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The changing nature of scientific discovery
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Science at the boundary of 
simulation and observation 

New methods for feature 
identification and data discovery 

Automa'on,	
  robo'cs	
  and	
  
new	
  input	
  devices	
  

More	
  compu'ng	
  for	
  more	
  
complex	
  science	
  ques'ons	
  



Science at the Boundary of Simulation and Observation


Cosmology	
   Environment	
   Materials	
  

In	
  many	
  areas,	
  there	
  are	
  opportuni1es	
  to	
  combine	
  
simula1on	
  and	
  observa1on	
  for	
  new	
  discoveries.	
  



•  ITRS	
  now	
  sets	
  the	
  end	
  of	
  transistor	
  shrinking	
  to	
  the	
  year	
  2021	
  

End of Transistor Density Scaling
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Figure	
  courtesy	
  of	
  Kunle	
  Olukotun,	
  Lance	
  Hammond,	
  Herb	
  SuJer,	
  and	
  Burton	
  Smith	
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Energy Optimization: Alternatives to Conventional MOS!
(all require lower clock rate, and much more parallelism)
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Vector	
  
parallelism	
  

Manycore	
  
Parallelism	
  

More,	
  
slower	
  
cores	
  

Mul1core	
  
parallelism	
  ILP,	
  

TLP	
  

More Parallelism at Lower Levels

More,	
  slower	
  
devices;	
  new	
  

levels	
  of	
  
parallelism	
  



Special	
  Purpose	
  General	
  Purpose	
   Reconfigurable	
  

Ops/Joule	
  

Likely	
  rela1onship	
  

NERSC-­‐7	
  Edison	
  (Ivy	
  Bridge)	
  
NERSC-­‐8	
  Ph1	
  (Haswell)	
  

NERSC-­‐8	
  
Cori	
  Ph2	
  (Xeon	
  Phi)	
  

Not	
  just	
  for	
  HPC	
  

Specialization: End Game for Moore’s Law




Specialization in Deep Learning


Google	
  designs	
  its	
  own	
  
Tensor	
  Processing	
  Unit	
  (TPU)	
  

Intel	
  buys	
  deep	
  learning	
  
startup,	
  Nervana	
  

NVIDIA	
  builds	
  deep	
  
learning	
  appliance	
  with	
  
P100	
  Tesla’s	
  

Can	
  we	
  used	
  their	
  special	
  purpose	
  systems?	
  
Can	
  we	
  design	
  our	
  own?	
  

Bandwidth,	
  low	
  precision	
  flops,	
  fixed	
  point,…	
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Chisel	
   RISC-­‐V	
   	
  	
  	
  OpenSOC	
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Chisel

Open	
  Source	
  Extensible	
  ISA/
Cores	
  

Open	
  Source	
  fabric	
  
To	
  integrate	
  accelerators	
  

And	
  logic	
  into	
  SOC	
  

DSL	
  for	
  rapid	
  prototyping	
  
of	
  circuits,	
  systems,	
  and	
  	
  

arch	
  simulator	
  components	
  

Pla$orm	
  for	
  experimenta0on	
  	
  
with	
  specializa0on	
  

to	
  extend	
  Moore’s	
  Law	
  

Back-­‐end	
  to	
  synthesize	
  
HW	
  with	
  different	
  devices	
  
Or	
  new	
  logic	
  families	
  

Re-­‐implement	
  processor	
  
With	
  different	
  devices	
  or	
  
Extend	
  w/accelerators	
  

Open Hardware (Synthesis & Simulation)


Shalf,	
  Donofrio,	
  Asasnovic,	
  et	
  al,	
  UCB	
  and	
  LBNL	
  



Data Movement is Expensive
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  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
  

CPU	
  cycle	
  'me	
  vs	
  memory	
  access	
  'me	
  

Sources:	
  	
  
hfp://csapp.cs.cmu.edu/2e/figures.html,	
  hfp://csapp.cs.cmu.edu/3e/figures.html	
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Data Movement is Expensive


13 Communica1on	
  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
  
Source:	
  hfp://slideplayer.com/slide/7541288/	
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  to	
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  to	
  a	
  neighboring	
  node	
  

Cost	
  to	
  move	
  data	
  off	
  chip	
  	
  
	
  	
  	
  into	
  DRAM	
  

Cost	
  to	
  move	
  off-­‐chip,	
  	
  
	
  	
  	
  but	
  stay	
  within	
  the	
  package	
  (SMP)	
  

Cost	
  to	
  move	
  data	
  20	
  mm	
  on	
  chip	
  

Typical	
  cost	
  of	
  a	
  single	
  floa1ng	
  point	
  opera1on	
  

Cost	
  to	
  move	
  data	
  1	
  mm	
  on-­‐chip	
  

Hierarchical	
  power	
  costs.	
  



•  Even	
  more	
  lower	
  level	
  parallelism	
  
•  Specializa'on	
  
•  Communica'on	
  even	
  more	
  expensive	
  (rela'vely)	
  

Summary




•  Moore:	
  The	
  Law	
  that	
  taught	
  performance	
  programmers	
  to	
  relax	
  	
  

The end of Relaxed Programming
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Don’t Fear the Compiler 




Who needs compilers?


•  Scientific computing relies heavily on libraries  
– E.g., LAPACK and FFTW are widely used 

•  Languages and compilers are still useful 
– Higher level syntax is needed for productivity 

•  We need a language 
– Static analysis is helps with correctness 

•  We need a compiler (front-end) 
– Optimizations are needed to get performance 

•  We need a compiler (back-end) 
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Autotuning: Write Code Generators


•  Two	
  “unsolved”	
  compiler	
  problems:	
  	
  
–  dependence	
  analysis	
  and	
  	
  
–  accurate	
  performance	
  models	
  

•  Autotuners	
  are	
  code	
  generators	
  plus	
  search	
  	
  

Work	
  by	
  Williams,	
  Oliker,	
  Shalf,	
  Madduri,	
  Kamil,	
  Im,	
  Ethier,…	
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What we have and what we need
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0%	
   10%	
   20%	
   30%	
   40%	
   50%	
  

Adap1ve	
  

Dense	
  LA	
  

Monte	
  Carlo	
  

Par1cles	
  

Spectral	
  

Sparse	
  LA	
  

Structured	
   Dense	
  Linear	
  Algebra	
   Atlas	
  

Spectral	
  Algorithms	
   FFTW,	
  
Spiral	
  

Sparse	
  Linear	
  Algebra	
   OSKI	
  

Structured	
  Grids	
   TBD	
  

Unstructured	
  Grids	
  

Par1cle	
  Methods	
  

Monte	
  Carlo	
  

NERSC	
  survey:	
  what	
  mo1fs	
  do	
  they	
  use?	
   What	
  code	
  generators	
  do	
  we	
  have?	
  

Unstructured	
  

Stencils	
  are	
  both	
  the	
  most	
  important	
  mo1fs	
  and	
  a	
  gap	
  in	
  our	
  tools	
  



Approaches to Autotuning


How	
  do	
  we	
  produce	
  all	
  of	
  these	
  (correct)	
  versions?	
  
•  Using	
  scripts	
  (Python,	
  perl,	
  ML,	
  C,..)	
  
•  Compiling	
  annotated	
  general-­‐purpose	
  language	
  (X-­‐Tune,…)	
  
•  Use	
  preprocessor	
  to	
  generator	
  code	
  (Raja,	
  Kokkos,TiDA)	
  	
  
•  Compile	
  a	
  domain-­‐specific	
  language	
  (D-­‐TEC,	
  Halide)	
  
•  Domain-­‐specific	
  compiler	
  for	
  domain-­‐specific	
  language	
  (SEJITS)	
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Matrix 
Vector Mul 
specialized 

to n,m 

Triangular 
Solve 

specialized 
to n,m 

Matrix 
Multiply 

specialized 
to n,m 

BLAS 
Library 

Atlas 
Autotuner: 
code generator 
+search 

Several	
  Projects	
  and	
  PIs:	
  Sam	
  Williams,	
  Mary	
  Hall,	
  Dan	
  Quinlan,	
  Armando	
  Fox,	
  Saman	
  Amarsinghe,	
  
Armando	
  Solar-­‐Lezama,	
  Jack	
  Dongarra,	
  	
  

	
  

Approximate	
  
categoriza'on!	
  

Moore’s Law End Game 



  

Approach #1: Compiler-Directed Autotuning


21 

•  Two hard compiler problems 
•  Analyzing the code to determine legal transformations 
•  Selecting the best (or close) optimized version 

•  Approach #1: General-purpose compilers (+ annotations) 
•  Use communication-avoiding optimizations to reduce memory bandwidth 
•  Apply CHiLL compiler technology with general polyhedral optimizations 
•  Use autotuning to select optimized version	
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•  Genera'on	
  of	
  Complex	
  Code	
  for	
  10	
  Levels	
  	
  
of	
  Memory	
  Hierarchy	
  with	
  SW	
  managed	
  
cache	
  
–  4th	
  order	
  stencil	
  computa1on	
  from	
  	
  
CNS	
  Co-­‐Design	
  Proxy-­‐App	
  	
  

–  Same	
  DSL	
  code	
  can	
  generate	
  to	
  	
  
2,	
  3,	
  4,	
  …	
  levels	
  too	
  

–  Code	
  size	
  of	
  autogenerated	
  code	
  

 Approach #2: DSLs with General Purpose Compiler 


Memory	
  Hierarchy	
   2	
  
Level	
  

3	
  
Level	
  

4	
  
Level	
  

…	
   10	
  
level	
  

DSL	
  Code	
  	
   20	
  

	
  Auto	
  Generated	
  Code	
  	
   446	
   500	
   553	
   819	
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Use	
  of	
  Rose/PolyOpt	
  to	
  apply	
  DSLs	
  to	
  large	
  applica'ons	
  and	
  collabora'on	
  on	
  AMR	
  
Moore’s Law End Game 



Developed	
  for	
  Image	
  Processing	
  

–  10+	
  FTEs	
  developing	
  Halide	
  
–  50+	
  FTEs	
  use	
  it;	
  >	
  20	
  kLOC	
  	
  

HPGMG	
  (Mul'grid	
  on	
  Halide)	
  
•  Halide	
  Algorithm	
  by	
  domain	
  expert	
  

	
  
	
  
	
  

•  Halide	
  Schedule	
  either	
  
–  Auto-­‐generated	
  by	
  autotuning	
  with	
  opentuner	
  
–  Or	
  hand	
  created	
  by	
  an	
  op1miza1on	
  expert	
  

  Approach #3: Domain-Specific (but not too specific)    !
    Languages used by other markets


Halide performance 
•  Autogenerated schedule for CPU 
•  Hand created schedule for GPU 
•  No change to the algorithm 

 

Func Ax_n("Ax_n"), lambda("lambda"), chebyshev("chebyshev");
Var i("i"),j("j"),k("k");
Ax_n(i,j,k) =  a*alpha(i,j,k)*x_n(i,j,k) - b*h2inv*(
    beta_i(i,j,k)  *(valid(i-1,j,k)*(x_n(i,j,k) + x_n(i-1,j,k)) - 2.0f*x_n(i,j,k))
  + beta_j(i,j,k)  *(valid(i,j-1,k)*(x_n(i,j,k) + x_n(i,j-1,k)) - 2.0f*x_n(i,j,k))
  + beta_k(i,j,k)  *(valid(i,j,k-1)*(x_n(i,j,k) + x_n(i,j,k-1)) - 2.0f*x_n(i,j,k))
  + beta_i(i+1,j,k)*(valid(i+1,j,k)*(x_n(i,j,k) + x_n(i+1,j,k)) - 2.0f*x_n(i,j,k))
  + beta_j(i,j+1,k)*(valid(i,j+1,k)*(x_n(i,j,k) + x_n(i,j+1,k)) - 2.0f*x_n(i,j,k))
  + beta_k(i,j,k+1)*(valid(i,j,k+1)*(x_n(i,j,k) + x_n(i,j,k+1)) - 2.0f*x_n(i,j,k)));
lambda(i,j,k) = 1.0f / (a*alpha(i,j,k) - b*h2inv*(
    beta_i(i,j,k)  *(valid(i-1,j,k) - 2.0f)
  + beta_j(i,j,k)  *(valid(i,j-1,k) - 2.0f)
  + beta_k(i,j,k)  *(valid(i,j,k-1) - 2.0f)
  + beta_i(i+1,j,k)*(valid(i+1,j,k) - 2.0f)
  + beta_j(i,j+1,k)*(valid(i,j+1,k) - 2.0f)
  + beta_k(i,j,k+1)*(valid(i,j,k+1) - 2.0f)));
chebyshev(i,j,k) = x_n(i,j,k) + c1*(x_n(i,j,k)-x_nm1(i,j,k))+ 
                   c2*lambda(i,j,k)*(rhs(i,j,k)-Ax_n(i,j,k));
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Approach #4: Small Compiler for Small Language

•  Snowflake:	
  A	
  DSL	
  for	
  Science	
  Stencils	
  

–  Domain	
  calculus	
  inspired	
  by	
  Titanium,	
  UPC++,	
  and	
  AMR	
  in	
  general	
  

•  Complex	
  stencils:	
  red/black,	
  asymmetric	
  	
  
•  Update-­‐in-­‐place	
  while	
  preserving	
  provable	
  parallelism	
  
•  Complex	
  boundary	
  condi'ons	
  	
  

24 
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(a) Red-Black tiling (b) 4-color tiling (c) Asymmetric stencil used
near mesh boundary

(d) 5-point Jacobi stencil

Figure 4: (a) Red-black tiling allows cross-point updates simultaneously at points of the same color, so an update operation takes
only 2 passes. (b) 4-color tilings are common when each update requires the surrounding 3-by-3 neighborhood. Like red-black
tiling, all points of the same color in a 4-color tiling can be updated simultaneously. (c) An asymmetric stencil, sometimes used
near the mesh boundary of a standard 5-point stencil (d), results in odd dependency patterns. Purple points are read from, gray
points are written to.

1 top = Component("beta_x", WeightArray([[1]])

2 bot = Component("beta_x", WeightArray([[0], [1], [0]])

3 left = Component("beta_y", WeightArray([[1]]))

4 right = Component("beta_y", WeightArray([[0, 0, 1]])

5 Ax = Component("mesh", WeightArray([[0,top,0], [left, left+top+bot+right, bot], [0, bot, 0]]))

6 b = Component("rhs", WeightArray([[1]]))

7 difference = b - Ax

8 original = Component("mesh", WeightArray([[1]])

9 lambda_term = Component("lambda", WeightArray([[1]]))

10 final = original + lambda_term * difference

11 red = RectDomain((1,1), (-1,-1), (2,2)) + RectDomain(((2, 2), (-1, -1), (2, 2))

12 black = RectDomain((1,1), (-1,-1), (2,2)) + RectDomain(((2,2), (-1,-1), (2,2))

13 red_stencil = Stencil(final, "mesh", red)

14 black_stencil = Stencil(final, "mesh", black)

15 # Dirichlet zero boundary: 1 of 4 stencils shown...

16 top_boundary = Stencil("mesh", Component("mesh", WeightArray([[ 0],[ 0],[-1]])),

17 RectangularDomain((1, -1), (-1, -1), (1, 0)))

18 # ...others are rotationally equivalent

Figure 5: This complex-smoothing operation a strided colored (red-black) stencil with Dirichlet boundaries and variable coeffi-
cients.

l (lines 8–10).
Having defined the operation, we define the red and black

domains; each is defined as the union (+) of two domains
offset from each other and strided by 2 in each dimension
(lines 11–12). We can now define the main red-black stencil
by associating the operation, its output, and its domain (lines
13–14).

The last step is generating the boundary for a uniform linear
Dirichlet condition in 2 dimensions. This requires four stencils
(top, bottom, left, and right boundaries); for each one, the cell
immediately outside the boundary should be set to the negative
of the value inside the boundary, to make the boundary cell be
zero. Lines 16–17 show how to set up the stencil for the top
boundary; the others are rotationally equivalent.

Finally, the red and black stencils (lines 13–14) and the
boundary stencils (lines 16–17, plus three rotationally equiva-

lent boundary stencils omitted for brevity) can be combined
into a StencilGroup, which allows analysis to identify paral-
lelism across all these stencils as well as within each one. The
next section describes how the analysis is done.

3. Analysis
One major goal of the Snowflake DSL was to make analysis
of stencils easier in order to ensure correctness and ease the
burden on the optimization process. Given the highly regular
access patterns of stencils and stencil groups, the inherent
parallelism is statically determinable in many nontrivial cases
[10]. These dependencies reduce to a system of Diophantine
equations that determine whether or not a stencil interferes
with itself and other stencils. Diophantine equations are equa-
tions where integer solutions are sought. For example, the
equation x2 + y2 = 1 has an infinite number of general solu-

4



•  Performance	
  on	
  the	
  HPGMG	
  applica'on	
  benchmark	
  using	
  all	
  
the	
  features	
  of	
  Snowflake	
  

•  Compe''ve	
  with	
  hand-­‐op'mized	
  performance	
  	
  
•  Within	
  2x	
  of	
  op'mal	
  roofline	
  	
  

Snowflake Performance
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Figure 9: Due to overhead from spawning extra parallel re-
gions and Python-to-C calls, Snowflake performs poorly when
running small sizes across multiple threads, but improves con-
siderably in comparison when the problem size increases.

Threading. While GPU experiments were conducted on an
NVIDIA K20c GPU. The former has a STREAM Triad band-
width of about 22.2GB/s while the GPU has an Empirical
Roofline Toolkit bandwidth of about 127GB/s. For compar-
ison purposes, we compare snowflake performance to the
2nd order, hand-optimized OpenMP HPGMG and HPGMG-
CUDA modified to run 10 V-Cycles instead of 1 F-Cycle.
Moreover, we compare to a Roofline-inspired DRAM band-
width bound. Snowflake was compiled with GCC version 4.9
with -std=c99 -03 -fgcse and -fPIC flag for linking. The
OpenCL backend additionally used -lOpenCL with OpenCL
version 1.2. HPGMG was compiled with ICC 14.0 with -03

-openmp

We evaluate the performance on 3 stencils, the canonical
7-point, constant coefficient Laplacian, a Jacobi smoother
(xn+1 = xn+ 2

3 D�1( f �Lxn) where L is the 7-point constant co-
efficient Laplacian, and a Gauss-Seidel, Red-Black smoother
using a variable-coefficient, 7-point Laplacian. The data move-
ments associated with these stencils are on average 24, 40, and
64 bytes per stencil respectively. Finally, we evaluate perfor-
mance on the full geometric multigrid solver, which includes
smoother, residual, interpolation, restriction, and boundary
condition stencils. For the GMG solver, we use a 2nd order,
variable coefficient, GSRB smoother (4 pre-smooths plus 4
post-smooths) with a fixed 10 v-cycles.

Multigrid solvers, and applications in general must com-
pose a number of stencils together. It is imperative any sys-
tem deliver performance for a variety of stencil computations.
Figure 10 presents Snowflake performance with either the
OpenMP or OpenCL backends for three different stencils/s-
moothers on a fixed 2563 problem. We include performance
comparisons to the equivalent operations in HPGMG and
HPGMG-CUDA as well as to a Roofline-inspired DRAM
performance bound. Unfortunately, NVIDIA does not pro-
vide a bare 7-point constant coefficient Laplacian stencil, but

only includes it in the context of a smoother. As we can see
Snowflake/OpenMP performance does very well, delivering
performance close to HPGMG/Roofline. Conversely, it is clear
the additional low-level optimizations found in NVIDIA’s
HPGMG-CUDA are necessary as Snowflake’s OpenCL back-
end underperforms. Note, it is unclear whether GPU caches
are write-allocate. As such, GPU Roofline estimates for the
Laplacian and Jacobi may underestimate performance poten-
tial. Nevertheless, it is clear Snowflake was able to deliver
performance portability within a factor of 2 across CPUs and
GPUs from a single-source Python description.
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Figure 10: Snowflake performance with OpenMP and OpenCL
compared to HPGMG, HPGMG-CUDA, and the DRAM-based
Roofline performance bound for a fixed 2563 problem size.
Note, NVIDIA does not provide a constant coefficient ApplyOp
in their HPGMG implementation. Snowflake productively de-
livers performance across architecture and operators.

In order to realize a high-performance multigrid solver —
O(N) solve time in the number of variables N — one must
deliver constant performance across a range of exponentially
varying problem sizes. Figure 11 shows performance for the
variable-coefficient GSRB smoother across the range of prob-
lem sizes found in a multigrid solver. Observe that runtime
decreases with problem size as bound by Roofline. Moreover,
Snowflake OpenMP and OpenCL performance track the hand-
optimized HPGMG and HPGMG-CUDA performances. Note,
the smallest 323 problem likely fits in CPU caches and can
thus receive a super linear benefit.

5.4. Design of the OpenMP Backend

The OpenMP backend makes heavy use of the dependency
analysis in prior sections in order to establish barrier points
in the generated OpenMP code. Since this paper describes

7
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Beyond Domain Decomposition!
2.5D Matrix Multiply on BG/P, 16K nodes / 64K cores


 0

 0.2

 0.4

 0.6

 0.8

 1

 1.2

 1.4

n=8192, 2D

n=8192, 2.5D

n=131072, 2D

n=131072, 2.5D

E
xe

cu
tio

n
 t
im

e
 n

o
rm

a
liz

e
d
 b

y 
2
D

Matrix multiplication on 16,384 nodes of BG/P

95% reduction in comm computation
idle

communication

c	
  =	
  16	
  copies	
  

EuroPar’11	
  (Solomonik,	
  Demmel)	
  
SC’11	
  paper	
  (Solomonik,	
  Bhatele,	
  Demmel)	
  

	
  
Surprises:	
  	
  
•  Even	
  Matrix	
  Mul1ply	
  had	
  room	
  for	
  improvement	
  
•  Idea:	
  make	
  copies	
  of	
  C	
  matrix	
  	
  (as	
  in	
  prior	
  3D	
  
algorithm,	
  but	
  not	
  as	
  many)	
  

•  Result	
  is	
  provably	
  op1mal	
  in	
  communica1on	
  
	
  
Lesson:	
  Never	
  waste	
  fast	
  memory	
  
	
  	
  	
  And	
  don’t	
  get	
  hung	
  up	
  on	
  the	
  owner	
  computes	
  rule	
  
	
  
Can	
  we	
  generalize	
  for	
  compiler	
  writers?	
  
	
  
	
  



Deconstructing 2.5D Matrix Multiply 
Solomonick & Demmel 

x 

z 

z 

y 

x 
y •  Tiling the iteration space 

•  2D algorithm: never chop k dim 
•  2.5 or 3D: Assume + is 

associative; chop k, which is à 
replication of C matrix 

k 

j 

i 
Matrix Multiplication code has a 3D iteration space 
Each point in the space is a constant computation (*/+) 
 

for i 
   for j 
      for k 

B[k,j]  … A[i,k] …  C[i,j] … 
28 



Generalizing Communication Lower Bounds and 
Optimal Algorithms


•  For	
  serial	
  matmul,	
  we	
  know	
  #words_moved	
  =	
  	
  Ω	
  (n3/M1/2),	
  
aJained	
  by	
  'le	
  sizes	
  M1/2	
  x	
  M1/2	
  

•  Thm	
  (Christ,Demmel,Knight,Scanlon,Yelick):	
  	
  	
  For	
  any	
  program	
  
that	
  “smells	
  like”	
  nested	
  loops,	
  accessing	
  arrays	
  with	
  subscripts	
  that	
  
are	
  linear	
  func0ons	
  of	
  the	
  loop	
  indices	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  #words_moved	
  =	
  	
  	
  Ω	
  (#itera0ons/Me)	
  
	
  	
  	
  	
  	
  for	
  some	
  e	
  we	
  can	
  determine	
  
•  Thm	
  (C/D/K/S/Y):	
  Under	
  some	
  assump'ons,	
  we	
  can	
  determine	
  

the	
  op'mal	
  'les	
  sizes	
  
–  E.g.,	
  index	
  expressions	
  are	
  just	
  subsets	
  of	
  indices	
  

•  Long	
  term	
  goal:	
  All	
  compilers	
  should	
  generate	
  communica'on	
  
op'mal	
  code	
  from	
  nested	
  loops	
  



Communication Lower Bounds


•  For	
  loop	
  nests	
  with	
  arrays	
  	
  
–  M	
  words	
  of	
  data	
  in	
  fast	
  memory,	
  i.e.,	
  n/p.	
  

Communica1on	
  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
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#flops	
  each	
  processor	
  has	
  to	
  do	
  (Z) 
max	
  #useful	
  flops	
  with	
  M	
  words	
  (F) 

#msgs	
  =	
  

#words	
  =	
  #msgs	
  · M 

Z F 
1	
  message	
  
M	
  words	
  

F 
1	
  message	
  
M	
  words	
  

F 
1	
  message	
  
M	
  words	
  

F 

M2	
  for	
  
N-­‐body	
  

M3/2 for	
  
matmul	
  



Implications for Compilers


•  Much	
  of	
  the	
  work	
  on	
  compilers	
  is	
  based	
  on	
  
owner-­‐computes	
  
–  For	
  MM:	
  Divide	
  C	
  into	
  chunks,	
  schedule	
  movement	
  of	
  A/B	
  
–  Data-­‐driven	
  domain	
  decomposi1on	
  par11ons	
  data;	
  but	
  

we	
  can	
  par11on	
  work	
  instead	
  
•  Ways	
  to	
  compute	
  C	
  “pencil”	
  

1.  Serially	
  
2.  Parallel	
  reduc1on	
  
3.  Parallel	
  asynchronous	
  (atomic)	
  updates	
  
4.  Or	
  any	
  hybrid	
  of	
  these	
  

•  For	
  what	
  types	
  /	
  operators	
  does	
  this	
  work?	
  
–  “+”	
  is	
  associa1ve	
  for	
  1,2	
  rest	
  of	
  RHS	
  is	
  “simple”	
  
–  and	
  commuta1ve	
  for	
  3	
  

31 

Using	
  x	
  for	
  C[i,j]	
  here	
  

x	
  +=	
  …	
  

x	
  +=	
  …	
  

x	
  +=	
  …	
  

x	
  +=	
  …	
  

Standard	
  vectoriza0on	
  trick	
  



Communication Avoiding Version !
(using a “1.5D” decomposition)


•  Divide	
  p	
  into	
  c	
  groups.	
  	
  Replicate	
  par'cles	
  within	
  group.	
  
–  First	
  row	
  responsible	
  for	
  upda1ng	
  all	
  by	
  orange,	
  second	
  all	
  by	
  green,…	
  

•  Algorithm:	
  shio	
  copy	
  of	
  n/(p*c)	
  par'cles	
  to	
  the	
  leo	
  
–  Combine	
  with	
  previous	
  data	
  before	
  passing	
  further	
  level	
  	
  (log	
  steps)	
  

•  Reduce	
  across	
  c	
  to	
  produce	
  final	
  value	
  for	
  each	
  par'cle	
  
•  Total	
  Computa1on:	
  O(n2/p);	
  	
  
•  Total	
  Communica1on:	
  O(log(p/c)	
  +	
  log	
  c)	
  messages,	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  O(n*(c/p+1/c))	
  words	
  

............	
   ............	
   ............	
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   ............	
  ............	
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   ............	
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............	
  

............	
  

............	
  

............	
  

............	
  

............	
  

............	
  

............	
  

............	
  

............	
  

Limit:	
  c	
  ≤	
  p1/2	
  

c	
  

p/c	
  

Driscoll,	
  Georganas,	
  Koanantakool,	
  Solomonik,	
  Yelick	
  



Challenge: Symmetry & Load Balance

•  Force	
  symmetry	
  (fij = -fji) saves	
  computa'on	
  
•  2-­‐body	
  force	
  matrix	
  vs	
  3-­‐body	
  force	
  cube	
  

•  How	
  to	
  divide	
  work	
  equally?	
  

6x save 
of O(n3)! 2x save 

of O(n2) 

Koanantakool & Yelick 



All-triplets 3-body: Challenges


34	
  Communica1on	
  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
  

[Li	
  et	
  al.	
  2006]	
  
[Li	
  et	
  al.	
  2008]	
  

Symmetry	
  
Load	
  balance	
  
Communica1on?	
  

[Sumanth	
  et	
  al.	
  2007]	
  

Symmetry	
  
Load	
  balance	
  
Communica1on?	
  

*	
  Colors	
  have	
  no	
  special	
  meaning	
  -­‐-­‐	
  	
  
for	
  illustra1on	
  purpose	
  only.	
  



CA 3-body

•  p=5	
  (in	
  colors)	
  
•  6	
  par'cles	
  per	
  processor	
  
•  5x5	
  subcubes	
  

Communica1on	
  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
  

Equivalent	
  triplets	
  in	
  
the	
  big	
  tetrahedron	
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[Koanantakool	
  and	
  Yelick	
  2014]	
  

Actual	
  triplets	
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CA 3-body

•  p=5	
  (in	
  colors)	
  
•  6	
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  subcubes	
  

Actual	
  triplets	
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  tetrahedron	
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[Koanantakool	
  and	
  Yelick	
  2014]	
  

Communica'on	
  op'mal.	
  
Replica'on	
  decreases	
  	
  
#msgs	
  and	
  #words	
  by	
  
factors	
  of	
  c3	
  and	
  c2.	
  



3-Way N-Body Speedup

D

ow
n is good 

•  Cray	
  XC30,	
  24k	
  cores,	
  24k	
  par'cles	
  

22.1x	
  

Koanantakool & Yelick 



Perfect Strong Scaling


Communica1on	
  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
  

U
p is good 

42x 

43 

BlueGene/Q	
  16k	
  par1cles,	
  Strong	
  Scaling	
  



Perfect Strong Scaling


Communica1on	
  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
  

U
p is good 

Perfect	
  	
  
Strong	
  Scaling	
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BlueGene/Q	
  16k	
  par1cles,	
  Strong	
  Scaling	
  



Analytics vs. Simulation Kernels: 


7	
  Giants	
  of	
  Data	
   7	
  Dwarfs	
  of	
  Simula'on	
  
Basic	
  sta1s1cs Monte	
  Carlo	
  methods	
  
Generalized	
  N-­‐Body	
   Par1cle	
  methods	
  
Graph-­‐theory	
   Unstructured	
  meshes	
  
Linear	
  algebra	
   Dense	
  Linear	
  Algebra	
  
Op1miza1ons	
   Sparse	
  Linear	
  Algebra	
  
Integra1ons	
   Spectral	
  methods	
  
Alignment	
   Structured	
  Meshes	
  



Dense	
  
Matrix	
  
Vector	
  
(BLAS2)	
  

Sparse	
  -­‐	
  
Sparse	
  
Matrix	
  
Product	
  

(SpGEMM)	
  

Sparse	
  Matrix	
  
Times	
  

Mul1ple	
  
Dense	
  Vectors	
  

(SpMM)	
  

Sparse	
  
Matrix-­‐
Dense	
  
Vector	
  
(SpMV)	
  

Sparse	
  
Matrix-­‐
Sparse	
  
Vector	
  

(SpMSpV)	
  

Increasing	
  arithme1c	
  intensity	
  

Graphical	
  
Model	
  

Structure	
  
Learning	
  (e.g.,	
  
CONCORD)	
  

Clustering	
  
(e.g.,	
  MCL,	
  
Spectral	
  

Clustering)	
  

Logis1c	
  
Regression,	
  
Support	
  
Vector	
  

Machines	
  

Dimensionality	
  
Reduc1on	
  (e.g.,	
  
NMF,	
  CX/CUR,	
  

PCA)	
  

Machine Learning Mapping to Linear Algebra


Deep	
  Learning	
  
(Convolu1onal	
  
Neural	
  Nets)	
  

Sparse	
  -­‐	
  
Dense	
  
Matrix	
  
Product	
  
(SpDM3)	
  

Dense	
  
Matrix	
  
Matrix	
  
(BLAS3)	
  

Aydin	
  Buluc	
  



Sparse-Dense Matrix Multiply Too!


•  Variety	
  of	
  algorithms	
  that	
  divide	
  in	
  or	
  2	
  dimensions	
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100x Improvement

•  A66k	
  x	
  172k,	
  B172k	
  x	
  66k,	
  0.0038%	
  nnz,	
  Cray	
  XC30	
  

Communica1on	
  Avoidance	
  for	
  Algorithms	
  with	
  Sparse	
  All-­‐to-­‐all	
  
Interac1ons	
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100x	
  

U
p is good 



Communication-Avoiding Algorithm Sample Speedups 


•  Up to 11.8x faster for direct N-body on 32K core IBM BG/P 
•  Up to 100x faster for sparse-dense matmul on Cray XC30 
•  Up to 12x faster for 2.5D matmul on 64K core IBM BG/P 
•  Up to 3x faster for tensor contractions on 2K core Cray XE/6 
•  Up to 6.2x faster for APSP on 24K core Cray CE6 
•  Up to 2.1x faster for 2.5D LU on 64K core IBM BG/P 
•  Up to 13x faster for TSQR on Tesla C2050 Fermi NVIDIA GPU 
•  Up to 6.7x faster for symeig (band A) on 10 core Intel Westmere 
•  Up to 2x faster for 2.5D Strassen on 38K core Cray XT4 
•  Up to 4.2x faster for MiniGMG benchmark bottom solver,           

using CA-BiCGStab (2.5x for overall solve) 

49 Dense	
  Linear	
  algebra	
  results	
  by	
  Demmel	
  et	
  al	
  



Overhead Can’t be Tolerated




Modified LogGP Model


•  LogGP:	
  no	
  overlap	
   •  Observed: overheads can 
overlap:  L can be negative 

P0	
  

P1	
  

osend	
  

L	
  

orecv	
  

P0	
  

P1	
  

osend	
  

orecv	
  

EEL:	
   	
  end	
  to	
  end	
  latency	
  (instead	
  of	
  transport	
  latency	
  L)	
  
g:	
  	
   	
  minimum	
  1me	
  between	
  small	
  message	
  sends	
  
G:	
  	
   	
  addi1onal	
  gap	
  per	
  byte	
  for	
  larger	
  messages	
  	
  

Moore’s Law End Game 51 



Communication and Manycore: the problem is the “+”


•  MPI	
  +	
  X	
  today:	
  
•  Communicate	
  on	
  one	
  lightweight	
  core	
  
•  Reverse	
  offload	
  to	
  heavyweight	
  core	
  

•  MPI	
  stack	
  may	
  not	
  run	
  well	
  on	
  lightweight	
  cores	
  
•  Issues	
  preven'ng	
  efficient	
  interoperability:	
  	
  

–  Addressability:	
  can’t	
  name	
  remote	
  threads?	
  
–  Separability:	
  How	
  to	
  manage	
  communica1on	
  resources	
  for	
  independent	
  paths	
  

•  More	
  feasible	
  for	
  1-­‐sided	
  than	
  2-­‐sided	
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How to program - Shared Memory - Multithreading

Thread 3

Process 1

core core core core

Thread 2Thread 1Thread 0

Process 0

corecorecorecore

In
te

rc
on

ne
ct

MSGs

Node 0 Node 1

⌅ Funnel: Master (or single) thread communicates on behave of
all (or a group of) threads.

⌅ Extra synchronization, less injection parallelism, but ...

⌅ More e�cient, why?

8 / 34

How to program - Hybrid Ideal Case!

In
te

rc
on

ne
ct

MSGsMSGs
Thread 3

Process 1

core core core core

Thread 2Thread 1Thread 0

Process 0

corecorecorecore

Node 0 Node 1

⌅ Pros:
I Expose architectural sharing (one name space) - Memory

e�cient

⌅ Could we achieve optimal performance? Could we
communicate in a parallel region?

I Less application synchronization, but rarely used!

7 / 34

Ideal	
  hybrid	
  programming	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Default	
  hybrid	
  programming	
  

Khaled	
  Ibrahim,	
  ICS	
  2014	
  Moore’s Law End Game 



Communication Overlap Complements Avoidance
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Performance	
  results	
  on	
  Cray	
  XE6	
  	
  
(24K	
  cores,	
  32k	
  ×	
  32k	
  matrices)	
  

2.5D	
  +	
  Overlap	
  
2.5D	
  (Avoiding)	
  
2D	
  +	
  Overlap	
  
2D	
  (Original)	
  

Even with communication-optimal algorithms (minimized 
bandwidth) there are still benefits to overlap and other 
things that speed up networks 
SC’12	
  paper	
  (Georganas,	
  González-­‐Domínguez,	
  Solomonik,	
  Zheng,	
  Touriño,	
  Yelick)	
  



Avoid Unnecessary Synchronization




Pipelining: Cholesky Inversion 

3 Steps: Factor, Invert L, Multiply L’s 
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Libraries	
  

Abstrac'on	
  Loop	
  Parallelism	
  

Accelerator	
  Offload	
  

Sources of Unnecessary Synchronization
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Pipelining: Cholesky Inversion 

3 Steps: Factor, Invert L, Multiply L’s 
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Bulk	
  
Synchronous	
  

Less	
  
Synchronous	
  

!$OMP PARALLEL DO  
   DO I=2,N 
     B(I) = (A(I) + A(I-1)) / 2.0 
   ENDDO 
!$OMP END PARALLEL DO 

Analysis	
   %	
  barriers	
   Speedup	
  

Auto	
   42%	
   13%	
  

Guided	
   63%	
   14%	
  

NWChem:	
  most	
  of	
  barriers	
  are	
  unnecessary	
  (Corvefe)	
  

LAPACK:	
  removing	
  barriers	
  ~2x	
  faster	
  (PLASMA)	
  

“Simple”	
  OpenMP	
  parallelism	
  implicitly	
  
synchronized	
  between	
  loops	
  

The	
  transfer	
  between	
  host	
  and	
  GPU	
  can	
  be	
  slow	
  and	
  
cumbersome,	
  and	
  may	
  (if	
  not	
  careful)	
  get	
  synchronized	
  

Cray Inc. SNL Workshop Apr 9-11 

!$acc data copyin(cix,ci1,ci2,ci3,ci4,ci5,ci6,ci7,ci8,ci9,ci10,ci11,& 
!$acc& ci12,ci13,ci14,r,b,uxyz,cell,rho,grad,index_max,index,& 
!$acc& ciy,ciz,wet,np,streaming_sbuf1, & 
!$acc&    streaming_sbuf1,streaming_sbuf2,streaming_sbuf4,streaming_sbuf5,& 
!$acc&    streaming_sbuf7s,streaming_sbuf8s,streaming_sbuf9n,streaming_sbuf10s,& 
!$acc&    streaming_sbuf11n,streaming_sbuf12n,streaming_sbuf13s,streaming_sbuf14n,& 
!$acc&    streaming_sbuf7e,streaming_sbuf8w,streaming_sbuf9e,streaming_sbuf10e,& 
!$acc&    streaming_sbuf11w,streaming_sbuf12e,streaming_sbuf13w,streaming_sbuf14w, & 
!$acc&    streaming_rbuf1,streaming_rbuf2,streaming_rbuf4,streaming_rbuf5,& 
!$acc&    streaming_rbuf7n,streaming_rbuf8n,streaming_rbuf9s,streaming_rbuf10n,& 
!$acc&    streaming_rbuf11s,streaming_rbuf12s,streaming_rbuf13n,streaming_rbuf14s,& 
!$acc&    streaming_rbuf7w,streaming_rbuf8e,streaming_rbuf9w,streaming_rbuf10w,& 
!$acc&    streaming_rbuf11e,streaming_rbuf12w,streaming_rbuf13e,streaming_rbuf14e, & 
!$acc&    send_e,send_w,send_n,send_s,recv_e,recv_w,recv_n,recv_s) 
  do ii=1,ntimes 
         o o o  
      call set_boundary_macro_press2 
      call set_boundary_micro_press 
      call collisiona 
      call collisionb 
      call recolor 
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Beyond Moore




Quantum	
   Neuromorphic	
  

FPGAs	
  
Analog	
  

Is there a new model of 
computing that is useful 

for science? 

Are there ways of storing, transferring 
and computing on information that 

significantly reduce power? 

Beyond Digital Computing Law




Science Applications of Neuromorphic Computing


Usable	
  Hardware	
  

Improved	
  Programmability	
  

Image	
  Analysis	
   Inverse	
  Problems	
  Event	
  Iden1fica1on	
  	
  

Physical	
  Sciences	
   Energy	
  Sciences	
   Bio	
  
sciences	
  Energy	
  



Data processing with special purpose hardware
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•  General	
  trend	
  towards	
  specializa1on	
  for	
  con1nued	
  
performance	
  growth	
  

•  Data	
  processing	
  (on	
  raw	
  data)	
  will	
  be	
  first	
  in	
  science	
  

Par1cle	
  Tracking	
  with	
  Neuromorphic	
  chips	
  

Compu1ng	
  in	
  Detectors	
  
FPGAS	
  for	
  genome	
  analysis	
  

Deep	
  learning	
  processors	
  for	
  image	
  analysis	
  

And	
  can	
  we	
  also	
  use	
  these	
  for	
  simula1on?	
  



QUANTUM INFORMATION SCIENCE (QIS): 
AN APPLICATIONS ORIENTED VIEW 

Computing (~100-100,000) 
 

•  Gate Based: Shor, Grover,… 
•  Adiabatic Quantum Computing 
•  Quantum Annealing 

QIS 

Communication (~1, flying) 
 

•  Quantum Key Distribution 
•  Quantum Commitment 

Simulations (~1-100) 
 

•  Chemical & Materials Science 
•  Theoretical Physics: Cosmology,... 

Metrology (~1-10) 
 

•  Precision measurements, squeezing 
•  Sensors (Magnetic, Charge, Light) 

Irfan	
  Siddiqi	
  2015	
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Electronic Structure Methods for Chemistry


Method	
   Scaling	
  for	
  N	
  
electrons	
  

DFT	
   O(N2)-­‐O(N3)	
  

HF	
   O(N2)-­‐O(N4)	
  

MP2	
   O(N5)	
  

CISD,	
  CCSD	
   O(N6)	
  

CCSD(T)	
   O(N7)	
  

CCSDT	
   O(N8)	
  

FCI	
   O(exp(N))	
  

Quantum	
  Simula1on:	
  	
  
	
  	
  	
  “What	
  quantum	
  computers	
  do	
  in	
  their	
  sleep”	
  	
  [Scof	
  Aaronson]	
  
Open	
  ques1ons	
  in	
  theory	
  and	
  prac1ce	
  

Full	
  configura'on	
  interac'on	
  

Improving Quantum Algorithms for Quantum Chemistry

M. B. Hastings,1, 2 Dave Wecker,2 Bela Bauer,1 and Matthias Troyer3

1Station Q, Microsoft Research, Santa Barbara, CA 93106-6105, USA
2Quantum Architectures and Computation Group, Microsoft Research, Redmond, WA 98052, USA

3Theoretische Physik, ETH Zurich, 8093 Zurich, Switzerland

We present several improvements to the standard Trotter-Suzuki based algorithms used in the
simulation of quantum chemistry on a quantum computer. First, we modify how Jordan-Wigner
transformations are implemented to reduce their cost from linear or logarithmic in the number
of orbitals to a constant. Our modification does not require additional ancilla qubits. Then, we
demonstrate how many operations can be parallelized, leading to a further linear decrease in the
parallel depth of the circuit, at the cost of a small constant factor increase in number of qubits
required. Thirdly, we modify the term order in the Trotter-Suzuki decomposition, significantly
reducing the error at given Trotter-Suzuki timestep. A final improvement modifies the Hamiltonian
to reduce errors introduced by the non-zero Trotter-Suzuki timestep. All of these techniques are
validated using numerical simulation and detailed gate counts are given for realistic molecules.

One of the most natural applications of a quantum computer is to simulate quantum mechanics, as suggested by
Feynman1. There has been much work on constructing quantum algorithms to simulate various problems in quantum
mechanics, ranging from problems in condensed matter physics such as the Hubbard model to quantum field theory2

and quantum chemistry3–16.
A recent large-scale study of quantum chemistry on a quantum computer17 gave accurate gate counts for some of

the standard circuits in the literature when applied to problems in quantum chemistry. Unfortunately, this study
found that even modest molecules require enormously long simulation time. The reason for this is simple: in quantum
chemistry, we consider a basis with N spin orbitals. The Hamiltonian considered takes the form

H =
X

pq

t
pq

c†
p

c
q

+
1

2

X

pqrs

V
pqrs

c†
p

c†
q

c
r

c
s

(1)

for a system of interacting electrons. Many of the two-body interaction terms V
pqrs

are non-zero and so there are
roughly N4 separate, non-commuting terms in the Hamiltonian. The time requirements become large even for roughly
100 spin orbitals; since roughly 50-70 spin orbitals can already be simulated on a classical computer using exact or
approximate techniques18–22, clearly improvements are needed in the quantum algorithms to make them potentially
useful.

Typical quantum algorithms to simulate this system need to implement unitary time evolution under the Hamilto-
nian (1). E�cient ways to implement this evolution have thus been the object of intense research e↵orts23–30. Other
approaches that do not rely on time evolution have been proposed31,32. For the time evolution, a Trotter-Suzuki
approach33,34 is most common, where the evolution exp(iH�

t

) for a small time step �
t

(controlled by an additional
ancilla qubit used to perform the phase estimation) is implemented through a sequence of O(N4) unitary transforma-
tions exp(iA�

t

) where A is some term in Eq. (1). Standard implementations10 have an additional factor of N overhead
in gate count to implement the Jordan-Wigner transformation, which encodes the anticommutation relations of the
fermionic degrees of freedom, giving a time complexity O(N5). Further, as N increases, the Trotter time step must
become smaller to obtain a fixed, given accuracy, further worsening the performance of the algorithm. All these e↵ects
combine to give poor scaling with N .

In this paper, we significantly alleviate these problems. One technique is a modified circuit which reduces the gate
count overhead for Jordan-Wigner strings to a constant without requiring additional qubits. This improves both on
the linear overhead of Ref. 10 and on the Bravyi-Kitaev scheme which has only a logarithmic overhead35. Further, we
show that with this modified circuit, many of the operations can be parallelized, leaving the total gate count unchanged
but reducing the parallel circuit depth. All these improvements significantly reduce the gate count and parallel circuit
depth both asymptotically and for small molecules. Further, we modify the Trotter-Suzuki decomposition in two
ways. First, we modify the term order to take into account special properties of a Hartree-Fock basis in quantum
chemistry. Second, we modify the Hamiltonian that we study in a way that corrects for having a nonzero Trotter step.
These improvements allow us to obtain accurate results at much larger Trotter step than one might obtain otherwise.

These improvements then take two forms. One type of improvement involves modifying the circuits to perform
the same simulation in a more e↵ective way. The other type involves modifying the simulation done to obtain more
accurate answers at larger Trotter step. Below, we detail all these improvements. We explicitly check gate counts
for various real molecules, using LIQUi|i, a quantum simulator developed at Microsoft Research36, so that we could
obtain precise numbers for the improvements over the original circuits, rather than just asymptotic estimates.
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Scaling	
  for	
  N	
  electrons	
  
on	
  Quantum	
  Device	
  

FC	
  #1	
   O(N9)	
  

FC	
  #2	
   O(N7)	
  

FC	
  #3	
   O(N5.5)	
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End Game for Moore’s Law


More	
  parallelism	
  
	
  

More	
  specializa'on	
  	
  
(hardware	
  and	
  programming	
  models)	
  

	
  
Less	
  communica'on	
  

Understand	
  your	
  applica'ons!	
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Thank you!



