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Abstract. Accurate and clinically relevant non-invasive aging assess-
ment remains a key challenge in gerontology. While computer vision
enables functional phenotypic analysis, existing methods primarily rely
on unimodal analysis, struggle to encapsulate the systematic and complex
nature of the aging process. We propose a hierarchical cross-modal fusion
framework that integrates three complementary aging-related modali-
ties: optical coherence tomography angiography (OCTA) and optical
corneal thickness (OCT) from the ocular modality, millisecond-level be-
havioral syllables from the behavioral modality, and a high-dimensional
gait matrix from the gait modality. Our framework introduces specialized
training paradigms for each modality, including a three-stage progressive
self-masked training paradigm, an active learning behavioral represen-
tation framework, and a multi-stage gait quantization workflow. This
fusion architecture systematically progresses from unimodal encoding and
intra-domain alignment of OCTA-OCT to inter-domain feature enhance-
ment, and employs an entropy-guided probabilistic weighting strategy
to integrate peripheral biological structural changes with central func-
tional outputs. We performed aging assessments using a novel dataset
of 166 mice aged 8 weeks to 18 months, divided into four age groups,
with concurrent ocular, behavioral, and gait measurements. Experimental
results demonstrate that our method achieves an accuracy (ACC) of
92.31% and an area under the curve (AUC) of 97.73% in aging assess-
ment, significantly outperforming both single-modal baseline methods and
state-of-the-art approaches. Furthermore, it exhibits superior capability
in the precise extraction of age-related features. This work establishes a
clinically interpretable framework for non-invasive aging assessment by
bridging structural and functional changes at different biological scales.
Code is available at https://github.com/hangxingwu/HCMFMSTP.
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1 Introduction
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Fig. 1: Overview of the cross-modal training and fusion inference framework.

Accurately assessing individual aging is a key challenge in gerontological re-
search. Traditional methods are limited by the invasiveness of molecular biomarker
analysis and the subjectivity of clinical assessment[18]. Recent advances in com-
puter vision and cross-modal fusion have made non-invasive aging assessment
through functional phenotype analysis possible. However, existing methods pri-
marily focus on single-modal analysis of ocular imaging or dynamic behavior,
lacking a refined cross-modal alignment framework that effectively utilizes the
systematic and complex nature of the aging process[8].

Behavior serves as a crucial modality externalizing individual aging. The
rapid progression of pose recognition and behavior classification techniques has
furnished robust tools for aging research centered on functional behaviors. Cur-
rently, the research focus in pose recognition has shifted from early autoregressive
methods such as DeepPose and MTCNN to confidence map-based methods such
as AlphaPose[16,19,5]. Simultaneously, behavior classification techniques have
evolved from video sequence-based models like MotionMapper and DBscorer
to more refined models based on skeleton sequences such as VAME[13,15,11].
Recent research, such as KeypointMoSeq[17], has further achieved frame-level
high-precision behavior classification.

The eyeball is another important modality for externalizing individual ag-
ing, but existing methods are mostly limited to a single modality, resulting in
limited prediction accuracy. LensAge and eyeAge[9,1] have established corre-
lations between ocular features and biological age. FLEX[12] has proposed a
bidirectional transfer learning framework based on the Swin Transformer to
predict organ aging status. VisionFM and RETFound[14,20] have further en-
hanced model performance via large-scale pre-training on ocular medical images.
However, these methods are limited to single image modality information, and
existing cross-modal fusion frameworks typically adopt late-stage feature con-
catenation, ignoring hierarchical relationships between modalities and sacrificing
complementary information available in early processing stages.
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To overcome these limitations, we propose a hierarchical cross-modal fusion
framework specifically for aging representation and prediction. As shown in Fig 1,
our method introduces modality-specific training paradigms that respect the
domain features of each modality while establishing cross-modal relationships
through progressive fusion. For the ocular modality, we have developed a self-
masked dual-stream encoder-decoder architecture combined with domain-adaptive
masking prediction, which effectively extracts anatomical features from limited
labeled data while modeling optical corneal thickness (OCT) and optical coherence
tomography (OCTA) features. For the behavioral modality, we have implemented
an active learning-enhanced pose estimation framework combined with behavioral
syllable parsing to detect age-related millisecond-level behavioral changes. For
the gait modality, we designed a multi-stage quantization workflow to transform
the raw footprint distribution into a high-dimensional, clinically interpretable gait
intensity matrix. Crucially, our fusion architecture starts with single-modality
encoding, proceeds through intra-domain OCTA-OCT alignment, and finally
achieves inter-domain feature enhancement. To this end, we employ a probability
distribution-weighted fusion strategy based on feature distribution entropy to
integrate peripheral structural features with central functional features.

The main contributions of this paper are as follows: (1) To address the scarcity
of cross-modal mouse aging data, we construct the first synchronized ocular-
behavioral-gait dataset for mouse aging assessment. The dataset was collected
over one year in three batches and includes 166 surviving mice from approximately
200 initially enrolled animals, covering four age groups: 8 weeks, 3 months, 12
months, and 18 months. (2) We propose an aging characterization and prediction
framework based on cross-modal biological signal fusion, which synergistically
integrates three complementary modalities closely related to the degree of aging.
(3) Extensive experiments demonstrate that our method significantly outperforms
existing methods and single-modal methods in all aspects, effectively extracting
fine-grained features from aging-sensitive regions such as the retinal vascular
network and corneal epithelium.

2 Methods

2.1 Cross-modal Data Collection and Preprocessing

We constructed a synchronized cross-modal mouse aging dataset covering four
age groups: 8 weeks, 3 months, 12 months, and 18 months. Data collection lasted
one year and was conducted in three independent batches. Approximately 200
mice were initially enrolled; due to anesthesia- and breeding-related mortality, 166
surviving mice were included in the final analysis. As shown in Fig 2(a), for ocular
imaging, each mouse was anesthetized for 10–15 minutes, and both left and right
eyes were repeatedly acquired 3–5 times for manual quality screening. This process
ultimately yielded 324 high-quality OCT and OCTA images. Each image was
annotated with an ROI bounding box, and data augmentation, including random
scaling, rotation, and elastic transformation, was used to improve generalization
under the small-sample setting. As shown in Fig 2(b), for behavioral analysis,
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Fig. 2: Overview of the cross-modal data collection workflow: (a) shows the collec-
tion pipeline for ocular modality data. (b) shows the framework for constructing
and processing behavioral modality data.

we collected 5 minutes of video at a frequency of 25Hz from the open field
experiment and processed it using the DeepLabCut posture recognition model
based on active learning. Low-confidence frames with a confidence level less than
0.9 were iteratively labeled by experts. Every 10 hours of new video data collected,
5% of the frames with the lowest confidence levels were re-labeled, which enabled
the model to achieve an accuracy of over 90%. For gait analysis, we used a
mirror-based optical system to record mouse gait. The data from 5 independent
tests for each mouse were quantified into a 10×10 grid four-dimensional gait
intensity matrix, and three experts independently verified key indicators such as
standing time, braking time, and propulsion time.

2.2 Modality-Specific Feature Learning

As shown in Fig 1(a), for ocular imaging modalities, we propose a self-masking-
driven three-stage progressive training paradigm, which effectively solves the
problem of difficult fine-grained feature extraction. In the first stage, we employed
a Transformer encoder-decoder architecture for self-masking pre-training on
10,000 general-domain images, with 40%–60% of the image regions randomly
masked. The reconstruction loss was defined as follows:

Lrecon = ∥Decoder(Encoder(xmasked))− xunmasked∥22 (1)

In the second stage, we transferred the pre-trained model to medical image
characteristics, performing domain-adaptive fine-tuning using OCTA and CT
data. Finally, in the third stage, we split OCTA and CT into independent
branches, extracting modality-specific features through the pre-trained encoder
from the previous stage, and feeding them into a multilayer perceptron for aging
assessment. As shown in Fig 1(b), for behavioral modalities, we implemented
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an active learning-enhanced pose estimation framework based on the ResNet152
backbone network. Subsequently, Keypoint-Moseq was adopted for behavioral
syllable classification, and continuous trajectories were decomposed into discrete
syllables through variational Bayesian inference. For gait modalities, we quantized
the footprint distribution into a four-dimensional gait intensity matrix using a
mirror-based optical system, and extracted key indicators such as standing time,
braking time, and propulsion time through manual statistics. These indicators
were aggregated to form high-dimensional structured features.

2.3 Hierarchical Cross-Modal Fusion

As shown in Fig 1(c), our hierarchical fusion architecture performs hierarchical
fusion at three levels instead of using simple feature concatenation. First, intra-
subject fusion aggregates the feature maps of the corresponding left and right eyes
within the same ocular modality. Specifically, the feature maps are normalized
and aggregated to reduce acquisition noise and binocular variability:

fm = Agg(Norm(fLm),Norm(fRm)), m ∈ {OCT,OCTA}. (2)

Second, intra-ocular-domain fusion integrates OCT and OCTA representations
into a shared ophthalmic-domain embedding. Since the OCT and OCTA encoders
have been jointly adapted through the self-masked fine-tuning stage, their output
embeddings lie in a compatible latent space. The aggregation module M therefore
combines structural and vascular aging cues at the flattened feature-vector level:

focular = M(fOCT, fOCTA). (3)

The MLP classifiers following this representation further exploit the complemen-
tary information between corneal structural changes and vascular remodeling.
Third, cross-domain fusion integrates the prediction distributions from ocular,
behavioral, and gait modalities using entropy-guided probabilistic weighting. For
the i-th modality, the entropy of its prediction distribution is computed as

Hi = −
C∑

c=1

pi,c log pi,c, (4)

and the modality weight is obtained by

wi =
exp(−Hi/T )∑N
j=1 exp(−Hj/T )

. (5)

We set T = 1 to preserve the original confidence distribution. The final probability
of age class c is then computed as

Pc =

N∑
i=1

wipi,c, (6)

where i denotes OCT, OCTA, behavior, or gait. This design assigns larger weights
to more confident modalities and enables adaptive integration of peripheral
structural degeneration and central functional decline.
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3 Experiments

3.1 Experimental Setup

Dataset. Our experiments are based on the dataset collected in Section 2.1,
which contains 166 mice classified into four different age groups, with the training,
validation, and test sets split in a 7:1:2 ratio. The dataset includes synchronously
acquired data across three modalities: ocular, behavioral, and gait. For the ocular
modality, we collected OCTA and OCT images. For the behavioral modality,
we recorded 5 minutes of behavioral video for each mouse at a sampling rate of
25 Hz. Pose estimation was performed using the DeepLabCut framework with
ResNet152 as the backbone network. This model was trained through active
learning, with a confidence threshold of 0.90, and low-confidence frames were
selectively relabeled. For the gait modality, after five repeated measurements
per mouse, the heatmaps were aggregated into a four-dimensional gait intensity
matrix that comprehensively characterizes gait patterns.

Implementation Details. All methods were implemented with the Adam
optimizer with an initial learning rate of 5× 10−5, layer decay coefficient of 0.65,
weight decay coefficient of 0.05, dropout rate of 0.1, and batch size of 16. Images
were resized to 224×224 pixels and trained for 500 epochs on four NVIDIA H20
GPUs. For ocular models, we performed 3-fold cross-validation and reported the
averaged results. For behavioral and gait modalities, we evaluated more than
10 classical machine-learning models under 5-fold cross-validation and reported
the best averaged cross-validation performance as the representative non-image
baseline. Ours-B/L/H use ViT-B/L/H-scale ocular encoders and a fixed 8-block,
512-width decoder, all randomly initialized.

Evaluation Metrics. All models were evaluated using standard metrics
including Accuracy (ACC), Area Under the Curve (AUC), F1-score (F1), Precision
(PRE), and Sensitivity (SEN). Five-fold cross-validation was adopted to ensure
statistical robustness of the models in aging prediction across the four age groups.

3.2 Main Results

To verify the effectiveness of the proposed self-masking-driven three-stage training
paradigm in characterizing aging in ocular medical images, we compared 17
mainstream backbone network architectures and two advanced pre-training
methods on both OCTA and OCT modalities[7,4,2,10,3,6].

As shown in Table 1, CNN-based models exhibited significant performance
fluctuations across the two modalities, while Transformer-based architectures
showed significantly lower accuracy when directly transferred to the medical
imaging domain, reflecting a dual problem of significant domain shift and insuffi-
cient fine-grained feature extraction capability. Models such as Twins and DaViT,
which introduce specific attention mechanisms, performed well on the OCT
modality, but their performance on the OCTA modality was generally below 66%,
indicating that simply improving the network architecture is insufficient to solve
the problem of extracting fine-grained features unique to medical images, such
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as vascular texture and inter-layer structure. Furthermore, pre-trained models
from RETFound and VisionFM also exhibited the same problem, indicating that
transfer learning cannot effectively address these inherent issues. In contrast, our
method, through a three-stage progressive training paradigm, significantly outper-
formed suboptimal methods in all metrics on both OCTA and OCT modalities.
It is noteworthy that the consistent performance across different scale variants
indicates that the three-stage training has saturated the model’s performance at
the current data scale, demonstrating that domain-adaptive pre-training is more
efficient than simply scaling up the model. As shown in Fig 3, the visualization
results further reveal that the attention mechanism of our method can precisely
focus on aging-sensitive areas such as the retinal vascular network and corneal
epithelium, while existing methods tend to focus on background noise areas and
localized aging-sensitive areas.

Table 1: Performance on Eye Analysis Task. Best results are bold, second-best
underlined.

Method Param(M)
OCTA OCT

ACC↑ AUC↑ F1↑ PRE↑ SEN↑ ACC↑ AUC↑ F1↑ PRE↑ SEN↑

ResNet18[7] 11.18 57.69 79.33 44.05 43.47 47.92 57.69 78.85 42.31 45.24 40.62
ResNet34[7] 21.29 61.54 82.81 61.74 62.61 61.46 69.23 76.19 45.14 44.11 46.88
ResNet50[7] 23.52 61.54 82.66 63.19 65.28 62.50 73.08 83.95 68.30 67.92 72.92
ResNet101[7] 42.51 61.54 87.97 57.99 57.74 61.46 73.08 87.52 66.99 75.00 63.54
ResNet152[7] 58.15 61.54 82.98 62.26 65.14 69.79 80.77 82.90 75.42 73.51 79.17
ViT-B[4] 89.83 61.54 74.04 52.27 53.27 52.08 65.38 68.14 45.00 45.39 45.83
ViT-L[4] 306.46 57.69 78.81 48.81 52.02 51.04 65.38 77.84 45.60 43.93 47.92
Twins-SVT[2] 98.25 61.54 75.69 41.31 43.33 41.67 80.77 95.11 75.42 73.51 79.17
Twins-PCPVT[2] 60.48 65.38 78.60 55.27 55.69 55.21 76.92 87.73 70.91 69.16 77.08
SwinTv2-T[10] 27.58 69.23 89.67 62.95 71.15 60.42 73.08 90.98 63.47 64.49 63.54
SwinTv2-S[10] 48.96 65.38 78.54 43.81 45.89 46.88 73.08 91.18 64.30 62.31 70.83
SwinTv2-B[10] 86.90 69.23 86.95 68.06 68.69 67.71 46.15 54.05 15.79 11.54 25.00
SwinTv2-L[10] 195.21 61.54 75.18 41.08 40.08 42.71 80.77 90.47 75.42 73.51 79.17
DaViT-T[3] 27.59 61.54 74.45 41.00 41.31 41.67 76.92 89.31 72.64 72.73 80.21
DaViT-S[3] 48.98 57.69 84.74 47.37 48.33 48.96 73.08 89.44 63.47 64.49 63.54
DaViT-B[3] 86.93 69.23 86.24 64.00 63.33 70.83 73.08 89.73 70.91 73.77 77.08
EVA[6] 303.12 61.54 82.15 36.31 35.04 38.54 76.92 92.24 73.22 75.30 79.17
RETFound[20] 303.31 49.23 45.90 21.44 20.41 27.71 72.31 89.89 68.93 69.97 68.75
VisionFM[14] 85.80 46.15 50.52 15.79 11.54 25.00 57.69 76.08 53.62 53.08 58.13
Ours-B w/o OCT (OCTA) 85.76 69.23 84.37 62.57 60.65 68.54 83.08 93.53 77.16 76.04 80.00
Ours-L w/o OCT (OCTA) 303.25 67.69 83.62 61.33 59.92 65.42 81.54 91.13 73.92 78.53 75.00
Ours-H w/o OCT (OCTA) 630.69 72.31 90.11 61.41 59.75 65.21 80.00 93.02 69.49 71.35 68.33

Ours-B 85.76 84.62 97.03 81.25 81.25 81.25 84.62 97.03 81.25 81.25 81.25
Ours-L 303.25 84.62 97.03 81.25 81.25 81.25 84.62 97.03 81.25 81.25 81.25
Ours-H 630.69 84.62 97.03 81.25 81.25 81.25 84.62 97.03 81.25 81.25 81.25

3.3 Ablation Study

To quantify the contribution of cross-modal fusion to aging prediction, we com-
pared the complete model with models combining different modalities. As shown
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Fig. 3: Comparison of precise extraction of aging-related regions. Ours-B was used
to generate heatmaps of Ours. Ours-L/H showed similar localization patterns.

Table 2: Ablation study of different modalities

Method ACC↑ AUC↑ F1↑ PRE↑ SEN↑

Gait+Behavior 69.23 81.85 38.75 35.42 43.75
Ours 84.62 97.03 81.25 81.25 81.25
Ours w/ Gait + Behavior 92.31 97.73 88.89 95.00 87.50

in Table 2, the method using only the ocular modality significantly outperformed
the traditional gait-behavior combination method, validating the high sensitivity
and robustness of the ocular modality. When hierarchical fusion of behavioral
and gait modalities was introduced, the model performance was further improved,
indicating that cross-modal fusion effectively reduced false positives and enhanced
the detection capability of early aging phenotypes. These results demonstrate
a biological complementarity between peripheral structural degeneration in the
ocular modality and central functional decline reflected in behavior and gait. The
hierarchical fusion architecture, through a two-stage design of image modality
alignment and cross-modal feature enhancement, successfully established a col-
laborative reasoning mechanism for structural-functional dual-dimensional aging
characterization, providing a reliable technical path for achieving high-precision,
interpretable, and personalized aging assessment.

4 Conclusion

This paper addresses the key challenge of non-invasive aging assessment by propos-
ing a hierarchical cross-modal fusion framework that synergistically integrates
three complementary modalities: ocular, behavioral, and gait. We introduce a com-
prehensive cross-modal dataset covering ocular, behavioral, and gait aspects, the
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first cross-modal dataset designed for the joint assessment of aging, and propose
modality-specific training paradigms for each modality. Our fusion framework
systematically progresses from unimodal encoding and intra-domain OCTA-OCT
alignment to inter-domain feature enhancement, employing an entropy-guided
probabilistic weighting strategy to effectively bridge peripheral structural alter-
ations with central functional output. Experimental results demonstrate that our
method significantly outperforms unimodal baseline methods and state-of-the-art
methods, enabling the precise extraction of fine-grained features from aging-
sensitive regions, including the retinal vascular network and corneal epithelium.
Our work establishes a clinically interpretable non-invasive aging assessment
framework, providing a reliable technical pathway for high-precision, personalized
gerontological assessment through multi-scale bioinformatics integration.

Disclosure of Interests. The authors have no competing interests to declare that are
relevant to the content of this article.
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