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Abstract

Large-scale microdata have become foundational for central banks and financial supervisors. How-

ever, detecting anomalies in these datasets remains challenging due to their high volume, complex

feature relationships, and mixed-type variables. Traditional categorical transformations, such as

one-hot encoding, often fail in financial contexts where features exhibit high cardinality.

In this work, we propose a unified autoencoder-based framework that handles heterogeneous

feature types while preserving their statistical properties. By utilizing entity embeddings for cat-

egorical encoding, our model significantly reduces training time and model size while improving

detection performance compared to conventional techniques. We empirically validate our frame-

work on three open-source datasets and one proprietary (AnaCredit) financial dataset.

Furthermore, the model provides explainability by decomposing global anomaly scores into in-

dividual reconstruction errors and expected feature values, allowing practitioners to identify the

drivers of detected irregularities. To facilitate the exploration of these results, the framework in-

cludes an integrated dashboard designed for visualizing and analyzing anomalies in real-time. The

entire system is implemented as a comprehensive Python package, covering the full pipeline from

preprocessing to post-hoc analysis. The proposed framework acts as a practical utility for super-

visors, bridging the gap between raw financial data and actionable regulatory insights.

Usage of AI: This work was developed with the assistance of generative AI (GenAI) tools. GenAI

was used for brainstorming ideas, generating outlines, drafting sections, editing for clarity, identi-

fying relevant literature, and coding. All GenAI-generated content was reviewed and, where ne-

cessary, revised by the authors, who remain responsible for the accuracy, originality, and integrity

of the final work.
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ical embeddings
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1 Introduction

Large-scale tabular microdata, such as AnaCredit 2), EMIR 3), SFTR 4) or MiFID II 5), have become

fundamental in modern central banking, facilitating robust micro- and macroprudential supervi-

sion. Ensuring high data quality is essential for the reliability of downstream analyses in monetary

policy, financial stability, and systemic risk assessment. In this context, robust anomaly detection

is a key instrument for central banks, serving a twofold purpose:

– Detection of Reporting Errors: Automated anomaly detection enhances data quality and in-

tegrity by identifying reporting inaccuracies within massive datasets. Identifying anomalous

attributes in each record enables granular explainability, making clear which variables are re-

sponsible for the anomaly and in what sense the observation violates regulatory expectations.

– Downstream Analytical Applications: Beyond error correction, systematic exploration of true

economic anomalies improves the reliability of econometric and statistical models. Identifying

such anomalies helps reveal emerging macroeconomic trends, structural shifts, or systemic risks

that may warrant policy intervention.

However, designing such anomaly detection systems is challenging because tabular microdata are

characterized by twomain sources of complexity: (i) massive observation volumes, often exceeding

millions of records, and (ii) high-dimensional, mixed-type feature spaces. Crucially, these features

combine numerical, boolean, and temporal variables with categorical data that often exhibits high

cardinality. This mixed-type nature is not a side aspect but a defining characteristic of modern

supervisory data. For instance, according to the AnaCredit Regulation [29], such dataset comprises,

among others, the following types of features:

– categorical features (e.g. ‘Type of instrument’, ‘Currency’),

– numerical features (e.g. ‘Outstanding nominal amount’),

– boolean features (e.g. ‘Default status of the instrument’).

– temporal features (e.g. ‘Inception date’).

Many classical anomaly detection algorithms are designed primarily for purely numerical data. As

a result, these methods struggle to model the joint distribution of heterogeneous attributes in a

principled way, especially when the data are both large and mixed-type. The core challenge is

to develop scalable anomaly detection systems that natively integrate mixed-type features, rather

than treating them as secondary preprocessing steps. Autoencoders are a flexible class of neural

network models that have become widely used in the anomaly detection literature, including

applications in finance [36, 35, 32, 33]. Their suitability for supervisory microdata stems from

three key properties:

1. High-dimensional scalability: Neural networks efficiently process millions of records and high-

dimensional spaces. This allows autoencoders to exploit the full depth of modern supervisory

datasets without the performance bottlenecks of traditional methods.

2. Unified latent representations: Autoencoders map mixed-type data into a shared latent

space, learning complex inter-dependencies simultaneously. This shared space is further optim-

2 Analytical Credit Dataset, Regulation (EU) 2016/867

3 European Market Infrastructure Regulation, Regulation (EU) No 648/2012

4 Securities Financing Transactions Regulation, Regulation (EU) 2015/2365

5 Markets in Financial Instruments Directive, Directive 2014/65/EU
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ized via specialized output heads and loss functions to ensure accurate reconstruction across

all feature types.

3. Interpretable anomaly scoring: The reconstruction error provides both a natural anomaly

score and a direct path to interpretability. By comparing inputs to reconstructions, one can

pinpoint which specific features contribute to an anomaly and determine their expected values.

Together, these properties make autoencoders ideal candidate for the supervisory context, where

models must simultaneously provide scalability, support for mixed-type data, and transparent an-

omaly scoring. Furthermore, their ability to reconstruct input features provides an inherent mech-

anism for contribution analysis, allowing supervisors to identify which specific variables triggered

an anomaly. This interpretability ensures that model outputs are not merely black-box signals, but

actionable insights that can be cross-referenced with institutional reporting.

This work proposes AnoMATE (Anomaly Mixed-type Autoencoding Tabular Embedding), an

autoencoder-based framework for anomaly detection in mixed-type tabular data, with a particu-

lar focus on supervisory datasets such as AnaCredit. The main contributions are as follows:

– End-to-end Python implementation: We provide a complete Python package for anomaly

detection on mixed-type tabular data. The package automates the transition from raw tabular

data to interpretable anomaly scores. This includes robust preprocessing routines and a heuristic

for latent space dimensionality, enhancing the deployment of deep autoencoders in diverse

supervisory contexts.

– Embedding strategy for high-cardinality data: We introduce a native embedding approach

for categorical features that avoids the sparsity one-hot encoding. By mapping categorical

codes and numerical attributes into a shared latent space, the framework captures complex

dependencies across mixed-type variables while remaining computationally efficient.

– Empirical evaluation and benchmarking: We validate the proposed framework against cur-

rent state-of-the-art anomaly detection methods on three public mixed-type datasets and one

proprietary dataset. The results demonstrate the robustness of our architecture in identifying

anomalies within high-dimensional, heterogeneous datasets.
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2 Related Work

Anomaly detection in tabular data has attracted sustained attention from both the machine learn-

ing and data mining communities, driven by applications in fraud detection, error identification,

and quality assurance. This section reviews the landscape organized along three lines: conven-

tional methods, deep learning models, and tabular foundation models.

2.1 Conventional Models for Tabular Anomaly Detection

Classical anomaly detection methods can be broadly categorized into density-based, distance-

based, and isolation-based approaches. The Local Outlier Factor (LOF) [3] quantifies anomalous-

ness via local density deviations among k-nearest neighbors, while One-Class Support Vector Ma-

chines (OC-SVM) [34] learn a decision boundary enclosing normal data in a kernel-induced feature

space. Isolation Forest [23] introduced a fundamentally different paradigm based on recursive

random partitioning, exploiting the observation that anomalies require fewer splits to isolate; its

extension to non-axis-aligned hyperplanes [12] addresses biases from axis-parallel cuts. Tree-based

ensemble methods, XGBoost [5], LightGBM [18], and CatBoost [27], have also been adapted for

anomaly detection through one-class formulations or limited-label classification. The ADBench

benchmark [11] evaluated 30 algorithms across 57 datasets and found that no single unsuper-

vised method is statistically superior, while even 1% labeled anomalies suffice for semi-supervised

methods to consistently outperform unsupervised approaches.

A persistent limitation of these methods is their difficulty with mixed-type tabular data. Most

classical algorithms assume continuous feature spaces; categorical variables must be encoded via

one-hot or ordinal schemes, which introduces sparsity, distorts distance metrics, and fails to cap-

ture semantic relationships between categories. This encoding bottleneck motivates deep learning

approaches capable of learning richer representations from heterogeneous feature types.

2.2 Deep Learning Models for Tabular Anomaly Detection

Reconstruction-based methods. The premise of autoencoder-based anomaly detection is that

models trained to reconstruct normal data incur higher reconstruction error on anomalies. Vari-

ational Autoencoders [19] impose probabilistic structure on the latent space for likelihood-based

scoring, while the Deep Autoencoding Gaussian Mixture Model (DAGMM) [43] jointly optimizes an

autoencoder and a Gaussian mixture model for density-based anomaly scoring. In the domain of

financial auditing, [36] demonstrated the effectiveness of deep autoencoders for detecting anom-

alies in large-scale accounting data, later extending this with adversarial autoencoder networks for

more interpretable latent-space anomaly localization [35]. While effective on continuous features,

these approaches struggle with categorical variables. To address this, entity embeddings [10] map

categorical variables into learned continuous spaces, placing semantically similar categories nearby

and enabling autoencoders to process mixed-type data through a unified representation, a tech-

nique that directly informs the design of our proposed method. More recently, [33] proposed the

Diffusion-Scheduled Denoising Autoencoder (DDAE), integrating diffusion-based noise scheduling

and contrastive learning into the encoding process; evaluated on 57 ADBench datasets, DDAE
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demonstrates that structured noise injection improves the discriminative quality of reconstruction

errors.

Transformation-based methods. Deep SVDD [30] combines deep networks with the support

vector data description principle, learning mappings that minimize a hypersphere enclosing normal

representations. Subsequent methods include classification over geometric transformations [2],

learned neural transformations scored for normality [28], and scale learning as a supervisory signal

for tabular anomaly detection [42].

Attention-based architectures. TabNet [1] applies sequential attention to select salient fea-

tures at each decision step, providing built-in instance-level feature importance. [39] leverage

Non-Parametric Transformers to capture both feature-feature and sample-sample dependencies,

achieving state-of-the-art results across 31 benchmark datasets.

Explainability in tabular anomaly detection. DIAD [4] adapts Generalized Additive Models

as white-box detectors with inherent interpretability, improving AUC from 86.2% to 89.4%

with as few as five labeled anomalies. RESHAPE [25] enhances Shapley-based explanations for

autoencoder-detected anomalies in financial audits, demonstrating that reconstruction-driven

attribution improves root cause identification. Despite this progress, most methods provide ex-

planations as a post-hoc overlay rather than a native output of the detection model, creating an

opportunity for architectures that jointly produce anomaly scores and attribute-level attributions.

2.3 Tabular Foundation Models

The emergence of transformer-based architectures has opened a new frontier for tabular data.

TabTransformer [17] applies multi-head self-attention over categorical embeddings, producing

contextual representations robust to missing and noisy data, though it processes numerical fea-

tures separately through an MLP. The FT-Transformer [8] addressed this by tokenizing all features

into a unified embedding space, achieving the best deep learning performance on a comprehens-

ive benchmark, while showing that transformers do not consistently surpass gradient boosted trees

[9]. SAINT [38] combines column attention with row attention to capture both feature interactions

and inter-sample relationships.

A paradigmatic shift was introduced by TabPFN [16], which frames tabular prediction as in-context

learning: trained on millions of synthetic datasets, it performs inference in a single forward pass

without hyperparameter tuning, outperforming boosted trees on the OpenML-CC18 benchmark.

Its successor TabPFN-2.5 [15] scales to 50,000 samples and 2,000 features. For anomaly detection

specifically, ICE-T [40] applies contrastive learning to heterogeneous tabular data by treating each

column as a distinct modality, learning cross-column embeddings that scale linearly with feature

count.
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3 AnoMATE

In this section we describe the proposed framework with data transformation steps, technical

details of the model architecture and interactive dashboard.

3.1 Framework Overview

The proposed framework is organized into three primary stages: Input Transformations, Model

Learning, and Output Transformations, as illustrated in Figure 1. These modules work in sequence

to preprocess raw mixed-type tabular data, fit the autoencoder model to the training set, and

generate standardized output scores for downstream analysis.

Figure 1: Schematic representation of the proposed framework. The workflow transitions from

raw data preprocessing (Input Transformations) through autoencoder fitting (Model

Learning) to final score preparation (Output Transformations).

Input Transformations. This component prepares the raw data for training the autoencoder

through a sequence of modular preprocessing steps.

1. Replace Transformer: an optional step that replaces selected values in the dataset, for ex-

ample to correct known errors or harmonize special codes. This step typically relies on domain

knowledge to specify which values should be modified and how.

2. Split Type Transformer: this step partitions the input dataframe into subsets according to

feature type, such as categorical, numeric, boolean, or temporal. This separation enables type-

specific preprocessing and model handling.

3. Numerize Transformer: this step maps categorical features to integer indices required for em-

bedding layers. Temporal features are converted to numeric values by computing the difference

in days from a reference date, and boolean features (True/False) are mapped to 1/0.

4. Impute Transformer: this step handles missing values by imputing numeric features (e.g.,

with a fixed statistic or learned value) and creating an explicit “missing” category for categorical

features. This ensures that the model can process incomplete records without discarding them.

5. Scale Transformer: this step normalizes numeric features to stabilize training and make fea-

tures comparable in scale. We use a Quantile Transformer to map the distributions to a more

regular form.

6. Torch Transformer: in the final step, all processed feature subsets are converted into PyTorch

tensors. This produces a unified representation that can be directly fed into the autoencoder.
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Model Learning. The model learning component trains the autoencoder on the transformed

data to capture the joint structure of heterogeneous features. The architecture includes dedicated

heads for different feature types and a shared latent space that encodes the underlying patterns.

Training is performed in an unsupervised manner by minimizing reconstruction loss, which later

serves as the basis for anomaly scoring.

Output Transformations. This component processes the outputs of the trained autoencoder to

derive interpretable representations, expected values, and anomaly scores.

1. UMAP Transformer: this step extracts the activations from the latent layer of the autoencoder

and, if the latent dimension exceeds two, reduces them to two dimensions using UMAP [24].

The resulting 2D embeddings facilitate visualization and exploratory analysis of the data struc-

ture.

2. Expected Values Transformer: this step converts the reconstructed outputs of the autoen-

coder back to the original feature space. Categorical reconstructions are mapped from pre-

dicted codes to category labels, while numeric and temporal features are inverse-transformed

to their original scales.

3. Anomaly Scores Transformer: this step computes anomaly scores at both the feature and

instance level based on reconstruction errors. Local scores highlight which features contribute

most to an anomaly, and global aggregated scores summarize the overall degree of abnormality

for each sample.

3.2 Model Architecture

The following section provides a technical description of the proposed architecture. We detail the

feature encoding and decoding stages, the embedding learning strategy for categorical attributes,

and the specific architectural configuration designed for mixed-type tabular data.

Figure 2: Schematic overview of the proposed architecture, illustrating categorical embedding lay-

ers, the latent learning process, and the feature decoding pipeline.

We use Autoencoder [14] neural network as the basis of our architecture. It learns compact data

representations by training to reproduce its input. It is composed of an encoder–decoder pair: the

encoder fθ maps an input x ∈ Rd to a lower-dimensional latent code z ∈ Rk with k < d, while

the decoder gφ maps this code back to a reconstruction x̂ = gφ(z). The dimensionality bottleneck

in the latent space encourages the model to retain only the most informative characteristics of
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the data. Training proceeds by minimizing the mean squared reconstruction error between the

input and its reconstruction Lrec = Ex

∥∥x – gφ(fθ(x))∥∥2, where θ and φ are the parameters of the

encoder and decoder, respectively. For anomaly detection, the autoencoder is trained on normal

data so that it models their underlying distribution; samples that deviate from this distribution

typically yield larger reconstruction errors and can thus be flagged as anomalies.

Categorical Embeddings. For high-cardinality categorical features common in financial data-

sets, one-hot encoding creates sparse representations that limits model expressiveness, increases

memory overhead, and slows training. We instead utilize a learned embedding layer to map

categories into a dense, continuous space. This layer maps discrete categories into a dense, con-

tinuous vector space via an embedding matrix E ∈ RC×m, where m � C. Each category i is

represented by a vector vi ∈ Rm, capturing latent semantic similarities that enhance autoencoder

performance compared to sparse methods. As depicted in Figure 2 these dense representations,

produced in the feature encoding step, are concatenated with the numerical features afterwards

in the feature fusion step. Final representaion is used as an input to the autoencoder. Once the

model is trained, the feature decoding step is utilized to map the softmax logits of categorical

reconstructions to their original categories by selecting the index with the highest probability.

Multi-Head Decoder. To address tabular heterogeneity, we employ a multi-head decoder that

partitions the reconstruction layer into feature-specific separate heads. All heads share the same

latent representation but use type-specific output layers and loss functions. Such design allows the

model to reconstruct numerical, categorical, boolean, and temporal features in a type-consistent

way.

– Numerical: Reconstructed via a dense linear layer with Nnum outputs. We minimize the Mean

Squared Error (MSE) on normalized targets to maintain consistency with the input scaling.

– Categorical: Processed through Ncat independent dense layers, where each layer i produces Ki

logits for its respective feature. A softmax activation generates class probabilities, optimized via

categorical Cross-Entropy (CE).

– Boolean: Handled by a dedicated dense layer with Nbool outputs. A sigmoid activation is

applied to each unit and optimize the reconstruction using binary cross-entropy against the

ground-truth targets.

– Temporal: Mapped through a linear layer with Ntemp outputs representing scaled time-based

values (e.g., days since a reference date). We apply an MSE loss to these outputs, which are

later inverse-transformed to recover the original time domain.

Loss Function. To address the heterogeneous nature of tabular data, we define a composite

reconstruction loss that accounts for varying feature types. For a given sample x, the total loss

Ltotal is decomposed into specific error metrics tailored to numerical (xnum), categorical (xcat),

boolean (xbool), and temporal (xtemp) components:

Ltotal = LMSE(xnum, x̂num) + LCE(xcat, x̂cat) + LBCE(xbool, x̂bool) + LMSE(xtemp, x̂temp), (1)

whereLMSE, LCE, andLBCE denote Mean Squared Error, Cross-Entropy, and Binary Cross-Entropy,
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respectively.

Latent Space Compression. To optimize the latent representation for anomaly detection, we

determine the bottleneck dimension d by estimating the Intrinsic Dimension (IntrDim) of the

data manifold. We employ the Two-NN algorithm [6], which utilizes the ratio of distances to the

two nearest neighbors, µi = ri,2/ri,1. Under the assumption of local homogeneity, the cumulative

distribution follows P(µ) = 1 – µ–d. The global intrinsic dimension is computed directly as:

d = –

∑n
i=1 ln(1 – P̂(µi))∑n

i=1 ln(µi)
(2)

where P̂(µi) represents the empirical cumulative distribution. We set the autoencoder’s latent

dimension to dde to ensure sufficient capacity for normal patterns while restricting the model

from learning the identity mapping.

Feature Anomaly Scores. In addition to providing a single anomaly score per instance, our

method performs feature-wise reconstruction to derive localized anomaly indicators. For each

feature (column), we compute an individual reconstruction error, using squared error for numerical

variables and negative log-likelihood for categorical variables, resulting in a detailed error vector

for every transaction. This per-feature error decomposition naturally functions as an explanation

mechanism, highlighting which attributes contribute most strongly to the detected anomaly.

Feature Expected Values. The decoder output x̂ also provides expected values for each feature,

i.e., the model’s estimate of what a typical (normal) observation would look like given the latent

representation of the input. For numerical features, we directly use the reconstructed value as

the expected value. For categorical features, we take the category corresponding to the highest

reconstructed logit (i.e., the argmax over the predicted class scores) as the expected value. Com-

paring the original input x to these reconstructed expectations quantifies the deviation of each

feature from the learned notion of normality. This contrast offers a transparent reference point

for interpreting how an anomalous record diverges from the model’s internal concept of legitimate

behavior, while the probabilistic outputs for categorical variables additionally enable uncertainty-

aware explanations.

3.3 Interactive Dashboard

To support inspection and interpretation of model outputs, we provide an interactive dashboard

with three complementary views (Figure 3). These views enable analysis at the global, instance,

and neighborhood levels, allowing users to move from high-level anomaly ranking to detailed case

analysis and latent-space exploration.

– Global Anomaly Ranking. This view presents the top-(N) observations ranked by their global

anomaly scores. Users can hover over individual points to access meta-information (e.g., feature

values, identifiers), load additional anomalies, and apply filters based on selected features. It is

designed to support quick screening and prioritization of anomalous cases.
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Figure 3: Interactive anomaly analysis dashboard with three coordinated views: Global Anomaly

Ranking (top row), showing the top 100 datapoints by anomaly score; Instance-Level

Explanation (bottom left), detailing observed values, expected values, and feature-wise

anomaly scores for a selected point; and Latent Neighborhood Explorer (bottom right),

displaying a 2D UMAP projection of the latent representations for these 100 datapoints.

– Instance-Level Explanation. This view provides a detailed breakdown for a selected anomalous

observation. For each feature, it displays the reported values (input), the expected values from

the model reconstruction, and the corresponding feature-wise anomaly scores. This enables

users to identify which features drive the anomaly and how the model’s expectations deviate

from the observed data.

– Latent Neighborhood Explorer. This view shows a two-dimensional UMAP projection of the

latent representations, focusing on the top-(N) anomalies and their neighboring observations.

It supports the analysis of groups of anomalies with similar latent patterns, as well as clusters of

normal observations and their relationships. This view is useful for identifying anomaly subtypes

and understanding the global structure of the data in the learned latent space.
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4 Benchmarks

In this section we describe the experimental settings and present the corresponding results used

to evaluate the proposed model.

4.1 Experimental Setup

Datasets. To evaluate the proposed anomaly detection framework, we utilized three publicly

available datasets and one proprietary dataset covering financial tabular domain. These datasets

were selected to represent diverse anomaly scenarios, feature sets, and degrees of class imbalance.

– Vehicle Insurance6) Focused on insurance claims, this dataset includes records describing policy

holders, vehicles, and accident details. It presents a significant class imbalance, with fraudulent

claims making up roughly 6% of the total entries.

– Fraud E-commerce7) This dataset contains simulated e-commerce transactions capturing user

behavior and device metadata. It is primarily used to analyze fraud patterns linked to anomalies

between account creation and initial purchase.

– IEEE-CIS Fraud Detection8) This large-scale benchmark contains real-world e-commerce trans-

actions provided by Vesta Corporation. The data features high dimensionality and extreme

imbalance, with 3.5% of transactions labeled as fraudulent.

– AnaCredit German Subset9) This dataset provides highly granular, loan-by-loan information

on credit instruments granted by German financial institutions to legal entities. It features a

multidimensional structure with over 90 attributes covering counterparty characteristics, loan

types, and credit risk indicators. The final dataset is constructed by preprocessing and joining

several underlying tables at the instrument level. Target labels are defined by validation errors

derived from internal, rule-based data validation processes.

Table 1: Summary of Dataset Statistics

#columns

Dataset #rows num cat bool temp %anomalies

Vehicle Insurance 15,420 8 24 0 0 5.99

Fraud E-commerce 151,112 2 6 0 0 9.37

IEEE-CIS 590,540 61 6 0 0 3.50

AnaCredit 16,848,299 21 34 58 10 2.80

Baselines. To evaluate the efficiency of our proposed method, we compare it against twelve

established outlier detection models across four categories. Statistical baselines include PCA [37],

HBOS [7], and the parameter-free cumulative distribution methods COPOD [21] and ECOD [22].

We include proximity-based approaches LOF [3] and CBLOF [13], alongside ensemble methods

IForest [23], FeatBagging [20], and the lightweight LODA [26]. Finally, we compare against deep

learning architectures, including standard AutoEncoder [14], VAE [19], and DeepSVDD [31]. For

all baseline models, missing values in categorical features were imputed by introducing a new

6 The dataset is available at: https://www.kaggle.com/datasets/khusheekapoor/vehicle-insurance-fraud-detection

7 The dataset is available at: https://www.kaggle.com/vbinh002/fraud-ecommerce

8 The dataset is available at: https://www.kaggle.com/c/ieee-fraud-detection/overview

9 In compliance with strict data privacy regulations, content of the dataset cannot be made publicly available.

https://www.kaggle.com/datasets/khusheekapoor/vehicle-insurance-fraud-detection
https://www.kaggle.com/vbinh002/fraud-ecommerce
https://www.kaggle.com/c/ieee-fraud-detection/overview
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category before applying a one-hot encoding. For numeric features, missing data were imputed

using the mean strategy, followed by a quantile transformation.

Evaluation Setting. We adopt a semi-supervised evaluation setup. For the public datasets, the

normal samples are split equally, with 50% allocated to the training set and the remaining 50%

reserved for the test set alongside the anomalies. This data partitioning is repeated across five

independent runs using different random seeds, and the performance metrics are averaged. For

the AnaCredit dataset, which naturally follows a temporal split, the training set consists of data

from February 2026 (approximately 8 million records, excluding anomalies), while the evaluation

set comprises data from March 2026 (approximately 8 million records, including anomalies).

Evaluation Metrics. To measure performance, we use PR-AUC (Precision-Recall AUC). We prior-

itize PR-AUC as it provides a more reliable assessment than common metrics like accuracy due to

the extreme class imbalance of the labels. All results are reported as the mean ± standard deviation

across five runs with different random seeds.

4.2 Experimental Results

Comparison against Baselines. We benchmarked AnoMATE against a diverse set of classical and

deep anomaly detection methods on four tabular datasets. Our model is also compared against

existing LLM-based approaches, with baseline scores sourced directly from the original paper [41].

Due to the scale of the supervisory datasets, several baseline models failed to produce results. Spe-

cifically, certain methods were terminated after exceeding a 24-hour runtime (T/O), while others

encountered out-of-memory (OOM) errors due to high-cardinality categorical features.

Across datasets, AnoMate achieves the best performance on Vehicle, IEEE, and AnaCredit datasets

with PR-AUC scores of 0.144, 0.275, and 0.353, respectively, outperforming both classical and

deep baselines. On the Fraud dataset, IForest attains the highest PR-AUC (0.344), while AnoMATE

reaches 0.254 and is competitive with several classical methods. We attribute this performance to

the linear separability of the Fraud dataset, a characteristic further evidenced by the high scores

achieved by several classical methods. Deep baselines generally perform strongly on IEEE and

AcaCredit (e.g., AutoEncoder at 0.269 and 0.281 respectively), but AnoMATE still provides a clear

margin over them on this dataset. Variability across runs is modest for most methods, indicating

stable training and evaluation.

These results indicate that AnoMATE is particularly effective on datasets with richer feature in-

teractions and non-linear patterns, such as Vehicle, IEEE, and AnaCredit. On these datasets, it

consistently outperforms both classical and deep baselines, suggesting that its architecture can

better capture complex decision boundaries. In contrast, its weaker performance on Fraud sug-

gests that tree-based ensembles like IForest may be better suited to that dataset, possibly because

they handle sparse or highly skewed features well. Overall, the strong gains suggest that the

design choices in AnoMATE can provide practical benefits, while also highlighting that the most

suitable anomaly detector depends on the data characteristics.

Embeddings vs. One-Hot Encodings. We next conducted a study to compare two ways of

handling categorical features in an AutoEncoder: (i) standard one-hot encoding and (ii) learned
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Table 2: PR-AUC scores of various anomaly detection models. Bold values indicate best perform-

ance. OOM denotes Out-of-Memory; T/O denotes a Time-out (exceeded 24h)

Datasets

Model Vehicle Fraud IEEE AnaCredit

Classical Models

CBLOF [13] 0.117 ± 0.005 0.186 ± 0.001 0.250 ± 0.020 0.057 ± 0.010

COPOD [21] 0.119 ± 0.001 0.184 ± 0.000 0.230 ± 0.012 OOM

ECOD [22] 0.121 ± 0.001 0.184 ± 0.000 0.238 ± 0.001 OOM

FeatBagging [20] 0.132 ± 0.002 0.294 ± 0.005 0.107 ± 0.010 T/O

HBOS [7] 0.125 ± 0.001 0.271 ± 0.002 0.241 ± 0.000 0.101 ± 0.023

IForest [23] 0.129 ± 0.002 0.344 ± 0.035 0.242 ± 0.027 0.232 ± 0.092

LODA [26] 0.132 ± 0.013 0.238 ± 0.033 0.083 ± 0.005 0.073 ± 0.024

LOF [3] 0.126 ± 0.002 0.268 ± 0.003 0.111 ± 0.002 T/O

PCA [37] 0.120 ± 0.001 0.173 ± 0.000 0.103 ± 0.002 OOM

Deep Learning Models

AutoEncoder [14] 0.136 ± 0.002 0.300 ± 0.019 0.269 ± 0.020 0.281 ± 0.000

VAE [19] 0.124 ± 0.001 0.221 ± 0.001 0.100 ± 0.001 0.051 ± 0.000

DeepSVDD [31] 0.124 ± 0.002 0.191 ± 0.001 0.120 ± 0.056 0.173 ± 0.001

AnoMATE (ours) 0.144 ± 0.005 0.254 ± 0.001 0.275 ± 0.002 0.353 ± 0.030

LLM Models

SmolLM-360M[41] 0.143 ± 0.001 — — —

*Scores are derived from the averaged results and standard deviations of five experiments, each initiated with distinct

random seeds

embeddings. We evaluated three aspects: model size (number of trainable parameters), training

time, and detection performance measured by PR-AUC. All other architectural and training settings

were kept identical.

Figure 4: Model parameter reduction (left), total training time (middle), and PR-AUC scores (right)

across various datasets. Percentages indicate the reduction achieved by the proposed

method compared to the baseline.

Using embeddings led to a substantial reduction in model size across all datasets. On Vehicle,

the number of parameters decreased by 40%, while on Fraud and IEEE the reduction was 47%.

Despite this compression, the PR-AUC scores remained almost unchanged on three datasets, with

5% improvement on anacredit dataset, indicating that the more compact models did not sacrifice

anomaly detection performance.
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The effect on training time was mixed and depended on the vocabulary size of the categorical

features. On Vehicle, Fraud and AnaCredit, training with embeddings was slightly slower (+12%,

+1%, and +21% respectively), which can be attributed to the overhead of embedding lookups

when the categorical vocabularies are relatively small (fewer than 200 categories). In contrast,

on the IEEE dataset with vocabulary size of 1916, embeddings yielded a 20% reduction in train-

ing time, as the cost of one-hot representations grows with vocabulary size while the embedding

lookup overhead becomes negligible. These findings suggest that embeddings are particularly ad-

vantageous for datasets with larger categorical vocabularies, offering substantial parameter sav-

ings and potential speedups without degrading detection quality.

Effect of Categorical Vocabulary. We further analyzed the effect of categorical vocabulary size

(total number of unique codes across all categorical features) on the efficiency of using embeddings

versus one-hot encodings. To this end, we constructed a synthetic dataset with 5 numerical and 5

categorical features, and systematically varied the vocabulary size of the categorical features across

{50, 100, 200, 500, 1000, 2000, 5000, 10000}. For each vocabulary size, we trained AnoMATE

with either one-hot or embedding-based representations. We then compared the total number

of trainable parameters and the training time for both configurations.

Figure 5: Performance scaling of ohe-hot encoding vs. embeddings on synthetic dataset. Total

training time (left) and total number of model paramenters (right).

The results show that for small vocabularies (below 200 categories), the two approaches behave

almost identically in terms of both model size and training time. Starting from a vocabulary size

of 200, the embedding-based models begin to show clear advantages. As the vocabulary size

increases further, the reduction in the number of parameters with embeddings becomes substan-

tial, and the training time also decreases relative to one-hot encodings. The gap between the two

representations widens monotonically with vocabulary size.

These findings provide a controlled confirmation of the trends observed on real datasets. They

indicate that embeddings become increasingly beneficial as the categorical vocabulary grows, both

in terms of memory footprint and computational cost. From a practical standpoint, this suggests

that for models operating on high-cardinality categorical features, embedding layers are a more

scalable choice than one-hot encodings, while for very small vocabularies the simpler one-hot

representation remains competitive.

Latent Space Compression. This experiment evaluated the use of Intrinsic Dimension (IntrDim)

as a heuristic for determining the optimal latent space dimensionality. We assessed anomaly de-

tection performance across a range of latent dimensions {2, 4, 8, 16, 32, 64, 128, 256, 512} and

compared these results against IntrDim estimates.
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Figure 6: Evaluation of the optimal latent space compression evaluated across [2, 4, 8, 16, 32, 64,

128, 256, 512] dimensions. The red dash line reflects the estimated Intrinsic Dimension.

The results demonstrate a strong correlation between IntrDim and optimal model architecture. On

Vehicle and Fraud datasets IntrDim yielded values of 9 and 2, respectively, aligning closely with the

best results from our grid search. On IEEE dataset IntrDim suggested a dimension of 1, while the

model peaked at 16. However, due to the dataset’s size, IntrDim was computed on a subsample.

This highlights a primary limitation: the quadratic complexity of computing all pairwise distances

makes the heuristic less feasible for large-scale datasets.

Overall, this heuristic serves as a reliable estimate for autoencoder latent dimensionality. Given

that the bottleneck size is a critical factor in anomaly detection performance, leveraging IntrDim

can significantly reduce tuning time and enhance model productivity.



Deutsche Bundesbank

Research Data and Service Centre

18

5 Limitations and Future Work

In this section, we discuss the main limitations of the current approach and outline directions for

future work. Where appropriate, we also indicate potential remedies or extensions.

5.1 Limitations

– Limited temporal modeling. Temporal information is currently incorporated only via simple

transformations. As a consequence, the model does not fully exploit sequential dependencies

or dynamic patterns over time, which can be crucial in many real-world anomaly detection tasks.

– Hyperparameter sensitivity. The choice of embedding dimensionality and the design of the

model architecture (e.g., number of layers, hidden sizes, and activation functions) can have a

significant impact on performance. These architectural and hyperparameter choices may require

careful tuning for each new dataset or application.

– Dependence on normal data. The method assumes access to a sufficiently large and repres-

entative set of (normal) non-anomalous observations for training. If the training data is scarce,

heavily imbalanced, or contaminated with a substantial fraction of anomalies, the quality of the

learned representation and the resulting anomaly scores may degrade.

– Computational resource requirements. Although embedding-based encoding enhances ef-

ficiency, GPU acceleration remains essential for viable training times. Current hardware con-

straints limit simultaneous processing to only several reference months of the AnaCredit dataset,

while high-dimensional UMAP visualizations introduce further bottlenecks. These requirements

may restrict scalability for institutions without dedicated hardware acceleration.

– Score-based output only. The current model produces a continuous anomaly score rather

than a binary classification label. While this is often desirable in anomaly detection settings, it

requires domain expertise to select an appropriate threshold in order to obtain binary decisions.

5.2 Future Work

– Advanced Temporal Modeling. A promising direction for future research involves enhancing

the framework’s capacity to model complex temporal dynamics. Rather than relying solely on

point-in-time transformations, future iterations could integrate:

• Feature Engineering: Incorporating lagged variables and rolling-window statistics to capture

local historical context.

• Sequence Architectures: Utilizing Recurrent Neural Networks (RNNs), Temporal Convolu-

tional Networks (TCNs), or Transformers to model long-range temporal dependencies.

• Decomposition Techniques: Explicitly isolating seasonality and trend components to im-

prove signal-to-noise ratios.

These extensions would enable the model to better characterize non-stationary behaviors and

improve detection sensitivity in highly dynamic financial environments.

– Performance and scalability improvements. Future work will focus on improving both

runtime and memory efficiency. One promising direction is to employ GPU-accelerated dimen-

sionality reduction techniques, such as CUDA-enabled UMAP, to speed up the embedding and

visualization steps. Additional optimizations may include more efficient batching strategies,

mixed-precision training, and distributed or multi-GPU training setups.
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6 Conclusion

This work introduced AnoMATE, an autoencoder-based framework tailored for anomaly detection

in large-scale, mixed-type financial microdata. While traditional detectors struggle with the high

categorical cardinality and heterogeneity typical of datasets like AnaCredit and EMIR, AnoMATE

addresses these challenges through a unified, type-consistent architecture. By replacing sparse

one-hot encodings with learned entity embeddings, utilizing a multi-head decoder for varied fea-

ture types, and automating latent space sizing via intrinsic dimension estimation, the framework

offers a principled alternative to manual, trial-and-error pipelines.

Empirical evaluations confirm the efficacy of this approach. AnoMATE achieved superior PR-AUC

on the Vehicle Insurance and IEEE-CIS benchmarks while maintaining competitive performance on

Fraud E-commerce. Crucially, the transition to learned embeddings reduced trainable parameters

by up to 47%, with synthetic tests demonstrating that these efficiency gains scale favorably as

categorical vocabulary sizes increase. These results suggest that embedding-based encoding is

not only methodologically superior for mixed-type data but also practically essential for reducing

the computational footprint in resource-constrained environments.

Beyond predictive accuracy, AnoMATE provides intrinsic interpretability critical for supervisory con-

texts. By decomposing anomaly scores into feature-level reconstruction errors and expected val-

ues, the model offers a transparent justification for every flagged record. This native explainability,

paired with an interactive dashboard for real-time analysis, ensures that the system serves as an

actionable decision-support tool rather than a ”black-box” signal. While limitations regarding tem-

poral dependencies and computational scaling persist, AnoMATE establishes a robust, scalable,

and interpretable foundation for modern financial supervision.
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