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Research Trends in Copyright Infringement Prevention Techniques for
Generative Al Models: Focusing on Style Imitation and Prevention Methods

Jua Han”, Joo Won Park?, Min Hee Cha”, and Sung In Cho”*

o ot

Stable Diffusion, DALL-ESH 22 E|2E 7k ojujx] Ay Rele] w2 Foj#ql Azt = A% A2 7hsd< EA
gh o FAl derte] IR sho] FHo R RitEo] Az FE ojojd £ vke $HE B9 Utk ol weh, 9%
Ape] E4AR1 AlZHA 2Erde] A4 B FEEEA SEEe AS 2] A 71 oA c2ud B AR 7] g8
o] FHI Utk ¥ =52 wx 2etd 24 7]¥H<l DreamBooth, Textual Inversion, Custom Diffusion, StyleDropS 71&%d 3
oA st olef tﬂ%é} Glaze, Mist, Anti-DreamBooth 5 #A A8t 2 Ho] 7|MEY Tx9 AE 7S A2Fo 7 ¥
Mgt B @Fshe SEY B o] W ES] dHA, % Eol A1ZHe 4 At BY 72 g 54 59 $AAE
B AFsty, W7 A wgk 84 AY R AR )N RS ury % FF 71eH T WIS Xﬂ’\]ﬁ“jr ol £4& w1t
gog & =32 A4E Al At %Z—}XPQ] g B3] A% 71e4d Zyd¥a 59 4843 7S et

Abstract

The advancement of text-to-image generative models such as Stable Diffusion and DALL-E has opened new possibilities for
creative visual content production. However, these developments have simultaneously raised concerns about copyright infringement,
as artists’ unique styles can be imitated without consent. In response, there is a growing need for technical countermeasures—
referred to as style mimicry protection methods—to prevent generative models from indiscriminately learning and reproducing
original visual styles. This study first provides a technical overview of representative style mimicry methods including DreamBooth,
Textual Inversion, Custom Diffusion, and StyleDrop. It then presents an in-depth comparative analysis of the structure and
operational principles of recent defense techniques such as Glaze, Mist, and Anti-DreamBooth. Furthermore, the study identifies
key limitations of current protection methods, such as degradation of visual quality and dependency on specific model architectures.
It concludes by suggesting future research directions, including the application of imperceptible perturbations and watermark-based
protection schemes. Ultimately, this paper highlights the necessity and potential of establishing a robust technical framework for
protecting creators’ rights in the era of generative Al
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Table 1. Comparison of defense performance between FSMG and ASPL in Anti-DreamBooth!™

“a photo of sks person” “a dslr portrait of sks person”

Dataset Method SER- BRI- SER- BRI-
FDFR 1 ISM | FOA | SQUE | FDFR 1 ISM | FQA| SQUE

No Defense 0.07 0.63 0.73 15.61 0.21 0.48 0.71 9.64

VGG FSMG 0.56 0.33 0.31 36.61 0.62 0.29 0.37 38.22
Face2!® ASPL 0.63 0.33 0.31 36.42 0.76 0.28 0.30 39.00
T-FSMG 0.07 0.58 0.74 36.42 0.28 0.44 0.71 17.29

T-ASPL 0.07 0.57 0.72 15.36 0.39 0.44 0.70 20.06

No Defense 0.10 0.68 0.72 17.06 0.26 0.44 0.72 7.30

Celeb- FSMG 0.34 0.48 0.56 36.13 0.35 0.36 0.66 33.60
AHQU™ ASPL 0.31 0.50 0.55 38.57 0.34 0.39 0.63 34.89
T-FSMG 0.06 0.64 0.73 25.75 0.24 0.45 0.73 8.04

T-ASPL 0.06 0.64 0.73 20.58 0.26 0.46 0.72 5.36
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