Knowledge Distillation based methods

for Industrial Image Anomaly Detection

2026 3 20

Data Mining & Quality Analytics Lab.

by



< XA (JaeYoung Koh)
o eCistn MAADS St MARIFE(2025.03 ~ Present)

- Data Mining & Quality Analytics Lab (4-‘d'H Ll==g)

%+ Research Interest
« Time Series Anomaly Detection (TSAD)
* Industrial Image Anomaly Detection (IAD)

% Contact
« goh0316@korea.ackr




- Contents

Knowledge Distillation based methods

for Industrial Image Anomaly Detection

% Background

% Paper review

Uninformed Students: Student-Teacher Anomaly Detection with Discriminative Latent Embeddings (2020, CVPR)
MKD: Multiresolution Knowledge Distillation for Anomaly Detection (2021, CVPR)

RD4AD: Anomaly Detection via Reverse Distillation from One-Class Embedding (2022, CVPR)

AST: Asymmetric Student-Teacher Networks for Industrial Anomaly Detection (2023, CVPR)




- Background

% Industrial Image Anomaly Detection
o AR O|0JX|= CHA| H4, B4 HIO|H 2| & — Unsupervised leaming %{ gt
. SC|O|EM BE FA O|0|X|2 T4, BIHEO|EfAIL AL+ H| A O|D|X|
« Unsupervised leaming — Feature embedding based, Reconstruction based methods= &

Teacher-student

One-class classification

Feature embedding-based Distribution-map

methods

|

|

|

Memory bank |
CLIP |
Autoencoder |
|

!

|

!

|

Distance

4/ ——] Model '\“‘%E

Generative adversarial network

LULLLLLL L

Transformer
[Reconstruction—based methodsl— b |
Diffusion "‘,‘
GPT v e
SAM
[ Unsupervised Anomaly Detection ] [ Feature embedding based methods ]

7/

Reconstruction 1
o Model ¥

. b,

[ Reconstruction based methods ]




- Background

< Knowledge DistillationO| 2t?
Distilling the Knowledge in a Neural Network (Geoffrey Hinton, 2015)
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» Knowledge Distillation based Image Anomaly Detection
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% Knowledge Distillation based Image Anomaly Detection
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Abstract .

&
We introduce a powerful student—teacher framework for
the ¢ ing problem of unsuy ized anomaly detection

and pixel-precise anomaly segmeniation in high-resolution
images. Student networks are trained io regress the our-
put of a descriptive teacher network that was pretrained on
a larpe dataset of patches from natural images. This cir-
cumvents the need for prior data annotation.  Anomalies
are detected when the outputs of the siudent networks dif-
Sfer from that of the teacher network. This happens when
they fail o ize outside the ifiold aof Ly-fr
training data. The intrinsic uncertainty in the student net-
works iy used as an additional scoring function that indi-
cates anomalies. We compare our method to a large number
of exisiing deep learning based methods jor unsupervised
anomaly detection. Our experiments demonstrate improve-
menis over state-of-the-art methods on a number of real-
world datasets, including the recently introduced MVTec
Anomaly Detection dataser that was specifically designed
o benchmark anomaly segmentation algorithms.

1. Introduction . -
s

Unsupervised pixcl-precise segmentation of regions that
appear anomalous or novel (o a machine learning model is
an important and challenging task in many domains of com-

\e - .

Figure 1: Qualilalive results of our anomaly detection method on
the MVTee Anomaly Detection dalasel. Top row: Inpul images
containing defects. Center row: CGround truth regions of defects
inred. Bottom row: Anomaly scores for cach image pixel pro-
dicted by our algorithm.

entirely different class and a simple binary image-level de-
cision whether an image is anomalous or not must be made.
Litthe work has been directed towards the development of
methods that can segment anomalous regions that only dif-
fer in a very subtle way from the training data. Bergmann
et al. [7] provide benchmarks for several state-of-the-art al-
gorithms and identify a large room for improvement.
Existing work i focuses on ge ive al-
i such as G ive Adversarial N {GANs)
[31. 32] or Variational Autoencoders (VAEs) [3, 36]. These

puter vision. In automated industri

it is ofien desirable to train models solely on a single class
of anomaly-free images to segment defective regions during
inference. In an active learning setting, regions that are de-
tected as previously unknown by the current model can be
included in the training set to improve the model’s perfor-
manee.

Recently, efforts have been made to improve anomaly
detection for one-class or multi-class classification [2, 3,
10, 11, 21, 28, 29]. However, these algorithms assume that
anomalies manifest themselves in the form of images of an

detect ies using per-pixel ion ermors of by
evaluating the density obtained from the model’s probabil-
ity distibution. This has been shown to be problematic
due o i ions or poorly calibrated like-
lihoods [8, 22].

The performance of many supervised computer vision
algorithms [16, 34] is improved by transfer learning, i.e. by
using discriminati ings from ined :
For unsupervised anomaly detection, such approaches have
not been thoroughly explored so far. Recent work suggests
that these feature spaces generalize well for anomaly detec-
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V. Pretraining of the teacher network
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Multiresolution Knowledge Distillation for Anomaly Detection o
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Abstract .
i

Unsupervised represeniation learning has proved to be
a critical component of anomaly detection/localization in
images. The challenges to learn such a representation are
twa-fold. Firstly, the sample size is not often large enough
to learn a rich generalizable representation through con-
ventional techniques. Secondly, while only normal samples
are available ai training, the learned features should be dis-
criminative of normal and anomalous samples. Here, we
propose io use the “distillation” of features at various lay-
ers of an expert network, which is pre-trained on ImageNet,
inte a simpler cloner network to tackle both issues. We de-
tect and localize anomalies using the discrepancy between
the expert and cloner networks” intermediate activation val-
ues given an inpui sample. We show that considering mul-
tiple intermediate hints in distillation leads to better ex-
ploitation of the expert’s knowledge and a more distinctive
discrepancy between the two networks, compared to wriliz-
ing only the last layer activation values. Netably, previous
methods either fail in precise anomaly localization or need
expensive region-based training. In contrast, with no need
for any special or intensive training procedure, we incorpo-
rate interpretability algorithms in our novel framework to
localize anomalows regions. Despite the striking difference
between some test datasets and ImageNet, we achieve com-
petitive or significantly superior results compared to SOTA
an MNIST, F-MNIST, CIFAR-10, MVTecAD, Retinal-OCT,
and iwe other medical datasets on both anomaly detection
and localization.

1. Introduction w3

Anomaly dwx,uon {AD} aims for recognizing mst-umr:

sapduies Apewmomy

g
g
E
¥
£
3

Figure 1: Our precise are
features in MV TecAD (top two rows) and normal features
in MNIST and CIFAR-10 {two bottom rows).

tasks also require pixel-preci: ization of
regions, called defects. This is pivotal for comprohend-
ing the dynamics of i triggering the

apt antidotes, and providing pertinent data for downstream
models in industrial settings.

Traditionally, the AD problem has been approached in a
one-class setting, where anomalies represent a broadly dif-
ferent class from normal samples. Recently, considering
subtle anomalics has attracted attention. This new sctting
FLu'Ilm' nmulxlc\ precise anomaly localization. However,

inputs that look abnormal or novel to the model
to previously seen normal samples dunng training. AL Ims
bccn a vital dcmnmimg msk in computer vision with various

il like in ge-based product quality
contrel [27, 7], or health monitoring processes [10]. These

* Denotes equal contribution.

llentl, lnbcn.hwumg;mvanumdnum
is mg-ly a'ppr:clatcd but is not fully achieved.

Due to the unsupervised nature of the AD problem and
the restricted data access, only having anomaly-free data in
training, the majority of AD methods [0, 31, 40, 15, 34]
model the normal data abstraction by extracting semanti-
cally meaningful latent features. These methods perform

-20 -
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Hangiu Deng

Xingyu Li
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Abstract A
e

Knowledge distillation (KD achieves promising results
ot the challenging profblemn of unsupervised anomaly detec-
tion (AD). The representation discrepancy of anomalies in
the teacher-student (T-5) model provides exsential evidence
Jfor AD. However using similar or identical architectures
to build the teacher and student models in previous sfud-
iex hinders the diversity of anomalous representations. To
tackle this problen, we propose a rovel T-5 model congis-
ing of a teacher encoder and a studert decoder and intro-
duce a simple yei effective "reverse distillation™ paradigm
accordingly. Instead of receiving raw images directly, the
student network takes teacher model’s one-class embed-
ding as inpur and targets to restore the teacher's multi-
scale rep i ety Iy, knowledg i in
this study staris from abstract, high-level presentations o
low-level features. In addition, we introduce a trainable
one-class bottleneck embedding (OCBE) module in our T-5
model. The ofwained compact embedding effectively pre-
serves essentiol information on normal patterms, but aban-

dons anoraly | bations. Extensive experis (T
AD and lass novelty detection bench ks showes that
our method sury SOTA pe i

our propesed approach’s effectiveness and generalizability.

1. Introduction , .

*

Anomaly d.l:ﬂx:ﬁnl:(r\]:l] refers to identifying and local-
izing anomalics with limited, even no, prior knowledge of
ity. The wide applications of AD, such as indus-

trial defect detection [ ], medical out-of-distribution detec-
tion [*/], and video surveillance [21], makes it a critical
task as well as a spotlight In the context of unsupervised
AD, no prioe information on anomalics is available. In-
=tcad, a sct of normal samples is provided for reference.
To tacklc this problem, previous cfforts attempt to construct
various self-supervision tasks on those anomaly-free sam-
ples. These tasks include, but not limited to, sample recon-
struction [2,5, 11,106,206, 34,35, 15], pseudo-outlier augmen-

Figure 1. Anomaly deteetion examples an MVTec |4]. Mabires
alution Knowledge Distallation (MEL) | 24] adopts the comven
tiomal KD archilecture i Fig. Fig. 2a). Our reverse distillation
aethind is capable of precsely localising 3 variate of anonalies.

tation [27,42,40], knowledge distillation [, 57, 20], ete.

In thiz smdy, we tackle the problem of unsupervised
anomaly detection from the knowledge distillation-hased
point of view. In knowledge distillation (KD} [0, 15],
knowledge is transferred within a teacher-student (T-5) pair.
In the context of unsupervised ADD, since the student cxpe-
riences only normal samples during training, it is likely to
mencrate discrepant representations from the teacher when
a query is anomalous. This hypothesiz forms the hasis of
KD+-based methods for anomaly detection.  Howewver, this
hypothesis is not always truc in practice duc w (1) the
identical or s ar architectures of the teacher and student
networks (i.c., non-distinguishing filters [27]) and (2) the
same data flow in the T-5 model doring knowledge trans-
fer/distillation. Though the use of a smaller student network
partially addresses this issue [33, 39], the weaker represen-
tation capability of shallow architcctures hinders the model
from preciscly detecting and localizing anomalics.

Tix holistically address the issue mentioned above, we
propose a new paradigm of knowledge distillation, namely
Reverse Distillation, for anomaly detection. We use sim-
ple diagrams in Fig. 2 to highlight the systcmatic differ-
ence between conventional knowledge distillation and the
proposed reverse distillation. Firse, unlike the conventional
knowledge distillation framework where both teacher and
student adopt the encoder structure, the T-5 model in our
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V. A Z Y3
+  Teacher HERIAQIZAH HE) : A S =l WideResNet50 222 B2 O 2 AR (Frozen)
+  Student Y EIA(C|AEH HE) : Teachert CHE X O|X|2H A =l (symmetrical but reversed) OF7 |BIA] 7122

+  OCBE(One-Class Bottleneck Embedding) : Multi-scale Feature 828 8¢5H= MFF 2811t 352 &9l Y& HS(nformation Bottleneck)2 PtE+= OCE 2822 74

Teacher Network
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S E
g |
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} ” - » e [V
Ll M 12 [ M2 13 e M3 -~
3 S ) § Low-IeveI@ @ &High-level
| m |
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»
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Student Network
(Simpler architecture)
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+  Teacher HERIAQIZAH HE) : A S =l WideResNet50 222 B2 O 2 AR (Frozen)
+  Student Y EIA(C|AEH HE) : Teachert CHE X O|X|2H A =l (symmetrical but reversed) OF7 |BIA] 7122

+  OCBE(One-Class Bottleneck Embedding) : Multi-scale Feature H 2 E §85t= MFF 281 S52 Sl Y& ¥=(nformation Bottleneck)2 It = OCE 2822 14

-

. OCBE Module |

Teacher Network
(ImageNet2 = AL SHEEl Hi=)
Teacher Encoder | fe fé fé 012{ Layer2| Feature Map
@ 3x3 Conv (Stride 2)
k
| = = Concatenation
m |}
7k ;1, el 2 ke e g ........................ > 1x1 Conv (Stride 1)
f f S Batch Norm & ReLU
bac kp: op I ‘ .( ResNet
""" - H’ H .« —" &3 : .
‘—"—'1 ' % 4th residule block
forward W { o \ y Q
2 ' ==
Student Decoder £/ Embedding Layer
Student Network
(Simpler architecture)
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iy =gnips

+  Teacher HIEYA(QIZAH A : 23 0|0|X| 2 E{ Multi-scale Feature map Z=Z (Frozen)

+  Student | ERIT(CIRC HE): Teacher2| 23 FE7t Y5E YH| IS = 210} Teacher| Feature maps FUetoz =4
+  OCBE(One-Class Bottleneck Embedding) : H& H=32 S5l H|"H & W EhPerturbation)2 ZE ot d4f THEH T StudentE ME

Teacher Network ‘ Tralnlng b
(ImageNet2 = AL SHEEl Hi=)

Teacher Encoder
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|

\\ Multiscale Similarity Anomaly Map
, \\\\ @ ‘2 2D Anomaly Map 44
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——— | g | Ifg (hw) [ If p(hw) |
backprop i \~.\ /
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oAl olé)l-il Ellzl'i{(SAL) O| MNA = XlEH

+  Anomaly Detection (Image-level): 4%l %|Z A SR

A H |
+  Anomaly Localization (Pixel-level): Multi-scale Feature map Zt2| ZAIRI FALE H|W & QMEE 9l 712

-

Teacher Network
(ImageNet2 = AL SHEEl Hi=)

Teacher Encoder
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..... > ; ; ; \y \\\
forward | y 1 ) ) ) A -

> N 7 . N Y )/ \l/’ /_‘///1
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S =51 A ZfThreshold)f H| it 5! ZHH
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—

Anomaly Map

Multiscale Similarity

.
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Asymmetric Student-Teacher Networks for Industrial Anomaly Detection . .
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Abstract .

fustrial defect detection is com P Iy aed) d with
anomaly detection (A} methods where no or only incom-
plete data of potentially occurring defects is available. This
work di: previously e of student-
teacher approaches for AL} and proposes a solution, where
rwer newral networks are trained to produce the same output
for the defect-free training examples. The core assumption
af student-teacher networks is that the distance between the
outputs of bath networks ix larger for anomalies since they
are absent in training. However previous methods suffer
from the similarity of student and teacher architecture, such
that the distance is undesirably small for anomalies. For
thizs reason, we propose asymmetric student-teacher net-
warks (A5 We train a mormalizing flow for density es-
rimation as a teacher and a conventional feed-forward net-
work as a student v trigger large distances for anomalies:
The bijectivity of the mormalizing flow enforces a divergence
af teacher outputs for anomalies compared to normal data.
Cutside the training distribution the student cannot imitate
this diverg, due to its fund, Ily different archii

RGEB an =T PRED.

fure. Our AST network for wromgly
likelihoods by a normalizing flow, which was alternatively
wsed for anomaly detection in previous work., We show that
our method produces state-of-the-art results on the two cur-
rently most relevant defect detection datasets MVTec AD
and MVTec 3D-AD) regarding image-level anomaly detec-
tion on RGH and 31 data.

1. Introduction , .
U+

Ty ensure product guality and safety standards in indus-
trial manufscturing processes, products are traditionally in-
spected by humans, which is expensive and unrelisble in
practice. For this reason, image-based methods for auto-
matic inspection have been developed recently using ad-
vances in deep learning [, 15, 20, 5%, 0], Since there are
no or only very few negative 3 prosd-

Figure 1. Qualitative results on MV Tee 30-AD [£]. The two left
columas show the input, the third te ground truth and the founth
our anomaly detection. Images arc masked by foreground extrac-
tion. Ouwr method i able o suecessfully combine RGB and 3D
data to deteet defects even if only present in one data domain.

Instead, it is assumed that only data of a nermal class of
defect-free examples is available in training which is termed
as semi-supervised anomaly detection. This work and oth-
ems [0, 20, 46, 28, 3] specialize for industrial anomaly de-
tection. This domain differs in contrast tw others that normal
examples are similar to each other and o defective prod-
ucts. In this work, we not only show the effectiveness of
our method for common RGE images bat also on 313 data
and their combination as shown in Figure 1.

Several approaches try to solve the problem by so-called
student-teacher networks [5, 7, 19, 51, 53], First, the

ucts, P y at the inning of prod
and new emmors occur repeatedly duning the process, tradi-
tional supervised algorithms cannot be applied to this task.

teacher is trained on a pretext task o learn a semantic em-
bedding. In a second step, the student is trained to match the
output of the teacher. The motivation is that the student can
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© @ SYSHHU FAIRHT-S HIEHT 72 HITYY H|O[E{0]| LM = = 20| HIZSH| £ E FE3HH 2= 2X| (Undesired generalization)

V. Contribution

@ O|EHQIT-S HERIA = Teacher= Normalizing flow, Student= Conventional Convolutional Neural Networks

Teacher Feature Extractor Teacher
s " s B
- EfficientNet -
> —> . > —>
Likelihood B gl Likelihood
\_ J \_ Y,
s D s D
= o|o|x| = o|o|x|
> —> Output Normalizing flow-= > —> Output
. J Semantic ‘& HHH SHA| ~ o
Student Student

P Kirichenko, Why Normalizing Flows Fail to Detect Out-of-Distribution Data (NeurlPS, 2020)
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V. Contribution
« @ O|EXQI T-S YERA = Teacher= Normalizing flow, Student= Conventional Convolutional Neural Networks

+ @ Nomalizing flow?2| M TtAl(Bijective) S43: OOD Cl|O|E 23 A| Teacher2| £220| IH| LASI=E ZHK|

X Y X Y X Y

D 1 D 1 ‘D

' B 2 B 2 VB

l C 3 'C 3 e

A 4 4 ‘A

TEA} B AL gk HETMA B
(injective function) (surjective function) (bijective function)

x| < Y| x| > Y] | X| =¥ MEEEE
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« @ SYSHALE fASHT-S HIESLIT 7&: H'Z 4 G|O|E{0f| CisiM = & Z2O| H|5HH| EH 2 FEdlH2l= 2 (Undesired generalization)

« @ 7|& MAYO| HTHAME (Non-injectivity): OOD(Out-of-distribution) Cl|O|E{ /20| T-§ &3 Ato|2] 2 X}0|E& BEHSIX| Zot= 2H|

* (@ Density Estimation2| SHA|: OtF 2| 2tHot 2 g REO|2tE 2ot 0|y BX|E 2| 5= 2| — Likelihood XHHIE O] Ha-2 E8517| 0242
Perfect Density Models Cannot Guarantee Anomaly Detection (MDPI, 2021)

V. Contribution

@ O|EHQIT-S HERIA = Teacher= Normalizing flow, Student= Conventional Convolutional Neural Networks

+ @ Normalizing flow2| EFA}(Bijective) §43: OOD H|O|E| 23 A| Teacher®| £240| I H| LASIE S ZHA|

+ (@ T-S Distance At8: Teacher?| &2 5|= Likelihoodd| 2|ESHA| @411 T-S && DistanceE 0|4 H+Z 22 — Likelihood misestimation E.4

Feature Extractor Teacher o Feature Extractor Teacher L
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- EfficientNet _

Pre Jo i — Output (Pre-trained) g —>  Output
\ y, \ y,
Distance 1 Distance |
e N e A
HIZ A Q12

> — Output > — Output

\ y, . y,
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V. Normalizing Flow

* Deep Generative Model
« Density estimation — 212 Cl|O|E{0]| CH$t LikelihoodS 18 M (Explicit) 2.2 A4t 7Hs (Tractable)

o R IS 4 (Change of variables)Of| 7[ghot HHRHE — S&S 2 py(x) & Tt 22 p,(2) = T THAk(bijective) OHE

Latent space Z

Data space A
Inference
T~ Px
2= f (@)
F % oy
BEE AT
e
f 1 f 2 f 3 f n
—_— —_— e —_—
' Zy Zy ,
-1 -1 -1 -1
fi f2 f3 fo
Generation
z ~pz
r=f1(z)

ZX: DENSITY ESTIMATION USING REAL NVP (ICLR, 2017)
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* Deep Generative Model
« Density estimation — &= H|O[E{0]| L2t LikelihoodE & & (Ex p|ICIt 1O 2 A4 7S (Tractable)
o == ot Z A (Change of variables)of| 7|BHot B E — ﬁi T2 py(x)E Tt 22 py(2) 2 HEAH(bijective) O E

pr(X)dx = f pz(2)dz =1

& px(x)dx = pz(2)dz x7F () E HA z S 2 HEt A|, 21| 9| H3HE (Volume Term)

_______

K S o () =) dz‘ dz(CHAHE 5100) = ( 7 ))‘ dx(EHAH )
U CHEeR =8 Maximizing Log-Likelihood Estimation
. 0/ oz \[1 z=f(x) af (x)
et oGl o lgmet0) = @@ + log ( det( o ) )
1 Jacabian Matix Log-Likelhood ~ Normal Distribution Volume Term
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V. Normalizing Flow
« DX G|O|E{0f CHSHA] Log-Likelihood A4S ZEF O 2 THE0|F & Bigt Shax(f) CIXFQI0| S
o BiotobTt BFRS|Of St = 7HK| =4
@ 7tAd (G2t E=XH) = T EFALBijective) E &
@ 2=XQl ofZH|2t e = Al (Jacobian Determinant) Al 4

— Coupling layerE &9l g4t H|[E2 =7|Ho= tx
0 2{ Affine Coupling layer OF7 | BN & Real NVP Xl EH
Density estimation using real nvp (ICLR, 2017)

@ Affine Transformation @ Oz H|Qt 3= (Jacobian Matrix) T3 @ WA Al(Determinant) A2t
212 BIE xE Channeld]| (2} &= 2&2 22| ov. 0
52 vlE| y oA U KHelo] £ HEo= Ba AL ALY :
S5 Ay A el | . dy [0x ox,| [1 0 det()) = det(I) X det (dlag(exp(s(xl))))
x = [X1.0,%q41:0] = [0, %] ~dx |0y Oyo| 9% diag(exp(s(xy)))
e _Z4& ax Xp 1

Y = [ViaYarrol = [0 y2] 0x; Ox, -

. sHARZH 30 det(J) = 1_[ exp(s(x1);)
Affine Coupling Layer (Lower Triangular Matrix) L
Nh=x x|= SHEAAl i =
7 =[5 © exp(s(xl)) + t(x,)] ) B ) & 21 B4 (Log-Determinant) ==

% O] 20| NG 5o o] BIet 0| 242 ESBIL} AlA BT

O Hement — wisernilipicit o 0 log| det()| = 1 1_[ - =Z -
5C) : Scaling EXEISHE 412328 22 = (5 O exp(s(x) + tx) og| det(/)| 08( | eXp(S(x1)1)> ' s(x1);
t() : TranslationS EESH= MHY o : .
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V. M = 2

- O|EHQI TS Y EL|A FZ=: Teacher= Normalizing flow, Student= Conventional Convolutional Neural Networks

«  2tHA| st Tl (Teacher—Student =): ‘34 H|O|E{ £ Teacher 2 M3tE = (Frozen), Teacher 22| &8 ¢f2 ZHSIE S Student &5
« 3D O|0|X|& 8tE 7ts: 70| ET} B! depth image M5 Al(XMEH)

image features  positional
and/or depth encoding

4+
feature —+——»> g NF b b
= X C
extractor — > g| teacher — | ]
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cond. P S ] v
T \ o i ﬁxedperiﬂutation i Con%ﬁ;nﬁm
I
. I even channel splif, : P L‘ _________ 1
optional PoOs. €nc. A i X X2 i Conv2D (e Taden) i
_________ 1 .-d' . [ T |
i lf':t I > 5 el el _,C) I | BatchNorm I
- | ] &5 —- | I
pixel . *ﬁ___ loss L m—d | ey el |
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unshuffle —»> g L O— <@ BatchNorm |
L o o o - S —— I 6 2 : | LeakyReLU |
: Y I Y1 Yo 1 I I
' . | L ! |
foreground : negative log | || Cifdmmdenatt | P -
extractor mask " \jikelihood loss o] T ConﬂD(nIZ:mr -
1 X
n;
i I ( L' (neg. log‘;rlikelihood) ) ( L* (distance loss) )
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V. Teacher =&

+  Teacher Network T-Z: Real NVP 7|8t CHS Affine Coupling 252 2 7 El Normalizing flow (4712] Coupling block)

« o5 285 2% T Student NetworkE SHEAIZ|7| {8t 7|1EE (Target)= A-80k= AFE 2 (Pretext Task)
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and /or depth encoding
~~—
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}l( C
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= : e
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i 2 Xij @ | sl |
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Loa t R D Dyt blocks
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V. Student &
+  Student Network T+=: Fully Convolutional Networks (47H2| Residual block)

- & EE G4 O|0|X|E YO 2 B0} Teacher Network?t £233H= 7| &8 (Target)= ZRISIE & SHs

image features positional
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Y2 = %, O exp(sy (P €)) + t1 (11, €) } |
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« 3D H|OJE{ Xz

@ AHE H|O|E{: XyZ O|O|X|0f| M HEZO| B2 X, Y ZtH+£ B2 ME|0|E tH2|2| Depth(z) 422t AL

@ Pixel-unshuffling: Depth Map= Teacher”t & #5H= Feature mapit XMl 2 S %R (Space to Depth)

3 Foreground extractor: : Depth map2| 47 22| Z’dlZ Interpolating 10 2D BH2E REZ £ 7mm 0|4 EO{Zl T’AZ ForegroundE 7tF

@ Loss Masking: Foreground+ 1, Background 02 2 = Binary foreground Masking — Background= Ha IO A £A|

Pixel-unshuffling

Depth Ma feature ——> 5 NF
: : extractor E teacher }
Bilinear . . _
Downsampling Pixel-unshuffling |.E°“d‘ 0y Ve o
d=98) RGB image optional pos: enc. \ -
—_— —_— :"'-' —‘-el 1 p Jclllst.
PIX = | 083
: unshuffle I—>§ student y
I L---“----1 Y
i foreground negative log
! extractor :maSk likelihood loss

Ldsp_tl_l image

1 x 768 x 768 1x192 x 192 64 x 24 x 24
(Resized)
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X ():3D O[0|X|2l B2

3x 768 x 768 304(368) x 24 x 24 304(368) x 24 x 24 1x 24 x 24 A“"Ima'y Dlete‘;t“"
Resized Layer 36 =2 (Image-level)

Feature Extractor Teacher TH| 2 o] HaghEIthZh
4 )

EfficientNet-B5 . N

(Pre-trained on > |, Output T &I’CI)I:eI-W|sie [.)lstal\;:éz "

ImageNet) anne-wise
U J 5 5
RGB 0| 0| X| p ~ Lq‘ = |fs(x)ij _ft(x)ijlz
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6 1 Output S (Pixel-level)
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(Up-sampling)
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& Channel-wise MEAN
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Depth map

A

A
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4 0 else
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«  ARZE HIX|0r3 H|O]E{ A MVTec AD & MVTec 3D-AD

- ZY HIo|E4: Z3to| Sl= Hel(defectfree) HIO|E{TH gt

«  HILHI0|E A Y4 T|O|E{2t AEt0| YU=(defective) H|O|Ef 2T ot

= 0

« 0| Z: Anomaly Detection= £/} Image-level2| 20| % Anomaly Localization(Segmentation)ys {8t Pixel-level®| 23t £2| OtAF K|S

Anoma|y.free Anomalous 1 Anomalous 2 anomaly-free anomalous ground truth anomaly-free anomalous ground truth

A \ -~

Dataset MVTec AD | MVTec 3D-AD ‘f_g}‘ B "‘,\

Alias (MVT2ZD) (MVT3D) 4}‘\ 5

RGB images v v [cable gland ]

3D scans * v '

#categories 15 10 %

image side length TO0-1024 A00-R00

#train samples per cat. G0-320 210-300 ==

#test samples per cat. 42-160 100-159 /

#defect types per cat. 1-7 3-5

Displacement(?X| O|E), Cracks(xt €), Scratches& &) = Z2

- 2
N B dowel
Depth map2 22 A/ 753t Indentation(I &)0[ Lt \

RGBEZ 2t Al¥ 7153t Discoloration(EA) S9| gt et
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% Experiments

V. Anomaly Detection (MVT2D) 7IENFR2E JIETSR2H
Category ARNet DRAEM GAN  Rippel PatchCore DifferNet PaDiM  CFlow  CS5-Flow Uninf. STFPM* AST
[15] [54] [] [35] [36] [35] [12] [22] [39] Stud. [7] [51] (ours)
Grid 883 09.9 70.8 93.7 Ug8.2 84.0 - 99.6 09.0 98.1 100 99.1 + 0.2
» | Leather 86.2 100 842 100 100 97.1 - 100 9.9 94.7 100 100 + 0.0
g Tile 73.5 99.6 79.4 100 98.7 99.4 - 99.9 100 94.7 95.5 100 4+ 0.0
5 Carpet 70.6 07.8 69.9 99.6 98.7 92.9 - 98.7 100 99.9 98.9 0754+ 04
= | Wood 023 091 834 992 98.8 998 - 99.1 100 99.1 99.2 100 + 0.0
Avg. Text. 822 09.3 71.5 0B.5 8.3 94.0 09.0 99.5 99.8 97.3 OR.7 099.3 + 0.08
Bottle 04.1 09.2 9.2 99.0 100 99.0 - 100 008 99.0 100 100 + 0.0
Capsule 68.1 08.5 732 96.3 98.1 869 - 97.7 071 92.5 B8.0 99.7 + 0.1
Pill 78.6 08.9 743 91.4 96.6 288 - 96.8 08.6 922 93.8 99.1 4+ 0.1
Transistor 843 03.1 792 98.2 100 91.1 - 952 093 794 93.7 993 4+ 0.1
% Zipper 87.6 100 74.5 OB.8 99.4 95.1 - O8.5 09.7 94.4 3.6 099.1 4 0.1
& | Cable 832 01.8 757 99.1 99.5 95.9 - 97.6 091 78.7 92.3 985402
© | Hazelnut 855 100 78.5 100 100 99.3 - 100 9.6 99.1 100 100 4+ 0.0
Metal Nut 66.7 08.7 70.0 97.4 100 96.1 - 993 091 0.1 100 085402
Screw 100 03.9 74.6 94.5 98.1 96.3 - 919 7.6 86.0 B88.2 99.7 4 0.1
Toothbrush 100 100 65.3 04.1 100 8.0 - 99.7 1.9 100 878 06.6 4 0.1
Ave_ Obj. 848 07.4 755 96.9 9.2 94.7 0972 9779 0g.2 91.0 93.7 99.1 +0.03
Average 839 08.0 76.2 7.5 99.1 94.7 97.9 98.3 08.7 93.2 95.4 E'El‘!:LZ .04}

Table 2. AUROC in % for detecting defects of all categories of MVT2D [6] on image-level grouped into textures and objects. We report the
mean and standard deviation over 5 runs for our method. Best results are in bold. Beside the average value, detailed results of PaDiM [ 1]
were not provided by the authors. The numbers of STFPM#* [51] were obtained by a reimplementation.
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% Experiments

V. Anomaly Detection (MVT3D)

Cable

Method Bagel Gland Carrol Cookie Daoweel Foam Peach Potato Rope Tire Mean
Voxel GAN [5] 383 623 474 63.9 56.4 409 61.7 427 66.3 577 53.7
Voxel AE [5] 69.3 42.5 51.5 79.0 494 55.8 53.7 484 63.9 583 57.1
Voxel VM [5] 75.0 74.7 61.3 T3.8 %23 69.3 67.9 65.2 6.9 69.0 69.9

g Depth GAN 5] 53.0 37.6 6.7 60.3 497 48.4 59.5 489 53.6 521 523

™ Depth AE [£] 46.8 731 49.7 67.3 534 41.7 48.5 549 56.4 34.6 54.6
Depth VM 5] 51.0 54.2 469 57.6 609 69.9 45.0 419 66.8 5240 54.6
I-MNN (FPFH) [ 24] 2.5 55.1 952 T9.7 8.3 58.2 758 859 929 65.3 782
3D-8Tzs |5 ]& 86.2 4%.4 832 894 B8 66.3 76.3 68.7 95.8 48.6 48
AST (ours) 88.1+20 57T6+69 9%54+10 957+06 679+11 T797+12 YO+09 9L5+21 956+07 6l1+34 LE_3_.3_1-_(]._HE
PalchCore [ 26] 7.6 380 79.1 63.2 91.2 T0.1 69.5 618 84.1 0.2 T

m DillerMet | 25 ]& 859 TO3 64.3 435 797 T9.0 T8.7 643 T1.5 39.0 69.6

O PADIM | 12]* 97.5 T1.5 698 58.2 9549 66.3 858 535 832 760 764

® CS-Flow [3]& 94.1 93.0 82.7 T9.5 99.0 88.6 731 47.1 V8.6 74.5 83.0
STFPM [51]* 93.0 847 89.0 57.5 94.7 T6.6 71.0 598 6.5 01 . B
AST (ours) 94.74+07 928+12 HE514+12 825408 981+04 951+06 BIS+HL1 613424 992402 82.1+09 Lﬂ_ﬂ_.lfl_-l-_(]._&_!
Voxel GAN [5] 68.0 324 56.5 39.9 497 48.2 56.6 579 6l).1 48.2 51.7
Voxel AE [5] 51.0 54.0 3H4 693 44.6 63.2 55.0 494 TL1 41.3 53.8

& Voxel VM [5] 55.3 772 48.4 0.1 751 57.8 48.0 46.6 659 61.1 60.9

E Depth GAN [4] 538 372 58.0 60.3 43.0 534 64.2 6.1 44.3 5779 532

+ Depih AE |£] 64.8 50.2 65.0 48.8 B0.5 52.2 71.2 529 54.0 552 59.5

E, Depth VM 5] 51.3 55.1 47.7 58.1 61.7 7.6 45.0 42.1 59.8 62.3 55.5
PatchCore+FPFH |24] 91.8 T4.8 96.7 883 93.2 58.2 29.6 912 921 88.6 __86.3__
AST (ours) 98.3+04 873433 976+05 97.0+03 93.242.1 88.5+14 974+14 981+12 100+00 797+1.0 L23_T_-t 021

Table 3. AUROC in % for detecting defects of all categories of MVT3D [%] on image-level for 3D data, RGB data and the combination
of both. We report the mean and standard deviation over 5 runs for our method. Best results per data domain are in bold. Numbers of
listed methods followed by a & are non-published results obtained by the corresponding authors on request. A * indicates that we used a
reimplementation. The numbers from PatchCore are taken from [24].
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)/

% Experiments

V. Anomaly Localization(Segmentation)

Method MVT2D MVT3D (RGB+3D)
AE-S5IM [Y] 87.0 -
PatchCore [ 10] 98.4 -
PatchCore+FPFH [ 2] - 99.2

AST (ours) 05.0 + 0.03 97.6 + 0.02

Table 4. Anomaly segmentation results measured by the mean
pixel-AUROC over all classes and its standard deviation over 5
runs. Despite image-level detection is the focus of this work, our

method 1s able to localize defects for practical purposes with an
AUROC of 95% or 97.6%.
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% Experiments

V. Anomaly Localization(Segmentation)

Histogram of student-teacher distances non-defects anomalies
1.751 . sturdent #  student
nﬂrmal 4 L hir 4 teacher
1.501 anomaly
1.25- < 2
. gy
Z'1.00- N\t
= 0 0 %%!:‘.' Tt
D e Al
= .75 e ;l"?"‘ ui,
0.50 -2 o AR
0.251
—a -4
0.00 = v ; - - -
o 5] 7 8 2 10 ) - 0 3 1 _a 3

log(student-teacher distance)

Histogram of AST distances in MVT3D

Random orthographic projections
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% Experiments

V. Ablation studies

Method 3D RGB | 3D+RGB
Teacher only 82.2 | 69.8 90.9
NF student (symm.) | 81.8 76.0 88.9
NF student (deeper) | 81.8 76.7 92.7
AST (ours) 833 | 88.0 93.7

Table 5. Comparison of average detection performance in AUROC
percentage on MVT3D of teacher and student-teacher in a sym-
metric and asymmetric setting. Our proposed asymmetric student-
teacher pair outperforms all baselines in all cases.
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% Experiments

V. Ablation studies

Student Network?2| Z10|(Residual Block =)0 Hs} [[}2 H| @

Nst_blocks | AUROC [%] t+ | #Params. [M] | | inf. time [ms] |
1 92.8 26.0 3.4
2 093.3 44.8 6.1
dsitgad 71 E2 7dH 4 93.7 82.6 10.4
8 93.7 151.1 19.8
12 93.8 233.6 294
teacher 90.9 3.8 4.5

Table 6. Tradeott between performance and computational effort
on 3D+RGB data of MVT3D. The inference time was measured
with a NVIDIA RTX 1080 Ti.
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% Experiments

V. Ablation study

MVTec 3D-AD Ei|[0|E{4l0f|A] 0f2] 278 tH2} 2 Hlw

=4. AST: Asymmetric Student-Teacher Networks for Industrial Anomaly Detection

input pos. enc. mask teacher AST
X v 78.4 81.9

3D v X 594 67.2

v v 82.2 83.3

X X 69.3 87.8

RGB v X 69.8 88.0
v v n. a. n. a.

X v 20.9 93.8

3D+RGB v X 66.2 84.0
v v 90.9 93.7

Table 7. Impact of the positional encoding and the foreground
mask on the detection performance of student and teacher on
MVT3D. Numbers are given in AUROC percentage. Since masks
are obtained from 3D data, there is no mask for RGB.
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+» Conclusion

V. Teacher-Student L 2{Ct T2t} SHM 7=

-« TZEH 3K Architecture) : 52X TZ(MKD) —

| =
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V. AST O|Z =53t Teacher-Student ¥+ =&k

«  GCAD(Global Context Anomaly Detection) : 'F& &I, '@H{ &'
. EfficientAD : 712 22 37|9} HAt2ES 37| Mo 2 AZfsts)
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