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Which IP events are probes on Wheo influences me to buy a product? Can | spot failures before they
the network? become critical?
*  Who has access to my social media
* ‘Who are they probing, who pages, what are they saying to me? » How do | avoid cascading failures
have they infected in the and what are the system
network? +  Since only a few people have direct dependencies?
influence on me = graph is sparse.
* Only a small number of events * Only a small number of critical
are probes — graph is sparse. dependencies — graph is sparse,

https://www.darpa.mil/program/hierarchical-identify-verify-exploit

https://www.hpcwire.com/2017/06/05/darpa-picks-intel-qualcomm-pnnl-2-others-tackle-hive-project/
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NVIDIA
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https://news.developer.nvidia.com/graph-technology-leaders-combine-forces-to-advance-graph-analytics/
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Graph processing

Graph Data Structure: Entity and Relationship representation of data

Graph Format: Dense/Sparse, COO/CSR/... for sparse graphs

Graph Application: BFS, DFS, PageRank, SSSP, Triangle Counting, etc.

Graph System: 1) Architecture: CPU(s), GPU(s), Hybrid (CPUs and GPUs)
2) Memory: Shared/Distributed

Graph Framework: cuStinger, Hornet, Gunrock, Ligra, AIM, etc.

Graph Libraries: GraphBLAS, cuGraph (CUSP, SPMV), etc.

Graph Challenges: Scalability, Irregularity, Distributed/Parallel approaches

Graph Challenges on GPUs: Load balancing, Memory footprint

Graph Types: Real-world graphs, Synthetic graphs such as RMAT, Kronecker
graphs

Graph Programming Models: BLAS, Vertex/Edge Centric, Gather-Scatter
(GAS) model
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Performance

Performance factors
1) Applications & Graph data characteristics

2
> Graph Frameworks

) Hardware choice
3) Data structure
)
9) Optimization / Parallelization / Synchronization

4) Programming model

6) Algorithm implementation

Graph Benchmarks: Graph500 — BFS, SSSP, PageRank,
Connected Components, Betweenness Centrality, Triangle
Counting and extra.

Graph Performance Metrics: FLOPS(LINPACK),
GTEPS(Graph500), Watt(Energy)
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Dynamic Graph Examples

Only a subset of the entire Dynamic:
« Attime t:
« v and w become friends.
* insert_edge (v,w)
 Attime t:
* u andv no longer friends

* deletecqgeuv)

Additional operations include vertex
insertions & deletions

Oded Green, GTC-DC-17
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Hornet

A flexible data structure to support static / dynamic graphs
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GPU Graph Frameworks Comparison
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BFS implementation & Verification

(1) Hornet Implementation
- Running the same algorithm in CPU and compare the result to results on GPU
(2) Gunrock Implementation
- Removing the cycles in the beginning
- The difference of precedents’ label value connected with an edge in the BFS tree should be exactly 1
**Graph 500 suggestions
- Remove cycles first and the BFS levels should differ by exactly one
(3) cuSPARSE
- Test with small contrived matrix: all elements in vector after each SpMV computation
- GraphBLAS(a set of mathematical operations for graph algorithm) representation of BFS

T start vertex T
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where A : R™*!, B : R™*", and C : R™*",
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BFS PageRank
Hornet BFS - SXM vs. PCI Hornet
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Dynamic PageRank Algorithm
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Dynamic PageRank Performance
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Fig. 6. Execution time (log scale) for both static graph and dynamic graph
algorithms for a batch size of 100 edges.
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Future

New applications discovery
ML + Graph algorithms (GraphSAGE, GraphSAINT...)
Extreamely large scale graphs (c.f. Graph500)

New programming models for the new graph
processors

Hardware/Software co-design
Accelerators (GPU, FPGA, etc)
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