
spcl.ethz.ch
@spcl_eth
@spcl

LUKAS GIANINAZZI, TAL BEN-NUN, MACIEJ BESTA, SALEH ASHKBOOS, YVES BAUMANN, PIOTR LUCZYNSKI, TORSTEN HOEFLER

Energy-Optimal and Low-Depth Algorithmic
Primitives for Spatial Dataflow Architectures



@spcl_eth
@spcl

spcl.ethz.ch

2

Spatial Dataflow Architectures
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Sorting, Selection, Collectives, and more 

Tree AlgorithmsReduce and AllReduce in Practice
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Sorting in 2D

Spatial Dataflow – Problem Statement
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Sorting in 2D

Spatial Dataflow – Problem Statement
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Permutation Lower Bound

Spatial Dataflow – Lower Bounds
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Spatial Dataflow – Lower Bounds
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Permutation Lower Bound

Spatial Dataflow – Lower Bounds
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Sorting Results

Spatial Dataflow – Results
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Sorting Networks

Spatial Dataflow – Methods
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Spatial Dataflow – Methods
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Sorting Networks

Spatial Dataflow – Methods

Bitonic Sorting Network
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Sorting Networks

Spatial Dataflow – Methods

Bitonic Sorting Network
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2D Merge Sort

Spatial Dataflow – Methods

Idea: Reduce size of both dimensions of 
the subgrid in every step
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Implications of the Sorting Results

Spatial Dataflow – Methods

1. PRAM Simulation

Idea: Simulate each step of a PRAM algorithm using sorting to resolve 
concurrent reads

Implication: Easy upperbounds for many problems

2. Sparse Matrix-Vector Multiplication (SpMV)

Idea:  Use sorting to move data to where it needs to go

Implication: Energy-Optimal low depth SpMV (when 𝒏𝒏𝒛	 ∈ 𝑶 𝒏 )

A x = y
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Conclusions 
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