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IT ALL STARTED WITH
A HIGH ENERGY PHYSICS APPLICATION...
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THE HEPnOS DATA SERVICE

e Motivated by scalability issues with
filesystem-based storage strategies

e Designed to store “events” from HEP
experiments (many small C++ objects)

e Transient storage system, in-memory or
using local storage (e.g. SSDs)

e Developed using the Mochi suite of libraries

for composable HPC data services
o https://www.mcs.anl.gov/research/projects/mochi

e Provides lots of optimizations and lots of
configuration knobs
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https://www.mcs.anl.gov/research/projects/mochi

The HEP Event Selection Workflow
and its Parameter Space

Parameter space (with values/ranges and distributions)

ProgressThread  (True/False, Uniform) - Whether to use a dedicated network progress thread in Dataloader processes
/ = et WriteBatchSize ([1, 2048], Log-uniform) - Size of the batches (in number of events used when sending data to HEPnOS
PESperNode ({1, 2, 4, 8, 16, 32}, Uniform) - Number of Dataloader processes per physical node
| Data Loader | ’ Data Loader ‘ | Data Loader | Data Loader LoaderAsync (True/False, Uniform) - Use threads to asynchronously send batches to HEPnOS
LoaderAsyncThreads ([1, 63], Log-uniform) - Number of threads for asynchronous store in Dataloader
A ProgressThread  (True/False, Uniform) - Whether to use a dedicated network progress thread in HEPnOS servers
NumRPCthreads ([0, 63], Uniform) - Number of threads used by HEPnOs servers to service RPC
HEPnOS HEPnOS NumEventDBs ([1, 16], Uniform) - Number of database instances per HEPnOS server for Events
NumProductDBs  ([1, 16], Uniform) - Number of database instances per HEPnOS server for Products
NumProviders ([1, 32], Uniform) - Number of database providers per HEPnOS server
ThreadPoolType* ({fifo, fifo_wait, prio_wait}, Uniform) - Argobots thread pool type each provider uses
PESperNode* ({1, 2, 4, 8, 16, 32}, Uniform) - Number of HEPnOS server processes per physical node
¥ ProgressThread  (True/False, Uniform) - Whether to use a dedicated network progress thread in PEP processes
NumThreads ([1, 31], Uniform) - Uniform & Number of threads use to process data in parallel
Event Selection InputBatchSize  ([8, 1024], Log-uniform) - Batch size (in number of events) to use when loading data from HEPnOS
OuputBatchSize  ([8, 1024], Log-uniform) - Batch size (in number of events) to use when sending data across PEP processes
:I:I]]]—) PESperNode ({1, 2, 4, 8, 16, 32}, Uniform) - Number of PEP processes per physical node
UsePreloading* (True/False, Uniform) - Use batch-prefetching of data products instead of per-product load
UseRDMA* (True/False, Uniform) - Use RDMA to transfer data
BusySpin (True/False, Uniform) - Network polling strategy (common to all three components)
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MANUAL TUNING (IT°S HARD!)

Legend

:I User-installed RPC handler
ULT not visible to users

Client Server Server
pragress ES handler ES

Margo API calls

Callpath ancestry appended to RPCs | Mercury routines
allows tracking and ranking distributed
callpaths (e.g., by time in the callpath)
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AUTOMATE: BLACK-BOX TUNING
WITH DEEPHYPER!

Worker nodes
Parallel Asynchronous Bayesian Optimization u | | I l | I |
I I
e Many instances evaluated in parallel HEP workflow
e Asynchronous updates '"Stan;eA — -
E E Performance Sampled
i Measure A B Configurations
1
Ig:f[ T
n_. .CSVv .py
ﬁ results space
Leader node

https://deephyper.readthedocs.io
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https://deephyper.readthedocs.io

Bayesian Optimization P AR

Unevaluated parameter
configurations

0.66

Learning model

0.33

)
8
c
T
£
g
5
a
o}
o
S
=3
<
]
3
€D

/ /. 2 - N\ O W\ = JATY m—
Performance W : NS~ /N Promising

Z =9 4
metrics . X OL M configurations

Surrogate Model Fitted to Sampled Performance

(iterative refinement improves the learning model) Trees in Forest (€

https://en.wikipedia.org/wiki/Bayesian optimization
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https://en.wikipedia.org/wiki/Bayesian_optimization

Acquisition Functions

Upper confidence bound UCB(X) = [J(X) + ,BO’(X)

p(x) : mean

_ +\ _ o(x) : std.dev
H (x) f (x ) g) &, B - parameter controlling exploration

: CDF of standard Gaussian
o (x) 4 ,
¢ : PDF of standard Gaussain

Expected improvement PI(x) =y (

EI(x) = (u(x) - f () —w(

p(x) = f (x*) - §)
o(x)

p) = f (%) - 'f)

o(x)
Probability of improvement

+0(x)¢ (
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How to Scale?
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Asynchronous Multipoint Evaluation:
Kriging believer (aka liar strategy)

«  Model M
*  Ensemble of regression trees
* mixed integer input space
«  scalability due to parallelization
*  minimal tuning

+ Given a model M and an acquisition function u
* Repeat K times (for K configurations)

* select a point x that maximizes acquisition function
with M

+ sampling instead of optimization
* mixed integer space

» faster .
. . Wi . W,
»  predict the mean (mu) of x using M Wo Ws
e clone the model Mto M’
» refit M’ with x and mu (lie) Each worker can use multiple nodes
« std.dev->0
) e setMtoM
(@ BNERGY LBttt
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TRASNFER LEARNING: REUSING PREVIOUS

TUNING RESULTS TO SPEED UP BAYESIAN
OPTIMIZATION

onne Nat
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Transfer Learning

=  Why? Data service tuning is compute and resource
intensive

— Large search spaces — (continuous/discrete)
— Large/expensive black-box models

i i - : Prior Hypothesis S
= Transfer learning: transfer the information gained from a OB IR OV eeln ppace
previous related search to a new one \

— improve either the search efficiency or accuracy, or /
both Posterior
1)
= High-performing configurations and their neighborhood from
the previous (related) search N\
— potentially high-performing configurations

= Define informative prior distributions for the parameter

mstead of typlcal non-informative (uniform distribution) prior

(& ENERGY 1% Argonne & |75 12




Transfer Learning with Variational Autoencoder

Hypothesis: High-performing configurations
from one search can be used to bias a related

search

8
lapooug
N

/ Decoder

Problem: Learn the distribution of high-
performing configurations?

Solution: Density estimation Tabular-VAE

Algorithm
o Select high-performing configurations from
previous experiments
o Fit a Tabular-VAE to learn model the density of
the high-performing configurations
m  p(z|x) (encoder)
m p(x|z) (decoder)
o Execute BO with p(x|z) instead of p(x)

Xu, Lei, et al. "Modeling tabular data using conditional GAN." Advances in Neural Information Processing Systems 32 (2019).
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VAE - ABO: Algorithm
= Sampling configurations in the

initialization phase of BO @ Continuous

- Select candidates for evaluation in the 2 —[Receddy
iterative phase of BO

= Sampled configurations in the BO are
biased toward the high-performing
configurations from the previous run r

Performance
metrics
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VAE - ABO: Algorithm

Algorithm 1: Variational-Autoencoder-Guided Asyn-
cronous BO (VAE-ABO)

inputs: H,,: search history from previous autotuning, ¢%:
quantile value for high-performing parameter
configurations selection, D?: previous parameter
space, D¢: current parameter space, W: workers
output: z°“7"*: best configuration from the current
autotuning, y°<“""*, the performance metric of the
zeurt* H, evaluations from the search
/* Informative prior initialization ki
1 Q, « subset(H,,q%)
/* Fit tabular variational autoencoder
using Bayesian Optimizer */
P + TVAE(Q,)
/* User—-defined prior initialization for
new parameters */
3 foreach z,; € D do
4 | if z; ¢ D then
5 if z; € Z or R then
6 | 'P((IIJ) =Unif0rm(lj,’le)
7
8
9

[ 8]

else
| P(z;) =Multinoulli(p;)
end

10 end

11
12

13
14
15
16

17

18
19

20
21
22
23
24
25

H <+~ {}

optimizer < Bayesian_Optimizer(D<,P)

/* Initialization of BO R/
for i < 1 to W do

z; + sample_configuration(D¢ — P)
submit_evaluation(z;) // Nonblocking
end
/* Optimization loop of BO * /
while stopping criterion not met do

// Query results

(X.,Y.) + get_finished_evaluations ()
H+—HU(Xe,Ve)

// Generate parameter configs
optimizer.tell (X.,)V.)

Xyext < optimizer.ask (|V;| — P)
submit_evaluation (X,.,:) // Nonblocking
end

zeurm* yeurt « find_best(H)

return geurT*, yeurt* H
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VAE - ABO: Algorithm

inputs: H,: search history from previous autotuning, ¢%:
quantile value for high-performing parameter
configurations selection, D”: previous parameter
space, D¢: current parameter space, W: workers

output: z°“7"*: best configuration from the current
autotuning, y°""*, the performance metric of the
zeurr= . evaluations from the search

/* Informative prior initialization k)

1 Q, «+ subset(H,,q%)




VAE - ABO: Algorithm

Continuous

|
:
|
|

|
|

autoencoder ——
using Bayesian Optimizer */ ===

2 P « TVAE(Q,) ,

| — —
Discrete




VAE - ABO: Algorithm

Unevaluated parameter
configurations

Learning model

Performance
metrics

Promising
configurations

01 02 03 04 05 06 07 08 09

Evaluation

/* User-defined prior initialization for
new parameters */

foreach z; € D do
if z; ¢ D? then

if z; € Z or R then

| P($J) = Uniform(lj,uj)

else

| P(z;) =Multinoulli(p;)

end

U-TE-CIES B N7 T

end
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Continuous

=
L

Discrete

[
|
Decoder

H«{}
optimizer < Bayesian_Optimizer(D<,P)
/* Initialization of BO * /
for i — 1 to W do
z; + sample_configuration(D¢ — P)
submit_evaluation(z;) // Nonblocking
end
/* Optimization loop of BO *7/
while stopping criterion not met do
// Query results
(Xe,Y.) « get_finished_evaluations ()
H+— HU(Xe,Ye)
// Generate parameter configs
optimizer.tell (X.,)V.)
Xneat < optimizer.ask (|V;| — P)
submit_evaluation (X,.,:) // Nonblocking
end
zeurm* yeurt « find_best(H)
return xcurr*, ycurr*, H
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EXPERIMENTS
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FIVE WAYS TO EVALUATE AN APPROACH

e Best-performing configuration
o How good is it after 1h of autotuning?
e Mean best-performing configuration
o Integrated best-performing time over 1h
e Number of evaluations
o The more evaluations, the better
e \Worker utilization
o |dle workers are a waste of resources

e Search speedup
o How much faster are we than pure luck (random sampling)?
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PLATFORM: THETA

Architecture

Intel-Cray XC40

Speed

11.7 petaflops

Processors per node

64 core, 1.3 GHz Intel
Xeon Phi 7230

Nodes 4,392
Cores 281,088
Memory 843 TB
High-bandwidth memory 70 TB

Interconnect

Aries network with
Dragonfly topology

§§_\»
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FIVE EXPERIMENTAL SETUPS

1. Initial: only the first step of the workflow, on 4 nodes per instance
o 11 parameters
2. Full workflow: 2-steps workflow on 4 nodes per instance
o 16 parameters, w/ and w/o transfer-learning from setup 1
3. More parameters: 2-steps workflow on 4 nodes with more parameters
o 20 parameters, w/ and w/o transfer-learning from setup 2
4. Full workflow with 8 nodes per instance
o 20 parameters, w/ and w/o transfer-learning from setup 3
5. Full workflow with 16 nodes per instance
o 20 parameters, w/ and w/o transfer-learning from setup 4

@ U.S. DEPARTMENT OF  Argonne National Laboratory is a
§ U.S. Department of Energy laboratory A 7 5
ENERGY -5t pelie rgonne

NATIONAL LABORATORY | 1946-2021




INITIAL EXPERIMENT
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60

Single-step workflow instances

4 nodes per instance

11 tuning parameters
DeepHyper uses 128 nodes

32 instances evaluated in parallel
Experiment repeated 5 times
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TRANSFER-LEARNING
From small to larger search space

40+ : 80- :
—— without TL —— without TL

] 351 min/max $ 707 min/max
L. 30 —— with TL W 601 — with TL
_g min/max D] min/max
S 25 : 10,
= 207 o
7 n 301
g 15+ L 8 20
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search time (minutes) search time (minutes)
From 1-step to 2-step workflow 2-step workflow on 4 nodes per instance
(11 to 16 parameters) on 4 nodes per instance From 16 to 20 parameters
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TRANSFER-LEARNING
From small to larger instances

160 —— without TL 300 —— without TL
’8‘ 140 min/max 'g 250- min/max
W 1201 — with TL u — with TL
(=) min/max o 200 min/max
o 80 s 1501
O O
£ 60 + 100+
4] | ]

201 .
T T T T T T | 0 | T T T T T T
0 10 20 30 40 50 60 0 10 20 30 40 50 60
search time (minutes) search time (minutes)

From 4 nodes to 8 nodes per instance

From 8 nodes to 16 nodes per instance
(20 parameters)

(20 parameters)
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CONCLUSION
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CONCLUSION: USE TRANSFER LEARNING!

Contributions
e We developed a TVAE-based transfer-learning technique
e We integrated it into the DeepHyper framework
e We enabled autotuning of a HEP workflow and its storage service

Results
e Transfer-learning enables finding better configurations faster
e Our framework outperforms state-of-the-art autotuning GPtune and HiPerBOt

Future work
e Provide a generic autotuning framework for Mochi-based storage services
e Handle complex service configuration (e.g., hierarchical/conditional parameter
spaces)
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THANK YOU!
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