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ABSTRACT

Visual Anomaly Detection (VAD) is a critical task for many applications including industrial inspec-
tion and healthcare. While VAD has been extensively studied, two key challenges remain largely
unaddressed in conjunction: edge deployment, where computational resources are severely con-
strained, and continual learning, where models must adapt to evolving data distributions without
forgetting previously acquired knowledge. Our benchmark provides guidance for the selection of
the optimal backbone and VAD method under joint efficiency and adaptability constraints, character-
izing the trade-offs between memory footprint, inference cost, and detection performance. Studying
these challenges in isolation is insufficient, as methods designed for one setting make assumptions
that break down when the other constraint is simultaneously imposed. In this work, we propose the
first comprehensive benchmark for VAD on the edge in the continual learning scenario, evaluating
seven VAD models across three lightweight backbone architectures. Furthermore, we propose Tiny-
Dinomaly, a lightweight adaptation of the Dinomaly model built on the DINO foundation model that
achieves 13x smaller memory footprint and 20x lower computational cost while improving Pixel F1
by 5 percentage points. Finally, we introduce targeted modifications to PatchCore and PaDiM to
improve their efficiency in the continual learning setting.
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1 Introduction

A critical computer vision task is Visual Anomaly Detection (VAD), which involves finding anomalous images and
localizing the responsible pixels. By leveraging unsupervised learning, VAD eliminates the need for costly pixel-level
annotations, making it broadly applicable across industrial inspection, healthcare, and autonomous systems.

In recent years, VAD has drawn a lot of research interest. Nevertheless, the majority of current approaches were cre-
ated and assessed under idealized assumptions, such as centralized server-side deployment, abundant computational
resources, and static data distributions.

However, these requirements are rarely met by real-world deployments. Over time, new categories of objects are con-
stantly introduced in industrial settings. This leads to shifts in the data distribution that a static model cannot handle.
Therefore, recent methods have spanned a range of approaches, from replay-based [1] to prompt-based [2] techniques.
These methods show that incremental updates to VAD models are possible without catastrophic forgetting.

At the same time, VAD models are being pushed toward edge deployment by the increasing need for low-latency,
energy-efficient, and privacy-preserving systems. In this setting, memory and processing power are severely limited.
According to recent studies, feature-based VAD techniques can be easily made edge-compatible by replacing standard
backbones with lightweight alternatives [3] and the detection performance is only slightly reduced as a result of this
modification.
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These two challenges, continual learning and edge deployment, have so far been studied largely in isolation. Contin-
ual learning methods are typically benchmarked on unconstrained hardware. In this setting, large replay buffers and
expensive update steps are affordable. However, when transferred to edge devices, these assumptions break down.
Conversely, VAD models optimized for edge inference are designed for a fixed data distribution, without accounting
for the additional memory and computational overhead that continual learning introduces. Only by addressing both
challenges jointly can VAD systems become efficient, adaptive, and deployable on commodity devices. This is pre-
cisely the setting required by most industrial and real-world applications.

Only very recently has a first attempt been made to address both challenges jointly [4]. However, a comprehensive
and systematic study of VAD in this combined setting is still missing. It remains unclear which VAD architectures are
best suited for edge-constrained continual learning. It is also unclear which backbones offer the best trade-off between
efficiency and performance. Finally, it is still an open question whether foundation-model-based approaches can be
successfully adapted to this challenging regime.

To fill this gap, we propose the first comprehensive benchmark for continual VAD on the edge. We evaluate seven
VAD models across three lightweight backbone architectures, providing a thorough analysis of their behavior in the
continual edge scenario. In addition, we propose Tiny-Dinomaly, a lightweight adaptation of the Dinomaly model
built on the DINO foundation model [5]. The proposed method retains strong anomaly detection performance while
meeting edge constraints. Finally, we introduce targeted modifications to PatchCore and PaDiM to improve their ef-
ficiency and suitability for continual learning on edge devices. We evaluate our benchmark on two widely adopted
datasets, MVTec AD [6] and VisA [7], which together cover a broad range of industrial inspection scenarios.

The main contributions of this work are as follows:

1. We propose the first comprehensive benchmark for VAD models targeting edge deployment in the continual
learning scenario

2. We propose Tiny-Dinomaly, an edge-adapted version of Dinomaly built on the DINO foundation model,
representing a strong candidate for efficient edge deployment in continual VAD settings.

3. We propose targeted modifications to PaDiM and PatchCore to improve their efficiency and suitability for
edge-constrained continual learning scenarios.

The remainder of this paper is organized as follows. Section 2 reviews related work on Visual Anomaly Detection, con-
tinual learning, and edge deployment. Section 3 describes the methodology, including the proposed Tiny-Dinomaly
architecture and the modifications to PatchCore and PaDiM. Section 4 details the experimental settings, covering
datasets, evaluation metrics, and model configurations. Section 5 presents and discusses the benchmark results, ana-
lyzing the impact of backbone choice and the performance of our proposed methods. Finally, Section 6 concludes the
paper and outlines directions for future work.
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Figure 1: Continual Learning setting for the VAD. Each task introduces a new item, the VAD model must identify
anomalous products at the image level and localize defects at the pixel level for newly introduced items, while main-
taining strong performance on previously learned categories.



2 Related Work

In this section, we review the literature most relevant to our work. We first discuss recent advances in Visual Anomaly
Detection, with a focus on feature-based approaches and their adaptation for edge deployment. We then survey contin-
ual learning methods for VAD and highlight the key limitations that motivate our benchmark and proposed solutions.

2.1 Visual Anomaly Detection

Visual Anomaly Detection (VAD) is a well-established Computer Vision task with broad applications in industrial
inspection, healthcare, and autonomous systems. The goal is to identify anomalous images and localize the
responsible pixels. This is achieved by leveraging unsupervised learning, which avoids the need for costly pixel-level
annotations. Over the years, a large body of methods has been developed. These methods can be broadly categorized
into reconstruction-based and feature-based approaches.

Reconstruction-based methods rely on generative models, such as autoencoders, GANs, and diffusion models,
trained exclusively on normal images. At inference time, anomalies are detected as regions where the model fails
to reconstruct the input faithfully. This results in large reconstruction errors. While conceptually simple, these
approaches tend to be computationally expensive and can sometimes reconstruct anomalous regions accurately,
limiting their detection reliability.

Feature-based approaches have emerged as the dominant paradigm in recent years, offering a better trade-off between
performance and efficiency. These methods leverage pretrained neural networks as fixed feature extractors and
build normality representations from the extracted embeddings. They can be further divided into three families.
Memory-bank methods, such as PatchCore and PaDiM, store representative patch-level embeddings of normal
images. Anomalies are detected by measuring the distance between test features and the stored representations.
Teacher-student methods, such as STFPM, employ a frozen pretrained teacher and a trainable student network. Since
the student is trained only on normal images, discrepancies between student and teacher feature maps at inference
time indicate anomalies. Normalizing flow methods, such as FastFlow, model the distribution of normal features
explicitly and use the estimated likelihood as an anomaly score.

The feature-based category is inherently more efficient and better suited for edge deployment. This has been
demonstrated by recent work such as [3]. In that study, several feature-based VAD methods are evaluated after
replacing their original backbones with lightweight alternatives. This results in significant reductions in computation
and memory footprint while preserving strong detection performance. Building on this direction, subsequent works
have proposed efficiency-oriented variants of established methods, including PaDiM-Lite [8] and a lightweight
version of STFPM introduced in [3].

2.2 Continual Learning for Edge VAD

Continual Learning (CL) for VAD assumes that object categories are introduced sequentially as a stream of tasks,
requiring the model to adapt to new data while preserving prior knowledge. This setting inherits the challenges of
multi-class learning with the added difficulty of an evolving data distribution and the impossibility of accessing previ-
ous data when training on a new category, a constraint that makes catastrophic forgetting a central concern.

Early work applied standard CL strategies such as Replay to VAD [1]. Replay mitigates catastrophic forgetting by
interleaving past and new data during training using a small replay buffer, where a limited fraction of previously seen
samples is retained and reused across task boundaries.

Building on this foundation, researchers have since proposed methods specifically designed to tackle VAD within the
CL paradigm [9, 2, 10].

A key motivation for CL is its efficiency; incremental updates to a model are significantly less computationally de-
manding than full retraining from scratch. By eliminating the need to re-process the entire historical dataset for every
update, CL reduces the reliance on powerful remote servers and high-bandwidth cloud offloading. This shift makes
it increasingly feasible to perform training and adaptation directly on local edge devices, ensuring data privacy and
enabling real-time responsiveness in evolving environments.

However, achieving practical deployability on commodity devices requires pairing continual learning strategies with
architectures specifically designed for edge constraints. A recent work took a first step in this direction by evaluating
STFPM, and PaSTe in a continual edge setting [4]. Yet, this study remains limited in scope and falls short of a thorough
analysis of the problem. They analyzed only two VAD methods on the edge (both of the student-teacher category),
making it impossible to generalize the insights to different categories like memory bank approaches. Furthermore, the
backbone architectures considered are limited in number, leaving open the question of which lightweight backbone
offers the best efficiency-performance trade-off in this joint setting.

To address this gap, we propose the first comprehensive benchmark for continual VAD on the edge, covering seven



VAD models across six different backbone architectures. Our benchmark provides a detailed analysis of model be-
havior in the continual edge scenario. It also identifies which architectural choices are most suitable. Furthermore,
we introduce Tiny-Dinomaly, a lightweight adaptation of Dinomaly that retains strong detection performance, and
propose modifications to PatchCore and PaDiM to improve their efficiency in the continual learning setting.

Despite this growing interest, the vast majority of continual VAD methods have been developed and evaluated under
the assumption of unconstrained computational resources. A first attempt to jointly address continual learning and
edge deployment was made by [4], who evaluated STFPM and PaSTe in the continual edge setting.

However, these studies remain limited in scope. They focus on a small number of models and backbone architectures
and do not provide a systematic analysis of the most important design choices in this joint setting. It remains unclear
which VAD architectures and backbone designs offer the best trade-off between efficiency, adaptability, and detec-
tion performance when both constraints are imposed simultaneously. Our work addresses this gap by providing the
first comprehensive benchmark for continual VAD on the edge, covering seven VAD models across six lightweight
backbone architectures, and by proposing new efficient solutions tailored to this challenging regime.
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Figure 2: Memory-Performance trade-off analysis. Scatter plots illustrating the relationship between Memory usage
(log scale) and detection accuracy (F1 score) at the pixel level (a) and image level (b). Different markers represent
the backbone architectures, while colors identify the specific anomaly detection (AD) models. Marker size correlates
with computational complexity in FLOPS, providing a comprehensive view of model efficiency and scalability for
resource-constrained environments.

3 Methodology

In this section, we describe the methods proposed to address the challenges of continual VAD on the edge. We begin
by presenting Tiny-Dinomaly, a lightweight adaptation of the Dinomaly model designed to retain strong anomaly de-
tection performance under strict computational constraints. We then introduce PaDiM MultiModal and PatchCore++,
two targeted modifications of their respective baselines aimed at improving efficiency and suitability for continual
learning on resource-constrained devices.

3.1 Continual Learning for VAD

In real-world industrial deployments, the assumption of a stationary data distribution, standard in classical machine
learning, is rarely satisfied. Manufacturing environments are inherently dynamic, with new products and process
variations continuously altering the distribution of normal images. Each such change induces a shift in the distribution
of normal images that the anomaly detection system must model. A model trained exclusively on historical data will
progressively degrade in its ability to characterize normality for newly introduced objects, while a model naively
retrained on new data alone will suffer catastrophic forgetting of previously acquired knowledge.

For example, a quality control system deployed on a production line initially inspects a single component type, e.g.,
metal nuts. Over the course of months, the system must be extended to cover cables, capsules, transistors, and further
components as they enter production. Retraining the system from scratch each time is computationally prohibitive
because it requires archiving all historical data (raising storage and data governance concerns), and introduces
deployment downtime. A continual learning strategy that can incrementally absorb new tasks while preserving
performance on previous ones is therefore not merely an academic interest but a practical necessity for scalable



industrial inspection systems.

Following the formulation of previous works, we adopt a class-incremental continual learning scenario in
which each task ¢ € {1,...,T} corresponds to a distinct object category (see Figure 1). At task ¢, the model has
access only to training images of the t-th task, all of which depict normal (defect-free) samples, consistent with the
unsupervised anomaly-detection paradigm. No anomalous samples are available during training, as collecting and
labeling defective instances at scale is impractical in industrial settings.

After training on task ¢, the model is evaluated on all tasks {1, ..., 7'} seen so far, both at the image level (determining
whether a given image is anomalous) and at the pixel level (producing an anomaly map that localizes defects within
the image). This evaluation protocol is deliberately more demanding than single-task AD: the model must generalize
across a growing set of object categories while being constrained by fixed memory and computation budgets.

Most VAD methods developed for continual learning assume access to specific CL mechanisms, making them
difficult to adapt to edge deployment scenarios. To enable fair and consistent evaluation across a broad range
of classic VAD models, we require a CL strategy that is agnostic to model architecture and imposes minimal
assumptions. For this reason, we adopt the Replay approach to evaluate and compare VAD models in the CL setting.
Replay is simple, efficient, and model-agnostic, making it well suited to a fair and consistent comparison across
heterogeneous VAD architectures. In the Replay strategy, the model is trained jointly on data from the current task
and a small subset of data retained from previous tasks. In our experiments, we analyze the effect of replay memory
size by evaluating two configurations: 40 and 100 samples, corresponding to approximately 5 MB and 15 MB of
memory, respectively, assuming images of size 224x224. While a buffer of 40 samples represents the most realistic
scenario for edge deployment, given its minimal memory footprint, we also assess a larger buffer size to study the
impact of increased memory capacity on continual learning performance.

Replay can be seamlessly applied to any end-to-end VAD model. In this work, we evaluate four such models,
STFPM, PaSTe, SimpleNet, and Dinomaly, each adapted for edge deployment by substituting the backbone with a
lightweight alternative. However, several widely adopted VAD methods, such as PatchCore, CFA, and PaDiM, do
not follow an end-to-end training paradigm. Instead, they rely on auxiliary data structures, a memory bank in the
case of PatchCore and CFA, and Gaussian distributions for PaDiM, which require dedicated strategies for continual
learning. To handle these cases, we adopt the CL adaptations proposed in [1], namely PatchCore-CL and PaDiM-CL.
Furthermore, as demonstrated in [4], these methods can be readily deployed on edge devices by simply replacing their
backbones, making them equally viable candidates for our evaluation.

However, since none of the original models was designed with edge deployment in mind, we introduce novel
edge-optimised variants that reduce computational and memory overhead while preserving the ability to retain
knowledge of previously learned objects, as discussed in the next sections.

As an upper bound on continual learning performance, we consider Joint Training (JT), in which the model is trained
simultaneously on all tasks and is therefore unaffected by catastrophic forgetting. The performance achieved under
this configuration serves as the ideal reference for all CL strategies. Conversely, as a lower bound, we employ
Fine-Tuning (FT), in which the model is trained exclusively on the current task without any mechanism to mitigate
forgetting. This configuration represents the worst-case performance baseline against which all CL strategies are
compared.

3.2 VAD Models

e PatchCore [11]: it builds a compact memory bank of representative normal patches and flags anomalies
based on the distance of test patches to their nearest neighbors.

* PaDiM [12]: it models each spatial feature location with a multivariate Gaussian and uses the Mahalanobis
distance to detect deviations as anomalies.

» PaDiM-Lite [8]: it is a lightweight variant of PaDiM that replaces the full covariance matrix with a diago-
nal approximation, retaining only per-dimension variances. This reduces memory per spatial position from
O(d?) to O(d) and eliminates the need for matrix inversion, making it significantly more efficient for edge
deployment.

* CFA [13]: it creates a memory of normal patch embeddings and adapts them into coupled hyperspheres to
amplify the separation between normal and abnormal feature representations.

o STFPM [14]: it is based on two networks (teacher and student) with knowledge distillation, where student
and teacher feature map deviations indicate anomalies.

» PaSTe [3]: it is a resource-efficient variant of STFPM that shares the first layers between teacher and student
networks, reducing memory footprint and inference cost while preserving anomaly detection performance.



» SimpleNet [15]: it also uses a feature adaptor like CFA, but also considers the generation of synthetic anoma-
lies at feature-level to improve performance.

* Dinomaly [16]: it is a minimalistic reconstruction-based framework built on pure Transformer architectures,
leveraging linear attention and a noisy bottleneck to enable a unified model for multi-class anomaly detection.

3.3 Dinomaly

Dinomaly follows the same encoder-decoder paradigm introduced by methods like RD4AD, but replaces the conven-
tional CNN backbone with a fully transformer-based architecture. The encoder is a foundation model, specifically a
Vision Transformer (ViT) pretrained via DINOv2, serving as a powerful frozen feature extractor. The decoder is also
a transformer, randomly initialized and trained from scratch on the target dataset, with the objective of reconstructing
the intermediate feature representations produced by the foundation model. At inference, the decoder reconstructs
normal regions well but fails on anomalies, producing a discrepancy between encoder and decoder features that serves
as the anomaly signal.

The core challenge in reconstruction-based anomaly detection is identity mapping: the decoder learns to reconstruct
everything too well, including anomalies, making detection impossible. Dinomaly addresses this through three com-
ponents. i) Noisy Bottleneck applies Dropout to the MLP bottleneck, randomly discarding activations to prevent the
decoder from perfectly memorizing and reproducing unseen patterns. ii) Linear Attention exploits a known weakness
of linear attention mechanisms, their inability to focus on local regions, forcing the decoder to rely on diffuse, long-
range information rather than directly copying local input tokens. iii) Loose Reconstruction relaxes the supervision
strategy; instead of strict layer-to-layer feature matching, features from multiple encoder layers are grouped and recon-
structed collectively, giving the decoder more freedom to diverge from the encoder when faced with unseen anomalous
patterns.

Compared to classic reconstruction-based approaches, Dinomaly is computationally efficient since the encoder is
frozen and only the lightweight decoder is trained. Although originally introduced in a multi-class setting, the method
is naturally compatible with continual learning, since replay can be applied without modifying its training objective.

3.4 Tiny-Dinomaly

While Dinomaly achieves state-of-the-art performance through its simple yet effective design choices, its size makes
it infeasible for edge deployment. The foundation model ViT and the decoder together require 561.33 MB of storage
(excluding the replay memory), making deployment on resource-constrained devices impractical.

To address this limitation, we propose Tiny-Dinomaly, a lightweight variant that replaces the heavy DINOv2 ViT-L/14
backbone [5] ( 307M parameters) with DeiT-Tiny ( SM parameters). DeiT (Data-efficient Image Transformer) is
a compact vision transformer that, unlike DINOv2, trains exclusively on ImageNet without requiring additional
large-scale proprietary datasets, leveraging a knowledge distillation strategy to compensate for the reduced data
budget [17]. Despite its smaller scale, DeiT-Tiny retains the same transformer backbone structure as ViT, preserving
full compatibility with Dinomaly’s reconstruction paradigm while drastically reducing the model footprint, making it
suitable for deployment on resource-constrained devices. The decoder follows the same design principle as Dinomaly:
a transformer of comparable scale to the encoder, randomly initialized as in the original framework, and trained
to reconstruct the encoder’s intermediate features using the same Noisy Bottleneck, Linear Attention, and Loose
Reconstruction strategies introduced in Dinomaly.

While Tiny-Dinomaly retains the Noisy Bottleneck and Linear Attention components from the original method, our
architecture introduces an additional structural advantage. These components were designed to constrain the decoder’s
reconstruction power, preventing identity mapping. In Tiny-Dinomaly, a similar effect emerges naturally from the
encoder itself: unlike large DINOv2 ViTs, which produce highly complete and semantically rich representations, a
smaller encoder like DeiT-Tiny extracts inherently less exhaustive features. This makes it harder for the decoder to
generalize to unseen anomalous patterns, providing a built-in inductive bias that complements, and partially replaces,
the role of the explicit regularization components introduced in Dinomaly.

In other words, where Dinomaly artificially constrains feature completeness and reconstruction power through
components like Noisy Bottleneck and Linear Attention, Tiny-Dinomaly achieves the same effect structurally.
Furthermore, with fewer parameters to model the normal feature distribution, the decoder converges faster and more
tightly to what "normal” looks like, rather than drifting toward a more general solution, improving sensitivity to subtle
deviations.

Therefore, Tiny-Dinomaly may achieve a similar regularising effect structurally, through the reduced representational
capacity of the encoder itself. The resulting model is substantially more suitable for resource-constrained deployment
and, as shown in Section 5, can also achieve stronger anomaly localisation performance.



3.5 PatchCore

PatchCore is based on the assumption that an image is anomalous as soon as a single patch looks anomalous. So instead
of reasoning globally, PatchCore reasons locally, patch by patch. PatchCore extracts hierarchical representations using
a pre-trained Convolutional Neural Network (CNN) backbone. Let ¢ denote the feature extraction network. PatchCore
extracts intermediate feature maps from mid-level layers (e.g., layers 2 and 3 of a ResNet architecture). This selection
provides an optimal balance: it captures both fine-grained low-level textures and broader semantic context. For a
given input image z;, let ¢;(x;) represent the feature map extracted from the j-th layer. To create a comprehensive,
multi-scale representation, the feature maps from these selected layers are resized to a common spatial resolution via
bilinear interpolation and concatenated along the channel dimension. This yields the combined multi-scale feature
map ¢, ;. For each spatial position (h, w) of the feature map ¢; ; € Re"*h™xw” patchCore aggregates features within
ap x p local neighborhood via adaptive average pooling, yielding a single patch descriptor ¢; ;(h, w). Repeating this
at every stride-s position and across all training images x; € Xy gives the memory bank:
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PatchCore finds a subset M C M that best preserves spatial coverage in feature space by applying the kcenter
algorithm.
The anomaly score is driven by the single most anomalous patch:
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This raw score is reweighted to account for how typical m* itself is within M:
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where A, (m*) is the set of b nearest neighbors of m* inside M. For anomaly segmentation, per-patch scores are
placed back at their spatial positions and upsampled via bilinear interpolation, followed by Gaussian smoothing (o =
4).

3.6 PatchCoreCL

The core challenge is that standard CL techniques like replay do not directly apply to PatchCore, since its feature
extractor weights are frozen; the only component that “learns” is the memory bank. Instead of a single memory bank,
PatchCoreCL maintains one separate memory bank per task, while keeping the total number of stored patch vectors

fixed (either 10K or 30K). As new tasks arrive, the per-task budget shrinks as numbe:‘:fg‘a‘;rkysssf:n <7~ When the task
arrives:

1. All existing memory banks are coreset-subsampled down to the new (smaller) per-task budget
2. The new task’s patches are also coreset-subsampled to the same budget
3. The new memory bank is appended to the list

This keeps total memory bounded while preserving the coverage quality of each task’s representation.

At test time, the input patches are compared against every memory bank in the list. The one returning the lowest
image-level anomaly score is selected as the matching task, and its memory bank is then used for pixel-level scoring.
This also implicitly performs task identification without any explicit task label.

In the following complexity analysis, we treat a single vector operation (dot product, addition, or distance computation)
between two vectors of dimension d as a unit cost O(1), as d is fixed by the backbone architecture and does not scale
with the number of tasks.

The computational cost to update the memory banks at task ¢ can be split into two phases. Denoting by .S the total

memory budget and by N the number of raw patches from the new task, where ¢ € {1,...,T} is the index of the
current task, the per-task budget is b(i) = 2.

Phase 1 (update old memory banks): each of the i — 1 previous banks of size b(i — 1) = % must be coreset-
subsampled down to b(i) = % Since the k-center algorithm reduces a bank of size n to size k at cost O(n - k)



(Gonzalez Algorithm), the cost for one bank is:

o(7) 0w

Summing over the ¢ — 1 previous banks, the total Phase 1 cost is:

of=n) o (%)
S

Phase 2 (create the new memory bank): the N raw patches from the new task are coreset-subsampled to size b(i) = =.
Applying the same k-center cost O(n - k) withn = N and k = %

o(x:3)-0(%)
i i
The total update cost at task ¢ is therefore:
2
o(F) o (%) -0 (*57)

While PatchCoreCL achieves very low forgetting, two practical limitations remain. First, the cost of continuously
pruning old memory banks at each new task is expensive. Second, inference time grows with the number of tasks,
since test patches must be compared against all memory banks in the list. In this variant, we propose a lighter training
and a lighter inference procedure.

On the training side, we propose to replace the k-center recompression of Phase 1 with an efficient pruning strategy
motivated by a classical result in combinatorial optimization. The k-center algorithm with farthest-first traversal [18]
iteratively selects the point farthest from the current set of chosen centers, adding it to the coreset at each step. Authors
of [18] proved that this greedy procedure enjoys a fundamental prefix property: for any k, the first k£ points form a
2-approximation of the optimal k-center solution, meaning no other subset of size k can cover the remaining points
with a radius less than half that achieved by the greedy prefix. As a direct consequence, the ordering induced by
farthest-first traversal is monotonically decreasing in representativeness: points inserted earlier cover broader, more
spread-out regions of feature space, while points inserted later fill in progressively finer details in already well-covered
regions.

Under this formulation, when task 7 arrives and the per-task budget shrinks from b(i—1) = i = b(1) =

3.7 PatchCoreCL++

§ , instead of

rerunning the k-center algorithm on each old memory bank, which costs O ( ) in total, we simply truncate each list

by removing the last b(i — 1) — b(i) = m
to discarding precisely the least representative points first, preserving the coverage quality of the remaining prefix.
This reduces the Phase 1 cost from O ( ) to O(1), making the total update cost at task i:

on )+0(NZS) o<"\25).

This allows PatchCoreCL++ to scale to larger memory banks more easily compared to the original PatchCoreCL:
while PatchCoreCL has a total update cost of O (M)

this to O (%), which is linear in S.

Inference

The original PatchCoreCL strategy scores a test image against every memory bank and selects the one returning the
lowest anomaly score. Consequently, the inference time grows linearly with the number of tasks K: the cost of scoring
a single test image is O(K - |M| - d), where | M| denotes the per-task memory bank size and d represents the patch
descriptor dimension. As the number of tasks grows, this linear factor renders PatchCoreCL increasingly impractical
for deployment on edge devices where latency budgets are strict.

Instead, we propose a prototype-based task identification. For each task j, we define a prototype as the mean of the

entries. By the prefix property of Gonzalez’s algorithm, this corresponds

, which grows quadratically in S, PatchCoreCL++ reduces

backbone feature maps extracted by the last feature extraction layer from its training images X ](\?):
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and represent a test image z'“*! by its backbone feature map ¢(z'“**). Task identification then reduces to a single
nearest-prototype lookup:

-5k : test

jr=arg  omin (6@ - psll
The assigned task j* determines which memory bank M[;j*] is used for anomaly scoring. Consequently, only one
memory bank is queried at inference time rather than all K banks. This approach reduces the inference cost from
O(K - |M] - d) to O(K - d) for the identification step, plus O(|M| - d) for the anomaly scoring. This represents a
reduction by a factor of K in the dominant term, an advantage that becomes increasingly pronounced as more tasks
are accumulated.
It should be observed that the additional storage required for prototype-based identification is negligible. Maintaining
K prototypes requires only K X d scalar values, where d denotes the dimension of the backbone’s final feature layer.
In contrast, the memory bank itself stores K - | M| - d values. Given that | M| > 1, the prototype overhead is smaller
by a factor of | M|, rendering the inference speedup effectively free in terms of memory requirements.

3.8 Padim and Padim-Lite

As for PatchCore, the input image is passed through a pretrained CNN producing activation maps at multiple layers.
For each spatial position (i, j) in the grid defined by the largest activation map, PaDiM extracts the activation vectors
from the first three layers and concatenates them into a single embedding vector.

For each position (i, j), the N training images contribute N embedding vectors. PaDiM collects them into a set:
Xij = {«f;, k € [[1, N]]} and models this set as a multivariate Gaussian N (;;, Xy; ), where:

1 N
His = 35 D (1)
k=1
N
1
Y= N1 D (@h = i) (@l — pag) T+ el
k=1

The regularization term €I (with € = 0.01) ensures ;; is full rank and invertible, which is required for the next step.
The covariance matrix ¥;; captures not just the variance of each feature, but the correlations between features coming
from different CNN layers.

Given a test image, PaDiM extracts patch embeddings the same way. For each position (3, j), it computes the Maha-
lanobis distance between the test embedding x;; and the learned Gaussian:

M(zij) = \/(xz'j = nip) T 85" (@i — pg) 2)

Unlike plain Euclidean distance, the Mahalanobis distance accounts for the shape and orientation of the learned distri-
bution via X!, A patch that deviates along a direction of low variance gets penalized more heavily than one deviating
along a high-variance direction.

Padim-Lite

The full covariance matrix X;; € R%*4 i5 the computational bottleneck of PaDiM. Storing it requires 4d> bytes per
spatial position, and inverting it costs O(d?) at training time, while each Mahalanobis distance evaluation costs O(d?)
at inference.

PaDiM-Lite replaces the full covariance with a diagonal approximation, retaining only the per-dimension variances:

afj = diag(¥;;) = ((7%717 U§j72, ... 70'1»2]»7d) 3)
where each component is estimated from the N training embeddings at position (4, j):
N
1 2
2 _ (n)
Tijk = N _1 7?:1 (zsz - Mij,k) +e 4

with ¢ = 0.01 added for numerical stability (ensuring the denominator never vanishes). By assuming independence
across feature dimensions, the Mahalanobis distance reduces to a simple normalised sum of squared residuals:

d 2

(xi ik — i ',k)

M(zy) =) ®)
k=1 Tijik



This is computed entirely through element-wise operations, with no matrix inversion and no matrix-vector products.
The resulting complexity is O(d- N) at training and O(d) per patch at inference, down from O(d? - N +d?) and O(d?)
respectively. Memory per spatial position shrinks from 4d? bytes (the full matrix) to 4d bytes (mean vector) plus 4d
bytes (variance vector), a reduction of O(d).

The diagonal approximation discards cross-dimensional correlations. This is a deliberate trade-off: those correlations
improve distributional modeling but come at a cost that is prohibitive for edge hardware.

3.9 Padim Variants for Continual Learning

The first adaptation of Padim for CL, here referred to as PadimCL, is in [1].
The core problem is straightforward: standard PaDiM stores one Gaussian A (117, 3;;) per patch position per task. If
you have T tasks, memory grows as O(T x W x H x d?), which violates any reasonable memory budget for continual
learning.
The proposed fix is to maintain a single Gaussian per patch position at all times, and update it incrementally as new
tasks arrive, so memory stays O(W x H x d?) regardless of how many tasks have been seen.
Original method performs it as a simple arithmetic mean of the per-task estimates, not the statistically correct update.
In mathematical terms, the code computes:
T
H(T) = Z “w

1 T
1 —1,t
Sy =7 2.5

t 1

However, the original method assigns a uniform weight of 1/7 to each task when computing the mean and covariance,
regardless of the number of samples it contains. This can introduce significant bias in both estimates when tasks have
unequal dataset sizes and the resulting covariance does not correspond to the actual variability of the aggregated data.
In addition, the correct formula for the unified covariance requires operating on the covariance matrices , applying the

correction terms 8¢5t to account for the shift between means, and only performing the inversion at the final step.

PadimCL-UniModal Therefore, we fix the original PadimCL method. Suppose after 7' — 1 tasks, position (i, ) is
represented by A (ME;‘P 2 ZZ(-;‘-LI)), estimated from Np_; total samples. A new task 71" arrives with N7 new samples,

contributing a local Gaussian N (,u}’;, ZZ)

The updated mean is a weighted average:

() _ Neoupg D+ New; (6)
i = Nr_1+ Nt

The updated covariance uses the parallel axis theorem, which accounts both for within-task spread and the shift
between task means:

Ny (570 4+ 6@ D5T-DT) 4 Ny (ST + 67677)
Np_1+ Np

(™ _
(D) = @

where §(T—1) ,uEJT 2 /L(jT) and 07 = uij — uf y ) are the deviations of each component mean from the new

combined mean. These correction terms ensure that the merged covariance correctly reflects the spread of all samples

seen so far, not just the spread within each task individually.

After the update, the old Gaussian is discarded. Only the new (ugj ) ZZ(-J-T)) and the total sample count Np_1 + Nr

are kept. The resulting single Gaussian is the exact maximum likelihood estimate you would have obtained had you
trained on all Ny_; + Np samples jointly — there is no approximation.

PadimCL-MultiModal PaDiM-CL MultiModal forgoes the incremental fusion of PaDiM-CL UniModal and instead
retains a separate Gaussian N (,uﬁj, zgj) per patch position for each task ¢. At inference time, the anomaly score is
computed against every stored Gaussian, and the minimum score is taken as the final prediction:

M) = tE{Ilr}.i.n.,T} \/(%J pig) T2 g — ) ®)
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This is equivalent to selecting the task whose learned distribution best explains the test patch — a natural fit for a
continual learning setting where different tasks may correspond to genuinely distinct normal-appearance modes.

The cost of this expressiveness is that memory grows as O(T x W x H x d?), i.e., linearly with the number of tasks and
without bound. This makes the method unsuitable for long task sequences on memory-constrained hardware, but it
serves a precise role in this work: since each task’s distribution is preserved exactly and never merged or approximated,
PaDiM-CL MultiModal represents the performance ceiling for any PaDiM-based continual learning method. Any gap
between it and PaDiM-CL UniModal quantifies the cost of enforcing a fixed memory budget through Gaussian fusion.
We propose lite variants of both continual learning formulations introduced above. PaDiM-CL-Lite UniModal main-
tains a single mean vector j;; and variance vector o2, per patch position, updated incrementally across tasks using
the same weighted fusion rule as PaDiM-CL UniModial, but operating on diagonal statistics only. PaDiM-CL-Lite
MultiModal retains a separate mean and variance vector per task and position, selecting the best-matching task at
inference by minimising the diagonal Mahalanobis score across all stored distributions.

The memory implications of the diagonal approximation are particularly significant in the multimodal setting. PaDiM-
CL MultiModal must store, for each patch position, 7" full covariance matrices of size d x d, giving a total of O(7T x d?)
parameters per position. PaDiM-CL-Lite MultiModal reduces this to O(T x d), since only the variance vector needs to
be retained per task. Because d is typically in the hundreds, the quadratic dependence on d in the full-covariance case
makes PaDiM-CL MultiModal substantially more expensive than its lite counterpart — to the point where, for large
enough d, PaDiM-CL UniModal (which stores a single d x d matrix) can exceed the memory cost of PaDiM-CL-Lite
MultiModal (which stores 7" vectors of length d).

This inversion of the usual memory ordering between unimodal and multimodal variants means that the optimal choice
is not obvious a priori and depends on the specific values of 7" and d in a given deployment. We therefore include an
empirical analysis to characterise the performance—memory trade-off across all four variants.
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Figure 3: Performance and memory usage across different backbones and anomaly detection algorithms. The nu-
meric values indicate the maximum performance scores achieved across the considered strategies, while the color
scale represents memory consumption (MB) on a logarithmic scale. Darker blue tones correspond to higher mem-
ory requirements, predominantly seen in WResNet50, while lighter shades highlight the efficiency of edge-optimized
models like MCUNet. FT indicates the Fine-Tuning strategy, JT the joint training. For PatchCore, ’cl 10k” indicates
the PatchcoreCL method with a memory bank of 10k samples, and “clpp 10k indicates the Patchcore++ variant with
a memory bank of 10k. For PaDiM and PaDiM-Lite the ~’cl multi” and “’cl uni” indicates the multimodal and unimodal
variants. For the rest of the methods the ”cl 40” indicate replay with a memory buffer of 40 samples.

4 Experimental Settings

4.1 Evaluation Metrics

Visual Anomaly Detection Metrics We evaluate anomaly detection performance at both the image and pixel levels
using the F1 score, a robust metric in the anomaly detection setting for highly imbalanced datasets.
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Continual Learning Metrics All VAD metrics are evaluated within a class-incremental continual learning setting.
After training on the full sequence of tasks, we report the average final performance across all tasks.

Efficiency Metrics To assess suitability for edge deployment, we report two efficiency indicators. The memory foot-
print is defined as the total storage required by model parameters and by any task-retention mechanism, including
replay buffers, memory banks, or distribution statistics when applicable. The inference cost is measured in GFLOPs
per image and computed as the number of floating-point operations required for a forward pass.

4.2 Datasets

MVTec AD. MVTec AD is the de facto standard benchmark for industrial anomaly detection [6]. It comprises 5,354
high-resolution color images across 15 categories, including 10 object classes (e.g., bottle, cable, capsule, metal nut)
and 5 texture classes (e.g., carpet, grid, leather). Each category provides a set of defect-free training images and a test
set containing both normal and anomalous samples. The anomalies span more than 70 defect types, such as scratches,
dents, and contaminations. The dataset reflects realistic industrial conditions, where training data consists almost
exclusively of normal samples.

VisA. VisA was introduced as a larger and more challenging complement to MVTec AD [7]. It contains 10,821 high-
resolution images across 12 object categories grouped into three domains. The first group consists of printed circuit
boards (PCBs) with complex structural patterns; the second includes objects with significant variation in position and
orientation (e.g., capsules, candles, macaroni); and the third comprises relatively aligned objects with more consistent
appearance (e.g., cashew, chewing gum, fryum).

4.3 Experimental Protocol

We adopt a class-incremental continual learning setting in which each task corresponds to a single object category.
Models are trained sequentially over all categories and evaluated after each task on all categories observed so far.
Unless otherwise specified, we report the final performance averaged across all tasks after completion of the sequence.

We consider replay buffer sizes of 40 and 100 images, reflecting realistic memory budgets in edge continual learning
scenarios. For memory-bank methods such as PatchCore, we evaluate bank sizes of 10,000 and 30,000 entries.

All images are resized to 224 x 224 and normalized according to the backbone requirements. We evaluate multiple
lightweight backbones, including MobileNetV2, MCUNet, and PhiNet, as well as WideResNet50 as a high-capacity
reference. For transformer-based models, Tiny-Dinomaly employs DeiT-Tiny.

We compare all methods under three training strategies: (i) Fine-Tuning (FT), where the model is trained only on the
current task; (ii) Replay, where a subset of past samples is retained; and (iii) Joint Training (JT), where all data are
available simultaneously and which serves as an upper performance bound.

Inference cost (GFLOPs) is computed on a single forward pass, while memory footprint accounts for both model
parameters and any additional structures required for continual learning. All experiments are conducted using the
same input resolution and evaluation pipeline to ensure fair comparison across methods.

5 Results

Table 1: Comparison between the original PadimCL [1] and our version. Given the significant improvement in the
results of our version we refer to our version as PadimCL in the rest of the paper.

Model Image ROC ImageF1 Pixel ROC Pixel F1
PaDiM CL (original) 0.56 0.80 0.73 0.17
PaDiM CL (ours) 0.9015 0.9297 0.9710 0.5221

5.1 Benchmark

Figure 4 and Figure 6 illustrate the evolution of Pixel F1 across sequential tasks for all considered methods using
MobileNet as backbone on MVTec AD and VisA, respectively. A clear distinction emerges between methods that
successfully retain knowledge across tasks, such as Dinomaly and PaSTe, and those that suffer from severe forgetting
under fine-tuning. Table 2 reports the full benchmark results across all model-backbone combinations, evaluated un-
der the continual learning (CL) setting with replay buffer sizes of 40 and 100 samples, on the MVTec AD dataset.
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Figure 4: Comparison of the considered methods across tasks in the CL setting using Mobilenet as backbone and
MVTec as dataset. For the Dinomaly model, the considered backbone is DeiT Tiny. In the PatchCore subplot, “CL”
denotes PatchCoreCL and “CLPP” denotes PatchCoreCL++, each followed by the memory bank size.

Results are expressed as Image F1 / Pixel F1 / memory footprint in Megabytes (MB), and GFLOPs for inference cost.
The benchmark reveals a clear tension between pixel-level localization quality, memory footprint, and inference cost
(see Figure 2), a tension that becomes especially acute in the edge continual learning setting, where all three dimen-
sions are simultaneously constrained. Table 2 reports results across all model-backbone combinations; here we focus
on the Pixel F1 score as the primary performance indicator, complemented by memory footprint (MB) and inference
cost (GFLOPs).

When examining the full benchmark, the first important result is that replacing standard backbones such as WideRes-
Net50 with lightweight alternatives like MobileNet or MCUNet already yields substantial reductions in memory foot-
print and inference cost, often exceeding 85%, with only marginal drops in detection performance. This alone repre-
sents a significant step toward edge deployability for most VAD methods. Nevertheless, targeted architectural design
choices can push efficiency further while preserving performance.

PaSTe emerges as the strongest end-to-end model when pixel-level performance is considered alongside efficiency.
With MobileNet, it achieves a Pixel F1 of 0.45 at only 0.68 GFLOPs and 16.94 MB, making it the most favorable
trade-off among all methods evaluated. STFPM follows a similar pattern, though it achieves slightly weaker
pixel-level localization across all backbone configurations with higher inference and memory.

Tiny-Dinomaly, as reported in Table 3 is the standout result of the benchmark at the pixel level. With DeiT Tiny it
achieves a Pixel F1 of 0.45, matching PaSTe’s best score, at only 3.39 GFLOPs and 50.87 MB. More strikingly, this
surpasses its larger counterpart Dinomaly with ViT Base, which scores 0.40 despite consuming 68.56 GFLOPs and
575.66 MB, which translates into a 20x reduction in inference and x13 in memory.

Among memory-bank and distribution-based methods, PatchCoreCL++ achieves the highest image-level F1 in the
benchmark, 0.96 across all backbones with a 30K bank, but its pixel-level performance is more modest, peaking
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Table 2: Benchmark results on MVTec AD across all model-backbone combinations in the continual learning setting.

Results are reported as: Image F1 / Pixel F1 / GFLOPs / Memory (MB).

AD Model  Strategy MCUNet MobileNet PhiNet

CFA cl 100 0.87/0.26/3.03/17.01 0.85/0.22/5.73/20.46 0.85/0.26/4.60/17.58
cl 40 0.86/0.26/3.03/8.39 0.85/0.21/5.73/11.84 0.85/0.26/4.60/8.97

PaDiM cl multi 0.93/0.44/2.24/447.82 0.94/0.50/11.96/1469.91 0.91/0.40/6.52/959.62
cl uni 0.88/0.30/0.36/29.86 0.89/0.34/1.22/98.00 0.86/0.29/0.81/63.98

PaDiM Lit cl multi 0.91/0.37/0.34/25.59 0.90/0.41/0.57/46.67 0.88/0.31/0.52/37.63
a € cluni 0.85/0.15/0.23/1.71 0.84/0.13/0.46/3.11 0.84/0.15/0.41/2.51
cl 10k 0.95/0.33/10.52/6.06 0.93/0.34/17.77/12.11 0.94/0.35/14.72/8.14

PatchCore cl 30k 0.96/0.36/27.84/16.45 0.95/0.38/49.16/31.04  0.96/0.40/40.08 / 23.41
clpp 10k 0.95/0.33/1.14/6.06 0.95/0.36/2.06/12.11 0.96/0.38/1.77/8.14

clpp30k  0.96/0.36/2.29/16.45 0.96/0.39/4.15/31.04 0.96/0.41/3.46/23.41

STEPM cl 100 0.90/0.37/0.45/16.19 0.91/0.42/0.90/19.82 0.87/0.33/0.81/15.43
cl40 0.89/0.34/0.45/17.58 0.90/0.40/0.90/11.21 0.87/0.31/0.81/6.82

SimpleNet cl 100 0.84/0.14/0.53/15.36 0.87/0.27/1.20/17.41 0.84/0.13/0.93/15.14
p cl 40 0.84/0.15/0.53/6.74 0.87/0.28/1.20/8.80 0.84/0.13/0.93/6.52
aSTe cl 100 0.91/0.42/0.32/15.22 0.92/0.45/0.68 /16.94 0.86/0.27/0.56 / 14.80
p c140 0.90/0.41/0.32/6.60 0.92/0.45/0.68 /8.32 0.86/0.26/0.56/6.18

Table 3: Benchmark results on MVTec AD for the Dinomaly model in the continual learning setting. Results are
reported as: Image F1 / Pixel F1/GFLOPs / Memory (MB).

AD Model Strategy DeiT Tiny ViT Base
cl 100 0.88/0.45/3.39/50.87 0.89/0.40/68.56/575.66
Dinomaly  cl140 0.88/0.44/3.39/42.25 0.90/0.42/68.56/567.04

at 0.41 with PhiNet. The main advantage of PatchCoreCL++ compared to the original PatchCore is the inference
efficiency, by replacing the exhaustive multi-bank scoring of PatchCoreCL with prototype-based task identification, it
reduces inference from 49.16 to 4.15 GFLOPs with MobileNet, a 12x speedup, making the method more practical for
edge deployment.

PaDiM Lite MultiModal offers the most principled trade-off within the PaDiM family. With MobileNet it achieves
a Pixel F1 of 0.41 at 0.57 GFLOPs and 46.67 MB, exceeding PaDiM UniModal (0.34, 1.22 GFLOPs, 98.00 MB) at
roughly half the memory and inference cost. The full PaDiM UniModal with MobileNet is the most memory-intensive
method at 98.00 MB, making it unsuitable for tight edge budgets despite only moderate pixel-level performance.
CFA and SimpleNet trail the field on pixel-level localization, with CFA peaking at 0.22 and SimpleNet at 0.27.
While both are computationally affordable, their Pixel F1 scores approach the lower bound established by fine-tuning
baselines, suggesting they lack the spatial modeling capacity required for reliable anomaly localization in the
continual learning setting.

Across all methods, continual learning with a replay buffer of size 100 consistently outperforms size 40, con-
firming that memory capacity has a measurable impact on performance retention. However, gains from increasing
the buffer beyond 100 samples are generally marginal, suggesting that models saturate their effective generalization
capacity at relatively modest buffer sizes. This has a practical implication: for edge deployments where storage is
severely constrained, a buffer of 40 samples already captures most of the available CL benefit.

Among all configurations evaluated, Tiny-Dinomaly and PaSTe emerge as the best-performing methods for pixel-level
localization under edge constraints, combining competitive Pixel F1 scores with low inference costs and memory
footprints suitable for resource-constrained devices. PatchCoreCL++ and PaDiM Lite MultiModal represent strong
alternatives: while their pixel-level scores are slightly lower, both operate within acceptable computational and
memory budgets, making them viable when image-level detection accuracy or distributional modeling are prioritized
alongside localization.

Considering all three dimensions jointly, no single method dominates across the board, and the optimal choice
depends on the specific deployment constraints. PaSTe offers the most balanced configuration overall, combining
competitive Pixel F1 with the lowest inference cost in the benchmark and a memory footprint below 16 MB. When
slightly higher memory is acceptable, Tiny-Dinomaly provides the best pixel-level localization at a still-affordable
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Table 4: Benchmark results on ViSA across all model-backbone combinations in the continual learning setting. Re-
sults are reported as: Image F1 / Pixel F1/GFLOPs / Memory (MB).

AD Model Strategy MCUNet MobileNet PhiNet
CEA cl 100 0.76/0.16/3.03/17.01 0.75/0.20/5.73 / 20.46 0.73/0.13/4.60/17.58
cl 40 0.76/0.12/3.03/ 8.39 0.75/0.17/5.73/11.84 0.72/0.10/4.60/ 8.97
PaDIiM clmulti  0.83/0.24/2.24/447.82 0.84/0.29/11.96/1469.91 0.82/0.24/6.52/959.62
cl uni 0.77/0.17/0.36/29.86  0.77/0.22/ 122/ 98.00 0.76/0.13/0.81/ 63.98
PaDiM Lite cl multi 0.79/0.18/0.34 /25.59 0.79/0.21/0.57 / 46.67 0.77/0.14/0.52/37.63
cl uni 0.74/0.07/0.23/ 1.71 0.73/0.04/0.46/ 3.11 0.74/0.04/0.41/ 2.51
PatchCore clpp10k  0.85/0.05/1.14/ 6.06 0.86/0.06/2.06/12.11 0.86/0.06/1.77/ 8.14
clpp30k  0.88/0.07/2.29/16.45 0.88/0.07/4.15/31.04 0.89/0.07/3.46/23.41
STFPM cl 100 0.76/0.17/0.45/16.19 0.79/0.20/0.90/19.82 0.74/0.12/0.81/15.43
cl 40 0.77/0.18/0.45/ 7.58 0.80/0.24/090/11.21 0.73/0.02/0.81/ 6.82
SimpleNet cl 100 0.73/0.07/0.53/15.36 0.74/0.14/1.20/17.41 0.72/0.06/0.93/15.14
P cl 40 0.73/0.05/0.53/ 6.74 0.73/0.14/1.20/ 8.80 0.73/0.06/0.93/ 6.52
aSTe c1 100 0.77/0.24/0.32/15.22 0.78/0.28 /0.68 / 16.94 0.73/0.02/0.56 / 14.80
P cl40 0.78/0.20/0.32/ 6.60 0.79/0.25/0.68/ 8.32 0.73/0.04/0.56/ 6.18
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Figure 5: Evaluation of VAD models across different backbones on the MVTec Dataset. The charts compare F1 Pixel
Level, F1 Image Level, computational complexity (GFLOPS), and Memory (MB). The results highlight the trade-offs
between detection accuracy and hardware efficiency, with MCUNet (blue), MobileNet (orange), and PhiNet (green)
evaluated across various state-of-the-art methods.
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Table 5: Benchmark results on VisA for the Dinomaly model in the continual learning setting. Results are reported as:
Image F1/ Pixel F1/GFLOPs / Memory (MB).

AD Model Strategy DeiT Tiny ViT Base
Dinomal cl 100 0.78/0.33/3.39/50.87 0.81/0.32/68.56/575.66
Y cl40 0.77/0.33/3.39/42.25 0.86/0.38/68.56/567.04

computational cost, making it the recommended choice when anomaly localization is the primary objective. For
scenarios where image-level detection is paramount, PatchCoreCL++ delivers the highest image-level F1 at a fraction
of the inference required by standard PatchCoreCL. PaDiM Lite MultiModal occupies a principled middle ground,
trading a moderate memory overhead for localization quality that surpasses most other distribution-based alternatives
within the family.
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Figure 6: Comparison of the considered methods across tasks in the CL setting using Mobilenet as backbone and VisA
as dataset. For the Dinomaly model, the considered backbone is DeiT Tiny. In the PatchCore subplot, “CL” denotes
PatchCoreCL and “CLPP” denotes PatchCoreCL++, each followed by the memory bank size.

5.2 Backbone Effect

Backbone selection has a consistent impact on the efficiency—performance trade-off, with effects that generalize across
most VAD methods evaluated in this benchmark (Fig. 3). MobileNet systematically yields the highest Pixel F1 scores
within each model family, for instance, enabling PaSTe to reach 0.45, STFPM to 0.42, and PaDiM-Lite to 0.41, but
does so at the cost of the highest memory consumption among the three lightweight backbones, as clearly visible in the
Memory panel of Figure 3. This makes it the recommended choice when localization quality is the primary objective
and memory constraints allow for allocations in the 17-50 MB range, depending on the method.

MCUNet offers the best inference-cost-to-performance ratio across most methods. It consistently delivers Pixel F1
scores within 35 percentage points of MobileNet while reducing GFLOPs substantially, for example, bringing PaSTe
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inference from 0.68 to 0.32 GFLOPs and PatchCoreCL++ from 4.15 to 2.29 GFLOPs, with memory footprints remain-
ing comparable or slightly lower. This makes MCUNet the preferred backbone when latency is the binding constraint,
as it provides a near-Pareto-optimal operating point for most methods in the benchmark.

PhiNet occupies an intermediate position: it achieves inference costs comparable to or lower than MobileNet, for
instance, 0.81 GFLOPs vs. 0.90 for STFPM and 0.56 vs. 0.68 GFLOPs for PaSTe, while maintaining memory foot-
prints between those of MCUNet and MobileNet. However, it consistently lags behind both alternatives in detection
performance, with Pixel F1 scores typically 5—15 percentage points lower than MobileNet across all methods (e.g.,
0.27 vs. 0.45 for PaSTe, 0.33 vs. 0.42 for STFPM).

In conclusion, MobileNet delivers the highest localization accuracy, MCUNet maximizes efficiency with near-
comparable performance, and PhiNet strikes a balance between the two. For edge deployment, MCUNet is the most
practical choice in severely resource-constrained environments, while MobileNet remains best suited for accuracy-
critical applications where the additional memory overhead can be accommodated.

5.3 Replay Memory Size Effect

It should also be noted that replay buffer size acts as a meaningful hyperparameter, comparable in impact to back-
bone selection. A buffer of 40 samples ("5 MB) already captures most of the available continual learning benefit,
demonstrating that even minimal replay budgets are sufficient to effectively mitigate catastrophic forgetting in VAD
settings. This is a practically significant result: it implies that edge-deployable continual learning does not require
large memory buffers, and that most VAD methods evaluated in this benchmark can be updated incrementally with a
small additional storage overhead. Scaling to 100 samples ("15 MB) yields consistent but moderate gains. Beyond
this threshold, returns diminish rapidly: a buffer of 300 samples ("45 MB) offers negligible improvement over 100,
suggesting that models saturate their effective generalization capacity at relatively modest buffer sizes.

This finding carries direct practical implications for joint backbone selection and memory budget planning. The in-
terplay between method, backbone, and replay buffer suggests a substitution effect worth exploiting in practice. For
methods where the backbone dominates the memory budget, such as PaDiM with MobileNet, switching to a lighter
backbone like MCUNet (29.86 MB vs. 98 MB) frees sufficient headroom to accommodate a larger replay buffer with-
out exceeding the same total budget, potentially recovering part of the continual learning performance lost due to
weaker features.

Conversely, for already lightweight methods such as PaSTe, the freed memory from adopting MCUNet over Mo-
bileNet (15.22 MB vs. 16.94 MB) is marginal, and the budget is better spent on a larger replay buffer rather than on
further backbone compression. In particular, for lightweight end-to-end methods such as STFPM and PaSTe, where
all backbone variants remain below 20 MB, the replay buffer becomes the dominant marginal cost to optimize.

5.4 Tiny-Dinomaly

At the image level, Tiny-Dinomaly achieves competitive performance, with an Image F1 of 0.927 and an Image ROC-
AUC of 0.899 using a replay memory size of 100, achieving a gap of less than 1.5 percentage points behind Dinomaly.
More striking, however, is Tiny-Dinomaly’s advantage at the pixel level, where it reaches a Pixel F1 of 0.45 compared
to 0.40 for its larger counterpart. This gap is all the more remarkable given how much Visual Anomaly Detection
models typically struggle to gain even a fraction of a percentage point on this metric. As discussed above, this
improvement stems from the stronger implicit regularization of the DeiT architecture, which constrains overfitting to
the training distribution and yields better-calibrated anomaly maps. This effect is especially pronounced for pixel-level
localization, where the quality of the spatial score distribution matters more than raw representational power.

A similar trend is observed on VisA (see Figure 6), where Tiny-Dinomaly consistently maintains stable performance
across tasks, confirming the generalizability of the proposed approach across datasets.

From a computational standpoint, DeiT offers a substantially more efficient alternative: it requires approximately 20x
fewer GFLOPs in inference (3.39 vs. 68.56 GFLOPs), and its parameter footprint is reduced by a factor of 13x (36.52
MB vs. 561.33 MB). In resource-constrained deployment scenarios, such as edge computing or real-time industrial
inspection, these efficiency gains represent a critical practical advantage, particularly when considered alongside Tiny-
Dinomaly’s superior anomaly localization performance.

5.5 PadimCL and PadimCL-Lite

We begin with a comparison between the original PaDiM-CL formulation proposed in [1] and our corrected version,
with results reported in Table 1. As described in Section 3, the original PaDiM-CL implementation assigns uniform
weights across tasks when computing the incremental mean and covariance, regardless of how many samples each
task contributes. This introduces a systematic bias whenever tasks differ in dataset size. The impact is clearly reflected
in the results: the original PaDiM-CL achieves an Image ROC-AUC of 0.83 and a Pixel F1 of 0.17, whereas our
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corrected formulation, PaDiM-CL UniModal, reaches 0.93 and 0.52, respectively, a substantial improvement across
all metrics. Given the clear superiority of our corrected version, all references to PaDiM-CL throughout this paper
refer to it, as it provides a statistically sound and fairer baseline against which to evaluate the proposed variants,
PaDiM-CL-Lite and PaDiM-CL-Lite MultiModal.

While PaDiM-CL UniModal represents a meaningful step forward, a substantial performance gap persists relative to
the multimodal formulation across all backbone configurations and both datasets. Taking MobileNet on MVTec as a
representative case, PaDiM-CL UniModal achieves an Img F1 of 0.887 and a Pxl F1 of 0.339, whereas PaDiM-CL
MultiModal reaches 0.940 and 0.499 respectively, gains of 5.3 and 16.0 percentage points. This disparity reveals a
fundamental limitation of the unimodal approach: collapsing task-specific Gaussian distributions into a single merged
distribution introduces a non-negligible approximation error, one that is especially pronounced at the pixel level where
fine-grained spatial modeling is most critical.

Yet this performance advantage comes at a steep cost. PaDiM-CL MultiModal maintains one full covariance matrix
per task, causing memory to grow unboundedly with the number of tasks. With MobileNet, this amounts to 1,469.91
MB and 11.96 GFLOPs per sample, roughly 15x the 98.0 MB and 1.22 GFLOPs required by the unimodal variant.
Even with a compact backbone, this makes the full multimodal formulation infeasible for edge deployment, effectively
restricting it to server-side settings. PaDiM-CL UniModal thus remains the only practically deployable option within
the full-covariance family.

This tension between accuracy and resource consumption motivates the introduction of the lite variants, which
replace full covariance matrices with diagonal approximations. PaDiM-CL-Lite UniModal reduces memory to just
3.11 MB and inference cost to 0.46 GFLOPs with MobileNet, but suffers a severe accuracy penalty: Img F1 drops
to 0.840 and PxI F1 to 0.130 on MVTec, approaching the fine-tuning lower bound and rendering the model largely
ineffective for pixel-level localisation.

PaDiM-CL-Lite MultiModal strikes a more principled balance between the two failure modes described above.
While storing a separate full covariance matrix per task becomes prohibitively expensive (PaDiM-CL MultiModal),
retaining only the per-dimension variance per task is substantially lighter (PaDiM-CL-Lite MultiModal). This is
because PaDiM-CL MultiModal memory grows quadratically with the number of features, whereas PaDiM-CL-Lite
MultiModal grows only linearly. On MVTec with MobileNet, this yields an Img F1 of 0.900 and a PxI F1 of 0.408,
substantially above both PaDiM-CL UniModal and PaDiM-CL-Lite UniModal, at a memory footprint of only 46.67
MB and an inference cost of 0.57 GFLOPs, compared to 98.0 MB and 1.22 GFLOPs for PaDiM-CL UniModal.
Taken together, these results establish PaDiM-CL-Lite MultiModal as the most compelling trade-off in the PaDiM-CL
family for edge-constrained continual learning. It sidesteps the memory explosion of the full multimodal formulation
and operates comfortably within the resource budgets typical of edge deployment.

5.6 PatchCoreCL and PatchCoreCL++

Compared to WideResNet50 with a memory bank of 30,000, PatchCore with MobileNet achieves a slight performance
drop, Img F1 decreasing from 0.977 to 0.949 and Pxl F1 from 0.466 to 0.376, but with a significant reduction in model
memory from 299.92 MB to 31.04 MB (approximately 90%) and in inference cost from 357.77 GFLOPs to 49.16
GFLOPs (approximately 86%).

In addition, examining the impact of memory bank size, reducing the bank from 30,000 to 10,000 entries results in a
moderate drop in Img F1 from 0.949 to 0.932 and in Pxl F1 from 0.376 to 0.335. This confirms that larger memory
banks provide consistent, albeit moderate, gains across all metrics, at the cost of increased storage requirements.
When comparing the original PatchCoreCL and the proposed PatchCoreCL++, two observations stand out. First,
PatchCoreCL++ yields a slight improvement in detection performance, with Img F1 increasing from 0.932 to 0.947
(+1.5 percentage points) and Pxl F1 from 0.335 to 0.358 (+2.3 percentage points) at memory bank size 10,000. This
improvement stems from the truncation heuristic used to prune the least representative samples from each memory
bank: rather than rerunning the full k-center algorithm, simply discarding the tail of the coreset list not only reduces
the memory bank update cost to O(1) but also proves more effective than more elaborate recompression strategies,
suggesting that the ordering induced by k-center is a reliable proxy for representativeness.

Second, this performance gain is accompanied by a substantial reduction in inference cost, thanks to the prototype-
based memory bank selection, which routes each test image to a single memory bank rather than scoring it against
all of them. Specifically, inference cost drops from 49.16 GFLOPs for PatchCoreCL to 4.15 GFLOPs for Patch-
CoreCL++, corresponding to a 12x reduction — making the proposed variant significantly more suitable for deploy-
ment on resource-constrained edge devices.
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6 Conclusion

The first comprehensive benchmark for Visual Anomaly Detection under the combined constraints of edge deployment
and continual learning was presented in this work. We characterized the trade-offs between detection performance,
memory footprint, and inference cost in a setting that closely resembles real-world industrial requirements by testing
seven VAD models across six backbone architectures on both MVTec AD and VisA.

Several important conclusions are revealed by our benchmark. First, substituting lightweight backbones for conven-
tional backbones already results in significant efficiency gains, often surpassing 85% in memory and computation,
with only slight decreases in detection performance, proving that this is a feasible and efficient first step toward edge
deployability.

Second, replay buffer size and backbone selection are both significant variables. The majority of the continual learn-
ing performance is already captured by a buffer of 40 samples ( 5 MB), with only modest gains from scaling to 100
samples and quickly diminishing returns beyond that threshold. Third, no single method dominates across all three
dimensions simultaneously, and the optimal configuration is inherently deployment-specific.

Beyond the benchmark, we introduced three novel contributions. Tiny-Dinomaly, a lightweight adaptation of Dino-
maly built on DeiT-Tiny, achieves a 13x reduction in memory footprint and a 20x reduction in inference cost compared
to its larger counterpart, while simultaneously improving Pixel F1 by over 5 percentage points, a result that demon-
strates how structural regularization from a compact encoder can outperform explicit architectural constraints designed
for larger models.

PatchCoreCL++ addresses two practical limitations of the original PatchCoreCL: the cost of memory bank recom-
pression and the linear growth of inference time with the number of tasks. By replacing k-center recompression with
prefix-based truncation and exhaustive multi-bank scoring with prototype-based task identification, PatchCoreCL++
reduces inference cost by 12, making it substantially more practical for edge scenarios with growing task sequences.
Moreover, we identified and corrected a systematic bias in the original PaDiM-CL formulation, where uniform task
weighting during incremental Gaussian fusion introduced significant estimation errors when tasks differ in dataset
size. Our variant, PaADiM-CL UniModal, improves Pixel F1, reestablishing PaADiM-CL as a viable baseline for contin-
ual VAD. Building on this, we introduced PaDiM-CL-Lite MultiModal, which replaces full covariance matrices with
diagonal approximations while retaining a separate distribution per task. This design eliminates the memory explosion
inherent in the full multimodal formulation, reducing peak memory from 98 MB to just 46.67 MB with MobileNet, a
2x reduction, while achieving a Pixel F1 of 0.41, substantially outperforming PaDiM-CL UniModal (0.34). It emerges
as the most favorable memory—accuracy trade-off in the PaDiM family for edge-constrained continual learning.
Taken together, these results suggest that efficient, adaptive VAD on tiny devices is feasible without sacrificing lo-
calization quality. Future work will investigate compression strategies for the replay memory to reduce the storage.
Additionally, we will explore CL techniques specifically designed to operate within the strict memory and computa-
tional budgets imposed by edge hardware, moving toward light adaptation mechanisms.
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