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CASS: Stewardship and Advancement of the
Scientific Software Ecosystem

® Inward-facing activities: Strengthening software products

® Improve development practices, sustainability, quality, and trustworthiness
® Enhance user experience and integration within the broader ecosystem

® Outward-facing activities: Community engagement and discovery
® Curate and evolve the software portfolio
® Help teams connect with and grow their user communities
® Enable the broader community to discover and adopt useful software

CORSA
Partnering with foundations
to provide sustainable

pathways for scientific
software

CASS Members

BAPIDS

Stewardship, advancement,
and integration for data,
visualization and ML/AI

packages

EASTMATH BESO
Stewardship, advancement, Stewarding, evolving and
and integration for math integrating a cohesive
and ML/AI packages ecosystemn for DOE software

S4pST STER

Stewardship, advancement
of software tools for
understanding performance
and behavior

Stewardship, advancement
and engagement for
programming systems

@

Sponsored by the
Department of
Energy, Office of
Advanced Scientific
Computing Research
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Engage with CASS!

* | earn about CASS:
® https://cass.community/about/

* Join the CASS Announcement list (low-volume):
® http://eepurl.com/iRiSnY

* Find out more about our software products

® Catalog: https://cass.community/software/
® Collected as part of the Extreme-Scale Scientific Software Stack (E4S)

* Participate in CASS Working Groups
® Impact Framework, Integration, Metrics, Software Ecosystem, User-Developer
Experience, Workforce
® https://cass.community/working-groups/
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Autotuning HPC Codes and ML Pipelines with GPTune

Yang Liu, Sherry Li
Lawrence Berkeley National Laboratory
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Autotuning

* Problem

Given a target problem (task) and a parameterized code to solve it, find the
parameter configuration (combination of parameter values) that optimizes the
code performance

» Metrics: solution time, memory or energy usage, etc. (or combined)

* Real application codes are costly
* Run on large supercomputers, for a long time

* Real datasets can be large
« Streaming measurement data can be large
* Online shared database

* (Goal: make best use of limited budget and available data

6 7 ECP = Gy



Applications of GPTune

* Tuning mathematical software on exascale computing platforms

xSDK Version 0.7.0: November 2021

https://xsdk.info ‘ Multiphysics Application C ‘

Each xSDK me: e
be used with ol

i xSDK functionality, Nov 2021

Tested on key machines at ALCF, NERSC,

1

1

1

i

uses or can ;

xSDK packages, | -
ace is regularly Application A Application 8 | | OLCF, also Linux, Mac OS X
: ]
i
4

More domain
compones ButterflyPAC
I ¥ I ¥
I\{o‘;ir:‘"l;tehr‘ior::e 5 Domain components Libraries Frameworks & tools SW engineering
+ 2 domain *  Reacting flow, etc. +  Solvers, etc. +  Docgenerators. +  Productivity tools.
«  Reusable. «  Interoperable. +  Test, build framework. «  Models, processes.

Impact: Improve:
usability, access,

component:
* 16 mandatory xSDK 1

mmmmmmm ty policies l P —————— ] T
* Spack xSDK installer Kit (xSDK)

d code quality,
sustainability

xSDK: Extreme-scale Scientific Software Development Kit (figure obtained from hitps://xsdk.info/packages/)

* Tuning computational science codes and experimental control

e Fusion simulation: NIMROD, M3DC1

* Electromagnetics simulation: cavity modeling, photonics crystal simulation

» Accelerator physics: RHIC beamline

* Physics-informed uncertainty quantification
« Poisson equation, wave equations, etc.

ECP == Gf
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Example: semi-exhaustive search
m=n=5mb=nb=2,p=2

* Parallel dense QR factorization in ScaLAPACK

. ( ai diz dis a4 )
* 2D block-cyclic layout O : 1 :0
* Task is defined by [m, n] pair a  an s A
* 3 Parameters: {mb, nb, p} (nprocs = pxq) o as toae A @
2 3 2
Runtime (s) a a Az au das
\ dsi O Asz 3531 Ass Q )

1 node, 24 cores
m=n = 2000
—— x-axis: mb, y-axis: nb
- each layer is one pxq config.

* Rule of thumb for best performance (from algorithm viewpoint)
* Process grid as square as possible
» Blocks as square as possible

8 https://github.com/gptune/GPTune




Example: semi-exhaustive search
m=n=5mb=nb=2,p=2

Parallel dense QR factorization in ScaLAPACK

. [ A a1z an Aia )
* 2D block-cyclic layout O : 1 :0
* Task is defined by [m, n] pair an  an:an  am:
* 3 Parameters: {mb, nb, p} (nprocs = pxq) o as toae aw me
2 - 3 -2
Runtime (s) a1 a4 Aas daa ais

2000 4 8 2 12 0.20

"<110000 1 26 16 192 161 oo

* Rule of thumb for best performance (from algorithm viewpoint)
* Process grid as square as possible
» Blocks as square as possible

9 https://github.com/gptune/GPT I =R, .,
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Characteristics of the optimization problems

No analytical formulation of
» objective function (runtime, memory, energy, ...)
« gradient
» problem constraints

Function evaluation == expensive application run (up to weeks!)
» large variability related to hardware (e.g., network, disk 1/O)

Non-convex problems and non-linear constraints

Discrete and continuous search spaces
« Parameters can be Real, Integer, Categorical

-

10 https://github.com/gptune/GPTune @ Eg:[jﬁp r:m @



Bayesian optimization

¢ Problem: min y(x), x :parameter configuration
x

* Bayesian statistical inference is an iterative model-based approach
o versatile framework for black-box derivative-free global optimization

N

Sampling: y;... ¥, Surrogate Model f(x) Search Next:
Prior distribution — min f =~ miny Xn+1 7 Yn+1
Update Posterior Distribution To optimize Acquisition
Function
p(¥) = N (iy, Zo) \’/ |
o . pdate model with new data
Multivariate normal dist. Bayes Rule
. . 9\ — r:r:rrl |||
11 https://github.com/gptune/GPTune @ = ﬂ;ﬂD TJ\J Q



Bayesian optimization

¢ Problem: min y(x), x : parameter configuration
x

* Bayesian statistical inference is an iterative model-based approach
o versatile framework for black-box derivative-free global optimization

N

Sampling: y;... ¥, Surrogate Model f(x) Search Next:
. . X -
Prior distribution — min f = miny n+1 7 Ynt1
Update Posterior Distribution To optimize Acquisition
Function

p{y} = N(ﬂg, El‘.JI]I k—/ .
Bayes Rule pdate model with new data

Multivariate normal dist.

| [ |

* Models: Kernels (RBF,

. Exponential, Matern * Acquisition Function: Expected
« Sampler: Monte Carlo ’ ’

Pt . Wendland), LCM, multi-armed Improvement (El), UCB, MSPE, etc.
Sampling, Latin : : Obtimization: GA. PSO. CMA-ES
hypercube sampling, etc. bandit, clustering, MCTS, * Optimization: GA, : -ES,

’ transfer learning, etc. LBFGS, etc.

* Optimization: LBFGS, MCMC

-
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Modeling ol

0.2

time (s)

Gaussian Process Regression
“Gaussian Processes for Machine Learning”, Rasmussen and Williams 2006

13
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Modeling: Gaussian Process with e.g. RBF Kernels

* GP defines a distribution over functions, and inference takes place in the
space of functions

e Every finite subset of variables follows multivariate normal distribution

GP is specified by the mean function and covariance function
k(x,x") (kernel)

f(x) ~GP(u(x),k(x,x"))
u(x) = E[f (x]
k(x,x") = E[(f(x) — u(x))(f (x") — u(x"))]

RBF kernel

12
k(x,2") = oZexp(—ZP, ST

covariance is large if two points are close

—1(8) = %logIKI + %(y - WKy —w) + glog(ZR) —Vi(6); = %tr(K‘lajK) — %yTK‘lajKK‘ly
Hyperparameter 8 =(o2, [;, etc.) optimization: MLE, MCMC, etc.

14 @ ECP \J\'J A



Modeling: GP model prediction

&iven s observation pairs:

X = [xlr x%, ..., x%] Y= [y(xl)r Y(xz): oy ()]
Add new point x*, posterior prob. distribution is : p(y*|X) = N (i, 62)
mean (prediction) and variance (confidence) for y(x*) are:

w, =K@ X) KX, X))y
o2 =K(x*x*)—Kx*"X)KX,X)"1K(x*, X)T

Dimension of covariance matrix K (X, X) = number of samples

Inversion of K and its log determinant can be quite expensive to compute

15




Modeling: Other Kernels, Optimizers and Algorithms

Tuner

Kernel, modeler

Model
optimizer

Tast
inversion

Acquisition
function

Search algorithm

GPTune (single-

RBF, Exponential,

LCM,

Matern,

Ibfgs

ScaLAPACK

EI UCB,

’

MSPE, ¢-UCB,

PsO, o,
cmaes, l-bfgs-b,
dual annealing,

nels

MCMC

perLU_DIS

qg-El

objective) Wwap EI trust.
constr,shgo
EI, UCB,
GPTune (multi- § RBF, Exponential, MSPE, ¢-UCB, | nsga2, nspso,
objective) Matern, LCM hfgs ScalLAPACK q-EI, UCB- | maco, moead
HVIt
GPTuneBand | POM and -multi-1 e 0 1 geapaPACK | EIL UCB bso, —successive
ﬁl{‘n%ed ’bancciht1 - o halving
Tatern and cluster- | Ibfgs, EL MSPE _
cGP ing MOMC N/A : Ibfgs
GP-EI, GP-
GPTuneHybrid Matern and MCTS Ibfgs N/A UCB, UCTS, | Ibfgs
Multinomial
pso, T,
RBF, Matern, Ih HODLR, EI, UCB, | cmaes, l-bfgs-b,
GPTuneGeorge LCM, sparse ker- I18S, Su- MSPE, q-UCB, | dual_annealing,

trust-
constr,shgo

Table 2: Algorithm components of each supported tuner in GPTune. {: UCB-HVI uses the same
search algorithm as in GPTune (single-objective).

16




Search Phase

® Where to place the new sample point?
® Maximize certain Acquisition Function
® Optimization based on surrogate model (easier!)

® Balance between exploitation and exploration
®* Exploitation: local search within promising regions
e Exploration: global search of new regions with more uncertainty

® Given a new sample point, need quickly update the model

-
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Acquisition Function (1)

* Expected Improvement (ElI) — most commonly used AF

For a new point x*, expected difference from current best is
I(x) = max(y™" — f(x*), 0)
El(x*)=E(I(x)) = (™" — u(x*)) ©(Z) + o(x*)p(2)

e ®(.) = CDF of the standard normal distribution
e ¢(.) = PDF of standard normal distribution

[Jones et al. 1998]

A= “\



Acquisition Function (2)

* Lower Confidence Bound (LCB)

x* = argmin, LCB(x) = u(x) — Ao(x)

e u(x) - exploitation: favor points predicted to have low values

e —Ao(x) - exploration: subtracting uncertainty, prefer points where
the lower bound could be much smaller than the mean

e A - trade-off parameter controlling exploration vs exploitation




1D example: black-box function y(x) = sin(10x)

GP surrogate Maximize El

5 initial samples
4 additional steps

2 015 1

! 0.10 1

0
0.05 1

- * Blue line: true function
0.00 1 . .

2 e M — * Red dots: function evaluations
0025 Black line: mean function of the fitted

surrogate model

Grey shaded area is 95% confidence
interval

0.020
0.015
0.010 -
0.005 1
0.000 4

=1

2
i

0020 -
x* = 0.4606, f(x*) = -1.1461

0.015 1
0.010 1
0.005 1

5
i

0.000 1
00 02 04 06 08 10 00 02 04 06 08 10
10
0.006 1
05
00 0.004 -
=05 0.002 1
=1.0 T T T T T T
; ; . ' ' 0000 1 . : : ! : 0.0 02 04 06 08 10
00 0oz 04 06 08 10 i 02 04 06 08 10 x
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Search: Other Acquisition Functions and Algorithms

Tuner Kernel, modeler l\-‘loFlel- Fast . Acqu.isition Search algorithm
optimizer mversion function
PO, o,
GPTune (single- RBF, Exponential, EI, UCB, | cmaes, l-bfgs-b,
biecti S Matern, LCM, Ibfgs ScaLAPACK § MSPE, ¢-UCB, | dual annealing,
objective) Wwap LI trust.
constr,shgo
EI, UCB,
GPTune (multi- | RBF, Exponential, MSPE, ¢-UCB, | nsga2, nspso,
objective) Matern, LCM hfgs ScalLAPACK q-EI, UCB- | maco, moead
HVIt
GPTuneBand | DOM and multi- 1y 1 geaLAPACK | EIL UCB Pso, —successive
ﬁl{‘n%ed ’bancciht1 - o halving
Tatern and cluster- | Ibfes
GP : o N/A EI, MSPE Ibfg
¢ ing MCMC / ’ i8S
GP-EI, GP-
GPTuneHybrid Matern and MCTS Ibfgs N/A UCB, UCTS, | lbfgs
Tultinomia
RBF,  Matern, | HODLR, § EL UCB, | cmaes, I-bfgs-b,
GPTuneGeorge LCM, sparse ker- l\} (%iIC Su- MSPE, ¢-UCB, | dual_annealing,
nels S perLU DISI§ g-El trust-

constr,shgo

Table 2: Algorithm components of each supported tuner in GPTune. {: UCB-HVI uses the same
search algorithm as in GPTune (single-objective).
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GPTune Software: github.com/gptune/GPTune

* Python interface, leverage existing Python packages
» GPy, scipy, scikit-learn, scipy, scikit-optimize, MPl4py, pymoo, pygmo ...
* HPC code for parallel covariance matrix computation/inversion: BLAS,
ScalLAPACK, ButterflyPACK, George, SuperLU_DIST

* Part of xXSDK, E4S, spack

* User input:

» Task parameter input space ( ): the space of tasks parameters
* QR example: m =n = 20000

* Tuning parameter space ( ): the space of tuning parameters
» (categorical, integer, real), and ranges
* QR example: {mb, nb, nprow}

« Outputspace ( ): the space of objective function values
* runtime

« Define application as a black-box function
* Python to C / Fortran interface

-

22 https://github.com/gptune/GPTune @ Eg;[jﬁp r-m] -.i':| @



GPTune Software: Installation Options

* Manual full, manual lite, Spack, Nix, Docker
* For quick test, use the Docker image htips://ggle.io/5X02

23 https://github.com/gptune/GPTune @ E@?P _r_:r\}m


https://ggle.io/5X02

Easy-to-Use Interface in Python

A model problem to
illustrate user interface
N

" y(t, x) = sin(10x + 2¢)
3tasks: t = 0,0.5,1.0

2

)
e

Use Python classes to:

* Express arbitrary
complex sets of
constraints

* Provide arbitrary sets
of tuning choices, as
first class objects

from autotune.problem import *

from autotune.search import *
from GPTune.gptune import *

i.rlmlr.)ut_space = Space( [Real(0., 10., name="t")] ) ]_ Define appli

from autotune.space import * ]— Import internal Python classes

parameter_space = Space( [Real(0., 1., name=x")] ) parameters
output_space = Space( [Real(-Inf, Inf, name="y")] ) integer, real]
def objectives(point): -
t = poinf[‘t’]
X = point['X];
f =np.sin(10*x + 2*t)
retumn [f]

= black-box function

Define constraints

Cation
(categorical,
andranges

Define application as a

n

constraints = {*cst1”: “x>=0. and x <= 1."} = parameter search space

<4 [optional]

def analytical_model1(point): )

f = np.sin(10*x + 2*t) Define performance
return [f*(1+np.random.uniform()*0.1] [optional]

models = {'model1': analytical_model1}

constants={"AAA":aaa,”BBB":bbb} } Define constants [oy

problem = TuningProblem(input_space, parameter_space,
output_space, objectives , constraints, models, constants)

models

tional]

options = Options() } Set GPTune options
options['XXX] = ‘YYY’
gt = GPTune(problem, computer, data, options, ... ) .
gt MLA(NS, giventask, NI, NS1=int(NS/2)) } Use different funers
. . ¢‘\ — r:r:rrl |||
24 https://github.com/gptune/GPTune @ ELCP j]\d @
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Unified interface to many tuners

* External tuners: opentuner, hpbandster, etc.
® Qur tuners: GPTune, GPTuneBand, cGP, GPTuneHybrid, etc.

# Define objectives, constraints, spaces, options, computer

# Define the "autotune" interface to all tuners

problem = TuningProblem (IS, PS, 0OS, objectives, constraints)
# Call different tuners
if (TUNER_NAME==’GPTune’):

gt = GPTune (problem, computer=computer, options=options)
(data, model, stats) = gt.MLA(NS=NS, Igiven=giventask)
if (TUNER_NAME==’opentuner’):
(data,stats)=0penTuner (T=giventask ,NS=NS,problem, computer)
if (TUNER_NAME==’hpbandster’):
(data,stats)=HpBandSter (T=giventask ,NS=NS,problem, computer)
if (TUNER_NAME==’GPTuneBand’):

gt = GPTune_MB(problem, computer=computer ,NS=1,options=options)
(data, stats, data_hist)=gt.MB_LCM(NS=1,Igiven=giventask)
if (TUNER_NAME==’cgp’):

(data,stats)=cGP(T=giventask ,problem, computer ,options=options)

25 https://github.com/gptune/GPTune @ EL\E”: r:}‘ ...| QE



Variants of Algorithms and Features in GPTune

® Multi-task learning algorithm (GPTune MLA): y(t, x), t denotes task parameters

* Transfer learning algorithm (GPTune TLA): from trained y(t,, x) to improve
y(tz, x)

* Multi-fidelity tuning (GPTuneBand): y(s, t, x), s denotes a fidelity level

* Multi-objective tuning (GPTune): y!(t, x) denotes the I*" objective function

* Mixed-variable tuning (GPTuneHybrid)
* Non-smooth objectives (cGP)

* Database, visualization, and crowd tuning
(https://gptune.lbl.gov/repo/dashboard/)

* Other features: parallel implementation, checkpointing, sensitivity analysis,
importance analysis, coarse performance models

multi- multi- arallel database checkpoint
Tuner MLA | TLA fidelity objective Funing logging & re:-?-,tpa,rt
GPTune v v v v/ d Y
GPTuneBand v v v ol v
GP‘TIJIIE <GP v
variants e b TuneHybrid /
HpBandSter v
External OpenTuner v

26

https://github.com/gptune/GPTune @

E&E\}P ';:r}\ ilh| @

S—




Parallel architecture of GPTune

* Three execution modes of GPTune: MPI spawning mode, lite mode and reverse
communication interface (RCI) mode
default

Python (1 MPI)

Spawn at

Spawn desired MPIOMP combinition

most 2 MPIs

Parallel over LCM{

* Spawn at

most & MPls

Parallel over tasks

(a) MPI spawning mode

call application

parallel model/search

code instrumentation

27

options[’lite mode']=True
Python (=)

(b) Lite mode

| spawning | lite | __RCI____

from python from python
yes no
yes no

https://github.com/gptune/GPTune @

options['RCI mode']=True
Bash

\

(¢) RCI mode

from bash
yes
no

E.\@‘ip 3\ﬂ Q



Feature 1: Multitask Learning (MLA) and Transfer
Learning (TLA)

Consider a set of correlated objective functions {y;(X)};c1 s, we want to tune them
all together (MLA) or use the models of y;,i = 1,..,6 — 1 to tune ys (TLA).
Both MLA and TLA increase the effective number of samples

Tuning ScaLAPACK's PDGEQRF (m=n=12000)

[ o i . _ (a) source task: m=n=10000 (b) source tasks: m=n=10000, 8000, 6000
L. "] i [H]{IH d ]EJ[H]H]. 1ot 10 100 samples 100 samples each

= NoTLA

~—— WeightedSum (dynamic)
——— Multitask (TS)

—— Stacking

oo

B OpenTuner/GPTune, 7(=1)
41 B HpBandster/GPTune, 8(>1)

~1

—— Ensemble (proposed)

=]

o~

Ratio of best runtime

w
L
A

Tuned performance (runtime (s))

o

T T T T 2 v v T v
5 10 15 20 5 10 15 20

Number of function evaluations

TLA tuning runtime of ScaLAPACK QR
of 1 target matrix from 1 source matrix

MLA tuning runtime of
ScalLAPACK QR of 10 matrices

28 https://github.com/gptune/GPTune
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Feature 2: Fast K Computation: ScaLAPACK

Consider an analytical function, t, x: task and tuning parameters, 6 = 20
N : number of samples per task.

tasks

y(t,x) =1+ *D

1 t+1

C

L6 |
14 ||| |
- Ll
g1.2 (1|
1.0

0.8

() t=1

v E-ﬂ.#&f-. y=0.7

e (1200

0.00

0.25 D;c.‘-ﬂ 075 1.0

1.75
1.50]

.25

=
1.00|
0.75]

(cit=4

T

%=0.105, y=0,590

0,00

* GPTune: Multitask leaming for autotuning exascale applications, Yang Liu,

0,25 0,50 0.75 1.0
X

h.75 b) t=2
LS50
.25 “ | |
l inr“"f '[’l .l'l e
0.75 nlﬂ.ﬂ43. '-'-D.li?'-"
000 025 050 0% 100
X
(d) t=6
1.5
1.0
; x=0.011, y=0.511
0.5
0.00 1.00

0.25 050 0.75
X

Obijective functions

W Demmel, Xiaoye S Li, PPoPP’21

29

Time (s)

10

(]

3

0s(27x) Z sin (27x(t +2))

i=1

-s-Modeling (32 MPIs)
—r-Modeling (1 MPIT)
—-a-Search (32 MPIs)
—-Search (1 MPIs)

10"%

20 4()

320

N *§ = 6400

Parallel performance

Wissam M Sid-Lakhdar, Osni Marques, Xinran Zhu, Chang Meng, James
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Feature 2: Fast K Computation: Hierarchical Matrices

|dea: leverage low-rank compression to exploit data-sparsity of dense kernel matrices

Setup: generate N random samples, build the GP model, and predict the (¥ + 1)®* sample
t=1.000000 t=1.000000

1.75| e  true
1.50 —— prediction 1.6 —— prediction
sample 14 sample N = 102400.
123 12 Left: LBFGS.
"1.00| Lo Right: MCMC
0.751
0.8
0.00 0.25 050 0.75 1.00 0.00 0.25 050 0.75 1.00
Model Time Per lberation Madel |beratiors
10° {4 hodlr_grad 107
%]
107 & hodlr fd 5
T # hodlr_ mcmc 7
LN Tel Enﬂ
w 10
Eln : 3
102
T P e
10 N 10 10 10 N 10 10
—1(8) and —VI(8) ; per MCMC or LBFGS iteration Iteration counts of MCMC or LBFGS
30
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Feature 2: Fast K Computation: Sparse Kernel
Computation via SuperLU_DIST

k(x,x’)=02exp< 2(% B )>x<1—£>4(;};+1)

RBF Wendland

' ikeli 1 T -1 n
Negative log-likelihood: —[(0) = —10g|K| 4 — (y _ .U) K (y . ,u) + Zlog(2m)
(LBFGS, MCMC, etc.) 2 2 T

1 1
The gradient (LBFGS):  —VI(8); = —tr(K 19,K) ——YTK '9;,KK™ 'y

Randomized Hutchinson trace estimator:  tr( K19, K) ~ —z [K19; iKuy

Leverage the newly developed SuperLU_DiST python interface via file-based 10

icted Std

Predicted Mean

N = 6400
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Feature 3: Multi-objective tuning

* Part 1l.2 of https://ggle.io/5X02

* Pareto optimal: no other PS points dominate over this point in all objectives.

* Unconstrained and constrained multi-objective tuning output_space = Space([y1, y2, ...])
* No constraint, optimize: yk = Real(float("-Inf"), float("Inf"), name="yk")
« Constrained, optimize: yk = Real(float("-Inf"), 10.0, name="yk")
« Constrained, not-to-optimize: yk = Real(float("-Inf"), 10.0, name="yk”, optimize=False)

OSY Tuning with GPTune {NSGA gens 50; batch sample 5)

Truth

140 4 —— Mo Constraints
— Min Y1&Y2 (Y1 < -150)
170 4 — Min ¥2 (Y1 < -150) {(No model for ¥1)
100 4
e~ 804
e
60 4
40 A . ®
L]

201 ’_'—51

~250 -200 ~150 -100 50 0
¥1 (Constrainted Goal Y1 < -150)
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https://ggle.io/5X02

Feature 3: Multi-objective tuning of SuperLU_DIST

* Unconstrained two objective tuning
* Part Il.2 of https://ggle.io/5X02

Multi-objective EGO: One LCM per objective, NSGA-II in search

@ [S=[matrix name] PS=[COLPERM, NSUP, NREL, nprows].

e Multi-objective: @S = [time, memory], single-objective:
OS = [time] or [memory]. MLA § = 8 or single-task. 256 cores.

@ Pareto optimal: no other PS points dominate over this point in both

objectives.
2500e S 6400 g '\ -~
~ 1600 @ , 1 ~3200f i « e ]
E ‘.\ @ Pareto optima E 1600 F /! I_ N eaes ,_,"1
= 800 ) Time optimum C‘/ \ -“““ H—.\
> 400l ' ®Memory optimum| ., 3 f] Q2 \‘\
o X ® Default 5 400 | o @ =
g 200 g 20013, o, ‘e
= ey = 100} sq* : ;
100 - ] i()J”M\ *2M #3M ©4M ®5M © 6M *7M *8M|
70 L - o) SRS Se IS WOS TS SN S e o)
0.1 025 05 1 2 4 01 02505 1 2 4 8 16
Time (s) Time (s)
single-task | MLA =
33 https://github.com/gptune/GPTune (44 (C) ceneeed] i
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Feature 4: Incorporation of Coarse Performance

Model
* Part Il.4 of https://ggle.io/5X02

* An analytical formula can significantly improve tuning performance
A coarse performance model y(t,x) (per task) can be built into PS:
x — [x. y(t,x)]. ¥(t,x) can also be parameterized.

A simple performance model for PDGEQRF

}’" (t, X ) — Cﬁop X fﬁ’op + Cmsg X fmsg + Cvo.-' X Lol (1)

with the number of floating point operations Cjp, the number of
messages Cpnse and the volume of messages C,

2n?(3m —n) b,n* 3b,n(2m—n) b °n
R +

Clop— 2

fiop 2p 2pc 2pr 3pr ( )
2n
Cmsg=3nlog p, + ™ log p. (3)
2 2
= ( b log (2420 g (4)
Pc Pr 2 J
34 https://github.com/gptune/GPTune
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Feature 4: Incorporation of Coarse Performance
Model

* An analytical formula can significantly improve tuning performance
* The formula can have hyperparameters as well

A coarse performance model y(t, x) (per task) can be built into PS:
x — [x, y(t,x)]. ¥(t,x) can also be parameterized.

- i .

. fm=lﬂ, 5[:31]
I ftﬂ=2‘), 3[ = 1]
. =40, 3(>1)

s

=
=1
[k

=
s

Ratio of objective minimum

=
[]
on

=
S

* Task 1D

(a) Incorporate performance model (b) PDGEQRF: ratio between best runtime
with and without the performance model

35 https://github.com/gptune/GPTune @ E.@TP _r;:_r\\gr\ﬂ .C.Ef



Feature 5: Multi-fidelity tuning with GPTuneBand

* Part Il.5 of https://ggle.io/5X02

Multi-fidelity tuning of hypre

e Convection-diffusion equation on a n® grid:
—cAu+aV-u=f
o [S=[a, c|, PS=12 integer/real /categorical, OS=[runtime]

o Fidelity /budget ~ n?.

# HpBandster T # GPTune
4 ® GPTuneBand, 9 wins -. # GPTuneBand, 7 wins

il
o

=
oo
'l

o
1

= ¢
5]

1 1
L]

Optimal Hypre Time
bt = = =

(=] %] -

p—————y

—

*
T Y
o]
I =
e |
4 +—aa—
1 1 1 'l 'l 'l
S
&

B ——
——i—
e

—_— ——

—
——
—

=
o
1

Task 1D Task ID

Figure: Comparison of GPTuneBand (multi-fidelity, MLA), GPTune (MLA),

and HpBandster (multi-fidelity) A\‘ :
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Feature 6: Handling non-smooth objectives with cGP

( N

. . . . . L e Response Y pre-processing
* Non-smooth objective (discontinuity): single GP | (Censoring a"d'"mma"za"onsu .
performance poor Generate a random number u

* cGP (clustered GP): auto-partitioning of the

|
I
I
I
I
parameter domain and build GP on each : —<W>—
Rl Y g
I f— g N
2.00 - Red: t biecti 2.04 . L 1 & Cluster X_obs 3
| § lopmeatn] £ [
15 15 1 2 * ﬁ
| © 'z| Random search
I @ Classify X_new by S| and sample
‘® Cluster labels of X_obg ®
| 5 Y F
1 3 S
05 0.5 | & |[Fiting components B
WL = IJSlng GP surrogateq S
: |
0':' I Q.l:' I
-10 -05 00 05 10 -10 =05 00 05 10 |__ﬂquusmon maximizatign
* [“Partition 1 ]*[_Parfition 2] and sample
¢ CGP key OptionSZ —<<Reach required sample srze>N—
. \/
« N_COMPONENT: maximal number of clusters. y
« EXPLORATION_RATE: probability of generating L
- L. . Fit (cGP) surrogate model and
new samples from the acquisition instead of random [ find sample optimum ]

cGP workflow

37 https://github.com/gptune/GPTune @ E,g\(':HD r:;}li\\llj @
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Feature 6: Handling non-smooth objectives with cGP

* Part Il.6 of https://ggle.io/5X02

Tuning SuperLU_DIST factorization time

@ [S=[matrix name] PS=[NSUP, NREL, nprows].
@ Objective: OS = [time]. Single-task. 256 cores.

o N.COMPONENT and EXPLORATION_RATE are performance

critical

38

fomin (relative), N_SQUENTIAL=90

SiMa benzens Nab SihH12 S1MOHTE
MATRIX_MNAME

cGP outperforms single GPs by up to 11.5% for 90% of all 11 matrices
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Feature 7: Handling mixed-variables with GPTuneHybrid
L=2

* Part Il.7 of https://ggle.io/5X02

* Mixed-variable (categorical variables + continuous
variables): GP performance poor

* GPTuneHybrid: Monte Carlo Tree Search (MCTS)
for categorical variables and GP for continuous
variables.

GPTuuQeHybrid uses 50% less time for tuning STRUMPACK 3D Poisson

121

Optimal execution time (second

114

101

39

<Execution times > 12.0 seconds omitted.

2000

4000 6000 8000 10000 12000
Cumulative execution time (seconds)

https://github.com/gptune/GPTune @

hybridM (6.506)

TPE (6.586)

SMAC (6.488)
skoptForest (7.246)
skoptGP (7.853)
skoptDummy (7.181)

<+« e, Tid workflow
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Feature 8: Multiple Sample Generation in the Search Phase

* Goal: generate multiple new samples per BO iteration
* Reduce the number of hyperparameter optimization model stages (q-El, not Liar strategy)
* Leverage distributed-memory parallelism to run multiple function evaluations

° Methods
Multi-point acquisition functions (e.g., g-El): providing joint expected improvement of q samples.

* GP-mean-based Liar strategy: use model predicted mean as the function value, update the
model, after q steps, evaluate the true function.

* Constant Liar strategies: use statistical metrics (e.g., min, max, mean, etc.) of existing
samples as the function value, update the model, after q steps, evaluate the true function.

ScalLAPACK PDGEQRF nParallel=2 ) Distribution of suggested objectives for nParallel=2

—=— Metric GP —»— Metric min+iqr 1004
#— Metric minimum Metric avg(lg+uq)
-+ Metric mean »— Sequential

—=— Metric median Metric DH cl_max 804
+— Metric lower quartile +- Metric DH qUCB

14

12

g

10

Objective

&
o

WA ® 3 3 g .
o DT s A= gj o020 00 | I
SN RO NTER N RRANAARIYIES C T L LTS
& € ~\c»\\ RN
Convergence of PDGEQREF tuning Sample dlstrlEutlon of PDGEQRF tuning
with GPTune and DeepHyper with GPTune and DeepHyper

* Parallelizing autotuning for HPC applications: Unveiling the potential of the speculation strategy in Bayesian optimization, AP Dieguez, S Ockerman, T
Aikman, Y Cho, Y Liu, KZ Ibrahim, IJHPCA, 2025
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Feature 9: Crowd Tuning: Harnessing the Crowd for

Autotuning
-y
=

(2
(Pertmuttr) o= ==
User B User C

User A
Samples of >
the target task (Sierra) (Frontier)

History database
https://gptune.lbl.gov/repo

Learn from source data Users from different sites

Evaluate on the i i
surrogate using transfer learning

target platform modeliand Achi ——"
cnieve insights

search next
from data analytics

Observation: for popular applications, there are multiple users need tuning

* Qur goals:
1. Build an infrastructure to collect obtained knowledge

2. Leverage previously collected data for better tuning (fewer evaluations)
3. Provide useful data analytics from the shared database (history database)

* Harnessing the crowd for autotuning HPC applications, Y. Cho, J. Demmel, J. King, X. S. Li, Y. Liu, H. Luo, IPDPS’'23

* Enhancing autotuning capability with a history database, Y.Cho, J. Demmel, X. S. Li, Y. Liu, H. Luo, MCSoC’21
...—"\ \
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Feature 9: Crowd Tuning: Sensitivity Analysis

" Sobol’s sensitivity analysis: variance-based analysis to estimate the sensitivity
of each variable and interactions of the variables (variable = tuning parameter)
— 81: the influence on a single parameter

— ST: the influence of a parameter that includes all interactions with other
parameters

— S1/ST_conf: confidence interval

LOOKAHEAD

Matrix: SiSH12 | S1 [ S1_conf [ ST 1 ST _conf Ny
COLPERM | 0.795619 [ 0.061109 | 0.860267 | 0.070658 .
“LOOKAHEAD | 0.004315 | 0.009732 | 0.011590 | 0.002510 > /,.
. nprows 0.109990 | 0.049130 | 0.169862 | 0.032508 ~__—1 =
NSUP 0.008409 | 0.021093 | 0.055794 | 0.015733 et |
NREL 0.004392 | 0.008828 | 0.011989 | 0.003025 N

Example graphical representation on
Example result of SuperLU_DIST the(thw%kbt lashboard gﬁ,gtT.-ix_; Si5H12)

" We can reduce the tuning space based on the analysis

Note: analysis results are based on surrogate-based sampling,
so the results can vary depending on the sampling setting

* Sobol analysis: https://en.wikipedia.org/wiki/Variance-based_sensitivity analysis
*  We internally use SALib for the sensitivity analysis computation: htips://salib.readthedocs.io/en/latest/
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Feature 9: Crowd Tuning: Sensitivity Analysis

Tuning on SuperLU_ DIST (matnix: H20)

R Original tuning problem (five parameters), 10th result: 4,63s, 20th result: 3.55s
Reduced tuning problem (three parameters), 10th result: 3.96s, 20th result: 3.52s

75 ad
- R |
:f“ d | . :| | | | ]
& ot 4.0 [ ——4
2517
A\H \ + ; - 15
—\—\ﬂ

0 41 —9—+—4 351 1
| 2 3 45 6 7 8 910 1112131415 1617 18 19 20

=

Best tuning result (time (s))

Number of function evaluations

® SuperLU_DIST on four Haswell nodes in Cori
— Original tuning parameters: COLPERM, LOOKAHEAD, nprows, NSUP, NREL
— Reduced tuning parameters: COLPERM, nprows, NSUP
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Feature 9: Crowd Tuning: Importance Analysis

" Incorporated Dashing()’s analysis/visualization in the history database
— Importance analysis on tuning parameters or hardware performance counters

(and groups of them)

— Interactive visualization on web
(examples: PLASMA’s DGEMM/DG
at https://gptune.lbl.gov/repo)

— Visualization for trend matching

Good
1 ¥ match
ATOMIC

£ os — MEM ¥ Good
3 — IDQ match
vt — Efficiency loss
§ 6 Objective
% 0.4 ___y function
i
® 02
g Poor
z 0 match

12 4 8 12 16 20 24 28 32
Number of configurations

Analysis and Visualization of Important Performance Counters To
Enhance Interpretability of Autotuner Output

Mohammad Zaeed', Tanzima Z. Islam', Younghyun Cho®, Xiaoye Sherry Li%, Hengrui Luo?, Yang Liu?
Texas State University, 2Lawrence Berkeley National Laboratory, *University of California, Berkeley

TUNING_PARAMS

Single Phase

time

NSUP

NIMROD (analysis on tuning

parameters)

runtime ; S

PLASMA’s DGEMM (analysis on
performance counters)

(*) Islam et al., “Toward a programmable analysis and visualization framework for interactive performance analytics,” IEEE ProTools, 2019
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