arXiv:2310.18961v12 [cs.CV] 1 Jan 2026

ANOMALYCLIP: OBJECT-AGNOSTIC PROMPT LEARN-
ING FOR ZERO-SHOT ANOMALY DETECTION

Qihang Zhou'*, Guansong Pang”*, Yu Tian’, Shibo He'f, Jiming Chen'f
1Zhejiang University 2 Singapore Management University ~ *Harvard University
! {zghang, sl8he, cjm}@zju.edu.cn 2gspang@smu.edu.sg
3ytianll@meei.harvard.edu

ABSTRACT

Zero-shot anomaly detection (ZSAD) requires detection models trained using aux-
iliary data to detect anomalies without any training sample in a target dataset. It
is a crucial task when training data is not accessible due to various concerns, e.g.,
data privacy, yet it is challenging since the models need to generalize to anoma-
lies across different domains where the appearance of foreground objects, abnor-
mal regions, and background features, such as defects/tumors on different prod-
ucts/organs, can vary significantly. Recently large pre-trained vision-language
models (VLMs), such as CLIP, have demonstrated strong zero-shot recognition
ability in various vision tasks, including anomaly detection. However, their ZSAD
performance is weak since the VLMSs focus more on modeling the class semantics
of the foreground objects rather than the abnormality/normality in the images.
In this paper we introduce a novel approach, namely AnomalyCLIP, to adapt
CLIP for accurate ZSAD across different domains. The key insight of Anoma-
IyCLIP is to learn object-agnostic text prompts that capture generic normality and
abnormality in an image regardless of its foreground objects. This allows our
model to focus on the abnormal image regions rather than the object semantics,
enabling generalized normality and abnormality recognition on diverse types of
objects. Large-scale experiments on 17 real-world anomaly detection datasets
show that AnomalyCLIP achieves superior zero-shot performance of detecting
and segmenting anomalies in datasets of highly diverse class semantics from vari-
ous defect inspection and medical imaging domains. Code will be made available
athttps://github.com/zghang/AnomalyCLIP.

1 INTRODUCTION

Anomaly detection (AD) has been widely applied in various applications, such as industrial defect
inspection (Bergmann et al.|, [2019; Xie et al.| 2023} Roth et al.| 2022} [Huang et al., [2022; Mou
et al., [2022; [Chen et al., [2022; |Bergmann et al., [2020; [Pang et al., 2021a; [Reiss & Hoshen, 2023;
You et al., 2022} |Liznerski et al.l [2020; Ding et al., 2022; |[Zhou et al., |2023; |(Cao et al., [2023) and
medical image analysis (Pang et al) 2021aj |Qin et al. 2022} |Liu et al., |2023} Ding et al.| 2022}
Tian et al., 2021; 2023} |[Fernando et al., 2021). Existing AD approaches typically assume that
training examples in a target application domain are available for learning the detection models
(Pang et al., [2021b} Ruff et al.}2021)). However, this assumption may not hold in various scenarios,
such as 1) when accessing training data violates data privacy policies (e.g., to protect the sensitive
information of patients), or ii) when the target domain does not have relevant training data (e.g.,
inspecting defects in a manufacturing line of new products). Zero-shot anomaly detection (ZSAD)
is an emerging task for AD in such scenarios, to which the aforementioned AD approaches are not
viable, as it requires detection models to detect anomalies without any training sample in a target
dataset. Since anomalies from different application scenarios typically have substantial variations in
their visual appearance, foreground objects, and background features, e.g., defects on the surface of
one product vs. that on the other products, lesions/tumors on different organs, or industrial defects
vs. tumors/lesions in medical images, detection models with strong generalization ability w.r.t.
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Figure 1: Comparison of ZSAD results on (b) test data using (c) original text prompts in CLIP
(Radford et al.} 2021)), (d) tailored text prompts for AD in WinCLIP 2023), (e) learnable
text prompts for general vision tasks in CoOp (Zhou et all, 2022a), and (f) object-agnostic text
prompts in our AnomalyCLIP. (a) presents a set of auxiliary data we can use to learn the text prompts.
The results are obtained by measuring the similarity between text prompt embeddings and image
embeddings. The ground-truth anomaly regions are circled in red in (a) and (b). (c), (d), and (e)
suffer from poor generalization across different domains, while our AnomalyCLIP in (f) can well
generalize to anomalies in diverse types of objects from different domains.

such variations are needed for accurate ZSAD. Recently large pre-trained vision-language models
(VLMs) (Radford et al, 2021}, [Kirillov et al 2023)) have demonstrated strong zero-shot recognition
ability in various vision tasks, including anomaly detection (Jeong et al}[2023). Particularly, being
pre-trained using millions/billions of image-text pairs, CLIP (Radford et al.) has been applied

to empower various downstream tasks (Zhou et all, [2022b; Rao et al., 2022} [Khattak et al.} 2023}
2023)) with its strong generalization capability. WinCLIP (Jeong et al.,[2023) is a seminal

work in the ZSAD line, which designs a large number of artificial text prompts to exploit the CLIP’s
generalizability for ZSAD. However, the VLMs such as CLIP are primarily trained to align with the
class semantics of foreground objects rather than the abnormality/normality in the images, and as a
result, their generalization in understanding the visual abnormality/normality is restricted, leading to
weak ZSAD performance. Further, the current prompting approaches, using either manually defined
text prompts (Jeong et al.}, 2023)) or learnable prompts (Sun et al.| 2022} [Zhou et all, [2022al), often
result in prompt embeddings that opt for global features for effective object semantic alignment
(Zhong et al. 2022} [Wu et al., 2023)), failing to capture the abnormality that often manifests in fine-
grained, local features, as shown in Fig.[Id]and Fig.[Ie] In this paper we introduce a novel approach,
namely AnomalyCLIP, to adapt CLIP for accurate ZSAD across different domains. AnomalyCLIP
aims to learn object-agnostic text prompts that capture generic normality and abnormality in an
image regardless of its foreground objects. It first devises a simple yet universally-effective learnable
prompt template for the two general classes — normality and abnormality — and then utilizes both
image-level and pixel-level loss functions to learn the generic normality and abnormality globally
and locally in our prompt embeddings using auxiliary data. This allows our model to focus on the
abnormal image regions rather the object semantics, enabling remarkable zero-shot capability of
recognizing the abnormality that has similar abnormal patterns to those in auxiliary data. As shown
in Fig.[Ta]and Fig.[Tb] the foreground object semantics can be completely different in the fine-tuning
auxiliary data and target data, but the anomaly patterns remain similar, e.g., scratches on metal
nuts and plates, the misplacement of transistors and PCB, tumors/lesions on various organ surfaces,
etc. Text prompt embeddings in CLIP fail to generalize across different domains, as illustrated in
Fig.|Ic| but object-agnostic prompt embeddings learned by AnomalyCLIP can effectively generalize
to recognize the abnormality across different domain images in Fig.[Tf}

In summary, this paper makes the following main contributions.

* We reveal for the first time that learning object-agnostic text prompts of normality and
abnormality is a simple yet effective approach for accurate ZSAD. Compared to current
text prompting approaches that are primarily designed for object semantic alignment
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et al., 2023} [Zhou et al., | 2022b)), our text prompt embeddings model semantics of generic
abnormality and normality, allowing object-agnostic, generalized ZSAD performance.

e We then introduce a novel ZSAD approach, called AnomalyCLIP, in which we utilize an
object-agnostic prompt template and a glocal abnormality loss function (i.e., a combination
of global and local loss functions) to learn the generic abnormality and normality prompts
using auxiliary data. In doing so, AnomalyCLIP largely simplifies the prompt design and
can effectively apply to different domains without requiring any change on its learned two
prompts, contrasting to existing methods like WinCLIP whose effectiveness relies heavily
on extensive engineering on hundreds of manually defined prompts.

* Comprehensive experiments on 17 datasets from various industrial and medical domains
demonstrate that AnomalyCLIP achieves superior ZSAD performance of detecting and
segmenting anomalies in datasets of highly diverse class semantics from defect inspection
and medical imaging domains.

2 PRELIMINARY

CLIP consists of a text encoder and visual encoder denoted as 7'(-) and F'(-), respectively. Both
encoders are mainstream multi-layer networks such as ViT (Dosovitskiy et al., 20205 Vaswani et al.,
2017). Using text prompts is a typical way to achieve the embeddings of different classes for zero-
shot recognition. Particularly, a text prompt template G with the class name c can be passed through
T(+) to obtain its corresponding textual embedding g. € RP. The text prompt template commonly
used in CLIP looks like A photo of a [cls], where [cls] represents the target class name.
Then F(-) encodes an image z; to derive visual representations, where the class token f; € R
is treated as its visual embedding (global visual embedding), and patch tokens f/* € R#*WxD
are referred to as local visual embeddings. CLIP performs zero-shot recognition by measuring the
similarity between textual and visual embeddings. In specific, given a target class set C and an image
x;, CLIP predicts the probability of x; belonging to c as follows:

exp(< ge, fi > /7)
D eec €xp(< ge, fi >)/T)’

where 7 is a temperature hyperparameter, and the operator < -, - > represents the computation of
cosine similarity. Unlike many vision tasks that involve many objects and use the name of the ob-

jects as the class name [cls], we posit that performing ZSAD tasks using CLIP should be object-
agnostic, so we propose to design two classes of text prompts (i.e., normality and abnormality) and
compute the possibility of these two classes according to Eq.[I] We denote the probability of being
abnormal P(g,, f;) as the anomaly score. The computation is extended from global visual embed-
dings to local visual embeddings to derive the corresponding segmentation maps S,, € R¥>*W and

S, € RE*XW  where each entry (j, k) are computed as P(gy,, f"7*)) and P(gq, "),

p(y = clx;) = P(ge, fi) = 1)

3 ANOMALYCLIP: OBJECT-AGNOSTIC PROMPT LEARNING

3.1 APPROACH OVERVIEW

In this paper, we propose AnomalyCLIP to adapt CLIP to ZSAD via object-agnostic prompt learn-
ing. As shown in Fig.[2] AnomalyCLIP first introduces object-agnostic text prompt templates, where
we design two generic object-agnostic text prompt templates of g,, and g, to learn generalized em-
bedding for the normality and abnormality classes, respectively (see Sec.[3.2)). To learn such generic
text prompt templates, we introduce global and local context optimization to incorporate global and
fine-grained anomaly semantics into object-agnostic textual embedding learning. In addition, tex-
tual prompt tuning and DPAM are used to support the learning in the textual and local visual spaces
of CLIP. Finally, we could integrate the multiple intermediate layers to provide more local visual
details [ﬂ During training, all modules are jointly optimized by the combination of global and local
context optimization. During inference, we quantify the misalignment of textual and global/local
visual embeddings to obtain the anomaly score and anomaly score map, respectively (see Sec.[3.3).

! Although we use only the top feature map of visual encoder in the code implementation, AnomalyCLIP is
capable of incorporating multiple intermediate feature maps.
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Figure 2: Overview of AnomalyCLIP. To adapt CLIP to ZSAD, AnomalyCLIP introduces object-
agnostic text prompt templates to capture generic normality and abnormality regardless of the object
semantics. Then, we introduce glocal context optimization to incorporate global and fine-grained
anomaly semantics into object-agnostic text prompt learning. Finally, textual prompt tuning and
DPAM are used to enable the prompt learning in the textual and local visual spaces of CLIP.

3.2 OBJECT-AGNOSTIC TEXT PROMPT DESIGN

Commonly used text prompt templates in CLIP, like 2 photo of a [cls], primarily focus
on object semantics. Consequently, they fail to generate textual embeddings that capture anomaly
and normal semantics to query corresponding visual embeddings. To support the learning of
anomaly-discriminative textual embeddings, we aim to incorporate prior anomaly semantics into
text prompt templates. A trivial solution is to design the templates with specific anomaly types, such
as A photo of a [cls] with scratches However, the pattern of anomaly is typically
unknown and diverse, so it is practically difficult to list all possible anomaly types. Therefore, it
is important to define text prompt templates with generic anomaly semantics. For this purpose, we
can adopt the text damaged [cls] to cover comprehensive anomaly semantics, facilitating the
detection of diverse defects such as scratches and holes. Nevertheless, utilizing such text prompt
templates poses challenges in generating generic anomaly-discriminating textual embeddings. This
is because CLIP’s original pre-training focuses on aligning with object semantics instead of the ab-
normality and normality within images. To address this limitation, we can introduce learnable text
prompt templates and tune the prompts using auxiliary AD-relevant data. During the fine-tuning
process, these learnable templates can incorporate both broad and detailed anomaly semantics, re-
sulting in textual embeddings that are more discriminative between normality and abnormality. This
helps avoid the need for manually defined text prompt templates that require extensive engineer-
ing (Jeong et al., 2023)). These text prompts are referred to as object-aware text prompt templates
and defined as follows:

gn = V1][Va]. .. [VE][cls]

9o = [W1][Wa]. .. [Wg][damaged]|cls],
where [V]; and [W]; (i € 1,..., E) are learnable word embeddings in normality and abnormality
text prompt templates, respectively.

ZSAD tasks require models to detect anomalies in previously unseen target datasets. These datasets
often exhibit significant variations in object semantics among different objects, like various defects



on one product vs. another, or discrepancies between industrial defects and medical imaging tu-
mors. However, despite these substantial differences in object semantics, the underlying anomaly
patterns could be similar. For instance, anomalies like scratches on metal nuts and plates, or the
misplacement of transistors and PCB, as well as tumors on the surface of various organs, can share
similar anomaly patterns. We hypothesize that the key of accurate ZSAD is to identify these generic
anomaly patterns regardless of the varying semantics of different objects. Therefore, the inclusion of
object semantics in object-aware text prompt templates is often unnecessary for ZSAD. It can even
hinder the detection of anomalies in classes that have not been seen during the learning process.
More importantly, excluding the object semantics from text prompt templates allows learnable text
prompt templates to focus on capturing the characteristics of anomalies themselves, rather than the
objects. Motivated by this, we introduce object-agnostic prompt learning, with the aim to capture
generic normality and abnormality within images regardless of the object semantics. Different from
object-aware text prompt templates, as shown below, the object-agnostic text prompt templates
replace the class name in g,, and g, with object, blocking out the class semantics of objects:

gn = [V1][V2] ... [VE][object]
Jo = [W1][Wa] ... [Wg][damaged][object].

This design empowers the object-agnostic text prompt template to learn the shared patterns of dif-
ferent anomalies. As a result, the generated textual embeddings are more generic and capable of
identifying anomalies across diverse objects and different domains. Further, this prompt design is
versatile and can be applied to different target domains without any modification, e.g., requiring no
knowledge about the object name or anomaly types in a target dataset.

3.3 LEARNING GENERIC ABNORMALITY AND NORMALITY PROMPTS

Glocal context optimization To effectively learn the object-agnostic text prompts, we devise a
joint optimization approach that enables the normality and abnormality prompt learning from both
global and local perspectives, namely global and local context optimization. The global context op-
timization aims to enforce that our object-agnostic textual embeddings are matched with the global
visual embeddings of images of diverse objects. This helps effectively capture the normal/abnormal
semantics from a global feature perspective. The local context optimization is introduced to enable
object-agnostic text prompts to concentrate on fine-grained, local abnormal regions from M inter-
mediate layers of the visual encoder, in addition to the global normal/abnormal features. Formally,
let M be the set of intermediate layers used (i.e., M = |M]|), our text prompts are learned by
minimizing the following glocal loss function:

Liotat = Lglobal +A Z]WzEM Ll]\gclal7 @)

where A is a hyperparameter to balance the global and local losses. Lgjobq; is a cross-entropy loss
that matches the cosine similarity between the object-agnostic textual embeddings and visual embed-
dings of normal/abnormal images from auxiliary data. Let S € RimaseXWimage be the ground-truth
segmentation mask, with S;;, = 1 if the pixel is as an anomaly and S;;, = 0 otherwise, then we have
j,k m(j,k j K m(j,k )
s = Plons S5™), IR0 = Plgas f0), where j € [1,H], k€ [1,W]

3

Liocat = Focal(Up([Snp1,5 Sa,n,])sS) + Dice(Up(Spag,), I — S) + Dice(Up(Sa.n,), S),

where Focal(-,-) and Dice(-, -) denote a focal loss (Lin et al.,|2017) and a Dice loss (Li et al.} 2019)
respectively. The operators Up(-) and [-, -] represent the unsampling and concatenation along with
the channel, and I represents the full-one matrix. Since the anomalous regions are typically smaller
than the normal ones, we use focal loss to address the imbalance problem. Furthermore, to ensure
that the model establishes an accurate decision boundary, we employ the Dice loss to measure the
overlaps between the predicted segmentation Up(Sy, ar, )/Up(Sa,ar,) and the ground truth mask.

Refinement of the textual space To facilitate the learning of a more discriminative textual space
via Eq. @, inspired by Jia et al| (2022)) and [Khattak et al.| (2023)), we introduce randomly ini-
tialized learnable token embeddings in the text encoder to refine the textual space for its adap-
tation to AD. To control the degree of refinement in the textual space, we choose to replace
the prefix part of the original token embeddings with learnable token embeddings in the text en-
coder, from the bottom (the second layer) to the top. In particular, we denote the token embed-
dings of the learnable text prompt as t,, = {t1,,t2,,...,tL}, which we denote as ¢,, = ¢ |V

m? rm? r'm T



and m represents the layer index of the text encoder. We introduce additional multi-layer train-
able tokens g, = qfn|? = {q},,2,...,q¢%}, Q@ < P. To adapt the original textual rep-
resentations of layer m, we replace tfn|§2 with ¢,,, thus deriving the new token embeddings

t = [qfn|?,tfn|5+1] ={ql,q%,. .., q2, 19t ... tP}. Then,t, is forwarded into T, to obtain
. . Jrl . .
tmsr = [0 9, trsiloa] = hg s Togns - 29T tE ). To provide layer-wise

adaptation, we discard the obtained 77 . | |? and initialize new learnable token embeddings ¢¢, |?

Through the concatenation operation, we obtain ¢,,,, , = [q:n 41 |?,.tin 41 |g +1» which further refines
the textual representations of layer m + 1. We repeat this operation until we reach the designated
layer M'. This procedure is given by:

to = T1 (tl)

[Tin+1|?,tin+1|5+1] = Tm([qal?,tﬁnlgﬂb

: o p . A
[T:n+2|iQ7t:n+2|Q+1] = Tm+1([q:n+l|iQ7t:n+l|Q+1]) (3)

a1 = TM/([T3\/1/|?¢3\4/\5+1]),

where the operator |-, -] represents the concatenation along the channel.

Refinement of the local visual space Since the visual
encoder of CLIP is originally pre-trained to align global
object semantics, the contrastive loss used in CLIP makes
the visual encoder produce a representative global em-
bedding for class recognition. Through the self-attention
mechanism, the attention map in the visual encoder fo-
cuses on the specific tokens highlighted within the red ol 2 ) AW
rectangle in Fig[3b] Although these tokens may contribute > || e S
to global object recognition, they disrupt the local visual e )
semantics, which directly hinders the effective learning

of the fine-grained abnormality in our object-agnostic text oL ) \ oo, ) \ nomahCLt) ) \ (remaci
prompts (Li et al', 2023b). We found empirically that a di_ (a) Input (b) Q-K attention () Q-Q attention (d) K-K attention () V-V attention
agonally prominent attention map helps reduce the distur- Figure 3: DPAM visualization.

bance from other tokens, leading to improved local visual

semantics. Therefore, we propose a mechanism called

Diagonally Prominent Attention Map to refine the local visual space, with the visual encoder kept
frozen during training. To this end, we replace the original ()-K attention in the visual encoder
with diagonally prominent attention, such as Q-Q, K-K, and V-V self-attention schemes. As
demonstrated in Fig[3c] Fig[3dl and Fig. [Be] the refined DPAM attention maps are more diago-
nally prominent, resulting in substantially improved segmentation maps in both original CLIP and
our AnomalyCLIP. Compared to CLIP that is based on global features and manually defined text
prompts, the text prompts learned by AnomalyCLIP are more fine-grained, enabling substantially
more accurate alignment between the normality/abnormality prompt embeddings and the local vi-
sual embeddings across four different self-attention schemes. This, in turn, allows AnomalyCLIP
to generate accurate S,, and S, for the joint optimization in Eq.[2] Unless otherwise specified,
AnomalyCLIP utilizes V-V self-attention due to its superior overall performance. The performance
of different self-attention mechanisms is analyzed in Sec.[D} We also provide a detailed explanation
about DPAM in Appendix[C]

Training and Inference During training, AnomalyCLIP minimizes the loss in Eq. [2] using an
auxiliary AD-related dataset. As for inference, given a test image x;, we use the similarity score
P(ga, fi) as the image-level anomaly score, with the anomaly score leaning toward one when the
anomaly textual embedding g, is aligned with global visual embedding f;. For pixel-wise predic-
tions, we merge the segmentation S, »s, and Sy a4, of all selected intermediate layers, followed by an
interpolation and smoothing operation. Formally, our anomaly score map Map € RimagexWimage
is computed as Map = Go (3, eaq(5(I — Up(Sn.ary)) + 5Up(Sa, 1)), where Gy represents a
Gaussian filter, and o controls smoothing.



Table 1: ZSAD performance comparison on industrial domain. The best performance is highlighted
in red, and the second-best is highlighted in blue.  denotes results taken from original papers.

Task Category Datasets |C| CLIP CLIP-AC WinCLIP VAND CoOp AnomalyCLIP
Obj &texture MVTec AD 15 (74.1,87.6)  (71.5,86.4) (91.8, ‘)6.5)1- (86.1, 9345)1— (88.8,94.8) (91.5,96.2)
VisA 12 (664,715 (65.0,70.1) (78.1,81.9)T  (78.0,81.4)T  (628,68.1)  (82.1,85.4)
Image-level Obi MPDD 6 (543,654) (562,66.0)  (63.6,699)  (73.0,802)  (55.1,642)  (77.0,82.0)
(AUROC. AP) BTAD 3 (345,525  (51.0,62.1)  (68.2,709)  (73.6,68.6)  (66.8,77.4)  (88.3,87.3)
SDD 1 (657,452) (652,45.7)  (84.3,774)  (79.8,714)  (749,65.1)  (34.7,80.0)
Texture DAGM 10 (79.6,59.0)  (82.5,63.7) (91.8,79.5) (94.4,83.8) (87.5,74.6) (97.5,92.3)
DTD-Synthetic 12 (71.6,85.7)  (66.8,83.2) (93.2,92.6) (86.4, 95.0) (-,-) (93.5,97.0)
Obj &texture  MVTec AD 15 (384,113) (382, 11.6) (85.1,64.6)1  (87.6,44.0)7  (333,6.7) ©OL.1,81.4)
VisA 12 (466, 148) (478,17.3) (79.6,56.8)7  (94.2,86.8)7  (242,3.8) (95.5, 87.0)
Pixel_level Obi MPDD 6 (62.1,33.0) (587,29.1)  (764,489)  (94.1,832)  (15.4,23) (96.5, 88.7)
(AUROC, PRO) BTAD 3 (306,44)  (32.8,83)  (727,273)  (60.8,250)  (28.6,3.8) (94.2,74.8)
SDD 1 (39.0,8.9) (32.5,5.8) (68.8,24.2) (79.8, 65.1) (28.9,7.1) (90.6, 67.8)
Texture DAGM 10 (28.2,2.9) (32.7,4.8) (87.6, 65.7) (82.4,66.2) (17.5,2.1) (95.6,91.0)
DTD-Synthetic 12 (33.9,12.5) (23.7,5.5) (83.9,57.8) (95.3, 86.9) (--) (97.9,92.3)

4 EXPERIMENTS

4.1 EXPERIMENT SETUP

Datasets and Evaluation Metrics We conducted extensive experiments on 17 publicly available
datasets, covering various industrial inspection scenarios and medical imaging domains (including
photography, endoscopy, and radiology) to evaluate the performance of AnomalyCLIP. In industrial
inspection, we consider MVTec AD (Bergmann et al.,[2019), VisA (Zou et al.}[2022), MPDD (Jezek:
et al., |2021), BTAD (Mishra et al., [2021), SDD (Tabernik et al., [2020), DAGM (Wieler & Hahn,
2007), and DTD-Synthetic (Aota et al. 2023). In medical imaging, we consider skin cancer de-
tection dataset ISIC (Gutman et al.| [2016), colon polyp detection datasets CVC-ClinicDB (Bernal
et al.; 2015), CVC-ColonDB (Tajbakhsh et al., |2015), Kvasir (Jha et al.| |2020), and Endo (Hicks
et al., 2021)), thyroid nodule detection dataset TN3k (Gong et al. [2021), brain tumor detection
datasets HeadCT (Salehi et al., 2021)), BrainMRI (Salehi et al., 2021, Br35H (Hamada., [2020), and
COVID-19 detection dataset COVID-19 (Chowdhury et al.|[2020; Rahman et al.,[2021)). The SOTA
competing methods include CLIP (Radford et al) |2021), CLIP-AC (Radford et al., [2021), Win-
CLIP (Jeong et al., 2023), VAND (Chen et al.;, |2023), and CoOp (Zhou et al.| |2022b). We provide
more details about the methods and data pre-processing in Appendix [Al The anomaly detection per-
formance is evaluated using the Area Under the Receiver Operating Characteristic Curve (AUROC).
Additionally, average precision (AP) for anomaly detection and AUPRO (Bergmann et al., 2020) for
anomaly segmentation are also used to provide more in-depth analysis of the performance.

Implementation details We use the publicly available CLIP mode (VIT-L/14@336px) asour
backbone. Model parameters of CLIP are all frozen. The length of learnable word embeddings F is
set to 12. The learnable token embeddings are attached to the first 9 layers of the text encoder for
refining the textual space, and A is set to 4.

Then, we fine-tune AnomalyCLIP using the test data on MVTec AD and
evaluate the ZSAD performance on other datasets. As for MVTec AD, we fine-tune AomalyCLIP
on the test data of VisA. We report dataset-level results, which are averaged across their respective
sub-datasets. All experiments are conducted in PyTorch-2.0.0 with a single NVIDIA RTX 3090
24GB GPU. More details can be found in Appendix [A]

4.2 MAIN RESULTS

ZSAD performance on diverse industrial inspection domains Table [ shows the ZSAD results
of AnomalyCLIP with five competing methods over seven industrial defect datasets of very different
foreground objects, background, and/or anomaly types. AnomalyCLIP achieves superior ZSAD per-
formance across the datasets, substantially outperforming the other five methods in most datasets.
The weak performance of CLIP and CLIP-AC can be attributed to CLIP’s original pre-training,
which focuses on aligning object semantics rather than anomaly semantics. By using manually
defined text prompts, WinCLIP and VAND achieve better results. Alternatively, CoOp adopts learn-
able prompts to learn the global anomaly semantics. However, those prompts focus on the global

Zhttps://github.com/mlfoundations/open_clip



Table 2: ZSAD performance comparison on medical domain. The best performance is highlighted
in red, and the second-best is highlighted in blue. Note that the image-level medical AD datasets do
not contain segmentation ground truth, so the pixel-level medical AD datasets are different from the
image-level datasets.

Task Category Datasets |C| CLIP CLIP-AC ‘WinCLIP VAND CoOp AnomalyCLIP
HeadCT 1 (56.5,58.4)  (60.0,60.7)  (81.8,80.2) (89.1,89.4)  (78.4,78.8) (93.4,91.6)
Image-level Brain BrainMRI 1 (73.9,81.7)  (80.6,86.4)  (86.6,91.5)  (89.3,90.9)  (61.3,44.9) (90.3,92.2)
(AUROC, AP) Br3sH 1 (78.4,78.8)  (82.7,81.3)  (80.5,82.2) (93.1,92.9)  (86.0,87.5) (94.6,94.7)
Chest COVID-19 1 (73.7,42.4)  (75.0,45.9)  (66.4,42.9) (15.5,8.5) (25.3,9.2) (80.1, 58.7)
Skin ISIC 1 (33.1,5.8) (36.0,7.7)  (833,55.1) (89.4,772) (51.7,15.9) (89.7, 78.4)
CVC-ColonDB 1 (49.5,15.8) (49.5,11.5) (70.3,32.5) (78.4, 64.6) (40.5, 2.6) (81.9,71.3)
Pixel-level Colon CVC-ClinicDB 1 (475,189) (485,126) (512,138) (80.5,60.7)  (34.8,2.4) (82.9, 67.8)
(AUROC, PRO) Kvasir 1 (44.6,17.7) (45.0, 16.8) (69.7, 24.5) (75.0, 36.2) (44.1,3.5) (78.9, 45.6)
Endo 1 (452,15.9)  (46.6,12.6) (68.2,28.3) (81.9,54.9) (40.6,3.9) (84.1, 63.6)
Thyroid TN3K 1 (423,7.3) (35.6,5.2) (70.7,39.8)  (73.6,37.8) (34.0,9.5) (81.5,50.4)

feature and ignore the fine-grained local anomaly semantics, leading to their poor performance on
anomaly segmentation. To adapt CLIP to ZSAD, AnomalyCLIP learns object-agnostic text prompts
to focus on learning the generic abnormality/normality using global and local context optimization,
enabling the modeling of both global and local abnormality/normality. Our resulting prompts can
also generalize to different datasets from various domains. To provide more intuitive results, we
visualize the anomaly segmentation results of AnomalyCLIP, VAND, and WinCLIP across differ-
ent datasets in Fig. 4| Compared to VAND and WinCLIP, AnomalyCLIP can perform much more
accurate segmentation for the defects from different industrial inspection domains.

Generalization from defect datasets to diverse medical domain datasets To evaluate the gen-
eralization ability of our model, we further examine the ZSAD performance of AnomalyCLIP on
10 medical image datasets of different organs across different imaging devices. Table [2] shows the
results, where learning-based methods, including AnomalyCLIP, VAND and CoOp, are all tuned
using MVTec AD data. It is remarkable that methods like AnomalyCLIP and VAND obtain promis-
ing ZSAD performance on various medical image datasets, even though they are tuned using a
defect detection dataset. Among all these methods, AnomalyCLIP is the best performer due to its
strong generalization brought by object-agnostic prompt learning. As illustrated in Fig. |4, Anoma-
IyCLIP can accurately detect various types of anomalies in diverse medical images, such as skin
cancer regions in photography images, colon polyps in endoscopy images, thyroid nodules in ultra-
sound images, and brain tumors in MRI images, having substantially better performance in locating
the abnormal lesion/tumor regions than the other two methods WinCLIP and VAND. This again
demonstrates the superior ZSAD performance of AnomalyCLIP in datasets of highly diverse object
semantics from medical imaging domains.

Can we obtain better ZSAD performance if fine-tuned using medical image data? Comparing
the promising performance in industrial datasets, AnomalyCLIP presents a relatively low perfor-
mance in medical datasets. This is partly due to the impact of auxiliary data used in our prompt
learning. So, then we examine whether the ZSAD performance on medical images can be improved
if the prompt learning is trained on an auxiliary medical dataset. One challenge is that there are
no available large 2D medical datasets that include both image-level and pixel-level annotations for
our training. To address this issue, we create such a dataset based on ColonDB (More details see
Appendix [A), and then optimize the prompts in AnomalyCLIP and VAND using this dataset and
evaluate their performance on the medical image datasets. The results are presented in Table [3]
AnomalyCLIP and VAND largely improve their detection and segmentation performance compared
to that fine-tuned on MVTec AD, especially for the colon polyp-related datasets such as CVC-
ClincDB, Kvasir, and Endo (note that these datasets are all from different domains compared to the
fine-tuning ColonDB dataset). AnomalyCLIP also exhibits performance improvement in detecting
brain tumors in datasets such as HeadCT, BrainMRI, and Br35H. This is attributed to the visual
similarities between colon polyps and brain tumors. Conversely, the symptom of the colon polyp
differs significantly from that of diseased skin or chest, leading to performance degradation in ISIC
and COVID-19. Overall, compared to VAND, AnomalyCLIP performs consistently better across all
datasets of anomaly detection and segmentation.



Industrial domain

Table 3: ZSAD performance on medi-
cal images when fine-tuned by medical

image datasets.

Category Datasets VAND  AnomalyCLIP
Classification
VAND HeadCT  (89.1,89.4) (93.5,95.1)
Brain BrainMRI  (89.3,90.9) (95.5,97.2)
Br3sH  (93.1,92.9) (97.9,98.0)
Chest COVID-19  (15.5,8.5) (70.9,33.7)
WinCLIP| | Segmentation
Skin ISIC (58.8,31.2) (33.0,63.8)
Screw  Capsule Metalplau)k Skin Colon __ Thyroid CVC-ClinicDB (89.4,82.3) (92.4, 82.9)
Colon Kvasir (87.6,39.3) (92.5,61.5)
. . . . . Endo 88.5,81.9 93.2, 84.8
Figure 4: Segmentation visualization. Thyroid TN3K 560‘5, 16‘8; 27(,,2, 4740;

Table 4: Module ablation.

Table 5: Context optimization ablation.

Module MVTec AD VisA Local. Global MVTec AD VisA
Pixel-level  Im: level Pixel-level Im level ) | Pixel-level Image-level Pixel-level Image-level
Base  (46.8,15.4) (66.3,83.3) (47.9,17.1) (54.4,61.7) X X (71.7,57.7) (68.8,85.8) (74.7,62.1) (61.1,69.1)
+T71 (68.4,474) (66.3,83.3) (54.8,32.7) (54.4,61.7) X v (80.3,77.8) (89.9,95.4) (86.6,78.1) (82.2,84.9)
+T> (89.5,81.2) (90.8,96.0) (95.0,85.3) (81.7,85.2) v X (91.0,80.4) (89.9,96.0) (95.2,86.5) (79.5,83.2)
+T3 (91.1,81.4) (91.5,96.2) (95.5,87.0) (82.1,85.4) v v (O1.1,81.4) (91.5,96.2) (95.5,87.0) (82.1,85.4)

Object-agnostic vs. object-aware

prompt learning To study the ef "‘ Image-level metric Pixel-level metric

= 4 vam |mage-level AUROC wmm Pixel-level AUROC
fectiveness of object-agnostic prompt ¢ ’ = SL
learning in AnomalyCLIP, we com- &3 "
pare AnomalyCLIP with its vari- £ ’
ant that uses an object-aware prompt £ ” =
template. ~ The performance gain & ’ . = .
of AnomalyCLIP to its object-aware F ool osos ”".’i YL E . X
prompt learning variant is shown in . ‘M!! pai: GdeE . m ‘M!! Pal= . B

MVTec AD VisA MPDD DAGM DTD

Fig.[5] where positive values indicate
our object-agnostic prompt templates
are better than the object-aware one.
It is clear that our object-agnostic
prompt learning performs much bet-
ter than, or on par with, the object-
aware version in both image-level and pixel-level anomaly detection. This indicates that having
object-agnostic prompts helps better learn the generic abnormality and normality in images, as the
object semantics are often not helpful, or can even become noisy features, for the ZSAD task.

Figure 5: Performance gain of using object-agnostic
prompts compared to object-aware prompts.

4.3 ABLATION STUDY

Module ablation We first validate the effectiveness of different high-level modules of our Anoma-
lyCLIP, including DPAM (T}), object-agnostic text prompts (73), and added learnable tokens in text
encoders (73). As shown in Table El each module contributes to the remarkable performance of
AnomalyCLIP. DPAM improves the segmentation performance by enhancing local visual semantics
(T1). Object-agnostic text prompts focus on the abnormality/normality within images instead of the
object semantics, allowing AnomalyCLIP to detect anomalies in diverse unseen objects. Therefore,
introducing object-agnostic text prompts (75) significantly improves AnomalyCLIP. Furthermore,
text prompt tuning (7%) also brings performance improvement via the refinement of original textual
space.

Context optimization Next we examine key modules in detail. The object-agnostic prompt learn-
ing is the most effective module, and it is driven by our glocal context optimization, so we consider
two different optimization terms, local and global losses, in Eq.[2] The results are shown in Table[3}
Both global and local context optimization contribute to the superiority of AnomalyCLIP. Global
context optimization helps to capture global anomaly semantics, thus enabling more accurate image-
level detection. Compared to global context optimization, local context optimization incorporates
local anomaly semantics, which improves pixel-level performance and complements image-level
performance. By synthesizing these two optimization strategies, AnomalyCLIP generally achieves
better performance than using them individually.


c.c
高亮

c.c
高亮

c.c
高亮


Pixel-level AUROC AUPRO Image-level AUROC AP
MVTec AD MVTec AD MVTec AD MVTec AD

BTAD SDD BTAD SbD

= V-V attention —— Q-Qattention ~—— K-K attention

Figure 6: DPAM component ablation.

DPAM strategy ablation AnomalyCLIP uses V-V self-attention by default. Here we study the
effectiveness of using two other DPAM strategies, including @-@Q and K-K self-attention, result-
ing in two AnomalyCLIP variants, namely AnomalyCLIP,, and AnomalyCLIP;. The compari-
son results are presented in Fig. @ AnomalyCLIP,, achieves similar segmentation capabilities as
AnomalyCLIP but suffers from degradation in detecting image-level anomalies. Conversely, while
AnomalyCLIPy, performs well in anomaly classification, its segmentation performance is less ef-
fective than AnomalyCLIP and AnomalyCLIP,,. The V-V self-attention is generally recommended
in AnomalyCLIP.

5 RELATED WORK

Zero-shot anomaly detection ZSAD relies on the model’s strong transferability to handle un-
seen anomalies

A very recent approach WinCLIP (Jeong et al., 2023)) presents
a seminal work that leverages CLIP for zero-shot classification and segmentation. It uses a large
number of hand-crafted text prompts and involves multiple forward passes of image patches for
anomaly segmentation. To tackle this inefficiency, VAND (Chen et al.| 2023)) introduces learnable
linear projection techniques to enhance the modeling of local visual semantics. However, these ap-
proaches suffer from insufficiently generalized textual prompt embeddings, which degrades their
performance in identifying anomalies associated with various unseen object semantics. Anomaly-
CLIP utilizes only two object-agnostic learnable text prompts to optimize the generic text prompts
of abnormality and normality, and it can obtain segmentation results with just a single forward pass.

Prompt learning Rather than resorting to full network fine-tuning, prompt learning emerges as a
parameter-efficient alternative to achieve satisfactory results (Sun et al.,|2022; Khattak et al., [2023;
Kim et al.} 2023} Zhou et al., [2022a). CoOp (Zhou et al., [2022b)) introduces learnable text prompts
for few-shot classification. On this basis, DenseCLIP (Rao et al. 2022) extends prompt learning
to dense prediction tasks with an extra image decoder. Instead, AnomalyCLIP proposes object-
agnostic prompt learning for anomaly detection, blocking out the potential adverse impact of the
diverse object semantics on anomaly detection. Benefiting from the glocal context optimization,
AnomalyCLIP can capture local anomaly semantics such that we can simultaneously perform clas-
sification and segmentation tasks without an additional decoder network like Rao et al.| (2022).

6 CONCLUSION

In this paper, we tackle a challenging yet significant area of anomaly detection, ZSAD, in which
there is no available data in the target dataset for training. We propose AnomalyCLIP to improve the
weak generalization performance of CLIP for ZSAD. We introduce object-agnostic prompt learn-
ing to learn generic abnormality/normality text prompts for generalized ZSAD on image datasets of
diverse foreground objects. Further, to incorporate global and local anomaly semantics into Anoma-
IyCLIP, we devise a joint global and local context optimization to optimize the object-agnostic
text prompts. Extensive experimental results on 17 public datasets demonstrate that AnomalyCLIP
achieves superior ZSAD performance.
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REPRODUCIBILITY STATEMENT

To ensure the reproducibility and completeness of this paper, we have included an Appendix consist-
ing of five main sections. In Appendix[A] we provide more implementation details of AnomalyCLIP,
as well as the reproduction of other baseline methods. Appendix [B]provides key statistics about the
datasets used in our experiments and the implementation of the auxiliary medical dataset for prompt
tuning. Appendix [D] supplements the main paper with additional results and ablations. Further vi-
sualizations of similarity scores and maps are detailed in Appendix [E] Additionally, the main paper
presents only the average performance in each dataset that contains a number of data subsets, for
which we present their fine-grained detection results, in Appendix[F} Our code will be made publicly
accessible once the paper is accepted.
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