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Overview of Code

1. Data Preparation

Load the NYC Taxi Passenger Count dataset (CSV format).
Ensure time-indexed structure with hourly intervals.
Filter out anomalies for training (retain only normal data).
Split dataset:

o 80% for training (normal only)

o 20% for testing (normal + anomalies)

2. Model Architecture

e Construct an LSTM Autoencoder:
o Encoder: LSTM layers to compress input sequences.
o Attention Layer: Soft attention mechanism to weigh time steps.
o Decoder: LSTM layers to reconstruct the input.

e Output: Reconstruction of input sequence.

3. Training

Use only normal training data.

Loss function: Mean Squared Error (MSE) between input and reconstruction.
Optimizer: Adam (or similar).

Epochs: Until convergence or early stopping on validation loss.

4. Evaluation

e Compute reconstruction errors on test data.
e Compare against threshold to classify anomaly (tuned via validation).
e Metrics: Precision, Recall, F1-score, AUC-ROC.

5. Anomaly Detection
e Input sequence — Autoencoder — Reconstructed sequence.

e (Calculate reconstruction error.
e Flag as anomaly if error > threshold.



Hardware Requirements:

A GPU-enabled system is recommended for training the model efficiently, especially when
working with long time sequences and deep architecture. At a minimum, the system should
have:

e 8 GB of RAM or more
e A CUDA-compatible GPU (e.g., NVIDIA GTX 1060 or higher)
e Adequate storage space for datasets, models, and logs

Software Requirements:

The following software components and libraries should be installed and compatible:

Python (version 3.8 or later)

TensorFlow (for model development and training)

PyTorch (optional, depending on implementation variant)

NumPy and Pandas (for data handling and manipulation)

Scikit-learn (for evaluation and metrics)

Matplotlib and Seaborn (for visualization)

Jupyter Notebook or JupyterLab (for experimentation and prototyping)

The use of virtual environments or containers (e.g., Conda or Docker) is encouraged to isolate
dependencies and prevent compatibility issues. Logging and experiment tracking tools such as
Weights & Biases or TensorBoard are also beneficial for monitoring training progress and
tuning hyperparameters.

This environment setup provides a reliable foundation for replicating the model training
pipeline, experimenting with various configurations, and deploying the solution in a controlled
and efficient manner.

40000 — Train
35000
30000
25000

20000

Value

15000

10000

5000

07-01 08-01 09-01 10-01 11-01 12-01 01-01 02-01
Date (MM-DD)

Figure 1. Train and Test Split of NYC Taxi Data

Figure 1 illustrates the temporal distribution of the train and test sets used in this study.



Model Architecture

= Encoder:

e Two stacked LSTM layers
e Extract hidden states representing temporal dependencies

= Attention Layer:
e Computes attention weights across encoder hidden states
e Generates a context vector via weighted sum of hidden states
e Highlights informative time steps

=  Decoder:

e LSTM layers followed by a dense output layer
e Reconstructs input sequence from context vector
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Figure 2. Implementation of code

Evaluation Procedure

= Macro-averaged metrics:

e Precision, Recall, F1-score (balanced evaluation across classes)
= Anomaly-specific metrics:

e Targeted Precision, Recall, and F1-score for rare event detection
= Visual analysis:

e Plot reconstruction errors over time



e Overlay predicted vs. actual anomalies for interpretability
= Statistical significance testing:

e Use paired t-tests or Wilcoxon signed-rank tests
e Compare with baselines: RNN, GRU, Vanilla LSTM

Baseline Models for Comparison

e RNN Autoencoder: serves as the simplest baseline
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Figure 3. Implementation of RNN Autoencoder code

e GRU Autoencoder: offers faster training with moderate performance
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Figure 4. Implementation of GRU Autoencoder code
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e Vanilla LSTM Autoencoder: captures long-term dependencies but lacks attention
mechanism
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Figure 5. Implementation of Vanilla LSTM Autoencoder code

e Each baseline is evaluated under the same training and evaluation pipeline

Performance Summary

Attention-LSTM Autoencoder outperforms all baselines
Achieves highest macro and anomaly-specific scores
Demonstrates improved sensitivity to subtle and localized anomalies

Claxssification Report (Test Data):
precizion recall fl-score  support

Normal B.o9H
Anomaly B. &6

SCCUracy

MaCro avg
woighted avg

Figure 6. Final Results of LSTM Auto Encoder with Attention

This configuration manual has outlined a comprehensive framework for implementing an
attention-based LSTM Autoencoder for time-series anomaly detection.
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