



Suche senden


Hochladen
Sang_Graphormer.pdf
•
0 gefällt mir•10 views


Network Science Lab, The Catholic University of KoreaFolgen
DWeniger lesen

Mehr lesen
Technologie




Melden
Teilen








Melden
Teilen



1 von 13Jetzt herunterladenDownloaden Sie, um offline zu lesen



































Recomendados
NS-CUK Seminar: S.T.Nguyen, Review on "Hierarchical Graph Transformer with Ad...
NS-CUK Seminar: S.T.Nguyen, Review on "Hierarchical Graph Transformer with Ad...ssuser4b1f48 


DDGK: Learning Graph Representations for Deep Divergence Graph Kernels
DDGK: Learning Graph Representations for Deep Divergence Graph Kernelsivaderivader 


Edge Representation Learning with Hypergraphs
Edge Representation Learning with HypergraphsMLAI2 


NS-CUK Seminar: S.T.Nguyen, Review on "Do We Really Need Complicated Model Ar...
NS-CUK Seminar: S.T.Nguyen, Review on "Do We Really Need Complicated Model Ar...ssuser4b1f48 


DAOR - Bridging the Gap between Community and Node Representations: Graph Emb...
DAOR - Bridging the Gap between Community and Node Representations: Graph Emb...Artem Lutov 


Benchmarking tool for graph algorithms
Benchmarking tool for graph algorithmsYash Khandelwal 


Attention is all you need (UPC Reading Group 2018, by Santi Pascual)
Attention is all you need (UPC Reading Group 2018, by Santi Pascual)Universitat Politècnica de Catalunya 


Convolutional Neural Networks (CNN)
Convolutional Neural Networks (CNN)Gaurav Mittal 







Más contenido relacionado
Ähnlich wie Sang_Graphormer.pdf
A Generalization of Transformer Networks to Graphs.pptx
A Generalization of Transformer Networks to Graphs.pptxssuser2624f71 



Circuit Simplifier
Circuit SimplifierVineet Markan 



From Data to Knowledge thru Grailog Visualization
From Data to Knowledge thru Grailog Visualizationgiurca 



EGRE 310 RAMEYJM Final Project Writeup
EGRE 310 RAMEYJM Final Project WriteupJacob Ramey 



Multidimensional RNN
Multidimensional RNNGrigory Sapunov 



Colloquium.pptx
Colloquium.pptxMythili680896 



Introduction to Graph Neural Networks: Basics and Applications - Katsuhiko Is...
Introduction to Graph Neural Networks: Basics and Applications - Katsuhiko Is...Preferred Networks 



Laplacian-regularized Graph Bandits
Laplacian-regularized Graph Banditslauratoni4 



PPT - Enhancing the Locality and Breaking the Memory Bottleneck of Transforme...
PPT - Enhancing the Locality and Breaking the Memory Bottleneck of Transforme...Jisang Yoon 



NS-CUK Seminar: S.T.Nguyen, Review on "Improving Graph Neural Network Express...
NS-CUK Seminar: S.T.Nguyen, Review on "Improving Graph Neural Network Express...ssuser4b1f48 



COARFORMER: TRANSFORMER FOR LARGE GRAPH VIA GRAPH COARSENING.pptx
COARFORMER: TRANSFORMER FOR LARGE GRAPH VIA GRAPH COARSENING.pptxssuser2624f71 



ScaleGraph - A High-Performance Library for Billion-Scale Graph Analytics
ScaleGraph - A High-Performance Library for Billion-Scale Graph AnalyticsToyotaro Suzumura 



Analysis of Impact of Graph Theory in Computer Application
Analysis of Impact of Graph Theory in Computer ApplicationIRJET Journal 



NS-CUK Joint Journal Club : S.T.Nguyen, Review on "Graph Neural Networks for ...
NS-CUK Joint Journal Club : S.T.Nguyen, Review on "Graph Neural Networks for ...ssuser4b1f48 



Video Terminal Evolution and The Future of Browsers
Video Terminal Evolution and The Future of BrowsersThomas Walker Lynch 



Chapter 4 better.pptx
Chapter 4 better.pptxAbanobZakaria1 



Learning Graph Representation for Data-Efficiency RL
Learning Graph Representation for Data-Efficiency RLlauratoni4 



220206 transformer interpretability beyond attention visualization
220206 transformer interpretability beyond attention visualizationtaeseon ryu 



Design and Implementation of Variable Radius Sphere Decoding Algorithm
Design and Implementation of Variable Radius Sphere Decoding Algorithmcsandit 



Netflix machine learning
Netflix machine learningAmer Ather 





Ähnlich wie Sang_Graphormer.pdf (20)
A Generalization of Transformer Networks to Graphs.pptx
A Generalization of Transformer Networks to Graphs.pptx 


Circuit Simplifier
Circuit Simplifier 


From Data to Knowledge thru Grailog Visualization
From Data to Knowledge thru Grailog Visualization 


EGRE 310 RAMEYJM Final Project Writeup
EGRE 310 RAMEYJM Final Project Writeup 


Multidimensional RNN
Multidimensional RNN 


Colloquium.pptx
Colloquium.pptx 


Introduction to Graph Neural Networks: Basics and Applications - Katsuhiko Is...
Introduction to Graph Neural Networks: Basics and Applications - Katsuhiko Is... 


Laplacian-regularized Graph Bandits
Laplacian-regularized Graph Bandits 


PPT - Enhancing the Locality and Breaking the Memory Bottleneck of Transforme...
PPT - Enhancing the Locality and Breaking the Memory Bottleneck of Transforme... 


NS-CUK Seminar: S.T.Nguyen, Review on "Improving Graph Neural Network Express...
NS-CUK Seminar: S.T.Nguyen, Review on "Improving Graph Neural Network Express... 


COARFORMER: TRANSFORMER FOR LARGE GRAPH VIA GRAPH COARSENING.pptx
COARFORMER: TRANSFORMER FOR LARGE GRAPH VIA GRAPH COARSENING.pptx 


ScaleGraph - A High-Performance Library for Billion-Scale Graph Analytics
ScaleGraph - A High-Performance Library for Billion-Scale Graph Analytics 


Analysis of Impact of Graph Theory in Computer Application
Analysis of Impact of Graph Theory in Computer Application 


NS-CUK Joint Journal Club : S.T.Nguyen, Review on "Graph Neural Networks for ...
NS-CUK Joint Journal Club : S.T.Nguyen, Review on "Graph Neural Networks for ... 


Video Terminal Evolution and The Future of Browsers
Video Terminal Evolution and The Future of Browsers 


Chapter 4 better.pptx
Chapter 4 better.pptx 


Learning Graph Representation for Data-Efficiency RL
Learning Graph Representation for Data-Efficiency RL 


220206 transformer interpretability beyond attention visualization
220206 transformer interpretability beyond attention visualization 


Design and Implementation of Variable Radius Sphere Decoding Algorithm
Design and Implementation of Variable Radius Sphere Decoding Algorithm 


Netflix machine learning
Netflix machine learning 






Mehr von Network Science Lab, The Catholic University of Korea
230727_HB_JointJournalClub.pptx
230727_HB_JointJournalClub.pptxNetwork Science Lab, The Catholic University of Korea 



S.M.Lee, Invited Talk on "Machine Learning-based Anomaly Detection"
S.M.Lee, Invited Talk on "Machine Learning-based Anomaly Detection"Network Science Lab, The Catholic University of Korea 



230724_Thuy_Labseminar.pptx
230724_Thuy_Labseminar.pptxNetwork Science Lab, The Catholic University of Korea 



230724-JH-Lab Seminar.pptx
230724-JH-Lab Seminar.pptxNetwork Science Lab, The Catholic University of Korea 



5강 - 멀티모달 및 모듈화.pptx
5강 - 멀티모달 및 모듈화.pptxNetwork Science Lab, The Catholic University of Korea 



3강 - CNN 및 이미지 모델.pptx
3강 - CNN 및 이미지 모델.pptxNetwork Science Lab, The Catholic University of Korea 



4강 - RNN 및 시계열 모델.pptx
4강 - RNN 및 시계열 모델.pptxNetwork Science Lab, The Catholic University of Korea 



2강 - 실험 흐름과 멀티모달 개요.pptx
2강 - 실험 흐름과 멀티모달 개요.pptxNetwork Science Lab, The Catholic University of Korea 



1강 - pytorch와 tensor.pptx
1강 - pytorch와 tensor.pptxNetwork Science Lab, The Catholic University of Korea 



Technical Report on "Lecture Quality Prediction using Graph Neural Networks"
Technical Report on "Lecture Quality Prediction using Graph Neural Networks"Network Science Lab, The Catholic University of Korea 



Presentation for "Lecture Quality Prediction using Graph Neural Networks"
Presentation for "Lecture Quality Prediction using Graph Neural Networks"Network Science Lab, The Catholic University of Korea 



NS-CUK Seminar: J.H.Lee, Review on "Graph Neural Networks with convolutional ...
NS-CUK Seminar: J.H.Lee, Review on "Graph Neural Networks with convolutional ...Network Science Lab, The Catholic University of Korea 



NS-CUK Seminar: V.T.Hoang, Review on "Are More Layers Beneficial to Graph Tra...
NS-CUK Seminar: V.T.Hoang, Review on "Are More Layers Beneficial to Graph Tra...Network Science Lab, The Catholic University of Korea 



NS-CUK Seminar: S.T.Nguyen Review on "Accurate learning of graph representati...
NS-CUK Seminar: S.T.Nguyen Review on "Accurate learning of graph representati...Network Science Lab, The Catholic University of Korea 



Joo-Ho Lee: Topographic-aware wind forecasting system using multi-modal spati...
Joo-Ho Lee: Topographic-aware wind forecasting system using multi-modal spati...Network Science Lab, The Catholic University of Korea 



Ho-Beom Kim: Detection of Influential Unethical Expressions through Construct...
Ho-Beom Kim: Detection of Influential Unethical Expressions through Construct...Network Science Lab, The Catholic University of Korea 



NS-CUK Seminar: J.H.Lee, Review on "Hyperbolic graph convolutional neural net...
NS-CUK Seminar: J.H.Lee, Review on "Hyperbolic graph convolutional neural net...Network Science Lab, The Catholic University of Korea 



NS-CUK Seminar: S.T.Nguyen, Review on "Do Transformers Really Perform Bad for...
NS-CUK Seminar: S.T.Nguyen, Review on "Do Transformers Really Perform Bad for...Network Science Lab, The Catholic University of Korea 



NS-CUK Seminar: S.T.Nguyen, Review on "DeeperGCN: All You Need to Train Deepe...
NS-CUK Seminar: S.T.Nguyen, Review on "DeeperGCN: All You Need to Train Deepe...Network Science Lab, The Catholic University of Korea 



NS-CUK Seminar: V.T.Hoang, Review on "Everything is Connected: Graph Neural N...
NS-CUK Seminar: V.T.Hoang, Review on "Everything is Connected: Graph Neural N...Network Science Lab, The Catholic University of Korea 





Mehr von Network Science Lab, The Catholic University of Korea (20)
230727_HB_JointJournalClub.pptx
230727_HB_JointJournalClub.pptx 


S.M.Lee, Invited Talk on "Machine Learning-based Anomaly Detection"
S.M.Lee, Invited Talk on "Machine Learning-based Anomaly Detection" 


230724_Thuy_Labseminar.pptx
230724_Thuy_Labseminar.pptx 


230724-JH-Lab Seminar.pptx
230724-JH-Lab Seminar.pptx 


5강 - 멀티모달 및 모듈화.pptx
5강 - 멀티모달 및 모듈화.pptx 


3강 - CNN 및 이미지 모델.pptx
3강 - CNN 및 이미지 모델.pptx 


4강 - RNN 및 시계열 모델.pptx
4강 - RNN 및 시계열 모델.pptx 


2강 - 실험 흐름과 멀티모달 개요.pptx
2강 - 실험 흐름과 멀티모달 개요.pptx 


1강 - pytorch와 tensor.pptx
1강 - pytorch와 tensor.pptx 


Technical Report on "Lecture Quality Prediction using Graph Neural Networks"
Technical Report on "Lecture Quality Prediction using Graph Neural Networks" 


Presentation for "Lecture Quality Prediction using Graph Neural Networks"
Presentation for "Lecture Quality Prediction using Graph Neural Networks" 


NS-CUK Seminar: J.H.Lee, Review on "Graph Neural Networks with convolutional ...
NS-CUK Seminar: J.H.Lee, Review on "Graph Neural Networks with convolutional ... 


NS-CUK Seminar: V.T.Hoang, Review on "Are More Layers Beneficial to Graph Tra...
NS-CUK Seminar: V.T.Hoang, Review on "Are More Layers Beneficial to Graph Tra... 


NS-CUK Seminar: S.T.Nguyen Review on "Accurate learning of graph representati...
NS-CUK Seminar: S.T.Nguyen Review on "Accurate learning of graph representati... 


Joo-Ho Lee: Topographic-aware wind forecasting system using multi-modal spati...
Joo-Ho Lee: Topographic-aware wind forecasting system using multi-modal spati... 


Ho-Beom Kim: Detection of Influential Unethical Expressions through Construct...
Ho-Beom Kim: Detection of Influential Unethical Expressions through Construct... 


NS-CUK Seminar: J.H.Lee, Review on "Hyperbolic graph convolutional neural net...
NS-CUK Seminar: J.H.Lee, Review on "Hyperbolic graph convolutional neural net... 


NS-CUK Seminar: S.T.Nguyen, Review on "Do Transformers Really Perform Bad for...
NS-CUK Seminar: S.T.Nguyen, Review on "Do Transformers Really Perform Bad for... 


NS-CUK Seminar: S.T.Nguyen, Review on "DeeperGCN: All You Need to Train Deepe...
NS-CUK Seminar: S.T.Nguyen, Review on "DeeperGCN: All You Need to Train Deepe... 


NS-CUK Seminar: V.T.Hoang, Review on "Everything is Connected: Graph Neural N...
NS-CUK Seminar: V.T.Hoang, Review on "Everything is Connected: Graph Neural N... 









Último
GDG Cloud Southlake 30 Brian Demers Breeding 10x Developers with Developer Pr...
GDG Cloud Southlake 30 Brian Demers Breeding 10x Developers with Developer Pr...James Anderson 



Trading Software Development_ Trends to Watch in 2024.pdf
Trading Software Development_ Trends to Watch in 2024.pdfLucas Lagone 



Aguile Methodology for everyone wants to learn
Aguile Methodology for everyone wants to learnAlbertoTrejo35 



eXtended Reality(XR) Basic introductions
eXtended Reality(XR) Basic introductionsElanthirayan Madhavan 



CloudStack Tooling Ecosystem – Kiran Chavala, ShapeBlue
CloudStack Tooling Ecosystem – Kiran Chavala, ShapeBlueShapeBlue 



iOncologi_Pitch Deck_2024 slide show for hostinger
iOncologi_Pitch Deck_2024 slide show for hostingerssuser9354ce 



software-quality-assurance question paper 2023
software-quality-assurance question paper 2023RohanMistry15 



Microsoft x 2toLead Webinar Session 3 - How Employee Workplace Analytics and ...
Microsoft x 2toLead Webinar Session 3 - How Employee Workplace Analytics and ...2toLead Limited 



CloudStack 101: The Best Way to Build Your Private Cloud – Rohit Yadav, VP Ap...
CloudStack 101: The Best Way to Build Your Private Cloud – Rohit Yadav, VP Ap...ShapeBlue 



ChatGPT's Code Interpreter: Your secret weapon for SEO automation success - S...
ChatGPT's Code Interpreter: Your secret weapon for SEO automation success - S...SearchNorwich 



Geospatial Synergy: Amplifying Efficiency with FME & Esri
Geospatial Synergy: Amplifying Efficiency with FME & EsriSafe Software 



Boosting Developer Effectiveness with a Java platform team 1.4 - ArnhemJUG
Boosting Developer Effectiveness with a Java platform team 1.4 - ArnhemJUGRick Ossendrijver 



security-in-computing question paper 2023
security-in-computing question paper 2023RohanMistry15 



Assure Patient and Clinician Digital Experiences with ThousandEyes for Health...
Assure Patient and Clinician Digital Experiences with ThousandEyes for Health...ThousandEyes 



Why Disability Justice should be at the core of your digital accessibility jo...
Why Disability Justice should be at the core of your digital accessibility jo...Modality Co 



Transcript: Trending now: Book subjects on the move in the Canadian market - ...
Transcript: Trending now: Book subjects on the move in the Canadian market - ...BookNet Canada 



Achieving Excellence IESVE for HVAC Simulation.pdf
Achieving Excellence IESVE for HVAC Simulation.pdfIES VE 



TrustArc Webinar - TrustArc's Latest AI Innovations
TrustArc Webinar - TrustArc's Latest AI InnovationsTrustArc 



Establishing data sharing standards to promote global industry development
Establishing data sharing standards to promote global industry developmentThorsten Huelsmann 



Semiconductors Lead the Gas Analysis Revolution
Semiconductors Lead the Gas Analysis RevolutionEnviro Solutions  Technology 





Último (20)
GDG Cloud Southlake 30 Brian Demers Breeding 10x Developers with Developer Pr...
GDG Cloud Southlake 30 Brian Demers Breeding 10x Developers with Developer Pr... 


Trading Software Development_ Trends to Watch in 2024.pdf
Trading Software Development_ Trends to Watch in 2024.pdf 


Aguile Methodology for everyone wants to learn
Aguile Methodology for everyone wants to learn 


eXtended Reality(XR) Basic introductions
eXtended Reality(XR) Basic introductions 


CloudStack Tooling Ecosystem – Kiran Chavala, ShapeBlue
CloudStack Tooling Ecosystem – Kiran Chavala, ShapeBlue 


iOncologi_Pitch Deck_2024 slide show for hostinger
iOncologi_Pitch Deck_2024 slide show for hostinger 


software-quality-assurance question paper 2023
software-quality-assurance question paper 2023 


Microsoft x 2toLead Webinar Session 3 - How Employee Workplace Analytics and ...
Microsoft x 2toLead Webinar Session 3 - How Employee Workplace Analytics and ... 


CloudStack 101: The Best Way to Build Your Private Cloud – Rohit Yadav, VP Ap...
CloudStack 101: The Best Way to Build Your Private Cloud – Rohit Yadav, VP Ap... 


ChatGPT's Code Interpreter: Your secret weapon for SEO automation success - S...
ChatGPT's Code Interpreter: Your secret weapon for SEO automation success - S... 


Geospatial Synergy: Amplifying Efficiency with FME & Esri
Geospatial Synergy: Amplifying Efficiency with FME & Esri 


Boosting Developer Effectiveness with a Java platform team 1.4 - ArnhemJUG
Boosting Developer Effectiveness with a Java platform team 1.4 - ArnhemJUG 


security-in-computing question paper 2023
security-in-computing question paper 2023 


Assure Patient and Clinician Digital Experiences with ThousandEyes for Health...
Assure Patient and Clinician Digital Experiences with ThousandEyes for Health... 


Why Disability Justice should be at the core of your digital accessibility jo...
Why Disability Justice should be at the core of your digital accessibility jo... 


Transcript: Trending now: Book subjects on the move in the Canadian market - ...
Transcript: Trending now: Book subjects on the move in the Canadian market - ... 


Achieving Excellence IESVE for HVAC Simulation.pdf
Achieving Excellence IESVE for HVAC Simulation.pdf 


TrustArc Webinar - TrustArc's Latest AI Innovations
TrustArc Webinar - TrustArc's Latest AI Innovations 


Establishing data sharing standards to promote global industry development
Establishing data sharing standards to promote global industry development 


Semiconductors Lead the Gas Analysis Revolution
Semiconductors Lead the Gas Analysis Revolution 








Sang_Graphormer.pdf

	1. Do Transformers Really  Perform Bad for
Graph Representation?
AU T H O R S : C H E N G X U A N Y I N G , T I A N L E C A I , S H E N G J I E L U O 3 , S H U X I N Z H E N G 4 , G U O L I N
K E , D I H E , Y A N M I N G S H E , T I E - Y A N L I U
R E V I E W B Y: N G U Y E N T H A N H S A N G
N S L A B
 


	2. 1. Introduction
2. Contribution
3.  Model Architecture
4. Experiments
5. Conclusions
TABLE OF CONTENT
 


	3. + The Transformer  is well acknowledged as the most powerful neural network in
modelling sequential data, such as natural language and speech.
+ Transformer has still not been the de-facto standard on public graph
representation leaderboards.
+ Transformers could perform well for graph representation learning.
+ Many attempts of leveraging Transformer into the graph domain, but the only
effective way is replacing some key modules (e.g., feature aggregation) in classic
GNN variants by the softmax attention.
=> Whether transformer architecture is suitable to model graphs and how to make it
work in graph representation learning?
INTRODUCTION
 


	4. + An affirmative  answer by developing Graphormer, which is directly built upon the
standard Transformer
+ Achieving state-of-the-art performance on a wide range of graph.
+ Proposing Centrality Encoding in Graphormer to capture the node importance in
the graph.
+ Proposing a novel Spatial Encoding in Graphormer to capture the structural
relation between nodes.
+ The great capacity of the model leads to state-of-the-art performance on a wide
range of tasks in practice.
+ Graphormer outperforms most mainstream GNN variants by more than 10% points
in terms of the relative error.
CONTRIBUTIONS
 


	5. + Graph Neural  Network (GNN)
+ Transformer
FRAMEWORK
 


	6. + Node centrality  is usually a strong
signal for graph understanding to measures
how important a node is in the graph.
+ Each node is assigned two real-valued
embedding vectors according to its
indegree and outdegree.
+ By using the centrality encoding in the
input, the softmax attention can catch the
node importance signal in the queries
and the keys.
=> capture both the semantic correlation
and the node importance in the attention
mechanism.
CENTRALITY ENCODING
 


	7. + In each  Transformer layer, each token can attend to the information at any position
and then process its representation.
=> the model has to explicitly specify different positions or encode the positional dependency
(such as locality) in the layers.
+ For graphs, nodes are not arranged as a sequence.
+ They can lie in a multi-dimensional spatial space and are linked by edges.
 propose a novel Spatial Encoding to encode the structural information of a graph in the
model by using a connectivity function measuring the spatial relation between two
nodes.
+ Connectivity function: the distance of the shortest path (SPD) between two nodes.
SPATIAL ENCODING
 


	8. + Edges also  have structural features.
+ Finding (one of) the shortest path from two nodes and computing an average of the dot-
products of the edge feature and a learnable embedding along the path.
EDGE ENCODING
 


	9. + Graphormer Layer.
+  Special Node:
- Add a special node called [VNode] to the graph, and make connection between
[VNode] and each node individually.
- [VNode] is connected to all other nodes in graph to represent the sequence-level
feature on downstream tasks.
- The virtual node can aggregate the information of the whole graph (like the
READOUT function) and then propagate it to each node.
DETAILS OF GRAPHORMER
 


	10. + Settings:
- Two  model sizes: 𝑮𝒓𝒂𝒑𝒉𝒐𝒓𝒎𝒆𝒓(L = 12, d = 768), and a smaller one 𝑮𝒓𝒂𝒑𝒉𝒐𝒓𝒎𝒆𝒓𝑺𝑴𝑨𝑳𝑳 (L = 6, d = 512).
- The number of attention heads and the dimensionality of edge features: 32
- Optimizer: AdamW.
- Learning rate is set to 2e-4 (3e-4 for GraphormerSMALL) with a 60k-step warm-up stage followed by a
linear decay learning rate scheduler.
- The total training steps are 1M.
- The batch size is set to 1024.
EXPERIMENTS
 


	11. + OGB Large-Scale  Challenge:
EXPERIMENTS
 


	12. + This paper  applies Transformers to graph representation.
+ Use three novel graph structural encodings:
- Path and Distance in GNNs.
- Positional Encoding in Transformer on Graph.
- Edge Feature.
+ An applicable graph sampling strategy is desired for node representation extraction with
Graphormer.
CONCLUSION
 


	13. THANK YOU!
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