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GPU 101
m What and Why?
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GPU Computing
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What and Why?

Accelerated Computing?

m Design target for CPUs:

m Make a single thread very fast

m Hide latency through large cac
m Predict, speculate
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GPU Computing
[ ele]e}

What and Why?

Accelerated Computing?

m Design target for CPUs:
m Make a single thread very fast
m Hide latency through large cacb&/
m Predict, speculate
m Accelerated/Stream Comput
takes a different approach:
m Throughput matt
single threads t
m Hide latency ugh parallelism
m Let progr er deal with “raw”
storage hé?archy
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GPU Computing
[e] lele}

What and Why?

CPU Chip Real Estate

| Branch =
Predict—

Die floorplan: VIA lsaiah (2008).
65 nm, 4 SP ops at a time, 1 MiB L2.

Andreas Klockner Applied Math - Brown University

GPU Metaprogramming applied to Hi rder DG and Loop Generation



GPU Computing
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What and Why?

GPU Chip Real Estate

GDDRS Memory. Interface

Texture
Units

q
< PCl Express Bus Interface:

Die floorplan: AMD RV770 (2008).
55 nm, 800 SP ops at a time.
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GPU Computing
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What and Why?

Questions?
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GPU Scripting v/
m Abstracting away the anngii] parts

m GPU Metaprogramminq
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GPU Scripting
@00000

Abstracting away the annoying parts

How are High-Performance Codes constructed?
m “Traditional” Construction of Q\L‘

High-Performance Codes: OQ,
m C/C++/Fortran
m Libraries \P/

m “Alternative” Construction o?“’
High-Performance Code@
m Scripting for ‘brai %
m GPUs for ‘inne &ps'

m Play to the str s of each
programming{efivironment.

BROWN

Andreas Klockner Applied Math - Brown University

GPU Metaprogramming applied to High Order DG and Loop Generation



GPU Scripting
0e0000

Abstracting away the annoying parts

Scripting: Means

A scripting language. .. QS)
is discoverable and interactive\ ,
\tonallty

has comprehensive built-in
manages resources au‘g\atlcally
encourages abstrac @

works well for “glging” lower-level blocks together.

OO
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GPU Scripting
00e000

Abstracting away the annoying parts

Scripting: Interpreted, not Compiled

Program creation workflow: @

Edit 0‘9‘7
| &
( Comqilvv >
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Abstracting away the annoying parts

Scripting: Interpreted, not Compiled

Program creation workflow: @
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GPU Scripting
00e000

Abstracting away the annoying parts

Scripting: Interpreted, not Compiled

Program creation workflow: @
C e

&
. (O
2
|
Run

Sl

X
O~ —
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Abstracting away the annoying parts

GPU Scripting
[e]e]e] lele]

Why do Scripting for GPUs?

m GPUs are everything that scripting
languages are not. Q/O
m Highly parallel O
m Very architecture-sensitive
m Built for maximum FP/memor
throughput 4%
— complement each %@
&
X
O
@)
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GPU Scripting
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Abstracting away the annoying parts

Why do Scripting for GPUs?

m GPUs are everything that scripting @
languages are not. QS)
O

m Highly parallel

m Very architecture-sensitive AY

m Built for maximum FP/mem
throughput V

— complement each

m CPU: largely restn@t o control
tasks ( NlOOO/sec

] Scrlptlngé@enough
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GPU Scripting
[e]e]e] lele]
Abstracting away the annoying parts

Why do Scripting for GPUs?

m GPUs are everything that scripting @
languages are not. QS)
O

m Highly parallel

m Very architecture-sensitive AY

m Built for maximum FP/mem
throughput V

— complement each

m CPU: largely restn@t o control
tasks ( NlOOO/sec

m Scripting @enough
m Python + C = PyCUDA
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Abstracting away the annoying parts

GPU Scripting

[e]e]e]e] Je]

PyCUDA Philosophy

&
ny
| Providéémplete access

4§~AI
&

atically manage resources
ovide abstractions

low interactive use
Andreas Klockner

m Check for and report errors
automatically

m Integrate tightly with numpy
GPU Metaprogramming applied to High Order DG and Loop Generation
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GPU Scripting
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Abstracting away the annoying parts

PyCUDA: Vital Information
Q/Q‘

http://mathema.tician.de/ (3&'
software/pycuda

Complete documentation \P/
MIT License .
(no warranty, free for aII.l.\seX~
Requires: numpy, B&}%jt—{—,

Python 2.44. Q‘

Support via rr@ég list.

@)
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GPU Scripting
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Abstracting away the annoying parts

PyCUDA: Vital Information

http://mathema.tician.de/

software/pycuda Q/O
Complete documentation \P/O
MIT License .
(no warranty, free for aII.l.\seX~

Requires: numpy, B&} ++,

Python 2.44.

Support via g I|st

Sister projeéty PyOpenCL (TBR soon)
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GPU Scripting
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GPU Metaprogramming

Metaprogramming

\P/ not need to be
a compile-time

%{v constant.
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GPU Metaprogramming

GPU Scripting

[ Jele]e]

Metaprogramming

GPU scripting,
(Y GPU code does
\P/ not need to be

a compile-time
constant.

X

Andreas Klockner

(Key: Code is data—it wants to be
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GPU Scripting

[ Jele]e]

Metaprogramming

Idea

GPU scripting,
(Y GPU code does
\P/ not need to be

a compile-time
constant.

X
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GPU Scripting
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GPU Metaprogramming

Metaprogramming

Idea &

GPU scripting,
(Y GPU code does
\P/ not need to be

GPU Code S
a compile-time

— 4V constant,
S
<&

GPU Binary Q~
()0 (Key: Code is data—it wants to be
m O reasoned about at run time)
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GPU Scripting
@000

GPU Metaprogramming

Metaprogramming

Idea &

GPU scripting,
(Y GPU code does
\P/ not need to be
v a compile-time
constant.

Python Code

V¥

GPU Code

2

GPU Compiler @é

GPU Binary Ma@e

O (Key: Code is data—it wants to be
reasoned about at run time)

i

Result
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GPU Scripting
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GPU Metaprogramming

Metaprogramming

Idea &

Human GPU scripting,

(Y GPU code does
\P/ not need to be

GPU Code S
a compile-time

— 4V constant,
S
&

GPU Binary Q~
C)0 (Key: Code is data—it wants to be
m O reasoned about at run time)
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GPU Metaprogramming

Metaprogramming

Idea &

GPU scripting,
(Y GPU code does
\P/ not need to be

GPU Code S
a compile-time

— 4V constant,
S
<&

GPU Binary Q~
()0 (Key: Code is data—it wants to be
m O reasoned about at run time)
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GPU Scripting
@000

GPU Metaprogramming

Metaprogramming

Idea &

GPU scripting,
(Y GPU code does
\P/ not need to be

GPU Code S
a compile-time

— 4V constant,
S
<&

GPU Binary Q~
()0 (Key: Code is data—it wants to be
m O reasoned about at run time)
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GPU Scripting
(o] le]e}

GPU Metaprogramming

Machine-generated Code

Why machine-generate code?

m Automated Tuning
(cf. ATLAS, FFTW) \l)/

m Data types .
m Specialize code for giv “&roblem

m Constants faster tha@eriables

(— register pre%Qea

m Loop Unrolling)
@)
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GPU Scripting
[e]e] e}

GPU Metaprogramming

PyCUDA: Support for Metaprogramming

us-precision GPU timing ‘P’
Built-in heuristics (“OCTQR:’y” etc.)
codepy:

m Build C syntax&‘%s from Python
m Generates r @.b e, indented (GPU) C code

Or use a te ng engine (many available)
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GPU Scripting
[e]ele] ]

GPU Metaprogramming

Questions?
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DG on GPUs

Outline

DG on GPUs 4?‘

m Introduction
m DG and Metaprgi mg
m Results

C)
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DG on GPUs
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Introduction

Discontinuous Galerkin Method

u]
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I
i
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Introduction

Discontinuous Galerkin Method
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DG on GPUs
[ leJele]e]

Introduction

Discontinuous Galerkin Method

Let Q = UkacRd_ % @Q/Q‘

Solve a conservation law on Q: \P/ ur+V-F(u)=0

Maxwell's Equations: E iefd: E(x,t), H(x,t) on Q governed by

8tE——V QQ OH+ 1V x E—0,

I
9E V-H=0.

Andreas Klockner Applied Math - Brown University
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DG on GPUs
(o] Jele]e]

Introduction

Discontinuous Galerkin Method

Multiply by test function, integrate by parts: &

@
0:/D urp + [V - Fu)]wde/

— [ o F) Vot / (h- F)'pds,.
Dy v. 0Dy
Integrate by parts again, s *ute in basis functions, introduce
elementwise differentia;@end “lifting” matrices D, L:

et = = S QP HF(H] + L[ - F — (3~ F)'llacon,
For straight-sided simplicial elements: BROWN
Reduce D% and L to reference matrices. w

Andreas Klockner Applied Math - Brown University
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DG on GPUs
00e00

Introduction

Decomposition of a DG operator into Subtasks
&

DG's execution decomposes into two (mo %eparate branches:
)

— Flux Gather Fqu\ig@(g—l

k

u | ?v 8tuk
L F(u®) (IQ%I Differentiation 1

/

Green: EIement-I@@ parts of the DG operator.

Note: Explicit ﬁd!estepping, nodal representation.
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DG on GPUs
[e]e]e] Jo]

Introduction

DG on GPUs: Possible Advantages

DG on GPUs: Why? QS)
m GPUs have deep Memory Hie\r&%
m The majority of DG is |
m Compute Bandwidth > %ory Bandwidth

m DG is arithmeticatl tense

m GPUs favor dens ’éﬁ a.
m Local part&e DG operator are dense.

OO
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DG on GPUs
0000e

Introduction

DG on GPUs: Challenges

&
What makes DG on GPUs challenging? \L~

m GPUs have preferred granularitie mostly)
m DG has built-in granularities,\tgo (# 2" mostly)

m Much data reuse in DG ( jy~matrlx product workload)
m Very little cache memkr&vallable (~ 20 KiB)
m Cache managed b

m Loop slicing can hé( Iarge impact

m GPUs intr several more slicing axes
m Loop sllc@ ="computation layout”) determines memory
layout @ other steps.

BROWN
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DG and Metaprogramming

DG on GPUs

Metaprogramming for GPU-DG

@z BROWN
=] 5
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DG and Metaprogramming

®0000

Metaprogramming for GPU-DG

m Specialize code for user-given problem
m Flux Terms

Q~
:\J§</
| <&
m Automated Tuning: O
&
m Gather granularity ?“’
2
&
X
QO

m Memory layout
m Loop slicing

Andreas Klockner
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DG on GPUs
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DG and Metaprogramming

Metaprogramming for GPU-DG

Q~

m Specialize code for user-given problem@
m Flux Terms
m Automated Tuning: OQ/
m Memory layout \P/
m Loop slicing
m Gather granularity 4?“
m Constants instead of Manjables:

= Dlmen5|onaI|ty&@
m Polynomial

m Element
m Matrix(i
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DG on GPUs
@®0000

DG and Metaprogramming

Metaprogramming for GPU-DG

Q~

m Specialize code for user-given problem@
m Flux Terms
m Automated Tuning: OQ/
m Memory layout \P/
m Loop slicing
m Gather granularity 4?“
m Constants instead of Manjables:

= Dlmen5|onaI|ty&@
m Polynomial

m Element
m Matrix(i

Loop Unroll o
H LOOp nrolling BROWN
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DG on GPUs
@®0000

DG and Metaprogramming

Metaprogramming for GPU-DG

Q~

m Specialize code for user-given problem@
m Flux Terms (*)
m Automated Tuning: OQ/
m Memory layout \P/
m Loop slicing (*)
m Gather granularity 4?“
m Constants instead of M@nables:
= Dlmen5|onaI|ty&@
Polynomial

Element
Matrix(si

m Loop Unrolling S
BROWN
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DG on GPUs
O@000

DG and Metaprogramming

Metaprogramming DG: Flux Terms

\@@

=/D urp + [V - F(u)]p dx &Qf F— (A F)lpdS.

/

Fqu term
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DG and Metaprogramming

O®000

DG on GPUs
Metaprogramming DG: Flux Terms

&
S

O—/D urp + [V - F(u)]pdx &Qﬁ F—(h-F)* ]godS

Flux terms:

4
m vary by problem &@

Fqu term
n expressmn spe

by user
m evaluated wise

Andreas Klockner
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DG on GPUs
00800

DG and Metaprogramming

Metaprogramming DG: Flux Terms Example

Example: Fluxes for Maxwell's Equations Qg‘
N % 1.
- (F = F)e i= 5 [0 x ([H) S < [ED)

=} 5 = = = )
Andreas Klockner Applied Math - Brown University
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DG on GPUs
00800

DG and Metaprogramming

Metaprogramming DG: Flux Terms Example

Example: Fluxes for Maxwell's Equations Q/Q‘
N I
- (F = F) = 5 i x ([[H(]@OQ% < [ED)

User writes: Vectorial statementl@;th. notation
flux = 1/2xcross(normal, h.int —%es‘(
—alphascross(normal, e.ilt e.ext))

&

Andreas Klockner Applied Math - Brown University
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DG on GPUs
00800

DG and Metaprogramming

Metaprogramming DG: Flux Terms Example

Example: Fluxes for Maxwell's Equations Q/Q‘
N I
- (F = F) = 5 i x ([[H(HOQ% < [ED)

We generate: Scalar evaluator in\&p

aflux +=( .
((( val_a_fields5 — val_b_fi Id?j* fpair —>normal[2]
— ( val_a_field4 — vaéelﬂ ) fpair —>normal[0])
+ val_afield0 — vy, @ 1eld0 )« fpair —>normal[0]
— ((( val_a_field4 Q'Sa|_b_ﬁe|d4 ) * fpair —>normal[1]
— (val_afi — val_b_field1 )« fpair —>normal[2])
+ val_afi — val_b_field3) % fpair —>normall[1]
)*value_type ¥0.5);

Andreas Klockner Applied Math - Brown University
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DG on GPUs
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DG and Metaprogramming

Loop Slicing on the GPU: A Pattern

Setting: N independent work units + prepar

e
HHHHHHHHHHHHHHHHHIHHH(</C)‘l~

Question: How should one assign % units to threads?
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DG on GPUs
000e0

DG and Metaprogramming

Loop Slicing on the GPU: A Pattern

Setting: N independent work units + prepar

e
HHHHHHHHHHHHHHHHHIHHH(</C)‘L~

Question: How should one assign % units to threads?

Ws: in se?r:reer:e é?“
P
N

BROWN
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DG on GPUs
000e0

DG and Metaprogramming

Loop Slicing on the GPU: A Pattern

Setting: N independent work units + prepar

e
HHHHHHHHHHHHHHHHHIHHH(</C)‘L~

Question: How should one assign % units to threads?

Ws: in sequence 4?“ wp: in parallel

. Thread % — Thread
S
L ¢ Ir
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DG on GPUs
000e0

DG and Metaprogramming

Loop Slicing on the GPU: A Pattern

Setting: N independent work units + prepar

e
HHHHHHHHHHHHHHHHHIHHH(</C)‘L~

Question: How should one assign % units to threads?

Ws: in sequence w;j: me—paraIIeI wp: in parallel
T Thread Q?‘ Thread Thread
EEE

t

BROWN
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DG on GPUs
000e0

DG and Metaprogramming

Loop Slicing on the GPU: A Pattern

Setting: N independent work units + prepar

e
HHHHHHHHHHHHHHHHHIHHH(</C)‘L~

Question: How should one assign % units to threads?

Ws: in sequence w;j: me—paraIIeI wp: in parallel
T Thread Q?‘ Thread Thread
EEE
0 ‘

(amortize preparation)
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DG on GPUs
000e0

DG and Metaprogramming

Loop Slicing on the GPU: A Pattern

Setting: N independent work units + prepar

e
HHHHHHHHHHHHHHHHHIHHH(</C)‘L~

Question: How should one assign % units to threads?

Ws: in sequence w;j: me—paraIIeI wp: in parallel
T Thread Q?‘ Thread Thread
EEE
0 ‘

(amortize preparation) (exploit register space)

BROWN
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DG on GPUs
Q000e
DG and Metaprogramming

Loop Slicing for Differentiation

Local differentiation, matrix-in-shared,
order 4, with microblocking

2.0} point size denotes w; €{1,--,4} dr
% 2.6

= 1.8 O i 24
g
> N
_g 1.6*.. * QQ 2.2
g 4?‘ o 2.05
% 14 % 9 1.8
51q o8 | 16
% *feesae 8 1.4
1.0! gé%p 809999808., :
1.2
083 20 25 30 1.0 BROWN
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Results

Nvidia GTX280 vs. single core of Intel Core 2 Duo E8400

DG on GPUs

GFlops/s

4
Polynomial Order N

Andreas Klockner

[ Jelele]e}

v
o

w
o

N
o

10

S
Speedup Factor

BROWN
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DG on GPUs
(o] Jelele]

Results

Memory Bandwidth on a GTX 280

200 ; ‘
e—e Gather

180f| e—e Lift
e—e Diff

160}| e o Assy.
— Peak

=
D
o

Global Memory Bandwidth [GB/s]
o
o

100
80
60
40
% 3 a4 5 6 7 8 9 BROWN

Polynomial Order N

[ =1 =
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DG on GPUs
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Results

16 T10s vs. 64 = 8 x 2 x 4 Xeon Eb472

Flop Rates and Speedups: 16 GPUs vs 64 CPU&S

IEEE
4000f cpul e 125
120 _
2
X4 @
w
i:l 115 2
Gl °
G} ]
[}
110&
5
0 4 6 0 BJ3 BROWN
Polynomial Order N [
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DG on GPUs

Results

Double Precision, T10 vs Xeon (Poisson)

&

Unpreconditioned CG with IP DG on K =18068 elemen S 4
% 5

Performance: Double Precision Poisson Solver

350

o

300 : . e : @ 130

. R {25
% 200 o 1202
s = GPU||
g 8
= Q
£ 150 159

10

4 6
Polynomial order N
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DG on GPUs

Results

“Real-World" Scattering Calculation

78745 elements,
2.7M -6 DOFs,
single Tesla C1060.
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m lterative Ct)
m Conclusion
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Perspectives
@00

Loo.py

Automating GPU Programming

Q~

GPU programming can be time-consumin @%Ituitive and

error-prone. Q/C)
m Obvious idea: Let the compu{tlxgc? it.

m One way: Smart compilersv,
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Perspectives
@00

Loo.py

Automating GPU Programming

GPU programming can be time-consumin &tumve and

error-prone. Q/
m Obvious idea: Let the compu{tlxgc? it.

m One way: Smart compilers

m GPU programmlng r Y~s complex tradeoffs
m Tradeoffs requnre istics
m Heuristics are
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Perspectives
@00

Loo.py

Automating GPU Programming

Q~

GPU programming can be time-consumin @%Ituitive and

error-prone. Q/C)

m Obvious idea: Let the compu{tlxgc? it.

m One way: Smart compilers_ ,
uye?s complex tradeoffs

m GPU programming regk
m Tradeoffs require istics
m Heuristics are f&\

m Another way: enumeration
" Enumoop slicings
m Enumexate prefetch options
m Choose by running resulting code on actual hardware BROWN

Applied Math - Brown University
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Loo.py Example

Empirical GPU loop optimization: Q?‘

a, b, ¢, i, j, k=[var(s) for s in "abcijk"] @

n = 500 O

k = make_loop_kernel([ @
LoopDimension("i", n),

"

et O
LoopD!mens!on(”J . n), v/
I]_f)o[lemenslon( K’, n), 0£ \ loo.py

i+nxj], i+nxk]xb[k+nxj
%)C[I il slirmdsblicen what would you like

&@% to unroll today?

gen_kwargs = {
"min_threads”: 128,

"min_blocks”: 32 0Q~
} C)O

— ldeal case: Finds 160 GF/s kernel s ROWN

without human intervention.
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Loo.py Status

&
m Limited scope: @
m Require input/output separation Q/O
m Kernels must be expressible usin@
“loopy” model »g/
(i.e. indices decompose into “output” \ 100.py

and “reduction ) @ what would you like

] Enough for DG, LA, to unroll today?
A

OQ

@)
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Loo.py Status

&
m Limited scope: @
m Require input/output separation Q/O
m Kernels must be expressible usin@
“loopy” model »g/

(i.e. ‘i‘ndices.defompose into “Output” \ 100.py
and “reduction”)

m Enough for DG, LA, A w:ta:n‘::llil:,z:;?“ke
m Kernel compilation IMQ{Q trial rate
m Non-Goal: Peak ormance
m Good results ently for dense linear

algebra and (some) DG subkernels
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Iterative CUDA

lterative CUDA

m GPU-based sparse linear system solv%}@ry

(CG so far, trivial to add more) Q/
m Built-in GPU Sparse Matrix—Ve&'ch)muItipIication:l

m Pure C++ on the outside—en?’fpsulates GPU build complexity
— Use as “yet anotherilﬁ“r’library”

m MIT License %)
m Problem size onlyfifted by matrix storage on GPU
m About 10x p %ance gain in SP and DP
m Same funcfigmality also in PyCUDA
BROWN

!PKT format, Bell/Garland 2008
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Conclusions

m Two technologies “ready for prime%@ now:
m Scripting O
m GPUs \l}/

@z BROWN
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Conclusions

m Two technologies

m Scripting
m GPUs

[ Jele]e]

Perspectives
ready for prime
m GPUs and scripting work

oS
Oéo

m Enable MetaprograrmjL

gether
&
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Conclusions

Conclusions

&
m Two technologies “ready for prime%@ now:

m Scripting
m GPUs O

m GPUs and scripting work gether
m Enable Metaprogra V%
m Further work in GP

m Other equati er Navier-Stokes)
m Curvilinear, ents

m Local T|® tepping
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Conclusions

Where to from here?

PyCUDA, PyOpenCL

— http://www.dam.brown. edu/Re/® e/kloeckner/

CUDA-DG Preprint

AK, T. Warburton, J. Bridge, J.S. Hesthaven, “Nodal
Discontinuous Galerkinzéfhods on Graphics Processors”, J.
Comp. Phys., to ap X

— http://arxci)@ g/abs/0901.1024
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Conclusions

Questions?

http://www.d wn.edu/people/kloeckner/

htt@rxiv .org/abs/0901.1024

O
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Image Credits
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