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Code overview

e CUDA+OpenMP to distribute computations on multi-GPU servers (NVIDIA
DGX-2)
o one OMP thread per GPU
o one GPU per slab of input matrix Y
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e NL sparse matrix-matrix products
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e During inference each GPU executes two kernels iteratively
o onefor Y = ReLU(Y W +Db)
o one to compute non-empty row indices of Y .
m to limit access to meaningful rows in the next iteration
e Can run in both single and double precision



Multi-GPU setup and buffering scheme

e Input matrix Y partitioned into horizontal slabs
o each slab can be multiplied by the same w independently T e eton,  |apu 0

0)

Y input matrix

e Partitioning implemented using Unified Memory

o single allocation of shared buffer via cudaMallocManaged()

o initial calls to cudaMemAdvice()

o no explicit exchange of data among GPUs

o rows migrated automatically via NVLink during inference
(based on the changes in the distribution of non-empty rows)

cudaMemAdvise(Y_d[0] + begRow1*NN,
countRow1*NN*sizeof(float), 1
cudaMemAdviseSetPreferredLocation, gpu
1)

cudaMemAdvise(Y_d[0] + begRow2*NN,
countRow2*NN*sizeof(float), 2
cudaMemAdviseSetPreferredLocation, gpu
2)

cudaMallocManaged(&Y_d[0], NI*NN*sizeof(float))

cudaMemAdvise(Y_d[0] + begRow3*NN,

e Requires GPUs connected via NVLink (DGX-2) crienaseserrieredocsion. | OPU 3
e Double buffering scheme for matrices ¥ and Ws WWh Wh, (W
o all ws allocated in pinned host memory (up to 1920) s [ L
m memory for only two of them is allocated on each GPU 1
) oo — W | | WY cwol— W | [ WS
m H2D copy of w_, overlapped with Y, .= ReLU (W Y +Db)
o two device buffers for Y on each GPU vé ||y v | ye

[ | In put YL and output YL+ 1 source target iter. i source target jter. i+1



Matrix data structures

Sparse layer matrices W are read only:
e no need for update => stored as CSR
o O(nnz(w)) memory required
o efficient access to rows
e each W split into vertical slabs and stored as multiple CSRs

Sparse input matrix ¥ stored as... :
e ..CSR? Pattern can change at each inference step
o high maintenance cost
e .. .ELLPACK? Requires storage space NIx(max nnz/row)x2
(col. indices + values)
o low maintenance cost
o rows can (and do!) become full during inference thus
memory requirement would grow to exactly NIXNNx2
m  50% memory waste (col index buffer unneeded)
...dense NIXNN matrix (up to 16GB of mem for largest case)
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Row y can be multiplied by
each slab independently,
using less temporary storage
than that required for the
whole W

e size of slabs can be
tweaked to control
kernel occupancy



Sparse yW product implementation

2D block

tidy = 0
tidy =1
. . . tidy = 2
e Since matrices Y and Ws are sparse, computing yWw “ZLi
tidy =
as scalar products between row y and each column
. ] [tidy=0
of W results in a large number of unnecessary W ——— 1] 1] %
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o the whole matrix w would be read for each y csr w
y.curr —
: . = _
e Memory traffic can be reduced drastically by ey O T
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Inference results on DGX-2 (V100)

Number of GPUs

Neurons Layers 1 2 4 8 16

. 274693 377177 451735 238974  828.15
e Obtained onu p to 16 V100 GPUs of an 1200 0086s)  (0.063s)  (0.0525)  (0.099s)  (0.2855)
i 1204 igo 308520 538583 770295 520486 243566
NVIDIA DGX-2 serve I, SINg le prec (0306s)  (0.175s)  (0.1235)  (0.178s)  (0.387s)
. 330135  5707.02 887771 789219  3887.10
e GigaEdges processed per second and 920 (11439) (06615  (04255) (04785  (0971s)
) _ o 29426 427742 618986 654121 242233
runtime of inference for all the 12 DNNs ©0321) (02215) (0152) (O14ds)  (03905)
2006 o 3585 593128 893555 1231041 6919.26
in the Challen ge (1.068s)  (0.636s)  (0.4225)  (0.307s)  (0.5465)
log0 | 371L09| 617309 942895 1483265 1132297
. . . (4.069s)  (2.446s)  (1.601s)  (1.018s)  (1.334s)

e Entries in bold are the fastest results in
o 222710 390596 7139.07 1008207 685305
each cateqor (1.695s)  (0.966s)  (0.529s)  (0.374s)  (0.551s)
gory. L6384 40 282150 553799 1071612 1500486  13905.17
) ) (53525)  (2727s)  (1.409s)  (1.006s)  (1.086s)
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A Smgle Tesla V100 can perform inference logo 301802 586587 1146751 1619188 1669651
(20.0125)  (10297s)  (5267s)  (3.730s)  (3.617s)
at 3.7 TeraEd gesl sec o 213699 322309 580498 858330  9388.46
(7.066s)  (4.6855)  (2.601s)  (1.759s)  (1.608s)
e 16 Tesla V100 reach ~18 TeraEdges/sec 65536 4go 08480 531527 §730.03 1420685 1637868
(19.579s) (11363s)  (6911s)  (4.251s)  (3.688s)
log0 347047 587449 953425 1539949 [17872.98
(69.614s)  (41.126s) (25.339s)  (15.688s) (13.517s)



Thanks!



