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1 Introduction

* There is rising interest in using RISC-V to do DL training [3]
 Library optimized for floating-point computations is needed
» Library should follow specifications of popular APls for DL
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3 Target Platform: Snitch [4]

v [ [ |

4 ] ) 4 )

4 e ) 4 ] N\ [ . )
1 'I?g[l)(l\l/lB Core 0: compute Core 7: compute | |Core 8: DM G|25b6 IMI\/IIB

e obal Mem

\(SRAM)) \ FPU ) \ FPU JA SDMA I (DRAM) )

. I @l 3%

Overview of the Snitch cluster environment

"register access acts as streamed
» Mmemory access"
fadd.d ft3, ftO, ft3
fadd.d ft3, ftO, ft3

« SSR: Stream Semantic Registers [5]
 SDMA: Snitch asynchronous data movement
 SmallFloat [6]: Support of fp8, fp16, fp32, fpb4

"repeat N=1 instruction M=5 times"

 FREP: Floating-point repetition > frep.o 5,1,0,0
fadd.d ft3, ft0, ft3
 TCDM: Tightly Coupled Data > fast scratchpad memory

4 Optimization example: LayerNorm

D = dst-src // distance between src and dst arrays in memory
P = beta-gamma

src(b,n) — u(b) N

dst(b,n) = y(n) - \/ e B(n) SSR O SSR 1 SSR 2
o €
shapes: [B, 2, 2, N] [B, N, 2] [B, 2, N]
strides: [N,D,0,1] [N, 1, P] [N, O, 1]
for (size_.t b = 0; b < B; b++) {
mulb] ="@;
for (size_t n = 0; n < N; n+t) { frep
mulb] += src[b *x N + nl; read src
}
U LD Nt
sigmalb] = 0;
for (size_t n = 0; n < N; n++t) { frep :
— read src write dst
dst[b *x N + n] = src[b x N + n] — mulbl];
}
for (size.t n =0; n <N; n+t+) {B) | frep
sigmal[b] += SQR(dst[b * N + n]); read dst
}
sigma[b] = 1.0 / SQRT(sigmalb] / (N — 1) + eps);
for (size_t n'="0; n < N; n¥+) { frep read y
dst[b «* N + n] = gammaln] * dst[b x N + n] x sigmal[b] + betalnl; read dst write dst
e — read 3

The use of SSR and FREP extensions to optimize LayerNorm performance

5 Operations per cycle in the Snitch core

Func. block Operation Peak ops/cycle latency [cycles]

ADDMUL fma, add, mul 1 4
DIVSQRT sqrt, div 0.05 22
COMP min, max, abs 1 1
SDMA byte transfer 60 166

6 Evaluation

SSR configuration: stride, size
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Performance of kernels on Snitch platform.

/ End-to-end model support

Deep Learning DaCeML [1] frontend DaCe [2]: Data-Centric Parallel Programming
Models —>  X86

O PyTorch— Data-centric IR (SDFG)
BERT —> FPGA
Other DNN
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