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Domain-Specific Software Stack

Domain-Specific Language/Library

Domain-Specific Compiler

Domain-Specific Hardware




Why Domain-Specific Architectures
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Image Credits: Dejan Markovic, EE292E Lecture Notes, Lecture 5, Stanford University, 2013



Hardware in Industry
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Types of Hardware
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Economics of Hardware

“That changed 1n 2013 when a projection showed people searching
by voice for three minutes a day using speech recognition DNNSs
would double our datacenters’ computation demands, which would
be very expensive using conventional CPUs.”

In-Datacenter Performance Analysis of a Tensor Processing Unit, Jouppi et al., Google, 2017



Hardware Design Considerations
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Spatial Hardware (a.k.a. streaming dataflow hardware)
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Overview: Sparse Tensor Algebra Compilation
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Hardware design for general sparse tensor operations

Sparse tensor algebra accelerators must support:

1. Generality: arbitrary tensor algebra operations
2. Data Structures: dense and sparse data structures
3. Fusion: Fusion across operations

4. Reordering: Changing the order they process tensor dimensions

11



Abstract tensor data model
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Tensors on Wires
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Sparse-matrix sparse-matrix multiplication

Sparse outer-level

Format agnhostic
accumulation

Hierarchical sparse iteration Tensor broadcasting
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Streaming dataflow abstract machine (for sparse tensor algebra)
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Compiling to the streaming dataflow abstract machine
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Inner-product sparse matrix multiplication
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Inner-product sparse matrix multiplication
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Inner-product sparse matrix multiplication
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Inner-product sparse matrix multiplication
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Gustafson sparse matrix multiplication
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Gustafson sparse matrix multiplication
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Sparse Dataflow Compiler Overview

Scheduling Language Sparse Dataflow Compiler
(Senanayake et al., 2020)
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