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Na.onal	  Security,	  Science,	  and	  Economic	  Compe..veness	  
Applica.ons	  are	  Genera.ng	  Ever-‐Growing	  Collec.ons	  of	  Data	  

Aerial	  PlaHorms	  	   Advanced	  Manufacturing	  

Neural	  
Interfaces	   Science	  Facili.es	  

Massive Open 
Multimedia Data 

Pace of collection far exceeds human inspection ability… 
“We have Big Data but Small Labels” 
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§  Focus	  on	  training	  with	  unsupervised	  feature	  extracDon	  
—  Stacked	  auto-‐encoders	  
—  Fine-‐tune	  with	  small	  labels	  	  

§  Moving	  beyond	  strict	  image	  processing	  
—  Biological	  data	  sets	  
—  Sensors	  from	  large	  scienDfic	  instruments	  (e.g.	  NIF)	  
—  Incorporate	  imagery	  with	  addiDonal	  sensor	  modaliDes	  (e.g.	  addiDve	  manufacturing)	  

§  Preliminary	  focus	  on	  large,	  fully	  connected	  dense	  layers	  
—  Extend	  to	  unrolled	  RNN	  
—  Adding	  support	  for	  convoluDonal	  kernels	  

§  OpDmize	  for	  data-‐intensive	  HPC	  systems	  
—  Distributed	  memory	  algorithm	  
—  Low	  latency	  interconnect	  
—  Node-‐local	  NVRAM	  
—  State-‐of-‐the	  art	  distributed	  linear	  algebra	  library	  

Big	  Data	  …	  Small	  Labels	  
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§  Model	  Parallelism	  (train	  a	  single	  model	  faster)	  
—  Distributed	  algorithm	  across	  mulDple	  HPC	  nodes	  
—  Future	  work	  will	  extend	  this	  to	  include	  a[ached	  GPU	  accelerators	  

§  Data	  Parallelism	  (process	  data	  faster)	  
—  Larger	  mini-‐batches	  reduce	  synchronizaDon	  steps	  
—  Leverage	  node-‐local	  NVRAM	  for	  data	  staging	  

•  Overlap	  communicaDon	  with	  computaDon	  

§  Future	  work:	  
—  GPU-‐offload	  
—  Train	  mulDple	  models	  concurrently	  
—  Node-‐local	  data	  amplificaDon	  

Extrac.ng	  Parallelism	  
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§  Andrew Ng’s Deep Learning Rocket Analogy: 
•  Powerful engine: Use large Low Bias models 
•  Rocket fuel: Minimize Variance with vast training data 

HPC	  resources	  enable	  the	  training	  of	  massive-‐scale	  Deep	  
Learning	  networks	  

Vast	  collecDons	  of	  data	  fuel	  
the	  Deep	  Learning	  engine	  

Computa.onal	  Horsepower	  is	  Required	  for	  the	  Deep	  Learning	  
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Distribu.ng	  DNN	  across	  HPC	  nodes	  
Rank 0 - N0 Rank 1 - N1 Rank 2 - N2 Rank 3 - N3

Model M0 - Input Layer

Model M0 - Layer H0

NVRAM NVRAMNVRAMNVRAM

mini-batch 0
Input from Lustre

mini-batch 1 mini-batch 2 mini-batch 3

§  Each	  layer	  of	  model	  is	  distributed	  across	  
nodes	  
—  Distributed	  matrix	  library	  (Elemental)	  

provides	  dense	  matrix	  operaDons	  	  

§  Input	  data	  is	  staged	  into	  node-‐local	  
NVRAM	  
—  Each	  node	  stages	  a	  separate	  mini-‐batch	  



LLNL-PRES-679368 
7	  

Distribu.ng	  data	  

Rank 0 - N0 Rank 1 - N1 Rank 2 - N2 Rank 3 - N3

Model M0 - Input Layer

Model M0 - Layer H0

NVRAM NVRAMNVRAMNVRAM

Rank 0 - N0 Rank 1 - N1 Rank 2 - N2 Rank 3 - N3

Model M0 - Input Layer

Model M0 - Layer H0

NVRAM NVRAMNVRAMNVRAM

§  	  AcDve	  mini-‐batch	  is	  replicated	  from	  source	  node	  to	  each	  MPI	  rank	  

§  First	  layer	  mulDplies	  distributed	  matrix	  with	  replicated	  input	  data	  
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§  	  LLNL	  Catalyst	  HPC	  system	  (324	  nodes)	  	  
—  24	  Xeon	  EP	  X5660	  cores,	  128	  GB	  DRAM,	  and	  800GB	  of	  node-‐local	  NVRAM	  
—  Aggregate	  bandwidth	  of	  24-‐32	  GB/s	  to	  a	  Lustre	  parallel	  file	  system	  
—  48	  Hyper-‐Threaded	  cores	  per	  node	  

§  ILSVRC2012	  data	  set	  
—  Image	  size:	  256	  ×	  256	  ×	  3	  =	  196,608	  

§  Neural	  network	  topology	  ∼197K	  −	  X	  −	  ∼197K,	  	  
—  X	  is	  the	  number	  of	  neurons	  in	  a	  fully	  connected	  hidden	  layer	  
—  Network	  sizes:	  50K,	  100K,	  400K	  neurons	  
—  Matrix	  sizes:	  9.8B,	  19.7B,	  78.6B	  parameters	  
—  Weight	  matrix	  sizes:	  73GB,	  147GB,	  293GB	  (double	  FP)	  

§  Sokware	  stack	  (C++)	  
—  Elemental	  distributed	  linear	  algebra	  library	  
—  MPI	  communicaDon	  
—  Intel	  mulD-‐threaded	  BLAS	  library	  

Experimental	  setup	  &	  Learning	  Task	  
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Training	  an	  auto-‐encoder	  
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§  Visualizing	  auto-‐encoder	  learning	  
—  ReconstrucDon	  cost	  
—  ReconstrucDng	  training	  image	  aker	  

100	  and	  200	  epochs	  

10K	  neurons	  	  
200	  epochs	  

50K	  neurons	  	  
200	  epochs	  

400K	  neurons	  	  
200	  epochs	  

Original	  	  
image	  

10K	  neurons	  	  
100	  epochs	  

50K	  neurons	  	  
100	  epochs	  

400K	  neurons	  	  
100	  epochs	  
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Strong	  Scaling:	  Time	  per	  unit	  work	  (mini-‐batch)	  
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§  #	  nodes	  versus	  mini-‐batch	  training	  Dme	  

§  Processing	  mulDple	  images	  per	  step	  
—  Reduces	  number	  of	  synchronizaDons	  per	  epoch	  
—  Computes	  a	  be[er	  gradient	  
—  Balancing	  #	  of	  steps	  versus	  quality	  of	  step	  

§  Test	  
—  50K	  neurons	  
—  8	  -‐	  128	  nodes,	  12	  ranks	  per	  node	  
—  mini-‐batch	  sizes	  from	  8	  -‐	  2048	  images	  	  

§  Large	  mini-‐batches	  benefit	  greatly	  from	  addiDonal	  
nodes	  
—  Good	  scaling	  up	  to	  64	  nodes	  

§  Smaller	  mini-‐batches	  have	  limited	  improvement	  
beyond	  16	  or	  32	  nodes	  
—  Insufficient	  work	  to	  effecDvely	  amorDze	  communicaDon	  

overheads	  
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Strong	  Scaling:	  Total	  .me	  for	  fixed	  amount	  of	  work	  

§  Mini-‐batch	  size	  versus	  wall	  clock	  Dme	  	  
—  Fixed	  number	  of	  epochs	  

§  Test	  
—  50K	  neurons	  
—  8	  -‐	  128	  nodes	  
—  12	  ranks	  per	  node	  
—  mini-‐batch	  sizes	  from	  8	  -‐	  2048	  images	  	  

§  Good	  scaling	  with	  smaller	  node	  counts	  
—  Diminishing	  returns	  for	  MB	  >	  128	  

§  On	  larger	  node	  counts	  problem	  size	  is	  too	  
small	  to	  leverage	  resources	  
—  Too	  li[le	  work	  per	  node	  to	  offset	  

communicaDon	  overhead	  	  
—  Diminishing	  returns	  aker	  32	  MB	  >	  32	  
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Weak	  Scaling:	  Increasing	  problem	  size	  and	  compute	  resources	  

§  Scaling	  the	  number	  of	  neurons	  from	  50K	  to	  400K	  
—  8	  nodes	  to	  64	  nodes,	  respecDvely	  
—  Mini-‐batch	  size	  is	  256	  images.	  	  

§  Processing	  Dme	  of	  each	  mini-‐batch	  if	  fairly	  constant	  as	  problem	  size	  and	  available	  resources	  increase	  
—  ~10%	  variaDon	  in	  MB	  processing	  Dme	  

§  Scaling	  up	  model	  sizes:	  matrices	  become	  more	  rectangular	  as	  #	  neurons	  increases	  
—  2D	  parDDoning	  scheme	  for	  data	  distribuDon	  
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Tuning	  Elemental	  library	  algorithms	  

§  Test	  
—  400K	  neurons	  
—  256	  image	  mini-‐batch	  

§  Data	  is	  distributed	  element-‐wise	  
—  Exploring	  new	  block	  distributed	  implementaDon	  in	  v0.86-‐git	  

§  Algorithmic	  block	  size	  affects	  operator	  implementaDon	  
—  Performance	  levels	  out	  once	  a	  sufficiently	  large	  block	  size	  is	  reached	  for	  local	  BLAS	  libraries	  
—  19%	  performance	  difference	  between	  block	  size	  of	  32	  and	  256+	  
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Load-‐balancing	  distributed	  algorithm	  versus	  node-‐local	  math	  lib.	  

§  Test	  
—  400K	  neurons	  
—  128	  image	  mini-‐batch	  

§  Balancing	  #	  of	  tasks	  versus	  #	  of	  threads	  per	  task	  

§  Tuning	  the	  available	  resources	  to	  Intel	  BLAS	  library	  
—  BLAS	  library	  uses	  free	  cores	  for	  thread-‐parallel	  math	  operaDons	  

§  48	  HyperThreaded	  cores	  per	  node	  
—  #	  of	  tasks	  should	  evenly	  divide	  #	  cores	  
—  8	  threads	  per	  task	  provided	  peak	  performance	  
—  18	  tasks	  per	  node	  is	  19%	  worse	  than	  average	  training	  Dme	  
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Local	  data	  staging	  &	  Parallelizing	  I/O	  

0"

500"

1000"

1500"

2000"

2500"

3000"

3500"

4000"

4500"

1" 2" 4" 8" 16" 32" 64" 128"
#"of"Parallel"I/O"streams"

Parallel"I/O"8"Transfer+Load">me"(in"sec)"

Uncached"node8local"NVRAM"
Cached"Lustre"PFS"

§  Test	  
—  50K	  neurons	  
—  128	  image	  mini-‐batch	  
—  32	  nodes	  

§  Stage	  data	  to	  node-‐local	  NVRAM	  
—  Avoids	  addiDonal	  memory	  pressure	  
—  ~12.9x	  faster	  than	  PFS	  with	  128	  I/O	  streams	  
—  Includes	  18.56s	  overhead	  for	  copying	  and	  untar’ing	  the	  data	  from	  the	  Lustre	  PFS	  	  
—  Dovetails	  into	  future	  data	  augmentaDon	  techniques	  

Sufficient	  I/O	  parallelism	  significantly	  amorDze	  data	  movement	  
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§  LBANN	  toolkit	  is	  opDmized	  for:	  
—  Unsupervised	  feature	  extracDon	  
—  Data-‐intensive	  High	  Performance	  CompuDng	  systems	  
—  Large,	  distributed	  neural	  network	  models	  
—  Elemental	  library	  provides	  scalable,	  distributed	  linear	  algebra	  library	  

§  Next	  Steps:	  
—  ConvoluDonal,	  local	  recepDve	  fields	  
—  Integrate	  GPU	  accelerators	  (including	  mulDple	  per	  node)	  
—  Open	  source	  release	  
—  Explore	  training	  mulDple	  models	  in	  parallel	  

Summary:	  LBANN	  is	  a	  work	  in	  progress	  




