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Abstract

This paper presents a novel method that leverages a visual-language model, CLIP, as
a data source for zero-shot anomaly detection. Tremendous efforts have been put towards
developing anomaly detectors due to their potential industrial applications. Considering
the difficulty in acquiring various anomalous samples for training, most existing methods
train models with only normal samples and measure discrepancies from the distribution
of normal samples during inference, which requires training a model for each object cat-
egory. The problem of this inefficient training requirement has been tackled by designing
a CLIP-based anomaly detector that applies prompt-guided classification to each part of
an image in a sliding window manner. However, the method still suffers from the labor of
careful prompt ensembling with known object categories. To overcome the issues above,
we propose leveraging CLIP as a data source for training. Our method generates text
embeddings with the text encoder in CLIP with typical prompts that include words of
normal and anomaly. In addition to these words, we insert several randomly generated
words into prompts, which enables the encoder to generate a diverse set of normal and
anomalous samples. Using the generated embeddings as training data, a feed-forward
neural network learns to extract features of normal and anomaly from CLIP’s embed-
dings, and as a result, a category-agnostic anomaly detector can be obtained without any
training images. Experimental results demonstrate that our method achieves state-of-the-
art performance without laborious prompt ensembling in zero-shot setups.

1 Introduction
Visual anomaly detection (AD) is the task of classifying images as normal or anomaly, where
anomalous images typically capture damaged, broken, or defective objects. AD differs from
object classification in that anomalous samples are defined as those different from normal
samples and thus are not restricted to specific categories. Due to the diverse appearances
of anomalous samples, AD remains a challenging problem and thus has been tackled by
numerous works [1–5, 7, 8, 11, 14, 15, 19–23, 26, 29, 31–34] for real-world applications.

Considering the fact that a diverse set of anomalous samples is difficult to obtain, most
existing methods [2, 3, 7, 8, 15, 19, 21–23, 26, 29, 31–34] train models with normal samples
and then test on both normal and anomalous samples. The distribution of normal samples is
modeled via various methods such as one-class classification [22, 32], reconstruction [8, 29],
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Figure 1: Existing and our AD methods. (a) Existing vanilla AD methods train a model
for each object category with normal samples as references and then test the models with
the samples of the target object categories. (b) Existing category-agnostic methods do not
require category-specific models. However, target object information such as normal im-
ages and prompts must be provided during inference. (c) Our method does not need either
category-specific models or target object information during inference.

and imitation of anomalous samples [15, 33] during training, and discrepancies from the dis-
tribution are calculated to predict anomaly scores during inference. Since the methods are
built on the assumption that normal samples are nearly identical, one model can only be ap-
plied to the objects of the same category as depicted in Fig. 1a. This category-specific model
requirement demands a significant number of models when the number of target objects is
large, which renders the deployment of the methods impractical.

To overcome the aforementioned issue, category-agnostic methods [4, 5, 11, 14, 20] have
been proposed. These methods leverage large-scale pre-trained models to extract highly
generalizable features and utilize them as references to detect anomalous samples as illus-
trated in Fig. 1b. In particular, recently proposed WinCLIP [14] demonstrates significant per-
formance improvement over the other category-agnostic methods in a zero-shot AD setup,
which extends a highly capable vison-language model, the Contrastive Language-Image Pre-
training (CLIP) model [18], to AD and is the most similar to our method.

In this paper, we also concentrate on zero-shot AD with CLIP. However, our method dif-
fers from WinCLIP in that we employ CLIP as a data source for training anomaly detectors.
Because CLIP is trained with a large amount of image-text pairs, a diverse set of embed-
dings can be obtained by inputting prompts to the text encoder in CLIP. However, manually
creating a large number of prompts is laborious and time-consuming, which hinders CLIP
from being utilized as a data source. To overcome this issue, we leverage the observation
that CLIP’s text encoder generates perturbed output embeddings when input sentences are
augmented with random words. By this augmentation, we produce a set of highly diverse em-
beddings with typical prompts containing words of normal and anomaly. These embeddings
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are then utilized as training data for a feed-forward neural network (FNN), which extracts
normal and anomaly features from the embeddings and classifies them accordingly. Since
FNN is trained without any object information, our proposed approach is applicable even
when target objects are unknown during inference as shown in Fig. 1c. Furthermore, our
method does not require any laborious prompt ensembling, which is leveraged in WinCLIP
to improve performance.

To summarize, our contributions are three-fold:

• We propose a novel AD method that leverages CLIP as a data source for training an
FNN. Since our method does not require any target object information during training
or inference, the trained model can be applied to the case where anomalous samples
of unknown objects must be detected.

• Our method achieves competitive performance to state-of-the-art methods without any
prompt ensembling on two benchmark datasets in challenging zero-shot setups.

• Extensive experiments show the potential use case of the proposed method, where
anomalous samples contain objects of ambiguous categories.

2 Related Work

2.1 Anomaly Detection
Most existing AD methods [2, 3, 7, 8, 15, 19, 21–23, 26, 29, 31–34] employ category-
specific models to capture the distribution of normal samples during training and then cal-
culate the discrepancies from the distribution during inference. One major trend of training
category-specific models is to use unsupervised learning. An early attempt [22] enhances
support vector data description, which is a classic algorithm of one-class classification, with
deep neural networks. Yi and Yoon [32] extend the method to patch-level classification
for precise anomaly segmentation. Gong et al. [8] employ another dominant unsupervised
approach, where autoencoders are trained to reconstruct normal samples from anomalous
ones. Another trend of category-specific models is to leverage self-supervised learning.
Golan and Yaniv [7] and Li et al. [15] synthesize anomalous samples from normal ones
using image transformations and then train models to classify original and synthesized im-
ages. Ye et al. [31] and Riesta et al. [19] propose erasing information in images and forcing
models to restore the information during training, which cannot restore anomalous samples
perfectly during inference. The aforementioned methods achieve promising results with so-
phisticated ways of modeling the distribution. However, the inefficiency of category-specific
models is non-negligible if the number of categories is significant and thus renders the meth-
ods impractical.

To solve the inefficiency of category-specific models, several category-agnostic meth-
ods [4, 5, 11, 14, 20] have been proposed, which leverage large-scale pre-trained models.
Most of these methods [4, 5, 11, 20] extract features with ImageNet [6] pre-trained models
to register the information of normal samples and utilize the information to find anomalous
samples. Recently proposed WinCLIP [14] differs from the ImageNet-based methods in
that the method employs a vison-language model, CLIP [18], for prompt-guided AD. All of
these methods enable models to detect anomalous samples in either a zero- and/or few-shot
manner due to the generalization capability of the pre-trained models.

Our method also leverages CLIP but differs from WinCLIP in that we use CLIP as a
data source for training anomaly detectors. Due to the category-agnostic and highly diverse
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samples from CLIP, our method can be applied to samples of unknown object categories and
achieve competitive performance without any prompt ensembling in zero-shot AD setups.

2.2 Zero-Shot Image Recognition with CLIP

CLIP [18] is trained with a significant amount of image-text pairs for better generalization
performance. During the training, embeddings from the image encoder are forced to have
high cosine similarities with the text embeddings of the corresponding pairs from the text
encoder. In contrast, the similarities of the embeddings in different pairs are reduced. This
contrastive learning enables models to extract highly generalized features from images, and
as a result, the models achieve high performance in zero-shot image classification.

Following the success of zero-shot image classification, several image recognition tasks
have been tackled with CLIP in a zero-shot manner [9, 24, 30]. Gu et al. [9] and Xu et al. [30]
extend the CLIP-based image classification to object detection and segmentation, respec-
tively. Sato et al. [24] tackles zero-shot anomaly action recognition with prompt-guided text
embeddings for anomalous behaviors unobserved during training.

We also leverage CLIP but in a different manner; we use CLIP as a data source for
training a classifier. The training samples generated by CLIP have high diversity and thus
enhance the capability of anomaly detectors without prompt ensembling.

3 Proposed Method
We leverage CLIP [18] as a data source to detect anomaly samples in a zero-shot manner. To
elaborate on our method, we first describe prompt-guided AD in Sec. 3.1 and then explain
the proposed random word data augmentation in Sec. 3.2, which is the core of our method.
Finally, we illustrate the way to train an FNN with samples generated by CLIP in Sec. 3.3. It
should be noted that in this section, we explain AD in the case where target object categories
are unknown.

3.1 Prompt-Guided Anomaly Detection

Figure 2a shows a prompt-guided AD method. We use two-class prompts as in WinCLIP [14].
However, we do not use state or prompt ensembling, which is utilized in WinCLIP and re-
quires laborious engineering. In prompt-guided AD, two-class prompts, “a photo of
[n] object” and “a photo of [a] object”, are first prepared, where words of
normal and anomaly are inserted into the locations of “[n]” and “[a]”, respectively. Ex-
amples of normal words are “a” and “a normal”, and those of anomlay words are “a
damaged” and “a broken”. Two prompts are then transformed into tokens ttt(n) ∈ ZCt

and ttt(a) ∈ ZCt with the tokenizer in CLIP, where Ct is the maximum token size. The tokens
are further transformed into text embeddings eee(n,t) ∈RCe and eee(a,t) ∈RCe as eee(n,t) = ftenc(ttt(n))
and eee(a,t) = ftenc(ttt(a)), where Ce is the embedding dimension and ftenc(·) is the text encoder
in CLIP. The obtained two embeddings are used as guides for AD.

To calculate anomaly scores with the text embeddings, input images must be transformed
into embeddings. Given an input image I ∈ R3×H×W , where H and W are the height and
width of the input image, an image embedding eee(i) ∈RCe is obtained as eee(i) = fienc(I), where
fienc(·) is the image encoder in CLIP. After normalizing the embeddings as ēee(n,t) = eee(n,t)

|eee(n,t)| ,
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Figure 2: Overview of prompt-guided AD and our method.

ēee(a,t) = eee(a,t)

|eee(a,t)| , and ēee(i) = eee(i)

|eee(i)| , an anomaly score spr ∈ [0,1] is finally obtained using the

softmax as spr =
exp(ēee(a,t)·ēee(i)/T )

exp(ēee(n,t)·ēee(i)/T )+exp(ēee(a,t)·ēee(i)/T )
, where T is a temperature parameter to ad-

just the sensitivity of the softmax. Following the implementation of CLIP [18], we set the
temperature parameter T to 0.01.

Since the prompts do not specify any object categories, this prompt-guided AD can be
applied when object categories are unknown. The method can be modified for the known-
object case by changing the word “object” in the prompts to a target category name.

3.2 Random Word Data Augmentation
Normal sample with random words
Anomalous sample with random words

Figure 3: t-SNE plot of gener-
ated text embeddings.

To train an FNN-based anomaly detector, we gener-
ate training samples by feeding prompts into CLIP
with random word data augmentation. Samples are
generated based on two prompt templates, “[w0] a
[w1] photo [w2] of [w3] [n] [w4]” for nor-
mal samples and “[w5] a [w6] photo [w7] of
[w8] [a] [w9]” for anomalous samples. At the loca-
tions of “[n]” and “[a]”, words of normal and anomaly
are inserted, respectively, in the same way as the prompt-
guided AD. At the locations of “[wi]”, randomly gener-
ated words are inserted.

Words for “[wi]” are generated by randomly select-
ing letters from the English alphabet and digits. The length of each word is also randomly
selected between the range from the minimum length lmin to the maximum length lmax. The
selected letters are concatenated and compose a single word. We insert individually gener-
ated words into the prompt templates and finally obtain prompts as depicted in Fig. 2b for
generating training samples.

The completed prompts are transformed into text embeddings via the tokenizer and text
encoder in CLIP. Suppose we have Np pairs of completed normal and anomalous prompts,
a set of the pairs of tokens T = {(ttt(n)i , ttt(a)i )}Np

i=1 is obtained, and then tokens ttt(n)i and ttt(a)i are
transformed into text embeddings as eee(n)i = ftenc(ttt

(n)
i ) and eee(a)i = ftenc(ttt

(a)
i ). The obtained set

of text embedding pairs E = {(eee(n)i ,eee(a)i )}Np
i=1 is used as a training set for anomaly detectors.

We evaluate AD performances with several Np values, which are reported in Sec. 4.4.
The proposed data augmentation increases the diversity of training samples and thus

enhances the performance of anomaly detectors. Figure 3 illustrates the t-SNE [28] plot of
the generated text embeddings. It can be seen from the figure that normal and anomalous
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samples are separately distributed, while samples in either group of normal or anomaly have
a certain amount of diversity. Since any object categories are specified in the prompts to
generate training samples, the trained anomaly detector can be applied even when target
object categories are unknown, resulting in obtaining category-agnostic anomaly detectors.

3.3 Training and Inference
As illustrated in Fig. 2b, we use an FNN as an anomaly detector, which is trained with the
generated text embeddings. During training, generated samples eee(n)i and eee(a)i are fed into an
FNN, and the binary cross entropy loss is calculated, where normal and anomalous samples
are labeled as 0 and 1, respectively. The samples of the same pair are always contained in the
same batch because we empirically found that the performance was slightly improved with
that strategy. During inference, an input image I is first transformed into an image embedding
eee(i) as eee(i) = fienc(I), and then an anomaly score sFNN is obtained as sFNN = σ( fFNN(eee(i))),
where fFNN(·) is the trained FNN and σ(·) is the sigmoid function. Since the text and image
embeddings from CLIP have similar semantics due to the contrastive learning of CLIP, the
trained FNN can be applied to the image embeddings even though the FNN is not trained
with them. The obtained scores can solely be used to detect anomalous samples or can be
combined with any kind of score such as spr to enhance the performance.

4 Experiments

4.1 Datasets and Evaluation Metrics
To validate the effectiveness of the proposed method, we conduct extensive experiments
on three publicly available benchmark datasets: the MVTec-AD [1], VisA [34], and Sew-
erML [10] datasets. The former two datasets are common AD datasets. The MVTec-AD
dataset includes 15 object categories, while the VisA dataset comprises 12 object categories.
We use the SewerML dataset to evaluate the capability of detecting anomalous samples
whose object categories are difficult to define due to their diversities. Although defect types
are defined in the dataset, the appearance of each defect is not fixed and thus is challenging to
classify, especially in a zero-shot manner. We compare CLIP [18] and our method with this
dataset to validate the effectiveness when ambiguous anomalous samples must be detected.
Only the validation set of the SewerML dataset is used for this evaluation.

Following the work of WinCLIP [14], we report the evaluation metrics of Area Un-
der the Receiver Operating Characteristic (AUROC), Area Under the Precision-Recall curve
(AUPR), and F1-score at optimal threshold (F1-max). The reported values of our method are
the mean and standard deviation of trials with 10 random seeds.

4.2 Implementation Details
In all the experiments, we use OpenCLIP1 as the implementation of CLIP [18] and the
LAION-400M [25]-based CLIP with ViT-B/16+ [12], which is also used by the work of
WinCLIP [14], for fair comparisons. The FNN has four linear layers with batch normaliza-
tion [13], ReLU activations, and dropout [27]. The network is trained for 2 epochs using
the AdamW [17] optimizer with a batch size of 128, the initial learning rate of 10−3 and

1https://github.com/mlfoundations/open_clip
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Table 1: Comparison against state-of-the-art methods.
MVTec-AD VisA

Setup Method AUROC AUPR F1-max AUROC AUPR F1-max

0-shot(
Object

unknown

) CLIP [18] 91.5 95.7 92.0 76.5 80.5 78.1

Ours 91.0±0.4 95.4±0.3 92.2±0.3 78.1±1.1 81.3±0.9 79.8±0.4
CLIP + ours 92.2±0.3 96.0±0.2 92.8±0.2 78.2±0.8 81.5±0.8 79.9±0.3

0-shot(
Object
known

) WinCLIP [14] 91.8 96.5 92.9 78.1 81.2 79.0
CLIP [18] 92.6 96.3 93.0 76.3 80.4 78.8

CLIP + ours 93.0±0.3 96.4±0.2 93.1±0.2 79.8±0.6 82.8±0.6 79.9±0.2

1-shot

SPADE [4] 81.0±2.0 90.6±0.8 90.3±0.8 79.5±4.0 82.0±3.3 80.7±1.9
PaDiM [5] 76.6±3.1 88.1±1.7 88.2±1.1 62.8±5.4 68.3±4.0 75.3±1.2
PatchCore [20] 83.4±3.0 92.2±1.5 90.5±1.5 79.9±2.9 82.8±2.3 81.7±1.6
WinCLIP [14] 93.1±2.0 96.5±0.9 93.7±1.1 83.8±4.0 85.1±4.0 83.1±1.7

CLIP + ours 93.3±0.5 96.7±0.2 94.0±0.3 83.4±1.7 85.8±1.8 83.6±0.8

2-shot

SPADE [4] 82.9±2.6 91.7±1.2 91.1±1.0 80.7±5.0 82.3±4.3 81.7±2.5
PaDiM [5] 78.9±3.1 89.3±1.7 89.2±1.1 67.4±5.1 71.6±3.8 75.7±1.8
PatchCore [20] 86.3±3.3 93.8±1.7 92.0±1.5 81.6±4.0 84.8±3.2 82.5±1.8
RegAD [11] 85.7 – – – – –
WinCLIP [14] 94.4±1.3 97.0±0.7 94.4±0.8 84.6±2.4 85.8±2.7 83.0±1.4

CLIP + ours 94.0±0.7 96.9±0.3 94.1±0.3 85.6±1.4 87.5±1.6 84.1±1.0

4-shot

SPADE [4] 84.8±2.5 92.5±1.2 91.5±0.9 81.7±3.4 83.4±2.7 82.1±2.1
PaDiM [5] 80.4±2.5 90.5±1.6 90.2±1.2 72.8±2.9 75.6±2.2 78.0±1.2
PatchCore [20] 88.8±2.6 94.5±1.5 92.6±1.6 85.3±2.1 87.5±2.1 84.3±1.3
RegAD [11] 88.2 – – – – –
WinCLIP [14] 95.2±1.3 97.3±0.6 94.7±0.8 87.3±1.8 88.8±1.8 84.2±1.6

CLIP + ours 94.5±0.7 97.1±0.3 94.4±0.3 86.6±0.9 88.4±1.3 84.5±0.6

the weight decay of 10−4. The learning rate is decayed after 1 epoch. Note that each batch
comprises paired normal and anomalous samples as described in Sec. 3.3. Unless other-
wise noted, we use multi-crop data augmentation at test time for both CLIP and our method
because WinCLIP also uses the multi-crop strategy.

For the random word data augmentation, the minimum word length lmin is set to 5, and the
maximum word length lmax is set to 10. By default, 10,000 pairs of normal and anomalous
samples are generated with “a” for a word of normal and “a damaged” for a word of
anomaly. The performances with other settings are analyzed in Sec. 4.4.

As denoted in Sec. 3.3, the scores of the FNN can be combined with other scores. In
zero-shot setups, the performances with spr + sFNN (indicated by “CLIP + ours”) as well
as with the individual score sFNN (indicated by “ours”) are reported. For future reference,
we also report the performances of few-shot setups. In these setups, an additional score
simg is calculated based on the similarities between the image embeddings of test samples
and reference normal samples as described in the paper of WinCLIP. The performances are
evaluated with the added score spr + sFNN + simg (indicated by “CLIP + ours”).

4.3 Comparison against State of The Art

We compare our method against state-of-the-art zero/few-shot AD methods. Table 1 shows
the comparison results. For zero-shot AD, we evaluate performances in two setups. One is
an unknown-object setup, where we assume that target object categories are unknown and
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Table 2: Comparison against state-of-the-art methods without multiple crops on the MVTec-
AD dataset in the zero-shot known-object setup.

Method Prompt ens. AUROC AUPR F1-max

WinCLIP [14] ✓ 90.8 96.1 92.5
CLIP [18] 89.8 95.4 92.1

Ours 89.6±0.6 95.5±0.2 91.5±0.3
CLIP + ours 91.0±0.3 96.2±0.2 92.5±0.2

Table 3: Comparison of model complexities and
speeds.

Method #Params #MACs Latency (ms)

CLIP [18] 77.81M 105.4G 18.0
WinCLIP [14] 77.81M 205.9G 41.9
Ours 78.11M 105.4G 18.3
CLIP + ours 78.11M 105.4G 18.4

1000 2000 5000 10000 20000 50000
#Generated training prompt pairs

88

90

A
U

R
O

C
Figure 4: AUROCs with the various
numbers of training prompt pairs in the
zero-shot unknown-object setup.

thus a word “object” is used in CLIP’s prompts. The other is known-object setup, where
we assume that target object categories are known and thus inserted into CLIP’s prompts. It
should be noted that the results of our method without CLIP are shown only in the zero-shot
unknown-object setup because our method does not require object information and thus has
the same performance even if object information is provided.

In the zero-shot setups, our method outperforms CLIP’s [18] prompt-guided AD and
WinCLIP [14] with almost all the evaluation metrics when combined with CLIP. In partic-
ular, the performance gaps between the existing and our methods are larger in the zero-shot
unknown-object setup than in the known-object setup, which indicates the effectiveness of
detecting ambiguous anomalous samples.

Our method achieves competitive performances even in the few-shot setups. However,
it can be observed that our method performs worse than WinCLIP when the number of
reference images increases in the few-shot setups. Since we focus on zero-shot setups, we
do not design a structure to leverage reference images and thus use the off-the-shelf CLIP
model to leverage those images in the few-shot setups, which means that the performance
improvement with reference images depends on CLIP’s capability. While WinCLIP can
extract features of small anomalous regions with patch-based embeddings, CLIP tends to
suppress detailed features with image-based embeddings and thus cannot leverage multiple
reference images with slight differences in anomalous appearance. This is probably why our
method has limited performance improvement and is outperformed by WinCLIP when the
number of reference images increases.

We also compare the performances of CLIP [18], WinCLIP [14], and our method with-
out the multi-crop strategy. If the multi-crop is eliminated from WinCLIP, the performance
purely depends on the prompt ensembling, which is a suitable baseline to evaluate the ca-
pability of our method. Table 2 shows the comparison results. As shown in the table, our
method achieves better performance than WinCLIP. The results indicate that our random
word data augmentation can improve performance better than prompt ensembling.
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Table 4: AUROCs with various word pairs for normal and anomaly in the zero-shot
unknown-object setup. The left value in each cell is the result of CLIP [18], and the right
value is that of CLIP + ours.

“a damaged” “a broken” “a defective” “an anomalous”

“an” 91.5⧸92.2±0.3 87.5⧸86.1±0.6 79.4⧸85.7±0.5 67.6⧸73.7±0.3
“a normal” 89.3⧸90.5±0.2 87.3⧸88.6±0.5 81.8⧸84.5±0.9 69.1⧸71.9±1.0
“a good” 88.4⧸89.6±0.3 86.1⧸87.0±0.5 80.6⧸86.3±0.4 68.6⧸73.0±0.9
“a flawless” 88.5⧸90.3±0.4 85.7⧸86.0±0.8 77.7⧸84.5±0.6 68.8⧸75.8±0.5

We evaluate the computational complexities and inference speed of CLIP [18], Win-
CLIP [14], and our method with NVIDIA RTX 3090 Ti. Since the results are crucial for
deployment, and prompts can be encoded into embeddings before deployment, we ignore
the text encoder size and text encoding time. Note that this evaluation is advantageous to
WinCLIP, which has to encode multiple prompts into embeddings.

Table 3 shows the evaluation results. Since our method requires a small FNN in addition
to CLIP, the number of parameters increases by 0.3M compared with the existing methods,
which is only a 0.39 % relative increase. In terms of the inference speed, WinCLIP is 2.3
times slower than our method. Although WinCLIP has a smaller model size than our method,
WinCLIP has to process multiple patches from an image and as a result, demonstrates longer
latency than our method. These results indicate that our method also has advantages over the
existing methods from the perspective of deployment.

4.4 Analysis on Data Augmention

We first analyze the effect of the number of prompt pairs Np for training the FNN. Fig-
ure 4 shows the performances on the MVTec-AD dataset with regard to the different values
of Np in the unknown-object setup. As shown in the figure, the best performance is achieved
when Np is 10,000, and fewer or more pairs degrade the performance. The lower perfor-
mance with fewer samples is attributed to insufficient training data, and that with more sam-
ples is probably due to over-fitting. As analyzed in Sec. 4.5, embeddings generated from our
random data augmentation have a different distribution from that of the embeddings gener-
ated from natural sentences. A large number of such training samples force models to have
an incorrect decision boundary and thus degrade the performance.

We then analyze the effect of normal and anomaly word choices in guiding prompts
and prompt templates. Table 4 shows the evaluation results of CLIP⧸CLIP + ours. Each
row and column shows the performances with the indicated word as normal and anomaly
in the prompts. As illustrated in the table, our method improves the performances of CLIP
with any word pairs except for the pair of “an” and “a broken”. In particular, our method
significantly improves performances in the case where word pairs are inappropriate for CLIP.
The results suggest that our method can show word-agnostic performance improvement and
can boost the robustness of the prompt-guided AD.

4.5 Analysis on Feature Embeddings
To analyze how the FNN learns to classify normal and anomalous samples with our random
word data augmentation, we obtain natural sentences that contain a word of either “normal”
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Text embedding from CLIP Features from the 1st layer of the FNN Features from the 2nd layer of the FNN Features from the 3rd layer of the FNN

Normal sample with random words
Anomalous sample with random words

COCO caption including the word "normal"

COCO caption including the word "damage"

Figure 5: t-SNE plots of feature embeddings from different layers.

Table 5: Comparison of CLIP and our method on the SewerML dataset.
Method AUROC AUPR F1-max

CLIP [18] 79.1 77.7 75.2

Ours 82.6±1.3 81.0±1.3 77.4±0.9
CLIP + Ours 81.7±0.9 80.2±0.7 76.9±0.8

or “damage” from COCO captions [16] and plot the embeddings of those natural sentences
in addition to the augmented prompts with t-SNE [28]. Figure 5 shows the plotted results.
As shown in the figure, CLIP’s embeddings of the natural sentences and augmented prompts
have different domains. However, the embeddings from the FNN layers are gradually split
by their sample types rather than their domains. These plots indicate that the trained FNN
learns to extract features containing information on normality and thus successfully classifies
anomalous samples of arbitrary object categories.

4.6 Potential Application

To validate the effectiveness of our method in detecting ambiguous anomalous samples,
we evaluate the performances of CLIP [18] and our method on the SewerML dataset [10].
Table 5 shows the comparison results. As shown in the table, our method without the prompt-
guided AD achieves the best performance among the three methods. The reason for the best
performance without the prompt-guided AD is probably because CLIP cannot handle the
diversity of defects in the dataset and thus degrades the performance rather than improving
it. In contrast, our FNN is trained with a diverse set of normal and anomalous samples and
thus can achieve better performance.

5 Conclusion

We propose a novel zero-shot category-agnostic AD method that leverages CLIP as a data
source for training anomaly detectors. Our method differs from existing methods in that
our method does not include object categories in prompts to generate training samples and
thus can be applied to the case where object categories are unknown. Furthermore, training
samples generated by our method are so diverse that our method can achieve significant
performance even without prompt ensembling. We perform extensive experiments and show
the effectiveness of our method.
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