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Abstract

In this paper, we first present the character texture generation system Minecraft-ify,
specified to Minecraft video game toward in-game application. Ours can generate
face-focused image for texture mapping tailored to 3D virtual character having cube
manifold. While existing projects or works only generate texture, proposed system
can inverse the user-provided real image, or generate average/random appearance
from learned distribution. Moreover, it can be manipulated with text-guidance
using StyleGAN and StyleCLIP. These features provide a more extended user
experience with enlarged freedom as a user-friendly Al-tool. Project page can be
found athttps://gh-bumsookim.github.io/Minecraft-ify/
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Figure 1: Rendered 3D character in Minecraft-World using our generated frontal character texture.

1 Introduction

Non-photorealistic image generative models with editability leads Al-based creation tools for comic
book, animation and video game. Recently, for specific domain with applicability, generative model
have been tailored with data-centric approach [4} [11} 129} 3 [7]. In this paper, we present creation
tool, specified the 3D character texture of Mincraft-Worlcﬂ based on StyleGAN [5}16] and StyleCLIP
[8] including text-guided manipulation. With elaborately refined large Minecraft-World character
texture dataset, game player can generate the frontal face texture of 3D character and manipulate it
via text description with extended user experience and freedom.
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Figure 2: Overview of our Minecraft-ify system.

Our proposed system aims to generate and manipulate Minecraft-World character image having
texture format. From that, we can provide wider user freedom for character creation with two paths:
A) inverse the user-provided real images, or B) generate the frontal texture from learned distribution.
Finally, they can manipulate generated image with text description. For inversion, our inversion
objective, was originally proposed from Image2StyleGAN [1]], designed with simple modification:
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where G (+) is fined-tuned generator trained in preprocess with our large dataset which output the 8
by 8 image, w € R?*512 is limited latent vector in limited space YW+ for specified Minecraft-World
texture, | is downsampled real image with same size as G(w0) and Ly is statistics loss obtained by:

Lstat(é(w)vlorg) = % Z (|NC(G(U~1) - Mc(lorg)‘ + |Uc(é(ﬂ~1) - Uc(Iorg)D s 2)
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where pi. and o, are mean and standard deviation of ¢ channel, respectively. With Ly, we explicitly
force the generated texture to have similar image statistics with real image I, inspired by [2]. After
inversion, we apply the StyleCLIP [8]] via text using latent optimization method without identity loss:

argmin Deup(G(05,,),1) + Awa || @55, — 9%, , (3)
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where w* is fixed vector obtained by inversion process, Dcrp output the similarity between image
and text using CLIP [[10] image-, text-encoder and ¢ is tokenized vector from text description. From
Eq. 3] we can finalize the manipulation process for in-game texture generation and editing through
StyleCLIP-based [8]] optimized vector w},,, as G (@%,,,)- Player also can utilize average vector w or
random vector Wyngom instead of inversed vector w* in Eq. |§| without considering real image input.

3 Conclusion

To generate and manipulate the Minecraft-World texture toward in-game application, we proposed
Minecraft-ify that can fully support the functions for enhanced user-freedom as user-friendly Al-tool
using StyleGAN [5, 6] and StyleCLIP [8]]. From experimental results, we demonstrated that the text-
guided manipulation can enough provide semantically plausible appearance although it was derived
from user-wanted real sample by inversion. Additionally, we also showed that user can generate
seamless random or average appearance texture from the learned distribution without considering the
input images.



4 Ethical Implications

Our large dataset originally obtained from here using Public Domain license. Our system generate
the image via text with CLIP [8]]. CLIP is known to have unwanted data-bias issues by training
dataset. Thus, it is important that the user do not use this work for generating harmful or unpleasant
things. Note that this work is proposed for entertainment purposes only to easily create diverse
character texture to enrich the in-game play experience.
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Appendices

A StyleGAN fine-tuning

Before GAN inversion and CLIP-based optimization process, generator is fine-tuned with face texture
dataset. Since our output has 8 by 8 image, the partial convolution layers are learnable in training.
Thereby, latent vector also include first two coarse-level elements w € R2x512

In training, fine tuning from FFHQ-weight converge more fast than weight initialization (i.e., from
scratch), and we used 1024, 512 batch size for 4 by 4 and 8 by 8 output, respectively. For 20K
iterations, it took about 6 hours under 1 NVIDIA RTX 3090 24GB.

Generator architecture is based on StyleGAN lEl since we can not find any difference between Style-
GANI and StyleGAN2 outputs. In our knowledge, this is because output pixel has low representation
capability with partially used convolution layers against overall StyleGAN.

B Dataset refinement

Based on open-dataset, we further collect texture dataset to cover the unique or hand-crafted texture
as many as possible. To elaborate the training dataset, data refinement process is conducted: (a) reject
low standard deviation, (b) reject meaningless pattern image like chessboard, (c) reject monochromatic
image. Total refined dataset include about 35K textures. Result about dataset refinement is shown in

Fig. 3

w/o Data Rejection w/ Data Rejection

Figure 3: Dataset refinement result.

C Additional experiments

To depict a character in popular or celebrated animation, we inverse and edit non-photorealistic
image. As shown in Fig. [} fine-level character faces (Fig. ] (b)) are easily collapsed while losing
their detailed information. Simple or coarse-level character faces without high-frequency details are
relatively preserved compared to aforementioned one, it often shows an unsatisfactory appearance by
inversion process. It relies heavily on user-provided image sample that can come from a wide variety
of domains including different rendering styles, structures, color distributions, and so on. In addition,
we perform random generation from our learned distribution as shown in Fig. [5]

*https://github.com/SiskonEmilia/StyleGAN-PyTorch
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(a) Inversion results
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(b) Editing with inversion results

Figure 4: Additional results with famous animation characters.
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Figure 5: Random generated texture from learned distribution.



D In-Game screenshot

In this section, we showcase the overall screenshot images using our results as shown in Fig. []

Figure 6: In-Game screenshots using our edited face texture.

E Future work

This work aims to generate character texture for in-game application. In Minecraft world, virtual
character include face, body texture. For entire texture generation, we know that our system need to
generate all the texture not only face but also body and others. To this end, we are continuing our
Minecraft-ify research project to cover this issue in additional method. Target goal of future work
may include generating face, body, and accessories.
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