Collaborative Research:
Improving Coordination In
HEC I/O Systems

Xiaosong Ma*, Vincent Freeh, John Blondin (NC State U.)

Yuanyuan Zhou (U. of Illinois)
Anand Sivasubramaniam (Penn State U.)
Sudharshan Vazhkudai (Oak Ridge National Lab)

(* Joint faculty with Oak Ridge National Lab)



Project Overview

« PATIO (Parallel AdapTive I/O) Framework

 Focus

— Automatic access pattern recognition
— Multi-layer caching/prefetching
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Theme: Enable coordination between different layers and components
of HEC 1/0 system

Coordinating storage w. job scheduling
Multi-layer, collaborative caching and prefetching

é Coordinating service for multiple jobs at parallel FS servers
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Progress Overview

* Preliminary work on coordinating scheduling and I/O

— Coordinating job scheduling with input data
staging/reconstruction

e Application studies
— Multiple types of applications

e Simulations (FLASH) .)Jm

* Visualization codes (Supernova)
« Parallel bio-sequence database search (BLAST)

e Setting stage for multi-layer caching/prefetching
— Trace collection
— EXxisting solutions in existing parallel file systems
— Parallel file system simulator



Job-data Co-scheduling

« Data stading performed manually or in job script

Wish list for traces
. » |nput/output file attributes for jobs ng alongside
» File size

» Important timestamps (creation,
deletion, first and last accesses)

\ = \Where from, where to

e Preliminary results

ait time for all jobs w. storage
node failures

(SClO?) g 10000 1| =@=w. reconstruction f
— Job and failure data from 5% soo0 || =4=wlo reconstruction
LANL ; g 6000
— Data staging records § 2 4000 4-74
created based on ORNL = 2000 mi——
scratch system 0 ‘

35 49 65 79
System workload (% of full intensity)



Extending Coordination to Within Application

 New category of data-intensive application
— Parallel bio-sequence database search

TGACGTCATCCTCATGTGTTTCTCCATTGACAGCCCTGACAGTTTGGAAAAC
ATTCCTGAGAAG ...

Incoming Querie>

Query: 1  tgacgtcatcctcatgtgtttctccattgacagccctgacagtttggaaaacattcctga 60 <
Results

Sbjct: 21 tgacgtcatcctcatgtgtttctccattgacagccctgacagtttggaaaacattcctga 80

Front End

g3, 94,95 ...

Query Queue

Partition 1

Node 3

Partition 2
Node 5 Node 6

— Unlike traditional HPC applications
» Repeated, sequential reads

— Unlike traditional cluster web servers
« Computation-intensive, large access granularity
* One server node working on one guery at a time

— Node-attached local storage as cache
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Extending Coordination to Within Application (cont’d)

e Solution for traditional
parallel web servers

— Locality-aware request
scheduling (e.g., LARD)

— Sitill, 1/0 cost remains
significant

* Proposed approach

— Scheduling-aware 1/0

» Multi-layer prefetching
based on expected
scheduling decisions

Workload 0.1 0.5 1.0
Average No Locality-
9€ | aware 8869 | 37795 | 39195
Response .
: optimization
Time
(secs) LARD 7 105 769
LARD + LC 5 59 505
No Locality-
Cache aware 5.032 | 5.008 | 5.008
Misses optimization
(#misses/
query/pro | LARD 0.128 | 0.787 | 0.056
Cc
) LARD + LC 0.043 | 1.435| 0.048
No Locality-
Copy aware 3317 | 3477 | 3477
Volume optimization
(GB) LARD 124 302 31
LARD + LC 4 242 23




Extending Coordination to Multiple Workloads

* Optimize center-wide high-performance storage
space utilization
— Manage scratch space as cache

— Data not equally important
» Associate files w. compute job and data staging status
» Differentiate QoS for data associated w. different jobs
— EXxpected benefits
» Overall better storage resource utilization
* Improved data reliability with small resource costs
* Reduced usage charges if storage space gets billed



Multi-layer Prefetching/caching: Lustre Status
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Enhancing Prefetching/caching for PFSs

 Why at parallel file system layer?
— Common platform for diverse applications
— No need to worry about high-level access consistency

e Adapting client-side strategies to HEC applications
— More aggressive write-behind, less aggressive prefetching

e Adding server-side caching/prefetching

— Client-side cache space availability: majority of HEC
applications memory-intensive

— Many small- or medium-size machines run single workload

— For simulations, data need to be cached at server-side may
be of small sizes

— With smart prefetching strategies, cache space consumption
may be reduced

e Coordinating client and server layers
— Multi-layer prefetching/caching
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