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OcHoBHas 3ajava:

5. BbINOMHUTL BbIYUCANTENBHBIE SKCNEPUMEHTBI U NPOBECTH
cpaBHeHUne 3¢pheKTUBHOCTIN BbIAENEHNS PeAKUX CODbITUA ¢
NCNoNb30BaHMEM HelipoceTeBbix Mogeneli Ha ba3e aBTOSHKOAEPOE 1
HOPMaIN3yoLWNX NOTOKOB.
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HOCﬂeAOBaTeﬂbHOCTb NMOCTAHOBKW 3a4a41:

1.
2.

3.

AHOManuu u pefkme cobbITHA: pasHULA B NOCTAaHOBKe 3ajad
Ananus aHomanuii BHe/po rnybokoro obyqeHus
» Transforming for normality < normalizing flows

AHanns aHomanuii ¢ nomowbto raybokoro obydenus (Yu et al.

FastFlow: Unsupervised Anomaly Detection and Localization
via 2D Normalizing Flows)
Vicnonb3oBaHne pasmeyeHHbIX (CUHTETUHECKMX) aHOMasbHbIX
cobbITuii s noncka aHomanuii Ha ocHoee NF - kak ux
yyecTb?!
» Chiu et al. Self-Supervised Normalizing Flows for Image
Anomaly Detection and Localization
» CmbIch pyHKLMIA 1 MeToAa npaBgonogobus
» MuHumuzayus dyHkuumu npasgonogobust aHomanuii
(cuHTeTMHeCKNX)
YnpouyeHHblii (MpeABapuTENbHbIA) BapMaHT NOCTaHOBKM
3aja4n
> >KcTpakTop = napametpbl Xuinaca (ckonbko? kakume?)
> yyebHbii NF (Mosi npesenTayms)
> aHaNU3 HOPMaNLHOrO pacnpeaenenusi/aHomannii
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Anomaly vs. Rare events

AHOManbHble cobbITUA One-class
learning

A
(7)

Oby4atowmin Habop TecToBbIl Habop

NaHHbIX: A<<N AaHHbIX: A~N
Peakue cobbiTus Two-class
learning
=
R N R N = O o
= O
3 ,\)L XJ’/ TP e
Ob6yuatowunin Habop TecToBbIl Habop —
naHHbIx: R~N naHHbIX: R<<N Classifier

NF Classifier m 4
Guess: max likelihood  _  + min likelihood ;.. (?27)

4/15



ObWwuii anropuT™M AETEKTUPOBAHNS aHOMaJNIA

1. OTbop/BblaeneHne CyLecTBEHHbIX NPU3HAKOB (MOHUXEHME
Pa3MEpPHOCTMN) AaHHbIX

2. MNpeobpasoBaHune pacnpeaeneHnsi HEAHOMaNbHbIX GAHHLIX B
obyyatoleli BbLIBOpKEe B HOPMaJIbHOE; KAk - CM. HUXKE
» BaxHo: Jltobas HenpepbiBHas u buekTusHas yHKLns
ABNSAETCA MOHOTOHHOIA
> = coMnA ¢ 6ONbLIONH BEPOSTHOCTHIO B NCXOAHOM
pacnpefeneHnmn nepeliieT B BEPXHIO YacTb
(MHOrOMepHoOro)HopMmansHoro pacrnpepenetus (6amnsko
cpepgHemy)

3. NOCKOJIbKY OTOBbpakeHne ONTUMU3UPYETCA NOA BbIDOPKY
HEeaHOMaJIbHbIX JaHHbIX, aHOMAJIMN UMEIOT HU3KYHO
BEPOSITHOCTb

P> B NCXO4HOM MPOCTPaAHCTBE CO COXKHbBIM pacnpenesieHnem
(4vmeem ToNbKO BLIBOPKY) CIOXKHO NPOBECTW FPaHULY MeXAy
HOPMaJ/IbHBIMN 1 AaHOMAJIbHBIMM AAHHBIMY

> AnS HOPMAJIbHOFO PacrpeAesieHns — Nerko, HanpumMep,
rpaHnua onpegensietcst 20 (95%)
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ObLwuii anroputm feTekTupoBaHust aHomannii (2)

4 MuoromepHoe (aCMMETPUYHOE) HOPMAJILHOE pacrpeneneHmne
+ Koppensuumn mexay usmepeHusiMu (npusHakamu) =
noaxoasiuieii Mepoii yaasieHHOCT OT CPeAHero sABJISETCA
paccrositme Maxananobuca (Mahalanobis distance)

(%, Q) = /(% (TE (X~ ).

S = cov(X;, ;) = E[(Xi —EX))(Y; —EY))], i,j=1,...,n,

5 BeposiTHOCTb 4Yepes dy

- e (F)

6 nopor gns aHomanuii: NX] < € = reometpuueckn
onpegensietcst dy (MHOromepHbiii oBan)
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Transforming Probability Distributions for Normality
"by hands"

X, = raw data distrbution

JLELTT
g
S BT

;= accein G5

>

Puc.: Figure from Stevens (2002) Applied Multivariate Statistics for the
Social Sciences 5th ed.
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Anomaly Detection via DL+NF (Yu et al.): one-class

> to learn the parameter 6 to map all x; from the raw
distribution px(x) into the normal distribution pz(z), with
anomalous instances mapped out of the distribution.

FastFlow
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Puc.: FastFlow NN based on RealNVP. The split(-) and concat(")
functions perform splitting and concatenation operations along the

channel dimension.

Code: https://paperswithcode.com/paper/fastflow-unsupervised-anomaly-detection-and

https://anomalib.readthedocs.io/en/latest/markdown/guides/reference /models/image /fastflow. html
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Models with NF: RealNVP

affine coupling layer f: x — y:

Yi:d = X1:d
Yd+1:D = Xd+1:.0 © eXp(U(Xl:d)) + M(Xl:d)

(1)

where o(.) and p(.) are scale and translation functions and both
map R? — RP~9. The operation ® is the element-wise product.

> casily invertible

Yd41.D = Xd+1.0 @ exp(o(X1.q)) + p(X1.q)
o X1:d = Yi.d (3)
Xd+1:0 = (Yd+1.0 — 1(Y1:0)) © exp(—=0o(y1:.4))
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NF for Anomalies = NF for Rare Events (RE)

Chiu, Li-Ling, et al. "Self-supervised normalizing flows. ..".
https://openaccess.thecvf.com/content/CVPR2023W /VAN D/papers/Chm_SeIf—
Supervised Normalizing_Flows for Image Anomaly Detection

and Localization CVPRW 2023 __paper. pdf

» two-class learning

> using the synthesized anomalous training samples, a
novel self-supervised NF (RealNVP)

» trained by maximizing the likelihood of normal images and
minimizing the likelihood of anomalous images.

syntheuc frerEly |
Module

Normal Images Synthesized Anomaly Images

Lossnormal
Losssyn

Feature
Extracior

Self—supervlsed
Normalizing Flow
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Anomaly/RE detection via DL4+NF: two-class learning (1)

2D image
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Puc.: The architecture of the model by Chiu et al.

» the architecture is very similar to the FastFlow

v

but the training and loss function are essentially different

> Given a set of N normal/bulk features B = {x,}N_; and a set
of N (synthetic) anomalous/rare image features R = {x,}"_;

» the model is trained to maximize the likelihood of B and
minimize the likelihood of R.
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Anomaly/RE detection via DL4+NF: two-class learning (2)

Loss function:

Liotal = L — LR

= % > —log pa(xs)

xpEB
= NX%;; [ log pz(fy(xs)) — log |det afgi):’) ] , (4)
g = > flong(xr)-H[long(Xr)>C
x€ER
A log pr(xr) > min (Iog pB(Xb)ﬂ (5)

I = indicator function
12/15



Anomaly/RE detection via DL4+NF: two-class learning (3)

Meaning of the conditions in the last eq.
» In order to prevent the log-likelihood of synthesized samples
— log pr(x,) from reaching to +o0, [Kirichenko et al.]
» bulk images and rare may be slightly different = the likelihood
of all B-samples should be larger than of R [Dohi et al.]

-log
O
max (-log pg) ....... :
o L iy
+ J— !
R B

» Problem/question: the meaning of L;u, 7 Likelihood???
» nopor ans avomanuii: N[X] < € = reomerpuyeckn

onpegensietcs dy ,
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BosmoxkHasi nocTaHoBKa NpeaBapuTesibHOW 3a4a4u

1. feature extractor —Hillas parameters

2. simpleNF = simple NF, e.g.,
» PyTorch:

> https://github.com/gebob19/introduction to _normalizing_flows/blob/

master/normalizing _flows.ipynb
previous pres., page 16 — 24

> https://github.com/AxelNathanson/pytorch-normalizing-flows

» TensorFlow: previous pres., page 26, etc.

3. threshold - according to training set

"Feature extractor"

5Lt
o Rare events

ﬁ thrgshold_ L
optimization:
" ] p_Z, duv ..

K i ; / K

Ul <
Hillas parameters
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Materials used:

P hhttps://towardsdatascience.com/unsupervised-learning-for-anomaly-detection-
44c55a96b8c1 /ttps: / /towardsdatascience.com/unsupervised-learning-for-anomaly-detection-
44c55a96b8c1/

»  https://math.stackexchange.com/questions/2082015 /are-monotonic-and-bijective-functions-the-
same

»  Yu, Jiawei, et al. "Fastflow: Unsupervised anomaly detection and localization via 2d normalizing
flows."arXiv preprint arXiv:2111.07677 (2021).

»  Chiu, Li-Ling, and Shang-Hong Lai. "Self-supervised normalizing flows for image anomaly
detection and localization."In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 2927-2936. 2023.
https://openaccess.thecvf.com/content/CVPR2023W /VAND /papers/Chiu_ Self-

Supervised Normalizing_ Flows for _Image Anomaly Detection and_ Localization
_CVPRW_ 2023 _ paper.pdf

P Kirichenko, Polina, Pavel Izmailov, and Andrew G. Wilson. "Why normalizing flows fail to detect
out-of-distribution data."Advances in neural information processing systems 33 (2020):
20578-20589.
https://proceedings.neurips.cc/paper/2020/file/ecb9fe2fbb99c31f567e9823e884dbec-Paper.pdf

» Dohi, Kota, Takashi Endo, Harsh Purohit, Ryo Tanabe, and Yohei Kawaguchi. "Flow-based
self-supervised density estimation for anomalous sound detection."In ICASSP 2021-2021 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 336-340.
IEEE, 2021. https://arxiv.org/pdf/2103.08801
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