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Abstract

Anomaly detection is a significant task for its application
and research value. While existing methods have made
impressive progress within the same modality, cross-modal
anomaly detection remains an open and challenging prob-
lem. In this paper, we propose a cross-modal anomaly de-
tection model that is trained using data from a variety of
existing modalities and can be generalized well to unseen
modalities. The model consists of three major components:
1) the Transferable Visual Prototype directly learns nor-
mal/abnormal semantics in visual space; 2) the Prototype
Harmonization strategy adaptively utilizes the Transferable
Visual Prototypes from various modalities for inference on
the unknown modality; 3) the Visual Discrepancy Inference
under the few-shot setting enhances performance. In the
zero-shot setting, the proposed method achieves AUROC
improvements of 4.1%, 6.1%, 7.6%, and 6.8% over the best
competing methods in the RGB, 3D, MRI/CT, and Thermal
modalities, respectively. In the few-shot setting, our model
also achieves the highest AUROC/AP on ten datasets in four
modalities, substantially outperforming existing methods.
Codes are available at https://github.com/Kerio99/CMAD.

1. Introduction
Identifying various unknown anomalies only given normal
samples is an essential and challenging problem. It has
attracted increasing attention for its practical significance
in numerous scenarios such as industrial quality inspection
and medical diagnosis[2, 9, 12, 13, 22, 25, 27, 29, 30, 33].

For the recent success of vision-language models [15,
26, 39, 41], some methods [17, 20, 40] focus on detect-
ing unknown anomalies in zero-shot setting. A strong cor-
relation between the auxiliary datasets and test images is
necessary in this setting, indicating that they should belong
to the same modality. However, in practical settings, the
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Figure 1. Illustration of cross-modal anomaly detection. Data
from different modalities exhibit a more dispersed distribution in
the feature space, making the decision boundaries developed by
previous zero-shot methods on the auxiliary dataset inapplicable
in cross-modal scenarios.

requirement to perform anomaly detection on cross-modal
data frequently arises across various scenarios. For exam-
ple, sensors with varying wavelengths in industry are used
to capture different modalities of product images, such as
RGB, 3D, and thermal. Instruments across different spectral
ranges in medicine are utilized to produce MRI and CT scan
images. The ability of detecting anomalies on cross-modal
data is becoming a necessity. We define the cross-modal
anomaly detection task as: the anomaly detection model is
trained with data of known modalities and tested on data of
unseen modalities.

Cross-modal anomaly detection can be regarded as a
zero-shot problem. Thus existing zero-shot methods can
be tentatively employed for this task. These methods [10,
11, 17, 40] utilize prior knowledge about normal/abnormal
semantics in the text space to guide anomaly detection in
the visual space using vision-language models like CLIP
[26]. However, although the text and visual space have
been aligned to some extent in these vision-language mod-
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els, a modality gap still exists [21, 31]. Consequently, learn-
ing normal/abnormal semantics in the text space may suf-
fer from modality bias, which does not accurately capture
the normal/abnormal information in the visual space. Be-
sides, these zero-shot methods require a strong correlation
between the auxiliary datasets and test images. When the
auxiliary datasets and test images belong to different modal-
ities, as shown in Figure 1, the performance of these meth-
ods significantly declines due to the salient discrepancies
between data from different modalities.

Constructing generalized universal representations about
anomalies using data from known modalities can help mit-
igate the above discrepancies. The integration of these rep-
resentations can further address the discrepancies between
different modalities. Inspired by the observations, we pro-
pose a cross-modal anomaly detection method consisting of
the Transferable Visual Prototype and a Prototype Harmo-
nization strategy. The Transferable Visual Prototype (TVP)
aims to learn transferable anomaly prototypes from known
modalities while avoiding modality bias by directly learning
normal/abnormal semantics in the visual space. It addresses
diverse anomaly manifestations by leveraging both global
representations and fine-grained insights to distinguish nor-
mal conditions from anomalies. TVPs trained on datasets
from various modalities depict the concept of anomaly from
different perspectives and exhibit significant complementar-
ity. The Prototype Harmonization strategy seeks to leverage
this complementarity to construct a more generalizable con-
cept of anomaly by employing TVPs developed across dif-
ferent modalities to guide anomaly detection on unknown
modalities. It adaptively utilizes TVPs from various modal-
ities for inference, assigning different weights based on the
visual characteristics of the images and their similarity to
the prototypes.

Besides, in many scenarios, a small number of normal
samples from unknown modalities can be obtained during
testing. These few normal samples can provide prior in-
formation about normality. Our model can also estimate
anomalies by measuring the discrepancy between test im-
ages and these few normal samples through the proposed
Visual Discrepancy Inference. It can seamlessly integrates
with prototype harmonization, further improving perfor-
mance in few-sample scenarios.

Extensive experiments on ten datasets from four modal-
ities demonstrate the effectiveness of our method. In the
zero-shot setting, our method achieve the best performance
on all modalities on average, while in the few-shot setting,
it outperforms other methods across all ten datasets.

Our key contributions are summarized below:
• We propose the task of cross-modal anomaly detection

to evaluate the generalization ability of various methods
in identifying anomalies from unknown modalities, high-
lighting its challenge and application value.

• We propose a method consisting of Transferable Vi-
sual Prototype and Prototype Harmonization strategy for
cross-modal anomaly detection. And we propose the Vi-
sual Discrepancy Inference process, further enhancing the
performance when few samples are available at test phase.

• Extensive experiments are conducted on ten datasets from
four different modalities. The quantitative results demon-
strate the effectiveness of our method.

2. Related Work

2.1. Zero-shot Anomaly Detection

Existing anomaly detection methods can be categorized into
several major branches, such as embedding-based methods
[12, 13, 29], reconstruction-based methods [34–36, 38], and
knowledge distillation-based methods [3, 5, 14, 37], most
of which are conducted under the premise of having a large
number of normal samples. Recently, due to the success of
pre-trained vision-language models such as CLIP [17], their
robust language-driven zero-shot capabilities have been ap-
plied in the field of anomaly detection. The prior knowl-
edge about normal/abnormal semantics in the text space
is utilized to guide anomaly detection in the visual space.
Some methods [11, 17] set fixed textual descriptions of nor-
mal/abnormal semantics, which are encoded by the text en-
coder of the multi-modal model to generate corresponding
features in the text space. Other methods [20, 40] incor-
porate learnable word embeddings into the textual descrip-
tions, aiming to learn more flexible and general information
about normal/abnormal semantics by training on the auxil-
iary datasets. These methods mark a significant contribution
towards more general anomaly detection.

WinCLIP [17] is one of the pioneers using vision-
language models for anomaly detection. It describes nor-
mal and abnormal semantics using numerous hand-crafted
text prompts. During inference on test images, anomalies
are detected by comparing the similarity between the im-
ages’ visual features and the text features. WinCLIP has
achieved remarkable zero-shot performance due to align-
ment between vision and language. Building on WinCLIP,
VAND [11] introduces learnable projection techniques to
further align local visual and textual features. Anomaly-
CLIP [40] designs an object-agnostic prompt template to
learn generic abnormal and normal prompts through the
use of auxiliary data. This approach significantly simplifies
the process of prompt design by eliminating the need for
task-specific templates. AdaCLIP [10] employs both static
and dynamic parts of learnable prompts for anomaly learn-
ing and designs a hybrid-semantic fusion module to extract
region-level context about anomaly regions. However, these
methods all describe or learn about anomalies in the textual
embedding space. Given the modality gap [21, 31] present
in multi-modal models, their learning about anomalies may
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Figure 2. Overview of our framework for inference in zero and few-shot settings. In the zero-shot setting, the query image are input to
a multi-scale image encoder to extract global and local features in the visual space. Subsequently, Transferable Visual Prototypes from
different datasets are integrated using our designed Prototype Harmonization strategy for anomaly detection. In the few-shot setting,
local features of support images are firstly extracted through the multi-scale image encoder. The visual discrepancy is then inferred by
comparing the differences in local features between the query image and the support images. This discrepancy information is combined
with the prediction results from the zero-shot branch to serve as the few-shot results.

be biased. Our method learns directly in the visual space,
allowing for a more accurate and comprehensive represen-
tation of anomalies.

2.2. Few-shot Anomaly Detection
The goal of few-shot anomaly detection is to detect anoma-
lies with only a small number of normal images provided.
Traditional methods based on embedding distance, such as
SPADE [12], PaDiM [13], and Patchcore [29], calculate the
anomaly score of test images based on the distance from the
features of the few available samples, requiring no train-
ing but offering limited performance. Inspired by the hu-
man ability to detect anomalies by comparing an query im-
age with normal images, RegAD [16] enhances the perfor-
mance under few-shot setting by training a feature registra-
tion module using an additional dataset to align features.
However, the relevance between test images and images in
the additional dataset is required. PromptAD [20] explores
the feasibility of prompt learning under few-shot condi-
tions. It transposes the semantics of normal prompts by con-
catenating anomaly suffixes and use the explicit anomaly
margin to control the feature distance. InCTRL [42] em-
ploys in-context residual learning to distinguish anomalies
by detecting residuals between test images and in-context

few-shot normal sample prompts. These methods have sig-
nificantly advanced the development of few-shot anomaly
detection. However, they rely on relatively strong corre-
lations between auxiliary training data and test set, which
limits their performance in cross-modal scenarios.

3. Method
3.1. Overview
For the cross-modal anomaly detection task, consider a
training set containing M datasets from several different
modalities, denoted as Xtrain = {D1,D2, ...,DM}. Let
Dm = {Xm, Ym} denote the m-th dataset from Xtrain,
where Xm = {xi}, i = 1, ..., Nm contains Nm normal
and anomalous images, and Ym = {yi}, i = 1, ..., Nm rep-
resents the corresponding labels. yi = 0 indicates a nor-
mal image, and yi = 1 indicates an anomalous image. The
dataset from an unseen modality, DU = {Xtest, Ytest}, is
used as the test set. The goal of the cross-modal anomaly
detection task is to train a generalized anomaly scoring
model on the training set that can effectively generalize
to an unseen test set from a novel modality. In zero-
shot setting, no extra data is available other than the test
query image. In the few-shot setting, a support set I =
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Figure 3. Overview of the training process of our Transferable Vi-
sual Prototype. The normal and abnormal semantics are learned
by maximizing the cosine similarity between the Transferable Vi-
sual Prototype and the visual embedding of the auxiliary image for
both global and local parts.

{I1, I2, ..., IK} consisting of several normal images from
the target modality is provided. However, I remains un-
known during model training.

Our approach comprises two principal phases: training
and inference. Figure 2 demonstrates our approach for
zero-shot and few-shot inference. In the zero-shot setting,
Transferable Visual Prototypes trained on each dataset from
different modalities are integrated using our designed Pro-
totype Harmonization strategy to predict anomalies. Un-
der the few-shot setting, embeddings in the visual space of
query and support images are analyzed through Visual Dis-
crepancy Inference to deduce anomaly scores, further en-
hancing the detection capabilities. Figure 3 demonstrates
the training phase of our method. For each dataset Dm

within Xtrain, we independently train a Transferable Vi-
sual Prototype to delineate the concepts of normality and
anomaly within that particular dataset.

3.2. Transferable Visual Prototype
The existing zero-shot methods heavily rely on the text
space of vision-language models. WinCLIP [17] designs
fixed text prompts, utilizing features from its text space to
guide the anomaly detection in the visual space. PromptAD
[20] and AnomalyCLIP [40] incorporate learnable word
embeddings into the text prompts, facilitating the detection
by learning on these embeddings. Although the vision and
language modality have been aligned to some extent in the
joint embedding space in vision-language models like CLIP
[26], ImageBind [15] and LanguageBind [41], a modal-
ity gap still exists [21, 31]. Consequently, learning nor-
mal/abnormal semantics in the text space may suffer from
modality bias, which does not accurately capture the nor-
mal/abnormal information in the visual space.

Inspired by the observations above, we design the Trans-
ferable Visual Prototype to capture and articulate prototyp-
ical expressions of normality and anomaly, ensuring effec-

tive transferability across different modalities. It comprises
two parts: {pg,pl}, where pg and pl represent the global
and loacal part, respectively. The purpose of the global part
is to learn normal/abnormal characteristics on the global vi-
sual embeddings of images. The local part is designed to
capture normal/abnormal features in fine-grained, local ab-
normal regions. For both global and local components, we
adopt two prototypes: one prototype describes features of
normality, while the other describes features of abnormali-
ties, as shown in Eq. (1):

pg = {png , pag},pl = {pnl , pal }. (1)

png and pag represent the global part describing normal and
abnormal features, respectively. pnl and pal are the local part
describing normal and abnormal features, respectively.

We optimize the Transferable Visual Prototype through
the following process. Given a dataset Dm from the training
set Xtrain, let f i

g ∈ RC denote its global visual embedding
and f i

l ∈ Rh×w×C denote its local visual embedding for
xi in Dm. Both f i

g and f i
l are generated by the visual en-

coder of CLIP [26]. We define an anomaly score function
to measure the similarity between a feature and the visual
prototype, with f i

g and pg as an example:

S(f i
g,pg) =

exp(
〈
pag , f

i
g

〉
/τ)

exp(
〈
png , f

i
g

〉
/τ) + exp(

〈
pag , f

i
g

〉
/τ)

, (2)

where τ is a temperature hyperparameter. ⟨·, ·⟩ represents
the cosine similarity operation. The anomaly score based
on the global part of TVP is denoted as sg = S(f i

g,pg). We
compute the cross-entropy loss between sg and the label yi
as the loss of the global part:

Lglobal = cross entropy(sg, yi). (3)

Let sl = {su,vl |u ∈ [1, h], v ∈ [1, w]} denote the fine-
grained prediction result for xi. su,vl denotes the score
at location (u, v), where h and w are the feature dimen-
sions. su,vl is calculated as su,vl = S(f i,u,v

l ,pl), where
f i,u,v
l represents the local visual embedding of f i

l at the lo-
cation (u, v). Let G ∈ RH×W be the ground-truth mask.
We upsample sl to the original image size, denoted as
Up(sl) ∈ RH×W . We use the following loss to optimize
the local part:

Llocal =focal(Up([1− sl, sl]), G)+

dice(Up(1− sl),1−G)+

dice(Up(sl), G),

(4)

where focal(·, ·) and dice(·, ·) represent the focal loss [28]
and dice loss [19], respectively. The operator [·, ·] denotes
the concatenation along with the channel, and 1 represents
the full-one matrix. To utilize visual features from different
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levels of abstraction, we conduct learning on local features
across multiple layers. Let T be the set of layers we used,
we minimize the following loss to learn the Transferable
Visual Prototype:

Ltotal = Lglobal + β
∑
t∈T

Lt
local, (5)

where Lt
local denotes the loss calculated using the local fea-

ture from layer t.

3.3. Inference for Zero-Shot
Considering that TVPs trained on datasets from different
modalities portray the concepts of normality and abnormal-
ity from diverse perspectives, they may demonstrate strong
complementarity. Synthesizing these TVPs from various
modalities, a more comprehensive depiction of the nor-
mal/abnormal concepts can be achieved.

Based on the above observations, we design a prototype
harmonization strategy for inference. Let pg,m and pl,m de-
note the global and local parts of Transferable Visual Proto-
type learned from Dm, respectively. Pg and Pl contain all
the global and local Transferable Visual Prototypes, respec-
tively:

Pg = {pg,m},m = 1, ...,M

Pl = {pl,m},m = 1, ...,M.
(6)

For each image x̂i in the test set DU , let f̂ i
g ∈ RC denote

the global visual embedding of x̂i, f̂ i
l ∈ Rh×w×C denote

the local visual embedding of x̂i and f̂ i,u,v
l indicates the lo-

cal visual embedding of f̂ i
l at location (u, v). We calculate

the cosine similarity between f̂ i
g and each element in Pg:

dm = Max(
〈
png,m, f̂ i

g

〉
,
〈
pag,m, f̂ i

g

〉
), (7)

where png,m, pag,m denote the normal and abnormal part of
global prototype pg,m, respectively. We use dm as the rele-
vance between x̂i and the Transferable Visual Prototype on
the m-th dataset in certain modality, with higher values of
dm indicating larger relevance. The softmax operation is
then used to get the weight related to each global Transfer-
able Visual Prototype, as illustrated in Eq. (8).

wm =
exp(dm/τ

′
)∑M

m=1exp(dm/τ ′)
(8)

Then, the prediction of anomaly score is calculated:

ŝg =
∑M

m=1wm ∗ S(f̂ i
g,pg,m). (9)

For fine-grained prediction, we employ the same compu-
tational manner, with weights consistent with wm:

ŝu,vl =
1

|T |
∑
t∈T

(
∑M

m=1wm ∗ S(f̂ i,u,v
l,t ,pl,m)), (10)

where f̂ i,u,v
l,t represents the local visual embedding from

layer t.
The final prediction score for zero-shot setting integrates

the prediction results based on both global and local per-
spectives.

sz = λ ∗ ŝg + (1− λ) ∗ Topk(ŝl) (11)

where Topk(·) is the operation of selecting the top k largest
predicted pixel values from the fine-grained prediction re-
sults and computing their average.

3.4. Inference with Few-Normal-Shots
Across many scenarios, securing a limited quantity of nor-
mal images during the testing period is achievable. Hence,
we propose the Visual Discrepancy Inference to augment
the detection performance within the aforementioned zero-
shot setting.

Given the few normal images I = {I1, I2, ..., IK} be-
long the same modality as the test image x̂i, we first extract
the local visual features of the images in I and put features
from all locations into M. Subsequently, we infer potential
anomalies by calculating the visual discrepancy between f̂ i

l

and M, as illustrated in Eq. (12).

qu,v =
1

2
(1−

〈
f̂ i,u,v
l , h(f̂ i,u,v

l |M)
〉
) (12)

qu,v represents the prediction result at the spatial location
(u, v) based on the visual discrepancy, and h(f̂ i,u,v

l |M)
returns the feature in M that has the highest similarity to
f̂ i,u,v
l . We aggregate the predictions from multiple layers to

formulate the few-shot prediction, as follows:

qu,v =
1

|T |
∑
t∈T

qu,vt , (13)

where qu,vt represents the prediction result using the local
feature from layer t. Let q = {qu,v|u ∈ [1, h], v ∈ [1, w]}
denote the prediction result. The prediction from the zero-
shot setting is integrated as part of the few-shot prediction
results.

sf = λ
′
∗ sz + (1− λ

′
) ∗ Topk(q) (14)

4. Experiment
4.1. Experimental Details
Datasets and Cross-Modal Setting. We utilize ten datasets
from four different modalities to validate the effective-
ness of our method for cross-modal anomaly detection
task. These datasets include the RGB modality (MvTec
AD[4], VisA [43], BTAD [24], MPDD [18]), 3D modal-
ity (MvTec 3D-AD [6], Eyecandies [8]), MRI/CT modal-
ity (Brain MRI [1], OCT2017 [1]), and thermal modality
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Metric Methods Publication RGB 3D MRI/CT Thermal

MvTec AD VisA BTAD MPDD MvTec 3D-AD Eyecandies Brain MRI OCT2017 WTB Leaves

AUROC

VAND[11] CVPRW 23 86.1 77.5 73.5 76.8 65.5 70.3 54.7 46.7 69.9 80.6
WinCLIP[17] CVPR 23 91.8 78.1 68.2 63.6 70.5 73.9 71.3 49.1 86.3 66.7
AnomalyCLIP[40] ICLR 24 86.1 74.8 82.6 74.9 63.8 74.5 64.5 85.2 86.6 85.7
AdaCLIP[10] ECCV 24 90.4 76.5 95.3 70.6 74.1 77.0 73.1 68.8 87.8 72.5
Ours CVPR 25 92.3 86.8 97.5 72.8 79.6 83.7 73.7 91.2 94.8 91.1

AP

VAND[11] CVPRW 23 93.5 80.9 69.7 82.5 87.3 71.2 86.2 75.8 75.3 96.6
WinCLIP[17] CVPR 23 96.5 81.2 70.9 69.9 89.0 74.2 91.9 77.8 89.0 92.9
AnomalyCLIP[40] ICLR 24 93.8 78.6 81.6 81.9 87.5 77.1 87.9 94.9 88.2 97.6
AdaCLIP[10] ECCV 24 95.9 78.9 97.5 73.1 90.6 79.7 90.8 87.0 88.8 95.3
Ours CVPR 25 96.3 89.3 98.9 79.7 93.1 86.0 91.8 97.1 95.1 98.6

Table 1. AUROC% and AP% results of different methods under the zero-shot setting. The best and second-best performance results are
highlighted in red and blue, respectively.

Setup Methods RGB 3D MRI/CT Thermal

MvTec AD VisA BTAD MPDD MvTec 3D-AD Eyecandies Brain MRI OCT2017 WTB Leaves

1 shot

PatchCore[29] (83.8, 92.6) (77.5, 80.8) (85.4, 86.8) (61.6, 65.4) (59.3, 84.7) (65.5, 67.3) (73.1, 91.9) (75.0, 89.3) (56.3, 57.0) (88.5, 97.7)
RegAD[16] (73.3, 87.7) (62.3, 66.7) (84.2, 90.0) (53.1, 62.5) (60.5, 84.6) (61.9, 64.7) (47.3, 81.9) (45.4, 74.8) (55.9, 56.7) (78.0, 95.1)
WinCLIP[17] (91.1, 95.9) (80.1, 81.6) (84.9, 82.4) (64.6, 70.3) (73.3, 90.2) (75.6, 76.1) (72.5, 92.2) (52.8, 79.5) (89.9, 91.4) (70.9, 93.9)
PromptAD[20] (93.1, 96.7) (86.7, 88.5) (91.4, 94.3) (73.0, 76.7) (75.4, 91.1) (79.7, 82.3) (57.6, 85.5) (74.6, 88.8) (85.3, 86.9) (92.9, 98.6)
InCTRL[42] (92.1, 94.9) (85.4, 86.4) (73.3, 82.9) (74.5, 76.8) (78.2, 92.3) (76.9, 81.5) (71.2, 91.2) (86.5, 94.7) (88.5, 90.6) (87.9, 97.4)
Ours (96.0, 97.5) (91.4, 92.7) (97.5, 98.9) (79.6, 84.3) (82.3, 94.2) (82.2, 85.8) (77.2, 93.1) (90.9, 97.0) (94.0, 94.8) (94.5, 99.0)

2 shot

PatchCore[29] (87.1, 93.8) (81.5, 83.4) (90.7, 88.5) (60.1, 67.2) (64.6, 87.0) (69.0, 72.1) (74.2, 91.5) (88.6, 95.4) (56.4, 56.8) (91.7, 98.4)
RegAD[16] (75.6, 88.4) (65.5, 69.6) (89.1, 91.9) (53.2, 61.6) (65.0, 86.3) (66.6, 68.3) (51.4, 82.3) (43.4, 72.8) (55.9, 55.4) (78.0, 95.2)
WinCLIP[17] (91.7, 96.1) (81.9, 82.8) (87.3, 88.1) (64.9, 70.4) (73.7, 90.2) (76.7, 77.1) (72.4, 92.2) (55.4, 80.8) (90.2, 91.6) (72.7, 94.2)
PromptAD[20] (94.8, 97.5) (87.5, 89.5) (90.6, 94.9) (76.4, 78.4) (79.2, 92.6) (79.1, 80.6) (72.9, 90.9) (89.4, 95.9) (86.5, 87.6) (93.6, 98.7)
InCTRL[42] (91.1, 94.7) (86.9, 88.2) (86.6, 87.8) (75.3, 76.8) (78.8, 92.5) (76.8, 79.5) (76.4, 93.3) (89.7, 95.2) (86.5, 87.8) (91.5, 98.5)
Ours (96.5, 97.8) (92.5, 93.6) (96.8, 98.8) (83.2, 87.2) (83.8, 94.6) (83.2, 86.4) (78.0, 93.5) (93.7, 97.9) (94.2, 95.0) (93.8, 98.9)

4 shot

PatchCore[29] (87.8, 94.1) (85.0, 86.4) (92.3, 93.7) (68.3, 71.5) (70.4, 88.9) (70.3, 72.7) (75.3, 91.8) (90.3, 96.1) (63.6, 63.8) (93.8, 98.7)
RegAD[16] (80.0, 89.8) (70.7, 73.0) (88.8, 94.7) (57.7, 64.7) (64.7, 86.5) (69.4, 71.2) (57.4, 84.4) (50.4, 76.5) (61.0, 61.5) (83.1, 96.1)
WinCLIP[17] (93.3, 96.8) (82.6, 83.4) (90.2, 94.6) (65.3, 70.6) (73.8, 90.1) (77.1, 77.8) (72.5, 92.2) (56.8, 81.5) (90.3, 91.8) (73.3, 94.5)
PromptAD[20] (95.1, 97.6) (88.7, 90.6) (90.7, 95.6) (80.6, 83.2) (79.9, 92.6) (80.8, 82.5) (76.1, 92.2) (93.1, 97.6) (87.2, 87.9) (93.2, 98.7)
InCTRL[42] (91.8, 95.4) (84.1, 83.6) (88.4, 73.4) (80.7, 83.2) (79.7, 93.0) (78.7, 81.5) (77.5, 93.2) (92.0, 96.2) (88.9, 89.9) (91.7, 98.4)
Ours (97.0, 98.3) (93.7, 94.9) (97.5, 99.0) (85.4, 88.9) (84.2, 94.7) (84.0, 87.5) (80.5, 94.5) (95.9, 98.6) (94.2, 95.0) (96.6, 99.4)

8 shot

PatchCore[29] (92.7, 96.3) (88.7, 90.1) (92.5, 95.3) (73.3, 75.1) (73.3, 90.1) (74.2, 75.5) (77.6, 92.0) (95,2, 98.2) (65.6, 66.3) (94.1, 98.7)
RegAD[16] (85.0, 93.0) (77.7, 78.4) (90.7, 95.9) (61.1, 67.3) (65.7, 86.7) (72.0, 72.9) (63.8, 86.3) (56.3, 77.7) (67.7, 68.0) (80.9, 95.8)
WinCLIP[17] (94.1, 97.0) (83.8, 85.4) (90.6, 95.6) (65.8, 71.0) (74.2, 90.2) (78.0, 78.8) (72.2, 92.1) (57.1, 81.6) (90.4, 91.8) (73.1, 94.4)
PromptAD[20] (95.8, 98.0) (89.0, 91.7) (91.3, 96.9) (84.2, 88.0) (82.8, 93.8) (80.5, 83.1) (81.2, 93.8) (95.8, 98.4) (87.2, 88.0) (93.4, 98.7)
InCTRL[42] (93.9, 96.4) (89.2, 90.0) (79.3, 86.7) (82.7, 86.5) (81.6, 93.6) (79.2, 83.1) (81.1, 94.2) (95.2, 98.0) (91.9, 92.5) (91.5, 98.3)
Ours (97.4, 98.5) (94.7, 95.9) (98.0, 99.1) (87.2, 90.1) (84.7, 94.9) (84.8, 88.4) (82.3, 95.2) (96.6, 98.9) (95.7, 96.2) (96.7, 99.4)

Table 2. Comparison of different methods under various few-shot settings. The results are presented in the form of (AUROC%, AP%).
The best and second-best results are highlighted in red and blue, respectively.

(WTB [23], Leaves [7]). We follow the cross-modal setup
described in Section 3.1. Specifically, when testing datasets
of the RGB modality, we use datasets from the 3D modal-
ity as the auxiliary datasets; for testing datasets of the 3D
modality, RGB datasets are used as the auxiliary datasets;
for the MRI/CT and thermal modality, datasets from both
RGB and 3D modalities are used as auxiliary datasets. For
the few-shot setting, we evaluate the cases of K = 1, 2, 4, 8.

Competing Methods and Evaluation Metric. For the
zero-shot setting, we compare our method with VAND [11],
WinCLIP [17], AnomalyCLIP [40] and AdaCLIP [10]. For
the few-shot setting, we compare our method with Patch-
Core [29], RegAD [16], WinCLIP [17], PromptAD [20] and
InCTRL [42]. All the methods follow the same cross-modal
settings described above. Two popular metrics AUROC

(Area Under the Receiver Operating Characteristic) and AP
(Average Precision) are utilized to evaluate the anomaly de-
tection performance.

Implementation details. We employ the image encoder
of the publicly available CLIP [26] as our backbone. Lo-
cal features from intermediate layers 5, 15, and 25 are used
for both zero-shot and few-shot settings. Images are re-
sized to 224×224 for both training and testing. For train-
ing the Transferable Visual Prototype, the Adam optimizer
is utilized with a learning rate of 1 × 10−3. The batch size
is set to 16. Each group of Transferable Visual Prototype
is trained on the specific modality dataset using a single
NVIDIA GeForce RTX 3090 GPU for 1500 iterations.
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Figure 4. The t-SNE visualization of our Transferable Visual Prototypes trained on datasets from different modalities. “Train on” refers
to training the TVP on a dataset under a specific modality. “Test on” indicates testing on a different modality’s dataset within a specific
category. During the training of TVP, we preserve the global part of TVP from the intermediate stages of training, corresponding to the
Normal Prototype and Abnormal Prototype. Normal Image and Abnormal Image represent the global visual embeddings corresponding to
normal and abnormal images in the test category, respectively.

4.2. Results for zero-shot setting

Table 1 presents the results of different methods in zero-
shot setting. Our method achieve the best AUROC scores
across nine datasets and outperform all other methods on
seven datasets in terms of AP. For each modality, we cal-
culate the mean AUROC across all datasets within that
modality. Our method achieves AUROC improvements of
4.1%, 6.1%, 7.6%, and 6.8% and AP improvement of 4.7%,
4.4%, 3.0%, 4.0% over the best competing methods in the
RGB, 3D, MRI/CT, and thermal modalities, respectively.
It is worth mentioning that while other methods demon-
strated strong detection capabilities on certain modalities,
such as WinCLIP’s performance on MvTec AD with an
AUROC of 91.8%, it only managed an AUROC of 49.1%
on OCT2017. Similarly, AdaCLIP achieved an AUROC
of 95.3% on BTAD but only 72.5% on Leaves. This indi-
cates that although they can achieve competitive detection
performance under certain modalities, their performance
may be poor in others. By training on known modalities
to obtain the Transferable Visual Prototypes, our method
learns directly in the visual space to build generalized rep-
resentations of normal/abnormal patterns. Moreover, when
predicting data of unknown modalities, we use the pro-
posed prototype harmonization strategy, allowing to com-
prehensively utilize abnormal representations across differ-
ent modalities, thereby achieving stronger cross-modal de-
tection performance.

Furthermore, we visualize the Transferable Visual Pro-
totypes trained on different datasets using t-SNE [32], as
shown in Figure 4. It can be seen that the Transferable Vi-
sual Prototypes trained on known modalities demonstrate
good discriminability for data with unseen modalities,. This

suggests that our Transferable Visual Prototypes possess
excellent cross-modal capabilities, enabling them to learn
more universal abnormal representations across different
modalities, which in turn guide anomaly detection in un-
known modalities.

4.3. Results for few-shot setting
In the few-shot setting, we demonstrate the anomaly detec-
tion performance of different methods in Table 2. Across all
settings of K = 1, 2, 4, 8, our method achieves the highest
detection performance for both AUROC and AP. Notably,
our method significantly surpasses the second-best results
among all methods. This advantage stems from our use of
Visual Discrepancy Inference, where we compare the visual
space feature discrepancies between the test image and the
known few-shot images, effectively enhancing the model’s
detection capabilities.

4.4. Ablation Studies
Study on global and local prototype. To analyze the sig-
nificance of global and local components in our Transfer-
able Visual Prototype, we conduct the following ablation
study in zero-shot setting. During inference, we use only
the global part pg and the local part pl, respectively. Their
results, along with those using both global and local com-
ponents, are displayed in Table 3. The results show that
relying solely on the global component for inference de-
livers highly competitive performance across most datasets.
Although exclusive reliance on the local component typi-
cally results in poorer performance across the majority of
datasets, it significantly outperforms the global-only ap-
proach on a few datasets (such as OCT2017). This high-
lights that global and local components characterize anoma-

9970



Metric Global Local MvTec AD VisA MvTec 3D-AD OCT2017 Leaves

AUROC%
✓ - 91.6 86.0 78.6 74.2 92.0
- ✓ 84.6 73.9 74.4 96.6 76.1
✓ ✓ 92.3 86.8 79.6 91.2 91.1

AP%
✓ - 96.0 88.8 92.7 90.7 98.7
- ✓ 91.5 77.9 90.9 98.7 94.9
✓ ✓ 96.3 89.3 93.1 97.1 98.6

Table 3. Ablation study of the global and local parts for our Trans-
ferable Visual Prototype in zero-shot setting.

Metric Manner MvTec AD VisA MvTec 3D-AD OCT2017 Leaves

AUROC%

Best 90.9 82.5 73.4 93.3 85.8
Max 89.9 75.4 71.7 93.3 84.1
Mean 90.8 81.2 75.4 82.2 83.3
PTH 92.3 86.8 79.6 91.2 91.1

AP%

Best 95.5 86.1 90.9 97.7 97.7
Max 95.4 79.2 89.6 97.7 97.4
Mean 95.5 85.0 91.7 94.0 97.1
PTH 96.3 89.3 93.1 97.1 98.6

Table 4. Ablation study of different prototypes aggregation meth-
ods in zero-shot setting.

lies from different perspectives and exhibit strong comple-
mentarity. Therefore, using both global and local compo-
nents together achieves better results.

Study on prototype aggregation strategy. We explore
the different ways of using multiple Transferable Visual
Prototypes trained on different known datasets in zero-shot
setting, as shown in Table 4. Firstly, for data from un-
known modalities, we use each set of Transferable Visual
Prototypes separately for inference and report the high-
est detection performance (Best). Secondly, we report re-
sults using the Transferable Visual Prototype that has the
highest similarity dm with the test image (Max). Besides,
we assign equal weight to each Transferable Visual Pro-
totype during inference (Mean). PTH denotes the results
based on our prototype harmonization strategy. It is evi-
dent that, even when compared with the Best approach, our
method achieves optimal performance in the vast majority
of datasets, benefiting from our ability to comprehensively
utilize different groups of Transferable Visual Prototypes
for inferring on the test images.

Study on different training set units. In our proto-
type harmonization strategy, complementarity is a critical
factor for enhancing performance. We wonder how fur-
ther splitting or merging the dataset would affect comple-
mentarity. We initially train single TVP jointly across all
datasets within each modality, using modality as the small-
est unit (Modal). Subsequently, we train TVP separately
for each dataset, considering the dataset as the minimal
unit (Dataset), which is the setting of our main experi-
ment. Furthermore, we divide each dataset into two equal
sub-datasets and conduct training on these sub-datasets re-
spectively (SubDataset). The results are shown in Table 5.
Experiments with dataset as the unit achieve better results
compared to modality and sub-dataset, indicating that not

Metric Unit MvTec AD VisA MvTec 3D-AD OCT2017 Leaves

AUROC%
Modal 90.8 80.5 74.2 80.9 82.8
Dataset 92.3 86.8 79.6 91.2 91.1

SubDataset 92.0 85.8 78.7 95.3 81.4

AP%
Modal 95.5 84.5 91.2 93.6 97.1
Dataset 96.3 89.3 93.1 97.1 98.6

SubDataset 96.0 87.5 92.8 98.3 97.0

Table 5. Ablation study of different training set units for our Trans-
ferable Visual Prototype in zero-shot setting.

Metric TVP VDI MvTec AD VisA MvTec 3D-AD OCT2017 Leaves

AUROC%
✓ - 92.3 86.8 79.6 91.2 91.1
- ✓ 95.7 89.7 80.7 89.7 90.3
✓ ✓ 96.5 92.5 83.8 93.7 93.8

AP%
✓ - 96.3 89.3 93.1 97.1 98.6
- ✓ 97.1 90.5 93.3 96.1 98.0
✓ ✓ 97.8 93.6 94.6 97.9 98.9

Table 6. Ablation study of the Visual Discrepancy Inference in
two-shot setting.

only the number of units is important, but also the amount
of data in each unit. There is a tradeoff between the two.

Study on zero/few-shot part. In the few-shot setting,
we demonstrate the results of using Transferable Visual Pro-
totypes alone (TVP), Visual Discrepancy Inference alone
(VDI), and a combination of both, as shown in Table 6. It’s
worth stating that the TVP-only results are consistent with
zero-shot setting. When only using Visual Discrepancy In-
ference, the model can achieve detection performance with
an AUROC of 95.7% on MvTec AD and 89.7% on VisA
in the two-shot setting. The model can achieve the best re-
sults when both Transferable Visual Prototype and Visual
Discrepancy Inference are used simultaneously.

5. Conclusion

In this work, we introduce the task of cross-modal anomaly
detection and propose a method featuring three core com-
ponents: the Transferable Visual Prototype, which directly
learns normal/abnormal semantics in the visual space; a
Prototype Harmonization strategy that adaptively utilizes
these prototypes from various modalities for inference on
an unknown modality; and a Visual Discrepancy Inference
for enhancing performance when a few normal images are
available under the few-shot setting. Extensive experiments
conducted on ten datasets across four modalities substanti-
ate the effectiveness of our approach.
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