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Where	
  Do	
  We	
  Spend	
  Our	
  Time	
  in	
  Science?	
  
•  Goals	
  
•  Make	
  the	
  process	
  predictable	
  
•  Make	
  the	
  process	
  adaptable	
  
•  Make	
  the	
  process	
  scalable	
  	
  
•  Make	
  the	
  soNware	
  easy-­‐to-­‐use	
  

	
  
• ObservaOon	
  
•  Too	
  much	
  Ome	
  is	
  spent	
  in	
  managing,	
  moving,	
  storing,	
  retrieving	
  ,	
  and	
  turning	
  the	
  
science	
  data	
  into	
  knowledge	
  

•  Sirius	
  specific	
  Goal	
  
•  Refactor	
  data	
  so	
  that	
  we	
  can	
  efficiently	
  store,	
  find,	
  retrieve	
  data	
  in	
  predictable	
  
Omes	
  set	
  by	
  the	
  users,	
  negoOated	
  with	
  the	
  system	
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SIRIUS	
  Story	
  
•  Exascale	
  Apps	
  will	
  generate	
  too	
  much	
  data	
  

•  Data	
  needs	
  to	
  be	
  prioriOzed	
  by	
  the	
  users	
  generaOng	
  and	
  reading	
  
•  Data	
  needs	
  to	
  be	
  reduced,	
  re-­‐organized,	
  from	
  large	
  volumes	
  into	
  different	
  buckets	
  of	
  
importance	
  	
  

•  Storage	
  systems	
  may	
  not	
  have	
  the	
  capacity	
  or	
  performance	
  to	
  sustain	
  large	
  datasets	
  	
  
•  The	
  management	
  of	
  data	
  in	
  mulO-­‐Oer	
  Storage	
  systems	
  in	
  the	
  data	
  lifecycle	
  will	
  
become	
  more	
  difficult	
  to	
  manage	
  
•  Data	
  access	
  Omes	
  need	
  to	
  be	
  described	
  by	
  users	
  and	
  negoOated	
  with	
  the	
  
storage	
  system	
  for	
  predictable	
  storage	
  performance	
  
•  Challenges:	
  
•  How	
  can	
  the	
  middleware	
  and	
  storage	
  system	
  understand	
  refactored	
  data?	
  	
  
•  How	
  to	
  build	
  scalable	
  metadata	
  searching	
  to	
  find	
  refactored	
  data	
  
•  The	
  interplay	
  between	
  data	
  refactoring,	
  data	
  re-­‐generaOon,	
  and	
  data	
  access	
  Omes	
  



SIRIUS gflofst@sandia.gov	
  

Principles	
  

• Principle	
  1:	
  A	
  knowledge-­‐centric	
  system	
  design	
  that	
  allows	
  user	
  
knowledge	
  to	
  define	
  data	
  policies	
  
•  Today	
  SSIO	
  layers	
  are	
  wri\en	
  in	
  a	
  stove-­‐pipe	
  fashion,	
  and	
  quite	
  oNen	
  do	
  not	
  allow	
  
opOmizaOons	
  to	
  take	
  place	
  
•  Re-­‐design	
  the	
  layers	
  in	
  a	
  highly	
  integrated	
  fashion	
  where	
  users	
  place	
  their	
  
intenOons	
  into	
  the	
  system	
  and	
  acOons	
  will	
  staOcally	
  and	
  dynamically	
  take	
  place	
  to	
  
opOmize	
  for	
  the	
  system	
  and	
  for	
  individual	
  requests	
  

• Principle	
  2:	
  Predictable	
  performance	
  and	
  quality	
  of	
  data	
  in	
  the	
  SSIO	
  
layers	
  need	
  to	
  be	
  established	
  so	
  science	
  can	
  be	
  done	
  on	
  the	
  exascale	
  
systems	
  in	
  a	
  more	
  efficient	
  manner	
  
• Without	
  predictable	
  performance,	
  not	
  only	
  can	
  the	
  runs	
  be	
  slowed	
  down	
  because	
  
of	
  contenOons	
  on	
  shared	
  resources,	
  but	
  also	
  it	
  affects	
  key	
  science	
  decisions	
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Outline	
  

• MoOvaOon	
  
•  SIRIUS	
  Building	
  Blocks	
  
• Data	
  Refactoring	
  
• AudiOng	
  
• Data	
  DescripOon	
  
• Metadata	
  Searching	
  
•  Fuzzy	
  Predictable	
  Performance	
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ADIOS	
  –	
  A	
  critical	
  library	
  for	
  DOE	
  apps	
  
•  Used	
  heavily	
  in	
  many	
  LCF/NERSC	
  applicaOons	
  which	
  we	
  partner	
  with	
  
•  Allows	
  our	
  team	
  to	
  rapidly	
  prototype	
  new	
  methods	
  and	
  test	
  them	
  for	
  
applicaOon	
  data	
  lifecycles	
  
•  Has	
  the	
  ability	
  to	
  describe	
  data	
  uOlity	
  (XML	
  descripOon)	
  
•  Allows	
  our	
  team	
  to	
  test	
  out	
  hypothesis	
  

1. Accelerator:	
  PIConGPU,	
  Warp	
  
2. Astrophysics:	
  Chimera	
  	
  
3. CombusOon:	
  S3D	
  
4. CFD:	
  FINE/Turbo,	
  OpenFoam	
  
5. Fusion:	
  XGC,	
  GTC,	
  GTC-­‐P,	
  M3D,M3D-­‐C1,	
  M3D-­‐K,	
  Pixie3D	
  
6. Geoscience:	
  SPECFEM3D_GLOBE,	
  AWP-­‐ODC,	
  RTM	
  
7. Materials	
  Science:	
  QMCPack	
  
8. Medical:	
  Cancer	
  pathology	
  imaging	
  
9. Quantum	
  Turbulence:	
  QLG2Q	
  
10. VisualizaOon:	
  Paraview,	
  Visit,	
  VTK,	
  OpenCV,	
  VTKm	
  

	
  
	
  h\p://www.nccs.gov/user-­‐support/center-­‐projects/adios/	
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DataSpaces	
  to	
  explore	
  placement	
  strategies	
  on	
  
multi-­‐tier	
  memory/storage	
  hierarchies	
  

•  Allows	
  our	
  team	
  to	
  stage	
  data	
  across	
  memory	
  and	
  storage	
  hierarchies	
  with	
  different	
  data	
  
placement	
  strategies	
  

•  Building	
  on	
  our	
  “learning”	
  techniques	
  to	
  opOmize	
  data	
  placement	
  for	
  different	
  opOmizaOon	
  
strategies	
  

The	
  DataSpaces	
  
AbstracNon	
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Object	
  Storage	
  
•  Light	
  Weight	
  File	
  System-­‐inspired	
  philosophy	
  
•  Clients	
  bring/opt-­‐in	
  to	
  services	
  they	
  require	
  
•  Naming,	
  locking,	
  distributed	
  transacOons	
  

• Peer-­‐to-­‐peer	
  inspired	
  design	
  
•  Ephemeral,	
  diverse	
  servers	
  and	
  clients	
  
•  Data	
  and	
  locaOon(s)	
  are	
  decoupled	
  

• Addressed	
  systems	
  
•  Sirocco	
  (Sandia)	
  h\p://www.cs.sandia.gov/Scalable_IO/sirocco/	
  

•  Full	
  control	
  from	
  ownership,	
  in	
  development	
  technology	
  
•  Ceph	
  (RedHat)	
  

•  Mature,	
  producOon	
  system	
  with	
  special	
  a\enOon	
  required	
  to	
  address	
  HPC	
  workloads	
  
•  DAOS	
  (Intel)	
  

•  Next	
  generaOon	
  Lustre	
  with	
  strong	
  commercial	
  and	
  DOE	
  support,	
  sOll	
  under	
  
development	
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Outline	
  

• MoOvaOon	
  
•  SIRIUS	
  Building	
  Blocks	
  
• Data	
  Refactoring	
  
• AudiOng	
  
• Data	
  DescripOon	
  
• Metadata	
  Searching	
  
•  Fuzzy	
  Predictable	
  Performance	
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Data	
  Refactoring	
  

• Data	
  needs	
  to	
  be	
  refactored	
  so	
  that	
  more	
  important	
  data	
  can	
  be	
  
prioriOzed,	
  e.g.,	
  being	
  placed	
  on	
  the	
  higher	
  Oer	
  on	
  the	
  storage	
  systems.	
  
• Challenges:	
  
•  To	
  understand	
  the	
  cost	
  associated	
  with	
  refactoring	
  data,	
  in	
  terms	
  of	
  CPU	
  cycles,	
  
extra	
  memory	
  consumed,	
  and	
  communicaOon.	
  
•  Does	
  the	
  refactoring	
  affect	
  the	
  fidelity	
  of	
  the	
  applicaOons?	
  If	
  so,	
  how	
  much?	
  
•  ANer	
  data	
  is	
  refactored,	
  how	
  do	
  we	
  map	
  it	
  to	
  the	
  storage	
  hierarchy?	
  How	
  do	
  we	
  
enforce	
  policy?	
  
•  How	
  will	
  data	
  be	
  used?	
  E.g.	
  

•  ​𝐵 is	
  a	
  fundamental	
  variable	
  in	
  a	
  MHD	
  code,	
  but	
  many	
  Omes	
  the	
  user	
  want	
  the	
  current:	
  |​𝛻 × ​𝐵 
= ​𝐽 |	
  oNen	
  looking	
  at	
  the	
  low	
  frequency	
  modes,	
  or	
  ​𝛻 ∙ ​𝐵 	
  

•  We	
  need	
  error	
  bounds	
  for	
  our	
  refactored	
  quanOOes	
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Data	
  Refactoring	
  and	
  Utility	
  Functions	
  
• Need	
  to	
  explore	
  what	
  and	
  where	
  
the	
  computaOon	
  will	
  occur	
  
•  Flexibility	
  in	
  locaOon	
  based	
  on	
  past	
  
work	
  
•  Flexibility	
  in	
  which	
  operaOon	
  to	
  
perform	
  on	
  which	
  chunk	
  of	
  data	
  

• Code	
  generaOon	
  or	
  code	
  containers	
  
are	
  potenOal	
  study	
  targets	
  
• Maintaining	
  relaOonship	
  between	
  
data	
  chunks	
  
• Carry	
  a\ributes	
  from	
  generaOon	
  to	
  
consumpOon	
  and	
  feedback	
  into	
  a	
  
uOlity	
  computaOon	
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Data	
  Utility	
  
•  Describes	
  how	
  long	
  a	
  data	
  chunk	
  will	
  live	
  at	
  a	
  level	
  
of	
  the	
  storage	
  hierarchy	
  
•  UOlity	
  is	
  a	
  broad	
  descripOon	
  

•  SpaOal	
  or	
  temporal	
  uOlity	
  of	
  data	
  
•  UOlity	
  based	
  on	
  in-­‐data	
  features	
  	
  
•  UOlity	
  based	
  on	
  staOsOcal	
  features	
  

•  UOlity	
  has	
  a	
  large	
  component	
  from	
  the	
  user	
  and	
  the	
  
use	
  case	
  
•  Experimental	
  design	
  factors	
  in	
  here	
  
•  Solving	
  a	
  specific	
  scienOfic	
  problem	
  =>	
  specific	
  data	
  uOlity	
  
funcOon	
  

•  API	
  for	
  ingesOng	
  user	
  preferences	
  and	
  combining	
  
with	
  historical	
  provenance	
  
•  Dynamic	
  uOlity	
  for	
  online	
  analysis/visualizaOon	
  use	
  
cases	
  

e.g.	
  The	
  uOlity	
  of	
  Mesh	
  may	
  be	
  
defined	
  more	
  explicitly	
  as,	
  for	
  
example,	
  (priority=1,	
  (Ome-­‐
NVRAM=8	
  hours,	
  Ome-­‐PFS=30	
  
days,	
  Ome-­‐CAMPAIGN=100	
  
days,	
  Ome-­‐TAPE=1000	
  days),	
  	
  
(priority=2,	
  (Ome-­‐NVRAM=1	
  
hours,	
  Ome-­‐PFS=4	
  days,	
  Ome-­‐
CAMPAIGN=100	
  days,	
  Ome-­‐
TAPE=300	
  days).	
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Utility-­‐driven	
  Data	
  Placement	
  
Goal:	
  Determine	
  placement	
  of	
  data	
  objects	
  verNcally	
  across	
  different	
  levels	
  of	
  
the	
  memory	
  hierarchy,	
  e.g.,	
  SSD	
  or	
  DRAM,	
  and	
  horizontally	
  at	
  different	
  staging	
  
nodes	
  
•  UOlity	
  quanOfies	
  the	
  relaOve	
  value	
  of	
  data	
  objects	
  based	
  on	
  anOcipated	
  data	
  
read	
  pa\erns	
  
‒ UOlity	
  based	
  on	
  data	
  access	
  pa\erns	
  (monitored	
  and	
  learnt	
  at	
  runOme)	
  
and	
  the	
  locaOon	
  of	
  the	
  applicaOon	
  and	
  staging	
  nodes	
  within	
  the	
  system	
  
network	
  topology	
  

‒ For	
  example,	
  data	
  objects	
  with	
  higher	
  data	
  u+lity	
  are	
  placed	
  closer	
  to	
  the	
  
compuOng	
  nodes	
  accessing	
  it	
  

1. 	
  	
  Exploring	
  Data	
  Staging	
  Across	
  Deep	
  Memory	
  Hierarchies	
  for	
  Coupled	
  Data	
  Intensive	
  Simula@on	
  Workflows.	
  	
  
T.	
  Jin,	
  F.	
  Zhang,	
  Q.	
  Sun,	
  H.	
  Bui,	
  M.	
  Romanus,	
  N.	
  Podhorszki,	
  S.	
  Klasky,	
  H.	
  Kolla,	
  J.	
  Chen,	
  R.	
  Hager,	
  C.	
  Chang,	
  M.	
  
Parashar.	
  IEEE	
  IPDPS'15,	
  May	
  2015	
  

2. 	
  	
  Adap@ve	
  Data	
  Placement	
  For	
  Staging-­‐Based	
  Coupled	
  Scien@fic	
  Workflows.	
  	
  
Q.	
  Sun,	
  T.	
  Jin,	
  M.	
  Romanus,	
  H.	
  Bui,	
  F.	
  Zhang,	
  H.	
  Yu,	
  H.	
  Kolla,	
  S.	
  Klasky,	
  J.	
  Chen,	
  M.	
  Parashar.	
  	
  ACM/IEEE	
  SC'15,	
  
Nov.	
  2015.	
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Performance	
  

•  IniOal	
  tests	
  use	
  3/5	
  byte	
  splits	
  for	
  doubles	
  
•  XGC	
  parOcle	
  data	
  -­‐-­‐	
  wrote	
  819,200,000	
  parOcles	
  using	
  5	
  nodes	
  (160	
  processes)	
  on	
  
Sith	
  @	
  ORNL	
  
• Write	
  with	
  no	
  compression	
  ::	
  10.3s	
  
•  The	
  Ome	
  to	
  split	
  each	
  double	
  from	
  that	
  set	
  of	
  parOcles	
  into	
  3	
  significant	
  and	
  5	
  less	
  
significant	
  bytes.	
  ::	
  4.1s	
  
•  The	
  Ome	
  to	
  write	
  out	
  the	
  3	
  byte	
  pieces	
  ::	
  3.4s	
  
•  The	
  Ome	
  to	
  write	
  out	
  the	
  5	
  byte	
  pieces	
  ::	
  9.3s	
  

•  Separate	
  read	
  Omes	
  on	
  a	
  laptop	
  
•  Errors:	
  Norms	
  L2:	
  72028.2	
  Linf:	
  0.00109242	
  
•  Total	
  ReadTime:	
  10.3131	
  decompressTime:	
  27.9715	
  
• Whole	
  data	
  ReadTime:	
  34.1505	
  decompressTime:	
  0	
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Results	
  sets	
  

• Variety	
  of	
  reading	
  opOons	
  tained in full precision while other areas can be more
highly compressed. Such an operator would decompose
the data from a process further than a single process or
node depending on the data features. This approach may
balance precision better than wavelet compression, but at
a higher analytics cost. We would put data areas with in-
teresting features on the fast tier while the rest could be
spooled to the slow tier asynchronously.

We plan to investigate all three approaches as differ-
ent applications will have different techniques that work
best. Our initial tests have demonstrated the potential
for the auditor approach in an isolated environment. We
have also built a prototype ADIOS transport method for
the byte-split apporach. Any performant storage system
should offer the flexibility to incorporate application spe-
cific data refactoring techniques and sufficient metadata
support for an arbitrary client to access the data success-
fully.

Quality of Service deadlines are important for driving
how much time is spent performing IO. At the same time,
data quality must be maintained at a sufficient level for
the resulting science to be possible. The system must of-
fer a way for an end-user to negotiate with the system
for trading off between time spent in IO and the amount
of data written or read. Part of that tradeoff will be in-
creased or reduced data quality, depending on the sys-
tem. For example, when data is written, a few differ-
ent forms may be output given sufficient space and time.
One may be every fourth element across a regular mesh
reduces the data size to 1/64th the full data set. Fur-
ther dividing that using byte-splitting can reduce it by an-
other 75%. For quick overviews to search data sets, this
reduced form can be sufficient driving which data sets
should be investigated in more detail. The key driving
factor is time. The applicaiton scientist can read 0.4% of
the full data volume with a similar time reduction. SIR-
IUS will offer a negotiation process to read any data.

First, a user will request a particular variable and time-
setp. SIRIUS will return a table similar to Table 1. For a
given variable “A”, the end-user can then select the data
quality and approximate reading time for the operation.
In this case, there are 5 options for obtaining the whole
data set (1/2/3/4, 5/6, 7/8, 9, 10). The first four represent
a spatial and byte split, 5/6 represent just strided writ-
ing, 7/8 represent just a byte-split, 9 represents a wavelet
compressed version, and 10 is the full precision data. The
user would specify to read a particular data instance that
would proceed normally. Quality of Service soft guar-
antees specified as part of the request will result in SIR-
IUS allocating soft bandwidth reservations to meet the
request. While some of the error rates seem to render the
data unusable, consider a 3000x3000x3000 simulation
domain. That would yield a 27 gigapixel image should
all of the data be used. Visualization will already radi-

Table 1: Reading Options for Variable “A”
# Size Time Time Err Refactoring Data Err

1 ( 1
4 )

3( 3
8 )A 10s ± 3s stride, byte-split 99%

2 ( 3
4 )

3( 3
8 )A 90s ± 30s stride, byte-split 58%

3 ( 1
4 )

3( 5
8 )A 16s ± 5s stride, byte-split 0.01%

4 ( 3
4 )

3( 5
8 )A 120s ± 50s stride, byte-split 0.01%

5 ( 1
4 )

3A 1200s ± 30s stride 98%

6 ( 3
4 )

3A 2400s ± 90s stride 58%

7 ( 3
8 )A 1350s ± 120s byte-split 5%

8 ( 5
8 )A 2250s ± 120s byte-split 0.01%

9 A 36s ± 6s wavelet 1%

10 A 3600s ± 600s none 0%

cally reduce the data sizes to make usable visualizations
that work on a standard display. A 99% reduction would
yield a 270 megapixel image–still quite large.

4 Storage Challenges and Opportunities

The supercomputing platforms being deployed today are
all incorporating a Non-volatile memory (NVM) layer as
a fast cache between compute and the storage array. The
assumption is that nearly all IO will be performed against
this layer to hide the much greater latency to the storage
array. The challenge is the NVM capacity is expensive
limiting the amount deployed. The unspoken limitation
is that this fast layer still must drain to the relatively slow
storage array. This performance mismatch will limit ca-
pacity and performance just due to the drain and data
stage-in operations.

A more effective way to use these resources is to only
store the most important data in the fast tier and store
lower precision representations of the rest of the data in
the slower tiers. This lowers pressures on the NVM layer
increasing performance overall by greatly reducing the
drain/stage-in operations and reducing the data volumes
stored on a per application basis.

5 Quality of Service Features

SIRIUS offers a novel feature related to managing IO
time as a first class characteristic. Rather than being at
the mercy of the storage array performance, an end-user
can describe the local data to the storage system and re-
ceive an estimate on how long that data will take to write.
If that is acceptable within a margin of error, the API can
write. If it is unacceptable, the end-user can make de-
cisions about skipping the output or maybe spending a
little time with a strong data refactoring to reduce the
data size.

3
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Outline	
  

• MoOvaOon	
  
•  SIRIUS	
  Building	
  Blocks	
  
• Data	
  Refactoring	
  
• AudiOng	
  
• Data	
  DescripOon	
  
• Metadata	
  Searching	
  
•  Fuzzy	
  Predictable	
  Performance	
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New	
  techniques	
  for	
  “Data	
  Intensive	
  Science”	
  

AUDITOR:	
  CreaOng	
  a	
  reduced	
  model	
  to	
  approximate	
  the	
  soluOon	
  in	
  a	
  
limited	
  spaOal/temporal	
  dimenion.	
  
Basic	
  Idea	
  is	
  that	
  we	
  need	
  a	
  model	
  to	
  generate	
  a	
  close	
  approximaOon	
  
of	
  the	
  data	
  
Basic	
  quanNNes	
  in	
  InformaNon	
  Theory	
  
• Data	
  stream	
  S	
  and	
  for	
  x	
  ∈  S                                        let  Pr(X=x)  =  px  ∈  [0,1]	
  
•  Shannon	
  InformaOon	
  Content:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  h(x)	
  =	
  -­‐	
  log2	
  px	
  
•  Entropy	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  H(S)	
  =	
  -­‐	
  Σ  px  	
  log2  px	
  
• Noisy/random	
  data	
  has	
  HIGH	
  ENTROPY	
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Current	
  practices	
  of	
  today	
  

• Want	
  to	
  write	
  data	
  every	
  mth	
  Omestep	
  
•  Because	
  of	
  the	
  Storage	
  and	
  I/O	
  requirements	
  
users	
  are	
  forced	
  to	
  wriOng	
  less	
  

•  If	
  the	
  users	
  reconstruct	
  their	
  data,	
  u(t),	
  at	
  
the	
  nth	
  	
  Omestep,	
  they	
  need	
  to	
  interpolate	
  
between	
  the	
  neighboring	
  Omesteps	
  
•  ΦM(u)	
  =	
  interpolant	
  on	
  coarser	
  grid	
  (stride	
  M),	
  reduce	
  storage	
  my	
  1/M	
  

• Assume	
  (C=constant	
  depending	
  on	
  the	
  complexity	
  of	
  the	
  data)	
  
•  Original	
  storage	
  cost	
  =	
  32*N	
  bits	
  (floats)	
  
•  New	
  storage	
  cost	
  =	
  32*N/M	
  bits	
  +	
  {	
  23	
  –	
  log2	
  (C	
  M2	
  Δt2)}N	
  	
  	
  	
  	
  
•  RaOo	
  =	
  (1/M	
  –	
  1/16	
  	
  log2	
  M)	
  –	
  1/16	
  	
  log2	
  Δt	
  +	
  constant	
  

Linear	
  interpolaOon	
  

u-­‐ϕM(u)	
  =	
  O(M2	
  Δt2)	
  :	
  2nd	
  order	
  interpolaOon	
  

Cost	
  to	
  store	
  ϕM	
  	
  +	
  	
  
Cost	
  to	
  store	
  manOssa	
  of	
  u-­‐	
  ϕM(u)	
  



SIRIUS gflofst@sandia.gov	
  

Compression	
  with	
  an	
  interpolation	
  auditor	
  

•  Linear	
  interpolaOon	
  (LA)	
  is	
  the	
  auditor	
  
•  If	
  we	
  look	
  at	
  10MB	
  output,	
  with	
  a	
  stride	
  of	
  5	
  
•  Total	
  output	
  =	
  50MB	
  for	
  5	
  steps	
  
•  10	
  MB,	
  if	
  we	
  output	
  1	
  step,	
  43MB	
  “typical	
  lossless	
  
compression”,	
  18MB,	
  using	
  linear	
  audiOng	
  but	
  lossless	
  

•  InvesOgaOng	
  adapOve	
  techniques	
  
Stride	
   1	
  step	
  

(MB)	
  
lossless	
  	
  
compression	
  
(MB)	
  

Linear	
  
Audit	
  
(MB)	
  

Total	
  Data	
  in	
  
	
  50	
  steps,	
  
typical	
  
compression	
  

Total	
  data	
  in	
  
50	
  steps	
  in	
  LA	
  

5	
   10	
   43	
   18	
   430	
   180	
  

10	
   10	
   85	
   25	
   850	
   125	
  

20	
   10	
   170	
   40	
   1700	
   100	
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Other	
  types	
  of	
  auditors	
  

•  The	
  key	
  to	
  be\er	
  auditors	
  is	
  to	
  understand	
  what	
  you	
  are	
  simulaOng/
observing	
  
•  Use	
  a	
  reduce	
  model	
  
•  Use	
  less	
  resoluOon	
  
•  Use	
  a	
  linear	
  equaOon	
  for	
  short	
  spaOal/temporal	
  regions	
  

• And	
  other	
  ways	
  to	
  refactor	
  
•  Precision	
  based	
  re-­‐organizaOon	
  
•  Frequency	
  based	
  re-­‐organizaOon	
  -­‐	
  Wavelets	
  
•  More	
  knowledgeable	
  auditors	
  

•  Cost	
  of	
  data	
  re-­‐generaOon	
  vs.	
  data	
  storage/	
  retrieval	
  

•  Storage	
  becomes	
  more	
  than	
  a	
  stream	
  of	
  bytes	
  	
  
•  Data	
  +	
  Code	
  +	
  workflow	
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Outline	
  

• MoOvaOon	
  
•  SIRIUS	
  Building	
  Blocks	
  
• Data	
  Refactoring	
  
• AudiOng	
  
• Data	
  DescripOon	
  
• Metadata	
  Searching	
  
•  Fuzzy	
  Predictable	
  Performance	
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Data	
  Descriptions	
  

• Now	
  that	
  data	
  is	
  refactored,	
  how	
  do	
  we	
  describe/annotate	
  data	
  so	
  that	
  
they	
  can	
  be	
  discovered?	
  	
  
•  To	
  capture	
  applicaOon	
  knowledge	
  and	
  communicate	
  them	
  to	
  
middleware/storage	
  
•  Data	
  uNlity	
  
•  RelaNonships	
  between	
  datasets	
  
•  SemanOcs	
  

•  To	
  specify	
  user	
  requirements	
  
•  QoS:	
  bandwidth,	
  latency	
  
•  Policy:	
  E.g.,	
  where	
  and	
  how	
  long	
  should	
  my	
  data	
  stay	
  on	
  a	
  storage	
  layer	
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Outline	
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Challenges	
  in	
  metadata	
  searching	
  
•  Storage	
  devices	
  rather	
  than	
  a	
  file	
  system:	
  no	
  built-­‐in	
  metadata	
  operaOons	
  as	
  
part	
  of	
  IO	
  
•  Distributed	
  pieces	
  EVERYWHERE	
  
•  Resilience	
  copies	
  
•  Storage	
  devices	
  come	
  and	
  go	
  
•  Performance	
  characterisOcs	
  can	
  vary	
  considerably	
  
•  Pick	
  a	
  variety	
  of	
  storage	
  targets	
  based	
  on	
  data	
  “importance”	
  
•  Different	
  data	
  “compression”	
  on	
  different	
  data	
  pieces	
  
•  Try	
  to	
  “guarantee”	
  performance	
  

•  Need	
  to	
  consider	
  decompression/regeneraOon	
  Ome	
  if	
  mulOple	
  versions	
  exist	
  
•  Enhance	
  placement	
  decision	
  based	
  on	
  predicted	
  future	
  use	
  

•  Based	
  on	
  tracking	
  previous	
  use	
  (which	
  needs	
  to	
  be	
  tracked	
  somehow)	
  



SIRIUS gflofst@sandia.gov	
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Current	
  day	
  end-­‐to-­‐end	
  path	
  is	
  complex	
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Autonomic	
  Runtime	
  Optimization	
  
Autonomic	
  ObjecOve	
  (AO):	
  	
  
•  A	
  requirement/objecOve/goal	
  defined	
  by	
  the	
  user	
  

•  E.g.	
  minimize	
  data	
  movement,	
  op@mize	
  
throughput,	
  etc.	
  

Autonomic	
  Mechanisms	
  
(AM)	
  

Decide	
  

Specify/U+lize	
  

Achieve	
  

Autonomic	
  Policy	
  (AP)	
  
•  A	
  rule	
  that	
  defines	
  how	
  the	
  objecOves	
  should	
  be	
  
achieved,	
  i.e.,	
  which	
  mechanisms	
  should	
  be	
  used	
  

•  E.g.	
  use	
  a	
  specific	
  	
  data	
  placement	
  adapta@on	
  to	
  
minimize	
  data	
  movement	
  ,	
  etc.	
  	
  

Autonomic	
  Mechanism	
  (AM)	
  
•  An	
  acOon	
  that	
  can	
  be	
  used	
  to	
  achieve	
  an	
  AO	
  	
  
•  E.g.	
  use	
  topology-­‐aware	
  and	
  access-­‐paMern	
  
driven	
  data	
  placement	
  to	
  minimize	
  data	
  
movement,	
  etc.	
  	
  

Autonomic	
  ObjecOves	
  
(AO)	
  

Autonomic	
  Policies	
  (AP)	
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Challenges	
  

•  Scalable	
  admission	
  control	
  
•  Need	
  scalable	
  control	
  plane	
  (leverage	
  exisOng	
  work	
  on	
  causal	
  metadata	
  
propagaOon	
  and	
  online	
  sampling	
  for	
  latency/error	
  trade-­‐offs)	
  

• Resource-­‐specific	
  schedulers	
  to	
  make	
  performance	
  of	
  resource	
  
predictable	
  
•  Example:	
  read/write	
  separaOon	
  at	
  flash	
  devices	
  

• Online	
  sampling	
  to	
  provide	
  quick	
  latency/resoluOon	
  trade-­‐offs	
  
• Without	
  significantly	
  interfering	
  with	
  ongoing	
  workload	
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Summary	
  

•  Sirius	
  is	
  a\empOng	
  to	
  redefine	
  I/O	
  based	
  on	
  key	
  findings	
  
•  POSIX-­‐compliant	
  block	
  interface	
  does	
  not	
  give	
  the	
  system	
  enough	
  informaOon	
  to	
  
fully	
  opOmize	
  
•  Data	
  is	
  too	
  big	
  to	
  keep	
  in	
  one	
  place	
  and	
  current	
  systems	
  purge	
  data	
  without	
  user	
  
intervenOon	
  
•  Variability	
  is	
  too	
  large,	
  and	
  users	
  are	
  not	
  in	
  control	
  of	
  their	
  data	
  

•  ScienOfic	
  Data	
  is	
  not	
  random	
  data	
  
•  There	
  is	
  content	
  to	
  the	
  data	
  

• AudiOng	
  calculaOons	
  to	
  prioriOze,	
  reduce	
  data	
  sizes	
  but	
  keep	
  the	
  
informaOon	
  is	
  criOcal	
  to	
  reduce	
  the	
  Ome	
  of	
  understanding	
  


