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The Parallel DBMS vs MapReduce Debate
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Parallel DBMS

MapReduce

licensing costs usually high none
administration difficult easy
upfront schema must have not required
user advanced beginner
scalability 10-100es of nodes

>10,000 nodes

failover, large clusters

suboptimal

very good

performance

very good

suboptimal

" see also [Pavlo etal, SIGMOD 2009] comparison

benchmark to compare Parallel DBMS with MapReduce
showed superiority of Parallel DBMS over MapReduce

VLDB 2010, Sep 15, Singapore

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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MapReduce # MapReduce # MapReduce

= but, MapReduce is three different things:
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(1) a programming paradigm:
e it allows users to specify analytical tasks
e need to provide two functions only: map() and reduce()

(2) a description of a processing pipeline and system:
e that system computes the result to a MapReduce-job

e MapReduce-job: map(), reduce(), and some input data
e scales to very large clusters, > 10,000 nodes

VLDB 2010, Sep 15, Singapore

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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(1) Programming Paradigm

MapReduce SQL Hybrid

MapReduce Hadoop Hive

(2) Processing

pipeline and

PDBMS Greenplum
Vertica

system

Hybrid

HadoopDB

VLDB 2010, Sep 15, Singapore

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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(1) Programming Paradigm

MapReduce SQL Hybrid

MapReduce

(2) Processing

pipeline and

PDBMS
system

Hybrid
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Related Work ——
(1) Programming Paradigm
MapReduce SQL Hybrid
| |

Research Challenge:

Can we invent a system that:

(1) keeps the MapReduce programming paradigm and the
MapReduce execution engine?

(2) approaches Parallel DBMSs in performance?

VLDB 2010, Sep 15, Singapore

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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(1) Programming Paradigm

MapReduce SQL Hybrid

Research Challenge:

MapReduce | Hadoop++

(2) approaches Parallel DBMSs in performance?

(2) Processing

pipeline and

PDBMS

system

Hybrid

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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Hadoop++ System Vision RN

COMPUTER SCIENCE

Information Systems Group

[(1) MapReduce programming paradigm j

map(), reduce()

logical plan

optimized plan
/ . D
MapReduce program generatlon

this paper, Hadoop++

=

map’(), reduce’() /

[(2) MapReduce processing pipeline and system j

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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Features of Hadoop++ i

(1) we do not change the existing Hadoop framework at all

advantage: no need to maintain and test Hadoop code changes
advantage: future improvements of Hadoop orthogonal to Hadoop++

(2) inject our technology inside Hadoop, hide it

advantage: clear layering
advantage: no extra operators, no pipeline changes

(3) do not change the MapReduce programming paradigm
advantage: nothing changes from the user-side

(4) still trick Hadoop into using more efficient plans
advantage: improve runtime performance considerably

" How do we do this? :
Well, let’s first better understand the existing Hadoop
processing pipeline....

(S )

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University

VLDB 2010, Sep 15, Singapore



Analysis: The Hadoop Plan

Data
Load
Phase

Map
Phase

Shuffle
Phase

Y

PPartblock 76
4
Replicate Replicate Replicate Replicate Replicate Replicate

L T

H1 Fetch
2 N2 <+ 2 2 2
Store Store Store R Store Store Store
2 N2 2
Scan Scan Scan
2 N2 2
PPartSplit PPartsplit PPartSplit
Ty Ts Ty T4 \;
M1 Union M2 M3
‘l’ A4
RecRead; ¢ emize RecRead; tepize
N2 N2
MMapmap MMapmap
N2
PPartmen
\l’ N
LPartsh LPartsh LPartsh LPartSh
% % N N
Sortcmp Sortcmp Sortcmp Sortcmp
SortGrpgrp SortGrpgrp SortGrpgrp SortGrpgrp
I I J N/
MMapcg@bine MMapcgmbine MMapcgpbine MMapcombine
Store Store Store
I
Mergecmp
Y
SortGrpgrp
I
MMapcgpbine
N
Store Store
I N/
PPartsh PPartsh

Fetéh Fetch H2 i H3 Fétch thch Fetch H4 ; E

|

M4

Fetch Fetch Fetch Fetth

2 2 2 N2
Buffer Buffer Buffer Buffer
2 2 N2
Store Store s Merge
N2
Store

MergeCmp

SortGrpgrp
\I/

MMapreduce
N2

figure shows example with 4 mappers and 2 reducers

partition

load map reduce

partition data into blocks
replicate data to nodes
store data

scan input data blocks
form splits

send data to processing
nodes

break data into records

call map() for each record
pregroup and preaggregate
output

store output locally

redistribute data over
processing nodes

merge subsets belonging to
same reducer into single file

perform final grouping
call reduce() for each group

store output
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Observations on The Hadoop Plan ———
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= again: no real operators, all hard-coded

= large distributed external merge sort

= sort in order to do a sort-based grouping

= full scan access at all times

= not only two functions, i.e. map and reduce,
" but...

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University



Ten User-Deflned Functlons partion ~ load ~ map  reduce

L
D at a L Ty PPar — Tq

Load Replicate Replicate Replicate Replicate Replicate Replicate
Phase H1 Fetch Fetth Fetch H2 H3 Fétch Fétch Fetch H4
2 2 N2 2 2 2
Store Store Store R Store Store Store
2
b Scan Scan Scan
* The Hadoop Plan has
I Ts \ T6l
Unlon M4 t d f' d
en user-aertine

RecRea RecRea
functions (UDFs):
PPar ) "

, — 2

LParv, ‘ LParvf\ LPa:J.; LPa:J.; {sh |

Map e I =

P P P
SortGé SortGé' Sorthr Sort%r b l O C k

Phase | mgmm wogmm mofgmm - oo .

Store Store Store s p l l t

Mer . .
o ltemize

Store St\o,re mem

PPar PPar
e map
S h u ff I e Fetch Fetc¢h Fetch Fetth S h

N2 N2 N N2
Buffer Buffer Buffer Buffer

P h aS e St\(l)(re ere e Me\ll"/ge C mp

\)\‘ / St\cI;re
= grp
Reduce combine

SortGrp
grp
o Horp
R1 Store R2

Phase | ) ! reduce

/4
T,

figure shows example with 4 mappers and 2 reducers 9
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Hadoop++ Approach: Trojan Techniques ———

Information Systems Group

= Trojan Index:
at data load time:  create index A

at query time: use index access plan | .

Vil h o
gL
= Trojan Join:
at data load time: create co-partitions
at query time: compute all join results locally

i
o

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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. e.g. 8MB of index for 1GB of data
Desired layout: |

DataSet Trgjan Index

| SData T

Indexed Split i

Header Footer

" Index Creation Algorithm:
read input split

add small clustered Trojan index (we use a CSS-tree)
add some metadata

" Implementation:
a MapReduce program

VLDB 2010, Sep 15, Singapore

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University



TrOjan Index Creation partition load map reduce
-

map(key k, value v) - form intermediate key
[((getSplitID() @ prj, (k®Vv),kDVv)] <« with splitID and index

key a
V -&
RecRea
MMa m
fnem,
LPar/ b T N [ LPar
% % 37

M ap Sor Sor Sortcmp Sor dcmp)

SortGr SortGr SortGrp SortGr
siifgry] 2srigrp] crtigro] ciifgr]
ASE | refgem mefge] Mg g
Store Store Store
Merg:
SortGry
grp
IHgr]
e v N
- Store Store
¥ ¥
PPar PPar

’
Shuffle

N2 N2 N N2
Buffer Buffer Buffer Buffer

Ph g :
aS e Store Store e Merge

+
Store
/
Mergimpl

SortGrp
Reduce

R1 Stre R2

Phase | ) !

figure shows example with 4 mappers and 2 reducers @): concatenate schemas 12



Trolan Index Creation

l
D at a L Ty PPar — Tq

Load Replicate Replicate Replicate Replicate Replicate Replicate

Phase H1 Fetch Fet'Eh Fetch H2 ‘ H3 Fétch thch Fetch H4; E

2 N2 <+ 2 2 2
Store Store Store R Store Store Store
2 N2 2
b Scan Scan Scan
L ~2 ol ~2

partition

load map reduce

(

cmp(key k1,key k2) — compare(kl.a, k2.a) <

PPart
LPart A LP LP

Map o) g S

LPa:J.;
Sor

SortGr SortGr p SortGr Sorthr
P h ase MMaW MMam MMa V MMaiconbine]
Store Store
Merg’
SortGr

MMap combine b1ne

Y
N
Store Store
Y
PPar - PPar'
S h u ff I e Fetch Fetch Fetth Fetth
N2 N2 N N2
P h Buffer Buffer Buffer Buffer
N2 N2 N2
aS e Store Store e Merg

SortGrp
Reduce

R1 Stre R2

Phase | ) !

’ 4
T T,

figure shows example with 4 mappers and 2 reducers

sort on index key
only

@): concatenate schemas 12



Trolan Index Creation

partition load map reduce
Data L Ty PPar Tq
Load Replicate Replicate Replicate Replicate Replicate Replicate
Phase H1 Fetch/ Fet'Eh Fetch H2 ‘ H3 Fétch thch Fetch H4 : E
2 2 N2 2 2 2
Store Store Store R Store Store Store
2
b Scan Scan Scan
PPar split PPar split PPar sp11
Ty Ts \ T6~l«
Un10n M4
RecRea RecRea
MMa MMap m
PPar.
LP = + e LP
art ar art art
M S s S x S it S it
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ap E
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I
M e
er
SortGé
- Stre
S h u ff I e Fetch Fetch
2 2 2 N2
Buffer Buffer Buffer Buffer
Phase P ~
Store Store Merge
\ N2
i
sh(key k, value v, int numPartitions) +—
; .. < shuffle on
k.splitID Y% numPartitions

1

2

figure shows example with 4 mappers and 2 reducers

splitID only

@): concatenate schemas 12



Trolan Index Creation

Data
Load
Phase

Map
Phase

partition

l
PPar — Tq

Replicate Replicate Replicate Replicate Replicate Replicate

/ Fet'Eh Fetch H2 ‘ H3 Fétch thch Fetch H4; E

L T

H1 Fetch
2 N2 <+ 2 2 2
Store Store Store R Store Store Store
2
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PPar split PPar split PPar sp11
Ty Ts \ Te l
Un10n M4
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ShET veR e T
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SortGr SortGr SortGr
I

] Mg e

Store Store

Merg:

Sor

SortGrg
I

MM"“l:lcombinel

SortGry
grp
IHgr]
o gpbine]
- v 2
Store Store
[ Y Y
S _

load map

reduce

(

Reduce
Phase

grp(key k1, key k2) — compare(kl.splitiD , k2.splitiD) <

\\Qéﬁﬁﬂ/

SortGrogr
ez
erg e

R1 Store

l l

’ 4
T T,

figure shows example with 4 mappers and 2 reducers

build groups on
splitiD only

@: concatenate schemas

12



TrOjan Index CreTation partition load map reduce

Data R o Ty
Load Replicate Replicate Replicate Replicate Replicate Replicate
Phase H1 Fetch Fet'Eh Fetch H2 ‘ H3 Fétch thch Fetch H4 : E
2 N2 <+ 2 2 2
Store Store Store R Store Store Store R
2 N2 2
b Scan Scan Scan
B N N N
PPar split PPar split PPar
T] TS T2 T4 T T6 l
M1 Union M2 M3 M4
N
RecRea RecRea
MMa MMa
PPar

" reduce(key ik, vset ivs)

: : : : build CSS-tree for
[(ivs @ 1indexBuilder, (ivs))] < cach ivs set

SortGry
grp
IHgr]
mafEgpbine]
- Store Store
N7 Y
PPar | PPar'
S h u ff I e Fetch Fetch Fetth Fetth
N2 N2 N N2
P h Buffer Buffer Buffer Buffer
N2 N2 N2
aS e Store Store e Merge
N2
\ Store
b _—
Mergimpl
SortGrl-
Reduce :
o e
Phase : T :
, 4
T1 T2

figure shows example with 4 mappers and 2 reducers @): concatenate schemas 12
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DataSet Tchan Index

Query Algorithm: -
for each split: ' 7

Indexed Split i Header  Footer

- read footer to obtain split size

- read header to obtain [keymin, keymax]-range of index

- If search key overlaps [keymin, Keymax]-range:
e read CSS-tree into main memory

 read only records qualifying for search predicate
* only pass those records to map()

- else
* skip this split
" Implementation:
a MapReduce program
provide split and itemize UDF
everything else unchanged

VLDB 2010, Sep 15, Singapore

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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Desired layout: join T.a=S.b

DataSet

I co-group j

co-group j+I
Co-Partitioned Split i

= Co-Partition Creation Algorithm:
read input data

create co-partitioned data based on join keys of two relations
add some metadata

" Implementation:
a MapReduce program

VLDB 2010, Sep 15, Singapore

Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University



Trojan Join Co-Partitioning Details

partition

load map reduce

" map(key k, value v) —
[(pri, (k®v), k)]
[(PTJ, (k®v),kev)]

if input(k @ v) = T,4

if input(k ®v)=3

split spl
T
M1
RecRea
ta m
LP — LPar
art sh a
vlsh
ap Sor Sor Sor dcmp
SortGr SortGr SortGr SortGr
Phase - - - D in
‘
SortGry
grp
x
v N
Store Store
I J
PPar PPar'
S h u ff I e Fetch Fetch Fetch Fetth
2 2 2 N2
Buffer Buffer Buffer Buffer
ase vy v
Store Store Merge
N2
Store
/
Mergimpl
SortGr
Reduce e
Phase b h
’ 4
n T

figure shows example with 4 mappers and 2 reducers

join T.a=S.b

form intermediate key
with join key a from T
and b from S

@: concatenate schemas



Trojan Join Co-Partitioning Details partion ~ load  map  reduce

éi Replicate Replicate Replicate Replicate Replicate Replicate
=
5 < M»
— H1 Fetch Fetth Fetch H2 H3 Fétch Fétch Fetch H4
S v v N2 v v v
Eg Store Store Store R Store Store Store
2 N2 2
b Scan Scan Scan
r N N N
NN aak | nn.“. | EntnY h

sort on join key
only

cmp(key k1, key k2) use default <«

— v T
LPart A LP LP
Sort Sort Sor
Map 5
SortGrygr SortGrogr SortGrhgr
4= rfrr] erfory]
ASE | "vighmd "Eghimd ™

Store Store

" N A
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SortGé

Store
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]
Sotjiiﬁ[
SortGL- r
=
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2
Store

N

N
PPar | PPar'
S h u ff I e Fetch Fetch Fetth Fetth

N2 N2 N N2
Buffer Buffer Buffer Buffer
ase S ~n

Store Store Merge

g
St
/
Mergimpl

SortGrp
Reduce

R1 Store R2

Phase [ ) !

’ 4
T T,

figure shows example with 4 mappers and 2 reducers join Ta=S.b @: concatenate schemas 15




Trojan Join Co-Partitioning Details partion ~ load  map  reduce

éi Replicate Replicate Replicate Replicate Replicate Replicate
=
g E— e~ —————
— H1 Fetch Fetth Fetch H2 H3 Fétch Fétch Fetch H4
S v v N2 v v v
Eg Store Store Store R Store Store Store
2 2 2
b Scan Scan Scan
B N N2
PPar split PPar split
T Ts Te l
M1 Union M4
N
RecRea RecRea 1temlz _
MMa MMa
PPar
LP — LPan B LP LP
arwsh ar sh ar ar
\Y[ T
Sort Sort Sor Sornc
ap

SortGr

SortGr SortGr SortGr

Phase | =tem =g mgom -

Store Store Store

" N A
erge
SortGé

Store

N

Shuffle

Fetch Fetch Fetch

N

N2 N2 N
Buffer Buffer Buffer Buffer
ase S ~7
(

Store Store Merge

shuffle on join
key only

sh(key k, value v, int numPartitions) use default <

’ ’
T Té

figure shows example with 4 mappers and 2 reducers join Ta=S.b @: concatenate schemas 15



Trojan Join Co-Partitioning Details partition

Data Load Phase

y
PPar — Tq

L T
Replicate Replicate Replicate Replicate Replicate Replicate

/ Fet'Eh Fetch H2 ‘ H3 Fétch thch Fetch H4; E

\2 2 2 \2 \2 22

H1 Fetch

Store Store Store R Store Store Store
2 N2 2
Scan Scan Scan
N Vv
PPar split PPar split
T Ts Te l
M1 Union M4

N
RecRea

V

recte ot

MMa MMa
PPar.
LP S LP
r r r rt
M ol wafm] ] o]
Sort Sort Sor Sort
ap o w
SortGrhgr SortGrpggr SortGrpgyr SortGrigr
T e s =
ASE | ™fgimd mfgbing ™afgbing Combing
Store Store Store
M M éé”’//
erge
SortGé
e gabine] !
e v N
= 2Lore SLOLS

s

Reduce
Phase

grp(key k1, key k2)

load map

reduce

use default <

Store

Store Merge

+
Store
/
Mergimpl

SortGrp
i

o ginee

R1 Store

l

’ 4
T T,

join T.a=S.b

figure shows example with 4 mappers and 2 reducers

build groups on
join key only

@: concatenate schemas

15



Trojan Join Co-Partitioning Details partition

% L QTI//’ PPar — Tg
f Replicate Replicate Replicate Replicate Replicate Replicate
=
g E— e~ —————
— H1 Fetch Fetth Fetch H2 H3 Fétch Fétch Fetch H4
S v v N2 v v v
‘Q“ Store Store Store R Store Store Store
2 N2 2
b Scan Scan Scan
B N N N
PPar split PPar split PPar
T] TS T2 T4 T T6 l
M1 Union M2 M3 M4

V

N
RecRea RecRea
MMa MMap m
PPar
" “ ;

load map reduce

reduce(key ik, vset ivs) — [({ik} X ivs)] <+

build one co-group
for each join value
In a split

¢ D
Store Store
N7 Y
PPar | PPar'

S h u ff I e Fetch Fetch Fetth Fetth
N2 N2 N N2

P h Buffer Buffer Buffer Buffer
N2 N2 N2

aS e Store Store e Merge

2
\)\‘ Store
B

Mergimp

SortGrp
Reduce

R1 Stre R2

Phase | | !

/ V4
T T,

join T.a=S.b

figure shows example with 4 mappers and 2 reducers

@: concatenate schemas



Trojan Join Co-Partitioning Details partition

Data Load Phase

Map
Phase

Shuffle
Phase

Reduce
Phase

L

Replicate

Fet'Eh Fetch H2 ‘ H3 Fétch thch Fetch H4; E

Ty

Replicate

y
PPar —

Replicate

Te

Replicate

Replicate

load map reduce

H1 Fetch
2 2 N2 2 2
Store Store Store Store Store Store
2 2
b Scan Scan Scan
B N N2
PPar split PPar split
T T5 Te l
M1 Union M4
N
RecRea RecRea
MMa MMa
PPar
LP — LP = LP LP
ar arfgp arfg, artgy
{sh | fsn ] T{sh | T{sh |
Sort Sort Sortcmp Sor
e
SortGry SortGrp SortGrp SortGrigrp
siifgry] 2srigrp] crtigro] ciifgr]
Mg MofEgibing  MEgubine "o ine]
Store Store Store
NS “w
Merge
SortGry
grp
IHgr]
e gabine !
e v N
- Store Store
I J
Fetch Fetch Fetch Fetth
2 2 2 N2
Buffer Buffer Buffer Buffer
2 2 N2
Store Store s Merge
N2
Store
b _—
Mergimpl
SortGrygrp
“rrgr]
s e
R1 Store R2
’ 4
n T

figure shows example with 4 mappers and 2 reducers

Notice. Write-up of these UDFs in the
CR has a small bug. See note on our
website:

http://infosys.cs.uni-saarland.de/

publications/DQJ+10CRv1correction.pdf

join T.a=S.b

@: concatenate schemas
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Trojan Join Query Processing R

COMPUTER SCIENCE
as Group

DataSet

" Query Algorithm: . T R Y
read footer of each input split to determine split size
read records from each co-group in ascending order

build cross product for each co-group

" Implementation:
a MapReduce program
provide split UDF

= Option 1: map-side join
trick: map function keeps some state
perform local join in map()
advantage: no Reduce Phase (see paper)
drawback: need to keep some state in map() for sort-based grouping

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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Option 2: state-less map-side join -
DataSet s Group
= Algorithm:
co-group j co-group j+/
change itemize to return ! —

[joinkey, entire co-group]

then map is being called with the data belonging to an entire co-
group

iInside map: break co-group into tuples and compute cross
product

= Advantages:.

no Reduce Phase as in Option 1
but also: no need to keep state in map

" in fact: we exploited an interesting order plus itemize to
semantically reduce data in map!

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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Trojan Index plus Trojan Join ——

COMPUTER SCIENCE

Information Systems Group

= may combine both techniques

" may use index on join key

=" may use index on different key

= may create multiple indexes inside the split

" In any case:
both scan access and index access paths possible

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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" used benchmark as proposed in [Pavlo etal, SIGMOD 2009]
= pbenchmark defines several tasks

= two of them related to indexing and join processing
Selection Task
Join Task

= used up to 100 EC2 nodes as in HadoopDB-paper
[Abouzeid etal, VLDB 2009]

= report average of three executions

= Some twist, see our paper:

Runtime Measurements in the Cloud: Observing, Analyzing, and Reducing Variance
Jorg Schad, Jens Dittrich, Jorge-Arnulfo Quiané-Ruiz
VLDB 2010

Research Session-14 : Experimental Analysis and Performance (i.e., yesterday)

= therefore: also executed scaled-down experiments on small
local cluster to verify

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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Information Systems Group

2500 . . |
Hadoop | Hadoop++(256MB) | |

HadoopDB | | Hadoop++(1GB) mm

L B -

L 7 e 17 -

1000 |/ ot i Qi -

runtime [seconds]

| -

10 nodes 50 nodes 100 nodes

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University



. g = =
oo ool
(\ /) ] 1]

SAARLAND g

Failover AR W

COMPUTER SCIENCE

Information Systems Group

40 . |
Hadoop —3 Hadoop++(256MB) ——

. HadoopDB =3 Hadoop++(1GB) mmmmm

30

25

20

15

slowdown [percent]

10

node failures straggler nodes

= we inherit fault tolerance from Hadoop!
= the Trojan effect!

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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= indexing, co-partitioning, preprocessing, etc....
= _..are not exclusive to database management systems

= all these techniques may be successfully used in any data
processing system, not only DBMS

= just one thing matters:

= “Do we know anything about the schema and the anticipated
workload in advance?*

" if yes, we may:
create appropriate indexes

create co-partitions
etc.

= this holds for both
DBMS
and MapReduce/Hadoop

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University
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(1) Programming Paradigm

= we proposed Hadoop++ L —
= a new approach to large scale data analysis = = ==

[(1) MapReduce programming paradigm
map(), reduce()

= keep the MapReduce interface
and the MapReduce execution engine

logical plan

= still: rewrite incoming MapReduce programs
to more efficient ones e

= Inject code through Trojan techniques

= execute plans using existing MapReduce
pipeline unchanged

= experimens with SIGMOD 2009 benchmark e

= strong iImprovements in selection and join Ll ][]
tasks .
= up to a factor of 18 better than Hadoop Lo [T [/Tn

24
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Future Work

= other Trojan techniques
ongoing

= research challenges when executing MapReduce on the

Cloud

Flying Yellow Elephant: Predictable and Efficient MapReduce in the Cloud

Jorg Schad
VLDB PhD Workshop 2010 (see VLDB USB stick or online)

" marry Hadoop++ with OctopusDB* one-size-fits-all DBMS

The Mimicking Octopus: Towards a one-size-fits-all Database Architecture

Alekh Jindal
VLDB PhD Workshop 2010 (see VLDB USB stick or online)

patent pending

VLDB 2010, Sep 15, Singapore Jens Dittrich et al, Hadoop++ / Information Systems Group / Saarland University



