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Abstract

Zero-shot generalized anomaly detection (ZGAD) plays a
critical role in industrial automation and health screening. Re-
cent studies have shown that ZGAD methods built on visual-
language models (VLMs) like CLIP have excellent cross-
domain detection performance. Different from other com-
puter vision tasks, ZGAD needs to jointly optimize both
image-level anomaly classification and pixel-level anomaly
segmentation tasks for determining whether an image con-
tains anomalies and detecting anomalous parts of an image,
respectively, this leads to different granularity of the tasks.
However, existing methods ignore this problem, processing
these two tasks with one set of broad text prompts used to
describe the whole image. This limits CLIP to align textual
features with pixel-level visual features and impairs anomaly
segmentation performance. Therefore, for precise visual-text
alignment, in this paper we propose a novel fine-grained
text prompts generation strategy. We then apply the broad
text prompts and the generated fine-grained text prompts for
visual-textual alignment in classification and segmentation
tasks, respectively, accurately capturing normal and anoma-
lous instances in images. We also introduce the Text Prompt
Shunt (TPS) model, which performs joint learning by recon-
struction the complementary and dependency relationships
between the two tasks to enhance anomaly detection per-
formance. This enables our method to focus on fine-grained
segmentation of anomalous targets while ensuring accurate
anomaly classification, and achieve pixel-level comprehensi-
ble CLIP for the first time in the ZGAD task. Extensive exper-
iments on 13 real-world anomaly detection datasets demon-
strate that TPS achieves superior ZGAD performance across
highly diverse datasets from industrial and medical domains.

Code — https://github.com/majitao-xd/TPS

Introduction
Recently, zero-shot generalized anomaly detection (ZGAD)
(Jeong et al. 2023; Gu et al. 2024; Zhou et al. 2023) is a
widely applied task in computer vision, with applications
ranging from defect detection in industrial product images
(Reiss and Hoshen 2023; He et al. 2024; Hu et al. 2024) to
tissue lesion detection in medical images (Huang et al. 2024;
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Figure 1: Classification only needs to identify whether there
is an anomalous part of the image or not, and segmentation
needs to identify which part of the image is anomalous.

Liu et al. 2024; Wu and Xu 2024). ZGAD aims to train a
single model capable of performing cross-domain anomaly
detection without relying on any examples or training data
from the target domain. Anomaly detection (AD) consists of
two jointly optimized tasks, image-level anomaly classifi-
cation and pixel-level anomaly segmentation. The purpose
of anomaly classification is to determine whether an im-
age contains anomalies or not, and the purpose of anomaly
segmentation is to determine which parts of an image are
anomalies. Therefore, there is a granularity difference be-
tween the two tasks. Existing ZGAD methods are excellent
for determining whether an image contains anomalies, re-
sulting in superior anomaly classification. However, these
methods fall short in identifying which part of the image is
an anomaly, limiting performance of anomaly segmentation.

There have been many studies (Jeong et al. 2023; Zhou
et al. 2023; Zhu and Pang 2024) focusing on the power-
ful visual perception capabilities of CLIP (Chen et al. 2020;
He et al. 2020) and applying them to ZGAD tasks with re-
markable results. However, existing methods like WinCLIP
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(Jeong et al. 2023) simply use CLIP as a textual and visual
feature extractor, failing to consider the difference between
anomaly classification and segmentation tasks, and using
only broad text prompts which describe the whole image in
all tasks. This results in CLIP output text features that are
not well aligned to fine-grained pixel-level visual features.
Therefore, they are relatively ineffective in anomaly seg-
mentation. Although on the anomaly classification task, giv-
ing a description of whether the image is anomalous or not
(e.g., it is a damaged hazelnut) is sufficient. On the anomaly
segmentation task, it is better to directly describe which part
is anomalous (e.g., this is the damaged part of a hazelnut),
as shown in Figure 1.

In order to generate a fine-grained text prompt instead of
using broad text prompts to describe the pixel-level features
of an image, we propose a novel strategy for generating fine-
grained text prompts. Specifically, we design two sets of
text prompts for the anomaly classification and segmentation
tasks respectively. The text prompts used for anomaly clas-
sification not only describe the whole image as anomalous
or not, but also add the suffix [with damaged parts] to it. For
simplicity in calling it, we named it the global text prompts.
The text prompts used for anomaly segmentation describe
only whether the pixel is anomalous or not, and do not con-
tain information about the class of the object. Considering
that the object it describes is a shunt part from the global
text prompts, we named it shunt text prompts. This approach
enables the model to accurately address both anomaly clas-
sification and segmentation tasks. As illustrated in Figure
1, the shunt text prompts exhibit a closer alignment with
pixel-level object features, similar to how humans describe
abnormal regions within an image (e.g., the recessed area of
a metal plate or the diseased section of a liver).

Furthermore, we propose a Text Prompt Shunt (TPS)
model based on CLIP, which jointly optimizes anomaly clas-
sification and segmentation by building pathways between
textual features of different tasks. On this basis, TPS can
learn the relationship between the two sets of text prompts,
i.e., the object described by the shunt text prompt is part of
the whole image described by the global text prompt. The
design helps the anomaly classification and segmentation
tasks to guide and facilitate each other. In summary, this pa-
per makes the following main contributions.

• We reveal that the granularity difference between
anomaly classification and segmentation tasks is a poten-
tial factor affecting the alignment of CLIP text features
with visual features. We propose a novel strategy for gen-
erating fine-grained text prompts that enables pixel-level
comprehensible CLIP for the first time in the ZGAD task.

• We then design the TPS model to jointly optimize both
the anomaly classification and anomaly segmentation
tasks by learning the potential relationships between text
features through pathway modules.

• Comprehensive experiments across 13 datasets in indus-
trial and medical domains demonstrate that TPS achieves
superior ZGAD performance in detecting and segment-
ing anomalies across cross-domain datasets with highly
diverse anomaly characteristics.

Relate Work
Few-shot Generalized Anomaly Detection
Several studies have employed VLMs (Bao et al. 2022; Jia
et al. 2021; Li et al. 2022; Radford et al. 2021) to address
AD challenges, aiming to meet generalization requirements
while reducing reliance on training samples (Yang et al.
2024; Wang et al. 2024; Shen et al. 2024). These approaches
can be classified as few-shot AD and zero-shot AD based
on the required number of samples. WinCLIP (Jeong et al.
2023) utilizes CLIP as a feature extractor, developing a se-
ries of text prompts embedded with prior knowledge and
applying a multi-scale sliding window technique for ini-
tial cross-domain few-shot and zero-shot anomaly detection.
However, these prior knowledge-based text prompts often
lack the necessary generalization for effective application in
other domains. PromptAD (Li et al. 2024b) advances few-
shot AD by connecting normal prompts to anomaly suffixes,
converting normal prompts into anomaly prompts for learn-
ing, and introducing explicit anomaly boundaries to con-
trol the distance between normal and anomaly features. InC-
TRL (Zhu and Pang 2024) employs Multi-layer Patch-level
Residual Learning to build contextual residuals, integrating
prior knowledge through text prompts for cross-domain few-
shot anomaly classification. Despite these advancements,
the applicability of few-shot AD is generally less extensive
than that of zero-shot AD, particularly in specific contexts.

Zero-shot Generalized Anomaly Detection
MuSc (Li et al. 2024a) explored the implicit normal and ab-
normal cues within unlabeled images by scoring test images
against each other to assign anomaly scores. However, this
approach requires test datasets with both normal and ab-
normal data and receives limitations in medical lesion de-
tection, such as detecting diseased organs in a single pa-
tient. AnomalyCLIP (Zhou et al. 2023) introduces object-
agnostic learnable text prompts that allow the model to cap-
ture general normality and abnormality in the image regard-
less of the foreground object, allowing it to focus on ab-
normal image regions rather than object semantics. Despite
these advancements, these methods overlook the granularity
differences between anomaly classification and segmenta-
tion tasks, aligning the global semantics of the image with
the anomaly instances using the same text prompts. This
misalignment limits the performance of model in handling
fine-grained anomaly instances, hindering accurate segmen-
tation of anomalous regions. Simply separating the two tasks
and processing them independently can result in information
loss. Therefore, we propose extracting finer-grained shunt
text prompts from global text prompts, allowing the tasks to
be processed separately while preserving their interrelation.

Method
Problem Formulation
The aim of ZGAD is to train a single model capable of per-
forming anomaly detection across target test data from di-
verse domains without any prior training on the target data.
Consequently, the training set is assumed to have a different

5965



distribution from the test sets. We define an auxiliary train-
ing dataset Dtrain = {Xtrain,Ytrain} that includes both
normal and abnormal classification and segmentation labels.
Here, Xtrain = {xi}Ki consists of K normal and abnormal
images, and Ytrain = {yi}Ki , where a value of 0 in yi de-
notes normal and a value of 1 denotes abnormal. The test sets
Dtest = {X 1

test,X 2
test, . . . ,XL

test,Y1
test,Y2

test, , . . . ,YLtest}
comprise images from various application domains and
anomaly types. Traditional AD paradigm typically utilize
a sample P = {p1test, p2test, ..., pLtest} from Dtest for train-
ing or for reference during testing. While few-shot AD ap-
proaches allow the use of a small fraction of the total sample
as P , they still fall short of the versatility offered by ZGAD.
ZGAD can train an anomaly detection function f(·) using
Dtrain without leveraging P in any form, assigning higher
anomaly scores to the anomalous samples in Dtest compared
to the normal samples. Formally, this can be expressed as an
optimization problem:

f(X 1
test) = Y1

test,

s.t. Dtrain → f(·).
(1)

Overview of Our Approach
The excellent generalization of VLMs offer a promising so-
lution for ZGAD. However, anomaly detection typically re-
quires simultaneous classification and segmentation tasks,
which have different granularity. The classification task fo-
cuses on learning global semantic features of images, while
the segmentation task is more concerned with pixel-level
features of instance objects, which have different distribu-
tions despite their relevance. Consequently, relying on a sin-
gle text prompt in VLM-based AD limits the effective align-
ment between image-level visual features and pixel-level
patch features.

Our approach, TPS, aims to model normal and abnormal
text prompts at a finer granularity, leveraging the general-
ization capabilities of CLIP to align image and text features
across different application domains. CLIP is a VLM con-
sisting of a text encoder ft(·) and a visual encoder fv(·),
pre-trained in a comparative learning mode using text-image
data. An overview of TPS is shown in Figure 2. The pro-
posed shunt text prompts are employed to achieve more pre-
cise alignment with pixel-level features. Firstly, the object
name is combined with uniform normal and abnormal pre-
fixes to obtain the global text prompt Tg = {Tng , T ag } for
anomaly classification, where Tng denotes the global text
prompt for normal samples and T ag denotes the global text
prompt for abnormal samples. Then, a fine-grained descrip-
tion is shunted from Tg to obtain the shunt text prompts
Ts = {Tns , T as } for anomaly segmentation, where Tns de-
notes the shunt text prompt for normal samples and T as de-
notes the shunt text prompt for abnormal samples. By lever-
aging both visual and textual features, comparative learn-
ing is conducted through contrastive loss, alongside the pro-
posed pathway module. The pathway module facilitates the
learning of potential holistic-compositional relationships by
guiding the shunt text features through global text features
and visual features. Finally, the learned relationships are ap-
plied to both anomaly classification and segmentation tasks.

Fine-grained Text Prompts Generation Strategy
Commonly used text prompt templates in CLIP, such as a
photo of a hazelnut, primarily emphasize the semantics of
the foreground object. To focus the attention of the model on
anomalous instances within these foreground objects, meth-
ods like WinCLIP and InCTRL design templates specifying
particular types of anomalies, such as a photo of a hazelnut
with cracks. In contrast, AnomalyCLIP employs learnable
templates, extending the range of anomalies that the model
can recognize. However, these approaches apply the same
text prompt templates for both anomaly classification and
segmentation. While this method provides a global perspec-
tive suitable for classification, its generality constrains the
effectiveness in segmentation tasks, as it lacks the necessary
detail to convey precise anomaly information, such as exact
location and extent.

In order to accurately prompt the precise location and ex-
tent of anomalies, we derive shunt text prompts for fine-
grained descriptions of local instances from the global text
prompts that describe the entire image. For this purpose, we
designed an additional set of more precise prompts, focus-
ing specifically on identifying whether specific parts of an
object are damaged. First, we define the global text prompt
as:

Tng = [prefix][object][with all parts flawless],

T ag = [prefix][object][with damaged parts],
(2)

where the [prefix] of Tg is optional, and can range from a
simple description like a photo of, to a more detailed like
a close-up photo of, or even a learnable embedding. The
[object] denotes the target class or an object-agnostic de-
scription. The phrase [with all parts flawless] is used to
indicate that the text prompt describes the entire context, dis-
tinguishing it from the shunt text prompts, and emphasizing
global semantic of the foreground object. In particular, the
phrase [with damaged parts] description within Tg enables
a more precise delineation of boundaries between normal
and abnormal pixels, while providing a semantic basis for
subsequent shunting.

Subsequently, we generate fine-grained shunt text
prompts that specifically describe both the normal and ab-
normal parts of the instance:

Tns = [prefix][flawless][part],

T as = [prefix][damaged][part],
(3)

where the [prefix] is of the same type as in Tg , [flawless]
and [damaged] are fixed prompts. The [part] component is
included to specify that Ts describes a particular part of an
object or an instance derived from an object, thereby en-
abling a more precise alignment of normal and abnormal
textual semantics with pixel-level features. This approach
also enhances the dependency of Ts on Tg .

Finally, we employ the text encoder to perform equal
feature extraction for both sets of text prompts. This de-
sign allows for more detailed textual embedding and the en-
ables precise identification of pixel-level anomalies. By ac-
commodating tasks with varying levels of granularity, the
text prompts become versatile. Consequently, the generated
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Figure 2: Overview of TPS. To better align patch token embedding with textual embedding, TPS introduces finer-grained shunt
text prompts. We then introduce the pathway module to reconstruct the dependencies of the two tasks performed separately.
Finally joint tuning is performed to implement ZGAD.

shunted textual embeddings can effectively identify anoma-
lous instances at the pixel level. Furthermore, given that an
object may contain multiple instances, using a single [part]
surrogate for all instances limits the flexibility of the text
prompts. Thus, we adopt the object-agnostic learnable text
prompts from (Zhou et al. 2023) as a foundation for replac-
ing the first two components in Ts and Tg .

Pathway Module
To establish the dependency between normal and abnormal
instances in the segmentation task and their corresponding
objects in the classification task for joint optimization, we
introduce a multi-linear shunt pathway learning component
within TPS. Typically, textual and visual embeddings ex-
tracted by CLIP are used directly to compute anomaly scores
via cosine similarity, relying entirely on text prompts and
pre-training parameters. This limitation hinders its ability to
accurately control the alignment of textual features with vi-
sual features on complex objects like PCBs or human tis-
sues. To address this limitation, we incorporate patch em-
beddings as additional inputs in the pathway module, trans-
forming them into shunt text features customized for each
image. Additionally, considering that the CLIP visual en-
coder consists of a series of block layers that progressively
capture visual patterns at different levels of abstraction, the
pathway module leverages multi-level patch embeddings to
enhance this alignment.

Specifically, assuming the visual encoder consists of N
blocks, For a given training image x ∈ RH×W×3, we extract
a series of patch token embeddings through the visual coder
fv(·) according to:

{zix}i∈K = fv(x), (4)

where zix ∈ RL×D with H , W , and D be the height, width,

and dimension of the zix respectively, L = H ×W , K is a
sequence of numbers less than or equal to N . Subsequently,
the textual embeddings are computed as:

{tng , tag , tns , tas} = ft({Tng , T ag , Tns , T as }), (5)
where tng , tag , tns and tas denotes normal global textual em-
bedding, abnormal global textual embedding, normal shunt
textual embedding and abnormal shunt textual embedding
respectively, which all have the same dimension as zix. Then,
the textual embeddings are fed separately with each patch
token embedding into independent pathway modules.

Each pathway module f ip(·) consists of a text customiza-
tion component ηi(·) and a dependency building component
ψi(·). In the i-th pathway module f ip(·), ts and zix are first
employed to learn customized shunt text features through
ηi(·). In order for the patch token embeddings to effectively
guide the learning of the shunt text features, ηi(·) processes
these two embeddings on the basis of Cross Attention ac-
cording to:

ṫis = ηi(ts, z
i
x) = CAiη(ts, z

i
x, ts) + ts, (6)

where CAiη(Q,K, V ) denotes Cross Attention, and the or-
der of input is query, key, value. In ηi(·), we employ the
patch token embeddings as the key, enabling the model to
select the most pertinent visual features based on the text
query. These features are not directly utilized for output, in-
stead, they are employed to refine and enhance the text fea-
tures. This design emphasizes the guiding role of the text
during feature fusion, allowing the output features to incor-
porate visual content while preserving the original textual
semantics. This approach ensures semantic consistency of
the text and enhances the capture of fine-grained visual in-
formation, thus obtaining shunt text features customized for
each input image.
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Subsequently, ṫis and tg establish a dependency through
ψi(·). Similar to ηi(·), ψi(·) captures the relationship be-
tween the shunt textual embeddings and the global textual
embeddings through a cross attention according to:

ẗis = CAiψ(ṫ
i
s, tg, ṫ

i
s) + ṫis, (7)

where CAiψ(Q,K, V ) denotes cross attention, and the order
of input is query, key, value. Finally, a multi-layer perceptron
(MLP) is utilized as a feedforward network to further extract
shunt text features. Thus, ψi(·) is of the form:

...
tsi = mlp(ẗis) + ẗis, (8)

where mlp(·) denotes the MLP module. In ψi(·), we em-
ploy the global textual embeddings as the key, enabling the
model to selectively integrate relevant information from the
global textual embedding at a fine-grained level, thereby en-
hancing the representation of local textual features. Addi-
tionally, shunt text features can incorporate global context
information while preserving their fine-grained semantics,
thereby effectively capturing the relationship between local
and global features. This approach strengthens the depen-
dency of shunt textual embeddings on global textual embed-
dings, ensuring that shunt textual features remain contextu-
ally grounded within the global context for a more compre-
hensive understanding and processing of anomalies.

Training and Detection
In the training phase, the CLIP weights are frozen and the
pathway module is trainable. Specifically, the output from
CLIP includes global textual embeddings tg , shunt textual
embeddings ts, visual embeddings vx, and patch token em-
beddings {zix}i∈K . The pathway module leverages tg , ts and
{zix}i∈K to further refine and extract the shunt textual fea-
tures

...
tis i∈K . The classification probability for the classifica-

tion task is then calculated as:

Cx = softmax(vx ⊙ tng , vx ⊙ tag), (9)

where ⊙ denotes element-wise multiplication. The similar-
ity map for the split task is calculated as:

Sx = softmax(
∑
i∈n

zix ⊙
...
t
n i
s ,

∑
i∈n

zix ⊙
...
t
a i
s ). (10)

To efficiently learn shunt textual features, we jointly opti-
mize two tasks with different granularity, ensuring they are
learned from both global and local perspectives. The global
context optimization aligns global textual embeddings with
visual embeddings of different objects. This helps to effi-
ciently capture the normal and abnormal semantics from the
perspective of global features and guide the shunt textual
embeddings. The local context optimization focuses shunt
textual prompts on fine-grained regions within the interme-
diate layers of the visual encoder, offering precise descrip-
tions of local anomalies. Consequently, our loss function is
expressed as:

L = CE(Cx, yc)+Focal(Up(Sx), ys)+Dice(Up(Sx), ys),
(11)

where CE(·) denotes cross entropy loss, Focal(·) denotes
focal loss (Lin et al. 2017), Dice(·) denotes dice loss (Li
et al. 2019), yc denotes the classification label of the aux-
iliary training dataset, ys denotes the segmentation label of
the auxiliary training dataset, the Up(·) operation restores
the anomaly map to the size of the input image.

In the detection phase, inference is performed with the
TPS model weights obtained by minimizing the loss of Eq.
11 through the auxiliary training dataset. Given a test image
x, we apply the classification probability Cx as the image-
level anomaly score, which tends to be 1 when the anomaly
global textual embedding tag is aligned with the visual em-
bedding vx. For the pixel-level segmentation task, we ap-
ply the merged similarity map Sx as the pixel-level anomaly
map, which can be formulated as 1− Snx + Sax .

Experiments
Experiment Setup
Implementation details In this paper, we use the publicly
available CLIP model (ViT-L/14-336) as our backbone, the
code of CLIP for LAION-400M (Schuhmann et al. 2021)
and LAION-5B (Schuhmann et al. 2022) scale pre-training
is open-scoured by OpenCLIP (Ilharco et al. 2021). It con-
tains 24 layers, which are divided into 4 stages. Each stage
is composed of 6 layers. We extract the output of the patch
token for each stage as zix, thus N = 4, K = [6, 12, 18, 24].
We extract the last layer of linear projected class tokens
for classification optimization. All test images are scaled to
518×518 and fed into backbone. We fine-tune TPS using the
test set of MVTec AD (Bergmann et al. 2019) and evaluate
the ZGAD performance on other datasets. Only model tested
on MVTec AD is trained with the test set of VsiA (Zou et al.
2022) as an auxiliary dataset. All experiments are performed
in PyTorch-1.11.0 with a single NVIDIA RTX 3090 24GB
GPU.

Datasets To study anomaly classification and segmen-
tation performance, we conduct experiments on 13 pub-
licly available datasets, covering various industrial inspec-
tion scenarios and medical imaging domains (including pho-
tography, endoscopy, and radiology) to evaluate the perfor-
mance of TPS. 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), SD-saliency-
900 (Song, Song, and Yan 2020) and RSDDS-113 (Niu et al.
2020). In medical imaging, we consider brain tumor detec-
tion datasets HeadCT (Salehi et al. 2021), BrainMRI (Salehi
et al. 2021), Br35H (Ahmed 2020), skin cancer detection
dataset ISIC (Codella et al. 2018), colon polyp detection
dataset Kvasir (Jha et al. 2020), thyroid nodule detection
dataset TN3k (Gong et al. 2021) and lung cancer segmen-
tation dataset MSD (Antonelli et al. 2022). For datasets that
do not provide public test set labels, we validate model per-
formance using the training set.

Evaluation metrics and baselines We use Area Under
the Receiver Operating Characteristic Curve (AUROC) and
Average Precision (AP) as performance evaluation metrics
for anomaly classification. In addition, using AUROC and

5968



Datasets Category |C| CLIP WinCLIP AnomalyCLIP MuSc TPS

MVTec AD Obj & texture 15 74.1, 87.6 91.8, 96.5 91.5, 96.2 97.8, 99.1 96.4, 98.4
VisA Obj 12 66.4, 71.5 78.1, 81.2 82.1, 85.4 92.8, 93.5 83.3, 85.6

MPDD Obj 6 54.3, 65.4 63.6, 69.9 77.0, 82.0 61.7, 75.4 73.3, 74.7
BTAD Obj 3 34.5, 52.5 68.2, 70.9 88.3, 87.3 96.5, 93.9 88.1, 90.0

HeadCT Brain 1 56.5, 58.4 81.8, 80.2 93.0, 91.1 68.6, 58.5 92.3, 91.9
BrainMRI Brain 1 73.9, 81.7 86.6, 91.5 90.2, 92.4 88.4, 86.0 92.4, 93.8

Br35H Brain 1 78.4, 78.8 80.5, 82.2 84.9, 73.8 91.0, 81.7 96.2, 96.1

Table 1: ZSAD classification performance comparison (AUROC, AP). The best performance is marked in red and the second
best in blue.

Datasets Category |C| CLIP WinCLIP AnomalyCLIP MuSc TPS

MVTec AD Obj & texture 15 38.4, 11.3 85.1, 64.6 91.1, 81.4 97.3, 93.8 94.4, 90.9
VisA Obj 12 46.6, 14.8 79.6, 56.8 95.5, 86.7 98.8, 92.7 95.5, 90.9

MPDD Obj 6 62.1, 33.0 76.4, 48.9 96.5, 88.7 98.2, 81.0 97.2, 92.1
BTAD Obj 3 30.6, 4.4 72.7, 27.3 94.2, 74.8 98.1, 81.6 94.2, 80.9

SD-saliency-900 Texture 1 34.3, 2.4 78.5, 33.1 84.9, 73.8 82.2, 52.2 89.4, 75.6
RSDDS-113 Texture 1 26.7, 2.6 64.3, 30.5 94.8, 83.5 94.2, 67.7 96.3, 88.6

ISIC Skin 1 33.1, 5.8 83.3, 55.1 89.7, 78.4 77.6, 39.7 91.2, 83.7
Kvasir Colon 1 44.6, 17.7 69.7, 24.5 78.9, 45.1 74.6, 36.8 78.8, 45.2
TN3k Thyroid 1 42.3, 7.3 70.7, 39.8 81.4, 50.5 77.3, 53.4 80.2, 47.9
MSD Lung 1 41.1, 8.7 88.5, 60.8 89.8, 59.9 86.3, 50.5 93.3, 71.2

Table 2: ZSAD segmentation performance comparison (AUROC, AUPRO). The best performance is marked in red and the
second best in blue.

AUPRO as performance evaluation metrics for anomaly seg-
mentation. The SOTA competing methods include CLIP
(Radford et al. 2021), WinCLIP (Jeong et al. 2023), Anoma-
lyCLIP (Zhou et al. 2023), MuSc (Li et al. 2024a).

Quantitative and Qualitative Results
Zero-shot generalized anomaly classification In Table 1,
we compare zero-shot generalized anomaly classification re-
sults with prior works over 4 industrial defect datasets from
very different production lines and 3 medical image datasets
of different organs across different imaging devices.

TPS achieves superior ZGAD performance on classifi-
cation results for most datasets, surpassing the other four
methods in both effectiveness and generalization. The rela-
tively weak performance of CLIP can be attributed to its pre-
training, which primarily focuses on aligning object seman-
tics rather than anomaly semantics. WinCLIP and Anomaly-
CLIP use global text prompts to align textual features with
both global and local visual features, leading to biased align-
ment in the classification task. MuSc uses only a visual en-
coder without the support of text prompts, limiting it in gen-
eralisability, and despite its superior results on industrial im-
ages, it is relatively poor on medical images. TPS achieves
the most superior classification performance on medical im-
ages while having the second best performance on industrial
images. This is achieved due to our pathway module, which
allows for feedback from the segmentation task to inform the

semantic information crucial for classification, while per-
forming the classification and segmentation tasks separately.
Consequently, the global text embeddings produced by TPS
are more effectively aligned with global visual embeddings
across diverse target domains.

Zero-shot generalized anomaly segmentation In Table
2, we compare zero-shot generalized anomaly segmentation
results with prior works over 6 industrial defect datasets
from very different production lines and 4 medical image
datasets of different organs across different imaging devices.

Similar to the results of classification, MuSc is more spe-
cialized in industrial images, but in due to the fact that medi-
cal images of individual patients usually contain only normal
or abnormal samples, leading to inapplicability of the MuSc
and poor detection results. It is remarkable that methods
like AnomalyCLIP and TPS obtain promising ZSAD per-
formance on various medical image datasets, even though
they are tuned using a defect detection dataset. Among all
these methods, TPS performs best benefit from its robust
generalisation and high accuracy resulting from fine-grained
alignment. This is particularly evident with medical images
featuring complex backgrounds, such as those in the MSD
dataset and ISIC dataset. More detailed experimental results
are available in Appendix A.

Further validation on medical images Despite achieving
excellent performance on medical datasets, TPS performs
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Figure 3: Ablation experiments of A1 and A2.

Task Dataset TPS (Industrial) TPS (Medical)

Classification
HeadCT 92.3, 91.9 99.9, 99.9

BrainMRI 92.4, 93.8 96.8, 98.1
Br35H 96.2, 96.1 98.4, 98.5

Segmentation

ISIC 91.2, 83.7 99.6, 98.1
Kvasir 78.8, 45.2 86.1, 50.0
TN3k 80.2, 47.9 86.5, 44.4
MSD 93.3, 71.2 95.0, 81.9

Table 3: ZSAD classification (AUROC, AP) and segmen-
tation (AUROC, AUPRO) performance comparison of TPS
trained with medical dataset. The best performance is
marked in red.

weakly on medical datasets relative to industrial datasets.
Therefore, we test whether TPS can improve the perfor-
mance on medical images if it is trained on an auxiliary
medical dataset. We train TPS on HeadCT for testing zero-
shot generalized anomaly classification performance and on
ISIC for testing zero-shot generalized anomaly segmenta-
tion performance. The results are presented in Table 3. TPS
has shown improved performance in detecting brain tumours
in datasets such as HeadCT, BrainMRI and Br35H. This is
due to the similarity of the brain images. The performance
improvement of TPS on TN3k was not as good as the other
datasets, which may be due to the fact that the thyroid is
not similar to the other datasets in terms of visual features.
Overall, TPS can further improve the ZGAD performance of
medical images by training on medical auxiliary datasets.

Ablation Study
In this section, we validate the effectiveness of different
high-level modules of our TPS, including shunt text prompts
(A1) and pathway module (A2). Experiment A1 uses the
global text prompts [a photo of a normal class with all parts
flawless] and [a photo of a anomalous class with damaged
parts], shunt text prompts [a photo of the flawless part] and
[a photo of the damaged part], where [class] denotes the cat-

egory of the object being tested. Other than the difference in
text prompts and the removal of the pathway module, the
other parameters of the A1 remain consistent with the TPS.
Experimental A2 is equivalent to TPS.

As shown in Figure 3, each module contributes to the re-
markable performance of TPS. In particular, the improve-
ment of global text prompts enables CLIP to focus on both
the category information and individual parts of the fore-
ground object, thereby improving the detection of anoma-
lous regions. This refinement enhances the alignment of
global text prompts for anomaly classification. The shunt
text prompts mitigate the impact of complex contexts on
segmentation, allowing CLIP to concentrate on the finer-
grained features of individual instances. This offer a more
precise visual-text alignment strategy for anomaly segmen-
tation. The pathway module creates dependencies between
classification and segmentation tasks, guiding anomaly seg-
mentation with global semantic features and providing feed-
back on instance-level semantic features for classification.
Therefore, the introduction of the pathway module substan-
tially improve TPS.

Conclusion
In this paper, we identify the granularity disparity between
anomaly classification and segmentation tasks as a key fac-
tor impacting their coordination in ZGAD. To address this
challenge, we propose the TPS method. Specifically, TPS
introduces fine-grained shunt text prompts that are precisely
aligned with pixel-level embeddings for the segmentation
task. We used improved global text prompts and shunt text
prompts as the text inputs for these tasks, respectively, al-
lowing the tasks to be carried out separately and avoiding
alignment errors caused by granularity differences. Further-
more, we incorporate pathway modules to reconstruct the
dependencies between these independently performed tasks,
facilitating mutual learning and enhancing both classifica-
tion and segmentation performance. Overall, we achieved
pixel-level comprehensible CLIP for the first time in the
ZGAD task with excellent performance. Extensive experi-
mental results on 13 diverse public datasets, including indus-
trial and medical images, demonstrate that TPS has superior
ZGAD performance.
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