FadE d
] Eull
1Y 7"~
/]1Thb
cC-0.
H%m ~+
31 59
ee
" ba D?
' k;nihW

Bl Fast and Scalable Sparse

Pacific
Northwest

NATIONAL LABORATORY

Triangular Solver

! For Multi-GPU Based

LN € % .

gt HPC Architectures

o

% : Chenhao Xiel, Jieyang Chen?, Jesun S Firoz?!,

- a

_ f Jigjia Lit3, Shuaiwen Leon Song?,

P

WHEE W Kevin Barker!, Mark Raugas?, Ang Lit
R:g D

VARS'S: !Pacific Northwest National Laboratory

2Oak Ridge National Laboratory
SWilliam & Mary

4University of Sydney

U.S. DEPARTMENT OF

ENERGY BATTELLE

PNNL is operated by Battelle for the U.S. Department of Energy

I zYy URE
40 B Y 1ivC5h
- 1} 1 k)d e

> ca W0 ¢
q X C O Xise

( JuUs CR(

GM $X 4

7ic™ > S - A

I YK 70 +

‘ )E‘ ¢

] U ) be
: “% c Cj"
agon (e
B ? Kk K.O | ul 4. b
w : H | X o 'x:l X v f'
4%V YH W g #u goOWRY 6 3B '
| f72." (@ @i @
L
3 ¥ ﬁ U s\ A QR ae ® =0
w ' 7& 7x 2. @3« @ p
op F 1 DV FMWOt77 WMcm® '..
utl 1 1" [UPUYGAdIF ?«:1 1 .
® ' it } &S * @_RITU.
s ‘f ~F . e V1 " l:m V1 N
B ) ' }f }E @ hgs5 gl X
’ % oz 2 0) Kx | 7vF31 ‘5.1
“® 2680 )y @i d N#O0AK |
C D [“.a 3 .i “
) C y $%Id ~1XM~g ) 1T’ = e!lqH}Ga o
o 3 P33P 1O c® P ]
< ® : ‘
s 8 L 6 1 E"B 3A ZF 6.k @ ®
r UVvAg8 1@
B @ U=2Z 1BD K CX/ekvB!(>w AR<T74MKG'6 & o
7

p %8 X @ ey

o® L Sl ‘ ‘l a F(»K]: h Kk @ 8% g pe
“ % 9 b V0 g v T > W s LG
u D= hEu ‘Q o Sl @S @
- w B Td:® s
”% o AR |
f8(D2d 8n ; rPh m| A upu.,N v/)f< R U ‘
wa $ jc "SO0SHE J40) .2b % AA Z
1 ~1FyC; swat;8s bJ 2 W <813 .axh ®
¥ pPs )Q 1" 9=80.(H #+2] bSu-Z8 "\ '@ @
‘ m v T \errR\ 0/XLMGSBC*N Q : y/)
M1 l<{1>c9# O"Wa 1 z<zl@ayX.] R : ‘;.
d + KE R:WDhXo5~g! 'I[}w” >
a <CGI 8 t (R6jcY~+je]C8 . t 9
DV 4 v C >uut.7c1 MCTEIfl iVemwGeEar ¥ees =0 = B



U
FadE

o

Pacific

Northwest

NATIONAL LABORATORY

Multi-GPU Interconnected & Platforms

Platform |Configuration Interconnect
P100-DGX-1 | Single node, 8 GPUs NVLink-V1
V100-DGX-1 | Single node, 8 GPUs NVLink-V2

DGX-2  |Single node, 16 GPUs NVSwitch
SLI Single node, 2 GPUs NVLink-SLI
SummitDev |54 nodes, 4 GPUs/node NVLink-V1
Summit |4600 nodes, 6 GPUs/node| NVLink-V2




o

Pacific

Northwest  \\W/Ny Parallelizing SpTRSV Is Not Trivial

Sparse Triangle Solver: Lx =borUx =D

« Compute a dense solution vector x from the sparse linear system, where L(U) is a
square lower(upper) triangular sparse matrix, and b is a dense right-hand side.

° ololo @ e C x=all — Thread 0

°° 010 @ @ Solution: X1 =(b=x0) /1 — Thread 1
X ~ —)

0 Qe 0 @ e < X2 =(C—2*X%1) [ 1 — Thread 2

e 0|0 e @ o " Xs=(d—=3"%o )/ 1— Thread 3

Input matrix L (4x4) Unknown x Known b

« SpTrsv is inherently sequential. In this case, Component 2 has to wait for
Component 1 to finish, and Component 3 has to wait for Component O,
meaning that the all four cores cannot work in parallel.
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0 level 0
1 /| [ ]
11 © © @

* cuSparse lib: csrsv2()

 Basic idea: some components > The analysis costs significant overhead

are independent and can be » Require synchronization across levels
processed simultaneously. e ce o G0 (o) v

Row Dependency

0 1 2 3 4 5 6 7
CImDpd cy @ level 4

Switch

* A Synchronization-Free SpTrsv
« Basic idea: Migrating the level-sets analysis

Minimum lock-step SIMD
. threads working for a

componeant of x.

at runtime
« Components are scheduled by the
hardware warp-switch of the GPU

Data communlcatlon and atomlc update cost
too much overhead on muIt| GPUs'

_icritical section in defined
partlal order.

« Update the intermediate value (in_degree
and left_sum) using GPU atomic operations . ® ®
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4 ) g ™

sruo | | Gpu1 GPUn

(PE 0) (PE 1) (PE n)
5% V « Efficiency and asynchronously data
2% — communication using NVSHMEM
25
£
o Na—

GPUO

—

GPU 1 GPUO GPU 1

« Task-based workload balance
approaches to ensures that the
parallel components are scheduled LA
on different GPUs
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* Fast and Scalable Sparse Triangular Solver For Multi-GPU Based HPC
Architectures

» Limitation of Unified Memory Solution of SpTrsv
* Read-Only Inter-GPU Communication with NVSHMEM
* Fine Turning Workload Dependency

 Evaluation and Results
 Conclusion
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---------------------------------------------------------------------------------------------------------------------------------------

* Convenient GPUO GPU 1
= Hide complexity from users —
* Page fault mechanism
= Coarse-grained data copy
» Data contentions

= System-wide atomic update
will access the data

- | Local Men

simultaneously
* Workload unbalance Require Low Overhead Fine-
= Dependency are unidirectional Grained Communications!!
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 OpenSHMEM-based PGAS programming interface for multi-GPUs

 GPU-side interface allows GPU threads to
1. Access distributed memory via data movement API
2. Direct load/store (LD/ST) where GPUs are P2P-accessible
3. Highly-concurrent fine-grained messaging
4. Asynchronously one-side data communication

P e r e T T r Y r T T

GPUO GPU 1 GPU n

(PE D) (PE 1) (PEn)
E : ________ T T T Ir ___________ : — o = o E= § _:I
R PUT(&y, 8x, 1) [ | e !
[G] E 4 Shared M ; N E(= e sharec "
- v GET(8x, &y, 1) ; ¥
L @ b e e o e s mm s o ol s s mm s m—n - i
s £
23
<
o

——— —— T

Peer Direct LD/ST and Global Remote Access
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For SpTrsv, we convert the system-wide atomic update from unified memory to
NVSHMEM shared memory space

Solve device x:

--------------------------------------------------------------------------------------------------------------------------------------

for all i € dev.x do - parallel in warps & GPU O " : GPU 1

xindegree[i] + 0
while d.in.degree[i]+] # x.in.degree[i] do

Shared Memory Shared Memory

for all « € ngpu do = parallel in threads

if rin.degree[i](d] # O then m m
r.in.degree[i][d] < getis.in.degree[1].d) s.left.sum m . s.left.sum m E

x.in.degree([i] +— reduction(*r.in.degree[i]) ¥ : : "
for all d = ngpu do - parallel in threads Private Memory : - | Private Memory n-

X At 5
rleft.sum[i][d] + get(s.left.sum[i].d) d.left.sum n n d.left.sum n— n

xleft.sum[i] +— reduction( *r.left.sum(i])

x[i] « b[i] - d.left.sum[i] - x.left.sum(i] ] R Rt T B I Bl LRt |

x[i] + x[i]/val[col.ptr[i]] ‘[t WarpO0: Thread 0 Thread 1 v -1+ Warpk: Thread 0 Thread 1 ¢

for all j < nnz; do = parallel in threads L J 1 2 L i : ) HE
fird ': mj.idx[ﬂ] i /_S‘Q_down_synci( ) | fl down sync.( )

if rid € dev.x then S L ! o B

d.atomic.add(&d left.sum[rid], val[jIx[i]) . 1 rleft.sum [ ] | | rleft.sum E i

d.atomic.incr({ &d.in.degree[rid]) o

elss . x.left.sum| 7 |« i : x.left.sum | 8 | B

d.atomic.add( &s.left.sum[rid], val[j]x[i])) 2 :
d.atomic.decr(ds.in.degree(rid]) e eteeeereseneneeneneessaneseasesaseneaneneanensanensaneneanennass  tesemessessesesesesessessesessesesseseamessssensanensaseneaneneass
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- GPUO GPU1 GPUO GPU 1 GPUO GPU 1

Three Approaches

e Balance components
e Balance nnz

e Component RR

L—-<

£
- - - P Xo X1 X2 X3 Xa Xs Xe X7
« Task Based Workload Distribution  §
= Lcol 0 | Lcol 1 | Lcol 2 | Lcol 3 | Lcol 4| Lecol 5| Lecol 6 | Lcol 7
= More tasks per GPU: workload becomes S e
more balanced among GPUs “ L L L L
.. (V]
= Less task per GPU: can exploit in-task data £ Task O Task 1 Task 2 Task 3
locality for better performance ~ A 2ot . e at
: T
% GPUO [ GPU 1 ,
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 V100-DGX-1
« Hybrid cube-mesh interconnection network
topology
« Up to 4 GPUs of DGX-1 due to P2P requirement
of N\VSHMEM
« 25 GB/s bandwidth per NVLink in each direction
 V100-DGX-2
 All-to-all connected through NVSwitch
 Upto 16 GPUs of DGX-2 GO 51 g G3 ra: 35 Goﬁ 67
« 100 GB/s bandwidth per GPUs W __———
« Benchmark Matrices sasebosra BTTE T BRRRE B R i)
* 14 sparse matrices from SuiteSparse easeboard (HFEHTE) G BRI Al 4 nvswitch
« 2 out of memory matrices
- the intermediate arrays consume 10% of total g o o o o O o0 5

memory requirement
V100-DGX-2
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B 4GPU-Unified 4GPU-Unified+8Task B 4GPU-Shmem B 4GPU-Zerocopy
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DGX-1-Unified E DGX-2-Unified l DGX-1-Zerocopy @ DGX-2-Zercopy
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i o—belgium_osm -E- delaunay_n20 --a- nlpkkt160
o=belgium_osm -E- delaunay_n20 --a- nlpkkt160

. o powersim -eo—Wordnet3 —=-Avg.
o~ powersim -o—Wordnet3 —=-Avg. 4
2
3.5
1.8
1.6 g' 3
S
Q. ]
=]
B 14 g 25
o )
1.2 :
1 1.5
0.8 1
2 GPUs 3 GPUs 4 GPUs 4 GPUs 8 GPUs 12 GPUs 16 GPUs
V100-DGX-1 V100-DGX-2

Results are normalized to csrsv2() from cuSparse lib on single GPU
Scalability depends on both matrices’ parallelism and hardware structure
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* Through performance characterization, we identify that applying the state-of-
the-art Unified Memory for data sharing among GPUs may cause severe
performance penalty.

* We leverage the new NVSHMEM technology to design an efficient and
scalable algorithm for the SpTrsv kernel executing on a multi-GPU system
setup. It has profound design implication for a spectrum of applications that
have inherent irregular memory accesses and strong innertask dependencies.

 For better workload balancing, a task-based workload distribution scheme Is
further introduced.

* We demonstrate the performance benefit and scalability of our proposed
SpTrsv design on a range of inputs that require out-of-core execution.
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B2 GPUs #Z4GPUs @8 GPUs M2GPUs ®#Z4GPUs ©O8GPUs

11.71
3.5 2.5

Speedup

Normalized Page Fault Count

System-wide atomic updates incurs data contentions and page faults,
that significantly slow down SpTrsv even with more computing resource
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« Many scientific simulation,

: - Computer | . Physical P
machine learning, and graph Vision | Rendering i gl ion | Anatee. | DataMining
analytics apps can be attributed oo = i Giobal . ¥ Portoi oton i
. racking fDetectionf um?n: ionf i i Y rcr:‘m f?ﬂli”n i
as sparse BLAS problems in the %=\ Ma . warl
end i W Index
. FIMI
- Among all sparse linear algebra Classiitgtion  Taining —
kernels, Sparse Triangular v Level Set e v
Solver (SpTrsv), which solves Fiioing  wansion  Fast Marching Monte Garlo Inderer
sparse triangular linear system, = —
play fundamental rOIeS Krylov Iterative Solvers Direct Solver Basic Iterative Solver Non-Convex
(PCG) (Cholesky) (Jacobi, GS, SOR) Method
+ However, due to the inherently — ==

sequential feature, parallelizing

SpTrsv is not trivial, specially for
multi-GPU based HPC systems (Source: Berkeley Dwarfs Report)
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¢ 4 tasks/GPU [ 8 tasks/GPU 116 tasks/GPU 32 tasks/GPU

c
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More tasks per GPU leads to finer-grained communication and better workload
balance, but at the same time, suffer from higher scheduling overhead to issue tasks



