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motivation
overwhelming power of GPUs

o 97.7% of performance in GPUs
o 2.3% of performance in CPUs



autotuning

o implement a tunable kernel
o compile-time parameters

o runtime parameters

o generate the search space

o prune the search space
o hardware constraints

o software constraints

o performance heuristics

o run a sweep and pick the best kernel
o the fastest

o the most energy efficient?



o 1280 CUDA cores
o 1503 MHz clock
o 3855 GFLOPS peak (single precision)

o CUDA 10.1
o GCC 8.3

GTX 1060
6GB

hardware



matrix multiplication
CUDA Programming Guide

CUDA C Programming Guide, v10.1, August 2019
Figure 9. Matrix Multiplication without Shared Memory

For each element of C,
compute the inner product of a row of A and a column of B.



matrix mulGplicaGon
CUDA Programming Guide



matrix multiplication
CUDA Programming Guide

o 123 GFLOPS
o 3% of peak 🙁

tunable? 🤔



matrix mulGplicaGon
CUDA Programming Guide



matrix multiplication
CUDA Programming Guide

100 GFLOPS

124 GFLOPS

120 GFLOPS

170 GFLOPS

invalid configuration argument – runtime error 🤕

invalid configuration argument – runtime error 🤕

std::cout << cudaGetErrorString(cudaPeekAtLastError()) << std::endl;

BLOCK_SIZE ⨯ BLOCK_SIZE > 1024

o 37% faster 🙂
o 4.4% of peak🙁



CUDA C Programming Guide, v10.1, August 2019
Figure 10. Matrix Multiplication

with Shared Memory

matrix multiplication
CUDA Programming Guide



o Each thread loads one element of A.
o Each thread loads one element of B.
o Each thread computes one element of C.

matrix multiplication
CUDA Programming Guide



o 500 GFLOPS
o 4⨯ faster 😀
o 13% of peak 🙁

tunable! 😃

matrix mulGplicaGon
CUDA Programming Guide



matrix multiplication
CUDA Programming Guide



500 GFLOPS

640 GFLOPS

invalid configuration argument – runtime error 🤕

invalid configuration argument – runtime error 🤕

uses too much shared data – compilation error 🤕

uses too much shared data – compilation error 🤕

o 28% faster 😐
o 16% of peak🙁

2 ⨯ BLOCK_SIZE ⨯ BLOCK_SIZE ⨯ sizeof(float) > 49152

matrix multiplication
CUDA Programming Guide



similarly
o reading A and B to shared memory
o computing C in registers

but
o Each thread can compute many elements of C.
o Blocks of A, B, and C can be rectangular.
o Thread block can be rectangular.
o Threads can be arranged differently for:

o reading A,
o reading B,
o computing C.

one screen of code (~70 lines)
https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/kernel.cu

matrix mulGplicaGon
BONSAI sgemm example

https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/kernel.cu


Blocks A and B go through shared memory.

matrix multiplication
BONSAI sgemm example



Block of C is computed in registers.

matrix mulGplicaGon
BONSAI sgemm example



Threads can be arranged differently for:
o reading A,
o reading B,
o computing C.

matrix multiplication
BONSAI sgemm example



one screen of code (~70 lines)
https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/kernel.cu

https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/kernel.cu


one screen of code (~70 lines)
heps://bitbucket.org/icl/bonsai/src/default/examples/sgemm/kernel.cu

https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/kernel.cu


matrix multiplication
search space

one screen of code (~70 lines)
https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/generator.py

https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/generator.py


64 ⨯ 64 max

matrix mulGplicaGon
search space



128 ⨯ 128 max

128 ⨯ 64 max

64 ⨯ 128 max

matrix mulGplicaGon
search space



128 ⨯ 64 max

64 ⨯ 128 max

matrix multiplication
search space



same number 
of threads

matrix multiplication
pruning constraints



this is divisible by this

this divides this

matrix mulGplicaGon
pruning constraints



388,567 configurations

matrix multiplication
pruning constraints



number of threads divisible by warp size

388,567

315,058

matrix multiplication
pruning constraints



number of threads divisible by warp size

not exceeding max threads per block

388,567

315,058

310,270

matrix mulGplicaGon
pruning constraints

runtime error
invalid configuration argument



number of threads divisible by warp size

not exceeding max threads per block

not exceeding max shared memory

388,567

315,058

310,270

297,690

matrix multiplication
pruning constraints

compilation error
uses too much shared data

runtime error
invalid configuration argument



number of threads divisible by warp size

not exceeding max threads per block

not exceeding max shared memory

not exceeding max registers per thread (heuristic)

388,567

315,058

310,270

297,690

291,207

matrix multiplication
pruning constraints

compilation error
uses too much shared data

runtime error
invalid configuration argument



number of threads divisible by warp size

not exceeding max threads per block

not exceeding max shared memory

not exceeding max registers per thread (heuristic)

not exceeding max registers per thread block (heurisfc)

388,567

315,058

310,270

297,690

291,207

291,207

matrix multiplication
pruning constraints

compilafon error
uses too much shared data

runtime error
invalid configuration argument



291,207

79,532

at least 256 threads – good occupancy (heurisfc)

matrix multiplication
pruning constraints



291,207

79,532

528
at least 64 FMAs per load from DRAM – great compute intensity

(heuristic)

one screen of code (~70 lines)
https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/generator.py

matrix multiplication
pruning constraints

at least 256 threads – good occupancy (heurisfc)

https://bitbucket.org/icl/bonsai/src/default/examples/sgemm/generator.py


o 528 configurations
o compile and run each one
o 8000 ⨯ 8000 matrices A, B, C
o repeat each run 5 times

matrix multiplication
running the sweep



o 528 configurafons
o compile and run each one
o 8000 ⨯ 8000 matrices A, B, C
o repeat each run 5 fmes

o 44 min and 16 sec

matrix multiplication
running the sweep

⌛



o 528 configurations
o compile run each one
o 8000 ⨯ 8000 matrices A, B, C
o repeat each run 5 times

o 3560 GFLOPS max
o 3530 GFLOPS for cuBLAS
o 3855 GFLOPS peak

o matching cuBLAS
o 92% of peak

matrix mulGplicaGon
sweep results

1060 SGEMM tuning sweep

peak

cuBLAS



o 128 ⨯ 128 – block of C
o 128 ⨯ 24 – block of A
o 24 ⨯ 128 – block of B

o 16 ⨯ 16 – compufng C
o 32 ⨯ 8 – reading A
o 8 ⨯ 32 – reading B

matrix multiplication
sweep results

1060 SGEMM tuning sweep

peak

cuBLAS



motivation
parallel tuning

Summit @ ORNL
o 27,648 GPUs

We write codes for massively 
parallel machines.

Why are we not using massively 
parallel machines for autotuning?



motivation
parallel tuning

o Summit’s HPL run
o ~9 hours
o 27,648 GPUs
o = 248,832 GPU hours

This is equivalent to over 28 years 
of using 1 GPU for serial tuning.



motivation
large search spaces

GEMM parameters
o 9 fling factors
o SIMD / no SIMD
o textures / no textures
o 2 hardware parameters

o cudaFuncCache
o cudaSharedMemConfig

o four precisions
o single / double
o real / complex

o A: Trans / NoTrans
o B: Trans / NoTrans
o 3 input dimensions (m, n, k)



motivation
different input sizes

David E. Tanner
Tensile: Auto-tuning GPU Assembly for All Problem Sizes
iWAPT@IPDPS, 2018

GEMM speed depending on problem size best kernel for each size



motivation
GEMM vs convolution

DNN convolufon is basically a GEMM 
with slightly altered address arithmefc.

So, once we have a fast GEMM, we have 
a fast convolufon, right?

Y. Tsai et al.
Performance-portable autotuning of OpenCL kernels for convolutional layers of deep neural networks
MLHPC@SC, 2016



DNN convolufon is basically a GEMM 
with slightly altered address arithmefc.

So, once we have a fast GEMM, we have 
a fast convolufon, right?

Not necessarily.
We need to retune.
We may have catastrophic performance 
degradafon.

Y. Tsai et al.
Performance-portable autotuning of OpenCL kernels for convolutional layers of deep neural networks
MLHPC@SC, 2016

moGvaGon
GEMM vs convolufon



SpMV parameters
o 2,833 matrices
o a dozen storage formats

o CSC/CSR
o ELLPACK
o SELL-C/SELL-P
o Sell-C-Sigma
o BCSR
o DIA
o COO
o …

o multiple precisions
o hardware parameters
o implementation tuning parameters

SuiteSparse Matrix Collection
Tim Davis @ Texas A&M

motivation
different data structures



SpMV parameters
o 2,833 matrices
o a dozen storage formats

o CSC/CSR
o ELLPACK
o SELL-C/SELL-P
o Sell-C-Sigma
o BCSR
o DIA
o COO
o …

o mulfple precisions
o hardware parameters
o implementafon tuning parameters

motivation
different data structures



Capability 7.x Metrics
o 62 events
o 176 metrics
o cannot collect all in one launch

Even if we just want the fme/GFLOPS, 
we need mulfple runs for stafsfcally 
significant results.

motivation
collect hardware counters



deploy large sweeps
o distributed memory
o parallel compilafon (mulfcore)
o parallel benchmarking (mulf-GPU)

BONSAI
principles of operation

J. Kurzak et al.
Massively Parallel Automated Software Tuning
ICPP, 2019



-DBLOCK_SIZE BONSAI
parametrized kernels

https://bitbucket.org/icl/bonsai/src/default/examples/matmul/

https://bitbucket.org/icl/bonsai/src/default/examples/matmul/


BONSAI
CSV input and output



BONSAI
input parameters

types
o Integer – int64_t
o Real – double
o String – char[8]

kinds
o Compile
o Runfme



BONSAI
output parameters

Status
o Success
o Failure

Error
o None
o Launch
o Compile
o Execute

Time

user-defined
o e.g., GFLOPS



BONSAI
processing pipeline



BONSAI
runtime parameters

input runfme parameters accessible in the callback:

kernel_params[std::string(“ParameterName”)].string
.integer
.real



output runtime parameters accessible in the callback:

kernel_params[std::string(“ParameterName”)].string
.integer
.real

BONSAI
output parameters



BONSAI
rank 0 processing

basically distributed memory implementation of
o #pragma omp parallel for schedule(dynamic , chunk) 



BONSAI
rank != 0 processing



BONSAI
soqware

o C++
o header only implementation
o standard library containers
o reasonably commented
o Doxygenated
o https://bitbucket.org/icl/bonsai/
o modified BSD license

https://bitbucket.org/icl/bonsai/


experiment
GEMM tuning sweep

GTX 1060
6GB

sgemm tuning sweep
o 44 min and 16 sec



experiment
GEMM tuning sweep

GTX 1060
6GB

16 GTX 1060s

sgemm tuning sweep
o 44 min and 16 sec



experiment
GEMM tuning sweep

528 kernels



experiment
GEMM tuning sweep

528 kernels

25 kernels



experiment
GEMM tuning sweep

16 GTX 1060s
o serial sweep:
o parallel sweep:
o speedup:

45 min
2.5 min

18⨯




