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Today	
  

1.  The	
  hype	
  
2.  What	
  makes	
  a	
  GPU	
  a	
  GPU?	
  

3.  Why	
  are	
  GPUs	
  scaling	
  so	
  well?	
  

4.  What	
  are	
  the	
  problems?	
  

5.  What’s	
  the	
  Future?	
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  HYPE	
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How	
  Good	
  are	
  GPUs?	
  

	
  100x	
   	
  3x	
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Real	
  World	
  SoXware	
  

•  Press	
  release	
  Nov	
  2011:	
  
–  “NVIDIA	
  today	
  announced	
  that	
  four	
  leading	
  applicaLons…	
  
have	
  added	
  support	
  for	
  mulLple	
  GPU	
  acceleraLon,	
  enabling	
  
them	
  to	
  cut	
  simula/on	
  /mes	
  from	
  days	
  to	
  hours.”	
  

•  GROMACS	
  
–  2-­‐3x	
  overall	
  
–  Implicit	
  solvers	
  10x,	
  PME	
  simulaLons	
  1x	
  

•  LAMPS	
  	
  
–  2-­‐8x	
  for	
  double	
  precision	
  
–  Up	
  to	
  15x	
  for	
  mixed	
  

•  QMCPACK	
  
–  3x	
  

2x	
  is	
  AWESOME!	
  Most	
  research	
  claims	
  5-­‐10%.	
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GPUs	
  for	
  Linear	
  Algebra	
  
5	
  CPUs	
  	
  =	
  

75%	
  of	
  1	
  GPU	
  

StarPU	
  for	
  MAGMA	
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Intel’s	
  Response	
  

•  Larabee	
  
–  Manycore	
  x86-­‐“light”	
  to	
  compete	
  with	
  Nvidia/AMD	
  in	
  graphics	
  and	
  compute	
  
–  Didn’t	
  work	
  out	
  so	
  well	
  (despite	
  huge	
  fab	
  advantages	
  —	
  graphics	
  is	
  hard)	
  

•  Reposi/oned	
  it	
  as	
  an	
  HPC	
  co-­‐processor	
  
–  Xeon	
  Phi	
  
–  1TF	
  double	
  precision	
  in	
  a	
  huge	
  (expensive)	
  single	
  22nm	
  chip	
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Nvidia’s	
  architectures	
  is	
  good	
  
at	
  matrix	
  mulLplicaLon	
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Efficiency	
  in	
  PerspecLve	
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Show	
  Me	
  the	
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Professional	
   Graphics	
   Embedded	
   Processors	
  

<50%	
  of	
  this	
  is	
  
GPU	
  in	
  HPC	
  

BTW	
  —	
  Intel’s	
  integrated	
  graphics	
  is	
  eaLng	
  
most	
  of	
  the	
  GPU	
  market.	
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CPUs	
  in	
  HPC	
  

64bit	
  x86	
  
(AMD	
  Opteron)	
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What	
  about	
  HPC?	
  
(Top500	
  %	
  of	
  FLOPS)	
  

0%	
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100%	
  

2005	
   2006	
   2007	
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   2009	
   2010	
   2011	
   2012	
   2013	
  

Clearspeed	
   Cell	
   AMD	
  GPU	
   Nvidia	
  GPU	
   Intel	
  Phi	
   CPU	
  (e.g.,	
  Intel)	
  

Intel	
  Phi,	
  9%	
  

Nvidia	
  GPU,	
  5%	
  

AMD	
  GPU,	
  0%	
  

CPU	
  Intel,	
  69%	
  

CPU	
  Other,	
  17%	
  

Where’s	
  the	
  Money?	
  
(#	
  of	
  chips	
  in	
  2013)	
  

CPU	
  	
  (66%)	
  

Phi	
  	
  (19%)	
  

Nvidia	
  	
  (14%)	
  

You	
  make	
  money	
  by	
  selling	
  
chips,	
  not	
  FLOPs	
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WHAT	
  MAKES	
  A	
  GPU	
  A	
  GPU?	
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GPU	
  CharacterisLcs	
  
•  Architecture	
  

–  Data	
  parallel	
  processing	
  
–  Hardware	
  thread	
  scheduling	
  
–  High	
  memory	
  bandwidth	
  
–  Graphics	
  rasterizaLon	
  units	
  
–  Limited	
  caches	
  

(with	
  texture	
  filtering	
  hardware)	
  

•  Programming/Interface	
  
–  Data	
  parallel	
  kernels	
  
–  Throughput-­‐focused	
  
–  Limited	
  synchronizaLon	
  
–  Limited	
  OS	
  interacLon	
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GPU	
  InnovaLons	
  

•  SMT	
  (for	
  latency	
  hiding)	
  
–  Massive	
  numbers	
  of	
  threads	
  
–  Programming	
  SMT	
  is	
  far	
  easier	
  than	
  SIMD	
  

•  SIMT	
  (thread	
  groups)	
  
–  AmorLze	
  scheduling/control/data	
  access	
  
–  Warps,	
  wavefronts,	
  work-­‐groups,	
  gangs	
  

•  Memory	
  systems	
  op/mized	
  for	
  graphics	
  
–  Special	
  storage	
  formats	
  
–  Texture	
  filtering	
  in	
  the	
  memory	
  system	
  
–  Bank	
  opLmizaLons	
  across	
  threads	
  

•  Limited	
  synchroniza/on	
  
–  Improves	
  hardware	
  scalability	
  

	
  
(They	
  didn’t	
  invent	
  any	
  of	
  these,	
  but	
  they	
  made	
  them	
  successful.)	
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WHY	
  ARE	
  GPUS	
  SCALING	
  SO	
  WELL?	
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Just	
  add	
  more	
  cores…	
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2.3x	
  transistors	
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1.9x	
  FLOPS	
  

2.2x	
  transistors	
  	
  
2.6x	
  FLOPS	
  This	
  is	
  AMAZING!	
  

GPU	
  Architecture	
  +	
  Programming	
  Model	
  
=	
  Moore’s	
  Law	
  Performance	
  Growth	
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Lots	
  of	
  Room	
  to	
  Grow	
  the	
  Hardware	
  
Simple	
  cores	
  

–  Short	
  pipelines	
  
–  No	
  branch	
  predicLon	
  
–  In-­‐order	
  

Simple	
  memory	
  system	
  
–  Limited	
  caches*	
  
–  No	
  coherence*	
  
–  Split	
  address	
  space*	
  

Simple	
  control	
  
–  Limited	
  context	
  switching*	
  
–  Limited	
  processes	
  
–  (But	
  do	
  have	
  to	
  schedule	
  

1000s	
  of	
  threads…)	
  

Lack	
  of	
  OS-­‐level	
  issues	
  
–  Memory	
  allocaLon*	
  
–  PreempLon	
  

But,	
  they	
  do	
  have	
  a	
  lot…	
  
–  TLBs	
  for	
  VM	
  
–  I-­‐caches	
  
–  Complex	
  hardware	
  thread	
  

schedulers	
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Architecture	
  Efficiency	
   Design	
  Efficiency	
  

Trading	
  off	
  simplicity	
  
for	
  features	
  and	
  
programmability.	
  

Reducing	
  clock	
  speed	
  
and	
  increasing	
  area	
  

to	
  save	
  power.	
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“Nice”	
  Programming	
  Model	
  

•  All	
  GPU	
  programs	
  have:	
  
–  Explicit	
  parallelism	
  	
  
– Hierarchical	
  structure	
  
–  Restricted	
  synchronizaLon	
  
– Data	
  locality	
  

•  Inherent	
  in	
  graphics	
  
•  Enforced	
  in	
  compute	
  by	
  performance	
  

–  Latency	
  tolerance	
  

•  Easy	
  to	
  scale!	
  

void kernel calcSin(global float *data) { 
  int id = get_global_id(0); 
  data[id] = sin(data[id]); 
} 

Cheap	
  

Expensive	
  

Synchronization OK.!

No Synchronization.!
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Why	
  are	
  GPUs	
  Scaling	
  So	
  Well?	
  

•  Room	
  in	
  the	
  hardware	
  design	
  
•  Scalable	
  soXware	
  

They’re	
  not	
  burdened	
  with	
  30	
  years	
  of	
  cru6	
  and	
  
legacy	
  code…	
  

	
   	
   	
   	
   	
   	
   	
   	
  …lucky	
  them.	
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WHERE	
  ARE	
  THE	
  PROBLEMS?	
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Amdahl’s	
  Law	
  

•  Always	
  have	
  serial	
  code	
  
–  GPU	
  single	
  threaded	
  performance	
  is	
  terrible	
  

•  Solu/on:	
  Heterogeneity	
  
–  A	
  few	
  “fat”	
  latency-­‐op/mized	
  cores	
  (CPUs)	
  
– Many	
  “thin”	
  throughput-­‐op/mized	
  cores	
  (GPUs)	
  
–  Plus	
  hard-­‐coded	
  accelerators	
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Number	
  of	
  Cores	
  

Limits	
  of	
  Amdahl’s	
  Law	
  

75%	
  Parallel	
  (4x)	
  

90%	
  Parallel	
  (10x)	
  

99%	
  Parallel	
  (91x)	
  
•  Nvidia	
  Project	
  Denver	
  

•  ARM	
  for	
  latency	
  
•  GPU	
  for	
  throughput	
  

•  AMD	
  Fusion	
  
•  x86	
  for	
  latency	
  
•  GPU	
  for	
  throughput	
  

•  Intel	
  MIC	
  
•  x86	
  for	
  latency	
  
•  X86-­‐“light”	
  for	
  throughput	
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It’s	
  an	
  Accelerator…	
  

•  Moving	
  data	
  to	
  the	
  GPU	
  is	
  slow…	
  
•  Moving	
  data	
  from	
  the	
  GPU	
  is	
  slow…	
  
•  Moving	
  data	
  to/from	
  the	
  GPU	
  is	
  really	
  slow.	
  

•  Limited	
  data	
  storage	
  
•  Limited	
  interacLon	
  with	
  OS	
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16GB	
  

GRAM	
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   51GB/s	
  5	
  GB/s	
  GPU	
  
Nvidia	
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529mm2	
  

	
  
CPU	
  

Intel	
  3960X	
  
435mm2	
  

	
  
PCIe	
  3.0	
  
10GB/s	
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Legacy	
  Code	
  

•  Code	
  lives	
  forever	
  
–  Amdahl:	
  Even	
  opLmizing	
  the	
  90%	
  of	
  hot	
  code	
  limits	
  speedup	
  to	
  10x	
  
–  Many	
  won’t	
  invest	
  in	
  proprietary	
  technology	
  

•  Programming	
  models	
  are	
  immature	
  
–  CUDA 	
   	
   	
  mature	
   	
   	
  low-­‐level	
   	
  Nvidia	
  (PGI	
  bought	
  by	
  Nvidia)	
  

–  OpenCL 	
   	
  immature 	
  low-­‐level	
   	
  Nvidia,	
  AMD,	
  Intel,	
  ARM,	
  Altera,	
  Apple	
  

–  OpenACC 	
   	
  immature 	
  high-­‐level	
   	
  CAPS,	
  Nvidia,	
  Cray,	
  PGI	
  

“…wriLng	
  either	
  OpenCL	
  or	
  CUDA	
  falls	
  into	
  the	
  realm	
  of	
  “heroic	
  programming”,	
  
	
  	
  …higher	
  level	
  models…are	
  becoming	
  seen	
  as	
  increasingly	
  desirable.”	
  

	
  —Mark	
  Bull,	
  EPCC	
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Making	
  PorLng	
  Easier	
  

Libraries	
  
are	
  easiest	
  

High(er)-­‐level	
  
languages	
  are	
  great	
  

Gave	
  up	
  1	
  CPU	
  core’s	
  
worth	
  of	
  performance	
  
for	
  74%	
  less	
  code.	
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Code	
  that	
  Doesn’t	
  Look	
  Like	
  Graphics	
  
•  If	
  it’s	
  not	
  painfully	
  data-­‐parallel	
  you	
  have	
  to	
  redesign	
  your	
  algorithm	
  

–  Example:	
  scan-­‐based	
  techniques	
  for	
  zero	
  counLng	
  in	
  JPEG	
  
–  Why?	
  It’s	
  only	
  64	
  entries!	
  

•  Single-­‐threaded	
  performance	
  is	
  terrible.	
  Need	
  to	
  parallelize.	
  
•  Overhead	
  of	
  transferring	
  data	
  to	
  CPU	
  is	
  too	
  high.	
  

•  If	
  it’s	
  not	
  accessing	
  memory	
  well	
  you	
  have	
  to	
  re-­‐order	
  your	
  algorithm	
  
–  Example:	
  DCT	
  in	
  JPEG	
  

•  Need	
  to	
  make	
  sure	
  your	
  access	
  to	
  local	
  memory	
  has	
  no	
  bank	
  conflicts	
  across	
  
threads.	
  

•  Libraries	
  star/ng	
  to	
  help	
  
–  Lack	
  of	
  composability	
  
–  Example:	
  Combining	
  linear	
  algebra	
  operaLons	
  to	
  keep	
  data	
  on	
  the	
  device	
  

•  Most	
  code	
  is	
  not	
  purely	
  data-­‐parallel	
  
–  Very	
  expensive	
  to	
  synchronize	
  with	
  the	
  CPU	
  (data	
  transfer)	
  
–  No	
  effecLve	
  support	
  for	
  task-­‐based	
  parallelism	
  
–  No	
  ability	
  to	
  launch	
  kernels	
  from	
  within	
  kernels	
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Corollary:	
  What	
  are	
  GPUs	
  Good	
  For?	
  

•  Data	
  parallel	
  code	
  
–  Lots	
  of	
  threads	
  
–  Easy	
  to	
  express	
  parallelism	
  (no	
  SIMD	
  nasLness)	
  

•  High	
  arithme/c	
  intensity	
  and	
  simple	
  control	
  flow	
  
–  Lots	
  of	
  FPUs	
  
–  No	
  branch	
  predictors	
  

•  High	
  reuse	
  of	
  limited	
  data	
  sets	
  
–  Very	
  high	
  bandwidth	
  to	
  memory	
  (1-­‐6GB)	
  
–  Extremely	
  high	
  bandwidth	
  to	
  local	
  memory	
  (16-­‐64kB)	
  

•  Code	
  with	
  predictable	
  access	
  paYerns	
  
–  Small	
  (or	
  no)	
  caches	
  
–  User-­‐controlled	
  local	
  memories	
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WHAT’S	
  THE	
  FUTURE	
  OF	
  GPUS?	
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Heterogeneity	
  for	
  Efficiency	
  

•  No	
  way	
  around	
  it	
  in	
  sight	
  
•  Specialize	
  to	
  get	
  beYer	
  efficiency	
  

–  This	
  is	
  why	
  GPUs	
  are	
  more	
  efficient	
  today	
  

•  Heterogeneous	
  mixes	
  
–  Throughput-­‐oriented	
  “thin”	
  cores	
  	
  
–  Latency-­‐focused	
  “fat”	
  cores	
  

•  Fixed-­‐func/on	
  accelerators	
  
–  Video,	
  audio,	
  network,	
  etc.	
  
–  Already	
  in	
  OpenCL	
  1.2	
  

•  Dark	
  silicon	
  
–  OS/runLme/app	
  will	
  have	
  to	
  adapt	
  
–  Energy	
  will	
  be	
  a	
  shared	
  resource	
  

!
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big.LITTLE Task Migration Use Model 
 
In the big.LITTLE task migration use model the OS and applications only ever execute on Cortex-A15 or 
Cortex-A7 and never both processors at the same time.  This use-model is a natural extension to the 
Dynamic Voltage and Frequency Scaling (DVFS), operating points provided by current mobile platforms 
with a single application processor to allow the OS to match the performance of the platform to the 
performance required by the application. 
 
However, in a Cortex-A15-Cortex-A7 platform these operating points are applied both to Cortex-A15 and 
Cortex-A7.  When Cortex-A7 is executing the OS can tune the operating points as it would for an existing 
platform with a single applications processor.  Once Cortex-A7 is at its highest operating point if more 
performance is required a task migration can be invoked that picks up the OS and applications and 
moves them to Cortex-A15. 
 
This allows low and medium intensity applications to be executed on Cortex-A7 with better energy 
efficiency than Cortex-A15 can achieve while the high intensity applications that characterize today’s 
smartphones can execute on Cortex-A15. 

 

 
 

Figure 4 Cortex-A15-Cortex-A7 DVFS Curves 

An important consideration of a big.LITTLE system is the time it takes to migrate a task between the 
Cortex-A15 cluster and the Cortex-A7 cluster.  If it takes too long then it may become noticeable to the 
operating system and the system power may outweigh the benefit of task migration for some time.  
Therefore, the Cortex-A15-Cortex-A7 system is designed to migrate in less than 20,000-cycles, or 20-
microSeconds with processors operating at 1GHz. 
 

ARM	
  big.LITTLE	
  

Nvidia	
  Tegra	
  3:	
  	
  
4	
  fast	
  cores	
  +	
  1	
  slow	
  core	
  

!
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Figure 2 Cortex-A15 Pipeline 

Since the energy consumed by the execution of an instruction is partially related to the number of pipeline 
stages it must traverse, a significant difference in energy between Cortex-A15 and Cortex-A7 comes from 
the different pipeline lengths. 
 
In general, there is a different ethos taken in the Cortex-A15 micro-architecture than with the Cortex-A7 
micro-architecture.  When appropriate, Cortex-A15 trades off energy efficiency for performance, while 
Cortex-A7 will trade off performance for energy efficiency.  A good example of these micro-architectural 
trade-offs is in the level-2 cache design.  While a more area optimized approach would have been to 
share a single level-2 cache between Cortex-A15 and Cortex-A7 this part of the design can benefit from 
optimizations in favor of energy efficiency or performance.  As such Cortex-A15 and Cortex-A7 have 
integrated level-2 caches. 
 
Table 1 illustrates the difference in performance and energy between Cortex-A15 and Cortex-A7 across a 
variety of benchmarks and micro-benchmarks.  The first column describes the uplift in performance from 
Cortex-A7 to Cortex-A15, while the second column considers both the performance and power difference 
to show the improvement in energy efficiency from Cortex-A15 to Cortex-A7.  All measurements are on 
complete, frequency optimized layouts of Cortex-A15 and Cortex-A7 using the same cell and RAM 
libraries.   All code that is executed on Cortex-A7 is compiled for Cortex-A15. 
 
 

 Cortex-A15 vs Cortex-A7 
Performance 

Cortex-A7 vs Cortex-A15 
Energy Efficiency 

Dhrystone 1.9x 3.5x 
FDCT 2.3x 3.8x 
IMDCT 3.0x 3.0x 
MemCopy L1 1.9x 2.3x 
MemCopy L2 1.9x 3.4x 

Table 1 Cortex-A15 & Cortex-A7 Performance & Energy Comparison 

It should be observed from Table 1 that although Cortex-A7 is labeled the “LITTLE” processor its 
performance potential is considerable.  In fact, due to micro-architecture advances Cortex-A7 provides 
higher performance than current Cortex-A8 based implementations for a fraction of the power.  As such a 
significant amount of processing can remain on Cortex-A7 without resorting to Cortex-A15. 
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Introduction 
 
The range of performance being demanded from modern, high-performance, mobile platforms is 
unprecedented.  Users require platforms to be accomplished at high processing intensity tasks such as 
gaming and web browsing while providing long battery life for low processing intensity tasks such as 
texting, e-mail and audio. 
 
In the first big.LITTLE system from ARM a ‘big’ ARM® Cortex™-A15 processor is paired with a ‘LITTLE’ 
Cortex™-A7 processor to create a system that can accomplish both high intensity and low intensity tasks 
in the most energy efficient manner.  By coherently connecting the Cortex-A15 and Cortex-A7 processors 
via the CCI-400 coherent interconnect the system is flexible enough to support a variety of big.LITTLE 
use models, which can be tailored to the processing requirements of the tasks. 
 
 

The Processors 
 
The central tenet of big.LITTLE is that the processors are architecturally identical.  Both Cortex-A15 and 
Cortex-A7 implement the full ARM v7A architecture including Virtualization and Large Physical Address 
Extensions.  Accordingly all instructions will execute in an architecturally consistent way on both Cortex-
A15 and Cortex-A7, albeit with different performances. 
 
The implementation defined feature set of Cortex-A15 and Cortex-A7 is also similar.  Both processors can 
be configured to have between one and four cores and both integrate a level-2 cache inside the 
processing cluster.  Additionally, each processor implements a single AMBA® 4 coherent interface that 
can be connected to a coherent interconnect such as CCI-400. 
 
It is in the micro-architectures that the differences between Cortex-A15 and Cortex-A7 become clear.  
While Cortex-A7 (Figure 1) is an in-order, non-symmetric dual-issue processor with a pipeline length of 
between 8-stages and 10-stages, Cortex-A15 (Figure 2) is an out-of-order sustained triple-issue 
processor with a pipeline length of between 15-stages and 24-stages.   
 

 
 

Figure 1 Cortex-A7 Pipeline 
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The	
  Future	
  is	
  Not	
  in	
  Accelerators	
  

•  Memory	
  
– Unified	
  memory	
  address	
  space	
  
–  Low	
  performance	
  coherency	
  
– High	
  performance	
  scratchpads	
  

•  OS	
  interac/on	
  between	
  all	
  cores	
  

AMD	
  Fusion	
  
Sh
ar
ed

	
  I/
O
	
  

CPU	
   CPU	
  

CPU	
   CPU	
  

GPU	
  Cores	
  

•  Nvidia	
  Project	
  Denver	
  
•  ARM	
  for	
  latency	
  
•  GPU	
  for	
  throughput	
  

•  AMD	
  Fusion	
  
•  x86	
  for	
  latency	
  
•  GPU	
  for	
  throughput	
  

•  Intel	
  Phi+Xeon	
  
•  x86	
  for	
  latency	
  
•  X86-­‐“light”	
  for	
  throughput	
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Focus	
  on	
  Data	
  Locality	
  

In contrast, accessing an on-chip memory
costs 250 times less energy per bit. For
GPU performance to continue to grow,
researchers and engineers must find meth-
ods of increasing off-die memory band-
width, reducing chip-to-chip power, and
improving data access efficiency. Table 2
shows projected bandwidth and energy
for a main-memory DRAM interface. Dra-
matic circuit improvements in the DRAM
interface are possible by evolving known
techniques to provide 50 Gbps per pin at
4.5 pJ/bit. Although these improvements
will alleviate some of the memory band-
width pressure, further innovation in low-
energy signaling, packaging, and bandwidth
utilization will be critical to future system
capability.

Packaging. Promising technologies include
multichip modules (MCMs) and silicon
interposers that would mount the GPU
and DRAM die on the same substrate.
Both technologies allow for finer pitch
interconnects, and the shorter distances
allow for smaller pin drivers. 3D chip stack-
ing using through-silicon vias (TSVs) has
potential in some deployments but is un-
likely to provide the tens of gigabytes of ca-
pacity directly connected to a GPU that
high-performance systems would require.
3D stacking is most promising for creating
dense DRAM cubes, which could be
stacked on an interposer or MCM. Also
possible are systems that combine GPU
and DRAM stacking with interposers to
provide nonuniform latency and bandwidth
to different DRAM regions.

Bandwidth utilization. Several strategies
can potentially improve bandwidth utiliza-
tion, such as improving locality in the data
stream so that it can be captured on chip
by either hardware- or software-managed
caches; eliminating overfetch or the fetching
of data from DRAM that is not used
in the processor chip; and increasing the

mmi2011050007.3d 19/9/011 17:53 Page 10

Table 2. Projected bandwidth and energy for main-memory DRAM.

2010 2017

DRAM process technology 45 nm 16 nm

DRAM interface pin bandwidth 4 Gbps 50 Gbps

DRAM interface energy 20 to 30 pJ/bit 2 pJ/bit

DRAM access energy6 8 to 15 pJ/bit 2.5 pJ/bit
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Figure 1. GPU processor and memory-system performance trends. Initially, memory

bandwidth nearly doubled every two years, but this trend has slowed over the past few

years. On-die GPU performance has continued to grow at about 45 percent per year for

single precision, and at a higher rate for double precision.
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10 IEEE MICRO

...............................................................................................................................................................................................
GPUS VS. CPUS

S.	
  Keckler,	
  et.	
  al.	
  “GPUs	
  and	
  the	
  Future	
  of	
  Parallel	
  CompuLng.”	
  IEEE	
  Micro,	
  Sept/Oct	
  2011.	
  	
  

	
  	
  	
  	
  Single-­‐precision	
  performance	
  
	
  	
  	
  	
  Double-­‐precision	
  performance	
  
	
  	
  	
  	
  Memory	
  bandwidth	
  

Requires	
  2x	
  bandwidth	
  
and	
  storage	
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Focus	
  on	
  Data	
  Locality	
  

•  Not	
  just	
  on-­‐chip/off-­‐chip	
  but	
  within	
  a	
  chip	
  
•  Sorware	
  controllable	
  memories	
  
–  Configure	
  for	
  cache/scratch	
  pad	
  
–  Enable/disable	
  coherency	
  
–  Programmable	
  DMA/prefetch	
  engines	
  

•  Program	
  must	
  expose	
  data	
  movement/locality	
  
–  Explicit	
  informaLon	
  to	
  the	
  runLme/compiler	
  
–  Auto-­‐tuning,	
  data-­‐flow,	
  opLmizaLon	
  

•  But	
  we	
  will	
  have	
  global	
  coherency	
  to	
  get	
  code	
  correct	
  
	
  
(See	
  the	
  Micro	
  paper	
  “GPUs	
  and	
  the	
  Future	
  of	
  Parallel	
  CompuLng”	
  from	
  Nvidia	
  about	
  their	
  
Echelon	
  project	
  and	
  design.)	
  

Too	
  co
mplex	
  f

or	
  mortals
.	
  

Need	
  
beYer

	
  tools
.	
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Graphics	
  will	
  (sLll)	
  be	
  a	
  Priority	
  

•  It’s	
  where	
  the	
  money	
  is	
  

•  Fixed-­‐funcLon	
  graphics	
  units	
  
•  Memory-­‐system	
  hardware	
  for	
  texture	
  interpolaLon	
  will	
  
live	
  forever…	
  

•  Half-­‐precision	
  floaLng	
  point	
  will	
  live	
  forever…	
  
(And	
  others	
  else	
  might	
  actually	
  use	
  it.	
  Hint	
  hint.)	
  



GPUs:	
  Hype,	
  Reality,	
  and	
  Future	
   8/15/13	
  

©	
  2013	
  David	
  Black-­‐Schaffer	
   18	
  

Uppsala	
  University	
  /	
  Department	
  of	
  InformaLon	
  Technology	
   8/15/13	
  |	
  35	
  David	
  Black-­‐Schaffer	
  

CONCLUSIONS	
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Breaking	
  Through	
  The	
  Hype	
  

•  Real	
  efficiency	
  advantage	
  	
  
–  Intel	
  is	
  pushing	
  hard	
  to	
  minimize	
  it	
  

– Much	
  larger	
  for	
  single	
  precision	
  

•  Real	
  performance	
  advantage	
  
–  About	
  2-­‐5x	
  
–  But	
  you	
  have	
  to	
  re-­‐write	
  your	
  code	
  (this	
  is	
  the	
  killer)	
  

•  The	
  market	
  for	
  GPU	
  compute	
  is	
  small	
  
–  And	
  Intel	
  is	
  trying	
  to	
  kill	
  it	
  with	
  Phi	
  

•  Everyone	
  believes	
  that	
  specializa/on	
  is	
  necessary	
  to	
  
tackle	
  energy	
  efficiency	
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The	
  Good,	
  The	
  Bad,	
  and	
  The	
  Future	
  

•  The	
  Good:	
  
–  Limited	
  domain	
  allows	
  more	
  efficient	
  implementaLon	
  
–  Good	
  choice	
  of	
  domain	
  allows	
  good	
  scaling	
  

•  The	
  Bad:	
  
–  Limited	
  domain	
  focus	
  makes	
  some	
  algorithms	
  hard	
  
–  They	
  are	
  not	
  x86/linux	
  (legacy	
  code)	
  

•  The	
  Future:	
  
–  Throughput-­‐cores	
  +	
  latency-­‐cores	
  +	
  fixed	
  accelerators	
  
–  Code	
  that	
  runs	
  well	
  on	
  GPUs	
  today	
  will	
  port	
  well	
  
–  We	
  may	
  share	
  hardware	
  with	
  the	
  graphics	
  subsystem,	
  
but	
  we	
  won’t	
  “program	
  GPUs”	
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