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Project	  goals 
Develop	  a	  data-‐centric	  PaaS	  aimed	  to	  minimize:	  
1.   developments	  costs:	  
➭  introducing	  abstrac)ons	  aimed	  to	  hide	  complexity	  

	  
2. 	  administra0on	  costs:	  
➭  via	  QoS	  based	  automated	  resource	  provisioning	  
	  
3.   opera0onal	  costs:	  
➭  maximizing	  efficiency	  via	  self-‐tuning	  	  
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The	  Cloud-‐TM	  approach 
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•  Innova)on	  in	  three	  main	  areas:	  



Programming Model 

•  Transac0on-‐centric	  programming	  paradigm	  
– abstrac)ons	  aimed	  to	  hide	  complexity	  of	  
concurrency,	  distribu)on	  and	  failure	  management	  

•  Full	  support	  for	  object-‐oriented	  data	  model	  
– manipula)on	  of	  objects	  &	  associa)ons	  graphs	  

•  Support	  for	  querying	  object-‐oriented	  domain:	  
– subset	  of	  industry	  standard	  JP-‐QL	  interface	  
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The	  Cloud-‐TM	  approach 
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•  Innova)on	  in	  three	  main	  areas:	  



Data distribution, replication, persistence 

•  Scalability	  	  	  or	  	  	  consistency?	  
– novel	  data	  management	  protocols	  guarantee	  
strong	  consistency	  w/o	  hampering	  scalability	  

•  Elas)c	  scaling:	  
– high	  throughput	  even	  when	  rescaling	  the	  plaWorm	  
thanks	  to	  non-‐blocking	  state	  transfer	  protocols	  

•  Interoperability	  with	  diverse	  cloud	  storages:	  
– S3,	  vs	  local	  file-‐system	  or	  DBMS	  
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and	  
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•  Innova)on	  in	  three	  main	  areas:	  



Self-optimization 

•  Seen	  as	  a	  pervasive	  feature	  of	  the	  plaWorm:	  
– monitoring	  across	  en)re	  architectural	  stack	  

	  

– workload	  characteriza)on	  and	  forecas)ng	  

	  

– QoS/cost	  driven	  self-‐tuning:	  
•  automa)c	  elas)c	  scaling	  
•  adap)ve	  data	  placement	  and	  consistency	  schemes	  
•  self-‐tuning	  of	  cri)cal	  configura)on	  parameters	  
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Elastic scaling 

•  …is	  one	  of	  the	  most	  appealing	  characteris)cs	  
of	  cloud	  compu)ng	  

•  many	  commercial	  cloud	  providers	  already	  
support	  for	  simple	  automa)c	  elas)c	  scaling	  
policies,	  e.g.:	  
–  if	  CPU/Mem	  are	  above	  threshold	  X,	  add	  a	  node	  
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What your cloud provider  
won’t tell you… 

•  Adding	  one	  more	  node	  will	  NOT	  always	  
improve	  your	  applica)on’s	  performance!	  

Cloud	  Compu)ng	  SLAs	  in	  FP7	  -‐	  Exploita)on	  of	  Research	  Results	  –	  Bruxelles,	  May	  27	  2013	  

Data	  collected	  running	  
heterogeneous	  workloads	  
on	  top	  of	  a	  transac)onal	  
key-‐value	  store:	  

(Red	  Hat’s	  Infinispan)	  
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What your cloud provider  
won’t tell you… 

•  Scaling	  out	  can	  dras)cally	  amplify	  conten)on	  
at	  the	  logical	  and	  physical	  level	  
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Network	  latency	   Commit	  probability	  
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Morale? 

•  Adapta)on	  policies	  based	  on	  resource	  
u)liza)on:	  
– no	  guarantees	  on	  QoS	  achieved	  aber	  adapta)on	  

	  
•  Key	  challenge	  faced	  in	  our	  project:	  
– Predic)ng	  performance	  aber	  elas)c	  scaling	  
requires	  forecas)ng	  the	  effects	  of	  logical/physical	  
conten)on	  
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SLA NEGOTIATION IN THE  
CLOUD-TM PLATFORM 

Cloud	  Compu)ng	  SLAs	  in	  FP7	  -‐	  Exploita)on	  of	  Research	  Results	  –	  Bruxelles,	  May	  27	  2013	  



QoS in data-centric applications 
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•  QOS	  enforcement	  in	  data-‐centric	  applica)ons	  
requires	  mutual	  obliga0ons	  between	  applica0on	  
developers	  and	  plaLorm	  providers,	  e.g.:	  
– plaWorm	  providers	  QoS	  obliga)ons,	  e.g.:	  
•  avg.	  transac)on	  execu)on	  )me<1sec	  	  
	  

– applica)ons’	  obliga)ons,	  e.g.:	  
•  tx.	  execu)on	  )me	  in	  absence	  of	  conten)on	  <	  200msec	  
•  probability	  of	  tx.	  conten)on	  <	  1%	  



SLA negotiation 
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KEY RESULTS IN THE AREA 
OF SLA ENFORCEMENT 
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Key results in SLA area 

•  Methods	  and	  tools	  for:	  
•  performance	  forecas)ng	  	  
•  workload	  characteriza)on	  

of	  distributed	  transac0onal	  data	  stores	  
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Transactional Auto Scaler [2,4] 

•  Innova)ve	  methodology	  for	  predic0ng	  
performance	  of	  transac)onal	  applica)ons	  
when	  deployed	  over	  plaWorms	  of	  different	  
scale:	  
–  instan)ated	  for	  both	  2PC	  and	  primary-‐backup	  
replica)on	  

– methodology	  is	  generic	  enough	  to	  be	  used	  with	  
different	  transac)onal	  storage	  systems	  
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TAS: Performance Predictor 
Analy)cal	  Modelling	  

–  White-‐box	  approach:	  
•  knowledge	  of	  consistency	  algorithms	  internals	  

–  Good	  extrapola)on	  power	  
–  Queueing	  theory	  
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Machine	  Learning	  
–  Black-‐box	  approach:	  

•  hard	  to	  model	  physical	  layer’s	  dynamics	  (or	  even	  knowing	  them)	  
–  Suitable	  for	  virtualized	  environments	  
–  Offline	  trained	  decision-‐tree	  regressors	  

coupled	  via	  an	  itera)ve	  
fixed-‐point	  solu)on	  
technique	  



TAS Accuracy 
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Figure 5: Validation using the TPC-C benchmark

Workloads. We consider two well-known benchmarks, already
mentioned in Section 1, namely TPC-C and Radargun. The for-
mer is a standard benchmark for OLTP systems, which portrays
the activities of a wholesale supplier and generates mixes of read-
only and update transactions with strongly skewed access patterns
and heterogeneous durations. Radargun, instead, is a benchmark-
ing framework specifically designed to test the performance of dis-
tributed, transactional key-value stores. The workloads generated
by Radargun are simpler and less diverse than TPC-C’s ones, but
have the advantage of being very easily tunable, thus allowing as-
sessing the accuracy of TAS in a wider range of workload settings.

For TPC-C we consider two different workload scenarios. The
first, which we denote as TPCC-R, is a read dominated workload
(containing 90% read-only transactions) which generates reduced
contention on both physical and data resources as the scale of the
cluster grows. The second (TPCC-W) include around 50% of up-
date transactions and generate a high data contention level.

Also for Radargun we consider two workloads, denoted as RG-
LA and RG-SM. Both workloads generate uniform data access pat-
terns, but RG-LA performs, in each transaction, a single put oper-
ation over a set of 100K data items, yielding a very low contention
rate. RG-SM, instead, updates in each transaction 10 data items
selected over a set of cardinality 1K, thus generating a very high
contention probability. We decided to use the Radargun workloads
in our evaluation study because their data access patterns are par-
ticularly simple and easily predictable, thus allowing us to validate
the correctness and semantics of the ACF abstraction.

Experimental Platforms. We use, as experimental test-beds for
this study, both a private cluster and Amazon EC2. The private
cluster is composed by 10 servers equipped with two 2.13 GHz
Quad-Core Intel(R) Xeon(R) processors and 8 GB of RAM and
interconnected via a private Gigabit Ethernet. For EC2 we used
up to 20 Extra Large Instances, which are equipped with 15GB of

RAM and 4 virtual cores with 2 EC2 Compute Units each.

ML validation. We start by assessing the accuracy of the machine
learners built using the synthetic benchmarking suite described in
Section 4.2. We focus on the forecasting of Tprep, since in all
the explored settings we observed negligible shifts of the value of
TlocalRO/TlocalWR in face of changes of the cluster size. This is
due to the fact that in the considered settings, the system bottleneck
is consistently the network rather than the CPU.

In order to evaluate the accuracy of the machine learning model
in isolation (i.e., decoupling it from the analytical model), in this
experiment we provide the machine learners with the correct guess
of the target throughput. The scatter-plots in Figure 3 reports the re-
sults of 10-fold cross validation, highlighting that, on both the pri-
vate cluster and on EC2, the ML attains a high prediction accuracy.
Specifically, the correlation factor was around 99% in both cases,
with an average absolute error equal to 500 micro-seconds for EC2
and around 60 micro-seconds for the private cluster. Note that, in
practice, the relative error is similar on both platforms, since, on
EC2, the maximum value of Tprep is around 10 times larger than
the maximum Tprep value on the private cluster.

ACF validation. In Figure 4 we report the ACFs obtained when
running both the TPC-C and Radargun workloads on EC2 and on
the private cluster (note that we tag the curves obtained on the pri-
vate cluster with the suffix “-P”). The plots confirm our finding,
namely that, once fixed an application workload, the ACF repre-
sents an invariant across platforms of different scale, even when
deployed on infrastructures of different nature (private vs public).
It is noteworthy to highlight that the ACF value is equal to 1E-5,
resp. 1E-3, for the workloads RG-LA, resp. RG-SM. We recall
that these workloads generate uniform accesses to datasets of size
100K, resp. 1K, items. Therefore, these results confirm that ACF
can be interpreted as the inverse of the size of an equivalent, uni-
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Key results 

•  Methods	  and	  tools	  for:	  
•  performance	  forecas)ng	  	  
•  workload	  characteriza)on	  

of	  distributed	  transac0onal	  data	  stores	  
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Measuring application scalability 

Can	  we	  measure	  the	  scalability	  of	  a	  transac0onal	  
applica0on	  independently	  from:	  
•  the	  algorithm	  used	  by	  the	  transac)onal	  data	  plaWorm	  
on	  which	  it	  is	  deployed	  

•  the	  capacity	  of	  the	  current	  plaWorm	  (e.g.	  CPU	  speed)	  
•  the	  data	  management	  scheme	  we	  are	  using	  (e.g.	  2PC	  
vs	  Primary	  backup	  protocols)	  
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Application Contention Factor [2] 

•  Scalar	  metric	  based	  on	  queuing	  theory	  arguments	  
•  Automa)cally	  computable	  by	  monitoring:	  

–  lock	  dura)on,	  arrival	  rate	  and	  conflict	  probability	  
•  Independent	  from	  scale	  and	  deployment	  plaWorm:	  
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Conclusions 

•  Key	  results	  (in	  the	  QoS	  area)	  	  
– Methods	  and	  tools	  for	  workload	  characteriza0on	  
and	  performance	  forecas0ng	  of	  transac)onal	  
applica)ons	  

•  Key	  standardiza)on	  opportuni)es:	  
– QoS	  &	  cost	  specifica0on	  based	  on	  custom	  
SLA@SOI	  templates	  

– SLA	  nego)a)on	  process	  and	  tools	  

Cloud	  Compu)ng	  SLAs	  in	  FP7	  -‐	  Exploita)on	  of	  Research	  Results	  –	  Bruxelles,	  May	  27	  2013	  



References 

[1]	  Joao	  Paiva,	  Pedro	  Ruivo,	  Paolo	  Romano	  and	  Luis	  Rodrigues,	  AutoPlacer:	  scalable	  self-‐tuning	  data	  placement	  in	  distributed	  key-‐
value	  stores,	  The	  10th	  Interna)onal	  Conference	  on	  Autonomic	  Compu)ng	  (ICAC	  2013),	  San	  Jose,	  CA,	  USA,	  26-‐28	  June	  2013	  

[2]	  Diego	  Didona,	  Pascal	  Felber,	  Derin	  Harmanci,	  Paolo	  Romano	  and	  Joerg	  Schenker,	  Iden)fying	  the	  Op)mal	  Level	  of	  Parallelism	  in	  
Transac)onal	  Memory	  Systems,	  The	  Interna)onal	  Conference	  on	  Networked	  Systems	  2013	  ,	  	  BEST	  PAPER	  AWARD	  
	  

[3]	  M.	  Couceiro,	  P.	  Ruivo,	  Paolo	  Romano,	  L.	  Rodrigues,	  Chasing	  the	  Op)mum	  in	  Replicated	  In-‐memory	  Transac)onal	  PlaWorms	  via	  
Protocol	  Adapta)on,	  The	  43rd	  Annual	  IEEE/IFIP	  Interna)onal	  Conference	  on	  Dependable	  Systems	  and	  Networks	  (DSN	  2013)	  

[4]	  D.	  Didona,	  Paolo	  Romano,	  S.	  Peluso,	  F.	  Quaglia,	  Transac)onal	  Auto	  Scaler:	  Elas)c	  Scaling	  of	  In-‐Memory	  Transac)onal	  Data	  
Grids,	  The	  9th	  Interna)onal	  Conference	  on	  Autonomic	  Compu)ng	  (ICAC	  2012),	  San	  Jose,	  CA,	  USA,	  17-‐21	  Sept.	  2012	  

[5]	  Paolo	  Romano	  and	  M.	  Leonew,	  Self-‐tuning	  Batching	  in	  Total	  Order	  Broadcast	  Protocols	  via	  Analy)cal	  Modelling	  and	  
Reinforcement	  Learning,	  IEEE	  Interna)onal	  Conference	  on	  Compu)ng,	  Networking	  and	  Communica)ons,	  Network	  Algorithm	  &	  
Performance	  Evalua)on	  Symposium	  (ICNC'12),	  Jan.	  2012	  

[6]	  M.	  Couceiro,	  Paolo	  Romano	  and	  L.	  Rodrigues,	  PolyCert:	  Polymorphic	  Self-‐Op)mizing	  Replica)on	  for	  In-‐Memory	  Transac)onal	  
Grids,	  ACM/IFIP/USENIX	  12th	  Interna)onal	  Middleware	  Conference	  (Middleware	  2011)	  

[7]	  P.	  Di	  Sanzo,	  F.	  Antonacci,	  B.	  Ciciani,	  R.	  Palmieri,	  A.	  Pellegrini,	  S.	  Peluso,	  F.	  Quaglia,	  D.	  Rughew	  and	  R.	  Vitali,	  A	  Framework	  for	  
High	  Performance	  Simula)on	  of	  Transac)onal	  Data	  Grid	  PlaWorms,	  Proc.	  6th	  Interna)onal	  ICST	  Conference	  on	  Simula)on	  Tools	  
and	  Techniques	  (SIMUTools),	  Cannes,	  French	  Riviera,	  2013.	  

[8]	  P.	  Di	  Sanzo,	  D.	  Rughew,	  B.	  Ciciani	  and	  F.Quaglia,	  Auto-‐tuning	  of	  Cloud-‐based	  In-‐memory	  Transac)onal	  Data	  Grids	  via	  Machine	  
Learning,	  Proc.	  2nd	  IEEE	  Interna)onal	  Symposium	  on	  Network	  Cloud	  Compu)ng	  and	  Applica)ons	  (NCCA),	  London,	  UK,	  IEEE	  
Computer	  Society	  Press,	  December	  2012.	  

Cloud	  Compu)ng	  SLAs	  in	  FP7	  -‐	  Exploita)on	  of	  Research	  Results	  –	  Bruxelles,	  May	  27	  2013	  



BACKUP SLIDES 

Cloud	  Compu)ng	  SLAs	  in	  FP7	  -‐	  Exploita)on	  of	  Research	  Results	  –	  Bruxelles,	  May	  27	  2013	  



Architecture Overview 
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TAS’ Architecture 
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Cloud computing: 
issues addressed in Cloud-TM 
•  Lack	  of	  programming	  models	  effec)vely	  hiding	  the	  issues	  of:	  

–  concurrency	  
–  distribu)on	  
–  fault-‐tolerance	  
–  elas)city	  

	  

•  Lack	  of	  effec)ve	  tools	  to	  automate	  elas)c	  scaling:	  
–  manual	  monitoring	  expensive	  and	  error-‐prone	  
–  exis)ng	  techniques	  provide	  no	  guarantee	  on	  perceived	  QoS	  

	  

•  	   Performance	  tuning	  is	  essen)al	  in	  an	  elas)c	  cloud	  
infrastructure,	  but	  costly	  and	  error	  prone	  
	  

Complexity	  
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