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UPDATE ON QUDA



QUDA

Effort started at Boston University in 2008, now in wide use as the GPU backend for BQCD, Chroma, CPS, MILC, TIFR, etc.

Latest release 0.8.0 (8th February 2016)

Provides:
Various solvers for all major fermionic discretizations, with multi-GPU support
Additional performance-critical routines needed for gauge-field generation
Maximize performance
Exploit physical symmetries to minimize memory traffic
Mixed-precision methods
Autotuning for high performance on all CUDA-capable architectures
Domain-decomposed (Schwarz) preconditioners for strong scaling
Eigenvector and deflated solvers (Lanczos, EigCG, GMRES-DR)
Multigrid solvers for optimal convergence
A research tool for how to reach the exascale
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QUDA - LATTICE QCD ON GPUS

http://lattice.github.com/quda

lattice / quda ®© Watchv 36 % Unstar 45 ¥Fork 29
<> Code Issues 107 Pull requests 2 Wiki Pulse Graphs Settings

QUDA is a library for performing calculations in lattice QCD on GPUs. http://lattice.github.com/quda — Edit

D 4,621 commits ¥ 49 branches © 19 releases 42 16 contributors
Branch: develop ¥ New pull request Create new file Upload files Find file Clone or download ~
f,ﬁ mathiaswagner committed on GitHub Merge pull request #487 from lattice/hotfix/checkerboard-reference ' .- Latest commit f3e2aa7 a day ago
B include In ColorSpinorParam, if staggered fermions then set field dimension t... 11 days ago
i lib Correctly set volumeCB for parity subset references - need to check p... a day ago
i tests Requesting --test 1 with staggered_dslash_test now tests MdagM operator 11 days ago
B .gitignore Updates to .gitignore and renamed multigrid_benchmark to multigrid_be... 3 months ago
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B CMakelLists.txt added some comments to CMakelLists.txt 3 months ago
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SOLVERS FOR MULTIPLE RIGHT HAND SIDES



CONJUGATE GRADIENT

procedure CG

r0) =p— Ax(0)

p0) = (0

for k =1,2,... until converged do

Zh=1) — Ap(k=1)

[l
<(p(k—1)),z(k:—1)>
k) = (k- 1) + o= Dplk—1)
r(k) — p(k=1) _ a(k 1) ,(k—1)

a(k_l) —

(k—1) _ \T(k 1)‘
g i
p(k) — fr'(k) _|_ B(k_1>p(k_1)

end for
end procedure
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QCD PERFORMANCE LIMITERS

QCD is
Dslash arithmetic intensity for HISQ -~ 0.7
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QCD PERFORMANCE LIMITERS

QCD is
Dslash arithmetic intensity for HISQ -~ 0.7

exploit SU(3) symmetry:
reconstruct gauge field from 8/12 floats
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QCD PERFORMANCE LIMITERS

QCD is
Dslash arithmetic intensity for HISQ -~ 0.7
GFLOPS Reconstruct 8 Reconstruct 12 M Reconstruct 18
exploit SU(3) symmetry: EZEE
reconstruct gauge field from 8/12 floats 1500

1000
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QCD PERFORMANCE LIMITERS

QCD is
Dslash arithmetic intensity for HISQ -~ 0.7

exploit SU(3) symmetry:
reconstruct gauge field from 8/12 floats

Smearing kills symmetry: stuck with 18 floats
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QCD PERFORMANCE LIMITERS

reconstruct
- 13

QCD is )8 18
Dslash arithmetic intensity for HISQ -~ 0.7

— 9

|

Z 2.1
exploit SU(3) symmetry: c
reconstruct gauge field from 8/12 floats E »
£
Smearing kills symmetry: stuck with 18 floats% 0.7
0

12 3 45 6 7 8 9 10111213 141516
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TESLA PASCAL P100

5.3 TFDP - 10.6 TF SP - 21 TF HP
720 GB/sec Memory Bandwidth
16 GB HBM2

Tesla P100

for NVLink-enabled Servers

4.7TFDP-9.3TFSP - 18.7 TF HP
Config 1: 16 GB (HBM2), 720 GB/sec
Config 2: 12 GB (HBM2), 540 GB/sec

Tesla P100

for PCle-Based Servers
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MULTI-SRC DSLASH ON PASCAL
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MULTI-SRC DSLASH ON PASCAL

Volume 244, HISQ, tuned gauge reconstruct

F P100 double © P100 single O Titan X single
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CONJUGATE GRADIENT

procedure CG WITH MULTI-SRC DSLASH
r, — bz — A.CE‘EO)
pZ(O) _ TZ(O)

for k. = 1,2, ... until converged do

Z@_(k_n} = Apt-D) exploit multi-src Dslash performance
k—1 k—1 k—1 k—1
A ) |
2 = gD o (kD) (1) do all the linear algebra for each rhs
(B = (k: D _ (k 1) (k 1)

ﬁ(k 1) _ ’ (k— 1)| /’ (k)‘Q
(k) _ (k) ng 1) (k; 1)
end for
end procedure

same iteration count as CG
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BLOCK KRYLOV SPACE SOLVERS



BLOCK KRYLOV SOLVERS

BlockCG solver suggested by O’Leary in early 80’s
retooled BlockCG by Dubrulle 2001
In exact precision converges in N / rhs iterations
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BLOCK KRYLOV SOLVERS

BlockCG solver suggested by O’Leary in early 80’s
retooled BlockCG by Dubrulle 2001
In exact precision converges in N / rhs iterations o
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BLOCK CG

procedure BLOCKCG
RO — B _ Ax©)
PO = RO
for k = 1,2,... until converged do
7(k=1) — gApk-1)
o(F—1) — [(P(k—l))HZ(k—l)} -1 (Rk=1))H R(k=1)
X k) = x(k=1) 1 p(k=1),(k-1)
RF) = Rk=1) _ 7(k=1),,(k-1)
Bk—1) = [(RE-D)H R(k—l)}—l (R()YH R(k)
plk) = Rk) _ plk=1) g(k=1)
end for
end procedure
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BLOCK CG

share Krylov space between multiple rhs

procedure BLOCKCG
RO =B - AXx©
pO) — RO
for k = 1,2,... until converged do
7(k=1) _— A p(k—1)
o(F—1) — [(P(k—1)>HZ(k—1)r1 (Rk=1))H R(k=1)
X k) = x(k=1) 1 p(k=1),(k=1)
R — p—1) _ 7(k=1) ,(k—1)
Bk=1) = [(Rk=1)H R(k—l)}—l (R)YH R(k)
Pk — gk) _ plh—1) glh—1)
end for
end procedure
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BLOCK CG

share Krylov space between multiple rhs

procedure BLOCKCG
1B RO =B _ AX©
PO = RO
for k = 1,2,... until converged do
7(k=1) — gApk-1)
o(F—1) — [(P(k—1)>HZ(k—1)r1 (Rk=1))H R(k=1)
X k) = x(k=1) 1 p(k=1),(k=1)
RF) = Rk=1) _ 7(k=1),,(k-1)
Bk—1) = [(RE-D)H R(k—l)}—l (R)YH R(k)
plk) = Rk) _ plk=1) g(k=1)
end for
end procedure
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BLOCK CG

share Krylov space between multiple rhs

procedure BLOCKCG
— i RO — B _ Ax(0)
PO — R()
for k = 1,2,... until converged do
7(k=1) — g p(k—-1)
o(F—1) — [(P(k—1)>HZ(k—1)] —1 (Rk=1))H R(k=1)

1 m
"— - -I
X k) = x(k=1) 1 p(k=1),(k=1)
RF) = Rk=1) _ 7(k=1),,(k-1)
=0+ N Blk=1) — [(R(k—l))HR(k—l)}_l (R(k))HR(k)
plk) = Rk) _ plk=1) g(k=1)

end for
_ .\ . end procedure
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SCALING

Dslash exploits reuse of gauge field

)

_
w

5 8 12 16
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SCALING

Dslash exploits reuse of gauge field /

Linear Algebra 1 3 5 8 12 16

number of dot products scales quadratically @i = (%i, T))
number of axpy calls scales quadratically Y = Z ai; T + i
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EXPLOIT GPU ARCHITECTURE

to overcome quadratically scaling

yizzaijf’?j+yi I=I+I.

CUDA supports two dimensional grid blocks:

easy to exploit locality for texture cache / shared memory
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EXPLOIT GPU ARCHITECTURE

to overcome quadratically scaling

S § PO

CUDA supports two dimensional grid blocks:

easy to exploit locality for texture cache / shared memory

yo(O) = CL()()SCQ(O) + CL01£U1(O) + ...
U1 (0) = alowo(O) + a11£131(0) 4+ ...
0) = 0 0 .
2(0) = azoro(0) + 02121 0) + = CE [ [
y3(0) — aszpro (0) —|— a31x1(0) —|— ...
(0,4) - 2,3) 0 3,4)
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EXPLOIT GPU ARCHITECTURE

to overcome quadratically scaling

yi=zaz’jf’3j+yz' I=I+I.

CUDA supports two dimensional grid blocks:

easy to exploit locality for texture cache / shared memory

yo(O) = CL()()SCQ(O) + CL01£U1(O) + ... >
y1(0) = a1070(0) + ar121(0) + .. .~ X
Yo (0) — A20T0 (O) + a21x1(0) 4+ ...

— (0,3) (1,2) (2,2) (3,2)
y3(0) = CL30£L’0(0) + a31x1(0) + .. —

— [ GE) EX) [0
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EXPLOIT GPU ARCHITECTURE

to overcome quadratically scaling

S § PO

CUDA supports two dimensional grid blocks:
easy to exploit locality for texture cache / shared memory

Y0(0) = ago + ao1 +... g ©,0) (3,0)
y1(0) = aig + a11 + .. o[ ofenfen
ool —— ommm

— [X]

cache reuse
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EXPLOIT GPU ARCHITECTURE

to overcome quadratically scaling

S § PO

CUDA supports two dimensional grid blocks:
easy to exploit locality for texture cache / shared memory

Y0(0) = agg + ao1
y1(0) = aio + a1
y2(0) = a2 + as
y3(0) = asg + asy

cache reuse

+ ...

_|_
+ ...
_|_

= appa

1) = ai10
ag20

ys(1l) = azoa
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ORTHOGONALIZATION

BlockCG is not always numerically stable

simple approach: Gram-Schmidt or modified Gram-Schmidt

becomes prohibitively expensive Cost per iteration
M Dslash M Vector operation [l Orthogonalization

Cost [A.U.]

I

2 4 8 12 16
# rhs
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ORTHOGONALIZATION

simple approach: Gram-Schmidt or modified Gram-Schmidt
becomes prohibitively expensive

Gram-Matrix: B=RHR m X m dot products of length n
Cholesky Decomposition §79 =B of m X m matrix
apply to vectors Q=RS! axpy m x m (output, input)

relies on the same kernel as vector operations: can get linear scaling

22
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Cost [A.U.]

Dslash
B Orthogonalization

COST OF ONE ITERATION

B Vector operation

projected

12 16

# rhs
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Cost [A.U.]

M Dslash
B Orthogonalization

COST OF ONE ITERATION

for one rhs

B Vector operation

projected large benefits from multi-src Dslash

12 16

# rhs
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¥ Dslash
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B Vector operation

B Orthogonalization
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8 12 16
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Cost [A.U.]

¥ Dslash

COST OF ONE ITERATION

for one rhs

B Vector operation

B Orthogonalization

projected large benefits from multi-src Dslash

stay constant

8 12 16
# rhs

linear algebra and orthogonalization
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Cost [A.U.]

COST OF ONE ITERATION

I Dslash B Vector operation

B Orthogonalization

# rhs

projected

for one rhs

large benefits from multi-src Dslash

linear algebra and orthogonalization
stay constant

relative importance of Dslash reduces

12 16
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SUMMARY



residual norm

1.00E+00
1.00E-01
1.00E-02
1.00E-03
1.00E-04
1.00E-05
1.00E-06
1.00E-07
1.00E-08
1.00E-09

WORK TO BE DONE

1=—2—4 —38

12 — 16

0

1000

2000
iterations

3000

4000

stability needs real world testing
orthogonalization might be necessary

iteration count improvement may
depend on gauge field and sources

need to finish up implementation

add mixed precision
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10

speedup per rhs
N

N
Ul

— CG

SPEEDUP OVER CG

multi-rhs Block Solvers provide an easy drop in

— MSRC CG — Block CG — BlockCG rQ

projected

# rhs
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speedup per rhs

10

7.5

2.5

— CG — MSRC CG

projected

SPEEDUP OVER CG

multi-rhs Block Solvers provide an easy drop in

- Block CG

— BlockCG rQ

# rhs

12

16

reuse gauge field for Dslash
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speedup per rhs

10

7.5

2.5

— CG — MSRC CG

projected

SPEEDUP OVER CG

multi-rhs Block Solvers provide an easy drop in

- Block CG

— BlockCG rQ

# rhs

12

16

reuse gauge field for Dslash

reduced iteration count
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speedup per rhs

SPEEDUP OVER CG

multi-rhs Block Solvers provide an easy drop in

— CG — MSRC CG — Block CG — BlockCG rQ
10 reuse gauge field for Dslash
projected
75 reduced iteration count
5 avoid quadratical scaling in linear
algebra and orthogonalization
2 no memory overhead / setup cost
° 5 4 3 2 ¢ speedups up to 10x
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