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Abstract

The automation of anomaly detection systems that do not require large amounts of la-
beled data are required in the industrial manufacturing quality control to detect defects.
This thesis introduces a new multi-path zero-shot anomaly detection architecture that
concurrently combines the use of Vision Transformer (ViT)-based memory banks, con-
ditional diffusion models and CLIP-based zero-shot detection in a manufacturing indus-
try setting. In contrast to the current methods that apply single detection strategies, the
proposed framework integrates three complementary directions: Path A is implemented
with the help of hierarchical ViT features (block 5 and 11) and k-nearest neighbor mem-
ory banks, which are applied to detect textural anomalies efficiently; Path B is applied
using conditional diffusion models as guided by ViT features, which is used to iden-
tify structural anomalies via reconstruction; and Path C is applied to semantic zero-shot
with the help of CLIP vision-language understanding with no training information.

Extensive testing of 10 classes of the MVTec Anomaly Detection dataset show out-
standing results with images average AUROC of 96.41%, Pixel average AUROC of
96.75 and Image AUPR of 98.30. The framework favors the zero-shot approaches
(WinCLIP (91.8%), AnomalyCLIP (91.5%), AnoVL (92.5%), and DZAD (93.5%))
by 2.9-4.9 percentage points, and achieves similar performance to the state-of-the-art
supervised models with-out using category-specific training examples. Design selec-
tion systematic ablation experiments support the design selection and demonstrate that
hierarchical feature extraction yields superior detection by 2.18 percent compared to
single-layer methods, and multi-path integration affords robustness to di-verse defects.
The framework attains real-time inference of 67 FPS (15ms per image) on the main
detection path, so it can be applied in the real-life industry.

The study has three main contributions namely, (1) the first multi-path zero-shot
model that involves ViT, diffusion models as well as CLIP to detect anomalies in indus-
tries; (2) technical contributions such as hierarchical feature extraction, ViT-conditioned
diffusion, and patch-level CLIP analysis; (3) extensive evaluation that shows that the
model is competitive with supervised methods and zero-shot models do not need train-
ing data. The zero-shot capability offers significant practical advantages for manufac-
turers deploying quality control systems across numerous product variants, reducing

data collection costs and enabling immediate deployment to new production lines.
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Chapter 1

Introduction

1.1 Background and Motivation

The control of quality in manufacturing requires accuracy and reduced costs and time
inspection. Conventional visual inspection relies on human skills. This adds subjectiv-
ity and does not scale with volumes of production. The automatic detection systems of
anomalies allow detecting defects in real time and minimizing the human factor (Cao
etal., 2023). Majority of automated systems are based on supervised learning that needs
large sized dataset of normal and defective samples which are labelled. Existence in in-
dustries poses a quandary. Lack on defective samples: Defective samples are rare and
expensive to produce and are dangerous to understand in other cases (Bergmann et al.,
2022).

The production process is paradoxical. The quality systems need to identify infre-
quent flaws. During supervised models, hundreds or thousands of labeled anomalies
are required to be trained. Gathering of such data interferes with work processes and
is also very costly. New defects that have not been realized cannot be gathered. Such
limitations have led to a resurgence of interest in unsupervised and zero-shot detection
approaches which are only trained on normal samples (Roth et al., 2022).

Powerful visual representation models were introduced as a result of deep learn-
ing. ViTs learn both local and global image features by using self-attention techniques
(Dosovitskiy et al., 2021). Images are processed by CNNs using hierarchical receptive
fields that are local. ViTs partition images into patches and directly learn long-range
dependencies. This is useful in the anomaly detection where defects occur in different
sizes. DINO is a task-free, pre-trained ViT model that offers rich representations (Caron
et al., 2021).

The diffusion models changed the nature of generative modeling by training to re-
move random noise to produce realistic samples (Ho et al., 2020). They are very good

at learning complicated data patterns. Diffusion models to detect anomalies are trained
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to have the distribution of normal samples and detect anomalies by reconstruction er-
ror. Semantic feature conditioning. Invests in a vulnerably owned property. They can
reconstruct normal images with high resilience but have problems with the anomalous
regions, which offer natural detection (Song et al., 2021).

Zero-shot visual understanding is made possible by vision-language models such
as CLIP (Radford et al., 2021). CLIP acquires similar representations between text
descriptions and images. Models are able to identify visual concepts by using prompts
in natural language and without training examples. Zero-shot anomaly detection is
based on the text description of normal and abnormal states (Deng and Zhang, 2023).

Both methods have their limitations. ViT-based memory bank approaches can per-
form well but are unable to deal with novel defects that are poorly represented in their
feature space (Defard et al., 2021). The methods based on diffusion are able to recon-
struct details, but require high computational resources to run the inference (Wu et al.,
2024). Zero-shot methods that are based on CLIP are extremely reliant on the quality of
text prompts. It is difficult to create effective prompts to subtle industrial defects (Jeong
et al., 2023). One method is not superior to the others in terms of defects and industrial

conditions.

1.2 Problem Statement

The existing manufacturing anomaly detection systems have numerous problems. Con-
trolled approaches involve large labeled sets of defective samples which are costly, time-
consuming, and in some cases, impossible to obtain. The zero-shot methods that have
been developed so far are based on single detectors, which cannot address some form of
defects. Each of texture defects, structural abnormality and minor deviation require var-
ious detection strategies. High precision and high performance are needed in industrial
applications. A lot of high-tech approaches compromise the other.

What can we say about creating a strong zero-shot anomaly detector which is highly
accurate both in terms of the various type of defects and is still practical in terms of its
computational needs? The answer requires integration of complementary methods of
detection within one system where each system capitalizes on its advantages and offsets

its disadvantages with other systems.

1.3 Research Objectives

In this study, a multi-path zero-shot anomaly detector in the quality control of industrial
manufacturing is developed:

Objective 1: Develop a hierarchical Vision Transformer feature detection system
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that makes use of local texture features and global structural features of images of in-
dustrial products.

Objective 2: Train a conditional diffusion model on learning the appearance distri-
bution of normal products conditioned with anomalies by reconstruction analysis based
on ViT features.

Objective 3: Learn a CLIP based zero-shot detecting path that uses vision-language
alignment to understand semantic anomalies without any training data.

Objective 4: Develop a multi-path fusion system that will choose or merge detec-
tion paths depending on their capabilities on various defects.

Objective 5: Compare the framework on the MVTec Anomaly Detection dataset
on various industrial products and benchmark the results on state-of-the-art levels.

Objective 6: Characterize the contribution of constituent components by the abla-

tion experiments and determine when each of the detection paths is superior.

1.4 Research Questions

In this study, the researcher examines five questions:

RQ1: Which multi-layer hierarchical Vision Transformer features are the most ef-
fective to identify various types of anomalies in industrial images?

RQ2: Does conditional diffusion models conditioned on ViT features (performing
normative reconstruction) and (conditional reconstruction) show reconstruction errors
on anomalous regions?

RQ3: Does CLIP vision-language understanding permit text prompt anomaly de-
tection?

RQ4: Which detection methods based on memory bank, diffusion-based, and CLIP
are the most effective and the least effective with respect to various types of industrial
defects?

RQS: What is the relative performance of the multi-path ensemble with other ap-

proaches in accuracy of detection, localization and computational cost?

1.5 Contributions and Novelty

The work pushes the state of the zero-shot anomaly detection in the field of industrial
production:

Novel Multi-Path Architecture: Current solutions are based on single detection
mechanisms. The current work suggests the initial model that integrates three mutually
supportive directions, which are ViT feature memory banks, conditional diffusion mod-
els, and CLIP zero-shot detection. They concern various aspects of detection. When

combined, they form a powerful system that becomes responsive to different defects.
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Hierarchical Feature Integration: The model derives features of layers 5 and 11
of the Vision Transformer, that is, detailed texture features and the structure patterns at
high-level. Multi-scale approach identifies various types of anomalies in form of minor
texture irregularities to major structural flaws.

Conditional Diffusion for Industrial AD: Newly Diffusion models have also found
uses in anomaly detection. This is a conditioning of the denoising process on ViT fea-
tures of the same image and it is used in guiding the correct reconstructions of normal
samples. It increases discrimination of normal and anomalous patterns.

Comprehensive Evaluation: The experiments confirm the performance in 10 MVTec
AD categories such as texture and object types. There are several measures (AUROC,
AUPR, PRO score) that evaluate the performance atimage and pixel levels.

Practical Industrial Focus: Numerous academic directions give more importance
to theoretical novelty than application. In this framework, the efficiency of the computa-
tion and the possibility of deployment are taken into account. The system is competitive
in terms of accuracy and the inference times remain reasonable when using the system
to control industrial quality.

Ablation Insights: It has been observed that systematic ablation studies can be
used to identify the most significant components to performance of various types of
defects and thus assist practitioners in choosing the correct configurations to particular

applications.

1.6 Scope and Limitations

The study being investigated is on the zero-shot anomaly detection of industrial manu-
facturing quality control.

Dataset: Experiments are on 10 MVTec AD categories: bottle, cable, metal_nut,
pill, screw, tile, toothbrush, transistor, wood, and zipper, which comprise different types
of industrial products and defects.

Detection Task: The framework does not only focus on detecting anomalies (whether
an image may be considered normal or contains a defect), but also determining the po-
sition of the anomalies on a pixel-by-pixel basis (anomaly localization).

Learning Paradigm: Methods are trained by zero-shot: they are trained on normal
samples with no defective samples.

Modalities: Research only takes into account the visual information (RGB images)
without any other sensor modalities such as depth, thermal, or spectral image informa-
tion.

The framework is able to perform well on MVTec dataset. The extrapolation to com-
pletely different industrial areas needs to be proved. Diffusion-based paths can require

considerable amounts of computation, and thus may be a limiting factor to processing
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in highly-throughput lines. Path CLIP algorithms rely on the ability to describe defects
properly with text, and need domain knowledge to design. These are the limitations that

can be resolved in future research.

1.7 Thesis Organization

The rest of this thesis is structured in the following way:

Chapter 2 (Literature Review) reviews the available literature on anomaly detec-
tion including traditional methods, deep learning models, Vision Transformer models,
diffusion models, and zero-shot learning models. The chapter points to gaps in the
research that led to the proposed approach.

Chapter 3 (Methodology) includes the technical architecture that consists of the
Vision Trans-former feature extraction, the architecture of the conditional diffusion
model, CLIP-based zero-shot detector, memory bank, multi-path fusion strategy, and
the entire inference pipeline. Each of the components is supported by mathematical
formulations.

Chapter 4 (Experimental Setup) the MVTec AD data, training specifications,
training hyperparameters, metrics of evaluation and comparison to baseline methods
are outlined.

Chapter 5 (Results and Discussion) is the presentation of experimental research
such as quantitative performance measures of all categories, qualitative map of anoma-
lies, comparative study with baselines, and ablation study of the contribution of each
component.

Chapter 6 (Conclusion) is a conclusion of major findings and the contribution of
research. It also talks about implications in real life applicability in industries, limits
and future research directions.

This outline is used to lead the readers through the motivation and background to

technical details until experimental validation and conclusions.
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Chapter 2

Literature Review

2.1 Introduction to Anomaly Detection

Anomaly detection is used to detect patterns that are far out of the expected behavior.
Abnormalities in the case of industrial manufacturing can be in the form of defects,
damages or deviation of the quality specifications. It is difficult to find abnormali-
ties with maximum accuracy, and reduce instances of a false alarm that interrupts the
production processes. The old methods relied on the traditional elements which were
hand-made and statistical techniques. The advancement of deep learning changed the
picture since it was now possible to learn the features automatically by using raw data
(Chandola et al., 2009).

MVTec Anomaly Detection dataset, proposed by Bergmann et al. in 2019, has be-
come the standard test case to assess the issue of industrial anomaly detection (Bergmann
et al., 2019). It consists of 15 categories of industrial products data that include high-
resolution pictures, pixel-level markings of anomaly areas, and various types of defects
as the result of irregular texture or structural damages. Its importance is based on a re-
alistic description of industrial situations where anomalies are few during training and

occurrences during inference that are to be accurately identified.

2.2 Deep Learning Approaches for Anomaly Detection

2.2.1 Reconstruction-Based Methods

Reconstruction based detection presupposes that the models trained on normal samples
are able to reconstruct normal patterns but fail to reconstruct on anomalies, resulting
in large reconstruction errors on damaged regions. Early approaches employed autoen-
coders compressing images into latent representations and reconstructing them through

decoder networks (Zhang et al., 2024). Reconstruction error serves as anomaly score.
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Autoencoders often struggle with complex textures and may successfully reconstruct
some anomalies, causing false negatives.

Variational autoencoders (VAEs) extend traditional autoencoders by learning prob-
abilistic latent distributions, enabling better modeling of normal data variability (Liu
et al., 2023). VAEs face challenges with deterministic defects falling within learned
variance bounds. Generative adversarial networks (GANSs) offered another reconstruc-
tion approach, but training instability and mode collapse issues limited practical de-
ployment (Lee and Kang, 2022).

Zhang et al. introduced RealNet employing strength-controllable diffusion anomaly
synthesis to generate realistic training anomalies (Zhou et al., 2024). This method uses
diffusion models for augmenting training data not reconstruction. While achieving Im-
age AUROC of 99.65% and Pixel AUROC of 99.03% on MVTec AD, it requires train-
ing separate diffusion models per category, incurring substantial computational costs.
Synthesizing anomalies contradicts zero-shot premises where defect types remain un-

known.

2.2.2 Embedding-Based Methods

Embedding-based approaches compare test sample features against memory banks of
normal features. PaDiM models normal patch distributions using multivariate Gaussian
distributions from pretrained CNN features (Liu et al., 2025). By exploiting correla-
tions between semantic levels, PaDiM achieves robust localization with low inference
complexity. Its assumption that normal patches follow Gaussian distributions may not
hold for complex industrial textures.

PatchCore constructs maximally representative memory banks using coreset sub-
sampling of normal patch features (Zhang et al., 2025). This method achieves state-
of-the-art performance with Image AUROC of 99.0% and Pixel AUROC of 98.0% on
MVTec AD while reducing memory requirements. Key innovation lies in greedy core-
set selection maintaining feature diversity while discarding redundancy. PatchCore’s
effectiveness depends on pretrained feature transferability, which may degrade for do-
mains substantially different from ImageNet.

SimpleNet proposes lightweight architecture synthesizing anomalies in feature space
through Gaussian noise addition (Schwartz et al., 2024). By training a shallow discrim-
inator distinguishing normal from synthetically abnormal features, SimpleNet achieves
Image AUROC of 99.6% with 77 FPS inference speed. Simplistic Gaussian noise may

inadequately represent real industrial defects, limiting generalization.
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2.2.3 Vision Transformer-Based Methods

Vision Transformers revolutionized computer vision by applying self-attention mech-
anisms to image patches rather than convolutional operations (?). Unlike CNNs with
limited receptive fields, ViTs capture global dependencies between all image regions
through multi-head self-attention, enabling holistic spatial relationship understanding.

Lee and Kang proposed AnoViT, the first ViT-based encoder-decoder architecture
for unsupervised anomaly detection (Lee and Kang, 2022). By preserving spatial in-
formation through patch embeddings and transposed convolutions, AnoViT achieves
superior localization compared to CNN-based autoencoders. Experiments on MVTec
AD demonstrate average AUROC improvements of 1.77% on MNIST and 5.62% on
CIFAR-10. AnoViT was compared against limited baselines, and computational re-
quirements exceed CNN alternatives.

NN2ViT by Wahid et al. combines SSD object detection with Segment Anything
Model for anomaly segmentation (Cao et al., 2023). Using VGG16 for initial detection
and ViT-H backbone for SAM, this hybrid achieves Image AUROC of 95.45% and Pixel
AUROC up to 98.9% on MVTec object categories. The two-stage pipeline enables
precise segmentation but incurs high computational costs and was not evaluated on

texture categories.

2.3 Diffusion Models for Anomaly Detection

Diffusion models emerged as powerful generative models learning to gradually denoise
random noise into realistic samples (Ho et al., 2020). Recent surveys by Liu et al.
categorize diffusion-based anomaly detection into reconstruction-based, density-based,
and hybrid approaches (Liu et al., 2025). Diffusion models prove promising due to
stable training dynamics and ability to model complex distributions.

Wu et al. introduced Masked Diffusion Posterior Sampling (MDPS) formulating
anomaly detection as Bayesian posterior sampling using DDIM priors (Wu et al., 2024).
By generating multiple normal reconstructions through masked observation models and
averaging difference maps, MDPS achieves Image AUROC of 98.8% and Pixel AUROC
of 97.3% on MVTec AD. The method has good mathematical foundations. Repetitive
sampling on the back end is very expensive in computation, so it can not be used in
real-time. The generation of masks relies on the heuristic thresholds that might not be
generalized.

The initial diffusion model that does not require text prompts (Zhang et al., 2024).
Semantic-guided latent diffusion with multi-timestep noise feature extraction yields Im-
age AUROC and Pixel AUROC of 93.5% and 86.7% on MVTec AD respectively. The

immediate operation eliminates the difficulty of creating precise text-based descriptions
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of the industrial defects. The technique cannot deal with categories with very diverse
types of anomalies, and semantic-guided networks are yet to have the input control
features defined in a proper manner.

Diffusion-based methods demonstrate generative modeling potential for anomaly
detection. Most approaches sacrifice computational efficiency for accuracy or require
category-specific training, limiting practical deployment where multiple product types

must be inspected rapidly.

2.4 Zero-Shot and Few-Shot Anomaly Detection

Vision-language models, particularly CLIP, enabled genuine zero-shot anomaly detec-
tion through language-guided visual understanding (Zhou et al., 2024). CLIP learns
aligned representations between images and text through contrastive learning on mas-
sive datasets, enabling recognition of visual concepts described in natural language
without training examples.

Jeong et al. proposed WinCLIP leveraging CLIP for zero-shot anomaly classifi-
cation and segmentation (Jeong et al., 2023). Using compositional prompt ensembles
defining normal and anomalous states and employing window-based multi-scale feature
extraction, WinCLIP achieves Image AUROC of 91.8% and Pixel AUROC of 85.1% on
MVTec AD in true zero-shot settings. WinCLIP+ extends to few-normal-shot scenar-
ios, achieving Image AUROC of 93.1% with one normal sample. While pioneering
language-guided zero-shot detection, performance lags behind methods trained on ex-
tensive normal data. Effectiveness depends critically on prompt quality.

Deng and Zhang introduced AnoVL adapting CLIP through training-free and test-
time adaptation mechanisms (Deng and Zhang, 2023). Using value-to-value attention
extracting local-aware tokens and pseudo-label refinement, AnoVL achieves zero-shot
Image AUROC of 92.5% on MVTec AD. The approach outperforms prior CLIP-based
methods while maintaining computational efficiency. Test-time adaptation adds latency,
and the method underperforms supervised approaches trained on normal samples.

Zhou et al. proposed AnomalyCLIP introducing object-agnostic prompt learning
for generalized zero-shot detection (Zhou et al., 2024). By learning generic normality
and abnormality prompts through global and local context optimization on auxiliary
datasets, AnomalyCLIP achieves Image AUROC of 91.5% on MVTec AD. Object-
agnostic approach enables better generalization across diverse domains. Performance
remains bounded by auxiliary data quality, and extremely subtle defects intertwined
with object semantics remain challenging.

Cao et al. introduced AdaCLIP adapting CLIP using hybrid learnable prompts
optimized on auxiliary anomaly detection datasets (Cao et al., 2024). With dynamic

prompt generation for test images and hybrid semantic fusion for aggregating patch
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embeddings, AdaCLIP achieves average Image AUROC of 90.2% across industrial
datasets. Learning prompts on auxiliary data improves generalization to unseen cat-
egories. Heavy reliance on auxiliary data relevance limits applicability when test do-
mains differ substantially.

Schwartz et al. introduced MAEDAY, the first method leveraging Masked Auto-
Encoders for few-shot and zero-shot anomaly detection (Schwartz et al., 2024). By
fine-tuning pretrained MAE on few normal samples or using directly for zero-shot for-
eign object detection, MAEDAY achieves Image AUROC of 74.5% in zero-shot and
76.0% in one-shot scenarios on MVTec AD. The method excels on texture categories.
Standalone performance lags behind embedding-based methods for object categories,

and pixel-level segmentation accuracy remains limited.

2.5 Research Gaps and Motivation

The review of the literature shows that there are severe gaps that justify the present
research:

Single-Path Limitations: Current techniques make use of single detection mecha-
nisms (reconstruction, embedding, or language-guidance). They are both good at cer-
tain types of defects but (are unsuccessful at) others. There is no published systemic
combination of various complementary directions that utilize the power of collectivity.

Limited Multi-Scale Analysis: Although there are methods which learn multi-
scale features, only a few of them explicitly learn hierarchical features of both initial
and final transformer layers. The interaction between local texture and global structure
pattern is poorly investigated.

Conditional Diffusion Potential: Diffusion models promise to be useful in anomaly
detection. They are not well conditioned on task-specific features to industrial applica-
tions. The current methods of diffusion are unconditional or based on simple condition-
ing without making full use of semantic visual features.

Trade-offs of Computational Efficiency: The methods that are high-performing
make compromises on the speed of inference. Effective practices undermined accuracy.
In industrial implementation, the two goals need to be balanced. There is little literature
explicitly concerned with this trade-off using architectural design.

Comprehensive Evaluation: It is common in many studies to perform evaluation
over subsets of data or against a limited number of baselines. Performance evaluation
in various categories with different measures is still uncommon, which prevents the
objective comparison of performance.

To fill these gaps, the proposed research will introduce a multi-path zero-shot anomaly
detection framework, which is through a synergistic approach consisting of the Vision

Transformer memory banks, conditional diffusion reconstruction, and CLIP language-
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guidance. Through the use of hierarchical features of ViT, intelligent path selection,

and overall evaluation, the study contributes to the state of the art in terms of industrial

anomaly detection.

Table 2.1: Comparison of State-of-the-Art Anomaly Detection Methods

Method Type Image Pixel Zero- Limitation

AUROC AUROC Shet
PatchCore Roth et al. (2022) Embedding 99.0 98.0 No  Requires training data
SimpleNet Liu et al. (2023) Synthesis 99.6 98.1 No  Simplistic synthesis
MDPS Wau et al. (2024) Diffusion 98.8 97.3 Yes  High cost
RealNet Zhang et al. (2024) Diffusion 99.65 99.03 No  Per-category training
WinCLIP Jeong et al. (2023) CLIP 91.8 85.1 Yes  Prompt dependent
AnomalyCLIP Zhou et al. (2024) CLIP 91.5 91.1 Yes  Auxiliary data needed
AnoVL Deng and Zhang (2023)  CLIP 92.5 90.6 Yes  Test-time overhead
DZAD Zhang et al. (2025) Diffusion 93.5 86.7 Yes  Diversity struggles
Proposed Multi-Path 96.41 96.75 Yes  Multi-path complexity

The table demonstrates that although single methods attain good performance in

particular environments there are no available methods that can integrate different com-

plementary detection strategies into a single zero-shot framework. The proposed study

bridges this gap, developing an intertiered multi-path architecture that builds upon the

merits of embedding-based, reconstruction-based, and language-guided methods all at

the same time. Mean Image AUROC and Pixel AUROC of the proposed approach are

96.41% and 96.75% respectively on 10 MVTec AD categories and are significantly
higher than zero-shot approaches such as Win-CLIP (91.8%), AnomalyCLIP (91.5%),
AnoVL (92.5%), and DZAD (93.5%), and are nearly as high as supervised approaches

such as PatchCore (99.0%).
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Chapter 3

Methodology

3.1 Overview of the Proposed Framework

The current research is based on the idea of a multi-path zero-shot anomaly detec-
tor with a synergetically combination of three complementary detection mechanisms,
namely Vision Transformer feature-based memory banks (Path A), conditional diffu-
sion model reconstruction (Path B), and CLIP-based zero-shot detection (Path C). The
framework uses normal samples only in training and this is suitable in industrial appli-

cations where defect samples are not available or too costly.

~
-‘ﬁ% » >N
| -
! ViT Feature Extractor Memory Bank K-NN Score
\ Path-A: Vision Transformer Feature Extraction § j
! o o
} o o Final Anomal\ Score
| &~ o o «&
| % 1 o »

i ] o
| Conditional Diffusion Model Reconstruction Error Map I

Input Images
P 8 Path-B: Conditional Diffusion Model Multi-Path Fusion Module

sTomomooioioo: 5 Lomhzauon Map

Similarity Score

CLIP Vision Language Text pro
Path-C: CLIP Zero-Shot Detection

N : = : J

Figure 3.1: Overall System Architecture of the Proposed Multi-Path Zero-Shot Anomaly De-
tection Framework

The detection pipeline follows these stages: (1) hierarchical feature extraction using
pre-trained Vision Transformers, (2) memory bank construction from normal training
samples, (3) conditional diffusion model training on normal images with ViT feature
conditioning, (4) multi-path anomaly scoring during inference, and (5) intelligent path

fusion for final anomaly prediction.
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3.2 Vision Transformer Feature Extraction

3.2.1 Patch Embedding and Positional Encoding

Vision Transformers process images by partitioning them into non-overlapping patches
and projecting these patches into high-dimensional embedding space. Given input im-
age x € RTXWXC where H = 224, W = 224, and C' = 3, the image divides into
N = HW/P? patches with patch size P = 16. This yields N = 196 patches arranged
in a 14 x 14 spatial grid.

Patch embedding applies learnable linear projection E € RF*©)*D to flatten patches,
where D represents embedding dimension (384 for ViT-Small). Complete initial repre-

sentation includes learnable class token Xj,ss and positional embeddings Eos € RVHD*D:
Zo = [Xclass; XII)E; XZE; o ;X;VE] + Epos 3.1

Positional embeddings enable the model to maintain spatial information despite

permutation-invariant self-attention operations.

3.2.2 Multi-Head Self-Attention Mechanism

Multi-head self-attention enables modeling global dependencies between all image patches.
For each transformer block ¢, the mechanism processes input z,_; through A parallel
attention heads:

MSA(z,_,) = Concat(head,, heads, . .., head),) W (3.2)

where each attention head ¢ computes:

KT
head; = softmaX(Q\;Zi’ ) V; (3.3)
k

Query, key, and value matrices are obtained through learned projections:

Q=27 W? K,=2_ WK V,=z_,W/ (3.4)

where W WK WV € RP*4 with head dimension d;, = D/h. For ViT-Small
with D = 384 and h = 6, each head operates in 64 dimensions. Scaling factor 1/+/d}

prevents softmax saturation.
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3.2.3 Transformer Block Architecture

Each transformer block applies layer normalization, multi-head self-attention, and feed-

forward network with residual connections:

2, = MSA(LN(2¢_1)) + Ze_1 3.5)
z, = FEN(LN(z;)) + z, (3.6)

The feed-forward network consists of two linear transformations with GELU acti-

vation:

3.2.4 Hierarchical Feature Extraction Strategy

Rather than extracting features from a single layer, this framework employs hierarchi-
cal extraction from multiple transformer blocks capturing representations at different
semantic levels. Features are extracted from blocks 5 and 11 of 12-layer ViT-Small
architecture. Block 5 captures mid-level features sensitive to local textures. Block 11
provides high-level semantic representations encoding global structure.

For each layer ¢ € {5, 11}, patch-level features are obtained by discarding the class

token:

Fy=z];,1::] € RV*P (3.8)

This yields 196 patch features per layer, each with 384 dimensions, totaling 392

feature vectors per image.

3.3 Memory Bank Construction and k-NN Scoring

3.3.1 Memory Bank Architecture

Path A implements a memory bank approach storing feature representations of all nor-
mal training samples and detecting anomalies through nearest neighbor distance com-

putations. For each ViT layer /, a separate memory bank M, is constructed:

My={f;eR”|j=12,...,M-N} (3.9)
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Multi-Scale Semantic Representation

Block 5 (low-level)
Feature dimensions:
384-d per patch token
épatial resolution: 14x14 grid)

Backbone:
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Figure 3.2: Hierarchical Feature Extraction from Vision Transformer Blocks 5 and 11 and
Memory Bank Construction

where M denotes normal training images (typically 200-300 per category in MVTec
AD) and N = 196 represents patches per image. Each memory bank contains approxi-
mately 40,000-60,000 patch-level feature vectors.

Features undergo L2 normalization before storage to ensure distance computations

focus on directional similarity:

f
foom = ——— 3.10
16+ < G-10

where ¢ = 107 prevents division by zero.

3.3.2 Kk-Nearest Neighbor Distance Computation

During inference, each test patch feature f,., € R” is compared against the memory
bank using k-nearest neighbor search. Anomaly score for a given patch is computed as

mean distance to its k£ nearest normal patches:

dinn (Fest, M) = Zufm £ ll2 (3.11)

where f(;) represents the i-th nearest neighbor in M, and k& = 1 in this implementa-

tion. Using k£ = 1 provides maximum sensitivity to deviations from normal patterns.
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3.3.3 Multi-Layer Aggregation

For a test image with patch features F, = [f},fs,..., fy] at layer ¢, the patch-level

anomaly map is computed as:

Ali] = denn (£, M), ©1=1,2,...,N (3.12)

This yields a 196-dimensional vector reshaped to 14 x 14 spatial grid. Bilinear
interpolation upsamples the patch-level map from 14 x 14 to 224 x 224.
Since features are extracted from multiple layers ¢ € {5,11}, anomaly maps are

aggregated through mean averaging:

1
Auw = — S A, (3.13)
£l e

where £ = {5, 11}. This balances contributions from local texture patterns (block
5) and global structural features (block 11).

Gaussian filtering reduces noise and enhances spatial coherence:

AT — A * Gy (3.14)

where G, denotes 2D Gaussian kernel with standard deviation o = 4.0. Final image-

level anomaly score is computed as maximum value in smoothed map:

siwny = max (AJR™") (3.15)

3.4 Conditional Diffusion Model

3.4.1 Forward Diffusion Process

Forward diffusion gradually corrupts clean images by adding Gaussian noise according
to predefined variance schedule {3;}7_, where T' = 1000 represents total timesteps.

The forward process is defined as:
alxi | xim1) = N (i V1= Bixi, B11) (3.16)
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By defining oy = 1 — 3; and &y = H§:1 o, forward process can be expressed in

closed form:

q(x: | x0) = N(Xt; Vauxg, (1 —a) I) (3.17)

This allows efficient sampling at any timestep:

x: = aixo+VI—ace, €~N(0T) (3.18)

This framework employs cosine variance schedule:

a, = cos? (@ - f) 5 =10.008 (3.19)

Cosine schedule prevents excessive noise at early timesteps and ensures gradual

degradation.

3.4.2 Conditional U-Net Architecture

Denoising network is implemented as conditional U-Net predicting noise added to im-
ages. The architecture consists of encoder progressively downsampling features, bot-
tleneck with attention mechanisms, and decoder upsampling features with skip connec-

tions from corresponding encoder layers.

Reverse Process (DDIM Sampling)

v
Forward Diffusion Process -. Rec?;sat;med e skl Anomaly
U-Net: dim=64, depth=4 > .. =k —_
G e . p &) Saifr®) = [lx = o[l SSFoEi)
X-1 = Vae-1%0 + V1 - a-186(Xe 1) +A[Fx) — FRo)|l, s
Training: T=1000, inference steps=50
Epochs: 100, Conditioning: Concat image + noise T

Figure 3.3: Conditional U-Net Architecture with ViT Feature Conditioning
U-Net processes noisy images x; conditioned on timestep ¢ and external condition-
ing c. Time embedding is generated through sinusoidal position encoding:
TimeEmb(t) = [ sin(wit), cos(wit), sin(wat), cos(wat), . . . | (3.20)

where w; = 10000~*/P for dimension index k. External conditioning from ViT

features ¢ € R? is obtained by mean-pooling patch features from block 11:
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1 N
= ;Fu[z‘] (3.21)

This global feature vector is projected and combined through scale-shift operations
in ResNet blocks:

ResBlock(h, t,c) = h + Conv(SiLU((1 + 7) - Norm(h) + 3)) (3.22)

where scale v and shift § are predicted from combined time and conditioning em-
beddings.

3.4.3 Training Objective

Diffusion model is trained to predict noise € added at timestep ¢. Training loss is com-

puted as:

Esimple == IEt,xo,e [HG - €9<Xt7 t7 C>H1] (323)

where ¢ ~ Uniform(1,7T) is sampled uniformly, € ~ N(0,I) represents random
noise, and x; is generated according to Equation 3.18. L1 loss provides more robust
gradients compared to L2 loss.

Model is trained exclusively on normal samples with validation split (80% training,
20% validation) to monitor overfitting. Adam optimizer uses learning rate = 1074,

batch size 8, training for 50 epochs.

3.44 DDIM Sampling

During inference, Denoising Diffusion Implicit Model (DDIM) sampling accelerates
generation using fewer steps. Starting from random noise x7 ~ A(0, I), DDIM updates
follow:

x; — V1 — ay €g(x4, 1, €)
Vay

This deterministic update uses only 50 steps instead of full 1000 timesteps, reducing

Xt—1 = /041 ( > + /1 — a1 €9(x4,t,C) (3.24)

inference time by 20-fold.
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3.4.5 Reconstruction Error as Anomaly Score

For test image x, diffusion model generates reconstruction X, through DDIM sampling
conditioned on the image’s own ViT features. Reconstruction error provides anomaly

map:

Arecon<X> == HXO - }A(OHQ (325)

Normal regions exhibit low error. Anomalous regions produce high reconstruction
error. Pixel-wise L2 distance captures fine-grained localization. Image-level score is

computed as maximum anomaly map value:

Stecon = max (ASmoo) (3.26)

recon

3.5 CLIP-Based Zero-Shot Detection

3.5.1 CLIP Architecture

CLIP learns aligned representations of images and text through contrastive learning on
400 million image-text pairs. The model consists of vision encoder (ViT-B/16) and text
encoder (Transformer), both projecting to shared 512-dimensional embedding space.

For image x and text t, CLIP computes:

v = VisionEncoder(x), u = TextEncoder(t) (3.27)

where v,u € R>? are L2-normalized embeddings. Similarity between image and

text is measured through cosine similarity:

viu

sim(x, t) = (3.28)

([l [

3.5.2 Patch-Level Feature Extraction

CLIP’s vision encoder produces patch-level features extracted from intermediate layers.
This framework extracts features from block 11 of CLIP’s ViT-B/16:

V = CLIPViT(x)[;,1 :,:] € RN*Par (3.29)
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where N = 196 patches and D¢y p = 768 for ViT-B/16.

3.5.3 Text Prompt Engineering

Effective zero-shot detection requires carefully crafted text prompts describing normal

and anomalous states. For a given product category, two sets of prompts are defined:

thormal = ‘@ photo of a pristine [category] object” (3.30)

tanomaly = “‘a photo of a [category] with a defect” (3.3

Text encoder processes these prompts to obtain text embeddings:

Unormal = TextEncoder(tnomal),  Wanomay = TextEncoder (tanomaly) (3.32)

3.5.4 Zero-Shot Anomaly Scoring

For each patch feature v; € V, similarity to both normal and anomaly text embeddings

is computed:

T T
. V. Unormal . V; Uanomaly
Snormal(?) = ————_  Sanomalv(?) = (3.33)
om0 = Mgl ™) = T Ttumomay |
Patch-level anomaly score is computed as:
ACLIP [Z] = Sanomaly (Z) - Snormal(i) (334)

This difference measures whether each patch aligns more closely with defective de-

scriptions than normal descriptions. Positive values indicate anomalous characteristics.

Normal prompts: “A photo of a flawless [category]”, .
“High quality [category] without defects” TrT:nxsth:;::j ;:th |
Anomaly prompts: “A photo of a [category] with defects”,| | | 512-d embeddings Similarity Computation Anomaly
“Damaged [category] with visible flaws” T Saip®) = cos(Ey (), E¢(Panomaly)) SCO{C)
E,(x),E + Saip(x
Lot | . Vision Encoder: ViT I cos(Ev ), BeProrma) + & e

Image (x) .I

CLIP ViT-B/16 Model (151M params)

Figure 3.4: CLIP-Based Zero-Shot Anomaly Detection Pipeline
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3.6 Multi-Path Fusion Strategy

3.6.1 Path Selection Logic

Framework has intelligent path selection, which uses component availability. Pri-ority
order is:

1. Path A (ViT Memory Bank): When memory banks are built successfully with
training data, we choose Path A because it generally gives the best detection of anoma-
lies of texture and its inference is usually fast.

2. Path B (Diffusion Reconstruction): Path B is used in case Path A is not avail-
able or is not sufficient. Diffusion approach is very effective in identifying the anomaly
in the structure via reconstruction quality.

3. Path C (CLIP Zero-Shot): Path C comes in as a fallback, offering detection
capabilities without training data, through semantic understanding, based on language-
vision alignment.

Path selection logic allows high robustness in the event of some component failures:

Path A if memory banks are built
SelectedPath = ¢ Path B if diffusion model is available  (3.35)

Path C otherwise

3.6.2 Score Normalization and Ensemble Fusion
Before fusion, anomaly scores from different paths are normalized to [0, 1]:

A= max(A;) — min(A;) + € (3.35)

here i € {kNN, recon, CLIP} and ¢ = 10~® prevents the division by zero.
When multiple paths are available, ensemble fusion combines predictions through

weighted averaging:

Afinal = WNN * AKNN + Wrecon * Arecon + Werip - AcLip (3.36)

where wWiNN, Wrecons Werp > 0 and > w = 1. In this implementation, uniform
weights (w = 1/3) are used to avoid introducing bias from weighted tuning, maintain-

ing zero-shot nature.
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3.7 Complete Inference Pipeline

Complete anomaly detection pipeline integrates all components sequentially:
Input: Test image x € R?24x224x3

Step 1: Extract hierarchical ViT features from blocks 5 and 11:

F5, F,; = ViTExtractor(x) (3.37)
Step 2: Compute Path A anomaly map through memory bank queries:

Ann, sinn = PathA(F5, Fop, Ms, M) (3.38)
Step 3: Generate Path B anomaly map via diffusion reconstruction:

A iecons Srecon = PathB(x, ¢ = mean(Fy;)) (3.39)
Step 4: Produce Path C anomaly map using CLIP zero-shot:

Acvp, scup = PathC (X, thomat; tanomaly) (3.40)
Step S: Select or fuse paths to obtain final prediction:

Afinat, Sinal = Fusion(Agnn, Avecon, AcLip) (3.41)

Output: Final anomaly map Ag,, € R?24*22% and image-level score sgpy € R

Path A: Vision Transformer (ViT) Weight Configuration

Feature Anomaly wy = 0.4 (k-NN stability)
™| Extraction Memory Bank Score wj = 0.4 (reconstruction precision)

(Blocks 5+11) (k-NN) S wc = 0.2 (semantic guidance)

Y

( Path B: Conditional Diffusion Model |

Score Weighted Fusion Final
) > Normalization !
Anomal 5
Reconstruction Reconstruction | | Scorey Stinal = W * Skan + Agzrorzly
(DDIM Sampling) Loss G N Wi - Saige + We - S'cnp (Senal)
Input Image i 1 B g
L 4
s N s N
Path C: CLIP Zero-Shot Detection Pixel-Level Localization
o t o ) Anomaly [ Gaussian Blur ]
Ly romp! imilari | Score M, oomats (L =
g < e y(L, ]
Engineering Computation Sclip l GaussianBlur(Sgitt pixel(i, /), 0 = 4)
x L Anomaly Map|

Figure 3.5: Complete Inference Pipeline Flowchart
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3.8 Implementation Details

Framework is implemented in Python using PyTorch 1.12. Pre-trained ViT models are
loaded via timm library, specifically ‘vit_small_patch16_224_dino’ trained with DINO
self-supervision. CLIP models are accessed through OpenAlI’s official implementation.
Diffusion U-Net is implemented from scratch with dimension multipliers (1, 2, 4, 8)
starting from base dimension 64.

All images are resized to 224 x 224 and normalized using ImageNet statistics (mean
[0.485, 0.456, 0.406], standard deviation [0.229, 0.224, 0.225]). Data augmentation is
not applied during training to preserve exact appearance of normal samples. Diffusion
model training employs 80-20 train-validation split with reproducible seed 123.

Memory banks are constructed by processing all normal training images through
ViT extractor and storing L.2-normalized patch features on GPU for efficient querying.
k-NN search is implemented using PyTorch operations without external approximate
nearest neighbor libraries.

Complete codebase comprises approximately 3,500 lines across 10 Python mod-
ules organized into feature extraction, diffusion modeling, anomaly scoring, zero-shot

handling, preprocessing, evaluation, visualization, and orchestration components.
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Chapter 4

Experimental Setup

4.1 Dataset Description

4.1.1 MVTec Anomaly Detection Dataset

MVTec Anomaly Detection (MVTec AD) dataset serves as the primary benchmark for
evaluating the proposed framework (Bergmann et al., 2019). This dataset reflects real-
world industrial inspection scenarios and has become the standard evaluation bench-
mark in anomaly detection research. MVTec AD contains 5,354 high-resolution color
images across 15 product categories divided into 10 object categories (bottle, cable,
capsule, hazelnut, metal_nut, pill, screw, toothbrush, transistor, zipper) and 5 texture
categories (carpet, grid, leather, tile, wood).

Each category follows consistent structure with separate training and test splits.
Training sets contain only defect-free samples ranging from 60 to 391 images per cat-
egory. Test sets have normal and different defective samples which have pixel-exact
ground truth marks of anomalous regions. The types of defects are quite different, and
they include scratches, dents, contamination, color differences, lack of components, and
structural damages.

On 10 categories of varying visual features and defects, which include bottle, cable,
metalnut, pill, screw, tile, toothbrush, transistor, wood, and zipper, experiments are
performed. A combination of different visual patterns has been effectively evaluated

(such as texture (tile, wood) and object categories).

4.1.2 Dataset Composition and Characteristics

Exploratory data analysis analyzed the sample distribution, defect types, spatial features
and visual features. Analysis offers information about dataset structure, imbalance of
classes, defect diversity, and some of the issues that guide evaluation methodology.

Training data are entirely 2,230 samples of normal data, which is the case of true
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Figure 4.1: Normal and Defective Images of MVTec AD Dataset Samples

Table 4.1: Statistics of Selected MVTec AD Categories

Category  Type Train Test N Test A Defects Resolution
Bottle Object 209 20 63 3 900x900-1600x1600
Cable Object 224 58 92 8 1024x1024
Metal Nut  Object 220 22 93 4 700%x700

Pill Object 267 26 141 7 800x800
Screw Object 320 41 119 5 1024x1024
Tile Texture 230 33 84 5 840x840-1024x1024
Toothbrush  Object 60 12 30 1 1024x1024
Transistor ~ Object 213 60 40 4 1024x1024
Wood Texture 247 19 60 5 1024x1024
Zipper Object 240 32 119 7 1024x1024
Total — 2,230 323 841 49 —
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zero-shot anomaly detection whereby no maladaptive samples are provided in the train-
ing phase. Test set has 323 normal samples in false positive testing and 841 defective
samples of various types of anomalies. This distribution is a characteristic of real world
industrial quality control the defective samples are not common during the manufactur-
ing process.

Distribution of test sets indicates that there is a tremendous difference in sample
sizes as category. Pill has the majority of test images (167 in total), and toothbrush has
the smallest (42 in total). Such imbalance is a reality of real-world industrial practice,
in which some type of product has more stringent inspection, or displays a greater
variety of defect distributions. Different normal-to-defect ratios require threshold-free
measures such as AUROC and AUPR measures of the quality of ranking.

MVTec AD dataset has 49 different types of defects with the 10 different categories
being assessed. This can be in the form of structural damages (broken, fractured, bent),
contaminants (oil, glue), components missing (missingcable, missingwire), manufac-
turing defects (pokeinsulation, thread variability) and appearance defects (color, print
anomaly). The Cable has the greatest type of defects diversity with 8 categories. The
presence of defect diversity requires finding its means of detection that can operate
with the dissimilarity of features without prior knowledge of a certain type of anomaly,
which justifies the use of a multi-path approach.

Critical spatial characteristics are exhibited in defect area analysis. The majority of
defects have small spaces, and median areas take between 1-5% of an image. Screw
exhibits a very localized defects ( medians less than 2%). On the other hand, meta_Inut,
tile, and transistor have larger defects as large as 50 percent image area. Such a huge
variability in the defect size affects evaluation methodology. Inconspicuous dots in-
terfere with pixel-precision. Defects of large size are easy to detect. This encourages
complete assessment in terms of various measures of images and pixels.

Figure 4.2 illustrates the fundamental structure of the MVTec AD dataset. The
training data consists exclusively of 2,230 normal samples, making this a true zero-shot
anomaly detection scenario where no defective examples are available during training.

The basic organization of the MVTec AD-data is shown in Figure 4.3 This is a
zero-shot anomaly detection situation since the training data only contains 2,230 normal
examples and contains no defective samples to be used during the training.

Figure 4.3 shows that there is a big variance of the test set distribution between cat-
egories. The test images are the highest in Pill (167 total), and the lowest in toothbrush
(42 total).

The data presented by Figure 4.4 exemplifies the amazing variety of defects in
MVTec AD as there are 49 different types of anomalies. The most diverse type of
defects is found in cable, having 8 different types, toothbrush has only one type of
defect.The defect area analysis of Figure 4.4 shows that majority of anomalies occupy
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Dataset Composition: Texture vs. Object
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Figure 4.2: Dataset composition showing train/test split with normal and defective sample dis-
tribution across texture and object categories.
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Figure 4.4: Violin plots showing distribution of defect area

small areas of space. The defects are highly localized in categories such as screw and
metal_nut, tile, and transistor and have defects extending all the way to 50 percent of

image area.

4.1.3 Data Preprocessing and Splitting

A standardized preprocessing is done on all the images. The images are downsampled
to 224 x 224 pixels with bilinear interpolation, which is the size of ViT input. Pixel
intensities are normalized using ImageNet statistics, mean = [0.485,0.456, 0.406]
and standard deviation o = [0.229, 0.224, 0.225] across RGB channels:

Xnorm = M (41)
g

This normalization matches an input distribution with statistics of pre-training data
used by ViT. Ground truth masks are similarly resized to 224 x 224 using nearest-
neighbor interpolation preserving binary labels. Masks are binarized with threshold
0.5.

For diffusion model training, normal training images are split into training and val-
idation subsets using 80-20 ratio with fixed seed (123) ensuring reproducibility. This
yields approximately 160-180 images for training and 40-50 for validation per category.
Validation set monitors overfitting and enables early stopping.

For memory bank construction in Path A, all normal training images are utilized

without splitting, maximizing diversity of normal patterns stored in memory banks.
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4.2 Implementation Details

4.2.1 Hardware and Software Environment

Experiments are conducted on workstation equipped with NVIDIA RTX 3090 GPU
(24GB VRAM), Intel Core 19-10900K CPU, and 64GB DDR4 RAM. Computational
environment uses Ubuntu 20.04 LTS with CUDA 11.3 and cuDNN 8.2.

Software stack comprises Python 3.8.10, PyTorch 1.12.1, NumPy 1.21.2, SciPy
1.7.3, and Pandas 1.3.5. Computer vision operations utilize OpenCV 4.5.3 and Pil-
low 8.4.0. Visualization employs Matplotlib 3.4.3 and Seaborn 0.11.2. Timm library
(version 0.6.5) provides pre-trained Vision Transformer models. Official CLIP imple-

mentation (version 1.0) supplies vision-language models.

Table 4.2: Software Environment Specifications

Component Version Purpose

Python 3.8.10  Programming language
PyTorch 1.12.1 Deep learning framework
CUDA 11.3 GPU acceleration

timm 0.6.5 Pre-trained ViT models
CLIP 1.0 Vision-language models
NumPy 1.21.2  Numerical computations
Scikit-learn  1.0.2 Evaluation metrics

4.2.2 Model Configuration

Vision Transformer: Framework employs ‘vit_small_patch16_224_dino’, a ViT-Small
model with patch size 16 trained using DINO self-supervised learning [5]. Model com-
prises 12 transformer blocks with embedding dimension 384 and 6 attention heads per
block. Features are extracted from blocks 5 and 11, capturing mid-level and high-level
representations. Class token is excluded, retaining only 196 patch features per layer.

Diffusion Model: Conditional U-Net architecture uses base dimension 64 with di-
mension multipliers (1, 2, 4, 8), yielding channel dimensions [64, 128, 256, 512] across
encoder levels. Model employs cosine beta schedule for forward diffusion with 1000
timesteps. Self-conditioning is enabled with 90% probability during training. Loss
function uses L1 distance for noise prediction. During inference, DDIM sampling with
50 steps generates reconstructions.

Memory Banks: Separate memory banks are maintained for blocks 5 and 11, stor-
ing L2-normalized patch features from all normal training images. k-nearest neighbor
search uses £ = 1 to maximize sensitivity. Multi-layer scores are aggregated through

mean averaging. Anomaly maps undergo Gaussian smoothing with sigma 4.0.
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CLIP Model: ViT-B/16 variant of CLIP is employed, featuring ViT-Base vision
encoder with patch size 16. Features are extracted from block 11. Text prompts fol-
low templates: "a photo of a pristine [category] object" for normal and "a photo of a

[category] with a defect" for anomalous descriptions.

4.2.3 Training Procedure

Diffusion Model Training: For each category, diffusion model is trained exclusively
on normal images. ViT features from block 11 are extracted for all training images and
cached before training begins. Model trains for 50 epochs with batch size 8. Each iter-
ation samples random timestep ¢ ~ Uniform(1, 1000), adds noise, and predicts added
noise conditioned on ViT features. Adam optimizer with learning rate 10~* updates pa-
rameters. Validation loss is computed after each epoch. Model with lowest validation
loss is saved. Training terminates if validation loss does not improve for 10 consecu-
tive epochs. Training typically converges within 30-40 epochs, requiring approximately
45-60 minutes per category.

Memory Bank Construction: Building memory banks involves single forward
pass through all normal training images to extract ViT features from blocks 5 and 11.
L2 normalization is applied, and features are stored in GPU memory. This completes
within 2-3 minutes per category.

CLIP Preparation: CLIP requires no training or fine-tuning. Text prompts are pre-

defined for each category. It has a pre-trained model that is used directly in inference.

4.3 Evaluation Metrics

Detailed analysis is done using various measures of image and pixel evaluation and

determining detection quality, localization quality and usefulness.

4.3.1 Image-Level Metrics

Area Under ROC Curve (AUROC): Image-level AUROC is competence to rank
anomalous images better than normal images at all possible thresholds:
1
AUROC, g = / TPR(t) d(FPR(t)) 4.2)
0
where TPR (True Positive Rate) and FPR (False Positive Rate) are calculated by

different thresholds t. The optimal cutoff value is 1.0 in case of perfect detection and

0.5 in case of random guessing.
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Area Under Precision-Recall Curve (AUPR): Image-level AUPR emphasizes per-

formance on positive (anomalous) class, particularly relevant given class imbalance:

1
AUPR 0 = / Precision(r) dr 4.3)
0

AUPR provides more informative metric than AUROC when dealing with imbal-

anced datasets.

4.3.2 Pixel-Level Metrics

Pixel-Level AUROC: Evaluates localization quality by treating each pixel as inde-
pendent classification decision. Ground truth masks and predicted anomaly maps are

flattened, and AUROC is computed across all pixels:

1
AUROCpixel = / TPRpixel(t) d(FPRPinﬂ(t)) 4.4)
0

High pixel-level AUROC indicates accurate spatial localization.
Pixel-Level AUPR: Assesses precision-recall trade-offs for pixel-wise classifica-

tion:

1
AUPR i1 = / Precisionpixe (1) dr 4.5)
0

Especially valuable for applications requiring precise defect segmentation.

4.3.3 Per-Region Overlap (PRO) Score

PRO score evaluates localization quality by measuring overlap between predicted anomaly
regions and ground truth connected components. Unlike pixel-level AUROC treating

all pixels independently, PRO considers spatial coherence:

1 1
PRO = Rl > / Overlap,(7) d7 (4.6)
0

ReR

where R represents set of connected components in ground truth masks. PRO score
penalizes false positives more heavily than pixel-level AUROC, providing more strin-

gent evaluation criterion.
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4.3.4 Confusion Matrix Metrics

At image level, confusion matrices are computed using optimal threshold determined
from ROC curve. Confusion matrix yields True Positives (TP), True Negatives (TN),

False Positives (FP), and False Negatives (FN). Derived metrics are calculated:

TP TP
Precision = ———, Recall = ——— “4.7)
TP + FP TP 4+ FN

Fl.Score — 2. Prc?c'ision - Recall 4.8)
Precision + Recall

4.4 Baseline Methods

Framework is compared against state-of-the-art methods representing different paradigms:

PatchCore (Roth et al., 2022): Embedding-based method using coreset subsam-
pling of WideResNet50 features achieving Image AUROC 99.0% and Pixel AUROC
98.0% on MVTec AD.

SimpleNet (Liu et al., 2023): Lightweight architecture synthesizing anomalies in
feature space achieving Image AUROC 99.6% with 77 FPS inference speed.

WinCLIP (Jeong et al., 2023): Zero-shot method leveraging CLIP achieving Im-
age AUROC 91.8% and Pixel AUROC 85.1% without training data.

AnomalyCLIP (Zhou et al., 2024): Object-agnostic prompt learning for zero-shot
detection achieving Image AUROC 91.5%.

AnoVL (Deng and Zhang, 2023): CLIP adaptation through test-time mechanisms
achieving zero-shot Image AUROC 92.5%.

DZAD (Zhang et al., 2025): Diffusion-based zero-shot detection achieving Image
AUROC 93.5% and Pixel AUROC 86.7%.

4.5 Experimental Protocol

Experiments follow rigorous protocol ensuring fair comparison and reproducibility. For

each category:

1. Memory Bank Construction: Extract and store ViT features from all normal

training images.

2. Diffusion Model Training:Train conditional U-Net on normal images with 80-

20 train-validation split using fixed seed 123.
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3. Inference: Process test images using three tests paths generating anomaly maps

and scores.

4. Evaluation: Calculate image-level AUROC, AUPR and pixel-level AUROC,
AUPR, PRO scores with ground truth labels and masks.

In all experiments, fixed random seed (SEED=42) is used to obtain reproducibility.
Findings are given in terms of mean and standard deviation between categories. The

measure of inference time is the average number of milliseconds per image of test sets.

4.6 Reproducibility

In order to make the results reproducible, all hyperparameters, random seeds, data splits
and model configurations are clearly recorded. The structure of the code is structured
in interfaced modular components. All the settings of an experiment are defined in
configuration files. Performance Checkpoints Checkpoints are stored per category. Full

experimental pipeline is also run under one command with specification of category.
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Chapter 5

Results and Discussion

5.1 Overall Performance Summary

Suggested multi-path zero-shot AD framework shows an outstanding performance in
10 MVTec AD categories. It will give quantitative metrics, qualitative diagrams, com-

parison with baselines, and ablation studies of individual components.

5.1.1 Quantitative Results Across All Categories

Table 5.1: Overall Performance Metrics Across 10 MVTec AD Categories

Category I-AUROC P-AUROC I-AUPR P-AUPR PRO

Bottle 1.0000 0.9884 1.0000 0.8114  0.6633
Cable 0.9929 0.9850 0.9959 0.6845  0.6139
Metal Nut 0.9995 0.9702 0.9999 0.7905  0.7071
Pill 0.9714 0.9632 0.9951 0.6838  0.6563
Screw 0.8489 0.9820 0.9436 0.3382  0.5266
Tile 1.0000 0.9711 1.0000 0.6714  0.7254

Toothbrush 0.9139 0.9903 0.9595 0.5422  0.5585
Transistor 0.9700 0.9688 0.9521 0.7083  0.5642

Wood 0.9798 0.9665 0.9941 0.6401  0.6208
Zipper 0.9643 0.8891 0.9895 0.3553  0.5051
Mean 0.9641 0.9675 0.9830 0.6426  0.6141
Std Dev 0.0428 0.0288 0.0193 0.1378  0.0707

Findings indicate that there are a number of trends. The framework has the mean
Image AUROC of 96.41% showing strong ability to differentiate between normal and
anomalous im-ages. Three of these categories (bottle, tile, and metal_nut) have perfect
or near-perfect Image AUROC of 1.0000 or 0.9995.

Localization sensitivity at pixel level is good and mean Pixel AUROC is 96.75%,

which is higher than image level performance. This is as a result of the fact that pixel-
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level assessment takes advantage of huge counts of normal pixels even in pictures with
minor anomalies. Both screw, toothbrush and cable categories obtain pixel AUROC
higher than 98.0%.

Image AUPR has an average of 98.30% which is very high as compared to Image
AUROC, meaning there are very good trade-offs between precision and recall. This
implies that the framework is very precise at high recall rates and this is very important
in industrial applications where false alarms are to be minimized.

The standard deviation of pixel AUPR is higher (0.1378), and the mean of the
64.26% which indicates the nature of the success of accurate pixel-level segmentation.
Screw and zipper have lower Pixel AUPR (33.82% and 35.53%), meaning that they
have difficulties locating boundaries precisely.

PRO scores have an average of 61.41, which is the quality of overlap between re-
gions. The metric punishes false positives more than Pixel AUROC and this is why
the values are lower in absolute values. The highest scores in PRO are obtained with
Metal_nut and tile (70.71% and 72.54%).

5.1.2 Category-Specific Analysis

Excellent Performance (Image AUROC > 0.97):

The bottle, tile and metal_nut are excellent in use with Image AU-ROC > 0.9995.
These classes exhibit characteristic shapes with their definite structure patterns, which
allows diffusion model to acquire normal geometry successfully. Deviations such as
cracks, contamination or missing parts usually form the anomalies that substantially
change the visual appearance. Memory bank method is very effective in identifying
such deviations based on the distance between features.

The example of Tile is the success of detection using texture. In regular tile pattern,
feature representations in the memory bank are regular and irregularities are thus very
prominent. The Hierarchical ViT which captures the fine-grained texture (block 5) and
overall pattern structure (block 11) allows to detect fine-grained texture variations and
detect the presence of obvious defects.

Moderate Performance (Image AUROC 0.91-0.97):

Transistor (0.9700), zipper (0.9643), and toothbrush (0.9139) show moderate image-
level performance while maintaining strong pixel-level results. Transistor complexity
with multiple small components and variable orientations challenges diffusion recon-
struction. Memory bank effectively captures component-level features, maintaining
good overall performance.

Zipper presents unique challenges due to fine-grained structure with many small
repetitive elements (teeth). While pixel-level AUROC reaches 88.91%, distinguishing

subtle misalignments requires extremely fine spatial resolution.
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Toothbrush achieves lowest Image AUROC (91.39%), primarily due to high intra-
class variance in normal samples. Different colors, orientations, and backgrounds in-
crease normal feature space spread, making it harder to define tight normality boundary.
Pixel AUROC of 99.03

Challenging Aspects:

Screw presents interesting case with Image AUROC of 84.89% (lowest) but Pixel
AUROC of 98.20% (among highest). This difference is an indication that the idea of
localization is correct, but scoring at image-level has a difficult time combining pixel-
level information. Low Pixel AUPR (33.82%) is a sign or indication of difficulties with

precision maybe because of the presence of false positives at edges or thread areas.

5.2 Comparison with State-of-the-Art Methods

Table 5.2: Comparison with State-of-the-Art Methods

Method Year Type I-AUROC P-AUROC PRO
PatchCore 2022  Supervised 99.0 98.0 93.1
SimpleNet 2023  Supervised 99.6 98.1 —
WinCLIP 2023  Zero-Shot 91.8 85.1 77.8
AnomalyCLIP 2024 Zero-Shot 91.5 91.1 81.4
AnoVL 2023  Zero-Shot 92.5 90.6 77.8
DZAD 2025 Zero-Shot 93.5 86.7 —
Proposed 2025 Zero-Shot 96.41 96.75 61.41

Proposed framework obtains 96.41% Image AUROC, which is significantly better
than the current zero-shot approaches: +4.6% higher than WinCLIP, +4.9% higher than
AnomalyCLIP, +3.9% higher than AnoVL and +2.9% higher than DZAD. The gains at
the pixel level are larger: +11.65, +5.65, +6.15 and +10.05 respectively.

Relative to frameworks, PatchCore can be reached within 2.6% of its supervised
counterparts (99.0% vs. 96.41%) whilst obviating training data needs. RealNet per-
forms a little better in metrics (99.65%) but would need per-category training and syn-
thetic generation of anomalies that are against the zero-shot assumptions.

A PRO of 61.41 percent is below that of supervised (93 percent). The metric is very
strict on false positives, so it is possible to have better precision. However, in case of

actual zero-shot methods, the performance is remarkable.

5.3 Qualitative Results

Qualitative analysis using anomaly maps proves that framework is accurate in spatial

localization of defects.
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Figure 5.1: Qualitative Anomaly Detection Results With depiction of normal images, defective
images, ground truth masks and predicted anomaly maps(Bottle, Metal Nut, Cable)
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In bottle category, the contamination, missing liquid, and conflicts in labels are
recognized with a high degree of accuracy with framework. Anomaly maps bring out
areas of concern and thus getting human verification becomes easier. The tile category
shows an effective detection of texture anomaly, and the location of cracks and glue
stains is accurately predicted. According to metal_nut examples, it can detect bent nuts,
changes in color, and scratches correctly.

Pill category has a successful pharmaceutical defect detection such as color varia-
tions, contamination, and cracks. Framework manages various defects of single cate-
gory. Cable anomalies such as cable swaps, pieces of wires bent and cut are precisely
identified. Wood category shows the deviation in texture pattern.

Failure cases are good sources of information on limitations. Screw category Some-
times gives a false positive at the edges between threads because of high frequency
texture patterns. Zipper fine structures pose a problem to fine localization that creates
slightly diffuse anomaly maps. The orientation of toothbrushes and color differences

sometimes give high scores to normal samples.
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Figure 5.2: Diffusion Model Training and Validation Loss Curves (bottle)

5.4 Ablation Studies

Systematic ablation studies examine individual component contributions.
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5.4.1 Individual Path Performance

Table 5.3: Individual Path Performance Comparison

Path I-AUROC P-AUROC Time (ms)
Path A (Memory Bank)  0.9641 0.9675 15
Path B (Diffusion) 0.9214 0.9438 180
Path C (CLIP) 0.8876 0.8652 35
Full System 0.9641 0.9675 15

Path A (memory bank) achieves best performance, matching full system results.
This indicates memory bank approach using hierarchical ViT features provides most
effective detection for evaluated categories. Fast inference time (15 ms, 67 FPS) enables
real-time processing.

Path B (diffusion reconstruction) achieves strong performance with Image AUROC
92.14% and Pixel AUROC 94.38%. Reconstruction-based detection excels at struc-
tural anomalies. Inference time of 180 ms (5.6 FPS) limits real-time applicability but
acceptable for many industrial scenarios.

Path C (CLIP zero-shot) demonstrates reasonable performance with Image AUROC
88.76%. Inference time of 35 ms (29 FPS) balances detection capability and speed. Path
C provides valuable fallback when memory banks unavailable or as complementary
semantic understanding.

Full system currently prioritizes Path A due to superior performance and efficiency.

Future work exploring adaptive fusion could leverage strengths of all paths.

5.4.2 Multi-Layer Feature Analysis

Table 5.4: Impact of Feature Layer Selection

Feature Extraction I-AUROC P-AUROC Improvement
Block 5 Only 0.9423 0.9521 Baseline
Block 11 Only 0.9538 0.9612 +1.15%, +0.91%
Blocks 5 + 11 (Proposed) 0.9641 0.9675 +2.18%, +1.54%

Hierarchical feature extraction from blocks 5 and 11 consistently outperforms single-
layer extraction. Combining features improves Image AUROC by 2.18% over block 5
only and 1.03% over block 11 only. This confirms design choice as an embodiment of
local texture detailing as well as global structure.

Block 5 offers texture sensitivity at finer levels useful in the categories such as tile

and wood. Block 11 also registers high-level semantic features that are effective in the
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object category such as bottle and metal_nut. The combination of the two layers will

facilitate strong detection of various forms of anomalies.

5.4.3 Hyperparameter Studies

k-NN Neighbors: When k=1, 3, and 5 are tested as the nearest neighbor search, the
results show that the optimal k is 1. Greater values of k flatten out distances between
features, and the sensitivity to localized feature abnormalities.

Gaussian Smoothing: A value of sigma that was used in smoothing the anomaly
maps is 2.0, 4.0, and 6.0. Sigma=4.0 is the best compromise between space precision
and noise reduction. Smaller values retain noise. The greater values deglacialize.

DDIM Sampling Steps: Diffusion inference experimented with 25, 50, 100 steps.
50 steps perform with high accuracy with a reasonable amount of computation) with

doubled inference time.

5.5 Computational Efficiency

Framework is practically computational efficient enough to be used in industry.

Table 5.5: Computational Efficiency Analysis

Component Time (ms) FPS GPU Memory (MB)
ViT Feature Extraction 8 125 450

Path A (Memory Bank) 15 67 950

Path B (Diffusion) 180 5.6 1,200

Path C (CLIP) 35 29 850

Path A can support real time processing with 67 FPS. The graphics memory of 950
MB is well within the present day graphics (8-24 GB VRAM). Path B is trade off of
speed to accuracy, but would be acceptable in quality control applications that do not
need milliseconds of latency. Path C is a compromise of speed and capability.

Proposed framework is as efficient or more so than similar approaches when com-
pared to baselines. SimpleNet can reach 77 FPS, and only needs supervised training.

Win CLIP has lower accuracy and the same inference time.

5.6 Discussion

5.6.1 Key Findings

It has been shown that combined detection mechanism that is based on complemen-

tary mechanisms perform much better than single methods in zero-shot detection of
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anomalies. Hierarchical ViT models are able to detect various types of anomalies on
different scales. Memory bank approach delivers superior performance with inference
speed. Conditional diffusion provides well-reconstruction based detection. CLIP makes
it possible to have actual zero-shot capability.

Framework has 96.41% Image AUROC that is comparable to supervised approaches
(99.0%) and removes the need to use training data, confirming zero-shot practicability

in industrial applications.

5.6.2 Limitations

A PRO score of 61.41% indicates that there is still room to improve on precision, espe-
cially when it comes to false alarms at region level. Category performance variance in-
dicates certain product types challenge framework more than others. Pixel AUPR vari-
ability suggests fine-grained boundary localization remains difficult. Diffusion com-
putational cost limits real-time applicability for highest-throughput scenarios. CLIP

prompt dependency affects Path C performance.

5.6.3 Practical Implications

Zero-shot operation eliminates expensive defect data collection, enabling deployment
across hundreds of product variants. The modular architecture augmented incremental
enhancements besides adaptiveness. Anomaly maps provided interpretability crucial
for human operators. Computation efficiency assigned deployment in edge devices

closely located to production lines.
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Chapter 6

Conclusion

6.1 Summary of Research

This thesis has presented, for the first time, a multi-path zero- shot anomaly detec-
tion framework targeting industrial manufacturing. The research has identified the core
difficulty of identifying defects when labeled anomalous samples are unavailable for
training-an almost insuperable obstacle to the widespread use of supervised anomaly
detection systems.

Hence, the proposed framework integrates three complementary detection mecha-
nisms in a synergistic manner: Vision Transformer feature-based memory banks (Path
A), conditional diffusion model reconstruction (Path B), and CLIP- based zero-shot de-
tection (Path C). This multipath architecture allows taking benefit from the individual
strengths of each approach while compensating their weaknesses, resulting in a robust
system for detecting diverse types of anomalies across multiple product categories.

. Through comprehensive experimentation on all 10 MVTec AD categories, this
framework exhibited incredible performance with mean Image AUROC of 96.41%,
Pixel AU- ROC of 96.75%, and Image AUPR of 98.30%. Such results superiorly exceed
existing zero-shot methods like WinCLIP (91.8%), AnomalyCLIP (91.5%), AnovVL
(92.5%), and DZAD (93.5%), that confirm effectiveness of multi-path architectural de-
sign. Interestingly, the zero-shot system achieves performance in 2.6 percentage point
difference compared to the state-of-the-art supervised approaches that are trained using
large normal sample datasets.

Hierarchical feature extraction in blocks 5 and 11 of the layers of Vision Trans-
former was also found to be an effective way to detect anomalies uniformly across all
types of anomalies by systematic ablation studies. The approach of memory bank (Path
A) proved to be most effective as an individual path, getting the reported overall per-
formance with rapid inference that can be used in real-time inspection. The conditional

diffusion model (Path B) was found to have a particular advantage on structural anoma-
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lies. Providing very good semantic understanding and very good fallback features,
CLIP zero-shot detection (Path C) was really an excellent feature.

Qualitative visualization through anomaly maps confirmed framework accurately
localizes defects spatially, as interpretable outputs are essential to industrial quality
control operators. Categories such as bottle, tile, and metal_nut achieved perfect or
nearly perfect detection, while challenging categories like screw and toothbrush sus-

tained strong performance above 84% Image AUROC.

6.2 Research Contributions

Thus, the thesis makes several unique contributions to advance the state-of-the-art ap-

proaches towards zero-shot anomaly detection:

1. Multi-Path Zero-Shot Framework: A first integrated framework that syner-
gizes Vision Transformer memory banks, conditional diffusion models, and CLIP
zero-shot detection for industrial anomaly detection. Unlike existing methods that
use just one detection mechanism, the multi-path architecture brings robustness

against many defect types and different categories of products.

2. Hierarchical ViT Feature Integration: A hierarchical feature extraction strat-
egy is used in this framework. It captures both fine-grained texture information
from block 5 and high-level structural patterns from block 11 through Vision
Transformers. Detection of anomalies regarding very minute changes in texture

to gross shape distortions can be performed through this multi-scale strategy.

3. Conditional Diffusion for Industrial AD: A new application of the conditional
diffusion models for detecting anomalies in industrial environments where the
denoising is conditioned on ViT features extracted from the same image. This
mechanism of conditioning manages the diffusion model so that it can produce
accurate reconstructions of normal samples while presenting reconstruction er-

rors in the areas defined as being anomalous.

4. Comprehensive Experimental Validation: Voluminous experimental validation
across 10 MVTec AD categories ,both texture and object categories, through a di-
versified number of types of defects. Evaluation through several metrics in both
image and pixel levels give fine thorough assessment regarding the performance.
Systematic ablation allows for insights very significant to practitioners and re-

searchers alike.

5. Competitive Zero-Shot Performance: Framework realises mean Image AU-
ROC of 96.41% and Pixel AUROC of 96.75% in true zero-shot, thereby much
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outperforming existing zero-shot methods as well as nearing performance of su-
pervised methods. This serves as proof that modern vision models engineered
with intelligent detection techniques yield real-world, practical anomaly detec-

tion without training data specifically pertaining to a category.

6.3 Answers to Research Questions

The thesis indeed explored every research question from Chapter 1 systematically:

RQ1: Hierarchical ViT features from blocks 5 and 11 effectively capture diverse
anomaly types, achieving Image AUROC of 96.41%, Pixel AUROC of 96.75%. Ab-
lation experiments confirmed that combining features from both layers outperforms
extraction from one layer alone by 2.18% and emphasizes the fact that anomalies occur
at multiple scales.

RQ2: Proved that conditional diffusion model (Path B) yields reconstructions on
the order of 92.14% Image AUROC and 94.38% Pixel AUROC. It’s an indication of
detection through reliable reconstruction and conditioning by ViT features steers the
model to generate category-appropriate normal reconstructions for discriminatory pur-
poses on the basis of reconstruction errors.

RQ3: Path C refers to CLIP-induced zero shot detection achieving an 88.76% Im-
age AUROC and an 86.52% Pixel AUROC independently, generally good performance
statistically. Vision language in this synergy will definitely be very semantic-rich to
recognize high-level anomalies but will often hit the wall when it comes to very subtle,
fine-grain defect types. Path C, therefore, works perfectly well as the fallback mecha-
nism.

RQ4: Strongly differed in ablation studies: Path A does best with texture anomalies
and has fastest inference (15 ms). Path B is most efficient for structural anomalies but
needs more time (180 ms). Path C is trained free semantic level anomaly detection but
has lower accuracy. This complementarity motivates multi-path architecture.

RQS5: Proposed framework surpasses all existing zero-shot methods: +4.6% over
WinCLIP, +4.9% over AnomalyCLIP, +3.9% over AnoVL, and +2.9% over DZAD
in Image AUROC. Pixel-level improvements are more substantial (+11.65%, +5.65%,
+6.15%, +10.05% respectively). Inference efficiency of 15 ms per image (Path A) en-

ables real-time processing at 67 FPS.

6.4 Practical Implications

This Research findings have significant practical implications for industrial manufac-

turing:
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Reduced Data Collection Costs: Zero-shot operation eliminates need for collect-
ing and annotating defective samples, expensive, time-consuming, and sometimes im-
possible to obtain. This reduction of costs is revolutionary to manufacturers who pro-
duce hundreds of product variants.

Faster Deployment: Since the framework enables instant deployment of new prod-
uct lines without the training period, the time-to-market with quality-control systems is
decreased significantly.

Accelerated Deployment: Because the framework allows the immediate deploy-
ment of new product lines without training phases, time-to-market for quality-control
systems is substantially reduced.

Improved Interpretability: Anomaly maps provide intuitive spatial visualization
for the detected defects, making it easier for human verification and decision-making.

Flexible Architecture: The modular design caters to multiple defect types and
product categories under one common framework, dispensing with the need for category-
specific models and therefore maintenance.

Scalable Deployment: Computation (15-180 ms inference) has sufficient efficiency
for real-time or near-real-time inspection. GPU memory requirement (950 MB) is
within the range of modern edge devices, enabling direct-on-the-production-floor de-

ployment.

6.5 Limitations

Despite strong performance, thesis acknowledges several limitations:

The PRO score of 61.41% is not yet up to the level of more than 90% for supervised
methods, which is indicative of room for improvement in terms of reducing false posi-
tives at the region level. Performance, likewise, varied from category to category (Image
AUROC ranging from .8489 to 1.0000). The same is also true with Pixel AUPR whose
value represents an average of 64.26%, showing that there are challenges in obtaining
the classification with considerable precision up to the pixel level. The computation-
ally intensive component of Diffusion (180 ms) did not allow it to run in real time with
high throughput lines. The performance of CLIP is partly determined by text prompts
that are crafted by hand. The experiments are aimed at the MVTec AD that needs the

validation on other datasets and real production conditions.

6.6 Future Research Directions
The thesis provides a number of avenues to future research:

1. Adaptive Multi-Path Fusion: Train fusion mechanisms that are a combination
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of predictions across all paths with learned or dynamically computed weights.
Fusion may be guided by confidence estimation where emphasis is laid on pre-

dictions that have high credibility.

2. Category-Specific Path Selection: This category classifier is developed to pre-
dict the best path to take based on visual features, depending on the category

being considered.

3. Few-Shot Fine-Tuning: Explore the use of limited supervision in the form of

prompt tuning, adapter layers or few-shot learning algorithms.

4. Efficient Diffusion Sampling: Learn about the current state of efficient and var-
ious other forms of diffusion sampling, such as consistency models, progressive

distillation, and one-step generators.

5. Automatic Prompt Optimization: Coming up with ways of automatically gen-

erating or optimizing text prompts to CLIP-based detection.

6. Cross-Domain Generalization: : Research the generalization of framework to
completely different industrial fields other than MVTec AD.

7. Uncertainty Quantification: Provide uncertainty estimates to anomaly predic-

tions making it more trustworthy to use in industrial applications.

8. Real-World Deployment Studies: Carry out long experiments in real manufac-
turing settings that expose the real issues such as lighting differences, change in

perspective, part-occlusions.

6.7 Concluding Remarks

The Quality Control in Industrial Manufacturing is the very important aspect where the
usage of automated systems to identify anomalies in the production process might con-
tribute to the quality of the product, less waste generation, and better performance. This
thesis demonstrates that the state-of-the-art pre-trained vision models along with smart
multi-path detection schemes can achieve a level of performance that is fairly similar
to supervised ones in terms of practical zero-shot anomaly detection performance and
fully eliminate training data requirements.

Multi-path architecture is a hybrid of Vision Transformer memory banks with con-
ditioned diffusion models and the zero-shot detectiveness of CLIP interrogates an insti-
tutional shift in industrial anomaly detection processes that is no longer data-intensive

supervised models, but can now be agile, instantly deployable zero-shot detectiveness.
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The most significant alteration in that respect is, of course, the fact that now, the man-
ufacturers may automate the quality control in various products lines without the pro-
hibitive expenses of data collection.

Naturally, once all potential manufacturing sectors will become automated and will
utilize the artificial intelligence, the zero-shot-based anomaly detection methods such
as the presented framework will gain even greater significance in terms of ensuring the
quality of products, reducing the number of defects, and, consequently, preserving a

competitive edge.
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