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a A brief introduction to Hyperparameter Optimization
Deep Learning

Hyperparameter Optimization (HPO)

a« Why we need HPO

a Intro to some popular HPO algorithms
u Adaptive configuration selection
u Adaptive configuration evaluation

u Hyperparameter Optimization in CoE RAISE
a Machine-Learned ParticleFlow (in collaboration with CMS)
o HPO on HPC systems
u Model performance improvements
o Quantum-assisted Hyperparameter Optimization in CoE RAISE
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What is Deep Learning? (1/2) ASE

u Deep Learninq((DleI IS a subset of Machine Learning (ML) where the ML model is a deep
Neural Network (NN)

u To be considered deep, the NN should have multiple layers

u Two examples:
> £ e Model: M(x,w) = y

< =
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What is Deep Learning? (2/2) RASE

Center of Excellence

u In DL, model parametersy are learned using backpropagation and gradient
descent to minimize some objective, or loss} QUL h—

o Training:
o Foreachwi n training data, compute the gradients
weights by subtracting from them the gradients multiplied by some learning rate,

o Repeat until convergence or other stopping criterion
Ground truth,w

!

Output. & Loss ] [ Compute ]
‘ P ‘{ function ‘ gradients w.r.t0

\ Change model weights by — /
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Center of Excellence

RASE

? (1/3)
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What is Hyperparameter Opt

Qs not the model itself

Qs the final validation
loss after completed training,

”n
”n

depends not only on

U, but also on—

o QU

W

N7

Model: 0 (ah))

: Model parameters

0
o —Hyperparameters
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a Number of layers
o« Number of nodes

a Choice of optimizer, learning

rate, batch size, etc.

(HPO) is the process of tuning—

o Hyperparameter Optimization
to improve performance
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What Is Hyperparameter Optimization? (2/3) RASE

Center of Excellence

s Optimizing the objective "QU h— is done in two different ways
s 1: Optimize0 by gradient descent searchfor0® A OCEQUOh—

i 2: Optimize—by HPO  search for—= A O CETQU h—

[ "0 K is differentiable w.r.tD ] [ "QU h— non-differentiable W.I’.'[.—]

Gradient descent u Blackbox optimization
u No straightforward update rule for —

— ) "O—
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What Is Hyperparameter Optimization? (3/3) RAISE

of Excellen

a HPO Is a black box optimization problem, we want to find

z

— A JCEQU h— but only get to query values of 'Q not

compute its gradient w.r.t.—
a U : Model parameters (learned by gradient descent)
i — Hyperparameters
i 'Q0h— What wedre trying to mi
o Qs non-differentiable w.r.t.—

a "Qis often expensive to evaluate — )

u HPO Is computeresource intensive
u Benefits greatly from HPC resources
o In need of smart, efficient search algorithms

- f
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Why we need automatic hyperparameter optimization RASE

Center of Excellence

a Very time consuming for humans, and

. ON THE STATE OF THE ART OF EVALUATION IN
we do a bad job

NEURAL LANGUAGE MODELS
u Without good tuning, performance is

Gabor Melis™, Chris Dyer!, Phil Blunsom1?

likely left on the table e
HUniversity of Oxford
u Good tuning is required to accurately
compare model architectures ABSTRACT

Ongoing innovations in recurrent neural network architectures have provided a
steady influx of apparently state-of-the-art results on language modelling bench-
marks. However, these have been evaluated using differing codebases and limited
computational resources, which represent uncontrolled sources of experimental

u I n 20 17 . |t WaS S h Own th at the n rece nt variation. We reevaluate several popular architectures and regularisation meth-

ods with large-scale automatic black-box hyperparameter tuning and arrive at the

ad Van Ce S Of STOTA | N N L P We re N Ot d U e somewhat surprising conclusion that standard LSTM architectures, when properly

regularised, outperform more recent models. We establish a new state of the art

to th en Ovel arChIteCtureS, but %IL tt:g ];::igré z‘;fzsb;{lk and Wikitext-2 corpora, as well as strong baselines on the
iInsufficient tuning of old architectures [1]

https://arxiv.org/abs/1707.05589
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Some popular HPO algorithms RASE

Center of Excellence

u Model-free algorithms
u Grid search
o Random search e
u Successive Halving (SHA)
Hyperband > Adaptive configurationevaluation
u Asynchronous SHA (ASHA)<
u Evolutionary search

o Model-based algorithms > Adaptive configurationselection
u Bayesian optimization

a Hybrid algorithms Selection and evaluatiorbased

a Combines modetfree and algorithms can easily be combinef
model-based methods

= Staticconfigurationselection

c:
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Grid and random search

o Grid search
u Deterministic
u Exhaustive search (on the grid)
u Uses same value several times

o Random Search

u Stochastic

u Exhaustive search (on the random
points)

u Explores many more values of each Hi
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Grid Layout Random Layout
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Figure from: [2]James Bergstra and Yoshua Bengio: Random Search for HyperParameter
Optimization, https://www.jmlr.org/papers/volumel3/bergstral?a/bergstral?a.pdf
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Center of Excellence

Bayesian Optimization (1/5) RASE

u Bayesian Optimization (BO) is a blaeckox optimization technique for
expensive and/or noisy objectives

u Surrogate model
o EstimatesQ—, given some HPs—
u Estimates uncertainty of the objective function estimate
u Must be much faster than evaluatingQ

u Acquisition function
u Selects next—o evaluate
u Makes exploitation/exploration trade off

u Popular choice: Expected Improvement (El), i.e., how much better is the next
observation going to be over our current best?

i (Other)choices iInclude Probability of Improvement (Pl) and Upper Confidence Bound
UCB

13
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Bayesian Optimization (2/5) RASE

Center of Excellence

First evaluaten trials to fit

surrogate model to OftenA O A @0
Often a GP
A
f \
i "O— _
:C — ?C_ ) EGNEE] mp QO — ) 0 Q mm) — =)
0 model

&epeat until stopping criterion
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Bayesian Optimization (3/5)

iLet O0s

Vo

s ual

a In this example we have

u a Gaussian Process as the surrogate model and
u use El as the acquisition function
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RAISE

Center of Excellence

True (unknown)

== Hep(x)
Observations

1.5

Bayesian Optimization (3/5)
/ %\ //” TS
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Bayesian Optimization (3/5)

iLet O0s

Vo

s ual

a In this example we have

u a Gaussian Process as the surrogate model and
u use El as the acquisition function

Z
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Bayesian Optimization (3/5)

iLet O0s

Vo

s ual

a In this example we have

Z

e

u use El as the acquisition function
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Bayesian Optimization (3/5)
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a In this example we have
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Bayesian Optimization (3/5)
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Bayesian Optimization (3/5)

h e

csLetds Vvisuali ze t

a In this example we have
u a Gaussian Process as the surrogate model and

u use El as the acquisition function
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Bayesian Optimization (3/5)

sLetds Vvisuali ze t he

a In this example we have
u a Gaussian Process as the surrogate model and
u use El as the acquisition function
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Bayesian Optimization (3/5) RASE
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u In this example we have
u a Gaussian Process as the surrogate model and

u use El as the acquisition function
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Bayesian Optimization (4/5) | | RASE
Example using Gaussian Process and Ef~ =«

1
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Bayesian Optimization (5/5) RASE

Center of Excellence

Tree-structured Parzen Estimator (TPE) [3] TPE advantages
u Instead of modevllingr‘] G, model ) ago as i Simple and nonparametric
Che | dofee ¢ __ L
a TGO & o Works well with mixed HP spaces

(=

A0 ,(Lw), is a Kernel Density Estimator (KDE) & Runtime complexity:0 € & £€XQ
formed by all data points {w} resulting in better,

(worse), performance thanw

u 3 must be chosen to be worse than the best

observed

a A common choice is to setw to the 15"
percentile of all observed points

(=

Maximizing El is equivalent to maximizing%

[3] JamesBergstraRémiBardenet YoshuaBengioand Balaz&Kég) Algorithms for HypeParameter Optimization (2011)dvances in Neural
09.07.2024¢ CERN openlab Summer Student Lectar&sic Wulff Information Processing Systerh&tps://proceedings.neurips.cc/paper_files/paper/2011/file/86e8f7ab32cfd12577bc2619bc635&06r.pdf 25
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Parallel Bayesian Optimization RASE

Center of Excellence

o BO as discussed up until now is sequential, it waits for an evaluation to complete
before selecting a new set of HPs to try

o With modern computing and HPC, we can run many trials in parallel

u Must ensure to never evaluate same—more than once since that would be very
inefficient

u One strategy Is to
u Evaluate some given number of trials to get a set of observations
u Pick next—as described previously

a If more resources are available, modify acquisition function to penalizes that are
currently being evaluated but havenot compl ete

u One way of doing this is by reducing the variance of the surrogate model at those points;-

09.07.2024¢ CERN openlab Summer Student Lectar&sic Wulff 26



Evolutionary Search RASE

Center of Excellence

u Evolutionary Search (ES) uses mechanisms inspired by biological evolution such
as reproduction, mutation, recombination and selection

u A generic ES algorithm includes the following steps
a Step 1: Train a few initial, random, models

u Step 2: Repeat the following
u Use the objective function to evaluate thefithessof each model
i Selectthe fittest models for reproduction
u Create new individuals fromcrossoverand mutation

09.07.2024¢ CERN openlab Summer Student Lectaresic Wulff 27
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Adaptive configuration evaluation RASE

Center of Excellence

u It Is possible to identify badly performing trials early so
why train them to convergence?

Some MLPF Learning Curves

u Adaptive configuration evaluation strategies terminate
badly performing trials early

Some examples include:

u Successive Halving Algorithm (SHA)
u Terminate some fraction of trials according given stopping rate

MLPF loss

u Hyperband
u Loop over SHA using different stopping rates

a Asynchronous Successive Halving Algorithm (ASHA)
u Async version of SHA

09.07.2024¢ CERN openlab Summer Student Lectar&sic Wulff 29




Successive Halving AlgoritisHA

RAISE

Center of Excellence

_ _ _ _ Round 1Round 2 Round 3 Round 4
s | © Partially train some trials up to a | A A
c - .
5| 3 decision point Y | |
8= 2. Evaluate performance and throw Hyperband Bracket
0 . . .
- out worst x% Different trials Decision points
3. Repeat 12 until target epoch is
- reached or only 1 trial remains — |

Hyperband _
adds a # 4. Repeat 13 for different sets of
step

Loss

_

decision points

o Drawback:sensitive to stragglers

a All trials within a round must complete
before proceeding to next round

AN

Target epoch

u Not suitable for large-scale HPC runs s 20 60

Resources (usually epochs)
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c:

c:

c:

Successive Halving AlgoritisHA

SHA [4] requires
Number of HP configs,¢
Max resource,Y
Min resource, i
Reduction factor,—

Min early-stopping rate, i

| determines how many rounds we do,
higher | means less rounds

In this example we have 5
e yYhy pnmP p@ B ch 1
Drawback:sensitive to stragglers

a All trials within a round must complete
before proceeding to next round

u Not suitable for large-scale HPC runs
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Figure from: Yazdani Abyaneh, Amir Hossein & Krunz, Marwan. (2022). Automatic Machine

Learning for Multi-Receiver CNN Technology Classifiers
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Successive Halving AlgoritimsHA

Algorithm 1 Successive Halving Algorithm.

input number of configurations n, minimum resource
r, maximum resource R, reduction factor 7, minimum
early-stopping rate s
Smax = I_lOgn(R/’f’)J
assert n > n°=ax—% so that at least one configuration will
be allocated R.
T = get_hyperparameter_configuration(n)
// All configurations trained for a given
i constitute a ‘‘rung.’’
fori e {0,...,Smax — s} do

e = [

r; = rntte

L = run_then_returnval_loss(f,r;):0 €T

T = topk(T, L,n;/n)
end for
return best configuration in 7'

SHA algorithm as defined hjsha Li, Kevin Jamieson, AfdRostamizadehKatya
Gonina Moritz Hardt, BenjamiRechtand AmeetTalwalkar, Massively Parallel
Hyperparameter Tunind?roceedings of Machine Learning and Systg038)
https://proceedings.mlisys.org/paper_files/paper/2020/file/a06f20b349c6cf09a6
b171c71b88bbfdaper.pdf
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Figure from: Yazdani Abyaneh, Amir Hossein & Krunz, Marwan. (2022). Automatic Machine
Learning for Multi-Receiver CNN Technology Classifiers
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Hyperband RASE

Center of Excellence

Hyperband: A Novel Bandit-Based Approach to
Hyperparameter Optimization

a Hyperband [5] loops over SHA using

Carnegie Mellon University, Pittsburgh, PA 15213

d Iffe re nt Sto p p I n g rates i Kevin Jamieson JAMIESON@CS. WASHINGTON.EDU

University of Washington, Seattle, WA 98195

.. Giulia DeSalvo GIULIAD@GOOGLE.COM
u One |eSS parameter to Choose Google Research, New York, NY 10011
Afshin Rostamizadeh ROSTAMIQGOOGLE.COM

u Choice ofi can be important since learning et Yer Y 1001

Carnegie Mellon University, Pittsburgh, PA 15213

dynamics are highly problem dependent Determinea A1

o Potentially finds better solutions compared Fitor: Nando de Futes
to SHA (at cost of additional compute) Abstract

Performance of machine learning algorithms depends critically on identifying a good set of
.= hyperparameters. While recent approaches use Bayesian optimization to adaptively select
i Se n S Itlve to Stra Ie rS configurations, we focus on speeding up random search through adaptive resource allocation
u g g and early-stopping. We formulate hyperparameter optimization as a pure-exploration non-
stochastic infinite-armed bandit problem where a predefined resource like iterations, data
samples, or features is allocated to randomly sampled configurations. We introduce a novel
algorithm, HYPERBAND, for this framework and analyze its theoretical properties, providing
several desirable guarantees. Furthermore, we compare HYPERBAND with popular Bayesian
optimization methods on a suite of hyperparameter optimization problems. We observe
that HYPERBAND can provide over an order-of-magnitude speedup over our competitor set
on a variety of deep-learning and kernel-based learning problems.

[5] Lisha LiKevin JamiesoiGiulia DeSalv@fshinRostamizadepAmeet Talwalkar,
Hyperband: A Novel Banddiased Approach to Hyperparameter Optimizati(2016)
https://arxiv.org/abs/1603.06560
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Asynchronous Successive Halving AlgorkhysHA RASE

Center of Excellence

Algorithm 2 Asynchronous Successive Halving (ASHA)  ASHA algorithm as defined bisha Li, Kevin

A S H A 6 S [ 6 ] a s y Blimihates N ( input minimum resource r, maximum resource R, reduc- Jamieson, AfshiRostamizadehKatya

straggler problem
u Promotes trials to next round whenever possible
a If no promotions are possible, initiate new trials
a Number of erroneously promoted trials
expected to be small for large¢

The authors provide defaults which they claim
work well for a wide variety of problems

o Il Th- T

Run for as long as you like

a Common stopping criteria are the number of
trials to evaluate,¢, or reaching a given wall
time

Can be used to implement Asynchronous
Hyperband by looping over values ofi
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Goning Moritz Hardt, BenjamiRechtand

tion factor 7, minimum early-stopping rate s AmeetTalwalkar, Massively Parallel

function AsSHA() Hyperparameter Tunindg@roceedings of
repeat Machine Learning and Systei{2§18)
for for each free worker do https://proceedings.mlisys.org/paper/2020/f
(6, k) = get_job() ile/f4b9ec30ad9f68f89b29639786ch62ef
’ ) Tk Paper.pdf
run_then returnval_loss(8,rn*"")

end for
for completed job (#, k) with loss [ do
Update configuration ¢ in rung k with loss [.
end for
until desired
end function

function get _job()
// Check if there is a promotable config.
for k = |log, (R/r)| —s—1,..., 1,0do
candidates = top._k(rung k, [rung k|/n)
promotable = {t € candidates : ¢ not promoted}
if [promotable| > 0 then
return promotable[0], k + 1
end if
// If not, grow bottom rung.
Draw random configuration 6.
return 4,0
end for
end function
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Some practical tips RASE

Center of Excellence

iDondt use a too narrow search space

s Dondt ussagchoyery irtefficient
o Random search is just as easy to implement but much more efficient

o Coarse to fine search

u Use appropriate scale when searching for HP values
u The sensitivity of the LR or the momentum parameter is much higher in certain
ranges (i.e., when LR is small, or the momentum is close to 1)

o Use at least three dataset splits, train, test, validation, one of which is only
used for evaluation after the full HPO process has finished
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CoE RAISE and Work Packages 2 & 4

i CoE RAISE: Center of Excellence for Research onakid
Simulation-based Engineering at Exascale

u Develop novel, scalable Artificial Intelligence technologies Y

u Use-cases from Engineering and Natural Sciences

s CERN (Dr. M. Girone) leads WPBata-Driven UseCases =

towards Exascale el

i Including Task 4.1 (E. WulffEvent reconstruction and “ouu
classification at the CERN HLHG more on this shortly e A
a UOI (Prof. M. Riedel) leads WP&I and HPGCross “rupeLrT

Methods at Exascale

u Provides expert support on HPC and Al methods to useases in
WP4
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RAISE

Center of Excellence

CoE RAISE Partners

https://www.coeraise.eu
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WP4 usecases

- - Al at Center of Excellence
g Exascale

u Representative usecases from research and industry/SMEs, which have a
strong focus on data-driventechnologies, i.e., analyzing dataich
descriptions of physical phenomena

a Event reconstruction and classification at the CERN-HHC (CERN, RTU)

u develop novel approaches for HELHC collision event reconstruction replacing
traditional algorithms with Al-driven techniques towards HP&o-Exascale

: Seismic imaging with remote sensing for energy applications (FZJ, UOI, CYI)

u optimize seismic imaging and remote sensing, enabling Al approaches, combining |
satellite and airborne data with seismic imaging

u Defectfree metal additive manufacturing (UOI, FM)

u develop prediction models that detect porosity inside metal parts such that the
information is exploited to improve the product quality in additive manufacturing

o Sound engineering (FZJ, UOI)

u develop a deep-learning-based algorithm that associates individual anatomy to a
head-related transfer function (HRTF), for use in spatial audio systems
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Event reconstruction at the LHC ASE

Center of Excellence

u Event reconstruction attempts to solve the inverse problem of particleletector interactions,
l.e., going from detector signals back to the particles that gave rise to them

Particle-flow (PF) reconstruction takes tracks and clusters of energy deposits as input and
gives particle types and momenta as output

c:

A
' neutral

\ hadron
1

Detector

Particle Flow

ECAL
clusters

09.07.2024¢ CERN openlab Summer Student Lectar&sic Wulff 39



Al-based particle flow reconstruction workflow RASE

Center of Excellence

Physics simulation Dataset creation ML training Trained model

7
e
=

u T

‘. Model export
D=
o

A

1 neutral
% hadron
"

. Data pre
Data selection

processing

!l CMS Simulation Preliminary
i| tt+ PU, /s =14 TeV

\ Machine-Learned Particle Flow reconst

Event

reconstruction =

CMS Caollision event MLPF event reconstructidfi

[7] Pata J., Duarte, J., Mokhtar, F., Wulff,\eEoq J.,Vlimant J:-R.,Pierini M., Girone, M. (2022Machine

09.07.2024c CERN openlab Summer Student Lectar@sic Wulft Learning for Particle Flow Reconstruction at CRESrieved froni
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MachinelLearned Particike-low (MLPF) RASE

Center of Excellence

The MLPF model

u The Particle Flow (PF) Algorithm [8]

Event as input set Event as graph Transformed inputs
. . . . .. = Iy. X={x},A=A, — (]

o Tries to identify and reconstruct all stable individual = b A =4y H =)
particles from collision events by combining Seo, uf: "y
information from different subdetectors (tracks, o o— il — | "o g — "
calorimeter clusters) o TXIm=4 GXAlw)=H

u Machine-Learned ParticleFlow (MLPF) [9] Target set ¥ = (3 Output set ¥ = () |
u GPU accelerated, NNbased algorithm for PF Elementwise loss L(y.. )
5 3 classification & re re;si(;n A ecoding
u Code available onGitHub fassiigation & reg

u SeeACAT2021 talk by J. Pai@nd proceedings) for = felem.
. (A -ype, P, EECAL? EHCAL’ 1, ‘Jbs Houter» ¢outer’ q, ]
more MLPF model details andACAT 2021 talk bv E. y; = [PID, pr., E. 7. . q], PID € {none, charged hadron, neutral hadron, 7, ¢*, 4™, ...}

Waulff (and proceedings) for more details on the  hEeRMe
. Trainable neural networks: %, &,
hypel‘tu NI ng Of M LP F ® - track, I - calorimeter cluster, M - encoded element
- target (predicted) particle, - no target (predicted) particle
o SeeNature Commun Phys 2024 papefor latest

Based on Eur. Phys. J. C 81, 381 (2021)

reSU ItS https://arxiv.org/abs/2101.08578

[8] CMS Collaboratiohttps://cds.cern.ch/record/11944872In=en [9] Patg J., Duarte, JVlimant JRet al. MLPF: efficient machinkearned particleflow reconstruction using
' ' ' ' graph neural networksEur. Phys. J.&1, 381 (2021)https://doi.org/10.1140/epjc/s10052021-09158w
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https://doi.org/10.1088/1742-6596/2438/1/012092
https://www.nature.com/articles/s42005-024-01599-5
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Largescale distributed Hyperparameter Optimization RASE

Center of Excellence

Distributed HPO

Ray Tune train.py: tune.run o Using ASHA + Bayesian Optimization
T Tral m u Scalable up to hundreds of GPUs
Model . u Mean validation loss decreased by
oo [Worker1][Worker2] Worker 1 || Worker 2 worke” [Wo'keer ...,.44% gIVIng a Slgnlflcant

Selectlon - Worker1][Worker2]
DR - =l = performance improvement

Run 3 (14 TeV), tt, QCD with PUS0; u, i, mo, T, v, single particle guns
CMS Simulation Preliminary
Validation loss
0.10
Run 3 (14 TeV), tf, QCD with PUS0 2.50 Run 3 (14 TeV), tt, QCD with PUSO
0.08 2:30 —— Training loss —— Training loss
' —— Validation loss — Validation loss
2.25 2.25
Top trials
0.0010 _p #1 CMS Simulation Preliminary
5 After hypertuni
i ASSess learning ™ Mean snd standard deviation of 10 trainings
0.0008 — il Final validation loss: 0873 +/- 0,001
— #6
0.06 #7 o &
— #8 3 .
0.04 = :?o
1.25
0.02 v
Valldatlon cIassnﬂcatlon accuracy 1.00 1.00
0.94 CMS Simulation Preliminary
Before hypertuni
0.75 Mee:;ean)épsiarl:glar:g deviation of 10 trainings 0.75
Final training loss: 1.57 +/- 0.15
0.92 Final validation loss: 1.55 +/- 0.12 0.50
80 100 120 _ 140 160 180 200 050535 50 75 100 125 150 175 200 ©Y0 25 50 75 100 125 150 175 200
Epoch [1 0] Epochs Epochs [1 O]

[10] E.WuIff, M. Girone, J. Patdyperparameter optimization of datdriven Al models on
09.07.2024¢ CERN openlab Summer Student Lectaresic Wulff HPC systemd, Phys.: Conf. S@138012092(2023)https://doi.org/10.1088/1742 42
6596/2438/1/012092
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Scaling of MLPF hypertuning on multiple compute nodesRAISE

Center of Excellence

u Scaling of a rE)ypertuning run of MLPF on the JUREEBC-GPU system at the Jilich Supercomputer Centre
(JSC), 4 NVIDIA A100 and 264 cores AMD EPYC 7742 per node

u Superlinear scalingdue to re-loading of models when using fewer nodes
u Using the ASHA algorithm to schedule and terminate trials, in combination with Bayesian optimization

Run 3 (14 TeV), tt with PU200

2t System: JURECA-DC-GPU
4x NVIDIA A100 GPU, 4x 40 GB HBM2e
2x AMD EPYC 7742, 2x 64 cores, 2.25 GHz

16 32 48 64 80 96
Number of GPUs
Data used: [115imulated particldevel events of ttbar and QCD with PU200 using

Pythia8+Delphes3 for machine learned particle flow (MLPF),
https://doi.org/10.5281/zenodo.4559324
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Hypertuning tool of choice: Ray Tune

u Open-source tool for multi-node distributed
hyperparameter optimization

a Many built-in SOTA search algorithms
o ASHA
a Hyperband
u Bayesian Optimization

u Supports TensorFlow, PyTorch and others

u Supports integration of many other hypertuning tools
such as ScikiOptimize, HyperOpt, Optuna, SigOpt,
etc.
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Using Ray Tune on SLURM clusters

o Ray expects a headwvorker architecture
with a single point of entry

u Start a head node and multiple worker
nodes before running the Ray Tune script on
the head node

u Sometimes tricky to set up but once
done, it works great

°§’ RAY slurm

waorkload manager

09.07.2024¢ CERN openlab Summer Student Lectar&sic Wulff

RASE

Center of Excellence

nodes3(scontrolshow hostname$SLURM_JOB_NODELIST
nodes_array( $nodes)

node_1%{nodes_arraj0]}

ip=$(srun--nodes=1--ntasks-1-w $node_lhost${node_3Bi | awk'{ print $4 L2 0
port=6379

ip_head=$ip:$port

echo"IP Head$ip_head

echo"STARTING HEADbabde_T'
srun--nodes=1--ntasks=1-w $node_1\
ray start --head--node-ip-address=$node_1'i --port=$port\
--num-cpus"${SLURM_CPUS_PER_TFASHum-gpus"${SLURM_GPUS_PER_TFASHock&
sleep 5

worker_nunm=$(($SLURM_JOB_NUM_NODES
for ((i=1; i<=$worker_num i++))
do
node_F${nodes_arrajsi]}
echo"STARTING WORKERt $node_I'
srun--nodes=1--ntasks1-w ${node_i\
ray start--address'$node_1T'i:"$port" \
--num-cpus"${SLURM_CPUS_PER_TFASKum-gpus"${SLURM_GPUS_PER_TFASock&
sleep 5
done

python3 tune_script.py-cpus"${SLURM_CPUS PER_TAS#pus"${SLURM_GPUS_PER_TFASK
exit
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Center of Excellence

Hypertuning MLPF on HPC systems RAIS

u Thanks toForschungszentrumJulich (FZJ%, San Diego
Supercomputing Center (SDSC), Flatiron Institute
(collaboration with CMS and CERMpenlab)

o Using multiple compute nodes with 4 GPUs per node
u Both systems: 4 NVIDIA A100 40Gt&er node
i @CoreSite 64 core IntellcelakePlatinum 8358

i @JUWELS: 2x 24 core AMD EPYC Rome 7402 search_space = |
" gxpae;gsfggggq_sté;{;t‘: 3§)L1§i§‘6rm (10, 2000, 10),
. . "dropout ": uniform .0, 05),
i We did 2 stages of hypertuning: L o oy
« BOHB [16]iNBayesian Optimization combined with Hyperband K
6 US|ng \] ELS BOOS'[eI‘ search_s;l)lace ={ )
i ASHA [2] + Bayesian Optimization [36 USing CoreSite :::‘?gfc:?sct)iwiddénj?rwp([Fa!?e’ sam;T)EFeépz', 64, 128, 256]),
a ~76000 core-hours in total +distance, i samp( 32, 64, 126, 256])
"num_node_messages ": samp([ 1, 2, 3, 4]),
"num_graph_layers_common ": samp( 1, 2, 3, 4]),
i . ::n_umf_grapf}layersfenergy " samp( 1, 2, 3, 4)]),
u Back of the envelope calculation shows that it would e egmpll 16, 32, 40, ©%, B0,
have taken ~6 months on a single GPU instead of ~83 ‘owpudin i samp({ 32, 64, 128, 256)),

hours using HPC systems

HPO studies donm: [10] E.Wulff, M. Girone, J. Patdyperparameter optimization of datdriven Al models on
HPC systems, Phys.: Conf. S@438012092(2023)

. 12] Falkner S, Klein A ahtutter F BOHB: robust and efficient h rpar t timizati t |
09.07.2024c CERN openlab Summer Student LectarEsic Wulff Ezo]m";‘ et S, e A e robustand eficient iyperparameter optimization at scale 4
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Improvements from HPO RASE

Center of Excellence

Loss curves before (left) and after (right) hypertuning

c:

c:

Only the physical datasets, no single particle gun samples
u Mean and standard deviation of 10 trainings with identical hyperparameters
u Mean validation loss decreased by-44%

2.50 Run 3 (14 TeV), tt, QCD with PU50 2.50 Run 3 (14 TeV), tt, QCD with PU50
' —— Training loss ' —— Training loss
—— Validation loss —— Validation loss
2.25¢ 2.25¢
CMS Simulation Preliminary
2.00¢ 2.00¢ After hypertuning
Mean and standard deviation of 10 trainings
Final training loss: 0.864 +/- 0.092
1.75¢ 1.75¢ Final validation loss: 0.873 +/- 0.091
0 0
8 1.50¢ 8 1.50¢
| |
1.25¢ 1.25¢
1.00 1.00¢
CMS Simulation Preliminary
Before hypertuning
0.75 Mean and standard deviation of 10 trainings 0.75¢
Final training loss: 1.57 +/- 0.15
Final validation loss: 1.55 +/- 0.12

0.50

0 25 50 75 100 125 150 175 200 0.50 25 50 75 100 125 150 175 200

Epochs [1] Epochs [l]

HPO studies done in 2024: E.Wulff, M. Girone, J. Patdyperparameter optimization of datdriven Al models on HPC systethsPhys.:

09.07.2024c CERN openlab Summer Student Lectargsic Wulff Conf. Ser438012092(2023)https://doi.org/10.1088/17426596/2438/1/012092 a7
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Quantumassisted

HPO in CoE RAISESS




Model performance prediction using QSVR RASE

Center of Excellence

u Current STOTA hypertuning algorithms rely Sample | Terminate worst
on early stopping [random config%:>[ Train n epochs :D[ X% at last epoch}

u Stopping criterion: ranking according to a
single metric (e.g., validation loss)

Decision point Target

. ) G
u Potential problem: loss curves are not linear °’%4

Loss

u ldea 1: Use a noflinear stopping criterion
u For instance, an SVR model, inspired by [1]

I A

v

o ldea 2: Use quantum computing to fit a
Quantum-SVR (QSVR) Epoch

Approach inspired by [13] Bowen Bakétkrist Gupta,RamestRaskarNikhil Naik, Accelerating Neural
Architecture Search using Performance Prediction (201ipk://arxiv.org/abs/1705.10823
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Model performance prediction

6 Using performance prediction can accelerate

the evaluation step in HPO.
Use a metamodel which provides a cheap
approximated evaluation of the target model

6 The performance predictor
Must be fast to train
The training samples come from previously fully
trained trials

6 We use a Quantum Annealer to train a QSVR as
our model performance predictor
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RAISE

Center of Excellence

Performance Prediction

Partial learning curves
(regressor features)

Loss at certain epoch
(regressor target)

20 40 60 80 100
Epoch

Saved/5 epochsof the target
model!




Using the BNVave Quantum Annealer in CoE RAISE RASE

Center of Excellence

. . . N N
u A quantum annealer is a particular kind of quantum .. ey = S Qijriny + Y Qi

computer i<j :
s Solves QUBO problems (Quadradic Unconstrained Binary 7 €01} and @ isa N NV symmetric matrix
Optimization)
o SVR can be formulated as a QUBO problem [14] a |
o The annealer returns multiple solutions T W
a Quantum annealing is a stochastic process -

u Challenges
a We can only fit 20 training samples
u Unstable results, guantum noise

Image from BWave documentation
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Quantum SVR RAISE

Center of Excellence

s QSVR: reformulation of SVR model that can be trained in a Quantum Annealer.
( )

5 In theory: QSVR training is O(N) and SVR is O{\\=t#training samples. )

5 In practice:

Currently no time advantage from QSVR.
Limited training size:~20 samples.

SVR | . trained
not trained \ Classical . QUBO QUBO Classical Q-SVR
computer problem solutions computer
training
samples Quantum Annealer
We used thé at the Julich Supercomputer Centre
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https://arxiv.org/abs/2008.02369
https://www.fz-juelich.de/en/ias/jsc/systems/quantum-computing/juniq-facility/juniq/d-wave-advantagetm-system-jupsi

QSVR results RAISE

Center of Excellence

u Predicting final loss from fraction of loss
curve (25%)

o QSVR results comparable to classical SVR 540 -
and to simulated quantum annealing

Best QSVR results

predicted loss

R scores
480
Number of
Best Worst Mean Std trainings 460 -
SVR 0.959 0.318 0.889 0.050 1000 aa0d €
Sim-QSVR 0949 0.383 0.901 0.045 100 440 460 480 500 520 540
QSVR 0.948 0.742 0.880 0.056 10 true loss

QSVR Ensemble 0.927 0.857 0.899 0.019 10
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Swift-Hyperband RASE

Center of Excellence

» FastHyperband: not suitable for integration with QSVRs.

. Swift -Hyperband : new approach to combine performance prediction with
Hyperband. Can be used with SVR and QSVR

FastHyperband Swift-Hyperband
Multiple decision points Only 1 decision point inside
inside each round Trainsmany each round Trainsfew SVRs
SVRs
Estimates F2NJ SOSNER | _ 4 No need to estimate I
Not suitable for Suitable for Q
Sequential Q-SVRs Easily parallelizable SVRs
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Algorithm Comparison

445

B
B
IS

Mean loss (lower is better)

440

RAISE

Center of Excellence

Comparing Quantum assisted HPO with previous HPO algorithms

Simulated results using learning curve datasets

MLPF for Delphes7 HPs

443

442 -

441

@ Compute resources

Target model performance
®
-1 442.42 442.42 442.42 442.42
. i i i
®

- 3100

- 3050

Hyperband

Fast-Hyperband Swift-Hyperband Swift-Hyperband
SVR Q-SVR
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3250

- 3200

- 3150

Mean epochs

- 3000

- 2950

Mean perplexity (lower is better)

68

67 1

66

65 1

63

LSTM for PTB2 HPs

' Compute resources
Target model performance

66.03 66.11 66.10
L] 165.71

o I

r 1480

1460

Hyperband

Fast-Hyperband Swift-Hyperband Swift-Hyperband
SVR Q-SVR

r 1500

Mean epochs

- 1440



A Hybrid QuantunClassical workflow for HPO RASE

Center of Excellence

Hybrid QuanturClassical Workflow
o Distributed Hybrid Quantum-Classical Model o ="t _TrainDL
Performance Prediction for Hyperparameter 1 " <~ models
Optimization (HPO) of Deep Learning (DL) Models in parallel

a  Quantum Annealer (QA) aids classical GRakccelerated
HPC cluster in performing HPO

wave-ocean-sdk MP

CPU

Sepou NdD JoX3IoM

i GPU cluster trains DL models

i QA trains QuantumSVR (QSVR) used to aid the HPO
process

Main CPU node

Quantum Annealer,

______________________________________________________

a Promising results Trains
QSVR

Classical HPC center

a This work was most recently shown at QTML at
CERN 19-24" November 2023 and continues

the effort based on the following previous QuantumSVR training workflow

works:

o ACAT 2022 E. Wulff, J.P Garciamboage, David

Southwick, Maria Girone, Eduard Cuba SVR Classical N trained
. t trained i assica T

o CHEP 2023E. Wulff, J.P Garciamboage, David o Classical QUBO QUBO computor QSR

Southwick, Maria Girone, Eduard Cuba — computer problem solutions
rainin

u ISC 2023 M. Aach, E. Wulff, EPasettq A. Delilbasic R. Samp,gs

Sarma E.lnanc, M. Girone, M. Riedel, ALintermann Quantum Annealer
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https://indico.cern.ch/event/1106990/contributions/4998112/
https://indico.jlab.org/event/459/contributions/11847/
https://juser.fz-juelich.de/record/1007703
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Center of Excellence
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i« [1B PFFasettMo RMeldghWNi.Ehiahmde®. Cavallaro, Quantum SVR for Chlorophyl | 2C0MAE&rEt rGetoisan ebsctei matdi R
Lettel8, pomOolArt5m5a8b60. L0 GBG22. 3200325
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https://arxiv.org/abs/1603.06560
https://proceedings.mlsys.org/paper/2020/file/f4b9ec30ad9f68f89b29639786cb62ef-Paper.pdf
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Computational performance RASE

Center of Excellence

100 CMS Simu!altion IPreHminary Run 3 (14 TeV)
£ -
u Key feature: avoid quadratic s o s |
bottleneck, linear scaling of g e0- H
runtime and memory usage £ 40 2]
with input size g E 0
u TeSt WaS done USIng a Slngle : 0O | 5800 10600 15600 20600 25600 30000
stream on 1 GPU with one event .. PrElements per event
. . . — 3000 imulation Preliminary Run 3 (14 TeV)
at a time (this is not a : =
; ; T 2500 P2
production setting) ] 8
o GPU: NVIDIA RTX 2060S 5 1500 3!
% 1000 ' g' o [T
5 500 - P
B B [1]

1 1
0 5000 10000 15000 20000 25000 30000
PFElements per event

R o R e . [11.P .. Duarte, J., Mokhtar, F., Wulff,¥eog J.,Vlimant, J:R.,Pierinj M., Girone, M. (2022Machine
NG T @RI 2 LISY T F o { dzV YCININ 1 deRIZyRITF [ S %Hé%ﬁ#ns for Particle Flow Reconstruction at CRSrieved fromhttp://arxiv.org/abs/2203.00330

60



http://arxiv.org/abs/2203.00330

TPE Algorithm [1] RASE

Center of Excellence

1. Define a hyperparameter search space

2. Create an obje@®eti ve function,

3. Get some of observations using randomly sele

4. Divide the scores I nto two groupsl)based on s
contains observations that gave@-ahle bdElséer sco
observations,

5. Two dendoanhdegre model ed using Parzen Esti mat
KDEs) which are a simple average of kernel s

6. Draw sampl e hypedapareavnad tueartsi nfgr Qe iand er ms
returning the set that cEMwics o rtrhees prma md immugn tvaa
greatest expected I mprovement These hyperpa
objective function

7. Update the obseBvations from step

8. Repeatd-bwietphs a fi xed number of trials or unt.i

[1] Jame®BergstraRémiBardenet YoshuaBengioand Balaz&Kég) Algorithms for HypeParameter Optimization (2011)dvances in Neural
09.07.2024¢ CERN openlab Summer Student Lectar&sic Wulff Information Processing Systerh&tps://proceedings.neurips.cc/paper_files/paper/2011/file/86e8f7ab32cfd12577bc2619bc635&06r.pdf 61



https://proceedings.neurips.cc/paper_files/paper/2011/file/86e8f7ab32cfd12577bc2619bc635690-Paper.pdf

MLPF architecture overview RAISE

Center of Excellence

u Fully connected feedforward networks are
used fOr enCOdlng and deCOdlng As an example (batch, elem, feat) = (2, 6400, 25)

u Custom CombinedGraphlayers are used
to dynamically build graphs and perform 160 sl . oo 250 o

LYl WEXHaBIL

ffn_charge
(2, 6400, 1)

ffn_id
(2, 6400, 8)

meSsSage passing B
u We use two stacks oilCombinedGraph 2 400,559 | 2. 5400550 Jf 2 500,250 || otz g " oenns
| a.ye rS : concat
) . Stacked CombinedGraph (cg) layers, each builds a new {2:6400,14)
u one for momentum regreSS|On graph in a learnable way and propggates information using
o one for particle classification : -

| [1]

[1] Patg J., Duarte, J., Mokhtar, F., Wulff,Yrog J.,Vlimant J:R.,Pierini M., Girone, M. (2022Machine

09.07.2024c CERN openlab Summer Student LectarBsic Wulff Learning for Particle Flow Reconstruction at CRESrieved fronnitp://arxiv.org/abs/2203.00330 62
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The CombinedGraph layer

u A learnable embedding allows flexibility ir
graph building

o Elements are binned into local context
areas

a A graph is built within each bin

u The graphs are disjoint but together they
represent the entire event

a One or more graph convolutions are
applied for message passing

o Elements areunbinned and returned

09.07.2024¢ CERN openlab Summer Student Lectaresic Wulff

As an example (batch, elem,
feat) = (2, 6400, 25)

CombinedGraph:

input elements graph building + graph convolution
(2, 6400, 25) : -

N learnable embedding

N graph convolution 15 +128

one or multiple graph .~

convolutions for -~
message passing

(2, 6400, 256)

bin nearby elements
(2, 10, 640, 256)

pairwise distance matrix
(2, 10, 640, 640)

(2, 10, 640, 128)

graph convolution 128 =128
(2, 10, 640, 128)

unbin
(2, 6400, 128)

RAISE

Center of Excellence

LYl W82&aBL

Djj = exp (-|ei-ej]2) where
ei € R2%6 js the i-th element

output elements
(2, 6400, 128)

Uses built-in dense matrix, reshape and scatter/gather operations in TF.
Requires batch-mode graphs. No N2 allocation or computation needed. [1]

[1] Patg J., Duarte, J., Mokhtar, F., Wulff,Yrog J.,Vlimant J:R.,Pierini M., Girone, M. (2022Machine
Learning for Particle Flow Reconstruction at CRESrieved fronnitp://arxiv.org/abs/2203.00330
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BOHB (Bayesian Optimization Hyperband) RASE

Center of Excellence

u Combination of Bayesian Optimization with
early stopping functionality of Hyperband [12]

u Using 12 compute nodes with:
o 4X NVIDIA A100 SXM4 40GB
a 21 AMD EPYC Rome 7402,1224 cores @ 2.8 GHz

a Two different hypertuning runs:

u With ExponentialDecay
u Approximately 105.5 nodehours, or 10128 coréhours  [UulEEbIEEErY

. . search_space = {
o With COSIr]eDeCay "Ir " loguniform (le-4, 3e-2),
. "expdecay decay steps ": quniform (10, 2000, 10),
u Approximately 98.4 node hours, or 9446 core hours “dropout ": uniform (0.0, 05),

" clip_value_low " uniform (0.0, 0.2),

"dist mult ": uniform (0.01, 0.2),

HPO studies done in 2024: E.Wulff, M. Girone, J. Patdyperparameter optimization of datdriven Al models on HPC systethsPhys.:
Conf. Ser2438012092(2023)https://doi.org/10.1088/17426596/2438/1/012092

A - A = ~ 4 -« A X Ay [12] Falkner S, Klein A amtltter F BOHB: robust and efficient hyperparameter optimization at scale
n Cbcbfl T GD'H9J'IW-Ib|'I 2 LJS yf I 6 { dzy Y&’\NJ\{OJ dzRISt )/TU:F [ SOU dzNES a (2018) https://arxiv.org/abs/1807.01774 64



https://www.tensorflow.org/api_docs/python/tf/keras/optimizers/schedules/ExponentialDecay
https://www.tensorflow.org/api_docs/python/tf/keras/optimizers/schedules/CosineDecay
https://www.fz-juelich.de/ias/jsc/EN/Expertise/Supercomputers/JUWELS/JUWELS_node.html
https://arxiv.org/abs/1807.01774
https://doi.org/10.1088/1742-6596/2438/1/012092

HPO results RASE

Center of Excellence

. From the final ASHA + BO search
u Using BOHB, a set of best hyperparameters were found a3 (14 7o), 1. OCD with PUSO, 1.1 2.1, single partice quns

In the first search space CMS Simulation Preliminary

Validation loss

us ASHA + Bayesian Optimization (BO) were used in the 0.10f
second, larger, search space
0.08¢
u Final best hyperparameters shown below |  Validation classification loss op tinls
o : : : 0.0010}
a Variability check: best trial was rdrained 10 times and e
achieved similar results 0.0008| b
| " Validation regréssion loss | | ﬁg
ASHA + BO 0.06; #7
#8
best_config = 0.04} #9
BOHB {'bin_size": 64, #10
'distance_dim': 64, 0.02; ‘ ‘ ‘ ‘ ‘ ‘ ‘
best_config = 'ffn_dist_hidden_dim": 128, Validation classification accuracy
{clip_value_low": 0.001998, 'ffn_dist_num_layers": 3, 0.04l
'dist_mult': 0.120898, layernorm’: 'False’, '
'dropout’: 0.016312, 'normalize_degrees': 'True’,
'Ir': 0.001129} 'num_graph_layers_common': 3, 0.92!
‘num_graph_layers_energy": 2, 80 100 120 140 160 180 200
'num_node_messages': 3, Epoch
‘output_dim': 64} [10]

MAY D2 dzf FFI adl BLISRYIE KNI WS i S NI BRENIAGS 1 GLA 2Y2 RRSHVER 20 & tih ofy@iTiddHY & %Npm
N BKo
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https://doi.org/10.1088/1742-6596/2438/1/012092

A two-layer fully connected feetbrward network RASE

eeeeeeeeeeeeeeeeee

Model: 0 (¢th)

Output, w
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From SVR to-QVR formulatio.ceie - RASE

Classical SVR primal formulation Classical SVR dual formulation
1 N-1 ~1N-1 N-1 N-1 predictions:
minimize: _|lw|*+C Y (& +&) minimize: Z S (= ) (= G (@, To) —€ D (i +G) + Y (2 — &)y N
w,b&i € 2 i ol n=0 m=0 n=0 n=0 = an — aVkl(z . T b
i y Z( n n)k(Tn, Tm) +
(2.7) ;
T * ; N-1
y—w x; —b<e+ & Vie{0 . ,N-1 . . . oA
. ¢ { ) Z(an—dn)=0 (28 OI f Odzf S oY
wr+b—y <e+§ Vie{0,..,N-—-1}

&,6>0 Vie{0,.,N—-1} 0<a,,d,<C VYne{0,..,N—1} (2.9) b—yn—e—mz_ QA — G ) (T, T

predictions; ¥ =w'z +b
Resulting problem with binary variables and without restrictions

QUBO formulation Add restriction as penalty term T i -
M—1M—1 N—1 " 1111111?11232 Z Z Z ﬂrK(sN+n)+¢QK(gN+n)+i,K(aN+m+j)GK(¢N+m)+j

_ 2 — o

minimize: fo(a) =a' Qa = Z Qijaia; E(Zfl«:ﬂ (&” a“)) i B0 =0 .
=0 j=0 . QK (sN+n)+i, K (tN+mtj) =(—1) 700 BHI=20(Z k(g 3,.) + &)+

. — . G L 3y 2 NBréstricti6aS H _ 2
Encode SVR variables using blnary variables + Gpm0i; BTR0 8t (€ + (—1)1901y, )
K—l Bk—ku { C‘ ’ "
- =0 = Qi +Qy sii<j

k—ko . ij ji
= Z B AKn+k Gy = Z B~ aK(N+n QUBO matrix for the Q Qij sii=j
canonical formulation: 0 §id > j
67
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https://www.techrxiv.org/articles/preprint/Quantum_SVR_for_Chlorophyll_Concentration_Estimation_in_Water_with_Remote_Sensing/19619676

Learning curve dataset RASE

i Generated dataset consisting of learning curves

and HP Conﬁgs Some MLPF Learning Curves
u Run 300 MLPF trainings  ETE | i
u For each training, sample HPs from a-dimensional ol
search space 2
a Train for 100 epochs on the publicly availabl®elphes  , us-
dataset [11] :
a Inputs: =
u HP configuration e

a Partial learning curve
a 1Stand 2" order differences of the partial learning curve #?:

u Targets
o Final validation loss

. Bt W SG Ff o { AYSIZS G SSRATSINGREL AORS /B M G/ b5 @ bl 9 {
09.07.2024¢ CERN openlab Summer Student Lectaresic Wulff T2NJ YFEOKAYS St NV $ifn i NILXK G S | B Z16 DOUBNFAR ND SEENR «



https://zenodo.org/record/4559324

QSVR results RAISE

Center of Excellence

6 *+SNE LINP Y ATAZANOBwW N Bzt {i Aw o
Best QSVR true vs predicted test values

MLPF performance predictor R™2 vs known fraction of leaming curve train size = 20, known fraction of Ic = 0.25

10 - ' —— 540 A
+ @
0.9 1
- (7)) i
0.8 8 520
0.7 1 —
©
0.6 D 500 A
e~ 3]
gﬁ 0.5 - 8
0.4 - S 480 -
03 - o
02 - = 4601
i 2 —
01 T (R?=0.948]
'|l{| ! ! ! ! ! ! 440 L T T T T T T
0.0 0.2 0.4 0.6 0.8 10 440 460 480 500 520 540
kKnown fraction of learning curve MLPF true loss
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Classical SVR as performance predictor RASE

Center of Excellence

u We first studied the problem using classical SVR

Varying the know fraction of learning curve and size and contents of feature vector

s With O025% of epochs 2®»M®9served, we see an R
u We also studied the performance dependence on training set size

(=1

‘ B ( ) B
“ Y P — P —
B ( ) B ( )
MLPF performance predictor Train Size importance
MLPF performance predictor R™2 vs known fraction of leaming curve fixed test size 50% total data
0.975 1 0951
0.950 - 0.90
01925 A 085
(] [}
. 0.900 — curve + 1st + 2nd difs L 0.80 1
| ourve #  Tain size = 20
0.875 1§77 / = curve + 1st difs 075 - = Tain size = 40
f = curve + 2nd difs & Tain size = 50
0.850 - = top half curve 070 - s Tain size = &0
= curve downsampled # Tain size = 80
0.825 A curve without hps e Tain size = 100
T T T T T 0.65 1 T T T T T
02 04 e 0.8 10 0.2 04 0.6 0.8 10
Known fraction of learning curve Known fraction of learning curve
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RAISE

Center of Excellence

Classical SVR under restrictions

09.07.2024¢ CERN openlab Summer Student Lectar&sic Wulff

«We evaluate how well a cl" g5l dliee VR P
when meeting same r est r_i c tesiong§0pozmma=pl.§=676f | e
s Reduced training?26&eatmp |l reast
ful | training set 150 1
s Reduced featuredvoevmtsarmpﬁggs
| earning curve as inputamﬂ_
i F11t0 B0/ Rs using same HPs.
5 w0
25 1
Sai Worst Mean Std Median L 0.3 04 05 06 07 08 0.4
0.959 0.318 0.889 0.050 0.900 S
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Loss

Swift-Hyperband RASE

Center of Excellence

< (Swift-) Hyperband Bracket >

- inia il T o pm—— 6 One extra decision point inside each
| Swift- Hyperband “extra” decision points round
| | T
"N | [ I
. ' ! ' & At the beginning of the round some trials
_Hyperband Round I I . .
10 | "|__ HyperbandRound l are fully trained to define a threshold

0 I Hyperband Round

I i

A

!
| I
1 : : : 6  The other trials are partially trained
I I I
0 I i . : .
l Some trials are early stopped | 6 If their predicted loss is lower than the
I inside each round based on - c
- their predicted loss bl st et threshold the trials are stopped before
/ : completing the round
I
l target epoch . . o
B s Trainings are done iparallel
I

60 80 100
Epoch
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Algorithm Comparison RASE

Center of Excellence

s Simulated results using learning curve datasets

CNN for CIFARD-5 HPs CNN for SVHNO HPs

0.830 0.95
) . Compute resources . Compute resources
Target model performance [ 3200 Target model performance | 3200
E 0.825 o
= 0,94
g - 3150 E - 3100
2 0.820 g 10-933 7:[&4
- | - 3100 W - )
Q o Q L N
- 0.8169 0.8166 8 - 0.93 3000 -5
2 Q 2 2
< 0815 T - L 3050 2 £ ® (]
c
o @ o F 2900 ©®
o s © 0.92 1 0]
= - 3000 S =
8 0.810 . 8
o © - 2800
o - 2950 © 0.91
] 911
0.805 v
= s
2700
- 2900 ?
0.800 ) : 0.90 - .
Hyperband Fast-Hyperband Swift-Hyperband Swift-Hyperband Hyperband Fast-Hyperband Swift-Hyperband Swift-Hyperband
SVR Q-SYR SVR Q-SVR

npdnTdHIwbn 2 LISY 6 { dzY YENNA Gl dzRIZYFIF [ SOG dzNB &




