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Abstract

This paper explores the problem of Generalist Anomaly
Detection (GAD), aiming to train one single detection
model that can generalize to detect anomalies in diverse
datasets from different application domains without any
further training on the target data. Some recent studies
have showed that large pre-trained Visual-Language Mod-
els (VLMs) like CLIP have strong generalization capabil-
ities on detecting industrial defects from various datasets,
but their methods rely heavily on handcrafted text prompts
about defects, making them difficult to generalize to anoma-
lies in other applications, e.g., medical image anomalies or
semantic anomalies in natural images. In this work, we pro-
pose to train a GAD model with few-shot normal images as
sample prompts for AD on diverse datasets on the fly. To
this end, we introduce a novel approach that learns an in-
context residual learning model for GAD, termed InCTRL.
It is trained on an auxiliary dataset to discriminate anoma-
lies from normal samples based on a holistic evaluation
of the residuals between query images and few-shot nor-
mal sample prompts. Regardless of the datasets, per defini-
tion of anomaly, larger residuals are expected for anomalies
than normal samples, thereby enabling InCTRL to general-
ize across different domains without further training. Com-
prehensive experiments on nine AD datasets are performed
to establish a GAD benchmark that encapsulate the de-
tection of industrial defect anomalies, medical anomalies,
and semantic anomalies in both one-vs-all and multi-class
setting, on which InCTRL is the best performer and sig-
nificantly outperforms state-of-the-art competing methods.
Code is available at https://github.com/mala-lab/ InCTRL.

1. Introduction
Anomaly Detection (AD) is a crucial computer vision task
that aims to detect samples that substantially deviate from
the majority of samples in a dataset, due to its broad real-life
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Figure 1. Top: An illustration of InCTRL: a one-for-all model us-
ing few-shot normal images as sample prompts. Bottom: AUROC
curves of InCTRL and competing few-shot methods on three dif-
ferent application datasets without any training on the target data.

applications such as industrial inspection, medical imag-
ing analysis, and scientific discovery, etc. [12, 36]. Cur-
rent AD paradigms are focused on individually building
one model on the training data, e.g., a set of anomaly-free
samples, of each target dataset, such as data reconstruction
approach [2, 22, 31, 38, 43, 60, 63–65, 67–69], one-class
classification [6, 15, 41, 48, 66], and knowledge distilla-
tion approach [8, 11, 19, 42, 51, 52, 70]. Although these
approaches have shown remarkable detection performance
on various AD benchmarks, they require the availability of
large training data and the skilled detection model train-
ing per dataset. Thus, they become infeasible in applica-
tion scenarios where training on the target dataset is not al-
lowed due to either data privacy issues, e.g., arising from
using those data in training the models due to machine un-
learning [62], or unavailability of large-scale training data
in the deployment of new applications. To tackle these chal-
lenges, this paper explores the problem of learning Gener-
alist Anomaly Detection (GAD) models, aiming to train
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one single detection model that can generalize to detect
anomalies in diverse datasets from different application do-
mains without any training on the target data.

Being pre-trained on web-scale image-text data, large
Visual-Language Models (VLMs) like CLIP [39] have
exhibited superior generalization capabilities in recent
years, achieving accurate visual recognition across differ-
ent datasets without any fine-tuning or adaptation on the tar-
get data. More importantly, some very recent studies (e.g.,
WinCLIP [25]) show that these VLMs can also be utilized
to achieve remarkable generalization on different defect de-
tection datasets. Nevertheless, a significant limitation of
these models is their dependency on a large set of manually
crafted prompts specific to defects. This reliance restricts
their applicability, making it challenging to extend their use
to detecting anomalies in other data domains, e.g., medical
image anomalies [10, 20, 42, 49, 50] or semantic anomalies
in one-vs-all or multi-class settings [11, 41].

To address this problem, we propose to train a GAD
model that aims to utilize few-shot normal images from any
target dataset as sample prompts for supporting GAD on
the fly, as illustrated in Figure 1(Top). The few-shot set-
ting is motivated by the fact that it is often easy to obtain
few-shot normal images in real-world applications. Fur-
thermore, these few-shot samples are not used for model
training/tuning; they are just used as sample prompts for
enabling the anomaly scoring of test images during infer-
ence. This formulation is fundamentally different from cur-
rent few-shot AD methods [5, 23, 44, 45, 56, 57, 61] that use
these target samples and their extensive augmented versions
to train the detection model, which can lead to an overfitting
of the target dataset and fail to generalize to other datasets,
as shown in Figure 1(Bottom).

We then introduce an GAD approach, the first of its kind,
that learns an in-context residual learning model based on
CLIP, termed InCTRL. It trains an GAD model to discrim-
inate anomalies from normal samples by learning to identify
the residuals/discrepancies between query images and a set
of few-shot normal images from auxiliary data. The few-
shot normal images, namely in-context sample prompts,
serve as prototypes of normal patterns. When comparing
with the features of these normal patterns, per definition of
anomaly, a larger residual is typically expected for anoma-
lies than normal samples in datasets of different domains,
so the learned in-context residual model can generalize to
detect diverse types of anomalies across the domains. To
capture the residuals better, InCTRL models the in-context
residuals at both the image and patch levels, gaining an
in-depth in-context understanding of what constitutes an
anomaly. Further, our in-context residual learning can also
enable a seamless incorporation of normal/abnormal text
prompt-guided prior knowledge into the detection model,
providing an additional strength for the detection from the

text-image-aligned semantic space.
Accordingly, we make the following main contributions.

• We introduce a GAD task to evaluate the generaliza-
tion capability of AD methods in identifying anoma-
lies across various scenarios without needing to train-
ing/tuning on the target datasets. To the best of our knowl-
edge, this is the first study dedicated to a generalist ap-
proach to anomaly detection, encompassing industrial de-
fects, medical anomalies, and semantic anomalies.

• We then propose an in-context residual learning frame-
work for GAD, called InCTRL. It is designed to distin-
guish anomalies from normal samples by detecting resid-
uals between test images and in-context few-shot nor-
mal sample prompts from any target dataset on the fly.
InCTRL is optimized on auxiliary data to achieve the
one-model-for-all goal, i.e., one model for AD on diverse
datasets without any training on target data.

• Extensive experiments on nine AD datasets are performed
to establish a GAD benchmark that encapsulates three
types of popular AD tasks, including industrial defect
anomaly detection, medical image anomaly detection,
and semantic anomaly detection under both one-vs-all
and multi-class settings. Our results show that InCTRL
significantly surpasses existing state-of-the-art methods.

2. Related Work

2.1. Anomaly Detection

Anomaly Detection (AD). Existing AD approaches typi-
cally rely on unsupervised learning due to the scarcity of
anomaly data. Numerous methods have been introduced.
One-class classification methods [6, 15, 41, 48, 66] focus
on compactly describing normal data with support vectors.
Reconstruction-based methods [2, 22, 31, 38, 43, 60, 63–65,
67–69] train models to reconstruct normal images, where
anomalies are identified by higher reconstruction errors.
Distance-based methods [16, 17, 40] determine anomalies
based on the distance between test image embeddings and
normal reference embeddings from stored training data.
Knowledge distillation methods [8, 11, 19, 42, 51, 52, 70]
focus on distilling normal patterns from pre-trained mod-
els and detect anomalies based on the difference between
distilled and original features. The above approaches are
designed to fit on target dataset for AD, i.e., one model for
one dataset, while we aim for a one-model-for-all setting.
A relevant research line is to tackle the AD problem under
domain or distribution shift [1, 11, 20, 33, 65, 73], but they
generally assume a large domain relevance on the source
and target data. Additionally, there have been a number of
concurrent studies leveraging VLMs for AD [58, 59, 72],
but they address a different setting from ours, e.g., weakly-
supervised AD [58, 59] or zero-shot AD [72].
Few-shot Anomaly Detection (FSAD). FSAD is designed
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to identify anomalies using limited normal samples from
target datasets. Traditional FSAD research focuses on mod-
eling the normal distribution of these few normal samples
to detect anomalies [5, 23, 29, 44, 45, 56, 57, 61]. However,
these methods often cannot generalize to new domains, as
they generally require re-training or fine-tuning with normal
data from target datasets. Distance-based approaches such
as SPADE [16], PaDiM [17] and PatchCore [40] present a
solution to address this problem by making full use of pre-
trained representations of the few-shot samples to calculate
distance-based anomaly scores without training. Recently,
RegAD [23] is designed to operate without the need for
training or fine-tuning on new data for the FSAD task, but it
requires domain relevance between training and test data to
work well. WinCLIP [25] pioneers the application of large
Visual-Language Models (VLM) on zero-shot and few-shot
AD tasks by processing images through multi-scale window
movements and text prompting to CLIP. Without adapting
CLIP to the AD task, WinCLIP gains impressive detection
performance on defect datasets using its handcrafted text
prompts, but it fails to work well when the text prompts
cannot capture the required anomaly semantics, making it
difficult to generalize well to diverse AD tasks.

2.2. In-Context Learning

In-Context Learning (ICL) is an innovative approach that
helps enhance the performance of Large Language Mod-
els (LLMs) in Natural Language Processing (NLP) [3, 9,
21], which leverages minimal in-context prompts to adapt
LLMs to novel tasks effectively. Recently, several stud-
ies [13, 14, 26, 32, 53] attempt to apply ICL to vision
tasks by converting vision problems to NLP ones using the
language or specially-designed discrete tokens as the task
prompts. conversely, Amir et al. [4] introduce a novel ap-
proach for in-context visual prompting by treating a spec-
trum of vision tasks as grid in-painting problems. Similarly,
Painter [54, 55] then proposes to perform masked image
in-painting. However, these methods focus more on task-
level generalization, so they are not applicable to the AD
task which focuses more on the instance-level discrepancy.
Our work redesign ICL for GAD. We redefine few-shot im-
age prompts as dataset-specific normal patterns, rather than
as an instruction for particular tasks. By capturing the in-
context residual between the query images and their normal
patterns, our model can gain a cohesive understanding of di-
verse anomalies, enabling remarkable generalized detection
performance for GAD.

3. InCTRL: In-Context Residual Learning
3.1. Problem Statement

The objective of GAD is to train a single AD model that
works well for detecting anomalies on test datasets from

diverse application domains without any training on the tar-
get data. Thus, the training set is assumed to be drawn
from different distributions from the test sets. Formally, let
Dtrain = {Xtrain, Ytrain} be an auxiliary training dataset
with normal and anomaly class labels, where Xtrain =
{xi}Ni=1 consists of N normal and anomalous images and
Ytrain = {yi}Ni=1, with yi = 0 indicates normal and
yi = 1 signifies abnormal. A collection of test sets, T =
{D1

test,D2
test, · · · ,DM

test} with Dj
test = {Xj

test, Y
j
test},

from M different application domains with various types
of anomalies is given. The test sets are drawn from a dis-
tribution different from that of Dtrain. Then the goal is to
train a generalist anomaly scoring function: Dtrain → R so
that it assigns larger anomaly scores to the anomalous sam-
ples than to the normal ones from any test dataset in T . In
the context of GAD with few-shot normal samples, a small
set of a few normal images randomly drawn from the tar-
get domain, P = {p1, p2, · · · , pK} where K is typically a
small number, e.g., K ≪ N , is available during inference,
but P is not available in any way during the training of the
generalist detection model.

3.2. Overview of Our Approach InCTRL

Our approach InCTRL is designed to effectively model the
in-context residual between a query image and a set of few-
shot normal images as sample prompts, utilizing the gen-
eralization capabilities of CLIP to detect unusual residuals
for anomalies from different application domains. CLIP is
a VLM consisting of a text encoder ft(·) and a visual en-
coder fv(·), with the image and text representations from
these encoders well aligned by pre-training on web-scale
text-image data. InCTRL is optimized using auxiliary data
Dtrain via an in-context residual learning in the image en-
coder, with the learning augmented by text prompt-guided
prior knowledge from the text encoder.

To be more specific, as illustrated in Fig. 2, we first simu-
late an in-context learning example that contains one query
image x and a set of few-shot normal sample prompts P ′,
both of which are randomly sampled from the auxiliary data
Dtrain. Through the visual encoder, we then perform multi-
layer patch-level and image-level residual learning to re-
spectively capture local and global discrepancies between
the query and few-shot normal sample prompts (Secs. 3.3
and 3.4). Further, our model allows a seamless incorpo-
ration of normal and abnormal text prompts-guided prior
knowledge from the text encoder based on the similarity be-
tween these textual prompt embeddings and the query im-
ages (Sec. 3.5). The training of InCTRL is to optimize a
few projection/adaptation layers attached to the visual en-
coder to learn a larger anomaly score for anomaly samples
than normal samples in Dtrain, with the original parame-
ters in both encoders frozen; during inference, a test image,
together with the few-shot normal image prompts from the
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Figure 2. Overview of the training of InCTRL. It firstly simulates in-context learning scenarios using a query image and a few-shot
normal sample prompts randomly drawn from the auxiliary training data. Then it performs multi-layer patch-level and image-level residual
learning to capture both local and global residuals between the query image and the normal prompts. Lastly, those residual information,
combined with text prompts-guided prior knowledge from the text encoder, is utilized for a holistic anomaly score learning.

target dataset and the text prompts, is put forward through
our adapted CLIP-based GAD network, whose output is the
anomaly score for the test image (Sec. 3.6). Below we
present these modules in detail.

3.3. Multi-Layer Patch-Level Residual Learning

To effectively capture fine-grained in-context residuals be-
tween the query image and the normal image prompts, we
introduce a multi-layer patch-level residual learning compo-
nent in InCTRL. Typically, the CLIP visual encoder com-
prises a series of block layers. From the bottom to the top
of layers, the visual encoder gradually learns the visual pat-
terns at different levels of abstraction [39]. Thus, this com-
ponent is designed to model patch-level in-context residuals
from the patch token embeddings obtained from the multi-
ple levels of the blocks within the visual encoder.

To be specific, assuming the visual encoder consists of n
blocks, for a given set of few-shot normal sample prompts
P ′ and a training query image x, we extract a series of
patch token embedding maps {T lx}nl=1 and {T lx′}nl=1 where
T l(·) ∈ Rh×w×d and x′ ∈ P ′, with h, w, and d be the
height, width, and dimension of the feature map T respec-
tively. At each layer l, the patch-level in-context residuals
are captured by distances between the embeddings of the
query token and the image prompt token across all image
prompts in P ′. Formally, for the query image x, its multi-
layer patch-level in-context residuals at layer l are modeled
by a residual map Ml

x ∈ Rh×w, where the residual value of
each patch of x is calculated based on its patch embedding

and the nearest patch embedding of all images in P ′ as:

Ml
x(i, j) = 1− ⟨T lx(i, j), h(T lx(i, j)|P ′)⟩, (1)

where h(T lx(i, j)|P ′) returns the embedding of the patch to-
ken that is most similar to T lx(i, j) among all image patches
in P ′, and ⟨·⟩ is the cosine similarity function. The final
patch-level residual map Mx ∈ Rh×w is averaged over n
layer-wise residual maps:

Mx =
1

n

n∑
l=1

Ml
x. (2)

Each residual value in Mx is similar to a nearest-
neighbor-distance anomaly score of the query patch to the
image patch set in P ′. As shown in prior studies [16, 17, 34,
35, 40], such distance-based anomaly scores can effectively
discriminate anomalies from normal samples. Thus, the re-
sulting residual map Mx provides a feature set of collective
anomaly-discriminative power at multi-layer resolutions for
the subsequent anomaly score learning in InCTRL.

3.4. Image-level Residual Learning

In addition to the discriminative power at the local patch-
level residuals, the global discriminative information at the
image level is also significant and serve as complementary
knowledge to the patch-level features.

Hence, we introduce an image-level residual learning
component to capture the higher-level discrepancies be-
tween x and P ′. Intuitively, the class token embedding from
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the last block of the visual encoder is used as the feature
input, as it captures the most image-level discriminative in-
formation due to the bottom-up abstraction of information
in the visual encoder. However, it is important to note that
CLIP was originally designed for classification tasks, fo-
cusing on the semantic of the objects in the scenery, which
does not align well with the anomaly detection task in which
both normal and abnormal samples are often from the same
class of object. To reconcile this, we include an adapter
layer ψ(·), parameterized by Θψ , to adapt the image repre-
sentations further to anomaly detection, and thus, we learn
the image-level residuals based on the adapted image fea-
tures. Further, the prototypical features of the few-shot sam-
ple prompts, rather than the features of individual sample,
are used to learn the in-context residuals, since they help
capture more representative features of normal patterns.

Specifically, let fv(x) ∈ Rd′ be the class token embed-
ding of input x in the visual encoder, we first compute the
prototype of the feature maps of the image prompts in P ′:

Ip =
1

K

∑
x′
k∈P′

ψ(fv(x
′
k); Θψ), (3)

where Ip ∈ Rd′ . Then let Ix = ψ(fv(x); Θψ) be the
adapted features of the query image x, the in-context image-
level residual features Fx for x are obtained by performing
element-wise subtraction between two feature maps:

Fx = Ix ⊖ Ip, (4)

where ⊖ denotes element-wise subtraction. Subsequently,
these in-context residual features are fed to an image-level
anomaly classification learner η : Fx → R, parameterized
by Θη which is optimized by the binary classification loss:

LIRL =
1

N

∑
x∈Xtrain

Lb(η(Fx; Θη), yx), (5)

where Lb is a binary classification loss. Focal loss [30] is
used by default in our model.

3.5. Fusing Text Prompt-based Prior Knowledge

The above two components are focused on residual learn-
ing based on the visual encoder. InCTRL also allows
easy incorporation of text-prompt-guided prior knowledge
about normality and abnormality from the text encoder of
CLIP. This helps InCTRL leverage the normal and ab-
normal semantics hidden in the CLIP’s pre-trained image-
text-aligned embedding space for GAD. Motivated by this,
InCTRL exploits the text encoder to extract text prompt-
guided discriminative features. Since the text prompts de-
signed in WinCLIP [25] show remarkable detection perfor-
mance, InCTRL adopts the same text prompt templates and

its ensemble strategy, including both state and template-
level text prompts. At the state level, generic text de-
scriptions are employed to differentiate between normal and
abnormal objects, whereas the template level provides a
list of specific prompts tailored for anomaly detection (see
Appendix B.3 for detailed text prompts used).

It should be noted that, unlike WinCLIP that uses
these text prompts to directly compute the anomaly score,
InCTRL utilizes them to extract text-prompt-guided fea-
tures for complementing the patch- and image-level residual
features obtained through the visual encoder.

Specifically, let Pnt be the set of text prompts for the nor-
mal class, we use the prototype of the text prompt embed-
dings to provide a representative embedding of the normal
text prompts Fn = 1

|Pn
t |

∑
pi∈Pn

t
ft(pi) where pi ∈ Rd′ ;

similarly we can obtain the prototype embedding for the ab-
normality text prompt set Pat by Fa = 1

|Pa
t |

∑
pj∈Pa

t
ft(pj).

Then, InCTRL extracts an AD-oriented discriminative fea-
ture based on the similarity between the query image x and
the two prototypes of the text prompts:

sa(x) =
exp(F⊺

afv(x))

exp(F⊺
nfv(x)) + exp(F⊺

afv(x))
, (6)

where [·]⊺ denotes a transpose operation, and sa(x) is the
probability of the input x being classified as abnormal.

3.6. Training and Inference

In-Context Residual Learning. During training, InCTRL
performs a holistic residual learning that synthesizes both
patch-level and image-level residual information, aug-
mented by the text prompt-guided features. The holistic
in-context residual map of a query image x is defined as:

M+
x = Mx ⊕ si(x)⊕ sa(x), (7)

where si(x) = η(Fx; Θη) is an anomaly score based on the
image-level residual map Fx and ⊕ denotes an element-
wise addition. InCTRL then devises a holistic anomaly
scoring function ϕ, parameterized by Θϕ, based on M+

x ,
and defines the final anomaly score as:

s(x) = ϕ(M+
x ; Θϕ) + αsp(x), (8)

where ϕ(M+
x ; Θϕ) performs a holistic anomaly scoring us-

ing patch-, image-level and text prompt-guided features,
while sp(x) = max(Mx) is a maximum residual score-
based fine-grained anomaly score at the image patch level.
sp(x) is added into Eq. 8 because such patch-level anomaly
scores are crucial for detecting local abnormal regions to
which the ϕ-based holistic anomaly score can often over-
look. α is a hyper-parameter that modulates the contribu-
tion of the patch-level residual score. Lastly, we optimize
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Semantic AnomaliesIndustrial Defects Medical Anomalies One-vs-all Multi-classSetup Methods
ELPV SDD AITEX VisA MVTec AD BrainMRI HeadCT MNIST CIFAR-10 MNIST CIFAR-10

Baseline (0-shot) 0.733±0.000 0.946±0.000 0.733±0.000 0.781±0.000 0.912±0.000 0.926±0.000 0.900±0.000 0.678±0.000 0.924±0.000 0.620±0.000 0.900±0.000

SPADE 0.517±0.012 0.729±0.041 0.727±0.004 0.795±0.045 0.817±0.054 0.754±0.048 0.645±0.034 0.779±0.024 0.823±0.014 0.595±0.060 0.655±0.042

PaDiM 0.594±0.083 0.721±0.015 0.784±0.028 0.680±0.042 0.785±0.025 0.657±0.122 0.595±0.036 - - - -
Patchcore 0.716±0.031 0.902±0.006 0.739±0.017 0.817±0.028 0.858±0.034 0.706±0.009 0.736±0.096 0.756±0.004 0.602±0.009 0.603±0.009 0.703±0.008

RegAD 0.571±0.016 0.499±0.008 0.564±0.072 0.557±0.053 0.640±0.047 0.449±0.129 0.602±0.018 0.525±0.030 0.534±0.005 0.608±0.026 0.695±0.002

CoOp 0.762±0.011 0.897±0.006 0.687±0.062 0.806±0.023 0.858±0.016 0.725±0.020 0.811±0.003 0.557±0.006 0.527±0.011 0.612±0.007 0.393±0.009

WinCLIP 0.726±0.020 0.942±0.006 0.726±0.055 0.842±0.024 0.931±0.019 0.934±0.012 0.915±0.015 0.810±0.008 0.925±0.001 0.632±0.000 0.914±0.005

2-shot

Ours (InCTRL) 0.839±0.003 0.972±0.011 0.761±0.029 0.858±0.022 0.940±0.015 0.973±0.027 0.929±0.025 0.892±0.009 0.935±0.002 0.635±0.010 0.924±0.005

SPADE 0.537±0.013 0.731±0.020 0.718±0.011 0.811±0.040 0.828±0.044 0.759±0.070 0.624±0.012 0.810±0.009 0.836±0.006 0.588±0.041 0.631±0.063

PaDiM 0.612±0.080 0.742±0.014 0.787±0.038 0.735±0.031 0.805±0.018 0.792±0.048 0.622±0.013 - - - -
Patchcore 0.756±0.073 0.923±0.008 0.733±0.002 0.843±0.025 0.885±0.026 0.794±0.040 0.805±0.006 0.833±0.009 0.639±0.010 0.497±0.044 0.739±0.011

RegAD 0.596±0.040 0.525±0.027 0.596±0.074 0.574±0.042 0.663±0.032 0.571±0.149 0.522±0.050 0.548±0.053 0.534±0.002 0.596±0.075 0.677±0.161

CoOp 0.781±0.002 0.902±0.006 0.720±0.017 0.818±0.018 0.874±0.017 0.759±0.033 0.860±0.032 0.563±0.004 0.537±0.005 0.618±0.002 0.395±0.008

WinCLIP 0.754±0.009 0.943±0.004 0.764±0.025 0.858±0.025 0.940±0.021 0.941±0.002 0.912±0.003 0.851±0.010 0.927±0.001 0.632±0.004 0.915±0.003

4-shot

Ours (InCTRL) 0.846±0.011 0.975±0.006 0.790±0.018 0.877±0.019 0.945±0.018 0.975±0.016 0.933±0.013 0.902±0.016 0.940±0.010 0.643±0.007 0.928±0.009

SPADE 0.567±0.034 0.741±0.011 0.708±0.006 0.821±0.042 0.840±0.057 0.794±0.039 0.626±0.022 0.829±0.009 0.849±0.006 0.597±0.028 0.656±0.037

PaDiM 0.724±0.017 0.769±0.037 0.792±0.025 0.768±0.032 0.820±0.016 0.758±0.025 0.661±0.039 - - - -
Patchcore 0.837±0.016 0.925±0.003 0.745±0.002 0.860±0.026 0.922±0.019 0.812±0.016 0.817±0.034 0.876±0.004 0.672±0.006 0.526±0.019 0.764±0.004

RegAD 0.633±0.027 0.594±0.029 0.603±0.062 0.589±0.040 0.674±0.033 0.632±0.079 0.628±0.026 0.547±0.063 0.555±0.008 0.573±0.076 0.587±0.211

CoOp 0.817±0.012 0.898±0.005 0.769±0.008 0.822±0.021 0.880±0.014 0.755±0.003 0.914±0.027 0.567±0.007 0.542±0.005 0.619±0.004 0.399±0.006

WinCLIP 0.814±0.010 0.941±0.001 0.796±0.015 0.868±0.020 0.947±0.025 0.944±0.001 0.915±0.008 0.867±0.007 0.928±0.001 0.641±0.004 0.916±0.003

8-shot

Ours (InCTRL) 0.872±0.013 0.978±0.006 0.806±0.036 0.887±0.021 0.953±0.013 0.983±0.012 0.936±0.008 0.920±0.003 0.945±0.002 0.646±0.003 0.934±0.008

Table 1. AUROC results(mean±std) on nine real-world AD datasets under various few-shot AD settings. Best results and the second-best
results are respectively highlighted in red and blue. ‘Baseline’ is a WinCLIP-based zero-shot AD model.

the final anomaly score s(x) using Xtrain:

Lh =
1

N

∑
x∈Xtrain

Lb(s(x), yx). (9)

Thus, the full InCTRL model is optimized by minimiz-
ing the overall loss as follows:

LInCTRL = LIRL + Lh. (10)

Inference. During inference, for a given test image xt
and the K-shot normal image prompt set P from the tar-
get dataset, they are fed forward through the visual encoder
and the adapter layers, obtaining Mxt

and si(xt). The text
prompt sets used during training are used to obtain sa(xt).
Lastly, we obtain the final anomaly score of xt via Eq. 8.

4. Experiments
4.1. Experimental Setup

Datasets. To verify the efficiency of our method InCTRL,
we conduct comprehensive experiments across nine real-
world AD datasets, including five industrial defect inspec-
tion dataset (MVTec AD [7], VisA [74], AITEX [46],
ELPV [18], SDD [47]), two medical image datasets (Brain-
MRI [42], HeadCT [42]), and two semantic anomaly de-
tection datasets: MNIST [28] and CIFAR-10 [27] under
both one-vs-all and multi-class protocols [11, 41]. Under
the one-vs-all protocol, one class is used as normal, with
the other classes treated as abnormal; while under the multi-
class protocol, images of even-number classes from MNIST
and animal-related classes from CIFAR-10 are treated as
normal, with the images of the other classes are considered
as anomalies (see Appendix A for more details).

To assess the GAD performance, MVTec AD, the com-
bination of its training and test sets, is used as the auxiliary

training data, on which GAD models are trained, and they
are subsequently evaluated on the test set of the other eight
datasets without any further training. We train the model on
VisA when evaluating the performance on MVTec AD. The
few-shot normal prompts for the target data are randomly
sampled from the training set of target datasets and remain
the same for all models for fair comparison. We evaluate the
performance with the number of few-shot normal prompt
set to K = 2, 4, 8. The reported results are averaged over
three independent runs with different random seeds.
Competing Methods and Evaluation Metrics. Since we
aim to achieve a generalist AD model, the comparision is
focus on detectors of similar generalist detection capabili-
ties. Following [25], InCTRL is compared with three con-
ventional full-shot AD approaches, including SPADE [16],
PaDiM [17], and PatchCore [40], all of which are adapted
to the few-shot setting by performing their distance-based
anomaly scoring based on the few-shot normal samples. We
also compare with state-of-the-art (SotA) conventional few-
shot AD method RegAD [23] and the CLIP-driven method
WinCLIP [25]. The popular prompt learning method
CoOp [71] is used as an additional baseline that is trained
on the auxiliary data as InCTRL, after which it uses the
few-shot anomaly scoring strategy in WinCLIP to perform
anomaly detection.

As for evaluation metrics, following previous works [11,
23, 25, 37, 40], we use two popular metrics AUROC (Area
Under the Receiver Operating Characteristic) and AUPRC
(Area Under the Precision-Recall Curve) to evaluate the
AD performance. We also evaluate the number of param-
eters and per-image inference time of CLIP-based methods,
which is presented in our Appendix C.1.
Implementation Details. By default, for CLIP-based mod-
els, including WinCLIP, CoOp and our InCTRL, we adopt
the same CLIP implementation, OpenCLIP [24], and its
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Semantic AnomaliesIndustrial Defects Medical Anomalies One-vs-all Multi-classSetup Methods
ELPV SDD AITEX VisA MVTec AD BrainMRI HeadCT MNIST CIFAR-10 MNIST CIFAR-10

Baseline (0-shot) 0.855±0.000 0.886±0.000 0.552±0.000 0.812±0.000 0.957±0.000 0.988±0.000 0.970±0.000 0.940±0.000 0.990±0.000 0.606±0.000 0.852±0.000

SPADE 0.618±0.007 0.366±0.105 0.470±0.008 0.818±0.031 0.922±0.023 0.952±0.009 0.851±0.022 0.965±0.004 0.971±0.003 0.615±0.068 0.502±0.035

PaDiM 0.707±0.058 0.337±0.008 0.529±0.034 0.719±0.027 0.890±0.015 0.902±0.046 0.876±0.017 - - - -
Patchcore 0.840±0.031 0.676±0.003 0.378±0.008 0.841±0.023 0.939±0.012 0.921±0.017 0.913±0.002 0.956±0.001 0.926±0.002 0.482±0.025 0.574±0.015

RegAD 0.679±0.005 0.173±0.019 0.275±0.035 0.614±0.037 0.837±0.034 0.872±0.065 0.854±0.009 0.913±0.006 0.909±0.003 0.612±0.013 0.672±0.008

CoOp 0.841±0.020 0.543±0.004 0.443±0.050 0.835±0.019 0.922±0.007 0.923±0.002 0.937±0.014 0.926±0.003 0.911±0.002 0.607±0.009 0.371±0.013

WinCLIP 0.849±0.010 0.865±0.004 0.500±0.043 0.859±0.021 0.965±0.007 0.989±0.003 0.975±0.012 0.963±0.001 0.990±0.001 0.614±0.005 0.876±0.016

2-shot

Ours (InCTRL) 0.913±0.008 0.917±0.009 0.519±0.022 0.877±0.016 0.969±0.004 0.994±0.013 0.981±0.013 0.975±0.004 0.992±0.000 0.618±0.012 0.899±0.010

SPADE 0.627±0.011 0.385±0.018 0.451±0.031 0.826±0.024 0.924±0.015 0.958±0.017 0.854±0.016 0.966±0.008 0.973±0.002 0.611±0.053 0.487±0.047

PaDiM 0.724±0.067 0.351±0.012 0.540±0.053 0.758±0.018 0.909±0.013 0.956±0.011 0.890±0.011 - - - -
Patchcore 0.871±0.042 0.703±0.013 0.377±0.001 0.860±0.016 0.950±0.013 0.945±0.017 0.941±0.009 0.972±0.002 0.934±0.003 0.504±0.025 0.606±0.010

RegAD 0.688±0.018 0.176±0.003 0.294±0.031 0.628±0.034 0.846±0.026 0.900±0.041 0.810±0.028 0.916±0.013 0.908±0.001 0.522±0.085 0.681±0.127

CoOp 0.867±0.003 0.594±0.014 0.454±0.014 0.842±0.016 0.924±0.008 0.932±0.013 0.957±0.017 0.929±0.002 0.915±0.003 0.611±0.003 0.374±0.012

WinCLIP 0.864±0.004 0.868±0.003 0.513±0.017 0.875±0.023 0.968±0.008 0.990±0.001 0.974±0.002 0.971±0.002 0.990±0.000 0.611±0.011 0.882±0.009

4-shot

Ours (InCTRL) 0.916±0.009 0.924±0.015 0.548±0.016 0.902±0.027 0.972±0.006 0.994±0.013 0.984±0.011 0.980±0.007 0.992±0.004 0.620±0.004 0.901±0.020

SPADE 0.641±0.018 0.394±0.024 0.427±0.008 0.844±0.031 0.930±0.016 0.962±0.014 0.860±0.019 0.974±0.002 0.976±0.001 0.613±0.035 0.515±0.024

PaDiM 0.798±0.014 0.384±0.045 0.555±0.031 0.781±0.024 0.927±0.012 0.946±0.007 0.896±0.009 - - - -
Patchcore 0.915±0.007 0.708±0.009 0.389±0.003 0.873±0.022 0.962±0.013 0.957±0.007 0.931±0.006 0.979±0.001 0.942±0.002 0.530±0.037 0.635±0.019

RegAD 0.696±0.015 0.246±0.031 0.314±0.036 0.643±0.032 0.855±0.021 0.908±0.013 0.881±0.014 0.919±0.018 0.911±0.001 0.566±0.048 0.558±0.159

CoOp 0.905±0.008 0.578±0.001 0.514±0.003 0.848±0.020 0.933±0.007 0.927±0.007 0.965±0.018 0.937±0.004 0.920±0.003 0.610±0.001 0.376±0.003

WinCLIP 0.897±0.007 0.865±0.001 0.562±0.024 0.880±0.021 0.973±0.009 0.991±0.000 0.975±0.003 0.974±0.001 0.990±0.000 0.616±0.006 0.887±0.006

8-shot

Ours (InCTRL) 0.926±0.006 0.925±0.011 0.561±0.034 0.904±0.025 0.977±0.006 0.996±0.003 0.985±0.005 0.989±0.001 0.994±0.001 0.622±0.008 0.912±0.005

Table 2. AUPRC results(mean±std) on nine real-world AD datasets under various few-shot AD settings. Best results and the second-best
results are respectively highlighted in red and blue. ‘Baseline’ is a WinCLIP-based zero-shot AD model.

Semantic AnomaliesIndustrial Defects Medical Anomalies One-vs-all Multi-classT P I
ELPV SDD AITEX VisA BrainMRI HeadCT MNIST CIFAR-10 MNIST CIFAR-10

✓ × × 0.733 0.946 0.733 0.787 0.926 0.900 0.678 0.924 0.620 0.900
× ✓ × 0.794 0.946 0.730 0.843 0.859 0.829 0.890 0.850 0.504 0.894
× × ✓ 0.791 0.931 0.796 0.808 0.898 0.906 0.694 0.704 0.612 0.712
✓ ✓ × 0.796 0.947 0.711 0.840 0.938 0.919 0.887 0.924 0.622 0.920
✓ × ✓ 0.783 0.938 0.756 0.792 0.932 0.924 0.601 0.800 0.627 0.905
× ✓ ✓ 0.816 0.945 0.785 0.856 0.952 0.918 0.760 0.765 0.618 0.821
✓ ✓ ✓ 0.839 0.972 0.761 0.856 0.973 0.929 0.892 0.935 0.635 0.924
concatenation 0.809 0.951 0.708 0.832 0.955 0.913 0.819 0.863 0.597 0.823

average 0.793 0.940 0.720 0.809 0.941 0.922 0.776 0.881 0.567 0.834

Table 3. AUROC results for ablation study under two-shot setting. Best results and the second-best results are respectively in red and blue.
The results for VisA, and the one-vs-all settings of MNIST and CIFAR-10 represent an average result across their respective data subsets

public pre-trained backbone ViT-B/16+ in our experiments.
Adam is used as the optimizer and the initial learning rate
is set to 1e-3 by default. The text prompts used in InCTRL
are kept exactly the same as WinCLIP. To enable the model
to recognize both normal and abnormal objects while pre-
venting overfitting, the training epochs is set to 10 with a
batch size of 48 on a single GPU (NVIDIA GeForce RTX
3090). SPADE, PaDiM and WinCLIP1 use the same image
prompts as InCTRL for fair comparison, and the official
implementation of PatchCore, RegAD and CoOp is taken.
Further details are provided in Appendix B.

4.2. Main Results

Tables 1 and 2 compare the results of InCTRL to six SotA
competing methods in AUROC and AUPRC, respectively,
on nine real-world AD datasets. Note that the results for
MVTec AD, VisA, and the one-vs-all settings of MNIST
and CIFAR-10 represent an average result across their re-
spective data subsets (see Appendix C for breakdown re-
sults). Below we analyze these results in detail.
Generalization to Industrial Defects. For the five indus-
trial defect AD datasets, InCTRL significantly outperforms

1No official implementation of WinCLIP is available. Our implemen-
tation is available at https://github.com/mala-lab/WinCLIP.

all competing models on almost all cases across the three
few-shot settings. With more few-shot image prompts, the
performance of all methods generally gets better. Specif-
ically, Patchcore shows better performance than SPADE,
PaDiM and RegAD, but all of which generalize badly on
these datasets. WinCLIP obtains fairly good generalization
and surpasses Patchcore, owing to CLIP’s superior recog-
nition ability. Due to the in-context residual information
is well transferable across the datasets, InCTRL exhibits
superior performance, outperforming the SotA models by
a large margin, particularly on challenging datasets like
ELPV and SDD. As a result, InCTRL model respectively
gains up to 11.3%, 6.5%, 3.7% AUROC and 6.4%, 5.6%,
6% AUPRC enhancements than the best competing method.
Generalization to Medical Image Anomalies. When ap-
plied to medical image AD datasets, InCTRL consistently
outperforms SotA models in all few-shot settings. It is
evident that all competing methods perform poorly ex-
cept WinCLIP. Impressively, using only two normal image
prompts, InCTRL can obtain over 97.3% in AUPRC on
BrainMRI, despite it does not have any training on medi-
cal data. On average, InCTRL surpass the best competing
model by 3.9%, 3.4%, 3.9% in AUROC and 0.6%, 1%, 1%
in AUPRC for K = 2, 4, 8 settings, respectively.
Generalization to Semantic Anomalies under Both One-
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Figure 3. Visualization of query images xt and their holistic in-
context residual maps M+

xt
. Green and Red frames indicate nor-

mal and abnormal images respectively. Deeper colors in the resid-
ual maps represent larger residual values.

vs-all and Multi-class Settings. On detecting semantic
anomalies, InCTRL again consistently surpasses all SotA
models. Remarkably, InCTRL can obtain 90+% in AU-
ROC when the previous SotA methods can obtain 50%-65%
AUROC only, showcasing highly promising GAD perfor-
mance. Notably, WinCLIP achieves good performance on
CIFAR-10. In contrast, CoOp experiences a notable de-
cline, presumably losing crucial semantic knowledge when
adapting to the auxiliary data that diverges significantly
from the semantic AD task. Overall, our InCTRL achieves
the best performance with up to 8.2%, 5.1%, 4.4% AUROC
and 2.3%, 1.9%, 2.5% AUPRC improvement compared to
the best contender on K = 2, 4, 8 settings, respectively.

4.3. Why Does InCTRL Generalize Well?

Ablation Study. We examine the contribution of three
key components of InCTRL on the generalization: text
prompt-guided features (T ), patch-level residuals (P ), and
image-level residuals (I), as well as their combinations.
The results are reported in Table 3. The experiment re-
sults indicate that for industrial defect AD datasets, vi-
sual residual features play a more significant role compared
to text prompt-based features, particularly on datasets like
ELPV [18], SDD [47], and AITEX [46]. On the medical
image AD datasets, both visual residuals and textual knowl-
edge contribute substantially to performance enhancement,
exhibiting a complementary relation. On semantic AD
datasets, the results are dominantly influenced by patch-
level residuals and/or text prompt-based features. Impor-
tantly, our three components are generally mutually com-
plementary, resulting in the superior detection generaliza-
tion across the datasets.
Significance of In-context Residual Learning. To assess
the importance of learning the residuals in InCTRL, we ex-
periment with two alternative operations in both multi-layer
patch-level and image-level residual learning: replacing the
residual operation with 1) a concatenation operation and

2) an average operation, with all the other components of
InCTRL fixed. As shown in Table 3, the in-context residual
learning generalizes much better than the other two alterna-
tive ways, significantly enhancing the model’s performance
in GAD across three distinct domains.

4.4. Failure Cases

To understand the results of InCTRL better, we provide vi-
sualization results illustrating both successful detection and
failures by InCTRL on ELPV [18]. As depicted in Figure 3,
the incorrectly identified anomalies (False Positive exam-
ple) shows substantially texture difference compared to the
two normal image prompts, leading to similarly large resid-
ual values as that for a True Positive example. In contrast,
when the query image resembles the normal image prompts
well, the residual values are clearly very small, as shown by
the True Negative example. These cases may be remedied
when the image prompts include similar normal images as
the falsely identified anomaly. This failure case exempli-
fies the challenge of GAD using only a few image prompts.
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Figure 4. AUROC of InCTRL with
sample prompts from varying num-
bers of normal classes.

This case is related to
the diversity of few-shot
normal sample prompts,
which is particularly im-
portant when the nor-
mal data is complex, e.g.,
having multiple different
normal patterns in our
multi-class protocol.

To rigorously inves-
tigate this problem, we
evaluate the performance

of the two datasets under the multi-class protocol, with
varying numbers of normal classes included in the normal
prompts in the eight-shot setting. As shown in Figure 4,
the performance of InCTRL continually improves when the
prompt sets have samples from more normal classes.

5. Conclusion
In this work we introduce a GAD task to evaluate the gener-
alization capability of AD methods in identifying anomalies
across various scenarios without any training on the target
datasets. This is the first study dedicated to a generalist ap-
proach to anomaly detection, encompassing industrial de-
fects, medical anomalies, and semantic anomalies. Then
we propose an approach, called InCTRL, to addressing this
problem under a few-shot setting. InCTRL achieves a su-
perior GAD generalization by holistic in-context residual
learning. Extensive experiments are performed on nine AD
datasets to establish a GAD evaluation benchmark for the
aforementioned three popular AD tasks, on which InCTRL
significantly and consistently outperforms SotA competing
models across multiple few-shot settings.
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Skočaj. Segmentation-based deep-learning approach for
surface-defect detection. Journal of Intelligent Manufactur-
ing, 31(3):759–776, 2020. 6, 8

[48] David MJ Tax and Robert PW Duin. Support vector data
description. Machine learning, 54:45–66, 2004. 1, 2

[49] Yu Tian, Guansong Pang, Fengbei Liu, Yuanhong Chen,
Seon Ho Shin, Johan W Verjans, Rajvinder Singh, and Gus-
tavo Carneiro. Constrained contrastive distribution learning
for unsupervised anomaly detection and localisation in med-
ical images. In Medical Image Computing and Computer As-
sisted Intervention–MICCAI 2021: 24th International Con-
ference, Strasbourg, France, September 27–October 1, 2021,
Proceedings, Part V 24, pages 128–140. Springer, 2021. 2

[50] Yu Tian, Fengbei Liu, Guansong Pang, Yuanhong Chen,
Yuyuan Liu, Johan W Verjans, Rajvinder Singh, and Gustavo
Carneiro. Self-supervised pseudo multi-class pre-training for
unsupervised anomaly detection and segmentation in medi-
cal images. Medical image analysis, 90:102930, 2023. 2

[51] Tran Dinh Tien, Anh Tuan Nguyen, Nguyen Hoang Tran,
Ta Duc Huy, Soan Duong, Chanh D Tr Nguyen, and

17835



Steven QH Truong. Revisiting reverse distillation for
anomaly detection. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
24511–24520, 2023. 1, 2

[52] Guodong Wang, Shumin Han, Errui Ding, and Di Huang.
Student-teacher feature pyramid matching for anomaly de-
tection. arXiv preprint arXiv:2103.04257, 2021. 1, 2

[53] Peng Wang, An Yang, Rui Men, Junyang Lin, Shuai Bai,
Zhikang Li, Jianxin Ma, Chang Zhou, Jingren Zhou, and
Hongxia Yang. Ofa: Unifying architectures, tasks, and
modalities through a simple sequence-to-sequence learning
framework. In International Conference on Machine Learn-
ing, pages 23318–23340. PMLR, 2022. 3

[54] Xinlong Wang, Wen Wang, Yue Cao, Chunhua Shen, and
Tiejun Huang. Images speak in images: A generalist
painter for in-context visual learning. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 6830–6839, 2023. 3

[55] Xinlong Wang, Xiaosong Zhang, Yue Cao, Wen Wang,
Chunhua Shen, and Tiejun Huang. Seggpt: Segmenting ev-
erything in context. arXiv preprint arXiv:2304.03284, 2023.
3

[56] Ze Wang, Yipin Zhou, Rui Wang, Tsung-Yu Lin, Ashish
Shah, and Ser Nam Lim. Few-shot fast-adaptive anomaly
detection. Advances in Neural Information Processing Sys-
tems, 35:4957–4970, 2022. 2, 3

[57] Jhih-Ciang Wu, Ding-Jie Chen, Chiou-Shann Fuh, and Tyng-
Luh Liu. Learning unsupervised metaformer for anomaly
detection. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 4369–4378, 2021. 2,
3

[58] Peng Wu, Xuerong Zhou, Guansong Pang, Yujia Sun, Jing
Liu, Peng Wang, and Yanning Zhang. Open-vocabulary
video anomaly detection. arXiv preprint arXiv:2311.07042,
2023. 2

[59] Peng Wu, Xuerong Zhou, Guansong Pang, Lingru Zhou,
Qingsen Yan, Peng Wang, and Yanning Zhang. Vadclip:
Adapting vision-language models for weakly supervised
video anomaly detection. arXiv preprint arXiv:2308.11681,
2023. 2

[60] Tiange Xiang, Yixiao Zhang, Yongyi Lu, Alan L Yuille,
Chaoyi Zhang, Weidong Cai, and Zongwei Zhou. Squid:
Deep feature in-painting for unsupervised anomaly detec-
tion. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 23890–23901,
2023. 1, 2

[61] Guoyang Xie, Jingbao Wang, Jiaqi Liu, Feng Zheng, and
Yaochu Jin. Pushing the limits of fewshot anomaly de-
tection in industry vision: Graphcore. arXiv preprint
arXiv:2301.12082, 2023. 2, 3

[62] Heng Xu, Tianqing Zhu, Lefeng Zhang, Wanlei Zhou, and
Philip S Yu. Machine unlearning: A survey. ACM Computing
Surveys, 56(1):1–36, 2023. 1

[63] Xudong Yan, Huaidong Zhang, Xuemiao Xu, Xiaowei Hu,
and Pheng-Ann Heng. Learning semantic context from nor-
mal samples for unsupervised anomaly detection. In Pro-
ceedings of the AAAI Conference on Artificial Intelligence,
pages 3110–3118, 2021. 1, 2

[64] Xincheng Yao, Ruoqi Li, Zefeng Qian, Yan Luo, and
Chongyang Zhang. Focus the discrepancy: Intra-and inter-
correlation learning for image anomaly detection. In Pro-
ceedings of the IEEE/CVF International Conference on
Computer Vision, pages 6803–6813, 2023.

[65] Xincheng Yao, Chongyang Zhang, Ruoqi Li, Jun Sun, and
Zhenyu Liu. One-for-all: Proposal masked cross-class
anomaly detection. In Proceedings of the AAAI Conference
on Artificial Intelligence, pages 4792–4800, 2023. 1, 2

[66] Jihun Yi and Sungroh Yoon. Patch svdd: Patch-level svdd
for anomaly detection and segmentation. In Proceedings of
the Asian Conference on Computer Vision, 2020. 1, 2

[67] Muhammad Zaigham Zaheer, Jin-ha Lee, Marcella Astrid,
and Seung-Ik Lee. Old is gold: Redefining the adversarially
learned one-class classifier training paradigm. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 14183–14193, 2020. 1, 2

[68] Vitjan Zavrtanik, Matej Kristan, and Danijel Skočaj. Draem-
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