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Abstract

Detecting visual anomalies in diverse, multi-class real-
world images is a significant challenge. We introduce
VLMDIiff, a novel unsupervised multi-class visual anomaly
detection framework. It integrates a Latent Diffusion Model
(LDM) with a Vision-Language Model (VLM) for enhanced
anomaly localization and detection. Specifically, a pre-
trained VLM with a simple prompt extracts detailed image
descriptions, serving as additional conditioning for LDM
training. Current diffusion-based methods rely on syn-
thetic noise generation, limiting their generalization and
requiring per-class model training, which hinders scalabil-
ity. VLMDIiff, however, leverages VLMs to obtain normal
captions without manual annotations or additional training.
These descriptions condition the diffusion model, learning
a robust normal image feature representation for multi-
class anomaly detection. Our method achieves compet-
itive performance, improving the pixel-level Per-Region-
Overlap (PRO) metric by up to 25 points on the Real-IAD
dataset and 8 points on the COCO-AD dataset, outper-
forming state-of-the-art diffusion-based approaches. Code
is available at https ://github.com/giddyyupp/
VLMDiff.

1. Introduction

Visual Anomaly Detection (AD) involves identifying and
localizing abnormal regions in images, with applications
across various computer vision tasks. These include qual-
ity control in manufacturing [2, 46, 67] where detecting
defects ensures product reliability, and autonomous driv-
ing [5] where identifying unseen obstacles is crucial for
safety. The key challenge in visual AD lies in the scarcity
of labeled abnormal samples—while normal cases are of-
ten well-documented, collecting and annotating anomalous
instances is typically impractical due to their rarity and di-
versity [35]. Consequently, unsupervised approaches that
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Figure 1. Comparison of (a) current diffusion-based approaches
and (b) our approach. Our method extracts textual descriptions
from VLMs to guide the training of the underlying diffusion
model.

rely solely on normal examples are essential for real-world
deployment, enabling robust AD without the need for ex-
haustive manual annotations [11].

The primary approaches for visual AD can be catego-
rized into augmentation-based [29, 43, 55], embedding-
based [18, 24, 25], reconstruction-based [19, 45, 60],
and hybrid approaches [53, 63] that combine multiple
techniques. Among these, reconstruction-based methods
emerge as a natural solution which train models to learn
normal sample reconstructions. During inference, when
an anomalous sample is encountered, the model will at-
tempt to reconstruct it as a normal sample, resulting in
a higher reconstruction error compared to normal inputs.
This reconstruction error is then used to identify anoma-
lies. Various architectures have been explored for this
purpose, including autoencoders [1], masked vision trans-
formers (ViTs) [60], and Mamba models [19]. Recently,
diffusion-based [22, 39, 44] approaches have been pro-
posed for AD [20, 30, 48, 49, 57, 62] as another line of
reconstruction-based methods. However, first, their perfor-
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mance still lags behind the current state-of-the-art methods,
especially on datasets with subtle defect types [46], primar-
ily due to weak guidance signals during training. Second,
most of these models [15, 48, 49, 57, 62], except for [20],
are trained on a per-class basis, making them impractical
for large-scale datasets with multiple object categories. Last
but not least, their pipeline relies on synthetic anomaly gen-
eration in the image space, which limits them to specific
defect types and domains.

Another line of research [6, 17, 54, 65] explores lever-
aging the strong zero-shot capabilities of vision-language
models (VLMs) for visual AD. These methods rely on
learning effective text prompts to generate accurate descrip-
tions of both normal and anomalous cases. However, to
learn prompts for anomalies, they typically require labeled
auxiliary anomalous data from external datasets, which is
often difficult to obtain in practice. Additionally, since ob-
ject defects occur at the pixel level, prompt learners of-
ten struggle to accurately determine whether an anomaly is
present, limiting their effectiveness in fine-grained AD.

In this work, we propose a multi-class AD framework
that puts together the strong descriptive power of VLMs and
diffusion models, dubbed as VLMDIff. It leverages textual
descriptions extracted from off-the-shelf VLMs without re-
quiring prompt learning. We devise one simple prompt to
get the detailed description of the main object for the train-
ing. These descriptions are embedded using a text encoder.
The encoded vector is then incorporated as an additional
conditioning signal for the diffusion model to improve the
reconstruction performance. Our approach exploits Latent
Diffusion Models (LDMs) [39] for an efficient reconstruc-
tion process. Figure | presents a high-level comparison be-
tween existing diffusion-based methods and VLMDiff.

VLMDiff is not limited to a specific domain, it shows
superior performance on industrial (Real-IAD [46]) and
more general purpose (COCO-AD [59]) large scale AD
datasets. It significantly outperforms the state-of-the-art
diffusion-based methods on pixel-level metrics. Notably,
our method achieves up to a 25-point improvement on
the Real-IAD [46] dataset in the pixel-level P RO metric.
Unlike the existing diffusion-based methods [15, 57, 62],
VLMDiff supports multi-class AD where only a single
model per dataset is trained rather than training a single
model per class which would improve 1) generalization
thanks to broader normality representation, 2) robustness
thanks to reduced overfitting by avoiding per class training,
3) scalability thanks to reduced model complexity by main-
taining and deploying a single model only, 4) efficiency
thanks to faster training and inference, 5) AD in complex
scenarios thanks to capturing contextual relationships be-
tween different object categories within a dataset, and 6)
detection of novel anomalies thanks to the holistic repre-
sentation of normality that is not constrained to any specific

class-based definition. The proposed VLMDiff has the fol-

lowing key contributions:

* We leverage the strong descriptive capabilities of vision-
language models (VLMs) to guide the learning of the
diffusion-based multi-class AD model.

* Without requiring specially designed or learned prompts,
VLMDiIff substantially improves the baseline pixel-level
performance.

* Learning a multi-class AD model rather than an individ-
ual class per category. This has a tangible impact on gen-
eralization, scalability and efficiency.

* We demonstrate the effectiveness of our approach on two
diverse datasets, highlighting its robustness and general-
izability.

2. Related Work

In this section, we first give a summary of prominent visual
AD methods, then focus on the diffusion-based approaches,
and finally elaborate on the prompt learning based methods
which use textual descriptions as an additional modality.
Visual AD. Existing methods can be broadly categorized
into three strategies: embedding-based, augmentation-
based, and reconstruction-based.

Embedding based approaches [18, 24, 25, 33, 41] first
extract high-dimensional image or patch features from pre-
trained networks, and then compare features coming from
normal and anomalous data to locate anomalies. Very first
approaches [33] use clustering on the extracted patch fea-
tures from ResNet [21] pretrained on ImageNet [14]. Later
works [10, 12, 24, 41] add memory banks to extend the
available feature context. Normalizing flow based meth-
ods [18, 25] extract multi-level patch features and learn ei-
ther the distribution of positive patches or minimize the dis-
tance between each positive patch. Knowledge distillation
is also used within a teacher-student framework in [4, 47].

Another line of work [29, 43, 55, 64] employs augmen-
tations to simulate anomalous data. DRAEM [55] trains an
autoencoder to reconstruct both normal and generated noisy
images using Perlin [37], and a discriminative network lo-
cates the anomalies.

Generative methods learn to reconstruct normal samples
using VAE [2], GAN [1, 42], ViT [60], or more recently, dif-
fusion models [20, 48, 49, 57]. During inference, a higher
reconstruction error will result from anomalous inputs com-
pared to the normal ones. Bergmann et al. [2] show a VAE
trained with a structural similarity (SSIM) objective that is
able to detect pixel-level defects. GANomaly [1] employs
a GAN architecture to detect image-level anomalies. Vi-
TAD [60] uses vision transformers in VAE architecture and
obtains state-of-the-art performance.

Diffusion Models. These models [22, 39] show unprece-
dented image generation capabilities, which makes them
a natural candidate for AD. The first works using diffu-



sion are proposed in the medical domain [48, 49]. Later
works [15, 20, 30, 52, 57, 62] extend diffusion models to
industrial defect localization. DiffAD [62] consists of two
sub-networks: a Latent Diffusion Model (LDM) to recon-
struct samples and a discriminative network to segment de-
fect locations. DiffusionAD [57] follows a similar approach
as DiffAD with the addition of a synthetic anomaly gener-
ation pipeline. During training, synthetic anomaly data is
generated either using an external dataset [9] for overlap-
ping classes or Perlin noise [37] similar to DRAEM [55].
In order to reduce the inference time, a norm-guided one-
step denoising approach is employed. The main drawbacks
of these approaches are that, first, they train separate mod-
els for each class, which limits them from generalizing to
large datasets with many objects, and second, the genera-
tion and segmentation models are separately trained. Trans-
fusion [15] merges the generation and anomaly localization
parts into a single diffusion model which works in image
space [22]. The diffusion model takes input as Perlin noise
added to normal images along with noise masks and outputs
both the noise-removed images along with the noise masks.

Recently, DiAD [20] proposed using a conditional diffu-
sion model which relaxed the need to train separate models
for each class. Moreover, the anomaly segmentation is done
by comparing the multi-level features extracted from a fixed
pretrained network for input and reconstructed images, in-
stead of training a separate segmentation network. These
two properties make DiAD versatile to adapt to different
datasets which could have multiple objects in the images as
anomalies. However, the performance of DiAD and pre-
vious diffusion-based methods is falling behind the current
state-of-the-art on large and complex datasets [46, 59], most
likely due to the weak guidance they are using. Our method
strengthens the guidance by using detailed text descriptions
extracted from powerful VLMs.

Multi Modal Methods. Alternatively, so far, text data is
used in the context of prompt learning for extracting short
anomaly descriptions. These methods utilize CLIP [38]
which shows exceptional zero-shot detection capability in
various unsupervised vision tasks. CLIP-AD [31] is one of
the very first approaches using plain CLIP image and text
features for image-level AD. Later methods [6, 17, 23, 65]
focus on either crafting or learning useful text prompts that
capture the possible states of anomaly classes. However,
in order to learn useful prompts, these methods utilize ex-
ternal anomaly data. Different from these, LAVAD [54]
proposes a training-free video AD framework supported by
VLMs. They generate detailed captions using Blip-2 [26]
for each frame in a video sequence and measure the align-
ment between CLIP image and text encoders. We also fol-
low a prompt learning-free methodology in our work. A
recent study by Xu et al. [50] introduces a novel human-
annotated dataset for anomaly detection enriched with de-

tailed anomaly descriptions, and shows that fine-tuning
VLMs on this dataset significantly improves both detection
performance and reasoning ability. However, this method
lacks anomaly localization. For a more comprehensive
review of VLMs in AD, we refer to the following sur-
veys [32, 51].

3. VLMDiff

We present the detailed structure of our method in Figure 2.
The training pipeline starts by feeding the input image I to
the pretrained image encoder £; to extract the latent rep-
resentation z. In parallel, we forward the image to an off-
the-shelf large VLM along with a generic prompt P to get
the image description VLM(I, P). The image description is
further encoded into a condition vector ¢ using a pretrained
text encoder &r. The diffusion process starts by adding
noise 7' times to the latent vector z and getting the noised
latent vector z;. Then, denoising network recovers input
z from noisy latent z; with the guidance coming from the
conditional vector c¢. Note that, unlike the current state-of-
the-art diffusion-based methods, which train separate mod-
els per category, we train a single model per dataset.

At inference time, the denoised latent Z is decoded back

to the image space using the pretrained image decoder Dy
to get the reconstructed image I. In order to segment the
anomaly locations, the input image I and the reconstructed
image I are fed to an off-the-shelf self-supervised model to
extract the features F' and F, respectively. Finally, the pix-
els with high dissimilarity between these two feature vec-
tors denote the Anomaly Map A.
Vision Language Model (VLM) The mainstream approach
to guide the unsupervised diffusion-based AD methods is
to use some form of noisy input generation by either using
external defect datasets or generating synthetic defects us-
ing noise generators. We argue that this form of guidance
is both unrealistic for specific anomaly types like scratches
and does not generalize to natural image datasets such as
COCO-AD [59]. Instead, we propose to guide the diffusion
model with detailed image descriptions using large VLMs.
Considering the main goal of the training pipeline is to learn
to reconstruct the input latent, we extract detailed descrip-
tions of the input images that could help this objective.

For industrial datasets (e.g. Real-IAD [46]), the nor-
mal training images are examined by the VLM model by
a prompt to describe the main object. The description query
is Pp: "Describe the main object in detail.". Whereas for
the inference part, that has defective objects as well, we ob-
serve that prompting the VLM to describe the object results
in noisy descriptions. We decide to use no text descrip-
tion for the inference part and let the diffusion model gen-
erate unconditionally. Hence the prompt used for training
becomes Pr = Pp, and during inference we do not use
any text conditioning.
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Figure 2. The processing pipeline of VLMDiff. During training (top), a normal (i.e. anomaly-free) image is fed to both 1) an off-the-
shelf VLM (on the right) to extract the detailed description of the object using the query (Pp), which is further encoded into condition
vector c using text encoder, and to 2) a pretrained image encoder (note that we finetune the image autoencoder using only normal images
beforehand) to get the latent vector. Then, a diffusion process adds noise to the latent vector and learns to denoise it with the guidance
coming from the condition vector. During inference (bottom), the same process as training is followed, except there is no text description
is used to condition the diffusion model. The denoised latent code is fed to the pretrained image decoder to get the reconstructed image.
Anomaly segmentation is done by finding the dissimilar locations on the feature maps of input and reconstructed normal images.

For natural image datasets (e.g. COCO-AD [59]), the
anomalies are object-level (i.e. unseen classes during train-
ing) not pixel-level, and VLMs show exceptional perfor-
mance to describe the objects, even segment them [56, 66],
in an image as they are trained in this manner. Thus, we
use the description query with a slight modification for both
training and inference (i.e. Pr = P;r = Pp). Our descrip-
tion query Pp on COCO-AD is: “Describe the visual fea-
tures of image in detail.". In this way, we expect the VLM
to mention the objects and their relations, which will guide
the diffusion model. These descriptions are extracted with-
out using any label information. Finally, the description is
encoded using a text encoder (e.g. CLIP [38]) into the text
condition vector c. For a detailed analysis on the effect of
using queries, refer to Section Ablation Experiments.
Diffusion Model We use the same diffusion architecture
presented in [39] which comprises an image autoencoder
and a denoising attention-based U-Net [40] model. In order
to extract the latent vectors from images, we first train the
image autoencoder using only the training set which con-
tains normal images.

For a given input image I € in pixel space,
we first encode it into latent space z = Ez(I) where z €
RAxwxd ysing the trained image encoder £7. The forward
process can be characterized by:

Zt:@2+\/1—dt€t,€t NN(O,I) (1)

where a; = 1 — (3, and the cumulative product &; is

given by a; = Hz;l o = Hz;l(l — fi)- Here, B; defines

the noise schedule, which controls the amount of noise in-
troduced at each timestep.

The noised representation z;, and the text condition vec-
tor ¢ are fed into both the denoising U-Net encoder and de-
coder networks. After T" steps of the reverse denoising pro-

RHXWX?)

cess, the denoised latent vector Z is obtained. In the end, the
reconstructed image Iis generated by forwarding the Z to
the pretrained image decoder Dz (Z). The training objective
of VLMDiff is:

Lyvimpifs =Bt cemn(o,1) [HG — g (21,1, C)||§} . @

where the objective function aims to minimize the differ-
ence between the noise added to the data at a certain time
step € and the noise €y predicted by the model. Note that our
diffusion model is trained in a multi-class setting by using
all the normal images from training sets without utilizing
any class labels.

Anomaly Segmentation Model The anomaly segmentation
part is only used during inference to localize the defective
pixels. For a given test image I, after following the same
process as training, the image decoder D7 reconstructs the
denoised latent vector Z to image space I. The difference
between the input and reconstructed image will denote the
defective pixels.

The input image I and the reconstructed image T are fed
to a pretrained model to extract the features F' and F, re-
spectively. Then we resize these patch features to the in-
put image size and calculate the pixel-wise cosine similar-
ity. Finally, we calculate 1 — cossim(F, F) to localize the
anomaly regions. In order to maintain the unsupervised
nature of our model, we utilize a self-supervised method
DINO [7] for the anomaly segmentation, and use the patch
features from the last layer.

4. Experiments
4.1. Datasets

We experimented with two very large datasets, industrial
defect detection Real-IAD [46], and real-world anomaly
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Figure 3. Example anomalous images from Real-IAD dataset, and predicted anomaly segmentation maps using VLMDiff.

Categories Images
Dataset Train  Test Train Test
Normal  Anomaly Normal
Real-IAD [46] 30 30 36,465 51,329 63,256

30,438 1,291 3,661
65,133 2,785 2,167
79,083 3,328 1,624
77,580 3,253 1,699

COCO-AD [59] 61 81

Table 1. Details of the datasets used in experiments.

detection COCO-AD [59]. Real-IAD contains 30 objects
with multiple images from different views and has or-
ders of magnitude more training and test images compared
to previous defect detection datasets like MVTec-AD [3]
and VISA [67]. Moreover, the dataset includes a diverse
range of defect types, including very small and challenging
anomalies.

COCO-AD [59] fills the need for having a real-world
anomaly localization dataset. It is derived from the origi-
nal COCO [27] dataset by choosing consecutive 20 classes
as anomalies out of present 80 classes in each split. The
images that contain any one of the selected 20 classes are
removed from the training sets. Similarly, validation set
is constructed by selecting the images which contain any
anomaly classes labeled as anomalies, and the rest are la-
beled as normal. Details of both datasets are presented in
Table 1.

4.2. Experimental Setup

We implemented our method using PyTorch [36]. For all
datasets, images are resized to 256 x 256 pixels before train-
ing. All models are trained on Nvidia A100 GPUs. Be-
low, we give implementation and training details for all sub-
networks.

Image Autoencoder is trained using only normal training
(anomaly-free) images with KL divergence loss on the la-
tent space, and GAN [16] objective on the image space.
We trained the autoencoder for 50 epochs on Real-IAD and
COCO-AD datasets using a batch size of 32 and a learning
rate of 4.5¢ — 5. Our autoencoder implementation is the
same as the one used in LDM [39].

Denoising Model Denoising U-Net weights are initialized
using the pretrained Stable Diffusion v1.5 weights . We
trained our models with a batch size of 12 and a learning
rate of 1e — 5 using the training approach presented in Con-
trolNet [61]. LDM is conditioned on CLIP-encoded [38]
text descriptions extracted from VLM.

VLM. Text descriptions for train images are extracted using
InternVL-2 [8] 8 B version which achieves state-of-the-art
performance on various benchmarks. We did not conduct
any prompt learning or searching to devise Pp.

State-of-the-art comparison. VLMDiff is compared with
methods from all AD categories and the results are re-
ported in Tables 2 and 3. The most recent diffusion-based
multi-class (DiAD [20]) and single-class (TransFusion [15])
methods are included. All methods are trained for 100
epochs using their official codes. To compare with other
methods, we used the results reported in a recent survey [58]
from the authors of the Real-IAD [46] and COCO-AD [59]
datasets.

In the supplementary material, we present per-class re-
sults on Real-IAD, per-split results on COCO-AD, ad-
ditional quantitative results on the MVTec-AD [3] and
VISA [67] datasets, and more visual comparisons on Real-
IAD and COCO-AD datasets.

"huggingface.co/stable-diffusion-v1-5/stable-diffusion-v1-5
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Figure 4. Visual comparison of diffusion-based methods on Real-IAD dataset. DiAD detects the anomaly locations with the expense of

having many false positives.

4.3. Qualitative Results

Anomaly maps of VLMDiff are shown in Figure 3, and a
visual comparison of diffusion-based methods on a subset
of Real-IAD classes is presented in Figure 4. DiAD detects
many normal locations as anomalies with high confidence.
Whereas Transfusion misses many anomalous pixels, and
the detected ones have low confidence values. Especially
when the defects are not very severe, such as scratches,
TransFusion could not localize, most likely due to the em-
ployed noise generation scheme. VLMDiff detects vari-
ous types of defects correctly, and even sometimes locates
missed annotations (denoted as red circles) as in the cases of
end cap, mounts and transistor classes. This focus on fine-
grained localization, however, is leading to a lower ROC/
score compared to baselines.

We show example results from four splits of the COCO-
AD dataset in Figure 5. TransFusion failed to detect many
anomaly locations as expected, since the method is bound
to a specific domain. On the other hand, the domain-
independent methods, DiAD and VLMDIff, successfully lo-
cate the anomalous objects even if the scene is highly com-
plex. DiAD performs well when there is a single anomaly
class present in a given image such as the first and second
columns where person and skateboard are the only anomaly
objects, respectively. However, in the last column where
three anomaly classes are present, DiAD only detects parts
of the keyboard object correctly. On all splits, VLMDiff
achieves the best localization performance, even detecting
both of the small mouse objects in the last column.

Split-0 Split-1 Split-2 Split-3

TransFusion

Figure 5. Visual comparison of diffusion-based methods on
COCO-AD dataset.

4.4. Quantitative Results

Metrics. Following the common practice, we used three
metrics: Mean Area under the ROC curve mAU —



Method ROC; ROCp PRO

s DRAEM [55] 50.9 440  13.6
Z  SimpleNet [29] 54.9 76.1 424
- CFA [24] 55.7 813 488
£ CFLOW-AD[I8]  77.0 948  80.4
= PyramidalFlow [25] 544  71.1 349
_ UniAD 1 [53] 83.1 974  87.1
;i RD++ [45] 83.6 97.7 907
DesTSeg [63] 79.3 803  56.1

_ RD [13] 82.7 972 90.0
&% ViTAD 1 [60] 82.7 972 848
MambaAD [19] 86.3 985 905

~ TransFusion [15] 78.6 84.2 61.6
S DIiAD 1 [20] 75.6 88.0  58.1
VLMDIfT 78.0 97.1 877

Table 2. Results on the large scale industrial AD REAL-IAD [46]
dataset. t: multi-class setting

ROC [55] on image and pixel levels, and pixel-level Per-
Region-Overlap PRO [4] score. Note that for a fair com-
parison, we use the same evaluation script for all the dif-
fusion models, which consistently gave better results com-
pared to the original ones used in each method.

Real-TIAD. Quantitative results are presented in Table 2.
Our method significantly outperforms diffusion-based ap-
proaches on the pixel-level ROCp and PRO metrics, and
achieves on-par performance compared to state-of-the-art
methods. DiAD [20] suffers from the detection of normal
regions as anomalies, and TransFusion [15] misses many
anomalous locations. We observe that there are some irreg-
ularities in the background of the Real-IAD images, which
are sometimes detected as anomalies with DiAD and our
method. Hence, both of these methods have relatively low
image-level scores compared to TransFusion. On the other
hand, although TransFusion performs well when the defect
is obvious, such as a dent or crack, it fails to detect most of
the defect types, such as scratches and discolorations.
COCO-AD. In order to show the generalization capability
of our method to other domains, we experimented with a
real-world AD dataset, see Table 3. In comparison to dif-
fusion methods, VLMDiff improved the PRO metric by 8
points, which shows that our method is not bound to any
specific domain and could be used in real-world AD as well.
VLMDiff achieves on par results on all three metrics com-
pared to other state-of-the-art approaches.

4.5. Ablation Experiments

Effect of using text descriptions in inference. Recall that
we train our model with only normal images and corre-
sponding textual descriptions extracted using a pretrained
VLM. During inference, we experimented with two vari-

Method ROC; ROCp PRO

s DRAEM [55] 53.5 499 153
< SimpleNet [29] 55.6 60.2  26.1
P CFA [24] 56.7 562 179
€ CFLOW-AD [18] 67.7 76.0 477
= PyramidalFlow [25] 51.6 500  15.0
UniAD 1 [53] 55.2 64.6 343

2 RD++ [45] 57.5 682 422
DesTSeg [63] 54.4 545 244

) RD [13] 57.6 66.5  39.8
§ ViTAD 1t [60] 66.9 762 39.1
MambaAD [19] 62.8 68.9  41.6

] TransFusion [15] 58.4 57.8 6.8
= DiAD 1t [20] 59.0 68.1  30.8
VLMDiff 59.1 69.0 388

Table 3. Results on the real world COCO-AD [59] dataset.

VLM Desc. Metrics
Variants Train Inference ROC; ROCp PRO
DIAD [20] X X 75.6 88.0  58.1
VLMDiff v/ v 726 959 840
VLMDiff v/ X 780 971 877

Table 4. Ablation experiments on REAL-IAD [46] using VLM
descriptions for training, inference or both.

ants; a) using textual descriptions with the Pp and b) using
no text description at all. The results are presented in Ta-
ble 4 for Real-IAD dataset, along with the no VLM base-
line DiAD [20]. The test without any textual descriptions
achieves the best overall performance. We observed that
for some of the test images with a visible defect, the VLM
generates descriptions with additional anomaly info such
as horizontal crack present, there is a dent on the battery.
These descriptions guide the diffusion model to generate an
image with the mentioned defects which harms the perfor-
mance of the VLMDiff.

However, on the real image dataset COCO-AD where the
anomalies are unseen objects, using textual descriptions
boosts the performance by 3 points on every metric.

Exploring different Vision Language Models. Second,
we explore different VLMs to guide the training of the
diffusion model, see Table 5. In addition to InternVL-2,
we also extract image descriptions using Blip2 [26] and
the recent DeepSeekVL-v3 [28] model. We observe that
Blip2 generates very short descriptions and fails to describe
the objects in detail, especially in the industrial domain
datasets. This phenomenon is reflected in the results, and
Blip2 achieved the lowest performance. On the other hand,



Table 5. Comparison of different VLMs for extracting image descriptions. We also use available human captions on COCO-AD. InternVL-

Real-IAD COCO-AD
Variants ROCp PRO , ROC; ROCp PRO
Blip2 [26] 96.6 86.3 59.9 68.5 38.1
DeepSeekv3-1.3B [28] 97.0 87.5 58.5 68.1 38.1
InternVL-2-8B [8] 97.1 87.7 59.1 69.0 38.8
GT caption N/A N/A 61.1 66.5 39.9

2 achieved the best overall performance.

SD AE Metrics

Train | ROC; ROCp PRO
X 77.0 95.5 83.7
v 78.0 97.1 877

Table 6. The effect of finetuning the image auto-encoder.

DeepSeek VL and InternVL describe the main object or the
image very clearly by focusing on details. On all datasets,
these two VLMs achieved similar performance. On the
COCO-AD dataset, we also train a model using the avail-
able ground truth image captions coming from five differ-
ent annotators. This model achieved the highest image-level
score because the captions provide information about all the
normal classes present in the images.

Varying Feature Extractor. We experimented with vari-
ants of the DINO [7], DINO-v2 [34] and also an Ima-
geNet [14] pretrained ResNet [21] model for the segmen-
tation part in Table 7. Using an ImageNet pretrained model
as the feature extractor boosts the image-level metric by al-
most 3 points. The main reason for this increase stems from
the strong confidence scores for the anomaly locations. Us-
ing the DINO model with big patch sizes drops the perfor-
mance on the pixel-level metrics as expected. Since the
defects on the industrial datasets are very small, having a
single feature for a large image patch suffers dramatically.
Note that, for the DINO-v2, the test image is resized to
224 x 224 pixels.

Using pretrained Image Auto-encoder. As an ablation
experiment (see Table 6), we trained VLMDiff on Real-
IAD dataset using the baseline Stable Diffusion image auto-
encoder weights without any finetuning. Note that in this
setting we are training only the denoising UNet. The perfor-
mance metrics drop significantly, e.g. ROCT 1.0, ROCp
1.6 and PRO 4.0 points, which shows the importance of
finetuning the image auto-encoder in specialized datasets.
Using only VLM descriptions for AD. As an additional
experiment, we use the VLM to determine only the pres-
ence or absence of anomalies and evaluate its image-level
performance in terms of image-level ROC (ROCY) for each
class. On the Real-IAD dataset, the average ROC across
all classes is 54.5, which is substantially lower than the per-
formance achieved by our method (cf. Table 2). This high-

Metrics
Model ROC; ROCp PRO
DINO-v2 ViTS/14 61.4 58.3 16.1
DINO R50 65.5 88.6 56.8
DINO ViTB/16 77.2 94.6 77.5
DINO ViTS/16 75.6 94.7 76.8
DINO ViTB/8 76.6 96.4 85.7
DINO ViTS/8 78.0 97.1 87.7
ImageNet R50 81.1 96.3 83.6

Table 7. Ablation study on using variants of DINO and an Ima-
geNet pretrained ResNet-50 on the Real-IAD.

lights the limitations of relying solely on VLM responses
for anomaly detection and underscores the advantage of our
approach in using VLMs for AD. For a more detailed analy-
sis of using VLMs for only anomaly detection, refer to [50].

4.6. Limitations

Our current approach utilizes a fixed, simple query to ex-
tract image descriptions from VLMs, a design choice made
to focus on the core diffusion-based anomaly detection
method. While this straightforward strategy already sig-
nificantly improves upon previous diffusion-based anomaly
detection methods, the full potential of VLMs could be
further harnessed. Future work could explore optimizing
these queries through prompt learning techniques. Addi-
tionally, designing queries tailored to the specific charac-
teristics of each dataset could yield richer descriptions and,
consequently, lead to enhanced performance.

5. Conclusion

Our proposed framework, VLMDiff, effectively bridges
the gap between the descriptive power of VLMs and the
reconstruction capabilities of diffusion models for multi-
class anomaly detection. By leveraging simple, generic
prompts and avoiding the limitations of per-class training
and synthetic anomaly generation, VLMDiff significantly
advances the state-of-the-art, achieving substantial perfor-
mance gains, particularly in pixel-level metrics. Our ap-
proach not only enhances generalization, scalability, and ef-
ficiency but also opens new avenues for robust and practical
anomaly detection in diverse and complex real-world sce-
narios.
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VLMDiff: Leveraging Vision-Language Models for Multi-Class Anomaly
Detection with Diffusion

Supplementary Material

6. Overview

In this supplementary material, we first share the quanti-
tative results on MVTec-AD [3] and VISA [67] datasets
and comparisons with the same methods presented in the
main text. Then, we present per-class results on the Real-
IAD [46], and per-split results on the COCO-AD [59]
dataset, only for the diffusion-based methods to compare.
Finally, we show more visual results of our method and dif-
fusion methods on each class of the Real-IAD dataset, and
on each split of the COCO-AD dataset.

Table 8. Details of MVTec-AD and VISA datasets.

Categories Images
Dataset Train Test Train Test
Normal  Anomaly Normal
MVTec AD [3] 15 15 3,629 1,258 467
VisA [67] 12 12 8,659 962 1,200

6.1. MVTec and VISA results

Dataset statistics for MVTec-AD [3] and VISA [67] are pre-
sented in Table 8. We trained the best-performing diffusion

Method ROC ROCp PRO

. DRAEM [55] 54.5/55.2 47.6/48.7 14.3/15.8
2 SimpleNet [29] 95.4/79.2 96.8/82.4 86.9/62.0
< RealNet [64] 84.8/82.9 72.6/69.8 56.8/51.2
CFA [24] 57.6/55.8 54.8/43.9 25.3/19.3

S PatchCore [41] 98.8/ - 98.3/ - 94.2/-
;E] CFLOW-AD [18] 91.6/92.7 95.7/95.8 88.3/89.0
PyramidalFlow [25] 70.2/66.2 80.0/74.2  47.5/40.0
. UniAD 7 [53] 92.5/96.8 95.8/96.8 89.3/91.0
% RD++ [45] 97.9/95.8 97.3/97.3 93.2/92.9
DesTSeg [63] 96.4/96.3 92.0/92.6  83.4/82.6
. RD [13] 93.6/90.5 95.8/95.9 91.2/91.2
é ViTAD 1 [60] 98.3/98.4 97.6/97.5 92.0/91.7
MambaAD [19] 97.8/98.5 97.4/97.6 93.4/93.6
DiffAD [62] 80.7/91.8 79.7/88.4 65.1/78.4
o TransFusion [15] 90.4/95.3 80.9/90.6 72.4/83.5
A DiAD 7 [20] 88.9/92.0 89.3/89.3 63.9/64.4
VLMDiff 1 86.9/90.6 94.9/95.9 86.7/89.4

Table 9. Results on the MVTec AD dataset [3] for 100/300 epochs
training. T: multi-class setting.

Method ROCt ROCp PRO
. DRAEM [55] 55.1/56.2  37.5/45.0 10.0/16.0
%ﬁ SimpleNet [29] 86.4/80.7 96.6/94.4 79.2/74.2
RealNet [64] 71.4/79.2  61.0/65.4 27.4/33.9
5 CFA [24] 66.3/67.1 81.3/83.0 50.8/48.7
€ CFLOW-AD[18] 86.5/87.2 97.7/97.8 86.8/87.3
= PyramidalFlow [25] 58.2/69.0 77.0/79.1 42.8/52.6
UniAD { [53] 89.0/91.4 98.3/98.5 86.5/89.0
E RD++ [45] 93.9/93.1 98.4/98.4 91.9/91.4
DesTSeg [63] 89.9/89.0 86.7/84.8 61.1/57.5
. RD [13] 90.6/93.9 98.0/98.1 91.9/91.9
&Lﬁ ViTAD [60] 90.4/90.3 98.2/98.2 85.7/85.8
MambaAD [19] 94.5/93.6  98.4/98.2 92.1/90.5
DiffAD [62] 78.6/89.2  82.9/85.5 65.7/76.7
«  TransFusion [15] 87.4/92.5 82.1/90.3 55.4/64.7
A DiAD f [20] 84.8/90.5 82.5/83.4 44.5/44.3
VLMDiff { 79.0/80.9  96.0/97.0 77.0/81.0

Table 10. Results on the VISA AD dataset [67] for 100/300 epochs
training. T: multi-class setting.

methods for 100 and 300 epochs on the MVTec-AD [3] and
VISA [67] datasets to compare their performance on the
same epoch training regime. We present the results in Ta-
ble 9 and Table 10 for MVTec-AD and VISA, respectively.
On MVTec-AD, our method achieved the best ROCp and
PRO scores among the diffusion-based approaches, which
show the exceptional localization performance of VLMDiff.
VISA dataset results show similar patterns and our method
achieved the best ROCp score by improving more than 5
points.

We conducted extended ablation studies to thoroughly
evaluate our method. These experiments focused on three
key aspects: 1) the choice of VLMs for extracting image
descriptions during training, 2) the impact of including a
specific prompt during the inference stage, and 3) the selec-
tion of the feature extractor for inference.

Our comparison of VLMs for image description ex-
traction (Table 11) revealed that InternVL-2 consistently
achieved the best overall performance across both datasets.
Further investigation into inference-time prompting (Ta-
ble 12) with InternVL-2 showed that employing prompt
Pp led to a noticeable performance drop on both datasets.
Lastly, our analysis of different feature extractors during in-
ference (Table 13) indicated that DINO ViT-S with a patch



MVTec-AD VISA

Variants ROC; ROCp PRO , ROC; ROCp PRO
Blip2 89.8 957 886 | 823 970 807
DeepSeekv3-1.3B 90.7 95.5 89.0 81.8 96.8 81.0
InternVL-2-8B 90.6 959 894 | 809 970  81.0

Table 11. Ablation experiments using different VLMs to extract
anomaly descriptions on MVTec-AD and VISA datasets.

Dataset ROC; ROCp PRO
MVTec-AD  -2.2 2.4 -6.5
VISA -8.1 -2.9 -9.9

Table 12. Relative change when we use Pp query during infer-
ence. Using text description from InternVL-2 for inference has a
negative impact on all metrics.

size of 8 delivered the strongest overall results.

6.2. COCO-AD per split results

Per-split results on COCO-AD [59] are shown in Table 14.
VLMDiff shows a noticeable improvement compared to the
baselines, especially in the first split where there are signif-
icantly fewer normal images.

6.3. Real-IAD per class results

Tables 15 and 16 present per-class results on the Real-
IAD [46] dataset for diffusion-based methods. Except for
a few cases, VLMDiff achieves the best ROCp and PRO
on all classes. A detailed overview of the performance of
other methods can be found in [58].

6.4. More visuals for Real-IAD

We present more visual comparisons in Figures 6-11 on
Real-IAD. Specifically, we show two results per object cat-
egory in the dataset. VLMDiff shows superior localization
capability compared to strong baselines. Moreover, in some
cases, we observe that it even finds unmarked potential de-
fective pixels. For instance, in Figure 6 first bottle cap im-
age has a small blue dot which is marked as an anomaly
by our method. Similarly, both sim card objects have small
defective pixels which are again detected by VLMDiff.

6.5. More visuals for COCO-AD

Figures 12 and 13 show three example results per split, and
in each split, we pick different anomaly classes to show
the performance across various objects. As a real-world
dataset, COCO-AD is more complex and challenging com-
pared to previous industrial domain datasets. Nevertheless,
VLMDiffachieves significantly better anomaly localization
across multiple classes.

Metrics
Model ROC; ROCp PRO
ImageNet R50 88.8 92.6 81.0
DINO-v2 ViTS/14  64.6 61.3 16.8
DINO R50 86.8 90.3 71.0
DINO ViTB/16 89.8 92.8 79.3
DINO ViTS/16 85.1 90.2 74.3
DINO ViTB/8 87.5 93.6 82.6
DINO ViTS/8 90.6 95.9 89.4

Table 13. Ablation experiments using variants of DINO and
an ImageNet pretrained Resnet-50 for anomaly segmentation on
MVTec-AD dataset with InternVL-2 descriptions.

Method ~ ROC; ROCp PRO
S  DIADf{ 575 670 2838
= TransFusion 561 548 128
#  VLMDifff 626 743 438
—  DIAD{ 544 713 2838
% TransFusion  57.1 62.2 6.6
#  VLMDifft 527 715 315
o DIAD{ 638 680 332
% TransFusion  61.4 584 2.7
@ VLMDifff 629  69.3  40.7
<  DIAD{ 60.1 659 323
= TransFusion 590 561 5.0
7]

VLMDIff § 58.2 60.8 33.2

DiAD ¢ 59.0 68.1 30.8
TransFusion 58.4 57.8 6.8
VLMDIff § 59.1 69.0 38.8

Avg

Table 14. Per split results on the COCO-AD dataset [59] for 100
epochs training. t: multi-class setting.



Method  ROC; ROCp PRO

Method ROC; ROCp PRO DiAD 72.6 89.9 60.4
Transfusion 91.8 96.6 82.5
DiAD 76.5 91.6 63.3 .
. VLMDiff 92.9 98.3 90.0
Transfusion  80.3 85.9 51.2 .
. DiAD 73.4 90.5 64.2
VLMDiff 77.5 97.8 87.1 .
- Transfusion  82.0 86.6 59.4
DiAD 91.6 94.6 73.0 .
. VLMDiff 83.9 96.8 90.7
Transfusion  65.4 70.9 43.3 .
. DiAD 73.9 81.7 47.3
VLMDiff 77.3 98.4 92.3 .
- Transfusion  91.9 94.6 83.7
DiAD 80.5 84.1 66.9 .
. VLMDiff 89.5 99.3 96.9
Transfusion  88.1 94.5 76.8 .
. DiAD 62.1 75.5 38.5
VLMDiff 72.8 96.9 74.5 .
- Transfusion  70.6 85.6 70.3
DiAD 85.1 81.3 38.2 .
. VLMDiff 82.1 99.4 96.2
Transfusion 64.3 56.6 32.8 -
. DiAD 91.2 82.0 54.5
VLMDiff 71.6 96.4 85.9 .
- Transfusion  88.5 87.5 66.1
DiAD 80.0 91.1 67.5 .
. VLMDiff 80.3 95.1 84.8
Transfusion  74.3 75.8 55.1 -
. DiAD 66.2 82.1 50.3
VLMDiff 78.9 98.2 89.6 .
- Transfusion  81.0 74.8 56.0
DiAD 83.3 91.8 66.7 .
. VLMDiff 68.4 90.8 78.8
Transfusion  72.0 84.9 57.7 -
. DiAD 68.4 93.5 66.4
VLMDiff 73.2 98.3 894 .
- Transfusion  65.1 76.2 47.0
DiAD 76.7 91.1 64.2 .
. VLMDiff 72.8 96.1 85.6
Transfusion  60.8 68.8 30.8 -
. DiAD 73.1 88.6 58.1
VLMDiff 64.3 93.8 73.0 .
DIAD 753 313 138 Transfusion  86.9 85.0 56.9
. VLMDiff 82.4 96.7 85.5
Transfusion  81.5 86.1 73.2 DIAD 755 228 %)
VLMDiff 78.7 98.8 93.2 .
- Transfusion  78.9 91.0 65.6
DiAD 86.0 92.0 66.5 .
. VLMDiff 79.8 98.5 90.3
Transfusion  77.7 94.9 64.6 -
. DiAD 58.9 78.0 28.0
VLMDiff 82.5 98.3 88.9 .
- Transfusion  80.8 87.1 68.3
DiAD 82.3 96.8 85.4 .
. VLMDiff 88.7 99.4 96.3
Transfusion  77.0 88.0 66.6 -
. DiAD 76.9 94.0 75.5
VLMDiff 80.8 91.1 90.2 .
- Transfusion  69.9 87.2 57.8
DiAD 71.9 81.1 38.6 .
. VLMDiff 71.6 95.6 78.5
Transfusion  75.4 90.7 59.5 DIAD i 902 608
VLMDiff 80.6 98.7 93.4 .
DIAD 887 9.9 6.1 Transfusion  72.8 76.1 45.1
. VLMDiff 83.5 97.3 85.2
Transfusion  82.2 91.9 76.6 .
. DiAD 62.1 85.0 45.6
VLMDiff 70.5 97.1 86.0 .
- Transfusion  79.3 76.0 53.8
DiAD 72.6 93.1 70.4 .
. VLMDiff 73.5 97.2 85.8
Transfusion  70.2 85.8 64.2 .
. DiAD 74.1 90.9 60.7
VLMDiff 72.6 97.7 88.7 .
- Transfusion 77.5 91.2 67.5
DiAD 72.1 84.2 44 4 .
. VLMDiff 69.2 95.6 79.2
Transfusion 74.3 81.1 49.0 -
. DiAD 86.0 90.2 53.5
VLMDiff 61.7 97.7 88.0 .
- Transfusion  98.3 87.4 85.4
DiAD 68.4 87.7 63.4 .
. VLMDiff 91.8 97.5 87.7
Transfusion  98.0 87.1 81.0 -
VLMDiff 866  99.6 983 DIAD 756 880 581
Transfusion  78.6 84.2 61.6
VLMDiff 78.0 97.1 87.7

sim card

audiojack

switch

bottle cap

tape

button battery

terminalblock

end cap

toothbrush

eraser

toy

fire hood

toy brick

mint

transistor]

mounts

u block

peb

usb

phone battery

usb adaptor

plastic nut

vepill

plastic plug

wooden beads

woodstick

regulator

zipper

rolled strip

Avg

Table 15. Per class results on Real-IAD dataset for diffusion mod-
els, part 1.

Table 16. Per class results on Real-IAD dataset for diffusion mod-
els, part 2.
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Figure 6. Visual comparison of diffusion-based methods on Real-IAD dataset.
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Figure 7. Visual comparison of diffusion-based methods on Real-IAD dataset.
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Figure 8. Visual comparison of diffusion-based methods on Real-IAD dataset.
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Figure 9. Visual comparison of diffusion-based methods on Real-IAD dataset.
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Figure 10. Visual comparison of diffusion-based methods on Real-IAD dataset.
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Figure 11. Visual comparison of diffusion-based methods on Real-IAD dataset.
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Figure 12. Visual comparison of diffusion-based methods on COCO-AD dataset on Split-0 and Split-1.
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Figure 13. Visual comparison of diffusion-based methods on COCO-AD dataset on Split-2 and Split-3.
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