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The next circuits for a better life
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Making extreme edge (ExXE) devices smart...

EXE systems = wearables, implantables, smart speaker, drones, cars, ...
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Deep neural networks are everywhere in our edge devices...
Are they?

KWS in phone
speech processing in cloud
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Deep neural networks are everywhere in our edge devices...
Are they?

6 full HD cameras @30fps Stereo HD + eye tracking camera @30fps
10Watt, ResNet-50/frame (under est.!) 100mWatt, ResNet-50/frame (under est.!)
=» 1TOPs/frame, 300 TOPs =» 400GOPs/frame, 30 TOPs

=» 30TOPs/Watt =» 300TOPs/Watt
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Speed (GOP/s)
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Neural network processors: state-of-the-art
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Overview

@ Peak vs workload performance
— Dependency on precision
— Dependency on dataflows

@ Motivation for heterogeneous systems
® The Diana system

® Heterogeneous scheduling with ZigZag
@ The future?
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A typical Neural (co)processor unit (NPU)
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A typical Neural (co)processor unit (NPU)
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“Trick” 1: Reduced precision in ML processors
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@ Compute at 1-2-4 bit
precision

@ EXxploit precision to
reduce memory &
compute energy

Peak performance ~ 1/P!
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“Trick™ 1: Reduced precision in ML processors

@ Active field of research in algorithmic community
® Promising results!
@ Hardware support needed

ResNet-50

s
B, ]

layer index

Inception-V3

Differential architecture search

weight bit

indul

L1l

: 2 Cai, N. Vasconcelos. “Rethinking Differentiable Search for Mixed-Precision Neural Networks.” CVPR, 2020 2346-2355.
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“Trick” 2: Data reuse in ML processors

VAANAANANA
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Data reuse in ML workloads

@ Convolutions and GeMM allow significant data reuse:

2 Off-chip Storage
Layer Inputs/Outputs
Temporal data reuse._ Usdate temporally ! I
( //Off-chip Storage /T On-chip SRAM / RF
for OX = [0, 4): (1 or more memory levels)
for OY =[0,4): , .
I On-chip SRAM sty I
forK = [0. 16). v ? v
focC=[016: [ | ® @ ____
for Fx =10, 3):
for Fy = [0,3):

R

/IOn-chip RF j
parfor Ku = [0,16); <—

/

Ku unroll
spatially

parfor Cu = [0,16):
Output (OX, OY, K) +=
Input (OX+Fx, OY+Fy, 16"C+

Weight (Fx, Fy, 16°C+Cu, 16*K+Ku
Spatial data reuse

&

One input shared among MAC row

accumulated across MAC column




Highest peak performance? “Trick” 1 & 2!

Analog In-memory Compute: data reuse and low precision!

Memory + compute

iﬁ

~{wLbAc,

6T-SRAM I :

Array L ¢

(512x512) L :
|

@ Merge the memory and compute functions
= bring compute to the data, instead of data to the compute!
@ Energy benefits from a.) data reuse; b.) low precision analog compute
@ “Analog In-memory compute” (AIMC) = <1fJ/op
@ E.g. 512x512 size array

e & micas




Analog In-memory Compute: Under-utilization

Memory + compute

@ But... utilization costs!
— Low data flow flexibility
— Only matrices with dimensions aligned with memory array efficiently used

@ E.g. 512x512 size array = waste of utilization / power / ...

e @ micas



Efficiency for actual ML workloads

@ In-memory compute enable to exploit low precision and massive parallelism

® But...:

— But data reuse opportunities are layer dimension dependent
— What about non GeMM layers? DW layers? FC layers? ...?

Spatial Under-utilization: Workload diversity vs fixed MAC array spatial data reuse

Spatial mapping

1

B —
Spatial mapping
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Speed (GOP/{s)

Neural network processors: state-of-the-art
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Neural network processors: state-of-the-art
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Overview

@ Peak vs workload performance
— Dependency on precision
— Dependency on dataflows

@ Motivation for heterogeneous systems
® The Diana system

® Heterogeneous scheduling with ZigZag

@ The future?
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Need for heterogeneity

= For layers ok with lower precision
= For layers with good parallelism for
high utilization

[ Pre-processing ] [ Subsampling ] = Exploit D/AIMC high energy efficiency

layers

/

Reduced weight
precision

Low channels Fully connected
convolutions layers

= BUT have alternative accelerator(s)
for other layers!

= Heterogeneous systems

Batch norm.,
activation func,, ...




Flexibility AND efficiency? =» Heterogeneous systems!

’”

Examples in the “edge

16 core NPU
15.8 trillions ops/sec
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4 low-power CPU*
5 core GPU



Low power for the extreme edge (tinyML)?

GREENWAVES

TECHNOLOGIES

ff

@ But lack of
heterogeneity...

(CPU heavy)

S e

- FC clock & voltage domain

Cluster clock & voltage domain
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Overview

@ Peak vs workload performance
— Dependency on precision
— Dependency on dataflows

@ Motivation for heterogeneous systems
@ The Diana system

® Heterogeneous scheduling with ZigZag
@ The future?
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Digital-analog accelerator co-design

:. _________________
| Digital
: Al core

Flexibility - Accuracy % ’
= Performance - Energy efficiency

| ) il I
i Preprocessing ! i = High bit precision !
I= High-level | | = Fully connected layer I
1 controller [ | = Small layers l

= Low bit precision
= Massive parallel




DIANA SoC - High Level View

FLL ROM

Shared memory (L2) 512 KB

AXI&APB BUS

Digital core

Analog core

/0

DMA

(®)
o
c

t ¢ ¢ || ¢ ]
S|l 2 L S
2|5 S B1| Activation memory 3
c||2e3 (L1) 256KB £
2 =
t 3 $
Digital PE array
16x16
Max pooling

é |

[Ueyoshi, Kodai, et al., “DIANA: An End-to-
End Energy-Efficient Digital and ANAlog
Hybrid Neural Network SoC”, ISSCC2022]

DIANA chip:
» RISC-V CPU*
= High-level control
= External I/O
= Digital Al core
= 16x16 PEs
= Analog Al core
= AIMC for MVMs
= SIMD for post process
= Distributed memory
hierarchy

*RISC-V CPU and periphery based on
PULPissimo platform, ETH

@ micas



Digital core — Extended flexibility

Shared memory (L2) 512 KB

( $3881118 32008 )

I-l168x2

Digital core
: 16Bx2
Weight Memory Control
(64 KB) 168 | (IMEM, DMA)
2568
@ Shuffling |m
O+ buffer |<
L | <~
5 X pa K|

Activation memory (L1) (256KB)

I

l

[Ueyoshi, Kodai, et al., “DIANA: An End-to-
End Energy-Efficient Digital and ANAlog
Hybrid Neural Network SoC”, ISSCC2022]

3 different levels of
flexibility

Computation flexibility
» 16x16 PE array
» 2,4 and 8-bit precision

Operation flexibility

= Convolutional layers

= Fully connected layers

» Element-wise operations
= Max pooling

Dataflow f@lﬁl{tﬁ: e



Analog core — Computing Units

Shared memory (L2) 512 KB

Activation memory (L1) (256KB)

16Bx2

| 111111 1s20e )
1GBx2ﬂ Analog core

B

16

64B

Weight FIFO

648

1152

64B

6b+sign DAC

Memory
Control
Unit
(MCU)

| Activation buffer |

enable 512 6b
y_§ SAR-ADC

6bx512

T
valid

64B

[Ueyoshi, Kodai, et al., “DIANA: An End-to-
End Energy-Efficient Digital and ANAlog
Hybrid Neural Network SoC”, ISSCC2022]

Computation units:

= AiMC array SRAM-based [6]
for Matrix-Vector-Multiplications
= 1152 7-bit input DACs
= 512 6-bit output ADCs
= 590k compute cells

(ternary weights)
Half a million MAC/cc!

= SIMD for post-processing
» 64 parallel computing units
= 6 stages

& micas



Analog core — Pipeline

Shared memory (L2) 512 KB

Three processing stages:

1111831 =200 1. MCU = Input fetch stage
_W_ 2. AiMC > Compute stage
105x2 Analogcore| 3 SIMD = Post-processing stage

m
O
lozhe Control \ , . .
= (IMEM, DMA) Uit HIFC AiMC macro always in use
S  RAR
& o 7] MCU nel ¥ ne2
= |l 2 |€1H 6b+sign pAc
- om — [E +sign .
= < |Memory| > |3 AiIMC n-1 n+1
> © | Control | = 'g -
o Unit =
g (MCU) :23 SIMD -\
o \\\\\\\\
5 enable i 512 6b el /[ N
2 | | SARADC < \ )
> | ARVYAT)
) 64%I l
g macro pipeline, several clock cycle

R i ' A



Measured results — Peak numbers

DIANA SoC - Digital core working
8b weight - actv., 32b accumulation
Peak efficiency/performance

4.5 @Efficiency 0.25
4
3.5 0.2
; 3 Nominal 0.15
}2.5 ' F
~ 2 0.1
15
0.5
0 0

0.55 0.6 0.65 0.7 0.75 0.85 0.9

Digital supply (V)

*Analog supply @ 0.8V ({hominal)

DIANA SoC - Analog core* working
7b DAC, 6b ADC, {-1,0,1} weights
Peak efficiency/performance

350
300
3250
<200

-
8150
O100
5

EREfficiency 20

Nominal 15

o O

0.6 0.65 0.7 0.75 0.85 0.9

Digital supply (V)

10
II5
0

]
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Measured results — Peak numbers

*RRAlAe ARV T OV Thominal)

2 orders of magnitude difference between cores

(8b digital — 2b analog weights)

Core
@ 0.8V

Efficiency
(TOP/s/W)

Performance
(TOP/s)

Digital

2.18

0.177

Analog

16.9




Overview

@ Peak vs workload performance
— Dependency on precision
— Dependency on dataflows

@ Motivation for heterogeneous systems

® The Diana system

@ Heterogeneous scheduling with ZigZag&Stream
@ The future?
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Hybrid execution — Pipelining

DIANA SoC

!

Shared memory (L2)

End-to-end mapping

1

I @0.8V supplies I

CPU

Controller
Specific
operations

Digital core Analog core
2.18 TOP/s/W 206 TOP/s/W
0.180 TOP/s 16.85 TOP/s
High precision High parallelism

Flexible L1 | Limited flex.

Different accelerators optimized for
different workloads to boost

system level performance

layer O

layer 1 layer n

Input image

Digital core (Dc)

Analog core + SIMD

1.) Streaming operation
= Efficient data sharing

A oo
@ micas
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Hybrid execution — Layer fusion

conv.

Digital core

Analog core

Pipelining only

-

layer 2 (‘q}

layer 3

d
]
I
I
I
I
I
I

T Gesraa




Hybrid execution — Layer fusion

conv. conv.

Digital core

Analog core

Time Pipelining only

Tim

. Pipelining + fusion

layer 2 @q
layer 3

layer 2

et | etk 4

layer 3

SYSRPRyYS | ST 4

5%
P
e

T Gesraa
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Layer fusion benefit on ResNet18 |" SPeeds up end-to-end execution
= Reduces memory requirements

ResNet18 shallow layers = But... scheduling degrees of freedom
Layer  Tile size ResNet] rise ENORMOUSLY...
] 7 g
26x227x3
° 1000
A —_ - (0)
12x112x64 7 -40% T 40, 80%
Y————— : - <
6X56x64 L? : S 600 |12 [P8°
) | 23 6.15 £
< 5x56x64 — S 400 |4
? 3.65
200 y
4x56x64 1 s
) 0 0
- 4x56x64| Ow/o @w Ow/o

T e WTTCEs



Hybrid execution — Pipelining

End-to-end mapping

DIANA SoC ] Shared memory (L2)

]
I I @0.8V supplies I

CPU Digital core Analog core

Controller 2.18 TOP/s/W 206 TOP/s/W

Specific 0.180 TOP/s 16.85 TOP/s
High precision High parallelism

operations
Flexible L1 | Limited flex.

Different accelerators optimized
for different workloads to boost

system level performance

layer O|| layer 1 layer n

Input image

Digital core (Dc) [| Analog core + SIMD

2.) Scheduling of which layer tile on
which core at what moment?

= ZigZag! o n
@ micas
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Optimizing DNN embedded processing stack with ZigZag

(NN workload

cr Input
W for Weight

0O for Output

forb=0toB-1

DRAM

(A/O batch size)

unrolling)

fork=0toK-1 (O channel/ W kernel)
forc=0toC-1 (A/W channel)
foroy=0toOY-1 ©orow) SRAM
forox=0to OX-1  (Ocolumn)
for fy =0 to Fy-1 (W kernel roy
forfx=0toFx-1 (W kernelcolumn)
unroll ...
unroll ... MAC
Mapping

(spatial & temporal

More details: [Mei, Tcomp2021]

https://github.com/KULeuven-

MICAS[zigzag

(1)

K“

| Hardware architecture &

time

=
o
)

Cost Model

constraints
(mem. hierarchy, compute
array, interconnect, 10 BW, ...)

(]
(S
[
[¢)]
o
L
=
S~

(=)
<

" Energy/inference

Energy (MAC energy, memory load/store)
Latency (~array utilization, memory stalls)
Area

mm2

pl/op
GHz

Technology

characteristics
(cell size, read
cost, wireload,...)

WTCT



https://github.com/KULeuven-MICAS/stream
https://github.com/KULeuven-MICAS/stream
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[arXiv:2212.10612]

Stream: ZigZag extension to layer fusion and multi-core

@/YQ’O' Single-core  [5][MVemory
e %, ||| Compute
KON Q[ Core 0
Q)
(1)

o
Layer-by- S| Lo [ L1[L2)L3 L4

layer O

SotA frameworks Timeloop, ZigZag, ...
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Power of ZigZag exploration:
Scheduling optimization: latency or memory

[arXiv:2212.10612]

® Optimize unrolling, temporal schedule, tile size, (core allocation),...

(a) An example neural network

(c) Latency-prioritized schedule

[ Layer0 [0 Layerl [ Layer2 [ Layer3
Core 0 :
]
Core 1 i
]
Core 2 i
]
Comm. Bus i
DRAM Port 140164 Cycles
- 0 10,000 20,000 30,000 40,000 50,000
%GOO 617KB —— Core 0
2 —— Core 1
2 400 —— Core 2
3 - Total
g 200
=
g o \
0 10000 20000 30000 40000 50000
Clock Cycles

D
w

(d) Memory-prioritized schedule

I Layer 0 [0 Layerl [ lLayer2 [ Layer3
Core0{ [ :
1
1
Core 1 />{ E
Core 2 -
1
Comm. Bus i
DRAM Port m 51414 Cycles |
= 0 10,000 20,000 30,000 40,000 50,000
%600 ~—— Core 0
> ~— Core 1
5400 —— Core 2 _3_1;2'_(9_ _______________
£ = Total
@ 200
=
g 0
< 0 10000 20000 30000 40000 50000
Clock Cycles



[arXiv:2212.10612]
Scheduling optimization for Diana with Stream

a) Workload c¢) Computation node placement
224x224x3
x‘ * E Layer 0 EEN Layerl Layer 2 [ Layer 3 B Layer 4 HEm Layer 5 Layer 6 B Layer 7 B Layer 8

Digital core

;i T T TG

e e Shan T ey
gz @ AN | LI WSO
= w Ot
d) Activation ;:I;f(:: memory req?i?::r:ents - 400‘(:;()Layer-by-layseor0 ;;):)Layer-fusionﬁoo'000 RN
T 1:2 1— Latency [clock cycles] Memory usage [kB]

b) Hardware architecture

I Layer-by-

100 1+

80

60

Digital 256 kB AiMC
core L1 f+f core
OX | 16K memory | |84K|64C.3 FX,

4
40% less

Buffer requirements [kB]

16 3EY

!
Pooling core SIMD core
160X | 2FX, 2FY B4K

0 200 400 600 800

 cussovn @ micas



Optimizing DNN embedded processing stack with Stream

('NN workload B

(=)
<

(]
(S
[
[¢)]
o
L
=
S~

time

=
o
)

cr Input
W for Weight
0O for Output

" Energy/inference
Energy (MAC energy, memory load/store)
Cost Model Latency (~array utilization, memory stalls)

DRAM
forb=0toB-1 (A/O batch size)
fork=0toK-1 (O channel/ W kernel)

forc=0toC-1 (A/W channel)
foroy=0toOY-1 ©orow) SRAM
for ox = 0 to OX-1 (0 column)
for fy =0 to Fy-1 (W kernel ro Area
forfx=0toFx-1 (W kernelcolumn)
unroll ...
unroll ... MAC
Mapping

——> | Technology

pi/op | characteristics
GHz (cell size, read
cost, wireload,...)

(spatial & temporal

\””m”i”g) ) constraints

More details: = g (mem. hierarchy, compute
[arXiv:2212.10612] k_“d array, interconnect, 10 BW, ...)

https://github.com/KULeuven- _— -
MICAS/stream

| Hardware architecture &



https://github.com/KULeuven-MICAS/stream
https://github.com/KULeuven-MICAS/stream

Design space exploration

[arXiv:2212.10612]

s Homogeneous Heterogeneous
Sindie Gors Quad-Core Quad-Core
Huge design space! | DRAM | | DRAM | [ DRAM |
. 1 I i
- Al core sizes Core 0 | ACT MEM CO [256KB c1 [2sexs]|| [|co [256KB C1 [256KB
- 1024 KB
Memory volume i 256 PE 256, 256 PE
- Interconnect VS
o | PE Amay c2 c2
scheme 2561 A 256/, A

Comm. Bus (128 bit) Comm. Bus

No optimal design for

B Traditional (layer-by-layer, like Kwon et al. [25]))

Il Stream (fine-grained layer fusion)

m ResNet18 MobileNetV2 SqueezeNet TinyYOLO FSRCNN Geometric Mean
all networks =» g
. ‘g . 7
heterogeneity helps! 3 w “
a 1 5
% 10'. 0 ‘0! 10
g 10"
. g 10"
W PPt @l e® ORI LRt PP e L@l R
m c,o\goqéﬁéoﬁ}‘e&‘d eg«‘aozo;o:f‘:{gﬁp c}'—'\fa"’t & e e\)&.,f é’« 8% e « 5 Qg" c,cﬁi&;&% e‘@e@ é‘e‘/%‘}ﬁkﬁ“é
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Overview

@ Peak vs workload performance
— Dependency on precision
— Dependency on dataflows

@ Motivation for heterogeneous systems

® The Diana system

@ Heterogeneous scheduling with ZigZag&Stream
@ The future?
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Carbon footprint
@ More and more accelerators on chip? No!

Embodied Operational CO,
Co,

B CO2-use CO2-manufacturing

75

Rising Manufacturing Emissio
(3x)

25 ; s/sec
4 low-power CPU*
Improving Energy Efficienc|SHSSENERE
‘ ( 1 6X) Wifi & 5G modems

[Slide from Carole-Jean Wu, Meta

48 m iphone3 (2009) iphone11 (2019) -
ns://www. annle ggmmgwsrggm“’l Q"I Q“ ] ‘ann £-1un gashgq-

50

co2e (kg)
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Future?: More modular max-and-match with chiplets

Supporting
more
workloads

Rapid
prototyping
Customization

Lower carbon
footprint

Chiplet library

Digital NN
processing tile

In memory NN
processing tilre\

Exact graph
processing tile

Sampling
inferencetile

-

CPU tile

R

Interposer breadboards

Customized device instances

1Watt smart

10mWatt smart
phone node

100uWatt watch node
loT node




Conclusion

@ Specialization can bring significant efficiency gains
® Yet loss of flexibility while thriving in terms of peak performance
=» Heterogeneity to have efficiency/customizability across workloads

@ Towards heterogeneous, multi-core Al processing platforms

— Rapidly customizable to algorithmic workloads
— Supported by customizable multi-accelerator compilers
— Large challenges ahead!

@ References:

— Ueyoshi, Kodai, et al., “DIANA: An End-to-End Energy-Efficient Dlgital and ANAlog Hybrid Neural Network
SoC”, In 2022 IEEE International Solid-State Circuits Conference (ISSCC), IEEE, 2022.

— Mei, Linyan, et al. "ZigZag: Enlarging joint architecture-mapping design space exploration for DNN
accelerators." IEEE Transactions on Computers 70.8 (2021): 1160-1174.

— Symons, Arneet al., “Towards Heterogeneous Multi-core Accelerators Exploiting Fine-grained Scheduling of

Layer-Fused Deep Neural Networks”, arXiv:2212.10612. .
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