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1. He Tak oveBugHO

ﬁ 310 3apada Supervised / Semi-supervised / Unsupervised?
EcTb N npeanonoyXeHna o pacnpeneneHnmn Bbibpocos?
EcTb N1 npeanonoxXeHna o pacnpeneneHnm HopmanbHbiX HabnaeHnn?

EcTb Kakne-To anpropHblie NpeacTaBieHna No Aone BblIbpocoB?

2R R

Pa3Be aTa 3agada npuHUMnuanbHO OTNIMYAETCS OT KnacTtepusaunmn?



2. Knaccu4deckume npegnonoXXeHunsd

ﬁ — HopmanbHble HabntogeHna nexar “Ky4HO” — 6rn3Ko gpyr K opyry, a Bblopochkl —
“HeKky4Ho” (2002)'

1 https://direct.mit.edu/books/book/1821/Learning-with-KernelsSupport-Vector-Machines
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2. Knaccu4deckume npegnonoXXeHunsd

ﬁ — HopmanbHble HabntogeHna nexar “Ky4HO” — 6rn3Ko gpyr K opyry, a Bblopochkl —
“HeKky4Ho” (2002)'

— Bblbpocbl pacnpeneneHbl paBHOMEPHO

HeABHOE NpennonoXeHne MHOMMX anropuTMoB — TEPAEM anpUoPHbIE 3HaHMA O
pacnpeneneHun Bbibpocos (2002)

— (OO0bI4HO NOHMMaeM 3apgady semi-supervised nnu unsupervised

(uMeHHO ana TabnMyHbIX JaHHbIX! TK HAC3AMNIMpPoBaTb Penpe3eHTaTUBHbIN train ans
LLIYMa OYEHb CJTOXHO)

— Ecnu He ykasaHo UHoe, peLlaem cTauyoHapHyto 3aaa4dy (aHOManbHOCTb He
MEHSAETCA CO BPEMEHEM) — XOTA Ha NPAaKTUKE 3TO NOYTU HUKOra He Tak

1 https://direct.mit.edu/books/book/1821/Learning-with-KernelsSupport-Vector-Machines
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3. TabnunyiHbie meTOoAbl

Robust covariance One-Class SVM  One-Class SVM (SGD Isolation Forest Local Outlier Factor

o . o . ° o N

https://scikit-learn.org/stable/modules/outlier detection.html
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4. ABTOKOONPOBLLUNKA

Encoder yacTtb AmbeppviHr Decoder yacTb

A t Reconstructed
moun amount
Terminal Reconstructed
risk Terminal risk
Feature 3 Reconstructed
feature 3
W
Feature n Reconstructed
feature n

Code

https://fraud-detection-handbook.github.io/fraud-detection-handbook/Chapter 7 Deeplearning/Autoencoders.html

kaggle https://www.kaggle.com/code/robinteuwens/anomaly-detection-with-auto-encoders
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6. CBepToO4Hble aBTOKOaMpoBLnkn (CAE)

Mpumep cBepTOoYHOro asTokoauposwmka (2016)

Encoder 4yacTb Decoder yacTb
Convolution Pooling Convolution  Pooling Unpooling  Deconvolution  Unpooling Deconvolution
100 5x5 filters 2x2 200 5x5 filters 2x2 2x2 200 5x5 filters 2x2 100 5x5 filters
== =
1 A £
BT 0 = g JJ
S e =] I | [ I Ll (= e .

Input: 3x256x256 100x256x256 100x128x128 200x128x128 200x64x64 200x128x128 100x128x128 100x256x256 Reconstruction 3x256x256
PembpaHar https://arxiv.org/pdf/1711.08763.pdf

A Deep Learning Approach to Video Anomaly Detection using Convolutional Autoencoders (7
HOA6pa 2023) https://arxiv.org/abs/2311.04351

Variational Convolutional Autoencoders for Anomaly Detection in Scanning Transmission
Electron Microscopy (2022)
https://onlinelibrary.wiley.com/doi/full/10.1002/smll.202205977

Convolutional Autoencoder-Based Anomaly Detection for Photovoltaic Power Forecasting of
Virtual Power Plants (2023) https://www.mdpi.com/1996-1073/16/14/5293
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7. SOTA B 3apade Image AD
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Filter: Edit Leaderboard

Ext
Detection® Segmentation Segmentation Segmentation £Eha
Rank Model FPS Training Paper Code Result Year Ta
AUROC AUROC AUPRO AP
Data
EfficientAD:
Accurate Visual
EfficientAD Anomal
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Papers With Code

https://paperswithcode.com/sota/anomaly-detection-on-mvtec-ad
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8. SOTA-apxnTekTypa B Image AD

Efficient AD

Local Map Local Map

Teacher » =3l
>
=
. 2
E 5
Student S Student Global Map 0.5 a
§
[¢]

Diff »
Auto Auto
encoder encoder <0

Figure 5. <...> The anomaly on the left is a foreign object in the form of a small metal washer at the end of the cable. It is visible in the local anomaly map

because the outputs of the student and the teacher differ.
The logical anomaly on the right is the presence of a second cable. The autoencoder fails to reconstruct the two cables on the right in the feature space of

the teacher. The student also predicts the output of the autoencoder in addition to that of the teacher. Because its receptive field is restricted to small
patches of the image, it is not influenced by the presence of the additional red cable. This causes the outputs of the autoencoder and the student to differ.
“Diff” refers to computing the element-wise squared difference between two collections of output feature maps and computing its average across feature

maps. <...>
https://arxiv.org/pdf/2303.14535v2.pdf
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9. SOTA B 3apadve Image AD

Anomaly Detection on One-class CIFAR-10

https://paperswithcode.com/sota/anomaly-detection-on-one-class-cifar-10

Leaderboard Dataset
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Other models -~ Models with highest AUROC
Filter: Edit Leaderboard
Extra
Rank Model AUROCH Training Paper Code Result Year Tags =
Data
cup Exposing Outlier Exposure: What Can Be [ CLIP Pre-trained J

1 P 99.6 v Learned From Few, One, and Zero Outlier (e =) 2022 —_—

Papers With Code

Images

“Despite the overall strong performance of standard
classifiers, we find that semi-supervised one-class methods
are more robust to the choice of OE when only few OE
examples are available.”

)

OpenAl

https://github.com/openai/CLIP

https://arxiv.org/pdf/2205.11474v2.pdf
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10. OTnn4ma B KApTNHKaX cepbe3Hble

Rethinking Assumptions in Deep Anomaly Detection (2020)

“classifiers trained to discern between normal samples
and just a few (64) random natural images are able to

outperform the current state of the art in deep AD.”
https://arxiv.org/abs/2006.00339

* on ImageNet


https://arxiv.org/abs/2006.00339

3apa4ya Outlier \ il
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1. 4Yto 3a 3apaya??
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Normal Objects
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Collective Anomalies

Feature Space

(a) Conventional Anomaly Detection

2]

Benign Users

Graph Anomaly enD Y Malicious Users
Detection &

Malicious User Group

—
Abnormal Relation

(b) Graph Anomaly Detection

A Comprehensive Survey on Graph Anomaly Detection

with Deep Learning (2021)

https://arxiv.org/pdf/2106.07178.pdf
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1. 4Yto 3a 3apaya??

Node | Node Features |
3 1 1/0|0]0 |
[ 2 [1]1]oo] |
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‘ 6 [ol1]olo] |
° | 7 Jof1[1]0 !
1 {

Normal Objects | g g : g g
| Community [ ~ 10 [of1]ofo]
Conventional Identify o} o Anomaly <T\ 12 g g : g }
Anomaly = Anomalies ‘ \ % Tolol 1o 1
Detection - | -~ 14 Jo]o 4] |
/o8 \ | J
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Collective Anomalies . .
Fig. 3: Three Types of Anomalous Nodes: Structural Anomalies,
Feature Space " . .
3 Community Anomalies and Global Anomalies.

« Global anomalies only consider the node attributes. They
are nodes that have attributes significantly different from
all other nodes in the graph.

¢ Structural anomalies only consider the graph structural

e information. They are abnormal nodes that have different

connection patterns (e.g., connecting different communi-
ties, forming dense links with others).

Hdentify ﬁ « Community anomalies consider both node attributes and
= = Malicious Users graph structural information. They are defined as nodes

‘3‘ that have different attribute values compared to other
" nodes in the same community.

(a) Conventional Anomaly Detection

Benign Users

Malicious User Group

—
Abnormal Relation

A Comprehensive Survey on Graph Anomaly Detection

(b) Graph Anomaly Detection . .
with Deep Learning (2021) https://arxiv.org/pdf/2106.07178.pdf
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Fig. 2: A Timeline of Graph Anomaly Detection and Reviewed Techniques. https://arxiv.ora/pdf/2106.07178.pdf
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JOURNAL OF BTEX CLASS FILES, VOL., NO. , AUGUST 2021 6

|:Att ibut :I
Tibutes o —> Reconstructed I: Output :l
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Fig. 4: ANOS ND on attributed graphs — Deep NN based approaches. As an example, the autoencoder is used to capture the graph
structure and node attributes. With a specially-designed anomaly aware loss function, anomaly scores will be assigned to every node,
and the top-k nodes are anomalies (e.g., nodes 9, 1, and 2 at top-3).

https://arxiv.org/pdf/2106.07178.pdf
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3. FpadoBble aBTOKOAMPOBLWUKN — GAE (2016)

Encoder yactb

https://arxiv.org/pdf/1611.07308.pdf
https://www.youtube.com/watch?v=gA6U4nIK62E
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3. FpadoBble aBTOKOAMPOBLWUKN — GAE (2016)

Encoder yacTb OMbeaanHIY BepLIMH
(%:)
GC
° ® [1,4]
.I - ® [3,5]
. E |
e ® [62]
® ! X

X = GCN(A,X) = ReLU(AXW,)
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3. FpadoBble aBTOKOAMPOBLWUKN — GAE (2016)

X = GCN(A,X) = ReLU(AXW,)

Encoder yactb

GC

rne A= D~1/2Ap~1/2

D — onaroHanbHaa maTtpuua
A — vucxogHaa matpuua CMeXHOCTHU
X — maTpuua omyen BepLunH

IMb6eaaNHIN BEpPLUUH

(%:)
® [14]
® [3,5]

® [62]

Decoder yacTtb

ajj = o(X; *%'T)

= o([1,4] % [3,5]")
a([3,5] = [6,2]")

a([1,4] * [6,2]")

‘@0
“ o
‘@
‘inner product decoder”

min||4 — o(X «X7)|

https://arxiv.org/pdf/1611.07308.pdf
https://www.youtube.com/watch?v=gA6U4nIK62E
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4. Knaccunyveckunin VAE (2013)

Reconstructed
Input «---------ooo oo Ideally they are identical. ~ -------==-=---------o- - :
) input
X~ X
Probabilistic Encoder
90(2[%)
Mean w Sampled
latent vector
Probabilistic
X [(——> l».—» Decoder | — XI
po(x|z)
o
Std. dev
B An compressed low dimensional

z=p+toQe representation of the input.
e ~N(0,I)

lllustration of variational autoencoder model with the multivariate Gaussian assumption.
https://lilianweng.github.io/posts/2018-08-12-vae/

1 Auto-Encoding Variational Bayes
KL(N(u,d%)|N(0,1)) = 5 (—logo? + u? + 0% — 1) https://arxiv.org/abs/1312.6114
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4. 'padoBble aBTOKOANpPOBLMKN — VGAE (2016)

Encoder yactb

GC

X = GCN(4,X) = ReLU(AXW,)
rone A= D™/2AD™1/2

https://arxiv.org/pdf/1611.07308.pdf
https://www.youtube.com/watch?v=gA6U4nIK62E
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4. 'padoBble aBTOKOANpPOBLMKN — VGAE (2016)

Encoder yactb

GC MP
GC .
_® K
o _ . !
. I . GC MP
\ @ . )
®
. - logog |—
X = GCN(4,X) = ReLU(AXW,) :
rae A= D~Y2AD™1/? U

uwnlogo --9T0 BekTopa!

https://arxiv.org/pdf/1611.07308.pdf
https://www.youtube.com/watch?v=gA6U4nIK62E
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4. 'padoBble aBTOKOANpPOBLMKN — VGAE (2016)

Encoder yacTtb AmbeppuHr
GC MP
H
Reparametrization
GC trick
u -
% | Z=u+ox*e¢
o ] ! e~N(0,1)
[ ‘ 1\
X def reparametrize(self, mu: Tensor, logstd: Tensor) —> Tensor:
.. | GC MP if self.training:
. . ) return mu + torch.randn_like(logstd) * torch.exp(logstd)
' else:
return mu
~ ~ lOgO‘ -
X = GCN(4,X) = ReLU(AXW,) |
rone A= D™1/24D~1/2 LU

uwnlogo --9T0 BekTopa!

https://arxiv.org/pdf/1611.07308.pdf
https://www.youtube.com/watch?v=gA6U4nIK62E
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4. 'padoBble aBTOKOANpPOBLMKN — VGAE (2016)

Encoder yactb AmbepaviHr Decoder yacTtb
GC MP

Reparametrization ‘inner product decoder”
GC trick

min||[A — o (X «XT)||

| 0’ # Z=u+ ox*e¢
o | L e~N(0,1) + perynspusauus
e | GC MP KL(N(u,0*)|N(0,1))
> !

1
=§(u2+02—1—210ga )

logstd: OptionallTensor] = None) —> Tensor:
r"""Computes the KL loss, either for the passed arguments :obj:'mu’
and :obj:'logstd', or based on latent variables from last encoding.

X = GCN(4,X) = ReLU(AXW,)
rone A= D™/2AD™1/2

logo | .
! def kl_loss(self, mu: Optionall[Tensor] = None,
1
1
|
1
1
1

Args:
mu (torch.Tensor, optional): The latent space for :math:'\mu'. If
set to :obj:'None', uses the last computation of :math:\mu'.
(default: :obj: None')

I/I l _— STO BeKTO a' logstd (torch.Tensor, optional): The latent space for
M Og O- p . :math:"\log\sigma'. If set to :obj: 'None', uses the last
computation of :math:'\log\sigma~2'. (default: :obj:'None")
mu = self.__mu__ if mu is None else mu
logstd = self.__logstd__ if logstd is None else logstd.clamp(

max=MAX_LOGSTD)
return -0.5 * torch.mean(

https//arX|v0rq/pdf/161107308r>df torch.sum(1 + 2 * logstd — muxx2 — logstd.exp()**2, dim=1))
https://www.youtube.com/watch?v=gA6U4nIK62E https://pytorch-geometric.readthedocs.io/en/latest/ modules/torch geometric/nn/models/autoencoder.html



https://arxiv.org/pdf/1611.07308.pdf
https://www.youtube.com/watch?v=qA6U4nIK62E
https://pytorch-geometric.readthedocs.io/en/latest/_modules/torch_geometric/nn/models/autoencoder.html

5. torch_geometric.nn.models.autoencoder

&+ PyTorch

\"’l geometric

¢

GAE
VGAE
ARGA
ARGVA

VR 2 2 /

https://pytorch-geometric.readthedocs.io/en/latest/ _modules/torch geometric/nn/models/autoencoder.html
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5. N'padoBblie aBTOKOANpPOBWMKN — MASKGAE (2023)

o
AUGUST6-10 if \
/ |

(a) Masked Language Modeling (b) Masked Image Modeling

(c) Masked Graph Modeling

— (MLM) (MIm) (MGM)
meTne ° - s - 2 -
2018, e.g., BERT 2021, e.g., MAE now, ?
EEEEEE | 0 %
. HNN ®
Do not go gentle into that -~ ' @ ® @
gOOd [MASK]. n‘..- "._.. @ ,.@.0':

=

Mask a word

Do not [MASK] [MASK] into that
good night.

Mask a phrase

[MASK]: masked token

Mask patches

Mask blocks
M : masked patch

'''''
........

.......
....

Mask paths
@ - @: masked edge

What’s Behind the Mask: Understanding Masked Graph Modeling for Graph Autoencoders

https://arxiv.org/pdf/2205.10053.pdf
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5. Npadoeblie aBTOKOAMpOoBWUKN — MASKGAE (2023)
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(a) GAE without masking

(b) MaskGAE with masking on

https://arxiv.org/pdf/2205.10053.pdf
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5. N'padoBblie aBTOKOANpPOBWMKN — MASKGAE (2023)
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1. CTaTtba n beH4YMapKun

SN,
;.. o eve o . . . . .
3% U NEURAL INFORMATION BOND: .Bench-marklng Unsupervised Outlier Node Detection
.'f , PROCESSING SYSTEMS on Static Attributed Graphs (2022) https://arxiv.org/abs/2206.10071
o)e
e

3‘ DYGOD Python library for graph outlier detection (anomaly detection)

https://github.com/pygod-team/pygod

https://github.com/FelixDJC/Awesome-Graph-Anomaly-Detection
https://github.com/Kaslanarian/SAGOD



https://arxiv.org/abs/2206.10071
https://github.com/pygod-team/pygod
https://github.com/FelixDJC/Awesome-Graph-Anomaly-Detection
https://github.com/Kaslanarian/SAGOD

Py GOD

Implemented Algorithms

Abbr
SCAN
GAE
Radar
ANOMALOUS
ONE
DOMINANT
DONE
AdONE
AnomalyDAE
GAAN
OCGNN
ColLA
GUIDE

CONAD

Year

2007

2016

2017

2018

2019

2019

2020

2020

2020

2020

2021

2021

2021

2022

Backbone
Clustering
GNN+AE
MF
MF
MF
GNN+AE
MLP+AE
MLP+AE
GNN+AE
GAN
GNN
GNN+AE+SSL
GNN+AE

GNN+AE+SSL

Sampling  Ref

No [3]
Yes 4]
No [5]
No [6]
No [7]
Yes [8]
Yes 91
Yes 91
Yes [o]
Yes 11
Yes 2]
Yes [13]
Yes [n4]
Yes [5]



2. Kno4ydeBblie NMONHTDbI

i? — HeT yHMBepcanbHOro MeToga — 3aBUCUT U OT 3aaa4u (CTPYKTYPHbIE aHOManmMu unn
KOHTEKCTHbIE) 1 OaTaceTa

- bnmxanwero okpy>eHus (1-hop) kak npaBuno gOCTaToMHO A8 OeTEKUMN
CTPYKTYPHbIX BblIOpOCOB

— DL-meToobl MeHee cTabunbHbl B TepMuHax gucnepcum ROC-AUC
— Ha maneHbkunx rpagax DL-meToabl NpoUrpbIBaloT KIIACCUYECKNM



3. Anomaly DAE (2020)

r
|® Transpose @ Inner Product !
1 1

1! : Structure Autoencoder !
- = 1

Node
Embedding

Attribute
Embedding

https://arxiv.org/pdf/2002.03665.pdf
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4. CocToaHune Ha 2022 ron

TAXONOMY AND SUMMARY OF GRAPH ANOMALY DETECTION METHODS USING GNN MODELS.

Graph type

l

Anomaly type

Network architecture

|

Method

Summary (key issue addressed — solution)

Static graph

Node anomaly

GCN-based GAE

DOMINANT [7] (2019)

Complex interactions, sparsity, non-linearity — GCN-based encoder

Dual-SVDAE [21] (2021)

Overfitting for normal & abnormal — hypersphere embedding space

GUIDE [22] (2021)

Complex interactions — higher-order structure decoder

SpecAE [8] (2019)

Over-smoothing issue — tailored embedding space

ComGA [23] (2022)

Over-smoothing issue — community-specific representation

ALARM [24] (2020)

Heterogeneous attributes — multiple GCN-based encoders

AnomMAN [25] (2022)

Heterogeneous attributes — multiple GCN-based encoders

SL-GAD [26] (2021)

Contextual information — subgraph sampling & contrastive learning

GCN alone

Semi-GCN [27] (2021)

Label information — semi-supervised learning by GCN

HCM [28] (2021)

Label & contextual information — hop-count prediction model

ResGCN [29] (2021)

Over-smoothing issue — GCN with residual-based attention

CoLA [30] (2021)

Targeting issue of GAE — contrastive self-supervised learning

ANEMONE [31] (2021)

Contextual information — multi-scale contrastive learning

PAMFUL [32] (2021)

Contextual information — pattern mining algorithm with GCN

GAT-based GAE

AnomalyDAE [33] (2020)

Complex interactions — GAT-based encoder

GATAE [34] (2020)

Over-smoothing issue — GAT-based encoder

AEGIS [35] (2020)

Handling unseen nodes — generative adversarial learning with GAE

Other GNN-based model

OCGNN [36] (2021)

Targeting issue of GAE — GNN with hypersphere embedding space

AAGNN [37] (2021)

Targeting issue of GAE — GNN with hypersphere embedding space

Meta-GDN [38] (2021)

Hard work to label anomalies — meta-learning with auxiliary graphs

Edge anomaly

GCN-based GAE

AANE [39] (2020)

Noise or adversarial links — GAE with a loss for anomalous links

eFraudCom [40] (2022)

Fraud detection — heterogeneous graph and representative data sampling

GCN alone

SubGNN [41] (2021)

Fraud detection — GIN and extracting and relabeling subgraphs

Subgraph anomaly

GAT-based GAE

HO-GAT [42] (2021)

Abnormal subgraphs — hybrid-order attention with motif instances

Graph-level

OCGIN [43] (2021)

Graph-level anomaly detection — graph classification with GIN

Dynamic graph

anomal GCN alone OCGTL [44] (2022) Hypersphere collapse — set of GNNs for embedding
y GLocalKD [45] (2022) Graph-level anomalies — joint learning global & local normality
AddGraph [10] (2019) Long-term patterns — temporal GCN with attention-based GRU
Edge anomaly GCN and GRU DynAD [46] (2020) Long-term patterns — temporal GCN with attention-based GRU

Hierarchical-GCN [47] (2020)

Dynamic data evaluation — temporal & hierarchical GCN

StrGNN [48] (2021)

Structural change — mining unusual temporal subgraph structures

Node anomaly

GCN & DRNN-based GAE

H-VGRAE [49] (2020)

Anomalous nodes — modeling stochasticity and multi-scale ST dependency

GCN and GRU

DEGCN [50] (2022)

To capture node- and global-level patterns — DGCN and GGRU

GCN alone

TDG with GCN [51] (2022)

Malicious connections on traffic — extracting TDGs

https://arxiv.org/pdf/2209.14930.pdf
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5. GraphBEAN (2023)
N R S —

messages

tonode u |
\

RelU

L

Convolution
BatchNorm
BatchNorm

"~ RelU

BatchNorm

" RelU

Convolution

Convolution

—— = =

‘ FR. T g o s 7 sy 7/
VI
v/
messages |
to node v ’ /' ____________________________ i
o .
™ s ,l I
s MLP, (Z¥) :
77 iy . Pr(4;; = 1) '
messages X /’ MLP,(Z") 1
to edge e ‘ N |
Input Graph X STRUCTURE DECODER !

(a) Message passing flow (b) GraphBEAN architecture: encoder, feature decoder, and structure decoder (4 layers)
Fig. 1. GraphBEAN architecture and message passing scheme

Interaction-Focused Anomaly Detection on Bipartite
Node-and-Edge-Attributed Graphs

https://engineering.grab.com/files/Interaction-Focused%20Anomaly%20Detection%200n%20Bipartite %620Node-and-Edge-Attributed%20Graphs.pdf
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5. GraphBEAN (2023)

THE MEAN AND (IN PARENTHESIS) STANDARD DEVIATION OF THE AUC-PR METRICS OVER MULTIPLE EXPERIMENT RUNS IN SMALL DATASETS. BOLD
NUMBERS INDICATE THE BEST OR NOT-SIGNIFICANTLY-WORSE-THAN-THE-BEST RESULT (WILCOXON SIGNED-RANK TEST, o = 0.05).

Dataset FINEFOODS-SMALL MOVIES-SMALL WIKIPEDIA REDDIT
Model u v £ u 1% £ u 1% £ u 1% £

0256 0392 0279 | 0229 0.188 0260 | 0.102 0.085 0043 | 0.059 0.101  0.011
0.07) (0.07) (0.13) | (0.12) (0.11) (0.16) | (0.03) (0.09) (0.04) | (0.02) (0.01) (0.007)

P e 0.090 0.166 0794 | 0.127 0.181 0827 | 0226 0499 0278 | 0361 0.608  0.172
SOHOIES (0.02) (0.04) (0.12) | (0.05) (0.08) (0.10) | (0.06) (0.12) (0.10) | (0.08) (0.07)  (0.039)

0735 0.721 0.686 | 0.631 0.708 0389 | 0.164 0.179 0.049 | 0.121 0.186 0.016

FRAUDAR

DOMINALE 0.10) (0.10) (0.12) | (0.09) (0.08) (0.16) | (0.03) (0.04) (0.02) | (0.02) (0.01) (0.003)
AnomalvDAE 0770 0773 0683 | 0679 0753 0556 | 0.174 0193 0051 | 0.28 0192 0015
omaly 0.09) (0.09) (0.12) | (0.12) (0.10) (0.10) | (0.03) (0.04) (0.02) | (0.02) (0.02) (0.003)
SONAD, 0740 0721 0691 | 0.684 0695 0564 | 0165 0182 0052 | 0.116 0.180 0016
0.10) (0.10) (0.12) | (0.09) (0.08) (0.09) | (0.03) (0.04) (0.05) | (0.02) (0.18) (0.003)

Aiins 0239 0162 0048 | 0.164 0.129 0021 | 0205 0128 0025 | 0.138 0.3  0.008

(0.05) (0.03) (0.01) | (0.03) (0.03) (0.01) | (0.04) (0.03) (0.01) | (0.02) (0.01) (0.001)

0.855 0.875 0876 | 0911 0911 0888 | 0441 0.571 0415 | 0427 0.631  0.296
0.08) (0.07) (0.09) | (0.04) (0.04) (0.08) | (0.09) (0.03) (0.11) | (0.06) (0.04) (0.038)

GraphBEAN (ours)

(2 TMNa BepLWMH — U N V)

https://engineering.grab.com/files/Interaction-Focused%20Anomaly%20Detection%200n%20Bipartite %620Node-and-Edge-Attributed%20Graphs.pdf
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1. 'ae npumeHaeTcsH

i} - Jetekumna dpopa 1 obHana
- [eTekuusa crnamMmepos U 3M1I0YMbILLMIEHHUKOB B COLIMAsbHbIX CETAX
- [la no4Tun Be3ae:

Node embedding-based graph autoencoder outlier detection for adverse pregnancy outcomes
(14 HoA6pAa 2023)

https://www.nature.com/articles/s41598-023-46726-4
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