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SUPERCOMPUTER

APPLICATIONS

e IMAGE RECOGNITION

PHYSICS SIMULATION
:‘C‘ MACHINE TRANSLATION
A GRAPH ANALYTICS
MOLECULAR DYNAMICS
SPEECH RECOGNITION

GENOMICS
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SUPERCOMPUTER

APPLICATION
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8to 22%
performance INCONSISTENCY!

difference
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The Problem: Performance Predictability

SUPERCOMPUTER

1 Hard to get repeatable, consistent performance!
2 In multi-GPU experiments, faster nodes keep waiting for
slower resources - can lead to resource underutilization!
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Objective

SUPERCOMPUTER

Understand and characterize GPU variability in large scale,
accelerator-rich computing clusters

Examine the effects of scale, application type, cooling and GPU
vendors on variability
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Related Work

o Acun,etal.[ICS’'16, IPDPSW’16, HiPC'17], Zhang, et al. [IPDPS’15]
1 Performance variability in CPU-based HPC systems

1 Solutions: dynamic load balancing, adaptive runtimes, temperature-aware job placement
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Related Work

1 Acun, et al.[ICS’16, IPDPSW’16, HiPC'17], Zhang, et al. [IPDPS’15]

1 Performance variability in CPU-based HPC systems

1 Solutions: dynamic load balancing, adaptive runtimes, temperature-aware job placement

a Coplin, et al. [IPDPSW’16], Jiao, et al. [GreenCom&ICCPS’10]

1 Energy, power and performance characterization in GPGPU benchmarks

1 Used older generation GPUs (Kepler/Fermi) and focus on single-GPU workstations
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Related Work

1 Acun, et al.[ICS’16, IPDPSW’16, HiPC'17], Zhang, et al. [IPDPS’15]

1 Performance variability in CPU-based HPC systems

1 Solutions: dynamic load balancing, adaptive runtimes, temperature-aware job placement

a Coplin, et al. [IPDPSW’16], Jiao, et al. [GreenCom&ICCPS’10]

1 Energy, power and performance characterization in GPGPU benchmarks

1 Used older generation GPUs (Kepler/Fermi) and focus on single-GPU workstations

1 Scogland, et al. [SC’15]

1 Studied LINPACK’s performance variation for CPU clusters and AMD GPUs
1 Motivated the need for a more in-depth study
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First, let’s define variability

WQ -1
Interquartile Range
IQR — Q3 - Q2
Whiskers and Range
Wi =Q; — 15 xIQR Range,,.;pic = W2 — Wy
Rangemetric — W2 o Wl Media}nmet’r"ic_>_
Range, ...

Variability, ., . = D metie

metric M o dl AN, o fie
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Key Questions

1. How much performance variation is there across GPUs?

2. Do GPU physical metrics (frequency, power and temperature) vary too?

3. How is variability affected by cluster parameters (size, cooling, GPU vendor)?

4. Are these variability observations consistent over time?

5. Isvariability application-dependent?
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Methodology

o Benchmark
SGEMM

1 Metrics
Kernel duration (ms)
GPU CU/SM temperature (°C)
GPU CU/SM power consumption (VW)
GPU CU/SM frequency (MHz)

@ SC22 | Dallas, TX | hpc accelerates.

a Profiler

nvprof _s
NVI DIAgz

a Cluster specifications

TEXAS ADVANCED COMPUTING CENTER

d 416 GPUs
a NVIDIA X
Volta V100

1 air-cooled
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. Available .Running SGEMM .Unavailable Completed SGEMM

Methodology

Job Queue

SCHEDULER
=

—_— —_— —_— —_— —_— —_— —_— — —_— —_— —_— —_— —_— —_— —_—
v

QO Sample Size g )

SUPERCOMPUTER
O Sample measurements from almost all GPUs in each cluster
A Profiled 2.9x more GPUs than worst-case recommendations for statistical significance
[Scogland, et al. SC’'15]
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SGEMM on TACC Longhorn: Performance
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SGEMM on TACC Longhorn: Scatterplot
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SGEMM on TACC Longhorn: Other Metrics
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SGEMM on TACC Longhorn: Other Metrics
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Key Questions

1. How much performance variation is there across GPUs?

9% for SGEMM

2. Do GPU physical metrics (frequency, power and temperature) vary too?

Yes

3. How is variability affected by cluster parameters (size, cooling, GPU
vendor)

4. Are these variability observations consistent over time?

5. lsvariability application-dependent?

Q SC22 | Dallas, TX | hpc accelerates.
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Variability & Cluster parameters

TA@@ TACC NVIDIA <2 || 416 air
TEXAS ADVANGED COMPUTING CENTER Longhorn \/ 1OO (VOIta) G P U S COO | Ed
TA@@ TACC NVIDIA <2 || 360 mineral oil :
TEXAS ADVANGED COMPUTING CENTER Fronte ra RTXS OOO (Tu ri ng) G P U S COO | ed COO I ng
@ Sanda | SN NVIDIA <1216 water
Laboratories | Vortex V100 (Volta) GPUs cooled
%OAK Ripce | ORNL NVIDIA <A || 27648 water
National Laboratory Summit \/100 (Volta) G PUS COO|€d
B Lawrence Livermore | LLNL AMD n 328 air GPU vendor
National Laboratory e MI160 GPUS cooled
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SGEMM across clusters

£1.40 )
E130 ’
5120 e "

51.10
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SGEMM across clusters

°1.40

E1 2N

SGEMM performance varies between 7%-9% across GPUs in the same cluster, with outliers up to 1.5x
slower than the median GPU.

Longhorn Summit Corona Frontera Vortex
9% 8% 8% 5%

Clusters running SGEMM
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Comparing cooling methods

TA@@ TACC NVIDIA <] 216 air
TEXAS ADVANCED COMPUTING CENTER Longhorn V:I‘OO (VOIta) G PUS COOled
TA@@ TACC NVIDIA <4 || 360 mineral oil :
TEXAS ADVANCED COMPUTING CENTER Frontera RTXSOOO (Turing) GPUS COOled COO Ing
@ ﬁgggﬁal SNL NVIDIA <2 || 216 water

Laboratories | Vortex V100 (VOlta) GPUs cooled

%OAK RIDGE
National Laboratory

B Lawrence Livermore
National Laboratory
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Water-cooling: SGEMM on SNL Vortex

Cabinet: e VvO-vi1 e vi2-v23 ® Vv24-v35 ® Vv36-v47 ® v48-v59
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Water-cooling: SGEMM on SNL Vortex

Cabinet: e VvO-vi1 e vi2-v23 ® Vv24-v35 ® Vv36-v47 ® v48-v59
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Mineral oil cooling: SGEMM on TACC Frontera
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Mineral oil cooling: SGEMM on TACC Frontera
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Mineral oil cooling further reduces temperature variation (albeit with higher median temperatures)
but does not significantly affect performance variability.
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Key Questions

1. How much performance variation is there across GPUs?

9% for SGEMM
with outliers 1.5x slower than median

2. Do GPU physical metrics (frequency, power and
temperature) vary too?

Yes

3. How is variability affected by cluster parameters (size,
cooling, GPU vendor)

« Consistent perf variability across
clusters

* Liquid cooling reduces temperature
variation, but not performance
variability

4. Are these variability observations consistent over time?

5. ls variability application-dependent?

@ SC22 | Dallas, TX | hpc accelerates.
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Variation over time?

SGEMM on ORNL Summit: Days of Week Variation

FHH

Tues Wed Thur

Kernel Duration (ms)

Every day of the week has 8% average performance variability
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Variation over time?

SGEMM on ORNL Summit: Days of Week Variation
2550 -~ -

®
pr }

We observed consistent variability over time, transient effects only cause minor variations
2350 T T |_l_| T T T
2300 ° °

Sun Mon Fri Sat

Tues Wed Thur
Every day of the week has 8% average performance variability

Kernel |

ﬁ SC22 | Dallas, TX | hpc accelerates. 11/17/2022



Variation over time?

Per-GPU variation in performance over time
Each point shows normalized A(Performance) across 5 runs of SGEMM on same GPU
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Variation over time?

Per-GPU variation in performance over time
Each point shows normalized A(Performance) across 5 runs of SGEMM on same GPU

—
X
N

12.0 e

Longhorn Summit

0.44% 0.12% 6.06% .
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Key Questions

too?

1. How much performance variation is there across GPUs? 9% for SGEMM
with outliers 1.5x slower
than median

2. Do GPU physical metrics (frequency, power and temperature) vary ' Yes

3. How is variability affected by cluster parameters (size, cooling,
GPU vendor)

consistent perf variability
across clusters
(other details in paper)

4. Are these variability observations consistent over time?

Yes, variability is not just a
transient effect -
consistent over time

5. s variability application-dependent?

‘§ SC22 | Dallas, TX | hpc accelerates.
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Comparing Applications (on NVIDIA GPUs)

Benchmark SGEMM

Input Size 25536 x 25536
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Comparing Applications (on NVIDIA GPUs)

Benchmark SGEMM ResNet-50
Training set:
Input Size 25536 x 25536 || 1.2M images

Batch Size: 64
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Comparing Applications (on NVIDIA GPUs)

Benchmark SGEMM ResNet-50 BERT
Training set: Training set:
Input Size 25536 x 25536 || 1.2M images 30K words

Batch Size: 64 Batch Size: 64
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Comparing Applications (on NVIDIA GPUs)

Benchmark SGEMM

Input Size 25536 x 25536

ResNet-50 BERT LAMMPS
Training set: Training set: (x.y.2) =
1.2M images 30K words 8.16,16)

Batch Size: 64

Batch Size: 64
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Comparing Applications (on NVIDIA GPUs)

Benchmark SGEMM

Input Size 25536 x 25536

ResNet-50 BERT LAMMPS PageRank
Training set: Training set: B

1.2M images 30K words Egylzé) i 6) g;ggz; 1n 23625
Batch Size: 64 Batch Size: 64 T &

Q SC22 | Dallas, TX | hpc accelerates.
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Comparing Applications (on NVIDIA GPUs)

Benchmark

Input Size

compute-intensive memory-intensive

SGEMM ResNet-50 BERT LAMMPS PageRank
Training set: Training set:
) (x,y,z) = 642661 nodes
25536 x 25536 || 1.2M images 30K words 8.16,16) 2785421 edges

Batch Size: 64

Batch Size: 64
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Comparing Applications (on NVIDIA GPUs)

compute-intensive memory-intensive

Benchmark SGEMM ResNet-50 BERT LAMMPS PageRank
Training set: Training set: B

Input Size 25536 x 25536 || 1.2Mimages | 30K words Egylzé) 6 g%gzg fzge;
Batch Size: 64 Batch Size: 64 T 5

Single/Multi- . multi-GPU multi-GPU . .

GPU single (4-GPU) (4-GPU) single single
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Multi-GPU ResNet-50 on Longhorn
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Frequency-Performance correlation
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Frequency-Performance correlation
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Frequency-Performance correlation
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Frequency-Performance correlation

Cabinet: e c002 e c003 e c004 e c005 e c006 e c007 e c008 e c009
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Frequency-Performance correlation
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Variability across
applications
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Variability across
applications
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Variability acros
applications
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Summary of findings

The following weren't covered in the talk, but are in the paper:

1. How much performance variation is there across GPUs?

2. Do GPU physical metrics vary too?

3. How is variability affected by cluster parameters

4. |s variability consistent over time?

5. ls variability application-dependent?

Variability with cluster scale

Variability with different GPU vendors (AMD/NVIDIA)
Effect of varying GPU Power Limit

Comparing single-GPU ResNet vs multi-GPU ResNet

9% for SGEMM
with outliers 1.5x slower than median

Yes

consistent perf variability across clusters

Yes

Yes, compute-intensive applications see more
performance variability than memory intensive ones
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Summary of findings

The following weren't covered in the talk, but are in the paper: » Variability with cluster scale
« Variability with different GPU vendors (AMD/NVIDIA)
» Effect of varying GPU Power Limit

= meedinmndiomlon COLLD ot ot ulti-GPU ResNet

1. How much perform:

2 an
2. Do GPU physical me What canwe do'

3. How is variability aﬂ] isters

4. |s variability consistent over time? Yes

5. ls variability application-dependent? Yes, compute-intensive applications see more

performance variability than memory intensive ones
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Harnessing variability to our advantage

1 Blacklisting and Maintenance
- Periodic variability benchmarking
- Identifying and performing targeted maintenance
- Application-Aware Frameworks
- Variability-aware allocation and scheduling frameworks
1 Application-specific, dynamic allocation
1 New hardware and system design
1 Standards for exposing variability info from HW to SW and runtime layers
1 Global power management techniques
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Questions?

Summary

Q Significant performance variability across
clusters - 7-9% on average for SGEMM

O Variability much larger for compute-
intensive workloads (ResNet-50 - 22%)
than memory-intensive workloads
(PageRank - 1%)

O Air-cooled clusters have larger
temperature variation; water/mineral-oil
cooling reduces temperature variation
but does not help performance and power
variation

Artifact

You can reproduce our experiments using:
https://github.com/hal-uw/gpu_variability sc22_artifact

ArXiVv
extended version of the paper
https://arxiv.org/abs/2208.11035

Contact/About
% rnjain@cs.wisc.edu

Q https://pages.cs.wisc.edu/~rnjain/
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