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Abstract

In recent years, Visual Anomaly Detection (VAD) has
gained attention for its ability to detect defects using only
normal images during training. While many methods pro-
vide visual explanations by highlighting anomalous regions,
these lack clear semantic interpretation. To address this, we
extend Concept Bottleneck Models (CBMs) to the VAD set-
ting, enabling the model to learn meaningful concepts and
generate human-interpretable descriptions of anomalies.

Our contributions are threefold: (i) we introduce
a concept-based framework for anomaly explanation by
adapting CBMs to VAD, and release the first concept-
annotated dataset for industrial anomaly detection bench-
mark; (ii) we evaluate multiple supervision regimes, from
fully supervised to synthetic-only settings, analyzing the
trade-off between performance and labeling effort; and
(iii) we propose a dual-branch architecture that com-
bines concept-level explanations with pixel-level local-
ization. Evaluated on three industrial benchmarks, our
method, Concept-Aware Visual Anomaly Detection (CON-
VAD), achieves competitive detection performance while
providing richer, concept-driven explanations that enhance
interpretability and trust.

1. Introduction

Visual Anomaly Detection (VAD) aims to detect anoma-
lies in images and localize them at the pixel level, with
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applications in domains such as manufacturing, medicine,
and surveillance [2, 4, 5]. While existing VAD models
provide anomaly segmentation masks, these visual outputs
alone offer limited interpretability, as they lack human-
understandable descriptions of the detected defects.

To address this limitation, we propose a Concept-
Aware VAD paradigm based on Concept Bottleneck Mod-
els (CBMs) [6]. Unlike standard approaches, CBMs lever-
age supervised concept annotations to learn intermediate,
human-interpretable representations that explain model pre-
dictions. This enables concept-level explanation, facilitat-
ing improved transparency and human-machine collabora-
tion through possible user interventions on concept acti-
vations. However, standard CBMs lack pixel-level local-
ization capabilities, which are essential in VAD to identify
where defects occur. To bridge this gap, we propose CON-
VAD, a dual-branch architecture that combines concept-
level explanations with pixel-level anomaly localization.
Although traditional VAD methods rely solely on normal
samples, recent works show that incorporating limited su-
pervision can significantly enhance performance [9, 14].
Motivated by this, we explore multiple supervision regimes,
including settings with few real anomalies and purely syn-
thetic defects, to analyze the trade-off between annotation
effort, performance, and interpretability.

Our contributions can be summarized as follows: (i)
we adapt CBMs to the VAD setting and release
concept-annotated datasets for industrial benchmarks, cre-
ated through a VLM-based pipeline that follows well-
established approaches in CBMs literature [7, 13, 19];



(i) we systematically evaluate different supervision
regimes, including synthetic anomaly generation, provid-
ing a thorough analysis of the performance-labeling effort
trade-off and allowing us to progressively move closer to the
standard VAD paradigm; (iii) we propose a dual-branch
architecture that combines concept-level explanations with
pixel-level localization.
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Figure 1. CONVAD Architecture with the i) CBM Module and the
ii) Vision Module.
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Figure 2. Pipeline for creating the Concept Dataset through con-
cept annotation of a Vision Language Model (VLM).
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2.1. Concept Dataset Pipeline

A key limitation of CBMs is the lack of concept-annotated
datasets, particularly in domains such as VAD. Prior work
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Figure 3. Example of concept vocabulary and distribution across
defect types for the MVTec hazelnut category.

addresses this using automated pipelines based on VLMs
[7, 13, 19], but these approaches target natural image clas-
sification and do not transfer well to industrial anomaly de-
tection, where concepts are domain-specific, fine-grained,
and anomalies are underrepresented in pretraining data.

To overcome this, we design an anomaly-aware concept
extraction pipeline with tailored prompts and validate it
against manual annotations. Our method adapts existing ap-
proaches while introducing domain-specific refinements for
VAD. The pipeline, as shown in Figure 2, consists of three
steps:

(1) Context-aware concept extraction. We sample a small
subset of images from each object category and use a VLM
with a category- and defect-aware prompt to first generate
visual descriptions and then extract a set of candidate con-
cepts from it, reducing hallucinations and ensuring ground-
ing on visual concepts.

(2) Grouping and filtering. Morphologically and seman-
tically related concepts are merged through a VLM us-
ing few-shot examples to remove redundancy, followed by
similarity-based filtering in the CLIP embedding space [8]
to discard near-duplicate concepts.

(3) Automatic annotation. The final concept vocabulary is
used to annotate all images with binary concept labels via
VLM querying, using a concept-aware prompt similar to the
first step.

2.2. CBM Adaptation for Visual Explanations

Modern VAD approaches offer pixel-level anomaly local-
ization, whereas standard CBMs lack this capability. We
extend CBMs to provide visual localization of anomalies
alongside concept-based explanations (a schematic illustra-
tion is shown in Fig. 1). The proposed architecture adopts
a student—teacher paradigm [17], consisting of two iden-
tical feature extraction networks. The teacher network is
pre-trained on ImageNet and fine-tuned using the CBM and
downstream task objectives, while the student network is
randomly initialized and trained to match the teacher feature
maps only on normal samples. At inference, both networks
process the input image, and an anomaly heatmap is com-
puted from the discrepancy between their feature maps, as
anomalous regions lie outside the student training distribu-



tion. This approach pairs the textual explanations produced
by the CBM with a spatial visualization of anomalous re-
gions.

2.3. Synthetic Anomaly Generation

In this study, synthetic anomalies are generated by edit-
ing normal images using a text-to-image and image-editing
system. Let Geqit(X, p) denote the editing function, where
x € RHXWX3 i5 the input image and p a textual prompt.
Given a normal image x,,, an anomalous sample is obtained
as x x a = G * edit(x,, py), where p, specifies the defect
while preserving the original image context.

Prompts are designed to control anomaly generation and
include: (i) defect type, (ii) object type, and (iii) pose and
view details, ensuring consistency in geometry, viewpoint,
and lighting.

3. Experimental Setting
3.1. CBM Scenarios

We provide the results for several scenarios differentiated
by the data provided to the CBM model:

Fully: trained on both normal and anomalous images from
the real-world dataset, with 80% of samples assigned to the
training set.

Weakly: the model is trained in a one-shot per defect type
setting, considering a single anomalous image.

Weakly(3): contrary to Weakly, it uses three real anoma-
lous images for each defect type, thus considering a few-
shot per defect type setting.

Synthetic Anomaly Generation (SAG): it assumes access
only to the normal images from the dataset, while anoma-
lous images are generated by a generative model.
Weakly(3)+SAG and Weakly+SAG respectively corre-
spond to the Weakly(3) and Weakly scenario augmented us-
ing SAG-generated samples.

3.2. Metrics

VAD algorithms can be assessed using multiple criteria,
corresponding to different levels of analysis:

Image-level: To evaluate the model ability to detect abnor-
malities at the image level (each image is a different sam-
ple), we report the AUROC (Area under the Receiver Oper-
ating Characteristic curve) score, referred to as [-AUC.
Pixel-level: To assess performance at the pixel level, we
consider the commonly used AUROC score, named P-AUC,
computed by considering each pixel of each image as an in-
dependent sample.

Concept-level: For CBMs, we evaluate the accuracy of
concept predictions using average AUROC score, referred
to as C-AUC. Since concepts are binary, we compute the
AUROC score for each concept separately and then com-
bine them by averaging over all concepts.

4. Results
4.1. CBM Module

A comparison of the various CBM scenarios with detailed
per-category results for MVTec-AD is available in Table 1.
The Fully supervised setting achieves strong anomaly de-
tection and concept prediction performance, with notable
gains on categories characterized by small and localized de-
fects (e.g., capsule, grid, screw) with respect to unsuper-
vised alternatives such as STFPM, highlighting the benefit
of full supervision.

In the Weakly scenario, performance varies across cate-
gories: some remain robust, while the harder ones degrade
significantly. Augmenting limited real anomalies with syn-
thetic data (Weakly+SAG) consistently improves results,
particularly for challenging categories with subtle defects.
This suggests that synthetic anomalies, despite being im-
perfect, provide useful variability that enhances discrimina-
tion.

When relying solely on synthetic data (SAG), performance
is strongly category-dependent: in some cases it approaches
fully supervised results, while in others it suffers due to dis-
tribution mismatch with real anomalies.

Overall, results show a clear trade-off between supervision
and performance: full supervision yields the best results,
while combining few real anomalies with synthetic data of-
fers an effective compromise, significantly reducing anno-
tation effort.

4.2. Visual Module

Table 2 displays image- and pixel-level performance, high-
lighting the contribution of the Visual Branch for anomaly
localization, and provides a comparison with unsupervised
methods for VAD. Note that, to the best of our knowl-
edge, no existing VAD methods provide explicit concept-
level predictions, and related interpretability approaches
rely on large VLMs at inference time, thus having a scale
that makes a direct and practical comparison infeasible.
Our visual branch improves over Student-Teacher Feature
Pyramid Matching (STFPM) by fine-tuning the teacher
network on the concept prediction task, injecting domain
knowledge, and yielding more informative features. Per-
formance is comparable to PatchCore [10], while addition-
ally providing concept-level explanations through the CBM
branch. Importantly, the visual branch enhances overall ro-
bustness: it offers reliable pixel-level cues when the CBM
branch fails and, following the student—teacher paradigm,
improves generalization to previously unseen anomalies.

4.3. Intervention

We evaluate the impact of concept-level interventions to
assess how manual correction of a few predicted concepts
affects model performance (more details about the inter-



Category STFPM Fully Weakly Weakly+SAG SAG
I-AUC C-AUC I-AUC C-AUC I-AUC C-AUC I-AUC C-AUC I-AUC

Bottle 1.00 0.99 1.00 0.95 1.00 0.79 0.97 0.80 0.94
Cable 0.91 0.87 1.00 0.69 0.79 0.67 0.76 0.80 0.88
Capsule 0.71 0.92 0.98 0.55 0.61 0.56 0.63 0.52 0.52
Carpet 0.96 0.72 1.00 0.61 0.97 0.81 0.90 0.75 0.72
Grid 0.77 0.96 0.81 0.55 0.41 0.71 0.88 0.72 0.64
Hazelnut 0.93 0.95 1.00 0.85 0.99 0.85 0.99 0.89 0.99
Leather 0.97 0.85 1.00 0.72 0.94 0.72 0.98 0.80 0.90
Metal Nut 0.92 0.92 1.00 0.73 0.82 0.70 0.84 0.59 0.66
Pill 0.81 0.81 0.97 0.63 0.76 0.63 0.75 0.62 0.60
Screw 0.55 0.82 0.93 0.59 0.53 0.55 0.70 0.48 0.49
Tile 0.99 0.9 1.00 0.76 0.94 0.84 0.96 0.76 0.86
Toothbrush 0.84 0.92 0.80 0.82 0.47 0.75 0.77 0.61 0.56
Transistor 0.96 0.55 0.85 0.35 0.73 0.59 0.73 0.66 0.66
Wood 0.99 0.81 1.00 0.71 0.90 0.80 0.98 0.82 0.93
Zipper 0.91 0.92 1.00 0.70 0.69 0.82 0.95 0.70 0.68
Average 0.88 0.86 0.97 0.68 0.77 0.72 0.85 0.73 0.77

Table 1. Results obtained across the different training scenarios over the categories of MVTec-AD. Note that C-AUC (Concept AUC) is
not reported for STFPM as it does not provide concept-based explanations.

Condition Branch I-AUC P-AUC
CBM Fully C,BM 0.97 B
Visual 0.96 0.97
PatchCore - 0.96 0.95
STFPM - 0.88 0.95

Table 2. Comparison of image-level (I-AUC) and pixel-level (P-
AUQC) performance. The branch column indicates concept-level or
visual-level operation.

vention procedure in the Supplementary Material). Results
highlighted in Fig. 4 show that even fixing a small subset
of concepts leads to significant improvements in anomaly
detection accuracy, confirming the effectiveness of the Con-
cept Bottleneck structure in facilitating human-guided cor-
rections. The obtained results prove the usefulness of CBM
in the VAD setting to improve the human-machine collabo-
ration and also high gains in terms of final performance.

5. Conclusion

We introduced CONVAD, a framework that extends
CBMs to VAD by combining concept-level reasoning
with pixel-level localization. This dual-branch design en-
ables interpretable predictions while maintaining competi-
tive anomaly detection performance across multiple bench-
marks. Moreover, concept-level interventions provide a
practical mechanism for human-machine collaboration, im-
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Figure 4. Performance gain in three MVTec categories for increas-
ing number of intervened concepts. Fully supervised setting.

proving reliability with minimal effort.

Our analysis of supervision regimes shows that synthetic
anomalies can effectively complement limited real data, of-
fering a favorable trade-off between performance and an-
notation cost, although fully synthetic training remains less
effective.
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Supplementary Material

5.1. Implementation Details

Models In the Concept Dataset Annotation Pipeline, we
mainly leverage Gemma3 [15] as a VLM, except in the Con-
cept Filtering phase, where we use the CLIP ViT-B/32 text
encoder [8]. For the text-to-image and image-editing sys-
tem in the synthetic anomaly generation pipeline, we use
the capabilities of Nano Banana, Google’s latest image gen-
eration model. We train the CBM using MobileNet-v2 as a
feature extractor [11] to guarantee efficiency and make our
pipeline suitable for resource-constrained settings. To en-
sure consistency, we report the comparison with PatchCore
and STFPM using MobileNet-v2, as reported in a recent
study for VAD on edge devices [3].

Dataset Our main experimental results are obtained using
the MVTecdataset. Further results on additional datasets,
including Visa, can be found in the Supplementary Mate-
rial.

Hyperparameter Optimization To select the best hyper-
parameter configuration, we employ Bayesian optimization,
implemented through the Optuna library [1] using the Tree-
structured Parzen Estimator (TPE) algorithm [18] (see the
Supplementary Material for more details).

Training Details During training, the CBM model is op-
timized using the Joint Training paradigm. This approach
was selected since it consistently outperforms the other
paradigms (ablation study in the Supplementary Material).
CBM results are reported as the average performance over
three runs with different random seeds. Additional details
about training and data augmentation are described in the
Supplementary Material.

6. Additional Experiments
6.1. Weakly(3) Scenario

In Table 3 we show the supervised scenario using only 3
real anomalous examples per defect type, compared with
the same setting, but augmented with SAG data. We can
draw similar considerations as those reported in Section 3.1
for the data augmentation effect on the weakly supervised
setting.

6.2. VisA dataset

In Table 4 we report the experiments in the Fully Super-
vised setting, for all categories of the VisA dataset [20]. The
original dataset paper reports PatchCore with a ResNet-50
backbone as the top performer. Despite having an order of
magnitude more parameters, it achieves unsupervised per-
formance comparable to CONVAD trained in the Fully Su-

Category Weakly(3) Weakly(3)+SAG
C-AUC I-AUC C-AUC I-AUC
Bottle 0.99 1.00 0.78 0.99
Cable 0.82 0.92 0.78 0.91
Capsule 0.70 0.80 0.57 0.62
Carpet 0.60 0.97 0.82 0.96
Grid 0.57 0.58 0.74 0.90
Hazelnut 0.86 1.00 0.83 0.97
Leather 0.77 0.97 0.83 1.00
Metal Nut 0.80 0.70 0.76 0.89
Pill 0.67 0.75 0.72 0.84
Screw 0.62 0.65 0.60 0.81
Tile 0.90 0.99 0.95 0.97

Toothbrush 0.69 0.56 0.82 0.84
Transistor 0.60 0.77 0.64 091

Wood 0.89 1.00 0.84 0.99
Zipper 0.90 1.00 0.84 0.97
Average 0.76 0.84 0.76 0.90

Table 3. Results by category obtained in the Weakly(3) and
Weakly(3)+SAG settings over the MVTec-AD categories.

pervised setting with a MobileNet-v2 backbone, illustrating
the trade-off between model efficiency and annotation cost.

Category C-AUC I-AUC
Candle 0.89 0.97
Capsules 0.66 0.77
Cashew 0.82 0.97
Chewing Gum 0.91 0.99
Fryum 0.79 1.00
Macaroni 1 0.62 0.96
Macaroni 2 0.71 0.95
PCB1 0.76 0.97
PCB2 0.69 0.81
PCB3 0.70 0.93
PCB4 0.72 1.00
Pipe Fryum 0.83 0.99
Average 0.76 0.94
Average (PatchCore) - 0.93

Table 4. Results obtained on the Visa Dataset in the Fully Super-
vised setting.



6.3. Real-IAD dataset

In Table 5 we report the experiments in the Fully Super-
vised setting, for all categories of the Real-IAD dataset [16].
The I-AUC SimpleNet column reports the best-performing
model results from the original dataset paper, which con-
firms the ability of CONVAD to outperform unsupervised
methods that require larger model sizes.

I-AUC
Category C-AUC [I-AUC SimpleNet
Audiojack 0.82 0.90 0.88
Bottle Cap 0.85 0.96 0.95
Button Battery 0.89 0.95 0.88
End Cap 0.88 0.92 0.81
Eraser 0.94 0.97 0.93
Fire Hood 0.78 0.87 0.95
Mint 0.68 0.85 0.69
Mounts 0.89 0.96 0.95
PCB 0.87 0.94 0.92
Phone Battery 0.80 0.86 0.93
Plastic Nut 0.92 0.94 0.86
Plastic Plug 0.81 0.89 0.94
Porcelain Doll 0.90 0.98 0.87
Regulator 0.87 0.89 0.98
Rolled Strip Base 0.95 1.00 1.00
Sim Card Set 0.90 1.00 0.99
Switch 0.90 0.96 0.97
Tape 0.93 0.98 0.99
Terminal Block 0.93 0.97 0.99
Toothbrush 0.90 0.98 0.91
Toy 0.93 0.96 0.91
Toy Brick 0.90 0.93 0.84
Transistor 1 0.88 0.99 0.98
U-Block 0.87 0.93 0.93
USB 0.81 0.95 0.97
USB Adaptor 0.80 0.94 0.87
VC Pill 0.96 1.00 0.92
Wooden Beads 0.92 0.93 0.85
Woodstick 0.92 0.96 0.86
Zipper 0.97 1.00 1.00
Average 0.88 0.94 0.92

Table 5. Results obtained on the Real-IAD Dataset in the Fully
Supervised setting. We considered single-view Real-IAD, keeping
only the view with the highest number of anomalies in each cate-

gory.

7. Prompts Details
7.1. Concept Extraction Prompt

We construct the prompt by adding context cues that can
guide the model in extracting meaningful concepts: we
specify which object is present in the pictures, whether it is
anomalous or not and, if so, which defect is present. Next,
we employ a Chain-of-Thought prompting strategy and for-
mulate two consecutive prompts:

1. ”Provide a description of the image that includes infor-
mation about all the relevant features that are visible.
Focus only on what can be seen, avoiding speculations
or assumptions.

2. "Provided the following description, extract the five
most meaningful concepts. Concepts should be defined
in such a way that, observing the picture, it is possible to
clearly answer with yes or no about its presence.

It is worth mentioning that this step is applied to a small
subset of the dataset, corresponding to 5% of it, so it re-
quires the availability of only a few labeled anomalous im-
ages. When labeled anomalous samples are not available,
the same procedure can be applied to synthetically gener-
ated pictures, keeping in mind that the quality of the ex-
tracted concepts is bounded by the quality of the generation
process.

7.2. Dataset Annotation Prompt

A very similar prompt for dataset annotation as we did for
concept extraction is employed: for each image, we include
information about the object and, if present, the type of
anomaly.

"I provide an image of a {category}. The image has been
classified as {label}, [which implies that it shows a visi-
ble defect or anomaly, specifically {defect type}.] Know-
ing this, choose among the following list of concepts which
ones can be clearly seen in the picture. Output the result
as a JSON object of the following form: {Concept 1: True,
Concept 2: False, ...}.

Through the previous prompt, we ensure to focus only on
binary concepts.

7.3. Anomaly Generation Prompt

We generate anomalous images leveraging the capabilities
of Google’s Nano Banana. We assume we have a set of nor-
mal pictures and a list of defects that we want to include
in the synthetic images, provided by a domain expert. Next,
we query a Large Language Model (LLM), in our case GPT-
5, to provide ten synonyms of the defect we want to add, to
ensure richer variability, and build prompts according to this
structure:

”Modify this image by adding a {type of defect} to the
{name of the object}, keeping the same angle, view, and
pose.”



All Anomaly Concepts Normal Concepts

Acc 0.93 +0.08 0.92 + 0.08 0.98 + 0.01
Prec 0.76 + 0.24 0.71 £ 0.23 0.99 + 0.00
Rec 0.77 £0.28 0.72 £ 0.28 0.99 + 0.01

Table 6. Average value and standard deviation of accuracy, preci-
sion and recall of predicted concepts over the hazelnut category.

Some categories and defect types, which proved to be par-
ticularly challenging for the VLM, required manually tun-
ing the previous prompt and discarding some of the gener-
ated images. Some examples of the synthetic pictures ob-
tained can be found in Fig. 5.

8. Evaluation of the Concept Annotation
Pipeline

To safely guarantee that the proposed pipeline for concept
extraction and annotation can be used to produce high-
quality results, we evaluate the automatically annotated
dataset of the hazelnut category against a ground-truth ver-
sion of it. Specifically, we compute accuracy, precision and
recall of the predicted concepts. Table 6 displays a summary
of our findings. Overall, predicted concepts can be con-
sidered of good quality, especially those that appear more
often in normal images; as for anomalous concepts, we ob-
serve a very high variability in terms of precision and re-
call, which is mainly related to those concepts that describe
a diffused feature of the image (e.g., surface discontinuity,
uneven tone, etc.), which are more difficult to capture for a
VLM and can be arbitrary for a domain expert as well.

9. Additional Training Details

Each model is trained for a maximum of 100 epochs, with
an early stopping mechanism triggered after ten epochs.
When performance reaches a plateau after five epochs, we
also allow the learning rate to be reduced by a factor of 10.
Transformation-based Data Augmentation. We apply
transformations to enhance the model generalization abil-
ity, carefully choosing those that preserve the presence of
each concept, ensuring the integrity of attribute labels. The
transformations applied are the following: horizontal and
vertical flips with probability 0.5, random rotation by a 25-
degree angle, brightness jitter by a factor of 0.2, and contrast
jitter by a factor of 0.2.

CBM Training. We attach k parallel linear layers to the
CNN feature extractor that act as concept predictors, while
a simple Feed-Forward Neural Network with eight neurons
is employed for anomaly detection. The feature extractor
undergoes a pre-training phase directly on the dataset of in-
terest, in which it is optimized according to a multi-class

Model type C-AUC C-F1 I-AUC I-F1
Joint 0.86 0.76 097 0.86
Sequential 0.85 0.75 095 0.85
Independent 0.87 0.72 096 0.85

Table 7. Comparison of the results of the three CBM learning
paradigms over the MVTec-AD dataset, in terms of concept pre-
diction performance and anomaly detection.

classification objective to learn which object is depicted in
the image, while its last layers are fine-tuned during training
for the concept prediction task.

10. CBM training Modalities

Table 7 displays a comparison of the results obtained by the
three CBM paradigms on MVTec-AD. In consideration of
these findings, the CBM model is trained using the Joint
paradigm, unless stated otherwise in the paper, since it per-
forms the best on three of the four evaluated metrics.

11. Intervention Procedure

In Section 4.3, we demonstrate the impact on perfor-
mance of manually modifying predicted concepts with their
ground-truth value during inference. However, this proce-
dure can be costly, as it requires the supervision of a human
expert, so several strategies have been devised to minimize
such costs by focusing first on the concepts that should be
more important to provide an increase in performance. We
followed the UCP (Uncertain Concept Prediction) heuris-
tic proposed in [12] and computed the entropy-based uncer-
tainty related to each concept prediction:

H(ci) = —(pi - log(pi) + (1 — p;) -log(1 = p;)). (D)

We then sorted the entropy scores in descending order, fol-
lowing the idea that concepts predicted with more uncer-
tainty might confuse the model and lead to incorrect predic-
tions. Since the joint model uses the predicted concept log-
its to perform the main task, we substitute them with either
the 5th or the 95th percentile of the training distribution.

12. Concept Logits Analysis

In the SAG column of Table 1, where the model is trained
exclusively on generated anomalies and evaluated on real
ones, some categories achieve high concept-level AUC (C-
AUC) and image-level AUC (I-AUC), while others fail to
transfer effectively to real data. Two extreme examples il-
lustrating this contrast are hazelnut, which transfers well,
and metal nut, which does not. We examine the concept-
logit embeddings extracted from the training and test exam-
ples to investigate this discrepancy. The test set contains
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Figure 5. Examples of well-generated synthetic anomalous images.

only real normal and real anomalous examples, while the
training set may include synthetic images in the SAG sce-
narios. All models compared within each category use the
same random seed, training data, and evaluation set, with
the latter containing only real anomalies that were not used
for weak supervision in any of the models.

A well-learned bottleneck should ensure (i) a separa-
tion between normal and anomalous samples, provided that
the concept set is sufficiently predictive, and (ii) tight clus-
tering of images sharing the same or similar defect type
(e.g., "hole” or “crack” in hazelnut). Moreover, if the syn-
thetic anomalies are sufficiently well aligned with the real
anomaly domain, their concept-logit representations should
be consistent with those of real anomalies, indicating an ef-
fective transfer. To obtain qualitative insights about these
aspects, we plot 2-dimensional t-SNE visualizations of the
concept logits.

In the hazelnut SAG scenario, we obtain an aver-
age C-AUC of 0.89 and an I-AUC of 0.99. Figure 6,
shows a clear separation between Train Normal sam-
ples Train Anomalous (synthetic). Test Normal
samples appear in the same region as Train Normal,
which is expected since their domains match, as both cor-
respond to real images. In addition, Test Anomalous
(real images) are mapped to the same broad regions as syn-
thetic anomalies (Train Anomalous), which is ideal.
Within this anomalous region, the “print” defect forms a

Color:

® Train Normal ® Train Anomalous @ Test Normal Test Anomalous

Shape: defect type
® good ®  crack 4 cut + hole *  print

Figure 6. Hazelnut t-SNE embeddings for the SAG scenario.

distinct sub-cluster, while ”crack”, ’cut” and hole” share
more overlapping embeddings, reflecting their visual sim-
ilarity. These patterns are consistent with the high AUC
scores and indicate that the synthetic anomalies generated
for the hazelnut category effectively capture relevant char-
acteristics of real anomalies.

However, for the metal nut in the SAG scenario, the C-
AUC drops to an average of 0.59, and the I-AUC drops to
0.66. In this case, in Figure 6(a), most Test Anomalous
(real) samples are located within regions corresponding to
Train Normal and Test Normal data, rather than be-
ing mapped near the synthetic Train Anomalous sam-



(c) Weakly supervised (3 samples per defect) + SAG scenario.
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Figure 6. t-SNE representations of concept logits embeddings us-
ing metal_nut. Black markers highlight the few real samples
used for Weakly+SAG scenarios.

ples. Only the "flip” defect forms a slightly separated clus-
ter (due to its visual dissimilarity to other images), while
other defects are scattered among normal samples. This
qualitative mismatch between synthetic and real anomaly
embeddings explains the degraded AUCs and suggests
poorly generated anomalies.

Exploring the embeddings in the Weakly+SAG scenarios
provides a deeper understanding of why introducing even a
small number of real anomalies, combined with synthetic
anomalies, reduces this discrepancy in performance. For
the metal nut in the Weakly+SAG scenario (adding one real
anomaly per defect type in training), the C-AUC improves

to an average of 0.70 and the I-AUC to 0.84, and Figure
6(b) shows a closer alignment between synthetic and real
anomalies. With Weakly(3)+SAG (three real anomalies per
type), the C-AUC increases to 0.76 and the I-AUC to 0.89.
Simultaneously, the representations of real anomalies ap-
pear closer to those of synthetic ones, and clusters associ-
ated with different defect types become more clearly sepa-
rated (Figure 6(c)). These results indicate that when using
synthetic anomalies for training, even minimal real-data su-
pervision can mitigate the domain shift and encourage the
concept space to encode a more consistent defect-specific
structure, eliminating the need to collect a large dataset of
rare and difficult-to-acquire anomalies.
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