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A photo of V* V* is playing DJ V* is playing guitar V* is singing in a mic

Figure 1: Customization with CraftGraffiti: It can accurately customize the input character pose in
three different musical scenarios, preserving the facial attributes in graffiti style, as the only the pose
of the face mesh changes with style while preserving the mesh structure of the input image.

Abstract

Preserving facial identity under extreme stylistic transformation remains a major
challenge in generative art. In graffiti, a highly contrasted abstract medium, subtle
distortions to the eyes, nose, or mouth can erase the recognizability of the subject,
undermining both the personal and cultural authenticity. We present CraftGraffiti,
an end-to-end text-guided graffiti generation framework designed with facial feature
preservation as a primary objective. Given an input image and a style and pose
descriptive prompt, CraftGraffiti first applies graffiti style transfer via LoRA-fine-
tuned pretrained diffusion transformer, then enforces identity fidelity through a face-
consistent self-attention mechanism that augments attention layers with explicit
identity embeddings. Pose customization is achieved without keypoints, using
CLIP-guided prompt extension to enable dynamic re-posing while retaining facial
coherence. We formally justify and empirically validate the “style-first, identity-
after” paradigm, showing it reduces attribute drift compared to the reverse order.
Quantitative results demonstrate competitive facial feature consistency and state-of-
the-art aesthetic and human preference scores, while qualitative analyses and a live
deployment at the Cruïlla Festival highlight the system’s real-world creative impact.
CraftGraffiti advances the goal of identity-respectful AI-assisted artistry, offering a
principled approach for blending stylistic freedom with recognizability in creative
AI applications. The code is available at: github.com/ayanban011/CraftGraffiti.

1 Introduction

Human identity preservation in the GenAI era - bias, aesthetics, and open experimentation:
Generative systems such as GANs and diffusion models [3, 29] replicate and amplify cultural biases
from their training data, entering into the risk of distorting human identity across multiple dimensions
[15]. Since usually trained on not particularly curated datasets, it is known that current generative
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systems usually tend to disproportionately produce light-skinned, youthful, conventionally attractive
faces, marginalizing other demographics, and concentrating on a narrow band of a specific concept of
aesthetics [33]. Additionally, both children and older adults are usually either underrepresented or not
properly identified, even for age-progression models [33, 30], presenting results that tend to transform
the image of a young person into an adult face, or conversely, elderly people as unrealistically younger
figures. Errors in the gender identification are usually more prone to affect women than men, and
reinforce gender norms and heteronormativity, as seen in occupational and presentational stereotypes
[45, 59]. Rooted in imbalanced datasets, these distortions risk homogenizing outputs unless addressed
through curated data, fairness-aware training, and interdisciplinary critique [13].

For this reason, and in light of the relevant risks identified, it is essential to openly address the tensions
to which our human identity is exposed in the new digital era; an era of interconnected individuals
endowed with generative capacities. Such a topic is profound and complex from the philosophical,
ethical, political, and technical dimensions [5, 2]. We state that in order to address the discussion and
public debate of these topics, we can make use of two main instruments: 1) An artistic installation
providing a representation of the customized human pose, technically sound and preserving facial
attributes as much as possible, and 2) an ecological environment that allows for the natural interaction
with people, providing the explicit context of a living lab or open experimentation space.

Integrating Cultural Expression and Facial Consistency in Generative Street Art: For the first
aim, we need a cultural bind that serves as an entry point for people to interact with this new era of
GenAI, which has to be inclusive and accessible for all; from this perspective, graffiti appears as an
excellent candidate. Graffiti is a culturally significant art form, merging creative expression with the
diversity of human identity [10, 14] and often serving as a voice for marginalized communities [4].
While recent advances in GANs [54, 55] and diffusion models [57, 51] offer automated generation,
existing methods struggle to preserve facial attributes across varying styles and poses. Text-based
image editing [24, 21] and style transfer models [20, 51, 17] fail to simultaneously adjust poses,
while pose editing approaches [8, 36] lack unified style transfer. Unified models [38, 31, 11] attempt
both but often lose facial details due to self-attention limitations.

So we introduce CraftGraffiti, an end-to-end generative framework that produces custom graffiti-style
portraits of human characters while explicitly preserving the subject’s facial identity. From the face
mesh analysis of Fig. 1 it can be concluded that, CraftGraffiti preserves the facial structure as we
always obtain same face mesh in different pose. This system is text-guided, allowing a user to
specify high-level context (e.g., prompting a portrait of the person as a DJ, guitarist, or singer) and
to customize the character’s pose, all within a graffiti art style. To accomplish this, CraftGraffiti
integrates several components: a CLIP-based text encoder for semantic guidance, a graffiti-style
fusion module implemented via a pre-trained diffusion transformer 1 fine-tuned on graffiti aesthetics,
a LoRA-based adapter [19] that efficiently injects pose information without requiring full model
retraining, and a novel face-consistent self-attention mechanism that ensures key facial features of the
input are maintained throughout the diffusion process. The final output is rendered by a variational
autoencoder (VAE) decoder, yielding a high-quality graffiti portrait that retains the individual’s
identity enabling simultaneous pose adjustment.

Our contributions include: (1) a unified framework for pose-guided, graffiti-themed portrait genera-
tion that preserves individual identity via mitigating gender bias; (2) a novel self-attention module
specifically designed for facial consistency in diffusion-based generation; and (3) state-of-the-art
performance in both qualitative visual fidelity and quantitative identity-preservation metrics compared
to existing methods.

A public artistic installation in an ecological environment as a living lab: For our second aim, we
propose to explore ecological environments to enhance user-experience experimentation by enabling
real-world engagement in authentic contexts [26]. Living labs provide user-centred, open innovation
ecosystems with real-world experimentation, co-creation, and multi-stakeholder collaboration [9, 1].
Outdoor labs with pervasive sensing and crowdsensing further increase scalability and context-
awareness [41], fostering inclusivity, diversity, and richer insights than artificial environments. From
this perspective, music festivals appear as excellent ecological experimentation spaces for this type of
trans- and multi-disciplinary investigation. In our case, we set our installation during the four days of
the Festival Cruïlla, taking place 9-12 July 2025 (Please refer to the appendix for more details of the
installation setup, outcomes, and human feedback).

1https://civitai.com/models/1058970/graffiti-style-fluxFaces
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2 CraftGraf�ti

Our proposed methodology consists of three major components: (1) text-to-image diffusion models,
(2) Style Fusion mechanism, and (3) text-guided pose customization. A detailed discussion of these
components has been obtained in the appendix.

Figure 2: CraftGraf�ti transforms a source image into a graf�ti-style portrait while preserving
the subject's identity and pose. Graf�ti style is injected via a pretrained diffusion �ne-tuned with
LoRA for the dedicated style. Later on, another diffusion model is equipped with face-consistent
self-attention and cross-attention modules to preserve key facial features, and a LoRA module enables
pose customization without full model retraining via CLIP-based prompt extension. Finally, multi-
scale latent feature processing using a VAE ensures that both global structure and �ne details are
captured across different resolutions in the latent space, yielding a high-quality graf�ti-style image.

2.1 Why should we perform graf�ti style transfer before facial attribute preservation

Performing the style transform before enforcing attribute constraints can be seen via a simple
model. LetI be the original face image and letS(I ) be its graf�ti version under a LoRA-�ne-
tuned diffusion model. If we have a facial-attribute extractorFa(I ) 2 Rk (encoding eyes, nose,
chin, expression, etc.) and an attribute-lossL attr (X ) = jjFa(X ) � Fa(I )jj2, we can choose a
projectionP(�) so that for any imageX , Fa(P(X )) = Fa(I ) (i.e. P restoresI 's attributes). Then
by reconstructionL attr (P(S(I ))) = 0 , whereasP(I ) = I (sinceI already has its own attributes),
soL (S(P(I ))) = L (S(I )) = jjFa(S(I )) � Fa(I )jj2 > 0 wheneverS perturbs the attributes. In
other words,L attr (P � S(I )) � L attr (S � P(I )) . This shows formally that applying the styleS �rst
and then the attribute correctionP yields lower attribute discrepancy. This matches intuition from
prior work: style-transfer methods aim to alter appearance while preserving its underlying structure
[42]; however, if the style in�uence is too strong, it undermines the structural integrity of the content
[47]. Moreover, LoRA �ne-tuned diffusion models often use the early timesteps to reconstruct coarse
content and later steps to add stylistic detail [37]. Thus, we preserve identity better by �rst adding the
graf�ti style and �nally preserving the facial features, rather than applying constraints before styling.
The overall methodology ofCraftGraf�ti has been demonstrated in Fig. 2.

Theorem. Let I be the input face with attributesa = Fa(I ). Let S be a diffusion-style operator
andP an operator satisfyingFa(P(X )) = a for all X (so P restoresI 's attributes). Then the
imageX 0 = P(S(I )) obeysFa(X 0) = a (it exactly preserves the original attributes), whereas
X 00= S(P(I )) satis�esFa(X 00) = Fa(S(I )) and in generalFa(S(I )) 6= a unlessS itself preserved
Fa . Hence(P � S)( I ) maintains the facial attributes exactly, whereas(S � P)( I ) need not.

Proof. By assumptionFa(P(X )) = a = Fa(I ) for any inputX . In particular,Fa(P(S(I ))) = a,
soP(S(I )) has the original attribute vector. On the other hand, sinceP(I ) = I (the identity image
already has attributesa), we haveS(P(I )) = S(I ) and henceFa(S(P(I ))) = Fa(S(I )) . Unless
S is attribute-preserving by itself,Fa(S(I )) 6= Fa(I ) in general. Therefore,P(S(I )) preservesa
exactly, whileS(P(I )) typically does not, completing the proof.

2.2 How the extra dimension in the self-attention helps in facial attribute preservation

In Diffusion models [60, 50], each self-attention layer computes attention only among features of
the current latent (no cross-latent computation). Concretely, the latent feature map of sizeH � W
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