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Scientific Computing

Unlimited need for performance

Many applications, but relatively few
(~100 to 1000) components:

= Matrix multiplication

Mainstream Computing = Filters

Simulations: Physics, Biology, ...

= Fourier transform
" Coding/decoding
" Geometrictransformations

" Craph algorithms

Fast components - fast applications

Signal processing, communication, ... ETH
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Software Performance:
Traditional Approach

Algorithms

Software

Compilers

Microarchitecture

How well does that work?

optimal op count

performance optimization
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The Problem: Example Fourier Transform

Discrete Fourier transform (single precision) on Intel Core i7 (4 cores)
Performance [Gflop/s]
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= Same opcount
m Best compiler ETH
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The Problem Is Everywhere

Matrix multiplication
Performance [Gflop/s]
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Model predictive control
Eigenvalues

LU factorization

Optimal binary search organization
Image color conversions

Image geometry transformations
Enclosing ball of points

Metropolis algorithm, Monte Carlo
Seam carving

SURF feature detection

Submodular function optimization

Graph cuts, Edmond-Karps Algorithm

Gaussian filter
Black Scholes option pricing

Disparity map refinement

Singular-value decomposition
Mean shift algorithm for segmentation
Stencil computations
Displacement based algorithms
Motion estimation

Multiresolution classifier

Kalman filter

Object detection

lIR filters

Arithmetic for large numbers
Optimal binary search organization
Software defined radio

Shortest path problem

Feature set for biomedical imaging
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“Theorem:”

Let f be a mathematical function to be implemented
on a state-of-the-art processor. Then

Performance of optimal implementation of f

Performance of straightforward implementation of f
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Evolution of Processors (Intel)
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The End of Automatic Speedup
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And There Will Be Variety
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DFT: Analysis

Discrete Fourier transform (single precision) on Intel Core i7 (4 cores)
Performance [Gflop/s]
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s Compiler doesn’t do the job (why?)

= Doing it by hand: requires guru knowledge s o
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Optimization for Register Locality and ILP

// straightforward code
for(i =0; i < N; i += 1)
for(j =0; j < N; j += 1)
for(k = @; k < N; k += 1)
c[i][j] += a[i][k]*b[k][3];

Removes aliasing

Enables register allocation and
instruction scheduling
Compiler typically does not do:
« often illegal
e many choices

// unrolling + scalar replacement
for(i =0; 1 < N; i += MU) {

for(j = 0; j < N; j += NU) {
for(k = @; k < N; k += KU) {

t1 = A[i*N + k]; N
t2 = A[i*N + k + 1];
t3 = A[i*N + k + 2];
t4 = A[i*N + k + 3]; & Ioad
t5 = A[(i + 1)*N + k];
<more copies> J
t1e0 = t1 * t9; -
t17 = t17 + t10;
t21 = t1 * t8;
t18 = t18 + t21;
t12 = t5 * t9; > compute
t19 = t19 + t12;
t13 = t5 * t8;
t20 = t20 + t13;
<more ops> J
C[i*N + j] = t17;
C[i*N + j + 1] = t18;
CL(i+1)*N + j] = t19; } store
C[(i+1)*N + j + 1] = t20;
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Optimization for Cache Locality

Stage3

Stage?2

Stagel

StageO

Bit reversal
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Many algorithms are formulated

iteratively:
e many passes through data

e poor locality

* poor performance

\ NN/ |
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[\ V/\ |

Restructured for locality

Compiler usually does not do

e analysis may be unfeasible

possibly many choices

may require algorithm changes

may require domain knowledge

may require cache para

Freters
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Optimization for Parallelism (Threads)

Block exchange Parallel DFTs Block exchange Parallel DFTs Block exchange

> |
/Y4 B _l \VA X 1
\ // | _l |
\V// | _l 1
\W7 > B _l -
WA /N _l /N X 1
N NN/ 1 |
/I B _ % [
A = =lHr
[\ V/N\ | _ /\ |
~N
Restructured for locality Restructured for locality and

parallelism (shared memory, 2 cores,

Parallelism is present, but is :
2 elements per cache line)

not in the “right shape”
Compiler usually does not do
e analysis may be unfeasible

* may require algorithm changes

e may require domain knowledge

. ETH
* may require processor parameters::::
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Software Performance: Facts

Straightforward code is often slow

Inherent compiler limitations

End of free speedup for legacy code

Performance optimization is very hard

Fast code violates good software engineering practices

Performance optimization is “vertical”
" algorithm changes
" code style
" considers microarchitectural parameters

Highest performance is generally non-portable



Current practice: Thousands of programmers re-implement and re-
optimize the same functionality for every new processor and for

every new processor genera tion
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Algorithms

Software

Compilers

Microarchitecture

optimal op count

performance optimization
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Algorithms

Compilers

Microarchitecture

performance optmization
Performance is different than other software quality features

We need
= Courses on software performance

" Microarchitecture-cognizant algorithm analysis
(e.g., Kung’s work, cache oblivious algorithmes, ...)

= Smarter compilers (e.g., iterative compilation, machine learning)

= “Vertical” software engineering and programming languages

techniques for performance optimization ETH
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Organization

= Software performance issues
m Automatic performance tuning (autotuning)
= Automatic performance programming

m Conclusions
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ATLAS/PhiPAC: MMM Generator

Bilmes et al. 97, Whaley et al. 98

// MMM loop-nest * ijk or jik depending on N and M
for i = @:Nz:N-1 * Blocking for cache
for j = O:N;:M-1
for k = 0:N;:K-1

// mini-MMM loop nest * Blocking for registers
for i’ = i:M;:i+N;-1
for j° = Jj:iNj:j+N;-1
for k? = k:K,:k+N;-1

// micro-MMM loop nest  Unrolling
for k” = k?:1:k’+K;,-1 e Scalar replacement
for i” = 1’:1:1°+M;-1 » Add/mult interleaving

for j” = j2:1:3°4Ny-1 e« Skewing

Search parameters: Ny, M;, Ny, Ky, Lg, ..

Offline tuning: tuning at installation ETH
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FFTW: Adaptive DFT Library

Frigo, Johnson g8, 05

Installation

configure/make /\

Usage /\
d = dft(n) Search for.fastest 3 3
computation strategy
d(x,y)

Online tuning: tuning at time of use ETH

Eidgendssische Technische Hochschule Zirich
Swiss Federal Institute of Technology Zurich

© Markus Piischel, 2011



Autotuning

s Use of models
* OSKI (Vuduc, Demmel, Yelick et al.)
= Adaptive sorting (Li, Padua et al.)

s Tools
" |terative compilation (Knijnenburg, O'Boyle, Cooper, ...)
" Machine learning in compilation (O'Boyle, Cavazos, ...)
= Source code tools (POET, Rose)

Most common form of autotuning: Search over alternative
implementations to find the fastest for a given platform

Problem: usually parameter based
* not portable to new types of platforms (e.g., parallel)
* not portable to different functions
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Organization

= Software performance issues
= Automatic performance tuning (autotuning)
m Automatic performance programming

m Conclusions
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Goal:

Computer generation of high performance code for
ubiquitous performance-critical components

Generate Code

A “click”




Possible Approach:

Capturing algorithm knowledge:
Domain-specific languages (DSLs)

Structural optimization:
Rewriting systems

High performance code style:
Compiler

Decision making for choices:
Machine learning



Splral Program Generation for Performance (www spiral.net)

i
1l

| 1Hl |

Franz Franchetti
Yevgen Voronenko
Jianxin Xiong
Bryan Singer
Srinivas Chellappa
Frédéric de Mesmay
Peter Milder
José Moura
David Padua
Jeremy Johnson
James Hoe
<many more>

unding: DARPA, NSFE ONR, Intel



Linear Transforms

Yo L0

Yn—1 Tp—1

Output Input

Example: T = DFT, = [e—2REmi/ "lo<k,t<n
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Swiss Federal Institute of Technology Zurich

© Markus Piischel, 2011



Algorithms: Example FFT, n = 4

Fast Fourier transform (FFT):

1 1 1 1
1 i =1 —i|,, |-
1 -1 1 —1|*T =
1 —i -1 4]

Data flow graph

1 . 1 101

1 - 1] 1
1 . -1 .

1 - -1]
Yo —
Y1 — DFT, —B—
Yo — —l—
Y3z —

Description with matrix algebra (SPL)
DFT, = (DFT,;®1)T5(I, ® DFT,) L5

DFT,

DFT,

X

L0
L1
L2
L3
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Decomposition Rules (>200 for >40 Transforms)

DFT, — Pg;r/zz.” (DFTQM & (Ik/Q—l ®; Com rDFTQm(i/k))) (R'DFT:!: ®I'”1) .k even,

RDFT, RDFTs,, rDFTs5,, (i/k) RDFT),
RDFT, T RDFT5, , rDFT5,, (i/k) RDFT;
DHT, | = Fh2m © 2| par,, " | l2-1 81 Domhpurs, yw| | | | DETY | @D |0 K oeven
DHT, DHTS,, rDHT5,, (i/k) DHT,
rDFTo, (u) _f2ng @, rDFTo,, ((i +u)}/k) rDF Ty, (u) @1
rDHT,{u) e AR e DHT (G 4 u)/k) )\ [rDHT o (w)] 7 )

RDFT*:}?L — (QI/Q{TH '® IQ) (Ik ®7 I‘DFTQ.m)(i + 1/2)/k)) (RDFT*gk @I;nn) . k: eVen,

Rules = algorithm knowledge

(=100 journal papers)

DCT-3r — (Im@®Jm) L2 (DCT-3:n(1/4) & DCT-31m(3/4))
Ly O&— J.m_]_ _
(F2@Tm) { 5 @21,71)} om=am

DCT-4,, — S,DCT-2,diagp<p,(1/(2cos((2k + 1)m/4n)))

IMDCTso,;, — {(Jm@In@®lndJIm) (([1] ® I-m) & (|:_ﬂ @ Im)) Jo;n DCT-45,,

t
WHT,, — ][ Ly oty ® WHT ®12k,;+1+~-+k¢)> =k + -4k
i=1
F2

diag(1,1/v2)Fo
J2Ryar/s

!

DFT,
DCT-25
DCT-45

l

l

ETH
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SPL to Code

SPL S Pseudo code for y = Sz

Bx>
At>

<code for: t

Aan

<code for: y

for (i=0; i<m; i++)
<code for: I’ITL ®A?’L p—

yli*n:1:i*n+n-1] = A(x[i*n:1:i*n+n-1])> .fq
n

for (i=0; i<n; i++)
Am ® In

<code for:

yli:n:i+m*n-n] = A(x[i:n:i+m*n-n])>

for (i=0; i<n; i++)
y[i] = D[il*x[i];

for (i=0; i<k; i++)
Ll}gm for (j=0; j<m; j++)
yli*m+j] = x[j*k+i];

y [0]
y[1]

x[0] + x[1];
x[0] - x[1];

Gives reasonable, straightforward code i
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Program Generation in Spiral

Transform

Algorithm
(SPL)

Algorithm
(Z-SPL)

C Program

DFTg

1 Decomposition rules (algorithm knowledge)

(DFT5 ®14) TS (Iz @ (DFT2 Q1) parallelization
T4 (I © DFT,) L3)) L5 vectorization
> (S; DFT; G5) Y- (3 (S, diag(ty,;) DFT; Gy) locality

> (Sm diag(tm) DFT2 Gy,m)) optimization

|

void sub(double *y, double *x) {

double fo, f1, f2, 3, f4, f7, f8, fle, fi1; code style
fo = x[0] - x[3];
f1 = x[e] + x[3]; code level

f2 = x[1] - x[2];
f3 = x[1] + x[2]; v ! :
[ optimization
y[0] = f1 + f3;
y[2] = 0.7071067811865476 * f4;
f7 = 0.9238795325112867 * f0O;

< more lines>

Eidgendssische Technische Hochschule Ziirich
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SPL to Shared Memory Code: Basic Idea

« »
Good” SPL structures #processo s=p— 4

A
v= (o) mp o I
A

L Yy

. Processor O

Processor 2

Processor 3

N -, —
/'.}cache block size =y =2

= (PRI )z mp

%‘VV

Rewriting: Bad structures mmmp good structures
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Example: SMP Parallelization

DFT,, — \((DFTm ®1,) T (1,, @ DFTy) LM )
smp(p, i)

smp(p,u)

— k(DFTm@g)In) TN £Im®DFTn) L

> \V/ )
Smp(p”u}) Smp(p:uf) Smp(pﬂuj) Smp(pau“)

— (P, @1 ) (@(DF Ty oL, ) ) (L)Y @1,/,,) &1 )

p—1 _
(@ | Tm) (10 @/ © DFT)) (1, L7 ) (L 81, @15
=0

load-balanced, no false sharing

One rewriting system for every platform paradigm:
SIMD, distributed memory parallelism, FPGA, ...
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Challenge: General Size Libraries

So far: Challenge:
Code specialized to fixed input size Library for general input size
DFT_384(x, y) { DFT(n, x, y) {
for(i = .) { For(i = .) {
t[2i] = x[2i] + x[2i+1] DFT_strided(m, x+mi, y+i, 1, k)
t[21+1] = x[21] - x[21+1] }
+
+
}

 Algorithm cannot be fixed

e Algorithm fixed (online tuning)

ffline tuni
(offline tuning)  Recursive code

* Nonrecursive code
 Creates many challenges

Eidgendssische Technische Hochschule Zirich
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Challenge: Recursive Composition

— = 16=4X4

Tt

ARRNRRRR AL

(DFT}, ® 1) TE™(1, @ DFT,,) Li™

void dft(int n, cpx *y, cpx *x) {

Eidgendssische Technische Hochschule Ziirich

Iss Federal Insti e of Technology Zuric
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>—SPL : Basic Idea

Four additional matrix constructs: >, G, S, Perm
= ¥ (sum) explicit loop
" G,(gather) load data with index mapping f
" S,(scatter) store data with index mapping f

" Perm, permute data with the index mapping f
3
Example: y = (Ia @ Fo)z — y= ) _ Sy, F2Gy x
7=0

7=20

(F> ] .

Yy = 2 x T
j o .

i F> j=2

Eidgendssische Technische Hochschule Zirich
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Find Recursion Step Closure

Voronenko, 2008
{DFT,,}

|

({DFT, 1} ® L) Ty (1, ), @ {DF T} Ly

|

k—1 n/k—1
(Z:O Shi’k{DFT'rL/k} Ghi,k) diag(f) ( Shjk,l{DFTk} Ghjk,l) perm(ﬁ?l/k)
=

j=0

k—1 1 n/k—1

.Z Shy ADFT,, .} diag(foh; 1) Gy, , Z Shjp \D¥Te} Gp,

L1 n/k—1
3 { Sh, , DFT,, i, diag(foh; ;) G, , } { Shj1 DFTk Gh, 0 }
i=0 j=0

Repeat until closure

Eidgendssische Technische Hochschule Zirich
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Recursion Step Closure: Examples

DFT: scalar code

dft

dft_scaled ——p» dft_scaled_bc

dft_strided
dft_strided_bc

DFT: full-fledged (vectorized and parallel code)

Base
dft —
/ Case? Eéuffe?r
ize /
# of
Threads?

strided dft
basecase
OpenMP loop of Buffer
scaled dfts

Eidgendssische Technische Hochschule Zirich
Swiss Federal Institute of Technology Zurich

© Markus Piischel, 2011



It Really Works

DFT on Sandybridge (3.3 GHz, 4 Cores, AVX) DFT,  (DFT, &1, T} (1 8 DFT,,) L |

DF Ty — Py 5 (DFT25 @ (/21 @i Com tDF Ty (i/k)) ) (RDF Ty @1m)
Performance [Gflop/s] RDFTy — (B3, ® I2) (RDF T2y, & (1,21 ® Doy rDET2,(i/k)) ) (RDFTy, @1Lin)
50 rDF Ty, (u) — Li' (I ® rDF T, (i + u) /k)) (rDF T (u) @ Im)

Spiral-generated

40
" 5MB vectorized, threaded,

20 general-size, adaptive library
10

IPP 7.0.2
"4 16 64 256 1k 4k 16k 64k 256k 1M 4M

= Many transforms, often the generated code is best

s Vector, shared/distributed memory parallel, FPGAs
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Computer generated Functions for Intel IPP 6.0

ad
AppEnrTrd_CTos 32
AP Thud_CTe 3
PPyl TPud_CTat
IppgprTPud_CTec 4
LT d_CTer 8
PPyl TPud_CTt &
AP TP T

Loogr T d_CToc 37
Lopr T d_cTox
LprgF TP 4_C T
Lpagr TP d T
Lopgr e d_crec
Lo TP Tt
Lpagr TP d Tt
L TP d_CTac_ad 54,

L N
Lopger e d_cTor_se_sade,
Lot Thi d_E T
Lo TFw d_C T 2
APEETRU A CTaC 63 644,
Lpesr Tru d_CTeac .
LOpQUF TP CToE_4F

3984 C functions
1M lines of code

pegrartl

iipgartl
irmpartl
il
igpgrart]
il
il
ipmpiartl

I Thwd_KTad
AppgEFTRwd_RTod. 05,
tippeTh

Lo T TR b
AP T A _FTeF b
AP T AT ne,
ApogF Thw d_ATGP as M
Lopyr T e aei 33
Lo Tr TP e
ApogF TTw d_ AT ask
AP T AT a8
P TP d_ATGP acte_¥
LG TFid_FToi 3
AP Tt AT acx,
Lo Tr T ke
Lo Tr TP a8 _
LpOGURThed_FTor a3 _a4.
PR T AT ne,
LpogOr Trw d_RTOR ack_s
Lo T d_FTeF o
Lppgie Thud_Fioace_ss_sal,
AprREE T RTo ac_ 334,
Aor T d_ATOF 32
Lopyr T T ae
1R TFi_ATeit 3
Lo T d_FTeF k31
Lopyr T T ae 34
APOGURTH _HTO0 303 _S5
1pOGURThed_FTor 33 _5¢
AP TFY AT 2c%
PO TP d_ATeR act 58 _
LG Thd o s_%9_32v,
LG Thd_RTof ce_ob_12v,
APgEFTFid_FTef acie 4 _
Lpogr Trw d_RTOR ack_¢

Transforms: DFT (fwd+inv), RDFT (fwd+inv), DCT2, DCT3, DCT4, DHT, WHT
Sizes: 2—64 (DFT, RDFT, DHT); 2-powers (DCTs, WHT)

Precision: single, double

Data type: scalar, SSE, AVX (DFT, DCT), LRB (DFT)

mputer generated

APy TP _CToC 1e,

ippk
1PPEFTR

APPREEF TR d_KTek sck_m_aae,
AP TRwd_KTek sck_l i3,
eV Th e ack 2 3

P The_KToP ack_zs 32,
AP TR KTeh ack_3 33,
AP TRud_KTeh sck_ 3,
APPYEF TR FTeP ack X
_KTob ack_2r_azf,
AP TRwd_KTek sck_% i3,
APPYEN TR FTeP ack 3 3
APPWEF TRl RToR ack 30

! AT o
APDGIFTh _T08 301_84 1,
PGP TFwd_ TP arm 3_137,
APPEFETFs d TP arm

ADOGF TP Ao
APPEEE TP d FTobarms 40314,
APPEIE TP d_FiTaarm
APPgE T4 FTeft ammy
Lpogue Thd_FiTor aev 13 _
APPGIE TP d Pl army 44314,
APPREF TTud e ammy 15134,
AR TFw d_RTcf army L

Results: Sp

i,
AeADF T Fack Tok 38,

PuraToR_te e,
1o ar

iralGen Inc.

e ridae_gat,

e Hochschule Ziirich
Technology Zurich

““w miurkus ruschel, 2011



Online tuning Offline tuning

Installation Installation

configure/make configure/make
for a few n: search

learn decision trees
Use

d = dft(n) Search for.fastest
computation strategy
d(x,y)

Machine learning

if ( n <= 65536 ) {
if ((n <= 32 ) {
if (n <=4 ) {return 2:;}

/Eift __ ‘@ - @ @ : else {return 4;}
e -

OpenMP loop of 4 if f n <= 1024 ) {
scaled dfts Siz if ( n <= 256 ) {return 8;}

else {return 32;}

}

else |



Program Generators: Related Work

m FFTW codelet generator (Frigo)

= Flame (van de Geijn, Quintana-Orti, Bientinesi, ...)

m Tensor contraction engine (Baumgartner, Sadayappan, Ramanujan, ...)

= cvxgen (Mattingley, Boyd)

m PetaBricks (Ansel, Amarasinghe, ...)

m Spiral

Eidgendssische Technische Hochschule Ziirich
Swiss Federal Institute of Technology Zurich

© Markus Piischel, 2011



Organization

= Software performance issues
= Automatic performance tuning (autotuning)
= Automatic performance programming

m Conclusions

Eidgendssische Technische Hochschule Ziirich
Swiss Federal Institute of Technology Zurich

© Markus Piischel, 2011



Algorithms

Compilers

Microarchitecture

performance

End of free speedup

Straightforward code often 10-100x suboptimal
Performance # efficient parallelization

Likely inherent compiler limitations

Performance optimization violates good programming practices



So What Do We Do?

Teaching

Better autotuning

Automating performance

Search over parameterized optimization with tools that
alternatives complement/aid the compiler

or programmer.

Example: Program generation for performance
Maybe Spiral can be generalized

= DSLs
= Rewriting for platform paradigms
= Search/learning



