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Convolutional Neural Network
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Convolutional Neural Network
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Convolutional Neural Network
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Hardware Computing on FPGA

Computation Resource
P,Z . Challenge: Resrc. Util.
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Solution: Unroll & Pipeline
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FPGA design in Roofline Model
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Attainable Performance
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Attainable Performance
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Attainable Performance

GFLOPS Bandwidth Roof
Computational Roof
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Optimization Target:
Find a Design with Maximized Attainable Performance

FLOP/(DRAM byte access)

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

Computation To Communication (CTC) Ratio_......

11



Loop tiling

Input feature map
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1 for(row=0; row<R; row++) { R, C, M, N, K, S are all configuration

2 for(col=0; col<C; col++) { fth lutional |
3 for(to=0; to<M: to++) { parameters ot the convolutional layer

4 for(ti=0; ti<N; ti++) {

5 for(i=0; i<K; i++) {

6 for(j=0; j<K; j++) {
output_fm[to][row][col] +=
weights[to][ti][i][j]*input_fm[ti][S*row+i][S*col+];

I33ddd;




Loop tiling

1 for(row=0; row<R; row+=Tr) { (Tile loop)
2 for(col=0; col<C; col+=Tc) { (Tile loop)
3 for(to=0; to<M; to+=Tm) { (Tile loop)
4 for(ti=0; ti<N; ti+=Tn) { (Tile loop)

Off-chip Data Transfer: Memory Access Optimization

On-chip Data: Computation Optimization

5 for(trr=row; trr<min(row+Tr, R); trr++) { (Point loop)
6 for(tcc=col; tcc<min(tcc+Tc, C); tcc++) { (Point loop)
7 for(too=to; too<min(to+Tn, M); too++) { (Point loop)
8 for(tii=ti; tii<(ti+Tn, N); tii++) { (Point loop)
9 for(i=0; I<K; i++) { (Point loop)
10 for(j=0; j<K; j++) { (Point loop)

output_fm[to][row][col] +=
weights[to][ti][i1][j]*input_fm[ti][S*row+i][S*col+]];
Hi3idd:
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Computation Optimization

(Tile loops)

5 for(trr=row; trr<min(row+Tr, R); trr++) (Point loop)
6  for(tcc=col; tcc<min(tcc+Tc, C); tcc++) (Point loop)
7 for(too=to; too<min(to+Tn, M); too++) (Point loop)
8 for(tii=ti; tii<(ti+Tn, N); tii++) (Point loop)
d for(i=0; i<K; i++) {

10 for(j=0; j<K; j++) {

output_fm[to][row][col] +=
weights[to][ti][i][j]*input_fm[ti][S*row+i][S*col+]];

133333,

5 for(i=0; i<K;i++) {

6  for(j=0; j<K; j++) {

7 for(trr=row; trr<min(row+Tr, R); trr++) {

8 for(tcc=col; tcc<min(tcc+Tc, C); tcc++) {
#pragma HLS pipeline

9 for(too=to; too<min(to+Tm, M); too++) {
#pragma HLS UNROLL

10 for(tii=ti; tii<(ti+Tn, N); tii++) {

#pragma HLS UNROLL
output_fm[to][row][col] +=
weights[to][ti][i][j]*input_fm[ti][S*row+i][S*col+]];
I333dd: 14




—~ (Til

“0; i<K; i++) {

1=0; j<K; j++) {

br(trr=row; trr<min(row+Tr, R); trr++) {

for(tcc=col; tcc<min(tcc+Tc, C); tcc++) {

HLS pipeline
for(too=to; too<min(to+Tm, M); too++) {
HLS UNROLL
for(tii=ti; tii<(ti+Tn, N); tii++) {
HLS UNROLL

output_fm[to][row][col] +=

weights[to][ti][i][j]*input_fm[ti][S*row+i][S*col+]];
j33333;

total number of operations

Computational Performance =

execution cycles
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Computational Performance
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Computational Performance

: total number of operations
Computational Performance = ——MmM8
execution cycles

Consider Memory Access !

Design 1 Design 2 Design 3 Design 4
Output (Tm) 5 10 20 30
“Input (Tn) 5 10 20 15
| DSPs 125 500 2000 2250
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Memory Access Optimization

L R MENFEIRG MOHA=117) o 5 for(trr=row; trr<min(row+Tr, R); trr++)
2 forf(colzg; _COI<C; _COI+_:TC) { 6 for(tcc:cc,JI; tcc<min(tcc+T’c, é); tcc++)
3 or(to-O: to<M; to+—'_|'m) { 7 for(too=to; too<min(to+Tn, M); too++)
4 for(ti=0; ti<N; ti+=Tn) { / 8 for(tii=ti: tii<(ti+Tn, N): tii++)
9 for(i=0; i<K; i++) {
load output feature map 10 For(j=0: j<K: j++) {
S: foo(Output_fm(to, row, col)); output_fm[to][row][col] +=
— \ weights[to][ti][i][j]*

store output feature map \ input_fm[ti][S*row+i][S*col+j];

: \[
133,

18



Memory Access Optimization

Before local memory promotion

‘output _fim” memqry
R C |M N ,
=2X . X o X — X o= Sizegrray

Computation to Communication Ratio =

1 for(row=0; row<R; row+=Tr) { 1 for(row=0; row<R; row+=Tr) {
2  for(col=0; col<C; col+=Tc) { 2 for(col=0; col<C; col+=Tc) {
3 for(to=0; to<M; to+=Tm) { 3 for(to=0; to<M; to+=Tm) {
4 for(ti=0; ti<N; ti+=Tn) { | | load output feature map
load output feature map | — 4 for(ti=0; ti<N; ti+=Tn) {
s: foo(output_fm(to, row, col)); | s: foo(output_fm(to, row, col);
store output feature map — | }
} \}\}}b store output feature map
133,

After local memory promotion

‘output fm’ memory access

R C M
=2 X X X
Tr Tc Tm

X Sizegrray

Total number of operations

Total amount of external data access
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Computation To Communication Ratio
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Design Space

Computation Engine: Legal Solutions

Constraints for CNN configurations: of Tm & Tn:

Tm € (Integer,1<Tm< ) =128

Tn € (Integer,1 <Tn< ) =192 2097
Constraints for FPGA resource:
Tn X Tm € (Integer,1 <TmXTn< # )
# = 450

Legal Solutions:
3

Communication:
# of memory access methods

Total Legal Solutions:
6291




Design Space Exploration

120 Bandwidth roof

Computational roof
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Estimated On-board run Difference
Layer 1 7.32 ms 7.67 ms ~5%
Layer 2 5.11 ms 5.35ms ~5%
Layer 3 3.42 ms 3.79 ms ~9%
Layer 4 2.59 ms 2.88 ms ~10%
Layer 5 1.73 ms 1.93 ms ~10%
Overall 20.17 ms 21.61 ms ~7%

DDR3
interface
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Experimental Results: vs. CPU
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1 thread -O3 16 threads -O3 FPGA 1 thread -O3 16 threads -O3 FPGA
) gcc 4.7.2-03
CPU | Xeon E5-2430 (32nm) | 16 cores |2.2 GHz OpenMP 3.0
FPGA | Virtex7-485t (28nm) | 448 PEs | 100MHz Vivado 2013.4 A

Vivado HLS 2013.4 ¢= g w




Experimental Results: vs. Other FPGAS

~

FPL2009 ASAP2009 PACT2010 ISCA2010 ICCD2013 Our Impl.

125MHz 115MHz 125MHz 200MHz 150MHz 100MHz
5.25 GOPS | 6.74 GOPS 7 GOPS 16 GOPS 17 GOPS 61.6 GOPS
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Experimental Results: vs. Other FPGAS

Normalized Performance
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Experimental Results T

Bandwidth roof Communication
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Conclusions

An accelerator for convolutional neural network

» Contribution:

» Accurate Analytical model for computation & communication
»Find the best solution with roofline model

» Result:

»On-board run implementation
»~3.5x better performance over other FPGA implementations

»~80% performance/area improvement
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