ISSN : 1226-7244 (Print)

ISSN : 2288-243X (Online) j.inst.Korean.electr.electron.eng.Vol.24,No.2,559 ~569 june 2020
=T 20-02-27 http://dx.doi.org/10.7471/ikeee.2020.24.2.559
188

CNN 7H:719] 5859 dole A4S 19
=g o]y #Hololx X DMA AFE71H A+
Memory data layout and DMA transfer technique research
For efficient data transfer of CNN accelerator

*
Z A A, u AT A

*
Seok-Jae Cho", Sungkyung Park”, Chester Sungchung Park™

Abstract

One of the deep—running algorithms, CNN's artificial intelligence application uses off—chip memory to store data on the
Convolution Layer. DMA can reduce processor load at every data transfer. It can also reduce application performance
degradation by varying the order in which data from the Convolution layer is transmitted to the global buffer of the
accelerator. For basic layouts with continuous memory addresses, SG-DMA showed about 3.4 times performance
improvement in pre-setting DMA compared to using ordinaly DMA, and for Ideal layouts with discontinuous memory
addresses, the ordinal DMA was about 1396 cycles faster than SG-DMA. Experiments have shown that a combination
of memory data layout and DMA can reduce the DMA preset load by about 86 percent.
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Fig. 1. Scatter Gather Function description of SG-DMA.
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Input feature maps

Weights

Output feature maps

Fig. 2. Structure of a Convolution layers.
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short IAs[C][H*W];

short OAsS[M][E*F];

short Ws[M][C][R*S];

short wx, ix;

for (m @; m< M; m++) {
for (c = 8; c < C; c++) {

for (e = @; e < E; e++) {
for (f = 8; F < F; f++) {
for (r = 8; r < R; r++) {

for (s = 8; s ¢ 5; s++) {
WX Ws[m][c][r*s+s];
ix IAs[c][e*H+s+f];
OAs[m][e*F+f] += wx*ix;

}r Pyl

Fig. 3. Basic Pseudo Code of a Convolution layers.
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Fig. 4. Structure of a Tiled Convolution layers.
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I[N][(R-1)*S+K][(C-1)*S+K]//input map
O[M][R][C] //output map
WIM][NT[K][K]
Tbuf[Tn][(Tr-1)*S+K][{Tc-1)*5+K]
Obuf[Tm][Tr][Tc]
Wouf[Tm][Tn][K][K]
for (r = @; r < R; r+=Tr) {
for (c = 8; c < C; c+=Tc) {
for (m=8; m < M; mi=Tm) {
for (n =@; n < N; n+t=Tn) {
irx=r*S:(r+Tr-1)*S+K
icx=c*S:(c+Tc-1)*5+K
Ibuf=I[n:n+Tn][irx][icx]
Wouf=W[m:m+Tm][n:n+Tn]
for (i =8; 1 < K; i++) {
for (3 =8; J <K j++) {
for (tr = @; tr+r<nin(R,r+Tr); tr++) {
for (tc = @; tc+cemin(C,c+Tc); tc++) {
for (tm = @; tm<Tm; tm++) #UNROLL{
for (tn = B8; tn<Tn; tn++) #UNROLL{
wx = Wbuf[tm][tn][i][]];
ix = Ibuf[tn][S*tr+i][S*tc+]];
Obuf[tm][tr][tc] += wx*ix;

FrYril
Fig. 5. Pseudo Code of a Convolution layer.
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Fig. 6. Basic layout of Input Feature map.
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for(th=0;th<TileH;th++){
for(tw=0;tw<TileW;tw++){
Mem[if_base_addr++] = Ifmap[th*W+ tw];

}

Fig. 11. Pseudo Code of Ideal layout.
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Input Feature map size (H x W) 15 x 15
Feature map size (R x 5) 3x3
Qutput feature map size (E x F) 13 x 13
Tiled Output feature map channel (Tile M) 64
Tiled Input feature map channel (Tile C) 2
Tiled Output feature map (Tile E x Tile F) 13x 13
Tiled Input feature map (Tile H x Tile W) 15 x 15
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