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Abstract
Facial age estimation systems require diverse training data

across all age groups, yet existing datasets exhibit significant
demographic biases and pose privacy concerns. We evaluate
whether Low-Rank Adaptation (LoRA) fine-tuned text-to-image
diffusion models can generate age-specific synthetic faces suit-
able for training age estimation models. We train 199 age-gender
specific LoRA models on a standardized compilation of five es-
tablished datasets and generate a balanced synthetic dataset of
29,850 images. Across four prediction paradigms and seven test
datasets, models trained on synthetic data produce substantially
higher error than real-data baselines on all regression tasks. Per-
age analysis on held-out data shows uniformly high MAE (21–
27 years) even for age groups with abundant training data, indi-
cating that data imbalance is not the primary cause. Relabeling
the synthetic images with an external age estimator reduces MAE
by roughly half, confirming that the generated faces are visually
plausible but do not depict the intended target ages. These find-
ings indicate that standard LoRA cannot reliably encode age as a
semantic attribute in diffusion model outputs.

Introduction
Automatic age estimation (AAE) systems analyze facial im-

ages to predict an individual’s age. These systems are deployed
in age-gated access control, detection of child sexual exploitation
material (CSEM), forensic investigations, and biometric identifi-
cation [1]. Their reliability is essential in these security-sensitive
contexts.

AAE systems based on deep learning require large-scale, la-
beled facial datasets for training. Existing datasets, however, suf-
fer from several well-documented limitations [1, 2]: legal and eth-
ical restrictions on collecting images of minors create coverage
gaps; age labels are often approximate or self-reported; children
and elderly individuals are systematically underrepresented; and
many datasets are drawn from narrow domains such as celebrity
images or criminal justice records, limiting generalization.

Recent advances in diffusion models [3] combined with
parameter-efficient fine-tuning methods such as Low-Rank Adap-
tation (LoRA) [4] offer a potential path forward. LoRA enables
adaptation of large pre-trained models using minimal data by
training small low-rank update matrices while keeping the base
model frozen. This makes it attractive for generating synthetic
training data with specific demographic attributes, as it requires
only a small number of real images per target group and avoids
distributing the original data.

LoRA has been widely adopted for style transfer in diffu-
sion models, where it effectively captures global visual patterns.
However, facial aging is characterized by localized, non-linear
changes [1] that differ qualitatively from artistic style. Whether

standard LoRA can learn to control age as a semantic attribute
in generated faces has not been empirically tested at scale. This
paper provides that investigation.

We train 199 age-gender specific LoRA models on a stan-
dardized compilation of five established face datasets, gener-
ate a balanced synthetic dataset of 29,850 images, and evaluate
downstream age estimation performance across four prediction
paradigms and seven test datasets. Our contributions are:

1. A large-scale empirical evaluation of LoRA-based age con-
trol involving 199 separately trained models and ∼30k
synthetic images, one of the most extensive assessments
of parameter-efficient fine-tuning for demographic attribute
control to date.

2. A per-age diagnostic analysis on held-out data demonstrat-
ing that synthetic failure is uniform across all age groups,
including those with abundant training data, ruling out data
imbalance as the primary explanation.

3. Relabeling experiments using an external age estimator
(MiVOLO [5]) confirming that the generated faces are vi-
sually plausible but semantically inaccurate for age.

Approach
Our approach consists of three stages: compiling and stan-

dardizing a real face dataset, training age-gender specific LoRA
models, and generating a balanced synthetic dataset. The prepro-
cessing and generation workflows are illustrated in Figure 1 and
Figure 2, respectively.

Dataset Compilation
We compile a combined dataset (AAFMU) from five estab-

lished face age datasets: AgeDB [6] (16,488 images), APPA-
REAL [7] (7,591), FG-NET [8] (1,002), MORPH-II [9] (55,134),
and UTKFace [10] (24,106), totaling 104,321 images. Using mul-
tiple sources is intended to provide diversity in settings, demo-
graphics, and imaging conditions, reducing the risk that LoRA
models learn domain-specific artifacts (e.g., the uniform back-
grounds of MORPH-II mugshots) rather than age-related features.

Preprocessing Pipeline
We apply a four-stage preprocessing pipeline to reduce vari-

ability unrelated to age:
Face Retargeting. We use LivePortrait [11] to normalize

head pose to a frontal orientation. Images where no face is de-
tected are excluded.

Background Removal. FaceParsing [12], based on
BiSeNet [13], segments the facial region and replaces the back-
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Figure 1: Preprocessing pipeline for creating the standardized
face age dataset.

ground with uniform white, removing potential distractors such
as clothing or scenery.

Alignment and Cropping. FFHQ-Alignment [14] standard-
izes facial landmark positions across all images. Images are
cropped and resized to 512×512 pixels, producing consistent eye,
nose, and mouth coordinates.

Quality Filtering. Multi-stage filtering using the Cleanvi-
sion toolkit [15] removes duplicates, blurry, overexposed, and
grayscale images. Additional custom filtering removes images
with zero or multiple detected faces.

After preprocessing, 30,995 images remain. The resulting
age and gender distributions exhibit a strong skew toward males
and toward the 20–40 age range (Figure 3), reflecting the compo-
sition of the source datasets.

LoRA Fine-Tuning
The preprocessed dataset is partitioned by age (0–100) and

binary gender. After removing empty partitions, 199 non-empty
age-gender groups remain. For each group, we fine-tune Sta-
ble Diffusion XL 1.0 [17] using LoRA (rank 16) via the Kohya-
sd framework [18]. All models are trained for 60 epochs with
AdamW (lr=5×10−4), batch size 5, FP16 precision, and seed 42.

Each training image is captioned with a trigger word
(xlfusmifa) followed by a gender class label (girl/boy for ages
≤18, woman/man for ages >18). This minimal captioning strat-
egy is intended to encourage the model to associate the trigger
word with the visual appearance of the corresponding age group,
rather than relying on explicit age descriptions in the prompt.

Synthetic Dataset Generation
Using the 199 trained models, we generate 150 images per

age-gender group (5 prompts × 30 images each) with the AUTO-
MATIC1111 interface [19]. Generation uses the DPM++ 2M Kar-
ras sampler, CFG scale 7.0, 30 sampling steps, LoRA weight 0.9,
and output resolution 512×512. All prompts describe photoreal-
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Figure 2: LoRA fine-tuning and synthetic dataset generation
workflow.

istic portrait imagery. The resulting dataset contains 29,850 im-
ages with a uniform age distribution by design (Figure 5).

Experimental Setup
Age Estimation Architecture

All age estimation experiments use EfficientNet-B5 [20]
from the timm library [21] as the backbone. We use the same
architecture and hyperparameters for all training sets to ensure
that performance differences reflect the training data rather than
modeling choices. Models are trained with Adam (lr=1×10−4,
weight decay=1×10−5), batch size 64, input resolution 256×256,
and early stopping with patience 20. Data augmentation includes
random horizontal flipping, rotation (±15°), and color jitter.

Prediction Paradigms
To ensure our conclusions are not specific to a single formu-

lation, we evaluate four prediction paradigms:

1. Exact Age Classification: 101-class classification (ages 0–
100) with cross-entropy loss. Evaluated by MAE.

2. Categorical Classification: 3-class (child ≤13, adolescent
14–17, adult ≥18) with cross-entropy loss. Evaluated by
accuracy.
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Figure 3: Age distribution of the standardized dataset used for
LoRA fine-tuning (30,995 images). The distribution is heavily
skewed toward the 20–40 range, with very few samples at extreme
ages.

(a) Original (b) Retargeted (c) No backgr. (d) Align & crop

Figure 4: Effect of each preprocessing stage on an example im-
age [16].

3. Ordinal Regression: 101 ordered binary classifiers with
BCE loss [22]. Evaluated by MAE.

4. Direct Regression: Continuous age prediction with L1 loss.
Evaluated by MAE.

Datasets and Baselines
We evaluate on seven test datasets in two categories:
Component datasets (subsets used in AAFMU compila-

tion): AgeDB, APPA-REAL, FG-NET, MORPH-II, and UTK-
Face. We acknowledge potential indirect influence when evaluat-
ing on these sets, as the LoRA training data derives from them.

Held-out datasets (not used in AAFMU): CACD [23] and
IMDB-WIKI [24]. These provide the most reliable generalization
assessment and are the primary focus of our analysis.

We compare against three baselines: MORPH-II and UTK-
Face individually (the two largest component datasets) and the
preprocessed AAFMU (AAFMU-std).

Results
Overall Performance

Table 1 presents performance on the held-out test sets CACD
and IMDB-WIKI across all four paradigms. We focus on these
two datasets as they were not used in any stage of training or
LoRA fine-tuning.

Across all three regression paradigms, models trained on
synthetic data produce substantially higher MAE than all real-data
baselines, including single-dataset baselines (MORPH, UTK-
Face). For direct regression on IMDB-WIKI, the synthetic-
trained model reaches 19.12 years MAE compared to 8.22 years
for AAFMU-std. Categorical classification accuracy appears
comparable (0.93 vs. 0.95), but with only three broad classes this
metric is insensitive to the large per-year errors observed in re-
gression.

The underperformance is consistent across paradigms and
test sets, indicating a systematic issue rather than a paradigm-
specific artifact.

Figure 5: Age distribution of the synthetic dataset (29,850 im-
ages). The distribution is intentionally balanced at 150 images
per age-gender group.

Per-Age MAE Analysis
A natural hypothesis for the synthetic data’s poor perfor-

mance is the severe imbalance in the LoRA training data: some
age-gender groups have hundreds of training images while others
have fewer than ten. If data scarcity were the primary cause, we
would expect synthetic performance to be reasonable for well-
represented ages (roughly 20–39) and degrade for underrepre-
sented extremes.

To test this, we compute per-age-group MAE on the CACD
test set for the direct regression paradigm (Figure 6), comparing
models trained on synthetic data, MORPH-II, and APPA-REAL.

The synthetic-trained model shows uniformly high per-
group MAE, ranging from 21.5 years (ages 20–29) to 26.7 years
(ages 60–62). In the 20–29 range, where LoRA training data is
most abundant, synthetic MAE is 21.5 years, comparable to the
26.7 years observed for the data-scarce 60–62 group. The ex-
pected correlation between training data availability and down-

Table 1: Age estimation performance on held-out test sets. MAE
in years (lower is better); Acc as proportion (higher is better).

Training Data Test Dataset

CACD IMDB-WIKI

MAE Acc MAE Acc

Exact Age Classification
Synthetic 17.08 – 19.45 –
MORPH 12.70 – 12.35 –
UTKFace 14.58 – 13.76 –
AAFMU-std 10.04 – 10.90 –

Categorical Classification
Synthetic – 0.93 – 0.93
MORPH – 0.97 – 0.96
UTKFace – 0.79 – 0.87
AAFMU-std – 0.95 – 0.94

Ordinal Regression
Synthetic 15.16 – 19.98 –
MORPH 10.76 – 10.88 –
UTKFace 14.22 – 14.22 –
AAFMU-std 8.41 – 9.23 –

Direct Regression
Synthetic 15.40 – 19.12 –
MORPH 11.27 – 11.11 –
UTKFace 13.92 – 12.90 –
AAFMU-std 8.15 – 8.22 –
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Figure 6: Per-age-group MAE on CACD (direct regression). Syn-
thetic MAE is uniformly high across all groups, including the
data-rich 20–39 range. Real-data baselines show the expected cor-
relation between training data availability and performance.

stream performance is absent for the synthetic condition.
The real-data baselines behave differently. APPA-REAL

achieves 5.6 years MAE in the 20–29 range, where its training dis-
tribution peaks, and degrades to 18.4 years for the 60–62 group.
The MORPH-trained model shows a similar pattern. This con-
trast indicates that the synthetic data’s failure is not primarily at-
tributable to data imbalance, but to a more fundamental issue in
how LoRA encodes age.

Generalization Gap
The per-age analysis also reveals a discrepancy between per-

group and overall performance: the synthetic-trained model pro-
duces MAE above 21 years for every age group in Figure 6, while
the overall MAE in Table 1 is 15.40 years. This difference arises
because the CACD test set is concentrated in the 20–50 age range,
and the overall MAE is weighted by the number of test sam-
ples per group. Additionally, the synthetic-trained model achieves
substantially lower error when evaluated on a held-out split of the
synthetic data itself (approximately 7 years) compared to its per-
formance on real data. This gap suggests that the model learns
features specific to the synthetic domain rather than transferable
age representations.

Relabeling with an External Age Estimator
To disentangle the quality of the generated images from the

accuracy of their age labels, we relabel the synthetic dataset us-
ing MiVOLO [5], an external age estimator not involved in any
training. Table 2 shows the effect on the exact age classification
paradigm.

Relabeling reduces MAE by roughly half. This suggests
that the synthetic images depict faces with recognizable age char-
acteristics, as MiVOLO can assign consistent ages to them, but
the ages depicted do not correspond to the LoRA target ages. A
caveat applies: the relabeled ages reflect MiVOLO’s own biases
and error characteristics rather than ground-truth ages. The im-
provement therefore indicates consistency between two learned

Table 2: Effect of relabeling synthetic images with MiVOLO on
exact age classification MAE (years).

Label source CACD IMDB-WIKI

LoRA target age 17.08 19.45
MiVOLO estimate 8.34 10.13

models rather than absolute label correctness. It does, however,
confirm that the LoRA generation process does not reliably con-
trol which age is depicted.

Discussion
Failure Analysis

The results presented above point to a structural mismatch
between LoRA’s adaptation mechanism and the requirements of
age control. We identify three properties of facial aging that are
poorly served by standard low-rank adaptation:

Non-linear progression. Facial aging proceeds through
qualitatively different phases: craniofacial growth in childhood,
secondary sexual development in adolescence, and skin texture
changes in later adulthood [1]. Each phase involves distinct bio-
logical processes and affects different facial structures. A single
low-rank update, trained on one age group, must capture the rele-
vant phase without interference from others. Our per-age analysis
suggests this does not occur: performance is equally poor for all
phases.

Spatial localization. Aging cues are concentrated in specific
facial regions, including periorbital wrinkles, nasolabial folds,
and changes in skin texture [1]. LoRA, as applied to diffu-
sion model attention layers, modifies feature representations with-
out explicit spatial selectivity. This contrasts with artistic style
transfer, where the target pattern (e.g., brushstroke texture, color
palette) tends to be spatially distributed across the image. Ap-
proaches that introduce spatial structure into the adaptation, such
as applying different LoRA weights to different network blocks,
or using conditioning mechanisms like ControlNet [25] or IP-
Adapter [26] for explicit spatial guidance, could address this lim-
itation, though they remain untested for age control.

High intra-class variance. People of the same chronolog-
ical age can appear very different due to genetics, lifestyle, and
environmental factors. Representing this variance within a single
low-rank update of rank 16 is a demanding task, particularly for
age groups with few training samples. While the per-age anal-
ysis shows that data scarcity is not the primary failure mode, it
remains a compounding factor: real-data baselines also degrade
at extreme ages where training data is sparse.

Visual Realism and Semantic Accuracy
As illustrated in Figure 7, the synthetic faces appear visually

realistic across all target ages, yet many age groups produce faces
with similar apparent age. The relabeling experiment confirms
this quantitatively: the synthetic faces are realistic enough for an
external model to assign consistent ages to them, but the assigned
ages do not match the intended LoRA targets. This decoupling of
visual quality from attribute accuracy has practical implications:
standard generative quality metrics such as FID [27] and IS [28]
would likely indicate acceptable image quality while failing to
flag the age-label mismatch. Task-level evaluation, as performed
in this work, is necessary when synthetic data is intended for train-
ing attribute-specific classifiers.

Related Work
Age estimation. Deep learning approaches have substan-

tially improved age estimation accuracy over earlier methods
based on hand-crafted features [29]. Current methods use clas-
sification [24, 30], ordinal regression [22], or direct regression
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Figure 7: Synthetic faces generated by age-specific LoRA models. Despite targeting ages 0 to 100, the generated faces show limited and
inconsistent age variation across target groups. Visual realism is high, but age-specific features do not reliably correspond to the intended
target age.

formulations, often with specialized architectures. Demographic
bias remains a persistent challenge [1].

Synthetic data for face analysis. GAN-based approaches
have been used for data augmentation in face analysis [31] and for
mitigating demographic imbalance [32]. Most such work targets
identity-related tasks (face recognition, verification) rather than
fine-grained attribute control. Age progression and regression
methods [33] transform specific individuals across ages, which
differs from our goal of generating diverse training samples at a
target age.

Diffusion models and LoRA. Diffusion models [3, 34]
achieve state-of-the-art image synthesis quality. LoRA [4] en-
ables parameter-efficient adaptation and has been widely adopted
for style transfer and subject-driven generation. Our work eval-
uates its applicability to a different task, demographic attribute
control, and finds it insufficient in its standard configuration.

Conclusion
We evaluated whether standard LoRA fine-tuning of diffu-

sion models can produce synthetic faces with reliable age at-
tributes for training age estimation systems. Across 199 age-
gender specific models, four prediction paradigms, and seven test
datasets, the answer is negative: models trained on synthetic data
consistently underperform real-data baselines by a wide margin
on all regression tasks. Per-age analysis shows this underper-
formance is uniform across age groups, including those well-
represented in the training data, pointing to a structural limitation
of the adaptation mechanism rather than data scarcity. Relabeling
experiments confirm that the generated faces are visually plausi-
ble but do not depict the intended target ages.

These results establish empirical bounds on the applicability
of standard LoRA for demographic attribute control in generative
models and highlight the gap between visual realism and semantic
attribute accuracy in current synthetic data pipelines.

Limitations

We used a single base model (SDXL 1.0) and a single adap-
tation method (LoRA, rank 16) without extensive hyperparameter
tuning. Different configurations (higher ranks, alternative learn-
ing rates, or other diffusion architectures) may produce different
outcomes. Our demographic analysis is limited to binary gender;
ethnicity and other variables were not considered. The evalua-
tion architecture (EfficientNet-B5) is not state-of-the-art for age
estimation, though our analysis depends on relative rather than
absolute performance.

Future Work
The failure analysis suggests several directions. Adaptation

strategies with spatial structure, such as applying LoRA at dif-
ferent ranks or to different blocks depending on the layer’s role
in generating local versus global features, could better target age-
related regions. Conditioning approaches like ControlNet [25] or
IP-Adapter [26] could provide explicit spatial guidance. Hybrid
protocols combining real and synthetic data may be more practical
than fully synthetic pipelines. Systematic hyperparameter search
over LoRA rank, learning rate, and training duration is also war-
ranted.
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