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Ways to better performance:
Scale up

® Scale up: build ONE bigger machine
® Faster CPUs, larger memory, make everything faster
® Exponentially expensive

® Can't gotoo big



Ways to better performance:
Scale out

® Scale out: build a bigger GROUP of machines

® Up-to-date and commodity hard ware, fast network

® Biggestissue: scalability:1+1< 2
® Workload: Amdahl'slaw, Gustafson’s law

® System services: metadata, scheduling, controlling,
monitoring



System services: bad example
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Background: storage problem

® Limitations of current architecture:
® Separated Compute and storage: shared network infrastructure
® Alll/Os are (eventually) remote

® Frequent checkpointing: extremely write-intensive
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New architecture: distributed storage

Network Fabric

‘Storage Resources |
SHS #f? X

NN s N

~ NAS jt& 1
\\\ A \\: 1 s \\:
arallel : :
\ ‘?i Network Link(s) SRS

o

N\ e
m O\ Wn

oy ﬁ, o
m \ W

o ’/ o
n_\  Wn

\@

° ° ° =
N NGIS E NSNS
SSTE ST ST ST




System services are critical!

® Metadata management (file systems,
databases...)

® System scheduling systems (job, 1/O...)

® System state monitoring system



Problem statement and motivation

® Scalability is limited by system management and
services.

® Decades old relatively centralized architecture no
longer catches up the growth of system scale.

® There is no proper storage system to support
large scale distributed system services.



Proposed work

® Build a scalable storage system that meets the
needs of scalable system services for exa-scale
machines
® High Performance
® High Scalability

® Fault tolerance



Various storage system solutions

Storagetype | Capacity | Singleunit | Latency | Scalability | Resilience | Query &
size limit indexing

File systems Very large Large O(20) ms Low Medium No

SQL Large Various - O(20) ms Very low Very high Best
Databases small (ACID)

NoSQL data Large Various - 0O(0.1~1) ms High High Good
stores small
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Limitations of Current
NoSQL DBs

® Performance
® Highlatency:10ms ~ seconds
® Not good enough scalability

® Logarithmicrouting algorithms
® No deployment of O(12000) nodes

® Portability
® Many are implementedin Java—no support on supercomputers

® Complexdependencies
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Proposed NoSQL solution

ZHT (zero-hop distributed hash table)

® Afast and lightweight distributed key-value store
® A building block for HPC systems and clouds

High Performance

® Low Latency

® HighThroughput
Scalability towards O(120K) nodes

Reliability acrossfailures
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Overview: ZHT highlights

® ZHT: a zero-hop key-value store system

® Written in C/C++, few dependencies

® Tuned for supercomputersand clouds

® Performance Highlights (on BG/P)

® Scale:8K-nodes and 32K instances
® Latency:1.5 ms at 32K-core scales

® Throughput: 18M ops/s
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/HT Features

® Unconventional operations
® Insert, lookup, remove
® Append,Compare_swap, Change_callback
® Dynamic membership:allowingnode joinsand leaves
® modified consistent hashing
® Constantrouting: 2 hops at most
® Bulk partition movingupon rehashing
® Faulttolerance
® Replication

® Strongoreventual consistency
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ZHT architecture
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ZHT Related work

® Many DHTs: Chord, Kademlia, Pastry, Cassandra, C-MPI,
Memcached, Dynamo

® Why another?

Routing _ Dynamic Additional

Time | Fersistence | o ambership | Operation

Java Log(N) Yes Yes No
C-MPI C/MPI Log(N) No No No

oto
Java Log(N) Yes Yes No

Memcached o No No No

C
C++ oto2 Yes Yes Yes
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Evaluation

® Test beds

® IBM Blue Gene/P supercomputer
® Up to 8K-nodesand 32K-cores
® 32K-instance deployed

® Commodity Cluster
® Up to 64-nodes
® Amazon EC2

® Ma.medium andCc2.8xlarge
® 96 VMs, 768 ZHT instances deployed

® Systems comparison
® Cassandra, Memcached, DynamoDB

25
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Performance on a cloud:
Amazon EC2
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Performance on a commodity
cluster: HEC
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ZHT/Q: a Flexible QoS Fortified
Distributed Key-Value Storage System
for Data Centers and Clouds

Built on top of ZHT

Meet the needs of clouds and data centers
Support simultaneous multiple applications
QoS on request response time (latency)
Dynamic request batching strategies

Publication

® AFlexible QoS Fortified Distributed Key-Value Storage System
for the Cloud, IEEE Big Data 2015



Client side batcher
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Workload patterns

Workload QoS patterns

QoS latency time Ims 10ms 100ms | 1000ms
Pattern 1 25% 25% 25% 25%
Pattern 2 4% 32% 32% 32%
Pattern 3 0% 33% 33% 33%
Pattern 4 0% 0% 50% 50%
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Application Use Cases
File systems: FusionFS [TPDSag, BigDatais, CCGridig, SCa3,
Clustera3, TaPP13, SCa2, LSAP11]
Sensor network storage: WaggleDB [SCa4, ScienceCloudis]
Statement management: FREIDA-State [BigData14]
Graph processing system: GRAPH/Z [Clusteras]
MTC scheduling: MATRIX [BigDatais, HPCa3, 1IT13, SCa2]
HPC scheduling: Slurm++ [HPDCa5, HPDCa4]
Distributed message queues: FabriQ [ BDC15]

Simulations: DKVS [SCa3]

Lead authorpapers
Co-author papers
Papers based on my work




Use case FusionFS:
a distributed file system

® Afully distributed file system, based on FUSE

® All-in-one: compute node, storage server, metadata
server on one machine

® Using ZHT for metadata management
® Evaluated on BlueGene/P and Kodiak up to 1K node

Collaboration with Dongfang Zhao, PhD 2015
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Use case MATRIX:
a distributed scheduling framework

® Optimizedfor many-task-computing

® Fully distributed design

® Adaptive work stealing

® Using ZHT to submitjobs and monitor status

Collaboration with Ke Wang, PhD 2015
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Use case MATRIX:
a distributed scheduling framework
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Use case WaggleDB:

NoSQL DB for sensor network data service

® Project: WaggleDB at ANL, 2014
® NoSQL database + distributed message queue
® Collaborator: Kate Keahey, ANL

® Publication:

® A Dynamically Scalable Cloud Data Infrastructure for
Sensor Networks, ScienceCloudas

® A Cloud-based Interactive Data Infrastructure for
Sensor Networks, SC14 research poster
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Use case FRIEDA-State:
NoSQL DB for
State Management on Cloud

® Project: FRIEDA-State at LBL, 2013
® Collaborator: Lavanya Ramakrishnan, LBL

® Publication: Scalable State Management for Scientific
Applicationsinthe Cloud, IEEE BigData 2014

® Fundinginfo

® DOE DE-ACo02-05CH11231

® NSFNo. 0910812



FRIEDA-State architecture
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Conclusion

® Prove that NoSQL systems are a fundamental
building block for more complex distributed
systems

® Storage systems: ZHT/Q, FusionFS, Istore

® Provenance: FusionProv

® Job scheduling systems: MATRIX, Slurm++

® Event streaming systems: WaggleDB, FRIEDA-State

® Message queue systems: FgbriQ
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L essons Learned

® Decentralized architecture
® High Performance
® Excellent scalability
® Improved fault tolerance
® Simplicity
® Light-weightdesign
® Little reliance on complex software stack

® Easy adoption asbuilding blockfor more complex systems
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Future Research Directions

® Building extreme-scale system services with
NoSQL storage systems

® Using NoSQL storage to help on traditional
HPC applications problems

® Scalability

® Fault tolerance
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