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1 Introduction
H B3 AE 20218MA L 7125tr] S 1A HRY 7Y TRAE At 9 Ao
gt Y82 gttt 280 = 22 AE o] Qloj A A-g5 A% R 7| HE | gi&) &
HhAl 1l A gFAko] o] G5 =gttt 3% o A= Axtof tis 7hes]| =511, 4% oA LA E
ng AL o9 Ee=x] Aigsict

2 Performance Enhancing Methods

2.1 Basic Implementation

H ], device 2} host 7F2] data transfer 2 XA 35}617] 3l input 2 GPUo| HH & 2E flop
AAE-S GPUOA A2, 0]F thA] hostE B U outputo]] thA] A&t 7H4-S w51},

2.2 Naive Parallelization

s el WY F 7P A7 S 4 9l B Fo17) kemel IEC] G for2 5L
GPU 2t ~ef|=of Bujste] A2sts Zolch. oAt N7He] Yol thaf relug A4TsHs

A9 et 2ol WASE T 4 gk

relu<<<N / BLOCK_SIZE, BLOCK_SIZE>>>(args...)

batch norm¥} tanh layer GA| T LSt Al O = Qlt}. tconv(Transposed convolu-

tion) Z-& 79, FEo] 3789] forBo] Qi AL el 4 9lo0] (hous, wout, k(22

output®] M=, 7t=HeF 23 9 channel 243) QF ol tisiA] ht9] thread & H-5-A1A A

AFS Z194sk 4= Qlt}. (H.OUT, W.OUT, K) 3.7]9] output2 7}A|= tconvE HEHSIH FE =

ot oot 2o,

__global__ void tconv(float *in, float *out, float *weight , float x*xbias,
int H_IN, int W_IN, int C, int K)

int H_OUT H_IN * 2, W_OUT = W_IN x 2;

int h_out blockDim.x * blockIdx.x + threadIdx.x;
int w_out = blockDim.y * blockIdx.y + threadIdx.y;
int k = blockDim.z * blockIdx.z + threadldx.z;
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if (h_out >= H_OUT || w_out >= W_0OUT || k >= K) return;

// Execution

dim3 threads (4, 4, 2);

dim3 blocks (H_OUT/4, W_0UT/4, K/2);
tconv<<<blocks, threads>>>(args...);

2.2.1 Reducing Divergence

GPU9]| A= instruction execution©] warp T 2 lock-step Bf A1 0 2 ASHE|H, o] H if & QFof
A= 4ol e warp @] R thread S0l A 22| 52 o] £7] %+ EE instruction fetch
&17] wjio] Hl@-&& o]t} wab, kernel O] Qe ifR0] A4S FolFE Ao &4

FHL ol % Utk

0] 2] transposed convolution €+ tconvollA] if (h_in % 2 == 0 && w_in % 2 == 0)9]
gt 27|12 98 4= It h.in = hoout -3 + r2 Ao & 7|9 h.in % 2 == 0 I}

(r - hoout) % 2 !'= 00] Tx|o]H, o]t 2 AL ifF 0 2 3Folst= tfAlrof Tt forFof A
1 - hoout % 2 oA A|ZH, 2 & Z7161= ZHEw AHslo] T B2H6ith woin % 2 == 0R AL
Eolgh Ao 27 glo] BEAZ 4 ol

o]/ £712 gl FHE Fo teony F40] Aol LT P e

2.3 Transposed Convolution as Matrix Multiplication

= 7H/H_,] THA HHH-LS transposed convolutiong MM(SBEH) 0.2 45 5, wE
&S AFgole] AL Z1SY O]-‘:— Zdo|tt. M A transposed convolution& @7 §& 9]
B0z UehiA Sl 5] MS S @ 4 9 HHE A Aol

2.3.1 Formulating Transposed Convolution as Matrix Multiplication

Transposed convolution &= A= inputo]| st affine transformation ©|7| w29, input I €
RHx=>Win 5 O weight W € RY>5*E 9l bias b € RE & 7}z Ao}s] HYP5e] A2 I/, W, b9
sl output O = I'W’ + ' = Yefdjo]d Zojet 7|t 4= Qlot. o|F dojA= ol & AH
ol Zolu,

R4, output O AA| 2 1222 AHE o] QleB g, ofje} o] o= O] A=
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£ 09} G EE 970 T e A ALE o 4 Ut
0[0,0,0] 0[0,0, 1] 0[0,0, K — 1]
o 00, 1,0] 0[0,1,1] 0[0,1, K — 1]
O[Hout_ 1aWout_ ]-70] O[Hout_ 17Wout_ ]-71] O[Hout_lawout_ ]-7K_ ]-]
(1)
Hout = QHzna Wout = 2Wzn (2)

w2tA, 0" = I'W'+b' o] H= I', W',V & 2=t A&t transposed convolution 2 A4
% 9t

M .
1 t}e, o] 3] padding ¥ stride & Y& FAL Jat b FA|Z o2, [ 5] 5Ftol
channelo]| sfj@st= o|n|Z|ult} 3 left, top zero padding, 2 bottom, right zero padding ¥ Zt
input Afo]of| zero padding = 1704 Y2 7,—1% Je} a}AF. oA,

0000000000
000000000O0O
0000000000

[123] S,_0o001020300

45 6 0000000000

0004050600
0000000000
000000000 0

e} Zo] padding ¥ stride & 13t =2 JE TH5o]EH. O|A], output O'7} of A A4F
HeAE AEE W o2

0'[0, k] = 0[0,0,k] = Z Jry s, cJW[4d —r,4—s,k,c|+ blk]

ol & S| EH, Pythonicet A& ¥ thzo] BASS 7l & Utk (product =

row-majorized ¢14o|t}.)
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I, =[J[r,s,c] for ¢ in range(C)] (3)
I'[0,:] == concat[l}, for (r,s) in product(range(5), range(5))] (4)
Wk = [W[A4—r4—sk.c| for ¢ in range(C)] (5)
W'[;, k] == concat[W}", for (r,s) in product(range(5), range(5))] (6)
O'[0, k] = (I'[0,:], W'[:, k]) + b[k] (7)
o] upAE 4 (7)ol O'[0,:] = I'[0,:]W' + b A& & &= ek oA o]& Lutst AIAA
(d,:],d # 0°f] tHollA FLet TAAS Foiot
O'ld,:] = O[ld/Wout ], (d  mod W), :] (. (1)) (8)
Olx,y,:] = Z Jx+ry+s, dWd—rd—sk )+ bk (9)
0§§<§4

(10)

919] = Ao 4,
qul’s = [J[|d/Wout] +r,(d mod W)+ s,c] for ¢ in range(C)] (11)
I'ld,:] == concat[I}, for (r,s) in product(range(5), range(5))] (12)
(13)

eba 7 oloh

O'ld, k] = (I'[d,:], W'[:, k]) + b[k] (14)

Z0=0(0(1)=IW +bl 4 d=tt. O] YAl 0 2 transposed convolution Y& 9|
o3t fused-multiply-add A4to 2 Ued 4 ¢lom, o]E o|BH| &-&ol=2|= 2.3.3 oA
EEPER o

2.3.2 Faster Matrix Multiplication

T Y A B i ABE AT ), 7]£9) tiling di2|FNM AHSSIAE AAH A, BE
o279 tilez o] MM& HUfsh= 22 Zou, tile o 2718 27 ot A o] 3¢



SHPC 2021 Fall

December 20, 2021

Term Project

TxT tleS2 U, BO] A9 Tx TV tileS& o] A4S

T T Ta | T TOT j T T
NS N S os , SIS
So | R g | & Bo ' B I CBe o RE
= =} = = B S T L S R I I [ S R S B |
&3 =13 a7 e , I
| | () | — | [ ' i [ - T )
NS N S os , SN
o B il &~ Mo @ R~ ! I I =
= =} = = [ S T B e o ___ [ S |
, , , , ,
. . . . Lo , o
: - i i
SN o R R R R
S 5 T . . © Lo | | |
&~ : = A
=] e 1 I I I I
= . o= R R Eh B
: E Lo , , ,
: Lo , , ,
“““ [ A S R AR
, , , , ,
“““““““ Lo , , ,
, , , , ,
~ AR
“““ [ R S R A
, , , , ,
, , , Lo
, , , Lo
, , , Lo
“““ [ A S R A
P — , , , R
o | e ) | o o | I R
= = — — p) ! () ! ! [— H—
vhuT = ” pS) ” Fq
R i R
ES of | o RS ! o | ok
T e H RPN PR S I S o2
, ,
N~ , ,
, ,
, ,
, ,
, ,
, ,
, ,
—T= PP
| | . . [ [
Bo | B BE | BE
< < < <
q q T3 9T
&~ M ISES SIS
aﬂv IS An < IS
O ]
I I .
Do F~ P
! ! o | o ) |
! ! S S | =
| | IS7 IS3
” ” P —
I ] =1=1 o= | ]
, , S o | ok
' ' < <
, ,
, ,
, , ~

tile

Figure 1: Matrix multiplication, tile-by



. SHPC 2021 Fall
Term Project December 20, 2021

S 253} Zo] A, B 61L& 27t Arpp = (a)(0<i < T,0 < j < T), Brirp = (b])(0 <
<T,0<j<TV), 281 o] 50 F& Cripp = ()(0<i<T,0<j<TV) 21l sk},
Z1ZYol iR WEE ai,bi,ci, JHA GEE oV, e Zo]l BESH, Crypp o BE

=
0, .7V o] T TFe9] Ao ARFITHE A o 4 ek,

- L

ng
(@)

o] A& o] &5t Crp ST TV Q] thread 0,1,..., TV — 12 ¥Rt &0 &
J—_—’-E]%[l]—% /1\':_1'00 J'E]' 05'7]/\‘17 /\BJZZH Z—}%j?_] Shared memory Ashared Oﬂ ATILE—% FEEE_]'%

Algorithm 1 Faster Matrix Multiplication Algorithm
for x =0,1,...,T—1do
for y=20,1,...., T —1do
Ashared [x7 y] < ATILE [y; CU]

end for
end for
for k=0,1,...,TV — 1 do
c+ [0 xT
fort=0,1,....,7 do
b+ BTILE[ty k?]
c+=0bx Ashared[ta :]
end for
CTILE[i,k] =cC
end for

2+ 0] B TV /9] threadE°] @& 0 2 4888k 4= 9] © ™, bank conflict & 1 5}7] ¢ 50 A]
A 9] tileZ transpose SHA] Tt EQF kofl Tigt for Zoll Al ShAl At Crrpd] Abt=
g5k, TV 9] thread50] FAo ZFdstol e wAI7F gle B2 WES7} 756t

o] dg]=o] 7|E9] tiling Ho} W= o] 8= A CUDAZ} F719] shared memory ¢
AbARe High d4ks e 4 Q7] wiolth. 7]1&9] tiling ©] 7% Shared memory ©f A%
E o]l 5 array sharedA, sharedBo] t3] sharedA[t] * sharedB[k] &2 7} wol
APSH] =], o] 4 sharedA[t] 2L sharedB[k] & SH}E register 2 29 T 3AS
ST £ A2l imstruction© 2 o] AdElo] vagHolct. w2y, = gt % shtel
#h= registerof| A ol e = A-¢ 50| 24 St

AlA| FEo| A= multiplication ©f] Z1x|A] €31 fused-multiply-add @} B]S=F 522 4~55}
=5 pgatgon, 5 A4 dolA tha el AolEE 4 shAek (1]



. SHPC 2021 Fall
Term Project December 20, 2021

2.3.3 Batched Matrix Multiplication

StH, MM2 A 2 o] AARE 2] 2717 A2 45 compute-to-memory H|-&©] 2014 4
FEEEE, 7] MM-E shte] & MM = A &= It 45 = 7Idol&
ot wrebA], thgat 2ol 2.3.1 oA A71E Axt -2 transformed input o 2] 7] (1,

o]o]&o] s5l}te] batchZ THE H transformed weight(W’)-S 3t H Ao A= 7,10]
Ayzksc,

> o{r

U;
oot %0 O

[(/) I(,)W + b:ﬂ‘HoutWout

I/ I,W + bI]‘HoutWout
AW b, = | .

[/B—l [,B—IW + b]‘HoutWout

E35] C A0]&= row-majorized ©]7] mjZof e} Zro] ZF transformed input &2 Al 22 E0]=
g ol A ol et FE O] reshapel: B Q l.ow, Al4HE A} A A] batch® {24 ¢Fal ALtst=
Ao} gote) Aok T Aol A% o B Aol o1& AA FHSATL, 450l
FIRL A

o)

ﬂJ

i

Q.

2.4 Combining Two Methods

Transposed convolution ©f tdf] 9tA A7 = 71A] %A 35} WFA(NAIVE, MM (3§ EH))
% o8 AS AE5t=A ¥ &2 1A= input size £ output channel 4-of whe} th=ro.
w2t A], DCGAN-2 FA 5= 2+2+9] transposed convolution 4te] tjsf X 25} #FAl-S- vp4E
o17ko] olw HFAjo] o o] 2] Hetats] §Jel & AvkA A9 AL 219 transposed
convolution 2 MM 2 g5}l Y Z]E NAIVEZ A 2|$t 74-2(2 MM + 2 NAIVE), *|-2
37E MM o2 AHelstal 4R sluE NAIVEZ *2|$F 3-9-(3 MM + 1 NAIVE), 7128]11
BEF MMOoZ Ag3st -9 (4 MM)E H|Z|EHQE o™ o]E Nsight2 SRIs|E A= [5)¢2
2o



. SHPC 2021 Fall
Term Project December 20, 2021

Figure 2: 2 MM + 2 NAIVE
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Figure 3: 3 MM + 1 NAIVE
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Figure 4: 4 MM

106ms +208ms +210ms +212ms +214ms +216ms +218ms
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Figure 5: Combining optimization methods: Result on 16 inputs. Time scaled.

HoA O] ZF A4¢-9] oFZ T[] MM kernel 7F2] 2] A Q A|7HE H]|S=5}H 1 o] % of 2 o7}
UrL A& % =T, 2 MM + 2 NAIVE 9] 42 334 tconvE NAIVE H4] 02 2]
1oy A B & (A1t o 7] (167]) Q] B5-5°] naive 3 tconv ZEE°|t}.)o] A=
4 QL 4 MM ©] A9 upx]5} tconvE MM 02 He]sHe AZto] 27 ddrke
o oot FEF O] ¢ FE o] 27|71 AE 45 compute-to-memory H|&0| 5716}
#1214, ubA] 9t channel size 7} 3.0 2 w2 Zro} PHTZ o] AS0] A FolA naive
g ashact ko] Bojdogx olele datol WARTT 5T

Je= Aol urAH layerol AR 2.29] naiveqh 2|29} W4lg 485t U A] layer
Sol AL 2.39] WHAS A85igc

ol o

2.5 Pinned Memory and Hiding Memory Operations
2.5.1 Pinned Memory

Pinned memoryg, RAMo]| 1A Eo] OS7} ZAA2 page out & 4= gl= memoryS 2]u|5h
t}. "2 OS7} AU page out & 4~ 1= memoryS pageable memory 2}3 $tct. Host
memory S device2 %244 CUDAYE £7]8%E memory”} pinnedQl 2] pageable?l 2] Z+elsH
—‘ﬂ o= A O 2 memory S &2 20t AZHe] A9 1 physical page‘j} Qo B8 4 Q)
B2 DMA engine 9] £2-& vtz] ¢oF11 B2t} HHhHo||, ©219] A9 B8 2 2= memory
7]- paged out -2 A% page fault7} doljd 4~ 9622 CPU, £5] DMA engine?] =22
dhotof sttt 2 page fault cost @ DMA engine 9] initialization cost ‘52] @ 3| =7} ¥AYSH
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B =2 pageable memoryE & 7| =0 &85+ A|{F pinned memory & &7|= AIXtETH 4
e Ao

2.5.2 Detour: Using Pinned Memory without Pinning outputs

71224 2. = pageable memory® AAH 7MY 412 ol 22 generatorE 5 A4 At gh=
ZZsfloFst= 912] ¢l outputsE pinned memory® AAsH= Zlo|th. 184 main.cof Q&=
S memory 4918 £ 2 glohe 2700] o], o|& 5454 h S50 pinned
memory S AH§5Ic}

o2 9I5] A

cudaMallocHost (&outputs_buffer, BATCH SIZE * QUTPUT_SIZE * sizeof(float))

ok

(OUTPUT SIZE = 64 * 64 * 3) & T3l 9] batch size TZ2] output = #A< 4+ ¢J= pinned
memory outputs_bufferE Agttt o|% GPUOA] batch &2 input & # 2|3 A&
AT output buffer of WA HWHl F o] & thA] outputsof| ZF4] HASH= W40

memory o] o4& BT

T outputs_buffer oA outputs memory copy operation2 CPUO A =212 0 82 XY 5]
710 AlZto] # A2]E 2 (num to_gen 1000 7] 60ms F<1) ©]= GPU kernel Al A7k
SolES: agich. A 78] A9 hostol 4 AMA transposed convolutionol] St
kernel 7}A] callgt % 1 T2 batch norma call 5}7] A9 s memory copy operation
estsion] olo] tig Nsight 2nke cha (67} 2ok

10
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+180ms +190ms +200ms

Figure 6: Host memory copy operation hided by kernel operations

o 7125 ZA-E0°] host 9|4 2 CUDA API 5¢1d|, =5 kernel call
L 28 o % 9k o 7oA outputs buffere] 9l gkE outputs
Z0]H, o]+= kernel execution ©f &3] 7FH 2 th= A& &1 4~ it

2.6 Utilizing More GPUs

npRero 2 AR 7hset £ = EE BT Z8etyt FAlof ZF Eof AAE Q= 4719
GPUE L% 3-85}7] 95 MPI & AR5 31 2134519t MPI_Get_processor_name
A2 B FolsfE A, 27] L Euit} processS n7]A launch SH= A9 AHA Lo
rank 0,--- ,n—1, FHA = rank n, -, 2n—1 o] MR Hth= 22 AT o] & A
£o}od ZF mpi process’} mpi_rank % (mpi_size / 2) HA| GPUE A5l 5 AA5I4 )
olof whet ZF rank utth of @ rEof HiX| W S =0 HHA GPUE A=A+ vt

Ze ma Folurt.

11
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Table 1: -=—n-tasks-per-node=1

GPU 0
node 0 || rank 0
node 1 || rank 1

Table 2: -—n-tasks-per-node=2

GPUO | GPU 1
node 0 || rank O | rank 1
node 1 || rank 2 | rank 3

Table 3: ——n-tasks-

per—node=4

GPUO | GPU1 | GPU2 | GPU 3
node 0 || rank O | rank 1 | rank 2 | rank 3
node 1 || rank 4 | rank 5 | rank 6 | rank 7

3 Result

2.2.9]| 4] tanh, batch_norm, relukernel -2 A5)g oj

St block & thread 7[|4~= BLOCK_SIZE,

2.3.200|4 Y= T,V ZHS Z¥ZF T SIZE, V_SIZE, 2.3.3 oA &3St batch & input 9] 7}
£ BATCH_SIZEZ}1! &F w] BLOCK_SIZE=128, T_SIZE=16, V_SIZE=4, BATCH_SIZE=100 S}]
A k= E g GPU AR 7ll4 B num to_gen(input 7)ol wh2 A3 A7 vhak E3te

num_to_gen | GPU=1 | GPU=2 | GPU=4

10 0.039 0.088 0.154
100 0.065 0.102 0.155
880 0.248 0.197 0.224
1000 0.278 0.224 0.236
2224 0.485 0.362 0.311
2512 0.536 0.391 0.333
4856 0.955 0.603 0.506
5248 1.014 0.647 0.504

Table 4: Performance(sec) by num_to_gen, # of GPU per node

12
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mm_to_geno] 2 Fol, GPU 447} 242 1) 252 4ol o £ Aoz vehditt
o Axtgol H7]ol, GPU B A shokshs Asta 4ol thE A% Z7HR mpi process
S 27l W2 F4 Hlg 371 5O eus|s B Maske A% o aut o 37
wh2olea A2tk mn to_geno] HAE AX WA == AHEFHE GPU 47t Be4S
Aol o] FolAlL Aol ASIEol, A5l AR} B} Hol e S 4 ok

4 Execution Guideline

make run parallel INPUT=(input filename without .txt)
OUTPUT=(output filename without .txt/.bmp) NGPUS=(#
of GPUs per node)

— 4]|A] : make run parallel INPUT=inputl OUTPUT=outputl NGPUS=4
= inputl.txtE Y TO} outputl.txt, outputl.bmpE & S}HH, o] I} o A
Loz GPUE 47] AF&SHt

— NGPUS 2 7}53}F e 1,2,40]t},

e num to_gen ©] 200 ©|5}Q] 74-$ NGPUS=1, 200 ©]4} 1000 ©]5}Q] 749 NGPUS=2, 1000
o]/&<l 7% NGPUS=47} B-g4o|tt. AEHS17] o2 H-f-olli= A= NGPUS=4=& Fi=
Zlo] a-g& ol

W22 g Z1%4 Y, num_to_gen ©] 1000 H} 22 74 2= NGPUS=2 & =8 FA|4
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