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= |[SA Extensions
= Shared Memory Accelerators

ACACES 2021 - Sept 2021



ing with RISC-V

Why Hardware Acceleration, really?
PULP ) Software (yes, even the hardware designers!)...

PULP has been designed as a programmable, software-oriented platform

Software is flexible and SW-programmable platforms are capable of dealing with applications that
are highly irregular or unexpected at design time

Software can be highly efficient, when it's fully using features exposed by the hardware
Software code is accessible by many more developers: intrinsically more open

.. but software is not always enough, and we also need accelerators

Some applications have too stringent constraints of energy/power
Some kernels are often used and computationally heavy at the same time
Too many cores (= area = $$$) would be required to meet the performance constraints

Different kinds of accalerators are needed to address different needs in terms of Performance,
Flexibility, Area.
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Hardware Accelerators from a PULP-y Perspective

parallel computing + HW acceleration
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ing with RISC-V

Application Specific Instruction Processors

Integrated in the Pipeline of Processors (ID Stage, EX Stage, WB Stage)
Suffer from Register File Bandwidth Bottleneck (only 2 operands...)
Require Adapting Compiler and Binutils

Low Overhead for Control

Auxiliary Processing Units (APU) Interface available in the RISCY

'RISC-V core _ =) ¢

]
[ “_.'I [ | e _3; -:r__' |
Ml | Ty gy 1% CSR ro— [ = |
= [-ﬂnnlzn:ulle.rw- [ag reoE A S :
| L S— el | | LSU 2
| F'I"EfET.tf‘g' L o [ EX - zl_'r:. ALU \__o / =
: i =+ Decoder ;’-'— L - = 0pB o= R § =
EBU[’TEF Fat = % —a - =M _‘_E.':.E:E o ! =1
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o hwloop 5 =’; i
= control = 1
21— &
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[culurciello18]
Inceptioaa3 High OP/B ratio
DenseNet-20 ResNet-101 ResNet-152 gnh”’ .
- veG.16 VGGG Massive Parallelism
: | MAC-dominated
ResNet-34 Low precision OK
2
MB+ _ bileNeTv2, Model redundancy
= 701 Q ResNet-18
=
@ GoogLeNet
= E
E 65 o fd-MobileNet
!
e BN-NIN
= ShuffleNet
60 - 5M 35M 65M - 95M 125M  155M
'_SqueezeNet.
7, BN-AlexNet
551 AlexNet
50 . . . . .
0 10 20 30 40 50

Operations [G-Ops]
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Working with RISC-V

RISCY - Recap from Part 1

|RISC-V core S RE o)
I : ~k [ 1 = ]
| =, - o4 cop gud [ e
EE_DHI:FD“EI 9 FC el ) ¢
e [ Hiks €7
%DEE?E!EF}"_ o] wB OB g RO
S = = —— 0ot h !
o g CARTL :"fc_*'“ muT_| -
3 \Tf  ood— e EX el ks ot
J o O v olEx Emmm— T . !
r=a e :
— —?—-::.-_D—I— L Dioto- |
Ll N Oeli e
: . rCpl Unit A
1 _ . =T EE - . iy _,L

3-cycle ALU-OP, 4-cyle MEM-OP—-1PC loss: LD-use, Branch

i
[Lf_':!l"-' - Log. Inkercanneck

V1 Baseline RISC-V RV32IMC (not good for ML)

V2 HW loops, Post modified Load/Store, Mac

SIMD 2/4 + DotProduct + Shuffling
Bit manipulation, Lightweight fixed point

XPULP 25 kGE = 40 kGE (1.6x) but 9+ times DSP!

40 kGE

70% RF+DP

RISC-V =2 V1

V3

85
N

20.8

10.8

5.2

M/D

ALU
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Working with RISC-V

PULP-NN: Xpulp ISA exploitation8

N

RV32IMC

addi
addi
addi
addi
Ibu
Ibu
Ibu
Ibu
mul
mul
add
mul
add
mul
add
add
bne

a0,a0,1
t1,t1,1
t3,t3,1
t4,t4,1
a7,-1(a0)
ab,-1(t4)
ab,-1(t3)
t5,-1(t1)
sl,a7,a6
ar,a’7,ab
s0,s0,s1
a6,a6,tb
t0,t0,a7
a5,ab,tb
t2,t2,a6
t6,t6,a5

N/4

s5,a0,1c000bc

RV32IMCXpulp

Ip.setup

p.lw wl, 4(a0!)

p.lw w2, 4(al!)

p.lw x1, 4(a2!)

p.lw x2, 4(a3!)
pv.sdotsp.b s1,wl, x1
pv.sdotsp.b s2,wl, x2
pv.sdotsp.b s3,w2, x1
pv.sdotsp.b s4,w2, x2

HW Loop
LD/ST with post
increment

-bit Convolution

8-bit SIMD sdotp

end
Ox less

instructions

than RV32IMC

Pooling & RelLu
HW loop
LD/ST with post-increment
8-bit SIMD max, avg

Garofalo, Angelo et al. “PULP-NN: Accelerating Quantized Neural Networks on Parallel Ultra-Low-
Power RISC-V Processors.” Philosophical Transactions of the Royal Society A
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ing with RISC-V

Results: RV32IMCXpqu vs RV32IMC

s PULP(RV32IMCXpulp)

= 8-bit convolution

80

= Open source DNN library
70
= 10x through xPULP 0
= Extensions bring real speedup 0

= Near-linear speedup
= Scales well for regular workloads.

30
= ~2 8-hit MAC/Cycle/core ,
= 75x overall gain 10
0

Overall Speedup of 75x

Near-Linear
Speedup

10x Speedup w.r.t.
RV32IMC
(ISA does matter®©)

1 CORE 1 CORE 2 CORES 4 CORES

ACACES 2021
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Working with RISC-V

Pushing Further: Quantized Neural Networks

 Model « Quantization (*)
Inception-v4
801 ; Xception
Densé?\lceet[_)tl ; ResNet-101 ResNet-152
D Net-16 - . . . .
e ERseNet 19T VEG16 veei19 Quantization Topl Accuracy Weight Memory
ResNet-34 Method Footprint
M Rob ToNet-1 "
$ 70 3°‘ ResNet:18 Full-Precision | 70.9% | 16.27 MB,
] OF GoogLenet INT-8 70.1% 4 0.8% | 4.06 MB + 4x
§ o5 P fa-MoblleNet INT-4 66.46% ¥ | 4.4%|235MB Y| 7x
a BN-NIN . . .
- ShuffleNet Mixed-Precision | 68% v 2.9% | 2.09 MB v 8x
60 - 5M 35M 65M 95M 125M 155M
e Courtesy of Rusci M. «<Example on MobilenetV1_224 1.0.»C
551 AlexNet
50 T T + v 1
0 10 20 30 40 50

Operations [G-Ops]

Quantized Neural Networks (QNNs) are the natural target
for execution on constrained edge platforms.

Rusci M. et al., Memory-Driven Mixed Low Precision Quantization For Enabling Deep Network Inference On
Microcontrollers. arXiv preprint arXiv:1905.13082.
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Working with RISC-V

PULP-NN Convolution Kernels (8-bit)

Example of quantized kernel structure

Compressed ifmaps

MatMul QntPack .

n | ifmaps
E. | E x4 £ E_ ——

I
% g E E @ é : g H_i

5 3 g B

Im2Col || E o £
: 5 e MatMul %

= Leverages an optimized computational model based on CMSIS-NN library
= Exploits HWC organization + SIMD MAC of Xpulpv2 ISA extension

= At every MatMul iteration it fetches
= 2im2col
= 4filters

= And generates 8 output pixels

weights

ofmaps

ot
.t

QntPack
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Working with RISC-V

XpulpV2 Overheads (2-bit, 4-bit kernels)

Sub-byte Convolution Kernel on XpulpV2 ISA

00

& RISCY

7 8-bit MatMul kernel

I B Overhead to extract compressed weights
5
4 . Im2col function

B  Overhead to extract compressed ifmap

Re-Quantization

EXECUTION LATENCY [k CLK CYCLES]

8-bit conv 4-bit conv 2-bit conv

ACACES 2021 - Sept 2021



Working with RISC-V

XpulpNN: ISA Extensions for QNN on PULP

Arithmetic SIMD instructions

ALU SIMD Op. Description for nibble
. wv.add[.sc].{n. ¢ rDI[1] = rsl[i] + rs2[i]
32-bit operators :\\.sul\[.\cl.{{n. c}} rD[i] = rs1]i] - rs2[i]
pvavg(u)|.scl.{n, c} rD[1] = (esl]i] + rs2[i])>>1
~Vector Comparison Op. |
: | pv.max(u)[.sc].{n, c} rD[i] = rsl[i] > rs2[i] ? rsli] : rs2]il
Byte SIMD operands (Xpulpv2) ~ ——— 8-bit element pv.min(u)[.sc].{n. c} rD[i] = rsl[i] < rs2[i] ? rslfi] : rs2{i]
. ) Vector Shift Op.
Nibble SIMD operands (XpulphN) > 4bitelement Mt okiss g (D[] = rs1[i] >> rs2[i] Shift is logical
Crumb SIMD operands (XpulpNN) —» 2.-bit element pv.sral.sc).{n, ¢} rD[1] = rs1[i] >> rs2[1] Shift is arithmetic
pv.sllf.se].{n, ¢} rD[1] = rsl[i] << rs2]1]
Vector abs Op. T -
pv.abs.{n, c} rD[i] = rsli] < 0 ? -rsl]i] : rsl]i]
Supported Ops: ALU, Comparison, Shift, Dot Product Op.
pv.dotup[.scl.{n, c} rD = rs1{0]*rs2]0] + ... + rs1|[7)*rs2[7]
abs, Dot Product pv.dotusp[.sc].{n, c} rD = rsH{O]1*Frs2[0] + ... + rs1[71%rs2[7]
pv.dotsp[.sc].{n, ¢} rD = rsHOFrs2(0] + ... + rs1[7)%rs2(7]
No need to unpack sub-byte data pv.sdotup|.sc].{n, c} rD = rs1[0]#rs2[0] + ... + rsl[7]Frs2[7] + D
pv.sdotusp[.sc].{n, ¢} rD = rs1{0)*rs2[0]) + ... + rs1|7)*rs2|7] + D
. . . o pv.sdotsnl.scl.d{n. c} (D = rs1HO1¥rs2[01 4+ . 4+ rs1HTT71P*rs2171 + D
Multi-cycle instruction to efficiently Quantization Op. | _ — _
handle the quantization process in HW pv.gntin, cj DIEC IR O eI o | ELE

A. Garofalo, G. Tagliavini, F. Conti, L. Benini and D. Rossi, "XpulpNN: Enabling Energy Efficient and Flexible Inference of
Quantized Neural Networks on RISC-V based IoT End Nodes," in IEEE Transactions on Emerging Topics in Computing, 2021

ACACES 2021 -



Working with RISC-V

1) Multi-precision Dotp Unit

Multi-Precision Integer Dotp-Unit

OpC OpA OpB
(32b scalar) (32b SIMD vector) (32b SIMD vector)
SLICER
clk clk clk clk
I en_h ¢ v ! en_b I en_n v v en _C
i OpB[1] OpB[@] 0pB[ 3] 0pB[2] OpB[1] OpB[ @] 0pB[7] OpB[6] OpB[1] OpB[@] 0pB[15] OpB[14] OpB[1] OpB[ @]
OpA[1] oOpA[@] i OpA[3] OpA[2] OpA[1] oOpA[@] OpA[7] OpA[6] OpA[1] oOpA[@] OpA[15] OpA[14] OpA[1] oOpA[®@]

sign/ 51 n/ S /
Zeﬁo } %Eﬂ zego m$ %m ZZﬁg $$$%

Slgn/ 3
xﬂ["ﬂ Zer'o :’E$
32b 18b 18b
Mult[1] Mult[a Mult[3] [Mult[2]JMult[1] Mult[B

10b - « 10b
Mult[7] Mult[s Mult[1] Mult[e

%§?
Mult[l] iMult[a

Mult-9b
Mult-3b

Mult[15] |Mult[14]

2x32b - 32b 4x18b => 32b 8x16b - 32b 16x6b = 32b
Adder Tree Adder Tree Adder Tree Adder Tree
—1’ 32b —1' 32b —1’ 32b fl’ 32b
Output Result Mux /

l Dotp Result
(32b scalar)

ACACES 2021 -



Working with RISC-V

2) MAC/Load Extension
N

o
|
5
- Controllerl%%
BI " U E CSR roP
It P
- —| R opA
IT—[ X 1 op ALU R
-1 WB opc
» ecoder o—Lial;
g I
2 : oPMULT/
s rA BQD_LD;—L- re | IP E% PP MAC R%:
i r8  DcCE>—{ R | EX opc
e rc tLHEX T
= | 1 GPR  .1p|us §°PADOTP
59 —D p1a ] e R0
2 2 pis ! opcUNIT
a =
F % 3
| : addr rPor
O -
! I :IEC;NPIE REPor \_J
| : \ /
i!
i |

- Out of Core IPs D Extended RI5CY IPs - New core IPs
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Working with RISC-V

Mac-Load: PULP-NN inner kernel

8-bit Matmul kernel with PULP-NN 8-bit MatMul kernel With MAC + Load
lp.setup 11, 12,end - pv.nnsdotusp.h zero, awl,16
p.lw wl, 4(awl!) pv.nnsdotusp.h zero, aw2,18
p.lw w2, 4(aw2!) INIT | pv.nnsdotusp.h zero, aw3,20
p.1lw w3, 4(aw3!) /SR NN-RF| pv.nnsdotusp.h zero, aw4,22
p.lw w4, 4(awa!) POST pv.nnsdotusp.h zero, ax1,8
p.lw x1, 4(ax1!) INCREMENT 1p.setup 11, 12, end
p.lw x2, 4(ax2!) _ pv.nnsdotup.h  zero,ax2,9

pv.sdotusp.b s1, x1, wl pv.nnsdotusp.b sl1, aw2, ©
pv.sdotusp.b s2, x1, w2 pv.nnsdotusp.b s2, aw4, 2
pv.sdotusp.b s3, x1, w3 pv.nnsdotusp.b s3, aw3, 4
pv.sdotusp.b s4, x1, w4 8 SIMD MACS pv.nnsdotusp.b s4, ax1, 14 pe—
pv.sdotusp.b s5, x2, wl with 6 pv.nnsdotusp.b s5, aw2, 17 MACs with
pv.sdotusp.b s6, x2, w2 explicit pv.nnsdotusp.b s6, aw4, 19 1 explicit
pv.sdotusp.b s7, x2, w3 LOADs pv.nnsdotusp.b s7, aw3, 21 LOAD
end: pv.sdotusp.b s8, x2, w4 end: pv.nnsdotusp.b s8, awl, 23
—————————————————————— e ———————————
Wi Xi : weight/activation elements Si : accumulators

AW: AX: : addresses for the MEM access |; : loop setup

ACACES 2021 - Sept 2021



Working with RISC-V

Mixed-Precision Kernel (Overheads)

g MatMul QntPack 25
E t . a
= g ] = c ] ri.l-'z'u
T 4 || £ Lol & Up
ﬁ % _g = % _E - E E G5 2.43x 2.5x
@ — 3 = e -;‘..
= s o (Ed || I g- / -; 2810 :
£ 2 2 B =/ 2 53
U ' = -l | 2 |/ 4] =05
1 | BV E
Im2Col E o £ 0.0
S o = Bwd w8
€5
weights o = .
Im2col ifmaps ’ ’ E E l . l . l T
— « ” EE o
i 2 B F j‘"
=T R & EESE
H_i H_ol
W_i 17 ,A' Wo N.Bruschi et. al., "Enabling mixed-precision quantized neural
\ networks in extreme-edge devices," ACM International
Conference on Computing Frontiers, 2020.

X QntPack
MatMul
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ing with RISC-V

Mixed Precision SIMD Processor

Operand A Operand B

= Can support all variants: T T T

= 16x16, 16x8, 16x4, 16x2

= 8x8, 8x4, 8x2 g
= 4x4, 4x2
" 2x2 3
= Avoids Pack/unpack Overheads DOT-PRODUCT MODULE
= Maximized performance (SIMD) ‘

= Maximizes RF use (Data Locality) Result

How to encode all these instructions?

G. Ottavi, A. Garofalo, G. Tagliavini, F. Conti, L. Benini and D. Rossi, "A Mixed-Precision RISC-V Processor for Extreme-Edge
DNN Inference,” 2020 IEEE Computer Society Annual Symposium on VLSI (ISVLSI), 2020, pp. 512-517 JE L




Mixed-Precision Core: New Formats Required

dotp variants
add variants

sub variants
avg variants
shift variants
max variants
min variants
abs variants

> 500 instructions




Working with RISC-V

Virtual SIMD Instructions

[0 Encode operation as a virtual SIMD e e i S e
X X d d X X X s ¥

in the ISA dot kg pdmEn P pae R e

e e . g . S O S p . V) pv.dotsp.mdx2 pv.dotup.méx2 pv.dotusp.mdx? pv.sdotsp.max2

pv.sdotup.mdx2 pv.sdotusp.max

pv.dotsp.m8x2 pv.dotup.m8x2 pv.dotusp.mBx2 pv.sdotsp.m8x2 pv.sdotup.max2 pv.sdotusp.mBx2
pv.dotsp.mBxd pv.dotup.mBxd pv.dotusp.mBxd pv.sdotsp.mBxd pv.sdotup.m8xd pv.sdotusp.maxa
pv.dotsp.m16x8 pv.dotup.m16x8 pv.dotusp.m16x8 pv.sdotsp.m16x8 pv.sdotup.m16x8 pv.sdotusp.m16x8
pv.dotsp.m16xd pv.dotup.mixd pv.dotusp.m16x4 pvsdotsp.m16xd pv.sdotup.m16xd pv.sdotusp.m16x4
o . pv.dotsp.m16x2 pv.dotup.m16x2 pv.dotusp.m16x2 pv.sdotsp.m16x2 pv.sdotup.m16x2 pv.sdotusp.m16x2
D FO rm at S pe C Ifl e d at ru ntl m e by a p.dotspsch pvdotupsch pu.dotuspsch pvsdotspsch pvsdotupsch pv.sdotuspsch | pvdotspy pu.sdotsp v
pvdotspsch pv.dotup.sch pv.dotusp.sch d b d b d b pv.dotsp.se.v pv.sdotsp.sc.v
. pv.dotspsc.c pv.dotup.sc.c pv.dotusp.sc.c pusdotspscc pv.sdotupsc.c pv.sdotusp.sc.c py.dotsp.sei v pv.sdotsp.sci.v
C O ntro I R e g I Ste r (e g 4X4) p.dotspscn pv.dotup scn pv.dotusp.scn dotsp.scn d n d n pv.dotup.v """‘j"‘”"-"b
. . pv.dotup;sc.v. pv.sdotup.sc.v
pv.dotsp.sc.méx2 pv.dotup.sc.max2 pv.dotusp.sc.mdx2 pvsdotspscmdx2  pvsdotupscmdx?  pvsdotuspscmdx? Ay S
pvdotspscm8x2  pudotupscmBx2  pv.dotusp.scm8xZ pv.sdotsp.sc.mBx2 d mex2 d max2 pv.dotusp.y p.sdotusp.v
pv.dotsp.sc.m8xd pv.dotup.sc.mBxd pv.dotusp.sc.m8xd pusdotspscmaxd  pusdotupscmBxd  pv.sdotusp.scmBxd pv.dotuspisc.v pv.sdotusp.sc.v
pvdotspscmisxg  pvdotupscmi6eB  pv.dotusp.scmiGud pv.sdotsp.scmibnd d m16x8 d m16KE pv.dotusp.sei.v py.sdotuspsci
prdotspscmifed  pv.dotupscmiéxd  pv.dotuspscmi6ud d mi6xd d mi6xd  pvsdotuspscmibud M
. pvdotspscmifx?  prdotupscmifx?  pv.dotuspscmiga? pv.sdotsp.sc.m16x2 dot mi6x2 d mi6x2
D 1 8 O 9 1 8 I n Stru Ctl O n S n e e d e d fo r pv.dotsp.scih pv.dotup.scih pv.dotusp.scih pv.sdotspscih pvsdotupscih pv.sdotusp.scih
pv.dotspscib pv.dotup.scib pv.dotuspscib pusdotsp.scib pv.sdotup.scib pv.sdotusp.scih
pv.dotsp.sci.c pv.dotup.sci.c pv.dotusp.sci.c pv.sdotsp.sci.c pv.sdotup.scic pv.sdotusp.sci.c
S I M D D OT P pv.dotsp.scin pv.dotup.scin pv.dotuspscin pusdotsp.scin pv.sdotup.scin pv.sdotusp.sci.n
pv.dotsp sci mdx? pv.dotup.scimdx2  pv.dotusp.sci.mdx2 d i.max2 d 1.mdx2 d i.max2
pv.dotsp.sci.m8x2 pv.dotupscimdx2  pv.dotusp.scim8x2 pvsdotspscim8x2  pvsdotupscim8x2  pv.sdotusp.sci.m8x2
pvdotspscim8xd  pvdotupscimBxd  pv.dotuspscimBxd dotsp.sci.mBxd d i.mBxd d i.mBxd
pvdotspscimiéxd  prdotupscimigsd  pvdotuspscimi6xs  pusdotspscimigid  pvsdotupscimi6xd  prsdotuspsciml6d
pvdotspscimiéxd  pv.dotupscimiGed  pv.dotuspscimi6xd dotsp.sci.mi6xd o i.mi6xd . . miGxd

pvdotspscimiy?  pv.dotupscimigx?  pv.dotuspscimi6yl pvsdotspscimi6y?  pvsdotupscimifa?  pv.sdotuspscimiGi

[0 Potential to avoid code replica for
different formats

DECODER SR MAss

O T|ny Overhead on QNN for VIRTUAL SIMD INSTR  SDOTP.v
Switching format CSR IV TN | MULT/ALUT e

FORMAT
B Format switch not frequent in DNN, SDOTP.M8x4
e.g. every layer.

A 4

MULT/ALU | 5oV

A 4

A
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ing with RISC-V

8-Cores Cluster + XpulpNN + M&L (22nm)

m STM32L4 (M4)
w PULP (RI5CY) 0.8V

= O
=
oD
o
i

>_
@)
=z
L
O
LL
LL
L
>
@)
e
L
< 0.01

0.001

_146x 1.6x

8-bit convolution

401x I - i
e ]|

e Ll |

e L]l
e il

B ]|

e il |
|

|

m STM32H7 (M7)

m PULP (RI5CY) 0.65V

m PULP (XpulpNN + m&l) 0.65V M PULP (XpulpNN + m&l) 0.8V

294x

4-bit convolution

(3).4
: I [
1600x g
o0 i
|| e MH
. 1
e L]l
|| i B B
e ]|
B bl 1
Nl
| it g
| i

356X  7.4x

1230x
T .
I

2-bit convolution
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Working with RISC-V

Recovering more efficiency? Sub-pJ/OP Accelerators

o Backfed lﬂ;:ut Cell Deep Canvvolutional Netwoark {DCN) Deconvelutianal Netwark (ON) Deen Convolutanal inverse Lraphecs Netwark (OCHN)
nput Cel B, AR X X B X

T L e ST T
X . L 28 NG 1 . o4 P4 A W WY Q. )

£\ Noisy Input Cell (M \-O ‘9 oy “;"O N . e A‘n("ﬂ"ix NN /\.
X0 O\ B @, - G - Y

@ tidden call S O I\ v 9 O-@-0_ &9
X 0 & ® 8 X : X

e Probablistic Hidden Cell R B B
Cenerative Adversarial Netwoek [DAN) Ligusd State Machne (LSM]  Extreme Learrang Machine [ELM) Echo State Network (ESN)

@ Spirkmng Hidden Cell

. Output Cell ’G Q @ ‘ Q “ ,.’ . ‘\

o Qlﬁb

@ wcmaovuca OB FIeX|b|I|ty Needed' oes e

. Recurrent Cell O a % "'

Vi  Cell Deep Residual Network (DRN) Kobooen Netwark (KN)  Support Vector Machine (SYM]  Newral Tunrg Maching (NTM)
Memory Ce P ®

. Different Memory Cell ’ ﬁ_‘__g ‘ ﬁ @ ’ ,,gﬁ ‘0 Q ‘

s = o @'e ®
Kernel §@O@QWU. \‘:@0 ‘@'

) Convolution or Pool

asimovinstitute.org/neural-network-zoo
+ FFT, PCA, SVM, Mat-inv,...
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Tightly Coupled Data Memory BF=2

M
P\ A‘
PN 4 7§ ) §

1113 1 ] 1 1

e
: Ext.

1 Mem :

| —

interconnect

.
"y
-y

Acceleration with flexibility: zero-copy HW-SW cooperation
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Shared
Interconnect
Memory

Interconnect e Cores

HWPE wrapper

HWPE efficiency vs. optimized RISC-V core
1. Specialized datapath (e.g. systolic MAC) & internal storage (e.g. linebuffer, accum-regs)
2. Dedicated control (no I-fetch) with shadow registers (overlapped config-exec)

3. Specialized high-BW interco into L1 (on data-plane)
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A toy HWPE

externally, uses memory accesses (master ports)

internally,
uses streams

Shadow control register context

Peripheral access (target port)

ACACES 2021 - Sept 2021



Working with RISC-V

?
6

HW Convolution Engine

5. Fine-grainicleeKaatinognvolve-accumulate 4. Weights for each convolution
to minimize dynamicpsweaming fashion filter are stored privately.

TCDM
—
—
Streaming
—

streaming domain
| : memory domain;
! ! 1 3D-strided memory
| | lesses
0 . : :
s portel e | | : : 3. Allow “jobs” to be offloaded to
O ~port 1] 3 | i : the HWCE by the RISC-V cores
c < 4_2 E | 1 I 1 i
= g port 2 Q« \ : > : :
V3] — N : e — ()}
o & =T |8 4 — , HWPE Slave Module | [port 0 u O
DS = — L ) ) s Al
4 HWPE Register File S o
""""""""""""" > +
HWCE WRAPPER event ~  c

F. Conti and L. Benini, "A ultra-low-energy convolution engine for fast brain-inspired vision in multicore clusters,"
Design, Automation & Test in Europe Conference & Exhibition (DATE), 2015, pp. 683-688.
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Working with RISC-V

HWCE Sum-of-Products

xoin RIS | | inebuffer: min-bandwidth
1x 16-bit EDEE:DDDDEEDEEDDE sliding window
Each input channel pixel is Pixel il
read NoutFeatures times lx : sliding window of 5x5 16-bit pixels
" S PR ) y_in
5x5 16-bit ) 1x 16-bit
filters pixel

Each weight is read
once

Each output
ADDER TREE channel’s partial

sum pixel is read
/ SoP

(NinFeatures '1)
y_out* 1x 16-bit pixel

times

foreach (out_feature y):
foreach (in_feature x):
y += conv(W,x)
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Y(kout) = binarize.1 (bkout T Z (W(kout, kin) ® X(kin)))

XNOR
kln

binarize.(t) = sign (y%’u + ,B) \

Binary product - XOR
o lift > —x/A =1, else 0 (when A > 0) ﬁh ﬂ
binarize,1(t) = . 4+ 1
1ift < —k/A =1, else 0 (when A < 0) : 0
-1+ - 0 1 0
+1 -1 -1 1 0 0
s+l |a]1]1

y(kout) = binarizeg, (Z (W(kout, kin) ® X(kin)))

~ k\

Thresholding Multi-bit accumulation
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Working with RISC-V

XNE: XNOR Neural Engine

[Di Mauro et al. TCAS |, 2020]

FEAT REGISTER [Mgsu qg_m_:__l_stl_;qj Quentin in GlobalFoundries 22FDX
o1 001011 O T T T ——
0 ﬂ}-:..._.._.._.._._..__-l "t E
o [ Y, = < - = -
B & it & o E“"
T [r 4, 0 R e = E =
~Ho W11 1= 3
g 1 I & Ly o I ! PRIVATE MEMORY
1 P — <1 4.

RY

)

E .

s .

o4 - -

w T SHARED MEMORY =

L

u gty

= |

Shared memory is Private memory is XNE area is ~14000
56 KB SRAM + 8 KB 448 KB SRAM um2 (71 KGE, 72%

SCM + 3r2w 8 KB SCM Riscy+FPU)

BINCONYV: Binary dot-product and thresholding logic array
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Working with RISC-V

XNE Energy Efficiency

22 FDX measured silicon

= 200
With SRAMs, max eff % —| 115 1J/op
@ 0.65V 8.7 Top/s/W £ BTBIMW it
g 4 '
& 9
Q 80
With SCMs, max eff - gg 40.2 tJ/a "
@ 0.5V 46.3 Top/s/W : @1.14 m¥
E '
§ a0 e + EEH I: i
B 61 3 power-gated SRAMs)
L%} 20 o E!{' '!E1 lef'l?n'p * SRAM

The importance of on-chip memory options
L1 SCM, L2 high-density, low leakgage SRAM (activations), MRAM (weights)

040 0.45 D50 055 0.60 0.65 0.70 0.75 0.80

Vdd [V]

Note: All Memory
on chip
(max:MBs)

But... Accuracy Loss for BNNs is high even with retraining (10%)

Flexible allocation of precision is needed!
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ing with RISC-V

Flexibility needed: Binary-Based Quantization (BBQ)

INT32 accumulator

_ A

N

QNN layer : ko) quantr(Z(W(kim,k,-n) ® x(k,'n)))

kin
Q-bit output fmaps N-bit input fmaps
M-bit weights

Many M x N bits products...
... but one M x N product is the superposition of M x N 1-bit products!

power-of-2 scaling factors

ﬁu.t) = quﬂnf( Z Z Z zizj(wbin(koutrkin) ® Xbin(kin)))

i=0.M j=0.N kin L

Q-bit output fmaps x 1-bit input fmaps
1-bit weights

One quantized NN can be emulated by superposition of power-of-2
weighted M x N binary NN
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Working with RISC-V

Reconfigurable Binary Engine
Y (ko) = quant( DY 22 (Wi Coues in) ®xbin(km))>

i=0.M j=0.N kip

github.com/pulp-platform/rbe

RBE Block
reduction reduction
Fmap Buffer tree = Peak throughput
) BinConv & BinConv 10368=9x9x4x32

> 9X9 array stationary (32b

T
E
31 P
J i

Ctrl& —

reduction reduction
tree tree

& BinConv BinConv

inputs

* 3

(g gex6) MUN 1S/AT 10199/

INADL T1 Wo4y/0]

6

5
weights 4
streamed {3
2

1

0

W0.}/0}

(32b)

o'l [edayduad
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Working with RISC-V

23 Mixed-Precision Quantized Networks — CMIX-NN

[Capotondi et al. TCAS 11, 2020]

Apply tensor-wise quantization to fit memory constraints with low accuracy drop

Avgbit 6.7 Act
Avgbit 5.9 Wgt

|22471.0| | |
Best Top1: 70.1% =~ MobilenetV1l 224 INT8 P2 g l'
» ESULOpTL. IV, LA S —e— MobilenetVl 224 Mixed Precision s 3
i -~ MobilenetV1l_224 INT4 P22 P6
___________ 70 . D21 D7 \
. g P20 P8
H .- D19 D9 -
; 80 3 2 (oo Rule-based bit
o 2 > precision
2 | Topl643% Tpl68% | selection based
: v 224 0.5 ) 224 0.25 PO
: - E—] P | on memory
- £ constraints

1)
P14

1)
P14
Topl 63.5%

Topl 51.7%

Weight Bits

Only -2% wrt most accurate INT8 mobilenetV1 (224 1.0) which does not fit on-chip

+8% wrt most accurate INT8 mobilenetV1 fitting on-chip (192_0.5)

+7.5% wrt most accurate INT4 mobilenetV1 (224 _1.0) fitting on chip
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ing with RISC-V

HW acceleration in perspective
Using 22FDX tech, NT@0.6V, High utilization, minimal IO & overhead

Energy-Efficient RV Core = 20pJ (8bit)

Y 2
ISA-based 10-20x >1-2pJ (8bit) B XPULPV2&V3
Y 2
Configurable DP 10-20x - 50-100fJ (4bity W) HWCE, RBE, NE
Y 2

Fully specialized DP 10-20x ->5-10fJ (ternary) » XNE, CUTIE*

*See M. Scherer presentation, tinyML21 — sub 1fJ in 7nm
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Towards In-Sensor: Achieving sub-mW average power?

1mW average power with 10mW active power (10GOPS @ 1pJ/OP) - sub mW sleep

Core 1
Core 2
Core 3

Semtech 1276 ) CYW4343W

Core 4
Core 5
Core 6
Core 7

Sblo

UART
&7
1 Mb 200 Mbps | HCI
pe STM32F4
o

Duty cycling not acceptable when input events are asynchronous - watchful Sleep

Log(P) 4

Detect&Compress—>1-10mW

Watchful sleep > <1mW

Stream—-> 100mW

ACACES 2021 - Sept 2021




]
(&)
o
c
c
(@]
(]
S
(0]
4
c

RISC-VERRISC-VERRISC-VERRISC-V
core core core core

Smart Wakeup Module
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¢ —Em ==

Always-on Domain

ACACES 2021 - Sept 2021



Autonomous
HD-Computing
Unit
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Working with RISC-V

HD-Based smart Wake-Up Module

Tightly Coupled Data Memory BF=2

= -y
I ext. |
I Mem

—
O
Q
=
=
@]
o
S
Q
—
=

Logarithmic Interconnect

RISC-VERRISC-VERRISC-VERRISC-V
core core core core

Autonomous
Preprocessor HD-Computing
Unit

- Always-on Domain
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Working with RISC-V

Not Only CNNs: Hyper-Dimensional Computing

'8 |
Ig LBP = 000010} y . 18'[ 2nd 3[‘ d 4t h 1000t h
‘ apping
: —J[0 1 0 Lo, 1]
b3
c! s Low Dimensional
3' Input Data
| 2 . ‘ = (e.g. 7-bit LBP)
[ S I ¥ "'?:‘::] 04 a3
[0101 oo, Search Vector " Associative Memory
[1 110 ......cvuvn... r A \ §
1100 .............. — 3}
{0111 .............. — Encoding (11201 .............. 1] g
. « Component- RO 5
. - Similarity Search =
' >900/0 wise MajOI’Ity (e.g. Hamming Distance) De_
* XOR
A e * Permutation
E.: : |..:'.'|'..'| ed, al
%
Highly parallel, fault-tolerant binary » Merge storage & computation
e e s OpeErators, assoc-min-distance search l.e. In-memory computing

[

LBk e TH

ity
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In-memory Hyperdimensional Computing

Associative Memory

[0100010
[1000101
[0100101

[0100101

N ass Cycles

Associative Memory

O




ing with RISC-V

HD-Based Smart Wake-Up MOdUIe - Hypnos [Eggiman et al. arxiv.org/abs/2102.02758]

github.com/pulp-platform/hypnos
] T -

Design (post P&R)
Technology GF22 UHT
Area 670kGE

Max. Frequency 3 MHz

clk 32kHz 200kHz

max. sampling rate 150 SPS/Channel 1kSPS/Channel
Pswu. dynamic 0.99uwW 6.21uW

Pswu, leakage 0.7uwW 0.7uwW

Pspi, dynamic 1.28uW 8.00uwW

Pswu, totas Measured 2.97uW 14.9uW

Implemented with
lowest leakage cell
library (UHVT)
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ing with RISC-V

PULP in HPC?

So far, focus on low-power applications: near-sensor processing, nano-UAVs,
etc...

... what about high-performance computing?
energy efficiency of capital importance (power = $$$ spent for cooling, energy bill)

Hardware accelerators provide a key technology for HPC
compute-dominated workloads
highly parallel workloads
efficiency in Joules/op and power envelope in kW are important metrics
flexibility is also of primary importance

Our focus so far has been on artificial intelligence
deep inference + deep learning: NTX
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Working with RISC-V

specialized for deep learning applications (ReLU, masking...)

NTX: Boosting HWPEs for Deep Learning

The Neural Training Accelerator (NTX) [4] is built around a float32 fused multiply-accumulate core

32 bit inputs, ~300 bit partial carry-save accumulator,
normalization upon write to memory.

/

FMAC

-

X

partial carry-save (PCS) .
arithmetic with 2 segments

+/- g £
¥ o %)
NS s
S =
<

RD1 S (RDO|
N\

Cmd
Fifo - Comp

\ y

51 v i
—p Datapath 16b Index
ctrl Counter 0

FPU J/

17—

— Relu
/

/

Datapath supports additional ReLU, comparison,
and masking operations (for DNN layer derivatives)
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Working with RISC-V

9 nested hardware loops and three address generators

NTX: Boosting HWPEs for Deep Learning

The Neural Training Accelerator (NTX) [4] is built around a float32 fused multiply-accumulate core

specialized for deep learning applications (ReLU, masking...)

I 1 \ 1 F Y [ S
I # I S partial carry-save (PCS)
arithmetic with 2 segments
AGUO AGU1 AGU2 0 =
Base, Strides[0..4] Base, Strides[0..4] Base, Strides[0..4] =] +/- & wn &
= X +Hzs s
[ % =

-— -

16b Cnt 16b Cnt 16b Cnt 16b Cnt 16b Cnt
En Done [ En Done P En Done W En Done B En Done
LO L1 L2 L3 L4
AGUs & HWLOOPS Loop Done Signals

Comp |<-|

v

Datapath

Ctrl

— Relu

|
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Working with RISC-V

NTX: Boosting HWPEs for Deep Learning

The Neural Training Accelerator (NTX) [4] is built around a float32 fused multiply-accumulate core
specialized for deep learning applications (ReLU, masking...)

I # I QS: FMAC partial carry-save (PCS)
arithmetic with 2 segments
AGUO AGU1 AGU2 0 L =
Base, Strides[0..4] Base, Strides[0..4] Base, Strides[0..4] — +/- & wn & =
= Wi i B g
16bCnt| [16bCnt| [16bCnt| [16bCnt| [16bCnt =[N - <
En Done P En Done HP En Done B En Done WP En Done 7
Lo L1 L2 L3 L4
AGUs & HWLOOPS Loop Done Signals |( ™ o ™
o
Reg IF ’ ~Loop Bounds L0-4, Controller . 2
) Address Bases, Strides
C/S/IRQ , s e fﬁ .
& Init/LD/ST/Done Trigger Fila omp
Cmd < s FsM ] 1l v g
Staging ‘é FHUERCEr B Datapath 16b Index
Area G .| OpCode LUT H Ctrl Counter 0
@750MHz Opcode, Loop Nest Config FPU ]

Memory-mapped control
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Working with RISC-V

NTX: Boosting HWPEs for Deep Learning

The Neural Training Accelerator (NTX) [4] is built around a float32 fused multiply-accumulate core
specialized for deep learning applications (ReLU, masking...)

To/From RISC-V Processor (32bit port)

:

elehz RAddr0 > - ﬁ NTX
(also used for Init) | RAddr1 ST Addr
R 5 . Sl W
Q FMAC partial carry-save (PCS)
ﬁ arithmetic with 2 segments \’ g
AGUO AGU1T AGU2 0 B = S e
Base, Strides[0..4] Base, Strides[0..4] Base, Strides[0..4] =] +/- & wn & = 5_ iy
5 XN (LS 2 > 2l |2
16bcnt| [16bcCnt] [166Cnt| [166Cnt| [16bCnt EMNN $ < s[2] |8
En Done W En Done | En Done B En Done P En Done 7 1S =
Lo L1 L2 L3 L4 \'7 <8 §
QL = —
AGUs & HWLOOPS Loop Done Signals ™ o ™ o — ElLd |=
oc Q 5 = ] Q
Reg IF . Loop Bounds LO-4, Controller R = «© § = M
) Address Bases, Strides L~ = 2(ls g
C/S/IRQ Y g |J p = SHEmE
m Init/LD/ST/Done Trigger Fifo - omp sme el 1S
Cmd < s FsM 1 0 v g S [°
Staging [P & EGENCER > Datapath 16b Index ~ g
Area S Ly OpCode LUT H Cal Courter B G 7 S
@750MHz Opcode, Loop Nest Config FPU ! —‘/ " B
| 7 y

2 ports into cluster memory
read operands and write
back results.
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Working with RISC-V

NTX-Augmented Clusters

Peripheral
Interconnect

Tightly Coupled Data Memory Interconnect + Demuxes

tt 1t tt 1t tt 1t tt 1t

NTX INTX NTX §NTX Core #0 NTX FNTX FNTX NTX Core #1
#0,0 §#0,1 §#0,2 §#0,3 #1,0 g #1,1 §#1,2 §#1,3

d

Each core controls privately
a subset of NTX’s in cluster

Computation in a cluster is dominated by accelerators (NTX)

F. Schuiki, M. Schaffner, F. K. Glurkaynak and L. Benini, "A Scalable Near-Memory Architecture for Training Deep Neural
Networks on Large In-Memory Datasets," in IEEE Transactions on Computers, vol. 68, no. 4, pp. 484-497, 1 April 2019.
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Working with RISC-V

NST Stream MAC example

ONCE FOR EACH 4D TILE

ISSUE_CMD({MEM_LDC, AGUO S0, 1); 9
ISSUE_CMD({MEM_LDC, AGUD_S1, TCI*(Sx-1)); AGO SETUP
ISSUE_CMD{MEM_LDC, AGUO_S2, TCI*[TXI*Sy-5x*KX+1));
I ! 3 , AGUL_50, 1);
ISSUE_CMD{MEM_LDC, AGU1_51, 0); AG1 SETUP
ISSUE CMD{MEM LDC, AGU1 52, 0):

For k=0; k<E2; k++:
For j=0; j<E1; j++:
For i=0; i<EQ; i++:
ACC +=

ISSUE_CMD(NSTO, MEM_LDC, HWL_EQ, TCI); |\ oo AGUO += S0,
ISSUE_CMD{NSTO, MEM_LDC, HWL_EL KXl orri o AGUT += S1
ISSUE CPMD{NSTO, MEM LDC, HWL E2, KY): aJ
r{ b= heMUIM AATCHES: hi) { AGUO +=50,
AGs START ADDRESS SETUP AGU1 +=51,
ISSUE_CMD(NSTO, MEM_LDC, AGUO_A, &kernels[tcol[0101 ) AGUO += S0
ISSUE CMD{NSTO, MEM LDC, AGU1 A, &tile in[tyol[txo]]! 2
ISSUE_CMD(N5TO, STREAM_MAGC, 0, L); AGU1 += 51,

} 3D CONVOLUTION EXECUTION

ONCE FOR EACH 3D TILE \

TCDM[AGUO] x TCDM[AGU1]

®
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Working with RISC-V

X3
G,

NTX-Augmented Clusters

Tightly Coupled Data Memory Interconnect + Demuxes

;‘01:2 Q@@ ‘o %ﬂ%% ‘m
Lo Lo
1$ 1$

Tightly Coupled Data Memory Interconnect + Demuxes

;‘01:2 Q@@ ‘o %ﬂ%% ‘m
Lo L0
1$ 1$

Tightly Coupled Data Memory Interconnect + Demuxes

;‘01:2 Q@@ ‘o %ﬂ%% ‘m
Lo Lo
1$ 1$

Tightly Coupled Data Memory Interconnect + Demuxes

Core #0 Core #1
L0 Lo
1$ 1$

Many clusters are connected
through a higher level
interconnect (e.g. AXI) to scale
up computing performance
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Parallel Ultra Low Power

Luca Benini, Davide Rossi, Andrea Borghesi, Michele Magno, Simone

! ' Benatti, Francesco Conti, Francesco Beneventi, Daniele Palossi, Giuseppe

' Tagliavini, Antonio Pullini, Germain Haugou, Manuele Rusci, Florian Glaser,
Fabio Montagna, Bjoern Forsberg, Pasquale Davide Schiavone, Alfio Di

‘ Mauro, Victor Javier Kartsch Morinigo, Tommaso Polonelli, Fabian Schuiki,

Stefan Mach, Andreas Kurth, Florian Zaruba, Manuel Eggimann, Philipp
Mayer, Marco Guermandi, Xiaying Wang, Michael Hersche, Robert Balas,

~m Antonio Mastrandrea, Matheus Cavalcante, Angelo Garofalo, Alessio

Burrello, Gianna Paulin, Georg Rutishauser, Andrea Cossettini, Luca
- Bertaccini, Maxim Mattheeuws, Samuel Riedel, Sergei Vostrikov, Viad

b Niculescu, Hanna Mueller, Matteo Perotti, Nils Wistoff, Luca Bertaccini, Thorir
i* ® |ngulfsson, Thomas Benz, Paul Scheffler, Alessio Burello, Moritz Scherer,

Matteo Spallanzani, Andrea Bartolini, Frank K. Gurkaynak,
and many more that we forgot to mention

. http://pulp-platform.org , @pulp_platform




