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ABSTRACT Unsupervised Anomaly detection is important in industrial inspection and automation, where
defects are rare, stochastic, and costly to annotate, while nominal data are abundant. Diffusion models
have shown strong potential for unsupervised anomaly detection, where only normal data are available for
training. However, standard class-conditional diffusion models rely on a single embedding per class, which
insufficiently captures the multi-modal nature of normal distributions in unified multi-class settings. This
coarse conditioning can yield over-generalised reconstructions that obscure anomalies or fail to preserve
fine-grained normal structures. We propose ProtoDiffAD, a prototype-guided diffusion framework that
represents each class using a dictionary of normal prototypes learned via a pretrained variational autoencoder.
We further introduce Multi-Prototype Guidance (MPG), which dynamically aggregates relevant prototypes
through attention during denoising. This mechanism enforces reconstruction fidelity to the normal manifold,
enhancing anomaly localisation. Experiments on standard benchmarks (MVTec-AD and VisA) demonstrate
consistent improvements over existing unified methods. The source code will be publicly available.

INDEX TERMS Prototype-guided, diffusion model, unsupervised anomaly detection (UAD).

I. INTRODUCTION
Unsupervised Anomaly Detection (UAD) is a fundamental
computer vision task and has great potential for many
industrial areas such as autonomous maintenance [1],
robotics [2] and quality management [3], [4]. It aims to
identify samples that deviate from a normal distribution when
only normal data are available for training. This paradigm is
particularly important in industrial inspection, where defects
are rare, stochastic, and costly to annotate, while nominal
data are abundant. Traditional methods typically follow a
‘‘one-class-one-model’’ paradigm, training a separate model
for each category. Recent research has shifted towards
unified multi-class anomaly detection, where a single model
detects anomalies across multiple categories simultaneously.

The associate editor coordinating the review of this manuscript and

approving it for publication was Thomas Canhao Xu .

Although this unified framework improves scalability and
deployment flexibility, it introduces the challenge of mod-
elling substantial inter-class variability while preserving
sensitivity to subtle intra-class deviations.

Reconstruction-based generative models, such as Autoen-
coders (AEs) and Generative Adversarial Networks (GANs),
have historically served as the backbone for UAD. These
methods operate on the premise that a model trained
exclusively on normal data will incur high reconstruction
errors when processing anomalous input. However, these
architectures often suffer from the ‘‘identity shortcut’’ [5]
phenomenon, where the model generalises sufficiently to
reconstruct anomalies alongside normal patterns, thereby
diminishing detection performance.

Recently, diffusion probabilistic models have emerged
as a potent alternative, exhibiting superior mode coverage
and training stability compared to GANs. In the context
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of unified multi-class UAD [3], [5], [6], these models
typically rely on class-conditional generation, where a scalar
class embedding [5] or context embedding [6] extracted
from class labels guides the denoising trajectory. However,
conditioning on a coarse class embedding is often suboptimal
for anomaly detection. A single static embedding compresses
the inherently multi-modal distribution of a category, which
encompasses variations in pose, texture, and subtypes, into
a single point in the latent space. This representation may
be insufficient when the nominal distribution is multi-modal,
encompassing substantial variations in viewpoint, pose,
texture, geometry, illumination, or product subtype.

Consequently, the diffusion process may lack suf-
ficiently fine-grained guidance to faithfully reconstruct
instance-specific normal details. The model may produce
an over-generalised reconstruction that either preserves an
anomalous structure as a plausible within-class variation or
modifies normal details that are not adequately represented
by the category-level condition. This limitation can result
in generic reconstructions that either hallucinate anomalous
content as plausible class variations or fail to preserve the
structural consistency of the input.

To challenge this issue, we propose the Prototype-guided
Diffusion Model for Anomaly Detection (ProtoDiffAD).
We reformulate the diffusion process using explicit, fine-
grained normality guidance. Departing from the reliance
on broad class labels, ProtoDiffAD anchors the generative
process to a prototype dictionary constructed from the latent
features using prepared normal datasets and a pre-trained
Variational Autoencoder (VAE). This dictionary explicitly
encapsulates the diverse ‘normal modes’ inherent within each
category.

ProtoDiffAD is trained with the proposed Multi-Prototype
Guidance (MPG). During the reverse diffusion process, rather
than conditioning on a static label, the model attends to a
dynamic mixture of prototypes that are contextually relevant
to the current inputs. This mechanism effectively constrains
the denoising trajectory, forcing the reconstructed image to
reside near a learned normal prototype. Since anomalous
regions fall outside this manifold, reproducing them becomes
challenging for the model, resulting in pronounced discrep-
ancies in the residual map, which facilitate precise anomaly
localisation.

To show the effectiveness of the proposed method, we have
evaluated ProtoDiffAD using MVTec-AD [7] and VisA [8]
datasets, which are widely recognised industrial benchmarks.
ProtoDiffAD produces an image-level AUROC of 99.5 and
a pixel-level AUROC of 98.6 on the MVTec-AD dataset.
It achieves an image-level AUROC of 97.1 and a pixel-level
AUPRO of 93.8 on the VisA dataset. On the image-
level AUROC, ProtoDiffAD achieves state-of-the-art (SOTA)
performance, and on other pixel-level evaluations, it shows
competitive performance and partially outperforms existing
SOTA methods. Our ablation studies demonstrate that
prototype-based guidance yields substantial improvements in
both detection accuracy and localisation precision.

The main contributions of our paper are summarised as
follows:
• Prototype-Guided Diffusion Framework: We present
ProtoDiffAD, a unified multi-class unsupervised
anomaly detection (UAD) architecture. The proposed
framework replaces coarse class embeddings with a
dictionary of fine-grained latent prototypes, thereby
explicitlymodelling themulti-modal nature of normality
across diverse categories.

• Multi-Prototype Guidance (MPG): We introduce a
reformulated guidance mechanism that dynamically
aggregates relevant prototypes through an attention-
based strategy. This design enables targeted correc-
tions during the diffusion process, facilitating robust
reconstruction of normal regions while suppressing
anomalous features.

• Superior Performance: Extensive experiments on the
MVTec-AD and VisA benchmarks demonstrate that
ProtoDiffAD outperforms existing unified methods,
achieving significant improvements in both image-level
detection and pixel-level localisation.

II. RELATED WORK
Unsupervised anomaly detection (UAD) identifies observa-
tions that deviate from a nominal distribution using only
normal training samples. Existing methods broadly comprise
reconstruction-, embedding-, and anomaly-synthesis-based
approaches. Reconstruction methods employ autoencoders,
variational autoencoders, or generative adversarial net-
works and use reconstruction discrepancies as anomaly
evidence [9], [10], [11], [12], [13], [14], [15]. Although
their residual maps are interpretable, expressive models
may reconstruct anomalous structures through the ‘‘identity
shortcut’’ [5], while pixel residuals remain sensitive to benign
variations in texture, illumination, and alignment. Embedding
methods such as PaDiM [16] and PatchCore [4] detected
feature-space deviations using distribution modelling or
nearest-neighbour retrieval. Their performance, however,
depended on backbone transferability and may incur substan-
tial memory costs. Anomaly-synthesis methods, including
CutPaste [17] and DRAEM [18], generated pseudo-defects
for discriminative supervision, but their generalisation was
constrained by the correspondence between synthetic and real
anomalies [19], [20].

Conventional UAD commonly follows a ‘‘one-class–one-
model’’ protocol. When the protocol is extended to the
multi-class setting, computational and maintenance costs
increase with the number of categories. Unified multi-class
UAD instead trains a single detector across categories [3],
[5], requiring it to accommodate inter-class variation whilst
preserving sensitivity to subtle intra-class defects. UniAD [5]
introduced neighbour-masked attention and feature jittering
to reduce direct copying, whereas RD4AD [3] employed
reverse distillation from a fixed teacher. Other methods
used multimodal fusion, multi-scale reconstruction, seman-
tic prompts, vision–language priors, memory mechanisms,
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contrastive learning, or residual synthesis [1], [19], [20],
[21], [22], [23], [24], [25], [26], [27]. Nevertheless, recon-
struction constraints may suppress fine nominal details,
teacher–student models inherit teacher biases, and global
prompts or embeddings provide limited information about
instance-specific pose, texture, viewpoint, or subtype.

Diffusion models have recently been adopted for anomaly
reconstruction because their iterative reverse process permits
normality guidance at multiple noise levels. DiAD [28]
introduced diffusion-based unified anomaly detection,
GLAD [29] combined global and local adaptive diffusion,
and DeCo-Diff [6] reformulated denoising as correction
towards normality. Their effectiveness nevertheless depended
strongly on the conditioning representation. A fixed class
or context embedding is shared across all observations
of a category and generally remains unchanged during
denoising. It may therefore identify the category without
specifying the relevant normal configuration, leading to
averaged reconstructions, loss of valid details, or preservation
of anomalies as plausible intra-class variation.

Prototype-based learning offers a structured alternative to
global embeddings. Prototypical Networks [30] represented
each class through an embedding-space prototype, while
SwAV [31] and prototypical contrastive learning [32] used
prototypes to capture cluster-level organisation. However,
a single prototype implicitly assumes a compact or approxi-
mately unimodal distribution and may inadequately represent
variations in geometry, texture, pose, or viewpoint. Static
prototypes also do not specify how anomalous observations
should be restored towards normality. Prototype-like rep-
resentations have also been applied to anomaly detection.
MemAE [33] reconstructed inputs through sparse retrieval
from a learnable memory of nominal patterns, whereas
PatchCore [4] retained representative patch features for
distance-based scoring. MemAE performed retrieval within
a deterministic reconstruction pathway, while PatchCore
does not generate a corrected image. Both additionally face
a trade-off between normal-mode coverage and dictionary
complexity. VPDM [34] more directly connected prototype
learning with diffusion-based UAD. It constructs vague
prototypes that preserve fundamental information whilst
suppressing anomalous details, then applies diffusion to
restore image content. Its objective is primarily to produce
an information-restricted restoration condition; it does not
model each category using multiple latent normal modes
whose contributions are adaptively recomputed throughout
denoising.

The proposed ProtoDiffAD combines unified diffusion
reconstruction with multi-prototype normality modelling.
It constructs a compact class-specific dictionary of normal
latent prototypes and employs Multi-Prototype Guidance
to compute soft relevance weights from the current noisy
latent state. The prototype context is updated during
denoising, allowing different observations within a category
to be guided towards different combinations of normal
modes. ProtoDiffAD therefore differs from single-prototype

metric-learning methods, memory-bank approaches based on
direct retrieval or distance scoring, and diffusion frameworks
using static category-level conditions.

III. ProtoDiffAD
A. PRELIMINARIES
Denoising Diffusion Probabilistic Models (DDPMs) [35] are
based on the idea of progressively perturbing data samples
with noise via a forward process and then reversing it to
generate new samples.

Let X = {x(i)}Ni=1 denote the data samples (i.e., images),
where x(i) ∈ RH×W×C is the i-th image, with H , W , and
C representing its height, width, and number of channels,
respectively. Forward diffusion process consists in gradually
corrupting data samples by adding Gaussian noise for t time-
steps where t ∈ [1,T ]. Following [35], the forward noising
process can be characterised as follows:

q(xt |xt−1) = N (xt ;
√
1− βtxt−1, βtI). (1)

Here, βt is a noise scheduling parameter that controls the
amount of noise added at each step, such that xT ∼ N (0, I)
for a sufficiently large T . The marginal distribution at the
moment t can then be explicitly defined from x0 as:

q(xt |x0) = N (xt ;
√

ᾱtx0, (1− ᾱt )I), (2)

where ᾱt =
∏T

i=1 αi and αt = 1− βt .
In the reverse process, which iteratively removes noise

through a series of denoising steps to generate new samples
from Gaussian noise, the prior probability at each step can be
modeled as a Gaussian distribution:

p(xt−1|xt ) = N (xt−1;µθ (xt , t), βtI), (3)

in which βt is fixed for each t , and the mean functions
µθ (xt , t) parameterized by θ are trainable:

µθ (xt , t) =
1
√

ᾱt

(
xt −

βt
√
1− ᾱt

ϵθ (xt , t)
)
. (4)

This reverse process is trained with the variational lower
bound of the log-likelihood of x0:

lθ , = −logpθ (x0|x1)

+

∑
t

DKL
(
q(xt−1|xt , x0) ∥ pθ (xt−1|xt )

)
. (5)

By applying the reparameterisation trick [9], the model can
be trained using a simplemean-squared error loss between the
ground truth sampled Gaussian noise and the predicted noise:

L = min
θ

(
Ex0∼q(x0),ϵ,t

[
∥ϵ − ϵθ (xt , t)∥22

]
, x

)
(6)

with ϵ ∼ N (0, I). Thus, starting from a noise vector xT ∼
N (0, I), sampling is achieved by iteratively applying the
reverse process to gradually reconstruct a clean sample x0.

In this work, we use Latent Diffusion Model (LDM) [36].
LDM conducts these processes in the latent feature space
so that x in Eq. (1) and Eq. (3) will be replaced to
a latent feature z, and the objective function (Eq. (6))
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is reformulated with respect to z; thereby significantly
reducing model size and computational complexity, which
are critical for deploying diffusion-based systems in small-
scale resource-constrained environments in robotics and
industries.

B. METHODOLOGY OVERVIEW
We propose ProtoDiffAD, a unified framework for unsuper-
vised anomaly detection that leverages the generative capa-
bility of diffusion models guided by fine-grained normality
prototypes. Our core insight is that a single class embedding
extracted from an explicit class label is insufficient to capture
the intra-class variance of complex objects in a multi-class
setting. Instead, we explicitlymodel the normal datamanifold
using a dictionary of latent prototypes.

The training pipeline consists of two distinct phases. In the
first phase, we construct a Prototype Dictionary by mapping
normal training samples into a latent space and identifying
representative centroids via clustering. This dictionary encap-
sulates the multi-modal distribution of normality for each
object category.

In the second phase, we train a conditional diffusion
model to reconstruct normal samples. Unlike standard
class-conditional models [6], [37], ProtoDiffAD employs
a Multi-Prototype Guidance (MPG). During the reverse
diffusion process, the model is conditioned on a dynamic
mixture of prototypes specific to the object class. By guiding
the generation process toward the nearest ‘‘normal’’ modes
defined by the prototypes, we ensure that anomalous regions,
which lack corresponding prototypes, are reconstructed with
high error, thereby facilitating detection.

C. PROTOTYPE-GUIDED DIFFUSION MODEL
1) PROTOTYPE DICTIONARY CONSTRUCTION
Let D = {(xi, yi)}Ni=1 denotes N numbers of multi-class
normal samples, where xi and yi denote the ith sample
and class label, respectively. We extract latent features
Zc = {Eφ(x) | (x, y) ∈ D, y = c} for each class. To encapsu-
late the diverse ‘‘normal modes’’ (e.g., different viewpoints),
we apply K-Means clustering to Zc. The prototypes are
defined as the closest latent features from the centroids of
these clusters, as follows:

P = {µc,k}
Ccls,K
c=1,k=1, (7)

whereCcls defines the total number of classes, andµc,k ∈ RD

indicates the prototypes, which is defined by the latent feature
satisfying the following conditions:

µc,k = argminz∈Zc ||z− oc,k ||
2
2, (8)

where oc,k denotes the centroid of the k-th cluster for
class c. The choice of K represents a trade-off between
mode coverage and dictionary redundancy. While a larger
K provides finer granularity, it increases the risk of cluster
collapse or overfitting to noise. Note that the ablation study
about K is shown in Table 3.

Algorithm 1 ProtoDiffAD: Training Procedure With MPG
1: Input: Normal training dataset D, Pre-trained VAE

Encoder Eφ , Number of prototypes K , Diffusion
timesteps T , Unconditional probability puncond .

2: Output: Trained Denoising Network ϵθ ,Prototype Dic-
tionary P ∈ {Pc}c=1:Ccls , where Pc indicates the set
of prototypes for the c-class, and Class-wise projection
network W c

Qf

3: // Phase 1: Construct Prototype Dictionary
4: Initialize Pc← ∅ for all classes c
5: for c = 1 to Ccls do
6: Collect latents Zc = {Eφ(x) | (x, y) ∈ D, y = c}
7: Compute prototypes {µc,k}

K
k=1← K-Means(Zc,K )

8: Append {µc} to Pc
9: end for
10: // Phase 2: Train Diffusion Model
11: Initialize ϵθ

12: while not converged do
13: Sample batch (x0, y) ∼ D
14: Sample t ∼ Uniform(1,T ) and ϵ ∼ N (0, I)
15: Compute noisy state zt =

√
ᾱtz0+

√
1− ᾱtϵ, where

z0 = Eφ(x)
16: // Context Conditioning
17: Retrieve prototypesPy ⊂ P corresponding to class y
18: Compute context cproto(zt , y) using Eqs. (8) and (9)
19: if t < T/3 then w in Eqs. (8) and (9) is uniform

distribution
20: // CFG Dropout
21: Sample r ∼ Uniform(0, 1)
22: if r < puncond then cproto← ∅
23: // Optimization
24: Loss L = ∥ϵ − ϵθ (zt , t, cproto)∥2

25: Update θ via gradient descent ∇θL
26: end while

2) MULTI-PROTOTYPE GUIDANCE (MPG)
Standard conditioning uses a static label y. However, forcing
a generic class condition on a specific instance may lead to
suboptimal reconstruction. We introduce an attention-based
mechanism that computes a context-dependent mixture of
prototypes.

a: PROTOTYPE CONTEXT AGGREGATION
Given a noisy latent zt at timestep t and class y, we retrieve
the corresponding prototypes Py = {µy,1, · · · , µy,K }.
To determine the relevance of each prototype to the current
noisy state, we project zt into a query vector using a learnable
linear projection W y

Q for the object class y. The relevance
weights wk are computed via softmax-normalised cosine
similarity, defined as follows:

wk =
exp(sim(W y

Qzt , µy,k )/τ )∑K
j=1 exp(sim(W y

Qzt , µy,j)/τ )
, (9)
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where τ is a temperature hyperparameter. The dynamic
context vector cproto is then obtained as the weighted sum:

cproto(zt , y) =
K∑
k=1

wkµy,k . (10)

This attention mechanism ensures that the condition cproto
aligns with the normal mode most similar to the input,
effectively guiding the denoising process towards the nearest
valid normal distribution.

At high diffusion timesteps during the initial reverse
process, the latent representation zt is heavily saturated with
Gaussian noise. In this low signal-to-noise regime, cosine
similarity measurements become geometrically unstructured,
rendering the dynamic context retrieval ineffective. To cir-
cumvent this instability, we assign a uniform probability
distribution to the relevance weights w for the first T/3 steps
of the denoising trajectory. Following this early stabilisation
phase, the model transitions to dynamically computing the
contextual relevance weights via Eq. (9).

b: PROTOTYPE GUIDANCE
We incorporate this dynamic context based on the principle
of Classifier-Free Guidance [38]. During training, cproto is
randomly dropped with a probability of puncond to learn an
unconditional score. During inference, the modified noise
prediction is given by:

ϵ̃θ (zt , cproto)=ϵθ (zt , t,∅)+s · (ϵθ (zt , t, cproto)−ϵθ (zt , t,∅)),

(11)

where s is the guidance scale. By setting s > 1.0, we put more
weight on reconstructing the samples to be more similar to
the normal prototypes retrieved. Since anomalies fall outside
this manifold represented by the prototypes, they incur larger
reconstruction errors, facilitating localisation. Algorithm 1
describes the entire training procedure.

D. ANOMALY DETECTION
To compute the anomaly score α, we combine pixel-level
and latent-level reconstruction discrepancies. Pixel-space
residuals (e.g., ℓ1 or ℓ2 distances between x0 and x̃0) are
widely used because they yield spatially aligned anomaly
maps that are easy to interpret. However, in highly textured
regions, normal variability in fine-scale patterning and
illumination can yield elevated pixel residuals even in
defect-free areas (e.g., repetitive or stochastic textures such
as tile, carpet/grid patterns, wood grain, or woven textiles),
thereby increasing false positives or reducing contrast for
subtle defects. To address issues, latent-space discrepancies
are presented. This approach can emphasise highly semantic
deviations and may capture anomalies that induce weak pixel
differences; however, because the latent representation is
abstracted, very fine-scale defects may be attenuated.

Based on this principle, we employ a combination of the
image-level and latent feature-level discrepancies presented
by Beizaee et al. [6]. In their ablation study, the combination

of two discrepancies achieves better distinguishing power
than using them separately or simply combining them
by arithmetic mean. This fusion strategy is particularly
advantageous in robotic scenarios, where normal background
textures (e.g., wood grain or woven patterns) often produce
elevated pixel-level residuals and may lead to false anomaly
detections.

The abnormal score a is defined via the geometric mean of
the clipped latent-level and pixel-level discrepancies:

a =

√
1

γlγp
min

(
∥z̃0 − z0∥, γl

)
·min

(
∥x̃0 − x0∥, γp

)
(12)

where γl and γp are truncation thresholds for the latent and
pixel residuals, respectively, introduced to prevent exces-
sively large deviations in either domain from dominating the
fused score.

IV. EXPERIMENTS
A. EXPERIMENTAL SETTINGS
1) DATASETS AND EVALUATION PROTOCOLS
We conduct an extensive evaluation using two publicly
available benchmark repositories for anomaly detection.
Firstly, the MVTec-AD dataset [7] is employed. The
MVTec-AD dataset comprises 5,354 high-fidelity images,
partitioned into five textural categories and ten distinct object
classes across varied domains. Secondly, we leverage the
VisA dataset [8], which contains 10,821 high-resolution
samples across 78 anomalous variations. The VisA dataset
is structured into twelve subsets, categorised by the geo-
metric and spatial complexity of the subjects, namely:
single instances, multiple instances, and complex structural
arrangements. It should be noted that all ablation studies are
systematically performed on the MVTec-AD benchmark to
ensure a consistent baseline for analysis. For fair training
and testing, we use predefined splits used in other UAD
studies [5], [6], [39], [40], [41] for training and testing.

2) EVALUATION METRICS
In alignment with established benchmarks in the field [6],
[40], [41], the quantitative assessment of our model is
predicated on a multi-faceted evaluation protocol spanning
both global classification and local segmentation. We report
the Area Under the Receiver Operating Characteristic Curve
(AUROC) and the Area Under the Precision-Recall Curve
(AUPRC) (a.k.a. Average Precision (AP)) to rigorously
quantify performance at the image level (detection) and the
pixel level (localisation). To account for the nuances of
spatial accuracy in industrial defect identification, the Area
Under the Per-Region-Overlap (AUPRO) is integrated as a
primary metric for pixel-wise localisation. AUPROmeasures
the average overlap ratio between anomaly detection (AD)
results and ground truth (GT) regions across the test
split.
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FIGURE 1. Qualitative results of ProtoDiffAD on the MVTec-AD and VisA datasets.

TABLE 1. Quantitative results on the VisA dataset.

FIGURE 2. Anomaly detection results of ProtoDiffAD for samples having a
tiny-sized anomaly area. The VisA dataset is used for the experiments.

3) IMPLEMENTATION DETAILS
ProtoDiffAD is trained with two NVIDIA RTX A6000
GPUs. We employ a pre-trained VAE of LDM [36]. The
encoder Eφ of the VAE is used to construct the prototype

TABLE 2. Quantitative results on the VisA dataset.

dictionary P . Input images are centre-cropped and resized
to 256 × 256, resulting in a compact latent resolution of
32×32×4. The denoising backbone follows a standardU-Net
architecture with channel multipliers of (1, 2, 4, 8) and spatial
self-attention mechanisms at resolutions of 16×16 and 8×8.

The training procedure consists of two phases. First,
we construct the prototype dictionary by clustering extracted
latent features using K-Means++ [42] with a maximum of
K = 5 centroids per class. K-means++ is employed for
computational efficiency and stability. We select K = 3 as a
robust default to sufficiently capture high intra-class variance
without overfitting. Second, we optimise the diffusion model
using the AdamW optimiser [43] (β1 = 0.9, β2 = 0.999)
with a learning rate of 1 × 10−4 and cosine annealing
schedule. A substantial global batch size of 64 is utilised to
stabilise gradient estimation across the diverse unified multi-
class distribution. To facilitate MPG, we set the guidance
scale to s = 2.0, empirically determined to offer the optimal
trade-off between anomaly suppression and structural fidelity
(see Table 5).
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TABLE 3. ProtoDiffAD results with respect to the conditioning term and
prototype dictionary size (K ). Results for prototype-guided diffusion are
reported as mean ± standard deviation over five independent
K-Means++ initialisations. Note that Uncond. means ‘unconditioned’
and Cls. embed. means ‘class embedding’.

Additionally, τ = 0.5 is applied, and puncond is set
by 0.2. The training epoch is set to 1000 for each dataset.
In inference, we utilise the Denoising Diffusion Implicit
Models (DDIM) [44] sampler with T = 20 steps to accelerate
generation. γp and γl are set to 0.4 and 0.2, respectivley. These
values are taken from our ablation studies and the suggestion
from Beizaee et al. [6], which present the anomaly scoring
metrics.

B. COMPARISON WITH EXISTING METHODS
We compare our approach to nine recently-proposed
approaches for multi-class UAD: RD4AD [3], UniAD [5],
SimpleNet [45], DeSTSeg [2], DiAD [40], MoEAD [46],
GLAD [29], MambaAD [41], VPDM [34], ToCoAD [19],
CRAS [20], DeCo-Diff [6], SGCAD [25]. PatchCore [4], and
PaDiM [16]. Our comparison covers performance not only
between the multi-class UDAmethods, but also a comparison
with the ‘one-class-one-model’ approaches [4], [16]

1) QUANTITATIVE RESULTS
The results for theMVTec-AD dataset are detailed in Table 1.
Despite the performance saturation often observed on this
benchmark, ProtoDiffAD establishes a new state-of-the-art.
We report an Image-AUROC of 99.5%, outperforming the
nearest competitor. In terms of pixel-level segmentation,
our method demonstrates superior fidelity, achieving a
competitive Pixel-AUROC score (98.6%) and the highest
Pixel-AUPRC (78.1%) and Pixel-AUPRO (95.3%) scores.
Notably, the Pixel-AUPRC score represents a relative
improvement of roughly 4.3% over the second-best method
(74.9%). This suggests that ProtoDiffAD effectively min-
imises false positives while maintaining high sensitivity
to defect regions. An interesting result is the comparison
with the methods taking a one-class-one-model approach.
PatchCore [4] and PaDiM [16] are compiled AD models
for each class. PatchCore and PaDiM achieve image-level
AUROCs of 99.1% and 97.9%, which are lower than that of
ProtoDiffAD. Qualitative results on the MVTec-AD dataset
show that ProtoDiffAD can outperform the class-wise AD
methods.

Table 2 presents the results on the VisA dataset, which
presents a challenging environment due to its complex object

structures and multi-class diversity. ProtoDiffAD achieves
a leading Image-AUROC of 97.1% and an Image-AUPRC
of 97.5%. A marked advantage is observed in the pixel-level
localisation tasks, particularly within the precision-recall
trade-off. Our method attains a Pixel-AUROC of 98.6%,
close to the best performer, VPDM, which achieves 98.9%.
This indicates that prototypical guidance significantly aids in
delineating anomalies from complex backgrounds.

Consequently, the quantitative evidence indicates that
ProtoDiffAD provides robust generalisation capabilities.
By leveraging the generative priors of diffusion models
alongside prototypical representations, the method delivers
precise anomaly localisation, as evidenced by substantial
gains in AUPRC and AUPRO across both datasets.

2) QUALITATIVE RESULTS
Fig. 1 presents anomalous samples from diverse cate-
gories in the MVTec-AD and VisA datasets, along with
their corresponding reconstructions, ground-truth masks,
and predicted anomaly maps. As illustrated in the second
row (Reconstruction), our prototype-guided diffusion model
demonstrates a robust capability to restore anomalous inputs
to a nominal state whilst preserving the high-frequency
details of the non-defective background. This behaviour
validates the effectiveness of the MPG. By conditioning the
reverse diffusion process on a context-dependent mixture of
normal prototypes, the generation trajectory is constrained
to reside within the learnt manifold of normal samples.
Consequently, anomalous features, which lack corresponding
representations in the prototype dictionary, are effectively
corrected during reconstruction.

For instance, in the Hazelnut and Cable classes
(MVTec-AD), themodel successfully removes surface cracks
and structural deformations, replacing them with coherent
normal textures. Similarly, in the complex PCB and Fryum
scenarios (VisA), the model accurately hallucinates missing
components or corrects geometric irregularities to match
the standard configuration. The resulting anomaly maps
(fourth row) exhibit high contrast, with activation regions
aligning precisely with the ground truth masks (third row).
These circumstances are also observed from zoomed results
represented in Fig. 2. ProtoDiffAD successfully reconstructs
small anomaly areas, so it can compute a large reconstruction
error. This indicates that ProtoDiffAD effectively suppresses
false positives in complex backgrounds whilst maintaining
the sensitivity required for precise anomaly localisation in a
unified multi-class setting.

C. ABLATION STUDIES
1) PROTOTYPE DICTIONARY
We construct a per-class prototype dictionary by clustering
normal latent features, where the dictionary scale K specifies
the number of centroids retained for each class. Table 3
reports the impact of the conditioning term and varying
K on MVTec-AD. For the prototype-guided configurations,
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FIGURE 3. Latent feature distribution of each category depending on the conditioning approach on the MVTec-AD datasets. We compare ‘Class
embedding’, which is a naive LDM conditioned with explicit class context, and ProtoDiffAD with K = 3. We apply PCA to the output of Eφ (x) for dimension
reduction. The 15 samples that produce the top 15 differences between anomalous and reconstruction results are connected by arrow lines.

FIGURE 4. Anomaly score distribution of the ‘Class embedding’ with LDM
and ProtoDiffAD.

the results are reported as mean ± standard deviation over
three independent K-Means++ initialisations, while the
remaining training and inference settings are held fixed.
Without conditioning, the model attains an Image-AUROC
of 94.1% and a Pixel-AUPRC of 51.6%. Replacing the
prototype conditioning with a standard class embedding
increases Image-AUROC to 95.8%; however, Pixel-AUROC
decreases to 93.7%, suggesting that coarse class conditioning
does not consistently benefit localisation in this setting.

Introducing prototype-guided conditioning improves
performance across all reported metrics for the exam-
ined dictionary sizes. With a single prototype per

class (K = 1), Image-AUROC increases to 97.3% and
Pixel-AUPRC to 75.3%. Increasing the dictionary size
further yields additional gains: K = 2 achieves 99.3%
Image-AUROC and 76.8% Pixel-AUPRC, and K = 3
achieves 99.5% Image-AUROC, 78.1% Pixel-AUPRC,
and 95.3% Pixel-AUPRO. Moving to K = 5 results in
similar performance (i.e., 99.4% Image-AUROC and 95.4%
Pixel-AUPRO), indicating that, within the explored range,
improvements tend to saturate beyond a moderate number
of prototypes. The standard deviations remain small across
the examined configurations. For K = 3, the standard
deviations are 0.04, 0.03, 0.05, 0.14, and 0.08 percentage
points for Image-AUROC, Image-AUPRC, Pixel-AUROC,
Pixel-AUPRC, and Pixel-AUPRO, respectively. The K = 2
and K = 5 configurations show similarly limited variation.
For K = 1, no measurable variation is observed because the
single-cluster solution yields the same class centroid for a
fixed latent feature set. At K = 10, the variability increases
slightly, with the largest standard deviation reaching 0.23 per-
centage points for Pixel-AUPRC, which may reflect the
greater number of possible partitions when more prototypes
are retained. Overall, these results suggest limited sensitivity
to K-Means++ initialisation within the explored range.

The latent feature distribution illustrated in Fig. 3 and
the distribution of anomaly scores in Fig. 4 also suggest
that conditioning by prototypes shows better reconstruction
results compared with explicit class embedding. The black
arrow lines in Fig. 3 show the positional change of the
anomalous sample after reconstruction. As shown in the

VOLUME 14, 2026 142993



J. Yu et al.: Prototype-Guided Diffusion Model for Multi-Class Unsupervised Anomaly Detection

TABLE 4. Quantitative results of ProtoDiffAD depending on the CFG
dropout probability puncond on MVTec-AD.

FIGURE 5. Qualitative results of anomaly detections of ProtoDiffAD
depending on the guidance scale s.

TABLE 5. ProtoDiffAD results with respect to the guidance scale s.

figure, the results of ProtoDiffAD show a more dramatic
change, i.e., after reconstructing anomalous samples, they
are closer to the normal sample distribution (see the arrow
lines in the green boxes). Additionally, as shown in Fig. 4,
ProtoDiffAD provides discriminative power compared with
usage of naive class embedding. Average anomaly score
of ProtoDiffAD is 0.2674, and it is 41.4% higher than the
‘Class embedding’. As a result, the reconstruction results
of the ProtoDiffAD trained with K = 3 are closer to the
normal sample distribution. We have set K = 3 for further
experiments.

2) INFLUENCE OF CFG DROPOUT PROBABILITY Puncond
Classifier-free guidance requires the denoising network to
learn both prototype-conditioned and unconditional noise
predictions. The dropout probability puncond controls the rel-
ative frequency of these training cases and may consequently
affect the reliability of the guided prediction. We therefore
evaluate puncond ∈ {0, 0.05, 0.10, 0.20, 0.30, 0.50}.

As reported in Table 4, setting puncond = 0 produces a
substantial reduction in localisation performance. In this

TABLE 6. Detection and localisation performance across varying softmax
temperature (τ ) scales.

configuration, the unconditional prediction used by CFG is
not explicitly optimised, reducing Pixel-AUPRC to 66.8%.
Introducing unconditional dropout consistently improves per-
formance, with a broad stable region between puncond = 0.10
and 0.30. The default puncond = 0.20 achieves the strongest
overall performance, including 99.5% Image-AUROC,
78.1% Pixel-AUPRC, and 95.3% AUPRO.

Excessive dropout is also detrimental. At puncond = 0.50,
Pixel-AUPRC decreases to 74.2%, suggesting that omitting
the prototype context from half of the training cases weakens
the model’s ability to learn prototype-guided normality cor-
rection. We therefore retain puncond = 0.20, which provides
the best balance among the evaluated settings and is located
within a relatively stable operating range.

3) INFLUENCE OF GUIDANCE SCALE s
The impact of the guidance scale s of MPG on anomaly
detection performance is detailed in Table 5. When s = 0
(unconditional generation), the model achieves a baseline
Image-AUROC of 93.5%. However, this setting lacks the
explicit constraints needed to reject anomalous patterns,
resulting in a significantly lower Pixel-AUPRC of 40.5%.
Increasing the scale to s = 1.0 (standard conditional) yields
a substantial improvement, boosting Image-AUROC by 6.4%
and Pixel-AUPRC by nearly 71% relative to the baseline. The
performance peaks at s = 2.0, where Image-AUROC reaches
99.5%, and Pixel-AUPRC maximises at 78.1%.

Those results confirm that a moderate guidance strength
effectively forces the reconstruction toward the learned
normal prototypes, thereby amplifying the error in anoma-
lous regions. Pushing the scale further to s = 5.0 yields
diminishing returns, suggesting that while strong guidance is
beneficial, excessive forcing may introduce high-frequency
artefacts that slightly degrade structural consistency. As
illustrated in Fig. 5, performance saturates beyond s = 2.0,
indicating that a scale greater than 2.0 is necessary to effec-
tively cover the normalmanifoldwithout over-segmenting the
latent space.

4) TEMPERATURE SCALING IN MULTI-PROTOTYPE
GUIDANCE
The parameter τ fundamentally controls the sharpness of the
generative guidance [47]. Table 6 presents the detection and
localisation performance across varying temperature scales.
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TABLE 7. Inference latency and localisation performance across varying
DDIM inference steps (T ). I-/P- means Image- and Pixel-level,
respectively.

Setting τ = 0.1 induces a near-hard assignment, allocating
the majority of the guidance weight to a single prototype
centroid. Whilst this enforces strict adherence to a specific
manifold point, it simultaneously discards the nominal
intra-class variance inherent to the input image, resulting
in elevated false-positive rates in defect-free regions and
a corresponding degradation in the Pixel AUPRC (65.4%).
Conversely, as τ increases towards 5.0, the attention distri-
bution approaches uniformity. This over-smoothing forces
the dynamic context vector into a generic arithmetic mean,
reintroducing the mode-averaging phenomenon and blurring
fine-grained structural details. The experimental optimum
at τ = 0.5 strikes the necessary balance, permitting the
diffusion model to interpolate smoothly between prototypes
to preserve healthy variance whilst maintaining sufficient
geometric constraint to expose anomalous deviations.

5) INFERENCE DYNAMICS AND COMPUTATIONAL
PROFILING
To quantify the operational viability of the proposed frame-
work, latency and localisation performance are evaluated as
a function of the number of Denoising Diffusion Implicit
Model (DDIM) inference steps (T ). The profiling, conducted
on a single NVIDIA RTX A6000 GPU, is detailed in Table 7.

Iterative denoising represents the primary computational
bottleneck for diffusion architectures in industrial deploy-
ment [44]. The profiling indicates that extreme acceleration
(T = 5) retains sufficient global semantic structure to main-
tain a respectable Image AUROC (96.1%), but fails to resolve
the high-frequency residual details required for precise pixel-
level segmentation. The default setting of 20 DDIM steps
provides an operationally viable throughput of 12 Frames Per
Second (FPS) whilst fully saturating the model’s localisation
capabilities. Extending the trajectory to 50 steps yields
negligible performance gains, confirming that 20 steps under
Multi-Prototype Guidance provides optimal convergence to
the normal manifold without incurring unnecessary compu-
tational overhead.

6) EARLY STAGE WITH UNIFORM ATTENTION WEIGHTING
Table 8 evaluates the effectiveness of uniform weighting for
early-stage denoising. When dynamic weighting is activated
from the first reverse step (a.k.a. no uniform weighting),
the model achieves an Image-AUROC of 99.1% but a lower
Pixel-AUPRC of 74.8%. This result indicates that prototype

TABLE 8. Sensitivity to the duration of uniform prototype weighting.
‘Early stage’ denotes the fraction of the reverse DDIM trajectory using
uniform weights, and Nuni is the corresponding number of
uniform-weighting steps for NDDIM = 20.

FIGURE 6. Examples of failure cases for ProtoDiffAD’s anomaly detection.

similarities computed from highly noisy latent states are
insufficiently reliable for precise localisation.

Introducing a short uniform-weighting phase improves
all localisation metrics. The T/4 configuration achieves a
Pixel-AUPRC of 77.2% and an AUPRO of 94.8%, while
the default T/3 configuration produces the strongest overall
performance, reaching 78.1% of Pixel-AUPRC and 95.3%
of AUPRO. Extending the uniform phase to T/2 causes a
moderate decrease to 76.4% Pixel-AUPRC. This reduction
suggests that delaying dynamic attention for too long prevents
the model from exploiting informative instance-dependent
prototype similarities during the intermediate denoising
stages.

Uniform weighting throughout the complete trajectory
yields the largest degradation, particularly in Pixel-AUPRC,
because the prototype context becomes a fixed arithmetic
average and loses its ability to select normalmodes relevant to
individual inputs. Overall, the results demonstrate a broad sta-
ble region between T/4 and T/2, indicating that ProtoDiffAD
is not critically dependent on the exact boundary. We retain
T/3 because it provides the strongest balance between
early-stage stability and later-stage adaptive guidance.

D. LIMITATION
ProtoDiffAD remains sensitive to reconstruction uncertainty
in highly textured regions. As shown in Fig. 6, stochastic
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FIGURE 7. Class-wise image-level detection and pixel-level AUROCs of ProtoDiffAD on the MVTec-AD and VisA datasets.

or repetitive patterns in categories such as carpet and
wood may not be reconstructed at precisely the same
spatial phase, causing residual activation in defect-free
regions. Conversely, very small or low-contrast defects
may be attenuated by the compressed latent representation,
leading to incomplete or spatially diffuse localisation near
object boundaries. As shown in Fig. 7, the class-wise
results are consistent with these limitations: on MVTec-AD,
wood and screw show relatively low pixel-level AUROCs
of 97.8% and 97.2%, while carpet achieves 98.5%. On VisA,
macaroni2, fryum, and cashew exhibit lower image-level
AUROCs despite retaining comparatively high pixel-level
scores, suggesting that local anomaly evidence may remain
detectable but insufficiently concentrated for reliable image-
level decisions. Thus, combining latent- and pixel-level
discrepancies mitigates, but does not eliminate, the trade-off
between texture-induced false positives and sensitivity to fine
defects.

Additionally, computational efficiency is also one of the
main limitations of ProtoDiffAD. Even though the proposed
ProtoDiffAD provides seamless AD performance, it is
still computationally heavy and requires high-performance
computational processes. The current inference profiling
was conducted on a single NVIDIA RTX A6000 GPU.
At T = 20, ProtoDiffAD achieves 12 FPS, corresponding to
approximately 83ms per image. This throughput may support
moderate-rate or asynchronously triggered inspection, but it
should not be interpreted as universally satisfying real-time
requirements for high-speed industrial production lines.
Moreover, performance on consumer-grade GPUs and edge
devices has not yet been evaluated. Future work will inves-
tigate accelerated sampling, diffusion-step reduction, model
distillation, quantisation, pruning, and hardware-specific
optimisation for resource-constrained deployment.

V. CONCLUSION AND DISCUSSION
We have presented ProtoDiffAD, a novel prototype-guided
diffusion framework tailored for unified multi-class unsuper-
vised anomaly detection. We have introduced a reformulated
Multi-Prototype Guidance (MPG), which dynamically aggre-
gates relevant prototypes to guide the diffusion process.
By forcing the generative model to strictly adhere to the
nearest normal modes during reconstruction, ProtoDiffAD

effectively amplifies the reconstruction error in anomalous
regions while preserving high-fidelity details in normal areas.
Our comprehensive experiments have demonstrated that
ProtoDiffAD successfully captures complex intra-class vari-
ances and achieves state-of-the-art performance compared to
existing benchmarks in the unified multi-class setting.

Whilst ProtoDiffAD demonstrates competitive, and
frequently superior, performance relative to contemporary
state-of-the-art baselines, it possesses a notable theoretical
limitation. The framework constructs its prototype dictionary
by applying the standard K-Means clustering algorithm
to latent representations extracted by the VAE’s encoder.
K-Means relies on minimising Euclidean distances, which
inherently fails to accurately characterise the intrinsic
geometric structure of complex manifolds. Furthermore,
the algorithm operates under the restrictive assumption
that the data distribution is spherical. In complex real-
world scenarios, this assumption is fundamentally unrealistic.
Enforcing such a constraint frequently yields locally opti-
mised centroids that fail to encapsulate the true underlying
data manifold, consequently degrading the overall anomaly
detection (AD) performance. In our future work, we aim to
address this by developing novel prototype formulations that
explicitly accommodate the non-linear and highly intricate
distributions of real-world data, thereby further advancing
AD capabilities.
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