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Motivation: Running Applications on the Fastest Hardware

on a large number

Software can run
of hardware...

o but will have different
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Motivation: Running Applications on the Fastest Hardware

on a large number

Software can run
of hardware...

o but will have different
[ﬁ AIAE Appllcatlon} performance on all of them. J
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Users or a scheduler can pick
the best system if they know
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Motivation: Running Applications on the Fastest Hardware

If certain hardware is
not supported...

[ﬁ HPC Application }
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Motivation: Running Applications on the Fastest Hardware

If certain hardware is J P HEETTE [P He T
o can help developers
not supported... [ﬁ HPC Appllcatlon} [ .y
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Research Questions

RQI — How can we accurately predict cross architecture performance of HPC
applications for multiple architectures at once’

RQ2 — What features and data sources contribute most to predicting cross architecture

performance?

RQ3 — How can we use cross architecture performance predictions to schedule jobs
across HPC systems more effectively?
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Overview of our Approach
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Overview of our Approach
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@ UNIVERSITY OF
% MARYLAND



Data Collection: Overview

e Ran 20 scientific applications on 4 systems at LLNL
o  Applications from ECP proxy app suite and E4S
o  Systems (2 CPU;2 GPU)
m  Quartz — Intel Xeon E5-2695
m  Ruby — Intel Xeon CLX-8276
m Lassen — Power9 CPUs and V100 GPUs
m  Corona —AMD Rome CPUs and MI50 GPUs
©  Ran on many inputs to gather more data points

e Collected counter data from each run
e Final dataset has ~I Ik samples
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Data Collection: Counters

Counters chosen to cover 4 areas

o O O O

Best counters for each feature on each architecture

Data locality and memory
Control flow & parallelism
1O

Run configuration

were selected

Feature

Description

Branch Intensity
Store Intensity
Load Intensity
Single FP Intensity
Double FP Intensity
Arithmetic Intensity
L1 Load Misses

L1 Store Misses
L2 Load Misses

L2 Store Misses

10 Bytes Written

10 Bytes Read
Extended Page Table
Memory Stalls
Nodes

Cores

Uses GPU

Architecture

Ratio of branch instructions

to total instructions

Ratio of store instructions

to total instructions

Ratio of load instructions to
total instructions

Ratio of single precision FP
instructions to total instructions
Ratio of double precision FP
instructions to total instructions
Ratio of integer arithmetic
instructions to total instructions

L1 cache load misses
L1 cache store misses
L2 cache load misses

L2 cache store misses

Bytes written to 10

Bytes read from 10

Extended page table size
Memory stalls

Number of nodes

Number of cores

1 if counters from GPU;

0 otherwise

one-hot-encoded vector for what
architecture these counters were
recorded on




Learning Objective:VWhat do we want to predict?

e Direct runtime prediction is difficult.
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Learning Objective:VWhat do we want to predict?

e Direct runtime prediction is difficult. Relative performance vectors
provide a good target metric
3.1 hr for predicting performance

across architectures.
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Models & Training

® Train four models on dataset

©  Mean predictor — baseline
o  Linear regression

0  Decision forest

o  XGBoost

e 90-10 train-test split with 5-fold cross validation
e Predict relative performance vector for 4 machines given counters from |

® Record two metrics

o  Mean absolute error (MAE)
o  Same order score (SOS)
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Model Inputs and Outputs

counters from
(app, input, arch) rpv for arch,
~ N ' N

/
Give the model counters and predict the relative
from a run on a particular performance across set of
architecture... architectures.
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Training Results

RQI — How can we
accurately predict cross
architecture performance of
HPC applications for multiple

architectures at once’?

Mean Absolute Error

08 [

0.6

0.4

0.2

0.0

Mean Absolute Error of Models

XGBoost outperforms the rest
------------------------------------- with an MAE of 0.1 |

Mean Pred. Linear Regr.  Decision Forest XGBoost
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Training Results

RQI — How can we
accurately predict cross
architecture performance of
HPC applications for multiple

architectures at once’?

Same Order Score

0.2 |---

0.0

Same Order Score of Models

XGBoost also preserves order
the best.

Mean Pred. Linear Regr.  Decision Forest XGBoost
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Feature Importance

Branch, arithmetic, and FP
intensity are most
important features

Feature Importances for XGBoost

Architecture source are the
next set of important features.

RQ2 - What features and data sources
contribute most to predicting cross
architecture performance?

Importance

. | e
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Ablation Study: Source Architecture

Mean Absolute Error By Machine 9
s mees N

Model predicts rpv better when
source counters are from a

CPU machine.

Mean Pred.

V.0
Linear Regr.

RQ2 - What features and data sources
contribute most to predicting cross

-0.6
architecture performance?

Decision Forest

W,

- 0.4

XGBoost

Quartz Ruby Lassen Corona
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Ablation Study: Source Application

XGBoost Mean Absolute Error

nni it with Different Applications as Test Set

Python ML applications

0.12 |

0.10

RQ2 - What features and data sources
contribute most to predicting cross
architecture performance?

0.08 |
0.06

0.04 |

Mean Absolute Error

W,

0.02

0.00

AMG
CANDLE

Ember

ExaMiniMD

miniFE

miniGAN

CoMD
miniQMC

CosmoFlow
miniTri

SWFFT
Thornado
XSBench

Laghos
SWilite

CRADL
miniVite
DeepCam
Nekbone
PICSARIlite
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Incorporating the Model Into A Scheduler

e Use FCFS with EASY backfilling across four clusters
® When job is reserved use policy to decide the cluster

e Experiment with four policies
o  Round-Robin — rotate clusters
o  Random — randomly select cluster (uniformly)
o  User+Round-Robin — prioritize GPU clusters for GPU-enabled apps, then round-robin
0  Model-based — use model to predict rpv, then run on fastest cluster with available space
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Experiments and Metrics

® Create job traces from test dataset
e Simulated FCFS+EASY scheduler with each policy
e Record two metrics

o0  Makespan — end-to-end time for job trace
o  Average bounded slowdown — slowdown is per-job metric to show how each job is affected by
scheduling policy

wait time of 5 run time of j

batch job v v
! w; o Pj
BoundedSlowdown( j ) = max .1
max ( v, B )
small time interval to T
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Scheduling Results

RQ3 — How can we use cross architecture
performance predictions to schedule jobs
across HPC systems more effectively?

Wy,

1.75

Makespan (hours)

o o = = =
w1 ~ o N [0,
o (O} o [0} o

©
)
(o

0.00

Scheduler Makespan

Using the model provides
the fastest throughput as
jobs are placed where they
will run fastest. AN -

Round-Robin Random User+RR Model-based
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Scheduling Results

RQ3 — How can we use cross architecture
performance predictions to schedule jobs
across HPC systems more effectively?

Wy,

Average Bounded-Slowdown

N A o
S © o

100

N A O O
o O o o o

Scheduler Average Bounded-Slowdown

Individual jobs also see better
slowdown using the
model-based approach.

Round-Robin Random User+RR Model-based
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Contributions

® A model that can predict cross-architecture performance with an MAE of 0.1 |

® An ablation study on the features and data sources that most impact the model

e A demonstration of the potential for using cross-architecture prediction models in
multi-cluster schedulers
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