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Kenchbi




1. RecSys

@Recsys

https://recsys.acm.org/recsys23/session-6/

kaggle

Session-based Recommendation with Graph Neural Networks (2018)
https://arxiv.org/pdf/1811.00855v4.pdf

2023 OTTO — Multi-Objective Recommender System
Build a recommender system based on real-world e-commerce sessions
(30 000S prize, 2 574 teams)

https://www.kaggle.com/competitions/otto-recommender-system

7-e mecTO
https://www.kaggle.com/competitions/otto-recommendersystem/
discussion/383769



https://recsys.acm.org/recsys23/session-6/
https://www.kaggle.com/competitions/otto-recommender-system
https://www.kaggle.com/competitions/otto-recommendersystem/discussion/383769
https://arxiv.org/pdf/1811.00855v4.pdf

1. RecSys

2022 H&M Personalized Fashion Recommendations
Provide product recommendations based on previous purchases

ka I e (50 000S prize, 2 952 teams)
https://www.kaggle.com/competitions/h-and-m-personalized-fashion-recommendations

1-e mecto
https://www.kaggle.com/competitions/h-and-m-personalized-fashion-
recommendations/discussion/324070
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ka I e (50 000S prize, 2 952 teams)
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1-e mecto
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N Logistic regression @ sirius Posted a year ago - 3rd in this Competition

with categorical
information - Top N

Wow, that's really powerful!

https://arxiv.org/abs/2311.00423v1

LLMRec: Large Language Models with Graph Augmentation for Recommendation. LLMRec - 370 HOBbI (hpeliMBOPK 1 AaTaceT, ynyuLlaroLuii
peKkoMeHpaTesNbHble CUCTEMbI NyTEM NPUMEHEHMUSA MPOCTbIX, HO 3G deKTUBHbIX CTpaTeruin gonosiHeHus rpacdoB Ha ocHoBe LLM.

— CtaTbsa npuHATa Ha WSDM'24



https://www.kaggle.com/competitions/h-and-m-personalized-fashion-recommendations/
https://www.kaggle.com/competitions/h-and-m-personalized-fashion-recommendations/discussion/324070
https://www.kaggle.com/competitions/h-and-m-personalized-fashion-recommendations/discussion/324070
https://arxiv.org/abs/2311.00423v1

2. Supply chains management

Llenb: KynuTb gellesne, BOBPeEMS
(korpa y opyrux peduumT), CHU3NTb
puckn gedunumntay cebs

(cMoXkeT nu Lenb BbIMNOMHUTL 3aKas?)

@

Hackonbko Takue uenm I'Ip03pa‘-IHbl?

KoHTpakTbl KOHOUAEHUMANbHBbI:
* K70, KOMY, CKONbKO, N0 Kakou ueHe?
* ABbynywem?

KTo knio4yeBou CBA3YyOWMA NOCTABLUK?
(Nexus supplier)

KDD "

Supply Chain Link Prediction on Uncertain Knowledge Graph

l'|yTb ganee: n3snedvyeHne Leno4ykn noctaBoK N3 HOBOCTEWN
Extracting supply chain maps from news articles using deep neural networks (2020)
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https://linkurious.com/blog/supply-chain-data-analysis/

https://api.repository.cam.ac.uk/server/api/core/bitstreams/92a7b226-2f41-4703-ad15-69c53ec7f26a/content

https://github.com/grandintegrator/Link-Prediction-Supply-Chains


https://kdd.org/exploration_files/p124-AI4Manufacturing_paper5.pdf
https://api.repository.cam.ac.uk/server/api/core/bitstreams/1494b97c-0c4b-4a7b-a562-10e1b0d11586/content
https://api.repository.cam.ac.uk/server/api/core/bitstreams/1494b97c-0c4b-4a7b-a562-10e1b0d11586/content
https://dl.acm.org/doi/abs/10.1145/3575637.3575655
https://api.repository.cam.ac.uk/server/api/core/bitstreams/92a7b226-2f41-4703-ad15-69c53ec7f26a/content
https://github.com/grandintegrator/Link-Prediction-Supply-Chains
https://linkurious.com/blog/supply-chain-data-analysis/

3. Knowledge graph

LA JOCONDE

A WASHINGTON

DA VINCI

ul pa1edo] st

paysiA sey

is a friend of

Jan 11984

Knowledge Graph Visualization Information Solution or Ball of Confusion? (2021)
https://www.lexjansen.com/phuse/2021/dv/PRE_DVO1.pdf



https://www.lexjansen.com/phuse/2021/dv/PRE_DV01.pdf

3. Knowledge graph (Siemens, 2017)

Graph Visualization and Exploration SIEMENS
Iv\g,u\uify{orUfQ

Product family

Has material type—————*

Has product group

Variety of graph structures:

\

viozioseez e i Product metadata and relationships
e 'PMD\ //5\,0:9” ceswpy\oquSﬂDSTBdO
o Y Successor Products - Successor, predecessor network
__ve==""3VL921068B40 T —

VL B2 108AB45 3VL93106MB40 Taxonomic information

https://indico.cern.ch/event/669648/contributions/2838194/attachments/1581790/2499984/CERN_Open_Lab_Technical Workshop - SIEMENS AG - FISHKIN - 11-01-2018.pdf



https://indico.cern.ch/event/669648/contributions/2838194/attachments/1581790/2499984/CERN_Open_Lab_Technical_Workshop_-_SIEMENS_AG_-_FISHKIN_-_11-01-2018.pdf

3. Robust reasoning over Knowledge
Graph with LLM (2023)

& Watch 59 +~ % Fork 74 - Y7 Star 858 -
Knowledge Graphs (KGs)

Cons: Pros:

+ Implicit Knowledge  Structural Knowledge
» Hallucination » Accuracy

* Indecisiveness ‘ \ * Decisiveness

» Black-box * Interpretability

» Lacking Domain- » Domain-specific Knowledge
specific/New Knowledge » Evolving Knowledge

Pros: Cons:

» General Knowledge * Incompleteness

» Language Processing * Lacking Language

+ Generalizability Understanding
"~ . Unseen Facts

Large Language Models (LLMs)

https://qgithub.com/RManLuo/Awesome-LLM-KG

100+ crateit c AAAL ICML, EMNLP, ICLR, Al Open, TACL, NAACL, ICDE, NeurlPS, NAACL, lJICAIl v gp.


https://github.com/RManLuo/Awesome-LLM-KG

Towards foundation models for knowledge graph reasoning -

https://arxiv.org/pdf/2310.04562.pdf

https://towardsdatascience.com/ultra-foundation-models-for-knowledge-graph-reasoning-
9f8f4a0d7f09

U .
K 0%?.&-4,’ Do Temporal Knowledge Graph Embedding Models Learn or
3* * NEURAL INFORMATION Memorize
<%5... PROCESSING SYSTEMS

i

R https://openreview.net/forum?id=UMokRwWWfLW

MpaBuna nokazanu okono-SOTA pe3ynbTaTbl, NPUYUHA — IMKU NPU 06y4YeHun
KG-ambepnuHros


https://arxiv.org/pdf/2310.04562.pdf
https://towardsdatascience.com/ultra-foundation-models-for-knowledge-graph-reasoning-9f8f4a0d7f09
https://towardsdatascience.com/ultra-foundation-models-for-knowledge-graph-reasoning-9f8f4a0d7f09
https://openreview.net/forum?id=UMokRwWfLW

4. Document understanding (link prediction)

https://paperswithcode.com/sota/entity-linking-on-funsd?p=doc2graph-a-task-agnostic-document

Other models -~ Models with highest F1
Filter:
Rank Model F1 4 Paper Code Result Year Tags @
T ot 7923 {1l Documents oy Token Pt Prcicion. 2 | 2053 13okTabps
2 SINGU_GROUP 7051 ijjﬁqfs:ed Solution for Entity Linking on Visual Rich 5 2022
3 SERA 65.96 E?ct:\lljlzzii::tfxtraction as Dependency Parsing in Visually 5 2021
4 Doc2Graph 5336 Doc2Graph: a Task Agnostic Document Understanding 0 5 2022

Framework based on Graph Neural Networks

Doc2Graph: a Task Agnostic Document Understanding Framework based on Graph Neural Networks (2022)
https://arxiv.org/abs/2208.11168
https://qithub.com/andreagemelli/doc2graph



https://paperswithcode.com/sota/entity-linking-on-funsd?p=doc2graph-a-task-agnostic-document
https://arxiv.org/abs/2208.11168
https://github.com/andreagemelli/doc2graph

5. Fraud detection — GTAN — SOTA Ha
patacetax Amazon-Fraud m Yelp-Fraud

AUC- ¢ Averaged Tags

P Cod R It Y
ROC  Precision  Po' ode Resu ear z

Rank Model

Semi-supervised Credit Card Fraud Detection via
1 GTAN 9750 89.26 . . . (w) 2] 2023
Attribute-driven Graph Representation

RLC-GNN: An Improved Deep Architecture for Spatial-
2  RLC-GNN 97.48 Based Graph Neural Network with Application to Fraud 2 2021
Detection

3 RioGNN 9619 Reinforced Neighborhood Selection Guided Multi- o 5 2021
5
o ’ Relational Graph Neural Networks

Pick and Choose: A GNN-based Imbalanced Learning
4  PC-GNN 95.86  85.49 : (»] 5 2021
Approach for Fraud Detection

Enhancing Graph Neural Network-based Fraud Detectors
5  CARE-GNN 89.73  82.19 ) (@) 2 2020
against Camouflaged Fraudsters

https://paperswithcode.com/sota/fraud-detection-on-amazon-fraud

https://arxiv.org/pdf/2307.05633.pdf
https://arxiv.org/pdf/2205.13084.pdf



https://paperswithcode.com/sota/fraud-detection-on-amazon-fraud
https://arxiv.org/pdf/2307.05633.pdf
https://arxiv.org/pdf/2205.13084.pdf

Kencbl B pnHaHcax

6. Probability of

Defa U It Financial Default Prediction via Motif-preserving Graph
W\ Neural Network with Curriculum Learning (2023
KDD2023 [ ) 9(2023)
: https://dl.acm.org/doi/abs/10.1145/3580305.3599351

I

Finding Money Launderers Using Heterogeneous Graph

7- AM L (a nti-money Neural Networks (2023)

launderin g) https://arxiv.org/abs/2307.13499
Graph Neural Networks for Multi-Level Graph Neural
. Asset Management (2021) Network for Information
8. PO rthhO https://research- Fusion in Learning Stock
ma nagement center.amundi.com/files/nuxeo Market Dynamics (2023)
/dl/52877ebd-db7c-4ddd- https://papers.ssrn.com/sol3/pa

95dc-b77f6b5bcf52 pers.cfm?abstract id=4423354



https://dl.acm.org/doi/abs/10.1145/3580305.3599351
https://arxiv.org/abs/2307.13499
https://research-center.amundi.com/files/nuxeo/dl/52877ebd-db7c-4ddd-95dc-b77f6b5bcf52
https://research-center.amundi.com/files/nuxeo/dl/52877ebd-db7c-4ddd-95dc-b77f6b5bcf52
https://research-center.amundi.com/files/nuxeo/dl/52877ebd-db7c-4ddd-95dc-b77f6b5bcf52
https://research-center.amundi.com/files/nuxeo/dl/52877ebd-db7c-4ddd-95dc-b77f6b5bcf52
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4423354
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4423354

9. ETA (estimated time of arrival) and traffic
prediction -- SOTA

ETA Prediction with Graph Neural Networks in Google Maps (2021)

https://arxiv.org/pdf/2108.11482.pdf

https://www.youtube.com/watch?v=zpDdvI95igc

ﬂ DeepMind

Traffic Prediction on PEMS-BAY

Leaderboard  Dataset

ther models lowest step
Filter: P r—
MAE S :

1 sTER 179 420 0 @2 202

2 D2STGNN

185 430 [+ 2022

https://paperswithcode.com/sota/traffic-prediction-

Traffic Prediction on PeMS07

Leaderboard  Dataset

rrrrrr

1 STAEformer 1914 v

o 9 2023

https://paperswithcode.com/sota/traffic-prediction-

on-pems-bay

on-pemsQ7

Estimating package arrival time via
heterogeneous hypergraph neural
network (2023)
https://www.sciencedirect.com/sci
ence/article/abs/pii/S0957417423
02242X

Multi-attention graph neural
networks for city-wide bus travel
time estimation using limited data
(2022)
https://www.sciencedirect.com/sci
ence/article/abs/pii/S0957417422
004717



https://arxiv.org/pdf/2108.11482.pdf
https://www.youtube.com/watch?v=zpDdvI95igc
https://paperswithcode.com/sota/traffic-prediction-on-pems-bay
https://paperswithcode.com/sota/traffic-prediction-on-pems-bay
https://paperswithcode.com/sota/traffic-prediction-on-pems07
https://paperswithcode.com/sota/traffic-prediction-on-pems07
https://www.sciencedirect.com/science/article/abs/pii/S095741742302242X
https://www.sciencedirect.com/science/article/abs/pii/S095741742302242X
https://www.sciencedirect.com/science/article/abs/pii/S095741742302242X
https://www.sciencedirect.com/science/article/abs/pii/S0957417422004717
https://www.sciencedirect.com/science/article/abs/pii/S0957417422004717
https://www.sciencedirect.com/science/article/abs/pii/S0957417422004717

10. Causal Learning

Relating Graph Neural Networks to Structural Causal Models (2021)

https://arxiv.org/pdf/2109.04173.pdf
https://www.youtube.com/watch?v=XC-Bfg3dO0l

CausalGNN: Causal-Based Graph Neural Networks for
// Spatio-Temporal Epidemic Forecasting (2022)
mf‘..;ﬁ“g“’ https://ojs.aaai.org/index.php/AAAl/article/view/21479

Hierarchical Graph Neural Networks for Causal Discovery and Root Cause Localization (2023)
https://arxiv.org/pdf/2302.01987.pdf

https://www.youtube.com/watch?v=AStrISFhMWqg



https://arxiv.org/pdf/2109.04173.pdf
https://www.youtube.com/watch?v=XC-Bfg3dO0I
https://ojs.aaai.org/index.php/AAAI/article/view/21479
https://arxiv.org/pdf/2302.01987.pdf
https://www.youtube.com/watch?v=AStrI3FhMWg

11. Molecular embeddings
(88 mopenen nece c GNN) — SOTA

< Graph Classification on PROTEINS >
Leaderboard Dataset
View Accuracy V| by Date v for All models v
110 =
CARATE
100
5 9
g HGPSL
o
< 80 GIC 3
MLG
W DGK
70
60
2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
Other models Models with highest Accuracy

BuHapHas knaccudukaums — 3H3MM / HE 3H3UM https://paperswithcode.com/sota/graph-classification-on-proteins



https://paperswithcode.com/sota/graph-classification-on-proteins

12. Visual query answering (2019 - now)

Input: Image Step 1: Scene Graph Reasoning
) (Refres[enlted as A Scene Graph) (4 Time Steps)
e milk  left S milk left

wearing pink .wearing

shake " PR
i e
oldi beh'“7 hold?l@

red red

b

red, plastic red, plastic &)
Input: Question Step 2: Answer Prediction
What is the red object left of the ¢ /1! that is holding a hamburger? Tray

(Graph Classification Problem)

NeurlPS KR2ML 2020 https://qithub.com/codexxxl/GraphVVQA



https://github.com/codexxxl/GraphVQA

12. Visual query answering

1. Question Parsing
A

r ]
Question . 0.01 y = milk
S . — Linear

Question: What is Transformer D Summary vector q Classifier 008 — coat

the red object left of Encoder - y=
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Al A | Al
2. Scene Graph Encoding 3. Graph Reasoning 4. Answering

https://qithub.com/codexxx!/GraphVQA

ICCVLS

PARIS 1st Workshop on Scene Graphs and Graph Representation Learning

https://openaccess.thecvi.com/ICCV2023 workshops/SG2RL



https://openaccess.thecvf.com/ICCV2023_workshops/SG2RL
https://github.com/codexxxl/GraphVQA

13. NporHos norogbl — SOTA

ﬂ DeepMind

GraphCast

GraphCast: Learning skillful medium-
range global weather forecasting
(24.12.2022)

https://arxiv.org/pdf/2212.12794v2.pdf

https://qithub.com/google-deepmind/graphcast

https://paperswithcode.com/paper/graphcast- MO o
learning-skillful-medium-range



https://github.com/google-deepmind/graphcast
https://arxiv.org/pdf/2212.12794v2.pdf
https://paperswithcode.com/paper/graphcast-learning-skillful-medium-range
https://paperswithcode.com/paper/graphcast-learning-skillful-medium-range

14. CoumanbHble cetun CMUN - SOTA

GC GC MP FC FC SM

—

N N N FQH Fs 2 ZD

Fo

F1 F2

Figure 5: The architecture of our neural network model. Top row: GC = Graph Convolution, MP
= Mean Pooling, FC = Fully Connected, SM = SoftMax layer. Bottom row: input/output tensors
received/produced by each layer.

Fake News Detection on Social Media using Geometric Deep Learning (2019)
https://arxiv.org/pdf/1902.06673.pdf



https://arxiv.org/pdf/1902.06673.pdf

Mopnbopka keucos (2022) oT
Nikita Iserson



https://www.linkedin.com/in/nikita-iserson/
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https://www.linkedin.com/posts/nikita-iserson_graph-graphneuralnetwork-ecommerce-activity-7036628834598690816-TPtf

2ni. CtpaxoBsaHue

Graph Neural Networks for Insurance

Modeling Risk, Reinsurance Networks, Cascading Losses

Fraud Detection in Motor Insurance Sector

Policies (Risks) Direct Reinsurers Retrocessionaires
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Healthcare & Medicare (Treatment, Actuarial, Fraud & Abuse)

Recommender Systems and Cyberinsurance Ratemaking
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significatnt narcotics revenue
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https://www.linkedin.com/feed/update/urn:li:activity:7036230725330731008
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ﬁ Temporal graphs and Causality

Uncertainty estimation

Time-series prediction

Explainability

Large-scale (Kumo — 50 mnppg BepLuuH, etc.)

N N A

Physics-Inspired Graph Neural Networks

Physics-Inspired Graph Neural Networks (2023), M. Bronstein
https://www.youtube.com/watch?v=bb JKLS8h4A

Evaluating explainability for graph neural networks (2023)
https://www.nature.com/articles/s41597-023-01974-x
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& PyTorch
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Torch
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Ins pacnpepeneHHoro obyyeHns

graph-learn

£ 2 Alibaba.com

https://qithub.com/pyg-team/pytorch _geometric

https://pytorch-geometric.readthedocs.io/en/latest/

https://torch-spatiotemporal.readthedocs.io/en/latest/

https://qithub.com/TorchSpatiotemporal/tsl|

https://qithub.com/alibaba/graphlearn-for-pytorch
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‘ MTC CoolGra P h https://github.com/MobileTeleSystems/CoolGraph

= Jlerkum ctapTt c GNN

— ABTONOOOOP NOYTM BCEro, B T4 NapaMeTpoB NpegobpaboTkm gaHHbIX, pa3mepa
baTya, apxXUTEKTYP, NapaMeTPOB CNOEB 1 PYHKLININ aKTUBaAL NN

— [loppep>xmBaeT puym BepLUnH, pebep, rpynnbl BEPLUMH C pa3HbiMU Habopamm
Ppuryen

— 3kcnepumeHTbl TpekatoTca B MLFlow

—> MO>XHO UCnonb30BaTb A1 ObICTPOro Nosy4yeHmnsa ambenanHra
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DEEP
i )G GRAPH https://github.com/dmic/dgl
LIBRARY

amazoncom

¥ Important Announcement: Deprecation of MXNet and TensorFlow Support in
DGL 2.0

B Questions

G frozenbugs © Aug 23 Aug 23
1/2

¥ | Important DGL Update: After DGL 2.0 (ETA: 2023Q4), we'll be prioritizing PyTorch backend due to

resource constraints, saying goodbye to MXNet and TensorFlow support. Don’t worry though — if you Aug 23
still need them, you can use older DGL versions. We’re here to help you transition smoothly. Thanks for

your understanding and ongoing support!
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Graph neural
networks:

a review of
methods and
applications
(2020)

https://arxiv.org/pdf/1812.08434.pdf

- rmm——m—— =
Spectral ==
_________ A
.{ Convolution : R
i _Qperater
H Spatial 1
1
'
'
'
_________ '
( N '
1 Recurrent R,
H Operator 1
_________ .
'
Ll
_________ A
f Skip ]
\ Connection 1
FoT TS '
' Node ~--  GraphSAGE
__________ s
TTTETmEEET 1
! Layer - FastGCN
__________ 1
' Subgraph r—-- ClusterGCN
__________ s
fmmmmm :
H Direct R SlmPle
L s Pooling
__________ , Coarsening
! Hierarchical 1
__________ s
EigenPooling

VR-GCN

LADIES

GraphSAINT

Set2set

ECE

SAGPool

Spectral

Networl ChebNet
DGCN GWNN
Neural FPs DCNN
GraphSAGE
GAT GAAN
MoNet MPNN
GNN GraphSEN
GGNN Tree LSTM
PinSAGE
SortPooling
DiffPool gPool

Fig. 3. An overview of computational modules.
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14. CoumanbHblie cetun CMW

GC GC MP FC FC SM

—

Fo

F1 F2

Figure 5: The architecture of our neural network model. Top row: GC = Graph Convolution, MP
= Mean Pooling, FC = Fully Connected, SM = SoftMax layer. Bottom row: input/output tensors
received/produced by each layer.

Fake News Detection on Social Media using Geometric Deep Learning (2019)
https://arxiv.org/pdf/1902.06673.pdf
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Structure-of-Graphs--
-VmlldzozNzUINDU
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CemMunHapbl U KOHpEpPEHLUNN

‘.T\'{ e,
} NEURAL INFORMATION
PROCESSING SYSTEMS

STANFORD

@RecSys

Temporal Graph Learning Workshop @
NeurlPS 2023
https://sites.google.com/view/tglwork
shop-2023/home

New Frontiers in Graph Learning,
Workshop @ NeurlPS 2022

https://nips.cc/virtual/2022/workshop

ICCV.5

PARIS

1st Workshop on

Scene Graphs and
Graph Representation
Learning

https://openaccess.thecvf.com/ICCV2023

/49963

Stanford Graph Learning Workshop

https://snap.stanford.edu/graphlearni
ng-workshop-2023/

RecSys, rpadoBas cekuus

https://recsys.acm.org/recsys23/sessi

on-6/

workshops/SG2RL

",
%
%
LONG-BEAGHAGA

3 ceMunHapa no
0by4eHuto Ha rpadax

https://kdd.ora/kdd2023/workshops/
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Pecypcbl n paTaceTbl

( MouunTtaTtb ) < OdaTaceTbl )

https://dl.acm.org/doi/10

https://docs.dgl.ai/api/python

kop2023 /. L
— .1145/3580305.3599207 /dgl.data.html#fraud-dataset
e
, _ ”7\ https://pytorch-
Papers With Code https://paperswithcode.com/ \‘,‘}l geometric.readthedocs.io/en/I
“", atest/modules/datasets.html

Robust reasoning over Knowledge

. Graph with LLM
O GitHub https://github.com/RManLuo/Aw
esome-LLM-KG

% tg: @graphML
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