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Abstract
Generative adversarial networks (GANs) are increasingly used for
dataset augmentation through facial style transfer, yet they may
replicate or amplify demographic bias present in their training
data. We analyse bias in GAN-based makeup and hairstyle trans-
fer models used for facial data augmentation. We evaluate three
makeupmodels (BeautyGAN, PSGAN, EleGANt) and three hairstyle
models (Barbershop, StyleYourHair, HairFastGAN) using a syn-
thetic dataset of bald female faces balanced across four ethnicity-
presenting groups (Asian, Black, Hispanic/Latino , White) and two
expressions (neutral, smile). Qualitative and quantitative inspection
reveals recurring failures including misalignment, photometric and
chromatic artefacts, and unintended skin-tone drift, with the most
severe degradations observed on Black-presenting faces and tex-
tured hairstyles. These findings highlight persistent generalisation
gaps for underrepresented skin tones and hair textures, motivating
evaluation protocols and training data that explicitly account for
demographic equity.
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Introduction
Deep learning has become the state-of-the-art approach for many
machine learning tasks, particularly in computer vision and natu-
ral language processing. However, training modern architectures
typically requires large-scale data, and in many settings legal con-
straints, privacy concerns, and data scarcity make such collection
impractical. Data augmentation is therefore widely used to increase
variability and improve model generalisation. More recently, Gener-
ative Adversarial Networks (GANs) have been adopted for synthetic
data generation [38]. Unlike conventional augmentation, GANs gen-
erate new samples that approximate the original data distribution
and can be more effective in low-data regimes.

GAN-based augmentation has been applied across domains in-
cluding medical imaging [11], anomaly detection [30], and emotion
recognition [31]. Several studies report performance gains, particu-
larly when training data are limited [15, 51], and GAN-augmented
datasets are often described as robust and less sensitive to archi-
tecture and hyperparameters [17]. However, GAN augmentation
can also replicate—and sometimes amplify—biases in the training
distribution, thereby reproducing demographic disparities rather
than correcting them. Jain et al. [22] showed that GAN-augmented
engineering headshots were skewed toward masculine features
and lighter skin tones based on human evaluation, while other
work warns of biased associations in facial augmentation related
to skin colour and racial representation [44]. Grissom et al. [16]
further found that the StyleGAN3 discriminator assigns systemati-
cally higher scores to white faces, and that longer hair—particularly
for Black individuals and men—tends to be penalised, suggesting
structural preferences that can shape generation quality.

In this work, we investigate demographic bias in GAN-based
style transfer models used for facial data augmentation. We eval-
uate three makeup transfer models and three hairstyle transfer
models on a synthetic dataset of bald female faces balanced across
four ethnicity-presenting groups and two expressions. By remov-
ing hair from the inputs, we enable controlled analysis of model
behaviour while reducing confounds from occlusion. Our main
contributions are:

• Controlled bias-analysis protocol. We curate a balanced
bald-face evaluation set and apply fixed reference styles to
enable matched comparisons across demographic groups.
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• Multi-metric evaluation. We combine structured quali-
tative inspection with group-wise distribution-shift, photo-
metric, and identity-preservation measures (FID, mid-face
Δ𝐿∗, and ArcFace cosine similarity) to assess augmentation-
induced disparities.

• Evidence of demographic performance gaps.We iden-
tify consistent patterns of degradation for Black-presenting
faces, including larger distribution shifts, unintended lumi-
nance changes, and frequent failures on textured and cultur-
ally specific hairstyles.

Related work
Image Data Augmentation
Data augmentation is widely used to improve model generalisation
under limited data or class imbalance. Traditional approaches rely
on geometric and photometric transformations, such as flipping,
cropping, and colour perturbation, which were popularised by early
deep vision models including AlexNet and VGGNet [28, 40]. More
recently, generative augmentation using GANs has emerged as an
alternative, synthesising new samples rather than transforming
existing ones and proving particularly effective in low-data regimes
[34, 49].

GAN-Based Augmentation for Facial Expression
Recognition
Facial Expression Recognition (FER) frequently relies on data aug-
mentation due to limited annotated datasets. In addition to con-
ventional geometric augmentation, GAN-based methods have been
shown to improve FER performance by generating synthetic ex-
pressions, with reported gains on benchmarks such as FER2013 and
JAFFE [45, 51]. While effective for performance, these approaches
rarely examine whether generative augmentation introduces or
amplifies demographic bias—an issue central to our analysis.

Style Transfer Models for Data Augmentation
Style transfer has been widely adopted for data augmentation
at both the image and feature levels. Early optimisation-based
methods [12] were computationally expensive and often exhibited
weak content–style alignment, motivating feed-forward transfor-
mation networks for efficient inference-time transfer [5, 20]. At
the data level, style transfer diversifies the training distribution,
while feature-level approaches perturb internal representations.
Prior work improves robustness through style interpolation, fea-
ture mixing, and noise injection [19, 21].

Style transfer has also been explored for bias analysis and miti-
gation. Yucer et al. [46] transfer racial attributes while preserving
identity, and [14] apply demographic style transfer to improve
fairness in gender recognition. However, recent work shows that
generative models trained on imbalanced data tend to reproduce or
amplify demographic bias, with human evaluators often favouring
outputs depicting white individuals [32].

Makeup transfer applies cosmetic styles from a reference im-
age to a source while preserving facial identity. CycleGAN [49]
enabled unpaired translation but lacked reference-specific control;

PairedCycleGAN [6] and BeautyGlow [7] addressed this by disen-
tangling makeup and identity. BeautyGAN [29] improved visual
fidelity through a dual-input/output architecture with a dedicated
makeup loss but remained sensitive to spatial misalignment. PS-
GAN [23] introduced attention-based pixel-wise correspondence
to improve regional alignment, while EleGANt [43] employed a
multi-scale pyramid encoder with self-attention for fine-grained, lo-
cally editable transfer. We therefore evaluate BeautyGAN, PSGAN,
and EleGANt as representative foundational, attention-based, and
high-detail makeup transfer models.

Hairstyle transfer modifies hair colour, shape, and structure
while preserving facial identity and background, with applica-
tions in virtual try-on and digital content creation. Advances in
GAN architectures [25] have enabled increasingly realistic hair
synthesis [24, 35]. Existing methods are commonly categorised
as optimisation-based or encoder-based. Optimisation-based ap-
proaches refine latent codes using task-specific losses: Barbershop
[50] controls structure and style in StyleGAN’s FS space but strug-
gles with large pose variations, while StyleYourHair [27] improves
robustness via local style matching and pose alignment; LOHO [37]
and HairManip [48] further increase control through hair decom-
position and disentanglement. Encoder-based methods prioritise
inference efficiency; HairFastGAN [35] employs task-specific en-
coders for alignment, shape, colour, and refinement, enabling fast
high-resolution synthesis, though challenges remain for diverse
poses and complex textures. Accordingly, we analyse Barbershop,
StyleYourHair, and HairFastGAN as representative optimisation-
based and encoder-based hairstyle transfer models.

Dataset and Methodology
We construct a balanced evaluation set of 320 synthetic female
images selected from 10,000 AI-generated photos released by Gen-
erated Photos [13]. All images are model-released and royalty-free.
The final set is balanced across four ethnicity-presenting appearance
categories (Asian, Black, Hispanic/Latino , White) and two facial
expressions (neutral, smiling), with 40 identities per category per
expression. We focus on female faces because current makeup and
hairstyle transfer benchmarks and pretrained models are largely
developed and evaluated on female data.
Appearance-based labels. Ethnicity-presenting categories are
appearance-based labels provided by the source platform and are
not self-identified or ground-truth ethnicity. To reduce ambigu-
ous cases, we apply a label-consistency filtering step using Deep-
Face [39], excluding images where the provider label did not match
the majority prediction of three DeepFace race classifiers. We then
sample exactly 80 images per category. These labels enable con-
trolled group-wise analysis but should not be interpreted as de-
mographic ground truth. Preprocessing (hair removal). To stan-
dardise inputs and minimise hairstyle occlusions, all images are
processed uniformly with HairMapper [42] to remove existing hair.
The resulting bald images provide controlled inputs for evaluat-
ing demographic disparities introduced by style transfer models.
Although preprocessing can introduce subtle bias, careful method
selection and manual inspection revealed no systematic artefacts.
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Models and evaluation protocol. We evaluate three makeup
transfer models (BeautyGAN, PSGAN, EleGANt) on the full bald-
face dataset (4 ethnicity-presenting groups × 2 expressions × 40
images = 320 sources). For hairstyle transfer, we assess Barbershop,
StyleYourHair, and HairFastGAN on the Black-presenting subset
(40 neutral + 40 smiling = 80 sources) using five reference hairstyles.
This yields 2,560 makeup outputs per model (320 × 8 styles) and 400
hairstyle outputs per model (80 × 5 styles). Outputs are assessed via
structured qualitative inspection using a fixed checklist covering
alignment, color/texture fidelity, preservation of facial attributes,
artefacts, and overall realism. Due to space constraints, figures
show a stratified subset of 32 sources; full grids are provided in the
supplementary material.
Distribution shift (FID). We report Fréchet Inception Distance
(FID) [18] to quantify distribution shift introduced by makeup trans-
fer. For each model and ethnicity-presenting group, we compare
bald sources (𝑁=80) to generated outputs pooled across eight refer-
ence styles (𝑁=640), using Inception-v3 pool3 features after resiz-
ing images to 256×256. We interpret FID as a relative cross-group
shift metric rather than a perceptual quality score. Photometric
preservation (Δ𝐿∗). To quantify unintended global brightening
or darkening, we measure mid-face luminance shift in CIELAB
space. Using RetinaFace [39], we compute mean 𝐿∗ ∈ [0, 100] over
a mid-face crop defined within the detected face bounding box and
define Δ𝐿∗ = 𝐿∗gen − 𝐿∗src, where positive values indicate facial
brightening. We summarise both signed Δ𝐿∗ (direction) and |Δ𝐿∗ |
(magnitude) per group and model. We include Δ𝐿∗ because unin-
tended global brightening or darkening is a common failure mode in
makeup transfer, and mid-face luminance provides a simple, model-
agnostic measure of skin-tone perturbation that complements FID.
Identity preservation (ArcFace[10]).We additionally quantify
identity preservation under makeup transfer using cosine similarity
between ArcFace face embeddings extracted from the bald source
and the corresponding makeup output (higher is better). We report
group-wise median and mean similarity over all matched outputs
(𝑁=640 per group). Perceptual similarity(LPIPS).We measure
perceptual similarity to the reference hairstyle using LPIPS [47].
For each reference and expression, we detect the face and extract
a hair-region ROI defined by fixed proportional offsets from the
detected face bounding box, covering the hair and hairline. LPIPS is
computed between the cropped reference and corresponding gener-
ated output (lower indicates greater perceptual similarity).Results
are interpreted comparatively across models under fixed references.

Figure 1: Sample bald female faces from the synthetic dataset,
balanced across four ethnicity-presenting groups and two
expressions. These images serve as standardised inputs for
style transfer evaluations.

(a) Asian. (b) Black.

Figure 2: Makeup transfer results using BeautyGAN on Asian
and Black.

Results
Makeup Transfer Results
We evaluated three makeup transfer models—BeautyGAN [29], PS-
GAN [23], and EleGANt [43]—on the synthetic bald female dataset
to assess their suitability for demographically inclusive data aug-
mentation. Reference images were drawn from the MT-Dataset [29]
and public web sources, covering diverse skin tones and makeup
intensities. Representative results across four ethnicity-presenting
groups (Asian, Black, Hispanic/Latino , White) and two expressions
(neutral, smiling) are shown in Figures 2–7.

BeautyGAN. Overall, BeautyGAN produces visually coherent
makeup transfer when the source and reference share similar skin
tones, but robustness decreases under cross-skin-tone transfer and
expression variation. Lips. Lipstick is typically well aligned and sat-
urated; however, smiling expressions often introduce edge blur and
occasional colour spill onto teeth, especially for darker skin tones.
Eyes. Eyeshadow placement is usually correct, though dramatic
reference styles can appear smudged with reduced definition. Skin
tone (foundation). Foundation transfer is smooth for same-tone
references, while cross-tone references can introduce brightening,
dull overlays, or desaturation—most pronounced for Black faces.
Expression effect. Smiling amplifies lip misalignment and edge
artefacts across all groups.

PSGAN. Overall, PSGAN exhibits unstable and highly group-
dependent behaviour, with frequent failures in colour mapping
and foundation adaptation. Lips. Lip transfer is inconsistent, with
partial omission, bleeding, or over/under-saturation that becomes
more noticeable in smiling expressions. Eyes. Eyemakeup structure
is often preserved, but saturation is uneven and hues frequently
drift from the reference. Skin tone (foundation). Foundation is
the weakest component, producing ashy overlays, patchiness, and
over-darkening—particularly when source and reference skin tones
differ. Expression effect. Smiling exacerbates lip bleeding and
misalignment across all groups.

EleGANt. Overall, EleGANt delivers high-detail transfer on
lighter skin tones but degrades sharply on darker complexions,
revealing uneven demographic generalisation. Lips. Lip colour
and shape transfer is accurate on Asian- and White-presenting
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(a) Hispanic/Latino . (b) White.

Figure 3: Makeup transfer results using BeautyGAN on His-
panic/Latino and White.

(a) Asian (b) Black

Figure 4: Makeup transfer results using PSGAN on Asian and
Black.

(a) Hispanic/Latino . (b) White.

Figure 5: Makeup transfer results using PSGAN on His-
panic/Latino and White.

faces, but frequently bleeds or misaligns on Black-presenting faces.
Eyes. Eye makeup appears crisp on lighter tones, while becoming
smudged, pixelated, or oversaturated on darker complexions. Skin

(a) Asian. (b) Black.

Figure 6: Makeup transfer results using EleGANt on Asian
and Black.

tone (foundation). Foundation often appears as a global tonal
overlay rather than subtle contouring, leading to unnatural darken-
ing and chromatic noise—most evident on Black-presenting faces.
Expression effect. Expression changes are secondary to skin-tone
sensitivity, with artefacts appearing regardless of facial pose on
darker skin. EleGANt can look visually strong on lighter skin, but
it is the least reliable on darker complexions, where it introduces
the most severe structural artefacts and chromatic instability.
Across-model comparison. Across models, the dominant fail-
ure mode is cross-skin-tone transfer, where foundation and global
colour shifts become entangled with cosmetic style. These effects
are most pronounced for Black-presenting faces, aligning with
frequent tonal mismatch, chromatic noise, and regional bleeding.
BeautyGAN is generally the most coherent, whereas PSGAN and
EleGANt show greater instability under tone differences, limiting
suitability for inclusive augmentation.
Makeup transfer (quantitative). Table 1 shows that BeautyGAN
yields the lowest mean FID, while EleGANt and PSGAN induce
larger overall shifts. Across all models, Black faces obtain the high-
est FID indicating the largest distribution shift under matched ref-
erence styles. This trend is consistent with the qualitative observa-
tions of stronger tonal mismatch and more frequent artefacts on
darker skin tones. Table 2 shows the same group also exhibits the
largest positive luminance shift (Δ𝐿∗ > 0), suggesting systematic
brightening in the central facial region compared to other groups.
In contrast, Asian and White groups tend to show mild average
darkening, supporting the observation that foundation transfer
can modify apparent skin tone beyond localised cosmetics. Table 3
reports identity preservation under makeup transfer. Similarity
remains high across models, indicating minimal identity change;
BeautyGAN achieves the highest preservation, while PSGAN shows
the largest cross-group variation (Δ=0.058).

Hairstyle Transfer Results
We evaluate hairstyle transfer on the same bald female dataset used
for makeup experiments, restricting analysis to Black subjects (40
neutral, 40 smiling). Unlike prior work that focuses on straight or
wavy hair, we target underrepresented textured styles. Five ref-
erence hairstyles (afros, curls, braids, locs) were selected due to
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Table 1: FID (↓) between bald source faces (𝑁=80) and makeup-transferred outputs (𝑁=640 from 8 reference styles), reported per
ethnicity-presenting group. Mean is averaged across groups; ΔFID is max–min.

Model Asian Black Hispanic/Latino White Mean ΔFID

EleGANt 78.07 79.09 66.29 67.58 72.76 12.80
BeautyGAN 46.43 59.76 44.80 41.61 48.15 18.15
PSGAN 74.51 77.77 68.32 67.77 72.09 10.00

Table 2: Mid-face luminance shift under makeup transfer, reported as median |Δ𝐿∗ | (mean Δ𝐿∗ in parentheses) across ethnicity-
presenting groups over 𝑁=640 outputs. Positive mean Δ𝐿∗ indicates brightening.

Model Asian Black Hispanic/Latino White Mean |Δ𝐿∗ | Δ|Δ𝐿∗ |
EleGANt 6.84 (-4.99) 20.43 (+17.80) 9.14 (+4.20) 6.15 (-2.26) 10.64 14.28
BeautyGAN 6.81 (-5.01) 13.74 (+13.74) 5.97 (+3.16) 6.44 (-3.66) 8.24 7.76
PSGAN 6.15 (-2.12) 21.28 (+19.98) 8.46 (+6.64) 6.04 (+0.39) 10.48 15.24

Table 3: ArcFace identity preservation summary (↑) under
makeup transfer. Mean and Δ are computed over group-wise
median cosine similarity.

Model Mean median cosine Δ

EleGANt 0.781 0.024
BeautyGAN 0.892 0.012
PSGAN 0.790 0.058

(a) Hispanic/Latino . (b) White.

Figure 7: Makeup transfer results using EleGANt on His-
panic/Latino and White.

the limited representation of these textures in existing datasets;
references were sourced from high-resolution, front-facing public
images to minimise pose and blur confounds. Because these styles
are culturally associated, we restrict hair-transfer evaluation to
Black female faces to avoid culturally inappropriate cross-group
transfer and to maintain a controlled analysis. We test three GAN-
based models—Barbershop and StyleYourHair (optimization-based)
and HairFastGAN (encoder-based). Each identity is paired with
all five references, yielding 400 outputs per model. Outputs are
assessed using a fixed qualitative checklist covering hairline blend-
ing, texture fidelity, structural accuracy, and identity preservation.

Figure 8: Hair transfer results by Barbershop [50] on bald
source images. Output_01–02: afro/curly references; Out-
put_03: braids; Output_04–05: loc references.

Figures 8–10 show representative results; additional grids appear
in the supplementary material.

Barbershop shows partial success in transferring the global
structure of afro-textured hairstyles but struggles with fine-grained
fidelity and integration (Figure 8). For afros (Output_01–02), the
overall silhouette and volume are captured, yet curl detail is over-
smoothed and hairline transitions appear abrupt. In braided styles
(Output_03), directional flow and parting are reproduced, but geo-
metric regularity and strand separation are poorly rendered, with
braids appearing fused or flattened. Loc-based references (Out-
put_04–05) present greater difficulty: loc density and cylindrical
structure are misrepresented, often resembling twisted strands
rather than realistic locs. Scalp-level artefacts, including clipping
and root misalignment, further reduce realism. Although facial
identity is preserved, hairstyle quality deteriorates with increasing
structural complexity, highlighting limitations in modelling dense,
high-frequency textures.

StyleYourHair shows partial success in transferring afro-textured
hairstyles but struggles with texture fidelity and scalp blending (Fig-
ure 9). Although global shape is generally preserved across afros,
braids, and locs, high-frequency detail is oversmoothed. Afro styles
(Output_01–02) retain volume but lack curl definition, while braids
and locs (Output_03–05) lose strand separation and cylindrical
structure, often appearing fused or flattened. Scalp integration is in-
consistent, with visible seams in some cases. Facial identity remains
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Figure 9: Hair transfer results by StyleYourHair [27] on bald
source images.

Figure 10: Hair transfer results by HairFastGAN [35] on bald
source images.

stable, yet realism declines with increasing hairstyle complexity,
revealing limitations in modelling dense, textured styles.

HairFastGAN demonstrates relatively stronger performance on
afro-textured hairstyles compared to the other models, particularly
in afro and curly styles (Output_01 and Output_02; Figure 10). The
model effectively captures the global shape and volume of afros,
with improved texture fidelity and natural facial blending. Side
parts and asymmetries are preserved more faithfully than in the
other models. However, finer coil details are still smoothed out, re-
sulting in broader, less defined textures that limit photorealism. For
braided (Output_03) and loc styles (Output_04 and Output_05), per-
formance declines. Braids appear merged or oversimplified, lacking
the geometric regularity of real strands. Locs lose their rope-like
definition, resembling loosely grouped layers. While identity reten-
tion remains strong, hair colour consistency is less reliable, with
some styles showing noticeable shifts in tone. HairFastGAN aligns
shape and volume well but lacks strand-level detail for high-fidelity
transfer of textured styles.
Hairstyle transfer (quantitative). Table 4 reports LPIPS [47]
between each fixed reference hairstyle and its corresponding gen-
erated outputs (lower is better). Across models, Ref 01 consistently
yields the highest distances (0.589–0.699), indicating greater per-
ceptual deviation from the target style relative to other references.
In contrast, Ref 02 and Ref 05 exhibit lower distances across mod-
els. Overall, StyleYourHair achieves the lowest mean LPIPS (0.484),
followed by Barbershop (0.494), while HairFastGAN shows the high-
est overall distance (0.527). Performance differences are reference-
dependent, suggesting that hairstyle transfer fidelity varies substan-
tially with the structural and textural characteristics of the target
style.

Discussion
A primary source of bias in generative models lies in the compo-
sition of their training data. When certain skin tones are under-
represented, learned representations become skewed, leading to

Table 4: Perceptual similarity LPIPS (↓) between each refer-
ence hairstyle and generated output for Black-presenting
inputs. Values are mean LPIPS averaged over neutral and
happy expressions (𝑁=80 outputs per reference; 𝑁=400 per
model). Lower is better. Best per column is bold.

Model Ref 01 Ref 02 Ref 03 Ref 04 Ref 05 Mean

Barbershop 0.664 0.407 0.571 0.455 0.371 0.494
StyleYourHair 0.589 0.320 0.492 0.555 0.463 0.484
HairFastGAN 0.699 0.441 0.491 0.533 0.470 0.527

systematic performance gaps. This pattern is well documented in
computer vision, where models trained predominantly on lighter-
skinned faces perform poorly on darker skin tones, and it directly
extends to makeup transfer systems. Widely used datasets such
as the Makeup Transfer (MT) dataset [29] are dominated by East
Asian and Caucasian faces, with limited representation of darker
skin tones.

Our qualitative and quantitative results reflect these limitations.
Tonal shifts, ashy overlays, lipstick misalignment, chromatic noise
indicate failures in colour adaptation and weak disentanglement
between cosmetic style and skin tone. When GANs lack sufficient
examples of dark-skinned individuals wearing diverse makeup
styles, they struggle to generalise across skin tones. Prior work
shows that demographic labels and skin tone annotations are of-
ten subjective and inconsistent [3, 26], further distorting model
learning. Related studies also report that image-to-image makeup
models frequently alter skin tone alongside cosmetic features, high-
lighting weak separation between content and style [7, 33]. Eval-
uation practices further compound these issues. Performance is
often demonstrated using unrepresentative samples or visually
favourable outputs, creating an inflated perception of model relia-
bility. Without balanced datasets and rigorous evaluation protocols,
GAN-based beauty applications risk reinforcing existing disparities
rather than mitigating them. Hairstyle transfer models exhibit anal-
ogous limitations. Although Barbershop [50], StyleYourHair [27],
and HairFastGAN [35] perform reasonably on straight and loosely
wavy hairstyles, fidelity decreases for afro-textured and protective
styles (e.g., braids and locs). This pattern aligns with prior observa-
tions that many hairstyle datasets remain skewed toward globally
smooth hair geometries and lack detailed annotation of complex
Black hairstyles [8, 41]. Consistent with these qualitative trends,
LPIPS results in Table 4 show increased perceptual distance for
structurally complex references, indicating reduced texture and
hairline fidelity across models. Optimisation-based approaches cap-
ture coarse global shape but struggle with strand separation and
scalp integration [9], while encoder-based methods such as Hair-
FastGAN improve blending yet still exhibit higher perceptual devi-
ation on dense, coiled textures.

These limitations extend beyond technical concerns. Hair tex-
ture and style are closely tied to identity and cultural expression,
as recognised by legal protections such as the CROWN Act [1, 2].
Inadequate synthesis of textured hair risks aesthetic erasure and
algorithmic discrimination, particularly in public-facing and virtual
environments. More broadly, makeup and hairstyle transfer systems
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can encode and reproduce dominant beauty norms. Consistently
stronger performance on lighter skin tones and straighter hairstyles
risks reinforcing colourist biases and excluding marginalised ap-
pearance groups from reliable digital representation. Mitigating
these effects requires diverse training data, improved disentangle-
ment of style and identity, and evaluation protocols that explicitly
account for demographic equity.

Conclusions
Our findings show that existing models systematically struggle
with cross-skin tone makeup transfer and with textured, cultur-
ally specific hair types, introducing artefacts, tonal distortions, and
structural failures. These issues are most pronounced for Black-
presenting faces, where the combination of darker skin tones and
afro-textured/protective hairstyles exposes blind spots in prevail-
ing training data and incomplete disentanglement between style
attributes (makeup/hair) and identity-related appearance. As such
tools are increasingly used in public-facing applications and aug-
mentation pipelines, demographic inconsistencies raise both tech-
nical concerns and risks of exclusion or cultural misrepresentation.
We recommendmore diverse and better-annotated training datasets,
architecture-level improvements that explicitly separate content
from style, and evaluation protocols that account for equity across
skin tones and hair textures. Future work will expand quantitative
fairness and image-quality evaluation, broaden demographic cover-
age to include additional ethnicities and male subjects, and explore
alternative transfer frameworks, including improved GAN-based
approaches [37, 48] and diffusion-based editing models [4, 36].
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