Interpretable Time-Series Anomaly Detection using
Micro-3 VAEs

P. YOGESH, SK SHAHENSHA ABRAR, AND CH. DRUVANTH
Department of Communication Engineering
Vellore Institute of Technology
Vellore, India
yogesh.p2024 @vitstudent.ac.in, shaik.shahensha2024 @vitstudent.ac.in, chandragiri.2024 @vitstudent.ac.in

Abstract—Accurate diagnosis of heart diseases relies on deter-
mining any discrepancies in time-series data of electrocardiogram
(ECG) signals. Though Variational Autoencoders (VAEs) deliver
powerful probabilistic modeling tools for anomaly detection, their
accuracy drops significantly when compared to deterministic
models on clean, highly aligned datasets, which is caused by
posterior collapse. This paper explores and theorizes the practical
limits of posterior collapse and the effectiveness of Autoencoders
against a Micro- VAE architecture (5 € {0.001,0.1}) combined
with a Kullback-Leibler (KL) annealing schedule over ECG
signals. By integrating a feature-level attention mechanism, we
improve clinical interpretability. Our approach improves on the
currently available deterministic Autoencoders and achieves a
mean F1-score of 0.9735 when it is evaluated over five indepen-
dent initializations on the ECG5000 dataset. This demonstrates
increased robustness to increasing synthetic Gaussian noise.
Anomalous time steps are localized by attention weights despite
the stochastic nature of the latent space.

Index Terms—Anomaly Detection, Variational Autoencoder,
Explainable AI, Time-Series, Electrocardiogram, Posterior Col-
lapse

I. INTRODUCTION

Detecting anomalies in multivariate time-series depends on
representation learning. The aim is to map regular, healthy, op-
erational data into lower-dimensional latent manifolds. When
new data deviates considerably from the manifold, the recon-
struction will be a failure and acts as a quantitative anomaly
detector. Standard Autoencoders map the data deterministi-
cally, achieving high accuracy on structured data; however,
AEs overfit and show severe brittleness under real-world signal
noise.

This problem is fixed in the [3-Variational Autoencoders (-
VAESs) by adding a probabilistic prior over the latent space.
It does not learn the discrete spatial coordinates but rather
the distribution. However, when we apply a hyperparameter
configuration to anomaly detection, it is given by a formula
where 8 > 1. This would cause a problem known as “posterior
collapse.” It is defined by a situation where the model com-
pletely ignores the input to satisfy the regularization penalty.
Both Autoencoder and variational Autoencoder architectures
are incapable of localizing the root cause of failure and provide
a scalar anomaly score, making them act like “black boxes.”
This is problematic since cardiologists need actionable and
interpretable data.

This paper presents an empirical study on the effectiveness
of probabilistic models on ECG data. Our core contributions
are:

o Mapping the threshold of posterior collapse for the
ECG5000 dataset. The results show that by using the
Micro-f regularization strategy (5 = 0.001), we can pre-
vent posterior collapse and retain probabilistic robustness.

« Demonstrating the necessity of implementing a Kullback-
Leibler (KL) annealing schedule to stabilize one-class
training on the data.

o Proving that feature-level interpretability survives the
VAE latent space when integrated with an input-level at-
tention mechanism, which allows for accurate localization
of waveform abnormalities.

II. RELATED WORK
A. Autoencoders in Representation Learning

The use of Autoencoder architecture has rapidly increased
to extract any hidden representations across various domains.
Pioneering works of Toderici et al. [[14] and Johnston et al. [[15]]
on the compression of full-resolution images using spatially
adaptive bit rates laid the path for works that expanded on this
by integrating CNN-based DCT transforms [|16]], conditional
probability models [[17], and joint autoregressive hierarchical
priors [18]] to optimize the rate-distortion trade-off. Content-
weighted convolutional networks have also been proposed to
allocate bits based on spatial importance [19]. Yang et al.
[6] demonstrated the effectiveness of modulated autoencoders
for variable-rate compression. Junges et al. [7] developed
convolutional autoencoders for health monitoring, which has
shown the robustness of autoencoders against environmental
noise in physical domains. Han et al. [[10] proposed latent vari-
able autoencoders that relax strong conditional independence
assumptions.

B. Applied Anomaly Detection and Benchmarking

The necessity for rigorous taxonomy in time-series outlier
detection was raised by Lai et al. [[12]], noting that depending
on how the anomaly is defined, classical algorithms can some-
times rival deep learning, as shown by Kim’s [20] analysis of
artificial neural networks based on variable types and sample
sizes versus decision trees. The development of unsupervised



detection architectures in the visual domain is driven by real-
world datasets like MVTec AD [11]. In the applied systems
domain, Aboah et al.’s traffic anomaly framework [[13[] shows
the effectiveness of combining deep feature extraction along
with decision tree logic for applications with high complexity.

C. Machine Learning for ECG Analysis

In recent literature, the increasing importance of machine
learning in the field of cardiovascular medicine has been
highlighted. In the case of the automated classification of
heartbeats in ECG signals, CNNs and SVMs are commonly
used to detect arrhythmia in the heartbeats [1]], [2]]. In the case
of the evaluation of the performance of medical Al systems,
sensitivity analysis plays a major role, especially in the case
of early diagnosis [3].

In addition to applications in the field of medical science,
the unique morphological characteristics of the ECG signal,
especially the R-peaks, have also been used in the field of
biometric authentication [4]. Apart from that, a paradigm shift
in the field of machine learning has also been highlighted in the
case of the detection of arrhythmia in heartbeats, specifically
in the case of the applications of deep and quantum machine
learning [5].

III. METHODOLOGY
A. Dataset and Preprocessing

The widely used physiological time-series dataset,
ECGS5000, was used. Each example in the dataset consists of
a 140-step sequence that corresponds to a single heartbeat.
To set the problem as an unsupervised one-class anomaly
detection problem, the training set was strictly filtered to only
include normal heartbeat samples (Class 1) in the dataset.
In order to prevent data leakage, feature standardization was
performed by fitting a StandardScaler strictly on the normal
class in the dataset.

B. Deterministic Baseline: Standard Autoencoder

A fully connected, deterministic Autoencoder was imple-
mented to establish a baseline. Given an input sequence
x € RT, the encoder fe compresses the signal into a latent
vector z € R?, and the decoder go reconstructs the sequence
z:
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The network minimizes the Mean Squared Error (MSE) re-
construction loss:
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C. Probabilistic Formulation: Micro-3-VAE

To introduce probabilistic smoothing without destroying
the reconstruction capacity on clean ECG data, a S-VAE
was implemented. Rather than a discrete vector, the encoder
outputs the parameters of a multivariate Gaussian distribution:
the mean g and the logarithm of the variance log o2. To allow
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Fig. 1. Latent space visualization of the test set utilizing PCA (left) and
t-SNE (right). The probabilistic bottleneck enforces a tight, cohesive cluster
for normal physiological data (blue), isolating anomalies (red).

for backpropagation through this stochastic node, we employ
the reparameterization trick, sampling the latent vector z using
an auxiliary noise variable € ~ N(0,I):

1
2=+ €e®exp <210g02> 3)

The network is optimized by maximizing the Evidence
Lower Bound (ELBO). The loss function is defined as the
sum of the reconstruction loss and the Kullback-Leibler (KL)
divergence penalty:

Lyap =MSE(z,2) + 8- Drxr(N(p,0?) | N(0,I)) (4)

We hypothesize that for highly structured, one-class physio-
logical time-series, a micro-/3 regime (e.g., 8 < 1) is required
to prevent posterior collapse.

D. KL Annealing Schedule

Applying the KL penalty uniformly from the first epoch
forces the latent space to conform to a standard normal distri-
bution before the decoder has learned the basic morphology
of the ECG waveform. To stabilize training, a linear KL
annealing schedule was applied. The effective weight of the
KL divergence term at epoch e is calculated as:
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For our experiments, Fyqrmup Was set to 10 epochs.

E. Explainability via Feature Attention

To transition the model from a black-box anomaly scorer to
an interpretable diagnostic tool, a feature-wise attention layer
was injected prior to the encoder. Given the input sequence z,
a linear transformation followed by a softmax activation learns
a weight distribution « across the 140 time-steps:

€t = Waxt + ba (6)
exp(et)
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Fig. 2. Dual-axis training trajectory showcasing the linear KL Annealing
schedule. The network establishes deterministic bounds (rapid loss reduction)
prior to the enforcement of the maximum probabilistic penalty.

The attention-weighted sequence =’ = « @ x is then passed
to the encoder. During inference, the weights oy are extracted
to highlight the specific temporal regions driving the anomaly
classification.

IV. EXPERIMENTAL DESIGN
A. Implementation Details

All models were implemented using PyTorch. Training was
done over 20 epochs using the Adam optimizer with a learning
rate of 1 x 1073 and a batch size of 64. The encoder used
a series of linear layers with dimensions 140 — 64 — 16,
resulting in a latent space bottleneck of dimension 8.

B. Evaluation Metrics and Rigor

To ensure statistical rigor, all experiments were conducted
across 5 fixed random seeds (42, 101, 2024, 7, 99). For each
seed, the Standard AE and various [B-VAEs with different
values for 8 € {0.001,0.01,0.05,0.1} were trained from
scratch.

The performance of the models was measured by Precision,
Recall, and F1-Score. Anomaly thresholding was calculated
dynamically for each model by plotting the Receiver Operating
Characteristic (ROC) curve on the test data and determining
the optimal threshold that maximizes Youden’s J statistic,
where J = TPR — FPR.

C. Robustness Testing Protocol

To simulate the degradation of sensors, synthetic Gaussian
noise was added to the standardized test set with varying
standard deviations (¢ € {0.05,0.1,0.2}). The models learned
from clean data were again evaluated on noisy data to inves-
tigate the degradation behavior of the Fl-score.

V. RESULTS AND DISCUSSION
A. Anomaly Detection and Posterior Collapse Boundary

The aggregated performance metrics over the 5 independent
seeds are shown in Table [

TABLE I
ANOMALY DETECTION PERFORMANCE (MEAN =+ STD. DEV. OVER 5
SEEDS)

F1-Score
0.9676 + 0.0016
0.9735 + 0.0017

ROC-AUC
0.9806 + 0.0020
0.9876 + 0.0010

Model Architecture
Standard AE
Micro-3-VAE (0.001)

B-VAE (0.01) 0.9592 + 0.0087 | 0.9812 £ 0.0070
B-VAE (0.05) 0.9069 + 0.0144 | 0.9549 £ 0.0095
B-VAE (0.1) 0.9061 + 0.0338 | 0.9544 £ 0.0195

The empirical data confirms our primary hypothesis. In fact,
the Micro-3-VAE with § = 0.001 has the best mean F1-
score of 0.9735 and consistently dominates the deterministic
baseline. This demonstrates that the minuscule amount of
probabilistic smoothing is enough to stop the network from
overfitting the minor morphological peculiarities in the normal
training set.

Moreover, the data clearly demonstrates the boundary of
the posterior collapse region for the ECG5000 dataset. As the
value of 3 increases towards 0.1, the F1-score drastically drops
to 0.9061 and the standard deviation increases significantly.
This significant increase in variance clearly shows that the
large KL penalty is forcing the latent space to be a generic
Gaussian distribution, and the model is arbitrarily ignoring the
physiological inputs.
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Fig. 3. F1-Score Degradation under Escalating Gaussian Noise. The proba-
bilistic nature of the VAE allows it to absorb sensor noise significantly better
than the deterministic Standard AE.

B. Robustness to Signal Degradation

Figure [3] shows the performance of the model with synthetic
Gaussian noise. The deterministic Standard AE showed highly
brittle performance with a spike in false positives. On the other
hand, the 3-VAE showed a much smoother degradation curve.
This was due to the nature of the model learning a probability
distribution rather than discrete coordinates, which inherently
has a buffer zone to handle unexpected sensor noise.

C. Interpretability via Feature Attention

The integration of the attention mechanism has successfully
resolved the dilemma of the “black-box.” As demonstrated in
Figure [] it localized the exact time steps contributing to the
anomaly score based on the weights derived from the attention.
Despite the stochastic sampling nature in the latent space of
the VAE, it has consistently localized physiologically relevant
segments.
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Fig. 4. Attention Weights extracted during a True Positive anomaly detection.
The network isolates specific temporal phases, providing actionable clinical
interpretability.

VI. CONCLUSION

Variational Autoencoders can perform better than determin-
istic models on analyzing physiological data provided that
regularization parameters are properly tuned. By using the
micro-§ threshold for the dataset (8 = 0.001) and using a
KL annealing schedule, the proposed solution successfully
resolves the problem of posterior collapse. Incorporating a
feature-level attention mechanism is the proposed approach,
which achieves high-fidelity explainable anomaly detection
and represents a major development in deep learning-based
diagnostic applications.
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