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Abstract

We propose a text-guided variational image generation
method to address the challenge of getting clean data for
anomaly detection in industrial manufacturing. Our method
utilizes text information about the target object, learned
from extensive text library documents, to generate non-
defective data images resembling the input image. The pro-
posed framework ensures that the generated non-defective
images align with anticipated distributions derived from
textual and image-based knowledge, ensuring stability and
generality. Experimental results demonstrate the effective-
ness of our approach, surpassing previous methods even
with limited non-defective data. Our approach is validated
through generalization tests across four baseline models
and three distinct datasets. We present an additional analy-
sis to enhance the effectiveness of anomaly detection models
by utilizing the generated images.

1. Introduction
Identifying anomalous components in industrial manufac-
turing, a task known as anomaly detection, has been a chal-
lenging but important problem to solve. Conventional meth-
ods for anomaly detection solve this problem by training
the distribution of non-defective data in an attempt to iden-
tify defects [8, 21, 24–26, 28]. Recently, it has also been
proposed to train invertible functions with the images to
Gaussian distribution using the probabilistic method with-
out adaptation to the target distribution [14, 22, 23, 29].

The efficacy of anomaly detection depends on the quan-
tity and quality of available non-defective data, as these fac-
tors directly impact the model’s ability to encompass the di-
verse spectra of target object appearances. Most of all, it is
difficult to visually classify industrial defects since errors
can vary from subtle changes as thin scratches to signifi-
cant structural defects as missing components. Such diffi-
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Figure 1. Comparison with state-of-the-art baselines. Our
method generates non-defective images using a text-guided varia-
tional image generation method and utilizes the generated images
as additional training data for anomaly detection. Ours outper-
forms the state-of-the-art methods across various settings, such as
one-shot, few-shot (5 images), and full-shot training images. For
comparison, we use the metal-nut class of MVTecAD dataset [3].

culty naturally falls into the problem of out-of-distribution
detection, in which a model must differentiate the samples
obtained from the training data distribution from those out-
side of its range. As a result, it is essential to obtain various
non-defective data that effectively represent the data distri-
bution and are distinguished from defective cases.

However, the industrial field suffers from various data
issues. The first is the issue of imbalanced non-defective
data, where the non-defective data itself can present a near-
uniformity with only a few images exhibiting minor differ-
ences that qualify as acceptable defects. The second issue
is related to the sensitivity of the data, especially in appear-
ance and level of defectiveness, as they can vary signifi-
cantly due to the type of machine used and the capturing
conditions. The last one is the potential to wrongly label
defective data as non-defective data by mistake during the
excessive collection of non-defective data.
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To overcome the issues posed by the requirement of large
non-defective data, we propose a text-guided variational im-
age generation method for industrial anomaly detection and
segmentation. To solve the problem of lack of diversity in
the provided non-defective data, we extensively utilize text
information about the target object learned through com-
prehensive text library documents to generate non-defective
data images that are most similar to the input image. In
addition, it is important to recognize that the normal dis-
tribution can also be influenced by the given set of non-
defective image data, with its behavior being modulated
by the variance predicted by our new framework of varia-
tional image generator. Integrating textual information and
image data ensures that our proposed framework can gener-
ate several non-defective images while upholding the antic-
ipated non-defective distribution derived from textual and
image-based prior knowledge. By utilizing a bunch of non-
defective images generated from our generator, we can em-
ploy our framework in various anomaly detection methods,
thereby potentially enhancing their overall performance.
We validated the proposed method through generalization
tests across four baseline models and three distinct datasets.
Interestingly, as shown in Fig. 1, even relying on a single
or a few non-defective images, our method outperforms the
previous methods requiring many non-defective data.

We can summarize our contribution as follows:
• To ensure generalization and robustness, we developed a

variation-based image generator to predict and preserve
the variance of the provided non-defective images.

• To solve the problem of lack of diversity in good product
data, we developed a keyword-to-prompt generator that
generates the best prompt by comparing text information
about the target object, learned extensively through com-
prehensive text library documents, with the input image.

• To bridge the semantic gap arising from different modal-
ities, we developed a text-guided knowledge integrator
method in which latent image features are aligned with
the text information of the target object.

• To validate the efficacy of our approach, we have merged
our method into several state-of-the-art algorithms and
tested extensively across various real-world industrial
datasets, and the experimental results confirm that our
framework shows impressive performance even with a
single or a few non-defective images.

2. Related Works

Text-based Anomaly Detection. Most Anomaly detection
methods include representation-based methods that extract
discriminative features for patches and calculate distances
between distributions [14, 29] and reconstruction-based
methods [21, 30] using generative adversarial networks.
With anomaly detection advances, benchmark dataset per-

formance in full shot settings has become saturated due
to [3] state-of-the-art research [1, 2, 27]. However, recent
studies employ different settings and methods, such as text-
based anomaly detection. For example, WinCLIP [15] gen-
erates pre-text prompts for the input image by mixing state
words and text candidates. Then, it extracts multi-scale fea-
tures of the input image through a binary mask and calcu-
lates a similarity score between the generated prompts to
detect anomalies.

In contrast, our method focuses on generating non-
defective images based on the similarity of the input im-
age and the text-based prior knowledge. It improves perfor-
mance by feeding the newly generated images of different
attributes into the general anomaly detection methods.
Text-to-Image Generation. Recently, text-to-image gen-
eration models [16, 19] are widely studied, which predict
or generate the next pixel values based on the given text
and all previous predictions of pixel values. For example,
DALL-E [20] takes text input from the GPT series model
to predict the next pixels, which are then added to the ini-
tial image to be placed as the subsequent input along with
the text. By repeating the process multiple times, DALL-E
can generate an entire image. GAN [12] is known for high-
quality and realistic image generation without a prompt,
and Contrastive Language-Image Pre-training (CLIP) is an-
other neural network that can determine how well a caption
or prompt matches an image. Through VQGAN-CLIP [5],
where VQGAN [10] creates an image, CLIP [19] checks
whether the generated image from VQGAN matches the
text. When the process is repeated, the created image grad-
ually resembles the input text.

However, the previous text-guided image generation
methods ignore the importance of the representation vari-
ance of the given image data, which is critical for gen-
eralizing the non-defective image data in anomaly detec-
tion tasks. In contrast to the previous text-based image gen-
eration methods, we aim to predict the variance of non-
defective image distribution, which is utilized to avoid gen-
erating defective images while enlarging the variety of ap-
pearances in non-defective images.

3. Preliminary Analysis
Hypothesis. Data issues related to sensitivity, especially in
appearance and level of defectiveness, can vary significantly
due to the type of machine used and the capturing condi-
tions. Thus, the similarity between the generated and origi-
nal images is highly correlated with performance enhance-
ment, and the visual variance of generated images also con-
tributes to performance increases. In Fig. 2, the similarity
between the generated and original images is highly corre-
lated with the performance enhancement, and the variance
of generated images also contributes to the performance
increase. These results empirically validate our hypothesis
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Figure 2. Correlation of hypothesis. We repeat the tests with dif-
ferent images to confirm our hypothesis. Performance enhance-
ment is strongly connected with the similarity between the gener-
ated and original images, and the visual variance of created images
also improves performance.

that the generated images should be similar to the appear-
ance of the provided non-defective images while preserving
their visual variance. Furthermore, we compared the cor-
relation between the original image and the naive prompts
(0.39), just words (0.35), and ours(0.54), which confirms
the necessity of well-designed prompts in our hypothesis.
Preliminary Analysis. We repeat the preliminary experi-
ments using various images with a simple scenario to ver-
ify our hypothesis in general. In the scenario, we com-
pare the performance between the baseline anomaly detec-
tion model and the same model using one additional train-
ing image searched on the web or generated by an image
generator. We consider a single hazelnut image from the
MVTecAD dataset [3], utilizing Patchcore [21] for the base-
line anomaly detection model.

We build various types of generated images :
Original Image, Web Image [13], Midjourney [17], and
DALL-E [20], VQGAN-CLIP(only Word), and VQGAN-
CLIP(Naı̈ve Prompt). First, Original Image utilizes the
given single original image to train the anomaly detection
model, while Web Image adds one additional image re-
trieved from the web by using a keyword of “Hazelnut.”
For the text-based image generator, we first generated the
text captioning from the original hazelnut image by using
GPT-4, and the result was: “This image displays a single
hazelnut with a textured, fibrous cap on top. The nut it-
self has a rich, one image was created using warm brown
color with visible stripes and markings that suggest a natu-
ral origin. It rests against a dark background which serves
to highlight the nut’s detailed texture and organic shape.”.
Only Word and Naı̈ve Prompt utilize the prompts of “Hazel-
nut” and “A photo of a hazelnut”, respectively. The three
types of prompts were fed into Midjourney, DALL-E, and
VQGAN-CLIP to generate the additional training image.
Fig. 3 shows the additional training image from various gen-
eration schemes, presenting that the results highly depend
on the types of image generation models and the prompts.

Table 1. Preliminary experiment using Patchcore. [21] The
results the need for a well-designed generation model to boost
anomaly detection performance by adding extra training images.

Method Detection Segmentation
Original Image 88.3 94.3
Web Image 84.8 93.1
Midjourney (by Generated Prompt) 82.7 93.3
DALL-E (by Generated Prompt) 85.7 91.9
VQGAN-CLIP (by Only word) 64.8 86.8
VQGAN-CLIP (by Naı̈ve Prompt) 71.9 88.2
VQGAN-CLIP (by Generated Prompt) 81.4 91.7
Ours 93.3 94.6

(a) Original (d) DALL-E
(Generated Prompt)

(b) Web Image (c) Midjourney
(Generated Prompt)

(h) Ours(e) VQGAN-CLIP
(Only word)

(f) VQGAN-CLIP
(Naive prompt)

(g) VQGAN-CLIP
(Generated Prompt)

Figure 3. Generated images in the preliminary experiment. (a)
The original image of hazelnut in MVtecAD dataset. (b) The im-
age retrieved by a keyword of ‘hazelnut’ from the web. (c),(d) The
images generated using Midjourney and DALL-E, respectively,
using a captioning of the original image as a prompt. (e),(f),(g)
The images generated using the VQGAN-CLIP model based on
‘hazelnut’, ‘A photo of a hazelnut’, and the captioning of the orig-
inal image, respectively. (h) The image generated by our method.

The results of preliminary experiments are represented
in Table 1, showing that performance is affected depending
on the generated images. Interestingly, preliminary results
show that good image quality does not necessarily help im-
prove performance as presented in the low performance of
DALL-E. Meanwhile, given the performance of web im-
ages is relatively high, it can be assumed that performance
can be improved if elements such as outlines and angles of
the original image are preserved in the additional images.

Therefore, while simply generated images cannot be uti-
lized for anomaly detection models, we need to consider
several additional factors for generated images to train non-
defective distribution effectively. First, generated images
should be similar to the appearance of the provided non-
defective images while preserving their visual variance.
Second, it is important to find the best prompt to generate
visually well-structured images. Lastly, based on the above
two information contents, we should create images with a
small semantic gap even when an insufficient number of
non-defective images is given.
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Figure 4. Overview of our framework. Our framework comprises a keyword-to-prompt generator, a variance-aware image generator,
and a text-guided knowledge integrator. The keyword-to-prompts generator creates prompts from key input words and selects the best one
that matches an input image. A variance-aware image generator creates non-defective images, encoding their visual features into a normal
distribution to maintain variance. Our process updates through iteration, and a text-guided knowledge integrator selects the optimal images
by comparing the similarity of their latent distribution to the text prompts.

4. Methodology
As shown in Fig. 4, our framework comprises the keyword-
to-prompt generator, variance-aware image generator, and
text-guided knowledge integrator. The keyword-to-prompt
generator produces a group of prompts consisting of differ-
ent word combinations based on the essential words pre-
sented in the input text, then selects the best prompt that
contains comparable information to the input image among
the generated ones. The variance-aware image generator
generates a set of non-defective images, encoding the visual
features of the non-defective images into the normal dis-
tribution to preserve their variance. The generation process
is iterated with the generator update, and the text-guided
knowledge integrator determines the optimal set of gener-
ated images by assessing the latent distribution similarity
between the image set and the text prompts generated by
the keyword-to-prompt generator. Finally, the optimal set
of generated images is utilized as the additional training set
for the baseline anomaly detection model.

4.1. Generation Modules

The image generation module comprises a keyword-to-
prompt generator and a variance-aware image genera-
tor. The keyword-to-prompt generator integrates the tar-
get object name W o with the set of predefined status
words ({W1,W2, . . . ,WT }) to generate multiple candi-
date prompts ({S1, S2, . . . , ST }). Then, the keyword-to-
prompt generator selects the best prompt from the candi-
date prompts according to their latent distances with the

latent feature of the original images Io. Then, we con-
vert the input image {Io} into multiple augmented images
I1, I2, . . . , IN , which are fed into the variance-aware image
generator, which encodes the image Ii into the correspond-
ing latent distribution zi. Finally, we decode zi by sampling
to generate a new multiple image set {I+1 , I+2 , . . . , I+M}.

4.1.1 Keyword-to-Prompt Generator
The keyword-to-prompt generator produces the most ap-
propriate prompt P based on the given object name W o

and the original training images Io. With WordNet [11], we
construct a set of T -different words {W1,W2, . . . ,WT } to
obtain the candidate prompts (S1, S2, . . . , ST ) where St is
“a {W o} with {Wt}” replaced by a corresponding word
of {W1,W2, . . . ,WT }. Using WordNet [11], we can col-
lect a large database containing synonyms, hypernyms, hy-
ponyms, and part-whole relationships with high semantic
relevance of W o.

We find the optimal prompts from the candidate prompts
of (S1, S2, . . . , ST ) with two stages: distance-based outlier
removal and embedding similarity estimation. First, we re-
move the outlier prompts by using the L2 distance between
the latent features of the candidate prompt and the original
image. We define the positive prompt set where the outlier
prompts were removed by Sp, which is determined by Sp =
Sj |d(Sj , I

o) > 0.5, where d(Si, I
o) = ||f(Io) − G(Si)||2

and f(I) and G(S) are the image embedding vector of the
image I and text embedding vector of the prompt S, respec-
tively. We utilized CLIP encoders [19] to obtain the image
and text embedding vectors. Then, from the positive prompt
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set Sp, we determine the best prompt P by using the cosine
similarity as follows:

P = arg max
Sj∈Sp

cos
(
f(Io), G(Sj)

)
, (1)

where cos
(
f(Io), G(Sj)

)
means the cosine similarity be-

tween the two embedding vectors of f(Io) and G(Sj).

4.1.2 Variance-aware Image Generator
As a baseline architecture of the variance-aware image gen-
erator, we employ the VQGAN model [10]. This model in-
tegrates a vector quantization process, which maps the con-
tinuous latent space to a discrete codebook. Due to this char-
acteristic, the encoder’s output specifically follows the ap-
proximate posterior distribution of the latent vector, which
enables to effectively reconstruct the given input image via
the decoder. The vector quantization process plays a piv-
otal role, as it effectively represents the image within the la-
tent space by mapping continuous representations to a fixed
codebook. Additionally, the VQGAN model ensures that
the distribution of the latent variable closely approximates
the standard normal distribution.

The architecture of VQGAN can be represented as:

I ′ = po
(
E(I)

)
E(I) = [e

(
q1(I)

)
, e
(
q2(I)

)
, . . . , e

(
qD(I)

)
]

e
(
qd(I)

)
= arg min

ek∈{e1,...,eK}
||qd(I)− ek||2,

(2)

where po
(
E(I)

)
is a decoder to generate an entire im-

age by integrating the patches each generated from the
d-th latent vector sampled from a normal distribution of
N{e

(
qd(I)

)
, 1}, {e1, e2, . . . , eK} are the codebook vec-

tors embedded in VQGAN, and K is the codebook size.
However, existing VQGANs uniformly utilize the vari-

ance σ of the latent vector by 1, ignoring the possible di-
versity in the patch-wise appearance of the target object.
Especially, the appearance diversity must be considered for
anomaly detection models where a trained distribution of
non-defective images determines defects. To address the is-
sue, we extend the VQGAN architecture to predict the vari-
ance of latent variables. The variance-aware image genera-
tor can be represented as:

I+m = p
(
E∀i[E(Ii)],Σ∀i

(
E(Ii)

))
, (3)

where p(E,Σ) represents the extended decoder of VQGAN
sampling d-th patch’s latent vector from the distribution of
N{Ed,Σd}, Ed and Σd represent the d-th column of E and
Σ, respectively, and Σ∀i

(
E(Ii)

)
is a function estimating the

column-wise variance vectors of E(Ii) for all possible i.
We should remind that I+m and Ii are the m-th generated
image and the i-th augmented one, respectively. Thus, our
variance-aware image generator extracts the latent variables

according to the variance value estimated from the given
image and the target patch. Due to the sampling process in
the VQGAN, the generated images I+m differ at each sam-
pling iteration m.

4.2. Text-guided Knowledge Integrator

In this procedure, we generate the non-defective images
aligned well with the best prompt P , adding them to the
non-defective data pool for the anomaly detection model.
From P selected from the keyword-to-prompt generator, we
extract a textual clip feature zt through a clip text encoder
as zt = G(P ). At the same time, we generate the images
{I+1 , I+2 , . . . , I+M} by using the variance-aware image gen-
erator, and the visual clip feature is estimated by averaging
multiple image features as:

zv = E∀m
[
f(I+m)

]
. (4)

The text-guided knowledge integrator repeats the gener-
ation of the image set, scoring the image set by the cosine
similarity between the image feature expectation zv and the
best prompt feature zt. Here, we define the l-th generated
image set as {I l+1 , I l+2 , . . . , I l+M }, and its corresponding vi-
sual clip feature as zlv . Based on the cosine similarity be-
tween zlv and zt, we select the best set of generated im-
ages, which are used to train the following anomaly detec-
tion model. We define the best set of generated images as:

{Î+1 , Î+2 , . . . , Î+M} ≡ {Iα+1 , Iα+2 , . . . , Iα+M },
α = arg max

l∈{1,...,L}
cos(zt, z

l
v),

(5)

where L is the number of iteration to generate the image.
At every iteration to generate the new set of images, we

simultaneously update the variance-aware image generator.
This update is necessary for two purposes: first, it is neces-
sary for the image generator to generate images similar to
the input of non-defective images, and second, we can en-
hance the variety of generated image sets. We update all pa-
rameters of the variance-aware image generator, including
the encoder, decoder, and codebook vector parameters. In
addition to the original loss of VQGAN, we also utilize the
Mean Squared Error (MSE) loss to generate images similar
to the input images. The MSE loss is derived as follows:

Lmse(I
o, {I+1 , . . . , I+M}) = 1

n

M∑
m=1

||Io − I+m||22. (6)

Consequently, the total training loss can be represented as
follows:

L = Lmse(I
o, {I+1 , . . . , I+M}) + λLvq

(
{I1, . . . , IN}

)
, (7)

where Lvq

(
{I1, . . . , IN}

)
is the conventional loss for VQ-

GAN [10] with the input image set of {I1, . . . , IN} and λ
is a user-defined hyperparameter. We utilize the Adam opti-
mizer to update the estimated gradients across the variance-
aware image generator.
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Figure 5. Generalization test for anomaly detection in MVTecAD dataset. The first row shows the average improving score across
different baselines and varying numbers of non-defective images. The second rows present the average score for the highest-improving five
classes.
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Figure 6. Generalization test in BTAD dataset. We have con-
ducted experiments on detection and segmentation performance
on both object and texture types of BTAD dataset [18] using Patch-
core as baseline in one-shot setting. Our method improves the
overall performance, particularly for the object type.

5. Experimental Result

5.1. Quantitative Results

We have conducted a comparative analysis of the general-
ization performance of our newly designed framework for
one-shot, few-shot (5 images), and full-shot (entire train-
ing images) compared to the baselines. Firstly, the inte-
grated average performance of the classes is derived by ap-
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Figure 7. Generalization test in MVTec-LOCO AD dataset.
We have conducted experiments on detection and segmentation
performance in MVTec-LOCO AD dataset [4] using Patchcore
as baseline in one-shot setting. Our method improves the perfor-
mance for overall cases.

plying the state-of-the-art model [2] and the latest base-
lines [9, 14, 21] to the MVTecAD dataset [3]. Also, we
have analyzed the five classes with the highest improve-
ment to show the strengths of our method. Secondly, we
have conducted experiments using the BTAD dataset [18]
consisting of two types of objects and textures to find the
object types in which our model performs well. Finally, we
have validated the model’s performance by assigning tasks
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Original Worst promptOnly word Naive prompt Our prompt

Figure 8. (Top-Left) Similarity comparison between input text
and each prompt, (Top-Right) Similarity comparison between
input image and each prompt, (Bottom) Qualitative results of
generated images. The prompt form by text generator is used as
follows: ”hazelnut” for Only word, ”a photo of a hazelnut” for
Naı̈ve prompt, ”a {hazelnut} with {cobnut}” for Our prompt, and
”a {hazelnut} with {decantherous}” for Worst prompt

with complicated object types of the MVTec-LOCO AD
dataset [4].

In Fig. 5, the experimental results on generalized de-
tection using MVTecAD dataset indicate enhanced perfor-
mance across all baselines, thus verifying our model’s abil-
ity to generalize. The results show an average increase
of 15.7% in one-shot, 14.1% in few-shot, and 5.6% in
full-shot, confirming that our framework can successfully
achieve impressive performance even with a few training
images. Additionally, we have analyzed the performance
of the five highest improving classes in one-shot tasks, as
shown in the second rows of Fig. 5. The results show that
object types, such as the cable and metal-nut classes from
the Patchcore model, show impressive improvements of
19.1% and 18.5%, respectively. Other baselines show a sim-
ilar trend in object types, and the reverse distillation model
exhibits a significant increase of 73.3% even in texture types
such as leather.

As shown in Fig. 6, we have conducted additional ex-
periments on the BTAD dataset to revalidate which defects
our model works well. As in the graph of Fig. 6 (Top), the
detection AUROC shows improvements of 20.2% for ob-
ject type (1st class) and 4.0% for texture type (2nd class),
compared to baseline. Similarly, the segmentation AUROC
has also shown more significant improvements for the ob-
ject type, with 4.4% for object types and 1.3% for texture
types. In the qualitative results of Fig. 6 (Bottom), the ob-
ject type has resulted in better outcomes for locating the
anomaly segments close to the ground truth. As a result,
this experiment confirms that our model is more robust on
the object types.

However, failures happen in more diverse and compli-

Table 2. Evaluation of image quality. The image generated by
our prompt show the highest diversity and quality based on Incep-
tion Score (IS), Structural Similarity Index (SSIM), Peak Signal to
Noise Ratio (PSNR), and Learned Perceptual Image Patch Simi-
larity (LPIPS).

Method Prompt IS(↑) SSIM(↑) PSNR(↑) LPIPS(↓)
Original N/A 1.00 1.00 - 0.00
Only word “a hazelnut” 1.62 0.50 19.01 984.15
Naı̈ve prompt “a photo of hazelnut” 1.34 0.78 23.46 764.48
Worst prompt “a {hazelnut} with {decantherous}” 4.56 0.79 23.57 782.75
Our prompt “a {hazelnut} with {cobnut}” 22.59 0.90 28.39 701.84
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Figure 9. The trend of similarity score between the generated
image and the best prompt according to the number of it-
erations. (Left), The trend of similarity score in hazelnut class,
(Right) The trend of similarity score in leather class in MVTec-
AD dataset.

cated situations in the real world; thus, it is necessary to
verify the robustness of our model in more complex set-
tings. MVTec-LOCO AD dataset is suitable for testing com-
plex tasks since it consists of complicated classes, such as
logically structured arrangement (logical type) and surface
defect recognition (structural type). Fig. 7 shows the ex-
perimental results on the MVTec-LOCO AD dataset. For
the logical type, our method shows improvements of 15.5%
for the detection AUROC and 15.8% for segmentation AU-
ROC. Furthermore, for the structural type, our method also
shows improvements for both cases, with 10.6% for de-
tection AUROC and 4.3% for segmentation AUROC. In
Fig. 7(Bottom), the qualitative results also show that our
method can effectively detect and classify the changes in
the placement structure of a breakfast box and the subtle
differences in a juice bottle.

5.2. Experimental Analysis

5.2.1 Optimizing results between our prompt and gen-
erated images

As shown in Fig. 8, we visualize the results of the Keyword-
to-prompt Generator successfully finding the best prompt,
and the images generated by Variance-aware Image Gen-
erator and Text-guided Knowledge Integrator based on the
best prompt.

Fig. 8 (Top-Left) is a graph comparing the distance based
on the similarity between input text and prompts based on
the cosine similarity value. The worst prompt (blue dot) and
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Table 3. Ablation studies using Patchcore. [21] 1) The perfor-
mance is enhanced by the text prompt created with the text gen-
erator. 2) Initially, performance rises as the number of generated
images increases, but it eventually reaches a saturation point over
time. 3) In addition, the image generation module uses the vari-
ance method to guarantee a uniform distribution of the latent vec-
tor. This technique directly affects the quality and performance of
the resulting images.

Component Image-Level (%) Gain (%) Pixel-Level (%) Gain (%)
Baseline 74.5(±1.6) - 97.0(±0.1) -
1) Text prompt
w/o Text 77.6(±0.6) (+3.1%) 97.1(±0.0) (+0.1%)
w/ Text (ours) 79.1(±0.6) (+4.6%) 96.9(±0.0) (-0.1%)
2) N-Generated images
1-copy 78.6(±0.4) (+4.1%) 97.0(±0.0) (+0.0%)
10-copy 77.9(±0.4) (+3.4%) 96.9(±0.0) (-0.1%)
20-copy 78.4(±0.5) (+3.9%) 97.0(±0.0) (+0.0%)
30-copy 79.0(±0.7) (+4.5%) 97.0(±0.0) (+0.0%)
50-copy 78.5(±0.3) (+4.0%) 96.9(±0.1) (-0.1%)
100-copy 78.4(±0.5) (+3.9%) 96.9(±0.0) (-0.1%)
3) Variance-aware
w/o Variance 74.3(±0.4) (-0.2%) 97.0(±0.0) (+0.0%)
w/ Variance (ours) 78.9(±0.5) (+4.3%) 97.3(±0.0) (+0.3%)

w/o Variance w/Variance (ours)

Figure 10. Qualitative results by variance-aware method. The
variance-aware method affect the distribution of image latent vec-
tors, it also affect to the quality of image generation.

our prompt (red dot) show a stark difference. Fig. 8 (Top-
Right) is a graph comparing the similarity scores of input
images and each prompt, and we can show that the prompt
received the highest score (33%) and the worst prompt re-
ceived the lowest score (17%). We find that our prompts
have characteristics close to the non-defective image and
are evidence that they can boost the performance of text-
based knowledge integration modules. In Fig. 8 (Bottom),
we show that the qualitative image result generated by the
best prompt is most similar to the original image. In Ta-
ble 2, we additionally compared the quantitative results
based on the qualitative result images in Fig. 8. We com-
pared IS, SSIM, PSNR, and LPIPS scores and showed that
our method had the highest diversity and high visual simi-
larity to the original compared to other prompts.

In Fig. 9, we analyze the trend of similarity between
the best prompt and the generated image for each iteration.
Looking at the results, the generated image and the num-
ber of iterations are not unconditionally proportional, but
the performance is optimized at a certain point and then de-
creases. We prove our model is looking for optimal images
while generating images with different properties.

5.2.2 Ablation Studies

Table 3 shows the impact of the respective component of our
method. The results with our prompt generator show 4.6%
improvement compared to the baseline.

We also analyze the effect of the quantity of the text-
based generation images on the performance of the text gen-
erator. The model’s performance continuously improves as
the number of text-based generation images rises and tends
to reach a saturation point. The evidence is that excessive
accumulation of non-defective data can act as critical noise
in data expression. We found a performance difference of
up to 1.1% depending on the number of images.

Lastly, we compare the results of using the variance-
aware method. The variance method had an impact of
approximately 4.3%. Additionally, In Fig. 10, we com-
pared qualitative results for the Variance-aware method.
The Variance-aware method made latent vector from the
distribution of N{Ed,Σd} value in a form close to the
normal distribution, and the generation quality is also im-
proved.

6. Conclusion

To solve the issues in data shortages of the anomaly detec-
tion task in large-scale industrial manufacturing, our study
proposes a new framework composed of variance-aware
image generator, keyword-to-prompt generator, and text-
guided knowledge integrator. Based on diverse real-world
industrial situations and data shortage scenarios, we have
conducted extensive experiments using four baselines and
three datasets for comparative analysis. The experimental
results show the impressive performance of our framework
in all of the assumed scenarios, especially with a single
non-defective image. We have found that the uniform dis-
tribution of the latent vector helps improve performance by
preserving the characteristics of non-defective images dur-
ing regeneration. With a text-based multimodal model, our
study shows our framework’s potential to effectively per-
form anomaly detection and segmentation, even in indus-
trial environments with insufficient data. Furthermore, our
method shows impressive performance even with a limited
number of non-defective images, which enables us to avoid
the problem of intertwining the defective images while ef-
fectively gathering the large-scale non-defective image set.
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