Plenty of Room at the Bottom?

Micropower Deep Learning for
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First, it was machine vision... Now it's everywhere!

IMAGENET Growing Use of Deep Learning at Google [J. Dean]
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Raw data

Low-levelfeatures

““"Deep neural networks (DNNs) ..

Mid-level features High-levelfeatures

Application components:

Task objective
e.g. Identify face
Training data
10-100M images
Network architecture
~10 layers

1B parameters
Learning algorithm
~30 Exaflops

~30 GPU days

<ANVIDIA
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Layer-by-layer computation

output layer

( : ) . 5 >
’ o 2 >
AL S _ ‘,‘\‘gwg
RSN f\\g
S e N
— W o — S e — —
1
. hidden layer 1 hidden layer 2 hidden layer 3
input layer
oo
R
"‘

weight matrix

suoleAnoe indinQ
suoleAljoe Indu

Repeat for each layer

Training by recursive backpropagation of error on fitness function @nvioia
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Deep Convolutional NNs

CNN Computation: main kernel (per layer)

Kernels

Multiple 3D 6D Loop
Kovig For each output map |
X For each input map k
For each pixel x,y
For each kernel element u,v
Byyi = Apcupy-vi X Kuvig
eyt crienes LR
Input maps Output maps PN e T
Axyk Bxyj

Filters conserved through plane

Canvolutions Subsampling

MAC-dominated — even without batching

Can be cast as matrix multiply

<A NVIDIA
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Why?

Because they are good at matrix multiply 2 90%
utilization is achievable (on lots of “cores”)

28pJ/OP*

Pascal GP100
3840 “cores”

¥

3840 MAC/cycle
@ 1.4GHz

\ 4

5.3 TMACS (FP)
@300W

*Volta with tensor engine
claims 4x better E
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“"HW for deep Networks: Frenzy - -

DNN Processing Units [Microsoft HC17]

1ninni
ASICs
mnnnni imnnnni

MS BrainWave Cerebras
Baidu SDA Google TPU
Deephi Tech Graphcore

ESE Groq .
Teradeep Intel Nervana MOStly inference

Etc. Do acceleration
ave Computing

Ele

Datacenter » High-performance embedded > mobile
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Inception-v4

80 - : s :
Inception-v3 o E  ResNet-152
ResNet-SO‘  VGG-16
75 4 ResNet-101 '

“ ResNet-34

70 A ResNet-18

o GooglLeNet
ENet

° BN-NIN

VGG-19

65 4

Top-1 accuracy [%]

60 -

BN-AlexNet

55 1 ‘ AlexNet

50

0 5 10 15 20 25 30 35 40
Operations [G-Ops]

Better networks are not necessarily more complex

[Culurciello16]
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DNNs Are Evolving Rapidly

SqueezeNet + DeepCompression:
6-bit, 20-50% sparse

Many efforts to improve efficienc
y P y AlexNet accuracy, ~500x smaller(0.5MB)

XNORnet (1-bit) 2> ~2% AlexNet

Batching
Reduce bitwidth Il W O 113 <]2] TernaryNet (2-bit, 50% sparse) > ~1% ResNet
Sparse weights 3 PY X o BinaryConnect
o . N nn
Sparse activations @< 403 | | Ao XNORNet
. £ : [NIPS15] TernaryConnect
Compression Shared W SparseCNN [ICLR'16]
Compact network ) [CVPR15] DeepC
weights . pLomp
. . ~3.5 Spatiall Pruning [ICLR'16]
All applicablefor inference S pa '%IEI/N [NIPS'15] S Net
Some fortraining years paree HashedNets # ~1 SaueezeNe
[CIFAR-10 [ICML'15]
winner*14] year
AlexNet VGG GoogleNet ResNet
Deeper LeNet5 (~80% Top5) (~89% top5) (~89% top5) (~94% top5)
N 5 layers 8 layers 19 layers 22 layers 152 layers
More params? params:1M  Params: 60M Params: 140M Params: 6M Params: 60M
Larger model? Model: 4MB Model: 240MB Model: 500MB Model: 24MB Model: 240MB
————— >
Poore 2012 2013 2014 2015 2016

[Intel FPGAS 2017]

Orders of magnitude compute effort an memory reduction with no loss in accuracy
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What’s Next?
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[Freescale]

BAN, PAN/, Hierarchical Wired/Wireless. Remote Application/Action

Wired/Wireless, Layers of Powerling Clohd based T

Power Line, Aggregation/ :
WAN Processing devi ith
LAN Hubs/Gateways Vices wilh screens or
2 y automatically driven

aclions based on data
parameters

0 o..._ Hierarchical G
O Gatxays Insights/Big Data
| A eo Data analytics for
\ business intelligence
©- :

0 Layers of Embedded Processing 9 Sensors & Actuators e Connectivity: BAN/PAN/LAN/WAN

6 *IE :” $ d sl

= b

Edge Product

o
O
®
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[Freescale]

Application/Action

Wired/Wireless, Layers of Power Lina Clalidbasad TS

Power Line, Aggregation/ ;
WAN Processing devi ith
LAN Hubs/Gateways VICeS Wiih Screens or
2 y automatically driven

aclions based on data
parameters

0 o._ Hierarchical e
Gateways
y Insights/Big Data
A oo Data analytics for
\ business intelligence

BAN, PAN/, Hierarchical | \viredmwireless, Remote

Edge Product

o
>,
®

o Layers of Embedded Processing 9 Sensors & Actuators e Connectivity: BAN/PAN/LAN/WAN

— . ————

Apple A11 90mm2 TSMC10nm  NVIDIA V100 815mm2 TSMC12nm

Luca Benini 12 of 57



ETH

Eidgendssische Technische Hochschule Ziirich

<[ LA 7\
Swiss Federal Institute of Technology Zurich [ ] ? [l
es | | | e I ALMA MATER STUDIORUM
O I a UNIVERSITA DI BOLOGNA
[

Total Cost of Remote loT Processing as a Function of

Data Reduction at the Edge (200 Miles Distance)

“es. Cloud + Edge Computing is Lower Cost than Cloud-
$90,000 ‘A, only Computing when the Reduction in Data Volume

"*e,, is 30% or more.
$80,000 | r——————t

$100,000

$70,000

$60,000
$50,000
$40,000
$30,000
$20,000 3x Cost reduction if data

volume is reduced by 95%
$10,000

3-year Cost of Managing & Processing loT Data

0% 5% 10% 15% 20% 25% 30% 35% 40% 45% 50% 55% 60% 65% 70% 75% 80% 85% 90% 95% 99%
Percentage Reduction in Data Volumes from Edge Computing

=== Central Cloud (AWS) Edge + Central Cloud
Source: © Wikibon loT Project. Reference Models AWS loT Service & Pivoi3 Server SAN. See Table 1 for Detailed Assumptions & Calculations
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B ol T C N N O n M C U S ?

Courtesy of J Pineda,

10000 High performance MCUs NXP + Updates
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Outline

Near Threshold Multiprocessing

Non-Von Neumann Accelerators

Aggressive Approximation

From Frame-based to Event-based Processing

Outlook and Conclusion
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Minimum energy operation

Source: Vivek De, INTEL — Date 2013

0.9 - 5
132nm CMOS, 25°C
0.8 R s
07
2
£ 0.6 ]
Q ]
© 0.5 ] 4.7X
e ]
Q 041
; ] ® Total Energy
EJ 0'3-5 ¢ Leakage Energy
T 0.2-; 4 A Dynamic Energy
0_1 -: N ‘Z(/
] P —
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0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2
0.55 0.55 0.55 0.55 0.6 0.7 0.8 0.9 1 1.1 1.2

Logic Vcc / Memory Vce (V)
Near-Threshold Computing (NTC):

1. Don’t waste energy pushing devices in strong inversion
2. Recover performance with parallel execution
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a =
4-stage OpenRISC & it & /ﬁx B L@hg\h
RISC-V RV32IMC DY } )
"“*H - H 5L
OR10N :

N Cores

Tightly Coupled DMA

Shared L1 DataMem + Atomic Variables

«SPULP

PFarallel Ulrs Low Pawer

NT but parallel > Max. Energy efficiency when Active + strong PM for (partial) idleness
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~ULP (NT) Bottleneck: Memory

256x32 6T SRAMS vs. SCM
5 2x-4x

= “Standard” 6T SRAMs: as |
= High VDDMIN :
= Bottleneck for energy efficiency

= Near-Threshold SRAMs (8T...)
= Lower VDDMIN
= Area/timing overhead (25%-50%)
= High active energy

—&-DOUT SAMPLED SCM
==LOW VOLT. SRAM

w
"

=>=LOW LEAK. SRAM
==HIGH PERF. SRAM

w

N
[T

O
(LT

Read Energy (32 bit) [pJ]
N

(=]

03 04 05 06 07 08 09 1
Voltage [V]
" Low technology portability oo AREA

= Standard Cell Memories (SCMs):
Wide supply voltage range -
Lower read/write energy (2x - 4x) 5

= Easy technology portability 4000

3.1x 2.5x

mSCM m SPL1CACHE SPHD m SPREG

g

= Major area overhead (4x)

0
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M Standard Cell Memory

O High-speed SRAM

0 High-density, Low Leakage SRAM
B DRAM, FLASH x10+ density

DMA

[
Chipl
boundaryl
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“““Near threshold FDSOI technology- -

>z

Low power maode
Top Gate voltage

High Performance mode
Top Gate veltage

- soNYy

-

- Z“freescale*

@ life.augmented

Source Drain
Ultra-Thin Buried oxide

Buried
gate

High Performance mode ’ m * Low power mode
Back biasing Back biasing
V
T Log(Ip)
A A

F?BB
FBB
0 >Vgs
FBg . ,
B
> Vs

Body bias: Highly effective knob for power & variability management!
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Selective, fine-grained BB

= The cluster is partitioned in separate CLUSTER VOLTAGE DOMAIN (0.32V — 1.15V)
clock gating and body bias regions o o e | | 1

= Body bias multiplexers (BBMUXes) = e e e e e

control the well voItages of each SRAM #0 SRAM #1 SRAM #2 SRAM #3
. REGION REGION REGION REGION
re g I O n SRAM SRAM SRAM SRAM SRAM SRAM SBI::IMK SB:“MK
= A Power Management Unit (PMU)
automatically manages transitions oty
[ A T A Biasing
between the operating modes e o T R B R S e
_ N o e s gt el e e By
= Power modes of each region: Body
Biasing
= Boost mode: active + FBB oREHo “oRE 40 CORE WO COREHO
. REGION REGION
= Normal mode: active + NO BB e — — —
. RISC | RISC & RISC |& RISC |&
= |dle mode: clock gated + NO BB (in #0 " n "

LVT) RBB (in RVT)

CLUSTER INTERCONNECT REGION

I CLUSTER INTERCONNECT | | CLUSTER BUSSES || DMA | | PERIPHS
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The Evolution of the ‘Species’

_ PULPv1 PULPv2 PULPv3

TCDM 16kB SRAM 32kB SRAM 32kB SRAM

8kB SCM 16kB SCM

DVFS yes yes

_ 4kB SRAM private 4kB SCM private 4kB SCM shared

DSP Extensions no no yes

HW Synchronizer no no yes
] PULPv1 PULPV2 PULPv3

HETE  silicon proven silicon proven silicon proven
FD-SOI 28nm FD-SOI 28nm flip- FD-SOI 28nm
conventional-well well conventional-well
0.45V - 1.2V 0.32V-1.2V 0.4V - 0.7V
-1.8V - 0.9V 0.0V - 1.8V -1.8V- 0.5V

200 MHz

850 MHz

Maxfrea.  EEEREZENVLE

Max perf.
Peak en. eff. 60 GOPS/W

193 GOPS/W 385 GOPS/W

Luca Benini
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The Evolution of the ‘Species’

_ PULPv1 PULPv2 PULPv3
: 4

# of cores :
L2 memory - | 64 kB

TCDM e PkB SRAM
= = S l6kB SCM

DVFS

IS

DSP Extensions
HW Synchronizer

_ = |1 =2 on proven

Technology - 4 |l 4 g SOl 28nm
1 s e | | intional-well

Voltage range : ea 1Y | av - 0.7V

BB range e e Bl N 18V - 0.5

(00 MHz 26pjl0p

Max perf. ' (8 GOP
Peak en. eff. | 85 GOPS/W

Luca Benini
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<32-bit precision - SIMD2/4 opportunity

abkswh =

HW loops and Post modified LD/ST

Bit manipulations

Packed-SIMD ALU operations with dot product
Rounding and Normalizazion

Shuffle operations for vectors

V1 Baseline RISC-V RV32IMC

HW loops
V2 Post modified Load/Store
Mac

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

V3

RISC-V = V1

V2

V3

Small Power and Area overhead

Luca Benini
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Dot Product SIMD

|
|> rr;:l;t_op_a| I>3m12.11t._op_b| |> mult_op_c| |> dot_op_a ||> dot_op_b | I> dot_op_c | P rocesso r d ata path

32 32 32»1* 32+
3bitFSM 16 1 IG%EE}

i

. Sum-of-dot-product

7X17 units:
32 3232Jr 17x170117x17) | [ox 9] [0x 9] [ox 9] [ox9]

32|32 37 30 4 18@ 8b version

18
add 3:1 e .
32} 32} i 16b version

32 / :
b mesk | 37232 add 3:1 add 5:1 1 cycle execution
00000001 msu || | e e
D16
E’J(E 3232 32[

add 3:1
shift amf \ __/ 24
>>
arith log shift
32| 32|.32| 32
mult_operator
¢ mult_result
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Q
g
Image

Register map

Z

Shuffle

Qutput N Qutput N+1

1{2/3|4|5 1/2/3/4]/5

6/7/8]9/10 m- 678910

11/12|13]14|15 Iter. 11|12(13|14|15

16/17(18/19/20 16/17|18]19/20

21/22(23|24|25|| | » 21/22(23|24|25

f 26/27/28/29(30

/ 1 Byte/Pixel ‘\ :
5x5 convolution . fresh data
retired data

r121234//'vmove 6 7 8 9 |rl2
ri3 |6 7 8 9 /move ——11 12 13 14/ r13
ri4 |11 12 13 14 / move 16 17 18 19| r14
rl5 |16 17 18 19 / move 21 22 23 24| r15
rié |21 22 23 24 /' Shuffle 10 15 20 25/ r16
ri7 |5 1015 20/ l.lwz 26 27 28 29| r17
rig 25 I.Ib 30| r18

= Convolution in registers
= 5x5 convolutional filter

= 7 Sum-of-dot-product
= 4 move

= 1 shuffle

= 3 Iw/sw

= ~ 5 control instructions

20 instr. / output pixel > Scalar version >100 instr. / output pixel

Luca Benini
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Convolution Performance on PULP with 4 cores

speedup: 3.9x Energy gains: 4.2x
o a) Cycles per Output Pixel - b) Energy for convolutions on a 64x64 image
T T T T T T T T T T
6o |- | I Basic RISC-V § I Gasic RISC-V
[ 1 +Extensions 40 | ] +Extensions .
50 | 1 5
el
=] — -
é_ 40 1 5 30
; 30 | _ ':E
a g 20 7
20 1 =
10 - .
o I N | - | |
0 II_I 1 D I|_| 1
3 S \ S X 5 & - g 5
&8 & 5 & & 5 & 8 &
2 P e o K P 27 P o K
2 % 4 % 4
& A & W & & W & W &
{_,P {.‘OJ\\ {J’D {j}*\ (_,P {J’D {j}*\ {_;0 {‘IOJ\\ {J’D

5x5 convolution in only 6.6 cycles/pixel
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Recovering silicon efficiency - -

GOPS/W

6
......ll

Non-Von Neumann

General-purpose | Throughput
Computing Computing

CPU GPGPU Accelerator Gap Fully
b > [hardwired

Closing The Accelerator Efficiency Gap with Agile Customization

Luca Benini 29 of 57



Eidgendssische Technische Hochschule Ziirich
Swiss Federal Institute of Technology Zurich

Computational Effort

"= Computational effort
= 10-class scene labeling on Stanford-BG
= 7.5 GOp/frame for 320x240 image (#Op=2 x #MAC)
= 260 GOp/frame for FHD

~ o H
= 1050 GOp/frame for 4k UHD 90% workload is Conv

P
w

_ _ pixel
Ac Pooling Act.  Pooling Act. class.

@] conv |

W
‘.
I‘J %
o)
"
(W)
¥
bt
"
| =
wr
&
-
»)
o
.

GPU |
0% 20% 40% 60% 80% 100%

‘ e
F e 1t fo Ie ko o "u_"\gmf\q!f\q".b.

Origami CNN ASIC
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Origami: A CNN Accelerator - -

||"|F.|L|t Pixel 1241 Imaae Window SRAM| 3
. . > ge Win oy Image Bank Eomd
Stream l 120 h, W, = 344 kbit SRAM 12, yw, = 5.4 kbit registers B
Filter | '
Bank ; D- 12 (n 2 h,w,
12nnhw,=
37.6 kbit registers E
22, Output Pixel
L Stream

“ FP not needed: 12-bit signals sufficient
" Input to classification double-vs-12-bit accuracy loss < 0.5% (80.6% to 80.1%)

others (6.2%) image bank (4.6%)

image window
SRAM (23.6%)

50 100

filter bank (33.9%) SoP units (31.8%)
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Origami: The Architecture - -

4 3 2 j1 j 1 j+2 j+3 j+4

1. Keep moving window of  ~ -
. ia | [oos [ ... .. ... next SRAM pixel becoming obsolete
all 8 input channels | N
. 3 Pixels in SRAM
buffered on-chip .
2. Perform a” the : cu"e:onvolur:i::lWind::smem
CONvo I u t i ons i h, (Pixels in Image Bank)
| B %
3. Transmit result 2 curent next
. . QOutput Pixel
immediately after & %
summing up ‘*“ | ( cument nex
e . " A \.....nextrow loaded into Image Bank .
Maximize IOcallty and data e “....)..........next pixel loaded into SRAM._____
reuse (weights and pixels) | v |
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CNNs: typical workload

o
~
3
o
>
=
o
o
~
x
~

pool, /2

s

= 2N s ' '

Example: ResNet-34

» classifies 224x224 images into 1000 classes
= ~ trained human-level performance

= ~ 21M parameters

= ~ 3.6G MAC operations

3
>
(=
o
o
m
x
M

3x3 conv, 128
3x3 conv, 128
3x3 conv, 128
3x3 conv, 128
3x3 conv, 128
3x3 conv, 128

o0 |
o~
Lo
>
c
o
o
m
x
m

3x3 conv, 128, /2
3x3 conv, 256, /2

(-]
I
~
>
s
o
m
x
M

3x3 conv, 512
3x3 conv, 512
3x3 conv, 512
3x3 conv, 512
avg pool

o
~
"J
-
wn
>
=
o
o
m
x
m

Scaling Origami to 28nm FDSOI

\ &

Performance for 10 fps: ~73 GOPSI/s

Energy efficiency: ~2300 GOPS/W efficiency 0.4ij OP

Origami core in 28nm FDSOI - 10 fps ResNet-34 with ~32mW
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" Pushing Further: YodaNN!

= Approximation at the algorithmic side = Binary weights

= BinaryConnect [courbariaux, Nips15], XOR NET [rastegari, arxivi6]
= Reduce weights to a binary value -1/+1
= Stochastic Gradient Descent with Binarization in the Forward Path
Wp,stoch = { 11 p};i _ T(_W;_l Wp,det = {_11 x i 8
= Learning large networks is still challenging, but starts to become feasible:
ResNet-18 on ImageNet with 83.0% (binary-weight) vs. 89.2% (single-
precision) top-5 accuracy; and 60.8% vs. 69.3% top-1 accuracy
" Ultra-optimized HW is possible!
» Major arithmetic density improvements: MAC = 2s compl. & Accum.

= Area can be used for more energy-efficient weight storage

= Storage reduction 2 SCM memories for lower voltage = E goes with 1/V?

"After the Yedi Master from Star Wars - “Small in size
but wise and powerful” cit. www.starwars.com
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SoP-Unit Optimization

ImageBank

91011..2021222324

2526..3233 | 343536 ...4647 48 49

4 N
SoP-Unit sttt
7x7 image 49)(,12 \_\/_/
| 7x7 weights . . = - 15 - *

o N » !
(3x3)

L
Lo
&

ConvSum_DO
e J

Equivalent for 7x7 SoP

N
+

+ en/«——5x5 or 7x7

 J

™7

(5x5) @ X'If)
|

\ B

ConvSumoO

N g

+ en/«—— 5x5 or 7x7

\J A J
(3x3) (5x5)
i
12'b0
]
ConvSum1

Image Mapping (3x3, 5x5, 7x7)
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“" YODANN Energy Efficiency

Same area 8932 SoP unlts + all SCM .
=SBl [Rraims] & [1,500
2 0. 03pj/0P A
O )
= 2
> 501 i )
g 2l 1,000 J
= =
5 :
5 250 1500 £
= =
8a|
®
@]
S

0.6 0.7 0[8 0.9 1 1.1 1.2
Supply Voltage Viore [V]

Core Energy Eff. Q2.9/8x8/SRAM (—@—), Bin./32x32/SCM (—e—),

Throughput Q2.9/8x8/SRAM (= -~ =), Bin./32x32/SCM (- - -)

12x Boost in core energy efficiency (single layer)

1022.40 um

wrl 08 ¥10Z
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“Origami, YodaNN vs. Human

The «energy-efficient Al» challenge (e.g. Human vs. IBM Watson)

bio Precision Precision Weight

Network human ResNet-34  ResNet-18 ResNet-18
Top-1 error 21.53 30.7 39.2

[%]

Top-5 error 5.1 5.6 10.8 17.0

[%]

Hardware Brain Origami Origami YodaNN
Energy-eff. 100.000(*) 1086 543 31
[u)/img]

*Pirain = 10W, 10% of the brain used for vision, trained human working at 10|mg/sec

= Game over for humans also in energy-efficient vision?
= ... Not yet! (object recognition is a super-simple task)

Luca Benini 38 of 57



sche Hochschule
lhlgy h

"Heterogeneous PULP Cluster

Hardware Convolutional Engine (HWCE) in the Cluster

Timers

HWS

Global Interconnect Interface

EXT2MEM
EXT2PER
ENC2EXT

K=

DMA
Channel
#0

K=

DMA
Channel
#1

A IR E: Shared g2
§ § E E Tightly-Coupled | £ E
>||=||=|| 2| DataMemory |2 || =
o e o o 5 o
SII5115]|5 (TCDM) 5|5
E E E E 00000000000 OCGBOCGFOGFOS E 2
O 0

Logarithmic Interconnect
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“““Heterogeneous PULP Cluster

Hardware Convolutional Engine (HWCE) in the Cluster
= ~6.9 mm2 PULP chip, 1/2016

TCDM || TCDM || TCDM || TCDM = 4 cores

ke || Toksy || s || ERe) = 1 HWCRYPT accelerator
TCDMT] [TCDM ][ TCDMT] [ TCDM = 1 HWCE for 3D conv layers
8kB) || (8kB) || (8kB) || (8kB) = 64kB L1, 192kB L2

=  QSPI (M/S), 12C, I12S, UART

= ~1514 KGE for the cluster

- = 232 KGE for the CNN HWCE
ICACHE

|—I

WWzo

HWCE HWCRYPT |

Crypto Engine = Secure Analytics

- 2.62mm
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100000 10000 3250 GOPS/W

[Mop/s]

HWCE CNN Performance

Cluster performance and energy efficiency on a 64x64 CNN layer (5x5 conv)

PERFORMANCE ENERGY EFFICIENCY

13 GOPS

10000 1000 84x
218x

1000 = 100
3
~
Q.
o

100 = 10

1 core 4 cores 16b weights 8b weights 4b weights 1 core 4 cores 16b weights 8b weights 4b weights
vectorized vectorized

SwW HWCE SW HWCE

Scaled to ST FD-SOI 28nm @ Vdd=0.6V, f=115MHz
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Back to System-Level

Smart Visual Sensor-> idle most of the time (nothing interesting to see)

= Event-Driven Computation, which occurs
only when relevant events are detected by

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

puULPv3 || | the sensor
@ = Event-based sensor interface to minimize
AP |0 energy (vs. Frame-based)

=  Mixed-signal event triggering with an ULP
imager, cochlea with internal processing

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

Mixed-Signal Digital
Event-based Parallel AMS capability
Sensor Processor

A Neuromorphic Approach for doing nothing VERY well
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GrainCam Imager

Pixel-level spatial-contrast extraction

->¢{

. v
, , . , , Ipo—1
L Vo = Ver(t)=Veo(t) = (Va=Vra) | £2—TE
A R EEE—— I Ipg

SAMPLE

JE Venee|
1-BIT
MEMORY
CONTRAST |
BLOCK

KERNEL

PO <1 PE

[Gottardi, JSSC09]

Analog internal image processing
= Contrast Extraction
= Motion Extraction, differencing two successive frames

= Background Subtraction with the reference image
stored in pixel memory
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G ra i n Ca m Re a d O u t i‘ﬁ\“.\"-m!-?-sj:wa:e:.'z:w:

Readout modes:

120
= IDLE: readout the counter of asserted pixels <
= 100 A .
= ACTIVE: sending out the addresses of asserted E' . ::::'e
pixels (address-coded representation), E‘ .
according raster scan order § -
Event-based sensing: output frame data bandwidth § 0 /‘
depends on the external context-activity .
0 10 20 30 40 50 60 70

Frame Rate [fps]
(a)

120

2 100 ® Active Mode |
r @ Imager
' -.E_ 80 A Idle Mode
- X, Z
Eraméa ‘ i 1 yqi Event- 3 601
ase X, c
| | Y based S 4,
x.,y} tg
3 3 20 A
o E i o —
e o Text
(x .y } 0 5 10 15 20 25 30
— Activity [%]

‘Ultra Low Power Consumption e.g. 10-20uW @10fps ®
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Power Management

Graincam

#events > threshold
Switch to ACTIVE

Wake-up Data

event

Graincam IDLE ACTIVE READOUT .
PULP Deep Sleep

Deep Sleep

Data Trasfer Processing

2.88 mW Active Power @ 0.55V, 81MHz
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HI illhlf\

System Design

Active mode[30MHz@0.5V]:
4.6mW (FLL: 3.2mW) \

—_---~

- o - .y y - -
- N - N
- IGLOOnano FPGA \ ,f PULPV3 Chip \
; : Camera Interface ‘ I FLL Region
endir _ Datapath (DP) i
e =7 |t |y 1) w1\
' ;::m»hl; =E \ Input oC Pixel | STORAGE ; l — — ‘
>! Stage AFO Counter FF0 l L
l -3 = T R . _ 5Pl I I § L= -k ‘
| gens"" Control prnd l ==, . B I
4_°ﬂtr_°'_ d__ Unit (CU) I | oo | A ,
\ . .-#'“"‘—l ! - | )
\~ — - Ny waks-up eventi 32kHz i, ‘ - -0C Region ’
. 17 Fatch H —t
Sensor IDLE: 10pW 1 Porw Power _,_J,b.,\, e -1 —— Eﬂ;y;fr
FG PA( @1.2V,32kH Z) : ‘ — voD_fil VDL soc T von_cluster

Gsuw ———m:———_-_" i ild o
Sensor ACTIVE: 20uW 4/—

FGPA(@1.2V,~25MHz): |dling at 193 pW -> SYSTEM IS SENSING!! SOC region idling for memory-
3mW Active mode 7.62mW -> when motion is detected state retention: 99uW

M. Rusci et al. "A sub-mW loT-endnode for always-on visual monitoring and smart triggering," in IEEE Internet of Things
Journal, 2017 (in print)
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Even-driven CNNs? Yes!

Binary Neural Networks reduce precision of weights and post-activation neurons to 1-bit precision
while leading to a limited performance drop

Benefits: S kil B PR
f weight filter Convolution reduce to: \
Reduced storage costs by 32x ToTo C = popcount (NOT (weights XOR )
either for synaptic weights and \ image)) ’
i o I Binarization: -
temporary input/output data \ ! : -
\ [0]1]0 _ _ _output=C>0?1else @ - ~

~ e mm = = - s o s e - -

Reduced computation complexity=——»

Performing spatial filtering and binarization on the sensor die through
mixed-signal sensing! = in-sensor first stage of the binary NN!!

Gradient extraction Per-pixel circitut for filtering and binarization

4 Vie
0 pixel
s P
tF? ixel E VED

~ P
i Spatial T 0 Contrast | V,
~ : Block h

contra Qo

st A e

> — P

Adpating exposure —>
»

‘Moving’ pixel window

o< ° <
| Is

~—
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Event-Driven Binary Deep Network -

Layers with binary inputs and binary weights
Interger Input

Imager

Layer
Digital pixel [ 3\ f‘)tutp
samplin . AN .
P Integer daté _:~ N - . aver  Binary Neural
g I 1715 Network (BNN)
Binary Output

. : nput . Layer
SpatiaHocal ?é?/ixgata ) ~ \ . " Event-based
filtering and - :—ﬁi: [f=2= D Binarized
binarization I P Neural
Network

Digital Signal Processing

Mixed-Signal Sensing
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Training challenge

Training Event-based Binarized Neural Network:

Evaluation on CIFAR-10 (10 classes,

[ISSUE] Absence of huge amount of data for training 45k training, Sk valid, 10k testing)

Modelling the “graincam filter” as a digital filter

Baseline with RGB input

: BNN with RGB input
Contrast max( | pe—pol.lpbn —pPol)  Binary Vo = sgn(Ve — Vi)
Val c™~ Output g ¢ s H H ‘hinarv innut
alue max(pg,po,PN) P Baseline with binary input

BNN with binary input -68%

Model VGG-like with 12 Convolutional laters and 3
Fully Connected Layers

18% performance drop because of

input representation but still
converges

Original RGB image Syntheticimage Graincam image
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R
3 A

ALMA MATER STUDIORUM

e S l I S UNIVERSITA DI BOLOGNA

CONV3x3(#c,16) + POOLING
TRAINING DATASETS ACCURACY CONV3x3(16,32) + POOLING
o ﬂ(ITTI dataset [1] — autonomous driving \ Model: VGG-like CONV3x3(32,48) + POOLING
Training: g [ R architecture CONV3x3(48,64) + POOLING
60k samples CONV3x3(64,96) + POOLING
<20kB “binary FULLY-CONNECTED (384,64)

Validation: weight program’  FULLY-CONNECTED (64,3)

900 samples

BNN with RGB input BNN with binary input

10

[iX:]

84.6% ol

Training converges with a 3%
performance drop

d‘l"::'alnlng E|:|oc|'|ss0 ng Epochs
[1] http://www.cvlibs.net/datasets/kitti/eval_object.php?obj benchmark=2d
[2] http://podece.dinf.usherbrooke.ca/
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<[ LA 7\
Swiss Federal Institute of Technology Zurich il
B N N . ta t . li
ALMA MATER STUDIORUM
I m p e m e n I O n O n P UNIVERSITA DI BOLOGNA

Basic Convolution Operation:

p(x,y) = z w(d,i,j) * 1(d,i, ], %7) Lw € {01}
(d,i,j)ec

bdot_3d p(x,y) = popcount{ NOT (w XOR [(x,y)) }

Batch Normalization and binarization:

px,y)+b — u

0,(x,y) = p y+6=0 p(x,y) €N

ﬁ*ﬂ
1%

if y=0then o0,(x,y) =p(xy) < {u —b— %‘ else 0,(x,y) = p(x,y) = [u —b—

just logic operation and integer comparison!

Major opportunity for HW acceleration!
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Preliminary Results

ALMA MATER STUDIORUM
UNIVERSITA DI BOLOGNA

Scenario BNN with Event-based
RGB input BNN
Image Sensor Power Consumption 1.ImW @30fps | 100pW @50fps
Image Size 632446 bits 8192 bits
Image Sensor Energy for frame capture 66.7 (1) 2 ul
Transfer Time (4bit SPI @50MHz) 3.1 msec 0.04 msec
Transfer Energy (8.9mW @0.7V) 28 pd 2 pJ
BNN Execution Time (168MHz) 81.3 msec 75.3 msec
BNN Energy consumption (8.9mW @(0.7V) 725 pl 671 pl
Total System Energy for Classification | 820 pul | 674 pl

Statistics per frame | Frame-Based |

Event-based

84.6% vs. 81.6% Accuracy

Idle (no motion)
Sensor Power . ImW 20pW <Event-Based Avg Power (mW) #=Frame-Based Avg Power (mW)
Avg Sensor Data 19764 Bytes -
Transfer Time 790psec -
Processing Time 3.02 msec - 3.20
Avg Processor Power 1.45mW 0.3mW (sleep) P— 00— 9—0—0-0—¢—0 ¢
Detection 1.60
Sensor Power L.ImW 60uW
Avg Sensor Data 19764 Bytes ~536 Bytes 0.80 8x
Transfer Time 790psec 21.4pusec '
Processing Time 3.47 msec 187.6psec 0.40
Avg Processor Power 1.57mW 0.51ImW '
Classification
Sensor Power 2mW 60pW vidn
Avg Sensor Data 79056 Bytes 1024 Bytes 1 10 100 1000
Transfer Time 3.16 msec 41psec
Processing Time 81.3 msec 75.3 msec Events per hour
Processor Energy 760 1] 677 1
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VivoSoC2 - SoC AFE integration

Multiple Biomedical Interfaces:

8 ExG channels with lead-off detection,
Photoplethysmography (PPG), Bio-
impedance monitoring, temperature
sensing, 6 channels nerve blocker and
stimulator, standard digital interfaces

System Integration: SoC & SiP

Full system in package concept

Vivosoc (130nm)

Low Cost Heterogeneous Integration:

CNN accelerator using highest density digital
process for max GOPS/mW/mm?2. AFE A2D and
GP processing in a good mixed-signal process,
Sensor and Memory dies too...
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Conclusions

Near-sensor procesing for the loT

= CNN are top performers for «sensor understanding» in the cloud today

Energy efficiency requirements: pJ/OP and below
= Technology scaling alone is not doing the job for us
= Ultra-low power architecture and circuits are needed

= Most promising technologies: 3D integration, low-leakage, non-volatile
silicon-compatible mem-computing devices, but LOW maturity and
HIGH cost = large-scale CNN engines will be early adopters

CNNs can be taken into the ULP (mW power envelope) space
= Non-von-Neumann acceleration
= Very robust to low precision computations (deterministic and statistical)
= fJ/OP is in sight!

Open Source HW & SW approach = innovation ecosystem
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Morale:
Plenty of room at the bottom

Thanks!!!
S PULP

Parallel Ultra Low Power

www.pulp-platform.org
www-micrel.deis.unibo.it/pulp-project
lis-projects.ee.ethz.ch/index.php/PULP
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