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 a b s t r a c t

Reconstruction-based anomaly detection remains appealing for industrial inspection due to its ability to handle 
unknown defect types, yet diffusion models still suffer from semantic drift and geometric misalignment when 
reconstructing anomalous inputs. This paper presents STDRAD (Unsupervised Anomaly Detection with a Stacked 
Transformer Diffusion Reconstruction Framework), a fully transformer-based diffusion reconstruction model for 
unsupervised multi-class anomaly detection. Built upon the DiT paradigm, STDRAD replaces the conventional U-
Net with a scalable stacked-transformer denoiser that provides global context modeling. A lightweight Adapter 
module is integrated into DiT blocks to improve feature modulation and facilitate faster optimization during 
training. To mitigate misalignment in latent diffusion, we introduce an ISKG (Isomorphic Structural Guidance) 
module that injects structurally compatible cues into the denoising trajectory. A multi-scale feature alignment 
strategy further enhances reconstruction fidelity across both textures and large structural regions. For anomaly 
scoring, multi-level representations extracted by a pretrained ResNet are compared between the input and its 
reconstruction, and their feature discrepancies are aggregated to produce anomaly maps. Extensive experiments 
on the MVTec AD and VisA benchmarks show that STDRAD achieves 95.8%/96.0% image/pixel-level AUROC on 
MVTec AD and 86.9%/97.2% on VisA, and qualitative results confirm cleaner reconstructions and more reliable 
suppression of anomalous patterns across diverse industrial scenarios.

1.  Introduction

Anomaly detection is a fundamental problem in computer vision, 
with critical applications in industrial inspection, medical imaging, and 
safety-sensitive monitoring (Czimmermann et al., 2020; Liu et al., 2024; 
Tao et al., 2022). In these scenarios, anomalies often correspond to de-
fects, diseases, or irregularities that may seriously compromise safety, 
product quality, or operational efficiency. The primary goal of anomaly 
detection is to determine whether an input image contains abnormal 
patterns and, if so, to precisely localize the affected regions. Compared 
with conventional recognition tasks where abundant annotated data de-
fine clear class boundaries, anomaly detection is uniquely challenging 
because anomalies are inherently rare, diverse, and often unknown dur-
ing training. Models must therefore learn the distribution of normal data 
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and identify deviations without relying on exhaustive abnormal sam-
ples.

A variety of strategies have been proposed to address this chal-
lenge, which can be broadly categorized into three main paradigms: 
reconstruction-based methods (Tang et al., 2020; Zavrtanik et al., 
2021b,c), feature based methods (Wan et al., 2021), and synthesis-based 
methods (Li et al., 2021; Xu et al., 2025).

Reconstruction-based methods rely on generative models trained 
solely on normal samples to capture the distribution of anomaly-free 
data. During inference, abnormal inputs are projected into the learned 
distribution, and reconstructed outputs are compared against the orig-
inal inputs to reveal anomalies. These methods can be further divided 
into unsupervised (Yan et al., 2021) and supervised (or semi-supervised) 
(Akcay et al., 2018) approaches. In the unsupervised setting, models 
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such as autoencoders (Chung et al., 2020; Liu & Wang, 2024; Liu et al., 
2021), variational autoencoders, or GAN (Generative adversarial net-
work) (Duan et al., 2023; Fang et al., 2025) are optimized with only 
normal samples. They are expected to fail when reconstructing unseen 
anomalies, leading to detectable residual errors. While appealing due 
to their annotation-free nature, these approaches struggle when defects 
cover large regions. They also tend to fail when anomalous patterns 
closely resemble normal structures. In the supervised or semi-supervised 
setting (Cao et al., 2025; Wang et al., 2025), a small number of anno-
tated anomalies are incorporated during training. This additional guid-
ance helps models learn to explicitly suppress or replace defective re-
gions with plausible normal content. Although this improves reconstruc-
tion fidelity and localization accuracy, it requires costly labeling and 
may generalize poorly to unseen categories of anomalies.

Feature-based methods operate at the representation level. Instead 
of reconstructing images, they extract embeddings from pre-trained net-
works (He et al., 2016; Simonyan & Zisserman, 2014), or teacher-student 
architectures (Bergmann et al., 2020; Salehi et al., 2021; Wang et al., 
2021), and anomalies are detected by measuring deviations from nor-
mal distributions in feature space. These methods often achieve high 
accuracy in image-level detection tasks. However, their reliance on pre-
trained networks which are typically optimized on natural images, in-
troduces a domain gap in industrial scenarios. As a result, they may fail 
to capture fine-grained structural defects and often produce inaccurate 
anomaly localization. Beyond conventional feature-based approaches, 
recent studies have explored interpretable and hybrid feature repre-
sentations by combining deep neural networks with structured descrip-
tors, such as quaternion- and moment-based features, for vision-related 
recognition and diagnosis tasks  (El Ogri et al., 2024, 2026, 2021).

Synthesis-based methods attempt to address the scarcity of anomaly 
data by generating pseudo anomalies during training. They employ 
strategies such as cut-and-paste operations, texture perturbations, or ex-
ternal datasets to simulate defective regions, so that models can learn 
a decision boundary between normal and abnormal patterns (Hu et al., 
2024; Liu et al., 2019, 2023). However, synthetic anomalies cannot fully 
capture the diversity of real defects, and the gap between synthetic and 
real anomalies may limit generalization.

Beyond these paradigms, reconstruction-based anomaly detection 
methods remain the most general and practical solution for real-world 
applications. Since they rely solely on normal samples to learn the in-
trinsic distribution of defect-free data, these models can naturally adapt 
to unseen or unknown anomaly types without requiring prior knowl-
edge or manual labeling. This property makes them highly scalable and 
robust for complex industrial environments, where the types and ap-
pearances of defects are unpredictable and continuously evolving. By re-
constructing each input toward its normal counterpart, reconstruction-
based frameworks provide a unified and interpretable mechanism for 
detecting diverse anomalies across various categories, production lines, 
and domains, thus exhibiting strong generalization and deployment po-
tential in real-world manufacturing scenarios.

Despite the progress achieved by these paradigms, existing methods 
still struggle to achieve robust anomaly localization in complex, multi-
class industrial settings. Reconstruction methods often fail to maintain 
semantic or geometric consistency between the input and reconstruc-
tion. In real industrial inspection scenarios, anomalies exhibit diverse 
characteristics in both form and scale. Structural anomalies, such as ge-
ometric deformation, orientation changes, or missing components, are 
particularly challenging for reconstruction-based methods because even 
small semantic or geometric deviations can invalidate pixel-wise com-
parison. Textural anomalies and small-scale defects, including scratches, 
stains, or subtle surface irregularities, require high-fidelity reconstruc-
tion and sensitive localization. STDRAD is designed to address these 
challenges by combining structure-aware diffusion reconstruction with 
explicit guidance for geometric consistency and multi-scale feature com-
parison, enabling robust detection across both structural and textural 
anomaly types. In the context of diffusion based reconstruction, we use 

the term semantic drift to describe cases where the reconstructed image 
deviates from the semantic identity of the input (e.g., category ambigu-
ity or incorrect object orientation), even though the overall appearance 
remains plausible. We use geometric misalignment to denote inconsis-
tencies in spatial structure, such as shifts in object position, rotation, 
or deformation between the input image and its reconstruction. These 
phenomena are particularly problematic for anomaly detection, as they 
undermine reliable pixel-wise comparison between the input and re-
constructed images. In this paper, we use the term structural fidelity 
to refer to the preservation of global geometry and spatial layout be-
tween the input image and its reconstruction, including object shape, 
orientation, and relative part configuration. We use semantic alignment 
to denote the consistency of object identity and high-level semantic at-
tributes during reconstruction, ensuring that the reconstructed image 
remains semantically compatible with the input rather than exhibiting 
category drift or geometric reorientation.

Feature-based methods are hindered by domain gaps and limited 
transferability. Synthesis-based methods, though useful, cannot fully 
represent the unpredictability of anomalies in practice. These limitations 
underscore the need for a framework that combines the high-fidelity re-
construction power of generative models with explicit mechanisms for 
semantic alignment and anomaly suppression.

Recently, diffusion models have emerged as a promising generative 
framework (Ho et al., 2020; Song et al., 2020). Their iterative denoising 
formulation allows for photo-realistic and semantically coherent recon-
structions across diverse domains. Unlike traditional generative models 
that directly map latent codes to images, diffusion models gradually cor-
rupt data with noise and learn to reverse this process step by step. This 
progressive refinement makes them highly effective at modeling com-
plex structures and fine details. Intuitively, this property makes diffusion 
models suitable for anomaly detection, where the task is to reconstruct 
normal content while suppressing anomalies.

However, applying diffusion models directly to anomaly detection 
is problematic. When reconstructing inputs containing defects, conven-
tional diffusion models frequently produce results with semantic mis-
alignment or geometric inconsistency, such as rotations, reorientations, 
or texture shifts. These inconsistencies undermine anomaly detection, 
since meaningful comparison requires strict alignment between input 
and reconstruction. Consequently, naive diffusion approaches cannot be 
directly adopted for anomaly localization, particularly in multi-class in-
dustrial contexts.

To address this, guidance mechanisms are essential (He et al., 2024; 
Li et al., 2025). By constraining the denoising trajectory, guidance en-
sures that reconstructed images remain consistent with the input in both 
semantics and geometry, while abnormal regions are replaced with nor-
mal counterparts. This enables reconstructions to serve as reliable ref-
erences for residual-based anomaly detection.

At the same time, the architectural foundation of diffusion models is 
evolving. Most existing diffusion approaches employ U-Net backbones, 
sometimes augmented with self-attention or lightweight transformer 
blocks, but still fundamentally organized in an encoder-decoder con-
volutional structure. In contrast, the Diffusion Transformer (DiT) (Pee-
bles & Xie, 2023) paradigm represents a departure from this design. 
Instead of combining convolution with attention, DiT replaces the en-
tire U-Net (Perez et al., 2018; Ronneberger et al., 2015; Van den Oord 
et al., 2016) with a stacked sequence of transformer blocks operating on 
patchified latent tokens. This fully transformer-based backbone provides 
a principled and scalable architecture, offering stronger global context 
modeling, consistent training dynamics, and favorable scaling prop-
erties, where increased model capacity directly improves generative
quality.

While discriminative approaches (e.g., feature embedding methods 
like Dinomaly Guo et al., 2025) have recently achieved near-saturated 
performance on standard benchmarks, they often function as ’black 
boxes,’ outputting anomaly scores without providing a visual expla-
nation of the normal state. In contrast, reconstruction-based methods
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offer intrinsic explainability by generating a defect-free reference. How-
ever, existing reconstruction models struggle to balance fidelity with 
structural consistency. Our work prioritizes this structural fidelity, ar-
guing that in high-stakes industrial applications, the ability to generate a
geometrically accurate reference image is as critical as the binary detec-
tion score itself.

Building upon these observations, we introduce Unsupervised 
Anomaly Detection with a Stacked Transformer Diffusion Reconstruc-
tion Framework (STDRAD), a guided latent diffusion architecture built 
entirely upon the DiT paradigm. Reconstruction-based methods remain 
highly general for industrial inspection, as they do not rely on prede-
fined anomaly categories and can naturally accommodate a wide variety 
of defect types by restoring each input toward its normal counterpart. 
Motivated by this generality, STDRAD adopts a fully stacked transformer 
denoiser, replacing the conventional U-Net with a scalable architecture 
capable of global context modeling and structurally coherent latent re-
finement.

To address the semantic drift and geometric misalignment com-
monly observed in diffusion reconstruction, we introduce an Isomorphic 
Structural Knowledge Guidance (ISKG) module that is topologically iso-
morphic to the main denoiser. This structural homogeneity makes the 
guidance features compatible with the backbone in token organization 
and feature scale, enabling stable injection and improved semantic/ge-
ometric consistency along the reverse trajectory. In addition, a multi-
scale feature alignment strategy further enhances reconstruction fidelity 
across both fine-grained textures and large structural defects, enabling 
reliable residual-based anomaly localization.

We adopt the single-model multi-class unsupervised anomaly detec-
tion setting, where a single model is jointly trained across all categories 
using only normal data. Category identifiers are used solely to distin-
guish different normal data distributions within the unified model and 
do not introduce semantic or anomaly-related supervision.

To facilitate understanding, the remainder of this paper is organized 
as follows. Section 2 reviews diffusion models and related anomaly 
detection paradigms. Section 3 details the proposed STDRAD frame-
work, including the DiT-based latent denoiser, adapter mechanisms, Iso-
morphic Structural Knowledge Guidance, and the feature-space scoring 
module. Section 4 presents implementation details, datasets, evaluation 
metrics, and comprehensive experiments including ablation studies. Sec-
tion 5 discusses the limitations of the proposed method and analyzes 
representative failure cases. Section 6 concludes the paper.

2.  Related work

2.1.  DDPM and DDIM

Recent advances in diffusion models demonstrate strong image syn-
thesis across diverse domains. The Denoising Diffusion Probabilistic 
Model (DDPM) (Ho et al., 2020) formulates generation as a two-stage 
process with a Markovian (Chung, 1967) forward corruption and a 
learned Gaussian reverse denoising. At each step, Gaussian noise is grad-
ually injected into the clean data through a Markov chain, and a neural 
network is trained to invert this corruption by predicting and removing 
the noise.

While this iterative refinement yields high-fidelity samples, it typi-
cally requires hundreds or even thousands of denoising steps, leading to 
slow inference.

To alleviate this issue, the Denoising Diffusion Implicit Model 
(DDIM) (Song et al., 2020) reformulates the reverse process in a non-
Markovian manner.

By introducing a deterministic trajectory that directly maps the noisy 
sample at step 𝑡 to its predecessor at step 𝑡 − 1 using the same noise-
prediction network, DDIM eliminates the stochastic sampling term of 
DDPM. This modification significantly reduces the number of required 
steps while maintaining perceptual quality, thus making diffusion mod-

els more practical for downstream tasks such as image restoration, re-
construction, and anomaly detection.

The following presents the formal expression of the DDPM and DDIM 
method. Let {𝛽𝑡}𝑇𝑡=1 be a variance schedule, 𝛼𝑡 = 1 − 𝛽𝑡, and ̄𝛼𝑡 =

∏𝑡
𝑠=1 𝛼𝑠.

DDPM: forward (noising). 
𝑞(𝑥𝑡 ∣ 𝑥𝑡−1) = 

(

𝑥𝑡;
√

𝛼𝑡 𝑥𝑡−1, 𝛽𝑡𝐼
)

, 𝑡 = 1,… , 𝑇 , (1)

with the closed-form marginal
𝑞(𝑥𝑡 ∣ 𝑥0) = 
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𝑥𝑡;
√
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√

𝛼̄𝑡 𝑥0 +
√

1 − 𝛼̄𝑡 𝜖, 𝜖 ∼  (0, 𝐼).
(2)

DDPM: reverse (denoising). The learned reverse transition is Gaussian 
with mean expressed via a noise predictor 𝜖𝜃 :
𝑝𝜃(𝑥𝑡−1 ∣ 𝑥𝑡) = 

(
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,
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1
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)
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(3)

A widely used training objective is the simplified noise-matching loss:

simple(𝜃) = 𝔼𝑡, 𝑥0 , 𝜖∼ (0,𝐼)

[

‖

‖

‖

𝜖 − 𝜖𝜃(𝑥𝑡, 𝑡)
‖

‖

‖

2

2

]

,

where 𝑥𝑡 =
√

𝛼̄𝑡 𝑥0 +
√

1 − 𝛼̄𝑡 𝜖.
(4)

DDIM: non-Markovian reverse with consistent parameterization. DDIM 
keeps the same forward process (1)–(2) and the same noise-prediction 
network 𝜖𝜃 , but replaces the Markovian reverse kernel (3) by a non-
Markovian update driven by the predicted clean image

𝑥̂0(𝑥𝑡, 𝑡) =
1

√

𝛼̄𝑡

(

𝑥𝑡 −
√

1 − 𝛼̄𝑡 𝜖𝜃(𝑥𝑡, 𝑡)
)

. (5)

The DDIM step writes
𝑥𝑡−1 =

√

𝛼̄ 𝑡−1 𝑥̂0(𝑥𝑡, 𝑡)

+
√

1 − 𝛼̄ 𝑡−1 − 𝜎2𝑡 𝜖𝜃(𝑥𝑡, 𝑡)

+ 𝜎𝑡 𝜉,

where 𝜉 ∼  (0, 𝐼), 𝜎𝑡 = 𝜂
√

𝛽𝑡, 𝜂 ≥ 0.

(6)

where the posterior variance 𝛽𝑡 is the same as in DDPM (3). Setting 
𝜂 = 0 yields a deterministic sampler (no stochastic term) that preserves 
the DDPM marginals; choosing 𝜂 = 1 recovers the DDPM sampling vari-
ance, thus DDIM is an acceleration that modifies only the reverse dy-
namics while keeping all symbols/schedules consistent with DDPM.
Notation. 𝑥0∈ℝ𝐻×𝑊 ×𝐶 is the clean image; 𝑥𝑡 its noisy version at step 
𝑡; 𝑇  the number of steps; 𝛽𝑡∈(0, 1), 𝛼𝑡=1 − 𝛽𝑡, 𝛼̄𝑡=

∏𝑡
𝑠=1 𝛼𝑠; 𝐼 identity; 

𝜖∼ (0, 𝐼); 𝜖𝜃(⋅, 𝑡) the noise-prediction network; 𝛽𝑡 = 1−𝛼̄𝑡−1
1−𝛼̄𝑡

𝛽𝑡; 𝜂 controls 
stochasticity in DDIM.

2.2.  Latent diffusion models

Latent Diffusion Models (LDM) (Blattmann et al., 2022; Rombach 
et al., 2022) were proposed to address the high computational cost of 
performing diffusion directly in pixel space. The key idea is to employ 
a variational autoencoder (VAE) (Kingma & Welling, 2013) to com-
press images into a lower-dimensional latent representation, where both 
the forward noising and reverse denoising processes are conducted. 
In practice, LDM adopt the same DDPM/DDIM parameterization as in 
pixel space, but execute it entirely within the compact latent domain. 
After denoising, the latent variables are decoded back into the pixel 
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domain through the VAE decoder, which significantly reduces mem-
ory and computation requirements while preserving perceptual quality. 
In addition, LDM often incorporate conditioning mechanisms such as 
cross-attention, which enable flexible control with class labels or text 
prompts during denoising. By shifting the diffusion process into latent 
space, LDM achieve substantial acceleration and make large-scale, high-
resolution generative modeling feasible.

The following presents the formal expression of the LDM method. 
Let 𝜑 and 𝜑 denote the encoder and decoder.

Latent mapping and reconstruction. 
𝑧0 = 𝜑(𝑥0), 𝑥̂0 = 𝜑(𝑧0) ≈ 𝑥0, (7)

where 𝑧0 ∈ ℝ𝑑 is the latent. Diffusion then proceeds in latent space with 
the same schedule {𝛽𝑡, 𝛼𝑡, 𝛼̄𝑡}.

LDM: forward and marginal in latent space. 
𝑞(𝑧𝑡 ∣ 𝑧𝑡−1) = 

(

𝑧𝑡;
√

𝛼𝑡 𝑧𝑡−1, 𝛽𝑡𝐼
)

,

𝑞(𝑧𝑡 ∣ 𝑧0) = 
(

𝑧𝑡;
√

𝛼̄𝑡 𝑧0, (1 − 𝛼̄𝑡)𝐼
)

.
(8)

LDM: reverse in latent space(DDPM-form). 
𝑝𝜃(𝑧𝑡−1 ∣ 𝑧𝑡, 𝑐) = 

(

𝑧𝑡−1; 𝜇𝜃(𝑧𝑡, 𝑡, 𝑐), 𝜎2𝑡 𝐼
)

,

𝜇𝜃(𝑧𝑡, 𝑡, 𝑐) =
1

√

𝛼𝑡

(

𝑧𝑡 −
𝛽𝑡

√

1 − 𝛼̄𝑡
𝜖𝜃(𝑧𝑡, 𝑡, 𝑐)

)

,

𝜎2𝑡 = 𝛽𝑡.

(9)

where 𝑐 is an optional condition injected via cross-attention.

LDM: reverse in latent space (DDIM-form). Using the same 𝑥̂0-style re-
construction in latent space,

𝑧̂0(𝑧𝑡, 𝑡, 𝑐) =
1

√

𝛼̄𝑡

(

𝑧𝑡 −
√

1 − 𝛼̄𝑡 𝜖𝜃(𝑧𝑡, 𝑡, 𝑐)
)

, (10)

the DDIM update becomes
𝑧𝑡−1 =

√

𝛼̄ 𝑡−1 𝑧̂0(𝑧𝑡, 𝑡, 𝑐)

+
√

1 − 𝛼̄ 𝑡−1 − 𝜎2𝑡 𝜖𝜃(𝑧𝑡, 𝑡, 𝑐)

+ 𝜎𝑡 𝜉,

where 𝜉 ∼  (0, 𝐼), 𝜎𝑡 = 𝜂
√

𝛽𝑡, 𝜂 ≥ 0.

(11)

After denoising to 𝑧0, decode to pixels:
𝑥̂0 = 𝜑(𝑧0). (12)

Notation. 𝑧𝑡 is the latent at step 𝑡; 𝜖𝜃(⋅, 𝑡, 𝑐) is the same-form noise predic-
tor as in pixel space but operating on latents; {𝛽𝑡, 𝛼𝑡, 𝛼̄𝑡, 𝛽𝑡} are identical
schedules/definitions to those in DDPM/DDIM; 𝜂 plays the same role 
controlling stochasticity.

2.3.  Anomaly detection with reconstruction models

Reconstruction-based approaches remain one of the most widely 
used strategies for anomaly detection. The central idea is to train gen-
erative models only on normal samples, such that anomalous regions 
cannot be faithfully reconstructed and become detectable by compar-
ing input and reconstruction. Representative works include RIAD (Zavr-
tanik et al., 2021c), which employs iterative inpainting to progressively 
restore occluded regions and highlight anomalies, and GaNomaly (Ak-
cay et al., 2018), which integrates adversarial training with an encoder-
decoder structure to capture distributional deviations between normal 
and abnormal inputs. UTRAD (Chen et al., 2022) further extends this 

paradigm by introducing a two-stage reconstruction pipeline that lever-
ages high-fidelity generation to mitigate reconstruction errors on com-
plex textures. These approaches demonstrate strong performance in un-
supervised settings, but they often fail when anomalies occupy large 
regions or share close resemblance to normal structures.

In this context, diffusion based frameworks have also been explored 
for anomaly detection. For instance, AnoDDPM (Wyatt et al., 2022) was 
the first to introduce diffusion models into medical anomaly detection, 
while subsequent methods such as DiffusionAD (Zhang et al., 2025) and 
DDAD (Mousakhan et al., 2024) combined synthetic anomalies or pre 
trained score models for industrial applications. More recently, DiAD 
(He et al., 2024) proposed to incorporate semantic guidance into the 
denoising process of diffusion models, enabling the reconstruction of 
anomalous regions while preserving the original semantic information. 
Beyond such hybrid U-Net transformer backbones, there is considerable 
potential in adopting fully stacked Transformer architectures for diffu-
sion denoising, as exemplified by the DiT paradigm. Compared with U-
Net-style designs, DiT replaces the encoder-decoder hierarchy with a se-
quence of Transformer blocks that operate directly on latent tokens. This 
structure provides stronger global context modeling, more stable train-
ing dynamics, and favorable scalability, since increasing model depth 
or width consistently improves generative quality. These architectural 
advantages suggest that DiT-based denoising networks, although still 
relatively underexplored in anomaly detection, offer a promising direc-
tion for advancing reconstruction fidelity and robustness in multi-class 
industrial scenarios.

3.  Method

We propose a DiT-based latent diffusion framework for multi-class 
anomaly detection. Our pipeline consists of four components: (1) a la-
tent diffusion model operating on VAE latents with a fully stacked DiT 
denoiser, (2) an adapter augmented denoising backbone for parameter 
efficient fine tuning, (3) an ISKG interface for enforcing semantic and ge-
ometric consistency during denoising, and (4) a feature space anomaly 
scoring module that compares the input and the reconstruction using a 
frozen pretrained ResNet. An overview is given in Fig. 1.

Motivation. Reconstruction-based anomaly detection is founded on 
the principle that models trained only on normal data should 
fail to faithfully reproduce abnormal patterns. However, conven-
tional reconstruction-based methods such as autoencoders or GAN-
based models typically learn a single-pass mapping from an in-
put image to its reconstruction. This direct reconstruction paradigm 
tends to preserve input-specific details and may undesirably re-
produce anomalous regions, especially when anomalies are visually 
plausible or occupy large spatial areas, which weakens anomaly
suppression.

Diffusion-based reconstruction follows a fundamentally different 
paradigm based on a noising–denoising process. During the forward dif-
fusion stage, the input is progressively corrupted by noise, which sys-
tematically removes fine-grained and input-specific details, including 
abnormal patterns that are not supported by the normal-data distribu-
tion. The reverse denoising process is then learned exclusively from nor-
mal samples to predict the denoising direction that restores signals con-
sistent with the normal manifold. As a result, diffusion reconstruction 
can be interpreted as a gradual projection toward the normal data man-
ifold. This behavior naturally aligns with the objective of unsupervised 
anomaly detection, where anomalies should be suppressed rather than 
directly memorized.

At the same time, effective anomaly detection requires the recon-
struction process to remain semantically and geometrically consistent 
with the input, so that deviations can be reliably attributed to anomalies 
rather than reconstruction artifacts. Stacked Transformer denoisers, as 
adopted in the DiT architecture, operate on a unified latent token space 
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Fig. 1. Overview of the proposed STDRAD framework. The input RGB image 𝑥 is encoded into a latent representation 𝑧, to which Gaussian noise perturbation 
is applied, yielding the noised latent representation 𝑧𝑡 through a forward diffusion process. The corrupted latent representation is denoised by a linearly stacked 
Transformer-based DiT architecture. Simultaneously, a lightweight ISKG module extracts guiding features from 𝑥, which are injected after the 𝑁-th DiT block to 
facilitate the denoising process. The recovered latent representation 𝑧̂𝑡 is decoded back to the image space to produce the reconstructed image 𝑥̂. Both 𝑥 and 𝑥̂ are 
fed into a frozen ResNet-50 network to extract multi-scale features, and their differences are used to compute the final anomaly scores.

Fig. 2. Illustration of three different Adapter insertion configurations. From right to left: (1) MLP Adapter DiT Block - Adapter inserted only after the MLP module; 
(2) Atten Adapter DiT Block - Adapter inserted only after the attention module; (3) Both Adapter DiT Block - Adapters inserted after both the MLP and attention 
modules. The detailed architecture of the Adapter module is provided on the left.

and perform denoising through repeated self-attention-based refine-
ment. This design allows structural information to be propagated consis-
tently across diffusion steps and layers, reducing unpredictable geomet-
ric drift during reconstruction. By combining the anomaly-suppressing 
property of diffusion with the stable and consistent latent refinement 
enabled by stacked Transformer denoisers, the proposed framework
provides a principled reconstruction mechanism that is well suited for 
unsupervised anomaly detection.

3.1.  Denoising setup

Given an input image 𝑥0 ∈ ℝ𝐻×𝑊 ×𝐶 , we use a VAE encoder 𝜑 to 
obtain a latent 𝑧0 = 𝜑(𝑥0) and perform diffusion in latent space (see 
Section 2). Let {𝛽𝑡}𝑇𝑡=1, 𝛼𝑡 = 1 − 𝛽𝑡, and 𝛼̄𝑡 =

∏𝑡
𝑠=1 𝛼𝑠 denote the vari-

ance schedule. As in Latent Diffusion Models (LDM), we define the 
forward noising 𝑞(𝑧𝑡 ∣ 𝑧𝑡−1) =  (

√

𝛼𝑡 𝑧𝑡−1, 𝛽𝑡𝐼) and the marginal 𝑞(𝑧𝑡 ∣
𝑧0) =  (

√

𝛼̄𝑡 𝑧0, (1 − 𝛼̄𝑡)𝐼). During reverse denoising, our DiT predicts 
the noise 𝜖𝜃(𝑧𝑡, 𝑡, 𝑐), optionally conditioned on 𝑐 (class labels).

3.2.  DiT-based latent denoiser

Backbone. The denoising backbone adopts the standard Diffusion 
Transformer architecture and replaces the hierarchical convolutional 
structure of U-Net with a transformer-based design in latent space. The 
latent tensor is partitioned into non-overlapping patches. Each patch 
is projected into a token. The token sequence is equipped with deter-
ministic positional embeddings to preserve spatial order. The diffusion 
timestep is encoded into a vector. The input category is encoded into 
another vector. The conditioning vector is obtained by combining the 
timestep encoding and the category encoding through linear transforma-
tions. The conditioning vector is injected into every transformer block 
through adaptive layer normalization.

The backbone contains multiple transformer blocks. Each block in-
cludes a multi-head self-attention module and a feed-forward network. 
The self-attention module constructs global interactions among all la-
tent tokens. The feed-forward network refines token representations 
through nonlinear transformations. The repeated application of these 
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blocks yields progressive refinement of the noisy latent representation. 
The refinement process provides global coherence and local consistency 
without a multi-resolution pathway.

The stacked transformer backbone predicts the denoising direction 
at each reverse diffusion step. The prediction is fully determined by the 
conditioning vector and the latent tokens. The backbone operates in la-
tent space and provides the representational capacity required for high-
fidelity diffusion reconstruction.

Training objective. We adopt the simplified noise-matching loss in latent 
space:

diff(𝜃) = 𝔼𝑡, 𝑥0 , 𝜖∼ (0,𝐼)

[

‖

‖

‖

𝜖 − 𝜖𝜃(𝑧𝑡, 𝑡, 𝑐)
‖

‖

‖

2

2

]

,

where 𝑧𝑡 =
√

𝛼̄𝑡 𝑧0 +
√

1 − 𝛼̄𝑡 𝜖, 𝑧0 = 𝜑(𝑥0).
(13)

with 𝑧0 = 𝜑(𝑥0) from normal training images only. The VAE (𝜑,𝜑) is 
frozen.

The proposed ISKG-based alignment does not introduce any addi-
tional alignment loss term. The denoiser is optimized only by diff in 
latent space; alignment is implemented as latent-feature guidance in-
jection inside the denoising network (Section 3.4), while the training 
objective remains unchanged.

3.3.  Adapter DiT block

Although our objective is for the model to generate defect-free ver-
sions of input samples, this task remains a downstream image genera-
tion problem, where the Adapter mechanism can be leveraged for effi-
cient finetuning. We therefore introduce a lightweight Adapter module 
consisting of a two-layer MLP with GELU activation. This module can 
accelerate the convergence of the diffusion process. It projects the in-
put features to a reduced hidden dimension, applies a nonlinearity, and 
then projects them back to the original dimension. The Adapter struc-
ture can greatly accelerate model convergence and reduce training time. 
It is important to note that the Adapter structure described here is dis-
tinct from the adaptive layer normalization (adaLN) used within the DiT 
blocks. By incorporating the Adapter mechanism, our model can effec-
tively reuse the pretrained DiT weights on the ImageNet dataset, en-
abling knowledge transfer from large-scale natural image distributions 
to the industrial anomaly reconstruction task. We design three different 
Adapter insertion positions. The structure of the Adapter is shown in 
Fig. 2.

3.4.  ISKG for alignment

The ISKG network serves as a dedicated guidance extractor to pro-
vide structurally consistent cues for the denoising backbone. Alignment 
in our paper refers to feature-scale alignment in the latent token space. 
Specifically, ISKG is designed to be topologically compatible with the 
main DiT denoiser (same tokenization and block-style operations), so 
that its output guidance features match the token resolution and feature 
dimensionality of the backbone activations.

In practice, the input image 𝑥0 is resized to 32 × 32 × 3 to match the 
token scale used by the DiT backbone. It is then patchified into tokens 
to produce guidance features, which are additively injected into the 
corresponding DiT blocks during denoising. ISKG encodes multi-scale 
contextual representations that preserve normal structural priors while 
suppressing the influence of potential anomalies in the input.

The extracted guidance features are injected into the denoising back-
bone at corresponding layers through additive modulation. This mech-
anism ensures that the diffusion process restores images along seman-
tically and geometrically consistent directions, allowing the network to 
reconstruct the input toward its normal appearance while attenuating 
abnormal regions.

We term our guidance module ‘Isomorphic’ because it mirrors the 
topological structure of the primary denoiser. This design choice is 

grounded in the principle of feature alignment. By ensuring that the 
guidance features share the same tokenization, dimensionality, and at-
tention dynamics as the latent space features, we minimize the informa-
tion loss typically associated with cross-architecture fusion (e.g., CNN 
guiding ViT). This allows for the seamless injection of structural priors, 
effectively treating the input image’s geometry as an immutable knowl-
edge constraint during the diffusion process. In essence, ISKG does not 
generate explicit noise predictions but instead enhances the denoiser’s 
capacity to recover correct orientations and shapes, thereby improving 
the fidelity and robustness of diffusion-based reconstruction. The pri-
mary role of ISKG is to constrain the diffusion reconstruction to follow 
the same global direction and orientation as the input image, rather 
than to introduce new semantic conditions or alter the content being 
generated.

To further improve representational compatibility in latent space, 
we initialize ISKG by copying the weights from the first 𝑁 DiT blocks of 
the pretrained backbone. At the beginning of finetuning, these first 𝑁
backbone blocks are frozen, and we ablate different 𝑁 values in Table 7. 
This protocol is used to stabilize the aligned feature scales between ISKG 
and the backbone without changing the diffusion loss.

3.5.  Anomaly detection

After denoising to 𝑧̂0, we decode a reconstruction 𝑥̂0 = 𝜑(𝑧̂0), where 
𝑥0 denotes the input image and 𝑥̂0 denotes its reconstructed counterpart 
obtained from the predicted clean latent. To robustly quantify abnor-
mality, we compare representations of the input and the reconstruction, 
extracted by a frozen, pretrained ResNet  . This reconstruction compar-
ison mechanism also provides an intrinsic form of interpretability, as the 
resulting anomaly maps explicitly indicate which regions contribute to 
the anomaly decision.

Multi-layer features. Let {𝓁𝑘}𝐾𝑘=1 denote 𝐾 intermediate layers (e.g.,
res1, res2, res3) of  . We compute feature maps 𝐹𝑘 =  (𝓁𝑘)(𝑥0) and 
𝐹𝑘 =  (𝓁𝑘)(𝑥̂0), each of shape 𝐻𝑘 ×𝑊𝑘 × 𝐶𝑘. We then define patch-wise 
distances 𝐷𝑘 ∈ ℝ𝐻𝑘×𝑊𝑘 :

𝐷𝑘(𝑖, 𝑗) = 1 −

⟨

𝐹𝑘(𝑖, 𝑗, ∶), 𝐹𝑘(𝑖, 𝑗, ∶)
⟩

‖𝐹𝑘(𝑖, 𝑗, ∶)‖2 ‖𝐹𝑘(𝑖, 𝑗, ∶)‖2
. (14)

Pixel-level evaluation. For quantitative assessment at the pixel level, 
the Area Under the Receiver Operating Characteristic curve (AUC) is 
employed as the primary metric. For each test image, the predicted 
anomaly map and its corresponding binary ground-truth mask are flat-
tened into one-dimensional vectors. All pixel-wise predictions and labels 
are concatenated across the entire test set to form a unified evaluation 
pool. The false positive rate and true positive rate are then computed 
under varying thresholds to construct the ROC curve, and the final AUC 
value is reported as the pixel-level anomaly score. Pixel-level AUROC 
is computed following the standard ROC formulation. When the com-
puted AUROC is below 0.5, this indicates that the predicted anomaly 
scores are globally inverted with respect to the ground-truth labels. In 
this case, we apply a symmetric adjustment, which corresponds to a 
category-level polarity correction. This operation is applied uniformly 
to all predictions of a category and preserves the relative ordering of 
anomaly scores.

Image-level evaluation. For quantitative assessment at the image level, 
we utilize a global-maximum aggregation strategy consistent with the 
implementation of EvalImageMax. For image-level evaluation, we adopt 
the EvalImageMax protocol. Each pixel-wise anomaly map is smoothed 
by applying 8 iterations of average pooling with a kernel size of 8 × 8
and stride 1. After smoothing, global max pooling is applied to obtain 
the final image-level anomaly score. These parameters are fixed for all 
datasets and experiments. This strategy provides a robust and consistent 
measure of image-level abnormality across different datasets and defect 
types.
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Table 1 
Comparison with state-of-the-art methods on MVTec AD dataset, with all metrics reported as 
𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠/𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔 .

 Category  DiT  UTRAD  UniAD  DRAEM  DiAD  STDRAD

Objects

 Bottle  65.1/72.9  98.2/95.6  99.5/97.8  97.5/87.6  99.8/98.3  100.0/98.4
 Cable  54.9/82.2  90.3/93.5  77.5/93.3  57.8/71.3  90.5/95.7  87.8/94.3
 Capsule  56.0/82.4  68.7/93.5  66.9/96.7  65.3/50.5  78.3/96.5  88.6/97.7
 Hazelnut  81.6/93.9  91.8/98.4  99.3/97.4  93.7/96.9  97.3/97.9  99.5/98.1
 Metal-nut  53.0/66.9  58.5/71.6  95.4/91.1  72.8/62.2  97.0/96.7  97.8/96.0
 Pill  57.3/63.1  78.2/95.2  73.1/90.5  82.2/94.4  86.8/93.9  91.9/96.1
 Screw  60.6/84.3  80.1/89.5  55.1/93.9  92.0/95.5  84.5/98.0  90.4/98.2
 Toothbrush  52.5/81.5  55.0/28.9  90.0/97.7  90.6/97.7  95.6/98.7  99.2/98.6
 Transistor  67.7/81.9  74.0/77.5  90.3/95.7  74.8/64.5  99.6/93.1  94.2/86.6
 Zipper  62.7/63.7  95.2/96.9  90.0/94.2  98.8/98.3  95.9/95.5  94.4/95.2

Textures

 Carpet  90.4/91.7  95.3/96.9  100.0/98.7  98.0/98.6  98.6/98.9  98.3/98.9
 Grid  64.2/51.5  96.8/97.4  96.7/94.6  99.3/98.7  91.0/94.6  97.7/97.0
 Leather  88.2/95.3  99.4/99.0  100.0/99.1  98.7/97.3  96.8/96.2  98.7/98.7
 Tile  85.6/84.2  94.3/92.9  97.4/90.2  99.8/98.0  98.6/93.2  99.4/93.0
 Wood  93.6/86.2  98.2/91.4  97.3/93.4  99.8/96.0  98.9/92.3  99.1/92.7
 Mean  68.9/78.8  84.9/87.9  88.6/95.0  88.1/87.2  93.9/96.0  95.8/96.0

4.  Experiment

4.1.  Implementation details

All experiments are conducted on RGB input images with a spatial 
resolution of 256 × 256 × 3. A frozen VAE is used to map between the 
pixel and latent domains, and the vae-ft-mse version released by Hug-
gingFace is adopted without finetuning. The denoising backbone follows 
the standard DiT-XL/2 configuration with official pretrained weights, 
where each DiT block consists of multi-head self-attention and a two-
layer feed-forward network with GELU activation. No dropout is ap-
plied inside the DiT attention or feed-forward layers, consistent with 
the original DiT design. Lightweight Adapter modules are implemented 
as two-layer MLPs with GELU activation and are inserted into the DiT 
blocks as described in Section 3.2.

The ISKG module shares the same transformer-style building blocks 
as the denoising backbone. During training, a dropout operation with 
a rate of 0.1 is applied to the guidance features before they are 
injected into the denoising backbone, randomly discarding 10% of 
the guidance information. This dropout is used only during training 
to prevent over-reliance on guidance signals and is disabled during
inference.

For MVTec AD and VisA, the model is fine-tuned for 400 epochs 
with a fixed learning rate of 1 × 10−5. No adaptive optimizer is used. 
The training batch size is set to 64. No data augmentation is applied 
during training, as the model is trained solely on normal samples. All 
experiments are conducted with a fixed random seed set to 22 to ensure 
deterministic behavior.

The diffusion process follows the standard deterministic DDIM for-
mulation with 𝑇 = 10 sampling steps and a linear noise schedule. The 
ISKG module contains five DiT blocks (𝑁 = 5). Training is performed 
jointly across all categories within a single unified model. For anomaly 
detection, a pretrained ResNet-50 model trained on ImageNet is used as 
the feature extractor. Feature maps from the res2, res3, and res4 stages 
are selected to compute anomaly scores, and cosine distance is used as 
the similarity metric. For anomaly map post-processing, iterative aver-
age pooling with fixed settings is applied to improve spatial consistency, 
followed by bilinear interpolation to upsample anomaly maps to the 
input resolution. All diffusion-related hyperparameters follow standard 
settings commonly adopted in latent diffusion and DiT-based models, 
rather than being tuned for specific datasets. Architectural hyperparam-
eters are fixed across experiments and selected based on the ablation 
studies in Section 4.4. All dataset preprocessing steps follow the official 
protocols of the MVTec AD and VisA benchmarks. All experiments are 
conducted on a single NVIDIA H100 GPU.

Table 2 
Comparison of model size and computational cost with represen-
tative reconstruction-based anomaly detection methods. Trainable 
parameters are reported in millions (M). FLOPs are reported in 
GFLOPs under input resolution 256 × 256 with batch size fixed to 
12 for all methods.

 Method  Params (M)  FLOPs (G)
 DiT-XL/2  675  148.2
 CDAD  1099  128.1
 DiAD  1330  622.6
 STDRAD  831  185.6

Computational cost analysis. Since the proposed method adopts a 
DiT-based latent diffusion backbone, we further analyze its computa-
tional cost and model size to provide a fair comparison with existing 
approaches. We focus on representative reconstruction-based anomaly 
detection methods, which share similar inference pipelines and genera-
tive reconstruction objectives.

Table 2 reports the number of trainable parameters and FLOPs for 
DiT (Peebles & Xie, 2023), CDAD (Li et al., 2025), DiAD (He et al., 
2024), and the proposed STDRAD. All FLOPs are measured under a 
unified setting with input resolution fixed to 256 × 256 and batch size 
fixed to 12 for all methods. This unified configuration ensures consistent 
inference-time conditions and avoids bias caused by different evaluation
setups.

As shown in Table 2, although STDRAD is built upon a strong DiT 
(XL/2) backbone, its computational cost remains comparable to other 
diffusion-based reconstruction methods. In particular, STDRAD requires 
substantially fewer FLOPs than DiAD, while maintaining a similar order 
of trainable parameters and achieving superior detection performance. 
This comparison indicates that the performance gains of STDRAD are not 
merely due to increased computational budget, but arise from the pro-
posed stacked transformer denoising architecture and isomorphic struc-
tural guidance design.

4.2.  Datasets & evaluation metrics

MVTec-AD. The MVTec AD dataset (Bergmann et al., 2019) is a widely 
adopted industrial benchmark comprising 3629 defect-free training im-
ages and 1725 test images across 15 object and texture categories. Its 
diverse and realistic anomalies provide a rigorous testbed for evaluating 
unsupervised anomaly detection and localization, aligning well with the 
objectives of this study.
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Table 3 
Comparison with state-of-the-art methods on VisA dataset, with all metrics re-
ported as 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠/𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔 .

 Category  DiT  UTRAD  UniAD  CDAD  DiAD  STDRAD
 pcb1  69.0/87.0  67.6/76.2  92.8/93.3  86.7/97.9  85.5/99.2  86.4/97.4
 pcb2  56.7/88.8  80.5/82.4  87.8/93.9  92.1/95.7  90.8/96.0  93.6/98.6
 pcb3  67.6/92.3  82.4/92.3  78.6/97.3  80.7/97.0  85.4/96.9  84.0/97.9
 pcb4  80.0/89.7  90.0/84.2  98.8/94.9  99.2/90.8  99.4/96.6  99.2/94.8
 macaroni1  63.8/80.9  68.0/81.2  79.9/97.4  56.3/95.9  77.1/91.7  85.8/98.4
 macaroni2  50.6/84.5  53.0/74.3  71.6/95.2  78.3/89.5  53.9/91.7  58.4/94.2
 capsules  55.8/70.8  73.4/98.0  55.6/88.7  79.8/96.8  50.6/96.0  84.1/99.4
 candle  69.4/95.1  89.3/96.2  94.1/98.5  80.0/95.2  88.4/97.2  90.0/96.5
 cashew  59.3/93.7  66.8/53.1  92.8/98.6  90.2/93.7  92.0/84.4  92.1/98.3
 chewinggum  60.2/88.6  78.1/87.6  96.3/98.8  89.9/96.3  90.1/94.5  92.5/98.5
 fryum  75.4/94.7  92.0/91.9  83.0/95.9  80.9/95.1  85.9/96.0  88.9/94.4
 pipe-fryum  62.1/98.3  80.8/88.8  94.7/98.9  91.9/96.8  96.2/98.2  88.3/97.9
 Mean  64.0/88.7  76.8/83.9  85.5/95.9  83.8/95.1  82.9/94.9  86.9/97.2

VisA. The VisA dataset (Zou et al., 2022) is a large-scale industrial 
anomaly detection benchmark comprising 10,821 high-resolution im-
ages across 12 object categories. It includes 9,621 normal samples and 
1,200 anomalous samples, each annotated with pixel-level defect masks. 
The dataset encompasses a wide range of industrial items with diverse 
geometric structures, surface textures, and material properties. Com-
pared to MVTec AD, VisA features higher intra-class diversity and more 
complex real world scenes, offering a more challenging benchmark for 
evaluating unsupervised and multi-class anomaly detection methods.

Evaluation metrics. We follow standard practice and use two metrics: 
image-level 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠, assessing the ability to distinguish normal from 
anomalous samples, and pixel-level 𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔 , measuring localization 
accuracy. Both range from 0 to 1, with higher values indicating bet-
ter performance. Following standard practice in reconstruction based 
anomaly detection. All results are reported under the fixed train/test 
splits of the benchmarks with a fixed random seed, without repeated 
runs or cross-validation.

4.3.  Comparison with SOTAs

We conduct a comprehensive comparison between the proposed 
method and state-of-the-art reconstruction-based approaches on the 
MVTec AD and VisA datasets, including UniAD (You et al., 2022), 
UTRAD (Chen et al., 2022), CDAD (Li et al., 2025), DRAEM (Zavr-
tanik et al., 2021a), DiAD (He et al., 2024), and the baseline diffu-
sion transformer DiT (Peebles & Xie, 2023). The DiT baseline represents 
an unguided Transformer based diffusion reconstruction model, where 
denoising is performed without any structural guidance or alignment 
mechanism.

The quantitative comparisons on the MVTec AD dataset (Table 1) 
demonstrate the consistent advantages of our framework across both 
object and texture categories. On MVTec AD, our method achieves 
the highest mean performance, with 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠 reaching 95.8% and 
𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔 reaching 96.0%, indicating accurate image-level discrimi-
nation and reliable pixel-level localization. On VisA (Table 3), STDRAD 
also attains the best mean 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠/𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔 of 86.9%/97.2%, sub-
stantially surpassing the DiT baseline and other competitors, which con-
firms that the proposed framework generalizes well to more diverse and 
challenging industrial scenarios. The inferior performance of the DiT 
baseline indicates that a strong Transformer backbone alone is insuffi-
cient for anomaly detection, and that effective guidance and alignment 
are critical for suppressing anomalous patterns in diffusion-based recon-
struction.

Complementary qualitative results in Figs. 4 and 5 further show that 
our model reconstructs normal structures faithfully while effectively 
suppressing anomalous regions, enabling precise detection even under 

Fig. 3. Training loss curves for different adapter insertion strategies, including 
three insertion positions and the baseline DiT Block without any adapter.

challenging defect patterns. It is worth noting that the DiT backbone 
without any guidance mechanism corresponds to a vanilla diffusion re-
construction model in our experiments. In contrast, the DiT baseline 
without ISKG (denoted as Without Guide) exhibits noticeable geomet-
ric misalignment in these qualitative comparisons, such as orientation 
changes and structural shifts relative to the input image.

4.4.  Ablation study

We perform ablation studies on key components of STDRAD, includ-
ing the Adapter block, the ISKG module, its input forms, as well as the 
injection positions and injection methods of ISKG.

Effect of adapter DiT blocks. We design three types of Adapter inser-
tion strategies based on the DiT block: MLP Adapter, which inserts the 
adapter after the MLP; Atten Adapter, inserted after the cross-attention; 
and Both Adapter, inserted after both the MLP and the cross-attention.

The training curves of these three variants, along with STDRAD with-
out any adapter, are presented in Fig. 3. For clarity, each point on the 
curve represents the average loss over 760 optimization steps. Due to 
the nature of diffusion generative models, the training loss reflects the 
noise-prediction objective and is primarily analyzed at the level of opti-
mization steps rather than epochs, and it does not directly indicate the 
final quality of generated images. As shown, the Both Adapter configu-
ration exhibits a faster convergence trend in terms of step-wise diffusion 
training loss compared to the other variants. This observation indicates 
that inserting adapters into both the attention and MLP modules facil-
itates more efficient optimization under the diffusion noise-prediction 
objective. In addition, the proposed Adapter design enables the early-
stage backbone blocks to remain frozen during training, reducing the 
number of trainable parameters of the denoising network by approxi-
mately 25%. This parameter reduction not only improves training ef-
ficiency but also stabilizes optimization by preventing unnecessary up-
dates in structurally mature layers. The Adapter module is introduced 
for training efficiency and does not aim to change the final anomaly 
detection performance.

Effect of ISKG input type. We investigate the impact of different ISKG in-
put types by comparing pixel-level images and latent representations as 
guidance signals. When feeding the ISKG with latent inputs that share 
the same representation space as the main denoising branch, the in-
jected guidance inevitably carries the anomalous patterns embedded in 
the latent space. Consequently, the denoising process attempts to pre-
serve these abnormal structures, resulting in reconstructed outputs that 
remain overly similar to the original inputs. Such behavior prevents the 
model from suppressing anomalies and fundamentally impairs its capa-
bility for anomaly detection.

In contrast, using the raw image at the pixel level provides a clean 
and structurally informative guidance signal that does not contain 
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Fig. 4. Qualitative comparison on MVTec-AD. Each row shows an input image, its ground-truth anomaly mask (GT), and the outputs of several reconstruction 
variants: “Without Guide” and “WG Map” denotes reconstruction and heatmaps using the denoiser alone; “Latent Guide” and “LG Map” denote the reconstruction 
and heatmaps under Latent Guidance; “STDRAD” and “STDRAD Map” show the reconstruction and heatmaps of our proposed model. Heatmaps represent predicted 
anomaly responses. Our STDRAD delivers the cleanest normal-structure reconstruction and strongest suppression of anomalous regions.

Table 4 
Ablation study on different ISKG input types.

 ISKG Input Type 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠 𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔

 Latent  65.4  70.5
 Image (ours)  95.8  96.0

latent-domain distortions. This pixel-level input effectively stabilizes the 
ISKG-to-Denoising interaction and guides the denoising process toward 
normal patterns. As a result, the reconstructed outputs exhibit proper 
anomaly removal and yield significantly improved detection and local-
ization performance. The quantitative comparison is summarized in Ta-
ble 4.

Effect of alternative ISKG backbones. We evaluate an alternative config-
uration in which the ISKG module adopts a DINOv2 feature extractor. 
The variant preserves the same feature injection rule and the same inter-
action interface. Its performance is consistently lower than that of the 
DiT-based ISKG, as reported in Table 5. The DINOv2 features present 

Table 5 
Ablation study on different ISKG backbone 
designs.

 ISKG Backbone 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠 𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔

 DINOv2-based  83.3  91.2
 Ours  95.8  96.0

weaker alignment with the latent token space of the main denoiser. 
The weaker alignment reduces the ability of the guidance module to 
provide reliable structural cues. As a result, the main denoiser must al-
locate more representational capacity to reconciling heterogeneous fea-
tures. This additional burden decreases the fidelity of the reconstruction 
process. The proposed ISKG maintains structural homogeneity with the 
denoiser. The homogeneity ensures that the backbone receives features 
that follow consistent scales and attention patterns. This consistency al-
lows the network to concentrate on the denoising trajectory rather than 
compensatory feature fusion.
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Fig. 5. Qualitative comparison on VisA. Each row shows an input image, its ground-truth anomaly mask (GT), and the outputs of several reconstruction variants: 
“Without Guide” and “WG Map” denotes reconstruction and heatmaps using the denoiser alone; “Latent Guide” and “LG Map” denote the reconstruction and 
heatmaps under Latent Guidance; “STDRAD” and “STDRAD Map” show the reconstruction and heatmaps of our proposed model. Heatmaps represent predicted 
anomaly responses. Our STDRAD delivers the cleanest normal-structure reconstruction and strongest suppression of anomalous regions.

Effect of ISKG fusion strategy. We compare two mechanisms for incor-
porating ISKG features into the backbone: cross-attention and direct ad-
ditive fusion. As shown in Table 6, the additive strategy yields substan-
tially higher performance. This difference arises from the distinct ways 
in which the two fusion mechanisms interact with the noise-prediction 
objective. In our setting, the optimization is driven solely by the 
noise-prediction loss, which provides limited supervisory pressure on
attention weights. Under the cross-attention design, ISKG features are 
introduced through an auxiliary attention branch whose contribution 
can remain marginal throughout training. In contrast, additive fusion 
injects ISKG features directly into the backbone activations, ensuring 
that the guidance information participates in every forward update. This 
structural difference leads to a consistently stronger influence of ISKG 
features during denoising, resulting in improved reconstruction fidelity 
and anomaly suppression.

Effect of ISKG injection position. We explore various values of 𝑀 and 
𝑁 to identify the most effective defect detection configuration. During 
initialization prior to training, the parameters of the ISKG are initialized 
by copying those of the first 𝑁 DiT blocks from the backbone. These 𝑁

Table 6 
Ablation study of ISKG fusion strategies. 
C-A denotes cross attention fusion and add 
denotes additive fusion.

 ISKG Fusion 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠 𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔

 C-A  80.6  89.4
 Add  95.8  96.0

blocks in the backbone are then frozen at the beginning of training. 
Given that the base model contains 28 DiT blocks, we fix 𝑀 +𝑁 = 28
to maximize the benefits of the pre-trained DiT-XL/2 model.

Experimental results corresponding to different insertion positions 
are shown in Table 7. It is evident that the proposed ISKG provides 
strong guidance to the backbone denoising network. Even a minimal 
ISKG with 𝑁 = 1 is sufficient to steer the model to generate samples 
aligned in direction and scale with the input. Increasing 𝑁 further does 
not yield additional improvements in defect detection performance; on 
the contrary, it may lead to the model overfitting to excessive input
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Table 7 
Results of ISKG injected at different locations within the 
backbone network. 𝑀 denotes the number of Adapter 
DiT Blocks, and 𝑁 represents the number of preceding 
DiT blocks in the backbone.

𝑀 − 𝑁  27-1  23-5  18-10  13–15  8–20
𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠  93.4  95.8  91.9  91.6  87.3
𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔  94.6  96.0  93.0  93.6  92.8

Table 8 
Ablation on ResNet-50 multi-layer selec-
tions for anomaly map computation. ✓ in-
dicates inclusion of the corresponding fea-
ture layer. All metrics are reported as 
𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠/𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔 .

𝑓1 𝑓2 𝑓3 𝑓4 𝑓5  AUROC
✓ ✓  91.8 / 92.2

✓ ✓ ✓  95.8 / 96.0
✓ ✓ ✓  89.9 / 90.5

✓ ✓ ✓ ✓  94.9 / 95.4
✓ ✓ ✓ ✓  95.3 / 95.5

✓ ✓ ✓ ✓ ✓  90.7 / 92.4

Table 9 
Ablation on distance metrics for anomaly 
scoring. All results are reported as 
𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠/𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔 .

 Distance Metric 𝐴𝑈𝑅𝑂𝐶𝑐𝑙𝑠 𝐴𝑈𝑅𝑂𝐶𝑠𝑒𝑔

𝓁1 distance  88.4  91.4
𝓁2 distance  92.7  93.5
 cosine distance  95.8  96.0

features, impairing its ability to suppress defects during generation. Em-
pirically, the best performance is achieved when 𝑀 = 23 and 𝑁 = 5, 
indicating an optimal balance between guided features and backbone 
information fusion.

Effect of feature layer selection. We ablate different combinations of 
ResNet-50 feature layers for anomaly map computation. As summarized 
in Table 8, using intermediate layers (res2, res3, and res4) achieves the 
best overall performance. Lower-level features are overly sensitive to 
local texture noise, while higher-level features lose spatial precision. 
Therefore, res2/res3/res4 are adopted in the final model.

Effect of distance metric. We compare 𝓁1, 𝓁2, and cosine distance for 
feature-level anomaly scoring under identical settings. As shown in
Table 9, cosine distance achieves the best performance. Accordingly, 
cosine distance is used in the final model.

5.  Limitations

We clarify a representative limitation inherent to reconstruction 
based diffusion. When the input image is normal, the diffusion recon-
struction introduces small but systematic background perturbations due 
to the iterative denoising process in latent space and the subsequent 
VAE decoding. These perturbations are visually subtle but spatially dis-
tributed across background regions. During anomaly scoring, the frozen 
CNN feature extractor responds deterministically to such perturbations, 
resulting in accumulated feature discrepancies even in the absence of 
true defects. Consequently, the anomaly map exhibits false-positive acti-
vations on normal samples, particularly in background areas with repet-
itive or low-contrast textures, as illustrated in Fig. 6.

In most cases, these activations remain low in magnitude and do not 
affect image-level anomaly classification. Only when the perturbations 
span a large area and produce consistently high anomaly responses do 
they lead to false positives at the image level.

Fig. 6. Illustration of the identified limitation on normal samples. Although the 
input images contain no anomalies, mild background perturbations introduced 
during diffusion reconstruction lead to spurious activations in the anomaly 
maps.

6.  Conclusion

In this work, we introduced STDRAD, a stacked transformer diffusion 
reconstruction framework for unsupervised multi-class anomaly detec-
tion. By employing a fully transformer-based denoiser, an Isomorphic 
Structural Knowledge Guidance mechanism, and a multi-scale feature 
alignment strategy, the framework achieves semantically aligned and 
geometrically consistent reconstruction, effectively addressing the mis-
alignment issues of conventional U-Net based diffusion models and en-
abling reliable residual-based anomaly localization across diverse defect 
types. Importantly, STDRAD is not designed merely to pursue higher 
MVTec AD or VisA leaderboard scores; rather, its primary goal is to 
explore how to construct a transformer-based, knowledge-guided, and 
parameter-efficient generative anomaly detection system suitable for 
real industrial scenarios. Moreover, because the architecture closely 
follows the design principles of DiT, advances in diffusion modeling 
and stacked-transformer research can be seamlessly integrated into our 
framework, providing strong compatibility and extensibility for future 
developments. Extensive experiments on industrial benchmarks demon-
strate the effectiveness of STDRAD, highlighting its potential as a robust 
foundation for next-generation anomaly detection systems.

Looking forward, several concrete extensions of the proposed frame-
work are worth exploring. One promising direction is online or continual 
adaptation, where the diffusion model incrementally updates its rep-
resentation to accommodate distribution shifts in long-term industrial 
deployment. Another direction is extending STDRAD to video anomaly 
detection by incorporating temporal consistency into the diffusion re-
construction and guidance mechanisms, enabling the modeling of spa-
tiotemporal anomalies. In addition, exploring more lightweight diffu-
sion backbones or reducing denoising steps may further improve effi-
ciency and facilitate deployment in real-time or resource-constrained 
industrial environments.
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