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The Future is Parallel and Heterogeneous
2012 and later

e Intel Larrabee
Intel Sandy Bridge

: '8-way float vectors
irtex 5
o FPGA+ 4 CPUs Intel Haswell

o Xtreme DATA .vector COprocessors
Opteron + FPGA ° IBM POWER7

[ IBM Cyclops64 2x8 cores

7 C8“”'86] RASC.BIueGene/Q

ltanium + FPGA
e Tilera TILEPro

Sun Niagara 2009
32 threads

Cell BE

8+1 cores

before 2000

Core2 Duo

Core2 Extreme
ClearSpeed  Nvidia GPUs Q% ® Nyidia Fermi
192 cores 240 streaming cores o AMD Eusion
rogrammability?

erformance portability?
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The Problem: Example DFT

DFT (single precision) on Intel Core i7 (4 cores, 2.66 GHz)
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Best code

Numerical Recipes

m Standard desktop computer, cutting edge compiler, using optimization flags
m Implementations have same operations count: =4nlog,(n)
m Numerical Recipes is Code is actually good code (array-based ANSI C)
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DFT Plot: Analysis

DFT (single precision) on Intel Core i7 (4 cores, 2.66 GHz)
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High performance library development has become a nightmare
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Related Work
m Automatic Performance Tuning PROCEEDINGS%IEEE
" Linear algebra: ATLAS, Bebop, Spike, Flame s R
PROGRAM GENERATION, OPTIMIZATION,

= Fourier transform: FFTW AND PLATFORM ADAPTATION

® Linear transforms: Spiral

m Restructuring compilers
= Memory hierarchy: tiling,...
= \ectorization, Parallelization

m Algorithm design
m Computer algebra (rewriting)
m Computer language design

m Computer architecture Proceedings of the IEEE special issue, Feb. 2005
m High performance computing (HPC)
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Organization
m Spiral overview
m Spiral’s formal framework
m Parallelization in Spiral
m Algorithm/architecture co-design
m Results

m Concluding remarks

M. Plschel, F. Franchetti, Y. Voronenko: Spiral. Encyclopedia of Parallel Computing, D. A. Padua (Editor). To appear.

Markus Puschel, José M. F. Moura, Jeremy Johnson, David Padua, Manuela Veloso, Bryan Singer, Jianxin Xiong,
Franz Franchetti, Aca Gacic, Yevgen Voronenko, Kang Chen, Robert W. Johnson, and Nick Rizzolo:
SPIRAL: Code Generation for DSP Transforms. Special issue, Proceedings of the IEEE 93(2), 2005.
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What is Spiral?

Traditionally Spiral Approach

e e e N M M M ) Spiral

High performance library A&yl 1)l

High performance library
optimized for given platform performance

optimized for given platform



Vision Behind Spiral

Current

Numerical problem

algorithm selection
C program

\ implementation

compilation

utomated human

Computing platform '

= C code a singularity: Compiler has
no access to high level information
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Future

Numerical problem

W 4

algorithm selection

implementation

compilation

A

Computing platform

©
)
—
@©
=
@)
—
)
©

= Challenge: conquer the high abstraction
level for complete automation
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Main Idea: Program Generation

Model: common abstraction
= spaces of matching formulas

abstraction abstraction
[ee]a]
defines rewriting .
search

R

algorithm

pick

architecture

(DFT2@I) TS (I @ (.....

Architectural parameter: P e Kernel:
Vector length, optimization problem size,
algorithm choice

H#processors, ...
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How Spiral Works

Problem specification (“DFT 1024” or “DFT”)

!

Complete automation of controls

the implementation and Algorithm Generation

optimization task Algorithm Optimization

Basic ideas: algorithm |
* Declarative representation Implementation controls

f algorith
ot algorithms Code Optimization

* Rewriting systems to
generate and optimize

algorithms at a high level

of abstraction Compiler Optimizations

performance

Spiral

Fast executable
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Spiral’s Face: Web Interface @spiral.net

Select convolutional code
Select a preset code or customize parameters

O custom
{:} Unlﬁ,rager rate lll'll 2 code rate _|:l:|_
O NASA-DSN K 7 constraint length (?)
® CCSDS/NASA-GSFC polynomials |79 polynomials for the
) code in decimal notation
O wiMax 91

()
O cDma 15-95A -
O LTE (3GPP - Long Term Evolution)

O uwe (802.15)

O coma 2000

O Cassini

O Mars Pathfinder & Stereo

Select implementation options

frame length 2048 unpadded frame length in bits (2]
Vectorization level SSE 16-way ¥ type of code (2]
Generate Code H Reset ]

“Click”: Push-button code generation

http://www.spiral.net/software/viterbi.html
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Organization

m Spiral overview

m Spiral’s formal framework

m Parallelization in Spiral

m Algorithm/architecture co-design
m Results

m Concluding remarks

Markus Plschel, José M. F. Moura, Jeremy Johnson, David Padua, Manuela Veloso, Bryan Singer, Jianxin Xiong,
Franz Franchetti, Aca Gacic, Yevgen Voronenko, Kang Chen, Robert W. Johnson, and Nick Rizzolo:
SPIRAL: Code Generation for DSP Transforms. Special issue, Proceedings of the IEEE 93(2), 2005.

F. Franchetti, F. de Mesmay, D. McFarlin, and M. Puschel:
Operator Language: A Program Generation Framework for Fast Kernels. In Proceedings of DSL WC, 2009.
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Spiral’s Origin: Transforms and Algorithms

m Transform = Matrix-vector multiplication
Example: Discrete Fourier transform (DFT)

r—y="1- -x
input vector (signal)ij T
output vector (signal) transform = matrix

m Fast algorithm = sparse matrix factorization = SPL formula
Example: Cooley-Tukey FFT algorithm

DFT, = (DFT,®1,)T4(I, ® DFT5) L3

1 1 1 1] 1 1
1 j -1 —j L1 1 -1 -
1 -1 1 -1 -1 11
1 -j -1 j = ] 1 -1
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Breakdown Rules (>200 for >50 Transforms)

DFTn — P55 (DF T2 & (I jp-1 ®; Comn tDFT2,,(i/k))) (RDFT}, @In), k even,

RDFT), RDFT5,, rDFT5,,(i/k) RDFT;..
RDFT! RDFT! rDFT ik RDFT),
DHT, nl— {PA :/2,m ® I2) DHT;T” ® I.UQ 1 ®@; Do I‘DHTZ;::((:':{/k)) DHT‘;‘A ®@1Im |, keven,
DHT/, DHT),, rDHTo., (i/k) DHT),
I‘DFTQR(H) LQ'N I ®; rDFT?m(("E + u)/k) rDFT2&:(u) @1
rDHT5,, (u) m A\ DHT ., (( 4 w) /k)| ) \ [ DHT 54 (u) = 7" )

RDFT-3, — (Q] 5, ® I2) (I, ® rDFT2,,)(i + 1/2)/k)) (RDFT-3, ®Im),  k even,
DCT-2, — B/ 5, (DCT-22,, K37 & (I @ N2y RDFT-34,,)) Bn(LE’g ® o) (Im @ RDFT})Q, /2.1
DCT-3, — DCT-2,
DCT-41 — Q5 5, (T/2 ® Now RDFT-33,,) BL(L}")3 ® I2)(Im ® RDFT-34)Q/2,1-
DFT, — (DFTy®ILy) T @DFTy) LY, n=km
DFT, — Py(DFT,®DFT)Qn n=km, gcd(k,m) =1
DFT, — R.(I;®DFT,_1)Dy(I ®DFT,_1)Rp, p prime
DCT-3, — (In®Jm) L (DCT-3,,(1/4) & DCT-3,,(3/4))
(Fo®Ln) {Im %G(Bll_éjgalml)} , n=72m
DCT-4,, — SpaDCT-2pdiagg<p<n(1/(2cos((2k + 1)7/4n)))

1 -1
IMDCT2;, — (Jm @I @ Lin & Jim) (GJ ®Im) ® ( 1} ®1m)) J5,, DCT-45,,

t

WHTQk — H (12k1+"'+ki—1 ®WHT2]{T ®12k1+1+"'+kr)3 k= k]_ + .-+ k.l’
i=1

Fa

diag(1,1/v2)F5
J2R13/8

DFT,
DCT-2,
DCT-4,

!

!

!

“Teaches” Spiral algorithm knowledge
 Combining these rules yields many algorithms for every given transform
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Beyond Transforms: General Operators

m Transform =
linear operator with one vector input and one vector output

|» linear »l

m Key ideas:

= Generalize to (possibly nonlinear) operators with several inputs and
several outputs

= Generalize SPL (including tensor product) to OL (operator language)
= Generalize rewriting systems for parallelizations

N N
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Operator Language (OL)

name definition

basic operators

projection mx . C"xC" - (C"; (x,y) — X
linear transform M:C"— C", x+— Mx
stride Lmn. Cmn— CM x o LI x
vector sum S 0= C x— Y0
vector minimum miny, : C*" — C; x— min(zg,...,Tp_1)
constant vector Ce:a—-C" ()—c

operations
addition (M+N)(x,y) = M(x,y) + N(x,y)
multiplication (M-N)(x,y) = M(x,y) - N(x,¥)
direct sum (MaN)(xPu,ydv) =M(x,y) ®N(u,v)
cartesian product (MxN)(x,y,u,v) = M(x,y) x N(u,v)
composition (MoN)(x,y) = M(N(x,y))
iterative composition <H;":_5 I\/IZ-) (x,y) = (Mgo---oM,,_1)(x,y)
tensor product IM, M®I

(Inxn—mn @A) (Lo e @ x, 515 el ®y) = Yot SlZgel ®@el @ A(x,y),

(A®Inxn—mn) (S x @ e, Xidy @e}) = S SI-5A(xy) @ e’ @ el
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Example: Matrix Multiplication (MMM)

ENGINEERIN

Breakdown rules:
capture various forms of blocking

breakdown rule description
MMM71 11— ()1 base case
MMMk = (@) /myx1 @ MMMy, o, horizontal blocking
MMM, ke = MMMy, g 1 @ (@)1 50 /mb interleaved blocking
MMM, ke = ((Zg iy, © Oiyi,) @ MMMy, )0 accumulative blocking
k/k
((L”;‘;k Y ® I,) X Iyp) -

MMM, e — (L™ @ I, Yo
(@) 1xn/n, ® MMMy, 0 1)0 vertical blocking

(o X (L™ © Iny) -
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Expressing Kernels as OL Formulas

Linear Transforms
DFT, — (DFT;®Ly) T} @DFTn)LY, n=km
DFT, — Py(DFT,®DFT)Qn, n=km, gcd(k,m) =1
DFT, — RI(1; ®DFT, 1)Dy(l; ®DFT, 1)Rp, p prime
DCT-3;, — (I ®Jm) L (DCT-3,,(1/4) ® DCT-3,,(3/4))
(Fo®In) Fm %%1 q;];"l‘n:)} n=2m
DCT-4, — SnDCT-2,diadg<p<n(1/(2cos((2k + 1)7/4n)))

1
IMDCT5,, — (Jm @ L @ Lo @ Jin) (({_J ®Im) 0 (

t
_H1(12k1+"'+k1‘—1 ® WHTQ!’C,‘_ ® IQki+l+‘"+kt)’
=

Fa
diag(1,1/v2)F»
J2Ry3q/8

-1
_1] ® Im)) Jom DCT-45,,

WHT,. — k=ki+-+k

DFT,
DCT-2,
DCT-4,

!

!

1

Matrix-Matrix Multiplication

X

MMMy 11 — (1
MMM,k — (®)m/mbx1 @ MMM'H!-WhK'

MMM, ke — MMMy, 51 @ (@) 1% n/nb
MMMy, ke — ((Zk/.k:h o (')k/kb) @ MMMm,n.kb)o
((Lfl/iﬁkb @ I.l;,)) % Iin)
MM Mm.n,k - (Lmn/nb @ I'ng,)c’
(@) 1xn/m, @ MMMy, 1)

([,l.-,m % (Lkn/nb

n/mny, @ Inh ))

Viterbi Decoding

1110010110101100 Viterbi 010001

decoder

010001 \o(e)4\'/o][V]i[6], 18 11 1000 011001 11 00
encoder

F
K—-1
Frp— ][] ((12,{,2 ®;j BFfz‘,j)L%K—z)
i=1

F
FI(,F' v = H ((121& 2/v®JlLV BF 131) (LQK Q?V % IU))
i=1

)y =ming, (74 + Ba—v,mB + B-U)
Sy = ming, (ma + Ba—v, B + B_v)

Synthetic Aperture Radar (SAR)

L S o B

DFETpxnolInterpgsm—nxn
(DFT,®Iy) o (I, @ DFT,)
(Interpy,_,, ®; In) o (I @; Interp,,—n)

R
“« o0 0

R
—r e e
R
R

L
[ 3 3 2 o
LRI )
* s 0 000

.
.
.
.
.

L e e 3

SARLxm—nxn —
DFT,xn

Interprwm—snxn —

|

n—2
Interp,—s — (@ InterpSegk) @ InterpSegPruned;, ,

=0

1
InterpSeg;, — G"j'”_’k o iPrunedDFT;—yn o (—) o DFTy
T
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Translating OL Formulas into Programs

Linear Operators

t[0:1:n-1] = B(x[0:1:n-1]);
y= (14412311)1:

y[0:1:n-1] = A(t[0:1:n-1];) f4
n

for (i=0;i<m;i++) I ®A -
m n —

y[i*n:1:i*n+n-1] =

A(x[i*n:1:1i*n+n-1]) An

Q) for (i=0;i<m;i++)

y[i:n:i+m-1] =

A(x[i:n:1i+m-1]);

General Operators

r = (AgxM—NOBrxm—rxm)(xy) (W = Byl
r = A(t, u);
(r,s) = (Ap—m X Bpon)(x,y) r = A(x);
s = B(y);
for (i=0;i<m;i++)
r = (Inmxnomn @Ay« Nk ) (X, y) for (§=0; j<m; 34+4)

r{(i m+j)*K:1l: (i*m+3+1)«K-1] =
A(x[i*M:1:i*«M+M-1], y[J*xN:L1:3*N+N-17);
for (i=0;i<m;i++)
r= (AMxN—>K ® Lyyxn—mn) (X,y) for (3=0; j<n; j++)
rism+j:mrn:irm+j+tmrn* (K-1))] =

A(x[imm:i4m*x (M-1))], y[J:n:j+nx(N-1)]);
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Program Generation in Spiral (Sketched)

DF T2s6 functionality  problem specification Algorithm Platform
l (  knowledge  knowledge

- —

. (Ia®Ja)Dg(Fa®1y) . .. oL Tough optimizations by rewriting:
* Threading
— °* SIMD vectorization

n—1 * Streaming
380 e CnGray o - ,

jgﬂ (J)m® n (J)m@ n leL N o Locallty

C code .
+ threading, vector intrinsics, ... Splral

machine code

m Optimization at the high level of abstraction:
Overcomes compiler limitations

m Complete automation
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Organization
m Spiral overview
m Spiral’s formal framework
m Parallelization in Spiral
m Generating general-size libraries
m Results

m Concluding remarks

F. Franchetti, M. Puschel, Y. Voronenko, S. Chellappa, and J. M. F. Moura:
Discrete Fourier Transform On Multicore. In IEEE Signal Processing Magazine, November 2009.

F. Franchetti, F. de Mesmay, D. McFarlin, and M. Puschel:
Operator Language: A Program Generation Framework for Fast Kernels. In Proceedings of DSL WC, 2009.



Carnegie Mellon

A ENGREERING
Types Of Para"e"sm Problem specification

= Multithreading (Multicore)

= Vector SIMD and SIMT (SSE, GPUs) Algorithm Optimization
algorithm

Implementation

= Message Passing (Clusters, MIPP, SCC)

= Software-managed cache (Cell, GPUs)
Code Optimization

= Streaming (Cell, GPUs)

= Gate-level parallelism (FPGA) Compilation

= Heterogeneous (CPU+FPGA or GPU) Compiler Optimizations

Fast executable

Spiral: One methodology optimizes for all types of parallelism
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Modeling Multicore: Base Cases

= Hardware abstraction: shared cache with cache lines

core ll core Ak X1 —N
Data-Cache ~ ™ g
: smp(p,u)
us

= Tensor product: embarrassingly parallel operator

s = (1,84)@

Processor O

Processor 2

Processor 3

YYvYvYVY VYV Y

YYyvvyvyvyy

xr
= Permutation: problematic; may produce false sharing

y = L§(z)
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Optimization Knowledge: Rewriting Rules

m Goal: Transform formulas into fully optimized formulas
" Formulas rewritten, tags propagated
" There may be choices

k k S
£Ik ®i—nmn )10 L —(LE" ® Ly )@ L
smp(p,u) smp(p,u)

k k 2
L™ o (k®@Li") =(L" @y, )81
SMP(p.1)  smp(p,u)
AcB — A o B |
rul
smp(p,p)  smp(p,u) smp(p,u) AL
kxm— 1xp— kxm—
AP QIDPTE — LI o Tixpp @) AV ) o (L x L)
smp(p, ) smp(p,u) sMp(p,1)

\(Ax B)JOM(CX D)J—>\(A0C) x\(BoD)J

-

smp(p,ir)  smp(p,u) smp(p,p)  smp(p,u)

Arity (2,1) rules
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Rewriting: Map Algorithm to Platform

= Algorithm rules: breakdown rules

I\/Il\/”\/|7f,,z’7,,q,tc — (®)m/mb><1 X MMMmb,n,kJ
MMM, 5 e = MMM 1 @ ()1 500 /mb

MMMm,n,k - ((Zk;/,lcb © ()k/kb) <Y MMMm,n,kb)o
k/E
(L @ T) X i)

= Hardware constraints: base cases

Iy ®||Amp—>nu7 Pp ®||Al~m><m/,e—mw qu’f' ®||Aku><my,—mw
M@M: (M® IH,) X (N® I}L)

= Program transformations: manipulation rules

k k S
L(Ik. ®vL;nn)JO Lkﬁn _>(I—kn®1m/p)®1#
smp(p,p)  SMP(p.u)

k K 2
Ly o (L®Lm") —=(La" @ Ly, )L
smp(».1)  smp(p,p)

Combined rule set spans search space for empirical optimization
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MMM: Parallelization Through Rewriting

1\"4 M M?n,ﬂ-,ff’

smp(p,u)

—>\( I, ® LE’) o] ( MMM-;rp.,n/p,k @(@)1)@)—4}) o (Ikm X (Iif. ® Lﬁ/p)l

smp(p,u)

— \( Im ® L;;' )_, o ;( MM Mm,nfp,ﬁ: ®(®)1 XP—‘P)J © ( Lm x (I ® :;f/i‘?))

smp(p,u) smp(p,u) smp(p,u)

= (In@Ly)o L o((®)1xpsp & MMM, 1) 0 (T X LE™) 0 (T x (@ LY )
‘-_v_-/ \_.v._-" “u > - k. e "
smp(p,)  smp(p,p) smp(p,u) smp(p,u)

—((LRP @ Ly /)BT ) 0 ((®) 1xp—p O MMMy k) 0 (W B 1) X (L3P @ T,y B 1))

Fully optimized (load-balanced, no false sharing)
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Same Approach for Other Parallel Paradigms

Message Passing:

DFTyy — ((DFTy®L)Th"(In® DFT,) L")
msg(p,u)

msg(p,p)

— (DFTm®h) T3" (Im®DFT.) Lp"

msg(p,u) msg(p,p)

msg(p.p) msg(p,u)

— (L @1,/ 8L ) (I @ (DF T @1, ) ((LpP @1, /5, ) @1 )

p—1 ,
(690“ szﬂ) (IP B Tn/p® DFT”)) ( L L::%p ) ((Lgn @Ln/pp) @1 )
j=

GPUs:

k-1 , .
(DFT,.) — (1:[ L7 (Lies ®DFT, ) ( Lok 1 (e ® Tha s l)w)) Ry

apu(t,c) vec(c)

gpu(t,c)

- (H (l—r /2 -.12)( rn=1/2 ®x (DFTT®12) L2r>—|— )
shd(t,c)
BL)(In-1/5@x LZ )R BI)
shd(t,c)

(LT /2

m Rigorous, correct by construction
m Overcomes compiler limitations

Vectorization:

(DFTmn) — ((DFTm @) TH"(lm @ DETn) L")
——

vec(v) vec(v)

— v p—————————— 1/
— (DFTm®Ily) ( -rmn ) (Im, ® DFT,) LI
vec(v) vec(v) vec(v)

= (Imn/u ®£§:) (DF T/, ® In/u® 1) (T?n)u
sse sse

(s OCEEL) Wy O(LZ BLID © LI (LF 61)) (OF TG 1))
sse

1 = 2,
((Lmn ®12)®IV)(ITHR/V ® |;52:)

Verilog for FPGAs:

[k—1
k k k= e k
(DFT,.) — |[ILr (La-1®DFT ) (Ll a(Lu® T 1) Llips )| Ry
— li=0
stream(rs)

stream(r?)

k=1 "
- |0

i=0 stream(rs)

(Licr ®DFT,) (L7 i3 (L ® ThTioa) Lt )

stream(r®)

k
RT
~
stream(rs)

stream(rs)

k=1

ke k
- |II & (Le-1®0@DFT))  Tj R!
_’—0 stream(rs) stream(r$) | stream(rs)
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Organization
m Spiral overview
m Spiral’s formal framework
m Parallelization in Spiral
m Algorithm/architecture co-design
m Results

m Concluding remarks

Q. Yu, D. F. Jones, N. Lawrence, D. McFarlin, P. A. Milder, B. Moore, A. Sidelnik, F. Franchetti, M. J. Garzaran, J. C. Hoe, J.
Johnson, J. M. F. Moura, D. A. Padua, and M. Plschel: The Data Pump Architecture for Algorithm-Specific DSP
Processor/Program Co-Design. Submitted for publication.
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The “Inverse” Question
Design Space Optimization Problem
cost 1/C, (&, 6) (/L M) — afgmiﬂ@,gcm (A(Q)a M(&))

/algorithm ./4(9) = Algorithm A(@)

= Architecture M(§)
= Cost function C_,(§, )

= Parameters: €, 0

= Metric m: power, runtime,...
architecture M(§) Task: Find € and 6 s.t. C (€, 0) is minimal

“What is the right architecture for my application?”
“What architecture features are good for my application?”
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Co-Optimizing Architecture and Kernel

Architectural parameter: Model: common abstraction Kernel:
Vector length, = spaces of matching formulas problem size,
#processors, ... algorithm choice

abstraction

[ee]qV

abstraction

__[search\

algorithm

search

architecture Sk
space C(.,.) cost function in joint space

]

“clean slate”

space

/:E (DFT2@I) TS (I @ (.....

>
~—

M(§)

Co-optimization
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“Clean Slate:” Data Pump Architecture

data control
processor processor

off-chip

memory on-chip

memory

SIMD FPU

= Non-von Neumann paradigm
software-exposed on-chip memory hierarchy + concurrency

m Flexible and parameterizable
parallel compute units + on-chip memory

m Automatic co-synthesis (RTL + software)
processor instances and matched software executables
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Program Generation for the Data Pump

I transform problem specification
DFT556 l
DFT ¢ ruleltree easy manipulation for search
. (Ia®J3)Dg(Fa®1a) ... iI: extracting addressing and computation
n—1

“'j:OS(.nm@n Cn G()men 3-SPL loop optimizations

computation addressing

(kernel) (data movement)

N

CP+DP compiler

= Possible because of formal framework (OL, rewriting,...)
= Extract efficient mapping to DP and CP from formulas
= Language + compiler design to enable low-level optimization
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Organization
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m Parallelization in Spiral
m Beyond Transforms
m Algorithm/architecture co-design
m Results

m Concluding remarks
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1D DFT on 3.3 GHz Sandy Bridge (4 Cores, AVX)

performance [Gflop/s]
45

40

35

30 Spiral generated
4 threads, AVX
25
20

15

10

FFTW 3.2.2 Intel MKL 10.3.2
4 threads, SSE 4 threads, AVX

0 | | | | | | | | | | | | | | | | | | | | | | | | | | | |

2 4 8 16 32 64 128 256 512 1k 2k 4k 8k 16k 32k 64k 128k256k512k 1M 2M 4M

F. Franchetti, Y. Voronenko, S. Chellappa, J. M. F. Moura, and M. Puschel:
Discrete Fourier Transform on Multicores: Algorithms and Automatic Implementation
IEEE Signal Processing Magazine, special issue on “Signal Processing on Platforms with Multiple Cores”, 2009.
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BlueGene/L and P Supercomputers

1 DFT, double precision Global FFT (1D FFT, HPC Challenge)
performance [Mflop/s] performance [Gflop/s]
1600
1400 ——SPIRAL C99 + 440d 10000 ' ' | ' | | + 6.4 TflOp/S
=4 SPIRAL C + 440d : . e
SPIRAL C + 440 :

1200

—4=FFTW 2.1.5 1000 | . —
—4—GNU GSL s e

.....
.....

1000

800

600 . 100 5
400 - : R ]
200 10 ¥ UPC normal ——
. BlUEGEI’IE/L UPC coalesced transpose ]
4 8 16 32 64 128 256 512 1024 2048 4096 8192 BlueGene / P S&:ﬂ : ]
. 1 1 1 1 1 ! 1
problem size 1NC 4NC  16NC 2R 4R 8R 16R 32R

BlueGene node cards

Single BlueGene/L CPU at 700 MHz BlueGene/P (128k CPUs) at 850 MHz
IBM T. J. Watson Research Center Argonne National Laboratory
SIMD vectorization SIMD vectorization + multi-threading + MPI

F. Gygi, E. W. Draeger, M. Schulz, B. R. de Supinski, J. A. Gunnels, V. Austel, J. C. Sexton, F. Franchetti, S. Kral,
C. W. Ueberhuber, J. Lorenz: Large-Scale Electronic Structure Calculations of High-Z Metals on the BlueGene/L Platform.
In Proceedings of Supercomputing, 2006. Winner of the 2006 Gordon Bell Prize (Peak Performance Award).

G. Almasi, B. Dalton, L. L. Hu, F. Franchetti, Y. Liu, A. Sidelnik, T. Spelce, I. G. Tanase, E. Tiotto, Y. Voronenko, X. Xue:
2010 IBM HPC Challenge Class Il Submission. Winner of the 2010 HPC Challenge Class Il Award (Most Productive System).
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Manycore Accelerators: Cell and Fermi

DFT on multiple SPEs (LS-LS, block-cyclic)

Performance [pseudo Gflop/s]

1-SPE

26 27 28 29 210 211 212 213 214 215

Problem size

3.2 GHz Cell BE, latency performance
4-way SIMD unit, 8 SPEs, DMA

SIMD vectorization, threading

DFT on GTX 480 (Fermi)

performance [Gflop/s]
700

600
500
400
300
200

100

2 4 8 16 32 64 128 256 512 1k 2k 4k

Nvidia GTX 480 Fermi, throughput performance
448 cores, 32-way warps, 15 multiprocessors

SIMT (vectorization+threading), memory layout

S. Chellappa, F. Franchetti, and M. Plschel: Computer Generation of Fast FFTs for the Cell Broadband Engine
In Proceedings of the International Conference on Supercomputing (ICS), 2009.

C. Angelopoulos, F. Franchetti, and M. Pischel: DFT Transform on the Fermi (GTX480): Automatic Program Generation
NVIDIA Research Summit at the GPU Technology Conference, 2010.
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Pre-Silicon Optimization: Larrabee/MIC

void dfté64 (float *Y, float *X) {
__m512 U912, U913, U914, U915, U916, U917, U918, U919, U920, U921, U922, U923, U924, U925,
a2l153 = ((__m512 *) X); s1107 = *(a2l153);
s1108 *((a2153 + 4)); t1323 = mm512 add ps(s1107,s1108);

U926 = mm512 swizupconv_r32( mm512 set 1tol6é ps(0.70710678118654757), MM SWIZ REG_CDAB) ;
s1121 = mm512 madd231 ps(_mm512 mul_ps( mm512 mask or pi(

mm512 set 1tol6 ps(0.70710678118654757), OxAAAA,a2154,U926) ,t1341),

mm512 mask _sub ps( mm512 set 1tc . . L.

_mm512_swizupeony_r32 (t1341, s VECtOIZation Bficiency
U927 = mm512 swizupconv_r32(_ mm512 £ 46
.70710678118654757, (-0.7071067¢
.70710678118654757, (-0.7071067€
.70710678118654757, (-0.7071067€
.70710678118654757, (-0.7071067€

14

O O O o

12

1166 = mm512 madd231 ps( mm512 mul_
0.70710678118654757 (-0. 7071067¢ 1°
0.70710678118654757, (-0.7071067¢&
0.70710678118654757, (-0.7071067& 8
0.70710678118654757, (-0.7071067€ .W
OxAAAA,a2154,U951) ,tl1362), 6
_mm512 mask_sub ps(_mm512 set 16t

(-0.70710678118654757) , 0.7071067 4
(-0.70710678118654757) , 0.7071067 | R & * . . * = )

(-0.70710678118654757) , 0.7071067 , ~-LRENT (167way float
(-0.70710678118654757), 0.7071067 PR (= (e
_mm512 swizupconv_r32(t1362, MM S o “#-SSE (4-way float)
64 128 256 512 1,024 2,048 4,096 8,192 16,384 32,768
} input size

D. McFarlin, F. Franchetti, and M. Pischel: Automatic Generation of Vectorized Fast Fourier Transform Libraries for
the Larrabee and AVX Instruction Set Extension. Proceedings of the 2009 High Performance Embedded Computing
(HPEC), MIT Lincoln Laboratory. Best paper award.
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Towards Architecture/Algorithm Co-Design

DPA Design Space
power [W] vs. area [mm?]
3.5
1MB + 1CP4-Way
N / ° 0.9GHz = 1CP, 8-Way
2.5 skB o — o » 1CP, 16-Way
20 o ° o s x 2CP, 4-Way
' @ ° 4 0’8 x 2CP, 8-Way
1.5 ano® 4 T8 il + 2CP, 16-Way
s 14 A x a é‘xo o 2
1.0 ,&: Foxs I o'y ° ACP, 4-Way
S . ﬁ“x;A © 0.15GHz 2 4CP, 8-Way
o o 4CP, 16-Way
0 5 10 15 20

Area/power trade-off: 432 instances
local store: 8kB — 1 MB
CPU @ 0.15GHz — 0.9GHz

65nm process (simulation)

Effect of Off-Chip Bandwidth

performance [Gflop/s] vs.s log2(WHT size)
120

/ compute peak

100GB/s peak 50GB/s peak 25GB/s peak

-+100GB/s ---50GB/s —--25GB/s

0 I ] 1 L] I L) I L] I 1 I L] L] ] 1 L] I L] T L I ] ] L] L] I 1

4 6 8 10 12 14 16 18 20 22 24 26 28 30

Memory bandwidth vs. CPU performance
25GB/s, 50GB/s, 100GB/s
1, 2, and 3-stage WHT algorithm

65nm process (simulation)

Q. Yu, D. F. Jones, N. Lawrence, D. McFarlin, P. A. Milder, B. Moore, A. Sidelnik, F. Franchetti, M. J. Garzaran, J. C. Hoe,

J. Johnson, J. M. F. Moura, D. A. Padua, and M. Pischel:

The Data Pump Architecture for Algorithm-Specific DSP Processor/Program Co-Design. Submitted for publication.
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Polar Format SAR on Intel Core2 Quad

SAR Image Formation on Intel platforms
performance [Gflop/s]

50
® 3.0 GHz Core 2 (65nm)
40 M 3.0 GHz Core 2 (45nm)
W 2.66 GHz Core i7 hewer
30 3.0 GHz Core i7 (Virtual) platforms
20
10
0

16 Megapixels 100 Megapixels

m Algorithm by J. Rudin (best paper award, HPEC 2007): 30 Gflop/s on Cell
m Each implementation: vectorized, threaded, cache tuned, ~13 MB of code

D. McFarlin, F. Franchetti, M. Plschel, and J. M. F. Moura: High Performance Synthetic Aperture Radar Image
Formation On Commodity Multicore Architectures. in Proceedings SPIE, 2009.
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Direction 1: Emerging Multicore Platforms

VECTOR VECTOR VECTOR VECTOR
IA CORE IACORE A 1A CORE 1A CORE

INTERPROCESSOR NETWORK

COHERENT COHERENT COHERENT COHERENT!
CACHE CACHE e CACHE CACHE

COHERENT  COHERENT COHERENT ~ COHERENT
CACHE CACHE CACHE CACHE
s

FIXED FUNCTION LOGIC

INTERPROCESSOR NETWORK

VECTOR VECTOR VECTOR VECTOR
IA CORE IA CORE . IA CORE IA CORE

MEMORY and I/0 INTERFACES

Image: Intel Image: Intel Image: Intel

Intel Sandy Bridge Intel MIC Single Chip Cloud Computer
2 -8 cores, SMT Up to 50 cores, SMT 48 cores

AVX SIMD extension Wide SIMD

Image: AMD Image: Nvidia Image: IBM
AMD Fusion APU Nvidia GTX480 Fermi POWER7?7
Multicore CPU + GPU 15 multiprocessors 8 cores, 4-way SMT

448 cores VSX SIMD extension
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Direction 2: Beyond Regular Algorithms

Example: Random Walk SAT solver
find x; s.t. (wo + 25 + 25) - - (x4 + o)) (w3 + 25 + 7 + 25) = 1

SAT Solver on Core2 Extreme Impact of Optimization Techniques

[ops/cycle] [ops/cycle] C++STL B C linked list m Carray

300 cond -> logic var ID as pointer H unrolled while
=-synthetic CNF

M bit-vectorizedint m SSE B SSE+pthreads
-@-realistic CNF

250
. . . 100
200
10
150 maximum
1
100
50 average 0.1
0 ) minimum : : : : : i 1 001
100 200 500 1k 2k 5k 10k 20k 50k 100k 200k 5 10 15 20
CNE size average clause length
Catalogue optimization methods
= Data layout transformations = Program Generation
= Control flow transformations = Autotuning
" |mpact of C constructs = Domain-specific optimization tricks

T. Cui and F. Franchetti: Autotuning a Random Walk Boolean Satisfiability Solver. To appear in Proceedings of iWAPT’11.
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Direction 3: DPA and Logic-in-Memory

DRAM data
polar grid
tiled into trapezoids

off-chip

memory

SRAM tile VY CPU view
low resolution |\ high resolution
trapezoid rectangular

(W

Joint work with Zhu, Pileggi, Hoe, Horowitz in the context of the FCRP C2S2 center



Summary

Platforms are powerful yet complicated
optimization will stay a hard problem

Unified mathematical framework
captures platforms and algorithms

Program generation and optimization
can provide full automation

Algorithm/architecture co-design
generate the architecture for a kernel

Image: Intel
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control

on-chip
memory

processor
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