GATE: Gaussian-Attentive Transformer for Uncertainty-Aware Age Estimation

— Supplementary Material —

A. Experimental Details
A.1. Datasets

This section provides additional descriptions for each facial age estimation dataset.

MORPH II [28]: It contains about 55,000 facial images of 13,617 subjects, with ages ranging from 16 to 77 years. Based
on these labels, multiple evaluation settings have been established [17, 30], as outlined below. Following the prevailing
protocol in recent literature, the experiments are conducted on setting A in the main paper. Additional evaluations on
settings B-D are included in this supplementary material to verify that GATE maintains consistently strong performance
across all established protocols.

— Setting A: 5,492 images of Caucasians are sampled and then randomly split into training and testing sets with a ratio
of 8:2.

— Setting B: About 21,000 images of Caucasians and Africans are randomly chosen such that the ratio between Cau-
casians and Africans is 1:1 and that between females and males is 1:3. The dataset is divided into three subsets (S1,
S2, S3). Training and testing are repeated twice: (1) training on S1 and testing on S2+S3, and (2) training on S2 and
testing on S1+S3.

— Setting C: The whole dataset is randomly divided into five folds, ensuring that images of the same person belong to
only one fold. Then, 5-fold cross-validation is performed.

— Setting D: The whole dataset is randomly divided into five folds without any restriction, and 5-fold cross-validation is
performed.

CLAP2015 [7, 35]: It is designed for apparent age estimation. The apparent age of each image was rated by at least ten
annotators, and the mean rating was used as the ground truth. This dataset also provides the standard deviation of the
ratings for each image. It contains 4,691 facial images, which are divided into 2,476 for training, 1,136 for validation, and
1,079 for testing. The age range spans from 3 to 85 years.

AgeDB [22]: It contains about 12,200 images for training, with a maximum bin density of 353 images, and a minimum bin
density of 1. The validation and test sets contain about 2,100 images, respectively. The ages range from 0 to 101 years.

UTK [38]: It consists of approximately 20,000 facial images covering a wide age range from O to 116 years. We adopt the
same evaluation protocol as in [2, 8], using 13,147 images for training and 3,287 for testing.

CACD [3]: It contains about 160K images of 2,000 celebrities, which are divided by identity into three subsets: 1,800 for
training, 80 for validation, and 120 for testing. The age range spans from 14 to 62 years.

Adience [13]: This dataset is used for age group estimation. It contains 26,580 facial images of 2,284 subjects, which are
categorized into eight ordinal age groups: 0-2, 4-6, 8§-13, 15-20, 25-32, 38-43, 48-53, and 60+. We employ the 5-fold
subject-exclusive (SE) cross-validation protocol following [5, 15, 19, 20].

FG-NET [10]: It provides 1,002 color or grayscale facial images of 82 individuals, with ages ranging from O to 69 years.
It is used exclusively for testing to assess generalization performance on an unseen dataset.

A.2. Implementation Details

All models are implemented in PyTorch and trained on NVIDIA RTX 4090 GPUs. We initialize the encoder with the ViT-B
backbone from the CLIP algorithm [27], and the rank tokens in all variants are initialized from the CLIP class-token weights.
We use the AdamW optimizer [21] with a weight decay of 5 x 1072, and apply a cosine annealing scheduler [9] to adjust the
learning rate during training. For data augmentation, we use color jitter, random grayscale conversion, and random cropping
to a resolution of 224 x 224, following [36].



A.3. Training and Hyperparameters

Dataset-specific training: For the single-domain configuration (GATE-s), each dataset is trained independently using the
hyperparameters summarized in Table 1.

Table 1. Training configurations for dataset-specific GATE-s.

Dataset MORPHII CLAP2015  AgeDB UTK CACD Adience
Learningrate 5x107¢  5x107% 5x107¢ 5x 1077 5x 1077 5x 1077
Batch size 64 64 64 16 64 64
Epochs 100 100 100 30 30 10
Ain (2) 0.1 0.1 0.1 0.1 0.1 0.1
7 in (6) 2.0 2.0 2.0 2.0 2.0 2.0
kin (9) 2 42 18 58 58 58

Mixed training: For the mixed-domain configurations (GATE-m and GATE-u), all datasets are trained jointly within a
single model while maintaining a balanced composition of samples from different domains in each mini-batch. This strategy
mitigates domain bias and promotes stable optimization across heterogeneous datasets. All experiments are trained for 30
epochs with a total batch size of 96 for both GATE-m and GATE-u. Training employs the AdamW optimizer with a weight
decay of 0.05 and a cosine-annealing learning rate schedule starting from 5 x 1076, Because the dataset collection includes
MORPH II and Adience, both organized with 5-fold splits, mixed-domain training is repeated five times using a common fold
index applied to both datasets. The final performance is reported as the average over the five folds to ensure fair and robust
evaluation. The key hyperparameters are fixed to A = 0.1 in Eq. (2) and 7 = 2.0 in Eq. (6), and the per-dataset parameter k
follows the same values as in Table 1.

A.4. Evaluation Metrics

In the main paper, mean absolute error (MAE) is used as the primary evaluation metric for all datasets. In this supplementary
material, we additionally report cumulative score (CS) results for the MORPH II dataset in Table 2 and e-error results for
the CLAP2015 dataset in Table 3 to provide a more comprehensive evaluation. CS denotes the percentage of samples whose
absolute errors are within a tolerance level /, which is set to 5 following [11, 17, 34]. In CLAP2015, each image includes the
standard deviation of its apparent age ratings from multiple annotators, where a larger deviation indicates higher uncertainty.
To incorporate this uncertainty, the e-error is defined as

e-error = 1 —eXp(—%), (1)

where ¢y and y denote the predicted and ground-truth ages of an image, and o is the standard deviation of its annotator
ratings. This metric penalizes errors more heavily when the annotation confidence is high and less when it is low. We report
the average e-error over all test images.



B. More Experiments

B.1. Comparative Assessment

Table 2 reports the comparison results on the four evaluation settings (A—D) of the MORPH II dataset. GATE-s achieves
state-of-the-art performance on settings A, B, and D, and performs on par with the best existing method on setting C. These
results confirm that GATE-s maintains strong accuracy and robustness under all established MORPH II protocols.

Table 2. Comparison of age estimation results on the four evaluation settings (A, B, C, and D) of the MORPH II dataset.

Setting A Setting B Setting C Setting D
Algorithm Backbone  \MAE  CS(%) MAE CS(%) MAE CS(%) MAE CS(%)
AGEn [32] VGG-16 252 850 2.0 - - - . .
BridgeNet [14]  VGG-16 238 910 263 860 - - - -
OL[17] VGG-16 241 917 275 882 268 888 222 933
C3AE [37] custom CNN - . - - - - 275 .
DRC-ORID [11]  VGG-16 226 938 251 904 253 905 200 950
POE [15] VGG-16 256 888 281 874 267 888 222 929
PML [4] ResNet-34 231 . - - - - 2.15  88.0
AVDL [34] ResNet-17 237 - - - - - 194 889
MWR [30] VGG-16 213 942 253 904 253 905 200 950
GOL[12] VGG-16 217 938 260 893 251 900 209 942
OrdinalCLIP [16] VGG-16 231 902 268 859 - - . .
RnC [36] ResNet-18 244 883 288 832 280 840 215 917
CLOC [24] ResNet-50 345 793 372 767  3.02 847 249  89.6
L2RCLIP [33] ViT-B 2.13 . - - - - . .
NumCLIP [6] ViT-B 211 916 251 869 274 848 193 928
MCGRL [31] CNN+GCN - . - - - - 1.89 901
GATE-s ViT-B 198 945 245 907 252 903 1.64  96.0

Table 3 shows the comparison results on the validation and test splits of the CLAP2015 dataset. GATE-s achieves the
best performance in terms of both MAE and e-error on both splits, outperforming recent CLIP-based approaches such as
NumCLIP and L2RCLIP as well as traditional CNN methods. These results indicate that GATE-s generalizes effectively to
apparent age estimation, maintaining strong accuracy under annotation uncertainty.

Table 3. Comparison on the validation and test splits of CLAP2015.

Validation Test
Algorithm Backbone MAE e¢-error MAE  e-error
AgeNet [18] GooglLeNet  3.33 0.29 - 0.26
Zhu et al. [39]  GoogLeNet - 0.31 - 0.29
DEX [29] VGG-16 3.25 0.28 - 0.26
AGEn [32] VGG-16 3.21 0.28 2.94 0.26
BridgeNet [14]  VGG-16 2.98 0.26 2.87 0.26
MWR [30] VGG-16 2.95 0.26 2.77 0.25
GOL [12] VGG-16 3.88 0.34 3.38 0.31
RnC [36] ResNet-18 - - 4.72
CLOC [24] ResNet-50 5.09 0.43 4.45 0.39
L2RCLIP [33]  ViT-B - - 2.62 -
NumCLIP [6]  ViT-B 2.75 0.24 2.55 0.22

GATE-s ViT-B 2.57 0.22 2.42 0.21




B.2. Ablation on Query-Update Layers

Figure 1 illustrates how patch tokens from intermediate ViT layers are used in the transformer decoder for age-query updates.
Table 4 reports the MAE performance of GATE-s when different sets of ViT layers are used for this update step. The best
performance is obtained with tokens from the 7th-8th-9th layers, which provide an effective balance between local detail and
global semantics. Therefore, these layers are adopted as the default configuration in all experiments.
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Figure 1. Architecture of the proposed transformer decoder. Patch tokens from intermediate ViT layers are fed into the transformer decoder
during the age-query update. As shown in Table 4, the optimal performance is achieved when using tokens from the 7th-8th-9th layers.

Table 4. Performance of GATE-s with different query-update layers on the CLAP2015 dataset.

Query-update layers ~ 1st-2nd-3rd ~ 6th-9th-12th  7th-8th-9th  10th-11th-12th
MAE 2418 2422 2415 2.437

B.3. Attention Visualization Across ViT Layers

Figure 2 visualizes how the age query attends to patch tokens extracted from different layers of the ViT encoder across four
age groups in the CLAP2015 dataset. Each column corresponds to an age group — Baby (0-7), Teenager (8-19), Adult
(20-49), and Elder (50+) — and each row, (a), (b), or (c), visualizes attention to patch tokens extracted from the 7th, 8th,
or 9th layer of the ViT encoder, respectively. As the layer depth increases, attention expands from localized regions, such
as the eyes, to broader facial areas, including the cheeks and mouth, indicating that deeper layers capture more global and
semantically informative cues relevant to age estimation.
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Figure 2. Layer-wise visualization of attention heatmaps showing how the age query attends to patch tokens in the transformer decoder.
Rows (a)—(c) correspond to patch tokens extracted from the 7th, 8th, and 9th layers of the ViT encoder, respectively.



B.4. Hyperparameter Analysis

Performance according to A in (2): Table 5 reports the MAE of GATE-s on the CLAP2015 dataset when varying the
regularization weight ) in Eq. (2). Extremely small values (A = 10~3 or 10~2) provide insufficient regularization, while a
large weight (A = 1) also degrades performance. The best result (2.415 MAE) is obtained at A = 107!, indicating that a
moderate balance between data fitting and regularization yields the most stable convergence. This setting is therefore adopted
in all experiments.

Table 5. MAE performance of GATE-s according to A on the CLAP2015 dataset. Lower values indicate better performance.

A 10—3 102 101 1 3 5
MAE 2.452 2.450 2.415 2.427 2.446 2.425

Performance according to 7 in (6): Following [36], we use 7 = 2.0 as the default temperature, but we additionally
analyze the effect of varying 7. Table 6 reports the MAE performance on CLAP2015 for different temperature values. Too
small temperatures (e.g., 7 = 0.1) produce overly sharp ranking probabilities and significantly degrade accuracy, whereas
increasing 7 to moderate levels stabilizes optimization and improves performance. The best result is achieved at 7 = 2.0,
while excessively large values (e.g., 7 = 5.0) overly flatten the ranking distribution and weaken the supervision signal.

Table 6. MAE performance of GATE-s according to 7 on the CLAP2015 dataset. Lower values indicate better performance.

T 0.1 0.5 1.0 2.0 5.0
MAE 3.523 2.466 2418 2415 2432

Performance according to % in (9): Table 7 reports the MAE of GATE-s on CLAP2015 when varying the number of nearest
neighbors k& used in the k-NN inference stage. Small values (e.g., kK = 2 or 10) make the predictions sensitive to noise from
individual neighbors, whereas large values (e.g., k = 50 or 58) lead to over-smoothing and reduced discriminability. The
best performance (2.415 MAE) is obtained at £ = 42, suggesting that an intermediate neighborhood size provides the most
stable aggregation of local embeddings. Accordingly, & = 42 is used as the default inference setting for CLAP2015, while
the remaining datasets follow the values listed in Table 1 (i.e., & = 2 for MORPH II, 18 for AgeDB, and 58 for larger datasets
such as UTK, CACD, and Adience), reflecting differences in sample scale and intra-domain variability.

Table 7. MAE performance of GATE-s according to k& on the CLAP2015 dataset. Lower values indicate better performance.

k 2 10 18 26 34 42 50 58
MAE 2.535 2.444 2.423 2.426 2.424 2.415 2.426 2424




B.5. Analysis on GWA

Effect on adjacent-age discrimination: A potential concern of Gaussian Window Attention (GWA) is that a broadened
attention scope under high uncertainty may impair fine-grained discrimination between adjacent ages. However, as shown in
Table 8, GWA consistently improves cumulative score (CS) across all tolerance levels. Notably, the gain at small tolerances
such as CS@1 indicates that GWA enhances adjacent-age discrimination rather than degrading it. This is because GWA
adaptively modulates its attention scope based on uncertainty: samples requiring fine-grained discrimination yield a small o,
resulting in sharp and localized attention.

Table 8. Comparison of cumulative score (CS) between standard cross-attention and the proposed GWA on AgeDB.

Method CS@0 Cs@1 CS@2 CS@3 CS@4 CS@5
Standard cross-attention 6.45 20.61 32.43 44.07 54.21 63.22
GWA 6.87 21.31 34.16 45.47 56.21 64.25

B.6. Comparison with Uncertainty-Aware Baselines

To position GATE with respect to prior uncertainty-aware age estimation approaches, we compare it with previously reported
Bayesian baselines on the APPA-REAL[1] benchmark. As shown in Table 9, GATE-s significantly outperforms Dropout,
Dropconnect, and Deep Ensembles in terms of RMSE.

Table 9. Comparison with prior uncertainty-aware methods on APPA-REAL.

Method Dropout [23] Dropconnect [23] Ensembles [23] GATE-s
RMSE ({) 12.272 12.968 11.101 3.767

Since prior results on APPA-REAL use different backbones, we further implement MC Dropout and ensemble baselines
with the same ViT-B backbone on CLAP2015. As shown in Table 10, GATE achieves lower MAE with single-pass inference.

Table 10. Comparison with bayesian baselines on CLAP2015 under the same ViT-B backbone. Inference time is reported in parentheses.

Method MC Dropout Ensembles Two-stage GATE-s
MAE (time) 2.452 (172.19s) 2.422 (44.30s) 2.419 2.415 (12.41s)

Training stability. Beyond predictive performance, we analyze the training behavior of the proposed uncertainty-guided
mechanism. The uncertainty parameter o is initialized with a relatively large value and optimized with a higher learning
rate than the other parameters, after which it gradually decreases as prediction errors are reduced. This results in an implicit
curriculum, where attention is initially broad and progressively becomes more focused over the course of training, preventing
unreliable early-stage uncertainty estimates from dominating the attention mechanism. We further compare this end-to-end
optimization strategy with a two-stage approach that first learns x4 and o, and then enables GWA. As shown in Table 10,
the two-stage strategy does not outperform the proposed end-to-end training, further supporting the stability of the overall
optimization.



B.7. Subgroup Analysis

Demographic subgroup analysis: We analyze the behavior of GATE-m across demographic subgroups. Figure 3 presents
the performance and the corresponding predicted uncertainty across gender and race groups. The most sample-rich race
group exhibits higher o, indicating that the predicted uncertainty is not driven by demographic under-representation; it does
not simply reflect demographic bias
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Figure 3. Subgroup analysis of GATE-m across gender and race. The predicted uncertainty does not monotonically follow subgroup
frequency, suggesting that it captures visual ambiguity rather than demographic sample imbalance.

Robustness under class imbalance: To further analyze whether the predicted uncertainty is merely correlated with sample
frequency, we report the MAE and average predicted o across age groups on CLAP2015. As shown in Table 11, incorporating
uncertainty yields lower or comparable MAE in data-scarce age groups than a standard cross-attention baseline, indicating
improved robustness in tail classes. Also, the predicted o is not strictly proportional to age frequency, suggesting that
uncertainty reflects visual ambiguity rather than sample imbalance.

Table 11. Per-age-group analysis on CLAP2015. We report MAE and the average predicted uncertainty o for each age group.

Method Age Group (#images) | ¢ 4, 10-19 (133) | 20-29 (457) | 3039 (255) | 4049 (114) | 50-59 (83) 60+ (34) ‘

| MAE o |MAE o |MAE o |MAE o |MAE o |MAE o |MAE o |

2.00 - 1.95 - 1.93 - 2.62 - 3.75 - 3.23 - 3.62 -
1.67 842 | 206 433 | 200 525 | 250 624 | 354 651 | 298 652 | 374 743
200 464 | 190 512 | 1.89 620 | 2.67 749 | 380 837 | 2.84 855 | 3.58 932

Standard cross-attention
GATE-s
GATE-m

We also compare GATE-s and GATE-m in Table 11. Note that GATE-m achieves comparable or improved performance
across age groups while maintaining consistent uncertainty estimates. This indicates that unified training does not amplify
demographic bias and can instead help mitigate it by leveraging complementary distributions across datasets.



B.8. Complexity

Training time: All experiments are conducted on a single NVIDIA GeForce RTX 4090 GPU. Training each dataset indepen-
dently with GATE-s requires a total of 587 minutes summed over all domains, whereas unified multi-domain training with
GATE-m or GATE-u completes in 80 minutes. This corresponds to nearly a 7x improvement in overall training efficiency,
demonstrating the computational advantage of the unified architecture.

Table 12. Comparison of per-epoch training times for domain-specific (GATE-s) and mixed-domain (GATE-m and GATE-u) variants on a
single RTX 4090 GPU.

Training configuration Model MORPHII CLAP2015 AgeDB UTK CACD Adience‘ All

Domain-specific training  GATE-s 52min 43 min 137min ~ 70min  450min  14min ‘ 587 min
. .. GATE-m - - - - - - 80min
Mixed training GATE-u 3 3 N N N a 80min

Model size: Table 13 compares the parameter counts of transformer-based age estimation models. Prior approaches such
as SwinFace [25], NumCLIP [6], and Faceptor [26] require 109—179M parameters, whereas GATE is more compact with
approximately 100M parameters. Notably, the multi-domain (GATE-m) and unified (GATE-u) variants introduce almost
no additional parameters compared to the single-domain model (GATE-s), demonstrating that the proposed architecture
maintains scalability across domains without increasing model size. This compact design highlights the efficiency of GATE
relative to existing transformer-based methods.

Table 13. Model efficiency comparison in terms of parameter count.

Model Backbone # parameters (M)
SwinFace [25] Swin-T 109.3
NumCLIP [6] ViT-B 124
Faceptor [26] ViT-B 178.9
GATE-s ViT-B 100.17
GATE-m ViT-B 100.18
GATE-u ViT-B 100.17

C. Limitations

Figures 4-9 present qualitative examples from all six datasets, showing samples with similar ground-truth ages but different
uncertainty levels. The hard samples are intentionally selected to illustrate situations where GATE produces large estimation
errors, revealing factors that make age prediction inherently ambiguous:

* Atypical facial appearance — Unusually youthful or prematurely aged facial structure weakens the correlation between
texture cues and chronological age.

» Pose and partial visibility — Large head rotations, self-occlusion, cropped facial regions, or blocked landmarks (e.g., eyes,
cheeks, nasolabial folds) suppress key semantic evidence required for age reasoning.

Lighting, shadows, and contrast — Harsh illumination, directional shadows, overexposure, or underexposure distort skin
texture and conceal fine-scale age cues.

» Expression-induced deformation — Broad smiles, stretched expressions, pursed lips, or furrowed brows modify local ge-
ometry and introduce misleading age signals.

Cosmetics, facial hair, and accessories — Heavy makeup, beards, hats, and glasses obscure or alter structural features that
strongly correlate with age.

Resolution limits and imaging artifacts — Blurry inputs, strong compression, motion blur, or low-pixel-density crops reduce
the encoder’s ability to extract high-frequency or localized aging cues.

These conditions reduce the reliability of visual evidence, leading GATE to predict larger variances o and produce less
accurate age estimates in general. While the proposed uncertainty mechanism adapts to such ambiguity, these hard samples
highlight inherent limitations of appearance-based age estimation.
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Figure 4. Qualitative examples from MORPH II. Examples with similar ground-truth ages but different prediction uncertainties (o). Each
shows the input face, ground-truth age y, predicted age ¢, and predicted mean 4 and standard deviation o. Smaller o values indicate
confident, easy cases, whereas larger o reflect greater uncertainty and prediction difficulty.
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Figure 5. Qualitative examples from CLAP2015. Examples with similar ground-truth ages but different prediction uncertainties (o). Each
shows the input face, ground-truth age y, predicted age ¢, and predicted mean p and standard deviation o. Smaller o values indicate
confident, easy cases, whereas larger o reflect greater uncertainty and prediction difficulty.
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Figure 6. Qualitative examples from AgeDB. Examples with similar ground-truth ages but different prediction uncertainties (o). Each
shows the input face, ground-truth age y, predicted age ¢, and predicted mean o and standard deviation o. Smaller o values indicate

confident, easy cases, whereas larger o reflect greater uncertainty and prediction difficulty.
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Figure 7. Qualitative examples from UTK. Examples with similar ground-truth ages but different prediction uncertainties (o). Each shows
the input face, ground-truth age y, predicted age ¢, and predicted mean p and standard deviation o. Smaller o values indicate confident,
easy cases, whereas larger o reflect greater uncertainty and prediction difficulty.



Easy Sample

Gaussian Mask
------ n=12264

Hard Sample

AERIAGE . .,

Gaussian Mask

0.025 ssian o = 17.83 0.025
— $=2083
0.020 0.020
0.015 0.015
0.010 0.010
0.005 0.005
0.000 0.000
True Age: 18 0 20 40 60 80 100 True Age: 18 20 40 60 80 100
Easy Sample Gaussian Mask Hard Sample Gaussian Mask
...... 1 =2957 s =37.18
0.025 Gaussian g = 15.92 0.025 Gaussian o = 26.65
— §=3040 — §=13559
0.020 0.020
0.015 0.015
0.010 0.010
0.005 0.005
0.000 0.000
True Age: 31 0 20 40 60 80 100 True Age: 31 20 40 60 80 100
Easy Sample Gaussian Mask Hard Sample Gaussian Mask
...... 1 =5657 weee = 4801
0.025 Gaussian ¢ = 19.13 0.025 Gaussian ¢ = 30.40
— =5 —=
0.020 0.020
0.015 0.015
0.010 0.010
0.005 0.005
0.000 0.000
True Age: 60 0 20 40 60 80 100 True Age: 60 20 40 60 80 100

Figure 8. Qualitative
shows the input face,

confident, easy cases, whereas larger o reflect greater uncertainty and prediction difficulty.
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Figure 9. Qualitative examples from Adience. Examples with similar ground-truth ages but different prediction uncertainties (o). Each
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confident, easy cases, whereas larger o reflect greater uncertainty and prediction difficulty.



D. Broader Impacts

This work develops a method for learning age-related representations from facial images. Although it shows strong per-
formance on age estimation tasks, its use should be approached with caution. Predicting personal attributes such as age
is inherently sensitive and may raise ethical concerns, particularly when models exhibit demographic bias or are deployed
without appropriate oversight. The proposed system should not be used to make decisions that directly affect individuals and
should function only as a decision-support component within a controlled workflow. When applied in practice, fairness eval-
uations, transparent usage guidelines, and continuous monitoring are essential to avoid misuse or unintended harm. Given
these considerations, we recommend using this model strictly for research purposes.
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