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CONCEPTS& REQUIREMENTS

The NoSQLToolbox



http://www.baqend.com
/files/nosql-survey.pdf



Access

Fast Lookups

RAM

Redis
Memcache

Unbounded

AP CP

Complex Queries

HDD-Size Unbounded

AnalyticsACID Availability Ad-hoc

Cache

VolumeVolume

CAP Query PatternConsistency

Example Applications 

Cassandra
Riak

Voldemort
Aerospike

Shopping-
basket

HBase
MongoDB
CouchBase
DynamoDB

Order
History

RDBMS
Neo4j

RavenDB
MarkLogic

OLTP

CouchDB
MongoDB
SimpleDB

Website

MongoDB
RethinkDB

HBase,Accumulo
ElasticSeach, Solr

Social
Network

Hadoop, Spark
Parallel DWH

Cassandra, HBase
Riak, MongoDB

Big Data

(No)SQL DecisionTree



Access

Fast Lookups

RAM

Redis
Memcache

Unbounded

AP CP

Complex Queries

HDD-Size Unbounded

AnalyticsACID Availability Ad-hoc

Cache

VolumeVolume

CAP Query PatternConsistency

Example Applications 

Cassandra
Riak

Voldemort
Aerospike

Shopping-
basket

HBase
MongoDB
CouchBase
DynamoDB

Order
History

RDBMS
Neo4j

RavenDB
MarkLogic

OLTP

CouchDB
MongoDB
SimpleDB

Website

MongoDB
RethinkDB

HBase,Accumulo
ElasticSeach, Solr

Social
Network

Hadoop, Spark
Parallel DWH

Cassandra, HBase
Riak, MongoDB

Big Data

(No)SQL DecisionTree

Purpose:
ApplicationArchitects: narrowingdown the potential 
systemcandidatesbasedon requirements

Database Vendors/Researchers: clearcommunicationand
design of systemtrade-offs





Functional Techniques Non-Functional

Scan Queries

ACID Transactions

Conditional or Atomic Writes

Joins

Sorting

Sharding

Elasticity

Write Scalability

Read Scalability

Data Scalability

Range-Sharding
Hash-Sharding
Entity-Group Sharding
Consistent Hashing
Shared-Disk



Sharding(aka Partitioning, Fragmentation)

ScalingStorage andThroughput

}Horizontal distributionof dataovernodes

}Partitioningstrategies: Hash-basedvs. Range-based

}Difficulty: Multi-Shard-Operations(join, aggregation)

Shard 1

Shard 2

Shard 3

[G-O]

Franz

Peter



Hash-basedSharding
ƁHash of datavalues(e.g. key) determinespartition (shard)
ƁPro: Even distribution
ƁContra: Nodatalocality

Range-based Sharding
ƁAssigns ranges defined over fields (shard keys) to partitions
ƁPro: Enables Range Scans and Sorting
ƁContra: Repartitioning/balancing required

Entity-Group Sharding
ƁExplicit data co-location for single-node-transactions
ƁPro: Enables ACID Transactions
ƁContra: Partitioning not easily changable

Sharding
Approaches

5ŀǾƛŘ W 5Ŝ²ƛǘǘ ŀƴŘ WƛƳ b DǊŀȅΥ άtŀǊŀƭƭŜƭ ŘŀǘŀōŀǎŜ ǎȅǎǘŜƳǎΥ ¢ƘŜ ŦǳǘǳǊŜ ƻŦ ƘƛƎƘ ǇŜǊŦƻǊƳŀƴŎŜ 
ŘŀǘŀōŀǎŜ ǎȅǎǘŜƳǎΣέ /ƻƳƳǳƴƛŎŀǘƛƻƴǎ ƻŦ ǘƘŜ !/aΣ ǾƻƭǳƳŜ орΣ ƴǳƳōŜǊ сΣ ǇŀƎŜǎ урς98, June 1992.
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BigTable, HBase, DocumentDB
Hypertable, MongoDB, 
RethinkDB, Espresso

Implemented in

G-Store, MegaStore,
Relational Cloud, Cloud SQL 
Server 

Implemented in

MongoDB, Riak, Redis, 
Cassandra, AzureTable, 
Dynamo

Implemented in



Functional Techniques Non-Functional

ACID Transactions

Conditional or Atomic Writes
Replication

Consistency

Read Latency

Read Availability

Write Availability

Write Latency

Read Scalability

Commit/Consensus Protocol
Synchronous
Asynchronous
Primary Copy
Update Anywhere



}Stores N copiesof eachdataitem

}Consistencymodel: synchronousvsasynchronous

}Coordination: Multi-Master, Master-Slave

Replication
Read Scalability+ FailureTolerance

DB Node

DB Node

DB Node

Özsu, M.T., Valduriez, P.: Principles of distributed database systems. 
Springer Science & Business Media (2011)



Asynchronous(lazy)
ƁWritesareacknowledgedimmediately

ƁPerformedthroughlog shippingor update propagation

ƁPro: Fast writes, no coordinationneeded

ƁContra: Replicadatapotentiallystale(inconsistent)

Synchronous (eager)
ƁThe node accepting writes synchronously propagates 

updates/transactions before acknowledging

ƁPro: Consistent

ƁContra: needs a commit protocol (more roundtrips), 
unavaialable under certain network partitions

Replication: When

Charron-Bost, B., Pedone, F., Schiper, A. (eds.): Replication: Theory and 
Practice, Lecture Notes in Computer Science, vol. 5959. Springer (2010)
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Replication: When

BigTable, HBase, Accumulo, 
CouchBase, MongoDB, 
RethinkDB

Implemented in

Charron-Bost, B., Pedone, F., Schiper, A. (eds.): Replication: Theory and 
Practice, Lecture Notes in Computer Science, vol. 5959. Springer (2010)

Dynamo , Riak, CouchDB, 
Redis, Cassandra, Voldemort, 
MongoDB, RethinkDB

Implemented in



Master-Slave(Primary Copy)
ƁOnlya dedicatedmasterisallowedto acceptwrites, slavesare

read-replicas

ƁPro: readsfrom the masterareconsistent

ƁContra: masterisa bottleneckandSPOF

Multi-Master(Update anywhere)
ƁThe servernodeacceptingthe writessynchronously

propagatesthe update or transactionbeforeacknowledging

ƁPro: fast andhighly-available

ƁContra: eitherneedscoordinationprotocols(e.g. Paxos) or is
inconsistent

Replication: Where

Charron-Bost, B., Pedone, F., Schiper, A. (eds.): Replication: Theory and 
Practice, Lecture Notes in Computer Science, vol. 5959. Springer (2010)



Functional Techniques Non-Functional

Logging
Update-in-Place
Caching
In-Memory Storage
Append-Only Storage

Storage Management

Read Latency

Write Throughput

Durability



NoSQLStorage Management
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Functional Techniques Non-Functional

Joins

Sorting

Filter Queries

Full-text Search

Aggregation and Analytics

Query Processing

Read Latency

Global Secondary Indexing
Local Secondary Indexing
Query Planning
Analytics Framework
Materialized Views



}LocalSecondaryIndexing: Fast writes, scatter-gather
queries

}Global SecondaryIndexing: Slow or inconsistentwrites,
fast queries

}(Distributed) Query Planning: scarcein NoSQLsystems
but increasing(e.g. left-outer equi-joinsin MongoDB
and -̒joinsin RethinkDB)

}Analytics Frameworks: fallbackfor missingquery
capabilities

}MaterializedViews: similarto global indexing

Query Processing Techniques
Summary



}High-Level Database Categories:
} Relational, Key-Value, Wide-Column, Document, Graph

} Twoout of {Consistent, Available, Partition Tolerant}

}The (No)SQL Toolbox: systemsusesimilartechniques
that promote certaincapabilities

}DecisionTree: mapsrequirementsto concretesystems

Summary

Techniques
Sharding, Replication,

Storage Management, 
Query Processing 

Functional
Requirements

Non-functional
Requirements

promote



TRIGGERS & MORE

ActiveDatabase Features



Databases arePassive
Challenge: Howto BuildReactiveApplications?

circular shapes

Are therenew
circles?



Databases arePassive
Challenge: Howto BuildReactiveApplications?

circular shapes

Change discoverythroughperiodicpolling
Ҧ Inefficient
Ҧ Slow



Triggers: simple action-mechanisms
ƁUsecases:
¶(Referential) integrity

¶Change datacapture

ECA rules: Event-Condition-Action
ƁCaptures composite events
ƁMore expressive than triggers 

(rule languages)
ƁAdvanced use cases:
¶Materialized view maintenance

¶Pattern recognition

¶(complex) event processing

ActiveDatabase Features
Modeling BehavioralDomain Aspects



MaterializedViews:precomputedqueryresults
ƁUsedto speedup pull-basedqueries, e.gin data

warehouses

ƁImplementation aspects:

¶Eagervs. lazy

¶Incrementalvs. recomputation-based

¶Partial maintenancevs. full maintenance

¶Self-maintainabilityvs. expressiveness

Change Notification Mechanisms: inform subscribers 
of possibly invalidated query results
ƁUsed to invalidate caches in the middle tier (cf. 3-tier stack)

View Maintenance
KeepingTrack of Query Results



View Maintenance ByExample
MatchingEveryQuery AgainstEveryUpdate

Similar processing for:
Å Triggers
Å ECA rules

Ą Potential bottlenecks:
Å Number of queries/triggers/rules
Å Write throughput
Å Complexity



EVOLVINGDOMAINS

Data Stream Management



SELECT name, x, y 
FROM People
WHERE x BETWEEN 0 AND 25

AND y BETWEEN 0 AND 15
ORDER BY name ASC

A B
C

x

y

Find people in Room B:

0 10 20

5

10

1. 

2.

3.

Wolle (21/4)

5 15 25

15

Erik (5/10)

Push-BasedAccess ForEvolvingDomains
ContinuousQueriesOver Data Streams



Data Stream Management Systems
High-Level Architecture

workingmemory database

archive
(offline)streamquery

processor



TypicalStream Operators
Examples

Filter & Transform

https://www.infoq.com/presentati
ons/stream-processors-databases

Group

Aggregates Windows

Filter Map GroupByKey

Tumbling

Sliding

SUM()

COUNT()

https://www.infoq.com/presentation
s/stream-processing-apache-flink

https://www.infoq.com/presentations/stream-processors-databases
https://www.infoq.com/presentations/stream-processing-apache-flink


ComplexEvent Processing
DetectingPatterns

eventpatterns

low-level events
a

b
st

ra
c
tio

n

complexevents

}Abstractionfrom raw event streams

}Detection of relationshipsbetween events

}Often modeled in abstraction hierarchies

}Techniques:
ƁTransformation, filtering

Ɓ/ƻǊǊŜƭŀǘƛƻƴΣ ŀƎƎǊŜƎŀǘƛƻƴΣ Χ

ƁPattern detection 
Ą composite events

Illustration taken from: Bruns, R. & Dunkel, J, Complex Event Processing: Komplexe
Analysevon massivenDatenströmenmit CEP (2015). Springer Vieweg, 2015



eventtime

}Arrival time: When was the event received?
}Event time: When did the event occur?
}Clock Skew: difference between arrival and event time

Notionsof Time
Arrival Time vs. Event Time

Illustration takefrom: Stephan Ewen, How Apache Flinkϰ 9ƴŀōƭŜǎ bŜǿ {ǘǊŜŀƳƛƴƎ !ǇǇƭƛŎŀǘƛƻƴǎΣ tŀǊǘ м (2015)
https://data-artisans.com/blog/how-apache-flink-enables-new-streaming-applications-part-1 (2018-03-16)

processingtime

datastream

https://data-artisans.com/blog/how-apache-flink-enables-new-streaming-applications-part-1


Approximation & Load Shedding
ProvideǘƘŜ α.Ŝǎǘά AnswerWhileAvoidingto Fall Behind

rawstream

Prohibitive!



}Sampling: can be optimized for different things, e.g.
Ɓtƻǎƛǘƛƻƴ ǎǘǊŜŀƳ όŜΦƎΦ αǎŜƭŜŎǘ ŜǾŜǊȅ млǘƘ ƛǘŜƳάύ

ƁValue (e.g. hash partitioning)

ƁSemantic criteria

Approximation & Load Shedding
ProvideǘƘŜ α.Ŝǎǘά AnswerWhileAvoidingto Fall Behind

rawstream

Sampled
stream



Summary

Database Stream

Update rate Low High, bursty

Primitive Persistent collections Transient streams

Temporal scope Historical Windowed

Access random sequential

Queries One-time Continuous

Query Plans Static Dynamic

Precision Accurate Approximate
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OVERVIEW

ScalableData 
Processing



ApplicationProcessing
Persistence/
Streaming Serving

Wearehere!

A Data Processing Pipeline



Data processingframeworkshidecomplexitiesof scaling, e.g.:

ÅDeployment- codedistribution, starting/stoppingwork

ÅMonitoring - healthchecks, applicationstats

ÅScheduling- assigningwork, rebalancing

ÅFault-tolerance- restartingworkers, reschedulingfailedwork

Data Processing Frameworks
Scale-Out Made Feasible

Scalingout

Runningin cluster

Runningon singlenode



Big Data Processing Frameworks
Whatareyouroptions?

Amazon Elastic

MapReduce

Google Dataflow



Big Data Processing Frameworks
Whatareyouroptions?

Whatto usewhen?



lo
w
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te

n
cy

high throughput

Big Data Processing Frameworks
Whatareyouroptions?



CONCEPTS

Batch vs. Stream
Processing



Application
Batch

(e.g. MapReduce)
Persistence
(e.g. HDFS)

Serving
(e.g. HBase)

ÅCost-effective & Efficient 

ÅEasy to reason about: operating on complete data

But:

ÅHigh latency: periodic jobs (e.g. during night times)

Batch Processing
α±ƻƭǳƳŜά



Stream Processing
αVelocityά

ÅLow end-to-end latency

ÅChallenges: 

ÅLong-running jobs- no downtime allowed

ÅAsynchronism- data may arrive delayed or out-of-order

Å Incomplete input- algorithms operate on partial data

ÅMore: fault-ǘƻƭŜǊŀƴŎŜΣ ǎǘŀǘŜ ƳŀƴŀƎŜƳŜƴǘΣ ƎǳŀǊŀƴǘŜŜǎΣ Χ

Streaming
(e.g. Kafka, Redis)

ApplicationServing
Real-Time 

(e.g. Storm)



Lambda Architecture
Batch(Dold) + Stream(Dɲnowύ Ғ .ŀǘŎƘό5all)

ApplicationBatchPersistence Serving

Real-Time

ÅFastoutput (real-time)

ÅData retention + reprocessing (batch)
Ҧ αŜǾŜƴǘǳŀƭƭȅ ŀŎŎǳǊŀǘŜάmerged views of real-time & batch 
¢ȅǇƛŎŀƭ ǎŜǘǳǇǎΥ IŀŘƻƻǇ Ҍ {ǘƻǊƳ όҦ {ǳƳƳƛƴƎōƛǊŘύΣ {ǇŀǊƪΣ Cƭƛƴƪ

ÅHigh complexity2 code bases & 2 deployments

Nathan Marz, How to beat the CAP theorem (2011)
http://nathanmarz.com/blog/how-to-beat-the-cap-theorem.html

Streaming
(e.g. Kafka, Redis)

http://nathanmarz.com/blog/how-to-beat-the-cap-theorem.html


Kappa Architecture
Stream(Dall) = Batch(Dall)

Streaming + retention
(e.g. Kafka, Kinesis)

ÅSimplerthan Lambda Architecture 

ÅData retentionfor history

ÅReasons against Kappa:

ÅExistinglegacy batch system

ÅSpecial tools only for a particular batch processor

ÅOnlyincrementalalgorithms

Jay Kreps, Questioning the Lambda Architecture (2014)
https://www.oreilly.com/ideas/questioning-the-lambda-architecture

ApplicationServingReal-Time

replay

https://www.oreilly.com/ideas/questioning-the-lambda-architecture


Wrap-up
Data Processing

ÅProcessing frameworksabstractfrom scalingissues

ÅLambda Architecture: batch+ streamprocessing
ÅKappa Architecture: stream-onlyprocessing

Batch processing
Åeasy to reasonabout
Åextremelyefficient
Åhugeinput-output 

latency

Stream processing
Åquick results
Åpurelyincremental
Åpotentiallycomplexto

handle



SURVEY

Popular Stream 
Processing Systems



Processing Models
Batch vs. Micro-Batch vs. Stream

low latency high throughput

stream batchmicro-batch



Overview

ƁFirstproduction-ready, well-adoptedstreamprocessor

ƁCompatible: native Java API, Thrift, distributedRPC

ƁLow-level: no primitives for joinsor aggregations

ƁNative streamprocessor: latency< 50 msfeasible

ƁBig users: Twitter, Yahoo!, Spotify, Baidu, AlibabaΣ Χ

History

Ɓ2010: developedat BackType(acquiredbyTwitter)

Ɓ2011: open-sourced

Ɓ2014: Apache top-level project

Storm
αHadoopof real-ǘƛƳŜά



Dataflow

DirectedAcyclicGraphs (DAG):
ÅSpouts: pull datainto topology
ÅBolts: do processing, emit data
ÅAsynchronous
ÅLineagecanbe trackedfor eachtuple
Ҧ !ǘ-least-oncehas2x messaging
overhead



Cluster Architecture
HowStorm Scales

Nimbus
Zookeeper

Submit
Topology

Supervisor
Worker Worker

Worker Worker

Supervisor
Worker Worker

Worker Worker

Storm Slave Storm Slave



Cluster Architecture
HowStorm Scales

Nimbus
Zookeeper

Submit
Topology

Supervisor
Worker Worker

Worker Worker

Supervisor
Worker Worker

Worker Worker

Storm Slave Storm Slave

JVMfor each
worker (runs
spoutsand
boltsastasks)

Handles 
coordination

Scheduling& 
Monitoring



State Management
RecoverState on Failure

Å In-memory or Redis-backedreliablestate

ÅSynchronousstatecommunicationon the criticalpath

Ҧ infeasiblefor large state



Back Pressure
ThrottlingIngestion on Overload

Approach: monitoringboltsΨ inboundbuffer
1. Exceedinghigh watermarkҦ throttle!
2. Fallingbelowlow watermarkҦ full power!

1. too many
tuples

3. tuplesget
replayed

2. tuplestime 
out andfail



Overview:

ƁAbstractionlayeron top of Storm

ƁReleasedin 2012 (Storm 0.8.0)

ƁMicro-batching

ƁNew features:

¶High-level API: aggregations& joins

¶Strong ordering

¶Statefulexactly-onceprocessing

Ą Performance penalty

Trident
StatefulStream Joiningon Storm



Trident
PartitionedMicro-Batching

3 Parti-
tions

3 BatchesLƭƭǳǎǘǊŀǘƛƻƴ ǘŀƪŜƴ ŦǊƻƳΥ ά{ǘƻǊƳ 
ŀǇǇƭƛŜŘέΣ {Ŝŀƴ ¢Φ !ƭƭŜƴ Ŝǘ ŀƭΦ



Overview
ƁCo-developedwith Kafka
Ҧ Kappa Architecture

ƁSimple: onlysingle-stepjobs

ƁLocalstate

ƁNative streamprocessor: low latency

ƁUsers: LinkedIn, Uber, Netflix, TripAdvisor, OptimizelyΣ Χ

History
ƁDevelopedat LinkedIn

Ɓ2013: open-source(Apache Incubator) 

Ɓ2015: Apache top-level project

Samza
Real-Time on Top of Kafka

Illustration takenfrom: Jay Kreps, Questioningthe Lambda Architecture(2014)
https://www.oreilly.com/ideas/questioning-the-lambda-architecture(2017-03-02)

https://www.oreilly.com/ideas/questioning-the-lambda-architecture


Dataflow
Simple ByDesign

ÅJob: processingstepόҒ {ǘƻǊƳ bolt)
Ҧ wƻōǳǎǘ
Ҧ .ǳǘΥ often severaljobs

ÅTask: job instance(parallelism)

ÅMessage: singledataitem

ÅOutput persistedin Kafka
Ҧ 9ŀǎȅ datasharing
Ҧ Buffering(no back pressure!)
Ҧ .ǳǘΥ Increasedlatency

ÅOrderingwithin partitions

ÅTask = Kafka partitions: not-elasticon purpose

Martin Kleppmann, Turning the database inside-out with Apache Samza(2015)
https://www.confluent.io/blog/turning-the-database-inside-out-with-apache-samza/(2017-02-23)

https://www.confluent.io/blog/turning-the-database-inside-out-with-apache-samza/


Samza
LocalState

Illustrationstakenfrom: Jay Kreps, Why local state is a fundamental primitive in stream processing(2014)
https://www.oreilly.com/ideas/why-local-state-is-a-fundamental-primitive-in-stream-processing(2017-02-26)

Advantages of localstate:

ÅBuffering
Ҧ Noback pressure
Ҧ !ǘ-least-oncedelivery
Ҧ {ƛƳǇƭŜ recovery

ÅFast lookups

https://www.oreilly.com/ideas/why-local-state-is-a-fundamental-primitive-in-stream-processing


Dataflow
Example: Enrichinga Clickstream

Example: the enriched
clickstreamisavailableto
everyteamwithin the 
organization

Illustration takenfrom: Jay Kreps, Why local state is a fundamental primitive in stream processing(2014)
https://www.oreilly.com/ideas/why-local-state-is-a-fundamental-primitive-in-stream-processing(2017-02-26)

https://www.oreilly.com/ideas/why-local-state-is-a-fundamental-primitive-in-stream-processing


State Management
StraightforwardRecovery

Illustration takenfrom: NavinaRamesh, Apache SamzaΣ [ƛƴƪŜŘLƴΩǎ CǊŀƳŜǿƻǊƪ ŦƻǊ {ǘǊŜŀƳ tǊƻŎŜǎǎƛƴƎ(2015)
https://thenewstack.io/apache-samza-linkedins-framework-for-stream-processing(2017-02-26)

https://thenewstack.io/apache-samza-linkedins-framework-for-stream-processing


Overview
ƁHigh-level API: immutablecollections(RDDs) 

ƁCommunity: 1000+ contributorsin 2015

ƁBig users: Amazon, eBay, Yahoo!, IBM, BaiduΣ Χ

History
Ɓ2009: developedat UC Berkeley

Ɓ2010: open-sourced

Ɓ2014: Apache top-level project

Spark
αMapReducesuccessorά

Core SQL MLlib GraphX
Spark 
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Overview
ƁHigh-level API: DStreams( Java 8 Streams)

ƁMicro-Batching: secondsof latency

ƁRich features: stateful, exactly-once, elastic

History
Ɓ2011: startof development

Ɓ2013: Spark Streaming becomespart of Spark Core

Spark Streaming



ResilientDistributed Data set (RDD)

ƁImmutablecollection& deterministicoperations

ƁLineagetracking: 
Ҧ statecanbereproduced
Ҧ periodiccheckpointsreducerecoverytime 

DStream: DiscretizedRDD

ƁRDDs areprocessedin order: no orderingwithin RDD

ƁRDD scheduling 50 msҦ latency>100ms

Spark Streaming
Core Abstraction: DStream

Illustration takenfrom: 
http://spark.apache.org/docs/latest/streaming-programming-guide.html#overview(2017-02-26)

http://spark.apache.org/docs/latest/streaming-programming-guide.html#overview


Example
CountingPage Views

Zaharia, Matei, et al. "Discretized streams: Fault-tolerant streaming computation at scale."Proceedings 
of the Twenty-Fourth ACM Symposium on Operating Systems Principles. ACM, 2013.

pageViews = readStream ( "http://..." , "1s" )
ones = pageViews.map(event => (event.url, 1))
counts = ones.runningReduce ((a, b) => a + b)


