha, While semantic supervision comes from
Leip, which guides voxel appearance toward the intended
pixel-art style.

4. Experiments

4.1. Experimental Setup

Dataset. We evaluate our method on three mesh datasets:
Rodin [94], Unique3D [97], and TRELLIS [100]. Rodin
and Unique3D primarily feature character 3D assets with
rich semantic details, making them ideal for evaluating voxel
abstraction and stylized representation. We also evaluate on
diverse categories including architecture and vehicles; see
supplementary material for details.

Implementation details. Training follows a two-stage
schedule: (a) Coarse Voxelization: optimize the voxel grid
for 8000 iterations to capture global structure; (b) Pixel Art
Supervision: fine-tune for 6500 iterations with MSE, Depth,
and CLIP losses on six orthographic views, rendered at a
resolution of 1200 x 1200, using fixed 80 x 80 patches ran-
domly sampled each iteration for CLIP loss. In the final 2000
iterations, supervision is applied only to the front view to
enhance key abstract features. Gumbel-Softmax sampling is
performed over a fixed palette, with temperature 7 annealed
from 1.0 to 0.1.

Baseline methods. We compare against:

1. Pixel art to 3D extension: Render the input mesh into
images, stylize them into pixel art, then train the original
DVGO with these pixel-art images, using the coarse voxel
grid as the final output.
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Figure 5. Qualitative comparisons on character models from the Rodin [94] dataset. We compare our voxel art results with Pixel art to
3D extension, IN2N [28], Vox-E [80], and Blender’s voxelization. Our method produces stylized yet consistent voxel representations with

pixel art aesthetics.

2. IN2N [28]: Language-guided mesh editing with view-
consistent 3D stylization.

3. Vox-E [80]: Language-to-voxel generation prioritizing
semantics over fine geometry.

4. Blender Geometry Nodes: Procedural mesh-to-voxel
conversion, fast but without semantic or stylization con-
trol.

4.2. Qualitative Comparisons

We qualitatively compare our method with Pixel art to 3D
extension, IN2N, Vox-E, and Blender on eight character
meshes from the evaluation datasets (Fig. 5), with an addi-
tional eight groups of comparisons provided in the supple-
mentary material.

IN2N preserves coarse structure but suffers from large
variations across different guidance images, often failing to
produce consistent voxelized results; Vox-E yields smoother
volumes yet misses the discrete, blocky style of voxel art;
Blender produces clean abstraction through procedural vox-
elization, which is akin to simple downsampling, but requires
manual tuning and lacks semantic alignment.

Our method preserves key cues (e.g., ears, eyes) with
sharp edges across 25x—50x resolutions, achieving both ex-
pressive stylization and semantic fidelity. Additional results
are provided in the supplementary material.

Table 1. Average CLIP-IQA scores over all 35 examples. Best
scores are highlighted.

Method Pixel IN2N Vox-E Blender Ours

CLIP-IQA 3553 2393 35.02 36.31 37.12

4.3. Quantitative Comparisons

To assess stylization fidelity and semantic preservation, we
adopt the CLIP-IQA framework. For each character, we use
GPT-4 to generate a detailed textual description based on
the original mesh images, prepended with “A voxel art of...”
(e.g., “A voxel art of a pink teddy bear with a red bow and
heart-shaped feet”). We use OpenAl’s ViT-B/32 CLIP model
and compute the average cosine similarity between each
prompt and the rendered images from different methods.

As shown in Table 1, the reported CLIP-IQA scores are
averaged over all 35 cases. Our method consistently achieves
the highest score, demonstrating superior semantic alignment
and stylized abstraction across a diverse set of character
meshes.

4.4. Ablation Study

We analyze the contribution of each component by removing
one module at a time. Qualitative results are shown in Fig. 6,
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Figure 6. Ablation study on key components. We evaluate the impact of each module by removing it individually: (1) w/o Stage 1, (2)
w/o Stage 2, (3) w/o orthographic projection (replaced with perspective projection), (4) w/o depth loss, (5) w/o CLIP loss, and (6) w/o
Gumbel Softmax (resulting in continuous and unconstrained colors). Each row shows a different input, and zoom-in regions highlight local
differences. Removing each component leads to noticeable degradation in geometry, color consistency, or semantic fidelity, while the full

model produces coherent and stable voxel stylization.
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Figure 7. Effect of Palette Selection and Color Count. Each
row corresponds to a different palette extraction method: K-means,
Max-Min, Median Cut, and Simulated Annealing. Each column
shows increasing color counts (2, 3, 4, 8). Each method produces
unique color clustering effects.

and quantitative results are reported in Table 2.

Stage-wise optimization. Without Stage 1, the model lacks
proper geometric initialization, leading to distorted shapes.
Without Stage 2, the result degenerates to a coarse DVGO
grid without abstraction or semantic refinement. This shows

Table 2. Ablation study of model components (CLIP-IQA). We
evaluate the impact of each component by removing it individually.
Our full model achieves the best performance. Removing stage
design or orthographic projection leads to significant degradation,
while depth loss, CLIP loss, and Gumbel Softmax contribute to
consistent improvements in semantic alignment.

Method ‘ Stage |  Stage2  Ortho. Proj. Depthloss CLIPloss  Gumbel ‘ CLIP-IQA
(1) w/o Stage 1 v v v v v 28.42
(2) w/o Stage 2 v 3432
(3) w/o ortho. proj. v v v v v 27.38
(4) w/o depth loss v v v v v 39.75
(5) w/o CLIP loss v v v v v 39.23
(6) w/o Gumbel v v v v v 39.31
(7) Ours v v v v ' ' 40.06

that Stage 1 provides geometric stability, while Stage 2 is
the key component that enables semantic abstraction and
stylized voxel representation.

Orthographic projection. Replacing orthographic projec-
tion with perspective projection causes severe color misalign-
ment, as pixel colors no longer correspond to voxel locations,
resulting in inconsistent appearance (Fig. 0).

Depth loss. Without depth loss, the model produces plausi-
ble views individually but fails to preserve global 3D struc-
ture, leading to geometric distortions.

CLIP loss. Removing CLIP loss reduces semantic clarity
and leads to less coherent color regions, highlighting the
importance of semantic alignment.

Gumbel-Softmax. Without Gumbel-Softmax, colors be-
come mixed and lack clear boundaries, failing to produce
clean and discrete voxel-style color patterns.

Summary. Fig. 6 and Table 2 show that all components con-
tribute to geometry, semantic alignment, and discrete color



Figure 8. Fabrication: LEGO render. Rendered using KeyShot 2023. Our method extends to LEGO applications, where achieving rich
visual results within the limited color palette is crucial for practical fabrication.

Table 3. User studies. (a) 35 examples (72 participants). (b) Color
quantization (10 art-trained).

(a) Image quality (user votes, %) (b) Color quantization prefer-

Metric  Abstract Appeal Geometry ence (%)
Ours 7790 8036 9655 wfo Gumbel _w/ Gumbel
Others 22.10 19.64 345 Preferred 11.11 88.89

representation. Our full model achieves the best performance
(40.06 CLIP-IQA). Removing any component consistently
degrades quality. The quantitative results in Table 2 are aver-
aged over five objects.

Palette controllability. We analyze palette design by vary-
ing the number of colors (2, 3, 4, 8) and extraction methods
(K-means, K-means with rare color boosting, Median Cut,
Max-Min, and Simulated Annealing).

The palette is extracted from all pixels across the six input
pixel-art views to form a shared discrete color set for voxel
optimization.

As shown in Fig. 7, increasing palette size improves color
richness, while different strategies affect color distribution.
K-means favors dominant tones, while the rare-color variant
preserves infrequent details, and other methods (Median
Cut, Max-Min, Simulated Annealing) promote balanced or
diverse palettes.

Smaller palettes lead to stronger abstraction, whereas
larger palettes improve detail. Our method maintains consis-
tent voxel structure while enabling flexible control over color
abstraction. Additional results and detailed palette selection
strategies are provided in the supplementary material.

4.5. User Study

We conducted a user study with 72 participants to evaluate
our method against four baselines: Pixel Art to 3D extension,
IN2N [28], Vox-E [80], and Blender Geometry Nodes.

The study consists of two parts. In the first part (35 ex-
amples), participants evaluated abstract detail and visual ap-

peal. In the second part (geometry evaluation), participants
compared grayscale renderings to assess shape preservation.

As shown in Table 3 (a), our method is consistently pre-
ferred, achieving 77.90%, 80.36%, and 96.55% in abstract-
ness, appeal, and geometry, respectively.

Expert Study on Color Preference. We further conduct a
focused evaluation on color quantization with 10 art-trained
participants. As shown in Table 3 (b), 88.89% of participants
prefer the results with Gumbel-Softmax, demonstrating its
effectiveness in producing clearer structures and more dis-
tinct color regions.

More details on study design, questions, and additional
results are provided in the supplementary material.

5. Conclusion

We introduce Voxify3D, a novel framework for transform-
ing 3D meshes into stylized voxel art with strong semantic
abstraction and structural consistency. By combining coarse
voxel optimization, orthographic pixel art supervision, and
palette-based color quantization, our method achieves ex-
pressive and visually appealing results across a variety of
character assets. Extensive experiments and user studies con-
firm its advantages over existing baselines in both geometric
faithfulness and artistic stylization.

In addition to digital results, we demonstrate the fabrica-
tion potential of our voxel outputs via LEGO-style assem-
blies (Fig. 8), enabled by their discrete structure and limited
color palette.

Limitations and Future Work. Voxify3D struggles with
highly intricate shapes, where thin structures or fine facial
details may be lost at low voxel resolutions. Future work may
explore integrating geometric priors or training strategies
to enhance detail preservation and scalability, as well as
adopting assembly-aware fabrication strategies inspired by
LEGO brick design and connection principles to improve
the physical realizability of voxel-based models.
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