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Neuromorphic Computing
« Computing technology based on SNNs

* SNNs vs. ANNs — key differences ————— '
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Neuromorphic Computing
« Computing technology based on SNNs

* SNNs vs. ANNs — key differences

* Neurons emit spikes to comunicate
each other (sequences of 1s and 0s)
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Neuromorphic Computing

« Computing technology based on SNNs |
* SNNs vs. ANNs — key differences h

* Neurons emit spikes to comunicate

each other (sequences of 1s and 0s)

* Incorporate temporal dimension % -

« Each neuron has an internal state (v)| |[]

H:I |

Input events, 0;_;

- 1
01-1

« Dynamic activation function:

Leaky-Integrate and Fire (LIF)

 Exhibit a high degree of sparsity in v [

«<

the input features (ifmaps) 60%-909

« Same ANNs topology: FC, RNNs, CNN, ..

« MAC replaced by ADD (Syn. Op.)

 Spiking CNNs promising solution to build
energy-efficient event-based perception systems
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» Already many SNNs accelerators, but their flexibility is limited
» Lack of kernel libraries on GP platforms for SNNs inference

 Snitch core (inside [9]) offers support for Sparse Linear Algebra
and a competitive Energy/SOP (add)
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Target Platform: Snitch Cluster
Snitch CC 5 B O ‘Bl ST D Bk-% .. k-1
FPU Subsystem P SN 4 4 4 4 A
I o - | 1 4 Memory
sssAPL | TCDM Interconnect DMA
% 4
SN RS Y S S L1
Regs ] | : == SSR O addrgen addrgen SSR 1
; CCO CC1 -+ CCpl . S+ DMCC
«— FPU — = dotp: hwloop
o Seq PR v v v fmadd.d ft2, fte, ft1i, ft2
't § Shared L1 I$
= v J ! Streaming Semantic Registers
{  Peripherals « narrow XBAR % wide XBAR
n bit w bit w bitl

inst. offload

Snitch
f Lois ; n bit

clusti cluste dmai dma.e

Snich Cluster: 8 open-source RV32G cores each one paired with a double-precision FPU + DMA + Tightly

Core
!
Coupled Data Memory (TCDM) and logarithmic interconnect
- Streaming Semantic Registers (SSRs): Map registers to memory streams using address generators and

Enhanced with RISC-V ISA Extensions:
data movers: Supports affine, indirect and sparse data accesses
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Prog -
w 2
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- Floating-point repetition (FREP): Hardware loops over floating point instructions.

- SmallFloat: FP SIMD support down-to to FP8
[10]: P. Scheffler et al., "Sparse Stream Semantic Registers: A Lightweight ISA Extension Accelerating General Sparse Linear Algebra," in IEEE
RISC-V Summit 2024 25.06.2024
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Contributions &%

P
 We propose a kernel library for SNNs Snitch based platforms

* We leverage Snitch’s RISC-V ISA extensions to accelerate the baseline sparse
computation

 We evaluate our optimized kernels w.r.t. the baseline in a cycle accurate simulation
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Example Layer: Sparse Convolution — Baseline kernel Q%
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N S i o «—> >
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H N 1 0o | 1 0| o
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i1 \\ o I ol ol o c | 0.950.8901.65[0.64] 0.32/0.960.44[2.43| 5
- 0.180.9900.87[0.99 0.23)2.54[0.22/0.65| 6
IIHlol ol ololo 1.230.94/0.75/1.18| 0.01{1.34[0.34[0.76] 7
YUIHIA 0.1200.2200.4300.76| 0.2300.32h.14f0.87| 8
0 1] 0 1 2.331.2300.87/1.01] 0.23/0.44)0.12f0.89| ©
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Example Layer: Sparse Convolution — Baseline kernel Q%

patch

1.23] 0.150.12
.540.45
.45 0.45/0.23
[0.65 .240.65[1.34/0.12

0.67] 10.22/1.76/0.23]0.43
0.64 .3200.9640.44|2.43
.232.5400.22]0.65
.011.3440.34/0.76
.230.32[L.14D-8 forCint 1 = 0; 1 < K¥k: i4+)
for(j=0; j < c_len[i]; j++)

.230.440.12P.8 v += weights[c_idcs[j] + i * K];
1.23 .56/0.2201.450.12

Wy

.21§2.32
L344L.3
L1210.23

o
3

O FH O NO

SO N O O d

=y
=
(o]

o O OO

wel ghtS spvacc: 1w t0, 0(%c_idcs)

s11i t0, t0, 3

add t0, t0, %weights
f1d ft0, 0(t0)
vfadd.s ft3, ft0,

, 5-’ 10 |3, 5.6, 7, 9, 10 ‘8, 10|1, 8, 9| addi %c_idcs, %c_idcs, 4
bne %c_vals, %c_end, spvacc

c_idcs: b,

« We adopt a compressed run-length format for each ifmap channel
« Compression brings in an indirection operation in the inner loop
« Only 1 (vfadd.s) out of 7 is a useful instruction in the baseline inner loop = Low FPU utilization: 14%
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Example Layer: Sparse Convolution — Dataflow in Snitch Q‘%

compressed patch 430230 21f.23] poisp.12f. 21223
Spvace: l‘q’ﬁotoocig ";CS) Toad v { fld ft3, 0G4 : < Te T 53p.020.24p.04 P5ap.45).34 1.3
c_len: ) ) ’
add t0, t0, %weights . ’0:3 5 1013.5 6. 7 9. 10 18. 10/1. 8. 9 0.95/0.56/0.54{L.45| [0.450.23/0.12[0.23
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0.1200.22p.43p.7d 0.23)0.320.140.87
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TCDM Wo Wy
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| | | ]
1 | 1 |
1 | | | |
FREP Seq. SSRg 3 —0.18(0.18]0.18/0.14
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Example Layer: Sparse Convolution — Dataflow in Snitch Q%

compressed patch b.a3.23pb.211.23] b

spvacc: 1w t0, 0(%c_idcs) B : .

s111 10, 10, 3 Toad v { f1d ft3, 0¢%) < len: 2 TEWEIE 153002 0.24(3.22 7

add t0, t0, %weights LO: c_ides: 10, 3, 5, 3.5, 6, 7, 9, 10 |8, 101, 8, 9‘ 0.950.5600.54{1.45] 0.

f1d ‘FtO, 0(t0) Setup streamer {ca'l] Ssr«_setup_fto 0.890 ll 189065 1.

fadd.s ft3, ft0, 3.652.100.34/0.67] .

addi %c_idcs, %c_idcs, 4 b odb 89 650064

bne %c_vals, %c_end, spvacc 0'1 b 990.870.99 g

1.2310.9480.7511.18| 0.

0.120.220.4300.76 0.

Sparse baseline kernel Snitch optimized kernel 2.331.230.87L.018 (0.

. 0.441.2200.7501.23| [1.
* Load the membrane potential TCDM .
0

Setup the streamer: Provide W base addr to SSRs

* Repeat vfadd instruction c_len times
. . Snitch call ssr_setup_ft0
« SIMD over different weights
Y IJ|||II1II|I
FREP Seq. addrgen| ssr, — |0.18(0.18(0.18[0.14
_—_0.14 1.43(0.12]0.31
s 0.5410.14/0.4410.23
fto ]
FPU ]
f — 10.23]0.13]0.22]0.23
SE;system B

ETH:zUurich




Example Layer: Sparse Convolution — Dataflow in Snitch Q%

compressed patch b.a3.23pb.211.23] b
spvacc: 1w t0, 0(%c_idcs) : .
0 o S toad v {/F1d 13, 06) ten: [+ IR .02 24000
add t0, t0, %weights LO: . . . . .
c_idcs: |0, 3, 5, 3, 5, 6, 7, 9, 10 |8, 10/1, 8, 9
f1d ft0, 0(t0) setup streamer {caﬂ ssr_setup_ft0 ‘ D.890.1181.89]0. 65| [L.
fad(li.s ftl3, ft0, - SIMD acc 3.6512.1041.34]0.67| 0.
addi %c_idcs, %c_idcs, 4 n streamed frep %c_len: b odo a9 65l0. 64
bne %c_vals, %c_end, spvacc Eei;thga € vfadd.s ft3, ft0, ft3 0'1 3 990.870.99 g
1.2310.9480.7511.18| 0.
0.120.220.4300.76 0.
Sparse baseline kernel Snitch optimized kernel 2.331.230.87L.018 (0.
. 0.441.2200.7501.23| [1.
* Load the membrane potential TCDM .
0
» Setup the streamer: Provide W base addr to SSRs 0
3
. . . 5
* Repeat vfadd instruction c_len times 10
Snitch
« SIMD over different weights
frep 4 I | | |
] | [ ]
Y — | U N E—
FREP Seq. addrgen| ssgr — |0.18]0.18|0.18(0.14
— 10.14]1.43(0.12(0.31

_ = 1/0.54(0.14/0.44(0.23
vfadd.s fr3, 10, fr3 FES |
fpu —1]0.23]0.13
subsystem

ETH:zUurich




Example Layer: Sparse Convolution — Dataflow in Snitch Q%

compressed patch b.a3.23pb.211.23] p.
Sprases l#]:OtOO(é(C) “;CS) Toad v {ﬂd fe3, 00 c_len: |4 6 2 6 :(L)Fg’)?;?) gﬁgijggi 5
add t0, t0, %weights LO: ides: |0, 3, 5, 10 |35y 6y 7 9, 10 B 0[Ens |- PRl 0.
f1d ft0, 0(t0) setup streaner - call ssr_setup_fc0 -raes | sk a0 65 1.
ZSS?ISCch’:Sﬁgt’: idcs, 4 SIMD acc f %c_1 3. O LGSR0/ 1.
o __ s /ol y re oC_len:
bne %c_vals, %c_end, spvacc on.streamed{ \r/)fadd.s ft3, ft0, ft3 0.950.8941.65[0.64| p.
weigths 0.180.9910.87]0.99| 0.
1.230.9450.75|1.18| |0.
0.1200.2200.430-7a 0.
Sparse baseline kernel Snitch optimized kernel 2.331.230.87L.018 (0.
. 0.441.2200. 7501 . 23] 1.
* Load the membrane potential TCDM "
» Setup the streamer: Provide W base addr to SSRs
0.430.15
 Repeat vfadd instruction c_len times 0.891.24
snitch 0.950.32
« SIMD over different weights 0. 441,56
frep 4
. . . ] | [ |
 SSRs + FREP lead to only one instruction in the v [ m— —
hot loop by removing explicit issue of load and S addrgen]| ssk, — 10.18]0.180.18[0.14
branch instructions "H |0.14]1.43]0.12]0.31
_—_0.54 0.14|0.44(0.23
vfadd.s ft3, ft0, ft3 ‘;ES |
fpu — [0.23]0.13]0.22(0.23
subsystem LT
Vi% ;0%
ETHziirich @ swassises RISC-V Summit 2024 25.06.2024 \Yol/F 23
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Example Layer: Sparse Convolution — Dataflow in Snitch ‘%

compressed patch 0430230211231 PTESh. 127213
spvacc: l\gf];cOtOO(é(c) ”;CS) Toad v —{:ﬂd ft3, 0(%v) c Ten: [ mﬁ 1.53D.0210.240504 P.54D.45)2. 341.34
add t0, t0, %weights LO: ] . 0.950.56]0.54{L.45] 10.45/0.23/0.12[0.23
c_ides: |0, 3, 5, 10 [3, 5, 6, 7, 9, 10 [8, 10[1, 8, 9
f1d ft0, 0(t0) setup streamer {caﬂ ssr_setup_ft0 B oo - 11§1- 890065 1'241'340'12
fadd.s ft3, ft0, SIMD 3.65[2.1041.3410.67| 0.22]1.76/0.23]0.43
addi %c_idcs, %c_idcs, 4 acce 4 [ frep %c_len: ' - : : : : ‘ :
bne %c_vals, %c_end, spvacc on streame vfadd.s ft3, ft0, ft3 0.95p.841.65(0.64) 0.32p.96(0.44)2.43
weigths _ . 0.18p.990.87/0.99| f0.23p.540.22[0.65
EUb %;’Ee'"- %136'"- 1 1.23p-980.7501.18] |0.01}.340.34/0.76
nez siter, L 0.12)0. 220 430°7d 0. 2300320 140287
Sparse baseline kernel Snitch optimized kernel 2.33JL.2330.87L.01 |0.23p.440.12D.89
. 0.44)L.2280.751.23| |1.56p.2201.4540.12
* Load the membrane potential TCDM " "
» Setup the streamer: Provide W base addr to SSRs
* Repeat vfadd instruction c_len times
Snitch
« SIMD over different weights
. . . ] | | |
 SSRs + FREP lead to only one instruction in the v [ ——
hot loop by removing explicit issue of load and FREP Seq. addrgen| ssw, m110-18]0.18/0.18/0.14
branch instructions [H |o.14]1.43]0.12/0.31
* Iterate on the next subpatch [0 54]0-14]0.44 0. 23
> FPU 1
fpu 0.23]10.13]0.22]0.23
ft3 ]
subsystem ST
V‘;:( 0,;
ETHziirich @ swassises RISC-V Summit 2024 25.06.2024 \Yol/f 24



Example Layer: Sparse Convolution — Dataflow in Snitch Q%

spvacc: Tw 10, 0Ckc_idcs) compressed patch 0.43h.23p-21l1.23] P isp. 1202123
i s111 10, t0, 3 Toad v { f1d ft3, 004 clen: |GG 1.53p.02)0.2407007 P sap. 452.341.34
add t0, t0, %weights LO: c_ides: 0, 3. 5, 10 ‘3’ 5.6, 7, 9, 10 ‘8, 10[1, 8, 9 0.9500.56J0.54[1.45] 10.4500.23/0.12[0.23
f1d ft0, 0(t0) setup streamer {caﬂ ssr_setup_ft0 P-83p-11§1.8900.65 1'241'340'12
fzjd; ﬁ.j’ th, y . SIMD acc . e Ten: 3.65/2.10J1.34[0.67| [0.22[1.76/0.23]0.43
Ene-l%cof;-la'l(s:?’%(?E;:]dfs;pvacc on.streamed{ re\?faoga.sen%ﬂ, £t0, ft3 0.95D.891.65[0.64| [0.32D.9d0.44J2.43
weigths _ . 0.18p.9940.87/0.99 f0.23p.540.22[0.65
EUb %;’Ee'"- %136'"- 1 1.23p-980.7501.18] |0.01}.340.34/0.76
nez witer 0.120.22p-43p.7d 0.2300.32[1. 14087
Sparse baseline kernel Snitch optimized kernel 2.33JL.2330.87L.01 |0.23p.440.12D.89
. . 0.44)L.2280.751.23| |1.56p.2201.4540.12
Load the membrane potential TCDM " "
» Setup the streamer: Provide W base addr to SSRs
* Repeat vfadd instruction c_len times
Snitch
« SIMD over different weights
. . . |
* SSRs + FREP lead to only one instruction in the ’ T T 1
hot loop by removing explicit issue of load and FREP Seq. addrgen| ssw, m110-18]0.18/0.18/0.14
branch instructions [H |o.14]1.43]0.12/0.31
* Iterate on the next subpatch [0 54]0-14]0.44 0. 23
fou »| _FPU U o.230.13]0.22]0.23
« At the end of the patch: decay and threshold subsysten N L_
v oS I””o,

vfmul.r.h ft3, ft3, %[alphal < 2
ETH:ziirich = twasssrsiss vfle.h 3, ft3, %Ivth] piscy summit2024 25.06.2024 BNJoffd 25



Example Layer: Sparse Convolution — Parallelization Q‘%

: I | |
A | | |

= S e — async DMA copy in
AN I I | c_lens _4 213

HE L N 1,01 ]o0]o0 cides 0, 3, 5, 10 [3, 5, 6, 7, 9, 10 |8, 10[8, 9, 11
N
W o fo|o]o]o
= |

vIilHIFdolo|lo|lo]o

\ 4

A

TCDM data (coming from ext. DRAM)

ETHziirich =
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Example Layer: Sparse Convolution — Parallelization Q‘%

A
1 ctens [4[6 [2[3]3] 5| asy:gg';”g‘aizﬁy i
H ‘___—_ 1 1of10lo c_ides o, 3, 5, 10 |3, 5, 6, 7, 9, 10 |8, 10[8, 9, 10 | async DMA copy in
gl 3,5 6,7,9,10 0,1,8 [8 9,10 |1, 3, 4, 10
N N B comp patch

A
A\ 4

TCDM data (coming from ext. DRAM)

ETH:z(rich
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Example Layer: Sparse Convolution — Parallelization Q‘%

| [ | | I

[T T T 1 ,
g T T 1 async DMA copy in
|| l I I I I clens [ 4|6 2|33 |5 |---rr--- 3 112
et “[s[ZE] s (3IEL ] it
: sl N R c_ides 0, 3, 5, 10 [3, 5, 6, 7, 9, 10 |8, 10[8, 9, 10 | async DMA copy in
gl 3,5,6,7,9,10 [0, 1,4 [8, 9,10 [1, 3, 4, 10 |
T[] ; comp patch
async DMA copy in
= B L O I 5, 6,9/ 1,2,3,4,5,6,7,8,9,10 [2]0, 2| comp patch

TCDM data (coming from ext. DRAM)

A
\4

ETH:z(rich
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Example Layer: Sparse Convolution — Parallelization

| I | | |
A I I

A
A 4

ETH:z(rich

c_1ens[4|6|2|3|3|5| """" ﬂ """

c_idcs

0, 3,5 103, 5, 6, 7, 9, 10 |8, 108, 9, 10 |

3,56,7,9,10 [0,1,8 (8, 9,11 [1, 3, 4, 9 |

5, 6,9 1, 2, 3, 4, 5,6, 7, 8 9, 10 |2|o, 2|

1, 2, 3, 9|0|1, 4|0, 1, 2, 4, 5|

TCDM o

ata (coming from ext. DRAM)

RISC-V Summit 2024

&
comp patch
comp patch
comp patch

async DMA copy in
comp patch




Example Layer: Sparse Convolution — Parallelization Q‘%

clens [4[6[2][3]8]5]------- B[8[1]2] - K s K async DMA copy in
co | | | | A 0.430.23)0.21}1.23| D.15)0.12)p.21f.32] 0 colinp patCh
c_ides (0, 3, 5, 10 |3, 5, 6, 7, 9, 10 |8, 10[8, 9, 10 1.530.02[0.24{0.02| 2.540.452.34[1.34| 1 .
Cl 3, 5,6, 7,9, 10 |0, 1, 8 |8, 9, 11 |1, 3, 4, 9 | 0.95/0.56/0.54/1.45] 0.450.2310.12]0.23] > async DMA Copy In
| . 0.890.11f1.89/0.65| [1.240.65[1.34/0.12f 3 comp patch
; 3.65[2.1001.34/0.67| 0.22[1.76[0.23}0.43| 4
C7 c | 10.950.8901.65/0.64] 0.320.96/0.44J2.43| 5 async DMA copy in
: 0.180.9900.87[0.99| ©0.232.54/0.22/0.65| 6
5,6,9/ 1,2,3,4,5,6,7,8,9, 10 [2]0, 2| 1.23(0.940.75[1.18| 0.0101.34[0.34f0.76| 7 comp patch
: 0.12/0.22/0.43[0.76] 0.2300.32[1.140.87| 8 :
2.3311.2300.87/1.01| 0.230.44[0.12}0.89] 9 async DMA copy in
: v 0.4411.2200.75[1.23| [1.560.22[1.45/0.12] 10 comp patch
W
1, 2, 3, 9|01, 4]0, 1, 2, 4, 5 Wo _ 1 async DMA copy in
weights _
v WElghtS

e g
oS e,
Poy “
W >

=
©
~
&
Q\

ETH:z(rich

ot
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Example Layer: Sparse Convolution — Parallelization Q%

async DMA copy in
clens [4[6[2[3]8]5] - s[e[ 2] PEIEREN Y i
| | | | A 0.4301.23).21[1.23| 0.15/0.12p.21f2.32] o comp patc
c_idecs |0, 3, 5, 10 |3, 5, 6, 7, 9, 10 |8, 10/8, 9, 10 1.530.02[0.24[0.02| 2.54/0.452.34[1.34| 1 .
async DMA copy in
c1 3,5,6,7,9 10 [0,1,8 [8,9, 1L 1 3 4,9 | 0.950.56/0.54[1.45 0.450.230.12J0.23( ; y Py
! : 0.890.11f1.89}0.65 1.240.65[1.34/0.12| 3 comp patch
i 3.6502.1001.34/0.67| 0.22[1.76[0.23}0.43| 4
C7 c | 10.950.8901.65/0.64] 0.320.96/0.44J2.43| 5 async DMA copyin
. 0.180.990.87[0.99] 0.2302.54/0.220.65| 6
CO 5,6,9/ 1,2,3,4,5,6,7,8,09,10 [2]0,2 1.23(0.940.75[1.18| 0.0101.34[0.34f0.76| 7 comp patch
. 0.1200.22/0.43/0.76] 0.230.32[1.14f0.87| 8 :
2.3311.23)0.87]1.01] 0.230.440.12J0.89| 9 async DMA copy in
: v 0.4411.2200.75[1.23| [1.560.22[1.45/0.12] 10 comp patch
WO W]_ .
1, 2, 3,9[0(1, 4]0, 1, 2, 4, 5 o async DMA copy in
atches welghts :
P  / WElghtS

« Weights are stationary in TCDM “broadcasted” to all the cores
« To mitigate workload imbalance, whenever a core processed a patch, jumps to the first “free” patch

« DMA memory transfers are performed in a double-buffered fashion to hide latency

ETH:z(rich
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Outline
« Neuromorphic Computing/SNNs

Neuromorphic/SNNs Accelerators

Snitch Cluster architecture

Contributions & Sparse conv layer example:

- Compressed format
- Dataflow in Snitch
- Parallelization in Snitch cluster

e Results & Conclusions
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Preliminar Results: kernel 14x14x256

« Run test using Questa cycle accurate simulator

+®)

« Speedup and FPU utilization of SSRs acceleration w.r.t. the sparse baseline

« With sparsity above 80% the kernel starts to be bounded by the DMA programming

Speedup vs Sparsity

60% 65% 70% 75% 80% 85% 90%
Ifmap Sparsity

ETHzUrich . suestsisiom

95%

0,7
0,6
0,5
0,4
0,3
0,2

0,1

0,606

0,095

60%

FPU Utilization vs Sparsity

0,597 0,579
0,545
0,451
0,338
0,228

0,125

0,094 0,093 0,092 0,091 0,087 0,082 0.072

65% 70% 75% 80% 85% 90% 95%

Sparsity
W FPU util base FPU util SSRs
> l-'n,,,'%
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Conclusions and future developements

« In this work we proposed a kernel library for Spiking Neural Networks on an open-source RV32G
core cluster enhanced with FREP, Streaming Semantic Registers and smallFloat ISA extensions

« We preliminarly evaluated our method kernel size of 14x14x256 with different sparsity degrees

+®)

P

« QOur optimized kernels always outperform the sparse baseline. Above 80%, it starts to be
bounded by the frequent DMA programming related to the transfer of many input tensors

« Power simulations, end-to-end deployment and comparison with neuromorphic processors is
ongoing

ETHziirich @ swassises RISC-V Summit 2024 25.06.2024 2\Y /7
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Conclusions and future developements

« In this work we proposed a kernel library for Spiking Neural Networks on an open-source RV32G
core cluster enhanced with FREP, Streaming Semantic Registers and smallFloat ISA extensions

« We preliminarly evaluated our method kernel size of 14x14x256 with different sparsity degrees

« QOur optimized kernels always outperform the sparse baseline. Above 80%, it starts to be
bounded by the frequent DMA programming related to the transfer of many input tensors

« Power simulations, end-to-end deployment and comparison with neuromorphic processors is
ongoing

« This research was supported by the HE EU Graph-Massivizer project (g.a. 101093202) and EdgeAl
(g.a. 101097300)
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