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CloudML -=> TinyML

TinyML Opportunity
Edge Al chips by device, 2020 and 2024 (millions of units)

B Smartphone W Tablet Speaker m Wearable Enterprise edge
2020
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2024
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Sources: MarketsandMarkets, Edge Al hardware market by device (smartphones, cameras, robots, automobiles,
smart speakers, wearables, and smart mirrors), processor (CPU, GPU, ASIC, and others), power consumption, process,
end user industry, and region—global forecast to 2024, April 4, 2019; Deloitte analysis.
Deloitte Insights | deloitte.com/insights

TinyML challenge
Al capabillities in the power envelope of an MCU: 10-mW peak (ImW avg)



TOP 1 ACCURACY

Al Workloads - DNNs
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Energy efficiency @ GOPS is the Challenge

ARM Cortex-M MCUs: M0+, M4, M7 (40LP, typ, 1.1V)*

u Mo N 1pJ/MAC=1GMAC/mW
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3 35 :
Performance (coremark/MHz)

High performance MCUs

*data from ARMs web
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RISCY - An Open MCU-class RISC-V Core for EE-AI

[Gautschi et al. TVLSI 2017]

3-cycle ALU-OP, 4-cyle MEM-OP-IPC loss: LD-use, Branch

Debug Interface][
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[TCDM - Log. Interco

40 kGE

/0% RF+DP

* ISA s extensible by construction (great!)

P RISC
V1 Baseline RISC-V RV32IMC (not good for ML)
HW loops
V2 Post modified Load/Store
Mac RISC-V = V1
V3 SIMD 2/4 + DotProduct + Shuffling
Bit manipulation unit V2
V3

Lightweight fixed point

XPULP extensions: 25 kGE - 40 kGE (1.6x)
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PULP-NN: Xpulp ISA exploitation

8-bit Convolution

RV32IMC RV32IMCXpulp —
N addi a0,a0,1 N/4 Ip.setup
addi t1,t1,1 p.lw w1, 4(a0!)
addi t3,t3,1 p.lw w2, 4(al!)
addi t4,t4,1 p.lw x1, 4(a2!) LD/ST with post
lbu a7,-1(a0) p.lw x2, 4(a3!)
lbu a6,-1(t4) pv.sdotsp.b s1,wl, x1
lbu  a5,-1(t3) pv.sdotsp.b s2, wl, x2 8-bit SIMD sdotp
lbu t5,-1(t1) pv.sdotsp.b s3,w2, x1
mul sl,a7,a6 pv.sdotsp.b s4, w2, x2
mul a7,a7,ab end
add s0,s0,s1
mul a6,a6,t5
add t0,t0,a7
mul ab5,a5,tb
add t2,t2,a6 Ox less
E‘dd t65’t66a15 S00n instructions
ne S AR aehe than RV32IMC

P+ T||] so, E=P*T|] Nice!
But what about the GOPS?
Faster+Superscalar is not efficient!

» M7:5.01 CoreMark/MHz-58.5 uyW/MHz
M4: 3.42 CoreMark/MHz-12.26 pW/MHz
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ML & Parallel, Near-threshold: a Marriage Made in Heaven

- Efficiency vs VDD chip0O1 [Rossi et al. IEEE Micro 2017]
" As VDt'? decreajzs’ L point__J | Better to have Nx PE§runningat |
EEEEE o froseeeense s . .
operating speed decreases Q | optimum Energy than 1 PE running
= However efficiency 0 200
increases—> more work ?E- a5 | 450
done per Joule »
P S 40 F- H 400 —
. = § I
= Until Ie?kage effects start = sl 450 =
to dominate E | | s | 4 | g
B B0 g : 300 8
= Putmore units in parallel S 5 : : VW g
to get performanceupand § °[ g o g 230 .
keep them busy with a 20 [ A— A— e g ' 200 =
parallel workload 2
£ 15 b e o 150
L | g :
ML is massively parallel U e R v A R R—— 100
and scales well g b g g T B 50
(P/S A with NN size) '
0 0
0.4 0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2

VDD [V] (+50mV SoC, +100mV Mem)



Multiple RISCY Cores (1-16)

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

CLUSTER




' Low-Latency Shared TCDM

Memb5 Mem6
\

J




DMA for data transfers from/to L2




Shared instruction cache with private “loop buffer”

Logarithmic Interconnect

intéérconnect
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= 8-bit convolution
= Open source DNN library

= 10x through xPULP
= Extensions bring real
speedup
= Near-linear speedup

= Scales well for regular
workloads

= /5x overall gain

= Sub-byte: x2-4x better

= Mixed precision supported
(more later)

Results: RV32IMCXpulp vs RV32IMC
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[Garofalo et al. arxiv.org/abs/1908.11263]

m PULP(RV32IMCXpulp)

--@-|ldeal Speedup

| Overall Speedup of 75x

Near-Linear
Speedup

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

1 CORE 1 CORE 2 CORES 4 CORES

8 CORES




An additional /O controller is used for IO
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Logarithmic Interconnect

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

Open sourced since 2017: github.com/pulp-platform/pulp




Deploying DNNs on PULP

€) ONNX O PyTorch
1‘1%4‘1?‘1‘1!‘1"

Quar_ltL_ab specification & dataset selection
Quantization Laboratory

training
NEMO
NEural Minimization for pytOrch guantization & pruning
DORY
Deployment Oriented to memoRY memory-aware deployment

.

PULP Neural Network backend

&® v
P

github.com/pulp-platform/nemo, /dory, /pulp-nn
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(O Backfed Input Cell
Input Cell
/\ Noisy Input Cell
‘ Hidden Cell
© rrobablistic Hidden Cell
@ spiking Hidden Cell
. Output Cell
. Match Input Output Cell
. Recurrent Cell
. Memory Cell

. Different Memory Cell

Kernel

(O Convolution or Pool

asimovinstitute.org/neural-network-zoo

What's next? Sub-pJ/OP Accelerators

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
—._ ,, P feid
X_ @ O X
SN ' P N
g~ \O/ '. :0;1 "’ \O Ly
>< N o/ X O '0‘ N O ><
. Y va N
Ul /O o ] .
X_ 8 ¢ X

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

0\';“"“ '6'

w

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

N S B 6 B 6 B
o T Jom T S S T

+ FFT, PCA, Mat-inv,...




mm-n

interconnect

Acceleration with flexibility: zero-copy HW-SW cooperation
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Hardware Processing Engines (HWPEs)

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)




Extreme Quantization—> Binarization with XNOR nets

y(koyt) = binarize.q (bkout + Z (W(kout, kin) ® X(kin)))

XNOR
kin

t —
binarize.(t) = sign (y—'u + ﬁ) \
o

Binar roduct =2 XOR
Lits i naseo ohenso [ NIOED
-1 0 0 1

1ift < —«x/A =1, else 0 (when A < 0)

binarize, 1(t) = { 1|

-1 +1 ) -1 0 1 0
+1 -1 -1 1 0 0
+1 | +1  +1 1 1 1

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

~ k\

Thresholding

Multi-bit accumulation




[Di Mauro et al. TCAS |, 2020]

XNE: XNOR Neural Engine

GG | MASK REGISTER)| Quentin in GlobalFoundries 22FDX
0 1 0 0 1 0 11 00 1 1 1 1 1 1
04— 10— ——— Z
O L 0 O ———— E 2
H Y 0Ottt 0 R w
=0 4, 1 QO 1-»+25'$
T (= Q- R Q- g O S I
O Q1 O-——— 1 | 3¢
g i ‘Q. i - ’0_4"1 0 IR QO
1 Q-1 - <
_____ ACCUMULATORS —
(2 K2 -1
sgn(A) T . _—
Lolaf - Y/
| Do F |

THRESHOLDING
PHASE

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



XNE Energy Efficiency

22 FDX measured silicon

— 200
With SRAMs, max eff —g— —» 115 fJ/op
@ 0.65V 8.7 Top/s/W = @783mwW . ———— .
£ 1%
2 80 e “1| Note: All Memory
With SCMs, max eff ; 60y ‘ j: on chip
’ g 5 @1A4mW (max:MBs)

@ 0.5V 46.3 Top/s/W

n
o O
+
IS
e
N
Do =h
3§
+ 4335
5o
R

1o

a

P 30 + SCM

o 21 .6 fJ/op J.r ggkﬂ Nﬁpower—gated SRAMs)
c  opllLL @ 117 uW

w

0.40 0.45 0.50 055 0.60 0.65 0.70 0.75 0.80

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

But... Accuracy Loss is high even with retraining (10%-+)
Need flexible precision tuning!



Flexibility needed: Binary-Based Quantization (BBQ)

INT32 accumulator

A

(g

QNN layer : Ik quant(Z(W(ko\ut;km) ® 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

/
&ut) = quant( Z Z Z zizj(wlin(koutrkin) ® Xbin(kin)))

i=0.M j=0.N kin L
Q-bit output fmaps 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




Reconfigurable Binary Engine
Y (ko) = quant( D) 22 (Wi e, in) ®xbin(km))>

i=0.M j=0.N kin

github.com/pulp-platform/rbe

RBE Block
reduction reduction
Fmap Buffer tree = Peak throughput

) BinConv & BinConv 10368=9x9x4x32
reduction reduction
tree tree

&
(@)
—+
o
— -S
S 5
3 O & BinConv BinConv
~~
L
—
= g inputs
. 2 ox0 ay -
- —
z S 31 B |31
J : . :
A - i . g
N D 6 D - e
o Acc Acc Acc = » s
= 58 5 e
—’ Ctrl & ‘ -5 : weightsd : » - *:
' - streame
g_J 3 1 ‘» 41
._' 0 :.-u

Energy efficiency 10-20x (0.1pJ/OP) wrt to SW on cluster @same accuracy
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=~ MobilenetV1l 224 INT8

=~ MobilenetV1_224 Mixed Precision

-~ MobilenetV1l_224 INT4

~4
o

3 & b a

Imagenet Topl accuracy

K Mixed-Precision Quantized Networks — CMIX-NN

22471.0'

pogL2
5

PO |_

2
P14

D15 D
P14

| Topl 68%

PO

15 D
P14

|_224_0.25| PO

1)
P14

Topl 63.5%

| . Topl51.7%

Weight Bits

+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

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

[Capotondi et al. TCAS I, 2020]

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

Rule-based bit
precision
selection based
on memory
constraints
Avgbit 6.7 Act

Avgbit 5.9 Wgt




HW acceleration in perspective
Using 22FDX tech, NT@0O0.6V, High utilization, minimal 10 & overhead

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

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

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

*See M. Scherer presentation, tinyML21 — sub 1fJ in 7nm




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
Core 4
Core 5
Core 6
Core 7

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

Log(P) 4

Stream—-> 100mW

Detect&Compress—>1-10mW

Watchful sleep 2> <1lmW




Need pW-range always-on Intelligence
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RISC-VERRISC-VERRISC-VERRISC-V
core core core core

Smart Wakeup Module




HD-Based smart Wake-Up Module

— @
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<=

- s ¢ & 4

=~ TS S S

y : Ext.
Q) :— ==

Always-on Domain




HD-Based smart Wake-Up Module

— @
<

s &+ ¢+ & & 8
<=

- s ¢ & 4

=~ TS S S

\ Ext /O Autonomous
: ‘ Aéé — Preprocessor HD-Computing
\ Py Unit

Always-on Domain




HD-Based smart Wake-Up Module

= -y
I ext. |
I Mem

interconnect

Logarithmic Interconnect

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

Autonomous
Preprocessor HD-Computing
Unit

Always-on Domain
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Not Only CNNs: Hyper-Dimensional Computing

-

/ LBP = ‘000010’

IAccuracyf

1st 2nd 3rd 4th 1000th
Mapping
— [0 1 O 1 e e e 1]
| LEP = 100007 Low Dimensional
| Input Data
¥ | (e.g. 7-bit LBP)
0 0.1 0.2 ﬁmg.lss] 0.4 05
0101 oovvvnennnnn.. U— Search Vector " Associative Memory
[21 10 ouneennnnn... 1] — ' A O
L1100 ..ovvvrnnnn... 0] ——» HD- —> (1101 1] ©
B [1 101 .............. S
[01 11 v, 1] — QEseLellle >
- b 3
« Component- %‘
. - Similarity Search =
’90% wise Majority (e.g. Hamming Distance) DC%
* XOR
— « Permutation
Data et. al
Highly parallel, fault-tolerant binary » Merge storage & computation
s e s1e; OPErators, assoc-min-distance search l.e. In-memory computing

Dimensionality




In-memory Hyperdimensional Computing

Associative Memory

[0100010
[1000101
[0100101

[0100101

N ass cycles

Associative Memory

O




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

github.com/pulp-platform/hypnos l
— [ P e e

Design (post P&R)

Technology GF22 UHT Implemented with

lowest leakage cell
Area 670kGE t library (UHVT)
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

12 Spidynamic 1.28uW 8.00uwW

Pswu, totas Measured 2.97uW 14.9uW




All together in VEGA: Extreme Edge loT Processor

[Rossi et al. ISSCC21]

» RISC-V cluster (8cores +1)
614GOPS/W @ 7.6GOPS (8bhit
DNNs), 79GFLOPS/W @
1GFLOP (32bit FP appl)

= Multi-precision HWCE(4b/8b/16b)
3x3x3 MACs with normalization /
activation: 32.2GOPS and
1.3TOPS/W (8bit)

= 1.7 yW cognitive unit for
autonomous wake-up from
retentive sleep mode

interconnect

SoC: SoOA MCU  Parallel SW prog. accelerator



» RISC-V cluster (8cores +1)
614GOPS/W @ 7.6GOPS (8bhit
DNNSs), 79GFLOPS/W @
1GFLOP (32bit FP appl)

= Multi-precision HWCE(4b/8b/16b)
3x3x3 MACs with normalization /
activation: 32.2GOPS and
1.3TOPS/W (8hit)

= 1.7 yW cognitive unit for
autonomous wake-up from
retentive sleep mode

= Fully-on chip DNN inference
with 4AMB MRAM

<&
<«

3000 ym

© 8480888 vooos

®0s00 a0 e ,

: HI CSI2 liDCI
-

ooo
FLLs

SOC
DOMAIN

CLUSTER
DOMAIN

4e]
SWITCHE:
e

swu
DC/DC l

MRAM

gy " gEEeeRE BB S0 GFesELEIEEEAIBEE

!!Ql

wrl 000¥

| BEBpgoepgocsnBEs

All together in VEGA: Extreme Edge loT Processor

Technology | 22nm FDSOI
Chip Area | 12mm?

SRAM 1.7 MB

MRAM 4 MB

VDD range | 0.5V -0.8V

VBB range |0V-1.1V
Fr.Range |32 kHz-450 MHz
Pow. Range | 1.7 pW -49.4 mW




Full DNN Energy (MobileNetV2)

Bandwidth [MB/s] Energy per byte [pJ/B]
10000 8000 1000 %
1900 o % r. HyperRAM (ext)—L2w/ 1/0 DMA
/ B MRAM—L2w! /0 DMA
1000 20 /
/ B | 211w Cluster DMA
300 10 /
' <1
100 1 % -
end-to-end on-chip computation  3.5x less energy
119 md +
weights on MRAM EEm—— 4.16 mJ

i i
WelghtS on HyperRAM AL LA LSS S Ao LSS A S S S o A A A S S SAo  AASAASSSAASAAA Y

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5
Energy per Inference [mJ]




When you count mWatts, everything matters!

What about IO power? (Mem, Sensor)

- SPIS —8— Quad SPI SDR —@—Quad SPI DDR —@— Octal SPI SDR
Octal SPI DDR —@—Taped-out link —@—Single SPI

[Okuhara et al. ISCAS20]

= |/O VDD=1.8V
= fspi-max=50MHz, 140

Backjilluminated Pixel section
=  Assuming duty-cycled operation @ 120 (‘EMOS 'mafjse"w
. . onceptual diagram
various bandwidths Lfrwmt Yomicns)
DRAM
= ULP serial link (duty-cycled) 104 Layer structure R Circuit section
= 10.2x less energy and 15.7x higher Z o
maximum BW compared to single SPI g ,
) L. P Back-illuminated
= 2.56x higher efficiency than the DDR g 90 CMOS image sensor e
LlCJ (Conceptual diagram Circuit section
OCtaI SPI @787|\/|bpS viewed from side)

- 5 3pJibit b

= However it’s still 2mW@ 500Mbps 20

= 3D integration: 0.15pJ/bit and below .
0.1 1 10 100 1000

Bandwidth [Mb/s]

From near-sensor to in-sensor (3D IC)



Closing thoughts — Open Platform for TinyML

PULP is an Open Platform

= For science ... fundamental “research infrastructure”
Reduce “getting up to speed” overhead for partners
Enables fair and well controlled benchmarking

= For Business ... it is truly disruptive
Reduces the NRE , faster innovation path for startups
New business models (for profit and non-for profit)

Exemplary collaboration with GF (Quentin, Vega...)

Heterogeneous & Flexible
= 1-3 orders of magnitude improvement (wrt to efficient RV) by acceleration
ISA - Configurable - Fully customized + heterogeneous architectural combinations

= Focus on IO energy (memory, sensor) to achieve sub pJ/OP @ full platform
3D-IC technology is a key enabler




PULF

Parallel Ultra Low Power

@
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