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Abstract

Anomaly detection (AD) is essential for industrial inspec-
tion, yet existing methods typically rely on “comparing”
test images to normal references from a training set. How-
ever, variations in appearance and positioning often com-
plicate the alignment of these references with the test im-
age, limiting detection accuracy. We observe that most
anomalies manifest as local variations, meaning that even
within anomalous images, valuable normal information re-
mains. We argue that this information is useful and may
be more aligned with the anomalies since both the anoma-
lies and the normal information originate from the same
image. Therefore, rather than relying on external normal-
ity from the training set, we propose INP-Former, a novel
method that extracts Intrinsic Normal Prototypes (INPs) di-
rectly from the test image. Specifically, we introduce the
INP Extractor, which linearly combines normal tokens to
represent INPs. We further propose an INP Coherence Loss
to ensure INPs can faithfully represent normality for the
testing image. These INPs then guide the INP-Guided De-
coder to reconstruct only normal tokens, with reconstruc-
tion errors serving as anomaly scores. Additionally, we pro-
pose a Soft Mining Loss to prioritize hard-to-optimize sam-
ples during training. INP-Former achieves state-of-the-art
performance in single-class, multi-class, and few-shot AD
tasks across MVTec-AD, VisA, and Real-IAD, positioning it
as a versatile and universal solution for AD. Remarkably,
INP-Former also demonstrates some zero-shot AD capabil-
ity. Code is available at: https://github.com/luow23/INP-
Former.

1. Introduction
Unsupervised image anomaly detection (AD) [3, 39] seeks
to identify abnormal patterns in images and localize anoma-
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lous regions by learning solely from normal samples. This
technique has seen widespread application in industrial de-
fect detection [2, 47] and medical disease screening [19].
Recently, various specialized tasks have emerged in re-
sponse to real-world demands, from conventional single-
class AD [28, 34] to more advanced few-shot AD [17, 22]
and multi-class AD [14, 40, 42].

Although the composition of normal samples varies
across these tasks, the fundamental principle remains un-
changed: modeling normality in the training data and as-
sessing whether a test image aligns with this learned nor-
mality. However, this approach can be limited due to mis-
aligned normality between the training data and the test
image. For instance, prototype-based methods [34] extract
representative normal prototypes to capture the normality of
training samples. In few-shot AD, intra-class variance may
lead to poorly aligned prototypes [17], e.g., hazelnuts in dif-
ferent appearances and positions, as shown in Fig. 1(a). In-
creasing the sample size can mitigate this problem but at
the cost of additional prototypes and reduced inference ef-
ficiency. When there are multiple classes, i.e., multi-class
AD, prototypes from one class may resemble anomalies
from another, like the normal background of hazelnut is
similar to the anomalies in cable in Fig. 1(b), leading to
misclassification.

Several works have focused on extracting normality that
is more aligned with the test image. For instance, some
studies [13, 17, 45] propose spatially aligning normality
within a single class through geometrical transformations.
However, spatial alignment is ineffective for certain objects,
such as hazelnuts, which exhibit variations beyond spatial
positions. Other approaches [27, 40, 41] attempt to divide
the normality in the training set into smaller, specific por-
tions and then compare the test image to the corresponding
portion of normality, but may still fail to find perfect align-
ment because of intra-class variances.

Rather than attempting to extract more aligned normal-
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Figure 1. Motivation for Intrinsic Normal Prototypes (INPs). (a) Pre-stored prototypes from few-shot normal samples may fail to
represent all normal patterns. (b) Pre-stored prototypes from one class can be similar to anomalies in another class. (c) The extracted INPs
are concise yet well-aligned to the test image, alleviating the issues in (a) and (b).

ity from the training set, we propose addressing the issue
of misaligned normality by leveraging the normality within
the test image itself as prototypes, which we term Intrinsic
Normal Prototypes (INPs). As illustrated in Fig. 1(c), nor-
mal patches within an anomalous test image can function
as INPs, and anomalies can be easily detected by compar-
ing them with these INPs. These INPs provide more con-
cise and well-aligned prototypes to the anomalies than those
learned from training data, as they typically share the same
geometrical context and similar appearances with the ab-
normal regions within the testing image itself. Accordingly,
we explore the prevalence of INPs in various AD scenarios
and evaluate their potential to improve AD performance.

Although previous work [1] has attempted to utilize
INP for anomaly detection, it employs handcrafted aggre-
gated features as prototypes, thus limiting the method to
zero-shot texture anomaly detection. In contrast, we in-
troduce a learnable INP Extractor to extract normal fea-
tures with adaptable shapes as INPs. We also propose
an INP Coherence Loss to ensure that the extracted INPs
coherently represent the normality within the test image,
avoiding the capture of anomalous regions. However, some
weakly representative normal regions are challenging to
model with a limited set of discrete INPs, resulting in back-
ground noise (Fig. 4(c)). To address this issue, we intro-
duce an INP-Guided Decoder, which integrates INPs into
a reconstruction-based framework. This decoder leverages
combinations of discrete INPs to accurately reconstruct all
normal regions while effectively suppressing the recon-
struction of anomalous regions, with reconstruction errors
serving as anomaly scores. Furthermore, we introduce a
Soft Mining Loss that focuses on normal regions that are
challenging to reconstruct, i.e., hard samples, thereby im-
proving overall reconstruction quality and enhancing AD
performance.

Our approach, termed INP-Former, primarily leverages
vision transformers (ViTs) for both INP extraction and INP-
guided reconstruction. Extensive experiments on MVTec-
AD [2], VisA [47], and Real-IAD [37] demonstrate that
INP-Former achieves superior performance across multi-
class, single-class, and few-shot AD tasks, positioning

INP-Former as a universal AD solution. INP-Former also
optimizes computational complexity by extracting concise
INPs, e.g., images can be represented effectively using only
six INPs, as shown in Sec. 4.3.2. Additionally, as demon-
strated in Sec. 4.4.2, INP-Former exhibits strong generaliza-
tion and can even extract INPs for unseen classes, enabling
zero-shot AD capabilities. In summary, our main contribu-
tions are:
• We demonstrate that a single image can contain Intrinsic

Normal Prototypes (INPs), offering concise and aligned
normality for anomaly detection.

• We propose the INP Extractor and incorporate INPs into a
reconstruction-based anomaly detection framework using
the INP-Guided Decoder.

• We introduce the INP Coherence Loss to extract repre-
sentative INPs and the Soft Mining Loss to enhance re-
construction quality.

2. Related Works
2.1. Universal Anomaly Detection

There are numerous unsupervised AD tasks, ranging from
conventional single-class AD to recent few-shot and multi-
class AD setups. We refer to these collectively as universal
anomaly detection.
Single-Class Anomaly Detection: This setup was origi-
nally introduced by MVTec-AD [2] and involves develop-
ing distinct AD models for each class. Typically, images
are embedded into a feature space using a pre-trained en-
coder, after which various schemes, such as reconstruction-
based [5, 29, 44], knowledge-distillation-based [9, 36],
prototype-based [34, 45], and embedding-based [26, 43]
methods, are employed to learn the normality of the given
class. While these approaches achieve strong performance,
their reliance on class-specific models limits scalability
when dealing with a wide range of classes.
Few-shot Anomaly Detection: In practical scenarios, the
number of available normal samples may also be limited,
motivating the development of few-shot AD methods. In
this case, normal samples may not fully capture the vari-
ability of normality. To address this challenge, approaches
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Figure 2. Overview of our INP-Former framwork for universal anomaly detection. (a) Our model consists of a pre-trained Encoder,
an INP Extractor, a Bottleneck, and an INP-Guided decoder. The INP Extractor dynamically extracts intrinsic normal prototypes from a
single image, which the INP-Guided Decoder leverages to effectively suppress anomalous features. (b) Detailed architecture of the INP
Extractor. (c) Detailed architecture of each layer in the INP-Guided Decoder. (d) Comparison of computational complexity between INP-
Guided Attention and Self Attention. It is important to note that the patch token (Encoding) and patch token (Decoding) refer to the patch
tokens utilized during the encoding and decoding stages, respectively.

such as spatial alignment [17] or contrastive learning [22]
are used to create more compact and representative normal
embeddings. Recently, Vision-Language Models (VLMs)
like CLIP [33] have proven effective for few-shot AD due
to their broad, pre-trained knowledge. These VLMs not
only provide descriptive visual embeddings but also com-
pute the similarity between text prompts and test images,
as seen in works like WinCLIP [21], AnomalyGPT [12],
and InCTRL [46]. Some approaches, such as AdaCLIP [4],
even enable zero-shot AD through VLMs.
Multi-Class Anomaly Detection: Developing separate
models for each class can be resource-intensive, prompting
interest in multi-class AD, also known as unified AD [42],
which aims to build a single model for multiple classes.
UniAD [42] pioneered a unified reconstruction framework
for anomaly detection, followed by HVQ-Trans [27] ad-
dressed the identical shortcut problem using a vector quan-
tization framework. More recent approaches, such as Mam-
baAD [15] and Dinomaly [14], further enhance multi-class
AD performance by leveraging advanced models, i.e., the
State Space Model Mamba [11] and DINO [7], respectively.
However, these methods lack the functionality to derive
aligned normality with the test image. On the contrary, we
extract INPs from the testing image, bringing aligned and
precise normality for anomaly detection.

2.2. Prototype Learning

Prototype learning [35] aims to extract representative pro-
totypes from a given training set, which are then used for

classification by measuring their distances to a test sam-
ple in a metric space. This technique is widely used in
few-shot learning [23]. Several AD methods also em-
ploy prototype learning. For example, PatchCore [34] ex-
tracts multiple normal prototypes to represent the normal-
ity of the training data, directly computing the minimal dis-
tances to the test sample for anomaly detection. Other ap-
proaches [10, 18, 30, 32] incorporate prototypes into the
reconstruction process to avoid the identical shortcut issue.
Specifically, they replace the original inputs with combina-
tions of learned normal prototypes, ensuring that the inputs
to the reconstruction model contain only normal elements.
However, these methods rely on pre-stored normal proto-
types extracted from the training set, which can suffer from
the misaligned normality problem. In contrast, our INPs are
dynamically extracted from the test image, providing more
aligned alternatives for normality representation.

3. Method: INP-Former
3.1. Overview

To fully exploit the advantages of INPs in anomaly de-
tection, we propose INP-Former, as depicted in Fig. 2(a).
The model dynamically extracts INPs from a single im-
age and utilizes them to guide the feature reconstruction
process, with the reconstruction errors serving as anomaly
scores. Specifically, it comprises four key modules: a
fixed pre-trained Encoder Q, an INP Extractor E , a Bot-
tleneck B, and an INP-Guided Decoder D. The input im-
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age I ∈ RH×W×3 is first processed by the pre-trained
Encoder Q to extract multi-scale latent features fQ =
{f1

Q, . . . , f
L
Q|f l

Q ∈ RN×C , N = HW
k2 }, where k repre-

sents the downsampling factor. Next, the INP Extractor E
extracts M INPs P = {p1, . . . , pM |pm ∈ RC} from the
pre-trained features, with an INP coherence loss ensuring
that the extracted INPs consistently represent normal fea-
tures during testing. The Bottleneck B subsequently fuses
the multi-scale latent features, producing the fused output
FB = B(fQ). Following the bottleneck, the extracted INPs
are utilized to guide the Decoder D to yield reconstruction
outputs fD = {f1

D, . . . , f
L
D |f l

D ∈ RN×C} with only normal
patterns, thus the reconstruction error between fQ and fD
can serve as the anomaly score.

3.2. INP Extractor

Existing prototype-based methods [10, 31, 34] store local
normal features from the training data and compare them
with test images. However, the misaligned normality be-
tween these pre-stored prototypes and the test images and
the lack of global information lead to suboptimal detection
performance. To address these limitations, we propose the
INP Extractor to dynamically extract INPs with global in-
formation from the test image itself.

Specifically, as illustrated in Fig. 2(b), instead of extract-
ing representative local features as done in PatchCore [34],
we employ cross attention to aggregate the global seman-
tic information of the pre-trained features FQ ∈ RN×C

with M learnable tokens T = {t1, . . . , tM |tm ∈ RC}.
Here FQ is used as the key-value pairs, while T serve as
the query, allowing T to linearly aggregate FQ into INPs
P = {p1, . . . , pM |pm ∈ RC}.

FQ = sum({f1
Q, . . . , f

L
Q})

Q = TWQ,K = FQW
K , V = FQW

V

T′ = Attention(Q,K, V ) +T

P = FFN(T′) +T′

(1)

where sum(·) denotes the element-wise summation. Q ∈
RM×C and K,V ∈ RN×C represent the query, key and
value, respectively. WQ,W k,W v ∈ RC×C are the learn-
able projection parameters for Q,K, V ; FFN(·) represents
the feed-forward network.

To ensure that INPs coherently represent normal features
while minimizing the capture of anomalous features during
the testing process, we propose an INP coherence loss Lc to
minimize the distances between individual normal features
and the corresponding nearest INP.

di = min
m∈{1,...,M}

S(FQ(i), pm)

Lc =
1

N

N∑
i=1

di

(2)

Table 1. Comparison of computational cost and memory usage.

Number of multiplicaiton and addition

Calculation Vanilla Self Attention INP-Guided Attention

Al = Ql(Kl)
T 943 496 960 7 220 640

f l−1
D

′
= AlVl 943 509 504 6 623 232

Memory usage (MB)

Ql/Kl/Vl/Al 2.30/2.30/2.30/2.34 2.30/0.018/0.018/0.018

where S(·, ·) denotes the cosine distance. di represents the
distance between the query feature FQ(i) and the corre-
sponding nearest INP item. Fig. 4 visually illustrates the
effectiveness of Lc.

3.3. INP-Guided Decoder

While we can use the distance between testing features
and their nearest INPs for anomaly detection, as illus-
trated in Fig. 4(c), certain low-representative normal re-
gions are difficult to model with a limited number of dis-
crete INPs, leading to noisy distance maps between these
INPs and testing features. To address this issue, we pro-
pose the INP-Guided Decoder, aiming to reconstruct these
low-representative normal regions through a combination
of multiple discrete INPs and suppress the reconstruction
of anomalous regions. Additionally, this decoder provides
a token-wise discrepancy that can be directly leveraged for
anomaly detection. As shown in Fig. 2(c), INPs are incorpo-
rated into this decoder to guide the reconstruction process.
Since INPs exclusively represent normal patterns in test im-
ages, we employ the extracted INPs as key-value pairs, en-
suring that the output is a linear combination of normal
INPs, thereby effectively suppressing the reconstruction of
anomalous queries, i.e., the idenfical mapping issue [42].
Furthermore, we find that the first residual connection can
directly introduce anomalous features into the subsequent
reconstruction, so we remove this connection in our INP-
Guided Decoder. Following the previous work [20], we also
employ the ReLU activation function to mitigate the influ-
ence of weak correlations and noise on the attention maps.

Mathematically, let f l−1
D ∈ RN×C denotes the output

latent features from previous decoding layer. The output
f l
D ∈ RN×C of the lth decoding layer is formulated as,

Ql = f l−1
D WQ

l ,Kl = PWK
l , Vl = PWV

l

f l−1
D

′
= AlVl, Al = ReLU(Ql(Kl)

T )

f l
D = FFN(f l−1

D
′
) + f l−1

D
′

(3)

where Ql ∈ RN×C and Kl, Vl ∈ RM×C denote the query,
key and value of the lth decoding layer. WQ

l ,W k
l ,W

v
l ∈

RC×C denote the learnable projection parameters for
Ql,Kl, Vl. Al ∈ RN×M represent the attention map.
Attention Complexity Analysis: As depicted in Fig. 2(d),
the computational complexity of vanilla self-attention is
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O(N2C), while its memory usage is O(N2). In contrast,
our INP-Guided Attention reduces both the computational
complexity and memory usage to O(NMC) and O(NM),
respectively, which can be approximated as O(NC) and
O(N) due to M ≪ N . Tab. 1 offers a detailed compar-
ison of the complexity of vanilla self-attention and INP-
Guided Attention. Appendix Sec. C compares the overall
complexity between INP-Former and other methods. The
light version of INP-Former can even be more efficient than
MambaAD [15] yet demonstrate better performance.

3.4. Soft Mining Loss

Inspired by Focal Loss [25], different regions should be as-
signed varying weights based on their optimization diffi-
culty. Accordingly, we propose Soft Mining Loss to en-
courage the model to focus more on difficult regions.

Intuitively, the ratio of the reconstruction error of an indi-
vidual normal region to the average reconstruction error of
all normal regions can serve as an indicator of optimization
difficulty. Given the encoder f l

Q and decoderf l
D features at

layer l, let M l denote the regional cosine distance. Our soft
mining loss Lsm is defined as follows:

wl(h,w) =

[
M l(h,w)

u(M l)

]γ
Lsm =

1

L

L∑
l=1

1−
vec(f l

Q)
T · vec(f̂ l

D)

||vec(f l
Q)|| ||vec(f̂ l

D)||

f̂ l
D(h,w) = cg(f l

D(h,w))wl(h,w)

(4)

where u(M l) represents the average regional cosine dis-
tance within a batch, γ ≥ 0 denotes the temperature hyper-
parameter, cg(·)wl(h,w) denotes a gradient adjustment based
on dynamic weight wl(h,w), and vec(·) denotes the flatten-
ing operation. The overall training loss of our INP-Former
can be expressed as follows:Ltotal = Lsm + λLc.

4. Experiments
4.1. Experimental Settings

Datasets: We conduct a comprehensive analysis of the
proposed INP-Former on three widely used AD datasets:
MVTec-AD [2], VisA [47], and Real-IAD [37]. MVTec-
AD consists of 15 categories, with 3,629 normal images
for training, and 1,982 anomalous images along with 498
normal images for testing. VisA contains 12 object cate-
gories, with 8,659 normal images for training and 962 nor-
mal images along with 1,200 anomalous images for testing.
Real-IAD includes 30 different objects, with 36,645 nor-
mal images for training and 63,256 normal images along
with 51,329 anomalous images for testing.
Metrics: Following existing works [14, 15], we use the
Area Under the Receiver Operating Characteristic Curve

(AUROC), Average Precision (AP), and F1-score-max
(F1 max) to evaluate anomaly detection and localization.
For anomaly localization specifically, we use Area Under
the Per-Region-Overlap (AUPRO) as an additional metric.
Implementation Details: INP-Former adopts ViT-Base/14
with DINO2-R [7] weights as the default pre-trained en-
coder. The number M of INPs is set to six by default.
The INP Extractor includes a standard Vision Transformer
block. The layer number of the INP-Guided decoder is
eight. All input images are resized to 4482 and then center-
cropped to 3922. The hyperparameters γ and λ are set to
3.0 and 0.2, respectively. We use the StableAdamW [38]
optimizer with a learning rate 1e−3 and a weight decay of
1e−4 for 200 epochs. Notably, the above hyperparameters
do not require any adjustment across the three datasets. Ap-
pendix Sec. A presents more implementation details. Ap-
pendix Sec. D, E, and F analyze the influence of input reso-
lution, ViT architecture, and λ, respectively.

4.2. Main Results

4.2.1 Multi-Class Anomaly Detection

We compare the proposed INP-Former with several state-
of-the-art (SOTA) methods for multi-class anomaly detec-
tion, including reconstruction-based methods RD4AD [9],
UniAD [42], DiAD [16], MambaAD [15], and Dino-
maly [14], and embedding-based methods SimpleNet [26]
and DeSTSeg [43]. A detailed introduction to the compari-
son methods can be found in Appendix Sec. B.

The experimental results on the three AD datasets are
presented in Tab. 2. On the widely used MVTec-AD
dataset, our method achieves SOTA performance, with
image-level metrics of 99.7/99.9/99.2 and pixel-level met-
rics of 98.5/71.0/69.7/94.9. On VisA, our method achieves
competitive results, attaining the best image-level met-
rics of 98.9/99.0/96.6, and achieving the best or second-
best pixel-level performance of 98.8/51.2/54.7/94.4. On
the more complex and challenging Real-IAD dataset, our
method reaches new SOTA performance, with image-
level metrics of 90.5/88.1/81.5 and pixel-level metrics of
99.0/47.5/50.3/95.0. Compared to the second-best results,
our method improves by 1.2↑/1.3↑/1.3↑ at the image level
and by 0.2↑/4.7↑/3.2↑/1.1↑ at the pixel level. The SOTA
performance achieved across the three datasets showcases
the effectiveness and robustness of our method. The
per-class performance metrics are presented in Appendix
Sec. H. Appendix Sec. G presents the performance of INP-
Former in a more challenging scenario, which we call super-
multi-class anomaly detection, thus training INP-Former on
several datasets – MVTec-AD, VisA, and Real-IAD – si-
multaneously. Results show that our method can even detect
anomalies in more classes without significant performance
degradation. Fig. 3 demonstrates the precise anomaly local-
ization capability of our method. More qualitative results
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Table 2. Multi-class anomaly detection performance on different AD datasets. The best in bold, the second-highest is underlined.

Dataset → MVTec-AD [2] VisA [47] Real-IAD [37]

Metric → Image-level(I-AUROC/I-AP/I-F1 max) Pixel-level(P-AUROC/P-AP/P-F1 max/AUPRO)

Method ↓ Image-level Pixel-level Image-level Pixel-level Image-level Pixel-level

RD4AD [9] 94.6/96.5/95.2 96.1/48.6/53.8/91.1 92.4/92.4/89.6 98.1/38.0/42.6/91.8 82.4/79.0/73.9 97.3/25.0/32.7/89.6
UniAD [42] 96.5/98.8/96.2 96.8/43.4/49.5/90.7 88.8/90.8/85.8 98.3/33.7/39.0/85.5 83.0/80.9/74.3 97.3/21.1/29.2/86.7

SimpleNet [26] 95.3/98.4/95.8 96.9/45.9/49.7/86.5 87.2/87.0/81.8 96.8/34.7/37.8/81.4 57.2/53.4/61.5 75.7/2.8/6.5/39.0
DeSTSeg [43] 89.2/95.5/91.6 93.1/54.3/50.9/64.8 88.9/89.0/85.2 96.1/39.6/43.4/67.4 82.3/79.2/73.2 94.6/37.9/41.7/40.6

DiAD [16] 97.2/99.0/96.5 96.8/52.6/55.5/90.7 86.8/88.3/85.1 96.0/26.1/33.0/75.2 75.6/66.4/69.9 88.0/2.9/7.1/58.1
MambaAD [15] 98.6/99.6/97.8 97.7/56.3/59.2/93.1 94.3/94.5/89.4 98.5/39.4/44.0/91.0 86.3/84.6/77.0 98.5/33.0/38.7/90.5
Dinomaly [14] 99.6/99.8/99.0 98.4/69.3/69.2/94.8 98.7/98.9/96.2 98.7/53.2/55.7/94.5 89.3/86.8/80.2 98.8/42.8/47.1/93.9

INP-Former 99.7/99.9/99.2 98.5/71.0/69.7/94.9 98.9/99.0/96.6 98.9/51.2/54.7/94.4 90.5/88.1/81.5 99.0/47.5/50.3/95.0

Table 3. Few-shot (4-shot) anomaly detection performance on different AD datasets. The best in bold, the second-highest is underlined.
† indicates the results we reproduced using publicly available code.

Dataset → MVTec-AD [2] VisA [47] Real-IAD [37]

Method ↓ Image-level Pixel-level Image-level Pixel-level Image-level Pixel-level

SPADE [6] 84.8/92.5/91.5 92.7/-/46.2/87.0 81.7/83.4/82.1 96.6/-/43.6/87.3 50.8†/45.8†/61.2† 59.5†/0.2†/0.5†/19.2†

PaDiM [8] 80.4/90.5/90.2 92.6/-/46.1/81.3 72.8/75.6/78.0 93.2/-/24.6/72.6 60.3†/53.5†/64.0† 90.9†/2.1†/5.1†/67.6†

PatchCore [34] 88.8/94.5/92.6 94.3/-/55.0/84.3 85.3/87.5/84.3 96.8/-/43.9/84.9 66.0†/62.2†/65.2† 92.9†/9.8†/16.1†/68.6†

WinCLIP [21] 95.2/97.3/94.7 96.2/-/59.5/89.0 87.3/88.8/84.2 97.2/-/47.0/87.6 73.0†/61.8†/61.0† 93.8†/13.3†/21.0†/76.4†

PromptAD [24] 96.6/-/- 96.5/-/-/90.5 89.1/-/- 97.4/-/-/86.2 59.7†/43.5†/52.9† 86.9†/8.7†/16.1†/61.9†

INP-Former 97.6/98.6/97.0 97.0/65.9/65.6/92.9 96.4/96.0/93.0 97.7/49.3/54.3/93.1 76.7/72.3/71.7 97.3/32.2/36.7/89.0

Figure 3. Qualitative results of anomaly localization on the MVTec-AD [2], VisA [47], and Real-IAD [37] datasets for multi-class
anomaly detection. The first row presents the input images with their ground truth, while the second row displays the corresponding
anomaly maps.

are presented in Appendix Sec. L.

4.2.2 Few-Shot Anomaly Detection

We compare our method with several SOTA approaches
for few-shot anomaly detection, including prototype-based
methods SPADE [6], PaDiM [8], and PatchCore [34] and
recent advances that utilize VLMs, i.e., WinCLIP [21] and
PromptAD [24].

As shown in Tab. 3, our method significantly outper-
forms previous SOTAs on three different AD datasets.
Compared to the second-best results, our method achieves
improvements of 1.0↑/1.3↑/2.3↑ in image-level scores and
0.5↑/-/6.1↑/2.4↑ in pixel-level scores on the MVTec-AD
dataset. It similarly outperforms the second-best results on

the VisA dataset, with enhancements of 7.3↑/7.2↑/8.7↑ for
image-level and 0.3↑/-/7.3↑/5.5↑ for pixel-level scores. Ad-
ditionally, on the Real-IAD dataset, our method surpasses
the second-best results by 3.7↑/10.1↑/6.5↑ in image-level
and 3.5↑/18.9↑/15.7↑/12.6↑ in pixel-level scores. The su-
perior performance of our method in few-shot anomaly de-
tection stems from its ability to extract INPs from a single
image, eliminating the need for extensive normal data to
pre-store prototypes. More comparison results on 1-shot
and 2-shot are presented in Appendix Sec. I.

4.2.3 Single-Class Anomaly Detection

We further compared our proposed INP-Former with cur-
rent SOTA methods for single-class anomaly detection, as
shown in Tab. 4. The results indicate that INP-Former
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Table 4. Single class anomaly detection performance on different AD datasets. The best in bold, the second-highest is underlined.

Dataset → MVTec-AD [2] VisA [47] Real-IAD [37]

Method ↓ I-AUROC P-AP AUPRO I-AUROC P-AP AUPRO I-AUROC P-AP AUPRO

PatchCore [34] 99.1 56.1 93.5 95.1 40.1 91.2 89.4 - 91.5
RD4AD [9] 98.5 58.0 93.9 96.0 27.7 70.9 87.1 - 93.8

SimpleNet [26] 99.6 54.8 90.0 96.8 36.3 88.7 88.5 - 84.6
Dinomaly [14] 99.7 68.9 95.0 98.9 50.7 95.1 92.0 45.2 95.1

INP-Former 99.7 70.2 95.4 98.5 49.2 93.8 92.1 48.1 95.6

Table 5. Overall ablation on MVTec-AD [2] and VisA [47] datasets. “INP” refers to the use of INP Extractor and INP-Guided Decoder.

Dataset → MVTec-AD [2] VisA [47]

“INP” Lc Lsm Image-level Pixel-level Image-level Pixel-level

✘ ✘ ✘ 98.59/99.18/97.63 97.19/61.73/62.94/92.73 96.58/97.18/92.89 97.50/47.24/51.90/82.85
✔ ✘ ✘ 99.53/99.80/98.81 98.32/69.82/69.38/94.69 98.11/98.23/95.22 98.41/50.34/54.23/93.63
✔ ✔ ✘ 99.61/99.83/99.02 98.39/70.01/69.53/95.10 98.16/98.30/95.47 98.46/51.09/54.46/93.71M

od
ul

e

✔ ✔ ✔ 99.67/99.88/99.20 98.48/71.02/69.65/94.87 98.90/99.02/96.57 98.90/51.22/54.74/94.36

Figure 4. Visualization of the impact of INP coherence loss
Lc. (a) Input anomalous image and ground truth. (b) Distance
map without Lc. (c) Distance map with Lc. The distance map
is obtained by calculating the distance between the input features
and their nearest INP terms, as described in Eq. 2.

achieves new SOTA performance on the MVTec-AD and
Real-IAD datasets and demonstrates competitive perfor-
mance on the VisA dataset. Per-category performance of
INP-Former is presented in Appendix Sec. J.

4.3. Ablation Study

4.3.1 Overall Ablation
As shown in Tab. 5, we conduct comprehensive experiments
on MVTec-AD [2] and VisA [47] to validate the effective-
ness of the proposed components, i.e., INP Extractor and
INP-Guided Decoder (“INP”), INP Coherence Loss (Lc),
and Soft Mining Loss (Lsm). In the first row, we train a
baseline model without incorporating any proposed mod-
ule, similar to the RD4AD [9] framework. The results in the
second row demonstrate that “INP” significantly enhances
overall performance. This improvement arises from the fact
that “INP” introduces an information bottleneck, which ef-
fectively helps the model preserve normal features while
filtering out anomalous ones. The results in the third row

Figure 5. Visualization of the impact of soft mining loss Lsm.
We plot the Kernel Density Estimation (KDE) for the chewing-
gum and cashew categories in the VisA [47] dataset to estimate
the probability density of the anomaly scores.

indicate that Lc enhances the model’s performance. This
improvement stems from Lc ensuring that the extracted INP
coherently represents normal patterns, thereby avoiding the
capture of anomalous ones and establishing a solid foun-
dation for the subsequent suppression of anomalous feature
reconstruction. Fig. 4 provides a more intuitive demonstra-
tion of the effectiveness of Lc. The last row indicates that
Lsm boosts overall performance, as Lsm directs the model’s
attention toward more challenging regions, thereby unlock-
ing its optimal performance. Fig. 5 visually illustrates the
impact of Lsm, from which we can see that Lsm contributes
to a smaller overlap between anomaly score distributions of
normal and abnormal pixels.

4.3.2 Influence of the Number of INPs

As shown in Fig. 6, we conduct an ablation analysis on
the number M of INPs. The experimental results indicate
that when M exceeds four, the model’s performance stabi-
lizes. However, if M becomes excessively large, the ex-
tracted INPs may also comprise information from abnormal
tokens, leading to a slight decline in overall performance.
In our study, we set M to six.
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Figure 6. Influence of the number of INPs M on model perfor-
mance across the MVTec-AD [2] and VisA [47] datasets. Pixel-
level AP and F1 max use the right vertical axis, while the other
metrics share the left vertical axis.

Figure 7. Visualizations of INPs. (a) Input anomalous image and
ground truth. (b)-(g) Attention maps of six different INPs.

4.4. Exploration on INPs

4.4.1 Visualizations of INPs

As shown in Fig. 7, INPs effectively capture different se-
mantic information. Specifically, the learned INPs focus
on various regions of the image, including object areas
(Fig. 7(b), (e) and (f)), object edges (Fig. 7(c) and (d)), and
background areas (Fig. 7(g)). This diversity is attributed to
our design of guiding the reconstruction process with INPs.
Additionally, INP coherence loss ensures consistency in
representing normal features, allowing INPs to concentrate
solely on normal regions while ignoring anomalies. This
mechanism ensures the decoder reconstructs features con-
taining only normal patterns, thereby improving anomaly
detection performance.

4.4.2 Generalization capabilities of INP Extractor

As shown in Fig. 8, the INP Extractor trained on the Real-
IAD [37] dataset is capable of detecting INPs on the unseen
MVTec-AD [2] dataset, and the distance maps to these INPs
can serve for zero-shot anomaly detection. This effectively
demonstrates the INP Extractor’s ability to dynamically ex-
tract INPs from a single image, with the INP coherence
loss Lc ensuring that the extracted INPs coherently cap-

Figure 8. Zero-shot anomaly detection results. Here INP-
Former is trained on Real-IAD [37] and tested on MVTec-AD [2].
Distance maps are visualized.

ture normal patterns. As shown in Appendix Sec. K, with-
out any specific training for zero-shot anomaly detection,
our method can even outperform a specified method Win-
CLIP [21], achieving 88.0 and 88.7 pixel-level AUROCs on
MVTec-AD and VisA, respectively.

5. Conclusion

We propose INP-Former, a novel method for anomaly de-
tection that explores the role of INPs. By learning to lin-
early combine normal tokens into INPs and using these
INPs to guide the reconstruction of normal tokens, INP-
Former significantly enhances anomaly detection perfor-
mance. The introduction of the INP Coherence Loss and
Soft Mining Loss further refines INP quality and optimizes
the training process. Extensive experiments on MVTec-AD,
VisA, and Real-IAD datasets demonstrate that INP-Former
achieves SOTA or comparable performance across single-
class, multi-class, and few-shot anomaly detection tasks.
These results validate the existence and effectiveness of
INPs, which can even be extracted from images in unseen
categories, enabling zero-shot anomaly detection.
Limitations & Future Works. Our method encounters
certain limitations when detecting logical anomalies that
closely resemble the background distribution, such as the
misplaced anomalies in the Transistor class of the MVTec-
AD dataset. This issue primarily arises because the mis-
placed anomaly in Transistor is highly similar to the back-
ground, causing INP Extractor to incorrectly extract this
anomaly as INPs. A more detailed discussion can be found
in Appendix Sec. M. In future work, we plan to combine
the proposed INPs with pre-stored prototypes to address
this limitation. While the pre-stored prototypes encapsu-
late comprehensive semantic information, the INPs exhibit
strong alignment. This integration is expected to signifi-
cantly improve the model’s ability to detect logical anoma-
lies that are similar to the background.
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