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Abstract:
Anomaly detection is a significant problem in various applications ranging from cyber security to manufacturing
quality control, which necessitates the ability to detect rare and unusual patterns. With the development of deep
learning from traditional methods, it is possible to learn finer-grained data representation and pattern structure
in complex high-dimensional information. We thoroughly review unsupervised deep learning methods for
anomaly detection in this work, ranging from classical ones to the latest transformer-based. The contributions of
our paper are as follows: 1) We conduct a comprehensive survey on state-of-the-art unsupervised deep models
with attention mechanisms; 2) We investigate and summarize the applicability and possible variants of them,
covering their pros and cons. We study the subfamilies of autoencoders, such as variational and adversarial
autoencorders, discuss GAN-based detection techniques and examine recently introduced transformer
architectures targeted for outlier detection. By analyzing applications in cyber security, manufacturing defect
detection and fraud detection, we explain how these techniques face practical issues while we provide academics
with research directions on this fast-evolving domain.
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1. Introduction
Anomaly detection (or, outlier or novelty detection)
lies in detecting patterns in data that do not conform
to expected behavior [1]. Such anomalies often
correspond to important information, e.g., network
intrusions, defective products in manufacturing,
fraudulent transactions in online business and
abnormal samples in medicine. The problem is that
the anomalies can be very sparse, usually less than
1% of all points and there are few labeled anomalies
[2]. This key characteristic makes unsupervised
learning techniques especially promising as they can
learn normal patterns without dependence on large
amount of labeled data.
Machine learning has always been the traditional way
to find anomalies, such as Isolation Forest [3] and
One-Class SVM (OCSVM) [4]. For their simplicity
simplicity, explainability widely accepted however,
such techniques are unsuitable for high-dimensional
data, complex interactions between things if those

interactions are not linear. What will you do about
the apparently random patterns in data now appearing
everywhere--do you believe it is still appropriate to
use these old methods or would you rather switch to
new ones offering flexibility in terms of model
structure and network configuration while still
providing minimal overhead but with comparable
performance? Deep learning has totally changed how
we do anomaly detection. By making feature learning
automatic, very fine data distribution structure is
captured, and the algorithm scales to handle gigantic
datasets smoothly [6].
Unsupervised methods need not be capable to learn
how normal data are compressed in Neural Networks,
but are these themselves. As a result, if anomalies
violated this logic then it was discovered and they
formed. [7] This review examines how from classical
methods to modern deep learning twists and turns,
with a focus on autoencoders, generative adversarial
networks (GANs) and transformers. We will seek the
theoretical foundations and innovative architectures,
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as well as practical applications in different sectors
such as cyber security, manufacturing or detecting
financial frauds.
The organization of this review is as follows: Section
2 compares classical methods to those using deep
learning techniques; Section 3 is about autoencoder
based methods or theories or systems; Section 4 is
about GAN-based methods derived from neural
networks; Section 5 researches transformer
architectures; and Section 6 offers some case studies
from real-world application. As seven leads off--the
last 1 is also a result of our discussions on Chapter 7.

2. Classical Methods versus Deep
Learning Approaches

2.1 Traditional Anomaly Detection Techniques
Classical anomaly detection methods provide the
foundation for today's techniques. The Isolation
Forest's basic premise is that the anomalies are few
and different, which makes it easier to isolate them
than other instances.[3] The algorithm creates a mean
combination that is obtained by averaging all these
'isolation trees’ that grow along independent axes in
n-dimensions (isolation forests) of real instances.
Anomalies require few splits to become isolated in
this way. It's as simple as that! This simple split
feature can handle high-dimensional data efficiently,
but it has trouble with local density variations and
complex manifold structures.
Learning a decision boundary around normal
instances in high- dimensional feature space
regarding [4]. It maps the data into a so-called kernel
-induced space and uses this hyperplane to separate
normal instances from the origin maximally. In areas
where the normal regions are well-delineated
moderate- dimensional data Information is limited
but effective little challenges come from One-Class
SVM. This is not the case with large datasets-normal
instances can be anything! Careful selection of
suitable kernels and parameters must be made [8].

Other classical techniques include k-Nearest
Neighbors (kNN), which identifies outliers by
examining the distances from each point to its closest
neighbors [9], and

Local Outlier Factor (LOF), a method for
measuring local density deviations [10]. Statistical
methods such as Gaussian Mixture Models assume
the distribution form is known and fixed on a priori
basis, thereby greatly reducing their applicability to
complex living data [11].

2.2 Advantages of Deep Learning Approaches
Deep learning methodology tackles a number of basic
limitations of classical techniques by taking
advantage of several key characteristics. Automatic
feature learning eliminates the need for manual
engineering. This allows neural networks to deduce
hierarchical representations of raw data(at least in
theory) because its output simply responds to
previous values in some fashions wide conceptually
similar to more flexible forms like reticular fashion
feedback networks via non-linear filters)
[6].Convolutional networks extract spatial features
from images; recurrent nets capture temporal pat
terns; and attention mechanisms for locating long-
range dependencies can be used alongside smaller
networks in creating very simple multi-head
structures that are capable of finding interesting
hooks in very complex data sets completely
automatically without any human intervention.
It is the second advantage giving deep networks non-
linear modeling capacity. Neither a simple geometric
model nor a statistical model can cope with these
complex data distributions [12]. With multiple levels
of non-linear transformations, rich representational
space can, model even fine normal patterns. Thirdly,
scaling up to high-dimensional data facilitates the
processing of images, videos, and all kinds of
multivariate time series that outclass traditional
methods [13].
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However, deep learning methods bring problems
such as long training times, needing many
hyperparameters customization, caught the normal
data, and compared with the traditional model, lower
interpretability [14]. Whether to choose a traditional
or deep learning model depends on the characteristics
of the dataset, computing power, interpretability
requirements, and normal pattern complexity.

3. Autoencoder-Based Anomaly Detection

3.1 Standard Autoencoders
The essence of deep learning-based anomaly
detection is the capability of autoencoders to learn a
compressed representation of input data [15].
Autoencoders thus consists of an encoder network,
which maps input x to the latent representation z =
f_enc(x), and a decoder network, which reconstructs
the input x̂ = f_dec(z). In the training process, we
minimize reconstruction error L = | | x- x̂ | |² for
normal data. This forces the network to absorb
important patterns and exclude noise and irrelevant
changes [16].
Reconstruction error counts as anomaly score in
anomaly detection.Ordinary examples that resemble
training data will ever credited to their data Actually
in this way, these points can produce low
discrimination between anyone of them and any
other. Unorthodox examples, however, possess high
reconstruction errors. This arises because they
diverge from the learned patterns this method uses as
a reference [17].It is just an attempt to guarantee that
the brain will not learn these anomalies. What's
more, this code makes sure our model will not be
able to exist in we assume the autoencoder's limited
capacity rules out memorizing all possible patterns,
and concentrates instead on normal patterns of higher
prevalence.

There are a large number of architectural choices that
influence performance. One choice is deep
autoencoders with multiple layers of hidden units in
them: these have the capacity to capture hierarchical
features. Another kind is convolutional autoencoders:
such an arrangement can make use of the spatial
structure apparent within pictures [18]. Denoising
autoencoders take clean inputs and reconstruct
corrupted versions of them. This means they learn
more stable and error-tolerant ways to represent what
needs to be learned by the system [19]. The
bottleneck dimension critically balances compression
and representation capacity – too small limits
expressiveness, while too large enables memorization
of anomalies.

3.2 Variational Autoencoders (VAE)
Variational Autoencoders bring probalistic modeling
to the autoencoding process; the sampling probability
for latent space is learned rather than fixed encodings
[20]. First, the encoder outputs parameters (μ, σ) for
Gaussian distribution q(z|x), from which the latent
codes are randomly sampled. Reconstructed inputs
are then sent through the decoder. At the same time,
some KL divergence term helps keep latent space
'nice'--moving it closer to an assigned 'prior' p(z)
(typically standard Gaussian).
The VAE aims to amalgamate the loss of
reconstruction with regularization so that L = E_q [ | |
x-x̂ | | ² ] + KL ( q ( z| x ) || P ( z ) [20 ]. With the
approach of this form, latent spaces are smooth and
continuous--and you get something meaningful when
interpolating from point A to B [21]. It provides a
variety of anomaly scores for abnormality detection:
the probability of reconstruction, the density in latent
space and a combination simultaneous multiple
values--such as these different anomalies resulted in a
regularized log-loss.
But with the ability to model uncertainty and produce
varied reconstructions, a VAE can detect anomalies
that might go unnoticed by a standard autoencoder.
They are subject to collapse of the posterior where
the decoder ignores latent codes, and struck a balance
must constantly be struck between reconstruction and
regularization terms [22]. Such weaknesses have
recently been dealt with in modern versions, e.g., the
β-VAE [23] and Wasserstein autoencoders [24], for
improved regularization schemes.

3.3 Adversarial Autoencoders
Using generative adversarial training Adversarial
autoencoders to match the posterior distribution of
latent space into any prior distribution [25].
Adversarial autoencoders use a discriminator network,
unlike VAEs that use KL divergence as
regularization, to tell if samples are from the
encoder's distribution or its prior.
With adversarial training, the encoder is forced to
generate latent representations that look just like
those from prior at the same time as the decoder
learns how to turn codes into inputs [25]. With this
method we can pick our prior distribution to be any
complex or composite one, and we get sharper
reconstructions than if using a VAE. To assess
anomalies, Anomaly scores of adversarial
autoencoders include both the reconstruction error,
and the score from the discriminator thus providing
fairly robust anomalousness measurements [26].

4. GAN-Based Anomaly Detection
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4.1 Fundamentals of GAN-Based Detection
Generative Adversarial Networks consist of a
generator G that creates synthetic samples and a
discriminator D that distinguishes between real and
generated samples [27]. Through adversarial training,
the generator learns to produce samples
indistinguishable from real data, implicitly modeling
the data distribution. This generative capacity enables
novel approaches to anomaly detection.

AnoGAN pioneered GAN-based anomaly detection
by training a GAN on normal data, then detecting
anomalies through their inability to be accurately
generated [28]. For a test instance x, AnoGAN
searches for a latent code z such that G(z) closely
resembles x. The search involves optimizing z to
minimize L(z) = λ·||x - G(z)||² + (1-λ)·||f(x) -
f(G(z))||², where f represents intermediate
discriminator features. High optimization losses
indicate anomalies poorly represented by the learned
normal distribution.

4.2 Advanced GAN Architectures
GANomaly is an improvement over AnoGAN
because it makes use of an encoder network mapping
inputs directly to latent codes [29]. Thus avoiding
costly iterative optimization. The design comprises of
an E based encoder network, a G based generator and
a D based discriminator. In addition there is one extra
encoder E' to re-encode the latent codes. In the
normal data training phase, by means of latent space
reconstruction error and traditional reconstruction
error, the efficient anomaly scoring process can now
perform normal information detection at speeds
which exceed those of yesterday's transmissions-
tangibly beneficial to people with heartbeats.

f-AnoGAN successfully enhanced AnoGAN, strong
following encoder network trained concurrently with
GAN is introduced so as to maintain benefits such as
the dog is going rightwards while suffering from left
front--standing problems in terms of efficiency when
implementing this scheme[30]. Leveraging (isolation
in the cross talk) combines reconstruction errors in
image space, and incline differential analysis
discriminator features to catch high-level semantic
anomalies.

ALAD (Adversarially Learned Anomaly Detection)
should be realized by bidirectional GANs acting
together on both forward and backward paths tersely
[31]. The architecture consisted of encoder and
decoder networks trained adversely, with
discriminators operating on both data a and latent
spaces. This consists of a bidirectional approach for

robust anomaly detection using consistency measures
between forward and backward mappings.

4.3 Challenges in GAN-Based Detection
However, GAN-based methods run into numerous
problems. The training instability means the
generator may end up producing only a limited
variety of images [32].In particular, hyperparameter
sensitivity-meaning that the balance between
discriminator and generator training must be tuned
carefully-is an issue [33].Finally, concrete examples
support this view: immense computational costs To
train GANs and, in some methods, optimize latent
codes for each test example can also hamper large-
scale applications [34].

5. Transformer-Based Anomaly Detection

5.1 Transformer Architectures for Anomaly
Detection
Transformers, while originally intended for natural
language processing [35], have turned the focus of
anomaly detection back through its attention
mechanisms that capture both long-range
dependencies and intricate relationships. The self-
attention mechanism captures every position's
relationship to each other in a sequence, lifting the
system's ability to detect context based anomalies
linked with wider pattern recognition [36].

This presents Anomaly Transformer, an
architecture for time series anomaly detection that
incorporates explicit and direct memory about "is the
attention pattern traditional, or abnormal?". The
model learns a "Divine Inequality?" that represents
anticipated attention pattern changes. This method
can be extremely effective in temporal data; point,
contextual and collective anomalies are readily
detected using it.

In its attentuary training scheme, TranAD (Anomaly
Transformer) utilizes transformer models for
multivariate time series [38]. The architecture has
attention mechanisms revealing the relationships
between sensors and taking place in time, trained
through adversarial objectives that improve
sensitivity to anomalies in the data while not
impairing its normal part retrievability.

5.2 Vision Transformers for Visual Anomaly
Detection
Vision Transformers (ViT) use transformer
architecture to process images. The model treats
images as sequences of patches and performs self-
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attention on them. Returning to application, self-
attention from ViT-based anomaly detectors will
capture not only spatial relationships but also
contextual information throughout an image thus
enabling detection for example when there's a small
fault that convolutional techniques at best can't yet
recognize (or may miss altogether) [40].

PatchCore adopts precursors of vision transformers
to Deal information of disable features and patchy
images establish a Memory with normal examples
[41]. With this feature-space nearest-neighbor
technique, Anomaly Detection also contracts the
benefits of transformers to essential memory-based
techniques. With this in mind it is unsurprising that
our method leads when employed in industry defect
detection benchmarks.

5.3 Advantages and Limitations
Another advantage of transformers is that their
attention mechanisms mean it is possible to interpret
an AI's results: whatever area of data the neural net
finds important for prediction stands out, and this is
called 'saliency' in the literature of deep learning.
Furthermore, its architecture naturally handles
sequences of variable length. Pretrained models and
transfer learning both somewhat remove these
deficiencies, a style that has been labeled 'induction
bias' [42]. But transformers consume significant
computational resources. For example attention
mechanisms require large amounts of memory, and
without proper regularization can overfit to training
data [43].

6. Real-World Applications

6.1 Cybersecurity and Intrusion Detection
The detection of network intrusion is an important
cybersecurity application, with anomaly detection
being used to recognize malicious activities in
network traffic [44]. Deep learning methods can
analyze packet-level data, flow statistics, and patterns
of behavior for detecting zero-day attacks, advanced
persistent threats, and insider threats.
By learning normal traffic patterns, Autoencoders
have been deployed in detecting network anomalies
[45]. LSTM-based autoencoders capture the temporal
dependencies that lie behind order of occurrence in
network events, linking attack patterns with temporal
artifacts [46]. For GAN-based approaches, simulated
scenarios of attacks can be produced at scale and
novelty attack types discovered on the basis of
distribution differences [47].

Transformer-based methods excel at capturing long-
range dependencies in network sessions and user
behaviors [48]. Attentional mechanisms help to find
odd correlations between distant events that are easy
for traditional methods to overlook. Problems need to
be addressed include the handling of the high-
dimensional feature space, adaptation to new attack
strategies, and maintaining a low false positive rate in
production environments [49].

6.2 Manufacturing Defect Detection
Product manufacturing quality, detects product
surface defects, dimensional anomalies and
functional problems which especially need to be
controlled [50]. In visual inspection, performed
manually in the traditional way, automated anomaly
detection can yield significant dividends--especially
on high-throughput production lines.
With a CNN autoencoders that has been trained on
images of defect-free products "learn" how to turn
what they inspect into normal appearances. And
where the error rate is high, this means a defect [51].
Diverse defect types are handled by this method,
from scratches of various shapes and sizes; dents and
surface contamination; or even misalignments
without needing examples for training--just common
sense and a slightly educated eye. VAEs also offer
uncertainty measures that distinguish natural product
variations from real defects without false alarms [52].
GAN-based methods, such as GANomaly and f-
AnoGAN, have achieved stellar performance on
industry-standard datasets like MVTec AD [53].
They capture subtle anomalies such as missing
components, miss-assemblies, texture changes. Using
features that have been finely-tuned from training
data, Transformer-based approaches like PatchCore
can almost detect all defects at a rate of around 100%.
They manage to do it with computational efficiency
which allows them to be used for real-time inspection
[41].
To bring these systems into practical use requires
solving a number of problems. Particularly
illumination variations; transformation changes in
perspective; the rare occurrence of defects which has
little data on them; and getting information that can
be comprehended readily by human operators [54].

6.3 Financial Fraud Detection
Credit card fraud, insurance fraud, money laundering,
and identity theft [55] all fall within the scope of
financial scams. The dynamical nature of fraud
patterns requires anomaly detection methods to go
beyond simply knowing what types of fraud are out
there.
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Autoencoders analyze series of transactions, learning
normal spending patterns and flagging inconsistency
[56]. LSTM-autoencoders model the time-based
relationships in transaction records. They can detect
abnormal episodes where one user s behavior has
changed drastically from her accustomed mode,
listening to Bob Marley instead of B B King all
evening [57]. But there's a trade-off involved
between fraud detection sensitivity and false
positives that block good transactions.
Different GAN-based approaches are used to
generate synthetic fraud cases, which are then
intravenously fed into models of classification. This
means that the model now does much better than
traditional statistical models using decision trees.
Supervised classifiers improve as a result [58].
Similarly, GANs trained on legitimate transactions
can act as models for the distribution of decision trees,
with fraud defined by areas that have low- density
within this learned distribution [59]. Methods based
on transformers are capable of capturing intricate
relationships between attributes of transactions,
merchant categories, patterns in geo- location
features, and the rhythmic of time [60]
It's important to consider practical issues such as low
latency requirements for real-time processing--less
than 100 milliseconds. Companies should also think
about the number of operations to be performed on
what is then sent back out to customers and
regulators. On top of these, there are additionally
prioritizable factors that come up when tracking how
fraud evolves: adaptive learning techniques or
methods for privacy protection in forensic finance
that protect sensitive information from spilling out
into the public sphere [61]

6.4 Medical Anomaly Detection
Medical imaging can be employed to diagnose
tumors, lesions and such in X-rays, CT scans and
MRI's [62]. When an autoencoder, trained on healthy
tissue images, works with another as yet unseen
image, it generates a reconstruction error. This error
measures the abnormality present in this new image
[63]. VAEs provide an anomaly score based on
probability, which expresses uncertainty. For medical
decisions such as diagnosis it is crucial that patients
be made aware.
Recent work has tried applying transformers for
medical image analysis, using attention mechanisms
so that they concentrate on those parts of an image
which are clinically relevant [64]. These methods are
able to discover minute pathologies only if one
grasps the general context of anatomy and how parts
are arranged. Major problems include lack of training
data due to confidentiality constraints, the rarity of

each type of aberrant disease and need for clinical
workflows that can explain themselves [65].

7. Challenges and Future Directions

7.1 Current Limitations
However, in unsupervised anomaly detection, there
remain difficult problems. Because anomalies are less
than 0.1% of the data, imbalanced learning makes it
hard to train models properly as they tend to ignore
rare patterns [66]. For metrics like AUC-ROC, which
measure how well a model separates rare anomalies
from regular data in practice, we need viable
alternatives such as precision-recall curves or
anomaly detection accuracy [67].
Accountability for high-stake applications remains an
issue, whereas deep Learning models are often
unable to explain why such-a place has been
identified as anomalous [68]. Furthermore, coping
with distribution shift, Alternatives seek to make use
of information in new data over time - is something
that most existing methods cannot attain [69].
Structural efficiency for real-time applications
demands good performance with transformers and
complex models that does not compromise detection
performance [70].

7.2 Emerging Directions
There are several hopeful prospects in anomaly
detection research. Self-supervised learning
approaches using pretext tasks exploit the
information in unlabeled data to learn representations,
which will improve future anomaly detection
[71].Few-shot anomaly detection is about adapting
models after observing very small numbers of new
instances of anomaly-types [72].
Interpretable anomaly detection combines attention
mechanisms, saliency maps, and counterfactual
explanations of detected anomalies into human-
understandable explanations [73].Federated anomaly
detection Encourages distributed data collaboration
that safeguards personal privacy; this especially
suitable for medical and financial contexts [74].
Hybrid approaches — for example, combining
transformers with traditional methods for feature
extraction to achieve both efficiency and
interpretability. Continual learning frameworks alter
model structures as new data distributions emerge,
without spilling over a previously learned pattern [76].

7.3 Future Research Opportunities
Next research needs to solve these problems by
working out unified frameworks that smoothly
combine many architectures and loss functions,
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choosing automatically based on data characteristics
[77]. But better theoretical understanding of why
certain types of architecture do well on particular
anomaly categories would help for rational design
choices [78].
Standardizing the benchmarks between domains is
even more important. What is more, developing
efficient neural architecture search methods
especially suited for anomaly detection would mean
that the discovery of optimal architectures for diverse
applications could be automated [80].

8. Conclusion
From classical statistical and computer science
learning techniques to complex deep learning
structures, the style of unsupervised anomaly
detection has undergone dramatic changes.
Autoencoders, including VAEs and adversarial
forms, offer amazing reconstruction-based detection
by learning normality itself. Methods using GAN-
based approaches use generative modeling to learn
data distribution complexity and check for
distribution anomalies. Attention mechanisms and the
modeling of long-range dependence allowed by the
transformer let us discover abnormality in context
and on a large scale.

Real-world application scenarios in cybersecurity,
manufacturing e-commerce apps, finance services
and healthcare services highlight the effectiveness of
these methods and their practical use-cases.
Meanwhile, they also present sticking points include
(class imbalance, interpretability); also (how can we
make these methods adaptable to different domains),
in particular healthcare. efficiency of computation
The field continues to advance through innovations in
self-supervised learning, few-shot detection,
explainability, and continual learning.

Anomaly detection is becoming more and more
important in self-driving cars, protecting critical
infrastructure and safety-critical applications. This
means that we must produce methods that are
robustly efficient and interpretable. The convergence
of learning paradigms brought by multiple deep
neural networks, along with combining it with
domain-specific expertise and rigorous evaluation
guidelines assures that this is still a critical area of
advancement in machine learning.
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