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Abstract

Computing image anomaly score from the maximum of the anomaly segmentation
prediction result has been widely adopted for end-to-end anomaly detection approaches.
However, slight discrepancy in predicted pixel-level anomaly scores for normal and
anomalous features often leads to high segmentation accuracy but unmatched poor detec-
tion performance. To overcome this problem, we propose a novel siamese-based U-Net
model based on a contrastive learning framework combined with deviation-based detec-
tion finetuning strategy. The model is trained to drag normal features together while
alienating the anomaly samples. Moreover, we introduce a novel channel-positional at-
tention module (CPAM) in our U-Net decoder for refined feature upsampling. Our model
reaches SOTA performance on the well-known 2D MVTecAD dataset and outperforms
all other methods on the challenging dataset MVTec3D-AD by a large margin.

1 Introduction

Anomaly detection and segmentation (AD&S) for industrial inspection is crucial in smart
manufacturing as it enables precise and non-stop supervision far beyond human’s capability.
The primary target of the AD&S tasks is to determine whether the input sample belongs
to the majority group or outliers of data points at either image- or pixel-level. With the
mainstream for AD&S tasks [11][6][20][13][4][7] to train models under an unsupervised
learning manner given defect-free data only, the normal-data-informed model is expected
to generate different and distinguishable representations corresponding to the normal and
anomalous data samples.

To allow end-to-end training and inference, existing methods tend to perform image-
level detection based on the segmentation results, such as determining image-level anomaly
based on the maximum of the anomaly map[4][13] or applying sliding windows on the seg-
mentation map[17]. Although these unsupervised, segmentation-dominated approaches have
reached excellent performance on the benchmark MVTecAD[8] dataset, they suffer from se-
vere performance drop when applied to more challenging cases, such as MVTec3D-AD[1].
Two main issues regarding the performance drop are summarized as follows.
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First, models trained in an unsupervised manner with normal data only are more likely
to produce high false positive/negative rates as they have no access to true anomalies[9].

Input Ours Groundtruth Input Ours Groundtruth Input Ours Groundtruth Input Ours Groundtruth

Figure 1: Visualization of the anomaly maps predicted by our model on MVTecAD[8](half-
left) and MVTec3D-AD[1](half-right).

Secondly, segmentation-dominated models are prone to produce indistinguishable image-
level anomaly scores for subtle anomalies. While the defects in MVTecAD[8] are mostly
bird-eye detectable, MVTec3D-AD[ 1] contains certain defects which look nearly the same
as normal from a single viewpoint, such as raise type in cookie. Slight discrepancy between
pixel anomaly scores for normal and anomalous features often results in indiscriminative
image-level anomaly scores, leading to poor anomaly detection performance.

To tackle the aforementioned issues, we propose a novel two-stage Siamese-UNet model
trained with contrastive learning and deviation finetuning for the AD&S task. Our primary
goal is to train a powerful U-Net decoder to extract representative and discriminative fea-
tures for AD&S. We construct our basic U-Net block based on the T-S U-Net proposed in
[4]. However, several improvements are introduced into our model and bring significant
performance improvements over [4].

In terms of contrastive learning, instead of following an unsupervised learning setup
as in [4], we adopt few anomalous samples to allow the model to effectively distinguish be-
tween positive and negative pairs from the feature learning. The model learns simultaneously
to produce similar representations for the normal samples and push the anomalous samples
away in a self-supervised fashion. Moreover, our proposed model is finetuned via a deviation
manner by mapping normal and anomalous features numerically to a corresponding bi-polar
scalar. Furthermore, we introduce a novel channel-positional attention fusion module, de-
noted as CPAM, which refines the feature extraction by applying attention mechanisms from
the channel and spatial aspects.

Abundant experiments are conducted on various experimental setups, including full-shot,
few-shot(16-shot) on benchmarks MVTecAD[8] and MVTec3D-AD[ 1] and also extended to
RGB-D detection on MVTec3D-ADJ[1]. Our contributions can be summarized as follows:

* We propose a robust Siamese-UNet model with a two-stage training process, first with
contrastive learning and followed by deviation finetuning, leading to more effective
feature learning.

* We introduce a novel attention fusion module CPAM, which is proven to significantly
refine features through the channel and spatial attentions.

¢ Our model provides SOTA accuracy on the benchmark MVTecAD[8] dataset and out-
performs all the other methods on the challenging MVTec3D-AD[1] dataset by a large
margin.
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2 Related Works

2.1 Anomaly Detection and Segmentation

Unsupervised learning that trains models with defect-free samples is the most adopted t
nigue for existing anomaly detection methods, including normalizing- ow(NF)-based [20][
[13][12], embedding-based[17][11][6], and reconstruction-based approaches [4][7].

Normalizing Flow (NF) is a series of bi-directional transformations that map input sar
ples into speci ¢ probability distribution and thus performs precise likelihood estimatic
to detect out-of-distribution anomalies.[20][13][5][12] Embedding-based models expec
well-trained network to extract meaningful features representing input images or patct
The anomaly score can thus be calculated based on the embedding distance betwee
reference and the input sample. However, the high computational cost often hinders tt
approaches from being used in practice.[17][19]

On the other hand, variational autoencoder (VAE)[23], generative adversarial netwo
(GAN)[7][14], transformer[10], or U-Net[4] are widely adopted reconstruction-based a|
proaches. Trained with normal samples, these methods are prone to fail in anomalous |
restoration. Anomaly scores can therefore be determined based on pixel errors betv
groundtruth and reconstructed images. However, these models' high generalizability so
times enables anomalous subregions reconstruction, resulting in inaccurate prediction.

Deng and Li [4] proposed a Teacher-Student U-Net framework, adopting reverse kno
edge distillation with a Teacher encoder, Wide-ResNet50 pretrained on ImageNet, and a
dent decoder. Unlike conventional reconstruction-based methods, this model[4] is traine
minimize each layer's feature-level difference between encoder and decoder, namely, to
form anomaly detection on the semantic feature space[4], which signi cantly improves t
performance of the reconstruction-based approach.

However, the segmentation-dominated methods that determine image-level anomaly
based on the maximum segmentation result share a common disadvantage: the model
produces a similar anomaly score for anomalies which appears similar to normal. In s
conditions, slight discrepancy in predicted anomaly scores for normal and anomalous
tures often leads to high pixel-level accuracy yet unmatched poor detection result.

2.2 Self-Supervised Representation Learning

Recently, self-supervised learning (SSL) has shown its excellent capability in terms of rej
sentation learning without additional manual-labeled data. Tsai et al.[17] extended the !
tasks of relative patch position prediction proposed in [19] into a more accurate angle
rection of neighboring patches prediction, which is proven to improve model performar
signi cantly. Moreover, the trained-from-scratch approach [15] proposed a novel SSL ta
which rst synthesizes anomalous samples via Poisson Image Editing and then trains
model to pinpoint those anomalous regions. The performance of [15] even surpasses se
other methods that requires feature extractor for model training.

On the other hand, contrastive learning, targeting to drag normal features together w
deviating from anomalous, is another potential yet ignored SSL approach. The Contras
Shifted Instances (CSI) method [16] was proposed based on contrasting the original
age with distribution-shifted augmented samples. The contrastive predictive coding [3
a patch-level method focused on contrasting k patches in the same image with randc
matched N-1 negative samples. However, the SSL tasks mentioned above often learn
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defect-free samples only, which could encounter a performance drop or higher false positi
rate for more challenging tasks.

3 Proposed Method

3.1 Model Architecture

Figure 2: (a) Overview of the basic T-S U-Net block, embedded with channel-positional at
tention module (CPAM). Layerwise cosine similarity maps are aggregated as anomaly ma
(b) CPAM comprises two attention submodules, applying attention from channel and spati
aspects.

3.1.1 Basic Block: Teacher-Student U-Net

Fig. 2 depicts the overview of the T-S U-Net architecture. Inspired by [4], we adopt the
reverse distilled Teacher-Student U-Net (T-S U-Net) architecture as the basic block for ot
model. The T-S U-Net comprises a pretrained teacher encbaeid a student decod&r

For each layer in the U-Net structui@learns to mimic the pretrainét layerwise behavior

via restoring feature representation as similar as possible fb'steitput embedding. Note
that in this structureT is frozen with no weight updates, whereas decdélex optimized

by the cosine similarity between the embedding from pretraineahd the restored feature
vector fromSwith the following loss function:

n
Lcossim= %5(1 cosine similarity(T;; S)) 1)
i=1

In eq.(1),T; and§ represent the i-th layer output from the pretrained Teacher endoded
Student decode®, respectively and is the total number of layers in the U-Net structure.
During the inference phase, the anomaly map for each input sample can be computed by:

n
Manomaly map= é. (1 cosinesimilarity(Ti; S)) (2
i=1

To enable more robust feature restoration, we further embed an attention module, denot
asCPAM before every layer of the decod8r Detailed description will be provided in the
following section.



3.1.2 Channel-Positional Attention Module (CPAM)

To enable model learn from more robust feature representation, we re ne the T-S U-Net
embedding a novel channel-positional attention module within each decoder block, den
asCPAM. Fig.2 depicts th€ PAM structure.

Mc=Q K; Fl=M. V ©)
Mc=Q K; Fi=M, V (4)
FgPAM: \ I:co Fp? )]

The channel and positional attentions are de ned in eq.(3) and eq.(4), respectively. For cf
nel attention, query, key, and value are rst reshaped along the channel dimension, den
asQ, K, andV. Hence, the inner-product fro@ andK formulate the channel attention map
M., whereM. andV are added as channel-attention re ned feature vedt8r©n the other
hand, we follow [22] for our positional attention mechanism, wh@rk, andV are rst
reshaped with a 2D convolution operation. Likewise, the produ€ ahdK generates cor-
responding positional attention mdfy, and is added with original input vector as positional
attention-guided feature vect&. We multiply F, FY, and the input feature vector V to
derive the nal CPAM-ed feature vectors for the following upsampling.

3.2 Model Flow: Two-Stage Training

Our model is trained in two consecutive stages. The rst stage is a contrastive learn
process designed speci cally for the anomaly detection task. The second stage is a devia
based detection netuning process. Fig. 3 depicts an overview for each of these two ste
for training the proposed Siamese U-Net model. The details of these two stages will
discussed in the subsequent subsections.

Figure 3: Overview of our proposed two-stage training ow.

3.2.1 Stage 1: Contrastive Learning

To improve model representation learning and generalizability on unseen anomalies, we
ploy contrastive learning in a self-supervised manner incorporated with the basic T-S U-
block. Given a tuple of input sample consisting of a norfdala random-rotated normal
Naug and an anomalous sample we triplicate the basic T-S U-Net block to construct a
share-weight Siamese T-S U-Net. Note thitugis the randomly rotated normél, and
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anomalous sampl& is sampled from the testing set, which we ensure no overlaps betweel
the training and testing set. In terms of contrastive learning, the model learns not only t
output similar feature representation for normal samples but also to ensure the similarity b
tween normal and anomalous samples is never higher than any of the normal pairs. To t
end, we pair the outputs from the decoder with a positive and a negative pair. For positiv
pairs, we collect layer-wise restored features fridnand Naug whereas features from
andA are paired as negative pairs. The cosine similarity values for the positive and negati\
pairs are compared in the following contrastive loss:

n

1, . . .
Lcontrastive= n a maxcos sim(N;;A)) cos sim(N;;Naug) + margin 0); (6)
i=1

whereN;, Naug, andA; stand for the restored feature vectors fromitiie layer of the de-
coder forN, NaugandA, respectively, andos simrefers tocosine similarity An additional
scalamarginensures the similarity of the positive pald (Naug) is always larger than the
negative N, A) by certainmargin In combination with thd_c.ssim the overall loss for
stage-1 training can be formulated as:

Lstaga = | conlcontrastivet | cod-cossim (7)

3.2.2 Stage 2: Deviation-based Detection Finetuning

In the second stage, we netune the model trained from stage-1 with a deviation strateg
namely, to map normal and anomalous features numerically to the corresponding bi-pol
scalars to enhance the decoder with better representative feature restoration capability. Fi
tuning requires an input set consisting of one normal and one anomalous sample, denotec
(N, A). Note that the anomalous samples used at stage-2 are all sampled from the anomal
employed in stage-1. The layer-wise outputs from the decoder are retrieved for deviatio
further optimized by the following deviation loss:
1
Ldeviation= n

A (1 y)jSj+ymax0;p S)); (8)
=1

wherey stands for the image-level groundtruth label (0: normal, 1: anomal§ugpresents
the i-th layer decoder output, aqdepresents the the bi-polar scalar for anomalous samples
to be mapped to.

Fig. 4 illustrates how the anomaly synthesis module works. Following [15], the syn-
thesis process is to rst crop a small patefy. from the source imag¥sc and then resize
it randomly, denoted aByes and nally blend it on the destination imag&esto generate
anomalous regions. TEXTURE and OBJECT synthesis for MVTecAD[8] differs slightly
since for OBJECT, selected patch must ensure not to include background. Synthesis proc
is repeated several times to synthesize multiple types of anomalies. Note that image blendi
performed on the same image, namely is the same aXgeg is more likely to create too
subtle defects[15]. We make sure that in our anomaly synthesis protgsand Xyes are
never duplicated.






