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Motivation

* Applications such as:

— Sensor networks
— Network Traffic Analysis
— TFinancial tickers
— Transaction Log Analysis

— Fraud Detection
* Require:

— Continuous processing of data streams
— Real Time Fashion



Motivation

* Store and process is not feasible
— high-speed networks, nanoseconds to handle a packet

— ISP router: gigabytes of headers every hour,...

* Data Streaming:
— In memory
— Bounded resources

— Efficient one-pass analysis



Motivation

* DBMS vs. DSMS
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The 8 Requirements of Real-Time Stream
Processing

Keep the data moving

Query interface, e.g., extended SQL

Handle impertections

Generate predictable outcomes

Integrate stored and streaming data
Guarantee data safety and availability
Partition and scale applications automatically

Process and respond instantaneously



System Model

* Data Stream: unbounded sequence of tuples
— Example: Call Description Record (CDR)
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A B 800 3

Caller text
Callee text
Time (secs) int

Price (€) double

C D 820 7

A E 8:35




System Model

* Operators:

OP

12/26/15

Stateless
1 input tuple
1 output tuple

OP

Stateful
1+ input tuple(s)
1 output tuple



System Model

Stateless Operators

Map: transform tuples schema

Example: convert price € 2 $

Filter: discard / route tuples —> Filter
Example: route depending on price

Union: merge multiple streams
(sharing the same schema) ; Union

Example: merge CDRs from
different sources
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System Model

Stateful Operators

Aggregate: compute aggregate

) —>| Agoregate
functions (group-by) st

[WEES

Example: compute avg, call duration

Equijoin: match tuples from 2 streams > Equijoin
(equality predicate)

Example: match CDRs with same price

Cartesian Product: merge tuples from > .
> Cartesian

2 streams (arbitrary predicate) Product
mams -

Example: match CDRs with prices in the

Same rangc
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System Model

 Continuous Query: graph operators/streams
y: graph op

Map ——— Filter Agg
i Tem
Convert Only Count calls |
€29 > 10% . made by each

Caller number

Caller Caller Caller
Callee Callee Callee
Time (secs) Time (secs) Time (secs)
Price (€) Price ($) Price ($)
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System Model

* Infinite sequence of tuples / bounded memory

- windows

Example: 1 hour windows

| | time
18:00,9:00)
| |
18:20,9:20)
| |

18:40,9:40)
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System Model

* Infinite sequence of tuples / bounded memory

- windows

* Example: count tuples - 1 hour windows

8 22 8:45 9:05
YRS T 3 ;
| | time

18:00,9:00) [ 82092()) l

Output: 4
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Centralized SPEs
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Pioneer SPEs

Cougar

— Distributed processing of sensors data
NiagaraCQ  Still rely

— Queries over distributed XMI. data on DBs
TelegraphCQ

— TFjord API middleware

STREAM (Stanford stREam datA Manager)
— CQL, declarative language that extends SQL

Aurora B | | | No DBs
— Focus on providing operators to compose rich queries

— Later evolved to Aurora*, Medusa, Borealis, used also in
StreamCloud




Research topics — Centralized SPEs

* Approximation

— Due to limited resources, how to approximate results
to reduce space or time complexity?

* Load Shedding

— If close to saturation, which information to discard
in order to maximize the Quality of Servicer?

* Operator scheduling

— In which order to run operators in order to
minimize memory consumption?



Approximation — Exponential
Histograms

* Aggregate information of multiple tuples

— Example: count ones

8:05 822 829 845
o0 0 .y
l . ! \\‘ ! | ttme
[8:00:2:00) '
822 85 9:05
? 2] D .
| | tme

l |
18:00,9:00) [8:20,9:20)

The approximation error
can be bounded
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Distributed SPE
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Distributed SPEs

* Challenges in distributed SPEs (among others)

— Load Balancing

— Fault Tolerance



Distributed SPEs

* Load Balancing: how to distribute operators to
nodes in order to maximize throughput?

— Oftline load balancing

* Load correlation between operators

— Dynamic load balancing

* Box sliding



L.oad correlation between operators

* Given two operators A-B, correlation in [-1,1]

— Correlation -1 =2 burst in A load, decrease in B load
— Correlation +1 = burst in A load, burst in B load

* Goal of the load balancing algorithm

— Find the assignment of operators to nodes that
maximizes the overall correlation

— Burst in the system results in increased load in all the
nodes



Given selectivity(OP):

Map, Union
Filter
Aggoregate

Join

Box Sliding

<1

>0

Output rate

Input Rate



Box Sliding

OP.

B

S |

F——————=

If selectivity(OP,) >> selectivity(OPp)

L

27
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Box Sliding

OP.

B

S |

If selectivity(OPr) >> selectivity(OPg)
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Distributed SPEs — Fault Tolerance

* Existing techniques:
— Active standby
— Passive standby
— Upstream backup
* Guarantees:
— Precise

— Rollback recovery

— Gap



Distributed SPEs — Fault Tolerance

* Active standby

Primary

________________

' |

|

L I .
VQLLLS | Agg :
Cos: SO/ . '

o o o

Recovery
Time:
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Distributed SPEs — Fault Tolerance

* Passive standby

Primary

________________

Periodic :
checkpoints
!

!

!

A A NS o,

Cost: N \/ _______ |

o o

Recovery
Time:
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Distributed SPEs — Fault Tolerance

* Passtve standby

Primary

________________

Periodic
checkpoints

Disk




Distributed SPEs — Fault Tolerance

* Upstream Backup

________________

Cost: \ : '/

Recovery
Time: m
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Parallel-distributed SPEs

e Parallel-distributed SPE

— Deploy single data streaming operators at multiple
SPE instances

* Provided by state-of-the-art SPEs

— Storm
— Yahoo s4

— StreamCloud €



Parallel-Distributed SPEs

* Challenges:

— Semantic Transparency

* Results produced by parallel-distributed execution equal to
centralized or distributed execution

— Throughput maximization

* How to maximize throughput when distributing and
parallelizing data streaming operators?



StreamCloud - Parallelization

* General approach

[

12/26/15

— OP,

OPB —>
1.B: LLoad Balancer

Subcluster A J\ /[

IM: Input Merger
Subcluster B

39



StreamCloud - Parallelization

Stateful operators: Semantic awareness
— Aggregate: count within last hour, group-by caller number

IM - Agg,

8 —> LB .
IM P Agg,

Q — LB -
previous Subcluster IM 5 Aggs

o
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StreamCloud - Parallelization

* Depending on the stateful operator semantic:

— Partition input stream into buckets

— Each bucket 1s processed by 1 node

 # buckets >> # nodes

Keys R

domain

12/26/15

P

fr

\

Agg

Agg,

Aggs

41



StreamCloud - Parallelization

¢ Examplez Match Match
Caller Callee

—> OP1 - OP2 OP3 - OP4 OPS OP6 —>

T O

— Cluster composed by 90 nodes

How to parallelize/distribute the query
to maximize throughput?

12/26/15 A2



StreamCloud - Parallelization

* Parallelization Strategies

Full query at all nodes 1+ operators per node 1 operator per node



StreamCloud - Parallelization

> OP, — OP, 5 OP;
: 7/ (Tom
9 Match
90 Caller
> OP, — OP, x OP,
: [TTEm
Full query at all nodes

12/26/15

OP, |5 OP; > OP; 1>
T I
5 Match Node 1
90 Callee
OP4 - OP5 OP6 i%
T I
Node90-
-



StreamCloud - Parallelization

ey I r—_— I iy I
: I : I : I
I | I
_:9 OP1 15 : OP2 K 3 OP6 T
- | N z |
| e e e = = = L e e e = = =
Node 1 Node 16 Node 76
r—r=—-=—=== | r—===== | r—r=—-=—=== |
| I | 1/ | I
| | I . |
—+> OP,; f OP 4 4\@ OP, —>
| 1 | | 2 | | 6 |
I I I I I I
L e e e = = = L e e e = = =
Node 15 Node 30 Node 90

-

1 operator per node
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StreamCloud - Parallelization

r— " T P — - - T - - """ — T "

. I ' I

I :

> OP1 OP2 ‘30 OP3 OPS OP6 :%

: | (CTm ITm :
Node 1 Match Match Node 61

Caller Callee -

Fr— T/ N o 1

: : |

> OP1 - OP2 : OP3 - OPS OP6 :%

I I

) ) R | poommm | m || | :
Node 30 Node 60 Node 90

1+ operators per node
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Elastic SPEs

Scale up

49
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Elastic SPEs
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Scale down
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Elastic SPEs

Elastic SPEs and the Cloud environment

Elasticity
— Variable number of threads

— Variable number of nodes, scaling with queries

— Variable number of nodes, scaling with operators
* StreamCloud



StreamCloud - Elasticity

* Building blocks:

— Elasticity rules

— Dynamic Load Balancing combined with
provisioning /decommissioning

— Load-aware provisioning / decommissioning
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StreamCloud - Elasticity

Elasticity and load balancing actions on per-subcluster basis

Target utilization threshold

CPU consumption

Lower utilization threshold

()7/0 53



StreamCloud - Elasticity

e Transfer state between nodes

* Load balancing algorithm

* Minimum parallelization unit = bucket

— Transfer buckets between instances



StreamCloud - Elasticity

* State transfer challenging for statetul operators

RS
i

Tuples referring
to caller A

time
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e Window Recreation Protocol

<
A

Send to A

A

StreamCloud - Elasticity

<

[

\

J

A

12/26/15

l

A

l

|
Send to B

B

time

+ No communication
between nodes

- Completion time
proportional to window
size

56



StreamCloud - Elasticity

e State Recreation Protocol

SRS
i

Copy to B

+ Minimizes completion

time
1
r o
, - Communication between
time
| | nodes
B

oy

——
- e o o me e s e e e = -
—

—_—
—

oy
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StreamCloud - Elasticity

* Load balancing algorithm:

* Finding the right assignment of buckets to machines =2

bin packing problem (NP hard)

* Should reduce the number of state transfers (cannot
reallocate all buckets)



StreamCloud - Elasticity

* Greedy algorithm:
— Balance load = Minimized CPU standard deviation

— N

Sort nodes on Transfer heaviest bucket Standard Deviation
CPU utilization of first node to last node decrease > threshold?

. I+
< <1 N <& = 0 & <=

~

-
~ -
~ -~ .-
—_—— -
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Centralized
SPEs

l

* Pioneer SPEs
* Approximation /
Load-Shedding

* Operators Scheduling

Conclusions

Distributed

SPEs

Load Balancing
Fault Tolerance

Parallel-Distributed Elastic
SPEs SPEs
Semantic Transparency
Maximization of throughput
e JaaS
* Scale Up/Down +

Dynamic Load Balancing

http:/ /www.cse.chalmers.se/~vinmas
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